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Abstract. We extend the constellationmodel to include heterogeneousparts
which may representeither the appearanceor the geometryof a region of the
object.The partsand their spatialcon�guration are learnt simultaneouslyand
automatically, without supervision,from clutteredimages.
We describehow this modelcanbeemployedfor rankingtheoutputof animage
searchenginewhensearchingfor objectcategories.It is shown thatvisual con-
sistenciesin theoutputimagescanbeidenti�ed, andthenusedto ranktheimages
accordingto their closenessto thevisualobjectcategory.
Althoughtheproportionof goodimagesmaybesmall,thealgorithmis designed
to berobustandis capableof learningin eithera totally unsupervisedmanner, or
with a very limited amountof supervision.
Wedemonstratethemethodon imagesetsreturnedby Google's imagesearchfor
a numberof objectcategoriesincludingbottles,camels,cars,horses,tigersand
zebras.

1 Intr oduction

Justtype a few keywordsinto the Googleimagesearchengine,andhundreds,some-
timesthousandsof picturesaresuddenlyavailableat your �ngertips. As any Google
userisaware,notall theimagesreturnedarerelatedto thesearch.Rather, typicallymore
thanhalf look completelyunrelated;moreover, theusefulinstancesarenotreturned�rst
– they areevenlymixedwith unrelatedimages.This phenomenonis notdif�cult to ex-
plain:currentInternetimagesearchtechnologyis baseduponwords,ratherthanimage
content– the �lename of the imageandtext nearthe imageon a web-page[4]. These
criteriaareeffective at gatheringquickly relatedimagesfrom themillions on theweb,
but the�nal outcomeis far from perfect.

We conjecturethat, even without improving the searchengineper se,onemight
improve the situationby measuring̀ visual consistency' amongstthe imagesthat are
returnedandre-rankingthemonthebasisof thisconsistency, soincreasingthefraction
of goodimagespresentedto the userwithin the �rst few web pages.This conjecture
stemsfrom theobservation that the imagesthat arerelatedto thesearchtypically are
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visuallysimilar, while imagesthatareunrelatedto thesearchwill typically look differ-
entfrom eachotheraswell.

How might onemeasurèvisualconsistency'? Oneapproachis to regardthis prob-
lemasoneof probabilisticmodelingandrobuststatistics.Onemight try and�t thedata
(themix of imagesreturnedby Google)with a parametrizedmodelwhich canaccom-
modatethe within-classvariation in the requestedcategory, for examplethe various
shapesandlabelsof bottles,while rejectingtheoutliers(theirrelevantimages).Learn-
ing amodelof thecategoryunderthesecircumstancesis anextremelychallengingtask.
First of all: even objectswithin the samecategory do look quite different from each
other. Moreover, therearetheusualdif�culties in learningfrom imagessuchaslight-
ing andviewpoint variations(scale,foreshortening)andpartialocclusion.Thirdly, and
mostimportantly, in the imagesearchscenariotheobjectis actuallyonly presentin a
sub-setof theimages,andthis sub-set(andevenits size)is unknown.

While methodsexist to modelobjectcategories[9,13,15], it is essentialthat the
approachcanlearnfrom acontaminatedtrainingsetwith aminimalamountof supervi-
sion.Wethereforeusethemethodof Fergusetal. [10], extendingit to allow thepartsto
beheterogeneous,representinga region'sappearanceor geometryasappropriate.The
modelandits extensionsaredescribedin section2. Themodelwas�rst introducedby
Burl et al. [5]. Weberet al. [23] thendevelopedan EM-basedalgorithmfor training
themodeloncluttereddatasetswith minimal supervision.In [10] a probabilisticrepre-
sentationfor partappearancewasdeveloped;themodelmadescaleinvariant;andboth
appearanceandshapelearntsimultaneously.

Other approachesto this problem[7,19] usepropertiesof colour or texture his-
tograms.While histogramapproacheshave beensuccessfulin ContentBasedImage
Retrieval [2, 12,21], they areunsuitablefor our tasksincethewithin-classreturnsvary
widely in colourandtexture.

We exploretwo scenarios:in the�rst theuseris willing to spenda limited amount
of time (e.g. 20-30 seconds)picking a handful of imagesof which they want more
examples(asimpleform of relevancefeedback[20]); in thesecondtheuseris impatient
andthereis nohumaninterventionin thelearning(i.e. it is completelyunsupervised).

Sincethe modelonly usesvisual information,a homonymouscategory (onethat
hasmultiplemeanings,for example“chips” wouldreturnimagesof both“Frenchfries”
and“microchips”)poseproblemsdueto multiplevisualappearances.Consequentlywe
will only considercategorieswith onedominantmeaningin this paper. Thealgorithm
only requiresimagesasits input,socanbeusedin conjunctionwith any existingsearch
engine.In this paperwehavechosento useGoogle's imagesearch.

2 The model

In this sectionwe give anoverview of our previouslydevelopedmethod[10], together
with theextensionto heterogeneousparts.

An objectmodelconsistsof anumberof partswhicharespatiallyarrangedoverthe
object.A partheremaybe a patchof pixelsor a curve segment.In eithercase,a part
is representedby its intrinsic description(appearanceor geometry),its scalerelative to
themodel,andits occlusionprobability. Theoverallmodelshapeis representedby the
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mutualpositionof the parts.The entiremodelis generative andprobabilistic,so part
description,scale,modelshapeandocclusionareall modeledby probability density
functions,whichareGaussians.

The processof learningan objectcategory is oneof �rst detectingfeatureswith
characteristicscales,and thenestimatingthe parametersof the above densitiesfrom
thesefeatures,suchthatthemodelgivesamaximum-likelihooddescriptionof thetrain-
ing data.Recognitionis performedon a queryimageby again�rst detectingfeatures
(and their scales),and then evaluatingthe featuresin a Bayesianmanner, using the
modelparametersestimatedin thelearning.

2.1 Model structur eoverview

A modelconsistsof � partsandis speci�edby parameters� . Given � detectedfeatures
with locations 	 , scales
 , anddescriptions� , the likelihoodthatan imagecontains
anobjectis assumedto have thefollowing form:
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wherethesummationis overallocations,& , of partsto features.Typically a modelhas
5-7partsandtherewill bearoundthirty featuresof eachtypein animage.

Similarly it is assumedthat non-objectbackgroundimagescanbe modeledby a
likelihoodof thesameform with parameters��PRQ . Thedecisionasto whetheraparticular
imagecontainsanobjector not is determinedby thelikelihoodratio:
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Themodel,at both the �tting andrecognitionstages,is scaleinvariant.Full detailsof
themodelandits �tting to trainingdatausingtheEM algorithmaregivenin [10], and
essentiallythesamerepresentationsandestimationmethodsareused.

2.2 Heterogeneousparts

Existingapproachesto recognitionlearnamodelbasedonasingletypeof feature(e.g.
imagepatches[3,16], texture regions[18] or Haarwavelets[22]). However, the dif-
ferentvisualnatureof objectsmeansthat this is limiting. For someobjects,like wine
bottles,theessenceof theobjectis capturedfar betterwith geometricinformation(the
outline)ratherthanby patchesof pixels.Of course,thereverseis truefor many objects,
likehumansfaces.Consequently, a �e xible visualrecognitionsystemmusthavemulti-
ple featuretypes.The�e xible natureof theconstellationmodelmakesthispossible.As
thedescriptiondensitiesof eachpartareindependent,eachcanusea differenttypeof
feature.

In this paper, only two typesof featuresareincluded,althoughmorecaneasilybe
added.The�rst consistsof regionsof pixels,thisbeingthefeaturetypeusedpreviously;
thesecondconsistsof curve segments.Figure1 illustratesthesefeatureson two typi-
cal images.Thesefeaturearecomplementary:onerepresentstheappearanceof object
patches,theotherrepresentstheobjectgeometry.
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Fig.1. (a) Sampleoutputfrom theregiondetector. Thecirclesindicatethescaleof theregion.(b)
A longcurve segmentbeingdecomposedat its bitangentpoints.(c) Curveswithin thesimilarity-
invariantspace- notethe clustering.(d), (e) U (f) show the curve segmentsidenti�ed in three
images.Thegreenandredmarkersindicatethestartandendof thecurve respectively

2.3 Featuredetection

Pixel patches. Kadir andBrady's interestoperator[14] �nds regionsthat aresalient
over both locationandscale.It is basedon measurementsof thegrey level histogram
andentropy over theregion.Theoperatordetectsa setof circular regionssothatboth
position (the circle centre)andscale(the circle radius)aredetermined,alongwith a
saliency score.The operatoris largely invariant to scalechangesand rotationof the
image.For example,if theimageis doubledin sizethena correspondingsetof regions
will bedetected(at twice thescale).Figure1(a)shows theoutputof theoperatoron a
sampleimage.

Curve segments. Ratherthanonly considervery local spatialarrangementsof edge
points (as in [1]), extendededgechainsareused,detectedby the Canny edgeoper-
ator [6]. The chainsare thensegmentedinto segmentsbetweenbitangentpoints,i.e.
pointsat which a line hastwo pointsof tangency with thecurve.Figure1(b) shows an
example.

This decompositionis usedfor two reasons:�rst, bitangency is covariantwith pro-
jective transformations.This meansthat for nearplanarcurvesthesegmentationis in-
variantto viewpoint, an importantrequirementif thesame,or similar, objectsareim-
agedatdifferentscalesandorientations.Second,by segmentingcurvesusingabi-local
propertyinterestingsegmentscanbefoundconsistentlydespiteimperfectedgeldata.

Bitangentpointsarefoundoneachchainusingthemethoddescribedin [17]. Since
eachpair of bitangentpointsde�nes a curve which is a sub-sectionof thechain,there
may be multiple decompositionsof the chain into curved sectionsas shown in �g-
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ure 1(b). In practice,many curve segmentsare straightlines (within a thresholdfor
noise)andthesearediscardedasthey areintrinsically lessinformative thancurves.In
addition,theentirechainis alsoused,soretainingconvex curveportions.

2.4 Featurerepresentation

The featuredetectorsgivespatchesandcurvesof interestwithin eachimage.In order
to usethemin our modeltheir propertiesareparametrizedto form �V�XW Y#��Z\[ where

Y is theappearanceof theregionswithin the image,and Z is theshapeof thecurves
within eachimage.

Region representation. As in [10], oncethe regionsareidenti�ed, they arecropped
from the imageandrescaledto a smaller, ]!]_^`]�] pixel patch.The dimensionalityis
thenreducedusingprincipalcomponentanalysis(PCA). In thelearningstage,patches
from all imagesarecollectedandPCA performedon them.Eachpatch'sappearanceis
thenavectorof thecoordinateswithin the�rst ]ba principalcomponents,sogiving Y .

Curve representation. Eachcurve is transformedto a canonicalpositionusingasim-
ilarity transformationsuchthat it startsat theorigin andendsat thepoint 


]!��cd� . If the
curve's centroidis below the e -axis then it is �ipped both in the e -axis and the line

f

�Xc�gha , so that thesamecurve is obtainedindependentof theedgelordering.The f

valueof the curve in this canonicalpositionis sampledat ]Gi equallyspacede inter-
valsbetween


c��'c�� and 


]!��cd� . Figure1(c) shows curvesegmentswithin this canonical
space.Sincethemodelis notorientation-invariant,theoriginalorientationof thecurve
is concatenatedto the13-vectorfor eachcurve,giving a 15-vector(for robustness,ori-
entationis representedasa normalized2-vector).Combiningthe 15-vectorsfrom all
curveswithin theimagegives Z .

2.5 Model structur eand representation

Thedescriptorsaremodelledby the �B


��� 	���
���&��8��� likelihoodterm.Eachpartmodels
eithercurvesor patchesandthis allocationis madebeforehand.& picks a featurefor
eachpartfrom Y or Z (asappropriate)andis thenmodelledby a ]ja dimensionalGaus-
sian(notethatbothcurvesandpatchesarerepresentedby a 15-vector).This Gaussian
will hopefully�nd aclusterof curves/patchesclosetogetherin thespace,corresponding
to similar looking curvesor patchesacrossimages.Therelative locationsof themodel
partsaremodelledby �B


	C� 
���&��8��� – which is a joint Gaussiandensityover all parts.
Again, & allocatesa featureto eachpart.Thelocationof curve is takenasits centroid.
Thelocationof apatchis its regioncentre.For therelativescaleterm,��



�� &(����� – again
aGaussian,thelengthof thecurveandtheradiusof apatchregionis takenasbeingthe
scalefor a curve/patch.

3 Method

In this sectiontheexperimentalimplementationis described:thegatheringof images,
featuredetection,modellearningandranking.Theprocesswill bedemonstratedonthe
“bottles” category .
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3.1 Imagecollection

For a givenkeyword, Google's imagesearch3 wasusedto downloada setof images.
Imagesoutsidea reasonablesizerange(between100and600pixelson themajoraxis)
werediscarded.A typical imagesearchreturnedin theregionof kFa3c - lmc�c usableimages.
A script was usedto automatethe procedure.For assessmentpurposes,the images
returnedweredividedinto i distinctgroups(see�g. 2):

1. Good images: thesearegoodexamplesof the keyword category, lacking major
occlusion,althoughtheremaybeavarietyof viewpoints,scalingsandorientations.

2. Intermediate images:thesearein someway relatedto thekeyword category, but
are of lower quality than the good images.They may have extensive occlusion;
substantialimagenoise;bea caricatureor cartoonof thecategory; or thecategory
is ratherinsigni�cant in theimage,or someotherfault.

3. Junk images:thesearetotally unrelatedto thekeywordcategory.

Additionally, a datasetconsistingentirely of junk imageswascollected,by usingthe
keyword “things”. This backgrounddatasetis usedin theunsupervisedlearningproce-
dure.

Thealgorithmwasevaluatedon tendatasetsgatheredfrom Google:bottles,camel,
cars,cocacola,horses,leopards,motorbike, mugs,tiger andzebra.It is worth noting
thattheinclusionor exclusionof an“s” to thekeywordcanmakeabig differenceto the
imagesreturned.Thedatasetsaredetailedin Table1.

Dataset Bottles CamelCarsCoca-colaHorsesLeopardsMotorbike Mugs Tiger ZebraThings
Total sizeof dataset 700 700 448 500 600 700 500 600 642 640 724

n

Goodimages 41 24 30 17 21 49 25 50 35 44 n.a.
n

Intermediateimages 26 27 18 12 25 33 16 9 24 33 n.a.
n

Junkimages 33 49 52 71 54 18 59 41 41 24 n.a.

Table1. Statisticsof thedatasetsasreturnedby Google.

3.2 Imagere-ranking

Feature detection.Eachimageis convertedto greyscale,sincecolour informationis
not usedin themodel.Curvesandregionsof interestarethenfoundwithin theimage,
usingexactly the samesettingsfor all datasets.This produces	 , � and 
 for usein
learningor recognition.The o�a regionswith the highestsaliency, and i!c curveswith
thelongestlengthareusedfrom eachimage.

Model Learning. The learningprocesstakesoneof two distinct forms:unsupervised
learningandlimited supervision:

– Unsupervisedlearning: In this scenario,a modelis learntusingall imagesin the
dataset.No humaninterventionis requiredin theprocess.

– Learning with limited supervision: An alternative approachis to userelevance-
feedback.Theuserpicks ]jc or soimagesthatarecloseto theimagehe/shewants,
see�gure 2(b) for examplesfor thebottlescategory. A modelis learntusingthese
images.

3 http://www.google.com/imghp . Date of collection: Jan.2003. As we write (Feb.
2004)wenoticethatGoogle'sprecision-recallcurveshaveimprovedduringthelast12months.



A VisualCategory Filter for GoogleImages 7

(a) (b)

Fig.2. Imagesof bottles. (a) the �rst pjq imagesreturnedby Google.The coloureddot in the
bottomright handcornerindicatesthegroundtruthcategoryof theimage:good(green);interme-
diate(yellow) or junk (red).(b) the r$s handselectedimagesusedin thesupervisedexperiments.

In both approaches,the learningtasktakesthe form of estimatingthe parameters
� of the modeldiscussedabove. The goal is to �nd the parameters t�3uwv which best
explainthedata	����C��
 from thechosentrainingimages(beit ]Gc or thewholedataset),
i.e.maximisethelikelihood: t

�
uxv

�zyd{j|�}~yde€•
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	#�'���$
(�6��� . For the a partmodelused
in theexperiments,thereare o3k�i parameters.In thesupervisedlearningcase,theuseof
only ]jc trainingimagesis a compromisebetweenthenumbertheusercanbeexpected
to pick andthe generalisationability of themodel.The modelis learntusingtheEM
algorithmasdescribedin [10]. Figure3 showsacurvemodelandapatchmodeltrained
from the ]Gc manuallyselectedimagesof bottles.
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Fig.3. Modelsof bottles. (a) & (b): Curve model.(c) & (d): Patchmodel.(a) Thespatiallayout
of thecurve modelwith meancurvesoverlaid.TheX andY axesarein arbitraryunitssincethe
modelis scale-invariant.Theellipsesindicatevariancein relative location.(b) Patchof images
selectedby curve featuresfrom high scoringhypotheses.(c) Spatiallayout for patchmodel.(d)
Samplepatchesclosestto meanof appearancedensity. Both modelspick out bottle necksand
bodieswith theshapemodelcapturingtheside-by-sidearrangementof thebottles.
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Re-ranking. Given the learntmodel, the likelihood ratio (eqn.1) for eachimageis
computed.This likelihoodratio is thenusedto rankall theimagesin thedataset.Note
that in the supervisedcase,the ]jc imagesmanuallyselectedare excludedfrom the
ranking.

Speedconsiderations.If thisalgorithmis to beof practicalvalue,it mustbefast.Once
imageshavebeenpreprocessed,whichcanbedoneoff-line, amodelcanbelearntfrom

]Gc imagesin aroundkFa secondsandtheimagesin thedatasetre-rankedin k‚•xa seconds
ona o Ghzprocessor.

3.3 Robust learning in the unsupervisedcase

We areattemptingto learna modelfrom a datasetwhich containsvalid data(thegood
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 accuratemodellingof imageclutter propertiesandreliablecon-
vergenceduring learning.An an alternative approach,we adapta robust �tting algo-
rithm, RANSAC [11], to our needs.A large numberof modelsare trained( ƒ„]Gc�c ),
eachoneusinga setof randomlydrawn imagessuf�cient to train a model( ]Gc in this
case).Theintuition is thatat leastoneof thesewill betrainedona higherthanaverage
proportionof goodimages,sowill beagoodclassi�er. Thechallengeis to �nd arobust
unsupervisedscoringfunction that is highly correlatedto theunderlyingclassi�cation
performance.Themodelwith thehighestscoreis thenpickedasmodelto performthe
re-rankingof thedataset.

Ournovel scoringapproachusesasecondsetof images,consistingentirelyof irrel-
evantimages,theaforementionedbackgrounddataset.Thustherearenow two datasets:
(a) theoneto beranked(consistingof a mixtureof junk andgoodimages)and(b) the
backgrounddataset.Eachmodelevaluatesthelikelihoodof imagesfrom bothdatasets
andadifferentialrankingmeasureis computedbetweenthem.In this instance,wecom-
pute the areaundera recall-precisioncurve (RPC)betweenthe two datasets.In our
experimentswe found a goodcorrelationbetweenthis measureandthe groundtruth
RPCprecision:the �nal modelpicked wasconsistentlyin the top 15% of models,as
demonstratedin �gs. 4(c)& (d).

3.4 Selectionof feature type

For eachdatasetin both the supervisedandunsupervisedcase,two differentmodels
arelearnt:oneusingonly patchesandanotherusingonly curves.A decisionmustbe
madeas to which model shouldgive the �nal ranking that will be presentedto the
user. This is a challengingproblemsincethemodelsexist in differentspaces,so their
likelihoodscannotbe directly compared.Our solution is to comparethe varianceof
the unsupervisedmodels' scoringfunction. If a featuretype is effective thena large
varianceis expectedsincea goodmodelwill scoremuchbetterthana mediocreone.
However, an inappropriatefeaturetypewill be unableto separatethedataeffectively,
nomatterwhich trainingimageswereused,meaningall scoreswill besimilar.



A VisualCategory Filter for GoogleImages 9

Using this approach,the ratio of the varianceof the RANSAC curve and patch
modelsis comparedto athreshold(�x edfor all datasets)andaselectionof featuretype
is made.This selectionis thenusedfor boththeunsupervisedandsupervisedlearning
cases.Figure5 shows the �rst few re-ranked imagesof the bottlesdataset,usingthe
modelchosen- in this case,curves.
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Fig.4. (a) & (b) Recall-Precisioncurvescomputedusinggroundtruth for thesupervisedmodels
in �gure 3. In (a), thegoodimagesform the positive setandthe intermediateandjunk images
form thenegativeone.In (b), goodandintermediateimagesform thepositivesetandjunk images,
the negative one.The dottedblue line is the curve of the raw Googleimages(i.e. taken in the
order they are presentedto the user).The solid red line shows the performanceof the curve
modelandthedashedgreenline shows theperformanceof thepatchmodel.As mostuserswill
only look at the�rst few pagesof returnedresults,theinterestingareaof theplotsis theleft-hand
sideof thegraph,particularlyarounda recall of s!…<r$q (asindicatedby the vertical line). In this
region, the curve modelclearly givesan improvementover both the raw imagesandthe patch
model(aspredictedby thevariancemeasure).(c) & (d): Scatterplotsshowing thescoringRPC
areaversusgroundtruth RPCareafor curve andpatchmodelsrespectively in theunsupervised
learningprocedure.Eachpoint is amodellearntusingtheRANSAC-styleunsupervisedlearning
algorithm.The modelselectedfor eachfeaturetype is indicatedby the red circle. Note that in
bothplotsit is amongstthebestfew models.

4 Results

Two seriesof experimentswereperformed:the�rst usedthesupervisedlearningmethod
while thesecondwascompletelyunsupervised.In bothsets,thechoicebetweencurves
andpatcheswasmadeautomatically. Theresultsof theexperimentsaresummarisedin
table2.

4.1 Supervisedlearning

The resultsin table2 show that the algorithmgivesa marked improvementover the
raw Googleoutput in l of the ]Gc datasets.The evaluationis a stringentone,since
themodelmustseparatethegoodimagesfrom the intermediateandjunk, ratherthan
just separatingthe goodfrom the junk. The curve featureswereusedin † instances,
as comparedto k for patches.While curveswould be expectedto be preferablefor
categoriessuchasbottles,their markedsuperiorityon thecarscategory, for example,
is surprising.It can be explainedby the large variation in viewpoint presentin the
images.No patchfeaturescould be found that werestableacrossall views, whereas
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Fig.5.Re-rankedbottle images.Thedotin thebottomright cornershowsthelabelof theimage.
Thethin magentacurveson eachimageshow thecurve segmentsdetected.Thebesthypothesis
is alsohighlightedwith thick colouredlines.Theduplicateimagespresentin thedatasetarethe
reasonthatsomeof the r�s training imagesappearin the �gure. Notice that themodelseemsto
pick up theneckof thebottles,with its distinctive curvature.Theseimagesclearlycontainmore
bottlesthanthoseof �gure 2.

Dataset Bottles CamelCarsCoca-colaHorsesLeopardsMotorbike Mugs Tiger Zebra Average
Raw Google 39.3 36.1 31.7 41.9 31.1 46.8 48.7 84.9 30.5 51.9 44.3

10 images(Curves) 82.9 80.0 78.3 35.3 28.3 39.5 48.6 75.0 43.8 74.1
65.9

10 images(Patches) 52.3 68.6 47.4 54.5 23.6 69.0 42.5 55.7 72.7 74.1

RANSAC unsupervised-Curves 81.4 78.8 69.0 29.5 25.0 41.5 61.3 68.2 43.4 71.2
58.9

RANSAC unsupervised-Patches 68.6 48.7 42.6 26.0 25.0 50.0 20.4 66.7 58.9 54.5

All imagesunsupervised-Curves 76.1 81.2 41.7 43.3 23.2 51.0 34.5 76.3 44.0 64.6
52.9

All imagesunsupervised-Patches 35.0 27.4 44.4 23.6 22.4 55.4 17.9 62.5 53.2 50.0

Table 2. Summary of results: Precisionat r$qj‡ recall - equivalent to aroundtwo web-pages
worthof images.Goodimagesvs.intermediateU junk. Thesecondrow givesraw Googleoutput
precision.Rows 3 & 4 give resultsof supervisedlearning,using r$s handpicked images.Rows 5
& 6 give resultsof unsupervisedRANSAC-stylelearning.Rows 7 & 8 areincludedto show the
comparisonof theRANSAC approachto unsupervisedlearningusingall imagesin thedataset.
Bold indicatestheautomaticallyselectedmodel.For theformsof learningused(supervisedand
RANSAC-styleunsupervised),this modelselectionis correct ˆGsb‡ of thetime.The�nal column
givestheaverageprecisionacrossall datasets,for theautomaticallychosenfeaturetype.

longhorizontalcurvesin closeproximity werepresent,regardlessof theviewpointand
thesewereusedby themodel,giving a goodperformance.Anotherexampleof curves
beingunexpectedlyeffective, is on the cameldataset,asshown in �gure 6. Here,the
knobbly kneesand legs of the camelare found consistently, regardlessof viewpoint
and clutter, so are usedby the model to give a precision(at 15% recall) over twice
that of the raw Googleimages.The failure to improve Google's output on i of the
categories(horses,motorbikesandmugs),canbe mainly attributedto an inability to
obtaininformative featureson the object.It is worth noting that in thesecases,either
theraw Googleperformancewasverygood(mugs)or theportionof goodimageswas
verysmall( ‰ 25%).

4.2 Unsupervisedlearning

In thisapproach,† of the ]Gc casesweresigni�cantly betterthantheraw Googleoutput.
Many of themwereonly slightly worsethanthe supervisedcase,with the motorbike
categoryactuallysuperior. Thiscategory is shown in �gure 7.
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In table2, RANSAC-stylelearningis comparedto learningdirectly from all images
in the dataset.The proportionof junk imagesin the datasetdetermineswhich of the
two approachesis superior:usingall imagesis marginally betterwhentheproportionis
small,while theRANSAC approachis decisively betterwith alargeproportionof junk.

5 Discussionand futur e work

RerankingGoogleimagesbasedontheirsimilarity is aproblemthatis similar to classi-
cal visualobjectrecognition.However, it is worth notingthesigni�cant differences.In
theclassicalsettingof visualrecognitionwe arehandeda cleantrainingsetconsisting
of carefully labelled`positive' and`negative' examples;we arethenasked to testour
algorithmon freshdatathat wascollectedindependently. In the presentscenariothe
trainingsetis not labelled,it containsa minority (20-50%)of `good' examples,anda
majority of either`intermediate'or `junk' examples.Moreover, after learning,our task
is to sortthe`training' set,ratherthanwork on freshdata.

Selectingamongstmodelscomposedof heterogeneousfeaturesis a dif�cult chal-
lengein our setting.If we hadthe luxury of a cleanlabelledtrainingset,thenpart of
this could have beenselectedasa validationsetandthenusedto selectbetweenall-
curve andall-patchmodels.Indeedwe could thenhave trainedheterogeneousmodels
wherepartscouldbeeithercurvesor patches.However, thenon-parametricRPCscor-
ing methodsdevelopedherearenotup to this task.

It is clearthat thecurrentfeaturesusedaresomewhat limited in that they capture
only a small fractionof theinformationfrom eachimage.In someof thedatasets(e.g.
horses)the featuresdid not pick out thedistinctive informationof thecategory at all,
so the model hadno signal to deal with and the algorithm failed as a consequence.
By introducinga wider rangeof featuretypes(e.g.corners,texture) a wider rangeof
datasetsshouldbeaccessibleto thealgorithm.

Overall, we have shown that in thecaseswherethemodel's features(patchesand
curves) are suitablefor the object class,then thereis a marked improvementin the
ranking.Thuswe canconcludethat theconjectureof the introductionis valid – visual
consistency rankingis a viablevisualcategory �lter for thesedatasets.

Therearea numberof interestingissuesin machinelearningandmachinevision
that emerge from our experience:(a) Priors were not usedin either of the learning
scenarios.In Fei-Fei et al. [8] priors were incorporatedinto the learningprocessof
the constellationmodel,enablingeffective modelsto be trainedfrom a few images.
Applying thesetechniquesshouldenhancetheperformanceof our algorithm.(b) The
`supervised'casecouldbeimprovedbyusingsimultaneouslythesmalllabelledtraining
dataprovided by the user, as well as the large unlabelledoriginal dataset.Machine
learningresearchersare makingprogresson the problemof learningfrom `partially
labeled'data.We oughtto bene�t from thateffort.
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Fig.6.Camel.Thealgorithmperformswell, evenin theunsupervisedscenario.Thecurvemodel,
somewhat surprisingly, locks onto the long, ganglylegs of the camel.From the RPC(goodvs
intermediate& junk), we seethat for low recall (the �rst few web-pagesreturned),both the
modelshave arounddoubletheprecisionof theraw Googleimages.
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Fig.7. Motorbik e. Thetop scoringunsupervisedmotorbike model,selectedautomatically. The
modelpicks up on the wheelsof the bike, despitea wide rangeof viewpointsandclutter. The
RPC(goodvs intermediate& junk) shows thecurve modelperformingbetterthanGoogle's raw
outputandthemodelbasedonpatches(which is actuallyworsethantheraw output).


