CASE-BASED REASONING



Bridging the Lesson Distribution Gap

David W. Aha', Rosina Webef*, Héctor Mufioz-Avila®, Leonard A. Breslow!, Kalyan Moy Gupta’
!Navy Center for Applied Research in Artificial Intelligence, Naval Research Laboratory, Code 5515
4555 Overlook Avenue, SW, Whington, DC 20375337, USA
’Department of Computer Science, University of Wyoming, Laramie, WY 83632
*Department of Computer Science, University of Maryland, College M&R07423255
*IIT Industries, AES Division, Alexandria, VA 22303
surname@aiarl.navy.mil

Abstract :
Lessons are usually in unstructured text format,

Many organizations employ lessons learned (LL) distribution is commonly supported using standalexeor
processes to collect, analyze, store, and distribute, ke€yword retrieval tools that require users to “pull” les
validated experiential knowledge (lessons) of their from a repository. Unfortunely, problems with te:

members that, when reused, can substantially improve representations and with this approach to distrib
organizational decision processes. Unfortunately, Negativelyaffectlesson reusewhich results inwidesprea

deployed LL systems do not facilitate lesson rearse underutilization [Weber et al., 2001a]. In particular,
fail to bring lessons to the attention of the usehen are responsible favhat we term thé&esson distribution gap
and where they are needed and applicgibe, they This gap exists whenan organization fails to prope
fail to bridge the lesson distribution gap Our promote lesson reusmdavailable lessons are not depla
approach for solving this problem, namexnitored when and where they are needewl applicable _
distribution, tightly integrates lesson distribution with _ At least three approaches exist to eliminate this
these decision processes. We describe a-lzesed First, identified lessons cabe incorporated directly in
implementation of monitored distribution (ALDS) in a  doctring which defines the processes to be employed
plan authoring tool suite (HICAPWe evaluate its organization’s member3he doctrine is updated to inclt
utility in a simulated military planningaiain. Our the knowlelge contained in the lessorf-or example, tt

results show that monited distribution can Army's CALL Center [CALL, 2001] deploys teamet
significantly improve plan evaluation measures for this esson analysts and doctrine expetts perform suc

domain. updates However, not all lessons can be incorporatec
rule-like doctrine (e.g., because they may be
1 Introduction exceptions), and not all organizations have close wc

relations between doctrin@a lessons learned personnel.
Verified experiential lessons teach improvements about a A second way to bridge this gap involves “push
work practice [Fisheet al, 1998]. Many large government |essons to potential users, such as via list servers
(e.g, DOD, DOE, NASA) and private organizations [SELLS, 2000) or intelligent spiders. For example, twc
develop lessons learnedLL) systems to assist with the the DOE’s sites already employ portals containing espid
knowledge management process of collecting, analyzingsg| LS, 2000]. However, spiders are not integrated
storing, distributing, and reusing lessons [Davenport anghe decision support processes that the lessons taiges.
Prusak, 1998; Webeet al, 2001a]. Lesstws recordtacit  after retrieving lessons with a spider, users
experiential knowledge from an organization’s employeegharacterize the situations for which they are useful, |
whose knowledge might be lost when they leave thghem when they encmter an applicable decision sup
company, shift projects, retire, or otherwise becomeontext, and interpret them correctly so that they
unavailable. It is often crucial to record lessons; lives argroperly reused. These are challenging tasks, requi
sometimes saved hyreventing recorded catastrophes fromhigh level of expertise and time that most users do not
recurring [DOE, 1999] Thus, S_harlng lessons, even if they We investigate a third approach to brm@nhe lessc
are used infrequently, can eryimportant. LL processes (distribution gap that involves tightly integrating the les
and systems are needed to assist with lesson sharing, Whi@bository with a decision support tool. Our apprc
can be complicated, especially forde organizations or detailed in Section 2, requires inserting a monitor intc
large lesson databases. decision support process so that it can determine w
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Figure 2.Monitored lesson distribution integrates the les
learned process with lesstargeted decision processes.

lessors conditions are well matched by a decision contextExisting, deployed_L systemslo not support all proces:
In Section 3, we describe a cdszsed implementation of in a LLP. In particular, organizations typically do
this monitored distributionapproach in ALDS Active  develop software to support verification or reuse. Ins
LessonDelivery System), a module of the HICAP plan they use electronic submission forms to facilitate le
authoring tool suite [MuficAvila et al, 1999]. We describe collection, and use a standalone retrievall tor lesso
ALDS’s evaluation in Section 4, where we provide evidencdaistribution [Weberet al, 2001a]. Users interacting w
that it can significantly improve performance measures fothis standalone tool are expected to browse the :
HICAP-generated plans for a simulated militgshanning  lessons, studying some that can assist them with
domain(i.e, noncombatant evacuation operations (NEOs))decisionmaking processs However, based on ¢

Based on a recent survey [Websr al, 2001a] and interviews and discssons with members of several
analysis of the AAAI'00 Workshop omtelligent Lessons organizations (e.g., in the Navy, Joint Warfighting Ce
Learned System[Aha and Weber, 2000], we believe that Department of Energy, and NASA), and many inte
monitored distribution is novel with respdotdeployed LL  users, we found that they do not use available standalc
systems, and has great potential for deployment. Wsystems, which are usually ineffective becaisg they
discuss the implications of our findings and future researcforce users to masterseparateprocess from the one tr
issues in Section 5. are addressing, arfd) theyimpose the following unrealis

assumptions:

2 Monitored Lessons Learned Processes - Users are convinced that usiagLL systemis beneficie

A lessonis a knowledge artifact thaépresents a validated  (e.g.,containrelevant lessons

(i.e., factually and technically correct) distillation of a . Usershave the time and skills to successfully retr

person’s experience, either positive or negative, that, if relevant lessons.

reused by others in their organization, could significantly. Users can correctly interpret retrieved lessons and

improve a process in that organization. In particular, it them successfully.

identifies a specific degh, process, or decision that reduces, \ygers are reminded of the potential utility of lessons

or eliminates the potential for failures and mishaps, or needed

reinforces a positive resulfSecchi et al, 1999]. The '

knowledge management process involving lessons (i.e., th&e believe that lessons should be shaveen and whel

lessons learned proces¢LLP)) implements stragies for they are applicable, thus promoting their reuse.

collecting, analyzing, storing, distributing, and reusing anotivated us to develop an architecture for proa

repository of lessons to continually support anintegrated lesson distribution (Figure 2). In thisnitorec

organization’s goals. distributionapproach, reuse occurs in the same enviror
LLPs typically target decisiemaking or execution as other sbrprocesses; the decision process and LLP :

processes for various types of user groups (i.e., manageriffle same context. This embedded architecture h:

technical) and organizations (e.g., commercial, military). Infollowing characteristics/implications:

this paper, we focus on managing lessons to support The LLP interacts directly with the targeted decision

planningprocesses. making processes, and users do not need to know tl
Flowcharts describing LLPs abound; organizations LL module exists nor learn how to use it.

produce them to communicate how lessons are to beUsers perform or plan their decisiomaking proces

collected, analyzed, ardistributed [SELLS, 2000; Fishet using a software tool.

al., 1998; Secchi, 1999]. Figure 1 displays a typical LLP, | essons are brought to the users attention b

composed of the five sqbroce_zsses mentioned _above, where ompbedded LL module in the decisioraking

reuse does not take place in the same environment as the.nvironment of the user’s decision support tool.

other subprocesses.



- A lesson is suggested to the user only if it is applicable tébstractly, reusable lessons contain indexing and
the user's current decisianaking task and if its componentsindexing components include tharget tas

conditions are similar to the current conditions. and the lesson’s applicabilityconditions The reus
- The lesson may be applied automatically to the targetegPmponents include suggestiorthat defines how to reu
process. an experience and aexplanationthat records howthe

This process shifts the biem of lesson distribution from a lessonwas learned This explanation can be used to jus
user to the software, but requires an intelligent “monitoringthe lesson’s use in a nesituation. In ALDS, a lesson
module to determine whether/when a lesson should biedexed by thetarget)taskthat it can modify and a set

brought to a decision maker’s attention. <question,answer> pairs defining itsapplicability
conditions and contains asuggestion (e.g., a tas
3 Implementation sukstitution) and the lesson’s originating evee., the
We implemented the monitored distribution process irffXPlanation) o
ALDS, a module of HICAP [MuficAvila et al, 1999].  We use a caskased approach for lesson distribu
This section details HICAP and then ALDS. primarily because the indexing components (i.e., tasl
conditions) must support a partial matching capak
3.1  Plan authoring using HICAP Furthermore the applicability of a lesson depends on

HICAP (Hierarchical Interactive CasebasedArchitecture ~ context of the task that it targets, which suggests
for Planning) is a multimodal reasoning system that helps domainspecific similarity functions. N

users to refine alanning hierarchy [MuficAvila et al, Thus, if both the task and the conditions areyaod
1999]. A hierarchy is represented as a triple KITsp,:}, match to the current planning state, then the user <
where T is a set of tasksp defines a (partial) ordering consider decomposing the current task into the les
relation onT, andt;:t, means that; is a parent of, in T. suggested subtasks. We borrowed NaCoDAE/H
Task hierarchies are created in the context of a statmilarity function for cases, and used a thresholded ve
S={<q,a>}, represented as a set of <question,answerto define“good (i.e., determine when a lesson shouls
pairs. prompted to a user).

HICAP provides three ways to refine tasks into subtasks.
First, it supports manual task decomposition. Second, users
can decompose a selected task using HICARiseractive
case retriever (NaCoDAE/HTN), which involves iteratively
answering prompted questions that refer to state variables. o
Third, users can select a generative planner (SHOP) to «---- Select
automaticallydecomposé Apply Task

Lesson
Repository

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). Withoua complete domain
theory, HICAP cannot be guaranteed to produce a correct

Use Other
Modules to
Choose Task

Applicable and doe
the User Want

plan for all possible stateddowever,obtaining a complete , Decomnosition v Yes
domain theory is often difficult, if not impossible. In Select L's
addition to representing typical e>_<per|ent|al knowledge, Task decomposition Task
lessms can help fill gaps in a domain theory so that, when

Decomposition

reused appropriately during planning, they can improve plan

performance. This is the motivation for applying lessons rigure 3. HICAP's lessons distribution syirocess

while using HICAP. implemented in ALDS, during plan elaboration.
Figure 3 summarizes the behavior of ALD$e

monitored distribution module.  ALDS monitors task

selections, decompositions, and state conditions to asse$s Evaluation

similarities between them and the stored lessons. When

stored lesson’s applicable decision matches the curre\é?

decision andts conditions are a good match with the

current state, then the lesson is brought to the USET Ristribution and promoting lesson reuse. For HICAP/AL

attention to influence deusm,nakmg. When a USer s hypothesis requires euaking the plans created
implements a prompted lesson’s task decomposition (i.e

; . _— Operational users who use the two lesson distrik
;eplijsrl(;]grig':;)l/esson), the current task hierarchyaslified approaches in repeated planning tasks. Dependent ve

e wanted to evaluate the hypothesis that the mon
stribution approach (e.g., as implemented in ALD¢
superior to the traditional standalone approach for I



would include agreedpon measures of plan quality, which remained unanswered or until one of the solutions exc
depend on the planning domain. a retrieval threshold, which veet to 50%.

Unfortunately, HICAP/ALE® has not yet been We selected 11 lessons for our experiment, repres:
scheduled for testing in a military training exercise, whicha subset of approximately 56 NE@lated lessons from t
prevents us from working with operational plannersActive Navy lesson repository (containing 5120 less
Therefore, we instead performed an evaluation usingom the November 2000 copy of the unclassified !
simulated users on a simulated NE@oncombatant L€ssons Learned Sgsh. These were selected accordir
evacuation operationsjomain. Sophisticated fulscale their relevance to NEOs and their clarity, so that we ¢
NEO simulators do not yet exisTherefore, we constructed [€c0gnize their refation to the plans authored using HI
our own plan evaluator for a simulated NEO domaint O €X@mple, one lesson was defined as:

(Section 4.1). This allowed us to evaluate HICAP/ALDS'sTask: Standard Medical Inventory

plan authoring and lesson distribution capability for - Applicability Conditions: (<q,a> pairs)
entire plan, rather than be limited to an evaluation on a Isthemedical inventorof standardsizeor is it standar
single task decomposition task [MufAAxila et al, 1999]. minus1/3? Yes

Smulating how a user might benefit from a standalone- |s the climate tropical? Yes
lessondistribution tool is difficult. Therefoe, we instead Suggesion: Add 1/3 to the medical inventory
compared plan generation when using ALDS vs. not using it )
(Section 5.2), where our reviségypothesis is thausing 4.2  Plan evaluation
lessons will improve plan qualitylhis central hypothesis to  We built a stochastic evaluator fNEO plans that takimto
LLPs, although simple, ha®t been previously investigated account general knowledge of the NEO domain
for lessons learned systems, and thus is appropriate for anmputes the performance measures (described below

initial evaluation focus. evaluator is not a simulator because it does not use s
distributions for each type of event, but simply computes
4.1  Methodology according toa uniformdistribution what are the expect

The plans authored by HICAP concernpdrforming a consequences of some choices in building a filan the
rescue mission where troops are grouped and move betwe@?r-’s_al chain of eventhat are generatebly thesechoice:
an initial location (the assembly point) and the NE@ will mf_luenceeach of the dependent variabidifferently).
(where the evacuees are located), followed by evacuee r&/€ Eul\lll'ltztg;evaéuator an_:j glle HICIAPbgowledge bas
location to a safe haveB1 possible routes and 4 means ofmofNe defineajepla%n C?L\J/;Iit?/ t)eaggswlcc?fﬁciz;or?wseasures
transp(()jrt?tlon_ wedredenpodediln ad_dmon, otr?e;;o?r(]jmons NEOs, which are planning domain dependent. T
were determine uring - planning suc eihera  measures are defined in the Universal Naval Task
communicatios expertwas availableand the method for

. . . [UNTL, 1996] under measures of performance sugg
processing evacueesd|CAP'’s plans had 18teps, andts o joint and Naval tasks. These measures primarily cc

knowledge base included 6 operators, 22 methadls 51 eyecytion duradn and casualty rates. To avoid a redun
cases.We randomly selected 100 initial plan states (1Zyaluation, we have selected one measure for total dt
independent variabk) and produced plans for each stateyf the operation, one for duration until evacuees re
with the simulated user interacting with HICAP. This usermedical assistance, and the percentage of casualties
assigned, through task decomposition, an additional 18vacuees, friendly forces, and eres. These summar
variables (with from one to four values each) for each planthe most important aspects suggested in the UNTL.

which requiredHICAP an aveage of abou#0 seconds to We defined bounds for variables based on actual M
generate. The sanset of initial states to produce plans in For example, we limited the percentage of casualtie:
HICAP wasused (to guide task decomposition) both withoccurred after a severe enemy attack takes place. I
and without lessons. Each of the two sets of 100 plans (i.eattacks will mly be possible in two planning segments
one set obtained using lessons, and the second set obtaiféca total of five segments) and their likelihood incre
without using lessons) authored by HICAasinput to the ~ When users choose land transp_ortation and decrease:
evaluator (Section 4.2). Due to the mdeterministic Weather is troublesome. There is a small chance of a

behavior of the evaluator, we executed each plan ten timegvhen helicopters are used thatrgmses if the weather is
The version of HKCAP used in this paper is favorable; the resulting number of_ casualtles_ is proport

deterministic; given a state and a depel goal (i.e., (O the number of passengers in each aircraft. A

perform a NEO), it will always generate the same plan. APlanning segment flown by helicopter will have addec

simulated user interacts with HICABy choosing task tme and risks associatedith in-flight refueling (e.g

decompositions to generate a plan, using the process sholwi€gel, 199D.

in Figure 3. In NaCoDAE/HTN conversations, it always43 Results

answers the tepanking displayed question for which it has ™

an answer, and it answered questions until either nonds summarized in Table 1, ALDS using less
substantially improved the first four of five performa



variables. A brief examination of the results (i.e., the firsiplanning) process, can improve the results of that prc
run for each of the 100 plans), using a statiddudent’'st  Although we used simulated users in our experimer
test, revealed significant differences for both overallreduce human biases during the evaluation, we sthess
duration p<0.1,t=1.60, df=99) and duration until medical this is a mixednitiative approachwherehumans intera
assistancarrived(p<0.1,t=1.39). All lessons were used in with HICAP to generate planslheunique aspect of ALC
generated plans, and an average of approximdteBe is that it allows users to execute a lesson’s suggestiol

lessors were used per plan. here, a task substitution), rather than lirhiérh to simpl:
browsing the suggestion.
Table 1. Experimental results with the 100 plans. HICAP’s NaCoDAE/HTN module manipulatesase

that represent task decompositions corresponding to

\1\4';22‘#5 I:;"stgns %%iﬁleligggﬂg standard operating procedures or decompositions tha
mean duration 39h50 | 32h48 18 derived from decision making during training exeesisin
sd. 16h51 | 16h12 . actual operations. In contrast, ALDS manipulaesson
mean duration 50n37 | 24n13 18 Fhat capture experiences that, if reused, can signific
until medical asst. improve the performance of subsequent plans. U
s.d. 11h13 | 10h26 - cases, lessons are not conceptually limited to repres
mean % casualties: 11.48 | 8.69 24 task decompsitions, but can be used to apply editany of
to evacuees HICAP’s objects (e.g., resource assignments, resource

to friendly forces 9.41 6.57 30 durations).
to enemies 3.08 3.14 -2 Several workshops (e.g., organized by the Departm

Energy, the European Space Agency, the Joint Warfic
The significance of an overall reduction of 24% in theCenter, and eachrdnch of the armed services) have
percentage of casualties among evacuwessestimated in  taken place on the topic of lessons learned. Howeve
each plan basednothe parametenumber of evacuegs efforts on lessons learned systems have examine
which wasrandomly seto dozenshundredsor thousands  potential utility of Al (e.g., Vandeville and Shaikh [19
Based on the number of evacuees selected for thebeiefly mention using fuzzy set theory to armyelicite(
simulated NEOSs, sing the lessons reduced the averagdessons), and there is a lack of closely related wo
number of casualtidsy 24, from 100to 76. monitored distribution. However, one recent work:
These results suggest that the monitored distributiobrought attention to this area from an Al perspective
approach can potentially generate better plans for realistand Weber, 2000], and a few of its contributors touche
problem domains (e.g., planning for NE@perations). issues relatetb proactive lesson distribution. For exam
However, the experimental conditions were designed so thatakeet al’s [2000] CALVIN system implements a task
lessons were available for a reasonable percentage of theented LLP that collects lessons about research topi
generated plans, and thus could be prompted to thesearch results with an active distribution -pudicess
simulated HICAP user so that, when applied, they couldlike ALDS, CALVIN prompts users wh suggestions (i.¢
improve plan qualitywith high probability). Nonetheless, alternative WWW pages to browse) that can be immed
we expect that similar improvements may yield benefits irexecuted. However, while CALVIN focuses on a diagr
plans for domains where safety issues and speed am&sk, ALDS operates in the context of a synthesis task
paramount to success. planning), and campotentially update any of the planni
The capabilities of certain learning algorithms can bescenario’s objects. Like both of these systems, W.
evaluated by varyinglatasetcharacteristico determine [2000] also describes a case retrieval system, in this c:
when certain learning algorithms can be expected textending Cool Air to distribute trouble tickets. Howe
perform well (e.g.[Aha, 1992). Similarly, we plan to Cool Air does not operate in a mix@dtiative setting
characterize the set of experimental conditions for whictsome KM approaches fiimeret al, 2000; Abeckeet al,
ALDS can use lIssons to significantly improve plan 2000] also target distribution inthe context o

evaluation performance measures. organizational knowledge, butse formats that do r
support indexing.
5 Discussion Severalimitations exist concerning our approach an

This paper proposes a technology (ie., 4 d implementation in ALDS. For example, lessons ca

X ) omplex, and suggest changes to a variety of objects
reasoning) solution to part of a knowledge managemeryi,\ning' scenario. Although HICAP represents se
(KM) problem (i.e., managing lessons learned). However,

KM broblems twically require challending oraanizational such objects (e.g., resources, reseuassignments), it
p yically requi ging organizal atcuirently limited to processing only task substitu

dynamics issues, and these require precedence in the con ons. In future implementations of HICAP and ALL
of bridging the lesson distribution gap. Thus, monitore ’

distribution can at most play only one part of a much large
solution.

Our evaluation ofALDS demonstrates how monitored
distribution, when embedded in a decismmaking (i.e.,

essons will be able to represent suggestions that,
5pp|ied, will not be limited to task substitution.

example, adesson might suggest a task decompositio
using an alternative resource assignment for a given



recommend changing some temporal orderings of tasks, §pavenport and Prisak, 1998] Davenport, T.H., and Pri
suggest edits to any of the objects used by HICAP to defineL. Working knowledge: How organizations manage what
plans. they know.Boston, MA: Harvard Busess School Press,
In addition to be uskil, our approach assumes that the 1998.
decision processes targeted by the lessons are managed QD@E, 1999] DOE The DOE corporate lessons learned
software tool, thus allowing integration with ALDS. program(Technical Report DOISTD-750199).
Furthermore, our approach requires identifying each Washington, DC: U.S. Department of Energy.
lesson’s indexing and reuse components, which requird&isheret al, 1998] Fisher, D., Deshpande, S., &
significant knowledge engineering effort. We are currently Livingston, J.Modeling the lessons leagd process
developing lesson collection tools that reduce this effort. (Research Report 1231). Albequerque, NM: The
Weber et al. [20018 describe interactive elicitation  University of New Mexico, Department of Civil
approaches that use taxonomies to guide lesson collection t&engineering, 1998.
populate ALDS’desson repository. [Leakeet al.,200Q Leake, D.B., Bauer, T., Maguitman,
In future work, we willconduct subject experiments that and Wilson, D.C. Capture, storage, and reuse of lessons
comparethe monitored distribution approach vs. traditional about informatiorresources: Supporting tablsed

keyword search tools for lessalistribution We will also information search. In (Aha & Weber, 2000).
demonstrate how monitored distribution is not restricted t[Mufioz-Avila et al, 1999] MufiozAvila, H., Aha, D.W.,
planning tasks. Breslow, L.A., & Nau, D. HICAP: An interactive case

based planning architecture and its application to NEOs.
6 Summary Proceedings bthe Eleventh Conference on Innovative

Applications of Atificial Intelligence (pp. 876875).

Orlando, FL: AAAI Press, 1999.
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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 Cunningham, 2000]. Improving the clarity of explanations
is another good reason for minimizing the length of
problemsolving 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
1 Introduction trees
Interactive trouble-shooting, help-desk support, and internet Most decision-tree algorithms, though, are designed for
commerce represent the majority of fielded applications oflata sets with relatively small numbers of outcome classes,
case-based reasoning (CBR) [Aha, 1998; Bergneinal, each of which is usually represented by many instances in
1999; Watson, 1997]. Increasingly, decision trees inducethe data set. In contrast, a data set for an identification task
from stored cases are used to guide case retrieval with ti irreducible in the sense that the deletion of a single
aim of minimizing the number of questions required toinstance means that the corresponding outcome class is no
identify a fault, or a product that meets the requirements dbnger represented in the data set. An important question,
the user. A problem-solving session takes the form of atherefore, is how the performance of decision-tree
interactive dialog in which questions are presented in thalgorithms is affected by irreducibility in the data set.
order determined by the decision tree and the user’s answers. Most algorithms for building decision trees differ in the
Algorithms for building decision trees are usually evaluatectriterion used to split the data set at a given node. In this
in terms of predictive accuracy, whereas performance@aper, we evaluate splitting criteria such asitiiermation
measures like efficiency and precision of retrieval are oftegain criterion from ID3 [Quinlan, 1986] and thé&ini
more relevant in interactive CBR [Aha and Breslow, 1997criterion from CART [Breimaret al, 1984] when used to
Breslow and Aha, 1997; Doyle and Cunningham, 2000].  build identification trees from irreducible data sets. The

The ability to solve problems by asking a small numbeperformance measure on which we focus is the average path
of focused questions has been a major factor in the succdesgth of the identification tree, or equivalently, the average
of help-desk applications of CBR [Watson, 1997]. Innumber of questions asked when the tree is used for
on-line decision guides, minimizing the length of product-problem solving.
selection dialogs is important not only to avoid frustration In Section 2, we show that a substantial reduction in
for the user but also to reduce network traffic [Doyle andaverage path length is possible in an irreducible data set

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 identificationtree 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 whichno such reduction is possible
with any splitting criterion.



year =71
displacement 200 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 14.9pel manta
acceleration = 15.0 to 19.@wdi fox
year =75
acceleration = 10.0 to 14.%olkswagen rabbit
acceleration = 15.0 to 19.peugeot 504
year = 76 ford granada ghia
year = 77 ford mustang ii 2+2
year =78
mpg = 15.0 to 19.9ford futura
mpg = 20.0 to 24.9buick century special
mpg = 30.0 to 34.9dodge 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 9%lymouth champ
horsepower = 100 to 14®tdsmobile cutlass Is

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 whicho such reduction is

possible with any splitting criterion. In Section 3, we
present simplified versions of the InfoGain and Gini criteri
for irreducible data sets, and identify another splittingImt
criterion that can never discriminate between attributes in aj

irreducible data set. In Section 4, we present an empiric%0
comparison of splitting criteria for identification trees. We
discuss related work in Section 5, and present o
conclusions in Section 6.

Irreducible Data Sets

a

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
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 gsar= 72, are not represented in
the subset from which the example identification tree was
constructed. Similarlydisplacemenhas only two values in
the smaller subset wityear= 79.

The example identification tree was constructed with
oGain as the splitting criterion. The average path length
only 1.9 compared with 4.2 for an identification tree
nstructed with attributes selected purely at random. On
the other hand, it can be seen from the following proposition

Yhat no splitting criterion can reduce the average path length

of an identification tree for a data set that is both irreducible
andcomplete A data set is complete if every combination of
attribute values is represented in the data set [Cendrowska,

Whether a given data set is irreducible depends on whicto87].

attribute is defined as thdassattribute. For example, the P ition 1 | identification tree f dat t that
class attribute in the AutoMPG data set from the UCIL rgp;)hs! |or:j bnl anydl entl 'ﬁ Iort]h ree tﬁrla taLa Set (?t
repository [Blake and Merz, 1998] is normalfyiles per IS bo'h Ireducible and complete, the path length required to

gallon, which is not unique for every instance. However identify a given instance is never less than the number of

with the identity of each automobile as the class a\ttribute"’,lttrIbUtes in the data set.

the data set is irreducible. Most of the attributes in the data However, real-world data sets are seldom complete. For
set, such ayear, accelerationand miles per gallon are  example, the instances in the AutoMPG data set represent
features that one would expect to see in a CBR system figss than 1 in 5,000 of the possible combinations of attribute
recommending previously-owned automobiles. values. It is also worth noting that the problem does not

There are missing values for only one attribute, namelyisually arise in data sets that are not irreducible. For
horsepower To simplify our comparison of spliting example, Cendrowska [1987] Contact Lens data set is
criteria, the six instances that have missing values for thisomplete, but only a single test is required to reach one of
attribute were omitted from the data set in our experiments.



the leaf nodes in the decision tree induced from the data setoof Since each outcome class is represented by a single
with InfoGain as the splitting criterion. instance, the entropy of the data set is:

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 {gheren is the number of instances in the data set. Similarly,
identify an optimal tree by exhaustive search. The worstie entropy of any subset of sikeslogk. The expected

case scenario occurs when the data setis complete, altho ﬁﬂ)rmation gain when an attribute is used to split the data
in this case the average path length is always the same ¥t is therefore:

Proposition 1. The number of possible trees is more easily

determined if all attributes have the same number of valuesogn pi logk; logn pi(logp; logn) pi log py
-, . . . i i i

Proposition 2 For a data set that is both irreducible and whereky, ks,..., k- are the frequencies of the attribatealues

complete, and has k attributes each with r values, th§, the data set.

1 1
—log— logn
n n

number of possible identification tree r)l Corollary The gain ratio is the same for any attribute in an
irreducible data set.

3 Splitting Criteria for Identification Trees 3.2 The InfoGain Criterion

Measures used to define splitting criteria for buildingTheorem 1 provides a simplified version of the InfoGain

decision trees include the entropy function: criterion for irreducible data sets. As Theorem 2 shows, it
can alternatively be expressed in terms of the frequencies of

q;logq; an attributé values in the data set.
o J Theorem 2 In an irreducible data set, the InfoGain
and the Gini index: criterion is equivalent to selecting the attribute for which:

1 qJ-2
j .
where q;, O,..., On are the proportions of the outcome . : ,
classes in the data set. The InfoGain criterion [QuinlaniS Minimum, wherekk,..., k are the frequencies of the

1986] selects the attribute that maximizes the expected gafitfioute’s values in the data set.

in information (or reduction in entropy) when used to splitproof It follows from Theorem 1 that the expected

the data set. Similarly, the Gini criterion [Breimahal,  information gain for any attribute in an irreducible data set
1984] selects the attribute that maximizes the expected:

reduction in the Gini index.

ki log ki

p; log p; ﬁ(Iogki logn) 1 ki logk; logn
3.1 The Gain Ratio Criterion [ i n n;

To compensate for its bias towards attributes that have mod1eren is the size of the data set apgd p,...., pr are the
values, the InfoGain criterion was replaced in later versionBroportions of the attributevalues in the data set.

of ID3 and in C4.5 by theain ratio criterion [Quinlan, S

1993], in which the information gain for an attribute (with at?"3 The Gini Criterion

least average information gain) is divided by: As the following theorem shows, the Gini criterion is
equivalent in an irreducible data set to selecting the attribute
pi log p; with the largest number of values.

|
where py, Pa..., pr are the proportions of the attribiste Theorem 3 For any attribute in an irreducible data set, the
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 raticize of the data set and r is the number of values of the
can therefore be eliminated from consideration as a basis fattribute

pected reduction in the Gini index—ris—l, where n is the
n

attribute selection in an irreducible data set. Proof The Gini index for the data set is iz 1 1_
Theorem 1 For any attribute in an irreducibléata set, the n n
expected information gain is: Similarly, the Gini index for a subset of sizés 1 % The

pi log p; expected reduction in the Gini index when an attribute is

i ) ) used to split the data set is therefore:
where R, p.,..., pr are the proportions of the attribute’s

values in the data set.



a %) 1 k@ ki) 1 1, rr1 4.1 The AutoMPG Data Set
i

i n n Our first experiment compares the performance of the
whereky, k..., k- are the frequencies of the attribstealues ~ SPlitting criteria on randomly generated subsets of the
in the data set. 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
At first sight, it may seem to follow from Theorem 3 thatgpset of the complete data set consisting of all

the Gini criterion can be of no use as a basis for attributggmpinations of the attribute values.
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 oépresentedralues of an attribute —O—Random —O—Reduce —@—InfoGain
decreases as the data set is partitioned. The Gini criterion

does therefore discriminate between attributes that initially 8

have equal numbers of values. In an irreducible data set in 7

which all attributes are binary, the Gini criterion is c 6 B,
equivalent to selecting any attribute that is capable of 5 /D/D—D"‘“"'r

splitting the current subset of the data set; that is, does not g5 ]/u'

have the same value for every instance in the current subset.  § 4 )
As we show in Section 4, this simple criterion, which we S '
call Reduceis much better than selecting attributes purely g 31

at random. In the latter strategy, the effect of selecting an § 2

attribute for which all instances have the same value is to 1

increase the path length without reducing the size of the data

set. 0 — T T T T T T T

10 20 30 40 50 60 70 80 90 100
4 Comparison of Splitting Criteria Sample Size (%)

We now present an empirical comparison of InfoGain and i ,

Gini as splitting criteria for building identification trees ~9ure 2. Comparison of InfoGain, Random and Reduce on subsets
from irreducible data sets. Our experiments are based on the of the AutoMPG data set.

simplified versions of InfoGain and Gini presented in ,

Section 3. A baseline for their evaluation is provided by a Average path lengths over 10 repeated trials for each
tree-building strategy in which attributes are selected purelj@MPIe size are shown in Figure 2. The results for Gini are
at random. Also included in our evaluation is the Reducf©t Shown because they differ only slightly from those for
criterion which is equivalent to Gini for irreducible data setsfoGain. While InfoGain performed slightly better than

in which all attributes are binary. The strategies to b&>INi for all sample sizes, its reduction in average path length
. relative to Gini was never more than one per cent. On the
compared are:

other hand, the Reduce criterion can be seen to provide a

InfoGain: Select the attribute for which  k; logk; is minimum, ~ considerable reduction in average path length compared
i with selecting attributes purely at random. The additional
whereky, ko,..., k- are the frequencies of the attribete  reduction provided by InfoGain, though relatively small, is

values in the current subset consistent over the range of sample sizes. While the average

ath length of the InfoGain trees increases as sample size

Gini: Select the attribute that has most distinct values in th ncreases, their efficiency is apparent even for the 100 per
current subset
cent sample.
Reduce: Select any attribute that does not have the same value ] o ] )
for every instance in the current subset 4.2 Which Criterion is Best for Binary Attributes?
Random: Select an attribute purely at random Our second experiment compares the performance of

InfoGain and Gini on irreducible data sets in which all
Our algorithm for building identification trees, called attributes are binary. As noted in Section 3, Gini is
Identify, works in a similar way to algorithms for top-down equivalent in such data sets to the Reduce criterion. The data
induction of decision trees and can be used with angets used in this experiment are randomly generated subsets
splitting criterion. It recursively partitions the data set until aof a complete, irreducible data set with 12 binary attributes.
subset is reached that contains only a single instance, ®he class attribute is an integer that uniquely identifies each
none of the remaining attributes can discriminate betweeof the 4096 instances in the data set. Average path lengths
the instances in the current subset, or all attributes have befam InfoGain and Gini over 10 repeated trials are shown in
used in the Random strategy. Figure 3 for subsets of the complete data set ranging in size

from 10 to 100 per cent.



—0O— Random —0— Gini —@— InfoGain a single decisiopath One advantage is that the user can
select the attribute they consider most important instead of

12 the one considered most useful by the system. In fault
diagnosis, another advantage of a demand-driven approach
g 1 to decision-tree induction is the systambility to select the
§ /:/‘:" next most useful attribute to partition the case library when
< the user is unable to answer the most useful question
F 10 [McSherry, 2001]. A demand-driven approach to the
o ']/// construction of identification trees is expected to provide
g 9 similar benefits in a future version of Identify. The effects of
Z ¥ incomplete data on retrieval performance, however, remain
8 to be investigated.

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

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

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 1 T T T J T J J T

Average Path Length

be attributable to the absence of binary attributes in the data 1 2 3 4 5 6 7 8 9 10
set. Sample Size (%)
4.3 How Close to Optimal is InfoGain? Figure 4. Comparison of InfoGain trees and optimal trees for

We can attempt to answer this question only for data sets in subsets of a complete 1010 10 data set.

which the number of attributes is small enough for optimal -
trees to be identified by exhaustive search. The data sets.in Aha gnd Breslow [1997] use_d decision trees as an
our third experiment are randomly generated subsets of|gtermed|gte representation to improve t_he quality  of
complete, irreducible data set in which each of 3 attribute%om’ers"j‘t'on.al cas'e_l'|brar|es. In co_nvers_,atlonal C.BR’ the
has 10 values. By Proposition 2, the number of possibIBrOble.m of irreducibility addrgssed in this paper is oftgn
trees for any such data set is at most 3,072. complicated by'the use of different features tq describe
Figure 4 compares the average path length of InfoGaifidSes- In fault diagnosis, for exqmple, certain attributes may
trees and optimal trees for subsetsging in size from 1 to not be. relevqnt or even meaningful for every case. The
10 per cent of the complet® 10 10data set. Based on re.SUI.t IS a h'gh frequency of gn_answgrepl questions, or
averages over ten repeated trials, the results show that tHE>S!N9 values, in cases. The splitting criterion used by .Aha
InfoGain trees are close to optimal. Of the 100 InfoGairPr_‘d Breslow to address this problem selected the attribute

trees constructed in the experiment, 30 were optimal. with fewest missing val.ue§. In_ the absence qf missing
' values, though, this criterion is at best equivalent to
5 Related Work selecting any attribute that is capable of splitting the data set

and therefore inferior to InfoGain as shown by our results.
Doyle and Cunningham [2000] applied a clusteringin this paper, we have assumed the absence of missing
algorithm to product data before using InfoGain to construcjalues to simplify our initial comparison of splitting criteria
a decision tree. As shown by our results, hOWGVEf, |nfOGaifbr irreducible data sets. However, the impact of missing
is often very effective in reducing average path length whepalues on retrieval performance is an important issue to be
applled directly to irreducible data sets. Doyle and addressed by further research.
Cunningham used a demand-driven lazy approach to Algorithms for building decision trees are usually
decision-tree induction, adapted from [Smyth andevaluated by dividing a data set intaraining setthat is
Cunningham, 1994], in which an explicit decision tree is noysed to build a decision tree andest setthat is used to
constructed. Instead, the Useanswers are used to constructassess its predictive accuracy [Breslow and Aha, 1997].



However, an identification tree has no predictive accuracyjAha et al, 1998] David Aha, Tucker Maney and Leonard
that is, it can correctly identify only the instances from Breslow. Supporting dialogue inferencing in
which it was constructed. Evaluation in terms of predictive conversational case-based reasoningPrisceedings of
accuracy is equally compromised by irreducibility in the the Fourth European Workshop on Case-Based
case library in CBR systems that rely on similarity-based Reasoning pages 262-273 Dublin, Ireland, 1998.
retrieval. Ahaet al. [1998] propose #eave-one-inapproach Springer-Verlag.

to evaluating retrieval precision for conversational cas
. . . . .~ [Bergmannet al, 1999] Ralph Bergmann, Sean Breen,
libraries in which most (or all) cases have unique solutions. Mehmet Gker, Michael Manago and Stefan Wess.

In their roach, each case is u a test ca ut . . ;
€ir approach, & s used as a test case b Developing Industrial Case-Based Reasoning

without removing it from the case library during testing. SRS )
Precision is measured by how often the solution for the most Appllcatlong. Th_e INRECA MethodolagySpringer-
Verlag, Berlin Heidelberg, 1999.

similar case matches the solution for the test case. We plan
to use a similar approach to the evaluation of precision in afslake and Merz, 1998] Catherine Blake and Christopher
investigation of the effects of incomplete data and missing Merz. UCI Repository of Machine Learning Databases
values on retrieval performance in interactive CBR. University of California, Irving, California, 1998.

. [Breiman et al, 1984] Leo Breiman, Jerome Friedman,
6 Conclusions Richard Olshen and Charles Sto@&assification and
Minimizing the number of questions required to identify a  Regression TreesWadsworth, Belmont, California,
fault, or a product that meets the requirements of the user, is 1984.

an important objective in interactive CBR applications suc Breslow and Aha, 1997] Leonard Breslow and David Aha
as fault diagnosis, help-desk support, and on-line decisio Simplifying décision trees: a surveyKnowledge
guides. Often in these applications, each case has a unique Engineering Revieyd2:1-40, 1997

solution or represents a unique product in the case library.
We have examined the performance of common splittingCendrowska, 1987] Jadzia Cendrowska. PRISM: an
criteria for building identification trees to guide the retrieval ~ algorithm for inducing modular rulesinternational

of cases from such irreducible case libraries. Journal of Man-Machine Studigg7:349-370, 1987.

Our results show that the InfoGain criterion [Quinlan,[DOy|e and Cunningham, 2000] Michelle Doyle ardifaig
1986] is often more effective than other splitting criteria in Cunningham. A dyna’mic approach to reducing dialog in
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Gini criterion [Breimanet al, 1984] appears to compete  49.60 Trento. 2000. Springer-Verlag.

well with InfoGain for attributes with several values, our . .

results suggest that InfoGain may be more effective fofMcSherry, 2001] David McSherry. Interactive case-based
binary attributes. The effectiveness of both criteria  '€asoning in sequential diagnosipplied Intelligence
decreases as a data set (or case library) approaches 14:65-76, 2001.

completeness, and no reduction in average path length [iQuinlan, 1986] Ross Quinlan. Induction of decision trees.
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Abstract o
This paper describes SiN, a novel chased 2 Motivation
planning algorithm that combines conwsnal SiN's design was partly motivated by the following

case retrieval with generative planning. SiN is  chaacteristics of military planning operations.
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 worldstate information by incorporing

prefeences into the cases. Our empirical validation

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

shows how these preferences affect plan quality. - There is an incompletdomain theory, in the form of
_ general guidelines (doctrine) and standard operating
1 Introduction 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 firgirinciples reasoning and
NaCoDAE to employ previous experiences.

Generative planners traditionally require a complete domain
theory, which provides a clear semantics for the planner’s
inferencing mechanism. Thallows a planner to be used in
different domains. However, in many planning domains,
developing a complete domain theory is infeasible. - Military planners do not have complete information about
In this paper we present a cds®sed planning algorithm  the current situation; part of the planning includes
called SiN (SHOP integrated withNaCoDAE), which dynamic information gathering, typically to assess enemy
integratesthe SHOP generative planner [Nagt al, 1999] capabilities and/or deployment. In SiN, NaCODAE is
with NaCoDAE, aconversational case retriever [Breslow & used to plan with an incomplete world state using
Aha, 1997]. SiN is a provably correct algorithm that does preferenceswhich we define in Section 4.
not require a complete domain theory nor complete
information about initial or intermediateond-states. 3 Notation and definitions

In_addition to describing SiN, which has beer'An HTN is a set of tasks and their ordering relations,

implemented in HICAP [MuficAvila et al, 1999], we denoted as N=(ff....t.}.<) (M?0), where < is a binary

present sufficient conditions to ensure its correctness, showI . : | ; b K
. . relation expressing temporal constraints between tasks.
how SiN represents preferences in cases to generate plansJn

. . : ecomposable asks are calleccompound while non
the context of imperfg world state information, and oo
. . . ) decomposable tasks are calfgthitive.
describe an empirical analysis that demonstrates the impac ; ;
A domain theoryconsists of methods and operators for

of the preferences on plan quality. generating plans. Anethodis an expression of the form
In the following sections, we introduce some terminology ~(h,P.ST, whereh (the method'iead is a compound

detail SiN, including theoretical results on its semantic . . : \
with respet to incomplete domain theory, present SiN’'s ask, P is a set ofpreconditions andST is the set oM's

empirical evaluation to show the role of preferences t(gchndren)subtasksM is applicableto a task, relative to a

handle incomplete world state information, and discuss th tﬁ;ig (ase;aor;grofggcfgfem;%alz:xatgﬁ$§égﬁ;irs]tz?n? set of
implications of these results. P Y,

bindings E exists that maps variables to values such that all
terms inh match their corresponding ground terms)iand



the preconditiond are satisfiedin S (i.e., there exists a - Else ift is compound and has an applicable methbd

consistent extension of E, named E', such thapl P (that has not yet been applied tjp then M is applied,
{pET S}), in which caseM(t,9=STE". which replaces in T' with M’s subtasks.
An operatoris an expression of the for@=(h,aL,dL) . Else if T" is not empty, tn SHOP backtracks.

whereh (the operator'bead is a primitive task, andL and ]

dL are the saalledadd anddeletelists. These lists define - Elsé SHOP fails.

how the operator's application transforms the currentState SHOP terminates wheR is empty, in which casp is the
every element in the adist is added t&and every element solution, or when SHOP tries to backtrack on a compound
in the deletdist is removed fromS An operatorO is  taskt whose applicable methods have been exhausted.

applicableto a task, relative 10 a stai, iff matchest,t,3. NaCoDAE mixed-initiative case retriever. Users interet

of taékzlgl?gIgitgrtzbI:rTHI)Sisa;r:jpcl?ngilr?}Ir?éghez;rzsisatﬁ? with NaCoDAE in conversations which begin when the
collectio'n of i 't" tasks obtained b g : Iuser selects a tastkNaCoDAE responds by displaying the
primitive tasks obtained by decomposing altopranked cases whose prenditions are satisfied and

compound tasks in a planning problem3,0). whose heads matdh Cases are ranked according to their

. . similarity to the current staS which is the state that exists

4 CasesinSiN at that time during the conversation. Similarity is computed

In many domains it is impossible to assume that a complefer each cas€ by comparing the contents 8fwith Q, C's

domain theory of the worldsiknown. For example, this is <q,a> preference pairs. (That is, each pair is represented as a

true when planning for nebombatant evacuations (NEOS). monadic atom inS, and similarity ér a given <q,a>

However, a partial domain theory exists for NEOs, and ipreference pair becomes a membership teSt INaCoDAE

can be elicited from doctrine and standard operatinglso displays questions, whose answers are not kno@n in

procedures [DOD, 1997]. ranked according to their frequency among thersmked
Reasoning about parts of the domdor which no cases. The user can select and answer (ajttany

domain theory is available is done through casesageC  displayed qud®n g, which inserts<g,a> into S. This state

is an instance of a method, denoteddsy(h,P,ST,Q)where  change subsequently modifies the case and question

h, P, andST are defined as for methods afuis a set of rankings. A conversation ends when the user selects a case

<guestion,answer> pairsQ defines preferences for  C, at which time the taskis decomposed int8T (i.e.,C's

matching a casto the current state. Preferences are usefidubtasks).

for ranking cases in the context of incomplete world stateg; integrated planning dgorithm . SiN receives as input

andfor doma”? t_heorles because_,_as we wil _show, thgy fOCLéS set of tasksT, a state,S and a knowledge bad&B
users on providing relevant additional state information.

consisting of an incomplete domain thebgnd a collection

. . s of casesB. The output is a solution plgmconsisting of a

>  SIN mixed-initiative planner sequence of operators in Both SHOP and NaColA
SN integrates SHOP and NaCoDAE's task decompositiorassist SiN with refiningl into a plan. As does SHOP, SiN
algorithms. A single (current) stagis maintained in SiN maintains the set of tasks im’ that have not been
that is accessible to and updateable by both SHOP amcomposed and the partial solution giadt any point of
NaCoDAE. Answers given by the user during an interactiotime, either SHOP or NaCoDAE is in control and is
with NaCoDAE are added t6 (i.e, each question has a focusing on a compound tagk T’ to decompose. SiN
translation into a ground atom). Changes to the state thptoceeds as follows:

occur by applying SHOP's operators are also reflecté&d in Rule # T If SHOP is in control and can decompas

SHOP generative planner At any point during the  does so and retains control. If SHOP cannot decontpose

planning process, SHOP is refining a taskTistelative to a but NaCoDAE has cases for decomposinthen SHOP
stateSand a domain theoy. Initially, T' is the set of tasks  will cede control to NaCoDAE.

T in the planning probleml(S,D. SHOP performsrdered
task decompositiofiNau et al, 2000], meaning that the
tasks must be totally ordered (i.e., theelation on HTNs is

a total order).SHOP also maintains the partial solution plan
p being derived (i.e., the primitive tasksTi). Initially p is
empty. SHOP selects the first task T’ and continues as
follows:

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

If neither of these rules applies, then SiN backtracks, if
possible. If backtracking is impossible (e.g., becausea
task inT), this planning process is interrupted and a failure
is retuned.

- If tis primitive and has an applicable opera®ithenO
is applied ta, Sis updated accordinglyjs removed from
T’ and added to the end jof



By continuing in this way, and assuming that thecases in SIN augment the domain theory and, thus, provide
process is not interrupted with a failure, SiN will eventuallydomain knowledge as do cases in many-tesed planners
yield a planp (i.e., consisting only of primitive tasks). (e.g., [Hammond, 1986]).

6 Correctness of SiN 7 Imperfect World Information

In this section we will assume that SiN performs ordere®iN uses NaCoDAE to dynamically elicit the neb state,

tak decomposition. That is, we assume that all tasks anghich involves obtaining the user’s preferences. Depending
totally ordered and at each iteration, when refining a set afn the user's answers, cases will getraieked. When
tasksT’, SiN will start by decomposing the first taskTin solving a task, the user can choose any of the cases,
A relaxation of this condition should be possible once wendependent of their ranking, provided that all their
modify SiN to include the extended version of SHOP thatpreconditions are met.hE preferences play a pivotal role in

can represent partiarder task relations [Naet al, 2001]. determining plan quality due to the absence of a complete
If I is an incomplete domain theory aBds a case base domain theory.

(i.e., a set of cases), then a domain thddng consistent Consider the following two simplified cases:

with IEB iff (1) every method and opator in | is an Case 1-

instance of a method or operatorDrand (2) for every case —  — )

C=(h,P,ST,Q)in B, there is a method #n’,P’,ST’) in D Head: selectTransport(ISB,NEOsite)

such thath, P, and ST are instances of’, P’ and ST’ Preconditions: HelosAvailable(ISB)

respectively Although many different domain theories ~ QuestionsAnswer pairs: Weather conditions? Fine
might be conistent withlEB, in general we will not know Subtasks:Transport(ISB,NEOsite, HELOS)

which of these is the one that produ¢ethdB. However, Case 2:

we can prove that SiN is correct in the sense that, if Wad:selectTransport(ISB,NEOsite)

succeeds in outputting a plan, then that plan could have been L :
generated by SHOP using any damgheory consistent grL]eé:;?odr:’[;oAnnss.V%;orupn;:r'l;r_ansportAvalIable(ISB)

with IEB.
" . _ - Weather conditions? Rainy
Proposition (Correctness of SiN) Let T be a collection of . Imminent danger to evacuees? No
tasks,Sbe an initial statd,be an incomplete domain theory, Subtasks: Transpat(ISB,NEOsite GroundTransport)

and B be a case base, and let SiNg,IB) represent the
invocation of SiN with those items as inpuippose that These cases both concern the selection of transportation
SiN performs ordered task decomposition. Then: means between an intermediate staging base (ISB) and the
: . NEO site (NEOsite). The first case suggests using
1) If SiN(T,S,IB) returns a plam, then for every domain : : )
(1) IN( " ). urns a piamp, t very ! helicopters provided that they are available at the ISB. The
theory D consistent withEB, p is a solution plan for . : :
: second one suggests using ground transportation provided
the planning problemT(S,D. ; : :
_ _ ~that the corresponding transportation means are available at
(2) If SIN(T,S,IB) cannot find a plan, then there is athe ISB. If the two cases are applicable, because both
domain theoryD consistent withlEB such that no preconditions are met, the answers given by the user will
solution plan exists fofT(S,D. determine a preferencestveen them. For example if the

The proof is done by induction on the number of iterationgveather is rainy and there is no immediate danger for the
of the SiN algorithm. The proof shows that each SiN tasievacuees, NaCoDAE would suggest the second case. The
decomposition in T,S,EB) corresponds to a SHOP task r_atlonale behind th_|s is that flying in rainy conditions is
decomposition in T,S,D. This is sufficient to prove risky. Thu_s, selecting ground transportation would &be
correctness because SHOP is known to be correct iau Petter choice.
al., 1999]. We omit the details of the proof due to space .
limitations. 8 Evaluation

This proposition suggests that cases in SiN supply tw@ur experiments focused on the role of preferences in the
kinds of knowledge:ifst, they provide control knowledge, plan generation process in the context of incomplete world
similar to the knowledge encoded in cases usingtate information and how they affect the quality of the
derivational replay when a complete domain theory igesulting plans. Towards this goal, we developed two
available [Veloso, 1994; lhrig & Kambhampati, 1994]. planning domains where the contents of the world state can
Because cases are instances of methods, applying a caseiiificantly impact choices during planning.
compaable to a replay step in which the method selected to  For these experiments, we encoded an automatic user
decompose a task is the one in the case’s derivational tragRat dynamically provided preferences when asked by
The main difference is that, while cases in replay system§aCoDAE. The user provided preferences withpre
correspond to a complete derivational trace, cases in Sifiefined bias (defined in the following sections) towards
correspond to a singkep in the derivational trace. Second,certain kinds of solutions. The automatic user will always



select the case with the highest similarity. In situationgertain transportation mode, it does not imply that it was
where several candidate cases had the same highesivays selected; world state conditions may prevent the use
similarity, the automati user selected one of them of some travel modes for particular situations.

randomly. The purpose was to observe whether the resultin ) )

plans reflect the user's bias despite the incomplet§-2 The NEO Planning Domain

information about the world state. The second domain was tHéoncombatant Evacuation
. Operations Domainlts plans involve performing a rescue
8.1 The Personal Travel Domain mliossion where troops a?re grouped ar?d transpc?rted between
The first domain was thpersonal travel domainits plans  an initial location (the assembly point) and the NEO site
concern traveling from locations in Washington, DC to(where the evacuees dozated). After the troops arrived at
downtown New York City (NYC). We encoded 7 the NEO site, evacuees areloeated to a safe haven.
transportation methods (3 inteand 4 intracity). Plans Planning involves selecting possible {oefined routes,
consist of 35 planning segments. States indicate differentonsisting of 4 segments each. The planner must also
locations, whether connectionstiveen locations exists and choose a transportation mode for each segmentditi@n,
by which means, weather conditions, etc. The knowledgether conditions were determined during planning such as
base consists of 10 methods and 1 operator for SHOP amghether communication exists with State Department
40 cases for NaCoDAE. personnel and the type of evacuee registration process.
Our personal travel plan evaluator can generate 8iN’'s knowledge base included 6 operators, 22 methods,
different time duration each time it is giva plan and world and 51 cases.
state because of its noleterministic execution. For each As with the pesonal travel domain evaluator, the NEO
run, it outputs whether the plan succeeded and, if so, th@anning evaluator can generate a different output each time
trip's duration. A plan fails when segment delays cause i is given a plan and a world state because of its non
late arrival for a segment requiring a fixed time departureleterministic execution. For each run, it outputs the plan
(e.g., an airplane flight). For each segment, we applied @xecution duration, the time it took teach the evacuees,
delay function that is influenced by world state conditionsand the evacuee casualties. Similar to the personal travel
For example, a flight segment will incur a longer delay fordomain, we applied a delay function that is influenced by
higher chances of large snow accumulation, especially oworld state conditions. The Neo Planning evaluator is more
holidays (i.e., lgh travel days). Segments are categorizeccomplex than the personal travel evaluator because tteere a
into short, medium, and long lengths, and delays can rangeore conditions that can affect the output variables and
from O up to 4.5 times a segment's anticipated duratiorthese conditions may interact. For example, a sszd
Smaller multiples are used for maximum delays for mediunfiorce will incur fewer delays because embarking troops in
(3.5) and long (2.5) duration segments. the transportation means will take less time than for large
We selected ten goals, corresponding to ten pairs afized forces. Hower, smaller force increase the chances of
departing and arrival locations in Washington, DC anchostile attacks, which if they occur will delay the operation.
downtown NYC, respectively. For each goal, we generated We had a single task, to perform a NEO, and generated
10 random world states, thus yielding 100 total plannind00 random world states, thus vyielding 100 planning
problems. SiN was then used to geate a plan for each problems. SiN was then used to generate a fila each
problem, thus yielding 300 plans. Each was executed lproblem, thus yielding 200 plans, and each was executed 10

times by the plan evaluator, for a total of 3000 runs. times by the plan evaluator for a total of 2000 runs.
Table 1: Results for the personal travel domain. Table 2: Results for the NEO planning domain.
Preference| Duration | Price Success Preference| Duration | Time to Reach Evacuee
Bus 676 85 92.2% Evacuees Casualties
Train 466 176 94.3% Helicopter 38.5 28.7 11%
Plane 375 338 77.0% Ground 48.1 34.8 16%
Vehicle

Table 1 summarizes the results. When the user’s bias
was given towards taking the Bus for the intercity part of the  Table 2 summarizes the results. The helicopter transport
trip. This preference yields maximal (676 minutes)preference yields plans that have shorter execution durations
durations, but has theheapest price. On the other extreme,(38.5 hours) and require less time to reach the evacuees
when the Plane is the preferred means of transportation, t{28.7 hours). In addition,average casualties among
duration is the shortest but the price is the most expensivevacuees is less (11%), due mainly to the shorter time to
The lowest success rate occurs for plane trips; it reflect®ach them, and land travel is generally riskier than air
missing connections due to exterrfactors such as the travel. Still the number of casualties among evacuees is high
weather. Although a bias expresses a preference for ewen with helicopters. This is due to the simple biasoded



in the simulated user. Human users could yield better (and997] system use interaction for plan adaptatiomenathan
worse) plans by dynamically providing more sophisticatedo acquire state information.
preferences depending on the world state conditions. Among integrated cadeased/generative planners,

) ) SiN’s interleaved control structure is unique in that it allows
8.3 Discussion both sulsystems to equally control the task decomposition
The experiments show the capabilities of SiN in allowingprocesslin contrast, other approaches eitlige heuristics
the userto guide the planning process towards their(Prodigy/Analogy; MICBP) or order casbased prior to
preferences while dynamically capturing wesicite generative planning [DerSNLP; Mitchell, 1997], although
conditions. Despite our use of simplistic simulated users, théaris does this iteratively through multiple abstraction
quality of the plans reflect the user’s bias. levels. Distinguishing the relative advantages of these
control strategs 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., detemining which planning constructs to apply). In

9 Related Work

Table 3 compares seven differenttéeas of SiN to those of
other planning systems.

Table 3: Comparisons between different systems. . . -
Conventions: Gen=Generative; CBP=G&ssed: M contrast, SiN uses cases to both provide domain knowledge
I=Mixed-initiative;  I=Interleaved  control  structure; ~ (I-€., instances of methods) and control knowledge (i.e., it

DK=Cases are used to supply domain knowledge; CK=Cases allows the user selects which of these instance methods to

are used to supply control knowledge. apply).
CaseAdvisor [Carriclet al, 1999], like SiN, integrates

gﬁltem ng C(B.)P M(.; IO D(.'; C}é conversational case retrieval with planning. While

- - CaseAdvisomppliespre-stored hierarchical plans to gather
CHEF . O . O . information to solve diagnosis tasks, SiN instead uses its
MI -CBP @] O O . O case retriever to gather information and apptases to
NaCoDAE | O O o refine hierarchical plans.
Prodigy/ O O o Planning with incomplete information has been the
Analogy ) subject of frequent research in planning (e.g., [Gotdex,
SHOP o) ) 1996]). Typically, a distinction between sensing and
SIPE Il O O planning actions is made, where the former involverigs

to external information sources and the latter involves
We first discuss the features shown in columras &  inferencing steps. This is comparable to querying using
Table 3. SH® [Nau et al, 1999], as is typical of NaCoDAE and task refinement using SHOP.
generative planners, requires a complete domain theory.
CHEF [Hammond, 1989] and DIAL [Lealet al, 1997]are 10 Final Remarks

casebased, but do not have a generative component, alwe presented the SiN algorithm for cdmesed HTN

thus need a large case base to perform well aerogge : ; ; -
; ; planning. SiN was motivated byhree requirements for
variety of problems. = Prodigy/Analogy [Veloso, 1994], planning military operations: plans are hierarchical, there is

DerSNLP [lhrig & Kambhampati, 1994], andParis : . :
. : . no complete domain theory explaining all possible courses
[Bergmann & Wilke, 1995] integrate generative and ¢ase action, and planners do not have complete information

based planning, but require a complete domain theor ani L

are notpmixedn?tiative. gIPE I Wilkiﬁs, 1998]is a mixec)i/ outthe current situation.

initiative generative planner, but does not use case§ur work includes the follwing contributions:
NaCoDAE [MufiozAvila et al, 1999] is a mixednitiative
casebased planner, but does not employ generative
planning.

At least three other integrated (cdmesed/generative),
mixedinitiative planners exist. MCBP [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 toadve problems. In contrast, SiN gathers
information it requires from the user through NaCoDAE"
conversations, but does not learn from user feedback.
CAPlan/CbC [MufozAvila et al, 1997] and Mitchell’s

SIN is a provably correct algorithm for casased
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 dymically 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 casebased planning, in which cases either provide
control knowledge odomain knowledge. In SiN, cases
provide both kinds of knowledge.



SiN’s ability to combine both experiential and Artificial Intelligence(992997). Seattle, WA: AAAI Press,
generative knowledge sources can be beneficial in real 994.

world domains where some processes are well knowfso|denet al, 1996] Golden, K., Etzioni, O., and D. Weld.
and others are obscure but recordmnes exists on “Planning with execution and Incomplete Informafion
how they were performed. Planning for NEOs is arechnical Report, Department of Computer Science,

typical example of this type of domain. We haveynjversity of Washington, TR981-09, February1996.
integrated SiN into HICAPNlufiozAvila et al,, 1999], : .
JLeakeet. al, 1997] Leake, D., Kinley, A., & Wilson, D. A

a system designed to support these kinds of operation i
Case Study of Cadgased CBRProceedings of the Second

Our creation of SiN was made [siisle because of the |nternational Conference on CaSased Reasoningpp.
similarity between NaCoDAE’s cases and SHOP's methodg71-382). Providence, RI: Springer, 1997.

e e IO s [Michel, 1067] Michell, SWL (1990 A_hybrd
imrarity wiedg quistt plan g 19T rchitecture for reaime mixedinitiative planning and

;I;? Iteh::lsrner?d’Hv'l\{eN r:ﬁéiséirfio%(grég?l t?rgrrneifsgégomhméontrol. Proceedings of the Ninth Conference on Innovative
g u catly ' Applications of Artificial Intelligence(pp. 10321037).

Providence, RI: AAAI Press, 1997.
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Abstract

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

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

ing queriesaccordingto mediators schema. Ac-

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

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

the queriessubmittedby a consumer From the

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

cient to cooperatavith othermediators.

1 Intr oduction

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

Example 1.1 Figure 1 shows an exampleof threeinforma-
tion sourcesabout articles on computerscienceand their
authors. Let us supposethat the three sourcesreceve the
query . can answerto (it nds
a view that matcheswith ), whereas and can
not. Indeed, the schemaof is different (hetepgene-
ity of schema$. Notice that, if we rewrite the query as
, is ableto answersince
is part of its schemas. For what
concerns , it is not a matterof heterogeneity  simply
doesnot have therequiredinformation.

@inform.uni  an.it

Informationconsumersreheterogeneouaswell, sinceeach
consumemay have differentcustomizatiomeedsdueto dis-
tinct businesobjectves. Moreover autonomousgnformation
sourcesaredynamic,sincethey maybe addedto the system,
may become (temporarily or de niti vely) unavailable, or,
sometimesmay alsovary their conceptuakchemas.Infor-
mationconsumerarealsodynamic. Indeednew consumers
canbe insertedor remaved. Furthermoretheir information
needscanchangevery often. Our work dealswith informa-
tion integrationin distributed, heterogeneousand dynamic
informationsystemsi.e.,constructinganswerso queryfrom
consumers.Our primary goal consistson rewriting a con-
sumers query into queriesto speci ¢ information sources.
In [M. Panti, L. Spalazzi,A. Giretti, 20040 we proposeda
distributedcase-basedpproacho the problemof rewriting
gueries.Accordingto this approachwe have a dynamicme-
diatedschemgthecasememory)insteadf a staticone(asin
othersystems)Indeed our mediatorsschemas dynamically
updatedthrough the cooperationwith information sources
andothermediatorsstronglyin uenced by the queriessub-
mittedby a consumerln this paperwe focuson thecoopera-
tion stratgiesof the distributedcase-baserkasonerindeed,
we comparedifferent stratgies from a theoreticalpoint of
view anddiscussthe results. The paperis organizedasfol-
lows. Section?2 reportsthe relatedwork. An overview of
ourwork is providedin Section3. Section4 summarizese-
sultsaboutlocal queryrewriting (i.e. whena querycanbe
reformulatedby a single mediator). Section5 describeghe
distributedqueryrewriting (i.e., whena querycanbe refor
mulatedonly throughcooperatioramongmediatorsinddis-
cusssometheoreticalresults. Finally, someconclusionsare
givenin Section6.

2 RelatedWork

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



Figurel: An exampleof informationsources.

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

3 Work Overview

Our goalis to build aninformation systemcapableof inter-

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

Spalazzi,A. Giretti, 200d) a multi-agentsystemwhich is
basedna mediatorarchitecturej.e. mediatorssourcesand

consumerareagentsAll theagentsadoptadescriptionogic
called C-CLAssIc [Borgida and Patel-Schneider1994 as
datamodellingandquerylanguage.Indeed,subsumptiorin
C-CLAssIc canbecomputedn polynomialtime.

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

In our systemjnformation source agent$ areableto co-
operatewith mediatorghrougha queryreformulationbased
on local schemaslindeedeachsourceis ableto nd aview
overits schemahatis subsumedby aninput query

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

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



Query Rewriting of thequery

InformationSources

Figure2: An exampleof casememory

Let us supposethat source receves a query

nds that subsumeacmtransand
|eeetrans andthusreturnsthe correspondingnstancegde-
notedby - - .

4 Local Query Rewriting

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

Example 4.1 Figure 2 andFigure 3 shav the casememory
andtheterminologyof a mediatorof Example3.1.

Query Retrieval. Every time a new queryarrives,it is in-
sertedin the terminology and classi ed by meansof sub-
sumption. If thereexists a pastproblemequalto the new
query thenits solution canbe usedas solutionfor the new
guery Otherwisethe solutionsof pastproblemghataresub-
sumedby the new querycanbe usedassolutionfor the new
problem. The closestto the new query the retrieved cases
are,the bestthe solutionsare. This drivesusto the notion of
problemsmaximally containedn the new query This notion
allowsthede nition of theretrieval function as
a setof conjunctionsof concepty ) of the giventer
minology ( ). For eachconjunctionof conceptgheredoes
not exist anotherconjunctionof conceptf the sametermi-
nology ( ) suchthat

Example 4.2 Letussupposdo have as
input queryin Example4.1. Applying the retrieval function
we obtain:

Query Reuse Thebasicreusealgorithm( ) sim-
ply copiespastsolutionsof pastproblemsreturnedby there-
trieval function.

Example 4.3 Applying thebasicreusealgorithmto Example
4.2,weobtain:

Now we have all the building blocks to de ne the local
reusealgorithm ( ). Suchan algorithmdecomposes
eachconsumers queryin basiccomponentsappliesthe ba-
sicreusealgorithmto eachcomponentand nally assembles
the correspondingesults(a moredetaileddescriptioncanbe
foundin [M. Panti,L. SpalazziA. Giretti, 2000).

Example4.4 Let us supposeto have
asinputqueryin Exampled.1. Applying thereuse
algorithmwe obtain:

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

It is easyto prove that eachelementof and
is subsumedy . Therefore,a reformulationis

containedn theoriginal queryasrequiredin thede nition of

case Finally, noticethatin general

Query Evaluation. Whenthe mediatorhasa reformulanon

of the receved query it mustsendsucha reformulationto

relatedinformationsourcesandwait for theiranswers.

Example 4.5 The evaluation of consistson query-
ingsources , ,and with , ,and

respectrely, andintegratingtherelatedanswersThe
semanticof conceptshelpsus on integrating the answers.

Let , ,and be
answersfrom , , and respectiely, then the an-
swer to is:

Failures Wehavealocal failurein queryreusewhenamedi-
atoris notableto rewrite agivenquery |, i.e., 3,
Thismeanghatthemediators casememorycontamsno past
caseghatcanbe usedto reformulate . Usuallythis is due
to thefactthatit is the rst timethattheconsumeformulates
suchaquery i.e.,theconsumehasa new informationneed.

2 meansthat eachelementof is con-
junctedwith eachelementof

3Noticethat



Figure3: An exampleof terminology

Example4.6 Let us consider the
of Example 4.1 and the query
. The mediatoris not ableto

rewrite thequery Indeed we have

case memory

Furthermore,we have a local failure in query evaluation

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

casememoryof the mediatoris not updated. Typically, an

information sourcehas beenremoved from the systemor

changedts schema.

Example4.7 Let us suppose that source has
been (perhaps temporarily) remored, then the eval-
uation of the reformulated query in Example 4.4
fails. Indeed

5 Distrib uted Query Rewriting

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

theresultasanew casein its casememory Themediatorsn-

volvedin this stratgy canbeall the mediator=of the system,
just mediatorghat have never beenin touchwith M, or me-
diatorsthatsuccessfullycooperatedvith  in thepast. The
mediator candirectly cooperatevith informationsources
aswell. This stratgy caninvolve all the sourceqit is very

expensve), sourcegesponsiblef thelocal failure (this strat-
egy takesinto accountchangesf schemas)recentlyadded
sources(this stratgy takesinto accountnewn sources),or

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

this stratgy supposedhat the new needinvolvesthe same
sourcef the past). Eachsourceclassi esthe queryandre-

turnsthe subsumedoncepts.Let us analysesuchstrateies
focusingonrecallandprecisiornratiosin orderto evaluatethe
effectivenes®f thestratgy. We alsoevaluatetheinformation
redundang thatsuchstratgiesproduce.

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

Theorem5.1 Let be informationsources. Let
beaview of is representecsa casememory

thatdoesnotchange Let , betwo mediatorssud that
interactswith ~ when  fails. Let be the case
memoryof  after interactionswith . Then
Recall:
Precision: is indeterminate

In the above theorem, denotesthe casememory of
the mediator (e.g. seeFigure2). denotegheinforma-
tion needof a givenconsumeri.e., it is the schemao which

mustcorverge. Sucha theoremstateghatwhenthe
mediator sendsarewriting thatis partof therecalland
the precisiongrow, otherwisethe recall doesnot changeand
the precisiondecreasesThis meanghatis crucialthe choice
of whatandhow mary mediatorso cooperatavith. Another
possibledisadwantageof suchastrategy is thatasymptotically
all the mediatorsmay have the samecasememory i.e. this
stratgy produces certainredundang. This resultis a con-
sequencef thefollowing theorem.



Theorem5.2 Let
actswith when fails. Let

after interactionswith . Let
of  sud thatit doesnot changewhile
Then

inter-

bethe casememoryof

bethecasememory
interactswith

betwo mediatorssud that

The above theoremstatesthat the casememoryof  con-
vergesto the casememoryof  when  cooperatewith

. This seemdo suggesthatwhenthe mediatorcooperates
with othermediatorst would directly askdatainsteadof the
rewritten query This would allow ary mediatorto maintain
its expertiseandavoid redundany.

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

Theorem5.3 Let be
bea view of

informationsouices. Let
is representedsa casememory

that doesnot change Let  be a mediatorsud that
interacts with whenit fails. Let be the
casememoryf after interactionswith . Then
Recall:
Precision:

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

notedby ). Indeed,underthe hypothesighatno namehet-

erogeneityoccurs(see Section3), it is impossiblethat the

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

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

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

and
For example, when

The mediator decomposes the query
sends each component to

receves , it looks
for maximally contained concepts and obtains
- . When

the mediatorrecevesthe answeyretainsasnew case:

Queries. Cooperatiorstratgiescanalsobeclassi edaccord-
ing to queries.Indeed cansendthe queryasreceved by

the consumer(this is a stratgy that takesinto accountthe
new users need). It can sendthe retrieved query (if ary),

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

Theorem 5.4 Let be the original query Let
be oneof the pastqueriesretrievedby . Let
be oneof thereformulationsof  usedby as
rewriting of . Let bethemediatoror sourcethatcooper
ateswith . Let bethe queryrewritten by if
receives asinputquery Then

As aconsequencéhesolutionreturnedoy  is moredistant
from than when doesnotsendtheoriginal query

Cooperatiorstratgiescanalsobe classi ed dependingn
thefactthatthequerycanbesentasit is or bedecomposeth
basiccomponentsThis secondstrat@y is applicablesinceit
is straightforwardto prove that the following theoremholds
whenwe useC-CLASSIC:

Theorem 5.5 Let be queries. Let
betheusers query Let bethe mediator
or sourcethatcoopenteswith . Let bethequery

rewrittenby if receives asinputquery Then

The theoremabove statesthat  doesnot needto decom-
posea query beforeits sending,sincethe query is directly
decomposetly partnersThis suggestshatdecompositioris
corvenient(ef cient) onlyif  failedto reformulate evalu-
atejust somecomponent®f thequery
Answers. Finally, cooperatiorstratgiescanbeclassi edac-
cordingto answers.  canaskfor rewriting the query Its
goalis to updateits casememorywith a rewritten query ob-
tainedfromits collaborators. canalsoaskfor datathatan-
swerthequery In suchasituation,it storesin thecasemem-
ory theaddressesf themediators/sourcebatansweredWe
cananalysesuchstratgies dependingon partners. Table 1
reportsthe resultsof cooperatiorwith only one agent. We
assumehatsuchanagent(sayasource or amediator )
doesnot changewhile the stratgy is in progress.We also
supposdhat has in its casememory For
eachstratgy, Table1 reportsthe new casethat  storesin
its casememory the setof instanceselatedto thereformula-
tion, thenumberof message® obtaininstance®f (when
receves the rst time andthe next time), andthe re-
sultsaboutredundang (seeTheorem5.2). Whenwe con-
sidercooperationwith mediators,t seemamnoreefcient to
askfor arewriting, since  interactswith  only the rst
time,thenext time  directlyinteractswith . Ontheother
hand,the stratgy of requiringdatadoesnot produceredun-
dang, evenif it is lessefcient. Notice that, for what con-
cernssuchevaluationparametershe stratgy of cooperating



Partner Answer New Case Data No. of messages. Redundang
Ist.time Nexttime
Source( ) Rewriting 4 2 No
“ Data 2 2 No
Mediator( ) Rewriting 4 2 Yes
“ Data 4 4 No

Tablel: A comparisorof differentcooperatiorstratayies.

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

6 Conclusions

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

We are interested in automating the acquisition of adaptation
knowledge for case-based design, in particular for conbgu-
ration or formulation tasks, where the bnal 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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a) single retrieval b) simultaneous multiple retrieval ¢) sequential retrieval

Figure 1: Solving a decomposable conbguration problem.

usually determined by bnding the correct ‘Obller,sc') for com- There are simple adaptation methods suitable for adjust-
ponents, as well as deciding the values of ObllerO parameténg) a single numeric solution. These methods make use of

Examples of this type of task are: tablet formulati@rawet
al., 1999, formulation of rubber compounds for tiréBan-
dini and Manzoni, 2000 and PC conbguratiofStahl and

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

Bergmann, 2000 method is weighted voting. Another example of simple adap-

In general, bnding a solution for a design problem is mad ation i.s the difference heuri_stic of McSheri'}z998. This
more tractable if the task can be decomposed. Figure 1 comeuristic compensates for differences in feature values be-
trasts a) a single step retrieval with two multi-step retrievaldWeen the problem and the best matching case by searching
where, either b) multiple retrievals are merged, or c) the solu®" casehpalrs with the same ?ﬁrf]grencehm dc_orrﬁspondmg fea-
tion retrieved in one cycle informs the retrieval in the next cy-tUrés: The major restriction of this method is the assumption

cle. Decomposition has special advantages for CBR desigr%hat the estimated value is approximated well by an additive

because it allows the use of multiple cases. This results in befUnction. This severely limits its application area.

ter problem space coverage, and is important for the sparse Wilke et al. [1997 present a framework for learning adap-
case-bases typical of CBR design systems. This is demof@tion knowledge usingnowledge-lighapproaches. Simple
strated in the CBR systemse«/u [Smyth and Cunning- algorithms, like optimisation or inductive learning, can make

ham, 1992 and EADOCS[Netten and Vingerhoeds, 1996 US€ of the knowledge c_:ontained in thg qase-base, _the similar-
Conbguration and formulation tasks are in particular suitabld®y measure, and possibly already existing adaptation knowl-

for solving by decomposition; e.g., ouB@TFS uses decom- ©dge, to learn or improve adaptation knowledge. Wekal.

position for tablet formulatiofiCrawet al, 1999. CsrTEs ~ Suggest that one can consider optimisation of thgaram-
makes use of the fact that the interaction between solutioﬁter in weighted voting as an example of learning adaptation
components is not strong, and that there is a difference ikNowledge; we view this as learning retrieval knowle {flé-

the degree to which the choice of the different component&ulaket al, 200d. Such knowledge-light methods can not

is subject to constraints. Thus it performs a sequential re@nly be used for estimation or other simple CBR tasks, but
trieval/adaptation (Figure 1c), proceeding from the most con@n @lso be usefully applied for design tasks, especially if the
strained to the least constrained components. Using the sol@€Sign can be decomposed into subtasks, as is often the case
tions to Oearlier® subproblems, when searching for solutiohdth conPguration or formulation.

to OlaterO subproblems, achieves good results, while keepin?_BeCause we are interested in methods of learning adap-
the complexity manageable. tation knowledge that are suitable for implementation in

. . . . general-purpose CBR tools, simpler, knowledge-light meth-
_ The d|fbcglty of acquiring adaptation knowledge was 'de”'ods, like those described by Hanney and Keane and \iilke
tibed early in CBR researctKolodner, 1991 However, | seem more suitable, as opposed to the more powerful, but
overall, little research has been done on automating acqulisg more complex, methods used in DIAL. In the following,

sition or learning adaptation knowledge. Hanney and Keange ;se several knowledge-light approaches to acquire adap-
[1997 have implemented a CBR system that estimates PrORation knowledge for a formulation task.

erty values, and learns adaptation rules from cases stored In
its case-base. DIA[Leakeet al,, 1994 also learns adapta- .

tion knowledge, in this case for a CBR planning system. It3 Adaptation

stores previous successful adaptation strategies that combiAeaptation methods in CBR are typically classibed in the fol-
domain independent abstract adaptation rules with seardowing 3 categories: substitutional adaptation substitutes or
procedures for domain specibc information. modibes a parameter in the solution; transformational adap-
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Figure 2: Constructing an adaptation case.

tation involves structural changes to the solution; and gen-

erative adaptation redoes the reasoning process that led tq__problem known

solution[Smyth and Cunningham, 19P3n this paper we are solution

interested irsubstitutionabdaptation, which lends itself best \ v

for automatic knowledge acquisition. The other two methods, E@\;SC"“ problem problem | soln
often used in design tasks, present more difbculties as far as 1 diff| difference

knowledge acquisition is concerned. However, a decompo —
able design task allows the adaptation to be decomposed iniﬁtlﬁefni'
simpler adaptation subtasks, often suitable for substitutional

types of adaptation. Similar oroblerml 1
. . \ _/
3.1 Learning Adaptation Knowledge \ N

The adaptation learning methods we present extract adapta- proposed Adaptation case
tion knowledge from the case data. We propose methods suit- ol
able for predicting values for nominal as well as numeric fea- . i i
tures; we call these targets. Both are needed in conbguration ~ Figure 3: Adaptation cases for numeric targets.
or formulation tasks where often the nominal-valued types of

components are determined brst, and then their numeric pa-

rameters are estimated. adaptation case must contain data describing the problem fea-
) ) tures of the probe and the solution proposed by the retrieved
Constructing Adaptation Cases case. Because we are dealing with a design task, it may also

One method we use to extract knowledge that is then usede possible to include two other types of data in the adapta-
for adaptation, performs leave-one-out retrieval experimentgion case. One type of information is an estimaget() of
and constructs Oadaptation casesO. Figure 2 illustrates hipiportant properties of the bPnal design that make use of the
each of the cases is used as a probe case. After retrieving theoposed solution. We estimate these properties usiry C
most-similar case(s) from the reduced case-base, the proleCBR system with the same case-data but with a different tar-
and similar cases are analysed to construct an adaptation caget and a more instantiated probe. The bnal type of informa-
that will be used to adapt th@roposed solutiofrom the sim-  tion that can be included in the adaptation case is simpler to
ilar case into the corregnown solutiorfor the probe case.  obtain. Given the predicted solution we determine feature(s)
The way that adaptation cases for numeric targets are cotfirom the problem descriptiomégl ) which are related to that
structed is illustrated in Figure 3. We store differences beparticular solution. An example from the tablet formulation
tween the problem features of the probe and retrieved casesomain would be chemical stability of a drug (part of problem
and the difference between their solutions. This is sufbciendlescription) with the chosen component (proposed solution).
if we expect a uniform dependency between the solution dif- )
ference and the problem differences over the whole problerfronstructing Preference-Probles
space. If, however, the dependency differs in various partin the method of constructing adaptation cases shown in Fig-
of the problem space, then it is advisable to include also there 4, we estimated values of some design propengiss
problem features of the probe and the proposed solution frorand found some featurese( ) related to the proposed so-
the retrieved case, as shown in Figure 3. lution. When placed in the adaptation case they are used to
For nominal targets our adaptation cases are used to predidetermine the correctness of the solution. But we can also
whether the solution to a probe case proposed by a retrievagse these values without constructing adaptation cases. We
case is a good solution. The construction of an adaptatioassume that the values e$t & rel actually occurring in
case for nominal targets is illustrated in Figure 4. Firstly, thecases correspond to an acceptable range of values for designs,



Find features retrieved case(s) we uses€ , a CBR system with adapta-
l M relatedto 4 tion cases like Figure 3, to predict adjustments to the pro-
[ problem [, ] proposed solution posed solutions. We can use just a single suggested cor-

rection, or updates from the nearest neighbours or several
CBR systems and combine the adjustments.

knov_vn OK| problem | rel |est|sol‘
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.
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proposed properties of final similar problem ; t'A i Correct
i design with system estimating proposed
solution 9 . ' correction of the salutien
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Figure 4: Adaptation cases for nominal targets. Figure 6: Problem differences to adapt numeric solutions.

and construct Opreference problesO for these features Whigbminal Targets

reBect the distribution oést & rel in the case data. Fig- Figure 7 shows how we can use information about the esti-
ure 5 shows an example of a proble for the estimated feasaieq correctness/quality of the solution in adaptation. The

ture tYP: a Ofrequency distributionO of the values of tYP i@vorking cycle of the presented system is as follows: (1) given

the case-data. Such probles can be also interpreted as memp e, problem we retrieve cases from the case-base, these
bership functions for a fuzzy concept OpreferenceO. Probl

' N OP&&ses give us suggested solutions; (2) we estimate the correct-
once constructed, are then used to estimate the OqualityO,@ v g9 (2)

p_roI_TIe'in Fighure 5, fuppose wo n.eare”st neigf;br?urs, ‘,’;rho%‘e store this solution with its correctness estimate, and (5) re-
similarity to the problem case are virtually equal, have differ-,e ¢ retrieval, but this time ignoring all cases with the solution
ent solutions, one resulting in an estimated tYP of 130, an@

) alues which have already been tried out; (6) if all possible
the other with equal to 530. We would choose the Prst solugqytions have been tried without Pnding a really good one
tion with the higher preference tYP.

we will return the one that had the highest estimated correct-
ness, giving preference to the solutions that were retrieved
Prst (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 P this
order is determined by case similarity as dePned by retrieval.
In this Oiterative-adaptationO method the quality of a so-
lution can be estimated using preference probleRd#Hn
Figure 7. To use the probPles, brst, we have to obtain values of
150 1w 230 280 330 30 430 40 50 €St &rel aswe did to construct nominal adaptation cases
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tYP in Figure 4. If several probles are used then their values can
be combined using a weighted sum. If we consider Oprefer-
Figure 5: Preference proble. ence problesO as fuzzy membership functions then their val-

ues can be combined using a fuzzyBoperator, e.g., a min-
imum or a product.
3.2 Applying Adaptation Knowledge Figure 7 also shows solqtlpn correctness being gsumated
] . using a BR system containing adaptation cases like those
Now we describe how adaptation cases or preference problgs Figure 4, instead of P#OF. In this method, we use a com-
are used in adaptation. Adaptation cases are applied in a CBnation of the case similarity and the accuracy of the leaves

system to determine the adaptation actions. Another possibibf the case-base index to give us a numeric estimate of the
ity would be to induce decision trees to decide the correctnessorrectness of the solution.

of a nominal solution or to suggest an approximate adjust-
ment for a numeric solution. We could also use other methy Experiments and Results

ods, e.g., induce adaptation rulétanney and Keane, 19p7 , . .
We have tested these adaptation methods on a simple design

Numeric Targets task D tablet formulatiofCraw et al, 1999. The design
Adapting values of numeric targets, is conceptually simplepf a new tablet involves identifying inert substances called
Figure 6. Given the differences between the problem and thexcipientsto balance the properties of the drug so that the
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Figure 7: Adaptation of nominal values by iterative OsearchO for solution.

tablet is manufactured in a robust form, and the desired dose CBR /  retrieval  adaptation optimised —adaptation
of drug is delivered and absorbed by the patient. Excipients (PPROF) only (%)  gain (%) only (%)  gain (%)
play the role of Pllers, binders, lubricants, disintegrants and  bller 68.7 N (N) 80.8 N (N)
surfactants in the tablet. Furthermore, a formulation specibes binder 30.1 5.4 (11.1) 39.2 4.9 (9.9)
the quantity of each of the added excipients. The difbculty disinteg. 935 1.9 (2.4) 96.7 0.7 (N)

of the formulation task arises from the need to select a set ¢, 85.8 9.8 99.9 0.1
of excipients compatible with the drug, whilst at the same i qer 95.9 N 99.4 N
time satisfying a variety of soft and hard constraints. Cur- |,pricant 88.0 0.8 97.4 0.6

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 Pnd a sequence in which the components will
be determined, from the most constrained, Pller, to the least Table 1: Percentage Accuracy and Adaptation Gain
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 cdh€ latter task, we notice that the R& method gives much
taining 156 formulations. Table 1 shows the results for allbetter results than&R . Preference proPles capture the no-
tablet formulation components, except those where retrievdion of optimality directly, representing the distribution of
with no adaptatioralready achieves 100% accuracy. Entriesfeature values for a given predictiong€ relies on more
of the form OPO indicate there was no gain from adaptatidacal feedback. Moreover, preference probles are less sus-
The table shows the accuracy as measured by the percentagﬁptime t.O _data over-btting since their knowledge is based on
of acceptable solutions for default CBR retrieval and our aularger training sets.
tomatically optimised retrievdlarmulaket al, 2004. It also Because no gains were achieved for the bller excipient
shows the gains from using adaptation caseBR(Q. For  task, we analysed this task more closely by looking at the
nominal targets, the gains from preference proble adaptationdex trees of the B8R system, see Figure. 8. Our expert
(PPrROF) are shown in brackets. The accuracies and gainsonbPrmed that parts of the index reRected correct domain
are averaged over repeated cross-validation experiments thatowledge. Allest. tSRS$odes correctly capture the pref-
separate the available data into case-data and test problemsrence for tablets with low SRS. However, other nodes were

We can see that for several tablet formulation subtaskscorrect, mainly due to the lack of sufbcient training exam-
learned adaptation did indeed bring improvements. We werples (adaptation cases). For example, the second level nodes
especially interested in improving the results for the threaunder CCA and MAN are obviously incorrect, and the nodes
tasks for which optimised retrieval with no adaptation hadlabelled bller related represent the opposite of the domain
accuracies below 90%. Therefore, we are pleased with thknowledge. It is encouraging that the knowledge contained
improvements in the tabletSRS and binder prediction. Foin the case-base index was so easy to interpret. It is also easy

tYPPller 79.7 11 96.2 0.3
tSRS 70.3 N 76.4 3.8



to make corrections to the index. This suggests that learrpresenting the learned adaptation knowledge to an expert, in
ing adaptation knowledge should be followed by a revieworder to obtain, and then process, expert feedback with the
and rebpnement of that knowledge by a domain expert. Thigoal of further improving the CBR adaptation stage.

would still require considerably less effort than acquiring all
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