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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 
(e.g., 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 crucial 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. 

 
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 al., 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 all 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 DOE’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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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 Delivery System), a module of the HICAP plan 
authoring tool suite [Muñoz-Avila et 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 
issues in Section 5. 

2 Monitored Lessons Learned 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 continually 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.  

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 
decision-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 usually 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 occurs in 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 use it. 

• 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. 

Objects 

Analyze 

Figure  2. Monitored lesson distribution integrates the lessons 
learned process with lesson-targeted decision processes. 
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Figure  1. Most lessons learned processes are separated from the 
decision processes they support. 

Action 

Decision 
Process 

Lesson 

Distribute 

    Lessons 

Lesson Learned Process 

Collect   

Lesson Analysts 

  Analyze 

    Edits 

Queries

Browsers 

Decision Process 

Decision 
Makers 
 

     Choice 

Store 

Experiencers 

Lesson 
Repository Actions 

 

Relevant
lessons 

988 CASE-BASED REASONING



• 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 [Muñoz-Avila et al., 1999].  
This section details HICAP and then ALDS. 

3.1 Plan authoring using HICAP 
HICAP (Hierarchical Interactive Case-based Architecture 
for Planning) is a multi-modal reasoning system that helps 
users to refine a planning hierarchy [Muñoz-Avila et al., 
1999]. A hierarchy is represented as a triple H = {T,p,:}, 
where T is a set of tasks, p defines a (partial) ordering 
relation on T, and t1:t2

 means that t1 is a parent of t2 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 HICAP’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 decompose t.   

3.2 Monitored lesson distribution using ALDS 
Planning tasks (e.g., for military operations) involve several 
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 decision-making. When a user 
implements a prompted lesson’s task decomposition (i.e., 
reusing the lesson), the current task hierarchy is modified 
appropriately.  

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, a lesson is 
indexed by the (target) task that it can modify and a set of 
<question,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).  

4 Evaluation 
We wanted to evaluate the hypothesis that the monitored 
distribution approach (e.g., as implemented in ALDS) is 
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 

Figure 3. HICAP’s lessons distribution sub-process, 
implemented in ALDS, during plan elaboration. 
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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 [Muñoz-Avila et al., 1999]. 
 Simulating 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 hypothesis to 
LLPs, although simple, has not been previously investigated 
for lessons learned systems, and thus is appropriate for an 
initial evaluation focus. 

4.1 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 plans in 
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 version of HICAP used in this paper is 
deterministic; given a state and a top-level goal (i.e., 
perform a NEO), it will always 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 always 
answers the top-ranking displayed question for which it has 
an answer, and it answered questions until either none 

remained unanswered or until one of the solutions exceeded 
a retrieval 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: (<q,a> pairs) 
• Is the medical inventory of standard size or is it standard 

minus 1/3? Yes 
• Is the 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 a total 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 lessons were used in 
generated plans, and an average of approximately three 
lessons were used per plan. 

Table 1. Experimental results with the 100 plans. 

 Without 
lessons 

With 
lessons 

% Reduction 
with lessons  

mean duration 39h50 32h48 18 
s.d. 16h51 16h12 - 

mean duration  
until medical asst. 

29h37 24h13 18 

s.d. 11h13 10h26 - 
mean % casualties:  

to evacuees 
11.48 8.69 24 

 to friendly forces 9.41 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) problem (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., 

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 AI (e.g., Vandeville and Shaikh [1999] 
briefly mention using fuzzy set theory to analyze elicited 
lessons), and there is a lack of closely related work to 
monitored distribution.  However, one recent workshop 
brought attention to this area from an AI 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] also target distribution in the context of 
organizational knowledge, but use formats that do not 
support indexing.  
 Several 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 several 
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 alternative 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 a module 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. 

Acknowledgements  
This research was supported by the Office of Naval 
Research and DARPA.   

References 
[Abecker et al., 2000] Abecker, A.; Bernardi, A.; 

Hinkelmann, K.; Kuehn, O.; and Sintek, M. Context-
Aware, Proactive Delivery of Task-Specific Information: 
The KnowMore Project. Information Systems Frontiers 
2:3/4, 253-276, 2000.  

[Aha, 1992] Aha, D.W. Generalizing case studies: A case 
study. Proceedings of the Ninth International Conference 
on Machine Learning (pp. 1-10). Aberdeen: Morgan 
Kaufmann, 1992. 

[Aha and Weber, 2000] Aha, D.W., and Weber, R. (Eds.). 
Intelligent Lessons Learned Systems: Papers from the 
AAAI Workshop (Technical Report WS-00-03). Menlo 
Park, CA: AAAI Press, 2000. 

[CALL, 2001] Center for Army lessons learned: Virtual 
research library. http://call.army.mil. 

[Davenport and Prisak, 1998] Davenport, T.H., and Prusak, 
L. Working knowledge: How organizations manage what 
they know.  Boston, MA: Harvard Business School Press, 
1998. 

[DOE, 1999] DOE  The DOE corporate lessons learned 
program (Technical Report DOE-STD-7501-99).  
Washington, DC: U.S. Department of Energy. 

[Fisher et al., 1998] Fisher, D., Deshpande, S., & 
Livingston, J. Modeling the lessons learned process 
(Research Report 123-11). Albequerque, NM: The 
University of New Mexico, Department of Civil 
Engineering, 1998. 

[Leake et al., 2000] Leake, D.B., Bauer, T., Maguitman, A., 
and Wilson, D.C. Capture, storage, and reuse of lessons 
about information resources: Supporting task-based 
information search.  In (Aha & Weber, 2000). 

[Muñoz-Avila et al., 1999] Muñoz-Avila, H., Aha, D.W., 
Breslow, L.A., & Nau, D. HICAP: An interactive case-
based planning architecture and its application to NEOs. 
Proceedings of the Eleventh Conference on Innovative 
Applications of Artificial Intelligence (pp. 870-875).  
Orlando, FL: AAAI Press, 1999. 

[Reimer et al, 2000] Reimer, U., Margelisch, A., Staudt, M. 
A Knowledge-based Approach to Support Business 
Processes, In: Proceedings of the AAAI 2000 Spring 
Symposium Series: Bringing Knowledge to Business 
Processes, Stanford, CA, March 2000.  

[Secchi et al., 1999] Secchi, P.; Ciaschi, R.; Spence, D. The 
ESA alert system. In P. Secchi (Ed.) Proceedings of Alerts 
and Lessons Learned: An Effective way to prevent failures 
and problems (Technical Report WPP-167). Noordwijk, 
The Netherlands: ESTEC, 1999.  

[SELLS, 2000] SELLS Proceedings of the SELLS Fall 
Meeting.  
[tis.eh.doe.gov/ll/proceedings/proceedings1000.htm] 
[www.estec.esa.nl/CONFANNOUN/99c06], Fall, 2000. 

[Siegel, 1991] Siegel, A. Eastern Exit: The Noncombatant 
Evacuation Operation (NEO) from Mogadishu, Somalia, 
in January 1991. Center for Naval Analyses, 1991. 

[UNTL, 1996] UNTL Universal Naval Task List 
(OPNAVINST 3500.38). Arlington, VA: Navy Modeling 
and Simulation Office, September, 1996. 

[Vandeville and Shaikh, 999] deville, J.V. and Shaikh, M. 
A. A structured approximate reasoning-based approach for 
gathering “lessons learned” information from system 
development projects. Systems Engineering, 2(4), 242-
247, 1999. 

[Watson, 2000] Watson, I. Lessons learned during HVAC 
installation.  In (Aha & Weber, 2000). 

[Weber et al., 2001a] Weber, R., Aha, D.W., and Becerra-
Fernandez, I. Intelligent lessons learned systems.  To 
appear in Expert Systems with Applications, 20(1), 2001. 

[Weber et al., 2001b]  Weber, R., Aha, D.W., Sandhu, N., & 
Muñoz-Avila, H. (2001). A Textual Case-Based 
Reasoning Framework for Knowledge Management 
Applications. Professionelles Wissenmanagement 
Erfahrungen und Visionen, 244-253. Aachen:Shaker 
Verlag. 

992 CASE-BASED REASONING



Minimizing Dialog Length in Interactive Case-Based Reasoning

David McSherry   

School of Information and Software Engineering

 University of Ulster, Coleraine BT52 1SA

Northern Ireland

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 Breslow, 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

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 a single 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 Breslow, 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 algorithms, 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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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 alternatives and limiting the number
of options from which the user is required 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
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 = 15.0 to 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 ls
Figure 1.  An identification tree for 20 automobiles selected at
random from the AutoMPG data set.

with information gain (InfoGain) as the splitting criterion.
We also 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 attributes in 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
conclusions in 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 previously-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.

missing values in the AutoMPG 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
AutoMPG 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 values in
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 also worth noting that the problem does not
usually 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 realistic 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 always the same by
Proposition 1. The number of possible trees is more easily
determined if all 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

number of possible identification trees is ⋅−1

)!(
r

r

k
k

3   Splitting Criteria for Identification Trees
Measures used to define splitting criteria for building
decision trees include the entropy function:

j

j

j qq log∑−

and the Gini index:

∑−
j

jq21

where q1, q2,..., qm 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.

3.1  The Gain 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:

i
i

i pp log∑−

where p1, p2,..., pr are the proportions of the attribute’s
values in the data set. As the following theorem and
corollary show, all 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:

i

i

i pp log∑−

where p1, p2,..., pr are the proportions of the attribute’s
values in the data set.

Proof  Since each outcome class is represented by a single
instance, the entropy of the data set is:

n
nn

log
1

log
1 =−∑

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

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

∑ ∑ ∑−=+−=−
i i i

iiiiii ppnppnkpn log)log(loglogloglog

where k1, k2,..., kr are the frequencies of the attribute’s values
in the data set.

Corollary  The gain ratio is the same for any attribute in an
irreducible data set.

3.2  The InfoGain 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:

i

i

i kk log∑
is minimum, where k1, k2,..., kr 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:

nkk
n

nk
n

k
pp

i i
iii

i

i
ii loglog

1
)log(loglog +−=−−=− ∑ ∑∑

where n is the size of the data set and p1, p2,..., pr are the
proportions of the attribute’s values in the data set.

3.3  The Gini 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
n

r 1−
, where n is the

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

Proof The Gini index for the data set is 
nn

1
1

1
1

2
−=−∑ .

Similarly, the Gini index for a subset of size k is
k

1
1 − . The

expected reduction in the Gini index when an attribute is
used to split the data set is therefore:
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where k1, k2,..., kr 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 all 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 all 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 all 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 all attributes are binary. The strategies to be
compared are:

InfoGain: Select the attribute for which i

i

i kk log∑ is minimum,

where k1, k2,..., kr are the frequencies of the attribute’s
values in 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 algorithm for building identification trees, called
Identify, 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.

4.1  The AutoMPG Data Set
Our first experiment compares the performance of the
splitting criteria on randomly generated subsets of the
AutoMPG 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 values.
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Figure 2. Comparison of InfoGain, Random and Reduce on subsets
of the AutoMPG 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 slightly from those for
InfoGain. While InfoGain performed slightly better than
Gini for all 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 is Best for Binary Attributes?
Our second experiment compares the performance of
InfoGain and Gini on irreducible data sets in which all
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
a complete 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 almost match the performance of
InfoGain on subsets of the AutoMPG data set may therefore
be attributable to the absence of binary attributes in the data
set.

4.3  How Close to Optimal is InfoGain?
We can attempt to answer this question only for data sets in
which the number of attributes is small enough for optimal
trees to be identified by exhaustive search.  The data sets in
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 is at 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 × 10 × 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   Related Work
Doyle and Cunningham [2000] applied a clustering
algorithm to product data before using InfoGain to construct
a decision 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

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 benefits in a future version of Identify. The effects of
incomplete data on retrieval performance, however, remain
to be investigated.
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Figure 4. Comparison of InfoGain trees and optimal trees for
subsets of a complete 10 × 10 × 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 usually
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 a similar approach to the evaluation of precision in 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
criteria for 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 several 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
possible in 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.  This allows a planner to be used in 
different domains. However, in many planning domains, 
developing a complete domain theory is infeasible.  

In this paper we present a case-based planning algorithm 
called SiN (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 algorithm that does 
not require a complete domain theory nor complete 
information about initial or intermediate world-states. 

In addition to describing SiN, which has been 
implemented in HICAP [Muñoz-Avila et al., 1999], we 
present sufficient conditions to ensure its correctness, show 
how SiN represents preferences in cases to generate plans in 
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. 

2 Motivation 
SiN’s design was partly motivated by the following 
characteristics of military planning operations.  

• Military operations are strongly hierarchical  [Mitchell 
1997; Muñoz-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=({t1,…,tm},<) (m≥0), where < is a binary 
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 a task 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 È exists that maps variables to values such that all 
terms in h match their corresponding ground terms in t) and 
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the preconditions P are satisfied in S (i.e., there exists a 
consistent extension of È, named È', such that ∀ p∈P 
{pÈ'∈S}), in which case M(t,S)=ST È'. 

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 S and every element 
in the delete-list is removed from S. An operator O is 
applicable to a task t, relative to a state S, iff matches(h,t,S). 

A planning problem is a triple (T,S,D), where T is a set 
of tasks, S is a state, and D is a domain theory. A plan is the 
collection of primitive tasks obtained by decomposing all 
compound tasks in a planning problem (T,S,D). 

4 Cases in SiN 
In many domains it is impossible to assume that a complete 
domain theory of the world is known. For example, this is 
true when planning for non-combatant evacuations (NEOs).  
However, a partial 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 
<question,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 SiN mixed-initiative planner 
SiN integrates SHOP and NaCoDAE’s task decomposition 
algorithms. A single (current) state S is 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 
translation 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 is refining a task list T’ relative to a 
state S and a domain theory D. Initially, T’ is the set of tasks 
T in the planning problem (T,S,D). SHOP performs ordered 
task decomposition [Nau et al., 2000], meaning that the 
tasks must be totally ordered (i.e., the < relation on HTNs is 
a total order).  SHOP also maintains the partial solution plan 
p being derived (i.e., the primitive tasks in T’). Initially p is 
empty. SHOP selects the first task t in T’ and continues as 
follows: 

• If t is primitive and has an applicable operator O, then O 
is applied to t, S is updated accordingly, t is removed from 
T’ and added to the end of p. 

• Else if t is compound and has an applicable method M 
(that has not yet been applied to t), then M is applied, 
which replaces t in T’ with M’s subtasks.  

• Else if 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 SHOP 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 S with Q, C’s 
<q,a> preference pairs. (That is, each pair is represented as a 
monadic atom in S, and similarity for a given <q,a> 
preference pair becomes a membership test in 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 q, which inserts <q,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 I∪B 
consisting of an incomplete domain theory I 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 t∈T’ to decompose. SiN 
proceeds as follows: 

• Rule # 1: If SHOP is in 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 a failure, SiN will eventually 
yield a plan p (i.e., consisting only of primitive tasks). 

6 Correctness of 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 is an incomplete domain theory and B is a case base 
(i.e., a set of cases), then a domain theory D is consistent 
with I∪B iff (1) every method and operator in I 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 I∪B, in general we will not know 
which of these is the one that produced I 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 I∪B.  

Proposition (Correctness of SiN). Let T be a collection of 
tasks, S be an initial state, I 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,I,B) returns a plan p, then for every domain 
theory D consistent with I∪B, p is a solution plan for 
the planning problem (T,S,D).   

(2) If SiN(T,S,I,B) cannot find a plan, then there is a 
domain theory D consistent with I∪B such that no 
solution plan exists for (T,S,D). 

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,S,I∪B) corresponds to a SHOP task 
decomposition in (T,S,D).  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 
limitations. 

This proposition suggests that cases in 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; Ihrig & Kambhampati, 1994]. 
Because cases are instances of methods, applying a case is 
comparable to a replay 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 derivational trace, cases in SiN 
correspond to a single step in the derivational trace. Second, 

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 elicit 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 all their 
preconditions are met. The preferences play a pivotal role in 
determining plan quality due to the absence of a complete 
domain theory.  

Consider the following two simplified cases: 

Case 1:  
Head: selectTransport(ISB,NEOsite) 
Preconditions: HelosAvailable(ISB) 
Questions-Answer pairs: Weather conditions? Fine 
Subtasks: Transport(ISB,NEOsite,HELOS) 

Case 2:  
Head: selectTransport(ISB,NEOsite) 
Preconditions: groundTransportAvailable(ISB) 
Questions-Answer pairs: 

• Weather conditions? Rainy 
• Imminent danger to evacuees? No 

Subtasks: Transport(ISB,NEOsite,GroundTransport) 

These cases both concern the selection of transportation 
means between an intermediate staging base (ISB) 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. 

8.1 The Personal Travel 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 time it is given a plan 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 0 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 NYC, 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 a total of 3000 runs.  
 

Table 1: Results for the personal travel 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 

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 The NEO 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 a transportation mode for each segment.  In 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 a NEO, 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 a total of 2000 runs.  

Table 2: Results for the NEO planning domain. 

Preference Duration Time to Reach 
Evacuees 

Evacuee 
Casualties 

Helicopter    38.5     28.7   11% 
Ground 
Vehicle 

   48.1     34.8   16% 

 
Table 2 summarizes the 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 evacuees is high 
even with helicopters. This is 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 Related 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-I I DK CK 
SiN √ √ √ √ √ √ 
CHEF  √   √  
MI-CBP √ √ √   √ 
NaCoDAE  √ √  √  
Prodigy/ 
Analogy 

√ √    √ 

SHOP √      
SIPE II √  √    

 
We first discuss the features shown in columns 2–5 of 

Table 3.  SHOP [Nau et al., 1999], as is typical 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/Analogy [Veloso, 1994], 
DerSNLP [Ihrig & 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 II [Wilkins, 1998] is a mixed-
initiative generative planner, but does not use cases. 
NaCoDAE [Muñoz-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 [Muñoz-Avila et al., 1997] and Mitchell’s 

[1997] system use interaction for plan adaptation rather than 
to acquire state information. 

Among integrated case-based/generative planners, 
SiN’s interleaved control structure is unique in 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 strategies is 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]). Typically, 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 algorithm for case-based HTN 
planning. SiN was motivated by three requirements for 
planning military operations: plans are hierarchical, there is 
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 experiential 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 
typical example of this type of domain. We have 
integrated SiN into HICAP [Muñoz-Avila et al., 1999], 
a system designed to support these kinds of operations. 

Our creation of SiN was made possible because of the 
similarity between NaCoDAE’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 mediatorarchitecturehas been
proposedfor taking information from distributed,
heterogeneous,and often dynamic sourcesand
makingthemwork togetherasa whole. In this pa-
per we proposea distributedcase-basedapproach
for the main problem of a mediator, i.e. rewrit-
ing queriesaccordingto mediator’s schema. Ac-
cordingto this approachwe usea casememoryas
mediator’s schema. Therefore,sucha schemais
not static(asin othersystems)but is dynamically
updatedthroughthe cooperationwith information
sourcesandothermediators,stronglyinfluencedby
the queriessubmittedby a consumer. From the
analysisof different cooperationstrategies arises
that it is moreefficient andeffective for a media-
tor to directly cooperatewith informationsources,
whenthesourcesarefew. Otherwise,it is moreef-
ficient to cooperatewith othermediators.

1 Introduction

Nowadays,informationsystemscanbethoughtascollections
of information sourcesand information consumersthat are
often distributed in world-wide networks. This meansthat
sourcesandconsumerscanbe autonomousandthusareof-
tenheterogenousanddynamic. Informationsourcesarehet-
erogenousdueto discrepanciesat thephysicallevel (different
DBMSs,softwareandhardwareplatforms),logical level (dif-
ferentdatamodels),andconceptuallevel (differentschemas,
conceptandrelationnames).

Example 1.1 Figure1 shows an exampleof threeinforma-
tion sourcesabout articles on computerscienceand their
authors. Let us supposethat the threesourcesreceive the
query ��� �� �	��
� ����� . ��� can answer to ��� (it finds
a view that matcheswith � � ), whereas ��� and ��� can
not. Indeed, the schemaof � � is different (heterogene-
ity of schemas). Notice that, if we rewrite the query as���� �������
� � ��� �"! ��#%$%& �(')+*�, ���.- , ��� is ableto answersince���
�� � ���/�0! �1#%$%& �2'�)+*�, ���3- is part of its schemas.For what
concerns��� , it is not a matterof heterogeneity, ��� simply
doesnot have therequiredinformation.

Informationconsumersareheterogeneousaswell, sinceeach
consumermayhave differentcustomizationneedsdueto dis-
tinct businessobjectives.Moreover autonomousinformation
sourcesaredynamic,sincethey maybeaddedto thesystem,
may become(temporarily or definitively) unavailable, or,
sometimes,may alsovary their conceptualschemas.Infor-
mationconsumersarealsodynamic. Indeednew consumers
canbe insertedor removed. Furthermore,their information
needscanchangevery often. Our work dealswith informa-
tion integration in distributed,heterogeneous,and dynamic
informationsystems,i.e.,constructinganswersto queryfrom
consumers.Our primary goal consistson rewriting a con-
sumer’s query into queriesto specific information sources.
In [M. Panti, L. Spalazzi,A. Giretti, 2000] we proposeda
distributedcase-basedapproachto the problemof rewriting
queries.Accordingto this approachwe have a dynamicme-
diatedschema(thecasememory)insteadof astaticone(asin
othersystems).Indeed,ourmediator’sschemais dynamically
updatedthrough the cooperationwith information sources
andothermediators,stronglyinfluencedby thequeriessub-
mittedby a consumer. In thispaperwefocuson thecoopera-
tion strategiesof thedistributedcase-basedreasoner. Indeed,
we comparedifferent strategies from a theoreticalpoint of
view anddiscussthe results. The paperis organizedasfol-
lows. Section2 reportsthe relatedwork. An overview of
our work is providedin Section3. Section4 summarizesre-
sultsaboutlocal queryrewriting (i.e. whena querycanbe
reformulatedby a singlemediator). Section5 describesthe
distributedqueryrewriting (i.e., whena querycanbe refor-
mulatedonly throughcooperationamongmediators)anddis-
cusssometheoreticalresults. Finally, someconclusionsare
givenin Section6.

2 Related Work
Intelligent Information Integration (I � ). The mostsigni-
ficative approachto information integrationrelies on the so
calledmediatorarchitecture [Wiederhold,1992]: anarchitec-
turewith three-layers.A layeris devotedto informationcon-
sumers,anotherlayer is devotedto informationsources,the
middle layer(i.e. themediator)dealswith the reformulation
of agivenqueryin asetof queries,eachtargetedataselected
source.Intuitively, sucha reformulationwouldbeequivalent
to the original query(i.e., denotethe samesetof instances).
Nevertheless,often this is not possible. Therefore,a query
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Figure1: An exampleof informationsources.

reformulationcontainedin (insteadof equivalentto) theorig-
inal queryis consideredadequate(seefor example[Ullman,
1997;Beeri et al., 1997]). Furthermore,whena description
logic (e.g. [Borgida andPatel-Schneider, 1994]) is usedas
datamodelingandquerylanguage(e.g. [Beeri et al., 1997;
Kirk et al., 1995;Ullman,1997]), theproblemof querycon-
tainmentcorrespondsto thesubsumptionproblem.

Therearetwo basicapproachesto intelligent information
integration: the proceduralapproachandthe declarative ap-
proach.In theprocedural approach(e.g.,TSIMMIS [Garcia-
Molina et al., 1997]), mediatorsintegrateinformation from
sourcesthroughad-hocproceduresdefinedwith respectto
a setof predefinedinformationneeds.Whensuchneedsor
sourceschange(i.e.,wehaveadynamicinformationsystem),
a new mediatormust be generated. In the declarative ap-
proach(e.g.,SIMS [Arenset al., 1993], InformationMani-
fold [Kirk et al., 1995], andInfomaster[DuschkaandGene-
sereth,1997]), mediatorsusesuitablemechanismsto rewrite
queriesaccordingto sourcedescriptions. Usually, the pro-
posedsystemsdo notallow automaticadaptationof suchde-
scriptionswhensomethingchanges.
Distributed Case-Based Reasoning (DCBR). A distributed
case-basedreasoner[Prasadet al., 1996;Plazaet al., 1997]
learnsby experienceandcooperationhow problemscanbe
solved. Therefore,it is appropriatefor distributedanddy-
namic applicationdomains,when it is impossibleto have
predefinedsolutions.Nevertheless,asfar aswe know, its ap-
plication to information integration is a novelty. In DCBR,
thereareseveralagents;eachagenthasits own casememory
sinceit could have acquiredits own independentproblem-
solvingexperiences.A new problemis solvedthroughagent
cooperation.Indeedeachagentreusesthelocalpastcasethat
bestcontributesto the overall case.Descriptionlogic is ap-
plied to case-basedreasoning(andthusDCBR) aswell (e.g.
[Koehler, 1994]). Indeed,in case-basedreasoning,subsump-
tion becomesa powerful tool to automaticallyderive casehi-
erarchiesthatcanbeusedin caseretrieval andcaseretention.

3 Work Overview
Our goal is to build an informationsystemcapableof inter-
connectinginformationconsumersandsources.Previousap-
proachessolve several problemsconcernedwith distributed,
heterogeneousinformationsystems.Their mainlimitation is
relatedto the capability of evolving accordingto dynamic
information systems. We propose(seealso [M. Panti, L.
Spalazzi,A. Giretti, 2000]) a multi-agentsystemwhich is
basedona mediatorarchitecture,i.e. mediators,sources,and

consumersareagents.All theagentsadoptadescriptionlogic
called C–CLASSIC [Borgida and Patel-Schneider, 1994] as
datamodellingandquerylanguage.Indeed,subsumptionin
C–CLASSIC canbecomputedin polynomialtime.

In ourwork, thecapabilityof amediator agentto facehet-
erogeneousanddynamicsystemsrelieson a thesaurusanda
distributedcase-basedreasoner. Eachmediatorhasits own
thesaurusin orderto solve nameheterogeneity. A thesaurus
is composedby a setof classesof synonyms. Eachelement
of a classhasthereferenceto informationsourcesthatuseit
asterm. Every time a new queryarrives,its termsaretrans-
lated in standardtermsby meansof the thesaurus.The re-
verseprocessoccurswhenthe rewritten querymustbe sent
to informationsources.The thesaurusmustbe dynamically
updatedwhena changein thesystemoccurs.Theclassesof
the thesaurusaremodifiedby meansof clustering. The ex-
planationof this techniqueis out of the scopeof the paper,
for moredetailswe remindto [DiamantiniandPanti, 1999].
Therefore,in the restof the paperwe assumethat no name
heterogeneityoccurs(i.e., thethesaurushasa maximumpre-
cision). Eachmediatorhasalsoits own case-basedreasoner
in order to solve heterogeneityof schemasandconsumer’s
needs.Eachcasecontainsa queryandthecorrespondingre-
formulation,andit is storedin the mediator’s casememory.
Whena new queryfrom the consumerarrives,themediator
looks for pastqueriessubsumedby the new oneandadapts
the correspondingsolutionsin order to obtain a reformula-
tion of thenew query. This meansthat themediatedschema
is stronglyinfluencedby thequeriessubmittedby consumers
(mediator’sexperience).Whenthisexperiencedoesnothelp,
themediatorcooperateswith othermediatorsand/orinforma-
tion sources.This approachallows themediatorto updateits
schemasandthereforeto takeinto accountchangesin infor-
mationsourcesandconsumer’sneeds.Thiscanbeconsidered
akind of distributedcase-basedreasoning.

In our system,information source agents1 areableto co-
operatewith mediatorsthrougha queryreformulationbased
on local schemas.Indeedeachsourceis ableto find a view
over its schemathatis subsumedby aninput query.

Example 3.1 Let usconsiderthedistributedinformationsys-
tem of Figure 1 (Example1.1). According to the above
assumption,we consider that all the (concept and role)
nameshave been already translatedby a thesaurusand
thus no name heterogeneityoccurs. Nevertheless,con-
ceptualschemasare different (as showed in Example1.1).

1Notice that whena sourceis a non-agentsoftware,we needa
wrapperasinterfacebetweenthesourceandtherestof thesystem.
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Figure2: An exampleof casememory.

Let us supposethat source ��� receives a query �t� ��� u vo!L�� �2'0w $ �	xdy - . ��� findsthat �t� subsumesacmtransand
ieeetransandthusreturnsthe correspondinginstances(de-
notedby , Q S0z �	{L| v $ �	xdy0}T~�, Q S0z � �"�"� v $ �	xdy0} ).
4 Local Query Rewriting
Generallyspeaking,a caseis an arbitrary set of features
(attribute-valuepairs). Somefeaturesare devoted to repre-
senta problem(in our applicationthe query to be reformu-
lated) in order to makeeasierthe retrieval of a pastprob-
lem similar to the currentsituation. The restof featuresare
devotedto representthe problemsolution(the reformulated
queryandinformationsourceswherethereformulatedquery
hasbeensent) to reuseit in the currentproblem. Further-
more, the problem of rewriting querieshas a fundamental
conditionthatmustbesatisfied:the rewritten querymustbe
containedin the original query [Beeri et al., 1997;Ullman,
1997]. We useC–CLASSIC asa languagefor representing
queriesandthuscases.The subsumptionrelationis usedas
querycontainmentandthusfor caseretrieval. Accordingto
above considerations,a case is a structureasthe following:� ���o��#"� z � } � � z � � �<� � } � �"�0� z � A �o� A }+�B� where � � � �0�"� �o� Aare information sourcesand �t�0� �0�"� �o� A are queries to� � � �0�"� �o� A respectively. � is a given query and ��#"� z � }is its reformulation,i.e., a set of arbitrarycombinationsof�t�0� �"�0� �<� A suchthat eachelementof ��#"� z � } is subsumed
by � . A collectionof casesis calledcase memory. A termi-
nology (i.e.,asetof conceptdefinitionsandtheirrelations)is
alwaysassociatedto a casememory. �t�L� representthe top
andbottomconcepts,respectively. The initial casememory
canbe built asstaticmediatedschemasof traditionalmedi-
ators(e.g. SIMS [Arenset al., 1993]). In our system,the
addedvalueis thattheDCBRworksto maintainupdatedsuch
a schema.
Example 4.1 Figure2 andFigure3 show 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 pastproblemequal to the new
query, then its solutioncanbe usedassolution for the new
query. Otherwise,thesolutionsof pastproblemsthataresub-
sumedby thenew querycanbeusedassolutionfor thenew
problem. The closestto the new query the retrieved cases
are,thebestthesolutionsare.This drivesusto thenotionof
problemsmaximallycontainedin thenew query. Thisnotion
allows thedefinitionof theretrieval function � KPAm��z ���N� } as
a setof conjunctionsof concepts( � KJ� �+� K ) of thegiven ter-
minology ( � ). For eachconjunctionof conceptstheredoes
not exist anotherconjunctionof conceptsof thesametermi-
nology( � =%� �+� = ) suchthat z � KJ� � � K }�� z � =M� �+� = }�� � .

Example 4.2 Let ussupposeto have ��� ������
�� � z ��� ��& � } as
input queryin Example4.1. Applying the retrieval function
weobtain: � KRA_�dz � � �N� } � '%� �<������-
Query Reuse. Thebasicreusealgorithm( � KPA_��z ���?� } ) sim-
ply copiespastsolutionsof pastproblemsreturnedby there-
trieval function.

Example 4.3 Applying thebasicreusealgorithmtoExample
4.2,weobtain: � KPAm��z � � �N� } � ��#"� z ��}+~ z ��#"� z � } �F��#"� z � }B} 2
Now we have all the building blocks to define the local
reusealgorithm( � z ���N� } ). Suchan algorithmdecomposes
eachconsumer’s queryin basiccomponents,appliesthe ba-
sic reusealgorithmto eachcomponent,andfinally assembles
thecorrespondingresults(a moredetaileddescriptioncanbe
foundin [M. Panti,L. Spalazzi,A. Giretti, 2000]).

Example 4.4 Let us supposeto have � � �� �	��
� ����� ����
�� � �	{L| asinputqueryin Example4.1.Applying thereuse
algorithmwe obtain:

� z ���	�N� } � � KPAm��z ����
� ���	� �N� } ��� KPAm�z ���
�� � �	{L| �?� }� z ��#"� z ��} ����#"� z ,_}+}�~ z ��#"� z � } ����#"� z � } � ��#"� z ,_}+}
Notice that this is just onepossibleanswer, anothermedia-
tor with a differentcasememorymay rewrite the queryin a
differentwayandthusreturna differentanswer.

It is easy to prove that each elementof � KPAm� z ���N� } and� z ���N� } is subsumedby � . Therefore,a reformulationis
containedin theoriginalqueryasrequiredin thedefinitionof
case.Finally, noticethatin general� KPAm� z ���N� }¢¡� � z ���N� } .
Query Evaluation. Whenthemediatorhasa reformulation
of the received query, it must sendsucha reformulationto
relatedinformationsourcesandwait for theiranswers.

Example 4.5 The evaluationof ��#"� z � } consistson query-
ingsources��� , ��� , and � � with ���
�� � u # 
 $ xd� � , ����
� � & � , and���
�� � �	� respectively, andintegratingtherelatedanswers.The
semanticsof conceptshelpsus on integrating the answers.
Let , Q S0z ����
� � u # 
 $ xd� � } , , Q V%z ����
� � & � } , and , Q Wmz ����
� ���	�h} be
answersfrom ��� , ��� , and � � respectively, then the an-
swer to ����
� � z u # 
 $ xd� �1�£& � } is: z , QTS¤z ����
� � u # 
 $ xd� � }�¥, QdV%z ����
� � & � }+}~ z , QdWmz ����
� ���	�h}d¥¦, QdVmz ����
� � & � }+} .
Failures. Wehavea local failurein queryreusewhenamedi-
atoris notableto rewrite agivenquery � , i.e., ��#"� z � } � � 3.
Thismeansthatthemediator’scasememorycontainsnopast
casesthatcanbe usedto reformulate� . Usually this is due
to thefact thatit is thefirst time thattheconsumerformulates
sucha query, i.e., theconsumerhasa new informationneed.

2 §¨"©hªh«�¬f§¨"©Jª?®�¬ meansthateachelementof §¨"©Jªh«�¬ is con-
junctedwith eachelementof §¨"©Jª?®�¬ .

3Noticethat ¯ ª?°±¬²´³ .
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Figure3: An exampleof terminology.

Example 4.6 Let us consider the case memory
of Example 4.1 and the query �¢¼ �� �	��
� ����� �� �	½½�� � �J� v � # x��2'�) � v �	xd½ #%$%&_¾ - . The mediatoris not able to
rewrite thequery. Indeed,we have

� z ��¼��N� } � z ��#"� z ��} �t� }m~ z ��#"� z � } ����#"� z � } �t� } � ' ��-
Furthermore,we have a local failure in query evaluation
whena mediatorsendsa rewritten query to relatedsources
andreceivesat leastan emptyanswer. This meansthat the
casememoryof the mediatoris not updated. Typically, an
information sourcehas beenremoved from the systemor
changedits schema.
Example 4.7 Let us suppose that source � � has
been (perhaps temporarily) removed, then the eval-
uation of the reformulated query in Example 4.4
fails. Indeed , QTS%z ���
�� � ���/�0! �1#%$%& �2'�)+*À¿ � x v y ¾/- } �
, QTS¤z ����
� � u # 
 $ xd� � } � , QbS0z ����
� � ���
�� � �hy"Á � $ �2'�)B*�Â �£���P- }� , Q S0z ����
� � ��� �"! ��#%$%& �2')+*�, ¾ - } �ÄÃ
5 Distributed Query Rewriting
Even if a local failure (in queryreuseor evaluation)occurs,
thedistributedcase-basedreasoninghasstill a possibility of
solvingtheproblemby meansof cooperationwith otherme-
diatorsandsources.Notice that this providesthesystemthe
most importantway of learning. Indeed,if the query is re-
formulated,the new rewritten queryand/orthe new sources
canbestoredasa new case.In sucha way themediatorcan
supportdynamicinformationsystems.Furthermore,it does
not needto maintainconsistentits casememoryevery time
somethingchanges,but only whenaconsumersendsa query
that fails. Therefore,the distributed information systemis
notoverloadedwith consistency maintenanceoperations,that
usuallyaretime consuming.On thecontrary, traditionalme-
diation systemscan only updatemediatedschemawith ex-
pensive hand-madeprocedures.

Cooperationstrategiescanbeclassifiedaccordingto three
parameters:partners,queries,andanswers. In the follow-
ing we describesuchstrategies,we alsoanalysethem(from
a theoreticalpoint of view), sincethechoiceof the right co-
operationstrategy is crucial for effectivenessandefficiency,
anddiscusstheresults.
Partners. Whena mediator(say � ) fails, it cancooperate
with othermediatorsaskingthemto rewrite a queryaccord-
ing to theirown casememories.If they succeed,� canstore

theresultasanew casein its casememory. Themediatorsin-
volvedin thisstrategy canbeall themediatorsof thesystem,
just mediatorsthathave never beenin touchwith M, or me-
diatorsthatsuccessfullycooperatedwith � in thepast.The
mediator� candirectly cooperatewith informationsources
aswell. This strategy caninvolve all the sources(it is very
expensive),sourcesresponsibleof thelocal failure(thisstrat-
egy takesinto accountchangesof schemas),recentlyadded
sources(this strategy takes into accountnew sources),or
the sourcesthat successfullycooperatedwith � in the past
(whena userhasa new informationneed,the applicationof
this strategy supposesthat the new needinvolves the same
sourcesof thepast).Eachsourceclassifiesthequeryandre-
turnsthe subsumedconcepts.Let us analysesuchstrategies
focusingonrecallandprecisionratiosin orderto evaluatethe
effectivenessof thestrategy. Wealsoevaluatetheinformation
redundancy thatsuchstrategiesproduce.

First, let us considera mediator � that cooperateswith
othermediators,sendsthemtheoriginal query, andasksfor
receiving a rewritten query. This strategy hasa possibledis-
advantagethatanothermediatorcansenda wrongrewriting.
Thisfacthasharmfulconsequencesontheprecision,asstated
by thefollowing theorem.

Theorem 5.1 Let � � � �"�0� �<� A be x informationsources. LetÅ
bea view of � � � �"�0� �<� A .

Å
is representedasa casememory

that doesnot change. Let � , Æ betwo mediatorssuch that� interactswith Æ when � fails. Let Ç Abz � } be the case
memoryof � after x interactionswith Æ . Then

Recall: ÈRÉPÊA�Ë�Ì ¸+CO@oGi5�ÍmÎ_5(cfH.Ï_Ð�H¸+C<@oGi5(ÐH ÑÓÒ
Precision: ÈRÉPÊA�Ë�Ì ¸+CO@oGi5�Í Î 5(cfH.Ï_Ð�H¸+C<@oGi5�ÍmÎ_5(cfH.H is indeterminate

In the above theorem, Ç A z � } denotesthe casememoryof
themediator� (e.g. seeFigure2).

Å
denotesthe informa-

tion needof a givenconsumer, i.e., it is theschemato whichÇ Adz � } mustconverge. Sucha theoremstatesthatwhenthe
mediatorÆ sendsa rewriting that is partof

Å
the recalland

theprecisiongrow, otherwisethe recalldoesnot changeand
theprecisiondecreases.Thismeansthatis crucialthechoice
of whatandhow many mediatorsto cooperatewith. Another
possibledisadvantageof suchastrategy is thatasymptotically
all the mediatorsmay have the samecasememory, i.e. this
strategy producesa certainredundancy. This resultis a con-
sequenceof thefollowing theorem.
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Theorem 5.2 Let � , Æ betwomediatorssuch that � inter-
actswith Æ when� fails. Let Ç Adz � } bethecasememoryof� after x interactionswith Æ . Let Ç z Æ } bethecasememory
of Æ such that it doesnot changewhile Æ interactswith � .
Then ÈPÉRÊA�Ë�Ì ¸+CO@oGi5�Í Î 5(cfH3Ï%Í	5(Ô�H.H¸+CO@oGi5�Í	5(Ô±H3H � Ò
The above theoremstatesthat the casememoryof � con-
vergesto the casememoryof Æ when � cooperateswithÆ . This seemsto suggestthatwhenthemediatorcooperates
with othermediatorsit woulddirectlyaskdatainsteadof the
rewritten query. This would allow any mediatorto maintain
its expertiseandavoid redundancy.

As a secondstrategy, let us considera mediator � that
directly cooperateswith informationsources,sendsthemthe
original query, and receives the rewritten query (and even-
tually the data). This strategy guaranteesa given consumer
thatthemediator� convergesto theconsumer’s information
need.Indeedit is possibleto provethefollowing theorem.

Theorem 5.3 Let �T�¤� �0�"� �o� A be x informationsources. LetÅ
bea view of �T�m� �"�0� �o� A .

Å
is representedasa casememory

that doesnot change. Let � be a mediatorsuch that �
interacts with �T�%� �"�"� �<� A whenit fails. Let Ç A z � } be the
casememoryof � after x interactionswith �T�%� �"�"� �<� A . Then

Recall: ÈRÉPÊA�Ë�Ì ¸+CO@oGi5�Í Î 5(cfH.Ï_Ð�H¸+C<@oGi5(ÐH � Ò
Precision: ÈRÉPÊA�Ë�Ì ¸+CO@oGi5�ÍmÎ_5(cfH.Ï_Ð�H¸+C<@oGi5�Í Î 5(cfH.H � Ò

The above theoremstatesthat the mediatorwill asymptoti-
cally satisfy the informationneedof a given consumer(de-
notedby

Å
). Indeed,underthehypothesisthatno namehet-

erogeneityoccurs(seeSection3), it is impossiblethat the
sourcehaswrongschemas.Therefore,theinformationsource
haseitherthe right answeror no answerat all. This means
that the choiceof sourcesto cooperatewith is crucial only
for efficiency of thesystem,i.e. how fastthemediator’scase
memoryconvergesto user’sneeds.

Example 5.1 In thesituationof Example4.7, let ussuppose
that themediatorchoosesto look for new sourcesandcoop-
eratewith them.Let ussupposethat ��¼ is a new information
sourcewhichcontainsACM publicationsandhasthefollow-
ing conceptsin its schema:Õ%ÖL× Ø.¨"ÙmÚ�Û²¦Ü_Ý Þ	Õm×�ß Û à/áhâ�ã�ä §då å.æ��Ü"çéè_êB©Zë3Ú<ì	ß0í Û�à áJî±ï�ðòñ æÕ%ÖO× Ø3¨0Ö<©�Û²¦Ü_Ý Þ	Õm×�ß Û à/áhâ�ã�ï�ó å åPæ�¢Ü0ç èmêB©.ë.Ú<ì	ß0í Û�à áJî�ï�ð´ñ æÕ%ÖL× Ø3¨%ë.Ú Û²¦Ü_Ý Þ	Õm×�ß Û à/áhâ�ã ¯ § å å æ��Ü"çéè_ê+©.ë.ÚOì�ß"í Û à/áJî±ï�ðòñ æ

The mediator decomposes the query ��� and
sends each component to � ¼ . For example, when� ¼ receives ����
� � ����
� � �Jy"Á � $ �2'�)B*�Â �£¾/- , it looks
for maximally contained concepts and obtains� KPAm� z ���
�� � ���
�� � �hy"Á � $ �2')+*�Â �£¾ -��N� } �
' �	��
� ����{i| v #%& y � ����
� ���	{L| v # { �+� ����
� ���	{L| v # �Jy - . When
themediatorreceivestheanswer, retainsasnew case:ô Ü"çéè_ê Û Õ%ÖL×Óõô Ü"çéè_ê Û Õ%ÖL× Ø3¨0ÙmÚFõ Ü"çéè_ê Û Õ%ÖL× Ø3¨0Ö<© õ/Ü0ç è_ê Û Õ%ÖL× Ø3¨%ë.ÚLöjõô ªPÜ0ç è_ê Û Õ%ÖO× Ø.¨"ÙmÚ"õ+÷�øo¬TõTªPÜ0ç è_ê Û Õ%ÖL× Ø3¨"Öo©Jõ?÷�øL¬dõªPÜ0ç è_ê Û Õ%ÖO× Ø.¨%ë.Ú"õ?÷�øL¬�ö ö

Queries. Cooperationstrategiescanalsobeclassifiedaccord-
ing to queries.Indeed� cansendthe queryasreceived by
the consumer(this is a strategy that takesinto accountthe
new user’s need). It can sendthe retrieved query (if any),
i.e. the problemreturnedby the retrieval function (this is a
strategy that takesinto accounttheneedof maintainingcon-
sistentthe mediator’s casememory). Finally, the mediator
cansendthe reformulatedquery (if any). In the latter case
the “approximationof the solutiongrows”, asstatedby the
following theorem.

Theorem 5.4 Let � be the original query. Let ���úù� KPAm�z ���N� } be oneof thepastqueriesretrievedby � . Let��#"� c z �¢� } be oneof the reformulationsof ��� usedby � as
rewriting of � . Let Æ bethemediatoror sourcethat cooper-
ateswith � . Let ��#"� ÔfzJû } bethequeryrewritten by Æ if Æ
receivesû asinputquery. Then

��#"� Ôfz � }F� � � ��#"� Ôfz ��� }�� ��� � �
��#"� Ô z ��#"� c z ��� }+}�� ��#"� c z ��� }�� ��� � �

As aconsequence,thesolutionreturnedby Æ is moredistant
from � than ��� when � doesnot sendtheoriginal query.

Cooperationstrategiescanalsobeclassifieddependingon
thefactthatthequerycanbesentasit is or bedecomposedin
basiccomponents.Thissecondstrategy is applicablesinceit
is straightforwardto prove that the following theoremholds
whenwe useC-CLASSIC:

Theorem 5.5 Let � � � �"�0� �<� A be queries. Let � �
½ z � � � �0�"� �o� A } be the user’s query. Let Æ be the mediator
or sourcethat cooperateswith � . Let ��#"� Ô zJû } bethequery
rewritten by Æ if Æ receivesû asinputquery. Then

��#"� Ô z ½ z �t�%� �"�0� �<� A }+} � ½ z ��#"� Ô z �t� } � �"�0� �<��#"� Ô z � A }+}
The theoremabove statesthat � doesnot needto decom-
posea querybeforeits sending,sincethe query is directly
decomposedby partners.Thissuggeststhatdecompositionis
convenient(efficient) only if � failed to reformulate/ evalu-
atejust somecomponentsof thequery.
Answers. Finally, cooperationstrategiescanbeclassifiedac-
cordingto answers. � canaskfor rewriting the query. Its
goal is to updateits casememorywith a rewritten queryob-
tainedfrom its collaborators.� canalsoaskfor datathatan-
swerthequery. In sucha situation,it storesin thecasemem-
ory theaddressesof themediators/sourcesthatanswered.We
cananalysesuchstrategies dependingon partners.Table1
reportsthe resultsof cooperationwith only oneagent. We
assumethatsuchanagent(saya source� or a mediator Æ )
doesnot changewhile the strategy is in progress.We also
supposethat Æ has

� ���<��#"�Zü z � } �<� � in its casememory. For
eachstrategy, Table1 reportsthe new casethat � storesin
its casememory, thesetof instancesrelatedto thereformula-
tion, thenumberof messagesto obtaininstancesof � (when� receives � the first time andthe next time), and the re-
sultsaboutredundancy (seeTheorem5.2). Whenwe con-
sidercooperationwith mediators,it seemsmoreefficient to
askfor a rewriting, since � interactswith Æ only the first
time, thenext time � directly interactswith � . On theother
hand,thestrategy of requiringdatadoesnot produceredun-
dancy, even if it is lessefficient. Notice that, for what con-
cernssuchevaluationparameters,thestrategy of cooperating
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Partner Answer New Case Data No. of messages. Redundancy
1st. time Next time

Source( § ) Rewriting
ôhý õ+§¨"©.þ ª ý ¬Bõ+§dö ¯ þ	ªh§¨0©3þ ª ý ¬?¬ 4 2 No

“ Data
ôhý õ ý õN§dö ¯ þ ªh§¨0© þ ª ý ¬?¬ 2 2 No

Mediator( ÿ ) Rewriting
ôhý õ+§¨"©.þ ª ý ¬Bõ+§dö ¯ þ	ªh§¨0©3þ ª ý ¬?¬ 4 2 Yes

“ Data
ôhý õ ý õ ÿ ö ¯ þ	ªh§¨0©3þ ª ý ¬?¬ 4 4 No

Table1: A comparisonof differentcooperationstrategies.

with sourcesrequiringdataseemsto bethemostappropriate
whenthenumberof sourcesis comparableto thenumberof
mediators.

6 Conclusions
We consideredtheproblemof rewriting queriesby meansof
distributedcase-basedreasoning. As far as we know, this
is a novel approach. This allows us to have dynamicme-
diated schemasinsteadof static ones. We showed that a
real dynamicmediatoris obtainedby meansof distributed
query reformulation,i.e., cooperationwith other mediators
andsources.Thanksto this approach,themediatoris ableto
beupdatedwhensourcesandconsumersareadded/removed
or changetheir schemas/needs.This operationis performed
only whena consumersendsa querythat fails andnot every
timesomethingchanges.Thisallowsusto avoid of overload-
ing the distributedinformation systemwith expensive con-
sistency maintenanceoperations. In distributedcase-based
reasoning,thechoiceof theright cooperationstrategy is cru-
cial. Wehintedseveralpossiblestrategiesanddiscussedtheir
advantages.Fromsuchananalysisarisesthatwe canobtain
goodresultsfor effectivenessandefficiency whena mediator
directly cooperateswith informationsourceswhenthenum-
berof informationsourcesis small.Otherwise,themosteffi-
cientstrategy is thecooperationwith othermediators.Finally,
noticethatthechoiceof C–CLASSIC is appropriatesincethe
algorithmcomplexity for queryretrieval andreuseis 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

�This work is supported by EPSRC grant GR/L98015.

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 Déjà 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 et 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.

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 et
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

problem

similar problem

known
solution

proposed
solution

Adaptation case

diff

difference

soln
diff

problem soln
problem

difference

Figure 3: Adaptation cases for numeric targets.

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 CBRE ,
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-
lution. 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.
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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

retrieved case(s) we use CBRA, 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
CBRA systems and combine the adjustments.

problem
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proposed
solution

retrieval

solution

com
bine

proposed
solution

CB

CBRA

system estimating
correction of the

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 CBRA 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 (CBRA). 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

CBRA/ retrieval adaptation optimised adaptation
(PPROF) only (%) gain (%) only (%) gain (%)

filler 68.7 — (—) 80.8 — (—)
binder 30.1 5.4 (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 CBRA. Preference profiles capture the no-
tion of optimality directly, representing the distribution of
feature values for a given prediction; CBRA 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 CBRA 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.
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Figure 8: Example case-base index for CBRA.

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 CBRA 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 CBRA, 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 CBRA systems that use them, and the
adaptation profiles. Our further research will concentrate on
refining acquired knowledge. We intend to study methods of

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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