









































































































































4- partition all the actions in § into equivalence classes of actions E,, E,, ..., E,, such
that for every set of actions A, the actions in A are merge able iff they are in the same
equivalence class

5- for each mergeability class E; of actions in combine( S ) do merge the actions in E,;

This work is very closely related to Sacerdoti’s work in NOAH. The main concern is to
merge several plans into one. The thrust of the work has to do with recognizing several types of
operator interactions and merging plans while accounting for them. The basic idea is to place two
sequences of actions, plans, next to each other. Graphically, one can imagine two parallel directed
graphs, Figure 2.7 between which there are no connecting edges. As the algorithm progresses,
edges are placed between action nodes that interact. When completed, the resulting graph shows
the (partial) ordering required to assemble the merged plan. In addition to creating the graph,
equivalence classes are defined where each class of operators can be merged into one operator, in
effect deleting several operators and changing parameters for others.

1 2 3 4 5 1\2 4 5
a B———C D E A~——38 c D E
(A) (B)

A~——38 1 2 3.c M(D,4) —— 5 E
(©)

Figure 2.7 - Merging plans and operators

In Figure 2.7, (A) shows two plans before adding the interactions between operators. (B)
shows an action-precedence interaction between nodes B and 1 where B must precede | in a
merged plan. (B) shows a simultaneous-action interaction between nodes C and 3. (B) also shows
an identical-action interaction between nodes D and 4. (C) shows one possible merge where
operators C and 3 must be applied simultaneously and M(D,4) stands for a merge of operators D
and 4.

The advantage to this approach is that it has been shown to successfully merge plans that
satisfy independent goals and share resources. However, to be successful, the system must have at
its disposal, from the outset, all possible solutions for each goal conjunct. As stated in [Yang
1992], the motivation is that the system must have these plans to allow it create the best merged
plan. In addition, the system must have at its disposal of all these plans so that it can succeed.
Certain types of anomalies, e.g. Sussman's anomaly, can cause the merge to fail and have the
system attempt a new merge with other plans.

32



A problem solving system could very easily take advantage of this approach by using a
case-based reasonmer to select plans to merge. Successful merges can be remembered.
Unsuccessful merges would have to be explained to avoid similar failures in future.

Also, during merging it may not be possible for this algorithm to succeed. For exampie,
there may exist only one operator that can achieve a given goal, but the application of this operator
can leave the world in a state such that the operators in the other plan cannot be applied. In these
instances, the system must include the problem operator in the final plan, but it must also change
the world state resulting from the application of the operator to a state that would render the other
operators applicable, i.e. it must plan.

2.6 Learning - Least General Generalization

Generalization is an important Machine Learning technique that can contribute significantly to a
case-based reasoning system. Rather than investing a considerable effort to adapt cases to new
situations, the planning effort can be significantly reduced if cases are generalized. Upon retrieval,
the unbound elements of the case can be ground to information derived from the current planning
episode. When generalized cases are not applicable, the system tries to repair the plan or relies on a
search engine. The generalization approach that inspired the generalization procedure integrated
into the reasoning system presented in chapter 3 is called least general generalization (Igg) [Plotkin
1971]. This approach has also been used in other fields including extensive research in inductive
logic programming {Lavrac and Dzeroski 1994; Bergadano and Gunetti 1995]. A generalization is,
intuitively, a clausal description of a concept that subsumes one or more instances of the concept.
The Igg of a concept is the minimal possible generalization of two or more instances of a concept.
The approach was investigated by [Plotkin 1971] and led to Igg under 6-subsumption:

Definition: Clause C @-subsumes (or is a generalization of) a clause D, if there exists a
substitution @such that C6 fD. Written C<D. C is the least general generalization
under @-subsumption if C@ D and, for every other E such that E@ fD, it is also the
case that E@ f C. [Bergadano, 1995]

The computation of the lgg of two clauses results from computing the Igg of each term in
either clause and is defined as follows:

The Igg of two terms ¢7( 1}, 12, ..., In ) and t2( m[, m), ..., mp ) is a new variable v if f7 # f2 and
is defined as ¢]( Igg( [}, m] ), lgg( 12, m2 ), ..., Igg( In, mp ) ) if f1 = .

The Igg of two clauses C] = {t], 82, ..., tn J and C2 = [ 5], 52, ..., sm } is defined as:

lgg(C1, C2)={lgg(l, s)lle CiA se C231gg(t, s)is defined }.
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The following example shows the output of Igg when applied to two clauses:

C] = { at(objl, locl ), at( obj2, loc1 ) }
C2 = { at(objl, loc2 ), at( obj1, loc2 ) }

Igg( C1, C2 ) = { at( objl, Loc ), at( obj1, Loc ), at( Obj, Loc ), at( Obj, Loc ) }

The Igg procedure will create a new generalized clause whose cardinality is equal to ICjl H
IC2l. After further simplifications, the final clause is:

lgg( C1, C2 ) = { at( obj1, Loc ), at( Obj, Loc) }

This generalization procedure will be used in PALERMO to generalize solutions retrieved
from the case-base to address new problems.

2.7 Other work

Eager derivational replay [Ihrig and Kambhampati 1994] is an approach to derivational
analogy where cases are completely replayed upon retrieval and any attempt at plan repair is delayed
until replay is complete. Any unsatisfied subgoals are processed after replay by calling on the
search engine to modify the plan. For total order planners, eager replay often leads to plan repair
failure. This is mainly due to the fact that total order planners can only add operators to the
beginning or the end of a plan and that unsatisfied subgoals may require additional operators in the
middle of the plan. On the other hand, partial order planners have benefited from eager replay by
improved performance. The short replay mechanism presented in 3.2.3 is very similar eager replay
in that it eagerly replays the past solution. However, if any unsatisfiable subgoals are encountered
then replay is abandoned. As the discussion in the future work section of chapter 6 points out,
when the search mechanism for PALERMO is replaced by a partial order engine, a full
implementation of eager replay will be used.

The COLLAGE system [Lansky 1991; Lansky and Philpot 1993] provides a framework in
which it is possible to integrate several search-based problem solving algorithms. Its main concern
is to perform planning by localizing the search activities in restricted areas of the search space and
selecting preferred algorithms to address different types of problems. For COLLAGE, planning is
viewed as a constraint satisfaction problem. It shows the importance of integrating different
problem solving approaches to solving complex problems. Moreover, the application described
therein is of particular interest since it deals with the use of remote sensing data analysis for land
cover information management.

In [Langley et al. 1992], the authors present a mixture of hybrid approaches to planning

including the use of macro-operators, search control rules, derivational analogy and
transformational analogy. The main argument in the paper is that, traditionally, it has been
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assumed that a single planning method is desirable for a given domain, whether it be a hybrid
approach, a purely search-based approach or an analogical approach. The authors believe that
“there are domains for which mixed approaches are more desirable than any pure method”. A
mixed approach would rely on domain-specific knowledge to define classes of problems that would
be better solved by analogy, by search or by re-use of macro-operators. Of course, determining
what is better remains the challenge.
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Chapter 3
The Problem Solver

Search-based planning is a process whereby a problem solver steps through a space of world states
in search of a state where a given goal holds. Minton has identified two classes in which to situate
methods used for conducting search: state-based search and plan-based search [Minton and Zweben
1993]. Classical Al systems such as GPS [Newell and Simon 1963; Ernst and Newell 1969] and
STRIPS [Fikes, Hart et al. 1971], are state-based planning systems. In this approach, the problem
solver searches for a state where a goal is satisfied by attempting to apply operators to produce new
states. The problem solver maintains a current state representation where each state results from the
application of the operators included in the plan so far. In plan-based search, the problem solver
maintains the current plan rather than a current state. It starts with an empty plan and adds
operators to it until a solution is found. When an operator is added, a new partial ordering is
imposed on the plan to insure that there are no conflicts between the operators. The NOAH system
[Sacerdoti 1975] is a plan-based search-based problem solver.

For both classes of problem solvers, the problem solving processes can use forward search
from an initial state or they can use a more sophisticated, goal-directed approach, e.g. means-ends
analysis. The main reason for using a goal-directed approach is to focus the search on a much
smaller portion of the search space thus rendering tractability to the problem solving mechanism
since planning, in the worst case, is undecidable [Chapman 1987] and therefore intractable.
Unfortunately, the consequence of reducing the coverage of the search space is to often overlook
possible solutions. Linear planning is a goal-directed search paradigm where: plans are totally
ordered and the solution is found by solving the goals in a linear order (i.e. if two or more goals
exist then one goal and all of its subgoals are achieved before other goals are considered.) Non-
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linear planning, i.e. where no search control mechanism is applied, is simply an exhaustive
exploration of the whole search space.

Derivational analogy [Carbonell 1986; Veloso 1992] was introduced as a means of
providing guidance during search so that the problem solver can be focused when solving problems
similar to previously encountered situations. During re-use in derivational analogy (derivational
replay [Veloso 1992; Ihrig and Kambhampati 1994; Veloso 1994]), for each decision point, the
problem solver uses the successful decision made previously to select the next action to perform.
However, when a new problem occurs for which there does not exist an analog, the problem solver
must revert to an unfocused, potentially exhaustive search-based process. For
PRODIGY/ANALOGY [Veloso 1992] for instance, the search is performed by a non-linear
mechanism that covers the search space completely.

Case-based reasoning (CBR) [Bain 1986; Kolodner and Riesbeck 1986; Schank 1986;
Collins 1987; Hammond 1989; Riesbeck and Schank 1989] is a non-search-based problem solving
approach that forgoes search altogether. Rather than creating a plan from first principle, the
problem solver uses a set of existing plans, a case-base, from which the reasoning system can
draw. The input to the system is a set of goals that have to be satisfied by a single integrated plan.
It then tries to find a plan in the case-base which satisfies as many goals as possible. Once a plan is
found, it is modified to match any of the goals that are not satisfied. Rather than remembering
operator selection knowledge, as in derivational analogy, this type of system remembers complete
operator sequences and the modifications performed to satisfy new problems. Moreover, the
system does not need to know any details of the operators, i.e. STRIPS like add and delete lists are

not necessary.

The problem solver presented in this chapter integrates the use of the following artificial
intelligence techniques:

¢ goal-regression,

* case-based reasoning,

* plan merging [Sacerdoti 1975; Foulser, Li et al. 1992; Yang 1992],
* derivational analogy,

* machine learning.

Goal-regression is the basic search-based problem solving method used, however, rather
than maintaining a representation of the current state, the problem solver maintains a current plan
from which all the states along the derivation path can be readily recalled, including the current
state. CBR, or transformational analogy, was then added to the problem solver thus enabling it to
explore areas of the search space unreachable via goal-directed search. However, the use of cases
within the goal-directed, backward chaining algorithm, required a sophisticated merging
mechanism. In fact, there are two replay steps involved in integrating a case into a plan under
construction by goal-regression: short replay and analogical plan merge. Short replay is akin to the
adaptation of a transformational case, whereas analogical plan merge is similar to derivational
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replay. Finally, when re-use of an existing case for a different problem is successful, then goal-
directed generalization, derived from machine learning techniques, is used to generalize the case to
increase its coverage and to improve the performance of the retrieval mechanism.

Throughout this chapter 2 examples will be used to show how different components of the
problem solver behave. The first example is the one-way-rocket problem [Veloso 1992] described
in chapter 1 and repeated below. The second is the shaky-the-robot problem also known as the
extended STRIPS domain. A complete specification of these two domains is given in Appendix A.

goal statement:
at(objl,loc2) and
at{obj2, loc2)

initial world:
at(objl, locl)
at(obj2, locl)
at (rocket, locl)

operators:

unload_rocket(Obj, Loc) :: move_rocket ::

load_rocket (Obj, Loc) ::
if at(Obj, Loc) and

if inside(Obj, rocket) and

if at(rocket, locl)

at(rocket, Loc) at (rocket, Loc) then
then then delete
delete delete at (rocket, locl)
at(0bj, Loc) inside(Obj, rocket) add
add add at(rocket, loc2)

inside(Obj, rocket) at(obj, Loc)

case:

case(

goal:at(objl, loc2),

foot_print:[
at (rocket, locl),
at(objl, locl)

1.

search tree: ([
op (load_rocket (objl, locl), inside(objl, rocket}),
op (move_rocket, at (rocket,loc2)),
op (unload_rocket (objl,locl) ,at(objl,loc2))

In the one-way-rocket problem there is an initial world, a goal statement, a set of three
planning operators and a case. The meaning of each of these structures will be explained in more
detail in this chapter. Some details are given here to serve as a guide to the chapter. In section 3.1,
the problem solver's search mechanism will be laid out. To perform its task, it requires a goal
statement, an initial world from which to start and a set of planning operators that describe how
changes can be made to the world in order to satisfy the goal statement. In section 3.2, I will show
how case-based reasoning, CBR, can be integrated with a search-based problem solver. A case-
based reasoning system needs a case base and a goal statement to perform its task. The first step in
CBR s retrieval of a relevant case and its adaptation to a new goal. While considering the goal
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statement, the problem solver will first use goal regression to solve the first conjunct, at(obj!,loc2).
As a result, it will have learned the case shown above. When it attempts to solve the second
conjunct, at(obj2,loc2), the retrieval procedure, section 3.2.1, will retrieve the case and make the
necessary changes. If an adapted case is successful at satisfying a goal, then it is generalized using
goal-directed generalization as is described in section 3.2.2. The adapted case will then be
submitted to a replay mechanism called short-replay, section 3.2.3, whose task is to ensure that the
solution in the adapted case does not violate any of the bindings that would be imposed by the
planning operators. Once the changes have been made and the problem solver has a solution for
both conjuncts, it will call on the merge procedure, section 3.3, to assemble the complete solution.
If a retrieved plan fails to satisfy its goal as a result of merging with another plan, then plan repair,
as described in section 3.4, is attempted. Each section begins with a brief discussion of a particular
component of the system, followed by a description of the design and implementation of the system
component, and ending with an example highlighting the behaviour of the system.

3.1 The search algorithm

Goal regression is a classical problem-solving mechanism that has many incamations. In the field
of Artificial Intelligence, one of the most widely known, implemented systems is STRIPS. I have
therefore used this problem solver as the framework upon which to start the integration of the
techniques listed above. It should be noted, however, that the integration of case-based reasoning,
derivational analogy and machine learning need not be restricted to a STRIPS-like problem solver.
In fact, any search-based problem solver could benefit from this type of integration. The main
reason for this choice is to show that, although the search space covered with goal-regression is
quite narrow and therefore incomplete, it is possible to widen the scope of the coverage of the
search while taking advantage of the efficiency of regression.

The search procedure uses a goal-directed approach and is backward-chaining. Actions that
can be performed by the planner are expressed in simple operators represented by pre-conditions
and effects. The pre-conditions are defined in first-order predicate logic and can contain
conjunctions, disjunctions and negation. The effects are represented as add and delete lists. The
basic backward-chaining was presented in section 2.1.2.

Basically, if a given goal is true in the current state, the planner exits successfully,
otherwise it selects a relevant operator (for a positive goal, a relevant operator adds it to the current
state, for a negative goal, the operator deletes it from the current state). If all of the operator’s pre-
conditions hold in the current state, then it is applied and the current state is modified to reflect the
effects specified in the add and delete lists. If the operator’s pre-conditions do not hold in the
current state, then they become subgoals and the solve procedure is called recursively. As a result,
all of the pre-conditions are addressed before any other goal in the goal set. In this way, the
problem solver is said to simulate the application of the operators. This implementation is a stafte-
based planner and, as a result, maintains a current state of the world as opposed to maintaining a
current plan. Since the objective is to merge plans created in this fashion with plans created by a
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case-based system, it is necessary to have a compatible representation. In consideration of this
situation, the basic problem solving algorithm above was modified to maintain a current plan.

3.1.1 Formal definition of the search algorithm

Since the goal of search-based problem solving is to explore a space of states in search of a state
where a given goal is true, it is necessary to define states and how they are connected. Let a state
be a set F of facts where each fact f € F is a predicate stating that f is true, e.g. at( objl, locl ) is a
fact that states that the object obj1 is at location loc2. Also, the problem solver reasons within the
closed-world assumption. A goal is expressed as a conjunction of desired facts that must hold true.
Given this definition, a plan P is the triple (G, I, O) where:

* G is the goal that requires satisfying,

* I is the initial state of the world, i.e. the set of facts that are true when a goal is submitted
to the problem solver,

* O contains the operators that, if applied to /, will produce sequence of states; in the last
state of the sequence, G holds. O is a search tree represented as a directed acyclic graph
or DAG (V, E) [Aho, Hopcroft et al. 1974] where:

* the set of vertices V represents operator nodes; each operator node v € V is
expressed as a pair (o, g) where o is the complete specification of the operator that
was used to satisfy subgoal g (the specification includes the pre-conditions and
add and delete lists, this is done to preserve a history of the bindings that led to the
solution,)

» the set of edges E depict the order in which the operators must be applied.

The current state of the world W is the pair (I, Q) where:

* [ is the initial state of the world,
* Q is the tree already expanded containing operator nodes and edges representing the
portion of the space searched, i.e. a possible sub-tree of O.

A problem solving state S is the pair (W, G) where W is the state of the world and G is a
goal that must be satisfied. The search procedure, shown in Figure 3.1.2, maps a problem solving
state into a problem solving state. This search procedure, implemented in Prolog, is based on the
STRIPS algorithm. There are two components of the procedure that should be pointed out: the
goal stack and the protected stacks.

The goal stack is used to remember which goals the procedure is currently trying to achieve.
If a subgoal has been placed on the stack, then the procedure is currently working on the goal and
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will not try to proceed if the expansion of a search node leads to trying to solve the same subgoal.
Once the subgoal has been achieved, it is removed from the goal stack.

Input: goal G; current state of the world W.
Cutput: state of the world after satisfying the goal, NewwW

solve( empty, W, W ).

solve( G, W, NewW ) :-
select_goal( H, G, J),
solve_one_goal( H, W, Midw ),
solve( J, Midw, NewiW ).

solve_one_goal( G, W, W) :-
true_in_world( G, W},
protect( G ).
solve_one_goal( G, W, NewW ) :-
not true_in _world( G, w ),
not stacked( goal_stack, G ),
push( goal_stack, G},
regress( G, W, NewW ),
pop( goal_stack ),
protect( G ).

regress( G, W, NewW ) :-
relevant_operator( G, op( Operator, PCs, Dels, Adds ) ),
make_protected_stack( prot( G, Operator ) ),
solve( PCs, W, MidwWworld ),
protected_goals_ok( Dels ),
remove_protected_stack( prot( G, Operator ) ),
append ( MidWorld, [ op( Operator, G, PCs, Dels, Adds ) ], Neww ).

Figure 3.1.1 - Search procedure

The protected stacks are used to prevent the system from un-doing work it has done. When
the procedure retrieves an operator to solve a subgoal, it creates a new set of subgoals, the
operator’s pre-conditions, that must be achieved. All of the pre-conditions must be true at the same
time in order to apply the operator. To prevent the procedure from removing some pre-conditions
after having achieved them, they are placed on a protected stack. Once all of the pre-conditions
have been achieved, the effects of the operator are applied and the protected stack is removed thus
un-protecting the pre-conditions.

This is a typical goal-regression algorithm implemented in Prolog. There are two main
predicates that perform the search: solve / 3 and solve_one_goal / 3. The solve procedure receives
as input a goal G and the state of the world W. From this input, it searches for a state of the world
NewW where the goal is true. Since this implementation maintains a current plan, the solution is
returned with the output state. The solve_one_goal procedure first tests if the goal is true in the
current world. If it is, no further search is needed. If it is not, then to prevent goal loops (i.e.
trying to solve a goal that the procedure is already working on), stack the current goal thus

41




recording that it is being working on and the regression procedure is called. The regression
procedure selects a relevant operator for the current goal and calls the solve procedure recursively
with the relevant operator’s pre-conditions as the goal.

3.1.2 Example of the search algorithm

Let us reconsider the one-way-rocket problem from chapter 1. Figure 3.1.3 shows the reasoning
trace that the search algorithm above would follow given the goal statement at( objl, loc2 ) and a
0bj2, loc2 ). Let us assume, for the moment, that the procedure select_goal will select a goal from
the goal statement on a first-come-first-serve basis with no backtracking (i.e. it will try to solve af
objl, loc2 ) first and will then try to solve af( 0bj2, loc2 ) iff a solution to af( objl, loc2 ) was
found.) In the figure, the “->* arrow indicates a procedure call and the “<-” arrow indicates the
successful completion of the procedure. The resulting bindings are shown in the successful
procedure calls. Also, to simplify the trace, the nodes in the search tree contain only the operator
names and their respective parameter bindings rather than the complete operator specifications.

The initial call to the solve procedure has three parameters: the first is the initial goal
statement (i.e. user goal), the second is the initial world I/, and the third is the variable that will
contain the final world, including the solution, if the search is successful. Solve then calls
select_goal with three parameters: the first is the subgoal which will be expanded, the second is the
goal from which it must chose a subgoal, and the third returns the remaining subgoals (i.e. the
subgoals that must be solved if a solution is found for the first subgoal.) Once a subgoal has been
selected for expansion, the solve_one_goal procedure is called. For sake of brevity, the first call to
solve_one_goal will not be described, suffice it to say that it returns successfully thus producing
the mid-state that contains the search tree to solve the first subgoal, the initial world and the
resulting mid-world. As stated before, a search-based reasoning system must simulate the
application of operators included in its solution, therefore, the search for a solution for the second
subgoal begins from the mid-world. The recursive call to solve is done with the subgoal at( 0bj2,
loc2 ) and the initial world I’ (mid-world). The next call to select_goal returns the remaining
subgoal, at( obj2, loc2 ).

Solve_one_goal first ensures that the current subgoal is not satisfied and that attempting to
resolve the subgoal will not result in a goal loop. It then places the subgoal on a goal stack for
subsequent goal loop checks. The next step is to expand the regression from the subgoal. Since
the rocket is at loc2 already, this subgoal cannot be satisfied because the rocket can move in only
one direction. If we relax the assumption that the select_goal procedure always selects the first
subgoal from a conjunction, then the result would be that before failing, the problem solver would
simply attempt to solve the subgoals in a different order, i.e. at( obj2, loc2 ) before at( objl, loc2 ).

The algorithm and the example described above show the inherent incompleteness of goal

regression. It is a result of its single mindedness in solving only one subgoal at a time and thus
ignoring the interactions between subgoals. However, it is possible to increase the scope of the
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search space coverage of the algorithm by adding to it the use of case-based reasoning while still
preserving that single mindedness that provides focus for the search.

Initial state —p» |Search E:i'ree Q-

initial state (I): current state:
at(obj2,locl) at(obj2, locl)
at(objl,locl) at(objl,locl)
at(rocket, locl) at(rocket, locl)

solve((at(objl,loc2)and at(obj2,loc2)),InitialWorld,FinalWorld)

-> select_goal (Goal, (at(objl, loc2)and at(obj2,loc2)),Goals)
<~ select_goal(at(objl, loc2), (at(objl, loc2)and at(obj2, loc2)),at(obj2,loc2))

-> solve_one_goal(at(objl, loc2), InitialWorld, MidWorld)

<- solve_one_goal(at(objl,loc2),Initialworld, MidWorid)

search tree Q:

mid-state -y |load_rocket(objl,locl) goal: inside(rocket,objl i
move_rocket goal: at(rocket, loc2)

unload_rocket (objl, loc2) goal: at(objl,loc2)

initial state (I): current state:
at(obj2, locl) at(obj2, locl)
at(objl, locl) at(objl, loc2)
at(rocket, locl) at (rocket, loc2)

-> solve(at(obj2, loc2),MidWorld, FinalWorld)

~—

-> solve(at(obj2, loc2),MidWorld, FinalWorld)

-> select_goal(Goal,at(obj2,1loc2),Goals)
<- select_goal(at(obj2,loc2),at (obj2,loc2), empty)

-> solve_one_goal(at(obj2,loc2) ,MidWorld, FinalWorld)

-> not true_in_world(at(obj2, loc2),MidWorld)
<- not true_in_world(at(obj2, loc2),MidwWorld)
-> not stacked(goal_stack,at(obj2,loc2))

<~ not stacked(goal_stack,at(obj2,loc2))

-> push(goal_stack,at(obj2, loc2))

<- push(goal_stack,at(obj2,loc2))

-> regress{at(obj2,loc2),MidWorld, FinalWorld)

*kx FAIL

Figure 3.1.2 - One-way-rocket reasoning trace
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3.2 Case-based reasoning in goal-regression

The main advantage of case-based reasoning systems is that they solve problems by retrieving
existing solutions and adapting them, thereby concentrating on tweaking or massaging plans into
acceptable solutions for new, similar goals. The main disadvantage of CBR systems is that if they
are called upon to solve a goal that is not similar enough to an existing case, then the system will
fail. By adding CBR capabilities to the search algorithm of section 3.1.1, I will show how the
disadvantages of either approach can be addressed.

plan(

goal:at(objl, loc2),

foot_print:[
at (rocket,locl),
at(objl, locl)

1,

search tree:[
op (load_rocket (objl, locl), inside(objl, rocket)),
op (move_rocket,at (rocket, loc2)),
op(unload_rocket(objl,locl),at(objl, loc2))

Figure 3.2.1 - One-way-rocket solution for goal at( objl, loc2 )

Let us recall the one-way-rocket problem. If the search algorithm was given the goal
statement ai( objl, loc2 ), then it would produce the plan shown in Figure 3.2.1 below (as in
section 3.1.2, the search tree only includes the operator names and parameter bindings rather the
complete operator specifications.) This plan contains a foot print [Veloso 1992] that specifies
which facts from the initial world are relevant to the plan, i.e. the set of facts that, to be proven to
hold, did not require the application of an operator during problem solving. They are the relevant
features of a plan, used for indexing and retrieval of cases.

The next step is to give the problem solver access to a case base that already has the case in
Figure 3.2.1. Case retrieval, in the context of the search procedure, should be performed when the
goal that is selected for expansion is known not to be true in the current world. The changes to the
search procedure to allow it to use the case base are shown in Figure 3.2.2. Rather than trying to
solve the goal by regression, the solve_one_goal procedure first attempts to find a case that satisfies
the current goal G given the initial world IW. If it is successful, then the case must be merged with
the current world to produce the solution. As the results in section 4.2.3 show, once the system
has learned a sufficient number of cases, analogy outperforms regression thereby justifying
attempting to use analogy before search.



solve_one_goal( G, InitialWorld, W, NewW ) :-
\+ true_in _world( G, W),
\+ stacked( goal_stack, G ),
push( goal_stack, G ).
4
analogy( G, InitialWorld, Case ),
merge{ InitialWorld, W, Case, NewW )}

regress( G, InitialWorld, W, NewW )
) r
pop( goal_stack )},
protect( G ).

analogy( Goal, InitialWorld, Case ) :-
retrieve( InitialWorld, Goal, Footprint, Plan ),
short_replay( InitialWorld, Plan, Case ).

Figure 3.2.2 - Search procedure

If the goal statement at( objl, loc2 ) were submitted to the problem solver, then the retrieval
of this case would be quite straightforward since the goal statement and the goal remembered in the
case match. However, if the goal statement is at( 0bj2, loc2 ) then this case must be retrieved and
modified. The analogy procedure is responsible for retrieving and adapting a case. The first step is
retrieval of the case and is discussed in section 3.2.1. The second and final step in the analogy
procedure is short_replay, described in section 3.2.2. The purpose of this procedure is to verify
that the changes made to the case in order to adapt it to the new goal do not violate operator pre-
conditions or effects in the retrieved solution.

3.2.1 Definition of the retrieval algorithm

One of the first steps in any case-based reasoning system is retrieval. Most systems rely on
similarity matrices that allow them to determine whether two goals are similar or not. For instance,
a measure of similarity can be the result of climbing an object class hierarchy where instances of
objects found under the same class are considered to be similar. This approach is taken in CHEF
[Hammond 1989]. Yet another approach is to submit the complete goal statement and initial state to
the retrieval mechanism. The similarity measure is the result of summing the number of literals that
match between the goal statement and the initial state, and those found in the retrieved case. If the
similarity measure is above a given threshold, then the case is considered similar. This is the
approach taken in PRODIGY/ANALOGY [Veloso 1992].
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In order to define the retrieval procedure, it is necessary to define what a case is and how
two objects are similar. A case is defined with respect to the goal-regression search algorithm. Let
us recall the definition of a plan P = (G, I, O) where:

* G is the goal,
» I is the initial state of the world,
* O is the DAG representing a search tree for the solution to goal G given a satisfied foot

print I.

Definition: a plan P is a case iff the goal statement in the plan contains only one literal, i.e. |Gl =
1, and the set of facts in [ is equal to the foot print.

If we recall the definition of a plan, each node in the search tree O is a pair (o, g) where o is
the operator that was chosen to satisfy subgoal g. The specification of the operator in the node
includes the operator’s pre-conditions, and add and delete lists. For a case, however, the operator
contained in the node is reduced to its name and parameter bindings. The plan shown in Figure
3.2.1 in section 3.2 satisfies the definition of a case since the goal has only one literal and the foot
print contains only those facts from the initial world relevant to the plan.

Definition: two expressions, e/ and e2, are similar iff a substitution [Chang and Lee 1973] 6 can
be found such that if applied to e/ will produce e2, and the substitution ( e/ /€2 ) is

not in @

Therefore, two goals are similar if the expressions used to represent them have the same
functor and arity. The retrieval procedure is shown in Figure 3.2.3. There are two options
available: the first looks for exact goal matches, i.e. if cases exist that match the goal exactly, then
retrieve those first and verify that the footprint holds in the initial world; the second will retrieve
cases, attempt to adapt them to satisfy the current goal given the initial world and subsequently
check the footprint.

retrieve( World, Goal, FP, Plan ) :-
get_case( case( goal:Goal, footprint:FP, plan:Plan ) ),
check_footprint( Goal, FP, World ).

retrieve( World, Goal, Footprint, Plan ) :-
get_case( Case ),
gdg( World, Goal, Case, Footprint, Plan ),
check_footprint( Goal, Footprint, World ).

Figure 3.2.3 - Retrieval procedure
When there exists a case that requires no adaptation, the retrieval is straight forward. As

well as ensuring that the footprint holds in the initial world, the check_footprint call will provide
variable bindings for the case.
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When there are no cases that match the new goal exactly, and there are cases in the case-
base, the retrieval procedure will call the goal directed generalization procedure to attempt to adapt
and generalize cases.

3.2.1.1 Goal directed generalization

As it was shown for the one-way-rocket example, the solution for the subgoals at( objl, loc2 ) and
at( 0bj2, loc2 ) are virtually identical save the operator parameters. If the solution were generalized
to the case in Figure 3.2.4 then the problem solver would benefit in two ways:

» retrieval would be more efficient,
» adaptation would not be necessary.

case(

goal:at (A, loc2),

foot_print: [
at (rocket, locl),
at (A, locl)

1.,

search tree:{
op(load_rocket (A, locl), inside (A, rocket}),
op (move_rocket, at (rocket, loc2)),
op(unload_rocket (A, locl) ,at (A4, loc2})

Figure 3.2.4 - Generalized one-way-rocket case

Retrieval would be more efficient since, rather than retrieving and examining all of the cases
in the case base, the problem solver would rely on Prolog’s unification mechanism to directly
retrieve the relevant case. Adaptation would not be necessary since at retrieval time the variables in
the case would automatically be substituted by the appropriate values by Prolog unification.

Two machine learning techniques inspired the generalization mechanism created for this
problem solver. The first is explanation-based learning (EBL) [DeJong and Mooney 1990;
Mitchell, Keller et al. 1990] and the second is least-general-generalization (Igg).

EBL uses domain knowledge, an operationality criterion and a single example to learn a
generalized operational description of a concept. To produce an operational description of a
concept, EBL creates a search tree and uses the operationality criterion to determine the depth of its
search. The search tree leaves are then collected to form the concept description. Explanation-
based generalization (EBG) [Mitchell, Keller et al. 1990] can then be applied to this concept
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description to produce a more general description that will recognize the example as well as other
concept instances that satisfy the description. EBG systems typically perform the generalization
during the creation of the search tree.

Least general generalization (lgg) is the minimal possible generalization of two or more
instances of a concept. To compute the lgg of two clauses, we must compute the Igg of each literal
from the first clause with each literal from the second. The Igg of two literals is a variable if the
literals have different functors or arity. The Igg of two literals have the same functor and arity is a
new literal with the same functor and arity, and the Igg of their parameters (see section 2.6 for more
details).

The problem solver, as described so far, has all of the components necessary to perform
EBL. Planning operators serve two purposes: they serve as background knowledge; they also
serve as the operationality criterion since they each have an executable counterpart (i.e. an agent that
executes processes described by the planning operator). The other component required to perform
EBL is an example concept. For this problem solver, the example concept is the goal that it must
satisfy. What remains is to generalize the cases that are created.

3.2.1.2 Definition of goal directed generalization

When there are no cases that can satisfy the goal without adaptation, the retrieval procedure will
attempt to adapt and generalize existing cases. Adaptation and generalization both depend on the
successful creation of a substitution that can be applied to the retrieved case such that it accounts for
differences between the old and new goals as well as the differences between the case's footprint >
and the current world. Goal directed generalization is performed in three steps: computation of a
substitution; application of the substitution to the case; and least general generalization. The
procedure is shown in Figure 3.2.5.

The substitution computation is the most important step of gdg. Two main concerns must
be addressed: first, when a case has been partially generalized, its retrieval will include new
bindings with respect to the new goal that must not be undone by applying the new substitution;
second, the search must focus on the literals in the footprint that require changes with respect to the
new goal and the new initial state of the world.

Variables contained in the case's goal and footprint will bind with information in the current
world that holds. When computing a substitution to adapt the case, it is only necessary to
substitute ground subterms within the footprint literals. This problem can be addressed by creating
a list of footprint literals paired with the variables contained within each literal. This new list of
literals can then be used to prevent substituting subterms achieved by grounding variables. Each

* A foot print is the set of facts that must hold in the current world for a case to be applicable.

48



element of the list is the expression fact ( Fact, vars ) where Fact is the original literal from the
footprint and Vars is a list of variables contained within the literal.

gdg(

world,

Goal,

case( goal:G, footprint:01dFP, plan:0ldPlan ).
Pootprint,

Plan

substitution( [ G, Goal ], GoalSub ),
\+ member( G / _, GoalSub ),

copy_term(
case( goal:G, footprint:01dFP, plan:0ldPlan },
OriginalCase

) 4

substitution( World, G, Goal, 01dFP, InitialSub, Substitutionm ),
make_changes( Substitution, OldFP, Footprint ),
make_changes( Substitution, OldPlan, Plan ).
lggi
[ originalCase,
case( goal:Goal, footprint:Footprint, plan:Plan )
1,
case( LGGGoal, LGGFootprint, LGGPlan ),
Substitution
)},
forget_cases( LGGGoal, LGGFootprint, LGGPlan ),
remembera_case( LGGGoal, LGGFootprint, LGGPlan ).

Figure 3.2.5 - Goal directed generalization

To focus the search for a substitution on literals in the footprint that require change, it is
necessary to determine the relevance class of each footprint literal to the goal. The extended
example in Appendix B shows why it is necessary to focus the search on certain footprint literals
rather than others. Some footprint literals might not hold in the current state of the world, but
arbitrarily modifying them in order to make them hold can easily lead to changes that are
inconsistent with the case and would therefore have to be undone via backtracking. It is much
more desirable to find literals that are apt to lead to an acceptable substitution. This is achieved by
the use of relevance classes.

Definition:

Definition:
Definition:

a footprint literal belongs to the most relevant class if the goal and the literal share
subterms, i.e. their subterms intersect.

a footprint literal belongs to the least relevant class if it is a negative literal.

a footprint's relevance class is undetermined if it is not negative and the goal and the
literal do not share subterms, i.e. the subterm intersection is empty.
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A footprint literal that belongs to the most relevant relevance class will typically require
fewer changes than literals belonging to the other relevance classes since, by definition, some of
the subterms should not be changed. Moreover, changes made to literals belonging to the most
relevant relevance class create substitutions that must be applied to other literals in the footprint.
Once the substitution is applied to the other literals, the new literals may require more changes and
therefore the procedure seeks these literals out to compute new substitutions. A footprint literal that
belongs to the least relevant relevance class cannot be used to compute the substitution. Thus,
footprint literals belonging to the most relevant class are processed first, then the footprint literals
belonging to the undetermined relevance class are processed, and finally the least relevant literal
class is processed.

The substitution computation procedure is shown in Figure 3.2.6. The call to the procedure
has five parameters: the current state of the world, the new goal, the footprint, the current
substitution and the new substitution. The current state of the world is used to check if the current
literal holds as well as provide the facts that the footprint literals must be adapted to. The new goal
allows the procedure to determine the relevance class of footprint literals. The footprint literals are
modified using the current substitution, the fourth parameter, and checked against the current state
of the world. When literals require changes in order to hold in the current state of the world, a new
substitution is computed and returned in the last parameter.

The procedure will first determine if the current footprint literal (taken from the beginning of
the list) belongs to the most relevant relevance class. This is achieved by: checking whether it is a
negative literal, applying the current substitution to the literal and finally by checking if the goal
literal and the modified footprint literal have identical subterms. If the modified literal does belong
to the most relevant relevance class then the procedure checks that the literal holds in the current
state of the world. If it holds in the current state of the world then the procedure proceeds with the
rest of the footprint. If it does not hold in the current state of the world, a new substitution is
computed (more_subs/5) by replacing subterms that are not in the current substitution or in the
subterm intersection with variables. Once replaced by variables, the new literal is matched against
the current state of the world in order to find a literal that holds and compute a new substitution.
This new substitution is then applied to the goal to ensure that substitution will not affect the goal
(make_changes (MidSub,Goal,Goal)). The procedure then continues to compute a substitution
recursively and upon completion it is applied to the original footprint literal and checked in the
current state of the world. This last step is necessary because the final substitution could modify
the literal more than the intermediate substitution resulting in a literal that does not hold in the
current state of the world. In the event that the literal does not belong to the most relevant relevance
class, the procedure simply processes the rest of the footprint literals first. The example presented
in section 3.2.2 shows how the use relevance classes is applied.

The two remaining steps of gdg are substitution application and generalization of the

retrieved case and the adapted case. The application of the substitution does not require further
explanations. The generalization of the cases is performed by a modified Igg algorithm that uses
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the newly created substitution to direct the generalization. The procedure uses the substitution to
replace disagreeing subterms with variables.

substitution( wWorld, Goal, {], Sub, Sub ).
substitution( World, Goal, [ fact( Fact, Vars ) | FP ], Sub, NewSub ) :~
( \+ Pact = not( _ ),
change( Sub, Fact, Vars, NewFact, NewVars ),
parameter_intersect( Goal, NewFact ) ->
( true_in_world( NewFact, World ) ->
substitution( world, Goal, FP, Sub, NewSub );
otherwise ->
more_subs( World, NewFact, NewVars, Sub, MidSub ),
make_changes( Midsub, Goal, Goal },
substitution( World, Goal, FP, MidSub, NewSub ),
change( NewSub, Fact, NewVars, NewerFact, _ ),
true_in_world( NewerFact, World )
):
otherwise ->
substitution( World, Goal, FP, Sub, MidSub ),
make_changes( MidSub, Goal, Goal ),
change ( MidSub, Fact, Vars, NewFact, NewVars ),
( true_in_world( NewFact, World ) ->
NewSub = MidSub;
\+ Fact = not( _ ) ->
more_subs( World, NewFact, NewVars, MidSub, Sub2 ),
make_changes( Sub2, Goal, Goal ),
substitution( World, Goal, FP, Sub2, NewSub ),
change( NewSub, Fact, NewVars, NewerFact, _ ),
true_in_world({ NewerFact, World )
)
).,
make_changes( NewSub, Goal, Goal ).

Figure 3.2.6 - Substitution computation procedure

3.2.2 Example of the application of the retrieval
algorithm

Two examples show the behaviour of the retrieval, adaptation and generalization procedures. The
first is a short example based on a slightly modified one-way-rocket problem. The second, in
Appendix B, shows a more complex example drawn from the logistics transportation domain.

To demonstrate the necessity for a more complex substitution computation, the one-way-
rocket domain is now composed as shown in Figure 3.2.7.
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initial world: goal statement:
at{objl, locl) at(objl, loc2)
at(obj2, locl)
at(rocket, locl)

operators:
load_rocket (Obj, Loc) :: unload_rocket (0bj, Loc) :: move_rocket ::
if at(Obj, Loc) and if inside(Obj, rocket) and if at(rocket, Loc) and
at (rocket, Loc) at (rocket, Loc) not Loc = loc2
then then then
delete delete delete
at (0bj, Loc) inside(Obj., rocket) at(rocket, Loc)
add add add
inside(0Obj, rocket) at(0bj., Loc) at(rocket, loc2)

case(

goal:at(objl, loc2),

foot_print:{
at (rocket, locl),
at(objl, locl)

1.

search tree:(
op(load_rocket(objl, locl), inside(objl, rocket)),
op (move_rocket, at (rocket, loc2)),
op (unload_rocket (objl, locl) ,at(objl,loc2))

Figure 3.2.7 - Modified one-way-rocket.

The difference is that the move_rocket operator can now move from any location to location
loc2. The case in Figure 3.2.7 was created by submitting the goal statement to the reasoning
system while starting from the initial world also given in the Figure. In fact, this specification,
including the changes to the operator does not affect in any way the examples given thus far. To
show the substitution computation, let us begin with the initial world and goal statement below:

initial world: goal statement:
at(objl, locl) at(obj2, loc2)
at (obj2, loc3)
at (rocket,loc3)

Since the case base does not contain a case that matches this goal exactly, the retrieval
procedure will attempt to adapt and generalize the case shown in Figure 3.2.7. As a first step, the
procedure computes the substitution required to change the old case into the new case, i.e. [ objl /
obj2 ]. If this substitution is applied to the case, it produces the case in Figure 3.2.8. The
application of the plan in this new case will move object obj2 from location loc! to location loc2.
Obviously, since object obj2 is in location loc3 in the initial world, there is a need for more changes
to the case.
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case(

goal:at(obj2, loc2),

foot_print: [
at (rocket, locl),
at(obj2, locl)

1,

search tree:{
op(load_rocket (obj2, locl), inside(obj2, rocket) ),
op (move_rocket, at (rocket, loc2)),
op (unload_rocket (obj2, locl) ,at(obj2, loc2))

Figure 3.2.8 - Adapted case.

The next step in gdg is to compute a substitution that accounts for the differences between
the initial world and the footprint. The substitution procedure is called with the initial world, the
goal in the case, the new goal, the footprint and the substitution computed to adapt the goal. The
procedure will either fail or return a substitution that can be applied to the footprint as well as to the
plan.

case(

goal:at(obj2, loc2),

foot_print:[
at (rocket, loc3),
at(obj2, loc3)

1.

search tree:|[
op (load_rocket(obj2,loc3), inside(obj2, rocket) ),
op (move_rocket, at (rocket, loc2)),
op(unload_rocket (obj2,loc2) ,at (obj2, loc2}))

Figure 3.2.9 - Adapted case.

The first literal taken from the footprint list is fact( at( rocket, locl ), [] ). This shows that
there were no variables found in the footprint literal. Since this is not a negative literal, the current
substitution, [ objl / obj2 ], is applied producing the new literal af( rocket, locl ). The new literal
is of undetermined relevancy (i.e. the parameter intersection with the goal is empty) and thus
further processing of the literal is delayed. The substitution procedure is recursively called with the
remaining footprint literal at( objl, locl ). This literal is not negative and after applying the
substitution the system produces af obj2, locl ). This literal is of most relevance since its
parameter intersects with the goal is [ 0bj2 ]. Processing of this literal is immediate. The literal
does not hold in the initial world, therefore it is necessary to find a new substitution that will make
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it true. The obj2 subterm cannot be touched since it was introduced by a previous substitution, on
the other hand the subterm loc! can be replaced by a variable and used to find the value that would
make at( 0bj2, X ) hold in the initial world. Once this variable is ground, the substitution [ locl /
loc3 } has been computed and is then added to the initial substitution to produce [ obj! / obj2, locl /
loc3 ]. When applied to the current footprint literal, this substitution ensures that the new literal, af
0bj2, loc3 ), holds in the current world. The substitution procedure terminates its recursive call and
now has a substitution that it applies to the first footprint literal, at( rocket, loc3 ). Since there are
no other literals remaining in the footprint, the substitution computation is complete and returns the
substitution [ objI / 0bj2, locl / loc3 ] which gdg now applies to the original footprint and to the
original plan to create the new case in Figure 3.2.9.

case(

goal:at(a,loc2),

foot_print:{
at (rocket,B) .,
at(A,B)

1.

search tree:[
op (load_rocket (A,B),inside (A, rocket) ),
op (move_rocket, at (rocket, loc2)),
op(unload_rocket(A.loc2) ,at(a, loc2))

Figure 3.2.10 - Generalized case.

The final step is to apply Igg to the two cases to create the generalized case shown in
3.2.10.

3.2.3 Definition of the short replay algorithm

The purpose of replay (also known as derivational replay and analogical replay [Veloso
1992; Thrig and Kambhampati 1994; Veloso 1994]) in derivational analogy is to re-apply the
decisions contained in the old case to the new problem. PALERMO has two replay mechanisms,
the first of which is introduced here and is called short replay, Figure 3.2.11. The purpose of short
replay is to ensure that the substitutions that resulted from retrieval do not violate any bindings that
would normally be imposed by planning operators and to provide additional bindings that result
from binding the complete operator specification with a subgoal.

For every operator in the case, short replay will retrieve the complete operator specification,
i.e. pre-conditions and effects, and provide bindings for variables found in the add and delete lists.
If successful, then the expanded case is considered to be an acceptable case for the new goal and
will be returned by the analogy procedure to the solve procedure .
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short_replay(
Goal,
[ op( Operator, Goal ) 1|,
[ op( Operator, Goal, PCs, Dels, Adds ) }

relevant_operator( Subgoal, op( Operator, PCs, Dels, Adds ) ),
( Subgoal = not( NegGoal ),
member ( NegGoal Dels };
member ( Subgoal, Adds ) )
).
short_replay(

Goal,
{ op( Operator, Subgoal ) | Case 1},
[ op( Operator, Subgoal, PCs, Dels, Adds ) | ExpandedTree ]
) -
relevant_operator( Subgoal, op( Operator, PCs, Dels, Adds ) ),

( Subgoal = not( NegGoal ),
member ( NegGoal Dels );
member ( Subgoal, Adds ) )
).
short_replay{ Goal, Case, ExpandedTree ).

Figure 3.2.11 - Short replay procedure

3.2.4 Example of the application of the short replay
algorithm

To better illustrate how the short replay procedure behaves, consider the changes to the one-way-
rocket problem specification below. The difference is that locations and objects are specified with a
parameterized expression, e.g. loc(1) rather than locl.

This expressive power can be used to include implicit pre-conditions and effects in
operators. For instance, by using this approach it is possible to impose type constraints on the
objects manipulated by the operators as in the operator:

load_rocket( obj( Obj )}, loc( Loc ) ) ::
if at( obj( Obj ), loc( Loc ) ) and
at( rocket, loc( Loc ) )
then delete at( obj( Obj ), loc( Locc ) )
add inside( rocket, obj( Obj ) )

The advantage of using this operator over the one specified in chapter 1 is that when the
search algorithm tries to find a relevant operator to move the rocket (i.e. add the fact that the rocket
is at location loc2,) the operator above will not be considered thus adding the implicit constraint that
only objects matching obj( Object ) will result in applying the load_rocket operator.

55




Initial state: Goal statement:
at(obj(l), loc(l)) at(obj (1), loc(2))
at(obj(2), loc(l))
at(rocket, loc(l))

case(

goal:at(obj(2),loc(2)),

foot_print: [
at (rocket, loc(l)),
at (obj(2) ,loc(1))

1,

search tree:[
op (load_rocket(obj (2),loc(1l)), inside (cbj(2),rocket)).
op (move_rocket, at (rocket,loc(2))),
op (unload_rocket(obj(2),loc(1l)),at(obj(2),1loc(2)))

Figure 3.2.12 - New one-way-rocket specification

On the other hand, this type of implicit constraint introduces a different kind of problem:
substitutions computed by the retrieval procedure may result in binding violations. For instance,
given the one-way-rocket specification in Figure 3.2.12, if the retrieval procedure is called with the
goal at( obj( 1 ), loc( 2 ) ), then the substitution necessary to transform the goal statement into the
goal satisfied by the case is [ 2 /1 ]. Since this satisfies the similarity criteria defined in section
3.2.1, the retrieval procedure will return the case in Figure 3.2.13. Let us recall the move_rocket
operator. If we cast it in the same form as the load_rocket operator above, we have:

move_rocket ::

if at( rocket, loc( 1) )
then delete at( rocket, loc( 1 ) )
add at{ rocket, loc( 2 ) )}

As stated before, the result of applying this operator is to move the rocket from location loc(
I ) to location loc( 2 ). The retrieved case shown in Figure 3.2.13 specifies that the move_rocket
operator is used to satisfy the goal at( rocket, loc( 1 ) ). The short replay procedure will attempt to
unify the move_rocket operator above with the move_rocket operator in the case. Since the
move_rocket operator cannot add the fact at( rocket, loc( I ) ) to the world, this case violates the
bindings provided by the operator specification and will therefore be rejected. Moreover, as can be
seen in the last operator in the search tree, the object obj( I ) is not unloaded at location loc( 2 ) but
rather at location loc( 1 ). Of course this does not satisfy the goal statement and the case should be
rejected.
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case(

goal:at(obj(1l),loc(2)),

foot_print:[
at (rocket, loc(l)},
at{obj(1l),loc(l))

1.

search tree:|
op (load_rocket (obj(1),loc(l)), inside(obj(1),rocket)),
op (move_rocket, at (rocket, loc(1l)}),
op (unload_rocket (obj(1),loc(1l)),at(obj(1),loc(l)))

Figure 3.2.13 - Case retrieved for goal at( obj( 2 ), loc(2 ) )

3.3 Merging plans

The purpose of case retrieval is to find cases that can solve new problems that are similar to ones
encountered before. The purpose of short-replay is to expand cases so that they satisfy the
definition of plans discussed in section 3.1.1 and to verify variable bindings to ensure that operator
pre-conditions are not violated. Cases are returned as complete plans so that they can be merged
with other plans when more than one goal must be solved. Plan merging, the second replay
mechanism, combines two or more plans into one plan while considering the interactions among
subgoals and between operators [Sussman 1973; Sacerdoti 1975; Veloso 1992; Yang 1992].
Interactions between subgoals means that each subgoal in a goal statement is either completely
independent of the other subgoals, completely dependent of the other subgoals, or shares resources
with the other subgoals (the term resource should be interpreted as to include any process, object,
operator, etc. referred to in a solution.)

Selecting a merging strategy is directly related to the type of goal interaction the problem
solver is faced with. The three types of goals listed above are:

Independent goals: these are goals that can be solved completely separately and, when merged, all
of the vertices and edges in their respective search trees are included in the final
solution.

Dependent goals: these are goals where achieving one goal results in satisfying other goals thereby
allowing the problem solver to forgo explicitly trying to solve them.

Resource sharing goals: these are goals that can be solved completely separately, however, since

some vertices may have the same subgoals, they may be redundant and can be
discarded along with the edges that lead to them when they are merged.
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There are three merging strategies: serial, round-robin and exploratory [Veloso 1993]. In
derivational analogy, these three strategies are used to select the decision nodes that will be
expanded upon during replay. In serial merging, cases are randomly selected and the decision
nodes are all replayed before selecting a second case to merge. In round-robin merging, replay is
done by following a step of each case at a time. In exploratory merging, cases are replayed in
arbitrary order and each step is chosen from a randomly selected case.

Since both the search-based and analogical components of PALERMO are plan based, they
both return plans rather than decision nodes. These plans are ordered by the edges included in their
respective search trees. The merge performed here results in the union of the sets of vertices in the
search tree and the selection of edges from both trees such that every vertex is reached. Each edge
included in the final solution must reflect the interactions between operators from either plan. In
NOAH [Sacerdoti 1975], the selected edges are submitted to two critics: the eliminate redundant
pre-conditions critic and the resolve conflict critic. Yet another approach is to identify operator
interactions such as action-precedence, identical-action or simultaneous-action [Yang 1992].

The plan merge algorithm follows both serial and exploratory type merging with a
intelligent casual commitment strategy [Minton, Knoblock et al. 1989] while considering operator
interactions. Casual commitment allows the problem solver to commit to a certain ordering on a
working solution and to backtrack to try another ordering whenever failure is encountered.
Independent goals are merged using a serial approach. Resource sharing goals are merged using an
exploratory approach. Finally, let us consider two dependent goals g and h, where whenever g is
achieved, h is achieved. If g is solved first, then h will already be true when submitted to the
problem solver. If h is solved first, then both the set of vertices and set of edges from its search
tree will be a subset of the set of vertices and the set of edges from the search tree for the solution to
g and can therefore be discarded.

3.3.1 Definition of the merge algorithm

The objective of plan merging is to combine two or more plans into one. More specifically, a
successful plan merge will combine the search trees of each plan into one search tree. Let us
therefore recall the definition of a search tree. A search tree O is represented as a directed acyclic
graph (V, E) where:

* the set of vertices V represents operator nodes; each operator node v € V is expressed as a
pair (o, g) where o is the complete specification of the operator that was used to satisfy
subgoal g,

* the set of edges E represents the order in which the operators must be applied.

As discussed in section 3.1.1, edges represent the order in which operators are included in

aplan. When merging two plans, the operators taken from one plan can affect the applicability of
operators in the other plan. They can also make some operators redundant or have other effects
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when the plans are merged. Hence in order to outline the merge algorithm, it is necessary to define
the following: current operators, redundant operators, applicable operators and threatening
operators. At any point during merging, there are always two current operators, one from either
plan, unless one plan has already been completely merged into the final solution.

Definition: an operator is current when the last edge of the plan from which it was taken leads to
its vertex.

Definition: an operator is redundant if:
* it is identical to the current operator from the other plan, or
* the subgoal in its vertex has already been satisfied.

Definition: an operator is applicable iff all of its pre-conditions are satisfied in the current world.

Definition: an operator threatens another iff its application results in removing some of the pre-
conditions of the other.

Since the problem solver maintains a current plan rather than a current state, the merge
procedure can be expressed by the formula P X P X P > P, i.e. the merge procedure maps three
problem solving states into a problem solving state. The three problem solving states are three
plans that must be merged into one. The two first plans are used to satisfy subgoals that are
unsatisfied in the current world (the third plan.) The plan that defines the current world is correct,
i.e. each operator o such that (o, g) € V is applicable with respect to the ordering represented by the
edges contained in E. Moreover, the plans that satisfy the subgoals are initially correct with respect
to the current world (this was achieved by either short replay or the search algorithm.) As the
merge proceeds, operator vertices are added to the current world’s search tree and can thus affect
the correctness of the remaining plans.

The first part of the merge procedure merges two non-empty plans and the current state of
the world into a new state of the world. There are three different situations that must be dealt with:
the first is when one of the two current operators is considered redundant, the second is when one
operator is applicable in the current state and the other is not, and the final situation is when both
are applicable and neither is redundant.

The intuition behind the merge algorithm is that if an operator is redundant it should be
discarded. If the current operator from one plan is applicable and the current operator form the
other is not, then add the applicable operator to the current world and proceed with the merge.
Hopefully, as we add operators to the current world, its state will be changed in such a way as to
render the current inapplicable operator applicable. Finally, if both current operators are applicable
then we must select one to apply. Applying one operator might affect the applicability of applying
another, for instance, applying move_rocket before applying load_rocket, will make the
load_rocket operator’s pre-conditions false, i.e. it is not possible to load an object into the rocket if
the object and the rocket are at different locations. If the application of one operator affects the
applicability of the second but the application of the second does not affect the applicability of the
first, then the choice is to add the second operator to the current world and proceed with the merge.
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A problem occurs when both the application of the first operator affects the applicability of the
second and the application of the second affects the applicability of the first. The problem is called
mutual pre-condition clobbering [Sussman 1973] and is well known as the Sussman anomaly. To
address the Sussman anomaly, one operator is chosen and added to the current world, and the
merge proceeds. The hope is that, after adding operators to the world, the clobbered pre-conditions
will become true again thus allowing the threatened operator to be applied.

Fexge {[operatorl|cCasell, [Operator2|Case2] , World, Newworld) : -
redundant (Operator2, Operatorl, World),
merge (Case2, [Operatorl|cCasell , World, NewWorld) .

merge ( [Operatorl|Casell, [Operator2|Case2] , World, NewiWorld) : -
redundant (Operatorl, Operator2, World) ,
merge ( [Operator2|Case2], Casel, World, NewWorld) .

merge ( [Operatorl|cCasell, [Operator2|Case2] , World, NewWorld) :-
not applicable(Operator2, world),
applicable(Operatorl, World),
append (World, [Operatorl] ,Midworld),
merge ( [Operator2|Case2] , Casel, Midworld, Newworld) .

merge ( [Operatorl|cCasell, [Operator2|Case2], World, NewWorld) : -
not applicable(Operatorl, world),

applicable (Operator2, Wworld),

append (World, [Operator2] ,Midworld),

merge (Case2, [Operatorl|Casel] , MidWorld, NewWorld) .

merge ( [Operatorl|Casel], [Operator2|Case2] , World, NewWorld) : -
applicable(Operatorl, World),
applicable(Operator2, Wworld),
not redundant (Operator2, Operatorl, World),
not redundant (Operatorl, Operator2, World),
( not threatens(Operator2, Operatorl),
append (World, [Operator2] ,Midworld),
merge (Case2, [Operatorl|cCasel] ,MidWorld, Newworld) ;
not threatens(Operatorl, Operator2),
append (World, [Operatorl] ,Midworld) ,
merge ( [Operator2|Case2], Casel, MidWorld, NewWorld) ;
threatens (Operator2, Operatorl),
append (World, [Operator2] ,Midworld),
merge (Case2, [Operatorl|cCasell , MidWorld, NewWorld) ;
threatens(Operatorl, Operator2),
append (World, (Operatorl] ,Midworld),
merge ( [Operator2| Case2], Casel, MidWorld, Newworld)

Figure 3.3.1 - Merging non-empty plans.
Figure 3.3.1 shows the implementation of the merge procedure that reflects the discussion

above. There are five clauses in the procedure. The first two deal with redundant operators by
discarding them. The next two deal with the case where one operator is applicable and the other is
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not. The applicable operator is added to the current world, thus creating a mid-world which will in
turn become the current world for the next merge step.

The last clause in Figure 3.3.1 handles the case when both operators are applicable and
neither is redundant. These conditions are checked first. Then if one operator threatens the other
but is itself not threatened, its application is postponed until the threatened operator has been added
to the current world. Finally, if both threaten each other, then one is selected and the merge
proceeds. The two last options tested in the procedure, i.e. threatens( Operator2, Operatorl ) and
threatens( Operatorl, Operator2 ), attempt to resolve the Sussman anomaly by selecting one
operator over the other. If the procedure fails with the first operator it selects, it will try with the
second operator.

3.3.2 Example of the application of the merge algorithm

Consider the cases in Figure 3.3.2. For simplicity, only the plans are shown. Case A is the plan
retrieved for the goal statement af( objl, loc2 ) and case B is the case retrieved for the goal
statement at( obj2, loc2 ). In this section, the merge procedure is given these two plans to merge.

Case A: Case B

goal: at( objl, loc2 ) goal: at( obj2, loc2 )}
load_rocket( objl, locl ) load_rocket{ obj2, locl )
move_rocket move_rocket

unload_rocket( objl, loc2 ) unload_rocket( obj2, loc2 )

Figure 3.3.2 - Two cases to merge

The merge begins as shown in Figure 3.3.3. Case A is bound with the variable Case! and
case B is bound with the variable Case2. The plan representing the current world is empty. The
current operator for case A is load_rocket( objl, locl ) and the current operator for case B is
load_rocket( obj2, locl ). The clause that is used for the first step of the merge is the last one
shown in Figure 3.3.1. This occurs since both current operators are not redundant and both are
applicable. Figure 3.3.3 shows that these redundancy and applicability tests occur. Then it is
shown that the application of load_rocket( 0bj2, locl ) in the current (empty) world would not
threaten the applicability of the operator load_rocket( objl, locl ). As a result, the operator
load_rocket( 0bj2, locl ) is added to the current world and the merge procedure is called again with
the original case A, the remainder of case B and the new current world.

Figure 3.3.4 shows the planning state after the load_tocket( obj2, locI ) has been added to

the current world. Figure 3.3.5 shows the next call to the merge procedure given the current
planning state in Figure 3.3.4.
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load_rocket(objl, locl) load_rocket(obj2, locl) empty
move_rocket move_rocket
unload_rocket (objl, loc2}j| unload_rocket (obj2, Loc2)

\ / ——
~-> merge( Casel, Case2, Worﬁ, NewWorld )

-> applicable(load_rocket(objl,locl))

<- applicable(load_rocket (ocbjl,locl))

-> applicable(load_rocket(obj2,locl))

<- applicable(load_rocket(obj2,locl))

-> not redundant (load_rocket (objl,locl))

<- not redundant(load_rocket (objl, locl))

-> not redundant (load_rocket (obj2,locl))

<- not redundant (load_rocket (obj2,locl)) .

-> not threatens(load_rocket (obj2,locl),load_rocket(objl,locl), empty)
<- not threatens(load_rocket(obj2,locl), load_rocket(objl, locl), empty)

load_rocket{(objl,locl) |lmove_rocket load_rocket (obj2, locl)

move_rocket unload_rocket(obj2, loc2
unload_rocket (objl, loc2)

—

-> merge( Casel, Case2, World, NewWorld )

Figure 3.3.3 - Merge: load_rocket( obj2, locl ) is added to the current plan

Case A: Case B Current world
load_rocket(objl, locl) move_rocket load_rocket(obj2, locl)
move_rocket unload_rocket(obj2, loc2)

unload_rocket (objl, loc2)
Figure 3.3.4 - Current planning state after adding load_rocket( 0bj2, locl ) to the plan.

The current operator for case A is load_rocket( objl, locl ) and the current operator for case
B is move_rocket. The clause that is used for the second step of the merge is again the last one
shown in Figure 3.3.1. This occurs since both current operators are not redundant and both are
applicable. Figure 3.3.5 shows that these redundancy and applicability tests occur. Then it is
shown that the application of move_rocket in the current world would threaten the applicability of
the operator load_rocket( objl, locl ). Since this test fails, the next test is to check if the
application of load_rocket( objl, locl ) would threaten move_rocket. This test succeeds and as a
result, the operator is added to the current world and the merge proceeds.

Figure 3.3.6 shows the planning state after the load_tocket( objl, locl ) has been added to

the current world. Figure 3.3.7 shows the next call to the merge procedure given the current
planning state.
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move_rocket
unload_rocket (objl,loc2)

load_rocket(objl, locl)
move_rocket
unload_rocket (objl, loc2}

move_rocket
unload_rocket(obj2, loc2

load_rocket (obj2, locl)

T~

/

-> merge( Casel, Case2, World, NewWorld )

-> applicable(load_rocket (objl,locl))
<- applicable(load_rocket(objl,locl))

-2
<=
-2
<=~
-2
<~
->
<—-
->
< -

not
not
not
not
not
W
not
not

FAIL

applicable (move_rocket)
applicable(move_rocket)

redundant (load_rocket (objl, locl))
redundant (load_rocket (objl, locl))
redundant (move_rocket)

redundant (move_rocket)

threatens (move_rocket, load_rocket (objl, locl) , World)

threatens (load_rocket (objl, locl) ,move_rocket, World)
threatens (load_rocket (objl, locl) ,move_rocket, World)

move_rocket
unload_rocket (objl, loc2)

move_rocket
unload_rocket(obj2, loc2)

load_rocket(obj2, locl)
load_rocket (objl, locl)

t::=h""--.__

Z

e —

-> merge( Casel, Case2, World, NewiWorld )

Figure 3.3.5 - Merge: load_rocket( objl, locl ) is added to the current plan

Case A:

Case B

move_rocket
unload_rocket {obj2, loc2)

Current world

load_rocket (obj2, locl)
load_rocket (objl, locl)

Figure 3.3.6 - Current planning state after adding load_rocket( objl, locl ) to the plan.

The current operator for case A is now move_rocket and the current operator for case B is
move_rocket. The clause that is used for the third step of the merge is the first one shown in
Figure 3.3.1. The redundancy test performed on the move_rocket operator from case A succeeds
and, as shown in Figure 3.3.7, the operator is discarded resulting in the planning state shown in
Figure 3.3.8.

The current operator for case A is now unload_rocket( objl, loc2 ) and the current operator
for case B is move_rocket. Since the neither operator is redundant, and the current operator from
case A is applicable and the current operator from case B is not applicable, fourth clause shown in
Figure 3.11 is used. The effect is to add the move_rocket operator to the current world (Figure
3.3.9).
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move_rocket move_rocket load_rocket (obj2, locl)
unload_rocket (0bjl, loc2)|| unload_rocket (0bj2, loc2)| load_rocket(objl, locl)

\ /—_ e ———

-> merge( Casel, Case2, World, NewWorld )

-> redundant (move_rocket)
<- redundant (move_rocket)

unload_rocket (objl, loc2 | move_rocket load_rocket (obj2, locl)
unload_rocket (obj2,loc2)]| load_rocket(objl, locl)

-> merge( Casel, Case2, World, NewWorld )

Figure 3.3.7 - Merge: move_rocket is redundant and discarded

Case A: Case B Current world
unload_rocket (objl, loc2) move_rocket load_rocket {obj2, locl)
unload_rocket (obj2, loc2) load_rocket (objl, locl)

Figure 3.3.8 - Current planning state after discarding move_rocket from case A.

Case A: Case B Current world

unload_rocket (objl, loc2) unload_rocket (obj2, loc2) load_rocket(obj2, locl)
load_rocket (objl, locl)
move_rocket

Figure 3.3.9 - Current planning state after adding move_rocket.

Finally, the rest of the merge proceeds much like it did while adding the load_rocket
operators to the current world. Both the remaining unload_rocket operators are not redundant, both
are applicable and each of them does not threaten the application of the other. Moreover, it is worth
noting that the problem solver is not committed to the order of the resulting plan. Thanks to the
backtracking mechanism of Prolog, the merge algorithm can undo this ordering in favour of
another if a failure is encountered or if an external critic, e.g. human critic or a critic module, is not
satisfied with the plan.

3.4 Plan repair

It was shown in sections 3.3.1 and 3.3.2 that plan merging could combine two plans into one
while taking into account subgoal interaction between operators from either plan. The example
showed that the “repairs” needed to successfully merge the plans were to simply discard the
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redundant operator move_rocket. However, more serious problems can occur during merge. As
discussed in 3.3.1, when the Sussman anomaly is encountered, the strategy is to select one of the
plans and add its operators to the final solution until the clobbered pre-conditions of the other plan
become satisfied once again. The merge algorithm in Figure 3.3.1 will behave in this manner. If,
in the event of a Sussman anomaly, the merge algorithm adds all of the operators from the selected
plan to the final solution and the clobbered pre-conditions are still unsatisfied, then there are two
options: abandon the merge or attempt to satisfy the clobbered pre-conditions.

3.4.1 Definition of the plan repair

PALERMO will attempt to repair the plan by satisfying the clobbered pre-conditions. The merge
procedure is expressed by the formula P X P X P 3 P, i.e. the merge procedure maps three
problem solving states into a problem solving state. Viewing the repair strategy in a similar
notation simplifies the mapping to the formula P X P 5 P that maps two problem solving states into
one problem solving state. In [Hammond 1989] , for instance, there are several repair strategies.
One strategy, dubbed divide and conquer, will split the steps listed in a plan according to criteria
provided by a domain expert.

A plan is in need of repair when a subgoal taken from a case is not satisfied. A simple
approach to repairing is to submit the unsatisfied subgoal to the problem solver. It will either have
a case that can be merged to the current world or it will rely on search. This discussion is reflected
in the remaining clauses (Figure 3.4.1) of the merge algorithm. When merging two cases into the
current plan, if one of them is empty then if the current operator is not applicable then solve its pre-
conditions and proceed with the merge.

merge( Casel, [], World, NewWorld ) :-
merge( Casel, World, NewWorld ).
merge( [], Case2, World, NewWorld ) :-
merge( Case2, World, NewWworld ).

merge( [], World, World ).

merge( { Op | Case ], World, Newworld ) :-

( applicable( Op, World ) ->
append( world, [ Op 1, Midworld ),
merge( Case, MidWorld, NewwWorld );

otherwise ->

get_subgoal( Op, SubGoal ),
solve( SubGoal, World, Midworld ),
merge( Case, MidWorld, NewWorld )

Figure 3.4.1 - Merging and plan repair.
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3.4.2 Example of plan repair

The examples that have been presented above were all based on the one-way-rocket problem.
However, to illustrate how other problems arise and are addressed, let us consider the cases in
Figure 3.4.2 drawn from the extended STRIPS domain. Case A solves the goal setting( light( 1),
on ), i.e. the problem is to have the robot turn the light light( I ) on. Similarly, case B solves the
goal setting( light( 2 ), on ). Some details have been omitted for the sake of space, namely the
subgoals which prompted the use of the operators specified in the cases.

Case A Case B
case( case(

goal:setting(light(1l),on), goal:setting(light(2),on),

foot_print: [ foot_print: [
onfloor, onfloor,
not (closed(door(a))). not (closed(door(a)})),
not (closed(door(b))), not (closed(door(b))),
not (nextto (robot,box(1)}), not (closed(door(c))),
not (nextto (robot,door(a))), not (nextto (robot,box(2))),
not (nextto (robot,dooxr (b))}, not (nextto (robot,door(a})),
pushable (box(1)), not (nextto (robot,door(b))),
inroom(robot, room(1l)), not (nextto (robot,door(c))},
inroom(box(1l),room(3)), pushable (box(2) ),
inroom(door (a),room(1)), inroom(robot,room(l)},
inroom(door (b), room(2)), inroom(box(2),room(4)),
inroom(door (b}, room(3}}, inroom(door(a),room(l)),
inroom(light(1l),room(2)), inroom(door (b}, room(2)),
connects (door(a), room(l),room(2)), inroom(door(c),room(3)),
connects (door (b}, room(2),room(3)) inroom(light (2) ,room(4)},

1, connects (door(a),room(l) ,room(2)),

search tree:( connects(door(b), room(2) ,room(3)),
goto(door(a),room(1l)), connects (door(c),room(3),room(4))
gothru(door(a), room(1l), room(2)), 1.
goto(door(b) ,room(2)), search tree:(
gothru(door (b}, room(2),room(3)), goto(door(a),room(1l)),
goto(box(1l),room(3}), gothru (door(a),room(1l),room(2)),
pushto (box(1),door(b),room(3)}, goto (door (b) ,room(2)),
pushthru (door(b),box(1l),room(3), room(2)), gothru (door (b}, room(2), room(3)),
pushto (box(1),light (1), room(2)}, goto(door(c),room(3)),
climbon(box (1)), gothru(door(c),rocom(3),room(4)),
turn(light(1l),on) goto (box(2),room(4)),

] pushto (box(2), light(2),rcom(4)),

). climbon(box(2)}),
turn(light(2),on)
]
).

Figure 3.4.2 - Two cases from the extended-STRIPS domain.
Merging the two plans would proceed much like it did in the one-way-rocket example.
Both plans are identical up to the operator gothru( door( b ), room( 2 ), room( 3 ) ) for entering

room room( 3 ). The operators up to that point are either discarded because they are redundant or
they are added to the current plan (shown in Figure 3.4.3).
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The two current operators are: goto( box( 1 ), room( 3 ) ) from case A and goto( door( ¢ ),
room( 3 ) ) from case B. Both of these operators are applicable and neither threatens the pre-
conditions of the other, therefore, one is selected and added to the current world. If the chosen
operator is goto( door( ¢ ), room( 3 ) ) then the two new current operators are: goto( box( 1 ),
room( 3 ) ) from case A and gothru( door( c ), room( 3 ), room( 4 ) ) from case B. A Sussman
anomaly has occurred since going through the door will clobber the pre-conditions of going next to
the box and going to the box will clobber the pre-conditions of going through the door. Had the
chosen operator been goto( box( I ), room( 3 ) ), then a Sussman anomaly would also have
occurred, therefore let us continue with the example as it has been described so far. The current
planning state is shown in Figure 3.4.4.

goto(door{a),room(1l}),
gothru(door(a),room(1l),room(2)),
goto (door(b),room(2)}),
gothru(door(b), room(2),room(3}),

Figure 3.4.3 - The current world after adding the operators necessary
for the robot to reach room room( 3 ).

Case A Case B
goto(box(1l),room(3)), gothru (door(c),room(3),room(4)) .,
pushto (box(1) ,door (b),rocom(3)), goto (box(2),room(4}),
pushthru (door(b) ,box(1),room(3),room(2)}), pushto (box(2), light(2),room(4)).
pushto (box(1),light(1l),room(2)), climbon (box(2)),
climbon(box(1)), turn(light({2), on)

turn(light(1),on)
Current world

goto (door(a),room(1l)),
gothru(door(a),room(l) ,room(2}},
goto (door(b) ,room(2)),
gothru(door(b),room(2),room(3}),
goto (door(c) ,room(3)),

Figure 3.4.4 - The current planning state.

When a Sussman anomaly occurs, a case is chosen and its current operator is added to the
current world. Let us assume that the chosen operator is gothru( door( c ), room( 3 ), room( 4 ) ).
After adding this operator to the current world, the pre-conditions for the operator goto( box( I ),
room( 3 ) ) are no longer satisfied. The merge procedure will therefore continue and add the
operators from case B to the current world. At each step, the merge algorithm will check the pre-
conditions of the current operator from case A. Since the pre-conditions for the operator goto( box(
1), room( 3 ) ) will never be satisfied, all of the operators from case B will be added to the current
world. As a result, there are no operators left in the case that could satisfy the clobbered pre-
conditions. This state is shown in Figure 3.4.5.
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As shown in Figure 3.4.1, when a case is empty the merge proceeds by merging one case
into the current plan. Since one of the pre-conditions of the current operator from case A is
inroom( robot, room( 3 ) ) and is not satisfied, the merge algorithm will attempt to repair this
problem by solving this subgoal in the current world (Figure 3.4.5). If a case does not exist to
satisfy this subgoal, then search is used thus producing the solution in Figure 3.4.6(a) and the
repair is remembered as a new case, Figure 3.4.6(b). Repairing a plan can result in the system
learning new cases.

Case A Case B

goto(box(1l),room(3)), empty
pushto (box (1) ,door(b) ,room(3}),
pushthru(door(b) ,box(1l),room(3),room(2)),
pushto (box(1),1light(1l),room(2)),
climbon (box (1)),
turn(light (1), on)
Current world

goto (door(a),room(l)),
gothru(door(a) ,room(1l),room(2)),
goto (door(b),room(2)),
gothru{door (b} ,room(2),room(3)),
goto (door(c),xroom(3))},
gothru(door(c) ,room(3),room(4)},
goto (box(2) ,room(4)),
pushto(box(2), light(2),room(4)),
climbon(box(2)),
turn(light(2),on)

Figure 3.4.5 - The current planning state.

Current world Case C
goto(door(a),room(1l)), climboff (box(2),room(4)),
gothru(door(a),room(l),room(2}}, goto(door(c),room(4)),
goto(door(b),room(2)), gothru(door(c),room(4),room(3))
gothru (door (b) , room(2),room(3)),
goto(door(c),room(3)), (b)

gothru (door(c),room(3),room(4)),
goto(box(2),room{4)),

pushto (box(2),1light(2),xoom(4)),
climbon(box(2)),
turn(light(2),on)

climboff (box(2),room(4)).
goto(door(c) ,room(4)),

gothru (door(c),room(4),room(3}))

(a)

Figure 3 .4.6 - Plan repair.
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Chapter 4

Empirical Results

The previous chapters have described the design and implementation of a problem solving system.
The design was based on the integration of several different problem solving approaches in order to
take advantage of each of their strengths while attempting to avoid their weaknesses. The problem
solver is able to reason from first principle by using a domain theory as well as perform analogical
reasoning based on past experience. The main features of the problem solver are:

* performs non-linear planning,

* creates total order plans,

* draws on both transformational and derivational analogy,
* uses a plan-based search state representation.

This chapter presents the empirical results obtained after running the problem solver on four
domains: the one-way-rocket domain, the extended-STRIPS domain, the logistics transportation
domain and the digital forest cover map update domain [Charlebois, Goodenough et al. 1994;
Goodenough, Charlebois et al. 1994; Matwin, Charlebois et al. 1994]. The one-way-rocket
domain was used to show how non-linearity could be achieved by a linear problem solver by
adding the eager use of analogy. The extended-STRIPS domain was used to ensure that the
problem solver could perform independently of the application domain. The logistics transportation
domain was used in [Veloso 1992] and was the main evaluation domain for PRODIGY/Analogy
and is the main evaluation domain for this problem solver. Finally, the digital forest cover map
update domain is the real world application where the problem solver will be used. There are
currently only a few results that can be presented in this domain since the application itself is the
subject of ongoing research. This chapter’s aim is to show the contribution of each component of
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the system. The rest of the chapter is organized as follows: section 4.1 discusses achieving non-
linearity and the systems behaviour compared to another non-linear planning system; section 4.2
shows how the system scales up to a more complex domain by outlining the contributions of the
system components (i.e.: use of analogy and use of generalization).

4.1 Achieving Non-Linearity

Chapter 3 introduced the use of case-based reasoning as a preferred problem solving method.
Since the problem solver remembers the solution to each goal statement conjunct as soon as it is
created, these solutions are made available to solve other conjuncts within the same goal statement.
This approach transforms the goal regression algorithm into a non-linear problem solver® . Let us
recall the one-way-rocket problem with the goal statement ai{ objl, loc2) and ax obj2, loc2 ).
Figure 4.1.1 shows the reasoning trace to solve this problem while using analogy and starting with
an empty case-base. Figure 4.1.2 shows the reasoning trace to solve this problem by using the
approach taken by simulating the NoLimit system without analogy. Figure 4.1.3 shows the
reasoning trace to solve the same problem while using analogy with a case-base containing one
generalized case.

The first trace shows the goal regression behaviour of the problem solver with the
additional attempt to solve goals via analogy before regression. For the first conjunct of the goal
statement, af( 0bjl, loc2), the system first tries analogy. Since the case-base is empty, analogy
fails and the system must perform regression. It therefore must find an operator (unload( objl,
loc2)) that adds the desired fact to the world and attempt to satisfy the operator’s pre-conditions
(objl is_a package and inside( objl, rocket ) and at( rocket, loc2 )). The first conjunct, objl is_a
package, in the pre-condition holds. The second conjunct, inside( objl, rocket ), does not. Since
the case-base is still empty, analogy fails and the system performs regression by retrieving the
load_rocket( objl, locl ) operator. Since both of its pre-conditions are true, the operator’s effects
are applied and the operator is added to the current world. This continues until a solution for the
first conjunct is found. This solution is then stored in the case-base and made available for
immediate reuse. When the system attempts to solve the second conjunct in the goal statement, it
retrieves the case, computes the substitution required to adapt the case, generalizes the case base
and finally merges the solution for the second conjunct with the solution for the first conjunct and
terminates successfully.

While attempting to solve the first conjunct of the goal statement, the second trace is
identical to the first with the exception that there is no attempt at using analogy. Once the solution
for the first conjunct is found, the system fails because, as operators are added to the current world,
their effects are applied resulting in the rocket being at location loc2 and there is no way to return it

3 As was stated in chapter 3, linear planning is a goal-directed search paradigm where: plans are totally ordered and the
solution is found by solving the goals in a linear order (i.e. if twc or more goals exist then one goal and all of its
subgoals are achieved before other goals are considered.)
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to location locl. Upon failure, the system will try to apply any applicable operatc: in order to
proceed. It this case, the only available, applicable operator is load_rocket( objl, loc2 ). The
system quickly realizes that this simply undoes the work that it has done thus far and abandons

Trying analogy for: at(objl,loc2)

Analogy failed: at(objl, loc2)

To solve at(objl,loc2) try unload_rocket(objl,loc2)
objl is_a package is true already

Trying analogy for: inside(objl,rocket)

Analogy failed: inside(objl,rocket)

To solve inside(objl,rocket) try load_rocket(objl,A)
objl is_a package is true already
at(objl,locl) is true already
at(rocket, locl) is true already
Doing action(s) - del: [at(objl,locl}]

add: (inside(objl,rocket)]

Trying analogy for: at(rocket, loc2)

Analogy failed: at(rocket,loc2)

To solve at(rocket,loc2) try unload_rocket (rocket,loc2)
Trying analogy for: rocket is_a package
Analogy failed: rocket is_a package
Could not prove rocket is_a package

Failed to solve at(rocket,loc2)

To solve at(rocket,loc2) try move_rocket
at (rocket,locl) is true already

Doing action(s) - del: [at(rocket,locl)]
add: [at(rocket, loc2)]
Doing action(s) - del: [inside(objl,rocket)]

add: ([at(objl,loc2)]
Trying analogy for: at(obj2,loc2)
Substitution: at(obj2,loc2) and at(objl,loc2) <== [objl/obj2}
Substituting: [objl/obj2]
Generalizing: at(obj2,loc2) and at(objl, loc2)
Generalization: goal:at(A, loc2)
Trying case for : at(obj2,loc2)
foot print : [at(obj2,locl),at(rocket, locl),obj2 is_a package]
Operator: load_rocket(obj2,locl) for goal: inside(obj2,rocket)
Operator: move_rocket for goal: at(rocket, loc2)
Operator: unload_rocket(obj2,loc2) for goal: at(obj2,loc2)

Current operators: (load_rocket(objl,locl)) - (load_rocket(obj2, locl))
+ Inserting load_rocket(obj2,locl) before load_rocket(objl, locl)
Current operators: (load_rocket(objl,locl)) - (move_rocket)

+ Inserting load_rocket(objl, locl) before move_rocket

Current operators: (move_rocket) - (move_rocket)

+ Removing redundant: move_rocket

Current operators: (move_rocket) - (unload_rocket(obj2,loc2))

+ Inserting move_rocket before unload_rocket (obj2, loc2)
Current operators: (unload_rocket (objl, loc2))-(unload_rocket(obj2, loc2))
+ Inserting unload_rocket (obj2,loc2) before unload_rocket(objl, loc2)
+ Appending unload_rocket(objl, loc2)
Succeeded at: 0.255335 secs.

Figure 4.1.1 - Reasoning trace of the one-way-rocket problem while using analogy.
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To solve at(objl,loc2) try unload_rocket(objl,loc2)
objl is_a package is true already
To solve inside(objl,rocket) try load_rocket(objl,A)

objl is_a package is true already
at(objl,locl) is true already
at (rocket, locl) is true already
Doing action(s) - del: [at(objl,locl)]
add: [inside(objl,rocket)]
To solve at{rocket,loc2) try unload_rocket(rocket,loc2)
Could not prove rocket is_a package
Failed to solve at(rocket,loc2)
To solve at(rocket, loc2) try move_rocket
at(rocket, locl) is true already
Doing action(s) - del: [at(rocket,locl)]
add: [at(rocket,loc2)]
Doing action(s) - del: [inside(objl,rocket)]
add: [at(objl,loc2)]
To solve at(obj2,loc2) try unload_rocket(ocbj2, loc2)
obj2 is_a package is true already
To solve inside(obj2, rocket) try load_rocket(obj2,a)
obj2 is_a package is true already
at(obj2,locl) is true already
To solve at(rocket,locl) try unload_rocket (rocket, locl)
Could not prove rocket is_a package

Failed to solve at(rocket, locl)
Could not prove at(rocket, locl)
NoLimit - trying load_rocket(obijl,loc2)
NoLimit - retracting load_rocket (objl, loc2)
- at{obj2,locl)
- obj2 is_a package

Failed to solve inside(obj2,rocket)

Could not prove inside(ob3j2, rocket)

~ obj2 is_a package

Failed to solve at(obj2,loc2)
Could not prove at(obj2,loc2)
Retracting - del: [inside(objl,rocket)]
add: [at(objl,loc2)]
Retracting - del: [at(rocket,locl)]
add: [at(rocket, loc2)]
- at(rocket, locl)
NoLimit - trying load_rocket(obj2,locl)
Doing action(s) - del: [at(obj2,locl)]
add: [inside(obj2,rocket)]}
at(rocket,locl) is true already
Doing action(s) - del: [at(rocket,locl)]
add: [at(rocket,loc2)]
Doing action(s) - del: [inside(objl,rocket)]
add: [at(objl,loc2)]

To solve at(obj2,loc2) try unload_rocket(obj2,loc2)
obj2 is_a package is true already
inside(obj2,rocket) is true already
at (rocket, loc2) is true already
Doing action(s) - del: [inside(ob3j2,rocket)]}

add: [at(obj2,loc2)]

Succeeded at: 0.285471 secs.

Figure 4.1.2 - Reasoning trace of the one-way-rocket problem without using analogy.
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the attempt (these two steps are labeled NoLimit in the trace). Since there are no other alternatives,
the system backtracks and undoes all of its work until it reaches the state where the rocket is at
location locl and the object objl is inside the rocket. At this backtrack point, the system finds the
applicable operator load_rocket( obj2, locl ) and applies it. The next step is to satisfy the pre-
condition at( rocket, loc2 ) of the operator unload_rocket( objl, loc2 ). This can proceed normally
with regression as it did before. When the first conjunct in the goal statement is satisfied the state
of the world is: ai( objl, loc2 ) and ai( rocket, loc2 ) and inside( obj2, rocket ). The system can
now easily solve the second conjunct of the goal statement by using regression.

The third trace shows that to solve the first conjunct of the goal statement, the system
retrieves a case from the case-base. Since the case has been generalized, there is no need to
compute a substitution to adapt the case. The case is then merged into the current (empty) plan to
produce the solution for the conjunct. The system then retrieves the same case to solve the second
conjunct of the goal statement and proceeds to merge it with the current plan to produce the final
solution.

Trying analogy for: at(objl, loc2)
Trying case for : at(objl,loc2)
foot print : [at(objl, locl),at(rocket, locl),objl is_a package]
Operator: load_rocket(objl,locl) for goal: inside(objl,rocket)
Operator: move_rocket for goal: at(rocket,loc2)
Operator: unload_rocket (objl,loc2) for goal: at(objl, loc2)
+ Appending load_rocket (objl, locl)
+ Appending move_rocket
+ Appending unload_rocket (objl, loc2)
Trying analogy for: at(obj2, loc2)
Trying case for : at(obj2,loc2)
foot print : [at(obj2,locl),at(rocket,locl),obj2 is_a package]
Operator: load_rocket(obj2,locl) for goal: inside(obj2,rocket)
Operator: move_rocket for goal: at(rocket, loc2)
Operator: unload_rocket(obj2,loc2) for goal: at(obj2,loc2)
Current operators: (load_rocket(objl,locl)) - (load_rocket(obj2,locl))
+ Inserting load_rocket (obj2,locl) before load_rocket (objl, locl)
Current operators: (load_rocket(objl,locl)) - (move_rocket)
+ Inserting load_rocket(objl,locl) before move_rocket
Current operators: (move_rocket) - (move_rocket)
+ Removing redundant: move_rocket
Current operators: (move_rocket) - (unload_rocket (ob3j2, loc2))
+ Inserting move_rocket before unload_rocket (obj2, loc2)
Current operators: (unload_rocket(objl,loc2)) - (unload_rocket(obj2, loc2))
+ Inserting unload_rocket (obj2,1loc2) before unload_rocket(objl, loc2)
+ Appending unload_rocket(objl, loc2)
Succeeded at: 0.115437 secs.

Figure 4.1.3 - Reasoning trace of the one-way-rocket problem
with analogy and a non-empty, generalized case-base.

The CPU time required to solve the problem with analogy is just over 0.25 seconds when

starting with an empty case-base. The CPU time required to solve the same problem by simulating
the NoLimit system without using analogy is just below 0.29 seconds. Finally, the CPU time
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required to solve the same problem with a non-empty case-base containing one generalized case is
just over 0.11 seconds.

Table 4.1.1 highlights the performance differences between the NoLimit simulation without
analogy and the approach presented here with analogy beginning with an empty case-base and with
analogy beginning with a non-empty case-base. Each of the three types of tests listed were applied
to two, three and four conjunct goal statements. Since the Prolog engine selects terms from its
knowledge base in an ordered fashion, it was simple to determine the problems that would
influence the performance of the NoLimit system. By re-ordering the conjuncts in the goal
statement, it was possible to create the best and worst case scenarios that produced the results
shown in the table. For NoLimit, the first line shows the best case and the second line shows the
worst case. For PALERMO, the system performed equally well regardless of the order of the goal
statement conjuncts. There are two numbers entered in the table for each experiment: the number of
search nodes and the CPU time required to solve the problem (<search nodes> | <CPU time>).

2 subgoals 3 subgoals 4 subgoals
NoLimit (no analogy) 9/0.3 1570.69 22/1.19
57173.37 58/3.53 59/3.48
Analogy (empty case-base) 570.255 6 /0.345 7/0.511
Analogy (non-empty case-base) 2/0.115 3/0.228 4/0.378
Table 4.1.1

NoLimit, like goal regression, is a goal-directed search based problem solving approach.
However, rather than exclusively expanding a pending subgoal at each search node, NoLimit either
selects a subgoal to expand or applies an operator applicable at the current search node. The
implementation used for the results presented here has two modifications: the first is a preference
for expanding subgoals before applying applicable operators, the second is that an applicable
operator is only applied when another operator’s pre-conditions (a subset of the pending goals)
have failed to be satisfied. These two modifications have made for a more efficient implementation.
In [Veloso 1992], the time required by NoLimit to solve a four subgoal problem in the one-way-
rocket domain without using analogy is 117.5 seconds. In the worst case, the NoLimit simulation
solved the four subgoal problem in 3.48 seconds while exploring 59 search nodes. Without the
second enhancement listed above, the NoLimit simulation took approximately 50 to 60 seconds in
the worst case for a four subgoal problem.

These results show that a search-based linear planner such as goal regression can be
modified to use case-based reasoning to produce solutions that it would otherwise overlook. The
search engine is still linear in nature in that it attempts to solve all the pre-conditions of any operator
chosen to expand a search node, however, if it uses a case to solve a subgoal, the case is merged
into the current state of the world. In the one-way-rocket domain, goal-regression with analogy
significantly outperforms the NoLimit simulation both in time and in the number of search nodes.
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4.2 Scaling up - The logistics transportation domain

In this section, the costs and the benefits of using an analogical reasoning system as a complement
to search-based planning is examined to determine whether the system has gained by their
integration. In order to evaluate the problem solver’s behaviour, a problem generator for the
logistics transportation domain has been implemented. The domain is composed of locations,
airports and post-offices, spread out across different cities. Planes are used to travel between cities
and trucks are used to travel between locations in the same city. Although there are a few other
types of goals possible in this domain (e.g.: that airplane plane05! be located at location
airport076), the only type of goals that were generated were to deliver packages from one location
to another. In fact, moving a truck or a plane from one location to another requires only one
operator and therefore these plans would not satisfy the definition of a case. When there is more
than one conjunct in the goal statement, the system will learn repair cases that will include
satisfying goals such as loading a package into a plane or a truck.

The empirical results presented in this section show the scaling up properties of the problem
solver as well as its ability to solve problems in a complex domain while using a relatively small
case-base which is initially empty.

4.2.1 Generating problems

The problem generator must create a goal statement and an initial world from which the problem
solver must reason to satisfy the goal. The generator generates a random number of cities (four to
10), a random number of post-offices per city (two to four), a random number of trucks per city
(one to four), one airport per city, a random number of airplanes (two to 10) and a random number
of packages (10 to 15). The packages are distributed randomly across all possible locations
(airports and post-offices), the airplanes are distributed randomly between the airports and the
trucks are distributed randomly between the locations within their respective cities. Finally, a goal
is generated that specifies a destination for one or more of the packages. For all of the experiments
we started with an empty case-base.

4.2.2 Rate of accumulation of one conjunct goal
statement problems

The object of the first experiment was to determine if the problem solver would learn the
expected number of cases for goal statements having only one conjunct. Given the implementation
of the problem solver and domain operators, there is a total of 32 different possible cases (the cases
for single conjunct goal statements have been enumerated and cover all possible problems in this
domain; moreover, it is possible to reduce this number by relaxing certain constraints in the
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generalization procedure). For this experiment, we generated 1000 problems, restricting them to
one truck per city, one plane and one package, and submitted them to the problem solver. Selecting
one truck per city and one plane ensures that all possible situations are more likely to occur. When
we generate 1000 problems, there is still between 0.040 and 0.096 probability that certain
situations may not occur given these parameters.

at(obj (obj1206) ,airport(ap4676))

at (obj (obj1475) ,airport (ap3968}))

at(obj (obj1587) ,airport (ap2084))

at (obj (obj1981) ,post_office(po8970))

at (obj (obj2440) ,post_office(po579))
at(obj (obj4437) ,airport(ap8837))

at (obj (obj460) ,post_office(po8970))
at(obj(obj5719) ,post_office(po4887))

at (obj(obj8179) ,post_office(po7822))

at (obj (obj8499) ,airport(ap9254))

at (obj (obj8920) ,post_office(po8970))

at (obj (obj8981),airport(ap2084))

at (obj (0bj9203) ,post_office(po3189))
at(obj (obj9589) ,post_office(po7822))

at (obj (obj9967) ,airport(ap2084))

at (plane(pl244) ,airport(ap9254))
at(plane(p2377),airport(ap9254))

at (plane(p4893) ,airport(ap9254))

at (truck(truckl279),airport{ap9254))

at (truck(truck2067),airport(ap4676))

at (truck(truck2068),post_office(po7822))
at (truck{truck2729),airport(ap4676)}

at (truck(truck3328),airport(ap3968))

at (truck(truck3iigs),post_office(pol370))
at (truck(truck4306) ,post_office(po334))
at (truck(truck472),airport(ap3968))

at ({truck(truck5228),airport(ap9254))

at (truck(truck5823),post_office(poli70))
at (truck(truck6238),post_office(po7822})
at (truck(truck6454) ,post_office(po334))
at (truck(truck6745) ,post_office(po7822))
at (truck(truck?7566) ,airport(ap3968))

at (truck(truck7886) ,airport(ap4676))

at (truck(truck8101l),post_office(po334})
at (truck(truck8348),post_office(po7822))
at(truck(truck8674) ,post_office(po4887))
at (truck(truck8856) ,airport(ap8837))

at (truck(truck959) ,airport(ap3968))
city(airport(ap2084),city(city7411))
city(airport(ap3968),city(city688))
city(airport(ap4676),city(city7246))
city(airport(ap8837),city(city5362))
city(airport(ap9254),city(city4064))
city(obj(obj1206),city(city7246))
city(obj(obj1475),city(city688))
city(obj(obj1587),city(city7411))
city(obj(obj1981),city({city4064))
city(obj(obj2440),city(city5362))
city(obj(obj4437),city(city5362))
city(obj(obj460),city(city4064))
city(obj (0bj5719),city(city7246))
city(obj(obj8179),city(city7411})
city(obi(objB8499),city(cityd064))
city(obj(obj8920),city(cityd064))
city(obj(obj8981),city(city7411))
city(obj(obj9203),city(city688))
city(obj(obj9589),city(city7411))
city(obj(obj9967),.city(city7411))
city{post_office(pol370),city(city4064))

city(post_office(pol645),city(city7411))
city(post_office(pol846),city(city4064))
city(post_office(po2914),city(city688))
city(post_office(po3189),city(city688))
city(post_office(po334),city(city5362))
city(post_office(po4831l),city(city7411))
city(post_office(pod887) ,city(city7246))
city(post_office(po5007),city(city688))
city(post_office(po579),city(city5362))
city(post_office(po6183),city(city7246))
city(post_office(po6806),city(city5362))
city(post_office(po7822),city(city7411))
city(post_office(po8l107),city(city7246))
city(post_office(po8970),city(city4064))
city(truck(truckl279),city(city4064))
city(truck(truck2067),city(city7246))
city(truck(truck2068),city(city7411))
city(truck(truck2729),city(city7246))
city(truck(truck3328),city(city688))
city(truck(truck339S),city(city4064))
city(truck(truck4306),city(city5362))
city(truck(truck472),city(city688))
city(truck(truck5228) ,city(city4064))
city(truck(truck5823),city(city4064))
city(truck(truck6238),city(city7411))
city(truck(truck6454) ,city(city5362))
city(truck(truck6745),city(city7411))
city(truck(truck7566),city(city688))
city(truck(truck7886),city(city7246))
city(truck(truck8101l),city{city5362))
city(truck(truckB8348),city(city7411))
city(truck(truck8674),city(city7246))
city(truck(truck8856),city(city5362))
city(truck(truckd59),city(city688))
airport (ap2084)is_a airport
airport(ap2084)is_a location

airport (ap3968)is_a airport
airport(ap3968)is_a location
airport(ap4676)is_a airport
airport(ap4676)is_a location

airport (ap8837)is_a airport
airport(ap8837)is_a location
airport(ap9254)is_a airport
airport(ap9254)is_a location
post_office(pol370)is_a location
post_office(pol645)is_a location
post_office(pol846)is_a location
post_office(po2914)is_a location
post_office(po3l89)is_a location
post_office(po334)is_a location
post_office(po4831i)is_a location
post_office(po4887)is_a location
post_office(po5007)is_a location
post_office(po579)is_a location
post_office(po6l83)is_a location
post_office(po6806)is_a location
post_office(po7822)is_a location
post_office(po8107)is_a location
post_office(po8970)is_a location

Figure 4.2.1 - Automatically generated initial world (118 literals).
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Figure 4.2.2 - Accumulation of cases for one
conjunct goal statement problems

The results are shown in Figure 4.2.2. Since problem solver starts with an empty case-
base, it is expected that the number of cases will rise rapidly. This is very evident in the figure
where the learning curve is very steep for the first 100 to 150 problems. In fact, this behaviour has
been very consistent during other similar experiments. After approximately 200 problems, the
curve levels out to between 30 and 33 cases. In general, the small fluctuations in the curve are due
to a delay in generalization, which is at times effective only after more problems are submitted to
the system.

4.2.3 Analogy versus no Analogy

The object of the second experiment was to compare the performance of system, using all of its
analogical and generalization features, to a goal-regression-based planner while using the identical
problem generation parameters as for the first experiment. Since the problem solver’s search
mechanism is goal-regression, we simply disabled the analogical component and generated a
second set of problems. In the graph in Figure 4.2.3, the problems were grouped into ten 100-
problem sets. On the X axis, the numbers represent each set as they were submitted to the system.
The solid line Y axis represents the average time in seconds that the system required to solve each
problem while learning and re-using cases (with analogy), and subsequently generalizing them.
The dashed line represents the average time required to solve each problem while using goal-
regression only (without analogy).
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Figure 4.2.3 - Average solve time per problem for 1000 problems

When using analogy, the system begins by spending much of its time creating, retrieving,
adapting and generalizing cases. This accounts for the extra amount of time it requires over goal-
regression when its case base is empty. If we refer to Figure 4.2.2, once the system has reached
the top of the learning curve, it begins to improve its performance and eventually outperforms goal-
regression (Figure 4.2.3) when solving problems with single conjunct goal statements. This result
indicates that the system does not suffer from the utility problem. Had we begun with good
representational cases, the average solve time with analogy could have outperformed regression
from the outset.
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Figure 4.2.4 - Average number of search nodes per problem
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The graph in Figure 4.2.4 shows the average number of search nodes the system explored
for each problem solved. This graph is arranged in the same way as the graph in Figure 4.2.3, i.e.
the problems are grouped in sets of 100 and the average for each set. As stated above, when using
analogy, the system begins by spending much of its time creating cases. This justifies the use of
extra search nodes when the case-base is empty. Once it has learned a sufficient number of cases,
the number of search nodes required should level out at one because all possible problems in the
domain should be handled by a case. When the system does not use analogy, it requires an average
of 7.5 search nodes per problem.

4.2.4 Generalization versus no Generalization

The purpose of the next experiment was to compare the performance of the analogical component
of the system with and without generalization while using the identical problem generation
parameters as for the previous experiments (i.e.: one conjunct goal statements, one truck per city,
etc.). Figure 4.2.5 shows the growth of the case base. The dotted line shows the system’s
accumulation of cases while using generalization (taken from Figure 4.2.2). The solid line shows
the effect of turning generalization off. Since the system does not use generalization, it has no
opportunity of refining the case base and therefore accumulates more cases whenever it fails to
adapt the existing ones. Although failure occurs less frequently as the number of problems solved
increases, the case base continues to grow and would eventually cause the utility problem.

===~ With generalization

Without generalization |
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Figure 4.2.5 - Accumulation of cases while using generalization versus
accumulation of cases without using generalization

As well as having a significant impact on the size of the case base, the generalization

procedure also affects the effort that the system must expend in attempting to adapt cases to new
problems. If generalization does not occur, all cases in the case base contain ground subterms that
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must be replaced with other terms relevant to the new problem. The effort required to adapt and
generalize a case is a function of the number of recursive calls that must be made to the
generalization procedure whenever subterms of the case and the new problem do not agree. Figure
4.2.6 shows the average effort required by the system to adapt cases. The system performs much
of the adaptation and generalization within the first 100 problems. Clearly, the effort required to
adapt cases is considerably less when generalization is used. In fact, after having solved 300
problems, the adaptation effort is negligible, whereas if generalization is not used, the effort is

consistently expensive.
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Figure 4.2.6 - Adaptation effort
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Figure 4.2.7 - Average solve time per problem.
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As a result, when using generalization, the problem solver can reduce the time it requires to
solve problems by more than 75 percent as is shown in Figure 4.2.7.

4.2.5 Learning from multiple conjunct goal statements

The experiments above were done mainly to determine whether the problem solver would behave in
a predictable manner. The objective of restricting the number of conjuncts in the goal statement and
the number and nature of literals describing the initial was to allow the calculation of probabilities to
maximize the possibility of all problems to occur. The next set of experiments were conducted to
measure the performance of the system when faced with multiple conjunct goal statements (i.e.:
more complex problems) and a wider pool of resources to draw upon (i.e.: more available trucks
and airplanes).

Ten problem sets of 1000 problems were generated for this experiment. Each set was
further divided into ten subsets of 100 problems. The first subset was composed of 100 one
conjunct goal statements. The second subset was composed of 100 two conjunct goal statements.
The third was composed of three conjunct goal statement and so on to the tenth subset composed of
100 problems with ten conjunct goal statements. The total number of conjuncts solved is 5500 for
each problem set. The results produced from one problem set are presented in this section. The
results produced from the other nine problem sets can be found in appendix C. Other than Figure
4.2.8, the X axis on all graphs are divided into 100 problem subsets. Label 1 is for the 100 one
conjunct goal statement, label 2 is for the 100 two conjunct goal statements, etc.

Accumulation of cases

Figure 4.2.8 - Accumulation of cases for multiple
conjunct goal statement problems.



The first graph, Figure 4.2.8, shows a similar learning curve to those in Figures 4.2.2 and
4.2.5. Most of the learning occurs early. After approximately 150 problems, the number of cases
in the case base has reached 30 and thereafter increases only slightly. It is expected that the system
should learn the same set of cases as in previous experiments. It should also leam some repair
cases which accounts for the curve leveling at 35 cases.
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Figure 4.2.9 - Use of cases to solve goal statement conjuncts.
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Figure 4.2.10 - Adaptation effort.
The next graph, Figure 4.2.9, shows the average number of cases used to solve each

conjunct. It also shows the proportion of generalized cases used versus non-generalized cases.
For instance, the first subset shows that for the 100 problems solved, 73% were solved using a
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case (therefore 27 were solved from scratch). Of the 73%, 70% were solved using a generalized
case (the lighter shade of gray) and 30% were solved using a non-generalized case (the darker
shade of gray). This indicates that most of the generalization occurs very early during problem
solving. Once the system starts solving the second and third subsets, very little generalization
occurs. As the experiment continues, the average number of cases used to solve each conjunct
rises above one. This is the result of using cases to carry out repairs during merging of solutions.

The adaptation effort described in section 4.2.3 describes the impact of generalization on the
system’s performances in terms of number calls to the adaptation procedure. The results for
multiple conjunct goal statements are no less dramatic than they are for single conjunct goal
statements as is shown in Figure 4.2.10. The system expends much effort early during problem
solving to generalize solutions. As it gains experience, its case-base is generalized and it eventually
requires virtually no adaptation effort.
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Figure 4.2.11 - Adaptation effort.

As a further measure of the adaptation effort, the graph in Figure 4.2.11 shows the average
number of changes applied to case footprints and solutions when adapting them to new problems.
After generalization, the number of changes required is very low since the generalized case contains
variables that can be bound to world facts rather than ground literals that must be substituted for
world facts.

Figure 4.2.12 shows the average time required to solve each conjunct in the goal
statements. For the first 100 problem subset, the time required is greater than other subsets
because this is when generalization occurs. As the subsets grow in the number of conjuncts in the
goal statements, additional time is required to merge the solutions and carry out repairs.
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Figure 4.2.13 clearly shows that, with an increasing number of conjuncts in goal
statements, the system must spend considerable effort in merging and repairing cases.
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Figure 4.2.12 - Average time to solve one conjunct.
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Figure 4.2.13 - Average merge time per problem.

The final graph for this problem set, Figure 4.2.14, shows the CPU time spent by the
system retrieving cases from the case-base. Since the generalization procedure and retrieval
procedure are so tightly coupled, the adaptation effort measured in time is included in the retrieval
time. The system clearly requires more time for retrieval when the case-base has not yet been
generalized. Once generalization has occurred, retrieval time for each conjunct is relatively

constant.

84



Average retrieval time per subgoal

Time (secs)

4 5 (] 7 8 9 10
Problem sets (100 problems/set) X

Figure 4.2.14 - Average retrieval time per goal statement conjunct.
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Chapter 5
SEIDAM: The Application

One of the main challenges that Al in general and problem solving in particular face is scaling up to
real world problems. The empirical results presented in chapter 4 dealt with toy worlds (the one-
way-rocket domain and the extended-STRIPS domain) and a domain (the logistics transportation
domain) that showed the scalability of the system to more complex (near) real world domains. The
issues addressed in that chapter related mainly to performance of the reasoning system when
presented with thousands of problems with multiple conjunct goal statements. Although the system
behaved well, it did not face the complexities of sophisticated domains.

One such domain is the processing and management of extremely large data sets built from
geographical information systems (GIS) data, remote sensing data and databases. As was
discussed in chapter 2, a GIS file is a spatial database in which maps can be stored. A map covers
a geographical surface and contains information about that surface. For instance, a map that
represents elevation has line work that delimits areas on the map where each area has a different
elevation. In the GIS, each area is called a polygon. Each polygon on a map has a database pointer
to a database record containing information that should be consistent across the polygon (e.g. main
tree species in the polygon is Douglas Fir). Processing of GIS information is typically based on
the polygon areas. On the other hand, remote sensing data is pixel based, i.e. the image is not
connected to a database and each pixel in the image grid represents a feature value at that particular
geographic point. For instance, on an image grid representing elevation, the value of each pixel is
the elevation at the pixel’s geographic coordinates. A remote sensing image is divided into several
spectral bands and the value for each pixel is a combination of these spectral bands representing the
spectral signature of the corresponding geographic coordinate. For instance, a LANDSAT ™
(Thematic Mapper) image is divided into seven spectral bands ranging from infra-red to violet and
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each pixel covers a 25 metre by 25 metre surface. By combining spectral bands three, four and five
it is possible to easily highlight different types of forest (old growth forest, new growth forest and
areas of denudation). Hyper-spectral sensors are divided into many more spectral bands. For
example, AVIRIS (Airborne Visible to Infra-Red Imaging Spectrometre) is divided into 224
spectral bands covering the same spectrum as TM.

When used together, all of these data sets can be used for many specialized applications.
For instance, land use decision makers must consider many environmental issues when performing
their duties. In order to accomplish their tasks, it is crucial that accurate up to date information be at
their disposal. Forest cover change is one type of information that is essential. Forest cover
inventories are stored in digital form in GISs. Remote sensing data (satellite imagery, air photos,
radar imagery, etc.) can be processed and compared to GIS forest cover data in order to detect
changes. The processing that must be applied to integrate the GIS and remote sensing data includes
many complex steps. Given the appropriate description of these steps, a problem solving system
can formulate plans to create data products that would satisfy land use decision makers’ needs.

This chapter introduces SEIDAM (System of Experts for Intelligent Data Management)
[Charlebois, Goodenough et al. 1994; Goodenough, Bhogal et al. 1994; Matwin, Charlebois et al.
1994] for forest and environmental monitoring, a system currently being developed at the Pacific
Forestry Centre in Victoria British Columbia. The discussion will show how problem solving
techniques as introduced herein can be used to formulate plans for SEIDAM. These plans address
problems such as data integration for forest inventory update and calibration of remote sensing
data. The use of software agents and how they interact with the problem solver is also described in
this chapter Software agents, (also known as apprentices [Mitchell, Mahadevan et al. 1985;
Mitchell, Caruana et al. 1994] and softhots [Kautz, Selman et al. 1994]) are systems that
unobtrusively observe the manner in which they are used, adapt to the tasks for which they are
used, as well as learn from the circumstances of their use.

5.1 The problem domain

In recent years, vast data repositories useful for understanding the current state of the biosphere and
the trends in vegetation over large areas became available. Use and analysis of such data can lead
to better, sustainable utilization of resources. Timely understanding of changes in the information
on the forest cover in the areas where utilization of forests is an economic reality can also promote
the efforts leading to maintenance of bio-diversity and sustainable development. The problem with
the access to, use, and analysis of these data is their diversity and complexity. This diversity is
reflected in a variety of formats, media, and granularity of data. The problem is compounded by
the complexity and heterogeneity of the computing environments in which the data reside, as well
as the multitude of software tools which are needed to extract the required information from data.
In forestry, a typical information system integrates forest cover descriptions, topographic maps,
remote sensing, and application knowledge. Data grows incrementally, as update data is acquired
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automatically from space-borne and air-borne remote sensing devices. The volume of the incoming
data is huge; it is anticipated that the rate of data acquisition will reach one terabyte per day by the
year 2000. Data management systems for resources will need to make intelligent selections of the
incoming data in order to respond to users’ goals, reduce complexity, and be more adaptable.

Typically, in order to analyze these data, they require sophisticated processing to correct for
distortions created by the atmosphere, by surface topography, or by platform movement.
Calibration must be carried out to adjust for sensor behaviour and signal degradation. And, they
must undergo several transformations between different formats to allow the remote sensing data to
be integrated with the GIS data. These processing and transformation problems lend themselves
well to planning and case-based reasoning since the steps involved are fixed and must follow
certain sequences.

5.2 Problem solving in SEIDAM

The main objective of the system is to provide data and knowledge representation to allow
sophisticated processing of the data in order to facilitate land use decisions. There are two types of
data that can be processed: remote sensing image data and GIS data. Given the large volumes of
these data, SEIDAM must rely on remote sensing image and GIS metadata databases. These
metadata databases contain information regarding the state of the image and GIS data. For
instance, a record of the processing applied to remote sensing images is stored in the metadata
database. These data will indicate such information as the type of processing undergone by the
imagery. This information is critical since an image that has not been submitted to topographic
relief correction cannot be used for forest cover change detection.

SEIDAM components are shown in Figure 5.2.1. In this diagram, the metadata databases,
and the raw and processed image and GIS data repositories are shown on the outside of the gray
box. Inside the box, there are seven individual components: the SEIDAM expert system, the
reasoning system, the smart access software agents, the image processing software agents, the GIS
software agents, the SEIDAM knowledge base and the case base.

The SEIDAM expert system is responsible for the overall control of the components. It
oversees the activation of the reasoning system as well as all of the software agents.

The reasoning system draws on two sources to create plans: a case base of previously
solved problems and the SEIDAM knowledge base. The case base begins empty, and grows as the
system solves new problems. The SEIDAM knowledge base contains the planning operators and a
copy of the metadata data relevant to the current user goal statement (the initial world).

The image processing agents and the GIS agents will place planning operators in the

SEIDAM knowledge-base. These planning operators are subsequently used by the PALERMO to
solve problems submitted to it by the SEIDAM expert system. The planning operators placed in the
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knowledge-base by the image processing and GIS agents describe the inputs that each agent
requires (pre-conditions) and the output they produce (effects: add and delete lists).

The image processing agents and GIS agents perform tasks such as creating a digital
elevation model (DEM) from point elevation data. Point elevation data is a grid that has irregularly
distributed elevation information, i.e. not every cell in the grid contains data. The GIS agents can
take point elevation data and process it to produce a DEM. A DEM can also be stored in a grid.
The difference with point elevation is that a DEM grid is full, i.e. every cell in the grid must have
data. When translated from the GIS domain to the image domain, a DEM can be used to carry out
topographic relief correction to a remotely sensed image.
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Figure 5.2.1 - SEIDAM architecture.

The Smart Access software agents utilize the user’s goal statement to create SQL queries
into the image and GIS metadata databases. The objective of these queries is to extract all of the
information contained in the databases that is relevant to the user’s goal. This information is placed
in the SEIDAM knowledge base and is used by the reasoning system as its initial world.
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Table 5.2.1 describes how the SEIDAM environment maps into the requirements of a
planning system. Let us recall the definition of planning:

Given:

* an initial world described by a set of facts (object-attribute-value triplets),

* a set of planning operators that have a pre-condition list, a delete list and an add
list that describe: what facts must hold for the operator to be applicable, what facts
will be deleted and what facts will be added,

* a goal statement containing the facts that must hold to satisfy the user’s goal.

Find a partially ordered set of operators that, if successfully applied, will ensure that the

goal statement is satisfied.
Planning SEIDAM Example
goal statement | product description updated forest cover map
planning SEIDAM trim2dem: extracts a digital elevation model
operators agents from a terrain resource information map
trim2dem
:.f frame_get (current_map_sheet,name, A)
and frame_get(working_directory,path,B)
then delete [map_sheet(A,dem_£file,C)]
add [
trim_to_dem,
map_sheet (A,dem_file,dem)
]
initial world image and GIS digital elevation model filename
metadata /dwarfs/robot/data/gis/092f013/dem

Table 5.2.1 - Problem solving in SEIDAM

In the context of SEIDAM, the initial world is described by the information contained in the
metadata  databases (e.g: a digital elevaion model  exists in the file
/dwarfs/robot/data/gis/092f013/dem). Each operator in the set of planning operators describes how
a software agent behaves (e.g.: the trim2dem software agent requires a terrain resource information
map, TRIM, and produces a digital elevation model). The user’s goal statement describes a
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product that would allow her to make a land use decision (e.g.: requires an updated forest cover
map to determine whether or not to allow logging in a certain area; to create this product the goal
would be that a forest cover file exists).

In a typical scenario for SEIDAM, a user selects a product used to make land use decisions
(e-g. emit a logging license for a given site) via a graphical user interface. A product can be a
digital forest cover map updated with TM imagery in order to determine change in the total clear-cut
area. The creation of this product becomes the goal that SEIDAM will submit to the reasoning
system. SEIDAM’s main expert system will then activate the smart access software agent that
retrieves the relevant metadata from the remote sensing image and GIS metadata databases and
stores the information in SEIDAM’s knowledge-base. SEIDAM then submits the goal statement
describing the product to the reasoning system. The reasoning system then creates a plan to satisfy
the user’s goal. If the reasoning system is successful, the plan is executed. The execution of the
plan entails activating each agent in the order prescribed by the ordering constraints included in the
plan. As the agents execute, they access, process and create new image and GIS data. After the
successful activation of all of the agents, a product satisfying the user’s goal has been created, and
there is new information contained in the knowledge-base that must be stored in the metadata
databases. SEIDAM will therefore activate the smart access agent to update the metadata databases.

5.3 SEIDAM: an example

One of the more complex problems SEIDAM must solve is the update of a digital forest cover map
by using remote sensing images to detect forest depletion due to logging or other phenomena. This
task can be carried out by overlaying a GIS digital forest cover map on a segmented LANDSAT-
T™ image and allowing a user to help identify new areas of denudation, thus creating updated
polygons that can be added to the GIS. A geocoded TM image must be corrected for topographic
relief before it can be used for this purpose. Digital elevation models (DEMs) are used as the basis
to correct the image for topographic relief. The example below describes how a TM image is
prepared by using a DEM created from 1:20000 TRIM irregularly spaced elevation data. TRIM
(Terrain Resource Information Map) data is the standard used by the province of British Columbia
Ministry of Environment, Lands and Parks.

The process is initiated by the user selecting from a list of functions the forest inventory
update function in the SEIDAM forestry products window. Subsequently, the user specifies the
spatial selection in the Spatial Specifications window. The administrative mapping structure for
two provincial ministries guides the user to selecting digital GIS files either symbolically or by map
sheet number. Once the map set selection is complete, SEIDAM activates the Smart Access
software agents. Their task is to start the relational DBMS where the image and GIS metadata
reside and submit SQL queries that will identify all of the GIS data available, as well as all of the
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TM imagery covering the selected maps*. The metadata returned by the SQL queries will include
the processing the data have undergone. The Smart Access agents then place this information in the
SEIDAM knowledge base and shut down the DBMS.

SEIDAM then activates the case-based reasoning system to which it submits the user goal
“update the forest GIS file using TM imagery over the selected map set”. The reasoning system
polls each of the remote sensing and GIS agents for their planning operator descriptions. It then
attempts to find a case that solved a forest GIS file update problem. If a case is found, it is checked
to ensure that it can be applied to the current problem by matching the current problem’s goal and
initial world (e.g.: GIS map number) with the case’s goal and footprint. Although the retrieved
case may match the current problem’s goal and initial world, it can still require adaptation to
account for differences between the case and the current problem. If a matching case cannot be
found or if adaptation is not successful, the reasoning system uses goal regression to find a
solution. The solution will consist of an ordered list of processing tasks that must be executed to
update the forest cover. Each processing task corresponds to one remote sensing or GIS software
agent. The reasoning system assesses the processing states of the remote sensing and GIS data and
only includes in the solution agents for which processing is required.

The reasoning system then activates each of the processing agents listed in the solution. As
each agent executes, it modifies the contents of SEIDAM’s knowledge base by adding and deleting
information and performing the necessary processing. Upon successful execution, the information
added and deleted from the knowledge base should agree with the add and delete lists described by
the planning operator provided by each agent. This allows the reasoning system to ensure that the
processing carried out by each agent is successful before activating the next one. The solution for
the forest update problem is:

copy_files_to_working dir,
trim_to_dlg,
import_hydrology,
erdascp_lakes,

sieve_lakes,
lakes_to_bitmap,
trim_to_dem,

create_tin,

erdascp_dem,

copy_bitmap,
set_georeference_tm_large,
create_tm_small,
dem_to_pix_image_match,
set_georeference_tm_small,
tercom,
export_clear_cuts_to_pci,
image_segmentation,
export_clear_cuts_to_arc,

* In the current SEIDAM prototype, the update of a forest cover map is a process that uses TM imagery by default.
Work is currently being carried out to determine how to automate the use of other types of remote sensing data.
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® copy_files_to_working_dir: this agent will copy the TM image and GIS files from the robotic
mass storage device to a working directory on disk (the map in Figure 5.3.1 A and the image
in Figure 5.3.1. B are copied to a working directory).

* trim to_dlg: this agent translates TRIM GIS data into the digital line graph standard readable
by Arc/Info.

* import_hydrology: this agent creates an Arc/Info hydrology coverage.

* erdascp_lakes: this agent translates the hydrology coverage into a PCI image file.

* sieve_lakes: since the hydrology data contains many small lakes, a smoothing filter is used to
remove any lake smaller than nine pixels or 5500 m>.

* lakes_to_bitmap: convert the smoothed hydrology image into a bit map.

* trim _to_dem: Creates a point elevation file readable by Arc/Info from TRIM data.

* create_tin: Create a DEM from a triangulated irregular network constructed with the point
elevation file and place the result in an Erdas file format for input to PCL

* erdascp_dem: create a PCI image file from the Erdas DEM file.

* copy._bitmap: copy the hydrology bit map into the DEM image file.

* set_georeference_tm_large: get geo-reference information from the TM image file and DEM
image file and place it in SEIDAM’s knowledge base,

* create_tm_small: create a small TM file that fits over the current map and copy a subset image
from the original TM image file.

® dem_to_pix_image_macch: cOpy DEM into small TM file.

* set_georeference_tm_small: add geo-reference information to small TM file.

* tercom: apply topographic relief to small TM file.

* export_clear_cuts_to_pci: export old clear cut vectors from Arc/Info to PCL

* image_segmentation: Create a gradient image (Figure 5.3.1 E) and apply segmentation to the
image thus producing the image in 5.3.1 F (segmentation is an image classification algorithm
that allows the user to point out delineated homogeneous areas of an image and label them with
one of several classes: old growth forest, new growth forest, denudation, water, etc.)

® export_clear_cuts_to_arc: €Xport the new clear cut vectors from PCI to Arc/Info (use mask
produced from forest cover, Figure 5.3.1 C, and segmented image to identify new cutblocks,
Figure 5.3.1 G).

As SEIDAM activates each of the agents in the plan above, the images below, Figure 5.3.1,
either serve as input to some of the processes or are output from some of the processes. Image A is
the original forest cover map around the Greater Victoria Watershed District (GVWD) on
Vancouver Island in southwestern British Columbia. The royal blue in the middle of the image is
Sooke lake, the black area bounding the image is outside the administrative zone managed by the
GVWD and the other polygons are forested areas differing in main species. Image B is a
LANDSAT TM image with channels three (red), four (green) and five (blue) combined. The
darker areas of green are old growth forests, the lighter shades of green are areas of reforestation
and the pink areas result from bare areas (natural rock surfaces, clear-cuts, forest fire, etc.) Image
C is a mask derived from the forest cover in image A, that is then used to select the area of interest
on the TM image. Image D, although not produced by the plan described above, shows the area on
the TM image that is of interest for the current problem. Image E is the gradient image created
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Image A - Forest cover map with GVWD administrative boundaries




Image C - Mask used to identify areas of interest on the classified image.

Image D - Mask overlaid on TM image.



Image E - Gradient image created from image B.

Image F - Segmented image created from gradient image and user assistance (pink: clear-cuts;
light green: new growth; dark green: old growth: blue: water; other: unclassified).



Image G - Forest cover mask overlaid on classified image.

Figure 5.3.1 Integration of LANDSAT TM imagery and GIS forest cover
resulting from exccution of plan.

during the segmentation. Image F is the image resulting from classifying the segmented image
with the user’s assistance. Image G is the map overlay of the forest cover mask onto the classified
image. The final step in the plan will export the newly identified denuded areas from the image
analysis format to the GIS format and updatc the polygon attribute databasc.

After the agents have all executed, SEIDAM, once again, activates the Smart Access
software agents. Their task now is to start the relational DBMS and submit Data Manipulation
Language (DML) commands to update the image and GIS metadata databases to reflect the
processing that has been carried out on the image and GIS files. Once this has been completed,
the Smart Access agents will move the image and GIS data into the appropriate locations on the
robotic data storage device.

Domain experts were involved in the design of the knowledge bases used by the reasoning

system and consider this plan very useful for the problem at hand. In fact, afler the system had
created the plan, SEIDAM successfully executed it to their satisfaction.
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5.4 SEIDAM Agents: An overview

SEIDAM agents must be able to use image analysis, database management and GIS software. For
instance, in order to use remotely sensed data with GIS data, it is necessary to translate remote
sensing data into a GIS format or GIS data into an image format. This is usually a simple task that
can be carried out by using either the image analysis software or the GIS software. Under normal
circumstances, a human user would provide the data file names and the necessary parameters to the
software to accomplish the transformation. SEIDAM uses a software agent to perform this task.
In order to do so, the software agent must appear as a human user to the software. Therefore, the
software’s input and output streams are redirected to TCP/IP sockets and fed to a software agent.
The software agent can then send instructions to the software on its input stream as well as observe

its behaviour on its output stream.
Other
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Figure 5.4.1 - Agent architecture.

Software agents used by SEIDAM were specifically designed to work in conjunction with
the problem solver presented in this thesis. Each software agent, Figure 5.4.1, is composed of: an
expert system, a knowledge-base, a Prolog module containing a set of operators and a set of
programs (software packages such as PCI image analysis or ESRI Arc/Info GIS). All of the agents
were created with a system called PAROT®. This ensures that all agents are consistent with the
requirements of PALERMO. PAROT uses a graphical user interface to guide a domain expert
through the creation steps of an agent, i.e. agents are the result of training. Once complete,

S PAROT currently only has online documentation restricted to Natural Resources Canada at the Pacific Forestry
Centre’s Advanced Forest Technologies group. The web page URL is:
http://www aft.pfc.forestry.ca/library/Experts_Guide/parot/index.html
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PAROT uses its internal model of the agent to generate each of the components shown in Figure
5.4.1.

The expert system component of the agent consists of a set of procedural rules and a set of
relational rules. In the current implementation, an agent’s expert system is composed of procedural
rules only. Relational rules will eventually be used to express knowledge that the agents leam
during their use. Procedural rules are sequences of steps that represent states and state transitions.
A procedural rule normally fires an operator and then sets the next state according to the reaction of
the program (a transition). This behaviour is a finite state machine (FSM) where each transition is
deterministic.

The expert system draws on a knowledge base where its rules, as well as the objects it
manipulates, are stored. Objects are stored in a class hierarchy where an object can inherit
behaviour associated to its class via daemons connected to the object‘s attributes.

Operators in the prolog module are used by the expert system to send commands to
programs as well as to receive their responses. A response can be the report of an error, the
display of file header information or simply the program prompt indicating successful execution of
the operator.

Within the Prolog module is a STRIPS operator that lists the agents pre-conditions and
effects. This operator was created by PAROT when domain experts saved the agent after
completing the training. By stepping through the expert system rules, PAROT can identify
different execution threads as well as determine all knowledge-base accesses. Knowledge-base
accesses translate into pre-conditions and effects. For each execution thread there exists pre-
conditions and effects which allows PAROT to generate a STRIPS operator. The STRIPS
operators for SEIDAM are listed in Appendix D.
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Chapter 6

Conclusion

The thesis has described the design, implementation and evaluation of a problem solving system
that successfully integrates search-based planning, analogical reasoning and machine learning
components. This chapter summarizes the contributions of each component of the system, presents
a brief discussion of the results and discusses directions for future work.

6.1 System components

The main components of the system are: the search-based planner, the case-based reasoning
system, the goal-directed generalization procedure, and the short replay and plan merging
algorithms.

As has been discussed in chapter 2, goal regression is incomplete by virtue of using a linear
approach to solving goals and subgoals resulting from operator selection and expansion. The main
advantage to such a search mechanism is that it is highly focused and efficient. The main
disadvantage is that, because of its incompleteness, solutions may be overlooked but they needn’t
be. By complementing goal-regression with an analogical reasoning system, it is possible to
expand the search space coverage as was discussed in section 4.1.

The analogical reasoning component is based mainly on transformational analogy, i.e.
complete cases are retrieved and adapted for the new problem. This type of case-based reasoning
system normally suffers from the inability to solve problems that do not satisfy pre-defined
similarity criteria. Since this system has planning operators at its disposal, the use of a similarity
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heuristic coupled with the applicability verification of the operators ensures that the adaptation of
cases can be made without allowing unacceptable substitutions. Also, if the system does not have a
case to address the new problem, it cannot rely on search to artempt to solve it. By allowing the
system to use a search mechanism when cases do not exist or can not be adapted, the
transformational analogy system can benefit through covering a larger set of problems in the
application domain.

Case-based reasoning systems normally rely on retrieval and adaptation of cases. The
approach taken to the implementation of the analogical component presented in this thesis was to
generalize cases. This was accomplished by creating a new case via adaptation of an existing case.
Since two cases were readily available, the original case from the case base and the case resulting
from the adaptation, least general generalization was applied to the two. This generalization was
subsequently placed in the case base replacing the case that had been adapted. Generalized cases in
the case base therefore covered more than problems for which they were created or adapted thus
reducing the size of the case base and addressing the utility problem.

The short replay algorithm was mainly inspired by the derivational replay mechanism found
in derivational analogy systems. The main difference was that for derivational analogy the choices
made during past planning episodes are replayed whereas for the system presented here, the replay
algorithm performs two tasks: it matches the footprint against the current state of the world; it
ensures that all bindings in the case do not conflict with the current state of the world by replaying
the plan in the case. As a result of replay, the algorithm expands the operators stored in the case to
include pre-condition lists and operator effects in order to merge the case into the current plan.

Solutions for individual goal statement conjuncts are created by either search-based
planning or analogical reasoning as described above. Upon successful creation of solutions for
individual conjuncts, the new plans must be integrated into the current world. The system calls on
the merge procedure to accomplish this task. The merge algorithm is based on other approaches as
discussed in the literature review. The main concern of this component is to merge two cases into a
given world. When this succeeds, a new world is created where the goals statement conjuncts are
all satisfied and all possible conflicts between operators have been resolved either by imposing an
ordering on the operators or by effecting repairs where conflicts cannot be resolved.

6.2 Results and contributions

The results presented in chapter 4 introduce several contributions derived from integrating search-
based planning with analogical reasoning.

The results show that a linear planning system such as goal regression can be used as the
base search mechanism. Once the search engine has been tightly coupled to a case-based reasoning
system, it becomes a non-linear problem solver. As was shown in section 4.1, eager re-use of
cases allows the system to create solution that are achievable only by a non-linear approach.
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For case-based reasoning, one of the main results is that a simple definition for a case can
impact the system’s overall memory requirements. Indeed, by restricting each case to being able to
solve single conjunct goal statements, the case-base covers a very large set of problems with very
few cases. The results reported here show that for the logistics transportation domain, a case-base
of approximately 35 cases suffices to solve goal statements having up to ten conjuncts. The
number of conjuncts reported here is not a restriction on the number of conjuncts but rather an
arbitrarily chosen upper bound. The total number of cases created by the system is very significant
since other work attempting to solve problems in the logistics transportation domain reported
starting the problem solver with approximately 1000 cases at its disposal. These case-bases
contained solutions for one subgoal problems, two subgoal problems, and so on up to the
maximum number of allowable conjuncts in the goal statements. To create the results herein, the
case-base was always empty from the outset of the problem solving exercise.

The second result shows that, after generating a case-base that covers the logistics
transportation domain, performance of the case-based reasoning system is slightly better than
regression alone. The point here is that the integration of the different problem solving approaches
presented here does not degrade the performance with respect to goal regression. This is mainly
due to the generalization of cases since, once generalized, no adaptation is required.

The system also scales up very well. Experiments in the one-way-rocket and the extended-
STRIPS domains showed that the system can work well in “toy” domains and exhibits the desired
behaviour during problem solving. By generating and testing the system on the logistics
transportation domain, I have shown that the approach is applicable to more complex domains.

By creating simple software agents that describe their behaviour with a STRIPS planning
operator, I have shown that the system can indeed solve difficult problems in a complex, real world
domain such as data integration for digital forest inventory update using remote sensing imagery.
Many experiments have been conducted to show how collaboration between the problem solving
system and software agents can address very complex problems in the environmental information
system domain. These problems include:

* calibration of AIRSAR data [Bhogal, Goodenough et al. 1996] (the AIRSAR sensor is an
air-borne synthetic aperture radar system that is also carried on the space shuttle and will
be mounted on a satellite as part of NASA’s Earth Observing System, EOS; this sensor
can be used to compute biomass and forest timber volume, important indicators for
international environmental agreements),

* management of large remote sensing and GIS data sets for environmental monitoring
[Matwin, Charlebois et al. 1994; Matwin, Charlebois et al. 1995; Charlebois,
Goodenough et al. 1996; Charlebois, Goodenough et al. 1996],

* such as the calibration of AVIRIS data [Goodenough, Bhogal et al. 1995; Goodenough,
Charlebois et al. 1995] (the AVIRIS sensor is an air-bome visible to infra-red imaging
spectrometer that will also be include in the EOS; this is a high spectral resolution, 224
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channels, sensor that can be used, for instance, to determine water vapor distribution in
the atmosphere),

* integration of multi-temporal imaging Spectrometre data for forest health monitoring
[Bhogal, Goodenough et al. 1996],

* fusion of multi-temporal data-sets for forest cover change detection [Goodenough,
Bhogal et al. 1995] (by fusing Thematic Mapper and Multi-Spectral Scanner imagery
from the LANDSAT satellites with forest cover GIS files, it is possible to detect forest
cover change over time and plot the results graphically), and forest cover depletion
detection [Charlebois, Goodenough et al. 1993; Charlebois, Goodenough et al. 1994;
Goodenough, Charlebois et al. 1994],

* imaging Spectrometre analysis for forestry [Goodenough, Charlebois et al. 1995],

Finally, although no measurements are presented, the definition of relevance of footprint
literals for goal-directed generalization had a significant impact on the performance of the system.
Before the definition was introduced, the time required to compute an acceptable substitution was
an order of magnitude greater. Footprint literal relevance was also used in the footprint verification
procedure. As a consequence, cases that were not applicable were more quickly discarded.

6.3 Future work

There are several areas of future work that could provide opportunities to improve the problem
solving system as well as modifications to other components that would likely have an impact on
the system’s behaviour and performance.

The search engine chosen for the current implementation of the problem solver is a goal
regression search algorithm. It was chosen because of its simple implementation and its highly
focused behaviour leading to relatively efficient performance. There are two issues that have been
addressed by other researchers with respect to the system’s ability to create plans: linearity versus
non-linearity and total-order versus partial-order planning. Systems such as TO [Minton, Bresina
et al. 1994] have shown that non-linear, partial-order planning need not unacceptably sacrifice the
goal-directed approach inherent to goal-regression. Since these systems cover a larger slice of the
search space from the outset, evaluating the impact of replacing goal-regression by this type of
search-engine is in order.

Eager-replay was introduced in [Thrig and Kambhampati 1994]. It showed that partial-
order planners using derivational analogy could greatly improve their performance. Although the
system presented here uses transformational analogy as its underpinning, since planning states are
represented as a current plan, it should be straightforward to evaluate the possible benefits of
integrating eager replay to eager case reuse. In combination with a partial-order planner such as
TO, this new approach could have a significant impact on the overall performance.

In the introduction to chapter 3, I suggested that researchers have taken two main tacks to
search-based problem solving. The first is to start with a problem solver that covers the search
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space completely and introduce search control to reduce the number of nodes visited. The second
approach is to start with a restrictive search engine, such as goal-regression, and increase the
coverage of the search space. Derivational analogy, as introduced by Veloso [Veloso 1992], starts
with a complete search engine and uses analogy as a knowledge-based search control mechanism.
The problem solver presented here could profit from the use of derivational analogy to expand its
coverage of the search space by replaying derivations that would not occur in a linear planner.

The merge algorithm is based on approaches aimed at merging plans. As was discussed in
chapter 2, there also is research being conducted in the area of operator merging. The impact of
these approaches is important in that they tend to remove reduce the number of operators in a plan
without substituting the remaining operators with new ones. Obviously, the cost of executing
plans that have merged operators is less than executing the original plans. In application domains
such as forest inventory update and environmental monitoring, the impact has the potential of being
very important since many processing steps tend to be CPU intensive. The application could
therefore greatly benefit from a reduced number of processing tasks resulting from operator
merging.

The impact of integration of the problem solver into the SEIDAM environment where it
benefited greatly from its interaction with software agents is undeniable. However, the current
implementation of the software agents is one where the agents do not perform any learning. If the
agents were given this ability, impact on the reasoning system would certainly be significant.
Although the agents could be adapted to properly create a STRIPS operator more dynamically when
it has learned new knowledge, the problem solver would need to assess the state of the case-base
with respect to the changes made to the operator.

The results presented in this thesis were, for the most part, based on the logistics
transportation domain. Although this served as a good starting point to showcase the system’s
behaviour, its ultimate test will be how it performs in an operational environment such as the forest
information management domain. As was discussed in chapter 5, plans produced by the reasoning
system in the forest information management domain were qualitatively assessed and satisfied the
requirements of the SEIDAM system. Upon completion of the SEIDAM prototype, an new
empirical evaluation should be carried out on the reasoning system in order to ensure that the
system behaves well in a real world environment.
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Appendix A

One-Way Rocket and Extended STRIPS
Domain Operators
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One-Way Rocket Domain:

initial_world(
at( objl, locl ) and
at( obj2, locl ) and
at( obj3, locl ) and
at( obj4, locl ) and
at{ rocket, locl )
).

objl is_a package.
obj2 is_a package.
obj3 is_a package.
obj4 is_a package.
locl is_a location.
loc2 is_a location.

load_rocket ( Object, Location ) ::
if Object is_a package and
at( Object, Location ) and
at( rocket, Location )
then delete at( Object, Location )
add inside( Object, rocket ).

unload_rocket( Object, Location ) ::
if Object is_a package and
inside( Object, rocket ) and
at( rocket, Location )
then delete inside( Object, rocket )
add at( Object, Location ).

move_rocket ::
if at{ rocket, locl )
then delete at( rocket, locl )
add at( rocket, loc2 ).
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Extended STRIPS Domain:

initial_world(

connects( door( a ), room( 1 ), room( 2 )
connects( door( b ), room( 2 ), room( 3 )
connects( door( c ), room( 3 ), room( 4 )
inroom{( robot, room( 1 ) ) and

inroom( light( 1 ), room( 2 ) )} and
inroom( box( 1 ), room( 3 ) ) and
inroom( light( 2 ), room( 4 )} ) and
inroom( box( 2 ), room( 4 ) ) and
inroom( door( a ), room( 1 ) } and
inroom( door( a ), room( 2 ) ) and
inroom( door( b ), room( 2 ) ) and
inroom( door( b }, room( 3 ) ) and
inroom( door( ¢ ), room{ 3 ) ) and
inroom( door( c¢ ), room( 4 ) ) and
pushable( box( 1 )} ) and

puskable( box( 2 ) ) and

setting( light( 1 ), off ) and

setting( light( 2 ), off ) and

onfloor
).

goto( Object, Room ) ::
if onfloor and

inroom( Object, Room ) and
inroom( robot, Room ) and
not ( nextto( robot, Object ) )
then delete all( nextto( robot, _ ) )
add nextto{ robot, Object ).

pushto( Objl, Obj2, Room ) ::
if onfloor and
pushable( Objl ) and
inroom( Obj2, Room )
inroom( Objl, Room )

and
and

nextto( robot, Objl )

then delete all( nextto( Objl, _ ) ) and
all( nextto( _, Objl ) )
add nextto{ robot, Objl ) and
nextto( Objl, Obj2 ) and
nextto( Obj2, Objl ).
gothru( Door, Rooml, Room2 )} ::
if connects{ Door, Room2, Rooml ) or
connects( Door, Rooml, Room2 ) and
not( closed( Door ) ) and
onfloor and
inroom( robot, Rooml )} and
nextto( robot, Door )
then delete all( nextto( robot, _ ) ) and
inroom( robot, Rooml )
add inroom( robot, Room2 )} and
nextto( robot, Door }.
pushthru( Door, Obj, Rooml, Room2 ) ::
if pushable( Obj ) and
onfloor and
inroom( Obj, Rooml ) and

connects( Door, Room2, Rooml )} or
connects( Door, Rooml, Room2 ) and

not( closed( Door )
inroom( robot, Rooml

} and

) and

nextto( Obj, Door ) and

nextto( robot, Obj )

then delete inroom( robot, Rooml ) and

inroom( Obj, Rooml )

all( nextto( Obj,

all( nextto( _, Obj
add inroom( robot, Room2

and

— ) ) and
} )

) and
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inroom( Obj, Room2 ) and
nextto( robot, Obj ).
climbon( box( B ) ) ::
if nextto( robot, box( B ) ) and
onfloor
then delete onfloor
add on( robot, box( B ) ).

climboff( box( B ) ) ::
if on( robot, box( B ) )
then delete on( robot, box{ B ) )
add onfloor and
nextto( robot, box( B ) ).

turn( light( S ), Setting ) ::
if nextto( box( S ), light( S ) ) and
on{ robot, box( S ) )
then delete setting( light( S ), )
add setting( light( S ), Setting ).
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Appendix B

Goal Directed Generalization: A Detailed
Example

The example given here demonstrates how the goal directed generalization (GDG)
procedure behaves on a complex problem. Given the new goal statement
“at(obj(obj4),post_office(po0))” and an existing case for the goal
“at(obj(obj3),post_office(po0))”, which satisfies the similarity criteria presented in
chapter three, the problem is to find a substitution that, if applied to the case, would
produce a plan to satisfy the new goal statement. Table B.1 shows the case retrieved
from the case base on the right and the desired plan and relevant facts from the new
problem’s initial world on the left.

As was shown in chapter three, GDG has three steps: find a substitution that can
be applied to the case’s footprint such that it will produce a new footprint where all the
literals hold in the new problem’s initial world; apply the substitution to both the
footprint and the plan in the case; apply least general generalization to the original case
and the adapted plan to produce a generalized case.
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Case
goal: at(obj(obj3),post_office(pol))
footprint:

at(obj (obj3),post_office(po6)),
at(plane(p3) ,airport(ap3)),

at (truck(truck0),post_office(pod)),
at (truck(truck3),post_office(po6)),
city(airport(ap0),city(city0)),
city(airport(ap3),city(city3)),
city (obj(ob3j3),city(city3)),
city(post_office(poO),city(cityo)),
city(post_office(poé),city(city3)),
city(truck(truck0),city(city0)),
city (truck(truck3),city(city3))

plan:

load_truck(obj3), truck3,poé)
drive_truck(truck3, po6,ap3)
unload_truck(obj3, cruck3, ap3)
load_plane( obj3,p3,ap3)
fly_plane(p3,ap3,ap0)
unload_plane(obj3,p3.,ap0)
drive_truck(truck0,pc0,apl)
load_truck(obj3, truck0, ap0)
drive_truck(truck0, ap0,po0)
unload_truck(obj3, truck0, po0)

New problem
goal: at(obj(obj4),post_office(po0))
relevant facts from initial world:

at (obj (obj4) ,post_office(po8)),
at(plane(p4),airport(ap4)).

at (truck (truck0),post_office(po0)),
at (truck(truck4),post_office(po8)),
city(airport(ap0),city(city0)},
city(airport(apd),city{city4)),
city(obj(obj4),city(cityd)),
city(post_pffice(poO),city(cityo)),
city(post_pffice(poB),city(city4)),
city(truck(truck0),city(city0)),
cicy(truck(truck4),city(city4))

desired plan:

load_truck(obj4), truck4,po8)
drive_truck(truck4,po8, ap4)
unload_truck(obj4, truckd, apd)
load_plane(obj4,p4,ap4d)
fly_plane(p4,ap4, ap0)
unload_plane(obj4,p4,ap0)
drive_truck(truck0,po0,ap0)
load_truck(obj4, truck0, ap0)
drive_truck(trucko,apO,poO)
unload_truck(obj4,truckO,poO)

Table B.1

current substitution:
{obj3/0bj4]
current footprint:

1. at(obj(obj4),post_office(po6)},

2. at(plane(p3),airport(ap3}),

3. at (truck(truck0),post_office(pol) ),
4. at (truck(truck3),post_office(po6}),
5. city(airport(ap0),city(city0)},

6. city(airport(ap3),city(city3)),

7. city(obj(obj4),city{city3)),

8. city(post_office(po0),city(city0)),
9. city (post_office(po6),city(city3)},
10. city (truck(truck0),city(city0)),
11. city(truck(truck3},city(city3))

The first and 7th literals in the footprint are
false. We must therefore compute a
substitution that will make the first literal
true, [po6/po8], and add it to the original
substitution.

Table B.2
The substitution that would result in the plan on the left in table B.1 if it were

applied to the case in the right column is: { obj3/0bj4, pos/pos,

city3/cityd, ap3/ap4d, p3/p4d 1.

truck3/truckd,

When the case is retrieved, the literals that are members of the footprint are all
hold in the initial world, but are not relevant to the new goal statement.
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current substitution:
[obj3/0bj4,po6/po8}
current footprint:

at (obj (obj4) ,post_office(po8)),

. at(plane(p3),airport(ap3)),

at (truck(truck0),post_office(po0)),
at(truck(truckB),post offlce(pOS)),
city(airport(ap0),city(city0)),
city (airport(ap3),city(city3)),

city (obj(obj4),city(city3)),

city (post_: offlce(poO) city(cicy0)),
city(post_office(po8),city(city3}),
10. city (txuck(truck0) ,city(city0)),
11. city (truck(truck3) ,city(city3)}

WO W

The 4th, 7th and 9th literals in the footprint
are now false. The system therefore
computes a substitution to make the 4th
literal true, i.e. [truck3/truck4]. It is added
to the substitution.

Table B.3
The GDG procedure begins computing the substitution to change the case’s goal
statement to the new goal statement: [obj3/obj4]1. It will then apply this substitution to
the case’s footprint shown in table B.2. As a result, the first and seventh literals in the
footprint no longer hold in the initial world. GDG will select one of the false literals and
compute a new substitution that will make it hold with respect to the new goal statement.
The substitution {po6/pos} will make the first literal hold in the initial world.

current substitution: . N

_ ' The 7th, 9th and 1l1th literals in the
(ob33/0bj4,po6/po8, truck3/truck4] footprint are now false. The substitution to
current footprint: make the 7th literal true is [city3/city4]. It
1. at(obj(obj4),post_office(po8)), is added to the substitution.
2. at(plane(p3),airport(ap3)),
3. act({truck(truck0),post_office(pal)}),
4. at(truck(truck4),post_office(po8)),
5. c1ty(a1rport(ap0) city(city0}),
6. city(airport(ap3),city(city3)),
7. city(obj(obj4),city(city3)),
8. city(post_office(po0),city(city0)),
9. city(post_office(po8),city(city3)),
10. city(truck(truck0),city(city0)},
11. city(truck(truckd4),city(city3))

Table B.4

After applying the (po6/po8] substitution, the footprint in table B.3 is created. In
addition to the seventh literal, now the fourth and ninth literals no longer hold.

GDG selects the fourth literal and computes the [truck3/trucka) substitution and
applies it to produce the new footprint in table B.4
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The seventh, ninth and eleventh literals do not hold in the initial world. GDG
selects the seventh literal and computes the [city3/city4] substitution and applies it to

produce the new footprint in table B.S.

current substitution:

[obj3/obj4,po€/p08,truck3/truck4,city3/

city4]

current footprint:

- at(obj(obj4),post_office(po8)),
at(plane(p3),airport(ap3)),

at (truck(truck0),post_office(pol)),
at (truck(truck4) ,post_office(po8)),
city(airport(ap0),city(city0)),
city(airport(ap3),city(city4)),
city (obj(obj4),city(cityd)),
city(post_office(po0),city(city0)),
city(post_office(po8),city(city4)),

. city(truck(truck0),city({city0)},

. city(truck(truck4),city(city4))

N =

D I I T S

W0 00 oYU 8 W

O

The 7th, 9th and 11th literals are now true.
The 6th literal, however, is now false. The
substitution to make the 6th literal true is

[ap3/ap4].

Table

B.S5

The three literals that did not hold previously, now hold in the initial world.
However, the sixth literal no longer holds. GDG selects it and computes the (ap3/ap4]
substitution and applies it to produce the new footprint in table B.6.

current substitution:

The 6th literal is now true but the 2nd is

é?i’;if??ﬁ?;gi?’p“'tr“°“3’““°“4'°’“¥3’ not. The substitution to make the 2nd
literal true is [p3/p4].
current footprint:
1. at(obj(obj4),post_office(po8)}),
2. at(plane(p3),airport(ap4)),
3. at(truck(truck0),post_office(po0}},
4. at(truck(truck4),post_office(po8)},
5. city(airport(apQ),city(city0)),
6. city(airport(ap4),city(city4)),
7. city(obj(obj4),city(city4)),
8. city (post_office(po0),city(city0)),
9. city(post_office(po8),city(cityd)),
10. city (truck(truck0),city(city0)),
11. city (truck(truckd),city(city4))
Table B.6

Since the second literal no longer holds, GDG selects it and computes the [p3/p4]
substitution and applies it to produce the new footprint in table B.7.
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current substitution:

All of the literals now hold in the initial

(obj3/0bj4,po6/po8, truck3/truckd,city3/ world
city4,ap3/ap4,p3/p4] .

current footprint:

1.
2.
3.
4.
5.
6.
7.
8.
9

10.
11.

at (obj (obj4) ,post_office(po8)),

at (plane(p4) ,airport(ap4)),

at (truck(truck0) ,post_office(pol)),
at (truck(truck4) ,post_office(po8)),
city(airport(ap0),city(city0)),
city(airport(ap4),city(city4)),
city (obj(obj4),city(city4)),

city (post_office(pol),city(city0Q)),
city(post_office(po8),city(city4)),
city (truck(truck0),city(city0)),
city(truck(truck4),city(city4))

Table B.7

The substitution computation is now complete. The next step is to apply the
substitution to the case’s plan to create the new plan shown in Table B.1. GDG now has
at its disposal both the initial case and the modified case. Before terminating, GDG will
compute the least general generalization, figure B.1, that subsumes both plans. This new
generalized plan will replace the old case in the case-base.

goal: at(obj(A),post_office(po0))
footprint:

plan

at(obj (A) ,post_office(C)),

at (plane(E),airport(D)),
at(truck(truck0) ,post_office(pol)),
at(truck(B).,post_office(C)),
city(airport(ap0),city(city0)),
city(airport(D),city(F)),
city(obj(a),city(F)),
city(post_office(pol),city(city0)),
city(post_office(C),city(F)),
city(truck(truck0),city(city0)),
city(truck(B),city(F}))

load_truck(obj (A), truck(B),post_office(C))
drive_truck(truck(B),post_office(C),airport(D))
unload_truck(obj (a),truck(B),airport (D))
load_plane(obj (A) ,plane(E) ,airport (D))
fly_plane(plane(E),airport (D) ,airport(ap0))
unload_plane(obj(A),plane(E),airport(ap0))
drive_truck(truck(truck0),post_office(pol),airport(ap0))
load_truck(obj (a), truck(truck0) ,airport(ap0))
drive_truck(truck(truck0),airport(ap0),post_office(pol)}
unload_truck(obj (a), truck(truck0),post_office(pol))

Figure B.1 - Generalized plan
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Appendix C

Empirical Results

Chapter 4 presented empirical results for the reasoning system. This appendix contains
ten exira sets of experiments conducted in the logistics transportation domain. The
graphs presented in section 4.2.4 showing how the system behaves when solving multiple
conjunct goals have all been reproduced below. For each set of experiments, the system
solved 1000 problems beginning with an empty case base. For each set of 1000
problems, the first 100 were one conjunct goal statements, the second 100 were two
conjunct goal statements, up to the last 100 which were ten conjunct goal statements.
The graphs are numbered by appendix letter, set and measure (e.g. graph C.1.1: appendix
C, problem set 1, graph 1). Graph 1 in each set shows the accumulation of cases in the
case-base. Graph 2 shows the average number of cases required to solve each conjunct in
a goal statement. Graph 3 shows the adaptation effort measured in the number of
recursive calls made to the generalization procedure. Graph 4 shows the adaptation effort
in terms of the number modifications necessary to adapt a case to the current problem.
Graph 5 shows the avarage solve time for each goal statement conjunct. Graph 6 plots
the avarage merge time per problem (as the number of conjuncts grows, so does the time
required to merge the solutions into the final plan). Graph 7 contains the avarege
retrieval time per goal statement conjunct.
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Problem set 1

Accumuldtion of cases
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of problems soived

C.1.1 - Accumulation of cases for multiple
conjunct goal statement problems.

Number of cases used per subgod

#Goundocs es us ed
W Generdized s es used

1 2 3 4 5 6 7 8 @ 10
Problem s et (100 problems 4 of)

C.1.2 - Use of cases to solve goal statement conjuncts.
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Adcptation effort

1 2 3 4 5 6 7 8 9 10
Problem set (100 problems 4 of)

C.1.3 - Adaptation effort.

Number of changes to footprint and solution

1 2 3 4 5 6 7 8 9 10
Problem sets (100 problems 4 ef)

C.1.4 - Adaptation effort.




Average time per subgod

Time (secs)

1 2 3 4 ) 6 7 8 9 10
Problem sets (100 problems 4 ef)

C.L.5 - Average time to solve one conjunct.

Average merge time per problem
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Problem sets (100 problems 4 ef)

C.1.6 - Average merge time per problem.
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Time (secs)
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Average retrievd time per subgoadl

2 3 4 5 6 7 8 9 10
Problem sets (100 problems s et)

C.1.7 - Average retrieval time per goal statement conjunct.
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Problem set 2

Accumulidtion of cases

fcases o o
o O O O

o

Number o
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o o

1
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3828383888888 ¢%
Number of problems s clved
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46
9
136
181

22

C.2.1 - Accumulation of cases for multiple
conjunct goal statement problems.

Number of cases used per subgod

BGoundases us ed
BGenerdizedaxs es used

1 2 3 4 5 6 7 8 9 10
Problem set (100 problems A ef)

C.2.2 - Use of cases to solve goal statement conjuncts.
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Adopialion effort

1 2 3 4 5 6 7 8 9 10
Problem set (100 problems s et)
C.2.3 - Adaptation effort.
Number of changes to footprint and solution
— Average footprint,
changes per
subgod
------- Average s olution
changes per
subgod

2 3 4 S 6 7 8 9 10
Probiem sefs (100 problems sef)

C.2.4 - Adaptation effort.
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Time (secs)
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Average time per subgod
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1 2 3 4 5 6 7 8 9 10
Problem sets (100 problems 4 ef)

C.2.5 - Average time to solve one conjunct.

Time (secs)

Average merge time per problem
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C.2.6 - Average merge time per problem.
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Time (secs)
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o
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Average retrievad time per subgod
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o
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1 2 3 4 5 6 7 8 9 10
Problem seis (100 problems A et)

C.2.7 - Average retrieval time per goal statement conjunct.

127




Problem set 3

Accumuldtion of cases
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C.3.1 - Accumulation of cases for multiple
conjunct goal statement problems.

Number of cases used per subgod

BGoundas es used
B Generdiizedos es us ed

1 2 3 4 5 6 7 8 9 10
Problem set (100 problems 4 o)

C.3.2 - Use of cases to solve goal statement conjuncts.
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Adcptaion effort

1 2 3 4 5 6 7 8 Q9 10
Problem set (100 problems A ef)

C.3.3 - Adaptation effort.

Number of changes to footprint and solution
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changes per
3 - s ubgod
. | - - - - - - - Avercge s olufion
2 4 changes per
s ubgod

1 2 3 4 5 6 7 8 9 10
Probiem sets (100 problems s et)

C.3.4 - Adaptation effort.

129
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C.3.5 - Average time to solve one conjunct.
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C.2.6 - Average merge time per problem.
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Average retrieva time per subgod
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1 2 3 4 5 6 7 8 9 10
Problem seis (100 problems 4 et)

C.3.7 - Average retrieval time per goal statement conjunct.
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Problem set 4

Accumuidtion of cases
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C.4.1 - Accumulation of cases for multiple
conjunct goal statement problems.

Number of cases used per subgod

B Goundoxs es used
# Generdized as es us ed

1 2 3 4 5 6 7 8 ? 10
Problem set (100 problems s et)

C.4.2 - Use of cases to solve goal statement conjuncts.
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Adapialion effort
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C.4.3 - Adaptation effort.

Number of changes to footprint and solution
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C.4.4 - Adaptation effort.
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Average time per subgod
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C.4.5 - Average time to solve one conjunct.
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5

45

4
.35
g 3
2 25
g 2
=15
1

05

0

1 2 3 4 5 6 7 8 9 10
Problem sels (100 problems sef)

C.4.6 - Average merge time per problem.
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Average retrievd time per subgod
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C.4.7 - Average retrieval time per goal statement conjunct.
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Problem set 5

Accumulidtion of cases
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C.5.1 - Accumulation of cases for multiple
conjunct goal statement problems.

Number of cases used per subgod

BGoundos es used
8 Generdizedos es us ed

1 2 3 4 5 6 7 8 9 10
Problem s et (100 problems 4 et)

C.5.2 - Use of cases to solve goal statement conjuncts.
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Ackpiction effort
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C.5.3 - Adaptation effort.
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C.5.4 - Adaptation effort.
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Average time per subgod
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C.5.5 - Average time to solve one conjunct.
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C.5.6 - Average merge time per problem.

138




Average retrievad time per subgod
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C.5.7 - Average retrieval time per goal statement conjunct.
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Problem set 6

Accurmuidlion of cases

Numhsr ofcasas
(¢,] o a

o

5
o
~ [ N ~ N
SEF2 8338333938833 38388§58°¢3
Number of problems solved

C.6.1 - Accumulation of cases for multiple
conjunct goal statement problems.

Number of cases used per subgod

BGoundaxses used
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1 2 3 4 5 ) 7 8 9 10
Problem s et (100 problems 4 of)

C.6.2 - Use of cases to solve goal statement conjuncts.
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1 2 3 4 5 6 7 8 9 10
Problem set (100 problems s et)
C.6.3 - Adaptation effort.
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C.6.4 - Adaptation effort.
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C.6.5 - Average time to solve one conjunct.
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C.6.6 - Average merge time per problem.
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C.6.7 - Average retrieval time per goal statement conjunct.
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Problem set 7
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C.7.1 - Accumulation of cases for multiple
conjunct goal statement problems.

Number of cases used per subgod

BGound as es used
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Problem set (100 problems & ef)

C.7.2 - Use of cases to solve goal statement conjuncts.



Adcpiation effort
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C.7.3 - Adaptation effort.

Number of changes to footprint and solution
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C.7.4 - Adaptation effort.
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C.7.5 - Average time to solve one conjunct.
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C.7.6 - Average merge time per probiem.
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C.7.7 - Average retrieval time per goal statement conjunct.
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Problem set 8

Accumuidtion of cases
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C.8.1 - Accumulation of cases for multiple
conjunct goal statement problems.

Number of cases used per subgod
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C.8.2 - Use of cases to solve goal statement conjuncts.
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C.8.4 - Adaptation effort.
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C.8.6 - Average merge time per problem.
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C.8.7 - Average retrieval time per goal statement conjunct.
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Problem set 9

Accumulidlion of cases
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C.9.1 - Accumulation of cases for multiple
conjunct goal statement problems.

Number of cases used per subgod
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C.9.2 - Use of cases to solve goal statement conjuncts.
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C.9.4 - Adaptation effort.
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C.9.5 - Average time to solve one conjunct.
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C.9.6 - Average merge time per problem.
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C.9.7 - Average retrieval time per goal statement conjunct.
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Problem set 10
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C.10.1 - Accumulation of cases for multiple
conjunct goal statement problems.
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C.10.2 - Use of cases to solve goal statement conjuncts.
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C.10.4 - Adaptation effort.
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C.10.6 - Average merge time per problem.
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C.10.7 - Average retrieval time per goal statement conjunct.
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Appendix D

SEIDAM Planning Operators
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aviris_calib

if aviris_scene(current_aviris_scene,bil_image_file,2)
and frame_get{current_aviris_scene, forced_fit_function,B)
and aviris_scene(current_aviris_scene,num_lines,C)

and aviris_scene(current_aviris_scene,gssflt_zero_file,D)
and aviris_scene(current_aviris_scene,gssflt_ten_file,E)
and frame_get (current_aviris_scene, image_directory,F)
then delete(ladd{aviris_calib]

aviris_convolve_output

if aviris_scene(current_aviris_scene, optic_model_zero_file,A)

and aviris_scene(current_aviris_scene,opticmodel_ten_file, B)

and aviris_scene(current_aviris_scene,scene.number,C)

and frame_get (current_aviris_scene, image_directory,D)

then delete []

add [
aviris_convolve_output,
aviris_scene(current_aviris_scene,gssflt_ten_file,E),
aviris_scene(current_aviris_scene,gssflt_zero_file,F)

aviris_copy_information

if frame_get(current_aviris_scene,image_directory,A)

then delete []

add [
aviris_copy_information,
hardware_information(hardware_info, expert_executables, B)

aviris_extractor

if true

then delete [
aviris_images(current_aviris_images,image_file_name,A),
aviris_images(current_aviris_images, names,B),
class(image_full_filename, name,C)

add [
aviris_extractor,
*Directory' (‘File_Path',path,D),
aviris_images(current_aviris_images, names,E),
aviris_images(current_aviris_images,image_file_name,?)

aviris_moments_rad

if aviris_scene(current_aviris‘scene,bil_image_file,A)
and aviris_scene(current_aviris_scene,num_lines.B)
and Erame_get(current_aviris_scene,image_directory,C)
then delete([]add[aviris_moments_rad]

aviris_moments_refl
if aviris_scene(current_aviris_scene,num_lines,Aa)
and aviris_scene(current_aviris_scene, scene_number, B)
and frame_get(current_aviris_scene,image_directory,C)
then delete []
add [

aviris_moments_refl,
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aviris_scene(current_aviris_scene,calibrated_file, D),

aviris_scene(current_aviris_scene, bad_bands_file,E)

aviris_optic_model

if aviris_scene(current_aviris_scene, scene_number, A)

and
and
and
and
and
and
and
and
and
and
and

frame_get{current_aviris_scene,day_of_year,B)
frame_get (current_aviris_scene, image_directory,C)
frame_get (current_aviris_scene, latitude_degrees, D)
frame_get (current_aviris_scene, latitude_minutes,E)
frame_get (current_aviris_scene, latitude_seconds,F)
frame_get (current_aviris_scene, longitude_degrees,G)
frame_get (current_aviris_scene, longitude_minutes, H)
frame_get (current_aviris_scene, longitude_seconds, I)
frame_get (current_aviris_scene, time_hour, J)
frame_get (current_aviris_scene, time_minute, K)
frame_get (current_aviris_scene,time_second, L)

then delete [}

add

[
aviris_optic_model,

aviris_scene(current_aviris_scene, constraint_ten,M),
aviris_scene(current_aviris_scene, constraint_zero,N),
aviris_scene(current_aviris_scene, optic_model_zero_file,0),
aviris_scene(current_aviris_scene,opticmodel_ten_file,P),

aviris_scene(current_aviris_scene, spectral_calibration_file,Q),

aviris_scene(current_aviris_scene, temperature,R),

aviris_scene(current_aviris_scene,water_vapour_scaling,S),

aviris_scene(current_aviris_scene, ozone_scaling,T),
aviris_scene(current_aviris_scene, co2_scaling,U),
aviris_scene(current_aviris_scene, co_scaling,V),
aviris_scene(current_aviris_scene,chd_scaling,W),
aviris_scene(current_aviris_scene,n2o_scaling,X),
aviris_scene(current_aviris_scene, 02_scaling,Y),
aviris_scene(current_aviris_scene,nh3_scaling, Z),
aviris_scene(current_aviris_scene,no_scaling,Aa),
aviris_scene(current_aviris_scene,no2_scaling, AB),
aviris_scene(current_aviris_scene, so2_scaling, AC),

aviris_scene(current_aviris_scene, unknown_scaling, AD)

aviris_plot_optic_model

if aviris_scene(current_aviris_scene, optic_model_zero_file,A)
and aviris_scene(current_aviris_scene, opticmodel_ten_file,B)

and
and
and

and hardware_information(hardware_info,avs_machine_secondary,F)
then delete (host_computer_class(work_station_host, name,G)]

add

aviris_scene(current_aviris_scene, scene_number,C)
frame_get (current_aviris_scene, image_directory, D)
hardware_information(hardware_info, avs_machine, E)

{
aviris_plot_optic_model,

aviris_scene(current_aviris_scene, opticmodel_postcript_£file, H)

host_computer_class (work_station_host,name, I)

aviris_s2n

if aviris_scene(current_aviris_scene, scene_number,A)

and
and

and hardware_information(hardware_info,display_machine,D)

frame_get (current_aviris_scene, frame_number, B)
frame_get (current_aviris_scene, image_directory,C)

then delete [

aviris_scene(current_aviris_scene,day_of_year, E),

aviris_scene(current_aviris_scene, latitude_degrees,F),
aviris_scene(current_aviris_scene, latitude_minutes,G),
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aviris_scene(current_aviris_scene, latitude_seconds, H),
aviris_scene(current_aviris_scene, longitude_degrees,I).
aviris_scene(current_aviris_scene, longitude_minutes.J),
aviris_scene(current_aviris_scene, longitude_seconds,K),
aviris_scene(current_aviris_scene,num_lines,L),
aviris_scene(current_aviris_scene, time_hour,M),
aviris_scene(current_aviris_scene, time_minute,N),
aviris_scene(current_aviris_scene, time_second, O)

add (
aviris_s2n,
aviris_scene(current_aviris_scene,bil_image_file,P),
aviris_scene(current_aviris_scene,num_lines,Q),
aviris_scene(current_aviris_scene,s2n_postscript_file,R),
aviris_scene(current_aviris_scene, s2n_source_file,S),
hardware_information(hardware_info,avs_machine,T),
hardware_information(hardware_info, avs_machine_secondary,U),
aviris_scene(current_aviris_scene,day_of_vear,V),
aviris_scene(current_aviris_scene, latitude_degrees, W),
aviris_scene(current_aviris_scene, latitude_minutes, X),
aviris_scene(current_aviris_scene, latitude_seconds,Y),
aviris_scene(current_aviris_scene, longitude_degrees, ),
aviris_scene(current_aviris_scene, longitude_minutes,aa),
aviris_scene(current_aviris_scene, longitude_seconds, AB),
aviris_scene(current_aviris_scene, time_hour,AC),
aviris_scene(current_aviris_scene, time_minute, AD),
aviris_scene(current_aviris_scene, time_second, AE),
hardware_information(hardware_info, expert_source, AF)

aviris_tape2disk

if frame_get (current_aviris_scene, image_directory,A)
and frame_get (hardware_info, tape_name, B)

and frame_get (hardware_info, remote_tape_machine, C)
then delete(]addlaviris_tape2disk]

avs
if frame_get (avs_host,name, )
and frame_get (current_avs_image, filename, B)
and frame_get (current_ip_module, name,C)
then delete [
avs_module (current_ip_module, port_number, D),
host__computer_class(work_station_host,name, E)

]

add [
avs,
avs_module (current_ip_module, port_number,F),
host_computer_class(work_station_host,name,G)

calibrate_aviris_scene
:: if true then delete([}add[calibrate_aviris_scene]

change_lakes_to_zero

if frame_get (current_map_sheet,name,A)

and map_sheet (A, lakes_map_dbib, B)

and map_sheet (A, copy_hydrology_to_dem,C)

and map_sheet (A,dem_pci_£file,D)

and map_sheet (A, lakes_sieve_dboc,E)

and map_sheet (A, lakes_sieve_dbic, F)

and frame_get (working_directory,path,G)

then delete [map_sheet (A, change_lake_elevation, H)])

add [change_lakes_to_zero,map_sheet (A, change_lake_elevation, 0}]
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cleanup

if frame_get (current_map_sheet, name,A)

and frame_get (working_ directory,path,B)

then delete [
map_sheet (A, arc_lakes_file,C),
map_sheet (A, clear_cut_all,D),
map_sheet (A, clear_cut_arc_file,E),
map_sheet (A, clear_cut_none,F),
map_sheet (A, clear_cut_only file,G),
map_sheet (A, clear_cut_part,H),
map_sheet (A, clear_cut_poly. file,I),
map_sheet (A, copy_dem_file_into_small_tm_file,J),
map_sheet (A, create_small_tm_file,K),
map_sheet (A, creating_isoclus_themes,L),
map_sheet (A, dem_easting_distance,M),
map_sheet (A, dem_erdas_file,N),
map_sheet (A,dem_file,0),
map_sheet (A,dem_grid_file,P),
map_sheet (A,dem_loright_easting,Q),
map_sheet (A,dem_loright_northing,R),
map_sheet (A, dem_no_lakes_file,S),
map_sheet (A, dem_northing _distance,T),
map_sheet (A,dem_pci_file,U),
map_sheet (A,dem_pci_num_lines,V),
map_sheet (A, dem_pci_num_pixels,W) .,
map_sheet (A,dem_tin_file,X),
map_sheet (A,dem_tin_max_easting,Y).
map_sheet (A,dem_tin_max_northing, 2),
map_sheet (A,dem_tin_mesh_points,aa),
map_sheet (A,dem_tin_min_easting, AB),
map_sheet (A,dem_tin_min_northing,AC),
map_sheet (A,digitize_rocad_network, AD),
map_sheet (A,display_arc_coverage, AE),
map_sheet (A,dlg_lakes_file,AF),
map_sheet (A,dlg_roads_file, AG),
map_sheet (A, erdas_lakes_file, AH),
map_sheet (A,grid_lakes_file,AI),
map_sheet (2, highlight_roads, AJ),
map_sheet (A, isoclus_channel, AK),
map_sheet (A, kclus_channel,aAL),
map_sheet (A, lakes_dlg_file,aM),
map_sheet (A, lakes_map_dbib, AN),
map_sheet (A, lakes_num_lakes, 20},
map_sheet (A, lakes_thr_dbib, AP),
map_sheet (A, last_isoclus_thr_dbib, AQ),
map_sheet (A, mas_blue_channel,b AR),
map_sheet (A,mas_dem_channel, AS),
map_sheet (A, mas_filename, AT),
map_sheet (A, mas_green_channel, aU),
map_sheet (A, mas_red_channel,av),
map_sheet (A, pca_output_1,AW),
map_sheet (A, pca_output_2,AX),
map_sheet (A, pca_output_3,AY),
map_sheet (A,pci_lakes_file,aZ),
map_sheet (A, roads_arc_file,BA),
map_sheet (A, roads_dlg_file, BB),
map_sheet (A,roads_lin_file,BC),
map_sheet (A, segment_roads,BD),
map_sheet (A, segment_clear_cuts,BE),
map_sheet (A, sieve_isoclus,BF),
map_sheet (A, sieve_kclus,BG),
map_sheet (A, sieve_lakes_dbic,BH),
map_sheet (A, sieve_lakes_dboc,BI),
map_sheet (A,sieve_lakes_file,BJ),
map_sheet (A,sieve_lakes_sthresh, BK),
map_sheet (3, sieved_isoclus_channel, BL),
map_sheet (A, sieved_kclus_channel, BM),
map_sheet (A, source_files_copied, BN),
map_sheet (A, threshold_isoclus, BO),
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map_sheet (A,tm_£file, BP),

map_sheet (A,tm_large_file,BQ),

map_sheet (A, tm_large_line_size,BR),
map_sheet (A, tm_large_pixel_size,BS),
map_sheet (A, tm_large_start_line,BT),
map_sheet (A, tm_large_start_pixel, BU),
map_sheet (A, tm _upleft_easting, BV),
map_sheet (A, tm_upleft_northing, BW),
map_sheet (A, tm_loright_easting,BX),
map_sheet (A, tm_loright_northing,BY),
map_sheet (A, tm_small_channel_1l6s,BZ),
map_sheet (A, tm_small_channel_16u,Ca),
map_sheet (A, tm_small_channel_32r,CB),
map_sheet (A, tm_small_channel_8u,CC),
map_sheet (A, tm_small_dem_channel,CD),
map_sheet (A, tm_small_easting distance,CE),
map_sheet (A, tm_small_file,CF),

map_sheet (A, tm_small_loright_easting,CG),
map_sheet (A, tm_small_loright_northing,CH),
map_sheet (A, tm_small_northing_distance,CI),
map_sheet (A, tm_small _num_lines,CJ),
map_sheet (A, tm_small_num_pixels,CK},
map_sheet (A, tm_small_upleft_easting,CL),
map_sheet (A, tm_small_upleft_northing,CM),
map_sheet (A, tm_small_with_dem_file,CN),
map_sheet (A, updated_clear_cut_coverage, CO)},
map_sheet (A, updated_clear_cut_segment,CP),
map_sheet (A, updated_clear_cut_point_£file,CQ),
map_sheet (A, updated_clear_cut_vector_file,CR),
map_sheet (A, updated_coverage_file,CS),
map_sheet (A, updated_road_point_file,CT),
map_sheet (A, updated_road_segment, CU),
map_sheet (A, updated_road_vector_file,CV)

]
add [cleanup]

concat_map_sheets
if frame_get(arc_host,name,A)and frame_get (working_directory,path,B)
then delete[]add{concat_map_sheets]

copy_bitmap
if frame_get (current_map_sheet, name,2)
and map_sheet (A, sieve_lakes_file,B)
and map_sheet (A, lakes_thr_dbib,C)
and frame_get (working_directory,path,D)and map_sheet(a,dem_pci_file,E)
then delete [map_sheet(a, lakes_map_dbib,F)]
add [
copy_bitmap,
map_sheet (A, dem_no_lakes_file,E),
map_sheet (A, lakes_map_dbib, G)

copy_£files_to_working dir
if frame_get (arc_host,name,a)
and frame_get (current_map_sheet, name, B)
and frame_get(gis_directory,path,C)
and frame_get(rs_directory,path,D)
and frame_get (B, tm_image_name,E)and frame_get (working_directory,path,F)
then delete (map_sheet (B,source_files_copied,G),map_sheet(B,tm_large_file,H)]
add [
copy_files_to_working_dir,
map_sheet (B, source_files_copied,yes),
map_sheet (B, tm_large_file, 'tm_large.pix’')
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create_tin

if frame_get (arc_host,name,A)
and frame_get (current_map_sheet,b name, B)
and map_sheet (B,arc_lakes_file,C)
and map_sheet(B,dem_file,D)and frame_get(working_directory,path,E)
then delete [
map_sheet (B,dem_tin_min_northing,F),
map_sheet (B, dem _tin_max_northing,G),
map_sheet (B,dem_tin_min_easting,H),
map_sheet (B,dem_tin_max_easting, I)

]

add [
create_tin,
map_sheet (B,dem_grid_£file,J),
map_sheet (B,dem_erdas_file,K),
map_sheet (B,dem_tin_file,L),
map_sheet (B,dem_tin_mesh_points,M),
map_sheet (B,dem_tin_min_northing,N),
map_sheet (B,dem_tin_max_northing,O),
map_sheet (B,dem_tin_min_easting,P),
map_sheet (B,dem_tin_max_easting, Q)

create_tm_small
if frame_get (current_map_sheet, name, i)
and map_sheet (A, tm_large_pixel_size,B)
and map_sheet (A, tm_large_line_size,C)
and map_sheet (A,dem_no_lakes_file,D)
and map_sheet (A, tm_large_file,E)
and frame_get (working_directory,path,F)
and map_sheet (A,dem_upleft_ easting,G)
and map_sheet (A, dem_upleft_northing, H)
then delete [map_sheet(A,dem_pci_num_pixels,I),map_sheet (A,dem pci_num_lines,J)]
add [
create_tm_small,
map_sheet (A, tm_small_file,K),
map_sheet (A, tm_small_channel_8u,L),
map_sheet (A, tm_small_num_lines,M),
map_sheet (A, tm_small_num_pixels,N),
map_sheet (A, tm_small_channel_32r,0),
map_sheet (A, tm_small_channel_1l6u,P),
map_sheet (A, tm_small_channel_16s,Q),
map_sheet (A, tm_large_start_pixel,R),
map_sheet (A,tm_large_start_line,S),
map_sheet (A, dem_pci_num_pixels,T),
map_sheet (A, dem_pci_num_lines, U)

dem_to_pix_image_match
if frame_get (current_map_sheet, name, )
and map_sheet (A, dem_pci_num_pixels,B)
and map_sheet (A, dem_pci_num_lines,C)
and map_sheet (A,dem_no_lakes_file,D)
and frame_get (working_directory,path,E)
and map_sheet (A, tm_small_file,F)
and map_sheet (A, tm_small_channel_B8u,G)
and map_sheet (A, tm_small_channel_16s,H)
and map_sheet (A, tm_small_channel_16u,I)
then delete []
add [

dem_to_pix_image_match,

map_sheet (A, tm_small_with_dem_file,F),
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map_sheet (A, tm_small_dem_channel,J)

digitize_clear_cuts
if frame_get (current_map_sheet, name, A)
and map_sheet (A, segment_clear_cuts,B)
and map_sheet (A, tm_small_num_pixels,C)
and map_sheet(A,tm_small_num_lines,D)
and map_sheet (A,tm_file,E)
and map_sheet (A, tm_small_upleft_easting,F)
and map_sheet (A,tm_small_upleft_northing,G)
and frame_get (working_directory.path,H)
and map_sheet (A,tm_large_line_size,I)
and map_sheet (A,tm_large_pixel_size,J)
then delete [map_sheet (A,updated_clear_cut_segment,K)]
add [
digitize_clear_cuts,
map_sheet (A,updated_clear_cut_segment,L),
map_sheet (A,tm_small_easting_distance,M),
map_sheet (A, tm_small_northing_distance, N)

digitize_clear_cuts_tercom

if frame_get (current_map_sheet, name,3)
and map_sheet (A, segment_clear_cuts,B)
and map_sheet (A, tm_small_num_pixels,C)
and map_sheet (A, tm_small_num_lines,D)
and map_sheet (A,tm_small_file,E)
and frame_get (A,dem_upleft_easting,F)
and frame_get (A,dem_upleft_northing, G)
and map_sheet (A, last_isoclus_thr_dbib,H)
and frame_get (working_directory,path,I)
and map_sheet (A, tm_large_line_size,J)
and map_sheet (A, tm_large_pixel_size,K)
then delete [
map_sheet (A, updated_clear_cut_segment,L),
map_sheet (A,digitize_road_network,M),
map_sheet (A,clear_cut_all,N),
map_sheet (A, clear_cut_part,0),
map_sheet (A, clear_cut_none, P)

add [
digitize_clear_cuts_tercom,
map_sheet (A, updated_clear_cut_segment,Q),
map_sheet (A,digitize_road_network,done),
map_sheet (A, dem_easting distance,R),
map_sheet (A,dem_northing_distance,S),
map_sheet (A, clear_cut_all,T),
map_sheet (A, clear_cut_part,T),
map_sheet (4, clear_cut_none,T),
map_sheet (A, tm_small_northing_distance,U),
map_sheet (A, tm_small_easting_distance,V)

digitize_clear_cuts_with_clusting
if frame_get (current_map_sheet,name,A)
and map_sheet (A, tm_small_num_pixels,B)
and map_sheet (A, tm_small_num_lines,C)
and map_sheet (A, tm_small _file,D)

and map_sheet (A, segment_clear_cuts,E)
and map_sheet (A, last_isoclus_thr_dbib, F)
and frame_get (working_directory,path,G)
and map_sheet (A,tm_large_line_size, H)
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and map_sheet (A, tm_large_pixel_size,I)

then delete [
map_sheet (A, clear_cut_all,J),
map_sheet (A, clear_cut_part,K),
map_sheet (A, clear_cut_none, L)

]

add (
digitize_clear_cuts_with_clusting,
map_sheet (A, clear_cut_all,M),
map_sheet (A, clear_cut_part, M),
map_sheet (A, clear_cut_none,b M),
map_sheet (A, tm_small_northing_distance,N),
map_sheet (A, tm_small_easting_distance,0)

digitize_roads
if frame_get (current_map_sheet,name,A)
and map_sheet (A, segment_roads, B)
and map_sheet (A, tm_small_num_pixels,C)
and map_sheet (A, tm_small_num_lines, D)
and map_sheet (A, tm_small_upleft_easting, E)
and map_sheet (A, tm_small_upleft_northing, F)
and map_sheet (A, tm_small_file,G)
and map_sheet (A, highlight_roads, H)
and map_sheet (A, pca_output_3,I)
and map_sheet (A, pca_output_2,J)
and frame_get (working_directory,path,K)
and map_sheet (A, tm_large_line_size, L)
and map_sheet (A, tm_large_pixel_size, M)
then delete [
map_sheet (A, updated_road_segment,N),
map_sheet (A,digitize_road_network, O)

add [
digitize_roads,
map_sheet (A, updated_road_segment, P),
map_sheet (A,digitize_road_network, done),
map_sheet (A, tm_small_easting_distance,Q),
map_sheet (A, tm_small_northing_distance,R)

disk_to_display

if frame_get (database_display, database_input_channels,a)
and frame_get (image_handler_0,database_file_path,B)

then delete[]ladd[disk_to_display]

display_arc_coverage

if frame_get (arc_host,name,A)

and frame_get (current_map_sheet,name, B)

and map_sheet (B, updated_coverage_file,C)

and frame_get (working_ directory,path,D)

then delete [
host_computer_class (work_station_host, name,E),
map_sheet (B, display_arc_coverage, F)

1

add (
display_arc_coverage,
host_computer_class (work_station_host, name,G),
map_sheet (B,display_arc_coverage, done)

display_arc_coverage_c
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if frame_get (arc_host, name, A)

and frame_get (current_map_sheet, name, B)

and map_sheet (B, updated_clear_cut_coverage,C)

and frame_get (working_directory,path,D)

then delete [
host_computer_class(work_station_host,name,E),
map_sheet (B, display_arc_coverage_c,F)

]

add [
display_arc_coverage_c,
host_computer_class(work_station_host,name,G),
map_sheet (B,display_arc_coverage_c,done)

erdascp_dem
ié frame_get (current_map_sheet, name, A} .
and map_sheet (A,dem_erdas_file,B)and frame_ get(working_directory,path,C)

then delete[]add[erdascp_dem,map_sheet (A,dem_pci_file,D}]

erdascp_lakes

if frame_get(current_map_sheet, name,A)

and map_sheet (A, erdas_lakes_file,B)

and frame_get (working_directory,path,C)

then delete(]add(erdascp_lakes,map_sheet (A,pci_lakes_file,D)]

export_clear_cuts_to_arc
if frame_get (current_map_sheet, name, A)
and map_sheet (A, tm_small_file,B)
and map_sheet (A, updated_clear_cut_segment,C)
and frame_get (working_directory,path,D)
then delete []
add [
export_clear_cuts_to_arc,
map_sheet (A, updated_clear_cut_point_file,E),
map_sheet (A,updated_clear_cut_vector_file,F)

export_clear_cuts_to_pci

if frame_get (arc_host, name,A)
and frame_get (current_map_sheet,name, B)
and map_sheet (B, tm_file,C)and frame_get (working_directory,path, D)
then delete [map_sheet (B, segment_clear_cuts,E)]
add [
export_clear_cuts_to_pci,
map_sheet (F,roads_lin_file,G),
map_sheet (B, clear_cut_poly file,H),
map_sheet (B, clear_cut_only_ file,I),
map_sheet (B,clear_cut_arc_file,J),
map_sheet (B, segment_clear_cuts,K)

export_roads_to_arc

if frame_get (current_map_sheet,name,A)
and map_sheet (A, tm_small_file,B)

and map_sheet (A, updated_road_segment,C)
and map_sheet (A,digitize_road_network, D)
and frame_get (working_directory, path,E)
then delete [}

169



add [
export_roads_to_arc,
map_sheet (A,updated_road_point_file,F),
map_sheet (A, updated_road_vector_file,G)

export_rocads_to_pci
ié frame_get (arc_host, name, A)
and frame_get (current_map_sheet,name, B)
and map_sheet (B,tm_file,C) . R
and map_sheet (B, roads_arc_file,D)and frame_get (working_directory,path,E)
then delete [map_sheet (B, segment_roads,F)]
add [
export_roads_to_pci,
map._sheet (B, roads_lin_file,G),
map_sheet (B, segment_roads, H)

import_clear_cuts_to_arc

if frame_get(arc_host,name,a)

and frame_get(current_map_sheet, name, B)

and map_sheet (B,updated_clear_cut_vector_file,C)

and map_sheet (B,updated_clear_cut_point_file,D)

and frame_get (working_directory,path, E)

then delete []

add [import_clear_cuts_to_arc,map_sheet(B,updated_clear_cut_coverage,F)]

import_dlg_to_arc

if frame_get(arc_host, name,A)

and frame_get (current_map_sheet, name, B)

and map_sheet (B,dlg_roads_file,C)and frame_get (working_directory,path, D)
then delete[]addiimport_dlg_to_arc,map_sheet (B, roads_arc_file,E)]

import_hydrology

if frame_get(arc_host,name, )
and frame_get (current_map_sheet, name, B}
and map_sheet (B,dlg_lakes_file,C)and frame_get (working_directory.path,D)
then delete []
add [
import_hydrology,
map_sheet (B,grid_lakes_file,E),
map_sheet (B, erdas_lakes_file,F),
map_sheet (B, arc_lakes_£file,G)

import_roads_in_arc

if frame_get (arc_host,name,’)

and frame_get (current_map_sheet, name, B)

and map_sheet (B, updated_road_vector_file,C)

and map_sheet (B, updated_road_point_file, D)

and frame_get (working_directory,path,E)

then delete[]add[import_roads_in_arc,map_sheet(B,updated_coverage_file,F)]

invent_£fly

if frame_ get (current_map_sheet, name, A)
and frame_get (working_directory,path, B)
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and map_sheet (A, tm_small_dem_channel,C)

then delete []

add [
invent_f£fly,
map_sheet (A, mas_filename, D),
map_sheet (A, mas_blue_channel ,E),
map_sheet (A, mas_green_channel,F},
map_sheet (A, mas_red_channel,G),
map_sheet (A, mas_dem_channel,C)

isoclus_on_tm_small_c

if frame_get (current_map_sheet,name, A)

and map_sheet (A, tm_small_file,B)

and map_sheet (A, isoclus_channel,Cland frame_get (working directory,path,D)
then delete{ladd[isoclus_on_tm_small_c]

kclus_on_tm_small_c

if frame_get (current_map_sheet,name, )
and map_sheet (A, tm_small_file,B)and frame_get (working_directory,path,C)
then delete []
add [
kclus_on_tm_small_c,
map_sheet (A, kclus_channel, D),
map_sheet (E, isoclus_channel, F)

lakes_to_bitmap

if frame_get (current_map_sheet,name,A)

and map_sheet (A, sieve_lakes_file,B)

and map_sheet (A, sieve_lakes_dboc, C)

and frame_get (working_directory,path, D)

then delete [map_sheet (A, lakes_thr_dbib,E)}

add {
lakes_to_bitmap,
map_sheet (4, lakes_num_lakes,F),
map_sheet (A, lakes_thr_dbib,G)

pca_on_tm_small
if frame_get{(current_map_sheet, name,A)
and map_sheet (A,dem_pci_num_pixels,B)
and map_sheet (A,dem_pci_num_lines,C)
and map_sheet (A, tm_file,D)and frame_get (working_directory,path,E)
then delete [map_sheet (A,highlight_roads,F)]
add [
pca_on_tm_small,
map_sheet (A, pca_output_1,G),
map_sheet (A, pca_output_2,H),
map_sheet (A,pca_output_3,I),
map_sheet (A, highlight_roads, done)

pca_on_tm_small_c

if frame_get(current_map_sheet, name, A)

and map_sheet (A, dem_pci_num_pixels, B)

and map_sheet (A,dem_pci_num_lines,C)

and map_sheet (A, tm_small_file,D)and frame_get (working_directory,path, E)
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then delete [map_sheet(A,highlight_roads,F)]
add [
pca_on_tm_small_c,
map_sheet (A,pca_output_1,G),
map_sheet (A, pca_output_2,H),
map_sheet (A,pca_output_3,I),
map_sheet (A,highlight_roads, done)

seidam_backup::if true then delete(]add[seidam_backup]

seidam_palermo

if frame_get(current_user,goal,A)

then delete [
application(reshell_application, instance_of,B),
application(reshell_application,plan,C),
application(reshell_applicatiou,current_agent,D)

add [
seidam_palermo,
applicacion(reshell_application,instance_of,application),
application(reshell_application,plan,E},
application(reshell_application,current_agenc,?)

set_georeference_tm_large

if frame_get (current_map_sheet, name, )

and map_sheet (A, tm_large_file,B)

and map_sheet (A, dem_no_lakes_file,C)

and frame_get (working_directory,path, D)

then delete [
map_sheet (A, tm_large_pixel_size,E),
map_sheet (A, tm_large_line_size,F),
map_sheet (A, tm_upleft_northing,G),
map_sheet (A, tm_upleft_easting, H),
map_sheet (A, tm_loright_northing, I),
map_sheet (A, tm_loright_easting,J),
map_sheet (A,dem_upleft_northing, K),
map_sheet (A,dem_upleft_easting, L),
map_sheet (A, dem_loright_northing, M)
map_sheet (A,dem_loright_easting,N)

~

]

add [
set_georeference_tm_large,
map_sheet (O, tm_large_pixel_size, P),
map_sheet(Q,tm_large_line_size,R),
map_sheet (A, tm_upleft_northing,S),
map_sheet (A, tm_upleft_easting,T),
map_sheet (A, tm_loright_northing,U),
map_sheet (A, tm_loright_easting,V),
map_sheet (A, dem_upleft_northing, W),
map_sheet (A,dem_upleft_easting,X),
map_sheet (A,dem_loright_northing, Y),
map_sheet (A,dem_loright_easting, Z)

set_georeference_tm_small

if frame_get (current_map_sheet, name,2)
and frame_get (working_directory, path, B)
and map_sheet (A, tm_small_with_dem_file,C)
and map_sheet(A,dem_upleft_northing,D)
and map_sheet (A,dem_upleft_easting, E)
then delete []
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add [
set_georeference_tm_small,
map_sheet (A, tm_small_loright_northing,F),
map_sheec (A, cm_small loright_easting,G),
map_sheet (A, tm_small_upleft_easting,H),
map_sheet (A, tm_small_upleft_northing,I),
map_sheet (A,tm_file,C)

set_georeference_tm_small_tercom

if frame_get (current_map_sheet,name,’)

and frame_get (A,dem_upleft_easting,B)

and frame_get (A,dem_upleft_northing,C)

and map_sheet (A,dem_loright_easting, D)

and map_sheet (A,dem_loright_northing, E)

and map_sheet(A,tm_file,F)

and frame_get (working _directory,path,G)

and map_sheet (H,dem_upleft_northing, I)

and map_sheet (J,dem_upleft_easting,K)

then delete (]

add (
set_georeference_tm_small_tercom,
map_sheet (L, tm_small_loright_northing, M),
map_sheet (N, tm_small_loright_easting,0),
map_sheet (H, tm_small_upleft_northing,P),
map_sheet (J, tm_small_upleft_easting, Q)

sieve_isoclus
if frame_get (current_map_sheet, name, A)
and map_sheet(a,tm_small_file,B)and frame_get (working_directory,path, C)
then delete [map_sheet(A,sieve_isoclus,D)]
add [
sieve_isoclus,
map_sheet (A, isoclus_channel ,E),
map_sheet (A, sieved_isoclus_channel,F),
map_sheet (A, sieve_isoclus, done)

sieve_kclus

if frame_get (current_map_sheet,name,A)
and map_sheet (A,tm_small_file,B)
and map_sheet (A, kclus_channel,C)and frame_get (working_directory, path, D)
then delete [map_sheet(A,sieve_kclus,E)]
add [
sieve_kclus,
map_sheet (A, sieved_kclus_channel,F),
map_sheet (A, sieve_kclus, done)

sieve_lakes
if frame_get (current_map_sheet, name, A)
and frame_get (working_directory,path,B)and map_sheet (A,pci_lakes_file,C)
then delete (]
add [
sieve_lakes,
map_sheet (A, sieve_lakes_sthresh, D},
map_sheet (A, sieve_lakes_dboc,E),
map_sheet (A,sieve_lakes_dbic,F),
map_sheet (A,sieve_lakes_file,C)
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tercom

if frame_get (current_map_sheet,name, )

and map_sheet (A, tm_large_pixel_size,B)

and map_sheet (A, tm_large_line_size,C)

and map_sheet (A, tm_upleft_northing, D)

and map_sheet (A, tm_large_file,E)

and map_sheet (A,dem_pci_file,F)

and map_sheet (A, tm_upleft_easting,G)

and frame_get (A,dem_upleft_northing, H)

and frame_get (A,dem_upleft_easting, I)

and frame_get (working_directory,path,J)

and map_sheet (A,dem_upleft_northing, K)

and map_sheet (A,dem_upleft_easting,L)

then delete [
map_sheet (A, create_small_tm_file,M),
map_sheet (A, copy_dem_file_into_small_tm_file,N),
map_sheet (A, dem_pci_num_pixels,0),
map_sheet (A, tm_small_num_pixels,P),
map_sheet (A,dem_pci_num_lines,Q),
map_sheet (A, tm_small_num_lines,R),
map_sheet (A, tm_small_upleft_northing,S),
map_sheet (A, tm_small_loright_northing,T),
map_sheet (A, tm_small_upleft_easting,U),
map_sheet (A, tm_small_loright_easting, V)

add [
tercom,
map_sheet (A, tm_small_num_lines,W),
map_sheet (A, tm_small_num_pixels,X),
map_sheet (A, tm_small_file,Y),
map_sheet (Z,tm_small_channel_32r,Aa),
map_sheet (AB, tm_small_channel_16u, AC),
map_sheet (AD, tm_small_channel_16s,AE),
map_sheet (A, create_small_tm_file,done),
map_sheet (A, copy_dem_file_into_small_tm_file,done),
map_sheet (A,dem_pci_num_pixels,X),
map_sheet (A,dem_pci_num_lines,W),
map_sheet (A, tm_small_upleft_northing, AF),
map_sheet (A, tm_small_loright_northing, AG),
map_sheet (A, tm_small _upleft_easting, AH),
map_sheet (A, tm_small_loright_easting,AI),
map_sheet (A, tm_large_start_line,AJ),
map_sheet (A, tm_large_start_pixel, AK)

threshold_isoclus

if frame_get (current_map_sheet,name,ba)
and map_sheet (A,tm_small_file,B)and frame_get (working_directory,path,C)
then delete [
map_sheet (A, last_isoclus_thr_dbib,D),
map_sheet (A, creating_isoclus_themes, E),
map_sheet (A, threshold_isoclus,F)

add [
threshold_isoclus,
map_sheet (A, sieved_isoclus_channel,G),
map_sheet (A, last_isoclus_thr_dbib,H),
map_sheet (A, creating_isoclus_themes, done),
map_sheet (A, threshold_isoclus, done)

tm_extractor
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if frame_get (tape_drive_dev,name, )
and frame_get (tape_drive_host, name, B)
and frame_get (working_directory.path,C)
then delete [
class({tm_class, tape_name, D),
class(tm_class,year,E),
tm_class (tm_image, tape_name,F),
tm_class(tm_image,year,G)

]

add ([
tm_extractor,
tm_class (tm_image, tape_name,H),
tm_class(tm_image,year, I)

tm_tape2disk

if frame_get (exabyte_dribe,host,A)

and frame_get (exabyte_drive, name, B)
and frame_get (working_directory,path,C)
then delete(ladd[tm_tape2disk]

trim_to_dem

if frame_get (current_map_sheet,name,3)
and frame_get (working_directory,path, B)
then delete [map_sheet(A,dem_file,C)]
add [
trim_to_dem,
map_sheet (A, source_files_copied, D),
map_sheet (A,dem_file,E)

trim_to_dlg
if frame_get (current_map_sheet,name,A)
and map_sheet (A, source_files_copied, B)
and frame_get (working_directory,path,C)
then delete []
add [
trim_to_dlg,
map_sheet (A,dlg_roads_file,D),
map_sheet (A,dlg_lakes_file,E)

vdyp_agent

if frame_get(current_map_sheet, name, A)

and frame_get (working_directory,path,B)

and frame_get (vdyp_out_var, start_age,C)

and frame_get (vdyp_out_var, finish_age, D)

and frame_get (vdyp_out_var, age_increment, E)

and frame_get (ingres_host,name, F)and frame_get (vdyp_host, name,G)

then delete []add[vdyp_agent,vdyp(H,var_list,[]),vdyp(vdyp_out_var,var_lisc,I)]

vdyp_display_output

ié frame_get (current_mapsheet, name, A)

and frame_get (ingres_host,name, B)and frame_get (working_directory,path, C)
then delete [host_computer_class(work_station_host,name,D) ]

add [vdyp_display_output,host_gomputer_class(work_station_host,name,E)]
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