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Abstract— Adaptive clustering uses extemal feedback to im-
prove cluster quality; past experienceservesto speedup execu-
tion time. An adaptive clustering ervironment is proposedthat
uses Q-learning to learn the reward values of successie 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-basedearning relying on a distance function modi ca-
tion approach. A distance function adaptation schemethat uses
extemal feedbackis proposedand compared with other distance
function learning approaches.Experimental resultsindicate that
the use of adaptive clustering leadsto signi cant improvements
of instance-basedearning techniques,suchask-nearestneighbor
classi ers. Moreover, as a by-product a new instance-based
learning techniqueis intr oducedthat classi es examplesby solely
using cluster representatves; 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
membershipclusteringis an unsupervisedearning process.
A clustering algorithm optimizes some explicit or implicit
criterion inherentto the data. The squaredsummederror,
for example,is a criterion whoseoptimizationis the primary
concernof the k-meansclustering algorithm [1]. A large
amountof work, as will be discussedn Sectionll, details
the limitations of thesealgorithms;the main criticism is that
thesecriteria are excessvely simplistic and do not accurately
capturethe users understandingf the true natureof the data.

This paperintroducesa novel data mining techniquewe
term adaptve clustering.The centralideais to use feedback
andpastexperienceto guidethe searchtoward betterclusters.
An adaptve clusteringervironmentis proposedhat modi es
the weights of a distancefunction basedon ervironmental
feedbackand employs Q-learning[2] to learnthe reward val-
uesof successie dataclusteringsIn particularour approactis
embeddedhnto atraditionalreinforcementearningframework,
in which statesconsistof a setof clusterrepresentatiesanda
setof distancefunction weightsandactionsare modi cations
of distancefunction weights.

Sincethe applicationof a reinforcementearning(RL) algo-
rithm to clusteringis unusual,we discussour reasondor this
fusion of ideas.The goal of weight-baseddistancefunction
learningis to nd theweightsthatinducea clusteringthatbest

meetsexternally de ned objectives. Since this is clearly an

optimization problem, researcherdiave applied optimization
algorithmslik e hill-climbing to this task[3]. The objective of

adaptve clustering,however, extendsthe objectie of distance
function learningto supportrelearning.In most optimization
tasks,the searchalgorithm terminateswhen the bestweights
are found. An adaptve clusteringervironment,however, is a

continuouslyrunning processthat solves differentbut similar

clustering tasksin an ervironment with dynamic data and
potentially interactive evaluations.

An adaptve clusteringalgorithmshouldrelearnin response
to changesn evaluationor data,concentrateon actionsthat
have high expectedvalue,and assignincoming reward to the
statesand actions that led to the reward. Algorithms with
thesepropertiesare the goal of reinforcementlearning (RL)
research4], [5], [2]. Reinforcementearningalgorithmsare
often appliedin environmentsin which statetransitionsand
external rewards are subjectto change.[6]. Moreover, RL
algorithms assumethat an agentcan control which actions
to apply in a particular statebut cannotcontrol which state
it visits and reward it receves as the result of applying a
particularaction. Agentsreceve rewardswhentraversingthe
state space,and RL algorithms, such as Q-learning, learn
which actionsleadto the bestlong-termexpectedreward [2].

In summary this papercenterson adaptve clustering.Our
proposedadaptve clusteringframeavork modi es the distance
function basedon external feedbackwith the goal to obtain
betterclusters A novel distancefunction modi cation scheme
is proposedfor this purposeandis comparedwith other dis-
tancefunction learningapproachesMoreover, giventhe simi-
larities betweenthe goal of adaptve clusteringandreinforce-
mentlearning,we investigatethe applicationand modi cation
of techniqueghat originatein reinforcementiearningto the
taskof adaptve clustering.The paperis organizedasfollows.
Sectionll discusseselatedwork. Sectionlll introducesthe
idea of adaptve clusteringin more detail, and introduces
an ernvironmentfor adaptve clusteringthat implementsthis
idea.SectionlV introducesa framework that appliesadaptve
clusteringto instance-basetbarningand SectionV provides
anexperimentakvaluationof the proposedramenork. Section
VI concludeshe paper



Il. RELATED WORK

A. Clustering

1) UnsupervisedClustering: A traditional unsupervised
clustering algorithm maximizesa known criterion function,
suchasthe squaredsummederror. Givena setof n objectsO

eachwith a clusterrepresentatie r; that minimize the follow-
ing error function;

X
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The k-meansalgorithm[1] usescentroidsas clusterrepre-
sentatves, whereaghe k-medioidsalgorithm[7] usesobjects
that belongto O asrepresentaties.

The k-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 respectto the
following objectdistancefunction:

xd

W|j0i| 0j|j

=1

d(o;q) =

where g and ¢ are d-dimensional objects and w =
(wa; i wy) i§ a weight vector whose componentsare non-
negative and f’:l w; = 1. The formula de nes the distance
betweentwo objectsas a weighted sum of the differences
betweentwo objectswith respectto their attributes;whenall
the weights are equal the distanceis exactly the Manhattan
distance.

2) SupervisedClustering: Supervisectlusteringis applied
to classi ed examplesusingcriterionfunctionsthatemphasize
classpurity. Most approacheseekclustersthat are pure(i.e.,
all or at least most examplesin a cluster belong to the
sameclass).Onegroupof approacheadaptdistanceunctions
with the goal of obtainingpurerclusters.The LVQ algorithm
modi es a distancefunction basedon the performanceof the
classi er [8]. Sincea supportvectormachine nds separating
hyperplanesn a larger featurespacethe hyperplangunction
canbe transformednto a distancefunction[9], [10]. Another
groupof approachedirectly integratesupervisedearningwith
a traditionally unsupervisealusteringalgorithmusing tness
functionsthat are basedon the classpurity within a cluster
[11].

3) Semi-Supervise@lustering: Semi-supervisedlustering
algorithmsadaptthe clusteringbasedon backgroundknowl-
edgethatusuallyconsistof a smallsetof classi ed examples.
Most work in this arearelies on the preference®f a userto
inform the algorithm whetheror not the clusteringis useful.
One applicationusessemi-supervisedlusteringfor content-
basedimageretrieval, requestinga userto tell if two images
shouldor shouldnot belongto the samecluster Basedon a
seriesof evaluationexamplesthe algorithmadaptghe clusters
to satisfythe constraintshat were imposedby the user[12].

Otherwork learnsa distancemetric basedon pairs of well-

separatedexamples. Each pair of exampleshas a distance
label that indicatesthat these examplesshould be far apart
or closetogether With this information, the distancefunction
is adaptedso that the shapeof the clusterssatis es these
constraintg13].

B. ReinfocementLearning

Reinforcementlearning (RL) lies betweenunsupervised
and supervisedearning becauseit expectsfeedbackfor its
solutionsrather than the correctanswer[4]. RL algorithms
typically assumethe existence of a state space,a set of
actions,andfeedbackThe statespaceis the setof all possible
situations. The ervironment presentsthe true state to the
learner which executesone of a the set of actionsin the
ervironment. The ervironmentor a critic provides feedback
which is typically in the form of a scalarfeedbacksignal to
indicatewhetheror not the actionswere good. RL algorithms
are often usedfor control of simple processes.

One of the mostpopularreinforcementearningalgorithms
is the Q-learningalgorithm [2]. This algorithm maintainsa
table for each state-actionpair that containsthe learners
perceptionof the value of the pair. The valueis essentiallyan
exponentialaverageof rewardsthat the learnerhasreceved.
By learning the rewards of (state,action) pairs, the learner
takes action basedon an estimateof the long-termreward it
expectsto receve given its current knowledge. Maintaining
this table presentsa practical dif culty when the statespace
is large. Theamountof memorythatthe learnermustmaintain
grows with the numberof statess and actionsa; the space
compl«ity is O(sa) for Q-learning. Theseproblemsgreatly
impede the use of this simple RL algorithm in large state
spaces.

SinceRL algorithmslike Q-learningareexpensveto imple-
mentin large statespacesa more complicatedRL algorithm
called prioritized sweepinghasbeenproposed5]. This algo-
rithm presumeshatin a large statespace maintaininga value
estimatefor individual statesmakes learning unnecessarily
slow. Its solutionis to only apply Q-learningto selectedstates
during eachinteractionwith the ervironment. The statesare
updatedbasedon a priority relatedto their value and recent
frequeng of actiation.

I1l. ADAPTIVE CLUSTERING

In brief, adaptve clusteringusesthe prioritized-sweeping
variant of the Q-learning algorithm 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 musttransformthe adaptve clustering
ervironmentinto a reinforcementiearning ervironment.One
can make clusteringa reinforcementlearning problem with
states,actions, and rewards in a possibly non-deterministic
ervironmentasillustratedin Figurel. In the ervironment,the
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Fig. 1. The adaptve clusteringenvironment.

clusteringalgorithmusesits currentdistancefunctionto form

a clusteringon the data,andthe centroidsof theresultingclus-

tering are stateinformationto 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 the clusteringalgorithmusingthe

new distancefunction. This procesgepeatdor a x ednumber
of iterations.In generalthe objectve function mustcombine
the in uence of multiple objectivesinto a single scalarvalue.
Thecurrentimplementatiorusesinformationgainasdescribed
in SectionlV-A.

The statespaceconsistsof pairs of clusterrepresentaties
and distancefunction weights. Clusteringalgorithmsusually
operatein real-valueddomains,but the Q-learningalgorithm
we emplgy requires discrete states. The discretizationstep
divides the range of a variableinto discreteintervals. Since
adaptve clusteringutilizes an existing partition-basedluster
ing algorithm that relies on normalizeddatain the interval
[0; 1], the preprocessingtepcan effectively assumehat each
of the coordinateslie between0O and 1. Given k cluster
representaties eachof which is a point in a d-dimensional
spacewith m attributevalues the numberof statess md(k+1)
the additional 1 is for the weight vector of the distance
function. The length of the statevectors is d(k + 1) and
hasthe following form:

s = (ryiinirgw)

wherer;; is the jth coordinatevalue of the ith centroidand
the optional weights. This large state spacepresentssome
practicaldif culties thatwe addressn Sectionlll-C.

Given a state,the learnercan take one of several actions.
The action either increasesor decreases single attribute's
weight. Giventhe old weightvectorw of lengthd, the action
usesthe following formulato generatehe new weight vector
wo
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wherei? 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

learnerchoosesne of 2d actionsthat increaser decreases
the weight of an attribute by addingor subtracting w;.

B. Seach Strategy

In a traditional reinforcementearningervironment,agents
areonly allowedto performactionsin the currentstate;thus, it
is not possiblefor an agentto jump from one stateto another
statethat hasbeenvisited in the past.In adaptve clustering,
however, it is possibleto searchmultiple pathsin parallel
and to supportmore sophisticatedorms of exploration that
performactionson previously visited states.

In our currentimplementationthe searchprocessusesthe
Q-learning algorithm to estimatethe value of applying a
particularweightchangeactionto a particularstate.Thesearch

algorithmmaintainsanopenlist L = fS;;:::; S ;g of search
stateseachof which consistsof:
S = fs;a;vg

where s is the state vector from the ervironment, a is the
actionto execute,andv is the Q-value of the state-actiorpair
accordingto valueiteration. The algorithm readsthe Q-value
of eachstate-actiorpair in the searchstateand keepsthe top
jLj mostvaluablestatesfor execution.This searchalgorithm
is an exampleof a local beamsearchin which the algorithm
expandsstateshasedon their valuesratherthanrewards[14].
As an example, Figure 2 further illustrates the search
stratgy. The gure assumeshatthe openlist is of size2. We
assumethat the open-listcurrently containsstatesS; and S;
correspondingo statevectorss; ands;, respectiely. There
is only one attribute in the example, so there are only two
actions—increaser decrease¢he oneweight. In searchstep1,
the algorithm createsa new openlist that containsall single-
action successorsf the searchstatesin its currentopenlist.
The bottom-rav statescontainthe currentstateandthe action
to executein that state.The algorithm looks up the Q-value
of eachof the 2d bottom-rav statesand thenkeepsthe states
having the largestvalue (shovn in bold). The reinforcement
learning agentwill apply the selectedaction in eachof the
two statesthat remainin the openinglist. The systemreturns
arewardvaluefor eachtransitionandthe prioritized sweeping
algorithmperformsvalueiterationon all statesn thenew open
list at the end of the searchstep. The searchcontinuesuntil
a x ed-numberof stepshave elapsedandit retainsthe state
with the highestreward value asthe currentbestsolution.

C. Compleity Concerns

From the previous discussion,it is obvious that the state
spaceis very large. However, this doesnot presentsigni cant
dif culty for the adaptve clusteringalgorithm.Thereasorfor
this is that the statedoesnot changemuch. A changein the
weightswill only changethe clusteringwhenit causesoneor
moreobjectsto beassignedo differentclusters.Theclustering
only changesthe cluster representaties—tothe precision of
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Fig. 2. The adaptve clusteringsearchstratey.

the discretization—wherthe new objects causea signi cant
shift in the distribution of the objectsin the cluster The result
of theseinfrequentchangesds that only a very small portion
of the state spaceis actually reachable Adaptive clustering
emphasizesxploiting stateshat have beenvisited beforeand
recevved high rewardsratherthan generatingnovel states.

Despitethe small portion of the statespacethat the algo-
rithm explores,its sizeis still exponentialin thedimensionality
and number of valuesin the discretizationof an attribute.
As noted in SectionlI-B, the table lookup method of the
original Q-learning algorithm does not scalewell in space
or time for theselarge state spaces.Therefore,we use the
prioritized sweepingalgorithmthat employs a priority update
heuristicto give preferenceo updatingthe utility of frequently
visited pathsthat have a high surprisevalue[5]. A pathwith
a high surprisevalueis a paththat leadsto a statefor which
the actualreward is signi cantly differentfrom 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 the extremelylarge statespaceof adaptve clustering,
this heuristic complementsour searchstrategyy that explores
several promisingpathsin parallel.

IV. EXPERIMENTAL EVALUATION

The experimentsinvestigateif adaptve clusteringcan nd
better clusteringswith respectto an externally de ned ob-
jective function. Our experimentalevaluation usesa popular
objective functionknown asinformationgain.With this objec-
tive function, the clusteringsanddistanceunctionweightsthat
adaptve clusteringlearnscan enhanceexisting classi cation
algorithms.The comparisonof the accurag of the enhanced
classi ers with the original classi ers will demonstratethe
bene t of adaptye clustering.As aby-producta new instance-
basedclassi er will be introducedthat, as our experimental
resultswill shaw, is generallyusefulfor instance-baselkbarn-

ing.

A. ObjectiveFunction

The experimentsuse k-meansas the underlying clustering
algorithmwhich usescentroidsas clusterrepresentaties and

V2;1 > Vl;l V2;2

createxlustersby assigningobjectsin a dataseto the nearest
centroid[1]. The objective functionR determineshe worth of
a particularclusteringas the percentinformation gain of the
objectsin the clusterswith respecto the original unclustered
dataaccordingto the following formula[14]:

R(X) = R(fey:ia
. ko jeij .
_ H(CL; O) iz1 jorH(CL; ci)
H(CL; O)
k
where 0= ciandc \ Ggi = ;
xi=1
H(CL V) = p(cl; V) log, p(cl; V)
cl2CL
where
o N o .
o(cl: V) jfojo2 V ~ ois of classcl 2 CLgj

jfojo2 Vgj

where O is the original dataset,X is a clusteringon O, ¢;
is one of the k mutually exclusive and exhaustie subsetsof
O thatresultfrom the clusteringalgorithm,andH (CL; V) is
the entrofy with respecto the distribution of classesl| 2 CL
in V. H(CL; V) is computedby iterating over the individual
classesn thedataset.In summaryinformationgain computes
the weightedaverageof the entrogy with respectto the class
distribution in eachcluster

Let us assumehat we have 2 distancefunctionsd;,iy and
dhetter  foOr the datasetillustratedin Figure 3 that consistsof
13 examplesof which 5 belongto the classidenti ed by a
squareand 8 belongto the classidenti ed by a circle. We
apply the k-meansclustering algorithm with k = 3 to the
datasetand obtain the 2 depictedclusterings.Obviously, the
information gain for the secondclusteringthat useddistance
function dpetter IS much higherthan the information gain for
the rst clustering,becausall clustersonly containexamples
of a single class.Most importantly usinga distancefunction
with high information gain function in conjunctionwith a k-
nearesneighborclassi er allows usto obtaina classi er with
high predictive accurag. For example,if we usea 3-nearest
neighborclassi er with distancefunction dpeter it Will have
100%accurag with respecto leave-one-outcross-alidation,
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Fig. 3. Clusteringsfor two differentdistancefunctions.

whereasseveral examplesare misclassi edif di,; is used.

B. Procedue

The experimentsin this sectiontestthe adaptve clustering
algorithm with several different parametersettings.The rst
parameterk, is the numbersof clusters generatedby the
clusteringalgorithmandis a multiple of the numberof classes,
C. The secondparameterlis the size of the openlist jLj. If
the sizeis setto 1, the searchmodelreducesto a traditional
reinforcementearningalgorithm,in which actionsareapplied
to the currentstate.

In each of the state encodings,the statesshould not be
usedin their continuousform. Many of the datasetdor the
experimentinclude numericattributeswhoseclustercentroids
may containmary signi cant digits. The Q-learningalgorithm
that we use assumeghat the statesare discreteand distinct
from eachother To accommodat¢éhe algorithm,eachattribute
valueandeachweight rst passthrougha discretization Iter
that usesthe following formula to Iter an attribute value v
into v&

0

v® = DblOOvc

The constant100 is not completelyarbitrary since the data
hasalreadybeennormalizedso that eachattribute and weight
lies in the interval [0; 1]; thus, v® shouldcapturethe rst two
or threesigni cant digits of eachattribute makingthe number
of valuesper attribute m = 100.

After the processof building the model on the training
data, testing it is relatively simple. The experimentlearns
the attribute weights and then usesthem with one of two
instance-basedlassi ers: 1-NN [14] and NCC. The 1-NN
classi er is the one nearest-neighboclassi er. The Nearest
Centroid Classi er (NCC) clustersthe training data, retains
the cluster centroids,and assignsto the centroid the most
common classin the cluster At eachincoming point, the
NCC nds the nearestcentroid and assignsits classto the
point. This algorithm seemssimplistic but hasbeenshowvn to
be usefulfor certaindataset$3]. The experimentalprocedure
is to apply adaptve clusteringto several datasetsfrom the

Key | Clustersk | OpenList SizejLj

1,1 C 1

1,30 C 30

1,60 C 60

5,60 5C 60
TABLE |

LEGEND FOR INTERPRETING THE RESULTS.

UCI machinelearningrepository[15]. Eachtestof adaptve
clusteringperforms10 runsof cross-alidationon eachof the
datasetsEachrun of cross-alidationconsistsof 20 iterations
each of which is run for a randomly createdinitial set of
clusters.The weight vectorwith the highestreward is is sent
asaparameteto the 1-NN andNCC classi ersto classifythe
examplesin the testset. After an iteration is completed the
openlist is cleared.Eachiteration consistsof 50 stepsin the
learning process.Each step expandsstate-actionpairs based
on value and follow the searchprocessdescribedin Section
I-B.

In particular we testedthe parametesettingdistedin Table
| for the 1-NN andNCC classi ers; e.g.key “1.60” indicates
that in the particular experimentk was set to the number
of classesC in the datasetand the open list had size 60.
We also shav the averageaccurag obtainedusingtwo other
distancefunction learningalgorithmsthat do not useadaptve
clustering.The rst distancefunction learning algorithm [3]
employs a weight-updating heuristic that changesweights
basedon classdensity information in clusters.The second
distancefunction learning algorithm [16] usesrandomized
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 currentweight vector and selectsthe weight vector
with the highestvalue for the objective function R as the
new currentweight vector This processterminatesif there
is no improvementwith respectto objective function R. The
algorithmis thenrestartedvith anew randomlycreatedveight
vectoruntil a prede nedtime limit is reached.

V. EXPERIMENTAL RESULTS

Tablesll, 1lI, 1V, V, andVI show the averageand standard
deviation of the accurag resultsfor the parametergestedin
the experimentcomparedagainstseveral baseclassi ers for
a benchmarkconsistingof UCI datasetd15]. The openand
closedcirclesindicate statisticalsigni cance usingthe paired
t-test of signi cance with signi cance level 0.10 for the 10
runs.

Table Il comparesa 1-NN classi er having a distance
function that considersall attributesto have the sameweight
with the sameclassi er with learnedweights. First, adaptve
clustering achieved consistentimprovementin accurag for
openlist sizesgreaterthan one. The diabetesdatasetwhich
was signi cantly worse with open list size 1 becamenot
signi cantly worse with a larger openlist. On average,the
resultsimprove over all the datasets;furthermore the results



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-cancew  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 87.21 091 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
Z00 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 Il
RESULTS COMPARING THE 1-NN CLASSIFIER WITH AND WITHOUT WEIGHTS FROM ADAPTIVE CLUSTERING.

Dataset [3] 1,1 1,30 1,60 5,60

diabetes 7295 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-statiog 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 I
RESULTS COMPARING IMPROVEMENTSTO THE 1NN CLASSIFIERWITH WEIGHTSLEARNED BY A RELATED IMPURITY-BASED WEIGHT UPDATING
ALGORITHM AND ADAPTIVE CLUSTERING [3].

Dataset RHC 1,1 1,30 1,60 5,60

diabetes 7451 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-statiog 82.63 1.47 76.63 1.59 7741 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 IMPROVEMENTSTO THE 1NN CLASSIFIER WITH WEIGHTS LEARNED BY A RANDOMIZED HILL-CLIMBING ALGORITHM AND

ADAPTIVE CLUSTERING.

tendto improve with the sizeof the openlist. In summarythe

capabilityto explore multiple pathsin parallelwhensearching
for good distancefunctionsleadsto betteraccuraciedor the

testedclassi ers. Moreover, increasingthe numberof clusters
from C to 5C increaseshe averageaccurag for all datasets
further.

Tables lll and IV comparethe traditional 1-NN classi-
er with learnedweights from an algorithm that emplgys
a density-basedveight-updatingheuristic [3], a randomized
hill-climbing algorithm (RHC), and the adaptve clustering
algorithm. The results shav a substantialimprovementin
several of the testeddatasetsover the two distancefunction
learning algorithms. For the vehicle and glass datasetsthe
improvementis mostobvious.

Table V compareghe NCC classi er using equalweights
with the sameclassi er after learning weights. Interestingly
using adaptve clusteringleadsto a quite dramaticincrease

in accuray: the averageaccurag over the datasetstested
improved by more than 8%. Since this classi er males its
decisionbasednly on the centroidof the cluster evena small
changein the distancebetweerpointsandcentroidscanmake
adifference Severalof thedatasetfiadaverylargedifference.
Notably, the accurag for the vowel datasetimproved from
12% to over 99%.

Most importantly the NCC classi er with learnedweights
usingk = 5C andjLj = 60 achieved an averageaccurag
of 81.78%which is 0.52% higherthan the averageaccurayg
for the traditional 1-NN classi er of 81.26%.This interesting
result suggestghat adaptve clusteringsufciently improves
cluster quality so that by just using cluster representaties
insteadof all objectsin the datasetone canachieve a better
accurag than the 1-NN classi er as shavn in Table VI.
For a training set of n exampleswith C n classesthe
NCC classi er compareseach incoming point with O(C)



points instead of the O(n) comparisonsusually necessary
with the 1-NN classi er without more sophisticatedndexing
methods.In the glassdatasetfor example,the traditional 1-
NN classi er thatusesall 214 0:9 = 193 training examples
to classifyanexample(10-fold crossvalidationonly uses90%
of the examplesfor training) achieszesanaccurag of 69.95%,
whereasthe NCC classi er that usesthe learned distance
function with just six training examplesachieses accuracies
of 72.94%and 73.50%for openlist sizesof 30 and 60.

In summarythe experimentalresultsdemonstrat¢hat adap-
tive clustering can improve the quality of the clustersand
the distancemetric to improve two instance-basedlassi ers.
Comparedto the 1-NN algorithm without learnedweights,
adaptve clusteringyields signi cantly betterresultsfor ses-
eral datasets.On average,it outperformsthe traditional 1-
NN classi er. As a distancefunction learning algorithm for
classi cation, adaptve clusteringoutperformstwo other dis-
tancefunction learningapproacheskinally, on a more direct
evaluationof utility of the clustering,adaptve clusteringsub-
stantiallyimprovesthe NCC classi erin all but afew datasets.
The improvementmales this relatively simple classi cation
algorithmcomparabldn accurag with the 1-NN classi er.

V1. 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 bettermeettheseobjecties.
Recentwork in semi-supervisedand supervisedclustering
demonstrateghat the alteration of attribute weights in a
distancemetric canhelp to addresauserneeds Most of those
techniqueshowever, requirethe userto asseslusterquality
atavery low level of granularity In adaptve clustering,on the
otherhand,it is sufcient to assigna reward to the clustering
asawhole.

We discussedhe resultsof a casestudythat appliedadap-
tive clusteringto learndistancefunction weightsto maximize
externally de ned objectives.In particular adaptve clustering
was usedto enhancesxisting instance-basedlassi ers based
using information gain as the objective function. Using the
learnedweights, the 1-NN classi er achieves a statistically
signi cant improvementin accurag 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 beatthe much more costly 1-NN classi er. Basedon its
improvementsto the accurag, the techniqguecan nd more
informative clustersandrepresentatiesin this domain.

Futurework will apply adaptve clusteringto lesscontrived
domains. Interesting potential applications include diverse
applicationssuchasinformationretrieval, spatialdatamining,
and multi-agentmeta-learning.

REFERENCES

[1] J. McQueen,“Some methodsfor the classi cation and analysis of
multivariate obserations; in Proc. 5th Berleley Symp.Math. Stat.,
Prob, no. 1, pp. 281-297,1967.

(2]

(5]

(6]

(7]

(8]

9

[10]

[11]

[12]

[13]

[14]
[15]

[16]

C. J. C. H. Watkins and P. Dayan, “Q-learning; Machine Learning
vol. 8, pp. 279-292,1992.

C. F. Eick, A. RouhanaA. BagherjeiranandR. Vilalta, “Using cluster
ing to learndistancefunctionsfor supervisedsimilarity assessmefitjn
IAPR International Confeenceon Machine Learningand Data Mining,
2005.

L. P. Kaelbling, M. L. Littman, and A. W. Moore, “Reinforcement
learning: A suney,” Journal of Arti cial Intelligence Reseach, vol. 4,
pp. 237—285,1996.

A. W. Moore and C. G. Atkeson,“Prioritized sweeping—reinforcement
learning with less data and less time; Machine Learning vol. 13,
pp. 103-130,1993.

M. L. PutermanMarkov Decision ProcessesDiscrete Stodastic Dy-
namic Programming New York, NY, USA: JohnWiley & Sons,Inc.,
1994.

L. Kaufmanand P. J. RousseeuwFinding Groupsin Data: an Intro-
ductionto Cluster Analysis JohnWiley & Sons,1990.

T. Kohonen,J. Hynninen, J. Kangas,J. Laaksonenand K. Torkkola,
“LVQ PAK: The learningvector quantizationprogrampackagé, tech.
rep., Helsinki University of Technology 1996.

C. DomeniconiandD. Gunopulos;Adaptive nearesheighborclassi ca-
tion usingsupportvectormachines$, in Advancesn Neurl Information
ProcessingSystemd 4, MIT Press2002.

C. CortesandV. Vapnik,“Support-\ectornetworks, Machine Learning
vol. 20, no. 3, pp. 273-297,1995.

C. Eick and N. Zeidat, “Using supervisedclusteringto enhanceclas-
siers,” in Proc. 15th International Symposiunon Methodolgies for
Intelligent SystemgISMIS) (SaratogaSprings,New York), pp. 248—
256, May 2005.

D. Cohn,R. Caruanaand A. McCallum, “Semi-supervisectlustering
with userfeedback, Tech.Rep.2003-1892 Cornell University 2003.
E. P. Xing, A. Y. Ng, M. |. Jordan,and S. Russell,“Distance met-
ric learning with applicationto clusteringwith side-informatiori, in
Advancesin Neurl Information ProcessingSystemsl5 (S. Becler,
S. Thrun,andK. Obermayereds.),pp. 505-512,Cambridge MA: MIT
Press,2003.

S. Russelland P. Norvig, Atrti cial Intelligence: A Modern Approad.
PrenticeHall, 2nd ed., 2003.

C. Blake andC. Merz, “UCI repositoryof machinelearningdatabases,
1998.

C.-S. Chen, “Using weight updating heuristics and randomizedhill
climbing for distancefunction learning; Masters thesis,University of
Houston,SeptembeR005. To appear



Dataset NCC 1,1 1,30 1,60 5,60
breast-cancer 7225 152 68.58 1.82 68.58 1.82 68.58 1.82 68.58 1.82
breast-cancew  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 54.74 157 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
Z00 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 CLASSIFIERWITH AND WITHOUT WEIGHTS FROM ADAPTIVE CLUSTERING.

Dataset 1-NN NCC 11 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-cancew  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
Z00 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 ITSIMPROVEMENTSWITH ADAPTIVE CLUSTERING.



