Non-RedundantData Clustering

David Gondek

ThomasHofmann

Departmenbf ComputerScience Brown University
Providence RI 02912USA
f dcg,thg@cs.bravn.edu

Abstract

Data clusteringis a popularappmoach for automatically
nding classesconceptspr groupsof patterns.In practice
this discovery processshouldavoid redundanciesvith ex-
isting knowled@ aboutclassstructuresor groupings,and
revealnovel, previouslyunknowraspectof thedata. In or-
derto dealwith this problem we presentan extensiorof the
informationbottlene& framework, called coordinatedcon-
ditional information bottlene&, which takes negative rel-
evanceinformation into accountby maximizinga condi-
tional mutualinformationscole subjectto constaints. Al-
gorithmically, one can apply an alternating optimization
schemethat canbe usedin conjunctionwith differenttypes
of numericand non-numeriaattributes. We presentexperi-
mentalresultsfor applicationsin text miningandcomputer
vision.

1 Intr oduction

Data mining and knowledge discovery aim at nding
conceptspatternsrelationshipsregularities,andstructures
of interestin a given dataset. However, in practiceit is
ratheratypicalto be facedwith dataaboutwhich nothing
is known already More typically, someknowledgehasal-
readybeenacquiredn the past,possiblythroughprecedent
knowledgediscovery processesThe goalthenis morepre-
ciselyto minefor conceptsrelationshipsetc.thatwill aug-
menttheexistingknowledgeandthatarein somesensenon-
redundantand novel, relative to the available background
knowledge. This leadsto the generalproblemof how to
subtract or factor out the backgroundknowledgein a prin-
cipled way, in orderto augmentt throughadditionaldata
mining andexploration.

We addressthis problem in an information-theoretic
frameavork thatmakesuseof theconcepbf conditionalmu-
tual informationasits cornerstoneWe proposeto quantify
theinformationor knowledgegainedby a datamining pro-
cessin termsof how much new informationit addsabout

relevantaspecbdf our data,conditionednthealreadyavail-
ableknowledge. It is this conditioningthatwill provide a
well-foundedbasisfor the subtractionprocesswe alluded
to.

In this paper we investigatethe important problem of
non-redundantlata clustering, which dealswith nding
classeshatarein somesenserthogonalto existing knowl-
edge. As far asthe form of this knowledgeis concerned,
our focusis on problemsthatinvolve conditioningon one
or moreattributesor propertiesof instancesThis includes
conditioningon known classi cation schemessa special
caseof particularrelevance. Thereare mary applications
andproblemsthatcanbe subsumedinderthis generalset-
ting, of which we enumeratea few hereto provide some
furthermotivation.

(i) Clusteringa setof documentsn away thatdoesnot
overlapwith or recover known classi cation schemesbut
ratherdiscovers new waysin which to group documents.
For instance hews storiesmay be clusteredby geographic
region aswell asby topic. Assumingthatdocumentsare
annotatedy region, conditioningon this informationmay
be valuableto enforcea clusteringby topic. (ii) Cluster
ing documentssuchthat the found clustersare not corre-
latedwith the occurrenceof certainterms.Usingtheabove
news story example,onemay wantto conditionon the oc-
currenceof certaingeographidermssuchas country and
city namego introducea biasthatfavorsdocumentlusters
that are not basedon geography (iii) Groupingusersfor
whichtransactionatlatahasbeencollectedin a way thatis
not basedon certaindemographiattributes. For instance,
one may want to group usersin ways that are not corre-
lated with strati cations basedon genderor income. (iv)
Findingnon-dominantlusteringsolutionsin arbitrarydata
sets. By rst nding the dominantgroupingstructureand
by thenconditioningon the latter, non-dominantlustering
alternatvescanbediscovered.

While our methodcan be appliedto theseand mary
similar problems,our emphasiss on a commonmodeling
framework and on the derivation of a generaldatamining
methodology We will only investigatespeci c instantia-



tionsin anexemplarymanneiin the experimentsection.

2 Relatedwork

Our contribution is in line with a numberof recentpa-
persthathave arguedin favor of dataminingtechnigueshat
areexploratory andallow for userinteractionand control
(e.0.[8]): Techniguesshouldallow usersto interactiely
re ne or modify queriesbasedon the resultsof previous
gueries. They shouldfurthermoreallow usersto specify
prior knowledgeandprovide feedbackin orderto guidethe
search pboth towardsdesiredsolutionsand away from un-
desiredsolutions.Technique$ave beenpresentedor tasks
rangingfrom constrainedtemsetmining [1] to constrained
associatiomule mining [8].

For the clusteringproblema variety of constrainecalus-
tering techniquesexist. Constraintanay take the form of
cluster aggregate constaints [12, 15], e.g. by constrain-
ing clustering solutionsto equally-sizedclusters. An-
otherline of work hasfocusedoninstance-l@el constaints
[13, 6, 14]. As describedn [13], theseconstraintsaarein-
formed by prior knowledge of the desiredclusteringand
typically take the form of relationssuchas must-linkand
cannot-linkwhich areenforcedbetweerpairsof instances.
This approachis extendedby [6, 14] which infer from
instance-lgel constraintsproximity matricesand formal
distancemetricsrespectiely. The commontrait of these
approaches theassumptionhatprior knowledgetakesthe
form of positiveinformationaboutcertaincharacteristicef
adesiredclusteringsolution.

Constrainedclusteringtechniqueswhich take negative
informationin the form of informationaboutundesiredso-
lutions were rst formulatedin [2]. Anotherconceptually
relatedframenork hasbeenpresentedn [4]. We will post-
poneadetaileddiscussiorof thesemethodauntil the endof
thefollowing section.

3 Coordinated Conditional Information
Bottleneck

3.1 Preliminaries

The mutualinformationl (A; B) betweentwo (discrete)
randomvariablesA; B is de ned as

Pag (a;b)

|(AB) PA(@)Pe (D)

Pag (a;b) log
a b

(1)

wherethe sumsare over the respectie samplespacegor
A andB. We have utilized a genericnotationfor prob-
ability massfunctionsusing subscriptsinvolving random
variables. Alternatively and equivalently one may de ne

mutualinformationvia conditionalentropiesasl (A;B) =
H(A) H(A]B).

The conditionalmutualinformationl (A; BjC) between
randomvariablesA; B givena randomvariableC canbe

de nedas
I(A;BjC) H(AJC)

= 1(A;B;C)

H(AjB;C) 2)
I (A;C):

3.2 Setting and notation

We usethe following notation: x refersto objectsor
items, suchas documentsthat should be clustered,y to
featureghatareconsideredelevant,e.g.word occurrences
in documentsg to clustersof objects,and z to available
backgroundknowledge. UppercasdettersX;Y;C;Z are
usedto denotehecorrespondingandomvariables.To sim-
plify the presentationywe assumehat backgroundknowl-
edgeand featuresdependdeterministicallyon the object,
ie.Y = Y(X)andZ = Z(X).

We work in a probabilistic setting, where objectsare
probabilisticallyassignedo clusters.Thegoalof dataclus-
teringis thusto nd a stochastianappingP¢jx of objects

is assumedo begiven.HereP¢;x refersto theconditional
distribution of C givenX, i.e. Pcjx (¢jx) —or P(cjx) for
short—denoteghe probabilityof assigningbjectx to clus-
terc.

3.3 Conditional Information Bottleneck

Given a particularchoicefor Pcjx , we would like to
guantify the amountof information preseredin the clus-
teringabouttherelevantfeaturesy . However, we alsoneed
to take into accountthat we assumeo have accesdo the
backgroundknowledgeZ. A naturalguantityto consider
is the conditional mutual information | (C;YjZ). It de-
scribeshow muchinformation C;Z corvey jointly about
relevant featuresY comparedo the information provided
by Z alone. Finding an optimal clusteringsolutionshould
involve maximizingl (C;YjZ).

In addition, we would like to avoid over-con dencein
grouping objectstogether Clusterassignmenprobabili-
ties shouldre ect the uncertaintywith which objectsare
assignedto clusters. One way to accomplishthis is to
explicitly control the fuzzinessof the stochasticomapping
Pcjx . Thelattercanbe measuredy the mutualinforma-
tion | (C; X) betweenclusterand objectidentities. Here
[ (C;X) = 0, if objectsareassignedo clusterscompletely
at random,whereasl (C; X) becomesmaximal for non-
stochastionappingsPcjx . | (C;X) alsocanbe givena
well-known interpretationin termsof the channelcapacity
requiredfor transmittingprobabilisticclusterassignments
overacommunicatiorchanne[11].



Combiningboth aspectswe de ne the optimal cluster
ing asthesolutionto thefollowing constraine@ptimization
problem, the Conditional Information Bottleneck (CIB),

rst introducedn [5]:

(CIB) Pgjx = argmax! (C;YjZ); where (3a)
cix 2P
P fPcix :1(C;X) Chg (3b)

Statedin plain English, we are looking for probabilistic
clusterassignmentsvith a minimal fuzzinesssuchthatthe
relevantinformationjointly encodedn C; Z is maximal.

3.4 Coordinated CIB

While the conditionalinformationre ects much of the
intuition behindnon-redundantiatamining, therestill is a
potentialcaveatin using Eq. (3): the de nition of C may
lack global coordination. Thatis, clusteringsolutionsob-

tainedfor differentvaluesz maynotbein correspondence.

For instancejf Z cantake a nite humberof possibleval-
ues,thenthe meaningof eachclusterc is relative to a par
ticular valuez. Thereasorfor thisis thatl (C;YjZ) only
measuretheinformationcorveyedby C andZ in conjunc-
tion, but doesnotre ect how muchrelevantinformationC
provideson its own, i.e. without knowing Z. We call this
problemthe clustercoominationproblem

Oneway to formally illustratethatthe CIB doesnot ad-
dressthe coordinationproblemis via the following propo-
sition which we stateherewithout proof.

Proposition 1. Suppos&Z and C are nite randomvari-
ablesandde ne pre-image setsof Z by X, = fx : Z(x) =
zg. Assumethat P ., has beenobtainedaccoding to
Eq.(3). Thenonecanchosearbitrary permutations  over
C, onefor everyvaluez of Z, and de ne permutedclus-
ter assignment®;, (cix)  Pg;x ( ™ (c)jx) sudh that
Pcjx isalsooptimalfor CIB.

Intuitively this propositionstatesthat by independently
renumberindi.e. permuting)clusterlabelswithin eachset
X, theoptimality of the solutionis notaffected.

A solution to the CIB problemwill effectively corre-
spondto a subcatgorizationor a local re nement of the
partitioninducedby Z. Generally however, oneis more
interestedn conceptsor annotation<C that are consistent
acrosghewhole domainof objects.We proposeo address
this problemby introducinganadditionalconstraininvolv-
ingl (C;Y). Thisyieldsthefollowing CoorinatedCondi-
tional InformationBottlene& (CCIB) formulation:

(CCIB) P¢jx = argmaxI(C;YjZ); where (4a)
Pcix 2P
P fPcjx :1(C;X) Cuul(C;Y) 10 (4b)

With I in > 0 the CCIB favors clusteringsolutionsthat
obey someglobalconsisteng acrosghe setsX,.

3.5 Alternating optimization

The formal derivation of an alternationschemeo com-
puteanapproximatesolutionfor the CCIB is someavhatin-
volved, but leadsto very intuitive re-estimatiorequations.
As shown in the appendix,one can computeprobabilistic

clusterassignmentaccordingo thefollowing formula:
" 4

X
P(cx)/ P(c)exp —  P(yjx)logP(yjc) (5)
" y
#
X X
exp 1 P(zix) P(yjx; 2)logP(yjc;z) ;
z y

wherewe have droppedall subscriptssincethe meaning
of the probability massfunctionsis clearfrom the naming
corventionfor theargumentsThescalars  0and 0
arelLagrangemultipliers enforcingthe two inequalitycon-
straints;their valuesdependon C,,, and| ;. Notice that
P (yjc) and P (yjc;z) appearingon the right-handside of
Eq.(5) implicitly dependbn P (cjx). Howeveriteratingthis
equationis guaranteedo reacha x edpoint corresponding
to alocal maximumof the CCIB criterion.

3.6 Relation to relatedwork

The CCIB formulation is an extensionof the seminal
work by Tishby et al. [11] on the information bottleneck
(IB) framavork. Amongthedifferentgeneralizationsf IB
proposedso far, our approachs mostcloselyrelatedto the
IB with sideinformation[2]. Oneway to formulatethe lat-
teris astheproblemof minimizing| (C; Z) subjectto con-
straintson 1 (C;Y) andl (C; X). The main disadwantage
thatwe seein this proceduraés thedif culty in adjustingthe
trade-of betweenminimizing redundang betweenC and
Z expressedy | (C; Z), andmaximizingrelevantinforma-
tion asexpressedy the lower boundon I (C;Y). Notice
that the latter is problematic,sincel (C;Y) and| (C;Z)
may live on very differentscales,e.g.l (C;Y) may scale
with the numberof relevant features,while | (C;Z) may
scalewith the cardinality of the statespaceof Z. In the
CCIB formulation,this is taken into accountby condition-
ing on the side informationZ in |1 (C;YjZ), which en-
forcesnon-redundangwithouttheneedfor anexplicit term
| (C;2Z) to penalizeredundang.

The CIB methodfrom [5] is lessgeneralthanCCIB as
it requiresa seedsetof labeleddatain orderto addresghe
coordinationproblem. The CIB objective in Eq. (3a) may
alsobe justi ed usingthe multivariateinformation bottle-
neck(MIB) framework [4]. Usingthe so-calledL® prin-
ciple, onemaydirectly derive (3a) The derivationfollows
that of the parallelinformation bottleneck,only usingthe
assumptiorthat Z is known a priori. However, the coor
dination problemis not addressedh [4]. In factthe MIB



formulationhasadistinctly differentgoalfrom theonepur-
suedwith the CCIB method.

4 Finite sampleconsiderations

Sofarwe have tacitly assumedhatthejoint distribution
Px v z is given. However, sincethis will rarelybethe case
in practice,it is crucial to be ableto effectively dealwith
the nite samplecase. Let us denotea samplesetdrawn
iid. by Xp = f(Xi;vi;z) ;i = 1;:::;ng. Wewill rst
clarify therelationshipbetweenCCIB andlik elihoodmax-
imization andtheninvestigateparticularparametricforms
for the approximatingdistribution, leadingto speci ¢ in-
stantiation®of thegeneraschemepresentedh the previous
section.

4.1 Lik elihood maximization

A naturalmeasurefor the predictive performanceof a
modelis theaverageconditionallog-likelihoodfunction

X X
L) = & P (Gxi) ogPyjcz (viiGi2) (6

i=1 ¢

Here IﬁY,-C;Z is someapproximationto the true distribu-
tion. Thisamountgo atwo-stagepredictionprocesswhere
Xj is rst assignedto one of the clustersaccordingto
Pcjx (¢jxi) andthenfeaturesare predictedusing the dis-

tribution Py jc:z (Yiic;zi). Asymptoticallyonegets

n'l

L(Xp) "1 Pcuy iz (¢y;2) log Py jcz (Yic;2)

yiz .
h i
= H(Y|C;Z) Ecz KL(Pyjcz jj'ﬁvjc;z) - (7

Provided that the estimationerror (representedby the ex-
pected Kullback-Leibler divergence) vanishesas n !
1, maximizing the log-likelihood with respectto P¢;x
will thus asymptotically be equivalent to minimizing
H (Y]C; Z) andthusto maximizingthe conditionalinfor-
mationl (C;YjZ).

The practical relevanceof the above considerationss
that one canusethe likelihood function Eq. (6) asthe ba-
sisfor computingasuitableapproximatioriﬂyJ-C;z . Forin-
stance|f the latteris parameterizethy someparameter ,
thenonemay computethe optimalparameter astheone
thatmaximizesL (Xn).

4.2 Categorical background knowledge
Let usfocusonthe simplestcaserst, whereZ is nite

andits cardinalityis smallenoughto allow estimatingsep-
arateconditionalfeaturedistributionsPy jc.; andPy;; for

every combinationc, z and every z, respectiely. As dis-

cussedbefore,we can estimatethe above probabilitiesby

conditionalmaximumlik elihoodestimation.For concrete-
nesswe presentanddiscusgheresultingupdateequations
and algorithm for the specialcaseof a multinomial sam-
pling modelfor Y, whichis of someimportancefor exam-

ple,in the context of text mining application.lt is simpleto

derive similaralgorithmsfor othersamplingmodelssuchas

Bernoulli, normal,or Poisson.

Denoteby n;; obsenedfeaturefrequenciedor thei-th
objectand the j -th possibleY -value and by n; the total
numberof obserationsfor x;. For instancen; may de-
note the numberof timesthe j -th term occursin the i-th
documentn thecontext of text mining. Thenwe cande ne
therelevantempiricaldistributionsby

P(y;ixi) = P(y;ixi;z) Z—J P@Eix) (zz) (8)

The maximumlik elihood estimatedor given probabilistic
clusterassignmentsanbe computedaccordingto

P
v pie Pexing
P(yjic) = T PG N (9a)
v _ pie P@EiX)P(Gxi)ng
N LT
1 X .
P@= =" P(cx): (9c)

i=1

Theseequationseedto be iteratedin alternationwith the
re-estimatiorequationin Eq. (5), wherethe sumovery is
replacedoy asumoverthefeatureindex j .

4.3 Continuous-valued background knowledge

A more generalcaseinvolves backgroundknowledge
consistingof a vectorz 2 RY. This includessituations
whereZ might be a function of Y or might consistsof a
subsetof the features(cf. Sectionl). In orderto obtain
an estimatefor P (yjc;z) onehasto t aregressiormodel
that predictsthe relevant featuresY from the background
knowledgeZ for everycluster If therespons&ariableY is
itself vectorvalued,thenwe proposeo t regressiormod-
elsfor everyfeaturedimensionseparately

The parametricdform of the parametriaregressionfunc-
tion dependson the type and samplingmodel of the fea-
ture variable Y. For instance,Y may be a multivariate
normal, a multinomial variable, or a vector of Bernoulli
variables. In orderto cover most casesof interestin a
genericway, we proposeto useof the frameawork of gen-
eralizedlinear models(GLMs) [7]. Sincea detailedpre-
sentationof GLMs is beyond the scopeof this paper we
only provide a brief outline of whatis involvedin this pro-
cess: We assumethat the conditionalmeanof Y canbe



written as a function of C and Z in the following way
E[Y|C;Z] = (C;Z) = h(h; (C;Z)i), whereh is the
inverselink function and is a vector of predictor vari-
ables. Takingh = id resultsin standardinear regression
basedon the independentariables (C;Z), but a variety
of other (inverse)link functionscanbe useddependenbn
theapplication.

In this generalcase computingthe quantitiesP (yjc) =
P(yjc; ) and P(yjc;z) = P(yjc;z; ) requiresto esti-
mate and by maximizingthelog-likelihoodcriterionin
Eq. (6). Thelattercanbeaccomplishedy standardnodel
tting algorithmsfor GLMs, which maythemselesbeiter-
ativein nature.

4.4 Deterministic annealing

We now addresghe issueof how to dealwith the free
parameter<, . andl,, of the CCIB or — equialently —
the Lagrangemultipliers and Notice that the con-
straintl (C;Y) |, leadsto a Lagrangianfunction that
additively combinegwo (conditional)mutualinformations
I(C;YjZ) + | (C;Y). It is often more naturalto di-
rectly set  which controlsthe trade-of betweencondi-
tional and unconditionalinformationmaximization. Since
thel (C;Y) term hasbeenaddedto addresghe coordina-
tion problem,wewill in practicetypically chose 1.

The parametein Eq. (5) on the other handdirectly
controlsthe fuzzinessof the assignmentsuchthat hard
clusteringaarecomputedn thelimit of ! 0. We propose
to adjust usingawell-known continuationmethodcalled
deterministicannealing[10]. This hastwo adwantages:
Conceptuallynon-zerovaluesfor  avoid over-con dence
in assigningobjectsto clustersandthusaddressethe cru-
cial problemof over tting in learningfrom nite data.For
instance,we may choseto selecta valuefor that max-
imizes the predictve performanceon someheld-outdata
set.

The secondadwvantagds algorithmicin nature.The pro-
posedalternatingschemeis sensitie with respectto the
choiceof initial values. As a resultof that, corvergence
to poorlocal optimamaybe a nuisancen practice,a prob-
lem that plaguesmary similar alternatingschemesuchas
k-meansandmixture modeling. However, a simplecontrol
stratgyy that startswith high entropy clusterassignments
andthensuccessiely lowerstheentropy of theassignments
hasprovento be a simple, yet effective tool in practiceto
improve the quality of the solutionsobtained(cf. [10, 11]).
In analogyof aphysicalsystempnemaythink of interms
of acomputationatempeature.

We thusproposethe following scheme:Startingwith a
large enoughvaluefor = ¢, onealternateghe update
equationsuntil convergence. Then one lowers accord-
ing to someschedulefor instancean exponentialschedule

mean opt
Algorithm | Prec | Precc | Preas | Precc
CiB 0.540| 0.773| 0.540| 0.773
CcCiB1 0.566| 0.970| 0.566| 0.970
CCiB2 0.562| 0.919| 0.590| 0.939

Table 1. Synthetic data results with 50 sample
sets and 10 random initializations on each.

b with b < 1. The procesderminatesijf the chosen

leadsto a valuefor | (C; X) thatis closeto the desired

boundl .., orif clusterassignmentaumericallyreachhard
assignments.

5 Experimental results
5.1 Syntheticdata

We have generatedest data setswith binary features
y 2 f0; 1g™ wherem = 12. Two independenpartitionings
B andC with k = 2 areembeddedn the databy associ-
atingB with 8 of thefeaturesandC with 4 of the features,
making B the dominantpartitioning. Noiseis introduced
by randomly ipping eachbinary featurewith probability
Proise = 0:1.

In the experimentson syntheticdata,we investigatewo
typesof backgroundcknowledgeZ: the dominantclassi -
cationitself Z = B (CCIB1) andthe featuresassociated
with the dominantclassi cation(CCIB2). For comparison,
we alsoconsiderZ = B whenthe coordinationtermis not
used(CIB). In all casesa Bernoullidistributionis assumed
for the featuresY. The resultsare summarizedn Table
1. Here'mean' denoteghe averageprecisionof individual
runs, whereasopt' is the precisionobtainedby selecting
the bestout of 10 solutionsbasedon the CCIB criterion.
Discoveredand target clusteringhave beenaligned using
anoptimalmatching.

Both algorithms,CCIB1 and CCIB2, recover the target
clusteringwith high accurag, signi cantly outperforming
CIB. TheCClIB1lversionusingcateyoricalsideinformation
slightly outperformghe GLM versionCCIB2,whichis due
to thefeaturenoise.

5.2 Facedatabase

We considera set of 369 faceimageswith 40 40
grayscalepixels and genderannotations. We performed
clusteringwith k = 2 clustersanda Gaussiamoisemodel
for the features. Initially, no backgroundknowledgewas
used. All of 20 trials corvergedto the sameclustering,
suggestinghat this clusteringis the dominantstructurein



Figure 1. Centroids from initial clustering with
no side information.

C1 c2

Figure 2. Centroids from second clustering
using initial clustering as side information.

the dataset. The precisionscorebetweenthe discovered
clusteringandthe genderclassi cationwas0.5122i.e. the
overlapis closeto random.Examiningthecentroidsof each
clusterin Figurel shavstheclusteringwhichwasobtained
partitionsthe datainto face-and-shoulderiews andface-
only views.

We thenintroducethe clusteringgeneratedrom the rst
attemptasbackgroundnowledgeandperformasecondht-
tempt. Theresultingprecisionscoreis substantiallyhigher,
at 0.7805. Confusionmatricesfor both clusteringsarein
Table2. Centroidsfor this clusteringarein Figure2 and
con rm that the dominantstructurefound in the previous
attempthasbeenavoided, revealing lower-order structure
thatis moreinformative with respecto gender

initial clustering seconcclustering
female male female male
C1 140 144 C1 105 1
C 45 40 C 80 183
Precisior= 0.5122 Precisior= 0.7805

Table 2. Confusion matrices for face data.

5.3 Textmining

We evaluateperformancen severalreal-world text data
sets. Eachmay be partitionedaccordingto either one of
two independentlassi cation schemes.Experimentsare
performedusingeitheroneof theseclassi cationschemes
asbackgroundnowledge.An algorithmis considerecguc-
cessfulif it nds aclusteringnot associatedvith the back-
groundknowledge thatis similar to the otherclassi cation
schemeDocumentsarerepresentetly termfrequeny vec-
tors that areassumedo follow a multinomial distribution.
For all experimentdescribed, = 0:3is usedandk is set
to the cardinalityof thetargetcategorization.

We use the CMU 4 UniversitiesWebKB data set as
describedin [3] which consistsof webpagescollected
from computersciencedepartmentandhasa classi cation
schemebasedon pagetype: (‘course', faculty', “project’,
“staf’, “student’) as well sourceuniversity: (‘Cornell,
“Texas', "Washington',"Wisconsin'). Documentsbelong-
ing to the "misc' and other' cateyories,aswell asthe "de-
partment'category which containedonly 4 memberswere
removed, leaving 1087 pagesremaining. Stopwordswere
removed, numbersveretokenized,andonly termsappear
ing in morethanonedocumentvereretained)eaving 5650
terms.

Additional datasetswerederivedfrom theReuterdRCV-
1 news corpuswhich containsmultiple labelsfor eachdoc-
ument. We rst selecta numberof topic labelsT opic and
region labelsRegion andthensampledocumentgrom the
setof documenthaving labelsf Topic Regong. Wetake
up to n documentdrom eachcombinationof labels. For
easeof evaluation thosedocumentsvhich containmultiple
labelsfrom T opic or multiple labelsfrom Region wereex-
cluded.We selectedabelswhich would producehigh num-
bersof eligible documentandgeneratedhefollowing sets:
(i) RCV1-gmcat2x2T opic = f MCAT (Markets), GCAT
(Government/Socialy andRegion =f UK, INDIA g: 1600
documentand3295terms.(ii) RCV1-ec5x65 of themost
frequentsubcatgoriesof the ECAT (Economics)and6 of
the most frequentcountry codeswere chosen: 5362 doc-
umentsand 4052 terms. (iii) RCV1-top7x9:ECAT (Eco-
nomics),MCAT (Markets)andthe 5 mostfrequentsubcat-
egoriesof the GCAT (General)topic and the 9 most fre-
guent country codeswere chosen: 4345 documentsand
4178terms. As with the WebKB set, stopwordswere re-
moved,numbersweretokenizedandatermfrequeng cut-
off wasusedto remove low-frequeng terms.

Resultsof the CCIB methodon the text datasetsare
shavn in Table 3. It is interestingto notethat resultsim-
prove as setswith more categoriesare considered.In all
casesthesolutionsfoundaremoresimilarto thetargetclas-
si cation thantheknown classi cationalthoughthetaskap-
peargo be moredif cult for theRCV1-ec5x6set.



Z =11 Z =12
Dataset Prea, | I(C;L1) [I(C;L2) | time(s)| Prea1 | I(C;L1) [I(C;L2) | time(s)
WebKB 0.2917 0.0067 0.0189 543 | 0.4735 0.2342 0.0085 61.5
RCV1-gmcat2x2| 0.5516 0.0015 0.0107 125| 0.9781 0.8548 0.0001 9.1
RCV1-ec5x6 0.1970 0.0792 0.3027| 389.8| 0.4189 0.2801 0.2296 519.6
RCV1-top7x9 0.2758 0.0224 0.1383| 333.6| 0.6076 0.4781 0.0074 183.2

Table 3. Results on text data sets averaged over 10 initializations

Region/univer sity.

0 00l 002 003 004 005
Proportion of instances label

006 007 008 0 001 002 003 004 005 006 007 008
led Proportion of instances labeled

Figure 3. WebKB results: adding labeled data

5.4 Semi-supevwisedlearning

Up to this point, all experimentshave beenperformed
subjectto the assumptiorthat no positive supervisedn-
formationis available. We now addressthe questionof
whether semi-supervisedearning may be enhancedby
avoiding redundang with backgroundcknowledge. We as-
sumea small setof examplesis labeledaccordingto a de-
sired classi cation. Performancds comparedagainste M
augmentedvith a Naive Bayesmodelfor labeleddata,as
describedn [9]. Labeleddatais incorporatednto the CCIB
frameawork by xing the correspondingC(x;) for eachla-
beledinstancex;. Resultsfor varying amountsof labeled
dataperclassareshavn in Figure3. Theresultsshav that
for the consideredegime,usingsideinformationaboutun-
desiredclusteringscansigni cantly improve the classi ca-
tion performanceln the rst casewhereC = 'pagetype’,
for proportionsof labeledinstancegreaterthan0.04, the
CCIB methodhasperformancelightly lessthanthatof EM
in nding solutionssimilar to the target clustering. In the
secondcasewhereC = 'university', the CCIB methodsub-
stantiallyoutperform€EM overtheentirerangeconsidered.

5.5 Parameter sensitvity

We have conducteda seriesof experimentgo investigate
the sensitvity of the resultson the parametersmost cru-
cially the relative weight  ensuringclustercoordination.
Dueto lack of spacewe canonly reportthe mainobsena-
tions. On syntheticdataaswell asonthetext datasets,we
have foundtheprocedureo behighly robustwith respecto

for L1 = Topic/pa ge type, L2 =

variationsof in atypical rangeof [0:2; 1:0]. As expected,
toosmallvaluesfor leadto solutionghatlackglobalcoor
dinationandfor valuesthataretoolarge,thel (C; Y) tends
to dominate.In comparisonwe have veri ed thatthe side
information bottleneckof [2] is muchmore sensitve with
respecto thecorrespondinguning parametemwith the op-
timal rangevaryingsigni cantly acrosgifferentdatasets.

6 Conclusion

We have presenteda general information-theoretic
framework for non-redundantlusteringbasedon the idea
of maximizing conditional mutual information relative to
given backgroundknowledge. We have pointed out the
cluster coordinationproblemand provided a way to deal
with it in the CoordinatedConditionallnformation Bottle-
neck.A genericalternatingoptimizationandspecialinstan-
tiationsthereofhave beenderivedanddiscussedemphasiz-
ing theprinciplednatureof ourapproactaswell asits broad
applicability Experimenton syntheticandreal-world data
setshave underpinnedhatclaim.
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Appendix

The Lagrangiarof the CCIB problemis givenby

F=1(C;Yjz) 1 (C;X)+ | (C;Y):

We rewrite mutual informationsas (conditional) entrogy
differencesandafterdroppingconstanterms,we arrive at
FO= H(Y|C;2)

H (C)+ H (CjX) H (YjC):

We introducecrossentropieswvith auxiliary parameterc,
Qvjc,andQyjc;z , non-ngyatve andnormalized Now we



de ne
H(C) = Pc () logQc(0);
H(Y]C) = Pcy (c;y) 10gQyjc (Yi©);
cy
H(Y]C;Z) = X Pcyz(C;y;2)logQyijcz (Yic;2);
cy.z

andanew objective

F= H(Yjz;C) H(C)+ H (CjX) H(YjC):

The advantageof F is thatit is concare in Pcjx for given
Q, sinceH (CjX) is concae andthe H termsarelinearin
Pcjx - Moreover, F is alsoconcarein theQ parameter$or
givenPg¢x , sincethelogarithmfunctionis concae.

More preciselythe solutionsover Q can be obtained
asfollows: First obsene that the only H(C) dependon
Qc, only H(YjC) depend®on Qvjc, andH (YjC;Z) on
Qv jc;z . DifferentiatingF with respecto theQ parameters
andsettingto zeroresultsin Qc = Pc, Qvjc = Pyjc,and
Qvjcz = Pyjcz , asis straightforvardto prove (cf. [11],
Lemma?2). Thesecorrespondo maximaof thefunction F
for givenclusteringprobabilitiesP¢x .

Finally, in orderto optimize F" explicitly over the clus-
teringprobabilitiesP¢jx onemakesuseof therelation

P
@ , Pcxvyz(cxy;z)

@cjx (¢x)

= Pxvyz(Xy;2):

Setting to zero and accountingfor the normalizationof
Pcjx onegets

" #
X
P(cx)/ Q(c)exp -  P(yjx)logQ(yjc)
n y #
X X _ _
exp 2 P(zjx) P(yjx; 2)logQ(yjc;z) ;
z y

wheresubscriptof P andQ have beendroppedfor better
readability

At a stationarypoint (correspondingo a maximumor
saddle-poinbf F) this canagainberewritten moresugges-
tively asacharacterizationf theresultingjoint distribution,
sincethereQ probabilitiesagreewith their P counterparts.
Theasymptoticcorvergenceof this schemes asimplecon-
sequencef thefactthatF is reducedn every updateiter-
ationandthatis boundedrom below. This may notcorre-
spondto aglobalmaximum,butit will ful Il theoptimality
conditionsovertheP¢jx andQ subspaceseparately
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