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Abstract— Adaptive clustering usesexternal feedback to im-
prove cluster quality; past experienceserves to speedup execu-
tion time. An adaptive clustering envir onment is proposedthat
uses Q-learning to learn the reward values of successive data
clusterings.Adaptive clustering supports the reuseof clusterings
by memorizing what worked well in the past. It hasthe capability
of exploring multiple paths in parallel when searching for
good clusters. In a casestudy, we apply adaptive clustering to
instance-basedlearning relying on a distance function modi�ca-
tion approach. A distance function adaptation schemethat uses
external feedbackis proposedand compared with other distance
function learning approaches.Experimental results indicate that
the use of adaptive clustering leads to signi�cant impr ovements
of instance-basedlearning techniques,suchask-nearestneighbor
classi�ers. Mor eover, as a by-product a new instance-based
learning techniqueis intr oducedthat classi�es examplesby solely
using cluster representatives; this technique shows high promise
in our experimental evaluation.

I . INTRODUCTION

A clusteringalgorithm �nds groupsof objectsin a prede-
�ned attribute space.Sincethe objectshave no known group
membership,clusteringis an unsupervisedlearning process.
A clustering algorithm optimizes some explicit or implicit
criterion inherent to the data. The squaredsummederror,
for example,is a criterion whoseoptimizationis the primary
concern of the k-meansclustering algorithm [1]. A large
amountof work, as will be discussedin Section II, details
the limitations of thesealgorithms;the main criticism is that
thesecriteria areexcessively simplistic anddo not accurately
capturetheuser's understandingof the truenatureof thedata.

This paper introducesa novel data mining techniquewe
term adaptive clustering.The central idea is to usefeedback
andpastexperienceto guidethesearchtowardbetterclusters.
An adaptive clusteringenvironmentis proposedthat modi�es
the weights of a distancefunction basedon environmental
feedbackandemploys Q-learning[2] to learnthe reward val-
uesof successivedataclusterings.In particularour approachis
embeddedinto a traditionalreinforcementlearningframework,
in which statesconsistof a setof clusterrepresentativesanda
setof distancefunction weightsandactionsaremodi�cations
of distancefunction weights.

Sincetheapplicationof a reinforcementlearning(RL) algo-
rithm to clusteringis unusual,we discussour reasonsfor this
fusion of ideas.The goal of weight-baseddistancefunction
learningis to �nd theweightsthat inducea clusteringthatbest

meetsexternally de�ned objectives. Since this is clearly an
optimization problem, researchershave applied optimization
algorithmslike hill-climbing to this task[3]. The objective of
adaptive clustering,however, extendstheobjective of distance
function learningto supportrelearning.In most optimization
tasks,the searchalgorithm terminateswhen the bestweights
are found. An adaptive clusteringenvironment,however, is a
continuouslyrunningprocessthat solvesdifferentbut similar
clustering tasks in an environment with dynamic data and
potentially interactive evaluations.

An adaptive clusteringalgorithmshouldrelearnin response
to changesin evaluationor data,concentrateon actionsthat
have high expectedvalue,andassignincomingreward to the
statesand actions that led to the reward. Algorithms with
thesepropertiesare the goal of reinforcementlearning (RL)
research[4], [5], [2]. Reinforcementlearningalgorithmsare
often applied in environmentsin which statetransitionsand
external rewards are subject to change.[6]. Moreover, RL
algorithms assumethat an agent can control which actions
to apply in a particular statebut cannotcontrol which state
it visits and reward it receives as the result of applying a
particularaction.Agentsreceive rewardswhen traversingthe
state space,and RL algorithms, such as Q-learning, learn
which actionsleadto the bestlong-termexpectedreward [2].

In summary, this papercenterson adaptive clustering.Our
proposedadaptive clusteringframework modi�es the distance
function basedon external feedbackwith the goal to obtain
betterclusters.A novel distancefunctionmodi�cation scheme
is proposedfor this purposeand is comparedwith other dis-
tancefunction learningapproaches.Moreover, giventhesimi-
larities betweenthe goal of adaptive clusteringandreinforce-
mentlearning,we investigatetheapplicationandmodi�cation
of techniquesthat originate in reinforcementlearning to the
taskof adaptive clustering.The paperis organizedasfollows.
SectionII discussesrelatedwork. SectionIII introducesthe
idea of adaptive clustering in more detail, and introduces
an environment for adaptive clusteringthat implementsthis
idea.SectionIV introducesa framework that appliesadaptive
clusteringto instance-basedlearningand SectionV provides
anexperimentalevaluationof theproposedframework.Section
VI concludesthe paper.
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I I . RELATED WORK

A. Clustering

1) UnsupervisedClustering: A traditional unsupervised
clustering algorithm maximizesa known criterion function,
suchasthesquaredsummederror. Givena setof n objectsO
the algorithm seeksfor a set of k clustersX = f c1; : : : ; ck g
eachwith a clusterrepresentative �r i thatminimize the follow-
ing error function:

E(X ) =
kX

i =1

X

o2 ci

(o � �r i )2

The k-meansalgorithm[1] usescentroidsasclusterrepre-
sentatives,whereasthe k-medioidsalgorithm[7] usesobjects
that belongto O asrepresentatives.

Thek-meansandotherpartitioningalgorithmstypically use
Euclideanor Manhattandistancemetrics.Many extensionsto
theseandotherpartitioningalgorithmsattemptto employ more
sophisticateddistancemetrics.Another group of approaches
attemptsto learnthe distancemetrics.The approachexplored
in this paper learns attribute weights with respect to the
following objectdistancefunction:

d(oi ; oj ) =
dX

l =1

wl joi l � oj l j

where oi and oj are d-dimensional objects and w =
(w1; :::; wd) is a weight vector whosecomponentsare non-
negative and

P d
l=1 wl = 1. The formula de�nes the distance

betweentwo objects as a weighted sum of the differences
betweentwo objectswith respectto their attributes;whenall
the weights are equal the distanceis exactly the Manhattan
distance.

2) SupervisedClustering: Supervisedclusteringis applied
to classi�edexamplesusingcriterionfunctionsthatemphasize
classpurity. Most approachesseekclustersthat arepure(i.e.,
all or at least most examples in a cluster belong to the
sameclass).Onegroupof approachesadaptdistancefunctions
with the goal of obtainingpurerclusters.The LVQ algorithm
modi�es a distancefunction basedon the performanceof the
classi�er [8]. Sincea supportvectormachine�nds separating
hyperplanesin a larger featurespace,the hyperplanefunction
canbe transformedinto a distancefunction [9], [10]. Another
groupof approachesdirectly integratesupervisedlearningwith
a traditionally unsupervisedclusteringalgorithmusing�tness
functions that are basedon the classpurity within a cluster
[11].

3) Semi-SupervisedClustering: Semi-supervisedclustering
algorithmsadaptthe clusteringbasedon backgroundknowl-
edgethatusuallyconsistsof a smallsetof classi�edexamples.
Most work in this arearelies on the preferencesof a userto
inform the algorithm whetheror not the clusteringis useful.
One applicationusessemi-supervisedclusteringfor content-
basedimageretrieval, requestinga userto tell if two images
shouldor shouldnot belongto the samecluster. Basedon a
seriesof evaluationexamples,thealgorithmadaptstheclusters
to satisfy the constraintsthat were imposedby the user[12].

Other work learnsa distancemetric basedon pairs of well-
separatedexamples.Each pair of exampleshas a distance
label that indicatesthat theseexamplesshould be far apart
or closetogether. With this information,the distancefunction
is adaptedso that the shapeof the clusterssatis�es these
constraints[13].

B. ReinforcementLearning

Reinforcementlearning (RL) lies between unsupervised
and supervisedlearning becauseit expects feedbackfor its
solutionsrather than the correct answer[4]. RL algorithms
typically assumethe existence of a state space,a set of
actions,andfeedback.Thestatespaceis thesetof all possible
situations. The environment presentsthe true state to the
learner which executesone of a the set of actions in the
environment.The environmentor a critic provides feedback
which is typically in the form of a scalarfeedbacksignal to
indicatewhetheror not the actionsweregood.RL algorithms
areoften usedfor control of simpleprocesses.

Oneof the mostpopularreinforcementlearningalgorithms
is the Q-learningalgorithm [2]. This algorithm maintainsa
table for each state-actionpair that contains the learner's
perceptionof the valueof thepair. The valueis essentiallyan
exponentialaverageof rewardsthat the learnerhasreceived.
By learning the rewards of (state,action) pairs, the learner
takes action basedon an estimateof the long-termreward it
expectsto receive given its current knowledge.Maintaining
this table presentsa practicaldif�culty when the statespace
is large.Theamountof memorythatthelearnermustmaintain
grows with the numberof statess and actionsa; the space
complexity is O(sa) for Q-learning.Theseproblemsgreatly
impede the use of this simple RL algorithm in large state
spaces.

SinceRL algorithmslike Q-learningareexpensiveto imple-
ment in large statespaces,a morecomplicatedRL algorithm
calledprioritized sweepinghasbeenproposed[5]. This algo-
rithm presumesthat in a largestatespace,maintaininga value
estimatefor individual statesmakes learning unnecessarily
slow. Its solutionis to only applyQ-learningto selectedstates
during eachinteractionwith the environment.The statesare
updatedbasedon a priority relatedto their value and recent
frequency of activation.

I I I . ADAPTIVE CLUSTERING

In brief, adaptive clusteringusesthe prioritized-sweeping
variant of the Q-learningalgorithm to guide the searchfor
better clusters based on expected external feedback.This
sectiondetailsour approach.

A. ClusteringEnvironmentModel

To apply an algorithm intendedfor reinforcementlearn-
ing environments,we must transformthe adaptive clustering
environmentinto a reinforcementlearningenvironment.One
can make clusteringa reinforcementlearning problem with
states,actions,and rewards in a possibly non-deterministic
environmentasillustratedin Figure1. In theenvironment,the
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Fig. 1. The adaptive clusteringenvironment.

clusteringalgorithmusesits currentdistancefunction to form
a clusteringon thedata,andthecentroidsof theresultingclus-
teringarestateinformationto an RL algorithm.The objective
function evaluatesthe clusteringand returnsa reward. Given
its current stateand reward, the algorithm selectsa weight-
changing action to apply to the distancefunction. It then
performsa few iterationsof theclusteringalgorithmusingthe
new distancefunction.This processrepeatsfor a �x ednumber
of iterations.In general,the objective function mustcombine
the in�uence of multiple objectivesinto a singlescalarvalue.
Thecurrentimplementationusesinformationgainasdescribed
in SectionIV-A.

The statespaceconsistsof pairs of cluster representatives
and distancefunction weights.Clusteringalgorithmsusually
operatein real-valueddomains,but the Q-learningalgorithm
we employ requires discretestates.The discretizationstep
divides the rangeof a variable into discreteintervals. Since
adaptive clusteringutilizes an existing partition-basedcluster-
ing algorithm that relies on normalizeddata in the interval
[0; 1], the preprocessingstepcaneffectively assumethat each
of the coordinateslie between0 and 1. Given k cluster
representatives eachof which is a point in a d-dimensional
spacewith m attributevalues,thenumberof statesis md(k+1) ;
the additional 1 is for the weight vector of the distance
function. The length of the state vector s is d(k + 1) and
hasthe following form:

s = (�r1; : : : ; �r k ; w)

= ( �r11 ; : : : ; �r1d ; : : : ; �r k1 ; : : : ; �r kd ; w1; : : : ; wd)

wherer i;j is the j th coordinatevalueof the i th centroidand
the optional weights. This large state spacepresentssome
practicaldif�culties that we addressin SectionIII-C.

Given a state,the learnercan take one of several actions.
The action either increasesor decreasesa single attribute's
weight.Given the old weight vectorw of lengthd, the action
usesthe following formula to generatethe new weight vector
w 0:

ŵi =
�

wi � � wi i = i ?

wi i 6= i ?

w0
i =

ŵi
P d

l=1 ŵi

where i ? is the index of the attribute whoseweight will be
changed,the constant� 2 [:25; :5] is a randomly chosen
percentchangeof the target weight, and the last equation
is the renormalizationof the weights.Given d attributes,the
learnerchoosesoneof 2d actionsthat increasesor decreases
the weight of an attribute by addingor subtracting� wi .

B. Search Strategy

In a traditional reinforcementlearningenvironment,agents
areonly allowedto performactionsin thecurrentstate;thus,it
is not possiblefor an agentto jump from onestateto another
statethat hasbeenvisited in the past.In adaptive clustering,
however, it is possible to searchmultiple paths in parallel
and to supportmore sophisticatedforms of exploration that
performactionson previously visited states.

In our currentimplementation,the searchprocessusesthe
Q-learning algorithm to estimate the value of applying a
particularweightchangeactionto aparticularstate.Thesearch
algorithmmaintainsanopenlist L = f S1; : : : ; Sj L j g of search
stateseachof which consistsof:

Si = f s; a; vg

where s is the statevector from the environment, a is the
actionto execute,andv is theQ-valueof thestate-actionpair
accordingto value iteration.The algorithmreadsthe Q-value
of eachstate-actionpair in the searchstateandkeepsthe top
jL j most valuablestatesfor execution.This searchalgorithm
is an exampleof a local beamsearchin which the algorithm
expandsstatesbasedon their valuesratherthanrewards[14].

As an example, Figure 2 further illustrates the search
strategy. The �gure assumesthat theopenlist is of size2. We
assumethat the open-listcurrently containsstatesS1 and S2

correspondingto statevectorss1 and s2, respectively. There
is only one attribute in the example, so there are only two
actions–increaseor decreasethe oneweight. In searchstep1,
the algorithmcreatesa new openlist that containsall single-
action successorsof the searchstatesin its currentopenlist.
The bottom-row statescontainthe currentstateandtheaction
to executein that state.The algorithm looks up the Q-value
of eachof the 2d bottom-row statesandthenkeepsthe states
having the largestvalue (shown in bold). The reinforcement
learning agentwill apply the selectedaction in eachof the
two statesthat remainin the openinglist. The systemreturns
a rewardvaluefor eachtransitionandtheprioritizedsweeping
algorithmperformsvalueiterationonall statesin thenew open
list at the end of the searchstep.The searchcontinuesuntil
a �x ed-numberof stepshave elapsed,and it retainsthe state
with the highestreward valueas the currentbestsolution.

C. Complexity Concerns

From the previous discussion,it is obvious that the state
spaceis very large.However, this doesnot presentsigni�cant
dif�culty for theadaptive clusteringalgorithm.Thereasonfor
this is that the statedoesnot changemuch.A changein the
weightswill only changetheclusteringwhenit causesoneor
moreobjectsto beassignedto differentclusters.Theclustering
only changesthe cluster representatives–tothe precisionof
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S1;1 = f s1; a1; v1;1g

S1

S1;2 = f s1; a2; v1;2g S2;1 = f s2; a1; v2;1g S2;2 = f s2; a2; v2;2g

S2Step 1

Step 2

Parameters: jL j = 2, d = 1
Assume: v1;2 � v2;1 > v1;1 � v2;2

Fig. 2. The adaptive clusteringsearchstrategy.

the discretization–whenthe new objects causea signi�cant
shift in thedistribution of theobjectsin thecluster. Theresult
of theseinfrequentchangesis that only a very small portion
of the statespaceis actually reachable.Adaptive clustering
emphasizesexploiting statesthathave beenvisitedbeforeand
received high rewardsratherthangeneratingnovel states.

Despitethe small portion of the statespacethat the algo-
rithm explores,its sizeis still exponentialin thedimensionality
and number of values in the discretizationof an attribute.
As noted in Section II-B, the table lookup method of the
original Q-learning algorithm does not scale well in space
or time for theselarge state spaces.Therefore,we use the
prioritized sweepingalgorithmthat employs a priority update
heuristicto givepreferenceto updatingtheutility of frequently
visited pathsthat have a high surprisevalue [5]. A pathwith
a high surprisevalue is a path that leadsto a statefor which
the actualreward is signi�cantly different from the estimated
reward. By employing this heuristic, the algorithm doesnot
wastetime updatingthe utilities of state-actionpairs whose
predicted reward matchesthe actual reward or that rarely
occur. In theextremelylargestatespaceof adaptiveclustering,
this heuristic complementsour searchstrategy that explores
several promisingpathsin parallel.

IV. EXPERIMENTAL EVALUATION

The experimentsinvestigateif adaptive clusteringcan �nd
better clusteringswith respectto an externally de�ned ob-
jective function. Our experimentalevaluationusesa popular
objective functionknown asinformationgain.With this objec-
tive function,theclusteringsanddistancefunctionweightsthat
adaptive clusteringlearnscan enhanceexisting classi�cation
algorithms.The comparisonof the accuracy of the enhanced
classi�ers with the original classi�ers will demonstratethe
bene�t of adaptiveclustering.As aby-product,a new instance-
basedclassi�er will be introducedthat, as our experimental
resultswill show, is generallyusefulfor instance-basedlearn-
ing.

A. ObjectiveFunction

The experimentsusek-meansas the underlyingclustering
algorithmwhich usescentroidsas clusterrepresentativesand

createsclustersby assigningobjectsin a datasetto thenearest
centroid[1]. Theobjective functionR determinestheworth of
a particularclusteringas the percentinformation gain of the
objectsin the clusterswith respectto the original unclustered
dataaccordingto the following formula [14]:

R(X ) = R(f c1; : : : ; ck g)

=
H (CL; O) �

P k
i =1

jci j
jO j H (CL; ci )

H (CL; O)

where O =
k[

i =1

ci andci \ cj 6= i = ;

H (CL; V ) = �
X

cl 2 C L

p(cl; V ) log2 p(cl; V )

where

p(cl; V ) =
jf ojo 2 V ^ o is of classcl 2 CLgj

jf ojo 2 V gj

where O is the original dataset,X is a clusteringon O, ci

is one of the k mutually exclusive and exhaustive subsetsof
O that result from the clusteringalgorithm,andH (CL; V ) is
theentropy with respectto thedistribution of classescl 2 CL
in V . H (CL; V) is computedby iteratingover the individual
classesin thedataset.In summary, informationgaincomputes
the weightedaverageof the entropy with respectto the class
distribution in eachcluster.

Let us assumethat we have 2 distancefunctionsdinit and
dbetter for the datasetillustrated in Figure 3 that consistsof
13 examplesof which 5 belong to the classidenti�ed by a
squareand 8 belong to the class identi�ed by a circle. We
apply the k-meansclusteringalgorithm with k = 3 to the
datasetand obtain the 2 depictedclusterings.Obviously, the
information gain for the secondclusteringthat useddistance
function dbetter is muchhigher than the informationgain for
the �rst clustering,becauseall clustersonly containexamples
of a singleclass.Most importantly, usinga distancefunction
with high informationgain function in conjunctionwith a k-
nearestneighborclassi�er allows us to obtaina classi�er with
high predictive accuracy. For example,if we usea 3-nearest
neighborclassi�er with distancefunction dbetter it will have
100%accuracy with respectto leave-one-outcross-validation,
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(a) dinit (b) dbetter

Fig. 3. Clusteringsfor two differentdistancefunctions.

whereasseveral examplesaremisclassi�edif dinit is used.

B. Procedure

The experimentsin this sectiontest the adaptive clustering
algorithm with several different parametersettings.The �rst
parameterk, is the numbersof clusters generatedby the
clusteringalgorithmandis a multipleof thenumberof classes,
C. The secondparameteris the size of the open list jL j. If
the size is set to 1, the searchmodel reducesto a traditional
reinforcementlearningalgorithm,in which actionsareapplied
to the currentstate.

In each of the state encodings,the statesshould not be
usedin their continuousform. Many of the datasetsfor the
experimentincludenumericattributeswhoseclustercentroids
maycontainmany signi�cant digits.TheQ-learningalgorithm
that we use assumesthat the statesare discreteand distinct
from eachother. To accommodatethealgorithm,eachattribute
valueandeachweight �rst passthrougha discretization�lter
that usesthe following formula to �lter an attribute value v
into v0:

v0 = b100vc

The constant100 is not completelyarbitrary since the data
hasalreadybeennormalizedso that eachattributeandweight
lies in the interval [0; 1]; thus,v0 shouldcapturethe �rst two
or threesigni�cant digits of eachattributemakingthenumber
of valuesper attribute m = 100.

After the processof building the model on the training
data, testing it is relatively simple. The experiment learns
the attribute weights and then uses them with one of two
instance-basedclassi�ers: 1-NN [14] and NCC. The 1-NN
classi�er is the one nearest-neighborclassi�er. The Nearest
Centroid Classi�er (NCC) clustersthe training data, retains
the cluster centroids,and assignsto the centroid the most
common class in the cluster. At each incoming point, the
NCC �nds the nearestcentroid and assignsits class to the
point. This algorithmseemssimplistic but hasbeenshown to
be useful for certaindatasets[3]. The experimentalprocedure
is to apply adaptive clustering to several datasetsfrom the

Key Clustersk OpenList Size jL j
1,1 C 1
1,30 C 30
1,60 C 60
5,60 5C 60

TABLE I

LEGEND FOR INTERPRETING THE RESULTS.

UCI machinelearningrepository[15]. Each test of adaptive
clusteringperforms10 runsof cross-validationon eachof the
datasets.Eachrun of cross-validationconsistsof 20 iterations
each of which is run for a randomly createdinitial set of
clusters.The weight vectorwith the highestreward is is sent
asa parameterto the1-NN andNCC classi�ersto classifythe
examplesin the test set. After an iteration is completed,the
openlist is cleared.Eachiterationconsistsof 50 stepsin the
learningprocess.Each step expandsstate-actionpairs based
on value and follow the searchprocessdescribedin Section
III-B.

In particular, we testedtheparametersettingslistedin Table
I for the 1-NN andNCC classi�ers; e.g.key “1.60” indicates
that in the particular experiment k was set to the number
of classesC in the datasetand the open list had size 60.
We alsoshow the averageaccuracy obtainedusing two other
distancefunction learningalgorithmsthat do not useadaptive
clustering.The �rst distancefunction learningalgorithm [3]
employs a weight-updatingheuristic that changesweights
basedon class density information in clusters.The second
distancefunction learning algorithm [16] uses randomized
hill climbing to searchfor good distancefunction weights.
The approachselectsa randomly createdweight vector as
the current weight vector, createsm (m = 30 was used
in the experiments)new weight vectorsin the neighborhood
of the current weight vector, and selectsthe weight vector
with the highest value for the objective function R as the
new current weight vector. This processterminatesif there
is no improvementwith respectto objective function R. The
algorithmis thenrestartedwith anew randomlycreatedweight
vectoruntil a prede�nedtime limit is reached.

V. EXPERIMENTAL RESULTS

TablesII, III, IV, V, andVI show theaverageandstandard
deviation of the accuracy resultsfor the parameterstestedin
the experimentcomparedagainstseveral baseclassi�ers for
a benchmarkconsistingof UCI datasets[15]. The openand
closedcircles indicatestatisticalsigni�cance usingthe paired
t-test of signi�cance with signi�cance level 0.10 for the 10
runs.

Table II comparesa 1-NN classi�er having a distance
function that considersall attributesto have the sameweight
with the sameclassi�er with learnedweights.First, adaptive
clustering achieved consistentimprovement in accuracy for
open list sizesgreaterthan one. The diabetesdatasetwhich
was signi�cantly worse with open list size 1 becamenot
signi�cantly worse with a larger open list. On average,the
resultsimprove over all the datasets;furthermore,the results
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Dataset 1-NN 1,1 1,30 1,60 5,60
breast-cancer 68.58� 1.82 68.58� 1.82 68.58� 1.82 68.58� 1.82 68.58� 1.82
breast-cancer-w 95.65� 0.34 95.38� 0.57 95.49� 0.39 95.28� 0.32 95.64� 0.44
credit-rating 81.58� 0.65 81.86� 0.83 81.74� 0.57 81.77� 0.72 81.84� 0.87
diabetes 70.62� 0.84 69.29� 0.97� 69.75� 1.18� 70.12� 1.11 69.91� 1.28
german-credit 71.63� 0.68 71.28� 0.73� 70.92� 0.80� 71.20� 0.64� 71.42� 0.60
glass 69.95� 0.93 68.89� 2.00 72.20� 1.89� 72.01� 2.56 76.26� 2.18�
heart-c 75.70� 0.84 76.62� 1.03� 76.59� 1.21 76.65� 0.88� 76.72� 1.07�
heart-h 78.33� 1.06 78.32� 1.34 78.40� 1.11 77.86� 1.62 78.43� 1.67
heart-statlog 76.15� 0.88 76.63� 1.59 77.41� 1.34� 77.26� 1.11 77.37� 0.86�
ionosphere 87.10� 0.49 87.24� 0.88 88.24� 0.88� 87.21� 0.91 88.52� 1.12�
sonar 86.17� 0.84 85.79� 1.93 86.12� 1.85 86.07� 1.48 86.22� 1.05
vehicle 69.59� 0.67 69.14� 0.89 68.83� 1.09� 68.59� 1.25 70.55� 1.12�
vote 92.23� 0.50 92.23� 0.50 92.23� 0.50 92.23� 0.50 92.23� 0.50
vowel 99.05� 0.14 98.22� 0.51� 99.15� 0.19� 99.27� 0.26� 99.05� 0.24
zoo 96.55� 0.50 96.55� 0.50 96.55� 0.50 96.55� 0.50 96.55� 0.50
Average 81.26 81.07 81.48 81.38 81.95

� , � statisticallysigni�cant improvementor degradation

TABLE II

RESULTS COMPARING THE 1-NN CLASSIFIER WITH AND WITHOUT WEIGHTS FROM ADAPTIVE CLUSTERING.

Dataset [3] 1,1 1,30 1,60 5,60
diabetes 72.95� 1.13 69.29� 0.97� 69.75� 1.18� 70.12� 1.11� 69.91� 1.28�
glass 49.41� 3.06 68.89� 2.00� 72.20� 1.89� 72.01� 2.56� 76.26� 2.18�
heart-c 78.83� 1.66 76.62� 1.03� 76.59� 1.21� 76.65� 0.88� 76.72� 1.07�
heart-h 79.36� 1.60 78.32� 1.34 78.40� 1.11 77.86� 1.62 78.43� 1.67
heart-statlog 82.78� 1.20 76.63� 1.59� 77.41� 1.34� 77.26� 1.11� 77.37� 0.86�
ionosphere 85.19� 1.30 87.24� 0.88� 88.24� 0.88� 87.21� 0.91� 88.52� 1.12�
vehicle 53.54� 2.73 69.14� 0.89� 68.83� 1.09� 68.59� 1.25� 70.55� 1.12�

� , � statisticallysigni�cant improvementor degradation

TABLE III

RESULTS COMPARING IMPROVEMENTS TO THE 1NN CLASSIFIER WITH WEIGHTS LEARNED BY A RELATED IMPURITY-BASED WEIGHT UPDATING

ALGORITHM AND ADAPTIVE CLUSTERING [3] .

Dataset RHC 1,1 1,30 1,60 5,60
diabetes 74.51� 0.78 69.29� 0.97� 69.75� 1.18� 70.12� 1.11� 69.91� 1.28�
glass 51.55� 1.75 68.89� 2.00� 72.20� 1.89� 72.01� 2.56� 76.26� 2.18�
heart-c 79.18� 1.70 76.62� 1.03� 76.59� 1.21� 76.65� 0.88� 76.72� 1.07�
heart-h 80.15� 1.27 78.32� 1.34� 78.40� 1.11 77.86� 1.62� 78.43� 1.67
heart-statlog 82.63� 1.47 76.63� 1.59� 77.41� 1.34� 77.26� 1.11� 77.37� 0.86�
ionosphere 83.74� 1.58 87.24� 0.88� 88.24� 0.88� 87.21� 0.91� 88.52� 1.12�
vehicle 57.06� 3.67 69.14� 0.89� 68.83� 1.09� 68.59� 1.25� 70.55� 1.12�

� , � statisticallysigni�cant improvementor degradation

TABLE IV

RESULTS COMPARING IMPROVEMENTS TO THE 1NN CLASSIFIER WITH WEIGHTS LEARNED BY A RANDOMIZED HILL-CLIMBING ALGORITHM AND

ADAPTIVE CLUSTERING.

tendto improve with thesizeof theopenlist. In summary, the
capabilityto exploremultiple pathsin parallelwhensearching
for good distancefunctionsleadsto betteraccuraciesfor the
testedclassi�ers.Moreover, increasingthe numberof clusters
from C to 5C increasesthe averageaccuracy for all datasets
further.

Tables III and IV comparethe traditional 1-NN classi-
�er with learned weights from an algorithm that employs
a density-basedweight-updatingheuristic [3], a randomized
hill-climbing algorithm (RHC), and the adaptive clustering
algorithm. The results show a substantialimprovement in
several of the testeddatasetsover the two distancefunction
learning algorithms.For the vehicle and glass datasets,the
improvementis mostobvious.

Table V comparesthe NCC classi�er using equalweights
with the sameclassi�er after learningweights. Interestingly,
using adaptive clustering leads to a quite dramatic increase

in accuracy: the averageaccuracy over the datasetstested
improved by more than 8%. Since this classi�er makes its
decisionbasedonly on thecentroidof thecluster, evena small
changein thedistancebetweenpointsandcentroidscanmake
adifference.Severalof thedatasetshadavery largedifference.
Notably, the accuracy for the vowel datasetimproved from
12% to over 99%.

Most importantly, the NCC classi�er with learnedweights
using k = 5C and jL j = 60 achieved an averageaccuracy
of 81.78%which is 0.52%higher than the averageaccuracy
for the traditional1-NN classi�er of 81.26%.This interesting
result suggeststhat adaptive clusteringsuf�ciently improves
cluster quality so that by just using cluster representatives
insteadof all objectsin the dataset,one can achieve a better
accuracy than the 1-NN classi�er as shown in Table VI.
For a training set of n exampleswith C � n classes,the
NCC classi�er compareseach incoming point with O(C)
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points instead of the O(n) comparisonsusually necessary
with the 1-NN classi�er without more sophisticatedindexing
methods.In the glassdataset,for example,the traditional 1-
NN classi�er that usesall 214� 0:9 = 193 training examples
to classifyanexample(10-fold crossvalidationonly uses90%
of theexamplesfor training)achievesanaccuracy of 69.95%,
whereasthe NCC classi�er that uses the learned distance
function with just six training examplesachieves accuracies
of 72.94%and73.50%for openlist sizesof 30 and60.

In summarytheexperimentalresultsdemonstratethatadap-
tive clustering can improve the quality of the clustersand
the distancemetric to improve two instance-basedclassi�ers.
Comparedto the 1-NN algorithm without learnedweights,
adaptive clusteringyields signi�cantly better resultsfor sev-
eral datasets.On average,it outperformsthe traditional 1-
NN classi�er. As a distancefunction learning algorithm for
classi�cation, adaptive clusteringoutperformstwo other dis-
tancefunction learningapproaches.Finally, on a more direct
evaluationof utility of the clustering,adaptive clusteringsub-
stantiallyimprovestheNCC classi�er in all but a few datasets.
The improvementmakes this relatively simple classi�cation
algorithmcomparablein accuracy with the 1-NN classi�er.

VI . CONCLUSION

Adaptive clusteringlearnsattribute weights for clustering
under externally de�ned objectives. Users of clustering al-
gorithms often have someidea what a good clusteringof a
datasetshould be. Unfortunately, usersoften have problems
in quantifying their ideas.Adaptive clusteringusesexternal
feedbackto �nd clusteringsthat bettermeettheseobjectives.
Recent work in semi-supervisedand supervisedclustering
demonstratesthat the alteration of attribute weights in a
distancemetric canhelp to addressuserneeds.Most of those
techniques,however, requirethe userto assessclusterquality
at a very low level of granularity. In adaptiveclustering,on the
otherhand,it is suf�cient to assigna reward to the clustering
asa whole.

We discussedthe resultsof a casestudythat appliedadap-
tive clusteringto learndistancefunction weightsto maximize
externallyde�ned objectives.In particular, adaptive clustering
wasusedto enhanceexisting instance-basedclassi�ers based
using information gain as the objective function. Using the
learnedweights, the 1-NN classi�er achieves a statistically
signi�cant improvement in accuracy for several datasetsin
the UCI machinelearning repository[15]. With the learned
weights,even a classi�er that only usesthe clusterrepresen-
tatives to classify incoming instancescan, on average,meet
or beat the much more costly 1-NN classi�er. Basedon its
improvementsto the accuracy, the techniquecan �nd more
informative clustersandrepresentativesin this domain.

Futurework will applyadaptive clusteringto lesscontrived
domains. Interesting potential applications include diverse
applicationssuchasinformationretrieval, spatialdatamining,
andmulti-agentmeta-learning.
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Dataset NCC 1,1 1,30 1,60 5,60
breast-cancer 72.25� 1.52 68.58� 1.82� 68.58� 1.82� 68.58� 1.82� 68.58� 1.82�
breast-cancer-w 96.41� 0.33 95.58� 0.38� 95.48� 0.27� 95.58� 0.48� 95.75� 0.34�
credit-rating 79.33� 0.69 81.61� 0.68� 81.77� 0.94� 81.55� 0.68� 81.48� 1.01�
diabetes 70.18� 0.99 69.36� 1.11 69.78� 1.21 69.87� 2.09 69.77� 0.62
german-credit 69.47� 0.52 71.31� 0.86� 71.17� 0.70� 71.37� 0.92� 71.09� 1.09�
glass 64.53� 2.69 69.18� 1.61� 72.94� 2.49� 73.50� 2.49� 75.95� 1.73�
heart-c 78.29� 1.94 76.62� 0.78 76.65� 0.83 76.79� 0.61 76.39� 1.30�
heart-h 81.10� 1.25 78.43� 1.78� 78.09� 0.97� 78.14� 1.61� 77.95� 1.72�
heart-statlog 78.74� 1.74 75.81� 1.05� 77.04� 1.23 77.48� 1.21 76.70� 1.30�
ionosphere 86.21� 0.87 87.19� 0.87 88.38� 1.13� 87.72� 1.47� 88.23� 0.94�
sonar 63.21� 2.06 85.64� 1.33� 86.61� 1.42� 86.36� 1.53� 86.27� 1.46�
vehicle 54.74� 1.57 69.03� 1.28� 68.47� 1.03� 68.25� 1.74� 70.66� 1.52�
vote 90.53� 0.68 92.23� 0.50� 92.23� 0.50� 92.23� 0.50� 92.23� 0.50�
vowel 12.28� 0.94 98.02� 0.40� 99.18� 0.28� 99.18� 0.25� 99.11� 0.21�
zoo 92.78� 1.32 96.55� 0.50� 96.55� 0.50� 96.55� 0.50� 96.55� 0.50�
Average 72.67 81.01 81.53 81.54 81.78

� , � statisticallysigni�cant improvementor degradation

TABLE V

RESULTS COMPARING THE NCC CLASSIFIER WITH AND WITHOUT WEIGHTS FROM ADAPTIVE CLUSTERING.

Dataset 1-NN NCC 1,1 1,30 1,60 5,60
breast-cancer 68.58� 1.82 72.25� 1.52� 68.58� 1.82 68.58� 1.82 68.58� 1.82 68.58� 1.82
breast-cancer-w 95.65� 0.34 96.41� 0.33� 95.58� 0.38 95.48� 0.27 95.58� 0.48 95.75� 0.34
credit-rating 81.58� 0.65 79.33� 0.69� 81.61� 0.68 81.77� 0.94 81.55� 0.68 81.48� 1.01
diabetes 70.62� 0.84 70.18� 0.99 69.36� 1.11� 69.78� 1.21 69.87� 2.09 69.77� 0.62�
german-credit 71.63� 0.68 69.47� 0.52� 71.31� 0.86� 71.17� 0.70� 71.37� 0.92 71.09� 1.09�
glass 69.95� 0.93 64.53� 2.69� 69.18� 1.61 72.94� 2.49� 73.50� 2.49� 75.95� 1.73�
heart-c 75.70� 0.84 78.29� 1.94� 76.62� 0.78� 76.65� 0.83� 76.79� 0.61� 76.39� 1.30
heart-h 78.33� 1.06 81.10� 1.25� 78.43� 1.78 78.09� 0.97 78.14� 1.61 77.95� 1.72
heart-statlog 76.15� 0.88 78.74� 1.74� 75.81� 1.05 77.04� 1.23 77.48� 1.21� 76.70� 1.30
ionosphere 87.10� 0.49 86.21� 0.87 87.19� 0.87 88.38� 1.13� 87.72� 1.47 88.23� 0.94�
sonar 86.17� 0.84 63.21� 2.06� 85.64� 1.33 86.61� 1.42 86.36� 1.53 86.27� 1.46
vehicle 69.59� 0.67 54.74� 1.57� 69.03� 1.28 68.47� 1.03� 68.25� 1.74� 70.66� 1.52
vote 92.23� 0.50 90.53� 0.68� 92.23� 0.50 92.23� 0.50 92.23� 0.50 92.23� 0.50
vowel 99.05� 0.14 12.28� 0.94� 98.02� 0.40� 99.18� 0.28 99.18� 0.25� 99.11� 0.21
zoo 96.55� 0.50 92.78� 1.32� 96.55� 0.50 96.55� 0.50 96.55� 0.50 96.55� 0.50

� , � statisticallysigni�cant improvementor degradation

TABLE VI

RESULTS COMPARING THE 1NN CLASSIFIER AGAINST THE NCC CLASSIFIER AND ITS IMPROVEMENTS WITH ADAPTIVE CLUSTERING.


