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Abstract. We extend the constellationmodelto include heterogeneouparts
which may represeneitherthe appearancer the geometryof a region of the
object. The partsand their spatialcon guration are learnt simultaneouslyand
automaticallywithout supervisionfrom clutteredimages.

We describehow this modelcanbeemplagyedfor rankingthe outputof animage
searchenginewhensearchingor objectcateyories.It is shavn thatvisual con-
sistenciesn theoutputimagescanbeidenti ed, andthenusedto ranktheimages
accordingto their closenesso the visual objectcateyory.

Althoughthe proportionof goodimagesmaybesmall,thealgorithmis designed
to berobustandis capableof learningin eitheratotally unsupervisednanneyor
with avery limited amountof supervision.

We demonstrat¢he methodonimagesetsreturnedby Googles imagesearcHor
a numberof objectcateyoriesincluding bottles,camels.cars,horsestigersand
zebras.

1 Intr oduction

Justtype a few keywordsinto the Googleimagesearchengine,andhundredssome-
timesthousandf picturesare suddenlyavailable at your ngertips. As ary Google
useris aware,notall theimageseturnedarerelatecto thesearchRathertypically more
thanhalflook completelyunrelatedmoreaver, theusefulinstancesrenotreturnedrst
—they areevenly mixedwith unrelatedmages.This phenomenoiis not dif cult to ex-
plain: currentinternetimagesearchtechnologyis baseduponwords,ratherthanimage
content—the lename of theimageandtext neartheimageon a web-pagdg4]. These
criteriaareeffective at gatheringquickly relatedimagesfrom the millions on the web,
butthe nal outcomeis farfrom perfect.

We conjecturethat, even without improving the searchengineper se, one might
improve the situationby measuringvisual consisteng' amongstthe imagesthat are
returnedandre-rankingthemon the basisof this consisteng, soincreasinghefraction
of goodimagespresentedo the userwithin the rst few web pages.This conjecture
stemsfrom the obsenration thatthe imagesthat arerelatedto the searchtypically are
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visually similar, while imagegthatareunrelatedo thesearchwill typically look differ-
entfrom eachotheraswell.

How might onemeasurévisual consisteng'? Oneapproachs to regardthis prob-
lem asoneof probabilisticmodelingandrobuststatisticsOnemighttry and t thedata
(themix of imagesreturnedby Google)with a parametrizeanodelwhich canaccom-
modatethe within-classvariationin the requestectategory, for examplethe various
shapesndlabelsof bottles,while rejectingthe outliers(theirrelevantimages) Learn-
ing amodelof thecatagyory underthesecircumstanceis anextremelychallengingask.
First of all: even objectswithin the samecatagory do look quite differentfrom each
other Moreover, therearethe usualdif culties in learningfrom imagessuchaslight-
ing andviewpoint variations(scale foreshorteningandpartial occlusion.Thirdly, and
mostimportantly in the imagesearchscenariathe objectis actuallyonly presentin a
sub-sebf theimagesandthis sub-se{andevenits size)is unknowvn.

While methodsexist to model object cateyories[9, 13,15], it is essentiathat the
approactcanlearnfrom acontaminatedrainingsetwith aminimal amountof supervi-
sion.We thereforeusethe methodof Fergusetal. [10], extendingit to allow thepartsto
be heterogeneousepresentin@ region's appearancer geometryasappropriate The
modelandits extensionsaredescribedn section2. The modelwas rst introducedby
Burl et al. [5]. Weberet al. [23] thendevelopedan EM-basedalgorithmfor training
themodelon cluttereddatasetsvith minimal supervisionln [10] a probabilisticrepre-
sentatiorfor partappearancevasdeveloped;the modelmadescaleinvariant;andboth
appearancandshapdearntsimultaneously

Other approacheso this problem[7, 19] use propertiesof colour or texture his-
tograms.While histogramapproachesave beensuccessfuln ContentBasedimage
Retrieval [2, 12,21], they areunsuitabl€or our tasksincethewithin-classreturnsvary
widely in colourandtexture.

We exploretwo scenariosin the rst theuseris willing to spenda limited amount
of time (e.g. 20-30 seconds)icking a handful of imagesof which they want more
exampleqasimpleform of relevancefeedbacK20]); in thesecondheuseris impatient
andthereis no humaninterventionin thelearning(i.e. it is completelyunsupervised).

Sincethe modelonly usesvisual information,a homorymouscategory (one that
hasmultiple meaningsfor example“chips” would returnimagesof both“Frenchfries”
and“microchips”) poseproblemsdueto multiple visualappearance€onsequentlyve
will only considercategorieswith onedominantmeaningin this paper The algorithm
only requiresmagesasits input, socanbeusedin conjunctiorwith ary existingsearch
engine.n this papemwe have choserto useGooglesimagesearch.

2 The model

In this sectionwe give anoverview of our previously developedmethod[10], together
with the extensionto heterogeneousarts.

An objectmodelconsistof anumberof partswhich arespatiallyarrangecverthe
object.A partheremay be a patchof pixelsor a curve sggment.In eithercasea part
is representedy its intrinsic description(appearancer geometry)jts scalerelative to
themodel,andits occlusionprobability. The overallmodelshapds representety the
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mutualposition of the parts.The entire modelis generatie and probabilistic,so part
description,scale,model shapeand occlusionare all modeledby probability density
functions,which areGaussians.

The processof learningan object category is one of rst detectingfeatureswith
characteristicscales,and then estimatingthe parameter®f the above densitiesfrom
thesefeaturessuchthatthemodelgivesa maximume-likelihooddescriptiorof thetrain-
ing data.Recognitionis performedon a queryimageby again rst detectingfeatures
(andtheir scales),and then evaluatingthe featuresin a Bayesianmanner using the
modelparametergstimatedn thelearning.

2.1 Model structur e overview

A modelconsistof partsandis speci edby parameters. Given detectedeatures
with locations , scales , anddescriptions , thelikelihoodthatanimagecontains
anobjectis assumedo have thefollowing form:

wherethe summatioris over allocations, , of partsto featuresTypically amodelhas
5-7 partsandtherewill bearoundthirty featuresof eachtypein animage.

Similarly it is assumedhat non-objectbackgroundmagescan be modeledby a
likelihoodof thesameform with parameters . Thedecisionasto whetheraparticular
imagecontainsanobjector notis determinedy thelik elihoodratio:

1)

The model,at boththe tting andrecognitionstagesijs scaleinvariant.Full detailsof
themodelandits tting to trainingdatausingthe EM algorithmaregivenin [10], and
essentiallythe samerepresentationandestimatiormethodsareused.

2.2 Heterogeneouarts

Existingapproacheto recognitionlearna modelbasedn a singletype of feature(e.g.
imagepatcheq3, 16], texture regions[18] or Haarwavelets[22]). However, the dif-
ferentvisual natureof objectsmeanghatthis is limiting. For someobjects like wine
bottles,the essencef the objectis capturedar betterwith geometricdnformation(the
outline)ratherthanby patchef pixels.Of coursethereverseis truefor mary objects,
like humandacesConsequentlya e xible visualrecognitionsystemmusthave multi-
plefeaturetypes.The e xible natureof the constellatiormodelmalkesthis possible As
the descriptiondensitiesof eachpartareindependenteachcanusea differenttype of
feature.

In this paper only two typesof featuresareincluded,althoughmorecaneasilybe
addedThe rst consistof regionsof pixels,thisbeingthefeaturetypeusedpreviously;
the secondconsistsof curve sggments Figure 1 illustratesthesefeatureson two typi-
calimagesThesefeaturearecomplementaryonerepresentshe appeaanceof object
patchesthe otherrepresentthe objectgeometry
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(d) (e) ®
Fig. 1. (2) Sampleoutputfrom theregion detectorThecirclesindicatethescaleof theregion. (b)
A long curve sggmentbeingdecomposedtits bitangentpoints.(c) Curveswithin the similarity-
invariantspace- notethe clustering.(d), (e)  (f) shav the curve sggmentsidenti ed in three
imagesThegreenandred markersindicatethe startandendof the curve respectiely

2.3 Featuredetection

Pixel patches. Kadir and Brady's interestoperator[14] nds regionsthatare salient
over bothlocationandscale.lt is basedon measurementsf the grey level histogram
andentropy over theregion. The operatordetectsa setof circularregionssothatboth
position (the circle centre)and scale(the circle radius)are determinedalong with a
salieny score.The operatoris largely invariantto scalechangesand rotation of the
image.For example,if theimageis doubledin sizethena correspondingetof regions
will be detectedat twice the scale).Figure1(a) shavs the outputof the operatoron a
sampleimage.

Curve segments. Ratherthan only considervery local spatialarrangementsf edge
points (asin [1]), extendededgechainsare used,detectedby the Canry edgeoper

ator [6]. The chainsarethensgymentedinto sggmentsbetweenbitangentpoints, i.e.

pointsat which aline hastwo pointsof tangeng with the curve. Figure1(b) shovs an
example.

This decompositions usedfor two reasons:rst, bitangeng is covariantwith pro-
jective transformationsThis meanghatfor nearplanarcurvesthe sggmentatioris in-
variantto viewpoint, animportantrequiremenif the same,or similar, objectsareim-
agedat differentscalesandorientationsSecondby segmentingcurvesusingabi-local
propertyinterestingsggmentscanbe found consistentlydespiteimperfectedgeldata.

Bitangentpointsarefoundon eachchainusingthe methoddescribedn [17]. Since
eachpair of bitangentpointsde nes a curve which is a sub-sectiorof the chain,there
may be multiple decomposition®f the chaininto curved sectionsas shavn in g-
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ure 1(b). In practice,mary curve segmentsare straightlines (within a thresholdfor
noise)andthesearediscardedasthey areintrinsically lessinformative thancurves.In
addition,the entirechainis alsoused,soretainingcorvex curve portions.

2.4 Featurerepresentation

The featuredetectorgjivespatchesandcurvesof interestwithin eachimage.In order
to usethemin our modeltheir propertiesare parametrizedo form where

is the appearancef theregionswithin theimage,and is the shapeof the curves
within eachimage.

Regionrepresentation. As in [10], oncethe regionsareidenti ed, they arecropped
from theimageandrescaledo a smaller pixel patch.The dimensionalityis
thenreducedusingprincipalcomponentinalysi(PCA). In thelearningstage patches
from all imagesarecollectedandPCA performedon them.Eachpatchs appearances
thenavectorof the coordinatesvithin the rst ~ principalcomponentssogiving

Curverepresentation. Eachcurweis transformedo a canonicapositionusinga sim-
ilarity transformatiorsuchthatit startsat the origin andendsat the point . If the
curve's centroidis below the -axisthenit is ipped bothin the -axisandtheline
, Sothatthe samecurve is obtainedindependenof the edgelordering.The

value of the curwve in this canonicalpositionis sampledat  equallyspaced inter-
valsbetween and . Figure1(c) shaws curve sggmentswithin this canonical
space Sincethe modelis not orientation-itvariant,the original orientationof the curve
is concatenatetb the 13-vectorfor eachcurve, giving a 15-vector(for robustnessori-
entationis representecsa normalized2-vector). Combiningthe 15-vectorsfrom all
curveswithin theimagegives

2.5 Model structur eand representation

Thedescriptoraremodelledby the likelihoodterm.Eachpartmodels
eithercurvesor patchesandthis allocationis madebeforehand. picks a featurefor
eachpartfrom or (asappropriatepndisthenmodelledbya dimensionalGaus-
sian(notethatboth curvesandpatchesarerepresentethy a 15-vector).This Gaussian
will hopefully nd aclusterof curves/patcheslosetogethein thespacecorresponding
to similar looking curvesor patchesacrossmagesTherelative locationsof the model
partsaremodelledby —which is ajoint Gaussiardensityover all parts.
Again, allocatesafeatureto eachpart. Thelocationof curveis takenasits centroid.
Thelocationof a patchis its region centre For therelative scaleterm, —again
aGaussianthelengthof the curve andtheradiusof apatchregionis takenasbeingthe
scalefor a curve/patch.

3 Method

In this sectionthe experimentaimplementatioris describedthe gatheringof images,
featuredetectionmodellearningandranking. The processwill bedemonstratednthe
“bottles” category .
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3.1 Image collection

For a given keyword, Googles imagesearch wasusedto downloada setof images.
Imagesoutsidea reasonablsizerange(betweernl00and600 pixelson the majoraxis)
werediscardedA typicalimagesearchreturnedn theregionof -  usablamages.
A script was usedto automatethe procedure For assessmemnurposesthe images
returnedweredividedinto distinctgroups(see g. 2):

1. Good images: theseare good examplesof the keyword cateyory, lacking major
occlusionalthoughtheremaybeavariety of viewpoints,scalingsandorientations.

2. Intermediate images:thesearein someway relatedto the keyword category, but
are of lower quality thanthe goodimages.They may have extensive occlusion;
substantialmagenoise;be a caricatureor cartoonof the categyory; or the category
is ratherinsigni cant in theimage,or someotherfault.

3. Junk images:thesearetotally unrelatedo the keyword category.

Additionally, a datasetconsistingentirely of junk imageswascollected,by usingthe
keyword “things”. This backgroundiatasets usedin the unsupervisedearningproce-
dure.

Thealgorithmwasevaluatedon tendatasetgatheredrom Google:bottles,camel,
cars,cocacola, horses)eopardsmotorbike, mugs,tiger and zebra.lt is worth noting
thattheinclusionor exclusionof an“s” to thekeyword canmake a big differenceto the
imagegeturned The datasetaredetailedin Tablel.

Dataset Bottleg Came[Carg Coca-coldHorsegLeopard$Motorbike]Mugs| Tiger[Zebrd Things|
Total sizeof dataset| 700 | 700 |448| 500 600 700 500 600 | 642 | 640 | 724
Goodimages 41 24 130 17 21 49 25 50 [ 35| 44 | na.
Intermediatémageg 26 27 |18 12 25 33 16 9 [ 24] 33 ] na
Junkimages 33 49 | 52 71 54 18 59 41 | 41| 24 | na.

Table 1. Statisticsof the datasetsasreturnedoy Google.

3.2 Imagere-ranking

Feature detection. Eachimageis corvertedto greyscale,sincecolourinformationis
notusedin the model. Curvesandregionsof interestarethenfound within theimage,
usingexactly the samesettingsfor all datasetsThis produces , and for usein
learningor recognition.The  regionswith the highestsalieny, and  curveswith
thelongestiengthareusedfrom eachimage.

Model Learning. The learningprocesgakesoneof two distinctforms: unsupervised
learningandlimited supervision:

— Unsupewisedlearning: In this scenarioa modelis learntusingall imagesin the
datasetNo humaninterventionis requiredin the process.

— Learning with limited supeision: An alternatve approachs to userelevance-
feedbackTheuserpicks or soimagesthatarecloseto theimagehe/shewants,
see gure 2(b) for examplesfor the bottlescategory. A modelis learntusingthese
images.

% http://lwww.google.com/imghp . Date of collection: Jan.2003. As we write (Feh
2004)we noticethatGoogles precision-recalturveshaveimprovedduringthelast12 months.
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Fig. 2. Images of bottles. (a) the rst imagesreturnedby Google.The coloureddot in the
bottomright handcornerindicateshegroundtruth cateyory of theimage:good(green);nterme-
diate(yellow) or junk (red).(b) the  handselectedmagesusedin the supervisedxperiments.

In both approacheghe learningtasktakesthe form of estimatingthe parameters

of the modeldiscussedibore. The goalis to nd the parameters which best
explainthedata from thechoserirainingimagegbeit  orthewholedataset),
i.e.maximisethelik elihood: . Forthe partmodelused
in theexperimentsthereare  parameterdn thesupervisedearningcasethe useof
only trainingimagess acompromisebetweerthe numberthe usercanbe expected
to pick andthe generalisatiorability of the model. The modelis learntusingthe EM
algorithmasdescribedn [10]. Figure3 shavs a curve modelanda patchmodeltrained
fromthe manuallyselectedmagesof bottles.
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Fig. 3. Models of bottles. (a) & (b): Curve model.(c) & (d): Patchmodel.(a) Thespatiallayout
of the cunve modelwith meancurvesoverlaid. The X andY axesarein arbitraryunits sincethe
modelis scale-ivariant. The ellipsesindicatevariancein relative location.(b) Patchof images
selectedby curve featuresdrom high scoringhypotheseg(c) Spatiallayoutfor patchmodel.(d)
Samplepatchesclosestto meanof appearanceensity Both modelspick out bottle necksand
bodieswith the shapemodelcapturingthe side-by-sidearrangemensf the bottles.
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Re-ranking. Given the learntmodel, the likelihood ratio (egn. 1) for eachimageis
computedThis likelihoodratio is thenusedto rankall theimagesin the datasetNote
thatin the supervisedcase,the  imagesmanuallyselectedare excludedfrom the
ranking.

Speedconsiderations.If this algorithmis to be of practicalvalue,it mustbefast.Once
imageshave beenpreprocessedyhich canbedoneoff-line, amodelcanbelearntfrom

imagesn around secondsindtheimagesn thedatasete-ranledin seconds
ona Ghzprocessar

3.3 Robustlearning in the unsupervisedcase

We areattemptingto learna modelfrom a datasetvhich containsvalid data(the good
images)but alsooutliers (the intermediateandjunk images),a situationfacedin the
areaof robuststatistics Oneapproachwould beto useall imagesfor trainingandrely

on the models' occlusionterm to accountfor the small portion of valid data. How-

ever, this requiresan accuratemodelling of imageclutter propertiesandreliable con-
vergenceduring learning.An an alternatve approachwe adapta robust tting algo-
rithm, RANSAC [11], to our needsA large numberof modelsare trained( ),

eachoneusinga setof randomlydravn imagessufcient to train amodel( in this

case).Theintuition is thatat leastoneof thesewill betrainedon a higherthanaverage
proportionof goodimagessowill beagoodclassi er. Thechallengdsto nd arobust
unsupervisedcoringfunctionthatis highly correlatedo the underlyingclassi cation
performanceThe modelwith the highestscoreis thenpickedasmodelto performthe
re-rankingof the dataset.

Ournovel scoringapproachusesa secondsetof imagesconsistingentirelyof irrel-
evantimagestheaforementionetbackgroundlatasetThustherearenow two datasets:
(a) theoneto beranked (consistingof a mixture of junk andgoodimages)and(b) the
backgrounddatasetEachmodelevaluateshe lik elihoodof imagesfrom both datasets
andadifferentialrankingmeasurés computeetweerthem.In thisinstanceye com-
pute the areaundera recall-precisioncurve (RPC) betweenthe two datasetsin our
experimentswe found a good correlationbetweenthis measureandthe groundtruth
RPCprecision:the nal modelpickedwas consistentlyin the top 15% of models,as
demonstrateth gs. 4(c)& (d).

3.4 Selectionof featuretype

For eachdatasetin both the supervisedand unsupervisedase,two differentmodels
arelearnt:oneusingonly patchesandanotherusingonly curves.A decisionmustbe
madeasto which model should give the nal rankingthat will be presentedo the
user Thisis a challengingproblemsincethe modelsexist in differentspacesso their
likelihoodscannotbe directly comparedOur solutionis to comparethe varianceof
the unsupervisednodels' scoringfunction. If a featuretype is effective thena large
varianceis expectedsincea good modelwill scoremuchbetterthana mediocreone.
However, aninappropriateeaturetype will be unableto separatéhe dataeffectively,
no matterwhichtrainingimageswereused meaningall scoreswill besimilar.
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Using this approachthe ratio of the varianceof the RANSAC curve and patch
modelsis comparedo athreshold x edfor all datasetsanda selectiorof featuretype
is made.This selectionis thenusedfor boththe unsupervise@ndsupervisedearning
casesFigure5 shows the rst few re-ranked imagesof the bottlesdatasetusingthe
modelchosert in this casecurves.

Good vs Iitermediate & dink Good & Irtermediate vs Junk Curves Patches
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Fig. 4. (a) & (b) Recall-Precisiorrurvescomputedusinggroundtruth for the superviseanodels
in gure 3.1In (a), the goodimagesform the positive setandthe intermediateandjunk images
formthenegative one.In (b), goodandintermediatémagesform thepositive setandjunk images,
the negative one. The dottedblue line is the curve of the raw Googleimages(i.e. takenin the
orderthey are presentedo the user).The solid red line shavs the performanceof the curve
modelandthe dashedgreenline shawvs the performancef the patchmodel.As mostuserswill
only look atthe rst few pageof returnedresults theinterestingareaof the plotsis theleft-hand
side of the graph,particularlyarounda recall of (asindicatedby the verticalline). In this
region, the curve model clearly gives an improvementover both the raw imagesandthe patch
model(aspredictedby the variancemeasure)(c) & (d): Scatterplots shaving the scoringRPC
areaversusgroundtruth RPCareafor curve andpatchmodelsrespectiely in the unsupervised
learningprocedureEachpointis amodellearntusingthe RANSAC-styleunsupervisetkarning
algorithm.The modelselectedor eachfeaturetype is indicatedby the red circle. Note thatin
bothplotsit is amongsthe bestfew models.

4 Results

Two serief experimentavereperformedthe rst usedthesupervisedearningmethod
while thesecondvascompletelyunsupervisedn bothsets the choicebetweercurves
andpatchesvasmadeautomatically Theresultsof the experimentsaaresummarisedn
table2.

4.1 Supewisedlearning

The resultsin table 2 shav that the algorithm gives a marked improvementover the
raw Googleoutputin  of the  datasetsThe evaluationis a stringentone, since
the modelmustseparatehe goodimagesfrom the intermediateandjunk, ratherthan
just separatinghe good from the junk. The curve featureswere usedin instances,
ascomparedo for patchesWhile curveswould be expectedto be preferablefor
catgyoriessuchasbottles,their marked superiorityon the carscateayory, for example,
is surprising.It can be explainedby the large variationin viewpoint presentin the
images.No patchfeaturescould be found that were stableacrossall views, whereas
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Fig. 5. Re-rankedbottle images.Thedotin thebottomright cornershavs thelabelof theimage.
Thethin magentacurveson eachimageshav the curve segmentsdetected The besthypothesis
is alsohighlightedwith thick colouredlines. The duplicateimagespresenin the datasetrethe
reasorthatsomeof the  trainingimagesappeaiin the gure. Notice thatthe modelseemgo
pick up the neckof the bottles,with its distinctive curvature. Theseimagesclearly containmore
bottlesthanthoseof gure 2.

[ Dataset [Bottleg§Came[Carg Coca-coldHorsegLeopardsmotorbike[Mugs| Tiger[Zebrg|Average
| Raw Google [ 39.3[36.1]31.7 419 | 3L.1| 468 | 48.7 |84.9]30.5/51.9] 443 |
| 10images(Cunes) [82.9]800[783 353 | 283| 395 | 486 [75.0[438[ 741] . |
| T0images(Paiches) | 52.3 | 68.6 |47.4] 545 | 23.6 | 69.0 | 425 |55.7| 72.7] 741 7 |

[ RANSAC unsupervised-Cues| 814 [ 78.8[69.00 295 | 250] 415 [ 613 [68.2[434[712]] o |
[RANSAC unsupervised&iches 68.6 | 48.7 |42.6] 26.0 | 250 | 50.0 | 20.4 |66.7|58.9]545] " |

[All imagesunsupervised-Cuss| 76.1 [ 81.2[417] 433 | 232] 51.0 [ 345 [76.3[44.0[646] ., 4 |
|All imagesunsupervised#tches 35.0 | 27.4 [44.4] 23.6 | 22.4] 554 | 17.9 [62.5]53.2[ 50.0]] il

Table 2. Summary of results Precisionat recall - equivalentto aroundtwo web-pages
worth of imagesGoodimagesvs.intermediate junk. Thesecondow givesraw Googleoutput
precision.Rows 3 & 4 give resultsof supervisedearning,using handpicledimagesRows 5
& 6 give resultsof unsupervisedRANSAC-stylelearning.Rows 7 & 8 areincludedto shawv the
comparisorof the RANSAC approactto unsupervisedearningusingall imagesin the dataset.
Bold indicatesthe automaticallyselectednodel.For the forms of learningused(supervisedand
RANSAC-styleunsupervised}his modelselectioris correct of thetime. The nal column
givestheaverageprecisionacrossall datasetsfor the automaticallychoserfeaturetype.

long horizontalcurvesin closeproximity werepresentregardlesf theviewpointand
thesewereusedby the model,giving a goodperformanceAnotherexampleof curves
beingunexpectedlyeffective, is on the cameldatasetasshavn in gure 6. Here,the
knobbly kneesand legs of the camelare found consistentlyregardlessof viewpoint
and clutter, so are usedby the modelto give a precision(at 15% recall) over twice
that of the raw Googleimages.The failure to improve Googles outputon of the
catagyories(horsesmotorbikesand mugs),can be mainly attributedto an inability to
obtaininformative featureson the object. It is worth noting thatin thesecasesgither
theraw Googleperformancavasvery good(mugs)or the portion of goodimageswas
verysmall( 25%).

4.2 Unsupelrvisedlearning

In thisapproach, ofthe caseswveresigni cantly betterthantheraw Googleoutput.
Many of themwereonly slightly worsethanthe supervisectase with the motorbike
catgyory actuallysuperior This catgory is shovnin gure 7.
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In table2, RANSAC-stylelearningis comparedo learningdirectly from all images
in the dataset.The proportionof junk imagesin the datasetdetermineswvhich of the
two approacheis superior:usingall imagess maminally betterwhentheproportionis
small,while theRANSAC approachs decisvely betterwith alarge proportionof junk.

5 Discussionand futur e work

RerankingGoogleimageshasedntheir similarity is a problemthatis similarto classi-
calvisual objectrecognition.However, it is worth notingthe signi cant differencesin
the classicalsettingof visualrecognitionwe arehandeca cleantraining setconsisting
of carefully labelled positive' and "negative' exampleswe arethenasked to testour
algorithmon fresh datathat was collectedindependentlyln the presentscenariothe
training setis not labelled,it containsa minority (20-50%)of "good' examples,anda
majority of either’intermediateor “junk' examples Moreover, afterlearning,our task
is to sortthe “training' set,ratherthanwork onfreshdata.

Selectingamongstmodelscomposedf heterogeneoufeaturedss a dif cult chal-
lengein our setting.If we hadthe luxury of a cleanlabelledtraining set,thenpart of
this could have beenselectedas a validation setandthen usedto selectbetweenall-
curve andall-patchmodels.Indeedwe could thenhave trainedheterogeneousiodels
wherepartscould be eithercurvesor patchesHowever, the non-parametriRPCscor
ing methodsdevelopedherearenotupto this task.

It is clearthatthe currentfeaturesusedare somevhatlimited in thatthey capture
only a smallfraction of theinformationfrom eachimage.ln someof the datasetge.qg.
horses)the featuresdid not pick out the distinctive information of the category at all,
so the model had no signalto dealwith andthe algorithm failed as a consequence.
By introducinga wider rangeof featuretypes(e.g.cornerstexture) a wider rangeof
datasetshouldbeaccessibléo thealgorithm.

Overall, we have shavn thatin the casesvherethe model's featureqpatchesand
curves) are suitablefor the object class,thenthereis a marked improvementin the
ranking. Thuswe canconcludethatthe conjectureof theintroductionis valid — visual
consisteng rankingis aviablevisual cateyory Iter for thesedatasets.

Thereare a numberof interestingissuesin machinelearningand machinevision
that emege from our experience:(a) Priors were not usedin either of the learning
scenariosln Fei-Feiet al. [8] priors were incorporatednto the learning processof
the constellationmodel, enablingeffective modelsto be trainedfrom a few images.
Applying thesetechnigueshouldenhancehe performanceof our algorithm.(b) The
“supervisedtasecouldbeimprovedby usingsimultaneouslyghesmalllabelledtraining
dataprovided by the user aswell asthe large unlabelledoriginal datasetMachine
learningresearcherare making progresson the problemof learningfrom “partially
labeled'data.We oughtto bene t from thateffort.
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Camel shape model
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Fig. 6. Camel.Thealgorithmperformswell, evenin theunsupervisedcenarioThecurve model,
somevhat surprisingly locks onto the long, ganglylegs of the camel.Fromthe RPC (goodvs
intermediate& junk), we seethat for low recall (the rst few web-pagegeturned),both the
modelshave arounddoublethe precisionof theraw Googleimages.
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Fig. 7. Motorbik e. The top scoringunsupervisedanotorbike model, selectecautomatically The
model picks up on the wheelsof the bike, despitea wide rangeof viewpointsandclutter The
RPC(goodvs intermediate& junk) shavs the curve modelperformingbetterthanGoogles raw
outputandthe modelbasedn patchegwhichis actuallyworsethantheraw output).



