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Abstract. In this paper, we present an adaptation-guided similarity metric based
on the estimate of the number of actions between states, called ADG (Action
Distance-Guided). It is determined by using a heuristic calculation extracted
from the heuristic search planning, called FF, which was the fastest planner in
the AIPS 2000 competition. This heuristic provides an accurate estimate of the
distance between states that is appropriated for similarity measures.
Consequently, the ADG becomes a new approach, suitable for domain
independent case-based planning systems that perform state-space search.

1 Introduction

The purpose of Case-based Reasoning (CBR) systems is to improve efficiency by
using stored cases to solve problems. However, there are many efficiency bottlenecks
in CBR systems. Two of them, which are concerned with the retrieval phase, are: the
space of cases where the search engine is performed, and the similarity metric that is
responsible for determining how much similar the cases are to a new problem. The
researches in former topic are concerned with locating the best case in a reduced
space of search [13,15]. In the latter, the researches are concerned with how to design
a suitable similarity metric that provides an accurate measure. Better approaches for
this topic have been the measurement of the similarity of cases based on adaptation
effort [8,11,16]. The less effort, the better is the case to be retrieved.

This paper focuses on developing a similarity metric that may predict the
adaptation effort of a case by the estimate of the distance between states in case-based
planning (CBP) systems. We mean by CBP a general problem solver where plans are
a sequence of actions. It is different from route planning [14] and episode-based
planning [8], which are particular samples of CBP systems, and consequently, they
have specific features that can be explored in order to improve the system efficiency.
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As the plans are a sequence of actions, a suitable similarity can be found through
the distance given by the possible number of actions between states. However, the
similarity metrics, until now, would find a similarity by the number of differences
between states [7,19].

The ADG (Action Distance Guided) similarity here proposed is a new similarity
metric based on the estimate of the number of actions. It is extracted from the
heuristic used by the FF planning system [4,6] to estimate the number of actions
between the current state and the final state. The FF was the fastest planner in the
AIPS’ 2000 competition [1] by using this heuristic method to guide the search engine
at each step.

The proposed similarity metric is suitable to be applied in conjunction with any
method that reduces the search space of cases, as [15], or with in any method of case-
base maintenance based on the adaptation effort. For example, the ADG similarity
can be used in RP-CNN [9], which is a measure based on the adaptation costs. It
needs a suitable similarity metric to edit case-bases and to preserve the efficiency of
the system. The RP-CNN assumes “that the similarity metric will accurately select
the most adaptable case for any problem” ([9] p. 166), and the ADG can be this
similarity metric.

This paper is organized as follow. Section 2 presents some related works. Section 3
presents the Transaction Logic that is used to formalize actions, plans and cases.
Section 4 presents the relaxed fixpoint extracted from [4] and defines the ADG
similarity. Section 5 presents some experiments. Finally, some discussions are
presented in section 6 and conclusions in section 7.

2 Related Works

Although the case-base competence is important, the efficiency is really the main
factor that affects the performance in environments where case-based systems have
intensive domain knowledge, which can provide a solution from scratch.

The retrieval phase critically affects the systems performance. It must search in a
space of cases in order to choose a proper one that will allow the system to solve a
new problem easily. In order to improve efficiency in the retrieval phase, it is
necessary either to reduce the search space or to design an accurate similarity metric.
Reducing the search space will let available only a suitable subset of cases for the
search process and an accurate similarity metric will choose the most similar case to
decrease the adaptation phase effort. Some works present interesting approaches that
reduce the search space of cases (e.g [13,15]).

In this paper, we are concerned with similarity metric. Much attention has been
given to researches that design suitable similarity metrics. They focus on choosing the
most adaptable case as the most similar one, such as DIAL [8], DéjaVu [16] and
ADAPER [11] systems. DIAL system is a case-based planner that works in disaster
domains where cases are schema-based episodes. It uses a similarity assessment
approach, called RCR, which considers an adaptability estimate to choose cases in the
retrieval phase. Similarly, Déja Vu system operates in design domains and uses an
adaptation-guided retrieval (AGR) to choose cases that are easier to be adapted.



© Copyright 2001 Springer Verlag
Published in Lecture Notes in Computer Science, v. 2080, p. 531-545

ADAPER is a diagnostic system that calculates an estimate of adaptability of a
solution to supply a pivoting-based retrieval with the capacity to choose a group of
relevant cases between an upper and a lower bound.

The adaptation-based metric presented by this paper, called ADG (Action
Distance-Guide), differs from those presented in ADAPtER and DéjaVu systems. It is
designed to be applied in case-based planning systems that operate with actions. The
action-based planning is a general problem solver that finds a sequence of actions to
transform the initial state into a desirable final state [4,6,7,12,17,18,19]. This
approach is slightly different from route planning [14] and episode-based planning
[8], which are specific planners and have specific features that can be used to improve
the efficiency of the system.

The ADG similarity differs from the AGR approach because it does not use any
domain knowledge besides those obtained from actions and states, which are the
minimal knowledge that is required to define a domain for planning systems. The
AGR approach in DéjaVu system uses additional domain knowledge, called
capability knowledge, which is similar to what critics used to determine and solve
conflicts in partial-order planning systems. This additional knowledge allows
identifying the type and the functionality of a set of transformations, which are
performed by actions, through a collection of agents called specialists and strategies.
It must be well specified in order to maximize the AGR performance.

The ADG similarity differs from RCR method, used by DIAL system. It is based
on domain knowledge that is available in action definitions, while the RCR method
uses the experience learned from the adaptation of previous utilization of cases. They
also differ in their applicability because the RCR method considers cases as episodes
in disaster domains; the ADG approach considers it as a sequence of actions, suitable
for domain independent planning systems.

There are many domain independent case-based planning systems (e.g.
[2,7,10,19]). A great number of them use a search engine based on a space of states
[7,19]. Most of the state-space planning systems use a similarity rule that only
confronts (I) - the initial state and (G)- the final state of a stored case with (I’) —
current state and (G’) - goal state of the new problem. If / subsumes I’ and G
subsumes G’ under some limits, the case is appropriate to be retrieved. All retrieved
cases are then ordered following this subsumption. However, this approach is not a
suitable measure to improve the adaptation phase efficiency because it is not a good
measure of the real similarity.

An alternative approach to planning with states is the plan-space planning systems
[2,10]. They search in a space of plans and they have no goals, but only tasks to be
achieved. Since tasks are semantically different from goals, the similarity metric
designed for plan-space based CBP systems is also different from the similarity rules
designed for state-space based CBP systems.

An interesting similarity rule in plan-space approach is presented in the
CAPLAN/CBC system [10]. It extends the similarity rule introduced by the
PRODIGY/ANALOGY system [19] by using feature weights in order to reduce the errors
in the retrieval phase. These feature weights are learned and recomputed according to
the performance of the previous retrieved cases. This approach is similar to RCR
method used by DIAL system in disaster domains.
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There are two important differences between ADG and CAPLAN/CBC’s similarity
rule. One difference is that the former is designed for state-space planning and the
latter for plan-space planning. Another difference is that the ADG similarity does not
need to learn any knowledge to present an accurate estimate. As highlighted before,
the ADG similarity only needs the knowledge that can be extracted from actions.

The purpose of this paper is, therefore, to develop an adaptation-based similarity
rule that estimates the adaptation effort of each case for general and domain
independent case-based planning systems with state-space search.

3 The Transaction Logic in Planning

The Transaction Logic (TR) [3], in its serial-Horn version, is an extension of the first-
order logic, by the introduction of the serial conjunction operator (®), e.g., o0 ® ,
which means "first execute o, and then execute 3".

It uses the following notation to describe a transaction: P, D,,...,D, |= ¢, where ¢ is
a transaction formula and P is a set of TR formulas called transaction base. Each D; is
a database state that is a set of first-order formulas. Intuitively, P is a set of
transaction definitions, ¢ is an invocation of some of these transactions; D,,...,D, is a
sequence of databases that represents an updating made by ¢ On the other hand, a
situation of a query is not given by a sequence of databases, but by just one state. For
example, P,D; |= gry(c), where c is true in D;.

To perform an updating, TR works with a transition oracle (O") that is a mapping
between two states and a set of atomic formulas. For our purposes, it is only necessary
to define two formulas: ins(_) and del(_) in the transition oracle framework. To
formally execute both formulas, for example ins(c) and del(d), a possible satisfaction
can be: P,D,D;,D;l= ins(c) ® del(d). It happens if and only if ins(c) € O'(D,D+{c}) ;
del(d) e O'(D,D-{d}) ; D; = D+{c} and D, = D+{c}-{d}.

With all these formal features, TR is a suitable logic to describe actions and plans
for planning systems, as can be seen with some uses of TR in planning formalization
[12,17,18]. As TR is suitable for planning, it is suitable for CBP system components
as well, because the case memory is a collection of plans.

In order to define the planning components in a TR framework, we will follow in
accordance with Santos and Rillo’s work [12]. Considering L a language defined in
serial-Horn version of TR, the components of a planning system can be defined as:

Definition 1 (State): The state D is a finite set of first-logic predicates and it is
represented in TR as a database state. Each d € D is called literal.

Two examples of state definition are given in Figure 1. States can be modified by
actions, which are defined as:

Definition 2 (Strips-like Actions): Considering A < L as a set of action definitions,
each o4 o € A, has the following structure:

a € pre(a) @delete(a) ® add( )
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where
e pre(@) is a TR formula that is composed by qry(_) predicates that represents the
preconditions of the action «.

handempty ’J_‘ holding(A)
on(A,B) ontable(C)
ontable(C) ontable(B)
ble(B lear(B
cearA) _ dea® 1 o
clear(C) ) |_| |_| |_|
(2) (b)

Fig. 1. Two examples of state definition in block-world domain.

e delete( @) is the delete list of the action & It is a TR formula in accordance with
transition oracle and it represents all predicates that will not be true after the
action execution.

® add(a) is the add list of the action o. It is a TR formula in accordance with
transition oracle and it represents all predicates that will be true after the action
execution.

The result of an action execution is an updated state D’ from D after the deletion and
the inserting of the delete and add lists respectively. Any action o just can be
executed from a state D if pre(a) = D. For example, consider the following action in
the well-known blocks-world domain:

unstack (x,y) € gry(handempty(x)) @ gry(clear(x)) @ gry(on(x,y)) @ del(clear(x)) &
del(handempty) ® del(on(x,y)) & ins(holding(x)) &ins(clear(y)).

which means to get the block x from the top of block y. We can observe that:

pre(unstack(x,y)) = qry(handempty(x)) & qry(clear(x)) & qry(on(x,y)).
delete(unstack(x,y)) = del(clear(x)) & del(handempty) & del(on(x,y)).
add(unstack(x,y)) = ins(holding(x)) & ins(clear(y)).

Consider now a state D, as the state described in Figure la and the state Df as the
state described in Figure 1b. Thus, unstack(A,B) can be satisfied in TR as:

P, Dy...Df |= unstack(A,B)

Where P is the set of actions A and <D,...Df > is the state path from D, to Df by the
application of del and ins predicates contained in formula unstack(A,B). Therefore,
TR permits to perform formally an action in planning.

With the definitions of actions and state, it is possible, following [17], to define
plans, goals, and cases with the use of the TR:
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Definition 3: (Plan) A plan = o ®... ® ¢, is a TR formula, where ¢ € A; 1<i <n.

Definition 4: (Goal) A goal Df is a TR formula and it is a set of queries that
represents the desirable final state.

When the planner finds a desirable sequence of actions in order to reach Df, the plan
can become a case to be stored for future uses. A case is a modified plan by the
insertion of initial and final states features:

Definition S: (Case) A case 1 is a TR rule:
neWidg .. ®a WS,

where:

® nisa TR rule that represents a stored case.

e a €A; 1 <i<n aplan defined by the planner that satisfies a proposed goal.
e Wiis a set of queries in TR that represents the precondition of the case.

o Wfis a set of queries in TR that represents the pos-condition of the case.

Intuitively, Wi is a set of those literals that are deleted by the plan. It is equal to the
result of the foot-printing method used by PRODIGY/ANALOGY system [19] and it
represents the pre-condition of the plan. The process of foot-printing the initial state is
described in [19].

With respect to WY, it is a set of those literals that are inserted by the plan and will
be presented in the final state after the plan execution. There is no correspondence to
other cases features in any case-based planning system.

4 The Similarity Rule

Once we have Wi and Wf, we will be able to define values of similarity between a
new problem, described by a goal formula (def. 4), and a case. It can be made through
two comparisons. One is with the current initial state, denoted by D, and with the
initial state features from the case, denoted by Wi. This comparison is called initial
similarity value (&). Another comparison is between the desirable final state (Df)
from the goal and the final state features (Wf) from the case. This comparison is called
goal similarity value (d;). Both similarity values are obtained after the determination
of a state-fixpoint from a relaxed planning problem.

4.1 The State-Fixpoint

The process of estimating the distance between two states is the main part of a
heuristic-search planning systems, as FF [4,6]. In fact, we use the same heuristic,
which is used by FF planner to guide the search, to estimate the similarity between the
current situation and stored cases.
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The first step of heuristic determination is to create a graph for a relaxed planning
problem. Hoffmann and Nebel [6] explain that this relaxing is obtained by ignoring
the delete list of actions. It allows the graph to find a relaxed fixpoint that is
composed by all predicates that are reached from the initial state.

As defined by Hoffmann [4], the graph is constituted by layers that comprise
alternative facts and actions. The first fact layer is the initial state (Dj). The first
action layer contains all actions whose preconditions are satisfied in Dy. Then, the add
lists of these actions are inserted in the next fact layer together with all predicates
from the previous fact layer, which leads to the next action layer, and so on. The
process keeps going on until it finds a relaxed fixpoint, i.e., when there are no more
fact layers that are different from previous fact layers.

These layers show in how many steps, at least, a predicate can be reached, or an
action can be applied, from D,. The algorithm in Figure 2 shows this process, and it
can be performed as an off-line process or as a startup process of the retrieval phase.
It can be off-line because it uses only information from the initial state (D,) and the
actions that are available before the retriever starts. In addition, it is performed only
once, so it can be performed as a startup process of the retrieval phase.

Some useful information can be determined from the relaxed fixpoint process.
Following [4,6], they are:

Definition 6: levelpred(d) := min {i| d € F,, where F; is the i layer of facts }
Definition 7: levelpred( ) := min {i | & € O, where O; is the i layer of actions }

Definition 8: difficulty () := 2 levelpred(d)
d € pre(a)

The definitions 6 and 7 provide the order number of the layer where each literal or
action appears first. It means that each literal, or action, is a membership of its first
appearance in the fact layer or in the action layer respectively.

The definition 8 presents a heuristic that calculates the difficulty of an action in
respect of its first preconditions appearance. As highlighted in Hoffmann and Nebel’s
work, “this heuristic works good in situations where there are several ways to achieve
one fact, but some ways need less effort than others.” [6].

With the graph generated, it is possible to find a relaxed solution for any state that
can be reached from D,. This relaxed solution, improved by the difficulty measure,
provides an estimate for the optimal length of the not-relaxed solution [6]. This
relaxed solution will give us the initial similarity value (&) and the goal similarity

value (&).

4.2 The Initial Similarity Value

For a stored case, one important measure that must be estimated is the distance
between the initial state (D,) and the features of the case initial state (Wi). This
distance estimation can be obtained by the second step of the FF’s estimate heuristic:
the relaxed solution [6].
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The process of obtaining the relaxed solution for a target-state (Wi) from initial
state (Dy), as described in [6] uses the generated graph. First, each predicate in the
target-state is initialized as a goal in its correspondent layer, determined by
levelpred(_) value. The process is then performed from the last layer to the first layer,
finding and selecting actions in layer i-/ which their add-list contains one or more of
goals initialized in layer i. Then, the preconditions of the selected actions are
initialized as new goals in their correspondent layer.

FO = DO;
k:=0;
fixpoint:=False;

while fixpoint=False do

Oy := {00 € A | pre(o) C Fy}
Fri1 1= Ug e ox add (@)
if F ., = F, then fixpoint:=True;
k:=k+1;
endwhile
max:=k;

Fig. 2. The algorithm that computes the relaxed fixpoint from the initial state. It is extracted
from [4].

The process stops when all unsatisfied goals are in the first layer, which is exactly the
initial state. The estimate number of action between initial state and the target-state is
the number of action selected to satisfy the goals in each layer.

The algorithm to compute the relaxed solution is shown in Figure 3. The variable h
is used to count the number of selected actions. The initialization of each goal is made
by an array and each predicate has a mark that can be true or false.

With the algorithm in Figure 3, it is possible to find the Initial Similarity Value,
that is the result 4 from the function relaxed_initial_length (Wi) after setting all
marks of all predicates as false:

G=h

The value of ¢ is the estimate of the distance between D, and Wi, and configures the
first part of our similarity metric. The second part is obtained by the estimate of the
distance between Wf and Df, which is presented below.

4.3 The Goal Similarity Value

So far, the similarity measure only used the FF’s estimate heuristic without any
changes in its original concept. In fact, we had needed only to calculate the distance
from Dy, and the direct application of the FF’s heuristic is enough. Now, we have to
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introduce some modifications in the FF’s heuristic concept in order to calculate the
distance from Wf'to Df using the generated graph.

The generated graph is suitable to estimate the distance from D,. In this case, the
distance between Wf and Df cannot be estimated by simply calculating the distance of
Df from D, and then diminishing the number of actions in the case and the & value.
This is because the solution trace from D, is different from the other solution traces
that consider the actions in the case. It leads us to force the solution trace from D, to
use the sequence of actions in the case.

relaxed _initial_length (G)

clear all Gi

for i:=1 ... max do

Gi := {g € G |levelpred(g) = 1i};
endfor

h:=0;

for i:= max ... 1 do

for all g € Gi, g not marked TrRUE at time i do
select Oheyelprea—i-1; Minimal difficulty; g € add(a);
h:=h+1;
for all dicveiprea 2 0 € Pre(®), not marked True at i-1 do
Gilevelpred(d) := Glevelprea(a) Y {d};
endfor
for all d € add(a) do
mark d as True at time i-1 and 1i;
endfor
endfor
endfor
return h;

Fig. 3. The algorithm that computes the relaxed solution from a relaxed fixpoint, where G is the
target-state. It is extracted from [6].

To force the estimate of the distance of Df from D, considering the case actions, it is
necessary to maintain the values of each mark of each predicate, after the performing
of the Initial Similarity Value calculation. It means that we will call the function
relaxed_final_length(Wi, Wf,Df) (Figure 4) using the marks changed by the
relaxed_initial_length(Wi).

However, keeping the marks unchanged is not enough. It is also necessary to
change some truth predicate values of Wi and Wf. First, we must set all marks of all
predicates in Wi as false. Then, we have to mark as true each predicate in Wf in their
correspondent layer. All these changes are necessary because Wi indicates the
predicates that the case will delete, and the Wf indicates the predicates that will be
true after the case execution.

In addition, it is also necessary to initialize Wi as a goal, because the trace must be
calculated through the actions of the case.
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The reason to keep unchanged all marks from & calculation is to avoid that the
calculation of the Goal Similarity Value incorporates redundant values like the
number of actions between D, and Wi.

With the result 2’ from the function relaxed_final_length(Df) of the algorithm
presented in Figure 4, we can define the Goal Similarity Value, that is the second part
of our similarity metric:

or=h

With all parts defined, it is possible to determine the similarity value of a case.

relaxed final_ length (Wi, Wf,Df)

G:=Df;
for each d € Wi do

mark d as False at all levels;

G:=G+{d};
endfor
for each d € Wf do

mark True at levelpred(d) and levelpred(d)-1

endfor
h’:=relaxed_initial_length(G);
return h’;

Fig. 4. The algorithm that extracts the distance between Wf and Df by considering the marks
from relaxed_initial_length(Wi).

4.4 The Action Distance-Guided Similarity

Finally, the similarity metric can be defined joining the two values: J; and . This
similarity metric, that we call Action Distance-Guided (ADG), is a measure of the
adaptation effort for constructing a plan from D, to Wi and from Wf to Df. It is the
sum of both values:

ADG =é+6p

It is important to note that ADG is a domain independent approach and it is also
designed to be used in any retrieval phase of a state-space CBP system with action-
based cases, i.e., where cases and plans are sequence of actions.

A case is useful when the ADG value is less than the direct distance between D,
and Df, that can be calculated with the FF’s heuristic. If this distance is less than the
ADG value of any stored case, a generative planner, as FF [4,6], can be performed
without the use of any retrieved case.

Otherwise, if the ADG value is less than the direct distance between D, and Df, it
is preferable to use a retrieved case than plan from scratch. It means that, for example,
the ADG value of a case with 10 actions is 7 and the distance between D, and Df



© Copyright 2001 Springer Verlag
Published in Lecture Notes in Computer Science, v. 2080, p. 531-545

directly is 15. It is preferable to avoid any kind of modification in the case structure
and to plan a sequence of 7 actions, and finding a solution with 17 actions, than plan
Jfrom scratch and have to find a sequence of 15 actions. This preference is based on
the generative planner effort, which is less if it is requested to find a sequence of 7
actions than a sequence of 15 actions.

Some CBP systems incorporate a modification phase that can change the actions in
the case in order to find a solution near to optimal. However, this process is more time
expensive than the approach that does not perform any modification in the case
structure. Therefore, the generative planning is used to complete the retrieved case by
finding a sequence of actions that links D, to the case and another sequence that links
the case to Df. It is considered in the experiments below.

5 Experiments

Some empirical tests are necessary in order to analyze the performance and results
that the ADG similarity can produce. The experiments are performed with two case-
bases with 100 cases each, in two different domains: Block-world and Logistic
domains. The former is a well know domain in the planning area, and the latter is a
simplified version of UCPOP domain. Both were used in AIPS’2000 competition [1].

In order to compare the results from ADG, we will consider the similarity rules
used by some case-based planning systems, such as MRL’s subsuming similarity [7]
and Prodigy’s footprint similarity [19]. We will also consider the standard normalized
Nearest Neighborhood (NN) rule as a generic similarity rule.

However, the NN rule and MRL’s subsuming similarity used in the tests are
improved by Wi and Wf information from the stored cases. It means that the accuracy
improvement obtained by Prodigy’s footprint similarity over the standard Nearest
Neighborhood does not exist anymore. It happens because the improvement was
mainly based on the consideration of information about initial and goal states of the
cases, and this information is already described in Wi and Wf. On the other hand, the
time used by Prodigy’s similarity to compute the footprint initial states, which takes
O(n’) for a case with n actions [19], is not necessary because Wi is already computed
in all stored cases. Consequently, Prodigy’s similarity takes the same processing time
as MRL’s subsuming and standard Nearest Neighborhood.

Considering the fact that Prodigy’s similarity rule does not calculate normalized
values of similarities, and that MRL’s subsuming does not consider the case initial
state features to rank similar cases, it is expected that the normalized standard NN
performs better than both in the experiments, but worse than AGR.

The experiments are performed in a Pentium® Il computer with 450 MHz and 128
Mbytes of memory, in Microsoft® Windows environment.

5.1 Experiment 1 — The accuracy of each similarity rule

In the first experiment (Figure 5a), each test considers a couple of cases. We
performed 600 tests with couple of different cases in different initial and final states.
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Initial states, final states and cases are chosen randomly for each case base in blocks
and logistic domains.

At each test, the time used by a generative planning to complete the cases is
annotated. The case that requested less effort to find a solution is considered the most
similar one. The cases are considered equally similar if the difference time between
both is less than 0.3 seconds. Then, each similarity rule is applied. The results of each
method are confronted with the correct answer. The percentage of correct results from
each similarity rule is presented in Figure 5a.

The results show that the ADG is better than the common similarity rules used by
some CBP systems. It leads us to conclude that ADG is suitable for any adaptation-
guided similarity rule applied in CBP systems with state-space search.

Accuracy Processing Time of ADG

100% 5
B Blocks World —l— Logistic
[ Logistic Domain _ 4 1| —&— Blocks World

o}
o -
Q
R
49 ) ...
[49] 22
F

ADG  StdNN Prodigy MRL

! 0 22 5 75 100
F-Print

Number of searched cases
(@) (b)

Fig. 5. The performance of the ADG compared with other methods by accuracy (a) and its
processing time (b).

However, this accuracy is obtained to the detriment of processing time, as we can see
in the processing time experiment.

5.2 Experiment 2 — Processing Time

This experiment shows the processing time behavior of ADG similarity in different
domains. As the ADG is a process that calculates a relaxed solution, it is more time
expensive than the other methods, which take a processing time less than 0.3 second
for a case-base with 100 cases.
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The purpose of this experiment is to verify if the time curve from ADG similarity
calculation presents any exponential average time behavior that can invalidate the
benefit obtained by the similarity accuracy. The curve is plotted in Figure 5b.

The test is performed by determining the processing time to calculate the ADG
value for different quantities of cases in each domain. The result is an average time
value.

The result of the tests lead us to conclude that the ADG similarity calculation
presents a linear behavior in the average, even though it varies from domain to
domain.

The difference in processing times occurs because domains have different
complexities. Any generic system presents different processing times for different
complexities, because it does not have any specific domain features or any particular
heuristic methods that can improve the system efficiency in such domains.

For being a generic similarity rule, ADG presents the same different processing
times for different domains like any domain independent generative planner.
Therefore, we claim that the time expended to find a similar case in the case-base is
proportional to that presented by a generic generative planner as a result from
planning from scratch. The accuracy of the ADG can provide efficiency to the system
by the fact that the time wasted in the retrieval phase can be compensated in the
adaptation phase.

The efficiency of the system can be improved by a combination of an accurate
similarity rule, such as ADG, and a method that reduces the space of cases in the
retrieval searching process [15].

6 Discussion & Future Works

The actions defined in section 3 are STRIPS-like. However, as the FF’s heuristic can
also be calculated from actions in ADL-style [6], our similarity metric can be applied
to ADL-style as well.

The meaningful improvement introduced by the ADG similarity metric is the use
of FF’s heuristic that calculates a solution length, not necessarily optimal, for the
relaxed problem. It provides an informative estimate of the difficulty for planning.
This heuristic is well used by FF planning to escape from local minima and plateaus
in a local search engine combined with a breadth first search [4,5,6]. The use of this
heuristic permits that the FF works well in most of planning domains, as shown by the
results in AIPS’2000 competition [1]. An excellent and deep analysis of the reasons
that lead the FF to work well in planning domains is presented in [5].

As ADG is an estimate of the difficulty in planning to complete the retrieved case
in order to solve a problem, it is suitable for systems that have the purpose to use the
case without any or with less modification. The idea is to retrieve a case that can
decrease the number of actions that the system has to find and arrange to solve the
problem.

For a little group of cases, it is possible to investigate the intermediary states of
each case, and decide if any modification, like adding, deleting or replacing actions,
can be performed. The ADG similarity can be used to estimate the distance between
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the current initial state and these intermediary states, and consequently, it can
discover if there are superfluous actions and states in a case composition. If they exist,
they can be eliminated.

However, only ADG similarity is not sufficient to perform a modification phase,
because this phase can become a time expensive process, and in most situations, some
of heuristic-search planning systems, such as FF planner, could be faster than it.
Therefore, other heuristic methods should be researched in order to perform the
modification phase efficiently.

The ADG similarity is suitable to be used in CBP systems with state-space search,
and it cannot be applied in plan-space approaches as it is presented in this paper.
However, with some modifications, the ADG similarity could operate with tasks
instead of states and be appropriate to be used in domain independent case-based
planning with plan-space search. In addition, it can be mixed with techniques of
learning and feature weights, as CAPLAN/CBC’s similarity rule. All these advances
will be left for future works.

7 Conclusions

This paper presents a similarity metric for case-based planning systems based on the
number of actions necessary to transform one state into another state. We called this
similarity rule ADG (Action Distance-Guided).

The ADG similarity estimates the distance among the stored case and the initial
and final states. Consequently, the ADG similarity presented a better accuracy than
the usual similarity rules applied in generic case-based planning.

Although the processing time is higher than in other methods, the retrieved case is
much more accurate, and consequently, it will require less effort from the adaptation
phase.

As far as the processing time is concerned, many methods can reduce the space
search of cases in the case-base, reducing the processing time [15]. As mentioned
before, this paper is concerned with the accuracy of the similarity rule, which, if
applied with any reducing space search method, can provide a CBP system with a fast
and accurate retrieval phase.
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