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Abstraci

Technical texts are an invaluable source of the domain-specific knowledge which
plays a crucial role in advanced knowledge-based systems today. However, acquiring
such knowledge has always been a major difficulty in the construction of these systems
— this critical obstacle is sometimes rcferred to as the “knowledge acquisition
bottlencck™. Typically, this acquisition phase is one of the knowledge engineer’s most
demanding activities.

In order to lessen the burden on the knowledge engineer’s shoulders, several
approaches have been proposed in the literature. A few of these suggest processing texts
pertaining to the domain of interest in order to extract the knowledge they contain and
thus facilitate the domain modelling. Unfortunately, these systems require an
impracticable amount of complex a priori knowledge, especially domain-specific
semantics. As a result, the initial knowledge engineer’s problem is replaced with another:
how to acquire the bulk of this complicated semantic knowledge from text?

We herein propose a new approach to knowledge acquisition from texts; this
approach is comprised of 2 new methodology and computational framewotk for the
implementation of a linguistic processor which represents the central component of a
system for the acquisition of knowledge from text. The system, named TANKA, is not
given the complete domain model beforehand. It is designed to process technical texts in
order to incrementally build a knowledge base containing a conceptual model of the
domain. TANKA is an intelligent assistant to the knowledge engineer; when it cannot
proceed entirely on its own, the user is asked to collaborate. In the process, the system
acquires knowledge from text; it can be said to learn about the domain.

The originality of the research is due mainly to the fact that we do not assume
significant a priori domain-specific (semantic) knowledge: this assumption represents 2
severe constraint on the natural language processor. The only external elements of
knowledge we consider in the proposed framework are “off-the-shelf” publicly available
and domain-independent repositories, such as a basic dictionary containing surface
syntactic information (i.e. The Collins) and a lexical database (i.e. WordNet). Other

_components of the propossd framework are general-purpose.



The parser (DIPETT) is domain-independent with a large coverage of English: our
approach relies on full syntactic 2nalysis. The Case-based semantic analyzer (HAIKUY is
semi-automatic: it interacts with the user in order to get his! approval of the analysis it
has just proposed and negotiates refined elements of the analysis when necessary. The
combined processing of DIPETT and HAIKU allows TANKA, the encompassing
system?, 10 acquire knowledge, based on the conceptual elements produced by HAIKU.
The thesis also describes experiments that have been conducted on 2 Prolog
implementation of both of these text analysis components.

The approach presented in the thesis is general and in principle portabic to any
domain in which suitable technical texts are available. The thesis presents theoretical
considerations as well as enginecring aspects of the many facets of this reseach work.
We also provide a detailed discussion of many future work items that could be added to
what has already been accomplished in order to make the framework ¢cven more
productive. We claim that this new approach to the acquisition of knowledge through text
processing helps us to better understand the nature of knowledge acquisition and text
processing, and in particular the relationship between them. We also claim that it provides
us with an appropriate technical framework for the cfficicnt implementation of semi-
automatic knowledge-acquisition assistants.

| In order to lighten the text, the terms ‘he” and “his” have been used gencrically to refer equally to persons
of either sex. No discrimination is either implied or intended.

2 DIPETT and HAIKU constitute a conceptual analyzer that can be used independently of TANKA or
within a different encompassing system.



Sommaire

Les textes techniques représentent une inestimable source de cornaissances.
spécifiques. Ces dernigéres jouent un role prépondérant dans les systémes a base de
connaissances les plus évolués. Cependant, I'acquisition de ces connaissances constitue
toujours une difficulté majeure dans la construction de tels systeémes — on référe parfois
3 cct obstacle comme le “goulot d’étranglement de I'acquisition des connaissances™.
Cette phase d’acquisition est typiquement I'une des activités les plus exigeantes du
cogniticien? (ou ingénieur de la connaissance).

Plusieurs méthodes ont été proposées pour faciliter Ia tiche du cogniticien. Quelques
unecs suggérent de traiter des textes qui portent sur le domaine d’intérét dans le but d’en
extraire la connaissance et de faciliter la modélisation du domaine. Malheureusement, les
systémes qui effectuent de tels traitements nécessitent a priori une quantité de
connaissances complexes, particulierement .de nature sémantique, et spécifiques au
domaine d'intérét. Il en résulte que le probléme initial du cogniticien est remplacé par un
nouvecau probléme: comment effectuer I’acquisition de I’essentiel de ces connaissances
sémantiques complexes a partir du texte?

Nous proposons une nouvelle fagon d’acquérir des connaissances 2 partir du texte,
exprimée ici sous forme d’une nouvelle méthodologie et d'une structure ihfoﬁhatique
appropriée pour la réalisation d’un processeur linguistique qui constitqc'-le'_coeur, d'un
sysime d"acquisition des connaissances. Le systéme, nommé TANKA, né'posséde pasa
priori lc modele complet du domaine visé. Il est congu pour construire,"de',:'rﬁ:iniérc
incrémentale, une basc de connaissances représentant un modgle conceptuel du dbmaine,
& partir du traitcment informatisé de textes techniques. TANKA est un assxstant
“intelligent™ du cogniticien: lorsque le systéme ne peut procéder de fagon ennérement P :
autonome, 1'usager est invité i collaborer. Ce faisant, le systéme acqmérc des-
connaissances 2 partir du texte; on peut dire qu’il apprend sur le domaine.

L’originalit¢ de notre recherche est due principalement au fait que nous n’assumons
pas. a priori, de connaissances sémantiques, spécifiques au domaine d’intérét: cela
représente unc sévére contrainte pour le module de traitement du langage naturel. Les

3 Dans le but de simplifier le texte de cette thése, le genre masculin est utilisé au sens neutre et désigne
aussi bien les femmes que les hommes, sans aucune discrimination.
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seuls éléments externes de connaissances que nous utilisons dans la cadre de notre
méthode sont des dictionnaires généraux et publics comme Ie dictionnaire Cellins (pour
ses informations syntaxiques de surface sur les mots de 1a langue anglatse) et la base de
données lexicales WordNet. Les autres composantes du processeur linguistique sont tout
a fait générales.

L analyseur syntaxique DIPETT est indépendant du domaine d’application ct posséde
une large couverture des phénomenes linguistiques de la langue anglaise. Notre méthode
repose sur I'analyse syntaxique compléte et détaillée. HAIKU, le processcur sémantique
basé sur I"analyse de Cas. est semi-automatique: il compte sur I'usager pour obtenir son
approbation de I’analyse qu'il propose ou pour négocicr certains ¢léments de celle-ci
lorsque cela s’avére nécessaire. Le traitement combiné de DIPETT ¢t HAIKU permet &
TANKA., le systéme qui les englobe?, d acquérir des connaissances 2 partir des léments
conceptuels produits par HAIKU. Cette thése décrit aussi des expériences qui ont €té
conduites sur une implémentation en Prolog de ces deux modules d"analysc de texte.

La méthodologie proposée dans cette thése est générale et en principe applicable i
tout domaine pour lequel des textes techniques convenables sont disponibles. Cettc these
'présente les considérations d’ordre théorique ainsi que les aspects d’ingénieric des
multiples facettes de ce travail de recherche. Nous discutons aussi des ajouts futurs qui
pourraient contribuer 2 rendre notre méthode, de méme que sa structure informatique,
encore plus productive. Nous prétendons que cette nouvelle méthode pour I'acquisition
de connaissances 3 partir du texte nous aide & micux comprendre la nature méme de
I’acquisition des connaissances et du traitement des textes et, en particulicr, de la relation
entre les deux. Nous prétendons également que cette méthode constitue un cadre
technique approprié pour la réalisation efficace d’assistants scmi-automatiques pour
I’acquisition de connaissances.

4 DIPETT et HAIKU forment un analyseur conceptuel qui peut étre utilisé indépendamment de TANKA
ou au sein d'un autre systdme.
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Symbols and Terminology

This thesis is about an artificial intelligence research project on text processing and
knowledge acquisition. It focuses on the elements and components that are particularly
relevant to the computational linguistic aspects of the project and which constitute the
topic of the thesis. The intended reader is a relatively specialized person with a
background in artificial intelligence and in natural language processing (or computational
linguistics).

The use of specific symbols and terminology is characteristic of texts such as this. In
order to avoid confusion about the interpretation that the reader is expected to give key
symbols and terms in the following pages, we now briefly list their intcnded meaning.

Symbols
The following symbols are abbreviations for a number of terms frequently used

throughout the present document. These symbols can be seen as “constants™ there is no
distinction between the singular and the plural forms.

Al:  Artificial Intelligence DCG: Definite Clause Grammar
EBL: Explanation-Based Learning ES:  Expert System

KA: Knowledge Acquisition KB: Knowledge Base

KBS: Knowledge-Based System KR: Knowledge Representation
ML: Machine Learning MT: Machine Translation

NL: Natural Language NL: Natural Language Processing
NLU: NL Understanding TP:  Text Processing

Terminology

TP. NLP, and NLU: these three terms are oiten used interchangeably in the litcraturi.‘._.
and they certainly have many things in common. In particular, they share the concept of
language processing (see [Allen 87], [Gazdar & Mellish 89], [Grishman 86], [Grosz et al.
86], [Harris 85], or [Winograd 83] for basic language-processing concepts and
definitions). Here, they are also considered as roughly equivalent but with these
qualifications. NLU emphasizes the KR and semantic aspects (i.c. meaning as opposed to
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form) of NL analysis. TP cmphasizes the processing of NL text (not speech, as could be
implicd by NLU or NLP) as a whole and not merely as a series of isolated or independent
sentences. TP may also imply information retrieval. However, in this thesis. we do not
consider statistical processing of text, such as concordance analyses. to be part of TP. It is
also worth noting that we will not consider the generative aspect of language processing
but only its analysis. Although analysis and generation have much in common, e.g. a
grammatical theory, they differ on several important practical and technical aspects that
we will not discuss here.

KA and ML: KA is “the transfer and transformation of knowledge from the forms in
which it is available in the world into the forms that can be used by a knowledge system™
[Gruber 89: p.3]. Thus, the term KA does not necessarily imply an automated (or semi-
automated) process or method. For example, expert interviews and protocol interviews
are manual KA methods. One major aspect of ML is the automation of KA — ML can be
looked at as a specialization of KA. Explanation-based learning, for example, is based on
the availability of a domain theory, training examples, and an inference engine which
allows generalization from the first two elements (see [Michalski et al. 83] or [Ellman 89]
for basic ML definitions and other approaches to ML). Contrary to KA, ML necessarily
implics an automated process or method.
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1. INTRODUCTION: BACKGROUND AND OVERVIEW

This chapter introduces the reader to the topic of our research by first justifying the
goal of automating the acquisition of knowledge from text. Scetton 1.2 then identifies the
three major types of knowledge that are required to perform advanced TP. Scection 1.3
presents an overview of the approach we propose for acquiring knowicdge via TP, as well
as its theoretical foundations. Section 1.4 summarizes the main results of the rescarch.
We conclude chapter 1 with a brief description of the organization of the remainder of
this thesis.



Chapter . Introduction: Background and Overview

1.1 The Need for Automated Knowledge Acquisition from Text: A
Challenging Task

Adaptability to new situations has long been recognized as one of the essential traits
of human intelligence — sec [Wegnez 87] for interesting definitions of natural and
artificial intelligence. This feature reveals the critical role played by the KA and learning
abilities of humans beings in their impressive facility to adapt to new environments,
circumstances, and conditions.

Al has also confirmed the utmost importance of adaptability for computer systems
that could be qualified as (artificially) intelligent — a requirement explicitly mentioned in
almost every recent textbook on AL This is particularly evident since the late 70s and
carly 80s with the work on ES (see [Buchanan & Shortliffe 84] and [Farreny 85] on the
MYCIN cxpert system). After a decade of experimentation with ES and KBS, one of the
‘main conclusions was that the most stringent demand on the construction of KBS is the
acquisition of the knowledge that is to be encoded in the KB. This problem has been
christened the “KA bottleneck™ [Lenat er al. 86] and has been the object of active
research since 1985 (see for instance [Alexander ez al. 88], [Diaper 891, and [Hickman et
al. 89]; see also the special issue of SIGART, #108, on KA).

The initial methods developed for the acquisition of knowledge were essentially
unautomated and typically involved a knowledge engineer and an expert whose
knowledge was to be extracted and encoded in the ES (manually, by the knowledge
cngfncer). As such methods proved to be quite tedious, error-prone, costly and time
consuming, the need for better methods and tools to support KA became obvious. Other
factors such as the scarcity of the expertise and the need to dynamically maintain the KB
over a long period of timc were also influential.

These better methods and tools for KA can be categoﬂied into two main groups:
those that are essentially manual (e.g. interview protocols [Kidd 87]), and those that are
(to different degrees) automated (e.g. KA assistant [Gruber 89)). The latter group can be
further subdivided: tools that support certain-parts of interview methods (such as [Belkin
& Brooks 88]. [Diederich 87], [Diederich et al. 88], [Regoczei & Plantinga 88], and
[Schmalhofer er al. 90]), and tools that are not related to interview methods but, rather,
are based on NLP methods and take as input the user’s (or expert’s) text or excerpts from

(8



1.1: The Need for Automated Knowledge Acquisition from Text

textbooks or similar textual material. In the context of the present work, we are especially
interested in this second subcategory.

It is our conviction that the automatic acquisition of knowledge trom texts is one of
the most promising avenues to the construction of truly intelligent systems. Why texts?
We here borrow the words of [Nirenburg er al. 88: p.24-11] to justify this choice: “The
vast majority of organized human knowledge cxists in textual form, and human
communication always resorts to natural language, regardless of the technological
revolution. Therefore, we consider extraction of knowledge from texts to be of utmost
importance.”. Thus, we propose improving the productivity of the KA process through
TP. The types of text that we are especially interested in ar¢ expository technical texst:
we will come back to the processing of technical text in section 1.3.

1 See [Copeck et al. 94] for a characterization of technical texts from a linguistic perspective.
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1.2 Text Processing and a priori Knowledge

In its most gencral sense, TP requires phenomenal masses of knowledge. It can be
viewed as drawing from three major types of knowledge?: linguistic, common-sense, and
domain-specific knowledge. We now bricfly examine these types of knowledge and
provide a definition of what will be referred to as'a priori knowledge throughout this
document.

1.2.1 Knowledge Requirements for Text Processing

Linguistic knowledge pertains to the language of the text to be processed>. In modern
linguistics, this knowledge is organized into several levels [Akmajian er al. 84):
morphology (i.e. the structurc of words), syntax (i.e. the structure of sentences),
scmantics and pragmatics (i.c. meaning, language use and communication). Were we to
consider spoken language, we would also have to include phonology (i.e. the structure
and patterning of the sounds of language). In this document, linguistic knowledge
includes morphology, syntax, and semantics. It is located in the DIPETT parser and the
HAIKU Casec-based semantic analyzer (sce details in chapters 3 and 4).

Common-sense knowledge “is too commonsensical to be included in reference
books™ [Guha & Lenat 90: p.33]. or. similarly, it is “the sort of knowledge that an
encyclopedia would assume the reader knew without being told ... (¢.g., an object can’t be
in two places at once)” [Lenat et al. 86: p.65). During the last decade, this “general
knowledge™ has proven to be important in helping KBS to overcome their inherent
brittleness “when confronted by problems that were not foreseen by their builders™ [Lenat
et al. 86: p.65] — sce also carlier work in [McCarthy & Hayes 69] and [Hayes 85]. This
problem also preoccupics the NLP community, as exemplified by the work of [Barnett ez
al. 901 and [Dahlgren 88]. amongst others. For reasons that will be explained in section
1.3. we will not consider this type of knoiwledge in the present research.

Domain-specific knowledge is specialized in the sense that it is particular to the
domain, or world. considered by the text. For instance, in terms of computer applications,
this knowledge is specific to the application domain. In a NL interface to a data base

2 [Winograd 83; p.14] refers to these as knowledge of the language. knowledge of the world, and
knowledge of the situation. _

3 In this thesis, we will be concerned with English, although. in theory. it could be any natural language.
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system on airplane engines. for example, knowledge about the parts that compose the
engines is domain-specific. As discussed in the next subsection and in section 1.3.2,
domain-specific knowledge plays a crucial role in this rescarch.

As a final remark on the thrce knowledge types. it is important to realize that there are
no absolute clear-cut boundaries between them. but instead. fuzzy delimitations that are
meant to model and facilitate our own understanding of the role of knowledge in TP. In
fact. these types of knowledge might have interconnccted clements and might even have
some elements in common. For example, in the stratified model of language (i.c. levels in
the first paragraph above), it is clear that syntax influcnces semantics. Similarly.
semantics and pragmatics both depend, probably to different degrees. on common-sense
knowledge and domain-specific knowledge.

1.2.2 A priori Knowledge

A serious problem with many NLP systems is their dependency on the availability of
complex a priori knowledge: knowledge that is domain-dependent and that must be
acquired and encoded in the NLP system before it can be used productively. It can be
argued that linguistic knowledge, especially morphological and syntactic knowledge.
ought to be relatively standard (i.c. domain-independent) and thus should not be
considered as real a priori knowledge* — unfortunately, reality is not so simple; syntax,
for instance, is always defined for a subset of a language and is never totally domain-
independent in NLP (see [Grishman & Kittredge 86]).

Even if we suppose that morphological and syntactic knowledge should not be
considered as a priori, we still face an important problem: semantic knowledge can be
considered (at least partially) as domain-specific knowledge and thus should be part of
the a priori knowledge of a NLP system. What is morc important is that semantic
knowledge is difficult to acquire, even by skilled users such as linguists or computer
scientists. Consequently, this deficiency seriously restricts the adaptability and the
portability of NLP systems. This problem has been clearly recognized only rather recently
in the computational linguistic literature — see for instance [Ballard & Stumberger 86],

4 A subtle type of a priori knowledge in certain parsers (e.g. [Magerman & Marcus 91] and [Black e al.
92]) is their statistical basis: they often rely on statistical-based heuristics that have been derived during
some significant pre-parsing phasc which accumulated statistics during the processing of a corpus.
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[Ballard 86, 88]. [Grosz et al. 87}, [Ayuso er al. 87]. [Lang & Hirschman 88). and [Jacobs
& Rau 907).

As will be further explained and justified in section 1.3.2, one of the hypotheses that
this research intends to demonstrate is the feasibility and the merits of an approach in
which:

» morphological and syntactic knowledge are essentially domain-independent (i.e. not a
priori as we understand it here); and

« semantic knowlcdge is incrementally acquired as the NLP system is being used and,
thus, nced not be considered as a priori.



1.3: Text Processing for Knowledge Acquisition
1.3 Text Processing for Knowledge Acquisition

We now turn to the approach we put forward in this thesis. We view this approach as
a new computational model-based methodology for incremental KA via TP. Amongst
other things. we claim that this model:
= helps us better understand the nature of KA and TP, and in particular the relationship
between them; and
» provides us with a computational framework for the efficient implementation of semi-
automatic KA assistants.

In section 1.3.1, we first present an overview of the TANKA system, a partially
implemented prototype of the ultimate model we envisage’. Then, in scction 1.3.2, we
establish the primary theoretical foundations of our approach and, by the same token,
those of this research endeavor. Section 1.3.3 will discuss the issuc of how to ¢valuate
and measure success in such a research project. We must emphasize that it is not TANKA
as such which is the object of this thesis but, rather, all technical (engineering) and
theoretical aspects of its central linguistic components: i.c. DIPETT and HAIKU. But
before getting into the details related to these two components, we must clearly present
the context in which they appear.

1.3.1 Overview of the TANKA System

TANKA, which stands for Text ANalysis for Knowledge Acquisition, is the namc of
the current prototype of our modelS. We now describe its functionality, its architecture
and its major modules. We also identify parts which have been implemented, those that
are being implemented, and those which remain to be developed.

1.3.1.1 TANKA’s Functionality

The TANKA system is designed to process certain types of technical texts in order to
incrementally build a KB containing a conceptual model of the domain, i.c. the central

5 It must be pointed out that although TANKA is indeed partially implemented, the components we are
concerned with in this thesis are fully implemented.

6 In some early documents, such as [Copeck er al 90], [Delisle 90a], and [Delisle 911, the prototype’s
name was KATE instead.
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domain covered by a text. We decided to concentrate on technical prose for three main

reasons:

* it represents an extremely important type of prose [Kieras 85]: most textbooks and
technical documentation (c.g. instruction manuals, maintenance manuals, scientific
communications) are technical prose;

= curiously, research in NLP has invested considerably more effort in the study of
stories(including dialogues and plans) than any other types of text’; and

» compared to other types of prose, technical prose offers several advantages for
linguistic processing. In brief, technical prose can be interpreted more literally than
other types of prose8.

In its normal mode of operation, TANKA is intended to behave as an intelligent
assistant to a knowledge engineer who wants to build 2 KB from a technical text. More
precisely, this means that TANKA represents a semi-automatic approach? in which the
user helps the system whenever the latter cannot proceed entirely on its own. Typically,
this happens when the text fragment being processed:

» contains an unknown lexical item (see chapier 3); or
 is structurally ambiguous (see chapter 5); or
» uscs a new or incomplete Case!0 structure, or refers to previously unknown

knowledge clements (see chapter 4).

In all these situations, the user must participate in the augmentation of the system’s
knowledge. Otherwise, he simply supervises the system and may override some of its
default choices if the need arises.

When TANKA augments its KB, thanks to user intervention or supervision, the
system actually “learns™ new things as it incrementally extends its knowledge of the text
domain by the dynamic acquisition of knowledge elements during the sequential TP of
the input text: we assume that the text can be processed linearly (i.e. one sentence after

7 In the Schankian tradition. the Yale school of the *75-"85 period is certainly the best illustration of this
obscrvation. Story understanding is especially concerned with the representation of defaults and
stereotypical courses of actions.

& These types are also called “registers™: see [Biber 89] and [Biber 931,

9 A fully automatic approach is currently beyond the state-of-the-art.

10 we will follow a well-established convention in linguistics which distinguishes ‘Case” from °case’. The
first denotes.markers for conceptual relations, while the second denotes English cases (i.c. the nominative
case for subjects, the possessive case for ownership, the objective case, which includes the accusative and
the dative cases, for objects of verbs and prepositions). Notice though that we will not need to refer to
English “case’ in the rest of this document.
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the other) from the beginning to the end (in other words. the text is so written that
sequential reading suffices to understand it without much “jumping around™).

We can even envisage a2 measure of the quantity of knowledge acquired by
comparing, at a given moment in time, the final number of knowledge clements to the
initial one. When this measure indicates that the rate of leaming stabilizes, it probably
means that TANKA has acquired a KB sufficiently large and complete to be useful to a
KBS, or, more simply, that it cannot extract any ncw knowledge clements from this
particular text.

The KB, which should be initially as small as possiblc at the very beginning (more on
this in section 1.3.2), is represented in a2 KR formalism derived from Sowa’s conceptual
graphs [Sowa 84]. This formalism, called Conceptual Networks [Yang & Szpakowicz
90a, 90b]!! and [Yang 93], has been defined for the appropriate representation of
activities and objects. The concepts, which constitute the conceptual domain model built
by TANKA, represent activities, objects, and properties. This allows the representation of
generic knowledge, the type of knowledge we are interested in within the boundaries of
TANKA.

Objects play various roles in activities. In a simple sentence with onc verb, aoun
phrases are syntactically and semantically linked to the verb. A link, labelled by a Case
(such as Agent, Object or Instrument) represents a role in the activity (such as “who™,
“what™ and “with what™). The linguistic processing in TANKA begins with surface-
syntactic analysis (in DIPETT), followed by Case analysis (in HAIKU) that results in a
Case pattern of a sentence. The result of these steps is a semantic representation of the
sentence. The semantic representation will be further transformed into a small self-
contained semantic network, sometimes called a “mini-network”, and matched against an
ever-growing network representing the system’s current understanding of the text.

| Archi of the T s

The current architecture of the prototype is represented in Figure 1.3.1.2, below,
which shows its main modules and its main data and knowledge bascs. '

11 All aspects of TANKA that have 1o do with KR, Conceptual Networks, and the Knowledge Processing
Module (see section 1.3.1.2) are the object of another Ph.D. thesis by Leixuan Yang. Thercfore, the
reader is referred to her publications for further details.
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Figure 1.3.1.2. Overview of the TANKA System

The Text Base Manager can build a textbase from a text and thus provide flexible
access to the text’s chapters, sections, paragraphs, and sentences. The DIPETT parser
covers a broad range of English syntax, including sentence fragments. It encapsulates ail
linguistic knowledge and related processing; it analyses (on-line or in batch) sentences of
the textbase (or of any ASCII file) and produces parse trees that will be forwarded to
HAIKU for interactive semantic processing. HAIKU is responsible for user-assisted se-
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mantic interpretation. It extracts Case-marking phrases from DIPETT parse trees and uses
its past processing history to select the most likely Case realizations of cach phrase with
very little a priori semantic knowledge — the user validates these sclections.

HAIKU outputs Case structures that arc then passed to the Knowledge Processing
Module which will attempt to match, partially if not completely!?, the associated mini-
network with the current conceptual network (i.c. KB). If new clements of knowledge
are discovered, it will carry out their actual integration with the existing KB.

1.3.1.3 The Curren s of TANKA

The TANKA project is a long-term initiative of the Knowledge Acquisition Lab at the
Department of Computer Science, University of Ottawa. Previous publications presented
the project’s overall design [Szpakowicz 90], discussed aspects of the knowledge
representation used in TANKA [Szpakowicz & Koperczak 90]. [Yang & Szpakowicz
90a, 90b, 91a, 91b], [Yang 93}, and described the parser and the Case Analyzer — or
early versions of these components — [Delisle 90a], [Delislc 91], [Delisle & Szpakowicz
91), [Delisle et al. 92], [Copeck et al. 90, 92].

At the time of writing, the current status of TANKA is as follows: the Text Base
Manager and DIPETT are fully implemented; a second version of the Text Base Manager
is expected soon. HAIKU’s Case Analyzer is also fully implemented and the Mini-
Network Builder is in development!3. The Knowledge Processing Module is partially
implemented and will undergo substantial development in the near future.

12 A 1o1al Gi.e. perfect) match of the mini-network with the KB indicates that the associated text fragment
does not contain any new knowledge. In this case, there is simply no point in integrating this mini-
network into the KB as it would not result in the sysiem “learning™ something new. On the contrary, a
partial match should normally indicate that the associated text fragment does contain ncw knowledge
elements because some of them could not be found in the current KB. This case calls for the integration
(i.e. “learning™) of these new elements into TANKA’s KB. Otherwise, a partial match may indicate that
the conceptual knowledge processor did not manage to preperly “understand™ the concepts in the mini-
network and failed to relate them to the appropriate nodes in the KB, This situation calls for the user’s
intervention.

13 “The author of this thesis was (and still is) responsible for DIPETT and HAIKU's Case Analyzer, while
the Mini-Network Builder is being developed by ancther person, i.c. Ken Barker, a master’s student. See
Appendix I for further details on the MNB.

11
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As far as major data and knowledge bases are concerned. their current status is the
following. The complete textbase of the user manual of a fourth generation package!? has
been built with the first version of the Text Base Manager. Data bases required for
linguistic processing have been implemented or acquired. DIPETT s lexicon concentrates
on closed classes while we rely on The Collins!5 and WordNet [Miller ez al. 90] for other
classes or other types of information — more details on these two large repositories in
chapter 3. Finally, a conceptual model of QUIZ (one of our domains of application) has
been built manually, comprising some 300 concepts, thus representing TANKA’s initial
KB for this specific domain.

All software is implemented in Quintus Prolog on Sun workstations and some
modules are also implemented in AAIS Prolog on Apple Macintoshes.

1.3.2 Theoretical Foundations: Goals, Hypotheses and Assumptions

This scction discusses the theoretical foundation of this research. Chapters 3, 4, and 5
will reconsider several of these elements in greater detail, especially those that have to do
with parsing (DIPETT) and Case analysis (HAIKU).

1.3.2.1 Goals

With respect to TANKA's intended functionality, as presented above in 1.3.1.1, the
main goals of this research are the following:

1) Propose a methodology and a computational model of TP that is suitable for the
semi-automatic and incremental acquisition of knowledge from technical texts.

13 This manual is a guide to Cognos® PowerHouse QUIZ report writer, a component of a fourth generation
package. It contains seven chapters, which represent some 135 pages, plus three appendices, a glossary,
and an index. The text base referred 1o here is that of the seven chapters plus the three appendices. For
reasons that will be discussed in chapter 3, we have restricted ourselves to the processing of the first six
chapters.

15 Qur version of the Collins dictionary was extracted from PC.KIMMO [Karp ez al. 92], which was itself
derived from the 1979 edition of the Collins Dictionary of the English Language. It contains 90196 root
forms and 317477 inflected forms distributed in these categories: pronoun, preposition, determiner,
conjunction, adverb, noun, adjective, and verb.
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2) Demonstrate the validity, usability. and potential of an approach to TP in which the

linguistic module does not rely on extensive or complex a priori domain
Knowledge.

3) Asscss the merits of the type of output produced by the DIPETT parser (i.c.
detailed parse trees) and the HAIKU Case Analyzer (i.e. Case structures) as
contributing elements to a KA system.

4) Propose an actual computational framework that implements the model in an

- efficient manner and which readily accommodates experimenting, testing, and

future extensions. This goal emphasizes the importance of the engincering side of
this research project.

We claim that the accomplishment of these goals will represent a significant step
towards the solution of the “KA bottleneck™ problem, as cxplained in scction 1.1, by
proposing a new approach to the construction of computer-based KA assistants.

2 h implifvin sumptions

The above goals imply a number of hypotheses that will have to be verified in this
research. Some are specific to DIPETT and HAIKU; these will be reconsidered later in
this document. Others are related to TANKA as a whole; thesc will be considered more
conjecturally as they require a definitive prototype in order to undergo serious
experimental validation. Let us now consider the key hypothescs.

1) TANKA'’s linguistic module allows us to transform KB text understanding into
KA: indeed, as parsing and Case-based semantic analysis proceeds, ncw semantic
patterns (i.e. not already present in the KB) indicate the need to update the KB. In
particular, this is only feasible with broad-coverage parsing since syntax scems to
be the only support for meaning in the absence of a rich semantic model of the
domain (see chapter 3)!6, Our approach to text understanding is bascd on the basic
principles of ﬁroposition-based analysis, in the sense of [Kintsch & van Dijk 78]:
the meaning of a text is represented by means of a structure of propositions, where

16 This hypothesis also says that even for Case-based (or thematic) TP, syntax is important. As mentioned
in [Tanenhaus er al. 89: p.232): “We find little or no evidence suggesting that thematic analysis allows
the processing system to bypass syntactic analysis”.

13
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propositions are expressed in terms of a predicate, the clause’s main verb in our
case, and its (internal) arguments.

2) As TANKA acquires knowledge from texts, it should become a better (i.e. more
intelligent or more knowledgeable) KA assistant. This improvement should be
expressible as a function of the number of sentences successfully processed by
TANKA. It should be measurable by the gquality of TANKA’s autonomous
processing!7 as well as by the diminishing number of user interventions. The
system could then be considered as a minimally self-extending (semi-automatic)
learning system.

3) Incomplete a priori domain knowledge can be equated with having a partial
understanding of the domain and should allow us to identify the new knowledge to
be integrated in the KB (i.c. to be “learned” by the system)!8. This is quite similar
to the manner in which humans seem to proceed when confronted with technical
prose!9,

4) Our findings for technical prose should also apply to expository prose in general —
at least the fundamental elements of our approach. This seems to be justified by the
fact that technical prose is simply one type of expository prose. As far as
cxperimentation with technical prose is concerned, the implemented system has
been tested on two texts, each on a different domain: one on a fourth generation
package, the other on taxes (see details on these in chapters 3 and 4).

5) Morphological and syntactic knowledge should not be considered a priori since, in
principle, it is domain-independent. We intend to show that semantic knowledge

I7 TANKA's autonomous processing is everything that the system can do without requiring the user’s
intervention (except, perhaps. his approval).

18 This contrasts with typical approaches in which complete domain knowledge is assumed a priori and
understanding is equated to the perfect and complete maiching of the input’s representation with the KB.
19 This hypothesis seems to be supported by [Kieras 85: p.93]: “... the major feature of technical prose is
that it usually contains content that is novel to the reader, as in a textbook, and so the reader cannot apply
content schemas 10 any great extent. This suggests that comprehending technical prose is not primarily a
matter of matching the content to a previously known pattern, but rather involves dealing with the
passage content at the level of the individual propositions conveying the content.”. Also, [Kieras 85:
p-103]: “... people can deal with complex technical prose material without full comprehension of it.
Apparently they make use of the superficial characteristics of the semantics and the propositional
structure. ... main ideas can be derived with only shallow semantic knowledge, and through the use of
textual and sentence surface structure ...". Finally, as noted by Kieras, the relative unimportance of pre-

stored schemas in technical prose, compared to story materials, is a distinctive feature.

14
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does not necessariiy need to be considered a priori as it is acquired dyvnamicatly
by TANKA via its linguistic module.

6) As we are exclusively concerned with text., not handling non-textual material found
in the original text is not a major drawback. Non-textual material refers to pictures,
drawings, tables, and so on. This type of material is not made of normal and full
text elements. In particular, the resulting KB accumulated by TANKA should be
representative of the domain knowledge represented in the text and should not miss
any significant part because non-textual material was not considered by TANKA.

7) Linguistic processing begins with parsing in DIPETT and proceeds with semantic
analysis in HAIKU. This approach can be characterized as “syntax-first”, It is
based on the hypothesis that the semantics of an input can be extracted (in good
part, since natural language is not entirely compositional2?) from its syntactic
structure: the input can be decomposed, in a principled manner, in order to extract
meaning from it. This is often called the principle of compositionality in
linguistics2!: “By COMPOSITIONALITY we mean that the meaning of the whole
is a systematic function of the meaning of the parts.” ([Hirst 87: p.27D*2

In attempting to meet the goals outlined in 1.3.2.1, as well as testing the above
hypotheses, we have made several simplifying assumptions that we believe to be not too
limiting. Somre could simply be considered as hypotheses sincc only further work will
allow us to fully evaluate what consequences they might have on the applicability of
TANKA as a KA system.

1) As NL text represents knowledge and fully automatic interpretation is currently
beyond the state-of-the-art in TP23, the best we can realistically hope for is 2 semi-
automatic approach.

20 For instance, quantification and negation are notable exceptions.

21 This pnnc:plc is also known as Frege's principle. The (100?) strong version of thm pr:ncnplc says that
there exists a homomorphism from syntax to semantics.

22  JIackendoff uses another name for the same concept: the principle of grnmmaucal constraint
([Jackendoff 83]). See [Zadrozny 92] who challenges Hirst's definition of the principle of
compositionality.

In fact, as suggested in [Regoczei & Hirst 89a] and [Regoczei & Hirst 89b], fully automatic
interpretation might simply be impossible to realize, at least in an efficient computerized framework.

15



Chapter 1. Introduction: Background and Overview

2) The domain discussed in the text does not require significant expertise to be
properly understood2?, In the principal example domain we consider. that of QUIZ,
some basic knowledge of computer science should be sufficient=. This assumption
also implies that the user of TANKA is not expected to be a highly-skilled person.
From a practical point of view, we assume that the user has a reasonable
knowledge of the domain (i.e. the main concepts but not all the details) plus a
reasoncble knowledge of English grammar (e.g. what is a verb, a complement, a
preposition, a Casc).

3) The initial domain-specific KB (i.e. a priori knowledge) can be reduced to an
absolute minimum without rendering the whole approach entirely manual and,
thus, depriving it of any significant advantages over more “traditional” approaches
to the acquisition of knowledge. That is to say, although we have good reason to
aim for a “zero-minimum”, this is simply impossible since no learning can take
place without some basic knowledge?6.

4) The source text is linguistically correct. Thus, no special processing (e.g. ill-formed
input strings) will have to be considered. This assumption seems to be justified by
the quality of typical didactically-oriented technical texts such as user manuals.

5) The source text can be processed sequentially, thus allowing us to incrementally
construct the domain-specific KB. As is the case with the previous assumption, this
secms to be justifiable by the type of text we consider.

6) The fact that TANKA's KR does not consider (i.e. cannot represent) certain types
of information produced by DIPETT27 has no consequence for the validity of the

23 Notice that the work of [Kieras 85) (see footnote 17) seems to justify this assumption.

35 Fora simple example of basic knowledge of computer science, see [Nirenburg & Raskin 87] for an
elementary taxonomic model of computer science.

26 This is a subtle issue: ‘minimum’ cannot be equated with ‘empty” here. A fundamental constraint on
learning machines is the following [Minsky & Paper 88: p.xiii]: *... one simply cannot learn enough by
studying learning by itself; one also has to understand the nature of what one wants to iearn. This can be
expressed as a principle that applies not only 1o perceptrons but to every sort of learning machines: No
machine can learn 1o recognize X unless it possesses, at least potentially, some scheme for representing
X.™. In other words. no learning whatsoever is possible without some knowledge. In Al this constraint
has often been paraphrased as “You can only learn what you almost already know™,

27 For instance, as already mentioned in 1.3.1.1, it is impossible to represent events other than activities.
Or, as another example, it is difficult to represent relative clauses attached to objects (i.e. noun phrases).
These apparent limitations are simply the result of design decisions related to TANKA's KR and
TANKA s bias towards the representation of generic knowledge.

16
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conceptual domain model constructed by TANKA. We basc this assumption partly
on [Voss 84: p.207]: ™a major component of learning from text involves the
construction of representations that take into account the most salient features of o
text’.

17
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1.4 Main Results of the Research

We here list the main results of the rescarch presented in this thesis. All details can be

found in the following chapters.

We provide a computational sctting for the efficient implementation of semi-
automatic assistants for KA from technical text. Much of the thesis concentrated on
the engincering side of the proposal.

We demonstrate the practicality of a NLP approach to KA in which the linguistic
module docs not rely on extensive or complex a priori domain knowledge, provided a
competent user caa supervise or guide the system whenever appropriate, especially
during the initial “lcarning™ phase since the system will behave more and more
autonomously as it accumulates knowledge. In fact, if the system cannot “understand”™
an input, its KB lacks clements of knowledge that are worth acquiring.

We demonstrate the appropriateness of a compositional approach using detailed
syntactic analysis combined with Case-based semantic analysis: in this context, the
surface form of the input text is quite naturally amenable to KA via NLP.

We illustrate in a specific context how the individual problems of NLP and KA seem
to share fundamental processing properties.

W
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1.5 Organization of the Thesis

The rest of this thesis is organized into six chapters. The next chapter presents a fairly
detailed review of related work. Whenever appropriate, we will be comparing the
approach described here with those that have been proposed by other rescarchers.

Chapters 3 and 4 describc TANKA"s main linguistic modules. These chapters present
a detailed discussion of the DIPETT parscr and the HAIKU Casc-based scmantic
analyzer. Both modules have been designed, implemented. and tested.

Chapter 5 will discuss future work related to DIPETT and HAIKU.

Chapter 6 will conclude by evaluating the contribution of this rescarch as well as 1is
current and prospective applications.

Chapter 7 lists all references used in this document. Every reference is cross-
referenced with the associated list of chapter numbers in which they are cited, for case of
consultation.

Finally, a series of appendices complete the thesis. For the most part, they contain
logs showing various traces of execution of DIPETT or HAIKU, as well as listings of
Prolog programs which are part of the implementation of these modules.

19
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2. TEXT PROCESSING FOR KNOWLEDGE ACQUISITION: RELATED WORK

The goal of this chapter is to present 2 congise review of the work related to TP for
KA. Before we commence the review. we wish to warn the reader of two important
factors that have affected the following presentation:

* certain areas are covered bricfly since they discuss work that is only remotely relevant
to this thesis: nevertheless. they were included for the sake of completeness. Other
areas are presented in more detail since they are directly relevant and they present
some similarities with the objectives or technical aspects of TANKA, DIPETT, or
HAIKU.

» our remarks or criticisms about other researchers’ work should sometimes be taken
with a grain of salt. Our bias is clearly that of practical TP for KA applicd to what we
refer to as “real texts”. In other words, we arc looking for KA approaches (or systems
or tools) which can be applied (or used) in certain knowledge engincering contexts,
using existing, unsimplified! technical texts. As well, we tend to be more enthusiastic
about implemented systems versus high-level designs.

I An *unsimplified’ text is a text which has not been preprocessed in order to simplify it so that a given
processor (e.g. a parser) can deal with it more easily or correctly.

21
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2.1 Text Processing: A Quick Survey

In this subsection we review, in a rather cursory manner, work relevant to the main
direction of this thesis. Typically, such work is considered as pertaining to the field of TP,
NLP, NLU, or computational linguistics?. We do not consider KA here; it will be
discussed in section 2.2.

2.1.1 Text Processing: Natural Language as Data

Research in TP usually focuses on the processing of text, either individual sentences
or cntire texts (sec [Banictt et al. 90], for instance). Regardless of whether certain projects
arc theorctically or practically inclined, most can be seen as describing formalisms,
procedurcs and algorithms that are applicable to a particular type of data, natural
language. The goals of TP systems3 often include the capacity to represent and
manipulate the contents (the “meaning”) of a NL utterance in order to make it amenable
to other types of processing, or to facilitate communication betwzen humans and
machines. Some TP system designs are even proposed as plausible hypotheses about the
way human beings process NL; these sustain cognitive science claims.

Nowadays, there exist many books on the fundamental and historical aspects of TP
rescarch. [Gazdar & Mellish 89], [Allen 87], [Grishman 86], [Grosz et al. 86}, and
[Winograd 83] are well-known references. There are even books, such as [Gazdar et al.
87]. that are bibliographic repositories of publications in the field. Let us examine two
recent approaches that we see as typical in the field of modern TP while being related to
the work proposed herein.

2 n

[Munch 86] describes a NLU system for a restricted domain of discourse (i.e.
cxercises in thermodynamics). Munch’s system transforms texts, which are writter in 2

2 Inorderto simplify the presentation, we use “TP" generically. It stands for TP itself, as well as for NLP,
NLU or computational linguistics. Notice that we do not include the domain of information retrieval,
which is considered fairly distinct. although it has recently been borrowing more and more from NLP
techniques and principles. For an interesting reference on text processing “at large™, including the
information retrieval aspects, see [Salton 89].

3 Representative categories of TP systems include NL interfaces to data bases (see section 2.1.2}, machine-
translation systems, text analysis systems, and speech understanding systems ([Allen 87]).

2
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subset of Danish. into a representation language based on Cases. The system consists of a
morphological processor, a syntactic processor, both domain-independent, and a semantic
processor. The latter is language- and domain-dependent. It is controlled by a Case
grammar. Case frames relate syntactic structures to a Case system and place semantic
constraints on their constituents. A world KB is used to represent these constraints;
knowledge is expressed in a is-a hierarchy which organizes all concepts in the domain of
discourse. Semantic interpretation considers context by resolving some anaphorit and
ellipses.

In Munch’s approach, proposition types are abstract concepts defined in the Case
frames. Accordingly, Cases show semantic relationships between proposition types and
abstract concepts. Cases are ad hoc, i.c. many are specific to the domain of
thermodynamic exercises (e.g. ‘force’, *stuff’). For each head verb and head nouns, as
well as for some other heads such as prepositions. the Casc grammar contains a Case
frame which consists of the following elements: i) Cases, ii) sclections (i.c. relate Case
elements to syntactic constituents), iii) scmantic constraints (i.c. expressed in terms of the
is-a hierarchy mentioned above), iv) ‘extracts’ (i.c. elements from compound or complex
semantic element), and v) ‘presence’ (i.c. specify whether constituents are mandatory,
elliptic, or optional). The semantic analysis is performed in a mixed bottom up - top down
way.

The output of the system is 2 list of propositions derived from the input phrase as well
as the semantic element which the phrase denotes. This representation is then used by a
problem solver in order to find a solution to the exercisc — this type of approach to
problem solving is also used in BEATRIX for the domain of naive physics ([Novak &

Bulko 90], [Bulko 89]). Munch’s system does not perform any kind of KA, not even
lexical.

1.1.2 [Jacobs & Ra

The SCISOR (System for Conceptual Information Summarization, Organization, and
Retrieval) prototype system [Jacobs & Rau 90] performs text analysis and question
answering in the domain of financial news. It selects and anaiyzes stories about corporate
mergers and acquisitions from an on-line financial service. SCISOR’s main tasks are i)
the lexical analysis of the input, ii) the structuring of the raw news, iii) the topic analysis
of the story, iv) the NL analysis of selected stories, and v) the storage and retrieval of
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conceptual representations into and out of a KB, SCISOR can best be regarded as a text
retrieval system augmented with a simple question-answering facility (see also [Barnett er
al. 90], [Dick 92], and [Mauldin 91] for different approaches to text retrieval).

Of interest to us here are the topic analyzer and the NL analyzer. The first can be seen
as a kind of filter which applies screening processes to weed out stories not related to the
desired topic. After breaking the news into structures such as headline, story, and
datelinc, the topic analyzer looks for keywords in a pattern-analysis process of the input
text and, if necessary, performs linguistics and conceptual analysis. The NL analyzer
combincs bottom-up, language-driven interpretation {(using parse trees), and top-down,
cxpectation-driven processing (using a few key conceptual expectations, i.e. key roles).

SCISOR can only acquire lexical knowledge. It uses a lexicon which, for each lexical
centry, includes the linguistic properties of a word’s root, and a set of senses which link to
a hand-coded and predefined core concept hierarchy (i.e. an is-a knowledge base) of a
thousand gencral conceptual categories. Several aspects of the system are not described
very preciscly in the paper, in particular, the user’s patticipation (i.e. is SCISOR partially
or fully automatic?), the parser’s coverage (of both syntactic and semantic phenomena),
and some issues related to knowledge representation (such as what is and what is not
representable in the system’s KB).

2.1.2 Natural Language Interfaces

Naturat language interfaces (NLI) probably are the best known example of the
applicabiiity of NLP techniques and theories in the “real” world. Typically, a NLIis a NL
moedule which acts as a front end to another piece of software such as a data base system
(DBS) or an ES — sce [Allgayer er al. 89] for an example of this latter type of
application.

Although many formal query languages have been designed to simplify the problem
of getting access to the correct data in the DBS, they often prove quite difficult to use,
especially for casual users. Many of the shortcomings of formal query languages can be
overcome by extending them and giving more intelligence to the user interface’s
interpreter. This allows the user to use a more natural syntax in the formatting of his
queries. It also liberates him from having to know about the details of the DB. Intelligent
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NLI can even tolerate slightly erroncous input strings or recognize centain types of logical
inconsistencies.

Typically, a NLI to a DBS contains i) a parser (usually comprised of morphological,
syntactic, and semantic modules). i1} a generator of formal querics. and iii) a group of DB
access routines. Frequently, in order to improve performance. the grammatical analysis of
a sentence is closely dependent upon its meaning. so the grammar is tailored to the
system’s knowledge structurc. In many cases, calls on the data dictionary are written
directly into the parser.

Topics of interest in the construction of NLI to DBS include the handling of
(restricted) context, data modelling, user modelling, ctc. NLI, especially those for DBS,
are very well documented in the literature. [Cercone & McCalla 85} and [Wallace 84]. for
instance, both contain a large number of relevant references and both present a review of
the literature. The master’s thesis of the author of this thesis was on the topic of NLI.
more precisely a NLI to an expert advisor system [Delisle 871; it also includes a chapter
on work related to NLI. We will not go into further details here.

2.1.3 Parsing-Related Issues

In the following subsections, we revise work of a technical nature (i.c. which has to
do with implementation issues) that is complementary to several parsing-related issues
mentioned elsewhere in this thesis. When appropriate, some of the references cited
elsewhere are here presented in a more detailed fashion. Otherwise, we do not duplicate
them even if ihey logically belong to one of the following subscctions. Some clements of
the work reviewed here are particularly important since they may influence the future
enhancements of the DIPETT parser.

1.3.] -Cov Parsin

As we have said in chapter 1, realistic and broad syntactic coverage in DIPETT is of
the utmost importance for TANKA. The design of powerful parsers is a very difficult
problem. ﬁespitc all the formalisms that have been proposed to describe and process
syntax (e.g. generalized phrase structure grammars, lexical-functional grammars), the
processing of language remains inherently complex, maybe so complex that we will never
be able to come up with a truly efficient and generai-purposc NL processor (see [Barton
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et al. 87 and [Berwick & Weinberg 84]) — maybe this simply means that our current
models are wrong.

Since the beginning of the 1980s, there has been an increased interest in the
implementation of practical and efficient parsers; toy parsers could no longer be
acceptable for “real-life” applications. Even parsers devised originally for theoretical
goals, such as the Marcus parser ([Marcus 80]). have been revised to augment their
coverage (sce [Berwick 83] for an extended version of the Marcus parser). Some other
projects, such as [Heidorn 72], the Alvey project ([Briscoe et al. 87], [Caroll et al. 91],
[Grover et al. 93]) the LILOG project [Herzog & Rollinger 91], and [Jensen 89].
proposcd environments for the development of large grammars or parsers.

The Linguistic String Project [Sager 81] was one of the first large-scale NLP projects.
It involved the construction of a fairly large-coverage parser (the Linguistic String Parser)
as well as the definition of the Restriction Language# for writing grammars. Their parser
was very domain-specific (the domain was that of medical reports) and did not, for
instance, handle conjoined phrases or sentences in any general fashion — a feature that
we consider essential for a parser to be qualified as “broad-coverage™.

Although this work is certainly of historical importance, its first results later proved to
be quite difficult to port to other domains. One (technical) reason was the fact that the
original implementation was done in FORTRAN and the system’s design suffered from
several important limitations related to that. Nevertheless, revised versions of the original
parser and grammar have been (re)implemented with more modem tools and, as a result,
some recent projects (e.g. [Lang & Hirschman 88], [Rinaldo 89]) still use NLP modules
bascd on the original work of the Linguistic String Project. One major outcome of this
line of work was the PUNDIT (Prolog UNDerstands Integrated Text) system at the
Unisys Paoli Research Center, at the end of the 1980s5.

As a final remark here, let us simply note that the linguistic coverage of NLP systems
is often vaguely described in the literature. It is one thing to claim that one has
implemented a large-coverage parser, but quite another to explain what is meant by

4 A Restriction Language grammar consists of a context-free component, written in BNF, and a set of
restrictions which are predicates on parse trees, See [Sager 81] and [Grishman 86].
3 For further references related to the PUNDIT system, see details in [Lang & Hirschman 88: p.50].
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*large’ and exactly what makes the coverage “large”™. The next chapter provides all the
details to support our definition of “large-coverage” for the DIPETT parser.

27
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2.1.3.2 Attachment

The problem of attachment is best illustrated with a sentence like “The man saw the
boy on the hill with a telescope™. What does the prepositional phrase® (PP) ‘on the hill®
modify? What does the PP ‘with a telescope’ modify ? In the absence of semantic or
pragmatic knowledge, one must resort to syntax using principles such as Right
Association, Minimal Attachment ([Kimball 73]), or other heuristics. This is what we
have done for DIPETT with the defauit rule that PPs should be attached to the main verb
unless there are reliable syntactic clues indicating that they should instead be attached to a
noun. We will come back to this in chapter 3.

In other situations, other solutions have been proposed. Similarly to what we propose
in chapter 5, [Tomita 84] puts forward an approach in which grammatically ambiguous
sentences are disambiguated by asking the user. It is based on what he calls Explanation
List Comparison? (ELC). It allows one to interact with the user without assuming that he
is a linguist and without having to show him parse trees. For example, with the sentence
“Mary saw a man with a telescope™, Tomita’s ELC-based algorithm generates the
following interaction with the user in which he is asked to select either #1 or #2 as the
correct interpretation:

1) The action (Mary saw a man) takes place (with a telescope), or
2) (a2 man) is (with a telescope)

[Jensen & Binot 87] suggest the use of definitions in on-line dictionaries to
disambiguate PP attachments. They propose to use the definitions themselves, the
example sentences (or phrases), the synonyms, and the usage notes and other comments
attached to the dictionary entries. To that end, several tools are necessary (e.g. a parser),
as well as heuristics and other pattern matching capabilities. Curiously, their paper is
vaguc on onc important potential problem: what happens if the dictionary definitions or
the example sentences that are to be parsed are themselves plagued with PP attachment
problems?

6 There are other sources of ambiguity than prepositional phrases (PP). In general, some (non-PP) phrases
and clauses can also illustrate the problem of attachment.

7 This is a list of *explanations” which are generated from explanation templates of all rules employed
during the building of a parse tree. For instance. an explanation for the grammar rule *S —> NP + VP is
*(1) is a subject of the action (2)". where (1) stands for NP and (2) stand for VP in that rule.

~
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fDahlgren er al. 89] propose a preference strategy for PP attachment which is based
on ontological3, generic®. and syntactic knowledge. This strategy is expressed with rules
that make use of information about the verb. the object of the verb, and the “object” of the
preposition. Some rules are “global” (i.e. general). while others are specific to the
prepositions. An example of a general rule is:

“comparative --> np_attach(PP): If there is a comparative construction, then NP-
attach the PP”.

In our vizw, the major restriction on the applicability of this abproach is the mass of
priori knowledge it requires. in particular, ontological knowledge.

A similar remark, although to a lesser degree, can be made about the algorithms!?
discussed in [Whittemore et al. 90]. In their empirical study, they cvaluate a number of
attachment ‘predictors’ (e.g. Right Association, Minimal Attachment, Referential
Success) on a certain corpus of text. Based on the results of their cvaluation, they define
an algorithm which predicts PP attachment. Unfortunately, it includes tests such as
“associate adjectives with locative (and possibly temporal) qualitics with the nouns they
modify”. It seems quite difficult to describe, in computational terms, what constitutes a
‘locative’, a ‘temporal’, and a ‘quality” without assuming cxtensive a priori {ontological,
commonsense, world, or whatever) knowledge or even human intcrvention. Such
discussions and proposals on the topic of PP attachment-abound in the literature; recent
ones are presented in [Agarwal 90], [Boggess et al. 91], [Hindle & Rooth 91], [Hobbs &

Bear 90], [Jacobs 92b], and [Niv 92]. See also [Altman 88], [Schubert 84], and [Wilks ¢!
al. 85]. '

2.1.3. njunctions and Coordination
Recognized as one of the _mc">st difficult problems of NLP, the processing of conjoined

elements has yet to receive a general and satisfactory solution. What is so complex about '
this phenomenon is that it encompasses several problems such as structural ambiguity,

8 Ontological knowledge is concerned with things that exist in a given universe and how they relatc to one )

another. :

9 Generic knowledge is concerned with characteristics, features, propertics, etc., that can be associated
with classes of individual objects (i.¢. instances). This type of knowledge focuses on what is common to
all instances of a given class, and not on what makes the instances different from cach other.

10 The authors call them algorithms, but strictly speaking, these are heuristic rulcs.
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ciided or cllipsed clements, and fragments. One well-known example 1s Woods™: John
drove the car through and completely demolished a window. In this sentence. “John®
belongs to the second conjunct and *a window™ belongs to the first,

Generally speaking, the solutions that have been proposcd in the literature can be
categorized in two groups. First, those that are “grammar-based™ (e.g. [Pereira 81]. {Dahl
& McCord 83|, [Hirschman 86]. [Dahl 89)). For the most part, these have been proposed
in the framework of logic programming (and Prolog in particular): the approach used in
DIPETT [{alls within this first category. Second, those that are “rule-based™ (e.g.
[Winograd 72]. [Woods 73]. [Bates 78], [Lesmo & Torasso 85]); many have been
proposed in the ATN framework, often implemented in LISP. Both types of solution
usually depend on an interrupt-driven mechanism (or exception-handling, sometimes
involving “demons™), more or less transparent to the actual grammar rules.

A few solutions arc more difficult to strictly classify in the above two groups.
[Berwick 83] and [Kosy 86], for instance, each suggest an approach which is more of the
“rule-based™ type, but in the detcrministic framework of the “wait-and-see” Marcus
parscr ([Marcus 80]). This contrasts with all the other solutions which are either strictly
top-down or strictly bottem-up. There are also [Fong & Berwick 85] who suggest an
approach of the “grammar-based™ type. but which does not use a tree-structure
representation. Instead, it uses reduced phrase markers (i.e. sets of monostrings'! and
terminal strings satisfying certain predicates) and is reversible (i.e. can be used to
generate sentences).

There are other variants. For example, [Lavelli & Stock 90] use an expectation-based
algorithm that dcals with intersentential ellipsis and coordination in a chart-based parsing
(ramework, [Agarwal & Boggess 92] propose a deterministic and domain-independent
algorithm for conjunct identification applicable to texts pre-labelled with syntactic and
semantic tags. whereas [Kempen 91] presents an inheritance-based approach to the
problem of clause-level coordination in Dutch, based on the psycholinguistic model of
sclf-correction. ]

2 1.34 Dis s Processing

A monostring corresponds to a svmbol of the form T.NT.T where T is a sequence of zero or more
terminal symbols and NT is a non-terminal symbol.
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The pronoun “explicitization™ mechanism ~— sce chapter 3 — is essentially the only
discourse processing performed by DIPETT. We could not dedicate more ctfort to
discourse-related issues without departing from the main goat of this rescarch. We now
review work related to discourse processing.

Discourse processing is a rich and complex topic in itself. [Grosz 78] presents
pioneering work on focus and ellipsis. while a section of {Grosz ¢f al. 86] is dedicated to
fundamental work on major aspects of discourse processing: reference (including Hobbs®
milestone paper on pronoun reference resolution ([Hobbs 78]). focus, and context,
[Brady & Berwick 83] also present basic work ranging from focus and discourse entitics
to speech acts and intentions.

More recent work, which concentrates mainly on anaphora, is that of [Johnson &
Klein 86] (proposes a framework based on Kamp's Discourse Representation Theory!2),
[Carter 87] (suggests an approach which attempts to resolve anaphoric references with
minimal non-linguistic knowledge). [Walker 89] (evaluates and compares two different
approaches to the processing of anaphora), [Passonncau 89] (analyzes how discourse
anaphoric uses of ‘it’ contrast with those of “that’), and [Lappin & McCord 90| (presents
three algorithms for resolving anaphora in Slot Grammar).

Also of interest is [Landau 90], which describes a backward search algorithm
operating on a LIFO stack of concepts and referents (cstablished on Sowa’s conceptual
graph formalism ([Sowa 84])), [Rolbert 90], which presents heuristic rules for identilying
a discourse’s theme and finding pronoun antecedents in French, [Whittemore ¢f af. 91|
which treats “open” (i.c. unfilled) thematic roles as a type of anaphor in order to improve
discourse understanding, especially at the intersentential level, and [Reiter & Dale 92]
which introduces an algorithm for generating referring cxpressions in the context of the
IDAS NL generation system. For a thorough review and discussion of the literature on
anaphora, up to 1979, [Hirst 81] is a must.

Some other projects, which concentrate essentially on focus (or theme-rheme or topic-
comment), are those of [Hajicova & Sgall 86] (proposcs an approach to the representation
of the hierarchy of topic-focus elements in the output of automatic text analysis systems),
[Tucker et al. 86] (discusses the role of discourse in expository text), [Sgall et al. 86]

12 See [Kamp 88] for a recent overview and discussion of this thco;'y.
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(discusses, among other things, the relation between focus and the structure of text — see
also [Hajicova & Sgall 93]), and [Dahl 86] (discusses the use of focusing for pronoun
resolution and other problems of reference resolution).

Other relevant work can also be found in [Kieras 85] (discusses the particular
characteristics of reference in technical prose!3), [Alshawi 87a] (proposes a framework
for solving interpretation problems related to context and focus), [Ayuso 89] (presents an
extension of Webber's model for discourse entity generation, along with a partial
implementation), and {Alshawi 90] (presents an approach to the representation of many
reference phenomena and their interpretation in context). See also the special issue of the
journal THINK (Vol. 1. #3, December 1992) on anaphora.

2.1.3.5 Frapments

In our discussion of DIPETT in the next chapter, we justify the need to consider
fragments and idioms (see 2.1.3). Fragments, for instance, are essential in fragmentary
parsing as a last-resort parsing strategy: more details in chapter 3. Although these two
. phenomena have received more attention in the last couple of years, they are not very
well covered in the literature, with the possible exception of ellipsis — a situation that
‘onc might find surprising when one considers the importance that both phenomena have
in practical language processing (see [Jacobs & Rau 90], for instance). We wish to
remind the reader that fragments, which do not frequently arise!4 in well-written text, do
appear in our texts when non-textual material (e.g. a table) is removed from the original
input text before this text is forwarded to DIPETT. Fragments also appear in itemized

lists.

In [Lincbarger et al. 88]. fragments are defined as “regular structures which are
distinguished from full assertions by a missing element or elements which are normally
syntactically obligatory. We distinguish them from errors on the basis of their regularity
and consistency of interpretation, and because they appear to be generated intentionally™.
The authors suggest that fragmentary sentences are regular structures which can be

13 The author makes interesting hypotheses and observations about the use of reference in technical prose,
especially at the syntactic level. Here are a few: 1) many general concepts are usually referred to with
plural nouns with no determiners. 2) indefinite noun phrases are relatively infrequent, and usually signal
referents that are both textually new and knowledge-new, and 3) references to sets of items are frequent
and convey very complicated semantic content as well.

14 This is not quite right if one considers that elision produces fragments. This is the position held by
[Linebarger et al. 88] where fragments are defined as elisions.
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processed by adding rules to the grammar of a NLP system. They identify scveral
fragment types for which they define corresponding rules that allow parsing to take place.

For example, the type “nstg_frag™ denotes an isolated noun phrase (noun-string
fragment), e.g. Loss of oil pump pressure. Its corresponding rule says that “the syntactic
parse tree for this fragment type contains no empty elements: It is a regular noun phrasc ..
The ISR5 transforms it into a VSO!6 sequence. This is done by treating it as the subject
of an element empty_verb: ...". This amounts to saying that fragmentary sentences
are parsed by inserting dummy elements into the ISR. In that way. they are no dificrent
from full assertions (i.c. non-fragmentary sentences). The authors have implemented this
approach in the PUNDIT text-processing system (see also [Lang & Hirschman 88]).

Recently, the notions of fragment processing and “partial parsing™ has become more
and more important, especially as the basis of a “fallback™ approach to the parsing of
complicated input strings!?. When an input cannot be analyzed in a reasonable period of
time, the processor reconsiders the input as a series of fragments (or chunks) instead of a
single sentence, thus producing a series of simpler parsc trecs instead of a much larger
unique sentential parse!s, if the input is grammatical: this is cxactly what DIPETT docs.
In that sense, although each with its own variations, [Grishman et al. 92] talks about fitted
parse, [Jacobs 90] and [Jacobs 92b] about text skimming and tcxt scgmentation, [Hobbs
et al. 92] about fragments and terminal substring parsing, [McDonald 92] about partial
parsing, and [Li e al. 90] about segment parsing.

2.1.3.6 Idioms

Idioms, expressions whose meaning is not given by those of its scparate words!?,
represent a challenging problem to NLP processors. For example, we do not usually want

15 Intermediate Syntactic Representation (a regularized representation of syntactic structure).
16 Verb-Subject-Object.

17 Thc term comphmted input strings”™ :ncludm ungrammauml strings (i.c. syntactically incorrect) and

tra-grammatical strings (i.. syntactically correct strings that are not recognized by the parser).

18 As stated in [Wctschcdcl et al, 93: p.374]: “Instead of requiring complete parses, a forest is frequently
produced, each tree in the forest representing a nonoveriapping fragment of the input.”.

19 This definition of *idiom’ is used to cover figurative expressions (e.g. “She kicked the bucket™) as well
as grouping of words functioning as single words (e.g. “even if” as a conjunction). In DIPETT, we
consider only the second case, and for closed pa.rts of speech they may be looked at as “syntactic
idioms™. We will sometimes refer to the latter as ‘groupings’. Finally, we note that nominal compounds

represent a different phenomenon and that idioms should not be confused with collocations; see {van der
Linden 92).
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to consider (i.c. parse) “even if” as two separate parts of speech, but rather as a single one
(as a conjunction)??, The same applics to expressions such as “The Prime Minister kicked
the bucket™ where the sentence is usually meant to be interpreted in a figurative sense.
These examples illustrate that idioms possess a particular semantic interpretation which
sometimes affects the way they may be considered in the syntax: sometimes as locutions
(*groupings’), sometimes as figurative utterances (real idioms). We will not consider
figurative uttcrances in this thesis.

[Dyer & Zernik 86) present an approach to the representation of phrase meanings and
the process of acquiring such meanings from examples in context. Their proposal, which
covers the problem illustrated above with the ‘kick-the-bucket’ example, is built on two
major clements. A phrasal lexicon contains for every phrase a pattern, 2 situation, and a
concepl. A conceptual representation involves scripts, plans and goals, relationships, and
cven considers emotions and attitudes. From our standpoint, the major drawback of their
approach is that it requires considerable amounts of a priori knowledge and requires the
uscr to provide appropriate explanations (which are themselves in NL!). [Zernik 87]
describes a related approach which “learns” idioms based on a ML-derived algorithm.

[Stock 87] presents a different strategy which is based on the principle of activation
level and threshold in neural networks. The parser’s interpretation of a syntactic
construction is literal unless a certain threshold is crossed by the weight of a particular
idiom. In the latter situation, a new process is activated. A more detailed (and improved)
version of the 1987 paper can be found in [Stock 89].

The recent special issue of Computational Intelligence (Vol. 8, #3) on “non-literal
language™ provides an interesting coverage of some of the key problems in this research
topic.

20 Notice that we do not want to prevent the parser from considering “even if™ as separate parts of spesch.
In “They will end up even if cach of them wins one more”, this would clearly be 2 mistake. We want the
parser to consider potential idioms (i.c. ‘groupings’) where appropriate.
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2.2 Acquiring Knowledge through Text Processing

This section reviews work relevant to the essence of this thesis. This is especially true
of subsection 2.2.1, which covers references directly related to the main goals of
TANKA™s DIPETT and HAIKU modules. For the sake of completeness, we alse include
acquisition of lexical knowledge (2.2.3). Occasionally, several papers will be grouped in
the same subsection when they share important similaritics. A final remark: the title of
this section says “through TP". We will not claborate here on picces of work that do not
seriously or realistically consider the problem of TP in its cntircty. For instance, [Kaplan -
89] and [Dick 92] both assumc a manual encoding (or parsing) of the text and proceed
directly with semantics. In our opinion, this is too big a simplification from a practical
NLP point of view.

2.2.1 Semantic and Domain-Related Knowledge

Although the first paper is not concerned with KA as such, it nevertheless was onc of
the first to explicitly recognize the importance for NL interfaces (NLI) for the limiting of
domain-specific information, and to propose an approach to meeting this objective. The
main reason cited to limit domain-specific information was to facilitate portability to new
domains. This work was part of the Linguistic String Project (sce [Sager 81]).

The authors suggest that the design of the NLI's semantic component be based on a
modelling of the structure of information in a domain. This model, which they call a
domain information schema, specifies i) a set of semantic classes, ii) the words and
phrases which belong to these classes, iii) the predicate-argument relationships among
members of these classes which are meaningful in the domain of interest, and iv) some
features of these relationships, such as functional dependencies between semantic classes.
As they themselves observe, this domain information.schema is quite similar to a data
base schema.

The approach suggested by Grishman and his colleagues assumes the a priori
availability of their domain information schema, i.e. it must be constructed before any TP

35



Chapter 2. Text Processing for Knowledge Acquisition: Related Work

can take place. In TANKA we propose to go one step further with the semi-automatic
acquisition of this model (or a similar one) during the processing of the input text. In that
way, we recognize that building such a model is a complex task for which DIPETT and
HAIKU will provide useful support.

[Haas & Hendrix 83] can also be looked at as pioneering work in the domain of KA
via NLP. They suggested the idea of a KLAUS (Knowledge Learning And Using
Systems) system, i.¢. a system that could “hold a conversation with a user in English
about his specific domain of interest, subsequently retrieve and display information
conveyed by the user, and apply various types of external software systems to solve user
problems.” ([Haas & Hendrix 83]: p. 405). In particular, the system’s aim was to collect
and organize aggregations of individual facts for use in question-answering tasks. But
their first prototype, called NANOKLAUS, had limited success: “NANOKLAUS is best
described as a fragile, proof-of-concept system that was built to establish the feasibility of
achieving the broader KLAUS goals.” ({Haas & Hendrix 83]: p.418). Nevertheless, their
work [aid the foundations of many approaches with analogous goals that were to be -
proposed afterwards, including our own.

2912 ney 9

DeJong’s work took place in the Yale Al Project and, in particular, was based on
Schank’s view of KR for NLP. A major claim of his approach is that learning should be
viewed as a fundamental part of the text understanding process. That is, understanding a
situation for which there is no existing schema?! involves generalizing the new event into
an cvolving schema. The latter schema is then available to aid in future processing and
can even be further refined through that processing. DeJong is really concerned with the
automatic acquisition of knowledge structures which are not a priori available (more
precisely, not directly available but via inferencing).

The author puts forward a generalization process, referred to as an explanatory
schema acquisition process, which assumes that specialized schemata (i.e. those specific
to a given situation) for an event can be generalized by a knowledge-based system to
become a plausible and useful schema. When his FRUMP system processes a story,
DeJong claims that the representation built during the *“understanding” of the text can be

2! The term schema is used here in a generic sense. It may refer to scripts, frames, or anything that denotes
a knowledge chunk. :
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viewed as an explanation of why the events are plausible. In a sense, his approach can be
seen more like 2 ML approach. as in EBL. to the acquisition of knowledge from text.

In view of our objectives here, Delong’s approach suffers from several limitations.
First, although he is intercsted in the acquisition of new schcmatix. he relies on the
availability of considerable a priori knowledge: “background™ knowledge and. in
particular, all basic schemata (and some are alrcady quite similar to the ones to be
acquired) are given beforehand. Second, as is typical of Schankian approaches to NLP,
the range of syntactic phenomena rccognized by FRUMP is relatively limited: this ix
definitely a severe drawback for realistic TP since the system should be able to handle
unsimplified text that contains a wide variety of syntactic forms in order to decode its
semantics.

Mooney’s GENESIS system [Mooney 90] shares several similaritics with FRUMP.
Also using a ML-derived approach, it is aimed at the understanding and “explanation™ of
short stories — it is not appropriate for the processing of expository texts. As stated by
Mooney ([Mooney 90): p.96): “EBL in GENESIS can therefore be viewed as the
acquisition of schemata that allow the system to process narratives using efficient
schema-based techniques which previously could only have been understood using
inefficient, search-intensive, plan-based understanding.”. Similarly to FRUMP, GENESIS
depends on the availability of a priori knowledge in its “long term store™ understanding
is impossible if a narrative contains actions that do not suggest alrcady known schemata.
This is, in ML. terminology, learning of the deductive type [Dietterich 89].

2.2.1. rey etal. 8

Frey, Reyle, and Rohrer describe a system which translates German sentences into a
database. The latter is used as the basis for a question-answering system. The input
consists of a complete text, not only isolated sentences. Context and some discourse
phenomena (e.g. anaphoric pronouns) arc processed with Kamp's Discourse
Representation Structures (DRS) (see [Kamp 88]). The system’s parser is based on a
lexical functional grammar and is implemented in Prolog using the DCG formalism —
" see 3.3 for more information about this formalism.

This paper has an attractive title, maybe too attractive for its contents if we consider
our goal of conceptual KA within the context of TANKA. First, the range of syntactic
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phenomena handled by the parser is narrow. Second, it is not clear what a priori
knowledge is assumed, especially for the DRS-construction rules: those that map
syntactic trees into DRS and those that translate DRS into Prolog clauses. Finally, the
approach is reminiscent of those usually taken in the building of NL interfaces to data
base systems; it is not always clear whether the authors aim at automating the
construction of databases? or KB (or what type of KA is really performed).

2.2.1.4 [Fum 851

Fum presents the design of ALICE (Automatic Learning and Inference Computerized
Enginc), a system which should be capable of augmenting its KB by processing NL texts.
ALICE has two different modes of operation. In the learning mode it is given a series of
Italian sentences forming simple scientific passages. The information extracted from
these sentences is integrated with that previously stored in the system’s KB. The other
modec is consultation: ALICE receives questions about the texts and returns the portion of
the KB containing the information needed to answer it. This second mode involves an
inference engine.

Fum’'s paper is extremely vague with regard to several aspects?3. For example,
although he mentions that ALICE’s linguistic coverage is simple, he does not explain
what he means by that (even though the parser contains the following “specialists™:
morpholexical, syntactic, semantic, quantification, reference, time). It is also mentioned
without any further details that the system comes with seed concepts and a seed
vocabulary — in other words, the assumed a priori knowledge is not precisely identified.
Finally. it is not clear at all how (if at all) the user is involved in the functioning of
ALICE: there does not seem to exist any interaction once the original text has been given
on input.

22 In that case we are more concerned with the representation and acquisition of facts than rules, general or
generic knowledge. This distinction is important for text summarization systems (see [Hahn & Reimer
86] and [Nishida et al. 86}, for instance).

23 The remainder of section 2.2 will exclude such *design’ papers (see [Arinze 89] and [Nirenburg et al.
88]. for instance) when they tend to be too general, too vague, or simply redundant in view of other (more
detailed) work described here. They do not seem to make a significant contribution to the current state-of-
the-art in TP, at least in terms of approaches that can be shown to be practical and realistic (i.e.
approaches for which it is shown how they could be implemented).
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However, an interesting feature of ALICE is that it is described as a cognitive
model?* of human TP with the parallels of KB vs. long term memory and working
memory vs. short term memory amongst others. Although Fum’s system has several
high-level features that are similar to TANKAs (e.g. the augmentation of the KB via TP,
the availability of only an incomplete KB at the beginning). it is difficuit to evaluate it
more preciscly because the paper is of the high-level design type.

22.1 ishida et

This paper briefly describes a method for the extraction of knowledge from
expository texts based on “global text analysis™. This mecthod takes into account the
information contained in the intersentential relations (e.g. “detail’, “additional’, *serial’,
‘concurrent’) and the headings of texts. For the latter, it is assumed that  title shows the
main topic of a text and that scction headings show local topics which constitute the main
topic’s attributes.

In this particular approach. text analysis is seen as the identification of thc main
sentential groups and their assignment of a ‘standard’ attribute name of a subframe in a
specified field. The paper is silent on several major issues: parsing capabilitics are not
discussed; the KR used is not precisely explained; the a priori knowledge is not well
identified (although it is clear that it is significant — it is expressed in the system’s
frames); the user’s participation is left unspecified (it scems minimal); and the knowlcdge
extracted by their approach is not precisely characterized (c.g. what can be generalized
from the output representation?).

2.2.1 ller 88

Moller says that automating text analysis is an important step toward automatic
knowledge acquisition. He proposes to analyze book knowledge and structure it in a way
that can serve as a basis for further KA. He suggests a2 method for the sclection of
relevant knowledge elements in a text, based on interpretation models. The models that
Moller uses reflect the conceptual structure of an ES; they form a classification scheme
for domain-specific knowledge elements.

24 See [Jurafsky 92] for a discussion of three basic models of parsing or sentence interpretation: the
linguistic, the computational, and the psychological paradigms.
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Moller’s approach consists of two processes: the text coding process (PROPOS) and
the cpistemological analysis process (EPISTOS). First, the text is semi-automatically
transformed into a meaning representation which is expressed in terms of propositions
(via propositional analysis). In othcr words, this approach does not rely on parsing. The
system supports the user by providing grammatical information (on morphology. syntax,
and semantics); the user makes the final decisions as to the most appropriate
representation for a given input. Representations (of propositions) are then connected to
cach other; the final output is a tree-structure for a sentence or a network for muitiple
sentences.

Sccond, the output of PROPOS is used by EPISTOS to select particular linguistic
concepts (words and statements) that represent knowledge elements and that are relevant
to the modelling of domain knowledge. These concepts are attached to the structures of a
corresponding intcrpretation model. The interpretation models in EPISTOS are not
domain-dependent; they form generic models which, when filled with domain
knowledge, lead to a model of a specific domain. Thus, the main task for EPISTOS is to
rclate parts of the propositional representation to particular components of an
intcrpretation model. As in PROPOS, the process of epistemological analysis is “secured™
by interaction; the final interpretative decision is left to the user.

It is not clear in Moller’s paper what has been implemented exactly. Although there
seems to be an implemented prototype for PROPOS, and none for EPISTOS, there is
some ambiguity as to exactly what functionality has been automated or not*3, User’s
participation is left but vaguely specified. Moller’s approach differs from ours in several
important ways. There is no parsing of the input text; text analysis is based on
propositional analysis, which is a rather difficult and time-consuming activity usually
accessible only to highly specialized people. The same remark applies to epistemological
analysis. In both cases, ihe user’s participation is very important and quite specialized.
Another major drawback in Moller’s approach is that it assumes the a priori availability
of the interpretation model for a given type of ES26,

2.2 1.7 [Silvestro 88 omez 89]._an imer 90

25 In fact, it scems that the number of activities that can be automated in Moller's approach is very limited.

26 1t is not clear in the paper whether the approach put forward by Moller is meant to be applicable only to
ES applications. -
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Several approaches have been proposed to cope with classification tasks, which are
typical of KB construction activitics. We here review three papers that share this goal and
use TP as a means of extracting more or less complex classification knowledge?? from
different types of textual material,

[Silvestro 88] presents a tool. which he refers to as a knowledge-base acguisition
mechanism, that constructs KB by accepting English explanations (i.c. explanatory text)
from the user. Silvestro’s paper is vague on three major aspects:

» the linguistic coverage of the system’s conceptual analyzer;

« the semantic representation output by this conccptual analyzer (although it scems to
be based on Schank’s conceptual dependencies): and

+ the knowledge representation used in the system's KB (the author mentions “tasks’
and ‘rules’ without any further details).

In addition, Silvestro’s approach seems to be restricted to taxonomic knowledge=¥,
based exclusively on the is-a relation (e.g. *a coursc is an episode’, "a department is an
organization’). As is true of many Schankian approaches to NLP, this one has a rather
limited syntactic coverage and requires considerable a priori knowledge (especially
semantic); this knowledge is hidden in the system’s KB and the conceptual analyzer’s
lexicon. The paper does not clearly identify the user’s participation once the input text has
been entered.

Two somewhat similar systems are those of [Gomez 89] and [Reimer 90] which
are also restricted to classification tasks, although the resulting knowledge representation
is that of conceptual structures instead of production rules. Gomez’s system has a
relatively powerful linguistic processor aithough it seems to be biased towards clauses in
which the main verb is ‘be’ (as they generally express is-a relations). Gomez makes a
remark about a priori knowledge which is similar to that we made at the beginning of this
document: “If the KA system is going to be domain-independent, then the system cannot
have a priori knowledge about concepts which are domain specific”. His approach allows
the user to define missing (domain-related) concepts by relating these to the alrcady
existing ones using the ‘is-a’ and ‘part-of relations.

27 Classification knowledge is concerned with the partitioning of a given universe’s objects into a number
of classes (or partitions) that are more or less naturally interrelated.

28 Taxonomic knowledge is concerned with the classification of things according to their natural
relationships.
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Reimer’s system, which uses a very simple parser, inductively generalizes the
concepts lcarned from the texts to more generic ones with the help of domain-dependent
background knowledge and the semantics of the representation constructs used (i.e. the
semantics of the representation model used). This approach is more of the ML type. What
is particular though is that he proposcs to compute frequencies in order to avoid potential
problems with overgeneralization. These frequencies are the relative frequencies with
which a slot or a slot entry of a concept representation appears at its immediate
subordinates; a slot (or slot entry) of a generalized concept is discarded when its
frequency value gets below a certain cut-off value. As with Gomez’s system, user
interaction is a subordinate issuc and is only roughly sketched.

2218IR zci & Hirst 89a], [R zei & Hirst 8

Although this work of Regoczei and Hirst seems to be essentially theoretical, we do
consider it here since it gives a different perspective than other work reviewed in this
chapter. In [Regoczei & Hirst 89a], the authors lay down the foundations of their
approach to NLU and KA from text. They propose a theoretical system called LUKES
that accepts English text and descriptions of concepts (with their associated names) on
input, and produces a KB (or KB clements) on output. Typically, such a2 KB could be
used by a KBS. The architecture of LUKES contains three levels of processing: verbal,
conceptual, sub-conceptual.

Their discussion includes a comparison of several theories of knowledge in text. In
particular, they contrast the theories of ‘content’ and ‘representation’. In the first theory,
text is seen as possessing a content and the knowledge derived from text is nothing more
than the extraction of this content. In the second theory, text is seen as representing
knowledge and does not intrinsically contain knowledge. The approach the authors favour
is one in which text contains a set of perceivable clues that stimulate the reader to
synthesize knowledge and attach it to the text. They refer to that as concept cluster
attachment. Thus, LUKES’ output (i.e. KB) can now be seen as text with concept clusters
attached to it. Knowledge is captured both at the verbal level and the conceptual level.

They also propose an implementable?? version of LUKES that they call LOGOS. This
system contains several knowledge-based modules for which a huge a priori KB must be

29 However, it is not clear how feasible this design really is. Neither is it clear what exactly is
implementable and what can be automated.
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acquired. To that end they suggest to use SORTAL. a KA tool to be used by a KA analyst
to help set up a KB from a representative text. SORTAL is described in [Regoczei &
Hirst 89b) where the problem of building conceptual models trom NL input is discussed.

SORTAL's main function is to perform sortal analysis, i.c. to classify concepts,
concept clusters, and conceptual structures that are talked about in a text. This
classification is based on what they rcfer to as the “meanting triangle™ which has three
nodes: the text node relates to words, phrases, and sentences used by an agent to denote a
concept; the concept node relates to the concepts internal to the agent and refers to the
referent node: the latter relates to the “thing™ in the external world (e.g. an object).

In SORTAL, the user is an intrinsic part of the system. SORTAL prepares frames
(constructed on the basis of the meaning triangle) from the input text submitted by the
user. These frames are then filled by the user. In other words, KA in SORTAL means
acquiring new meaning-triangle diagrams associated with the input text?, The resulting
‘sortal” KB can then be passed to LOGOS to process documents about the domain and
then, finally produce a KB directly usable by a KBS. As the reader can see, Regoczet and
Hirst’s approach is quite different from TANKAZ!

221 inal veter 911 [Moulin Rousscau 90 oulin &
1 owie 331, an ousselot et al. 92

A different type of approach than those reviewed so far is exemplificd by the work of
[Rinaldo 89] and [Moulin & Rousseau 90] in which TP is reduced to its simplest form.
Their systems behave as if they were simply looking for predetermined and fixed patterns
(e.g. “if", ‘because’, “when’) in the input sentences and use these key words to decomposc
the original sentences into representations that stand for production rules3? or KB
elements. Qutput representations are still in natural language in Rinaldo’s system, and in

30 In fact, SORTAL constructs a special type of conceptual dictionary that will be used by LOGOS.

31 In particular, Regoczei and Hirst do not consider parsing in the two papers cited here. We are forced 1o
conclude that their approach does not depend on parsing in any way. It appears that the cquivalent
processing is performed by the user,

This statement is not entirely fair to Rinaldo’s system which uses the Linguistics String Parser (sce
[Sager 81]) and performs simple discourse processing. However, there remains no trace whatsocver of
this information (especially syntax and semantics) in the output of his system. This is surprising when
one considers that 1o make such rules amenable to knowledge-based processing, one would use elements
of such informatior to teansform the system’s output into an appropriate KR.
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a structured derivative form in that of Moulin and Rousscau. Such representations are
meant to be used by rule-based systems (after some further processing).

Rinaldo’s approach is not intzractive and requires significant a priori knowledge33
(c.g. all words arc assumed to be known and are attributed a conceptual category
beforchand). Its main goal is to test the feasibility of a design in which the system
automatically genecrates rules from a scientific (medical) text. The user is expected to
verify whether the output rules arc correct and rclevant. Another instance of this type of
approach is the work of [Gao & Salveter 91]: they propose the Automated Knowledge
Engincer system which is concerned with KA for classification expert systems.

Moulin and Rousseau’s approach is, on the contrary, highly interactive and depends
heavily on the uscr’s participation; the user accomplishes all interpretation tasks. In fact,
this system looks more like a simple support tool than an advanced NLP system. It assists
a human uscr in deriving deontic rules from prescriptive texts by “semi-intelligently”™
carving the text, without any attempt to represent (understand) the text segments it
manipulates. The system does not seem to perform any detailed parsing nor semantic
analysis; it is restricted to stereotyped texts (“prescriptive” texts such as regulations).

Both approaches arc useless for the acquisition of knowledge not expressed with rules
in the surface form of the input text (i.c. dircetly in the input text).

Finally. [Cowie 83] and [Roussclot et al. 92] take a similar but ostensibly more
general approach to the extraction of knowledge from scientific texts. They too aim at the
construction of a KB from elements distilled from texts but without NL grammars,
parsers, or analyzers. They simply assume that scientific texts are written with a very
rigid and predictable syntax and thus propose a number of rules that perform knowledge
cxtraction based on specific constructs and “key words™. This is reminiscent of the
approach used more than 25 years ago in ELIZA [Weizenbaum 67], and we know very
well its intrinsic limitations — see chapter 7 of [Weizenbaum 76] for a stimulating
discussion about ELIZA.

221,10 Hirschman 8

33 To put it simply. this knowledge is used to determine whether a given input sentence appears to be
meaningful (i.e. whether the system should try to extract a rule from it).
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The authors describe the SPQR (Selectional Pattern Queries and Responses) module
of the PUNDIT text-processing system. Although SPQR scems to be gearcd mainly
towards disambiguation of parsing rather than conceptual domain modelling as in
TANKA, the approach seems to have several high-level features in common with
TANKA’s. The authors too consider the following problems: the incremental acquisition
of domain-specific knowledge from text, the use of broad-coverage grammars tor TP,
the elicitation of information from the user, and case of portability to other domains.

Despite these similarities. Lang & Hirschman's approach is different from ours in
several important aspects. First, as a conscquence of their goal of acquiring domain
knowledge to rule out semantically anomalous parses, SPQR essentially acquires
sclectional constraints. In TANKA, our goal is much more gencral: we aim at the
acquisition of generic knowledge of which selectional constraints can be scen as a subset
(although they are not enforced as such in TANKA). TANKAs output should be usable
by KBS, whereas SPQR’s output seems to be restricted to language parsing
considerations. This means that user intervention in SPQR is about the admissibility of
selectional constraints and not, as is true of TANKA, about the correctness of conceptual
meanings extracted from text.

Second, the selectional constraints acquired by SPQR must be classified by the user
as either allowable (i.e. good) or unallowable (i.e. bad). It is not at all obvious that such a
dichotomic categorization is always possible or desirable. There might be cases where a
mix of ‘bad’ and ‘good’ represents more faithfully a somewhat uncertain situation (which
may be clarified later with more certainty). In TANKA (or more preciscly, in HAIKU)
there is no such subjective classification; if a new Case Pattern is found during parsing,
the user only has to decide whether it is semantically correct and whether it should be
kept in the KB. In HAIKU, if a Case-Marker Pattern already encountered before is found,
the user can associate a new Case Pattern with it — sce details in chapter 4. In SPQR,
once a selectional constraint has been considered, the user does not scem to ¢ver be
allowed to reconsider it (even if this would appear to be justificd).

Third, SPQR relies on the a priori availability of a complete is-¢ model (i.c. KB) of
the domain for the generalization of sclectional constraints into Casc frames. This model

34 They consider the parsing of telegraphic text clements whereas we do not. This probably explains the
emphasis of their approach on parsing disambiguation. However, their approach does not seem to
consider the problem of multi-sentence fragments (only single-sentence) whereas we do.
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is not affected (e.g. updated) by the TP system or the user’s participation: it is given
beforchand and is purcly static. In TANKA, we start with only the highest levels of the
domain model and it is constantly updated as text is processed. This remark allows us to
doubt that their approach could be applicable to large domains; it is a hybrid between

lexically-oricnted KA (sec 2.2.1.13) and conceptually-oriented KA as we see it in
TANKA.
22111 [Zemik acobs 90 madja 91 bs 92a ot 91 sili et al
92,3 fens 2

In recent ycars, there has been considerable interest in the extraction of information
from corpora35 (for instance, sec the recent special issue of Computational Linguistics,
Vol. 19, #1 and #2) and even dictionaries (for instance, see [Montemagni &
Vanderwende 92} and [Dolan ez al. 93]). One particularly active line of work is that of
pattern extraction, be they of lexical, syatactic or semantic nature, depending on the
assumed pre-processing (c.g. part-of-speech tagging, either manual or statistical — see
[DcRose 88]) or on the availability of more or less significant a priori knowledge. Most
of these approaches have a statistical basis: their results can only make sense if the
number of occurrences of a given (stable) pattern is relatively large — the distribution of
such patterns is also significant. And even then, in many cases, it is not obvious how to
cvaluate the reliability of the results they produce. Several questions remain to be
satisfactorily answered: how sensitive are these methods to random error? how do they
behave when we attempt to apply them to increasingly smaller texts? what are the criteria
for constructing a valid corpus? We now briefly identify some of these approaches.

i ernik & Jacobs 90] proposc to collect word collocations — words that tend to co-
occur together, especially around an input’s main verb — to improve parsing accuracy
and support the assignment of thematic roles in semantic analysis; [Zemnik 92] applies this
approach to the probiem of tagging. [Smadja 91} discusses work similar to that of the two
previous authors but suggests filtering raw collocations (which he calls “n-grams™ when
they contain more than two words) with robust parsing in order to eliminate invalid
candidatc n-grams. He applies this approach in the context of information retrieval.
[Smadja & McKeown 91] show how the approach can be adapted to the problem of

35 One relatively standard corpus is the Brown Corpus. It contains some 500 samples of English text and
totals approximately one million words. Another corpus is the LOB (Lancaster-Oslo/Bergen) corpus
which consists primarily of British English cdited prose and is about the same size as that of the Brown
corpus.
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lexical selection in language generation. This idea of combining statistics with NLP to
perform KA from raw texts is also considered in [Jacobs 92a] where it is said that “the
statistical methods themselves must be an aid rather than a replacement for knowledge
acquisition™ ([Jacobs 92a]: p.182).

[Brent 912] describes a program that analyzes untagged text and proposes a (partial)
list of the verbs it contains accompanicd by the (simple) subcategorization frames in
which they occur — a similar approach is proposed in [Manning 93], The algorithm used
by Brent is expressed in terms of these three major phases: verb detection,
subcategorization frame detection, and subcategonzation frame decision. This last step is
based on statistical model: of the frequency distributions. [Brent 91b] presents a variant
of that work which tackles the problem of automatically classifying verbs as cither stative
or active.

[Basili et al. 92] argue that a serious limitation of such approaches is that they “arc
based on the (strong) assumption that syntactic similarity in word patterns implies
semantic similarity” ([Basili et al. 92]: p.96). They find that “thc major problem with
collocations is that reliable results are obtained only for a small subset of high-frequency
words on very large corpora, otherwise the association ratio becomes unstable™ ([Basili ez
al. 92]: p.97). In this paper, the authors are interested in “lcarning”™ sclectional restrictions
in order to provide support for the design of computational lexicons — sec also
[Grishman & Sterling 92] who have similar goals and proposc a syntax-first strategy for
studying word associations based on segmentation parsing and semantic hand-tagging.

A variant of the above proposals is exemplified by the system SEXTANT
([Grefenstette 92a] and [Grefenstette 92b]) which is proposed as an aid to information
retrieval tasks. This system implements an extraction technique using scgmentation
parsing, some simple statistical measures, and no domain knowledge, to producc a list of
words related (i.e. similar) to any words occurring in a given corpus. Not only may this
output be valuable in an information retrieval situation, but it may also help the
construction of lists of synonyms (nr quasi-synonyms) for dictionary building tasks.

2.1.12 [Ciravegna {. 921, [Hauptmann 93], an i oldovan 93

[Ciravegna et al. 92] present the SINTESI system. It extracts knowledge from short (4
or 5 sentences) descriptive diagnostic reports written in Italian, in order to summarize
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their technical content and support the constructing of a KB on car faults. The
information being sought by SINTESI in typical reports is the main fault, the chain of
causes, the chain of cficcts, and the list of car parts involved. In brief, the system attempts
to identify the significant objects (physical entities) mentioned in a report, and then
represent the relationships between them. Generally speaking, the approach used in this
system is one that is rather characteristic of sublanguage NLP strategies. The Italian
syntax covered by SINTESI's parser is rather limited. However, the parser is able to cope
with ill-formedness in a realistic manner. Parsing is essentially semantic-driven, looking
for specific semantic markers that are stored beforehand in the lexicon, thus guiding the
parsing process. All objects that may be of interest in a text are described in a KB that is
available a priori. So the type of knowledge extraction performed by SINTESI is closer
to text summarization then to KA as we see it in TANKA: there is no process of
incremental KB augmentation as such.

[Hauptmann 93] tackles the problem of deriving a meaningful semantic representation
(i.c. a frame) from its associated syntactic representation (i.e. a tree). The system he
presents cun function in two modes. In the interpretation mode, the system is given an
input parse trec and, using its complete KB and a simple generalization strategy, produces
the resulting frame representation. In the “learning” mode, the system is presented with
the input parse trec plus the corresponding correct (and unambiguous) target frame
representation36 and produces the “mapping” rules that establish the relevant relationships
between the two — ‘of course, in the process, the system accesses its KB whenever
appropriate. Hauptmann’s work is relevant in the sense that his approach is S};ntax-first as
is the case in our own work: we are also in the business of extracting meaning from
structurc. But the means and the end results are quite different. For one thing,
Hauptmann's proposal relies on the a priori availability of a complete domain-specific
KB. He also assumes that all essential selectional constraints are predefined as slot filler
restrictions in the domain knowledge hierarchy: again, there is no KA of the kind we are
interested in. It is really not clear how such an approach may be applicable to other
domains, particularly to less contrived domains than the one used by Hauptmann, i.e. the g
doctor-patient domain. He says himself that his system was not designed as an easily -
portable or adaptable tool for any domain ([Hauptmann 93]: p.15). It may in fact be only
applicable to sublanguage situations.

36 One could seriously question whether the cost of creating these ideal meaning representations is not
significantly higher than the one of creating the mapping rules themselves, at least for complex NL input
strings,
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[Kim & Moldovan 93] describe PALKA, 2 scmi-automatic KA system designed to
facilitate the construction of a large KB of semantic patterns accumulated from corpora.
Broadly speaking. PALKA™s goals arc similar to those of TANKA, but the details are
quite different. First. Kim and Moldovan’s approach docs not rely on full parsing — not
even tentatively — but exclusively on text segmentation: the system cannot even exploit
simple syntactic clues. such as which preposition introduces which prepositional phrasc
(playing a certain semantic role relative to the verb). for instarce. Sccond, the user must
select “relevant™ input strings to be analyzed by PALKA, which uscs a keyword strategy
to verify whether the submitted passages appear indeed relevant. Third. once an input has
been segmented, the system matches the input’s phrasal clements with phrasal patterns
found in PALKA's KB to “understand™ the input. Fourth, PALKA requires a lot of «
priori knowledge: a general and domain-specific concept hierarchy, {frame definitions
telling the system what to look for in a text (along with the relevant keywords). and a
dictionary which establishes all the appropriate links between its entrics and the
hierarchical concepts. Finally, the system can acquire knowledge only on a onc-cvent-at-
.a-time basis, i.e. all ‘bombing’ events, for instance, must be processed in a single phasc
(together) instead of incrementally as they are encountered in the text.

22.1.1 11 so et al. 871, an rosz et al 8

The work described here is concerned with what we have called exically-oriented
KA in 2.2.1.10 — more on lexical knowledge in section 2.2.3. That is, these approaches
differ from TANKA in two major ways: i) their main goal is not to acquire a semantico-
conceptual modelling of a domain but, rather, to acquire lexical semaniic information to
facilitate the parsing of the text3?, and ii) the input accepted by these systems often
consists of simple NL utterances typed in by the user (not text as in TANKA). We now
briefly present typical examples of such systems.

[Ballard 86) and [Ballard & Stumberger 86] describe the TELI (Transportable
English-Language Interface) databasc-oriented NL interface which is meant to be
customizable by end users. The latter can use TELI's menu interface or its English-like
specification facility to define or verify syntactic “Case frames™: (i.c. templates)
containing information on several types of allowable phrases (e.g. adjective phrases and

37 A good proportion of the early systems of that type were in fact NL interfaces.
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prepositional phrases). For exampie, if the user wants to find out what domain objects can
bec “in™ a county, say, he would make the following English-like request: “a ? canbe in a
county”.

TEAM [Grosz ¢t al. 87] is similar to TELL It is also a database NL interface and has
two modes: question-answering and acquisition. TEAM uses a menu-driven interaction
through which the database expert provides information about files and fields in the
database, and about the (databasc-related) conceptual content, the words and phrases used
to refer to these concepts. The acquisition performed by TEAM affects the lexicon, the
conceptual schema, and the database schema. Case frame acquisition for verbs is realized
through the use of sample sentences about which TEAM asks canned questions. For
cvery verb it must “discover” its number of arguments, their 9ptionality. their argument-
Casc mappings, the kinds of prepositional phrases that can be used with the verb, and the
particles that can be used with the verb.

IRACQ (Interpretation Rule ACQuisition) is presented in [Ayuso et al. 87]. Itis a
general NL interface system in which mappings (i.e. rules) between valid English
constructs (nouns, verbs, adjectives, prepositions) and predicates of the domain may be
defined by entering sample phrases38. The rules are used to block a semantically
anomalous phrase as soon as it is proposed by the parser. IRACQ depends on the a priori
availability of a detailed domain model. This allows the distinction between conceptual
information, which resides in the KB, and linguistic information which is used to
characterize the subset of English that IRACQ handles.

As pointed out in [Jansen-Winkeln 88], questioning the user is stereotypical in TELI
and TEAM (sce also the Iexical acquisition system of KBNL [Barnett ef al. 901). Neither
system can utilize additional user information and it is not possible to influence any
aspect of the knowledge acquired. Compared to these two systems, IRACQ’s acquisition
componcnt is morc powerful ~— the price to pay is to have access to a complete KB
beforchand. The intended user of IRACQ is clearly more specialized than of the other two
systems.

22114 [Li 93

38 Sample phrases must be given within the limits of the parser used by IRACQ. The same is true of
TEAM. For example. TEAM's NL processor does not accept verbs that require a sentential complement.
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The work discussed in this subsection deserves a special mention because it is related
to HAIKU"s Case analysis, which is presented in chapter 4. rather than to TANKA s
overall goals. The authors propose & method of acquining domain-independent. thematic
knowledge by exploiting syntactic clues from training sentences. The system’s goal is o
collect valuable information that is nccessary to discriminate thematic roles (e.g. o
propose the argument structure [Theme Goal] for the verb "go”) in input strings and to,
ultimately, build an extensible thematic dictionary.

Syntactic ambiguities are resolved by the user (the “trainer™) or simply avoided it the
input comes from a syntactically pre-processed corpus. The syntactic properties of the
thematic roles, e.g. whether a role can be associated with an animated argument. serve as
a preliminary filter to reduce the hypothesis space of possible thematic roles of arguments
in training sentences. Other heuristics are also used to further reduce the ambiguitics. For
instance, the “Imperative Heuristic™ says that “imperatives arc permissible only for Agent
subjects”.

Several elements of Liu and Soo’s work are similar to some of HAIKU's features: the
goal to acquire domain-independent knowledge, the reliance on detailed parse trees, the
use of a fixed list of thematic roles, the use of a certain number of syntactic clues and
other heuristic rules, and the definition of their thematic structures to be associated with
verbs (which is similar to our Case Patterns, see 4.3.1). They also discuss the idea of
using thematic expectations for correct and efficiert parsing, as we do in scction 5.4.

Their proposal also differs from our work in several important ways. First. the list of
thematic roles contains only 13 roles. It is not clear whether this list is complete and what
claims are being made about its universality. Second, the system docs not scem to
maintain the equivalent of what we call Case-marker Patterns (scc 4.3.1): this is a scrious
disadvantage as such patterns would allow the system to be cven more discriminating
during the syntactic-clue phase. Third, their system is designed to find a verb’s unigue
(“good™) thematic structure, whereas we consider all different occurrences of thematic
structures (Case Patterns). Since their system cannot determine whether an argument is
optional or not, i.e. whether it is an adjunct or a required internal argument, this goal of
determining only a verb’s “good”™ thematic structure appears questionable: it may restrict
 the utilif:y of this approach. On the other hand, their system is able to exploit corpor:i in
~ order to find candidate argument structures (for verbs) that will be used to generate
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sentences, which will be proposed to the trainer for further verification of their semantic
validity. Finally, intcraction with the trainer is well-designed and intuitive.

2.2.2 Syntactic Knowledge

The acquisition of syntactic knowledge is a difficult issue which seems to have
received far less attention than the acquisition of lexical (section 2.2.3) or semantic
knowledge (section 2.2.1). Typically, syntactic knowledge consists of rules or facts about
the structure of acceptable sentences in a certain NL, i.e. grammar rules. We make a clear
distinction between such knowledge and that of systems like TEAM or TELI (see section
2.2.1.13) which merely acquire fixed syntactic patterns without attempting to modify the
system’s grammar or deriving some sort of grammar rule from such patterns.

It scems that comprehensive automated approaches to the acquisition of syntactic
knowledge have not yet been proposed, especially through TP — see [Langley &
Carbonell 86] for a review from a ML viewpoint; see also the special issue of Machine
Learning on “Machine Learning and Grammar Induction™, Vol. 2, #1, 1987. We here
review a few related projects that may show the way to more elaborated computational
frameworks in the future. At present, the DIPETT parser does not have any means for
(semi-)automatically updating its grammar, but this may change in the future, as we will
discuss in scction 5.1.

In [Shapiro & Ncal 82], the authors describe a KBS that handles the acquisition,
represcntation, and usce of syntactic and semantic knowledge. The intended user is an
expert in NLP. This system uses Shapiro’s SNePS semantic network processing system.
The NL subsystem initially “knows™ about five basic categories such as ‘L-CAT” which
stands for “lexical category’ and *“VARIABLE' which represents the class of identifiers
which the user will use as variables in his NL rules. '

Before entering his rules into the system, the user must inform it of all members of L-
CAT and VARIABLE categories which he will use. For example, “NOUN is an L-CAT™".
As we can see, the user’s inputs are in NL. This implies that the system already has a
kemnel grammar which allows it to parse the user’s NL input statements (such as “NOUN
is an L-CAT™). Once parsed, the user’s input is kept as a SNePS network structure in the
system.
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A sample rule that the user might enter is (user-defined categorices are capitalized): "I
a string consists of a G-DETERMINER followed by a NOUN called the MOD-NOUN
followed by another NOUN called the HEAD-NOUN then the string is an NNP™. The
user’s rule-statement is read by the system and processed by existing rules. When it has
been completely analyzed. a translation of the user’s rule is asserted in the form of a
network rule structure. This rule is then available to analyze further user inputs. We
observe that even if the user had to explicitly cnter the new rule (instead of the system,
say, “guessing™ at it via TP). the latter is dynamically added to the previous rules thus
augmenting the syntactic coverage of the system’s grammar.

Another, completely different, approach is that of [Berwick 85] (in particular, chapter
3) where an acquisition model is hypothesized. Basically. the model says that syntactic
expertise is acquired through the successive refincment of an initial parser, cach new
version being more elaborate than the previous one. Central to Berwick's model is an
incremental and failure-driven acquisition procedurc. When the system cannot parse an
input with its current grammar rules, it stops and call upon the acquisition procedure.
“The acquisition module tries to build a single new parsing rule that will bridge the
current gap in the parser’s knowledge. If it can succeed, then this new rule is added to the
parser’s data base, perhaps after generalization with existing rules. If it does not succeed.
then the analysis of the sentence is abandoned for the moment. This process is then
repeated for the next input sentence.” ([Berwick 85: p.11]).

Although Berwick’s model is very interesting from a cognitive science point of view,
it is far less obvious how it could be used in a real KA application. In fact, since the
publication of his book, we have not seen any practical follow-up on this approach. It is
worth mentioning that the model was implemented in a computational framework based
on transformational grammars and Marcus’ parser ([Marcus 80]). The approach’s initial
state assumes the availability of a relatively important base of a priori knowledge, a part
of which is semantic by nature (see [Berwick 85: pp.50-1]). For a knowledge-intensive
approach with similar ultimate goals but which lies at the other end of the spectrum in
terms of the generality of the knowledge acquired, sce [Gomez 91] which attempts to
acquire “verb patterns”, amongst others, instcad of general syntactic rules. See also
[Simmons & Yu 92] where the authors introduce a new formalism called “context-
dependent grammar™ which is used to interactively acquire context-sensitive grammar
rules for the parsing of a sublanguage.
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2.2.3 Lexical Knowledge

In the last decade, the acquisition of lexical knowledge has become a topic of its own
in computational linguistics. The following is necessarily partial and is only provided in
order to give an overview of some of the most common approaches used in this field.
Again, as in section 2.2.2, we do not reconsider systems such as TEAM and TELI (see
section 2.2.1.13); in our view, they do not really perform automatic KA from text. As will
be scen in the next chapter, DIPETT s simple lexical acquisition processor relies on The
Collinsdictionary and functions semi-automatically (when parsing on-line) or
automatically (when parsing in batch).

The special issue of Computational Linguistics on the lexicon (Vol. 13, #3-4) contains
several papers on the acquisition of lexical knowledge from the (machine-readable)
LDOCE tapes ([Longman 87]). [Alshawi 87b] suggests a method to process word sense
definitions from LDOCE in order to provide basic semantic information to a NL
processor so that it can cope with occurrences of unknown words.

[Boguracv & Briscoe 87] discuss how they have restructured LDOCE into a LISP-
rcadable format using the Longman grammar code system via a transformation program.
The output of the latter can then be used to automatically derive entries which are
appropriate for particular grammar formalisms (e.g. PATR-II).

[Byrd et al. 87] present a number of tools and methods for processing machine-
rcadable dictionaries. They used LDOCE as well as several other ones (for English and
Ttalian). DAM, one of the computerized tools they present, is a Dictionary Access Method
which provides both random and sequential access to dictionary entries39. Wilks and
Slator have worked on a project similar to the ones above; they also use LDOCE (see
[Slator 89]) to produce text-specific lexicons.

In the special issue of SIGART on KA, [Velardi er al. 89] present the PETRARCA
system which acquires the definition of a word in the form of a catalogue of ‘Cases’ that
they call surface semantic patterns. Their hypothesis is that these patterns reflect what
humans commonsensically understand of a sentence. PETRARCA, acquires such patterns

39 Onc of the practical problems of using very large dictionaries for NLP is how to efficiently access their
contents without assuming that the whole dictionary resides in main memory. This problem is discussed
in [Boguraecv & Briscoe 87].
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by inductively looking at examples contained in a given NL corpus: to produce an entry
in the semantic lexicon. their system analyzes a large sample of sentences including the
new word to be acquired. We remark. though. that this type of lexical KA should not be
confused with the problem of identifying unknown words during parsing (for instance,
see [O’Shaughnessy 89] and [Erbach 90]) as it happens in DIPETT.

In order to perform this kind of inductive acquisition. PETRARCA needs two major
sources of a priori knowledge: a set of rules that associate a possible semantic pattern
(i.e. a conceptual relation) with cach syntactic pattern. and a sct of sclectional restrictions?
rules on conceptual relations. Once the system has produced the list of surface semantic
patterns that it inductively “generated”. the user is expected to verify cach of them and
insert the acceptable ones in the lexicon. For a similar although more general and more
knowledge-intensive approach, see [Jacobs & Zernik 88}: for a different approach based
on a ML-derived strategy but also involving the user, scc [Pustcjovsky & Bergler 87].

Other relevant aspects of lexical acquisition and lexicon construction are presented in
[Zemik 89], which describes a learning algorithm that exploits on-linc texts and cxisting
lexical categories; in [Velardi et al. 91}, which proposes an algorithm to lcarn
“syncategorematic™ concepts (i.e. concepts’ patterns of usc) from text examplars: in
[Pustejovsky 911, which discusses several important aspects of lexical semantics and
proposes some useful solutions for computational frameworks; in [Paguin & Dupuy 90],
which presents the SATO (Systéme d’Analyse de Textes par Ordinateur) text-analysis
system, used for constructing a concept dictionary for an expert system: and in
[Cunningham & Veale 91], which argues for a unique representation formalism in the
parser’s lexicon and in the system’s KB, thus making conceptual information available
during the parsing process.

40 On selectional restrictions: see {Fass 89b] for a review of related work and a discussion.
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3. DIPETT: PARSING TECHNICAL TEXTS WITH A DOMAIN-INDEPENDENT
BROAD COVERAGE OF ENGLISH

As cxplained in the first chapter, this research is concerned with the application of
NLP to the task of acquiring knowledge from real! technical texts. The parser we describe
herc cannot rely on rich a priori domain-specific knowledge: it must be usable despite
the scarcity of semantics. The handling of this serious constraint represents a contributing
factor to the originality of the work presented in this thesis. We now present a detailed
description of DIPETT (Domain-Independent Parser for English Technical Texts),
TANKA’s parser. Earlier dcscribtions of the parser, less detailed, can be found in [Delisle
90a, 91], [Delisle & Szpakowicz 91], and [Copeck et al. 92].

Before we get to section 3.1, we must clarify the meaning of the word “parser” as it is
understood in this thesis. The theory of compiling, in computer science, says that a
compiler converts a string of characters into a string of bits, the object code ([Aho &
Ullman 72: p.59}). In what follows, parsing includes the phases of lexical .ana.lysis and
syntax analysis but exciudes those of code generation and code optimization. DIPETT's
lask is to verify whether a given NL string is grammatical, according to its grammar of
English, and, if so, produce the structure under which the input string is admitted by the

grammar.

! As explained in chapter 2 (see also the first footnote in that chapter): ‘real’ means “existing and
unsimplified™,
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3.1: DIPETT as Part of a Text Processing Svstem
3.1 DIPETT as Part of a Text Processing System

In order for TANKA to semi-automatically process technical text and incrementally
build a conceptual model of the domain. its parser must rely on two important
assumptions, as stated in chapter I. First, the process of linear knowledge-based text
understanding can be converted into incremental knowledge acquisition. Second. the text
is linguistically correct and fully describes the domain.

The parser should accept most sentences found in the text. Without such a broad-
coverage parser, automatic acquisition of knowledge from text simply cannot be realized
or is bound to be very incomplete. This is because without a rich semantic model?, syntax
is the only support for meaning; the broader the parser’s coverage. the better the
representation of meaning3. DIPETT is a surface-syntactic and one-sentence-at-a-time#
parser with a large coverage of technical English3: the parscr handies, fully or partialty.
approximately 90% of the sentences in our sample texts — a guide to a fourth generation
language and a tax guide.

Discourse-related and semantic phenomena that we will not handle in TANKA arc
speech acts, beliefs, intentions, plans and goals, inference, and dialogue-related
phenomena. Thus, DIPETT will have no provision for these. We justify this decision by
two major observations. First, well-written expository technical texts arc gencrally
explicit and resorting to much implicit knowledge is neither necessary nor desirable.
Second, as mentioned before, it 1s an important hypothesis of our approach to knowledge
acquisition from text not to depend too importantly, if at all, on a priori domain
knowledge; all the above phenomena do require considerable a priori knowledge or
complex inference mechanisms to be handled appropriately. We do not consider
dialogue-related phenomena because they do not normally arise in the kind of tecnnical
text we are interested in within this research project.

2 1t is essential for us nof to assume any such a priori model. Indeed, we remind the reader that our goal is
to (semi-automatically) construct that model!
This is not to say that syntax and semantics are the same, We only maintain that, in the absence of the
domain’s detailed semantic model, syntax is the next best way of getting at the meaning. Sce hypothesis
#7 in section 1.3.2.2.

4 Other alternatives such as discourse-oriented strategics would go against our “no a priori domain
knowledge™ requirement. The only discourse-level phenomenon that we deal with is that of simple
anaphora: see section 3.5.

5 More precisely, a large coverage of toose subsets of technical English considered within the boundaries
of this research.
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Chapter 3. Parsing with a Domain-Independent, Broad Coverage of English

As section 1.3 has already described TANKA and DIPETT s role within it, we will
not go into further dctails at this point. DIPETT is also used as part of the MaLTe
machinc learning and text processing system: more on this in section 6.2.



3.2: Linguistic Considerations
3.2 Linguistic Considerations

3.2.1 Parsing a Substantial Subset of a Natural Language

In what follows, we talk about processing a substantial subset of a NL. This
subjective characterization can apply informally to any subsct which covers cvery
fundamental syntactic structure [Winograd 83: p.468]. and. for our purposcs, most
syntactic phenomena encountered in technical texts we considered in our project. Many

NLP textbooks present only insubstantial examples: they would only be subscts of
DIPETT s coverage.

Once 2 substantial subsct of a desired NL has been determined (not a trivial task —
see the next subsection), a parser must be designed to cover that subsct in a manner that is
computationally efficient and, as much as possible, casily understood by humans. Most
known cfficient parsing techniques for programming languages arc insufficient for NL.
(One exception is Tomita’s extended LR parsing algorithm [Tomita 86]. but good
performance is not guaranteed for realistic texts.) Similarly, additions to context-free
grammars required for describing NL phenomena drive the efficiency down (sce [Barton
et al. 87) and [Berwick & Weinberg 84]): the universal recegnition problem for
agreement grammars is NP-complete.

This result applies to any parser written with any specific grammar formalism {for NL
parsing, be it DCG, LFG, GPSG, or HPSG?, etc. This simply mcans that the task of
parsing a substantial subset of any human language is a very difficult one: “...
intractability can arise from a particularly deadly combination of agrcement and
ambiguity. Informally, human languages and the NP-complete SAT problem share two
costly comiautational mechanisms: both enforce agrcement among terminal symbols
across unbounded distances and both allow lexical ambiguity. ... Thus, the linguistic
mechanisms for agreement and ambiguity are exactly those needed to solve satisfiability

6 Agreement grammars (AG) arc context-free grammars whose nonterminals are scts of feature-value
pairs. DIPETT"s DCG is a degenerate case of featurc-value system in which the featuses correspond to
argument positions ([Shieber 86: p.9]). AG can also be thought of as 2 restricted form of attribute
grammars. h

7 Fora gentle introduction to Definite Clause Grammars (DCG), Lexical-Functional Gramtnars (LFG) and
Generalized Phrase Structere Grammars (GPSG), 2nd Head-driven Phrase Structure Grammars (HPSG),

" see, respectively, [Percira & Shieber 87], [Sclls 85) and [Shicber 86], and {Pollard & Sag 87].
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— any linguistic theory that uses them, as any descriptively adequate theory must, will
probably be computationally intractable.”™ ([Barton ez al. 87: p.96])3.

The main agreement constraint in English is that of number: a subject must agree in
number with the verb, a determiner must agree in number with the noun, and so on. If we
were to parse French instead, we would have to account for gender agreement in addition
to number agrcement. As far as ambiguity is concerned. it abounds in NL. As discussed
in [Landau 90], syntactic analyzers using no semantics, such as DIPETT, are confronted
with many sourccs of ambiguitics in a text: lexical, structural, anaphoric, elliptic, and
cven semantic for polyscmous lemmas. We will see later how DIPETT deals with these
difficult issucs.

3.2.2 Determining the Linguistic Coverage of the Parser (or DIPETT as a
computerized model of a subset of [Quirk et al. 85])

No clear, well-cstablished methodology exists for determining the linguistic coverage
of a NL parser. In the case of the TANKA system, our goal was to define a substantial
domain-independent subset of English in order to cover expository technical texts. We
had to start from scratch because grammars presented in the application-oriented NLP
literature arc all cither too narrow, or described in an ad hoc fashion and difficult to
understand and extend, or else too domain-dependent. This is a demanding enterprise: the
author has invested approximately a vear just to devise the parser’s core, including the
definition of a large set of DCG rules to cncode this knowledge, but excluding extensive
testing and fine-tuning. This grameiar design involved studying English grammars,
especially [Quirk er al. 851, as well as m¢ deiling and formalizing a significant subset of
this language.

We first defined the core of DIPETT’s grammar, using both general and NLP-
oricnted English grammar descriptions: in particular, [Attal 87], [Baker 89], [McCawley
88]. [Stockwell et al. 73]). [Winograd 83], and, most of all, [Quirk er al. 85]°. The
resulting core grammar was compared with other grammars that have been proposed in

¥ Asis well known in computational linguistics, the deeper the linguistic analysis, the greater the decrease
in performance and robustness! This is sometimes called the “performance paradox™.

9 Although this huge grammar of English = some 1800 pages — is not especially tailored to
computational linguistics needs. it was nevertheless chosen as the main reference for two important
reasons: 1) it is very exhaustive, comprehensive. and well organized, and. 2) in recent years, it has
become a de facto standard in the field of computational linguistics.
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the NLP literature (e.g. [McCord 82] and [Robinson $2]). in order to ensure that we had a
superset of those (usually) simpler grammars. Finally. the syntactic phenomena found in
our texts (i.e. the QUIZ manual and the Tax Guide) were analvzed. and compared with
the coverage of our grammar. Discrepancies had to be explained and some resulied in the
addition or modification of a grammar rule, especially when the actual testing took place.

The salient point is the importance we scc in getting substantial domain independent
coverage by considering published large grammars on which most of DIPETT s linguistic
knowledge is based — this contrasts sharply with the approach in [Delisle 87] where the
parser was strongly influenced by domain-related text samples. As a result, DIPETT s
grammar represents a computerized model of a relatively large subset of [Quirk er al. 85).
See section 3.3.4 for more details.

3.2.3 A Precise Characterization of the DIPETT Parser

The purpose of this subsection is to characterize the DIPETT parser as succinctly as
possible, before we plunge into the lower-level details in section 3.3. In order to do that,
we examine three important facets of the parser. In 3.2.3.1, we state its position relative to
modem linguistic theories. In 3.2.3.2, we classify it using a grid for NL parsers recently
circulated in a “usenet group”. We present a typical parse tree produced by DIPETT in
3.2.3.3 to conclude this characterization.

3.2.3.1 Linguistic Thegries and Parsing: Taking a Neutral Stand

Linguistic theories of grammar, e.g. HPSG, use feature structures to encode linguistic
objects: the form and content of these structures depend on the underlying theory. Most
theories of this sort state universal principles that arc assumed to hold for any NL, as well
as language specific principles, such as word order, which hold for onc or more
languages!9. In this scnse, DIPETT is not committed to a particular cxisting linguistic
theory. However, this does not mean thai DIPETT has nothing in common with some of
these theories, simply that our parser represents an impiicit realization of an cclectic
linguistic theory.

10 1n modern linguistics, GB theory ([Radford 81] and [Chomsky 86, 87] ) is a good exampie of such a
broad theory. In fact, it is more a theory of language in general than “simply” of grammar. GB theory has
significantly influenced the ficld of computational linguistics in recent years: sce, for instance, [Stabler
86, 87), [Wehrli 88), and [LeBlanc et al. 93).
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DCG ([Percira & Warren 80]), the grammar formalism used in DIPETT., is theory-
ncutral — this is also true of other formalisms like FUG and PATR-II, for example!!. It
docs not impose any (linguistic-thcory based) restrictions on the operations and
manipulations of its data structures. Rather, DCG is seen as a very high-level
programming language that is well adapted to the task of encoding a particular grammar,
or cven linguistic theory — see chapter 1 of [Herzog & Rollinger 91] for similar
considerations. Most of the rules that encode DIPETT's knowledge of the English
grammar arc written in the form of DCG rules!2. If a parallel must be established, we
would say that DIPETT may be considered as a functional grammar!3, in the sense of
[Kay 85], i.c. 2 grammar in which syntactic analysis is based on syntactic roles instead of
only their strict position in the surfacc string.

In fact, it is the author's opinion that since the problem of parsing an NL is almost
certainly NP-complete, and since no particular linguistic theory of grammar and no
particular grammar formalism has been shown to clearly outperform its competitors in
general, and, finally, since the context in which our parser evolves does not have to
defend a particular linguistic theory, then there is simply no point in preferring one
linguistic theory over others. For this reason, in accordance with Jurafsky’s classification
([Jurafsky 92]), DIPETT clearly falls under the computational paradigm of parsing, as
opposced to the linguistic paradigm or the psycholinguistic paradigm. For an example of
the latter paradigm, see [Huyck & Lytinen 93].

Following a classification recently circulated in the ‘comp.ai.nat-lang” newsgroup
[Covington 93], we now describe the main technical and algorithmic facets of the
DIPETT parser. Text in the Bookman typeface below was extracted from Covington’s
classification; bullets identify DIPETT s characteristics and the associated information is
in the Times typeface.

.A. Criteria relating to grammatical relations

11 For an easily-understandable introduction to Functional Unification Grammars (FUG) and PATR-IL. see
[Shicber 86]. It is worth noting that the precursor of PATR, DIALOGIC, was introduced in [Robinson
82).

12 Thus, DIPETT is not a lexicalist approach to NL parsing. i.e. it does not locate the most part of its
syntactic (and semantic) knowledge in elaborate lexical structures.

13 Functional grammar is the precursor of Unification Grammar which is itself the precursor of Functional
Unification Grammar (FUG).
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(1) Constituency or dependency?

Is thz goal of parsing (a) to segment the input string into constitucnts, or (b)
to link heads to their dependents (arguments)? Parsers based on X-bar
theory of course do a combination of the two.

DIPETT: constituency

(2) Continuous or discontinuous phrases?

Does the parser require every constituent to be continuous? Some trec-word-
order parsers do not. (Applicable to dependency as well as constituency
grammars: in dependency grammar, a constituent consists of any head plus
all its dependents, their dependents, and so on recurstvely.)

DIPETT: continuous '

(3) Complete, partial, or no linear order?

Does the parser require fixed linear order of the clements of cach constituent
{for dependents of each head)? (E.g.. Shicber's ID/LP parscer. Linguistics &
Philosophy 1984, can allow free order of the elements of a constituent.)
DIPETT: complete order

B. Criteria relating to sequence of execution

(4) Rule invocation strategy: top-down, bottom-up. or mixed?

Does the parser choose grammar rules on the basis of what it is looking for
or on the basis of what it has found in the input? Left-corner parsing is an
example of a mixed strategy (Invoke a rule bottom-up and finish it top-down).
DIPETT: top-down

(5) Completion: incremental or all-at-once?

Given a rule such as A -> B C D, does the parser complete the A constituent
in a single step after parsing B. C, and D, or docs it add B, C. and D to the A
onec by one? (The analogous question can be asked for dependency
grammar.)

DIPETT: all-at-once
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(6) Access to the input string: left-to-right sequential. random

access, or what?
Most parsers accept words sequentially from left to right. The discontinuous
parser of Johnson (Proceedings. ACL '89) and the head-driven parser of
Proudian and Pollard (same volume) accept them in an arbitrary order
dctermined by the grammar. Eric Wehrli. in a talk at USC around 1984,
described a parser that accepts English words backward (right-to-left).

= DIPETT: left-to-right

C. Criteria relating to nondeterminism

(7) Handling of nondeterminacy: backtracking? lookahead?
concurrency?
For example, Prolog DCGs backtrack as needed: Marcus's parser uses
lookahcad: and Earley's algorithm pursues all alternatives concurrently.
= DIPETT: backtracking augmented with a few simple lookahead mechanisms
(sce 3.4)

(8) Limits on nondeterminacy. if any?
Marcus's parser has a strict limit on lookahead: most other parsers have no
limits on (simulated) nondeterminism.

= DIPETT: no limits

(9) Mechanism to prevent duplication of work, if any?
The choices are: no chart: a passive chart that records only completed
substructures: or an active chart that also records structures under

construction.
» DIPETT: passive chart

(10) Other operations or tests during parsing?

Examples include feature unification or ATN register operations.
» DIPETT: Prolog’s argument unification which can be equated to degenerated
feature unification.

As far as DIPETT s central parsing algorithm is concerned. it relies on Prolog’s built-
in proof procedure which can be described as a resolution-based theorem prover with
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unification (for variables). Thus, DIPETT s DCG rules are automatically converted into a
standard logic program by Prolog. and its built-in proof procedure! operates on the
translated grammar as if Prolog’s engine were a parser.

3.2.3.3 A Typical Parse Tree

We now show an actual parse tree produced by DIPETT. 1t can best be characterized
as a simple functional syntactic representation, in the scnse of functional grammars (scc
3.2.3.1). DIPETT s parsc trees are based on the tnput constituents® syntactic roles. This
explains, for instance, why a passive sentence wiil see its surface subject moved to the
complement slot in the resulting parse tree: its function is that of the complement — and
vice versa for the surface complement. For other cxample parse trees, sce Appendix D
(“Example Parse Trees™).

Unit #1: The new system file was copied by Tom , vesterday .
lexical analysis {cpu time) : 0.067 second(s}.
First parse for input sentence:

parsing (cpu time) : 0.2 second(s).

parse_tree__decla_or_imper
complex_sentence
structure
single_main_clause
declarative
statement
subj
pass_subj
entity
preoper_noun tom
number sg3
predicate
regular
verb copy
tense past_simple
neg yes
trans tr_intr
voice passive

complement
svo
entity
determinatives
deter the
attributes
actrs
adj new pos
head_noun

noun file

14 Prolog. as a theorem prover, is sound but incomplete.
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noun_modifiers
pre_modif system
number sg3
subordinate_clauses
final

subordinate

adverbial

simple_adv_clause vyesterday
end_of_input period
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3.3 The Architecture and Components of DIPETT

The DIPETT parser consists of these main components:

* the driver (see 3.3.1):

* the lexicon (see 3.3.2);

= the scanner and the lexical analyzer. which includes a simple morphological
analyzer (see 3.3.3): and

= the syntactic analyzer. which can perform full or fragmentary analysis, on-linc or
in batch (sec 3.3.4).

In addition, DIPETT contains scveral subsidiary non-standard components:

* atagger (see 3.3.5);

= adynamic dictionary expansion facility (sec 3.3.3):

* 2 memorizing device, i.c. a well-formed substring table or passive chart (see
3.3.5)

« its helper, i.c. an error explanation mechanism (sce 3.3.5). and

« an internal trace mechanism for debugging purposes (see 3.3.5).

The following subsections describe all these constituents. We wish to warn the reader
that sections 3.3.2 and 3.3.3 are particularly technical. As should become clear as we
progress through the remainder of this chapter, DIPETT is in fact 4 parsing cnvironment
which allows the user to sclect different opiions for different purposes — see |Erbach 91
for a different example of such an environment.

The author implemented DIPETT in Quintus Prolog — about 4500 lincs of code,
containing several hundred DCG rules — on SPARC workstations. An carlicr version
was ported to the Apple Macintosh in AAIS Prolog for a demonstration given at
COLING-92 ([Copeck et al. 92]).

3.3.1 The Driver and the User Interface
DIPETT’s driver represents the core of the interface, as far as user interaction is

concerned. Its main function is to manage the interaction with the user and, in accordance
with the user’s choices, launch the appropriate processes and control their progress.
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Normally, an input will be given, vig the driver, to the lexical analyzer followed by the
syntactic analyzer (and then by semantic analysts — see chapter 4).

For the time being, the user interface is visually rather elementary in that it does not
exploit windows or other sophisticated tools — we are considering the possibility of
using tools such as HyperNeWS in order to make the user interface more attractive.

Appendix A (“DIPETT"s Driver and User Interface™) shows an abridged. actual log of
DIPETT's driver in action. We urge the reader to take the time to go through this
commented log: subscquent details on DIPETT will be easier to follow.

3.3.2 Lexicon and Dictionaries
3.3.2.1 DIP *s Lexico

DIPETT s surface-syntactic lexicon contains most English function words. As we will
see later in 3.3.2.1, we essentially rely on an on-line version of The Collins dictionary for
ncw cntrics belonging to open categories: nouns, verbs, adjectives, and adverbs. The
lexicon's cntrics are lexemes which fall into 26 categories (some of these are in fact
subcategorics). It also comprises a particle table that associates legal!> particles with each
verb: together, they form phrasal verbs., This table is used during parsing to disambiguate
particles and prepositions. A list of idiomatic constructions completes DIPETT s lexicon.

The lexical entries are Prolog facts of the form

dict( Entry, Category, Infol, Info2 ).

where Entry is the root and Caregory is the root’s part of speech (more precisely, one of
the 26 categorics). Depending on the root’s part of speech, Infol is either the root’s
number (singular or plural) or the root’s subcategory label. Again, depending on the
root’s part of speech, Info2 is either the root’s tense information, the root’s subcatcgory
label. or the root’s basic form. A root has as many entries in the lexicon as it has parts of
speech.

15 We use the term ‘legal® as a synonym of “acceptable’, “allowable’, or ‘recognized’.
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The list of legal parts of speech. based mostly on [Quirk er af. 83], and their
associated numbers (for case of reference) follows:

DETERMINERS:
predeterminers [1]. central determiners [2]. postdeterminers: cardinal numerals
[3]. ordinal numerals and gencral ordinals [4], and closed-class quantificrs [3]:
ADIJECTIVES:
adjectives [6]:
NOUNS:
count nouns [7]. mass nouns [8]. proper nouns [9]:
PRONOUNS:
personal [10]. reflexive [11], possessive [12]. relative [13], interrogative {14],
and indefinite {15];
PREPOSITIONS:
prepositions [16];
CONJUNCTIONS:
conjunctions[17];
ADVERBS:
adverbs [18];
VERBS:
auxiliary [19], modal [20], stative [21], transitive and intransitive [22].
transitive only [23], intransitive only [24];
ADVERBIAL PARTICLES:
adverbial particles [25];
SPECIAL.:
words which do not easily fit into any of the above classes [26].

Here is an excerpt containing an instance of cvery legal category. DIPETT's lexicon
contains approximatcly 2200 entries (roots), excluding the ‘partic’ and ‘idiom’ entries
presented below.

[1] dict{ all, predeter, _, indef).
[2] dict( an, deter, sg3, indef).
{31 dict( two, caxd_num, pl, indef).
{41 dict({ first, ord_num, sg3, def).
[5] Adict( few, quant, pl, indef).
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[6] diet( actual, adj, pos, _).

[7] dict( abbreviation, countmoun, sg, _ ).
[8] diect( air, magssnoun, _, _).

[9] dict( bob, propermcun, sg3, _}.

{10] dict{ her, pexrs_pron, sg, _).

{11] dict( herself, reflex_pxon, sg, _).
[12] dict( hers, poss_pron, _, poss/3).

{13] dict{ that, rel_pron, _. _}.

{14] dict( how, interro_prom, _, indef).
{15] dict({ anybody, prom, sg3, indef).

[16] dict{ after, prep, _, _).

[17] diet!{ and, coni, _, _)}-

[18] dictt{ accurately, adv, _, _).

[19]) diex( am, aux/be, sg, pres).

[20] dict( can, modal_aux, _, can/pres).
[21]) dicc( am,- v/stat, sg., be/pres).

[22] dict( begin, w/tr_intr, _, _/pres_inf_imp).
[23} dict( append, wv/tr, _, _/pres_inf_imp).
[24]) dict( die, w/intx, _, _/pres_inf_imp).
[25] dict( by, adv_particle, _, _).

[26] dict( not, special_function word, _, _).

The dictionary also contains two other sources of information. The first is a particle
table which associates a list of legal particles with each verb!® already in DIPETT s
lexicon. This information is used during parsing in order to help disambiguate particles
and prepositions, since many words belong to both categories. Lists of particles are
ordered according to their frequency of usc!?, from most frequent to least frequent. Cur
main reference for this table was [Quénelic & Hourquin 87]. Here is an excerpt from the
particle table which contains 321 entries:

partic{ access, [to] }.
1$artic( begin, [with, on, as] }.

partic{ build, {up. out, in, on, over, ..., of] ).

16 We have not decided vet how this table is going to be expanded during TP if a missing entry is found.

17 This ordering is due to [Quénelle & Hourquin 87]. Although it might be considered as a priori
knowledge, such ordesing is in fact irrelevant since all the parser does is check whether or not a given
token is 2 member of such a list (treated as a set),
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partic( cancel, iout] ).

partic( check, [up, out, in, on, .... through] }.
partic( clear, {up, out, with, off. away, of] ).
partic( desian, [for] 1.

partic( display, [] ).

partic{ eliminate, [from] 1.

partic( find, [out, in, for, against] ).

partic({ £finish, {up, in, with, off] ).

partic({ give., [up, out, in, to, on, ..., forth] ).
partic({ group, [about, around, round] }.

partic( include, [out, in] }.

partic{ join, [up., in, with, to, on} ).

partic( link, [up, with, te] ).

partic{ load, [up, with, down, into] }.

partic( print, [out, in, offl ).

partic( report, [out, to, on, for, back, upon} ).

partic{ search, [out, for, through] ).

The second additional source of information is a table of idiomatic constructions!. It
identifies short non-productive syntactic constructions that can usuvally be treated as
single tokens: thus the term *groupings’ to refer to such constructions. DIPETT uses this
table during scanning of the input string and suggests potential replacements to the user
upon encountering such idiomatic items: see an ¢xample in 3.3.3. Here is an excerpt of
this table which contains 409 entries:

idiom{{[(not,only], not_only], adv,

~ =)

idiom( [ [not, zo0,much], not_so_much]l, conj, _., _}.

idiom( [ [net, to,say], not_to_say], conj,

- =)

idiom{ [ [now,and,again], now_and_again], adv, _, _)}.
idiom( [ [now,and, then], now_and_then), adv, _, _}.
idiom({ [now, that], now_that], conj, _, _).
idiem( [ [nowhere,else], nowhere_else], adv, _, _}.
idiom( [ [of,course], of_course], adv, conj, _).

idiem({ [[on,account,of], on_account_of], prep,

— )

18 Such constructions are loosely referred to as “idioms™ or *groupings’: see 2.1.3.5 and footnote 15 in that
chapter.
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idiom([lon,and,0ff], on_and off]. adv, _, ).

3.3.2 2 The Collins Dictionary and the WordNet Lexical Database

Two “off-the-shelf™ dictionaries are used in TANKA. The first, The Collins
dictionary, which we extracted from PC-KIMMO [Karp er al. 92]. is used by DIPETT
when new words (i.e. words not found in DIPETT s lexicon) are encountered in the input
text. It contains 90196 root forms and 317477 inflected forms distributed in these
catcgorics: pronoun. preposition. determiner., conjunction, adverb, noun. adjective. and
verb. This dictionary, which may be seen as a general-purpose complement of DIPETT s
lexicon, is accessed by the lexical analyzer (see 3.3.3) during parsing or tagging (sce
3.3.5).

The second dictionary, WordNet [Miller er al. 90]. will probably be used by DIPETT
in order to extract simple, domain-independent semantic categorics to be associated with
nouns — see 5.2. Currently, it is accessible through DIPETT's main menu for
consultation purposes only. WordNet 1s an on-linc lexical database “whose design is
inspired by current psycholinguistic theorics of human lexical memory. English nouns,
verbs, and adjectives are organized into synonym sets, cach representing onc underlying
lexical concept. Different relations link the synonym scts.™ ([Miller et al. 90: p.235]).

As a final remark, we note that both The Collins and the WordNet dictionarics arc
kept in secondary storage and are accessed with appropriate routines on an as-nc¢eded
basis from within DIPETT.

3.3.3 The Scanner and the Lexical Analyzer

These modules performs two fundamenzal pre-parsing tasks: scanning and lexical
processing of the input string, which includes basic morphological processing. Firsi, the
scanner is responsible for reading the input string, usually a sentence to be parsed, and
constructing a list of tokens, i.e. words, non-alphabetic items, and ‘groupings” (“idioms™).
The scanner correctly handles strings in which there are numbers, small and capital
letters!9, contractions (e.g. can't), abbreviations, dashes, and punctuation marks. As
mentioned in 3.3.2.1, the scanner also detects potential ‘groupings’ and checks with the

19 Although at present it does not attach any special information to proper nouns, for example.
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user whether a replacement may be desirable. An example of this appears in the example
log below.

Second, lexical analysis is done on the list of tokens (obtained from the scanner) in
order to construct a list of words (in their root form) using syntactic information found in
DIPETT s lexicon. Many words have rcgularly inflected forms. In order to process these
forms in a general and simple way, and to avoid repeating almost identical entries, we
perform morphological analysis which converts tokens in the original iist into their root
forms. so that their associated entries can be accessed in the lexicon. For example, plural
nouns are transformed into their corresponding singular (root) forms and regular verbs are
transformed into their infinitive (root) forms. Of course, the information regarding the
original form of a word (c.g. that it was originally written in its plural form) is kept for
further syntactic processing.

Currently, the lexical analyzer does not perform any kind of {pre-parsing) lexical
disambiguation. It simply collects all the potential parts of speech associated with every
word (root) on input, according to DIPETT s lexicon (or The Collins dictionary if the
word could not be found in that lexicon), and forwards this information to the parser. The
latter then has to find a valid analysis (i.e. parse). Lexically ambiguous words can be said
to be disambiguated once a resulting parse tree is obtained, an idea that is exploited in
[Feng et al. 94].

If the input2® happens to contain unknown words (i.e. those for which DIPETT s
lexicon does not contain at least one entry?2!), the lexical analyzer allows the user to
dynamically augment the lexicon by selecting or supplying the appropriate information,
after having consulted The Collins, if necessary — see [Asker et al. 92] for an automatic
lexical acquisition method based on EBL. These additions are temporary. They are lost at
the end of the session?2, However, they are automatically saved in a file so that the user
can easily add them to DIPETT s permanent dictionary after the session if desired.
Alternatively, the user could collect these new entries in a separate file and load them
when necessary.

20 1nput strings are referred to as units by the parser. They usually are sentences but can also be fragments
(sece 3.4.49).

2l Currently, the parser cannot handle the situation in which there is only one entry which happens to be
wrong.

22 Session means “parsing session”, Currently, it is not a session with the whole TANKA system although
it will be so in the future.
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As the following exumple log of a session illustrates. the user can also skip the
unknown word, or reenter it (¢.g. if it has been mistyped). or simply abort the session if
desired. In the following excerpt. the symbol “{ ... }" simply means that a portion of the
actual session log has been cut out. This allows us to focus on the main point without
having to go through a lengthy listing. This will apply to all logs presented in the
remainder of this document. As before, the actual log is in the Courier typeface and
comments were added in the Times typeface, in bold. and enclosed in braces.

What do you wish to do [0 @ 9, or e]l? 1
Enter sentence: Tom asked Beth even if he didn’t like her behavior.
IDIOMS FILTERING:
at least one potential idiom was found in this new input ...
"tom asked beth even if he did not like her behavior . "
> IDIOM: replace [even,if] with *even_if* {4,conj) [y/NI? ¥
{above: the scanner detected an ‘idiom”, starting at position #4 in the input string,
that can function as a conjunction (con3) according to DIPETT’s lexicon.}

{below: for this example, we asked DIPETT to show the scanner’s output. in which
‘cap’ means capitalized and ‘low’ means lower case. Notice that “even if”” is now
considered as a single token (‘even_if°).}

DEBUG (scanner) :
[word:tom/cap,word:asked/low,word:beth/cap,word:even_if/low,word:he/l
ow,word:did/low,word:not/low,word: like/low,word:her/low,word:behavior
/low,punctuation: . /end_of_sentence)

Unit #1: Tom asked Beth even if he didn't like her behavior .

*behavior" not in DIPETT's dictionary.
Abort, Skip, Re-enter, add to Dictiocnary [a/s/r/D]?

{below: the user is prompted for completing the information on this new lexical
entry. To facilitate the user’s task, the on-line Collins dictionary is consulted and
the associated information is shown to the user.}
** Temporary addition
(but all info. is saved in file zzz.DIPETT-dict_add.pl) **
Identify category (part of speech) of "behavior" ;
>> Checking with KIMMO-COLLINS dictionary ...
>> Consulting Collins: do you wish to see the raw entry [y/N]I? vy
>> Collins suggests: behavior behaviour N sg
{PofsS abbrevs: As/djective, Adv/erb, N/oun, V/erb, Pron/oun,
Conj/unction, D/eterminer, Prep/osition}
Do you wish to see the list of other abbreviations [y/N]?
»>> Here is the list of candidate entries extracted from Collins:
dict{behavior, countnoun,sqg,_20003) (1) ;
please select one of these parts of speech;
enter a number between 1 and 1: 1
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{above: The Collins entry is automatically converted into a DIPETT-compatible
lexical entry. This simplifies the user’s task: all he has to do then is select the
appropriate part of speech. However, if for some reason he is not entirely satisfied
with the system’s suggestions, he may use the “manual mode” (below) which will
allow him to construct a more appropriate lexical entry.}

++ You may switch to MANUAL MODE
if you are not satisfied with your choice ([y/N]
++ Enter another part of speech
for "behavior" (independ. of current input) [y/N}?

{below: for this example, we asked DIPETT to show the lexical analyzer’s output
— this is useful essentially for debugging purposes.}

DEBUG (lexicalyser}:

[det (word: tom/cap, [d{propernoun,sg3,_7014}]),dct (word:asked/low, [d{v/
tr_intr,_7091,ask/perf),d(v/tr_intr,_ 7115,ash/past)]},dct(word:beth/c
ap, [d(propernoun,sg3, _7206)1),dct (word:even_if/low, [d(conj,_7283,_728
4))),.det (word:he/low, [d(pers_pron,sg3,_7362)1}),dct (word:did/low, [d(au
x/do,pl,.past),dlaux/do, sg,past) ,dlaux/dc,sg3,past) ,d(v/tr_intr,_7439,
do/past}]),det {(word:not/low, [d(adv,_7622,_7623),d{special_function_wo
rd,_7604,_7605)1},dct{word:1like/low, [d(adv_particle,_7706,_7707),d(co
nj,_7748,_7749) ,d{prep,_7766,_7767),d(v/tr,_7724,like/pres), ,d(v/tr,_7
724, like/inf),d{v/er,_7724,1like/imp)]) ,det (word:her/low, [d(deter, 790
7.def) ,d(pers_pron,sg,_7890)1),dct{word:behavior/low, [d(countnoun, sg,
_8110)]),dct{punctuation: . /end_of_sentence, [])]

lexical analysis (cpu time) : 0.217 second(s).

First parse for input sentence:

{ ...}

As we can see, the file in which dictionary additions have been copied is explicitly
identified for the user’s convenience. In the above example, the file zzz.DIPETT-
dict_add.pi has the following contents after the addition of the new entry *behavior’:

% z22.DIPETT-dict_add.pl [date&time: 11/6/93 14:11:00]

:- multifile dict/4, idiom/4.
:~ dynamic dict/4, idiom/4.

/* countnoun */ dict (behavior,countnoun, sg,_8110).

% # of new words [(entries): 1

This Prolog-rcadable file can now be used to update the permanent dictionary, if
necessary.

3.3.4 The Syntactic Module
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The reader should not be misled by the brevity of this subsection which appears to
contrast with its relative importance within this thesis: the syntactic module’s description
is in fact disseminated in parts of sections 3.2 and 3.3 and, most of all, in section 3.4,
Appendix B, and section 5.3. The appendix is obviously the most complete and precise
definition of DIPETT s grammar: it presents the two main Prolog files that constitute the
grammar (see Appendices B.1 and B.2). followed by a simpliticd Prolog description of
these two files (sce Appendix B.3).

3.3.4.1 Encoding English Grammar with Rules

The syntactic module is the central part of DIPETT. It cncapsulates the system’s
knowledge about the syntax of English, expressed mostly as DCG rules. In terms of
Prolog components, the syntactic module is organized into four scparate parts: the DCG
rules for the sentence- and verb phrase-related constituents, the DCG ruics for the noun
phrase-related constituents, the tense table which contains legal combinations of a verb’s
features (including its potential modals and auxiliaries), and the DCG rules for the
question-related constituents.

Here is an example of a (simplified) rule packet taken from DIPETT's grammar. It
deals with noun phrase post-modifiers and says, essentially, that such a modifier can
occur (in the syntax) as a relative clause (rel_clause), as an appositive, as a restricted kind
of comparison, or as a non-empty prepositional phrase. Other DCG rules define cach of
these non-terminals elsewhere in the grammar — sce appendix B.

np_postmodif (_, rel,NpRel, X, Num)
-=> rel_clause{NpRel, X, Num).

np_postmodif (POS, app,... X, Num)
--> appositive(POS,X,Num).

np_postmodif(_,rc,_..X,_)
--» restricted_comparison(X).

np_postmodif{_,pp,..X._}
--> required_prepphrases(X,_}.

4.2 Definite Claus rammars and Qther ic Grammar Formalisms

For several reasons, we find DCG rules ([Percira & Warren 80]) convenient for
writing NL. grammars:
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» they allow us to implement the required degree of compositionality (see 1.3.2.2)
naturally and cfficiently:

» they have a straightforward interpretation:

« they arc similar to phrasc structure rules, which have been used cxtensively in
linguistics; and

= they are ncatly embedded in Prolog. the language chosen for TANKA.

Other logic grammar formalisms have been proposed in the literature?. For the most
part, they introduce additions to DCG rules. Some of them were designed specifically for
thc writing of NL parsers in order to handle certain linguistic phenomena more easily
than with DCG rules alone. Three typical logic grammar formalisms are Extraposition
Grammars (XGs), Modifier Structure Grammars (MSGs), and Discontinuous Grammars
(DGs). These formalisms can be said to extend the capabilities of DCG rules in terms of
linguistic expressiveness, but it should be noted that they are not computationally more
powerful: the DCG grammar formalism is capable of describing type-0 languages. We
now bricfly present these three formalisms?4.

XGs ([Pereira 81]) were introduced in order to deal more conveniently with left
cxtraposition (or rclativization). It occurs when a constituent has been moved from
another position in the sentence, for instance in a relative clause. In addition to DCG
rules, XGs accept rules that have the form

NonTerminal ... Trace --> RHS
which says that NonTerminal can be expanded to RES on the condition that Trace is
given an empty realization later in the parse. Trace is put on the extraposition list, the
mechanism used by XGs to deal with extraposition, conceptually equivalent to the ATN
“hold™ list ([Woods 70)).

We now show fragments of a simple XG of sentences that deals with relative clauses
introduced by a relative pronoun. The last rule (which is not context-free) says that 2
relative pronoun (in a relative clause) is analyzed as a marker, which is followed by an
unspecified number of constituents (“...”), which are followed by a trace. For instance, in
“The mouse that the cat chased squeaks™, ‘that’ is the relative pronoun, which is analyzed
as the relative marker. The trace stands for the extraposed noun phrase “The mouse™ and

23 Fora general introduction to logic grammars, see [Abramson & Dahl 89].

24 There are many others. For instance. Modular Logic Grammars ((McCord 85]), Restrictions Grammars
([Hirschman & Puder 82]). and Contextual Discontinuous Grammars ([Saint-Dizier 88]).
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will be positioned between “chased” and “squeaks’. i.c. “The mouse relative marker
the cat chased trace squeaks™.

sentence --» noun_phrase, verb_phrase.
noun_phrase --> determiner, noun, relative_clause.
noun_prhrase --> trace.

relative_clause --> [].

relative_clause --> relative _marker, sentence.
relative_marker ... trace --> relative_pronon.

MSGs ([Dahl & McCord 83)), proposed for the treatment of coordination and other
constructions in NL, constitute an extension of XGs. First. MSGs automate the process of
building an analysis structure (parse tree) by making it implicit in the grammar. In XGs
(and in DCG). the only way to build these structures in to augment non-terminals with
appropriate arguments. Second, MSGs accept rules of the form

NonTerminalA:SemanticItem --> NonTerminalB

where NonTerminald --> NonTerminalB is an XG rulc and SemanticItem is i term of
the form Operator-LogicalForm, which plays a role in the scmantic interpretation of a
phrase analyzed by application of the rule ([Dahl & McCord 83: p.72]). As with analysis
structures, the treatment of several major types of coordination (and quantificr scoping) is
implicit in MSGs rules through the use of coordination demons. “The interpreter has a
general facility for treating certain words as “demons” (cf. Winograd {1972]), which
trigger a backing up in the parse history that will help reconstruct cllisions and recognize
the meaning of the coordinated sentence” ([Abramson & Dahl 89: p.92]).

DGs ([Dahl 89]) represent another generalization of XGs. DGs can deal with left and
right extraposition, coordination, and can even be used to describe certain free-word-
order phenomena. As stated in [Abramson & Dahl 89: p.143]: “They arc basically
metamorphosis grammars with the added flexibility that unidentified strings of
constituents can be referred to (usually through a pseudo-symbol skip (X), where X
stands for the skipped substring), to be repositioned, copied, or deleted at any position.
They do not need to obey, as do XG’s, any nesting constraints.” — on metamorphosis
grammars, the first type of logic grammars, se¢ [Colmerauer 78].

Here are fragments of a simple DG of sentences, taken from [Abramson & Dahl 89:
pp.145-6], which handle coordination with an elided object. The last rule clides an

80



3.3: The Architecture and Components of DIPETT

expected object followed by a “skip™ (i.. a string of constituents of unknown length to be
repositioned), which is copied unanalyzed, to be parsed later in its new location. This rule
also reconstructs the clided object’s internal representation (P) via unification with the
object in the sccond sentence. For instance, the input string “Mary saw and John heard the
train™ will be analyzed as:

and( saw( mary, the( X, train(X))). heard( john, the{ X, train(X}))).

sentence (and{S1,52)) =--> sent(Sl), and, sent(S2).

sent(S) --> name(K), verb(K.P,S), object(P}.

object(P) =~-> determiner(X,Pl,P), noun{X,P1i).

object (P}, and, skip(G)}, object(P) --> [and], skip(G), object(P).

Despite some obvious advantages of the above formalisms over DCG, the author of
this thesis evaluated that the net gain in the expressiveness of DIPETT’s grammar would
probably be small, and decided to use DCG. First, most of these other formalisms were
designed to construct the semantic structure concurrently to its syntactic structure, during
the analysis of the input string. Since our goal was to design a parser that would output
syntactic trees, the use of such other formalisms would not exploit all their capabilities.

Sccond., the author remains unconvinced about the overall efficiency of several non-
DCG formalisms, for the parsing of real texts. It is quite surprising that not a single
comparative study of these formalisms has ever been published. For example, one could
proposc a non-trivial subset of 2 NL described as a context-free grammar. This subset
would next be translated into each of the formalisms under consideration — several
referees could be involved in order to make sure that every translation efficiently exploits
cach formalism's expressiveness. Then, an experiment would consist of submitting a
corpus (of real text) to cach parser and collecting the results. In that situation, we would
be looking for the parse trees (or graphs) as well as for the timing resuits in order to
cstablish the foundation of a valid comparison.

To sum up, we see DCG as a very high-level programming language that is well
adapted to our task of encoding a particular NL grammar, within the context of TANKA.

3.3.4.3 The Grammar’s Maj n-terminals

81



Chapter 3. Parsing with a Domain-Independent. Broad Coverage of English

We now show the main non-terminals of the grammar by listing the major syntactic
types recognized by the syntactic module. These types refer to syntactic units of English.
Here, our goal is to discuss the surface-syntactic coverage of the parser from a linguistic
perspective: we wish to avoid muddling the presentation with implementation-related
aspects.

The list of non-terminals also illustrates the fact that we have striven for a natural
approach to parsing in which grammar rules are, as much as possible, descriptively close
to those that people learn when they study a language with a view to acquiring it.

« Syntactic Units Related to Noun Phrase and Prepositional Phrase

Adjective phrase.

Appendage?5: a constituent attached to the right of a noun phrase (NP): a
prepositional phrase, an apposition, a relative clause, a past participle phrasc, or a
gerundial clause.

Apposition: a noun group as a nonrestrictive qualifier.

Classifier: nouns preceding the head noun of a NP, that classify the head noun.

Determiner sequence.

Gerundial clause.

Infinitive clause.

Nominal clause, functionally equivalent to a NP, ¢.g. report-, infinitive- and gerundial
clause.

Noun phrase (simple and conjoined).

Post-classifier; number following the head noun of a NP (e.g. “page !127).

Post-determiner: group that follows the determiner.

Pre-determiner: group that precedes the determiner.

“Prepositional phrase (simple and conjoined).

Relative clause. -

Report clause. |

« Syntactic Units Related to Verb Phrase

Adverb group.

25 A rather eclectic unit. Its introduction was dictated by technical considerations.
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Adverbial clause: onc type of sentence modifier (e.g. “After the food came, we ate
)

Compiecte sentence (including sentence modifiers and conjoined elements).

Question.

Sentence modifier (¢.g. adverbial clause, prepositional phrase. infinitive clause).

Secntence.

Verb phrasc (simple and conjoined).

3.3.4.4 The Influence of irk et al. 85] on the Resulting Grammar

As we discussed in section 3.2.2, [Quirk et al. 85] (or simply QUIRK in this
subsection) was used as the main reference for English grammar. DIPETT's grammar, i.e.
its DCG rules as well as its non-terminals, can thus be said to reflect our view and
understanding of the central elements of English grammar as presented in QUIRK. Even
the Prolog implementation (Appendix B) contains numerous explicit references to
QUIRK.

In this subsection, we wish to indicate more precisely what elements of QUIRK have
been most influcntial on the resulting grammar. We here list the chapter numbers and
titles, in QUIRK, for the lexical and syntactic aspects of DIPETT s grammar.

» for lexical aspects:
chapter 2 (A Survey of English grammar™),
chapter 3 (“Verbs and auxiliaries™),
chapter 5 (*Nouns and determiners™),
chapter 6 (“Pronouns and numerals™).
chapter 7 (“Adjectivés and adverbs™),
chapter 8 (“The semantics and grammar of adverbials™),
chapter 9 (“Prepositions and prepositional phrases™),
chapter 13 (“Coordination™).

« for syntactic aspects: (chapter titles not duplicated)
chapter 3,
chapter 5,
chapter 7
chapter 8,
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chapter 11 (“Sentence fypes and discourse functions™.

chapter 13,

chapter 14 (“The complex sentence™).

chapter 15 (“Syntactic and semantic functions of subordinate clauses™,
chapter 16 (“Complementation of verbs and adjectives™.

chapter 17 (“The noun phrase™).

chapter 18 (“Theme, focus, and information processing™).

Appendix III (“Punctuation™).

The methodology used by the author for the KA task which consisted of extracting
meaningful grammatical knowledge elements from QUIRK consisted of five basic
phases:

- read a specific section or chapter in QUIRK with cmphasis on clements that have an
impact on (English) syntax; '

« for syntactic elements not already covered by DIPETT's grammar and which seem
necessary in order to parse realistic technical texts, formulate candidate additions to
the parser using a simplified DCG notation;

- analyze the current state of the parser’s implementation and decide how to best
integrate the proposed additions, this time, expressed as legal DCG rules:

* test the resulting “new” parser, first with example input strings given in QUIRK. then
with other similar examples;

* re-test the parser for rules that were part of the grammar before the latest additions in
order to make sure that the resulting “new™ parser is still behaving consistently.

3.3.5 Subsidiary Components
In this subsection, we describe DIPETT s non-standard mechanisms that contribute 1o

making it a useful parsing environment. In order, we describe the parser’s memorizer and
helper, then its trace mechanism and, finally, its tagger.

3.3,5.1 The Memorizing Device and the Helper Mechanism

These features are presented together because they both depend on the same notes
stored during analysis. The goal of the memorizer is to minimize the reparsing of
syntactic substructures parsed earlier, which are next reconsidered due to a later failure.
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The goul of the helper is to help the user identify why a given input has been rejected.
Both features may be activated at the beginning of a parsing session.

3.3.5.1.1 Notes

Notes are assertions which record essential syntactic information about weli-formed
substrings. We only memorize the major building blocks of an English sentence: noun
phrascs, verb phrases, prepositional phrases. The corresponding DCG rules contain a
Prolog assertion invoked if the user had activated thc memorizer or the helper. We store
the substring, its type and its syntactic structure produced by the parser. This resembles
the well-formed substring table used in bottom-up and chart parsing, but we do not
include the substring’s length and position in the sentence, as happens ir r=Lular parsing
[Percira & Shicber 87] — another name for such a structure is a passive chart (se¢
3.23.2).

3.3.5.1.2 The Memorizer

" The parser usually reconsiders substrings it has already parsed as part of a larger
-y
. substring rcjccted for some reason (e.g. the parser may have selected a wrong rule for the

“*. input it is trying to parse). To minimize this redundancy, the memorizer allows the parser

1o clicck the state of its memory (via notes) whenever it has to parse 2 major syntactic
substructure. If the candidate substring has been noted, it need not be reparsed. The notes
" are indexed on the first two parameters: the substring and its type.

An cxperiment was conducted 1o test the memorizer’s efficiency and the results
showed that, on average, it tends to speed up parsing. The parser was run on a set of 600
test sentences twice— see section 3.6 for details on this set. First, with the memorizer
(and the helper) deactivated: this is the ‘without” option. Second, with the memorizer (and
the helper) activated: this is the ‘with” option. We then compared the results of the
*without™ parsing with the results of the *with” parsing.

Of the 600 sentences, 140 (23.3%) caused DIPETT s grammar to “redundantely” re-
parse major syntactic units, i.e. NPs, PPs, and VPs. This can be observed by looking at
the memorizer's results (see the example below): these 140 input strings had at least one
major syntactic unit fetched during parsing, instead of re-parsing it. Some had up to
several hundreds. Of these 140, 120 (85.7%) were parsed faster in the ‘with’ test than in
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the “without” test. The remaining 20 (14.3%) were parsed slower in the “with” test than in
the “without” test.

Among the 85.7% that were parsed faster, the average gain was 21.5%, with a
standard deviation of 14.1. In comparison. among the 14.3% that were parsed slower. the
average loss was 29.8%. with a standard deviation of 31.2. The combined average of
those parsed faster with thosc parsed slower was a gain of 4 1%, with a standard
deviation of 25.1. Finally. it is worth noting that in all other 460 mput strings (600 - 140),
the parsing time was cssentially the same for the “without” and the “with® tests.

Here is an cxample illustrating the type of results the memorizer returns for an input
that causes it to reparse major syntactic substructures:

Unit #9: You can find more information in the dictionary manual , but
right now we're going to produce a report
Process this unit (Y/n), try another Version, or Exit [Y/n/v/el?

lexical analysis (cpu time) : 0.267 second(s).
First parse for input sentence:

MEMORIZER results: # of units fetched (not re-parsed unnecessarily).

noun phrase(s) ’ : 32
prepositional phrasel(<) : 20
verb phrase(s) : 0

verbal clause(s) of type 1 : 0
verbal clause(s) of type 2 : 0
subordinate clause(s) : 5

parsing (cpu time) : 5.55 second(s).

parse_tree__decla_or_imper
compouncé_sentence
structure
head_main_clause
declarcetive
statement
subj
encity

The memorizer's results are also useful for indicating to what extent an input is
ambiguous relative to DIPETT’s grammar: the more it is ambiguous, the more the
memorizer's numbers will go high. For instance: if we remove the prepositional phrase
“in the dictionary manual” from the above input, we instcad get these results from the
memorizer:
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MEMORIZER results: # of units fetched (not re-parsed unnecessarily).
noun phrase{s)
prepositional phrase(s)
verb phrase(s) :
verbal clause(s) of type 1 :
verbal clause(s) of type 2 :
subordinate clause(s)

O OOQOMNWM

This cxample illustrates the impact of a given syntactic substructure on the parsing of the
string in which it appears. This information is useful for tuning the parser’s grammar.

33.5.1.3 The Helper

One of the hardest tasks in the construction of realistic, useful parsers is giving the
user meaningful information when an input is not parsable. We will later address the
problem of input strings that seem to engage the parser in an endless computation (in
section 3.4.2), but here we concentrate on input strings that are quickly rejected as not
conforming to the parser’s grammar.

The parser has a rudimentary helper mechanism that accesses notes in reverse
chronological order (notes form a stack). The user has two options: a list, potentially long,
of all successfully recognized major substrings, or a list of all major substrings that have
been effectively parsed al a certain time, just before rejecting the whole input for some
reason.

The sccond option, somewhat tricky, deserves a clarification. The processing involved
here is based on the assumption that the most recent note corresponds to the most
probable “almost parsed™ major substring26. Pattern matching between the original string
(input) and the most recent memorized major substrings is done right-to-left. This can
identify the problematic substring. The user may decide to resubmit a modified input.
Here is an example illustrating the potential utility of the helper’s second option: the
incorrect input was “The user wants to print an”.

26 Since rules are tried top-down, and sequentially within groups of rules for the same unit, the most recent
rule applied is no less informative than the previous ones. if any. That is because, in the worst case, this
rule was rejected as were the previous ones: in the best case. the rule was correct and the parser did not
have to try other rules. So, the previous rules tend to be less informative. To put it simply. if the helper
cannot find 2 note that covers a certain substring. this substring is unparsable. Clearly, this is not a formal
principle but. rather, a simple heuristic.
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MOST PROBABLE “ALMOST PARSED” SYNTACTIC ELEMENTS:
TOKENS: [the,user,wants,to,print,an}

vp

[wants, to,print]

{ ...}

np_equiv

ithe, user]

{ «.. 1}

WORDS NOT PARSED: [an]

{ ...}

In fact, such input rejection includes two different phenomena. There are truly
ungrammatical input strings, i.c. strings that are “bad™ English according to a native
speaker’s knowledge of the language (or some standard grammar such as [Quirk er al.
85]). Examples of ungrammatical input strings arc “He has two office™ (lack of number
agreement) and “Theater to went John the™ (incomprehensible word ordering). There also
are extra-grammatical input strings, 2 much more difficult issuc. The input could be
perfectly acceptable to a native speaker but nevertheless rejected because the parser’s
grammar did not have a rule that covered it. This problem has no casy solution. For a
thorough discussion, see [Carbonell & Hayes 83], [Jensen et al. 83], [Kwasny 80]. and
[Mellish 89].

3.3.5.2 The Trace Mechanism

Another difficulty in implementing complex parsers is testing and {inc-tuning. In
Prolog, the implementer can try debugging facilitics which, however, arc cumbersome for
logic grammars. It is often only interesting to know what rulc is being examined by the
parser, for which part of the input string, and what has been successfully recognized.

To satisfy these requirements, we have implemented our own trace mechanism. We
insert a trace instruction (activated by a flag) in all principal rules — cssentially those
related to noun phrases, verb phrases, and prepositional phrases: sce what the menu offers
in Appendix A (“DIPETT’s Driver and Usecr Interface™). The system allows the user to
activate traces and control the trace mechanism. Here is a simple example in which we
trace ‘sentence’, ‘nounphrase’, and ‘verbphrase’ (and ‘cither_or__np’ which is
automatically activated by ‘nounphrase’).

Unit #3: What you need is information .
Process this unit (Y¥/n), try another Version, or Exit [¥/n/v/e]?
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lexical analysis {(cpu time) : 0.033 second({s).
First parse for input sentence:

.. trying sentence [what.you,need,is,information,.]
... trying verbphrase [you,need,is,information,.]
... trying either_or___np [you,need,is,information, .]
... trying nounphrase [you,need,is,information,.]

. trying verbphrase [need,is,information,.]
... trying either_or_np [is,information,.]
... trying nounphrase [is,information,.]

... trying verbphrase [is,information,.]
... trying either_or__np [information,.]
... trying nounphrase [information,.]

{ ...}
3.2.5.3 The Tagger

The tagger's main function is to associate with every input token its list of potential
parts of speech, according to DIPETT’s lexicon or The Collins dictionary. We must
cmphasize that this tagger is quite simple. In particular, it is not a disambiguating tagger,
i.c. it docs not attempt to associate a unique part of speech (i.e. the “right” one) with
cvery token. In that sense, it ha- nothing in common with more complex taggers which
rcly on statistical computations, frequencies data , and other corpora-collected sources of
information (c.g. [DeRose 88]).

Tokens that cannot be found in this lexicon are looked up in The Collins dictionary
and the accompanying information is kept for subsequent updating of DIPETT’s lexicon,
if necessary. As shown in section Appendix A (“DIPETT’s Driver and User Interface™),
the tagger can be activated either in batch or on-line and its results can be conveniently
saved in a file for further processing. The tagger is built on top of DIPETT s scanner and,
more importantly, its lexical analyzer (see 3.3.3).

Onc interesting application of the tagger is the construction of lexicons. In particular,
when we want to analyze a new text (for which DIPETT's lexicon may be missing many
nouns, verbs, adjectives, and adverbs), the tagger helps us in collecting the missing
cntrics and their associated part of speech informaticn. The way the tagger’s results are
presented also helps us in minimizing lexical ambiguity2? by presenting the context (i.e.
the original string) in which the tokens occurred. In that way, we have the possibility of

-

27 For a knowledge-based approach to the problem of lexical disambiguation. see [McRoy 92].
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adding to the lexicon only the relevant (relative to this particular text) parts ol speech tor
these new entries.

We now present a simple example illustrating the tagger in action (all the “sent’
structures are saved in a Prolog readable file for further processing).

Unit #4: QUIZ turns the computer's data into information for you
Process this unit (Y¥/n), try another Version, or Exit [Y/n/v/e]?

sent (4, ' [quiz, turns, the, computer_s,data, into, information, for,you, .1"',
[taglquiz, [propernounl] ), tag(turns, [countnoun,v/tr_intr]}, tag{the, [det
er]},tagl{computer_s, [countnoun}), tag(data, [countnoun, massnouni), tag{i
nto, [adv_particle,prepl),tagi{information, [countnoun,massnoun] ), tag(to
r, [adv_particle,conj,prepl),tagiyou, [pers_pron]},tag(.,[1}]).

lexical analysis (cpu time) : 0.1 second(s}.

Unit #5: the new disk .

Process this unit (¥/n), try another Version, or Exit [Y/n/v/el?
*disk" not in DIPETT's dictionary.

Abort, Skip, Re-enter, add to Dictionary [a/s/r/D]?
% NEW WORD ... According to COLLINS: disk disk N sg

sent (5, ' [the,new,disk, .]1', [tagithe, [deter] ), taginew, [adjl ), tag(..[])]
}.

lexical analysis (cpu time) : 0.116 second(s).

A post-tagging filter has also been written?8 to alleviate the user’s task in processing the
tagger’s output file by getting rid of “noisy” cntries (c.g. closed class entries which are
already in DIPETT s lexicon). Also, when a word can fill more than onc part of speech,
this filter uses the information recorded in its associated DIPETT parse trec in order lo
distinguish among them (e.g. ‘pen’: noun or verb) — as mentioned above in 3.3.3, this is
one way to perform post-parsing lexical disambiguation.

28 Mainly by Terry Copeck.
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3.4 Syntactic Coverage: Difficult Issues
34.1 Structeral Ambiguity

The current version of DIPETT always produces the first (and only the first) parse
tree it can find. This does not mean that the first tree is always correct or the “best™ in
[Paquet 93], it was found that between 60% and 70% of DIPETT s (first) trees were
correct. In that sense, DIPETT is a noncommittal surface-syntactic parser ([Jacobs & Rau
93]). Based on a few simple attachment heuristics (and no semantics at all), the parser
finds the first rcasonable parsc tree, according to its grammar. For the well-known
problem of prepositional phrase (PP) attachment, for example, DIPETT s heuristics say
that “if a PP cannot be attached with confidence to a preceding noun (e.g. an of-PP), then
attach it to the preceding verb™2%. It is particularly important for Case-based semantic
analysis that we minimize the number of PPs that may get incorrectly hidden in an
cmbedded structure and thus be overlooked during the Case marker identification phase
of HAIKU — more details in chapter 4. In other words, in case of doubt, they had better
be attached to the verb than to the noun.

Despite such heuristics and however good they may be, misattachments caused by
structural ambiguity are bound to occur — on the problem of attachment in parsing, see
2.1.4.2. Without a rich semantic model of the text to analyze, there is no way by which
we can guarantee that DIPETT will always produce the best analysis. And even with such
a model, some input strings are truly ambiguous (e.g. “She repaired the computer with the
mouse™): only context or human intervention can help resolve the ambiguity. In order to
cope with this problem in a rcalistic fashion, we are currently designing a post-parsing
processor which will allow the user to easily revise DIPETT’s parse trees and correct
misattachments when necessary — see section 5.1. This will help to ensure that the trees
submitted to HAIKU for semantic analysis are (almost certainly) structurally correct.

It is worth noting that some researchers even question whether it makes good sense to
always attempt to strive for a “perfect” parse tree (i.e. with no misattachments). Here is 2
quote from [Jacobs 92b: p.316}: “Yet phrase attachment does not always contribute very

o] - v e .. -

29 More precisely. DIPETT s PP-attachment heuristics can be defined as Minimal Attachment (i.e. 2
constituent tends to attach to an existing nonterminal using the fewest additional nodes) unless there is a
clue for Right Association (i.c. a constituent tends to attach to another constituent immediately to its
right).
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much to the results of text analvsis, particularly in data extraction. Even worse, an
otherwise inconsequential attachment decision can actually interfere with getting the
correct semantic interpretation. ... The result ts that a typical parser spends more time
deliberating where to attach phrases whose attachment doesn’t help semantic
interpretation than it does on phrases whose attachment does maiter, and parsing is
fundamentaily misdirected.”. We must say that DIPETT is guilty. to a certain degree, of
that weakness. For certain types of ambiguity, DIPETT spends too much time figuring
out where to attach certain constituents.

3.4.2 Time Constraints for Problematic Input Strings

When we discussed unparsable input strings and DIPETT"s helper (section 3.3.5.1.3),
we implicitly assumed the parser would give feedback in a reasonable time.
Unfortunately, this cannot be guarantced. Sooncer or later, a problematic input will be
submitted and the parser will be engaged in an excessively lengthy (cven if finite)
computation. Our experience shows that such problematic input strings are typically
extra-grammatical or highly ambiguous (relative to DIPETT's grammar): in thesc
situations, the parser is forced to explore a huge scarch space.

We must handle such extreme situations since our KA methodology requires finding a
sensible parse tree for any input, as much as possible. We have decided to consider time
constraints; in other words, the parser may be timed out30. This subjeclive constraint is
specified by the user at the beginning of a parsing session: sce the cxample log in
Appendix A (“DIPETT’s Driver and User Interface”). It is simply an upper bound which
represents the maximum period of time the parser will be allowed to spend on any input
string. If it reaches that limit before finding a parse, it will abandon (full) parsing and, if
the fragmentary parser is activated (see 3.4.4), ask the user whether it should attempt to
parse the input as a series of fragments3!, or simply abort processing of this particular
string — for a different approach to parsing timing-out, scc [Strzalkowski 92].

Following is an example of the ‘CPU time limit’ constraint mechanism in action with
a preset limit of 15 seconds. In this example, the limit is reached both for full parsing and

fragmentary parsing.

30 This mechanism was motivated cssentially by practical considerations. For a cognitive-scicnce
approach to text comprehension in which time plays, by design, a determining role, see [Corriveau 91].
31 Fragmentary parsing is subject to the same CPU time limit in order to avoid falling into the same trap.
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Unit #7: Thus , when you tell QUIZ to report , say , a pheone number .,
the dictionary " tells " QUIZ that this item is numeric , how many
numbers it contains , and how to format it

Process this unit (¥/n), try another Version, or Exit [¥/n/v/el]?

loxical analysis (cpu time) : 0.25 second(s}.
First parse for input sentence:

PARSING STOPPED for the following reason:
CPU TIME LIMIT EXCEEDED in ... verb_clause2 ;

> the current CPU time limit is: 15.0 second(s}.
At that moment, the inmut string was:
[.,a,phone.number.,,the.dictionary.‘,tells,'.quiz.that.this,item.is.n
umeric, , ,how,many,numbers, it, contains]

** Sorry dear usexy, UNABLE TO PARSE THE INPUT **

MEMORIZER results: # of units fetched (not re-parsed unnecessarily).

noun phrase(s) : 22
prepositional phrase(s} : 0
verb phrase(s) : 1

verbal clause(s) of type 1 : O
wverbal clause{s) of type 2 : 98
subordinate clause(s) : 8

*»+ Reparse as a series of fragments [n/Y]?

PARSING STOPPED for the following reason:
CPU TIME LIMIT EXCEEDED in ... conj_np :

> the current CPU time limit is: 15.0 second(s).
At that moment, the input string was:
Inumeric,,,how,many,numbers.it,contains,.,and.how.to,format.it,.]
parsing {cpu time) : 30.05 second(s).

Error during parsing: end of analysis.

{ ...}

From a practical point of view, the combination of the CPU time limit and the batch
parsing mode is very profitable. Since our KA methocology has no inflexible
requirements as far as parsing time is concermned32, we have found this combination to be
quitc handy, especially for the processing of large volumes of text. Typically, one
launches the parsing of a large body of text in batch, overnight, after having set a specific
CPU time limit, then comes back the next morning with all the results saved in a file
waiting to be further analyzed or processed with the semantic analyzer.

32 This does not mean that we do not care about the parser’s performance, much to the contrary. But
simply that for KA purposes. the question of whether DIPETT can parse any input in a few msec or not
becomes secondary.
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The timing out mechanism is nevertheless not infallible. i is implemented with a
CPU time counter and a group of “check spots™ in all the major DCG rules of DIPETT s
grammar. The function of these check spots is simply to compare the current total of CPU
time spent so far with the preset limit: when the limit is reached. parsing is stopped. It is
thus possible, although quite rare in practice, that a certain input leads the parser on a path
in which the next check spot will not be reached before the preset limit. but only soon
afterwards. In section 3.6, we will return to the issuc of how the allotted CPU time aftects
the parser’s performance.

3.4.3 Parsing Conjoined Structures

As discussed in section 2.1.4.3, the parsing of conjoincd constituents is a very
difficult problem in practical parsing. A general and cfficient solution remains to be
found. We present conjoined structures recognized by DIPETT and explain how some of
them are processed. In particular, we focus on conjoined clauses and verb phrases, the
most difficult situations.

343.1 Conjoin s Handled by DIP

We list below the types of conjoined structures handled by the parser. The number of
conjoined itzms is unbounded, i.c. the grammar does not imposc any upper bound on the
number of conjoined items. In what follows, we provide examples for every situation,

full (main) clauses:
multiple coordination (e.g. “The battery may be disconnected, the conncction may
be loose, or the bulb may be faulty™), correlative coordination (c.g. “Not only did
Sam destroy his first document but he also destroyed all the subscquent ones™),
and simple coordination (e.g. “David could not us¢ his car yesterday because the
new battery he had bought was dead™).

verb phrases: _
e.g. “Lucy typed in her letter, printed it on the laser printer, and sent it to her
mother”. (DIPETT’s parse tree explicitly represents the implied subject, *Lucy’ in
the example here, of the second and following clauses.)

noun phrases and nominal clauses:
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regular conjunction with *and’ and ‘or” (e.g. “They accidentally deleted their
system file, their new applications, and all their backup files™) . plus the “cither-
or’ and ‘ncither-nor” bipartite constructions (¢.g. “James hopes either to win the
tournament or to finish in second place™).

prepositional phrases:
same as for noun phrases and nominal clauscs: e.g. “She sent an application form
to the ACME company and to the EMCA corporation™; ¢.g. “Bob will go neither
to the meeting nor to Madonna's party™.

modifiers and subordinate clauses:
Modificrs of verb phrases and sentences can be joined by conjunctions ‘and’, ‘or’
(c.g. “From my perspective and from yours, we surprisingly came to the very
same conclusion™)33, or form a sequence without conjunctions (e.g. **Amazingly.
all of a sudden, they decided to launch the operation right away, without further
delay™).

adjectives:
The adjectives that precede the head noun of a noun phrase, possibly separated by
noun classifiers (in nominal compounds), can be optionally joined by commas and
conjunctions ‘and’ and ‘or’ (e.g. “We went to a long and boring presentation™).
They can also form a sequence without conjunctions (e.g. “You now have the
uscful, new computer data file™).

adverbs:
same as for adjectives above (e.g. “They proudly and patiently defended their

title™).

verbs:
same as for adjectives above (e.g. “Frank washed and dried the dishes™).

3.43.2 v ing Heuristics

33 DIPETT does not analyze the *yours' ellipsis though.
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When DIPETT is presented with an input string. it must first decide which top-level
rules it should attempt to apply and in which order. Ideally. we would like to see the
parser apply the rules in an optimal order that would minimize parsing time by first
selecting the most prorising rules. There are three major top-level rules for declarative
statements in the grammar:

1) *mult_coor’: deals with multiple coordinated sentences:

2) ‘compound’: deals with compound sentences. i.c. corrclative and simple
coordination;

3) *non_compound’: simple and complex sentences, i.c. a single main clause with
zero or more subordinate clauses.

A naive strategy would simply apply all three top-level rules in a pre-determined and
immutable order — and hope for the best34. We experimented with this strategy and
found it quite inefficient. Because of the important number of situations dealing with
conjunctions that the parser accepts (see 3.4.3.1), considerable time was wasicd in
juggeling with rules doomed to fail right from the beginning. For example, there is no need
to tentatively apply the ‘mult_coor’ and ‘compound’ rules when the input string contains
only one verb. In order to deal with this problem, we devised a heuristic-based, top-level
rule selection mechanism that we now describe.

3.4.3.2.1 Top-Level Rule Selection

The heuristic is based on three parameters, all of which arc obtained after lexical
analysis (i.e. before parsing): the number of potential33 verbs in the input string, the
presence (or absence) of potential coordinators in the input string, and the “verbal
density” which, roughly speaking, indicates how potential verbs arc distributed in the
input string. This third parameter deserves further discussion as it is computed by a pre-
parsing processor.

Inter-verbal intervals (substrings) are collected in order to evaluate the density of
verbs in the current input string. An interval, noted ‘int’ here, is a substring located
between two verbs. It is represented as ‘int (POS_A, POS_B, Substring, Flag)' wherc

34 It is the author's experience that real-life texts have a definite propensity to bring out the worst, not the
best!

35 potential is used in the sense of *candidate’ for multi-part-of-speech tokens which can function as verbs:
only parsing will tell us if they were in fact analyzed as such.
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POS_A and POS_B mark the relative position (begin/end) of the substring in the current
input string. The sccond parameter, “Substring’. contains all the substring’s tokens. ‘Flag’
is a boolcan which takes the velue ‘true’ if all tokens in the substring (interval) arc
amongst the following tokens: [‘and’, “or’, “but’, *.’, "not’]. In this situation. verbs arc
said to have a high density, which is typical of input strings containing conjoined verbs
(c.g. We saved and deleted our files many times before™). We will say that such an
interval is dense. Otherwise, ‘Flag” is set to *false’. We note that the computation takes
into account the number of auxiliarics, but it is first-class verbs, i.c. those that cannot
function as auxiliarics, that most influence the result.

Two special cases arc the “pre_int” and the ‘post_int’: the first goes from the very
beginning of the input string to the first verb, and the second goes from the last verb to
the end of the input string. Thus, for an input containing N potential verbs, we have the
following situation:

[pre_int] Verb#1 [mi#1] Verb#2 [int#2] ... Verb#N [post_int].

For example, the input “Beth and Ruth went to the mall this morning and they bought
several new things for the house™ has the following interval-based segmentation: [pre_int:
“Beth and Ruth™], Verb#1: *went’, [int#1: “to the mall this morning and they”], Verb#2:
*bought’, and [post_int: “scveral new things for the house™].

Let us now look at the algorithmic description of the top-level rule selection
mechanism which bases its result on the analysis of the string’s features we have just
discussed. To simplify the presentation, we omit the word ‘potential” and refer to “verbal
intervals™ simply as intervals.

IF the input contains 0 verbs,

THEN fail;
(i.. no necd to apply any of the ‘mult_coor’, ‘compound’, and ‘non_compound’
rules. If the input is a verbless fragment, it will be recognized by some other rule.)

ELSE, IF the input contains 0 sentential coordinators or only one verb,
THEN apply the ‘non_compound’ rule only;
(i.c. the input is cither a simple or a complex sentence.)

ELSE, IF the input contains more than 2 verbs, and it contains correlative sentence
coordinators, and all intervals (‘int’) have a ‘false’ boolean value, and the second
coordinator is located in one of the middle intervals,

THEN first apply the ‘compound’ rule, followed by the ‘non_compound’ rule if the

first fails:
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(i.c. the computation returns two candidate rules to be applied in a precise order.)

ELSE. IF the input contains more than 2 verbs, and it contains at least one sentential
coordinator. and this coordinator is located in one of the middle intervals,
THEN

IF all intervals are dense (i.e. have a “truc” Flag boolean valuc),
THEN first apply the ‘non_compound” ruie, followed by the “compound’ rule if
the first fails:

ELSE. IF not all intervals are dense and not all intervals have a subject.
THEN first apply the ‘compound” rule. followed by the *non_compound” rule if
the first fails;

ELSE. IF all intervals have a subject.
THEN first apply the ‘mult_coord™ rule, followed by the “‘compound” rule if the
first fails, followed by the ‘non_compound’ rule if the second fails:

ELSE, IF all intervals are dense,

THEN apply the ‘non_compound’ rule only: if it fails and if there is at lcast oue
sentential coordinator and if it is located in a middle interval then apply next the
‘compound’ rule;

ELSE, IF not all intervals are densc, and there is at lcast onc potential sentential
coordinator and if it is located in a middle interval,
THEN apply the ‘compound’ rule only:

ELSE, apply the ‘non_compound’ rule.
3.4.3.2.2 Parsing Coordinated Clauses with Look-Ahead

Conjoined sertences and conjoined verb phrases arc usually most expensive to parse.
We have devised two look-ahead mechanisms to improve this. The mechanisms simply
check the lexical categories of tokens ahead of the parser’s current position in the input
string. This information is used by the parser (during parsing) to identify potential
joining-points for conjoined sentences, and to avoid applying rules that cannot succeed.

When the rule for coordinated main clauses, simple or corrclative, is invoked (i.c. the
‘compound’ rule in 3.4.3.2.1), the parser checks whether the input contains potential
conjoined verb phrases. One look-ahead mechanism sceks a conjunction in a place that
would separate the input into two sentences. Another look-ahead mechanism checks
whether each of two parts contains at least one potential verb. If not, the joining-point
suggested by the first look-ahead is reject=d and another is sought. If nonc is found, the
parser’s attempt to recognize the input as conjoined sentences fails. If the second look-
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ahead mechanism finds a potential verb in each part, then and only then does the parser
actually attempt to parsc conjoined sentences.

The parser also handles 2 phenomenon specific to conjoined verb phrases: implicit
subjects and complements. (Arguably, this also happens in conjoined sentences, but its
surface-syntactic manifestation is that of conjoined verb phrases.) In a typical situation,
illustrated by the input “I have printed and read my messages™., the parser must recognize
threc facts: the (implicit) subject of the second verb phrase is ‘I'; the (implicit)
complement of the first verb phrase is ‘my messages': the verb sequence of the second
verb phrasc is *have read” (with the auxiliary of the first verb phrase). Scoping of neg-
ation and adverbs in conjoined verbs is handled. too. For example “John did not accident-
ally print and read my personal messages™ is analyzed as “[[John] [[did not accidentally
print] and [did not accidentally read]] [my personal messages]]”. DIPETT handles all that
and rcpresents the missing constituents explicitly in the parse tree.

3.4.4 Parsing Fragments

3.4.4.1 Fragments as Natwrally Qccurring Text Objects

The ultimate goal of the TANKA system is the processing of free-form technical
texts. One of the assumptions about our source texts is that all non-textual elements have
been removed. In our domain, typical non-textual elements are tables or examples (e.g.
data, programs, results)36. When such elements are deleted, they leave behind “holes™.
Most holes arc located between sentences and do not affect the structure of the text. Some
holes, however, cause fragments to appear in the text. Fragments are valid input strings
that represent substructures of English sentences. Most fragments are “almost complete”
scntences or verb phrases. Others are noun phrases, which also appear in enumerations, or
prepositional phrases.

Here are several examples taken from the QUIZ text. The part of the original text that
remains after the removal of non-textual elements has been underlined.

1) Eor cxample, > SORT ON DATEJOINED D.

36 See [Delisle e al. 91] and [Matwin & Szpakowicz 92] for a machine-learning approach to the
representation and acquisition of knowledge from textual examples in technical text.
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2) To find out which items in vour files arg kevs, simply access the file and ask QUIZ
to show vou the items in it, as in

> ACCESS EMPLOYEES

> SHOW ITEMS

3) For instance, if part of vour input is
>SORT...
> HEADING ...
then QUIZ prints the report-sroup ... .

4) SET REPORT COPIES 2 allows vou to specify the numberof .. |

Since our semantic analysis is based on Cases, only fragments with verbs, e, “almost
complete™ sentences and verb phrases, scem to be of interest to KA. In our domain, the
most frequent non-textual clements are QUIZ code and printed reports. The holes they
leave usually play the role of noun phrases. One strategy that was investigated was to lill
the hole with a dummy noun phrase marker which indicates to the parser that normally
there should be a legal noun phrase at this location. The input becomes parsable after this
substitution. The net effect is to discard the conceptually weak fragments (without verbs)
and rehabilitate those that seem conceptually meaningful.

But the situation with these apparently weak fragments is in fact more complicated
than this. In particular, if we manage to construct a powerful re-attachment facility (as
mentioned in 3.4.1), some verbless fragments might be “discardable™ or “re-attachable™
(for example, to a valid verb phrase), by the user. In that sensc, they may not be as
problematic or useless as we have just said.

3.4.4.2 Parsing an Input as a Series of Fragments

Fragments are also important for other practical considerations. As we saw in 2.1.4.5.,
the notion of “fragmentary”, “partial”, or “segmentation” parsing has recently become
relatively important in NLP. Most of the time, the reason is that full parsing may get too
costly, especially in terms of time, for certain types of “rcal™ input strings, i.c. texts that
have not been simplified or edited before processing, as in TANKA.

In DIPETT, fragmentary parsing is used essentially as a “fallback™ or “last resort™
parsing strategy, especially in combination with the CPU time limit discussed in 3.4.2.
The main argument behind this is the following: if the parser cannot find a complete
analysis for a given input, either because it could not do so in a certain allotted time or
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hecause the input is simply extra-grammatical. then a fragmentary analysis is still better
than no analysis at all. This is also perfectly justifiable from a KA perspective: acquiring
fragments of knowledge is better than no acquisition at all (although it could be
complicated for “tricky™ fragments).

More precisely, fragmentary parsing in DIPETT is parsing an input as a scries of
(concatenated) major substructures (substrings). Here is how the core of DIPETT s
fragmentary parser is defined:

last_resort_parsing{parse_tree_ _frag_series{FRAGS, Tag))
--> frag_series(FRAGS), terminal (Tag}.

frag_series([Frag_H|Frag_R]) _
--> frag_element (Frag_H), frag_series(Frag_R).
frag_series([]} -=> {!}.

frag_element {sentence_fragment (FE))
--> sentence_core _s(FE).
{above: a fragment may be a simple sentence, NounPhrase + VerbPhrase. In that
case, the original string was probably a complicated sentence.}

frag_element (sentence_£fragment (FE))
- verbphrase(Z._,_.gil.[].FE,nil).
{above: a fragment may be a simple verb phrase.}

frag_element (FE)
--» sentence_frag(FE).
{above: a fragment may be ore of these ‘sentence_frag’ (defined elsewhere in the
grammar): a noun phrase, a prepositional phrase, an adjectival phrase, or an
adverbial phrase.}

frag_element(_)
--> terminal(_). {, faill. N
{above: a terminal punctuation mark cannot be parsed as a valid fragment.}

frag_element (skipped_token{ST})
~=> [dec(_:ST/_,_)1.
{above: at this point, tke first token of the current list of input tokens is simply
skipped and fragmentary parsing continues with the remaining list of tokens.}

We now provide an example of fragmentary parsing in action, with a preset CPU time
limit of 5 scconds. As can be observed, the fragmentary parser lists useful information on
the analysis: the CPU time required, the number of fragments, the number of tokens that
had to be skipped. and the percentage of the input string recognized. In the following
example, the input was analyzed as a series of these five substructures: a prepositional
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phrase (*pp’). a simple sentence (“statcment’), an adjective (Tattrs’), a nominal clause
(*nominal_clause™), and an adverb (“advs").

Unit #2: In the next few pages you can learn how to ask the right
questions even if you've never used a computer before .
Process this unit (Y¥/n), try another Version, or Exit [Y/n/v/ej?

lexical analysis (cpu time) : 0.35 second(s).
First parse for input sentence:

PARSING STOPPED for the following reason:
CPU TIME LIMIT EXCEEDED in ... verb_clausel :
> the current CPU time limit is: 5.0 second(s).
At that moment, the input string was:
[ask, the,right,questions, even, if, you, have,never, used, a, computer, befor
e,.]

** Sorry dear user, UNABLE TO PARSE THE INPUT **

MEMORIZER results: # of units fetched (not re-parsed unnecessarily).
noun phrase{s)
prepositional phrase(s)
verb phrase(s)
verbal clause(s) of type 1
verbal clause(s) of type 2
subordinate clause(s)

v e
O OoOMmOoON

[T

** Reparse as a series of fragments [n/Y]?
fragmentary parsing {cpu time} : 0.4 second(s).
** Number of fragments = 5
*v Number of tokens not parsed : 0
** % of input string recognized : 100.0%

parsing (cpu time) : 5.75 secend(s).

parse_tree_ frag_series
sentence_fragment
PP in
{ ... 1}
sentence_f{ragment
statement
{ ... 1}
sentence_fragment
attrs
{ ...}
sentence_fragment
nominal_clause
{ ...}
sentence_fragment
advs
{ ... 1
end_of_input period

One final remark on fragmentary parsing. It is our expericnce that this strategy almost
always parses any input quite rapidly, i.c. at most a few scconds. But the parser cannot
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guarantee that this will always be the case. There are two reasons for this. First, the CPU
time limit could be set to such a small value that even fragmentary parsing would not
have time to do much. Second. despite the fact that fragmentary parsing is less
constraining for the parser, there is still the possibility that it deceives the timing
mechanism. And the cxplanation for this is simple: the fragmentary parser attempts to
recognize the longest possible substrings first, thus the possibility of falling into a trap is
still present, although in practice rather small.
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3.5 Simple Anaphora Resolution for Pronouns: the Pronoun Explicitizer

Another aspect of TP we discussed in section 2.1.4.4, on discourse processing, is the
resolution of anaphora. What matters most for our KA needs in the context of TANKA is
the resolution of the major simple types of anaphora. Otherwise, if such references to
discourse entities remain unresolved (i.c. non-explicit), then semantic analysis will
produce elements containing conceptual unknowns that, in the end. will be integrated in
the KB, thus representing holes in the acquired domain model.

Because of the approach used in the rest of the system, and because solving anaphora
seems essentially as demanding as solving the NLU problem itsclt37, we again opted for
an interactive semi-automatic approach to the resolution of pronoun anaphora®® in
DIPETT. Pronoun resolution is performed between parsing and semantic analysis by a
separate processor which operates on parse trees. In fact, the purposc of this processor is
not so much anaphora resolution as finding non-pronominal counterparts (i.c. referents™)
of pronouns.

The main cases that we decided to handle are the following ones: personal pronouns
(including the generic ‘I, ‘you’, and ‘we’), the ‘it’ pronoun (including the ecmpty ‘it’),
and the ‘one’ pronoun (including the generic casc)30. The strategy we usc is that of
“explicitization™. Our goal is to resolve pronoun anaphora by replacing their occurrences
in the parse tree by the entity to which they refer, thus making explicit the intended
discourse entity. When such an explicitization operation occurs, the updated parse tree
records the information that the new entity was obtained via this process. This may be
useful for further semantic processing.

Further details are provided below where we show a commented log of the pronoun
“explicitizer” in action for the input “Bob copied a file and he didn’t know what it
contained”.

37 This is. in 2 nutshell, one of the main results of Hobbs™ pioneering work on this topic (sce [Hobbs 78]).

38 More precisely. the explicitization process described here works for both cases of endophora: anaphora
(i.e. backward reference) as well as for a restricted case of cataphora (i.c. forward reference). For the
first, the referent may be found in the current or the previous input. For the second, the referent may be
found only in the current input. ;

39 See [Merlo 93] which proposes an algorithm for the incremental computation of possible and
impossible intrasentential coreferents.

40 Relative pronoun resolution and verb phrase ellipsis resolution have a lot in common with the resolution
of these pronouns: see , respectively, [Cardie 92a, 92b) and {Hardt 92a, 92b}.
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Unit #1: Bob copied a file and he didn't know what it contained .
lexical analysis {cpu time) : 0.117 second(s).
First parse for input sentence:

{ ... 1}
parsing (cpu time) : 0.233 second(s).

parse_tree__decla_or_imper
compound_sentence
structure

{ ... 1}
HAIKU: initiating Case-based semantic analysis ...

Proceed with “pronoun explicitization* [n/Y]?
ANAPHORA "EXPLICITIZATION" PRE-PROCESSOR ...

{below: ‘ENTITIES’ are explicit entities already introduced in the current
discourse, normally viz noun phrases, whose scope covers the current input and
the previous one. They represent the list of potential referents?! for the
‘PRONOUNS’ that must be “explicitized”.}

ENTITIES IN CURRENT PARSE TREE (OR CLAUSE):
[entity{proper_noun{bob}, number (sgl),
tokens{ [bobl)),
entity(determinatives(deter{a)), head_noun(noun{file}},number(sg3),
tokens([a,filel))]
PRONOUNS IN CURRENT PARSE TREE (OR CLAUSE):
[entity(ref (pers_pron(he)),number{sg3),
tokens{[hel)),
entity({ref{pron(it)) ,number(sg3},
tokens{[it]l))]

Prying to f£ind a referent for:
entity(ref (pers_pron(he)),number(sg3},
tokens ( (hel})
List of candidate entities in this input:
entity{proper_noun(bob),number(sgi},
tokens{[bobl)} (1) ;
entity(determinatives(deter{a)),head_noun(noun(file)),number {sg3),
tokens ([a,£file]}) (2) :

{below: by selecting “1’, the user tells the explicitizer that ‘he’ refers to ‘Bob’.}

if appropriate, please select one of these referents;
enter a number between 1 and 2 (or O if none is appropriate): 1

41 At present, referents are filtered through the simple test of number agreement with that of the pronoun:
the referents that pass this test are called “potential referents™. When a conceptual ontology will be
applicable to nouns (see 5.2). a more discriminating filtering will then be possible. In the current
example. this would avoid the situation in which the system proposes "a file’ as the potential referent for
the pronoun “he'. We also note that gender information associated with pronouns in The Collins
dictionary could be used profitably in this situation.
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{below: the “new functor’ (in the resulting updated parse tree) keeps track of the
fact that this entity was obtained through pronoun explicitization.}

>> anaphora resolved: new functor is entity_pro

Trying to find a referent for:
enticy{ref(pron(itc)).number(sgl),
tokens{[itl)}
List of candidate entities in this input:
entity(proper_noun{bocb),number(sg3),
tokens([bob])} (1)
entity(determinatives{detex(a)),head_noun(noun(file}}, number(sg3},
tokens([a,file])) (2)

{ below: by selecting 2°, the user tells the explicitizer that ‘it’ refers to “a file™.}

if appropriate, please select one of these referents;
enter a number between 1 and 2 (or 0 if none is appropriate): 2

»>> anaphora resolved: new functor is entity_pro

UPDATED PARSE TREE(parse_tree__decla_or_imper (compound_sentence

Here is another example showing other aspects of the pronoun explicitizer with the
input “We agree that one cannot always win cvery battle™

Unit #2: We agree that one cannot always win every battle .
lexical analysis (cpu time} : 0.117 second(s).
First parse for input sentence:

{ ...}
parsing (cpu time} : 0.166 second(s).

parse_tree__decla_or_impexr
simple_sentence
structure

{ ...}
HATKU: initiating Case-based semantic analysis ...

Proceed with "pronoun explicitizatien® [n/Y]?
ANAPHORA "EXPLICITIZATION" PRE-PROCESSOR ...

ENTITIES IN CURRENT PARSE TREE (OR CLAUSE):
[entity (determinatives (deter (every) ), head_noun(noun(battle)}, number(s
g3).,
tokens ( [every,battle]))]
PRONOUNS IN CURRENT PARSE TREE (OR CLAUSE):
[entity(ref {pers_pron(we)},number(pl),
tokens{[wel) ]},
entity(ref (pron{cne}),number{sgl),
tokens([onel)}]
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Trying to find a referent for:
entity(ref (pers_pron(we)),number (pl}, tokens([wej))
> FOR THIS PRONOUN, SUGGESTING "generic®", OK [n/Y¥]? n

Trying to find a referent for:
entity(ref (pers_pron(we)),number(pl),tokens{[we])}
List of candidate entities in this input:

{]

{below: the user did not want to give a generic interpretation to the ‘we’ in this
input. Instead, he enters a new noun phrase which provides the valid referent for

this occurrence of ‘we’.}

Looking for the referent of:
entity{ref (pers_pron(we)),number(pl),tokens([wel))

Please, select one ¢f these possibilities:
{0) check entities in the previous parse tree;
{1) empty subject (e.g. "IT is warm today."}:
(2) generic (e.g. "ONE would think that ..."):
{3) associate the referent with a new NP;
(4) unknown or unable to determine referent.

Enter your choice [0/1/2/3/4]1: 3

> enter a simple NP {e.g. "the data files."): [the,authors,.]

lexical analysis (cpu time) : 0.033 second(s).
NP_parsing (cpu time) : 0.017 second(s).

entity(determinatives(deter(the)),head_noun(noun{author)},number(pl},
tokens ([the,authors]))

>> anaphora resolved: new functor is entity_pro_new NP

{below: however, for ‘one’, the generic. interpretation is selected.}
Trying to find a referent for:
entity(ref(pron(one)),number(sg3), tokens({onel})
> FOR. THIS PRONOUN, SUGGESTING "generic®, OK [n/Y¥]?
»>> anaphora resolved: new funstor is entity pro_generic

UPDATED PARSE TREE(parse_tree_ decla_or_imper(simple_sentence

{ ...}

Resolution of two other types of pronoun reference would also need to be accomplished:
deictics*2 (e.g. “these expenses”™) and definite references (“the children™). However, at the
time of writing. we have not decided yet if these references should be resolved within the

explicitizer or within the MNB.

42 To refer deictically means to refer in a pointing manner, ¢.g. “Pick that up and put it over there™ ([Hirst
81: p. 71
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3.6 Testing the Syntactic Coverage with Actual Texts: Results and
Discussion

It is all too common in the literature to find unsupported claims about broad-coverage
parsers or free-form text parsers. Often. it is not explicitly stated what is meant by “broad-
coverage™, or no serious testing was performed and the reader has no idea of the
percentage of the intended input that can in fact be successfully analyzed.

This section summarizes the serics of tests that have been performed on the DIPETT
parser, and the main observations we derived from these. We think the results support our
claim that DIPETT is indeed a broad-coverage parser of an important subsct of technical
English: at least, it should give the reader a good idea of what we understand by this
notion.

3.6.1 Tuning the Parser with Hand-made Input Strings

During the implementation and testing phases of DIPETT's grammar, ¢every DCG
rule was tested with specific test cases. For the whole grammar, a total of 600 test cascs
were assembled in a series of files: they range from 3-word to 26-word long (correct)
input strings. It goes without saying that all of them arc parsed successfully by DIPETT:
the parser finds at least one parse tree for all of them. For 90% of the test cases, the first
parse tree is the “best”™ tree (according to our knowledge of the language).

We outline the nature of these various test cases. Roughly speaking, the order is
bottom-up with increasing comglexity. It must be clear that thesc tests were prepared with
the objective of testing every rule in the parser but, obviously, not all possible
combinations. Each test case is described in terms of what syntactic clements it non-
exclusively emphasizes, in the input sentences it contains.

As these test cases are useful to re-test the parser after an update of the grammar —
and as such they represent a kind of maintenance documentation — we also include the
file names for every test case, enclosed in brackets. The goal here is to show what kinds
of tests have been performed on the DIPETT parser.
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Noun Phrase:

determinatives (pre-, central, post-) [test_np_a_1]:

noun types (common, proper, mass, substitutes) [test_np_a_2]:

adjective phrases, plus adverbs as adjectives [test_np_a_31;

noun pre-modificrs and post-modifiers [test_np_a_4]:

noun phrase core, including genitives, and its various equivalents [test_np_a_5]:
noun phrase postmodifiers and conjoined prepositional phrases [test_np_a_6];
conjoined noun phrases and, plus cither-or and neither-nor structures [test_np_a_71;

Nominal Clause:
various types of nominal clauses [test_np_b_1];
conjoincd nominal clauses, plus cither-or and neither-nor structures [test_np_b_2];

3.6.1.2 Test Cases for Verb Phrases and Sentences

declarative, plus Here+Be, There-exist, and imperative constructions [test_s_v_a_1];

verb sequences, plus all tenses and negation forms [test_s_v_a_2];

verb sequences, plus adverbs and conjoined verbs [test_s_v_a_31;

regular active and passive statements, plus statives [test_s_v_a_4];

various complements for actives, passives, and statives [test_s_v_a_5];

conjoined verb phrases, including elided modals or auxiliaries {test_s_v_a_6]:
subordinate clauses, for initial, medial, final positions [test_s_v_a_7];

special contextual markers and QUIZ examples [test_s_v_a_8];

coordinated clauses, including correlatives and muliti-coordinated [test_s_v_a_9];
sentences with (ending) tags [test_s_v_a_10];

various complex and ambiguous conjoined units [test_s_v_a_113:

3.6.1.3 Miscellancous

QUIZ code examples and various strings functioning as noun phrases [test_np_c_l];
various fragments [test_s_v_b_1];

title or caption as sentence equivalents and parenthetical units [test_s_v_c_1];

simple questions [test_g_a_l].

3.6.2 The QUIZ User Manual
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3.6.2.1 The Document

The QUIZ manual is the text on which we performed the most extensive and detailed
testing. The rcason is that it represented well the typical text we cnvisaged at the
commencement of the TANKA project, especially as a representative of the class of
(technical) expository texts on fourth generation software — see [Black ¢ al. 92] for
related work applied to the domain of computer manuals.

This manual is a guide to Cognos’ PowerHouse QUIZ report writer, & component ol a
fourth generation package. The 1986 version, of which we had an on-line copy. contains
seven chapters, which represent some 135 pages. plus three appendices. a glossary, and
an index. We have restricted ourselves to the testing and processing of the first six
chapters, i.e. the seventh and the three appendices simply contained too much QUIZ cade
or other non-textual material and, thus, were not appropriate for English parsing. The
resulting text contains 10863 words and an average of 14.2 words per scnlence.

We have submitted the full first six chapters to DIPETT in order to test and evaluate
its coverage and performance. Before we present the detailed statistics, we now provide a
brief summarization of these six chapters, with their respective title, number of pages. and
number of “units” (i.e. full sentences or fragments).

CHAPTER TITLE # pages # units
1 Simple QUIZ Reports 11 171
2 Creating More Complex Reports 7 100
3 Customizing Reports 14 162
4 Summaries and Planned Reports 11 11
5 Defined Items 11 111
6 Production Reports 13 112

To give the reader the flavour of this text, we conclude the presentation of the QUIZ
manual by showing an excerpt from chapter 1.

*In the next few pages you can learn how to ask the right questions cven if
you've never used a computer before. The key to the simplicity of QUIZ lics in its
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relationship with the data dictionary. In the dictionary, the application designer
sets down the basic rules and standards. In it are described the records you'll be
reading with QUIZ. (Elements are named and given features that QUIZ uses when
bullding your reports.)

Thus. when you tell QUIZ to report. say. a phone number, the dictionary “tells®
QUIZ that this item is numeric, how many numbers it contains. and how to format
it. The dictionary also contains the information QUIZ needs to provide you with

automatic page and column headings. and many other features.

You can find more information in the dictionary manual, but right now we're
going to producc a report. For the purpose of this sample report, let's say you work
for a company that has offices in five U.S. and Canadian citics. You need a list
that tells you who works in cach of those offices. their employee numbers, and the
date each joined the company. And you need it now.”

3.6.2.2 Results

As we mentioned above, we wanted to test DIPETT s coverage and performance
when faced with “real”™ texts. We also wanted to study the influence of parsing time on
the parser's performance. This explains why statistics were computed for five different
CPU time limits, i.c. 30, 60, 90, 120, and 300 seconds*3. For all input strings, DIPETT
first attempted to get a full analysis in the allotted time; if it failed to do so, it would then
attempt to find a fragmentary analysis (see 3.4.4.2), still with the same time limit.
Appendix C (“Parsing Statistics for the QUIZ Manual™) lists the statistics for each
chapter, then for the whole document. Observations and comments are reported in 3.6.4.

3.6.3 The T4043 Tax Guide

The 1990 Canadian T4043E Tax Guide is a supplementary document on child care
cxpenses, as a complement to the general Tax Guide. It has some 15 pages and contains
three chapters. We discarded the second chapter since it contains mostly boxed text
presented in a non-linear fashion with lots of visual pointers. The remaining text contains
305 units, totaling 5773 words and an average of 18.9 words per sentence (Vs 14.2 for the

43 These timings are for a SPARC-2 workstation. Roughly speaking, the equivalent for a SPARC-10 is
509 smaller.
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Chapter 3. Parsing with a Domain-Independent. Broad Coverage of English

QUIZ manual). As we did for the QUIZ manual. we here show a brief excerpt from the
first chapter.

“For purposes of child care expenses. an cligible child could be your child. or
your spouse’s child. or a child for whom you have claimed a persenal amount and
who was, at any time during the year undcr 14 years of age (born in 1976 or later),
or 14 or over (born before 1976). dependent on you or your spouse. and mentally
or physically infirm.

Note: The “personal amount” referred to in this Guide is the non-refundable tax
credit amount claimed for a dependent child. Refer to lines 304 and 305 in the
1990 General Tax Guide for more information on these non-refundable tax credits.

Who is a supporting person? A supporting person of an cligible child is the
child’s parent, your spouse. or any other person claiming a personal amount for
the cligible child. if the parent. spousc, or other person claiming the personal
amount, lived with you at any time in 1990, and at any timec within the first 60
days of 1991. If you married in 1980, your spousc becomes a supporting person
for all of 1990. If you separated in 1990, and did not reconcile by March 1. 1991,
your spouse is not a supporting person.

Example:

Miguel was a single parent with a 5-ycar-old son. He worked full time in 1990
and left his son at a day care center. Miguel is the “supporting person™. However,
in November 1990. Miguel married Rosa and they have lived together since then.
They both work. Miguel's income is higher than Rosa’s.”

For this text, we did not compute the same statistics as we did for the QUIZ manual,
except of course for the major ones which arc automatically provided by DIPETT. The
experiment consisted of running DIPETT both on the QUIZ manual and on the T4043
text with “extreme” CPU time limits of 5 minutes and 5 sccoﬁd.s‘“‘, and then comparing
the differences in coverage.

44 These are for 2 SPARC-10 workstation. Roughly speaking. they would translate into 10 minutes and 10
seconds, respectively, on a SPARC-2.

112
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Unlike the tests described in 3.6.2, which were all performed under user supervision,

the oncs here were performed using DIPETT s batch parsing mode (see 3.3.4). This

cxplains why the overall coverage appears slightly weaker here: when the parser

stumbled upon a ‘grouping’ (“idiom™), or an unknown word (the lexicon was missing a

few cntries), it could not get the expected assistance from the user. However, the impact

of this on the intcrpretation of the results is negligible: all the following results were

obtained vig this batch mode, under the same constraints and conditions.

Here are the results as produced by DIPETT. Comments follow in section 3.6.4.

5 MINUTES
THE T4043 TAX GUIDE

0- cpu time limit: 5.0 minute(s).
1- Total nb. of units processed: 305
2- Total nb. of units parsed as fragments: 131 (42.9508%)
3- Total nb. of units not parsed: 27 {(8.B5246%)
4- Total nb. of units skipped: 16 {5.2459%)
5- Total nb. of units fully parsed: 131 (42.9508%)
6- % of success. parses, full or frag. (excluding #4): 90.6574%
7- Total nb. of dictionary additions: 0
8~ Total cpu time (parsing & other tasks): 9.72691 hour(s).
9- Average cpu time per input processedﬁs: 1.91349 minute(s}.
0- cpu time limit: 5.0 minute(s}.
1- Total nb. of units processed: 767
2- Total nb. of units parsed as fragments: 334 (43.5463%)
3- Total nb. of units not parsed: 34 (4.43286%)
4~ Total nb. of units skipped: 34 (4.43286%)
5- Total nb. of units fully parsed: 365 {47.588%)
6- % of success. parses, full or frag. (excluding #4): 95.3615%
7- Total nb. of dictionary additions: 0
8- Total cpu time (parsing & other tasks): 18.266% hour(s).
9- Average cpu time per input processed: 1.42896 minute(s).

5 SECONDS

THE T4043 TAX GUIDE

0- cpu time limit: 5.0 second(s).
1- Total nb. of units processed: 305
2- Total nb. of units parsed as fragments: 122 (40.0%)
3- Total nb. of units not parsed: 69 (22.623%)
4- Total nb. of units skipped: 16 (5.2459%)
5- Total nb. of units fully parsed: 98 (32.1311%)
6- % of success. parses, full or frag. (excluding #4): 76.1246%
7- Total nb. of dictionary additions: 0
B- Total cpu time (parsing & othe' tasks): 27.0489 minute(s).
9- Average cpu time per input processed: 5.32109 second(s).
0- cpu time limit: 5.0 second(s).
1-

Total nb. of units processed: 767

45 “per input processed™ means “per individual input string submitted on input to DIPETT .

113



Chapter 3. Parsing with 2 Domain-Independent, Broad Coverage of English

2- Total nb. of units parsed as fragments: 3
3- Total nb. of units not parsed: 126 (16.42
4- Total nb. of units skipped: 34 (4.43286%)
5- Total nb. of units fully parsed: 299 (38.9831%}

6- % of success. parses, full or frag. {(excluding #4): 52.8104%
7- Total nb. of dictionary additions: 0

8- Total cpu time (parsing & other tasks): 56.1394 minute({s).
9- Average cpu time per input processed: 4.39161 secondi(s).

08 (40.1505%)
T6%)

3.6.4 Discussion

Sections 3.6.2 and 3.6.3 presented the results of extensive tests that have been

conducted on the DIPETT parser. We now draw the main conclusions from these results
and make several observations.

First, the salient points of the results listed in section 3.6.2 — timings here are for a
SPARC-2 workstation:

we observe a certain variance in the nature of the text, across chapters. 1f we
compare chapters 1 and 4 (for a CPU time limit of 5 minutes), for instance, we see
that chapter 1 is fully analyzed in a proportion of 53.2%. and fully or partially
analyzed in a proportion of 91.8%. Chapter 4 gets 46.8% and 100% for the same
items.

the biggest gain in terms of successful coverage, for full or fragmentary analysis
(see item (10) in the tables), is in the 30-60 seconds interval. After that, from 60 o
90, from 90 to 120, and from 120 to 300, the gains arc rather meagre. This
suggests that there is no point in setting a very high CPU time limit: if the parscr
cannot find an analysis, or reject the input, in 60 seconds or less, then chances are
it will not do much better even with a longer time limit.

full parsing of the manual ranges from 45% to 50%. Full or fragmentary goces
from 90% to 95%. Although full parsing is moderate, we think it compares very
well to other broad-coverage parsers described in the literatureS, especially if we

46 A recent comparative study of six large-coverage parsers of French reports success rates averaging 57%
for a hand-coded corpus that, in our opinion, has nothing in common with the difficultics DIPETT has to
handle in our texts — see details in T.A. Informations (Revue Internationale du Traitement Automatique
des Langues), 32(2), 1991. Also, [Black et al. 92] reports that in a recent effort to “gavge the state of the
art in parsing”™, they submitted a corpus of 35 sentences, averaging 13 words per senience, to four of the
major large-coverage parsers for general English. It was found that “the best-performing parser was
correct for 60% of the sentences and the remaining parsers were below 40%”. Their evaluation required
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3.6: Testing the Syntactic Coverage with Actual Texts

consider that we deal with real texts. When augmented with fragmentary parsing.
the parser covers up 1o 95% of the text, which translates into the possibility of
extracting more or less partial knowledge from essentially the whole text.

the fragmentary parser is quick and productive: when it is given an input. it finds a
fragmentary analysis 90% of the time under the allotted time limit and basically
ncver rejects an input as extra-grammatical. In another analysis of DIPETT s
fragmentary analyses for the QUIZ manual, it was found that the average number
of fragments is 3.92 (per unit) and the average percentage of the input string
recognized is 85.19% (per unit).

Sccond, the salient points of the results listed in section 3.6.3 — as above, timings are
for a SPARC-10 workstation (i.e. half of those for a SPARC-2):

no matter what the CPU time limit, the coverage of the QUIZ manual is better
than that of the Tax Guide. The difference, approximately 5%, is primarily for full
parses. This comes as no surprise when we compare the average number of words
per sentence: it is 30% higher for the Tax Guide. A close examination of the Tax
Guide also shows that this text is particularly “hostile” to automatic parsing as it
contains numerous enumerations as well as involved conjoined and embedded
structures.

a somewhat surprising result is the relatively good performance of DIPETT under
a severe constraint of only 5 seconds for its CPU time limit. The results show that,
for both texts, overall coverage (i.e. full or fragmentary) goes down about 13%.
The main decrease is for the fully analyzed units, which support 75% of that drop.
But still, for the QUIZ manual, the parser managed to fully analyze 39% of the
units and covered, either fully or by fragments, 83% of the units. This experiment
tends to confirm the observation we made above which says that there is no need
to sct a very generous CPU time limit. In that vein, we list below the results for

the three even more severe time constraints of 2, 1, and 0.5 seconds, for the QUIZ
manual only.

0- cpu time limit: 2.0 second(s).
1- Total nb. of units processed: 767

that the parses accurately delimit and identify the major constituents and assign roughly correct parts of
specch. i.c. they were not looking for “perfect™ parses.
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2- Total nb. of units parsed as fragments: 288 (37.5489%)
3- Total nb. of units not parsed: 175 (22.8162%)

4- Total nb. of units skipped: 34 (4.43286%)

S5- Total nb. of units fully parsed: 270 (35.2021%)

6- % of success. parses, full or frag. (excluding #4): 76.1255%
7- Total nb. of dictionary additions: 0

8- Total cpu time (parsing & other tasks): 30.8437 minute(s}.
§- Average cpu time per input processed: 2.41281 second(s}.

0- cpu time limit: 1.0 second(s).

1- Total nb. of units processed: 767

2- Total nb. of units parsed as fragments: 231 {30.1173%)

3- Total nb. of units not parsed: 252 (32.8553%)

4- Total nb. of units skipped: 34 (4.43286%)

5- Total nb. of units fully parsed: 250 (32.5945%)

6- % of success. parses, full or frag. {(excluding #4): 65.6207%
7- Total nb. of dictionary additions: 0

8- Total cpu time (parsing & other tasks): 19.8497 minute(s).
9- Average cpu time per input processed: 1.55278 secondl(s).

D- cpu time limit: 0.5 second(s).

1- Total nb. of units processed: 767

2- Total nb. of units parsed as fragments: 140 (18.2529%)

3- Total nb. of units not parsed: 378 (49.2829%)

4- Total nb. of units skipped: 34 (4.43286%)

5~ Total nb. of units fully parsed: 215 (28.0313%)

6- % of success. parses, full or frag. (excluding #4}: 48.4311%
7- Total nb. of dictionary additions: 0

8- Total cpu time (parsing & other tasks): 12.3487 minute(s).
9- Average cpu time per input processed: 0.965999 second(s).

In our opinion, rigorous testing of DIPETT shows that it is indeed a large-coverage
parser of (a significant subset of) technical English, as long as we are concerned with
obtaining a first reasonable, not necessarily perfect, full or fragmentary analysis of its
input. Assuming that post-parsing processes will take care of potential inadequacices in the
resulting parse trees (see 5.1), with the user’s assistance when appropriate, we claim that
DIPETT assumes very well its role in the context of a semi-automatic approach to
knowledge acquisition from texts.

This said, extensive testing also revealed a number of areas in which the grammar was
weak: punctuation (especially commas), complicated combinations of simple
substructures, certain types of conjoined structures, enumerations, certain types of
complement, etc. We recently compiied a list of explanatory analyses on the QUIZ
manual units that were rejected in order to identify the main limitations ([Paquet 93]).
This will guide us in future updates of DIPETT's grammar, especially in focusing on the
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improvements that could be most beneficial to the parser’s coverage and performance.
We will get back to this in section 5.3.

For instance, one of the major obscrvations of [Paquet 93] was DIPETT s inability to
deal correctly with singular noun phrases containing an empty determiner. Thus, the
parser would reject “He went to school™ simply because it expected a determiner in front
of *school’. In a recent experiment, we updated DIPETT's grammar in order to handle
this phcnomenon and reparsed the entire QUIZ manual. We obtained a significant
incrcase of 5% for full analyses.

A general trend that seems to prevail is that DIPETT s grammar is 1dealistic: it is
particularly good at parsing text that is written in accordance with Quirk et al.’s
definitions and recommendations of well-formedness. However, when the input is extra-
grammatical, relative to such an ideal grammar, the parser becomes rather slow and often
rejects input strings for unimportant reasons (e.g. a misplaced comma).
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4. HAIKU: ACQUIRING CASE PATTERNS VIA INTERACTIVE SEMANTIC
ANALYSIS

The preceding chapter presented the elements and features of the DIPETT parser. The
present chapter describes the details of the HAIKU semantic processor which is
considered as a separate. post-parsing module!. Together, the DIPETT and HAIKU
modules make up the heart of TANKA's TP subsystem — HAIKU is sometimes called
the Conceptual Analyzer® in this chapter. Earlicr descriptions of the semantic analyzer’s
design can be found in [Copeck ez al. 90, 92). [Detisle 91]. and [Delisle ez al. 92). Before
we get inside of HAIKU, we first provide a brief overview of Case Theory?, the linguistic
theory behind the semantic module.

In this thesis, our approach to semantic analysis can be looked at as a variant of
Fillmore’s Case Theory as described in [Fillmore 68]4. Our proposal is made in the
context of KA: it can be characterized as Case-based text understanding for KA, based on
full syntactic analysisS. Basically, Case Theory views the clausc® as the most important
syntactic element in the sentence and focuses on the verb within the clause. Cascs cxpress

1 Semantic analysis is performed after syntactic analysis. This “pipeline™ model differs from others based
on incremental approaches to semantic interpretation in which meaning is computcd on a word-by-word
basis, as the sentence is “read” from left to right -— for instance, see [Haddock 89).

2 The Conceptual Analyzer described here has not much in common with those developed at the Yale Al
Project during the 1975-1980 period (see {Schank & Riesbeck 81} and {Riesbeck 83]). They difler
mainly in the following ways: i) we perform conceptual analysis after full syntactic analysis whereas they
perform conceptual analysis using semantic and limited syntactic knowledge in parallel, i) we base our
semantics on Case grammars whereas they base theirs on Conceptual Dependencies ([Schank 75]). iti) we
perform syntax-based parsing whereas they perform expectation-based parsing (or one of its derivatives,
such as script-driven parsing, interest-driven parsing, goal-driven parsing [Riesbeck 821), and iv) we do
not rely on significant a priori knowledge to perform conceptual analysis whereas they rely on
tremendous amounts of a priori knowledge (mostly semantic but also pragmatic to a certain cxtent)
which is hidden in Conceptual Dependency representations.

3 As already mentioned in a footnote of chapter 1, *Case’ denotes markers for conceptual relations.

4 It is interesting to note that aithough {Filimore 68] is always cited as the first description of Fillmorc's
Case Theory, his theory originates in an earlier paper, i.c. [Fillmore 66). Also, in his 1966 paper, Fillmore
cites [Tesnidre 59] as his “source of inspiration™. This simply mcans that the modern school of Case
Theory, of which Fillmore is the originator, is rooted in Valency theory, of which Tesnitre is the
originator. For further details, see [Somers 87].

5 See [Grishman & Sterling 90] for another approach to information extraction from texts based on full
syntactic analysis. They described an application which creates a data base from US Navy messages
describing naval encounters.

6 Clause is used here in the standard linguistic sense, i.c. a group of words containing a subject and a finite
verb, forming a sentence or part of a sentence.
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the meanings of the other major syntactic constituents’ in the clause in terms of their
relationships with the verb — they are often considered as “arguments™ of the verb. Each
of these relationships is a Case, i.c. a semantic role, and cach Case is unique® in the

clause.

Cascs in sentences are denoted by Case markers. Cases are semantic abstractions and
Case markers are their lexico-syntactic materializations. Casc markers are realized in two
different ways: lexically (c.g. a preposition that introduces a prepositional phrase), and
positionally? (i.c. subject or ‘psubj’, direct object or “pobj’. indirect object or *piobj’).
For instance, in the following sentence, taken from Fillmore™s well-known 1968 paper,
we have:

John opened the door with the key.

Here, the noun phrase “John” denotes the (positional) Agent Case, the noun phrase ‘the
door’ denotes the (positional) Object Case, and the prepositional phrase ‘with the key’
denotes the (lexical, introduced by ‘with’) Instrument Case. In Fillmore's early analysis,
according to [Winograd 83: p.317], the Agent is the instigator of an event, the Object is
the entity that moves or changes or whose position or existence is in consideration, and
the Instrument is the stimulus or immediate physical cause of an event.

7 Tradiiionally. Case Theory focuses on semantic roles (Cases) that noun phrases play with verbs. In order
to handle complex sentences, noun equivalents and nominal clauses of any sorts can be the object of
Cases.

8 Except. maybe, for locations. However, it could be argued that repeated locations are in fact the
materialization of a fragmented. complex location Case.

9 Strictly speaking, because of DIPETT s functional nature, these “positional™ constituents are not merely
surface positional. We refer to them as such to distinguish them from Cases introduced by lexical
markers (¢.g. prepositional phrases).



Chapter 4. Acquiring Case Patterns via Interactive Semantic Analysis

4.1 HAIKU as Part of a Text Processing System

The knowledge-processing part of TANKA assists the user in building a conceptual
model of the domain. Concepts derived from linguistic structures arc added to a growing
conceptual network that represents knowledge about the domain. The linguistic
processing in TANKA begins with surface-syntactic analysis (performed by DIPETT),
followed by Case-based semantic analysis (performed by HAIKU) that results in a Case
pattern of a sentence. The result of these steps is a semantic representation of the
sentence. The semantic representation is further transformed into a small self-contained
semantic network, and matched against an ever-growing nctwork representing the
system’s current understanding of the text.

In what follows, we present the design of HAIKU and the details related to its current
implementation. HAIKU’s analysis is centred around the predicate-argument structure of
sentences, denoted by Case markers and the associated Case fillers. In the rest of the
chapter, we discuss the algorithms and the data structures that underlic the interactive
process, guided by the system but supervised by the user.

We now show a partial, actual log (in Courier typeface) of HAIKU in action. It
illustrates the simple user interface dialogue and gives an idea of the highest level
algorithms involved. As in chapter 3, explanations were added in Times typeface, bold,
and enclosed in braces. As well, the original log was slightly rcorganized to improve the
presentation. Subsequent details on HAIKU should be casier to follow after having gone
through the following commented log. Some details, e.g. CP and CMP, will be provided
later.

Unit #1: Bob printed a QUIZ data file on the new printer from his
office .

lexical analysis (cpu time) : 0.1 second(s}.
First parse for input sentence:

{ ... 1}

{below: first, the input string is parsed by DIPETT.}
parsing {cpu time) : 7.85 second(s).
parse_tree__decla_or_imper

simple_sentence
structure

single_main_clause
declarative
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{ ...}
{below: then, HAIKU proceeds with semantic analysis.}

HAIKU: initiating Case-based semantic analysis ...

UPDATED PARSE TREE(
parse_tree_ decla_or_imper(simple_sentence(structure(single_main_clau
se{declarative{*statementl*)}},
tokens ( [bob, printed,a,quiz,data, file, on, the, new,printer, from, hiz, offi
cel)),
end_of_input{period) )}
{above: every ‘statement’ (main clause) in the parse tree produced by DIPETT is
replaced by a starred symbolic identifier which will be further developed below.
This shows how the initial input is decomposed for semantic analysis: the process
operates on individual clauses.}

LOGICAL CLAUSAL STRUCTURE
top_structure
[*statementl™]
{above: the top-level logical structure shows how the clauses are hierarchically
organized and inter-connected via conjunctions. In this example, the input is a
simple stand-alone clause.}

SYMBOLIC A-LISTS
coordinators
clauses
[*statementl™*,
statement {(subj (entity(proper_noun{bob) ,number (sg3),tokens{[bobl})).pr
edicate(regular (verb(print, tense([past_simple]),neg(yes),trans(tx_
intr})),voicelactive),complement {svoo_svoc_svoa( [entity(determinat
ives({deter(a)),head_noun{noun(file,noun_modifiers(pre_modif({conj_n
oun_pre_mod{implicit_and, [quiz,data}))))),number(sg3), tokens([a,qu
iz,data,filel)), [conj_pps(implicit_and, [ppion,entity(determinative
s(deter (the)),attributes([attrs{adj(new,pos) ), tokens([newl}]}, head
_noun {noun (printer)) ,number (sg) , tokens{ [the,new,printer]}), tokens|
{on, the, new,printerl])),p_asyndetic_conj_ppipp(from,entity(determin
atives (deter (his})),head_noun{noun{office)),number(sg3},tokens([his
,office]l )}, tokens([from, his,office]})) 1), tokens{ [on, the,new,printe
r, from,his,office]l}}1)}), tokens([printed,a,quiz,data,file,on,the,n
ew,printer, from, his,office])}]
{above: detailed structure of the only main clause found in the input string. The
‘SYMBOLIC A-LISTS’ structure is a2 simple (association) list which associates
every starred symbol with the sub-structure it stands for (i.e. replaces) in the
previous output structures above.}

INPUT
STRING ( [bob,printed,a,quiz,data, file, on, the,new,printer, from, his, offi
ce,.])

{above: the current input string.}

HAIKU: Case Analysis of current input's clauses ...

{below: decomposition of the current clause into its main functional constituents,
i.e. subject, verb (main activity), complement, and modifiers.}

CURRENT CLAUSE: *statementl®*
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CURRENT SUBJ
subj {entity(proper_noun(bob}, number (sg3), tokens( [bobl)))

CURRENT VERB : print

CURRENT COMPL

complement {svoo_svoc_svoal fentity(determinatives(deter{al), head _noun
noun{file,noun_modifiers(pre_modif (conj_noun_pre_mod{implicit_and,
[quiz,datal}})) ), number(sg3}, tokens([a,quiz,data, £ilej) ), [conj_pp=s

(implicit_and, [ppl{on,entity{determinatives{deter(the) ), attributes|(

[attrs(ad](new,pos}) ), tokens{[new])]),head_noun{noun{printer)),numb

er{sg), tokens{ [the,new,printer])), tokens({on, the, new,printer]}),p_

asyndetic_conj_ppipp(from,entity{determinativesi{deter(his)), head_n

oun{noun{office)),numbexr (sg3), tokens([his,office]l)), tokens([from, h

is,officel)))]).tokens{[on, the,new,printer, from, his,officell 1))
CURRENT MODIFS : [main_verb_modif(nil),clause_modif{nil}]

{below: Case analysis begins. HAIKU first shows the Case-marker Pattern (CMP)
it found in the current clause: a positional subject, a positional object, a
prepositional phrase introduced by ‘on’, and a prepositional phrase introduced by
‘from’. The user is allowed to overrule the CMP found by HAIKU.}

CMP found by HAIKU: psubj-pobj-on-from
> Do you wish to overrule this CMP
{enter d to discard this clause, or
a to discard the entire input) [y/N/d/al?

{below: HAIKU consults its current KB and finds that the current clause is typical
of a situation known as “‘situation #3” in which an entirely new CMP was found
with a known verb (i.e. a verb already encountered before). The associated Case
Pattern (CP) will either be new or not.}

833: entirely new CMP with known verb; CP is known or new.

{below: because the CMP has never before been encountered, HAIKU cannot
propose a very likely candidate to the user for his approval. However, it attempts
to propose “close” candidates. Note: all the intermediate results returned by the
metric are only shown here as a trace of execution; what matters to the user is the
closest CP proposed by HAIKU.}

entirely new CMP; no obvious candidate CPs to propose
list of close CMPs proposed by the "closeness metric*:
[ THE INPUT CMP PROPERLY UNDERMATCHES: ,
THE INPUT CMP NON-PROPERLY UNDERMATCHES:
,match(2.8125, [psubj,pobj,with, from] ) ,match(2.8125, [psubj,pobj,on,adv
1.
THE INPUT CMP PROPERLY OVERMATCHES:
,match(2.5, [psubj,pebj,onl) ,match({2.5, [psubj,pobj, from]) . match{0.8332
33, {[psubj,pobjl) . match(0.25, [pobjl),match(0.166667, [psubjl),
THE INPUT CMP NON-PROPERLY OVERMATCHES:
,match(0.777778, [psubj,on,in) ) ,match(0,.555556, [psubj,pobi, tel ), match(
0.555556, [psubj,pobj.piobjl).match(0.555556, [psubj,pobj,adv]},match(0
.125, [pokj,adv]) ,match(0.0833333, [psubj,with]},match(0.0233322, [psubj
,c0l),match(0.0833333, [psubj, for]) ,match{0.0833333, [psubj,adv])]

{below: of all the above candidates, HAIKU shows an example sentence and its
associated CP for the closest candidate.}
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candidate CPs with example sentences for the closest CMP (psubj-pobj-
with-from}:

CP: agt-obj-inst-lfrm

Ex: {this, letter,was, prepared, by, tom,with, the, new, computer, £rom, the

,other, room]

current clause's main verb (infinitive): print

current clause's CMP {(or a permutation): psubj-pobj-on-from

most probable or closest CPs, which are of compatible length:

agt-obj-inst=-lfrm (1} ;

{below: the user is asked to approve this candidate CP, if appropriate. Otherwise,
HAIKU will display all the relevant information to facilitate the user’s task in
entering the correct CP, i.e. the list of valid Cases in HAIKV, as well as the
knowledge it has on the two prepositions (‘on’ and ‘from’) used to introduce the
two prepositional phrases.}

if appropriate, please select one of these CPs;
enter a number between 1 and 1 (or ¢ if none is appropriate): 0

NEW CP: list of 2B legal Cases in HAIKU

agt:agent; benf:beneficiary; expr:experiencer; inst:instrument;
obj:cbject; recp:recipient:; caus:cause; manr:manner; val:value;
eff:effect; purp:purpose; freq:£frequency; tat:time_at;
tfrm:time_from; tto:time_to; ttru:time_through; dir:direction;
lat:location_at; lfrm:location_from; lto:location_to; ord:order;
ltru:location_through; ornt:orientation; cont:content;
excl:exclusion; acmp:accompaniment; matr:material; meas:measure.
REM: A CASE MAY BE SUFFIXED WITH A '?' TO DENOTE UNCERTAINTY

{e.g. lat?).

here is what the cmDict knows about this Case marker: on
{format: Case(COmmonness,Example); CO=1l:common, CO=2:uncommon}

cont(l,She was reading ON ECONOMICS.)

lat(l,We were sitting ON THE SOFA.)

tat(l,We returned ON MONDAY.)

purp(l,We spent the money ON BOOKS.)

caus(l,We acted ON HIS ADVICE.)

inst{l,I spoke to her ON THE TELEPHONE.)

ornt({l,The bottle lay ON ITS SIDE.)

here is what the cmDict knows about this Case marker: from
{format: Case{COmmonness,Example}; CO=l:common, CO=2:uncommon}
1frm{1, They came down FROM TEE HILLS.)
tfrm{l,We work FROM NINE to five.}
matr (1,We make them FROM POTATOES.)
caus(l,He fainted FROM LACK OF FQOOD.)}

{below: the user entered ‘agt-obj-lat-Ifrm’ as the CP he judged most fitted. Then
HAIKU checks whether the elements of the CMP and the CP are correctly
paired.}

please enter the new CP (e.g. agt-obj-tat),
or enter 'h' to see the current input string and CMP,
or CR to abort ["new CP"/h/CR]? agt-obj-lat-lfrm
CMP & CP will be paired as follows: psubj/agt pobj/obj on/lat
from/lfrm ; Correct [n/¥1?
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{below: HAIKU now updates its KB according to the new clements of knowledge it
Jjust acquired.}

UPDATING mDict for print ...

=> print ([pobkj,psubj-pobj.psubj-pobj-adv,psubji-pobi-on, psubi-pobi-
on-adv, psubj-pobj-on-£from, psubj-pobj-to]
{[adv, Imanx]], [from, [1frm]], [on, [1lto, lat}], [pobj. [obil]. [psubj, lagt]]
. lte, [leolll

UPDATING cmpDict for psubj-pobj-on-from ...

=> psubj-pobj-on-from [lagt-obj-lat-
1lfrm, ' [bob,printed,a,quiz,data, file, on, the, new, printer, from,his,offic
e,.1'11

UPDATING cpbict for agt-obj-lat-lfrm ..
=> agt-obj-lat-lfrm [print]

{below: finally, the Case structure is produced. It contains, for each clause, its
main verb, its CMP and its CP, then its subject filler plus its complement fillers,
and its modifiers.}

CASE STRUCTURES
clauses
[*statementl~,
case_structure(
verb(print,tense{ [past_simple]),neg(ves),trans(tr_intr)),
psubj-pobj-on-from,
agt-obj-lat-1fxm,
entity(proper noun{bob),number(sg3).,tckens{[bobl)},
[entity(determinatives(deter(a)) head_noun(noun(file,noun_modif
iers(pro_modif{conj_noun pre_mod({implicit_and, [quiz,datal)})
}) ,numbexr({sg3),tokens( [a,quiz,data,filel)), [conj_pps(implici
t_and,
[pp (on,entity(determinatives(detex(the)),attributes(attra{adj
{new,pos) ), tokens( [new] )] ) ,head_noun(noun{printer)),number (s
g) ,tokens{ [the,new,printer])),tokens({ [on, the, new,printerl)),
p_asyndetic_conj_pp(pp (£rom, entity({determinatives(deter (his)
} rhead_noun(noun({cffice) ) ,number(sg3) ,tokens( [his,office])),
tokens( [from,his,cfficel)))]),teckens( [on, the,new,printer, fro
m,his,cfficael)1l.,
Imain_verb modif(nil),clause_modif({nil)l)]

HAIKU semantic analysis (cpu time) : 3.382 second(s).

We note that ‘case_structure’ is a regular structure defined as

case_structure (MY, CMP, CP, Subject, Complements, Modifiers)
where ‘Mv” is the clause’s main verb, ‘cMP’ is the clause’s Case-marker Pattern, ‘cp’ is the
clause’s Case Pattern, ‘Subjécr.’ is the clause’s (syntactic) subject, ‘Complements’ is the
clause’s (syntactic) complement(s), and ‘Modifiers’ is the clause’s (syntactic) adverbial
modifier(s).
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4.2 Toward Comprehensive Case-based Semantic Analysis

In this scction we explain preciscly what we mean by Case analysis (CA) and list the
sorts of clauses and phrases DIPETT can parse and HAIKU must thercfore deal with. We
then present an original framework that constitutes HAIKU's foundation for semantic
analysis geared towards KA via TP. This framework is implemented in Prolog in the
currcnt version of HAIKU: see 4.3 for high-level algorithmic aspects of the Case analysis
process.

4.2.1 Limitations of Simple Case-based Frameworks

In all fairncss, the above introduction to Case Theory!? would not be complete
without a few words on its limitations!!. First, the definition of a set of Cases is a delicate
issuc. This includes the Case names themselves as well as the set of semantic relations
that onc wants to consider: we will come back to this in section 4.2.2.1. Second, the one-
Casc-per-argument constraint! seems to be violated for certain verbs (e.g. it can be
argucd that the verb “sell’ has its Cases Agent and Source filled by the very same
argument). Third, Case systems!3 ignore relationships such as possession (e.g. the baby’s
pyjamas) which operate directly between nouns and do not involve the verb.

In the next two subscctions, we look at how we intend to deal with the last two issues
in HAIKU (and TANKA). Then in 4.2.1.3, we explain why an extended theory is
seriously needed.

4.2.1.1 Onc Casc per Argument
We do not consider the violation of the onc-Case-per-argument constraint as a

significant problem in technical texts, or even in general. This for two main reasons: i)
this violation happens infrequently, and ii) several solutions have been proposed in the

10" we do not want to claborate unduly on the basics of Case Theory as they have been the object of
numerous papers and textbooks since their inception. In particular, for a thorough coverage of the topic.
we strongly recommend [Somers 87] to the interested reader.

1 Interestingly enough, these limitations have historically been more important to linguists than to
rescarchers in computational linguistics or Al

12 As expressed in [Fillmore 68]. this constraint says that each argument is associated with just one Case,
so that there is a one-to-one matching of Cases and arguments in any proposition.

13 We refer to Case systems as computational-linguistic paradigms based on Case Theory or Case
grammars.

127



Chapter 4. Acquiring Case Patterns via Interactive Semantic Analysis

literature — see for instance [Somers 87: chapter 8] — which are amenable to our needs,

should we decide to consider this as a special case in the future.
4.2.1.2 Noun-Noun Relationships

About the third limitation mentioned above, we consider it as negligible. We argue that
sufficient linguistic meaning is organized around the verb to permit a system of
reasonable power to be based solely on it!4. In addition. semantic rclationships deemed
important are often elevated to the centre of the clausce and expressed through verb
constructions: “the baby has pyjamas™ (versus “the baby’s pyjamas™).

4213 The N for an Extended Theo

Case systems have always been controversial — see [Somers 87: chapters 7-9] for a
discussion of their pros and cons. We have opted for Case analysis because it closcly
matches the surface syntactic form of text fragments!3. This form is all there is in the
knowledge-scant acquisition task we have set oursclves.

We wish to formulate a Case-based secmantic theory to account for realistic sentences.
Such sentences tend to be more comnlicated than those typically used to illustrate Case
systems, in which a single main verb is related in a straightforward way to 1 few simple
noun phrases (NPs) and prepositional phrases (PPs). Furthermore, we want to represcat
the meaning of entire texts, and for that we need an extended theory that will deal with
phenomena usually neglected by simple Case systems.

HAIKU will encounter a variety of syntactic phenomena in its input. For many of
these, traditional Case theory has little to say. Here is a list of syntactic structures, some
of which are relatively complex, that establishes the scope of the semantic analysis
required to meet TANKA’s objectives. Section 4.2.2.3 will described how thesc
structures will be interpreted in the context of the framework we proposc.

14 This argument is in fact related to our approach to the representation of knowiedge in technical domains
which is based on the idea of associating verbs with domain activitics and nouns with domain objects.

15 See [Wu 93] where a thematic role system which does pot closely match the surface syntactic form is
proposed. More precisely: “The proposed representation depends more heavily on nested structures than
ordinary case systems, thereby reducing the number of thematic roles. A side effect of this is that surface
cases do not map straightforwardly onto thematic roles in a onc-to-one fashion, For instance, the sentence

(5) John moved his furniture from San Francisco to Berkeleyis analyzed as an
outer volitive frame whose EFFECT role is filled by an inner locative.” ([Wu 93: p.327)).
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» complex NPs and embedded clauses:
NPs with post-modifiers. ¢.g. relative clause, PP, or appositive ("Bob. the owner.
w N
nominal clauses, ¢.g. to_infinitive_clause, ing_clause. or that_clause (“Thar Bob
did it is clear™);

comparative clauses, ¢.g. “Bob is more intelligent than your sister™.

« stative and conjoined verbs:
stative verbs, e.g. “Bob is on holiday™;

conjoincd main verbs, ¢.g. “Bob washed and dried the dishes™.

» structures beyond simple clauses:
complex and compound sentences, e.g. “When Bob saw i, he immediately spoke

up

sentences with structures other than Subject-Verb-Object and declarative clauses,
¢.g. Here+be and existential-There sentences, imperatives (“There are three
peaple in Bob's family”);

structures without a main verb. e.g. atitle, caption or fragment (*The World
According to Garp™)

* conjoined structures:
inter-sentential conjunctions ;
intra-sentential conjunctions: NPs and nominal clauses, PPs, verb phrases (VPs),
subordinate clauses (sentence-level modifiers), adverbial phrases, and
adjectival phrases.

4.2.2 A Comprehensive Framework for HAIKU
4.2.2 1 The Set of Cases
We have defined a set of 28 Cases!6, together with their abbreviations, that are used by

the Conceptual Analyzer — sce Table 1 below. This list of Cases is the result of several
phases of work by the TANKA team ([Barker er al. 93]). At one point or another, we

16 Case names themselves are not so important. What really matters is that TANKA and its users refer to
them in a consistent fashion, For a proposal on how to handle Cases without using names (i.e. labels), see
[Delisle 90b]. A related topic is that of semantic primitives: for a review of related work and an
interesting discussion, see [Fass 89a].
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considered. analyzed. and criticized the various Case lists proposed in [Bruce 75]. [Celee-
Murcia 75]. [Cook 79]. [Fillmore 68]. [Grimes 75}, [Larson 84]. [Locwen 88]. [Somers
87]. and [Sparck Jones & Boguraev 8§7]17.

Category Number Case Abbreviation
PARTICIPANT 1 Agent AGT
2 Beneficiary BENF
3 Experiencer EXPR
4 Instrument INST
d Object OBJ
6 Recipient RECP
CAUSALITY 7 Cause CAUS
8 Effect EFF
9 Opposition opP
_ 10 Purpose PURP
TIME 11 Frequency FREQ
i2 ‘_I’ime_at TAT
13 Time_from TFRM
14 Time_to TTO
I 15 Time_through TTRU
SPACE 16 Direction DIR
17 Location_at LAT
13 Location_from LFRM
19 Location_to LTO
20 Location_through LTRU
_ 21 Orientation ORNT
QUALITY 22 Accompaniment ACMP
N 23 Content CONT
24 Exclusion EXCL
25 Manner MAN
26 Material MATR
27 Measurc MEAS
28 Order ORD

Table 1. List of Cases Used in HAIKU (TANKA)

4222 Notation

The presentation uses the following notational conventions:

17 Another valuable reference on Cases and semantic roles is [Longacre 83]. See also [Dick 92| for a
discussion of Somers’ Cases and the application of his grid in a knowledge representation framework
based on conceptual graphs.

130



4.2: Toward Comprehensive Case-based Semantic Analysis

1) major syntactic groups are denoted by their common abbreviations (e.g. NP for noun
phrase, NC for nominal clause) or by the mnemonic names used in DIPETT s grammar:
subscripts denote the syntactic roles of groups (¢.g. NPyyp; for a NP serving as subject,

PPcompl for a PP scrving as complement).
it) Cases associated with a verb are shown in the form:

CA(S)

ko

[Case) : LABEL( sgr) : string), mv ), ..., Casey, : LABELp( sgrp : stringp, mv )]

where “CA(S) = ..” mcans “Casc analysis of sentence S produces this set of
{unordered) Cases ...". The notation “Case; : LABEL;( sgr; : string;, mv )" is interpreted
as “The i-th Casc found by CA in sentence S for the main verb mv is LABEL;, which is
rcalized by the substring string; making up the syntactic group sgri .

EXAMPLE:
CA(*John broke the window with a hammer”)
[ Casej: AGT(NPgyp;: “John™, break ),
Casey : OBJ( NP¢ompt : “the window”, break ),
Cases: INST( PPcompi : “with @ hammer”, break ) ].

iii) we now extend this notation to cover more complex sentences. Transformation of an
input scntence into a collection of simple clauses is indicated by “«*’, which is
interpreted as cquivalence. Conjunction (and disjunction) in the transformed sentence
arc indicated by parentheses and the symbols *A’ (and *v*). Thus, a sentence containing
two main verbs joined by the conjunction ‘and’ would be analyzed with the following
rule. which can casily be generalized for N main verbs (see 4.2.2.3.2):

CA(two-‘anded -main verbs-Sentence) > CA(Clause) A CA(Clause).

EXAMPLE:
CA(*John washed and dried the dishes™)

<~

CA("John washed the dishes™ A CA(*John dried the dishes™).
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4.2.2.3 Details of the Proposed Framework

The following semantic interpretation rules express in simple terms the principles
underlying HAIKU's CA process. The rules intentionally focus on more complicated
linguistic constructions.

4.2.2.3.1. Complex NPs and embedded clauses

=  NPs with post-modifiers:

Ex.1: “John knows the man who wrote that letter” (rclative clause)
Ex.2: “John knows the man with the long hair” (PP)
Ex.3: “John knows Santa Claus, our federal representative”™ (appositive)

INTERPRETATION RULE NPPM. NP post-modificrs do not mark a Case at the
sentence’s main verb level. Their purpose is to specify the individual(s) to which the
statement refers. The same is true of pre- or post-modificrs within a noun phrase (e.g.
John’s car, data file). However, a NP post-modifier containing a verbal clause requires
its own (recursively applied) Case analysis, whose result is attached to the related NP.
In the following example, Cases| and Caseas are Cases within Cases. Curly brackets
enclose a Case structure with embedded sub-structures,

EXAMPLE:
CA(“John knows the man who wrote that Ictter”™)

[ Case): AGT( NPsyp; : “John”, know ),
{ Casea: OBJ( NPcompl ; “the man who wrote that letier”, know ),
[ Casez;: AGT( NPgybj : “the man”, write ),
Casenz : OBJ( NPcompi : “that letter™, write ) ] } .

»  Nominal clauses:

Ex.4: “John wants ro go to New York™ (to_infinitive_clause)
Ex.5: “John finished writing his last letter last night” (ing_clausc)
Ex.6: “John knows that she has copied his homework™ (that_clausc)
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INTERPRETATION RULE NC. Nominal clauses mark Cases because they are
complements of the sentence’s main verb. They arc syntactically and semantically
morc complicated than NPs but play the same role in the sentence. For example, it
must be inferred that John is the syntactic subject of going in Ex.4 and of writing in
Ex.5 (whereas “John wants you to go to New York™ is diffcrent). Just as verbal NP
post-modificrs do, embedded clauses require separate analysis.

EXAMPLE:
CA(*John knows that she has copied his homework™)

[ Case;: AGT( NPgp; : “John™, know ),
{ Casen: OBJ( NCcompi : “that she has copied his homework™, know ),
[ Casez;: AGT( NPgyp; : “she”, copy ),
Caseas : OBJ( NPeompt : “his homework™, copy )1} 1.

Comparative clauses:

Ex.7: “Bob is more intelligent than your sister”
Ex.8: “Bob works faster than his colleagues™

INTERPRETATION RULE CPT. Comparatives mark a Case, usually MANR (see Case #25
EXAMPLE:

CA(“Bob works faster than his colleagues™)

[ Case|: AGT( NPgyp; : “Bob”, work ),
Cases: MANR( COMPAR_CL : “faster than his colleagues™, work ) ].
4.2.2.3.2. Stative and conjoined verbs

Stative verbs:

Ex.9: “A data file is a computer science concept”
Ex.10: “This file seems empty™
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INTERPRETATION RULE ST. Most sentences with a stative main verb can be scen as
hierarchical knowledge-base asscrtions of varying modality: “This file is cmpty™:
“This file seems cmpty”™. Such assertions introduce new concepts into the current
discourse, or associate properties with known concepts. Although they do not mark
Cases, they communicate semantic information about inheritance, attributes, act-act
relationships and so on. and are retained by HAIKU for further processing by the Mini-
Net Builder — work on this is also in progress (sce Appendix ).

* Conjoined main verbs:
Ex.11: “Bob washed and dried the dishes™

A significant difficulty with conjoined verbs is to establish whether they convey a
temporal!$ ordering. Consider “Bob washed and dried the dishes™ and “Bob dried and
washed the dishes”. We usually understand the former as “Bob washed the dishes and
then dried them™. The driecd-and-washed example is less obvious since it may sound
slightly odd to some people. In “Bob washed the dishes and sang™ on the other hand,
the acts would probably be interpreted as simultancous.

INTERPRETATION RULE CMV. Ignore the temporal factor and produce conjoined verb
phrases or sentences.

EXAMPLE:
CA(“Bob washed and dried the dishes™)
<«

CA(“Bob washed the dishes™) A CA(*Bob dried the dishes™).

We also considered two other candidate interpretation rules, of which the first is the
one that most accurately represents the intended meaning by “colouring™ the
conjunction of the two acts.

13 Conjoined verbs can also convey a causal relationship as in “Bob twisted and broke his ankle™ meaning
“Bob twisted his ankle causing him to break it”. As with the implicit potential temporal relationship,
implicit causal relationships are currently ignored.
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ALTERNATE RULE #1: keep a temporal link (‘later’ in this cxample) between the
scmantic structures of the two acts.
EXAMPLE:

CA(*Bob washed and dried the dishes™)

L

CA(“Bob washed the dishes™) later:a CA(“Bob dried the dishes™).

ALTERNATE RULE #2: convert the conjoined verbs into a neologism (e.g. washed-and-
dried.) which is interpreted as a composite act blending the constituent verbs.
EXAMPLE:

CA(*Bob washed and dried the dishes™) +* CA(“Bob washed-and-dried the dishes™).

4.2.2.33. Structures other than simple declarative clauses

e Other types of sentences:

Ex.12: “Here is the solution to Bob’s problem™ (Here+be)
Ex.13: “There is more than one solution to this problem” (existential-There)
Ex.14: “Sce the solution in the preceding chapter” (imperative)

INTERPRETATION RULE HBET. In a Here+be or an existential-There sentence, the main
verb is usually a form of be. These sentences are viewed as statements containing
stative verbs (see 4.2.2.3.2), which do not mark Cases. Their purpose is to introduce
concepts into the discourse. They may have implications for temporal ordering (e.g.
Here+be) or existential assertion.

INTERPRETATION RULE IMP. Syntactically, an imperative statement is a declarative
sentence without a subject!®. Imperatives, however, are often directed to the reader
(who is then the implicit Agent) and do not convey new information. Only certain
kinds of imperatives mark Cases, in particular those indicating the sequence of steps to
perform a task. These statements require more study. At the time of writing, we have
yet to decide exactly what kind of particular processing such statements deserve.

19 Imperatives in technical texts share several properties with purpose clauses in the context of instruction
understanding, sce [Di Eugenio 92].
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Fraements;

Ex.15: "Report 1.1: Accessing a single file™ (title or caption)
Ex.16: “Control breaks™ (fragment)

INTERPRETATION RULE TC. A title or a caption is a meta-textual clement intended to
facilitate the reader’s task of understanding the text. Although some have a structure
that scems to merit normal semantic analysis, they rarely contain new information.
Consequently, titles and captions do not mark Cascs but might descrve treatment as
inter-sentential discourse operators.

INTERPRETATION RULE VLF. Verbless fragments do not mark Cascs: some may
occasionally function as Here+be statcments. Other fragments that do contain verbs
may mark a Case. In particular, fragments obtained from fragmentary parsing and
which contain a verb deserve the normal Case analysis: they often contain valuable
knowledge elements.

4.2.2.3.4. Conjoined structures (ref. 3.4.3.1)

Inter-sentential conjunctions:

Ex.17: “Bob has been practicing medicine for more than ten years.
Therefore he is very competent.”

Ex.18: “Tom went to Mary’s place.
However, he did not know that her boyfriend was there.”

INTERPRETATION RULE ISCJ. A conjunctioh marks a discourse rclation rather than a
Case. This implies that the conjunctive clause or sentence is semantically linked with
one or more preceding statements. Such discourse relations will be handled by the
Mini-Network Builder — see Appendix I (“HAIKU’s Mini-Nctwork Builder
(MNB)™).

EXAMPLE: (for Ex.17)
CA(“However, he is not very competent™)

‘>

connector/inter_sentential:however CA(**he is not very competent”).
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= Intru-scntential conjunctions:
Complex and compound sentences

Ex.19: “Although [ admire her reasoning, I reject her conclusions™ (complex)
Ex.20: “I admire her reasoning but I reject her conclusions™ {compound)

INTERPRETATION RULE CCS. Coordinated clauses arc analyzed independently and
their corresponding scmantic structures are linked at the discourse level. Discourse
relations do not mark Cases, but HAIKU must retain the link between the semantic
structures of such clauses: they may share concepts or relations20,

EXAMPLES: (for Ex.19 and Ex.20)
CA(*“Although I admire her reasoning, I reject her conclusions™)
A=r

CA(“] reject her conclusions™) connector:although CA(“T admire her reasoning™);

CA(*l admire her reasoning but I reject her conclusions™)

«—»

CA(“] admire her reasoning™) connector:but CA(I reject her conclusions™).
Conjoined verb phrases
Ex.21: “Bob wrote the letter and sent it to his friend”’

INTERPRETATION RULE CVP. A sentence with conjoined VPs can be broken into two
or more individual clauses in cach of which the associated constituents are explicitly
represented: Case analysis is then applied to the individual clauses. The resulting
structures is linked by a meta-connector, which does not itself mark a Case. (Note: for
conjoined verbs, see 4.2.2.3.2 above.)

20 At the time of writing. several aspects dealing with discourse, such as relations and connectors, are
currently under development within the boundaries of the Mini-Network Builder (MNB). This work is
being conducted by Ken Barker, a member of the TANKA team. As a consequence, the semantic
interpretation process described in this chapter is responsible for ensuring that the subsequent modules
get the proper information for elements under its jurisdiction.
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EXAMPLE:
CA("Bob wrote the letter and sent it to his friend™)
CA("Bob wrotc the leter™)
connector/intra_scntential:and
CA("Bob sent it to his tricnd™).

Conjoined noun phrases and nominal clauses

Ex.22: “Bob broke the window and the drinking glass™ (conjoincd NPs)
Ex.23: “Bob wants to write a letter and to send it today™ (conjoined nominal clauses)

INTERPRETATION RULE CNPNC. Similar to conjoincd main verbs, these conjoined
elements could be analyzed as: i) a single composite object to which one Case is
assigned; ii) a set of co-objects, with once Casc or co-Case attributed 12 each clement:
or iii) a set of independent objects translated into corresponding individual clauses thit
are linked by meta-connectors. Since we think that options ii and iii would tend to
unnecessarily complicate the CA process — not to mention the supplementary burden
this unwarranted complexity would impose on the user’s shoulders — we favour the
first option, i.e. only one Case is assigned to the composite object.

Conjoined prepositional phrases
Ex.24: “Bob sent his file to the A printer and to the B printer” (the same preposition)
Ex.25: “Bob sent his diskette in a prepaid mailer and with an urgent stamp” (different

prepositions)

INTERPRETATION RULE CPP. If the prepositions are identical, only onc Case is
marked. If prepositions differ, a different Case should be attributed to cach PP.

Conjoined subordinate clauses and adverbials (sentence modifiers)
Ex.26: “Slowly but stcadily, Bob learned to drive 2 school bus™

INTERPRETATION RULE CSCA. Adverbials usually mark MANR. Whether conjoined or
aot, they mark one Case. A subtle point is that the more adverbials there are ina
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scntence, the more complex is the MANR Case. In that regard, adverbials are special:
they can be accumulated while they leave the distribution of other Cases unaffected.
The general rule is to process adverbials as modifiers of the main verb. An exception
arc a few discourse-level “comment™ adverbs such as obviously in “Obviously, Bob 1s
not hungry™; they arc also called emphasizers (see [Quirk er al. 85: pp.583-589]) or
mela-comments (sce [Zukerman 91]).

Conjoined adjectivals

Ex.27: “Bob has found a very large and important sct of data™

INTERPRETATION RULE CADJ. Adjectives, conjoined or not, do not mark Cases.
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4.3 Interactive Case Analysis for Knowledge Acquisition: the Core of HAIKU

This section provides a dctailed description of HAIKU s Case-based semantic
analysis process. which is especially designed for KA from English technical texts. In
brief, HAIKU begins its analysis with a parse tree produced by DIPETT. and semi-
automatically extracts the semantic pattern which best characterizes its interpretation in
terms of elements of the set of semantic relations (i.c. Cases) used in TANKA — we
described the set of Cases in 4.2.2.1.

HAIKU accumulates these scmantic patterns in its KB and refers 1o it when it
processes new inputs. Inputs that have little in common with this KB do, typically,
introduce new elements of knowledge: they deserve to be integrated into this incremental
KB2!, with the user’s collaboration?2. Otherwise, HAIKU simply asks the user to conlirm
its proposed interpretation since it managed to “understand™ the input by recognizing a
known semantic pattern, i.c. a pattern that it had already encountered and “memorized™
before. In that sense, HAIKU is instrumental to TANKA's goal of turning knowledge-
based text understanding into KA. We claim that the knowledge acquired during this
operation constitutes a conceptual model of the text’s domain.

We refer the reader to Appendix G (“Examples of Representative Scemantic
Analyses”™) for an example log illustrating how Casc analysis is realized within HAIKU
and, in particular, how the system interacts with the user during the KA process.

4.3.1 Data Structures

Several data structures will be referred to in this section: we now describe them
precisely. What we called “HAIKU’s KB™ above is in fact thc combination of the three
following dictionaries: the ‘MDict’ (Meaning dictionary), the *CMPDict’ (Case-marker
Pattern dictionary), and the ‘CPDict’ (Case Pattern dictionary). It must be noted that these
may be empty when the systém is first used on a new text: HAIKU does not expect a

21 1n fact, HAIKU can be said to perform a kind of Casc-based reasoning, an analogical problem solving
paradigm well-known in ML.

22 More precisely, this collaboration follows the principles of Sergot’s query-the-user facility (1Sergot 83})
in which the user is regarded as an cxtension of the system’s data basc (or KB). In this situation, the job
of HAIKU’s ¢ -ivalent to Sergot's facility is to inform the user what information is necded, and to
convert his res, .nse into Prolog assertions which the Casc analysis process can use. According to [Sergot
83). such an approach can be characterized as a form of metaprogramming. However, the work prescated
in this thesis does not explicitly exploit this concept of metaprogramming.
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minimal amourt of knowledge to work properly or to be useful. The price to pay is that
this initial phase will be more tedious for the user. but it will soon improve as HAIKU
processes more and more sentences from the input text and, conscquently, acquires more
and more knowledge from it.

* Case-marker Pattern (CMP): an ordered list of Case markers. linked by hyphens.
The resulting expression represents the Case markers appearing in a clause. Notation:
‘=" iy a symbol associating a clausc with its CMP. In the context of HAIKU, a clause
has only onc CMP. i.c. only onc syntactic analysis from which a unique CMP is
derived.

EXAMPLE: “the program ran at midnight” = psubj-at
(“the program” is the subject, the prepositional phrase “ar midnight” is the
complcment).

» Case Pattern (CP): an ordered list of Cases, linked by hyphens. The resulting
expression represents the Cases occurring in a clause. Notation: ‘®” is 2 symbol
associating a clausc with a CP. In the context of HAIKU, a clause normally has only
onc CP, although it may have morc than one if the clause is semantically ambiguous.

EXAMPLE: “the program ran at midnight” » AGT-TAT
(“the program” denotes the agent, “at midnight™ denotes the time of the activity).

« Meaning Dictionary (MDict): a dictionary of entries for individual words. Verb
cntrics contain a list of CMPs found with the verb, and a list of the Cases associated
with the Case markers in these CMPs, Notation: ‘=" is a symbol which associates a

CM (i.c. Case Marker) with the list of Cases it has realized (i.e. marked) so far.

The Mcaning Dictionary also contains entries for preposition and adverb Case markers.
Each lists the Cases its marker can realize — these lists are fixed and domain-
independent: see details in [Barker et al. 93].

EXAMPLE: mDict{run, [ psubj-at, psubj-pobj-at ],
{ at — [LAT, TAT],
pobj — [CBJ],
psubj — [AGT] 1 ).
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» Case-marker Pattern Dictionary (CMPDict): a dictionary of entrics indexed on
CMPs. An entry contains a list of the CPs associated with a CMP in the text. Each CP
i1s illustrated by an example seatence. This dictionary may be initialized with entries
for a number of common CMPs. Notation: “=" is a symbol associating a CP with a
clause. In the context of HAIKU, a CP may be assoctated with one or more clauses

since many syntactically different clauses can have the same semantic pattern.

EXAMPLE: cmpDict({ psubj-at,
[ AGT-LAT = *The program ran at the office”
AGT-TAT = “Updates run at midnight” | }.

» Case Pattern Dictionary (CPDict): a dictionary of CP cntrics that contains a list ol
verbs associated with the CP in the text.

EXAMPLE: cpDict{ AGT-OBJ-TAT, [ print, run | ).

All three dictionaries are updated continuously as processing of text progresses. As
mentioned above, a parsable clause should normally be associated with a unique CP. To
accomplish this, HAIKU first searches its dictionaries for the CP (rarger CP) that matches
the CP of the input sentence most closely, if not perfectly. Next, an example sentence to
illustrate this CP is fetched from the dictionary. If the CP and example sentence are not
acceptable, the system asks for the user’s help: more details later,

4.3.2 A Self-contained, Extended Example

In order to provide an illustration of the algorithm and the contents and organization
of the data structures, let us assume that HAIKU has processed the following fragment of
a technical manual:

*The daily update executes at 7 a.m.; this program knows Word Perfect
file format. We print hourly, while the system prints all reports at

noon. You can run jobs at any time.

The operating system executes print jobs at this site; it also runc a

report generator at each local site by datalink. Transaction proceass-

142



4.3: Interactive Case Analysis for Knowledge Acquisition

ing runs at all locations; as do user programs. Although the various

operating systems run programs, each process owns resources.”

HAIKU will break these sentences into cleven simple clauses before performing CA. We
have sorted them on their verbs to make it casier to look them up in the dictionaries that
follow:

The daily update executes at 7 a.m.

The operating system executes print jobs at this site.
This program knows Word Perfect file format.

Each process owns sufficient resources.

We print hourly.

The system prints all reports at noon.

User programs run at all locations.

The various operating systems run programs.

You can run jobs at any time.

Transaction processing runs at all locations.

The operating system alse runs a report generator at each local site

by datalink.
Alfter processing from a virgin state, HAIKU"s dictionaries have the following contents.

Note that not all input sentences appear as examples in the CMP dictionary. Similarly,
duplicate CMPs or CPs are represented by a single item.

Meaning Dictionary

mbict ( execute, [ psubj-at, psubj-pobj-at 1,
[ at = {[LAT, TAT], pobj — [OBJ], psubj — [AGT] 1 }.

mbict{ know, [ psubj-pobj 1.
{ pobj — [0BJ], psubj — [AGT] ] ).

mDict( own, [ psubj-pobj 1.
{ pobj — [OBJ]}, psubj = [AGT] ] }.

mDict{ print, [ psubj-adv, psubj-pobj-at ],

[ adv = [FREQ], at = [TAT], pobj — [OBJ1,.
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psubj — [AGTI ] ).

mDict( run, { psubi-at, psubi-pobj. psubj-pobji-at, psubi-pobj-at-by 1,
[ at — [LAT, TAT], by — [INST], pobj —> [0BJI!,
psubj —> [AGT] ] ).

Case-marker Pattern Dictionary

copDict( psubj-adv,
[ AGT-FREQ = *We print hourly” ] ).

cmpDict { psubj-at,
[ AGT-LAT ™ “User programs run at all sites*”,

AGT-TAT = "“The daily update executes at 7 a.m.” ] ).

cmpDict ( psubj-pobij,

[ AGT-OBJ @ "Each process owns sufficient resources” | ).

cmpDict{ psubj-pobj-at,
[ AGT-OBJ-LAT = *The system executes print jobs at this site-,
AGT-OBJ-TAT = *“The system prints all reports at noon” ] }.

cmpDict { psubj-pobj-at-by,
[ AGT-OBJ-LAT-INST = “The operating system also runs a report

geneiator at each local site by datalink” | }.

e

Case Pattern Dictionary

cpDict ( AGT-FREQ, print ] ).

cpDict{ AGT-LAT, run ] ).

cpDict( AGT-0RJ, ¥now, own, run ] J..

cpDict( AGT~-OBJ-LAT, execute, run ! ).

cpDict{ AGT-OBJ-TAT,

[
[
[

cpDict( AGT-OBJ-INST-LAT, [ run ] ).
{
[ print, zun ] ).
{

cpDict ( AGT-TAT,

execute ] }.
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4.3.3 The Process of Case Analysis and its Crucial Algorithms

we look at that description as the “what and why™ of our proposal for semantic analysis.
the following can be said to represent the “how™, i.c. the algorithmic definition of the CA
process. As a matter of fact, this very definition was implemented in Prolog and is at the
heart of HAIKU as a picce of software: Appendix F (“HAIKU's CA Processor™) presents
the implementation.

4.3.3.1 From Multi-Clause [nputs to a

HAIKU's Casc-based semantic analysis operates on single clauses. Complex
sentences are decomposed into simple clauses by a tree-transforming algorithm, called
the CA driver (sce Appendix F.1). that is relatively straightforward, assuming correct
attachment of Cascs to clauses. As mentioned before. since attachment is a difficult,
knowledge-intensive linguistic problem, the system will employ a single attachment
stralegy that yiclds correct results reasonably often. We are currently working on a simple
parsc tree editor that will allow the user to modify any unsatisfactory attachments
interactively, right after parsing and just before CA (see 5.1).

We now describe the gist of the CA driver’s main algorithm for the systematic
decomposition of an arbitrary English input, sentence or fragment, into a stream of
interlinked clauses to which CA will subsequently be applied. For fragments, only
substructures containing verbs are considered for Case analysis.

IF the input parse tree contains conjoined verb phrases or conjoined verbs,
THEN first decompose it according to the rules of interpretation of sections
4.2.2.3.4 and 4.2.2.3.2, respectively.

EXTRACT all clauses from the input parse tree (possibly updated by the above step)
and collect them in a list, as well as their logical organization if there are any clausal
connectors (i.e. conjunctions). Individual clauses are recognized in the input by these
syntactic substructures which are produced by DIPETT: certain relative clauses, to-
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infinitive clauscs. “that” clausas, regular and genitive “ing” clauses, “wh'-interro

declarative clauses (¢.g. whether/if clauses). and statements=S,

We now show an example log illustrating the steps involved in this pre-Ca phase.

{ ...}

Unit #1: Tom removed all his files and Beth wrote and printed a neow
letter .

lexical analysis (cpu time) : 0.15 second(s).

First parse for input sentence:
{ ...}
parsing {(cpu time) : 0.167 second(s).

parse_tree__decla_cr_imper
compound_sentence
structure
head_main_clause
declarative
{ ...}
next_main_clause
cecord and
declarative
{f ... 1}
end_of_input period

HAIKU: initiating Case-based semantic analysis ...

{below: HAIKU detected conjoined verbs and explains to the user how they are
interpreted, in accordance with its CMV interpretation rule (see 4.2.2.3.2).}

WARNING! The input contains 2 DISTINCT CONJCINED VERB(S):
conj_verbs{and,
[verb{write, tense{ [past_simple)),neg(yes),trans{tr_intr)}),
verb(print, tense( [past_simple]),neg{yes),trans({tr_intr))])

Semantic Analysis will proceed according to this inference rule:
SUBJ [Verbl & VerbZ & ... & VerbN] COMPL ==
SUBJ Verbl COMPL, SUBJ Verb2 COMPL, ... , SUBJ VerbN COMPL.
An input containing N {distinct, conjoined verbs will generate N
clauses for HAIKU.

>> CONJOINED VERBS: clause #1 ...
verb({write, tense{ [past_simple]),negi{yes),trans{tr_intr))

UPDATED PARSE

TREE (parse_tree__decla_or_imper (compound_sentence (structure(head_main
_clause(declarative(*statementl*)),next_main_clause(*coordl®,declarat
ive(simple_sentencel(structure(single_main_clause(declarative(*stateme

23 A ‘swatement’ is a regular sentence with a subject, a main verb, and a complement. This structure is also
used in the definition of other structures that do not explicitly appear here, such as the that-clause (also
called the report clause).
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nt2*33),rokens( [beth,wrote,and,printed, a,new, letter] )} ) ), tokens{[tom
,removed,all,his, files, and, beth, wrote, and, printed, a,new, lecter])) ,end
_of_inputi{period}})

{below: the top-level structure is two coordinated main clauses.}

LOGICAL CLAUSAL STRUCTURE
Lop_strucrture
[*statementl*, *coordl®, *statement2™]

{below: and these clauses are joined by the coordinator ‘and’.}

SYMBOLIC A-LISTS
coordinators
[*coordl*,ceordl{and,nil)]
clauses

['statementl*.statement{subj(entity(proper_noun(tom),number(sgS),toke
ns{[tom}))),predicate(regular (verb{remove, tense{ [past_simple]).neg(ye
53}, trans(tr))) ,voicelactive},complement (svo (entity(determinatives (pre
deter({all),deter(his)),head_noun{noun(file}),number(pl)}, tokens([all,h
is, Files]))))).tokens([removed,all, his, files]))]

[*statement2*, statement {subj (entity (proper_noun(beth),number(sg3), tok
ens{[beth]))).predicate (regular (verb{write, tense( [past_simple] },neg(y
es).trans(tr_intr))}.voice(active),complement(SVQ{entity(determinativ
es(deter{a)),attributes([attrs(adj (new,pos)}, tokens(inew]}]),head_nou
n(noun{letter)) ,number (sg3},tokens([a,new, letter]))})),tokens({wrote,
and, printed, 2, new, letter])}]

INPUT
STRING ( [tom, removed,all,his, files, and, beth,wrote, and, printed, a,new, le
tter,.])

HAIKU: Case Analysis of current input's clauses ...
{below: all set for Case analysis; details in 4.3.3.2.}

CURRENT JLAUSE: *statementl>

CURRENT SUBJ

subj (entity{proper_noun(tom) ,number (sg3),tokens{[tom]}))

CURRENT VERE : remove

CURRENT COMPL

complement (svo (entity({determinatives (predeter(all),deter(his)), head_n
oun (noun{file)),number (pl}, tokens{f[all,.his, files]))})

CURRENT MODIFS : [main_verb_modif(nil)},clause_modif(nil}]

CMP found by HAIKU: psubj-pobj
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4.3.3.2 Case Analvsis of Individual Clauses

This scction discusses Casc analysis of a single clause with one main verb: this is
what the CA driver has ensured before we get to the analysis of individual clauses. The
algorithm can be characterized as a scarch in the space of CMPs currently known to the
system — this spacc grows as accumulation of Case patterns progresses, The scarch uses
a heuristic based on the formal similarity between the input CMP and the CMPs in the
dictionary. If a perfectly matching pattern cannot be found, linguistically informed partial
matching is attempted (sec details in 4.6).

Before we present the details of the CA process, we must mention that there is some
further decomposition involved herc. Just as the CA driver takes care ol inter-clausal
decomposition, another processor takes care of intra-clausal decomposition=*. The fatter
extracts, for every individual clause, its subject, its main verb, its complement, and its
adverbial modifiers. Once HAIKU has identified these constiiuents. it can casily
determine the CMP that should be associated with the current clause.

The CA algorithm (see Figure 4.3.3.2, page 150) uscs the following terminology:

i) input verb refers to the main verb of the input: input CMP refers to the CMP ol the
input;

i) anew pattern is one not yet encountered by HAIKU with the input verb, while an
entirely new pattern has not yet been encountered with any verb,

There are five meaningful combinations of input verb, CMP and CP, depending on
whether or not HAIKU has encountered cach before. The algorithm dealing with cach
situation uses the labels B8;, i = I, ..., 5. This code finds onc or more target CPs and
identifies suitable example sentences used in the interaction with the user. Following the
algorithm, in section 4.4, each situation is discussed and illustrated with examples. We
refer the reader to Appendix F.2 for the Prolog implementation of the individual-clause
CA processor.

24 This supports well the claim made in chapter | that our approach is fundamentally compositional.
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If a clause is parsable, it should be associated with a unique CP. To accomplish this,
HAIKU first searches its dictionaries for the target CP that matches the CP of the input

sentence most closely. Next, an example sentence to illustrate this CP is fetched from the
dictionary.

Procedurc find_close identifics CMPs close to input CMP, according to a closeness
metric defined later in 4.6.
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IF input verb is in MDict -- known verb V
THEN
IF input CMP is among CMPs in MDict entry for input verb

-- known CMP already associated with V

THEN -- known CP or new CP with known CMP
A dialogue about CPs in CMPDict entry for input CMP:
update dictionaries (1):
ELSIF input CMP is in CMPDict -- known CMP not yet associated with V
THEN -- new or known CP
Aa: dialogue about CPs in CMPDict entry for input CMP;
update dictionaries (2)
ELSE - entirely new CMP

£ind_close(input CMP, close CMPs);
get the user to select closest CMP from among close CMPs;
A3 dialogue about CPs in CMPDict entry for closest CMP;,

== new or known CP

update dictionaries (3);
END IF; )
ELSE -- new verb
IF input CMP is in CMPDict -- known CMP
THEN --new CP
Ag dialogue about CPs in CMPDict entry for input CMP;
update dictionaries (4);
ELSE -- entirely new CMP

£ind_close(input CMP, close CMPs);
get the user to select closest CMP from among close CMPs;

As: dialogue about CPs in CMPDict entry for closest CMP;
--new CP
update dictionaries (5);
END IF;

ENDIF.

Figure 4.3.3.2. The CA Algorithm
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4.4 Expressing Situations 41 to A5 in Terms of Three Parameters: the
Verb, the Case-marker Pattern (CMP), and the Case Pattern (CP)

4.4.1. Dealing with New CPs

The target CP (sce 4.3.3.2) is first sought in one entry of the CMPDict. CPs and
cxample sentences that illustrate their semantics are presented to the user until one is
sclected whose CP most closely matches that of the current input. If no stored CP is
acceptable, HAIKU reverts to a different strategy. It works with the user to build the CP
from individual CM-Case mappings. This is summarized in the following procedure.

new_CP_dialogue:

None of the proposed CPs has been accepted by the user. There are two avenues
down which this dialogue can proceed.

FIRST, scarch the MDict entry for each lexical marker. The user is shown a list of
Cascs covered by this marker. When he selects one, a new CP is produced by adding
the selection to the pattern for the rest of the input. This CP will be stored in the input
CMP’s entry. The current sentence will be an example sentence for this new pattern.

SECOND, use procedure £ind_close to identify the CMPs closest to the input CMP,
and continue as if this new CMP were on input.

Finding an example sentence is easy if target CP is identical to a stored CP: HAIKU uses
the sentence which was stored as a result of previous processing. Otherwise, the example
sentence could be derived from that stored with the chosen CP. However, because derived
sentences cannot be guaranteed to be well-formed, only actual input sentences are stored
with ncw CPs at present.

4.4.2. Situation #1 (A1): known verb & known CMP & known or new CP

Fetch the CPs from the CMPDict entry for the input CMP, Present the CPs and their
example sentences to the user. Usually, one is selected; otherwise call new_cP_dialogue

25 The presentation in sections 4.4.2 to 4.4.6 uses a style which is more imperative (i.c. command-like)
than elsewhere: this is suitable for the CA-algorithm description at this point in chapter 4.
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(see 4.4.1): we have encountered a new CP. An example log illustrating how HAIKU
deals with A is presented in Appendix E. 1.

+ analyze Cases (1)

Assume the input sentence is “User programs can print reports at S ppm®
(where ‘ppm’ stands for “page per minutc™). The input verb is print and the input
CMP is psubj-pobj-at. A scarch of MDict for this verb finds an entry, and within
that entry. a match for the input CMP. This success sends HAIKU to the CMPDict
where it retrieves the CPs associated with psubj-pobj-at. There are two: AGT-0BJ-
LAT and AGT-0BJ-TAT. While the AGT and 0BJ associations are the same as in the
retrieved CP, at 5 ppm expresses the MEAS Case (Measure), indicating a new CP.

+ update dictionaries (1)

Because both the input verb and input CMP arc already in HAIKU's databases, there
is a possibility that the Case Pattern may also already be known. In that cvent the only
updating that might occur is if the user chooses to replace the CP's current cxample
with the input sentence.

MDict: any Case not associated with an input Case marker is added to its list. In our
example, this means that MEAS is added to the list for at, producing at — [MEAS,

LAT, TAT].

CMPDict: if the CP is new, add it and the input sentence to the list associated with the
known CMP. For our example that means adding AGT-OBJ-MEAS = “User programs
can print reports at 5 ppm~ (O theentry for psubj-pobj-at.

CPDict: look for an entry for the CP. If one cxists, add the input verb to its list;
otherwise add a new entry for the CP containing the input verb. Since our example
sentence realizes a new CP, the entry (AGT-OBJ-MEAS, [print]} is added to CPDict.

4.4.3. Situation #2 (A82): known verb & new CMP & new or known CP

The CMP has been encountered with other verbs. A list of candidate target CPs is
retrieved from the CMPDict. These are proposed to the user. If none is accepted, initiate
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new_CP_dialogue (sc¢ 4.4.1). An example log illustrating how HAIKU deals with 8> is
presented in Appendix E.2.

» analyze Cases (2)

Assume the input scntence is *Programs run quickly-. The input verb is run and
the input CMP is psubj-adv. A scarch of MDict finds that this pattern has not been
associated with this verb before. However, HAIKU finds the following CMPDict
entry for this pattern26: [ AGT-FREQ = *We print hourly~ 1. This single item is
shown to the user, who rejects the assignment of FREQ and instead associates quickly
with MANR.

» update dictionaries (2)

MDict: add the new CMP to the input verb’s list. If a new CP has been found, add
new Cases to the lists of existing Case markers and associations for any new (Case
marker — Case) mappings. For our example that means adding psubj-adv 10 run’s
entry, producing [psubj-at, psubj-adv, psubj-pobj-at, psubj-pobj-at-byl.
The cxample also adds a single association for the mapping adv — [MANR].

CMPDict: the CMP is known, so it already has an entry. If CA processing has
produced a new CP, add it and the input sentence to the entry’s list of CPs.

CPDict: look for an entry for the CP. If one exists, add the input verb; otherwise add a
ncw entry containing the input verb. Our example involves the new CP AGT-FREQ, SO
the entry (AGT-FREQ. [ print 1) is added to CPDict.

4.4.4. Situation #3 (/43): known verb & entirely new CMP & new or known CP

The input CMP has never becn encountered before. One or more neightouring
candidates must first be found using the closeness metric (see 4.6). When the best
candidate has been found. HAIKU proceeds as in situation A3. An example log
illustrating how HAIKU deals with 43 is presented in Appendix E.3.

26 More precisely, HAIKU finds this CMP (in its CMPDict) or a permutation of it. Order does not matter
with patterns: ultimately, it is only their semantic interpretation that counts. Thus, subj-obj-at-by is
cquivalent to subj-obj-by-at, and, similarly. AGT-OBJ-LAT-TAT is equivalent to AGT-OBJ-TAT-LAT.
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» analyze Cases (3)

Assume the input scntence is *The typical session runs by dialup~. The input
verb is run and the input CMP is psubj -by. A scarch of MDict tinds that this pattern
has not been realized by this verb before: a scarch of CMPDict shows that no verb
whatsoever has employed it previously. Lacking any exactly matching CPs to show
the user, HAIKU must scarch for likely candidates in the CMPDict. 1t calls
find_close to do this. The list of CMPs which this procedure returns is headed by
psubj-pobj-at-by. The single CP in this entry is shown to the user. who aceepts its
mapping of by —> INST as correct.

+ update dictionaries (3)

MDict: add the new CMP to the input verb’s list, If a new CP has been found. add
new Cases to the lists of cxisting Casc markers and associations for any new (Case
marker — Case) mappings. Because the three CM-Casc associations in our example

already appear in run’s entry. no updating is nccessary.

CMPDict: add a new entry to this dictionary, indexed on the new CMP. Use the input
sentence as the example for its single CP.

CPDict: look for an entry for the CP. If onc exists, add the input verb o its list;
otherwise add a new entry containing the input verb. Our example sentence realizes
the new CP AGT-INST, s0 the entry (AGT-INST, [ run 1) is added to CPDict for it.

4.4.5. Situation #4 (A4): new verb & known CMP & new CP

The input contains a new verb with a known CMP. HAIKU looks for candidate CPs
in the CMPDict and suggests these to the user. Since we have encountered a new CP, the
next step is to call new_CP_dialogue (sec 4.4.1). An example log illustrating how

HAIKU deals with B84 is presented in Appendix E.4.

* analyze Cases (4)



4.4: Expressing Situations A& to A5 in Terms of Three Parameters

Assume the input sentence is “Sessions process concurren:ly~. The input verb
is process and the input CMP is psubj-adv. Scarching MDict establishes that
HAIKU has ncver encountered this verb before: however, a query to CMPDict
retrieves the input CMP. This provides a likely CP to show to the user: AGT-FREQ.
The user edits the candidate to replace FREQ with MANR.

update dictionaries (4)

MDict: add a new cntry to this dictionary, using the input CMP and the approved CP
as its contents. For “Sessions process concurrently~ this means adding
process, [ psubj-adv ], [ adv — [MANR], psubj —> [AGT] 1.

CMPDict: an cntry always exists for the input CMP in this situation. If the approved
CP is new, add it to the entry and usc the input sentence as its example. If the CP is
already associated with the CMP, give the user a choice between the current example
and the input sentence.

CPDict: look for an entry for the new CP. If onc exists, add the input verb to its list;
otherwise add a new entry containing the input verb. Qur example AGT-MANR 1S a new
CP, so the entry (AGT-MANR, [ process 1) is added to CPDict.

4.4.6. Situation #5 (A85): new verb & entirely new CMP & new CP

The input contains a new verb with an entirely new CMP. One or more neighbouring

candidates must first be found using the closeness metric. When the closest CMP has
been found, HAIKU suggests the associated CP. Since we have encountered a new CP,

the next step is to call new_cP_dialogue (see 4.4.1). An example log illustrating how
HAIKU deals with 85 is presented in Appendix E.5.

analyze Cases (5)

Assume the new sentence is *Many users require backups for audits*. The
input verb is require and the input CMP is psub-pobj -for. Neither item is found in
its dictionary, so HAIKU must search for the CMP closest to psubj-pobj-£for.
£ind_close rcturns the not-very-helpful psubj-pobj. Lacking any recommended
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association for the preposition Zox. the user might well choose to itiate constructive
definition. selecting pure as the Case marked by for.

* update dictionaries (5)

MDict: add a new entry for the input verb: add the new CMP to its list. Add
associations for all markers and their (single) Cascs. For require. psubi-pobi-for
is thc CMP and the thrce associations arc [ for — {PURP], pobj = [OBJ},
psubj —> [AGT] 1.

CMPDict: add a new entry for the input CMP. Storc the input sentence as the
approved CP’s example sentence. In our case. this means adding psubj-pobj -tor,
[ AGT-OBJ-PURP @ ™“Many users require backups for audits*]. [the CPis
new, add the verb to the list of verbs which realize the CP. Select one example as in
situation 8.

CPDict: look for an entry for the ncw CP. If once exists, add the input verb o it:

otherwise add a new entry with the input verb. AGT-0BJI-PURP is a new CP. so an
entry for require is added to this dictionary.
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4.5 Difficult Issues: Finding Suitable Example Sentences and Suggesiing
Relevant Case Patterns

We here discuss two aspects that cause problems with the current CA process. This
discussion complements the above presentation by focusing on some limiting facets of
HAIKU, as it stands at the time of writing. Even though such considerations could be
reported in the context of the “futurc work™ part of this thesis (1.c. chapter 5). we
deliberatcly include them here since this discussion will help the reader to get a better
overall understanding of HAIKU.

4.5.1 Finding and Using Example Sentences

4.5.1.1 Avoiding Complete Rejection

The CA procedure requires user cooperation. At present, if an example sentence 1s
inappropriate, the user has no way to partially exploit this cxample: it is rejected en bloc.
But since the system Icarns nothing from a total rejection, we can envisage another
strategy in which the user could identify the constituents at fault and, building on the
clements of this example, more casily determine a suitable example sentence (as well as a
valid CP for the current input, of course).

Consider the example sentence “They can execute the program at will”. Suppose
execute is 2 new verb but the CMP psubj-pobj-at has already been encountered
(situation B4). Suppose the CMPDict shows that psubj-pobj-at may correspond 1o
AGT-OBJ-TAT or AGT-OBI-LAT, and that both these patterns previously occurred with
run (this would be recorded in the CPDict). The CMPDict provides two example
sentences “The system prints all reports at noon™ and “The system cxecutes print jobs at

this site™.

The system would present the examples to the user. Both would be rejected because
nzither expresses the Case expressed by ar in “They can execute the program at will™.
With no more stored examples to propose. HAIKU might try to generate new ones, but
this would involve tackling the difficult problem of reliably coming up with meaningfui
sentences. Instead. a future extension of HAIKU could ask the user to identify incorrect
clements in as simple a way as possible — for example, see 4.5.1.3.
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The dialogue would let the user identify at will as the problem spot. The mappings
psubi-AGT and pobj-OBJ would be considered satisfactory because they are equivalent
to their counterparts in the example sentences. HAIKU would then suggest the alternative
Cases ar will can realize. among them the correct MANR. It is up to the user to recognize
this. providing information which the system will learn. “They can exceute the program
will™ is then recorded as an cxample of the newly-lcarned mapping psubj-pobi-
at/AGT-OBJ-MANR.

4.5.1.2. Problems with the Closeness Metric

Similarly, patterns obtained by using the closcness metric (see 4.6) in situations 83
and A5 pose additional problems for the production of apt example sentences. Suppose
the example sentences for AGT-OBJ (pattern P1) and AGT-OBJ-LAT-MANR (pattern
P2) do not satisfy the user, and HAIKU must basc another on the example stored for
AGT-OBJ-LAT, “Bob can run the software at home™. To use this example for P1 we
need to discard LAT and its corresponding marker, converting the sentence into “Bob can
run the software™. Conversely, to use it for P2 we must add MANR and a corresponding
Case marker (e.g. “Bob can run the software at home with ease™).

The question is whether adding or removing Casc markers (and their accompanying
Case fillers) in example sentences will produce reasonably well-formed and meaningful
results. Removing Case realizations appears to be less troublesome than adding them: in
fact, this is one of the basic assumptions underlying the definition of the closeness metric
(in section 4.6). In any event the operations of the previous paragraph scem
straightforward, given a record of the mappings between the clements in CMPs and CPs
for each example sentence. It remains to be seen whether this casc of implementation will
be matched by usefulness.

4.5.1.3. A Possible Scenario

HAIKU's dialogues are designed to extract a maximum of information with a
minireum of effort. A single interaction could identify onc or morc incorrect clements in
the semantic analogy between the input and the example sentences. Depending on the
situation, the user could simply approve the analogy (option 0), or he could adjust the
suggested semantic pattern (option 1), or he could prefer to look at other example
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sentences, if there are others (option 2), or he could decide to build a new CP from
scratch (option 3). Figurc 4.5.1.3 shows a screcn that illustrates the hypothetical
intcraction with the uscr. {(For an interactive semantic disambiguation module, called an
*augmentor’, that deals with multiple parses, sce [Brown & Nirenburg 90].)

Does the sentence (current input)

“The man put the parcel in the car yesterday™
resemble (example sentence)

“Every Jay. dogs chasc frisbees in the park™ ?

where
a) theman -> dogs (agent)
b) the parcel -> frisbces (object)

¢) inthccar > inthe park  (location at)

d) yesterday -> cvery day (frequency)

0) OK.

1) Adjust this pattern ...

2) 3 other patterns cxist. Look at an example sentence for one of them.
3) Build a completely new pattern.

Enter a choice:

Figure 4.5.1.3. A Hypothetical Iniciaction with the User During Semantic Analysis

4.5.2. Challenging IJAIKU: a Difficult Example

Onc of the original questions TANKA sought to investigate is the strength of
assoctation between individual verbs and CPs. Is LAT (Location_at) more likely to occur
with run than with think ? This unresolved issue has a direct impact on the design of
HAIKU. An example will illustrate:

Let rake be the input verb and psubj-pobj-from-to the input CMP. Assume the

dictionary CMP psubj-pobj-to is associated with take and has AGT-OBJ-BENF
mapped to it. Assume further that the dictionary also contains psubj-pobj-£from-to
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associated with the verb rirow and AGT-OBJ-LFRM-LTO. What association should be
chosen for the preposition from in the input: the BENF in the close pattern tound with the
same verb, or the LFRM in the exactly matching pattern tound with a ditferent verb? This
is the situation:

INPUT take: psubj-pobji-from-to
DICTIONARIES take: psubj-pobj-to AGT-OBIJ-BENF
throw: psubj-pobj-£from-to AGT-OBJ-LFRM-LTO

The current version of the CA algorithm would work as follows:
a) take is a known verb — this is one of the situations A1, 82, or B3
b) it is not situation A} because psubj-pobj -from-to has never occurred with fake
before;
¢) it is situation A7 because psubj-pobj-from-to is 4 known pattern not associated
with rake .

The algorithm would then suggest: target CP is AGT-OBJ-LFRM-LTO.

Would a hybrid pattern AGT-OBJ-BENF-LFRM be superior? Or should HAIKU
begin with AGT-OBJ-BENF anc ncgotiate with the user on the Casc to be mapped to
from? A hybrid is not guaranteed to be semantically consistent, but using LFRM-LTO
rather than BENF would often misdirect the user. We conjecture that verb preference —
that is, using patterns found with the input verb — should override almost all other
considerations.

It can be argued that HAIKU should try to find a closc pattern with the sume verb
before switching to a different one: this would resuit in target CP is AGT-OBJ-BENF.
We believe HAIKU should usc the closeness metric only after all possibie perfect
matchings with the same and then with different verbs have been considered. This
minimizes use of the metric and the difficult task of generating good example sentences
for hybrid CFs.
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In summary, the CA algorithm currently gives highest priority to CMPs already
encountered with the input verb, borrowing the CPs of closely matching CMPs associated

with other verbs if necessary.
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4.6 HAIKU’s Closeness Coriputation: Semantic Similarity Based on
Syntactic Markers

One mechanism essential to HAIKU is a procedure to produce syntactic Casc-marker
patterns close to the pattern in the input sentence. It is invoked whenever the input does
not (perfectly) match any previously processed pattern. This happens in situitions &3
and A5 in the CA algorithm (sce 4.4).

In this section we propose a conceptually and technically neat method to identify
known semantic patterns close to a novel pattern. This occurs when HAIKU requires the
user to respond to specific questions about the current sentence. The questions are
prepared from linguistic clements previously encountered in the text similar to elements
in the ncw sentence. We present a metric to characterize the similarity between semantic
Case patterns. The computation is bascd on syntactic indicators of semantic relations: it is
defined in terms of a few simple heuristics and uses symbolic pattern matching, A shorter
version of this section appeared in [Delisle er al. 93].

4.6.1 General Definitions of Matching Case Marker Patterns

The Case Analyzer begins by scarching its KB (i.e. dictionaries) for the CP tha
exactly or most closely matches the CP of the input clausc. It then looks for an cxample
sentence to illustrate this matching CP. As we said before, only onc CP should be
associated with a given parsable input after user interaction and approval.

In certain situations the Case Analyzer must rank partially-matching CMPs in terms
of their closeness to the input CMP. The algorithm to compute the closeness of two
patterns is based on notions of undermatching and overmatching among CMPs. It is
similar in spirit to some methods used in pattern recognition for computing distances
between patterns ([Belaid & Belaid 92]). A CMP is a set, represented here as a Prolog list
e.g. [psubj, pobj, at]. Intuitively, an undermatch occurs when a given CMP s
completely or partially contained in another CMP. The computation of closeness is
described in Prolog: the code is short and simple enough to be listed throughout the
explanations without having the reader sent back and forth to an appendix for small
pieces of code. Predicates not defined here come from the Quintus Prolog library ([QP-
3.191)).
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4.6.1.1 Definitions of Matching

Pattcrn P! can match pattern P2 in three ways. listed here in the order of decreasing

discrimination from the perspective of Case analysis: it can match perfectly (PM), as a

proper subsct (PUM), and via a non-cmpty intersection st (NPUM). Disjoint patterns are

ncver considered as matching.

PM: perfect match
Two patterns have identical membership: P1 = P2,

EXAMPLES:

If Pl=[psubj, pobj. at] and P2=[psubj., pobj. atj.then Pl and P2 match
perfectly.

If Pl=[psubj. pobj] and P2=[psubj., pobj. at],then Pl and P2 do not match
perfectly.

Prolog implementation:

% seteq: set equality.
pm{Pl, P2) :- seteg(Pl, P2).

PUM: proper undermatch
P2 is larger than P1. We say that P1 properly undermatches P2, or that P2 properly
overmatches Pl.

EXAMPLES:

If Pl=[psubj. pobj, at)] and P2=[psubj, pobj., at], then proper undermatch
fails.

If Pl=[psubj. pobj. at] and P2=[psubj, pobj, at, byl, then proper
undermatch succeeds. See figure below.

If Pl=(psubj, pobj. at, byl and P2=[psubj, pobj. by, £from], then proper
undermatch fails.

163




Chapter 4. Acquiring Case Patterns via Interactive Semantic Analvsis

Prolog implementation:

% subset(Pl, P2): Pl is a subset of P2.
pum({Pl, P2) :- \+ seteg(Pl, P2), subset(Pl, P2).

NPUM: non-proper undermatch

The patterns are different. but there is a non-cmpty interscction between them.
Cardinality (technically. the length of a list) is used as a criterion to emphasize
specificity: a higher cardinality indicates a more discriminating sct. Notice that the
npum relation is symmetric if the lengths of the patterns are the same.

by
P2

a
P

EXAMPLES:

If P1 = (psubj, pobj, at) and P2 = [psubj., pobj. byl. then Pl non-properly
undermatches P2. See figure above,

If Pl = {psubj, adv] and P2 = (pobj., by. froml], then non-proper undermatch
fails.

If Pl = (psubj, pobj, at, from} and P2 = [pobj, at, advl, then non-proper
undermatch fails since P2 is shorter than P1.
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Prolog implementation:

npum(Pl, P2) :-

\+ subset(Pl, P2), length(Pl, LPl), length(P2, LP2), LPl =< LP2Z,
intersection(pPl, P2, ITST), ITST \== [].

4.6.2 Basic Computations for the Closeness Metric

The following proceduics refine those outlined in the previous section. Additional
parameters return numerical values of closeness factors. The new versions supply zeroes
instcad of failing when a match is not found.

The closeness factor CF measures how much Pl differs from P2. It allows us to

comparc any two patterns P1 and P2 quantitatively: the higher the CF, the closer the
patterns are to one another.

Prolog implementation:

pum(Pl, P2, CF)} :-

\+ seteqg{Pl, P2}, subset(Pl, P2), !,

length{Pl, LP1l), length(P2, LP2)}, CF is LPl/LP2.
pum(_P1, _P2, 0).

EXAMPLES:

If Pl = [psubj., pobj] and P2 = [psubj, pobj, atl,then CF=2/3.

If Pl = {psubj, pobj)] and P2 = [psubj, pobj, at, from],thenCF=2/4.
If Pl = [psubj, pobj, at] and P2 = [psubj, pobj. at, from],then CF =3/4.

4,6.2.2 Computing the Comparison fficient within npum
In this definition, CFj2 and CF21 are the closeness factors between P! and P2

calculated from the perspective of P1 and P2 respectively. CC, the Comparison
Coeflicient between them, is computed separately.
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Prolog implementation:

npum(Pl, P2, CFl2, CF2l, CC) :-
\+ subset(Pl, P2), intersection(Pl, P2, ITST), ITST \== [],
length{Pl, LPl), length(P2, LP2), LPl =< LP2, !
length{ITST, N), CFl2 is N/LPl, CF21 is N/LP2,
compute_CC{ITST, CFl2, CF21, CC}.

npum{_P1, _P2, 0, 0, 0}.

The greater CFjj. the closer the intersection [TST is to Pj. Since P2 can be no smaller than
P1 (LP1 £ LP2)?7. CF2] must always be equal to or smaller than CF(2, which can never
equal 1. Also. the nature of CMs in the intersection is significant. More importance
should be attached to ITST = [pobjl than to ITST = [adv]: for the vast majority of
English verbs. an object is semantically more informative than any adverb. The
calculation of the Comparison Coefficicnt takes these facts into account.

CF21 and V, a number that depends on the specific naturc of the markers in the

intersection: the more significant these markers are, in terms of Case analysis, th.c higher
V should be. CF12 and CF2] are multiplied to obtain the highest ranking for paticrns
closest to the input pattern. Addition might be used instead of multiplication. Multiplying
numbers from the interval [0, 1] resembles finding the joint probability ol independent
events. It is 2 matter of further experiment to see whether using addition would drastically
change the behavior of the compute_CC algorithm. CC is computed as follows.

Prolog implementation:

compute_CC(ITST, CFl2, CF21, CC) 1=
get_ind_values (ITST, List_of _Values),
sumlist(List_of_Values, Sum),
CC is (CFl12 * CF21 * Sum).

get_ind_values(([], []) = 1,
get_ind_values{[H | Hsl, [V | Vvs]} :-
get_ind_value!{H, V), get_ind_values{Hs, Vs3).

The predicate get_ind_value supplies a numerical value for a Casc marker reflecting its
semantic specificity in Case-based semantic analysis. The pattern [psubj, pobjl is less

27 In fact, npum has two versions. One, npum_u, is used by best_under_match_npum and uses the test L.S1
< LS2. The other, npum_o, is used by best_over_match_npum and uses LS1 <LS2.
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specific than {psubj, podbj, at, from] because it occurs with more verbs and so is
less discriminating. A perfectly specific CMP would occur with one and only one verb.

QOur table of CM values reflects a belief that subjects and objects are Iess semantically
significant than prepositions but more significant than adverbs. The values are subjective
but can be tailored to the type of text at hand or modificd according to assumptions one
may wish to make and verify on certain texts. We will refer to this table as the CM-

ranking.

Prolog implementation:

get_ind_value(Prep, 2.5) :- dict(Prep,prep._..). !.
get_ind_value(piobj, 2.0).
get_ind_value(pobj, 1.5).
get_ind_value(psubj, 1.0).
get_ind_value(adv, 0.5).

The four following examples assume that attempts to match by pm(P!, P2) and
pum(P1, P2, _) fail. but that non-proper undermatching invoked by npum(P1, P2, CF12,
CF21., CC) succeeds.

a) Let Pl = [psubj, pobj, at] and P2 = ([psubj, pobj, from), so that
ITST=[psubj, pobjl: we have that CF12=2/3,CF21=2/3,and CC=(1 +
1.5)*(2/3)*(2/3)=1.11

b) Let Pl = (psubj, pobj, atl andP2 = ipsubj, pobj., from, adv], so that
ITST=(psubj, pobjl; we havethat CF12=2/3.CF21=2/4,and CC=(1 +
1.5)*%(2/3)*(2/4)=0.83

According to the CM-ranking, P1 and P2 are closer to one another in a) than in b). Also
[psubj, pobj, at) is intuitively closer to [psubj, pobj, from] thanto [psubj,
pobj, from, adv]: the added adverb in the second pattern diminishes the closeness of
the two sets because it is not matched in the first set.

¢) Let Pl = [pobj. by, adv] and P2 = [psubj, pobj, adv], so that

ITST=(pob3, adv]:wehavethat CF12=2/3,CF21=2/3,and CC=(1.5+0.5)
*(2/3)* (2714 =0.67
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d) LetPl = [pobj, by, adv] and P2 = [psubj. pobj, byl.sothat ITST={pobi.
byliwehave that CFI12=2/3 CF21=2/3, and CC= (1.3 + 2.3 % (2/ 3 * 2/
=178

According to the CM-ranking. P1 and P2 arc closer to one another in d) than in ¢©). Two
patterns which match on a particular preposition arc more similar than those which match

on an unspecified adverb.

4.6.2.4 Computational Details of the Closeness Meitric

In this subsection. In_CMP refers to the pattern of the clause currently being
processed by the system. L_in is the list of known CMPs in HAIKU's dictionaries against
which In_CMP will be matched. The closeness metric is only calculated. based on some
heuristics that we mention below, when a perfect match between the input CMP and
known CMPs cannot be found.

* Top-level procedure to compute closeness

The procedure begins with a call to find_closer_patterns. This predicate takes
In_CMP and L_in as inputs and rcturns four ordered lists of CMPs, L_out_I, L_out_2,

L_out_3, L_out_4, that properly undermatch, non-properly undermatch, properly
overmatch and non-properly overmatch In_CMP.

The order of these arguments in find_closer_patterns reflects HAIKU s
preference in matches: proper undermatching, non-proper undermalching, proper
overmatching, non-proper overmatching. Undermatching is preferable to overmatching.
Undermatching provides the system with candidate patterns that cxpress known meaning
and subsume the input CMP. Overmatching introduces a greater uncertainty: candidate
patterns here correspond to a potentially large class of undcrspecificd situations that may
represent semantically more distant candidatec CMPs.

Suppose the input CMP is [psubj. pobj, atl, and the CMP dictionary contains
[psubj, pobj] and {psubj., pobj, at, from]. The input CMP is a proper
undermatch of (psubj., pobj. at, £rom] and a proper overmatch of [psubj, pobijl.
The former is a much more discriminating candidate than {pzubj, pobjl. If the user

approves [psubj, pobj, at, from] the system can focus on a relatively small sct of
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Casc Patterns as candidates for the current input. Giving priority to [psubj, pobjl

would force the user to deal with 2 much larger set of CPs and render the knowledge

acquired interactively less certain.

Proper matching is preferred to non-proper matching. A proper match is more likely

to represent @ valid situation, whercas 2 non-proper match may correspond to a situation

which could be scmantically less fitting. Each of the four output lists is ordercd by

decreasing specificity: longest matches are preferred to shortest ones because they

correspond to closer ncighbours of the input CMP in the space of known CMPs. The

closer the neighbour, the more likely it is that it will lead to a valid candidate semantic

pattern.

Prolog implementation:

% Given a list L_in of already known CMPs, this predicate finds the
% lists (in decreasing orxder of ‘closeness’) of patterns in L_in that
% are close to In_CMP, the input CMP,

find_closer_patterns{In_CMP, L_in, L1, L2, L3, L4} :-
best_Under_Match{In_CMP, L_in, L1, L2},
best_Over_Match(In_CMP, L_in, L3, L4}.

» A procedure to find best undermatches

We now present the computational details of finding the “best neighbours™ for a given

input CMP (In_CMP). These candidate patterns are found in terms of best proper

undermatches and best non-proper undermatches with the input CMP. The procedures are

defined using “pum’ and ‘npum’ which were described carlier.
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Prolog implementation:

% L_in : list of patterns against which In _CMP is tontatively
% matched.

% L_out: sorted list of pum/npum patterns, in decr

% Elements of L_out have the form ‘match(Closeness, Pa

best_Under_Match(In_CMP, L_in, L_out_pum, L_out_npum) :-
best_under_match_pum(In_CMP, L_in, [}, L_out_pum},
best_under_match_npum{In_CMP, L_in, [], L_out_npum).

% PROPER UNDERMATCHING
best_under_match_pum{_S, [], L_.in, L_out) -
sort(L_in, L_out_temp}, reverse(L_out_temp, L_out).
best_under_match_pum(S, [S_H | T], L_in, L_out) -
pum(S, S_H, CF_H), CF_H \==20, !,
best_under_match_pum(S, T, [match(CF_H, S_H)} | L_in], L_out).
best_under_match_pum(S, [_S_H | T1, L_in, L_out) -
best_under_match_pum(S, T, L_in, L_out).

% NON-PROPER UNDERMATCHING
best_under_match_npum({_8, (], L_in, L_out) s -
sort(L_in, L_out_temp), reverse(L_out_temp, L_out).
best_under_match_npum(S, (S_H | T], L_in, L_out) 1=
npum({sS, S_H, _, - CC_H), CC_H \== 0, !,
best_under_match_npum(S, T, [match(CC_H, S_H) | L_in], L_out).
best_under_match_npum{s, [S_H | T], L_in, L_out) 1=
best_under_match_npum{S, T, L_in, L_out}.

» A procedure to find best over-matches

The definitions of best_over_match_pum and best_over_match_npum are
analogous to those of best_under_match_pum and best_under_match_npum with the
first two parameters (S and S_H) inverted. Note that npum has been defined with the
condition “LP1 € LP2". Substituting “LP1 < LP2" in the ‘best_over_match’ versions
eliminates patterns that would appear in both overmatching and undermatching scls.

Prolog implementation:

best_Over_Match(In_CMP, L.in, L_out_pum, L_out_npum) :-
best_over_match_pum(In_CMP, L_in, [], L_out_pum},
best_over_match_npum(In_CMP, L_in, [], L_out_npum).

4.6.3 Examples of Closeness Calculations

We have already discussed the application of the closeness metric within HAIKU in
sections 4.4.4 (A3) and 4.4.6 (A5). We here present two examples that illustrate the
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computation of the closeness metric, based on two difterent sentences. Suppose Case
analysis has found a new CMP with a known verb. Assume perfect match and proper
undermatch cach fail in both examples.
+ Example #1: **A system runs a datalink from Toronto before midnight.™
CMP: psubj-pobj-before-from
The CMP is represented by Pl=[psubj. pobj., before, froml.
find_closer_patterns(Pl, Set_of_all_CMPs, L1, L2, L3, L4) finds:
L1={ [psubj, pobj, before, from, adv] |(properly overmatching CMPs):
L2=[ ipsubj. pobj., at, beforel. [psubj, pobj, at, byl| (non-properly
overmatching CMPs);
L3 =[] (properly undermatching CMPs);
L4 =[] (non-properly undermatching CMPs):
The list of candidate CMPs sorted in descending order of closcness is: [pzubj -pobi -
before-from-adv, psubj-pobj-at-before, psubj-pobj-at-by].psubj-pobj-
before-from-adv would be the first CMP HAIKU suggests to the user. IT' it is
rejected, psubj-pobj-at-before would then be suggested, and so on.
Examples of answers for L3 and L4 would be:
L3=[ [psubj. pobj, beforel, [psubj, pobj, froml, ... ]
L4=[ [psubj, pobj, at)], [psubj, pobj, in], [psubj. pobj, advl, ...|
« Example #2: “The system runs a datalink by 7 midnight.”
CMP: psubj-pobj-by
The CMP is represented by Pl=[psubj, pobj, byl

£ind_closer_patterns(Pl, Set_of_all_CMPs, L1, L2, L3, L4) finds:

L1=[ {psubj. pobj., at, by] ] (properly overmatching CMPs);
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.2 =] (psub3. pobj. by. from], [psubi, pobi, froml, Ipsubj, pobi,
adv! | (non-properly overmatching CMPs);

L3 =] {psubj, pobi} | (properly undermatching CMPs):

L4 =[] (non-properly overmatching CMPs);

The list of candidatec CMPs sorted in descending order of closeness is: [psubj-pobj -
at-by, psubj-pobj-by-from, psubj-pobj-£from, psubji-pobj-adv, psubj-
pobi]. psubji-pobj-at-by would be suggested first.

4.6.4 Further Refinements of ‘pur’ and ‘compute_cc-

Extensive testing of the metric on all kinds of hypothetical CMPs revealed certain
problems with the interpretation of the metric’s output. This output is organized into four
separate (ranked) lists of candidate patterns (i.c. properly overmatching CMPs, non-
properly overmatching TMPs, properly undermatching CMPs, and non-properly
overmatching CMPs) which are individually sorted.

From the user’s point of view, it is rather tcmpting to compare any pairs of candidate
patterns, and their associated comparison coefficients (CCs), without paying too much
attention to the fact that the four lists have different “weights™. In doing so, some of the
“~LCs involved in such a comparison may seem counter-intuitive, at least for certain border

CARCH.,

For cxample, for Pi = [psubj. pobj, tel,P2= [psubj, pobj, on], and P3 =
[psuki, pobj, from, to].wc have that P3 is a proper overmatching CMP of P1, with
1 CC of 0.75. and that P3 is a non-proper overmatching CMP of P2, with a CC of 0.83. If
we just look at the CCs. we may be tempted to choose P2 as the closest pattern to P3
since 0.83 > 0.75. But this is not a good choice. P1, with a CC of 0.75, is a better
altcrnative. Pl is a proper overmatch, which is preferable to a non-proper-overmatch (i.c.
P2).

In order to reduce potential confusion in the interpretation of the metric’s results by
allc;wing thc‘comparison of any pair of CCs, regardless of the specific sublist they come
from, we now redefine ‘pum’ and ‘compute_cc’ as follows. First, ‘pum’: it is now
redefined similarly to “npum’, except that P1 must be a subset of P2. Notice that this
version has a new first parameter, *X', which is used for distinguishing the comparison

PR
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test for undermatching (X="u") from the one for overmatching (X="0"). It is assumed that
all previous calls to this predicate would be updated correspondingly. This applics as well
to “compuze_cC” below.

Prolog implementation:

pum(X,P1,P2,CF} :-
\+ seteq(Pl,P2), subset(Pl,P2),
intersection(Pl,P2,ITST), ITST \== [],
length(?l,LPl), length(P2,LP2),
{(X == u, LPl =< LP2) ; {X == o, LP1 < LP2})}), !
length(ITST,.N), CF12 is N/LPl, CF21 is N/LP2,
compute_CC(X, ITST,CF12,CF21,CF) .
pum{_,_Pl,_P2,0).

Second, “compute_cC: it is now redefined with an explicit weight lor distinguishing
undermatchings from overmatchings. This weight was defined empirically as 2/3, i.e. an
overmatching CMP is worth two thirds of a comparable (equivalent) undermatching
CMP. This heuristic now ensures the desired readability in the metric’s results: it is these
final versions of ‘pum’ and ‘compute_cc” which are implemented in the current version of
HAIKU.

Prolog implementation:

compute_CC(X,ITST,CF12,CF21,CC) :-
get_ind_values(ITST,List_of_Values),
sumlist (List_of_Values,Total),
CC_0 is (CFl2 * CF21 * Total),
((X ==u, CC =CC_0}) ; (X ==o0, CC is CC_O * (2/3))}.

4.6.5 Strategic and Algorithmic Aspects of the Closeness Computation

The distinction between undermatching and overmatching is not important to the uscr
when he looks at candidates. £ind_closer_patterns will return a correctly ordered list
of potential candidates from both populations. Wasting time on unlikely candidate
patterns could be avoided if CA uses a threshold for values of CF (for pum) and of CC
(for npum), below which candidates are discarded. Alternatively, an upper limit could be
set on the number of candidates to be considered: then if £ind_closer_patterns returns
more than one candidate, HAIKU might never go past the second or third.
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The dictionary of Case-marker Patterns is represented in Figure 4.6.5 (next page) as a
graph into which the heavily outlined input pattern has been inserted in the appropriate
location. To simplify things non-proper overmatches, the least preferred type. are not
shown. The closencss algorithm can be summarized as follows, assuming a given CM-
ranking:

» First find any undermatching patterns. Sort the list of results to have at its head
matches with the most matching CMs and fewest unmatched CMs. Sort matches of
the same length and number of matching CMs to favour the most heavily-weighted
CMs.

= Next find any overmatching patterns. Sort the list of results to have at the head
matches with the fewest additional CMs. Sort matches of the same length to bring
forward those with the most heavily-weighted CMs.

find_closer_patterns currently returns the CMP closest to the input CMP according to
the following priorities:

properly undermatching CMPs
>
non-properly undermatching CMPs
>

properly overmatching CMPs

>

non-properly overmatching CMPs.

174



+.6: Semantic Similarity Based on Synuactic Markers
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Figure 4.6.5. Rclationships between Case-marker Patterns (CMPs)

In summary, we have translated the difficult problem of finding the best
approximation of a given semantic patterns into the computationally feasible task of
finding the best match for a pattern of symbols which denote basic semantic relations,
Linguistically, we propose to define secmantic similarity via syntactic congrucnce and
compute it from syntactic markers (i.c. the Case-marker Patterns). The metric we propose
allows our system to suggest to the user valid candidate semantic patterns for the input at
hand, based on the system’s knowledge accumulated so far. The metric can be used in
any setting in which such a substitution of syntactic for semantic phenomena can be
justified.
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4.7 Testing the Semantic Analyzer with Actual Texts: Results and
Discussion

Ultimate testing of HAIKU is not possible at the time of writing: it would require the
MNB to be fully opcrational?8: the same is true of TANKA for which we require the
Conceptual Knowledge Processor. As a consequence. we will not be in a position to show
experimental support for some of the broad claims of chapter 1. However, we here
discuss the most significant trends.

Extensive stand-alone testing of HAIKU was performed. First on the set of 600 test
inputs described in 3.6.1 in order to cnsure-that HAIKU’s Case Analyzer was able to
handle all different types of DIPETT output (with the user’s help whenever appropriate).
Sccond, on numcrous segments of the QUIZ manual and the T4043 Tax Guide (see
scctions 3.6.2 and 3.6.3, respectively) to fine-tune the CA process and to verify how little
help was necessary for HAIKU to function as a useful KA tool — we will come back to
the latter point in chapter 6. Finally, a separate lab experiment was conducted on the
QUIZ manual: this is what we discuss below. At the time of writing, we are organizing a
large-scale testing of (DIPETT and) HAIKU on two new texts, namely the MUC-4 text
and the 1991 Ontario Building Code. '

4.7.1 An Experiment with HAIKU

In this lab experiment, we used HAIKU on the first two chapters of the QUIZ manual.
In the first phase of the experiment, we parsed the chapters with DIPETT (in batch mode
with a CPU time limit of 60 seconds) and saved the parse trees in two files, one for each
chapter. Out of the 272 input strings in both chapters, approximately 92% of them
resulted in a parse trec, producing cither full or fragmentary analysis. In the second phase
of the experiment, we ran HAIKU on both files of parse trees starting with an empty set
of dictionaries??, i.c. the MDict, the CMPDict, and the CPDict were all empty when
initiating the CA process — all HAIKU had was its list of (domain-independent)
prepositions and the Cases they realize ([Barker et al. 93]). We now list the results.
cmpty (HAIKU) dictionaries

28 Most probably. this will not be possible before a year: something over which the author has absolutely
no control. But see Appendix I for a brief descripti “a of the current design for the MNB.

29 We remind the reader that this is one of HAIKU's strengths: it need not to be fed with 2 minimal KB to
be usable.
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4.7.2 General Observations

The price to pay for starting with an empty KB was a temporarily more demanding
and tedious user interaction: since HAIKU had not accumulated much knowledge yet,
it could not make useful suggestions to the user. The svstem relied on the user o
accumulate enough knowledge before becoming more productive.

* But this “minimal learning phase™ faded out after HAIKU had processed some 50
input strings. At that point, it started morc and morc often to make usetul suggestions
to the user, thus making the interaction easicer and significantly more fruitful??. Thus,
there seems to be a lcarning curve which represents the minimal knowledge the
system must acquire in order to “know™ about the text’s salient conceptual patterns.
Hypothetically, this curve could also be looked at as the adaptation cffort required to
port from one domain to another. From the user’s point of vicw, the accumulation of
this “minimal knowledge™ translates into his participation becoming less of the
knowledge-intensive type and more of the approval or sclection type.

» The speed of semantic analysis was quite reasonable: it took the author half 2 day (i.c.
approximately 4 hours) to analyze chapters | and 2 with HAIKU — 2 less
experienced user would probably have taken a full day.

» The user need not be very familiar with the details of the topic discussed in the text
being analyzed: a basic understanding of English is what counts most. In fact, we
found that a general understanding of the text’s topic heiped, but much less than first
anticipated. The user also plays a role in making sure that the accumulated knowledge
is reliable: a difficult problem for fully automated KA systems.

» Even if the parse tree on input is not perfect or if HAIKUs initial analysis is
erroneous, particularly in determining the input’s CMP, the uscr can always enter of
select the correct patterns (CMP and CP) and ensure that HAIKU at lcast accumulates
accurate elements of knowledge in its dictionaries. However, this strategy would not
be applicable for subsequent steps in semantic analysis, in the MNB, where the

30 1n relation with an earlier footnote of section 4.3 about HAIKU's cquivalent to Scrgot’s query-the-user
facility, this observation is in perfect harmony with [Sergot 83: p.36]: “In operation the query-the-user
facility has a very attractive property. At first, it knows little and spends a lot of time asking the uscr for
information. As it assimilates this information however it necds to ask less and less.™.
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input’s ¢lements must be perfectly analyzed for its integration into the Conceptual
Network.

4.7.3 Results for Chapters 1 and 2 of the QUIZ Manual

We list below an excerpt from the contents of HAIKU s KB after processing chapters
1 and 2, starting with cmpty dictionarics. After chapter 1, HAIKU's KB contained 86
entrics in its MDict, 38 cntrics in its CMPDict, and 38 entries in its CPDict. At the end of
chapter 2, the number of cntrics were, respectively, 119 (+38%), 48 (+26%), and 50
(+32%). A bricf discussion will follow in section 4.7.4.

See Appendix H (*KB Accumuiated by HAIKU in Chapters 1 and 27) for the full
listing of HAIKU's dictionaries at the end of the processing of chapters 1 and 2. The
cxcerpt below presents only the first ten entries for each of the three dictionaries.

MDict

mDict (access, [peb], 'pobj-adv', ‘psubj-pob]i’, 'psubj-pobj-adv', 'psubj-
to'], [{adv, [manr]], [pob], [objll. [psubj, [agt]], [to, [objl]]}.

mPict (add, [pobj, 'pobj-to’], [[pobj, [obj]], [to, [1toll]}.

mbict (affect, [*psubj-pobj‘'], L Ipobj, {objl], ipsubj, lagtl]l).

mDict (agree, [*on-within'], [[on, [contl], [within, [lat]]]).

mDict {(answer, [ '‘psubj-pobj'], [[pobj, [objl]. (psubj, [agt]ll]}.

mDict (apply, ['pobj-adv'], [ [adv, [manr]], [pobj, [objl}l).

mDict (ask, [pobj, 'pobj-piobj', 'psubj-for-like’, 'psubj-
pobj'l, [[for, lobjl], [1like, [manxr]], (piobj. [objll, [pobj, [obj.recpl].
[psubj, [agt]]l}.

mDict (assume, [pob3il, [-[pobj, [ebjll)).

mDict (avoid, [pobjl, [[pob], [objl1]]).

mDict (base, [ 'pobj-on-for'], [ [for, [purpll, lon, [cont]], [pob], [cbill]}.

etc,

CMPDict (example sentences have been replaced with “ ...  here)

cmpDict ( *down-~adv’, [[‘obj-tat*, ... 1]).

cmpDict ('of-from*, {{'obj-1frm*, ... 1]).
cmpDict (‘on-within', [[‘cont-lat’, ... 11).

cmpDict({'pobj-adv’',[[*obj~caus*', ... ], ['obj-manr', ... 11}.
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cmpDict('pobj-as’, [['obj-manr', ... ]11}.
cmpDict ('pobj-as-for-in-adv', [['obj-manr-purp-lto-freq', ... i1},
cmpDicet ( *pobj-between', [['obj-lat*, ... 11).

cmpDict {'pobj-for-adv', [['obj-lto-manr*, ... 11).

cmpDict {‘pobj-from*, [{‘'obj-1frm*, ... 111.
cmpDict ('pobj-in’, [['obj-lat*', ... ],{'obj-1lto’, ... 11}).
etc,

CPDict

epbict ('acmp-cont ', {check]).
cpDict{*agt-caus-obj’, [want]}.
cphict('agt-cont', [dol).

cpDict ('agt-cont-acmp', {1lie]).
cpDict({'agt-inst', [read]).
cpDict('agt-lat", [look]).
cpDict{'agt-1lto’, [print]}.
epbict(‘'agt-ltru', [Eit]}.
chict('agt-manr‘.[respngé,sort.use]).
cphict ('agt-manr-freq', [respond] ).
ete,

4.7.4 Discussion

Some elements of the results deserve further comments. First, on the MDict. The
verbs with the largest number of different CMPs arc: “access’ (3), “ask’ (4), ‘enter’ (7).
‘link’ (6), ‘report’ (7), ‘tell’ (5), ‘use’ (6), ‘want’ (7). and ‘work’ (6). Interestingly, these
seem.to belong to two different but complementary groups. The group of central domain-
specific verbs (activities): *access’, *link’, and ‘report’; plus, the group of gencral purposc
explanatory verbs: ‘ask’, ‘enter’, ‘tell’, ‘use’, ‘want’, and ‘work’. As for verbs that
occurred with 3 different CMPs or less, 66 (55%) Iad only ong, 27 had two (23%), and
17 (14%) had three CMPs, in this text.

Second, on the CMPDict. The vast majority (94%) of CMPs arc of length 3 or
smaller: 9 (19%) of length 1, 22 (46%) of length 2, and 14 (29%) of length 3. Two arc of
length 4 and one of length 5. Also of interest is the number of CPs associated with a given
CMP. For 36 of the 48 entries (75%), a single CP js associated with the CMP; 10 entries
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(21%) have 1, zero entries have 3 or 4, one entry has 5 and another has 7 different CPs for
a unique CMP. For these two (5 and 7 CPs), the TMPs involved are, respectively. psubj -
pobi-pinbj and psubi-pobi-adv. This last result seems to confirm our common-sense
expectation that these syntactic patterns (i.e. a verb with a subject, a direct object. and an
indircct object or an adverbial complement or modifier) cover such a large spectrum of
forms that they can hardiy be very discriminating as to what secmantic pattern is
associated with them.

non-discriminating syntactic patterns

Third. on the CPDict. The CPs that were associated with the largest number of verbs
are (not surprisingly), agt-obj and agt-obj-manr, as well as obj and obj-manr. The
latter two illustrate how the imperative form is important in the type of text examplified
by the QUIZ manual. 31
(14%) with two verbs, and 5 (10%) with three verbs.

In a nutshell, these results show some support for our claim that Case-based semantic
analysis is a valuable tool for knowledge extraction from texts. It seems discriminating
cnough for most verb (activities) except maybe for input strings involving the ubiquitous
CMP and CP patterns psubj-pobj (-adv) and agt-obj (-manr}. These would greatly
benefit from the addition of semantic markers such as WordNet categories (or
“hypcrmyms™) for the nominal groups: as a result, user interaction would be significantly
cnhanced. Sce section 5.2 for a few examples illustrating how such semantic markers
could be used within HAIKU: see also the end of 5.2 for further details on WordNet's

hypernyms.

We conclude by noting that these results raise a number of interesting questions>! that
open the door to future research avenues or potential new applications. For instance, if we
consider HAIKU"s KB after the processing of a specific text (and assuming this KB was
empty when we started out), could we not say that this KB represents a characterization
(or “signature™) of the input text? Would texts of the same author tend to have similar
Case structures? Would technical texts tend to show similarities in terms of their Case
structures, regardless of who is the author? Could this information be useful in the much
nceded task of seeking a linguistic characterization of technical texts?

31 These questions were supgested by Dr. Stan Matwin, a member of the author’s thesis committee.
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5. FUTURE WORK ON DIPETT AND HAIKU

In this chapter, we bricfly deseribe planned extensions to the work presented in this
thesis. The main objective is to develop even further the methodology we proposed in the
previous chapters, as well as its computational structure and implementation, so that the
resulting system can bechave cven more “intelligently™. The order of the following
subsections is based on the importance of the extension it contains, from more to less

urgent.
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5.1 A Parse Tree Editor with Learning Capabilities

5.1.1 The Editor

As was mentioned in chapter 3. DIPETT s “best first™ parse trees are not always
correct. Two typical types of misparses are misattachments (e.g. a prepositional phrase
attached to a verb instead of & noun) and crroncous analysis caused by lexical ambiguity
(e.g. a word parsed as a verb instead of as a noun — ftor an example. see 5.3). However,
since such misparscs can seriously affect semantic analysis, it is part of our short term
plans to add to DIPETT-HAIKU another module with an interactive parse tree “editor’!.
This new module will be responsible for ensuring that before continuing with semantic
analysis in HAIKU. the parse tree produced by DIPETT is approved by the user. I not,
the user will be allowed to rearrange the tree?.

For example, the parse tree #2 in Appendix D contains a misattached prepositional
phrase (PP). In “This would produce the names of the two Boston emplovees whe joined
the company since the start of 1984”, the PP with “since” should have been attached to
the verb ‘joined” and not as a post-modificr of *“the names™. The parse tree editor will first
show DIPETT’s output, but under a much simpler form (see figure 5.1.1 below), and then
ask the user if he wishes to make any changes to it. If not, this mecans that, according to
the user’s judgment, the parse is correct. Otherwise, the user may make onc or more
adjustments: this is exactly what would happen with the cxample sentence above.

The main difficulty in designing such a parse tree cditor is the user interface which
must be very “friendly”. More precisely, since we do not cxpect the user to be a linguist,
we cannot simply assume that the user will be able to casily rcad and manipulate
DIPETT’s parse trees. Thus we arc looking for an cquivalent representation, but one
which is much simpler and more intuitive. It must not be too fine-grained, just cnough to
allow the user to “repair” typical errors. Figure 5.1.1 presents a hypothetical interaction in
whxch the editor shows our example syntactic analysis #2 in an casy-lo-rcad format; we

! By ‘editing” we mean using a set of simple operations that modify an cxisting structure, Such a set would
definitely not include typing in a complete new structure,

2 An alternative strategy would be to allow the parser to backtrack and suggest different analyses (ic.
parses) to the user. However, we see two major difficulties with this strategy: first, the time to produce
several different analyses might become unacceptably long for the user, and, second, the user would still

be left with the burden of decoding and distinguishing several non-trivial parse trees in order to select the
best one.
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also show (in bold typeface) what the user would have to do to correct it — obviously, a
comparable interaction could take place in a graphical environment. (Notation: “X w Y™
means “X is modified by Y™.)

INPUT: “This would produce the names of ithe two Boston employees who joined the
company since the start of 1984.”

SIMPLIFIED PARSE TREE PRODUCED BY DIPETT:
a) This would produce the names

b) w of the two Boston emplovees

c) w who joined the company
d) w since the start

) w of 1984

IS THE ABOVE PARSE TREE CORRECT [0/Y]? n

PLEASE ENTER THE MODIFICATION COMMANDS, ONE PER LINE (*ok’ to exit):
1) attach ‘d’ to ‘joined’ in ‘¢’
Dok

HERE IS THE RESULTING UPDATED PARSE TREE:
a) This would produce the names

b) w of the two Boston emplovees

c) w who joined the company

d) = since the start

c) w of 1984

IS THE ABOVE PARSE TREE CORRECT [n/Y]?y

Figure 5.1.1. A Hypothetical Interaction with the User During Parse Tree Revision

This is based on the hypothesis that the analyses which must be repaired are, on
average, not too distant from the correct analysis. Or, in other words, that the number of
crrors is small and that these errors are easy to identify and fix. If this hypothesis does
hold, which scems to be the case at least for misattachments, then we claim that such an
approach to the production of correct parse trees is more productive than other
approaches such as [Brown & Nirenburg 90] in which the parser produces multiple parse
trees (for ambiguous input strings) that must be dealt with subsequently in semantic

184



5.1: A Parse Tree Editor with Learning Capabilities

analysis — see also [Blanchon 92] where the proposed system performs disambiguation

by asking the user to select the appropriate interpretation amongst a list of possibilities.

There arc however a few kinds of parsing errors that might justity a “second-chance™
parse. A misparse caused by lexical ambiguity illustrates such a situation. 1f a word has
been parsed as a verb instead of as 2 noun (again. sce 5.3 for an example), it might be the
casc that the parse tree is o ruch different from what it ought to be that repairing it with
the editor simply docs not make sense. A better solution for this situation would be to
update the lexicon with the appropriate entries for this particular input and then reparse it
entircly. In order to do this. the editor would have a short list of parsing ¢rrors for which
such an alternate strategy should be proposed to the user. This option might ¢ven be
offered for any situation since the user may judge the repairs too difficult and thus prefer
to reparse after having updated the lexicon or submitted a slightly moditicd (but
semantically equivalent) input string.

The editor should also be prepared to handle fragments. When DIPETT does not
manage to find a full analysis under the prescribed CPU time limit, our expericnee has
revealed that, often, the resulting fragmentary analysis is an almost correct parse tree
segmented into a few substructures. For such fragments, it appears that the above scheme
could be used as a recuperation process which would allow us to transform fragmentary
analyses into full analyses by simply connccting the main components via the parse tree
editor. This requires further work.

Finally, for convenience of use, the editor should be usable during on-line parsing as
well as during a preliminary phase of semantic analysis of parse trees already stored in a
file, similarly to option 9 in DIPETT’s main menu (sec Appendix A).

5.1.2 The Editor as a System that Learns

In the previous subsection, an example showed that the parse tree editor was informed
by the user that a certain prepositional phrasc (PP) had been misattached. Such
information could be accumulated by the editor in a separate KB so that it could be used
both by the editor and cventually by the parser in subscquent processing. Similarly to
what happens in HAIKU, this would allow the editor module to improve its performance
as it accumulates past-processing experience.
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First, the editor. As it collects more and more information on parsc tree repairs made
by the user, it becomes more and more autonomous in recognizing the most frequent
(potential) errors when it is given a new input. Based on its KB. the editor could then
suggest a small number of potential remedies to the uscr, thus minimizing the editing
task. For instance, supposc that PPs with ‘since’ are often attached to a preceding noun
instcad of a preceding verb. The cditor could wam the user about this fact after having
checked its KB (for an input containing such a PP with “since’).

Sccond, the parser. If the editor can acquire knowledge on parse tree repairs, it will be
possible to gencralize its KB in order to propose candidate modifications to the parser’s
grammar — sec [Brill 93] and [Kiyono & Tsujii 93] for related work. (Obviously, this
aspect of the editor would be intended for the more specialized user or the person
responsible for maintaining the parser’s grammar.) In particular, these modifications
could take the form of attachment heuristics that would teil DIPETT what are the most
likely attachments during the parsing of certain structurally ambiguous input strings. To
continuc with our PP with ‘since’ cxample, generalizing over a certain number of
misattachments involving a2 PP with ‘since’. the editor would propose a ‘since” heuristic
rule of the form “when a PP with “since’ follows a complement noun phrase, then attach
it to the (preceding) main verb™. This facility could thus assist the task of improving the
parser’s reliability. '
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5.2 Refining HAIKU’s CA: a Concept Ontology for Noun Semantics

As we discussed at the end of chapter 4. probably the most apparent limitation of
HAIKU"s current representation of syntactic and semantic patterns (i.c. CMPs and CPs)
is its lack of semantic categories (or conceptual categories) attached to nouns. Such
categories would make HAIKU's stored patterns and suggestions even more precise:
HAIKU would simply discard candidate patterns that are associated with nominal fillers
which have incompatible semantic categorics.

For example, supposc we know that a verb’s subject (*psubj’) must be of the
CONSCIOUS-BEING category and its object (‘pobj’) must be of the
NONDECOMPOSABLE-OBJECT catcgory3. Then, HAIKU s CMP cntry for that verb
would contain psubj/CONSCIOUS-BEING and pobj/NONDECOMPOSABLE-
OBIJECT instead of simply psubj and pobj. Assuming that all lexical entrics for, nouns
would be augmented with their appropriate semantic catcgory (or catcgorics). scmantic
analysis could first ensure that noun fillers of thc appropriatc semantic category arc
associated with each Case marker. This extra information would also be added to
HAIKU’s CPs: we could then have AGT/CONSCIOUS-BEING and
OBJ/NONDECOMPOSABLE-OBJECT instead of simply AGT and OBI. In that way,
whenever HAIKU would atterpt to suggest candidate CMPs or CPs for a given input, it
would systematically filter its potential suggestions through the test of semantic
categories.

Let us have another example using semantic categorics of the computer scicnce world
(CSW)4. With the current version of HAIKU, the following two sentences arc both
associated with the same CMP, i.c. psubj-pobj-adv, and the same CP, i.c. AGT-OBJ-
TAT: “My brother bought a new book yesterduy” and “My program compiled a new
database yesterday”. However, if we augment the current representation with the CSW
semantic categories, the first sentence would be associated with the CMP
psubj/PERSON-pob3i/DOCUMENT-aav and the sccond with psubj/PROGRAM-
pobi/DATA-adv. Similarly for CPs, we would have AGT/PERSON-OBJ/DOCUMENT-
TAT and AGT/PROGRAM-OBJ/DATA-TAT. We clearly sce that the two sentences
which have identical CMPs and CPs within the current framework are no longer

3 We borrowed these categories from [Bateman ez al. 90},
4 These categories were borrowed from the is-a hierarchy of [Nirenburg & Raskin 87].
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considered similar when CSW semantic categorics are added: HAIKU would not propose
onc as an example of the other during the Case analysis process.

At this point, the reader might be tempted to ask why semantic categories were not
added to the design of HAIKU if they seem to have such a positive impact on its
processing. There arc two good reasons for this. First, it is difficult to find an “off-the-
shelf” conceptual ontology that is both relatively standard and not too domain-specifics:
at present, this type of knowledge is anything but standardS. Second, as a consequence of
the first point, we belicve that using such ontological knowledge would go partly against
the fundamental claim of this thesis which argues for TP for KA without a priori domain
knowledge. Further development and standardization of current ontologies will certainly
help to clarify this situation in the future. One possibility that deserves more investigation
is the use of WordNet's hypernyms?, which could be considered as semantic categories.
For cxample, [Feng er al. 94] discusses how WordNet can be used for disambiguation and
for scmantic clustering, starting from elements of parse trees produced by DIPETT.

Finally, we note that this type of knowledge, if ever made available to HAIKU, might
also influence DIPETT as an expectation-driven processor: see section 5.4 below.

3 Ontologies that are fined-grained tend to be 100 domain-specific: others that are too general, tend to be
uscless.

6 A recent (November 1992) compilation of “ontological concept-systems™, circulated over an electronic
news group by Fritz Lehmann, listed 84 different systems!

7 A WordNct hyperaym is the generic term used to designate a whole class of specific instances: Y is a
hypernym of X if X is a (kind of) Y. For example, the sense #1 of the noun *file” has the four following
hypernyms, from more specific to more general: line, formation. array or arrangement, group or
grouping,
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5.3 Extending DIPETT's Coverage of English

It is of the highest importance that DIPETT s coverage of English grammar be as
broad as possible (while remaining tractable). at least for the spectrum of syntactic
phenomena we cncounter in the type of technical text that is of interest to us in this
research project. As we bricfly discussed at the end of chapter 3, extended testing of the
parser has revealed a number of weaknesses, some of which are more consequential than
others. We now identify the main arcas in which DIPETT s grammar would gain {rom the
addition of new rules, or the extension or revision of the existing rules.

For the following unordered list of phenomena, the parser currently provides cither a
fragmentary analysis. because it could not find a full analysis, or an crroncous (fuil)
analysis8. In other words, input strings containing onc or more of these phenomena are
not analyzed correctly, if at all, by the current version of DIPETT s grammar. This
represents a much more serious problem than simple misattachments. At the time of
writing, these drawbacks have not yet been corrected: extensive testing of the parser’s
coverage was completed only recently, and we also wanted to know what phenomena
were most important to add to the current coverage of technical English.

» reflexive pronouns: for cxample, “A summary operation specifies that a summary
for the item is to be reported rather than the value of the item itself”. The parser
attempts to analyze ‘itself” as a separate and independent pronoun., i.c. which doces not
refer to ‘item’. This might be a difficult problem for a surface parser.

+ genitives with implicit conjunction: for ¢xample, “ ..., such as an employee’s
number and name”. The parser does not associate ‘namc’ with ‘employee’: *name’ is
analyzed as a separate and independent noun. Obviously, both analyses arc valid,
grammatically speaking. The problem is that the first alternative (i.c. implicit
conjunction) is not even considered.

« punctuation, especially commas: for example, “In the next few pages you can learn
how to ask the right questions even if you've never used a computer before”. The
parser correctly analyzes this string only if a comma is inserted after the “fronted”

8 We note that these phenomena are not-necessarily totally unknown to the grammar: they are not correctly
analyzed. This may be caused either by competing rules that happen to always “win™ over the other rules
or by erroneous rules.
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prepositional phrasc, i.c. between ‘pages’ and ‘you’. Similarly with “QUIZ reads the
entire file, and selects the employees you want”, where the comma in front of the
‘and” prevents the parser from correctly analyzing the sentence. Certain types of
parcnthetical input strings also cause problems to the parser. For example, a
parcnthetical relative clause: “And the FLOOR function (which rounds down) yields a
value of 3",

= enumerations: for cxample, “Functions simplify procedures such as 30-60-90 day
aging routines, packing names for addressing, finding the occurrence of one string in
another string, pattern matching, rounding numbers up or down, or manipulating
characters for titles”. Although the parser has all the necessary rules to correctly
analyzc such an input, it appcars to be exceeded by some combinatorial aspect of the
input string. Because the parser lacks an “enumeration™ rule, simpler types of
cnumerations are also not (fully) analyzed by the parser: for example, “The user can

print any of these things; a letter, a program, or a list of items”.

» lexical ambiguity, especially for the noun/verb case: for example, “Report 1.2:
Report sorted on more than one sort-key”. The parser analyzes this string as an
imperative statement, because of ‘report” which can function either as a noun or a
verb. If we introduce the determiner ‘a’ in front of “Report sorted”, the input is parsed
correctly.

» certain types of structures with inserted, optional modifiers: for example, “QUIZ
can be tailored_with a little ingenuity, to suit almost any reporting requirement” is
not correctly analyzed, whereas this equivalent form is: “Wirh a little ingenuity, QUIZ
can be railored to suit almost any reporting requirement”. ’

« questions: the current coverage of questions is minimal. Although questions are rare
in the two texts we studied (i.c. the QUIZ manual and the Tax Guide), this subset of
the parser’s grammar would have to be extended to cover other types of technical
texts, such as textbooks, in which questions are much more frequent. On the syntax of
questions, see [Quirk er al. 85: chapter 11].

« phrasal verbs: for example, “He looked up the word in the dictionary”. Even if the

parser (and the lexicon) has the required knowledge to analyze phrasal verbs
correctly, it often misparses them for two reasons. First, many particles can also

190



5.3: Extending DIPETT s Coverage of English

function as prepositions. Sccond. the parser gives priority to the analysis of
prepositional phrases, because of their importance for Case-based semantic analysis.
Thus, for the above example string. the parser mistakenly finds two prepositional
phrases: “up the word™ and “in the dictionary™. It may be the case that particles
represent a more challenging problem than expected: not only for parsing, but also for
semantic analysis®.

= conjoined verbs: for cxample, “The bomb, which exploded and caused properiy
damage ...". If conjoined verbs can both be transitive according to the lexicon, then
the parser assumes that they have the same complement when the second verb is
followed by one. In the example here, “property damage™ is erroncously assumed to
be the implicit complement of ‘exploded’. (Noun semantics would also help here.)

* past participle constructions: for example, “The first amount is included in the
total” is parsed as a passive construction: the past participle construction is not
considered. (Also, a few subtle forms of passive are not analyzed properly.)

* the postposed pronoun ‘both’: cxample, “They told us both to wait”. The parser
only knows about ‘both’ as a predeterminer, not as a postposed pronoun — see [Quirk
et al. 85: p.382].

» post-verbal adverbs: example, “They are probably at home”. Adverbs that appear
between the verb and the complement, such as disjuncts (scc [Quirk er al. 85: p.440]),
are often misparsed; those that appear just before the verb are correctly analyzed (c.g.
“He rapidly became the leader of the group™).

« sentential relative clause: for cxample, “They say he plays truant, which he
doesn’t.”. Relative clauses functioning as noun phrasc post-modificrs arc corrcetly
analyzed but not those at the sentential level — see [Quirk er al. 85: p.1118].

We also include in this list the following phenomena which are rather uncommon in well-
written technical texts.

9 A similar observation appears in [Dick 92; p.237]: “Particles, of all the lexical elements, have caused the
most trouble. Although some work has been done on them, their behaviour is not yet fully understood.
The dramatic affect they have on the meaning of the verbs to which they attach themselves is enough
motivation to provoke curiosity and investigation.”.
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» various ‘emphasis’ or stylistic constructions (e.g. topicalization, extraposition):

for cxample, “Here is your sister_an envelope in each hand ™.
* conjoined sentences with elided object: for example, “She designed and he
implemented the new operating system”. At prescent, such a construction is misparsed

as a conjunction of two independent clauses.

* mandative subjunctive: for example, “7 demanded that the committee reconsider
its decision”™ — sce [Quirk et al. 85: p.156].

* noun phrases with embedded relativizers: for cxample, “The report, the cover of

which he designed”.
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5.4 Transforming DIPETT into a Flexible Expectation-Driven Parser

Another aspect of DIPETT that deserves more research is the transformation of its
current mode of parsing. which could be characterized as “best-first™ uninformed. into 2
“best-first™ expectation-driven analysis process. Typically, such a parser relies on a
repository of information from which it fetches (syntactico-semantic) clues that may help
it to proccess its input strings more reliably or more rapidly. The clues are the clements of
information on which the parser can base its “predictive™ behaviour, Based on these
clues, it expects to find specific, more or less complex constructions in the (remainder o)
the input. A gain is obtained when the parser finds that the input at hand matches the
clues: in this situation, the clues constitute a “shortcut™ to a successful analysis,
syntactico-semantic clues

For the sake of the discussion. let us suppose that the input string to be analyzed is
“The software engineer transferred the old MODULA compiler from partition A 1o
partition B”. Let us also suppose that the (hypothctical) parser — not only the semantic
analyzer — has access to HAIKU™s KB and that the latter contains some information on
the verb “transfer’. So the parscr begins its analysis of the input and gets to the verb
‘transferred’, after having rccognized the initial noun phrase (i.¢. “The software
engineer™) as a candidate subject group. Then it halts and consults the MDict (i.c. the
“meaning dictionary™ sec 4.3.1) in which it finds that “transfer® has alrcady been
associated with the CMP psubj-pobj-£from-to before.

At this point, the parser has only analyzed the initial noun phrase and the following
verb and “knows™ this: in the remainder of the input string, it can expect to find a direct
object, a PP (prepositional phrase) with ‘from’, and a PP with ‘to’. More, the parser
knows that the two PPs should be attached to the main verb, i.c. to ‘“transfer’. Using
appropriately this sct of expectations, the parser can rapidly produce the correct parse,
since the example input matches the expectations. By the same token, we know right
away what is the CMP that must be associated with the current tnput, i.c. before getting to
Case analysis where it is normally computed at the outset — all this, assuming at least
one pattern existed for ‘transfer” prior to the processing of the current input sentence.

However, if the clues do not match the expectations or if the parser cannot find any
expectations in HAIKU's KB, then the parser must be able to automatically return to its
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original mode of parsing. It is in this sense that the parser’s expectation mechanism
should be flexible: if cxpectations do not lead quickly to a successful parse, then there is
no nced to perform any further computations or to interact with the user, and so the parser
should simply get back to the default mode of parsing!©.

There is another potential consequence of the addition of this expectation mechanism
to the current design: if the clues do indeed match and lead to a successful analysis. not
only do we know at once what the input’s CMP is (as mentioned above) but, thanks to the
CMPDict, we cven have at Icast one candidate CP to propose to the user — say AGT-
OBJ-LFRM-LTO for the above cxample. In that situation, we see that we would manage
to find the input’s CMP and CP without actually invoking the Case Analvzer (and thus

minimizing cven further the user’s intervention). Of course, some elements of the Case

Analyzer might still be needed to compute other results or structures, but the point is that
the processing of input strings from which we cannot learn much (since we already know
their CMP and CP) would be further automated!!.

In bricef, as HAIKU would accumulate more and more knowledge in its incremental
KB. cspecially in its MDict and CMPDict dictionaries, the parser’s expectation
mechanism would tend to become more and more productive and would thus tend to
make the user’s life more and more easy and less repetitive. This proposal means that the
current architecture in which DIPETT and HAIKU are completely independent of one
another would be replaced by one in which both modules would indirectly interact
through the parser’s expectation mechanism.

Finally, three additional remarks. First, we note that if semantic categories are added
to HAIKU's patterns, as discussed in section 5.2, the above discussion is still valid!2. The
only difference is that the semantic categories would be part of the expectation
information (i.c. the clues). For instance, if the parser is looking for 2 £xom/DEVICE-PP
(instead of simply a PP with *from’), this means that it would have to find a PP with
‘trom" in which the noun filler would have to be of the semantic category DEVICE.
Sccond, compared to the current approach, expectation-driven parsing is probably easier

10 e are not saying that the hypothetical mode of parsing described here would be easy to implement
within the bounds of the current parser’s implementation. In fact. we do not know for sure yet.

' in a sense, processing would “jump™ from parsing to the conclusion of semantic analysis. From the
user's point of view, the system would appear more autonomous (i.e. more “intelligent™) and, also, more
dependable.

12 In fact, our proposal would be compatible with the notion of “Case parsing™ see [Somers 87: chapter
11
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to defend from 2 cognitive viewpoint: as processors of language. we know that we

ourselves use “clues™ all the time. Third. the above proposal is moderate when compared

to others, such as [Trost er al. 881, in which semantic processing always has the lead and
is guided by syntactic analysis. However, such approaches do require significant a priori
(semantic) knowlcdge.
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5.5 Text Summarization as Parametrizable Text Highlighting
5.5.1. Introduction

Text summarization (TS) is a very complex activity. A good summary concentrates
on central clements and sclectively ignores peripheral details [Lchnert 82: p.376). Things
that arc implicit or that can casily be induced or deduced based on the reader’s knowledge
nced not be mentioned. But how does one evaluate importance and relevance in order to
perform TS in an automatic TP system?

Early work on TS focused mainly on stories ([DeJong 82], [Lehnert 82]). Delong's
FRUMP system provides summazies based on 2 top-down script-based extraction of
rclevant information in specific domains. As is true of most approaches based on story
grammars, FRUMP is cxpectation-driven and thus requires significant a priori
knowledge stored in its scripts. ' We cannot adopt such a strategy in TANKA for two
rcasons. First, we do not want to assume much a priori semantic knowledge because it is
our goal to incrementally acquire such knowledge through TP. Second, story processing
techniques arc not necessarily appropriate for expository texts in general and technical
texts in particular. Expository texts are organized hierarchically while stories tend to be
organized scequentially. The notion of story grammar has no widely accepted equivalent in
cxpository text (but see [Berry-Rogghe & Kaplan 86] for a proposal).

5.5.2. A Proposal Based on the Notion of Conceptual Distance

Although interest in TS scems to have decreased lately, researchers into expository
TP have proposed scveral ideas that could be further developed profitably. In [Nishida er
al. 86]. the authors are interested in global text analysis based on intersentential relations.
They suggest the hierarchical structure of expository texts be exploited by considering
chapter headings as topic indicators and section headings as topic attributes!3. In [Fum ez
al. 85), scveral criteria for evaluating importance are presented. Among these, we
consider the following two to be particularly significant: i) the relation between a given
sentence and the topic, and ii) references to semantically relevant concepts in the domain.

13 See [Hahn 92] for a computational framework that deals with global text structures at the “text
coherence™ level. The proposed systems recognizes several coherence phenomena such as ‘constant
theme', “continuous thematization of themes®, and *derived theme',
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The default mode of operation for DIPETT is to process one sentence at a time. We
think a destrable feature would be to parse tonger input strings such as a paragraph! or a
free_segment of a text (i.c. a certain number of consecutive sentences), However this
implies much more extensive processing than is involved in parsing a single sentence —
not much would be gained if processing simply provided an ordered sequence ot parse
trees. one per input sentence (sce [Jensen 89] for a similar observation). We envisage
more intelligent parsing which would summarize the contents of these longer input
strings, i.e. we are trying to see TS as a special parsing mode.

Because TANKA is concerned with language analysis rather than language
generation, we plan to produce summaries using the actual clauses of the input text. To
decide whether a given clause should appear in the summary, we cmploy the following
test: if the clause’s conceptual distance €D is smaller than the granularity parameter T,
then it becomes a candidate clausc for the resulting summary. We assume that the
integration of new knowledge in TANKA's knowledge base (Conceptual Network or CN)
always take place before TS.

The conceptual distance of a clausc is tentatively expressed in terms of five distances:

1} the distance between the main concept of the point of focus (the clause) and the
current cluster (topic!?) in the CN — the current cluster is associated with the most
recent topic shift (c.g. the most recent beginning of a new paragraph);

2) the distance between the current cluster and its hicrarchical parent in the CN;

3) the distance between the point of focus” main concept and the local heading’s main
concept in the CN;

4) the distance between the local heading’s main concept and the top level {c.g.
chapter) heading’s main concept in the CN;

5) the “hierarchical distance”, i.e. the number of intervening levels, between the local
heading and the first level heading in the text.

14 Interestingly, major topic movements occur predominantly at paragraph boundaries (|[Hahn 92: p.28]).
Alse, the computational theory of the paragraph proposed by [Zadrozny & Jensen 91| should be
considered.

15 On the problem of automatically identifying topic and focus, see |Hajicova & Sgall 86] and [Hajicova
& Sgall 93].
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The above definition of conceptual distance has a clear computational interpretation:
composite distances #1-#4 can be cvaluated in terms of edges and vertices in the CN,
whilc composite distance #5 can be cvaluated in terms of the decimal notation commonly
used to number scction headings in technical texts. The granularity parameter T is an
indication of the level of detail desired in the summary. It could be set to a specific value
by the user. A high value of T would indicate that we are looking for a summary in
which clauses may be located at relatively large conceptual distances from one another:
this would produce a detailed summary. A low value of T would indicate that we are
looking for a more concise and coherent summary.
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6. CONCLUSION

This thesis is concerned with the language processing aspects of the task of acquiring
knowledge from technical text with little @ priori domain knowledge. We proposed a
semi-automatic approach for which we described and tested a Prolog implementation
organized around two central modules, the DIPETT parser and the HAIKU Case-based
semantic analyzer. These modules, cspecially if they are part of an encompassing system
such as TANKA, arc expected to assist the knowledge engineer’s task in situations where
technical texts are available. The two modules constitute a semi-automatic linguistic
(sub)system, devised for knowledge acquisition purposes, which facilitates the modelling
ol a domain of interest.

The parscr has a broad coverage of technical English and includes mechanisms that
help 1o make it an cffective text parsing tool — a tool whose effectiveness should
increase cven more in the future, as discussed in chapter 5. The semantic analyzer
intcracts with the uscr to get his approval of the analysis it proposes and negotiates
clements of this analysis whenever necessary. As HAIKU progresses through the input
text, it incrementally accumulates knowledge elements that can be used profitably so that
it behaves more and more autonomously and thus alleviates the user’s participation.
Because of their domain independence, both DIPETT and HAIKU contribute to the
generality and portability of the approach we put ferward.

We illustrate the operation of the system proposed in this thesis by the following
practical situation. A knowledge cngineer is confronted with the task of modelling the
(domain) knowledge contained in a technical manual. In order to assist himself in this
undertaking, he wishes to use a system like TANKA, based on a linguistic processor
composed of DIPETT plus HAIKU. In an initial phase, he uses DIPETT s simple tagger
(sec 3.3.5.3) in order to define the manual’s vocabulary and build a customized lexicon.
Then he calls upon DIPETT to parse, in batch, the technical manual, using the lexicon he
prepared carlicr. All the parse trees, either full or fragmentary, are collected in a file. In a

.third phase, he employs HAIKU to semi-automatically perform a Case-based semantic

analysis of the parses. At this point, the knowledge engineer has accumulated a repository

’ ~ of knowledge clements, i.c. a KB, with the help of a linguistic processor.
\__// g



If DIPETT and HAIKU are used within a system like TANKA. then the resulting KB
would represent a computerized model of the manual’s domain. On the other hand, i
DIPETT and HAIKU were used independently of such an encompassing system (i.c. as
an independent conceptual analyzer). then HAIKU would nevertheless have accumulated
a rich set of knowledge elements within its three main dictionaries of syntactic and
semantic patterns. These patterns can be said to represent a particular (partial) model of
the text with an emphasis on the knowledge conveyed through the verbs and their
complements. Such knowledge is especially useful in showing the main relationships
between a domain’s main activitics and its main objects: the knowledge symbolizes a
simple conceptual model. In a sense, this simple model could be said to represent a
“conceptual X-ray” of the input text.
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Chapter 6. Conclusion

6.1 Significance of the Results

We belicve the work presented in this thesis has contributed to the fields of NLP and
KA by presenting a systematic methodology, supported by a comprehensive
implementation, to the difficult problem of incrementally acquiring knowledge from text.
In particular, the fact that we did not assume an a priori domain-specific KB contributed
to the originality of the solution we proposed. As far as we know, no approach close to
ours has cver been described in the literature.

We also note that the approach proposed in this thesis differs significantly from the
information-retricval and the statistical paradigms, as mentioned in 2.2. The information-
retricval approach (¢.g. [Ciravegna et al. 92], [Kim & Moldovan 93], and [Appelt et al.
93]) is often based on a frame instantiation strategy, which requires the system to
manipulate pre-determined frame structures containing a priori knowledge. Such systems
tend to be domain-dependent and usually rely on partial parsing or keyword matching.
The statistical approach (e.g. [Smadja 91] and [Brent 91a]), usually based on concepts
such as word collocations, n-grams, etc., is typically non-incremental and semantically
weak. It requires large (often syntactically pre-tagged) corpora and sometimes depends on
partial parsing as well. Most of all, results of the statistical approach are rather limited in
terms of the goals of this research. For instance, only high-frequency patterns (e.g.
collocations) can be statistically validated. In TANKA, our view is that any (semantic)
pattern approved by the user is important and may contribute to the knowledge
acquisition process.

We now list the central claims made earlier which we think underline the contributing
clements of this research, and for which the body of the thesis provides support:

* we have provided 2 computational setting for the efficient implementation of
semi-automatic assistants for KA from technical text. Much of the thesis
concentrated on the engineering side of the proposal, providing all the technical
details instead of being concerned solely with generalities!.

| This type of description helps present not only what could or can be done about a problem, but what was
precisely accomplished and how we actually did (i.e. implemented) it.
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we have demonstrated the practicality of an NLP approach to KA in which the
linguistic module does not rely on oxtensive or complex a¢ priori domain
knowledge. provided a competent user (see 1.3.2.2) can supervise or guide the
system whenever appropriate, especially during the initial "lcarning™ phase since
the system will behave more and morc autonomously as it accumulates
knowledge. In fact, DIPETT and HAIKU are key clements to the transformation
of knowledge-based text understanding into KA: if the system cannot
“understand™ an input, its KB lacks clements of knowledge that are worth
acquiring.

we have demonstrated the appropriateness of a compositional approach using
detailed syntactic analysis combined with Case-based semantic analysis: in this
context, the surface form of the input text is quite naturally amenable 10 KA via
NLP.

we have illustrated in a specific context how the individual problems of NLP and
KA seem to share fundamental processing propertics. More precisely, NLP
involves KA at all levels: i.e. lexical, syntactic, and secmantic; and KA without
NLP appears impossible: knowledge is a “cognitive artitact™ that is intrinsically
human and could not exist without NL.

Scientific research contributes to the advancement of our knowledge not only through
complete solutions but also through the identification of limitations, open questions or
unresolved issues, and further development. Since we have alrcady covered the topic of
future work in chapter 5, and since section 6.2 discusses applications of our approach, the
rest of this subsection will consider the other clements we have just listed.

As far as limitations are concerned (excluding those that were discussed in chapter 5),
we make three remarks:

as on-line (versus batch) parsing may be a preferable mode in certain practical
situations, faster parsing for many types of complicated input strings is a
necessary enhancement. '

203
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= the current user interface is simplistic and presents a lot of information to the user:
a new design, probably based on some graphical tool, is another much needed
¢nhancement.

* on aless technical level, the “quality”™ of the text submitted on input has a serious
impact on the case of processing: on the one hand, a poorly written text is not
likely to represent the domain of interest very well; on the other hand. a text
written with too many complicated sentences? is likely to cause serious difficulties
to the syntactic and semantic analyzers.

The rescarch work described in this thesis also opened the door to several questions or
problems that remain unresolved:

« what is the precise impact of “partial” KA on the resulting KB? That is to say, when
semantic analysis is performed on fragmentary parses, what do we lose exactly in the
process? One could argue that any NLP approach to KA from text is bound to be
incomplete. But how incomplete is it?

« this thesis deals exclusively with the analysis of NL. Are there any elements of our
approach that could be useful for the converse problem of language generation? For
instance, suppose we analyze a text for which we wou!d like to reformulate (i.e.
rewrite) some scctions that are poorly written, could we use the KB obtained during
analysis in order to guide the generation process?

« arc there any “purely linguistic™ applications for HAIXU? For instance, could a
linguist be interested in using it to study the properties of verbs and their
complements in order to determine, say, certain classes of verbs based on some
syntactic or semantic patterns? Or to compute frequency statistics of some patterns,
possibly occurring with some verbs? Or to study the nature of Case fillers in relation
with the different verbs with which they occur? Or to study the relationships between
certain syntactic and semantic patterns? (See also the questions raised in the very last
paragraph of chapter 4.)

2 The Tax Guide is guilty of this writing practice. Sentences containing some 60 or 70 words, including 5
or 6 conjunctions, are not uncommon. They not only give a hard time to DIPETT but also to human
parsers!



6.1 Significance of the Results

can the current CPU time limit strategy, used for setting a maximum parsing time (see
3.4.2), be transformed into an “anytime module™? strategy? The latter would allow the
user to set a time period under which the system would always have to vield a result,
maybe incomplete but never useless. In other words, we could launch parsing and
whenever it is interrupted (by the user, say). the parser would return the best result it
had managed to compute so far, The longer the time period., the better the results, For
instance, this time period could function as a parameter influencing the granularity of
the parsing process. The shorter the time pertod., the less the parser’s analysis would
be fine-grained.

* in this thesis, we discussed the idea of scmi-automatically building domain-specific
knowledge bases from technical text. What if we applicd the same methodology to
general textual material, such as the definitions of The Collins COBUILD dictionary.
in order to derive a very general knowledge base*? For example, let us suppose that
we would process all definitions of verbs (including the accompanying example
sentences). Could we derive a general catalog of CMPs and CPs for verbs that would
actually be similar to a list of legal selectional patterns for these verbs? The
information collected during such a process would then be available afterwards for
easier processing of domain-specific texts, assuming such a gencral KB would be
used as the initial HAIKU KB. Such a gencral KB would provide additional support
for the transformation of DIPETT into an cxpectation-driven parser (scc 5.4) by
making available to the parser the kind of information that is uscful in expectation-
driven parsing.

3 This concept was presented at COLING-92 (on July 237d) by a German guest speaker whose name is
unfortunately a mystery to the author of this thesis!

4 This hypothesis was suggested by Dr. Harvey Abramson, 2 member of the author’s thesis committee.
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6.2 Current and Prospective Applications
6.2.1 DIPETT and HAIKU as MaLTe’s Linguistic Module

Onc important claim of our approach is its domain independence and portability.
MaLTe, an ongoing projcct at the Department of Computer Science of the University of
Ottawa, provides some support to this claim. We here succinctly describe Mal.Te, based
on [Matwin & Szpakowicz 92], from which we borrowed a few excerpts with the Kind
permission of the authors — for more details, see that reference as well as [Delisle et al.
94). This project is a natural but substantial extension of an earlier proof of concept
presented in [Delisle et al. 91]. One of its main goals was to show the potential of an
approach to TP in which NLP and ML techniques are synergistically combined.

The MaLTe system is built upon the linguistic module developed for the TANKA
project, i.c. DIPETT and HAIKU. As in TANKA, Case analysis is the centrepiece of
linguistic processing of texts in MaLTe. What is specific to MaLTe though is the use of
ML techniques that can help extract knowledge from the text by doing appropriate
generalization, EBL offers knowledge compilation and generalization methods that seem
adcquate for the analysis of narratives (describing 2 domain in generic terms), and
examples (showing how this knowledge applies to individuals in the domain). To put it
simply, domain theory for EBL is derived from the narrative, while examples serve as
data.

In other words, MaLTe attempts to explain the examples using the knowledge
contained in the narrative. An explanation is then operationalized (made useful in terms
of the system knowledge) and generalized so that it is useful for a whole class of similar
cxamples. The top-level algorithm used in MaLTe is summarized below: the input is a
sentence and the associated output is a number of Horn clauses representing this sentence.
It is to these Horn clauses that ML techniques will be applied.

= syntactic processing: parsing with DIPETT;

« semantic processing: Case-based semantic analysis with HAIKU;

» translation into logic: conversion, clause by clause, of the syntactic form into
Horn clauses;



6.2 Current and Prospective Applications

* prescriptive structure determination: an optional step which is applicd to
prescriptive structures (in the sense of [Moulin & Rousscau 90)). t.¢. which are
expressed as if-then rules (e.g. “If vou married in 1990, (then) vour spouse
becomes a supporting person for all of 1990™),

» selection of the theme predicate: determines what single predicate is the most
important for the meaning of the sentence:

+ unflattening: converts a clause™s predicates into arguments of other predicates.
6.2.2 A Tool for Assisting Conceptual Data Modelling

A data model is a collection of concepts that describe a set of data and operations to
manipulate the data. Such conceptual data models, often expressed as a logical (or
relational) schema, are used during the design phase of a database (DB). Thus, a schema
is a representation of a specific portion of real-life situation. More preciscly. a schema is
collection of NL or graphic representations that describe the structure of the data of
interest, such as that within one organizationS.

Typically, DB designers use entity-relationship (ER) diagrams to model the domain.
Although the basics of ER diagrams are fairly simple and well-known nowadays, the
process of actually building such diagrams for a given complex situation is a difficult
task. Based on his comprehension of the enterprise, the DB designer has to identify
domain entities, relationships, and attributes of these two. Normally, cntities and
attributes are expressed as nouns while relationships arc expressed as verbs: nouns and
verbs serve as descriptors in NL paraphrases.

The application we wish to propose here is the use of DIPETT and HAIKU as the
central linguistic module of a computerized tool for assisting the DB designer in the
elaboration of a conceptual data model. The main objective of this tool would be to make
useful suggestions to the designer as to what could be considered candidate entities,
relationships, and attributes, in a given domain. (We arc not saying that the output of such
a system would be actual ER diagrams. Rather, the output would constitute some kind of
a rudimchtary conceptual data model that could be further processed for DB design

purposes.)

5 This introductory paragraph was inspired by the first part of section 2.3 (“Data Models™) in [Batini ef al.
92].
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For this proposal to be feasible, we must have access to texts that describe the domain
of interest well. Such texts do cxist in medium-size and large organizations: texts that
describe how an organization (or its part) is structured and how it functions, its
rcgulations, norms, internal policies, contracts, collective agreements, etc. We
hypothesize that if such texts are indeed available and if they are representative of the
domain to be modelled. then they could be processed profitably in order to assist the DB
designer’s task by identifying candidate ER schema elements. In terms proper to DIPETT
and HAIKU, these ER clements would be expressed as the most relevant nouns and
verbs, and their interrelations (via Case structures: see next paragraph).

Since the current version of HAIKU’s KB (i.e. its three dictionaries) contains more
information on verbs than on nouns (or nominal fillers®), a revision of these structures
would be nccessary to provide a more balanced account of meaningful ER clements.
There arc two potential additions. First, the addition of ontological markers for nouns , as
discussed in 5.2, would scem most desirable. Second, another possible avenue for
cxtending HAIKU's KB would be to store the output Case structures: this would allow us
to accumulate detailed information on Case fillers (e.g. their semantic categories). In that
way, we could have a bipartite KB with entries indexed either on verbs (as in the current
design), or on fillers (c.g. AGT/PERSON).

6.2.3 The Processing of Non-Technical Text

Although many aspects of the work presented in this thesis remain valid for other
types of text than the one we considered here, a challenging (experimental) application of
DIPETT and HAIKU would be to tackle the processing of other kinds of text. The latter
could be technical text containing exchanges between two or more intelligent agents (e.g.
a conversation or dialogue about some technical domain), or non-technical text (e.g. a
story, personal letter, play, or newspaper article) which normally involves several agents?.
In what follows, we will be referring to such texts simply as “non-technical” texts.

Obviously, as they stand right now, the current versions of DIPETT and HAIKU are -
not prepared to properly handle non-technical text. In particular, they lack the required
apparatus to deal with most discourse processing aspects of such texts (see 2.1.3.4).

6 Strictly speaking. fillers are not simply nouns. Some are nominal clauses or adverbial clauses: clauses
may themselves have their own internal fillers, as we saw in chapter 4.

7 This involvement may be more or less direct and may take different forms, ¢.g. quotation or reported
speech.
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Similarly to what happens within TANKA and MaLTe. our hypothetical application
would consist of using (updated versions of) DIPETT and HAIKU as the basic linguistic
processor of an encompassing system dedicated to the processing of non-technical texts.
The main goal of this system would be, say. to translate a non-technical input text into a
computer-tractable representation.

Let us assume that the encompassing system uses a speech act approach to the
semantic representation of those elements of the text which invelve exchanges between
agents. This approach could be a derivative of a theory such as that of [Cohen & Perrcault
79], [Allen & Perrean!t 80]. or [Vanderveken 90, 91]. For instance. in [Moulin er al. 92:
p-150], the authors describe their method as follows: “Our approach is based on a
language/action perspective (Winograd 1987) where speech acts are not considered as
unrelated events, but as parts of larger conversational structures. Conversations in which
agents cooperate to achieve various discursive goals such as *to obtain information’. *to
come to an agreement’ etc., can be found in dialogucs and be reported in written texts .7
The use of an approach of that sort scems a requirement for the processing ol non-
technical text for we are not only interested in what the text savs but also in who says
what, and even why.

Thus, in that context, the objective of the experimental application would be twolold.
First, evaluate how feasible and profitable it would be to “cxport™ DIPETT and HAIKU
to a TP environment such as the one outlined above. Second, study how the basic
hypothesis of this thesis (i.e. TP without a priori domain knowlcdge for KA) would be
amenable to this TP environment and, more precisely, how it could best be exploited to
realize a productive TP system for the analysis of non-technical (as well as technical)
texts.

To illustrate more concretely a potential application of the type discussed above, the
author spent several hours with a researcher® who is mainly interested in the analysis of
non-technical texts of a rather unusual type, i.c. Spanish plays of the 17th century. He was
given a demonstration of DIPETT and HAIKU — using English technical text, of coursc
— and was asked to describe a hypothetical TP environment that would be built on top of
DIPETT and HAIKU and which would be adapted to his research needs.

8 Professor Ricardo Serrano (Département des Langues Modernes de I"Université du Québec 2 Trois-
Rivigres).
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Although the rescarcher was quite pleased with what he saw during the
demonstration, he nevertheless tdentified an impressive list of additional computations or
facilitics that he considers cssential for the final TP system he envisions. We will not
discuss whether these should eventually be part of DIPETT, HAIKU, or the hypothetical
cncompassing system. Instead, the next paragraph lists some of the most important
¢lements which show quite well why discourse processing is still one of the most difficult
and challenging domains of modern NLP.

The intended (encompassing) system would analyze a text, e.g. a play. and represent
its contents in such a way that it would be able to answer these questions: what is the
main topic of the text; for cach character®, what are the main conceptual elements of what
cach says; how is the discourse organized and segmented (by conversational exchange
and by character); what are thc main themes; what is the time-space situation for the
characters and the things cach says!9; what are the main logical or strategic relationships
amongst constituting clements of the segments!!; what is the propositional content and
what arc the illocutionary markers of the phrases, etc. As the reader can judge for himself,
no doubt the (cven partial) automation of such an elaborate TP system will keep
computational linguists busy for years ahead ...

Y or speaker, or actor, or agent.

10 There are a few subtleties here. In particular, a character may be located in a given time-space
continuum while what he utters refers to a different one. For example, I may be talking right now about
things that took place a few hundred years ago.

11 For instance, two characters may be in opposition in a text and their utterances may thus represent
logical contradictions,
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Appendix A: DIPETT's Driver and User interface

This appendix shows an abridged, actual log (sec in the Courier typeface) of
DIPETT’s driver in action — details pertaining to the semantic analyzer, HAIKU, are
presented in chapter 4. The following log illustrates the user interface dialogue and gives
a good idea of the highest level algorithms involved. Explanations were added in the
Times typeface, in bold, and encloscd in braces. As well, the original log was slightly

reorganized to improve the preseatation.

DriVEr .. iiierinenncnasesnrs version: 30-Jul-93
DIPETT PARSER ...uv.veveenns version: 30-Jul-93
HAIKU SEMANTIC ANALYSER ... version: 20-Jul-%3
Copyright(c) 1989-93 S.Delisle, UofQ Knowledge Acquisition Lab & UQTR

NOTE: default options in the following menus appear in CAPITALS
and can be conveniently selected with CR {carriage return).

USE DIPETT AS BATCH PARSER OR BATCH TAGGER (b), OR
PROCEED WITH DETAILED MENU (d), OR
JUMP TO MAIN MENU RIGHT AWAY (i) [b/d/J]?
{above: this first menu offers a batch mode (‘b’ option), either for parsing and/or
tagging, a detailed submenu for parsing (‘d’ option), which is especially
appropriate for the implementer, and a “jump start” option (‘j> option) which uses
default parameters to facilitate the end user’s task.}

The rest of the log will be organized into three parts, one for each of the three options.



A.l: The 5j° ("jump start™ Option

A.1: The ‘J’ (“jump start”) Option

A-1) Log filename (n for none)
[n/*name*/zzz . DIPETT-HAIKU.script]?
{above: the user can ask DIPETT to keep a log of the session in an ASCII file in
which everything appearing on the screen will be saved.}

A-2) Parse trees filename (n for none)
{n/"name"/zzz .DIPETT.parse_trees.pl]?
{above: the user can ask DIPETT to collect every parse tree, under its Prolog
form, in a (Prolog-readable) file. This file can subsequently be processed directly
by the semantic analyzer — see option ‘9" in the main menu, later. This is
particularly useful when using the batch parsing mode.}

B} Dictionary additions filename
["name"/zzz .DIPETT~dict_add.pl]?
!t This file already exists ... QVERWRITE IT [v/N]?
{above: all new lexical entries, i.e. words not found in DIPETT"s lexicon, are
recorded in this file so that the lexicon can easi!y be updated afterwards.}

{below: in this ‘j’ (“jump start”) option, the current HAIKU KB file is
automatically loaded for consultation and updating. If there is no such file, the
initial KB is empty. More on this in chapter 4.}

% compiling file
/@/soleil/pl/dmatensr/delisle/DIPETT/HAIKU_ikbDICT.PL
% HAIKU_ikbDICT.PL compiled in module user, 0.233 sec 11,132 bytes

{below: the system always keeps track of the date and time at which a session took

place. This information also appears in the output files whose names we saw
above.}

**=> BEGINNING NEW PARSING SESSION: (datektime: 9/6/93 9:10:36] <=**

{below: the system automatically keeps a backup (copy) of the initial HAIKU KB
file, in case errors or unfortunate updates should occur during this new session.}

> making a backup copy of HAIKU_ikbDICT.PL ...
done! backup file is HAIKU_ikbDICT.BACKUP

{below: this is what will be referred to as the “main menu”. It presents the user
with every operation handled by the driver.}

0. Change session parameters

1. Input one sentence

2. Read sentences from an existing file

3. Same as #2, but with possible reruns

4. Consult Collins, WordNet, or DIPETT's lexicon
5. Consult or update HAIKU's dictionaries (KB}
€. Reset parsing session counters and stats

7. Display current parsing statistics

8. Set the "Unit #" counter to a specific value
9. Apply HAIKU on parse trees from an existing file
e. EXIT {(end of session)
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{above:

(0) to reconsider all the details of the session parameters, as in option ‘d” above —
see below.

(1) to interactively enter one sentence to be analyzed on-line.

(2) to interactively process sentences from an existing text file to be analyzed on-
line.

(3) same as previous option but with the possibility of reformulating and
resubmitting the input sentence if it is rejected.

(4) simple interface to allow on-line consultation of the Collins dictionary, or the
WordNet lexical database, or DIPETT’s own lexicon. The version of the latter
which is currently in memory may also be updated via this option.

(5) simple interface to dynamically consult or update the current HAIKU KB.

(6) to reset all counters from which simple statistics are computed for the current
session: see below for the list of these statistics.

(7) to display the current statistics.

(8) to set the counter which numbers the units (sentences) being processed to a
specific value: this is especially handy when sentences in a large corpus are
numbered and we want to be able to refer to them individually and uniquely.

(9) to interactively apply the semantic analyzer to a collection of parse trees
accumulated in a file.

(e) to terminate the current session with the system.}

What do you wish to do [0 @ 9, or el
{above: etc. Here an actual session begins.}

{below: upon selecting the ‘e’ (exit) option in the main menu, the following
statistics are produced, expressed in terms of absolute numbers and percentages.
The items are fairly self-explanatory except for (0) which is the default cpu time
limit (iiming-out mechanism) for the session just completed — see section 3.4.2.
We will explain in 3.3.4 and 3.4.4 what fragmentary parsing is.}

END OF PARSING SESSION STATISTICS: [date&time: 9/6/93 9:10:41]
0- cpu time limit: 2.0 minute(s).
1- Total nb. of units processed:
2- Total nb. of units parsed as fragments:
3- Total nb. of units not parsed: .
4- Total nb. of units skipped: .
5- Total nb. of units fully parsed: ...
6~ Percent of successful parses, full or frag. (excluding #4):
7- Total nbk. of dictionary additions: ..
8- Total cpu time (parsing & other tasks): ...
9- Average cpu time per input processed: ...

Dictionary additions (if any) have been copied in file:
zzz .DIPETT-dict_add.pl

> Save current mDict, cmpDict, & ¢pDict in a file [n/Yl? n
{above: the user can save the current HAIKU KB in a file. This KB represents the
initial KB updated with the processing of the text, during the session just
completed.}

> Updating the journal of XB modifications ...
Please enter your name (signature): Sylvain
absolute path is: /@/soleil/pl/dmatensr/delisle/DIPETT
running 'diff' (new KB vs backup KB}
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{above: the system keeps a journal of KB updates so that we know which elements
of the KB were modified and who is responsible of those changes. This would allow
us to reconstruct the KB from a given valid state if it were discovered that the
most recent updates lead to an incorrect KB, for whatever reasons.}
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A2: The ‘d’ (“detailed menu”) Option

USE DIPETT AS BATCH PARSER OR BATCH TAGGER (b), OR
PROCEED WITH DETAILED MENU {(d), OR
JUMP TO MAIN MENU RIGHT AWAY (3j) [bsdsJ1? 4

{below: ‘A-1°, ‘A-2’, and ‘B’ are as above in the ‘)’ option.}

A-1) Log filename (n for none)
[n/"name" /zzz . DIPETT-HAIKU.scriptl?

A-2) Parse trees filename (n for none)
[n/"name"/22z.DIPETT.parse_trees.pl]?

B) Dictionary additions filename
[*name*/zzz . DIPETT~dict_add.pl]?

C-1) Do you wish to DEactivate the scanner's QUIZ bias [y/N]?
{above: our main sample text, for testing purposes, was the QUIZ manual already
mentioned in chapter 1. Since it contains numerous specific lexical conventions,
such as QUIZ reserved words, the user can deactivate the scanner’s special rules
for QUIZ in order to keep it domain independent.}

C-2) Do you wish to (exclusively) activate the tagger [y/N]?
{above: the tagger — see section 3.3.5 — can be activated here for on-line use. See
below for batch activation.}

{below: optionally, the user can select a number of options for parsing and/or
testing purposes.}

D) Do you wish to set one or mere parsing options [y/N]? y

print the scanner's output [y/N]?
{above: optionally, the scanner’s output can be displayed.}

print the lexicalyser's output [y/N]?
{above: optionally, the lexical analyzer’s output can be displayed.}

DEactivate the parser [y/N]?
{above: optionally, the parser can be deactivated. In particular, it is useful for
testing the scanner and the lexical analyzer, or building a lexicon for future
parsing.}

set a cpu time limit [y/N]?
{above: the user can set an upper limit to the amount of cpu time the parser should
spend on any given input. See 3.4.2.}

parse in “"silent mode" [y/N]?
{above: normally, the parser emits two “beeps” when it completes the analysis,
successful or not, of an input. Optionally, the user can turn off this beeping.}

Full, Prolog, or Abridged parse trees [f/p/A]?
{above: parse trees produced by DIPETT can be displayed in three formats. ‘Full’
means that the pretty-printed tree will show all possible slots, even those that are
empty. ‘Prolog’ means that the tree shown to the user will be the full tree, as in the
*Full’ format, but under its native Prolog form, i.e. un-pretty printed. ‘Abridged’
means that the pretty printer will show only the non-empty slots of the parse tree,
thus minimizing the size of the tree.}

include phrase tokens in the parse trees [n/Y]?
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{above: optionally, the user can ask DIPETT to associate with every fundamental
syntactic unit — essentially, noun phrases, prepositional phrases, verb phrases —
the corresponding list of input tokens that were found to belong to this unit.}
set parsing flags (y/N]? vy
{above: optionally, the user can activate grammar rule spies that will show when
certain rules are activated during the parsing of an input. See 3.3.5.}
{below: this is the list of available grammar rule spies that may be activated.}
list available *"spies" [y/N]? v
[sentence, sentence_core, rest_sentence, vorbphrase, verbolause,
adij_phrase, complement, subordinate_clause, np_coquiv,
nounphrase, nom_cl, np_postmodifiers, prepphrases)
list currently active "spies” [y/N]?
deactivate currently active "spies": Yes, All, or No [y/a/N]?
activate currently inactive "spies™ [y/N]?

E) Do you wish to activate the HELPER facility [y/N]?
{above: optionally, the user can activate the hielper mechanism. See 33.5.}

F) Do you wish to activate the MEMORIZER facility [n/Y]? _
{above: optionally, the user can activate the memorizer mechanism. See 3.3.5.}

G) Do you wish to activate the partial parsing facility ..
No, eXclusively (full parsing is "off"),
or as "last resort" [n,x,Y]?
{above: the fragmentary parsing facility — see 3.3.4 and 3.4.4 — can be turned
off, activated exclusively, or used only as a last resort strategy after having
unsuccessfully attempted full parsing.}

H) Do you wish to activate the HAIKU semantic analyzer [n/Y]?
Load HAIKU's KB (i.e. HAIKU_ikbDICT.PL} [n/Y]?
{above: the HAIKU semantic analyzer can be activated {or not), and if so, the user
may load the current HAIKU KB file.}
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A.3: The ‘b’ {*batch™) Option

'JSE DIPETT AS BATCH PARSER OR BATCH TAGGER (b), OR
PROCEED WITH DETAILED MENU (d)}, OR
JUMP TO MAIN MENU RIGHT AWAY (3} ([(b/d/J]? b

A-1) Log filename (n for none)
[n/"name"/zzz .DIPETT-HAIKU.script]?

B) bictionary additions filename
[*name"/2zzz .DIPETT-dict_add.pl]?

{below: the batch mode can be used for parsing and/or tagging. We now present
the ‘b(oth)’ option which covers all aspects of interest to us.}

* BATCH MODE: activate the parser, the tagger, or both [P/t/b]l? b

*** Using DIPETT as a batch PARSER and TAGGER ...

il 1) set the cpu time limit (per sentence),

.. 2} enter the input filename,

e {which must end with the special string “#ii#t#.")}
e 3} and iuitiate the processing -- and see you later!

{below: *A-2’ as above in option ‘J’.}

A-2) Parse trees filename (n for none)
[n/*name*/zzz.DIPETT.parse_trees.pl]?

{below: the user can ask DIPETT to copy all tagging information (see 3.3.5) in a
separate Prolog-readable file, which will be available for other processing
alterwards.}

tagger output filename
{*name*/zzz .DIPETT-tagger.pl]?

{below: as above in option ‘d’}.

set a cpu time limit [y/N1? ¥y
enter your imit in seconds: 30

NOTES:

a) fragmentary parsing will be attempted if neormal parsing fails;

b) inputs containing unknown words will not be parsed;

¢) unknown words will be skipped if not found in Collins:

the associated info. will appear in the tagger output file;
d) inputs containing potential "idioms" will remain unchanged;
e} DIPETT will exit QP at the end of the 1nput file.

{nbmc. On (b) and (¢): if 2 word cannot be found in DIPETT’s lexicon, it is
automatically looked up the Collins dictionary and.the retrieved information is
used by DIPETT in order to proceed with parsing. This information is also kept in

the output to facilitate subsequent processing (more in 3.3.2).}

Input filename? zzz999.test
[File opened successfully]
t what unit number do you want to start the parsing? 1
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{above: etc. Batch processing begins here.}

24|



Appendix B: DIPETT's English Grammar

Appendix B: DIPETT’s English Grammar

This appendix represents an important complement to section 3.3.4: it contains the
listings of the two major Prolog files that constitute DIPETT s grammar of English, i.e.
DIPETT_6_PARSER_S_V.PL and DIPETT_8_PARSER_N.PL, plus a simplified Prolog
description of these two files. Two other files that are part of DIPETT's grammar but
which do not appear below arc its tense table (which contains information on all the legal
combinations of verbal features) and its small grammar for questions.
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B.1: DIPETT_6_PARSER_S_V.PL (“sentence & verb phrase rules™)

rAAAAAALALALALLEALALRALALLALASRAAASAL AL AR A AR IR AL

/* f£ile: dipet:_6_parser_s_v.pl .
/™ version: September 3, 1993 .
/* author: Sylvain Delisle .

FAAALALALLLLRALLALALEAALLEALAALELLLALARLAARASALLLLALAALERLRAEARERRERLREEAAELLLLELIN

:- assert({dipett_version(3,9,93)).

/"...'-t..t"ti'.ﬁt.*‘ﬁﬁ‘.*‘."*iﬂ‘*...*tQ't..*"'...t‘t‘t‘!‘ttntﬁ"'ﬁt‘..ﬁ.‘f

/* This file contains the top-level of DIPETT's grammar as well as the soet ot/
/* rules that deal mainly with sentences and vorb phrases (thus the *‘_z_v*). */

—

/™ ./
/* As far as English grammar is concerned, the main reforence used here iun:  */
I/ */
/™ QUIRK = R. Quirk, S. Greenbaum, G, Leech, & J. Swvartvik, ./
il "A Comprehensive Grammar of the Englizh Language*, ./
i Longman, 1985. */

,'W'*tt##'*ﬁ‘ﬁ*ﬂ*ﬂ'*‘*..'-t""-‘ti-."-Itt.tﬁ.".*ﬁ.'tQQﬁ'ﬁiﬁ..iﬁ..'.iﬁ.l...l/

/tﬁ**ti*t*ﬁ***.*""Q"'-'t.t".t"..ﬁ.’t*-t*'**.i*‘ﬂﬁQﬁ...iQ.QQ*QQ.QQ.....!&.I

/* PARSE_ENGLISH_INPUT (used by the driver) s

parse_english_input (Parse Tree,I, Q) :-
set_chrono,
on_exception(Msg,
compl_sentence{Parse_Tree, IO},
display_exception_message_and_fail__6{Msg)).

/* Exception: CPU time limit exceeded. */
display_exception_message_and_fail__6 (exception(Limit,Problem, Location, 1))} :-
nlp, writep('PARSING STOPPED for the following reason:'},
nlp, writep(Problem), writep(Location), writep(' :'),
nlp, writep(' > the current CPU time limit is: '),
superv_cpu_time_2{'7a’,Limit),
writep{'At that moment, the input string was:'), nlp,
get_tokens{(I,I2), writep({I2), nlp, !, fail.

/* Exception: otherwise ... (usually an unknown predicate} */
display_exception_message_and_fail 6 {Exception_Message) 1-
nlp, writep('PARSING STOPPED for the following reason:‘),
nlp, writep(Exception_Message), nlp, nlp., !, fail,

/""ﬁ'*ﬁf"t""‘-*ﬁ..""t*ﬁ*-*.'t*‘.ﬁ...O-DI-p-.-t..'.t.tttﬁtt.&........b..,

/* COMPL_SENTENCE (used by parse_english_input) */

/* Empty or invalid input! , -/
compl_sentence(_, [det (punctuation:_/_, [1)|_1,.1]) i
erase_previous_mem_assertions, !, fail.

/* The input is a "parenthetical unit®, a valid input encloged in "( ... }*. */
compl_sentence (parenthetical (PU)) ' --x
parenthesis_o, {!}.
{erase_previous_mem_assertions}, compl_sentence(PU), parenthecis_e.

/* The input is an interrogative ("question®). */
compl_sentence (parse_tree__inter(Question}.I,O) t-
(last (det (punctuation: *?' /fend_of_sentence, []1).I) ;
rev(I, [det(special_char:*)'/_,(]).
der {punctuation: ' ?* /end_of_sentence, [1)|_1}),
erase_previous_mem_assertions, !,
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questien{Question,I,02), quection_mark(C2,0).

/* Usual case: the input is a declarative or an imperative (~"sentence"). */
compl_centence (parse_tree_ decla_or_imper (Ctxt_M, Sentence, Example, Tag)) -—
{erace_previous_mem_assertions). contextual_marker (Coxt_M),
top_lewvel_eclause_seeker(l, Sentence, ), opt_gquic_example (Example),
terminal (Tag) .

/* The inpur ic a title or a caption with 2 parts separated by ':' or "=-='., =/
/* Ex: *Report l.1: Accessing a single file.” */
compl_sentence(parse_tree__title or_caption{identifier{Id),title(T},.Tag)) =-->
{erase_previous_mem_assertions),
{np_nucleus{_,Id._) ; noungp_head(_,_,Id)). (colon ; dashes),
sentence_frag(T), terminal(Tag).

/* Otherwise, the input may be a stand-alone fragment ... */
compl_sentence {parse_tree__ frag(FRAG,Tag)) -
{erase_previocus_mem_assertions}, sentence_frag(FRAG), terminal(Tag)}.

/.t.t..t.'-‘..tt-..ﬂt.tw‘.i.ptt.b'ﬂ**.".t-.‘..t.ttt-.t-ﬁt.tt"itt'-tt"itttt"‘ﬁ"l
/* CONTEXTUAL_MARKER {used by compl_sentence) !
i~ " >/
/* A *contextual marker* is a NP which identifies the semantic category (in */
/* a kroad sense} of the text following it. It helps the reader to properly */
/* decode the purpose of a sentence or a paragraph (used mostly in T4043). */

contextual_marker{contextual _marker (Ctxt_M)) --> ctxt_marker (Ctxt_M).

ctxt_marker (answer) -=> [det(word:answer/_,_)], colon, {!}.
cext_marker{example) --> [det(word:example/_,_)], colen, (!}.
ctxt_marker (example) -->

[det{word: for/_,_), deti{word:example/_, )], opt_comma, {!}.
ctxt_marker (examples) --> [det({word:examples/_,_)], colen, {!}.
ctxt_marker (instance) =-=->

[det iword: for/_,_), det{word:instance/_,_}], opt_comma, {!}.
ctxt_marker{no) -=> [det(word:no/_,_}1, colen, {!}.
ctxt_marker (note) --> [det(word:note/_,_)]., colon, {!}.
ctxt_marker (question) --> [det{word:question/_,_J)1, colon, {!}.
ctxt_marker{tax_tip) --> [det{worxd:tax/_,_)., det(word:tip/_,_)], colon, (!}.

ctxt_marker{yes) -=> [det(word:yes/_._)1, colon, (!}. .
ctxt_marker (Ctxt_M) --> colon_lock_ahead, np_equiv(_.1,Ctxt_M,_)}, coleon, {!}.
ctxt_marker 1il} --> [].

2, LA aesea et aat e et eas s Rass st e nn s ont */

colon_look_ahead{String, String) :- colon_in_string(String).

colon_in_string([]) - !, fail.
colon_in_string{[dct {punctuation:’: ' /pause,_)|_]) - !.
colon_in_string([_|Rest]) := colon_in_string{Rest).

/.“‘.-.‘-t-t..t'..‘."0ﬁ‘.t**"'*t*"ﬁﬁ'ﬁ"***'-"'**-*‘-.-.-i"'"“"."'*'**/

/* TOP_LEVEL_CLAUSE_SEERER {used by compl_sentence & rest_sentence) */
/I */
/* This procedure seeks coordinated clauses at the highest possible level. ~/
/* The Caller parameter indicates whether this predicate is called at the */
/* highest level (i.e. by compl_sentence) or not (i.e. by rest_sentence): -/
/* multiple coordination should only be recognized when it is set to 1. -/
top_level_clause_seeker(_,_._} -—

end_of_sentence_marker(_}), {!, fail}.

top_level clause_seeker{Caller,Qut_Struct,Mood) $ Tokens -->
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evaluate_nb_potential_verbs (NPV.NPA.V_INTY, {!},
top_level_clause_seeker_h{Caller, NPV, NPA,V_INT, Sentence, Mood) .,
(get_desired_output_structure(Sentence, Tokens, Out _sStruct) ).

o
/* The inclusion of the original phrase tokens in the parse tree is optional.®
/* This predicate is also used by several other major phrase components. The ¢
/* flag include_phrase_trokens_in_pt is set by the driver at the beginning. .

get_desired_output_structure{Struct,_, Struct) .=
include_phrase_tokens_in_pti{off), !.
get_desired_output_structure(Struct_In, Tokens, Struct_oOut) :-
include_phrase_tokens_in_pt(on),
functor{struct_In.F,_}, F \== *,*', !,
Struct_In =.. [H|TO0].
append (T0, [tokens (Tokens) ] .Tl), Struct_Out =.. [H]|T1l.
get_desired_output_structure(Struct_In, Tokens,Struct_Out) :-
include_phrase_tokens_in_pt(on},
append {Struct_In, [tokens{Tokens}], Struct_Dut).

/*-'*-tit&‘ti.I‘"'tt****t'*"*Q..-WQ'.*-‘t't-Q..ﬁ't.‘.liidt.t..it!.t....‘l.L!Q/
/* EVALUATE_NB_POTENTIAL_VERES (used by top_level_clause_secker & _seecker_r) */
/™ ./
/* We evaluate the number of potential verbs in the current input subgstring */
/* in order to guide the cheoice of the most appropriate high-level rule that */
/* the parser should rtentatively apply next. For instance, it theore is only ¢/
/* one potential verb, then there is no need to apply the 'compound' rule. */
i */
/* In addivion, we collect "inter-verbal* intervals (substrings) zo that we */
/* can evaluate the density of verbs in the current input string. An inter- */
/* val ('int') is a substring located between two verbs., It iz represented as*/
/* *int(POS_A,POS_B,Substring,Flag)' where POS_A and POS_B mark the re¢lative */

/™ position (begin/end) of the substring in the current input string. The */
/* second parameter, Susbtring, contains all the tokens of the substring. ~/
/* Flag is a boolean which takes the value ‘true' if all tokens in the sub- ¢/
/* string {interval) are amongst the following tokens: {‘'and’,'or','but',*,',*/
/* ‘not'] == in that situation, verbs are said to have a high density. ./
/* Otherwise, Flag is set to 'false’'. “/
/* Two special cases are the ‘pre_int' and the ‘post_int': the firzt goes !
/= from the very beginning of the input string to the first verb, and the se-*/
/* cond goes from the last verb to the end of the input string. ~/
/™ */
/* In general: "{pre_int} Verbl {int#l} Verb2 {int#2) ... VerbN (post_int}.* */
P -/
/* Note: we also count the number of auxiliaries, but what really matters iz */
/* "first-class® verbs, i.e. thoze that camnot function as auxiliairies. L
evaluate_nbk potential_verbz(0,0,nil,I,I} -
end_of_sgentence_marker{(_.,I,_), !.
evaluate_nb_potential_verbs(0,0,nil,[].[]) -1,

evaluate nb_potential_verbs (NPV,NPA,V_INT,I,I) :-
count_potential_verbs(Q,NPV,0,NPA,1, [pre_int(1,1,(],nil}], INT_V.I},
rev(INT_V,V_INT_00},
subst (1,pre_int{(l1,1,[].,nil),pre_int(0,0,(]),nil),V_INT_0O0,V_INT_0),
delete (V_INT_O,inti(_,_, [],true) ,V_INT).

count_potential_verbs(0,0,M,M,_,
[pre_int{A,B,C,nil) ],

[int{A.B2,C2.nil)], (]} 1=
1, rev!C,ldet(_:_lend_of_sentence, []) |C2_rev]), rev(C2_rev,C2),
(€2 == (1, B2 =R) ; (€2 \==1[], B2 iz B - 1)).

count_potential_verbs (N, N, M, M,_, .
(int(A,B,C,_) [T], i
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[post_int(A,B2,C2,nil) |T]. (1) -
', rev(C, ldeti{_:_/end_of_sentence, []) {C2_rev]), rev{C2_rev,C2),

{(c2 == [], B2 = A) ; (C2 \== [], B2 is B - 1)}.
count_potential_verbs (NPV1, NPV2,NPAL,NPAZ, Pos, INT_V_in, INT_V_out, [TOKEN|T]) :-
cpot_potential_verbs (NPV1,NPV3,NPAL,NPA3, TOKEN, Pos, INT_V_in, INT_V_temp),

Pos_2 is Pos + 1,
count_potential_verbs (NPV3,NEVZ,NPA3,NPAZ, Pos_2, INT_V_temp, INT_V_out,T) .,

apot_potential_verbs (N,N1, M, M,dct(_,Pofs),Pos,L_in,L_out) :-
\+ memberchk{d(aux/_,_,_).PcfS), \+ memberchk(d{modal_aux,_,_).Pe£fS},
memberchk(d (v/ }.PofS), !,
Nl iz N + 1,
Poo_A is Pos + 1, append([lint{Pos_A,Pos_A,[],true)),L_in,L_out).
spot_potential_verbs (N,N,M,M1,dct(_,PefS),_,L_in,L_in) -
{memberchkid{aux/ ), PofS) ; memberchk(d{modal_aux,_,_).PofsS)}, !,
Ml ic M + 1.
spot_potential_verbs(N,N,M,M,dct(Y:X/Z,Po£8),Pos_B,

— ot -

— et

{int(Pos_A,._,SST_in,F_in) |T],
{int (Pos_A,Pos5_B, SST_out,F_out) [T]}  :-
N A== 0, !, append(SST_in, [dcr({Y:X/2,PofS)],SST _out),
((F_in == true, \+ memberchk(X, [and,oxr,but,',',not]), F_out = false) ;
F_out = F_in), !.

spot_potential_verbz(0,0,M,M, X, Pos,
[pre_int(l,_,S88T_in.nil)],
[pre_int (1, Pos, 85T _out,nil) i) 1=
!, append{SST_in, [X],SST_out).

/ﬁﬁ.ii't*tiﬁi'*.‘*ﬁl‘*‘"ﬁt".".t‘.-.‘-'-"""‘--"-"U'-C"-U'*‘**.*W*-****'**/

/* TOP_LEVEL_CLAUSE_SEEKER_H {used by top_level_clause_seeker) */
/* */
/* The *'_H' zstands for heuristic: here, we select the most appropriate order “/
/* in which high-level rules should be applied. This choice is based on the */
/* number of potential verbs (see evaluate_nb_potential_verbs above) and the */
/* presence or ahsence of potential sent. coordinators in the current input. */

/* Not even a single verb: fail! */
top_level_clause_seeker_hi{_,0,0,_._._,_,_) := 1, fail.
/* No sent. coordinators OR only one potential verb: non-compound. */
top_level_clause_seeker_h(Caller,NI'V,NPA,_, Sentence,Mood,I,0) -
{zero_sent_coordinators ; NPV == ; (NPV == 0, NPA == 1)), !,

top_level_clause_seeker_r{non_compound,Caller, Sentence,Mood,I,0).

/* More than 2 potential verbs AND potential correlative sent. coordinators. */
top_level_clause_seeker_h(Caller,NPV,NPA,V_INT, Sentence,Mood,I,0) :-
{NPV > 2 ; (NPV == 0, NPA > 2)),
all_wverbal_intervals_dense(V_INT, false},
potential_corr_sent_coor{Coorl,Coor2), Coorl \== nil, Coor2 \== nil,
must_be_located_in_interverbal_loc(Coor2,V_INT},
{Type = compound ; Type = non_compound),
rop_level_clause_seeker_r(Type,Caller,Sentence,Mood,I,0).

/* More than 2 potential verbs AND potential sent. coordinator. */
top_level_clause_seeker_h{Caller, NPV, ,NPA,V_INT. Sentence,Mood, I, 0} :-

(NPV > 2 ; (NPV == 0, NPA > 2},

all_verbal_intervals_dense(V_INT,.F),

potential_sent_coor (Coor), Coor \== nil,

must_be_ located_in_interverbal_leoc (Coor,V_INT),

{(F == true,
(Type = non_compound : Type = compound)) :
(F == false,

{(\+ all_intervals_have_a_potential_subj{V_INT,Coor),
(Type = compound : Type = non_compound})
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{all_intexvals_have_a_potential_subj (V_INT,Coovr),

{(Type mulc_¢oor : Type = compound ; Type = non_compound)))),
top_level_clause_seeker_r (Type,Caller, Sentence,Mood, 1.0,
/* Otherwise ... .
top_level_clause_seeker_h(Caller,_,_,V_INT, Sentence, Mood, I.O) -
all_verbal_intervals_dense (V_INT,F),
{({F == true,

(Type = non_compound ;

{potential_sent_coor(Coor),Coor \== nil,

must_be_located_in_interverbal_loc(Coor,V_INT),

Type = compound)))
{F == false,

{potential_sent_coor (Coor), Coor \== nil,

must_be_located_in_interverbal_loc(Coor,V_INT),

Type = compound) ;

{Type = non_compound) }},

top_level clause_seeker_r (Type,Caller, Sentence,Mood, I,0).

Rl e b T O S A S A GO A S S S U P O S PN TR
/* See explanations about "verbal intervals" in evaluato_nb_potential_verbs. */

/* Testing whether all "verbal intervals* are dense. If 5o, F is set to truc.*/
all_verbal_intexrvals_dense({],F) 1=
{, ({(var(F), F = false) ;: nonvar(F)).
all_verbal_intervals_dense{[pre_inti{_,_._._)|T].F)
all_verbal_intervals_dense(T,F).
all_verbal_intervals_dense([int(_,_,_.nil) |T].F)
all_verbal_ intervals_dense({T.F}.

all_verbal_intervals_dense([int(_,_,_, true) |T],F) te
all_verbal_intervals_dense(T,F).
all_verbal_intervals_dense([int(_,_._,false)|_], false) :- 1.

all_verbal_intervals_dense{[post_int(_,_,_._)1,trua) - 1,

/* Testing whether Token is located in one of the *"verbal intervals*, “/
must_be_located_in_intexrverbal_loc(_, []) -, fail.
must_be_located_in_interverbal_loc(Token, [pre_int(_,_,_,_}|T}) s~
must_be_located_in_interverbal_loc(Token,T).
must_be_located_in_interverbal_loc(Token, [int{A,B,SUBSTRING, ) |_1}
memberchk (det (_:Token/_,_),SUBSTRING),
({\+ memberchk(Token, [and,ox,but]l}, (B = A + 1) > 2}
memberchk {Token, [and,or,but])).
must_be_located_in_interverbal_ loc{Token, [int(_._,_._)|T]} .-
must_be_located_in_interverbal_loc{Token,T}.
must_be_located_in interverbal_ loc{_Token, [post_int{_._,_._}]) - !, fail.

.

/* Testing whether all "verbal intervals® have at least a potential subject. */
all_intervals_have_a_potential_subj({(pre_int(_._,_._}|T].Coor) -
all_intervals_have_a_potential_subj(T,Coor).
all_intervals_have_a_potential_subj(lint( SUBSTRING, _} |T].Coor}
rev{SUBSTRING, (det(_:¥X/_,_)|_1},
\+ memberchk (X, [and,or,but,’, ',not]), % \== Coor,
all_intervals_have_a_potential_subj(T,Coor}.
all_intervals_have_a_potential _subj({int(_,_,_,.}|_1,_) 1= ¢, fail.
all_intervals_have_a_potential_subj({[post_inti_,_,_.,_J)1._) :

/-*-.*-.’*.""".*.ﬁ'.".tiﬁ-tt.-.'*'ﬁ."...‘.‘.D'I’..O'.P'Oﬁ--D'.DC.-DI"Ibhh/
/* TOP_LEVEL_CLAUSE_SEEKER_R (used by top_level_clause_gseeker_h) ./
P *!
/* According to the order specified in top_level_clauce_seeker_h above, we ./
/* now call upon the asscociated rule: non-compound, compound, or mult-coord. */
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top_level clause_seeker_r (non_compound, _, Sentence,Mood, 1,0} -
check _chronoltop_level_clause_seeker_r_ non_compound, I},
tind_coordinated_main_clauses{Coorl, [} ,Mocd,_,I,I2),
scentence (Sentl, Mood, I2,1I3),
rest_sentence(Coorl, [ ], Sentl, Mood, Sentence, I3,0).

top_level_clause_seeker_r(compound, _, Sentence,Mood, I,0) t-
check_chrono(top_level_c¢lause_seeker_xr__compound,I),
find_coordinated_main_clauses (Coorl,Coor2,Mood, Stringl,I,I2), Coor2 \== {].
call_tentative_sentence (Sentl, Mood, Stringl), .
rest_sentence{Coorl,Coor2, Sentl,Mood, Sentence, 12,0} .

top_level clause_seeker_r{mult_coor,1l,
mult_coor_clauses({coord(Coox),
Mood,
[Sentl|S_R]).
Mood, 1,0)

check_chrono(top_level_clause_seeker_r__multiple_coocrd, I},
potential_sent_coor (Coor), memberchk{Coor, [and, or,but]),
find_ahead_next_sent (Coor,I,[]1,I_H,I_R), memberchk{dect(word:Coor/_,. ),I.R),
evaluate_nb potential_verbs(N,M,_,I_R,_}, (N> 1 ; (N==0, M> 1)),
call_tentative_sentence{Sentl,Mcod,I_H),
multiple_coord_clauses(Coor,Mood,S_R,I_R,0}, !, length(S_R,L), L > 1.

- */
I i i e Civsereracansasaneanns Nraretahramanrrstantara e b

find_ahecad_next_sent{_,I_R,I_H,I_H,I_R} T
end_of_sentence_marker{_,I_R,_}, !.

find_ahead_next_sent{Coor, [det (T:X/Y,2} |R],I_H,I_H, [det{T:X/Y,2Z)|R]) :-
{T == word, X == Ceoor) ; (T == punctuation, = "',").

find_ahead_next_sent (Coor, [H[R],I_HO0,I_H,I_R) t-

append{I_HO, (H],I_HOl), find_ahead_next_sent(Coor,R,I_HO0l,I_H,I_R}.

call_tentative_sentence{Sent,Mood,I) :- sentence(Sent,Mood,I,[]1), !.

/.Cﬁ.tit-.-.t‘l-ttt-‘ti"t.."-*"‘.'W'.**'.-"""'"""'-"i*"""""’*i"ﬁﬂ*"'/

/* MULTIPLE_COORD_CLAUSES {used by top_level_clause_seeker_x) */
/™ */
/* These rule cover the multiple coordination of clauses (see QUIRK, p.9%2S5). */
/* In this structure, 'and' and ‘or' can link more than two clauses and all =/
/* but the final instance of these conjunctions can be omitted. For example: */
/* *The battery may be disconnected, the connection may be leoose, or the bulb*/
/* may be faulty", where the 2nd clause means ", OR the connection may ...,".*/

PR

/* */
/* Notation: 'syndetic’: with an explicit coordinator; 'asyndetic': implicit */
/* coordinator which is temporarily "postponed* (thus the 'p_‘}. ~/
/* Case (1) : SENT ('.') and|oxr SENT ... */

multiple_coord_clauges (Coor,Mood, [syndetic_mult_coor_clauses (S2) |S_R],I,0}
opt_comma(I,I2}, ¢onj(Coor,12,I3),
find_ahead_next_sent (Coor,I3,[],I4,15),
call_rtentative_sentence(52,Mood, X4),
multiple_coord_clauses (Coor,Mood,S_R,I15,0).

/* Case (2) : SENT *',' SENT ... */
muleiple_coord_clauses (Coor,Mood, [p_asyndetic_mult_coor_clauses(S2} |S_R],I,0}
comma(I,I2),
find_ahead_next_sent (Cooxr,I2,[],13,14), memberchk(dct (word:Coor/
call_tentative_sentence(S2,Mocd, I3},
multiple_coord clauses{Coor,Mcod,S_R,I4,0), S_R \== [].

), I4),

—
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multiple_coord_clauses{_._.[].I.I}

end_oi_sentence_marker(_,I,_ )., check_chronoimultiple _coord_claunes, 1,1V,

rabAAAALLALLALLALLLAALLLERSALALALLAEL AR A S ALA LA AR R L R A R AR

/* OPT_QUIZ_EXAMPLE (used by compl_sentence)

/. i'
/* Actual examples in the QUIZ manual have been replaced by one of these .
/* special markers: 'quic-example-command’, ‘quiz-example-cotmands', .
/* ‘quic-example-program', ‘quit-example-prompt', & ‘quiz-example-veport’. A
/* They are classified in the dictionary as special_function_word(s). .
opt_cguiz_example{quiz_example {(marker (M) ,QE})} --»

opt_ex_marker (M}, colon, special_function_word(QE.Type). {Type == frag, '}.
opt_quicz_example (quiz_example(nil)) -—> [].
/* An example marker is “"as in*. *for example*, or *like this*. ./
opt_ex_marker (as_in) -——

opt_comma, conjlas}), preplin}, (!'}.
opt_ex_marker {for_example) =-=>

opt_comma, prep{for), countnoun{example,sgl, (!}.
opt_ex_marker(like_this) -——

opt_comma, conj{like), deter(this,_,_), (!].
opt_ex_marker(nil} -=> [].

,***ﬁf****.*t"ﬁ-.""ﬁi"'ittttiiti.'tit*t.***ttﬁttIﬁti'tt"‘ﬁ‘0'&....‘....../

/* SENTENCE_FRAG (used by compl_sentence & rest_thero_sent) */

sentence_£frag(_) -
end_of_sentence_marker({_}, (!, faill}.

sentence_£rag{quiz_example {(marker {for_example),QE)) -->
check_chrono(sentence_~frag).
prep(for), countnoun(example,sg), colon,
special_function_word(QE,Type}, {Type == fragl.

sentence_frag{sentence_fragment (Fragment})) -
np_equiv(_,l,Fragment,_).

sentence_frag(sentence_fragment (Fragment)) --
required_prepphrases (Fragment,_) .

sentence_f{rag({sentence_fragment (Fragment)) ~u
required_adj_phrase(Fragment).

sentence_f£frag(sentence_fragment (Fragment) ) -——
required_adverbs (Fragment) .

/'ii'i""'*"*"'l"-'-"-ﬁ."‘.'.-t.'ﬁ..tt..t’..t.'b&"...b‘...l..l...ll."&l,

/* FIND_COORDINATED_MAIN_CLAUSES (uced by top_level_clause seeker_r) */
/- )
/* This procedure checks whether the input is compozed of coordinated main ./
/* clauses, i.e. basic sentences joined by one or two {for correlatives) ./

/* coordinating conjunctions., It splits up the input inte two main clauges */
/* {called Sentl and Sent2 in what follows) which are joined by a coordinateor*/
/* or a conjunction having the same functionality (i.e. conjunct, zubeordina- */
/* tor, or pair of correlatives). See QUIRK, chap.l2 ("Conrdination®}. ./
/* o
/* If the input containzs more than two coordinated main clausez, they will be*/
/* recognized recursively with rest_gsentence (via top_level_clause_seeker). *f
i ~/
/* We use check_for_potential_verb in order to make zure that what haz been */
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/* identified as Sentl (and Sent2) is really a sentence. That is, a sentence
/* must contain at least one potential verb: otherwise, the parser will be
/* wasting precious time. So before successfully exizing this procedure,

/* we require that Sentl and Sent2 each contain at least one potential verb.
/* We also recquire that such coordinated sentences have the same mood.

,.

/* Note: the structure illustrated by the following example is NOT covered:
/* "He designed and she implemented the program" where "the program® is the
/* elided object of the first sentence in which ‘design' is transitive.

/* COMPOUND: the input contains at least two ceordinated main clauses.
find_coordinated_main_clauses{Coorl,Coor2,Mood, Sentl,I,0) :-
Coor2 \=z= [].
find_coor({Coorl,Sentl,Coor2,I,02), % Sent2 is a subset of 02
get_full_O(Sentl,I,0},
check_for_potential_verb({Sentl,Mood), check_for_potential_verb(02,Mood).

/* SINGLE MAIN CLAUSE: the input may begin with a gonjunction. Such initial
/* conjunctions function either as intersentential coordinators or as intra-
/* sentential coordinators, conjuncts, or subordinators. The latter two are
/* recognized in subeordinate_clause (see at the end of this file}.
find_coordinated_main_clauses{Icoor, []1,Mood,__,I,0} t-
initial_coor__opt_comma(Icoor,I,0), check_for_potential_verb(0,Mood).

I O S L O PR S S T L D G L T T NSRRI

get_full_o0([].0,0) =
get_full O([H|T1], (H|T2],0) :-

get_full_O(Sentl, [_|T].0O)}

L)
t, get_full O(T1,T2,0).
- get_full _O(Sentl,T,0}.

initial_coor___opt_comma(IC) --> conj(IC), {coordinator(IC}}, opt_comma, (!}.

initial_coor__opt_comma{nil) --> [].

*/
>/
*/
*/

*/

/t.i't-.'.t‘."*-"it'tt#**#**'"‘*ﬂ""'*.**ﬂ**ﬁ*I"**“V*ﬁ*‘ﬁ'ﬁ*l'**‘**l"**"***'/

/* FIND_COOR (used by find_coordinated_main_clauses)

/.
/* A coordinator is a “real" coordinator, a semi-coordinator, or an
/* adverbial conjunct (thus the test *"Type == conj" for adverbs).

/* Potential sentential coordinators were detected during lexical analysis
/* and asserted there: see programming details in dipett_4_lexicalyser.pl.
/-

/* See QUIRK, pp.920+ {(coordinators), pp.935+ (correlatives), and

/i pp.928, 982-3 (semi- and quasi-coordinators).

/t

/* It should be noted that the comma does NOT function as a coordinator when
/* there are only two coordinated main clauses: see QUIRK pp.220+ and p.1615

find_coor(_,_,_} -->» {zero_sent_cooxrdinators, !, fail}.

find_coor (Coorl, Sentl,Coor2} =-=-»>
sent_coor{Coorl,Coor2), look_zhead coor(l[],Sentl,Coor2), {Sentl \== [1}.

zero_sent_coordinators :-~
bagof (X,potential_sent_coor{X}, [nill}),
bagof (Y,potential_corr_sent_coor(Y,_), [nill),
bagof (Z,potential_idiom_sent_coor{2), [nil]).

sent_coor (Coorl,Coorl) -->
{potential_corr_sent_coor (Coorl,Coor2), Coor2 \== nil},
{[det(word:Coorl/_,_)] ; idiomatic_cat(Coorl,_._.._}).
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sent_coor(nil,Coorld -—
{potential_idiom_sent_coor(Coorl), Coorld \== nil}.

sent_ceor(nil, Cooxl) -——
{potential_sent_cooxr(Coorl), Coorl2 \z= nil}.

I e i ettt it e it s

/* Let's try to find the conjunction and thus the end of the first sentence, *
loock_ahead_cooxri(_,_._) --» end_of_sentence_marker{(_}, {!, tail}.
loock_ahead_coor (Sentl, Sentl,Coorl) --> pause, conj{Coorl).
look_ahead_coor{Sentl, Sentl,Coorl) --» conj{Coorl}.
look_ahead_coor (Sentl, Sentl,Coorl) --> pause, adv(Coorl,Typel), [Type == conil.
look_ahead_coor(Sentl, Sentl,Coorl) --» adv(Coorl,Type). {Type == conil.
look_ahead_coor (Sent0, Sentl,Coorl) =-»

{T], (append{Sent0, (T],Sent0l}), look_ahead_coor(Sentll, Sentl,Cooxrl).

/'I**-I*"*--tﬁ'**-tt‘tttﬁt""ttﬁ!t'-tiitt.i‘."t-it.i'..'..Q‘t..tt‘.‘.““.Q/
/* CHECK_FOR_POTENTIAL_VERB {used by find_coordinated_main_clauses) ./
> '
/* This check is performed as a look-ahead to avoid parsing a segment which */
/* is bound to be rejected anyway. In other words. a sentence is a sentence  */
/* if and only if it contains a verb. Obviously. this does not account for */
/* exclamatives, irregular sentences (e.g. block language}, and nonsentences. */

/* See QUIRK, chap.ll ("Sentence types and discourse functions"). ./
™ */
/* In a normal declarative sentence, the verb (or auxiliary or modal} is not */
/* the very first word, unless we have an imperative or a leot-imperative. ./
check_for_potential_verb(I,_) =

{end_of_sentence_markex(_,I,_) : I == (]}, !, fail.

check_for_potential_ wverb([H|T],declarative} :-
{(\+ verb(_,_._._,[H],.) ; ing_woxrd([H]}),
A+ oawe{_,_._, [Hl._}, \+ modal_aux(_,_, [H],_ ).
check_for_potential_verb_rest(T).

check_for_potential_verb(X, imperative) 1=
\+ check_for_let(X,_), !, check_for_potential_verb_rcosti¥).

check_for_potential_verb(X, imperative_let) :-
check_£for_let(X,X_rest), check_for_potential verb_rest(¥_rest).

/* A =ing word might be the very first word: it iz not necessarily a verb! ./
ing_word(idect(word:X/_,_}|_]1) :- name(X,X_ascii), append(_,"ing*,¥_aseii).

check_for_potential_verb_rest([]) = !, fail.
check_for_potential_verb_rest([H|_1) :- verbi{_,_,_._.[H]._}, !.
check_for_potential_verb_rest{{_|T]) :- check_for_potential_verb_rest(T}.

check _for_let{[].[]) - 1, fail.
check_for_let([dct(word:let/_,_) |Rest),Rest) :~ !,

check_for_let([_|T}.Rest} :~ check_for_let({T,Rest).,
,-"'t'"'t't'***il".'ﬁﬁt".'t'ttit'ﬂﬁ.".b.tit"..D-ID-COtbb’tﬁlﬁt.ttb’..b'.,
/* SENTENCE (used by call_tentative_sentence & top_level_clauce seeker_r) =/
/" '
/* Two types of sentence are recognized: DECLARATIVE and IMPERATIVE. -/
/* EXCLAMATIVES are treated as declaratives. On QUESTIGHS, see dipett 9. */
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sentencol_, --» end_of_centence_marker( ), {!., faill}.
sentencse{Struce, Sentonce_Type) -->
check_spy_on_this_rule(sentence,nil), check_chrono{sentence),
subordinate_clausel(initial,Initial_Modif),
sentence_core(Struct, Sentence _Type, Initial_Modif).

/ll..Il-.-.l.il.l..l..-I-'l-'.t-*ﬁ'-.ti.-\i..-----.t.ﬁ-.--.-‘--‘--‘.w-.I'.QQ..'/

/* SENTENCE_CORE {used by sentence} */
/" -/
/* Thezoe rules define the main types of sentences that DIPETT recognizes, */

sentence_corel(_,_,_) -=>
ond_of_centence_marker(_), {!, fail}.

/* The scpocial HERE+BE: "HERE IS the solution.®, *HERE ARE the tools.", etc. */
/* See QUIRK, pp.521-3 and 1379-81. ./
contence_core (Struct, declarative, Initial_Modif,I,0) :-
check_spy_on_this_rule{sentence_core, sentence_core_declar_here_be,I,I),
adv(here, _,I,I2)}, look_ahead_BE _pres(I2),
voerbphrase(l, _, Tense, here_be__compl, Initial_Medif, Struct,nil,I12,0),
{Tense == [pres] ; Tense == [pres3s]}).

/* The special existential-THERE sentence: "THERE ARE people in the room.=*. */

/* Note: other verbs than BE are also allowed; see QUIRK, pp.1402-14. >/

sentence_core [Struct,declarative, Initial_Modif) -—>
check_spy_on_this_rule(sentence_core, sentence_core_declar_there_be),
special_function_wordithere,_ ),
verbphrase(l,_,_,there_be__compl,Initial_Modif, Structl,nil},
rest_there_sent (Structl, Struct).

/* The general case: a NP followed by a VP. */

sentonce_core(Struct,declarative, Initial_Modif} -——
check_spy_on_this_rule(sentence_core, sentence_core_declar),
np_equivi{pre_v,1,Np,Num),
verbphrase(l,Num,_,Np,Initial_Modif, Struct,nil).

/* Imperative with "let*. On directives, see QUIRK, pp.827+. */

sentence_core (Strucet, imperative_let,Initial_Modif) --»>
check_spy_on_this_rule(sentence_core, sentence_core_imp_let),
opt_courtesy_subjunct,
preposed_verb__let, (let_pron({Subj) ; np_equiv(pre_v,2,Subj,_)}.
opt_negation(Neg),
verbphrase(l,_, [imp], Subj, Initial_Modif, Struct2,nil),
{get_imp_let_struct{Struct?,Neg, Struct)]).

/* Plain imperative sentence: it must begin with a verb. */

sentence_core{Struct, imperative,Initial_ Modif) ——
check_spy_on_this_rule(sentence_core, sentence_core_imp),
opt_courtesy_subjunct,
verbphrase{l,_, (imp],nil, Initial_Modif, Struct,nil}.

T T B b o o T o o e B e ek s e s e o o SR S A L L L e L L

look_ahead_BE_pres{[det (word:are/_,_}]_1).
look_ahead_BE_pres{fdct{word:is/_,_)|_1).

F % i eearsssaecasasraeaeactatesesesaattacasesste et sasaattannanneaennnons .~
/* Recognizes the rest of the "enumerative* existential-THERE sentence. */
/* Ex: "There are two types of keys: UNIQUE AND REPEATING.* */

rest_there_sent (Structl, enum(Struct0,ENUM)) -->
colon, sentence_frag{ENUM), {'}.
rest_there_sent (Structl, Structd) --> (1.



cpt_courtesy_subjunct --» advi(please,_), opt_comma, i'}.
opt_courtesy_subjunct --> [},

preposed_verb__let(([det(word:let/_._}|01.0).
let_proniher) --> pers_pronther, ).
let_pron(him) -=-> pers_pron(him, ).
let_pron(it) --» pers_pronlic,_).
let_pron{me) -=> pers_proni(me,_}.
let_pron(them) ~--» pers_pron({them,_).
let_pron(us) --> pers_pron{us,_).
let_pron(yourself) --> reflex_pron(yourself, ).

let_pron(yourselves) --> reflex_pron(yourselves, ).

/**""**"t‘tttt‘tit.t*.t.ttttﬁ-ttt-tttttiﬂiQQt..Q‘Qt.‘ttq‘-.ﬁd..n.ll.t.tl.ticill
/* GET_IMP_LET_STRUCT {used by sentence_core) ./
/= -/
/* In an imperative with "let", the negation {if any) must be found BEFORE ./
/* the VP, thus neg(yes) in the 2nd clause of test_Negl_and_replace_by Negl2. */

get_imp_let_struct(
statement {Modifier_s, Subj,predicate(Verbl,Voice,Complomont ,Modificr_p)},
Neg2,
statement (Modifier s, Subj.predicate(Verb2,Voice,Complement , Modifivr_pl))

!, Verbl =.. X, test_Negl_and_replace_by Nogl2({X,Y,Negl}, Vorb2 =.. Y.

get_imp_let_struct |
statement (Modifier_s,Subj,predicate (Verbl, Voice,Complement ,Modificy_p).T),
Neg2,
statement (Modifier_s, Subj.predicate (Verb2,Voice,Comploment ,Modifier_p),TY)

Verbl =.. X, test_Negl_and_replacec_by_Neg2i{X,Y,Nog2), Verb2 =.. Y.

/* Conjoined main verbs. °/
test_Negl_and_replace_by_Neg2|{
[Reg_or_Cop.conj_verbs (Conj,Conj_Verbz_in)},
[Reg_ox_Cop,conj_verbs (Conj,Coni_Verbs_out}],Neg2)

!, replace Negl_in_gconi_verbs(Conj_Verbsz_in,Conj_Verbs_out, NegZ) .

/* Single main verb. v/

test_Negl_and_replace_by_Neg2{
[Reg_or_Cop,verb MV, Tense, Partic, neg{yaz) , Advs, Tranz) |,
[Reg_or_Cop,verb{MV,Tense, Partic,neg(Neg2) , Advs, Trans) |, Heg2) .

replace_Negl_in_conj_verbs{{]l.(]._) 1.t

replace_Negl_in_coni_verbs{(V_H|V_T], [V_H_ok|V_T_ok], Neg2) :-
test_Negl_and_replace_by Neg2{([_,V_H].[_,V_H_ok], Heg2),
replace_Negl_in_conj_verbs (V_T,V_T_ok,Neg2).

,."'-.'.""""'-"'tﬁ-"t""'t'.fﬁ..t---."..l-'.-..D.-.t-.ttl'tt--bht.l-bi/

/* REST_SENTENCE (used by top_level clause_seeker_r) */
/™ '/
/* Rules for compound:z (#3-4) allow an unbound number of coordinated clauses */
/* via top_level_clause_seeker which uses sentence and rest_scentence, ./
/* "single-main-clause* input: SIMPLE ZENTENCE. ./

253



Appendix B: DIPETT s English Grammar

reot _sentence (Conrl, (], Sant, Mood,
simple_sontence(
structure(
single _main_clause{coord(Coorl),Str)})}
-
check_spy_on_this_rulel{rect_centence, rest_sentence_simple),
{\+ functor_memberchk(cubordinate, Sent}, Str =.. [Moed,Sent]l.

/* "single-main-clause* input: COMPLEX SENTENCE. ./
rect_sentencs (Coorl, [, Sent, Mood,
complex_sentencel(
structure(
single_main_clause({coord{Coorl).Stx))))
—-_—
check_spy_on_this_rule(rest_sentence,rest_sentence_complex),
{Str =.. [Mocd,Sent]}.

end_of_sentence_marker(_), {!, fail}.

/* Coordinated main clauses (compound): FIRST COORDINATOR IS “EMPTY". -/
rest_gentence{nil,Coor2, Sentl, Mood,
compound_sentence(
structure(
head_main_clause(coord({nil),Strl),
next_main_clause(coord{Coor2,Opt_conj},Str2))))

-—3
check_spy_on_this_rule(rest_sentence,rest_sentence_compound_nillstcoor),
{1}, opt_pause, [det{_:Coor2/_,_)], opt_coor conj(Opt_conj),
top_level_clause_seeker{2, Sent2,Mood),

{stril =.. [Mood,Sentl], Str2 =.. [Mood,Sent2]].

/* Coordinated main clauses {compound): CORRELATIVES. */
rest _sentence (Coorl, Coor2, Sentl, Mood,
correlative_compound_sentence(
structure(
head_main_clause (coord{Coorl},Strl},
next_main_clause{cooxrd(Coor2},Str2}}))
-——
{Coorl \== nil, Coor2 \== [], Coor2 \== nil},
check_spy_on_this_rule{resti_sentence,rest_sentence_correlatives),
opt_pause, [det(_:Coor2/_,_)1],
top_level_clause_seeker (2, Sent2,Mood),
{5trl =.. [Mood,Sentl], Str2 =.. [Mood,Sent2]).

s .
C et e b e et e e a e e e et a e ahaa s

/* These five coordinators do not allow another conjunction to precede them: */
/* see QUIRK, pp.922-3, */
opt_coor_conj (C) -—>

conj(C), {\+ memberchk(C, [and, or,but, for,so_that]), !}.
opt_coor_conj{nil) --> [].

/l.-'-'.‘I.-.'!..liv‘...-‘t-“".I-"'.t'tttﬁ'it."**-Qi'.tii*'.*ﬂ*"""'*'*'**l

/* FUNCTOR_MEMBERCHK (used by rest_sentence) */
/" */
/* Checks whether a certain functor F is part of an arbitrary structure S. */
functor_memberchk(_, S) = {atomic(S) : var{s)), !, fail.
functor_memberchk(F,S) 1= functor(g,F._), !.

functor_memberchki{_. (1) = 1, fail.

functor_nemberchk(F, (S_H|S_T]} :-
functor_membeschk(F,S_H) ; functor_membexrchk(F,S5_T).
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functeor_memberchk(F, S) S
funcrtori{s,.G,_), !, & A== ', 8 =.. X, funcror_meomberchk(F,X).

rAAAMALALLLAEALA AR AR ML A A R R R L R

/* VERBPHRASE (used by question, rel_clause, sentence_core, .
i sentence_core_for_cuestions, sSentence_coro_ s, *
/™ sentence_£for_wh_i_d_clause, & wh_i_d_clause) .
/. -
/* Allows a conjunction of verb phrases. Here "tense* includes modality: s
r* Time: temps chronologique: Tense: temps des verbesn; .
/= Aspect: facon dont l'action s'accomplit (debut, durve, etel): .
i Modality: nuances dans l'accomplissement de ltaction. .

verbphrasel(_, _._,_._._.,_)
end_of_sentence_maxker{_}, {!, faill.

verbphrase{_,Num, Tense, Subj, Initial_Modif, Qut_Struct,M_el) $ Tokens --»

already_parsed{verbphrase. [Num, Tense, Subj, Initial_Modif,vP,M_ctl},
{get_desired_output_structure(VP,Tokens,OQut_Struct) ).

verbphrase (Type.Num, Tense, Subj, Initial_Modif,Out_Struct,M_vl,1,0) -
check_spy_on_this_rule{verbphrase,nil, I, I},
check_chrono{verbphraze, 1),
verbphrase_Reg_or_Stat {Type,Num, Tense, Subj, VP1,M_=1,1,02),
ajusc_Num_£for_conj_vb (Num, Tense,Num_ok),
rest_verbphrase (Type,Num_ok, Subj, Initial_Modif,VvPl,M_ol,VP,02,0},
simili_dellar_device(I,0,Tokens),
keep_parse_in_mem(verbphrase, [Num, Tenze, Subj, Initial _Modif, VP, M_1],1,0},
get_desired_sutput_structure (VP, Tokens, Out_Struct).

/t
P N LI SR I I R N L P I R I I AR R R P

T e M/

/* Ajusting ‘'Num' for conjoined main wverbs: the ogld gpecial case. */
ajust_Num_for_conj_vb(sg3, fH]|_]l,.sg) :-
memberchk (H, [be_to, can, could,dare, had_better, ought_to, may,might,
must,shall, should,used_to,will,would,would_ratherl), ?.
ajust_Num_for_conj_vb{(Num,_,Num).

/#tit'tt'.'!"-ttt.ttt.tttttbttittwttttttttt.tﬁtt.t-.p.otltanﬁooab.n..aon-tni./

/* VERBPHRASE_REG_OR_STAT (used by conj_vp & verbphracse) s/
VA */
/* Verb phrases are divided inte two major types: REGULAR (action wverbsy, */
/* and STATIVE (*to be", "to become", "to appear”, <tc.). Within reqular */
/* verb phrases, the passive and active voices are distinguished, !
/* REGULAR ACTIVE. . ' Y,
verbphrase_Reg_or_stat{Type,Num, Tenze, Subj, ctatcement {subj (Subj), Struct) M _el)
-3

verb_clause (Type,Num,active, Tense, _, _,Struct,M_a1).

/* REGULAR. PASSIVE. */
verbphrace_teg_or_Stat (Type,Num, Tense,Compl, statement (subj (Subj) , Struet)  M_el)
-2

verb_clause (Type, Num,paccive, Tense, Subj,Compl, Struct, M _«=1; .

/* STATIVE. _ 7
verbphrase_Reg_or_Stat (Type,Num, Tense, Subj, ctatement {subj (Suk ), Struet) ,M_«l)
-——
" werb_clausce (Type,Num, ctative, Tense, _,_, Struct,M ol

/.'-..."--'t.tt-.tt..".'.--.--.t-.tt't.'b".t..tt.&."’l'Dt.l.t....tt.h.tb.b,

/" REST_VEREBPHRASE (used by verbphrace) ./
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/" 7/
/* The werbphrase and rest_verbphrase rules recognize these structures: ./
I 1) zingle-yP, 2) conjoined-VPz, 3) single-VP * (' single-VvP *}', and */
/* 4) single=VYP (' conjoined-VPs ') . ./
/* Hrowewer, the same rules do not recognize structures like #3 & 4 in which */
/* the first element, i.e. single-VP, would be replaced by conjoined-vPs. */
/I -/
/* It should be noted that this remark also applies to these structures: v/
/- 1) rest_np_nucleus (with NPs instead of VPs), -/
Vi ii} vrest_nom_cl (with nominal clauses instead of VPs), and -/
/i iii) resut_prepphrases {with PPs instead of VPs). ~/

rest_verbphrase (Type, Num, Subj, Initial_Modif, statement (Agent,VPl) ,M_el,
statement {subord_clauses{initial (Initial_Modif)),
Agent,
conj_vps{CONTS, [VP1_ck.parenthetical (VPS_ok)1)))
-z
parenthesis_o,
conj_vp{l, Type,Num, Subj,Agent,M_el,CONIS,VPS),
{nonvar (CONJS), CONJS \== []},
parenthesis_ec,
{check_clided_modal_or_aux(VP1l,VPl_ok,VPS,VPS_ok}}.

rost_verbphrase (Type, Num, Subj, Initial_Modif, statement (Agent,VPl) ,M_el,
statement {subord_clauses (initial(Initial_Modif)),
Agent,
conj_vps (CONJS, [VP1_ok|VPS_okl)})
-—>
conj_vp{l, Type,Num, Subj, Agent,M_el, CONJS,VPS),
{nonvar {CONJS), CONJS \== []1},
{check_elided_modal_or_aux(VP1,VPl_ok,VPS,VPS_ok)}.

rest_verbphrase{_,_,_, Initial_Modif, statement (Agent,VPl),_,
statement (subord_clauses(initial (Inicial_Modif)),
Agent,
vPl_ok))
-
{vp_tense_table_info (VP1,VPl_ok}}.

/* conj_vp requires that Conj be overt but not n:iecelsarily unique. It thus */
/* accepts structures like "A and B then C", Tha<e ave relatively rare and !

/* may be rather ambiguous (e.g. with ‘and' and 'or'}. See QUIRK pp.920+. */
/* Note: Conj must be overt AND unique for conj_np. conj_nom_cl, and conj_pp.*/
/" */
/* The N parameter indicates whether we are currently trying to parse a VP v/
/* that tollows the very first VP. If =o, we don't allow "VB ',*' CONJ VP*. -/
/* Unfortunately, this discards cases like "VP ',*' CONJ VP ',' CONJ VP". ~/

/* However, this seems to be the price to pay to reduce ambiguity in the par-*/
/% sing of conj. items: only a costly look-ahead mechanism might be helpful. */

/* This also applies to conj_np, conj_nom_cl, and conj_pp {in dipett_8). */
/* Case (1) : VP (*,*} CONJ VP ... */
conj_vp (N, Type, Num, Subj,Agent,M_el, [Conj|C_R], [VP1|VPS]) -

t{N == 1} ; {{N \== 1}, opt_comma}}, conj(Conji),
verbphrase_Reg_or_Stat (Type,Num,_, Subj, statement (Agent,VPl) ,M_el),
conj_vp(_.Type, Num, Subj,Agent,M_el,C_R,VPS).

/* Case {(2) : VP *,* VP ... */
conj_vp(_.Type.Num, Subj,Agent,M_el, CONJS, [p_asyndetic_conj_vp{(VPl) |VPS]} -->

comma, verbphrase_Reg_or_Stat (Type,Num,_, Subj,statement (Agent,VPl) ,M_el},
conj_vpi_, Type,Num, Subj,Agent ,M_el ,CONJS,VPS), (VPSS \== []].

256



B.l: DIPETT_6_PaRSER_S_V.PL ("sentence & verb phriase rules™

coni_vPl_o_v_renn 11 (1) o~

check_chrono{conj_vp).

/*"""'-"'ttﬁitﬁﬁﬁtﬁiﬁﬁiﬁt""'..'..‘...“..ﬂ‘.'.'QIQtt..--q..q‘qqqqqq.q-..

/* VP_TENSE_TABLE_INFO (used by rest_verbphrase)

/'

/* Replacing the original tense sequence by a standard tense name.
vp_tense_table_info(X_in,X_ouz) :-

X_in =.. [predicate|{V1|REST]].
access_tense_table(Vl,Vi_ok,_._), ¥_out =.. [predicate|[VI_ok|REST]I.

/'ﬁii"ti."'ﬁ*ﬁ‘**'ﬂ*‘.*ﬂ*Q*‘Q*‘ﬁﬂ*ﬁ.‘ﬁ*‘ﬂ*ﬁ.ﬁ‘.tt.ti..*.ﬂ't‘.ﬂ‘ttQQ‘.Q‘Q.I#

/* ACCESS_TENSE_TABLE (used by harmonize_tenses_l_and_2

/* process_conjoined_voerbs, tensel_is_subset_of_tensel,
A & vp_tense_table_info)

/* Conjoined main verbs.

access_tense_table(Vs,Vs_ok._._) t-
Vs =.. [Reg_or_Cop.conj_verbs{Conj,Conj_Verbs_in}l, !,
process_conjoined_verbs (Conj_Verbs_in,Conj_Verbs_out),
vs_ok =.. [Reg_or_Cop.conj_verbs(Conj,Conj_Verbs_out)].

/* Single main verb.
access_tense_table(V1,V1_ck,Tensela,Tenselb) :-

vl =.. [Reg_or_Cop,.verb(MVl, tense{Tensela),Partic,Neg,Advs,Trans}i,
tense_table({Tensela, Tenselb),

Vl_ok =.. [Reg_or_Cop,verb{MVl, tense(Tenselb),Partic,Neg,Advs,Trans) .

process_conjoined_verbs([1,[]) - 1,
process_conjoined_verbs { [V_H|V_T], [V_H_ok|V_T_okl} :~

V =.. [dummy,V_H], access_tense_table{V,V_ok,_,_)},

V_ok =.. [dummy,V_H_ok], process_conjoined_verbz (V_T,V_ T_ok).

l'.""i'.'.'ﬁtﬁ*.”.*'.'--0.".ﬁ-.t.-‘t-tt.tt..tt.ﬁtﬁ..t"t*...ﬁ.Iﬁittt..tt.

/™ CHECK_ELIDED MODAL_OR_AUX {used by rest_verbphrase)
/-

/* We must check whether the VPs following the very first VP, in a conjunc-

/* tion of VPs, contain an elided modal or auxiliary. Here's an example:

/* *I will print my messages and read them tonight® should be interpreted as

/* "I will print my messages and WILL read them tonight".
check_elided_medal _or_aux(_._.[].[]) s= !,
check_elided_modal_or_aux (VP1,VPl_ok, [VP2|VE_RI], [VP2_ok|VP_R_okl) :-

elided_modal_or_aux(VPl,VPl_ok,VP2,VP2_ok),
check_elided_modal_or_aux(V2l,_,VP_R,VP_R_ok}.

”
T Pesess ey

/* Conjoined VPs: the asyndetic case.
nlided_modal_or_aux(X_in,X_out,¥_in,¥_out) :-

-’
- -

-

-/
b
.'r

-« 7

./

*/

./

./
!
7
s
-/
7/
*f

-/

-/

Y_in =.. [p_asyndetic_conj_wp{[¥_11]. !, ¥_1 =.. [predicate]|[V2|REST2]],

%_in =.. [predicace|(V1|REST1)],
harmenize_tenses_1_and_2(V1,Vl1_ok,Vv2,V2_ok},
X_out =.. [predicate|[Vi_ok|[REST1]],

Y_2 =.. [predicate|[VZ_ok|REST2]]., Y_out =.. [p_asyndetic_conj_vp|[¥_2}1.

/* Conjoined VPs: otherwise ...
elided_modal_or_aux(X_in,%_out,¥_in,¥_out) :-
Y_in =.. [predicate|[VZ2|REST2]],

#_in =.. [predicate|{V1|REST1]],
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harmonize_tens
Z_nout L
Tomut

sl and_21(V1,V1_ok, V2, V2_ok),
ie hl[v1_oylazs~1]1
cate| [V2_ok|REST2)].

at
L3 Rt

o
—

/' e R L R o e R R R R R o R R R R o ol o o R R L o o o o o ) '/

/* Heers:, we rmonvert the sequence of "tenzes® in%to a more standard name. -/

harmonize_tenses_l_and_2{V1,V1_ok,V2,V2_ok} :-
access_tense_table(V1,V1 _ok, Tensela,Tenselb),
tense2_is_subset_of _tensel (Tensela,Tenselb,V2,V2_ok).

/* when Tencel iz a "subset® {equal or implicitly equal) of Tensel. */
tonse2_is_subset_of_tensel{Tensela, Tenselb,V2,V2_ok) ;-
V2 =.. [Reg_or_Cop,conj_verhs{Conj,Conj_Verbs_in}]. !.
tense?_vs_tensel_in_conj_verbs (Conj_Verbs_in,Conj_Verbs_out,Tensela,Tenselb),
V2_ok =.. [Reg_or_Cop.conj_verbs(Conj,Conj_Verbs_out)].

tense2_is_subset_of_tensel(Tensela, Tenselb,v2,v2_ok) :-
v2 =.. [Reg_or_Cop.verb(MV2, tense(Tense2),Partic,Neg,Advs,Trans)],
is_subget (Tense2, Tensela),

v2_ok =.. [Reg_or_Cop.verb(Mv2, tense(Tenselb),Partic,Neg,Advs,Trans)].
/* when Tensel is different f£rom Tensel. "/
tongsel_is_subget_of_tensel(,_,V2,V2_ok) $=

access_tense_table(V2,V2_ok,_, ).
2 -/

/* Conjoined main verbs. . */

tensel_veo_tensel_in_conj_verbs([).[1.._.._) :

tonse2_vs_tensel_in_conj_verbs ([V_H|V_T], [V_H_ok|V_T_ok],Tla,T1b) :-
V =.. [dummy,V_H], tense2_is_subset_of_tensel{Tla,Tlb,V,V_ok),
V_ok =.. [dummy,V_H_ok], tensel2_wvs_tensel_in_conj_verbs(V_T,V_T_ok,Tla,.Tlb).

/' Thiz subset definition is definitely simplistic (but works fine)! */
is_gubset (Tensel, Tensel}) = 1.
is_subset (Tense2, Tensela)l :- length{Tense2,N2), length{Tensela,Nla), N2 < Nla.

/.-q-.n.a.--c.ottt.-.ni..tttow---------.-w&utt‘.'wt#---.-.-wﬁw.w-trw-!"w'-'w-/

/* VERB_CLAUSE (used by ing_clause, noun, object2_or_action_form, >/
’* past_part_phrase, rel_clause, simple_to_infinitive_clause, & */
/=~ verbpharase_Reg_or_Stat) ~/
/* */
/* These rules extract the verb sequence with its FINAL modifiers (if any). */
verb_clause(_, _,_._s_ev_r_} ===

end_of_sentence_marker(_), (!, fail}l.

/* General verb clause (TYPE 1). */
verb_clause(l,Num,Voice, Tense, Subj,CPL, Struct,M_el) ———
already_parsed{verb_clausel, [Num, Voice,Tense, Subj,CPL, Struct,M_ell}.

verb_clause({l,Num,Voice, Tense, Subj,CPL,Struct,M_el,I,.0) :-

check_spy_on_this_rule({verbeclause, verb_clausel,I,I),

check_chrono{verb_clausel,I), there_must_be_a_verb _here(I),

verbphrase _RegAct_or_RegPass {Num,Voice, Tense,Pre_V.V,

Medial_Modif,Compl,M_el,I,02),
({0 = 02, Final_Modif = []' :
(opt_pause(02,03), required_subordinate_clause({final,Final_Modif,03,0))),.

set_struct {Voice, Tense, Pre_V,V,
Subj.Compl,Madial_Modif,CPL,Final_Modif, Struct),

keep_parse_in_mem{verb_clausel, [Num,Voice, Tense, Subj,CPL, Struct, M _el],.I,0).
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/* Simplified verb clause (TYPE 2): no final mo
verb_clause (2, Num,Veice, Tense, Subj,CPL, Struct, M
already_parsed(verb_clausel, [Num,Voice, Tens

lers allowed. .
el) -

1
o, Subg, CPL, Struct ,M_oel)Y .

verb_clause(2,Num, Voice, Tense, Subj, CPL, Struct , M_cl,.1,0) :-
check_spy_on_this_rule{verbclause, verb_clausel. 1.1},
check_chrono (verb_clausel,l), there_must_be_a_verb herco(l),
verbphrase_Regact_oxr_RegPass (Num, Voice, Tonse, Pro_V, V,
Medial_Modif,Compl.M_vol,1,0V,
set_struct (Voice,Tense, Pre_V,V,
Subj,Compl, Medial_Modif,CPL, [1,Struct),
keep_parse_in_mem(verb_clause2, [Num, Voice, Tense, Subj, CPL, Struct. . M_oL1, L, O).

/Qti-"*wt*‘.*..*t‘ﬁ‘ﬁ#ﬁii‘ﬁ*..‘ﬁ..‘..ﬁ."..ﬁ.‘ﬁiﬁt".t.‘i.QQ.Q.OQ.Q.QQQ‘O‘.!‘ N

/* THERE_MUST_BE_A_VERB_HERE (used by verb_clause & b
il verbseqg__BeGoingTo_or_else) b
/* .i
/* Trying to aveid wmecessary parsing. There must be a verb, a modal, or an */
/* auxiliary at this point otherwise the parsing is bound to be rejected. ./
/* This procedure is also useful for several NP components via verb_clause.,  */

there_must_be_a_verb_here((dct(special_char:**"/_,[1}|T]) :-
there_must_be_a_verb_here(T).

there_must_be_a_verb_here([H|T]} :-
advi_,_,[H],_)., there_must_be_a_verb_here(T).

there_must_be_a_verb here([H|_]} :- verb(_._,_._.[H)l._). '.
there_must_be_a_verb_here{(H|_]) :- aux{_,_,_,[H]._ ).
there_must_be_a_verb_here([H|_J} :- modal_aux(_,_,[H],_)., !'.
there_must_be_a_verb_here(_) - !, fail.

/--wt-t--t.tt't-ttt.tttttﬂtt*-wb#t*-tttttttt---.a..cn.o-..--o.nnol-o..---nahan/

/* SET_STRUCT {(uced by verb_clause) ./
/* REGULAR ACTIVE. ./
set_struct (active, Tense, Pre_V,V,_,CPL,.Medial_Modif,CPL,

Final_Modif,

predicate(regular {VERB), voicelactive),complement (CPL),
subord_clauzes (medial (Medial_Modif),
final{Final_Modit})})

get _verb_trans(V,Trans), Trans \== ztat,
conciliate__pre_v__v{Tense,Pre_V,V,VERB).

/* REGULAR PASSIVE. ./
set_struct (passive,Tense, Pre_V,V,Subj,.Compl_Lizt,Medial_Modif,Compl,
Final_Modif,
predicate(regular (VERB),voice({passive),complement {COMPL) ,
subord_clauses (medial (Hedial _Modif},
final{Final_Modif}})}
get_verb_trans(V,Trans}, Transz \== stat,
conciliate__npre_v__ vi{Tense,Pre_V,V,VERE),
Compl_List =.. [Compl_Type, [Subj|CPLI}, append{CPL, [{Compl].C},
COMPL =.. ([Compl_Type,Cl.

/* STATIVE. */
set_struct{stative,Tense,Pre_V,V,_,CPL,Medial_Modif,CPL,
Final_Modif,
predicate{copula(VERR) ,s_qualifier(CPL),
cubord_clauzes (medial (Medial Modif),
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€inal (Final_Modif)))) :-
get_werb_trans (V,stat), conciliatepre_v_ v ({Tense,Pre_V,V,VERB).

/lIv..lt.l..bb.t.l..t...'..l..'D--.Il-.'--.---QII.I".I."IQ'l....'...'.'.'..'./

/* CONCILIATE __PRE_V_V (used by set_struct) */
/' "/
/* Thic procedure "conciliates® (or "unifies®) negation markers and adverbs */
/* that were found before {(thus the pre_v name for “pre-verbal®) the main 7

/* verb(s) (e.qg. before the aux. group) with the ones found right beside it. */

/* The trivial case: a single verb. */
coenciliate__pre_v__v{Tense,pre_v(Neg,advs),
verb(V,_,P,neg(Negl), advs (Advsl),Tx),
verb{V, tenze (Tense} , P, neg{Neg),advs {Advs2) ,Tr) )
1= !, resolve_neg(Neg,Negl,Neg2), append(Advs,Advsl,advs2).

/* Otherwise, conjoi.ed verbs (see verbseq core): we assume that the scope >/
/* of pre-verbal negation 'Neg' and adverbials *Advs® is the whole sequence */
/* of conjoined verbs unless they are joined by the coordinator 'but'. In */
/* that case, Neg and Advs only affect the very first verb. */

conciliate__pre_v__v(Tense,pre_v(Neg,Advs),
conj_verbs(but,
(verb(V,_,P.neg(Negl) , advs{Advsl},Tr) |R1]).
conj_verbs{but,
[verb(V, tense (Tense}, P, neg (Neg2}, advs {Advs2),Tr) [R2]))
!, resolve_neg(Neg,Negl,Neg2), append{advs,Advsl,Advs2),
neg_and_advs__conj_v_scope{Tense,_,nil,R1,R2}.

conciliate__pre_v__v(Tense, pre_v{Neg, Advs),conj_verbs(C,Ll),conj_verbs{C,L2})

neg_and_advs___conj_v_scope(Tense,Neg,Advs,L1,L2).

neg_and_advs___conj_v_scope (Tense, Neg, Advs,
[verb{V,_,P,neg(Negl) ,advs(Advsl}),Tr}) |R1],
[verb(V, tense(Tense) , P, neg(Neg2) , advs (Advs2) ,Tr) |R2])

resolve_neg(Neg,Negl,Neg2),

{{Advs \== nil, appendiAdvs,advsl,advs2)} ; (Advs == nil, Advs2 = Advsl)),
({Advs == [], ADVS = Advsl) ; (Advs \== [], ADVS = Advs)).
neg_and_advs___conj_v_scope({Tense,Neg, ADVS,R1,R2) .

neg_and_advs__conj_v_scope(_._._.[1.[]).

/Qh..tttt.itt.t.tt-tttt'.i*t*ﬁ*tt**’*'w*t*'**t*itwt*i*i-.**t*i."l..'--""’t'/

/* RESOLVE_NEG (used by be_going_to_g, conciliate__pre_v__v, -/
/e neg_and_advs__conj_v_scope, verbseq, verbseq  BeGoingTo_or_else, & ~/
/* verbseq _Have_or_Do__aux) */
FA */

/* Negation unification: yields to 'yes' iff both subcomponents are ‘yes'. -/

resolve_neg(yes,yes,yes) :- .
resolve_neg(_,_.no).

/.‘t.it-t.ttltt‘tl.-i‘t-.tti t't"‘-tt'.t.'-tttt.'-"--'-tt-ttitttittttitb-'t'.l
/* VERBPHRASE_REGACT_OR_REGPASS (used by verb_clause) */
/* */
/* Handles the regular verb phrases, active or passive. When M_el is present */
/* as last argument, it signals the presence of an empty NP (see rel_clause).*/

verbphrase_RegAct_or_RegPass {Num,Voice,Tense, Pre_V,V,Medial_Modif,CPL.M _el)
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-
verbseqg(Num, Voice, Tense, Pre _V, V),
medial_vp_subordinate_clause (Medial_Modif},
complement (Voice,V,M_el,CPL) .

medial_vp_subordinate_clause(nil) - 7.

medial_vp_subordinate_clause({subordinatce (MSC)) --»

med_correlative_marks_ol(N),

{adverbial_subordinate (medial,.MSC) ; nominal_subordinate(medial ,MSCHY,
med_correlative_marks_c(N).

med_correlative_marks_o{(l}) --> comma.
med_correlative_marks_o(2) =--> dashes.
med_correlative_marks_o(3) --> parenthesis_o.

med_correlative_marks_c(l} =--> comma.
med_correlative_marks_c(2) =--> dashes.
med_correlative_marks_c(3) =--> parenthesis_c.

I’*Q*W"*#Q*tQﬁit‘.“-'--‘ti.'ii.--ti...---tﬁ't.‘..ﬁ-i!t..itﬁ..l..httttﬁtttﬁﬂﬁ‘/

/* VERBSEQ (used by verbphrase_RegAct_or_RegPass) s/
I 7
/* The basic form of a verb sequence is based on Winograd's description: */
/* "modal_aux | be_going_to | have/do | be_1l | be_2 | verb® ./
/* be_l: information about the continuity of the action. ./
/* be_2: passive or active form. ./
/t c/
/* Ou encere: i) modal + be + verbe en -ing ~/
i ii} modal + have + participe passe ./
/™ iii} medal + have bheen + participe presoent. ./
/- */
/* All these different elements, except the verb of course, are optional: ./
/* see QUIRKR, chap.3; on marginal modals & modal idiems, see pp.l3f+. “/
/* The verb sequence containg a “HAD BETTER" modal idiom. */
verbseq{_,Voice, [had_better,pres|Tense],pre_v(Neg, Advs), V) -

check_chrono(verbseq),

{modal_aux(had,_) ; modal_aux{had_would,_)},

adj {good,comp) ., opt_negation(Negl),

verbseq BeGoingTo_or_else(2,_,Voice,Tense,pre_v(Negl ,Advys) , V),
(resolve neg(Negl,Neg2,Neg)}.

/* The verb sequence c¢ontains a "WOULD RATHER®" modal idiom. ~/
verbseq(_,Voice, [would_rather,prec|Tense) ,pre_v(Neg,Advs) V) --»

{modal_aux(would,_) ; modal_aux{had_would,_)),

adv(rather,_), opt_negation{Negl),

verboeq BeGoingTo_or_else(2,_,Voice,Tenze, pre_v(Neg2, Advs) V),
(resclve_neg(Negl,Neg2,Negl}.

/* The verb cequence containz a modal (different from the marqginals below), */
verbseq(_,Voice, [Modal ,Modality|Tensel, pre_v{Neg, Advs) , V) -

modal_aux{Modal,Modality),

{Modal \== dare, Modal \== need, Modal \== ought Lo, Modal \== uned_to},
opt_advs_negation{Advsl,Negl},

verbseq BeGoingTo_cr_elsel2,_,Voice,Tense,pre_villeqg2, Adrs2) V),
{append (Advsl, Advs2,Advs), resolve_neg(Negl, Neg2, Heqg)l).

/* The verb sequence contains a "DARE" marginal modal. "/
verbseq(_,Voice, [dare,Modality|Tense],pre_v(Neg, Advs),V) -

modal_aux{dare,Modality), opt_negation(deql),
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werboeq  BeGoingTo_or_else(2, . Voice, Tense,pre_v(Neg,advs),vV),
{recolve _negiNegl,Neg2,Neg)).

/* The varb sequence contains a “NEED" marginal modal. -/
verbseql_,Voice, [need,Modality|Tense],pre_viNeg, Advs),V} -
modal_aux (need,Modality), opt_negation(Negl),
verbseq  BeGoingTo_or_elsel(2, _,Voice,Tense,pre_v(Neq2, Advs) V),
{resolve_neg{Negl,Neg2,Neg}}.

/* The verb sequence contains a "OUGHT TO" marginal medal. ./

verbzeg(_, Voice, [ought_to,Modality|Tense],pre_v(Neg,Advs) ,V} -->
modal_aux{ought_to,Modality). opt_negation(Negl), infinitive_marker,
voerbzeq BeGoingTo_or_else (2, _,Voice, Tense, pre_v(Negl,Advs),V},
{resolve_neg(Negl,Neg2,Neg) ).

/* The verb soquence contains a "USED T0" marginal modal. */

verbseq(_,Voice, [used_to,Modality|Tense),pre_v(Neg,Advs) ,V}) -->
modal_aux{used_to,Modality)., opt_negation(Negl), infinitcive_marker,
verbseq  _BeGoingTo_or_else(2, _,Voice,Tense,pre_v{Neg2,advs),V),
{resolve_neg{Negl,Neg2,Neg)}.

/* The verb sequence does not contain a modal. >/
verbseg (Num, Voice, Tense, Pre_V, V) -
verbseq BeGoingTo_or_else(l, Num,Vojce, Tense, Pre_V,V).

,i‘..ttﬁ.tt.ttttﬁ*t.'ﬁ.‘"t-.---.-‘-i‘--.ti'.'.-ﬁ'-*.'t..ﬁ-.*".t'&ti."ﬁ"i..i/

/* INFINITIVE_MARKER (used by be_going_to, have_to, rel_clause, */
/* simple_to_infinitive_clause, verbseq, verbseq Be_ aux, & */
/" verbseq Have_or_Do__aux) */

infinitive_marker --»> special_function_word{te,_).

/.Q..Q.t.lb.t.....-..ﬁ...t-tt.t"i"'ﬁ."'-"tﬁ"t't’*t't"'t"t"ﬁftﬁ*ﬁt*ﬁt*ﬁ*l

/* VERBSEQ__BEGOINGTO_OR_ELSE {used by verbseq) -/
/* The "BE_GQING_TO" and "HAVE_TO" cases. */
verbseq BeGoingTo_or_else{_,Num,Voice,Tense,Pre_V,V,I1,0) -

(be_going_to{Num, Tensel,Negl,Advsl,I,02) ;

have_to (Num, Tensel,Negl,Advsl,I,02)),

there_must_be_a_verb_here(02),

{ (verboeq _HaveBe__aux(_,Voice, [inf,continl,pre_v(Neg2,bAdvs2) ,V,02,0},
Tense2 = [contin]., append(Advsl,Advs2,Advs),
resolve_neg{Negl,Neg2,Neg), Pre_V = pre_v{(Neg,Advs)) ;

(verbseq core(_,Voice, [inf],Vv,02,.0),
Tense2 = [simple), Pre_V = pre_viNegl,Aadvsl))),

append (Tensel, Tensel, Tense) .

/* The GENERAL case ... -/
verbseq  BeGoingTo_or_else(Modal_flag,Num,Voice,Tense,Pre_V,V) =-->
verbseq Have_or_Do__aux(Modal_flag,Num,Voice,Tense,Pre_V,V).

/.‘.--..t'QC.tt...t..t..t'.*..t*t"t**t**"Q*t.'i"tﬁt'-"ttt'*itw't*"ﬁ*ﬁt****l

/* BE_GOING_TO & HAVE_TQ (both used by verbseg BeGoingTo_oxr_else) >/
/* */
/* The *"BE_GOING_TO" {(near future) & */
/* *HAVE_TO" liobligation or logical necessity} SEMI-AUXILIARIES: -/
/* see QUIRK, pp.l43+ (semi-auxiliaries). */

be_going_to (Num, Tense,Neg, Advs) =-=->
adverbs (Advsl), be_going_to_g{Neg,Num,Advs2, Tense),

be_going_to_mainvb, infinitive_marker, (append(Advsl,Advs2,Advs)}.

be_going_to_g(Neg,Num, aAdvs, [Tense, perf,near_fut]) =-->
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aux (have,Num, Tense) , opt_advs_negation{Advs, Neal),
aux{be,_,perf), opt_negation(Negl}, [resolve_neg(Neal.Neal,Neq)l.

be_going_to_g (Neg,Num, Advs, [Tense, near_futl]) -

aux{be,Num, Tense), opt_advs_negartion{Advs,Neqg).

be_going_to_mainvh([det (word:going/_,_}|01.0).

have_to (Num, [Tensel,Neg,Advs) -->
adverbs {Advsl), aux{have,Num,Tense), opt_advs_negation(Advsl,Neg),
infinitive_marker, (append(Advsl,Advs2, advs)).

_S_V.PL ("senience & verb phrase rules™

...............................................

/"t-‘t."'...ﬁ"ﬁ.'b.tl.'.i'.ﬁ.'...‘tﬁ*‘tﬁiﬂ.ttﬁﬁﬂﬁtttttq.Q.‘.i....lt.tl..lﬁ.ll ’
f

/* VERBSEQ__ HAVE_OR_DO___AUX (used by verbseq  BeGoingTo_or_eclae),
/> VERBSEQ__HAVEBE__AUX (used by verbseg  BeGoingTo_or_clse &
/> verbseq Have_or Do__aux},

/* & VERBSEQ_ _BE__AUX (used by verbseq Have_or_Do__aux &

/> verbseq HaveBe__ aux)

/™ ~ HAVE as an auxiliary =-~—--~msssscmcccm e

/* Modal_flag = 1 : for NON-MODALS.
verbzeq _Have_or Do_ aux(l,Num,Voice, [Tensel,perf|Tensel],
pre_vi{Neg,Advs},V) oo
adverbs (Advsl), aux(have,Num,Tensel), {Tensel \== inf},
opt_advs_negation{Advs2,Negl),
verbseq HaveBe__aux (Num,Voice, [perf|Tense2], pre_v(Nogl2,Advn3) V),
{append (Advsl,Advs2,Advsd), append{Advzd,Advs3, Advs),
resolve_neg(Negl,Neg2,Neg) ).

/* Modal_£flag = 2 : for MODALS.
verbseq Have_or_Do__aux(2,Num,Voice, [perf|Tenzel,pre_v(Ncg,Advs) , V) --:-
adverbs (Advsl), aux(have,Num,inf), opt_advc_negation (Advc2,Negl),
verbseq HaveBe__aux{Num,Voice, [perf|Tense],pre_v(N=g2,Advz3), V),
{append (Advsl, Advs2, Advsd), append(Advzd, Advs3, Advs),
resolve_neg(Negl,Neg2,Neg)}.

r~ DO as an auxiliary ~~—————mcmmm e

verbseq Have_or_bo__aux(_,Num,Voice, [Tensel,pre_v{Neqg, Advs),V) --=
adverbs {Advsl), aux(do,Num,Tenze), {Tense \== perfj,
opt_advs_negation{Advs2,Neg),
verbseq core(_,Voice, [inf],V), {append{Advsl,Advsa,Advs)),

/* No HAVE or DO auxiliaries found in the verb sequence ...
verbseq_ Have_or_Do__aux(Modal_£lag,Num,Voice,Tense, Pre_V,V) -—-
verbseq Be__aux(Modal_flag,Num,Voice,Tense,Pre_V, V).

I BE as an auxiliary ~———e——mem e e

/* first two clauses: when following HAVE ...

verbseq HaveBe__aux{Num,Voice, [Tense,contin],pre_v{Nrg, Advs) V) ==
aux(be, Num, Tense), opt_advs_negation{idvs,leqg),
verbseq_core{Num,Voice, [progr].V).

verbseq HaveBe__aux{Num,Voice, Tense, Pra_V,V) -
verbseq Be_azux(_,Num,Voice,Tense,Pre_V,V}.

/* Modal_f£flag = 1 : for NON-MODALS; the "BE TO" modal idicm.
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rerboeq  Be_ _aux{l,Num,Voice, [be_to,Tenge,pres),pre_viNeg,Advs).V) =-->

/*

adverbs (Advs),

aux{be,Num,Tense), {(Tense == past ; Tense == pres : Tense == pres3s)},

opt_advs_negation([],Neg), infinitive_marker,
verboeq core(_,Voice, [inf], V).

Modal_flag = 1 : for NON-MODALS, the general case.

werboeq  Be__aux{l,Num,Voice, [Tense, contin),pre_viNeg, advs),V) ——

/'

adverbs {Advsl), aux(be,Num,Tense}, {Tense \== inf},
opt_advs_negation(Advs?, Neg),
verboeq core (Num,Voice, [progr],V), {append(Advsl,Advs2,Advs)}.

Modal_flag = 2 : for MODALS.

verbseq  Be__aux(2,Num,Voice, [pres,continl],pre_v(Neg,Advs),V) -——

adverbs (Advsl), aux(be,Num,inf), opt_advs_negation({Advs2,Neg},
verbsedq core(Num,Voice, [progr],V), (append{Advsl,Advs2,Advs)}.

_____ No auxiliaries found !

verboeq  Be_ aux({_,Numn, Voice,Tense,pre_viyes,[])},V) -—2

/.--.o-..ot-g*-QQ.Q*-Qﬁ-.-----ttttttttttt.ttttt-tt-tt.ttt-ttv*w.--*w--!*wt*'h

/.
/.
/t
/t
/‘
/-
l.
IQ
/I
/t
/w
/‘

verbseq_core (Num, Voice, Tense,V).
VERBSEQ_CORE (used by verbseq _Be__aux, verbseq _BeGoingTo_or_else,
verbseq Have_or_Do__aux, & verbseq HaveBe__ aux)

These rules recognize the simple (usual) case in which a VP contains a
single main verb. They also recognize the more complex case in which a

sequence of conjoined main verbs is used instead. Although the lattey can
alco be analysed in terms of conjoined verb phrases with several elided
constituents, we follow the analysis of QUIRK (see pp.943+ & pp.967+) and

consider it as a case of conjoined main verbs with, often, an implied
chronological sequence. Here are two typical examples taken from QUIRK:
Ex.l: *Paul WASHED AND DRIED the dishes."

Ex.2: "He WAS BORN, LIVED, AND DIED in the city of Vienna.*

verbseg core (Num,Voice, [Tense] V) -->

/.’

res

check_chrono (verbseq_core),

verbal (Num, Voice,Tense,Vbl), rest_verbseq core(Num,Voice,Coor,Vb_R),

{pack_verbseq _core(Vbl,Coor,Vb_R.V}}.

LR R R I I L I R R N L I N R R B R R L I B AT Y B}

t_verbseq _core{Num,Voice,Coorx, [VB2|Vb_R]} -->
opt_comma, real_coordinatos._3(Coor), verbal {Num,Voice,_,VED),
rest_verbseq_core(Num,Veice,Coor,Vb_R}, {!}.

rect_verbseg_core (Num,Voice,Coor, [VB2|VE_R]) -->

comma, verbal (Num,Voice,_,Vb2},
rest_verbseq_core(Num,Voice,Coor,Vb_R), {Vb_R \== [], !}.

rect_verbseq core(_,_._.[]) -=> [].

pack_verbseq _core(Vbl,_,[1,Vbl) :=- !.
pack_verbseq_core(Vbl,Coor.Vb_R,conj_verbs (Coor, [Vbl|Vb_R1}) :-

f.

,.
,t
/-

nonvar {Coor}), lasti{lLast_V,Vb_R}), get_verb_trans(lLast_V,Last_V_trans),
append {(Vbs_but_last, [Last_V], [Vb1|Vb_R1),
check_trans_compatibility(Vbs_but_last,Last_V_trans).

IR s e e anae e L R I T R O R R R N S R

Making sure that we are not dealing with incompatible verbs, as far as

their transitivity is concerned. Otherwise, they should be considered as

conjoined VPs, not conjoined verbs. See also get_verb_trans below.

~/

*/

*/

*/
*/

*/
*/
*/
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*/
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check_trans_compatibility(_,Trans) 1= Trans \== intr, Tr

rans \o-otr, Y.
check_trans_compatibility (VbsL,intr) :- not_incompatible_intr_vo_tritre,Vhal) .
check_trans_compatibility (VbhsL, ) 1= not_incompatible_intr_vo_triintr.Vvhsly .

not_incoupatible_intr_vs_txri{_,[1) HET I
not_incompatible_intr_vs_tr (T, [V_K|_]) :-

get_verb_trans(V_H,Trans}), Trans == T, !, fail.
not_incompatible_intr_vs_tr(T, [V_H|V_R]) :-
get_verb_trans(V_H,Trans), Trans \== T, not_incompatible_intr_vs_tr{T.V_R}.

B Al T e b o o b b e b s b b B o o e A A A e LTI T
[ ACTIVE VERB .
verbal (Num, active, Tense,
verb(Mainvb, tense(Tense) , partic({Par) ,neg(Neg) , advs {Adva), trans (Transi )
-l
adverbs (Advs),
verb__in_double_quotes_or_not(Tense, Trans, Num,MainVb),
opt_particle(MainVb, Pax). opt_negation(Neg}.
{check_Num_Tense_agreement (Num, Tense) }.

P : *"PASSIVE" VERB ./
verbal {Num, passive, Tense,
verb{MainVb, tense{Tense) ,partic{Par), neg{Neg), advs{Advs), trans{Trans)))
——
adverbs (Advs), aux(be,Num,Tense}, opt_ncgation(Neg),
verb__in_double_quotes_or_not{perf,Tians, Num,Mainvb),
opt_particle(MainVb, Paxr),
{check_Num_Tense_agreement {Num, Tense) ).

/* STATIVE VERB 7/
verbal (Num, stative, Tense,
verb{MainVb, tense (Tensze) ,partic(nil),neg{Neg), advs (Advs), trans{atat)})
-
adverbs {Advs),
{{verb__in_double_gquotes_ocr_not(Tense, stat, Num,MainVb),
opt_negation(Neg}) ;
(opt_negation(Neg),
verb__in_double_quotes_or_not(Tense, stat,Num,Mainvh))).
{check_Num_Tense_agreement {Num, Tenze) ).

P theesasaaarraneanr e fhrae e s e f s e 7
check_Num_Tense_agreement (Num, _) t— var{Num), !.
check_Num_Tense_agreement (593 ,pres3s) :- !,
check_Num_Tense_agreement (sg3, Tense) :- Tense \== pres, Tence \== inf, !.
check_Num_Tense_agreement {(Num,Tense) :- Num \== z2qg3, Tenose \== presic

,b"'..'-ﬁ'.fi"*'*"'.--..-’-.-'.'.t-.ﬁ.iﬁ.t.....tb‘.t"‘tt.ltb.l.ll.‘b....btl

/* VERB__IN_DOUBLE_QUOTES_OR_NOT (used by past_part, pres_part, b verhbal) */
;o >/
/* We recognize verbs enclosced in double quotes {e.q. *tells®, *enter”). +/
/* A word W in double quotes is represented ac double_quotesi¥), */

/™ but a sequence of words SW in double quotes ic represented as ctring(ow). */

verb__in_double_quotes_or_not({Tense,Trans,Num,double_quotes (V)) -->
{Tense == imp)}, double_guotes, verb(imp,Tranz,Num,V), double_gquotes, {!}.

verb__in_double_guotes_or_not{Tence,Tranc,lum,double_quotes(V}) --=»
double_quotes, verb({Tense,Trans,Num,V), {Tense \== imp)}, double _quotes.

verb__in_double_gquotes_or_not(Tenge,Tranc,Num, V) ] -——
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{Tense == imp), verb(imp,Trans,Num,V), ('},

verb __in_double_quotez_or_not{Tencse, Trans, Num,V) -2
verb (Tense, Tranz, Num, V), {Tense \== imp}.

/--—b-l---o--o-.r-o.o-..--.------------on--oa-c---.-a-twwt-n--wttwtuvtowtwu"-/

/* COMPLEMENT (used by verbphrase_RegAct_or_RegPass)
;e
/* Defines the different types of complemen: accepted by a verb sequence:

i intr = intrangitive : verbs that do nat occur with objects.

/* stat = stative : copulas (see verb _clause & sef_struct).
/* tr = transitive : verbs that occur with one or more object.
/* tr_intr : verbs that can be used either as intr or as tr.
complement{_,_,M_el,nil) -=> {M_el == ing_noun, !}.

complement {Voice,V,M_e1,CPL) -->
check_chrono (complement (tr}},

{get_verb_trans(V,Trans), (Trans == tr_intr ; Trans == tr)}.
check_spy_on_this_rule(complement,complement_tr),
complement_tr(Voice,M_el,CPL).

complement (Voice, V. M_el,CPL) -~>
check_chrono {complement {intz) )},
{get_verb_trans(V,Trans), (Prans == tr_intr ; Trans == intr), '],

check_spy_on_this_rule(complement, complement_intr},
complement_intx (Voice,M_el ,CPL) .

complement {Voice,V,M_el ,CPL) -->
check_chrono(complement (stat)},
{get_verb_trans(V,stat)},
check spy_on_this_rule{complement, complement_stat),
complement_stat (Voice,M_el,CPL) .

>/
~/
*/
~/
*/
~/
./

/'..l..'.dQ-.tctt*.nt.t.ttt-'--t-tttt-tt-tonncnclt.' ot--.vwvwut‘v"rﬂ*#!**‘iﬁt*w/

/* GET_VERE_TRANS (used by complement, not_incompat. le_intr_vs_tr,
/* pack_verbzeq core, & set_struct)

/* The trivial case: a single verb.

goet_verb_trans{verb{_,_._._.,_.trans{Trans)),Trans}.

/* Otherwise, conjoined verbs: we assume that the last verb determines Trans.

get_verb_trans (conj_verbs{_,Vlist),Trans) :-
lasti{verbi{_._._,_,_,trans{Trans)},Vlist).

Jt REBEBRHAANRERARRERRBAERRBURRBBARERA AR R RAE BB R AR R R HARH AR R R R B AR RERERHRES

/* TR (i.,e. transitives, ditransitives, & complex transitives)

/t

/* Somae rules apply to ditransitives as well as to complex transitives:

/: cee QUIRK, pp.1170+ (16.20: “Types of verb complementation®).

;' Notation: S{ubject), V{erb), O(bject), C{omplement), A{dverbial}.

/¥ et e ACTIVE STRUCTURES -r-==-mc=reco—caccmmccacaaaas
complement_tr(active, referring_np(M_el),svoo_svoc_svoa([M_el,X])) &= -->

np_equivipost_v,2.X,_)., {!}.

complement _tr(active, referring_np{M_el),sveo_svoc_svoa({[M_el, X1)) -—
required_prepphrases{X,_}, {!]}.

complement_tr{active, referring_np(M_el),svo({M_el)) -——
(1.
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complement_tr(active, def_prepi{M_el), svoo_svoc_svoa{{lhi.ppif, Y clY ¥ --~
np_equiv{post_v,2.0bj._}, prep(P), not_feollowed_by_a_np.

complement_tr{active,def_prep(M_cl),.svo(pp(P.M_ el -~
prep(P), not_followed_by_a_np.

complement_tr{active,nil.svoc{Compar}) -
comparative_clause (Compar}.

complement_tr (active,nil, sveo (X)) .
np_equivipost_v,0,.X,_) :; required_prepphrases(X,_).

complement _tri{active,nil,Compl_Struct) -
np_equiv{post_v,2,0bj,_1},
rest_complement_tr_act_np(0Obj,Compl_Struct).

complement_tr (active,nil,svoo_svoc_svea{[Obj,PP_obil)) -
required_prepphrases (PP_obj,_), np_equivipost_v,2,0bj,_).

J¥ e PASSIVE STRUCTURES ==-==-c=-m=coooaomoam-

complement_tr(passive, referring_np(M_el}, svoo(lAgent,M_oll))
by_phrase(Agent) ; {Agent = pass_subj(nil)}.

complement_tr{passive,nil,Compl_Struct)
by_phrase{Agent), rest_complement_tr_pass_by(Agent,Compl_Struct).

complement_tr (passive,nil,Compl_Struct)
required_prepphrases(Iobi,by},
rest_complement_tr_ pass_pp(Iobj,Compl_Struct).

complement_tr(passive,nil,Compl_Struct)
np_equivipost_v,0,0bj,_),
rest_complement_tr_pass_np{Obj,Compl_Struct}.

complement_tr{passive,nil, svoo_svoc_svoa([Agent,attributes (A)]))
required_adj_phrase(A)., by_phrase{Agent).

restc_complement_tr_act_np({0bj, svoc((0bj,Compar])) -
comparative_clause (Compar).

rest_complement_tr_act_np{lobj, svoo_svoc_svoa{lX%,iocbj(lobi) ]} -~
np_equivipost_v,0,X,_).

rest_complement_tr_act_np (Obj, sveo_svoc_cvoal[0bj, X)) -
required_prepphrases({X,_).

rest_complement_tr_act_np(Obj,.svoc_svoal{Obi,%1})) -
required_adj_phrase(X}).

B.l: DIPETT_S_PARSER_S_V.PL (“sentence & verb phrase rules™

/% o iiienianea e atmaeeeasassteseeeseear it nanan e eve s brereas et
rest_complement_tx_pass_bylAgent, svoo_svec_svoaf{ [Agent.%]}) -—
np_equivi{post_v,0,%._) : required prepphrasec(X,_)., (!}.
rest_complement_tr_pass_by (Agent,svol(lAgent,nill)} --= [l.
rest_complement_tr,pass_pp{Iobj.svoo_svoc_svoa(IAgent.iobjIIobji])) -——
by_phrace{agenti, ('}.
rest_complement_tr_pass_pp(Iobj.ovoo([pass_zubj(nil),ichjtlobj)]l}} --=» {].
rect_complement_tr_pass_np{0bj,sveo_svoc_svoal [Agent,0bjl}) -

by_phrase{Agent), {!).
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rest_complement_tr_pass_np(0bj.svoo([pass_subj(nil) , Objin} R I
/" e P T T R L L o A e e kR A
/* Note: in fact this might be foo restrictive. What we really mean iz "not °

/* followed by something that can ONLY function as a NP*. Yes, tricky indeod. ™.

not_followed_by_a_np(I. 1) :-

(noungp_head{_._,_,I._} : np_nucleus{_,_,_.I,_)). required_adverb={_.1._). !'.
not_followed by _a_np(I,I} :- noungp_head(_,_,._.I._), !. fail.
not_followed by_a np{I,I} :- np_nucleus(_,_,_.I._ ). !, fail.

not_followed_by_a_np(I.I) := !.

/* Note: this rule recognizes “by Tom and Bob® but not "by Tom and by Bob®., */
by_phrase(pass_subj (Agent)) --> preplby), np_edquivipost_v,2,Agent, ).

7 BERRARNEHBHSHASSRERRARRRRERRARBRURRBURAE R RE RN R AR R RR RN RRRR R NN AR RN RN )
/* INTR (i.e. intransitives) “

complement_intr (active,nil,sv(nil)) --> [].

Jv BEBRERRERERRERERBEABRHDORR AR B R GHENGERU R R RN N AR R RER RN RRRHHRURRURRBRNN D~/
/* STAT (i.e. statives or copulars) ./

complement_stat{stative,referring_np(M_el),svc_sva(M_el)} --~ 1],

complement_stat({stative,nil, svc_sva(Al) -——
compl_adj_phrase{A).
complement_stat{stative,nil,sve_sva{Obj)) -

np_equivipre_v.0,0bj,_).

/.ttttt.w*‘.w‘-t-ttttttwwtnwttf'.tﬁ--ttttttwntﬁtit.t.ﬁ-c...tt.hunt.ttt....t..-/

/* REQUIRED_SUBORDINATE_CLAUSE (used by verb_clause) ./
/* & SUBORDINATE_CLAUSE {used by required_subordinate_clause & sentence) ./
i ./
/* Sentence modifiers may occur at the beginning or at the end of a sentence */
/* or a verbphrase. They generally affect the meaning of the gentence by ~/
/* specifying particular circumstances, time or manner constraints on the */
/* main clause. Thus, relative to the latter, they are subordinate clauses. */
i */
/* Note: *"modifiers® and *subordinate clauses"™ are used as synonyms here. ./

required_subordinate_clause (POS,RCM) -->
subordinate _clause(POS,RCM), (RCM \== [1}.

subordinate_clause{initial,_ ) -—
end_of_sentence_marker{_}, {!, fail}l.

subordinate_clause(£final,{],I,I) :-
end_of_sentence_marker(_,I,_). !.

subordinate_clause({_, []) -—=> [1.

subordinate_clause{P0OS,Out_Struct) $ Tokenz -->
modif({POS,.M1), rest_sub_cl(POS,Coor,M_R,M1), {pack_cub_cl(Ml, Coor,M_R,M_ L)},
{get_desired_output_structure(M_L, Tokens,Cut_Struct)}.

w ¥
I* ciieen Prserneratasnnn tiestrsesaanes e vherranrens - seenanan

/* The follewing rules require that an initial *modifier® must be followed by*/
/* a comma if it's not a simple adverbial clause. Otherwice, it*'s optional., */

rest_sub_cl{POS,Coor, [M2|M_R],_)

-
opt_comma, opt_real_coordinator{Coor}, modif{POS,M2},
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rost_sub_cl{POS,Coor, M_B,M2), {1}.
rect_cub_eliinitial, _, [].ph(subozdinate{adverbiali{simple_adv_clause(_)}),.))
[i.
recst_sub_el{initial, _,[1._)
-
comma .

rest_sub_cl(final, _,[1.,_)
_——
opt_comma.

pack_sub_cl(ML, . {].[M1]) := !,
pack_sub_cl(M1,Coor0,M_R,conj_subord_cl(Coor, [M1[M_R})) :-
{var (Coor(), Coor = implicit_and} ; {(nonvar(CoorQ), Coor = Coor0).

/'tit..t'-‘ﬁ..ti‘*ﬁ"'.-'-.-."ﬁ.'-ﬂ'**'*ﬁ.."tﬁiI'.-.'-.-.-...".t.'tw‘ﬁ'**..‘/

/* MODIF (uzed by rest_sub_cl & subordinate_clause) */

modif {POS, subordinate{M}) -
already_parsedisubordinate_clause, ([POS,M]).

modif (POS, subordinate(M),I,0Q) :-
check_spy_on_this_rule(subordinate_clause,nil,I,I), check_chrone(modif,I},
modif_phrase(POS,M,I,0},
keep_parse_in_mem{subordinate_clause, [POS,M],I,0).

/* Major categories of subordinate clauses: adverbial and nominal clauses. >/

/* Others are sentential relative & comparative (see QUIRK, pp.l047+). -/
/* Note: sentential relative is syntactically similar to nominal relative >/
/* clause (though semantically different), thus, not included here. */

_/* For more details, see QUIRK p.1118. On subordinators, see QUIRK, pp.398+. */

modif_phrase (POS,Qut_Struct) $§ Tokens -->
comparative_subordinate{P0OS,M},
{get_desired_output_structure (M, Tokens,Out_Struct)}.

modif_phrase (POS,Qut_Struct) $ Tokens -->
adverbial_subordinate(POS,M),
{get_desired_output_structure{M, Tokens,Out_Struct)l.

modif_phrase {POS,Out_Struct) $ Tokens -->
nominal_subordinate (POS, M),
{get_desired_output_structure (M, Tokens,Qut_struct}}.

comparative_subordinate{initial,comparative(M)) -—
comparative_clause(M).

adverbial_suberdinate{_,adverbial (M)} —-—
adverbial_clause(M).
adverbial_subordinate(_, adverbial (M)) -

adv_group(M).
adverbial_subordinate(initial, adverbial (subordinator({sub_Conj),M)} -->
opt_subord_conj (Sub_Conj), required_prepphrases (M, ).

nominal_subordinate(initial,nominal {subordinator(Sub_Conj).M)} -——
opt_subord_conj {Sub_Conj), nominal_ clause(_,M._,_).

opt_subord_conj {Sub_Conj) -->
conj(Sub_Conj), {\+ real_coordinator(Sub_Conj), !}.
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opt_subord_conj(Sub_Conji) --»
adv{Sub_Conj.Type)l, (Type == conj, !'}.
opt_subord_conj(nil} ==~ [].

raAAAALAALRALRALLLLLAALARAREALAAAASAALALAALRLLAALARALEERASELALLLLALALELEEEAALSEEES]

/* ADVERBIAL_CLAUSE & ADV_GROUP (both used by adverbial_subordinate) ..

adverbial_clause{adv_clause{subordinator (Adv_or_Conj}.Clause}) --»~
{required_adverbs (Adv_or_Conj) :
{opt_subord_conj (Adv_or_Conj}, {Adv_or_Conji \== nill})},
rest_adverbial_clause(Clause}.

rest_adverbial_clause(Clause) -
nominal_clause{ing_clause,Clause,_,_).
rest_adverbial_clause{Clause} .-

sentence_core_s{Clause}.
rest_adverbial_clause(past_part_phrase(Agent,PPP)) -->
past_participle_phrase(_,main_clause_subj,Agent, PPP) .

adv_group(simple_adv_clause(Advs)) --» required_adverbs{Advs).
adv_group (comp_adv_clause (Comp,0Object}) -->

compare_p. adv{Comp},

{np_equiv({post_v,2,0bject,_) ; sentence_core_s{Object)).

compare_p_adv{comparator__than{Deg_Mark,Adv}) -->
compar_degree_marker (Deg_Markl, adv_s(Adv), conjithan).

compare_p_adv (comparator__than{Deg_Mark,Adj}) --»
compar_degree_marker (Deg_Mark), adj{Adj.cemp). conj(than).

/ttttttttwwtwtww--w--tt'itwt*tto.'tt-.t-w---tt.t.ttwttwtt....tt....-.-..ot..tb/

/* SENTENCE_CORE_S (used by adv_group, comparative_clause, question, ./
/* rest_adverbial_clause, that_clause, wh_i_d_clause & whether_if_clause)*/
i .

/* Similar to 'sentence_core' except that we do not allow subordinate_clauze */
/" or np_equiv of type 1 in oxder to avoid potential infinite left rocursion.*/

sentence_core_s!{Struct) -->
check_chrono(sentence_core_s),
np_equiv(pre_v,2,Np,Num), verbphrase(2,Num,_,Np, [},Struct,nil}.

/-'-.-'"--'-ﬂ-."""'*"--'."'tt‘t"ﬁ.tt'.....t--".--.&.-.ttt..I.‘Q..IQ..&./

/* COMPARATIVE_CLAUSE (used by comparative_subordinate, compl_adj_phrase, */
Vi complement_tr, & rest_complement_tr_act_np) */
/™ ./
/* See QUIRK, pp.l1127+. */

comparative_clause(_}
-—

end_of_sentence_marker(_), {!, fail}.

/* *THAN' comparison: " ... & much better student than your own brother.® */
comparative_clause{comparative_clause__than(
prep(Prep) ,degree (Deg_Mark),compar__than{Adj_C).
compar_obijl(0bjl), compar_obj2{0bj2))}
-
(prep(Prep) ; {Prep = nil}),
compar_degree_marker (Deg_Mark), compar_adj (Deg_Mark,Adj_C),
inp_equivipost_v,2,0b3jl,_) : {Objl = nil}),
conj{than}, (sentence_core_s(0bj2) : np_equiv{post_v,2,0bj2._)].
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/* "AS-AS' comparison: * ... as intelligent as your own brother." -/
comparative _clause{comparative_clause__as_as|
degree{Deg_Mark) ,compar__as_as (Adj_C),
compar_obj (Obj)))
advi{as,_).
compar_degree_marker {(Deg_Mark),
{compar_adj (Deg_Mark,Adj_C) :
np_equivipost_v,2,Ad3_C,_)),
advias,_},
{sentence_core_s{0bj) :
np_equivipost_v,2,0bj,_) ;
required_adj_phrase{0Obj}}.

compar_degree_marker(least) --> quant(least,_._). {1l}.
compar_degree_marker{less) =--> quant(less,._,_}., {!}.
compar_degree_marker {many) --> cquant(many._,.}. {!'}.
compar_degree_marker (more) -=-> ¢uant(more,_,_}, {!}.
compar_degree_marker {most) --> quanti{most,_,.), {'}.
compar_degree_marker (much) --> quant(much,_,_), (!}.

compar_degree_marker{so} --> advi(so,_)., {!}.

compar, degree_marker(nil) --> [].

compar_adj{_,Adj_C) -=> adj_s{adj_C,_). -

compar_adj{_,Adj_C) -=-> adv_s{Adj_C).

compar_adj {Deg_Mark,.nil) --> {Deg_Mark \== nil}.
/tt.*.Qttt’ﬁ‘-.ﬁ-t.""**'t**b*i.”.'ﬁ".ﬁ.---t.it""'w***iti**ﬁﬁ"ﬂ"'--'i'.'ﬁ/
/* LAST_RESORT_PARSING_OPTION {used by parse in dipett 1) */
" >/

/* When an input is unrecognizable by the grammar or when it camnot be par- */
/* sed ingide the alloted CPU time limit, the user can {(option G in parsing ™~/
/* options) ask DIPETT to reparse the input as a series of fragments. This */
/* option is obvioculsy less desirable than a full (correct) parse but much "/
/* more preferable to a completely unsuccessful parse. This approach to >/
/* *partial parsing” allows us to ensure, up to a certain point, that DIPETT */
/* will at least attempt to extract partial *knowledge*® elements out of any */
/* well-formed input. Thix is, in a sense, a last resort parsing strategy. */

/* set_chrono: relative to the original CPU time limit; not a new one. */
last_resort_parsing_option({Frags,I,Q} :-
{ (fragmentary_parsing(on),
writep('** Reparse as a series of fragments [n/¥]? '},
{ (user:batch_parsing{on), Answer = y, nlp) ;
(\+ user:batch_parsing(on), read_answer (Answer})}.
Answer \== n) :
{frag_parsing_only{on}, nlp}),
set_chrono,
on_exception (Msg,
with_timing(*'fragmentary parsing ’',
last_resort_parsing(Frags,I.Q)}).
display_exception_message_and_fail__ 6 (Msqg)),
display_fp_percents (Frags}.

/* As is the case in ‘compl_sentence' above, an input may be parenthetical. */
last_resort_parsing({parenthetical (parse_tree_ frag series (FRAGS,Tag))) -->
parenthesis_o, (!},
{erase_previous_mem_assertions},
frag_series (FRAGS),
terminal (Tag).
parenthesis_c.
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last_resors_parsing(parse_tree__frag_series (FRAGSE, Taa)) --~
(erase_previous_mem_assertions].
frag_series{FRAGS},
terminal (Tag) .

frag_series{[Frag_H|Frag_R]} -->
frag_element {Frag_H), frag_series(Frag_R}.
frag_series([]) -—> {1},

frag_element {sentence_£fragment(FE)) --> sentence_core_s(FE).

frag_clement (sentence_fragment (FE)} --> verbphrase(l._._.nil,[],FE,nil}.
frag_element (FE) -=-> sentence_£rag(FE).
frag_element{_) -=> terminal{_). (!, faill}.

frag_element (skipped_token(ST.ok)} =-->
{deti{_:s5T/_._)1.
{name (ST.ST_a), append{[39|ST_a),[39].ST_b). name(ST_ok.ST_b)}.

/".."**fi'*"Q'*ﬂ""."'t*ﬁ*.‘.’.".-....Q'.*_.'t.-tt..'tt.titﬂﬂﬁ.tQﬁ.Q.Qi.i.../

/* DISPLAY_FP_PERCENTS (used by last_resort_parsing_option) ./

display_£fp percents([]} :- !.
display_fp_percents(F} :-
display number _of_frags(F), display_percent_skips(F).

display_numbexr_of_frags(F) :-
fas (sentence_£ragment,F.L), length{L,Number),
writep('** Number of fragments r '), writep(Number). nlp,
{ {(Number > 0, ctr_inc(nb_fragments_parsed,_))
ctr_inc({bad_units,_)}), !.

display_percent_skips(F) :-
fas (skipped_token,F,L}, length(L,Number}
writep('** Number of tokens not parsed
writep('"* % of input string recognized
sentence_tokens(ST), length(ST,LST).
Percent is ((LST - Number)/LST) * 100,
writep(Percent), writep(‘%'), nlp., nlp.

'), writep(Number), nlp,
.)J

/.'-'.-.-Q'.ﬁ-"'t**'..'-.-."'"i.'**.ﬁ‘*.t"".--ﬁb--t.tt'ttttt-#tt...l.bﬁt‘./
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/l..b-..--I-.l..t.l.ﬁﬁt't.'ﬁttt.t""".----..tt-v'*ttﬁt."..'-'.'.'t't'tf""/

/* file: dipett_8_parser_n.pl .
/* wversion: September 3, 1993 .y
/* author: Sylvain Delisle -/

It't..b.t..-tt.*t.it..l.-..'tttttt'w-t*ti.ﬁ‘.'..t-'1tt'*t'w'ttt..-O-.ﬁ-itt'#'v/

1~ assertldipett_version{3,9,93)).

/tt.t.-.-.-tttwtti'-...ttthwtﬁt.t.-----tt-tt-twwttwwtt*th---u--towtw*tw*wr-t/

/* Thiz file contains that part of DIPETT's grammar which is mainly concermed*/

/* with the parsing of NPs and nominal clauses (thus the °'_n'}. !
/> ~/
/* As far as English grammar is concerned. the main reference used here is: */
A */
/* QUIRK = R. Quirk, S. Greenbaum, G. Leech, & J. Svartvik, */
/" "A Comprehensive Grammar of the English Language”, */
/* Longman, 1985. “/

,.Q.‘.'ttt.t"'.--tt.ﬁt**..'--.'.t".t"tt*’Q*’.ﬁ-'.'..ﬁt"‘"'t'*ﬁ*'*"-."""/

/.'*.’.-t'.*"".."'.t*"*'ﬁ'"--*'.ﬁ'-"*t*tt*’.DQ'."'-ﬁ.ﬁ"ﬁ'*ﬁ'*"’*"""'l

/* NP_EQUIV (used throughout dipett_6 and dipett_8) */
It -l
/* NP and NP "equivalents® (i.e. substantival or nominal clauses}. */
np_cquivi_,_._._) --> end_of_sentence_marker(_), {!, faill}.
np_equiv(POS, _, Np,Num) ~=> already_parsed (np_equiv, [POS,Np,Num]).

np_equiv (POS, Type,Np,Num,I,0) :-
check_spy_on_this_rule(np_equiv,nil,I,I), check_chrone (np_equiv, I},
np_equiv_form{POS, Type,Np,Num, I,0),
keep_parse_in_mem{np_equiv, [POS,Np,Num], I,0).

/* The 2nd parameter specifies the allowed complexity, depending on the par- */

/* cular rule that calls upon np_equiv {and its syntactic context). */
np_equiv_form{_,0,Np,_} -~> nominal_clause(_.Np._._).
np_equiv_form(POS,0,Np,_) -=> nounphrase (POS,Np,_}.

np_equiv_form(_,0,Np,_) --> nominal_clause{that_clause,Np,_,complement).
np_equiv_form(_,1,Np,Num) --> nominal_clause(_,Np,Num,_}.

np_equiv_£orm({POS, 1,Np,Num) --> nounphrase(POS,Np,Num).
np_equiv_form(POS,2,Np,Num) --> nounphrase{POS,Np,Num) .

np_equiv_form{_,_,quiz_example (QE},_) -->
special_function_word(QE,Type), {Type == frag}.

l.t-.wtt't*ﬁ..-.tt."ii***QQ*'*’*'**'*G!'-"-'**t**ﬂ"'ﬂ'*t't"tit***'*"."'"l

/* NOUNPHRASE (used by np_equiv_form) */

nounphrase(_,._,.} -
end_of_sentence_marker(_), {!, fail}.

nounphrase (POS, Qut_Struct NUM) § Tokens -->
check_spy_on_this_rule(nounphrase,either_or__np),
either_or__np(POS,NP,NUM),
{get_dasired_output_structure (NP, Tokens, Qut_Struct)}.

nounphrase {POS, Out_struct,NUM} § Tokens -->
check_spy_on_this_rule{nounphrase,nil},
np_nucleus_and_mod {POS,Np0, Num(),
rest_np_nucleus (POS,Np0, Num0, NP, NUM) ,
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{get_desired_cutput_structure (NP, Tokens.Out_Structlhl.

/* EITHER/QOR Nps.

aither_or_np(POS,conj_nps{either_or,NUM, [Np_e.Np_ol) ., NIRD - -
conj{either), np_nucleus_and_mod(POS,Np_«e.Num_e),
conjlor}, np _nucleus_and_mod(POS,Np_o,Num_o}.
{plur_rule_n{Num_e,Num_o,or ,NUM)}.

/* NEITHER/NOR Nps.

either_or__np(POS, conj_nps (neither_nor,NuUM, [Np_e,Np_ol) ,NUM} --~
conj {neither), np_nucleus_and_mod(POS,Np_e,Num_«<),
conjinor), np_nucleus_and_med(POS,Np_o,Num_o),
{plur_rule_n(Num_e, Num_o,or,NUM)}.

7

rest_np_nucleus (POS, NpQ, Num0, conj_nps (Coor, Num, [Np0, parenthetical (Np_R} 1), Num)
-

parenthesis_o, conj_npl(l,POS,Num0,Coor,Np_R,Num), parenthesis_ec, {!}.
rest_np_nucleus (POS, Np0, Num0, conj_nps (Coox . Num, [Np0 |Np_R1}, Num)
—_——
conj_np{l,POS, Num0,Coox, Np_R,Num), {!}.

rest_np_nucleus (_, Np0, Num0, Np0, Num0}

-——

[1.
2 eanmeacasesaenananan. CheebessretmataTsar s ./
/* On the N parameter, see remarks in dipett_6 (conj_vwp predicate). ./
/* Case (1) : NP (',') COOR NP ... .y
conj_np{N, POS, Num_H, Coor, [Np_H2 |Np_R], Num) ——

{({N == 1} ; ({N \== 1}, opt_comma}), real_coordinator_3{(Coor},
np_nucleus_and_mod (POS, Np_H2,Num_H2), {plur_rule_n(Num_H,Num_H2, Coor, Num}],
conj_np(_,POS,Num_H, Coor,Np_R, Num) .

/™ Case {2} : NP ',' NP ... ./
conj_np (_, POS, Num_H,Coor, [p_asyndetic_conj_np (Np_H2) [Np_R].Num) -->

comma,

np_nucleus_and_mod{POS,Np_H2,_),

conj_np(_, POS, Num_H,Coor,Np_R,Num), {Np R \== []}.

conj_np(_._.,_.Coor, [1,_) ——
check_chrono{conj_npl). {nonvar(Coor)}.

/"."."'**"*ﬂﬁ"'-"i"""**"---"'."'."'."t'itﬁ.t’....t-t...t'ﬁi...t.....-/

/* PLUR_RULE_N {used by conj_np & either_or__np) */

plur_rule_n{X.Y¥,or.sg3) :- (X == sg ; X == 5¢3), (Y == 59
plur_rule_n(X,¥,0r,pl) :- X ==pl ; Y == pl.
plur_rule_n(_,_,and,pl}).

plur_rule n{_,_,C,Num) :- C \== and, € \== or, (Num = g3 ; Num = pl).

;Y == g3},

l'*.*--'."i-'t'.iiﬁ*'."-""...**'.""’--.."..ﬁ.t't'.ﬁ.ﬁ-.t..'-.b-.t..’.ﬁ.ﬁl

/* NOMINAL_CLAUSE (used by adj_complement, appesition_group, ./
T nominal_subordinate, np_equiv_form, np_for _pp & rest_adverbial_clause)*/
* -/
/* On the first parameter: °‘CL' is used to constrain the kind of nominal ~7
/* clause when necessary (e.g. it must be a to_infinitive_claucze). */
nominal_clauvse(_,_._.,_} -

end_of_sentence_marker(_), (!, faill.
nominal_clause (CL,Out_Struct,NUM,COMPL} $ Tokens -->
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cither_or__nom_cl(CL,NC,COMPL), (NUM = =g3 ; NUM = pl ; NUM = 3g},

{get_desired_ouiput_structure(NC, Tokens,Qut_Struct)i.
nominal_elause{CL,Qut_Struct,NUM,COMPL) $ Tokens --»

nom_cl{CL,N¢0,COMPL), rest_nom_cl(CL,Ne0,CCMPL,NC),

{HUM = og3 ; NUM = pl ; NUM = sgl,

{get_decired_output_structure (NC,Tokens,Qut_Struct)!lt.

/* EITHER/OR ncminal clauges. */
either_or__nom_cl({CL,conj_nom_cl({either_or, [Nc_e,Nc_ol),COMPL) -
conj{either), nom_cl{CL,Nc_e,COMPL), conj{or}, nom_cl{CL,Nc_o,COMPL).

/* NEITHER/NOR nominal clauses. */
either_or__nom_cl(CL,conj_nom_cl(neither_nor, [Nc_e,Nc_o]) ,COMPL} -->
conj (neither), nom_cl(CL,Nc_e,COMPL), conj(nor), nom_c¢l(CL,Nc_o,COMPL).

rest_nom_cl{CL,Nc0, COMPL, conj_nom_cl (Coor, [Nc0, parenthetical (Ne_RII)) --—>
parenthesis_o, conj_nom_cl{(l,CL,COMPL,Coor,Nc_R}. parenthesis ¢, {!].

rest_nom_cl{CL, Ne0,COMPL, conj_neom_cl {Coor, [NcO|Nc_R])) -—
conj_nom_¢l{l,CL,COMPL,Coor ,Nc_R}, (!}.

rest_nom_cl(_,Nc0,_,Nc0} -=> [1.
7% ferennaen s et e rsemcar ettt Chedtttes ittt st ite RN */
/* On the N parameter, see remarks in dipett_6 (conj_vp predicate). */
/* Case (1) : NP_subst (',') COOR NP_subst ... */
conj_nom_cl (N,CL, COMPL, Coor, [Nc_H2 |Nc_R]} -

{{N == 1)} ; ({N \== 1}, opt_comma)), real_coordinator_3{Coor),
nom_cl (CL,Nc_H2,COMPL), conj_nom_cl(_,CL,COMPL,Cooxr,.Nc_R).

/* Case {2) : NP_subst *,' NP_subst ... -/
conj_nom_el (_,CL,COMPL, Coox, [p_asyndetic_conj_nom_cl (Nc_H2} |Nc_R]) ~-->
comma,

nom_cl (CL,Nc_H2,COMPL), conj_nem_cl{_,CL,COMPL,Cooxr,Nc_R)., {Nc_R \== []}.

conj_nom_cl{_,_._,Coor,[]) -_——
check_chrone {conj_nom_cl}, {nonvar(Coor)}.

,t-tﬁt**tq.'li.-t-.ttttttt.ttttt"'-"twwtw'tw'D'".-.tt!tttt-t-t'titt'titw'*'/
/* NOM_CL (used by conj_nom_cl, either_or__nom_cl, & nominal_clause) ./
/- */
/* Following QUIRK, these are the four most common types of nominal clauses. */

nom_cli_,_._.) -—
end_of_sentence_marker{_), (!, fail}.

nom_cl{to_infinitive_clause,Out_Struct,_}) $ Tokens -
check_spy_on_this_rule(nom_cl,nom_to_infinitive_clause),
to_infinitive_clause(2,NC),
{get_desired_output_structure{nominal_clause(NC),Tokens,Qut_struct}}.

nom_cl (ing_clause,Out_Struct,_) $ Tokens -
check_spy._on_this_rule(nom_cl,nom_ing_clause),
iny_clause{2,NC},
{get_desired_output_structure (nominal_clause (NC),Tokens,Qut_sStruct)}.

nom_cl{wh_interro_declarative_clause,Qut_Struct,_) $ Tokens -->
check_spy_on_this_rule(nom_cl,nom_wh_interdeclar_clause),
wh_interro_declarative_clause(NC),
{get_desired_output_structure({nominal_clause (NC),Tokens,Qut_Struct)}.
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nom_cl{chat_clause, Qut_Struct,COMPL} $ Tokens -——
check_spy_on_this_rule(nom_cl,nom_that_clause),
that_clause (NC,COMPL),
{get_desired_outrput_structure(nominal_clause(NC),Tokens.,Out_sStruct) ).

randbbbbAbbLAbbALA LALLM ALALAAMLLLLLLASLLEASRE AR AL RARNERD I
2

/* TO_INFINITIVE_CLAUSE (used by nom_cl) .
/™ .
/* Ex: "TO COMPLETE THIS WORK IN TWO DAYS is definitely impossible.” 7
/* Ex: "Tom would prefer FOR THE CHILDREN TCO FINISH THEIR SOQUP.* */
to_infinitive_clause(Type, to_infinitive_clause(X)) -—

simple_to_infinitive_clause(Type.X).

to_infinitive_clause{Type, to_infinitive_clause(wh_word(Q).X)) -->
interro_pron(Q,_), simple_ _to_infinitive_clause(Type,> .

to_infinitive_clause (Type,to_infinitive_clause(for (Np}.X}: --
prepl{for), np_equivipre_v,2,Np,_). simple_to_infinitive_clausc(Type,X).

,i'i'"""'.."'t'.*'i**.it'-"'.--.-..-.'Qﬁ...-'Qt.'.‘t..i..t..‘ﬁ.ﬁt..ﬁ...b.‘

-

/

/* SIMPLE_TO_INFINITIVE_CLAUSE {used by adj_complement, ./
P real_passive_rel_gclause_test, to_infinitive _clause, wh_i_d_clause, ./
i & whether_ if_clause) 7

simple_to_infinitive_clause({Type,X) -->
check_chrono {(simple_to_infinitive_clause),
infinitive_marker, verb_clause(Type,_._.[inf],nil,_.X,nil).

/-t‘vtwttt'ttttttttrwtww*t..*.v--tﬁwt-v--tttttttontttttwo.'not'totwaﬁo'attaa-

-/
/* ING_CLAUSE (used by nom_cl) ./
/" v/
/* Gerundive: when a verb in present participle form is used as a noun. */
/* Ex.l: "LAUGHING WITH FRIENDS makes you live longer.", ./
/* Ex.2: *"MY FORGETTING her name was very unfortunate.” !/
/* See QUIRK, pp.l063+ (including the genitive case -- see Ex.2 above). */

ing_clause(Type,genitive_ing_clause(DP,X}) -->
ic_deter_pron(DP}, verb_clause(Type,_,_, [progrl,nil,_.X,nil}.

ing_clause (Type, ing_clause(X)} -——
verb_clause (Type,_._. [progr].nil,_,X,nil}.

ic_deter pron(deter_pron(DP)} -->
deter(DP,_,_}, {memberchk(DP, [her, his,its,my,our,their,yourll}.

,***'.*'D.""'*'ﬁ.'.i"'i"*"*”i"’i..-.'-'-.lﬁﬁtfﬁtttti.Oﬁi.t......ﬁ.tﬁ..&t.ﬁl

/* WH_INTERRO_DECLARATIVE_CLAUSE {(used by nom_cl) ~/
I »w - /
/* Note: covers the nominal relative clauze (s3ee QUIRK, pp.l244+). */

wh_interro_declarative_clause(
wh_interro_declarative_clauce(wh_subj(QW),Clause)} -->
check_chrono (wh_interro_declarative_clause},
there_must_be_a_wh_word(QW), wh_i_d_clause(QW,Clause).

wh_interro_declarative_clause(
wh_interro_declarative_clause(Clause}) -—=

check_chrono{wh_interro_declarative_clause),
whether_if_clause(Clause).

there_must_be_a_wh_word(QW,I,I) :- interro_proni{QW,_,I._ ).
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/-o----o.-o--..---rwtttt-w-t--.—wt-u-tt-ttt----t-t----.oc----..ftt-\--'-c.-.-"/

/" wWH_I_D_CLAUSE (used by wh_interro_declarative_clause) */
/* Ex: "I want to know WHAT TQO EXPECT ... - */
wh_i_d_clause({QW,Clause) -->

interro_pron{OW,_}) simple_to_infinitive_clause(2,Clause).
/* Ex: “I want to know WHAT WAS DONE ... - ~/

h d clause(Qw.Clause) -—
rro_pron(QwW,_)., wverbphrase(2,_,_,wh_subj, [].Clause,nil).

/* Ex: *I want t¢ know WHICH PEOPLE HAVE PRINTED THESE FILES." */
wh_1i_d_clause(QW,Clause) -->

interro_pron{Qw,_), sentence_for_wh_i_d_ clause(Clause,wh_subj).

/* Ex: " I want to know WHICH FILE YQU HAVE PRINTED." -/
wh_i_d_clause(QW,Clause} -=->
opt_syn_elem(wh_word_of (QW) ). np_equivipre_v,2.0bj,_).
sentence_for_wh_i_d_clause(Clause.Cbj).

/* Ex: “I want to know WHAT YOU HAVE EONE." */
wh_i_d_clause (QW,Clause) -->
opt_syn_elem(wh_word_of (QW)), sentence_core_s(Clause}.

/™ */
trecentsrsasnrans Ceasessmsssentesesasatarnasnenatnannaatnnannnnn cersienns

sentence_for_wh_i_d_clause(Sent,M_el) -->
np_equivipre_v,2,Np,Num},
verbphrase (2,Num, _,Np, []1,Sent,referring_np(M_el)).

wh_word_of{Q) -~-> interreo_pron{Q,_). opt_syn_elemi{prep(of}).

/4*'.’.tt'..-'Q--tt‘..**t.t*ﬁﬁﬁ**t**.t'ﬁ'.---.‘.ﬁ"'.-.‘“'""'ti""*t*""."l

/* WHETHER_IF CLAUSE {used by appositive, appooxtlon_group & */
/* wh_interro_declarative_clause) "/
/* -/
/* This clauge is also called the *yes-no" (interrogative) clause: for more */
/* details, see QUIRK, pp. 1053+. */
/* Ex: "I don't knoew WHETHER TO SEE MY DOCTOR TODAY.*" */

whether_if_ clause(whether_if_clause(OrNot,WI_Clause)) -->
conj (whether), opt_or_not{_,OrNot 2],
simple_to_infinitive_clause(2,WI_Clause), opt_or_not{OrNot_2,0rNot).

/* Ex: *It's not clear to me IF SHE LIKES THE PRESENT." >/
whether_if_ clause({whether_ if_clause{OrNot,WI_Clause}) ~->
conj(if), sentence_core_s(WI_Clause), opt_or_not{_,OrNot).

/* Ex: "It's not clear to me WHETHER SHE LIKES THE PRESENT." -/
whether_if_clause{whether_if_clause (OrNot,WI_Clause}) --> ’

conj {whether), opt_or_not{_,OrNot_2),

sentence_core_s (WI_Clause)}, opt_or_not(0rNot_2.0rNeot).

opt_or_not (QrNot,or_not) -->

{OrNot \== or_not}, conjl{or), special_function_word(not,_}, (!}.
opt_or_not (OrNot,nil) --> {OrNot \== or_not, !}.
opt_or_not (OrNot,or_not) =--> {OrNot == or_not}.

/..‘..tiﬂ*‘Qﬁ‘""Q-".".'.'.."".".'“".‘ﬁ"***t'ﬁ*"***t*"'.*"'**-.----‘,

/* THAT_CLAUSE (used by nom_cl} */
/. .f
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/* The 2nd rule handles the case in which ~that* is *p ional, that iz when
/* this clause functions as a complement: "I hope (THAT) HE ARRIVES SOON. "
/* see QUIRK, pp.1179+. Unfortunately, the Ind rule

i
cnds o overgeneralisze, *

that_clause{that_clause(CL) .COMPL) --»
{var{COMPL)}, cenj(that), sentence_core_s(CL).

that_clause (that_clause(CL) ,COMPL} -->

{COMPL == complement}, opt_syn_elemi{conj(that)), sentence_core_s(CL).
/t*ﬁ.‘ﬂ*'"“'*"'ﬂ“.'tﬁ'*‘ﬁ*-".'Q‘i“*t..'.ﬂ“.“.ﬂtti'QQQ‘Q..“\‘I.....Q..I./
/* NP_NUCLEUS_AND_MOD (used by conj_np, either_or__np. & nounphrase) ./
/t q'!

/* The nounphrase is a common noun, a proper noun, or one of its oquivalent /)
Qq

/* forms ({see nucleus_equiv below), potentially followed by a modifier. Noti-*/
/* ce that several of these equiv. can also behave as noun cquivalents, snee  */

/* details in noungp_head. ./
/* See QUIRK, chap.5 (*Nouns and determiners") & 17 {"The noun phrase®). 7
/> ./
/* Nounphrase postmodifiers are allowed only if NPPM == 1 (not it NPEM == 0).*/
/* For the ‘'proper noun®' special case, NPPM == 2 (see details in np_nucleus).*/

np_nucleus_and mod{_,_,_)
end_of_sentence_marker(_}, {!, fail}.
np_nucleus_and _mod (P0OS,0ut_Struct,NUM) § Tokens --»>
check_chrono {(np_nucleus_and_mod),
np_nucleus (NPPM,Npl, NUM),
get_heuristic_indicator (POS,NPPM, POS_ok,Heuristic_Flag,Clue},
determine_most_probable_np {POS_ok,Npl,NUM,Heuristic_Flag,Clue,NP),
{get_desired_output_structure (NP, Tokens,Out_Struct}}.

-mt

get_heuristic_indicator(P0S,0,P0S,nil,_,I,I).
get_heuristic_indicator({posS,l,POS,Heuristic_Flag,Clue,I,I) :-
heuristic_look_ahead (POS,Heuristic_Flag,Clue,I),
get_heuristic_indicator (PCS,2,P0S,true,pp,I.I) -
heuristic_look_ahead(POS, true,pp, ).
get_heuristic_indicator{_,2,pre_v,Heuristic_Fflag,Clue,I, I} :-
heuristic_look_ahead(pre_v,Heuristic_Flag,Clue,I), Clue \== pp.

determine_most_probable_np(_,NP,_,nil,_,NP) --> {1},
determine_most_probable_np(POS,Npl,NUM, true,Clue,NP) -->
check_chrono {determine_most_probable_np). .
np_postmodifiers (POS,Clue,Npl, PM,NUM), {integrate_np_pm{Npl,PM,NP]}.
determine_most_probable_np(_,NP,_,_,_,NP) - [].
determine_most_probable_np (POS,Npl,NUM, false, _, NP) -
check_chroneo{determine_most_probable_np), ({Clue = rel ; Clue = appll.
np_postmodifiers {POS,Clue,Npl, PM,NUM), (integrate_np_pm(Npl,PM,NP)]}.

1ntegrate np_pm{Entity_In,NP_Post_Modif,Entity_Out) :-
Entity_In =.. List_In, append(List_In, [NP_Post_Modif], List_Out),
Entigy_OCut =.. List_out.

/.'-'-"‘f't'i"ﬂ"".""'.""-"ﬁ..*'.ﬂﬁﬁ.ﬁ"*.ﬁﬁtti.t'.'li-'-..-'."’..'&.D,

/* HEURISTIC_LOCK_AHEAD {used by get_heuristic_indicator) =/
,* .,
/* After having parsed a single NP (nucleus), we must decide whether what */

/* follows may be parsed ac a modifier of that NP: we use heuriztic rulez, 7

/* looks like a PREPOSITIONAL PHRASE (pp) */
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J* Bunotert: (0= ; adv_s(_,I.00), prepiX,0,_), (\+ conj(¥,0._) : H==like). =/
heuristic_leook_ahead{pre_v, true,pp,I) t-

1o = I ; advs_s(_,I,0}), prep(_,0,_).
heuristie_look_ahead(post_v, true,pp, Il :-

{0z = I ; conjieither,I,02} ; conj(neither,I,02)}, {C = 02 : adv_s{_,02.0}),

prep(X,0,._), memboerchk{X, [about,below, including, of, regarding]l!}.
/* looks like a RELATIVE CLAUSE (rel) */
heuristic_look_ahead'post_v,true,rel,I) -

(0 = I ; conjleither,I.0) ; conjineither,X,0}), past_parc(_.C,_).
heouristic_look_ahead(_, true,rel,I) -

(0 = 1 ; conjleither,I,0} ; conj(neither,X,0}),

(rel_pron(_.0,_) ; ing_word(0)).
heuristic_look_ahead(_, true,rel,I) :~ prep(_,I,0}, rel pron{(_,0._).
/* looks like an APPOSITIVE (app) >/
heuristic_leook_ahead(_, true, app. I} -

comma(I,0), (cenj(that,0,_) ; conj{whether.0,_) ; conij(if,0,_)}.
heuristic_look_ahead(_, true,app, I) t-

{comma({I,0) ; parenthesis o(I,0) ; dashes{I,0)},

explicit_app_ind{X,0,_), \+ real_coordinator(X}, X \== of.
heuristic_look_ahead(_, true, app. I} -

(parenthesis_o(I,0) ; dashes(I,0)), \+ explicit_app_ind(_.0,_).
heuristic_lock_ahead(_, true,app.1) 1= conj{whether,I,_) ; conj{if,I._).
/* looks like a RESTRICTED COMPARISON (rc¢) */
heuristic_look_ahead(_, true,xc,T) :- conjithan,I,_).
/™ Otherwise, we could not find any clues ... */

heuristic_look_ahead(_, false,_,_ ).

/-..tt.'tt’ttttttﬁ.".'tt'ttt.i'tttt"tt'tﬁ'#tt*w'**tﬁi.iI'-*’t.-.t-'-ttt.-ﬁ't*t,
/* NP_NUCLEUS {used by not_followed_by_a_np & np_nucleus_and_mod) ~/
,. *l
/* The first parameter indicates whether the nounphrase {nucleus) can be fol-*/
/* lowed by a modifier {e.g. a relative clause): 0 means 'no', and 1 ‘yes'; */
/* 2 means *only those of the pre-verbal position (pre_wvi*. -/

/* COMMON NOUN oy,
np_nucleus(l,entity(inrensifiexr{Adv},Dets,ATTRS, HEAD, number (NUM) ) ,NUM) -->
{{Adv = nil) ; adv_s{Adv}),
determinatives (Dets,Numl), {adv_det_filter(Adv,Dets), predeter_filter(Dets)}.
rest_common_noun_np (Dets, Numl , ATTRS, HEAD, NUM) .

/* GENITIVE (with implicit ellipsis) */
np_nucleus (0,entity(attributes([]),genitive (X) , number (Num) ) ,Num} -->
[det{genitive({_):X/_,_)1, {(Num = sg ; Num = pl)}.

/* EQUIVALENT FORM *J
np_nucleus (0, entity(intensifier (Adv) , X, number (Num) ), Num} -—
{{adv = nil) : adv_s({adv}),
nucleus_equiv(X,Num), {(var{Num), (Num = sg ; Num = pl)} ; nonvar(Num}}.

/* PROPER NOUN */

np_nucleus(2,entity{attributes (ATTRS) ,.proper_noun (PN) ,number (Num) } ,Num) -->
adj_phrase (ATTRS), propernocun(PN,Num).

/* ADJECTIVE SUBSTANTIVE CLAUSE */

np_nucleus{l,Adj_subst_cl, Num) -
adj_substantive_clause (Adj_subst_cl,Num).

TS S o o o S S )

/* EQUIV: PERSONAL PRONOGLN Ny
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nucleus_egquiviref (pers_pron(P,X1), Num) --~
partiv_pron(P,Num), pers_proniX,_}).
nucleus_equiv(ref (pers_pron(X)),Num} -= pors_proniX, Num) .
/* EQUIV: POSSESSIVE PRONOUN A
nucleus_equiv(ref (poss_pron(P, X)), Num} -~
partiv_pron(P,Num), poss_proniX,_}.
nucleus_equivi(ref (poss_pron(X)),Num) -=x poas_pron{X,Num).
/™ EQUIV: INDEFINITE PRONOUN .
nucleus_equiviref (pron(X)),Num) -—

pron{X,Num,_), not_followed_by_or_moro(X), not_tollowed_by_a_np.

/* EQUIV: QUANTIFIER -
nucleus_equiviref (quant (X)) ,Num) _——
quant (X, Num,_}, not_followed by _a_np.

/* EQUIV: NUMBER (GENERAL) >/
nucleus_equiviref (X) . Num} -=> number_gen (X, Num) .
/* EQUIV: REFLEXIVE PRONOUN ./
nucleus_ecquiv(ref{reflex_ pron{X)).Num) --> reflex_pron(X,Num).
/* EQUIV: CHARACTER ./
nucleus_equiviref (X).Num} -=-> noun{character,Num, X} .
/* EQUIV: STRING */
nucleus_equiv(ref (X}, Num} --> noun{string,Num,X) .
/* EQUIV: QUIZ TOKEN >/
nucleus_equiviref (quiz_token(X)),_ )} -

[dec{Type:X/_, )],

{{Type =.. [quiz_token,_l ; Type == ref __or__var__or__quiz_item)]}.
/* EQUIV: REFERENCE OR VARIAELE 7
nucleus_equiviref(ref__or__var(X)),_} --> [det{ref_or__var:x/_,_)].
/* EQUIV: DATE */
nucleus_equivi{zref(¥X),_) ~--> date_form({X).
/* EQUIV: SPECIAL NUMEBER ~/
nucleus_equiviref (number_special (X)), ) w=> [det{number_special:X/_,_}1.
/= EQUIV: DOLLARS */
nucleus_equiviref(dellars(X,or_more}),_) -

[det{dollaxrs:X/_,_)], conjlor}, quant(more,_,_}.
nucleus_equiviref (dollars(X,or_less))._) -
{der (dollars:X/_,_)1, conjlor}), quant{less,_._ ).

micleus_equiviref (dollars(X)}._ ) --> [det{dollars:%/_,_)1.
/* EQUIV: PERCENTAGE 7
nucleus_equiv(ref (percentage(X)),_) --» [det{percentage:X/_._)].
g Canmmessaraana Cetesrreasseaas e besemeraa e e !
/* Disambiguating ‘one‘: indefinite pronoun vs cardinal. v/
not_followed by _ox_more(X,I,I) :- % \== one, !.
not_£followed_by_ox_more(one,I,I) :- conjlor.I,O), quant (more,_,_.0,_}., !, fail.
not_followed_by_or_morel{one,I,I} :- conj(or,I,0), quant{less, . _,0,_), !, fail.

not_followed_by_ox_more(one,I,I).

,ﬁ-‘"-"'t't*'9"---'-"ﬁt"'--ﬁ'.i."‘.'t.'...-t."'.‘.'t..’h..'-’i-b.-tb'ﬁ&.’l

/* ADV_DET_FILTER & PREDETER_FILTER (both uced by np_nucleus) ./
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/* If an adverb precedes the determinatives, the latter must be non-empty. */
adv_det_filter(adv,detesminatives (predeter{nil),deter(nil),postdeter(nil)})
:- Adv \== nil, !, fail.

adv_det_£ilter(_._}.

/* Ruling out empty comparatives in determinative constructions. */
predeter_filter(determinatives(
predeter (np_intersifier__than(_)),detexr(nil),postdeter(nill))}
1= ', fail.
predeter_filter(_).

/bttﬁ.‘i.t'.."t.t.t.&‘t.‘*i.'i"'i*.ﬁ‘ﬁ...-..-'-'t-‘ﬁ'tﬁ-.-".'t.'&ww**ﬁ**'.'-'t,

/* REST_COMMON_NOUN_NP (used by np_nucleus} */

rest_common_noun_up{Dets, Numl, attributes (ATTRS) , head_noun (HEAD) , Num}
-
adj_phrase (ATTRS) ,
{noun_subst (Dets, Nt,Num2, HEAD) ; noungp_head (Nt,Num2,HEAD)),
{check_nums (Numl,Num2,Num) , check_type_agree(Dets,Num,Nt)}.

/* ADJ & NOUN are enclosed in double quotes (e.g. *supporting person”): */
/* see note on double_quotes vs ‘string' in verb__in_double_quotes_oxr_ not. */
/* Notation (string): _b stands for begin(ning) and _e stands for end(ing). */
rest_common_noun_up{Dets,Numl,string_b(attributes (ATTRS)),
string_e (head_noun (HEAD) } , Num)
-

double_quotes, adj_phrase{ATTRS), {ATTRS \== []}.

(noun_subst (Dets, Nt,Num2,HEAD) : noungp_head (Nt,Num2, HEAD)},

double_quotes, {check_nums (Numl,Num2,Num), check_type_agree(Dets,Num,Nt)}.

-
e Feresrseranensastsatasernaanns cesaserrsanan

noun_subst (determinatives{_,deter (X),_),countnoun, sg, noun_subst (one}} -->
{memberchk (X, [that,the,this])), pronione,sg3,_).

noun_subst (determinatives (_,deter(X),_),countnoun,pl.noun_subst{ones)) -->
{memberchk (X, [the, these, thosel) ), pron{cnes,pl,_).

check_nums (Numl, sg, sg3) = var(Numl).
check_nums (Numl, sg, sg) :— vax(Numl),

check_nums {Numl,pl,pl) - var(Numl}, !.
check_nums {sg93,sg9,593) =1,

check_nums (sg, sg, sq9) HE SR IR

check_nums (pl,pl.pl} HE S 3N

check_nums (Numl,_, sg3) := Numl == sp_sg3, !.
check_nums (Numl, Num2,Num2} :- Numl == sp_N.

check_type_agree (determinatives{_,deter({X},_},Num, massnoun) :-
{Num == sg ; Num == sg3),
\+ memberchk(X, {a,an, each, either,every,neither]).
check_type_agree(_Dets,Num, countnoun) :=

% Dets \==z determinatives(predeter(nil),deter(nil),postdeter(nil}),
{(Num == sg ; Num == sg3 ; Num == pl).

check_type_agree(Dets,pl, countnoun) -
Dets == determinatives(predeter(nil),deter(nil),postdeter(nil}).

check_type_agree(_,_,NounType) i-
NounType \== massnoun, NounType \== countnoun.

lQ‘Q'.‘-'Q.‘".""'tf't."'**‘*'Q""*""'Q‘*-.-‘.".-.’*""*"""*'**.*‘*.'-'l

/* ADJ_SUBSTANTIVE_CLAUSE (used by np_nucleus) */
/* Y,
/* Covers the special case where an adjective is used as a noun. -/
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/* Ex: "THE EXTREMELY POQR has great difficulty ..." N

adj_substantive_clause(entity(Dets, intensifier (Adv),Ad], number (Num)}, Num)
determinatives (Dets,Num},
{Dets \== determinatives (predeter(nil),deter{nil),peostdeteri{nilid},
{{Adv = nil} ; adv_s(adv)), adj_subst(Adj), noi_followed_by_a_np.

adj_subst (Adj} --> adj(adj.) . '
adj_subst (double_quotes {Adj)) --> double_quotes, adj(Adj,_). double_quotes.

Itttttttttwttwwtwttwtwti'..--tt'ttttttttttttttqttnqtttqq'oqqtttqqt.q'tq‘\qqq.t. !
Il

/* PARTIV_PRON (used by nucleus_ecuiv) ./

partiv_pron(P,Num) --> partitive_predeter_partiv_pron(P,Num). % e
partiv_proa(P,Num) --»> partitive_deter_ partiv_pron{P,Num). e
partiv_pron{P,Num) --> closed_postdeter_partiv_pron{P, Num). %

g. ALL OF us
.g. EACH OF usz
qg. ONE OF us

partitive_predeter_partiv pron{partitive_predeter{PRE,one,of},Num) ~-»
predeter (PRE,Num,_), preonlene,_,_),
{(valid_predeter_partiv_pron(PRE)}, preplof).

partitive_predeter_partiv_pron{partitive predeter (PRE,of}, Num) -—
predeter (PRE,Num,_), (valid_predeter_partiv_pron{(PRE)}, preplof).

wvalid_predeter_partiv_pron(PRE)} :-
\+ memberchk{PRE, [double, once, such, twice,what,whole}).

partitive_deter_partiv_pron{partitive_deter(D,one,of) Num) --»
deter(D,Num,_), pron{cne,_,_), {valid_deter_partiv_proni{D)), prep(of).

partitive_deter_partiv_pron(partitive_deter(D,of),Num) -
deter(D,Num,_}, {valid_deter_partiv_pron{D)}, preplof).

valid_deter_partiv_pron(D) :-
memberchk (D, [any, each, either, enough,neither, some, whatever,which,whichever])}.

/e ‘<t
e, e e

/* See below (in opt_postdeter) for definitions of postdeter_gp & postdeter. */
closed_postdeter_partiv_pron(partitive_postdeter (POST,Of),Num) ---
postdeter_gp{POST,Num), part_of_ partiv_pron(0f).

closed_postdeter_partiv_pron(partitive_posztdeter (POST,Of) ,Num} -->
postdeter (POST,Num), part_of_partiv pron(0f).

part_of_partiv_pron(foxr,Q,of]} --»

conjlor), quanti{Q,_._}. {({Q == more ; Q == lesc}), preplof).
part_of_partiv_pron(of} --> prepf{of).
’-'tw*t'"*--*-‘i-'tﬁﬁt'.--.t'ttt"i..'it".'l.ﬂ-tt..--t.t.ttf...-.t.-t.ttﬁt.i./
/* NUMBER_GEN (used by card_num_c, date_form, noun_post_modifier & ./
l* nucleus_eguiv) ~/
/* Ex: "seven®, "seven or more® ~/
number_gen{card_num({¥, or_more) ,Mum) —-——
card_num{X,Num,_), conj{or), quantimore,_._).

nunber_gen{card_num(X,or_less),Num) -——
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card_num{X,Num,_). conjlor), quanti{less,_,_).
numpber_gen{card_num (X}, Num) -z

card_num{X%,Num,_). not_the_one_pronouniX).

/* Ex: "S5*, *5 or more" -/
number_gen (num{X, or_more) ,Num) -
{det (number:X/_,_)]1. conjlor), quant(more,_._ ),
{{(X »>= 2, Num = pl) : Num = sg})}.
number_gen {num{X,or_less},Num) -
[det (number:X/_,_)1, conjl{or). quant(less,_,_).
{((x »>= 2, Num = pl) ; Num = sg)}.
number_gen {num (X} , Num} -

[det (number:=X/_,_)), {{((X >= 2, Num = pl} ; Num = sg}}.

/* Ex: "(2)", "(2 or more)" ~/
number_gen (parenthetical_num{X,or_more) , Num) ==>
parenthesis_o, [det(number:X/_,_ )], conjlor), quant(imore,_,_ ).
parenthesis_c, {{({X >= 2, Num = pl} : Num = sg)}.
number_gen{parenthetical_num(X,or_less} , Num} -->
parenthesis_o, [dct(number:X/_,_)]. conjlox), quant{less,_,_}.
parenthesis_c¢, {{((X »>= 2, Num = pl} ; Num = sg}}.
number_gen (parenthetical_num(X),Num) -—2
parenthesis_o, [det{number:X/_,_)]1., parenthesis_c,
{({X >= 2, Num = pl) ; Num = sg}}.

/* Ex: =1l{c)(iii)* */
nunber_gen (composite_num(X, PSN) ,Num) -

[det (numbew:X/_,_)].

parenthetical_sub _num(PSN), {({X >= 2, Num = pl} ; Num = sg)}.

- ',
I eiieinanas thtrrecsescasaeeaann Cesetsrrasnasassssesenananna e

/* Disambiguating ‘'one*: indefinite proncun vs cardinal. ~/
not_the_one_prenoun(X,I, Iy := X \== one, !.
not_the_one_pronoun{cne,I,I} :-
\+ end_of_sentence marker(_.I,_), \+ aux{_,_._,I..), \+ modal aux{_,_.I,.).
(\+ verb(_._._,_.1,_) : ing_word(I)).

,..ti.t*.'*OQ'ﬁ-’*-""-‘**tt*ﬁ..*"*."'""*‘"""'*"**'*'*I"-"*".'ﬁ""*ﬁ.’f

/* PARENTHETICAL_SUB_NUM (used by number_gen) */
/" *y
/* Deals with "sub-numeral® {letter) numbering: Ex: '(a}’' in =37{a}". */

parenthetical_sub_num([L|R]) -->
parenthesis_o,
[det (word:L/low,_)], {(name(L,A_L), length{A_L,Le), Le =< 3],
parenthesis_c, rest_parenthetical_sub_num(R).

rest_parenthetical_sub_num({[L|R]) -->
parenthesis_o,
(det (word:L/low,_ )], {name{L,A_L). length{A_L.,Le), Le =< 3},
parenthesis_c, rest_parenthetical_sub _num(R), (!}.
rest_parenthetical_sub_num{[]) -=> [1.

I‘..“‘.'..‘t**.""".Q‘."-'t'f"."ﬁ't.i*""*"".*--‘.‘“i""*'ﬁ**"*"""../

/* DATE_FORM (used by noun_post_modifier, noun_pre_modif, & nucleus_equiv) *~/

/* Standard abbreviated format as recognized by the scanner */
date_form(date (X))} --> [det(date:X/_,_)1.
/* BEx: ~Aapril 30, 1991-* */
date_form(date{month(Month),day{Day),year(Year)}) -->

propernoun{Month,_), {valid_month(Month)}, e

-
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number_gen(num(Day},_). {Day > 0, Day < 3I}, opt_comma,
number_gen(num{¥Year),_), {¥Year > 0}.

/* Ex: "April 30- .
date_form(date(month (Month) ,day(Bay}}} =

propernoun(Menth,_ ). (valid_month{Month)1l,

number_gen(num{bay),_}. {Day > 0, Day < 32}.

/* Ex: “April 1%91*" N
date_formi{date (month(Month) .year(Year}))} -—

propernoun{Month,_}, {valid_month(Month}}.
number_gen (num(Year)},_), {Yeaxr > 0}.

valid_month(M} :- memberchk (M, [january, februazy,march, april.may, june, july,
august, september, october, november, decemberl ).

,ttttit*t*t"ﬁ---t.*wtttw.t'ttt.wtttt.tt.--.t."ttwttttt..-tt--.'b.tqsqqﬁ.t.-

7
/* NP_POSTMODIFIERS (used by determine most_probable_np} -/
/> ~/
/* Noun phrase postmodifiers are clauses that are attached to a noun phrase. */
/* Warning: some clauses (especially PPs) may in fact belong to a VP; ~/
/* only semantic K or user interaction will allew complete disambiguation. ./
/* See QUIRK, chap.l7 ("The noun phrase*) and, in particular, 17.9-50. ./
np_postmedifiers(_._...._) -=>

end_of_sentence_marker{_}, {!. £aill}.

np_pOSCmodifiers(POS.Clue.NpRel.np_postmodifiers(NP_PM).Num) -——x

check_spy_on_this_rule(np_postmedifiers,nil),
np_postmodif (POS, Clue, NpRel, NP_PM, Num) .

/* Note: the definition of rel_clause covers the 3 cases where a ing_clause, */
/* a to_infinitive_clause, or a past part. phrase acts as a relative clause. */
np_postmodif(_,rel,NpRel, X, Num) --> {nonvar (NpRel) ), rel_clause(NpRel,X,Num).

np_postmodif (POS, app, ., X, Num) -=> appositive(POS,X,Num}.
np_postmedif(_,zre,_.X,_) --> restricted_comparizon(X).
np_postmodif (_,pp._.X,} --> required_prepphrases(X,_).

/* Recognizes a restricted case of comparison: “... a bigger c¢ar THAN THAT.* */
restricted_comparison(restricted_compa:ative_clause__than(COmpar_Obj)) -
conj (than), np_equiv(post_v,2,Compar_Obj,_).

/ﬁ.‘ti..*tt*"ﬁ'.."’ﬁ'*--*'..'ﬁ*ﬁ*'--.'..'tt't"t..i.-l..’ﬁ.ﬁ'...‘..ttb‘ﬁb..b.l

/* REL_CLAUSE (used by np_postmodif) */
P -/
/* Missing subject {last parameter): M_el = micsing element (referring NB). */
/* Typical case (1}. ./
/* Ex: "He always reads the letters THAT APPEAR IN THE LOCAL JOURMAL. * */
rel_clause(Np.rel_clause(rel_ma:ker(an).VP),Num)

——r

rel_marker(1l,RM), verbphrase(2,Num,_,Np, [],VP,nil).

/* The case where the preposition is deferred {~dangling* preposition). ./
/* Ex: "The man WHOM I GAVE IT TO.: */
rel_clause (Np,rel_clause(rel_marker(RM),Sent),_ )}

-

rel_marker(l,RM),
np_equivi{pre_v,2,Npl,Nunl), verbphrase(2,Numl,_,Npl, [],Sent,def_prep(Np}).

/* The case where a preposition precedes the relative marker. ./
/* Ex: *The man TO WHOM I GAVE IT.* *f
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re:l _clause(Np,rel_claugse{rel_marker(RM),Sent),_)
prep(P), rel_marker(l,RM),
(np_equivi{pre_v,2,Subj,Num} ; {(Num = s5g3 ; Num = pl ; Num = sgl}}).
verbphrase (2,Num, _, Subj, [1,Sent, referring_np{pp(P.Np)) ).

/* A -ing clause as a relative clause: “An architect HAVING LUNCH.* ~/
rel_clause{_,rel_clause(rel_marker(nil),vC)._ )
-
verb_clause(2._,_. [progr],nil, _.VvC,nil).

/* A past participle phrase as a relative clause: "A report WRITTEN BY TOM.* */
rel_clause(Np,rel_clause{rel_marker(nil), subj {Agent),h EC), Num)
——
paszt_participle_phrase (Num,Np,Agent,EC}.
/* Nonfinite relative clause (l): “A cause FOR WHICH TO DIE." !
rel_clause({Np,rel_clause{rel_marker (RM),to_infinitive_clause(VC)),_)
-
prep(P), rel_marker(l,RM},
infinitive_marker,
verb_clause(2,_._.[infl,nil,_,VC,referring_np{pp(P.Npl)).

/* Typical case (2}: the relative clause is introduced by a relative marker. */

/* Ex: “He always reads the letters (WHICH) SHE WRITES TC HIM." ~/
rel_clause(Np.rel_clause(rel_marker(prep(P),RM),Sent),_)
-——

({prep(P), rel_marker(l,RM)} ; {P = nil}, rel_marker(0,RM)},
np_equiv(pre_v, 2, Subj,Num),
verbphrase(2,Num,_, Subj, [],Sent,referring_np{Np})}.

/* Nonfinite relative clause (2): "A cause FOR YOU TO SUPPORT." ~/
rel_clause(Np,rel_clausel(
p_rel_marker{for),subj (Subj}, to_infinitive_clause(Sent))..)
_——i
prep(for}, np_equiv(pre_v,2,Subj,_],
infinitive_marker,
verb_clause{2,_,_.[inf]l,nil, _,Sent,referxing np(Np}).

T themessasesesennenenn Cettesreneanssesenannn Ceeerneannse s *7
rel_marker{_,RM} =--> rel pron{(RM), (!}. % rel_marker({l,X) => MANDATORY
rel_marker{0,nil) --> [1]. % rel_marker(0,X) => QPTIONAL

/‘.'..t.‘.'ttitttt‘*t'--'i't.tti'ti'i'i****t*’*"'ﬁ-*ﬁ""""*it***'*""*"."*/

/* PAST_PARTICIPLE_PHRASE (used by rel_clause & rest_adverbial clause) */

past_participle_phrase (Num,Compl, Subj,EC, 1,0} :-
check_chrono (past_participle_phrase,I),
real_pass_rel_clause_test(I),
({Mum == pl, W = were) ; (Num \== pl, W = was}),
verb_clause(2,_,passive, [past].Subj,Compl,EC,nil,
{det (word:W/low, [d{aux/be,Num,past}]) |I1.0).

real_pass_rel_clause_test([]) := !, fail,

real_pass_rel_clause test(I) = verbi{_,_.,_._.I1.0), prepphrasei_,_,0,.), !-
real_pass_rel_clause_test(I) := simple_to_infinitive_clause(2,_,I,_). !.
real_pass_rel_clause_test{{_|T]) :- real_pass_rel clause_test(T).

,'t*t*it't"*'...ttttt'*wtwttw*"t*""*"*-."t"t"ttbtt*t'It*'ﬂ**'*"*-*i'tt,
/* APPOSITIVE (used by np_postmodif) */
/" 7
/* This rule recognizes appositives: linguistic units, mostly noun phrases, */
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/* which are identical ia reference; see QUIRK, chap.l7 (17.65-93). .
/* General case: it requires correlative markers. .
appositive (POS, appositive (APPN) , Kum} -——

app_correlative_marks_o{N}, apposition_corc (APPN,Num),
app_correlative_marks_c (POS,N) .

/* Two cases that do not require correlative markers. */
appositive(_, appositive (APPN} , Num) ~~> propornoun (APPN, Num) .
appositive(_,appositive (APPN), ) --> whether_if_clausc (APPN) .
/* Special case (l)}: special characters (e.g. "the ampersand symbol (a&)*"). ./

appositive(_,appositive(special_symbol (APPN}), ) =->
parenthesis_o, special_char_seq(APPN), parenthesis_c.

/* Special case (2): QUIZ command {e.g. "the item subtotal (SUBTOTAL}"). ./
appositive{_,appositive (APPN), ) -
parenthesis_o, [det(Type:APPN/_,_)], (Type =.. [quiz_token,_1},
parenthesis_c.

app_correlative_marks_o(l) --> comma.
app_correlative_marks_o{2) =-=-> dashes.
app_correlative_marks_o(3) --> parenthesis_o.

app_correlative_marks_c{_,1) -=> comma.
app_correlative_marks_cl(post_v,1,I,I) :- end_of_sentence marker(_.I._).
app_correlative_marks_c(_,2) =-=> dashes.
app_correlative_marks_cipost_v,2,I,I) :- end_of_sentence_marker{_.I,_}.
app_correlative_marks_c{_,3) -=-»> parenthesis_ec.

1> ./
+sasssmsnse e A I P L L R R A AR e T T R LRI

apposition_core([EAI,AG],Num) -->
explicit_app_ind{(EAI), opt_comma, apposition_group (AG,Num).

apposition_core( [EAI,AG] ,Num) -->
appesition_group (AG,Num}, opt_comma, explicit_app_ind(EAI}.

apposition_core({Advs,AG],Num} -->
required_adverbs (Advs), apposition_group (AG,Num}.

apposition_core (AG,Num) -
apposition_group (AG,Num).

apposition_core(EAI, ) -—>
explicit_app_ind (EAIL),

({EAI == for_example ; EAI == for_instance ;
EAI == in_other_words ; EAI == in_particular)}.

/* Ex: "Jones, THE DISTINGUISHER ART CRITIC, died in his zleep last night.* */
apposition_group (AG,Num) --> np_equiv{pre_v,2,AG,Num}.

/" Ex: "My friend RNNA was here last night." _ v/
apposition_group (AG,Num) =--> propernoun{AG,Num).

/* Ex: "His explanation, THAT HE COULDN'T SEE THE CAR, is unsaticfactory.” */
apposition_group (AG, ) -->» nominal_clause({that_clause,AG,_._}).

/* Ex: "The question WHETHER TO CONFESS OR NOT troubled the girl.* ./
apposition_group (AG,_) -=»> whether_if_clause (AG).

FL TR R AR s e R e et et R A A ARl LAk bR ./
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explicic_app_ind (EAL) -=> adv{EAI,Type)., {(Type == app).
explicit_app_ind (EAI) --> [det(_:EAI/_,_}], (appos_indicator(EAI)}.
explicic_app_ind({for_example) --> idiomatic_cati{for_example,_,_,_).
explicit_app_ind{for_instance) --> idiomatic_cat(for_instance,_,_,_).
explicit_app_ind({in_other_words) --> idiomatic_cati{in_other_words,_._._).
explicit_z== ind(in_particular) =--> idiomatic_cat{in_particular,_,_._).
explicit_app_ind({such_as) --> idiomatic_cat(such_as,_._._).
explicit_app_ind{that_is_to_say) --> idiomatic_catithat_is_to_say._,_._).
explicit_app_ind{that_is) -=-> idiomatic_catithat_is,._._._).

appos_indicator('e.qg.').
appos_indicator(*i.e.').
appos_indicator (and) .
appos_indicator (chiefly).
appos_indicator (eg).
appos_indicator (especially).
appos_indicator (foxr_example) .
appos_indicater(for_instance).
appos_indicator(ie).
appos_indicatoer(in_other_words).
appos_indicatox(in_particular).
appos_indicator{included).
appos_indicator({including).
appos_indicator (mainly).
appos_indicator{mostly).
appos_indicator (namely).
appos_indicator {notably).
appos_indicator{of).
appos_indicatorior).
appos_indicator(particularly).
appos_indicator(say}.
appos_indicator (simply).
appos_indicator (such_as) .
appos_indicator (technically).
appos_indicator{that_is).
appos_indicator (that_is_to_say).
appos_indicator(viz).

/*t'*t"..‘-..'*‘.-"'ﬁ"-."""i"""'"it""t**tt**'**********ﬂ**'*ﬁ*"'**"*',

/* REQUIRED PREPPHRASES (used by adj_complement, adverbial_subordinate, */
i complement_tr, np_postmodifier, rest_complement_tr_act_np, 7
/I rest_complement_tr_pass_by, & sentence_Irag) */
/* & PREPPHRASES (used by required_prepphrases} ~/

required_prepphrases (RPPS, Restriction) -->
prepphrases (RPPS, Restriction), {RPPS \== []}.

prepphrases([],_.I.I) t-
end_of_sentence_marker(_,I,_), !. -
prepphrases (Qut_Struct,Restriction) $ Tokens -->
check_spy_on_this_rule({prepphrases,nil), = B )
{either_or__pp(PPS,Restriction) ; =L
(prepphrase (PP, Restriction), rest_prepphrases(PP PR xes:rzctzon))),
{get_desired_output_structure (PPS, Tokens,Out_Struct}, !}.

prepphrases([]._) > [].
/* EITHER/OR PPs. y
either_or_ pp((conj_pps(eithexr_or, [PP_e,PP_o])].Restriction} -->

conj (either), prepphrase(PP_e,Restriction),
conj(or), prepphrase(PP_o,Restriction).
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/* NEITHER/NOR PPs.

either_or__ppl[conj_pps(neither_nor, [PP_e,PP_ol)],.Restriction) --~
conj (neither), prepphrase(PP_e,Restrigrnion),
conj(nor), prepphrase(PP_o.Restriction).

rest_prepphrases (PP, [PP, parenthetical (conj_pps (Coor, PPe) } 1, Reatriction) --»
parenthesis_o, conj_ppll,Coor0,PPs,Restriction), {PPs \== []},
{{{var({CoorQ), Coor = implicit_and} : (nonvar(CoorQ), Coor = Coord))},
parenthesis_c, {!}.

rest_prepphrases (PP, lconj_pps (Coor, [PP|PPs]) ],Restriction) -

conj_ppl(l,Coor0,PPs,Restriction), {PPs \== []}.

{({var{Coox0), Coor = implicit_and) ; {(nonvar(Coor(), Coor = Coor0)), '}.
rest_prepohrases (PP, [PP],_) -

(1.
F A C e et retsamsreEaRinesenanians e aneannans fh e et e et et ./
/* On the N parameter, see remarks in dzpett 6 (coni_vp predicate). ./
/* Case (1) : PP (*,') COOR PP ... s/
conj._pp (N, Coor, [PP_H|PP_R],Restriction) -

({N == 1} : ({N \== 1), opt_comma)}, real_coordinator_3(Coor),

prepphrase(PP_H, Restriction), conj_pp(_,Coor,PP_R,Restriction}.

/* Case {2) : PP (*,') PP ... .y

conj_pp(_,Coor, [p_asyndetic_| con),pp(PP H) |BPE_R], Re»trlctlon) .
opt_comma,

prepphrase (PP_H,Restriction), conj_pp{_,Coor, PP_R,Reatriction).

conj_ppl_._.[1.2) _—
check_chrono (conj_pp! -

/*i".ii""t".*ﬁ*ﬂ*Q#"-*-.'ﬁttﬁ-.iﬁ-.ﬁ'.ﬁ."'.'.ttit'ﬁt..tt".ﬁt..‘.t.i.ttti/

/* PREPPHRASE (used by conj_pp, either_or_ pp., prepphrases, & ./
/* real _pass_rel_clause_test) "/
prepphrase(_,_) --> end_of_sentence_marker{_}, {!, fail).
prepphrase (PP, _) -=-» already_parsed{prepphrasze, PP}.

prepphrase (PP,Restriction,I,0) :-
check_chrono({prepphraze,I),
prepphrase_core(PP,Restriction,I,0}, keep_parse_in_mem(prepphrase,pPP,I,0).

prepphrase_core{Qut_Struct,Restriction) $ Tokens --=
required_adverbs (Advs), prep_ppi{P,Restriction), np_for_pp(Np).
{get_desired_output_structure(pp{[Advs, P],Np),Tokens,Out_Struct)}.

prepphrase_core (Qut_Struct,Restriction) § Tokens -->
prep_pp(P,Restriction), np_for_pp(Np),
{get_desired_output_structure{pp{P,Np),Tokenz,Qut_Struct)).

prepphrase_core(OQut_Struct,Restriction) $ Tokenc --:
prep_pp(P,Restriction), required_adverbs(Advs),
{get_desired_output_structure{pp_adv(P,Advs), Tokens, Qut_Struct) ).

prep_ppl{conj_prepsi(C, [P1,P2]),Restriction} -->

prep(Pl), real_coordinator_3{(C)}, prep(P2), opt_colon,

{ (var(Restriction) ; (Pl \== Restriction, P2 \== Restriction))}.
prep. pp (P,Restriction) -

prep(P), opt_colon, {(var(Restriction) ; P \== Restrictien)}.

np_for_ppiNp} --> nominal_clause({wh_interro_declarative_clause, lp,_,_).
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ap_Sfor_ppilp) --+» nominal_clauseling_clause,Np,_,_ ).
np_for_ppllip) --» np_equivipost_v.2.Np._).

[ T R N R R R R R R R R R P R A R R P P N N RN T P AP PR N TR A TR TR RO R AN N RI R R TR RT RN |

/* DETERMINATIVES (used by adj_substantive_clause & np_nucleus) ~/
i ~/
/* Determiners. including pre- & post-determiners. See QUIRK, pp.253+. */

determinatives {determinatives (predeter (PRE),deter (D), postdeter (POST) ) ,Num) -->
opt_predeter (PRE, Num_pre), opt_deter(D,Num_d), opt_postdeter{POST,Num_post),
{determinatives_num{PRE, Num_pre,D,Num_d, POST, Num_post,Num) } .

/..-.lt-ltt-.ﬁ--.tt.t'tﬁ*t*'.*t*ﬂﬁw**."'WO'*.*ﬁt‘w**.'tt*'.tt'.ttt*tw*t*'ﬁ*'*ﬁ/

/* OPT_PREDETER (used by determinatives) ./

opt_predeter{PRE,5g3) --> predeter_whole(PRE), [!].

opt_predeter (PRE,Num) --> predeter (Pre,Num,_ ), rest_predeter{Pre,PRE), {!}.
opt_predeter (PRE,_) --> compare_p_np{PRE), {!}.

opt_predeter{nil,_) -=> [].

predeter_wholel(a_whole) --> deterla,sg3,_), predeter{whole,_,_).
predeter_whole(the_whole) =--> deter(the,sg3,_), predeter(whole,_,_).

rest_predeter {Pre, [Pre,of]) --> prep{of), ({!}.
rezt_predeter (Pre, Pre) -=> [].

/* Recognizes “"less than a ... ", "more than one", *fewer than 100*, etc. */
compare_p_npi{np_intensifier___than(Adv)) --> advi{Adv,_}, conj(than).
compare_p_npinp_intensifier__than(Adj)) --> adj(Adj,comp}, conj{than).

/O.Q'..tt'-t'.-'.'*ﬁ'**t**"**t***ﬁtﬁﬁﬁ'*'*'*.I’"*'--"'."'-"""*."‘-'.ﬁﬁ"/

/* OPT_DETER (uzed by determinatives) >/

opt_deter(D,Num) --> partitive_deter{(D,Num), {:}.
opt_deter(D,Num) --> deter(D,Num,_}, (!'}.
opt_deter{nil,_) --> [}.

partitive_deter(partitive_deter(Dl,one,of,D2) ,Num) =-=->
derer(Dl,Num0,_), pronicne,_._). prep{of), deter{(D2,_,_).

{valid_deter_partitive(D1,D2), ((Numl == s5g3, Num = sp_sg3) ; Num = sp_N}).
partitive_deter{partitive_deter(Dl,0f,D2),Nunm) -—

detecs (D1,Numl,_)}, prep{of), deter(D2,_,_ ).

{valid_derer_partitive(D1,D2), ((Numd == sg3, Num = sp_sg3) ; Num = sp_N)}.

valid_deter_partitive(D1l,D2} :-
memberchk (D1, [any,each, either, enough, neither, some, whatever,whichever]).
memberchk (D2, {each, every,her, his, its,my, our, such, that, the, their, these,
this, those,yourl}.

/..'...'.".ﬁ."..**tﬁ.*"'l*"**'ﬁ'*"t.'*'*"*"‘".*-'*-.‘f’ﬁt"ﬁ*"'.‘.'.."'*f/

/* OPT_POSTDETER (used by determinatives) */

opt_postdeter (POST,Num} -->

poss_ng(P), restl_postdeter(P,POST,Num), (!}.
opt_postdeter (POST, Num) -->

closed_postdetexr (CP,Num), rest2_postdeter(CP,POST), ({!}.
opt_postdeter (POST.pl) -->

open_class_cuant (POST), (!}.
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opt_postdeter(nil, ) -~ [].

poss_ng{PNG) --> [deti{genitive{_):PNG/_,_)].

restl_postdeter (P,genitive{P,CP),Num) --> closed_postdeter(CP,Num), ('}.
restl_postdetex(P,genitive(P)._) --~ [1.
rest2_postdeter{CP,genitive{P,CP)) --> poss_ng(P), ('}.

rest2_postdeter (CP,CP} --> [].

A T e T T IR o T % T 0 = YF U U G AR PR PPN

closed_pustdeter (POST,Num) -->
{(postdeter_gp(P,Num) ; postdeter(P,Num)}, resti_postdeter (P, POST).

postdeter_gp({ord_and_card(ORD,CARD) ,Num) -->
ord_num(ORD,_,_}. card_num_c (CARD,Num).

card_num_c {conj_card_nums{C, [Cardl,Cazxd2]),Num2) -->»
number gen(Cardi,_), real_coordinator_ 3(C}, number_gen(Cardl2,Num2).
card_num_c (Card, Num) -=> number_gen (Card, Num) .

postdeter {card (A, POST) ,Num} --> adv_or_adj_post{A), card_num_c (POST,Num) .

postdeter (card (POST) , Num) -=-> card_num_c (POST, Num) .
postdeter{oxd (A, POST),Num} --> adv_or_adj_posti{A), ord _num(POST.Num,_).
postdeter (ord (POST) , Num) ==> ord_num(POST,Num,_).

postdeter (quant (POST) ,Num) =~-=-> cuant{POST.Num,_J}, {(not_open_class(POST)).

/* An adverb or an adjective used az an adverb {(s52e QUIRK, pp.405+). tf
adv_or_adj_post(A) --> adv_s{A}.

adv_or_adj_post(A) --> adj_s(A.Deg), (Deg \== comp, Deg \== sup).

not_open_class (POST) :- POST \=z= lots, POST \== plenty.
adj_s(aA,P,I,0) :- adj{A,.P,I,0), \+ prep(A,I,._).
o . 0!
rest3_postdeter(P,closed(P,0f))} --> part_of{0f), (1}.
rest3_postdeter (P,closed(P)) -=» [1.
part_of£{PO) -—

conj (ox),

({(cuant{Q,_._), {({Q == more ; Q == les=z)}}) :
{adj_s(Q,Deg), (Deg \== sup}} : adv_siQ)},
prepl{of), rest_part_of(Q,PO).
part_of{[o£.D]) --> prepl(of), deter{D,_,_}.
part_of (of) --> prep(cf}.

rest_part_of(Q, lor.Q,0f,D]) =--> deter(D,_,_)}, {!}.
rest_part_of(Q, [or,Q,0f]} - [7.

A L A T T L e e e LS D L D

290



B.2: pIPETT_8_PARSER_N.PL {"noun phrase rules™)

apen_clasc_quant {open_gquant(lots_of)) --> guant(lots,_,_), prepi{oi).
open_class_quant (open_quant (plenty_of)) =-» quant(plenty,._,_}, preplof).

AR LA AR LA At A At Al A A AL ARl

/* DETERMINATIVES_NUM (uced by determinatives) -/
/" */
/* Checking number agreement in determinatives. The general pattern is: ~/
/* r~determinatives_num({PRE,Num_pre,D,Num_d, POST,Num_post,Resulting_Num)* “/
/* where PRE = predeterminer, D = determiner, and POST = postdeterminer. */
/* #l: PRE: no, D: no, POST: no -/

doterminatives_numinil,_,nil._,nil,_,_)} 1= !,

/* #2: special case for partitive determiners ./
determinatives_num(_,_,D,Num_d,_,_,Num_d) :-
D \== nil, (Num_d == sp_sg3 : Num_d == sp_N)}, !,

/* #3: PRE: yes (_N|pl|sg3), D: no, POST: no ./
determinatives_num(PRE,Num_pre,nil,_.nil,_,Num_pre} :- PRE \== nil, !.
/* #4: PRE: no, D: yes (_N|pl|sg3). POST: no 7

determinatives_num(nil,_,D,Num_d,nil,_,Num_d)} :- D \== nil, !.

/* #5: PRE: no, D: no, POST: yes (_N|pl|sg3) */
determinatives_num(nil,_,nil,_, POST,.N =_post,Num_post) :- POST \== nil, !.

/* #6: PRE: yes (_N|pl|sg3). D: yes (_Nipl|sg3), POST: no */
determinatives_num(PRE,Num_pre,D,Num_4&,nil,_,Num) :-
PRE \== nil, D \== nil, !, determinatives_num_agree(Num pre,Num_d,Num).

/* #7: PRE: yes {_N|pl|sg3), D: nc, POST: yes (_N|plsg3) *7
determinatives_num(PRE,Num_pre,nil, _, POST,Num_post,Num) -
PRE \== nil, POST \== nil, !,
determinatives_num_agree (Num_pre, Num_post,Num) .

/* #8: PRE: no, D: yes (_N|pl|sg3}), POST: yes (_N|pl|sg3) ~/
determinatives_numinil, _,D,Num_d, POST, Num_post,Num) :-

D \== nil, POST \== nil, !, determinatives_num_agree (Num_d,Num_post,Num) .
/* #9: PRE: yes (_N|pl|sg3), D: yes (_N|pl|sg3), POST: ves {_N|pl|sg3) */

determinatives_num{PRE,Num_pre,D, Num_d, POST, Num_post,Num) :-
PRE \== nil, D \== nil, POST \== nil, !,
determinatives_num_agree (Num_pre,Num_d, Num_post,Num} .

/t‘tt'*.ﬁﬁ0iﬁ.t*..*‘--'"-""'ﬁ'ﬂ**'I'ﬁ*-ﬂ*'.'R'*-'t‘"'""i'ﬁ"**""*'ﬁ't"*‘**'*/

/* DETERMINATIVES_NUM_AGREE/3 & /4 (used by determinatives_num) ~/

determinatives_num_agree (N1,N1,N1) :- nonvar(Nl).
determinatives_num_agree(Nl,N2,_) :- wvar(Nl), var(N2).
determinatives_num_agree{N1.N2,N1l) :- nonvar(Nl), vaxr{(N2).
determinatives_num_agree (N1,N2,N2) :- vari{Nl}), nonvar(nN2).

determinatives_num_agree{N1,N1,N1,N1) :- nonvar(Nl}.
determinatives_num_agree(N1,N2,N3,_) :- var(NL), var{N2), var{N3).
determinatives_num_agree(N1,N2,N2,N2} :- var(Nl), nonvar(N2).
determinatives_num_agree{N1,N2,N1,N1) :- var(N2), nonvar{Nl}.
determinatives_num_agree(N1,N1,N3,N1) :- var(N3), nonvar(nNl).
determinatives_num_agree(N1,N2,N3,N3) :- var(Nl), wvar(N2),.
determinatives _num_agree(N1,N2,N3,N2) :- var(Nl}, var(N3).
determinatives_num_agree{N1,N2,N3,N1) :- var{(N2}, var(N3}.

/Q'ﬂQ.Q".Q-Qﬁ."."'t".i"."t'.t'-i'-"Qi'.tt'.".""'-ﬁ-.ﬁ"".'*'ﬁ"'***"/

/* REQUIRED_ADJ_PHRASE (used by compl_adj_phrase, complement_stat, */
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/= complement_tr, rest_complement_tr_acti_np. & sedteace_traq)

/* & ADJ_PHRASE (used by np_nucleus, required_adj_phracs

I rest_common_noun_np)

/'

/¥ Note: we also cover the case where and adverb is used as an adjoctive:
/* see QUIRK, chap.7 {"Adjectives and adverbs") and pp.405+.

ASC, M

& 5 » 2 4 »

required_adj_phrase{Adj_P) --> adj_phrase(adj_P), {Adi_P \== []}.

adj_phrase{[],I,I) s
end_of_sentence_ marker(_,I,_), !.

adj_phrase (Qut_Struct) $ Tokens =--»
check_spy_on_this_rule{adj_phrase,nil),
adj_equiv(adj,Deg), rest_adji_phrase(Coor,Adjp_R).
{pack_adj_phrase(Adj.Deg,Coor,Adjp_R,ADJP) }.
{get_desired_output_structure (ADJP, Tokens,Out_Struct), !'}.

adj_phrase({]) -=> [].

o
rest, adj_phrase(Coor, [attrs(adj(Adj.Deg)) |Adjis]) -->

opt_comma, opt_real coordinator({Coox),

adj_equiv{adj.Deg}, rest_adj_phrase(Coor,Adjs), (!}.
rest_adj_phrase(_,[]) : -=> [1.

pack_adi_phrase(Adj,.Deg,_. []. [attrs{adj (Adj,.Deg)}]) -1,
pack_adj_phrase({Adj,Deg,Coox0,Adip_R,
conj_adj_p(Coor, [attrs (adj (Adj, Deg) ) |Adip_RI}) :-
{var (Coor0), Coor = implicit_and) : (nonvar{CoorQ), Coor = Coor0).

adj_equiv(Adi,Deg) -=> adj_s{Adj,.Deq).
adj_equiv(double_cuotes (Adj),Deg) =-->
double_quotes, adj_s({Adj,Deg), double_quotes,

adj_equiv(Adj,pos) -=> past_part(Adj).
adj_equiv{Adj,pos} --> pres_part(Adj).
adj_equiv(Adj,pos) -=> adv_s(Adj).

adj_equividouble_gquotes (Adj),pos) --> double_quotes, adv_s{Adj), double_quotesn.

past_part{Past_Parct) --> verb _in_double_quotes_or_not(perf,_,_,Pazt_Part).
pres_part (Pres_Part) --> verb__in_double_quotes_or_not{progr,_,_,Pres_Part}.
/* In order to reduce lexical ambiguity, we discard "false" adverbhs. ./
/* ##nore##: this may bhe a bit too restrictive ... ./

adv_s{A,I,0) :- adv(a,_,I.0), \+ conj{A,I,_ )., \+ preplA,I,_).

l'".".ii'f"#t**ﬁ’."'.'i'"'.'.'.*‘f"'**ﬁ't'*’.ﬁ.&.h.t".&..ltl-."’ﬁ.‘ﬁ.il

/* NOUNGP_HEAD (used by not_followed_by_a_np, objectl_form, question, & */
/* rest_common_noun_np) */
i . ' ~/
/* The head of a noun group is a noun that may be preceded by pre-modificrs ¢/
/* and potentially followed by a post-modifier: see QUIRK, pp.l122R+. '
/* On 'string': see verb_ in_double_quotes_or_not and np_nucleus, */
/* Neoun gp. string type {1l): *pre-modif noun poszt-modif” *!

noungp_head (NounType, Num,
string (noun (Noun, -
noun_modifiers(pre_modif(Pre),post_modif{Post}}i}}
-
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double_quotes, noun_pre_modifiers(Pre}, {(Pre \== []},
noun {NounType, Num, Noun}, noun_post_modifier{Post), (Post \== nil},
double_quotes.

/* Noun gp. string type (2): "pre-modif noun* post-modif */

noungp_head (NounType, Num,
noun{string_e{Noun),
noun_modifiers{string_bipre_modif(Pre}),post_modif(Post))})
-
double_quotes, noun_pre_modifiers(Pre), {Pre \== []},
noun (NounType, Num, Noun}, double_quotes, noun_post _modifier(Post).

/* Noun gp. string type {3): pre-modif *noun post-modif* >/
noungp_head {NounType, Num,
noun (string_b(Noun}),
noun_modifiers(pre_modif (Pre),string_e(post_modif (Post)})))
-
noun_pre_modifiers(Pre), double_quotes, noun(NounType,Num,Noun),
noun_post_modifier(Post}, {[Post \== nil}, double_guotes.

noungp_head (NounType, Num,
noun {Noun, noun_modifiers (pre_modif (Pre) ,post_modif (Post)}))
-
noun_pre_modifiers{Pre). noun(NounType,Num,Noun), noun post_modifier(Post).

/ﬁ.ﬁ.'i..tﬁﬁ.-Ot.ttt‘.ﬁt‘"-..----ﬁ-"-b.t.'.-‘ﬁﬁ".tﬂﬁ**"***#tiﬁ"ﬁt"-*-'.'ii/

/* NOUN_PRE_MODIFIERS {(used by noungp_head) */
/" *7
/* All nouns preceding the head noun are called "pre-modifiers". >/
/* Compound nouns can be constructed from: */
/* i) verb + noun (ex: swimming-pool, shooting star) [verb: -ing|inf] */
I’ ii) noun + verb (ex: birth-control) fverb: -ing] *!
/* iii} noun + noun {(ex: motor-cycle, love story). */
/* The pre-modifiers cover cases i and iii when dashes are not needed; ~/
/* otherwice, it's a compound and treated as a single-token word. >/
/* */
/* On NP pre-modification in general, see QUIRK, chap.l7 (17.94-120}. */

noun_pre_modifiers (NPM) =-->
{noun_pre_modif {CL1l) ; propernoun(CLl,_) :
{noun{_,_.CLl), not_followed_by_ing_word)},
rest_noun_pre_modifiers(Coox,CL_R),
{pack_noun_pre_modifiers(CLl,Coor,CL_R,NPM), !}.
noun_pre_modifiers([]} ~--> [}.

not_followed_by_ing _word(l,I} :- ing_word(I), verbi_,_,_,_,I,_). !, fail.
not_followed_by_ing_word(I,I) :- !.

/™ *7
................ e R I R I A R I I I

rest_noun_pre_modifierzs(Coox, [CL2|CL_R]} -->
opt_real_coordinator(Coor),
{(noun_pre_modif (CL2) :; propernoun{CL2,_) :
(noun{_,_,CL2), not_followed by_ing _word)),
rest_noun_pre_modifiers{Coor.CL_R), {!}.
rest_noun_pre_modifiers(_, [1) -=> [].

pack_noun_pre_modifiers(CLl,_, [],{CL1l}} :- 1.
pack_noun_pre_modifiers(CLl, Coox0,CL_R, conj_noun_pre_mod(Coor, [CLL[CL_R]))} :-
{var(Coor0), Coor = implicit_and) ; {(nonvar({Coox(), Coor = Coor0).
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noun_pre_modif{quic_token(X)) -——

fdes({Type:N/_. )1,

{{Type =.. [quiz_token._] ; Type == rei__ or_ var__or___quiz_item}).
noun_pre_modif (ref__or__vari{X)) --» [detires__or var:X.o_._)1.
noun_pre_modif (X) -=-> date_torm{X}.
noun_pre_modif (number_special (X)) --> [det (number_special:X/_,_ ) 1.
noun_pre_modif (dollaxrs (X)) ~=-> [det{dollars:X/_._)]).
noun_pre_modif {percentage (X)) —-> [det{percentage:X/_._}1.
,t.'I'--Q-.-'tt't"*wittﬁ*ﬂ.l!'tit‘t't*iﬂ.ttt*ttttt't‘ﬂﬁQ.Qtﬁ..iiﬁ.l..t.lit.dt/
/* NOUN (used by noun_pre_modifiers, noungp_head, np_ecquiv_torm, ./
™ nucleus_equiv, & rest_noun_pre_meodifiers) )
noun (countnoun, Num, Noun) --> ¢ountnoun{Noun, Num} .
noun (countnoun, Num, double_quotes (Noun)) -->

double_cuotes, countnoun (Noun,Num), double_quotes.

noun (massnoun, sg, Noun) --> massnoun{Noun) .
noun (massnoun, sg, double_quotes (Noun) ) -->
double_cuotes, massnoun(Noun), double_quotes.

noun {Noun_Type, Num, ing_noun{Ing_Noun)) -—x
{ {Noun_Type = countnoun ; Noun_Type = massnoun)],
verb_clause(2,Num_ve,_, [progrl.nil,nil, Ing_Noun, ing_noun),
{(Num_ve == pl, Num = pl, Noun_Type = countnoun) ;
{Num_ve \== pl, Num = 34,
{Noun_Type = countnoun ; Noun_Type = massnoun))).
noun(Noun_Type.Num,double_quotes(ing_noun(Ing_Noun))) -
double_quotes,
verb_clause (2,Num_ve, _, (progr),nil,nil, Ing_Noun, ing_noun), double dquotes,
{(Num_ve == pl, Num = pl, Noun_Type = countnoun} ;
{(Num_ve \== pl, Num = 59,
{Noun_Type = countnoun ; Noun_Type = massnoun})}.

Fd NOUN EQUIVALENTS OR SUBSTITUTES —~~oo—ssmeommmmmmcm—— s/
noun (quiz_token,_,quiz_token{X)) -—>

{det (Type:X/_._}1.,

{(Type =.. [quiz_token,_] ; Type == ref _or__var__or__quiz_item)l.
noun{quiz_example,_,quiz_example(X)} -

special_function_word{X,Type}, (Type == frag}.

noun (special_symbol,_,special_symbol(X)) -->
double_quotes, special_char_seq(X), double_quotes.

noun{character,_,character (X)) -—c
atomic_character(X), (X \== a, Z \== i}.

noun{string,_,string(X)} -
double_quotes, get_string_tokens(X).

PR T T e e RS S A L S8 i aaa D L L L LR R e L A e h A SRRt v/

special_char_seq([H|T]}) -->
[det (special_char:H/_,1])), {H \== **'}, rest_special_char_seq(T).

rest_special_char_seq([H|T]} --=>
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[det (special_char:H/_, 1)1, (H V== '"'}, rest_special_char_seq(T}, {(!}.
rest_special_char_seq(ll]) -=x [1].
/* Pemark: a string (e.g. a title used as an ~address®) is not parsed. */
get_string_tokens([H{T])} --> [det{_:H/_,_}], {H \== """}, get_string_tokens(T).
qget_string_tokens([]) --» double_guotes.

atomic_character (¥X) =-->

double_quotes,

[det {word:X/all_caps,_)], (name(X,L), length(L,1}}, double_gquotes.
atomic_character{X) -->

parenthesis_o,

{det (word:X/all_caps._}]., (name(X,L)., length(L,1})}, parenthesis_c.
atomic_character (X) -->

[det tword: X/all_caps._) ], {(name(X,L), length{L,1)}.

/l.t'-...-.tt‘.tw.wtttti..-...-..t.-tt'.twt.'t."'ﬁ-.i.’..wﬁ"-ttl..-.-..t""l

/* NOUN_POST_MODIFIER (used by noungp_head} */
noun_post_modifiexr (X} -=> number_gen(X,_), {1}.
noun_post_modifier (quiz_token(X)} -—

[det{Type:X/_._) 1.
{(Type =.. [quiz_token,_] : Type == ref_ _or _var __or__quics_item), 1}.

noun_post_modifier(ref_ or _var{X}) -=> [deti{ref__or__var:X/_._)1, (t}.
noun_post_modifier (X} --> date_form(X), (!}.

noun_post_modifier (number_special (X}) --> [det{number_special:X/_,_)], {!}.

noun_post_modifier (dollars (X)) -=> [det(dollars:X/_._1)1, (!).
noun_pest_modifier(percentage (X)) --> [det(percentage:X/_._}]. {!}.
noun_post_modifier(nil) --> [I.

,.‘l-‘..i'.wt.'t"'t-..‘-*O-‘it'ti.".ﬁ"t***ﬁ"Q""--ﬁ-""".*'t.t'*'*"ﬁ-"-"/

/* COMPL_ADJ_PHRASE (used by complement_stat) */
P */
/* Un adjectif peut avoir un complement qui est 1l°'un des 6 groupes suivants: */
/* 1) un groupe prepositionnel (prepositional phrase) */
/* ii) une proposition substantive introduite par ‘that’' {(that clause) ./
/* iii) une substantive avec un verbe a l'infinirif (to-infinitive clause) */
/* iv) une substantive avec un verbe en -ing (nominal -ing clause) 7
/) une question indirecte (see wh_interro_declarative_clause above) */
/* vi) une proposition substantive introduite par 'than’ (than clause). *f/
/" ) -/
/% Voir QUIRK, chap.l6 (“Complementation of verbs and adjectives®): pp.1220+.*/
compl_adj_phrase(_) --> end_of_sentence_marker{_ ), [!, £ail}.
compl_adj_phrase{Comparison} --> comparative_clause{Comparison).

compl_adj_phrase {attrs_compl (ADJP)) -->
required_adj_phrase{Adj_P), rest_compl_adj_phrase(Adj_P,ADIP}.

compl_adj_phrase{attrs_compl (Adj_P)}) --> required_adverbs{Adj_P).

compl_adj_phrase(attrs_compl{Adj_C)) --> adj_complement (Adj_C).
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rest_compl_adj_phrase(Adj_P. [AEj_P.ADJIP]) --> adi_complement(ADSPY., ('},
rest_compl_adj_phrase (ADJIP, ADJP) --> 7.

/" L L L b b T T T D R e oo ak b B b ok o b b T R b e e
adj_complement (AC) --> required_prepphrases{ac,_}.

adj_complement (AC) --»> nominal_clause{that_clause,AC ).

adj_complement (AC) --> nominal_clause(to_infinitive_clause,AC,._,_).

adj_complement {AC) --> nominal_clause({ing_clause,AC,_,_).

adj_complement (AC) --> nominal_clause{wh_interro_declarative_clause,AC, _._}.

adj_complement (nonfinite_rel_clause_equivi{for{NpX),to_infinitive_clauge(X)))
prep(for), np_eq;;:(pre_y.z.pr._). simple_to_infinitive_clause(2,X).

/.'*‘.-tQiﬁ*i"Q"----'..'it.".t.t**iﬁ*'ﬁtﬁQ*Q‘QQO..QOQQ'.-'ﬁ-“ﬁt.ti.OQ‘.Q.Q'/

/* REQUIRED_ADVERBS {used by adv_group, adverbial_clause, apposzition_core, ~/

il complement_stat, opt_particle, prepphrase_core, & sentence_frag) ~/
/* & ADVERBS (used by be_going_to, have_to, opr_advs_negation, gquestion, ./
Pl required_adverbs, verbal, verbseq Be__aux, % ./
i verbseq Have_or_Do__aux) 7
required_adverbs (Advs) --> adverbs(Advs), {Advs \== []}.

adverbs([].I,I} 1=

end_of_sentence_marker(_,I

adverbs (Qut_Struct) $§ Tokens --»>
{adv_s (Advl) ; adv_not_s(Advl)), rest_adverbs(Coor,Advs_R),
{pack_adverbs {Advl,Coor,Advs_R,ADVS) },

Y, .

{ger_desired_output_structure (ADVS,Tokens,Out_Struct), !}.
adverbs([]) -=> [].
F AP tisesesrresasraann Crettereasenasansearsenar eher s */

rest_adverbs(Coor, [Adv2 jAdvs_R]) -->

opt_comma, opt_real_coordinator(Coor), (adv_s(Adv2) ; adv_not_zladv2)),
rest_adverbs (Cooy,Advs_R), {!}.
rest_adverbsi(_, [1) --> 1].

pack_adverbs (Advl,_, (], [Advl]) :- !.
pack_adverbs(Advl.CoorO.Advs_R,[conj_advs(Coor.IAdvllAdvs_Rl)l) -
{(var{Coorl}), Coor = implicit_and) ; (nonvar(Coor0), Coor = Coorl}.

adv_not_s(A,I,0) :- adv(A,_,I,0), (conj(A,I,_) : preplh,I,_}).

/* 30Q0EEEEREEAAGAGRAGRAEARAAGERAGARAARAAAGAAGACGAGRAARAAARAGAGIAAARARANARAEAGE */

/" Punctuation and a few zpecial charactersz used throughout the parser. '
opt_pause --> pause, {!}.

opt_pause -=> [1.

pause «=> colon ; comma : dashes ; semi_colon.

opt_colon -=> colon, (i}.

opt_colon --> (1.
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opt_comna -~> comma, {!}.

opt_comma ~=> [].

colon -- [det{punctuation:’':'/pause,[]}].
comma --» {det{punctuation:*, */pause, [[)].
dashes ~~» [det{punctuation:'--'/pause,[]}].
cemi_colon --> [det{punctuation:':'/pause, (]1)].

double_quotes --> [det(special_char:*"'/_,[1}].

parenthesis_o --> [det(special _char:*{'/_.[1)].
parenthesis_c¢ --> [det(special_char:'}'/_,[1)].

question_mark --> [det({punctuation:*?'/_,.[1)].

I.ﬁ..'-tt.'*.Q-'C“-"..""ﬁ*ﬁ‘"*.‘*Oﬂ'--"."-'ﬁ‘-‘ﬁ-".‘.""ﬁ'*i'*'***"""-/

/* TERMINAL (used by compl_sentence) >/
" »y
/* On tags, cee QUIRK, pp.9383-4. */

terminal {(end_of_input({Tag,Terminal})} =-->
opt_comma, tag_coor({Tag}, end_of_sentence_marker (Terminal).
terminal (end_of_input {Terminal)) --» end_of_sentence_marker (Terminal).

tag_coor (Tcoor) --> [det(word:Tecoor/_,_)], {tag_coordinator{Tcoox)}.
tag_coor {Tcoor) --»
[det (word: Teoora/_., ), det{word:Tcoorb/_,_), det{word:Tcoorc/_,.).
det (word:Teoord/_,_) . dct{word:Tcoore/_,_), det({word:Tcoorf/_, )1,
{tag_coordinator( [Tcoora, Teoorb, Teoore, Teoord, Tecoore, Teoorf] , Teoor) ] .
tag_coor {Tcoor) -->
[det (word:Tecoora/_,_}), detiword:Tcoorb/_,_ ), det(word:Tcoorc/_._}].
{cag_coordinatoyr ( [Tcoora, Tcoorb, Tcoore] , Teoor) }.

tag_coordinator (and_so_forth).
tag_coordinator (and_so_on) .
tag_coordinator (and_so_on_and_sco_forth}.
tag_coordinator{and_the_like).
tag_coordinator(etc).

tag_coordinator({{and, so, forth] ,and_so _forth).

tag_coordinator( [and, 50,0n,and, so, forth] ,and_sc_on_and_so_£forth) .
tag_coordinator ({and, so,on],and_so_on).
tag_coordinator([and, the, like] ,and_the_like).

end_of_sentence_marker (pericd) -
. {dct (punctuation:'.'/end_of_sentence,[])].
end_of_sentence_marker (ellipsis) -

[der (punctuation:* ... fend_of_sentence, []}].
end_of_sentence_marker (exclamation_mark) -->
[det (punetuation: ' ! ' Jend_of_sentence, [])].

/..Qﬁ‘....."*iQQ..Q.'.‘."..‘.‘-.-‘-.'"‘.‘.'*ﬁ‘ﬁ*""-'*.**.'..'t'f.‘."i".'*/
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/* OPT_NEGATION (used by be_going_to_g. opt_advs_negation. sontence_core, .
/* verbal, & verbseq) .

opt_negation{ne) ~-~> special_function_word(not,_}, (1!}.
opt_negation{yes) --> [].

/QQ‘.*.Q.Q*QQ.Q-'QQ..-'-."t'.tﬂﬁwtt"'ﬁt!!tﬁ'!tt!‘t‘tt“‘.!Q.Q‘QQQ‘Q‘Q...Q.Q..‘I
/* OPT_ADVS_NEGATION {used by be_going_to_g. have_to, verbseq, ./
Vi verbseq Be__aux, verbseq Have_or_Do__aux, & verbseq__HavePe__aux} ./

opt_advs_negation(Advs,Neg) --> opt_negation{Neg), adverbs(idvs).
opt._advs_negation(advs,Neg) --»>
adverbs (Advs), [(Advs \== [not]}. opt_negation(Neg).

/"'Q"*Q‘Q-*'ltt.*'ti*‘.."'Q"Q..'.ﬁ..".."..t"'ﬁi"Qitﬂtﬁﬁ.tﬁiﬁi't‘i..ﬁi.l..ﬁf

/* OPT_PARTICLE (used by verbal) ~/
opt_particle(_,nil) --> [].

opt_partiecle(V, [Advs,Par]) -->
[(V =.. [double_guotes,MainVb]l ; MainVb = V)},
required_adverbs{Advs), adv_particle(Pax),
{adv_particle_list (MainVb,List_of_Par), memberchk(Par.List_of_Par)}.

opt_particle(V,Par} -
{(Vv =.. [double_quotes,MainVb] ; Mainvb = V'},
adv_particle(Par),

{adv_particle_list (MainVb,List_of_Par}, memberchk(Par,List_of_Par)}.

/ﬁ'*"""'.'*W*t*.'ﬁW'*."tt'ﬁ**’.*#'ttﬁ..**i-*t--ﬁt‘itttt.ﬁﬁ.tt.....i.tl‘l‘.ﬁ,
/* OPT_SYN_ELEM (used by that_clause, wh_i_d_clause, & wh_word_of} */
opt_syn_elem({Syn_Elem, In,Qut) :-

Syn_Elem =.. [Pred|Args], append(Args, [In,Out),Args2},

Syn_Elem2 =.. [Pred|Axrgs2], call{Syn_Elem2), !.

opt_syn_elem{_,In,In).

,'"'i'*'*'*'W.'ﬂ.‘-'*"".***"l‘--'.'t.‘.-‘-.".**tt*.l....t..tti.ﬁ.t'ﬁt.i.ﬁ/

/" QPT_REAL_COORDINATOR (used by rest_adj_phrase, rest_adverbs, */
P rest_noun_pre_modifiers, & rest_sub_cl) */
/* & REAL_COORDINATOR_3 {used by card_num_c, conj_nom_cl, conj_np, conj_pp. */
> opt_real_coordinator, prep_pp. & rest_verbsoeq core) */

opt_real_coordinator{Coor) --> real_cocordinator_3{Coor), (!}.
opt_real_coordinator(_} --> [].

real_coordinator_3{Coor) --> [det(word:Coor/_,_}]., {real_coordinator(Coor}).

f'*"*'*.'ﬁt-"ﬁﬁ"i**-"'iO"'*..’-"'-..-.ﬁﬁ.'.-'.t’t.ﬁ..'I..--l.t’.'tﬁ.'.t.l
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B.3: A Simplified Prolog Description of DIPETT's Grammar

/l.l..l..lll.-t.ﬁ'ﬁ"'ﬁ’.'ﬁ.'..".ttt’..tt"‘t‘ﬁ-.tﬁ..‘..‘.'-'QII.'.'.-".-'-'/

/* This file contains the core of DIPETT'sS grammar of English under the form */
/* of a much simplified DCG grammar -- note that it is not a legal Prolog */
/* file. Most low level details of the Prolog files DIPETT 6_PARSER S V.PL >/
/* and DIPETT_S8_PARSER_N.PL, as well as most technical and procedural asp- */
/* ects, are not presented here. -/
/* .y
/* Obvicusly, this kind of description inevitably leads to a seemingly too ~/
/* permissive grammaxr (not to say simply stupid in some places ...), so bewa-*/
/* re! In fact, this description was prepared as a complement of the Prolog */
/* files in order to ease their reading. The Prolog files remain the most re-*/
/* liable, complete, and accurate description of DIPETT's grammar of English.~*/

/" */
/* Ac far as English grammar is concerned, the main reference used here is: */
/* */
/* QUIRK = R. Quirk, S. Greenbaum, G. Leech, & J. Svartvik, >/
/* “A Comprehensive Grammar of the English Language*, */
/* Longman, 1985, */
/™ */
/* The description corresponds to these versions of the Prolog files: */
/* DIPETT_6 = Sept.3, '93 and DIPETT B8 = Sept.3, '93. ~/
/' t/
/* Sylwvain Delisle, November 20, 18953. */

/..I..-...‘ii."‘t**tt**Q’Q*ﬁ*-ﬂ'.'I'*"*ﬂ*"'*'**'*"ﬁ*'..*..*"'**"ﬁ".-*"*"iﬁl

P T L L L ettt L L LS
FADBERBRRIIERERBIRIRRNRERRRLRNSR> DIPETT_6 <4<<<CdC<taCCC<CCCCCCCCaaaCCg<tg<<<™/
FA T e i kL A L e e T e R S S L L L )

/* The input is a "parenthetical unit®, 2 valid input enclosed in “{ ... }". */
compl_sentence (parentheticall... =>
parenthesis_o, compl_sentence, parenthesis_c.

/* The input is an interrogative ("question"}. */
compl_sentence(parse_tree__inter(... =>
question, question_mark.

/* Usual case: the input is a declarative or an imperative {"sentence"). */
compl_sentence (parse_tree__decla_or_imper({.=>
contextual_marker, top_level_clause_seeker_r, opt_guiz_example, terminal.

/* The input is a title or a caption with 2 parts separated by ':' or '--'. */
/* Ex: "Report l.l: Accessing a single file.*® */
compl_sentence({parse_tree__title_or_caption(...=>»

(np_nucleus ; noungp_head), (colon ; dashes),

sentence_£frag, terminal.

/* Otherwise, the input may be a stand-alone fragment ... */
compl_sentence(parse_tree__frag(... =>
sentence_frag, terminal.

/t.ti-'.""'"‘t*'ﬁ***"""*'**‘*.-'*"**"I'l"'l'I*'*"*‘Qﬁ"'.i-""-"’****"*'/

/* A "contextual marker* is a NP which identifies the semantic category (in */
/* a broad sense) of the text following it. It helps the reader to properly */
/* decode the purpose of a seantence or a paragraph (used mostly in T4043). */

contextual_marker {contextual_marker(... =>
ctxt_marker.

ctxt_marker => *answer”, colon.
ctxt_marker => "example*, colon.
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ctxt_marker => "for", "example”, opt_comma.

crxt_marker => “"examples®, colon.
ctxt_marker =x ="for", “instance*, opt_comma.
ctxt_marker =» "no*, colon.

cext_marker => “"note*, colon.

ctxt_marker => "question®, colon.
ctxt_marker => "tax*, “tip*., colon.
ctxt_marker => "yes*, colon.
ctxt_marker => np_equiv, colon.
cext_marker => [].

FAAAALLLLALALALLALLASEAAALLALALM L M ALLLLLLLALMLALALLLALLLLLLR A S AL LA AL I
’

top_level_clause_seeker_r(non_compound, ..,=>
sentence, rest_sentence.

top_level_clause_seeker_r{compound, ...
call_tentative_sentence, rest_sentence,

n
v

top_level_clause_seeker_r(mult_coor, ... =>
potential_sent_coor,
call_tentative_sentence, multiple_coord_clauses,

call_tentative_sentence => sentence.

/*""*.'*-'*"ﬁ.'*-***iﬁ****ﬁ*ﬁ“*‘"Q".i"'ﬁ"*"tbii‘tt..lit..i..i...tﬁi.ﬁ.ﬁt,

/* These rule cover the multiple coordination of clauses {see QUIRK, p.925). */
/* In this structure, ‘and' and ‘or®' can link more than two clauses and all */
/* but the final instance of these conjunctions can be omitted. For example: ¢/
/* *The battery may be disconnected, the connection may be loose, or the bulb*/
/* may be faulty", where the 2nd clause means *, OR the connection may ....,".*/

il 7
/* Notation: ‘'syndetic’': with an explicit coordinator; ‘'asyndetic': implicit */
/* coordinator which is temporarily "postponed® (thus the ‘'p_'). */
/* Case (1) : SENT ('.') and|or SENT ... */

multiple_coord_clauses =
opt_comma, conj, call_tentative_sentence, multiple_coord clauses.

/* Case (2) : SENT ',' SENT ... ~/
multiple_coord_clauses =>
comma, call_tentative_sentence, multiple_coord_clauses.

multiple_coord_clauses =>
end_of_sentence_marker.

,*"'ﬁ*ﬁ'*"'*I"'l*I"'**.".""*'.*ﬁ"*‘ﬁ*’ﬁ*'*'ﬁ*i’fi‘.*."'.'..l.tti'tt..tﬁﬁ..tl

/" Actual examples in the QUIZ manual have been replaced by one of thece ./
/* special markers: ‘'quiz-example-command', ‘quiz-example-commands®, +/
/™ ‘quiz-example-program', ‘quiz-example-prompt’, & ‘quiz-example-report'. */
/* They are classified in the dictionary as special_function word(s}). )

opt_quiz_example => opt_ex_marker, colon, special_function_word.
opt_gquiz_example => [].

/* An example marker is *as in", "for example”, or *“like thic", */
opt_ex_marker => opt_comma, "as in“. ==

opt_ex_marker => opt_comma, “for example-.

opt_ex_marker => opt_comma, "like this~.

opt_ex_marker=> [].

/*****""ﬂ"'.'-'f’ﬁ'**."'-"ﬁ--'..'.bt'-".fﬁ.'ﬁﬂﬁﬁ..t.ID-'-.--...”...D’D.l

sentence_frag=> "for example®, colon, special_function_word.
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centence_frag=> np_equiv.

centence_£frag=> required_prepphrases.
sentence_frag=> required_adj_phrase.
sentence_frag=> regquired_adverbs (Fragment).

TAAAAARA AL AL AL LA A RS AR AlAlllllAAldllilllalld bl il lllllllll il llllllbll bl

/* Two types of sentence are recognized: DECLARATIVE and IMPERATIVE. */
/* EXCLAMATIVES are treated as declaratives. On QUESTIONS, see dipet:z_9. */

sentence => subordinate_clause, sentence_core,

/* The special HERE+BE: "HERE IS the solution.®, “HERE ARE the toels.*, ete. */
/* See QUIRK, pp.521-3 and 1379-Bl. */
centence_core => *here®, verbphrase,

/* The special existential-THERE sentence: "THERE ARE pecple in the room.*. */
/* Note: other verbs than BE are also allowed; see QUIRK, pp.1402-14. -/
sentence_core => "there", verbphrase, rest_there_sent.

/* The general case: a NP followed by a VP. */
sentence_core=> np_equiv, verbphrase.

/* Imperative with "let". On directives, see QUIRK, pp.827+. */
sentence_core => opt_courtesy_subjunct,
preposed_verb__let, (let_pron ; np_equiv), opt_negation,
verbphrase.,

/* Plain imperative sentence: it must begin with a verb. »/
sentence_core=> opt_courtesy_subjunct, verbphrase.

A Ceretrenesesmansenn cranes *f
/* Recognizes the rest of the "enumerative" existential-THERE sentence. */
/* Ex: *There are two types of keys: UNIQUE AND REPEATING." -/

rest_there_sent => colon, sentence_frag.
rest_there_sent => [].

opt_courtesy_subjunct => "please", opt_comma.
opt_courtesy_subjunct => [].

let_pron =>
*her” ; *him" ; "it" ; *"me* ; *them"” ; "us" ; *yourself" ; "yourselves".

/."‘-"'.'f.'ﬁﬁ*'i*'.’*********i'"*tiit**'*ﬁ**"*ﬂ*"""-**"'*IQ*'***"’***".f“/

/* Rules for compounds {#3-4) allow an unbound number of coordinated clauses */

/* via top_level_clause_seeker which uses sentence and rest_sentence, */
/* "single-main-clause" input: SIMPLE SENTENCE. */
rest_sentence(simple_sentence( ... = ...

/* *single-main-clause® input: COMPLEX SENTENCE. *f
rest_sentence{complex_sentence{ ... = ...

/* Coordinated main clauses (compound): FIRST COORDINATOR IS "EMPTY". */
rest_sentence (compound_sentence( ... =5

opt_pause, coordinator, opt_coor_coni, top_level_clause_seeker r.
/* Coordinated main clauses (compound)}: CORRELATIVES. */

rest_sentence{correlative_compound_sentence( ..s>
opt_pause, coordinator, top_level_clause_seeker_r.

/e */
e e e e e et ateee et eeaen e ean e et a e aae et anaaaan
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/% These five coordinateors do not allow another conjunction to precede them: +-
/" see QUIRK, pp.922-3. .

opt_coor_conj=> conji{C), {\+ memberchk(C, [and,or,but, for.co_that}}.
opt_coor_conj=> [].

/Q.t'twittwtwﬁwtwtnwttwtqwttttwuwttttttt.----o-.-Q.-..-o.-..it-...nno-qtqqtqtq ‘

/* Allows a conjunction of verb phrases. Here “tense* includes modality: .
i Time: temps chronologicque: Tense: temps des verbes; .
Fid Aspect: facon dont l'action s'accomplit {debut, duree, etc.): ./
/™ Modality: nuances dans l'accomplissement de l'action. ./

verbphrase => verbphrase_Reg_or_Stat, rest_verbphrase.

/* Verb phrases are divided into two major types: REGULAR (action verbz}, b4
/* and STATIVE ("to be", *to become*, “to appear*, etc.). Within regular ./
/" verb phrases, the passive and active voices are distinguished. */

verbphrase_Reg_or_Stat => verb_clause(active).
verbphrase_Reg_or_sStat => verb_clause({passive).
verbphrase_Reg_oxr_Stat => verb_clause(stative).

/w*twr'w*wt*nw*cttQtttttnttw*tttt*t*wttttt-tttttttwtwtwtwt'wfuttwtttqnt-nuwtaa/

/" The verbphrase and rest_verbphrase rules recognize these structures: ./
I/ 1) single-VP, 2) conjoined-VPs, 3) single-VP *{* single-VP ’}'. and */
I 4) single-VP '(°' conjoined-VPs ')°'. «/
/* However, the same rules do not recognize structures like #3 & 4 in which */
/* the first element, i.e. single-VP, would be replaced by conjoined-vPs. ~/
/* g
/* It should be noted that thiz remark also applies to these structures: */
i i) rest_np_nucleus (with NPs instead of VPs), ./
/" ii) rest_nom_cl (with nominal clauses instead of VPs), and «/
/™ iii) rest_prepphrases {with PPs instead of VPs). ./

rest_verbphrase => parenthesis_o, conj_vp, parenthesis_c.
rest_verkphrase => conj_vp.

/* conj_vp requires that Conj be overt but not necessarily unique. It thus ~/
/* accepts structures like "A and B then C*. These are relatively rare and */

/* may be rather ambiguous (e.g. with 'and' and 'or'). See QUIRK pp.920+. ./
/* Note: Conj must be overt AND unique for conj_np, conj_nom_cl, and coni_pp.*/
T ~/

/* The N parameter indicates whether we are currently trying to parse a VP ./
/* that follows the very first VP. If so, we don't allow "VP ',' CONJ VP". ./
/* Unfortunately, this discards cases like *VP ',' CONJ VP ',' CONJ VP". *7
/* However, this seems to be the price to pay to reduce ambiquity in the par-*/
/* sing of conj. items: only a costly look-ahead mechanism might be helpful. ¢/
/* This also applies to conj_np, conj_nom_cl, and conj_pp (in dipett_8). ./

/* Case (1) : VP (','}) CONJ VP ... ./
conj_vp => opt_comma, conj, verbphrase_Reg_or_Stat, conj_vp.

/* Case (2) : VP ',* VP ... Y,
coni_vp => comma, verbphraze_Reg_or_Stat, conj_vp.

l'*""i"'t"t*"*ﬂ"""...-"'..."'-'*'.’*i*."-"-“--.'-...’btﬁ.'-.bﬁit.ﬁ,

/* These rules extract the verb sequence with its FINAL modifiers (if any). */

/* General verb clause (TYPE 1}. ./
verb_clause(l, ... =>

verbphrase_ReghAct_or_RegPacs,

{{opt_pause, required_subordinate_clause) ; true).
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* Cimplified verb clause (TYPE 2): no final modifiers allowed. ~/
voerb_clauze (2, ... ==
verbphrase_RegAct_or_RegPass.

FAREAEAA AR NS AL AR AL RS ANl Rl il lld il l il il ls il ittt el

/* Handlez the regular verb phrases, active or passive. When M_el is present */
/* ac last argument, it signals the presence of an empty NP (see rel_clause).*/

verbphrase_ReghAct_or_RegPass =>
verbseq, medial_vp_subordinace_clause, complement.

medial_vp_subordinate_clause => [].

medial_vp_subordinate_clause =»
med_correlative_marks_o (N},
{(adverbial_subordinate ; nominal_subordinate),
med_correlative_marks_c(N).

med_correlative_marks_o(l) => comma.
med_correlative_marks_o(2) => dashes.
med_correlative_marks_o(3) => parenthesis_o.

med_correlative_marks_c{l) => comma.
med_correlative_marks_c{2) => dashes.
med_correlative_marks_c{3) => parenthesis_c.

/.i't..ﬁ.."*..‘.ﬂ‘0'-".i"t‘"ﬁ.'..-‘.“"t"*t'.'"'"'*"-"-'i'ﬁ"'"'i't'*'ﬁ'**/

/* The basic form of a verb sequence is based on Winograd's description: */
/* *modal_aux | be_going_to | have/do | be_1 | be_2 | verb* */
/* be_l: information about the continuity of the action. */
/* be_2: passive or active form. >/
/- /
/* Ou encore: i} modal + be + verbe en -ing */
/* ii}) modal + have + participe passe */
/" iii) modal + have been + participe present. */
/" */
/* All these different elements, except the verb of course, are cptional: */
/* see QUIRK, chap.3; on marginal modals & modal idioms, see pp.l38+. */
/* The verb sequence contains a "HAD BETTER" modal idiom. */
verbseq =>

{modal_aux{had) ; modal_aux(had_would)), "better",
opt_negation, verbseq. BeGoingTo_or_else.

/* The wverb sequence contains a "WOULD RATHER" modal idiom. >/
verbseq =>

(modal_aux{would) ; modal_aux{had _would)), *“rathexr-,

opt_negation, verbseq BeGoingTo_or_else.

/* The verb sequence contains a modal (different from the marginals below). */
verbseq =>
modal_aux(Modal},
{Modal \== dare, Modal \== need, Modal \== ought_to, Modal \== used_to},
opt_advs_negation, verbseq BeGoingTo_or_else,

/* The verb sequence contains a "DARE* marginal modal. */
verbgseq => .
modal_aux({dare), opt_negation, verbseg BeGoingTo_orx_else.

/* The verb sequence contains a "NEED" marginal modal. */

verbseq =>
modal_aux(need}, opt_negation, verbseq BeGoingTo_or_else,
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/* The verb sequence contains a "CUGHT TO* marginal modal. .
verbseq =>
modal_aux(ought_to), opt_negation, "to*, verbseq _BeGoinaTo_or_olnoe.

/" The verb sequence contains a "“USED TO* marginal modal. b
verbga =>
modal_aux{used_to), opt_negation, "to", verbseq  BoGoingTo_or_olse,

/* The verb sequence does not contain a modal. .
verbseq =>

verbseq  BeGoingTo_or_else.

/*"*"“t"t'tt.t‘tw'*tﬂ**ﬁ"ﬁ.‘*..’..“’.i*.ﬁﬂﬂ..iiQ.QQQQQi.Q‘QQ"OQﬁﬂ.ﬁ.‘..i../

/* The “BE_GOING_TO" and "HAVE_TO" cases. ./

verbseq _BeGoingTo_or_else =>
{(be_going_to ; have_to)}, (verbseq HaveBe__aux ; verbseq_core}.

/* The GENERAL case ... v/
verbseq BeGoingTo_or_else =>
verbseq Have_or_Do__aux.

/t*w*t*‘****wwtt*nwwiittttttwunvwnwwn*wu-nt'wutunawtquwntttﬁﬁtht‘ﬁn-tt-ﬁts-n/

/* The "BE_GOING_TO" (near future) & ./
I “HAVE_TO" {obligation or logical necessity) SEMI-AUXILIARIES: b
/" see QUIRK, pp.l43+ (semi-auxiliaries). ./

be_going_te => adverbs, be_going_to_g, *“going®, “to".

be_going_to_g=> aux, opt_advs_negation, aux, opt_negation.
be_going_to_g=> aux, opt_advs_negation.

have_to => adverbs, aux, opt_advs_negation, “to~.

/t*"*'.'*ﬁt*ﬁ*’**ﬁ*""*i."tili'*"***.'.**.t*ﬁi.'*t..ﬁ*#tt.tiﬁ.lt.t.‘.i..lb.ll

FA HAVE as an auxiliary ———cccmmmmmmmmnmcmnmnnnne- ./

/* Modal_flag = 1 : for NON-MODALS. -/
verbseq Have_or_Do__aux(l, ..=>
adverbs, aux, opt_advs_negation, verbseq HaveBe__aux,

/* Modal_flag = 2 : for MODALS. */
verbseq Have_or_Do__ aux(2, ..s>
adverbs, aux, copt_advs_negation, verbseq HaveBe__aux

/* DO as an auxiliary —===--smeccmemen e *

verbseg Have_or_Do__aux:>
adverbs, aux, opt_advs_negation, verbzeq core.

/* No HAVE or DO auxiliaries found in the verb sequence ... +/
verbseq _Have_or_Do__awe>

verbseg _Be__aux.
FiAd - BE as an auxiliary -~ )
/* first two clauses: when following HAVE ... */

verbseq HaveBe__aux=> aux, opt_advs_negation, verbseq_core.
verbseq HaveEe__ aux=> verbseq Be_aux.

/* */
................ Ceteseseanesssensensaseaananan s ta e b A as o saenan

/* Modal_flag = 1 : for NON-MODALS; the "BE TO" modal idiom. "/
verbseg Be__ aux(l, ...=>
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adyerbs, aux, opt_advs_negation, *to", verbseq core.

/" Modal_flag = 1 : for NON-MODALS, the general case. */
verboeg  Be_ aux(l, ...=>
adverbs, aux, opt_advs_negation, verbseg core,

/* Modal_flag = 2 : for MODALS. w/
yerhoeq  Be___aux(2, ...=>
adverbs, aux, opt_advs_negation, verbseg core.

/* e e mme e~~~ No auxiliaries found ! -~~~ ————

verbseq _Be_ _aux => verbseq core.

/n..a..t--t.tnnt-uottp-ttto-—----Qp--to--t-wt-ttttwttowttwtwtttwt*wwwt*t*ww'*ﬂb/

/* These rules recognize the simple (usual) case in which a VP contains a */
/* single main verb. They also reccgnize the more complex case in which a */
/* sequence of conjoined main verbs is used instead. Although the latter can */
/* also be analysed in terms of conjoined verb phrases with several elided ~/
/* constituents, we follow the analysis of QUIRK (see pp.943+ & pp.967+) and */

/* consider it as a case of conjeoined main verbs with, often, an implied */
/* chronolegical segquence. Here are two typical examples taken from QUIRK: -/
/* Ex.l: *Paul WASHED AND DRIED the dishes."® */
/* Ex.2: "He WAS BORN, LIVED, AND DIED in the city of Vienna.* */

verbseq core => verbal, rest_verbseq core.
. ceraressseamsarenanans Cesasisrastaamrera e an caneens Y/

rest_verbseq _core=>

opt_comma, real_coordinator_3, verbal, rest_verbsegq core.
rest_verbseq _cores>

comma, verbal, rest_verbseq core.
rest_verbseq core=> [].

P T L L b i gk o e e el b b b */

/* ACTIVE VERB *7
verbal =»
adverbs, verb: in_double_gquotes_or_not, opt_particle, opt_negation.

/i "PASSIVE" VERB */
verbal =>
adverbs, aux, opt_negation, verb__in double_cuotes_or_not, opt_particle.

Vil STATIVE VERE */
verbal =>
adverbs,
{ (verb__in_double_gquotes_or_not, opt_negation) ;
(opt_negation, verb__in_double_cquotes_or_not}).

/ﬁﬁ*tﬂ'.Q""i--"i-“'*t-‘t'-"""i’i.’it"ﬁ‘*'t***ﬂ*-ﬂ'I'"*-*'**-ﬁ"'"tf-t*"**ﬁ**',

/* We recognize verbs enclosed in double quotes (e.g. "tells", “entex"). */
/* A word W in double quotes is represented as double_gquotes (W), */
/* but a sequence of words SW in double quotes is represented as string(sw). */

verb__in_double_quotes_or_not => double_guotes, verb, double_gquotes.
verb__in_double_quotes_or_not => verb.

/.ti’.*".Q*"‘-"'"**“"*'-'.'.‘-"'"'"'"*“"*.*'ﬁ'*"*'**ﬂ"'*"***.*.*ﬁ."*'ﬁ",

/* Defines the different types of complement accepted by a verb segquence: */
/" intr = intransitive : verbs that deo not occur with objects. */
A stat = stative : copulas (see verb_clause & set_struct). */
/" tr = transitive : verbs that occur with one or more object. */
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/™ tr_intr : verbs that can be used either as intr or as tr
complement => complement_tr.

complement => complement_intr.

complement =» complement_stat..

/* Some rules apply to ditransitives as well as to complex transitives;
/* see QUIRK, pp.l1170+ {(16.20: *"Types of verb complementation=).

/t

/* Notation: Si{ubject), Vi{erb). Oi{bject). Cl{omplement). Aldverbial).

/* ~mmmmmm——cmm—ammme—————— e ACTIVE STRUCTURES ----==-=-m-m-scmmmmmmoooea=

complement_tr{active,referring_np(M_el},svoo_svoc_svoa{ .=
np_equiv.

cemplement_tr(active,xaferring_np{M_el),svoo_svoc_svoal..s»
required _prepphrase:s.

conmplement_tr(active, referring_npi(M_el).svo{... ==
(1.

complement_tr(active,def_prep(M_el),svoo_svoc_svoa(.. s>
np_equiv, prep, not_followed_by_a np.

complement_tr{active,def_prep(M_el),svol ... =>
prep, not_followed by_a_np.

complement_tx(active,nil,svoc{ ... =>
comparative_clause.

complement_tr{active,nil,sve{ ... =>
np_equiv ; required_prepphrases,

complement_tx(active,nil, ... =>
np_equiv, rest_complement_tr_act_np.

complement_tr{active,nil, svoo_svoc_svoa{ ... =>
required_prepphrases, np_equiv.

[* mmmmmm—mm e em—wmmme——— PASSIVE STRUCTURES -—---==w-memmmommmmommoee
complement_tr (passive,referring_np(M_el),sveel ... =

by_phrase.
complemenc_tri{passive,nil, ... =

by_phrase, rest_complement_tr_pass_by.

complement_tr (passive,nil, ... =3
required_prepphrases, rest_complement_tr_pass_pp.

complement_tripassive,nil, ... =2
np_equiv, rest_complement_tr_pass_np.

complement_tx (passive,nil, svoo_svoc_svoa( ... =
required_adj_phrase, by _phrase.

rest_complement_tr_act_np{ ... svec( ... ==
comparative_clause.

rest_complement_tr_act_ap( ... svoo_svec_svoal ... =
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np_squliy.

rect_complement_tr_act_npl{ ... Svoo_svoc_covoal( ... =>
required prepphrases.

rect_complement_tr_act_npl ... svoc_svoal ... =>
roequired_adj_phragce.

Jr e e et ataitatsicaenaaetianrar et sttt ey */
rest_complement_tr_pass_by( ... svoo_svoc_sveal ... =>

np_squiv ; required_prepphrases.
rest_complement_tr_pass_by{( ... svel{ ... => [].
rost_complement_tr_pass_pp{ ... svoo_svoc_svoal ... =>»

by_phrasze.
rost_complement_tr_pass_pp{ ... sveol ... => {].
rect_complement_tr_pass_np{ ... svoo_svec_svea( ... =>

by_phrase.
rest_complement_tr_pass_npl ... sveol ... = [].

AR e L S L S L LI L L L i L L L Lttt bbb Sl LSt s St v/
/* Note: in fact this might be too restrictive. What we really mean is “not */
/* followed by something that can ONLY function as a NP". Yes, tricky indeed.™*/

not_followed_by_a_np=> (noungp_head ; np_nucleus), required_adverbs.
not_followed_by_a_np=> noungp_head, fail.

not_followed_by_a_np=> np_nucleus, fail.

not_followed_by_a_np=> [].

/* Note: this rule recognizes "by Tom and Bob*® but not "by Tom and by Bob". */
by_phraze =» "by", np_equiv.

F* RBREAAHERARRRRRR R BARHRREE R R R AR R AR R R R ER SRR E RGN B R B R AR R R R BB R R RS ~/
/* INTR (i.e. intransitives) */

complement_intr (active,.nil,sv{ ... => [].

J* HHRURBNURREEERANHRANHURERA SRR RN BB OR RN H RS R AR AR RO R R AR R RRS BB RS R R RYE ~/
/* STAT (i.e, statives or copulars) */

complement_stat (stative, referring_npi{M_el),sve_sval . 7> [].

complement_stat{stative,nil,svc_sval ... =>
compl_adj_phrase.

complement_stat({stative,nil,sve_sva( ... =>
np_equiv.

/t.'...Q'Q‘ttQ.Q'.t'-'.‘it'-..‘.-'.."ttit"t'.i*t***'------..'.'.-t.."'.ﬁ'*ﬁ/

/* Sentence modifiers may occur at the beginning or at the end of a sentence */

/* or a verbphrase. They generally affect the meaning of the sentence by >/
/* specifying particular circumstances, time or manner constraints on the */
/* main clause. Thus, relative to the latter, they are subordinate clauses. */
/" : -/
/* Note: "modifiers" and "subordinate c¢lauses' are used as synonyms here. */

required_subordinate_clause=> subordinate_clause(RCM}., {RCM \== [}}.

subordinate_clause .=> [].
subordinate_clause => modif, rest_sub_cl.

. */
F% et ieiaiii e v e e raasestrasetannasnnanaassane et P
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/* The following rule

muint be followed by
/* a comma if i i

Tl |4
clause. Otherwise, it's opticenal.  *

)

rast_sub_<¢l => opr_comma, opt_real_coordinator, moedit, rost_usub ol
rest_sub_cl == [].

rest_sub_cl =»> comma.

rest_sub_c¢l => opt_comma.

/t.ﬁ.t.tﬁ.tt.tt...tt..-.‘.-‘-0-l'ﬁﬁttt'tt"".tqQQQ‘QQGQQQQ‘QQQQQQQQ‘.Q‘Qﬂl..n

modif => modif_phrase.

/* Major categories of subordinate clauses: adverbial and nominal clauses. ./
/* Others are sentential relative & comparative (see QUIRK, pp.l0d7+) . .
/* Note: sentential relative is syntactically similar to nominal relative i
/* clause {though semantically different}), thus, not included here, ol

/* For more details, see QUIRK p.ll18. On subordinators, see QUIRK, pp.U98+, 7

modif_phrase => comparative_subordinate.
modif_phrase => adverbial_subordinate.
modif_phrase => nominal_subordinate.

comparative_subordinate => comparative_clause.

adverbial_subordinate => adverbial_clause.
adverbial_subordinate => adv_group.
adverbial_subordinate => opt_subord_conj, required_prepphrases.

nominal_subordinate => opt_subord_conj, nominal_clause,
e v amanen Arranseasenan Cennessas s aanean P et v M

opt_subord_conj => conji{Sub_Conji., {\+ real_coordinator (Sub_Conjl ).
opt_subord_conj => adv{conji).
opt_subord_conj => [].

/Ot----.--.---..-tttﬂuqttt.t-t-lt'--'t.tttttn'titt'ttt-a.Qn-.on-tﬁntb-bant-b--/

adverbial_clause =>
(required_adverbs ;
{opt_subord_conj (Adv_or_Conj), {Adv_er_Conj \== nill}},
rest_adverbial_clause.

rest_adverbial_clause => nominal_clausze.
reszt_adverbial_clause => zentence_core_s.
rest_adverbial_clauce => past_participle_phrase.

adv_group => required_adverbs.
adv_group => compare_p_adv, (np_equiv :; sentence_core _s}.

compare_p_adv=> compar_degree_marker, adv_s, "than®.
compare_p_adv=> compar_degree _marker, adj, “than”.

/-o------.'-.t'tttht’---t-.tttﬁﬁ-tttttt..t'D-----p-ol-tttbtapb-n-plbtoth-h-b-,

/* Similar to 'sentence_core’ except that we do not allew cubordinate_clause */
/* or np_equiv of type 1 in order to avoid potential infinite left recursion. */

sentence_core_s => np_equiv, verbphrase{2, ... ).

/--ttt-'-ttwtttt.o'-----tt--tﬁ...--pp----c------.-ttbtb—ttrbtl--ltrﬂtttthbtb-bl

/* COMPARATIVE_CLAUSE (used by comparative_subordinate, compl_adj_phrase, v/
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I complement_tr, & rest_complement_tr_act_npl */
/" v/
/*® See QUIBK, pp.l127-. -/
/* 'THAN' comparison: ™ ... a much better student than your own brother." 7/

comparative_clause(comparative_clause__than{ . .=»
{prep : true). compar_degree_marker, compar_adj. (np_equiv ; true),
*than~, ({(sentence_core_g ; np_equiv).

/* 'AS-AS* comparison: * ... as intelligent as your own brother.* */
comparative_clauce({comparative_clause__as_as{ .3x
~as“, compar_degree_marker, {compar_adj : np_equiv), *as*,
{centence_core_s ; np_equiv ; required_adj_phrase}.

compar_degree_marker=>
*least® ; "less* ; "many" :; *more* ; "most® ; "much" ; "so" ; [].

compar_adj => adj_s.
compar_adj => adv_s.

/ttt...--.l..tl.-.t'*'.'*.ﬁ*'*'..'.--'-t".'.O‘."'t'O.ﬁ**Wt*'ﬁﬁt*it*ﬁﬁ*ﬁ"‘-.l

/* When an input is unrecognizable by the grammar or when it cannot be par- *~/
/* sed inside the alloted CPU time limit, the user can (option G in parsing */
/* options) ask DIPETT to reparse the input as 2 series of fragments. This -/
/* option is obvioulsy less desirable than a full (correct} parse but much ~/
/* more preferable to a completely unsuccessful parse. This appreoach teo */
/* *partial parsing" allows us to ensure, up to a <¢ertain point, that DIPETT */
/* will at least attempt To extracht partial "knowledge™ elements out of any */
/* well-formed input. This is, in a sense, a last resort parsing strategy. */

/* A3z is the case in ‘compli_sentence' above, an input may be parenthetical. =~/
last_resort_parsing (parenthetical (parse_tree__frag_series( .=z>»

parenthesis_o, frag_series, terminal, parenthesis_c.
last_resort_parsing (parse_tree__frag_series{ ... ==

frag_series, terminal.

frag_series =»> frag_element, frag_series.
frag_series => [].

frag_element => sentenge_core_s.
frag_element => verbphrase(2, ... ).
frag_element => sentence_frag.
frag_element => skipped_token.

/wwtvrwtQ'.t.o..'---t'.ttttttttttt'ttwttwwt'#tt-.'-..-'wc'-t'l"t--t'ttwt*#vttt/

j'4+++++++¢+++++++¢+¢++*++++++++++++++++++++++++¢+++¢+++++++++++¢++++++++++++'/
T EaErrRRIRRRRRRIRIIIIINIIBI>>S> DIPETT_8 <<<<CCCCiCaCCCCOCaCataCte<Catas™/
/‘¢++¢++¢+++++++++++++¢+++++++++++++++++++¢++++++++++++++++¢+++++++++++++++++‘/
/* NP and NP "equivalents® (i.e. substantival or nominal clauses). ~/
np_equiv => np_equiv_form.

/* The 2nd parameter specifies the allowed complexity, depending on the paxr- */
/* cular rule that calls upon np_equiv (and its syntactic context). */

b
np_ecuiv_form=> nominal_clause.

np_equiv_form=> nounphrase.
np_equiv_form=> special_function_word({frag).

/..'.t"it.ﬁ".‘..t.--‘-....".'."."'.'.‘-'t'ﬁ't"'l---'.--.t-"-t'.‘-'."'t'i*,
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nounphrase => either_or__np.
nounphrase => np_nucleus_and_mod. rest_np_nucleus.
/* EITHER/CR Nps. i
either_or_np( ... conj_nps{ ... =>

“either*, np_nucleus_and_mod, "or”, np_nucleus_and_mod.
/* NEITHER/NOR Nps. .
either_or_ npl ... coni_nps{ ... =x»

"neither”, np_nucleus_and_mod, “nor", np_nucleus_and_mod.

rest_np_nucleus{ ... conj_nps{ ..=>
parenthesis_o, conj_np. parenthesis_c.

rest_np_nucleus( ... conj_nps{ ..=>

conj_np.
resc_np_nucleus( ... == [].
e L hsetveereesneraarae e tadesessamataranaE e e “/
/™ Case (1) : NP {(',') COOR NP ... ~/
conj_np => opt_comma, real_coordinator_3, np_nucleus_and_mod. conj_np.
/* Case (2) : NP *," NP ... ./

conj_np => comma, np.nucleus_and_mod, conj_np.
coni_np => [].

/wti#".-'.tttttttthwtwtoontwowtt-tttt.tt.wtw*w.ﬁﬁ.t.t.t'-o‘-.aat.-at.'tﬁttqtl

nominal_clause =» either_or__nom_cl.
nominal_clause => nom_cl, rest_nom_cl.

/* EITHER/OR nominal clauses. ./
either_or__nom_cl{ ... conj_nom_cl{ ... => “either”, nom_cl, “or", non_cl.
/* NEITHER/NCR nominal clauszes. -/

either_or__nom_cl{ ... conj_nom_cl( ... => "neither”, nom _cl, "nor*, nom_cl.

rest_nom_cll ... conj nom_cl( ...=>
parenthesis_o, conj_nom_cl, parenthesis_c.

rest_nom_cl{ ... conj_nom_cl( ...=>
conj_nom_cl.

rest_nom_cl( ... => [].

U teenenesesnenannns Ceresssanasseennn s eeensacasaenranras .o
/* Case (1) : NP_subst (',') COOR NP_subst ... */
conj_nom_cl =

opt_comma, real_coordinater_2, nom_cl, conj_nom_cl.

/* Case (2) : NP_subszt ',' NP _subst ... ./
conj_nom_cl{ ... [p_asyndetic_conj_nom_cl( ... =>
comma, nom_cl, conj_nom _cl.

conj_nom_cl => (1.

I--tt.t.ttt#.wta‘wt'.ttttttti'.-Orlttttttttt.ttt'.c-.-.---t-totttoﬂo-tottttttt,

/* Following QUIRK, these are the four most common types of nominal clauzez. */

nom_cl => to_infinitive_clause(2, ... }.
nom_cl => ing_clause(2, ... }.

nom_cl => wh_interro_declarative_clause.
nom_cl => that_clause.

/w'D-'--.tttwtvo,-.tt-tttt-tt.."--ltttttttw.tt..r...ttotttat-t.l--btb-btobttt,

/* Ex: "TO COMPLETE THIS WORK IN TWO DAYS its definitely impossible.® ./
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/* Ex: "Tom would prefer FOR THE CHILDREN TO FINISH THEIR SOUP." 7/
vo_infinivive_clause! ... to_infinitive_clause( ..s>
simple_to_infinitive_clause.
to_infinitive_c¢lause( ... to_infinitive_clause( ..s>
interro_pron, cimple_to_infinitive_clause.
to_infinitive_clause{ ... to_infinitive clause( ..s>

~for®, np_equiv, simple_to_infinitive_clause.
cimple_to_infinitive_clause=> "to*, verb_clause.

,t......--I.-tttO'tOiﬁﬁ.I......'-l..‘.'-...ﬁ*'..."t"ti'ittttt.'ttt*tﬁﬁ*i“'*"/

/* Gerundive: when a verb in present participle form is used as a ncun. ~
/* Ex.l: "LAUGHING WITH FRIENDS makes you live longer.", ~/
/* Ex.2: *MY FORGETTING her name was very unfortunate,® */
/* See QUIRK, pp.l1063+ (including the genitive case -- see Ex.2 above). */

ing_clause( ... genitive_ing_clause{ ...=> ic_deter_pron, verb_clause.
ing_clause( ... ,ing_clause( ... => verb_clause.

ic_deter_pron=>
*her® ; “his* ; *its® ; "my" ; "our" ; "their" ; "your".

/lﬁtﬁ'.t*‘t*ﬁ...--ﬁ-.‘.t.ttt'**t't'ttﬁ.'t'*'ﬁ*****'*v*""*ﬁﬂﬁ*ﬁﬁ.*’**l’ﬂ."-."l

/* Note: covers the nominal relative clause {see QUIRK, pp.1244+). */

wh_interro_declarative_clausel
wh_interro_declarative_clause(wh_subj( .=>
there_must_be_a_wh_word, wh_i_d_clause.
wh_interro_declarative_clause(
wh_interre_declarative_clause( ... =
whether_if_clause.

there_must_be_a_wh_word => interrc_pron.

/."tttI-t....."t*ﬁt‘*i“t."".‘ﬂ.'-"-"-.‘-*..."&‘-‘-'""'.'*.i"tt***#“"’/

/* Ex: *I want to know WHAT TO EXPECT ... * */
wh_i_d_clauce=> interro_pron, simple_to_infinitive_clause.

/* Ex: "I want to know WHAT WAS DONE ... " */
wh_i_d_clause=» interro_pron, verbphrase.

/* Bx: *I want to know WHICH PEOPLE HAVE PRINTED THESE FILES." */
wh_i_d_clause => interro_pron, sentence_for_wh_i_d_clause.

/* Ex: * 1 want to know WHICH FILE YOU HAVE PRINTED." */
wh_i_d_clause=> (wh_word_of : true), np_ecquiv, sentence_for_wh_i_d_clause.

/* Ex: "I want to know WHAT YOU HAVE DONE." */
wh_i_d_clause=> (wh_word_of ; true), sentence_core_s.

- ',
f et i iitereisessssessensssnansenennanannsnans Gt ssesesserrs e st e s

sentonce_for_wh_i_d_clause =>

np_equiv, verbphrase(2, ... , referring np(...)).
wh_word_of =» interro_pron, ("of" ; true).

I...-i‘--.‘."-.i'"C..""i.-'.'.t""'"'."*"'*'twi"ﬁﬁt*.ﬁ*’****"""”"ﬁ"‘/

/* This clause is also called the "ves-no" {interrcgative} clause: for more */
/* details, see QUIRK, pp. 1053+. "

/* Ex: "I don't know WHETHER TO SEE MY DOCTOR TODAY." */
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whether_if_clause(whether_if_clause( ...=>
*whether®, opt_or_not. simple_to_infinitive_clause, opt_cr_not.
/* Ex: *It's not ¢lear to me IF SHE LIKES THE PRESENT. " b

=

whether_if_clause({whether_ if_clause( ...=?
*if*, sentence_core_s, Opt_or_not.

/* Ex: "It's not clear to me WHETHER SHE LIKES THE PRESENT." .
whether_if clausei{whether_if_clause{ ...=>
"whether®, opt_or_not, sentence_core_s, oOpt_or_not.

opt_or_not => "Qor not".
opt_or_not == (1.

/t'*tttttt.'ﬁti.t'tt*tt**t*wti&t‘*...ti*tﬁ*'.‘ﬁ..QQ‘i‘i'i"ii'l‘i.i..it.'lt'!‘f
/* The 2nd rule handles the case in which "that" is optional, that is when */

/* this clause functions as a complement: "I hope (THAT) HE ARRIVES SOON."; */
/* see QUIRK, pp.l179%9+. Unfortunately, the 2nd rule tends to overgeneralize. */

that_clause(that_clause( ... => "that", sentence_core_s.
that_clause(that_clause{ ... => ("that* ; true}, sentence_core_s.

/***ﬁ*"t**'***"'ﬂ‘*"'.'tﬁt't-t-‘ﬁ't‘*tﬁﬁt*'tiﬁﬁﬂiﬁ.Qt.i..i.‘..t...ﬂ..‘..t../

/™ The nounphrase is a common noun, a proper noun, or one of its equivalent */
/* forms {see nucleus_equiv below), potentially followed by a modificr., Noti-*/
/* ce that several of these equiv. can also behave as noun equivalents, see 4/

/* details in noungp_head. ./
/* See QUIRK, chap.& ("Nouns and determiners*) & 17 (*The noun phraze*). ./
™ v/
/* Nounphrase postmodifiers are allowed only if NPPM == 1 (not if NPPM == 0).*/
/* For the ‘proper noun' special case, NPPM == 2 (gee details in np_nucleus).*/

np_nucleus_and_mod => np_nucleus.

/ﬁitt'*t'***wtwnt****ﬁ*-ﬂ‘ﬁ-ii"*-tti.t'ittttttﬁ#itwti.t.bi.ﬁ.tt.t.t.t.il..l..,
/* The first parameter indicates whether the nounphrase (nucleus) can be fol-*/
/* lowed by a modifier (e.g. a relative clause): 0 means ‘no’, and 1 “yes*; */
/* 2 means “only those of the pre-verbal position (pre_v)". -/

/* COMMON NOUN Ny,
np_nucleus{l,encity{ ..=>
{true ; adv_s), determinatives, rest_common_noun_np.

/* GENITIVE (with implicit ellipzis) */
np_nucleus{0,enticy{ ..=>

genitive.
/* EQUIVALENT FORM 7/

np_nucleus{0,encity{ ..=>
(true ; adv_s), nucleus_equiv,

/* PROPER NOUN */
np_nucleus{2,enticy( ..=>
adj_phrase, propernoun.

/* ADJECTIVE SUBSTANTIVE CLAUSE *7
np_nucleus(l, ... =
adj_substantive_clause.

/' T e R e ot e e L A R L L R L L L L L B L L DL b L L ol bl b b b b ot kb b bk b b b b b b ¥

/* EQUIV: PERSONAL PRONOUN */
nucleus_equiviref(pers_pron( ... = partiv_pron, pers_pron.
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nucleus equiviref (pers_pzonl ... =>» pers_pron.

/* EQUIV: POSSESSIVE PRONOUN .y
nucleus_equivi{ref{poss_pron{ ... => partiv_pron, poss_pron.
nucleus_equiviref(poss_pron( ... => poss_pron.

/* EQUIV: INDEFINITE PRONOUN A\
nucleus_equiv{ref (pron{ ... =

proen(P), not_followed_by_or_more(P}, not_followed by_a_np.

/* EQUIV: QUANTIFIER */
nucleus_equiviref {quanc{ ... => ¢quant, not_followed by_a_np.

/* EQUIV: NUMBER (GENERAL) -/
nucleus_equiviref{ ... => number_gen.

/* EQUIV: REFLEXIVE PRONOUN */
nucleus_equiviref{reflex_pron{ ... => reflex_pron.

/* EQUIV: CHARACTER */
nucleus_equiviref({ ... =»> noun{character, ... ).

/* EQUIV: STRING */
nucleus_equiv(ref({ ... => noun{string, ... ).

/* EQUIV: QUIZ TOKEN */
nucleus_equiv(ref (quiz_token( ... => quiz_token.

/* EQUIV: REFERENCE OR VARIABLE */
nucleus_equivi{ref({ref__or__var{ ... =>» ref_ _or_var.

/* EQUIV: DATE *7/
nucleus_equivi{ref{ ... => date_form.

/* EQUIV: SPECIAL NUMBER >/
nucleus_equiviref (number_special( ...=> number_special.

/* EQUIV: DOLLARS */
nucleus_equiviref(dollars( ... =>» dollars, "or more".
nucleus_equivi{ref{dollars( ... => dollars, "or less",
nucleus_equivi{ref{dellars( ... => dollars.

/* EQUIV: PERCENTAGE *f
nucleus_equiviref (percentage( ... =» percentage.

I oo, Merecesasessaseesenneanesanasannennan Cemmresrtecenerrtraanssannansnn */
/* Disambiguating ‘one’: indefinite pronoun vs cardinal. */
not_£followed_by_or_more(P) => P \== one, 1!.

not_followed_by_or_more({one) => “or more", !, fail.
not_followed_by_or_more{one) => “or less*, !, fail.

not_followed_by_or_more{one).

/."ﬁ*itii-.*'t'tit"'-t*ﬁ'l*l'*'****"'*'**I""t"‘*.'.“***'ittt't'*ttt'it**'ﬁ**/

rest_common_noun_np =>
adj_phrase, (noun_subst ; noungp_head).

/* ADJ & NOUN are enclosed in double quotes (e.g. "supporting person®); */
/* see note on double_guotes vs ‘string' in verb__in_double_cuotes_or_not. */
/* Notation (string): _b stands for beginining) and _e stands for end({ing). */
rest_common_noun_np( ... ., string_b({...}, string e({ .=>

double_cquotes, adj_phrase, [(noun_subst ; noungp_head), double_guotes.
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noun_subst =~ ("that" ; "the" ; °"this"), "one-",
noun_subst =» (*the* ; *"these" ; "those"), “cnes".

/"""'i't'.'."'.'-'.'.*.I‘.‘.‘-*.""“.'-""."..‘-..'..Q‘ilﬁ‘.l.Q‘.‘.‘ﬁ.ﬁ."
/* Covers the special case where an adjective is used as a noun, ./

’

/* Ex: *THE EXTREMELY POOR has great difficulty ...- ./

adj_substantive_clause{entity({ ..=>
determinatives, (true ; adv_s}, adj_subst, not_followed_by_a_np.

adj_subst => adj.
adi_subst => double_cquotes, adj., double_cuotes.

/ﬁ"""W"'*******"“'.*"""*.‘t"-iﬁ-ﬁ'.'*'-**ﬂ*ﬁﬁ'i.t.*tﬁ.IQ...‘.-‘.i‘...‘t“.’

partiv_pron => partitive_predeter_partiv_pron. % e.g. ALL OF us
partiv_pron => partitive_deter_partiv_pron. % e.g. EACH OF us
partiv_pron => closed_postdeter_partiv_pren. % e.g. ONE OF us

partitive_predeter_partiv_pron{partitive_predeter( ... => predeter, “onc of*.
partitive_predeter_partiv_pron(partitive_predeter( ... => predeter, “of".

tesemtesnsErtesransrartaasa st a e 7
partitive_deter_partiv_pron(partitive_deter( ..=> deter, "one of".
partitive_deter_partiv_pron(partitive_deter( ..=> deter, “of*,

F AR fetctessasantsatersranat ettt At et e Y 4

/* See below (in opt_postdeter) for definitions of postdeter_gp & postdeter. */
closed_postdeter_partiv_pronipartitive_postdeter{ sz.

postdeter_gp, part_of_ partiv_pron.
closed_postdeter_partiv_pron{partitive_postdeter( sx.

postdeter, part_of_partiv_pron.

part_of_partiv_pron => "or more of" ; "or less of".
part_of_partiv_pron => "of*.

/*'ﬂ*’**."-‘ﬁii"-.ti***'***"-ﬂ"ﬁ*"--‘*i"'i'.-tﬁﬁ't**.'t*‘.‘iﬁ.i..'-.tﬁ'..tt‘/

/* Ex: "seven®, "seven or more® ] L)
number_gen{card_num{ ..=> card_num, ("or more* ; "or less"}.
number_gen (card_num( ..=> card_num, not_the_one_pronoun.

/* Ex: 5", "5 or more" Y,
number_gen{num( ... => number, (true ; “or more" ; "or less").
/* Bx: *{2)*, "(2 or more)" ./

number_gen{parenthetical_num( ...=>
parenthesis_o, number, {true ; "or more" ; "or less"}, parenthesis_c.

/* Ex: "1(c) (iii)". Note: ‘parenthetical_sub_num' deals with “sub-numeral” ./
/* (letter) numbering: Ex: '{(a)' in "37(a)". ~/
number_gen(composite_num{ ... => number, parenthetigal_sub_num.

/ﬂ**'**'*'ﬁ'.ﬁti'"it"t'f""i.i'"‘.t't‘i'.t*t#t.ﬁ.t.".'".‘.t'.t'i.ﬁtit’..-b/

/* Standard abbreviated format as recognized by the scanner '
ad : “"hApril 30, 1%91- .t
/* Ex: *April 30" ./
/* Ex: "April 1991* */

date_form{dare{ ... => date.
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FARAARE AN AR AR AA ARSIl Al Al il Al lldll sl Al il il bl Al sl il ltd )

/* Noun phraze postmodifiers are clauses that are attached to a noun phrase. */

/* Warning: some clauses (especially PPs) may in fact beleong to a VP: ~/
/* only semantic K or user interaction will allow complete disambiguation. >/
/* See QUIRK, chap.l7 {"The noun phrase"} and, in particular, 17.9-50. -/

np_postmodifiers( ... np_postmodifiers( ...=> np_postmodif.

/* Note: the definition of rel_clause covers the 3 cases where a ing_clause, */
/* a to_infinitive_clause, or a past part. phrase acts as a relative clause. */
np_postmodif rel_clause.

1
v

np_postmodif => appositive.

np_postmodif => restricted_comparison.

np_postmodif => required_prepphrases.

/* Recognizes a restricted case of comparison: "... a bigger car THAN THAT." */

restricted_comparison{restricted_comparative_clause__than{ .sx
*than*, np_equiv.

f.**Dtﬁ.'*..t-'.-‘."'.tt.'.i-ﬁi"ﬁ‘.i’"".'t‘.*ﬁ*ﬁ******“*"t""'.*""****‘*I

/* Missing subject (last parameter): M_el = missing element (referring NP). */

/* Typical case ({1). */
/* Ex: "He always reads the letters THAT APPEAR IN THE LOCAL JOURNMNAL." */
rel_clause{ ... rel_clause{rel_marker( .sx»

rel_marker, verbphrase(2, ... ).
/* The case where the preposition is deferred (*dangling" preposition). */
/* Ex: "The man WHOM I GAVE IT TO." \ ¥}
rel_clause{ ... rel_clause(rel_marker( ... =>

rel_marker, np_equiv, verbphrase(2, ... ).
/* The case where a preposition precedes the relative marker. */
/* Ex: "The man TO WHOM I GAVE IT." ~/

rel_clause( ... rel_clause(rel_marker( ... =>
prep, rel_marker, (np_equiv ; true),

verbphrase(2, ... , referring np( ... )).
/* A -ing clause as a relative clause: "An architect HAVING LUNCH." */
rel_clause( ... rel_clause(rel _marker{ ... =>

verb_clause(2 ... }.

/* A past participle phrase as a relative clause: "A report WRITTEN BY TOM." */
rel_clause{ ... rel_clause{rel_marker{nil}, ... =>
past_participle_phrase.

/* Nonfinite relative clause (l): "A cause FOR WHICH TO DIE." */
rel_clause{ ... rel_clause(rel_marker{ ... =>
prep, rel_marker, "to*, verb_clause(2, ... ).

/* Typical case (2): the relative clause is introduced by a relative marker. */

/* Ex: "He always reads the letters (WHICH) SHE WRITES TO HIM.* */
rel_clause( ... rel_clause(rel_marker( ... =>

{{prep. rel_marker) : rel_marker), np_equiv, verbphrase(2, ... ).
/* Nonfinite relative clause (2}: "A cause FOR YOU TO SUPPORT." */

rel_clause( ... rel_clause{p_rel_marker(for), .=x
~for*, np_equiv, *to", verb_clause(2, ... ).

f‘t'ttwtt't*01*‘Q'--'Q.Q"Qﬁ'"ﬁ*ﬂ'"*“'**"*l**lQ"'*"'*‘**Q'Q*'***'*ﬁ-".'i,
c s
past_participle_phrase =>

real_pass_rel_clause_test, % making sure it really is such a clause.
verb_clause({2,_,passive, ... ).
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/* This rule recognices appositives: linguistic units, moestly noun phrases,
/* which are identical in reference: seo QUIRK, chap.l7 (17.6%-93), A
/* General case: it requires correlative markers. .
appositive =>

app_correlative_marks_oi(N), apposition_core, app_correlative_marks_ci(N).

/* Two cases that do neot require correlative markers, b
appositive => propernoun.

appositive => whether_if_clause.

/* Special case (l}: special characters (e.g. "che ampersand symbol (&)*). */

appositive =>
parenthesis_o, special_char_seq, parenthesis_c.

/* Special case (2): QUIZ command (e.g. "the item subtotal (SUBTOTAL)*}. 7
appositive =>
parenthesis_o, quiz_token, parenthesis_c.

app_correlative_marks_o(l) => comma,
app_correlative_marks_o(2) => dashes.
app_correlative_marks_o(3) => parenthesis_o.
app_correlative_marks_c(l) => comma.
app_correlative_marks_ci(l) => end_of_sentence_marker.
app_correlative_marks_c(2) => dashes.
app_correlative_marks_c{2) => end_of_sentence_marker,
app_correlative_marks_c(3) => parenthesis_c.
e Ceeesens v
apposition_core => explicit_app_ind, opt_comma, apposition_group.
apposition_core => apposition_group, opt_comma, explicit_app_ind.
apposition_core => required_adverbs, apposition_group.
apposition_core =» apposition_group(AG,Num).
apposition_core =>

explicit_app_ind(EAI},

{{EAI == for_example ; EAI == for_instance ;

EAI == in_cother_words ; EAI == in_particular}}.
/* Ex: "Jones, THE DISTINGUISHED ART CRITIC., died in his sleep last night.”  */
apposition_group => np_equiv.

/* Ex: "My friend ANNA was here last night.® =/
apposition_group => propernoun.

/* Ex: "His explanation, THAT HE COULDN'T SEE THE CAR, is unzatisfactory.*® ./
apposition_group => nominal_clause.

/" Ex: "The question WHETHER TO CONFESS OR NOT troubled the girl.* */
apposition_group => whether_if_clause.

T T T R e e L e A LTI L LTS S L 4

explicit_app_ind (EAI}
explicit_app_ind(EAI)
explicitc_app_ind{for_example)

v

adv (BRI, Type). {Type == appl.
{det{_:EAI/_._}). {appos_indicator(EAIL)}.
idiomatic_cat(for_example,_,_._).

¥

N
v

explicitc_app_ind(for_instance) > idiomatic_cat{for_instance,_,_._).
explicit_app_ind(in_other_woxds) =:» idiomatic_cat{in_other_words,_._._ ).
explicit_app_ind(in_particular) > idiomatic_cat(in_particular,_,._,_).
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cxplicit_app_ind{such_as) =»> idiomatic_cat{such_as, ).

—

explicit_app_ind(that_ic_rto_say) = idiomatic_cat{that_is_to_say,._,_._).

explicit_app_indithat_ic) => idiomatic_cat{that_is,_._,_}.

appos_indicator{'e.g."').
appos_indicater(‘i.e.').
appos_indicator{and}.
appos_indicator (chiefly) .
appos_indicator (eg).
appoz_indicator (escpecially).
appos_indicator (for_example) .
appos_indicater (for_instance).
appos_indicator(ie).
appoc_indicator (in_other_words}.
appos_indicator (in_particular).
appos_indicatoer (included).
appos_indicator (including).
appos_indicator {(mainly).
appos_indicator {mostly).
appos_indicator (namely).
appos_indicator {notably).
appos_indicator {of).
appos_indicator{or).
appos_indicator (particularly).
appos_indicator (say) .
appos_indicator (simply) .
appos_indicator{such_as}.
appos_indicator (technically).
appos_indicator{that_is).
appos_indicator{that_is_to_say).
appos_indicator{viz).

B.3: A Simplified Prolog Description of DIPETT s Grammar

/'tﬁﬁt*ii.t*i.-t.‘ﬁ--*t-'i'tﬁ.ttt.t't'tttt*t'w*'ﬁit-tt*ﬁ’*‘."*i“'.""""t.ti/

required_prepphrases=> prepphrases(RPPS, ... ), (RPPS \== []}.

prepphrases => either_or__pp ; (prepphrase, rest_prepphrase).
prepphrases  =»> [].

/* EITHER/OR PPs,
cither_or_pp(lconj_pps{either_or, ..s>
*either®, prepphrase,*or", prepphrase.

/* NEITHER/NOR PPs.
either_or___pp(lconj_ppsineither_nor, ...=>
*neither*, prepphrase, “nor*, prepphrase.

rest_prepphrases{ ... [PP,parenthetical({conj_pps( =x>.
parenthesis_o, conj_pp. parenthesis_c.

rest_prepphrases( ... [conj_pps( ... =>
conj_prp.

rest_prepphrases =» [].

-
i St lesusasesensnensnas et ssanst et e s ansann s

/* On the N parameter, see remarks in dipett_6 (conj_vp predicate).
/* Case (1) : PP (','} COOR PP ...
coni_pp =

opt_comma, real_coordinator_3, prepphrase, coni_pp.

/* Case (2) : PP (*,') PP ...
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conj_pp{ ... [p_asyndetic_conj_ppe>
opt_comma, prepphrase, conj_pp.

conj_pp ==
{1.

IARAALARARE AR R R AR R el AL ALl R A R R D]

prepphrase => prepphrase_core.

v

prepphrase_core required_adverbs, prep_pp. np_tor_pp.

prepphrase_core => prep_pp. np_for_pp.

prepphrase_core =» prep_pp., required_adverbs.

prep_pplconi_preps{ ...=> prep, real_coordinator_3, prep, opt_colon,
prep_pp =» prep, opt_colon.

np_for_pp => nominal_clause{wh_interro_declarative_clause, ... ).

np_£for_pp => nominal_clause{ing_clause, ... ).
np_for_pp => np_equiv.

/-*.-*'i“'"'ﬁwﬁ*#**t*...-.'t.tt't*tttﬁﬁ*.tﬁt.*..‘.t..ﬂitl.i.‘.ﬁ..it.t.nt...l./
/* Determiners, including pre- & post-determiners. Sce QUIRK, pp.253+. b4
determinatives (determinatives (predeter (PRE} ,deter (D), postdoter (POST))

=>

opt_predeter(PRE, ... }, opt_deter(D, ... ), opt_postdcter(POST, ... ).

/tﬁw.*w‘tﬁttttt-tttttwtittf.t"!-t-tttttwo*tatwnqaﬁotttt.tt-tq..tn-o-....n-o-i,

opt_predeter => predeter_whole.
opt_predeter => predeter, rest_bpredeter.
opt_predeter => compare_p_np.
opt_predeter => [].

predeter_whole => "a whole".

predeter_whole => "the whole".

rest_predeter=> "of".
rest_predeter=> [].

/* Recognizes "less than a ... ", "more than eone®, "fewer than 100", «tc. ~/
compare_p_np{np_intensifier_ _than( ..z> adv, "than-".
compare_p_np (np_intensifier__than( ..s> adj(comp), "than".

/-."-‘I""**"W"**'I'-"'-.ﬁ'*."F’i’tﬁ“ﬂ'ﬁ‘P--l.b.ltt.-'.tﬁﬁt‘ﬁﬁi...b.lhbll.’/

opt_deter => partitive_deter.
opt_deter => deter.
opt_deter =» [].

partitive_deter{partitive_deter( ...

> deter, *one of", deter.
partitive_deter (partitive_deter{ ... => d

eter, "of", deter.

I-""‘i'-'*'**ﬁﬂ’-"""'.f.*f‘ﬁﬁ"’.'ﬂ-'ﬁ-it'*’.-tbtibt.t..’ﬂ.-tb’t'ht’ﬁﬁ..lb/

opt_postdeter => poss_ng, restl_postdeter.
opt_postdeter => closed_postdeter, rest2_postdeter.
opt_postdeter => open_class_guant.

opt_postdeter=:> [].

poss_ng =» genitive.
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restl_postdeter( ... genitive( .. =» closed_postdeter.
(L

restl_poctdeter( ... genitivel .. 2> [].

rect2_postdeter( ... genitivel ..=> poss_ng.
rest2_postdeter{ ... => (1.

FE R kL L T R bt i LT R T g
cloced_postdeter =» (postdeter_gp : postdeter), rest3_postdeter.
postdeter_gplord_and_card({ ...=> ord_num, card_num_c.
card_num_c{conj_card_nums{ ...=>

number_gen, real_coordinator_3, number_gen.

card_num_c{ =>
number_gen.

postdeter{card( ... => adv_or_adj_post, card_num_c.

postdeter{card{ ... => card_num_c.

postdeter{ord( ... => adv_or_adj_post, ord_num,

postdeter{ord( ... => ord_num.

postdeter {quant{ ...=> quant.

/* An adverb or an adjective used as an adverb (see QUIRK, pp.405+). */

adv_or_adj_post => adv_z.
adv_or_adj_post => adj_s(Deg), {Deg \== comp, Deg \== sup}. %

adj_s{ ... } => adj(A)., \+ prep(A).

rostl_postdeter( ... closed( ... => part_of.
resti_postdeter( ... ¢losed{ ... => [].

part_of (PO) =>
"or*, {({*more* ; "less®) :; {(adj_s(Deg), {Deg \== supl) : adv_s},
"of*, rest_part_of.

part_of(lof, ... => "of*, deter,

part_of => "of".

rest_part_of =»> deter.
rest_part_of => [l.

open_class_cquant (open_quant (lots_of ... => "lots of*.
open_class_quant (open_quant (plenty_of ..z> "plenty of~.

,t*t‘**itiit*...*Qﬁ""ﬁ.‘*ti-"""'.""""“'"*"**t**"i’*'**'ﬁ'*ﬂ**'*'*ﬂ*****"'/

/* Neote: we also cover the case where and adverb is used as an adjective; */
/* see QUIRK, chap.7 ("Adjectives and adverbs*") and pp.405+. */

required_adj_phrase => adj_phrase({Adj_P)}, {Adj_P \=s= [1}.

adj_phrase =» adj_equiv, rest_adj_phrase.
adj_phrase = [].

rest_adj_phrase( ... , [attrs{adj( ..=>

opt_comma, opt_real_coordinator, adj_equiv, rest_adj_phrase.
rest_adj_phrase = [].
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adj_equiv => adi_s.

adj_equiv => double_cguotes, adj_s, double_gquotes,
adj_ecquiv => past_part.

adj_equiv => pres_part.

adj_equiv => adv_s.

adj_equiv => double_guetes, adv_s, double_quotes.

past_part => verb in double_quotes_oxr _notiperf, ... ).

pres_part => verb__in_double_quotes_or_not{progr, ... }.
/* In ordexr to reduce lexical ambiguity, we discard "false™ adverbs. ./
/* ##note##: this may be a bit too restrictive ... .

adv_s => adv(a), \+ conj(A}, \+ prepli).

/*t***'**'*ﬁt***Q*ﬁ*tﬁ'*'W.-l"..'.-.i.'-.t..‘..t.‘.l..Qt.t.il!‘!!...t!‘t&.b“/

/* The head of a noun group is a noun that may be preceded by pre-moditicrs */

/* and potentially followed by a post-modifier: see QUIRK, pp.lLll38+, ./
/* On 'string': see verb__in_double_quotes_or_not and np_nucleus. ./
/* Noun gp. string type (1l): “pre-modif noun post-modif" ./

noungp_head{ ... string(noun{ ... . noun_modifiers( ... =
double_quotes, noun_pre_modifiers, noun, noun_post_modifier, double_quotes.

/* Noun gp. string type (2}: "pre-modif noun* post-modif */
noungp_head{ ... noun(string_el ... ., noun_medifiers{string_bl =>

e

double_cuotes, noun_pre_modifiers, noun, double_gquotes, noun_post_modificr
/* Noun gp. string type {3)}: pre-modif "noun post-modif* */
noungp_head({ ... noun(string_b( ... ., noun_modificrs( ... =

noun_pre_modifiers, double_guotes, noun, noun_post_modifior, doublL_qUOt"".

noungp_head( ... noun{ ... noun_modifiers( ... ax
noun_pre_modifiers, noun, noun_post_modifier.

f""i""*'-*w'*ﬁﬁiU*'-P*'-i.t'tﬁ.i"ttiw****t*ﬁt.itt.t..i.tl..btl...‘t..tﬁhb/

/* All nouns preceding the head noun are called "pre-modifiers-. s/
/" Compound nouns can be constructed from: */
/™ i) verb + noun (ex: swimming-poel, shooting star} [verb: -inglinf] */
/i ii} noun + verb (ex: birth-control) [verb: -ineg] */
/™ iii) noun + noun (ex: motor-cycle, love story). ~/
/* The pre-modifiers cover cases i and iii when dashes are not neecded; ./
/* otherwise, it's a compound and treated as a single-token word. +/
/™ ./
/* On NP pre-modification in general, see QUIRK, chap.l7 ({17.94-120). */

noun_pre_modifiers =»
{(noun_pre_modif ; properncun ; {noun, not_folleowed_by_ing_word)).
rest_noun_pre modifiers.

noun_pre_modifiers => [].

not_followed_by_ing_words> ing_word{(I), verb(_._._,_.I._). !, tail.
not_followed_by_ing_worc> !,

"
/¥ i ieesriasn e it i e s

rest_noun_pre_modifiers =>
opt_real_coordinator, .
{noun_pre_modif ; propernoun ; (noun, not_followed by _ing_word)),
rest_noun_pre_modifiers.

rest_noun_pre_modifiers=> [].
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noun_pre_modif (quiz_token{ ...=» quic_token.
noun_pre_modif({ref  or__wvar{ ... =» ref__or__wvar.
noun _pre_modif =» date_£form.
noun_pre_moedif (number_special( .. =» number_special.
noun_pre_modif{dollarst ... =» dollars.
noun_pre_modif (parcentage! .. .=> percentage.

/tto-t--pt—-tttt-t-tttt-t--.ﬁ..-.tt-tt-w-‘tt-t*oot-oﬁut.-ot.c-*tt..-oc.-t'.-'-/

noun => countnoun.

noun = double_quotes, countnoun, double_gquotes.

noun =»> massnoun.

noun => double_gquotes, massnoun, double_gquotes.

noun{ ... ing_noun{ ... =>
varb_clause(2, ... [progrl, ... ).

noun{ ... double_quotes{ing_noun( ...=>

double_quotes, verb_clausze(2, ... [progrl, ... )}, double_quotes,

/% e ~~m===== NOUN EQUIVALENTS OR SUBSTITUTES ~-- ./
noun > quiz_token.
noun > gpecial_function_word{Type). {(Type == frag}.

i a9
v

noun double_quotes, special_char_seq, doublc_guotes.
noun > atomic_character.
noun > double_guotes, get_string_tokens.

/ttt.tttontt.wt—tttﬁttttrtt---Dtt..'.-.o-tt-.t-t----tt-t--t----ttt-t.titt-wttw/

noun_post_modifier => number_gen.
noun_post_modifier => quiz_token.
noun_post_modifier =» ref__or__var.
noun_post_modifier => date_form.
noun_post_medifier => number_special.
noun_post_modifier => dollars.
noun_post_modifier => percentage.
noun_post_modifier => [].

,i..‘t"tttttf.*ﬁt"t'*‘**l"‘QQﬁ"ﬁ"""".'..".--'."t'i.'.tt""'it*wtﬁ""'/

/* Un adjectif peut aveoir un complement qui est l'un des & groupes suivants: */

/1) un groupe prepositionnel (prepositional phrase) */
/* ii) une proposition substantive introduite par ‘that' (that clause) */
/* iii) une substantive avec un verbe a l'infinitif (to-infinitive clause)} ~/
/* iv) une substantive avec un verbe en -ing (nominal -ing clause) -/
FAR'S une question indirecte (see wh_interro_declarative_clause ahove) >/
/* vi) une proposition substantive introduite par ‘'than' (than clause). */
/" *7

/* Voir QUIRK, chap.l6 ("Complementation of verbs and adjectives"}; pp-1220+."/
compl_adj_phrase => comparative_clause.

compl_adj_phrase{attrs_compl( ...=>
required_adj_phrase, rest_compl_adj_phrase.

compl_adi_phrase(attrs_compl( ...=> required_adverbs.

compl_adi_phrase(attrs_compl{ ...=> adj_complement.

rest_compl_adj_phrase => adj_complement.
rest_compl_adj_phrase => [].
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adj_complement => required_prepphrases.

adj_complement => nominal_clavse(that_clause, ... V.

adj_complement =» nominal_clause(to_infinitive_clause, ... Y.
adj_complement => nominal_clause(ing clause, ... ).

adj_complement => nominal_clause(wh_interro_declarative_clause, ... Y.
adj_complement (nonfinite_rel_clause_equiv( ... =>

=for*., np_equiv, simple_to_infinitive_c¢lause,
/."t'*ﬁ’t.ﬁﬁ.*t.'..'.....QI."'..-th"t.".'t“t.ﬂ..QI-i........‘t...t.l.l.. v
required_adverbs => adverbs(Advs), {advs \== [1}.

adverbs => {adv_s ; adv_not_s). rest_adverbs.
adverbs => [].

rest_adverbs =>

opt_comma, opt_real_coordinator, (adv_s : adv_not_s)., rest_adverbs.
rest_adverbhs => [].
adv_not_s => adv{A), (conj{A} : prep(A)).

/* GAARARARAGAAAAARAGGARARARARARAGARAARAAAAGACAIAAAANLAFARARRAAAANARANAIAARARN =/

/* Punctuation and a few special characters used throughout the paraser. L)
opt_pause => pause.

opt_pause => [].

pause => colon : comma : dashes ; semi_colon.
opt_colon => ¢olon.

opt_colon = [].

opt_comma =>» comma.

opL_comma => [].

colon => "t

comma == ",".

dashes =»> fe=t,

semi_colon => ";*.
double_guotes => “"",

parenthesis_o => *(".
parenthesis_c => "}".

question_mark => "?*.

lttt"tvrttio----.-.tt.tttttt-p------tttttttttt.o---o-tbc-btttbtl.oot--.-nbt-.-ol

/* On tags, see QUIRK, pp.%83-4. ./

rerminal (end_of_input( ... => opt_coma, tag_coor, end_of_sentencoe_marker.
terminal (end_of_input{ ... =» end_of_sentence_marker.

tag_coor => tag_coordinator.

tag_coordinator(and_so_forth).
tag_coordinator (and_so_on) .
tag_coordinator (and_so_on_and_so_forth).
tag_coordinator{and_the_like}.
tag_coordinator(ete).
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tag_cnordinator{land, zo, forth],and_zo_forth).
tag_conrdinator({[and,se,on,and, co, forth]l . and_so_on_and_so_forth).
tag_coordinatori[and,so,on) .and_so_on) .

tag_coordinator(fand, the,like] ,and_the_like) .

2P Chs i s eras et “«/
wnd_of_sentence_marker (period) => ",
ond_of_sentence _marker{ellipsis) => ...t

end_of_sentence marker{exclamation_mark)=> *!=,

I.t.t..-.ot.o.on-o-c.-----.t.-t-..tt.ttw-t-t.-*-t--t---ﬁ.--*t.-qa.oitﬁtt.-----/

opt_negation => “not*.
opt_negation => [].

opt_advs_negation=> opt_negation, adverbs.
opt_advs_negatior=> adverbs(Advs), {Advs \== [not]}., opt_negation.

I...-.-.--.-tt.ttt'twttbttt-to.too.-oo.------tot-t-tt.-..t.t.tto-t-ttttottwtwt/

opt_particle => [].
opt_partiecle => required_adverbs, adv_particle.
opt_particle => adv_particle(Pax),

j.-..Q-QQ--l-o-t-o-tt.tttotw.wtt-wttwﬁtttﬁtti.tttt.u"..-.-w.--.--o-w-..--ttbt,

opt_real_coordinator=> real_coordinator_3.
opt_real_coordinator=> [1.

real_coordinator_3 => real_coordinator.

/q-a-..---.-.o-.o.-.o--.-----tt-'t-.t-ot--t-ottt-twwwtwtwwtw.twtwtw*wtwtit---!/

323



Appendix C: Parsing Statistics for the QUIZ Manual™®

Since we wanted to study the influence of parsing time on the parser’s performance,
the following statistics were computed for five different CPU time limits, t.c. 30, 60, 90,
120, and 300 seconds, on a SPARC-2 workstation. For all inputs. DIPETT first attempted
to get a full analysis in the allotted time: if it failed to do so, it would then attempt to find
a fragmentary analysis (se¢ 3.4.4.2). still with the same time limit. Results are discusszd
in section 3.6.4.

HAPTER 1
Chapter 1: 171 units 30 sec. | 60 sec. | 90 see. | 2 min. | S min.
(1) #units fully analyzed 87 89 8% 90 9l
(2) #units stopped by the CPU time limit,
before success or failure 53 50 49 46 43
(3) #units rejected, i.e. extra-grammatical ] 31 32 33 35 37
(4) percent of units fully analyzed 50.9% | 52.0% |} 52.0% | 52.6% |53.2%

(5) #units analyzed by fragments: from (2)
+(3) 58 61 66 65 66

(6) #units stopped by the CPU time limit
(before success or failure): from (5) 24 20 15 15 14

(7) #units rejected, i.e. extra-grammatical:
from (5) 2 1 ! 1 l

(8) percent of units analyzed by fragments:
from {5} 69.0% | 74.4% |80.5% |80.2% }81.5%

(9) #units analyzed, either fully or by
fragments 145 150 155 155 157

(10) percent of units analyzed, either fully
or by fragments 84.8% | 87.7% |90.6% |90.6% |91.8%

* Je remercie Caroline Paquet, une finissante au Baccalauréat en Informatique & I'Université du Québec
Trois-Riviares, qui a effectué d’innombrables tests sur DIPETT et colligé de nombreuses observations sur
les résuitats. De plus, elle a calculé la plupart des statistiques qui apparaissent dans cette annexe ct qui
sont tirées du chapitre 2 de [Paguet 93],
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HAPTER 2
Chapter 2: 100 units 30 sec. | 60 sec. | 90 sec. | 2 min. | 5 min.
(1) #units fully analyzed 41 42 43 43 44
(2) #units stopped by the CPU time limit,
before success or failure 32 31 29 26 23
(3) #units rejected, i.c. extra-grammatical | 27 27 28 31 33
(4) percent of units fully analyzed 41.0% |42.0% |43.0% |43.0% |44.0%

(5) #units analyzed by fragments: from (2)
+(3) 50 53 52 52 51

(6) #units stopped by the CPU time limit
(before success or failure): from (5) 9 5 5 5 5

(7) #units rejected, i.c. extra-grammatical:
from (35) 0 0 0 0 0

(8) percent of units analyzed by fragments:
from (5) 84.7% 191.4% [91.2% [|91.2% |91.1%

(9) #units analyzed. cither fully or by :
fragments 91 95 95 95 95

(10) percent of units analyzed, either fully
or by fragments 91.0% |95.0% |95.0% }95.0% | 95.0%
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HAPTER 3
Chapter 3: 162 units 30 sec. | 60 scc. | 90 sec. | 2 min. | 5 min.
(1) #units fully analyzed 73 76 30 30 82
(2) #units stopped by thc CPU time limit,
before success or failure 33 46 40 40 30
(3) #units rejected, i.e. extra-grammatical | 36 40 42 42 50
(4) percent of units fully analyzed 45.1% |46.9% |49.3% | 49.3% } 50.6%

(5) #units analyzed by fragments: from (2)
+(3) 75 75 72 72 71

(6) #units stopped by the CPU time limit
(before success or failure): from (5) 14 11 10 10 9

(7) #units rejected, i.e. extra-grammatical:
from (5) 0 0 0 0 0

(8) percent of units analyzed by fragments:
from (5) 84.3% | 87.2% | 87.8% |87.8% | 88.8%

(9) #units analyzed, either fully or by
fragments 143 151 152 152 153

(10) percent of units analyzed, either fully
or by fragments 91.4% |93.2% | 93.8% |93.8% | 94.4%
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HAPTER 4
Chapter 4: 111 units 30 sec. | 60 sec. | 90 sec. | 2 min. | S min.
(1) #units fully analyzed 47 49 51 51 52

(2) #units stopped by the CPU time limit,
before success or failure 37 |25 21 20 18

(3) #units rejected, i.c. extra-grammatical |27 37 39 40 41

(4) percent of units fully analyzed 42.3% 144.1% | 45.9% | 45.9% | 46.8%

(5) #units analyzed by fragments: from (2)
+(3) 59 59 59 59 59

(6) #units stopped by the CPU time limit
(before success or failure): from (5) 5 3 1 | 0

(7) #units rejected, i.c. extra-grammatical:
from (5) 0 0 0 0 0

(8) percent of units analyzed by fragments:
from (5) 92.2% | 95.2% | 98.3% | 98.3% | 100%

(9) #units analyzed. cither fully or by
fragments 106 108 110 110 111

(10) percent of units analyzed, either fully
or by fragments 95.5% |97.3% |99.1% |99.1% | 100%
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HAPTER
Chapter S: 111 units 30 sec. | 60 sec. | 90 sec. | 2 min. | 5 min.
(1) #units fully analyzed 50 51 52 52 32
(2) #units stopped by the CPU time limit,
before success or failure 32 31 26 25 21
(3) #units rejected, i.e. extra-grammatical |29 29 33 34 38
(4) percent of units fully analyzed 45.0% | 45.9% |46.8% |46.8% | 46.8%
(5) #units analyzed by fragments: from (2)
+(3) 50 S50 50 52 54
(6) #units stopped by the CPU time limit
(before success or failure): from (5) 11 10 9 7 5
(7) #units rejected, i.e. extra-grammatical:
from (5) 0 0 0 0 0
(8) percent of units analyzed by fragments:
from (5) 82.0% |83.3% |84.7% | 88.1% {91.5%
(9) #units analyzed, either fully or by
fragments 100 101 102 104 106
(10) percent of units analyzed, either fully
or by fragments 90.1% 191.0% |91.9% |93.7% |95.5%
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HAPTER 6
Chapter 6: 112 units 30 sec. | 60 sec. | 90 sec. | 2 min. | 5 min.
(1) #units fully analyzed 47 S50 31 53 54
(2) #units stopped by the CPU time limit,
before success or failure 41 32 30 27 23
(3) #units rejected, i.c. extra-grammatical | 24 30 31 32 35
(4) percent of units fully analyzed 42.0% |44.6% |45.5% |47.3% | 48.2%

(5) #units analyzed by fragments: from (2)
+(3) 54 53 53 51 50

(6) #units stopped by the CPU time limit
(before success or failure): from (5) 11 9 8 8 8

(7) #units rejected, i.¢. extra-grammatical:
from (5) 0 0 0 0 0

(8) percent of units analyzed by fragments:
from (5) 83.1% | 85.5% | 86.9% | 86.4% | 86.2%

(9) #units analyzed, either fully or by
fragments 101 103 104 104 104

(10) percent of units analyzed, either fully
or by fragments 90.2% [92.0% |92.9% |92.9% |92.9%
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CHAPTERS 1 TO 6

Chapters 1-6: 767 units 30sec. | 60 sec. | 90 see. | 2 min. |5 min.
(1) #units fully analyzed 345 357 366 369 375
(2) #units stopped by the CPU time limit,

before success or failure 248 215 195 184 158
(3) #units rejected, i.e. extra-grammatical | 174 195 206 214 234
(4) percent of units fully analyzed 45.0% | 46.6% |47.7% |48.1% |48.9%
(5) #units analyzed by fragments: from (2)

+(3) 346 351 352 351 351
(6) #units stopped by the CPU time limit

(before success or failure): from (3) 74 58 43 46 41

(7) #units rejected, i.e. extra-grammatical:

from (5) 2 1 1 1 ]

(8) percent of units analyzed by fragments:

from (5) 82.0% | 85.6% | 87.8% | 88.2% | 89.5%
(9) #units analyzed, either fully or by

fragments 691 708 718 720 726
(10) percent of units analyzed, either fully

or by fragments 90.1% |92.3% |93.6% |93.9% |94.7%
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Appendix D: Example Parse Trees

This appendix shows five actual parse trees produced by DIPETT. The first two
inputs come from the QUIZ manual and the three others from the T4043 Tax Guide — on
these two texts, see 3.6.2 and 3.6.3. Timings are for a SPARC-10. In the following
presentation, we added a few comments to identify imperfect (i.c. “non-best™ according to
our knowledge of the language) parsc trees, i.e. for trees #2, (D.2) #3 (D.3), and #5 (D.5).
In these comments, the symbol PP stands for prepositional phrase.
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D.1: Example Parse Tree #1

Unit #1: For your purposes , though , it would be more convenient to
have an alphabetical list .

Process this unit (Y/n), try another Version, or Exit [Y./n/v/c]?

lexical analysis (cpu time) : 0.167 secondis).
First parse for input sentence:

MEMORIZER results: # of units fetched (not re-parsed unnecessarily).
noun phrase(s) :
prepositional phrase(s) :
verb phrase(s) :
verbal clause(s) of type 1
verbal clause{s) of type 2 :
subordinate clause(s) :

OO OO

parsing (cpu time) : 0.817 second(s).

parse_tree__decla_or_imper

complex_sentence
structure
single_main_clause
declarative
statement
subordinate_clauses
initial
conj_subord ¢l implicit_and
subordinate
adverbial
pp for
entity
determinatives
deter your
head_noun
noun purpose
number pl
tokens your purposes
tokens for your purposes
tokens for your purposes
tokens for your purpeoses
subordinate

adverbial
simple_adv_clause though
tokens though
tokens though
tokens for your purposes , though |,
subj
entity
ref
pron it
number sg3
tokens it
predicate
copula
verb be
tense conditional_present_simple
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alphabetical

tokens
convenient

D.1: Example Parse Tree #1

neg vyes
trans stat
s_qualifier
sve_sva
attrs_compl
conj_adj_p implicit_and
attrs
adj more pos
attrs
adj convenient pos
tokens more convenient
nominal_clause
to_infinitive_clause
predicate
regular
verb have
tense inf
neg yes
trans tr
voice active
complement
svo
entity
determinatives
deter an
attributes
attrs
adj alphabetical pos
tokens alphabetical

head_noun
noun list
number sg3

tokens an alphabetical 1list
tokens to have an alphabetical list
tokens would be more convenient to have an
list
for your purposes , though , it would be more
to have an alphabetical list -

end_of_input period
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D.2: Example Parse Tree #2

Unit #2: This would produce the names of the two Boston employees who
joined the company since the staxrt of 1984 .
Process this unit (¥/n), try another Version, or Exit [Y/n/v/el?

lexical analysis (cpu time) : 0.15 second(s}.
First parse for input sentence:

MEMORIZER results: # of units fetched (not re-parsed unnecessarily).
noun phrase(s) :
prepositional phrase(s)
verb phrase(s) :
verbal clause(s} of type 1 :
verbal clause(s) of type 2
subordinate clause(s} :

(e el elelals]

parsing (cpu time) : 0.484 second(s).

{below: this tree contains a misattached PP. “since the start of 1984" should not be
at the same level as the preceding ‘of”-PP. Instead, it should have been attached to
the preceding verb ‘joined’. When presented with a series of PPs, the parser first
attempts to analyze them as conjoined PPs, unless it finds a syntactic clue that
indicates a potential embedded PP, such as an ‘of’-PP which usnally acts as noun
post-modifier.}

parse_tree__decla_oxr_imper
simple_sentence
structure
single_main_clause
declarative
statement
subj
entity
ref
pron this
number sg3
tokens this
predicate
regular
verb produce
tense conditional_present_simple
neg yes -
trans tr_intr
voice active
complement
~ svo
entity
determinatives
deter the
head_noun
noun name

number pl
ap_postmodifiers
conj_pps implicit_and
pp of

334



joined the

who

joined

company

D.2: Example Parse Tree #2

enticy
dererminatives
deter the
postdeter
closed
card
card_num two
head_noun
noun employee
noun_modifiers
pre_modif boston
number pl
np_postmodifiers
rel clause
rel_marker who
statement
subj
entity
determinatives
deter the
postdeter
closed
caxd
card_num two
head_noun
noun employee
noun_modifiers
pre_modif boston
number pl
predicate
regular
verb 3Jjein
tense past_simple
neg yes
trans tr_intr
voice active

complement
svo
entity
determinatives
deter the
head_noun
noun company
number sg3

tokens the company
tokens Joined the company
tokens the two boston employees who

tokens of the two boston employees

the company

p_asyndetic_conj_pp

PP Ssince
entity
determinatives
deter the
head_noun
noun start
number sg3
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np_postmodifiers
pp  of
entity
ref
num 1984
number pl
tokens 1984
tokens of 1984
tokens of 1984
tokens the start of 1984
tokens since the start of 1984
tokens of the two boston employees who
joined the company since the start of 1984
tokens the names of the two boston
employees who joined the company since the start of 1984
tokens would produce the names of the two boston
employees who joined the company since the start of 1984
tokens this would produce the names of the two boston
employees who 3joined the company since the start of 1984
end_of_input period
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D.3: Example Parse Tree #3

Unit #3: Refer to lines 304 and 305 in the 1990 General Tax Guide for
more information on these non-refundabhle tax credits .
Process this unit (¥Y/n), try another Version, or Exit [Y/n/v/el?

lexical analysis (cpu time) : 0.25 second(s).
First parse for input sentence:

MEMORIZER results: # of units fetched (not re-parsed unnecessarily).
noun phrase({s)
prepositional phrase(s)
verb phrase(s)
verbal clause(s) of type 1
verbal clausel(s) of type 2
subordinate clause(s)

P I T I PR TR TR
00000

parsing {(cpu time) : 0.3 second(s}.

{below: this parse tree contains two misattached PPs. First, the PP “in the 1990
General Tax Guide” should have been attached to the preceding noun phrase
“lines 304 and 305”. Second, the PP “on these non-refundable tax credits” should
have been attached to the preceding noun phrase “more information”. The
explanation for this analysis is the same as the one for tree #2 above.}

parse_tree__decla_or_imper
simple_sentence
structure
single_main_clause
imperative
statement
predicate
regular
verb refer
tense imperative
neg vyes
trans tr_intr
voice active
complement
svo
conj_pps implicit_and
PP to
conj_nps and pl
entity
head_noun
noun line
noun_modifiers
post_modif
num 304
number pl
tokens lines 304
entity
ref
num 305
number pl
tokens 305
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tokens lines 30« )
tokens to lines 301 and 305
-

pr in
entity
determinatives
deter the
postdeter
closed
card
num 1990
attributes
attrs
adj general pos
tokens general
head_noun
nocun guide
noun_modifiers
pre_modif tax
number sg
tokens the 1990 general tax guide
tokens in the 1990 general tax gquide
p_asyndetic_conj_pp
pp for
entity
determinatives
postdeter
closed
quant more
head_noun
noun information
number sg3
tokens more information
tokens for more information
p_asyndetic_conj_pp
pp on
entity
determinatives
deter these
attributes
attrs
adj non-refundable pos
tokens non-refundable
head_noun
noun credit
noun_modifiers
pre modif tax
number pl
tokens these non-refundable tax credits
tokens on these non-refundable tax
credits ’
tokens to lines 3204 and 205 in the 19%9%0
general tax guide for more information on these non-
refundable tax credits
tokens refer to 1lines 3204 and -205% in the 1990
general tax guide for more information on these non-
refundable tax credits
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tokens

refer wo lines 304 and 305 in the 19%0 general
tax guide for more information on these non-refundable tax
credits

end_of_input period
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D.4: Example Parse Tree #4

Unit #4: Since Rosa is the supporting person with the lowexr net
incoma , she would claim the child care expenses .
Process this unit (¥/n), try another Version, or Exit [Y/n/v/el]?

lexical analysis (cpu time) : 0.1 second(s).
First parse for input sentence:

MEMORIZER results: # of units fetched {not re-parsed unnecessarily)

noun phrase(s) : 0
prepositional phrase(s) : 0
verb phrase(s} : 0
verbal clause(s) of type 1 = 0
verbal clause(s) of type 2 : O
subordinate clause(s) : 0
parsing (cpu time) : 0.267 second(s).

parse_tree__decla_or_imper
complex_sentence
structure
single_main_clause
declarative
statement
subordinate_clauses
initial
subordinate
adverbial
adv_clause since
tokens since

statement
subj
entity
proper_noun Irosa
number sg3
tokens rosa
predicate
copula
verb be
tense present_simple
neg vyes

trans stat
s_gualifier

sve_sva
entity
determinatives
deter the
attribuces
atcrs

adj support pos
tokens supporting
head_noun
noun person
number s5g3
np_postmodifiers
pp with
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entity
determinatives
deter the

atcributes
conj_adi_p implicit_and
attrs
adj low comp
attrs

adjd net pos
tokens lower net

head_noun
noun income
number sg3

tokens the lower net income
tokens with the Jlower net

income
tokens with the 1lower net

income
tokens the supporting person with

the lower net income
tokens is the supporting person with

the lower net income
tokens since rosa is the supporting person
with the lower net income
tokens since rosa is the supporting person
with the 1lower net income ,
subj
entity
ref
pers_pron she
number sg3
tokens she
predicate
regular
verbh claim
tense conditional_ present_simple
neg yes
trans tr
volce active
complement
sVO
entity
determinatives
deter the
head_noun
noun expense
noun_modifiers
pre_modif
conj_noun_pre_mod implicit_and child
care
number pl
tokens the child care expenses
tokens would c¢laim the c¢hild care expenses
tokens since rosa is the supporting person with the
lower net income , she would claim the child care expenses

end_of_input period
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D.5: Example Parse Tree #5

Unit #5: Omar and Elke maintained their residential ties with Canada
because a mamber of their family occupied their residence while they
lived ocutside the country , and their absence is not permanent .
Process this unit (Y/n). try another Version, or Exit [Y/n/v/el?

lexical analysis (cpu time) : 0.25 second(s).
First parse for input sentence:

MEMORIZER results: # of units fetched (not re-parsed unnecessarily).

noun phrase(s) : B6
prepositional phrase(s) : 57
verb phrase(s) H

verbal clause(s) of type 1 0
verbal clause(s) of type 2 : 9
subordinate clausel(s) : 0

parsing (cpu time) : 23.233 second(s}).

{below: for reasons similar to the situation for PPs in trees #2 and #3 above, the
“while they lived outside the country” subordinate clause should have been
attached to the preceding ‘occupied’ clause, instead of being analyzed at the same
level as that of the ‘because’ clause.}

parse_tree__decla_or_imper

compound_sentence
structure
head_main_clause
declarative
statement
subj
conj_nps and pl
entity
proper_noun omar
number sg3
tokens omar
entity
proper_noun elke
number sg3

tokens elke
tokens omar and elke
predicate
regular
verb maintain
tense past_simple
neg yes
trans tr
voice active
complement
SVOO_SVoc_svoa
entity
determinatives
deter their
attributes
attrs
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adi residential pos
tokens residential
head_noun
noun tie

number pl

tokens their residential ties
pp with

entity

proper_noun canada
number sg3
tokens canada
tokens with canada
tokens with canada
subordinate_clauses
final
conj_subord_cl implicit_and
subordinate
adverbial
adv_clause because
statement
subj
entity
determinatives
deter a
head_noun
noun member
number sg3
np_postmodifiers
pp of
entity
determinatives
deter their
head_noun
noun family
number sg3
tokens their family
tokens of their family
tokens of their family
tokens a member of their family
predicate
regular
verb occupy
tense past_simple
neg ves
trans tr
voice active
complement
sVO
entitcy
determinatives
deter their
head_noun
noun residence
number sg
tokens their residence
tokens occupied their residence

tokens because a member of their family
occupied their residence
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Appendix D:

country

Example Parse Trees

subordinate
adverbial
adv_clause while
statement
subj
entity
ref
pers_pron thoy
number pl
tokens they
predicate
regular

verb live
tense past_simple
neg vyes
trans tr_intr
voice active
complement
svo
pp outside
entity
determinatives
deter the
head_noun

noun country

number sg

tokens the country

tokens outside

the

tokens outside the
tokens lived outside the
tokens while they lived outside.” the

tokens because a member of their

occupied their residence while they 1lived outs

canada

tokens maintained their residential
because a member of their family occup

residence while they lived outside the country
next_main_clause

coord and
declarative
simple_sentence
structure
single_main_clause
declarative
statement
subj
entity
determinatives
deter their
head_noun
noun absence
number sg3
tokens their absence
predicate
copula
verb be
tense present_simple
neg no

ide
ties
ied

country

country

country

family
the country
with
their



D.5: Example Parse Tree #5

trans stat
s_cqualifier
sSVe_sva
attrs_compl
attrs
adj permanent pos
tokens permanent
tokens 1is not permanent
tokens their absence is not permanent
tokens omar and elke maintained their residential ties
with canada because a member of their family occupied their
residence while they 1lived outside the country . and their
absence is not permanent
end_of_input peried

345



Appendix E: HAIKU and Situations 81 to A5

This appendix shows an abridged. actual log (set in the Courier typelace) of
HAIKU in action in the five diffcrent Case analysis situations presented in 4.4,
Explanations were added in the Times typeface. in bold. and cnclosed in braces. To
improve the presentation. very simple example inputs were selected: as well, the original
log was slightly recorganized .
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E.l: Situation 8,

E.1: Situation 41

Unit #1: Beob printed a file .
lexical analysis (cpu time) : 0.016 second(s).
First parse for input sentence:

{ ... 1}
parsing (cpu time) : 0.084 second(s).

parse_tree__decla_or_imper
simple_sentence
structure
single_main_clause
declarative
{ «v. }

HAIKU: initiating Case-based semantic analysis ..

UPDATED PARSE

TREE (parse_tree__decla_or_imper (simple_sentence(structure(single_main
_clause (declarative(*statementl*))), tokens{[bob,printed,a, file])},end
_of_input{period)})

LOGICAL CLAUSAL STRUCTURE
top_structure
[*statementl*]

SYMBOLIC A-LISTS
coordinators
clauses

[*statementl*, statement {subj (entity (proper_noun({bob),number (sg3), toke
ns([bobl))),.predicate(regular{verb(print, tense([past_simple]},neg{yes
), trans{tr_intr))),voicelactive),complement (svo({entity(determinatives
{deter{a)),head_noun(noun(file)),number{sgl),tokens{[a,file]})}))),tok
ens( [printed,a, filel))]

INPUT STRING({ [bob,.printed,a,file, .])
HAIKU: Case Analysis of current input's clauses ...

CURRENT CLAUSE: *statementl~*

CURRENT 3UBJ H

subj {entity(proper_noun{bob) ,number{sg3), tokens( [bobk]l})}

CURRENT VERB : print

CURRENT COMPL : :

complement (svo (entity (determinatives (deter{a)),head _noun(noun({file}),
number (sg3), tokens([a,file]l))))

CURRENT MODIFS : [main_verb_modif{nil),clause_modif(nil)]

CMP found by HAIKU: psubj-pobj
> Do you wish to overrule this CMP

{enter d to discard this clause, or
a to discard the entire input) [y/N/4/a)?

{below: notice, HAIKU identifies the current clause as of the 41 type.}
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Appendix E: HAIKU and Situations 81 10 85

S1l: known CMP already associated with known verb: CP is known or now.
candidate CPs with example sentences:
CP: agt-obj Ex: [bob,printed,a,file]
current clause's main verb {infinitive): print
current clause's CMP {or a permutation): psubji-pobj

most probable or closest CPs, which are of compatible length:
agt-obj (1);

if appropriate, please select one of these CPs;
enter a number between 1 and 2 (or 0 if none is appropriate): 1
CMP & CP will be paired as follows: psubj/agt pobj/obj : Correct
[n/Y)]?
replace cmpDict's example with current clause [y/N]?

CASE STRUCTURES
clauses

[*statementl™,

case_structure(
vorb(print,taense( (past_simple]),neg(yes),trans(tr_intr)),
psubj-pobi,
ag’t-obj [
~ntity(proper_noun(bobd) ,nuwbex(8g3),tokens([bobl}),

atity(determinatives (deter(a)),.head noun(noun(file)},
numbear (8g3),tokens{ [a,file])),

[main_verb_meodif(nil),clause_modif(nil)])]

HAIKU semantic analysis {(cpu time) : 1.233 second(s).
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E.2: Sitation 82

E.2: Situation

Unit #2: Beth erased all her files , suddenly .
lexical analysis (cpu time) : 0.15 second(s).
First parse for input sentence:

{ ... 1
parsing (cpu time} : 0.25 secondi(s).

parse_tree__decla_or_imper
complex_sentence
structure
single_main_clause
declarative
{ ...}

HAIKU: initiating Case-based semantic analysis ...

UPDATED PARSE

TREE (parse_tree__decla_or_imper (complex_sentence(structure({single_mai
n_clause (declarative(*statement4d+})), tokens{ [beth,erased,all, her, file
s, ..suddentlyl)).end_of_input(period))])

LOGICAL CLAUSAL STRUCTURE
top_structure
[*statementd*]

SYMBOLIC A-LISTS
coordinators
clauses

[*statementd*, statement (subj (entity{proper_noun{beth) ,number{sg3), tok
ens ( [beth]))),predicate(regular{verb({erase, tense( [past_simplel),negly
es),transitr_intr})),voice(active),complement {svo{entity(determinativ
es{predeter(all}, deteri{her)},head_noun{noun(file}),number(pl), tokens(

i [all,her,files])))),subordinate_clauses(final { [subordinate (adverbial(
simple_adv_clause ( [suddently, tokens{ [suddently]}])), tokens( [suddently]
1)), tokens({[suddently]) 1))}, tokens([erased,all, her,files,,,suddently]
IR

INPUT STRING{ [beth,erased,all,her, files,,,suddently, .])
HAIKU: Case Analysis of current input's clauses ...

CURRENT CLAUSE: *statementd*

CURRENT SUBJ :

subj (entity{proper_noun(beth) ,number (sg3), tokens([beth]))}

CURRENT VERB : erase

CURRENT COMPL

complement {svo(entity(determinatives{predeter(all),deter(her}), head_n
oun{noun{file}),number(pl),tokens{[all, her,h £filesl))]))

CURRENT MODIFS :

fmain_verb_modif (nil),clause_modif {subordinate_clauses({final { [subord
inate (adverbial (simple_adv_clause( [suddently, tokens{ (suddentlyl}l).,.to
kens ( [suddently])) ), tokens{ [suddently])1}1)}]
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Appendix E: HAIKU and Sitations 81 to B85

CMP found by HAIKU: psubj-pobji-adv
> Do vou wish to overrule this CMP
{enter @ to discard this clause, or
a to discard the entire input) [y/N/d&/al?

{below: notice, HAIKU identifies the current clause as of the 8> type.}

82: known CMP not vet associated with known verb; CP is known or now.

candidate CPs with example sentences:
CP: agt-obj-manr Ex:
[bob, always, prints, and, reads, his, messages)
current clause's main verb {(infinitive): erase
current clause's CMP (or a permutation): psubj-pobj-adv
most probable or c¢losest CPs, which are of compatible length:
agt-obj-manr (1) :

if appropriate, please select one of these CPs;
enter a number between 1 and 1 {(or 0 if none is appropriate): 1

CMP & CP will be paired as follows: psubj/agt pobj/obj adv/manr
Correct [n/Y1l?

replace cmpDict's example with current clause [y/N]?

UPDATING mDict for erase ...

=> erase [psubj-pobi.psubj-pobj-adv,psubj-pobj-with]
[[adv, [manr}]. [pobj, [objl], [psub], lagtl], [with, [inst]]]

UPDATING cpDict for agt-obj-manr ...

=> agt-obj-manr [erase,need,print]

CASE STRUCTURES
clauses
[*statement4™,
case_structure(
vexrb(exrase,tense( [past_simplel),neg{yes),trans(tx_intx)),
psubj-pobj-adv,
agt-ohj-manr,
entity(proper_noun(beth),number (8g3),tokens({bethl)},
entity(determinatives (predeter(all),detex(her)),
head_noun{ncun(file)),number(pl) ,tokens{ [all,hexr, £iles]}).,
[main_verb_modif(nil),
clause_modif (subordinate_clauses([final ( [subordinate(adverbial
(simple_adv_clause( [suddently, tokens ( [suddently])]).,
tokaxns ( [suddently] })),tokens( [suddently]}1)]1))1)?

HAIKU semantic analysis {cpu time) : 1.65 second(s).
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E.3: Situation B3

E.3: Situation 483

Unit #3: Tom craszed a file with a new command .
lexical analysis (cpu time} : 0.05 second(s}).
First parse for inputl sentence:

{ ... )
parsing (cpu time) : 0.633 second(s).

parse_tree__decla_or_imper
simple_sentence
structure
single_main_clause
declarative
{ ... 1}

HAIKU: initiating Case-based semantic analysis ...

UPDATED PARSE
TREE(parse_tree__decla_or_imper{simple_sentence(structure(single_main
_clause{declarative{*statement3*))),tokens{[tom, erased,a,file,with,a,
new, command] ) ) ,end_of_input (period))}

LOGICAL CLAUSAL STRUCTURE
top_structure
[*statement3*]

SYMBOLIC A-LISTS
coordinators
clauses

[*statement3*,statement (subj (entity(proper_noun(tom} ,number (sgi}), toke
ns{[tom]}))),predicate{regular(verbl{erase, tense( [past_simple]),neglyves
).trans(tr_intr}))),.voicelactive),complement (svoo_svoc_svoa( [entity(de
terminatives{deteria)),head_noun(noun{file)),number(sgi), tokens([a, £fi
le] )}, [pplwith, entity(determinatives{deter{a)),attributes([attrs(ad;j(
new,pos) ), tokens{ {new)])]).head_noun(noun(command) ) ,number(sg3}, tockens
({[a.new, command] )}, tokens{ [with, a,new, command] }), tokens{[with,a,new, ¢
ommand])]1)}),tokens{[erased,a,file,with,a,new,command]})]

INPUT STRING({[tom,erased,a,file,with,a,new,command, .})
HAIKU: Case Analysis of current input's clauses ...

CURRENT CLAUSE: *statement3™

CURRENT SURJ :

subj {entity(proper_noun(tom) ,number(sg3), tokens{[tom])})

CURRENT VERB : erase

CURRENT COMPL :

complement {svoo_svoc_svoa{ [entity(determinatives (deter(a)), head_noun/|
noun{file)),number{sgl),tokens({{a, file]}), [pp(with,entity{determinati
ves{deter(a)),attributes([attrs (adj(new,.pos)).tokens([new])]) ,head_no
un {noun (command) ) , number (sg3), tokens( [a, new, command] ) ), tokens ( [with,a
,new, command] ) ), tokens ([with,a,new,command))11)}

CURRENT MODIFS : [main_verb_modif(nil),clause_modif(nil)]
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Appendix E: HAIKU and Situations & to 85

CcMP found by HAIKU: psubj-pobj-with
> Do you wish to overrule this CMP
{enter & to discard this clause, or
a to discard the entire input) [v/N/& al?

{below: notice, HAIKU identifies the current clause as of the 83 type. Note: all the
intermediate results returned by the metric are only shown here as a trace of
execution; what matters to the user is the closest CP proposed by HAIKU.}

S3: entirely new CMP with known verb; CP is known or new.

entirely new CMP; no obvious candidate CPs to propose

list of close CMPs proposed by the “"closeness metric™:
[THE INPUT CMP PROPERLY UNDERMATCHES:
,match(3.75, [psubj,pobj,with, froml},
THE INPUT CMP NON-PROPERLY UNDERMATCHES:
,match{1.11111, [psubj,pobj,to]}).match(1.11111, [psubj,pobj,piobjl},mat
ch({1.11111, [psubj.pobj,on]},match{1.11111, [psubj, pobj, from]),matchi(l.
11111, {psubj,pobj,adv]),match({0.833333, (psubj,pobj,on.advi},.match(0.1
11111, [psubj,oen,inj),
THE INPUT CMP PROPERLY OVERMATCHES:
,match(1.55556, [psukj,with]),match(1.11111, [psubj,pobj])},match(0.3333
33, [pobjl).match(0.222222, [psubjl).,
THE INPUT CMP NO:I-PROPERLY OVERMATCHES:
. match{0.166667, [pobj,adv])),match(0.111111, [psubj,to}),match(0.111111
. [psubj, for]) ,match(0.111111, [psubj,adv])]

Candidate CPs with example sentences for the closest CMP (psubj-pobj-
with-from):
CP: agt-obj-inst-lfrm Ex:

[this, letter,was,prepared, by, tom,with, the, new, computer, from, the, other
, room]

current clause's main verb (infinitive): erase

current clause's CMP {or a permutation): psubj-pobj-with

most probable or closest CPs, which are of compatible length: []

NEW CP: list of 28 legal Cases in HAIKU

agt:agent; benf:beneficlary:; expr:experiencer; inst:instrument;
obj:object; recp:recipient; caus:cause; manr:manner; val:value;
eff:effect; purp:purpeose; freq:frequency:; tat:time_at;
tfrm:time_from; tto:time_to; ttru:time_through; dir:direction;
lat:location_at; lfrm:location_from; lto:locaticn_te; ord:order;
ltru:location_through; ornt:orientation; cont:content;
excl:exclusion; acmp:accompaniment; matr:material; meas:measure.
REM: A CASE MAY BE SUFFIXED WITH A '?' TO DENOTE UNCERTAINTY

(e.g. lat?).

here is what the cmDict knows about this Case marker: with
{format: Case(COmmonness,Example); CO=1l:common, CO=2:uncommon}
matr(l,The pie was made WITH APPLES.)
acmp{l,He came WITH THEM.)
tfrm{l,WITH THE GUESTS GONE, things have returned to normal.}
manr(l,He did it WITH PANACHE.) B
inst {1, The window was broken WITH A ROCK.)
cont(l,I am concerned WITH THE ECONOMY.)
recp(l,She left her car WITH ME.)
caus{2,He trembled WITH FEAR.)
eff(2,The battle will end WITH DEATH.}
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E.3: Situation 83

please enter the new CP (e.g. agt-obj-tat),
or enter ‘h' to see the current input string andé CMP,
or CR to abort ["new CP"/h/CR]? agt-obj-inst

CMP & CP will be paired as follows: psubj/agt pobj/obj with/inst
Correct [n/¥1?

UPDATING mDict for erase .
=> erase [psubj-pobj,psubj-pobj-with]

[ [pobi, [obj]]. [psubj, lagt]], [with, [inst]]]
UPDATING cmpDict for psubj-pobj-with
=» psubj-pobi-with [[agt-obj-

inst, ' [tom,erased,a, file,with,a,new,command, .] ']}
UPDATING cpDict for agt-obj-inst ...
=>» agt-obj-inst [erase]

CASE STRUCTURES
clauses
[*statement3™,
cagse_structure{
vexrb(erase, tense( [past_simple]).neg(yves),trans{tx intx)).
psubj-pobj-with,
agt-obj-inst,
entity(proper noun{tom),numbex({sg3),tokens([toml)),
[entity({determinatives{detaer(a)) . head_noun{noun({file)),
number{sg3),tokens([a,file])), [pp(with,
{ «ea )
[main wverd_modif(nil),clauge_modif(nil)i)]

- HAIKU semantic analysis (cpu time) : 2.234 second(s).



Anpendix E: HAIKU and Sitations 81 to A5

E.4: Situation &4

Unit #4: Bob erased a file .
lexical analysis (cpu time) : 0.067 secondl(s).
First parse for input sentence:

{ ...}
parsing (cpu time) : 0.083 second(s).

parse_tree__decla_or_imper
simple_sentence
structure
single_main_clause
declarative
{ ...}

HAIKU: initiating Case-based semantic analysis ...

UPDATED PARSE

TREE (parse_tree__decla_or_imper(simple_sentence(structure(single_main
_clause({declarative(*statement2*))), tokens{[bob,erased,a, filel}),end_
of_input(period)))

LOGICAL CLAUSAL STRUCTURE
top_structure
[*statement2™]

SYMBOLIC A-LISTS
coordinators
clauses

[*statement2*, statement {subj (entity(proper_noun(bob), number{sgl), toke
ns![bobl}}).predicate(regular (verb(erase, tense( [past_simplel) , neq(yes
y,trans{tr_intr))),voice{active) ,comnlement {svo{entity(determinatives
(deter{a)),head_noun({noun(file)},number(sgl), tokens([a, file]}))}) . . tok
ens([erased,a,file]l}}]

INPUT STRING(([bob,erased,a,file,.])}
HAIKU: Case Analysis of current input's clauses ...

CURRENT CLAUSE: *statement2”

CURRENT SUBJ :

subj (entity(proper_noun(bob) ,number (sg3), tokens( [bobl)})

CURRENT VERE : erase

CURRENT COMPL :

complement (svo (entity(determinatives{deter(a)),head_noun(noun(file}),
number {sg3) , tokens{[a,file])}})

CURRENT MODIFS : [main_verb_modif(nil),clause_modif(nil)]

CMP found by HAIKU: psubj-pobj
> Do you wish to overrule this CMP

{enter & to discard this clause, or
a to discard the entire input) [y/N/d/al?

{below: notice, HAIKU identifies the current clause as of the 484 type.}
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E.4: Situation A4

S4: new verb with known CHMP; new CP (relative to this vexrb).

candidate CPz with example sentences:
CP: agt-obji Ex: [bob,printed,a,file]
current clause's main verb (infinitive): erase
current clause's CMP (or a permutation): psubj-pobj
most probable or closest CPs, which are of compatible length:
[agt-obj]

NEW CP: list of 28 legal Cases in HATIKU

agt:agent: benf:beneficiary; expr:experiencer; inst:instrument:;
obj:object; recp:recipient; caus:cause; manr:manner; val:value;
eff:effect: purp:purpose; freq:frequency; tat:time_at;
tfrm:time_from; tto:time_to; ttru:time_through; dir:direction:
lat:location_at; lfrm:location_from; lto:location_to; ord:order;
ltru:location_through: ornt:orientation; cont:content;
excl:exclusion; acmp:accompaniment; matr:material; meas:measure.
REM: A CASE MAY BE SUFFIXED WITH A '?' TO DENOTE UNCERTAINTY

{e.g. latc?).

please enter the new CP (e.g. agt-obj-tat),
or enter 'h' to see the current input string and CMP,
or CR to abort [“new CP"/h/CR]1? agt-obj
CMP & CP will be paired as follows: psubj/agt pobj/obj ; Correct
[n/Y]?

UPDATING mDict for erase ...
=> erase [psubj-pobj]l [I[pobj,[objll, [psubj, (agtl]ll]
UPDATING cpDict for agt-obj ...
=> agt-obj
[ask,complete, copy, crash, delete, erase, get,give, know, like, look, pay, pre

fer,prepare, print, read, recreate, report, save, sort, store, think, try,want
,work,write]

CASE STRUCTURES
clauses

[*statement2™,

cage_structure(
verb (erasge,tense( [past_simple] ) ,.neg(ves),trans(tr_intr)}),
psubj-pcbi,
agt-cbi,
entity(proper_noun({bob),numbex(sg3), tokens([bobl)),
entity({determinatives (deter(a)), head_noun(noun(file)),

numbex (8g3) ,tokans{[a,£ile])),

[main_verh modif(nil),clause_modif(nil)])]

HATKU semantic analysis (cpu time) : 1.25 second(s).
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Appendix E: HAIKU and Situations 8] to A5

E.5: Situation 45

Unit #5: Bill unexpectedly modified his data file with the REPL
command .

lexical analysis (cpu time) : 0.1 second(s).
First parse for input sentence:

(...}
parsing {cpu time) : 2.05 second(s).

parse_tree__decla_or_imper
simple_sentence
structure
single_main_clause
declarative

HAIKU: initiating Case-based semantic analysis

UPDATED PARSE

TREE (parse_tree__decla_or_imper(simple_sentence(structure({single_main
—clause(declarative({*statement6*})), tokens{[bill, unexpectadly,modifie
d,his,data, file,with, the, repl,command] } },end_of_input {pericd)))

LOGICAL CLAUSAL STRUCTURE
top_structure
[*statement6*]

SYMBOLIC A-LISTS
coordinators
clauses

[*statement6*, statement (subj (entity({proper_noun(bill),number{sgl}, tok
ens{[bill])}),predicate(regular{verb(modify, tense([past_simple]),negl

ves),advs ( [unexpectedly, tokens { [unexpectedly}) ]}, trans(tr))),voicelac
tive),complement (svoo_svoc_svoa([entity(determinatives(deter{his})), he
ad_noun{noun({file,noun_modifiers(pre_mocdif ([datum])))) . .number(sg3),to

kens([his,data,filel)), (pp(with,entity(determinatives{deter(the)},bhea
d_noun({noun{command, noun _modifiers(pre_modif{irepll]l}})}).number (=g}, to
kens{[the, repl,command]}), tokens{ [with, the,repl, command] )}, tokens( [wi
th, the,repl,command]i]])) ). tokens{ [unexpectedly,modified, hiz,data, £il
e,with, the, repl, command])}}

INPUT

STRING{[bill,unexpectedly,modified, his,data, file,with, the, repl, comman
4,.1)

HAIKU: Case Analysis of current input's clauses ...

CURRENT CLAUSE: *statementé6*

CURRENT SUBJ :

subj(entity(proper_noun(bill),number(sg3), tokenzs{[bill]))}

CURRENT VERB : modify

CURRENT COMPL :

complement (svoo_svoc_svoa( [entity(determinatives|(deter (his)),head_nou
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E.5: Situation 85

ninocuni{file, noun_modifiers({pre_modif{{dazuml}}}),numberi{sgl}, tokens{|
hig,data, f£ile]) ), [pplwith,entity(determinatives (deter{the) ), head_noun
{noun{command, noun_modifiers(pre_modif([repli))}),number(sg), tokens{ |

the, repl, command] } )}, tokens{{wi*.a, the,repl, command] ) ), tokeas{[with,the
,repl,commandl )] ]} )

CURRENT MODIFS :

[main_verb_modif {advs ( [unexpectedly, tokens ( [unexpectedlyl]l)])).clause_
modif(nil)]

CMP found by HAIKU: psubj-pobj-with-adv
> Do you wish to overrule this CMP
(enter d to discard this clause, or
a to discard the entire input) [y/N/d/al?

{below: notice, HAIKU identifies the current clause as of the 85 type. Note: all the
intermediate results returned by the metric are only shown here as a trace of
execution; what matters to the user is the closest CP proposed by HAIKU.}

55: new verb with (entirely) new CMP; new CP.

entirely new CMP; no obvious candidate CPs Lo propose
list of close CMPs propesed by the “"closeness metric”:
[THE INPUT CMP PROPERLY UNDERMATCHES: ,
THE INPUT CMP NON-PROPERLY UNDERMATCHES:
,match(2.8125, [psubj.pobj,with, from]},match(1.6875, [psubj, pobj,on.,adv
1},
THE INPUT CMP PROPERLY OVERMATCHES:
.match({2.5, [psubj,pobj.with]) ,match(l.5, [psubj,pobj,adv]).match(1.166
67, [psubj.with]),.match{0.833333, [psubj,pobjl).match(0.666667, [pobj,ad

v]),match{0.5, [psubj,adv]},match(0.25, [pobjl),match(0.166667, [psubjl)
,match{0.0833333, [adv]},

THE INPUT CMP NON-PROPERLY OVERMATCHES:
.match{0.555556, [psubj,pobj,.tol}, . match(0.555556, [psubj,pobj,.picobil).m
atch(0.555556, [psubj,pobj,onl] ), match(0.555556, [psubj,pobj, from] ) ,matc

h(0.0833333, [psubj,to]),match{0.0833333, [psubj, for]}.match(0.0555556,
ipsubj,on, in]}!

Candidate CPs with example sentences for the closest CMP (psubj-
pobj-with-from):
CP: agt-obj-inst-1frm Ex:
[this,letter,was, prepared, by, tom,with, the, new, computer, from, the, other
, room]
current clause's main verb (infinitive): modify
current clause‘'s CMP (or a permutation): psubj-pobj-with-adv
most probable or closest CPs, which are of compatible length:
{agt-obj-inst-1£frm]

NEW CP: list of 28 legal Cases in HAIKU

agt:agent: benf:beneficiary; expr:experiencer; inst:instrument;
obj:object: recp:recipient; caus:cause; manr:manner; val:value;
eff:effect: purp:purpose; freq:frequency: tat:time_at;
tfrm:time_from; tto:time_to; ttru:time_through; dir:direction:;
lat:location_at: lfrm:location_from; lto:location_to; ord:order;
l1tru:location_through; ornt:orientation; cont:content;
excl:exclusion; acmp:accompaniment; matr:material; meas:measure.
REM: A CASE MAY BE SUFFIXED WITH A *'?' TO DENOTE UNCERTAINTY

(e.g. lat?).
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here is what the emDict knews about this Case mark
{format: Case(COmmonness, Example): C€O=1l:common, CO
matr(l,The pie was made WITH APPLES.)
acmp (l,He came WITH TEEM.)
tfrm{1,WITH THE GUESTS GONE, things have returned to normal.)
manr{l,He did it WITE PANACHE.)
inst{l,The window was broken WITH A ROCK.)
cont{l,I am concerned WITH THE ECONOMY.}
recp{l,She left her car WITH ME.)
caus (2,He trembled WITH FEAR.!
eff(2,The battle will end WITH DEATH.)

please enter the new CP {(e.g. agt-obj-tat),
or enter 'h' to see the current input string and CMP,
or CR to abort ["new CP"/h/CR]? agt-obj-inst-manr
CMP & CP will be paired as follows: psubj’/agt pobj/obj with/inst
adv/manr ; Correct [n/Y]?

UPDATING mDict for modify ...

=> modify [psubj-pobj-with-adv]
[{adv, [manr]], [pobj, {obj}], [psubj. lagtl]. [with, [instl]]

UPDATING cmpDict for psubj-pobj-with-adv ...

=> psubj-pobj-with-adv [[agt-obj-inst-
manr, * [bill, unexpectedly,modified, his,data, file,with, the, repl, command
b 2111

UPDATING c¢pbhict for agt-obj-inst-manr ...

=> agt-obj-inst-manr [modify]

CASE STRUCTURES
clauses
[*statement6™,
cage_structurea(
wvarb(modify, tense ( [past_simple] ) ,neg(yves),
advs( [unexpectedly, tokens( [unaxpectedlyi)]).,.trans{tr}}.,
psubj-pobj-with-adv,
agt-obj-inst-manr,
entity(proper_noun(bill),numbex(s8g3),tckens( {bill])).,
[entity(determinatives(deter(his)),head_noun({noun(file,
noun_modifiers(pre_modif ([datum])))),number(sg3).,
{---}
[main_wverb_modif (advs( [unexpectedly, tokens{ [unexpectedlyl)}l)).
clanse_modif (nil)l)]

HAIKU semantic analysis (cpu time) : 2.417 second(s).
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Appendix F: HAIKU’s CA Processor

This appendix contains the listings of the two major Prolog files that constitute the
HAIKU Casc-based semantic analyzer: HAIKU_SA. PL, the Case-Analyzer driver, and
HAIKU_CA.PL, the individual-clause Case Analyzer — sce section 4.3. Two other files
that are part of HAIKU but which do not appear below are its list of (domain-
indcpendent) prepositions and the Cascs they mark (which was extracted from [Barker ez
al. 93)), plus the closeness metric (which is described in section 4.6).

Note: the end of section F.1 (HAIXKU_sA. PL) also presents the Prolog code for the pronoun
explicitizer (sce 3.5). This processing takes place right after parsing and just before Case
analysis.

359



Appendix F: HAIKUs CA Processor

F.1: The CA Driver

/**'t.**...'t"'."..'.'."!"1.‘..1'.""‘..-....lbﬂlIl..tl.....t.t-.‘q.-....:

s* £ile: HAIRKU_SA.PL b
/* version: July 20, 1993 .
/* author: Sylvain Delisle A

rAAAALMRALLLELLALLALLLLEAAAARMAAALALAA LML ALLLRLELALAA AN AL LA R AL ALLE N

;= dynamic previous_PT/1.
;1= volatile previous_PT/1.

:= assert(haiku_version(20,7,931}).

l..-t.i.it'*-tﬁ"-iit.i'ﬂ**ﬁtﬂ**tﬂitﬁ*ﬁ.*ﬂﬂ**ﬂ*i..Qﬁ...iﬁt"l‘i..i‘.ﬁQ...‘.Qﬁ./

/* SA : (used by proceed_with_haiku_sa in dipett_l) ./

sa(Syn,Sem) :-
on_exception(Msg,
haiku_sa(Syn, Sem),
display_exception_message_and_fail__SA(Mzg)).

display_exception_message_and_fail__SA(Exception_Message) :-
nlp. nlp, writep('HAIKU_SA STOPPED for the following reason:'),
nlp, writep{Exception_Message), nlp, nlp, !, fail.

/it.'ﬁ*"ﬁ**'*'***iﬂt'...'-.'ttﬁ'iit‘.tﬁ.tt.*i'tﬁtﬁ-‘ﬁ‘."t‘iﬁ.t.t.i-t..t..l‘.,

/* HAIRU_SA : (used by sa) */
lt ./
/* In order to perform CA we must collect all clauses. They are located in s/
/* nominal clauses (to_infinitive_clause, genitive_ing_clause, ing_clause, >/
/* certain rel_clauses, wh_interro_declarative_clause, and that_clause) or in*/
/* statements. Amongst the 6 types of nominal clauses, the first four are *7

/* not defined in terms of ‘'statement', the 5th may, and the 6th is. This ex-*/
/* plains why we first search for the 4 first types of nominal clauses and ./
/* then for statements (see haiku_sa_0 & extract_top_nom_clauses). */

haiku_sa(In_PT,nil) :~-
fas('parse_tree__inter',In_PT,LSAT), LSAT \== [].
nlp, writep('Semantic analysis ABORTED: the current input ic a '),
writep('question!’),
nlp, nlp. replace_previous_PT(In_PT).

%haiku_sa(In_PT,nil) :-
fas('parse_tree__title_or_caption', In_PT,LSAT), LSAT \== [],

2 nlp, writep{'Semantic analysis ABORTED: the current input iz a '},
% writep('title or caption!'),

% nlp, nlp, replace_previous_PT{In_PT).

>

haiku_sa({In_PT,Sem_Struct) :-
fas('parse_tree__ frag',In_PT,LSAT1)., LSAT1 \== [],
fas {'sentence_fragment'.,In_PT,LSAT2), LSATZ \== [].
nlp, writep('** CA: the current input iz a seriec of fragments ...'), nlp,
replace_previous_PT{In_PFT),
ext(n, frags, sentence_fragment, In_PT,_Out_PT,A_List},
A_List =.. [frags|!FRAGMENTS]],
haiku_sa_fragments (FRAGMENTS, [1,Sem_Struct).

/* LOOKING FOR CONJOINED VERE PHBRASES (VPz) ... 7
haiku_sa({Input_PT,Sem_Struct) :-

/* Getting rid of 'nil*/'[]' elements ... */

360



F.1: The CA Driver

zap_nilz{Input_PT,In_PT_ok}, !,

ext(1l,coni_VPl,conj_wps.In_PT_ok,_,A_List_VPs),

{{A_List_VPs == conj_VPl{(l]). % No conjeined VPs!
PTS = [In_PT_ok]) ;
(A_List_VPs \== conj_VPl([]}, % Yes, conjoined VPs!

A_List_VPs = conj_VPL{{[_,CONJ_VPSII),
ext(n,conj_VP2,predicate, CONJ_VPS, _,A_VP_List),

A_VP_List = conj_VP2{(VP_List}, length(VP_List,Ll),

nlp, writep{'WARNING! The input contains '}, writep(Ll),

writep{' DISTINCT CONJOINED VP(s):'}, nlp, writep{CONJ_VPS), nlp, nlp,
writep{'Semantic Analysis will proceed according te this '),
writep('inference rule:*),

nlp, writep(' SUBJ |[VPLI & VP2 & ... & VPN! =>'), nlp,
writep{® SUBJ VPl, SUBJ VP2, ... ., SUBJ VPN.'). nlp,
writep('An input containing N (distinct) '),

writep('conjoined VPs will generate N clauses for HAIKU.'), nlp. nlp,
haiku_sa_l_VPs(l,In_PT. ok, CONJ_VPS,VP_List, [].PTS))},
haiku_gza_l_Verbs(PTS, [], Sem_Struct).

T o S e L L T LA LR T T T

haiku_sa_fragments([], Sem_Struct,Sem_Struct)
haiku_sa_£ragments ([ [_.FRAG_H] |FRAG_T], Sem_Struct_in, Sem_Struct_out}
haiku_sa{FRAG_H, Sem_Struct_H)}, !,

{ {Sem_Struct_H = [logical_input(_,_,_._, *CASE STRUCTURES' {[X]1}}], var({X),
writep{'> EMPTY CLAUSE: CA cannot be performed on this partial input.'),
nlp, nlp)

true), !,

append (Sem_sStruct_in, [Sem_Struct_H], Sem_Struct_0),

haiku_sa_fragments{FRAG_T, Sem_Struct_0, Sem_Struct_out).

P T L O g L L LTS R L T S S L T

haiku_sa_1_vPs{_,_In_PT,_CVPS,[],PTS, PTS) -1,
haiku_sa_l_VPs(N,In_PT.CVPS.[[_.V?I|T1.PTS_in.PTS_out) H
subst {1,CVPS,VP, In_PT,0ut_PT_temp}, append(PTS_in, {Qut_PT_templ,PTS_in_2},
writep{'>> CONJOINED VPs: clause #'), writep(N), writep(' ... '}, nlp.
writep(VP}, nlp, M is N + 1,
haiku_sa_l_VPs (M, In_PT,CVPS,T,PTS_ in_2,PTS out).

/* LOOKING FOR CONJOINED VERBS ... */
haiku_sa_l_Verbs({[].Sem_Struct, Sem_Struct} =1
haiku_sa_l_Verbs([Input_IT|PT_T],Sem_Struct_in, Sem_Strucz) :-
ext(l,conj_Vvl,conj_verbs,Input_PT,_,A_List_Verbs),
((A_List_Verbs == conj_Vv1{[]}. % No conjoined verbs!
haiku_sa_0{(Input_PT,A,B,C.D,E),
Sem_Struct_temp = logical_input{A,.B,C,D.E)) :
(A_List_Verbs \== conj_v1il[]}, % Yes, conjoined verbs!
A_List_Verbs = conj_V1([[_,CONJ_VERBS]]),
ext{n,.conj_vV2,verb, CONJ_VERBES,_,A_Verb_List),
A_Verb_List = conj_V2(Verb_List), length(Verb_List,Ll}.
nlp, writep('WARNING! The input contains '), writep(L2},
writep(®' DISTINCT CONJOINED VERE(S):'})., nlp, writep(CONJ_VERBS), nlp, nlp,
writep('Semantic Analysis will proceed according teo this °*},
writep('inference rule:*),
nlp. writep(* SUBJ [Verbl & Verb2 & ... & VerbN] COMPL =>'}, nlp,
writep(® SUBJ Verbl COMPL, SUBJ Verb2 COMPL, ... , ‘'),
writep('SUBJ VerbN COMPL.'), nlp,
writep(*An input containing N (distinect) '},
writep{‘conjoined verbs will generate N clauses for HAIKU.'),
nlp, nlp, haiku_sa_1{1, Input_PT,CONJ_VERBES,Verb_ List,Sem_Struct_temp))).
append(Sem_Struct_in, (Sem_Struct_temp], Sem_Struct_out),
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haiku_sa_l_Verbs (PT_T, Sem_Struct_out, Sem_Struct).

haikue_sa_l(_._In_PT._CV,[).[1) -t
haiku_sa_l(N,In_pT,CV, [[_,VERB]|[T]. [logical_input (A.B.C.D,E)|R]Y :-
subst{l,CV,VERB, In_PT,0ut_»pT_temp),
writep('>> CONJOINED VERBS: clause #'), writep(N!', writepi(® ... '), nlp.
writep(VERB), nlp,
haiku_sa_0(Qut_PT_temp,A,B,C,D,E), M is N + 1,
haiku_sa_1(M, In_PT.CV,T.R).

A b T T T e T S R T ST S O S AT o S S e S A

haiku_sa_0(In_PT,
*INPUT STRING'® {(Input_Tokens),
*UPDATED PARSE TREE' {(Updated_PT),
*LOGICAL CLAUSAL STRUCTURE® (LOGIC_STRUCT_ok),
'SYMBOLIC A-LISTS' ([A_List_top coords,A_List_clausesl),
*CASE STRUCTURES' { [Clausal_Case_Structures]))

T=

/* Let's make sure it's not a questien, a caption, or a series of fragments., */

fas({'parse_tree__intexr’',In_PT,LSATl), LSATL == [].

% fas{'parse_tree__title_oxr_caption',In_PT,LSAT2), LSAT2 == [],
fas(‘parse_tree__frag',In_PT,LSAT3), LSATI == [],

/* Fetching the current input's list of tokens ... ol
sentence_tokens (Input_Tokens), !, % thig is asserted in DIPETT_I.

/* “Explicitization” of pronouns ... ./

pro_explicitizer{In_pT,In_PT ok}, !,

/* Extracting clauses from the input parse tree ... ./
extract_top_nom_clauses(nil, In_PT_ok,PT_Out, [],A_List_CL_Out_r),
rev{A_List_CL_Out_vr,A_List_Nom_clausez), !,

/* Extracting the top-level structure ... ./
top_st {PT_Out,TOP_STRUCT, Updated_PT,A_List_Nom_clauces,
CLAUSES_L.A_List_clauses,A_List_top_coords}), !,

/* Extracting the ‘sub’ top-level,"iuccure . «/
sub_st (CLAUSES_L, SUB_STRUCT}, append([TOP_STRUCT], SUE_STRUCT, LOGIC_STRUCT),
zap_nils (LOGIC_STRUCT, LOGIC_STRUCT ok}, !,

TOK = 'INPUT STRING'(Input_Tokens),

UPPT = ‘UPDATED PARSE TREE' (Updated_PT),

LS = 'LOGICAL CLAUSAL STRUCTURE' {LOGIC_STRUCT_ok},

SAL = ‘SYMBOLIC A-LISTS'([A_List_top_coords,A_List_clauses]),
nlp, writep(UPPT), nlp,

nlp, writep_list{LS),

nlp, writep_list(SAL),

nlp, writep(TOK), nlp, !,

/* The ultimatz ztep: perform CA for each and every clauce. !
clausal_Case_Analysis(A_List_clauses,Clausal_Case_Structures 03,
{{Clausal_Case_Structures_0 \== [],

Clausal_Case_Structures =.. [clauses|[Clauszal_Casze Structures 0]),

CS = 'CASE STRUCTURES'{[Clausal_Case_Structures]},

nlp, writep_list{CS), nlp) :

(Clausal_Case_Structures_0 == [], nlp)),
replace_previous_PT(In_PT _ok).

/..li'-'-"*t't"".--.ﬂ-.‘-.'ﬁ-'ﬁ&t.t.ﬁ.'.tt..ﬁi’,-.-.D...l'....-..’.t'.&bltb/
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/* WRITEP_LIST ({uzed by haiku_sa_0) -/
/. "/
/* A zimple "pretty-printer" for HAIKU's output structures. 7

writep_list(L)} :-

L =.. [H]ITI]., # A== *.*, !, writep(H), nlp, writep_list2(T}.
writep_list(L) :-
L =.. [H|T], H \== *.', !, writep{H), nlp., writep_list2(T).

writep_lise(X) :- writep({X), nlp.

L

writep_list2([])

writep_list2([L[M]}
L =.. [H[ITI], H \== *'.', !, writep(' '), writep(H}, nlp,
writep_list3(T), writep_list2(M).

writep_listc2 ([L[M]} :-

L =.. [H|T], H \== *_*, !, writep(® *}. writep(H). nlp,
writep_liszt3(T), writep_list2{M).
writep_lise2(X) 1- writep(® '), writep(X), nlp.
writep_list3([]) = L.
writep_list3([H|T]) :- writep(' '), writep(H), nlp, writep list3(T).
writap_list3(X) :- writep(' '}, writep(X), nlp.

P L L L A e a ah a e A sl s ok an b b L L B R  E E R S L T
/* For pronoun explicitization: saving the previous parse tree. */

replace_previous_PT(In_PT) :-
retractall (previous_PT(_)). assert(previous_PT(In_PT)).

/Q...-t..'t-.'...'t.wtiﬁ*t"i.‘***.***i.‘ﬁ#***.'ﬁﬁ**'*.**"'*t‘*#."ﬂ"h".iﬁ't,

/* ZAP_NILS {used by haiku_sa_0) */
/" . */
/* This predicate eliminates nils and []'s from the input parse tree. We */
/" need two phases (i.e. passes) in order to eliminate 2nd order nils. */
/* 'zap_nils' also eliminates redundant list of tokens that were introduced */
/* in the parse tree if the *include phrase tokens in the parse tree" sub- */

/* option, in option D of the parsing menu, was selected (i.e. activated). ~f

zap_nils(In,0ut) :- nils_of£f(In,0utd), nils_cff(Outl.Out).

nils_off (X, X) - var(X), !.
nils_off (¥, X) 1= atomic({X), !'.
nils_off({tokens(L) | [tokens(L) |T]], [tokens(L) |R]) :- nils_off(T,R}.
nils_off([H|T],Y) =

functor(H,F,1}, F \== *.*', (H =.. [F,nil]l : H =.. [F,[]]}, !, nils_off(T.Y).
nils_off{[H[|T], [H2|T2]) i-

', nils_off(H,H2}), nils_off(T,T2).
nils_off (X, Y} =

functor(X,F,_), ¥ =.. Z, nils_off(z,Y0},

{({Y0 == [F], Y =.. [F.nil]l) : % Introducing an arcificial 'nil':

(YO \== [F], Y =.. Y0)}. % we eliminate these in the 2nd pass.
/Ql.tt.i'l.Q!'.Qt!‘t.'ti't“ti‘ii.'-t't't*'t"-"""'i"-*"'*t*'tﬁtﬁwﬂ'*"*"*.'/
/* EXTRACT_TOP_NOM_CLAUSES {(used by haiku_sa_0) */
I */
/* Starting from the highest level, this predicate extracts nominal clauses */
/* and handles correctly embedded clauses. The first parameter, 'Restric’, -/
/* is necessary in order to aveid infinite recursion: since ‘ext' handles -/
/* embedded situations for a given functor, we must aveid attempting to find */
/* such a functor within an occurrence of the same functor here. */

1 | extract_top_nom_clauses{Restric, In_PT,Out_PT,A_List_CL_In,A_List_CL_Our)
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LJAList_CL_In.A_List_CL_outly,

extract_nom_clauses({Restric, to_infinitive_clause,
PT_outl,PT_outl,A_List_CL_ourti.A_List_CL_outl).

axtracr_nom_clauses{Restric,genitive_ing_clause,
PT_out2, PT_out3,A_List_CL_outl,A_List_CL_outl),

extract_nom_clauses (Restric, ing_clause,
PT_out3,PT_outd,A_List_CL_out3,A_List _CL_outd),

extract_nom_clauses(Restric,wh_interro_declarative_clause,
PT_outd,Out_PT,A_List CL_outd,A_List_CL_Out).

extract_nom_clauses(R,R,In_PT,In_PT,A_List_CL_In,A_List_CL_In) HES I

extract_nom_clauses(_,NOM_CL, In_PT,Out_PT.A_List_CL_In,A_List_CL_Out} :-
ext (n,out,NOM_CL, In_PT,Out_PT,A_List), A_List =.. [out||[CLAUSES]I,
CLAUSES \== [], !,
extract_nom_clauses_2nd_lev(NOM_CL,CLAUSES,CL_Out,A_List _CL_In,A_Ligt CL_1),
append (A_List_CL_1,CL_Out,A_List_CL_Out).

extract_nom_clauses(_._,In_PT, In_PT, A_List_CL_In,A_List_CL_In} PR

extract_nom_clauses_2nd_lev{statement, In_PT,In_PT.A_List_CL_In,A_List_CL In} :-
1

extract_nom_clauses_2nd_lev(Restrieg, In_PT,Qut_PT,A_List_CL_In,A_List_CL_Qut) :-
extract_top_nom_clzuses(Restrie, In_PT,PT_outl,A_List _CL_In,A_List CL_outl),
extract_nom_clauszes(nil,
statement, PT_outl,Out_PT,A_List_CL_outl,A_List_CL_Out).

/*‘**ﬁ**.*'*"#*ﬁiiﬁ"-"--"'--.t'ii--t-‘t..ltt.&..'....Q.tl'...liblt.th.ﬁi.l.th/

/* TOP_ST: (used by haiku_sa_0) ./
/™ ‘7
/* This predicate extracts the top-level structure of DIPETT parse troes. ./
/* Such a structure contains the main clauses (statements) as well their */

/* joining coordinators, if any. A call to top_st(PT.A,B,C.D) will unify A */
/* with the top-level structure, B with the updated parse tree {1.c. the ori-*/
/* ginal input parse tree PT in which symbolic tags have replaced top-level 7

/* clauses and coordinators), € with the a-ligt of clauzmes, and D with the ./
/* a-list of coordinators. ~/
/* Note: We have '‘mult_coor_cl®', ‘correlative ...', or ‘'cnord' (or nil}. ./

top_st{In_PT, top_structure(L),PT_2.A_List_Nom_clauses,
CLAUSES_L,A_List_clauses,A_List_top_coords) :-

ext (nn, clauses, statement, In_PT,PT_1,A_List_statements),

{{ext(n, mult_coord,mult_coor_clauses,PT_1,_,A_List_top_coords_0),
A_List_top_coords_0 =.. [mult_coord|[MC]], MC \== [],
ext{l, mecc_c,coord MC,_,mec_c ([ [SYMB_COORD,COGRD]I]}),
A_List_top_coords = coordinators([[SYMB_COORD,COORD]]},
PT_2 = PT_1, MULT = true) ;

lext(n, coordinators,coord, PT_1,PP_2,A_Lict_top_coords),
MULT = falge)}, !,

fag('~',pT_2,L0),

A_List_statements =.. [clauses|[CLAUSES]],
append (CLAUSES, A_List_Nom_clauses, CLAUSES_L},
A_List_clauses =,. [clauses]|[CLAUSES_L]I,

({fas{'correlative_compound_centence',PT_2,CC3), CCE == [], !
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LY = [Cl,81.82,82]7.
find_omb_subordinators (SL.CLAUSES_L,Now_S1t,
find_emb_subordinators {82, CLAUSES_L, New_S2),
LO0O = [[Cl.New_S1).[CIl.New_SZ11)
frorv (LC,CLAUSES_L,L0O0O) )Y,
{ (MULT == true, insert_COORD_inMULT{(LO0Q,SYMB_COCRD, LODYW)

{(MULT == false, LOO = LOOCO)),
length(LO0,Le), {(Le =< 1, L = LOO} : (Le >~ 1, L = [LOO1)).

B e B b ok o T Sl R e ok b o S o e b ek bt K R L
/* Handles the '‘mult_coor_clauses® special case by explicitly re-introducing *

/* the coordinator between the three or more constituing statements. .
/* For example, we must change [*statementl®, *statetmentl*, *statementd*] into */
/* [*statementl®*, *coordl®*, *statementl®, *coordl™*, *statementlit]. ./

insert_COCRD_inMULT((}._,[1) - .
insert_COORD_inMULT([H|T], SYMB_COORD, [H|New_TI} :-
fas(*'*statement’,.H,L}, L \== [], !,
{(T \== [}, New_T = [SYMB_COORD|Restl} ;
(T == [], New_T = Rest)),
insert_COORD_inMULT (T, SYMB_COORD,Rest) .

,-t-'---t-tt-tttttttwtwttwtwt.wt.at.tw-tﬁtﬁtﬁ.Qttt..tt.o.ﬁ-.cg-g-g.qq-.o..-.-./

/* FTST: (used by top_st) .
/* ./
/* ftst (find top structure): fine-grained analysis launched in "top_st'. s/
/* Ex., arg. ¥l: [*statementl®,*coordl®, *statementl®, *coordl*, *statementld*].  */

frse({]l._. 11} = 1
ftst{[H]T].CLAUSES.[Hl[New;T]]) r-
fas{®*coord’' ,H,L), L \== [], length(T.LT), LT > 1, !, ftzt(T,CLAUSES, New_T}.
fest([H|T),CLAUSES, [H|New_T]) 1=
fas{**coord’' . H,L}), L \== [], !, ftot(T,CLAUSES,New_T).
frsec{[H|T],CLAUSES, [New_H|New_T]) :-
find_emb_subordinators (H, CLAUSES,New_H), ftst(T,CLAUSES,New_T).

£ind_emb_subordinators (H,CLAUSES, New_H) :-
fertch_Hclause (H,CLAUSES,Helauze),
ext(n,sub_clauses, subordinate, Hclauze, _, sub_clauses (SUB_CL_A_List) ),
({SUB_CL_A_List == [], New_H = H) ;
(SUB_CL_A_List \== [},
extract_sub_cl(H, SUB_CL_A_List,CLAUSES,New H_0),
{(New_H_0 = [New_H] ; New_H = New_H_0))), !.

fetch_Helause(_, [1,_} = Y, fail.
fetch_Hclauze (H, [[H,Eclauzse)l |_],Heclauze) - ',

fetch_Hclause(H, [_|T],Hclause) :- fetch_Hclauze(H, T, Hclause).
extract_sub_cl{_,[1,_,[]) PN

extract_sub_cli(H, [[_,SUB_CL] [T],CLAUSES, New_HT) :-

ext(l,subord, subordinator, SUB_CL, _,LL},

({LL \== gubord([}), LL = zubord{[[_,SUB}]}.
fas('*statement’,SUB_CL,CL), CL \== {], CL = [CL_H],
find_emb_subordinators{CL_H,CLAUSES, New_CL),

New_HT = [[H,SUB,New_CL] |New_T],
extract_sub_cl({H,T,CLAUSES,New_T)}

{({(T == []. New_HT = [H|New_Tl} ; (T \== [}, New _HT = New_T)}},
extract_sub_cl(H,T,CLAUSES,New_T))).
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/* ooup_ore tuged by halku_sa D) ./
/* */
/* U hers idencify the sub-structure (wo ‘top’) of main statements by lo- */
/* cating 'econj_nem_cl' within ‘statement’ (s). ~/
sub_zst([],[]) P
cub_ct ([H|T], [structura (3,5 _st) |R]) :-
H = [5,5T]. extin,conj_cl,conj_nom_cl,ST,_.conj_cli[[_,S5_stll)},
cub_st{T,R}.
sub_st{[_|T].R} :- sub_st(T,R).

/hn--pbtt-.tt.t-tﬁ-tn--c-o-o--.'tt-.tt..t-ttwtttt.wtowwtwwwtwtttttttt*wvtttwtw/

/* EXT: extracts all the different ST_ID (functor name) subtrees of an input */
/* parse tree In_PT and outputs the parse tree with ail the ST_ID subtrees */
/* replaced by a cymbolic tag, as well as the a-list of each tag with their */
/* asscociated subtree. ‘ext® handles correctly parse trees {or in fact, any */
/* legal Proleg structure) in which there are many occurences or embedded oc-*/
/* currences of ST_ID structures. However, it should be noted that ‘ext' does*/
/* not handle entirely correctly duplicates which happen to be also embedded:*/
/* this iz so for ext(b_list,b,a(b(99),£f(w).b{b{99)}).K,L) because of b(99). */

A ny
/* Here ic an example ("extract subtrees beginning with a 'b* functor ...*}: */
/* ext(symb,b,a(12,b{f{g)).hi(g),.b(33,a,b{b(39}})).,.X,Y¥) returns )
J* X = a(l2,**b7*' . hiqg),'*b8**}, */
/* Y = oymb([[**b7**.bif{g})]. -/
/I [**bB**,b(33,a, ' *b9** )], [**bo* ', b( ' *bl0**)], [**bl0*" ,0{99)1]1]) */
/* Note: alien symbols, introduced by ‘ext', begin and end with °'*'. */
/I */

/* Remark: this predicate is also used in several places in ‘HATKU_CA.PL'. -/

oxt (TYPE,ST_ID_F, ST_ID, In_PT,NewPT, Symb_Assoc__A_List) :-
{(In_PT \== nil, In_PT \== []. In_PT \== error), !,
ste(ST_ID, In_PT,ST_List},
.subst_in_PT{TYPE,ST_ID,In_PT,ST_List,A_List_temp,NewPT, [], EmbL),
process_emb (ST_ID,A_List_temp, EmbL,A_List),
~calrer A_List{NewPT,A_List,A_List,A_List_ok),
Symb_Assoc¢__A_List =.. [ST_ID_F|[A_List_ok]].

oxt ( PT.PT.[[11]) 1= 1,

— ¥

/.t-.n..-..o.t.t-.o...-t--ttttttt.-'tttw--t-ttttttttttttttwtttttt*ttwtw'twt***/

/* STE: (used by ext, and several others } */
/i >/
/* "Sub-Tree Extract®” is a predicate which finds all the szubtrees of an arbi-*/
/* trary Prolog tree T having a specific functor name F. If 5 does not con- */
/* tain at lecast one occurrence of F, 'ste’ returns ‘[]'. 'ste’ handles cor- */

/* rectly multi-occurring Fs, as well as embedded Fs. */
',l. 'I
/* Example: stei(b,a(l,b(2),3,c{4.b(5},e(b)).b(b{b(99)})),L) returns !
/e L = [b{2).b{5).b(b(b(99)}),.emb{ib(b{99)},emb([b(99}1)1)]). */
ste{(_,T.[]1) :- tatomic(T} ; var(T}), !'.

ste(F,T,L) = (functox(T.F,_} : % functer F, OR FO

{functor(T,F0._). fas(F,F0,[(F0]))}), % with F as a prefix.
F \== *,*, T =.. TL, ste(F,TL,Ll), append_emb(([T],L1,L), !.
seel_,[]..) - ', fail.
ste(F,[T].L) i- ste(F,T.L}, !.
ste(F, [TH|TT].L) :- ste(F,TH.Tl)., ste{F.TT,T2), appendiTl,T2,L}.
ste(F,T.L) := functor{T.G,_), !, G \=="'_*, T =., TL, ste(F,TL,L}.

append_emb (X, []1.X) :
append_emb (X,Y,Z)  :- append(X, {emb(¥}],2).
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/v SUBST_IN_PT (used by oxt) .
/' -
/* This predicate serves two functions. First, it contrsls the substitutien o
+* of subtrees with symbolic tags in a parse tree. Sccond, it collects all .
/* the symbolic tags associated with embedded subtrees in order to procenns .
/* these scparately afterwards (see 'process_emb' belowd. .

subst_in_PT{_,_,NewPT, [], [],NewPT, EmbL, EmbL)
1
subst_in_PT(T,ST_ID,PT, [emb (ST} |ST_T].A_List, NowPT, EmbLO, EmbL)
append (EmbL0, [emb (ST} ], EmbL1}), !,
subst_in_PT(T,ST_ID,PT,ST_T.A_List,NowPT, EmbLl, EmbL) .
subst_in_PTll.ST_ID.PT.[ST_HIST_T].[[Gen_ST_ID.ST_HI|ST_T1.NowPT.EmbL.EmbL) A
', gensym_'*' {ST_ID,Gen_ST_ID)}, subst{l,ST_H,Gen_ST_ID, PT.NcewPT).
subst_in_PT(T,ST_ID.PT. [ST_H|ST_TI], [ [Gen_ST_ ID,ST_H] [R],NewPT, EmbL0, EmbL) =
gensym_**' (ST_ID,Gen_ST_ID), subst{T,ST_H,Gen_ST_ID,PT,NowPT_ temp),
subst_in_PT(T, ST_ID,NewPT_temp,ST_T.R, NewPT, EmbL0, EmbL} .

/* We concatenate a *'*' character to the beginning and the end of the genuym */

/* symbel in order to differentiate symbols introduced automatically with v/
/* those found in the input., For example: ‘*statementl*', **coordl7?*', ctec. */
/* Note: used by 'subst_in_PT' and ‘'update_A_Lisct_with_cmb'. ./

gensym_'*'(In,Qut) :-
atom({In), gensym{In,Out2), name(Out2,L2},
append([42],L2,L1), append(Ll, [42],L0}, name(Out,L0).

/*ﬁ‘Q.Qtﬁt't'.-"tt.ttwttt't'.t*wt'w'uw..ttt..tttt.-......-...n..tt.lt.l...t../

/* SUBST: (used by subst_in_PT, update_A_List _with_omb, and coveral others)y ¢/

/* ./
/* A classic: see details in Clocksin & Mellish or Sterling & Shapiroe! )
/* substi(n,0ld,New,0ldTerm, NewTerm) : NewTerm ic the result of roplacing ALL */
/* oececurrerces of 0ld in OldTerm by New. v/
it ./
/* The “1st only" version was provided by Feliks Kluzniak {(via S.Szpakowicz).*/
/* subst(l, + A, + B, + X, +- Y }: */

/* If the term X contains occurences of term A, replace thoe FIRST occurrence */
/* of A with B and try to unify the result with Y. If ¥ does not contain any */

/* occurrences of A, try to unify X with Y. */
subst (n, 01d, New, 0lad, New) 5= 1.
subst{n,_0ld, New,Val,Val) :- atomic{Val), !.

subst{n,0ld,New,Val, NewVal) :-
funcror({val,Fn,N}. functor(NewVal,Fn,N), subst_argc{N,Old,New,Val, HewVal) .,

subst{1,A,B,X.Y) :=- s{A,B,%,2}, !, ¥ = Z.
subst (1, _A,_B,X.X).

FAd FRrRrTararararpraRraTRr RS RS S SR PR TR Y bk 2 T L L LIS L L LSS RS R L S L L R E -/

* zubst/S handles compound terms by iterating over N, Fn's number of args.  */
subst_args(0, _,_._..) LT I
subst_args(N,0ld,New,Val,NewvVal) :-
arg(N,Val,Oldarg), arg(N,NewVal,NewArg}, subst(n,Qld,New, Oldhrg, Newhrqgl,
Nl is N - 1, subst_args (N1,O0ld,New,Val,NewVal).

/" s{ + A, + B, + L, - result ): ~/
/* Replace the lst occurrence of A in X with B. Fail if no such occurrence. */
s{A,B,X.B) - A==XK, I

s(_A,_B.X,_) 1= (war{X} ; atomic(¥)), !. fail.

s{A.B, [H|T). [NH|T)) :- s(A,B,H,NH), !.

c(A,B, [H|T]. [H|NT]) :- !. =(A.B,T.NT).

s(A,B.X,Y) :~ % =.. [F|Azrgs], slh,B.Args,NArgs), ¥ =.. [F|NArgsl.
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/* PROCECS_EME (uszed by ext)

,l

/* Cuntrols the updating process of the symbolic table for inputs in which

/* embedded cubtrees have been found. Notice that it is not the parse tree

/* which must be updated here but the '‘symb_assoc® (a-list). This updating

/* takes place as a post-processing step in the definition of ‘'ext'.

process_emb(_,A_List, [],A_Lizst)

process_emb{ST_ID,A_List_in,EmbL,A_List_out}
wliminate_emb_sym(EmbL, (], EmbL_ok},
update_A_DList_with_emb(ST_ID,A_List_in,EmbL_ok,A_List_out}.

/* We can now eliminate the ‘emb' functors: only a hindrance at this point!
eliminate_emb_sym{(],L,L) U
aliminate_emb_syn{[emb(X) [¥],L1,L2) :-

', eliminate_emb_sym{X,L1,L3), eliminate_emb_sym(Y,L3,L2).
eliminate_emb_sym({[%X]|Y],L1,L2) r=

append (L1, {#],L3), eliminate_emb_symi(Y,L3,L2).

/* The actual updating of the a-list, using the 'subst' predicate again.

update_A_List_with_emb{_,A_List,[],A_List) HE N

update_A_List_with_emb{ST_ID,A_List_in, [ST|R],A_Lisc_out) :-
gensym_*' ** (ST_ID,Gen_ST_ID), subst(n,ST.Gen_ST_ID.A_List_in,A_List_temp),.
append (A_List_temp, [ [Gen_ST_1D,ST]],A_List_ok).
update_A_Lizst_with_emb(ST_ID,A_List_ok,R,A_List_out).

/nawotuowtaw-w-tt.-ooo-c.----t.o--t-nwwtwwoto-www.twwawuwwwwtwwq—wtwwtwwttwtwa

/* FILTER_A_LIST: (used by ext)

/t

/* Ensures that all symbolic tags contained in the a-list are actually used
/* in cither the “new* PT or in the a-list itself (for embedded cases). This
/* preodicate was designed to remove useless duplicates in the a-list.

,.

/* For example, ext(b_list,b.a(b{99),£f{w},=(b(93)}),.K,L}) returns

/* K = a(**b3~',f{w),=("*b3*")).
/* L = b_list({[**b3*",bi{99}1]).
filter_A_List{_NewPT,_A_List,([].,[l} = 1.

filter_A_List (NewPT,A_List, [[ID,ST] [Rest], [[ID,ST]|Rest2]) :-
(f_mem{ID, NewPT) :
{delete(A_List, [ID,_).A_List_temp), f_mem(ID,A_List_temp}}), !,
filter_A_List (NewPT,A_List,Rest,Rest2).
filter_A_List (NewPT,A_List, [_|Rest],Rest2) i-
filter_A_List{NewPT,A_List,Rest,Restl).

/* F_MEM checks whether a certain symbol appears in an arbitrary Prolog term,

/* Remark: this predicate is also used in several places in 'HAIKU_CA.PL'.
f_mem(_,S) = vari{s), !, fail.

f_mem(_.[]) = !, fail.

f_mem(F, 5} = atomic(s}, !, F == 8.

£_mem(F,S) ;- functor(S,F._). !

f_mem(F, [S_H|S_T])} :- f_mem(F,S_H} :; f_mem(F.S_2).

f_mem({F,S) 1= functor(s.G,_). !, G \=="'.*, § =.. X, f_mem(F,.X).

*/
v/
*/
~/
v/
*/
-/

*/

>/

v/
~/
~/
*/
*/
*/
*/
>/
>/
*/

>/
*/

/.tﬂﬁ‘t't"ﬂﬁtt....Q'Q1*..QQQ.'.-.ﬁ"t‘...-.‘-'.‘."ﬁ‘-'-".."."'."."t*‘.'t/

/* FAS: (used by top_st and several others)
/I

>/
*/

/* "Find all symbols® is a predicate which finds (and collects in a list) all+/

/* symbols in an arbitrary Prolog structure T that begin with the prefix F.
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/.
/* Example: fas(a.w(l,33,a<5,ert, a9, ®(lip,a.2))'. 1) returns
/™ L = [a45,a%i,a!

fas(_.[1.[1} - L.
fas(_.7T.i1 = var(T), !.
fas(r,T,. [T - atomic(T), pretix_subchar(F,T), !'.

fas(_F.T.[])
fas(F, [TH[TTI.L}
fas(F,T.L}

- atomic(T), !.
- fas(¥,TH,T1), fas(F,.TT.T2}), append(Tl,TI,L).
- funcetor(T.G._}. !, G A== *,*, T =.. TL, ftas{F,TL,L}.

YRR T

prefix_subchar(F,T) :-
name (F,A), length(A,L),
name {T,B), atom_chars(T0,B}, subchars(T0,A.0,L).

F.I: The CA Driver

/t-t.ttt"t't.t*"ﬁﬁ‘.ﬁ'..‘...ﬂ...ﬁ..“iﬂ..*...'...‘Qﬁﬂ...Q.t.i..ﬁ.Q...Ql.....t’,'

/* PRO_EXPLICITIZER (used by haiku_sa_0)
/t

-
i

LS

/= This processor is used right after parsing and just before CA. Its role in*/

/* to replace, whenever possible, occurrences of pronouns by explicit onti-

/* ties in order to avoid indefinite elements of knowledge during the KA pro-

/* cess. For instance, if an input contains an 'it*, the *explicitizer® will
/* assist the user in identifying its referent which may be located in the
/* same input or, in the worst case considered here, in the previous input,

/* The input DOES NOT contain a single pronoun ...
pro_explicitizer(In_PT,In_PT} :-
fas {'pers_pron',In_PT,Ll), L1 == (], fas('poss_pron',In_PT,L2), L2 == [1,
fas('pron’',In_PT.L3), L3 == [], fas('reflex_pron',In_PT,L4), L4 == [],

/* Otherwise, it does ... and explicitization will have to take place.
pro_explicitizer{In_PT,Out_2T) :-
var{Out_PT), % filtering out a call from eliminate_ref_cntities below.
nlp, writep{‘'Proceed with *"pronoun explicitization® [n/Y[? '},
read_answer (PRO),
((PRO == n, Qut_PT = In_PT) :
(PRO \== n,
collect_In_FT_Entities(In_PT.Entities_L,Pronouns_L),
writep('ANAPHORA "EXPLICITIZATION® PRE-PROCESSOR ...'), nlp, nlp,
writep('ENTITIES IN CURRENT PARSE TREE (OR CLAUSE}: '), nlp,
writep(Entities_L), nlp,
writep(‘'PRONOUNS IN CURRENT PARSE TREE (OR CLAUSE}: '), nlp,
writep(Pronouns_L). nlp,
expligitization(In_PT,Entities_L, Pronouns_L,Qut_PT,0))).

F A B S O e ettt L L SR S L LR SRR Rl g

/* Entities: looking for the ‘'entity’ functor in the parse tres,
collect_In_PT_Entities(PT,L1.L2) :-
stelentity,PT,10), eliminate_ref_entities(LO,L1,L2).

eliminate_ref_entities([],[]1.1]) T
eliminate_ref_entities{[emb(L)|T],T2,T3) :-
i\, appendiL,T,T0), eliminate_ref_entitiez(TO0,T2,T3}.
eliminate_ref_entities([H[T].[H|T2].T3) 1-
H =.. [entity|R]. R = [F|_), pro_explicitizer(F,F}, !.
eliminate_ref_entities(T,T2,T3).
eliminate ref_entities{{H|T]1.T2,[H|T3])) :- eliminate_ref_entities(T,T2,T2}.

“/
s/
./
*/
¢/

./

./

“/

s

".-'..-"'*"'Q.'--.'.-'t't"t"..ﬁﬁ'ﬁ..iiﬁﬁﬁi...-t"..'-lt.l.bb..l.ﬁ..h...../

/* EXPLICITIZATION (used by pro_explicitizer)
/i
/* High-level of explicitization itself. when the referent of a proncun is
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/= feund, we replace lts ooecurrence in the parse tres with the referent's )
/* nub-tress, Plus, wi change the 'ontity' functor name te a "special” name in</
/* nreder to indicate that this gntity was found via proncun explicitization. */
/* Here are the spoclal functor names: entity_pro, entity pro_generic, ./
J* ontity_pro_empty, ontity_pro_new NP, and entity_pro_unknown. ./
/" 7
/* The tifth parameter (F) indicates whether we are in a recursive call in v/
/* which we are examining the previous parse tree. In that situatieon, F is -/
/* net teo 1. Notice that there is only one previous parse tree (no second */
/* previous parse tree for instance) and that this previous tree corresponds */
/* in fact rto the most recent (successful) preceding parse tree. ~/
explicitization{Out_PT,_,[].,0ut_PT,_) r= 1,

explicitization{In_PT,Entities_L, [P_H[P_T].,Out_PT,F) :-

F == .
{t{P_H = entity(ref(pers_pron{X}).,_._)
{#£ == 'i* ; X == 'you" ; X == ‘we'})
(P_H = entity(ref(pron{one)),_,_) : P_H = entityl(ref(pronione)}._))},
nlp, writep(*® Trying to find a referent for: '), writep(P_H},
nlp, writep(' > FOR THIS PRONOUN, SUGGESTING “generic*®, OK [n/Y]? '),
read_answer (GEN),
{(GEN == n, fail) ;
{GEN \== n,
qet_final_referent (2, P_H, REFERENT, NEW_FUNCT},
nlp, writep(' >> anaphora resoclved: new functor iz '},
writep{NEW_FUNCT). nlp,
change_functor (REFERENT, _, NEW_REF, NEW_FUNCT._).
subst (1, P_H, NEW_REF, In_PT,Out_PT_temp},
explicitization{Out_PT_temp,Entities_L,P_T,Cut_PT,F)}).

P_H = entity(ref(pers_pron(X)}._)).

wxplicitization(in_PT,Enticies L, [P_H|P_T].Out_PT,F; :-

((F == 1,
nlp, writep('Examining the previous parse tree ...'),
nlp, writep{'(previous parse tree = most recent preceding parse tree '},
writep('or clause)*'). nlp) :

F == 0},

ecliminate_impossible_referents(P_H,Entities_L,Entities_L_0),

nlp, writep(' Trying to find a referent for: "), writep(P_K), nlp,
writep(' List of candidate entities in this input: *), nlp,
length(Entities _L_0,N),

display_lise_of_CPs{Entities_L_0,1,N), % re-using a predicate defined
get_one_REF(Entities_L_0O,N,Selected_Ent), % in HAIKU_CA.PL: no CPs here!

{{Selected_Ent == nil, special_anaph_pro(P_H,F,REFERENT, NEW_FUNCT)):
(Selected_Ent \== nil, REFERENT = Selected_Ent, NEW_FUNCT = entity_pro)},

{ (REFERENT == nil, NEW_FUNCT == nil,
previous_PT(PPT), collect_In_PT_Entities(PPT,Entities_L_PPT,_ ).
explicitization{In_PT,Entities_L_PPT, [P_H],Out_PT_temp.l1l})) :

(REFERENT == nil, NEW_FUNCT == nil,

\+ previous_PT(_J).

nlp, writep(®' !? No previocus parse tree ?!'}, nlp,
special_anaph_pro(P_H, 1, REFERENTZ2, NEW_FUNCT2),

nlp, writep(' >> anaphora resoclved: new functor is '),
writep (NEW_FUNCT2)., nlp.
change_functor (REFERENTZ2, _, NEW_REF, NEW_FUNCT2,_).

subse (1, P_H, NEW_REF, In_PT,Qut_PT_temp)) :

{REFERENT \== nil, NEW_FUNCT \== nil,
nlp, writep(' >> anaphora resolved: new functor is '),
writep (NEW_FUNCT), nlp,
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change_funcror (REFERENT, _. NEW_REFT, NEW_FUNTT, 1V,
subsc(l,P_E,NEW_REF.In_PT,Qut_PT_tomp)i}

Smh g oy SR oo
explicitization(Out_PT_temp, Entitics L, P T.0ut _PT,F).
f‘ ¢—¢¢¢‘¢¢t¢¢0t¢¢¢+ﬁ“‘*‘b‘*#¢¢‘+t¢b¢+¢t+++#F#&D¢+++ﬁFOGtQ#DP#PiOtf#0b‘tr" .

/* IMPOSSIBLE: not very discriminating for now. No semantic restrictions tor *
/* ingstance. Only based on number agreement. Simplistic but cheap ... .
eliminate_impossible_referents(_,1].[]) - !
eliminate_impossible_referents(P_H, [E_H|E_T], {E_H|E_T21} :-
ste{number, P_H, [number (NUM1} 1), stei(numboer, E_H, [number (NUMI) 1),
{NUM1 == NUM2 ; var(NuMl) ; var{(NUM2) ;
(NUM1 == sg, NUM2 == sg3) ; (NUMl == ng3, NUMI == cal}). !,
eliminate_impossible_xeferents(P_H,E_T,E_TI).
eliminate_impossible_referentsi(P_H, [_|E_T1.E_TI} 1
eliminate_impossible_referents(P_H.E_T,E_TI).

get_one_REF([]._,nil) -1,

get_one_REF{REFS, Upper_bound,REF) :-
nlp,
writep("® if appropriate, please select one of these referents:t'), nlp,
writep(® enter a number between I and '), writep(Upper_bound),

writep(' (or 0 if none is appropriate}: '),
read_answer (REFnum) . verify REFnum(REFS, Upper_bound, REFnum, REF) .

verify REFnum(_,_.0,nil} =1,
verify_ REFnum(L,Up, REFnum, REF_ok) :-
number (REFnum), R]EFnum =< Up, nthl(REFnum,L,REF_ok}, !.

verify_ REFnum(L,Up,_,REF_ok) 1= get_one_REF(L,Up,REF_ok).

/..-'I.tt.w*ti----.ttﬁr.it...‘...‘-.'t..tt.ttt.t...n-t.‘.ﬁbtl-“ht.l.ltﬁ.t..lt/
/" SPECIAL_ANAPH_PRO (used by explicitization) ./
r* ~/
/* When the referent of a pronoun is not one of thoge suqgaested initially, ./
/* tee ‘explicitization' above, we must regort to one of the following cagen,*/
/* about the 2nd parameter (F): see details in ‘explicitization’ abowve. ./

special_anaph_pro (P_H,F, REFERENT, NEW_FUNCT} :-

nlp, writep(®' Looking for the referent of: '}, writep{P_H)}, nlp,
writep(® Pleaze, select one of these possibilities:*), nlp,
({F == 0, writep(® {0) check entities in the provious parme troe; '),
nlp} :
F A== 0),
writep(' (1) empty subject {e.g. *IT is warm teday.");'), nlp,
writep!® (2) generic [e.g. "ONE would think that ..."):'), nlp,
wrigep("' {3) agsociate the referent with a new NP:'). nlp,
writep(’ {4) unknown or unable t¢ determine referent.'), nlp,
repeat,
writep!' Enter your choice ['),

{{F == 0, writep('0/1/')) ; (F \== 0, writep(*1/"))),
writep('2/3/4]: '), read_answer(C}, C \== '*, is_digitt(_,C).
((F==0, C> 0, C=<4) ;: {(F\==0, C=>=1, C=<4}}, !,
get_£final_referent(C, P_H, REFERENT,NEW_FUNCT) .

/-t--tttttto."ttttttt'ic.t!ttttttttt-.op-ot-tt-ttt.poil-ttotb.nttl.p-pbttattn/

/* GET_FINAL_REFERENT (used by special_anaph_pro) ./
get_final_referenc(0,_,nil.nil).
ger_final_referent(l,REF, REF,entity _pro_empty).

get_final_referent(2.HEF.REF.entity_pro_generic).
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ivy . pro_new NPl -
P *the data f£ilec.”): ')

in
Write ety g g ,
T ™pogrph_Info,l), % call scanner!

et _NEXT_UNIT(Tokans, Toker
writep2(Tekenz), nlp2, nlp,
ot _chrono,
with _timing('lexical analysiz',
lexicalyser (Tokens _Typogrph_Info, Sent, _Err_msgl),
with_timing(*NP_parsing*,
np_ecquiv{_,1,NPO, _, Sent, [det{punctuation:'.'/end_of_sentence, []}]1)),

', nlp, zap_nils(NPO,NP), writep(NP}. nlp., stelentity, NP, [REF]).
et _final_trefereat(3, _,REF,entity_pro_new_NP) :-

writepl” 1> INVALID NP ... please, recubmit a legal NP ?!'), nlp,

ot _final_rofereont{3, _,REF,entity_pro_new_NP).

et _final_referent (4, REF, REF, entity_pro_unknown) .

,rlllﬁ..ttl.btl.-D.ﬁ...l..tt’."'.O"t.-"iﬁ‘tﬁt.'O..Q...-.ﬁ".."...i*.'-'.-'./
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AL AR A A A R R R AR AR R A R R AR AR R A R AR R R R A AR R

/* £ile: HAIKU_CA.PL ..
/* version: July 17, 1933 .
/* author: Sylvain Delisle .

/Q.Qﬁ‘Qﬁ'tﬁti.'ﬁﬁ.."'..'t""“.Q!.'!.O‘wl."!‘.‘.Q-Qq-qﬂ‘q‘\qqﬁ!!!qq.i'ﬁt.h‘

:« assert(haiku_version(l7,7,93)).

lntnttttﬂttt*t.ttavntIt'i-'-wutaocctt-.oq‘wt-qnqqﬁqstttﬁﬂnstqtc-qqan..a--.-co

/* CLAUSAL_CASE_ANALYSIS (used by haiku_sa in HAIKU_SA) i

/' ]

/* Top-level of CA: for every clause, find the subj, the main verb, and the ¢

‘

/* complement. Then, perform single clause CA, i.eo. identify Cames for each. )

clausal_Case_analysis({clauses(LIST),Out) :-
nlp, writep{'HAIRU: Case Analysis of current input’'s clauzes ...°'), nlp,
loop_clausal_Case_Analysis (LIST,Out,Abort).,
{((Out == [] ; Abort == 1},
nlp, writep('> Aborting Cage Analysis: END OF ANALYSIS. '), nlp)
out \== [l}.
clausal_Case_Analysisz(_.nil) =
writep('HAIKU: Case Analysis of current input''s clauses ABORTED! '), nlp.

loop_clausal_Case_Analysis([),[],_} -,
loop_clausal_Case_Analysis([[Tag,MPT]}|R1; ['Iag,CS]|R2].Abort) :-

nlp, writep('CURRENT CLAUSE: '}, writep({Taqg), nlp,

single_clause_CA(MPT,CS,CP),

{(cPp \== 0, loop_clausal_Case_analysis(R1l,R2,Abort)) ;

(CP == 0, Abort = 1)).

leoop_clausal_Case_Analysis([[Tag,_]|R1],R2,Abort) :-

nlp, writep('!? Unable to properly analyse this clauge: '), writoep(Tan),

writep{®' (END OF ANALYSIS).'}), nlp.

loop_clausal_Case_Analysis(R1,R2,Abort) .,

A T A e ana e T L L S L e A L AR R L e S R R AL R R AR s sy

single_clause_CA(In_MPT,

case_gstructure (MV,
cMP_p,
cP,
SUBJ_Filler,
COMPL_Fillers,
MODIFS),

CP) :~-

/* Looking for MODIFIERS (subordinate clauses) ...
ext{n,modifs, inicial, In_MPT,MPT000,A_List _modifz_0000),
{A_List_modifs_0000 =.. [{modifs, [[_|MODIF0000]]] : MODIFOQ0C = Th),
ext (n,modifs,medial ,MPTQ00, MPTOO, A_List_modifs_000;,
(A_List_modifz_000 =.. [modifs, [[_|MODIFOO0]}] : MODIFONN = []).
ext(n,modifs, final ,MPTO0,MPTO,A_Lict_modifz _00),
(A_List_modifs_00 =.. Imodifz,{[_|MODIF00]]1} ; MODIFQO = 1l}.
append (MODIF0000, MODIF000,MODIFA), append (MODIFA,MODIFQU, MODIFE),
({MODIFB \== [], MODIF0 = subordinate_clauces {MODIFE))
MODIFO = nil}, !,

/* Looking for the COMPLEMENT ...
ext{n,ca_compl,complement ,MPT0,MPT1,A_Lict_ca_compll),
{{A_List_ca_compll =.. [ca_compl,[[_]|{COMPLO]]]], STATO = false)
text(l,ca_compl,s_gqualifier ,MPTO,_,A_List_ca_compl2),
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A_Lint ca_compl? =L, lea_compl
t{aci ' *startement '  MPTO,LSAT), L
LOAT - [COMPLOOQ], COMPLO = pseu
{COMPLO = nil, STATO = falce)),

COMPL = CCMPLO,

({(coMPL =.. [complement,X] ;
COMPL =.. (o_cualifier,X] :
COMPL =.. [pseudc_compl,Xl),

% =.. [_,COMPL_Fillers]) ;
{COMPL == nil,
COMPL_Fillers = nil)), !,

P [CoMPLOT L, STATO = true) :
AT A== [1].

do_zompl (COMPLOQ) ., STATO = false)

.
o

/* Looking for the SUBJECT ... */
member (5, [cubj, wh_word,wh_subj, for,detex_pronl), % pecularities for n.c.
ext{n,ca_subj.S.MPT1 , MPT2,A_List_ca_subj),

{{A_Lict_ca_subj == ca_subj([]). § == deter_pron} ;
A_Lizst_ca_subj \== ca_subj([])},
{tA_List_ca_subj =.. [eca_subj, [[_]|[SUBJOI]]I,
({5 \== gsubj, SUBJ = subj(SUBJO)} : (S == subj, SUBJ = SUBJQ)}) :
SUBJ = nil),
{3UBJ =.. [subj,SUBJ_Filler]) ; SUBJ_Filler = nil), !,

/* Looking for the MAIN VERB ... ./
ext (1, ca_main_verb,verb,MPT2, _,A_List_ca_main_verb),
({A_List_ca_main_verb =.. [ca_main_verb, [[_|IMV1]11],

{Mv =.. [verb|[double_quotes{MV_root}|_11 ; MV =.. [verb|[MV_root]|_.Il).
ext (1,mv_adv,advs, MV, _,A_List_mv_adv),
{((A_List_mv_adv =.. [mv_adv, [[_]|[ADVII]]} :
{A_List_mv_adv =.. [mv_adv,[]], ADV = nil)})
{(A_List_ca_main_verb =.. [ca_main_verb,[]],
MV = nil, MV_root = nil, ADV = nil}),
{ (MV_root == be, STATO == false, STAT = true) ;
STAT = STAT0). !,

MODIFS = [main_verb_medif (ADV),clause_modif (MODIFO)],

'), writep(SUBJ), nlp.
), writep(MV_root), nlp,
), writep(COMPL), nlp,
'), writep(MODIFS), nlp.

writep!'CURRENT SUBJ :
writep('CURRENT VERB :
writep('CURRENT COMPL :
writep('CURRENT MODIFS :
/* We're all set for Case analysis now ... */
{ (STAT == true,
writep('> Aborting Case Analysis: main verb is STATIVE.'),
nlp, CMP = nil, CMP_p = nil, CP = nil) ;
(MV_root == nil, '
writep{'> Aborting Case Analysis: main verb is missing.'),
nlp, CMP = nil, CMP_p = nil, CP = nil) ;
{STAT == false, MV_root \== nil,
{COMPL == nil, .
nlp, writep('> Warning: Case Analysis may not be very useful; '),
writep{'DISCARD this clause [n/Y¥Y1? *),
read_answer (AB),
{{AB \==n, CMP = nil, CMP_p = nil, CP = nil,
writep(*'> Case Analysis of this clause ABORTED: '},
writep{'no updating of the KB.'), nlp) ;
{(AB == n,
determine_CMP (SUBJ,COMPL, MODIFS, CMP) ,
{{CMP \== nil, CMP \== nil_abort,
*CA_algo’ (MV_root, SUBJ, COMPL,CMP,CMP_p,CP) )} ;
(CMP == nil_abort, CP = 0) :
{(CMP == nil, CMP_p = nil, CP = nil)}N))
(COMPL \== nil,
determine_CMP{SUBJ, COMPL,MODIFS,CMP),
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{({CMP \== nil, CMP \== nil_aber:,
*CA_Algn ! MV _roor,SUBJ.COMPL, CMP, OMP _, 0 Y

{CMP == nil_abor:, C2 = ) ;

(CMP == nil, CMP_p = nil, CP = nil)1y1y,
l,"t-t‘....‘..‘ﬁ-t‘.Q...tﬁ..t.t.'ft..tt.‘.t..."'.QQQ‘QQ\'Q..QQ!QQ"Q“Q'Q.‘..Q
/* DETERMINE_CMP (used by single_clause_CA) .
[ *
/* We here find the current clause's Case-Marker Pattern (CMP), based nolely *
/* on the associated (sub-) parse tree. The positional markers are ‘paubye, .

/* 'pobj’, and ‘piob3j*. All others are introduced by prepositionz & adverbs. ¢
determine_CMP{SUBJ, COMPL, MODIFS, Approved_CMP) -
determine_subj_CMP(SUBJ, SUBJ_CM),
determine_compl_CMP (COMPL, COMPL_CM) ,
determine_modif_CMP (MODIFS, MODIFS_CM),
join_with_dashes (SUBJ_CM, COMPL_CM,CMPD) ,
join_with_dashes (CMPQ, MODIFS_CM, CMP},
nlp., writep('CMP found by HAIKU: '), writep(CMP}, nlp,
writep(' > Do you wish to overrule this CMP'), nlp,
writep(’ (enter d to discard this clause, or'}, nip.
writepl(® a to discard the entire input) [y/N/d/al? *),
read_answer (Redef), verify suggested_CMP{Redef,CMP, Approved_CMP)

determine_subj_CMP(nil,nil) :- !,
determine_subj_CMP{subj(_).psubj).

determine_compl_CMP(nil,nil) s-
determine_compl_CMP{complement (COMPL} ,COMPL_CM} :-
{f_mem(svoo_svoc_svoa, COMPL) ; f_mem{svoo,COMPL)),

£_mem({iobj,CoOMPL}, !,
find_prP_compl (COMPL,_.PP),
join_with_dashes{'pobj-picbkj', PP, COMPL_CM).
determine_compl_CMP{(complement (COMPL) ,COMPL_CM} :-
(£_mem(svoo_svoc_svea,COMPL) : f_mem{svoo,COMPL) ),
find_PP_compl (COMPL, COMPL_rest, PP),
fas(entity,COMPL_rest.List_of_entities), length(List_of_ontities,2), !,
join_with_dashes('pobj-piobj*,'P,COMPL_CM} .
determine_compl_CMP{complement (COMPLO) ,COMPL_CM) :-
ext(n, templ, conj_pps, COMPLO,COMPLL1, _}.
ext(n, temp2,pp, COMPLL,COMPL2, ),
( (member (E, [entity,
entity_pro,
entity_pro_generic,
entity_pro_empty.
entity pro_new_NP,
entity_pro_unknown]), f_mem(E,COMPLZ)) ;
f_meminominal_clause,COMPL2)), !,
find_PP_compl (COMPLO,_,PP),
join_wizth_dashes {(pobj, PP,COMPL_CM) .
determine_c'~ pl_CMP{complement {COMPL) ,COMPL_CM} :-
fas('*statement’',COMPL,LSAT), LSAT == [], !.
£ind_pPP_compl (COMPL, _,PP),
join_with_daches (nil, PP,COMPL_CM) .
determine_compl_CMP(_,pobd} - 1,

determine_modif_ CMP({main_verb_modif(nil),clause_modif(nil)],nil) :- !.
determine_modif_CMP(_,adv).

,o--.-----tt.t&.-wo--oo-oﬁ--btt.o--t--t't-ob-totn.------tt-t-htb.rb-..l----tr.,

/* FPIND_PP_COMPL (used by determine_compl_CHP) */
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/* e muot discard PPo attached to nouns as poct-modifiers, as well as PPs ~/
/* hirgdion in a pazgive "iebjt te.g. *The book was given TO BETH by Bob*). v/
find_PP_compl(CCMPLO,COMPL_xr,COMPL_CM) :-

axt{n, templ, np_postmodifiers, COMPLO, COMPLL, _},

ext{n, temp2, 1obj, COMPLY, CCMPL2, ),

find_MV_PP(COMPL2, COMPL_r, COMPL_CM]} .

/* PPn; zero, one, or a conjunction of several. s
find_Mv_PP(COMPL, COMPL,nil) = \+ f_memi{pp,COMPL), \+ {_mem(pp_adv,COMPL},
)
find_MV_PP (COMPL, COMPL_r , COMPL_CM) :-
ext{n, tempd, ‘pp' , COMPL, COMPL_O, tempO {PP_A_list_0)),
ext{n, templ, ‘pp_adv’ ,COMPL_0,COMPL_x, templ (PP_A_list_1)),
append (PP_A_lise 0,PP_A_list_1,PP_A_list_0G}Y, ¢,

PP_A_list = temp(PP_A_list_00),
((PP_A_lict = [_.1[_]PP1]l], collect_all_preps{PP,nil,COMPL_CM}} :
(pe_A_list =.. [_,PP3], collect_all_preps{PPs.nil,COMPL_CM)}}}.

/* Note: for now, duplicate CMs are not allowed BUT this might not be jus- */

/* tified as they may mark different Cases in the same sentence. */
collect_all_preps([],COMPL_CM,COMPL_CM}) =,
collect_all_preps(X,CM_In,CM_Out) t=

(X = ppleconj_preps(_, [PREP|_1},_) ; X = pplconj_preps(_, [PREP|_)),_._} ;

X = pp{(PREP,_) ; X
% = pp([_.PREP],_ ) X = pp([_,PREP],_,_) :
o pp_adv(PREP, _} X = pp_adv{PREP,_,_J)}, !,
join_with_dashes (CM_In, PREP,CM_Out).
colloct_all _preps(l{_,%]1|T].CM_In,CM _Out) :-
(X = pplconj_preps{_.[PREP|_1}._) ; X = pplconj_preps(_, [PREP|_]),_._}
bid PP (PREP,_) : X = pp(PREP,_,_) :
X = pp(I_,PREP],_} X = pp{l_.PREP],_,_) :
¥ = pp_adv{PREP,_} X = pp_adv(PREP,_,_)),
atom(CM_In}, atom{PREP), name(CM_In,CM_In_ascii), name(PREP,PREP_ascii),
{{append(_, PREP_ascii,CM_In_ascii), CM_temp = CM_In) ; % No duplicate CMs.
join_with_dashes (CM_In, PREP,CM_temp)}.
coellect_all_preps{T.CM_temp,CM_Out).

pp(PREP,_._) ;

In g h
ol

[ I L N ]
LT T]

/ﬁ‘tﬂ'ttt.ttqii..ﬁ....‘-.Q.-ti-ti.ttt.t--ti.'t'.'tww-tw'**'ﬁ*tﬁ'*"ﬁi.".ﬁ.-ﬁ./

/* JOIN_WITH_DASHES {(used by derermine CMP, determine_compl CMP, & *f
I/ ¢collect_all_preps) ~/
/* */

/* Joining individual Case Markers with dashes: psubj & pobj => psubj-pobj. */

join_with_dashes(nil,Y.,Y} :=:- !.
join_with_dashes(¥.nil, X} - !.
join_with_dashes(X,Y,Z) e
atom{X), atom(Y}, name(X,X_ascii), name(Y.,Y_ascii),
append(X_ascii, [45],X0), append(X0,Y_ascii,z0), name(Z,20)., % 45 = *'=-

ft.!tt*t't.t't.Qi..t*ﬁ.Q*..l.'-.Q".‘..'i..i.'.i"""-f"'*t*t*v‘*ﬁi'-*ﬁ#.'.’/

/* VERIFY_SUGGESTED_CMP (by determine_CMP) */
I 7
/* If the user wishes to change the CMP suggested by HAIKU, we must ensure 7/
/* that the new one is valid ... 7/
verify suggested_CMP(a,_.nil_abort) 1=

', nlp, writep('> Case Analysis of this entire input ABORTED: '),

writep('no further updating of the KB.'}), nlp.
verify_suggested_CMP(4,_,nil) -

!, writep{'> Case Analysis of this clause ABORTED: ‘),

writep{'no further updating of the KB.'}, nlp.
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verify suggested_CMP{y, SMPO, Approved_COMP) :
writep(' = Please, eonter the now CMP (v.a. poubd-pobi-withy: 'y
read_answer (NEW_CMP), from_ dashes_to_list (NEW_COMP, NEW _OMP LY,
NEW_CMP_L \== [].
validace NEW_CMP_L(NEW_CMP_ L, NEW_CMP, Approved_OMpd),
writep(' > Replacing *'‘'}., writep(CMPO),
writep(''* with *''), writep(Approved_CMPO), writep(**' : OK [0 ¥I7™ 'Y,
read_answer (O},
({0 == n, verify_suggested CMP(y,CMPO. Approved_CMP))

{0 \== n, Approved_CMP = Approved_CMPO)).
verify_suggested_CMP(y,CMPO, Approved_CMP) i-
', writep(® > INVALID CMP!*), nlp,
verify_suggested_ _CMP(y,CMPO, Approvod_CMP) .,
verify_suggested_CMP(_, Approved_CMP, Approved _CMP)} :- !,

validate_NEW_CMP_LI([],Approved_CMP,Approved_CMP) :- !,

validaze_ NEW_CMP_L([H]|T],NEW_CMP, Approved_CMP) -
(memberchk (H, [psubj.pobi.piobj.adv]) : dictiH.prep... .}, Y,
validate_NEW_CMP_L (T, NEW_CMP, Approved_CMP) .

/t*w**ttttt.wn---t-ttt-tttott--t.-utttt..ﬁ-oo-.o.-.oon-qn...at.ca--.--aaaanaqa .

/* CA_ALGO (used by single_clause_CA) ./
/> ./
/* Following the CA algorithm, as described in the “IEEE papor®, pp.ld4-1%, L/
/* Remark: predicate and variable names are particularly self-oxplanatory. s/

‘CA_algoe’ (Input_Verb, SUBJ, COMPL, Input_CMP_0O, Input_ CMP, Scolocted_CP)Y @ -

/* Situations Sl to S3: the input verb is in mDict (known verb Vi. o
mhict (Input_Verb,List_of_ _CMPs,List_of_Cases_for_overy CM),

/* Sl: Input_CMP is among CMPs in mDict entry for Input_Verb, ./
/* [known CMP already associated with V; known CP or now CP with known CMP)  */
{ {from_dashes_to_list{Input_CHMP_0, Input_CMP_L),
permutation (Input_CMP_L, Input_CMP_00), % the KB may contain a permutation.
from_list_to_dashes (Input_CMP_00, Input_CMP),
memberchk (Input_CMP,List_of_CMPs),
empDict (Input_CHMP,List_of_candidate_CPs_with_example_sentences), !,
selection_dialogue(*Sl', Input_Verb, SUBJ, COMPL, Input_CMP,
List_of_Cases_for_every_ CM,
List_of_candidate CPs_with_oexampla_nontonens,
Selected_CP,
List_of_New_CM_Case_Pairs_Intro_by_ Known_CHM), !,
update HAIKU_Dicts('Sl*, Input_Verb, Input_CMP,
Selected_CP,
List_of_New CM_Case_Pairs_Intro_by _Known_CHM) ) ;
/* 82: Input_CMP is in cmpDict. ~/
/* {known CMP not yet associated with V; new or known CP) -/
{from_dashes_to_list (Input_CMP_0, Input CMP_L),
permutation{Input_CMP_L, Input_CHMP_00), % the KB may contain a permutation,
from_list_to_dashes{Input_CMP_00, Input _CMP},
cmpDice (Input_CMP,List_of_candidate CPs_with_example_sentences), !,

selection_dialogue(’'S2', Input_Verb, SUBJ, COMPL, Input_CHMP,
List_of_Cazes_for_avery CM,
List_of_candidate_CPo_with_example_sentonceo
Selected _CP,
List_of_New_CM_Cage_Pairc_Intro b/_anwn cHy, 1,
update HAIKU_Dicts{'S2', Input_Verb, Input_CMP.
Selected CP,
List_of_New CM_Cacse_Palirs_intreo_by_Known_Cll)}

m



Appendix F: HAIKUs CA Processor

/* S3: fentipely noew CHMP: new or known CP} ~/
{Input_CMP = Input_CMP_0,
Cind_close_CHMpoc(Input_CMP,Close_CMPs,Clocest_CHP), !,
cerlection_dialogue(°33', Input_Verb, SUBJ, COMPL,

[Input_CMP,Close_CMPsS.Closest_CMP].

Lict_of_Cases_for_every CM,

[]. % empty List_of_candidate_CPs_with_example_sent.

Selected_CP,

List_of_MNew CM_Case_pPairs_Intro_by Known_CM), !,
update HAIKU_Dicts('S3', Input_Verb, Input_CMP,

Selected_CP,

Licr_of_New CM_Case_Pairs_Intro_by Known_CM)})).

'CA_algo’ (Input_Verb, SUBJ, COMPL, Input_CMP_0, Input_CMP, Selected_CP) :-
/* Situations S4 to S5: the input verb is NOT in mDict {new verb}. ./

/* 54: Input_CMP is in cmpDict {known CMP:; new CP (relative to this wverb)). ~/
{from_dashes_teo_list{Input CMP_0, Input_CMP_L).
permaitation{Inpur_CMP_L, Input_CMP_00}, % the KB may contain a permutation.
from_list_to_dashes(Input_CMP_00, Input_CMP).
cmpDict (Input_CMP,List_of_candidate_CPs_with_example_sentences), !,

selection_dialogue(*s4', Input_Verb, SUBJ, COMPL, Input_CMP,
[1. % empty List_of_Cases_£for_every CM
List_of_candidate_CPs_with_example_ sentences,
Selected_CP,
List_of_New_CM_Case_Pairs_Intro_by_Known_CM), !,
update_HAIKU_Dicts(*S4', Input_Verb, Input_CMP,
Selected_CP,
List_of_New_ CM_Case_Pairs_Intro_by_Known_CM))

/* 55: {entirely new CMP; new CP} ~/
{Input_CMP = Input_CMP_0,
find_close_CMPs{Input_CMP,Close_CMPs,Closest_CMP), ¢,

selection_dialogue(*S5', Input_Verb, SUBJ, COMPL,
[Input_CMP,Close_CMPs,Closest_CMP],
[1. % empty List_of Cases_for_every (M
[1, % empty List_of_candidate_CPs_with_example_sent.
Selected_CP,
List_of_New_CM_Case_Pairs_Intro_by_Known_CM), !,
update_HAIRU_Dicts('S5', Input_Verb, Input_CMP,
Selected CP,
List_of_New_CM_Case_Pairs_Intro_by Known_CM}).

jQQQQ.Q.ﬂiﬂ‘t‘nw."tt‘tttﬂ*twtw.twt"tt*t*it*tw***tw**t*'*‘0".'*'"'*'*#**9""’/
/* SELECTION_DIALOGUE (used by 'CA_algo') v/
/" "}
/* The ultimate goal of this predicate is to lead the user to selecting the */
/* most appropriate CP that can be associated with the current clause, con- */
/* sidering its CMP. If this CP cannot be gleaned from HAIKU's past experi- */

/* cnce, the user will be invited to submit a new one, guided by HAIKU. */

selection_dialogue(SITU, Input_Verb, _SUBJ, _COMPL, Input_CMP, S+
List_of_cCases_for_every_ CM, $+mDict
List_of_candidate_CPs_with_example_sentences, $+cmpDict
Selected_CP, %=
List_of_New_CM_Case_Pairs_Intro_by_ Rnown_CM) %~

nlp., writep_situation(SITU), nlp.

w
)
o
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{ (memberchk(SITU, [*85X,'82', 'S 1Y,
Inpus_CMPJ = Input_CMP,

-1

writep(' Candidate CPs with example sentences:'), nilp,
show_CPs_and_examples (List_of_candidate_CPu_with_oxample_scntences.
List_of_candidate_CPs))

{memberchk (SITU, [*S83*,'85" ]},
Input_CMP = [Input_CMPO,Close_CMPs, CLOSEST_MATCH].
writep({' entirely new CMP:; no obvious candidate CPs to propose*). nip.
writep(' 1list of close CMPs proposed by the "closeness metrict: '),
writep({Close_CMPs), nlp.
{ {CLOSEST_MATCH = match(_,CLOSEST_CMP_L),
from_list_to_dashes {CLOSEST_CMP_L,CLOSEST_CMP),
cmpDict (CLOSEST_CMP.List_of_candidate_CPs_with_example_sentences),
nlp,
writep(®' Candidate CPs with example sentences for the closesnt CMP'),
writep(* ('), writep{CLOSEST_CMP), writep('):'}. nlp.
show_CPs_and_examples{List_of_candidate_CPs_with_example_sentences(,
List_of_candidate_CPs)):
{CLOSEST MATCHEH == []., % =ero "close" CMPs!

List_of_candidate_CPs = [I1}))), !,
nlp.,
writep{® current clause''s main verb (infinitive): '),
writep{Input_Verb}, nlp.
writep(®' current clause'‘'s CMP (or a permutation}: ‘),

writep(Input_CMPQ), nlp,

suggest_most_probable_ CPsz {Input_CMPO,
List_of_Cases_for_cvery CM,
List_of_candidate_CPso,
Suggested_CP3), !,

see_user_and_select_CP(SITU, Input_Verb, Input_CMP(, Suggested CP3,
List_of_Cases_for_every_CM,
Selected_CP,
List_of_New_CM_Case_Pairs_Intro_by_Known_CM).

FAM T e L e LS L S L Sl L d L At i Attt iRt l St S bt bttt s/
/* Tracing the CA algorithm: whatever the input, one of these 5 zituations.

writep_situation('Sl') :-
writep(*Sl: known CMP already associated with known wverb; '},
writepi{'CP is known or new.'). :
writep_situation('s2'}) :-
writep({'S2: known CMP not yet associated with known verb; '),
writep('CP is known or new.').
writep_situation('sS3’') :-
writep('$3: entirely new CMP with known verb; CP is known or new.').
writep_situation(*54') :-
writep('S4: new verb with known CMP; new CP (relative to thiz werbl.'}.
writep_situation{'s5') :-
writep('S5: new verb with (entirely) new CMP: new CP.°').

P S L T R D LS L L e bl SISt a bttt ettt it L)

/* Used by 'selection_dialogue': listing CPs and exzample sentences in the */
/* list Lizt_of_candidate_CPs_with_example_sentences (lsot parameter). By the */
/* came token, we collect all the CPc in a ceparate lizt (2nd parameter}. */
show_CPs_and_examples([1,1]) - .
show_CPs_and_examples ([ [CP,Example_Sentence] |T], {CP|R]) :-

writepl(’ CP: '), writep{CP), writep(* '),
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writepl( Ex: '), writep({Example_Sentence), nlp, show_CPs_and_examples(T,R).

F I e it e ik e ot b o R S R e R P
/* Converting lizto of patterns into atoms: [psubj,pobj] => psubj-pobij. This */
/" is neaeded when we must resort to the claseness metric which manipulates "/
/* lists of CMPs. For detailsc on the metric, see 'HAIXKU_FC.PL'. v/

from_lizt_to_dashes(In,Out) :-
from_list_to_dashes_2(In,Outl}, name{OQut,Quzl).

from_list_to_dashes_2([H),H_ascii) :- atom(H), name{H,H_ascii), !.
from_list_to_dashes_2([H|T1},T2) -
atom({H), name(H,H_ascii), append(H_ascii, [45],L0),
from_list_to_dashes_2(T1,T3), append(L0,T3,T2).

,.‘t..&....tﬁ-DIt--.t.tit".tt't'wt*‘.*ﬂ'*'w-'*ﬁ*i‘*w"itt*ttwi"ttt"tt't'*'t/

/* SUGGEST_MOST_ PROBABLE_CPs (used by selection_dialogue) -~/
/. */
/* The *most probable CP* is the candidate CP with the highest 'rating' in */
/* List_of_candidate_CPs. Rating is computed below in 'compare CMP_with _CP'. */

suggest_most_probable_CPs (Input_CMP, B+
List_of_Cases_for_every CM, $+mDict
List_of_candidate_CPs, $+cmphict
Suggested_CPs} %-

from_dazhes_to_list (Input_CMP, Input_CMP_L),

{(List_of_candidate_CPs == [], Rated_CPs = [1) :
{List_of_candidate_CPs \== [],
compare_InputCMP_with_candidate_CPs{Input_CMP_L,

List_of_candidate_CPs,
List_of_Cases_for_every_CM,
Rated_CPs)}), !,

select_most_probable_CPs (Rated_CPs, Suggested_CPs) .

/qnwto-wnw-nwt.wwtwwww'ttt.wﬁ------!----'-n-www--tww------wt-w-vw&rtw---wttt-t/

/* COMPARE_INPUTCMP_WITH_CANDIDATE_CMPS (used by suggest_most_probable_CPs) */
/t -,
/* Thiz predicate recursively controls the rating computation. 7/

compare_InputCMP_with_candidate_CPs{_Input_CMP_L,
[1,
List_of_Cases_for_every_CM,
[

P |
compare_InputCMP_with_candidate_CPs({Input_CMP_L,
fcp_u|cp_T),
List_of_Cases_for_every CM,
[(Rating,CP_H] |CE_T_rated])

from_dashes_to_list (CP_H,CP_B_L},

length(Input_CMP_L,N), length(CP_H_L.N), !, % Lengths must be equal.
compare_CMP_with_CP(Input_CMP_L,
CP_H_L,

List_of_Cases_for_every_CM,
0, N, Rating),
compare_InputCMP_with_candidate _CPs(Input_CMP_L,
CP_T,
List_of_Cases_for_every (M,
CP_T_rated).
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compare_InputCM?_with_candidate_CPs{Input_CMP_L
{_{cP_TI,
List_of_Cases_for _overy oM.
CP_T_rated)

compare_InputCMP_with_candidate_CPs(Input_CMP_L,
CP_T.
List_of_cCases_for_eovery_ oM.
CP_T_rated).

/l’...t'***i‘.’*ﬁ‘.*"QQ.‘..ﬁ.‘Q*ﬁ.Q*.Q.*‘QQ‘ﬁﬂ‘tt‘ﬁ."OQ\Q\..'.I...l...‘......'tﬂ
/* COMPARE_CMP_WITH_CP (used by compare_InputCMP_with_candidate_CPz) .
fﬁ L3S
/* We want to suggest CPs that have been associated with identical CMPs or .
/* the closest possible CMPs, based on HAIRKU's past eoxperience. The notion ./
/* of 'rating' we're using here is defined as follows: the number of indivi- */
/* dual Cases (in the candidate CP} that have already been associated with .t
/* the current input's individual CMs divided by the length of the input CMP.*/

compare_CMP_with CP{!]},[]._.N1,N,Rating) :- !, Rating iz N1 / N.

compare_CMP_with CP([CM_H|CM_T},
[C_H{C_T].
List_of_Cases_for_every_CM,
NO, N, Rating} t-
look_up_List_of_known_Cases(CM_H,C_H,List_of_Cases_for_every_CM,NO,N1).
compare_CMP_with_CP(CM_T,C_T,List_of_Cases_for_eovery_CM,N1,N,Ratindg).

look_up_List_of_known_Cases (CM_H,C_H,L,NO,N1) :-
memberchk({ [CM_H,L0].L}), memberchk(C_H,LO0}, !, Nl is NO + 1. % known Casc
look_up_List_of_known_Cases(_,_,_.NO,NO).

,t!-w"".w*!-tt-t-tt-tttttttttttttt.tttt‘t*.tt‘tattat.'ttttattt.‘ttnttwnﬁq-tﬁl

/* SELECT _MOST_PROBABLE_CPS (used by suggest_most_probable CPs) s/
I =/
/* Once the ratings have been computed for every candidate CP, we must find */
/* the one with the highest rating, i.e. the "most probable® {or likely). ./

select_most_probable_CPsi{[],[]} - 1,

select_most_probable_CPs!{[[Rating,CP_H_L]|CP_T],Suggected CP3) :-
find_max_emb_list{(CP_T, [Rating,CP_H_L],Max),
find_all_CPs_with_max_prob([{Rating,CP_H_L]|CP_T]},Max, Suggested _CPs) .

find_max_emb_list([[R._]1|T]. [Rm,_].Max} :-

R =< Rm, find_max_emb _list(T, {Rm,_],Max).
find_m.ﬂx_emb_list([IRa_I |TIJ [Rm,_],Max) :-

R > Rm, find_max_emb_ list(T,[R,_].Max).
find_max emb_lise(l], (Max,_],Max).

£ind_all_CPs_with_max_prob([)._.[]} - !

find_all_CPs_with_max_prob( [ [Max,CP_H] |CP_T].Max, [CP_H|T]) :-
', find_all_CPs_with_max_prob{CP_T,Max,T).

find_all_cCPs_with_max_prob([_[CP_T],Max,T) -
find_all_CPs_with_max_prob(CP_T,Max,T).

I'""*"-D'ﬁﬁ.’"."'#"'*"*"'.*ﬁ*..ﬁ.ﬁ*ﬁ'..".'.ﬁ'ﬂ'- -.--Qﬁttttlﬁttﬁtifﬁfibl

/* FROM_DASHES_TO_LIST {(used by suggest_most_probable CPs & ./
FAd compare_InputCHP_with_candidate_CPz) ./
/' */
/* This predicate ic the inverse of "from_list_to_daches': see above. */
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daches_to_licz(*',[1) 1= 1,
rom_dashes_to_list{Input_CMP, Input_CMP_L) :-
atomiInput_CMP), name{Input_CMP,In_aczcii), memberchk(45,In_ascii},
dashes_to_list(Input_CMP_L, In_ascii,"*).
from_dashes_to_list{Input_CMP, [Inpur_CMP]).

dashes_to_list{[H|T]) -->
lowercase_CM(H_accii), (name(H,H_ascii))}, "--, dashes_to_list{T).
dashes_to_list([H]) -=> lowercase_CM(H_asc¢ii), {(name(H,H_ascii)}.

lowercase_CM([H|T]) --> [H]., {isc_lower(H)}., (lowercase_CM{T) : (T = [1}).

lowercase_CM([H]) --> [H], (H == 63}. % 63='7"
/..Q..tQ......"-.‘.ﬁ-..t.‘ﬁ..t'"tt.t'tt*t.'w*t*'ﬁ’*i‘*'.**t*w'*'tw't't"'t't/
/* S5EE_USER_AND_SELECT_CP {used by selection_dialogue) ~/
/" */
/* Mozt likely {or probable) CPs are proposed to the user. Ultcimately, only */
/* one of these, or a new one, must be identified: 'Selected CP'. !
nee_uger_and_select _CP(SITU, _Input_Verb, Input_CMP, Suggested_CPs, T+
List_of_Cases_for_every_CM, 4+
Selected_CP_ok, %-
List_of_New_CM _Case Pairs_Intro_by_Known_CM) %-
writep(' most probable or closest CPs, which are of compatible length: '),

{ (memberchk (SITU, [*51*,'S82','53"']}),
display_list_of_CPs{Suggested _CPs,1,N),
get_one_CP(Suggested_CPs,N, Selected_CP_Oa)},
({(Selected_CP_0a \== nil,

from_dashes_to_list (Input CMP, Input CMP_L),
length {Input_CMP_L,L1),
from_dashes_to_list(Selected_CP_QOa, Selected_CP_Oa_L),
length{Selected_CP_0a_L,L2),
check_syntax_of_CP(Input_CMP_L,Selected_CP_Oa,Ll,L2,Selected _CP_0}) ;
{Selected_CP_0a == nil, Selected_CP_0 = nil))} ;
{memberchk {SITU, {'S4"',*'S5"']),
writep(Suggested_CPs), nlpl)), !.

{ {memberchk (SITU,['S1',*'S2','53']), Selected CP_0 \== nil, % KNOWN CP
Selected_CP = Selected_CP_0O,
writep{' replace cmpDict''s example with current clause [y/N]? '},
read_answer (R},
((R == y, replace_example_sentence_in_cmpDict (Input_CMP, Selected CP})
R \== ¥})

( (memberchk (SITU, ['S4',°'85']) ; Selected_CP_0 == nil), * NEW CP
let_user_ident_new CP{Input_CMP, Selected_CP)}), !,

((Selected_CP \== nil,
from_dashes_to_list{Input_CMP,I_CMP_L), length(I_CMP_L,L1l1l),
from_dashes_to_list{Selected_CP,S_CP_L)., length(S_CP_L,L22)},
((L11 \== L22,
nlp,
writep{' ILLEGAL CP: the CMP and the CP must both be of length '),
writep(Lll), nlp, let_user_ident_new CP(Input_CMP,Selected CP_ok}) ;
(L1l == L22,
Selected_CP_ok = Selected_CP}),
ident_new_CM_Case_pairs(Input_CMP,
List_of_Cases_for_every CM,
Selected_CP_ok,
List_of_New CM_Case_Pairs_Intro_by Known_CM})

{Selected_CP == nil,

Selected_CP_ok = nil,
List_of_New_CM_Case_Pairs_Intro_bky Known CM = [])}.
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/" Rt L L o e L R R L R Bl Rl E R R R R R R Rl R R R R o R R R R S I R N
/* The user may suggest that HAIRU replaces an example sentence with the
/* current input because it is considered more typical or representative.

replace_example_sentence_in_cmpDict {Input_CMP, Sclected_CPY :-
writep(®' REPLACING example in c¢mpDict for '), writep{Input_CMP),
writep(' ...'})., nlp., get_current_clause_tokens{List_of_Tokensz).,
rewract (cmpDict{Input_CMP,List_of_CPs_and_example_sentencest), !,

delete{List_of_CPs_and_example_sentences, [Selected_CP, _],NEW_List0),

append (NEW_List0, [ [Selected CP,List_of_Tokens] [, NEW_List),

assert (empDict {Input_CMP,NEW_List)).

writep(® => '), writep(Input_CMP), writep(' ‘)., writep(NEW_Li=zt), nlp,
replace_example_sentence_in_cmpDict({_,_) 1=
writep(® !7 unsuccessful updating of cmpDict !}, nlp.

/* Note: for the time being, we consider the whole input string inatead of

-

-

LIS
{

/* just the current clause. The main menu's option ‘D* may also be activated.*/

get_current_clause_tokens (List_of Tokens) :-
sentence_tokens (L), make_atom(L,L_ascii_0), name(L_ascii_ 0,L_ascii_1),
substin,39,95,L_ascii_1l,L_ascii_2), % subst quotes with underscores.
append{ [39|L_asecii_21,[39],L0), name(List_of_Tokens.LO).

P L T o e A e L L e L e L e E e s R
/* Making sure that we're dealing with atoms ... Using a temporary tile.

make_atom{Term, Atom) :-
tell({'z==zzcz.HAIKU.make_atom.dump'), write(Term), nl, told.
see( 'z HAIKU.make_atom.dump*}, read_line(L), scen,
name (Atom,L) .

'
“/

/*'ﬁO***-.'-Q-‘.‘.'t'.*'****ﬁ**’tt..t-.“‘t...‘...-..-tttt..t".lQt..‘l..‘l..tl

/* LET_USER_IDENT _NEW_CP (used by see_uszer_and_select _CP}

let_user_ident_new_ CP(CMP,CP)

nlp,

writep(' NEW CP: list of 28 legal Cases in HAIKRU']},

nlp.

writep(' agt:agent; benf:beneficiary; expr:experiencer: inst:instrument;®)
nlp.

writep{" obj:object; recp:recipient; caus:cause; manr:manner; val:value;®)
nlp,

writep(’ eff:effect; purp:purpose; freg:frequency; tat:time_at;'},

nlp,

writep(* tfrm:time_from; tto:time_to; ttru:time_through; dir:direection;'),
nlp,

writep("* lat:location_at; lfrm:location_from; lto:location_to; ord:order;’
nlp,

writep{' ltru:locartion_thraugh; ornt:orientation; cont:content;'j,

nlp,

writep(® excl:excluzion; acmp:accompaniment; matr:;material; meazmeasure.*
nlp,

writep(' REM: A CASE MAY BE SUFFIXED WITH A ''?'* TO '},

writep('DENOTE UNCERTAINTY (e.g. lat?).'},

nlp,

from_dashes_to_list (CMP,CMP_L}, length{(CMP_L,L1l}, consult_cmbict(CHMP_L),
nlp,

repeat,

writep(' please enter the new CP (e.g. agt-obj-tat).'), nlp,

writep (' or enter ''‘h'' to see the current input string and CHMP,*), nlp.
writep(’ or CR to abort [*new CP“/h/CR]? '),

read_ancwer (NewCP},
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(eewzp == ', MewCP M=z h,

from_daches_to_list{NoewCP, NewCP_L)}, lengthiNewCP_L,L2},

check_syntax_of _CP(CMP_L,MNewCP,L1,12,CP), OK = true)

(MeewCP == ', CP = nil, OK = true} ;

NeewCP == h,

sentence__tokens (TOKENS) ,

nlp, writep(TOKENS), nlp, writep(CMP), nlp. nlp. OK = false)),
OK == true, !,

1

consult_emDict([])
consult_cmbDict ([H|T))
H \== psubj, H \== pobj, emDict(H,CCL),
nlp,
writep{' here is what the cmDict knowc 1bout this Case marker: '),
upper (H, H_upper),
writep{H_upper), nlp.
writep{' ({format: Case(COmmonness,Example); CO=l:common, CO=2:uncommen}'),
nlp, list_known_CM_Cascs{CCL)., consult_cmbDict(T).
consult_cmbDict([_|T]) :- consult_cmbict(T).

lict_known_CM_Cases([]) HE
list_known_CM_Cases([H|TI) :-
writep(® 'y, writep{H), nlp, list_known_CM_Cases(T}.

F O R PP S A A ettt DL LR L L R e T P St L
/* Checking the new CP's syntax: several constraints must be enforced. */

check_syntax_of_CP(CMP_L,.CP0,L1,_,CP} e
from_dashes_to_list (CPO,CPO_L}, \+ is_set(CPO_L}, !,
writep(' ILLEGAL CP! No duplicate Cases allowed: '},
road_answer (NewCP), from_dashes_to_list (NewCP,NewCP_L},
length (NewCP_L,L3), check_syntax_of_ CP{CMP_L,6 NewCP,L1,L3,CP}.

check_syntax_of_CP{CMP_L,_,Ll1,L2,CP} HE
L1 \== L2, !, writep(' ILLEGAL CP! The new CP must contain exactly '),
writep{Ll), writep{' Case(s), i.e. length='}, writep(Ll), writep(': '),
read_answer (NewCP), from_dashes_to_list (NewCP,NewCP_L),
length (NewCP_L,L3), check_syntax_of_ CP{CMP_L,NewCP,Ll1,L3,CP).

check_syntax_of_cp{cMP_L,CP,L,L,CP_ok) :~
from_dashes_to_list{CP,CP_L), every CP_is_ok(CP_L), !,
writep(' CMP & CP will be paired as follows: '),
display_CMP_CP_pairs(CMP_L,CP_L),
writep(' ; Correct [n/Y1? '), read_answer(OK),
({OK \== n, CP_ok = CP} ;
{OK == n,
writep(* CP in wrong order, please re-enter in proper order: '),
read_answer (NewCP), from_dashes_to_list (NewCP,NewCP_L},
length (NewCP_L,L3), check_syntax_of CP(CMP_L,NewCP,L,L3,CP_ok)}).

check_syntax_of_CP(CMP_L,_,Ll1,_,CP) t-
writep(' ILLEGAL CP! Please use only HAIKU''s legal Case labels: '},
read_answer (NewCP), from_dashes_to_list (NewCP,NewCP_L),
length (NewCP_L,L3), check_syntax_of_CP(CMP_L, NewCP,L1,L3,CP).

/* LIST OF LEGAL CASES: currently, there are 28 distinct Cases (sem. tags). */

every CP_is_ok([]} -1,
every_CP_is_ok(I[H|Tl) :-
atom(H),

{ (name {H.H_ascii), rev(H_ascii, [63]|HO_ascii_r]}, % 63='?'
rev(H0_ascii_r, HO_ascii), name(H_ok,HO_ascii)} ;
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H_ok = H),
memberchk (H_ok, [agt, bent, expr, inst. obj, reg
tto,terue,dir, lae, 1€m, 1lzo,
matr,meas, ord,.vall).,
every_CP_is_ok(T).

¢ "
roireg.tat, tirm,

t r
L, ornt, ocont, oxcl, acmp, manr,

display_CMP_CP_paixsii{], () -,
display_CMP_CP_pairs{[H1|T1l]., [H2]|T2]} :-
writep(Hl), writep('/')., writep(H2), writep(' *}),
display_CMP_CP_pairs(T1,T2).

A T T T A e e R e e o ot R U A R R
/* Once we have identificd the new CP, we must keep track of the noew CM-CP .
/* pairs in order to update the mbdict appropriately {its 3rd paramcter). .

ident_new_CM_Case_pairs (CMP,List_of_Cases _for_overy CM,CP,New_Pairs L)Y :-
from_dashes_to_list (CMP,CMP_L)., from_dashes_to_list{CP.CP_L).
spot_new_pairs (CMP_L,List_of_Cases_for_every CM,CP_L.New_Pairza_L).

spot_new_pairs([l._,[1.[]} 1o !

spot_new_pairs{[CM_H|CM_T],List_CM_Cases, [C_H|C_TI, [[CM_H,C_H]|TI} :-
look_up_List_of_known_Cases{CM_H,C_H,List_CM_Cages, 1,1}, !
spot_new_pairs{CM_T,List_CM_Cases,C_T,T).

spot_new_pairs{[_|CM_T],List_CM_Casges, [_|C_T].T) 1~
spot_new_pairs (CM_T,List_CM_Cases,C_T,T).

A T s R T Rt h L

display_list_of _CPs((],_,_) :- !, writep(' []1'}., nlp.

display listc_of_CPs({X,Y,2) :- display_list_of Pof3{X,Y,Z}.
get_one_CP([),_.,nil) -,
get_one_CP(CPs, Upper_bound,CP_ok) :-
nlp.
wricep(* if appropriate, please gelect one of these CPz:'), nlp,
writep(' enter & number between 1 and '), writep{Upper_bound),

writep(' (or 0 if none is appropriate}: '},
read_answex (CPnum), verify CPnum(CPs3,Upper_bound, CPnum,CP_ok}.

verify CPnum{_._,0,nil) =t
verify CPnum(L,Up,CPnum,CP_ok) :-
number {CPnium}, CPnuwwm =< Up, nthl({CPnum,L,CP_ok), !.

verify_ CPnum(L.Up,_,CP_ok) 1~ get_one CP({L,Up,CP_ok).

/**t*ﬁtt*owt-w-ﬁwt--tbtt".w"cnwp--t---ttttt-otttto.on...ahap-lt-t-hthot-toro/
/* UPDATE_HAIKU_DICTS (used by 'CA_algo’} >
/‘ -/
/* At this peint, we have all the required elements of info. about the cur- ¢/
/* rent input: let's update HAIKU'c dictionaries accordingly. */

update_HAIKU_Dicts{_, _Input_Verb, _Input_CMP, nil, [1])

.-

!, writep{'> Case Analysis of thizc clauce ABORTED: no updating of the KB.'),
nlp.

update_HAIK! Dicts(SITU, Input_Verb, Input_CMP, Selected CP,
List_of_New CM_Case_Pairs_Intro_by_Known_ CH)
update_mDict (SITU, Input_Verb, Input_CMP,
Lict_of_New_ CM_Cage_Pairs_Intro_by Known CH) .,
update_cmpDict (SITU, Input_CMP, Selected CP),
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updatse_epDictiSelected _CP, Input_Verb).

/.I.l.l..l..l'.l'Ib-'tt-ttﬁtbltt.t.tlt-.ﬁit...ﬁ..t.tﬁ.'....".'...'.-'GOQCOIQ./
/* UPDATE_mDICT (used by update_HAIKU_Dicts) */
r* -/
/* mDICT example: mDict(store, ['psubj-pobjt], [{pobi. [objll. ipsub], [agtlll). =/

update_mDict (SITU, Input_Verb, Input_CMP,
Lizt_of_New_CM_Cacze _Pairs_Intro_by_Known_CM)
memborchk (SITU, [°51, 82,331},
mDict (Input_Verb,List_of_CMP3,List_of_CM_Case_lists),
({SIT \== *Sl', append(List_of_CMPs, [Input_CMP],NEW _Listla))
{3ITU == '51*, NEW_Listla = List_of_CMPs)),
update_List_of_CM_Case_lists(List_of_CM_Case_lists,
List_of_New CM_Case_rPairs_Intro_by_Known_CM,
NEW_List2a),
cort (NEwW_Listla,NEW_Listl), sort(NEW_List2a,NEW Listl),
(mDict (Input_Verb,NEW_Listl,NEW _List2) :
(writep(® UPDATING mDict for '), writep(Input_Verb), writep(' ...'), nlp.
retractall (mDict {Input_Verb,List_of CMPs,List_of_CM_Case_lists)),
assert (mDict (Input_Verb,NEW_Listl,NEW_List2}},
writep(* => '}, writep{Input_Verb), writep(' '), writep(NEW_Listl),

writep(* *), writep(NEW_List2), nlp}), t.

update_mDict (SITU, Input_Verb, Input_CMP,
List_of_New_CM_Case_Pairs_Intro_by_Known_CM}

memberchk (SITU, ['S4°,°'S5' 1),
writep(® UPDATING mbict for '), writep(Input_Verb), writep(®' ...'}, alp.
create_List_of_CM_Case_lists{List_of_ New_CM_Case_Pairs_ Intro_by_Known_CM,La),
Input_CMPOa = [Input_CMPI],
sort {Input_CMPQa, Input_CMPO), sort{la.lL),
assert (mbict (Input_Verb, Input_CMPO,L) )},
writep(' => '}, writep(Input_Verb), writep(' '), writep{Input_CMPO),
writep{' '), writep(L), nlp, !.

update_mbict(_,_.,_._) :-

writep{® !'? unsuccessful updating of mDict ?!'), alp.

P T T T T S O i AR A R R h e et T L T L L L S S T )

update_List_of_CM _Case_lists(L.[]1.L)

update_List_of_CM_Case_lists(Ll, [ [CM0,CO0]|T],L2)}
delete(Ll, [CM0,Cs0],L0), append(Cs0, [C0],L00), append(LO, [{CMO,L00]],L22),
update_List_of_CM_Cace_lists{L22,T.L2).

create_List_of_CM_Case_lists ([}, (]} = !
create_List_of_CM_Case_lists({[[CM_H.C_HI|T1], [[CM_H, [C_H]II|T2]) :-
create_List_of_ CM_Case_lists(T1,T2).

/..b....-I.-..t....ti‘.-.t'tﬁt*'t’*tQ*it*W'ﬂ*"'"-‘-'*'Q‘-.‘.ﬁtt.'t.'t".f"i./
/* UPDATE_cmpDICT (used by update_HAIKU_Dicts) ~/
7 */
/* cmpDICT example: cmpDict(‘'psubj-adv’',[['agt-manr’', [he,always,works]l]). */

update_cmpDict {SITU, Input _CMP, Selected_CP) :-
memberchk (SITU, [*S1','S2','S4']}., % No updating necessary!
cmpDict (Input_CMP,List_of_CPs_and_example_sentences),
memberchk( [Selected_CP,_),.List_of_CPs_and_example_sentencex), !.

update_cmpDict (SITU, Input_CMP, Selected_CP) :-



F.2: The Individuad-clause CA Processor

{ {memberchk (SITU, [*S1', *S2, 84y,
cmpDict {Input_CMP,List_of _CPs_and_oxample_sentencesy,
\+ memberchk([Selected_CP, ], List_of_CPs_and_cxample_ucntonces))

(memberchk (SITU, [*SL*, 851},
List_of_CPs_and_example_sentences = [1)),

writep(' UPDATING cmpDict for '), writep(linput_CNF),
get_current_clause_tokens(Liznt_of_Tokens),
NEW = [Seleczed_CP,List_of_Tokens].

writep(* ...'"}, nlp,

{ (memberchk (SITU, [*S1','S2°,°'84° 1),

retractall {(empDict (Input _CMP,List_of_CPs_and_cxample_sentences) ) ;
memberchk (SITU, ['S3','S5'])),

ayppend (List_of_CPs_and_example_sentences, [NEW] ,NEW_Lista),

sort (NEW_Lista,NEW_List),

assert (cmpDict{Input_CMP,NEW_List)),

writep(' => '}, writep{Input_CMP}, writep(® ‘'}. writep(NEW_Lizt), nip, !.

update_cmpbict{_,_._} 1=
writep{' !? unsuccessful updating of cmpDict ?!'}, nlp.

/'tttttttﬁt*#t'tt#it.QI‘-Q..ﬁ"t.'t'ttttt.titwﬂtnt‘tﬁiQ't.'tthﬁ-.‘\ﬁ'-i..itt..,l

/* UPDATE_cpDICT (used by update_HAIKU_Dicts)

/
/* 7
/* cpDict example: cpDict(‘'agt-obj-inst-lfrm', [proparcl). ‘Y

update_cpbict(Selected_CP, Input_Verb) :-

{ (cpDict (Selected_CP,List_of_Verbs),
append(List_of_Verbs, [Input_Verb],NEW_lLista}) :
NEW_Lista = [Input_Verbl),

sort {NEW_Lista,NEW_List},

{cpDict{Selected CP,NEW_List)

{writep(*® UPDATING cpDict for '), writep(Selected_CP),
writep{' ...'}, nlp,
retractall (cpDict{Selected CP,List_of _Verbs)},
assert(cpDict (Selected _CP,NEW_List) ),
writep(®' => '), writep(Selected CP), writep(* ),
writep(NEW_List), nlp}).

update_cpDict{_._) 1=
writep(*' !? unsuccessful updating of mbict ?!'}, nlp.

/-wt-tthtttttttwwvrttﬁtb'ﬁrr--t-t--t-tttttt-tt-t'nt--tp.tt--o-nbp-obnno-ntt-tn/
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Appendix G: Examples of Representative Semantic Analyses

This appendix shows an abridged log of a brief session with HAIKU. We analyze two
of the five inputs for which we presented the parse trees produced by DIPETT in
Appendix E, plus another onc which is parsed as a serics of fragments — we will not
duplicate the parsc trees here. These examples illustrate how KA through TP is actually
accomplished in HAIKU.



G.1: Semantic Analysis #1

G.1: Semantic Analysis #1

Unit #1: Refer ro lines 304 and 305 in the 1990 General Tax Guide tor
more information on these non-refundable tax credits
Process this unit (¥Y/n)., try another Version, or Exit [(Y/n/v. oi?

lexical analysis (cpu time) : 0.25 sccond(sz).
First parse for input sentence:

{ ...1
parsing (cpu time) : 0.267 second(s}.

parse_tree__decla_or_imper
simple_sentence
structure
single_main_clause

{ ...}
HAIKU: initiating Case-based semantic analysis

UPDATED PARSE

TREE (parse_tree__decla_or_imper (simple_sentence(structure(single_main
_clause (imperative(*statementl*)) ), tokens{[refer.to, lines, 304, and, 305
,in, the,1990,general, tax,guide, for,more, information, on, these, non-
refundable, tax,credits]}),end_of_input{periocd}))

LOGICAL CLAUSAL STRUCTURE
top_structure
{*statementl™]

SYMBOLIC A-LISTS
coordinators
clauses

[*statementl*, statement (predicate({reqular{verblrefer, tense(limporativ
el},negiyes),trans(tr_intr))},voice(a~tive),complement (svol[con)_pro

{ ...}

INPUT
STRING( [refer,to, lines,304,and,305,in,the,1990,gencral, tax, quide, for,
more, information,on, these, non-refundable, tax,credits, W)

HAIKU: Case Analysis of current input's clauses

CURRENT CLAUSE: *statementl~*

CURRENT SUBJ : nil

CURRENT VERB : refer

CURRENT COMPL : complement(svo{[conj_pps(

{ ...}

CURRENT MODIFS : [main_verb _modif(nil),clauze_modif(nil)]

{below: notice that HAYKU finds four CMs. In fact, the ‘in’ prepositional phrase is
a modifier of the preceding ‘to’ prepositional phrase, and similarly far the ‘on’
and ‘“for’ prepositional phrases. But since DIPETT could not disambiguate these, it
left all prepositional phrases on the top-level, as modifiers of the main verb. This
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Appendix G: Examples of Representative Semantic Analysis

ensures that no potential Case markers are overlooked. If the re-attachment
facility were available, the user would have had the opportunity to reconsider the
parse tree before Case analysis. Interestingly, in this example, the four CMs are
semantically defendable.}

CMP found by HAIKU: to-in-for-on
> Do you wish to overrule this CMP
{enter d to discard this clause, ox
a to discard the entire input) [y/N/d/aj?

55: new verb with (entirely) new CMP; new CP.

entirely new CMP; no obviocus candidate CPs to propose
list of close CMPs proposed by the "closeness metric":
[THE INPUT CMP PROPERLY UNDERMATCHES: .,
THE INPUT C“P NON-PROPERLY UNDERMATCHES: ,
match(Q.15.25, [psubj,pobij.on,adv]),
THE INPUT CMP PROPERLY OVERMATCEES: ,match(0.416667,[tol).
THE INPUT CMP NON-PROPERLY OVERMATCHES: ,
match(1.11111, [psubj,on,in)),match(0.208333, [psubj,to]),.match(0.20833
3, [psubj, forl),match(0.138889, [psubj,pobj, to]),.match{0.138889, [psubi,
pobi,.on])]

Candidate CPs with example sentences for the closest CMP (psubj-
on-in):
CP: agt-lat-lto Ex:
{bob, printed, tom_s, report,on, the, printer, in, this, room, vesterday]
current clause's main verb {infinitive): refer
current clause's CMP (or a permutation): to-in-for-on
most probable or closest CPs, which are of compatible length: [}

NEW CP: list of 28 legal Cases in HAIKU

agt:agent; benf:beneficiary; expr:experiencer; inst:instrument;
obj:object; recp:recipient; caus:cause; manr:manner; val:value;
eff:effect; purp:purpose; freq:frequency: tat:time_at;
tfrm:time_from; tto:time_to; ttru:time_through: dir:direction:;
lat:location_at; lfrm:location_from; lto:location_to; ord:order:
ltru:location_through; ornt:orientation; cont:content;
excl:exclusion; acmp:accompaniment:; matr:material; meas:measure.
REM: A CASE MAY BE SUFFIXED WITRHR A '?' TO DENOTE UNCERTAINTY

{e.g. lat?).

here is what the cmDict knows about this Case marker: to
{format: Case(COmmonness,Example); CO=1l:common, CO=2:uncormmon}
tto(l,We worked from nine TO FIVE.)
lto(l,I nailed the picture TQO THE WALL.)
dir{l,We drove TO THE MALL.)
recp{l,I gave it TO HIM.)
meas (1, The temperature has increased TO TEN DEGREES.)
purp(l,She came TO THE RESCUE.)
eff(l,We won TO MY SURPRISE.)
acmp(l,He added insult TO INJURY.)
benf(1l,She gives money TO MANY CHARITIES.)

here is what the cmDict knows about this Case marker: in
{format: Case(COmmonness, Example); CO=l:common, CO=2:uncommon}
lat (1, The car was parked IN THE GARAGE.)
l1to(l,Jump IN THE POOL.)
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G.1: Semantic Analvsis #1

tat(l,Come IN AN HOUR.)

coru(l,We sleep IN THE NIGHT.)

cont(l,He is interested IN SCIENCE.)

matr(l,The statues were carved IN GRANITE.)

meas(l,I can usually drive to work IN FIFTEEN MINUTES.)
dir(l,She lcoked IN MY DIRECTION.}

freg(l,Buses arrive IN FIVE MINUTE INTERVALS.)
manr(l,He &id it IN AN AWKWARD WAY.)

purp{2,We acted IN OUR BEST INTEREST.)

eff(2,The battle will end IN DEATH.}

here is what the c¢cmDigt knows about this Case marker: for
{format: Case(COmmonness, Example); CO=l:common, CO-2:uncommonl

lro{l.With a bear aim FOR THE HEART.)

dir(l,Run FOR THE TRAIN!)

cont{l,I stand FOR FISCAL PROBITY.)

ttru(l,They worked FOR THREE HOURS.)

benf{l,I'd do anything FOR YOU,}

purp(l, That drug is FOR PEOPLE WITH HEADACHES.)

meas{1l,I bought a book FOR TEN DOLLARS.)

caus{l,He got a medal FOR COURAGE.}

recp(l,There's mail FOR EVERYONE.)

tat{2,Call him FOR TEN A.M.)

purp{2,Il want a teddy FOR A PRESENT. )

here is what the cmDict knows about this Case marker: on
{format: Case(COmmonness,Example}; CO=1l:common, CO=2:uncommon}

cont (1,She was reading ON ECONOMICS.)

lat (1,We were sitting ON THE SOFA.)

tat(l,We returned ON MONDAY.)

purp(l,We spent the money ON BOOKS.)

caus{l,We acted ON HIS ADVICE.)

inst(1,I spoke to her ON THE TELEPHONE.)

ornt(1,The bottle lay ON ITS SIDE.)

please enter the new CP (e.g. agt-obj-tat),
or enter 'h' to see the current input string and CMP,
or CR to abort {“new CP"/h/CR]? lto-dir-purp-cont
CMP & CP will be paired as follows: to/lto in/dir for/purp on/cont
s+ Correct [n/Y]?

{below: the actual phase of knowledge acquisition (“learning”): HAIKU updates
its dictionaries (KB).}

UPDATING mDict for refer ...

=> refer [to-in-for-on]
[ [for, [purpll, [in, [dirl]. [on, [cont]], (to, [1to]]]

UPDATING cmpbict for to-in-for-on ...

=> to-in-for-on [[lto-dir-purp-~
cont, ' [refer,to,lines,304,and, 305, 1in, the, 1990, general, tax, guide, for,m
ore, information, on, these,non-refundable, tax, credits, .11]]

UPDATING cpDict for lto-dir-purp-cont ...

=» lto-dir-purp-cont [refer]

CASE STRUCTURES
clauses
[*statementl™”,
case_structure {
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verb{refer,tense([imparative] ) ,negi{yes),trans{tr_intr)},
to-in-for-on,

lto-dir-purp-cont,
nil,
{conj_pps(
{...}
[main verb modif(nil),clause modif(nil}])]
HAIKU semantic analysis (cpu time) 5.317 second(s).
Continuc [n/Y]?



G.2: Semantic Analysis #2

G.2: Semantic Analysis #2

Unit #2: Since Rosa is the supporting person with the lower net
income , she would claim the child care expeonses
Process this unit (Y/n), try another Version, or Exit [Y./n/v./e]?

lexical analysis (cpu time) : 0.1 secondis).
First parse for input sentence:

{ ...}
parsing {(cpu time) : 0.25 second(s).

parse_tree__decla_or_imper
complex_sentence
structure
single_main_clause

{ ...}
HAIRU: initiating Case-based semantic analysis

Proceed with "pronoun explicitization" [n/Y]?
ANAPHORA "EXPLICITIZATION" PRE-PROCESSOR ..

ENTITIES IN CURRENT PARSE TREE (OR CLAUSE):
[entity({proper_nounirosa),number (sg3), tokens([rosal}),

entity(determinatives(deter{the)),attributes{{attrs(ad] (support,pos))
. tokens([supportingl)]},head_noun({noun{person)),number(sql), np_postmo
difiers{([pp(with,

{ ...}

PRONOUNS IN CURRENT PARSE TREE (OR CLAUSE):
[entity(ref(pers_pron(she)),number(sg3),tokens([she])}]

Trying to find a referent for:
entity(ref (pers_pron{she)),number{sgl}, tokens([shel))

List of candidate entities in this input:
entity(proper_noun({rosa),number(sgl), tokens{[rosal)) (1) :
emb( [entity(determinatives(deter(the)),attributes(conj_adj_plimplicit
_and, [attrs({adj{low,comp) },attrs(adj(net,pos))], tokens([lower,net])))
chead_noun{nocun{income)},number{sg3), tokens({{the, lower,net, income]} )|
) (2)

if appropriate, please select one of these referents;
enter a number between 1 and 2 (or 0 if none is appropriate): 1

>> anaphora resolved: new functor is entity_pro

UPDATED PARSE .
TREE(parse_tree__decla_or_imper(complex_seﬁtence(structure(single_mai
n_clause (declarative(*statement2*))),tokens([since, rosa,is, the, suppor
ting,person,with, the, lower, net, income, ,, she,would,claim, the,child,car
e,expenses])),end_of_input (periocd)))

LOGICAL CLAUSAL STRUCTURE

top_structure
[*statement2”, subordinator{isince, tokens{(sincel)]), *statementi*]

393



Appendix G: Examples of Representative Semantic Analysis

STHMEOLIC A~-LISTS
coordinators
clausen

f{below: this time, the input consists of two clauses: a main clause plus a
subordinate clause. They will be analyzed separately.}

*statement2*, statement (subordinate_clauses{ ... *statement3* ... ,
{ ...}

*statement3*, statement (subj (entity{proper_nocuni{rosa),
{ ...}

INPUT
STRING([since,rosa, is, the, supporting, person,with, the, lower,net, income
., ».she,would,claim, the,child, care, expenses, . ]}

HAIKU: Case Analysis of current input's clauses ...

CURRENT CLAUSE: *statement2”

CURRENT SUBJ :

subj{entity pro{proper_noun{rosa),number(sg3),tokens([rosal))}
CURRENT VERB : claim

CURRENT COMPL :

complement {svo{entity({determinatives (deter(the) ), head_noun{noun{expen
se,noun_modifiers{pre_modif {conj_noun_pre_mod(implicit_and, [child,car
2]})))),number(pl), tokens({the,child,care, expenses]))))

CURRENT MODIFS :

[main_verb_modif(nil),clause_modif (subordinate_clauses({[initial{(subo
rdinate(adverbial (adv_clause([since, tokens{[(since])}], *statementi*},to
kens{ [since,rosa, is, the, supperting, person,with, the, lower, net, income] }
}},tokens{[since, rosa, i3, the, supporting, person,with, the, lower,net, inc
ome,,1)111))1

CMP found by HAIKU: psubj-pobj-adv
> Do you wish to overrule this CMP
{enter d to discard this clause, or
a to discard the entire input) [y/N/d/al?

$4: now verb with known CMP; new CP (relative to this verb).

candidate CPs with example sentences:
CP: agt-obj-manr Ex:
{bob,always,prints,and, reads,his, messages]
current clause's main verb {infinitive): claim
current clause's CMP {or a permutation): psubj-pobj-adv
most probable or closest CPs, which are of compatible length:
[agt-obj-manr)

NEW CP: list of 28 legal Cases in HAIKU

agt:agent; benf:beneficiary: expr:experiencer; inst:instrument;
obj:object; recp:recipient; caus:cause; manr:manner; val:value;
eff:effect; purp:purpose; freq:frequency:; tat:time_at:;
tfrm:time_from; tto:time_to: ttru:time_through: dir:direction;
lat:location_at; lfrm:location_from; lto:location_to; ord:order;
ltru:location_through: ornt:orientation: cont:content;
excl:exclusion; acmp:accompaniment; matr:material; meas:measure.
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REM: A CASE MAY BE SUFFIXNED WITH A '7' TO DENOTE UNCERTAINTY
(e.g. larc?).

please enter the new CP (e.g. agt-obi-tat),
or enter 'h' to see the current input string and CMP,
or CR to abort ["new CP"/h/CR]? agt-obj-caus
CMP & CP will be paired as follows: psubj/aat pobj/obi adv.caus
Correct [n/Y1?

UPDATING mDict for claim ...
=> ¢laim [psubj-pobj-adv]
[[adv, [caus] ], [pob]. [obj]1]. [psubj, lagt]l)
UPDATING cmpDict for psubj-pobj-adv ...
=> psubj-pobj-adv [[agt-obj-~
caus, ' [since,rosa, is, the, supporting, person,with, the, lower, net, income,
. .she,would, claim, the, child, care,expenses, .1 '], [agt-obji-
many, (bob,always, prints, and, reads, his, messages]]]
UPDATING cpDict for agt-obj-caus ...
=> agt-obj-caus [claim]

CURRENT CLAUSE: *statement3*

CURRENT SUBJ

subj {entity{proper_noun(rosa),number(sg3}, tokens{(rozal}))

CURRENT VERB : be

CURRENT COMPL : s_gualifier(svc_svalentity!|

{ ...}

CURRENT MODIFS : [main_verb _modif{nil),clause_modif(nil}]

> Aborting Case Analysis: main verb is STATIVE.
fabove: in HAIKU’s current framework, stative verbs are not processed by the
Case Analyzer, but by the Mini-Network Builder.}

CASE STRUCTURES
clauses
[*statement2*,
case_structure(
verb(claim,
tense( [conditional_present_simple]),.neg{yes),trans(tr)),
psubi-pobj-adv,
agt-obj-caus,
entity pro(proper_nocun(rosa),number(sg3).tokens([rosal)).
entity(deterninatives(deter(the)).
head_noun(noun (expense,noun_modifiers(
{ .-- }
[main verb_modif(nil),
clause_modif (subordinate_clauses(
{ «.- }1

[*statement3~*,
case_structure (
verb(be,tense([present_simple] },neg(yves),trans(stat)),
nil,
nil,
entity(proper noun(rosa),number(sg3),tokens(frosal)).
entity(determinatives{deter(the)),
attributes( [attrs{adj (support,pos)),tokens( [supporting] )]},
head_noun({noun(person}},
{ --- 1}
{main verb modif(nil),clause_modif(nil}])]
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HAIKU semantic analysis (cpu time) : £.984 second(s}.

Continue [n/Y)?



G.3: Semantic Analysis #3

G.3: Semantic Analysis #3

Unitc #3: In the next few pages vou can learn how to ask the right
questions even if you've never used a computer before . )
Process this unit (Y/n), try another Version, or Exit [Y/n/v/el?

lexical analysis {(cpu time) : 0.3 second(s).
First parse for input sentence:

PARSING STOPPED for the following reason:

CPU TIME LIMIT EXCEEDED in ... complement{intr}
> the current CPU time limit is: 5.0 second(s).

At that moment, the input string was:

[how, to, ask, the, right, questions, even_if, you, have, never, used, a, compute

r,before, .)

** Sorry dear user, UNABLE TO PARSE THE INPUT **
{ ... 1}

** Reparse as a series of fragments [n/Y]?
fragmentary parsing {(cpu time) : 0.333 second(s}.
** Number of fragments 1 4

** Number of tokens not parsed : 1

** % of input string recognized : 95.6522%

parsing (cpu time) : 5.65 second(s}.

parse_tree__frag_series
sentence_fragment
{ ... 1

HAIXKU: initiating Case-based semantic analysis ...
** CA: the current input is a series of fragments ...

UPDATED PARSE
TREE({sentence_fragment({(pp(in,entity{determinatives{deter{the), postde
ter(closed{ord(next))})),attributes(lattrs(adj(few,pos)), tokens (][ few])
1} ,head_noun{noun{page) ) ,numbexr {pl), tokens{[the,next, few, pages] )}, tok
ens([in, the,next, few,pages]}), tokens{ [in, the,.next, few,pages])]))

LOGICAL CLAUSAL STRUCTURE
top_structure

{1
SYMEOLIC A-LISTS
coordinators
clauses
INPUT
STRING( [in, the, next, few, pages,you, can, learn, how, to, ask, the, right, ques
tions,even,if,you've,never,used,a, computer,before, . 1)

HATKU: Case Analysis of current input's clauses ...

> Aborting Case Analysis: END OF ANALYSIS.
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> EMPTY CLAUSE: CA cannot be perxformed on this partial input.

Proceced with "pronoun explicitization® [n/Y]?
ANAPHORA "EXPLICITIZATION" PRE-PROCESSOR ...

ENTITIES IN CURRENT PARSE TREE (OR CLAUSE):
[entity(determinatives(deter(the)),attributes{[attrs{adj(right,pos)),
tokens({[right])]),head_nouninoun({question)),numbexr{pl}, tokens([the, ri
ght,questions]))]

PRONOUNS IN CURRENT PARSE TREE (OR CLAUSE):

fentity{ref {pers_pron(you})},number(pl), tokens([youll}]

Trying to find a referent for:
entity(ref (pers_pron{you)),number{pl), tokens{[youl})
> FOR THIS PRONOUN, SUGGESTING “generic”, OK [n/Y1?

>> anaphora resolved: new functor is entity_pro_generic
UPDATED PARSE TREE(sentence_fragment(*statement4d*))

LOGICAL CLAUSAL STRUCTURE
top_structure
[*statementd™]

SYMBOLIC A-LISTS
coordinators
clauses

[*statementq*, statement (subj {entity_pro_generic{ref{pers_pron({you)),n
umber (pl), tokens( {youl }}) ,predicate{regular({verb(learn, tense( [can_pre
sent]) ,neg(yes),trans{tr_intr))),voice(active},complement (svo (nominal
_clause(*to_infinitive_clausel*, tokens{ [how, to,ask, the,right, question
s1})))).cokens{[can, learn,how, to,ask, the, right, questionsl)}]

[*co_infinitive_clausel*, to_infinitive clause(wh_word({how),predicate(
regular (verb(ask, tense({[inf]),neg(yes), trans(tr_intr))),voice{active)
,complement (svo{entity{determinatives(deter(the)) . .attributes{ [attrsia
dj (right,pos}), tokens{[right]}}),head_noun (noun{guestion)) ,number (pl)
.tokens{ [the, right,questionsi})))}}]

INPUT
STRING{ [in, the, next, few, pages, you, can, learn, how, to,ask, the, right, ques
tions,even, if, you've,never,used,a,computer,before,.])

HAIKU: Case Analysis of current input's clauses ...

CURRENT CLAUSE: *statement4d*

CURRENT SUBJ :

subj (entity_pro_generic(ref{pers_pron(you)}},numberipl), tokens( [voul))
)

CURRENT VERB : learn

CURRENT COMPL

complement (svo(nominal_clause(*to_infinitive_clausel*, tokens([how, to,
ask, the, right,questions])}))

CURRENT MODIFS : [main_verb_modifi(nil),clause_modif(nil)]
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CMP found by HAIXKU: psubj-pobj
> Do you wish to overrule this CMP
{enter & to discard this clause, or
a to discard the entire input) [y /N /dral?

S$4: new verb with known CMP: new CP (relative to this verb).

candidate CPs with example sentences:
CP: agt-obj Ex: [bob.printed.,a,file]
current clause's main verb (infinitive): learn
current clause's CMP (or a permutation): psubj-pobj
most probable or closest CPs, which are of compatible length:
[agz-obi]

NEW CP: list of 28 legal Cases in HAIKU

agt:agent; benf:beneficiary:; expr:experiencer; inst:instrument;
obj:object; recp:recipient; caus:cause:; manr:manner; val:value;
eff:effect; purp:purpose; freq:frequency: tat:time_at;
tfrm:time_£rom; tto:time_to; ttru:time_through: dir:direction:
lat:location_at; lfrm:location_£from; lto:location_to: ord:order:
ltru:location_through; ornt:orientation: cont:content;
excl:exclusion; acmp:accompaniment: matr:material; meas:measure.
REM: A CASE MAY BE SUFFIXED WITH A *'?' TC DENCTE UNCERTAINTY

(e.g. latc?).

please enter the new CP {e.g. agt-obj-tat),
or enter 'h' to see the current input string and CMP,
or CR to abort [*"new CP"/h/CR]? agt-obj
CMP & CP will be paired as follows: psubj/agt pobj/obj ; Correct
n/Y]?

UPDATING mDict for learn ...

=> learn [psubj-pobjl [([pebj,(obill, [psubj, lagt]l]]

UPDATING cpDict for agt-obj ...

=> agt-obj
[ask,complete, copy,.crash,delete, erase, get,give, know, learn, like, look,p
ay.prefer,prepare,print, read, recreate, report, save, sort,storc, think, tr
y.want,work,write]

CURRENT CLAUSE: *to_infinitive_clausel*

CURRENT SUBJ : subj{wh_word(how))

CURRENT VERE : ask

CURRENT COMPL :

complement {svo{entity(determinatives(deter{the}) attributes{[attrs(ad
j (right,pos)).tokens{[right]}]),head_noun{nouniquestion)}, number{pl).
tokens{ [the,right,questions]))))

CURRENT MODIFS : [main_verb._modifi(nil),clause_modif{nil}]

CMP found by HAIKU: psubj-pobij
> Do you wish to overrule this CMP
{enter 4 to discard this clause, or
a to discard the entire input) [y/N/d/al? vy
» Please, enter the new CMP (e.g. psubj-pobj-with): pobj
> Replacing 'psubj-pobj' with 'pobj’ : OK [n/Y?]?

S2: known CMP not yet associated with known verb; CP is known or new.

candidate CPs with example sentences:
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CP: obj Ex: [i,want,to,know,which, file,you,have,printed)
current ¢lause’'s maln verb (infinitive): ask
curront ¢lause's CMP (or a permutation): pobj
most probable or clozest CPs, which are of compatible length:
obj (1) :

if appropriate, please select one of these CPs;

enter a number between 1 and 1 (or 0 if none is appropriate): 1
CHMP & CP will be paired as follows: pobj/obj : Correct [n/Yl1?
replace cmpDict's example with current clause [y/N]?

UPDATING mDhict for ask ...

=> ask {pobj.psubj-pobjl [[pobj,(objll, [psubj, [agt]]]

UPDATING cpDict for obj ...

=» obj
laccess, ask, conclude, contain, get,give, happen, know, print, read, see, show
Lthink, try,write]

CASE STRUCTURES
clauses
[*statement4™*,
case_structure{
verb{learn,tense{ [can_present]).neg(yes),trans(txr_intr)),
psubj-pobi,
agt-obj,
entity pro_genexic(
rof (pers_pron(you)),number(pl),tokens( [youl)}),
nominal_clause(*to_infinitive_clauselw,
tokens( [how, to,ask, the, xight,questions])),
[main_verb modif(nil),clause_modif(nil)])]

[*to_infinitive_clausel”,
case_structure
verb(ask,tense{ [inf] ) ,neg({ves),trans(txr intr)).,
pobj,
cbi,
wh_word{(how),
entity(determinatives(deter(the}),
attributes{ [attrs(adj(right,pos)),tokens{[xrightl)}]1).,
head_nocun{noun{question)) ,number(pl},
tokens( [the,xright,questions])),
[main_verb modif(nil),clanse_modif{nil}])]

Proceed with “pronoun explicitization* [n/Y]?
ANAPHORA “"EXPLICITIZATION" PRE-PROCESSOR ...

ENTITIES IN CURRENT PARSE TREE (OR CLAUSE):
[entity({determinatives (deter(a)) , head_noun(noun(computer)}),number (sg3
), tokens{[a,computer])}]

PRONOUNS IN CURRENT PARSE TREE (OR CLAUSE):

[entity{ref {pers_pron(you)), number{pl), :okens([you]))]

Trying to find a referent for:
entity(ref{pers_pron(you)),number{pl},tokens([you])}
> FOR THIS PRONOUN, SUGGESTING “"generic", OK [n/Y]?

>> anaphora resolved: new functor is entity_pro_generic
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G.3: Semantic Antlysis #3

UPDATED PARSE TREE(sentence_fragment(*statements+1)

LOGICAL CLAUSAL STRUCTURE
top_structure
[*statements~]

SYMBOLIC A~-LISTS

coordinators

clauses

[*statement5*, statement (subj (entity_pro_generic(ref (pers_pron{ycul!,.n
umber{pl}, tokens{ [youl]})),predicate{regulariverb(use, tonsne( [provent p
erfect_simple]),neg(yes),advs([never, tokens{[neverl) |}, trans{tr_intr)
}Y,voice(active),complement {svo(entity{determinatives(deter{a)), head
noun (noun (computer) ) ,number (sgl), tokens{ [(a,computeri) i)y, tokens{ [ hay

e,never,used, a, computeri)}]

INPUT
STRING( [in, the,next, few, pages, you, can, learn, how, to, ask, the, right, ques
tions,even,if,you've, never, used, a, computer, before, . ]}

HAIKU: Case Analysis of current input's clauses ...

CURRENT CLAUSE: *statement5*

CURRENT SURJ

subj (entity_pro_generic(ref (pers_pron(you)),number(pl), tokens([youl))
)

CURRENT VERB
CURRENT COMPL
complement (svo({entity(determinativesi{deter{a)),head_noun{noun{computc
r) ), number (sg3), tokens{ [a, computer]}}))}

CURRENT MODIFS :

[main_verb_modif (advs([never, tokens([neverl)l})),clause_modif(nil)]

use

CMP found by HAIKU: psubj-pobj-adv
> Do you wish to overrule this CMP
(enter d to discard this clause, or
a to discard the entire input) [y/N/d/al?

54: new verb with known CMP; new CP (relative to this verb).

candidate CPs with example sentences:
CP: agt-obj-caus Ex:
'[since,rosa,is, the, supporting, person,with, the, lower, net, income, , , che
;would, claim, the,child, care, expenses, .]"
CP: agt-obj-manr Ex:
[bob, always, prints, and, reads,his, messages]
current clause's main verb {infinitive): use
current clause's CMP (or a permutation): psubj-pobj-adv
most probable or closest CPs, which are of compatible length:
[agt-obj-caus,agt-obj-manr]

NEW CP: list of 28 legal Cases in HAIKU )
agt:agent; benf:beneficiary; expr:experiencer; inst:instrument;
obj:object; recp:recipient; caus:cause; manr:manner; wval:walue;
eff:effect; purp:purpose; freq:frequency; tat:time_at;
tfrm:time_£from; tro:time_to; ttru:time_through; dir:direction;
lat:location_at; lfrm:location_£from; lto:location_to; cord:order;
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itru:location_through; ornt:orientation; cont:content;

cxel:exclusion; acmpraccompaniment; matr:material; meas:measure.

REM: A CASE MAY BE SUFFIXED WITH A '?*' TO DENOTE UNCERTAINTY
{erug. lat?),

please cnter the new CP {e.g. agt-obj-tat),
or enter ‘h' to see the current input string and CMP,
or CR to abort ["new CP"/h/CR]? agt-obj-manr
CMP & CP will be paired as follows: psubj/agt pobj/obj adv/manr ;
Correct [n/Y]?

UPDATING mDict for use ...

=» uge [psubj-pobj-adv] [[adv, [manr]], [pobj. [objil. [psubi, (agtl]]
UPDATING cpDict for agt-obj-manr ...

=» agt-obj-manr [erase,need,print,use]

CASE STRUCTURES
clauses
[*statement5*,
case_structure{
verb({use, tense( [present_perfect_simple]),neg(yes),
advs([never,tokens({[never])]),trans(tr _intr}),
psubj-pobi-adv,
agt-obj-manr,
entity pro_generic(ref(pers_pron(yocu)),number(pl),
tokens({youl)),
entity({determinatives(detexr(a)),head_noun(nouw{computer)),
numbexr (8g3),tokens( [a,computex])).,
[main_verb_modif (advs( [never,tokens([neveri)l)).,
clause_modif(nil)}])]

UPDATED PARSE TREE(sentence_fragment(before, tokens([beforel)l))
LOGICAL CLAUSAL STRUCTURE

top_structure “

[

SYMBOLIC A-LISTS

coordinators

clauses

INPUT
STRING{ [in, the, next, few,pages,you, can, leazn, how, to,ask, the, right, ques
tions,even, if,you’'ve,never,used, a, conputer, before, .])
HAIKU: Case Analysis of current input's clauses ...

> Aborting Case Analysis: END OF ANALYSIS.
> EMPTY CLAUSE: CA cannot be performed on this partial input.

HAIRU semantic analysis (cpu time) : 5.167 second(s).
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Appendix H: KB Accumulated by HAIKU in Chapters 1 and 2

This appendix lists the full contents of HAIKU s KB after processing chapters 1 and 2
of the QUIZ manual, starting with cmpty dictionarics — see 4.8, At the end of chapter 1,
HAIKU"s KB contained 86 cntries in its MDict. 38 cntrics in its CMPDict, and 38 entrics
in its CPDict. At the end of chapter 2, the number of entries were, respectively, 119
(+38%). 48 (+26%). and 50 (+32%).
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Appendix H: KB Accumulated by HAIKU in Chapters 1 and 2

H.1: MDict Entries

MDict (119 entries)

mDict (access, [pob], 'pobj-adv', 'psubi-pob] ", 'psubj-pobj-adv', 'psubj-
to'], [{adv, [manr]], [pobj. [objl], (psubi, l[agell, [to, [ebill]).
mDict {add, [pobj. '‘pobj~to']. [ [pobj. [objll, [to, [1toll]).
mDict{affect, {'psubj-pebi’], [ [pobj, [objll, [psubj, [agtll]}.
mDict (agree, [ 'on-within'], [ [on, {cont] ], [within, [lat]]]).
mDict {answer, [ 'psubj-pobj '], [[pobj, [objll, [psubj, [agt]]]}.
mbict (apply. ['pobj-adv'], [[adv, [manzr]], [pobj, (ebilli).
mDict{ask, [pobj, 'pobj-pioki’, 'psubj-for-like", 'psubj-
pobj'l, [[for.[ebill]l, [like, [manr]], [piobj, fobjl], (pobj. [obj,recp]].
ipsubj, [age]]]}.
mDict (assume, [pobj], [[pob], [oebjlil}.
mDict (avoid, [pobil, [ [pobij, {objl]l]).
mDict (base, [ 'pobj-on-for*], { [for, [purpll, [on, [contl], [pobj, [objl]]).
mbDict {begin, [pobjl, [ [pobi, [objl]l1).
mbict (build, [pob], 'psubi-pobi-
adv'], [[adv, [manr]], [peb], [eb]i]], [psub], [agt]]]}.
mDict (call, [pob], 'pobj-adv’, 'psubj-
pobj '], [ladv, [caus]], [pob], [objl], [psub], [agt]]]).
mbict (cancel, [ 'psubji-pobi’, 'psubj-pobj-
adv'], [ladv, [manr]], [pobj, [objl], [psubj, [agtll]}.
mDict (cause, [pobj, 'psubj-pobi’, 'psubj-pobj-
adv'}, [ {adv, [manxr]], [pobj, [obj]], [psubj, [agtlll).
mDict (change, [pobj, 'psubj~pobj'], [ [pob], [objl], [psubj, (agtll]l)}.
mDict {(check, ['with-on'], [[on, [¢cent] ], [with, [acmplll).
mDict (choose, [pobj, 'psubj-pobj', 'psubj-pobi-
adv'], [ [adv, [manr]], [pobj, [objl], [psubj, [agtll]).
mDict (clear, [pobj, 'psubj-pobj-
adv'], [[adv, [oxd]], [pobj, [objl), [psubj. agt]]l).
mDict {combine, [pobijl, [ [pobj, [objl}1).
mDict {consist, [ 'psubj-of-
to']l, [{eof, [objl], [psubi, [agtl]l, {te, [recpli]).
mDict (contain, {'psubj-pobj’, 'psubj-pobj-
adv'], [[adv, [manr]], [peb], [objll, [psubj, [agt]ll}.
mDict {copy, [pobj, 'pPsubj-pebj*l, [ [pob], [obj]1], [psub]j, {(agt]]]).
mDict (create, [pob], 'pPsubj-
pobj',with], [[pob], [obj]], [psubj, [agtl], [with, [inst]]]}.
mDict (describe, [pobjl, [ [pobi, [objll}).
mDict (design, [ 'psubj-pobj'], [ (pob], [objl], [psubji, [agt]]l]).
mDict (designate, ['pobj-as’'. 'psubj-pobj-
as']. [las, [manr)], [pebj, [obj]l], [psub]j, (agt]l]]}.
mDict {display, [on, 'psubj-
pobj'l, [[on, [lat])], [pobj. [objl]). [psubj, [agt]]]).
mbice {do, [pob], 'psubj-on’, 'psubj-
pebitl. [{on, [cont]], {pob], [ebjl], [psub], [agt]}]}).
mDict {eliminate, ['psubj-pobi'l, { [pobi. [objl], [psubj. [agt]l]).
mDict {encounter, [ 'psubj-pobj-
adv'], [ [adv, [manr]], [pobj, [obil], [psubj, [agt]]]).
mDict {enter, [pobi, 'pobj-adv', ‘pobj-in’', 'pobj-into-as’', ‘pobj-
on', 'psubj-pobj’, "psubj-pobi-
in'], [ [adv, [manr]], [as, [manr]], lin, [manr, lat]], [into. [1to]], [on, [1
atll], [pobj, [objll, [psubj. [agtlll).

404



L1 MDict Entries

mDict {establish, [pobj, 'pobi-between’, *psubi-pebi-
adv'], [[(adv, [manxr]], [between, [lat]], {pobi. [obill. [psubi, [aat]]]?}.
mDict (execute, ['psubj-pobj i, [ipebj, [obill, [psubi, lagt]]l).
mPict (explain, [pobjl, [ [pobi. [obil]]}.
mDict (f£ind, [pob], ‘psubj-pobj']. [ lpobi. [objl ], [psubi, [aat]]]
mDict(fit, ['psubj-across'], {lacross, [1trull, [psubi, [aatll]}
mbict{follow, [pobj, 'psubj-pobj’. 'psubj-pobj-
adv'], [[adv, [manr]], [pob]. [obj]]. {psubj, [agz]1]}.
mbict {format, [pebj, 'psubj-pobj-
adv'], [[adv, [excl]], [pobj. [objl], [psubj. lagt[1i}.
mDict (get, [pobj, 'psubj-pobj’], [ [pobj, [objl], lpsubj, lagt]1}).
mDict {give, ['psubj-pobi'l. [[pobj. [obijll. [psubi, lagtlll]).
mDict (handle, ['psubi-pobj-
adv'], [[adv, [manx]], [pobj, [obj)], [psubj, [agtl1]).
mDict (have, [pobj, 'pobji-in', psubj, 'psubj-pobj’, ‘paubj-pobj-
adv'], [ [adv, [manr]], [in, [lat]], [pob]j, [cbil], [psubj, lagtl]l}).
mbict{hold, ['down=-adv'], [ [adv, [tat]], [down, [objl]1}.
mbict (identify, ['psubj-pobj'l, [ [pobj, [objll, [psubj, fagtlll).
mDict (include, ['pobj-in', 'psubj-pobj-in-
adv'], [[adv, [manr]], [in, [1tel], [pobj. [obill, [psubi, lagtill) .
mDict (indicate, ['psubj-pobj 1, [ [pobj, [obill, [psubi, lagtll]}.
mDict (initiate, ['psubj-pobj'], [ [pobj, [objl], [psubji, [agt]]}}.
mDict (involve, [ 'psubj-pob)-
adv'], [[adv, [oxdl], [pob3, [objl], [psubj, [agtl1]).
mbict (issue, ['psubj-pobj'1. [[pobj, [obill, [psubj, [agt]l}).
mDict (join, [ *psubj-pobj', 'psubj-pobj-
adv'], [[adv, [tfxm] ], [pobj, [objl], [psub]i, [agt]]]).
mDict {know, [pobj. "psubj-pobj'l, [[pobj, lobill, [psubj, lagtll1).
mDict {learn, [ 'psubj-pobj']. [[pobj. [obj]], [psub], [agt]i]).
mDict (leave, [pob], ‘pobj-adv'], [fadv, [manr]], [pobj. fabilll).
mDict{let, [pobj. 'pobj-adv'], [[adv, [manr]], ipobj, [objl]]}).
mbict{lie, ['psubj-in-
with'], [[in, [cont]], [psubj, [agt]], [with, {acmp]]}).
mDict{like, ['psubj-pobj'l, [[pobj, [objll, [psubi, lagt]]l).
mbict(link, [pobj, "pobj-in"', ‘psubj-pobj’, 'psubj-pebj-piobj*, 'through-
in®,to], [[in, [lat,ltol], [piob], [obj]], [pob], [obj, tatl], [psubj, [aqt
11, [through, [1trull, [to, [1lto]l]}).
mDict (list, [pobj, 'psubj-pobi*, 'psubj-pobj-
in'], [[in, [(l1tol}, [pobj, [obj]], [psub], [agr)]]).
mDict(look, ['psubj-at'], ([at, [lat]l], [psubi, [agt]]]}.
mDict(lose, ['pobj-adv'], [ [adv, [manr]], [pobi, [obj]}}}).
mbDict (make, [to], [[to, [recpl]]).
mDict {mean, [pobj. 'psubj-pobj'], [ [pobj, [objl], [psubj, lagt] ).
mbict (miss, ['psubj-pobj*l, [[pobj, [objll, [poubj, fagt)]l).
mbhict (moedify, ['psubj-pobj’l. [[pobj, [cbjl}, [psubj, lagt]]]).
mDict (move, [pobjl, [[pob], [objl]1]).
mDict (name, [pobj, 'psubj-pobi’, 'psubi-pobj-
in']l, [[in, [1to]], [pob], lobjl], [psubi, {agtll]).
mbict {need, [pobj. 'psubj-pobj', 'psubj-pobj-
adv'], [[adv, {tfrm,ord]], [pob], {objl], [psub]j. [agtll]}.
mDict (notice, [ 'pobj-adv'l, [[adv, {manr]], [pobi, [objl]i}.
mDict (number, { ‘psubi-pobj']l, [ [pob]j, [ebil], [poub], (agt]]]}.
mbict (occupy, [ ‘pobj-adv'], [[adv, [manr] ], [pobj, [obj)]]}.
mDict (omit, ['pobi-from'], [{from, [1frm] ). [pob]j. [obi]l]]}).
mDict (organize, [with}], [ [with, [inzt]]]).
mDict (override, ['psubj-pobj'], [ [pob], [objll, ipsubj, [agt]l]]).
mDict (personalize, ipobjl, [Ipobkj, ebijlll).

)
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mOinsiplace, | 'poubl-pobl-
arkyr ], D lady, [manrll, [pobj, [obil]. [psubi, [agtl]l).
mDict {prepare, [pobil, [ Ipobj, [ob311]).
mDiet(press, [pebi, 'pobj-advy'], [{adv, [manr]], [pobi, [ob3i]]).
mDicrniprint, ['psubj-on*'], l{on, [1to]], [psubj. lagtlll).
mDict {proccss, ['of-
from'.,pobijl, [[from, [1frm]], [of, [ob]]]. [pob]. {obilll}).
mDict (produce, {pobj,psubj, 'psubj-
pobj’ |, ipobj, [obil]), {psubj, [agt]]]).
mDict {provide, [pobj, 'psubj-pobj'], [ ipobj, [recp.objl], [psubji, [agt)li}.
mDizt (re-enter, [pebjl, [[pobj. [objll1l).
mpict {read, [pob], ‘pobj-adv’, '‘psubj-pobi’, 'psubj-
with'], [[adv, [manxr]], [pebj, [obj]], [psub], [agtl], [with, [inst]]1]).
mpict{recall, [ *psubj-pobji']l, [[pobj. [obj]]. [psubj,. [agt]]l}).
mDict {recognize, | "psubj-pobj-
adv*], [ladv, [tat]], [pob], [obj]], [psubj, lagt]]l).
mDict (record, [ from, pobj, 'pobji~
on'],[[from, [1frm]]). [on, [lat]l], [pokj. [objl1]).
mDict {reduce, [ ‘psubj-pobj'], [[pob], {obi]], [psubj, [agclil).
mDict (refer, ['psubj-to’, ‘psubi-to-ady', 'to-
in'], [[adv, [ltrull, [in, [1tel], [psubj, [agt]], [teo, [cont,obill]).
mDict {veport, [pob], 'robj-adv', 'pobj-for-adv', 'pobj-in"', 'psubj-
pobj’, 'psubj-pobi-
adv',withl, [[adv, [manr]], [for. [ltcl], {in, [1tol]. [pob], foebjll, [psub
j. lagell, (with, [inst]l]).
mDict (require, [‘psubj-pobi*], [[pebj. [ebjl], [psub]j. (agt]ll}).
mDict (respond, [ 'psubj-with', 'psubj-with-
adv*], [ladv, [freqgl]. [psubj, [agt]], [with, (manr]l1]).
mDict{restart, [ ‘psubj-pobj*], [[pobj, [objil], [psubj, [agtlll).
mDict (review, [of,pobjl, [[of, [okj]], [pobj, [objlll).
mDict [satisfy,. [ 'psubj-with-
adv'], [ [adv, (manr] ], [psubj, [agt]], [with, [eb]j]1]]}).
mDict (save, [pob], '‘pobj-with', 'psubj-
pobj'l., [[pobj, [objl], [psubj, [agtl], [with, [inst]]]}.
mDict (say, [pobj, 'psubj-pobj'l, [ [pebj. (objl], [psub], [agt]lll).
mbict (search, [ "psubj-pobi*], [[pobj, [obil], [psubi, [agtlll).
mDict (zee, [pobj, 'psubj-pobi-
adv'], [ [adv, [oxd]], [pob], [obj]], [psubj, [agt]l]]}.
mDict {select, [pobj], [ [pebj, [ebjl]l]}.
mDict (set, [pobj, ‘psubj~-pobi-
adv'], [ [adv, [1lat]], [pob], lobjl], [psubj, [agtlll).
mDict {show, [pebi], [[pob], [obj]11}.
mDict (sort, [pobi, ‘pobj-on', 'psubj-
adv*], [ ladv, [manr]], [on, [cont]], [pob], [obj]], [psubj, [agt]l]]).
mPict {specify, [pobj], [ [pobj, [objl]]}.
mDict (start, [ 'psubj-pobj’', ‘psubj-pobj-
adv'l, [ladv, {manr]l, [pobj, [obj]]. [psubj, [agt]]]).
mDict (stop, [pobjl, [ [pob], [obi]]1]).
mDict (store, [pobj, ‘psubj-pobj', 'psubj-pobj-
adv'], [{adv, [manr]], [pobj, [obijll, [psubj, [agt]ll])]).
mDict {suppose, [pobi]). [ [pobi. [objl11).
mDict (suspect, [ 'psubj-pobj'], [ [pob]. [objl], [psub], [agt]l]]).
mDict (take, {pobjl. [[pob]i, {objl}]).
mpict (tell, [pobj, 'pobj-adv’, 'psubj-pobj*, 'psubj-pobj-adv’, 'psubj-
pobj -
piobi’l, [[adv, {manzr]], [piob], [caus, obj,recp]]. [pob]. [ob].manr]], [p
subj, [agtlll).
mDict{try, [pob], ‘psubj-pobji'l, [[pobj, [ob3]], [psubj, [agtl]l).
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, [ "osubd-pobi-into-
for'], [{for.[benfl], [inte, {valli. [pobj. [obil]. {psubi, laat11]}y.

mDict (type, [pobjl. [[pobj. {objll]).

mDict {(understand, ['psubj-podi' ], [[pobi, [obj] ], [psubi, [aatlil).

mDict {use, [pobj, 'pobj-as-for-in-adv', ‘pobi-picbki’, *poubj-adv', *poubj-
pobj ', 'psubj-pobj-
adv'], [ lagv, [freg,manr]], [as, [manr]}], [for, ipurpll, [in, [lto]], [piob
3. [puxpll, [pobj. [objl], [psubi, lagtl]]).

mDict (view, [ 'psubj-pobj'l, [ [pobi, [ekjl], {psubi, laatl11}.

mDict (want, [pobkj,psubi, 'psubj-pobj ', 'psubj-poebj-adv’, 'paubi-pobi-
piobj', ‘psubj-pobj-
to'], [[adv, [lat,tat]], [piob], [obj]]), [pob], [obji,cauz]], [prubi, laat]
¥, (o, [1zol) ).

mDict (work, [for, in, 'psubj-pobj’, 'psubj-pobj-adv’, 'through-in-
as',withl, [[adv, [manr]], {as, [manrl], [tor, lrecpl], [in, [1lto, latll, [p
obj.fobjll, Ipsubj, [agt]l], [through, [1trull, [with, [inst]]]).
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H.2: CMPDict Entries

CMPDict (48 entries: to abbreviate the presentation, example sentences have been

replaced with ¢ ... * here)

cmpDict { ‘down-adv', [ ['ocbj-tat', ... ]
cmpDict ('of-from', [["obj-1frm*, ... ]
cmpDicz{‘on-within', [ {'cont-lat’,
cmpDict ('pobj-adv', [['obj-caus’, ... ]
cmpbict{*'pobj-as’', [{'obj-manr', ...

cmpbDict (‘pobj-as-for-in-adv', [ ['obj-manr-purp-lto-freq', ...

cmpbDict{‘pobj-between', [{'obj-lat', ... ]11)
cmpDict { 'pobj-for-adv',[{'obj-lto-manr"’,
cmpDict{‘pobij-from', [['obj-1frm’, 1.
cmpDict {'pobj-in', [['obj-1lat’,
cmpbict (‘pobj-into-as*, [['obj~-lto-manzr*, ..
cmpDict('pobj-on', [{'obj-cont’, 1. ['obj
cmpDict{‘pobj-on-for', [['obj-cont-purp'. ..
cmpDict{ ‘pobj-piobj', [['obj-purp’'. ...
cmpRict{'pobj-to*, [['obj-1lto", 11).
cmpDict('pobj-with', [['obj-inst’, 1
cmpbict ( ‘psubj-across', [['agt-ltru*, ...
cmpDict ( ‘psubj-adv’, [ ['agt-manxr', S In.
cmpDict ('psubj-at', [['agt-lat"’, 11).
cmphict (*psubj-for-like', [ ['agt-obj-manr’,
cmpDict ('‘psubj-in-with', [['agt-cont-acmp’,
cmpbDict (*psubj-of-toe', [['agt-obj-recp',
cempDict (*psubj-on', [['agt-cont', ...
cmpDict (*psubj-pobj*, [['agt-ob3"*, 11).
empDict ('psubj-pobj-adv', [ ['agt-obj-excl’,
l.{'agt-obj-lat", ].['agt-obj-manxr",
}.['agt-obj-tat", ], ['agt-obj-tfrm*,

O,

.« e

cmpDict{'psubj-pobj-as*, [['agt-obj-manr', ...
cmpDict { '‘psubj-pobi-in*, [['agt-obj-lto', ...

11).

cmpDict { '‘psubj-pobj-in-adv', [['agt-obj-lto-manx’', ...
cmpbict ( "psubj-pobj-inte-£for', [['agt-obj-val-benf', ...
1. ['agt-manr-cbhj",

cmphict ( "psubj-pobj-piobj’, [['agt-caus-obj*
1. ["agt-obj-caus’,
obj*, 1.

cmpbict {*psubj-pobj-to', [['agt-obji-1lto', ...

cmpDict (*psubj-te’, [['agt-obj"*, 11).
cmpDict ('psubj-to-adv', [['agt-obj-1tru’,
cmpDict ('psubj-with', {{*agt-inst"',
cmpDict {'psubj-with-adv', [['agt-manr-freq’,
. 1Y
cmpDict( ' through-in', [[*'ltru-lteo’, 1.
cmpDict (' through-in-as*, [['ltru-lto-manr’,
cmpDict{‘to-in', [['cont-lto’', ... 11).
cmpDict { *with-on*, [['acmp-cont', 1.
cmpDict (for, [{recp, ... 11).
cmpDict (from, [{1frm, ... 11).
caplict(in, {[lat, .
cmpbDict(of, [[ob], ...
cmpDict{on, [[lat, ...
cmpDict (pobj, [[obj, ...

..

..

..

. [reep, ... 11}
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obj-manr', ...

].['obi-1lre', ...
~lat', ...

1. [ 'recp-obj', ...

]1.['agt-1lto*, ...

1,['agt-obj-recp', ...

i,['agt-manr', ...
1. (‘agt-obj-manr',

and 2

11).
11},

. I

1m.

.

11,
.

In.

1.

cen ]
cen ]
11}.

1.
1}.
1.

... 1,['agt-obj-freq",
... l.['agt-obj-orad',
oI

11},

], [‘agt-obj-manr', .

11).
n.

ccp’ . ], ['agt-tat-
11},

1.
1.

.

.o 1.
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cmpDict{psubj. [[ag:, ... 11).
copDice(zo, [{ito., ... ],[recp, ... 11).
cmpDicet (with, [[inst, ... 11).
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H.3: CPDict Entries

CPDict {50 entries)

cpDict ( "acmp-cont', [check] ).

cpDict ('agt-caus-obi', [want]).

cpDict (tagt-cont', [del).

cpDict (‘agt-cont-acmp', {lie]).

cpDict (‘agt-inst’, [read])}.

cpDict (‘agt-lat', [lock] ).

cpbhict{'agt-lto", [printl).

cphDict{'agt-ltru', [£it]}.

cpDict {'agt-manr', [respond, sort,usel).

cpbict{'agt-manr-£freq', [respond]l).

cpDict{'agt-manr-obj', [tell]}.

cpDict('agt-
obj', [access,affect, answer, ask,call, cancel, cause, change, choose, con
tain, copy, create, design,display,do,eliminate, enter, execute, £ind, fo
llow,get,give,have,identify, indicate, initiate, issue, join, know, lear
n,like,link, list,mean,miss,modify, name, need, number, override, produc
¢,provide, read, recall, reduce, refer, report, require, restart, save, say
.,Search, start, store, suspect, tell, try,understand, use, view, want, work
1y,

cpDict {'agt-obj=-caus', {tell]).

cpDict ('agt-obj-excl', [formatl]).

cphict{'agt-obj-freq", (use]).

cpDict ('agt-obj-lat’', [set,want]).

cpDict ('agt-obj-1lto', [1ist,name,want]).

¢pDict('agt-obj-1lto-manr’', [include]).

cpbict('agt-obji-ltru’, [refer]).

cpDict ('agt-obj-
manr', [access, ask, build, cancel, cause, choose, contain, designate, ence
unter, enter, establish, follow, handle, have,place, report, satisfy, star
L, store, tell,use,work]).

cpDict (*agt-obj-ord', [clear, involve, need, see]).

cpDict ('agt-obj-recp', {consist,tell]).

cpDict ('agt-obj-tat', [recognize,want]).

cpDict (*agt-obi-tfrm', [join,need]).

cpbict{'agt-obj-val-benf', [turn]).

cpbict{'agt-tat-obj', [1ink]).

cpDict(‘cont-lat’, [agree]).

cpbhict('cont-1lto’, [referl).

cpDict{'ltru-leo’, [1ink]).

cpDict{'ltru-lto-manr', [work]).

cpDict (‘obj-caus', [call]).

cpDict ('obj-cont’, [sort]).

cpDict { 'obj-cont-purp’, [basel]).

cpDict('obj-inst’', [save] ).

cpDict{'obj-lat’', [enter, establish,have, link, record]}.

cpDict{*obj-1frm', [omit,process]).

cpDict{'obj-lto’, [add, include, report]).

cpDict('obj-lto-many', [enter, reportl]).

cpDict ('obj-
manr', [access, apply,designate, enter, leave, let, lose, notice, occupy.p
ress,read, report,telll}.

cpDict {'obj-manr-purp-lto-freq', [use]}.
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cpDict{‘obj-purp', [usel).

cpbhict{'obj-tac', [holdl).

cpDict {'recp~obj', [ask]).

cpbict{agt, [have, produce,want}}.

cpDict{inst, [create, organize, report, work]).

cpDict(lat, [display,work]}.

cpDict{lfxrm, {record]).

cpDict(lto, [1link]).

cpbhict {obj. {access, add, ask, assume, avoid, begin,build, call, cause, change
.¢hoose, clear, combine, copy, create, describe,do, onter, establinh, expl
ain, find, follow, format, get, have, know, leave, let, link, 11st, mean, move
,name, need, personalize, prepare, press, process, produce, read, record, ¢
eport, review, save, say, see, select, set, show, sort, specity, stop, store,
suppose, take, tell, try, type,use,want, re-enter] } .

cpDict {recp, [make, provide,work]).
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Appendix I: HAIKU’s Mini-Network Builder (MNB)

This appendix bricfly describes the MNB, onc of HAIKU’s components that has been
mentioned several times in chapters 1 and 4, and identified as the post-Casc-analysis
processor. The following description was prepared by Ken Barker, the person in the
TANKA rescarch group responsible for the MNB: it is included here with the kind
permission of its author. We remind the reader that this module is still under development
at the time of writing: what follows is basically design considerations. Nevertheless, this
information is very helpful since it provides complementary details of HAIKU and
supports our claim that DIPETT and HAIKU constitute 2 KA-productive linguistic
module.

I.1: From Augmented Parse Trees to Conceptual Network Frames

The MNB is the module in TANKA responsible for constructing Conceptual Network
(CN) frames!, also called concepts, from parse trees augmented by Case analysis. The
input to the MNB is a list of Case Structures (one per clause) and clausal connectives
from a given sentence. Qutput from the MNB is a set of concept frames connected by
links corresponding to semantic relationships between constituents of the sentence.

Three levels of semantic links exist: Clause Level links representing semantic
relationships between clauses; Case links representing semantic relationships between a
verb and its arguments; and Noun Modifier links representing semantic relationships
between the head noun of a noun phrase and its modifiers.

One of the main tasks of the MNB is to augment the output of HAIKU’s Case analysis to
include the scmantic information from Clause Level and Noun Modifier relationships. In
TANKA, thc MNB comes right after the Case analysis module and before the CN
matching modulec.

| For the most recent details on the CN formalism, see [Yang 93].
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I.2: Clause Level Relationships
Clause Level Relationships (CLRs) arc semantic relationships between two clauses
CLR. An exhaustive dictionary scarch of conjunctions has provided a list of “CLR

markers™ and the particular CLRs marked by cach conjunction. The following table lists
the CLRs and the corresponding link names. Since CLR links are directional. an inverse

link name is also required for each CLR.

CLR Link Name Inverse Link Name
Cause causes caused_by
Enablement enables cnabled_by
Entailment cntails entatled_by
Preventon prevents prevented_by
Opposition opposes opposed_by
Conjunction conj conj
Disjunction disj disj
Temporal Precedence before after
Time_at time tme
Location location location

In the following CLR definitions, Al and A2 refer to acts or states represented by clauses.

» Cause

The Cause relationship is represented by a link causes(A1,A2) where Al makes A2 oceur

or exist. Al is probably sufficicnt to cause A2, but is not necessarily necessary.
INVERSE: caused_by({A2,Al)

* Enablement
The Enablement relationship is represented by a link enables(A1,A2) where Al makes
A2 possible. Al is necessary to cnable A2 but is not sufficient. This CLR covers the
relationship that is sometimes referred to as Instrumental-Causation.

INVERSE: enabled_by(A2,Al)

+ Entailment
A link entails(A1,A2) represents an Entailment relationship. If Al cxists or occurs then
A2 must also exist or occur. '

INVERSE: entailed_by(A2,Al)

¢ Prevention
The Prevention relationship is represented by a link prevents(A1,A2) where Al is meant
to keep A2 from occurring or existing. Al is sufficient to prevent A2 but is not
necessarily necessary.

INVERSE: prevented_by(A2,Al)

= Opposition
The Opposition relationship is represented by a link opposes(A1,A2). Al detracts from
A2 but is insufficient to keep A2 from occurring or existing

INVERSE: opposed_by(A2,Al)

» Conjunction
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Appendix I: HAIKU's Mini-Network Builder (MNB)

A Conjunction rclationship exists between two acts or states about which no more can be
said than that they both occur or cxist. This relationship is represented by a link
conj{(A1,A2).

INVERSE: conj(A2,Al)

= Disjunction
A Disjunction rclationship exists between two acts or states about which no more can be
said than that onc or both occur or exist. This relationship is represented by a link
conj{A1.A2). :

INVERSE: disj(A2,Al)

* Location
The Location relationship is represented by a link location(Al1,A2) where A2 indicates
the position {physical or abstract) where Al occurs or exists.

INVERSE: location(A2,Al)

» Temporal Precedence
Temporal Precedence relationships are represented by a link before(A1,A2) where Al
occurs or cxists before A2,

INVERSE: after(A2,Al)

* Time
A link time(A 1,A2) represents the relationship in which Al and A2 occur or exist at the
same time.

INVERSE: time(A2 Al)

1.3: Case Relationships

The Case Relationships will typically be used to construct links between an
ACTIVITY type concept (representing the central verb within a clause) and OBJECT
type (possibly also PROPERTY type) concepts (representing the Case fillers). The
following list gives the link names and inverse link names corresponding to the 28 Cases.

Case Name Link Name Inverse Link Name
Agent agent agent_of
Beneticiary beneficiary beneficiary_of
Expericncer experiencer experiencer_of
Instrument instrument instrument_of
Object object object_of
Recipient recipient recipient_of
Causc cause cause_of _
Effect eftect effect_of
Opposition opposition opposition_of
Purpose purpose purpose_of
Frequency frequency frequency_of
Time_at ume_at time_of
Time_from time_from start_time_of
Time_to time_to end_time_of
Time_through time_through duration_of
Dircction direction direction_of
Location_at location_at location_of
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Location_from

location_{rom

source_location_of

Location_to location_to dest_location_of
Location_through location_through through_location_of
Orientation orientation oricntation_ot’
Accompamment accompaniment accompaniment_of
Content content content_of
Exclusion excludes excluded_trom
Manner manner manner_ot

Material material material_of
Measure measure measure_ot

Order order order_ol

I.4: Noun Modifier Relationships

The Noun Meodifier Relationships (NMRs) are semantic relationships between a noun
and nominal modifiers (including nouns, nominal adjectives and post-nominal
prepositional phrases). Since clauses, verb arguments and noun modificrs often represent
the same underlying semantic relationships, many of the corresponding CLR. Casc and
NMR names overlap. Where NMR link names collide with CLR and Case link names. the
NMR name has a prefixed ‘n-". Although the underlying semantic relationship may be the

same, the network link names should be kept distinct.

NMR Link Name Inverse Link Name
Causative n-causes n-cansed_by
Possessive pPOSSESSES possessed_by
Productive produccs produccd_by
Compositional composes composed_of
Instrumental uscs uscd_by
Essive is is
Locational n-location n-location_ofl
Temporal n-time n-time_of’
Source source source_of
Destination destination destination_of
Purposive n-purposec n-purposc_of
| Benefactive n-bencficiary n-bencficiary_ofl
Topic topic topic_ol
Agentive n-agent n-agent_of
Objective n-object n-object_of

1.5: Building Mini-Networks

The MNB converts the semantic representation of a sentence into a sct of CN concept
frames. The basic process is as follows.

1) The MNB creates a concept frame for the main verb in cach clause in a sentence.
Links corresponding to the Case Relationships between the verb and its arguments
are inserted into the verb frame. Concept frames arc also created for cach of the
Case fillers. These Case Filler frames are given Inverse Case links to match the
Case links in the verb frame. For the clause “printers print documents”, the MNB
creates a concept frame for the verb “print” with the links agent(printers) and
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object(documents). The concept frame for “printers™ has a link agent_of(printing)
and the frame for “documents™ has a link object_of(printing).

2) For cach Case Filler frame corresponding to a noun phrase, links are inserted
corresponding to the Noun Modifier relationships between the current noun and
its modifiers. For cxample, the concept frame corresponding to the noun phrase
“laser printer™ would have a link uses(laser) and the frame for “laser™ would have
a link used_by(lascr printer). '

3) Finally, Clausc Level Relationships are represented by inserting CLR links into the
verb frames of cach of the clauses. For the sentence “If you finish the work then
you can leave™ a link cnables(leaving) will be inserted into the “finish™ concept
frame and a link cnabled_by(finishing) will be inserted into the frame
corresponding to “lcave™.

The lollowing cxamples show the resulis of the three levels of semantic analysis (Clause
Level, Casc and Noun Modifier) as well as the final MNB Output: a set of (slightly
simplified) CN concept frames. The examples are intended to partially illustrate how the
MNB will do further semantic analysis on the Case Analyzer output and convert the
augmented semantic representation into CN representation.

* Example 1: “A solar generator produces electricity from the sun’s energy.”

Clausal Analysis
<no clausal connectives>
Case Analysis
producing:
agent: “a solar generator”
object: *clectricity’
instrument: “the sun’s cnergy’
Noun Modificr Analysis
*a solar gencerator™:
concept name: solar_generator  (by concatenation)

supcrconcept: generator (by modifier deletion)
instrumental: sun (by nominalization of modifier *solar’)
‘electricity”:

concept name: electricity
‘the sun’s cnergy™:
concept name: energy_of_sun  (by possessive inversion)
Superconcept: energy
source: sun (by deletion of possessive)

MNB output

OBJECT solar_gencrator.
15_a: generator.
uses: sun,
agent_of: producing.
end solar_generator.

OBJECT sun.
used_by: solar_gencrator.
source_of: cnergy_of_sun.
end sun.

OBJECT generator.
kind: solar_generator.
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end generator.

ACTIVITY producing.
agent: solar_generator.
object: electricity.
instrument: energy_of_sun.
¢nd producing.

OBIJECT clectricity.
object_of: producing.
end electricity.

OBIJECT cnergy_of_sun.
Source: sun.
instrument_of: producing.
cnd energy_of_sun.

Example 2: “A taxpayer can claim childcare expenses if he paid money to a
nursery.”

Clausal Analysis
*statement 1 * if *statement2*;
CLR: enables(*statcment2*, *statement 1 ¥)
Case Analysis
claiming:
agent: ‘a taxpayer’
object: “childcarc expenses’
paying:
agent: “a taxpayer’ (by pronoun cxplicitization module)
object: ‘money’
recipient: ‘a nursery school’
Noun Modificr Analysis
‘a taxpayer’:
concept name: taxpaycr
‘childcare expenses’: .
concept name: childcare_expense
superconcept: cxpense
purposive: childcare
‘money’:
concept name: moncy
‘nursery’:
concept name: nursery

MNB Output

OBJECT taxpayer.
agent_of: {claiming, paying}.
end taxpayer.

ACTIVITY claiming.
agent: taxpayer.
object: childcare_expense.
cnabled_by: paying.
end claiming.

OBIJECT childcare_expense.
is_a: expense.
for_purpose_of: childcare.
object_of: claiming.
end childcare_cxpense.
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OBIJECT expense.
kind: childcarc_expense.
cnd cxpense.

OBIJECT childcare.
purpose_of: childcarc_expense.
end childcare.

ACTIVITY paying.
agent: taxpayer.
object: money.
recipicnt: nursery_school.
cnables: claiming.
end paying.

OBJECT moncy.
objcct_of: paying.
cnd money.

OBJECT nurscry.
rccipient_of: paying.
end nurscry.
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