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Abstract

We demonstrate a methodfor identifying images con-
taining categoriesof animals. Theimageswe classifyde-
pict animals in a wide range of aspects,con�gurations
and appearances. In addition, the images typically por-
traymultiplespeciesthatdiffer in appearance(e.g. ukari's,
vervetmonkeys,spidermonkeys,rhesusmonkeys,etc.).Our
methodis accuratedespitethis variation andrelieson four
simplecues:text, color, shapeandtexture.

Visual cuesare evaluatedby a votingmethodthat com-
pareslocal image phenomenawith a numberof visual ex-
emplarsfor thecategory. Thevisualexemplarsareobtained
usinga clusteringmethodappliedto text onwebpages.The
only supervisionrequired involvesidentifyingwhich clus-
ters of exemplars refer to which senseof a term(for exam-
ple, “monkey” canreferto ananimalor a bandmember).

Becauseour methodis applied to webpageswith free
text, theword cueis extremelynoisy. We showunequivocal
evidencethat visual informationimprovesperformancefor
our task.Our methodallowsusto producelarge, accurate
andchallengingvisualdatasetsmostlyautomatically.

1. Intr oduction
Therearecurrentlymorethan8,168,684,3361 webpages

on the Internet. A searchfor the term “monkey” yields
36,800,000resultsusing Googletext search. Theremust
bea largequantityof imagesportraying“monkeys” within
thesepages,but retrieving them is not an easy task as
demonstratedby the fact that a Google imagesearchfor
“monkey” yields only 30 actual“monkey” picturesin the
�rst 100results.Animals in particulararequitedif�cult to
identify becausethey posedif�culties thatmostvision sys-
temsare ill-equippedto handle,including large variations
in aspect,appearance,depiction,andarticulatedlimbs.

We build a classi�er that usesword and image infor-
mation to determinewhetheran imagedepictsan animal.
This classi�er usesa setof examples,harvestedlargely au-

1Google's lastreleasednumberof indexedwebpages

tomatically, but incorporatingsomesupervisionto dealwith
polysemy-like phenomena.Four cuesarecombinedto de-
terminethe�nal classi�cationof eachimage:nearbywords,
color, shape,andtexture.Theresultingclassi�er is veryac-
curatedespitelargevariationin testimages.In �gure 1 we
show thatvisual informationmakesa substantialcontribu-
tion to theperformanceof ourclassi�er.

We demonstrateoneapplicationby harvestingpictures
of animalsfrom theweb. Sincethereis little point in look-
ing for, say, “alligator” in webpagesthatdon't have words
like “alligator”, “reptile” or “swamp”,weuseGoogleto fo-
custhe search.Using Googletext search,we retrieve the
top 1000resultsfor eachcategory anduseour classi�er to
re-ranktheimagesonthereturnedpages.Theresultingsets
of animal images(�g 3) arequite compellinganddemon-
stratethatwecanhandleabroadrangeof animals.

For oneof our categories,“monkey”, we show that the
samealgorithmcanbeusedto labelamuchlargercollection
of images. The datasetthat we producefrom this set of
imagesis startlingly accurate(81% precisionfor the �rst
500 images)anddisplaysgreatvisual variety (�g 5). This
suggeststhat it shouldbe possibleto build enormous,rich
setsof labeledanimalimageswith ourclassi�er.

1.1.PreviousWork:
Object Recognition has been thoroughly researched,

but is by no meansa solved problem. Therehasbeena
recentexplosionof work in appearancebasedobjectrecog-
nition usinglocal features,in particularon theCaltech-101
ObjectCategoriesDatasetintroducedin [8]. Somemeth-
ods useconstellationof partsbasedmodelstrainedusing
EM [10, 8]. Othersemploy probabilisticmodelslike pLSA
or LDA [20, 19]. The closestmethodto ours employs a
nearestneighborbaseddeformableshapematching[4] to
�nd correspondencesbetweenobjects. Objectrecognition
is unsolved, but we show that whole imageclassi�cation
canbesuccessfulusingfairly simplemethods.

Therehasbeensomepreliminarywork on voting based
methodsfor imageclassi�cationin theCaltech-101Dataset
usinggeometricblur features[3]. In an alternative forced
choice recognition task this methodproducesquite rea-
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Figure1. Classi�cation performanceon Test images(all imagesexceptvisual exemplars)for the “monkey” (left), “frog” (center) and
“giraffe” (right ) categories. Recall is measuredover imagesin our collection, not all imagesexisting on the web. “monkey” results
areon a setof 12567images,2456of which aretrue “monkey” images. “frog” resultsareon a setof 1964images,290 of which are
true “frog” images. “giraffe” resultsareon a setof 873 images,287 of which aretrue “giraffe” images.Curvesshow the Googletext
searchclassi�cation (red), word basedclassi�cation (green), geometricblur shapefeaturebasedclassi�cation (magenta), color based
classi�cation(cyan), texturebasedclassi�cation(yellow) andthe �nal classi�cationusinga combinationof cues(black). Incorporating
visualinformationincreasesclassi�cationperformanceenormouslyoverusingwordbasedclassi�cationalone.

sonableresults (recognition rate of 51%) as compared
with the bestpreviously reportedresult using deformable
shapematching(45%)[4] 2.Ourwork usesa modi�ed vot-
ing methodfor imageretrieval that incorporatesmultiple
sourcesof imageandtext basedinformation.

Words + Pictures: Many collectionsof picturescome
with associatedtext: collectionsof web pages,news arti-
cles,museumcollectionsandcollectionsof annotatedim-
agesand video. Therehasbeenextensive work on fus-
ing the information available from thesetwo modalities
to perform varioustaskssuchas clusteringart [2], label-
ing images[1, 15, 12] or identifying facesin news pho-
tographs[6]. However, in all of thesepapersthe relation-
shipbetweenthewordsandpictureshasbeenexplicit; pic-
turesannotatedwith key words or captionedphotographs
or video. On webpageswherewe focusour work, thelink
betweenwordsandpicturesis lessclear.

Our modelof imagere-rankingis relatedto muchwork
doneon relevancemodelsfor re-rankingdataitemsby as-
signingto eachaprobabilityof relevance.Jeonetal [13] is
thework mostcloselyrelatedto oursin this area.They use
a text and imagebasedrelevancemodel to re-ranksearch
resultsonasetof Corelimageswith associatedkeywords.

In addition, there has beensomerecentwork on re-
rankingGooglesearchresultsusingonly images[11,9] and
on re-rankingsearchresultsusing text plus images[21].
Our work proposesa similar task to the last paper, using
thetext andimageinformationon webpagesto re-rankthe
Googlesearchresultsfor a set of queries. However, by
focusingon animalcategorieswe areworking with much

2At thetime of publishingtwo new methodsbasedon spatialpyramid
matching[14] andk-NN SVMs[22] havesincebeatthisperformancewith
respectively 56%and59%recognitionratesfor 15 trainingexamplesper
class.

richer, moredif�cult data,andcanshow unequivocalbene-
�ts from avisualrepresentation.

Animals are demonstrablyamong the most dif�cult
classesto recognize[4, 8]. This is becauseanimalsof-
ten take on a wide variety of appearances,depictionsand
aspects.Animals alsocomewith the addedchallengesof
articulatedlimbs and the fact that multiple specieswhile
lookingquitedifferentin appearancehave thesameseman-
tic category label,e.g. “African leopards”,“black leopards”
and“cloudedleopards”.

Therehasbeensomework on recognizinganimalcate-
goriesusingdeformablemodelsof shape[17, 18]. How-
ever, they concentrateon building a single model for ap-
pearanceandwouldnotbeableto handlethelargechanges
in aspector multiplespeciesthatwe �nd in ourdata.

2. Dataset
Wehavecollectedasetof 9,972webpagesusingGoogle

text searchon 10 animalqueries:“alligator”,“ant”, “bear”,
“beaver”, “dolphin”, “frog”, “giraffe”, “leopard”, “mon-
key” and“penguin”. From thesepageswe extract 14,051
distinct imagesof suf�ciently large size(at least120x120
pixels).

Additionally, we have collected9,320 web pagesus-
ing Google text searchon 13 queriesrelatedto monkey:
“monkey”, “monkey primate”,“monkey species”,“monkey
monkeys”, “monkey animal”, “monkey science”,“monkey
wild”,“monkey simian”,“monkey new world”,“monkey
old world”, “monkey banana”, “monkey zoo”,“monkey
Africa”. Fromthesepagesweextract12,866imagesof suf-
�cient size,2,569of whichareactualmonkey images.

Animals: In additionto the aforementioneddif�culties
of visualvariance,animalshavetheaddedchallengeof hav-
ing evolved to be hardto spot. The tiger's stripes,the gi-
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Figure2. Our methodusesanunusualform of (very light) supervisoryinput. Insteadof labelingeachtrainingimage,we simply identify
whichof asetof 10clustersof exampleimagesarerelevant.Furthermore,wehavetheoptionof removing erroneousimagesfrom clusters.
For very largesetsof images,this secondprocesshaslittle effect (comparethemagentaandbluecurvesfor “monkey” left), but for some
smallersetsit canbehelpful (e.g. “alligator” right ). On a strict interpretationof a train/testsplit, we would reportresultsonly on images
that do not appearin the clusters(green). However, for our application– building datasets– we alsoreporta precision/recallcurve for
the accuracy of the �nal datasetproduced(blue). For larger datasetsthe curvesreportedfor the classi�cationperformanceanddataset
performancetendtowardsoneanother(greenandblue). Recallis measuredover imagesin our collection,not all imagesexisting on the
web. Weshow resultsfor “monkey” (left) onasetof 12866imagescontaining2569“monkey” images,“penguin” (center) onasetof 985
imagescontaining193“penguin” images,and“alligator” (right ) onasetof 1311containing274“alligator” images.

raffe's patchesandthepenguin's color all serve ascamou-
�age, impedingsegmentationfrom their surroundings.

Web Pagesand Images: Oneimportantpurposeof our
activities is building hugereferencecollectionsof images.
Imageson the web are interesting,becausethey occur in
immensenumbers,andmay co-occurwith other forms of
information.Thus,we focuson classifyingimagesthatap-
pearonwebpagesusingimageandlocal text information.

Text is a naturalsourceof informationaboutthecontent
of images,but therelationshipbetweentext andimageson
a web pageis complex. In particular, thereare no obvi-
ousindicatorslinking particulartext itemswith imagecon-
tent (a problemthat doesn't ariseif onecon�nes attention
to captions,annotationsor imagenameswhich is whathas
beenconcentratedon in previouswork). All thismakestext
a noisy cue to imagecontentif usedalone(seethe green
curvesin �gure 1). However, this noisycuecanbehelpful,
if combinedappropriatelywith goodimagedescriptorsand
goodexamples. Furthermore,text helpsus focuson web
pagesthatmaycontainusefulimages.

3. Implementation
Our classi�er consistsof two stages,training and test-

ing. Thetrainingstageselectsa setof imagesto useasvi-
sualexemplars(exemplarsfor short)usingonly text based
information(Secs3.1-3.3).We thenusevisualandtextual
cuesin the testingstageto extendthis setof exemplarsto
imagesthatarevisuallyandsemanticallysimilar (Sec3.4).

The training stageappliesLatent Dirichlet Allocation
(LDA) to thewordscontainedin thewebpagesto discover
a setof latenttopicsfor eachcategory. Theselatenttopics
give distributionsover wordsandareusedto selecthighly

likely wordsfor eachtopic. We rank imagesaccordingto
their nearbyword likelihoodsandselecta setof 30 exem-
plarsfor eachtopic.

Words and imagescan be ambiguous(e.g. “alligator”
couldreferto “alligatorboots”or “alligatorclips” aswell as
theanimal).Currentlythereis noknown methodfor break-
ing this polysemy-like phenomenonautomatically. There-
fore, at this point we askthe userto identify which topics
arerelevant to theconceptthey aresearchingfor. Theuser
labelseachtopic asrelevant or background,dependingon
whethertheassociatedimagesandwordsillustratethecate-
gorywell. Giventhis labelingwemergeselectedtopicsinto
a single relevant topic and unselectedtopics into a back-
groundtopic (poolingtheirexemplarsandlikely words).

Thereis anoptionalsecondstepto our trainingprocess,
allowing theusertoswaperroneouslylabeledexemplarsbe-
tweenthe relevantandbackgroundtopics. This makesthe
resultsbetter, at little cost, but isn't compulsory(see�g-
ures2 and4). This amountsto clicking on incorrectly la-
beledexemplarsto move thembetweentopics. Typically
the userhasto click on a small numberof imagessince
text basedlabeling doesa decentjob of labeling at least
the highestranked images.For someof the 10 initial cat-
egories, the resultsare improved quite a bit by removing
erroneousexemplars. Whereas,for the extendedmonkey
category removal of erroneousexemplarsis largely unnec-
essary(comparemagentaandgreenin �g 2). Thissuggests
that if we wereto extendeachof our categoriesaswe did
for themonkey classthisstepwouldbecomesuper�uous.

In the testingstage,we rank eachimagein the dataset
accordingto a voting methodusingtheknowledgebasewe
have collectedin the trainingstage.Voting usesimagein-



Figure3. Top imagesreturnedby runningour classi�erson a setof TestImages(thewholecollectionexcludingvisualexemplars)for the
“bear”, “dolphin”, “frog”, “giraffe”, “leopard”, and“penguin” categories.Most of thetop classi�ed imagesfor eachcategory arecorrect
anddisplaya wide variety of poses(“giraffe”), depictions(“leopard” – headsor whole bodies)andeven multiple species(“penguins”).
Returned“bear” resultsinclude“grizzly bears”,“pandas”and“polar bears”. Notice that the returnedfalsepositives(dark red)arequite
reasonable;teddybearsfor the“bear” class,whaleimagesfor the“dolphin” classandleopardfrogsandleopardgeckosfor the“leopard”
class.Drawings,eventhoughthey maydepictthewantedcategory arealsocountedasfalsepositives(e.g. dolphinandleoparddrawings).
Our imageclassi�cationinherentlytakesadvantageof thefactthatobjectsareoftencorrelatedwith theirbackgrounds(e.g. “dolphins” are
usuallyin or nearwater, “giraffes” usuallyco-occurwith grassor trees),to labelimages.
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Figure4. Left: Precisionof the �rst 100 imagesfor our 10 original categories: “alligator”, “ant”, “bear”, “beaver”, “dolphin”, “frog”,
“giraffe”, “leopard”,“monkey”, “penguin”. Bargraphsshow precisionfrom theoriginalGoogletext searchranking(red), for ourclassi�er
trainedusinguncensoredexemplars(blue), andusingcorrectedexemplars(cyan), describedin section3. Oneapplicationof our system
is the creationof rich animaldatasets;precisionof thesedatasetsis shown in yellow. In all categorieswe outperformthe Googletext
searchranking,sometimesby quitea bit (“giraffe”, “penguin”). Right: Usingmultiple queriesrelatedto monkeys we areableto build an
enormouslyrich andvarieddatasetof monkey images.Herewe show theprecisionof our dataset(yellow) at variouslevelsof recall(100,
500,1000,2000and5000images).We alsoshow theclassi�cationperformanceof theGoogletext searchranking(red) aswell astwo
variationsof ourclassi�er, trainedusinguncensored(blue) andsupervisedexemplars(cyan) asdescribedin section3.

formationin the form of shape,texture andcolor features
aswell asword informationbasedon words locatednear
the image.By combiningeachof thesemodalitiesa better
rankingis achievedthanusingany of thecuesalone.

3.1.Text Representation
For eachimage,becausenearbywordsaremorelikely to

berelevantto theimagethanwordselsewhereon thepage,
we restrictconsiderationto the100wordssurroundingthe
imagelink in its associatedwebpage.Thetext is described
usinga bagof wordsmodelasa vectorof word countsof
thesenearbywords.To extractwordsfrom ourcollectionof
pages,we parsetheHTML, compareto a dictionaryto ex-
tractvalid wordstringsandremovecommonEnglishwords.

LDA [7] is appliedto all text on thecollectedwebpages
to discover a setof 10 latenttopicsfor eachcategory. LDA
is a generative probabilistic model where documentsare
modeledas an in�nite mixture over a set of latent topics
andeachtopic is characterizedby adistributionoverwords.
Someof thesetopicswill berelevantto ourquerywhile oth-
erswill beirrelevant.

Usingtheworddistributionslearnedby LDA, weextract
a setof 50 highly likely wordsto representeachtopic. We
computea likelihoodfor eachimageaccordingto its asso-
ciatedwordvectorandtheword likelihoodsfoundby LDA.

3.2.ImageRepresentation
We employ 3 typesof imagefeatures,shapebasedge-

ometric blur features,color featuresand texture features.

We sample50-400local shapefeatures(randomlyat edge
points), 9 semi-globalcolor featuresand 1 global texture
featureperimage.

The geometricblur descriptor[5] �rst producessparse
channelsfrom thegrayscaleimage,in this case,half-wave
recti�ed orientededge�lter responsesat threeorientations
yieldingsix channels.Eachchannelis blurredby aspatially
varyingGaussianwith a standarddeviation proportionalto
thedistanceto the featurecenter. Thedescriptorsarethen
sub-sampledandnormalized.

For our color representationwe subdivide eachimage
into 9 regions. In eachof theseregionswe computea nor-
malizedcolor histogramin RGB spacewith 8 divisionsper
color channel,512bins total. We alsocomputelocal color
histogramswith radius30pixelsateachgeometricblur fea-
turepoint for usein gatingof thegeometricblur featuresas
describedin section3.4.

Texture is representedglobally acrossthe imageusing
histogramsof �lter outputsas in [16]. We use a �lter
bankconsisting24 bar andspot type �lters: �rst andsec-
ondderivativesof Gaussiansat 6 orientations,8 Laplacian
of Gaussian�lters and 4 Gaussians.We then createhis-
togramsof each�lter output.

3.3.Exemplar Initialization
UsingLDA we have computeda likelihoodof eachim-

ageundereachtopic asdescribedin section3.1. We tenta-
tively assigneachimageto its mostlikely topic. For each



topic,weselectthetop30 images– or fewer if lessthan30
imagesareassigned– asexemplars.Theseexemplarsoften
have high precision,a fact that is not surprisinggiven that
mostsuccessfulimagesearchtechniquescurrentlyuseonly
textual informationto index images.

3.4.Shape,Color, Textureand Word BasedVoting
For eachimage,we computefeaturesof 3 types:shape,

color andtexture. For eachtype of featurewe createtwo
pools; one containingpositive featuresfrom the relevant
exemplarsand the other negative featuresfrom the back-
groundexemplars.For eachfeatureof aparticulartypein a
queryimage,we applya 1-nearestneighborclassi�er with
similarity measuredusing normalizedcorrelationto label
thefeatureastherelevanttopicor thebackgroundtopic.

For eachvisualcue(color, shape,andtexture),we com-
putethesumof thesimilaritiesof featuresmatchingpositive
exemplars.These3 numbersareusedasthecuescoresfor
the image. For eachimage,we normalizeeachcuescore
to lie between0 and1 by dividing by themaximumcolor,
shapeor texturecuescorecomputedoverall images.In this
way thecuesareusedto independentlyranktheimages(by
labelingeachimagewith ascorebetween0 and1).

ShapeFeature Gating: We modify thevoting strategy
for theshapefeaturevoting. Shapefeaturestendto matchat
two extremes,eitherthebestmatchis a goodoneandhasa
highscoreor thematchis apooronewith alowerscore.We
pruneout low scorematchesfrom thevotingprocessallow-
ing featuresto voteonly if their matchscoreis quitegood
(normalizedcorrelationscoreabove 0.95). We alsoapply
a color basedgating to the geometricblur matches.If the
local color of thebestmatchis signi�cantly differentfrom
thequeryfeature,we don't allow thefeatureto vote. Prun-
ing andgating helpsto disallow featuresfrom voting that
areunsureabouttheir votesandimprovestheshapefeature
voting performancesigni�cantly – especiallyin thehigher
recallrange– aswell asoverall classi�cationperformance.

Words: We alsocomputea word scorefor eachimage
by summingthe likelihoodunderthe relevant topic model
found by LDA of wordsnearthe imageon the associated
pageasdescribedin section3.1. We normalizethe word
scoreby dividing by the maximalword scoreover all im-
ages.This givesusa 4th rankingof theimagesby labeling
eachimagewith ascorebetween0 and1.

Cue Combination: We combineour 4 independentcue
scoresusing a linear combinationwith convex weights.
Currently the 4 cuesare equally weighted. While equal
weighting usually performsnearto the optimal combina-
tion, somecuesmay performbetteroverall or for speci�c
classes.For example,texture is a goodcuefor the “leop-
ard” classwhile color is agoodfeaturefor the“frog” class.
In the future we hopeto learn this cuecombinationfrom
evaluationonour trainingexemplars.

Onepowerful advantageof independentcuebasedvot-

ing is that it allows for the fact that eachcue may work
well for someimages,but poorly for others. The errors
madeby eachcueseemto be somewhat independent(see
�g 1). Thus,by combiningthedifferentcues,weareableto
achieve muchbetterresultsthanusingany cuein isolation.

4. Results
We build quiteeffective classi�ersfor our initial 10 ani-

mal categories(see�gure 4). For all categoriesour method
(cyan)outperformsGoogletext search(red)in classi�cation
performanceon the top 100 imagesreturned. The giraffe
andfrog classi�ersareespeciallyaccurate,returning74and
83 truepositivesrespectively. Becauseexemplarbasedvot-
ing incorporatesmultipletemplatespercategoryweareable
to retrieve imagesacrossdifferentposes,aspects,andeven
species.

The top resultsreturnedby our classi�ers are usually
quite good. Figure 3 shows the top resultsreturnedby
6 of our classi�ers: “bear”, “dolphin”, “frog”, “giraffe”,
“leopard”and“penguin”. Eventhefalsenegativesreturned
by our classi�er areoften reasonable,teddybearsfor the
“bear” class,whaleimagesfor the“dolphin” classandleop-
ard frogs for the “leopard” class. Drawings and toy ani-
mals,eventhoughthey maydepictthecorrectcategory are
countedasfalsepositives.

Visual Inf ormation makesa substantialcontribution to
search(�g 1). Our classi�er usesa combinationof visual
cues:color (cyan), shape(magenta),texture (yellow), and
textual cues:nearbywords(green).Their combinedclassi-
�cation performance(black)outperformstheclassi�cation
powerof any singlecueby asubstantialmargin. Thisshows
that currenttext basedsystemscould be improved by the
useof visual information.We alsosigni�cantly exceedthe
original Googleranking(red)which we computeover im-
agesbasedontheorderof theassociatedpagein theGoogle
text searchresults.

While shapeis the cue favored by most recentobject
recognitionsystems,it is often lessinformative thancolor
or texture for our dataset.This is dueto the extremevari-
ancein aspectandposeof animals. Color is often a good
cue,especiallyfor classeslike “dolphin” and“frog”. Tex-
ture performswell for the “giraffe” and“leopard” classes.
Word ranking works well for someclasses(“bear”) and
quitepoorly for others(“penguin”). Becauseourcueswere
eachusedindependentlyto rank images,we could easily
incorporateawider rangeof cues.

CensoredvsUncensoredExemplars: Ourmethoduses
an unusualform of (very light) supervisoryinput. Instead
of labelingeachtraining image,we simply identify which
of a setof 10 clustersof exampleimagesarerelevant. Fur-
thermore,wehavetheoptionof removing erroneousimages
fromclusters.Forverylargesetsof images,thissecondpro-
cesshaslittle effect (comparethemagentaandbluecurves



Figure5. Imagessampledfrom thedatasetof monkey imagesthatwe produce.Falsepositivesareborderedin darkred. The�rst 10 rows
aresampledevery 4th imagefrom thetop 560results,while thelast two rows aresampledevery 250th imagefrom thelast5,000-12,866
results.Our monkey datasetis quiteaccurate,with a precisionof 81%for the top 500 images,anda precisionof 69%for the top 1000
images.Decidingwhichimagesarerelevantto aquerydoesn't haveasingleinterpretation.Wechoseto includeprimateslikeapes,lemurs,
chimpsandgibbons,thoughwe didn't includethingssuchasmonkey �gurines (row 8, col 13),people(row 6, col 9), monkey masks(row
9, col 2) andmonkey drawings(row 4, col 1), (row 8, col 4). Our resultsincludea hugerangeof aspectsandposesaswell asa depictions
in differentsettings(e.g. trees,cagesandindoorsetings).Ouranimalimageclassi�ersinherentlytakeadvantageof thefactthatobjectsare
oftencorrelatedwith their backgrounds(“monkeys” areoftenin treesandothergreenery).



in �gure 2 for “monkey”), but for smallersetsit canbehelp-
ful (e.g. “alligator”).

We believe that exemplarsselectedusingLDA tend to
beeasierto classifyusingwordsbecausewe selectedthem
basedon their high word likelihood. As a result,if we ex-
cludethemfrom testing,classi�cationperformanceappears
worsethanit is. In �gure 2, we show classi�erstrainedus-
ing both uncensoredandcensoredexemplars.The uncen-
soredcase(magenta)is testedon thewholesetof images,
while the censoredcaseis testedexcluding the exemplars
(green).Thecensoredclassi�er shouldalwaysperformbet-
ter than the uncensoredsince it is provided with cleaner
trainingdata,but we seethat in somecasestheuncensored
classi�er hasbetteraccuracy. This is becauseby excluding
theexemplarimages,we biasour testsetto bemoredif�-
cult thantheentiresetof imagesreturnedby Google.This
is not a phenomenonpreviously seensinceexemplarsare
usuallychosenat randomfrom thesetof images.

Beaver is the only classon which we perform poorly.
Becausethe returned Google results contain only 67
“beavers” in 1087imagesandmostreturnedpagesdon't re-
fer to “beavers”,LDA didn't �nd a latenttopic correspond-
ing to theanimalandtheresultingclassi�er failed.

Dataset: We producean extremely good datasetof
10 animal categories containingpicturesof animalsin a
wide varietyof aspects,depictions,appearances,posesand
species.Figure2 shows precisionrecallcurvesfor datasets
producedfor the“monkey”, “penguin” and“alligator” col-
lections (blue), and �gure 4 shows the precisionof our
dataset(yellow) for thetop100imagesof eachcategory.

Extended Monkey Category: For the “monkey” class
we collecteda muchlargersetof imagesusingmultiple re-
latedqueries.Having this muchdataallowedusto build an
extremelypowerful classi�er usingthe sameprocedureas
for theinitial 10 categories.Figure2 shows thatour “mon-
key” classi�er is startlinglyaccurateusingbothsupervised
(green)anduncensoredexemplars(magenta).

The“monkey” datasetthatweproduceis incrediblyrich
andvaried. Figure5 shows samplesfrom the top 500 im-
agesin our monkey dataset(top 10 lines of images),and
samplesfrom the bottom7000 images(bottom2 lines of
images). In the datasetwe create81% of the top 500 im-
agesare“monkey” pictures,and69% of the top 1000im-
agesare“monkeys”. Ourmonkey datasetcontainsmonkeys
in a variety of poses,aspects,anddepictionsaswell asa
largenumberof monkey speciesandotherrelatedprimates
includinglemurs,chimpsandgibbons.Our resultssuggest
that it shouldbe possibleto build enormous,cleansetsof
labeledanimalimagesfor many semanticcategories.
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