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Abstract

We showquite goodfaceclusteringis possiblefor a dataset
of inaccuratelyandambiguouslyabelledfaceimages.Our
datasetis 44,773faceimages,obtainedby applyinga face
nder to approximatelyhalf a million captionednews im-
ages. This datasetis more realistic than usualfacerecay-
nition datasetspecauset containsfacescaptuied“in the
wild” in avarietyof con gurationswith respecto thecam-
era, taking a variety of expressions,and under illumina-
tion of widelyvarying color. Each faceimage is associated
with a setof names,automaticallyextractedfrom the as-
sociatedcaption. Many, but not all sud setscontainthe
correctname

We clusterfaceimagesin appropriate discriminantco-
ordinates.We usea clusteringprocedue to breakambigu-
ities in labelling andidentify incorrectly labelledfaces. A
meging proceduethenidenti es variantsof nameghatre-
fer to thesamendividual. Theresultingrepresentatiorcan
be usedto label facesin newsimagesor to organizenews
picturesby individualspresent.

An alternativeview of our procedueis asa procesghat
cleansup noisy superviseddata. e demonstate how to
useentopy measuesto evaluatesud procedues.

1. Intr oduction

It is straightforvardto obtainenormouglataset®f images,
with attachedannotations.Examplesinclude: collections
of museunmaterial[3]; the Corelcollectionof imagesary
video with soundor closedcaptioning; imagescollected
from theweb with their enclosingweb pages;or captioned
newsimages.

Exploiting partially supewiseddata is a widely stud-
ied themein vision research.Imageregions may usefully
andfairly accuratelybelinkedwith words,eventhoughthe
wordsarenotlinkedto theregionsin the datasebriginally
[7, 2]. For example,modelsbasedaroundtemplatesandre-
lationsmaybelearnedrom a datasebf motorg/cleimages

whereonenever speci eswhee in theimagethe motorgy-
clelies (for facessee[14, 10]; for animalsin staticimages
andin video,se€[16, 18]; for arangeof objectsse€[9]). In
thispaperwe show thatfacesandnamesanbelinkedin an
enormoudiatasetdespiteerrorsandambiguitiesin proper
namedetectionjn facedetectionandin correspondence.

Facerecognitionis well studiedandcannotesuneyed
reasonablyn the spaceavailable. Early facerecognitionis
donein [19, 21] andis reviewedin [12, 6, 13]. Ourproblem
is slightly differentfrom facerecognition,in thatit is more
importantto identify discriminantcoordinates— whichcan
be usedto distinguishbetweenfaces,evenfor individuals
not representeth the dataset— thanto classifythe faces.
As aresult,we focuson adoptingthe kPCA/LDA method-
ology, ratherthanon building a multi-classclassi er. Our
currentwork is a necessanprecursorto real world face
recognitionmachinery:building large andrealistic setsof
labelleddatafor recognition. We canleveragepastwork
by usingit to determinewhat featuresmight be usefulfor
identifying similar faces.

The general approach involves using unambiguously
labelled data items to estimatediscriminant coordinates
(section3). We thenusea versionof -meansto allocate
ambiguouslyabelledfacego oneof theirlabels(sectiord).
Oncethisis done we cleanuptheclustersby removing data
itemsfar from the meanandre-estimateliscriminantcoor
dinates(section4.2). Finally, we meme clustersbasedon
facial similarities (section4.3). We shav qualitative and
guantitatve resultsin section5.

2. Dataset

We have collecteda datasetconsistingof approximately
half amillion news picturesandcaptiongrom YahooNews
overaperiodof roughlytwo years.
Faces:Usingthefacedetectorof [15] we extract44,773
faceimages(size 86x86 or larger with sufcient facede-
tection scoresand resizedto 86x86 pixels). Sincethese
pictureswere taken “in the wild” ratherthanunder x ed
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Figurel: Top row showdacedetectorresults bottom row
showdmagesreturnedbythefacerecti er with recti cation
scole showncenter (larger scoesindicatebetterrecti ca-
tion performance)Thefacerecti er usesan SVMto detect
featuie pointson each face Gradientdescenis thenused
to nd thebestaf ne transformationto mapfeatuse points
to canonicallocations.

laboratoryconditions they represent broadrangeof indi-
viduals, pose,expressionandillumination conditions. In-
dividualsalsochangeover time, which hasbeenshavn to
hamperrecognitionin [12]. Ourfacerecognitiondatasets
morevariedthanary otherto date.

Names: We extracta lexicon of propernamesfrom all
the captionsby identifying two or more capitalizedwords
followedby a presentenseverb([8]). Wordsareclassi ed
asverbshy rst applyinga list of morphologicalrulesto
presenttensesingularforms, and then comparingtheseto
a databasef known verbs(WordNet[25]). Thislexiconis
matchedto eachcaption. Eachfacedetectedn animage
is associateavith every nameextractedfrom theassociated
caption(e.g. g 2). Ourjob is to label eachfacedetector
responsevith the correctname(if oneexists).

Scale: We obtain44,773largeandreliablefacedetector
responsesWe rejectfaceimagesthat cannotbe recti ed
satishctorily, leaving 34,623. Finally, we concentrateon
imagesassociatedvith 4 or fewer names leaving 27,742
faces.

2.1 Distinctive Properties

Performancegures reportedin the vision literature are
inconsistentwith experienceof deployed facerecognition
systemge.g.,se€[17]). This suggestshatlab dataset$ack
importantphenomenaOur datasetiffersfrom typical face
recognitiondatasetsn a numberof importantways.

Pose, expressionand illumination vary widely. The
facedetectortendsnot to detectlateralviews of faces,but
( gure 3) we oftenencountethesamefaceilluminatedwith
markedly differentcoloredlight andin a broadrangeof ex-
pressions.Spectacleand mustachesre common. There
arewigs, imagesof faceson posters differencesn reso-
lution andidentikit pictures. Quite often thereare multi-
ple copiesof the samepicture (this is dueto the way news
picturesare preparedyatherthana collecting problem)or
multiple picturesof the sameindividualin similar con gu-
rations.Finally, someindividualsaretrackedacrosgime.

Namefr equencieshave thelongtailsthatoccurin natu-
ral languageproblems We expectthatfaceimagesroughly
follow the samedistribution. We have hundredsto thou-
sandof imagesof afew individuals(e.g. PresidentBush,
anda large numberof individualswho appearonly a few
timesor in only onepicture. Oneexpectsreal applications
to have this property For example,in airportsecuritycam-
erasa few people,securityguardsor airline staf might be
seenoften, but the majority of peoplewould appeatinfre-
quently Studyinghow recognitionsystemsperformunder
suchadistributionis important.

The sheerolume of availabledatais extraordinary We
have sharplyreducedthe numberof faceimageswe deal
with by usinga facedetectorthatis biasedto frontal faces
and by requiring that facesbe large and rectify properly
Evenso, we have a datasethatis comparableo, or larger
than, the biggestavailable lab setsandis muchricher in
content. Computingkernel PCA and linear discriminants
for a setthis sizerequiresspecialtechniquegsection3.1).

2.2 Redcti cation

Beforecomparingmageswe automaticallyrectify all faces
to a canonicalpose. Five supportvector machinesare
trained as 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 theimage
with aweakprior onlocationfor eachfeature.We compute
anafne transformatiorde ned by the leastsquaressolu-
tion betweermaximaloutputsof eachSVM andcanonical
featurelocations.We thenperformgradientdescento nd
the af ne transformatiorwhich bestmapsdetectedooints
to canonicalfeaturelocations.Eachimageis thenrecti ed
to acommonposeandassigned scorebasedn the sumof
its featuredetectoresponses.

Larger recti cation scoresindicatebetterfeaturedetec-
tion andthereforebetterrecti cation. We lter our dataset
by removing imageswith poor recti cation scoresandare
left with 34,623faceimages. Eachfaceis automatically
croppedo aregionsurroundingheeyes,noseandmouthto
eliminateeffectsof backgrouncon recognition. The RGB
pixel valuesfrom eachcroppedfaceareconcatenatethto a
vectorandusedfrom hereon.

3. Discriminant Analysis

We performkernel principal componentanalysis(kPCA)
to reducehedimensionalityof our dataandlineardiscrimi-
nantanalysigLDA) to projectdatainto aspacehatis suited
for thediscriminationtask.

Kernel Principal ComponentsAnalysis: KernelPCA
[20] usesa kernelfunctionto ef ciently computea princi-
pal componentasisin a high-dimensionafeaturespace,



President George W. Bush males a state-
mentin the RoseGardenwhile Secretaryof

DefenseDonald Rumsfeldlookson,July 23,

2003.Rumsfeldsaidthe United Statesvould

releasgyraphicphotograph®f thedeadsons
of SaddamHusseinto prove they werekilled

by Americantroops. Photoby Larry Down-

ing/Reuters

British director Sam Mendes and his part-
neractresKate Winsletarrive attheLondon
premiereof 'The Roadto Perdition’, Septem-
ber18,2002. The Ims starsTom Hanks as
a Chicagohit manwho hasa separatdam-
ily life andco-starsPaul NewmanandJude
Law. REUTERS/DarChung

Incumbent California Gov. Gray Davis
(news - web sites) leads Republicanchal-
lengerBill Simon by 10 percentaggoints—
although17 percentof votersare still unde-
cided, accordingto a poll releasedOctober
22,2002by thePublicPolicy Instituteof Cal-
ifornia. Davis is shawvn speakingo reporters
after his debatewith Simonin Los Angeles,
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World numberone Lleyton Hewitt of Aus-
tralia hitsareturnto Nicolas Massuof Chile
at the JapanOpen tennis championshipsn
Tokyo October3, 2002. REUTERS/Erilo
Sugita

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

US PresidentGeorge W. Bush(L) makesre-
markswhile Secretaryof State Colin Pow-
ell (R) listensbeforesigningthe US Leader
ship AgainstHIV /AIDS , Tuberculosisand
Malaria Act of 2003 at the Departmentof
Statein WashingtonDC. The ve-yearplan
is designedto help prevent andtreat AIDS,
especiallyin morethana dozenAfrican and

onOct. 7. (Jim Ruymen/Reuters)

Caribbeamations(AFP/Luk Frazza)

Figure2: Givenaninputimage andanassociatedaption(imagesaboveandcaptionsto theright of eadr image), our system
automaticallydetectsfaces(white boxes)in the image and possiblenamestrings (bold). We usea clusteringprocedue to

build modelsof appeaancefor eadh nameandthenautomaticallylabel each of the detectedaceswith a nameif oneexists.

Theseautomaticlabels are shownin boxesbelowthe faces. Multiple facesmay be detectedand multiple namesmay be

extracted,meaningwe mustdeterminevhois who(e.g., the picture of CluadiaSchifter).

relatedto the input spaceby somenonlinearmap. Ker
nel PCA hasbeenshowvn to perform betterthan PCA at
facerecognition[23]. KernelPCA s performedasfollows:
Computea kernelmatrix, K, where is the valueof the
kernelfunction comparing and (we usea
Gaussiarkernel). Centerthe kernelmatrix in featurespace
(by subtractingpff averagerow, averagecolumnandadding
on averageelementvalues). Computean eigendecomposi-
tion of K, and projectonto the normalizedeigervectorsof
K.

Linear Discriminant Analysis: LDA hasbeenshovnto
work well for facediscrimination24, 4, 12] becausé uses
classinformationto nd a setof discriminantsthat push
meanf differentclassesway from eachother

3.1 Nystrom 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

imagecomparisonsThereforeweinsteaduseanap-

proximationto calculatethe eigervectorsof K. Incomplete
Cholesly Decomposition(ICD [1]) canbe usedto calcu-
lateanapproximatiorto K with aboundon theapproxima-
tion error, but involvesaccessingll N imagesfor eachcol-

umn computationwhereN is the numberof imagesin the

dataset).The Nystrom approximatiormethod(cf [22, 11])
givesa similar result,but allows theimagesto be accessed
in a single batchratherthan oncefor eachcolumn com-
putation (therebybeing much fasterto computefor large
matrices).Nystrdm doesnot give the sameerrorboundon
its approximatiorto K. However, becaus®f the smoothing
propertief kernelmatriceswve expectthe numberof large
eigervaluesof our matrix to be small,wherethe numberof
large eigervaluesshouldgo down relative to the amountof
smoothing.In our matrix we obsenedthatthe eigervalues
do tendto drop off quickly. Becauseof this, a subsetof
the columnsof our matrix, shouldencodemuchof thedata
in the matrix. This implies that the Nystrom methodmay
provide agoodapproximatiorto K.

The Nystdm methodcomputegwo exactsubsetof K,
A andB, andusegheseto approximataherestof K. Using
this approximationof K, the eigervectorscanbe approxi-
matedef ciently .

FirsttheN N kernelmatrix, K, is partitionedas

with , and .
Here, A is a subsetof the images,(in our case1000ran-
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Figure3: The gur e showsa representativesetof clustess fromour largestthresholdseries,llustrating a seriesof important
propertiesof both the datasetand the method. Note that this picture greatly exaggeratesour error rate in order to show
interestingphenomenandall thetypesof error weencounterl: Someacesare veryfrequentandappearin manydifferent
expressionsand poseswith a rich range of illuminations(e.g. clustes labelled StateColin Pawell, or Donald Rumsfeld.
Theseclustess also demonstate that our clusteer can copewith thesephenomena2: Somefacesare rare, or appearin
eitherrepeatedcopiesof oneor two picturesor only slightly differentpictures(e.g. clusterlabelledAbu Sayyafor Actress
JenniferAniston). 3: Somefacesare not, in fact, photagraphs(Ali Imron). 4: Theassociatiorbetweerproper namesand
facesis still som@vhatnoisy becausat remainsdif cult to tell which stringsare namesof persons(United Nations which
showsthreesepaatefacephenomenahat co-occurfrequentlywith this string; JusticeDepartmentwhich is consistenaisto
facebut not the nameof a person; and PresidenDaniel Arap Moi or JohnPaul, which showa namesassociatedvith the
wrong face). 5: somenamesare genuinelyambiguougJamesBond, which showstwo differentfacesnaturally associated
with the name(the r stis an actor who playedJamesBond,the secondan actor whowasa villain in a JamesBond Im) .
6: Somefacesappearat bothlow andreasonablaesolution(SaddanHussein. 7: Our clustermeiging processis ableto
meige clustess depictingthesamefacebut labelledwith distinctstrings(theclustesin thelight gray anddark gray polygons,
respectively)8: Our clustermeging processs notperfectandcouldbene tfromdeepeisyntacticknowledg of namegEric
RudolphandEric RobertRudolph, butin casesud asDefenseSecretanfRumsfeld DonaldRumsfeldand DefenseDonald
Rumsfeldthe meigingsproducedare correct. 9: Our clusteringis quite resilientin the presencef spectaclegHansBlix),
perhapswigs (JohnBolton) and mustaties(JohnBolton).



ProposedMerges
PresidenBush PresidentGeoge

DonaldRumsfeld DefenseSecretary
DonaldRumsfeld
StateColin Pawell Colin Pawell

PresidenBush
PresidenBush
DefenseDonaldRumsfeld
VenezuelarPresident
HugoCharez

RichardMyers
UnitedNations
DonaldRumsfeld
HugoChavez

Tablel: Multiple namescanoftenreferto thesameperson.
We link namesto peoplebasedon images. If two names
havethe sameassociatedace thenthey mustreferto the
sameperson. Theabovepairs are thetop namemeigespro-

posedby our system. Merges are proposedbetweentwo

namesf theclustesreferringto eadh namecontainsimilar

lookingfaces.

domly selectedmages)comparedo themseles,B is the
comparisonof each of the imagesof A, to the rest of
the imagesin our datasetand C is approximatedby the
Nystrom method. Nystrom gives an approximationfor C
as, . This gives an approximationto K,

Thenweform ,thecenteredrersionof ourapproxima-
tion , by calculatingapproximateaveragerow, average
columnsums(theseare equalsinceK is symmetric),and
averageelementvalues. We can approximatethe average
row (or column)sumas:

We centeras usual, — —

Wethensolvefor theorthogonalize@pproximatesigen-
vectorsas follows. First, we replaceA and B by their
centeredversions. Let -~ be the squareroot of A, and

- . DiagonalizeS as

Then isdiagonalizedy:

Thenwe have and Given
this decompositiorof ~ we proceedas usualfor kPCA,
by normalizingthe eigervectors  andprojecting onto
the normalizedeigervectors. This givesa dimensionality
reductionof ourimagesthat makesthe discriminationtask
easier

4. Clustering

We view our collectionas a semi-supervisedatasetwith
errorsthatwe wish to “clean up”. First we form discrim-
inantsfrom faceswith only one commonextractedname.
While thisis afairly smallsetof facesandthelabelsarenot
perfect,they let usform aninitial discriminantspace.We
projectall of ourimagesinto this spaceandperformamod-
i ed k-meansprocedurdor clustering. This givesa larger
and lessnoisy datasetrom which to recomputediscrimi-
nants.Thesenew discriminantgyive a betterrepresentation
of identity andwe usethemto re-cluster This givesareli-
ablesetof clusters.

4.1 Modied K-Means Clustering
Eachimagehasan associatedector, given by the kPCA
and LDA processesand a set of extractednames(those
words extractedusing our propernamedetectorfrom the
images caption).

The clusteringprocessworks asfollows: 1. Randomly
assigneachimageto oneof its extractednames2. For each
distinct name(cluster), calculatethe meanof image vec-
tors assignedo thatname. 3. Reassigreachimageto the
closestmeanof its extractednames. 4. Repeat2-3 until
corvergence(i.e. noimagechangesiamesuringanitera-
tion)

4.2 Pruning Clusters

We use a nearestneighbormodel to describeour dataset
andthrow out pointsthathave a low probability underthis

model. We remove clusterswith fewer thanthreeimages
so that nearestneighborhas somemeaning. This leaves

19,355images.We thenremove pointswith low likelihood

for avarietyof thresholdqtable2) to geterrorratesaslow

asb5%, (errorratesarecalculatedby handlabelling pictures
from our dataset).We de ne likelihoodastheratio of the

probability that it camefrom its assignedclusterover the

probabilitythatit did not comefrom its assignedluster:

wherefor apointx in cluster , k isthenumberof near
estneighborswve areconsidering, is the numberof those
neighborghatarein , nisthetotal numberof pointsin the
setand is the numberof pointsin cluster . We areus-
ing — astheestimatedorobability of a cluster This
givesmoreweightto smallerclusters.

4.3 Merging Clusters

We would like to memge clusterswith differentnamesthat
actuallycorrespondo asinglepersorsuchasDefensebon-
ald RumsfeldandDonaldRumsfelar VenezuelafPresident
HugoChavezandHugoChavez Thiscanbeextremelyhard
to do directly from text, in situationssuchasColin Powell



#lmages| #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 eact setis
appmoximatelythe numberof clusters and error rate is de-
ned as: givenan individual and a face fromtheir associ-
atedcluster theerror rateis the probability of that facebe-
ingincorrect. We seethatfor mid-levelpruningwegetquite
small error rates. We haveturneda large semi-supervised
setof facesinto a well supervisedsetand producedclean
clustes of manypeople

andSecetary of State(the namesdo not shareary words).
We proposeto meige namesthat correspondo facesthat
look the same. Our systemautomaticallyproposemermges
betweenclustersthat have similar compositiond.e. if the
clustershave similar facesin themthey possiblydescribe
the sameperson. We canjudge the similarity of clusters
by thedistancebetweertheirmeansn discriminantcoordi-
nates.Tablel shavsthatalmostall thetop proposednemges
correspondo correctmemges(two namesthat refer to the
sameperson),exceptthat of Richard Myers and President
Bush

5. Quantitati ve Evaluation

Weview thismethodastakingasupervisediatasethatcon-
tains errorsand ambiguitiesin the supervisorysignaland
producinga datasewith animproved (or, ideally, correct)
supervisorysignal,possiblyomitting somedataitems. We
mustnow determinehow much betterthe newv datasets.
Two things can have happened:First, the datasetmay be
smaller Secondthe supervisorysignalshouldbe moreac-
curate.

But haw muchmoreaccurate?If we arewilling to as-
sumethatall errorsareequivalent,we canseethis issueas
a codingproblem. In particular one mustdeterminehow
mary bits needto be suppliedto make the datasetorrect.
We computehisscoreonaperitembasis sothatthesizeof
thedatasetloesnot affectthe score.Thenumbercomputed
is necessarilyan estimate— we may not have an optimal
codingscheme— but if oneusesa reasonablycompetent
codingschemeshouldallow usto rankmethodsagainsone
another

5.1 The costof correcting unclustered data

We have a setof image-text pairs, eachof which consists
of animageof oneof theindividuals,andal list of between
1 and4 (typically) text labels.For eachdataitem, we must
now determinavhethetthis setof labelscontainghecorrect

Coding Costs

coding cost per image in bits

15 % Original data set
o~ Cost given image labels
1 —¥—_ Cost given clustering

11 115 12 14 145 15

g, (number of images)
Figure4: The gur e showsthe approximatecostper item
of correcting eath datasetplotted against the size of the
dataset. Notethat the original dataset(the cross)is large
andnoisy; if oneclustes, megesand cleans thenignores
the clustering structure, the resulting datasetis, in fact,
somevhatnoisier (dashedine). Finally, if onelooksat the
clusterstructure, too, the datasetis mud cleanerin par-
ticular oneis contributing informationto a datasetby clus-
tering it correctly Finally, increasingsettingsof our re-
jectthresholdleadsto datasetghat tendto be smallerand
cleaner

label.Letting representherandomvariablethattakeson
valuesof or , we cando thiswith bits (where

is the conditionalentropy of  given ). If thelist
of labelscontainsthe correctname,we cantell which it
is with bits. If it doesnot, we mustsupplythe correct
name,which will cost bits (the entroyy of the label
set).

Write for the proportionof imageswith  labels
thathave acorrectlabelin thatlist, and for thepro-
portionof thosewith labelsthatdo not. Thetotal costper
item of correctingthe original dataset in this fashionis
then

5.2 The Costof Correcting Clustered Data
Our clusteringprocedurantroduceswo typesof structure.
First, it assignseachimagefrom animage-text pair to one
of  clusters.Secondjt associates text to eachcluster,
soimplicitly labelling eachimagepair within that cluster
If thelabellingrepresenteth thisway is perfect,no further
bits needto beprovided.

We computethe additional costfor perfectlabelling by
examining how muchwork (how mary bits) are required
to x all the errorsin animperfectclusteringand cluster
labelling. We assumethe entropy of the label setremains
x ed. We split the problemof xing up imperfectclusters
into two steps.n the rst step,we changehenameof each
clusterif necessarysothatit correspondto thepersorwho
appearsnostfrequentlyin this cluster In the secondstep,
we changehelabelof eachimagein a clusterif it doesnot
correspondo the (now correct)label of thecluster



Fixing the cluster labels: Let bethe proportionof
clusterswith the correctlabel and the proportionof
clusterswith anincorrectlabel. Let  betherandomvari-

ablerepresentingvhethera clusteris labelledcorrectly or
not andrecall our practiceof writing the entrogy of aran-
domvariable as Thecostper clusterof correcting
thelabelsfor all the clusterss then

Fixing incorr ect elementswithin the cluster: We as-
sumefor simplicity that,oncethelabelshavebeencorrected
asabove, the proportionof correctlylabelledelementsn a
cluster is independenof the cluster This meanghat
the costperitem of xing incorrectlylabelledelementds
independentf the speci ¢ clusterstructure.Thento nish
xing thelabellingwe mustpay bitsperitemto iden-
tify theincorrectitemsand bits perincorrectitem to
obtainthe correctname andthecostis

Now write for the total numberof clustersperitem (we
hope ). We have a total per item costfor the correct
labelling of the data,afterclustering,as

Quantitati ve Evaluation Results

We reportresultsfor (a) theoriginal datasetb) thedatasets
resultingfrom ourclusteringmeigingandcleaningprocess,
without using clusterinformation (c) the datasetsesulting
from our clustering,memging andcleaningprocessinclud-
ing their clusterstructure. Figure 4 shavs the plot. The
original datasets large andnoisy; if oneclusters,meiges
andcleansthenignoresthe clusteringstructure the result-
ing datasets somevhatnoisier Finally, if onelooksatthe
clusterstructure too, the dataseis muchcleaner— thisis
becauseone is contributing information to the datasetby
clusteringit correctlyandthisfactis re ected by our score:
in particulammary of our clustershavetheright face but the
wrong name(e.g. PresidentDaniel Arap Moi in gure 3),
andsocanbecorrectedquickly. Finally, distinctsettingsof
our rejectthresholdeadto datasetshattendto be smaller
andcleaner
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