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Abstract

Many organizations employ lessons learned (LL)
processes to collect, analyze, store, and distribute,
validated experiential knowledge (lessons) of their
members that, when reused, can substantially improve
organizational decision processes.  Unfortunately,
deployed LL systems do not facilitate lesson reuse and
fail to bring lessons to the attention of the users when
and where they are needed and applicable (i.e., they
fail to bridge the lesson distribution gap). Our
approach for solving this problem, named monitored
distribution, tightly integrates lesson distribution with
these decision processes. We describe a case-based
implementation of monitored distribution (ALDS) in a
plan authoring tool suite (HICAP). We evaluate its
utility in a simulated military planning domain. Our
results show that monitored distribution can
significantly improve plan evaluation measures for this
domain.

1 Introduction

Verified experiential lessons teach improvements about a
work practice [Fisher et al., 1998]. Many large government
(eg., DOD, DOE, NASA) and private organizations
develop lessons learned (LL) systems to assist with the
knowledge management process of collecting, analyzing,
storing, distributing, and reusing lessons [Davenport and
Prusak, 1998; Weber et al., 2001a]. Lessons record tacit
experiential knowledge from an organization’s employees
whose knowledge might be lost when they leave the
company, shift projects, retire, or otherwise become
unavailable. It is often crucia to record lessons; lives are
sometimes saved by preventing recorded catastrophes from
recurring [DOE, 1999]. Thus, sharing lessons, even if they
are used infrequently, can be very important. LL processes
and systems are needed to assist with lesson sharing, which
can be complicated, especially for large organizations or
large lesson databases.
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Lessons are usually in unstructured text format, and
distribution is commonly supported using standalone text or
keyword retrieval tools that require users to “pull” lessons
from a repository. Unfortunately, problems with text
representations and with this approach to distribution
negatively affect lesson reuse, which results in widespread
underutilization [Weber et a., 2001a]. In particular, they
are responsible for what we term the lesson distribution gap.
This gap exists when an organization fails to properly
promote lesson reuse and available lessons are not deployed
when and where they are needed and applicable.

At least three approaches exist to eliminate this gap.
First, identified lessons can be incorporated directly into
doctrine, which defines the processes to be employed by an
organization’s members. The doctrine is updated to include
the knowledge contained in the lesson. For example, the
Army’s CALL Center [CALL, 2001] deploys teams of
lesson analysts and doctrine experts to perform such
updates. However, not all lessons can be incorporated into
rule-like doctrine (e.g., because they may be true
exceptions), and not al organizations have close working
relations between doctrine and lessons learned personnel.

A second way to bridge this gap involves “pushing”
lessons to potential users, such as via list servers (e.g.,
[SELLS, 2000]) or intelligent spiders. For example, two of
the DOFE’s sites already employ portals containing spiders
[SELLS, 2000]. However, spiders are not integrated with
the decision support processes that the lessons target. Thus,
after retrieving lessons with a spider, users must
characterize the situations for which they are useful, recall
them when they encounter an applicable decision support
context, and interpret them correctly so that they are
properly reused. These are challenging tasks, requiring a
high level of expertise and time that most users do not have.

We investigate a third approach to bridging the lesson
distribution gap that involves tightly integrating the lesson
repository with a decision support tool. Our approach,
detailed in Section 2, requires inserting a monitor into the
decision support process so that it can determine when a
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Figure 1. Most lessons learned processes are separated from the
decision processes they support.

lesson’ s conditions are well matched by a decision context.
In Section 3, we describe a case-based implementation of
this monitored distribution approach in ALDS (Active
Lesson Deélivery System), a module of the HICAP plan
authoring tool suite [Mufioz-Avilaet al., 1999]. We describe
ALDS s evaluation in Section 4, where we provide evidence
that it can significantly improve performance measures for
HICAP-generated plans for a simulated military planning
domain (i.e., noncombatant evacuation operations (NEOS)).

Based on a recent survey [Weber et al., 2001a] and
analysis of the AAAI'00 Workshop on Intelligent Lessons
Learned Systems [Aha and Weber, 2000], we believe that
monitored distribution is novel with respect to deployed LL
systems, and has great potential for deployment. We
discuss the implications of our findings and future research
issuesin Section 5.

2 Monitored Lessons L ear ned Processes

A lesson is a knowledge artifact that represents a validated
(i.e., factually and technically correct) distillation of a
person’s experience, either positive or negative, that, if
reused by others in their organization, could significantly
improve a process in that organization. In particular, it
identifies a specific design, process, or decision that reduces
or eliminates the potential for failures and mishaps, or
reinforces a positive result [Secchi et al., 1999]. The
knowledge management process involving lessons (i.e., the
lessons learned process (LLP)) implements strategies for
collecting, analyzing, storing, distributing, and reusing a
repository of lessons to continualy support an
organization’s goals.

LLPs typically target decision-making or execution
processes for various types of user groups (i.e., managerial,
technical) and organizations (e.g., commercial, military). In
this paper, we focus on managing lessons to support
planning processes.

Flowcharts describing LLPs abound; organizations
produce them to communicate how lessons are to be
collected, analyzed, and distributed [SELLS, 2000; Fisher et
al., 1998; Secchi, 1999]. Figure 1 displays a typical LLP,
composed of the five sub-processes mentioned above, where
reuse does not take place in the same environment as the
other sub-processes.
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Figure 2. Monitored lesson distribution integrates the lessons
learned process with lesson-targeted decision processes.

Existing, deployed LL systems do not support all processes
in a LLP. In particular, organizations typically do not
develop software to support verification or reuse. Instead,
they use electronic submission forms to facilitate lesson
collection, and use a standalone retrieval tool for lesson
distribution [Weber et al., 2001a]. Users interacting with
this standalone tool are expected to browse the stored
lessons, studying some that can assist them with their
decison-making processes. However, based on our
interviews and discussions with members of several LL
organizations (e.g., in the Navy, Joint Warfighting Center,
Department of Energy, and NASA), and many intended
users, we found that they do not use available standalone LL
systems, which are usualy ineffective because (1) they
force users to master a separate process from the one they
are addressing, and (2) they impose the following unrealistic
assumptions:

- Users are convinced that using an LL system is beneficial
(e.g., contain relevant lessons).

- Users have the time and skills to successfully retrieve
relevant lessons.

- Users can correctly interpret retrieved lessons and apply
them successfully.

- Users are reminded of the potential utility of lessons when
needed.

We believe that lessons should be shared when and where
they are applicable, thus promoting their reuse. This
motivated us to develop an architecture for proactive,
integrated lesson distribution (Figure 2). In this monitored
distribution approach, reuse occursin the same environment
as other sub-processes; the decision process and LLP are in
the same context. This embedded architecture has the
following characteristics/implications:
- The LLP interacts directly with the targeted decision-
making processes, and users do not need to know that the
LL module exists nor learn how to useit.
- Users perform or plan their decision-making process
using a software tool.
- Lessons are brought to the user’s attention by an
embedded LL module in the decision-making
environment of the user’s decision support tool.
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- A lesson is suggested to the user only if it is applicable to
the user's current decision-making task and if its
conditions are similar to the current conditions.

- The lesson may be applied automatically to the targeted
process.

This process shifts the burden of lesson distribution from a

user to the software, but requires an intelligent “ monitoring”

module to determine whether/when a lesson should be
brought to a decision maker’s attention.

3 Implementation

We implemented the monitored distribution process in
ALDS, a module of HICAP [Mufioz-Avila et al., 1999].
This section details HICAP and then ALDS.

3.1  Plan authoring usng HICAP

HICAP (Hierarchical Interactive Case-based Architecture
for Planning) is a multi-modal reasoning system that helps
users to refine a planning hierarchy [Mufioz-Avila et al.,
1999]. A hierarchy is represented as a triple H = {T,<,},
where T is a set of tasks, < defines a (partial) ordering
relation on T, and t;:t, means that t; is a parent of t, in T.
Task hierarchies are created in the context of a state
S={<q,a>"}, represented as a set of <question,answer>
pairs.

HICAP provides three ways to refine tasks into subtasks.
First, it supports manual task decomposition. Second, users
can decompose a selected task using HICAFP's interactive
case retriever (NaCoDAE/HTN), which involves iteratively
answering prompted questions that refer to state variables.
Third, users can select a generative planner (SHOP) to
automatically decomposet.

3.2 Monitored lesson distribution using ALDS

Planning tasks (e.g., for military operations) involve severa
decisions whose affect on plan performance variables (e.g.,
execution time) depends on a variety of state variables (e.g.,
available friendly forces). Without a complete domain
theory, HICAP cannot be guaranteed to produce a correct
plan for all possible states. However, obtaining a complete
domain theory is often difficult, if not impossible. In
addition to representing typical experiential knowledge,
lessons can help fill gaps in a domain theory so that, when
reused appropriately during planning, they can improve plan
performance. This is the motivation for applying lessons
while using HICAP.

Figure 3 summarizes the behavior of ALDS, the
monitored distribution module. ALDS monitors task
selections, decompositions, and state conditions to assess
similarities between them and the stored lessons. When a
stored lesson’s applicable decision matches the current
decision and its conditions are a good match with the
current state, then the lesson is brought to the user's
attention to influence decison-making. When a user
implements a prompted lesson’s task decomposition (i.e.,
reusing the lesson), the current task hierarchy is modified
appropriately.
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Abstractly, reusable lessons contain indexing and reuse
components. Indexing components include the target task
and the lesson’s applicability conditions. The reuse
components include a suggestion that defines how to reuse
an experience and an explanation that records how the
lesson was learned. This explanation can be used to justify
the lesson’'s use in a new situation. In ALDS, alesson is
indexed by the (target) task that it can modify and a set of
<qguestion,answer> pairs defining its applicability
conditions, and contains a suggestion (e.g., a task
substitution) and the lesson’'s originating event (i.e., the
explanation).

We use a case-based approach for lesson distribution
primarily because the indexing components (i.e., task and
conditions) must support a partial matching capability.
Furthermore, the applicability of a lesson depends on the
context of the task that it targets, which suggests using
domain-specific similarity functions.

Thus, if both the task and the conditions are a “good”
match to the current planning state, then the user should
consider decomposing the current task into the lesson’'s
suggested subtasks. We borrowed NaCoDAE/HTN’s
similarity function for cases, and used a thresholded version
to define “good” (i.e., determine when a lesson should be
prompted to a user).

Lesson
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Use Other Applicable and does
Modules to the User Want
Choose Task
. Decomposition v Jes
SelectL’s
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Figure 3. HICAP's lessons distribution sub-process,
implemented in ALDS, during plan elaboration.

4 Evaluation

We wanted to evaluate the hypothesis that the monitored
distribution approach (e.g., as implemented in ALDYS) i<
superior to the traditional standalone approach for lesson
distribution and promoting lesson reuse. For HICAP/ALDS,
this hypothesis requires evaluating the plans created by
operational users who use the two lesson distribution
approaches in repeated planning tasks. Dependent variables
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would include agreed-upon measures of plan quality, which
depend on the planning domain.

Unfortunately, HICAP/ALDS has not yet been
scheduled for testing in a military training exercise, which
prevents us from working with operational planners.
Therefore, we instead performed an evaluation using
simulated users on a simulated NEO (noncombatant
evacuation operations) domain. Sophisticated full-scale
NEO simulators do not yet exist. Therefore, we constructed
our own plan evaluator for a simulated NEO domain
(Section 4.1). This allowed us to evaluate HICAP/ALDS's
plan authoring and lesson distribution capability for an
entire plan, rather than be limited to an evaluation on a
single task decomposition task [Mufioz-Avila et al., 1999].

Smulating how a user might benefit from a standalone
lesson distribution tool is difficult. Therefore, we instead
compared plan generation when using ALDS vs. not using it
(Section 5.2), where our revised hypothesis is that using
lessons will improve plan quality. This central hypothesisto
LL Ps, athough simple, has not been previously investigated
for lessons learned systems, and thus is appropriate for an
initial evaluation focus.

41  Methodology

The plans authored by HICAP concerned performing a
rescue mission where troops are grouped and move between
an initial location (the assembly point) and the NEO site
(where the evacuees are located), followed by evacuee re-
location to a safe haven. 81 possible routes and 4 means of
transportation were encoded. In addition, other conditions
were determined during planning such as whether a
communications expert was available and the method for
processing evacuees. HICAP's plans had 18 steps, and its
knowledge base included 6 operators, 22 methods, and 51
cases. We randomly selected 100 initial plan states (12
independent variables) and produced plans for each state
with the simulated user interacting with HICAP. This user
assigned, through task decomposition, an additional 18
variables (with from one to four values each) for each plan,
which required HICAP an average of about 40 seconds to
generate. The same set of initial states to produce plansin
HICAP was used (to guide task decomposition) both with
and without lessons. Each of the two sets of 100 plans (i.e.,
one set obtained using lessons, and the second set obtained
without using lessons) authored by HICAP was input to the
evaluator (Section 4.2). Due to the non-deterministic
behavior of the evaluator, we executed each plan ten times.
The verson of HICAP used in this paper is
deterministic; given a state and a top-level goal (i.e,
perform a NEO), it will aways generate the same plan. A
simulated user interacts with HICAP by choosing task
decompositions to generate a plan, using the process shown
in Figure 3. In NaCoDAE/HTN conversations, it aways
answers the top-ranking displayed question for which it has
an answer, and it answered questions until either none
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remained unanswered or until one of the solutions exceeded
aretrieval threshold, which we set to 50%.

We selected 11 lessons for our experiment, representing
a subset of approximately 56 NEO-related lessons from the
Active Navy lesson repository (containing 5120 lessons)
from the November 2000 copy of the unclassified Navy
Lessons Learned System. These were selected according to
their relevance to NEOs and their clarity, so that we could
recognize their relation to the plans authored using HICAP.
For example, one lesson was defined as:

Task: Standard Medical Inventory
Applicability Conditions: (<g,a> pairs)
Isthe medical inventory of standard size or isit standard
minus 1/3? Yes
Isthe climate tropical? Yes
Suggestion: Add 1/3 to the medical inventory

4.2 Plan evaluation

We built a stochastic evaluator for NEO plans that take into
account general knowledge of the NEO domain and
computes the performance measures (described below). This
evaluator is not a simulator because it does not use specific
distributions for each type of event, but simply computes,
according to a uniform distribution, what are the expected
consequences of some choices in building a plan (i.e., the
causal chain of events that are generated by these choices
will influence each of the dependent variables differently).
We built the evaluator and the HICAP knowledge base for
mock NEOs based on available applicable lessons.

We defined plan quality based on official measures of
NEOs, which are planning domain dependent. These
measures are defined in the Universal Naval Task List
[UNTL, 1996] under measures of performance suggested
for Joint and Naval tasks. These measures primarily concern
execution duration and casualty rates. To avoid a redundant
evaluation, we have selected one measure for total duration
of the operation, one for duration until evacuees receive
medical assistance, and the percentage of casualties among
evacuees, friendly forces, and enemies. These summarize
the most important aspects suggested in the UNTL.

We defined bounds for variables based on actual NEOs.
For example, we limited the percentage of casualties that
occurred after a severe enemy attack takes place. Enemy
attacks will only be possible in two planning segments (out
of atotal of five segments) and their likelihood increases
when users choose land transportation and decreases when
weather is troublesome. There is a small chance of a crash
when helicopters are used that increases if the weather is not
favorable; the resulting number of casualties is proportional
to the number of passengers in each aircraft. A long
planning segment flown by helicopter will have added the
time and risks associated with in-flight refueling (e.g.,
[Siegel, 1991]).

4.3 Results

As summarized in Table 1, ALDS using lessons
substantially improved the first four of five performance
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variables. A brief examination of the results (i.e., the first
run for each of the 100 plans), using a standard student’s t
test, revealed significant differences for both overall
duration (p<0.1, t=1.60, df=99) and duration until medical
assistance arrived (p<0.1, t=1.39). All lessonswere used in
generated plans, and an average of approximately three
lessons were used per plan.

Table 1. Experimental results with the 100 plans.

Without With % Reduction
lessons lessons with lessons
mean duration 39h50 | 32h48 18
sd. 16h51 16h12 -
mean duration 29h37 | 24h13 18
until medical asst.
sd. 11h13 10h26 -
mean % casualties: 11.48 8.69 24
to evacuees
tofriendly forces 941 6.57 30
to enemies 3.08 3.14 -2

The significance of an overall reduction of 24% in the
percentage of casualties among evacuees was estimated in
each plan based on the parameter number of evacuees,
which was randomly set to dozens, hundreds, or thousands.
Based on the number of evacuees selected for these
simulated NEOs, using the lessons reduced the average
number of casualties by 24, from 100 to 76.

These results suggest that the monitored distribution
approach can potentially generate better plans for realistic
problem domains (e.g., planning for NEO operations).
However, the experimental conditions were designed so that
lessons were available for a reasonable percentage of the
generated plans, and thus could be prompted to the
simulated HICAP user so that, when applied, they could
improve plan quality (with high probability). Nonetheless,
we expect that similar improvements may yield benefits in
plans for domains where safety issues and speed are
paramount to success.

The capabilities of certain learning algorithms can be
evaluated by varying dataset characteristics to determine
when certain learning algorithms can be expected to
perform well (e.g., [Aha, 1992]). Similarly, we plan to
characterize the set of experimental conditions for which
ALDS can use lessons to significantly improve plan
evaluation performance measures.

5 Discussion

This paper proposes a technology (i.e., case-based
reasoning) solution to part of a knowledge management
(KM) praoblem (i.e., managing lessons learned). However,
KM problems typically require challenging organizational
dynamics issues, and these require precedence in the context
of bridging the lesson distribution gap. Thus, monitored
distribution can at most play only one part of a much larger
solution.

Our evaluation of ALDS demonstrates how monitored
distribution, when embedded in a decision-making (i.e.,
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planning) process, can improve the results of that process.
Although we used simulated users in our experiments to
reduce human biases during the evaluation, we stress that
this is a mixed-initiative approach, where humans interact
with HICAP to generate plans. The unique aspect of ALDS
is that it allows users to execute a lesson’s suggestion (i.e.,
here, a task substitution), rather than limit them to simply
browsing the suggestion.

HICAP's NaCoDAE/HTN module manipulates cases
that represent task decompositions corresponding to either
standard operating procedures or decompositions that were
derived from decision making during training exercises and
actual operations. In contrast, ALDS manipulates lessons
that capture experiences that, if reused, can significantly
improve the performance of subsequent plans. Unlike
cases, lessons are not conceptually limited to representing
task decompositions, but can be used to apply edits to any of
HICAP s objects (e.g., resource assignments, resources, task
durations).

Several workshops (e.g., organized by the Department of
Energy, the European Space Agency, the Joint Warfighting
Center, and each branch of the armed services) have now
taken place on the topic of lessons learned. However, few
efforts on lessons learned systems have examined the
potential utility of Al (e.g., Vandeville and Shaikh [1999]
briefly mention using fuzzy set theory to analyze dlicited
lessons), and there is a lack of closely related work to
monitored distribution. However, one recent workshop
brought attention to this area from an Al perspective [Aha
and Weber, 2000], and a few of its contributors touched on
issues related to proactive lesson distribution. For example,
Leake et al.’s [2000] CALVIN system implements a task-
oriented LLP that collects lessons about research topics and
research results with an active distribution sub-process.
Like ALDS, CALVIN prompts users with suggestions (i.e.,
alternative WWW pages to browse) that can be immediately
executed. However, while CALVIN focuses on a diagnosis
task, ALDS operates in the context of a synthesis task (i.e.,
planning), and can potentially update any of the planning
scenario’s objects. Like both of these systems, Watson
[2000] also describes a case retrieval system, in this case for
extending Cool Air to distribute trouble tickets. However,
Cool Air does not operate in a mixed-initiative setting.
Some KM approaches [Reimer et al., 2000; Abecker et al.,
2000] aso target distribution in the context of
organizational knowledge, but use formats that do not
support indexing.

Severa limitations exist concerning our approach and its
implementation in ALDS. For example, lessons can be
complex, and suggest changes to a variety of objects in the
planning scenario. Although HICAP represents severa
such objects (e.g., resources, resource assignments), it is
currently limited to processing only task substitution
lessons. In future implementations of HICAP and ALDS,
lessons will be able to represent suggestions that, when
applied, will not be limited to task substitution. For
example, a lesson might suggest a task decomposition, or
using an aternative resource assignment for a given task,
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recommend changing some temporal orderings of tasks, or
suggest edits to any of the objects used by HICAP to define
plans.

In addition, to be useful, our approach assumes that the
decision processes targeted by the lessons are managed by a
software tool, thus allowing integration with ALDS.
Furthermore, our approach requires identifying each
lesson’s indexing and reuse components, which requires
significant knowledge engineering effort. We are currently
developing lesson collection tools that reduce this effort.
Weber et al. [2001b] describe interactive elicitation
approaches that use taxonomies to guide lesson collection to
populate ALDS s lesson repository.

In future work, we will conduct subject experiments that
compare the monitored distribution approach vs. traditional
keyword search tools for lesson distribution. We will also
demonstrate how monitored distribution is not restricted to
planning tasks.

6 Summary

We identified a problem with distributing lessons, called the
lesson distribution gap, which is crucial to many lessons
learned organizations. To address this problem, we
introduced an approach called monitored distribution, which
is characterized by a tight integration with a decision
support tool that manages processes that the lessons can
potentially improve. We implemented this approach in
ALDS, a case retrieval system, and evaluated its capability
in the context of amodule for HICAP, a plan authoring tool.
Our experiments with a simulated military planning domain
(i.e., for noncombatant evacuation operations) showed that,
by using lessons, monitored distribution can help to
significantly improve plan performance measures. In
summary, we demonstrated a technology that brings lessons
to the attention of users when and where they are needed
and applicable.
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Abstract

Decision trees induced from stored cases are
increasingly used to guide case retrieval in case-
based reasoning (CBR) systems for fault diagnosis
and product recommendation. In this paper, we refer
to such a decision tree as an identification tree when,
as often in practice, each of the faults to be identified,
or available products, is represented by a single case
in the case library. We evaluate common splitting
criteria for decision trees in the special case of
identification trees. We present simplified versions of
those that are most effective in reducing the average
path length of an identification tree, or equivalently,
the average number of questions asked when the tree
is used for problem solving. We also identify
conditions in which no such reduction is possible
with any splitting criterion.

1 Introduction

Interactive trouble-shooting, help-desk support, and internet
commerce represent the majority of fielded applications of
case-based reasoning (CBR) [Aha, 1998; Bergmann et al.,
1999; Watson, 1997]. Increasingly, decision trees induced
from stored cases are used to guide case retrieval with the
aim of minimizing the number of questions required to
identify a fault, or a product that meets the requirements of
the user. A problem-solving session takes the form of an
interactive dialog in which questions are presented in the
order determined by the decision tree and the user’s answers.
Algorithms for building decision trees are usually evaluated
in terms of predictive accuracy, whereas performance
measures like efficiency and precision of retrieval are often
more relevant in interactive CBR [Aha and Bredow, 1997;
Breslow and Aha, 1997; Doyle and Cunningham, 2000].
The ability to solve problems by asking a small number
of focused questions has been a major factor in the success
of help-desk applications of CBR [Watson, 1997]. In
on-line decision guides, minimizing the length of product-
selection dialogs is important not only to avoid frustration
for the user but also to reduce network traffic [Doyle and
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Cunningham, 2000]. Improving the clarity of explanations
is another good reason for minimizing the length of
problem—solving dialogs, without sacrificing solution
quality, in interactive CBR [Breslow and Aha, 1997].

We will refer to the task of a CBR system as an
identification task when, as often in practice, each of the
faults to be identified, or available products, is represented
by asingle case in the case library. A decision tree for case
retrieval in an identification task will be called an
identification tree. Some researchers have questioned the
usefulness of algorithms for building decision trees when
instances in the data set are unlabelled; that is, not grouped
according to the outcome class to which they belong [Aha
and Bredow, 1997; Doyle and Cunningham, 2000].
However, an identification task can be regarded as a
classification task in which each fault or product to be
identified is a distinct outcome class. So, in principle, there
is no reason why algorithms for top-down induction of
decision trees cannot be used for building identification
trees.

Most decision-tree agorithms, though, are designed for
data sets with relatively small numbers of outcome classes,
each of which is usually represented by many instances in
the data set. In contrast, a data set for an identification task
is irreducible in the sense that the deletion of a single
instance means that the corresponding outcome class is no
longer represented in the data set. An important question,
therefore, is how the performance of decision-tree
algorithms is affected by irreducibility in the data set.

Most algorithms for building decision trees differ in the
criterion used to split the data set at a given node. In this
paper, we evaluate splitting criteria such as the information
gain criterion from ID3 [Quinlan, 1986] and the Gini
criterion from CART [Breiman et al., 1984] when used to
build identification trees from irreducible data sets. The
performance measure on which we focus is the average path
length of the identification tree, or equivalently, the average
number of questions asked when the tree is used for
problem solving.

In Section 2, we show that a substantial reduction in
average path length is possible in an irreducible data set
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year =71
displacement = 100 to 149 : mercury capri 2000
displacement = 200 to 249 : plymouth satellite custom
displacement = 250 to 299 : chevrolet chevelle malibu
displacement = 400 or more : pontiac safari (sw)
year = 73 : oldsmobile vista cruiser
year =74
acceleration = 10.0 to 14.9 : opel manta
acceleration = 15.0 to 19.9 : audi fox
year =75
acceleration = 10.0 to 14.9 : volkswagen rabbit
acceleration = 15.0 to 19.9 : peugeot 504
year = 76 : ford granada ghia
year = 77 : ford mustang ii 2+2
year =78
mpg = 15.0t0 19.9 : ford futura
mpg = 20.0 to 24.9 : buick century special
mpg = 30.0 to 34.9 : dodge omni
year =79
displacement = 300 to 349 : dodge st. regis
displacement = 350 to 399 : cadillac eldorado
year = 80
origin=1: chevrolet citation
origin = 2 : audi 5000s (diesel)
year = 81
horsepower = 50 to 99 : plymouth champ
horsepower = 100 to 149 : oldsmobile cutlass|s

Figure 1. Anidentification tree for 20 automobiles selected at
random from the AutoM PG data set.

with information gain (InfoGain) as the splitting criterion.
We aso identify conditions in which no such reduction is
possible with any splitting criterion. In Section 3, we
present simplified versions of the InfoGain and Gini criteria
for irreducible data sets, and identify another splitting
criterion that can never discriminate between attributesin an
irreducible data set. In Section 4, we present an empirical
comparison of splitting criteria for identification trees. We
discuss related work in Section 5, and present our
conclusionsin Section 6.

2 Irreducible Data Sets

Whether a given data set is irreducible depends on which
attribute is defined as the class attribute. For example, the
class attribute in the AutoMPG data set from the UCI
repository [Blake and Merz, 1998] is normally miles per
gallon, which is not unique for every instance. However,
with the identity of each automobile as the class attribute,
the data set is irreducible. Most of the attributes in the data
set, such as year, acceleration and miles per gallon, are
features that one would expect to see in a CBR system for
recommending previoudy-owned automobiles.

There are missing values for only one attribute, namely
horsepower. To simplify our comparison of splitting
criteria, the six instances that have missing values for this
attribute were omitted from the data set in our experiments.
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However, we shall return to the issue of missing values in
our discussion of related work. Continuous attributes in the
data set were discretised by dividing their ranges into
intervals that seemed most natural for the expression of user
preferences. There is a trade-off in this process between
preserving the ability of the attributes to discriminate
between the available aternatives and limiting the number
of options from which the user isrequired to select.

Following the discretisation of continuous attributes, the
numbers of values of attributes in the data set are as shown
below.

year 13
mpg, displacement, weight 8
cylinders, horsepower 5
acceleration 4
origin 3

Although most instances in the data set can be uniquely
identified by these attributes, some have the same values for
all the attributes. A possible solution to this problem, which
is not uncommon in product data, is to present the user with
a list of recommended products when no attribute can
distinguish between those that remain [Doyle and
Cunningham, 2000].

Figure 1 shows an identification tree for 20 automobiles
selected at random from the 392 instances that have no
missing values in the AutoM PG data set. A point we would
like to emphasize is that the values of an attribute in a given
subset of a data set are those that are actually represented in
the subset. For example, some values of the attributes in the
AutoM PG data set, such as year = 72, are not represented in
the subset from which the example identification tree was
constructed. Similarly, displacement has only two valuesin
the smaller subset with year = 79.

The example identification tree was constructed with
InfoGain as the splitting criterion. The average path length
is only 1.9 compared with 4.2 for an identification tree
constructed with attributes selected purely at random. On
the other hand, it can be seen from the following proposition
that no splitting criterion can reduce the average path length
of an identification tree for a data set that is both irreducible
and complete. A data set is complete if every combination of
attribute values is represented in the data set [Cendrowska,
1987].

Proposition 1 In any identification tree for a data set that
is both irreducible and complete, the path length required to
identify a given instance is never less than the number of
attributes in the data set.

However, real-world data sets are seldom complete. For
example, the instances in the AutoMPG data set represent
less than 1 in 5,000 of the possible combinations of attribute
values. It is aso worth noting that the problem does not
usualy arise in data sets that are not irreducible. For
example, Cendrowska's [1987] Contact Lens data set is
complete, but only a single test is required to reach one of
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the leaf nodes in the decision tree induced from the data set
with InfoGain as the splitting criterion.

With single instances at their leaf nodes, identification
trees tend to be larger than decision trees for classification
tasks. For data sets of redlistic size, it is seldom feasible to
identify an optimal tree by exhaustive search. The worst-
case scenario occurs when the data set is complete, although
in this case the average path length is aways the same by
Proposition 1. The number of possible trees is more easily
determined if al attributes have the same number of values.

Proposition 2 For a data set that is both irreducible and
complete, and has k attributes each with r values, the

(k)

number of possibleidentification treesis —=—-

kPl

3 Splitting Criteriafor Identification Trees

Measures used to define splitting criteria for building
decision trees include the entropy function:

- ajlogg;
]
1—qu2
j

where qp, O,..., m are the proportions of the outcome
classes in the data set. The InfoGain criterion [Quinlan,
1986] selects the attribute that maximizes the expected gain
in information (or reduction in entropy) when used to split
the data set. Similarly, the Gini criterion [Breiman et al.,
1984] selects the attribute that maximizes the expected
reduction in the Gini index.

and the Gini index:

3.1 TheGain Ratio Criterion

To compensate for its bias towards attributes that have most
values, the InfoGain criterion was replaced in later versions
of ID3 and in C4.5 by the gain ratio criterion [Quinlan,
1993], in which the information gain for an attribute (with at
least average information gain) is divided by:

-2 pilog p
|

where p;, pz..., pr ae the proportions of the attribute’'s
values in the data set. As the following theorem and
corollary show, &l attributes in an irreducible data set are
equally good according to the gain ratio criterion. Gain ratio
can therefore be eliminated from consideration as a basis for
attribute selection in an irreducible data set.

Theorem 1 For any attribute in an irreducible data set, the
expected information gain is:

- pilogp
i

where p;, p.,..., pr are the proportions of the attribute’s
valuesin the data set.
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Proof Since each outcome class is represented by a single
instance, the entropy of the data set is:

> oo
- » —log—= logn
n n

where n is the number of instances in the data set. Similarly,
the entropy of any subset of size k islogk. The expected

information gain when an attribute is used to split the data
set is therefore:

logn- " pilogk; =logn— Y pi(log p; +logn) == p; log p
i i i

where ky, ks,..., k; are the frequencies of the attribute’s values
in the data set.

Corollary Thegain ratio isthe same for any attribute in an
irreducible data set.

3.2 ThelnfoGain Criterion

Theorem 1 provides a simplified version of the InfoGain
criterion for irreducible data sets. As Theorem 2 shows, it
can alternatively be expressed in terms of the frequencies of
an attribute’s values in the data set.

Theorem 2 In an irreducible data set, the InfoGain
criterion is equivalent to selecting the attribute for which:

Zki logk;
i
is minimum, where ki, ks,..., k; are the frequencies of the

attribute’s values in the data set.

Proof It follows from Theorem 1 that the expected
information gain for any attribute in an irreducible data set
is:

- 1

—Z pi log p; =—Zk'F(Iogki —Iogn)=—HZki logk; +logn
| | I

where n is the size of the data set and py, po,..., pr are the

proportions of the attribute’s values in the data set.

3.3 TheGini Criterion

As the following theorem shows, the Gini criterion is
equivalent in an irreducible data set to selecting the attribute
with the largest number of values.

Theorem 3 For any attribute in an irreducible data set, the
expected reduction in the Gini index is rT—l where n isthe

size of the data set and r is the number of values of the
attribute.

Proof The Gini index for the data set is 1—2‘4i2 = 1—%.
n

Similarly, the Gini index for a subset of sizekis 1 —%. The

expected reduction in the Gini index when an attribute is
used to split the data set is therefore:
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1, 1 1 1 r r-1

1-5)-= Y k(l-—)=1-=-1+—=—°=

( n) nZ'( ki) n T hn
where ki, ks,..., k; are the frequencies of the attribute’s values

in the data set.

At first sight, it may seem to follow from Theorem 3 that
the Gini criterion can be of no use as a basis for attribute
selection in an irreducible data set if al attributes in the data
set have the same number of values. However, as noted in
Section 2, the number of represented values of an attribute
decreases as the data set is partitioned. The Gini criterion
does therefore discriminate between attributes that initially
have equal numbers of values. In an irreducible data set in
which al attributes are binary, the Gini criterion is
equivalent to selecting any attribute that is capable of
splitting the current subset of the data set; that is, does not
have the same value for every instance in the current subset.
As we show in Section 4, this simple criterion, which we
call Reduce, is much better than selecting attributes purely
at random. In the latter strategy, the effect of selecting an
attribute for which al instances have the same value is to
increase the path length without reducing the size of the data
Set.

4 Comparison of Splitting Criteria

We now present an empirical comparison of InfoGain and
Gini as splitting criteria for building identification trees
from irreducible data sets. Our experiments are based on the
simplified versions of InfoGain and Gini presented in
Section 3. A baseline for their evaluation is provided by a
tree-building strategy in which attributes are selected purely
at random. Also included in our evaluation is the Reduce
criterion which is equivalent to Gini for irreducible data sets
in which al attributes are binary. The strategies to be
compared are:

InfoGain: Select the attribute for which 2 k; logk; is minimum,
i

where ki, Ks,..., k. are the frequencies of the attribute’'s
valuesin the current subset

Gini: Select the attribute that has most distinct values in the
current subset

Reduce:  Select any attribute that does not have the same value
for every instance in the current subset

Random:  Select an attribute purely at random

Our agorithm for building identification trees, called
I dentify, works in a similar way to algorithms for top-down
induction of decision trees and can be used with any
splitting criterion. It recursively partitions the data set until a
subset is reached that contains only a single instance, or
none of the remaining attributes can discriminate between
the instances in the current subset, or all attributes have been
used in the Random strategy.
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4.1 The AutoMPG Data Set

Our first experiment compares the performance of the
splitting criteria on randomly generated subsets of the
AutoM PG data set ranging in size from 10 to 100 per cent.
As noted in Section 2, the data set is itself only a small
subset of the complete data set consisting of all
combinations of the attribute val ues.

——Random —O—Reduce —@—InfoGain

1

/n/n—n———D"-r
]/El'

Average Path Length
o ol N w N (6] [e)] ~ (o]

10 20 30 40 50 60 70 80 90 100
Sample Size (%)

Figure 2. Comparison of InfoGain, Random and Reduce on subsets
of the AutoM PG data set.

Average path lengths over 10 repeated trials for each
sample size are shown in Figure 2. The results for Gini are
not shown because they differ only dightly from those for
InfoGain. While InfoGain performed dlightly better than
Gini for al sample sizes, its reduction in average path length
relative to Gini was never more than one per cent. On the
other hand, the Reduce criterion can be seen to provide a
considerable reduction in average path length compared
with selecting attributes purely at random. The additional
reduction provided by InfoGain, though relatively small, is
consistent over the range of sample sizes. While the average
path length of the InfoGain trees increases as sample size
increases, their efficiency is apparent even for the 100 per
cent sample.

4.2 Which Criterion isBest for Binary Attributes?

Our second experiment compares the performance of
InfoGain and Gini on irreducible data sets in which al
attributes are binary. As noted in Section 3, Gini is
equivalent in such data sets to the Reduce criterion. The data
sets used in this experiment are randomly generated subsets
of a complete, irreducible data set with 12 binary attributes.
The class attribute is an integer that uniquely identifies each
of the 4096 instances in the data set. Average path lengths
for InfoGain and Gini over 10 repeated trials are shown in
Figure 3 for subsets of the complete data set ranging in size
from 10 to 100 per cent.
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Figure 3. Comparison of InfoGain, Gini and Random on subsets of
acomplete data set with 12 binary attributes.

The effectiveness of both splitting criteria can be seen to
decrease as sample size increases, with little reduction in
average path length for sample sizes greater than 70 per
cent. As predicted by our theoretical results, there is no
reduction in average path length for the 100 per cent sample.
However, for sample sizes less than 70 per cent, InfoGain
now gives a noticeable improvement in comparison with
Gini. The ability of Gini to aimost match the performance of
InfoGain on subsets of the AutoM PG data set may therefore
be attributable to the absence of binary attributes in the data
Set.

4.3 How Close to Optimal isInfoGain?

We can attempt to answer this question only for data setsin
which the number of attributes is small enough for optimal
trees to be identified by exhaustive search. The data setsin
our third experiment are randomly generated subsets of a
complete, irreducible data set in which each of 3 attributes
has 10 values. By Proposition 2, the number of possible
trees for any such data set isat most 3,072.

Figure 4 compares the average path length of InfoGain
trees and optimal trees for subsets ranging in size from 1 to
10 per cent of the complete 10 x 10 x 10 data set. Based on
averages over ten repeated trials, the results show that the
InfoGain trees are close to optimal. Of the 100 InfoGain
trees constructed in the experiment, 30 were optimal.

5 Reated Work

Doyle and Cunningham [2000] applied a clustering
algorithm to product data before using InfoGain to construct
adecision tree. As shown by our results, however, InfoGain
is often very effective in reducing average path length when
applied directly to irreducible data sets. Doyle and
Cunningham used a demand-driven or lazy approach to
decision-tree induction, adapted from [Smyth and
Cunningham, 1994], in which an explicit decision tree is not
constructed. Instead, the user’s answers are used to construct
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a single decision path. One advantage is that the user can
select the attribute they consider most important instead of
the one considered most useful by the system. In fault
diagnosis, another advantage of a demand-driven approach
to decision-tree induction is the system’s ability to select the
next most useful attribute to partition the case library when
the user is unable to answer the most useful question
[McSherry, 2001]. A demand-driven approach to the
construction of identification trees is expected to provide
similar benefitsin afuture version of Identify. The effects of
incomplete data on retrieval performance, however, remain
to beinvestigated.

—{—Random —O— InfoGain —@— Smallest Tree

3

Average Path Length

1 T T T T T T T T

1 2 3 4 5 6 7 8 9 10
Sample Size (%)

Figure 4. Comparison of InfoGain trees and optimal trees for
subsets of acomplete 10 x 10 x 10 data set.

Aha and Breslow [1997] used decision trees as an
intermediate representation to improve the quality of
conversational case libraries. In conversational CBR, the
problem of irreducibility addressed in this paper is often
complicated by the use of different features to describe
cases. In fault diagnosis, for example, certain attributes may
not be relevant or even meaningful for every case. The
result is a high frequency of unanswered questions, or
missing values, in cases. The splitting criterion used by Aha
and Breslow to address this problem selected the attribute
with fewest missing values. In the absence of missing
values, though, this criterion is at best equivalent to
selecting any attribute that is capable of splitting the data set
and therefore inferior to InfoGain as shown by our results.
In this paper, we have assumed the absence of missing
values to simplify our initial comparison of splitting criteria
for irreducible data sets. However, the impact of missing
values on retrieval performance is an important issue to be
addressed by further research.

Algorithms for building decision trees are usualy
evaluated by dividing a data set into a training set that is
used to build a decision tree and a test set that is used to
assess its predictive accuracy [Breslow and Aha, 1997].
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However, an identification tree has no predictive accuracy;
that is, it can correctly identify only the instances from
which it was constructed. Evaluation in terms of predictive
accuracy is equally compromised by irreducibility in the
case library in CBR systems that rely on similarity-based
retrieval. Aha et al. [1998] propose a leave-one-in approach
to evaluating retrieval precision for conversational case
libraries in which most (or all) cases have unique solutions.
In their approach, each case is used as a test case but
without removing it from the case library during testing.
Precision is measured by how often the solution for the most
similar case matches the solution for the test case. We plan
to use asimilar approach to the evaluation of precisionin an
investigation of the effects of incomplete data and missing
values on retrieval performance in interactive CBR.

6 Conclusions

Minimizing the number of questions required to identify a
fault, or a product that meets the requirements of the user, is
an important objective in interactive CBR applications such
as fault diagnosis, help-desk support, and on-line decision
guides. Often in these applications, each case has a unique
solution or represents a unique product in the case library.
We have examined the performance of common splitting
criteriafor building identification trees to guide the retrieval
of cases from such irreducible case libraries.

Our results show that the InfoGain criterion [Quinlan,
1986] is often more effective than other splitting criteria in
reducing average path length when used to build
identification trees from irreducible data sets. While the
Gini criterion [Breiman et al., 1984] appears to compete
well with InfoGain for attributes with severa values, our
results suggest that InfoGain may be more effective for
binary attributes. The effectiveness of both criteria
decreases as a data set (or case library) approaches
completeness, and no reduction in average path length is
possiblein an irreducible data set that is also complete.

We have shown that for irreducible data sets, InfoGain
and Gini can be expressed in terms of the frequencies of an
attribute’s values, thus providing a reduction in
computational effort that may be of particular benefit in on-
line decision guides. Issues to be addressed by further
research include the effectiveness of techniques for
tolerating missing values in decision tree learning [Quinlan,
1989] in the special case of identification trees.
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Abstract

This paper describes SIN, a novel case-based
planning algorithm that combines conversational
case retrieval with generative planning. SIN is
provably correct, and can generate plans given an
incomplete domain theory by using cases to extend
that domain theory. SIN can also reason with
imperfect world-state information by incorporing
preferences into the cases. Our empirical validation
shows how these preferences affect plan quality.

1 Introduction

Generative planners traditionally require a complete domain
theory, which provides a clear semantics for the planner’s
inferencing mechanism. Thisalows aplanner to be used in
different domains. However, in many planning domains,
developing a complete domain theory isinfeasible.

In this paper we present a case-based planning algorithm
cadled SN (SHOP integrated with NaCoDAE), which
integrates the SHOP generative planner [Nau et al., 1999]
with NaCoDAE, a conversational case retriever [Breslow &
Aha, 1997]. SIN is a provably correct agorithm that does
not require a complete doman theory nor complete
information about initial or intermediate world-states.

In addition to describing SIN, which has been
implemented in HICAP [Mufioz-Avila et al., 1999], we
present sufficient conditions to ensure its correctness, show
how SiN represents preferencesin cases to generate plansin
the context of imperfect world state information, and
describe an empirical analysis that demonstrates the impact
of the preferences on plan quality.

In the following sections, we introduce some terminology,
detail SIN, including theoretical results on its semantics
with respect to incomplete domain theory, present SIN's
empirical evaluation to show the role of preferences to
handle incomplete world state information, and discuss the
implications of these results.
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2 Motivation

SIN's design was partly motivated by the following
characteristics of military planning operations.

- Military operations are strongly hierarchical [Mitchell
1997; Mufnoz-Avila et al., 1999]. Thus, we chose to
represent plans using Hierarchical Task Networks (HTNS)
[Erol et al., 1994].

- There is an incomplete domain theory, in the form of
general guidelines (doctrine) and standard operating
procedures (SOPs). However, neither doctrine nor SOPs
can be used to derive detailed tactical plans, which often
require knowledge about previous experiences. Thus, SIN
uses SHOP to perform first-principles reasoning and
NaCoDAE to employ previous experiences.

- Military planners do not have complete information about
the current situation; part of the planning includes
dynamic information gathering, typically to assess enemy
capabilities and/or deployment. In SIN, NaCODAE is
used to plan with an incomplete world state using
preferences, which we define in Section 4.

3 Notation and definitions

An HTN is a set of tasks and their ordering relations,
denoted as N=({ty,...,tn},<) (m30), where < is a hinary
relation expressing temporal constraints between tasks.
Decomposable tasks are called compound, while non-
decomposable tasks are called primitive.

A domain theory consists of methods and operators for
generating plans. A method is an expression of the form
M=(h,P,ST), where h (the method's head) is a compound
task, P is a set of preconditions, and ST is the set of M's
(children) subtasks. M is applicable to atask t, relative to a
state S(a set of ground atoms), iff matches(h,t,S) (i.e., h and
t have the same predicate and arity, and a consistent set of
bindings E exists that maps variables to values such that all
terms in h match their corresponding ground termsint) and
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the preconditions P are satisfied in S (i.e., there exists a
consistent extension of E, named E', such that " pl P
{pET S}), in which case M(t,9)=ST E".

An operator is an expression of the form O=(h,aL,dL),
where h (the operator's head) is a primitive task, and aL. and
dL are the so-called add- and delete-lists. These lists define
how the operator's application transforms the current state S
every element in the add-list is added to Sand every element
in the delete-list is removed from S An operator O is
applicableto atask t, relative to a state S, iff matches(h,t,S).

A planning problem isatriple (T,SD), where T is a set
of tasks, Sisastate, and D isadomain theory. A plan isthe
collection of primitive tasks obtained by decomposing all
compound tasks in a planning problem (T,SD).

4 Casesin SIN

In many domainsit is impossible to assume that a complete
domain theory of the world is known. For example, thisis
true when planning for non-combatant evacuations (NEOS).
However, a partia domain theory exists for NEOs, and it
can be elicited from doctrine and standard operating
procedures [DOD, 1997].

Reasoning about parts of the domain for which no
domain theory is available is done through cases. A case C
is an instance of a method, denoted by C=(h,P,ST,Q), where
h, P, and ST are defined as for methods and Q is a set of
<guestion,answer> pairs. Q defines preferences for
matching a case to the current state. Preferences are useful
for ranking cases in the context of incomplete world states
and/or domain theories because, as we will show, they focus
users on providing relevant additional state information.

5 SN mixed-initiative planner

SIN integrates SHOP and NaCoDAE's task decomposition
algorithms. A single (current) state Sis maintained in SIN
that is accessible to and updateable by both SHOP and
NaCoDAE. Answers given by the user during an interaction
with NaCoDAE are added to S (i.e., each question has a
tranglation into a ground atom). Changes to the state that
occur by applying SHOP's operators are also reflected in S

SHOP generative planner. At any point during the
planning process, SHOP isrefining atask list T' relativeto a
state Sand adomain theory D. Initially, T' isthe set of tasks
T in the planning problem (T,SD). SHOP performs ordered
task decomposition [Nau et al., 2000], meaning that the
tasks must be totally ordered (i.e., the < relation on HTNsis
atotal order). SHOP also maintainsthe partial solution plan
p being derived (i.e., the primitive tasksin T'). Initially p is
empty. SHOP selects the first task t in T' and continues as
follows:

- If tis primitive and has an applicable operator O, then O
isapplied tot, Sisupdated accordingly, t is removed from
T and added to the end of p.
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- Else if t is compound and has an applicable method M
(that has not yet been applied to t), then M is applied,
which replacestin T' with M’ s subtasks.

- Elseif T' is not empty, then SHOP backtracks.
- Else SHOP fails.

SHOP terminates when T’ is empty, in which case p is the
solution, or when SHORP tries to backtrack on a compound
task t whose applicable methods have been exhausted.

NaCoDAE mixed-initiative case retriever. Users interact
with NaCoDAE in conversations, which begin when the
user selects a task t. NaCoDAE responds by displaying the
top-ranked cases whose pre-conditions are satisfied and
whose heads match t. Cases are ranked according to their
similarity to the current state S, which is the state that exists
at that time during the conversation. Similarity is computed
for each case C by comparing the contents of Swith Q, C's
<g,a> preference pairs. (That is, each pair isrepresented as a
monadic atom in S and similarity for a given <q,a>
preference pair becomes amembership testin S). NaCoDAE
also displays questions, whose answers are not known in S
ranked according to their frequency among the top-ranked
cases. The user can select and answer (with a) any
displayed question g, which inserts <g,a> into S This state
change subsequently modifies the case and question
rankings. A conversation ends when the user selects a case
C, at which time the task t is decomposed into ST (i.e., C's
subtasks).

SiN integrated planning algorithm. SiN receives as input
a set of tasks T, a state, S, and a knowledge base IEB
consisting of an incomplete domain theory | and a collection
of cases B. The output is a solution plan p consisting of a
sequence of operators in I. Both SHOP and NaCoDAE
assist SIN with refining T into a plan. As does SHOP, SIN
maintains the set of tasks in T' that have not been
decomposed and the partial solution plan p. At any point of
time, either SHOP or NaCoDAE is in control and is
focusing on a compound task tI T to decompose. SIN
proceeds as follows:

- Rule # 1: If SHOP isin control and can decompose t, it
does so and retains control. If SHOP cannot decompose t,
but NaCoDAE has cases for decomposing t, then SHOP
will cede control to NaCoDAE.

- Rule # 2: If NaCoDAE is in control, it has cases for
decomposing t whose pre-conditions are satisfied. If the
user applies one of them to decompose t, then NaCoDAE
retains control. If NaCoDAE has no cases to decompose t
or if the user decides not to apply any applicable case,
then if t is SHOP-decomposable, NaCoDAE will cede
control to SHOP.

If neither of these rules applies, then SIN backtracks, if
possible. If backtracking is impossible (e.g., because t is a
task in T), this planning process is interrupted and a failure
is returned.
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By continuing in this way, and assuming that the
process is not interrupted with afailure, SIN will eventually
yield aplan p (i.e., consisting only of primitive tasks).

6 Correctnessof SIN

In this section we will assume that SIN performs ordered
task decomposition. That is, we assume that all tasks are
totally ordered and at each iteration, when refining a set of
tasks T', SIN will start by decomposing the first task in T'.
A relaxation of this condition should be possible once we
modify SIN to include the extended version of SHOP that
can represent partial-order task relations [Nau et al, 2001].

If I isan incomplete domain theory and B is a case base
(i.e., a set of cases), then a domain theory D is consistent
with IEB iff (1) every method and operator in | is an
instance of a method or operator in D and (2) for every case
C=(h,P,ST,Q) in B, there is a method M=(h',P’,ST") in D
such that h, P, and ST are instances of h', P" and ST’
respectively.  Although many different domain theories
might be consistent with IEB, in general we will not know
which of these is the one that produced | and B. However,
we can prove that SIN is correct in the sense that, if it
succeeds in outputting a plan, then that plan could have been
generated by SHOP using any domain theory consistent
with |EB.

Proposition (Correctness of SIN). Let T be a collection of
tasks, Sbeaninitial state, | be an incomplete domain theory,
and B be a case base, and let SIN(T,S|I,B) represent the
invocation of SIN with those items as inputs. Suppose that
SiN performs ordered task decomposition. Then:

(1) If SIN(T,S|,B) returns a plan p, then for every domain
theory D consistent with IEB, p is a solution plan for
the planning problem (T,SD).

(2) If SIN(T,SI,B) cannot find a plan, then there is a
domain theory D consistent with IEB such that no
solution plan exists for (T,SD).

The proof is done by induction on the number of iterations
of the SIN algorithm. The proof shows that each SIN task
decomposition in (T,SIEB) corresponds to a SHOP task
decomposition in (T,SD). This is sufficient to prove
correctness because SHOP is known to be correct [Nau et
al., 1999]. We omit the details of the proof due to space
[imitations.

This proposition suggests that casesin SIN supply two
kinds of knowledge: first, they provide control knowledge,
similar to the knowledge encoded in cases using
derivational replay when a complete domain theory is
available [Veloso, 1994; lhrig & Kambhampati, 1994].
Because cases are instances of methods, applying a case is
comparable to areplay step in which the method selected to
decompose a task is the one in the case's derivational trace.
The main difference is that, while cases in replay systems
correspond to a complete derivationa trace, cases in SIN
correspond to asingle step in the derivational trace. Second,
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cases in SIN augment the domain theory and, thus, provide
domain knowledge as do cases in many case-based planners
(e.g., [Hammond, 1986]).

7 Imperfect World Information

SIN uses NaCoDAE to dynamically €licit the world state,
which involves obtaining the user’s preferences. Depending
on the user’'s answers, cases will get re-ranked. When
solving a task, the user can choose any of the cases,
independent of their ranking, provided that al their
preconditions are met. The preferences play apivota rolein
determining plan quality due to the absence of a complete
domain theory.
Consider the following two simplified cases:

Case l:

Head: selectTransport(ISB,NEQsite)

Preconditions: HelosAvailable(1SB)
Questions-Answer pairs. Weather conditions? Fine
Subtasks: Transport(ISB,NEOsite, HEL OS)

Case 2:

Head: selectTransport(ISB,NEQsite)
Preconditions: groundTransportAvailable(l SB)
Questions-Answer pairs:

- Weather conditions? Rainy
- Imminent danger to evacuees? No
Subtasks: Transport(1SB,NEOsite,GroundTransport)

These cases both concern the selection of transportation
means between an intermediate staging base (1SB) and the
NEO site (NEOsite). The first case suggests using
helicopters provided that they are available at the ISB. The
second one suggests using ground transportation provided
that the corresponding transportation means are available at
the ISB. If the two cases are applicable, because both
preconditions are met, the answers given by the user will
determine a preference between them. For example if the
weather is rainy and there is no immediate danger for the
evacuees, NaCoDAE would suggest the second case. The
rationale behind this is that flying in rainy conditions is
risky. Thus, selecting ground transportation would be a
better choice.

8 Evaluation

Our experiments focused on the role of preferences in the
plan generation process in the context of incomplete world
state information and how they affect the quality of the
resulting plans. Towards this goal, we developed two
planning domains where the contents of the world state can
significantly impact choices during planning.

For these experiments, we encoded an automatic user
that dynamically provided preferences when asked by
NaCoDAE. The user provided preferences with a pre-
defined bias (defined in the following sections) towards
certain kinds of solutions. The automatic user will always
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select the case with the highest similarity. In situations
where several candidate cases had the same highest
similarity, the automatic user selected one of them
randomly. The purpose was to observe whether the resulting
plans reflect the user’'s bias despite the incomplete
information about the world state.

81 ThePersonal Trave Domain

The first domain was the personal travel domain. Its plans
concern traveling from locations in Washington, DC to
downtown New York City (NYC). We encoded 7
transportation methods (3 inter- and 4 intra-city). Plans
consist of 3-5 planning segments. States indicate different
locations, whether connections between locations exists and
by which means, weather conditions, etc. The knowledge
base consists of 10 methods and 1 operator for SHOP and
40 cases for NaCoDAE.

Our personal travel plan evaluator can generate a
different time duration each timeit is given aplan and world
state because of its non-deterministic execution. For each
run, it outputs whether the plan succeeded and, if so, the
trip's duration. A plan fails when segment delays cause a
late arrival for a segment requiring a fixed time departure
(e.g., an airplane flight). For each segment, we applied a
delay function that is influenced by world state conditions.
For example, a flight segment will incur a longer delay for
higher chances of large snow accumulation, especially on
holidays (i.e., high travel days). Segments are categorized
into short, medium, and long lengths, and delays can range
from O up to 4.5 times a segment's anticipated duration.
Smaller multiples are used for maximum delays for medium
(3.5) and long (2.5) duration segments.

We selected ten goals, corresponding to ten pairs of
departing and arrival locations in Washington, DC and
downtown NY C, respectively. For each goal, we generated
10 random world states, thus yielding 100 total planning
problems. SIN was then used to generate a plan for each
problem, thus yielding 300 plans. Each was executed 10
times by the plan evaluator, for atotal of 3000 runs.

Table 1: Resultsfor the personal travel domain.

certain transportation mode, it does not imply that it was
always selected; world state conditions may prevent the use
of some travel modes for particular situations.

8.2 TheNEO Planning Domain

The second domain was the Noncombatant Evacuation
Operations Domain. Its plans involve performing a rescue
mission where troops are grouped and transported between
an initial location (the assembly point) and the NEO site
(where the evacuees are located). After the troops arrived at
the NEO site, evacuees are re-located to a safe haven.
Planning involves selecting possible pre-defined routes,
consisting of 4 segments each. The planner must also
choose atransportation mode for each segment. 1n addition,
other conditions were determined during planning such as
whether communication exists with State Department
personnel and the type of evacuee registration process.
SiN’s knowledge base included 6 operators, 22 methods,
and 51 cases.

As with the personal travel domain evaluator, the NEO
planning evaluator can generate a different output each time
it is given a plan and a world state because of its non-
deterministic execution. For each run, it outputs the plan
execution duration, the time it took to reach the evacuees,
and the evacuee casualties. Similar to the personal travel
domain, we applied a delay function that is influenced by
world state conditions. The Neo Planning evaluator is more
complex than the personal travel evaluator because there are
more conditions that can affect the output variables and
these conditions may interact. For example, a small-sized
force will incur fewer delays because embarking troops in
the transportation means will take less time than for large-
sized forces. However, smaller force increase the chances of
hostile attacks, which if they occur will delay the operation.

We had a single task, to perform aNEO, and generated
100 random world states, thus yielding 100 planning
problems. SIN was then used to generate a plan for each
problem, thus yielding 200 plans, and each was executed 10
times by the plan evaluator for atotal of 2000 runs.

Table 2: Results for the NEO planning domain.

Preference | Duration | Price Success
Bus 676 85 92.2%
Train 466 176 94.3%
Plane 375 338 77.0%

Table 1 summarizes the results. When the user’s bias
was given towards taking the Bus for the intercity part of the
trip. This preference yields maximal (676 minutes)
durations, but has the cheapest price. On the other extreme,
when the Plane is the preferred means of transportation, the
duration is the shortest but the price is the most expensive.
The lowest success rate occurs for plane trips; it reflects
missing connections due to external factors such as the
weather. Although a bias expresses a preference for a
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Preference | Duration | Timeto Reach | Evacuee

Evacuees Casualties
Helicopter 38.5 28.7 11%
Ground 48.1 34.8 16%
Vehicle

Table 2 summarizesthe results. The helicopter transport
preference yields plans that have shorter execution durations
(38.5 hours) and require less time to reach the evacuees
(28.7 hours). In addition, average casualties among
evacuees is less (11%), due mainly to the shorter time to
reach them, and land travel is generally riskier than air
travel. Still the number of casualties among evacueesis high
even with helicopters. Thisis due to the simple bias encoded
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in the simulated user. Human users could yield better (and
worse) plans by dynamically providing more sophisticated
preferences depending on the world state conditions.

8.3 Discussion

The experiments show the capabilities of SIN in allowing
the user to guide the planning process towards their
preferences while dynamically capturing world-state
conditions. Despite our use of simplistic simulated users, the
quality of the plans reflect the user’s bias.

9 Rdated Work

Table 3 compares seven different features of SIN to those of
other planning systems.

Table 3: Comparisons between different systems.
Conventions: Gen=Generative;, CBP=Case-Based; M-
I=Mixed-initiative; I=Interleaved control structure;
DK=Cases are used to supply domain knowledge; CK=Cases
are used to supply control knowledge.

System Gen CBP M-l | | DK CK
SIN 6 O o6 0/]6 o
CHEF o @)
MI-CBP o o o @)
NaCoDAE 6 O o)
Prodigy/ 6 O o]
Analogy

SHOP )

SIPE I1 o @)

We first discuss the features shown in columns 2-5 of
Table 3. SHOP [Nau et al., 1999], as is typica of
generative planners, requires a complete domain theory.
CHEF [Hammond, 1989] and DIAL [Leake et al., 1997] are
case-based, but do not have a generative component, and
thus need a large case base to perform well across a wide
variety of problems. Prodigy/Anaogy [Veloso, 1994],
DerSNLP [lhrig & Kambhampati, 1994], and Paris
[Bergmann & Wilke, 1995] integrate generative and case-
based planning, but require a complete domain theory and
are not mixed-initiative. SIPE 11 [Wilkins, 1998] is a mixed-
initiative generative planner, but does not use cases.
NaCoDAE [Mufioz-Avila et al., 1999] is a mixed-initiative
case-based planner, but does not employ generative
planning.

At least three other integrated (case-based/generative),
mixed-initiative planners exist. MI-CBP [Veloso et al.,
1997], which extends Prodigy/Analogy, limits interaction to
providing it with user feedback on completed plans. Thus, it
must input, or learn thru feedback, a sufficiently complete
domain theory to solve problems. In contrast, SIN gathers
information it requires from the user through NaCoDAE
conversations, but does not learn from user feedback.
CAPlan/CbC [Mufioz-Avila et al., 1997] and Mitchell’s
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[1997] system use interaction for plan adaptation rather than
to acquire state information.

Among integrated case-based/generative planners,
SiN’sinterleaved control structureisuniquein that it allows
both subsystems to equally control the task decomposition
process. In contrast, other approaches either use heuristics
(Prodigy/Analogy; MI-CBP) or order case-based prior to
generative planning [DerSNLP; Mitchell, 1997], although
Paris does this iteratively through multiple abstraction
levels. Distinguishing the relative advantages of these
control strategiesis an open research issue.

The final two columns of Table 3 refer to the types of
contributions made by cases in CBP systems. CHEF and
NaCoDAE both use cases to provide domain knowledge,
while Prodigy/Analogy uses cases for control knowledge
(i.e., determining which planning constructs to apply). In
contrast, SIN uses cases to both provide domain knowledge
(i.e., instances of methods) and control knowledge (i.e., it
allows the user selects which of these instance methods to
apply).

CaseAdvisor [Carrick et al., 1999], like SIN, integrates
conversational case retrieval with planning. While
CaseAdvisor applies pre-stored hierarchical plans to gather
information to solve diagnosis tasks, SIN instead uses its
case retriever to gather information and applies cases to
refine hierarchical plans.

Planning with incomplete information has been the
subject of frequent research in planning (e.g., [Golden et al.,
1996]). Typicaly, a distinction between sensing and
planning actions is made, where the former involve queries
to external information sources and the latter involves
inferencing steps. This is comparable to querying using
NaCoDAE and task refinement using SHOP.

10 Final Remarks

We presented the SIN agorithm for case-based HTN
planning. SIN was motivated by three requirements for
planning military operations. plans are hierarchical, thereis
no complete domain theory explaining all possible courses
of action, and planners do not have complete information
about the current situation.

Our work includes the following contributions:

SIN is a provably correct algorithm for case-based
planning with incomplete domain theories.

SiN can tolerate incomplete world state information by
representing preferences in the cases. Our experimental
results show that a user can dynamically guide SIN by
giving preferences to it as part of the user’'s normal
interaction with SiN during the planning process.

SiN provides a bridge between two classical approaches
for case-based planning, in which cases either provide
control knowledge or domain knowledge. In SIN, cases
provide both kinds of knowledge.
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SiN’'s ability to combine both experientia and
generative knowledge sources can be beneficial in real-
world domains where some processes are well known
and others are obscure but recorded memories exists on
how they were performed. Planning for NEOs is a
typica example of this type of domain. We have
integrated SIN into HICAP [Mufioz-Avilaet al., 1999],
a system designed to support these kinds of operations.

Our creation of SIN was made possible because of the
similarity between NaCoDAEFE's cases and SHOP' s methods.
For our future work, we want to further exploit this
similarity to ease knowledge acquisition for plan generation.
To this end, we have started working to create algorithms
for learning HTN methods automatically from cases.
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Abstract

In literature, the mediator architecturehas been
proposedfor taking information from distributed,
heterogeneousand often dynamic sourcesand
makingthemwork togetherasa whole. In this pa-

per we proposea distributed case-basedpproach
for the main problem of a mediator i.e. rewrit-

ing queriesaccordingto mediators schema. Ac-

cordingto this approachwe usea casememoryas
mediators schema. Therefore,sucha schemais

not static (asin othersystems)ut is dynamically
updatedthroughthe cooperationwith information
sourcesandothermediatorsstronglyinfluencedoy

the queriessubmittedby a consumer From the

analysisof different cooperationstratejies arises
thatit is more efficient and effective for a media-
tor to directly cooperatewith informationsources,
whenthesourcesarefew. Otherwiseijt is moreef-

ficientto cooperatavith othermediators.

1 Introduction

Nowadaysjnformationsystemsanbethoughtascollections
of information souices and information consumerghat are
often distributedin world-wide networks. This meansthat
sourcesand consumergan be autonomousandthus are of-
ten hetepgenousanddynamic Informationsourcesare het-
erogenouslueto discrepancieatthephysicallevel (different
DBMSs,softwareandhardwareplatforms),logical level (dif-
ferentdatamodels),andconceptualevel (differentschemas,
conceptandrelationnames).

Example 1.1 Figurel shows an exampleof threeinforma-
tion sourcesabout articles on computerscienceand their
authors. Let us supposethat the three sourcesreceve the
query Qo = Vpub.ai. ws cananswerto @ (it finds
a view that matcheswith @,), whereasw; and ws, can
not. Indeed, the schemaof w; is different (heteogene-
ity of schema$. Notice that, if we rewrite the query as
Qf = VYpubVkeyword {“AI"}, w, is ableto answersince
Vpub.Vkeyword {“AI"} is part of its schemas. For what
concernsws, it is not a matterof heterogeneityws simply
doesnot have therequiredinformation.
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Informationconsumersreheterogeneouaswell, sinceeach
consumemay have differentcustomizatiomeedsdueto dis-
tinct businesobjectves. Moreover autonomousgnformation
sourcesaredynamic,sincethey maybe addedto the system,
may become (temporarily or definitively) unavailable, or,
sometimesmay alsovary their conceptuakschemas.Infor-
mationconsumerare alsodynamic. Indeednen consumers
canbe insertedor remaved. Furthermoretheir information
needscanchangevery often. Our work dealswith informa-
tion integrationin distributed, heterogeneousand dynamic
informationsystemsi.e.,constructinganswerso queryfrom
consumers.Our primary goal consistson rewriting a con-
sumers query into queriesto specificinformation sources.
In [M. Panti, L. Spalazzi,A. Giretti, 20040 we proposeda
distributedcase-basedpproacho the problemof rewriting
gueries.Accordingto this approachwe have a dynamicme-
diatedschemgthecasememory)insteadf a staticone(asin
othersystems)Indeed our mediatorsschemas dynamically
updatedthrough the cooperationwith information sources
andothermediators stronglyinfluencedby the queriessub-
mittedby a consumerln this paperwe focuson thecoopera-
tion stratgiesof the distributedcase-baserkasonerindeed,
we comparedifferent stratgies from a theoreticalpoint of
view anddiscussthe results. The paperis organizedasfol-
lows. Section?2 reportsthe relatedwork. An overview of
ourwork is providedin Section3. Section4 summarizese-
sultsaboutlocal queryrewriting (i.e. whena querycanbe
reformulatedby a single mediator). Section5 describeghe
distributedqueryrewriting (i.e., whena querycanbe refor
mulatedonly throughcooperatioramongmediatorsinddis-
cusssometheoreticalresults. Finally, someconclusionsare
givenin Section6.

2 Redated Work

Intelligent Information Integration (1%). The mostsigni-
ficative approachto informationintegrationrelies on the so
calledmediatorarchitectuie [Wiederhold,1994: anarchitec-
turewith three-layersA layeris devotedto informationcon-
sumersanotherlayeris devotedto informationsourcesthe
middle layer (i.e. the mediator)dealswith the reformulation
of agivenqueryin asetof queriespachtargetedataselected
source.Intuitively, suchareformulationwould be equivalent
to the original query(i.e., denotethe samesetof instances).
Neverthelesspften this is not possible. Therefore,a query
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Figurel: An exampleof informationsources.

reformulationcontainedn (insteadof equivalento) theorig-
inal queryis considerecadequatéseefor example[Ullman,
1997;Beerietal., 1997). Furthermorewhena description
logic (e.g. [Borgida and Patel-Schneiderl994) is usedas
datamodelingandquerylanguage(e.g. [Beeriet al., 1997;
Kirk etal., 1995;Ullman, 1997), the problemof querycon-
tainmentcorrespondso the subsumptiorproblem.
Therearetwo basicapproacheso intelligentinformation
integration: the proceduralapproachandthe declaratve ap-
proach.In the procedurl approach(e.g., TSIMMIS [Garcia-
Molina et al., 1997), mediatorsintegrateinformation from
sourcesthrough ad-hocproceduredefinedwith respectto
a setof predefinednformation needs. Whensuchneedsor
sourceshanggi.e., we have adynamicinformationsystem),
a newv mediatormust be generated. In the declamtive ap-
proach(e.g., SIMS [Arenset al., 1993, Information Mani-
fold [Kirk etal., 1999, andInfomaster DuschkaandGene-
sereth,1997), mediatorsusesuitablemechanismso rewrite
gueriesaccordingto sourcedescriptions. Usually, the pro-
posedsystemslo notallow automaticadaptatiorof suchde-
scriptionswhensomethingchanges.
Distributed Case-Based Reasoning (DCBR). A distributed
case-basedeasonel Prasackt al., 1996;Plazaet al., 1997
learnsby experienceand cooperatiorhow problemscan be
solved. Therefore,it is appropriatefor distributed and dy-
namic applicationdomains,when it is impossibleto have
predefinedsolutions.Neverthelessasfar aswe know, its ap-
plication to informationintegrationis a novelty. In DCBR,
thereareseveralagentspachagenthasits own casememory
sinceit could have acquiredits own independenproblem-
solvingexperiencesA new problemis solvedthroughagent
cooperationlndeedeachagentreuseghelocal pastcasethat
bestcontributesto the overall case. Descriptionlogic is ap-
plied to case-basetkasoningandthusDCBR) aswell (e.g.
[Koehley 1994)). Indeed,in case-baserkasoningsubsump-
tion becomes powerful tool to automaticallyderive casehi-
erarchieghatcanbeusedin caseretrieval andcaseretention.

3 Work Overview

Our goalis to build aninformationsystemcapableof inter-

connectingnformationconsumersndsourcesPreviousap-
proachessolve several problemsconcernedvith distributed,
heterogeneouisformationsystems.Their mainlimitation is
relatedto the capability of evolving accordingto dynamic
information systems. We propose(seealso [M. Panti, L.

Spalazzi,A. Giretti, 200d) a multi-agentsystemwhich is
basedna mediatorarchitecturej.e. mediatorssourcesand
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consumerareagentsAll theagentsadoptadescriptionogic
called C-CLAssIc [Borgida and Patel-Schneider1994 as
datamodellingandquerylanguage.Indeed,subsumptiorin
C-CLAssIc canbecomputedn polynomialtime.

In ourwork, thecapabilityof amediator agentto facehet-
erogeneouanddynamicsystemgelieson athesaurugnda
distributed case-basedeasoner Eachmediatorhasits own
thesaurusn orderto solve nameheterogeneityA thesaurus
is composedy a setof classeof synoryms. Eachelement
of a classhasthereferencedo informationsourceghatuseit
asterm. Every time a new queryarrives,its termsaretrans-
latedin standardermsby meansof the thesaurus.The re-
verseprocesoccurswhenthe rewritten query mustbe sent
to information sources.The thesaurusnustbe dynamically
updatedvhena changein the systemoccurs. The classeof
the thesaurusare modified by meansof clustering. The ex-
planationof this techniqueis out of the scopeof the paper
for moredetailswe remindto [Diamantiniand Panti, 1999.
Therefore,in the restof the paperwe assumethat no name
hetepgeneityoccurs(i.e., thethesaurufiasa maximumpre-
cision). Eachmediatorhasalsoits own case-basedeasoner
in orderto solve heterogeneityof schemasand consumes
needs.Eachcasecontainsa queryandthe correspondinge-
formulation,andit is storedin the mediators casememory
Whena nev queryfrom the consumerarrives,the mediator
looks for pastqueriessubsumedy the new oneand adapts
the correspondingsolutionsin orderto obtaina reformula-
tion of the new query This meanghatthe mediatedschema
is stronglyinfluencedby the queriessubmittedoy consumers
(mediators experience) Whenthis experiencedoesnot help,
themediatorcooperatewith othermediatorsand/orinforma-
tion sourcesThis approachallows the mediatorto updateits
schemasndthereforeto takeinto accountchangesn infor-
mationsourcegindconsumess needs Thiscanbeconsidered
akind of distributedcase-baserktasoning.

In our system,nfor mation source agent$ areableto co-
operatewith mediatorghrougha queryreformulationbased
on local schemaslIndeedeachsourceis ableto find a view
overits schemahatis subsumedby aninput query

Example 3.1 Letusconsidetthedistributedinformationsys-
tem of Figure 1 (Example1.1). According to the above
assumption,we considerthat all the (conceptand role)
nameshave been already translatedby a thesaurusand
thus no name heterogeneityoccurs. Nevertheless,con-
ceptualschemasre different (as shoved in Example1.1).

!Notice that when a sourceis a non-agensoftware,we needa
wrapperasinterfacebetweerthe sourceandtherestof the system.

CASE-BASED REASONING



Query Rewriting of thequery

InformationSources

H (Vpub.journal M Vpub.db), (Vpub.ai M Vpub.db) (Vpub.journal, wy), (Vpub.db,w2), (Vpub.ai, ws)

Vpub.Vpublisher { “ACM"'}

Vpub.Vpublisher.{ “ACM"} w1), (Ypub.Vpublisher.{ “ACM"}, ws)

(
T (
J (Ypub.Vkeyword{ “AI"}), (Vpub.ai) (Vpub.Vkeyword{ “AI"}, w1), (Ypub.ai,ws)
K (

(Vpub.Vkeyword.{“Agents”} N Vpub.db),
(Vpub.agents Vpub.db)

Vpub.Vkeyword.{“Agents”} w1), (Vpub.db,ws), (Vpub.agents, ws)

Figure2: An exampleof casememory

Let us supposethat source w; receves a query @1 =
Vjtype.{Trans}. wy findsthat@); subsumeacmtransand
ieeetransandthusreturnsthe correspondingnstancegde-
notedby I, (acm_trans) U I, (icee_trans)).

4 Local Query Rewriting

Generally speaking,a caseis an arbitrary set of features
(attribute-value pairs). Somefeaturesare devotedto repre-
senta problem(in our applicationthe queryto be reformu-
lated) in orderto make easierthe retrieval of a pastprob-
lem similar to the currentsituation. Therestof featuresare
devotedto representhe problemsolution (the reformulated
gueryandinformationsourcesvherethereformulatedquery
hasbeensent)to reuseit in the currentproblem. Further
more, the problem of rewriting querieshas a fundamental
conditionthat mustbe satisfied:the rewritten query mustbe
containedin the original query[Beerietal., 1997; Ullman,
1997. We useC-CLASSIC asa languagefor representing
gueriesandthuscases.The subsumptiorrelationis usedas
guerycontainment@andthusfor caseretrieval. Accordingto
above considerationsa case is a structureasthe following:
(Q,S0l(Q),{(Q1,w1),...(Qn,wy))y where wy,...,w,
are information sourcesand @4, ...,Q, are queriesto
wy, ..., w, respectrely. @ is a given query and Sol(Q)
is its reformulation,i.e., a setof arbitrary combinationsof
Q1, ..., Q. suchthat eachelementof Sol(() is subsumed
by @. A collectionof casess calledcase memory. A termi-
nology (i.e., asetof concepdefinitionsandtheirrelations)is
alwaysassociatedo a casememory T, L representhetop
andbottomconceptsrespectiely. Theinitial casememory
canbe built asstatic mediatedschemaf traditional medi-
ators(e.g. SIMS [Arenset al., 1993). In our system,the
addedvalueis thatthe DCBR worksto maintainupdatedsuch
aschema.

Example 4.1 Figure2 andFigure 3 shov the casememory
andtheterminologyof a mediatorof Example3.1.

Query Retrieval. Every time a new queryarrives,it is in-
sertedin the terminology and classifiedby meansof sub-
sumption. If thereexists a pastproblemequalto the new
query thenits solution canbe usedas solutionfor the new
guery Otherwisethe solutionsof pastproblemghataresub-
sumedby the new querycanbe usedassolutionfor the new
problem. The closestto the new query the retrieved cases
are,the bestthe solutionsare. This drivesusto the notion of
problemsmaximally containedn the new query This notion
allows the definition of theretrieval function M;, ¢ (@, P) as
asetof conjunctionsof conceptg;»; X;) of thegiventer
minology (?). For eachconjunctionof conceptsheredoes
not exist anotherconjunctionof conceptf the sametermi-
nology(l‘ljzle) suchthat(l‘lilei) C (|_|j21§/j) C Q.

CASE-BASED REASONING

Example 4.2 Letussupposeo have Q2 = VYpub.(aifdb) as
input queryin Example4.1. Applying the retrieval function
weobtain: M;, ;(Q2,P) = {K,HNJ}

Query Reuse. Thebasicreusealgorithm(S;, ¢ (Q, P)) sim-
ply copiespastsolutionsof pastproblemsreturnedoy there-
trieval function.

Example 4.3 Applying thebasicreusealgorithmto Example
4.2,weobtain:S;, ¢ (Q2, P) = Sol(K)U(Sol(H)MSol(J))?

Now we have all the building blocks to define the local
reusealgorithm (P (Q, P)). Suchan algorithmdecomposes
eachconsumess queryin basiccomponentsappliesthe ba-
sic reusealgorithmto eachcomponentandfinally assembles
the correspondingesults(a moredetaileddescriptioncanbe
foundin [M. Panti,L. SpalazziA. Giretti, 2000).

Example4.4 Let us supposeto have Q3 = Vpub.ai M
Vpub.acm asinputqueryin Example4.1. Applying thereuse
algorithmwe obtain:

D(Q3,P) = Sing(Vpub.ai, P) M Sins (Vpub.acm, P)
= (Sol(K) M Sol(I)) U (Sol(H) M Sol(J) M Sol(I))

Notice that this is just one possibleanswey anothermedia-
tor with a differentcasememorymay rewrite the queryin a
differentway andthusreturna differentanswer

It is easyto prove that eachelementof S;,;(Q,P) and
D(Q,P) is subsumedy Q. Therefore,a reformulationis
containedn theoriginal queryasrequiredin thedefinitionof
case Finally, noticethatin generalS;,, ; (@, P) # D(Q, P).
Query Evaluation. Whenthe mediatorhasa reformulation
of the receved query it mustsendsucha reformulationto
relatedinformationsourcesandwait for theiranswers.

Example 4.5 The evaluationof Sol(H) consistson query-
ing sourcesuy, wy, andws with Ypub.journal, Vpub.db, and
VYpub.ai respectiely, andintegratingtherelatedanswersThe
semanticof conceptshelpsus on integrating the answers.
Let I, (Vpub.journal), I, (Vpub.db), and I, (Ypub.ai) be
answersfrom w;, ws, and ws respectiely, then the an-
swer to Vpub.(journal M db) is: (I, (Ypub.journal) N

Ty, (Vpub.db)) U (I, (Ypub.ai) N I, (Vpub.db)).

Failures. Wehave alocal failurein queryreusewhenamedi-
atoris notableto rewrite agivenqueryQ, i.e., Sol (Q) = 13,
Thismeanghatthemediators casememorycontainsno past
caseghatcanbe usedto reformulate. Usuallythis is due
tothefactthatit is thefirst time thatthe consumeformulates
suchaquery i.e.,theconsumehasa new informationneed.

250l(H) 1 Sol(J) meanghateachelementof Sol( H) is con-
junctedwith eachelementof Sol(.J).
3Noticethat7( L) = @.
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|acm| |Journa|| | db | | ai |

| H=¥pub.(journal 1 db) |

|J=‘v’pub.ai | |\=Vpub.acm‘

\Vj type.{Trans} agents

Vpub.(ai n db)

acm trans

@ NJ=pub.(aindb njouma@

‘ K=¥pub.(agents | db)|

{.. journal<T 6 db<T, ai<T,
H = Vpub.(journaln db)

agents<ai, acm = Vpublisher { “ACM”}, acm_trans = acm N Vjtype {Trans},
I = Vpub.acm, J = Vpub.ai, K = Vpub.(agents db) ...}

Figure3: An exampleof terminology

Example4.6 Let us consider the case memory
of Example 4.1 and the query Q4 = Vpub.ai M
Vaf filiation.{“Stanford”}. The mediatoris not ableto
rewrite thequery Indeedwe have

D(Qu,P) = (Sol(K)ML)U(Sol(H)MSol(J)NL) = {1}

Furthermore,we have a local failure in query evaluation

when a mediatorsendsa rewritten queryto relatedsources
andrecevesat leastan empty answer This meansthat the

casememoryof the mediatoris not updated. Typically, an

information sourcehas beenremoved from the systemor

changedts schema.

Example4.7 Let us suppose that source w; has
been (perhaps temporarily) remored, then the eval-
uation of the reformulated query in Example 4.4
fails. Indeed 1, (YpubVkeyword.{“Agents”}) =
Iy, (Vpub.journal) = I, (VpubVpublisher {“ACM"})
= Iy, (Vpub Nkeyword {“AI”}) =)

5 Distributed Query Rewriting

Evenif alocal failure (in queryreuseor evaluation)occurs,
the distributedcase-basetkasonindhasstill a possibility of
solvingthe problemby meansof cooperatiorwith otherme-
diatorsandsources.Notice thatthis providesthe systemthe
mostimportantway of learning. Indeed,if the queryis re-
formulated,the new rewritten queryand/orthe new sources
canbe storedasa new case.Iln suchaway the mediatorcan
supportdynamicinformation systems.Furthermorejt does
not needto maintainconsistenits casememoryevery time
somethingchangesbut only whenaconsumesendsa query
that fails. Therefore,the distributed information systemis
notoverloadedwith consisteng maintenanceperationsthat
usuallyaretime consuming.On the contrary traditionalme-
diation systemscan only updatemediatedschemawith ex-
pensve hand-mad@rocedures.
Cooperatiorstrat@iescanbe classifiedaccordingto three
parameters:partners,queries,and answers. In the follow-
ing we describesuchstratgies, we alsoanalysethem (from
atheoreticalpoint of view), sincethe choiceof theright co-
operationstratgy is crucial for effectivenessandefficiengy,
anddiscusgheresults.
Partners. Whena mediator(say M) fails, it cancooperate
with othermediatorsaskingthemto rewrite a queryaccord-
ing to their own casememorieslf they succeed canstore
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theresultasanew casein its casememory Themediatorsn-

volvedin this stratgy canbeall the mediator=of the system,
just mediatorghat have never beenin touchwith M, or me-
diatorsthatsuccessfullycooperatedvith A in the past. The
mediatorM candirectly cooperatevith informationsources
aswell. This stratgy caninvolve all the sourceqit is very
expensve), sourcegesponsiblef thelocal failure (this strat-
egy takesinto accountchangeof schemas)recentlyadded
sources(this stratgy takesinto accountnewn sources),or

the sourceghat successfullycooperatedvith M in the past
(whena userhasa new information need,the applicationof

this stratgy supposeghat the new needinvolvesthe same
sourcef the past). Eachsourceclassifieghe queryandre-

turnsthe subsumedoncepts.Let us analysesuchstrateies
focusingonrecallandprecisiorratiosin orderto evaluatethe
effectivenes®f thestratgy. We alsoevaluatetheinformation
redundang thatsuchstratg@iesproduce.

First, let us considera mediator M that cooperateswith
othermediators sendshemthe original query andasksfor
receving arewritten query This stratgly hasa possibledis-
adwantagehatanothemediatorcansenda wrongrewriting.
Thisfacthasharmfulconsequencemntheprecision asstated
by thefollowing theorem.

Theorem 5.1 Let Sy, ..., S, ben informationsources. Let
V beaviewof Sy, ..., S,. Visrepresentedsacasememory
thatdoesnot change Let M/, N betwo mediatorssud that
M interactswith N when}M fails. LetC,(M) bethe case
memoryof M after n interactionswith N. Then

cardC M ny

Recall: n_m Card <1
Precision: nh—>nc}o Card(cn(M)) is indeterminate

In the above theorem,C,, (M) denotesthe casememory of

the mediatorM (e.g. seeFigure2). V denoteghe informa-
tion needof a givenconsumeri.e., it is the schemao which

C.(M) mustcorverge. Sucha theoremstateshatwhenthe
mediatorN sendsa rewriting thatis partof V therecalland
the precisiongrow, otherwisethe recall doesnot changeand
the precisiondecreasesThis meanghatis crucialthe choice
of whatandhow mary mediatorso cooperatavith. Another
possibledisadwantageof suchastratey is thatasymptotically
all the mediatorsmay have the samecasememory i.e. this

stratgy produces certainredundang. This resultis a con-

sequencef thefollowing theorem.

CASE-BASED REASONING



Theorem 5.2 Let M, N betwomediatorssuc that M inter-
actswith N whenM fails. LetC, (M) bethecasememoryof
M aftern interactionswith N. LetC(N) bethecasememory
of N sudh thatit doesnot changewhile NV interactswith A .

Then
lim card(C,(M OC N -1

=500 card(C(N))
The above theoremstatesthat the casememoryof M con-
vergesto the casememoryof N when M cooperatewith
N. This seemdo suggesthatwhenthe mediatorcooperates
with othermediatorst would directly askdatainsteadof the
rewritten query This would allow ary mediatorto maintain
its expertiseandavoid redundany.

As a secondstrat@y, let us considera mediator M/ that
directly cooperatesvith informationsourcessendghemthe
original query and receves the rewritten query (and even-
tually the data). This stratgy guarantees given consumer
thatthemediatorM corvergesto theconsumesinformation
need.Indeedit is possibleto prove thefollowing theorem.

Theorem 5.3 Let Sy, ..., S, ben informationsources. Let
V beaviewof Sy, ..., S,. Visrepresentedsa casememory
that doesnot change Let M be a mediatorsud that M
interactswith Sy, ..., S, whenit fails. LetC,(M) bethe
casememoryof M aftern interactionswith Sy, ..., S,. Then

lim card(C, (M )NV
o0 card(V)

m card(C,(M)NY

nli}oo card(C, ()

=1
=1

Recall:

Precision:

The above theoremstatesthat the mediatorwill asymptoti-
cally satisfythe information needof a given consumetr(de-

notedby V). Indeed,underthe hypothesighatno namehet-

erogeneityoccurs(see Section3), it is impossiblethat the

sourcehaswrongschemasThereforetheinformationsource
haseitherthe right answeror no answerat all. This means
that the choiceof sourcesto cooperatewith is crucial only

for efficiengy of thesystemj.e. how fastthe mediators case
memorycorvergesto users needs.

Example5.1 In thesituationof Example4.7,let ussuppose
thatthe mediatorchoosedo look for nenv sourcesandcoop-
eratewith them. Let ussupposehatw, is anew information
sourcewhich containsACM publicationsandhasthe follow-
ing conceptsn its schema:

acm_tods =Yj_name.{“TODS"} N Ypublisher {“ACM"}
acm_tocl =Yj_name. {“TOCL"} NVpublisher. {“ACM”}
acm_tois =Yj_name {“TOIS"} NVpublisher {“ACM™}

The mediator decomposes the query (s and
sends each component to wjy. For example, when

wy receves Vpub.Vpublisher {“ACM”}, it looks
for maximally contained concepts and obtains
M;n ¢ (Ypub.Vpublisher {“ACM”},P) =
{Vpub.acm_tods, Vpub.acm_tocl, Vpub.acm_tois}. When
themediatorrecevesthe answeyretainsasnew case:
{ Vpub.acm ,
(Vpub.acm_tods , Vpub.acm_tocl , Vpub.acm_tois) ,
{ (Ypub.acm_tods, ws) , (Ypub.acm_tocl, w,) ,
(Vpub.acm_tois, wy) ) )

CASE-BASED REASONING

Queries. Cooperatiorstratgiescanalsobeclassifiedaccord-
ing to queries.IndeedM cansendthe queryasreceved by
the consumer(this is a stratgy that takesinto accountthe
new users need). It can sendthe retrieved query (if ary),

i.e. the problemreturnedby the retrieval function (this is a
stratgy thattakesinto accountthe needof maintainingcon-
sistentthe mediators casememory). Finally, the mediator
cansendthe reformulatedquery (if ary). In the latter case
the “approximationof the solutiongrows”, asstatedby the
followingtheorem.

Theorem 5.4 Let ( be the original query Let Q' €
M;nt(Q,P) beoneof the pastqueriesretrievedby M. Let
Solar (Q') beoneof thereformulationsof @' usedby M as
rewriting of ). Let N bethe mediatoror souicethat cooper
ateswith M. Let Soly (z) bethequeryrewritten by N if N
receives: asinputquery Then

Soln (Q) C @ , Soly(Q)EQR'CQ
Soln (Soly (Q')) C Soly (QYC Q' CQ

As aconsequencéhesolutionreturnedoy N is moredistant
from @ than@’ when M doesnot sendthe original query

Cooperatiorstratgiescanalsobe classifieddependingn
thefactthatthequerycanbesentasit is or bedecomposeth
basiccomponentsThis secondstrat@y is applicablesinceit
is straightforwardtio prove thatthe following theoremholds
whenwe useC-CLASSIC:

Theorem 55 Let @1,...,Q, be queries. Let @ =
f(@1,...,Qn) betheusers query Let N bethe mediator
or sourcethat coopenteswith M. Let Solx (z) bethequery
rewritten by NV if N receivese asinputquery Then

Soln (f(Q1,--.,Qn)) = f(Soln(Q1),...,Soln(Qn))

The theoremabove statesthat A/ doesnot needto decom-
posea query beforeits sending,sincethe query is directly
decomposetly partnersThis suggestshatdecompositioris

corvenient(efficient) only if M failedto reformulate/ evalu-

atejust somecomponent®f thequery

Answers. Finally, cooperatiorstratg@iescanbeclassifiedac-
cordingto answers. M canaskfor rewriting the query Its

goalis to updateits casememorywith a rewritten queryob-

tainedfrom its collaborators M canalsoaskfor datathatan-
swerthequery In suchasituation,it storesin thecasemem-
ory theaddressesf themediators/sourcabatansweredWe

cananalysesuchstratgies dependingon partners. Table 1

reportsthe resultsof cooperatiorwith only one agent. We

assumehatsuchanagent(saya sourceS or a mediator/NV)

doesnot changewhile the stratgy is in progress.We also
supposehat N has(Q, Sols(Q), S) in its casememory For

eachstratgy, Table1 reportsthe new casethat M storesin

its casememory the setof instanceselatedto thereformula-
tion, thenumberof message® obtaininstance®f ¢ (when
M receves @ thefirst time andthe next time), andthe re-

sultsaboutredundang (seeTheorem5.2). Whenwe con-

sidercooperationwith mediators,jt seemanore efficient to

askfor a rewriting, since M interactswith N only the first

time, thenext time M directly interactswith S. Ontheother
hand,the stratgy of requiringdatadoesnot produceredun-
dang, evenif it is lessefficient. Notice that, for what con-

cernssuchevaluationparametershe stratgy of cooperating
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Partner Answer New Case Data No. of messages. Redundang
Ist.time Nexttime
Source(S) Rewriting  {Q, Sols(Q),S) Is(Sols(Q)) 4 2 No
“ Data (Q,Q,5) Is(Sols(Q)) 2 2 No
Mediator(N) Rewriting (Q, Sols(Q),S) Is(Sols(Q)) 4 2 Yes
! Data {(Q,Q,N) Is(Sols(Q)) 4 4 No

Tablel: A comparisorof differentcooperatiorstratayies.

with sourcegequiringdataseemdo bethe mostappropriate
whenthe numberof sourceds comparabldgo the numberof
mediators.

6 Conclusions

We consideredhe problemof rewriting queriesby meansof
distributed case-basedeasoning. As far aswe know, this
is a novel approach. This allows us to have dynamic me-
diated schemasdnsteadof static ones. We shaved that a
real dynamic mediatoris obtainedby meansof distributed
query reformulation,i.e., cooperationwith other mediators
andsourcesThanksto this approachthe mediatoris ableto
be updatedvhensourcesandconsumersre added/remeed
or changetheir schemas/needd his operationis performed
only whena consumesendsa querythatfails andnot every
time somethingchangesThis allowsusto avoid of overload-
ing the distributedinformation systemwith expensve con-
sisteny maintenanceperations. In distributed case-based
reasoningthechoiceof the right cooperatiorstratgy is cru-
cial. We hintedseveralpossiblestratgiesanddiscussedheir
adwantagesFrom suchan analysisarisesthatwe canobtain
goodresultsfor effectivenesandefficiengy whena mediator
directly cooperatesvith informationsourcesvhenthe num-
berof informationsourcess small. Otherwise the mosteffi-
cientstratgy isthecooperatiowith othermediators Finally,
noticethatthe choiceof C-CLASSIC is appropriatesincethe
algorithmcompleity for queryretrieval andreuses polyno-
mial.
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Abstract

One advantage of Case-Based Reasoning (CBR) is
the relative ease of constructing and maintaining
CBR systems, especially as a number of commer-
cial CBR tools are available. However, there are
areas of CBR that current tools have not yet ad-
dressed. One of these is easing or automating the
acquisition of adaptation knowledge. Since tasks
like design or planning typically require a signifi-
cant amount of adaptation, CBR systems for these
tasks still do not fully benefit from CBR’s promise
of reducing the development effort. To address
this, we have developed several “knowledge-light”
methods for learning adaptation knowledge from
the cases in the case-base. These methods perform
substitutional adaptation, for both nominal and nu-
merical values, and are suitable for decomposable
design problems, in particular formulation and con-
figuration. Tests performed on a tablet formula-
tion domain show promising results. The automatic
adaptation methods we present can easily be incor-
porated in general-purpose CBR tools, thus further
contributing to reducing the cost of CBR systems.

1 Introduction

The popularity of Case-Based Reasoning (CBR) can be at-
tributed to a number of factors. One of these is CBR’s ability
to cope with ill-defined problem domains by basing solutions
to new problems on solutions that worked in the past. Given
a new problem, a CBR system retrieves a set of similar prob-
lems from a case-base of previously solved problems. The re-
trieved problems provide ballpark solutions to the new prob-
lem; if needed, they can be adapted to fit the new problem
better. This final solution can be reviewed and stored in the
case-base to improve future performance if appropriate. This
ability to learn is an important advantage of CBR.

A further advantage of CBR is the relative ease of con-
structing and maintaining CBR systems, especially as a num-
ber of commercial CBR tools are available. However, this
advantage applies mainly to CBR systems relying on retrieval
for finding solutions, e.g., many systems for classification and
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estimation tasks. This is because current CBR tools con-
centrate only on certain aspects of building a CBR system:
automating construction of the case-base, defining retrieval,
and implementing the user interface. Although the tools usu-
ally also provide some basic facilities for coding adaptation
rules, they do not provide means of automating the task of
acquiring adaptation knowledge. This means that CBR sys-
tems for more complex tasks, like planning or design, can be
developed relatively easily only if their need for automatic
adaptation can be eliminated (or reduced) by either having a
large number of cases or by using the system in a decision-
supporting role where adaptation is performed by an expert.

Recent developments in CBR tools seem to have concen-
trated on increasing their possible field of application: im-
proving the way they interface with data-base systems, fa-
cilitating their deployment in web environments, increasing
portability, and improving case representation. However, so
far, commercial systems provide few facilities for automat-
ing the process of constructing competent case-bases, opti-
mising retrieval with the goal of retrieving most useful cases,
and, in particular, automating the acquisition of adaptation
knowledge. These issues are now being addressed in recent
research: Smyth and McKenna [1999] aim to build compact
competent case-bases, Jarmulak et al. [2000] introduce ways
of automatically optimising retrieval, and Wilke et al. [1997]
consider knowledge-light approaches for learning adaptation
suitable for incorporation into CBR tools.

In this paper we present a selection of generic methods
suitable for automating the acquisition of adaptation knowl-
edge for configuration and formulation tasks, a subclass of
design tasks. We begin by placing our work in the context
of related research in CBR. Then, we describe the methods
that we have implemented for automated acquisition of adap-
tation knowledge from cases in the case-base, and show how
the acquired knowledge is used in adaptation. After that, we
present our test domain and the results of our experiments,
before drawing conclusions and discussing further research.

2 Context & Related Work

We are interested in automating the acquisition of adaptation
knowledge for case-based design, in particular for configu-
ration or formulation tasks, where the final solution consists
of a more-or-less constant number of components with rel-
atively limited interactions between them. The solution is
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Figure 1: Solving a decomposable configuration problem.

usually determined by finding the correct “fillers” for com-
ponents, as well as deciding the values of “filler”” parameters.
Examples of this type of task are: tablet formulation [Craw et
al., 1998], formulation of rubber compounds for tires [Ban-
dini and Manzoni, 2000], and PC configuration [Stahl and
Bergmann, 2000].

In general, finding a solution for a design problem is made
more tractable if the task can be decomposed. Figure 1 con-
trasts a) a single step retrieval with two multi-step retrievals
where, either b) multiple retrievals are merged, or c) the solu-
tion retrieved in one cycle informs the retrieval in the next cy-
cle. Decomposition has special advantages for CBR design,
because it allows the use of multiple cases. This results in bet-
ter problem space coverage, and is important for the sparse
case-bases typical of CBR design systems. This is demon-
strated in the CBR systems Déja Vu [Smyth and Cunning-
ham, 1992] and EADOCS [Netten and Vingerhoeds, 1996].
Configuration and formulation tasks are in particular suitable
for solving by decomposition; e.g., our CBRTFS uses decom-
position for tablet formulation [Craw ef al., 1998]. CBRTFS
makes use of the fact that the interaction between solution
components is not strong, and that there is a difference in
the degree to which the choice of the different components
is subject to constraints. Thus it performs a sequential re-
trieval/adaptation (Figure 1c), proceeding from the most con-
strained to the least constrained components. Using the solu-
tions to “earlier” subproblems, when searching for solutions
to “later” subproblems, achieves good results, while keeping
the complexity manageable.

The difficulty of acquiring adaptation knowledge was iden-
tified early in CBR research [Kolodner, 1991]. However,
overall, little research has been done on automating acqui-
sition or learning adaptation knowledge. Hanney and Keane
[1997] have implemented a CBR system that estimates prop-
erty values, and learns adaptation rules from cases stored in
its case-base. DIAL [Leake et al., 1996] also learns adapta-
tion knowledge, in this case for a CBR planning system. It
stores previous successful adaptation strategies that combine
domain independent abstract adaptation rules with search
procedures for domain specific information.
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There are simple adaptation methods suitable for adjust-
ing a single numeric solution. These methods make use of
lazy learning to acquire their adaptation knowledge, i.e., at
the point of retrieval they look at neighbouring cases to deter-
mine the amount of adaptation required. The simplest such
method is weighted voting. Another example of simple adap-
tation is the difference heuristic of McSherry [1998]. This
heuristic compensates for differences in feature values be-
tween the problem and the best matching case by searching
for case pairs with the same difference in corresponding fea-
tures. The major restriction of this method is the assumption
that the estimated value is approximated well by an additive
function. This severely limits its application area.

Wilke et al. [1997] present a framework for learning adap-
tation knowledge using knowledge-light approaches. Simple
algorithms, like optimisation or inductive learning, can make
use of the knowledge contained in the case-base, the similar-
ity measure, and possibly already existing adaptation knowl-
edge, to learn or improve adaptation knowledge. Wilke et al.
suggest that one can consider optimisation of the k& param-
eter in weighted voting as an example of learning adaptation
knowledge; we view this as learning retrieval knowledge [Jar-
mulak et al., 2000]. Such knowledge-light methods can not
only be used for estimation or other simple CBR tasks, but
can also be usefully applied for design tasks, especially if the
design can be decomposed into subtasks, as is often the case
with configuration or formulation.

Because we are interested in methods of learning adap-
tation knowledge that are suitable for implementation in
general-purpose CBR tools, simpler, knowledge-light meth-
ods, like those described by Hanney and Keane and Wilke e?
al. seem more suitable, as opposed to the more powerful, but
also more complex, methods used in DIAL. In the following,
we use several knowledge-light approaches to acquire adap-
tation knowledge for a formulation task.

3 Adaptation

Adaptation methods in CBR are typically classified in the fol-
lowing 3 categories: substitutional adaptation substitutes or
modifies a parameter in the solution; transformational adap-
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tation involves structural changes to the solution; and gen-
erative adaptation redoes the reasoning process that led to a
solution [Smyth and Cunningham, 1993]. In this paper we are
interested in substitutional adaptation, which lends itself best
for automatic knowledge acquisition. The other two methods,
often used in design tasks, present more difficulties as far as
knowledge acquisition is concerned. However, a decompos-
able design task allows the adaptation to be decomposed into
simpler adaptation subtasks, often suitable for substitutional
types of adaptation.

3.1 Learning Adaptation Knowledge

The adaptation learning methods we present extract adapta-
tion knowledge from the case data. We propose methods suit-
able for predicting values for nominal as well as numeric fea-
tures; we call these targets. Both are needed in configuration
or formulation tasks where often the nominal-valued types of
components are determined first, and then their numeric pa-
rameters are estimated.

Constructing Adaptation Cases

One method we use to extract knowledge that is then used
for adaptation, performs leave-one-out retrieval experiments
and constructs “adaptation cases”. Figure 2 illustrates how
each of the cases is used as a probe case. After retrieving the
most-similar case(s) from the reduced case-base, the probe
and similar cases are analysed to construct an adaptation case
that will be used to adapt the proposed solution from the sim-
ilar case into the correct known solution for the probe case.

The way that adaptation cases for numeric targets are con-
structed is illustrated in Figure 3. We store differences be-
tween the problem features of the probe and retrieved cases,
and the difference between their solutions. This is sufficient
if we expect a uniform dependency between the solution dif-
ference and the problem differences over the whole problem
space. If, however, the dependency differs in various parts
of the problem space, then it is advisable to include also the
problem features of the probe and the proposed solution from
the retrieved case, as shown in Figure 3.

For nominal targets our adaptation cases are used to predict
whether the solution to a probe case proposed by a retrieved
case is a good solution. The construction of an adaptation
case for nominal targets is illustrated in Figure 4. Firstly, the
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adaptation case must contain data describing the problem fea-
tures of the probe and the solution proposed by the retrieved
case. Because we are dealing with a design task, it may also
be possible to include two other types of data in the adapta-
tion case. One type of information is an estimate (est) of
important properties of the final design that make use of the
proposed solution. We estimate these properties using CBRg,
a CBR system with the same case-data but with a different tar-
get and a more instantiated probe. The final type of informa-
tion that can be included in the adaptation case is simpler to
obtain. Given the predicted solution we determine feature(s)
from the problem description (rel) which are related to that
particular solution. An example from the tablet formulation
domain would be chemical stability of a drug (part of problem
description) with the chosen component (proposed solution).

Constructing Preference-Profiles

In the method of constructing adaptation cases shown in Fig-
ure 4, we estimated values of some design properties (est)
and found some features (rel) related to the proposed so-
Iution. When placed in the adaptation case they are used to
determine the correctness of the solution. But we can also
use these values without constructing adaptation cases. We
assume that the values of est & rel actually occurring in
cases correspond to an acceptable range of values for designs,
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and construct “preference profiles” for these features which
reflect the distribution of est & rel in the case data. Fig-
ure 5 shows an example of a profile for the estimated fea-
ture tYP: a “frequency distribution” of the values of tYP in
the case-data. Such profiles can be also interpreted as mem-
bership functions for a fuzzy concept “preference”. Profiles,
once constructed, are then used to estimate the “quality” of
suggested solutions. The assumption is that values occurring
often in the actual case-data are preferable. Looking at the
profile in Figure 5, suppose two nearest neighbours, whose
similarity to the problem case are virtually equal, have differ-
ent solutions, one resulting in an estimated tYP of 130, and
the other with equal to 530. We would choose the first solu-
tion with the higher preference tYP.

1

preference
°© o o
2 > ®

o
N

o

130 180 230 280 330 380 430 480 530
typ

@
o

Figure 5: Preference profile.

3.2 Applying Adaptation Knowledge

Now we describe how adaptation cases or preference profiles
are used in adaptation. Adaptation cases are applied in a CBR
system to determine the adaptation actions. Another possibil-
ity would be to induce decision trees to decide the correctness
of a nominal solution or to suggest an approximate adjust-
ment for a numeric solution. We could also use other meth-
ods, e.g., induce adaptation rules [Hanney and Keane, 1997].

Numeric Targets

Adapting values of numeric targets, is conceptually simple,
Figure 6. Given the differences between the problem and the
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retrieved case(s) we use CBR 4, a CBR system with adapta-
tion cases like Figure 3, to predict adjustments to the pro-
posed solutions. We can use just a single suggested cor-
rection, or k updates from the nearest neighbours or several
CBRy4 systems and combine the adjustments.

B CBR,
— Correct
S|m|IarrobIem system estimating proposed
correctlgn olf tthe solution
. roposed solution
retrieval prop

/ 7y
proposed
solution

Figure 6: Problem differences to adapt numeric solutions.

Nominal Targets

Figure 7 shows how we can use information about the esti-
mated correctness/quality of the solution in adaptation. The
working cycle of the presented system is as follows: (1) given
a new problem we retrieve cases from the case-base, these
cases give us suggested solutions; (2) we estimate the correct-
ness of the suggested solutions applied to our problem; (3) if
the estimate of correctness suggest a high possibility of the
solution being correct we return this solution; (4) otherwise,
we store this solution with its correctness estimate, and (5) re-
peat retrieval, but this time ignoring all cases with the solution
values which have already been tried out; (6) if all possible
solutions have been tried without finding a really good one
we will return the one that had the highest estimated correct-
ness, giving preference to the solutions that were retrieved
first (the nearest neighbours of the problem case). This ap-
proach might look like a search, however, the aspect distin-
guishing it is the order in which the solutions are tried — this
order is determined by case similarity as defined by retrieval.

In this “iterative-adaptation” method the quality of a so-
lution can be estimated using preference profiles; PPROF in
Figure 7. To use the profiles, first, we have to obtain values of
est & rel as we did to construct nominal adaptation cases
in Figure 4. If several profiles are used then their values can
be combined using a weighted sum. If we consider “prefer-
ence profiles” as fuzzy membership functions then their val-
ues can be combined using a fuzzy AND operator, e.g., a min-
imum or a product.

Figure 7 also shows solution correctness being estimated
using a CBR4 system containing adaptation cases like those
in Figure 4, instead of PPROF. In this method, we use a com-
bination of the case similarity and the accuracy of the leaves
of the case-base index to give us a numeric estimate of the
correctness of the solution.

4 Experiments and Results

We have tested these adaptation methods on a simple design
task — tablet formulation [Craw et al., 1998]. The design
of a new tablet involves identifying inert substances called
excipients to balance the properties of the drug so that the
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Figure 7: Adaptation of nominal values by iterative “search” for solution.

tablet is manufactured in a robust form, and the desired dose
of drug is delivered and absorbed by the patient. Excipients
play the role of fillers, binders, lubricants, disintegrants and
surfactants in the tablet. Furthermore, a formulation specifies
the quantity of each of the added excipients. The difficulty
of the formulation task arises from the need to select a set
of excipients compatible with the drug, whilst at the same
time satisfying a variety of soft and hard constraints. Cur-
rent tablet formulation practice suggests that this design task
is decomposable into subtasks consisting of the choice of ex-
cipient component plus determining the excipient amount. It
is possible to find a sequence in which the components will
be determined, from the most constrained, filler, to the least
constrained, surfactant, so that most tablets can be formulated
without the need to backtrack in the formulation process.

We conducted adaptation experiments on a case-base con-
taining 156 formulations. Table 1 shows the results for all
tablet formulation components, except those where retrieval
with no adaptation already achieves 100% accuracy. Entries
of the form “~” indicate there was no gain from adaptation.
The table shows the accuracy as measured by the percentage
of acceptable solutions for default CBR retrieval and our au-
tomatically optimised retrieval [Jarmulak et al., 2000]. It also
shows the gains from using adaptation cases (CBR4). For
nominal targets, the gains from preference profile adaptation
(PPROF) are shown in brackets. The accuracies and gains
are averaged over repeated cross-validation experiments that
separate the available data into case-data and test problems.

We can see that for several tablet formulation subtasks
learned adaptation did indeed bring improvements. We were
especially interested in improving the results for the three
tasks for which optimised retrieval with no adaptation had
accuracies below 90%. Therefore, we are pleased with the
improvements in the tabletSRS and binder prediction. For
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CBRy4/ | retrieval adaptation | optimised adaptation
(PPROF) | only (%) gain (%) only (%) gain (%)
filler 68.7 — (—) 80.8 — (—)
binder 30.1 54 (11.1) 39.2 4.9 (9.9)
disinteg. 93.5 1.9 (2.4) 96.7 0.7 (—)
filler 85.8 9.8 99.9 0.1
binder 95.9 — 99.4 —
lubricant 88.0 0.8 97.4 0.6
tYPfiller 79.7 1.1 96.2 0.3
tSRS 70.3 — 76.4 3.8

Table 1: Percentage Accuracy and Adaptation Gain

the latter task, we notice that the PPROF method gives much
better results than CBR 4. Preference profiles capture the no-
tion of optimality directly, representing the distribution of
feature values for a given prediction; CBR 4 relies on more
local feedback. Moreover, preference profiles are less sus-
ceptible to data over-fitting since their knowledge is based on
larger training sets.

Because no gains were achieved for the filler excipient
task, we analysed this task more closely by looking at the
index trees of the CBR4 system, see Figure. 8. Our expert
confirmed that parts of the index reflected correct domain
knowledge. All est. tSRS nodes correctly capture the pref-
erence for tablets with low SRS. However, other nodes were
incorrect, mainly due to the lack of sufficient training exam-
ples (adaptation cases). For example, the second level nodes
under CCA and MAN are obviously incorrect, and the nodes
labelled filler_related represent the opposite of the domain
knowledge. It is encouraging that the knowledge contained
in the case-base index was so easy to interpret. It is also easy
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to make corrections to the index. This suggests that learn-
ing adaptation knowledge should be followed by a review
and refinement of that knowledge by a domain expert. This
would still require considerably less effort than acquiring all
the adaptation knowledge from the expert.

filler
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Figure 8: Example case-base index for CBR 4.

5 Conclusions & Future Work

Our research has identified several “knowledge-light” meth-
ods of learned adaptation suitable for implementation in gen-
eral purpose CBR tools. The tool’s adaptation phase must
allow the preference profile or CBR4 systems to be invoked
and repeated retrieval to be undertaken. Since both adaptation
methods are based around cases, the CBR tool itself could be
the adaptation platform.

The methods described are suitable for decomposable de-
sign tasks as illustrated by our tablet formulation problem.
For these adaptation subproblems we have developed effec-
tive methods for learning adaptation knowledge. These meth-
ods are generic and particularly suited to component-based
design because they use constraints and optimality of the
components. Tasks other than design may also benefit; fea-
tures describing the suitability of a proposed solution would
be used as the estimated feature.

In our experiments, we found that, depending on the task,
different methods, like PPROF or CBR 4, may bring better re-
sults. This is in part due to the inherent differences in the
design tasks: some may be guided mainly by a search for op-
timal components while others may use constraints to reject
unsuitable components. We therefore think that CBR tools
should be equipped with a choice of learned adaptation meth-
ods, from which the user selects those giving better results.

An important advantage of the methods presented here is
that the acquired knowledge is relatively easy to interpret, e.g,
the adaptation cases, the CBR 4 systems that use them, and the
adaptation profiles. Our further research will concentrate on
refining acquired knowledge. We intend to study methods of
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presenting the learned adaptation knowledge to an expert, in
order to obtain, and then process, expert feedback with the
goal of further improving the CBR adaptation stage.
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