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Abstract

Weshowquitegoodfaceclusteringis possiblefor a dataset
of inaccuratelyandambiguouslylabelledfaceimages.Our
datasetis 44,773faceimages,obtainedby applyinga face
�nder to approximatelyhalf a million captionednews im-
ages. Thisdatasetis more realistic thanusualfacerecog-
nition datasets,becauseit containsfacescaptured “in the
wild” in a varietyof con�gurationswith respectto thecam-
era, taking a variety of expressions,and under illumina-
tion of widelyvaryingcolor. Each faceimage is associated
with a setof names,automaticallyextractedfrom the as-
sociatedcaption. Many, but not all such setscontain the
correctname.

We clusterfaceimagesin appropriate discriminantco-
ordinates.We usea clusteringprocedure to breakambigu-
ities in labelling and identify incorrectly labelledfaces. A
mergingprocedurethenidenti�esvariantsof namesthat re-
fer to thesameindividual. Theresultingrepresentationcan
be usedto label facesin news imagesor to organizenews
picturesby individualspresent.

Analternativeview of our procedure is asa processthat
cleansup noisysuperviseddata. We demonstrate how to
useentropymeasuresto evaluatesuch procedures.

1. Intr oduction
It is straightforwardto obtainenormousdatasetsof images,
with attachedannotations.Examplesinclude: collections
of museummaterial[3]; theCorelcollectionof images;any
video with soundor closedcaptioning; imagescollected
from thewebwith their enclosingwebpages;or captioned
news images.

Exploiting partially supervised data is a widely stud-
ied themein vision research.Imageregionsmay usefully
andfairly accuratelybelinkedwith words,eventhoughthe
wordsarenot linkedto theregionsin thedatasetoriginally
[7, 2]. For example,modelsbasedaroundtemplatesandre-
lationsmaybelearnedfrom adatasetof motorcycleimages

whereonenever speci�eswhere in theimagethemotorcy-
cle lies (for faces,see[14, 10]; for animalsin staticimages
andin video,see[16, 18]; for arangeof objects,see[9]). In
thispaper, weshow thatfacesandnamescanbelinkedin an
enormousdataset,despiteerrorsandambiguitiesin proper
namedetection,in facedetectionandin correspondence.

Facerecognitionis well studied,andcannotbesurveyed
reasonablyin thespaceavailable.Early facerecognitionis
donein [19, 21] andis reviewedin [12, 6, 13]. Ourproblem
is slightly differentfrom facerecognition,in that it is more
importantto identify discriminantcoordinates— whichcan
be usedto distinguishbetweenfaces,even for individuals
not representedin thedataset— thanto classifythe faces.
As a result,we focuson adoptingthekPCA/LDA method-
ology, ratherthanon building a multi-classclassi�er. Our
currentwork is a necessaryprecursorto real world face
recognitionmachinery:building large andrealisticsetsof
labelleddatafor recognition. We can leveragepastwork
by usingit to determinewhat featuresmight be useful for
identifyingsimilar faces.

The general approach involves using unambiguously
labelled data items to estimatediscriminant coordinates
(section3). We thenusea versionof

�

-meansto allocate
ambiguouslylabelledfacesto oneof their labels(section4).
Oncethisis done,wecleanuptheclustersby removingdata
itemsfar from themean,andre-estimatediscriminantcoor-
dinates(section4.2). Finally, we merge clustersbasedon
facial similarities (section4.3). We show qualitative and
quantitativeresultsin section5.

2. Dataset
We have collecteda datasetconsistingof approximately
half amillion newspicturesandcaptionsfrom YahooNews
overaperiodof roughlytwo years.

Faces:Usingthefacedetectorof [15] weextract44,773
faceimages(size 86x86or larger with suf�cient facede-
tection scoresand resizedto 86x86 pixels). Since these
pictureswere taken “in the wild” rather than under�x ed
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Figure1: Top row showsfacedetectorresults,bottom row
showsimagesreturnedbythefacerecti�er with recti�cation
score showncenter (larger scoresindicatebetterrecti�ca-
tion performance).Thefacerecti�er usesanSVMto detect
feature pointson each face. Gradientdescentis thenused
to �nd thebestaf�ne transformationto mapfeature points
to canonicallocations.

laboratoryconditions,they representa broadrangeof indi-
viduals,pose,expressionandillumination conditions. In-
dividualsalsochangeover time, which hasbeenshown to
hamperrecognitionin [12]. Our facerecognitiondatasetis
morevariedthanany otherto date.

Names: We extract a lexicon of propernamesfrom all
the captionsby identifying two or morecapitalizedwords
followedby a presenttenseverb([8]). Wordsareclassi�ed
asverbsby �rst applyinga list of morphologicalrules to
presenttensesingularforms, andthencomparingtheseto
a databaseof known verbs(WordNet[25]). This lexicon is
matchedto eachcaption. Eachfacedetectedin an image
is associatedwith everynameextractedfrom theassociated
caption(e.g. �g 2). Our job is to label eachfacedetector
responsewith thecorrectname(if oneexists).

Scale:We obtain44,773largeandreliablefacedetector
responses.We reject faceimagesthat cannotbe recti�ed
satisfactorily, leaving 34,623. Finally, we concentrateon
imagesassociatedwith 4 or fewer names,leaving 27,742
faces.

2.1 DistinctiveProperties
Performance�gures reportedin the vision literature are
inconsistentwith experienceof deployed facerecognition
systems(e.g.,see[17]). Thissuggeststhatlabdatasetslack
importantphenomena.Ourdatasetdiffersfrom typical face
recognitiondatasetsin a numberof importantways.

Pose,expressionand illumination vary widely. The
facedetectortendsnot to detectlateralviews of faces,but
(�gure 3) weoftenencounterthesamefaceilluminatedwith
markedlydifferentcoloredlight andin abroadrangeof ex-
pressions.Spectaclesandmustachesarecommon. There
arewigs, imagesof faceson posters,differencesin reso-
lution and identikit pictures. Quite often thereare multi-
ple copiesof thesamepicture(this is dueto theway news
picturesareprepared,ratherthana collectingproblem)or
multiple picturesof thesameindividual in similar con�gu-
rations.Finally, someindividualsaretrackedacrosstime.

Namefr equencieshavethelongtails thatoccurin natu-
ral languageproblems.We expectthatfaceimagesroughly
follow the samedistribution. We have hundredsto thou-
sandsof imagesof a few individuals(e.g. PresidentBush),
anda large numberof individualswho appearonly a few
timesor in only onepicture. Oneexpectsrealapplications
to have this property. For example,in airportsecuritycam-
erasa few people,securityguards,or airline staff might be
seenoften,but the majority of peoplewould appearinfre-
quently. Studyinghow recognitionsystemsperformunder
suchadistribution is important.

Thesheervolume of availabledatais extraordinary. We
have sharplyreducedthe numberof faceimageswe deal
with by usinga facedetectorthat is biasedto frontal faces
and by requiring that facesbe large and rectify properly.
Evenso,we have a datasetthat is comparableto, or larger
than, the biggestavailable lab setsand is much richer in
content. ComputingkernelPCA and linear discriminants
for a setthis sizerequiresspecialtechniques(section3.1).

2.2 Recti�cation
Beforecomparingimages,weautomaticallyrectifyall faces
to a canonicalpose. Five support vector machinesare
trainedas featuredetectors(cornersof the left and right
eyes,cornersof the mouth,andthe tip of the nose)using
150 handclicked faces. We usethe geometricblur of [5]
appliedto grayscalepatchesasthe featuresfor our SVM.
A new faceis testedby runningeachSVM over the image
with aweakprior on locationfor eachfeature.We compute
an af�ne transformationde�ned by the leastsquaressolu-
tion betweenmaximaloutputsof eachSVM andcanonical
featurelocations.We thenperformgradientdescentto �nd
the af�ne transformationwhich bestmapsdetectedpoints
to canonicalfeaturelocations.Eachimageis thenrecti�ed
to acommonposeandassignedascorebasedonthesumof
its featuredetectorresponses.

Larger recti�cation scoresindicatebetterfeaturedetec-
tion andthereforebetterrecti�cation. We �lter our dataset
by removing imageswith poor recti�cation scoresandare
left with 34,623faceimages. Eachfaceis automatically
croppedto aregionsurroundingtheeyes,noseandmouthto
eliminateeffectsof backgroundon recognition.The RGB
pixel valuesfrom eachcroppedfaceareconcatenatedinto a
vectorandusedfrom hereon.

3. Discriminant Analysis
We performkernelprincipal componentsanalysis(kPCA)
to reducethedimensionalityof ourdataandlineardiscrimi-
nantanalysis(LDA) toprojectdataintoaspacethatissuited
for thediscriminationtask.

Kernel Principal ComponentsAnalysis: KernelPCA
[20] usesa kernelfunction to ef�ciently computea princi-
pal componentbasisin a high-dimensionalfeaturespace,
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Donald
Rumsfeld

President
George

President George W. Bush makes a state-
ment in the RoseGardenwhile Secretaryof
DefenseDonald Rumsfeldlookson,July23,
2003.RumsfeldsaidtheUnitedStateswould
releasegraphicphotographsof thedeadsons
of SaddamHusseinto provethey werekilled
by Americantroops. Photoby Larry Down-
ing/Reuters

Lleyton Hewitt

World numberoneLleyton Hewitt of Aus-
tralia hits a returnto NicolasMassuof Chile
at the JapanOpen tennischampionshipsin
Tokyo October3, 2002. REUTERS/Eriko
Sugita

Kate
Winslet

Sam
Mendes

British director Sam Mendes and his part-
neractressKate Winslet arriveattheLondon
premiereof 'The Roadto Perdition',Septem-
ber18, 2002. The�lms starsTom Hanks as
a Chicagohit manwho hasa separatefam-
ily life andco-starsPaul NewmanandJude
Law. REUTERS/DanChung

Claudia Schiffer

GermansupermodelClaudia Schiffer gave
birth to a baby boy by Caesariansection
January30, 2003, her spokeswoman said.
The baby is the �rst child for both Schif-
fer, 32, and her husband,British �lm pro-
ducerMatthew Vaughn, whowasatherside
for the birth. Schiffer is seenon the Ger-
man television show 'Bet It...?!' ('Wetten
Dass...?!') in Braunschweig,on January26,
2002.(AlexandraWinkler/Reuters)

Gray Davis

Incumbent California Gov. Gray Davis
(news - web sites) leads Republicanchal-
lengerBill Simon by 10 percentagepoints–
although17 percentof votersarestill unde-
cided, accordingto a poll releasedOctober
22,2002by thePublicPolicy Instituteof Cal-
ifornia. Davis is shown speakingto reporters
after his debatewith Simonin Los Angeles,
onOct. 7. (Jim Ruymen/Reuters)

President
George

State Colin
Powell

USPresidentGeorgeW. Bush(L) makesre-
markswhile Secretaryof State Colin Pow-
ell (R) listensbeforesigningtheUS Leader-
ship AgainstHIV /AIDS , Tuberculosisand
Malaria Act of 2003 at the Departmentof
Statein Washington,DC. The � ve-yearplan
is designedto help prevent and treat AIDS,
especiallyin morethana dozenAfrican and
Caribbeannations(AFP/Luke Frazza)

Figure2: Givenaninput imageandanassociatedcaption(imagesaboveandcaptionsto theright of each image),our system
automaticallydetectsfaces(whiteboxes)in the image andpossiblenamestrings(bold). We usea clusteringprocedure to
build modelsof appearancefor each nameandthenautomaticallylabeleach of thedetectedfaceswith a nameif oneexists.
Theseautomaticlabelsare shownin boxesbelowthe faces. Multiple facesmaybe detectedand multiple namesmaybe
extracted,meaningwemustdeterminewhois who(e.g., thepictureof CluadiaSchiffer).

relatedto the input spaceby somenonlinearmap. Ker-
nel PCA hasbeenshown to perform better than PCA at
facerecognition[23]. KernelPCA is performedasfollows:
Computea kernelmatrix, K, where ����� is thevalueof the
kernel function comparing���
	����� and ���
	����� (we usea
Gaussiankernel).Centerthekernelmatrix in featurespace
(by subtractingoff averagerow, averagecolumnandadding
on averageelementvalues).Computeaneigendecomposi-
tion of K, andprojectonto thenormalizedeigenvectorsof
K.

Linear Discriminant Analysis: LDA hasbeenshownto
work well for facediscrimination[24, 4, 12] becauseit uses
classinformation to �nd a set of discriminantsthat push
meansof differentclassesaway from eachother.

3.1 Nyström Approximation
Our datasetis too large to do kPCA directly asthe kernel
matrix, K will be of size NxN, whereN is the the num-
ber of imagesin the dataset,and involve approximately

���������

imagecomparisons.Therefore,weinsteaduseanap-
proximationto calculatetheeigenvectorsof K. Incomplete
Cholesky Decomposition(ICD [1]) canbe usedto calcu-
lateanapproximationto K with aboundon theapproxima-
tion error, but involvesaccessingall N imagesfor eachcol-
umncomputation(whereN is thenumberof imagesin the

dataset).TheNyström approximationmethod(cf [22, 11])
givesa similar result,but allows the imagesto beaccessed
in a single batchrather than oncefor eachcolumn com-
putation(therebybeing much fasterto computefor large
matrices).Nyström doesnot give thesameerrorboundon
its approximationto K. However, becauseof thesmoothing
propertiesof kernelmatricesweexpectthenumberof large
eigenvaluesof our matrix to besmall,wherethenumberof
largeeigenvaluesshouldgo down relative to theamountof
smoothing.In our matrix we observedthat theeigenvalues
do tend to drop off quickly. Becauseof this, a subsetof
thecolumnsof our matrix,shouldencodemuchof thedata
in the matrix. This implies that the Nyström methodmay
providea goodapproximationto K.

TheNyström methodcomputestwo exactsubsetsof K,
A andB, andusestheseto approximatetherestof K. Using
this approximationof K, the eigenvectorscanbe approxi-
matedef�ciently .

First theN � N kernelmatrix,K, is partitionedas

���

� � !

!#" $&%

with
�('*),+�-.+

,
! '/)1032546+879-.+

and
$:'/)10;2<46+879-603254=+87

.
Here,A is a subsetof the images,(in our case1000ran-
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Figure3: The�gur eshowsa representativesetof clusters fromour largestthresholdseries,illustratinga seriesof important
propertiesof both the datasetand the method.Note that this picture greatly exaggeratesour error rate in order to show
interestingphenomenaandall thetypesof error weencounter. 1: Somefacesareveryfrequentandappearin manydifferent
expressionsandposes,with a rich range of illuminations(e.g. clusters labelledStateColin Powell, or DonaldRumsfeld).
Theseclusters also demonstrate that our clusterer can copewith thesephenomena.2: Somefacesare rare, or appearin
eitherrepeatedcopiesof oneor two picturesor only slightly differentpictures(e.g. clusterlabelledAbu Sayyafor Actress
JenniferAniston). 3: Somefacesare not, in fact, photographs(Ali Imron). 4: Theassociationbetweenpropernamesand
facesis still somewhatnoisy, becauseit remainsdif�cult to tell which stringsare namesof persons(UnitedNations, which
showsthreeseparatefacephenomenathat co-occurfrequentlywith thisstring; JusticeDepartment, which is consistentasto
facebut not thenameof a person; andPresidentDanielArap Moi or JohnPaul, which showa namesassociatedwith the
wrong face). 5: somenamesare genuinelyambiguous(JamesBond, which showstwo different facesnaturally associated
with thename(the �r st is an actor whoplayedJamesBond,thesecondan actor whowasa villain in a JamesBond�lm) .
6: Somefacesappearat both low andreasonableresolution(SaddamHussein). 7: Our clustermerging processis able to
mergeclustersdepictingthesamefacebut labelledwith distinctstrings(theclusters in thelight grayanddarkgraypolygons,
respectively).8: Our clustermergingprocessis notperfectandcouldbene�t fromdeepersyntacticknowledgeof names(Eric
RudolphandEric RobertRudolph), but in casessuch asDefenseSecretaryRumsfeld, DonaldRumsfeldandDefenseDonald
Rumsfeldthemergingsproducedare correct. 9: Our clusteringis quite resilientin thepresenceof spectacles(HansBlix),
perhapswigs(JohnBolton) andmustaches(JohnBolton).
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ProposedMerges
PresidentBush PresidentGeorge

DonaldRumsfeld DefenseSecretary
DonaldRumsfeld

StateColin Powell Colin Powell
PresidentBush RichardMyers
PresidentBush UnitedNations

DefenseDonaldRumsfeld DonaldRumsfeld
VenezuelanPresident HugoChavez

HugoChavez

Table1: Multiple namescanoftenreferto thesameperson.
We link namesto peoplebasedon images. If two names
havethe sameassociatedface, thenthey mustrefer to the
sameperson.Theabovepairsarethetopnamemergespro-
posedby our system. Merges are proposedbetweentwo
namesif theclustersreferringto each namecontainsimilar
lookingfaces.

domly selectedimages)comparedto themselves,B is the
comparisonof each of the imagesof A, to the rest of
the imagesin our dataset,and C is approximatedby the
Nyström method. Nyström givesan approximationfor C
as, •

$

�

!
"

�‚4„ƒ�!

. This gives an approximationto K,

•�…�

�

� !

!
"

•

$

%

Thenweform †� , thecenteredversionof ourapproxima-
tion •� , by calculatingapproximateaveragerow, average
columnsums(theseareequalsinceK is symmetric),and
averageelementvalues. We canapproximatethe average
row (or column)sumas:
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Wethensolvefor theorthogonalizedapproximateeigen-

vectorsas follows. First, we replaceA and B by their
centeredversions. Let

�*Ž

• be the squareroot of A, and
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Then †� is diagonalizedby:
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Then we have †�—�

–

•
“

–

"

and
–

"

–

�™˜ . Given
this decompositionof †

� we proceedas usual for kPCA,
by normalizingtheeigenvectors•

“ andprojecting †� onto
the normalizedeigenvectors. This givesa dimensionality
reductionof our imagesthatmakesthediscriminationtask
easier.

4. Clustering
We view our collectionasa semi-superviseddatasetwith
errorsthat we wish to “clean up”. First we form discrim-
inantsfrom faceswith only onecommonextractedname.
While this is afairly smallsetof facesandthelabelsarenot
perfect,they let us form an initial discriminantspace.We
projectall of our imagesinto thisspaceandperformamod-
i�ed k-meansprocedurefor clustering.This givesa larger
and lessnoisy datasetfrom which to recomputediscrimi-
nants.Thesenew discriminantsgivea betterrepresentation
of identity andwe usethemto re-cluster. This givesa reli-
ablesetof clusters.

4.1 Modi�ed K-Means Clustering
Eachimagehasan associatedvector, given by the kPCA
and LDA processes,and a set of extractednames(those
words extractedusing our propernamedetectorfrom the
image'scaption).

The clusteringprocessworks asfollows: 1. Randomly
assigneachimageto oneof its extractednames2. For each
distinct name(cluster),calculatethe meanof imagevec-
torsassignedto thatname.3. Reassigneachimageto the
closestmeanof its extractednames. 4. Repeat2-3 until
convergence(i.e. no imagechangesnamesduringanitera-
tion)

4.2 Pruning Clusters
We usea nearestneighbormodel to describeour dataset
andthrow out pointsthathave a low probabilityunderthis
model. We remove clusterswith fewer than threeimages
so that nearestneighborhassomemeaning. This leaves
19,355images.We thenremovepointswith low likelihood
for a varietyof thresholds(table2) to geterrorratesaslow
as5%,(errorratesarecalculatedby handlabellingpictures
from our dataset).We de�ne likelihoodasthe ratio of the
probability that it camefrom its assignedclusterover the
probabilitythatit did not comefrom its assignedcluster:

š

�

�

V›c�Qœt•�•�ž=Ÿc 6¡¢�¤£

Ÿc ,¥ ¦a��¡

£

ŸD §¥ ¨,¦
�

¡‚©

�

�

�

›v•H��ª‚«

Ÿc¬/‹¬B��¡

¬
� ®

wherefor apointx in cluster¦�� , k is thenumberof near-
estneighborswe areconsidering,

�

� is thenumberof those
neighborsthatarein ¦

� , n is thetotalnumberof pointsin the
setand ¬

� is thenumberof pointsin cluster ¦
� . We areus-

ing ›v•H�
ª

Ÿ

+8¯

+

¡ astheestimatedprobabilityof a cluster. This
givesmoreweightto smallerclusters.

4.3 Merging Clusters
We would like to mergeclusterswith differentnamesthat
actuallycorrespondto asinglepersonsuchasDefenseDon-
ald RumsfeldandDonaldRumsfeldor VenezuelanPresident
HugoChavezandHugoChavez. Thiscanbeextremelyhard
to do directly from text, in situationssuchasColin Powell
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#Images #Clusters errorrate
19355 2357 26%
7901 1510 11%
4545 765 5.2%
3920 725 7.5%
2417 328 6.6%

Table2: Datasetsizes,numberof clusters and error rates
for differentthresholds.Thenumberof peoplein each setis
approximatelythenumberof clusters anderror rate is de-
�ned as: givenan individual anda facefromtheir associ-
atedcluster, theerror rateis theprobabilityof that facebe-
ing incorrect.Weseethatfor mid-levelpruningwegetquite
smallerror rates. We haveturneda large semi-supervised
setof facesinto a well supervisedsetand producedclean
clustersof manypeople.

andSecretaryof State(thenamesdo not shareany words).
We proposeto merge namesthat correspondto facesthat
look the same. Our systemautomaticallyproposemerges
betweenclustersthat have similar compositionsi.e. if the
clustershave similar facesin themthey possiblydescribe
the sameperson. We can judge the similarity of clusters
by thedistancebetweentheirmeansin discriminantcoordi-
nates.Table1showsthatalmostall thetopproposedmerges
correspondto correctmerges(two namesthat refer to the
sameperson),exceptthat of Richard Myers andPresident
Bush.

5. Quantitati veEvaluation
Weview thismethodastakingasuperviseddatasetthatcon-
tainserrorsandambiguitiesin the supervisorysignaland
producinga datasetwith an improved(or, ideally, correct)
supervisorysignal,possiblyomitting somedataitems. We
must now determinehow much betterthe new datasetis.
Two thingscanhave happened:First, the datasetmay be
smaller. Second,thesupervisorysignalshouldbemoreac-
curate.

But how muchmoreaccurate?If we arewilling to as-
sumethatall errorsareequivalent,we canseethis issueas
a codingproblem. In particular, onemustdeterminehow
many bits needto be suppliedto make the datasetcorrect.
Wecomputethisscoreonaper-itembasis,sothatthesizeof
thedatasetdoesnotaffect thescore.Thenumbercomputed
is necessarilyan estimate— we may not have an optimal
codingscheme— but if oneusesa reasonablycompetent
codingschemeshouldallow usto rankmethodsagainstone
another.

5.1 The costof correcting unclustered data
We have a setof image-text pairs, eachof which consists
of animageof oneof theindividuals,anda list of between
1 and4 (typically) text labels.For eachdataitem,we must
now determinewhetherthissetof labelscontainsthecorrect
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Figure4: The�gur e showsthe approximatecostper item
of correcting each datasetplotted against the sizeof the
dataset.Notethat the original dataset(the cross)is large
andnoisy; if oneclusters, mergesandcleans,thenignores
the clustering structure, the resulting datasetis, in fact,
somewhatnoisier(dashedline). Finally, if onelooksat the
clusterstructure, too, the datasetis much cleanerin par-
ticular oneis contributing informationto a datasetbyclus-
tering it correctly. Finally, increasingsettingsof our re-
ject thresholdleadsto datasetsthat tendto besmallerand
cleaner.
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5.2 The Costof Corr ecting Clustered Data
Our clusteringprocedureintroducestwo typesof structure.
First, it assignseachimagefrom an image-text pair to one
of Á clusters.Second,it associatesa text to eachcluster,
so implicitly labelling eachimagepair within that cluster.
If thelabellingrepresentedin thisway is perfect,no further
bitsneedto beprovided.

We computetheadditionalcostfor perfectlabelling by
examininghow much work (how many bits) are required
to �x all the errorsin an imperfectclusteringand cluster
labelling. We assumethe entropy of the label set remains
�x ed. We split theproblemof �xing up imperfectclusters
into two steps.In the�rst step,wechangethenameof each
cluster, if necessary, sothatit correspondsto thepersonwho
appearsmostfrequentlyin this cluster. In thesecondstep,
wechangethelabelof eachimagein aclusterif it doesnot
correspondto the(now correct)labelof thecluster.
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Fixing the cluster labels: Let ·fŸvžS¡ betheproportionof
clusterswith thecorrectlabeland ·§Ÿv¨,ž�¡ theproportionof
clusterswith an incorrectlabel. Let Â betherandomvari-
ablerepresentingwhethera clusteris labelledcorrectlyor
not andrecall our practiceof writing theentropy of a ran-
domvariableÃ as °±ŸcÃÄ¡ Thecostperclusterof correcting
thelabelsfor all theclustersis then

°³ŸDÂÅ¡

‡

·§Ÿv¨,ž�¡Q°³Ÿ

š

¡ÆÀ

Fixing incorr ect elementswithin the cluster: We as-
sumefor simplicity that,oncethelabelshavebeencorrected
asabove, theproportionof correctlylabelledelementsin a
cluster·fŸvV¡ is independentof thecluster. This meansthat
the costper item of �xing incorrectly labelledelementsis
independentof thespeci�c clusterstructure.Thento �nish
�xing thelabellingwemustpay °³ŸDÇ•¡ bitsperitemto iden-
tify theincorrectitemsand

$

ŸDÂ�¡ bits perincorrectitem to
obtainthecorrectname,andthecostis

°±ŸDÇ•¡

‡

·fŸ�¨,�¡

$

ŸDÂ�¡

Now write ¦ for the total numberof clustersper item (we
hope ¦ÅÈ

�

). We have a total per itemcostfor thecorrect
labellingof thedata,afterclustering,as

°±ŸDÇ•¡

‡

·fŸ�¨,�¡

$

ŸDÂ�¡

‡

¦�¾ °³ŸvÂÅ¡

‡

·fŸ�¨,žS¡m°³Ÿ

š

¡�¿�À

Quantitati veEvaluation Results
We reportresultsfor (a) theoriginaldataset(b) thedatasets
resultingfromourclustering,mergingandcleaningprocess,
without usingclusterinformation(c) thedatasetsresulting
from our clustering,merging andcleaningprocess,includ-
ing their clusterstructure. Figure 4 shows the plot. The
original datasetis large andnoisy; if oneclusters,merges
andcleans,thenignorestheclusteringstructure,theresult-
ing datasetis somewhatnoisier. Finally, if onelooksat the
clusterstructure,too, thedatasetis muchcleaner— this is
becauseone is contributing information to the datasetby
clusteringit correctlyandthis factis re�ectedby ourscore:
in particularmany of ourclustershavetheright face,but the
wrongname(e.g. PresidentDaniel Arap Moi in �gure 3),
andsocanbecorrectedquickly. Finally, distinctsettingsof
our rejectthresholdleadto datasetsthat tendto besmaller
andcleaner.

References
[1] F.R. Bach,M.I. Jordan,“Kernel independentcomponentanalysis”,

InternationalConferenceon Acoustics,Speech, andSignalProcess-
ing, 2003

[2] K. Barnard,P. Duygulu,N. deFreitas,D.A. Forsyth,D. Blei, M.I. Jor-
dan,“Matching WordsandPictures”,Journal of Machine Learning
Research, Vol 3, pp.1107-1135,2003.

[3] K. BarnardandP. DuyguluandD.A. Forsyth,“ClusteringArt”, Com-
puterVisionandPatternRecognition, Vol II, pp.434-441,2001.

[4] P. Belhumeur, J.Hespanha,D. Kriegman“Eigenfacesvs.Fisherfaces:
RecognitionUsing ClassSpeci�c Linear Projection” Transactions
on PatternAnalysisandMachine Intelligence, Specialissueon face
recognition,pp.711-720,July1997.

[5] A.C. Berg, J.Malik, “GeometricBlur for TemplateMatching,” Com-
puterVisionandPatternRecognition,Vol I, pp.607-614,2001.

[6] V. Blanz, T. Vetter, “FaceRecognitionBasedon Fitting a 3D Mor-
phableModel,” Transactionson PatternAnalysisandMachineIntel-
ligenceVol. 25no.9,2003.

[7] P. Duygulu,K. Barnard,N. deFreitas,D.A. Forsyth“Object Recog-
nition asMachineTranslation”,EuropeanConferenceon Computer
Vision, Vol IV, pp.97-112,2002.

[8] J. Edwards, R. White, D.A. Forsyth, “Words and Picturesin the
News,” Workshopon LearningWord Meaningfrom Non-Linguistic
Data, 2003.

[9] R. Fergus, P. Perona,A. Zisserman,“Object ClassRecognitionby
UnsupervisedScale-Invariant Learning,” ComputerVision and Pat-
tern Recognition, 2003

[10] A.W. Fitzgibbon,A. Zisserman:“On Af�ne InvariantClusteringand
AutomaticCastListing in Movies,” EuropeanConferenceon Com-
puterVision, 2002

[11] C. Fowlkes,S.Belongie,F. ChungandJ.Malik, “SpectralGrouping
UsingTheNyströmMethod,” TPAMI, Vol. 26,No. 2, February2004.

[12] R. Gross,J. Shi andJ.Cohn,“Quo VadisFaceRecognition?,” Third
WorkshoponEmpiricalEvaluationMethodsin ComputerVision, De-
cember, 2001.

[13] R. Gross, I. Matthews, and S. Baker, “Appearance-BasedFace
RecognitionandLight-Fields,” TransactionsonPatternAnalysisand
MachineIntelligence, 2004.

[14] T. Leung, M.C. Burl, and P. Perona,“Finding Facesin Cluttered
Scenesusing RandomLabelledGraphMatching”, Int. Conf Com-
puterVision, 1995.

[15] K. Mikolajczyk“Facedetector,” Ph.Dreport, INRIA Rhone-Alpes

[16] D. RamananandD. A. Forsyth,“UsingTemporalCoherenceto Build
Modelsof Animals”, Int. ConferenceonComputerVision, 2003.

[17] J. Scheeres,“Airport face scannerfailed”, Wired News, 2002.
http://www.wired.com/news/privacy/0,1848,52563,00.html.

[18] C.Schmid,“Constructingmodelsfor content-basedimageretrieval”,
ComputerVision andPatternRecognition, 2001.

[19] L. Sirovitch, M. Kirby, “Low-dimensionalprocedurefor thecharac-
terizationof humanfaces”,J. Opt.Soc.Am.Vol 2,pp.586-591,1987.

[20] B. Scholkopf, A. Smola,K.-R. Muller “NonlinearComponentAnal-
ysisasa KernelEigenvalueProblem”Neural Computation, Vol. 10,
pp.1299-1319,1998.

[21] M. Turk, A. Pentland,“FaceRecognitionusingEigenfaces”,Com-
puterVisionandPatternRecognition, pp.586-591,1991.

[22] C. Williams, M. Seeger “Using the Nyström Method to Speedup
KernelMachines,” Advancesin Neural InformationProcessingSys-
tems, Vol 13,pp.682-688,2001.

[23] M.H. Yang,N. Ahuja,D. Kriegman,“ FaceRecognitionUsingKer-
nel Eigenfaces,” Int. Conf. on Image Processing, vol. 1, pp. 37-40,
2000

[24] W. Zhao,R.Chellapa,andA. Krishnaswamy, “Discriminantanalysis
of principalcomponentsfor facerecognition,” InternationalConfer-
enceonAutomaticFaceandGestureRecognition, pp.336-341,1998.

[25] “WordNet,a lexical databasefor theEnglishLanguage”,2003.

7


