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Abstract 

This project is a proof-of-concept. It aims to demonstrate the feasibility of an approach to 

Computer-Assisted Assessment of free-text material in the domain of Computer-Assisted 

Language Learning (CALL). The underlying theory places the project within given pedagogic 

constraints, just as a Language Tutoring System should. The constraints call for the project to be 

addressed to the intermediate-advanced student of French-as-a-Second-Language, and be 

oriented toward the autonomous enhancement of text comprehension skills, following a previous 

project in CALL at the University of Ottawa, DidaLect. This type of learning activity requires a 

student to answer questions related to informative texts. 

The goal of this work has been to build a framework to assess the correctness of the student's 

sentence's grammar on the one hand, and on the other hand to ensure that the answer's content 

matches the reference. In order to achieve this, the research has gone in two different directions. 

First, we used Natural-Language-Processing (NLP) to find means of language error detection 

and correction (form), as well as means for semantic comparison (content). Content comparison 

amounts to performing deep analysis of the student's answer in order to guarantee that no 

material in the student's answer is irrelevant to the actual answer. We used a symbolic approach 

to the problem, because statistical methods can only provide approximations of content 

similarity, which is dangerous in a CALL context because the student can be error-prone. The 

fact that this work is the first of its kind, at least in what concerns Text Comprehension and 

French-as-a-Second-Language, has been another reason to opt for symbolic processing: in the 

absence of any comparable system, a symbolic approach might constitute a better baseline, to be 

challenged in the future by statistical methods. Finally, error detection is syntax-based in 

language technologies. As well, a symbolic approach permits to use the same structure for the 

assessment of form and content. 

Second, we worked in the direction of didactics to frame the work within relevant theoretical 

grounds in terms of the relation from questions to text, especially in order to limit the impact of 

the knowledge gap between machine and humans (students) - a general consequence of the 

work-in-progress state of semantic analysis in NLP. The questions are controlled through a 

formal categorization that restricts the scope of the questions to answering material actually 

present in the text - no world-knowledge is a priori needed. 
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The system has been tested on a set of 273 student's answers gathered in class. The evaluation 

gave a result of 62% of answers correctly assessed as correct or incorrect. Due to the 

conservativeness of the system, precision on the assessment of correct answers is 100%, which 

satisfies the requirements of Second-Language Learning and CALL. 

The implemented program is a contribution in itself because no comparable system exists, while 

there is a real demand from the world of CALL for such a tool. The project also makes a 

contribution to NLP through a new approach to paraphrase recognition. This uses previous work 

in computational linguistics (the Meaning-Text Theory) to provide a rule-based model of 

syntactic paraphrase which, although limited to syntax, actually constitutes the only generic 

model of paraphrase to our knowledge, and should be easily adapted to other languages. 
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A Glossary of Terms 

LT: Learning Technology - a generic term to describe computer realizations in the field of 

learning. 

(I)TS/(I)LTS: (Intelligent) (Language) Tutoring Systems 

CAL/CALL: Computer-Assisted (Language) Learning 

CAA: Computer-Assisted Assessment 

CBA: Computer-Based Assessment - somehow outdated. Encompasses CAA in the days of 

punch-cards. 

SBA: Screen-Based Assessment - in opposition to other assessment tactics, such as punched-

cards Optical Machine Reading assessment. Here, the user sits at and works with a computer. 

CBT: Computer-Based Testing - A formal examination where computers replace paper-and-

pencil. 

VLE: Virtual Learning Environment - The digital environment which can distribute ITS and 

CAA systems, and branch them to other components, mainly communication devices 

downstream, to manage access rights, and authoring devices upstream to create the exercises. 

Formative Assessment: A mode of assessment which aims at evaluating student's material with 

respect to a given paradigm of correctness and inform the student on the nature of his errors. This 

presupposes the possibility of retaking the exercises. 

Summative Assessment: A mode of assessment which aims at marking student's material -

typically in the context of a formal examination. No formal need to provide the student with 

more than his mark. 

Diagnosis: evaluation rather than assessment - it encompasses the activity of evaluation of the 

correctness of language outside the domain of CAL. The goal is the same, but there is no need of 

feedback for user. But Diagnosis systems should come with strong error correcting solutions. 

Diagnosis can be applied to Machine Translation for instance (Chen & Tokuda, 1999) 
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Objective tutoring/assessment/questions(...): the order of exercise submission during a tutoring 

session is a function of their order of recording in system, and therefore also remains the same 

from one session to another. Static. This paradigm does not take adaptability into account, the 

student's performance has no impact on the succession of drills. 

Adaptive tutoring/assessment/questions(...): the order of exercises submission during a tutoring 

session is a function of a student's results on previous exercises. Dynamic. Adaptability is 

thought to bring intelligence in ITS. 

SLL/SLA: Second Language Learning/Acquisition - takes shape as ESL (English as a Second 

Language), FSL (French), and so on. 

Open Items: the answers to exercises are in open-text (or free text) form, like a sentence or a full 

essay. 

Closed Items: the answers to exercises are in closed-text form, like Multiple-Choice-Questions' 

slots or fill-in-the-blank response elements. 

Error Analysis: qualitative analysis of the language errors occurring in a given textual content: 

usually a set of students' written or oral productions. 

Error Diagnosis: an automatic procedure, or set of procedures, to detect, identify, and possibly 

correct the language errors present in a text or segment automatically processed. 

Error Grammar: A resource categorizing error types and errors, to be integrated in an 

automatic procedure for diagnosis, whether through means of heuristics or parser-based methods. 
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Part 1. 

Theory and Objectives 
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Chapter I. Introduction 

This thesis presents a project in the domain of Computer-Assisted-Language-Learning (CALL). 

The goal of the project is to develop a proof of concept for the automatic assessment of students' 

free-text answers to text comprehension questions for Second-Language-Learning (SLL) purpose 

- specifically in the context of French-as-a-Second-Language (FSL). Simply put, the objective is 

to build a program to evaluate the correctness of students' answers to comprehension questions 

based on short texts. As we will see, this is entirely new, especially in the context of FSL, and 

the program should constitute a serious baseline for an activity considered by teachers and 

members of the CALL community as of primary interest to education. 

Although the project is not intrinsically in the domain of Natural-Language-Processing (NLP), it 

is an NLP-based application in that the solutions employed to solve the problem all come from 

NLP. For this reason, the project may be better characterized as being centered on Intelligent-

CALL, or Intelligent-Tutoring-Systems (ITS). While a good part of the work has had to do with 

the selection of the NLP means that best suits the task (see chapter IV and V), due to its highly 

inter-disciplinary nature, the project has also required an investigation from the side of didactics, 

particularly in what concerns Text Comprehension and question asking based on texts (chapter 

III). The program resulting from this work has been evaluated with specific FSL student 

material; it represents however a research study and is not intended for real-world deployment. 

1.1. The Problem and Challenges 



4 

The kind of exercise for which this work intends to provide an assessment solution is rather 

simple and well understood from the side of education. A student is asked to read a text and has 

to answer questions based on it, as shown in the example below: 

(1) REF: Le nez est un organe tres specifique chez I'homme, et il nous inspire pas mal de 

mefiance. Y toucher dans le cadre d'une rhinoplastie, c'est s'attaquer au centre du visage 

et a Vun des fondements de Videntite. Bien souvent, ce type de demande masque des 

problemes psychologiques graves, de I'ordre de la schizophrenic 

(The nose is a very specific organ in men, and it arouses suspicion. To touch it through 

rhinoplasty is to tackle the middle of the face and one of the foundations of identity. Very 

often, this kind of demand conceals serious psychological problems, of the order of 

schizophrenia.) 

Q: Quel genre de probleme une rhinoplastie peut-elle provoquer ? 

(What kind of problems can a rhinoplasty create ?) 

S: Des problemes de I'ordre de la schizophrenic 

(Problems of the order of schizophrenia) 

The scientific problem in automation consists in providing the means to analyze the correctness 

of form and content, to deal with cases where the reformulation from reference to answer is more 

complex than in the example 1, which shows little reformulation from answer to reference. Form 

indicates the value of a sentence with respect to the grammar and orthography of the language. 

Content indicates the value of a sentence with respect to meaning: here, the answer to the 

question which comes as a referential segment in the original text. Furthermore, in what concerns 

form, incorrectness should be identified against a category of errors so as to be able to provide 

the learner with feedback, informative enough to help her correcting her input. This point is 

especially important in the context of SLL, where students have to master the specifics of a 

foreign language. 

Natural Language Processing 
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In both aspects, analysis of form and content, NLP can provide solutions. Already existing 

solutions in NLP are however more advanced in what concerns the evaluation of content 

equivalence, or reformulation, than what concerns form. On the other hand, language error 

detection and correction is such a recent trend in NLP that it does not really have a well-

understood acronym yet. 

In NLP, the evaluation of content similarity is studied in various areas, more or less linked and 

aware of each other, as we will show in chapter IV. Summed-up, this problem can be dealt with 

through the comparison of semantics, or content strictly speaking - this is the object of semantic 

similarity. It can be otherwise treated as a sentence-level problem, which is the object of 

paraphrase detection. In practice, the techniques used in NLP by both approaches do not vary 

greatly, while the two notions are quite different from the perspective of linguistics. A 

characteristic of the way in which the problem of semantic equivalence is solved in semantic 

similarity or in paraphrase detection is approximation: in all cases two segments are compared 

by means of lexical overlap (even grammatical in some cases) more or less sophisticated, and the 

ratio of shared contents determines equivalence. We believe this statistical approach is too 

permissive in the context of SLL, where we cannot ignore part of an answer in the equivalence 

assessment process: this is just too dangerous when students have not yet mastered a second 

language. We will argue for that and show how a parser-based symbolic approach to the problem 

might be more careful in this context, as it draws on a deep analysis of the language material, 

necessary to the exercise. Ultimately, this has led us to design a reformulation assessment 

procedure based on a new paraphrase recognition method which borrows from existing linguistic 

theory, and which should be of interest to the whole NLP community. 

Didactics 

Just as NLP provides means to help solve the semantic equivalence problem, didactics should 

assist the question-making strategy, as text comprehension has been considered in education 

studies for decades. A problem in automatic free-text answers assessment concerns the impact of 

world-knowledge on the semantic deviance from reference to answer - depending on the scope 

of the question in relation to the text, a student can be led to express meaning drawn from his 

world-knowledge rather than from what is actually in the text. We will show how didactics can 



6 

help to shape a computerized application in text comprehension, as well as to bridge the 

knowledge gap between learner and machine. 

DidaLect 

This project originates from a previous joint project between University of Ottawa's Second 

Language Institute, School of Psychology and School of Information Technology and 

Engineering, called DidaLect (from Didactique de la Lecture - Balcom, Copeck & Szpakowicz, 

2006). The project's objective was to design an autonomous adaptive tutorial aimed at 

supporting vocabulary acquisition and enhancing comprehension for learners of French as a 

Second Language. Briefly, the tutorial comprised sets of categorized texts upon which 

categorized multiple-choice questions were asked of students. Adaptability was encompassed 

through continuing evaluation of the student's answers, which would trigger display of texts of 

varying difficulty, according to the level of the student. 

Before the DidaLect project was terminated this further project has been initiated to investigate 

the feasability of automatically analyzing and assessing in form and content free-text student's 

one-sentence inputs as answers to text comprehension questions. The motivation for this was to 

increase the variety of possible inputs, and so to increase the pedagogical value of the tutoring 

system, as well as to go into a research trend considered of direct interest by the communities of 

Education and CALL (see chapter II and III). Note that this project follows the inter-disciplinary 

nature of DidaLect, as it briefly showed in the trade-off summed-up above between didactics and 

NLP. 

1.2. Characteristics of the Approach 

In this section, some desirable characteristics of our solution are presented. On the one hand, 

these characteristics have to do with the kind of material necessary to provide answering 

references for the questions associated with the texts. On the other hand, they concern a realistic 

definition of a correct answer with respect to automation possibilities. 
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It is fundamental to carefully evaluate the necessary information, or meta-information, that the 

computer has at its disposal to meet its assessment goal. This will lead to a natural selection of 

the computational means. Plus, there is a trade-off between the portability of a system - which 

asks for pre-encoded specific material to be minimal - and its performance - which asks for it to 

be maximal. 

Our specific problem is to assess one-sentence free-text answers to categorized questions based 

on categorized texts, not just any question over any text. We will come back to the nature of 

those texts and questions in chapter III. But this means that the condition on the encoding of 

knowledge material asks the designer the following question: what amount and nature of 

information should appear in the questions' response that is not to be found in the reference text? 

And this nature and amount is what is to be placed within the knowledge base, making it 

formally: the set difference between information carried in texts and information needed to 

answer the given questions based on them. 

Once this has been determined, a further question asks for the most economical means to encode 

the information in the system. If the information is known in advance, then is this amount limited 

or potentially infinite? Assessing essays, for instance, supposes world knowledge information to 

be potentially infinite and would call for ML techniques, to cover a maximum1. But if the 

amount of information necessary to "understand" a sentence is limited, then symbolic encoding 

of the information might be enough. 

Note that this amount of information is what is needed to properly capture correctness in answers 

to a question. Thus there is no need to encode all that can constitute neither right or wrong 

material: all that is not an answer to the given question. Is what is needed to have a correct 

answer present in the current answer? What is not needed might as well be left out of any 

knowledge base, and as long as this superfluous material does not come into contradiction with 

1 This is theoretical. Actually, in practice, it's the contrary... Assessment of essays uses fewer resources than 
assessment of short answers. See chapter II. 
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what is correct, it is simply to be set aside (if yes is the correct answer to a question, ignore 

anything else that is to appear in the question as long as it is not no). 

In our case, what is needed to capture correctness in an answer is limited, and known in advance. 

This is because the types of questions associated with the texts are limited and well constrained, 

as we shall see when defining types of texts and questions. Also, this necessary and sufficient 

amount of information is contained in the texts, at least in what concerns sense. Therefore, we 

have chosen to concentrate on NLP solutions to perform assessment (Borin 2002a, Nerbonne 

2002). A knowledge base is to be used. It records rules and general facts of language, of generic 

nature, and not domain-oriented. 

Current CAA systems usually require a lecturer to "author" exercises, possibly by creating model 

answers and highlighting the parts of interest to marking/assessment through structuring of these 

models. Therefore, the system works on the material encoded by lecturers to perform assessment 

of student material. That is for reality. In our perspective, the idea is to go as far as possible 

towards automation, but the fact that full automation might be out of reach would not rule out 

our procedure. Instead it would help to define the points in the procedure at which human 

expertise is required. Concretely, in the design of such a project, this implies making room for 

lecturers/trainees to structure the reference material. 

1.2.2. Reformulation 

CAA techniques have been around for a long time. Initially, they have been employed to assess 

binary questions which did not ask for any further world-knowledge in the validation process 

(think of punched-cards validated through Optical Machine Recognition). As the first successes 

drew the impulse towards greater assessment challenges, the discipline was soon confronted with 

a disturbing reality: simple techniques do work, but not always (simple techniques in assessing 

free-text material are illustrated for example by word-match or Finite State Automaton-like 

chains of lexical items slots). In particular, these simple solutions tend to work well for lazy 

students, but less well for both top and bottom-of-the-range students, for both the most audacious 

students and those who need attention the most. CALL and CAA certainly encourage lazy 

answering strategies. 
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In what deals with free-text answering in general in the fields of CALL and CAA, our approach 

is thought to serve the supplementary interest of tackling the issue of linguistic reformulation, in 

addition to the interest in topically assessing answers to given text-based questions for 

intermediary-advanced FSL students. For having now spent several years on this issue, this 

researcher has had the opportunity to see that existing CAA systems deal indirectly with the 

issue of linguistic reformulation - form is analyzed through sets of possible answers rather than 

through general language properties. 

In our case, as long as the answer to a question is not metaphorical or elliptic, it should fall into 

the system's assessment capacity; and the system should always be able to come with decent 

evaluation as long as reformulation occurs at a syntactic level, and not semantic. The resources 

employed to detect reformulation should be general. The assumed independence of the system 

supposes no reference material related to the answers, and the assessment cannot be supported by 

question-specific semantic knowledge. We believe our symbolic approach is pertinent to 

capturing the specifics of linguistics here as corpus-based ML techniques would be to capture the 

specifics of domain semantics. 

1.2.3. "Bad Faith" answers 

Finally, we should say a word on "bad faith" answers. The discipline of CAA is so hazardous in 

dealing with a complex problem - literally, to understand human language - that it has 

formalized a notion otherwise very ill-suited to science: bad faith. Practically, students know 

very well the limits of computation, and computers are very easy to fool. This comes typically in 

the form of a facetious student who purposely produces a biased answer in order to push the 

program to its limits (Powers, 2001). 

As language lecturers have observed this since long ago, they turned it into a notion very 

comforting to the art of CAA: that, conversely, students should be aware of the limits of the 

machine, and should therefore behave accordingly, and appropriately (Bull & McKenna, 2004, 

p95). This means that it is more-or-less admissible that CAA systems can be imperfect, and that, 

particularly in formative assessment, a certain degree of tolerance is expected on behalf of the 

student. 
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Concretely, such systems are granted the right to capitulate - a direct consequence of dealing 

with a complex issue under the fire of real-world application. 

The possibility of bad faith answers, as well as the certainty of reformulated answers introduce a 

risk that automatic assessment could fail. Actually, in such applications results cannot be perfect. 

Various approaches can have diverging effects on the assessment: some can have a bias on 

correctness and others a bias on incorrectness. In a context such as French as a Second 

Language, or Second Language Learning in general, the bias should be on the assessment of 

correctness: to make sure that what is assessed as correct is really correct. There are various 

reasons for that and they will be presented and discussed. 

1.3. Novelty and Contribution 

As we briefly mentioned above, the project is placed in a quite precise area of research: that of 

assessment of free-text answers in a (Language) Tutoring System. This area is at the crossroads 

between Computer Science and Education (on the difficulty to establish standards, see Borin 

2002b), between Computer Assisted Language Learning and Didactics, and between Natural 

Language Processing and Machine Learning. It also falls into Computer Assisted Assessment as 

applied in Intelligent Computer-Assisted-Language-Learning. 

A consequence of this entanglement of disciplines and interests is that the specificity of the 

assessment task dictates the design of the system to perform it. Therefore, a new application of 

automatic assessment of learner material should produce novel solutions, at least different from 

what has been done in the field. Summative assessment of physics essays rarely calls for the 

same computational methods and resources as formative assessment of language skills - the 

resulting systems would be two instances of CAA or ICALL solutions, but would probably have 

few computational methods in common. Little exists for now in ICALL and this project is 

entirely new. 
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Being in Language Learning and in the assessment of semantic equivalence, the subject is 

however generic enough for a solution to be more than a case application and constitutes a 

contribution to CALL in general. To sum-up, the project described by this thesis is entirely new: 

• In its scope: 

o questions to be answered for text comprehension 

o without training set of referential answers 

• In its means: 

o using didactics principles to limit the answering semantic space 

o using a syntactical approach to assess reformulation 

As well, the project makes a number of contributions: 

• In NLP: use of a syntactic reformulation model based on linguistic theory to implement 

paraphrase recognition. It represents a symbolic approach to the problem, usually solved 

by a quantitative approach. 

• In CALL: 

o The system itself represents a contribution because nothing equivalent exists, 

o The results of the study provide ground for further analysis of the problem raised 

by this type of exercise. 

1.4. Overview of the Thesis 

This thesis is divided into two parts. The two parts consist of chapters of unequal length - this is 

a consequence of the importance or simplicity of their contents in the project in general. 

The first part presents the framework of the project, as well as related work. Chapter II makes a 

point on the domain of SLL in its relation to automation and presents some comparable projects 

or tools, as well as the target audience. In chapter III, we first sum-up the theoretical views 

around the question of language learning with respect to the didactics of text comprehension 

governing the project, and then we define the nature of correctness and incorrectness in this type 

of activity in contents and language, as well as what is to be expected concerning language 
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errors. Chapter IV presents an overview of the problem from the perspective of Computational 

Linguistics, as well as an overview of paraphrase as conceived by Computational and formal 

Linguistics and solutions in NLP. This chapter ends with a justification of our choice to use a 

syntactical approach to the problem of free-text answers assessment. 

The second part deals with the implementation of the project. Chapter V presents the NLP 

solutions implemented in our framework, beginning with parsers we have been testing and the 

reasons of our choice and the post-processing applied to the output of the parser, necessary to its 

exploitation. The chapter follows with the lexical resources selected for this project and how they 

are used, with Error Diagnosis, in general and as applied in this project, and paraphrase model 

and rules to provide the system with paraphrase recognition capabilities. Chapter VI presents the 

results as well as the methodology of evaluation. Chapter VII presents the conclusion to this 

study. 

Summing up, this project aims at implementing a French-as-a-Second-Language (FSL) system 

for the assessment of free-text answers to restricted questions, for which reference answers are 

only present in the displayed texts. The pre-encoded knowledge should be as limited as possible 

and carry generic language information only. In particular, the system should be independent of 

any training material, in the form of pre-existing model answers. The focus of the computation 

should be on the linguistic reformulation possibilities of each sentence; this to be able to deal 

with the answering material of the best students, as well as with the insufficiencies of weaker 

ones. The assessment procedure should favour the precision of correct answers over recall. It 

must include a strong language error correction component. Eventually, the project should also 

represent a solution to deal with the larger problem of linguistic reformulation in general. There 

are actually several projects going on in the field of CAA/CALL (see Chapter II).We know of at 

least two other CALL projects dedicated to the detection of syntactic errors in French tutorials, 

but these are now abandoned (FreeText, L'Haire & Vandeventer-Faltin, 2003a) or dormant 

(Burston 2001). We also know of projects designed for the evaluation of syntactic skills, 

independently of any specific content or subject. For instance, Giouroglou and colleagues 

propose a symbolic system designed for the mastering of English structural transformations, 

through user production of open answers, but this works on pre-defined sentences to be 
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transformed following deterministic patterns such as conversion from the active voice to the 

passive voice (Giouroglou, 2004). More ambitiously, the project Direkt Profil (Granfeldt & al., 

2006) aims at evaluating FSL student's level of proficiency through input of free-text and 

evaluation of grammar quality and lexicon variety based on ML techniques, but this is similarly 

working outside of any subject or content specifics. These two last projects have more to do with 

the evaluation of user proficiency than with CAA, but they represent parent projects in the chain 

of procedures needed in CALL in general. Some of these projects and others are presented in 

more detail in chapter II. 
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Chapter II. Computer-Assisted-Language-Learning 

and Computer-Assisted Assessment 

This chapter gives an overview of the problem with respect to CALL. First we present the 

domain in itself together with its parent domains, such as CAA and Intelligent-Tutoring-Systems. 

Then, in the second section, due to our special interest to CAA, we present our competition: the 

main systems that implements CAA solutions - within CALL, but also sometimes independently 

from it. The last section describes the audiences at which a free-text answers assessment tool is 

addressed and their degree of involvement. 

ILL Fields of Interest and Terminology 

In this section, we give a review of the nomenclature used in the field of Learning Technology. 

The term Learning Technology is probably the most generic term to depict the domain in 

general. It has been adopted by the ADLI (Advanced Distributed Learning Initiative) of the US 

DoD (Department of Defence), which acts as a think-tank around the issue. 

II.1.1. CALL 

CALL - Computer-Assisted Language Learning (Hubbard & Levy, 2005, Chapelle, 2001 for a 

reference, and Davies, 2007, for examples of CALL activity through history) - is a concept 

covering a vast area of applications and technical realizations. Its object is to provide greater 

accessibility and adaptability in the field of language learning, whose subject ranges from 



16 

Second Language Learning (SLL) to domain lexicon acquisition, for instance in such fields as 

biology or finance (see Michaud & McCoy, 2000, on adaptability, or Michaud & al., 2001, on 

accessibility). Considering SLL, the research interest is to recover all matters of linguistics, ie. 

lexicology, as expressed by morphology or semantics, syntax, and even pragmatics. 

A number of parallel concepts surround the CALL field of studies (for an overview of the 

domain, Hubbard 2005, or Sturgeon 2003) - typically, and up-to-date, an ITS (Intelligent 

Tutoring System), including a CAA component (Computer Assisted Assessment) embedded in a 

VLE (Virtual Learning Environment) all participate in the realization of an eLearning system. 

The latter concept, eLearning, encompasses a notion as vast as that of CALL - both can overlap 

depending on the exact application. Such tool that is directed at finance tutoring, for example 

(Vitanova, 2004, Boytcheva & al., 2001), and accessible on-line, is first understood as an 

eLearning System embedding a CALL module, for instance dedicated to the sub-task of domain 

lexicon acquisition, while a SLL tutoring tool accessible on-line and dedicated to the teaching of 

a foreign language is first understood as a CALL system realized as an eLearning system. That is 

the reality of the present nomenclature. Eventually, all concepts are subsumed by the notion of 

CAL - Computer-Assisted Learning, rarely used. Here, it is interesting to remark that this notion 

of CAL as a field of research has been at least partly replaced by the notion of CALL, due to the 

fact that the present trend of research is directed at embedding "intelligence" in the systems, 

through the means of NLP (Natural Language Processing) modules directed at the processing of 

language interaction between the student and the machine (Borin, 2002a, Nerbonne, 2003 - for 

applications to spoken language, see Hincks 2003); this interaction processing has in itself little 

to do with CALL, but as CALL is the natural recipient for the testing of such intelligent module 

(Nerbonne, 2002), it can be said that at least for the present time, CALL is the twin of all CAL 

systems in the surge of CAL to cope with artificial intelligence and NLP (Gamper 2002, in 

Nakov 2004 - Holland, Kaplan & Sams 1995). This notion of CAL has been taken over by that 

of Learning Technology. 

II.l.l.l.ICALL 

ICALL, or Intelligent CALL, brings error-specific (or adaptive) feedback capacities to CALL 

through the means of AL The feedback should be tailored to the user's personal errors. As well, 
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the ordering of the exercises should adapt to the level of a student progress, following the 

principles of ITS (see section II. 1.2 next). An application can be incorporated within a real-world 

ICALL system when this system has the means' to send adequate feedback on the types of errors 

to be possibly committed in the context of this exercise. Nerbonne (2003) has pointed out the gap 

between the objectives of ICALL and the reality of processing capacities, especially in NLP. In 

the state of things, ICALL can barely do more than to correct material based on surface forms 

and exact match. The research objective in ICALL is therefore to increase response variation 

possibilities in the exercises - that is the number of possible answers to solve an exercise. A 

constraint to this is the limitation of available models of correctness, which puts a condition on a 

system's assessment capacities. Note however that ICALL is more involved in the qualitative 

evaluation of results than in marking learner's production, so that the field is open to some 

experiments and tolerates a degree of uncertainty in the performance. 

The degree of response variation is also influenced by the assessment bias. In the current state of 

NLP research, choices have to be made as to whether to use solutions favouring the assessment 

of the greatest possible number of correct answers, at the cost of precision, or solutions to 

maximize the detection of incorrectness, and thus reduce recall of good answers in the 

assessment process. The goal of the tutoring activity should eventually decide on that. 

This project proposes to test a compromise in the way of enhancing response variation (free-text) 

while reducing the space of possible answers. It is therefore involved in ICALL. The context of 

reading comprehension is adequate for this, as the knowledge space can be reduced to a 

manageable size with the help of some support resource to handle aspects of language 

reformulation, like knowledge bases or language models of paraphrase. Bailey (2008) has 

reached the same conclusion as we did at about the same time. Our approach is conservative, as 

we will explain, due to the fact that correctness should not be approximately evaluated in a 

context of Second-Language-Learning. 

II. 1.1.2. CALL and Software Engineering 

The Software Engineering community has taken interest in CALL (see for instance Farmer & al., 

2004). In a special issue of the CALL journal, S. Cushion (2006) takes on J. Colpaert (2004) to 
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advocate a shift in paradigm from the traditional SE "business" model to a new "research-based, 

research-oriented" model. The novelty of this model is that it distances itself from a strictly 

commercial view of software production, making space for a timely interaction between an 

evaluation phase (occurring at the time of the software's general use, separated from the testing 

phase) and the available technology, conditioned by the theory. The process of building software 

then appears as a concentric cycle of ever-increasing possibilities and efficiency around the 

notion of CALL, understood as an open frontier. Farmer and Gruba (2006) advocate an agile 

approach to SE's Model Development Architecture for CALL, which fits Cushion's views in that 

Cushion suggests a merge between the prototyping and development/implementation phase -

parallel to the substitution of evaluation to testing. In all cases, the main characteristic of an SE 

approach to CALL is the emphasis on the involvement of the end-user. However, the 

demonstrations address a CALL researchers' and teachers' audience, and are meant to convince. 

We will now examine briefly, field by field, the notions presented above for a clear 

understanding of the technology and concepts involved in CALL, or in which CALL can get 

involved. 

II.1.2.1(L)TS 

The design of computational systems to support foreign language instruction needs to be 

grounded in what we know about human learning, language processing, and human-computer 

interaction. Principles derived from these fields need to be tested and quantified in the context of 

specific tutoring systems. 

MacWhinney (1995, p. 324) 

Intelligent (Learning) Tutoring Systems have first to do with Tutoring Systems, which are 

perhaps as old as computer science itself (Page, 1966, Hartley & Sleeman, 1973). Initially, the 

system functions as a repository of information rather than a true pedagogical tool; and even 
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when the system offers a possibility for interaction through adaptability according to the quality 

of student input, the input material is either processed through a pre-defined answer model 

matching or straight validation by an instructor (see Valenti, 2003b, for an overview). 

Therefore, "intelligence" is included to cope with the relativity of the notion of correctness - a 

notion particularly vivid in language matters; a tutoring tool concerned with the teaching of 

formal sciences could do without, except in the circumstance where "answering" is conveyed 

through means of language input, in which case validation has to pass the barrier of language 

"understanding", only achieved through means of Natural Language Processing. Thus the search 

for intelligence in tutoring systems is equivalent to linguistic analysis - the deeper, the more 

intelligent. 

A second justification for working out Artificial Intelligence solutions in tutoring systems is 

related to the problem of feedback to the student. A frequent reproach addressed by the students 

to such tutoring systems is that when committing an error, the user is interested in knowing 

"why" rather than "how". Furthermore, such a wrong answer can be understood as partially or 

completely wrong - a typical case in language where an utterance can be completely off-topic or 

merely flawed with one or several circumstantial errors. Thus a concern of embedding 

intelligence is to enhance adaptability in the production of feedback as well as in the selection of 

exercises with respect to a student's progress (See Perez, 2005). 

This concern for adaptability, both for erroneous input tolerance and feedback production, 

directly arises from theories of learning, nurtured by research on psychology and cognition. 

These two latter subjects, as concerned with teaching and learning, state that learning has to do 

with understanding, which has itself to do with the construction of structured meaning (Kintsch 

& Van Dijk, 1978). Directly transposed to language understanding, comprehension is understood 

as a multi-level process, involving the proper mastering of the various levels of language: a 

micro-level linking morphosyntax to words, and a macro-level linking words to propositions 

(Barriere & Duquette, 2002). A further concern of cognition applied to language acquisition, and 

perhaps learning in general, deals with the nature of the users themselves, who all are different 

human beings, each one with their own background knowledge and level of competence, (for an 

overview of the question of CALL in ILTS, and ILTS in CALL, see Heift, 2001, 2003a, 2003b) 
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H.1.3. C A A 

Computer-Assisted-Assessment (CAA) applies to so-called VLE (Virtual Learning 

Environments) and more specifically to tutoring systems. It originates from the notion, and 

practice, of CBT (Computer-Based Testing - such as having a student perform tests on slot cards 

to be assessed automatically through OMR - see Bull & McKenna, 2004, p. 104) as well as from 

the notion of assessment itself (see Roos, 2002 for an overview). It actually includes two 

different fields: one aiming at organizing a theory over the field, built upon educational and 

cognitive science and under the influence of educational researchers, and a second one directly 

focused on results coming from implemented experimental tools, which involves researchers 

from computer science, often seen under the prism of NLP and Machine Learning. Usually these 

two tendencies are merged together (see Rose et al , 2003b, for a realization), especially as the 

impulse to create experimental tools historically comes from the educational side (Sturgeon, 

2003). Today, one can observe an inverse tendency for CS researchers to come into the field 

because it is perceived as an interesting challenge and a natural by-product in the world of 

Information Technology (Chen & Tokuda, 1999, in the context of ILTS). 

Briefly, theoretically speaking, the activity of learning, which puts conditions on CAA, is 

perceived as a development of certain cognitive abilities, independently of the studied subject: 

this taxonomy is organized according to two orders, a lower one including the activities of 

Knowledge [gathering], Comprehension and Application, and a higher one including Analysis, 

Synthesis and Evaluation (Fuller, 2002). The new trend in CAA, and perhaps what ultimately 

makes it interesting, is to tackle the higher-order assessment problems. This is new as 

traditionally these tasks were considered infeasible, until recent progress in computer power and 

computational solutions. Plus, there is also a commercial interest in the field (Valenti, 2003a). 

Following the Journal of Information Technology Education (Valenti, 2003 a), the precise topics 

of interest in the field are the following: 

• Novel tools and approaches to Placement, Formative-assessment, Summative-assessment 

and self-assessment. 

• Innovations in Assessment 

• Assessment issues in VLEs 
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• Diagnostic testing 

• Pedagogical issues in question design and content 

• Impact on Institutional teaching and learning strategies 

• Quality assurance issues 

• Evaluation of Assessment Engines 

• Assessment and standards 

Obviously, the field holds ground to a gathering of concerns from various disciplines, ranging 

from didactics and university administration to IT research and software engineering (Valenti, 

2003b). 

Therefore, CAA's goal is to assess the capacity of a student to perform several cognitive tasks 

over a given informative chunk (bullets 1 and 2 above). In parallel to this, CAA is to be 

understood as performing over several models, which researchers from UCLES (Ahmed & 

Pollitt, 2002) identify as follows: 

• The Quality Model or Judging model: measuring how well students perform in a given 

task. Typically, this involves confronting a student with questions of equal difficulty and 

see how well he answers. 

• The Difficulty Model or Counting model: measuring how difficult a task a student can 

succeed in. Typically, this involves confronting a student with questions of diverging 

difficulties and see how much he can answer. 

• The Support Model: measuring how much help a student needs to perform a given task. 

This involves interaction and is more ambitious, or computationally costly, than the two 

preceding - it can be added to either one of the quality or difficulty model, but implies a 

strong layer of analysis in order to detect the kind of help or support needed. Both 

analysis and feedback are typically dependent on the tasks and studied field. 

That is the theory. Another trend in CAA simply consists in building tools of increasing 

complexity. It seems that to date, the degree of complexity is still quite low, when compared 

with other solutions reached by NLP or ML to tackle other problems. The key issue here is that 

CAA involves judgement - a highly subtle and subjective task - therefore, the idea is to first 
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define the theoretical boundaries of the problem, around cognition and didactics, before going on 

to sophisticated computational solutions. 

In conclusion, CAA is a vast field that involves both judgement and evaluation - and CAA 

systems shouldn't be understood as means to simply mark essays or answers. A further field -

and perhaps a field of application directly coming from CAA - is CAS, Computer-Assisted 

Scoring, which only encompasses the Quality Model (Yang & al., 2002, 2003), but whose 

systems present the advantage of performance formal evaluation. Needless to say, an ideal CAA 

tool should be able to perform over the three above models. 

II.1.4. V L E 

As we presented above tutoring and computer assisted assessment systems, we showed that these 

deal with the issue of adaptability in teaching and learning. VLEs, embedding the former 

systems, address the question of enabling accessibility and portability. Although any kind of 

CALL system implemented as an accessible and operative system can be understood as a VLE, 

the main interest of VLEs resides in their inclusion into means of diffusion, of which the most 

comprehensive is the Internet - and VLEs become themselves network environments, 

instantiating means of eLeaming and of Learning Technology. This means that VLEs have more 

to do with communication systems and network administration on the one hand, and ergonomics 

on the other, than with CALL itself. Though such environments as CISCO, WebCT or 

HotPotatoes (see References) are all understood as eLearning environments, they actually have 

little to do with theories of learning, as applied to computerization or not. They simply function 

as repository of courseware, manually uploaded by teachers or administrators, and downloaded 

by users. But this is nevertheless what is understood for the present time by eLearning or Virtual 

Learning Environments. So that the whole point in relation to CALL is what to put inside these 

VLEs (Nakov, 2004, Davis & Davies, 2005). 
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However, at present, two notions central to the problem of CALL arise directly from the field of 

VLEs understood as eLearning platforms (and this is a point which makes clear the fact that 

VLEs are of little interest outside the reach of eLearning, except for ergonomy concerns). 

The first one is the notion of authoring. Authoring is concerned with giving teachers the means 

to create exercises and tests - authoring tools include procedures and structures to encode 

reference material, and items of interest for the assessment (see section II.3). The second is a 

more vague subjective notion, though very pertinent to eLearning or CALL: that of dialogue 

(Aleven & al., 2001, Aleven & Rose, 2004). Both are slightly related as typically, support for 

dialogue possibilities in VLEs is implemented through means of soft learning agents (Graesser & 

al. 2005) - a precise concept within the field of CS (Fenton-Kerr, 1998, Bogdan-Florin & 

Hunger, 2005). Dialogue has to be understood here as dialogue from 1/ user to instructor, 2/ user 

to user, 3/ user to system and 4/ instructor to system. Ideally, full support for dialogue should 

enable these four possibilities, in such a way that a user can interact and exchange information 

with other users of the same VLE, can exchange information with a instructor, can be granted 

support by the system, and that a instructor can interact with the system in order to obtain 

information on the users as individuals or as a community. Of these four categories of dialogue, 

only the third one (communication from user to system and from system to user) actually 

necessitates CALL dedicated tools, to perform language analysis - the other three are just means 

of communication and access to static pre-recorded or pre-computed information. 

II.2. Tools for CAA and assessment in CALL 

The assessment of "free-text" material is understood as dealing with two kinds of student's 

outputs: essays and free sentences. The first impulse dates from the mid-nineties (Burstein, 

1996). The existing tools are quite simple and limited - but all are not experimental and some are 

already operating in the real world. Here, some systems dedicated to assessing free text material 

are presented, though all are in a more or less advanced state of completion (at the time of 

papers' publication), as they appear to be the most popular. In the field of CAA, the marking of 

essay is considered as the Holy Grail, therefore, the following systems are dedicated to the 

assessment of essays, with the exception of Automark. 
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Other systems are placed by their authors in the domain of CALL, even if they may refer to other 

projects in the field of CAA - we have seen in chapter II that these fields could largely overlap 

without explicit recognition of each other. These tend to focus on sentence assessment and none 

show as completed. 

II.2.1. CAA Systems 

As said, these tools address the issue of essay marking rather than that of sentences, or short texts 

- a simpler task as mentioned in section IV.4.1.1. Therefore they are at a more advanced stage of 

completion, as well as less documented scientifically since they often appear as commercial 

tools. In the last section, we present some tools or studies which still are in a state of research. 

II.2.1.1. The Intelligent Essay Assessor (IEA) (Landauer & al., 2003a, 2003b) 

This is proprietary, implemented by Knowledge Analysis Technologies (KAT) in 2003. It makes 

use of LSA (Latent Semantic Analysis) for scoring answers. This necessitates a reference 

training corpus over a given category of question/answers, which typically consists of reference 

answers to a given question, but which can also be a theoretical reference: in this case, essays are 

evaluated against one another, around a centroid evolving in the process - a scoring method 

referred to as vicarious multi-human scoring. LSA builds a two-dimensional matrix of word-

document co-occurrence statistics, which are decomposed and normalized over dimensionality 

further enriched to include latent lexical relationships through decomposition/recomposition of 

the matrix space, using a matrix algebra technique known as SVD (Singular Value 

Decomposition). Students' answers are compared lexically to reference answers. IEA does not 

perform any syntactic analysis and can therefore be fooled easily, but it nevertheless aims at 

high-level assessment, scoring essays over a corpus of gold-standard essays or over essays which 

have been graded by humans. The aspects of writing it aims to evaluate are content, style and 

mechanics, which amounts in IEA state of the art to spell. 

IEA authors claim a 85% reliability coefficient. This measures the agreement between IEA score 

and one of the experts, averaged over the total number of experts. These are results quite close to 
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E-rater. Now there are discrepancies in the results from domain to domain. IEA is thought to be 

particularly good on formal domains of knowledge characterized by enumeration, as biology. 

The authors modestly report that IEA cannot state whether a student made a specific point by 

means of "logic or persuasion". Now, a clear limit of IEA is its dependence on the contents of 

the reference material - in its operating mode, if comparison essays are insufficiently similar to 

the to-be-scored essay, or are too variable in their implications for content quality, the essay is 

passed to a human grader. 

Another fundamental aspect of IEA is its tutoring quality, making it an ITS as much as a CAA 

system. As the system is not trained on just pre-marked essays, but also on manuals or textbooks, 

it can provide feedback to the student in the form of a link to appropriate material - the authors 

insist on enhancing IEA tutoring quality as a foundation of any future work. It is also equipped 

with plagiarism detection mechanisms, of which the authors say nothing. 

II.2.1.2. The Essay-rater - or E-rater (Burstein & al., 2001, Attali & Burstein, 

2006) 

This encompasses a hybrid approach between semantic and syntactic analysis, statistical and 

symbolical approaches. It has been developed by the Education Testing Service (ETS). The 

system identifies syntactic structure and discourse features through shallow parsing. The 

syntactic and discourse components are analysed for themselves, and rated according to syntactic 

variety and discourse coherence. Content words are compared to a vector of reference weighted 

content words. Therefore, topic coherence, syntactic richness and lexical variety all work for 

higher student grades. E-Rater has the reputation of working well with simple tasks, possibly 

even of the higher order sort, and it has been used to rate the AWA (Analytical Writing 

Assessment) part of the GMAT (Business Schools admission test) as well as TWE essays (Test 

of Written English). 

The scoring models have been defined based on a set of pre-marked essays - 400 for each of the 

two AWA essays. Features were defined and evaluated for mark prediction by means of linear 

regression. The features (about 100) include proxies, of which nothing is said, as well as 

linguistic features. An example of the linguistic features is a measure of syntactic sentences and 
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clauses' types. These features represent general qualities of syntactic variety, topic content and 

organization of ideas. Having refined the models, as subsets of the total number of features, by 

cross-validation, the authors claim an agreement of about 90% between expert's and automatic 

marking. The authors also claim portability from one domain to another, but this all depends on a 

training corpus. 

II.2.1.3. The Conceptual-Rater - or C-Rater (Leacock, 2004) 

C-Rater is a sister product of E-rater, developed at ETS. This is one of the projects closest to our 

own, as it aims to mark short answers, including answers to reading comprehension questions. A 

major difference is that it targets a K-12 audience of native users (primary and secondary 

school), and therefore is not concerned with SLA; the answers are marked without regard for the 

student's writing skills. Interestingly, it is the only comparable project which explicitly focuses 

on paraphrase - the program being presented as a paraphrase recognizer. Now, the paraphrase 

model is not really formal, and actually does not rely on linguistics, but rather on contextual 

reformulation. The paraphrase possibilities are framed within notions of syntactic variation, 

different inflections of a word, substitution of synonyms or similar terms, or the use of pronouns 

in the place of nouns - but these categories are not merged to define a model of paraphrase. 

Instead, a model is built for each question, using a set of training answers - between 100 and 200 

depending on the question. It is at the level of this model that paraphrase possibilities are 

defined; so paraphrase recognition capacity depends on the variety of the examples within the 

training set. 

C-Rater uses an authoring tool for the manual annotation of marking criteria. For each set of 

answers, a number of items of importance are identified, and for each training answer, the 

contents are associated with these items, by highlighting relevant parts. Tested on 19 reading 

comprehension and 5 algebra questions, C-Rater achieved a score of 85% agreement with the 

human annotators. Now, this test set is already a subset of more questions, from which questions 

yielding open answers have been discarded, as they «allow for metaphorical interpretations that 

cannot be fully catalogued*. In other words, the authors discarded questions for which an 

efficient model could not be built with at most 200 training answers - which in turn means that 

the question classification in C-Rater is empirical. 
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11.2.1.4. Automark (Alridge & al., 2003) 

This has been developed by a firm called Intelligent Assessment Technologies, but it is still well 

documented. It uses information extraction techniques to retrieve pieces of interest in a given 

document - namely, an answer to a question or a short essay. These pieces of interest consist of 

given syntactical categories expressed as lemmas. The same process is applied to a corpus of 

reference answers in order to build marking scheme templates, which are designed in the form of 

a syntactic tree with the nodes or leaves bearing appropriate lemmas for the question to be 

answered. Actually, one of the system flexibilities is that these templates can be composed in 

various ways, including an interactive way between ML models and expert validation, as 

handling of terminology is crucial to tackle reformulation problems. Plus, there is a scheme 

moderation module for experts/teachers to design helping schemes (a support model issue in 

ITS). Finally, an answer is parsed and checked against marking scheme templates for grading, 

which works through correspondence between a series of lemmas and phrases. This is a pattern-

matching approach, and allows easily for having patterns/templates of various degrees of 

specificity. 

11.2.1.5. Auto-marking (Sukkarieh & al. 2003) 

This is worth mentioning as it is not yet proprietary - but it is intended to be used in real world 

for various Oxbridge tests and examinations, and is therefore quite ambitious. It resembles 

Automark (after which this system has been named, or so we suspect), in that it is pattern-

matching. The templates are however more detailed as they are supposed to be able to cope with 

various relation orderings in the syntactic structure of the piece of text. This just means that the 

syntactic categories resemble more those of a PoS tagger than of a shallow parser. Moreover 

patterns and templates are more flexibly organized, as a template is understood as a series of 

patterns of varying forms and numbers. Here too, Information Extraction is applied to retrieve 

members of a fixed list of named entities and relations occurring in a given configuration. 
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II.2.1.6. Some more tools 

The earliest (known) automatic assessment tool is the Project Essay Grader by veteran researcher 

E. B. Page (Page, 1994). It works on surface clues as is done for text complexity computation, 

but the obtained indices are put against reference measures computed on a training set - content 

is left unanalyzed. BETSY (Bayesian Essay Test Scoring System, Rudner & Liang 2002, 

following Larkey, 1998) uses a naive Bayes classification technique to score essays on both style 

and content. SEAR (Schema Extract Analyse and Report - Christie, 1999) is still work in 

progress, but makes use of sophisticated calibration for the computation of weights on features: 

for a set of reference essays, the weights are evaluated as a compromise between system's 

judgement and human judgement. Perez used a variant of the Machine-Translation quality BLEU 

metric (Papineni and al., 2002) to assess free-text answers to questions of comprehension in the 

domain of computer-science (Perez & al., 2004). BLEU compares two sentences by counting the 

frequency of n-grams from candidate to reference, at various values of n - the resulting value is 

modified by a brevity factor to penalize shorter answers. The results are evaluated through 

correlation between automatic marking and teacher's marking. This approach exemplifies the 

quantitative assessment strategy and shows well its limits, as teachers mark with either 0 or 1, 

while the automatic marker has been shown empirically to mark between 0 and 0.7 in a very 

spread distribution - a problem being therefore to know how to convert this real-value marking 

to a binary evaluation. 

II.2.2. Approaches to Assessment in CALL 

Assessment of free-text answers in CALL poses another difficulty with respect to CAA: having 

to assess language grammaticality. Generally, CALL as applied to analysis of free-text falls into 

the domain of ICALL. The rise of ICALL systems is directly linked to the development of 

parsing. Early examples of ICALL systems include Herr Kommissar (DeSmedt, 1995) or MILT 

(Kaplan and al., 1998). Note that these two projects were not research projects, or at least 

weren't presented as such. 

In Herr Kommissar, a learner is presented with a mystery to solve by asking questions. NLP 

technologies include a spellchecker and a predication-driven parser (modelling attachments of 
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complements to verbs). The Knowledge-Base implements a microworld by ways of an ontology 

and logic rules. But the fact that the KB is handcrafted prevents the portability of the approach. 

DeSmedt gives a figure of 91.6% of grammatical errors detected, but there is no information on 

the break-down of the error categories nor on the testing procedure. There is no more 

information on the questioning method and the evaluation of answer assessment. 

MILT is another microworld approach to the assessment of free-text answers. Students are given 

an exercise that allows them to use language production to manipulate a graphics microworld. 

An authoring module enables an instructor to define tasks for the learner to accomplish using 

spoken commands, such as moving pieces of furniture within a defined space. The system 

analyzes the student entry to detect syntactic, semantic or factual errors. The student's input is 

then analysed with a LCS dictionary (Lexical Conceptual Structure) (Jackendoff, 1990) to be 

transformed into a LCS structure. This is finally mapped to the representation of the reference for 

assessment. LCS represents action through primitives grouped into types (for instance, HERE, 

GO, BE, THERE as primitives of the type LOCATION). Eventually, the system seems to be best 

used for the practice of pronunciation. No results are provided on performance. 

We know at least two projects which address the problem of assessment in the context of ICALL 

and at the level of sentences or short text as answers to open questions. These are research 

projects; one does address the point of error correction and the other not. One is dedicated to 

ESL and the other to FSL. 

II.2.2.1.FreeText 

The FreeText project is closely related to our own, although its projected scope was much larger. 

The aim was to develop a CALL tutorial for the teaching of FSL. The proposed software should 

have included various types of exercises such as multiple choice questions and fill-in-the-blanks, 

and also open-ended questions on comprehension to be answered by free-text - in fact covering 

the whole line of drills format to address four types of learning activities following Chapelle 

(1998): comprehension, exploration, creation and manipulation of textual data. These tutorials 

would have been based on real texts very comparable to the ones used in DidaLect. A framework 

has been defined for the assessment of free-text answers, based on PseudoSemantic Structures 
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(L'Haire & Vandeventer-Faltin, 2003a). PseudoSemantic Structure represents sentences in a role 

predicate structure, where predicate is further characterized by features of voice, tense or aspects, 

among others, and roles by features of number and theta role (agent or patient). Both can receive 

characteristics in the form of adjectives, or adverbs. An answer must match this manually 

created representation in order to be assessed as correct. 

It seems the project has not been completed (FreeText 2002). At least it appears that the 

proposed drills have never been implemented. However, this project drew considerable effort 

into setting a component for the detection and diagnosis of language errors, using techniques of 

grammatical constraints relaxation (L'Haire & Vandeventer-Faltin 2003b). This will be reviewed 

in chapter V. 

The categories of error to be identified include some high-level ones as verbal complement 

subcategorization, voice, or homophony, which can be problematic in French. This component is 

tested on a small set of real learners' productions and yields a result of nearly 73% in error 

detection, but some error categories are excluded from the accounts, such as voice or verbal 

complements subcategorization - that is errors of high syntactic level, difficult to identify. By 

experience we know that students tend to make a lot of these errors in their productions, so it 

seems strange that none show in the study's statistics. However the system is quite good at 

detecting errors of homophony. This is done by mapping lexical suspects (causing a disturbance 

in the syntactic analysis) to a phonological representation, which is in turn used to gather a set of 

phonologically similar words - the sentence is analyzed again using these replacement words, 

and they are proposed as replacements when yielding a correct syntactic analysis. As it seems the 

effort has been put into the realization of an interface to display analyses and results - the error 

diagnosis module performs only 17.4% better than MS Word 2000 grammatical checker, largely 

due to its handling of homophonic errors. Eventually, it seems the error correction module did 

not address higher level syntactic errors and concentrated rather on the graphical display of 

identified errors. 
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II.2.2.2. Content Assessment Module 

This project is perhaps the most closely related to our own of all the systems surveyed (Bailey & 

Meurers, 2007). Here, learner answers to questions are compared to a single target answer 

through means of shallow language processing strategies. The learner's answers are tokenized, 

lemmatized, tagged and chunked for Noun Phrases detection. Then lexical relations are detected 

using PMI-IR scoring technique (Turney, 2001) on the Exalead search engine. The semantic type 

of nouns is added using WordNet. Eventually, dependency parsing is applied using the Stanford 

parser. The information gathered in this way is then used to produce alignment of sentence's 

descriptors: tokens, NPs and dependencies. The main difference with our approach is that this 

information is then used as features to train a supervised memory-based classifier (TiMBL). The 

main features are Keyword overlap, aligned target tokens, aligned learner tokens, aligned target 

chunks, aligned learner chunks, aligned target triples, aligned learner triples and token matches. 

Although CAM shows very good results, with a 88% accuracy in its best configuration, we 

believe these results are partly due to a bias of the approach towards correctness. On the one 

hand, using a tunable ML approach, the system is trained to detect correctness based on 

measures of distance between the quantities of the features - this overlap strategy has clearly an 

effect of error under-diagnosis passed a certain quantity of shared material between training and 

test answers. On the other hand, the training set includes 188 correct answers and 76 incorrect 

answers while the test set includes 187 correct answers against 37 incorrect answers. This should 

actually introduce a bias towards correctness, at least in the testing procedure. Should the system 

be trained to detect incorrectness, should the training and test sets be inversed, or ultimately the 

ratio of correct/incorrect responses be inversed in both sets, the results might be inferior. The 

authors also discard from training and test sets so-called Alternate answers which are purely 

semantic reformulations of the target response. This approach is nevertheless fruitful as it 

permits to sidestep the problem of partial semantic reformulations. As related to our project as it 

is, CAM is for English, and it shows major differences in that it follows an opposite strategy in 

assessment, as we will show in section X.1.2. Moreover, it does not address errors in form, as 

grammatical errors. 
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II.2.3. Relation to Question-Answering 

Question-Answering (QA, see for instance Andrenucci, 2005, for an overview) calls for the 

evaluation of contents: a question is mapped to an answer based on surface clues, or features, 

enlarged or decomposed through means of NL or AI processing of possibly ever-increasing 

complexity (from synonymy to abduction, or co-reference resolution to entailment). The state-of-

the-art in the field of Question-Answering is still imperfect, and the effort is still in a pioneering 

phase - but the means to solve the problem have been identified, at least partly. 

Now, there are some differences between the free-text assessment and QA. We have identified at 

least three. The first difference is to be found between answer analysis in the context of an ITS 

and in that of QA. QA traces an answer from a question in a space of theoretically infinite size 

while we need to evaluate an answer from another answer: the reference in text, which can be 

unique. This also implies that we have no need for detecting the unknown: the answer to the 

question. The second difference is in the quality of language: QA has no responsibility in this 

respect and can posit that questions should be correct - the point of the answers correctness does 

not arise, as QA works on reference material. This means that QA can ignore the syntactic 

aspects of language evaluation. The last difference is that QA can make use of statistics to 

weight the distance between question and potential answers, and can therefore rely on stochastic 

methods of correspondence. This offers the advantage of relativity of correspondence between 

question and answer: select the closest. In free-text answering assessment, reference answer and 

candidate answer should match perfectly - or else we have no means to decide where to set a 

threshold on weighted partial correspondence. 

A fundamental similarity, however, is that in both cases a degree of reformulation can bias the 

correspondence of contents. Reformulation takes place between question and answer in QA, and 

between answer and reference answer in free-text answering. Reformulation can come in the 

form of paraphrase, or in the form of a lexical subset of the reference answer. 

A good illustration of the relation between QA and free-text answering, and of its limits, can be 

found in the QA Mitre Deep Read project (Hirschman & al., 1999, 2000). 
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II.2.3.1. The Deep Read Project 

From its beginnings, the authors of this project have set their research work, dedicated to QA, in 

the line of free-text answering - admittedly to provide both a means of evaluation for the quality 

of QA retrieved answers as well as to set a foot in the domain of tutoring systems (Hirschman & 

al., 2000). The project seems to have been abandoned, but it gives a flavor of early solutions to 

address the problem of short-answer validation. 

The Mitre team encountered a problem in what concerned the evaluation of their QA system: 

evaluation. In order to cope with it, they doubled the scope of their project, adding an answer 

analysis tool to provide evaluation of the QA system's answers. They identified two means for 

answer evaluation: 1/ building a classifier based on valid answers or 2/ producing answer keys 

for each question and use them as a reference. The second approach was retained for lack of a 

corpus of correct answers. The keys to be compared have been produced by hand, and the 

comparison method between the keys and answers works on two modes: answer correctness and 

lexical recall (answer correctness amounts to exact match). Lexical recall implied the definition 

of a recall value threshold, which has been empirically set. This evaluation is limited, and the 

authors acknowledged its limits: absence of measure for an answer's conciseness and 

intelligibility. 

However simplistic, this project encompasses the first approach to our knowledge to short 

answer validation, or free-text assessment. 

II.3. Students and Lecturers. 

II.3.1. Lecturers and Authoring 

A trend in CAA and CALL is to implement authoring tools. The reason is that CAA systems are 

never more efficient than when designed for very specific tasks, which necessitate shared 

components but rarely shared methodology. This has had the double effect of opening the field 

of CAA to numerous new assessment tasks with the possibility to create exercises of various 
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content, but also to standardize their types (see SCORM/ADL - Sharable Content Object 

Reference Model, by Advanced Distributed Learning, on the necessary components of an e-

learning system, and their linkage) as well as the types of questions to be asked (see QTI -

Questions and Tests Interoperability, on the type of admissible questions in CALL/CAL, and 

how to describe them technically : for example, multi-choice questions, lists of items to be 

ordered, fill-in-the-blanks, etc.). 

Typically, an authoring tool includes NLP methods to analyze the language - a necessity 

whatever the subject of the exercises - as well as graphics analysis methods to make assessment 

of figures possible, which is a requisite in sciences. They also include data-mining and ML 

methods to detect and weigh item quantities in the assessed material. With such tools, it is 

possible to create drills for any subject that is part of an academic curriculum (see Qualms for an 

example). 

On the other hand, whatever the subject and the material to be assessed (drills or essays), the 

assessment methods all depend on the inclusion of substantial annotated reference material to 

train models of what is correct and what is not. In other words, these tools are ill-equipped to 

implement dynamic methods of judgement over an abstract model of correctness, as they work 

on exemplifications of correctness/incorrectness. 

With pros and cons, these tools have nevertheless the advantage of putting back CAA into the 

hands of lecturers or trainers, who are entirely responsible for the kind and design of the drills. A 

trainer must provide any training material, making sure it is properly annotated with what is right 

and wrong, design the exercises, design the feedback model and feed the system with any further 

necessary resource. All this calls for good will towards CAA and familiarity with computers. 

As it turns out, such authoring tools offer good solutions for the design of summative assessment 

tasks for large test submissions and crowded audiences. For example, implementations of drills 

for physics do actually target undergraduate entry exams into physics program, as well as special 

programs tests of prerequisites (Van Lehn & al., 2002 for an example). They are unsuited to the 

design of day-by-day formative assessment solutions. 

Under this paradigm, the entire academic world is the standard (constant methods of testing 

students, and of assessing them). If we focus the assessment problem at a level closer to 

subject(s) standard (English, maths, history, etc.), using models of subject correctness (what is 
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correctness over defined topics or problems in Maths, English, etc.) rather than topical examples, 

then it is possible to come up with generic solutions that take some of the burden of design off 

the lecturers' / trainers' shoulders: that of having to provide reference answers. This should 

enable the provider to offer the students frequently renewed formative material. 

So, there is a trade-off between the expected level of intervention on the lecturers' part in 

designing the drills and generality /specificity of the assessment tools. The greater the generality, 

the greater the re-usability (of software as a whole), but the greater the effort for the lecturer to 

produce drills - the lesser this effort of intervention, the lesser the generality, and so re-usability. 

Another trade-off is between the expected level of intervention from the lecturers and the 

formative/summative orientation of the assessment tool. The lesser the lecturer's effort, the 

greater the formative capacity, as it becomes cheap for the lecturer to renew test material. 

Here is not the place to discuss a third and fundamental trade-off: that between production cost 

of a CAA system and re-usability. We have no answer to balance this trade-off, and all we can 

state is that the CAA pack is led by an association between university management agencies and 

the industry, which favour large-scope CAA tools for evident economic reasons: implementation 

requires less field expertise and the tools so produced can target a broader audience, which 

justifies the purchase (Graesser and al., 2005). 

From this perspective, the role of the lecturer has been (and remains) at the crossroads between 

machine and students, that is, between content and students. The antique relation between 

"master and pupil" is just about to turn into a triad involving master, pupil and a computer. 

II.3.1.1. In the context of text-as-reference based open questions in SLL 

What should the role of the lecturer be? Asking the lecturers themselves appears as something 

difficult to achieve: for this project, four teachers of French as a Second language have been 

contacted - only one replied. The reason for this defiance is natural and expected: non-

technicians fear the machine, either because they perceive it as a threat to their position or 

knowledge, or they simply feel ill-at-ease with the manipulation of computers in general. This 

does not favour communication (see Coniam, 2004, for a discussion on the issue). 
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However, our pedagogical problem being so precise and restricted, it is feasible to endorse the 

role of a lecturer to see what can come out of his/her involvement. The automatic assessment 

task itself does not call for the lecturer's participation - although if the lecturer is to participate 

more actively in the definition of questions and putting them in correspondence with text 

reference segments, then the assessment modules should provide the methods to make the best of 

the lecturer's effort. 

When creating a question, the lecturer can do a lot to 1/ relieve the system of some hazardous 

computations, and 2/ provide information about questions and references easing assessment, 

which otherwise would be out of the system's reach (so-called world knowledge). These two 

orientations are non-exhaustively examined in turn. 

A. What can be done easily by a lecturer and not-so easily by a computer. 

o To perform Anaphora and Co-reference Resolution. 

Computerized solutions to the problem of defining co-reference in texts do exist and 

come with acceptable results (Mitkov, 2002, for an overview), including in the context of 

free-text evaluation (Perez & al., 2005a). But they perform with varying accuracy 

according to the precise resolution task: intra-sentential pronominal anaphora is easier to 

solve than extra-sentential cataphora. A lecturer has to perform resolution anyway, 

mentally, in order to choose a text segment interesting to the task (would it be only when 

reading the text prior to creating the questions): that s/he simply produces an ordered list 

of the nouns for which the anaphoric lexemes stand is enough to solve the whole 

problem. There is not even a need to pair them with actual anaphoric element; the system 

can just replace anaphora by its referents orderly. This is only valid for the reference 

sentence, and does not help with solving anaphora in student's answers. But reference 

material is more prone than the single sentence student's answers to showing complex co-

reference phenomena, such as inter-sentential. 

o To link sentences in the text. 

A reference sentence can be a "short answer". When selecting the reference sentence on 

which a question is based, the lecturer can add some further sentences which are not co-

referenced to REF (in-text reference answer), but which make the statement in REF more 
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precise, and which could then be used by the student to build an ambitious answer. 

Actually, at this point, such a trick could enable the creation of inferential questions 

(textual implicit) of greater difficulty - but little more. 

o To check the parses and enrich them. 

In a real-world perspective, as difficult as it is to obtain perfect parses, it is reasonable to 

think that a lecturer could participate in the syntactic analysis and provide, for instance, 

information to specify the function of complements by simply attaching together 

constituents in a given syntactic function. 

B. What can be done easily by a lecturer and only with great difficulties or costly 

computation by a computer 

o Some of the above... 

Such as enriching the parses or properly disambiguate words. Some words can be 

disambiguated only through enlarged context, calling for world knowledge valuation 

(e.g., a classic case-study: La petite ferme la porte, where every word is ambiguous), 

making automatic disambiguation very difficult. Similarly, properly catching ambiguous 

syntactic information can be inaccessible to what is presently possible in automation 

(e.g., Tarte a la creme = NP + PP/NounComplement, while Tarte a la table = NP + 

PP/LocationVerbComplement) 

o Provide semantic information on words in REF. 

To tell the machine that a word stands for an animate or inanimate, countable or non-

countable object provides useful information, as lots of verbs do not behave in a similar 

fashion depending on this kind of information. Also, to state that a polysemous verb 

topically expresses itself under its intransitive or transitive form represents valuable 

information, as lots of verbs shift between the two modes depending on their exact 

meaning (e.g., Je rentre vs. Je rentre les chaises), in order to specify the auxiliary 

admissible for the verb under a given sense (e.g., Je suis rentre vs. J'ai rentre les 

chaises). The more this process of enriching vocabulary is achieved, the less it is needed 

next time. But this issue has more to do with language analysis in general than with 

CALL in particular. 
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Finally, after having studied what the lecturers could do for the system, it is worth examining 

what the system can do for the lecturer. The most obvious benefit relieves a lecturer of part of 

the assessment burden. A lecturer can provide students with formative drills and only verify the 

quality of the automatic assessment. She can also obtain a report on a student's achievements 

over a timeline and automation can provide information on points of progress or stagnation, or 

even on more subtle points such as the ability to reformulate. Any piece of information that can 

be evaluated can be integrated into abstraction and consulted by the lecturer. 

II.3.1.2. Students 

Any tutoring system has to be positioned with respect to the type of assessment it addresses. 

There are two modes: Formative and Summative assessement. The first aims at practicing and 

the second at marking or grading. Naturally, Summative assessment requires error-proof systems 

and cannot include experimental solutions. Formative assessment is the right field in which to 

test solutions in assessment. 

Formally speaking, formative assessment is a diagnostic use of assessment to provide feedback 

to teachers and students over the course of instruction, while summative assessment takes place 

after instruction and requires making a judgment about the knowledge of a student, such as 

grading a test. According to Black and William (1998), formative assessment follows assessment 

which includes activities that teachers and students undertake to obtain evaluation of teaching 

and learning. It becomes formative when the evaluation serves to adapt teaching and learning to 

meet student needs. There is strong common ground between Formative Assessment and ICALL, 

as both insist on the importance on feedback, especially when providing specific comments 

about errors and specific suggestions. Another objective of Formative Assessment is to drive 

students to focus their attention thoughtfully on the task rather than on simply getting the right 

answer. As it favours frequent short tests over infrequent long ones, it seems to provide a good 

pedagogical framework for ITS. 

In formative assessment, what matters is more the quality of the feedback than the marking. In 

summative assessment, any student material has to be considered under the aspect of correction: 

capitalize on the good. But in the paradigm of formative assessment, there is no such thing as a 



39 

good answer: capitalize on the bad. Especially in a topic such as ours, a good answer is always to 

be an alternative between several good ones. Using reformulation, an answer might lack 

economy in the display of the contents, and choosing not to use reformulation exhibits poor 

ambition and language skills. Formative assessment is directed at improving students' level, not 

judging them (Schmidt & al. 1990). However, formative and summative assessment are not 

mutually exclusive, and scored-formative assessment encompasses a hybrid approach 

(MacKenzie, 1999). 

We are far from the successful implementation of the ultimate CAA tool for FSL, or SLL - a 

system capable of emitting any pertaining remark on the quality of what an answer is and is not. 

But that is nevertheless the ultimate purpose of such formative tools - to gloss over the material 

in the absence of the trainer/lecturer who remains sole decider of where goodness starts and ends. 

Coming with specific assessment products conditions the feedback, the pedagogical task 

conditions specificity, and the pedagogy is at last governed by the target audience of the project. 

So there is (again) a trade-off between the specificity of the feedback and the expected audience, 

and economically speaking, the feedback appropriate enough to the audience only should be 

provided. This helps to deal with the shortcomings of computerization: only implement solutions 

up to where the system can cope with the didactics and pedagogy. In other words, there should 

be a level at which automation can meet learning activities. 

In the context of this project, the audience consists of "intermediate-advanced" students of 

French. This conditions what should be expected in terms of good and bad answers. But for now, 

it simply means that the audience factor holds a stake in the definition of this project as an 

engineering problem2. 

2 Note that the « intermediate-advanced » nature of the audience has been an imperative on this project, though 
indirectly, following DidaLect. 
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Chapter III. Free-Text Answers and Text 

Comprehension 

This chapter presents the problem from the perspective of didactics and linguistics, especially in 

their relation and with respect to the problem of Text Comprehension - a branch of Language 

Learning and Education. First, its purpose is to examine the problem of question answering in 

didactics, and the kind of solutions that didactics could offer to solve the problem of 

reformulation. Then, it presents the problem in terms of linguistics: what constitutes a correct or 

an incorrect answer. 

III.l Texts, Words and Second-Language Learning 

III . l . l . Writing and Written Material in Second Language Learning 

In the approach proposed by DidaLect, and directed towards a given category of students 

(intermediate or advanced), language learning is conceived as primarily a task of developing 

cognitive abilities to build and record contextual sense with limited linguistic knowledge - and 

the application is in Text Comprehension. What is meant by contextual sense is both the sense of 

subset of a text with respect to the text as a complete set, as well as the sense of this textual 

complete set within, let's say, world knowledge. In other words, in such an approach the activity 

of learning and understanding is conceived as a task of disambiguation. 

The procedure of cognition drives a student to examine the vocabulary in order to understand 

structure and therefore meaning (Meyer, 1987, Duquette & St-Jacques, 2005). The enhancement 
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of these cognitive skills should enable the student both to draw conclusions based on partial 

understanding and literally to learn the specifics of a language, or part of it, through deduction, 

and through enhancing deduction abilities, rather than through formal instruction. 

Although this approach is mainly concerned with understanding, adding a free-text input 

processing capacity can further test this paradigm for language production objectives, as well as 

control the linguistic inferences drawn by the student. The latter task can also be controlled 

through multiple-choice questions (MCQs), and perhaps with better results as MCQs enable 

presentation of categories of questions of greater difficulty, in a linguistic or even more cognitive 

sense. But the production task can only be tested through free-text. This approach is however not 

understood as a substitute for other methods of language learning, but as a helper. 

III. 1.1.1. Modalities of Text Comprehension Testing 

There are a good number of strategies to teach or enhance Text Comprehension (TC) skills, 

following the cognitive school of thought as most applications now do (see Duke & Pearson 

2002 for an overview). The modalities of testing are however quite straightforward and are 

sound enough by themselves to allow the economy of the cognitive justification. This is not 

directly relevant to this project, but the interest to Computer Science and to CALL is to find 

applications possible to automate, and to locate the modality of our testing paradigm within the 

framework of TC. 

Note that in TC testing there are strategies and routines. Strategies are the different types of 

exercises. Routines are sets of strategies reputed to work well in the field. 

• Prediction (Anderson & Pearson, 1984): 

The student is asked to make predictions about what is to come in the course of reading a 

text. This applies to narrative texts. 

• Think-aloud: 
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Teacher think-aloud or student think-aloud (see for example Kucan & Beck, 1997). The 

teacher or learner expresses verbally what she has retained (who, what, where, etc.) in the 

course of reading a text. 

• Text-structure (see Duke & Pearson 2002 for an overview): 

Useful for both narrative and explanatory texts. This goes from explaining, possibly 

formally, the structure of a text, to creating a hierarchical summary (ideas of importance, and 

order of importance) and possibly visual representations, such as semantic maps or story 

maps. 

• Visual representations (again Duke & Pearson 2002 for an overview): 

Following the above, but more formally defined. The debate evolves around the question of 

whether it is the mapping itself which favours comprehension or the process of constructing 

the map, in which case Text-structure accounts for the benefit. 

• Summaries (From Kintsch and Van Dijk 1978): 

Again, taking on Text-structure. Here, the methods of summarization make the most of the 

interest. 

• Questioning (See Durkin 1978): 

As MCQs or open questions. The activity can follow three modalities: answering questions 

on text, asking questions on the text (as in QAR, Question-answer relationship, Ref), and 

QtA or Questioning the author (Beck & al, 1996). 

In the most advanced testing routines, free-text answering to open questions is the ultimate test 

(see for instance, Vocabulary Knowledge Scale, Wesche & Paribakht 1996). In Section III. 1.4 

we present the approaches to asking questions on vocabulary. 

III. 1.1.2. Text Comprehension and Questions 

Theories of Text Comprehension, or discourse comprehension, or even reading comprehension, 

can be divided between processes and objectives. Processes can in turn be divided between 

abstract and concrete processes - cognitive and linguistic, though the two tend to overlap. 
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Enright (2000) has been responsible for the design of the tests for the TOEFL (Test of English 

as a Foreign Language). At the most practical level, he identifies four tasks to be tested in 

Reading comprehension: 1/ to find information, 2/ for basic comprehension, 3/ to learn and 4/ to 

integrate information across various texts. 

This is not the place for a full review of TC in details. But aspects of TC relevant to our problem 

of open-questions are presented in this section. 

In an interesting article, Clifton and Duffy (2001) sum up the situation of TC with respect to 

linguistics, drawing attention to particular aspects of language that help or make more difficult 

the understanding of a text - and consequently, aspects which are more or less worthy of being 

tested. Following this review, four aspects of language do impact on text comprehension: 

syntactic, lexical and semantic, as well as prosodic - this latter aspect being of interest to the 

spoken language or to narrative texts. 

In syntax, there is a "garden path" theory which stipulates the construction of sentence meaning 

in a word-by-word fashion, following the canonical syntactic structure: this favours meaning 

attachment of a new item to the most recent correspondent; hence, sentences producing a 

revision of the meaning encountered necessitate more attention. There is a locality factor in 

sentence phrasal structure which makes sentences more difficult to understand when disrupted. 

The question of anaphora resolution is emblematic of this problem of structure building: distant 

attachments create ambiguity, and this is where a student's comprehension of a text might be 

questioned. 

Similarly, there is a frequency factor in the lexicon that may influence the readability of a 

sentence: in the interpretation of a sentence "a given lexical item passes more activation to its 

more frequently used structures, and [...] frequent structures should therefore be preferred and 

more easily processed"3. So, ambiguous words may cause a disruption in the understanding of a 

sentence - an evidence which becomes even stronger in SLA. In relation to the lexical aspect of 

language, the semantics of the lexicon used is an influence on understanding. To illustrate this, 

and to fully elucidate a concern which might sound as another obviousness, the authors mention 

an explanation of the difficulty to properly analyze a sentence as "the horse raced past the barn 

3 The authors report an interesting debate - the lexical-head debate - around the question of whether a sentence is 
first understood by syntax or by the lexicon. 
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feir - here, verbs rarely used transitively tend to show a complex sub-categorization structure 

when transitive. They use examples of similar idiosyncrasy to show that unusual subject 

quantification can also disrupt sentence understanding. 

We found these considerations worthy of mentioning because they drive the interest of question 

asking to linguistic concerns rather than to contents. And this should push the student to 

reconstruct the sentence following linguistic reformulation (possible to process via NLP) rather 

than semantic reformulation (not possible to process), although no studies exist to our knowledge 

that support this claim. 

III. 1.1.3. Texts 

As "Usage cannot be invented, it can only be recorded" (J. Sinclair, in Binon & Verlinde, 1999) 

authentic texts should be used in the assembling of learning material for reading activities -

"authentic texts" are texts written by native speakers for native readers. Criteria for text selection 

include concerns for topic familiarity and interest (to the students), clear sequential development, 

as well as length and discourse concerns (coherent or/and well-balanced discursive quality) 

(Swaffar, 1986, 1991, in P. Raymond, 1995). The length problem is particularly crucial to our 

subject where vocabulary acquisition is linked to text comprehension, as shorter texts tend to 

promote vocabulary acquisition purposes as they favour a closer word for word reading, and 

hence facilitate the inference process from known to unknown words associated to meaning 

construction in the reading activity (Raymond 1995). A small-scale problem such as word 

understanding is better dealt with in small language contexts such as a single sentence. 

This reading activity can be accounted for by two differing approaches (Kintsch, 1982). The first 

one is a text-centered approach, in which the student is presented a text as a fixed set of words 

and sentences presenting an immutable meaning. The second one is a reader-centered approach, 

where the construction of meaning is understood as a transaction between reader and text, an 

"interaction between reader, text, classroom, teacher and context" which occurs through open 

dialogue between students and between students and teachers, according to P. Raymond 

(Raymond, 1995). Though this point of view seems nai've in the presence of scientific or pseudo-
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scientific reading material, it is certainly of great value in the perspective of reading activity as 

support to language learning, and this is generally the approach adopted in present language 

teaching strategies. 

Our subject of interest here is not directly in the field of didactic motivations for text selection, 

so we will not go further than to say that "true contexts" and a minimal familiarity on the part of 

the student with the reading material are imperative with respect to our present didactic concern. 

We will come back briefly to the textual material retained for our objective when presenting the 

system. 

III. 1.1.4. Words 

Texts exhibit a dual structure, divided between a micro-structure and a macro-structure, and that 

the link between the two levels is set at word level (Kintsch, 1983). Broadly speaking, the micro-

layer encompass a morphological level and the macro-layer a general sense level, so that sense 

comes into form gradually from propositions to sentences and from sentences to text. 

Lexicology is a field in itself, and vocabulary can be formally taught if students memorize word 

senses in the form of more or less formal definitions, created with a more or less controlled 

vocabulary - which is the field of lexicography. Under this approach, a word goes with its 

definition, a context example, and possibly in the case of SLL, its translation in the native 

language (J. Binon, S. Verlinde, 1999). 

This approach fits well automatic teaching/learning as vocabulary is to be learned as made of 

single-sense words, which permits setting of fill-in-the-blank style exercises easy to implement 

(their completion is easy to check for correctness). This kind of teaching has its advantages and 

can be very efficient for vocabulary acquisition. It presents however several drawbacks, as this 

method works well for the learning of simple words like "birthday" or "donkey", but less well 

for more complex words or signal words (or grammatical words, or function words, as opposed 

to content words as nouns, most adjectives - with the exception of non-qualifying adjectives - or 

verbs). Knowledge of the vocabulary as discrete items (for instance a word and some of it 
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synonyms) is known as passive knowledge (Laufer & Goldstein, 2004). Knowledge of how to 

use a word in context is active knowledge. 

Richards (1976), a pioneer in the teaching of vocabulary, identifies the following items in the 

knowledge of a word: frequency, register, syntax, derivation, association, semantic features and 

polysemy. Read (1988) divides the knowledge of vocabulary between depth and breadth. The 

knowledge in breadth has to do with the size of the lexicon known with at least superficial 

knowledge. Knowledge in depth has to do with how well one knows a word. Enright (2000) has 

defined ten aspects of word knowledge, which more or less cover those of Richards: frequency, 

meaning, collocability, register and functional constraints, syntactic behaviour, basic forms and 

derivational possibilities, semantic association, idiosyncratic features, homonymy, degree of 

abstractiveness. Of these ten, he identifies three factors as the most important: synonymy, 

polysemy and collocation. Two of these three factors are instances of active knowledge. 

Read and Chapelle (2001) see language proficiency as the development of communicative skills. 

Lexical skill should therefore incorporate a communicative competence in addition to the 

knowledge of words as discrete items. Plus, they see vocabulary in texts as in relation to a 

context matching the user's need. Following these authors, activation of passive knowledge can 

be obtained by asking a student either to produce or to identify a list of synonyms to a given 

word; activation of active knowledge can be motivated through asking a student to produce a 

sentence using a target word. 

As studied in the context of a text - especially authentic - vocabulary acquisition (learning 

words from context) has broader implications than new word meaning acquisition (learning 

words from their definition), as the method is inverse to that of lexicography: the latter advocates 

a method going from word to context, while the former advocates a method going from context 

to words. It forces the examination of morphology in order to search for semantic clues, it casts 

light on the lexical phenomena of false friends and cognates, as the student is driven to commit 

sense misinterpretation and errors through this phenomenon (and learn from his/her errors). It 

forces the student to look for informative clues in the textual material in order to make sense of 

unknown words. This replaces the apprenticeship of vocabulary in a cognitive perspective, which 

itself participates in a general sense acquisition strategy that is valuable both to words and text. 

Making the effort to understand a content word through context eases word and text 
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understanding while making the effort to understand signal words through context eases the 

understanding of text and discursive expression. 

In this perspective, asking questions over authentic textual material is a good teaching/learning 

strategy in the field of SLL. It partly incarnates a reader-centred approach through which the 

student's personal knowledge and understanding of the world is valuated (Giasson, 1990). 

III.1.2. Texts and Questions 

As we said, the feasibility of the project relies on the fact that students answer questions of 

limited type, over texts of restricted categories. Its justification rests on the fact that the 

pedagogy of asking questions based on real texts is thought to be beneficial for the learning 

activity (Wixson, 1983). This principle of using real-world texts is being put in practice in CALL 

in at least one project already (Metcalf, 2006). 

The typology of both questions and texts comes from the field of Education, as seen through the 

prism of psychology - that is, through the cognitive means involved in the activity of learning 

and grasping sense. Texts are categorized according to the kind of information they carry. 

Questions are categorized according to the type of information they refer to in text (identity, 

causality, etc.), or to their relation to the text's structure (number of sentences needed to answer). 

III. 1.2.1. Texts Categories 

There are two main kinds of texts: narrative and informative texts. Examples of narrative texts 

include legends, novels, fables, and so on. They tell a story made of ordered elements, according 

to a structure more or less defined (called the tale grammar). In this regard novels offer more 

freedom than, say, the Russian tale (Propp, 1928), but all do obey given rules in their structure. 

Canonical elements of a tale grammar are: Exposition, Triggering event, Complication, 

Resolution, End, Moral. Such texts are thought in theory to be easier to handle than informative 

texts (Giasson, 1990). 
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Informative texts are thought to be more difficult to understand. This is because they exhibit 

content unfamiliar to the reader, or new concepts and specific vocabulary, or syntax of higher 

complexity (Muth, 1987). Whatever the reason, informative texts follow varying structures 

depending on what is to be communicated - and knowing these structures helps the 

understanding (Richgels 1987). 

Meyer (1985) proposed a classification of informative texts as follows: 

1. Description 

Gives information on a subject, with part or all of its features and specifics. 

2. Collection 

Gives a list of elements which all share a common feature. Texts for which the common 

feature is a time span are called "sequential". 

3. Comparison 

Compares elements against each other, based on their commonalities and differences. 

4. Cause-Effect 

Presents ideas linked to each other through a relation of causality, where one idea is the cause 

(causal antecedent) and the other the effect. 

5. Problem-Solution 

Also known as "question-answer". These are very similar to Cause-effect texts, and the 

problem is antecedent to the solution. Practically, these texts start where abstract Cause-

Effect texts stop, and show information of a more practical nature. 

This has been acknowledged as the best categorization (Giasson, 1990), though the categories 

are not exclusive of each other and in practice informative texts show a mixture of these 

categories. 

The set of our 96 texts is entirely informative, showing an approximately even distribution 

between the above categories - with the exception of "collection" texts, which are included 

together with "description" texts. They have been gathered primarily to be included in DidaLect. 
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They originate from publications of general information (L 'Actualite, Le Point) or of popular 

scientific writing {Sciences Et Vie, etc.). 

They all have been evaluated against a scale of difficulty (Desrochers, 2006), computing a 

complexity score based on surface clues, such as the average complexity of sentences (through 

PoS), length, number of rare words, and the like. Words are defined as rare according to a word 

frequency list for the general language, below a given threshold (for French, see for instance 

New & Pallier, 2001). This complexity aspect has been studied in order to enhance the 

adaptability of the system: in a context of a fully implemented computer assessment system, a 

student may be oriented towards texts of greater or lesser difficulty according to their current 

performance. 

III. 1.2.2. Questions 

Science of Education also offers a comprehensive theory for the categorization of questions 

related to reference texts (Giasson, 1990). There are roughly two scales of categories. The older 

one is based on Bloom's taxonomy of cognitive process levels and has been reduced to 1/ literal 

comprehension, 2/ interpretative comprehension and 3/ critical comprehension (Bloom, 1956). 

The more recent is more objective and easy to apply; it follows the various possible relations 

between the subject of a question and the answer as available in the reference text: explicit or 

inferential. Pearson and Johnson (1978) have proposed the RQA classification (Relation-

Question-Answer). Formally, the categories are as follows: 

• Textually explicit 

Question and answer both come from the text, and the relation between the two is clearly 

indicated through surface language, such as in a cause-effect sentence where a question states 

the cause and asks for the effect. 

• Textually implicit 

Question and answer also come from the text, but the relation between the two is not 

indicated through surface language, which implies that the student draws an inference 

between several parts of the text (two to three, e.g. sentences). Accordingly, answering the 
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question could require the student to put together parts of the texts which are remote from 

each other. 

• Script implicit: 

Only the question comes from the text, and the student has to infer the answer from the text 

and their own knowledge. 

These categories find echoes in other areas of the broad field of Text Comprehension and 

Language Learning. In the TOEFL reading comprehension section, Sheehan et al. (1999) 

differentiate between MC questions that ask readers to identify the main idea of a passage, to 

directly search a specific piece of information, to disambiguate vocabulary in context, and to 

resolve anaphoric or pronominal references. Newest version of the TOEFL contains a wider 

range of item types and includes three basic comprehension, three inference, and one reading-to-

learn item types (see also Enright & al., 2000). 

In the QAR (Question-Answer-Relationship, Raphael & McKinney. 1983), a method in reading 

Comprehension advocating the creation of questions on a text by the student themselves, the 

relation to the RQA is even more direct, and the author has also identified three types of 

questions to be asked : "right-there", "think-and-search", "on my own"4. 

Automation of answer validation constrains strongly the admissible types of questions. At this 

point, we can only speculate that as long as the elements necessary to produce an answer are 

present in the text, the job can be done - therefore the first two categories of the above are 

feasible to process. Note that in our case, textually implicit questions can be produced in two 

ways: either by calling for the student to link several sentences to produce an answer, or through 

the question being reformulated compared to the segment of text on which it is based. 

III. 1.2.3. Examples 

Textually Explicit 

4 Note that QAR was designed for children in a context of FLA, which might explain the more relaxed terminology. 
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Here, the question is interesting in that it reformulates REF (the reference segment from the text) 

at the lexical level (both acidite and lacs become adjectives from Q to REF) as well as at the 

discourse level (the cause-effect answer relation is expressed lexically in Q's form, through 

pourquoi, while it is expressed pragmatically in REF, through juxtaposition of the cause and 

effect clauses). 

(2) Q: Pourquoi Vacidite des lacs de I'Outaouais s'est-elle multipliee par 10 au cours du 

XXeme siecle? 

(Why has Ottawa region's lakes acidity multiplied by 10 along the XXth century ?) 

REF: les precipitations acides agissent sur les ecosystemes lacustres depuis 75 ans, soit 

depuis I 'essor de I 'industrialisation et du transport automobile. 

(Acid rains have been influencing lake ecosystems for 75 years, that is since the surge of 

industrialization and automotive transportation) 

Textually Implicit: 

Here the question is textually implicit in that the student has to link several sentences to answer 

the question. 

(3) Q: Pourquoi les voix enfaveur de I'abolition du bilinguisme se multiplient-elles? 

(Why do voices in favour of abolishing bilinguism multiply?) 

REF: Le mot d'ordre de ses partisans: English only! [...] Autrement dit, que les 

immigrants apprennent I'anglais et s'assimilent. Du coup, les voix en faveur de 

I 'abolition de I'enseignement bilingue se multiplient. 

(the byword for its supporters : English only! [...] In other words, let the immigrants 

learn English and assimilate. In consequence, the voices in favour of abolishing 

bilinguism multiply ) 

Below, the question is textually implicit in that the question is reformulated lexically and 

pragmatically on top of bearing on two sentences. Q is a question of manner form while the 

sentences don't express manner at the discourse level, but an author's personal view in direct 

style. 
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(4) Q: Comment I 'auteur juge-t-il I 'infanticide sacrificiel? 

-> Quefaut-il etre vraimentpour sacrifier sonfils a Dieu? 

(How does the author judge sacrificial infanticide ?) 

(What must one really be to sacrifice his/her son to God ?) 

REF: Vouloir sacrifier sonfils a son dieu. Ilfaut vraiment etre primitif 

(To want to sacrifice his/her son to god. One must really be primitive.) 

As the system knows which segment(s) of text to attach to which question, the level of 

reformulation is as desired by the composer of the question. In cases where the question should 

be automatically traced to the text, in an effort towards full automation, questions should follow 

the text's form more directly. This means that the lecturer, or the person who produces the 

questions, has to do the task of connecting the two when creating a question (see section 

II.3.1.A). 

There is another feature over which to categorize questions - but as this does not really have 

implications for the possibility of automation, this aspect has not received as much attention. The 

categorization holds on the communication aim of the sentence from which question and answer 

are drawn; it covers categories close to the above for the texts themselves: cause-effect (and 

causal antecedent), problem-solution and identity. Typically, cause-effect questions follow a 

Pourquoi X? pattern, problem-solution follow a Comment X? pattern, while identity questions 

follow a Qu 'est-ce que X? pattern (after Johnson & Johnson, 1986). 

III.2. Good and Bad Answers 

III.2.1. What's in an answer? 

Answering the questions from the part of the student/trainee amounts to selecting one sentence 

(textual explicit) or a set of two to three sentences (textually implicit) and transform that material 

into a one-sentence answer. Turning the text's sentences into answers can be usually done with 
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just "pasting" the REF sentence into an answer slot, though the students are encouraged to 

reformulate REF's material. To reformulate REF can bring extraneous textual material or leave 

aside some of REF. 

III.2.1.1. Reformulation 

In March 2005, a small experiment was run with a group of Alliance Francaise FSL students -

another one was run in February 2006 with students from U of Ottawa's Second Language 

institute. In order to evaluate the results of the implemented program, one last run of experiment 

has been conducted in November 2007 with a new group of students from U of Ottawa's Second 

Language institute. The procedure is described in more details in section VI.4.1. 

In all cases, students were asked to read a text randomly picked and answer a question based on 

that text, following the Textual explicit / implicit pattern. It appeared that the groups were almost 

equally divided between those who chose not to reformulate and those who decidedly did (no 

indication to this respect was given to the students). 

Due to the simplicity of the question-answering technique (one sentence in text as an answer, at 

least for Textually Explicit questions), reformulation on the part of the students occurs as 

expected on the linguistics rather than on the content. Below are two examples showing the 

highest degree and lowest degree of reformulation - this, in terms of distance from the student's 

answer to the original REF answer sentence. Differences can occur due to syntactic change, or 

semantic change where the reformulation tends to reduce a sentence's clause to its main idea 

only - REF stands for Reference sentence, Q for question and S for student answer. Difference 

can also be due to the presence of error, even when directly pasting the answer. 

III.2.1.1.1 Reformulation in a 3-sentence TI question 

(5) REF: Le nez est un organe tres specifique chez I'homme, et il nous inspire pas mal de 

mefiance. Ytoucher dans le cadre d'une rhinoplastie, c'est s'attaquer au centre du visage 
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et a I'un des fondements de I'identite. Bien souvent, ce type de demande masque des 

problemes psychologiques graves, de I'ordre de la schizophrenic 

(The nose is a very specific organ in men, and it arouses suspicion. To touch it through 

rhinoplasty is to tackle the middle of the face and one of the foundations of identity. Very 

often, this kind of demand conceals serious psychological problems, in the order of 

schizophrenia.) 

Q: Pourquoi une demande de rhinoplastie masque-t-elle des problemes psychologiques 

graves? 

(Why does a demand for rhinoplasty conceal serious psychological problems ?) 

S: Le nez est au centre du visage et il est tres lie avec I'identite. 

(The nose is in the middle of the face and it is strongly linked to identity) 

This is a good answer, though lie a I'identite is more correct than lie avec I'identite. Here the 

student made the effort to synthesize in order to produce an answer. As close as it appears to 

REF, this sentence represents the highest degree of admissible reformulation shown in the 

experiments (although we did admit as good answers sentences showing still higher degrees of 

reformulations, such as full abstractions - but these slightly violates the rules of the exercise). 

III.2.1.1.2. No reformulation in a one-sentence Textually Explicit question 

(6) REF: les precipitations acides agissent sur les ecosystemes lacustres depuis 75 ans, soit 

depuis I 'essor de I 'industrialisation et du transport automobile. 

(acid rains have been acting on the ecosystems since 75 years, that is since the surge of 

industrialization and automobile transportation) 

Q: Pourquoi I'acidite des lacs de I'Outaouais s'est-elle multipliee par 10 au cows du 

XXeme siecle? 

(Why has the acidity of the Ottawa region multiplied by 10 in the course of the XXth 

century) 
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S: a cause de lessor de Vindustrialisation et du transport automobile. 

(Since the surge of industrialization and automobile transportation) 

The student has simply pasted the answer directly from the text, and used a prepositional anchor 

to link the form of the question to the answer. Here, the distance between S and REF is zero and 

content correspondence is fine. 

These two examples are just meant to show what an answer can be, as well as to exemplify the 

idea of reformulation - which can be acceptable, as in Example 5, or necessary, as in Example 6. 

Reformulating sense is usually optional, but reformulating some grammar can be compulsory as 

Ss are evaluated against REFs in terms of sense, but possibly against Q in terms of form. 

III.2.1.2. Extraneous or missing material 

Whether sense is reformulated or not, answering a question can introduce extraneous or missing 

material. For instance, answering Example 6 question by a cause de I 'industrialisation involves 

no reformulation in sense, but still shows missing material. Conversely, reformulating in S the 

sense of REF can bring on extraneous material, as in the following (errors in S are left 

untouched). 

(7) REF: [...] et d'un chaperon qu 'il lui met pour eviter les distractions de son ceil defaucon 

pendant le transport jusqu 'au lieu de «travail». 

([...] and with a hood he puts on the animal to spare him the distractions of his hawk eye 

during transportation to the work "place") 

Q: A quoi serf un chaperon? 

(what's the use of a hood ?) 

S: Eviter les distractions de son oeil de faucon pendant le transport, done sa aide avec 

les distractions. 

(To spare the animal the distractions of his hawk eye during transportation, so its help 

with distractions) 
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Here, the clause done sa aide avec les distractions is extraneous to REF. Most of the words in 

this clause are grammatical words and can be processed through lists from the lexical resources, 

with the exception of distractions and of aide. Aide is unknown to the system as it appears 

nowhere in REF: the system has no means to decide whether aide is an appropriate word for an 

answer in this context. 

Note, first, that extraneous material's importance to the meaning of the sentence is harder to 

analyze than missing material, and that whether missing or extraneous, this material can have 

varying syntactic relationships to the core of the sentence (what appears in REF). As we have 

little possibility to grasp its sense through automated processing, this kind of material is to be 

evaluated with respect to syntax only, verifying how is the material linked to the core of the 

sentence. 

This means that sense is left without evaluation, and that extraneous material can only be 

processed for evaluation of grammar. 

III.2.1.2.1. Extraneous material 

a. Syntax 

The syntax of extraneous material is to be evaluated in itself and with respect to the rest of the 

sentence. 

i. Relationship 

The extraneous material can be included syntactically in the core of the sentence, which 

means that removing it would make the sentence ungrammatical, or it can appear as 

sentential complement, or even just verbal complement, and removing it would leave the 

sentence grammatically correct, as it is the case in the above example. 

ii. Constituency 

Supplements can be themselves grammatically correct or not. This aspect is more important 

in cases where the supplement is not mandatory to the sentence's grammatical correctness, 

and where it appears as a sentence/verbal complement. When supplements are adjuncts to 
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constituents present in REF, evaluating their grammatical correctness amounts to evaluating 

that of the constituent to which they are bound, which is an instance of REF, even when 

reformulated - as extraneous material and reformulation are two different things. 

For instance, in Example 7, the extraneous clause is grammatically incorrect, and this is 

graspable through automatic analysis: if aide is a noun, then the possessive pronoun is 

incorrect in gender, and a noun cannot receive a noun complement beginning with 

preposition avec introducing a determined NP; and if it is a verb, the student selected the 

wrong subject through an error of homonymy, and aider is not to receive a verb complement 

beginning with preposition avec. The information necessary to draw these conclusions 

automatically is part of our resources5, but these resources are very unexploitable due to the 

possible optional nature of prepositional phrases (a verb, noun or adjective's preposition 

subcategorization restrictions are only valid for compulsory complements). 

In any circumstance, extraneous material calls for heavy processing as the system has no 

reference with which to draw comparison. This has the advantage of actually assessing the 

supplement's linguistic structure, and teaching the student proper grammar usage. In this 

perspective, apart from "bad faith" answers, the student has enough good sense to feel whether 

the supplement is in accordance with the rest in terms of sense. Recall that this is supposed to 

help formative, not summative assessment. 

b. Lexicon 

The vocabulary used in supplements cannot be evaluated with respect to sense, but it can still be 

evaluated against given broad semantic categories: attribution and state. These categories are 

often used discursively in utterances. Attribution can be formulated through verbs or 

prepositions. Verbs are content words and prepositions are function words - although the 

distinction is not so clear, as rich prepositions are often seen as semi-content words. Therefore, 

verbs or nouns can be used to reformulate prepositional phrases, without implicating adjunction 

of semantics in the sentence. The same is quite true for the state semantic relation, which can be 

used to enrich the form of a sentence without really modifying its sense. 

5 This kind of information can be accessed through XIP lexicon file or through Memodata synonymy bank. 
Precisely, here, aider could only receive an avec verb complement if it were a manner circumstancial. Manner 
complements reject determined nouns: avec grace, avec bonne humeur, etc. 



59 

So, we have planned to model the forms of attribution and state so as to enable the recognition of 

lexical supplements that do not really change the meaning, or semantic scope, of a sentence, but 

rather, reformulate or enrich phrases carrying meanings otherwise equivalent to the reference. 

But the processing of such lexical reformulations is superficial, so we have not planned to go 

beyond treatment of state and attribution. 

For now, this is as far as we plan to go on the question of extraneous material. In conclusion, and 

to replace the above in a more general perspective, the procedure of assessing extraneous 

material works on assessment of syntax, or on the recognition of superficial lexical state and 

attribute reformulations. 

III.2.1.2.2. Missing material 

Processing missing material is simpler. The student has the freedom to reduce REF to a 

minimum. Therefore, in terms of sense, as long as an answer exhibits the nucleus of REF, the 

answer is considered correct. The nucleus corresponds to the syntactic nucleus of REF6, with 

respect to what has already been expressed of the nucleus in the question. In this respect, there is 

no need to distinguish lexicon from syntax when dealing with missing material. In the context of 

a triangular relation between REF, Q and S, a S nucleus is composed of a noun at the least, and 

of a VP + NP structure at the most, depending on what has already been expressed in the 

question. A nucleus, like a verb in a simple sentence, can be modified, through noun, verb or 

sentence complements, or a nucleus can be coordinated, with another part of the sentence which 

then constitutes another nucleus within a complex sentence. Anything that is a modifier can be 

discarded, while anything that is a coordinate to the nucleus has to appear in S. 

Back to Example 6, the answer a cause de 1'essor de I'industrialisation et du transport 

automobile is maximal, a cause de I 'industrialisation et du transport is minimal, and a cause de 

I 'industrialisation is insufficient, even though acceptable. 

6 The nucleus of a sentence is formally its syntactical head, and is detected in XIP's analysis as the top-most lexical 
head or clause in the dependency analysis. 
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III.2.2. What's in an error? 

This question has already been loosely defined when studying the examples. But this should be 

carefully stated, and categorized, as the error types determine the structure and content of the 

feedback. The two following parts deal with the form and nature of errors. This part is concerned 

with form of errors in the context of this project: how they show on surface; the next part 

discusses the nature of language errors to be expected based on a typology of English native FSL 

students. 

There are two general categories of errors: content and form (or content and style, in the 

literature). There is a distinction between form with respect to language and form with respect to 

the question's formulation. All these are examined in turn. 

III.2.2.1. Content 

As we said, an answer can be insufficient, minimal, maximal or partial. What is coming on top of 

that falls beyond the deterministic analysis of content, as the system simply cannot do it. 

Therefore an answer can show erroneous content in two ways: as incomplete or as wrong. To be 

judged incomplete, an answer must lack at least one of REF's nuclear elements. An answer can 

be judged wrong in two ways, according to observations: 

A. the answer is drawn outside REF's boundaries, using a segment of the text that simply 

does not answer the question. Whether the student has been fooled by surface indices or 

simply answered randomly is interesting to know, but there is no plan for now to develop 

this. 

B. the answer has been selected in REF, but as either wrongly put in correspondence with 

the question or as building on a misunderstanding of the question. The two causes are 

hardly distinguishable, but they are nevertheless two distinct causes of error. Here is an 

example to make things clear: 

(8) REF: la presence de sang et de proteines dans les feces humaines est un indice de 

nombreuses maladies, par exemple des saignements associes a un ulcere. 
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(the presence of blood and proteins in human faeces is an evidence of numerous diseases, 

for instance bleeding associated with an ulcer) 

Q: Qu'indique la presence de sang et de proteine dans les feces humaines? 

(What does indicate the presence of blood and proteins in human faeces ?) 

S: Des traces de myoglobine humaine dans un coprolithe indiquent la presence de sang et 

de proteines dans les feces humaines. 

(Traces of human myoglobin in a coprolyth indicate the presence of blood and proteins in 

human faeces) 

Here, REF refers to the portion of the text that constitutes the reference answer, Q refers to the 

question and S to the student candidate answer. These abbreviations will be used from now on. 

III.2.2.2. Form 

An answer that is wrong in form can be so in three ways: lexically, syntactically and with respect 

to question formulation. Of course, the three can overlap, specially as a lexical error can result in 

bad syntactic structure. Errors that put an answer in correspondence with question formulation 

represent the lowest degree of error, and do not produce syntactic errors. It is a special case of 

lexical error, contextual. 

The seriousness of the errors follows the informal rule: 

Questionlexical < Lexical < Syntactic. 

III.2.2.2.1. Errors with respect to question formulation 

Producing an answer while following the question's formulation can imply a slight modification 

of REF's answer segment, depending on the lexical form of the question, as seen in Example 6. 

More or less, each question can play on this slight manipulation, and can be formulated in order 

to call or not to call for modifying REF's answer segment. The interest of the variations (of 

question formulations) is to use as many interrogative adverbs and pronouns as possible, whose 
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mastering in French can be difficult. Particularly, average-level students find it a challenge to 

deal with the interrogative pronouns lequel, duquel, quel, etc. Questions formulated accordingly 

can always be replaced acceptably by similar questions beginning in que/qui or qu'est-ce-

que/qu 'est-ce qui. 

III.2.2.2.2. Lexical errors 

Lexical errors can occur in many ways - the above being a special case. Sometimes they 

interfere with proper lexical analysis, or not. Lexical errors can all be placed in the three 

categories shown below, which are not to be confused with the categorization of English native 

FSL student's language errors presented in section IV. 1. Here, errors are categorized as they 

appear, while in section IV. 1, they are categorized as they are. 

• Right word, wrong PoS: 

E.g. Le cardio-vasculaire d'un rat [...] (a rat's cardio-vascular [...]) 

Student made the error of directly translating from English to French: in French cardio-

vasculaire can only be an adjective. This has no negative effect on parsing, as XIP considers 

the word under its actual PoS during tagging, but treats it as a NP item during parsing: an 

example of XIP's robust parsing. 

Example: un systeme cardio-vasculaire tressemblant que celui [...] 

(a cardio-vascular system very similing that [...]) 

The same kind of error, but doubled, and having negative impact on parsing. 

Typically, this kind of error has no effect on parsing provided the error does not occur on a 

grammatical word. These errors are easy to detect. 

• Wrong word, good PoS: 

Example: c 'est le temps dans la pratique medicale [...] 

(it is the time in the medical practice) 
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The student made the effort to reformulate, but replaced periode by temps, which is incorrect. 

No impact on parsing, but difficult to detect. Some function word errors, such as preposition 

errors fall within this category. 

• Wrong word, wrong PoS: 

Example: Un retour leur hermaphrodisme. (A return their hermaphroditism.) 

In such cases, it is as impossible for the machine as for a lecturer to understand what the 

student has been trying to say. The parse is done, but meaningless, as it barely goes past PoS 

tagging - in such an example the only parsing will consist in binding the nouns to their 

determiners. Spelling mistakes are a special case of this category, as a wrongly spelled word 

appears as non-existent. 

III.2.2.2.3. Syntactic errors 

There are four superficial forms of syntactic errors: 1/ error due to a lexical error, 2/ error due to 

reproducing an English structure, 3/ error due to wrong word order, and 4/ error due to one or 

more missing or additional word. 

The syntactic errors can result in halted parsing. Detecting the errors is easy when parsing is 

halted, but more of a problem when parsing goes on. Thankfully, the more serious the error, the 

greater the chances of it to halt parsing. So, eventually, when parsing has not been halted, the 

errors should be detected by heuristics based on grammar rules evaluated through the words' 

grammatical features. 

Another source of error comes from lack of agreement, whether subject/verb, determiner/noun, 

or noun/adjective error. Although these have no negative impact on parsing, it is not very clear 

whether these errors originate from syntax or lexicon - but this is of little importance. Besides, 

these are the easiest errors to detect automatically. 
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Chapter IV. Free-Text Answering and NLP 

In chapter II, we have seen the relation of this project to the domains of Information Technology 

as CALL and CAA, and in chapter III, its relation to didactics and linguistics. The relation of this 

project to Computational Linguistics or Natural Language Processing is presented in this chapter. 

It is preceded by a section on language errors and Error-Analysis. EA is an instance of corpus 

linguistics, and although it is of primary interest to teachers, it is necessary to any attempt at 

designing automatic procedures to correct language errors, as in a CALL context, and it requires 

means of NLP, mainly parsing, to be exploited. This is the reason of this section in this chapter. 

This chapter does not present solutions, but rather, the problems encountered in this work as seen 

from the side of NLP - even when the link is indirect, as it is the case for EA and language error 

correction. A description of the solutions used for this work is presented in the next chapter. 

Eventually, a case is made for a syntactical approach to the problem of free-text assessment in 

the context of CALL in the last section. 

IV. 1. Student's Language Errors 

In such a task as assessing automatically student's free-text input, it is mandatory to know in 

advance the kind of language errors to expect. Teachers and lecturers, or so we found by 

experience, tend not to classify the errors they find in given error categories, or very loosely. 

Rather, the errors are corrected one-by-one, and the weight of categorized errors in the overall 

marking of a drill or essay is subject to 1/ the total amount of errors, 2/ their variety, and 3/ the 
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general quality of the drill or essay. A good student will always pay more for a error which is one 

error among good answers/material (in a given category) than a poor student who constantly 

repeats the same error pattern. This is true to such an extent that a good student will be judged on 

all the errors she committed, while a poor student would be judged more on a loose general ratio 

of errors with respect to good material. Typically, in a poor student's essay or drill, lots of errors 

remain uncorrected, as the teacher gets tired of correcting them. In this respect, error categories 

are of variable importance, which may explain why the teachers make little use of such formal 

categories of error other than informally. 

Hence our system is formative rather than summative: to train rather than to mark - marks are 

too sensitive a problem to treat it as deterministic only. The activity of marking is too much an 

instance of compromise politics to be left to a computer, at least for the present time. 

But on the other hand, due to focus, speed and variable-geometry physical space7, a computer is 

a proper medium to perform formative assessment - perhaps better than a teacher, who can 

hardly split the time unequally between students (a stereotype is that of the teacher cursing a 

student who causes him/her to spend more time on this student's sheet than on others due to 

overload of errors - resulting in even poorer evaluation). Plus, a computer has no problem with 

being repetitive. A computer would be naturally driven to spend more energy on bad students 

than on nerds - that is, to the ones who need it the most. 

Summative and formative assessments tend to overlap, in practice. A good example of this trend 

is the possibility for a lecturer or teacher to obtain individual students' reports on formative 

computerized activities. Having well-defined categories therefore also enables both trainee and 

trainer to observe a topical approach to progress, based on given categories of linguistic 

problems. 

Using automation requires examining errors under strict categorization, were it only in order to 

provide the machine with proper depiction of the errors, to be able to actually catch them, and 

store them. In a human perspective, the interest is to lay ground for complete, formal and 

detailed assessment, such as a teacher could not provide, without sending the student to reference 

manuals. Here, the computer can act as both the teacher, or evaluator, and the reference manual. 

7 Here we mean that a computer can naturally allocate more time to process some student's answer, when correcting 
it. The speed of a computer enables vast discrepancies in per-student time allocation without them noticing. 
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But there is a major drawback: that not all categories of error are suited to formalization or lend 

themselves to automatic detection. 

IV.1.1. Error Analysis 

Error Analysis (or EA - see Heift & Schulze, 2007, for an overview) consists in categorizing 

errors, and it has little to do with computation. Studies in EA concentrate on the study of errors 

with respect to language learning; therefore it is often understood as categorizing errors, as made 

by learners 1/ of a target language, and 2/ coming from a given linguistic background. Errors as 

thought of by EA are conceived in an inter-linguistic perspective. We can see from the 

categorization in next section that some types of errors are indeed motivated by the fact that 

learners are Anglophones. However, a problem with EA is that it only records acknowledged 

types of errors, falling under known categories (for instance agreement errors). So, EA can fail to 

categorize some kinds of errors - or errors can lend themselves to categorization only 

ambiguously. 

But error classifications are used in CALL, and in Language Acquisition in general. S. Granger 

(2003) has used a set of error categories to annotate the FRIDA corpus (French Interlanguage 

Database). This fine-grained categorization contains nine error domains subdivided into 

categories. The domains comprehend Form, Morphology, Grammar (for instance agreement or 

voice errors), Lexical, Syntactic (for instance word order errors), Register, Style, Punctuation 

and Typo errors. The purpose of the annotated corpus is to produce a typology of frequent errors 

to tune an error-diagnosis system based on a parser within the FreeText project, as the corpus is 

too small to train a true classifier. D. Kies (2007) has produced another typology of frequent 

errors in order to test grammar checkers, such as programs embedded in the most popular text 

editors (Word, Wordperfect, etc.). This typology contains only the 20 most frequent errors, as 

made by learners of English-as-a-Second-Language (ESL). D. Anctil (2005) has produced a 

similar typology, but exclusively to address lexical errors. 

In spite of the resources cited above, we have chosen to create our own error classification. The 

absence of any consensus on the question of EA is the main reason for that. Heift and Schulze 

(2007) also identify a lack of common ground in this domain. They blame equally the lack of 
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coverage and homogeneity in the corpora used to record errors, and the problem of classification 

characteristics. We use this judgment to advocate a personal approach to the problem. 

Particularly, the fact that the corpus used for the error classification below comes from the same 

environment as our test set of answers seemed relevant (intermediate-advanced students from 

University of Ottawa's Institute of Second Languages) in the absence of consensus. This also 

had the advantage of confronting us repeatedly with erroneous material, and therefore helping 

the design of solutions. 

However, a much larger study is required to pass definitive judgment on this type of error 

correction - probably a study lager than any existing - and this study does not claim to establish 

a standard. Ultimately, in the rise of interest for error detection and correction for CALL, a 

comparison of the various classifications existing to-date should be a necessity. 

IV.1.2. Error Categories 

To establish categories, an ensemble of student's session's test material has been gathered by this 

researcher. It is composed of about thirty individual students' booklets containing each all of 

what a student has been producing in terms of drills and essays over a full session (3 to 4 

months) - so-called "journals". The level of the students is intermediate-advanced, 

corresponding to the target population of the system. Errors have been extracted from the 

booklets, and categorized. It is expected that the range of error categories gathered this way 

should be larger than in one-sentence answers to questions-over-text, as, in essays, students 

express to full capacity (or incapacity) their linguistic skills. Therefore, the categories established 

through this means are more indicative than anything else, and we feel free to manipulate them 

in the actual implementation of the system. They represent however the full scope of what is to 

be tracked dynamically, as far as possible. 

Two kinds of errors are not accounted for in this study: word order errors and homophony errors. 

There are two reasons for that. The first is that these have shown insignificantly in the learners' 

corpus, at least in what concerns main constituents order: subject, verb and complements. The 

ambiguity of word order inside phrases is another reason. For instance, in French, adjectives and 

adverbs can appear before or after nouns and verbs respectively, depending on the adjective or 
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adverb itself- most can appear equally well before or after. For instance, un enorme probleme or 

un probleme enorme are equal, while un petit homme or un homme petit are very different. The 

same is true for adverbs to a lesser extent: most should appear after the verb, but there are lots of 

semantically motivated exceptions, depending on the sense of the sentences or on the semantics 

of the adverb itself. We have therefore chosen to leave this problem aside for now, in the absence 

of a lexical knowledge base, or model, describing the behaviour of such words. Errors in word 

order happening at the level of constituency produce either ambiguity (such as in the 

assertion/question subject-verb inversion), or a break in the syntactic analysis, which will then 

appear as a syntactic error. Errors of homophony are quite common in FSL - FreeText error 

detection module is good at detecting them. To detect or correct errors of homophony, one needs 

a dictionary with a repertory of homophonic form. Homophonic errors are detected as a syntactic 

error in the parsing, as homophones have different PoS. The correct form is sent as feedback to 

the user when she commits an error by way of PoS replacement. We do not have such a 

dictionary, and this has been left aside for the moment. 

Finally, some types of errors are not accounted for due to the difficulty to place them in a 

grammatical category. Such is the case with adjuncts - to incorrectly add a word in the sentence. 

In such a case, the category of the error depends on the word's P-o-S. Consider the example: 

Elle ga I 'interesse 

(She it interests her) 

The student has put in two subjects, and there is an ambiguity in the feminine personal pronoun 

elle, which could be topicalized should it be separated from the rest of the sentence by a comma. 

This can yield severe errors and should produce breaks in the analysis. It is therefore treated as a 

high-level error and participates in the complexity of the kind. Again, high-level errors are 

difficult to name with a grammatical category and should therefore constitute a research subject. 

There are all-in-all 12 error categories, which are summed up below. The format is error -> 

correction. Then, the NLP heading introduces a note on how the problem could be addressed in 

the context of automation. The fragments are not translated as they are erroneous. 

1. Preposition errors in front of noun or verbs 



70 

Due to the polysemy of prepositions in general, and kinship of English to French, students 

are driven to errors when using prepositions to introduce nouns such as names of locations, 

or verb complements. 

(a) en Ottawa -> a Ottawa 

(b) ceci est facile de comprendre -> ceci est facile a comprendre 

NLP: This is a serious problem in error diagnosis - only to be addressed by corpus-based 

methods, at least (see Hermet and al. 2008). 

Calls for a systematic procedure. 

2. Confusion over tense and forms of verbs. 

Given genres of discourse call for given verb tenses and forms - this commands, for instance, 

the usage of simple past in French as dated, or very specific. This also governs tense 

concordance. 

(a) mon ecole s 'est appelee [...]-$ mon ecole s'appelle [...] 

(b) il y a fait des achats et die I 'ai reconnu -> ... et elle l'a reconnu 

NLP: The pragmatic aspect of the problem is not really solvable (case a), but the tense 

concordance is (case b). However, in case b, the first verb must be retained as the reference, 

which induces a bias. 

Calls for a systematic procedure, or else the parser should be modified to signal an error. 

3. Errors in verb agreement 

There are roughly four kinds of such errors: 

• a/ picking up the wrong agreement with subject 

• b/ taking one verb form8 for another (like between 2nd and 3rd group) 

• c/ tendency to generalize conjugation over one verb person, typically, that of 

singular 3rd, or using the infinitive as past participle to skip the trouble of putting 

it in agreement with auxiliaries. 

8 In French, verbs are separated in 3 groups according to their morpho-syntactic behaviour: 1st group for verbs 
ending in -er, 2n group for verbs in —ir and 3r group for other verbs. 
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• d/ wrong agreement between auxiliaries and past participle, especially with avoir 

NLP: Correcting case errors is straightforward - note that case c is an instance of case a, 

except for the infinitive / past participle generalization problem. Case b is actually a spell-

checking problem, as conjugating a verb over forms that do not exist results in an unknown 

word. Case d is also straightforward, although slightly more complicated than case a, as 

possibilities of anteposed object complements have to be examined. 

Calls for a systematic procedure, or else the parser should be modified to signal an error. 

4. Low-level syntactic errors 

These are syntactic errors which do not affect the overall syntactic well-formedness of a 

sentence. 

(a) n 'oublier pas -> ne pas oublier. 

(b) qui veut s 'enprofiter des autres -> qui veut profiter des autres. 

NLP: These can be addressed by heuristics, but correcting all such possible errors would 

require a complete error grammar, which we do not have - so the solution can only be 

partial. 

See 5. 

5. High-level syntactic errors 

The errors are affecting the sentence well-formedness 

(a) quand elle c 'etait necessaire -> quand c'etait necessaire 

NLP: The same as 4, but in the absence of an error grammar, it should be treated as a parsing 

problem based on the detection of breaks in the analysis. To some extent, this is also true for 

some cases of 4, as in practice cases 4 and 5 can amount to the same. Actually, cases 4 and 5 

show errors of similar kind, but ranging on a scale of increasing seriousness. 

The errors should trigger a break in the analysis, therefore the procedure is restricted to an 

error alarm. 

6. Anglicism - clause 
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The student pastes an English form over French, resulting in a French sentence with English 

syntax. 

(a) Ma mere et ma grand-mere les deux [...] -> My mother and my grand-mother 

both[...] 

NLP: These can be addressed by corpus-based methods, or error grammars (which 

eventually amounts to the same as error grammars should be based on corpora) - only, the 

corpus or grammar should be large. So, this is perhaps a research problem in the domain of 

FSL. 

The errors could trigger a break in the analysis, and the procedure is restricted to an error 

alarm. If the error does not disturb the syntax, then a systematic procedure is needed. 

7. Anglicism - lexicon 

The same, but only at word level. 

(a) une sallefoncee -> A dark room 

NLP: The same as 6, but the problem here is simpler - with the proviso of an included 

annotated corpus. 

Calls for a systematic procedure. 

8. Generalization of a lexeme over one of its PoS 

The student always uses the same lemma PoS realization to make use of some lexeme, for 

lack of knowing the appropriate form, regardless of the syntactic context. 

(a) elles etaient la Belgique -> elles etaient beiges 

(b) nous sommes demenagement -> nous avons demenage 

NLP: This might cause ambiguity, if the mistaken word form is also subcategorized by its 

governor (as in the two examples). Then, the sentence would look correct. Otherwise, the 

error should cause a syntactic error. In all circumstances, some correcting procedure could be 

provided, based on derivates. But here, the error could only be detected with respect to a 

reference - as in itself the segment could look correct. 
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The errors should trigger a break in the analysis, therefore the procedure is restricted to an 

error alarm, or else it is undetectable. 

9. Lexico-grammatical errors 

The student makes wrong use of a word due to lack of knowledge of its behaviour with 

respect to grammar. 

(a) mes erreurs etaient toujours les mimes problemes -> mes erreurs etaient 

toujours les memes. 

(b) All-time classic: de le -> du. 

NLP: This can be addressed by heuristics, or error grammars, but this is all error dependent, 

as some errors are easy to detect (case b), or impossible (case a). 

Calls for a systematic procedure. 

10. Lexical errors 

Student does not know a word and uses another one, or confuses homonyms, 

(a) sije recevais I 'emploi -> si j 'obtenais l'emploi. 

NLP: Corpus-based only. And yet the error could also cause ambiguity. 

Calls for a systematic procedure. 

11. Pragmatics 

Pragmatics errors, of word usage, or of clause form - difficult to automate but nevertheless 

very real. 

(a) c 'est tres important aussi que [...] -> il est egalement important que [...] 

NLP: This could be addressed by heuristics or corpus-based methods - and here, ambiguity 

should be less of a concern, as the particularity of these errors is that the form is correct but 

the probability of occurrence is very low, and only possible if the corpus contains improper 

language. 

Calls for a systematic procedure. 

12. Agreement errors 
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Very common errors of confounding a gender for another, or of missing number agreement. 

Note that these errors are presented independently of verbal agreement errors. We believe 

verbal agreement errors belong to the category of conjugation errors, which is conceptually 

different. Conjugation errors are agreement errors, but the reverse is not true. Henceforth, 

both classes of errors will be presented as agreement errors - and in fact, the solution to 

detect them remains the same. 

(a) quelque chose d'effrayante -^ quelque chose d'effrayant 

NLP: Straightforward. 

Calls for a systematic procedure, or else the parser should be modified to signal an error. 

Eventually, language-specific errors are common in Second-Language-Learning. By this term, 

we refer to errors committed by applying forms of a native language to a second language. 

Anglicisms above are an example of this kind of errors in FSL. These errors can fit in a strictly 

linguistic category, as they usually translate into the violation of a syntactic form in the second 

language. But the means to correct these errors are first-language dependent, and should 

motivate specific research. 

IV.2. Semantic Similarity 

This project of assessing free-text answers to questions using unique textual references falls into 

the domain of Semantic Similarity. Semantic Similarity focuses on finding computational 

techniques to assess the similarity of texts fragments. We can roughly distinguish two 

approaches to solve this problem: purely statistical on the one hand and corpus-based or 

Knowledge-Based methods on the other. 

Texts, or fragments of texts that can be compared by lexical set difference, are an illustration of 

the first method. On the other hand, words can only be compared using corpus-based or 

knowledge-based methods to judge of their degree of similarity with other words. 
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Semantic Similarity is currently used in Automatic Summarization, Question Answering, 

Information Retrieval and Entailment. Besides, it is used as well in the field of CAA, although 

not all CAA systems refer to semantic similarity as a parent field of research (they actually rarely 

do: Burstein and al., 2003 and Landauer and al., 2003, refer to - the others do not). Some 

projects in CAA come from semantic similarity (Landauer and al., 2003), while at least one 

project from Intelligent Tutoring makes its way into semantic similarity, in the field of 

Entailment (Rus and al., 2005). 

Here, the review deals with English as very little has been done outside English, or otherwise the 

techniques are extended to other languages following what has been done for English. 

IV.2.1. Words 

IV.2.1.1. Semantic Similarity 

The notion of semantic similarity of words is very restrictive and amounts to detecting or 

acquiring links of synonymy, or to links of hypernymy/hyponymy between candidate terms. Or 

at least it should, as we will see. In NLP, this field of research has concentrated around the 

means necessary to process such formal semantic knowledge resources as WordNet (Miller, 

1995), or domain-specific thesauri such as the Medical Subject Heading thesaurus (Schulman, 

2000). Ontology analysis and modelling is also a domain related to semantic similarity, although 

the two are not explicitly associated. The aim of this field is nevertheless to build resources of 

formal description of a domain's lexicon. A detailed review of ontologies won't be given here as 

this is a vast subject (see for instance Sowa, 2009, for an overview of the concept). However, 

Ontology modelling only pushes further the techniques employed in Semantic Similarity (see for 

instance the relation between Milne and al., 2006 and Gabrilovitch & Markovitch, 2007, both 

using Wikipedia as a knowledge reference: the first to acquire ontological relations between 

concepts, the second to put semantic tags on concepts). 

On the side of theoretic semantics, the NLP approach to semantic similarity has attached the 

notion of lexical-semantic similarity to unequal relations, as synonymy and 

hypernymy/hyponymy - synonymy shows strict similarity, while hypernymy/hyponymy shows 
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only partial similarity. Therefore, the research has also shifted to investigating the field of 

Semantic Relatedness, which takes interest in the closeness of terms rather than in their strict 

similarity. Now, this notion of semantic relatedness has subsumed to a large extent that of 

semantic similarity, so that they are largely confused in the literature. Morris (2004), brings a 

lexicological point of view on the question, and distinguishes between classical and non-classical 

lexical relations. Classical relations refer to synonymy, hyper/hyponymy, meronymy and 

holonymy, as well as antonymy by extension. This distinction is confused in NLP applications 

through the notion of semantic relatedness. 

IV.2.1.2. Semantic Relatedness 

Semantic Relatedness is more complex than semantic similarity. In SR, the terms are evaluated 

along a quantitative rather than qualitative line, and the relations between words are not named 

following a semantic terminology, as it is the case in semantic similarity with synonymy or 

hypernymy/hyponymy - although some formal semantics relations as holonymy and meronymy 

encompass aspects of semantic relatedness - hence, the notion of semantic distance (Budanitsky 

& Hirst, 2006, for a mention on the difference between similarity and relatedness). In a review of 

an article presenting a LSA-driven study of the impact of measures of word co-occurrence on the 

quality of similarity (Lemaire & Denhiere, 2006), Turney implicitly highlights the difference 

between relatedness and similarity in the expression of quantity, and by consequence the greater 

suitability of statistics to assess the first (Turney, 2007). 

SR makes heavy use of corpus-based methods, although methods relying on paths lengths and 

patterns have been used to detect relatedness using such knowledge-bases as WordNet; 

interestingly, in the same line, WordNet has also been used as a corpus through the glosses 

associated with the words (see Pedersen and al., 2004, or again Budanitsky & Hirst, 2006, for an 

overview on computing relatedness with WordNet). In corpus-based methods, candidates are 

semantically associated in a term/document matrix based on their tf.idf values (Sparck Jones, 

1972) within a set of documents - a threshold on this tf.idf value yields a set of terms related to 

the candidate. This value highlights the tendency of candidates to appear together within textual 

frames of selected topics - common words are well spread across documents while specific 

terms are local to given topics: comparing their value within one document over the set enables 
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to establish association. Turney has tested the use of pointwise-mutual-information (PMI) to 

compute similarity between two words queries using the web as a corpus, but this has explictly 

been cast as to assess similarity (Turney, 2001). 

The scientific value of this association as a valid semantic relation depends in turn on the 

referential value of the corpus. Here, the quality of a corpus depends on its size or/and on its 

content. 

Semantically generic corpora are used, where the quality of the associations comes from the size 

of the corpus as well as from the sampling of contained documents. The British National Corpus 

is an example of such a corpus (Ref British National Corpus). It contains 100 million words to 

match the quantity criterion, and the words come from samples of a maximum of 45000 words to 

ensure variety of topics and genres, matching the quality criterion. Corpora can however be more 

restricted in their content scope, as well as form. For instance, Bodenreider and his colleagues 

have used the Medline resource to build a 3 million noun-phrases corpus in the domain of 

medicine, to serve in a thesaurus modelling project (Bodenreider and al., 2002). An example of 

the corpus-based approach in semantic similarity applications is presented in the next section 

(Mihalcea & al., 2006). A new approach relies on Wikipedia as a knowledge backbone - a 

promising approach, as Wikipedia offers both the size and the reference of contents 

(Gabrilovitch & Markovitch, 2007, or Strube &Ponzetto, 2006). The similar or related nature of 

the association between two words is only a function of the threshold techniques employed to 

decide of their association. Explicit Semantic Analysis (Gabrilovitch & Markovitch, 2007) draws 

relatedness between words based on the occurrence of high tf/idf valued words in given articles. 

Then, the words are stored into a database as vectors of weighted concepts - the concepts 

correspond to the titles of the articles. 

IV.2.2. Texts 

To compare texts, or documents, according to Semantic Similarity amounts to comparing their 

lexical content, i.e. their words as a set. However, the lexical complexity of texts permits a 

purely statistical comparison of their contents, making the use of a reference corpus or a 
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Knowledge-base superfluous. Two or more texts can be compared through the overlap of their 

content's words (Graesser and al., 2004), as well as through the cohesion of common words - the 

fact that words common to both texts appear in both texts close to each other. Latent Semantic 

Analysis (Landauer and Dumais, 1998) is a technique commonly employed for that matter, as 

mentioned in section II.2.1.1. 

Using statistical techniques to achieve text similarity computation has been investigated to the 

point of practicality - this is for instance the way in which news articles are associated in such 

programmes as Google News. Google News works on Storyrank, a graph representation of news 

articles' contents based on PageRank (Brin & Page, 1998). Pushing the technique to finer 

granularity calls for the inclusion of lexico-semantic relatedness methods, which is the current 

way of research now. In practice, adding the power of a knowledge base to compute a 

relatedness value on words strengthen the results on the task of text similarity. Another reason 

for the addition to measures of lexico-semantic relatedness in Text Similarity is the length 

problem associated with purely statistical measures (Dennis, 2006, Penumatsa & al. 2004, the 

latter in the context of ITSs). With the increasing of the lexical space of a given content, the 

chances grow that another content will yield a degree of similarity when compared to the first 

(MacCarthy & Jarvis, 2007). The chances that two sentences randomly extracted from the Web 

have a similarity value higher than 0 are scarce - but spliting the Web in two, and comparing the 

two halves against each other would produce a value of similarity close to 1. 

As for lexico-semantic similarity studies, the development of corpus-based methods has induced 

a conceptual shift from the notion of text similarity to that of relatedness, and the techniques 

employed to assess text relatedness follow that of lexico-semantic relatedness (Gabrilovitch & 

Markovitch, 2007, or Budanitsky & Hirst, 2006, for a counter-example: how Knowledge-based 

methods are insufficient to capture relatedness). The relatedness of texts is computed over the 

relatedness of words (Gabrilovitch and Markovitch, 2005). A major difference between 

computing text and lexical similarity/relatedness is that of categorization. The process of 

assigning a category to a text is usually supervised and delegated to a classifier, as it is the case 

in news article classification (see Sebastiani, 2002, for an overview - Wermter & Hung, 2002, 

for an application to News articles classification). It can however be unsupervised, and the 

process of assigning a category to a text amounts to cluster a set of texts with respect to their 

lexical content (Korhonen and al., 2000). 
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Mihalcea (Mihalcea & al., 2006) proposes a method to compute text similarity. She and her team 

use the British National Corpus to compute values of semantic similarity between words with 

LSA, concurrently with computing semantic similarity over WordNet. These values are 

combined with measuring word specificity using idf to produce a value of similarity between 

segments of words of varying length - whether sentences or texts. Explicit Semantic Analysis is 

used to convert texts or sentences into vectors of semantic concepts (Gabrilovitch and 

Markovitch, 2007) - these vectors are in turn compared by cosine values to establish their 

relatedness or similarity. Another prototypical system, Entailer (Rus & al., 2006), adds Rules of 

syntactic equivalence to a graph difference similarity measure to assess text similarity. It also 

uses heuristics to take into account negation and antonymy in the process. Interestingly, Entailer 

comes from the field of Intelligent Tutoring Systems and aims at assessing student's inputs, but it 

is not concerned by CAA, and even less so in a free-text assessment context - rather, its authors 

intend to use the system to analyse students' questions in a tutoring environment in order to 

retrieve documents of interest by measure of entailment. Syntax is coming into the field of Text 

similarity/relatedness, in applications to entailment especially for the probable reason that the 

format of texts to be processed in the task are short (see for instance, Wang and Neumann, 2007, 

or Snow and al., 2006). 

IV.2.3. Sentences 

Sentence Similarity is strongly related to Text Similarity as a field of research, and is often 

concealed by TS. Also, just as the newer notion of lexical-semantic similarity overlaps on the 

classic notion of synonymy, sentence similarity covers, at least partly, the linguistic notion of 

paraphrase, where it takes particular acceptance as a sub-field in Semantic Similarity. Sentence 

similarity is a term of common usage in the present state of research (for instance Mihalcea and 

al., 2006 does not explicitly refer to it otherwise than through Text Similarity, while Wang and 

Neumann, 2007, refer to it in the domain of Entailment - Li and al., 2006, present it as a full 

concept), but so are the concepts of Paraphrase Recognition/Generation, while the boundary 

between the two does not seem to be explicitly drawn. The techniques employed in sentence 

similarity are similar to text similarity, and often the two notions are confused (again, Mihalcea 
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and al. 2006, or Gabrilovitch and Markovitch, 2007 - See Selvi and Gopalan, 2007, for an 

explicit assertion of the case) - at least when sentence similarity is not presented as paraphrase 

R/G. The three systems presented in the previous section claim to deal with sentence similarity 

as well. However, as the size of the textual input is very influential on the quality of statistical 

techniques' results, sentence similarity is never treated solely by statistical methods. LSA does 

not give good results on sentence similarity, nor does Content Word Overlap (MacCarthy and al., 

2007). Here comes the specificity of Sentence Similarity as a field of study. However, as we 

mentioned, Sentence Similarity amounts to Paraphrase - or, to put it differently, the most 

ambitious approaches to Sentence Similarity are to be found in paraphrase R/G. Therefore it is 

more interesting to study it under the paradigm of paraphrase, also as it permits to draw a 

distinction between paraphrase as seen from Computer Science and from formal Linguistics 

(which ignores Sentence Similarity). So, we will come back to this problem next chapter on 

Paraphrase. 

IV.2.4. Semantic Similarity and question answering in CALL 

In the light of applications to Semantic Similarity (or Relatedness), Question-Answering and 

Entailment are fields of studies where questions and answers are analyzed for correspondence. In 

Entailment, this relationship is even assessible through a reference. Although our problem is in 

some aspects related to QA and to Entailement, there are however two fundamental differences 

in their relation to this project. 

The first is that contrary to QA, in our context the candidate answer is present as much as the 

question, in the form of the student's answer. There is a trend of research going on in the 

automatic assessment of answers in QA, using means of Entailment (see for instance the reports 

of the Answer Validation Exercise, as Penas & al., 2007), but that is not necessary here as the 

student answer is only to be compared to a reference segment as an exact match. Therefore, the 

point of having to match pieces of semantics arises at a level of semantic completeness: the two 

utterances, student answer and reference in the text, are semantically equal - or at least, the 

content of the second should subsume the content of the first, as a correct answer can be a partial 

answer. 
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The second difference has to do with the nature of the assessment. On top of the semantic 

accuracy of the answer content with respect to the question comes the problem of the language 

correctness, or grammaticality. We are not aware of QA systems that tackles the issue of a 

potentially flawed language of production in the utterances of the answers, and in these are 

actually two very different way of research (see section V.3 for a presentation of language error 

detection and correction). Besides, not only should the framework provide means to analyze the 

language's form correctness, but the analysis should also lend itself to comprehension so as to 

produce feedback of interest to the student, or user. 

IV.3. Paraphrase 

The relation of this subject to Computational Linguistics has been presented in the preceding 

chapter, which leads to the conclusion that our problem is an instance of sentence similarity, or 

paraphrase in formal linguistic terms. 

Briefly, paraphrases are sentences which mean the same while being different in form (see 

definition in section IV.3.1 below). There has been no theory of paraphrase in language, until 

recently, and historically, it has been seen as a means of language production more than as a field 

of language studies. Formal linguistics and computational linguistics have a different perspective 

on paraphrase, as will be shown in the definition hereafter. There is little communication 

between the computational and linguistic views of paraphrase. Both act separately, and both have 

their limitations. 

The first approach has been showing promising results in recent years - while the second has 

barely shown any results in terms of practical applications. But the second truly addresses the 

question of what is paraphrase - while the first has loosened the premises of the definition in 

order to accommodate the quantitative bias of its statistical modus, as we will show in the 

following sections. 

In this study, we have chosen to borrow material from the linguistic side to process the 

recognition of paraphrase. This is far from perfection, but it offers the security of an exact model. 
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This model is expressed in terms of syntax, which also suits our syntactic approach to 

assessment. In this chapter, to justify our choice, we will first try to give a formal definition of 

paraphrase - a task rarely addressed in practical studies on paraphrase. Then we give a review of 

related work in the domain of paraphrase recognition and generation from the computational and 

linguistic studies. The exact description of the model on which we have based the 

implementation is postponed to section V.4. 

IV.3.1. A Definition of Paraphrase 

Paraphrase is a well-known mechanism in language production: how to express the same 

meaning with different surface forms. This is a loose definition, perhaps as vague as the field 

itself, as paraphrase actually offers little formal study, as we will see. Linguistics and Natural 

Language Processing have different judgements on the nature of paraphrase, and we review them 

in this section. 

IV.3.1.1 Qualitative definition of paraphrase 

Even more than syntax, paraphrase is mastered by speakers implicitly - paraphrase is practiced 

heavily and naturally, but not taught. We subscribe however to the point of view of Igor Mel'cuk: 

One of the most important tasks in contemporary theorical linguistics is to design a theory of 

language paraphrase (1992) 

In example 9, the various ways to express the same thing, namely that "Ulysses will come back", 

are subject to a shift of focus, as well as to different syntax and a change in rhetorics to a lesser 

extent. 

(9) a . Penelope est sure qu'Ulysse reviendra. 

(Penelope is sure that Ulysses will come back) 

b. Penelope, elle ne doute pas du retour d'Ulysse. 

(Penelope, she does not doubt that Ulysses will come back) 
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c. Penelope croit qu'Ulysse reviendra a coup sur. 

(Penelope thinks that Ulysses will come back against all odds) 

d. 77 est sur pour Penelope qu'Ulysse reviendra. 

(it is a sure thing for Penelope that Ulysses will come back) 

e. Selon Penelope, le retour d'Ulysse est unfait certain. 

(According to Penelope, the return of Ulysses is a sure fact) 

f. Le retour d'Ulysse ne souleve chez Penelope aucun doute. 

(The return of Ulysses raises no doubt for Penelope) 

g. Le retour d'Ulysse, Penelope en est sure. 

(The return of Ulysses, Penelope is sure about it) 

h. Ulysse reviendra: c'est ce dont Penelope est sure. 

(Ulysses will come back: That's what Penelope is sure about) 

i. Penelope a la certitude qu'Ulysse reviendra. 

(Penelope is certain that Ulysses will come back) 

Through these examples, we can see that paraphrase authorizes any kind of reformulation 

admitted by syntax, in order to express a shift 1/ in focus, 2/ in rethorics or 3/ a change in 

lexicon, as long as no information is lost or added. 

In terms of Natural Language Processing, paraphrase is thought (Mel'cuk 1992) to be of primary 

interest to Language Generation and Translation. Translation can even be seen as "interlinguistic 

paraphrase" (Milicevic 2003, after Mel'cuk and Wanner 2001). Although, some linguists do see 

paraphrase as one of the major difficulties to be mastered by learners of a second language, we 

feel that mastering the syntax and the lexicon should be enough: paraphrase follows (Milicevic 

2003). 

Briefly, according to J. Milicevic, the study of paraphrase presents the following challenges: 

1 - Theoretically, several complex questions arise, such as: 
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a - the nature of the paraphrasal link between sentences of quasi-equivalence (identity, 

equivalence, semi-equivalence). 

b - contextual neutralisation of semantic differences in the expressions, (in other words: 

sentences of different forms and contents can be paraphrases within some contexts) 

c - the factors at stake in the choice between possible paraphrases (the role of rhetorical 

and communicative information, of context, etc.). 

d - Cognitive and linguistic paraphrase. 

2 - On the side of description: 

a - to give an account of the variety of the paraphrasal means and to produce a typology, 

b - to study those means in an interlinguistic perspective. 

3 - formally, to produce tools for the modelling of paraphrase precise enough to guarantee 

automatic processing of the models. 

In order to define and model paraphrase properly, a number of distinctions should be made, as 

follows: 

1. Cognitive vs. Linguistic paraphrase: 

Linguistic paraphrases are paraphrases which can be produced or recognized through linguistic 

knowledge only. Example 9 above shows linguistic paraphrases. 

Cognitive paraphrases, or extra-linguistic, can express the same content but differ in their 

language sense. They necessitate the activiation of extralinguistic knowledge (world knowledge) 

on top of linguistic knowledge. The example below shows paraphrases of the cognitive sort 

(adapted from Milicevic): 

(10) a. One more half-dinar for a piece of bread! 

b. The price of the wheat rose by 20% in Serbia. 

According to Milicevic (2003), a complete model of paraphrase should take into account 

cognitive paraphrase, as it is frequent, and more importantly, the boundary between linguistic 

and cognitive paraphrase is narrow. Now, she admits that cognition is too vast for cognitive 
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paraphrase not to be studied in an interdisciplinary context. In other words, we are sent back to 

the modelling of the world. 

2. Paraphrase as a relation vs. Paraphrase as an operation: 

Paraphrase can be thought of in a static way, as a relation of quasi-synonymy between sentences, 

or in a dynamic way, as an operation of production of quasi-synonymic sentences. 

3. Virtual vs. Reformulative paraphrase: 

Reformulative paraphrase is an operation belonging to writing and translation (as seen as 

"interlinguistic paraphrase"). 

Virtual paraphrase is in charge of reproducing a semantic content through different expressions. 

Virtual paraphrase generates, and reformulative paraphrase selects. What is meant here is that 

there are two mechanisms at stake : one to master the construction of paraphrases, any kind, and 

one to appropriately select the right paraphrase at the right time. 

These are general and theoretic considerations - and this is the point which the study of 

paraphrase has reached presently. The next section provides an overview of how this point has 

been reached. 

IV.3.1.2. Quantitative Definition of Paraphrase 

There is no formal definition of paraphrase in the domain of NLP. For example, in their 

presentation of the Microsoft Paraphrase Corpus - widely used in the NLP community - Dolan 

& al. (2004) assert: 

The decision to tag sentences as being "more or less semantically equivalent", rather than 

"semantically equivalent" was ultimately a practical one: insisting on complete sets of 

bidirectional entailments would have ruled out all but the most trivial sorts of paraphrase 

relationships, such as sentence pairs differing only a single word or in the presence of titles like 

"Mr. " and "Ms. ". Our interest was in identifying more complex paraphrase relationships, which 

required a somewhat looser definition of what "semantic equivalence " means. In an effort to 

focus on these more interesting pairs, the dataset was restricted to pairs with a minimum word-

based Levenshtein distance of> 8. 
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As the work of Dolan is acknowledged in NLP as seminal in the domain of paraphrase, this 

comes as a definition. They add : 

In the end, we 're tagging something that's not quite paraphrase, but something like "semantic 

near-equivalence" - sentences pairs that ideally involve complete sets of bidirectional 

entailments, but which in fact often have some entailment asymmetries or other mismatches. The 

issue here is when those asymmetries/differences become significant enough to make the pair 

different enough that you don't think they mean more or less the same thing anymore, where 

"more or less" becomes a personal judgment call. 

This definition of paraphrase is quantitative. The approach is certainly interesting to build 

corpora with reference material (here sentences extracted from news articles) on which to train 

paraphrase models, but then the corpus is too small (about 5800 sentences). Ultimately, the 

notion of statistical near-equivalence is dangerous to use in the assessment of sentence similarity 

among intermediate-to-advanced SL Learners. 

IV.3.2. Approaches in the theory of paraphrase 

IV.3.2.1. Natural Language Processing 

All studies on paraphrase emerging from NLP are corpus-based, and aim at training models for 

the recognition and/or generation of paraphrases. We present a few of them in this section - the 

most important to our knowledge. The first study presented in this section justifies its approach 

through the theory of linguistics, but the others don't. So, ultimately, the notion of paraphrase as 

understood here is very broad and amounts to a least common denominator - roughly, sentences 

whose meaning is more or less equal, or of which one's sense is subsumed by the other's. 

IV.3.2.1.1. DIRT - Discovery of Inference Rules from Text (Lin and Pantel, 2001) 

This work is based on Harris's Distributional Hypothesis which states that the words occurring in 

the same context should be similar. The algorithm of Lin & Pantel is unsupervised and 
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automatically extracts lexical patterns of paraphrases or inferences from a corpus of parsed 

newspapers stories. The patterns are recognized via syntactic dependency paths viewed as binary 

relationships between two variable pairs of nouns. The assumption is that two different syntactic 

paths linking the same pair of nouns should represent a pattern of semantic reformulation. Above 

a certain threshold, a pattern is recorded as an inference rule. For example, their system enables 

the recognition of paraphrase patterns as: 

(11a) X is the author ofY -> X wrote Y 

Or so-called inference patterns as: 

(lib) X caused Y - ) Y K blamed on X 

This is a simple and promising approach - however, the number of patterns extracted from the 

corpus is modest and the authors don't provide global results although they evaluated the output 

of their system against a series of TREC8 questions manually generated paraphrases, and 

acknowledge that their method would be only useful to assist humans in the manual creation of 

paraphrase patterns. 

IV.3.2.1.2. Barzilay and Lee (2003) 

The work of Barzilay and Lee adds finer granularity and more sophisticated computation to the 

method of Lin and Pantel. It also increases the training dimension through building a language 

model over two corpora. Here, the corpora are decomposed into separate word lattices. These are 

in turn clustered using a similarity metric based on word «-gram overlap. To build the patterns, a 

technique known as Multiple Sequence Alignment is applied over the sentences of the clusters, 

resulting in new lattices of lexical possibilities over a common VP path. The lattices from 

different corpora comprising the same role slots are understood as paraphrases. The authors 

tested their method on a set of later news stories on the same topic (Suicide bombings), and 

found that the system's acquired patterns was able to paraphrase more than 60% of sentences in 

short articles (less than 10 sentences), but the rate drops quickly with longer articles, which tends 

to indicate that the approach is too domain-dependent and suitable only to learn patterns of 

pattern sentences. 
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IV.3.2.1.3. Quirk and al. (2004) 

Quirk and al. cast the problem of paraphrase generation as one of monolingual statistical 

machine translation. That is, the paraphrase patterns could be acquired by translation 

probabilities selection over sets of aligned sentences rather than through paired multiple 

sequence alignments over clusters of sentences as in Barzilay & Lee (2003). The authors make 

use of the availability of news sources on the Web to gather news stories data from multiple 

sources, instead of just a couple - but the training material is equivalent to Barzilai & Lee. Here, 

also, the gathering is very large in terms of topics so as to prevent the resulting paraphrase 

patterns from being too domain-restricted, and the collected articles are organized in clusters. 

Levenshtein distance is applied to detect close sentences within the data clusters. These 

sentences are paired and word-aligned using Giza++ (Och and Ney, 2000). Then an IBM model 1 

(Brown and al. 1993) is applied to the alignments to compute translation probabilities. The 

authors themselves acknowledge that the simplicity of the chosen translation model has some 

drawbacks, especially as due to its monolingual tone, no inter-phrase reordering is taken into 

account, which limits paraphrase detection to linearity: synonymy, phrasal replacements and 

phrase words' reordering. This is tested for paraphrase generation: given an input sentence, a 

lattice is built with nodes as phrase boundaries and phrase candidates from the DB as weighted 

edges - then the optimal path in the lattice is selected as a paraphrase candidate. Unsurprisingly 

due to their closeness, this system was compared to Barzilai & Lee's MSA in the evaluation 

phase where paraphrase generated by both methods have been submitted to human judges. The 

performances of this system are very low, especially when paraphrases express more than just 

lexical change - lower than MSA - but its coverage is greater due to the greater generality of its 

training corpus. 

IV.3.2.1.4. Qiu, Kan & Chua (2006) 



89 

In this study, a reverse approach to the previously mentioned ones is followed: to detect 

dissimilarities between sentences and to judge whether these dissimilarities are expressive of 

paraphrase relations. Besides, the authors use syntactic analysis to model the data. Again, they do 

not define paraphrase qualitatively but rather quantitatively, refering to their approach as 

sentence-level paraphrase recognition. In their presentation, synonymy is understood as a kind of 

paraphrase. Another consequence of this quantitative view of the question is that the same 

sentences are also understood as paraphrase in their framework. The processing of data is two-

phased. In the first phase, sentences are syntactically parsed and represented as nuggets of lexical 

information, mainly consisting of predicate-arguments tuples - i.e., the head verb and its 

arguments. Then the tuples are put into equivalence based on the similarity of the arguments. In 

an example, the predicate-arguments relations a young man hurt Richard Miller and a young 

man injured Richard Miller are put into equivalence in this way. 

Candidate paraphrase sentences are therefore represented as sets of paired predicate-arguments 

tuples. This amounts to the alignments of Barzilai & Lee (2003) or Quirk & al. (2004), except 

that the method adds the qualitative filter of syntax, which can take into account re-orderings of 

the sentence words. The real novelty of the approach is that a second phase is applied to judge 

whether extraneous material, showing dissimilarity, is a barrier for paraphrase. This is treated as 

a ML problem, and the authors apply SVM fed with the syntactic paths from a given constituent 

adjunct to the head (predicate-argument in the paired tuples) as the main feature. The classifier is 

trained on a corpus of paraphrase pairs to avoid the cost of human annotation. The framework is 

evaluated on the MSR paraphrase corpus and results vary from a 65 to 42 % accuracy in 

recognizing paraphrases, depending on the presence or absence of unpaired tuples (extraneous 

material) in the pairs. The approach of Qiu & al. Should be very interesting to capture the 

specifics of conversive verbs equivalence (for ex.: to buy vs to sell) to build a model of 

paraphrase, but it barely goes beyond that, so that paraphrase here is restricted to synonym and 

conversive verbs, as observed on a corpus of limited size. In conclusion, the framework of Qiu 

does not really address paraphrase recognition in the linguistic sense, while it brings an 

interesting contribution to NLP, and to our knowledge unique, only misidentified. 
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Paraphrase Recognition is also used in the task of Entailment - usually involving simpler 

approaches. Bosma & Callison-Burch (2006) use the length of the Longest Common 

Subsequence (LCS) as their decision criterion in text entailment - to refine the alignment of 

common sequences, they employ paraphrase patterns rather than strict word matching. The 

paraphrase patterns are acquired from bilingual parallel corpora (Bannard & Callison-Burch, 

2005), as probabilities for two candidate paraphrase in a source language to translate into a single 

sentence form in a target language - the procedure yields a 61.7% accuracy in the validity of 

paraphrases produced. Finally, Snow (2006) uses a set of heuristics to judge sentence similarity 

in order to detect false entailments. Although the approach does not explicitly refer to Paraphrase 

Recognition, it is very close to it - with the reservation that its aim is to assess or refute the a-

priori hypothesis of paraphrase in candidate pairs. Furthermore, Snow's approach is probably the 

closest to our own, being strictly rule-based, and using only heuristics applied over the syntactic 

and lexical forms of the textual material. However, it would necessitate a preliminary phase of 

paraphrase candidate detection to come as a proper Paraphrase Recognition framework. The 

approach yields results in the line of concurrent systems in the RTE task (62.5% accuracy), 

which advocates the need to take syntax and language analysis into account in Entailment or 

Paraphrase Recognition. 

IV.3.2.2. Linguistics 

Paraphrase has rarely been studied for itself, at least until a recent time, and historical linguistics 

- say from Saussure to Chomsky - have not produced any decisive theory on paraphrase. But in 

their studies of language in general, some linguists have taken interest in paraphrase. In this 

section, we review theories on paraphrase in formal linguistics. These theories are hardly NLP-

ready, so the purpose of this review is to support a sound methodology for automatic recognition 

of paraphrases. Besides, these studies have all more or less complemented and enriched each 

other through time. 

The review is established after J. Milicevic. 
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IV.3.2.2.1. Harris and the Pennsylvania School 

Through his studies on language and discourse, Harris (1968) and the Pennsylvania School has 

introduced the notion of transformation. Transformation was at first conceived as a mechanism 

enabling the reduction of a sentence to a kernel, containing the objective information. 

In the sixties, Harris enlarged his theory by including orientation: transformation now occurs 

from one single source sentence and can follow two different ways, incremental transformation 

and paraphrasal transformation. For instance, a sentence such as: 

I say this. 

Can be re-written as, or transformed into, This I say. The principle of orientation means that the 

opposite is not true, and This I say cannot be transformed into / say this, following the theory. 

The principle of orientation starting from a source makes possible to define operators in order to 

control the transformations. 

Incremental Transformation adds information to the source sentence, and Harris defined types of 

incremental transformations - for, instance example 12 shows the transformations for a source 

sentence using the verbal and nominal operators ; note that the added information is implicit and 

not factual: 

(12) a. He studies -> He is studying ; He has studied 

-^ He is a student. 

Paraphrasal transformation does not add information to the basic content of the source sentence. 

Actually, and perhaps by excess of formalism, there are only three transformation operators, 

which would not be sufficient to cover all kinds of paraphrases. 

• Permutation: 

(13) a. He will speak only here. 

b. Only here will he speak. 

• Zeroing: 

(14) a. I oppose John's drinking. 
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b. I oppose drinking. 

• Morphophonemic change: 

(15) a. His behavior awoke suspicion. 

b. His behavior awaked suspicion. 

Note that if paraphrasal transformation does not authorize the adjunction of information, it 

authorizes suppression of information, as in example 14. Also, Harris does not include synonymy 

in his description: paraphrase works at constant lexicon. As a dedicated syntactician, Harris does 

not conceive lexical variation other than induced by morphological change - example 15 shows 

the theory's greatest effort to include synonymy in the study of paraphrase. 

IV.3.2.2.2. Generative Semantics 

Lakoff (1963) and Mc Cawley (1976a, b) are responsible for the introduction of semantics within 

the study of paraphrase - not as much in order to explore new paths of research than because of a 

refusal to distinguish formally syntax from semantics. The theory points out that paraphrase, or 

rather, following the terminology of this theory, semantic equivalence, cannot be reduced to 

logical equivalence and explores concepts such as nominalization, which can cause a change in 

the lexicon, as well as used notions such as predicate raising to illustrate the falsity of the idea of 

the reduction of sentences of similar contents to logical equivalence. An illustrative example of 

this is the definition of the word kill according to GS: 

CAUSE TO BECOME NOT ALIVE -> CAUSE TO DIE -» KILL. 

The work amounted to adding rules to existing transformational schemes. But their work on 

paraphrase has not been followed. Perhaps, it could be said that GS has served a purpose of 

contesting Chomsky's standard theory rather than one of self-sustainability. 

IV.3.2.2.3. Functional Sentence Perspective 
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This theory (see for instance, Danes 1974, Sgall et al. 1986) stresses the importance of functions 

(theme and rheme) and of the communicative dimension in the sentence. It introduced the idea of 

communication dynamism. This amounts to the extent a given element in the sentence 

contributes to the development of communication. Formally, three levels of description of a 

sentence are defined: Semantic Sentence Pattern, Grammatical Sentence Pattern and 

Communicative Sentence Pattern. Therefore, three dimensions of a sentence are expressed at a 

deep level to be realized on surface: semantics, syntax and communication. This frames the 

paraphrase possibilities for a given sentence. For instance, sentences with synonymous words are 

given similar deep representations, as well as active and passive sentence. The precision of the 

approach limits the expression of paraphrases to exact-synonymy (between sentences), and 

therefore has more to do with the description of language (and of the act of speech) than with 

monitoring of paraphrase production. In this respect, illustrations of the works of the FSP use 

parallel multi-lingual texts rather than sets of paraphrases (Firbas 1992). 

Milicevic reports on Adamec giving an account of the communication role in the study of 

paraphrase, and advocates the necessity to include the communicative angle in the description of 

the deep structure. Following this, the following examples are not expressible through a single 

deep stucture (adapted from Adamec): 

(16) The officer proceeds to the interrogation of the prisoner 

(17) It's the prisoner that the officer interrogates 

(18) The officer submits the prisoner to interrogation 

As paraphrase is seen in the FSP as a mechanism to express exact synonymy - an example of 

such a mechanism relies on the verb's subcategorization frame, as for the verb suggest: 

(19) a Jan suggested to his son to arrange [Vinf] the exhibition. 

b. Jan suggested to his son that he arranges [Prop] the exhibition. 

c. Jan suggested to his son the arrangement [N] of the exhibition. 

IV.3.2.2.4. Halliday: Functional-Systemic Theory 
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This theory (See Halliday 1976 and 1985) defines a general model language. Its main 

characteristics are 1/ a semantic orientation of the model: the language is thought as a system of 

choices to express meaning, 2/ its interest for Language in use and therefore to the situation 

context, and 3/ the use of stratification models as well as elements of dependency grammars. 

It is not directly a study on paraphrase. But the use of functions in the description of sentences as 

semantic structure to be realized lexico-grammatically enables a representation of paraphrases. 

Functional-Systemic means that language is thought of in the theory as 1/ multi-Systemic: a 

system of mutually exclusive options to be selected in order to express sense, and 2/ Multi­

functional: language has three major meta-functions: 

a) Ideational: takes in charge the communication goal of an utterance. 

b) Interpersonal: in charge of the speaker-interlocutor relation in the utterance. 

c) Textual: in charge of setting the utterance into a context. 

The model has two major dimensions: semantic and lexico-grammatical, of which the latter only 

is precisely described. For instance, the lexicon is thought of as the "most delicate grammar" and 

categories are described in order to frame the lexicon into syntax. Propositions are organized in 

types where semantico-syntactic roles around the predicate are specified - as in the example 

below: 

(20) a. The lion [Actor] caught [material process] the tourist [Goal]. 

b. Mary [Senser] liked [mental process] the gift [Phenomenon]. 

This kind of representation should permit the production or recognition of paraphrases. But that 

is for the theory. We cannot describe in full details the FST theory, due to its richness and 

complexity. But this should be its major drawback: as formal as it is, it cannot lend itself to 

automation. However, an ideal model of paraphrase in NLP could resemble that made possible 

by the FST. 

IV.3.2.2.5. Fuchs 
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C. Fuchs (1980) has exclusively concentrated her research on paraphrase. She stresses the fact 

that linguistic equivalence is neither a necessary nor sufficient condition to establish a relation of 

paraphrase, as well as the role of the context of utterance and that of the speaker. She insists on 

making a distinction between what belongs to language and to discourse in paraphrase. 

For instance: 

(21) a. Paul est a Paris 

b. il est ici 

(Paul is in Paris) -> (he is here) 

in this example, according to the author, the sentences are linguistically equivalent, but they are 

not linguistic paraphrases. She uses the notion of plans to explain this level of variations which 

can cancel the paraphrase link between two sentences still carrying the same content. Four plans 

can be identified: what we would call a master plan, the locution plan, and three contextual 

plans: referential (which example 21 illustrates, from locution to referential), symbolic, and 

pragmatic. Paraphrases can only happen between equal plans. 

The linguistic equivalence on which resides a relation of paraphrase is to be found at the phrase 

level - her theory being more an act of analysis than one of description. A paraphrase is always a 

predicative equivalence (equivalence between expressions from the point of view of the 

operations needed for predicative relation: diathesis, thematization, focalization, etc.) and an 

utterance equivalence (equivalence between expressions from the point of view of the operations 

giving referential values: person, aspect, tense, determination, etc.). In this, her theory is close to 

that of the FSP. Below are examples to illustrate this: 

Predicate-equivalence and Utterance-identity 

(22) a. Le chat a mange la souris. 

(The cat ate the mouse) 

b. La souris a ete mangee par le chat. 

(The mouse has been eaten by the cat) 

Predicate-identity and Utterance-equivalence 
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(23) a. // auraitpu venir. 

(he could have come) 

b. 77 avait la possibility de venir, mais il ne I'a pas fait. 

(he had the possibility to come but he didn't do it) 

Predicate-equivalence and Utterance-equivalence 

(24) a. C'est une chance que Paul ait refuse de recevoir ce cadeau de Marie. 

(It's lucky that Paul has refused to receive this gift from Mary) 

b. Heureusement que Paul n'apas laisse Marie lui offrir ce cadeau. 

(it's fortunate that Paul did not let Mary give him this gift) 

C. Fuchs has worked a lot on paraphrase and this is not the place to present the details of her 

studies. See C. Fuchs 1980, 1994. Note that C. Fuchs's work does not really lend itself to 

formalization and automation, but her purpose is descriptive, and still constitutes a valuable 

contribution. 

Another idea of C. Fuchs is that of the orientation of the paraphrase link, taking on Harris, which 

she refines. When paraphrasing implies a shift from one semantic plan to another (phrasal, 

symbolic, referential or pragmatic), the paraphrase link is oriented and therefore non-reversible. 

In the following example: 

(25) a. "he's an Harpagon" means "he's stingy". 

SYMBOLIC PHRASAL 

b. "he's stingy" means "he's an Harpagon". 

PHRASAL SYMBOLIC 

According to the author, a paraphrase link such as in 25b is over-determining, while it is sub-

determining from 21b to 21a. To be reversible, the link must happen on equal plans: 

(26) a. "he's an Uncle Scrooge " means "he's an Harpagon " 
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IV.3.2.2.6. Moscow Semantic School 

This work on paraphrase has been pushed to the end of this brief presentation, as the model we 

have decided to use has been produced by people coming from the Russian Laboratory for 

Automatic Translation, namely the Meaning-Text Theory (MTT). The research took interest in 

the study of semantic representation and paraphrase in order to develop models for automatic 

translation. This work gave birth to the Moscow Semantic School from which comes Igor 

Mel'cuk. A. Zolkovskij and I. Mel'cuk are responsible for the formulation of the MTT (Mel'cuk 

1981 for a sum-up of his work in English). 

The Meaning-Text theory is a theoretical frame for the description of a functional model for 

natural language. Its specifics are as follows: 

1. Globality: interest in the development of universal concepts. 

2. Semantic bases, interest in linguistic synthesis, essential role of paraphrase and 

communication structure. 

3. Focus on the lexicon 

4. Relational approach to the description of language: more than categories, relations are 

considered as the most important factor in the organization of language - this favours 

dependency grammar over phrase grammar, due to portability and non-linearity. 

5. Modular organization of the models. 

6. Formalism. 

7. Implementability. 

Let us point out that in its present state, the paraphrase models of the meaning-text theory are far 

from being implementable, and no successful implementation of the theory has ever been 

produced, though some attempts have been made (of which the oldest was intended for 

paraphrase generation, see Boyer and Lapalme, 1985 - for a more recent implementation, see 

Apesjan and al., 2003). However, they are intended to be implementable and are therefore highly 

formal. The toy implementations based on the MTT are no less convincing than what has been 

done in paraphrase R/G in the field of NLP, and yet they have received much less publicity. 
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None of the NLP studies presented in section IV.3.2.1. mention any as related work. What has 

retained our attention is that the theory already offers models and rules for the production or 

recognition of syntactic paraphrase. Besides, it has brought weight to our choice of using a 

syntactic approach to solve our problem. This will be explained and justified in detail in the next 

chapter, and we will present the Meaning-Text theory in more details in section V.4. 

In conclusion to this review, computational approaches to PR can present promising results in 

some aspects of paraphrase, but they show two major drawbacks. First they are too domain-

dependent: the patterns of paraphrases are expressed lexically and are therefore constrained by 

the corpora on which they are acquired. Only Snow (2006) does not concentrate on a pattern 

acquisition problem, but his approach is incomplete as PR system. Second, the coverage of 

paraphrase as a linguistic phenomenon in these approaches is too scarce, and limited to lexicality 

- all the frameworks presented above have in common that they barely go beyond phenomena of 

extended synonymy. But this might be their strength, and their interest in PR. They are suitable 

to capture expressions of semantic paraphrase difficult to model theoretically, as shown in 

examples 1 la or 1 lb, or show potential to detect and record conversive verb forms, as Qiu & al. 

(2006). Otherwise, they show a way to PR that casts paraphrase as a translation problem rather 

than a linguistic one. This is not the place to put a final judgement on this question, but in the 

state of the art in PR, this argues in favour of our choice to use a syntactic model of paraphrase, 

which offers the best compromise between comprehensiveness, simplicity and stability. This is 

in accordance with our conclusions on semantic similarity applied to short texts in general. 

IV.4. A Syntactic Approach to Assessment 

To assess the similarity of an answer to a reference sentence amounts to sentence similarity. To 

frame the problem of sentence similarity for a resolution, it should be cast as a paraphrase 

problem as the question offers analyses and solutions from both formal linguistics and NLP. Our 

approach is new in that it encompasses a conservative approach. This is justified by the fact that 
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in their mode of comparison, approaches to sentence similarity are either too permissive and only 

examine the overlap of lexical material between sentences, or too specific, as we will see in 

methods of sentence similarity as applied to paraphrase, which is the subject of the next chapter. 

The approach we defend is conservative in three ways: 1/ in the simplicity of the methods 

employed to assess similarity (comparison of patterns of syntax similarity and synonymy), 2/ in 

its restrictive view of similarity (due to impossibility to rely on a fair evaluation of semantic 

relatedness), and 3/ in the categories of language description it uses to achieve assessment 

(syntax and strict similarity). 

There are four technical arguments in favour of a syntactic approach to solving our problem: the 

first one comes from the field of ITS itself (hence, CALL and CAA as well), the second has to 

do with the natural bias of sentence similarity methods on false-positive assessments, the third 

with the over-dependence of paraphrase R/G on lexical models difficult to acquire and 

insufficient in coverage of reformulation possibilities, and the last is related to the requirement of 

assessing not just content but form also. These come on top of the main practical argument in 

favour of a syntactic approach to similarity: the absence of a corpus of pre-recorded answers. 

A review of these arguments is given by turn in this chapter. 

IV.4.1. Tutoring Systems 

As seen already, the present state-of-the-art in tutoring systems offers no definitive solution to 

the assessment of free-text answers. And no syntactic approach has been tried up-to-date. There 

are two major arguments for a syntactic approach: a direct argument and an indirect argument 

that happen to coincide. 

IV.4.1.1. ITS and Technology 

The fact that most tools are dedicated to the marking of essays does not reflect a market 

preference, but rather the natural course of technology. Marking essays calls for feature 

evaluation simpler than marking short answer, as K. Kukich stresses it (Kukich, 2000): 



100 

To the uninitiated, it might seem counter-intuitive that scoring short answers poses a greater 

challenge than scoring essays. But it should be clear [...] that automated essay-scoring 

techniques can rely on statistical averages of general features such as overall vocabulary 

content and syntactic variety to derive evidence of writing quality. In contrast, short answers 

seem to provide little textual evidence of the writer's underlying meaning, hence the need for 

finer-grained measures and deeper analysis. 

Kukich surveyed various essay grading systems, which all have in common marking essays 

based on superficial features evaluation - IEA, e-rater and PEG to name them (see section II.2, 

subsection 2, 3 and 6 respectively). The features of decision have been, in all cases, selected 

through means of statistical analysis, from sets of pre-marked essays. These features are in turn 

evaluated statistically in the automatic marking process - hence her comment on the way essays 

can be graded automatically. Her remark nevertheless suggests that scoring shorter pieces of 

texts should rely more on symbolic evaluation. 

Having studied the feasibility of scoring students' short-answer responses to end-of-chapter 

textbook questions, Kukich identifies several aspects of language evaluation specific to the 

marking of short-texts answers, concluding for the need to add NLP power to already existing 

free-text marking solutions: 

1. pronoun and co-reference resolution, as she has found that short text answers did contain a 

higher level of anaphoric language than longer texts. 

2. use of subject-specific thesauri on top of general lexicon databases. 

3. use of special tokenizing and tagging techniques to derive parts of speech and partial parses 

from incomplete sentences and clauses. 

4. some approximation of underlying predicate-argument or propositional structure to make 

judgment of how much the short-text answer represents the target-concepts that constitute a 

correct answer. 

These are conclusions based on first-language textual productions, but they all imply that the 

material be analyzed syntactically. Point 3 is very dependent of the type of parsing technique 
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used, which in the case of Kukich's study presupposes that a piece of text must be formally 

complete to lend itself to syntactic analysis. This is not a problem in our case (see section 

VII. 1.3). But in our case, lifting this difficulty leaves us with the supplementary task of having to 

address second-language learners' error detection. 

IV.4.1.2. A bias on the assessment of correctness 

In tutoring systems, our approach encompasses the strategy opposite to that exemplified by 

Bailey's CAM (Bailey & Meurers, 2008), see section II.2.2.2: a bias on incorrectness to make 

sure that no incorrect material is assessed as correct. However debatable this approach is, it 

follows observations of the science that incorrect feedback affects students' motivation (Graesser 

& al , 1995). In an instructional context such as that of ITS, a consequence of this is to privilege 

the deterministic assertion of correctness over incorrectness at the time of feedback, as 

incorrectness should be expressed in indirect terms and correctness only in partial terms. 

The focus on assessing similarity through syntax and a strict semantic similarity (synonymy) 

makes processing incorrectness-prone. Other approaches only compare semantics in the 

assessment process. The tendency of this bag-of-word similarity approach to over-indulgence is 

the main reason for Kukich to support a syntax-controlled way of assessment. Here semantics is 

compared in an orderly way: that is, through syntax. The chances are that correct material will be 

assessed as incorrect, but there are almost no chances that incorrect material will be assessed as 

correct. One can argue against this, but the fact is that all other approaches are correctness-biased 

(greater chances that incorrect material is assessed as correct than the contrary). With this 

argument of ITS science for a bias on the precision of the assessment of correctness first, this 

project finds legitimacy in its approach. This bias is confirmed by studies in semantic similarity 

as we show in the next section. 

IV.4.2. Semantic similarity and sentence similarity 
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IV.4.2.1. Similarity and Relatedness 

A major problem in semantic similarity, as applied to text or sentence similarity, is the natural 

bias towards false positives. Actually, there is no or very little machine understanding of the 

textual material processed. First, the sentences, or texts, to be compared are processed shallowly 

based on token similarity or relatedness. Second, the decision on the similarity is calculated over 

a quantitative threshold applied to the distribution of the relatedness values. This makes the 

systems tolerant to some changes in the semantics between answer and reference, which 

increases recall of good answer, but at the cost of precision. 

For instance, current sentence similarity systems judge: 

Ex (27a) Microsoft will purchase Yahoo, in spite of its resistance 

Ex (27b) Microsoft will not purchase Yahoo, because of its resistance 

as similar sentences. 

As we have seen, there is a gap in the measurement of similarity between strict similarity and 

relatedness. As useful and promising measures of semantic relatedness can be, they don't really 

lend themselves to scalability against the reference of similarity: we can know that two sentences 

are related, but it is still difficult to know how close this relatedness puts these sentences to 

similarity. 27a and 27b above should show close values of relatedness, in spite of their 

difference, while 27c below would show a lesser value of relatedness to 27a even though it is 

semantically closer than 27b. 

Ex. (27c) The Redmond firm has bought Yahoo. 

Sentence similarity can only be measured as the sum of sentences' constituent words' similarities. 

Therefore, a further problem is that of the order of these constituents: Yahoo has bought the 

Redmond firm is quantitatively equivalent to 27c in terms of similarity, but the two sentences 

mean different things. As simple as this seems, the problem can not so easily be addressed by 

heuristics (as some studies already do - for instance Snow and al., 2006, or McCarthy and al., 

2007) - here for instance, a rule saying that order should be taken into account in the measure of 

similarity would not be able to handle an example as: 

Ex. (27d) [...] Yahoo which the Redmond firm has bought. 
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These examples tend to show that a statistical approach to sentence similarity is insufficient to 

capture actual similarity for the reason that Semantic Similarity imprecision in form adds to 

Semantic Relatedness imprecision in contents. 

As Semantic Similarity-based systems base their evaluation of similarity on the ratio of common 

contents between answer and reference, adding parts of the question in the answer affects the 

results as well. MacCarthy (MacCarthy and al., 2007), a member of U of Memphis' Graesser 

team shows how assessment of free-text answers by means of statistical methods in an ITS 

context (and therefore CALL) "appears to be problematic". 

There are two major impediments to this association. The first is the length problem: statistical 

methods favors length (Wiemer-Hastings, 1999 - implicitly confirmed by Kukich 2000). 

According to MacCarthy, a longer but wrong answer showing greater overlap with the reference 

segment can receive more favorable judgement by a statistical system than a good but short one. 

We formulate the second as the quantitative problem: assessing quantity equivalence does not 

assess quality equivalence, as shows example 27 a, b, c and d above. In this respect, just as they 

judge 27 a and b equal, these systems are unsuitable to handle some aspects of syntactic 

reformulation (See section V.4.1.4). 

It is true that the statistical systems produced by research tend to be backed by rule-based 

mechanisms to correct the false positive bias (See section IV.2.2), but these are very recent 

developments. This is for instance the case in the Textual Entailment system developed by Snow, 

which uses rules of syntactic equivalence as well as lexical heuristics to address phenomena of 

negation and antonymy to detect false entailments (Snow and al., 2006) - the tendency is yet 

stronger in paraphrase R/E. We believe that the addition of rule-based components to existing 

statistical systems in the domains of Entailment and paraphrase R/E only strengthen our case that 

a strictly rule-based approach should be tried in Sentence Similarity, and that our context of 

CAA is an especially suitable field, as it has been advocated in the preceding section. 

IV.4.2.2. Paraphrase 

Judging by the criterion of Semantic Similarity, the problem here is one of sentence similarity. 

Therefore it should be cast as a paraphrase problem. 



104 

Rather with than heuristics or ad-hoc rules, the best way to deal with such phenomena of 

language form is to use a language model. Whether this model should be probabilistic or 

deterministic is another question. Such models should be evaluated with respect to two criteria. 

The first is the reformulation possibilities it depicts for a given utterance, and the second is its 

coverage of the language - in our case, French. It could be a perfect model, putting in ordered 

correspondence fully lexicalized utterances in a given language with respect to measured 

similarity. This is the approach followed by statistical NLP in Paraphrase 

Recognition/Generation, but these models are still costly while largely insufficient to cover the 

whole language, neither in the possibilities of reformulation for a given utterances, nor in the 

coverage of language itself, i.e., world knowledge. This has been presented in section IV.3.2 on 

NLP approaches to paraphrase. Another language model is syntax itself. A flaw of the syntactic 

model is that it fails to capture the semantic aspect of paraphrase, but its great quality is that the 

reformulation possibilities depictable by its formalism cover the whole of the language. For this 

reason, we believe that syntax still offers a better account of paraphrase possibilities than 

statistical models. Another advantage of syntax is that information of basic lexical-semantic 

similarity can easily be added so that synonymy and antonymy are accounted for in the model. 

The one main difficulty in using syntax to model paraphrase is however to find a subset of 

syntax that actually expresses the reformulation possibilities with respect to similarity. A 

syntactic model for paraphrase following the Meaning-Text Theory is presented in section V.4. 

In conclusion to this section, our approach represents the most severe way to assess similarity -

as at every step of comparison, we make sure that the contents do match in sense. This is indeed 

a tough restriction on the flexibility of some statistical methods found in Semantic Similarity and 

Relatedness, or on the lexical richness of PR methods. That prevents our system from admitting 

answers slightly reformulated in their semantics (See section VI.5.1). But in this way, we make 

sure that assessed material is correct. 

IV.4.3. Evaluation of Language Form 
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The last point concerning the portability of semantic similarity techniques in the context of 

CALL is that QA, Entailment or PR systems are all tested on common test sets (see for instance 

Dagan and al., 2005, For an overview of the Pascal textual entailment challenge), which all 

presents material of undisputable syntactic quality - clumsy utterances (see section VI.5.2.2) are 

absent from these sets, not to mention bad faith answers. As clumsy utterances do not usually 

exhibit syntactic errors, they pass the barrier of grammatical error detection unnoticed and 

increase the detection of false positive answers. 

In her study, S. Bailey (2008) does not mention grammatical errors as an impediment to 

assessment of correctness, although she acknowledges that about 66% of the answers of her data 

set do show errors of various kinds, and although she uses syntax in his method. Perhaps the 

form of the English language is less sensitive to syntactical errors in the readability of content's 

meaning. In this study, answers have been gathered from real students, and the importance of 

grammatical errors made it compulsory to take error detection into account in the assessment 

process. 

Using a syntactic approach to manipulate the language material in the assessment of answer 

Tightness also provides material for the assessment of grammatical correctness. Detection and 

Correction of grammatical errors is a proto-field of research. It slowly arises as a trend of its own 

within NLP9 and is presented here in section V.3. If statistical methods are used to address some 

issues of lexico-grammatical errors, to deal with higher-level errors (such as affecting the syntax 

of a whole sentence) requires analysis at the level of a sentence syntax, if only to express a 

statement on the error in a comprehensible, syntactic, way at the time of feedback creation. 

Provided the availability of a good syntactic parser - which are, if not freely, at least available -

the detection of syntactic errors is easier than in any other way using the form and structure of 

syntax itself, especially as there exist no comprehensive models of errors to date. 

Ultimately, statistical NLP could be used for this kind of exercise as purveyor of knowledge 

bases, or models. We saw in section IV.3.2.1 that some statistical systems in the domain of 

paraphrase recognition were giving interesting results, for instance to record lexical conversive 

associations that no knowledge bases up-to-date take into account, as well as to record phrasal-

9 The first shared task of the workshop on "using NLP to build Educational Application" will be on grammatical 
error detection of articles and prepositions and will take place in 2010 as part of the NAACL conference. 
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synonymic relations as in example 11 above. Therefore, statistics should be of great help in the 

building of lexical-semantics relations models. This would be beneficial to language 

technologies in general, and is actually on the research agenda as we have seen. But this is still 

work-in-progress even in statistical NLP and all present models suffer from too great a domain 

specificity (see Quirk and al., 2004, or Qiu and al., 2006). A remark on the research in statistical 

NLP is in this respect that it focuses on high-level problems, as paraphrase recognition where we 

saw that the systems lack a perspective on sentence-level syntax. Perhaps, general linguistics 

should be of help and direct statistical NLP towards lower-level tasks as conversives or phrasal 

synonymy, or other categories simply ignored by statistical NLP in the present state of things. 



107 

Part 2. 

Resources, Processing and Evaluation 
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Chapter V. Resources 

This chapter presents the various NLP solutions used in this project. It starts with parsing and 

with an evaluation of several parsers considered for the task. Then, the lexical resources used are 

presented. These resources and processes are employed for spell-checking, as well as to map 

lexical items following relations of synonymy and antonymy, including across Part-of-Speech. In 

the third section, the processing of language errors is described, and finally, we present our 

solution for paraphrase recognition. These resources, in order, correspond to the processing chain 

as implemented, and answer comparison, between Ref and S, is actually a function of the 

paraphrase module. Three processing examples are provided in Appendix C to illustrate the 

behaviour of the system. 

V.l. Syntactic Analysis 

V . l . l . Parsers 

For the purpose of syntactic analysis, three parsers for French have been tested on our set of 

questions, corresponding text segments and student answers. In this paper, a large part is devoted 

to presenting the parsers as the quality of parsing is fundamental to our method of assessment. 

As well, in some systems, students are invited to examine directly parsers' production in order to 

enhance their syntactic skills and knowledge (Vinther 2004, Knutsson & al., 2003). This seems 

at the least to take part in a trend to include the teaching of formal syntax as part of language 

acquisition (Amaral & al., 2006a, 2006b). 
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First, in order to meet our needs, a good parser should be precise enough to capture proper 

grammatical functions, i.e. fine-grained enough to make a distinction between functions 

establishing relations between the words present in the sentences (such as noun or verb 

complements, appositions), as well as between the clauses present in the sentences (such as 

sentence complements). It should be precise enough to capture what is moveable and what is not 

in the words/clauses order in the sentence: a direct/indirect object or a noun complement is not 

moveable, while a sentence or verb complement typically is; a noun complement, or a sentence 

complement, may be removed without changing the overall meaning of a sentence - objects and 

some verb complements cannot be removed without changing the meaning of the sentence. Most 

parsers actually do not make a difference between verb complements and sentence complements. 

Second, the parser should be "robust" enough to be able to process a sentence's analysis even in 

the presence of linguistic errors, at least to a point sufficiently advanced to lay ground for error 

analysis. 

The parsers are Syntex, a new parser called Syntex, built as a joint effort between University of 

Toulouse, University of Stuttgart and a company named Synomia, the CI01 parser (actually a 

part of a software suite designed for redaction of English by second-language English speakers), 

and XIP (Xerox Incremental Parser). We will now examine these tools by turn. 

V.l.1.1. Syntex 

Syntex (Bourigault 2006) is a symbolic parser, dedicated to French, whose chain of analysis 

works in four phases: 

1. Pre-tagging: performs sentence segmentation, word tokenization as well as word pre-

tagging. 

2. Morpho-syntactic tagging: performs the actual PoS tagging on words. 

3. Conversion: between outputs produced by second layer and inputs needed for actual 

syntactical analysis. 

4. Parsing: to define the relations between the PoS. 
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And that's about all the information we have on the internal machinery deployed by Syntex. At 

this point, note that a further requisite for a good parser concerns available documentation on the 

way the system actually works. But as these tools are often proprietary (the case for our three 

parsers), proper technical documentation is scarce, or divulged with parsimony. 

That said, Syntex still provides analysis of decent quality, making few errors; on the other hand 

Syntex does not go very deep into the analysis, as shown in the example provided below. 

Another drawback of Syntex is the lack of readability of the outputs - only a partial problem in 

the face of processing, but a real one in the face of exemplifying. Below is an example of an 

analysis by Syntex. 

<7XT>plus les reserves enfer de lafemme sontfaibles dans la premiere moitie 

de la grossesse , plus le temps de gestation est ecourte. 

(The lower a woman's level of iron in the first half of pregnancy, the shorter the gestation time.) 

<ETIQ>Adv|plus|plus|1| | DetFP|le|les|2|DET; 3 | 
NomFP|reserve|reserves|3|SUJ;9|DET;2,PREP;4 Prep|en|en|4|PREP;3INOMPREP;5 
NomMS|fer|fer|5|NOMPREP;4|PREP;6 Prep|de|de|6|PREP;5|NOMPREP;8 
DetFS|le|la|7|DET;8| NomFS|femme|femme|8INOMPREP;6|DET;7 
VCONJPIetre|sont|9||SUJ;3,ATTS;10,PREP;11 NomMP|faible|faibles|10|ATTS;9| 
Prep|dans|dans|11|PREP;9INOMPREP;14 DetFS|le|la|12|DET;14| 
Adj ?S|premier|premiere|13|ADJ;14| 
NomFS|moitie|moitie|14INOMPREP;11|DET;12,PREP;15,ADJ; 13 
Prep|del del 15|PREP;14INOMPREP;17 DetFS|le|la|16|DET;17| 
NomFS|grossesse|grossesse|17INOMPREP;15|DET;16 Typo|, | , |18 | | 

Advlplus|plus I 19| | 
DetMS|le|le|20|DET;21| NomMS|temps|temps|21|SUJ;24|DET; 20, PREP; 22 
Prep|del del 22|PREP;21INOMPREP;23 NomFS|gestation|gestation|23INOMPREP;22| 
VCONJSp|etre|est|24||AUX;25,SUJ;21 PpaMS|ecourter|ecourte|25|AUX;24| 
Typo|.|.|26|| 

Table 1. An example of Syntex Output. 

The output comes as a chain of lexical items depicted accordingly: 

PoS|lemma|form|position_number|headed_by|heads 
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Here, the analysis fails to provide a single line of entry in order to understand what is going on. 

A good syntactic analysis should provide such a header to properly enroot the sentence into 

syntactic coherence. Formally speaking, the above tree has two roots: 

VCONJP|etre|sont|9||SUJ;3,ATTS;10,PREP;11 

and: 

V C O N J S p | e t r e | e s t | 2 4 | | A U X ; 2 5 , S U J ; 2 1 

These say that the first clause receives a subject, a subject's attribute, and calls for a preposition 

carrying what is a verb complement (circonstancielle de temps), and that the second commands a 

subject and is auxiliary to a past participle predicate. This is true but incomplete. These two sub-

roots (which are branches) should be themselves attached by a single root - here, the 

comparative adverb plus, acting syntactically as a coordinator. The analysis catches the 

assertions but misses the overall comparison. In addition, Syntex is not able to draw the 

distinction between an indirect object and a circumstantial complement (verb complement - can 

possibly be either discarded or displaced without affecting the meaning of a sentence, which is 

not the case of indirect objects). 

To finish with Syntex, and to be fair, the parser is good at nouns-to-adjuncts relationships, such 

as in: 

[...] Ce qui [...] rend difficile leur interpretation. 

([...] which [...] renders their interpretation difficult.) 

VCONJS|rendrelrend|40|CC;39|OBJ;43, ATTO; 41 
AdjMS|difficile|difficile|41|ATTO;40| 

DetMS|leur|leur|42|DET;43| 
NomFS|interpretation!interpretation!43|OBJ;40|DET;42 

[...] 

Here, difficile is an attribute of the object interpretation, and has actually no direct relationship to 

the verb, which is what the analysis says. The other parsers fail to capture this kind of inverted 

Adjective/noun relationship. 
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V.l.1.2. C101 

C101 - standing for Correcteur 10110 - is a Canadian, computer-assisted redaction tool, and 

includes a parser that works for French and/or English. We have been able to have our set of 

textual material analyzed by this parser, without having ever the opportunity of a closer look at it 

or its technical specs. Therefore, there is very little we know about CI01 - other than that it is a 

partially lexicalized, error-correcting, statistical parser: outputs come in the form of a set of 

analyses, each ranked according to an index of confidence computed over a mix of word PoS 

confidence value and syntactic relationship confidence value. On top of it comes an annotation 

of corrected, or not, errors at word level: orthographic and agreement errors are corrected when 

all analyses (for one sentence) agree on the presence of an error and when the parser "thinks" it 

has reached a conclusion on the exact nature of the error and on how to correct it. This holds 

ground for further errors, numerous, and introduced by the parser itself. True errors can be left 

unseen, and correct material can be treated as errors, ruining the whole analysis. 

This said, CI 01 produces splendid parses - above anything we tried. A superb quality of CI 01 's 

parser is that sentences are analyzed with respect to the discourse type of a sentence: a straight 

assertive sentence is analyzed under its verbal head, but a comparative sentence, for instance, is 

analyzed under a head constituted of the sentence's comparative adverb(s); similarly, a 

sentence/clause containing a coordination is headed by the coordination conjunction: if the 

coordinates are sentential clauses, the conjunction heads the whole sentence - and so on. 

Below is an example analysis based on the sentence shown above. For concision, only the most 

confident analysis for this one sentence is shown here, out of eight; note that the output is hardly 

more reader-friendly than Syntex's: 

PhraseOriginale: plus les reserves en fer de la femme sont faibles 
dans la premiere moitie de la grossesse, plus le temps de gestation 
est ecourte. 
( arbre_dep_valide ( plus/plus/et/prop/22/18/19 ( R_PlusProp ( 
plus/plus/advComparSuper/advComparSuper/100/0/1 ) ) ( R_Coord ( 
sont/etre/verbe/verbe/63/8/9 ( R_Sujet ( 
reserves/reserve/nom/nomDeter/86/2/3 ( 
R_Deter ( les/le/deter/deter/100/1/2 ) ) ( R_CmplDuNom ( 
en/en/prep/sPrep/93/3/4 

10 See References. Or an evaluation of C101 can be found on CALICO'S site, at: 
https://www.calico.org/p-73Le%20Correcteur%20101%20Ver%203.5%20Pro%20(91998).html 

https://www.calico.org/p-73Le%20Correcteur%20101%20Ver%203
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( R_CmplDePrep ( fer/fer/nom/nom/95/4/5 ( R_CmplDuNom ( 
de/de/de/deSN/96/5/6 ( 
R_CmplDePrep ( femme/femme/nom/nomDeter/98/7/8 ( R_Deter ( 
la/le/deter/deter/100/6/7 ) ) ) ) ) ) ) ) ) ) ) ) ( R_Attrib ( 
faibles/faible/adjectif/adjectif/100/9/10 ) ) ( R_CCirc ( 
dans/dans/prep/sPrep/90/10/11 ( R_CmplDePrep ( 
moitie/moitie/nom/nomDeter/92/13/14 ( R_Deter ( 
la/le/deter/deter/100/11/12 ) ) 
( R_Ordinal ( premiere/premier/ordPremier/ordPremier/100/12/13 ) ) ( 
R_CmplDuNomQuant ( de/de/de/deSN/96/14/15 ( R_CmplDePrep ( 
grossesse/grossesse/nom/nomDeter/98/16/17 ( R_Deter ( 
la/le/deter/deter/100/15/16 ) ) ) ) ) ) ) ) ) ) ) ) ( R_VirguleSepar ( 
,/,/virgule/virgule/100/17/18 ) ) ( R_Coord ( 
ecourte/ecourter/verbe/verbe/74/24/25 ( R_Sujet ( 
temps/temps/nom/nomDeter/95/20/21 ( R_Deter ( 
le/le/deter/deter/100/19/20 ) ) ( 
R_CmplDuNom ( de/de/de/deSN/98/21/22 ( R_CmplDePrep ( 
gestation/gestation/nom/nom/100/22/23 ) ) ) ) ) ) ( R_Aux ( 
est/etre/aux/aux/85/23/24 ) ) ) ) ( R_FinProp ( 
././finProp/finProp/100/25/26 ) 
) ) ) 

NbAnalysesCompletes: 8 
PhraseCorrigee-0: <em>Plus</em><ERR/> les reserves en fer de la femme 
sont faibles dans la premiere moitie de la grossesse, plus le temps de 
gestation est 
ecourte.<br/> 
NbAnalysesVisibles: 1 
NbErreursMin: 1 
<em>Plus</em><ERR/> les reserves en fer de la femme sont faibles dans 
la premiere moitie de la grossesse, plus le temps de gestation est 
ecourte.<br/> 

Table 2. C101 Parser Output Example 

The two layers shown here should not be read in full correspondence. The first part is the most 

confident analysis, and the second is a statement of completeness and errors. 

NbAnalysesVisibles tells you that there is only one trustworthy analysis, out of 8 - meaning 

that level of confidence is controlled by a threshold rather than by top-of-the-list only. The parser 

exhibits an error thought to have been averted: <em>Plus</em><ERR/>, although it is left 

untouched. This is no error, but the parser seems to be fooled by the capital letter. The actual 

analysis, as a tree, correctly interprets plus, and has the whole sentence headed by it, providing 

one single line of entry to understand the analysis, and the sentence's structure. Note that this 
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analysis has only a 22% level of confidence, while interpretation of plus as a comparative adverb 

is trusted at 100%: 

( arbre_dep_valide ( plus/plus/et/prop/22/18/19 ( R_PlusProp ( 
plus/plus/advComparSuper/advComparSuper/100/0/1 ) ) 

This heads the two verbs of the two sentential clauses, analyzed as coordinates: 

( R_Coord ( sont/etre/verbe/verbe/63/8/9 

and 

( R_Coord ( ecourte/ecourter/verbe/verbe/74/24/25 

This in turn heads the other constituents of their respective sentential clauses. 

This is no place to show in details the skill of CI01 at correctly analyzing complex and deep 

structures. Let's just add that it did make an error here: de lafemme is analyzed as a noun 

complement to fer, instead of reserves (an error also made by Syntex). 

Although C101 seems to provide the best analysis, we chose not to use it for three main reasons. 

The first and most trivial is that the error-correcting module is not very useful and predicts a 

catastrophe when it comes to parsing our student set of answers. The second is that the statistical 

mode of functioning would render difficult the selection of a single analysis when the parser 

cannot decide between several - again, a major drawback when it comes to analyzing flawed 

linguistic material, which drives the tool to greater operative tolerance. The last reason is that we 

have no access to the piece of software itself. There are other reasons; they will become evident 

while presenting XIP. But it should be stated clearly that ClOl's analyses are actually superior to 

those of XIP. 
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V.1.1.3.XIP 

XIP - Xerox Incremental Parser (Ait-Mokhtar & al., 2001) - is an incremental parser, providing 

"robust" analysis of a text's syntactic structure. The robustness is actually guaranteed by the 

tool's incremental processing, which can produce analysis whatever the linguistic quality of 

textual material. The rules are layered, and applied successively; therefore, the parser will work 

up to where it can when analyzing text, and provide a more-or-less complete analysis. Although 

the parser is not presented as such, in fact it performs a kind of upper-grade shallow parsing, 

building two-level syntactic trees: one level for main categories, phrases, and another one for the 

PoS involved in the syntactic phrases. The possible dependencies between these syntactic 

phrases are provided separately from the tree itself, as flat relations between two dependents. 

This tool will be presented here in more detail, as it has been selected as the parsing module in 

our system. The first reason for this choice is that it does perform robust incremental parsing, 

which makes it suited for analyzing flawed material; a second reason is that the whole parser can 

be modified, in order to produce custom parsing - it can be modified under all processing 

aspects, or at selected levels only. This last quality has been decisive, and the parser has already 

been modified. 

V.l.1.3.1. XIP's processing 

XIP is composed of three core modules that are included with XIP by default and two optional 

pre-processing modules. The core modules are: 

• Contextual disambiguation module: this module uses XIP rules to assign words features or 

categories according to their context. 

• Chunking module: this module segments linguistic units as a series of chunks or other 

groupings. 

• Dependency module: this module uses rules to identify dependencies between linguistic units. 
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The optional pre-processing modules are: 

• Normalization, Tokenization, and Morphology (NTM): this module provides the normalized 

form and all potential lexical information for each word identified, (included in our version but 

not modifiable) 

• Hidden Markov Model (HMM) disambiguator: this module uses the Hidden Markov Model 

algorithm to find the most probable grammatical category of a word according to its immediate 

context, (not included) 

Figure 1 shows module interaction. 
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Figure 1: Architecture of XIP. 

More than just a parser, XIP is a true specialist's tool for grammar analysis design and requires a 

good degree of expertise. In the above diagram, the ovals show modifiable modules. The non-

arrowed lines show alternative points in the process where to introduce input textual material 

which can come as mere text, or as pre-processed files (by another program) containing either 
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PoS or constituents, or XML-structured material. A t rans la t ion f i l e can be filled in order to 

put in correspondence XIP's nomenclature with that of any tool providing pre-processed input 

files. 

• Pre-processing tokenizes a piece of text into lexical nodes, each depicted by features recording 

the word's PoS, number and gender as well as information on lexical compatibility, as in the 

following example: 

e s t e t r e 
+en+pourSN+aSVINF+il+deSN+queP+avoir+aSN+SADJdeSVINF+SADJ+c 

ontreSN+locSN+deSVINF+SN+IndP+SG+P3+Verb+VAUX_P3SG 

Note that the above mentions that this verb (etre) is recorded as compatible with such 

prepositions as a, de,pour, contre, calling for either a NP (pourSN+) or an infinitive afterwards 

(deSVINF). 

• Input control rules contain such files as the translation file, to make sure that the input 

corresponds to what is expected at the level input is introduced. These rules can therefore come 

into play at three different levels. 

• Disambiguation rules come on top of the disambiguation module performing at the pre­

processing step. This further disambiguation works on immediate context and is part of XIP 

custom modules, to be created by the user/administrator. 

• The chunking module uses chunking rules to group sequences of categories into structures that 

can be processed by the dependency module. The rules are organized in layers and are applied to 

sequences of categories one after the other on the disambiguated input text. This one module 

contains basic rules, to be possibly augmented by custom rules in a layered manner. It produces 

outputs such as: 

NP{XIP} FV{est} NP{un bon analyseur} 

Or according to custom specifications: 

NP{XIP} FV{est} NP{un AP{bon} analyseur} 

• The dependency module produces the dependency relations between words or chunks. These 

dependency relationships can be specified by the grammar writer and may include standard 
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syntactic dependencies (subject, object, etc.), lexical modifications (noun modifiers, verb 

modifiers, etc.) or even broader relationships, such as inter-sentential co-references. Below is an 

example of dependency: 

SUBJ(es t ,XIP) and OBJ_SPRED(es t , ana lyseu r ) 

As well as, 

NMOD_POSITl(analyseur,bon) and DETERM(analyseur,un) 

Note that OB J_SPRED means that the object actually stands for a subject predicate. 

V.l.1.3.2. XIP Modification 

In order to enhance the quality of parsing, we have extensively modified XIP. The task of 

comparing two segments of text which should carry similar meanings, of which one is 

possibly/probably flawed, requires that the Reference segment REF is properly parsed. This is no 

place to show the details of the modifications, only relative to the amount, and type, of errors that 

come with standard XIP parsing. We only present the types of the errors, and the options XIP 

offers for customization. 

a. Errors 

i. Compound or complex nouns 

XIP is currently unable to recognize compounds or complex nouns. An example compound is 

singe lion or voiture pilote - the second word being either a noun or an adjective. An example 

complex noun is tete de lecture or reaction en chaine (« read head » or « chain reaction »). The 

major syntactic characteristic of such lexemes is that only the first noun can participate in 

sentence dependencies, as head of the second - the second having no other value than to modify 

the first. 

ii. Noun complements 

XIP records noun complements as NMOD (noun modifiers). This has the consequence that 

adjectives or nouns as well as noun complements and appositions are all analyzed as noun 
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modifiers - such as in the following example for les faibles reserves en fer de la femme 

(woman's scant iron level): 

NMOD_POSITl(reserves,faibles) 
NMOD_POSITl(reserves,fer) 
NMOD_POSITl(fer,femme) 

This is insufficient, because it puts on the same level elements which should not be. And it also 

drives the analysis to straight error - here, putting in a relation of dependency fer and femme. 

iii. Past Participle 

XIP systematically analyzes past participles as verbs, even when in adjectival relations. This 

produces major cascading errors. Similarily, when placed after an auxiliary, XIP is not able to 

detect a predicative function when the attribute is an adjective under past participle form. 

iv. Appositive Clauses 

An apposition is, typically, an adverbial phrase, or a clause headed by a present participle and 

introducing a noun modifying phrase, such as des femmes ayant de faibles reserves en fer 

(women having scant iron reserves). This also produces wrong attachments in cascade as the 

parser will take any forthcoming Prepositional Phrase as modifying the present participle. 

v. Verb Modifiers 

XIP takes anything placed after a verb that does not conform to the object pattern for a verb 

modifier (VMOD). These includes indirect objects, verb or phrase complements (old school 

adverbial complements), or straight noun modifiers. This is by far the most difficult issue to 

tackle, as these categories do not always lend themselves to description in terms of syntactic or 

PoS features, but are to be understood under lexico-semantic constraints. A typical example put 

in opposition manger une tarte a la creme (to eat a cream pie) and manger une tarte a la table 

(to eat a pie at the table). 

However, between dealing with an indiscernible lot of VMODs and coming with perfect parsing, 

a lot can be achieved refining XIP rules. 

b. Modifications 

XIP is configured and customized by the following files: 
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File Type 

Feature Declaration file 

Category Declaration file 

Dependency Declaration file 

Custom Lexicon file 

Controls file 

Translation file 

Grammar Configuration file 

Rules file(s) 

Function 

to declare the features used to describe words 
and to create rules working on them 

to declare the categories under which to 
record words and sequences of words 

to declare the tags used to describe 
dependencies 

to declare features and/or categories to be 
added or replaced for existing words 

Contains information about the automatic 
features of XIP, including features that are 
appended to nodes and substrings used to 
split input text into a sequence of categories 

to declare translation rules for translating 
tags coming from an external source to XIP 
tags 

to declare all the files constitutive of the 
grammar - not all need to be present 

Contains the layered rules 

Table 3. XIP's files for grammar customization. 

Therefore, XIP can be modified to a various extent and in various scope. Using variables and so-

called TRE (Tree Regular Expression), one can create a whole variety of rules, designed to 

manipulate data at any step of the tasks necessary to syntactic parsing (tokenization and PoS 

tagging, disambiguation and dependency analysis). They can intervene before, during or after 
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standard parsing. Below the rule types are briefly presented, without going into the details of 

admissible operators and computational scope. 

• Valence rules: to modify a word's feature set. 

1. Default Feature Specification (DFS): composed of two lists of features. The list on the 

left provides a condition and the list on the right provides the set of features that should 

be instantiated. 

2. Feature Co-occurrence Restriction (FCR): same syntax as DFS; but the two lists are 

conditions: if the left side applies, then the right side must too. 

• Split rules: break the input stream into processing units. These rules are part of the input 

control rules. 

• Disambiguation rules: disambiguate the most likely category(s) given a word's context. These 

rules are layered, and can thus be mixed with other types of rules: 

layer> r e a d i n g s _ f i l t e r = | l e f t _ c o n t e x t | s e l ec ted_read ings | r i g h t _ c o n t e x t | . 

The reading filter is expressed in terms of categories and features. Conditions can be optionally 

implemented using the where (condition) keyword, for instance to test the values of features 

coming from different words. 

• Chunking rules: to group PoS under syntactic categories. 

1. Immediate Dependency (ID): layered rules to assign PoS to a syntactic category, 

regardless of the order. 

2. Linear Precedence (LP): associated with the preceding. Used to put order in the 

words/PoS coming in the syntactic categories. They can be layered or not, depending on 

whether the rule should apply to a given ID rule, or be a general constraint on the whole 

grammar. 

• Sequence rules: a refinement over the above, as these rules can express context conditions. A 

good way to reshape chunks based on very specific patterns, but these rules do basically the 

same job as chunking rules. They are also layered, and can for instance isolate specific sets of 

words from general chunking. Plus, they can work on either a shortest match or longest match 

mode. Also handles the where (condition) keyword. 
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• Dependency rules: they take the sequences of constituent nodes identified by the chunking 

rules and identify relationships between them. These rules can also reshape already established 

dependencies based on conditions expressed at node level (i.e., on the features values of words). 

• Marking rules: used to instantiate specific features on nodes (words already placed on the tree) 

or sub-trees - therefore different from Valence-rules. 

• Reshuffling rules: used to reshape sections of the tree. They are layered, and can be mixed 

with chunking rules. In a way this is similar to sequence rules, but acts on syntactic categories 

already detected by chunking rules. 

We have modified XIP in order to meet as much as possible our needs: having reference's 

material well parsed. The tools offered by the software to manipulate the analysis are good to 

work at local level: to disambiguate words, to change one-to-one dependencies between phrases 

or word's nature and to refine over nodes amount and order inside a phrase. Defining long­

distance attachments between sentence's kernel and sentence's modifiers - that is, between two 

or more groups of phrases - has been left to post-processing independent of parsing. 

We have succeeded in correcting some of XIP's analysis flaws. One type of error that cannot be 

corrected with total accuracy concerns verb modifiers, in that they can be mistaken for some 

noun modifiers. Below is an example. 

Le tabagisme, par exemple, gene le passage du sang a trovers le placenta. 

(Tobacco use, for instance, interferes with the flooding of blood through the placenta) 

Note that par exemple isn't properly caught by XIP - this is an adverbial expression (even if 

there is no adverb in it - the function is the same), and the parser does not know how to treat 

such expressions when they are distanced from the head of the sentence (here, by commas). This 

is typically the kind of problem left to post-processing, as modifying XIP for that purpose would 

require too much machinery and expose to too big a risk of error (due to distance) for the 

simplicity of the problem. In addition, XIP ignores the notion of sentence modifier. 

However, in the above example, a trovers le placenta is analyzed by XIP as VMOD to gene, 

while it is actually NMOD to passage. XIP would properly analyze a sentence as passer le bout 



125 

du nez a travers laporte, but would equally wrongly analyze proposer une idee de promenade a 

travers les bois - and so would CI01. This can only be controlled by lexico-semantics means, 

and is therefore left unsolved in our project. 

V.1.2. Post-processing 

As the parser does not always produce analyses that are both correct and complete at the same 

time, a layer of post processing for syntactic analysis is necessary. A property of the parser is 

that it will stop parsing when confronted with attachments it cannot resolve, instead of trying to 

find the most likely attachment; in other words, the parser stops before committing an error in 

the analysis. Post-processing the output of XIP can help to clarify distant attachments - specially 

as XIP is merely fooled by commas; or rather: XIP does not know how to use comma positions 

in order to disambiguate between possible attachments. The parser cannot make a difference 

between the two complements. 

(28) Le chat a laisse filer la sour is ayant mange sapdtee. 

(The cat let go away the mouse which has eaten its slops) 

Le chat a laisse filer la souris, ayant mange sapdtee. 

(The cat let go away the mouse, having eaten its slops) 

Solving such a problem evidently looks straightforward. If the complement is not separated from 

the main proposition by a comma, the attachment belongs to the first noun to its left - while in 

the presence of a comma, the attachment belongs to the head of the main proposition. In its 

present state of modification, the parser only properly captures the first structure - the second is 

left unanalyzed (no attachments between ayant and any left element). Therefore, we believe it is 

easier to solve the issue through post-processing than through modifying XIP, which would 

involve a high risk of error due to the generality of XIP Tree Regular Expressions. 

Another purpose of post-processing is to properly map the sentence into richer dependency 

depiction of the relations between the sentence words (or analysis nodes). This requires that co-

reference relations be solved. It is only partially done by XIP: the parser only solves subordinate 

conjunction co-reference phenomena. Eventually, VMODs relations should be expressed in 
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terms of the preposition that introduces the PP rather than in terms of the noun that heads the PP-

included NP, to differentiate between various prepositions which do not bear the same semantic 

charge (think of the meaning difference between preposition de and prepositions a trovers de or 

dans le cadre de). 

Below are two examples of XIP's incomplete analysis (only trees are shown here, to save space). 

As we succeeded in modifying the parser up to dealing with cross-punctuation attachments, such 

as shown below (and the unsolvable confusion between some VMODs and NMODs introduced 

by some prepositions), hereafter are shown the kinds of problem we encounter due to the 

presence of commas - therefore, the shown errors are the only ones. 

• Example 29: Comparison Prepositional Phrase. 

0>GROUPE{SC{Dans ce s c o n d i t i o n s , NP{la c i r c u l a t i o n } AP{sanguine} PP{du 
NP{foe tus}} FV{est d e t o u r n e e } } PP{vers NP{les o r g a n e s } } AP{nobles} , PP{comme 
NP{le c o e u r e t l e c e r v e a u } } , PP{au d e t r i m e n t du NP{re in}} .} 

(Under those circumstances, the fetus's blood circulation is turned away in the direction of noble 

organs, such as the heart or the brain, at the expense of the kidney.) 

Prior to modification, parsing would produce an attachment between Comme le coeur et le 

cerveau and est detournee. Modified, it leaves the PP as a free clause, to be properly put into 

dependency during post-processing. Note that this is left to post-processing, as simple as it is, 

because this actually recovers other PP attachment problems, such as au detriment du rein. 

Treating this with a separate program seemed simpler. 

• Example 30: Apposition: 

0>GROUPE{SC{NP{Ils} FV{revendiquent}} NP{le droit au labeur} PP{dans NP{un 
univers}} SC{BG{ou} NP{1' age} FV{constitue}} NP{un handicap} , GV{affirmant} 
SC{BG{qu'} NP{ils} FV{en ont}} assez IV{de devoir} IV{recourir} PP{aux 
NP{artifices}} AP{cosmetiques et chirurgicaux} IV{pour travestir} NP{le leur} 
• } 

(they claim the right to work in an environment where age represents a handicap, assessing they 

are fed up with having to use cosmetic and surgical artifices in order to modify theirs) 

This roughly corresponds to Example 12. Here, affirmant attaches to subject Us. 

• Example 31: Sentence Apposition 

0>GROUPE{SC{NP{la p r e s e n c e de sang} e t PP{de N P { p r o t e i n e s } } PP{dans NP{les 
f e c e s } } AP{humaines} FV{est}} NP{un i n d i c e } PP{de NP{AP{nombreuses} 
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maladies}} , par exemple NP{des saignements} AP{associes} PP{a NP{un ulcere}} 
• } 

(the presence of blood and proteins in human faeces is an evidence of numerous diseases, for 

instance bleeding associated with an ulcer) 

Note that this is a different case from Example 29, as the clause is not headed by a preposition, 

and the structure is not recorded at parsing as a single P phrase. XIP does not know yet again 

how to deal with clauses headed by par exemple. This adverbial expression is recorded as an 

adverb and therefore acts as a VMOD on its own (to est); while des saignements associes a un 

ulcere (bleedings associated with an ulcer) is separately attached to the same verb. Note also that 

des saignements can be analyzed as a PP (as de nombreuses maladies (numerous diseases)) or as 

an NP (the case here), which is very much debatable. Actually the whole par exemple clause 

needs to be attached to the whole sentence - it is trivial but has to be done. 

The two phases of parsing and postParsing processing amount to a mapping of REF's material. 

This needs to be done as perfectly as possible as the quality of the mapping puts a condition on 

the overall quality of the assessment. The postparsing module is currently being built. It uses 

rules showing a mix of syntactic and lexical clues. The syntactic categories work at the phrase 

level, therefore, the attachment to be recognized involve large chunks of text. The lexical clues 

are all grammatical words - for now prepositions, and it does not seem we need more. 

V.2. Dynamic Lexical Resources 

The term denotes third-party software-output lexical information rather than just text form 

encodings. Semantic Similarity and spellchecking both call for the inclusion of such resources, 

as the lexical items for which to obtain similarity or orthographic information are numerous (max 

= all of a language words). The fixed lists previously mentioned as lexical resources (verbs and 

prepositions) include a maximum of several hundred words. The reason for this is both to set a 

limit on manual additions to the system as well as to minimize the transformations necessary for 

portability from one language to another. 
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V.2.1. Orthography 

The spell checking module contained in the system is custom-made, based on pre-existing 

components. It follows a design common to most spell-checker, particularly Aspell. In this 

design, a word is first converted to a code; the code is then compared to a dictionary, or lexical 

basis, of correctly spelled word. If no match is found for the word, the words with equal code 

value compose the correction suggestion. Equality is computed by means of the Levenshtein 

distance. Therefore, the implementation requires the following resources: 

1. a correspondence basis between letters and symbols 

2. an exhaustive lexical basis of correctly spelled words 

V.2.1.1. The Soundex algorithm 

The soundex algorithm, or method, dates back to 1918 (R. Russell, M. Odell, US pat 1261167). 

Soundex converts consonants to symbols, to create a phonetic transcription of a word, following 

the idea that errors are made on vowels rather than consonants - with the exception of the first 

letter, converted directly. The symbols can vary - in the original version, letters were used only 

for the first soundex of a word, that is the first letter ; following consonants were transcribed as 

numbers. Standard versions of soundex converters produce four-symbols codes only. 

We use a version of soundex adapted to French pronounciation. We borrowed the code as a perl 

package from J-M. Pennel (2006) - although the implementation is straightforward: conversion 

of a word's consonants to symbols. In this version, the symbols are all capital letters ; this boosts 

the combination possibilities from 26 000 to 160 000 for four-letters codes. 

V.2.1.2. The Levenshtein Distance 

The Levenshtein distance has been named after its author, V. Levenshtein (1966). It measures 

the edit distance between two strings. Editing here corresponds to operations of deletion, 

substitution or insertion - and distance, to the number of such operations needed to convert one 

word into another. The editing distance between two words is proportional to letters difference, 
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in number or form, or to the rank of these letters. The maximum edit distance between two words 

corresponds to the length of the longer one of these words. 

The implementation we use (D. Mistrut, 2002) is based on the Wagner-Fischer dynamic 

programming bottom-up algorithm, in which words' letters are compared orderly within a 

matrix, and the number of conversion operations adds up. 

V.2.1.3. Lexical base 

Our lexical base was so complete that we encountered a problem of over-fitting. Based on Lefff 

(2007) French lexicon, first intended to help PoS annotation and syntactic disambiguation for 

syntactic parsing. The words comprise information on grammatical values of number and gender, 

as well as sub-categorization frames. It includes lots of technical words directly borrowed from 

English, which can create problems in a project like this one where most students are 

Anglophones (for instance, system is included). However, we've extracted the words from the 

base to create a lexicon for the spell-checker. It currently includes 352 964 tokens. 

V.2.2. Synonymy 

As we have seen in section IV.2.1.1, the notion of Word Similarity coincides with that of 

synonymy. Synonymy can be extended to relations of hypernymy/hyponymy. In METEOR 

(Lavie & Argawal, 2007), a new metric to assess the quality of Machine Translations, words 

contained in source and target sentences are aligned according to three factors, one of which is 

an extended notion of synonymy including hypernymy/hyponymy (the authors never mention 

Semantic Similarity or Relatedness). These synonymic relations are acquired through WordNet. 

However, extending their approach to other languages including French, the authors failed to 

find freely available thesauri save WordNet for English. Thesauri for some language of the 

European Community exist, as for French, but they are costly and perhaps obscure 

(EuroWordNet 99). Notably, these thesauri seem to be rarely mentioned in the scientific 

literature on semantic similarity as we have found no mention of their usage. This metric is 
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worth being mentioned as the older metric it challenges in the field of MT, BLEU, has been used 

to assess the validity of free-text answers in a CAA context (Perez & al., 2004). 

As well, the relation of semantic similarity is logically three-way: similarity, non-similarity and 

opposite (not taking into account the possibility of relatedness). In semantic-taxonomic terms, 

the relation between two words with respect to similarity can be antonymic. 

Memodata is a French provider of various NLP resources. The Alexandria suite includes a 

synonymy bank built over multiple resources coming on top of a reference synonymy dictionary 

(CRISCO)'' : these include several other synonymy and standard dictionaries, bilingual 

dictionaries, as well as the WordNet (Miller, 1995) and Balkanet ontologies (Tufis and al. 2004). 

The bank is actually installed on a server and sends an XML output file when interrogated about 

a given word. The files are intended for machine processing and are therefore hardly eye-

readable. These outputs provide information on 1/ definition(s), 2/ synonyms, 3/ translations, 4/ 

usage, 5/ derivates, and 6/ antonyms. 

An example of the original Memodata output file for word approche (to come/get close to) is 

shown in Appendix B. 

This file is recorded in the entry approche and exhibits the word in noun and verb forms, 

together with synonyms for its various senses, idiomatic usage and translations. 

Three main pieces of information are of interest in our project: synonymy, antonymy and 

grammar-lexical preference (prepositions). Thus, in its verbal form, we can learn from the list of 

synonyms <SYN> that rapprocher is synonymous with approcher and that s'approcher comes 

with preposition de: 

<SW ENC='n'>006A006F0069006E006400720065</SWX/WD><WD L='fr' W= ' 4 ' ><W 
L='fr'>rapprocher</W> 

And 

<SW ENC='n'>007300270061007000700072006F0063006800650072</SWX/WDXWD 
L='fr'><W>s'approcher de</W> 

As the basis includes information on derivates, it is quite easy to detect synonymic links across 

PoS - although the list of derivates is usually limited to a maximum of four lexemes. The method 

simply consists in adding the derivates of word 1 in the search for a match with the synonyms of 

11 As this dictionary of synonyms is nameless, we will thereby refer to it as Memodata. 



131 

word 2. By the time of the system's completion, we found that this approach has been followed 

by Snow (Snow and al., 2006) together with lexical-syntactic alignment in his work on 

Entailment. 

Now, a possibility that Memodata does not offer, at least under the terms of our contract, is the 

exploitation of Wordnet's indices, mentioned in the information. This would be useful, as we 

would enable to enlarge the list of derivates and add hypernyms by performing searches on the 

maximum common index sequences on synonyms and derivates. 

So, eventually, the lexical relations graspable through the use of the Memodata bank are limited 

to derivates, synonyms and antonyms, with the addition of compound forms. 

V.3. Error Processing 

Error Processing amounts to the following activities: error detection and error identification, also 

named error diagnosis, and finally, if technically feasible, error correction. In practice, error 

identification and error correction come together. In the domain of CALL, these notions are 

associated with that of Error Analysis (EA). 

Although this project is not directly concerned with EA, we did produce an error analysis 

(section IV. 1). The analysis helped us to define broad error categories, necessary for our project. 

Now, although error analyses can result in typologies (Anctil 2005), they are rarely formal -

particularly, a disturbing point is that there are no standards on the question (other than that of 

grammar), and these analyses generally result in informal rankings of quantities of language 

errors. Therefore, we did not try any further to formalize our own analysis. Rather, we tried to set 

the error types into abstract categories corresponding to possible automatic treatments for 

detection, and diagnosis when possible. Here, let us say that categorizing errors with respect to 

the type of process best-suited to detect or correct them is an interesting issue - but it depends 

very much on the means of language analysis, as well as on the studied language itself. A formal 

comparative study of the performance of various processing solutions on a common training set 

of errors would make a promising challenge, but interestingly, no one seems to have taken up 

this research challenge. 
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V.3.1. Error Diagnosis 

The research in Error Diagnosis is mostly associated with CALL and ITS. This is surprising 

because other domains in NLP, or even perhaps information technology in general, could use 

Error Detection/Diagnosis techniques in some applications. In a way, this is already done to 

some extent: think for instance of spelling suggestions provided by search engines. In the domain 

of text editors, some tools offer grammatical checking help, whether in the form of integrated 

processing modules, such as Word grammar checker, or in the form of associated programs, as 

editing aids. But there is hardly a field of research dedicated to error detection/diagnosis, and it 

only seems to emerge within the waters of CALL (see for instance, CALICO's special issue on 

Error Diagnosis, 2003). Perhaps, in NLP's branch of syntactic analysis, the notion of Robust 

Parsing copes with the problem, but rather than treating it as a language error problem, it treats it 

as a parsing problem: this is the reason why, in Robust Parsing, breaks may not coincide with the 

actual error, as wrong attachments are forced when possible, and the benefit of break position is 

consequently cancelled. 

Here is what Bruce Wampler, the author of the Grammatik program (the grammar checker used 

in WordPerfect), said about grammar-checking to a NY Times journalist in 2002: 

[...] the grammar checking available today, 2002, is essentially no different than it was in 1992 

[...] Essentially, what has happened is that Microsoft has decided that its version of a grammar 

checker is 'good enough' and has stopped significant work on improvement. No one else in the 

world has the resources to build a better grammar checker. I'm fairly confident that if you ran 

your test through versions of Grammatik or other grammar checkers of around 1992-1994 that 

the results would be almost the same as you got with the most recent versions. And I'd bet you'll 

get the same results 5 years from now. (cited in Kies 2007) 

This to illustrate that Error Diagnosis - a major component of grammar checkers - has not 

received much attention as a field of research. 
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V.3.2. Solutions 

There are two main solutions that address the problem of language error in textual inputs: corpus 

annotation and syntactic constraint relaxation. The first consists in annotating corpora with types 

of errors, and, possibly, training a classifier on the annotated corpus. Golding (1995) has been 

the first to think of applying Machine Learning Word-Sense-Disambiguation (WSD) methods to 

the case of error diagnosis. He showed how the correction of homophonic errors could be done 

using a corpus on contexts around the tokens they're, their and there. This technique of using 

corpora to help error diagnosis has been explored but only superficially. As we saw in section 

IV. 1, the FRIDA corpus annotated for the FreeText project has only been used to create a 

typology of errors (Granger, 2003), and so has Anctil's lexical typology (2005), which has not 

even been set within a defined CALL or ITS project. Now, we know that such tools as the 

editing aid/grammar checker Antidote use corpus mining techniques to assess cases of lexical 

collocation - a task for which corpus-based techniques are appropriate. The art barely ventures 

beyond data mining. A true application of ML to error diagnosis is to be found in the ALEK 

(Assessing LExical Knowledge) error detection system (developed at ETS, Leacock & 

Chodorow, 2000), and builds on Golding's initial idea to produce an unsupervised classifier. The 

ALEK team uses enriched PoS tag bigrams and trigrams to compute the mutual information of 

the corresponding words in two corpora: one general and one composed of word-specific 

sentences (to help model some words' usage idiosyncrasies). Then these values are examined to 

detect improbable collocations, understood as errors, in a test set of TOEFL essays. The system 

obtained a 80% precision over a 20% recall. In spite of the results, a clear advantage of this 

method is its ability to work without a-priori knowledge of the errors - even if this poses the 

problem of adequate diagnosis. 

The second solution consists in augmenting a parser rule set with rules authorizing the syntactic 

inclusion of errors patterns, to be signaled in the output (see for instance L'Haire & Vandeventer 

2003b). This is known as syntactic constraint relaxation. After PoS tagging (or after chunking, 

depending on the systems), the binding of the elements (or phrases) is performed via context-free 

rules (or dependency rules), and these rules are selected by the application of grammatical 
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constraints. These grammatical constraints constitute the part to be relaxed in order to handle 

possible language errors. The relaxation of constraints is therefore done at chunking time (or 

dependency analysis time), and theoretically, easing chunking possibilities should lead to greater 

ambiguity. So, the relaxation of constraints asks for great care, based on the a priori knowledge 

of the error types. Here, detection and diagnosis go together. 

A major issue with this technique is its dependence on the parser - the parser and the error 

detection module are merged. There are two advantages to the technique. The first is to be able 

to produce full parses in spite of the presence of errors in the input (provided that the errors are 

of a handled type), with the addition of an error signal, and possibly diagnosis. The second is 

processing time, as parsing and error detection/diagnosis are the same process. 

Another parser-based technique for error detection/diagnosis uses error grammars (see for 

instance Schneider & McCoy, 1998). These are simply sets of rules to be applied as post-parsing 

input processing. The rules are called mal-rules or buggy-rules. Again, they necessitate the a 

priori knowledge of error types. 

Both approaches have flaws, as possibilities of errors are endless and corpora limited in size on 

the one hand, and on the other, augmenting a parser's rule set requires knowing the types of all 

possible errors, which seems quite impossible. According to our experience, there can be two 

major categories of errors, conceptually: errors following a given pattern of error, and errors 

disruptive of a given pattern of correctness. The two can coincide, but not always. For instance, 

in French, the use of the inquantifiable determiner form de le instead of the contracted 

determiner du is a pattern of error, even if it can be as well understood by the pattern of 

correctness it violates. Agreement errors are another example, and can conveniently be named as 

such. Now, a sentence like 32: 

(32) Elles etaient la Belgique (They were Belgium) 

cannot so easily be categorized for the reasons that there can be two correct forms given the 

error, and that the error is simply unusual. 

Having to fit these two categories within detection/diagnosis techniques is quite a challenge. 

Actually Error Diagnosis is a field of research which shows very few formal studies, and none 

complete, to our knowledge. 
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V.3.3. The present approach 

Our approach to error diagnosis is hybrid. In section V.1.2, we showed how the parser was 

modified. But this modification cannot really be understood as relaxation of syntactic constraints. 

First, the parser was modified to enhance the quality of correct material: to provide good parses 

for each reference text segment, based on the syntactic nature of incorrectly parsed segments so 

as not to overfit parsing (to enhance parsing of syntactic types, not just of given sentences). 

Second, we do not have access to the set of syntactic constraints used by XIP, as already 

mentioned. Third, XIP is already a robust parser, and it is quite tolerant with respect to language 

errors - the problem here is not to provide XIP with rules of constraint relaxation. 

When in the presence of an error, XIP produces a break or a hole in the syntactic analysis of the 

input. Therefore, the method of error detection/diagnosis consists more in exploiting these holes 

and breaks to try to diagnose errors. Add that XIP manages to provide good parses in spite of the 

presence of lower-level errors. For instance, agreement does not come into account in producing 

good parses (in Vandeventer 2001, the case study uses agreement errors as a demonstration of 

the method). This goes up to XIP tolerating confusions of content word types: for instance, XIP 

usually provides good parses even when the input has an adjective for a noun. So, our work on 

the parser has consisted in adding more constraints on the parsing, so as to force XIP to create 

holes or breaks when a rule is breached. This is described in section V. 1.1.3.2. 

In order to detect errors using XIP as a parser amounts therefore to providing means of error 

diagnosis for errors that do produce breaks or holes (syntactic errors) as well as for errors that do 

not (such as agreement errors). Error grammars are probably the best method to address both 

cases. 

V.4. Paraphrase and the Meaning-Text-Theory 

In section IV.3 was presented a review of paraphrase in linguistics, both formal and 

computational. In this chapter the Meaning-Text Theory is presented in more details in a first 
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section. In the second section, we show the rules derived form this theory as well as some 

adjuncts. 

V.4.1. The Theory 

The Meaning-Text Theory (henceforth, MTT) does not explicitly provide a model for the 

production or recognition of paraphrases, though its models naturally give directions and 

procedures for it. MTT considers language as a correspondence between sense and text. The 

correspondence is formally described by Meaning-Text Models (henceforth, MTM). In the 

models, there are seven levels of representation of utterances: semantic, deep and surface syntax, 

deep and surface morphology, deep and surface phonology. The levels are linked by rules, called 

modules. The semantic module of a MTM links a semantic representation (formally called 

RSem) to all deep syntactic representations (RSyntP) carrying the corresponding sense; the deep 

syntactic module produces for a given RSyntP all the synonymous surface syntactic 

representations (RSyntS) and so on. The representations are expressed by structures: the 

semantic structure is a non-linear network showing the propositional sense of an utterance in 

terms of semantemes and semantic relations between them; the syntactic structure is a 

dependency tree, showing lexemes and the syntactic relations uniting them; the morphological 

structure is a linear set of lexemes, and the phonological structure is a linear set of phonemes 

(See for instance Mel'cuk 1981 and 1997, Steele 1990, Polguere 1998, Kahane 2003 and 

Milicevic 2003b). 

V.4.1.1. Semantic Structure 

At sentence level, the semantic structure is decomposed into both a rhetorical semantic structure 

and a communicative semantic structure. The rhetoric structure is very theoretical and slightly 

undefined, the communicative is more practical and rather well defined. It controls the 

paraphrase possibilities and shows the following information, called oppositions, of which only 

the first two elements are compulsory: 
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• Thematicity: {theme, rheme, specifier} 

• Assertivity: {presupposed, asserted} 

• Given/New 

• Focalisation: {focalized, non-focalized} 

• Perspective: {front, back, neutral} 

• Emphasis: {emphatic, neutral} 

• Locutionality: {communicated, signalled, performative} 

This division of the semantic information frames the paraphrase possibilities within limited 

boundaries, and the more a sentence is specified, the more restricted are the possibilities. The 

richness of the model is expressive enough to show the difficulties the automation of this theory 

would create. 

V.4.1.2. Syntactic structure 

There is not much to be said of the syntactic structure in the MTT other than that it uses the 

theory of dependency grammar, and not phrasal grammar. The difference between the deep and 

surface levels of representation is that function elements of a sentence do not appear in the deep 

structure. Their definition is the task of the linkage from deep to surface level, and depends on 

the sub-categorization possibilities of the content lexicon involved in the deep syntactic 

representation. One must add however that the lexicon is also described in terms of lexical 

functions which can subsume the lexical representation of the trees, at deep level (think of 

WordNet categories subsuming words further below in the ontology). This is explained in greater 

details in the next section. 

This reliance on dependency grammar is where the MTT becomes of interest to our project. The 

research on MTT is quite fragmented, some researchers working on some aspects of the theory. 

This explains why in the space of the theory, some aspects are more defined than others. The 

MTT already offers rules of correspondence to express paraphrase possibilities for syntactic 

paraphrase - while there are very few such rules in what concerns semantic paraphrase, and these 
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rules call for the lexicon to be modelled following patterns beyond the reach of NLP, or in a 

form that we would call pseudo-formal. The semantic paraphrase rules use a lexicon defined in 

terms of lexical functions; therefore a dedicated lexical base has to be created, manually - the 

reason why we judge the model as pseudo-formal. Before listing the rules we use, the next 

section proposes an overview on the lexicon and the notion of lexical functions. 

V.4.1.3. Lexical Functions 

Lexical functions are formal tools used for the modelling of lexical relations, such as the 

phenomenon of restricted lexical co-occurrence and of semantic lexical derivation (Mel'cuk 

1996). There are three levels of lexico-functional specification: 

• Phrasal vs. Paradigmatic 

o Phrasal: specifiers, modifiers 

o Paradigmatic: synonyms, antonyms 

• Standard vs. non-standard 

o Standard LFs can modify a large number of words and take a large number of 

values in any language. An example is LF Magn specifying adjective or adverbs 

to be applied to nouns or verbs for the expression of "intensity" - very is a Magn 

specifier to any adjective. 

o Non-standard LFs apply to a limited number of words. Also called private, such is 

the case for the LF applicable to French: {has 366 days} -> "bissextile" ("annee 

bissextile" = leap year) 

• Simple vs. Complex vs. Configuration 

o Simple: an example of simple LF is A which puts in correspondence a noun word 

and its owner or actor, under this LF, A(war) corresponds to belligerent. 

o Complex: a combination of LFs. The complex LF IncepOper means "to begin to 

have" - an example of such a complex LF puts in relation the verb "to contract" to 

the source noun "disease". 
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o Configuration: for instance, Magn{disease) + A(disease) equals struck down. This 

seems to be highly theoretical, and not only difficult to formalize but also quite 

ambiguous. 

Here are some examples of lexical functions in context: 

Magn -> sense (intense/very) 

Magn(success) = great, unequivocal | antepos (in front of) 

Magn(to sleep) = profoundly , like a baby, like a stone, on his/her two ears, etc. 

SI -> sense (person/object doing [what is denoted by] L (current term)) 

SI (crime) = author [of ART ~] // criminal 

SI (murder) = murderer [N], assassin 

The set of LFs applies to a lexicon. In the MTT, the lexicon is carefully defined following the 

categories of the LFs. It's actually the cornerstone of the MT buiding, and we will now show 

some examples of words defined in the DEC (Dictionnaire Explicatif et Combinatoire - Mel'cuk 

& al. 2000) - a dictionary in-progress gathering the definitions needed for the theory to be put in 

practice12. 

Below is an example of a DEC entry. This is incomplete, as it does not include examples of 

lexical functions other than synonyms (it could as the list of LF is not fixed and one can think of 

modifiers to teacher requiring the definition of a LF: think of professor emeritus), and no 

collocations. 

TEACHER[N] profession 
def 
([X is a] teacher of Y to Z (at W)) « (|X is an] individual who professionally teaches 
subject matter Z (at the institution W)) 
fl 
QSyn: INSTRUCTOR, EDUCATOR, LECTURER 

12 A paper version of the DEC exists up to volume 4 - each volume containing about 2500 words. There is also a 
lexical base for the domain of Computer Science at the OLST (Observatoire de Linguistique Sens-Texte, Universite 
de Montreal), Dicolnfo, which contains 523 words. 
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sr 
Y = II = N 
Z = III = to N 
(W = IV = Locin N) 
ex 
Baltazar wanted to become a teacher of physics. He teaches English to adults 
<business people>. He teaches at the University. 

Table 4. An example of a DEC definition for word teacher. 

V.4.1.4. MTT and paraphrase 

MTT is presented by its advocates as the best model for paraphrase (Milicevic 2003a). The main 

reason for this is that in the MTT, the sense carried by language is considered as the invariant of 

paraphrases and language is understood as a mechanism to produce paraphrases. 

The MTT has created, or used, formal means usable for the modelling of paraphrase - notably, 

the languages for the representation of linguistic objects, semantic networks and syntactic trees, 

to be related by the necessary rules and controlled by lexical functions. The theory is attached to 

the definition of a lexicon oriented on semantics and rich in lexicographic information, contained 

in the DEC. True enough, till now there has been no implementation of an automated system of 

paraphrase production/recognition built on the principles of the MTT - at least no other than toy 

projects (see for instance Nasr, 1996). However, it is true that the theory took very early on 

interest in the study of paraphrase - in the perspective of language generation as the whole 

theory originates from work on automation, as said earlier (summed up in Mel'cuk 1981). 

J. Milicevic (2003a) has dedicated her work on the MTT to the study of paraphrase. She 

acknowledges herself that in its present state, the model is not complete enough to depict the 

phenomenon entirely - according to her, the study of paraphrase within the MTT is to be done in 

breadth more than in depth for reason of the theory lack of completeness. She insists however 

that the MTT is a suitable theoretical frame for the production of paraphrases in the following 

terms: 

The production of speech is an activity more linguistic than the comprehension of speech. 

Ideally, the speaker knows in advance what she wants to say and to whom she speaks, and only 

needs purely linguistic knowledge to produce an utterance staring from a given sense (pre-built). 

Contrary to this, to understand an utterance implies, on top of linguistic knowledge, the resource 
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of extra-linguistic knowledge - logic, pragmatic, etc. For this reason, the linguistic 

correspondence is easier to study on the direction of synthesis. Some linguistic phenomenon can 

only be discovered from the point of view of synthesis [...]. Therefore, for the MTT, the main 

question is how to express a sense S in a language L? rather than What can an utterance U in a 

language L possibly mean? In that sense, the language activity amounts to no more than to the 

production of synonymous expressions, that is paraphrases. From that, to describe a language is 

to describe its synonymic means. 

The description of the means of production, based on patterns of synonymy, should be more than 

enough, theoretically, to make possible the activity of paraphrase recognition. Note that, here, 

synonymy is to be understood as more that just lexical synonymy, but this theory represents the 

best we have found in order to address our present problem of paraphrase recognition. 

V.4.1.4.1. Syntactic Paraphrase in the MTT 

The rules we used are adapted from Milicevic (2003a). The rules are organized according to two 

main parameters, as follows: 

• Lexical: 

o Synonymic substitutions: 

• Synonyms: Xopposes Y -> Xfights against Y 

• Synonymic expression: photosynthesis -> photosynthesis phenomenon 

o Antonymic substitutions: 

X is likely to stay 

X is unlikely to leave 

o Converts substitutions: 

• Simple: Xfears Y -> Yscares X 

• Complex: Xfears 7 -> Yis scary for X 
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o Derivative substitutions: 

The socialist voters -> the socialist vote 

• Structural: 

o Fission / Fusion 

A lexeme, or phrase if illustrated from the point of syntax, is broken into several 

related pieces. 

Ex: aristocrat -> person from the aristocracy 

o Re-tagging 

A lexeme, or phrase if illustrated from the point of syntax, is assigned a new category. 

Ex: cat -> a feline mammal (here, fission implying re-tagging) 

o Transfer of a dependant to a new governor 

Ex: My neighbour's cat -^ my neighbour has a cat 

o Inversion 

Ex: The flag of Canada -> Canada's flag 

The structural categories usually combine themselves; examples of the categories and their 

combination will be shown with the enumeration of the rules covered in this project. Note that 

one lexical category cannot be automatically recognized: that of converts. This is a problem that 

has not found a solution to date in NLP. 

The rules are exploited in their dependency form: two sets of dependencies are put in relation, 

with common words represented under their indexed PoS category, the index is that of the 

position of the word in the ordered dependency chain. In the system, a sentence is first parsed -

the resulting dependencies of Ref and S are compared to each other; should a synonymic / 

antonymic / derivate relationship be discovered between the two sentences, the 

synonyms/antonyms/derivates are replaced by tags such as: SYNrc / ANTOn. Derivates are 

treated as synonyms. For instance, the sentences: 

They are friends -> They are not foes 

are first parsed: 
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1. SUBJ(be,they) 
OBJ(be,friends) 

2. SUBJ(be,they) 
OBJ(be,foes) 
NEGAT(be,not) 

and then normalized over indexed PoS categories and lexical relation (here, antonymy between 

friends and foes): 

1. SUBJ(VERBl,pron) 
OBJ(VERBl,ANT01) 

2. SUBJ(VERBl,pron) 
OBJ(VERBl,ANT01) 
NEGAT(VERBl,adv) 

The dependencies, or a subset of them, are then sent to a paraphrase module which compares the 

pair with rules such as this: 

OBJ((VERB[0-9]),(ANTO[0-9]))-* OBJ(z0,z 1 ),NEGAT(zO,pron) 

Note that the zn symbols are indices referring to items identified in the left portion of the rule. 

VERBrc, ANTO/7, etc. are anchors for the vocabulary common to the sentences candidate to 

paraphrase. The above rule recognizes that are friends and are not foes are equal in term of 

sense. The subject dependency is discarded for perfect equality in the two sentences: they are. If 

the subject relations were not equal, they would not be discarded and the paraphrase rule would 

not be able to empty the dependency sets of S and Ref alone. 

Note that in some cases, the PoS categories can be lexicalized to enforce a greater degree of 

control - for instance: NEGAT(zO,pron_rco(). 

V.4.2. Rules 

Below are the rules supported in the system. All the rules stored in the paraphrase base are 

presented. However, due to some lexical relations being difficult, or impossible, to detect 

automatically (converts, support verbs), some rules can only control the PoS of an item, and not 

its lexical validity. We signal those cases by the f symbol. Another limitation is also due to the 

quality of the synonymic base, which provides support words with inconstancy - the Republic 
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entry provides Republican State, or fog provides curtain of fog, but Photosynthesis does not 

provide Photosynthesis Phenomenon. These are severe limitations to the module, but at least it 

enables the syntactic validation of the compared structures. 

Instead of the actual rules, expressed in terms of dependencies, we only show examples of 

sentences covered by the rules, for clarity. Each example corresponds to one rule. Note that some 

categories of paraphrase are naturally equivalent in the dependency analysis; this is the case for 

subject omission: 

Balthazar took his pill and he calmed down -> Balthazar took his pill and calmed down 

as well as for some subordination correspondences: 

The woman I love lives next door -> / love a woman who lives next door 

V.4.2.1. Rules from the MTT 

The examples are English examples - as the rules are interlingual, they hold for French 

comparable utterances. 

1. Synonymic Substitution: 

a. Simple: 

Where's my car? -> Where's my drive? -> Where's my coach? etc. 

b. Change of function: 

Balthazar calmed down as he breathed deeply 

Balthazar calmed down after a deep breathe 

2. Synonymic Substitution with Fission: 

a. Noun to Noun: 



Photosynthesis -> Photosynthesis Phenomenon 

b. Noun to Adjective: 

Republic -> Republican State 

c. Metaphoric 

Fog -> a curtain of fog 

3. Synonymic Substitution with Support Verb Fission \: 

a. Simple Support Verb: 

/ respect him -> / have respect for him 

He limps -> /ze H>a/fcs wzY/2 a limp 

The samples must be analyzed -> the samples must be submitted to analysis 

To translate accurately -> To make an accurate translation 

b. Support Verb of an Agent Noun: 

Oswald has murdered Kennedy... -> Oswald is the Kennedy's murderer... 

Balthazar cooks well -> Balthazar is a good cook 

c. Support Verb calling for an adjectival form of the initial verb 

He knows about the case -> He is aware of the case 

He forgets things -> He is forgetful 



4. Antonymic Substitutions: 

a. Simple Antonymic Substitution: 

He is likely to stay -> He is unlikely to leave 

Employment goes down -> Unemployment goes up 

5. Antonymic Substitution with Fission: 

a. Simple: 

To like -> not to dislike 

Balthazar keeps his temper -> Balthazar does not lose his temper 

b. Propagated to Dependants 

To feel good -> Not to feel bad 

They are friends -> Tftey are not foes 

I find her attractive -$ I do not find her unattractive 

I am doing this with hesitation -> / am not doing this without hesitation 

Everybody knows the rules -> Nobody ignores the rules 

6. Convert Substitution t : 

a. 2 roles: 

I fear the consequences -> The consequences scare me 
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b. 3 roles: 

The duke has given that teapot to my aunt 

-> My aunt was given that teapot by the duke 

-> That teapot has been given to my aunt by the duke 

c. 4 roles: 

They charged me 100 dollars for the repair 

-> I payed them 100 dollars for the repair 

-> I spent 100 dollars on the repair 

d. Convert Support Verb 

The general gave this order to Wolfgang 

-> Wolfgang received this order from the general 

The proposal to modify the status comes from the assembly 

-^ The proposal of the assembly bears on a modification of the status 

e. Simple Non-Verbal Convert f 

Penelope is sure that Ulysses will come back 

-> That Ulysses will come back is sure to Penelope 

-> Ulysses' return is sure to Penelope 

Gus is Balthazar's employer -> Balthazar is Gus'Employee 

f. Support Non-Verbal Convert f 

Canada is a big exporter of wheat to the USA 



-^ The USA is a big importer of wheat from Canada 

7. Convert Substitution with Fission f: 

a. Patient Convert. 

Gus hugged Balthazar -> Balthazar got a hug from Gus 

The police are investigating the case 

-> The case is under investigation by the police 

b. Adjective Support Verb Convert 

/ doubt the truth of his statement -> The truth of his statement is doubtful to me 

8. Simple Derivate Substitution: 

The socialist voters -> the socialist vote 

9. Derivate Substitution with Fission: 

The latest measures will affect 50% of the workers 

-> The latest measures will affect 50% of the workforce 

10. Derivate Substitution with Head-Switching: 
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a. to Adverb13: 

They retaliated by burning the village -> They burned the village in retaliation 

Balthazar ballooned across the Pacific -> Balthazar crossed the Pacific ballooning 

It is clear that he will come back -> He will clearly come back 

A huge number of people showed up -> People showed up in huge numbers 

b. to Adjective: 

The insufficiency of the resources may cause problems 

-> Insufficient resources may cause problems 

The excessive use of this drug may cause... 

-> Used excessively, this drug may cause... 

Japanese countryside -> Rural Japan 

11. Head-Switching with Fission: 

This is known intuitively -> This knowledge is intuitive 

He sleeps soundly -> He is a sound sleeper -> ! His sleep is sound 

12. Implication Rules: 

a. Causation of Changing State -> Change of State \: 

He put the baby to sleep -> The baby fell asleep 

He started the engine -> The engine started 

13 In the MTT, adverbs are understood as verb modifiers which do not fill an agent position. They include adverbial 
phrase. 
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b. Causation of State -> State f: 

He was sent to jail -> i/e is my'fljV 

c. Start of State -> State f: 

77ze baby fell asleep -> the baby sleeps 

13. Translation Rules: 

a. Autonomous: 

S7ze wishes to travel -> S7?e wishes for a trip 

The dogs bark -> 77ze t/og 's 6arA 

77z/5 ZS a /rMf/r -> This is true 

b. Induced f: 

S7ze analyses the samples in a standard way 

-> She submits the samples to a standard analysis 

This is evidently true -> This is an evident truth 

14. Verbalization/Nominalization of the Syntactic Head: 

The prices rise -> The price rise -> The rise of prices 

15. Syntactic Restructuring: 
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a. Coordination -> Subordination: 

The temperatures cooled down after the 40's but started to rise again after the 70's 

-> The temperature which cooled down after the 40's started to rise again after the 70's 

b. Conditional -> Relative: 

People can join if they have a ticket -> People who have a ticket can join 

c. to Subordination \: 

The temperature of the warm period 

-> The temperature that prevailed in the warm period 

d. Subordination to Participle: 

Orders which comes from the top -> Orders coming from the top 

The rise in temperatures which was observed 

-> The observed rise in temperatures 

As the above shows, two kinds of lexical relations cannot be automatically captured: converts 

and support verbs (the paraphrase relations which cover those cases are noted with a f)-

Therefore, the detection of paraphrases obeying these two patterns can only happen syntactically 

- this yields possibilities of not detecting errors, of the lexical kind: the presence of a bad convert 

or support verb. But at least, the admissibility of a paraphrase structure is accounted for. 
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V.4.2.2. Adjunction of rules 

On top of the paraphrases patterns adapted from the MTT, several other patterns have been 

included in the base. Sometimes the MTT provides patterns of paraphrase equivalence which 

show a quite high level of complexity, as the MTT's rules are built on examples - therefore 

simplified versions of the paraphrase rules have been added. 

Also, we added some paraphrase rules resting on lexical information, when it was felt that the 

lexical adjuncts involved in the transformation did not as much add lexical or semantic content 

than induce a shift in the discursive paradigm. Actually, these cases are treated in the MTT as 

patterns of semantic paraphrase. But we have no means to process these cases as 1/ the semantic 

paraphrase rule set is incomplete in the MTT, and as 2/ for lack of a lexical function definition 

procedure, we would have very little means to control the validity of the lexical adjuncts in the 

transformations (converts and support verbs are already an instance of these adjuncts, but they 

occupy a syntactic position necessary to the well-formedness of the sentence with respect to the 

original lexical information, and this principle of composition is constant, independently of 

semantics). So these cases of paraphrase patterns have been created from the experience we have 

of the observed paraphrases in the answer test set, and not adapted from the MTT - though, in 

practice, it makes little difference. 

Below are listed these two kinds of rules, divided in two categories: purely syntactic and lexical. 

V.4.2.2.1. Syntactic 

1. Transformations from Adjective Attribut -> Adj Epithete -^ Infinitive V -> conjugated V 

->Noun 

E.g. gestation est ecourtee -> gestation ecourtee -> ecourter la gestation -> ecourte la 

gestation -> raccourcissement de la gestation 

(pregnancy is shortened -> shortened pregnancy -> to shorten pregnancy -> pregnancy 

shortening) 
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2. Transformation from Noun Complement -> Simple Sentence - the noun complement is 

preceded by an attribute or action verb 

E.g. [...] la baisse des eaux -> les eaux baissent — note that this is slightly different from 1, 

here no transformation to Adj is possible; therefore, it's an addition to 1. 

(lowering/dropping of the water level -> The water level lowers/drops) 

3. Transformation from Noun Complement, to be reduced to only one of the head/modifier 

noun + noun structure. 

E.g. Des cris de detresse -> Des cris 

(crys of distress -> crys) 

E.g. Des enregistrements de cris de detresse -> Des enregistrements or Des cris (de detresse) 

(recordings of crys of distress -> crys (of distress) or recordings) 

4. Transformation from a Definite Article -> Indefinite 

This type of reformulation is actually taken into account inside higher-level paraphrase 

possibilities (see Lexical ex 4). 

V.4.2.2.2. Lexical 

1. Transformations from Attribut du Sujet + Subordinate -> Simple sentence 

E.g. Le rat est un animal quipossede [...] -> Le ratpossede [...J 

(The rat is an animal which has [...] -> The rat has [...]) 

2. The same, but where the Attribut du Sujet is modified by a PP 
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3. Transformation from Noun + PP -> NP + VP + NP (V replaces Prep) 

E.g. Des couples avec de la difficulte [...]-> Des couples qui ont de la difficulte [...] 

(Couples with troubles [...] -> Couples who have troubles [...]) 

4. Abstraction on the paradigm of possibility 

E.g. Le temps de gestation est ecourte -> Le temps de gestationpeut etre ecourte -> [...] La 

possibilite d'avoir un temps de gestation ecourte 

(Pregnancy is shortened -> pregnancy can be shortened -> [...] possibility to have a 

shortened pregnancy) 

5. Transformation from C'est... que/qui (Focus -> Simple Sentence) 

E.g. C'est la couleur que jeprefere -$ je prefere cette couleur 

(It's the color I prefer -> I prefer this color) 

With elision of the thematic noun: 

E.g. C'est la couleur rouge que je prefere -$ je prefere la rouge 

(It's the red color I like best -> I prefer the red) 

6. Polymorphism of attribution 

E.g. le ratpossede un systeme cardio-vasculaire -> Le systeme C-Vdu rat 

(the rat has a cardiovascular -> The rat's cardiovascular) 

E.g. unefleur avec epines -> unefleur qui a des epines. 

(a rose without thorns -> a rose which has no thorns) 
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Note that this is only to control reformulation, not to monitor it14, as a vast number of counter­

examples can be found. The system relies on the student's good sense. Plus, the sets do not 

pretend to exhaustion of paraphrase possibilities - a research subject in itself, and one which 

passes the scope of a PhD thesis, or so we feel. 

Explanations of an S/Ref pair paraphrase processing will be given in the corresponding section, 

as all patterns of paraphrase are not equally processed. 

In conclusion to this section on paraphrase, only a partial answer has been found to our problem 

of paraphrase recognition. We showed that theories and even formalisms to explain or express 

the various kinds of paraphrases do exist, and that in the course of linguistics history, these 

theories and formalisms have evolved into a more and more precise definition of paraphrase -

but also that they are far from being machine-ready. We believe that the formalism and theory 

proposed by the MTT encompass the only comprehensive approach to paraphrase processing. 

Practically, the set of paraphrases assembled in this way has been sufficient to enable recognition 

of syntactic paraphrases coming from our set of student answers, as will be shown in the Results 

section, although cases of failure did happen and will be explained. 

14 Think of the difference between controlling and monitoring as the same between language production and 
understanding: monitor rules could participate in producing language, as they are deterministic, while control rules 
can only help understanding as their validity is context dependent. Therefore these rules do not fit within the criteria 
of MTT - but this is one limitation of adaptation anyway. 
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Chapter VI. Evaluation and Results 

In this section, we present the results of the automatic assessment of our student's answers set. 

To evaluate properly the automated validation of free-text answers amounts to an evaluation of 

all aspects of the process, as well as their interaction. Some aspects have been defined and 

implemented for this system, while others come from third parties. So, along with a single 

measure of accuracy, various measures of the system performance will be given following the 

definitions mentioned in the introduction. As well, methods for the definition of gold standards 

and baselines at the various steps of the evaluation are discussed subsequently. 

VI.l. Introduction to the aspects of the evaluation 

In our work, the notion of success or failure does not apply to an answer, but to the verdict of the 

system. Besides, as the system has certain capacity to detect errors, and correct some of them, 

error detection is also to be evaluated in terms of success or failure. We should also evaluate the 

language modules that help the analysis: the parser, the synonymy bank and the paraphrase 

pattern bank. 

Note that in an appendix E all the answers are given together with an explanation of the given 

verdict. 

So, theoretically, success can occur in the following quantitative terms: 

• Assessing the student's answer to the question: 

o Good answer 
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o Wrong answer 

• Detection of syntactic errors (high-level syntactic errors): 

o Provoking a break in the syntactic analysis 

o Or, excluding words from the analysis 

o Provoking a correct but inappropriate analysis 

• Detection of a language error (Low-level syntactic errors): 

o Orthographic 

o Agreement 

o PoS selection 

• Synonymy detection: 

o Retrieval of a good synonymic link (from synonymic bank) 

o Retrieval of a wrong synonymic link 

o Failure to detect a good synonymic link 

• Paraphrase: 

o Recognition of a paraphrase pattern, or failure 

Some of these terms could also be evaluated qualitatively. This would amount for the system to 

giving a judgment correcting the error(s), or driving the user to correct the answer provided with 

adequate material, accordingly: 

• Assessment of the answer 

o What's missing if the answer is partially good 

o What's correct in a wrong answer, if anything 

• Syntactic or language error: 

o Solving the error, either by: 

• Identifying precisely the nature of the error 

• Giving a solution, or all 
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The remaining terms are deterministic and so cannot be evaluated in another way than binary. 

We mentioned the aspect of qualitative success as, in this project, some work has been done in 

order to provide judgment on the error type when high-level syntactic errors happens and are 

detected. But this is quite unreliable and very incomplete as the task is difficult. Commercial 

editing aids simply do not cope with errors at this level, so we are unashamed of having barely 

succeeded. An interest of this partial work is to provide tactics to cast light on the sentence's 

elements which are implicated in that kind of errors: the words at error position, the 

subcategorization frames of these words, etc. 

Practically, the results should also be evaluated relative 1/ to the form of the answers, and 2/ to 

the question, taking into account the following: 

1. Whether the answer, if good, is an exact match or a reformulation of the reference - in 

other words, the share of reformulations correctly evaluated. 

2. The share of syntactic reformulation within the set of correct answers - semantic 

reformulations simply cannot be automatically recognized. 

3. The share of correct answers which have not been detected due to problems with third 

party components: 

o direct errors: 

• Parser errors 

• Synonymy errors 

o indirect errors: due to the limitation in the system's modules responsible for the 

exploitation of these third party components. 

4. At question level: 

o The ratio of correct judgments 

o The ratio of semantic reformulations 

o The ratio of syntactic over semantic reformulations 

o The ratio of non-grammatical answers 
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o The ratio of clumsy utterances15 

The figures for items 1, 2 and 3 are of interest to the evaluation of the system itself, while some 

aspects of item 4 are of interest to the activity (of free-text open-question answering assessment) 

in general. The idea is that as the science can only correctly evaluate some types of answers (and 

this is an observation not limited to this system), it should be interesting to distinguish between 

types of answers which more or less motivate semantic reformulation, or reformulations in 

general. 

Finally, figures of correctness should be given for the third party components per se: this 

amounts to the accuracy of the parses for the parser, and the presence or absence of a sound 

synonymic link within the synonymy basis. 

VI.2. Baseline 

Baseline measures can be defined for some aspect of the evaluation only - those aspects for 

which baseline evaluation methods can be devised. As it seems, such is not the case for 

synonymy detection, paraphrase recognition or error detection, although this depends on the 

definition of the concept of baseline itself. Usually, a baseline for a given computing problem is 

established on the basis of competing or anterior processing approaches to this problem, but here, 

there are none. So the baselines are conceived as the simplest possible process to solve a 

problem. We present below the baseline methods for each aspect of the evaluation when possible 

or else explain why no baseline could be defined. 

15 Clumsy utterances are sentences showing a somewhat correct but inappropriate language form, either for reasons 
of lexical selection - selecting words contextually misplaced or misused - or for reasons of bizarre syntactic usage. 
The main challenge with such answers is that they may show structures impossible to assess in terms of paraphrase. 
Therefore, the candidate answer cannot be corrected nor be judged wrong, as it is not incorrect syntactically, and it 
cannot be, or can barely be, recognized as a correct answer - or when it is, the judgment of correctness turns to be 
abusive. To sum up, such sentences are neither good or bad, and impossible to assess in principle. 
A not too extreme example of such a sentence is (independent of the gender agreement errors): la systeme cardio est 
la meme systeme pour Vhomme et pour le rat. (The cardio system is the same system for the man and for the rat). 
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VI.2.1. General assessment of answer correctness 

We use the simplest way to measure that an answer is the right answer to a question: exact match 

with the reference answer. By exact match we mean that the student answer should be equal to 

the reference both in lexical content and in syntactic structure. However, we point to two 

remarks which should further constrain the baseline. 

VI.2.1.1. Partial answers 

The first and most constraining remark concerns the partial or complete nature of the answer 

compared with the reference. The overlap between S and Ref can be complete or partial, as most 

questions only necessitate a fragment of the reference answer to be correctly answered. But this 

aspect of completeness is dual, at least in principle: completeness can be read at phrase level, or 

at intra-phrasal syntactic level. To admit intra-phrasal partial completeness amounts to including 

the means of syntactic pruning in the baseline. As free-text answer validation is new, even if this 

project is not the only one of its kind, and as the research starts from scratch, including syntactic 

pruning amounts already to a departure from a baseline, and to the inclusion of a degree of 

reformulation in the baseline, so it is excluded from this baseline measure. This means that 

overlap can only happen at phrase level in the definition of this baseline. 

To admit that overlap can be partial at phrase level implies that the use of a parser is necessary to 

the definition of a baseline - otherwise, the delimitation of phrases in the sentence cannot be 

performed and there are no means to distinguish between the phrasal units composing the 

sentence. Choosing to include means of parsing in the baseline amounts to a debate between 

evaluating the answer at sentence or dependency level, content or structure. We believe that both 

are admissible, but both approaches induce a bias in the baseline, and the preferred bias should 

follow the requirement of the application (actually, this question of bias is also valid for syntactic 

pruning). 

If the answer material is to be evaluated at sentence level, good answers only can be detected, as 

exact matches are always good answers; this would induce a precision bias. If the answer 
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material is evaluated at dependency level, some dependency relations could be suppressed in a 

rule-based manner. But then, the baseline could find correct answers which aren't, as we have no 

means to distinguish necessary parts from optional adjuncts (think for instance of verbs which 

can be both transitive and intransitive - then, cutting the complement is admissible, but what if 

the complement is contextually necessary?). This approach would induce a recall bias. It is 

another debate whether the application requires giving preference to precision over recall, or the 

contrary. But we chose to favour the precision bias, as otherwise favouring the recall bias could 

open a door to other means of computing a baseline which would drive the measure away from 

the needs of the application: to judge an answer to a question as correct or incorrect. In practice, 

the results as they are show a 100% precision in what concerns success: answers assessed as 

correct. Therefore, correctness of the answers drives the baseline method, which should maintain 

perfect precision. 

VI.2.1.2. Extraneous material 

The second remark has to do with the admissibility of extraneous material. The question is here 

whether a candidate answer with material absent from the reference answer can be judged correct 

in the baseline if this candidate answer also shows an exact match with the reference. This 

remark is secondary to the remark on partial answers, as in any case, whether augmented or not, 

the candidate answer has to be a correct answer. Here, we believe that the solution to the 

problem should follow the way in which the same problem is solved in the implemented system. 

The system halts the evaluation of the answer material's correctness to what it can assess as 

correct; therefore extraneous material cancels any judgment of correctness for what has been 

otherwise recognized in the candidate answer. The system in its state is quite conservative: any 

answer that shows content material absent from the reference is judged wrong, even if it shows 

otherwise what should be of the reference (See section III.2.1). This is the procedure. 

Now, note that some extraneous material is admissible in the system, when it appears as intra-

sentential adjuncts such as adjectives or adverbs - or noun complements in general. In other 

words, adjuncts are admissible only when they do not affect the thematic structure of a sentence 

with respect to the reference answer. To control that extraneous material does not affect the 

thematic structure, extraneous material can only modify words which are themselves modifiers 
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in the reference at the level of subjects, objects and verb modifiers. So, in order to reflect this 

state of things, the baseline should also rule out answers containing extraneous material affecting 

the referential thematic structure. 

The example (33) shows a reference sentence - examples (34) show a sentence whose thematic 

structure is not affected by an adjunct (34a), and two whose themes are affected (34b, c) : 

(33) Un chaperon est mis pour eviter les distractions de son oeil de faucon pendant le 

transport sur son lieu de travail. 

(A hood is put to stop the distractions of its hawk's eye during transportation to its 

workplace) 

(34) a. Un chaperon est mis pour eviter les distractions de son ml de faucon pendant le 

transport de I'oiseau sur son lieu de travail. 

(A hood is put to stop the distractions of its hawk's eye during the bird's transportation 

to its workplace) 

b. Un chaperon est mis pour eviter les distractions de son oeil de faucon pendant le 

transport sur son lieu de travail, done sa aide avec les distractions} 

(A hood is put to stop the distractions of its hawk's eye during transportation to its 

workplace, so it helps with the distractions) 

c. Un chaperon est mis par le technicien pour eviter les distractions de son oeil de 

faucon pendant le transport sur son lieu de travail. 

(A hood is put by the technician to stop the distractions of its hawk's eye during 

transportation to its workplace) 

In conclusion to this remark, the baseline is an exact match to the reference - in other words, the 

simplest way to automatically assess the correctness of a segment with respect to a reference. 

This excludes parts of the question in the candidate answer. Syntactic pruning is ruled out at both 

sentential and phrasal level, but its opposite, the presence of extraneous material (which amounts 

1 Examples are presented as they are in the student's set, inclusive of possible language errors, which is the case 
here. 
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to syntactic augmentation), is admissible when it does not affect the thematic structure of the 

sentence. This last point implies that eventually the baseline should be measured from the answer 

as a set of dependencies rather than as an answer, and so it admits at least the sophistication of 

syntactic parsing. 

VI.2.2. Specific baselines 

The question of defining baselines for the subtasks involved in the general assessment of correct 

answers is examined in this section, and we explain why no baselines have been devised for 

these subtasks. The subtasks are error detection, synonymy recognition and paraphrase 

recognition. Note that the questions of baseline measures for the performance of third-party 

components are not considered here, but only the processes exploiting these components. 

VI.2.2.1. Error detection 

As it is, there are two kinds of errors to be detected, as we make a distinction between syntactic 

errors which produce a break in the analysis and errors which do not produce such a break. 

In the system, the first kind of errors are errors which challenge the sentence's correct syntactic 

analysis and are detected by means of one single process. This process can detect either breaks in 

the analysis or words excluded from the analysis. The second kind of errors deals with language 

inconsistencies within dependencies, such as agreement, and are detected by heuristic means of a 

set of rules. The rules work on both the set of dependencies and the set of grammatical features 

attached to each word, i.e, a set of dependencies whose words are composed of sets of attributes. 

As a matter of fact, applying these rules to the sentences is a primary task which could not work 

in any other way, except by means of machine learning. A rule attribute is atomic, and the sets of 

attributes compose a closed item to be matched binarily with a canonical reference - only the 

elements on which rules work could be different. However simplistic baseline measures can be, 

they still have to emit a judgment based on some measurable material. So, the aspects of errors 

are presented in turn, to see if any measure simpler than what we use can be defined. 
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• Syntactic errors producing either a break or exclusion of a word: 

These errors are to be detected in terms of position, as we said. This can only work on the 

syntactic analysis provided by the parser, or else the baseline would be more complicated 

than the process as it is: it could be 1/ pattern matching, but the set should contain a possibly 

infinite set of structures, not to speak of ambiguity, or 2/ a machine learning approach, but 

we have no corpus. So, the process already represents a baseline, so to speak. Besides, as an 

error appears as a break or a missing word, the question is more to know whether the parser, 

as modified, makes proper way to error detection by systematically producing breaks or 

excluding words when in presence of an error. So, there is no baseline for syntactic errors 

detection. 

• Orthographic errors: 

Here, baseline measures could be defined, but only for orthographic error detection, and not 

correction. For instance, the words in the candidate answer could be compared with those in 

the reference and judged erroneous when showing only a single-character difference with the 

correspondent in the reference. But then again, the baseline would be more complicated and 

costly than the process as it is, and we know in advance that the results of this baseline would 

be worse than those of the process measured, which gives perfectly good results except in 

one or two cases. So, here again, no baseline is provided. 

• Agreement errors: 

Agreement errors are evaluated based on the sentence's words' feature sets. The definition of 

a baseline can only rest on the comparison of features, however simplified, so then again, the 

way in which agreement errors are evaluated in the system already constitutes a baseline. 

Now, the feature set is acquired through parsing, therefore a baseline could be defined using 

features simpler to access, such as morphological suffixes, or the use of a lexical base - all to 

be exploited in rules. But that would be another complex procedure for a quasi non-problem, 

as the agreement error detection module works very well as it is. 
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• Part-of-Speech selection: 

Some categories are incompatible for syntactic dependency, such as determiners and 

adjectives. In the system, the rules to check this matter of consistency constitute a set by 

itself. But the rules work on the indices of PoS categories present in the syntactic feature set 

obtained after parsing for each word, so the problem is the same as that of agreement errors, 

one of binary control, and no baseline is defined here. 

VI.2.2.2. Synonymy Recognition 

There is no baseline for synonymy detection. The problem of detecting synonyms is of the same 

kind as detecting agreement errors: discrete - either the information is present or absent, and 

there is no refinement in between. Besides, baselines are interesting to problems only solved up 

to a certain degree of success. Here, the synonymy detection procedure is often defaulted, but not 

for reason inherent to the detection procedure in itself. A baseline could be provided using a 

simpler bank of synonyms, as that of Memodata is already quite complex, in spite of its 

incompleteness, but that would be a big effort for results of little interest, or so we believe. So, 

no baseline has been defined for synonymy detection. 

VI.2.2.3. Paraphrase Detection 

The problem is different than that above, although here too the decision is binary: a sentence B is 

a paraphrase of sentence A or it is not - recall that the paraphrase recognition process works on 

maximally pruned sentences, so that the question of partiality does not hold. The difference is 

that paraphrase recognition is no primary task and involves processing steps that make it 

complex: paraphrase recognition is no heuristic task. 

As implemented in the system, paraphrase detection works at dependency level, and it involves 

the possibility of lexical reformulation. Sets of dependencies are paired in relations of 

paraphrase. But this could be depicted in other ways - for instance lexically, putting pairs of sets 

of ordered words in relation. This at least says that a simpler paraphrase recognition process 
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could be defined - as it is, the process is already slightly above the level of a baseline; or else it 

would make a good baseline measure for a machine learning paraphrase recognition system, or 

for a system motivated by lexical functions. It is located at an intermediate point of complexity. 

Another difference is that of the nature of error: when a student produces a sentence that is 

thought to be a paraphrase of a reference, in case of error, is the error an error of paraphrase or an 

error of language? This is debatable: the error could produce a syntactic malfunction, or only an 

ambiguous structure. Working at the level of dependencies minimizes the impact of such errors, 

as low-level syntactic errors are bypassed at parsing time, which enables both to recognize the 

paraphrase relation, as well as to detect or solve the language error in some other step of sentence 

processing. Therefore, simplifying the process of paraphrase recognition would reduce the 

parallelization possibilities, and the comparison with the process as it is would be skewed. To 

devise a baseline for paraphrase recognition is an interesting challenge, but a complex one. As 

the only cases of failure to recognize paraphrase in the system come from reasons other than 

procedural, we leave this question aside. 

Eventually, we only come with baseline figures for the system as a whole. The fact that no 

baselines are provided for the subtasks is due to two main reasons: 1/ that establishing baselines 

would require processing efforts exceeding those in the system itself, and that 2/ the subtasks 

show very few direct errors - the errors are due to parsing or clumsy language. This means that 

at best the baseline could match the performances of the subtasks as they are. It seems that the 

question of gold standards is more important. 

VI.3. Gold Standard 

All the answers have been evaluated manually. In this section, we explain how this has been 

done, and the kind of information selected for establishing the gold standard. This also gives us 

the occasion to take a look at what is not evaluated by the system, as some aspects of language 

correctness are not. The gold standard measures are richer than baselines, and we believe they 

are more important. 
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VI.3.1. Marking Scheme 

The question of the marking scheme follows the orientation on quantitative or qualitative 

evaluation. Here, the marks are binary: good or bad - but the items of evaluation, as presented in 

the preceding section, are multiple, so that there is a balance between quality and quantity in the 

scheme. The exact items evaluated in the gold standard are presented at the end of this section. A 

mark established on a numeric scale could even be attached to each example, but that is not our 

priority. This would be interesting if the system were more than a prototype study. Besides, if all 

aspects of the quality of an answer are equally interesting in order to judge an answer in the 

context of Second-Language Learning, such is not the case in this context of automation, as we 

know that some processes work better than others. Orthographic and agreement errors are easier 

to detect and to solve than other types of errors, so they are of a lesser scientific interest. 

As it is, we believe that a binary marking scheme of the diverse aspects of correctness is enough 

to provide a precise evaluation of the system. 

The evaluation of the answers was done by this researcher as well as by a former FSL teacher of 

the University of Ottawa's Second Language Institute. The evaluation was conducted on the 

basis of agreement between the two parties, so that the question of consistency of the manual 

evaluation does not arise. The procedure of agreement between annotator seemed realistic due to 

the small size of the test set, showing no real conflicting cases, and any case of ambiguity has 

been resolved by assigning the answer a label of correctness. We are, however, aware that any 

larger experiment would have to take into account the rate of annotator disagreement. 

The next sections deal with how errors should be identified and the modalities of the 

identification, with respect to comparing a gold standard to the system's results. 

VI.3.1.1. Identification of errors 

• Content: 
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Some answers showing contents which might be interpreted as good answers have been judged 

wrong when the contents reflect parts of the reference text which have not been retained as part 

of the reference answer. This is questionable, but the gold standard is used to assess the system's 

performance rather than answers. Besides, these cases are recorded as such and constitute a 

specific subset of "wrong answers". 

• Language: 

The question of style and of language usage, or cohesion, has been left aside, as this is not dealt 

with in the automatic process, even if the style and usage are important in the context of SLL. 

Our aim here is to only evaluate what is evaluated by the system itself. Therefore language 

correctness amounts here to syntactic and grammatical correctness. 

VI.3.1.2. Mode of identification 

• Detection vs. correction of language errors: 

Another important aspect of the evaluation has to do with the expected gap between detection 

and correction of language errors, as already mentioned. So a distinction between both should be 

made at the time of evaluation. Some language errors are easy to detect and correct while others 

can only be detected. Editing aids are good indicators of what automated results should be 

squarely put against a human evaluation, and what should not, or at least, cannot be hold as being 

a product of design inconsistencies. 

Therefore, in the experiment, detection only should be pertinent to the evaluation for high-level 

errors, such as those producing breaks in the analysis, while detection and correction are 

pertinent to the evaluation for lower-level errors. This is a tricky aspect of comparing a human 

gold standard with the system's evaluation, as human correctors do not detect errors but identify 

them, and most often through correction. This represents a limit of the computationally-driven 

approach. See the next section. 
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• Format of high-level errors detection: 

The question of the format of feedback to high-level syntactic errors is important when 

comparing the results of the evaluation results by the system vs. the humans. In the system, 

feedback on these kind of errors is provided in the form of a structure break position in the 

sentence. This is not how humans work. Rather, the error is immediately identified in terms of its 

nature: i.e., the correct reference is what enables the human judge to identify an error, based on 

the context surrounding the error. Here is an example: 

(35) On pent les tirer parce que les rats sont des animaux qui out un systeme cardio-

vasculaire * tres * semblant * que celui des etres humaines. 

(We can draw them because rats are animals which have a cardio-vascular system very 

seeming that of the human beings.) 

The error is that 1/ the student took a present participle, semblant, for an adjective, and 2/ she 

used as a connector to the attached adjectival modifier, celui des etres humaines, a subordinating 

conjunction instead of a preposition. That is the likeliest case intuitively. But there could be other 

analyses of the error: for instance, that the student made a lexico-semantic error in selecting verb 

sembler instead of ressembler in this context, or mistook the lexico-syntactic behavior of a 

comparative quantity adverb (plus/moins...que - more/less...than) with that of simple quantity 

adverb {tres - very). These analyses are mutually exclusive. 

The system will detect a break at the * points, and will provide feedback based on this 

information - namely, that sentence analysis is split into two unrelated parts of which the words 

preceded by * are excluded. Therefore, the pedagogical value of the feedback is a function of the 

procedure's ability to break at the point of error in the sentence. A human judge would evaluate 

things quite differently, at best recording all the aspects of the error, and possibly providing a 

solution. The system judges the error as it is structurally, while the human judges as the sentence 

should be. The system is still able to tell the student that all words excluded are inadequate, but 

can barely state what they should be17. 

17 Actually, here the system does provide qualitative feedback: that celui des etres humaines can be attached to the 
verb without use of a conjunction, which is structurally true. The problem is that the student mistook adjective 
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Now, an interesting aspect of error identification by human correctors is that they tend to put 

errors within categories. In example 35, the errors can be characterized either as syntactic or 

lexical. Such is not the case in the system. 

In the case of correction evaluation, the rule is the gold standard, beyond human gold standard. 

In this way, if the system provides a good correction, it matches the gold standard even if the 

human evaluation has missed one possible explanation for having preferred another explanation. 

This is a clear advantage of our loose approach to human evaluation. Practically speaking, the 

sentence is evaluated by a human judge after the system has produced its own evaluation. 

• Multiple Errors: 

Errors are recorded as multiple when the sentence contains only one high-level error. Agreement 

and some lexico-grammatical errors do not trigger an exit from the program, so they can be 

detected together with high-level errors. Spelling mistakes have been corrected manually as the 

correction appears in a list form, following Levenshtein distance, which forces the program to 

exit - this not to reduce further an already small set. Eventually, low-level errors are counted as 

they appear, while high-level errors are only counted once per sentence. The motivation for this 

follows the procedure itself, which stops at the first error detected. 

VI.3.2. Topography of the gold standard 

To sum up and end this part on gold standard, the items of evaluation participating in the gold 

standard are: 

• Contents 

o Good or bad 

• Language 

semblable for verb semblant which is semantically wrong here. An admissible sentence using a present participle 
would be: ressemblant it.... As a matter of fact, the system can correct ressemblant que by ressemblant a. 
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o Low-level syntactic errors: 

• Orthography, identification and correction 

• Agreement, identification and correction 

• PoS Selection, identification and correction 

o High-level syntactic errors: 

• Detection 

• Correction 

So, some aspects of the system's evaluation have been left out of matches within the gold 

standard. It is the case for synonymy detection and paraphrase recognition, as the gold standard 

evaluates language at the scale of sentences and contents only at the scale of answers. Therefore, 

a synonymy error is a content error, and a paraphrase error can only be a language error, 

indistinct from a language error made on a near-paste of the reference answer (that is, without 

paraphrase). 

VI.4. Results 

VI.4.1. Evaluation Set 

For the evaluation, a set of 276 answers has been gathered among students of French as a Second 

Language of intermediary-advanced level, at University of Ottawa Second Language Institute. 

Six classes were visited, for a total of 180 students. The majority of students were females (only 

36 males participated). This is representative of a general tendency in FSL studies (or SLL), as 

language courses usually attract more females than males. As well, most of these students were 

English native speakers. 

This researcher went in class and presented each student with one text to read, accompanied by 

one or two questions to answer on paper. The origin of the texts is described in section III. 1.2.1, 
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but the number of texts used here has been reduced from 96 to 9 to limit the number of questions, 

and maximize the number of answers per question. 14 questions have been kept to ensure 

diversity of material. 

Students were asked to read the text and answer the questions in sessions of no more than 20 

minutes. 10 students answered only one of the two questions presented to them. Three answers 

have been discarded from the set resulting in a final test set of 273 answers. One was too long 

and resembled more a short essay than a one-sentence answer, one stated the inability of the 

student to understand the text and the last one, by the same student, was ill-formulated and 

incomplete to the point of unintelligibility. 

The texts numbered from 1 to 9 in table 5 below corresponds to: 

1. Comme un poisson dans I 'eau acide 

2. Coussin gonflable : Pourquoi ilpeut tuer 

3. Le cannibalisme humain a I 'epreuve desfaits 

4. L 'homme et son corps 

5. Les fauconniers de Vaeroport 

6. Carence enfer et temps de gestation 

7. Plus fertiles au sud 

8. L 'hypertension determinee des la viefcetale 

9. Epidemie d'hermaphrodisme chez les ourspolaires 

VI.4.2. General Results 

The general results are shown in table 5. The rows showing the figures are to be read as follows: 

1. Answers: number of answers, correct answers and (/) wrong answers. The number in 

parenthesis expresses the total. 
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2. Reform, (reformulations): number of reformulated sentences among the answers, 

syntactic or semantic - simply the answers which are not exact matches. Expressed in %, 

as share of good answers. 

3. Lang. E. (language errors): number of answers containing language errors, of the non-

detectible kind. Expressed in %. 

4. Syn. E. (syntactic errors): number of answers containing syntactic errors, detectable. 

Expressed in %. 

5. Success: figure of recall for answers recognized as good answers. Expressed in %. 

6. (and 10) Errors 1: share of good answers intercepted by error detection18. Expressed in %. 

7. Errors 2: share of good answers evaluated as wrong answers for reason of the presence of 

language errors - the figures are not shown for wrong answers as these answers are 

judged wrong in all cases. Expressed in %. 

8. Failure: figure of recall for answers recognized as wrong answers. Expressed in %. 

9. Precision: figure of precision for answers recognized as wrong answers only - precision 

for good answers is 100% in any case. Expressed in %. 

10. Errors 3: share of wrong answers intercepted by error detection. See Errors 1. 

Answers 

Baseline 
Reform. 
Lang E. 
Syn Err. 
Success 
Errors 1 
Errors 2 
Failure 
Precision 

Textl 
- Q l 

14/4 
(18) 

21.42 
78.58 

5 
5 

42.85 
7.14 
7.14 
100 

36.36 

Textl 
- Q 2 

10/5 
(15) 
30 
70 
0 

20 
50 
30 
0 
80 

66.66 

Text 2 
- Q l 

10/7 
(17) 

23.52 
76.47 

0 
17.64 

60 
20 
0 

85.71 
75 

Text 3 
- Q l 

11/2 
(13) 
15.38 
84.61 
7.69 

0 
63.63 

0 
9.09 
100 

33.33 

Text 4 
- Q l 

16/3 
(19) 
5.26 

94.73 
0 

11.52 
12.5 
12.5 

0 
100 
20 

Text 4 
- Q 2 
20 /2 
(22) 
10 
90 
0 

22.72 
45 
25 
0 

100 
25 

Text 5 
- Q l 

12/4 
(16) 
16.67 
83.32 
6.25 
12.5 

41.67 
16.67 
8.33 
100 

44.44 

Text 6 
- Q l 

11/9 
(20) 
9.09 
90.91 

5 
20 

36.36 
9.09 
9.09 
66.67 

50 

Syntactically erroneous answers are evaluated as good or bad following the gold standard, that is human intuition. 
Very often, the sentences are purely ungrammatical and difficult to correct (see Marking Scheme section), so these 
answers are left out of content evaluation. 
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Errors 3 0 20 14.29 0 0 0 0 33.32 
Table 5a. Results for Assessment of answers as correct or incorrect. 

Answers 

Baseline 
Reform. 
Lang. E. 
Syn Err. 
Success 
Errors 1 
Errors 2 
Failure 
precision 
Errors 3 

Text 6 -
Q2 

16/5 
(21) 
37.5 
62.5 
4.76 
14.28 
68.75 
18.75 
6.25 
100 

71.42 
0 

Text 7 -
Q l 

17/4 
(21) 

29.41 
70.59 
9.52 
14.28 
47.05 
17.64 
11.76 
100 
40 
0 

Text 7 -
Q2 

18/3 
(21) 

27.78 
72.22 

0 
23.8 
50 

22.22 
0 

66.67 
28.57 
33.32 

Text 8 -
Q l 

22/1 
(23) 
18.18 
81.82 
8.69 
17.39 
63.63 
13.63 
9.09 

0 
0 

100 

Text 8 -
Q2 

18/2 
(20) 
11.11 
88.89 

25 
10 

27.77 
11.11 
27.77 
100 

15.38 
0 

Text 9 -
Q l 

23 /4 
(27) 
8.69 

91.31 
33.33 
18.51 
21.73 
17.39 
39.13 

75 
17.64 

25 

TOTAL 

218/55 
(273) 
19.72 
80.28 
8.42 
15.75 
44.03 
16.05 
10.55 
85.45 
35.63 
14.54 

Table 5b. Results for Assessment of answers as correct or incorrect. 

We did not give a value of precision when measuring the assessment of correct answers because 

all answers assessed as correct are correct (row Success). This is due to the system's strictness, 

and this value of precision is therefore 100%. 

Now, a measure of the system's overall performance is difficult to establish precisely because 

some answers, good or bad, are blocked at error detection stage due to the presence of high-level 

errors (35 correct answers and 8 incorrect answers). Accordingly, we give two measures of 

accuracy: the first records blocked answers as missed and constitutes a conservative value, while 

the second, more liberal, does not take them into account, recording only answers that have 

passed the error detection barrier. Table 6 gives the performance values in absolute counts with 

respect to the assessment of both correct and incorrect answers. 

Correct 
Incorrect 

Total 
(273) 
218 
55 

Blocked 

35 
8 

True 
Positive 
96 
47 

True 
Negative 
47 
96 

False 
Positive 
0 
87 

False 
Negative 
87 
0 

Table 6. System's assessment performance in terms of answers absolute counts. Assessment performance 
counts are given in italics. 
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We can add the number of blocked answers to the performance counts to reflect the fact that 

these answers have actually not been assessed and that an ideal system should be able to assess 

content correctness even when language errors are present. In this case, the accuracy formula is 

as follows (TP, TN, FP, FN denote true/false negative/positive): 

(TP + TN) / (TP + TN + FP + FN + Blocked Answers) 

Blocked answers constitute a sort of third label, always to be added to the divisor. This will give 

a conservative 0.524 accuracy. Conversely, we can discard blocked answers on the basis that 

these serve to calculate the error detection performance value (see section VI.4.3), and that the 

presence of language errors made ambiguous the correctness of an answer. This will give a more 

liberal 0.62 accuracy. This last value is retained as our final accuracy, but we believe that both 

are actually valid results, and that the ultimate performance measure lies somewhere in between. 

This ambiguity on the value of blocked answers with respect to the assessment of content is also 

true for the rows Success and Failure in Table 5, which records blocked answers as missed. For 

convenience, Table 7 below sums up the performance values. 

Conservative 
Liberal 

Correctness 
44% 
52.45% 

Incorrectness 
85.45% 
100% 

All 
52.38% 
62.2% 

Table 7. Content Assessment Performance values summed-up. Values are given in accuracy. 

Comments on the number of incorrect answers 

All answers do not yield the same degree of incorrectness with respect to the reference. 

Particularly, question 1 from text 2 and question 1 from text 6 show a high ratio of incorrect 

student answers. Now, this seems to be independent of the Textual Explicit and Textual implicit 

distinction in question categories. Even though Ql/Text2 is a Textual Implicit question, 

Ql/Text6 is not, and the other Textual Implicit questions show a level of failure rather on the 

average of all questions. This is not the place to go into too great details concerning the causes of 

the discrepancies in failure rate between questions - a task for didactics. But we think it is 
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nevertheless a point of interest in the study of tutoring question answering strategies in the field 

of education, and we give some hints here. 

It seems that the syntactic complexity of a sentence affects the quality of the understanding 

students have of this sentence. The reference of Ql/Text2 is composed of two sentences linked 

by a relation of anaphoric co-reference. Besides, the succession of elements of causality in 

sentence 1 is tedious, but strict. In this case, there are several common causes of error in the 

student answers, originating from the syntactic complexity. The first is incompleteness where 

completeness is needed. Some questions can be answered with only a fragment of the reference, 

while Ql/Text2 needs the formulation of the full chain of causality contained in the reference to 

be intelligible as an answer to the question. Students tend to cut short and omit clauses of the 

needed answer (4 cases). The second is the student's inability to handle reformulation of the 

chained causality's form while preserving the sense. Here the error is more syntactic, but the 

mishandling of the syntax does not only yield error but skews the sense as well. More generally, 

the language error rate increases with the size of the complexity of the question, which seems 

normal. 

Now, for both Ql/Text2 and Ql/Text6, the questions are quite reformulated with respect to what 

is in the text. For instance, in Ql/Text6's question: 

(36) sur quel aspect de la grossesse les reserves enfer ont-elles une incidence ? 

(On which aspect of pregancy does iron level impact ?) 

aspect de la grossesse (aspect of pregnancy) is to be linked to temps de gestation (gestation time) 

- and the word incidence refers to a concept of logic and never appears in the text. This proves to 

be challenging for some students and it demonstrates the interest of this type of exercises. 

Finally, there is an ambiguity in Ql/Text6 on what constitutes the answer - again due to a 

causality chaining effect going from iron level to pregnancy and to women. As the question only 

refers to the first two, and as students tend to answer by explanation of the link of causality 

between iron level and women, they fall into the trap of ambiguity. 

Eventually, syntactic complexity, logical complexity in the relations between the clauses, and the 

degree of reformulation of the question compared with the text's reference, all seem to impact on 
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the level of failure to provide a correct answer. This is actually in relation to the degree of 

semantic reformulation in the answers (see section VI.5.1.2). 

VI.4.3. High- Level Error Results 

High-level errors are errors causing a disruption of the sentence syntactic structure. We gave a 

characterization of these errors in section IV. 1.2. Note that here, the category covers most 

syntactic errors - 1/ errors where a wrong or extraneous PoS prevent correct dependency 

association of clauses and constituents, or 2/ errors where the wrong function word is used for a 

given function PoS (here prepositions and conjunctions). 

VI.4.3.1. Results 

These errors are errors which should produce a break in the analysis around the point of error, for 

means of detection - the parser having been modified accordingly. But XIP is a complex piece of 

software, and sometimes bypasses errors. 

• Total number of such erroneous sentences: 47 

• Number detected: 33 

• Undetected: 14 

• False errors: 3 

• Precision: 90.9 % 

• Recall: 70.2 % 

Three errors were wrongly reported due to XIP's behavior: one shows a case of bizarre usage, 

another shows a square incapacity of XIP to analyze a conjunction of adverbs, and finally one is 

due to a polysemic word. The undetected errors show errors quite similar to detected errors, but 

in different contexts - XIP being very context sensitive. 
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Multiple high-level errors are another problem. Although it proved insignificant in our case (in 

only one case did the presence of multiple errors prevented the correct detection of the first 

error), it should be in a larger context. The only remark in this experiment is that a minimum 

distance should happen between two errors in order not to blur the whole sentence's structure. 

But our study is too small to come with to a final word on the problem - which is otherwise very 

parser dependent, as different parsers can follow different chunking strategies. 

VI.4.3.2. Comparison with Antidote 

To be able to judge the performance of the language error correction module, the results have 

been compared with the output of a commercial language checker - Antidote1 . Antidote is a 

parser and rule-based checker which aims at correcting errors of grammar, spelling and style. 

The software has been available for more than ten years and should constitute a very tough 

baseline against the error correction module included here. 

Surprisingly, Antidote does not really do better. True, the checker does correct some errors that 

our module does not, such as very specific error of infinitive as well as homophonic errors. But 

Antidote has a tendency to over-detect errors, and sometimes signals errors where there are none. 

Now, this does not reveal the quality of our approach as much as the extreme difficulty of 

language error correction, which accounts for the tendency of Antidote to over-correct: with 

greater sophistication rises the probability to fall into the traps of language ambiguity. This is 

particularly true in the context of SLL, and we believe that such tools as Antidote are inadequate 

to address the specificities of SL error correction. 

Here, we left aside spelling and agreement errors as we consider this a non-problem, at least in 

this context. The kind of errors that are of particular interest are high-level errors, affecting the 

well-structuredness of a sentence, as they are very common in SLL, and the hardest to detect and 

correct. Results on the performance of our framework are given in Section VI.4.2., and show a 

90.9% precision on a 70.2% recall in correctly identifying the location of the error in the 

sentence. Antidote works in the similar way and reverts to only giving a syntactic analysis break 

point as feedback when caught short of error correction capacity. Instead, an indication of 

19 Antidote, by druide, can be found at: http://www.druide.com/antidote.html 

http://www.druide.com/antidote.html
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syntactic analysis break is given. Note that the feedback is not expressed in terms of error 

possibility, but in terms of syntactic analysis incompletness. Antidote has values of: 

• Recall: 40.4 

• Precision: 82.6 

But Antidote corrects 84.2% of the identified errors, so that errors are not presented in terms of a 

point in the analysis, but as a corrected sentence. In other cases, the checker either declares itself 

unable to analyze a sentence, or provides a wrong analysis. In the eight cases where Antidote 

provides feedback as a break point, it is correct only three times. 

Table 6 shows a detailed view of the performance. Wrong Analysis means that the syntactic 

analysis is wrong, whether splitting the tree at the wrong place, or giving a complete but flawed 

analysis. No Analysis means that the parser does not output any analysis. 

Antidote 

Custom 

Precision 

82.6 

90.9 

Recall 

40.4 

70.2 

Detected 

/47 

19 

33 

Corrected 

16 

1 

Wrong 

Analysis 

9 

14 

No 

Analysis 

19 

0 

False 

Positive 

5 

3 

Table 8. Comparison with Antidote for high level errors. Custom refers to the error correction module 

implemented for this study. 

Ultimately, the judgement on the comparison should be mixed. Our implementation does better 

than Antidote at detecting locations of errors, and Antidote does better at correcting the errors. 

The latter was expected as Antidote is a professional product. We believe however such tools as 

Antidote not to be adequate to address the problem of second-language error correction directly, 

as they have not been designed for that purpose (see Kraif and Ponton, 2007), although students 

could use them in other writing contexts, as essay writing for example. The major impediment to 

a serious use in SLL has however more to do with the state of error detection and correction 

processing than with design questions. 
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VI.4.4. Agreement and orthographic errors 

PoS selection errors have been discarded of this part of the evaluation, as indeed they sometime 

produce breaks in the syntactic analyses, naturally, and therefore fall in the category evaluated in 

the previous section. Orthographic error evaluation results are expressed in terms of detected and 

recall, as well as undetected when a wrongly spelled word is still present in the word bank 

(usually for reason of being a word coming from another language and used in French in very 

specific contexts). Agreement errors are expressed in terms of recall only as detection and 

solution comes in pair. PoS selection errors constitute a category intermediate between low and 

high-level syntactic errors. Typically, some of these errors do produce breaks in the analysis, and 

have been taken into account in the preceding section. Here are only errors which do not produce 

breaks. 

VI.4.4.1. Orthographic 

• Total: 18 

• Undetected: 5.55 % (1) 

• Recall (the output shows the correct form): 80 % (15) 

Some orthographic errors are not solved either because the form appears as a neologism (out of 

context in the answers), or as word so misspelled that its correct form cannot be traced by 

Levenshtein distance. 

VI.4.4.2. Agreement 

• Total: 27 

• Recall: 85.18% 

• Undetected due to parsing error: 7.4 % (2) 

• Undetected: 7.4 % (2) 
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Undetected agreement errors are due to wrong attachments in the XIP output. 

VI.4.4.3. PoS Selection 

• Recall: 62.5 % (5) 

• Undetected: 37.5 % (3) 

Usually, PoS selection errors have to do with basic forms such as DET + NOUN structures, here 

mismanaged. When they are not detected, it is because of ambiguity in the selector. For instance, 

"de" can be both a determiner and a preposition. 

VI.4.5. Synonymy Results 

The evaluation is done based on the number of actual synonymic links in the texts. The measures 

of evaluation are precision and recall. Precision measures the number of correct links in the hits, 

and recall measures the share of links which have been recognized. Another interesting figure is 

that of erroneous links: words judged as synonyms in spite of any contextual link in the 

sentences. Those links cannot be put against the figure of actual links, as they are unintended. 

For this reason we give two figures of precision in the detected synonyms, one for the precision 

of the detections with respect to the existing links (i.e., detections based on a word which is 

involved in a relation of synonymy in the sentence), and one general figure of precision. 

Note that direct synonymy relations and cross-PoS relations (cross-synonymy) are merged here. 

Please refer to the section on Synonymy for the details of the detection procedure (Section 

V.2.2). 

• Total number of links: 32 

• Detected: 16 

o Recall: 40.6% 

o Precision: 
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- Wrt actual links: 100% 

• General: 81.25% 

• Undetected because of a parsing/Language error: 15.6% (5) 

• Undetected because of a match in Q: 12.5% (4) 

• Undetected because of absence in Memodata20: 21.9% (7) 

We also give figures of recall and precision of the synonymy programming function per se as 

most undetected relations are not detected because of 1/ either parsing breaks, orthographic or 

language errors in the answers, and 2/ the presence of the S' synonym candidate in the question 

Q. 

• Recall: 75% 

• Precision: 91.7% 

Eventually, there are only four links which has not been detected for reasons other than those 

mentioned. One is due to the detection method which triggers cross-synonymy detection based 

on a word's governing constituency - governors only are searched for cross-synonymy. 

Therefore a word which is not governing in a relation of dependency is discarded as a cross-

synonymy candidate. This is a limitation, but the contrary would increase the number of 

improper relations, as the cross-synonymy detection procedure increases the searches for 

matches exponentially. The three other failures are due to matters of ambiguity. In one case, a 

synonym in S has been put in relation to the bad one of two possible synonyms in Ref In the two 

last cases, the synonymic relations are ambiguous in themselves, and the words happened not to 

be in Memodata (link between "to have" and the two words "to present" and "to develop", in 

their medical sense). 

VI.4.6. Paraphrase 

But Memodata remains a quite good synonymy bank - it is only that one of the relations appeared four times, and 
it happened not to be in Memodata. 
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There are two distinct procedures to match paraphrases in the system. The first one, and most 

comprehensive, puts in relation sets of answer dependencies with rules of paraphrase 

equivalence, using specific bases of such rules. The second one puts in correspondence 

dependencies paths in a procedure specific to the mapping of the thematic structure of the 

sentence. This is a means to deal with paraphrases existing only at the level of phrases in the 

sentences: "sentence paraphrase" vs. "phrase paraphrase" so to speak. 

Here, as for synonyms, the results are merged as all phrases showing some kind of paraphrase 

pattern are defined as paraphrases. They are expressed in terms of recall only, as precision is 

100%. 

• Total number: 34 

• Detected (Recall): 41.2% (14) 

As poor as the recall figure appears, the failures are not due to the paraphrase detection 

procedure itself. Logically, all sentences showing paraphrase patterns and reaching the 

processing point of paraphrase recognition in good syntactic or lexical shape are recognized as 

paraphrases. All failures are due to 1/ errors in synonymy detection, 2/ bad or broken syntactic 

analyses, 3/ orthographic errors, or 4/ clumsy formulations. Concerning the last point, a lot of 

sentences have not been recorded as paraphrases for reason of clumsiness in the form - so that 

they are difficult to match against any pattern. 

As good or bad as the results may appear, the interest is more to know where and why failures to 

assess correct answers do happen. This is the subject of the next section. 

VI.5. Comments on the Results 

As shown in the preceding section, there can be several reasons to false judgments of failure in 

the process of assessing correct answers. These are mainly due to 1/ the use of semantic 

reformulation, 2/ the presence of language errors or clumsiness of usage in the answers, and 3/ 

the use of textual parts picked outside the textual part making the reference - a phenomenon we 
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refer to as inter-textuality. In this chapter, we review these reasons and indicate possible 

enhancements where possible, although these will be summed up in the Future Work section. 

VI.5.1. Semantic Reformulation 

The impact of semantic reformulation in answering is a severe qualitative limitation to the whole 

process of automatic assessment. In a way, it could be said that the incapacity to handle the 

assessment of such answers puts a question on the interest of any project of this kind - but we 

believe that this is a short answer. Little in Computer Science would exist today if the research 

community had expected immediate capacity to handle all aspects of computing problems - and 

even less in Natural Language Processing (think for instance of automatic translation). 

Semantic reformulation is not a simple notion - It too can be complete or partial, and it can 

depart more or less abruptly from the reference's content. Here, we retain as a definition of 

semantic reformulation a definition by default: any sentence that cannot be put in 

correspondence to the reference by means of lexical synonymy/antonymy as well as by means 

of syntactic reformulation equivalence - independently of this implementation. 

Here, we will measure the exact impact of semantic reformulation on the performance, and try to 

figure how this obstacle can be minimized. 

XV.5.1.1. Semantic reformulation in the results 

Table 7 shows the extent to which semantic reformulation affects the answers, both in general 

and at the level of each question. The figures indicate the share of partial and complete 

semantically reformulated answers within the set of all reformulated good answers for each 

question - reformulated includes exact match with extraneous material. Textually Implicit 

questions are in italics. The PC ratio row show figures for the ratio of partial reformulations with 

respect to all reformulations. 

Text 1 Text 1 Text 2 Text 3 Text 4 Text 4 Text 5 Text 6 
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Nbr 
All 
PC Ratio 
Complete 
Partial 

- Q l 
13 

38.5 
60 

15.4 
23.1 

- Q 2 
10 
30 
100 
0 

30 

-Ql 
10 
0 
0 
0 
0 

- Q l 
11 
9.1 
100 
0 

9.1 

-Ql 
16 

81.25 
53.8 
37.5 
43.75 

- Q 2 
19 

47.35 
55.5 

21.05 
26.3 

- Q l 
l l 

27.3 
100 
0 

27.3 

- Q l 
10 
50 
60 
20 
30 

Table 9a. presence of semantic reformulation in the answers set. 

Nbr 
All 
PC Ratio 
Complete 
Partial 

Text 6 -
Q2 

13 
15.4 
100 
0 

15.4 

Text 7 -
Ql 

17 
29.5 
60 

11.8 
17.7 

Text 7 -
Q2 

18 
27.8 
39.9 
16.7 
11.1 

Text 8 -
Ql 

20 
5 

100 
0 
5 

Text 8 -
Q2 

18 
16.7 
66.5 
5.55 
11.1 

Text 9 -
Ql 

23 
26.1 
100 
0 

26.1 

Total 

209 
29.1 
67.35 

9.5 
19.6 

Table 9b. presence of semantic reformulation in the answers set (cont'd). 

Several remarks can be made on these results, and these remarks can drive to conclusions even if 

careful as the quantity of data is scarce. 

Complete vs. Partial reformulation 

The figure of partial semantic reformulation is double that of complete semantic reformulation. 

This means that in more than 9 cases on 10, an automatic assessment system can still find 

content material to work on, as partial semantic reformulations respects, at least partly, Ref s 

thematic structure. Complete semantic reformulations simply cannot be processed. Note that 

there is a correlation between the degree of semantic reformulation, or reformulation in general 

(as expressed in table 7), and the value of success recall - see preceding section table 6. 

There can be two kinds of partial semantic reformulations - following the definition of 

extraneous material (see section III.2.1.2.1): one where a unique thematic structure (that of Ref) 

is modified, and one where Ref s thematic structure is doubled by another thematic structure 

(See examples 34 c and b). Dealing with the second kind is easier than with the first, as in this 

case the proposition making Ref s theme is usually respected - only expanded with an adjunct 

proposition. Dealing with the first kind of reformulations is more risky as the adjunct modifies 

the proposition making Ref s theme. 
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• Discrepancies between questions 

An interesting remark is that not all questions motivate the same degree of semantic 

reformulation, or so it seems. For instance, text 8's question 1 has a 5% semantic reformulation 

ratio, all partial, while text 4's question 1 has a 81.25% ratio, well spread between partial and 

complete. This difference naturally produces a wide gap between performances: respectively 

60% vs. 12.5%). This also seems to be independent of the Text-Explicit/Implicit paradigm: text 

4's question 1 is TI, but so is text 8's question 2 with only a 16.75% ratio. 

A simple variance calculation, adjusted by the quantitative importance of each question, gives a 

21.72 standard deviation value - a figure which does not require further tests of statistical 

significance. 

This should be tested more thoroughly, first to see if the fact is hard, and then to correlate it to 

question types - but that's not in the domain of computer science. What's in the domain of 

computer science is that a selection of questions could minimize the number of semantic 

reformulations, therefore the feasibility of computerization, should a discrepancy be confirmed 

between questions types in the motivation of reformulation. 

XV.5.1.2. Ratio of reformulations 

An interesting observation is that, just as not all questions yield the same failure rate, not all 

questions motivate the same degree of reformulation in the answer. Ql/Text8 has a level of 

semantic reformulation higher than any other question, and by a wide margin. An explanation for 

that is in the complexity of the reference, composed of three sentences showing content of high 

specificity. Students take short cuts from one point in the chain of causality to another, and this 

departs from the system's dependency analysis of the sentence. Besides, the complexity of the 

sentence contents drives students to use simpler reformulation. In other words, students tend to 

simplify the sentence at the two levels of language and of contents, and ultimately the 

reformulation is too deep for the system to handle. 
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Now, there is a difference in the nature of complexity, compared to the complexity that 

motivated higher failure rate (see section VI.4.2). Here, the chained causality is more conjunctive 

than transitive, and the relations of cause-effect stand as different ways to explain a phenomenon 

at different levels. A transitive causality is a logic relation where the elements are linked together 

so that each element is the cause of the next and the effect of the preceding (Hermet and 

Barriere, 2002). Transitive causal relations show a different aspect of complexity and seem to 

drive the student towards error. 

Although Ql/Text8 is a Textual Implicit question, this does not seem to motivate reformulation 

particularly. As well, there is no real correlation between a question's rate of reformulation and 

the failure rate. For instance, Ql/Text2 has as null reformulation ratio in spite of it being 

textually implicit and of showing the second highest failure rate. On the other hand, Q6/Textl is 

the second most reformulated and a Textual Explicit as well as the question yielding the highest 

failure rate. Q6/Textl shows another motivation for reformulation. The question being itself 

reformulated compared with what is in the text, both in content and in form, students tend to 

follow this as an example and provide reformulated answers. Moreover, the question shows a 

degree of abstraction (incidence) to characterize the relation from the cause to the effect (from 

iron level to gestation time) - this could also explain the higher reformulation. 

The question of the motivation for varying reformulation rates is outside the scope of this thesis, 

and is the work of didactics, especially as our evaluation set is quite small. But it seems that the 

two factors of 1/ complexity of the reference in form and content, and 2/ abstraction of the 

question do come into the distinction of questions as open questions, yielding more personalized 

answers through higher reformulation. 

VI.5.2. Language incorrectness 

The second reason for failure is that of language incorrectness, which can be of two kinds. Some 

sentences have broken syntactic structures, as produced by XIP. Others show clumsy usage of 

the language. The first kind is easy to detect and the processing of such cases is not error prone: 
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the system does its job when halting the process before any judgment of content assessment. This 

is not an instance of failure. The second poses another challenge to CALL activities in general. 

We present these issues in turn. 

VI.5.2.1. Bad Syntax 

Within the set of student's answers, the share of syntactically broken sentences is 15.75%. The 

fact that these sentences cannot be judged as correct is not a limitation of the system - here, the 

job is done, at least up to the system's capacities. Also, as important as it is in such systems, the 

question of feedback does not come into account to evaluate success or failure - it is another 

aspect of the problem. 

Therefore, answers which have been intercepted due to broken syntax should be evaluated only 

with respect to the real presence of syntactic errors - the figure of recall is 70.2% (section 

VI.4.2). 

Now, all these errors are not equal. Some are real syntactic inconsistencies, while others are 

errors of usage. For instance, the parser has troubles to handle usage of oral forms of language in 

sentences which are otherwise syntactically correct. We depict such sentences as clumsy 

utterances or language. Here is an example: 

(37) Dans ces deux periodes I'interpretation est trop difficile a faire parce que le volume 

plasmatique augmente beaucoup et qa * dilue les parametres biochimiques. 

(During these two periods the interpretation is to difficult to make because the plasmatic 

volume increases a lot and it * dilutes biochemical parameters) 

Example 37 does not show any syntactic errors, but the language is clumsy, and the parser breaks 

the analyses at the * point. At least, the break occurs at a pertinent location, and inviting the 

student to examine his/her sentence advocates a lesser-is-better approach to error correction 

(Ponton and Kraif, 2007). 

The varying quality of XIP's outputs only adds to this kind of problem. For instance, the fact that 

XIP does not make the same attachments between optional complements, depending on the 

location of the complement to the verb, before or after. This does not rely on a sentence quality 
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as correct or incorrect, but is a mere limitation of the parsing technology, independently of XIP's 

specifics. 

VI.5.2.2. Clumsy Utterances 

Clumsy utterances are not really incorrect syntactically but show improper lexico-syntactic 

usage. For instance, preposition errors are a case of clumsy language . Another cause of such 

errors comes from the length of sentences: sentences showing aggregated clauses without proper 

punctuation usually fail at parsing. The adverb usually says it all: the behavior of the parser is 

quite unpredictable concerning these errors, and as we don't have XIP's full version, we could 

not activate an option which permits the output of the exact rule on which the parser has failed: 

i.e., the step in the analysis at which XIP has failed. Another possible problem of clumsy 

language is that it forces the parser to flaw analyses - the analyses come without breaks but the 

dependencies are erroneous. In all cases, assessment of the answers is impossible. 

Such sentences represent 18.68% of all sentences (51 cases). Within this subset, come: 

• 25.5% of correctly assessed answers 

• 52.95% of incorrectly assessed answers 

• 21.55% of broken analyses 

In table 5, the incorrectly assessed answers are either counted by the Language Errors row or 

amounts partly to the remainder of the failures precision row. This in turn annihilates paraphrase 

recognition or simple dependency equivalence recognition capacities. Below is a good example 

of such an error (simplified example): 

(38) Question : A quoi serf un chaperon ? 

(What's the use of a hood ?) 

S : quelqu 'un qui est mis pour eviter les distractions pendant le transport d'unfaucon. 

Preposition errors are actually a complex case. They appear as clumsy language when the semantics of the 
erroneous preposition is close to the correct preposition (think for instance of to and at), especially when the 
governor of the preposition subcategorized both prepositions (think of verb to go). In which case, the syntax of the 
sentence is not broken. In more severe cases, preposition errors can turn into a high-level error. See Hermet and al, 
2008. 
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(someone who is put on to prevent distractions during transportation of a hawk) 

Such an answer would be recognized as a good answer, due to the pronoun nature of the 

compound quelqu 'un. 

Providing solutions for such cases is doable - but it amounts to an area of research in itself 

within Second Language Acquisition: a typology of language errors as committed by learners 1/ 

in general, or 2/ according to their cultural background. This is out of the field of CS, but 

conditions the feasibility of CALL projects. 

VI.5.3. Inter-Textuality 

By this expression, inter-textuality, adopted form Literature studies, we refer to the act of using 

parts of the text outside the referential answer, to make a reformulation of this reference. In 

appearance, the reformulation is semantic - but actually, the parts used can be found back in the 

text. The parts used outside of Ref can be parts of content, as single words, or structural, where 

whole phrases are used to add to or reformulate Ref. There are 37 such cases, which amounts to 

13.55% of all sentences, and more importantly to 24.34% of all rejected sentences (including 

sentences halted by syntactic breaks). 

Therefore, the question is to know whether these can be linked to the reference by lexical co­

occurrence, or by any means. Here is an example to illustrate this: 

(39) Ref: le tabagisme, par exemple, gene lepassage du sang a travers leplacenta [...] 

(Tobacco use, for instance, blocks the flooding of blood through the placenta) 

S: la nicotine qui se trouve dans le tabac est absorbee par la mere et atteigne le foetus 

par la circulation sanguine, perturbant le metabolisme. 

(the nicotine contained in tobacco is absorbed by the mother and reaches the fetus 

through blood circulation, perturbing the metabolism) 

The student uses parts of the text which reformulates the contents of Ref (tabagisme is textually 

equal to la nicotine qui se trouve dans le tabac est absorbee par la mere). 
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Therefore, the information is present to solve the problem, which is one of text mapping (see for 

instance Dennis and Kintsch, 2003) - and the question to know whether the means exist to map 

text segments to each other is again a research topic in itself. 

A problem linked to the one of inter-textuality is that of multiple possible answers. In its state, 

the system uses only one reference, constituting of one or several co-referenced sentences. 

Adding the possibility to map answers to different possible references would increase 

performance considerably. But this is in turn question dependent: some questions call for the use 

of multiple references while others don't. 

VI.5.4. Feedback 

The question of feedback is not treated in this study. Our goal is to provide the content of 

possible feedback, and not really the feedback structures - this is a matter of user interface and of 

pedagogy. Now, the quality of feedback conditions the success of an ICALL application to a 

large extent, so this section proposes a review of the system's capacities with respect to the 

creation of feedback. 

The first most important task in a tutoring context like this one is the report of language errors. In 

its present state, the system can provide material to feedback to the students in order to inform 

them of their language errors. This information can be specific as in cases of agreement or spell-

checking, or it can be only general, as in the case of high-level errors - but in the latter case, this 

is an insufficiency of the science more than of this one system. Particularly, the errors are not 

corrected, they are detected. In this context, any feedback would come in the form of an error 

message. The providing of means for the students to correct their errors depends on the support 

installed in the tutoring environment and is outside the scope of this study. 

The information on the adequacy of the answer in terms of content is binary, and the answer is 

judged as correct or incorrect with respect to the question. The only refinement comes in the 

form of extraneous material reported for the student's answer. This has not resulted in any false 

positive, but it could theoretically - for instance due to addition of content tempering or 
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contradicting the correct part. However, the definition of a category of errors with respect to 

content assessment remains to be done. 

Due to the architecture of the system, it is possible to highlight which part of the sentence the 

system cannot analyze, although that information comes in the form of relation tuples. In that 

sense, the system can output a partial assessment report, but it is not possible to qualify a partial 

assessment, and this is beyond our reach. 

Ultimately, the system keeps track of the analysis so as to be able to build feedback on lower-

level errors nature, higher-level errors position in the sentence and success (adequate answer). It 

can also send feedback on the unrecognized content. Eventually, in such a context, and due to the 

system's limitations (sensibility to semantic reformulations and absence of content error 

typology), reports of incorrectness should not be expressed as such, but rather as an inability of 

the system to process the answer. 

In conclusion to this section, the performance of the system is affected by language issues which 

are more or less controllable. The problems range from semantic reformulation which can't find 

realistic solutions, to clumsy language problems which could be addressed by some solutions 

(starting by more robust parsing) as well as inter-textuality, which is often solvable by simple co­

occurrence solutions. 

However, the single most important issue regarding the feasibility of such projects as this one is 

to provide a characterization of language errors, both in general and with respect to cultural 

idiosyncrasies. 
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Chapter VII. Conclusion 

The project presented in this thesis represents a computerized application of Language Learning. 

As seen from the perspective of Language Acquisition, or Education in general, it encompasses 

an approach to Learning Technology. 

More specifically this project implements a Computer-Assisted/Aided-Assessment program to be 

applied to the restricted Computer-Assisted-Language-Learning problem of a student's free text 

input processing in the didactic paradigm of text comprehension for French as a Second 

Language. The learning activity on which the project takes place follows that of DidaLect, a 

tutoring software in the family of Intelligent Tutoring Systems. 

Following theories of didactics, this learning activity consists in having students of FSL, of an 

intermediary and advanced level, to answer questions based on texts. In the DidaLect project, 

questions were multiple-choice, and the goal of our project has been to adapt the methodology to 

open answers. This effort casts the project in the area of ICALL research by investigating a way 

to increase the possibilities of answer variation in a tutoring context. 

This goal has called for the exploration of two paths. The first stretches along the computational 

means to address the problem of language content comprehension and form assessment. And the 

second is parallel to the first: how to restrict as much as possible the scope of reformulation of 

the answer material necessary to answer the question, in order to cope with the limitations of the 

computational means of language analysis. 

NLP and Didactics 
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Natural Language Processing provides the computational means of dealing with shallow 

language comprehension. Statistical NLP offers solutions to deal with approximate similarity, 

but although we have carefully studied these solutions, we have selected a symbolic approach, as 

we felt a symbolic approach only could provide means for an in-depth analysis of the written 

material. Therefore, the means of syntactic parsing, synonymy detection and paraphrase 

recognition have been employed to solve the case of language content and form assessment. 

In addition to these techniques, we took interest in a less studied domain of NLP: error diagnosis. 

These means of NLP provide "intelligence" to the CAA/CALL component, and Computational 

Linguistics (or Human Language Technologies) is often seen in the community of CALL 

researchers as a branch of Artificial Intelligence. 

Our approach represents a conservative strategy to assess similarity, as we do not make use of 

statistical methods. The strategy behind the project is syntactic and symbolic. Although this may 

sound limited in theory, it is justified in our view by three major reasons. The first is to achieve 

independence from the cost of gathering training material. The second has to do with the bias of 

statistical method to generalize correctness based on surface lexicon, independently of language 

errors, of misinterpretation and of clumsiness. Eventually, the goal of the exercise would be to 

help students in second language acquisition, and so the system should use the same description 

of language as instructors - here syntax is part of the model of language. 

On the side of didactics, and more precisely text comprehension, we have found topics to address 

the problem of limiting reformulation possibilities. We employed a typology of question types to 

restrict the correspondence between questions and the text. This typology posits three types of 

relations to textual contents, more or less direct. By choosing only question types which restricts 

this relation to factual, or direct, correspondence, we have been able to provide firm theoretical 

grounds likely to be addressed by computational solutions. This is one aspect of the novelty of 

this project. 

Of the NLP techniques used for this project, some are old and tested, and others are new, at least 

as applied in a CAA/CALL context. Syntactic parsing and synonymy detection, not to mention 

spell-checking, are applications which have been widely used for a variety of tasks - including 

for CAA/CALL. Conversely, paraphrase recognition is a field of computational linguistics which 
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has received attention only recently - it is not clear that it is a field of CL. Whatever the answer, 

we believe it should be. 

Results 

Although the system has not been conceived for direct deployment, it has been tested with 

material gathered in-class, among intermediate-advanced students. In this way the evaluation has 

partly reproduced class conditions. The overall results of the system justify moderate enthusiasm 

only (44% of good answers correctly assessed - 62.2% of answers correctly assessed with 

respect to content, good or bad). The level of the results is due, at least partly, to the importance 

of semantic reformulations, but we showed that the results are also very dependent on the 

question asked, with a 21.7 standard deviation value for the per-question recall values. As 

modest as it looks, this result of a 44% recall for the assessment of correct answers is to be 

compared to a 19.6% baseline, and so represents a serious improvement. 

The results concerning language error detection are acceptable, ranging between 62.5% and 

85.2% for the various types of errors - especially as undetected errors are undetected due to 

ambiguity or priorities between error alarms. But we stressed how error detection should be 

evaluated with respect to error diagnosis, and that this poses problems in what concerns syntactic 

errors. 

Example 40 shows two correctly assessed answers - although S2 contains an undetected 

preposition error. This illustrates the capacities and limits of the system. 

(40) Q: "pourquoi peut-on tirer les mimes conclusions pour I'homme et pour le rat ?" 

(Why can the same conclusions can be drawn for men and for rat ?) 

Ref: "le rat est un animal quipossede un systeme cardio-vasculaire tres semblable a 

celui de I'homme." 

(The rat is an animal which have a cardio-vascular system very similar to that of human 

beings) 

SI: " le rat possede un systeme cardio-vasculaire tres semblable a celui de I'homme, 

done on pent tirer les memes conclusions." 
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S2: " le systeme cardio-vasculaire d'un rat s'approche a une personne humain." 

Both SI and S2 are syntactic reformulations well assessed. In SI, the paraphrase does not 

involve cross P-o-S synonymy of a Ref s word. S2 does (from semblable to ressembler to 

s'approcher) - unfortunately, the correct preposition is lost in the process as s'approcher 

subcategorizes both prepositions de and a. 

VII. 1. Problems and Limitations 

The main obstacle to a satisfactory processing of all possible answers to a question is the limited 

capacity in NLP to deal with semantic reformulation. There are two ways of coping with this 

problem. 

The first is direct and should aim at enhancing recognition of content correspondence by the use 

of semantic paraphrase recognition. The difference between syntactic and semantic paraphrase is 

mainly that the first can be read at the level of syntactic categories, with the vocabulary changing 

only following patterns of synonymy, antonymy or function word correspondence. Semantic 

paraphrase further implies the recognition of content lexicon addition and/or suppression 

between two or more corresponding sentences - the changing lexicon being controlled by means 

of lexical functions. Now, semantic reformulation does not always imply a dramatic change in 

the lexicon of two comparable sentences. Two sentences such as X causes Y and X can cause Y 

show an instance of semantic paraphrase, and we see that the lexical reformulation is minimal, 

and easy to model. Therefore, processing of paraphrase recognition can be initiated by a divide-

and-conquer solution, using already existing successful means of detecting semantic similarity. 

The second way is indirect and relative to the activity paradigm. A semi-legendary story is told 

among candidates of the baccalaureat in the secondary school system in France. Some forgotten 

year, the subject of the philosophy dissertation was "What is courage?" A student handed back a 

blank sheet, otherwise saying: "This". Is this an admissible answer? It could be, but it 

nevertheless violated the principle of the philosophy dissertation composition: the paradigm of 
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the activity (thesis, antithesis, synthesis, etc.). Quite similarly, a FSL student participating in one 

of our data-gathering sessions answered the question: 

pourquoi avoir retenu une periode d'un an pour etalon epidemiologique de I'etude? 

(Why has a one-year period been retained as a epidemiological standard for the study?) 

(Ref: cette periode de un an correspond a ce qui est observe dans la pratique medicale de 

consultations des couples ayant des difficultes a avoir un enfant.) 

(This one-year period corresponds to what has been observed in the medical practice of 

consultations for couples having trouble to have a child.) 

By: 

Us ont retenus une periode d'un an pour etalon epidemiologique de I'etude pour standardiser le 

variable temps. 

(They have retained a one-year period ... in order to standardize the time variable.) 

This is an admissible answer (retained as a miss in the success recall value), but it violates 

slightly the implicit rule of the game by adopting too great a level of abstraction; and we lose 

information compared to what is present in the reference answer. Particularly, the reformulation 

here does not conform to the definition of paraphrase, as expressed in section IV.3. This is to 

illustrate that providing a process-friendly answer is part of the activity in such a context - which 

still authorizes the use of semantic reformulation. 

In-depth analysis of content is of limited reach in what concerns semantics. It should remain so 

for a while before technology brings better solutions. Particularly, statistical similarity methods 

are too tolerant in a context such as CALL, which requires a precise analysis of similarity. 

Therefore, the interest of exercises like those presented in this study are never stronger than as a 

linguistic reformulation practice. That is, the activity should be constrained by some degree of 

guidance, possibly restricting it. Exercises that motivate semantic reformulation should be less 

ambitious for now. A middle ground would be to constrain free-text production exercises to the 

application of linguistic patterns, and to extend already existing exercises as fill-in-the-blank to 

more complex patterns, so as to involve some degree of free-text. 
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Another weakness of the program, and perhaps in CAA/CALL in general, is the limitations of 

error-diagnosis performance. Now, this is an area of research which should be explored 

extensively. We showed how error detection is quite easy to do, although it is very parser-

dependent. Identification, which amounts to diagnosis, is a more difficult process. Error 

diagnosis should involve a good deal of collaboration between computer scientists and teachers 

as the process calls for a definition of possible errors, and this does not exist to a full extent yet. 

Once such a resource is to be produced, defining and providing the means to successfully exploit 

this resource is only a matter of time - which can eventually find only one unknown, familiar to 

NLP researchers: ambiguity. 

Ambiguity comes as a disruptor of correct processing in almost all of its aspects. In some 

aspects, ambiguity is induced by a design bias, for instance in the parser's favoring of some types 

of attachments. The parser has a tendency to attach complex prepositional phrases to a verb 

rather than to a noun (by complex, we mean introduced by a complex preposition, usually a 

compound). In others, the ambiguity is a consequence of time and location. For instance, this 

happens in the synonymy detection process where some wrong synonymy relations could be 

preferred simply because the mistaken token appears before the correct one in the list of 

possibilities. Therefore, ambiguity can be addressed with more or less success depending on the 

modality of processing which prompts it. Finally, ambiguity comes from the language specifics -

for instance, some students systematically rewrite a passive verb pattern with an active form, 

otherwise leaving unchanged the order of constituents : this results in two syntactically correct 

sentences which are opposite in sense, and the assessment fails. The same is true for verbal 

reflexivity. 

We have tried to prevent possible ambiguities to arise where possible, that is, where a given 

process has been custom-defined. This is not the case of the parser; therefore, parsing 

ambiguities have been corrected only modestly, through XIP's customization files, following 

observations made on the small test set. We have tried to bias the dependency relations to 

systematically favor attachment to verbs rather than nouns (to increase an internal tendency of 

the parser), so as to be able to put the compared sentences in correspondence - here, regularity 

comes before exactitude. 
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At the level of spell-checking, ambiguities happen due to phonemic confusions. For instance, the 

misspelled word resemble (ressemble) cannot be corrected due to the soundex algorithm, which 

converts the word into RZMB instead of RSMB. At the level of parsing post-processing (to 

attach segments separated by commas when no attachment is provided), we have devised a 

method by which a syntactic attachment is created for all possible candidates, so as to be sure not 

to miss the right one. But this is limited to cases of present participle governing relative 

subordinate-like phrases (for instance, in the example above, des personnes ayant des diffwultes) 

- this has been sufficient for our needs22. At the level of synonymy detection, we have chosen to 

use a limiting factor for examined words based on the governing quality of the words: only 

governing words are sent to the cross-synonymy processing step, in order to limit the confusion 

possibilities. But this should create as much confusion as it solves. 

So, as in many NLP tasks or applications, the potential for ambiguity is everywhere, but some 

procedures could help to solve the issue, whether by implementing more complex algorithms 

(spell-checking), or by providing lists of candidates when the importance is to enable comparison 

more than to provide a fact of exactitude (what has been done for syntactic post-processing could 

be applied to synonymy). In what concerns language form errors, like passives and reflexivity, 

comparing the student input with the reference could help highlighting cases of errors to some 

extent. 

Now, a severe case of ambiguity comes with error diagnosis. As we did not go any further in the 

operational correction of syntactic errors, we have remained below the ambiguity zone - again, 

this is a research topic in itself. But were one to deal with the issue of error diagnosis, based on 

parsing breaks (which is a common strategy, as we saw), ambiguity should come as a major issue 

-just as it can be for humans. 

VII.2. Contribution 

This work has made a number of contributions, especially to CALL, but not only. The first and 

perhaps main contribution is as we said the system itself, which is entirely new. It is of greater 

22 The cases for post-processing have been established after the set of questions and reference sentences. 
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interest to CALL. Only CAM (Bailey, 2008) and C-Rater (Leacock and Chodorow, 2003) 

propose a similar tool, although dedicated to English. CAM, in spite of spectacular results, does 

not deal with grammatical errors, and performs evaluation of reformulation only through overlap 

(lexical and grammatical) which suits a test set showing a balance favorable to correctness. C-

Rater is a solid software but requires reference answers to be encoded with a special tool, which 

permits to create a set of reference answers for each questions. A direct competition of this 

system, FreeText (L'Haire and Vandeventer-Faltin, 2003a), has not reached a state of completion 

although it involved a team of computer scientists, teachers and linguists. In this respect, the 

present system constitutes a baseline, where the necessary processing steps are recognized and 

implemented using symbolic methods. Let statistical NLP lend a hand where possible in future 

research. 

Having gone to the point of completeness, the project allowed us to come with some results that 

could help to understand the process of question answering. As we mentioned, all questions do 

not yield the same rate of reformulation, and it should be of interest to examine why. This 

accounts for didactics. 

In what concerns NLP, we have studied the possibilities of automating paraphrase recognition 

after the theories of formal linguistics on paraphrase to avoid the specificity of statistical models 

of paraphrase. We have proposed a model for paraphrase based on syntax, and built after the 

Meaning-Text-Theory. Coupled with the cross-PoS synonymy detection procedure, this 

paraphrase recognition module represents a quite complete model of paraphrase, and is unique to 

our knowledge. Although this aspect of processing is limited in its coverage (with respect to the 

scope of language production possibilities), it nevertheless suffices to fulfill its role in the chain 

of processes. An interesting fact is that although the recognition procedure relies on surface-

syntactic categories of limited number and generic type, the rate of false positive paraphrase 

recognitions is null, while recall is near-perfect, in spite of the poor operational recall value 

(41.2% - see section VI.4.6 for an explanation). While this should certainly be tested in a specific 

and exhaustive framework, it nevertheless represents a novelty. As it does not depend on 

training, and does not therefore reflect the specificities of the training material, it covers the 

whole of a language - here French. Although it is slightly lexicalized (see section V.4.2, or 

Appendix D), the lexemes are function words only and the rules could easily be adapted to other 

languages, in theory. 
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VII.3. Findings and Future Work 

This project has permitted some findings and lines of inquiry for future work. In the domain of 

NLP, error diagnosis and paraphrase recognition are certainly fields worth of being explored. As 

we said, there is a gap in what exists concerning paraphrase in NLP between formal linguistics 

and computational linguistics. We believe that promising results could be achieved refining on a 

model such as the MTT, and especially on the question of semantic paraphrase by way of 

incorporating resources of statistical lexical-semantic similarity. Furthermore, it seems that this 

notion of semantic paraphrase should be further decomposed, both in its relation to semantics 

itself (take for instance the expression of condition), as well as in its relation to syntax: for 

instance, what are the syntactic variations at different levels of semantic reformulation? 

The question of semantic reformulation/paraphrase is a vast one: it should motivate a field of 

research in itself (which is the case in the community of MTT). To study semantics at the level 

of the sentence, through semantic paraphrase, could help to cast the problem within a more 

limited communication perspective - more limited than the world knowledge. This program 

would require collaboration between research in statististical and non-statistical NLP - the first 

to annotate vast amounts of textual data and build a language translation model, and the second 

to sort out the relative importance of function and content words in models of equivalence, and 

thus to distinguish what is generalizable in the model (syntax) and what is less or not at all 

(semantics). 

Concerning Error Diagnosis, we can only repeat what has already been said: this is a case for 

collaboration with members of the Education community, as the set-up of any successful 

application requires a fair amount of training data. We should add that any application should 

provide ways to deal with errors falling out of any typology, so that processing of language 

errors should consist in providing means for correcting what is known, as well as means to cope 

with errors of unknown types. In other words, to transform into correctness, or else explain 

incorrectness, which can only be done with respect to what is correct in the evaluated piece of 

text. 
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Now, in the domain of CALL, this study has made possible an observation that all questions did 

not motivate the same degree of reformulation. This is quite interesting, as processing of 

reformulation is a major barrier to raising the quality of assessment. Studying the reasons for this 

discrepancy in the level of reformulation is not really in the domain of NLP, but it certainly 

conditions the extent to which applying NLP solutions to CAA/CALL is feasible, all the more in 

the context of open-answer assessment, which has been the subject of this thesis. 
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Appendix A. XIP Output 

C:\xip-9.59-5\sample\grammar\sample8>echo le but du projet mene par 
l'ESIS est d'aider les couples qui ayant des difficultes a avoir un 
enfant. | parse -t 

C:\xip-9.5 9-5\sample\grammar\sample8>echo off 
<XIPRESULT math="0"> 

GROUPE 
+ 

NP 

+ 

SC 

-- + - -

1 
1 

+ -

1 

IV 

I 

+-

1 

-+ 

1 

NP 

1 

+ -
- + 

1 

IV 

1 

NP BG GV 
SENT 

+ + + + 
+ + +-

I I 
I I i I I 
I I 

NP PP VERB PP FV PREP 
VERB DET NOUN PRON VERB DET NOUN PREP VERB 
DET NOUN 

+ + + + + + + + + 
+ + + + + + + + + - + 
+ 

I I I I I ! I II 
II I . I I I I I I I 
I 

DET NOUN PREP NP mene PREP NP VERB d' 
aider les couples qui ayant des difficultes a avoir 
un enfant 

+ + + + + + + + 
I I I I I I I I 

le but du NOUN par DET NOUN est 
+ + + 

I I I 
projet 1' ESIS 

<LUNIT language="French"XNODE num="44" tag="GROUPE" s t a r t = " 0 " 
end="101"> <FEATURE a t t r i b u t e = " C A T " v a l u e = " 0 " / > 
<NODE num="58" t ag="SC" s t a r t = " 0 " end="36"> 

file:///xip-9
file:///xip-9


<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<NODE num="50" tag= 
<FEATURE attribute= 
<FEATURE attribute^ 
<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<NODE num="0" tag=" 
<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<FEATURE attribute= 
<TOKEN pos="DET" start="0" end="2"> 
le 
<READING lemma="le" pos="DET"> 
</READING> 
</TOKEN> 
</NODE> 
<NODE num="2" tag="NOUN" start="3" end="6"> 
<FEATURE attribute="DESN" value="+"/> 
<FEATURE attribute="SFDE" value="+"/> 
<FEATURE attribute="CLOSED" value="+"/> 
<FEATURE attribute 
<FEATURE attribute 

'QUEP" value="+"/> 
'POURSN" value="+"/> 
'LOCSN" value="+"/> 
'IL" value="+"/> 
'EN" value="+"/> 
'DESVINF" value="+"/> 
'DESN" value="+"/> 
'CONTRESN" value="+"/> 
'AVOIR" value="+"/> 
'ACEQUEP" value="+"/> 
'ASVINF" value="+"/> 
'ASN" value="+"/> 
'SVINFDIR" value="+"/> 
'SVINF" value="+"/> 
"SN" value="+"/> 
'SADJDESVINF" value="+"/> 
'SADJ1" value="+"/> 
"SADJ" value="+"/> 
'FIN" value="+"/> 
'VERB" value="+"/> 
'NP" start="0" end="6"> 
'DESN" value="+"/> 
'PASSIVE" value="+"/> 
'FONC" value="FSUBJ"/> 
'CLOSED" value="+"/> 
'NOUN" value="+"/> 
DET" value="+"/> 

DET" start="0" end="2"> 
'STARTBIS" value="+"/> 
'CLOSED" value="+"/> 
'MASC" value="+"/> 
'SG" value="+"/> 
'DEF" value="+"/> 
'DET" value="+"/> 

'MASC" value="+"/> 
SG" value="+"/> 

<FEATURE attribute="P3" value="+"/> 
<FEATURE attribute="NOUN" value="+"/> 
<TOKEN pos="NOUN" start="3" end="6"> 
but 
<READING lemma="but" pos="NOUN"> 
</READING> 
</TOKEN> 
</NODE> 
</NODE> 
<NODE num="55" tag="PP" start="7" end="16"> 
<FEATURE attribute="DESVINF" value="+"/> 
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<FEATURE attribute="SVINFDIR" value="+"/> 
<FEATURE attribute="FNPP" value="+"/> 
<FEATURE attribute="CLOSED" value="+"/> 
<FEATURE attribute="PREP" value="+"/> 
<FEATURE attribute="NOUN" value="+"/> 
<FEATURE attribute="DET" value="+"/> 
<NODE num="4" tag="PREP" start="7" end="9"> 
<FEATURE attribute="SFDE" value="+"/> 
<FEATURE attribute="FORM" value="FDE"/> 
<FEATURE attribute="MASC" value="+"/> 
<FEATURE attribute="SG" value="+"/> 
<FEATURE attribute="DEF" value="+"/> 
<FEATURE attribute="PREP" value="+"/> 
<FEATURE attribute="DET" value="+"/> 
<TOKEN pos="PREP" start="7" end="9"> 
du 
<READING lemma="de" pos="PREP"> 
</READING> 
</TOKEN> 
</NODE> 
<NODE num="49" tag="NP" start="10" end="16"> 
<FEATURE attribute="DESVINF" value="+"/> 
<FEATURE attribute="SVINFDIR" value="+"/> 
<FEATURE attribute="NOUN" value="+"/> 
<NODE num="6" tag="NOUN" start="10" end="16"> 
<FEATURE attribute="DESVINF" value="+"/> 
<FEATURE attribute="SVINFDIR" value="+"/> 
<FEATURE attribute="CLOSED" value="+"/> 
<FEATURE attribute="MASC" value="+"/> 
<FEATURE attribute="SG" value="+"/> 
<FEATURE attribute='*P3" value=" + "/> 
<FEATURE attribute="NOUN" value="+"/> 
<TOKEN pos = '*NOUN" start="10" end="16"> 
projet 
<READING lemma="projet" pos="NOUN"> 
</READING> 
</TOKEN> 
</NODE> 
</NODE> 
</NODE> 
<NODE num="8" tag="VERB" start="17" end="21"> 
<FEATURE attribute="LOCSN" value="+"/> 
<FEATURE attribute="AVOIR" value="+"/> 
<FEATURE attribute="ACEQUEP" value="+"/> 
<FEATURE attribute="ASN" value="+"/> 
<FEATURE attribute="SVINFDIR" value="+"/> 
<FEATURE attribute="SVINF" value="+"/> 
<FEATURE attribute="SN" value="+"/> 
<FEATURE attribute="SFA" value="+"/> 
<FEATURE attribute="FONC" value="FPOST"/> 
<FEATURE attribute="MASC" value="+"/> 
<FEATURE attribute="SG" value="+"/> 
<FEATURE attribute="PARTPAS" value="+"/> 
<FEATURE attribute="VERB" value="+"/> 
<TOKEN pos="VERB" start="17" end="21"> 
mene 
<READING lemma="mener" pos="VERB"> 
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</READING> <READING lemma="mener" pos="VERB"> 
<FEATURE attribute="LOCSN" value="+"/> 
<FEATURE attribute="AVOIR" value="+"/> 
<FEATURE attribute="ACEQUEP" value="+"/> 
<FEATURE attribute="ASN" value="+"/> 
<FEATURE attribute="SVINFDIR" value="+"/> 
<FEATURE attribute="SVINF" value="+"/> 
<FEATURE attribute="SN" value="+"/> 
<FEATURE attribute="SFA" value="+"/> 
<FEATURE attribute="MASC" value="+"/> 
<FEATURE attribute="SG" value="+"/> 
<FEATURE attribute="PARTPAS" value="+"/> 
<FEATURE attribute="VERB" value="+"/> 
</READING> 
</TOKEN> 
</NODE> 
<NODE num="54" tag="PP" start="22" end="32"> 
<FEATURE attribute="FVPP" value="+"/> 
<FEATURE attribute="CLOSED" value="+"/> 
<FEATURE attribute="PREP" value="+"/> 
<FEATURE attribute="NOUN" value="+"/> 
<FEATURE attribute="DET" value="+"/> 
<NODE num="10" tag="PREP" start="22" end="25"> 
<FEATURE attribute="PREPINF" value="+"/> 
<FEATURE attribute="SFPAR" value="+"/> 
<FEATURE attribute="FORM" value="FPAR"/> 
<FEATURE attribute="PREP" value="+"/> 
<TOKEN pos="PREP" start="22" end="25"> 
par 
<READING lemma="par" pos="PREP"> 
</READING> 
</TOKEN> 
</NODE> 
<NODE num="48" tag="NP" start="26" end="32"> 
<FEATURE attribute="MAJ" value="+"/> 
<FEATURE attribute="CLOSED" value="+"/> 
<FEATURE attribute="PROPER" value="+"/> 
<FEATURE attribute="NOUN" value="+"/> 
<FEATURE attribute="DET" value="+"/> 
<NODE num="12" tag="DET" start="26" end="28"> 
<FEATURE attribute="CLOSED" value="+"/> 
<FEATURE attribute="MASC" value="+"/> 
<FEATURE attribute="FEM" value="+"/> 
<FEATURE attribute="SG" value="+"/> 
<FEATURE attribute="DEF" value="+"/> 
<FEATURE attribute="DET" value="+"/> 
<TOKEN pos="DET" start="26" end="28"> 
1' 
<READING lemma="le" pos="DET"> 
</READING> 
</TOKEN> 
</NODE> 
<NODE num="14" tag="NOUN" start="28" end="32"> 
<FEATURE attribute="TOUTMAJ" value="+"/> 
<FEATURE attribute="MAJ" value="+"/> 
<FEATURE attribute="CLOSED" value="+"/> 
<FEATURE attribute="GUESSED" value="+"/> 
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<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

attribute="MASC" value="+"/> 
attribute="FEM" value="+"/> 
attribute="PL" value="+"/> 
attribute="SG" value="+"/> 
attribute="P3" value="+"/> 
attribute="PROPER" value="+"/> 
attribute="NOUN" value="+"/> 

<TOKEN pos="NOUN" start="28" end="32"> 
ESIS 
<READING lemma="ESIS" pos="NOUN"> 
</READING> 
</TOKEN> 
</NODE> 
</NODE> 
</NODE> 
<NODE num="56" tag="FV" start="33" end="36"> 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

attribute="QUEP" value="+"/> 
attribute="POURSN" value="+"/> 
attribute="LOCSN" value="+"/> 
attribute="IL" value="+"/> 
attribute="EN" value="+"/> 
attribute="DESVINF" value="+"/> 
attribute="DESN" value="+"/> 
attribute="CONTRESN" value="+"/> 
attribute="AVOIR" value="+"/> 
attribute="ASVINF" value="+"/> 
attribute="ASN" value="+"/> 
attribute="SVINFDIR" value="+"/> 
attribute="SN" value="+"/> 
attribute="SADJDESVINF" value="+"/> 
attribute="SADJl" value="+"/> 
attribute="SADJ" value="+"/> 
attribute="ARGSUBJ" value="+"/> 
attribute="FIN" value="+"/> 
attribute="VERB" value="+"/> 

<NODE num="16" tag="VERB" start="33" end="36"> 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

attribute="QUEP" value="+"/> 
attribute="POURSN" value="+"/> 
attribute="LOCSN" value="+"/> 
attribute="IL" value="+"/> 
attribute="EN" value="+"/> 
attribute="DESVINF" value="+"/> 
attribute="DESN" value="+"/> 
attribute="CONTRESN" value="+"/> 
attribute="AVOIR" value="+"/> 
attribute="ASVINF" value="+"/> 
attribute="ASN" value="+"/> 
attribute="SVINFDIR" value="+"/> 
attribute="SN" value="+"/> 
attribute="SADJDESVINF" value="+"/> 
attribute="SADJl" value="+"/> 
attribute="SADJ" value="+"/> 
attribute^'SFPOUR" value=" + "/> 
attribute="SFDE" value="+"/> 
attribute="SFCONTRE" value="+"/> 
attribute="SFA" value="+"/> 
attribute="FORM" value="FETRE"/> 
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<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

attribute="SG" value="+"/> 
attribute="P3" value="+"/> 
attribute="PRE" value="+"/> 
attribute="IND" value="+"/> 
attribute="AUX" value="+"/> 
attribute="COPULE" value="+"/> 
attribute="VERB" value="+"/> 

<TOKEN pos="VERB" start="33" end="36"> 
est 
<READING lemma="etre" pos="VERB"> 
</READING> 
</TOKEN> 
</NODE> 
</NODE> 
</NODE> 
<NODE num="53" tag="IV" start="37" end="44"> 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

attribute="SNAINF SO" value="+"/> 
attribute="SE" value="+"/> 
attribute="DESN" value="+"/> 
attribute="AVOIR" value="+"/> 
attribute="ACEQUEP" value="+"/> 
attribute="ASVINF" value="+"/> 
attribute="ASN" value="+"/> 
attribute="SVINFDIR" value="+"/> 
attribute="SN" value="+"/> 
attribute="ARGCOMP" value="+"/> 
attribute="FONC" value="FINFCOMP"/> 
attribute="INF" value="+"/> 
attribute="VERB" value="+"/> 
attribute="DIR" value="+"/> 

<NODE num="18" tag="PREP" start="37" end="39"> 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<TOKEN pc 
d' 
<READING 

attribute="PREPINF" value="+"/> 
attribute="SFDE" value="+"/> 
attribute="FORM" value="FDE"/> 
attribute="PREP" value="+"/> 
attribute="DIR" value="+"/> 
DS="PREP" start="37" end="39"> 

lemma="de" pos="PREP"> 
</READING> 
</TOKEN> 
</NODE> 
<NODE num="20" tag="VERB" start="39" end="44"> 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

attribute="SNAINF SO" value="+"/> 
attribute="SE" value="+"/> 
attribute="DESN" value="+"/> 
attribute="AVOIR" value="+"/> 
attribute="ACEQUEP" value="+"/> 
attribute="ASVINF" value="+"/> 
attribute="ASN" value="+"/> 
attribute="SVINFDIR" value="+"/> 
attribute="SN" value="+"/> 
attribute="REFLEXTYPE" value="+"/> 
attribute="REFLEXIVE" value="+"/> 
attribute="SFDE" value="+"/> 
attribute="SFA" value="+"/> 
attribute="INF" value="+"/> 
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<FEATURE attribute= 
<TOKEN pos="VERB" s 
aider 
<READING lemma="aic 
</READING> 
</TOKEN> 
</NODE> 
</NODE> 
<NODE num="47" tag= 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

attribute= 
attribute= 
attribute= 
attribute= 

<NODE num="22" tag= 
attribute="CLOSED" 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

attribute= 
attribute= 
attribute= 
attribute= 
attribute= 

"VERB 
tart= 

er" p 

"NP" 
"FONC 

" value="+"/> 
"39" end="44"> 

os="VERB"> 

start="45" end="56"> 
" value="FCOMP"/> 

"CLOSED" value="+"/> 
"NOUN 
"DET" 
"DET" 
value 
"MASC 
"FEM" 
"PL" 
"DEF" 
"DET" 

<TOKEN pos="DET" start=" 
les 
<READING lemma="le" 
</READING> 
</TOKEN> 
</NODE> 
<NODE num="2 4" tag= 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 

<TOKEN pos="NOUN" s 
couples 
<READING 

pos = 

"NOUN 

" value="+"/> 
value="+"/> 
start="45" end="48"> <FEATURE 

="+"/> 
" value="+"/> 
value="+"/> 

value="+"/> 
value="+"/> 
value="+"/> 
45" end="48"> 

"DET"> 

" start="49" end="56"> 
"CLOSED" value="+"/> 
"MASC 
"FEM" 
"PL" 
"P3" 
"NOUN 
tart= 

lemma="couple" 
</READING> 
<READING 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

lemma="couple" 
attribute= 
attribute= 
attribute= 
attribute= 

</READING> 
</TOKEN> 
</NODE> 
</NODE> 
<NODE num="57" tag= 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

attribute= 
attribute= 
attribute= 
attribute= 

<NODE num="2 6" tag= 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

attribute= 
attribute= 
attribute= 
attribute= 
attribute= 

"MASC 
"PL" 
"P3" 
"NOUN 

"BG" 

" value="+"/> 
value="+"/> 

value="+"/> 
value="+"/> 
" value="+"/> 
"49" end="56"> 

pos="NOUN"> 

pos="NOUN"> 
" value="+"/> 
value="+"/> 
value="+"/> 
" value="+"/> 

start="57" end="60"> 
"CLOSED" value="+"/> 
"REL" 
"PRON 

value="+"/> 
" value="+"/> 

"SCBEGIN" value="+"/> 
"PRON " start="57" end="60"> 
"CLOSED" value="+"/> 
"MASC 
-"FEM" 
-"PL" 
"SG" 

" value="+"/> 
value="+"/> 

value="+"/> 
value="+"/> 
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<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

attribute="NOM" value="+"/> 
attribute="INT" value="+"/> 
attribute="REL" value="+"/> 
attribute="PRON" value="+"/> 

<TOKEN pos="PRON" start="57" end="60"> 
Qui 
<READING lerama="qui" pos="PRON"> 
</READING> 
</TOKEN> 
</NODE> 
</NODE> 
<NODE num="52" tag= 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 

<NODE num="28" tag= 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 

'GV" start="61" end="66"> 
'QUEP" value="+"/> 
'ILY" value="+"/> 
"EN" value="+"/> 
'CONTRESN" value="+"/> 
'AVOIR" value="+"/> 
'ASVINF" value="+"/> 
'SVINFDIR" value="+"/> 
'SN" value="+"/> 
'SADJ" value="+"/> 
'ARGCOMP" value="+"/> 
'PARTPRE" value="+"/> 
'VERB" value="+"/> 
'VERB" start="61" end="66"> 
'QUEP" value="+"/> 
'ILY" value="+"/> 
'EN" value="+"/> 
'CONTRESN" value="+"/> 
'AVOIR" value="+"/> 
'ASVINF" value="+"/> 
'SVINFDIR" value="+"/> 
'SN" value="+"/> 
'SADJ" value="+"/> 
"SFCONTRE" value="+"/> 
'FORM" value="FAVOIR"/> 
'PARTPRE" value="+"/> 
'AUX" value="+"/> 

attribute="VERB" value="+"/> 
<TOKEN pos="VERB" start="61" end="66"> 
ayant 
<READING lemma="avoir" pos="VERB"> 
</READING> 
</TOKEN> 
</NODE> 
</NODE> 
<NODE num="46" tag="NP" start="67" end="82"> 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

attribute="DESVINF" value="+"/> 
attribute="DESN" value="+"/> 
attribute="ASVINF" value="+"/> 
attribute="SVINFDIR" value="+"/> 
attribute=*'FONC" value="FCOMP"/> 
attribute="CLOSED" value="+"/> 
attribute="NOUN" value="+"/> 
attribute="DET" value="+"/> 

<NODE num="30" tag="DET" start="67" end="70"> 
<FEATURE attribute= "FORM" value="FDES"/> 
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<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 

<TOKEN pos="DET" st 
des 
<READING lemma="un" 
</READING> 
</TOKEN> 
</NODE> 
<NODE num="32" tag= 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 

<TOKEN pos="NOUN" s 
difficulties 
<READING 

"CLOSED" value="+"/> 
"MASC" value= 
"FEM" value=" 
"PL" value="+ 
"INDEF" value 
"DET" value=" 
art="67" end= 

pos="DET"> 

"NOUN" start= 
"DESVINF" val 
"DESN" value= 

" + "/> 
+ "/> 

"/> 
="+"/> 
+ "/> 
"70"> 

"71" end="82"> 

ue="+"/> 
" + "/> 

"ASVINF" value="+"/> 
"SVINFDIR" va 
"SFDE" value= 

lue="+"/> 
" + "/> 

"CLOSED" value="+"/> 
"FEM" value=" 
"PL" value="+ 
"P3" value="+ 
"NOUN" value= 
tart="71" end 

lemma="difficulte" pos= 
</READING> 
</TOKEN> 
</NODE> 
</NODE> 
<NODE num="51" tag= 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 

<NODE num="34" tag= 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

attribute= 
attribute= 
attribute= 
attribute= 
attribute= 

<TOKEN pos="PREP" s 

3 
<READING lemma="a" 
</READING> 
</TOKEN> 
</NODE> 

+ "/> 

"/> 
"/> 
" + "/> 
="82"> 

"NOUN"> 

"IV" start="83" end="90"> 
"QUEP" value= 
"ILY" value=" 
"EN" value="+ 
"CONTRESN" va 
"AVOIR" value 

" + "/> 
+ "/> 

"/> 
lue="+"/> 
="+"/> 

"ASVINF" value="+"/> 
"SVINFDIR" va 
"SN" value="+ 
"SADJ" value= 
"ARGCOMP" val 
"FONC" value= 
"INF" value=" 
"VERB" value= 
"DIR" value=" 
"PREP" start= 
"PREPINF" val 
"SFA" value=" 
"FORM" value= 
"PREP" value= 
"DIR" value=" 
tart="83" end 

pos="PREP"> 

lue="+"/> 

"/> 
" + "/> 

ue="+"/> 

"FINFCOMP"/> 
+ "/> 
" + "/> 

+ "/> 
"83" end="84"> 

ue="+"/> 
+ "/> 

"FA"/> 
" + "/> 
+ "/> 
="84"> 
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<NODE num="3 6" tag= 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 

<TOKEN pos="VERB" s 
avoir 
<READING 

"VERB" start=" 
"QUEP" value=" 
"ILY" value="+ 
"EN" value="+" 
"CONTRESN" val 
"AVOIR" value= 
"ASVINF" value 
"SVINFDIR" val 
"SN" value="+" 
"SADJ" value=" 
"SFCONTRE" val 
"FORM" value=" 
"INF" value="+ 
"AUX" value="+ 
"VERB" value=" 
tart="85" end= 

lemma="avoir" pos="VERB" 
</READING> </T0KEN> 
<N0DE num="45" tag= 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

attribute= 
attribute= 
attribute= 
attribute= 

<NODE num="38" tag= 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

attribute^ 
attribute= 
attribute= 
attribute= 
attribute= 

<TOKEN pos="DET" st 

un 
<READING lemma="un" 
</READING> 
</TOKEN> 
</NODE> 
<NODE num="40" tag= 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 
<FEATURE 

attribute= 
attribute= 
attribute= 
attribute= 
attribute= 
attribute= 

85" end="90"> 
+ "/> 

"/> 
/> 
ue="+"/> 
" + "/> 
="+"/> 

ue="+"/> 

/> 
+ "/> 
ue="+"/> 
FAVOIR"/> 
"/> 
"/> 
+ "/> 
"90"> 

> 
</NODE> </NODE> 

"NP" start="91 
"FONC" value=" 
"CLOSED" value 
"NOUN" value=" 
"DET" value="+ 

" end="100"> 
FCOMP"/> 
="+"/> 
+ "/> 

"/> 
"DET" start="91" end="93"> 
"CLOSED" value 
"MASC" value=" 
"SG" value="+" 
"INDEF" value= 
"DET" value="+ 
art="91" end=" 

pos="DET"> 

"NOUN" start=" 
"CLOSED" value 
"MASC" value=' 
"FEM" value="4 
"SG" value="+' 
"P3" value="+' 
"NOUN" value=' 

<TOKEN pos="NOUN" start="94" end= 
enfant 
<READING lemma="enf 
</READING> 
</TOKEN> 
</NODE> 
</NODE> 
<NODE num="42" tag= 
<FEATURE attribute= 

ant" pos = "NOUt\ 

"SENT" start=' 
"SENT" value=' 

="+"/> 

+ "/> 
/> 
" + "/> 

"/> 
93"> 

94" end="100"> 
="+"/> 

+ "/> 
"/> 
/> 
/> 
+ "/> 

" 10 0 " > 

"> 

100" end="101"> 

+ "/> 
<TOKEN pos="SENT" start="100" end="101"> 

<READING lemma="." 
</READING> 
</TOKEN> 

pos="SENT"> 
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</NODE> 
</NODE> 
<DEPENDENCY name="SUBJ"> 
<PARAMETER ind="0" num="16" word="etre"/> 
<PARAMETER ind="l" num="2" word="but"/> 
</DEPENDENCY> 
<DEPENDENCY name="OBJ"> 
<PARAMETER ind="0" num="28" word="avoir"/> 
<PARAMETER ind="l" num="32" word="difficulte 
</DEPENDENCY> 
<DEPENDENCY name="OBJ"> 
<PARAMETER ind="0" num="36" word="avoir"/> 
<PARAMETER ind="l" num="40" word="enfant"/> 
</DEPENDENCY> 
<DEPENDENCY name="OBJ"> 
<PARAMETER ind="0" num="20" word="aider"/> 
<PARAMETER ind="l" num="24" word="couple"/> 
</DEPENDENCY> 
<DEPENDENCY name="DEEPSUBJ"> 
<PARAMETER ind="0" num="8" word="mener"/> 
<PARAMETER ind="l" num="14" word="ESIS"/> 
</DEPENDENCY> 
<DEPENDENCY name="VMOD"> 
<FEATURE attribute="POSITl" value="+"/> 
<PARAMETER ind="0" num="8" word="mener"/> 
<PARAMETER ind="l" num="14" word="ESIS"/> 
</DEPENDENCY> 
<DEPENDENCY name="VMOD"> 
<PARAMETER ind="0" num="16" word="etre"/> 
<PARAMETER ind="l" num="20" word="aider"/> 
</DEPENDENCY> 
<DEPENDENCY name="NMOD"> 
<FEATURE attribute="POSITl" value="+"/> 
<PARAMETER ind="0" num="6" word="projet"/> 
<PARAMETER ind="l" num="8" word="mener"/> 
</DEPENDENCY> 
<DEPENDENCY name="NMOD"> 
<FEATURE attribute="POSITl" value="+"/> 
<PARAMETER ind="0" num="2" word="but"/> 
<PARAMETER ind="l" num="6" word="projet"/> 
</DEPENDENCY> 
DEPENDENCY name="NMOD"> 
<PARAMETER ind="0" num="32" word="difficulte 
<PARAMETER ind="l" num="36" word="avoir"/> 
</DEPENDENCY> 
<DEPENDENCY name="PREPOBJ"> 
<PARAMETER ind="0" num="14" word="ESIS"/> 
<PARAMETER ind="l" num="10" word="par"/> 
</DEPENDENCY> <DEPENDENCY name="PREPOBJ"> 
<PARAMETER ind="0" num="6" word="projet"/> 
<PARAMETER ind="l" num="4" word="de"/> 
</DEPENDENCY> <DEPENDENCY name="PREPOBJ"> 
<PARAMETER ind="0" num="36" word="avoir"/> 
<PARAMETER ind="l" num="34" word="a"/> 
</DEPENDENCY> <DEPENDENCY name="PREPOBJ"> 
<PARAMETER ind="0" num="20" word="aider"/> 
<PARAMETER ind="l" num="18" word="de"/> 

'/> 

'/> 
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</DEPENDENCY> 
DEPENDENCY name="DETERM"> 
<PARAMETER ind="0" num="40" word="enfant"/> 
<PARAMETER ind="l" num="38" word="un"/> 
</DEPENDENCY> 
<DEPENDENCY name="DETERM"> 
<PARAMETER ind="0" num="32" word="difficulte"/> 
<PARAMETER ind="l" num="30" word="un"/> 
</DEPENDENCY> 
<DEPENDENCY name="DETERM"> 
<FEATURE attribute="DEF" value="+"/> 
<PARAMETER ind="0" num="24" word="couple"/> 
<PARAMETER ind="l" num="22" word="le"/> 
</DEPENDENCY> 
<DEPENDENCY name="DETERM"> 
<FEATURE attribute="DEF" value="+"/> 
<PARAMETER ind="0" num="14" word="ESIS"/> 
<PARAMETER ind="l" num="12" word="le"/> 
</DEPENDENCY> 
<DEPENDENCY name="DETERM"> 
<FEATURE attribute="DEF" value="+"/> 
<PARAMETER ind="0" num="2" word="but"/> 
<PARAMETER ind="l" num="0" word="le"/> 
</DEPENDENCY> 
</LUNIT> 
</XIPRESULT> 

C:\xip-9.59-5\sample\grammar\sample8>if exist errors.err del error.err 

file:///xip-9


Appendix B. Example Memodata File 

Memodata output for word approche. the file has been reduced from its original size of about 7 
pages; various headers of information on the content are set in bold character. 

< R E S U L T S X D E F X E L= ' f r ' > < W > a p p r o c h e < / W X S W 
E N C = ' n ' >00 610 07 0007 00 0720 0 6F0 0 630 0 68 00 65</SW><P>n . f . < / P X / E X D F N = ' l ' X W > f a i t 
d e s e r a p p r o c h e r d e q u e l q u e c h o s e . < / W X / D F X / D E F X D E F > < E 
L= ' f r ' > < W > a p p r o c h e < / W X S W 
E N C = ' n ' > 0 0 61007 0007 0 0 07 2 00 6F00 630 0 68 0 0 E 9 < / S W x P > a d j . < / P X / E X D F 
N=' 1 ' X W > a p p r o x i m a t i f , p r o c h e d ' u n e v a l e u r e x a c t e . < / W X / D F X / D E F X T R A X E 
L= ' f r ' > < W > a p p r o c h e < / W X S W 
E N C = ' n ' > 0 0 61007 0007 00 072 00 6F00 630 0 68 00 6 5 < / S W x P > n . f . < / P X / E X W D L = ' n l ' 
W = ' 1 ' X W L = ' n l ' > a a n p a k < / W X S W ENC= ' n ' >00 6100 6100 6E007 000 6100 6B</SWX/WDXWD 
L = ' n l ' W = ' 1 ' X W L = ' n l ' > a a n v a l s p l a n < / W X S W 
E N C = ' n ' > 0 0 6100 6100 6E0 07 600 6100 6C0 0 7 3 0 0 7 000 6C00 6100 6E</SWX/WDXWD L = ' r o ' 
W = ' 1 ' X W L = ' ' r o ' > a b o r d a r e < / W X S W 
E N C = ' n ' > 0 0 6100 62 00 6F0 0720 0 64 0 0 610 072 00 65</SW></WDXWD L = ' e s ' W='1 '><W 
L = ' e s ' > a c c e s o < / W X S W ENC= ' n ' > 0 0 6100 6300 6300 65007 300 6F</SWX/WDXWD L = ' i t ' 
W = ' 1 ' X W L = ' i t ' > a c c e s s o < / W X S W 
E N C = ' n ' > 0 0 6100 6300 630 0 650 07 3007 300 6F</SWX/WDXWD L= ' no ' W= ' 1 ' XW 
L = ' n o ' > a n k o m s t < / W X S W ENC= ' n ' > 0 0 6 1 0 0 6E00 6B0 0 6F00 6D0073007 4</SWX/WDXWD 
L = ' s v ' W = ' 1 ' X W L = ' s v ' > a n n a l k a n d e < / W > < S W 
E N C = ' n ' > 0 0 6100 6E00 6E00 610 0 6C00 6B00 6100 6E00 64 00 65</SWX/WDXWD L = ' e n ' W= ' 5 ' ><W 
L = ' e n ' > a p p r o a c h < / W X S W ENC= ' n ' >00 61007 0007 0 0 0 7 2 0 0 6F00 610 0 6300 68</SWX/WDXWD 
L = ' n l ' W = ' 1 ' X W L = ' n l ' > a p p r o a c h < / W X S W [ ... ] 
[ ... ] 
< / T R A X S Y N X E L= ' f r ' > < W > a p p r o c h e < / W X S W 
E N C = ' n ' > 0 0 6 1 0 0 7 0 0 0 7 0 0 0 7 2 0 0 6 F 0 0 6300 6 8 0 0 6 5 < / S W X P > n . f . < / P X / E > < W D L = ' f r ' 
W = ' 3 ' X W L = ' f r ' > a b o r d < / W X S W ENC= ' n ' > 0 0 6 1 0 0 6 2 0 0 6 F 0 0 7 2 0 0 64</SWX/WDXWD L= ' f r ' 
W = ' 2 ' X W L = ' f r ' > a c c e s < / W > < S W ENC= ' n ' > 0 0 6 1 0 0 6 3 0 0 6 3 0 0 E 8 0 0 7 3 < / S W X / W D X W D L= ' f r ' 
W= ' 1 ' XW L= ' f r ' > a c c o u p l e m e n t < / W X S W 
E N C = ' n ' > 0 0 6100 6300 6300 6F0 07 5007 0 00 6C00 65006D00 6500 6E007 4</SWX/WDXWD L = ' f r ' 
W = ' 1 ' X W L = ' f r ' > a l e n t o u r s < / W > < S W 
E N C = ' n ' > 0 0 6 1 0 0 6 C 0 0 6 5 0 0 6 E 0 0 7 4 0 0 6 F 0 0 7 5 0 0 7 2 0 0 7 3 < / S W x / W D X W D L = ' f r ' W= ' 1 ' XW 
L= ' f r ' > a p p a r i t i o n < / W X S W 
E N C = ' n ' > 0 0 61007 0007 000 610 07 2 00 69007 4 00 6900 6F00 6E</SWX/WDXWD L = ' f r ' W= ' 1 ' XW 
L = ' f r ' > a p p r o c h e m e n t < / W > < S W 
E N C = ' n ' > 0 0 6 1 0 0 7 0 0 0 7 0 0 0 7 2 0 0 6 F 0 0 6 3 0 0 6 8 0 0 6 5 0 0 6 D 0 0 6 5 0 0 6 E 0 0 7 4 < / S W X / W D X W D L = ' f r ' 
W = ' 2 ' X W L = ' f r ' > a r r i v e e < / W X S W 
E N C = ' n ' > 0 0 610 0 7 2 0 0 7 200 69007 600E900 65</SWX/WDXWD L = ' f r ' W= ' 1 ' XW 
L = ' f r ' > a t t a q u e < / W X S W ENC= ' n ' >00 61007 4 007 4 00 61007 1007 500 65< /SWx/WDXWD 
L = ' f r ' W = ' l ' x w L = ' f r ' > a v a n c e < / W > < S W 
E N C = ' n ' > 0 0 6 1 0 0 7 6 0 0 6 1 0 0 6 E 0 0 6 3 0 0 6 5 < / S W > < / W D X W D L = ' f r ' W= ' 3 ' XW 
L= ' f r ' > c h e m i n e m e n t < / W X S W 
E N C = ' n ' > 0 0 6300 680 0 650 0 6D0 0 6900 6E00 6500 6D00 6500 6E007 4</SWX/WDXWD L = ' f r ' 
W = ' 1 ' X W L = ' f r ' > c o n t a c t < / W X S W 
E N C = ' n ' > 0 0 6 3 0 0 6 F 0 0 6 E 0 0 7 4 0 0 6 1 0 0 6 3 0 0 7 4</SWX/WDXWD L = ' f r ' W= ' 3 ' XW 



L='fr'>demarche</WXSW ENC='n'>006400E900 6D00610072 00 6300 680065</SWX/WD><WD 
L='fr' W='1'XW L='fr ' >entree</WxSW 
ENC='n'>0065006E0074007200E90065</SWX/WDXWD L='fr' W='1'><W 
L='fr'>environs</W><SW ENC= ' n ' >00 650 0 6E007 600 69007 2 0 0 6F00 6E0 0 7 3</SWX/WDXWD 
L='fr' W='1'XW L='fr'>frequentation</WXSW 
ENC='n'>0 0 660072 00E90071007 500 6500 6E007 4 00 61007 4 00 6900 6F00 6E</SWX/WDxWD 
L='fr' W='3'XW L=' fr ' >imminence</WXSW 
ENC='n'>00690 06D00 6D0 0 690 06E00 6500 6E00 630 0 65</SWX/WDXWD L='fr' W= ' 1 ' ><W 
L= ' f r ' >maniere d'aborder</WXSW 
ENC='n'>00 6D0061006E00 6900E8007200650020006400270 0610062006F0072006400650072< 
/ S W X / W D X W D L='fr' W= ' 1 ' ><W L= ' f r ' >manceuvre</WXSW 
ENC='n'>0 0 6D0061006E01530075007600720065</SWX/WDXWD L='fr' W= ' 1 ' X W 
L='fr'>methode</WXSW ENC= ' n ' >00 6D00E9007 4 00 68 0 0 6F00 64 00 65</SWX/WDXWD 
L='fr' W='1'XW L='fr ' >ombre</WXSW ENC= ' n ' >006F006D006200720065</SWX/WDXWD 
L='fr' W='1'XW L='fr ' >parages</W><SW 
ENC='n'>007 000 610072 00 6100 67 00 65007 3</SWX/WD><WD L='fr' W= ' 1 ' X W 
L='fr'>procede</WxSW ENC= ' n ' >007 0007200 6F00 6300E900 64 00E9</SWX/WDXWD 
L='fr' W='1'XW L='fr'>procedure</WXSW 
ENC='n'>007 0 0072 00 6F00 630 0E900 64 007 50072 00 65</SW></WDXWD L='fr' W= ' 3 ' X W 
L='fr'>proximite</WxSW 
ENC='n'>007 0007200 6F007 8 00 6900 6D00 6 9007 4 00E9</SWX/WDXWD L='fr' W= ' 1' X W 
L= ' f r ' >rapprochement</W> [ ... ] 

[ ... ] 
</SYNXPHRXW>APPROCHE</WXWD L= ' f r ' ><W>chasse a 1'approohe</WXSW 
ENC='n'>0 0 6300 68 00 61007 30 07 300 65002 000E0 002 000 6C002 7 00 61007 0007 00072 00 6F0 0 630 
0680065</SWX/WDXWD L= ' f r ' ><W>coup d ' approche</W><SW 
ENC='n'>0063006F00750070002000640 0270061007000700072006F006300680065</SW></WD 
X W D L= ' f r ' X W M u n e t t e d'approche</W><SW 
ENC='n'>006C0075006E006500740074006500200064002 70061007000700072006F0 06300680 
065</SWX/WDXWD L='fr'XW>niveau d ' approche</WXSW 
ENC='n'>00 6E006900760065006100750020006400270061007000700072006F006300680065< 
/SWX/WDX/PHRXDEFXE L= ' f r ' ><W>approcher</WXSW 
ENC='n'>00 61007 0007 0007200 6F00 6300 6800 650072</SWXP>v. </Px/E><DF 
N='l'XW>aller plus pres . </WXL>f igure</LX/DFX/DEFXTRAXE 
L= ' f r ' ><W>approcher</WXSW 
ENC='n'>00610070007000720 0 6F00630068006500 7 2</SWXP>v. </PX/EXWD L='ro' 
W='2'XW L='ro'>[se] apropia</WXSW 
ENC='n'>005B007 300 65005D0 02000 61007 00072 00 6F007 000 6 90 0 6K/SWX/WDXWD L='nl' 
W='1'XW L='nl' >aankomen</W><SW 
ENC='n'>00 6100 6100 6E00 6B00 6F00 6D00 6500 6E</SWX/WDXWD L='it' W= ' 1' X W 
L='it'>accagliarsi</W><SW 
ENC='n'>0061006300 6300610067006C00690061007200730069</SWx/WDXWD L='it' 
W='2'xW L='it'>accalcare</WXSW 
ENC='n'>0 0 6100 6300 6300 610 0 6C00 6300 61007 2 00 65</SWX/WDXWD L='it' W= ' 3 ' X W 
L='it'>accostare</W><SW 
ENC='n'>00 6100 6300 6300 6F0 07 3007 4 00 610072 00 65</SWX/WDXWD L='pt' W= ' 3 ' X W 
L='pt'>acercar</WXSW ENC= ' n ' >00 6100 6300 650 07200 6300 610072</SWX/WDXWD 
L='es' W='1'XW L='es ' >acercar</WXSW 
ENC='n'>00 6100 6300 65007 200 6300 610072</SWX/WDXWD L='es' W= ' 1' X W 
L= ' es ' >acercarse a</WXSW 
ENC='n'>00 6100 630 0 65007200 6300 610072 007 300 650 02 000 6K/SWX/WDXWD L= ' de * 
W='1'XW L='de'>annahern</W><SW 
ENC='n'>00 6100 6E0 0 6E00E4 0 0 68 00 650072 00 6E</SWX/WDXWD L='it ' W= ' 1' X W 
L=' it '>appressare</WXSW 
ENC='n'>00 61007 00 07 0007200 65007 3007 300 610072 00 65</SWX/WDXWD L='en' W= ' 2 ' X W 
L='en'>approach</WXSW ENC= ' n ' >00 61007 0007 00 072 00 6F00 6100 6300 68</SWX/WDXWD 
L= ' en ' W= ' 2 ' X W L= ' en ' >approximate< /W> [ ... ] 
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[ ... ] 

< / T R A X S Y N X E L= ' f r ' > < W > a p p r o c h e r < / W X S W 
E N C = ' n ' > 0 0 6 1 0 0 7 0 0 0 7 0 0 0 7 2 0 0 6 F 0 0 6 3 0 0 6 8 0 0 6 5 0 0 7 2 < / S W X P > v . < / P X / E X W D L = ' f r ' 
W = ' 4 ' X W L = ' f r ' > a b o r d e r < / W X S W 
E N C = ' n ' > 0 0 6100 6200 6F007 2 00 64 0 0 6 5 0 0 7 2 < / S W X / W D X W D L = ' f r ' W= ' 1 ' ><W 
L = ' f r ' > a c c o s t e r < / W X S W ENC= ' n ' >00 6100 6300 6300 6 F 0 0 7 3 0 0 7 4 00 650072< /SWX/WDXWD 
L = ' f r ' W = ' 1 ' X W L = ' f r ' > a l l e r vers</W><SW 
E N C = ' n ' > 0 0 6100 6C00 6C00 6 5 0 0 7 2 0 0 2 0 0 07 600 6 5 0 0 7 2 0 0 7 3</SWX/WDXWD L = ' f r ' W= ' 3 ' ><W 
L = ' f r ' > a r r i v e r < / W X S W ENC= ' n ' >00 6 1 0 0 7 2 0 0 7 2 0 0 69007 600 650072</SWX/WD><WD 
L = ' f r ' W = ' 2 ' X W L = ' f r ' > a v a n c e r < / W X S W 
E N C = ' n ' > 0 0 6 1 0 0 7 6 0 0 6 1 0 0 6 E 0 0 6 3 0 0 6 5 0 0 7 2 < / S W X / W D X W D L = ' f r * W= ' 1 ' XW 
L= ' f r ' > c o n d u i r e v e r s < / W X S W 
E N C = ' n ' > 0 0 630 0 6F006E00 64 0 07 50 0 6 9 0 0 7 2 00 6 5 0 0 2 0 0 0 7 600 6 5 0 0 7 2 0 0 7 3 < / S W x / W D X W D 
L = ' f r ' W = ' 1 ' X W L = ' f r ' > c o n f i n e r a</WXSW 
E N C = ' n ' > 0 0 6300 6F00 6E00 660 0 690 0 6E00 6 5 0 0 7 2 0 0 2 0 0 0E0</SWX/WDXWD L = ' f r ' W= ' 1 ' XW 
L= ' f r ' > c o n t a c t e r < / W X S W 
E N C = ' n ' > 0 0 6 3 0 0 6 F 0 0 6 E 0 0 7 4 0 0 6 1 0 0 63007 4 0 0 6 5 0 0 7 2 < / S W x / W D X W D L = ' f r ' W= ' 2 ' XW 
L = ' f r ' > c o t o y e r < / W X S W ENC= ' n ' >00 6300F4 007 4 00 6F007 900 650 07 2</SWX/WDXWD 
L = ' f r ' W = ' 1 ' X W L = ' f r ' > d o n n e r < / W X S W 
E N C = ' n ' > 0 0 6 4 0 0 6 F 0 0 6 E 0 0 6 E 0 0 6 5 0 0 7 2 < / S W X / W D > < W D L = ' f r ' W= ' 1 ' ><W 
L = ' f r ' > e f f l e u r e r < / W X S W 
E N C = ' n ' > 0 0 6 5 0 0 6 6 0 0 6 6 0 0 6 C 0 0 6 5 0 0 7 5 0 0 7 2 0 0 6 5 0 0 7 2 < / S W X / W D X W D L = ' f r ' W= ' 1 ' XW 
L = ' f r ' > e g a l e r < / W X S W ENC= ' n ' >00E900 67 0 0 6100 6C00 65 007 2</SWX/WDXWD L = ' f r ' 
W = ' 1 ' X W L = ' f r " > e g a l i s e r < / W X S W 
E N C = ' n ' > 0 0 E 9 0 0 67 00 6100 6C00 6 9007 300 650072< /SWX/WDXWD L = ' f r ' W= ' 1 ' XW 
L = ' f r ' > e n t o u r e r < / W X S W ENC= ' n ' >00 650 0 6E007 4 00 6F007 5 0 0 7 2 0 0 65007 2 < / S W x / W D X W D 
L = ' f r ' W = ' 1 ' X W L = ' f r ' > e t r e p r o c h e < / W X S W 
E N C = ' n ' > 0 0 E A 0 0 7 4 0 0 7 2 0 0 6 5 0 0 2 0 0 0 7 0 0 0 7 2 0 0 6 F 0 0 6 3 0 0 6 8 0 0 6 5 < / S W X / W D X W D L = ' f r ' 
W= ' 1 ' XW L= ' f r ' >f r e q u e n t e r < / W X S W 
E N C = ' n ' > 0 0 6 6 0 0 7 2 0 0 E 9 0 0 7 1 0 0 7 5 0 0 6 5 0 0 6 E 0 0 7 4 0 0 6 5 0 0 7 2 < / S W x / W D X W D L = ' f r ' W= ' 1 ' XW 
L = ' f r ' > f r i s e r < / W X S W ENC= ' n ' >00 66007 2 00 69007 300 650072< /SWX/WDXWD L = ' f r ' 
W = ' 1 ' X W L = ' f r ' > g a g n e r d e v i t e s s e < / W X S W 
E N C = ' n ' > 0 0 6 7 0 0 6 1 0 0 6 7 0 0 6 E 0 0 6 5 0 0 7 2 0 0 2 0 0 0 6 4 0 0 6 5 0 0 2 0 0 0 7 6 0 0 6 9 0 0 7 4 0 0 6 5 0 0 7 3 0 0 7 3 0 0 6 5 < 
/SWX/WDXWD L = ' f r ' W = ' 2 ' X W L= ' f r ' > j o i n d r e < / W X S W 
E N C = ' n ' > 0 0 6A00 6 F 0 0 6 9 0 0 6E0 0 64 0072 00 65</SWX/WDXWD L = ' f r ' W= ' 4 ' XW 
L= ' f r ' > r a p p r o c h e r < / W X S W 
E N C = ' n ' > 0 0 7 2 00 610 07 0007 00 0720 0 6F00 6300 68 00 650072< /SWX/WDXWD L = ' f r ' W= ' 1 ' XW 
L = ' f r ' > r e g a r d e r < / W X S W ENC= ' n ' > 0 0 7 2 0 0 6 5 0 0 6 7 0 0 6 1 0 0 7 2 0 0 6 4 0 0 6 5 0 0 7 2 < / S W X / W D X W D 
L = ' f r ' W = ' 1 ' X W L = ' f r ' > r e s s e m b l e r < / W X S W 
E N C = ' n ' > 0 0 7 2 00 650 07 3007 300 6500 6D00 62 00 6C00 650072< /SWX/WDXWD L = ' f r ' W= ' 1 ' XW 
L = ' f r ' > r i v a l i s e r < / W X S W 
E N C = ' n ' > 0 0 7 2 00 69007 600 610 0 6C00 69007 300 650072< /SWX/WDXWD L = ' f r ' W= ' 1 ' XW 
L= ' f r ' >s ' a p p a r e n t e r < / W X S W 
E N C = ' n ' > 0 0 7 3002 7 0 0 6 1 0 0 7 00 07 00 0 6 1 0 0 7 2 00 6500 6E007 4 00 650072< /SWX/WDXWD L = ' f r ' 
W=' 1 ' X W L = ' f r ' > s ' a p p r o c h e r < / W X S W 
E N C = ' n ' > 0 0 7 3 0 0 2 7 0 0 6 1 0 0 7 00 07 0 0 0 7 2 0 0 6F00 6300 6800 650072< /SWX/WDXWD L = ' f r ' 
W = ' 2 ' X W L = ' f r ' > s ' a v a n c e r < / W > < S W 
E N C = ' n ' > 0 07 30027 0 0 61007 60 0 610 0 6E0 0 6300 65007 2</SWX/WD><WD L = ' f r ' W= ' 1 ' XW 
L = ' f r ' > s e d e s s i n e r < / W X S W 
E N C = ' n ' > 0 0 7 300 650 02 000 64 00 65007 30 07 300 6900 6E00 650072< /SWX/WDXWD L = ' f r ' 
W = ' 1 ' X W L = ' f r ' > s e p o r t e r < / W X S W 
E N C = ' n ' > 0 07 300 650 02 0007 00 0 6F0 07 20 07 4 00 65007 2</SWX/WDXWD L = ' f r ' W= ' 2 ' XW 
L = ' f r ' > s e r a p p r o c h e r < / W X S W 
E N C = ' n ' > 0 0 7 3 0 0 6 5 0 0 2 0 0 0 7 2 0 0 6 1 0 0 7 0 0 0 7 0 0 0 7 2 0 0 6 F 0 0 6 3 0 0 6 8 0 0 6 5 0 0 7 2 < / S W X / W D X W D 
L = ' f r ' W = ' 1 ' X W L = ' f r ' > t e n i r de</W><SW 
E N C = ' n ' > 0 0 7 4 00 650 0 6E00 690 072 0 0 2 0 0 0 64 00 65</SWX/WDXWD L = ' f r ' W= ' 1 ' XW 
L = ' f r ' > t o u c h e r < / W X S W ENC= ' n ' >007 4 00 6F007 500 6300 68 00 650072< /SWX/WDXWD 



t-
1 2 « 1! - 3* rt
 

rt
 

13
 • •
 

\ \ s:
 

s:
 

s,
 

• o CD
 

H
- o- c T3
 

P
J rt
 

l-S
 

O
i 

CO
 

|Q
 

l-
i \ 03
 

in
 

M
 JV
 

Q
) 

3 CD
 

r+
 -—
 

-
i 

V
 

03
 

(1
) 

h
-'

 *•
 

(u
 

a 0)
 

rt
 

A
 \ O i-
3

 
03

 
V

 
A

 \ O o
 

2 1
-3

 

?a
 

H
 03

 
V

 
A

 

?3
 

P
d 

C
O

 

c t"
1 

1
-3

 
C

O
 

V
 

C
 

3 H
- < CD
 

l-
i 

CO
 

H
-

rt
 

K
 > M M
 

h
i 

H
-

lQ
 3
" 

f
t 

CO
 

H
 

CD
 

CO
 

CD
 

l-
i < CD
 

Q
. 

A
 \ o H
 

03
 

V
 

A
 

O
 

i-
3

 

03
 

tr
1 2 « II - 3* rt
 

rt
 

T3
 \ \ s:
 

o
 

i-
i a 3 CD
 

rt
 

13
 

h H
-

3 O
 

CD
 

rt
 o
 

0 • CD
 

C
L 

C
 \ - V s;
 

o
 

i-
i a z CD
 

rt
 

K
) • o o
 

o
 

13
 <̂ h H
-

|Q
 

3
" 

rt
 ©
 

to
 

o o C
O

 

cr
 

><
 

T
J 

i-
i 

H
-

3 o
 

CD
 

rt
 

O
 

3 

O
 

2 i-
3

 

73
 

H
 03

 
V

 
A

 o
 

i-
3

 

03
 

H
I 

2 « II - 3" rt
 

rt
 

13
 •• \ \ t, S
 

s;
 

g
 

CD
 

g
 

0 a p
j rt
 

P
J • o 0 g
 

V
 s CD
 

g
 

0 a PJ
 

rt
 

PJ
 

A
 \ o t-
3 03
 

V
 

A
 o
 

i-
3

 

03
 

M
 

2 O
 II - 3 - V o o en
 

h-
>

 

O
 

O
 

^
J 

O
 o o -
J o o o -
J 

IV
) 

o o en
 

H
I II -

H
i 

l-
i - « II - a o
 s 2 - V A
 s t-
1 II -

H
i 

l-
i - V PD
 

"i
 

X
i 

o
 *

a 
o C

T
i 

U
) 

o o en
 

C
O

 

o o C
T

i 
I—

1 

o o C
fl

 

Pd
 

o o -
J 

J
^ A
 \ CO
 

s V
 

A
 

T
l 

V
 

P
J a C
J

. 

A
 \ 13 V
 A
 

^
\ s a V
 

A
 \ o P
d 

S3
 

V
 

A
 o
 

l-
i 

0 n
 

3
* 

p
j 3 rt
 

A
 \ SI
 

V
 

A
 

C
O

 

S
I 

Pd
 

2 O
 II - 3 - V o o en
 

I-
1 

o o ~
J 

o o o ^
J o o o ~
J 

[\
3

 

o o en
 

in
 

o o en
 

U
) 

o o en
 

0
0 o o en

 
i—

1 

o o en
 

to
 

o o en
 

n O
 o en

 
C

J
l 

A
 \ co
 

si
 

V
 

A
 

T3
 

V
 

P
J a C
J

-

A
 \ ifl V
 

A
 \ SI
 

a V
 

A
 s a 

« ii - a o
 si
 

2 - V A
 s;
 

IT
1 II -

H
i 

H
 - V P

J xs
 

X
) i-s
 

O
 o
 

3
" 

P
J tr
 

H
" 

CD
 

A
 \ S V
 

A
 

CO
 

si
 

M
 

2 o
 II - 3 - V o o en
 

M
 o o ~
j 

o o o -
j 

o o o -
J 

sc
 

50
 

V
 

A
 a M
 

JO
 

V
 

A
 

P
I 

t"
1 II -

H
i 

t-
i - V A
 

S
I 

V
 a>
 

T3
 

M
 

T3
 

o o en
 

^i
 

o o en
 

C
O

 

o o en
 

C
O

 

o o en
 

en
 

o o ~
j 

to
 

A
 ^ CO
 

s;
 

V
 

A
 <v

 
V

 < A
 \ H3 V
 

A
 \ M V
 

A
 

S3
 

a t-
i II H
i 

i-
i -

t-
i 

0 n
 

3
" 

CD
 

l-
i A
 \ SI
 

V
 

A
 

C
O

 

S
I 

P
d 2 o
 II - 3 - V o o ^

1 

U
) 

o o K
) 

^
J o o en
 

I-
1 

o o ^
j 

o o o -
J o o o ~
J 

ro
 

o o en
 

in
 

o o en
 

u>
 

o o en
 

C
O

 

o o en
 

en
 

o o ~
j 

IV
) 

C
D

 

O
 

N
3 

O
 

O
 

O
 en

 
a^

 
o o en

 
C

Jl
 

A
 \ co
 

S
I 

V
 

A
 \ SI
 

D
 

V
 

A
 \ T) 

t"
1 II -

H
i 

l-
i - V A
 

S
I 

V
 en
 - V •o
 

•o
 

n
 

0 0 tr
 

ID
 

H
 a ID A
 \ S!
 

V
 

A
 

C
O

 

s:
 

P
d 2 O
 II - 3 - V o o -

J co
 

o o ho
 

^
J o o a\
 

H
1 

o o ~
J 

o o o -
J o o o -
J 

IV
) 

o o en
 

n o o en
 

o ^
1 

>
£*

 

o o en
 

C
J

l 

o o en
 

O
 

A
 \ en
 

S
I 

V
 

A
 \ SI
 

o
 

V
 

A
 

S
I 

O
 

t"
1 II -

H
i 

l-S
 - V A
 

S
I 

V
 

CO
 -

P
J 

X
! 

co
 T

3 
o o en

 
C

O
 

o o en
 

en
 

o o -
j to
 

A
 \ CO
 

S
I 

V
 

A
 \ Si
 

o
 

V
 

A
 a a 

l-
i 

O
 n
 

3
1 

CD
 

l-
i A
 \ S V
 

A
 

C
O

 

E
l 

P
d 2 O
 II - 3 - V o o <

T
>

 

t-<
 

II -
H

i 

H
 - V A
 

S
I 

V
 

P
J 

M
 

X
I 

O
 o -
J o o o ^
J o o o ^
J 

M
 

O
 o en

 

^ o o en
 

co
 

o o en
 

C
O

 

o o en
 

en
 

o o ~
j 

to
 

o o N
O

 

o o o e
n 

j
^ o o en

 
C

J
l 

o o ho
 

o o o en
 

O
 

o o N
3 

-J
 

o o en
 

M
 

O
 o -
J 

C
J

l 

o 

T5
 

l-
i 

O
 n
 

3
* 

CD
 

l-S
 

a CD
 

i—
• -

P
J c rt
 

CD
 

M
 

A
 ^ El
 

V
 

A
 

C
O

 

S
I 

Pd
 

2 O
 II - 3 - V o o C

T
l 

M
 

O
 

O
 

-
J o o o -
J o o o •
J 

K
3 

O
 

O
 en

 
t

q o o en
 

C
O

 

o o en
 

C
O

 

o o en
 

en
 

o o -
j 

ho
 

o o to
 

o o o en
 

j
^ o o en

 
C

Jl
 

A
 \ CO
 

S
I 

V
 

A
 \ SI
 

a V
 

A
 

S
I a 

t-
| II -

H
i 

l-
i - V A
 

S
I 

V
 

11
1 

t)
 

•0
 

H
 

0 0 tr
 

ID
 

H
 a ID A
 \ El V
 

A
 

C
O

 

S
I 

P
d 2 O
 II - 3 - V o o -

J en
 

o o en
 

C
Jl

 

o o en
 

Pd
 

o o en
 

C
D

 

o o -
J 

M
 A
 \ 00 S
I 

V
 

A
 "\
 

S
I a V
 

A
 \ 00 K
 

2 V
 

A
 

1)
 

X
 w
 

V
 

A
 

S
 

V
 > *)
 

13
 

JO
 

O
 

O
 

a M
 

id
 

A
 \ SI
 

V
 

A
 

E
l a 

t"
1 II -

H
i 

l-
i - E
; II - ho
 - V A

 s tr
1 II -

H
i 

H
 - V < CD
 

3 H
-

H
 A
 \ El V
 

A
 

C
O

 

E
l 

to
 

O
N

 



237 

Appendix C. Processing Example 

i. 

Here, the program stops after having detected a break, which is correctly analyzed as non-

necessary function word. 

coming into generate_dependancies for sentence : le but du projet raene 
par l'ESIS est d'aider les couples qui ayant des difficultes a avoir un 
enfant. 

Phrase Ref => 
00_rechercher 02_un 04_difference 06_de 08_tendance I0_de 12_trouble 
14_de 16_fecondite 18_entre 20_le 22_pays 24_en 26_utiliser 28_un 
30 methode 32 standardiser 

Follows : XIP analysis formatting 

Dependances Ref => 

OBJ(00_rechercher,04_difference) 
OBJ(26_utiliser,30_methode) 
VMOD(00_rechercher,22_pays) 
VMOD(26_utiliser,00_rechercher) 
NMOD(04_difference,08_tendance) 
NMOD(04_difference,12_trouble) 
NMOD(12_trouble,16_fecondite) 
NMOD(30_methode,32_standardiser) 
PREPOBJ(08__tendance, 06_de) 
PREPOBJ(12_trouble,10_de) 
PREPOBJ(16_fecondite,14_de) 
PREPOBJ(22__pays, 18_entre) 
PREPOBJ(26_utiliser,24_en) 
DETERM(04 difference,02 un) 
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DETERM(22_pays,20_le) 
DETERM(30 methode,2 8_un) 

Lemmes Ref => 

0 0_VERB_rechercher 
02_DET_un 
0 4_NOUN_difference 
0 6_PREP_de 
08_NOUN_tendance 
10__PREP__de 
12_NOUN_trouble 
14_PREP_de 
16_NOUN_fecondite 
18_PREP_entre 
2 0__DET_le 
22_NOUN_pays 
24_PREP_en 
2 6_VERB_utiliser 
2 8_DET_un 
30_NOUN_methode 
32 VERB standardiser 

Phrase S => 
00__le 02_but 04_de 06_projet 08_mener 10_par 12_le 16_etre 18_de 
20_aider 22_le 24_couple 26_qui 28_avoir 30_un 32_difficulte 34_a 
36 avoir 38 un 40 enfant 

Dependances S => 

SUBJ(16_etre,02_but) 
DEEPSUBJ(08_mener,14_ESIS) 
OBJ(20_aider,24_couple) 
OBJ(28_avoir,32_difficulte) 
OBJ(36_avoir,40_enfant) 
VMOD(08_mener,14_ESIS) 
VMOD(16_etre,20_aider) 
NMOD(02_but,0 6_projet) 
NMOD(06_projet,08_mener) 
NMOD (32__difficulte, 36_avoir) 
PREPOBJ(06_projet,04_de) 
PREPOBJ(14_ESIS, 10__par) 
PREPOBJ(20_aider,18_de) 
PREPOBJ(36_avoir,34_a) 
DETERM(02_but,00_le) 
DETERM(14_ESIS,12_le) 
DETERM(24_couple,22_le) 
DETERM(32_difficulte,30_un) 
DETERM(40 enfant,38 un) 

Lemmes S => 

00 DET le 
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02_NOUN_but 
0 4_PREP_de 
0 6_NOUN_projet 
0 8_VERB_mener 
10_PREP_par 
12_DET_le 
16_VERB_etre 
18_PREP_de 
20_VERB_aider 
22_DET_le 
24_NOUN_couple 
2 6_PRON_qui 
2 8_VERB_avoir 
30_DET_un 
32_NOUN_difficulte 
34_PREP_a 
36_VERB_avoir 
38_DET_un 
40 NOUN enfant 

Phrase Q => 
00_quel 02_etre 04_le 06_but 08_de 10_projet 12_mener 14_par 16_le 
18 ESIS 

Dependances Q => 

SUBJ(02_etre,00_quel) 
DEEPSUBJ(12_mener,18_ESIS) 
OBJ(02_etre,06_but) 
VMOD(12_mener,18_ESIS) 
NMOD(0 6__but,10_proj et) 
NMOD (10__projet, 12_mener) 
PREPOBJ(10_proj et,0 8_de) 
PREPOBJ(18_ESIS,14_par) 
DETERM(0 6_but, 04_le) 
DETERM(18 ESIS,16 le) 

lemmes en LemmaToIndex : PRON_quel 
VERB_etre 
DET_le 
NOUNJout 
PREP_de 
NOUN_projet 
VERB_mener 
PREP_par 
DET_le 
NOUN_ESIS 
SENT_? 

Lemmes Q => 

00_PRON__quel 
02_VERB_etre 
04 DET le 



0 6_NOUN_but 
08_PREP_de 
10_NOUN_projet 
12_VERB__mener 
14_PREP_par 
16_DET_le 
18 NOUN ESIS 

Select admissible connectors to answer the question 

pour la question, prepo admissible : nil 

pas de fautes d'orthographe 

Detect breaks and excluded words 

1' 
1' 
1' 
1' 
1' 
1' 
1' 
1 
1 
1 
1 

'element 
'element 
'element 
'element 
1 element 
'element 
'element 
'element 
'element 
'element 
'element 

0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

0 
1 
2 
3 
4 
5 
6 
7 
8 
9 

est 
est 
est 
est 
est 
est 
est 
est 
est 
est 

00 
02" 
04" 
0 6" 
08" 
14" 
16" 
18" 
2 0" 
22" 

_le 
but 

~de 

proj et 
mener 
_ESIS 
etre 
"de 
aider 
le 

10 est 24 couple 

rupture au point 10 : 24_couple|28_avoir 

1'element 1 0 est 28_avoir 
1'element 1 1 est 30_un 
1'element 1 2 est 32_difficulte 
1'element 1 3 est 34_a 
1'element 1 4 est 36_avoir 
1'element 1 5 est 38_un 
1'element 1 6 est 40_enfant 

point de rupture en premiere sortie : 24_couple|28_avoir 

exclus de 1'analyse de dependance : 26 qui 



Keep track of the break in the tree analysis 

apres traitement phrasesMotif 2 : 
@NP 02@PP 04@NP 06 08@PP 10@NP 14@FV 16@IV 18 20SNP 
24@@@@@BG 26@GV 28@NP 32@IV 34 36@NP 40 

Synthesis of analysis information; this will be used for: 
long distance attachments 

- break and holes resolution 

categories all_cats pour S : 
0@@@@NP_DETERM02_00_le_SUBJ16_02Jout@PP_PREP04_0 4_du@NMOD02_0 6_projet_N 
MOD0 6_08_mene@PP_PREP10_10_par@DETERM14_12_l'_VMOD08_14_ESIS@FV_16_est@ 
IV_PREPl8_18_d'_VMODl6_2 0_aider@NP_DETERM2 4_2 2_les_OBJ2 0_2 4_couples@BG_ 
PRON2 6_qui@GV_2 8_ayant@NP_DETERM32_30_des_OBJ2 8_32_difficultes@IV_PREP3 
4 34 a NMOD32 36 avoir@NP DETERM40 38 un OBJ36 40 enfant@SENT . 

categories all_cats de Ref : 
0@@@@IV_VMOD2 6_00_rechercher@NP_DETERM0 4_02_une_OBJ00_0 4_difference@PP__ 
PREP0 6_0 6_de@NMOD04 _08_tendance@PP_PREP10_10_des@NMOD04_12_troubles@PP_ 
PREP14_14_de@NMOD12^16_fecondite@PP_PREP18_18_entre@DETERM22_20_les_VMO 
D00_22_pays@GV_PREP24_2 4_en_2 6_utilisant@NP_DETERM30_2 8_une_OBJ2 6_30_me 
thode NMOD30 32 standardisee@SENT . 

After Heuristics, Agreement and Tense errors detection 

le pronom relatif "qui" doit etre sujet du verbe 

erreur d'accord : pas d'erreur d'accord 

erreur de temps : pas d'erreur de temps 
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After Syntactic errors resolution 

il est possible de connecter NP_DETERM24_22_les_OBJ20_24_couples_NOUN a 
GV_2 8_ayant_VERB sans connecteur specifique 

Finally, the program stops 

on va analyser $phrasesMotif : 
@NP 02@PP 04@NP 0 6 08@PP 100NP 14@FV 16SIV 18 20SNP 2 4@@@ 
@@BG 2 6@@@GV 2 8 0NP 32@IV 34 3 6@NP 4 0 

rupture d'analyse apres le mot : NOUN_couple 

rupture d'analyse apres le mot : PRON_qui 

2. 

The program correctly identifies S as a paraphrase of REF. But, it still outputs some elements of 

S divergent from REF: the fact that the student cut the complement of the ADJsembiabie (REF) 

/ VERB_approcher (S) governor(s) and attached this complement's modifier instead. 

Phrase Ref => 
00_le 02_rat 04_etre 06_un 08_animal 10_qui 12_posseder 14_un 16_systeme 
18 cardio-vasculaire 20 tres 22 semblable 24 a 26 celui 28 de 30 le 32 homme 

Dependances Ref => 

SUBJ(04_etre,02_rat) 
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SUBJ(12_posseder,10_qui) 
OBJ(04_etre,08_animal) 
OBJ(12_posseder,16_systeme) 
COREF(08_animal,10_qui) 
NMOD(16_systeme,18_cardio-vasculaire) 
NMOD(16_systeme,22_semblable) 
NMOD(2 6_celui,32_homme) 
ADJMOD(22_semblable,20_tres) 
ADJMOD(22_semblable,26_celui) 
PREPOBJ(26_celui,24_a) 
PREPOBJ(32_homme,2 8_de) 
DETERM(02_rat,00_le) 
DETERM(08_animal,06_un) 
DETERM(16_systeme,14_un) 
DETERM(32_homme,30_le) 
CONNECT(12_posseder,10_qui) 

Lemmes Ref => 

00_DET_le 
02_NOUN_rat 
0 4_VERB_etre 
0 6_DET_un 
08_NOUN_animal 
10_PRON_qui 
12_VERB_posseder 
14_DET_un 
16_NOUN_systeme 
18_ADJ_cardio-vasculaire 
20_ADV_tres 
2 2_ADJ_semblable 
2 4_PREP_a 
2 6_PRON_celui 
2 8_PREP_de 
30_DET_le 
32 NOUN h o m e 

P h r a s e S => 
0 0 _ l e 02__systeme 0 4 _ c a r d i o - v a s c u l a i r e 06_de 08_un 1 0 _ r a t 12_se 1 4 _ a p p r o c h e r 
16_a 18_un 2 0 _ p e r s o n n e 22_huraain 

Dependances S => 

SUBJ(14_approcher,02_systeme) 
OBJ(14_approcher,12_se) 
VMOD(14_approcher,20_personne) 
NMOD (02__systeme, 04_cardio-vasculaire) 
NMOD(02_systeme,10_rat) 
NMOD(20_personne,22_humain) 
PREPOBJ(10_rat,06_de) 
PREPOBJ(20_personne,16_a) 
DETERM(02_systeme,00_le) 
DETERM(10_rat,0 8_un) 
DETERM(20_personne,18_un) 
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REFLEX(14_approcher,12_se) 

Lemmes S => 

00_DET_le 
02_NOUN_systeme 
04_ADJ_cardio-vasculaire 
0 6_PREP_de 
08__DET_un 
10_NOUN_rat 
12_PR0N__se 
14_VERB_approcher 
16_PREP_a 
18_DET_un 
2 0_NOUN__personne 
22 ADJ humain 

Phrase Q => 
O0_pourquoi 02_pouvoir 04_on 06_tirer 08_le 10_meme 12_conclusion 14_pour 
16_le 18_homme 20_et 22_pour 24_le 26_rat 

Dependances Q => 

SUBJ(02_pouvoir,04_on) 
OBJ(02_pouvoir,0 6_tirer) 
OBJ(0 6_tirer,12_conclusion) 
VMOD (06__tirer, 18__homme) 
VMOD (06_tirer, 26__rat) 
NMOD(12_conclusion,10_meme) 
COORDITEMS(18_homme,2 6_rat,2 0_et) 
PREPOBJ(18_homme,14_pour) 
PREPOBJ(2 6_rat,22_pour) 
DETERM(12_conclusion,08_le) 
DETERM(18__homme,16_le) 
DETERM(26_rat,24_le) 
CONNECT(02_pouvoir,00_pourquoi) 

Lemmes Q => 

0 0_ADV_pourquoi 
02__VERB_pouvoir 
0 4_PRON_on 
0 6_VERB_tirer 
08_DET_le 
10_ADJ_meme 
12_NOUN_conclusion 
14_PREP_pour 
16_DET_le 
18__NOUN_homme 
2 0_COORD_et 
22_PREP_pour 
24 DET le 



2 6 NOUN rat 

pour la question, prepo admissible : PREP_acausede 

pour la question, prepo admissible : PREP_dufaitde 

pour la question, prepo admissible : CONJ_dufaitque 

pour la question, prepo admissible : CONJ_parceque 

pour la question, prepo admissible : PREP_jpour 

pas de fautes d'orthographe 

1'element 0 0 est 00_le 
1'element 0 1 est 02_systeme 
1'element 0 2 est 04_cardio-vasculaire 
1'element 0 3 est 06_de 
1'element 0 4 est 08_un 
1'element 0 5 est 10_rat 
1'element 0 6 est 12_se 
1'element 0 7 est 14_approcher 
1'element 0 8 est 16_a 
1'element 0 9 est 18_un 
1'element 0 10 est 20_personne 
1'element 0 11 est 22 humain 

apres traitement phrasesMotif 2 : 
@NP 02@AP 04@PP 06@NP 10@FV 12 14@PP 16@NP 20@AP 22 

categories all_cats pour S : 

0@@@@AP_NMOD02_04_cardio-vasculaire@PP_PREP0 6_0 6_d'@DETERM10_08_un_NMOD 
02_10_rat@FV_PRON12_REFLEX14_12_s '_14__approche@PP_PREP16__l 6_a@DETERM2 0_18_une 
_VMOD14_2 0_personne@AP_NMOD20_2 2_humain@SENT_. 

categories all_cats de Ref : 

0@@@@NP_DETERM02_00_le_SUBJ04_02_rat@FV_04_est@NP_DETERM08_0 6_un_OBJ04_08_ani 
mal@SC@BG_PRON10_CONNECT12_10_qui@FV_12_possede@NP_DETERM16_14_un_OBJ12_16_sy 
steme@AP_NMOD16_18_cardio-vasculaire@AP@ADV2 0_ADJMOD22_2 0_ 
tres_NMOD16_22_semblable@PP_PREP24_2 4_a@PRON2 6_ADJMOD22_2 6_celui@PP_PREP2 8_2 8 
de@DETERM32 30 1' NMOD26 32 hommeSSENT . 

erreur d'accord : | 
pas d'accord de genre entre personne et humain 

erreur de temps : pas d'erreur de temps 
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Synonymy Detection and Replacement in the items of analysis: lemma and dependencies 

pas d'antonymes 

pas de synonymes entre Q et S 

synonymes : VERB_approcher(de)|ADJ_semblable 

motif syntaxique de reformulation : V-->ADJ 

synonymes : NOUN_personnejNOUN_homme 

apres remplacement des syns : 
SUBJ(14_approcher,02_systeme) 
OBJ (14_approcher, 12__se) 
VMOD(14_approcher,2 0_homme) 
NMOD(02_systeme,04_cardio-vasculaire) 
NMOD(02_systeme,10_rat) 
NMOD(2 0_homme,2 2_humain) 
PREPOBJ (10_rat, 0 6__de) 
PREPOBJ(20__homme, 16_a) 
DETERM(02_systeme,00_le) 
DETERM(10_rat,08_un) 
DETERM(2 0 Jiomme,18_un) 
REFLEX(14_approcher,12_se) 

et lemmes : 
0 0_DET_le 
02_NOUN_systeme 
0 4_ADJ_cardio-vasculaire 
0 6_PREP_de 
08_DET_un 
10_NOUN_rat 
12_PR0N_se 
14_VERB___approcher 
16__PREP_a 
18_DET_un 
2 0_NOUN_homme 
2 2 ADJ humain 

Phrase Mapping 



resultat de mapPhrase Ref pour SUBJ(04_etre,02_rat) : 
SUBJ(04_etre,02_rat)||OBJ(04_etre,08_animal) 

resultat de mapPhrase Ref pour SUBJ(12_posseder,08_animal) : 
SUBJ(12_posseder,08_animal) | I OBJ(12_posseder,16_systeme) | CONNECT(12_posseder, 
08_animal) 
OBJ(12_posseder,16_systeme)|I NMOD (16_systeme, 18__cardio-
vasculaire)|NMOD(16_systeme,22_semblable) 
NMOD(16_systeme,22_semblable)I|ADJMOD(22_semblable,20_tres)|ADJMOD(22_semblab 
le,2 6_celui) 
ADJMOD(22_semblable,26_celui) I INMOD(26_celui,32_homme) |PREPOBJ(26_celui,24_a) 
NMOD(2 6_celui,32_homme)||PREPOBJ(32_homme,28_de) 

resultat de mapPhrase S pour SUBJ(14_approcher,02_systeme) : 
SUBJ(14_approcher,02_systeme) I I OBJ(14__approcher,12_se) IVMOD(14_approcher,20_h 
omme)|REFLEX(14_approcher,12_se) 
SUBJ(14_approcher,02_systeme) I INMOD(02_systeme,04_cardio-
vasculaire)|NMOD(02_systeme,10_rat) 
VMOD(14_approcher,2 0_homme)||NMOD(2 0_homme,2 2_humain)|PREPOBJ(2 0_homme,16_a) 
NMOD(02_systeme,10_rat)||PREPOBJ(10_rat,06_de) 

resultat de mapPhrase Q pour SUBJ(02_pouvoir,04_on) : 
SUBJ(02__pouvoir, 04_on) | | OB J ( 02_pouvoir, 0 6__tirer) | CONNECT ( 02_pouvoir, 00_pourqu 
oi) 
OBJ(02_pouvoir,06_tirer)||OBJ{06_tirer,12_conclusion)|VMOD(06_tirer,18_homme) 
IVMOD(0 6_tirer,2 6_rat) 
OBJ(06_tirer,12_conclusion)| jNMOD(12_conclusion,10_meme) 
VMOD(06_tirer,18_homme)||PREPOBJ(18_homme,14_pour) 
VMOD(06_tirer,26_rat)||PREPOBJ(26_rat,22_pour) 

theme : CODEl@02_NOUN_rat@Etat@08_NOUN_animal 

theme : CODE3@08_NOUN_animal@Attr@16_NOUN_systeme 

theme : CODE4@12_VERB_posseder@Attr@08_NOUN_animal 

theme : CODE4@08_NOUN_animal@Attr@12_VERB_posseder 

theme : CODE16@16_NOUN_systeme@Attr@18_ADJ_cardio-vasculaire 

theme : CODE16@16_NOUN_systeme@Attr@22_ADJ_semblable 

theme : CODE17@22_ADJ_semblable@Attr@20_ADV_tres 

theme : CODE17@22_ADJ_semblable@Attr@26_PRON_celui 

theme : CODE13032 NOUN homme@Attr@26 PRON celui 

theme 2 : CODE5@02 NOUN systeme@Attr@14 VERB approcher 



theme 2 : CODE5@14_VERB_approcher@AttrOBJ@12_PRON_se 

theme 2 : CODE6@14_VERB_approcher@AttrMOD@20_NOUN_homme 

theme 2 : C0DE16@02_NOUN__systeme@Attr@04_ADJ_cardio-vasculaire 

theme 2 : CODE13@10_NOUN_rat@Attr@02_NOUN_systeme 

theme 2 : CODE16@20_NOUN_homme@Attr@22_ADJ_humain 

theme 3 : CODE5@04_PRON_on@Attr@02_VERB_pouvoir 

theme 3 : CODE5@02__VERB_pouvoir@AttrOBJ@06_VERB_tirer 

theme 3 : CODE9@06_VERB_tirer@AttrOBJ@12_NOUN_conclusion 

theme 3 : CODEll@06_VERB_tirer@AttrMOD@18_NOUN_homme 

theme 3 : CODEll@06_VERB_tirer@AttrMOD@26__N0UN_rat 

theme 3 : CODE16@12_NOUN_conclusion@Attr@10_ADJ_meme 

theme 3 : CODE9@18_NOUN_homme@AttrOBJ@14_PREP_pour 

theme 3 : CODE9@26_NOUN_rat@AttrOBJ@22_PREP_pour 

Semantic Generalization 

themes en relate : 02_NOUN_rat@Attr@16_NOUN_systeme 

themes en relate : 16__NOUN_systeme@Attr@18_ADJ_cardio-vasculaire 

themes en relate : 22_ADJ_semblable@Attr@20__ADV_tres 

themes en relate : 32_NOUN_homme@Attr@2 6_PRON_celui 

themes en connect : 02_NOUN_rat@Attr@12_VERB_posseder 

themes en connect : 12__VERB_posseder@Attr@08_NOUN_animal 

themes en connect : 16_NOUN_systeme@Attr@22_ADJ_semblable 

themes en connect : 22_ADJ__semblable@Attr@2 6_PRON_celui 

themes 2 en relate : 02 NOUN systeme@Attr@04 ADJ cardio-vasculaire 



themes 2 en relate : 10_NOUN_rat@Attr@02_NOUN_systeme 

themes 2 en relate : 20__NOUN_homme@Attr@22_ADJ_humain 

themes 2 en connect : 02_NOUN_systeme@Attr@14_VERB_approcher 

themes 2 en connect : 14_VERB_approcher@AttrMOD@20__NOUN_homme 

themes 2 en connect : 14_VERB__approcher@AttrOBJ@12_PRON_se 

themes 3 en relate : 12_NOUN_conclusion@Attr@10_ADJ_meme 

themes 3 en connect : 02_VERB_pouvoir@AttrOBJ@06_VERB_tirer 

themes 3 en connect : 04_PRON_on@Attr@02_VERB_pouvoir 

themes 3 en connect : 06_VERB_tirer@AttrMOD@18_NOUN_homme 

themes 3 en connect : 06_VERB_tirer@AttrMOD@26_NOUN_rat 

themes 3 en connect : 06 VERB tirer@AttrOBJ@12 NOUN conclusion 

Try to overlap Ref on S : here it does not work 

themes en relates apres traitement Ref : 20_NOUN__homme@Attr@22_ADJ_humain 

themes en connects apres traitement Ref : 
02_NOUN_systeme@Attr@14_VERB_approcher 

themes en connects apres traitement Ref : 
14_VERB_approcher@AttrMOD@2 0_NOUN_homme 

themes en connects apres traitement Ref : 
14_VERB_approcher@AttrOBJ@12_PRON_se 

From the above, retrieve dependency relations necessary for paraphrase analysis 

en treel : REFLEX(14_VERB_approcher,12_PRON_se) 

en treel : SUBJ(14 VERB approcher,02 NOUN systeme) 



en treel : VMOD (14_VERB__approcher, 2 0_NOUN_homme) 

en treel : OBJ(14_VERB_approcher,12_PRON_se) 

en treel : NMOD(20_NOUN_homme,22_ADJ_humain) 

en tree2 : OBJ(12_VERB_posseder,16_NOUN_systeme) 

en tree2 : NMOD(16_NOUN_systeme,22_ADJ_semblable) 

en tree2 : OBJ(04_STATE_etre,0 8_NOUN_animal) 

en tree2 : ADJMOD(22_ADJ_semblable,20_ADV_tres) 

en tree2 : ADJMOD(22_ADJ_semblable,26_PRON_celui) 

en tree2 : NMOD{2 6_PRON_celui,32_NOUN_homme) 

en tree2 : SUBJ(04 STATE etre,02 NOUN rat) 

Prepare the dependency relations for paraphrase recognition 

pour S : 

|REFLEX(SYNO,12_PR0N_se) |SUBJ(SYNO,02_NOUN_systeme) |VMOD(SYNO,2 0_NOUN_homme) | 
OBJ(SYNO,12_PRON_se)|NMOD(20_NOUN_homme,22_ADJ_humain) 

pour Ref : 

|OBJ(12_VERB_posseder,16_NOUN_systeme)||NMOD(16_NOUN_systeme,SYNO)|OBJ(04_STA 
TE_etre,08_NOUN_animal)|ADJMOD(SYNO,20_ADV_tres)|ADJMOD(SYNO,26_PRON_celui)|N 
MOD(2 6_PRON_celui,32_NOUN_homme)|SUBJ(04_STATE_etre,02_NOUN_rat) 

en @toParaphrase : 
] REFLEX (SYNO, 12__PRON_se)|SUBJ(SYNO,NOUN1)|VMOD(SYNO,NOUN4)|OBJ(SYNO,12_PRON_s 
e)|NMOD(NOUN4,22_ADJ_humain) 

en StoParaphrase : 

|OBJ(12_VERB_posseder,NOUNl)||NMOD(NOUN1,SYNO)|OBJ(04_STATE_etre,08_NOUN_anim 
al)|ADJMOD(SYN0,2 0_ADV_tres)IADJMOD(SYNO,26_PRON__celui)|NMOD(2 6_PRON_celui,NO 
UN4)|SUBJ(04 STATE etre,NOUN2) 

Paraphrase Recognition : the paraphrase patterns are selected according to the syntactic 
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reformulation pattern recorded at synonymy detection time : motif syntaxique de 
reformulation (here,V-->ADj) 

on entre dans la boucle matchReformulation avec 
1*SUBJ\((SYN[0-9])\,(NOUN[0-9])\)@VMOD\(z0\,(zl|\d+_PRON_[a-z]+)\) --
>NMOD\(zl\,z0\)@ADJMOD\(z0\,(zl|\d+_PRON_[a-z]+)\) 

paraphrase est vide 

match de paraphrase 

Here, it is a success, although some dependencies remain. Following the paraphrase 
pattern, some dependencies can be cut, which explains that some material may remain 
eventually. 

reste en S : REFLEX (14_VERB_approcher, 12_PRON__se) 

reste en S : VMOD(14_VERB_approcher,20_NOUN_homme) 

reste en S : OBJ(14_VERB_approcher,12_PRON_se) 

reste en S : NMOD(20_NOUN_homme,22 ADJ_humain) 

3. 

The program stops after a break - it cannot identify the cause of the break, and so, it just 

provides a position signal. 

P h r a s e Ref => 
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00_le 02_tabagisme 04_, 06 parexem 
18_sang 20_atravers 22_le 24_place 
34_assurer 36_le 38_communication 
50 mere 52 et 54 celui 56 de 58 le 

Dependances Ref => 

SUBJ(10_gener,02_tabagisme) 
SUBJ(34_assurer,32_qui) 
OBJ(10_gener,14_passage) 
OBJ(34_assurer,38_communication) 
VMOD(10_gener,0 6_parexemple) 
VMOD(10__gener, 24_placenta) 
VMOD(34_assurer,50_mere) 
COREF(30_structure,32_qui) 
NMOD(14_passage,18_sang) 
NMOD(38_communication,44_cir dilation) 
NMOD(38_communication,54_celui) 
NMOD(44_circulation,50_mere) 
NMOD(54_celui,60_enfant) 
COORDITEMS(44_circulation,54_celui) 
PREPOBJ(18_sang,16_de) 
PREPOBJ(24_placenta,20_atravers) 
PREPOBJ(4 4_circulation,4 0_entre) 
PREPOBJ(50_mere,46_de) 
PREPOBJ(60_enfant,56_de) 
DETERM(02_tabagisme,00_le) 
DETERM(14_passage,12_le) 
DETERM(24_placenta,22_le) 
DETERM(30_structure,28_le) 
DETERM(38_communication,36_le) 
DETERM(44_circulation,42_le) 
DETERM(50_mere,48_le) 
DETERM(60_enfant,58_le) 
CONNECT(34_assurer,32_qui) 

Lemmes Ref => 

0 0_DET_le 
02_NOUN_tabagisme 
_PUNCT_, 
0 6_ADV_parexemple 
__PUNCT_, 
10__VERB_gener 
12_DET_le 
14_NOUN_passage 
16_PREP_de 
18_NOUN_sang 
20_PREP_atravers 
22_DET_le 
2 4_NOUN_placenta 
_PUNCT_, 
28_DET_le 
30_NOUN_structure 
32_PRON_qui 

le 08__, 10_gener 12_le 14_passage 16_de 
ta 26_, 28_le 30_structure 32_qui 
0_entre 42_le 44_circulation 46__de 48_le 
60 enfant 
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34_VERB_assurer 
36_DET_le 
38_NOUN_communication 
4 0_PREP_entre 
42_DET_le 
4 4_NOUN_circulation 
4 6_PREP_de 
4 8_DET_le 
5 0_NOUN_mere 
52_COORD_et 
54_PRON_celui 
5 6_PREP_de 
58_DET_le 
60 NOUN enfant 

Phrase S => 
00_le 02_tabac 04_arret 06_le 08_circulation 10_de 12_sang 14_a 16_organs 
18 noble 20 de 22 foetus 

Dependances S => 

NMOD(02_tabac,04_arret) 
NMOD (08__circulation, 12_sang) 
NMOD{08_circulation,16_organs) 
NMOD(16_organs,18_noble) 
NMOD(16_organs,22_foetus) 
PREPOBJ(12_sang,10_de) 
PREPOBJ(16_organs,14_a) 
PREPOBJ(22_foetus,20_de) 
DETERM(02_tabac,00_le) 
DETERM(08_circulation,06_le) 

Lemmes S => 

00_DET_le 
02_NOUN_tabac 
04_NOUN_arret 
0 6_DET_le 
08_NOUN_circulation 
10_PREP_de 
12_NOUN_sang 
14_PREP_a 
16_NOUN_organs 
18_ADJ_noble 
2 0_PREP_de 
22 NOUN foetus 

Phrase Q => 
00_comment 02_le 04_tabac 06_pouvoir 08_il 10_affecter 12_le 14_foetus 

Dependances Q => 
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SUBJ(06_pouvoir,04_tabac) 
SUBJ(10_affecter,04_tabac) 
SUBJCLIT(06_pouvoir,08_il) 
OBJ(0 6_pouvoir,10_affecter) 
OBJ(10_affecter,14_foetus) 
DETERM(04_tabac, 02_le) 
DETERM(14_foetus,12_le) 
CONNECT(06 pouvoir,00 comment) 

Lemmes Q => 

0 0_ADV_comment 
02_DET_le 
04_NOUN_tabac 
0 6_VERB__pouvoir 
0 8_PRON_i l 
10_VERB_affecter 
12_DET_le 
14 NOUN foetus 

pour la question, prepo admissible : PREP_jpar 

pour la question, prepo admissible : PREP_en 

pas de fautes d'orthographe 

1'element 0 0 est 00_le 
1'element 0 1 est 02_tabac 
1'element 0 2 est 04_arret 

rupture au point 2 : 04_arret | 06__le 

1'element 1 0 est 06_le 
1'element 1 1 est 08__circulation 
1'element 1 2 est 10_de 
1'element 1 3 est 12_sang 
1'element 1 4 est 14_a 
1'element 1 5 est 16__organs 
1'element 1 6 est 18_noble 
1'element 1 7 est 20_de 
1'element 1 8 est 22_foetus 

point de rupture en premiere sortie : 04_arret|06_le 

apres traitement phrasesMotif 2 : 
@NP 02SNP 04@@@NP 08@PP 10@NP 12@PP 14@NP 16@AP 18@PP 2 0@NP 

22 

categories all_cats pour S : 
0@@@@NP DETERM02 00 le 02 tabac@NP NMOD02 04 arret@NP DETERM08 06 la 08 circu 



lation@PP_PREP10_10_du@NMOD0 8_12_sang@PP_PREP14_14_aux@NMOD08__16__organs@AP_NM 
0D16 18 nobles@PP PREP20 20 du@NMOD16 22 foetus@SENT . 

Here, the synthesis of syntactic analysis is spread as the phrases are separated by 
commas. This will be used to define attachments: the third segment of REF attaches to 
the second 

c a t e g o r i e s a l l _ c a t s de Ref : 0@@@@NP_DETERM02_00_le_SUBJ10_02_tabagisme@PUNCT 

c a t e g o r i e s a l l _ c a t s de Ref : l@@9@ADV06_VMOD10_06_parexemple@PUNCT 

c a t e g o r i e s a l l _ c a t s de Ref : 
2@@@@FV_10_gene@NP_DETERM14_12_le_OBJ10_14_passage@PP_PREP16_16_du@NMOD14_18_ 
sang@PP__PREP2 0_2 0_atravers@DETERM2 4_22_le_VMOD10_2 4_placenta@PUNCT 

c a t e g o r i e s a l l _ c a t s de Ref : 
3@@@@NP_DETERM30_2 8_la_30_structure@SC@BG_PRON32_CONNECT34_32_qui@FV_34__assur 
e@NP_DETERM38_3 6_laJ3BJ34_38_conununication@PP_PREP4 0_4 0_entre@DETERM4 4_4 2 _ l a _ 
NMOD38_4 4_ci rcula t ion@PP_PREP4 6_4 6_de@DETERM50_4 8_la_NMOD4 4_5 0_mere@COORD52_e 
t@NP_PRON5 4@COORDITEMS4 4_54_celle@PP_PREP56_56_de@DETERM60_58_l'_NMOD5 4_60_en 
fantdSENT . 

r e s u l t a t a t t a c h e m e n t Ref 3@@@le s t r u c t u r e q u i a s s u r e r l e communica t ion e n t r e 
l e c i r c u l a t i o n de l e mere e t c e l u i de l e e n f a n t : 
2@@@@FV_10_gene@NP_DETERM14_12_le_OBJ10_14_passage@PP_PREP16_16_du@NMOD14_18_ 
sang@PP_PREP2 0_2 0_atravers@DETERM2 4_22_le_VMOD10_2 4_placenta@PUNCT 

e r r e u r d ' a c c o r d : p a s d ' e r r e u r d ' a c c o r d 

e r r e u r de temps : p a s d ' e r r e u r de temps 

Here the program is not able to detect that the student mistook a noun for a verb. So it 
simply outputs the break position 

rupture d'analyse apres le mot : arret 
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Appendix D. Paraphrase Patterns 

The sets of paraphrase patterns are presented in this appendix. The first set gathers paraphrase 
patterns based on synonymic reformulation of a syntactic head. The second set contains 
paraphrases which do not rest on synonymic reformulation. 

F i l e p a r a p h r a s e . d a t : 

### Base p a r a p h r a s e 

### fo rmat : 
### indice de reformulation 
### reformulation index 
### ##### 
### correspondance 
### 
NOUN—>ADJ 
##### 
l*NMOD\( (SYN[0-9] )\, (NOUN[0-9])\) 
-->NMOD\(zl\,z0\)@ADJMOD\(z0\,(zl|\d+_PRON_[a-z]+)\) 
l*NMOD\((SYN[0-9])\,(NOUN[0-9])\)-->NMOD\(zl\,z0\) 
l*NMOD\( (NOUN[0-9])\, (SYN[0-9])\)-->NMOD\ (z0\,zl\) 
l*NMOD\( (SYN[0-9] )\, (SYN[0-9])\)-->NMOD\ (zl\,z0\) 
l * O B J \ ( ( V E R B [ 0 - 9 ] ) \ , ( S Y N [ 0 - 9 ] ) \ ) - - > O B J \ ( z 0 \ , z l \ ) 
########## 
ADJ—>NOUN 
##### 
l*NMOD\( (NOUN[0-9])\, (SYN[0-9])\)@ADJMOD\(zl\, (zO|\d+_PRON_[a-z]+)\) 
—>NMOD\(zl\,z0\) 
l*NMOD\((NOUN[0-9])\,(SYN[0-9])\)-->NMOD\(zl\,z0\) 
l*NMOD\( (NOUN[0-9])\, (SYN[0-9] )\)-->NMOD\(z0\,zl\) 
l*NMOD\((SYN[0-9])\,(SYN[0-9])\)-->NMOD\(zl\,z0\) 
l*OBJ\((VERB[0-9])\,(SYN[0-9])\)-->OBJ\(z0\,zl\) 
########## 
VERB—>ADJ 
##### 
2*SUBJ\((SYN[0-9])\,(NOUN[0-9])\)@COREF_REL\(zl\,(zl|\d+_PRON_[a-
z]+)\)@CONNECT_REL\(z0\, (zl|\d+_PRON_[a-z]+)\)@VMOD\(z0\, (ADV[0-9] )\) 
—>NMOD\(z2\,z0\) 
1*SUBJ\((SYN[0-9])\,(NOUN[0-9])\)@COREF_REL\(zl\,(zl|\d+_PRON_[a-
z]+)\)@CONNECT_REL\(z0\, (zl|\d+_PRON_[a-z]+)\)-->NMOD\(z2\, z0\) 
1*SUBJ\((SYN[0-9])\,(NOUN[0-9])\)@VMOD\(z0\,(zl|\d+_PRON_[a-z]+)\) 
-->NMOD\(zl\,z0\)@ADJMOD\(z0\,(zl|\d+_PRON_[a-z]+)\) 
# « voir » --> « visible » 
1*SUBJ\( (SYN[0-9])\,\d+_PRON_[a-z]+\)@OBJ\(z0\, (NOUN[0-
9])\)@VMOD\(z0\,(ADV[0-9])\) 
-->SUBJ\(\d+_STATE_[a-z]+\,zl\)@OBJ\(\d+_STATE_[a-
z]+\, z0\)@VMOD\(\d+_STATE_[a-z]+\,z2\) 
1*SUBJ\( (SYN[0-9])\,\d+_NOUN_[a-z]+\)@OBJ\(z0\, (NOUN[0-
9])\)@VMOD\ (z0\, (ADV[0-9] )\) 



—>SUBJ\(\d+_STATE_[a-z]+\,zl\)@OBJ\(\d+_STATE_[a-
z]+\, zO\)@VMOD\(\d+_STATE_[a-z]+\,z2\) 
1*SUBJ\{(SYN[0-9])\,\d+_PRON_[a-z]+\)@OBJ\(zO\,\d+_PRON_[a-
z]+\)@VMOD\(zO\,(ADV[0-9])\) 
—>SUBJ\(\d+_STATE_[a-z]+\,\d+_PRON_[a-z]+\)@OBJ\(\d+_STATE_[a-
z]+\, zO\)@VMOD\(\d+_STATE_[a-z]+\,z2\) 
1*SUBJ\((SYN[0-9])\,\d+_NOUN_[a-z]+\)@OBJ\(z0\,\d+_PRON_[a-
z]+\)@VMOD\(z0\,(ADV[0-9])\) 
-->SUBJ\(\d+_STATE_[a-z]+\,\d+_PRON_[a-z]+\)@OBJ\(\d+_STATE_[a-
z]+\, z0\)@VMOD\(\d+_STATE_[a-z]+\,z2\) 
1 * S U B J \ ( ( S Y N [ 0 - 9 ] ) \ , \ d + _ P R O N _ [ a - z ] + \ ) @ O B J \ ( z 0 \ , ( N O U N [ 0 - 9 ] ) \ ) 
-->SUBJ\(\d+_STATE_[a-z]+\,zl\)@OBJ\(\d+_STATE_[a-z]+\ , z0\) 
1 * S U B J \ ( ( S Y N [ 0 - 9 ] ) \ , \ d + _ N O U N _ [ a - z ] + \ ) @ O B J \ ( z 0 \ , ( N O U N [ 0 - 9 ] ) \ ) 
-->SUBJ\(\d+_STATE_[a-z]+\,zl\)@OBJ\(\d+_STATE_[a-z]+\, z0\ ) 
1*SUBJ\((SYN[0-9])\,\d+_PRON_[a-z]+\)@OBJ\(z0\,\d+_PRON_[a-z]+\) 
—>SUBJ\(\d+_STATE_[a-z]+\,\d+_PRON_[a-z]+\)@OBJ\(\d+_STATE_[a-z]+\,z0\) 
1*SUBJ\((SYN[0-9])\,\d+_NOUN_[a-z]+\)@OBJ\(z0\,\d+_PRON_[a-z]+\) 
-->SUBJ\(\d+_STATE__[a-z]+\,\d+_PRON_[a-z]+\)@OBJ\(\d+_STATE_[a-z]+\, z0\) 
# « Observer » --> « observe » (Adj) 
1*SUBJ\( (SYN[0-9])\, (NOUN[0-9])\)@OBJ\(z0\,\d+_CONJQUE_que\)@COREF\( (NOUN[0-
9])\,\d+_CONJQUE_que\)@CONNECT\(z0\,\d+_CONJQUE_que\) 
-->NMOD\(z2\,z0\) 
1*SUBJ\((SYN[0-9])\,\d+_PRON_[a-
z]+\)@OBJ\(z0\,\d+_CONJQUE_que\)@COREF\((NOUN[0-
9])\,\d+_CONJQUE_que\)@CONNECT\(z0\,\d+_CONJQUE__que\) 
-->NMOD\(z2\,z0\) 
1*SUBJ\((SYN[0-9])\,(NOUN[0-9])\)@OBJ\(z0\,(NOUN[0-
9])\)@COREF\(z2\,z2\)@CONNECT\ (z0\,z2\) 
-->NMOD\ (z2\,z0\) 
1*SUBJ\((SYN[0-9])\,\d+_PRON_[a-z]+\)@OBJ\(z0\,(NOUN[0-
9])\)@COREF\(z2\,z2\)@CONNECT\ (z0\,z2\) 
—>NMOD\(z2\,z0\) 
# 1'inverse - the contrary 
NMOD\((NOUN[0-9])\,(SYN[0-9])\) 
-->SUBJ\(zl\,d\+_NOUN_[a-
z]+\)@OBJ\(zl\, \d+_CONJQUE_que\)@COREF\(z0\,\d+_CONJQUE_que\)@CONNECT\(zl\,\d 
+_CONJQUE_que\) 
N M O D \ ( ( N O U N [ 0 - 9 ] ) \ , ( S Y N [ 0 - 9 ] ) \ ) 
-->SUBJ\ (zl\,d\+__NOUN_[a-z]+\) @OBJ\ (zl\,z0\) @COREF\ (z0\, zO 
\)@CONNECT\ (zl\,z0\) 
N M O D \ ( ( N O U N [ 0 - 9 ] ) \ , ( S Y N [ 0 - 9 ] ) \ ) 
- - > S U B J \ ( z l \ , d \ + _ P R O N _ [ a -
z]+\)@OBJ\(zl\,\d+_CONJQUE_que\)@COREF\(z0\,\d+_CONJQUE_que\)@CONNECT\(zl\, \d 
+_CONJQUE_que\) 
N M O D \ ( ( N O U N [ 0 - 9 ] ) \ , ( S Y N [ 0 - 9 ] ) \ ) 
-->SUBJ\(zl\,d\+_PRON_[a-z]+\)@OBJ\(zl\,z0\)@COREF\(z0\,zO 
\)@CONNECT\(zl\,z0\) 
########## 
ADJ—>VERB 
##### 
l*NMOD\( (NOUN[0-9])\, (SYN[0-9])\) 
-->SUBJ\(zl\,z0\)@COREF_REL\(z0\,(zO|\d+_PRON_[a-
z]+)\)@CONNECT_REL\(zl\,(zOI\d+_PRON_[a-z]+)\)@VMOD\(zl\,ADV_[a-z]+\) 
l*NMOD\( (NOUN[0-9] )\, (SYN[0-9] )\) 
-->SUBJ\(zl\,z0\)@COREF_REL\(z0\,(zO|\d+_PRON_[a-
z]+) \) @CONNECT_REL\ (zl\, (zO I \d+_PRON__ [a-z ]+) \) 
l*NMOD\( (NOUN[0-9])\, (SYN[0-9])\)@ADJMOD\(zl\, (z0|\d+ PRON [a-z]+)\) 



—>SUBJ\(zl\,zO\)@VMOD\(zl\,(zO|\d+_PRON_[a-z]+)\) 
# « visible » --> « voir » 
1*SUBJ\(\d+_STATE_[a-z]+\, (NOUN[0-9] ) \)@OBJ\(\d+_STATE_[a-z]+\, (SYN[0-
9])\)@VMOD\(\d+_STATE_[a-z]+\,(ADV[0-9])\) 
-->SUBJ\(zl\,\d+_NOUN_[a-z]+\)@OBJ\(zl\,z0\)@VMOD\(zl\, z2\) 
1*SUBJ\(\d+_STATE_[a-z]+\,\d+_PRON__ [a-z ]+\ )@OBJ\(\d+_STATE_[a-z]+\ , (SYN[0-
9])\)@VMOD\(\d+_STATE_[a-z]+\,(ADV[0-9])\) 
-->SUBJ\(z0\,\d+_NOUN_[a-z]+\)@OBJ\(z0\,\d+_PRON_[a-z]+\)@VMOD\(z0\, zl\) 
1*SUBJ\(\d+_STATE__[a-z]+\, (NOUN[0-9])\)@OBJ\(\d+_STATE_[a-z]+\ , (SYN[0-9])\) 
-->SUBJ\(zl\,\d+_NOUN_[a-z]+\)@OBJ\(zl\, z0\) 
1*SUBJ\(\d+_STATE_[a-z]+\,\d+__PRON_ [a-z ]+\)@OBJ\(\d+_STATE_[a-z]+\ , (SYN[0-
9])\) 
-->SUBJ\(z0\,\d+_NOUN_[a-z]+\)@OBJ\(z0\,\d+_PRON_[a-z]+\) 
1*SUBJ\(\d+_STATE_[a-z]+\, (NOUN[0-9])\)@OBJ\(\d+_STATE_[a-z]+\ , (SYN[0-9])\) 
— >SUBJ\(zl\,\d+_PRON_[a-z]+\)@OBJ\(zl\, z0\) 
1*SUBJ\(\d+_STATE_[a-z]+\,\d+_PRON_[a-z]+\)@OBJ\(\d+_STATE_[a-z]+\, (SYN[0-
9] )\) 
-->SUBJ\(z0\,\d+_PRON_[a-z]+\)@OBJ\(z0\,\d+_PRON_[a-z]+\) 
########## 
NOUN—>VERB 
##### 
# « respect » --> « respecter » 
1*SUBJ\ (\d+_VERB_[a-z]+\, (NOUN [0-9] ) \) @OBJ\ ( \d+__VERB__ [a-z ] +\, (SYN[0-
9])\)@NMOD\(zl\,(NOUN[0-9])\) 
-->SUBJ\(zl\,(zO|\d+_PRON_[a-z]+)\)@OBJ\(zl\,(z2|\d+_PRON_[a-z]+)\) 
1*SUBJ\(\d+__VERB_[a-z]+\,\d+_PRON_[a-z]+\)@OBJ\(\d+_VERB_[a-z]+\, (SYN[0-
9])\)@NMOD\(z0\,\d+_PRON_[a-z]+\) 
-->SUBJ\(z0\,\d+_PRON_[a-z]+\)@OBJ\(z0\,\d+_PRON_[a-z]+\) 
1*SUBJ\(\d+_VERB_[a-z]+\, (NOUN[0-9] )\)@OBJ\(\d+_VERB_[a-z]+\ , (SYN[0-
9])\)@NMOD\(zl\,\d+_PRON_[a-z]+\) 
-->SUBJ\(zl\,(zO|\d+_PRON__[a-z]+)\)@OBJ\(zl\,\d+_PRON_[a-z]+\) 
1*SUBJ\(\d+_VERB_[a-z]+\,\d+_PRON_[a-z]+\)@OBJ\(\d+_VERB_[a-z]+\,(SYN[0-
9])\)@NMOD\(z0\,(NOUN[0-9])\) 
-->SUBJ\(z0\,\d+_PRON_[a-z]+\)@OBJ\(z0\,(zl|\d+_PRON_[a-z]+)\) 
# « son analyse se deroule selon » 
--> « analyse les echantillons selon ... » 
1*SUBJ\(\d+_VERB_[a-z]+\, (SYN[0-9])\)@VMOD\(\d+_VERB_[a-z]+\, (NOUN[0-
9])\)@NMOD\(z0\,(NOUN[0-9])\) 
-->SUBJ\(z0\,\d+_NOUN_[a-z]+\)@OBJ\(z0\, z2\)@VMOD\(z0\, zl\) 
1*SUBJ\(\d+_VERB_[a-z]+\,(SYN[0-9])\)@VMOD\(\d+_VERB_[a-z]+\,(NOUN[0-
9])\)@NMOD\(z0\, (NOUN[0-9])\) 
— >SUBJ\(z0\,\d+_PRON_[a-z]+\)@OBJ\(z0\,z2\)@VMOD\(z0\, zl\) 
# « analyse » --> « analyser » 
l*OBJ\( (VERB[0-9])\,\d+_VERB_[a-z]+\)@OBJ\(\d+_VERB_[a-z]+\, (SYN[0-
9])\)@NMOD\(zl\, (NOUN[0-9])\) 
-->OBJ\ (z0\, zl\) @OBJ\ (zl\, (z2 | \d+__PRON_[a-z]+) \) 
l*OBJ\((VERB[0-9])\,\d+_VERB_[a-z]+\)@OBJ\(\d+_VERB_[a-z]+\,(SYN[0-
9])\)@NMOD\(zl\,\d+_PRON_[a-z]+\) 
-->OBJ\(z0\,zl\)@OBJ\(zl\,\d+_PRON_[a-z]+\) 
l*OBJ\( (VERB[0-9])\,\d+_VERB_[a-z]+\)@VMOD\(\d+_VERB_[a-z]+\ , (SYN[0-
9])\)@NMOD\(zl\, (NOUN[0-9])\) 
—>OBJ\(z0\,zl\)@OBJ\(zl\,(z2|\d+_PRON_[a-z]+)\) 
l*OBJ\( (VERB[0-9])\,\d+_VERB_[a-z]+\)@VMOD\(\d+_VERB_[a-z]+\, (SYN[0-
9])\)@NMOD\(zl\,\d+_PRON_[a-z]+\) 
-->OBJ\(z0\,zl\)@OBJ\(zl\,\d+_PRON_[a-z]+\) 
# « en reponse » --> « repondre » 
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1*SUBJ\((VERB[0-9])\, (NOUN[0-9] )\)@OBJ\(z0\, (NOUN[0-9])\)@VMOD\(z0\, (SYN[0-
9])\) 
- - > S U B J \ ( z 3 \ , z l \ ) @ O B J \ ( z 0 \ , z 2 \ ) @ V M O D \ ( z 3 \ , z 0 \ ) 
1 * S U B J \ ( ( V E R B [ 0 - 9 ] ) \ , \ d + _ P R O N _ [ a - z ] + \ ) @ O B J \ ( z 0 \ , (NOUN[0-
9 ] ) \ ) @ V M O D \ ( z 0 \ , ( S Y N [ 0 - 9 ] ) \ ) 
— >SUBJ\(z2\,\d+_PRON_[a-z]+\)@OBJ\(z0\,zl\)@VMOD\(z2\, z0\) 
# « soumettre a analyse » --> « analyser » 
1*SUBJ\(\d+_VERB_[a-z]+\, (NOUN[0-9] )\)@OBJ\(\d+_VERB_[a-z]+\, (NOUN[0-
9] )\)@VMOD\(\d+_VERB_[a-z]+\, (SYN[0-9])\) 
— >SUBJ\(z2\,z0\)@OBJ\(z2\, zl\) 
1*SUBJ\(\d+_VERB_[a-z]+\,\d+_PRON_[a-z]+\)@OBJ\(\d+_VERB_[a-z]+\, (NOUN[0-
9])\)@VMOD\(\d+_VERB_[a-z]+\,(SYN[0-9])\) 
— >SUBJ\(zl\,\d+_PRON_[a-z]+\)@OBJ\(zl\, z0\) 
1*SUBJ\(\d+_VERB_[a-z]+\,(NOUN[0-9])\)@OBJ\(\d+_VERB_[a-z]+\,\d+_PRON_[a-
z]+\)@VMOD\(\d+_VERB_[a-z]+\,(SYN[0-9])\) 
—>SUBJ\(zl\,z0\)@OBJ\(zl\,\d+_PRON_[a-z]+\) 
1*SUBJ\(\d+_VERB_[a-z]+\,\d+_PRON_[a-z]+\)@OBJ\(\d+_VERB_[a-z]+\,\d+_PRON_[a-
z]+\)@VMOD\(\d+_VERB_[a-z]+\,(SYN[0-9])\) 
-->SUBJ\(z0\,\d+_PRON_[a-z]+\)@OBJ\(z0\,\d+_PRON_[a-z]+\) 
# « sommeil » --> « dormir » 
1*SUBJ\(\d+_STATE_[a-z]+\, (SYN[0-9])\)@OBJ\(\d+_VERB_[a-z]+\, (SYN[0-
9])\)@NMOD\(z0\,(NOUN[0-9])\) 
—>SUBJ\(\d+_STATE_[a-z]+\,z2\)@VMOD\(z0\,zl\) 
1*SUBJ\(\d+_STATE_[a-z]+\, (SYN[0-9])\)@OBJ\(\d+_VERB_[a-z]+\, (SYN[0-9] )\) 
— >SUBJ\(\d+_STATE_[a-z]+\,\d+_PRON_[a-z]+\)@VMOD\(z0\, zl\) 
# « augmentation des prix » --> « les prix augmentent » 
l*NMOD\( (SYN[0-9] )\, (NOUN[0-9] )\)@NMOD\(z0\, (NOUN[0-9] ) \) 
— >SUBJ\(z0\,zl\)@VMOD\(z0\, z2\) 
l*NMOD\( (SYN[0-9] )\, (NOUN[0-9] )\) 
-->SUBJ\(z0\,(zl|\d+_PRON_[a-z]+)\)@VMOD\(z0\,(zl|\d+_PRON_[a-z]+)\) 
l*NMOD\( ( S Y N [ 0 - 9 ] ) \ , (NOUN [ 0 - 9 ] ) \ ) 
- - > S U B J \ ( z 0 \ , ( z l j \ d + _ P R O N _ [ a - z ] + ) \ ) @ O B J \ ( z 0 \ , ( z l | \ d + _ P R O N _ [ a - z ] + ) \ ) 
l*NMOD\((SYN[0-9])\,(NOUN[0-9])\) 
-->SUBJ\(z0\,(zl|\d+_PRON_[a-z]+)\) 
1*SUBJ\(\d+_VERB_[a-z]+\,(NOUN[0-9])\)@REFLEX\(\d+_VERB_[a-z]+\,\d+_PRON_[a-
z]+\)@VMOD\(\d+_VERB_[a-z]+\,(SYN[0-9])\) 
-->SUBJ\ (zl\, \d+_PRON_[a-z]+\) @OBJ\ (zl\, z0\) 
1*SUBJ\(\d+_VERB_[a-z]+\,(NOUN[0-9])\)@REFLEX\(\d+_VERB_[a-z]+\,\d+_PRON_[a-
z]+\)@VMOD\(\d+_VERB_[a-z]+\,(SYN[0-9])\)@NMOD\((SYN[0-9])\,(NOUN[0-9])\) 
-->SUBU\(zl\,z2\)@OBJ\(zl\,z0\) 
# « recevoir des conseils » --> « conseiller » 
SUBJ\(\d+_VERB_[a-z]+\,(NOUN[0-9])\)@OBJ\(\d+_VERB_[a-z]+\,(SYN[0-
9])\)@VMOD\(\d+_VERB_[a-z]+\,(NOUN[0-9])\) 
-->SUBJ\(zl\,z2\)@OBJ\(zl\,z0\) 
SUBJ\(\d+_VERB_[a-z]+\,\d+_PRON_[a-z]+\)@OBJ\(\d+_VERB_[a-z]+\,(SYN[0-
9])\)@VMOD\(\d+_VERB_[a-z]+\, (NOUN [0-9])\) 
-->SUBJ\(z0\,zl\)@OBJ\(z0\,\d+_PRON_[a-z]+\) 
SUBJ\(\d+_VERB_[a-z]+\,\d+_PRON_[a-z]+\)@OBJ\(\d+_VERB_[a-z]+\ , (SYN[0-
9])\)@VMOD\(\d+_VERB_[a-z]+\,\d+_PRON_[a-z]+\) 
-->SUBJ\(z0\,\d+_PRON_[a-z]+\)@OBJ\(z0\,\d+_PRON_[a-z]+\) 
SUBJ\(\d+_VERB_[a-z]+\,(NOUN[0-9])\)@OBJ\(\d+_VERB_[a-z]+\,(SYN[0-
9])\)@VMOD\(\d+_VERB_[a-z]+\,\d+_PRON_[a-z]+\) 
-->SUBJ\(zl\,\d+_PRON_[a-z]+\)@OBJ\(zl\,z0\) 
# « prise » --> « avoir pris » 
NMOD\((SYN[0-9])\,(NOUN[0-9])\) 
-->OBJ\(z0\,zl\)@AUXIL\(\d+_VERB_avoir\, z0\) 
NMOD\( (SYN[0-9])\, (NOUN[0-9])\) 
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—>OBJ\(zO\,zl\) 
# 
SUBJ\(\d+_VERB_[a-z]+\, (SYN[0-9])\)@OBJ\(\d+_VERB_[a-z]+\, (NOUN[0-
9])\)@NMOD\(zO\,(NOUN[0-9])\) 
-->SUBJ\(z0\,z2\)@VMOD\(z0\,zl\) 
######### 
VERB—>NOUN 
##### 
1*SUBJ\((SYN[0-9])\,\d+_PRON_[a-z]+\)@OBJ\(z0\,(NOUN[0-9])\) 
-->SUBJ\(\d+_VERB_[a-z]+\,zl\)@REFLEX\(\d+_VERB_[a-z]+\ ,\d+_PRON_[a-
z]+\)@VMOD\(\d+_VERB_[a-z]+\,z0\) 
1*SUBJ\( (SYN[0-9])\, (NOUN[0-9])\)@OBJ\(z0\, (NOUN[0-9])\) 
-->SUBJ\(\d+_VERB_[a-z]+\,z2\)@REFLEX\(\d+_VERB_[a-z]+\,\d+_PRON_[a-
z]+\)@VMOD\(\d+_VERB_[a-z]+\,z0\)@NMOD\(z0\, zl\) 
# 
# « respecter » --> « respect » 
1*SUBJ\( (SYN[0-9] )\, (NOUN[0-9] )\)@OBJ\(z0\, (NOUN[0-9])\) 
—>SUBJ\(\d+_VERB_[a-z]+\,(zl|\d+_PRON_[a-z]+)\)@OBJ\(\d+_VERB_[a-
z]+\,z0\)@NMOD\ (z0\, (z2|\d+_PRON_[a-z]+)\) 
1*SUBJ\((SYN[0-9])\,\d+_PRON_[a-z]+\)@OBJ\(z0\,\d+_PRON_[a-z]+\) 
-->SUBJ\(\d+_VERB_[a-z]+\,\d+_PRON_[a-z]+\)@OBJ\(\d+_VERB_[a-
z]+\, z0\)@NMOD\(z0\,\d+_PRON_[a-z]+\) 
1*SUBJ\((SYN[0-9])\,(NOUN[0-9])\)@OBJ\(z0\,\d+_PRON_[a-z]+\) 
-->SUBJ\(\d+_VERB_[a-z]+\, (zl|\d+_PRON_[a-z]+)\)@OBJ\(\d+_VERB_[a-
z]+\, z0\)@NMOD\(z0\,\d+_PRON_[a-z]+\) 
1*SUBJ\((SYN[0-9])\,\d+_PRON_[a-z]+\)@OBJ\(z0\,(NOUN[0-9])\) 
-->SUBJ\(\d+_VERB_[a-z]+\,\d+_PRON_[a-z]+\)@OBJ\(\d+_VERB_[a-
z]+\,z0\)@NMOD\(z0\,(zl|\d+_PRON_[a-z]+)\) 
# « conseiller » --> « recevoir des conseils » 
SUBJ\((SYN[0-9])\,(NOUN[0-9])\)@OBJ\(z0\,(NOUN[0-9])\) 
-->SUBJ\(\d+_VERB_[a-z]+\,z2\)@OBJ\(\d+_VERB_[a-z]+\,z0\)@VMOD\(z0\, zl\) 
SUBJ\((SYN[0-9])\,\d+_PRON__[a-z]+\)@OBJ\(z0\,(NOUN[0-9])\) 
-->SUBJ\(\d+_VERB_[a-z]+\,zl\)@OBJ\(\d+_VERB_[a-
z]+\, z0\)@VMOD\(z0\,\d+_PRON_[a-z]+\) 
SUBJ\((SYN[0-9])\,\d+_PRON_[a-z]+\)@OBJ\(z0\,\d+_PRON_[a-z]+\) 
-->SUBJ\(\d+_VERB_[a-z]+\,\d+_PRON_[a-z]+\)@OBJ\(\d+_VERB_[a-
z]+\, z0\)@VMOD\(z0\,\d+_PRON_[a-z]+\) 
SUBJ\((SYN[0-9])\,(NOUN[0-9])\)@OBJ\(z0\,\d+_PRON_[a-z]+\) 
—>SUBJ\(\d+_VERB_[a-z]+\,\d+_PRON_[a-z]+\)@OBJ\(\d+_VERB_[a-
z]+\,z0\)@VMOD\(z0\,zl\) 
# « analyse les echantillons selon » --> « son analyse se deroule selon ... » 
1*SUBJ\( (SYN[0-9])\, (NOUN[0-9])\)@OBJ\(z0\, (NOUN[0-9] )\)@VMOD\(z0\, (NOUN[0-
9])\) 
— >SUBJ\(\d+_VERB_[a-z]+\,z0\)@VMOD\(\d+_VERB_[a-z]+\,z3\)@NMOD\(z0\, z2\) 
1*SUBJ\((SYN[0-9])\,(NOUN[0-9])\)@OBJ\(z0\,(NOUN[0-9])\)@VMOD\(z0\,(NOUN[0-
9])\) 
-->SUBJ\(\d+_VERB_[a-z]+\,z0\)@VMOD\(\d+_VERB_[a-
z]+\,z3\)@NMOD\(z0\,z2\)@NMOD\(z0\,zl\) 
1*SUBJ\((SYN[0-9])\,\d+_PRON_[a-z]+\)@OBJ\(z0\,(NOUN[0-
9])\)@VMOD\(z0\,(NOUN[0-9])\) 
-->SUBJ\(\d+_VERB_[a-z]+\,z0\)@VMOD\(\d+_VERB_[a-z]+\,z2\)@NMOD\(z0\, zl\) 
1*SUBJ\((SYN[0-9])\,(NOUN[0-9])\)@OBJ\(z0\,\d+_PRON_[a-
z]+\)@VMOD\(z0\,(NOUN[0-9])\) 
-->SUBJ\(\d+_VERB_[a-z]+\,z0\)@VMOD\(\d+_VERB_[a-z]+\,z2\)@NMOD\(z0\, zl\) 
1*SUBJ\( (SYN[0-9])\, (NOUN[0-9])\)@OBJ\(z0\,\d+_PRON_[a-
z]+\)@VMOD\(z0\,(NOUN[0-9])\) 
-->SUBJ\(\d+_VERB_[a-z]+\,z0\)@VMOD\(\d+_VERB_[a-z]+\ , z2\) 
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1*SUBJ\((SYN[0-9])\,\d+_PRON_[a-z]+\)@OBJ\(zO\,\d+_PRON_[a-
z]+\)@VMOD\(zO\,(NOUN[0-9])\) 
— >SUBJ\(\d+_VERB_[a-z]+\,z0\)@VMOD\(\d+_VERB_[a-z]+\, zl\) 
# « repondre » --> « en reponse » 
1*SUBJ\( (SYN[0-9] )\, (NOUN[0-9] ) \)@OBJ\( (VERB[0-9] ) \, (NOUN[0-
9])\)@VMOD\(z0\,z2\) 
-->SUBJ\(z2\,zl\)@OBJ\(z2\,z3\)@VMOD\(z2\,z0\) 
1*SUBJ\ ( (SYN[0-9] ) \, \d+_PRON_[a-z]+\) @OBJ\ ( (VERB[0-9] ) \, (NOUN[0-
9])\)@VMOD\(z0\,zl\) 
-->SUBJ\(zl\,\d+_PRON_[a-z]+\)@OBJ\(zl\,z2\)@VMOD\(zl\,z0\) 
# « analyser » --> « soumettre a analyse » 
1*SUBJ\((SYN[0-9])\,(NOUN[0-9])\)@OBJ\(z0\,(NOUN[0-9])\) 
—>SUBJ\(\d+_VERB_[a-z]+\,zl\)@OBJ\(\d+_VERB_[a-z]+\,z2\)@VMOD\(\d+_VERB_[a-
z]+\,z0\) 
1*SUBJ\((SYN[0-9])\,\d+_PR0N_[a-z]+\)@OBJ\(z0\,(NOUN[0-9])\) 
—>SUBJ\(\d+_VERB_[a-z]+\,\d+_PRON_[a-z]+\)@OBJ\(\d+_VERB_[a-
z]+\,zl\)@VMOD\(\d+_VERB_[a-z]+\, z0\) 
1*SUBJ\((SYN[0-9])\,(NOUN[0-9])\)@OBJ\(z0\,\d+_PRON_[a-z]+\) 
-->SUBJ\(\d+_VERB_[a-z]+\,zl\)@OBJ\(\d+_VERB_[a-z]+\,\d+_PRON_[a-
z]+\)@VMOD\(\d+_VERB_[a-z]+\,z0\) 
1*SUBJ\((SYN[0-9])\,\d+_PRON_[a-z]+\)@OBJ\(z0\,\d+_PRON_[a-z]+\) 
-->SUBJ\(\d+_VERB_[a-z]+\,\d+_PRON_[a-z]+\)@OBJ\(\d+_VERB_[a-
z]+\,\d+_PRON_[a-z]+\)@VMOD\(\d+_VERB_[a-z]+\, z0\) 
# « augmenter » --> « augmentation » 
SUBJ\( (SYN[0-9] )\, (NOUN[0-9] )\)@VMOD\(z0\, (NOUN[0-9])\) 
-->SUBJ\(\d+_VERB_[a-z]+\,z0\)@OBJ\(\d+_VERB_[a-z]+ \,z2\)@NMOD\(z0\,zl\) 
# « dormir » --> « somraeil » 
1*SUBJ\((SYN[0-9])\,(NOUN[0-9])\)@VMOD\(z0\,(SYN[0-9])\) 
— >SUBJ\(\d+_STATE_[a-z]+\,z0\)@OBJ\(\d+_STATE_[a-z]+\, z2\)@NMOD\(z0\, zl\) 
1*SUBJ\( (SYN[0-9] )\,\d+_PRON_[a-z]+\)@VMOD\(z0\, (SYN[0-9])\) 
-->SUBJ\(\d+_STATE_[a-z]+\,z0\)@OBJ\(\d+_STATE_[a-z]+\, zl\) 
# « augmenter » --> « augmentation » 
1*SUBJ\((SYN[0-9])\,(NOUN[0-9])\)@VMOD\(z0\,(NOUN[0-9])\) 
-->NMOD\(z0\,zl\)@NMOD\ (z0\,z2\) 
1*SUBJ\((SYN[0-9])\,(NOUN[0-9])\)@VMOD\(z0\,(zl|\d+_PRON_[a-z]+)\) 
— >NMOD\ (z0\, (zl|\d+_PRON_[a-z]+)\) 
1*SUBJ\((SYN[0-9])\,\d+_PRON_[a-z]+\)@VMOD\(z0\,(zl|\d+_PRON_[a-z]+)\) 
—>NMOD\(z0\,(zl|\d+_PRON_[a-z]+)\) 
1*SUBJ\( (SYN[0-9] ) \ , (NOUN[0-9] ) \ ) @ O B J \ ( z 0 \ , ( z l | \ d + _ P R O N _ [ a - z ] + ) \ ) 
- - > N M O D \ ( z 0 \ , ( z l | \ d + _ P R O N _ [ a - z ] + ) \ ) 
1*SUBJ\((SYN[0-9])\,\d+_PRON_[a-z]+\)@OBJ\(z0\,(zl|\d+_PRON_[a-z]+)\) 
-->NMOD\(z0\,(zl|\d+_PRON_[a-z]+)\) 
1*SUBJ\((SYN[0-9])\,(NOUN[0-9])\)-->NMOD\(z0\,(zl|\d+_PRON_[a-z]+)\) 
1*SUBJ\((SYN[0-9])\,\d+_PRON_[a-z]+\)—>NMOD\(z0\,(zl|\d+_PRON_[a-z]+)\) 
# « analyser » --> « analyse » 
l*OBJ\((VERB[0-9])\,(SYN[0-9])\)@OBJ\(zl\,(NOUN[0-9])\) 
-->OBJ\(z0\,\d+_VERB_[a-z]+\)@OBJ\(\d+_VERB_[a-
z]+\,zl\)@NMOD\ (zl\, (z2|\d+_PRON_[a-z]+)\) 
l*OBJ\( (VERB[0-9] )\, (SYN[0-9])\)@OBJ\(zl\,\d+_PRON_[a-z]+\) 
—>OBJ\(z0\,\d+_VERB_[a-z]+\)@OBJ\(\d+_VERB_[a-
z]+\,zl\)@NMOD\(zl\,\d+_PRON_[a-z]+\) 
l*OBJ\( (VERB[0-9])\, (SYN[0-9] )\)@OBJ\(zl\, (NOUN[0-9])\) 
-->OBJ\(z0\,\d+_VERB_[a-z]+\)@VMOD\(\d+_VERB_[a-
z]+\,zl\)@NMOD\(zl\,(z2|\d+_PRON_[a-z]+)\) 
l*OBJ\( (VERB[0-9])\, (SYN[0-9] )\)@OBJ\(zl\,\d+_PRON_[a-z]+\) 
-->OBJ\(z0\,\d+_VERB_[a-z]+\)@VMOD\(\d+_VERB_[a-
z]+\,zl\)@NMOD\(zl\,\d+_PRON_[a-z]+\) 



# « avoir pris » --> « la prise » 
l*OBJ\( (SYN[0-9])\, (NOUN[0-9])\)@AUXIL\(\d+_VERB_avoir\, z0\) 
—>NMOD\(zO\,zl\) 
l*OBJ\((SYN[0-9])\, (NOUN[0-9])\)-->NMOD\(z0\, zl\) 
######### 
ADV—>VERB 
##### 
1*SUBJ\((VERB[0-9])\,(NOUN[0-9])\)@VMOD\(z0\,(SYN[0-9])\) 
— >SUBJ\(z2\,zl\)@VMOD\(z2\, z0\) 
######### 
VERB-->ADV 
##### 
1*SUBJ\((SYN[0-9])\,(NOUN[0-9])\)@VMOD\(z0\,(VERB[0-9])\) 
-->SUBJ\(z2\,zl\)@VMOD\(z2\,z0\) 
######### 
ADV-->ADJ 
##### 
l*OBJ\((VERB[0-9])\,(SYN[0-9])\)@VMOD\(z0\,(SYN[0-9])\ 
)—>OBJ\(z0\,zl\)@NMOD\(zl\, z2\) 
######### 
ADJ—>ADV 
##### 
l*OBJ\((VERB[0-9])\,(SYN[0-9])\)@NMOD\(zl\,(SYN[0-9])\) 
-->OBJ\(z0\,zl\)@VMOD\(z0\,z2\) 

Fileparaphrase2.dat : 

### Base paraphrase 2 : pas de synonymes - no synonyms 

### format : 
### indice de reformulation 
### reformulation index 
### ##### 
### correspondance 
### 
VERB 
##### 
# « depart de P surprendre » --> « P surprendre par depart » 
1*SUBJ\((VERB[0-9])\,(NOUN[0-9])\)@VMOD\(z0\,(NOUN[0-9])\) 
-->SUBJ\(z0\,z2\)@NMOD\(z2\,zl\) 
1*SUBJ\((VERB[0-9])\,\d+_PRON_[a-z]+\)@VMOD\(z0\,(NOUN[0-9])\) 
-->SUBJ\(z0\,zl\) 
# 1'inverse - the contrary 
1*SUBJ\( (VERB[0-9])\, (NOUN [0-9] )\)@NMOD\(zl\, (NOUN[0-9] )\) 
-->SUBJ\(z0\,z2\)@VMOD\(z0\,zl\) 
1*SUBJ\((VERB[0-9])\,(NOUN[0-9])\)-->SUBJ\(z0\,\d+_PRON_[a-
z]+\)@VMOD\(z0\,zl\) 
# « boiter » --> « en boitant » 
1*SUBJ\(\d+_VERB_[a-z]+\,(NOUN[0-9])\)@VMOD\(\d+_VERB_[a-z]+\,(VERB[0-9]+)\) 
->SUBJ\(zl\,z0\) 
1*SUBJ\(\d+_VERB_[a-z]+\,\d+_PRON_[a-z]+\)@VMOD\(\d+_VERB_[a-z]+\ , (VERB[0-
9]+)\)—>SUBJ\(z0\,\d+_PRON_[a-z]+\) 
# idem inverse - the contrary 
1*SUBJ\((VERB[0-9])\,(NOUN[0-9])\) 
-->SUBJ\(\d+ VERB [a-z]+\,zl\)@VMOD\(\d+ VERB [a-z]+\,z0\) 



1*SUBJ\((VERB[0-9])\,\d+_PRON_[a-z]+\) 
— >SUBJ\(\d+_VERB_[a-z]+\,\d+_PRON_[a-z]+\)@VMOD\(\d+_VERB_[a-z]+\, zO\) 
# « voir » --> « se voir » 
1*SUBJ\((VERB[0-9])\,\d+_PRON_[a-z]+\)@OBJ\(z0\,(NOUN[0-9])\) 
— >SUBJ\(z0\,zl\)@OBJ\(z0\,\d+_PRON_[a-z]+\)@REFLEX\(z0\, \d+_PRON_[a-z]+\) 
1*SUBJ\((VERB[0-9])\,\d+_PRON_[a-z]+\)@OBJ\(z0\,\d+_PRON_[a-z]+\) 
—>SUBJ\(z0\,\d+_PRON_[a-z]+\)@OBJ\(z0\,\d+_PRON_[a-
z] +\) @REFLEX\(z0\,\d+_PRON_[a-z]+\) 
1*SUBJ\((VERB[0-9])\,\d+_NOUN_[a-z]+\)@OBJ\(z0\,(NOUN[0-9])\) 
-->SUBJ\(z0\,zl\)@OBJ\(z0\,\d+_PRON_[a-z]+\)@REFLEX\(z0\,\d+_PRON_[a-z]+\) 
1*SUBJ\((VERB[0-9])\,\d+_NOUN_[a-z]+\)@OBJ\(z0\,\d+_PRON_[a-z]+\) 
-->SUBJ\(z0\,\d+_PRON_[a-z]+\)@OBJ\(z0\,\d+_PRON_[a-
z]+\)@REFLEX\(z0\,\d+_PRON_[a-z]+\) 
# idem inverse - the contrary 
1*SUBJ\ ( (VERB [0-9] ) \, (NOUN [0-9] ) \) @OBJ\ (z0\, \d+__PRON_ [a-
z]+\)@REFLEX\(z0\,\d+_PRON_[a-z]+\) 
-->SUBJ\(z0\,\d+_PRON_[a-z]+\)@OBJ\ (z0\,zl\) 
1*SUBJ \ ( ( V E R B [ 0 - 9 ] ) \ , (NOUN[0-9] ) \ ) @ O B J \ ( z 0 \ , \ d + _ P R O N _ [ a -
z]+\)@REFLEX\(z0\,\d+_PRON_[a-z]+\) 
-->SUBJ\(z0\,\d+_NOUN_[a-z]+\)@OBJ\(z0\, zl\) 
1*SUBJ\( (VERB[0-9])\,\d+_PRON_[a-z]+\)@OBJ\(z0\,\d+_PRON_ [a-
z]+\)@REFLEX\(z0\,\d+_PRON_[a-z]+\) 
-->SUBJ\(z0\,\d+_PRON_[a-z]+\)@OBJ\(z0\,\d+_PRON_[a-z]+\) 
1*SUBJ\((VERB[0-9])\,\d+_PRON_[a-z]+\)@OBJ\(z0\,\d+_PRON_[a-
z] +\)@REFLEX\(z0\,\d+_PRON_[a-z]+\) 
—>SUBJ\(z0\,\d+_NOUN_[a-z]+\)@OBJ\(z0\,\d+_PRON_[a-z]+\) 
# « etonnant » --> « etonne » (PastPart) SYMETRICAL 
1*SUBJ\( (VERB[0-9])\, (NOUN[0-9])\)@VMOD\(z0\, (NOUN[0-9])\) 
-->SUBJ\(z0\,z2\)@VMOD\(z0\, zl\) 
1*SUBJ\( (VERB[0-9])\,\d+_PRON__ [a-z]+\)@VMOD\(z0\, (NOUN[0-9] )\) 
-->SUBJ\(z0\,zl\)@VMOD\(z0\,\d+_PRON_[a-z]+\) 
1*SUBJ\((VERB[0-9])\,(NOUN[0-9])\)@VMOD\(z0\,\d+_PRON_[a-z]+\) 
-->SUBJ\(z0\,\d+_PRON_[a-z]+\)@VMOD\(z0\,zl\) 
# « en analysant » --> « analyser » 
1*SUBJ\(\d+__VERB_[a-z]+\,(NOUN[0-9])\)@OBJ\(\d+_VERB_[a-z]+\,(NOUN[0-
9])\)@VMOD\(\d+_VERB_[a-z]+\, (VERB[0-9])\)@OBJ\(z2\, (NOUN[0-9])\) 
—>SUBJ\(z2\,z0\)@OBJ\(z2\,z3\)@VMOD\(z2\,zl\) 
1*SUBJ\(\d+_VERB_[a-z]+\,\d+_PRON_[a-z]+\)@OBJ\(\d+_VERB__ [a-z]+\, (NOUN[0-
9])\)@VMOD\(\d+_VERB_[a-z]+\,(VERB[0-9])\)@OBJ\(z2\,(NOUN[0-9])\) 
-->SUBJ\(zl\,\d+_PRON[a-z]+\)@OBJ\(z2\,z3\)@VMOD\(z2\, zl\) 
# Idem inverse - the contrary 
1*SUBJ\( (VERB[0-9])\, (NOUN[0-9])\)@OBJ\(z0\, (NOUN[0-9])\)@VMOD\(z0\, (NOUN[0-
9])\) 
-->SUBJ\(\d+__VERB_[a-z]+\,zl\)@OBJ\( \d+__VERB_ [a-z ]+\ ,z3\)@OBJ\(z0\, z2\) 
1*SUBJ\( (VERB[0-9])\,\d+_PRON_[a-z]+\)@OBJ\(z0\, (NOUN[0-
9])\)@VMOD\(z0\,(NOUN[0-9])\) 
—>SUBJ\(\d+_VERB_[a-z]+\,\d+_PRON_[a-z]+\)@OBJ\(\d+_VERB_[a-
z]+\,z2\)@OBJ\(z0\,zl\) 
# GV1 + FV2 — > FV1 + GV2 - SYMETRICAL 
1*SUBJ\((VERB[0-9])\,(NOUN[0-9])\)@VMOD\(z0\,(VERB[0-9])\) 
-->SUBJ\(z2\,zl\)@VMOD\(z2\,z0\) 
# « qui viennent » --> « venant » 
1*SUBJ\((VERB[0-9])\,\d+_PRON_qui\)@COREF\((NOUN[0-
9])\, \d+_PRON_qui\)@CONNECT\(z0\,\d+_PRON_qui\)—>SUBJ\(z0\,zl\) 
1*SUBJ\( (VERB[0-9] ) \, (NOUN[0-9] ) \)@COREF\(zl\,zl\)@CONNECT\(z0\, zl\) 
—>SUBJ\(z0\,zl\) 



1*SUBJ\((VERB[0-9])\,\d+_PRON_qui\)@COREF\(\d+_PRON_[a-
z]+\,\d+_PRON_qui\)@CONNECT\(zO\,\d+_PRON_qui\) 
—>SUBJ\(zO\,\d+_PRON_[a-z]+\) 
1*SUBJ\{ (VERB[0-9])\,\d+_PRON_[a-z]+\)@COREF\(\d+_PRON_[a-z]+\, \d+_PRON_[a-
z]+\)@CONNECT\(z0\,\d+_PRON_[a-z]+\) 
-->SUBJ\(z0\,\d+_PRON_[a-z]+\) 
# Idem, inverse - the contrary 
1*SUBJ\((VERB[0-9])\,(NOUN[0-9])\) 
-->SUBJ\(z0\,zl\)@COREF\(zl\,\d+_PRON_qui\)@CONNECT\(z0\, \d+_PRON_qui\) 
1*SUBJ\( (VERB[0-9] )\, (NOUN[0-9] ) \) 
-->SUBJ\(z0\,zl\)@COREF\(zl\,zl\)@CONNECT\ (z0\,zl\) 
1*SUBJ\((VERB[0-9])\,\d+_PRON_[a-z]+\) 
-->SUBJ\(z0\,\d+_PRON_[a-z]+\)@COREF\(\d+_PRON_[a-z]+\,\d+_PRON_[a-
z]+\)@CONNECT\(z0\,\d+_PRON_[a-z]+\) 
1*SUBJ\ ( (VERB [0-9] ) \, \d+__PRON_ [a-z ] +\ ) 
— >SUBJ\ (z0\, \d+_PRON_[a-z] +\) @COREF\ ( \d+__PRON_ [a-
z]+\,\d+_PRON_qui\)@CONNECT\(z0\,\d+__PRON_qui\) 
######### 
NOUN 
##### 
# NP + PP — > NP + FV + PP 
l*NMOD\(\d+_PRON_[a-z]+\, (NOUN[0-9])\) 
-->SUBJ\(\d+_VERB_[a-z]+ \,\d+_PRON_qui\)@COREF\(\d+_PRON_[a-
z]+\, \d+_PRON_qui\)@VMOD\(\d+_VERB_[a-z]+\,z0\)@CONNECT\(\d+_VERB_[a-
z]+\, \d+_PRON_qui\) 
l * N M O D \ ( ( N O U N [ 0 - 9 ] ) \ , ( N O U N [ 0 - 9 ] ) \ ) 
— > S U B J \ ( \ d + _ V E R B _ [ a -
z]+\, \d+_PRON_qui\)@COREF\(z0\,\d+_PRON_qui\)@VMOD\(\d+_VERB_[a-
z]+\, zl\)@CONNECT\(\d+_VERB_[a-z]+\,\d+_PRON_qui\) 
# IDEM, mais compte-tenu de la resolution anaphorique du PronPers 
# the same, but with anaphoric resolution of the PronPers 
l*NMOD\( (NOUN [0-9])\, (NOUN[0-9])\) 
-->SUBJ\(\d+_VERB_[a-z]+\,z0\)@COREF\(z0\,z0\)@VMOD\(\d+_VERB_[a-
z]+\, zl\)@CONNECT\(\d+_VERB_[a-z]+\,z0\) 
l*NMOD\ (\d+_PRON_[a-z]+\, (NOUN[0-9] ) \) 
-->SUBJ\(\d+_VERB_[a-z]+\,\d+_PRON_[a-z]+\)@COREF\(\d+_PRON_[a-
z ] + \ , \ d + _ P R O N _ [ a - z ] + \ ) @ V M O D \ ( \ d + _ V E R B _ [ a - z ] + \ , z 0 \ ) @ C O N N E C T \ ( \ d + _ V E R B _ [ a -
z ] + \ , \ d + _ P R O N _ [ a - z ] + \ ) 
# Idem inverse - the contrary 
1*SUBJ\ (\d+_VERB_[a-z]+\, \d+__PRON__qui\) @COREF\ ( (NOUN[0-
9])\,\d+_PRON_qui\)@VMOD\(\d+_VERB_[a-z]+\,(NOUN[0-
9])\)@CONNECT\(\d+_VERB_[a-z]+\,\d+_PRON_qui\)-->NMOD\(z0\,zl\) 
1*SUBJ\(\d+_VERB_[a-z]+\,\d+_PRON_qui\)@COREF\(\d+_PRON_[a-
z]+\,\d+_PRON_qui\)@VMOD\(\d+_VERB_[a-z]+\,(NOUN[0-
9])\)@CONNECT\(\d+_VERB_[a-z]+\,\d+_PRON_qui\) 
-->NMOD\(\d+_PRON_[a-z]+\,z0\) 
# IDEM inverse, mais compte-tenu de la resolution anaphorique du PronPers 
# the same, but with anaphoric resolution of the PronPers 
1*SUBJ\(\d+_VERB_[a-z]+\, (NOUN[0-9])\)@COREF\(z0\,z0\)@VMOD\(\d+_VERB__ [a-
z]+\, (NOUN[0-9] )\)@CONNECT\(\d+_VERB_[a-z]+\,z0\)-->NMOD\(z0\, zl\) 
1*SUBJ\(\d+_VERB_[a-z]+\,\d+_PR0N_[a-z]+\)@COREF\(\d+_PRON_[a-
z]+\,\d+_PRON_[a-z]+\)@VMOD\(\d+_VERB_[a-z]+\,(NOUN[0-
9])\)@CONNECT\(\d+_VERB_[a-z]+\,\d+_PRON_[a-z]+\) 
-->NMOD\(\d+_PRON_[a-z]+\,z0\) 
# N+ que + V — > N + Adj(VPartPas) 
1*SUBJ\((VERB[0-9])\,(NOUN[0-9])\)@OBJ\(z0\,\d+_CONJQUE__que\)@C0REF\{(NOUN[0-
9])\,\d+ CONJQUE que\)@CONNECT\(z0\,\d+ CONJQUE que\)-->NMOD\(z2\,z0\) 



( (NOUN[0-
CONJQUE que\)-->NMOD\(z2\, z0\) 

1*SUBJ\((VERB[0-9])\,\d+_PRON_[a-
z]+\)@OBJ\(z0\,\d+_CONJQUE_que\)@COREF\ 
9])\,\d+_CONJQUE_que\)@CONNECT\(z0\,\d+_ 
# 1'inverse - the contrary 
l*NMOD\ ( (NOUN[0-9] )\, (VERB[0-9] ) \) 
-->SUBJ\(zl\,d\+_NOUN_[a-
z]+\)@OBJ\(zl\,\d+_CONJQUE_que\)@COREF\(z0\,\d+_CONJQUE_que\)@CONNECT\(zl\, \d 
+_CONJQUE_que\) 
l*NMOD\((NOUN[0-9])\,(VERB[0-9])\) 
-->SUBJ\(zl\,d\+_NOUN_[a-z]+\)@OBJ\(zl\,z0\! 
\)@CONNECT\(zl\,z0\) 
l*NMOD\((NOUN[0-9])\,(VERB[0-9])\) 
—>SUBJ\(zl\,d\+_PRON_[a-
z]+\)@OBJ\(zl\,\d+_CONJQUE_que\)@COREF\(z0\, 
+_CONJQUE_que\) 
l*NMOD\((NOUN[0-9])\,(VERB[0-9])\) 
—>SUBJ\(zl\,d\+_PRON_[a-z]+\)@OBJ\(zl\,z0\)@COREF\(z0\,zO 
\)@CONNECT\(zl\,z0\) 

?COREF\(z0\,z0 

\d+ CONJQUE_que\)@CONNECT\(zl\,\d 


