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Abstract

We demonstate a methodfor identifying images con-
taining categories of animals. Theimageswe classifyde-
pict animalsin a wide range of aspects,con gurations
and appeaances. In addition, the images typically por-
tray multiple specieghatdiffer in appeaance(e.g ukari's,
vervetmonleys,spidermonleys,rhesusnonleys,etc.). Our
methods acculate despitethis variation andrelieson four
simplecues:text, color, shapeandtexture.

Misual cuesare evaluatedby a voting methodthat com-
pareslocal image phenomenavith a numberof visual ex-
emplasfor thecategory. Thevisualexemplasare obtained
usinga clusteringmethodappliedto text onwebpages. The
only supervisionrequired involvesidentifying which clus-
ters of exemplas referto which senseof a term (for exam-
ple, “monkey” canreferto ananimalor a bandmember).

Becauseour methodis appliedto web pageswith free
text, theword cueis extremelynoisy We showunequivocal
evidencethat visualinformationimprovesperformanceor
our task. Our methodallows usto producelarge, accumate
andchallengingvisualdatasetsnostlyautomatically

1. Intr oduction

Therearecurrentlymorethan8,168,684,33bwebpages
on the Internet. A searchfor the term “monkey” yields
36,800,000resultsusing Googletext search. Theremust
be a large quantity of imagesportraying“monkeys” within
thesepages,but retrieving them is not an easytask as
demonstratedby the fact that a Googleimage searchfor
“monkey” yields only 30 actual“monkey” picturesin the
rst 100results.Animalsin particulararequite dif cult to
identify becausehey posedif culties thatmostvision sys-
temsareill-equippedto handle,including large variations
in aspectappearanceajepiction,andarticulatedimbs.

We build a classi er that usesword and image infor-
mationto determinewhetheranimagedepictsan animal.
This classi er usesa setof examples hanestedargely au-
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tomatically butincorporatingsomesupervisiorto dealwith
polysemy-like phenomenaFour cuesare combinedto de-
terminethe nal classi cationof eachimage:nearbywords,
color, shapeandtexture. Theresultingclassi er is very ac-
curatedespitelarge variationin testimages.In gure 1 we
shaw thatvisualinformationmakesa substantiatontribu-
tion to the performancef our classi er.

We demonstratene applicationby hanestingpictures
of animalsfrom theweh Sincethereis little pointin look-
ing for, say “alligator” in web pageghatdon't have words
like“alligator”, “reptile” or “swamp”, we useGoogleto fo-
custhe search. Using Googletext searchwe retrieve the
top 1000resultsfor eachcateyory anduseour classi er to
re-ranktheimagesonthereturnedpages.Theresultingsets
of animalimages(g 3) arequite compellinganddemon-
stratethatwe canhandlea broadrangeof animals.

For oneof our categories,“monkey”, we shav thatthe
samealgorithmcanbeusedo labelamuchlargercollection
of images. The datasetthat we producefrom this set of
imagesis startlingly accurate(81% precisionfor the rst
500images)anddisplaysgreatvisual variety (g 5). This
suggestshatit shouldbe possibleto build enormousyich
setsof labeledanimalimageswith our classi er.

1.1.Previous Work:

Object Recognition has beenthoroughly researched,
but is by no meansa solved problem. Therehasbeena
recentexplosionof work in appearancbasedbjectrecog-
nition usinglocal featuresjn particularon the Caltech-101
Object CatayoriesDatasetintroducedin [8]. Somemeth-
ods use constellationof partsbasedmodelstrainedusing
EM [10, 8]. Othersemploy probabilisticmodelslike pLSA
or LDA [20, 19]. The closestmethodto ours employs a
nearesineighborbaseddeformableshapematching[4] to
nd correspondencdsetweenobjects. Objectrecognition
is unsohed, but we shawv that whole image classi cation
canbe successfulisingfairly simplemethods.

Therehasbeensomepreliminarywork on voting based
methoddor imageclassi cationin the Caltech-10DDataset
usinggeometricblur featureq3]. In an alternatve forced
choice recognitiontask this method producesquite rea-
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Figure 1. Classi cation performanceon Testimages(all imagesexceptvisual exemplars)for the “monkey” (left), “frog” (center) and
“giraffe” (right) cateyories. Recallis measuredver imagesin our collection, not all imagesexisting on the weh “monkey” results
areon a setof 12567images,2456 of which aretrue “monkey” images. “frog” resultsare on a setof 1964images,290 of which are
true “frog” images. “giraffe” resultsare on a setof 873 images,287 of which aretrue “giraffe” images. Curves shav the Googletext
searchclassi cation (red), word basedclassi cation (greer), geometricblur shapefeaturebasedclassi cation (magentg), color based
classi cation (cyan), texture basecdclassi cation (yellow) andthe nal classi cationusinga combinationof cues(black). Incorporating
visualinformationincreaseglassi cationperformancenormouslyover usingword basectlassi 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
source®f imageandtext basednformation.

Words + Pictures: Mary collectionsof picturescome
with associatedext: collectionsof web pages,news arti-
cles, museumcollectionsand collectionsof annotatedm-
agesand video. Therehasbeenextensve 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-
tographg6]. However, in all of thesepapersthe relation-
ship betweerthe wordsandpictureshasbeenexplicit; pic-
turesannotatedvith key words or captionedphotographs
or video. Onweb pagesvherewe focusour work, the link
betweernwordsandpicturesis lessclear

Our modelof imagere-rankingis relatedto muchwork
doneon relevancemodelsfor re-rankingdataitemsby as-
signingto eacha probability of relevance.Jeonetal [13] is
thework mostcloselyrelatedto oursin this area.They use
a text andimagebasedrelevancemodelto re-ranksearch
resultson a setof Corelimageswith associateéteywords.

In addition, there has been somerecentwork on re-
rankingGooglesearchresultsusingonly imageq11, 9] and
on re-rankingsearchresultsusing text plus images[21].
Our work proposesa similar task to the last paper using
thetext andimageinformationon web pagedo re-rankthe
Googlesearchresultsfor a setof queries. However, by
focusingon animal categorieswe are working with much

2At thetime of publishingtwo new methodsbasedon spatialpyramid
matching[14] andk-NN SVMs[22] have sincebeatthis performancevith
respectrely 56% and59% recognitionratesfor 15 training examplesper
class.

richer, moredif cult data,andcanshav unequvocalbene-
ts from avisualrepresentation.

Animals are demonstrablyamong the most dif cult
classesto recognize[4, 8]. This is becauseanimalsof-
ten take on a wide variety of appearancesjepictionsand
aspects.Animals also comewith the addedchallengesof
articulatedlimbs and the fact that multiple specieswhile
looking quitedifferentin appearanchave the sameseman-
tic categorylabel,e.g. “African leopards”,'black leopards”
and“cloudedleopards”.

Therehasbeensomework on recognizinganimal cate-
goriesusing deformablemodelsof shape[17, 18]. How-
ever, they concentrateon building a single modelfor ap-
pearanceandwould not beableto handlethelargechanges
in aspecor multiple specieghatwe nd in ourdata.

2. Dataset

We have collectedasetof 9,972webpagesisingGoogle
text searchon 10 animalqueries:“alligator”,“ant”, “bear”,
“beaver”, “dolphin”, “frog”, “giraffe”, “leopard”, “mon-
key” and“penguin”. Fromthesepageswe extract 14,051
distinctimagesof sufciently large size (at least12(x120
pixels).

Additionally, we have collected 9,320 web pagesus-
ing Googletext searchon 13 queriesrelatedto monkey:
“monkey”, “monkey primate”,"monley species”,"monky
monkeys”, “monkey animal”, “monkey science”,“monly
wild”,“monkey simian”,“monkey new world”,“monkey
old world”, “monkey banana”, “monkey zo0”,“monkey
Africa”. Fromthesepageswve extract12,866imagesof suf-
cient size,2,5690f which areactualmonkey images.

Animals: In additionto the aforementionedlif culties
of visualvariance animalshave theaddedchallengeof hav-

ing evolved to be hardto spot. The tiger's stripes,the gi-
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Figure2. Our methodusesan unusualform of (very light) supervisoryinput. Insteadof labelingeachtrainingimage,we simply identify
which of asetof 10 clustersof exampleimagesarerelevant. Furthermorewe have theoptionof remaving erroneousmagesfrom clusters.
For very large setsof imagesthis secondorocesdaslittle effect (comparehe magentaandblue curvesfor “monkey” left), but for some
smallersetsit canbe helpful (e.g. “alligator” right). On a strictinterpretatiorof a train/testsplit, we would reportresultsonly onimages
thatdo not appeatin the clusters(greer). However, for our application— building datasets- we alsoreporta precision/recalcurne for
the accurag of the nal datasefproduced(blue). For larger datasetshe curvesreportedfor the classi cation performanceand dataset
performanceendtowardsoneanother(greenandblue). Recallis measureaverimagesin our collection,not all imagesexisting on the
weh We shaw resultsfor “monkey” (left) onasetof 12866imagescontaining2569“monkey” images,‘penguin” (center) on asetof 985
imagescontainingl93“penguin”imagesand“alligator” (right) on asetof 1311containing274“alligator” images.

raffe's patchesandthe penguins color all sene ascamou-
age, impedingsegmentatiorfrom their surroundings.

Web Pagesand Images: Oneimportantpurposeof our
actwities is building hugereferencecollectionsof images.
Imageson the web are interesting,becauseahey occurin
immensenumbers,and may co-occurwith otherforms of
information. Thus,we focuson classifyingimagesthatap-
pearonwebpageausingimageandlocal text information.

Text is a naturalsourceof informationaboutthe content
of images but therelationshipbetweerntext andimageson
a web pageis compl. In particular thereare no obvi-
ousindicatorslinking particulartext itemswith imagecon-
tent (a problemthatdoesnt ariseif onecon nes attention
to captions,annotation®r imagenameswhich is whathas
beenconcentratednin previouswork). All this makestext
a noisy cueto imagecontentif usedalone(seethe green
curvesin gure 1). However, this noisy cuecanbe helpful,
if combinedappropriatelywith goodimagedescriptorsand
good examples. Furthermoretext helpsus focus on web
pageghatmay containusefulimages.

3. Implementation

Our classi er consistsof two stagestraining and test-
ing. Thetraining stageselectsa setof imagesto useasvi-
sualexemplars(exemplarsfor short)usingonly text based
information (Secs3.1-3.3). We thenusevisual andtextual
cuesin the testingstageto extendthis setof exemplarsto
imagegsthatarevisually andsemanticallysimilar (Sec3.4).

The training stageapplies Latent Dirichlet Allocation
(LDA) to thewordscontainedn thewebpagedo discover
a setof latenttopicsfor eachcateyory. Theselatenttopics
give distributionsover wordsandare usedto selecthighly

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

Words and imagescan be ambiguous(e.g. “alligator”
couldreferto “alligatorboots”or “alligatorclips” aswell as
theanimal). Currentlythereis no known methodfor break-
ing this polysemy-lilke phenomenorautomatically There-
fore, at this point we askthe userto identify which topics
arerelevantto the conceptthey aresearchingor. Theuser
labelseachtopic asrelevant or backgroundgdependingon
whethertheassociateimagesandwordsillustratethe cate-
gorywell. Giventhislabelingwe memgeselectedopicsinto
a single relevant topic and unselectedopicsinto a back-
groundtopic (poolingtheir exemplarsandlik ely words).

Thereis anoptionalsecondstepto our training process,
allowing theuserto swaperroneouslyabeledexemplarde-
tweenthe relevantand backgroundopics. This makesthe
resultsbetter at little cost, but isn't compulsory(see g-
ures2 and4). This amountsto clicking on incorrectlyla-
beledexemplarsto move them betweentopics. 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 remaving
erroneousexemplars. Whereasfor the extendedmonkey
catggory removal of erroneousexemplarsis largely unnec-
essary(comparemagentaandgreenin g 2). Thissuggests
thatif we wereto extendeachof our catgyoriesaswe did
for themonkey classthis stepwould becomesuper uous.

In the testingstage,we rank eachimagein the dataset
accordingto avoting methodusingthe knowledgebasewe
have collectedin thetraining stage.Voting usesimagein-



Figure3. Topimagesreturnedby runningour classi erson a setof Testimages(the whole collectionexcluding visual exemplars)or the
“bear”, “dolphin”, “frog”, “giraffe”, “leopard”, and“penguin” categories. Most of the top classi ed imagesfor eachcategory arecorrect
anddisplaya wide variety of poseg(“giraffe”), depictions(“leopard” — headsor whole bodies)and even multiple specieq“penguins”).
Returned‘bear” resultsinclude“grizzly bears”,“pandas”and“polar bears”. Notice thatthe returnedfalsepositives (dark red) are quite
reasonableteddybearsfor the “bear” class,whaleimagesfor the “dolphin” classandleopardfrogs andleopardgeclosfor the “leopard”
class.Drawings, eventhoughthey may depictthe wantedcateyory arealsocountedasfalsepositives(e.g. dolphinandleoparddrawvings).
Ourimageclassi cationinherentlytakesadwantageof thefactthatobjectsareoftencorrelatedwith their backgroundge.g. “dolphins” are
usuallyin or nearwater, “giraffes” usuallyco-occurwith grassor trees) to labelimages.
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Figure4. Left: Precisionof the rst 100imagesfor our 10 original cateyories: “alligator”, “ant”, “bear”, “beaver”, “dolphin”, “frog”,

“giraffe”, “leopard”,“monkey”, “penguin”. Bar graphsshaw precisionfrom theoriginal Googletext searctranking(red), for ourclassi er
trainedusinguncensoredxemplars(blue), andusingcorrectedexemplars(cyan), describedn section3. Oneapplicationof our system
is the creationof rich animaldatasetsprecisionof thesedatasetss shavn in yellow. In all categorieswe outperformthe Googletext
searchranking,sometimedy quitea bit (“giraffe”, “penguin”). Right: Usingmultiple queriesrelatedto monkeys we areableto build an
enormouslyrich andvarieddatasebf monkey images.Herewe show the precisionof our datasefyellow) at variouslevels of recall (100,
500, 1000,2000and5000images).We alsoshav the classi cation performanceof the Googletext searchranking(red) aswell astwo

variationsof our classi er, trainedusinguncensoredblue) andsupervisedxemplars(cyan) asdescribedn section3.

formationin the form of shapetexture andcolor features
aswell asword information basedon words locatednear
theimage. By combiningeachof thesemodalitiesa better
rankingis achiezedthanusingary of the cuesalone.

3.1.Text Representation

For eachimage becaus@earbywordsaremorelikely to
berelevantto theimagethanwordselsavhereon the page,
we restrictconsideratiorto the 100 wordssurroundingthe
imagelink in its associateeveb page.Thetext is described
usinga bagof wordsmodelasa vectorof word countsof
thesenearbywords. To extractwordsfrom our collectionof
pageswe parsethe HTML, compareo a dictionaryto ex-
tractvalid word stringsandremove commonEnglishwords.

LDA [7] is appliedto all text onthecollectedwebpages
to discover asetof 10 latenttopicsfor eachcateyory. LDA
is a generatie probabilistic model where documentsare
modeledas an in nite mixture over a setof latenttopics
andeachtopicis characterizetby adistribution overwords.
Someof theseopicswill berelevantto our querywhile oth-
erswill beirrelevant.

Usingtheword distributionslearnedby LDA, we extract
asetof 50 highly likely wordsto represeneachtopic. We
computea likelihoodfor eachimageaccordingto its asso-
ciatedword vectorandtheword lik elihoodsfoundby LDA.

3.2.Image Representation
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
channeldrom the gray scaleimage,in this case half-wave
recti ed orientededge Iter responsest threeorientations
yieldingsix channelsEachchannels blurredby aspatially
varying Gaussiarwith a standarddeviation proportionalto
the distanceto the featurecenter The descriptorsarethen
sub-sample@ndnormalized.

For our color representationwe subdvide eachimage
into 9 regions. In eachof theseregionswe computea nor-
malizedcolor histogramin RGB spacewith 8 divisionsper
color channel 512 binstotal. We alsocomputelocal color
histogramswith radius30 pixelsateachgeometridblur fea-
turepointfor usein gatingof thegeometridblur featuresas
describedn section3.4.

Texture is representedjlobally acrossthe imageusing
histogramsof Iter outputsasin [16]. We usea lter
bankconsisting24 bar and spottype lters: rst andsec-
ond derivativesof Gaussiansit 6 orientations8 Laplacian
of Gaussianlters and 4 Gaussians.We then createhis-
togramsof each Iter output.

3.3.Exemplar Initialization

Using LDA we have computeda likelihoodof eachim-
ageundereachtopic asdescribedn section3.1. We tenta-
tively assigneachimageto its mostlikely topic. For each



topic, we selectthetop 30images- or fewer if lessthan30
imagesareassigned- asexemplars.Theseexemplarsoften
have high precision,a factthatis not surprisinggiven that
mostsuccessfuimagesearchtechniquegurrentlyuseonly
textualinformationto index images.

3.4.Shape,Color, Texture and 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 a particulartypein a
gueryimage,we apply a 1-nearesheighborclassi er with
similarity measuredusing normalizedcorrelationto label
thefeatureastherelevanttopic or the backgroundopic.

For eachvisual cue(color, shapeandtexture),we com-
putethesumof thesimilaritiesof featuresnatchingpositive
exemplars.These3 numbersareusedasthe cuescoredor
the image. For eachimage,we normalizeeachcue score
to lie between0 and1 by dividing by the maximumcolor,
shapeor texture cuescorecomputecbver all images.In this
way thecuesareusedto independentlyanktheimagegby
labelingeachimagewith a scorebetweerD and1).

ShapeFeature Gating: We modify the voting stratgy
for theshapdeaturevoting. Shapdeaturegendto matchat
two extremes eitherthe bestmatchis agoodoneandhasa
high scoreor thematchis apooronewith alowerscore. We
pruneoutlow scorematchegrom thevoting processllow-
ing featuresto vote only if their matchscoreis quite good
(normalizedcorrelationscoreabove 0.95). We alsoapply
a color basedgating to the geometricblur matches.If the
local color of the bestmatchis signi cantly differentfrom
the queryfeature,we don't allow thefeatureto vote. Prun-
ing and gating helpsto disallov featuresfrom voting that
areunsureabouttheir votesandimprovesthe shapefeature
voting performancesigni cantly — especiallyin the higher
recallrange— aswell asoverall classi cationperformance.

Words: We alsocomputea word scorefor eachimage
by summingthe likelihood underthe relevant topic model
found by LDA of wordsnearthe imageon the associated
pageasdescribedn section3.1. We normalizethe word
scoreby dividing by the maximalword scoreover all im-
ages.This givesusa 4™ rankingof theimagesby labeling
eachimagewith ascorebetweerD andl.

Cue Combination: We combineour 4 independentue
scoresusing a linear combinationwith corvex 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 good cuefor the “leop-
ard” classwhile coloris a goodfeaturefor the“frog” class.
In the future we hopeto learnthis cue combinationfrom
evaluationon our trainingexemplars.

Onepowerful advantageof independentuebasedvot-

ing is that it allows for the fact that eachcue may work
well for someimages,but poorly for others. The errors
madeby eachcue seemto be somavhatindependen{see
g 1). Thus,by combiningthedifferentcueswe areableto
achieze muchbetterresultsthanusingary cuein isolation.

4. Results

We build quite effective classi ersfor ourinitial 10 ani-
mal cateyories(see gure 4). For all catgyoriesour method
(cyan)outperformsGoogletext searcired)in classi cation
performanceon the top 100 imagesreturned. The giraffe
andfrog classi ersareespeciallyaccuratereturning74and
83truepositvesrespectiely. Becausexemplarbasedvot-
ing incorporatesnultipletemplatepercateyoryweareable
to retrieve imagesacrosdifferentposesaspectsandeven
species.

The top resultsreturnedby our classi ers are usually
quite good. Figure 3 shaws the top resultsreturnedby
6 of our classi ers: “bear”, “dolphin”, “frog”, “giraffe”,
“leopard”and“penguin”. Eventhefalsenegativesreturned
by our classi er are often reasonableteddy bearsfor the
“bear” classwhaleimagedor the“dolphin” classandleop-
ard frogs for the “leopard” class. Drawings andtoy ani-
mals,eventhoughthey may depictthe correctcateyory are
countedasfalsepositives.

Visual Information makesa substantiatontrikution 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 performanceblack) outperformsthe classi cation
power of ary singlecueby asubstantiamaigin. Thisshowvs
that currenttext basedsystemscould be improved by the
useof visualinformation. We alsosigni cantly exceedthe
original Googleranking (red) which we computeover im-
ageshasedntheorderof theassociategpagein the Google
text searchresults.

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

CensoredvsUncensoed Exemplars: Ourmethoduses
an unusualform of (very light) supervisoryinput. Instead
of labelingeachtrainingimage,we simply identify which
of a setof 10 clustersof exampleimagesarerelevant. Fur-
thermorewe have theoptionof removing erroneousmages
from clusters.For verylargesetsof imagesthissecondro-
cesshaslittle effect (comparethe magentaandblue curves



Figure5. Imagessampledrom the datasebf monkey imagesthatwe produce.Falsepositvesareborderedn darkred. The rst 10 rows
aresampledevery 4" imagefrom thetop 560results while thelasttwo rows aresampledevery 250" imagefrom thelast5,000-12,866
results. Our monkey datasefs quite accuratewith a precisionof 81% for the top 500 images,anda precisionof 69% for the top 1000
images.Decidingwhichimagesarerelevantto aquerydoesnt have asingleinterpretation We choseto includeprimatedik e apesjemurs,
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). Ourresultsincludea hugerangeof aspectandposesaswell asa depictions
in differentsettingg(e.g. trees,cagesandindoorsetings).Our animalimageclassi ersinherentlytake advantageof thefactthatobjectsare
oftencorrelatedwith their backgroundg¢‘monkeys” areoftenin treesandothergreenery).



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

We believe that exemplarsselectedusing LDA tendto
be easierto classifyusingwordsbecausave selectedhem
basedon their high word likelihood. As a result,if we ex-
cludethemfrom testing,classi cationperformanceppears
worsethanit is. In gure 2, we shaw classi erstrainedus-
ing both uncensorednd censoredexemplars. The uncen-
soredcase(magentajs testedon the whole setof images,
while the censorectaseis testedexcluding the exemplars
(green).Thecensoredtlassi er shouldalwaysperformbet-
ter than the uncensoredsinceit is provided with cleaner
trainingdata,but we seethatin somecasedhe uncensored
classi er hasbetteraccurag. Thisis becausdy excluding
the exemplarimageswe biasour testsetto be moredif -
cult thanthe entiresetof imagesreturnedby Google. This
is not a phenomenorpreviously seensinceexemplarsare
usuallychoserat randomfrom the setof images.

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

Dataset: We producean extremely good datasetof
10 animal cateyories containingpicturesof animalsin a
wide variety of aspectsdepictionsappearanceposesand
speciesFigure2 shows precisionrecall curvesfor datasets
producedor the “monkey”, “penguin”and“alligator” col-
lections (blue), and gure 4 shaws the precisionof our
datasefyellow) for thetop 100imagesof eachcategory.

Extended Monkey Category: For the “monkey” class
we collecteda muchlarger setof imagesusingmultiple re-
latedqueries.Having this muchdataallowed usto build an
extremely powerful classi er usingthe sameprocedureas
for theinitial 10 categories.Figure2 shavs thatour “mon-
key” classi er is startlingly accurateusingboth supervised
(green)anduncensore@xemplargmagenta).

The“monkey” datasethatwe produces incrediblyrich
andvaried. Figure5 shavs sampledrom the top 500im-
agesin our monkey dataset(top 10 lines of images),and
samplesfrom the bottom 7000 images(bottom 2 lines of
images). In the datasetwe create81% of the top 500 im-
agesare“monkey” pictures,and69% of the top 1000im-
agesare“monkeys”. Ourmonkey datasetontainamonkeys
in a variety of poses,aspectsanddepictionsaswell asa
large numberof monkey speciesandotherrelatedprimates
includinglemurs,chimpsandgibbons.Our resultssuggest
thatit shouldbe possibleto build enormousgcleansetsof
labeledanimalimagesfor mary semanticateyories.
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