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1 Introduction

As theWorld-Wide Webmoves rapidy from text-basedowards multimeda contentandrequiresmore personalized
accessye deemexistinginfrastricturesnadequate. In this paperwe presentritical compamentsfor enablirg effec
tive searchein Web-basedr large-scalémagelibraries. In particuar, we proposea perception-based search com-
ponent, which canlearn users’subjectve queryconcets quicky through anintelligert samplingprocess.Through
anexampe, we demastratehow, andexplain why our pereption-tasedsearctparadign caneffectively persomlize
aquey andachieve highrecall.

1.1 Anlllustrative Example

In this examge, we compare a keyword-basedimageretrieval systemwith our proposedperceptio-basedmage
retrieval system.We usethe Yahm! PictureGallery (i.e., http://galley.yatpo.can) asatestsite for keyword-based
imageretrieval. Suppsea userwantsto retrieve imagesrelatedto “bird of paradse’ Giventhekeywords “bird of
paradse” atthetestsite,thegalleryengineretrieves fiveimages of this flower.

However, therearemorethanfiveimageselevart to “bird of paradse” in the Yahm imagedatabae. Oursystem
canretrieve moreof theserelevantimages.First, we quely Yahoos keyword-tasedsearchengineusing“bird” and
“flowers”andstorethereturredimagegqbothbirdsandflowers)in alocaldatabaseSecondwe applyourpercepion-
basedsearchengire to the local databaseThe learnirg stepsfor graspimg the concep “bird of paradse” involves
threescreenghatareillustratedin thefollowing threefigures.

e Screenl. Samplingandrelevane feedackstarts.Thescreerns splitinto two frameshorizontally. Ontheleft-hand
side of the screens thelearnerframe; on theright-handsideis the similarity searchframe Throwh the learne
frame,the systemlearnswhatthe userwantsvia anactive learnirg process.The similarity searciframedisplays
imagesthat matchthe users quel concep. The systempresents nunber of samplesn the learnerframe,and
theusermarksimagesthatarerelevantto his or herqueryconcep by clicking onthe relevart images.As shovn
in Figurel, oneimage(thelastimagein thefirst row) is selectedhsrelevant,andtherestof theunmarledimages
areconsiceredirrelevant. The userindicatestheendof his or herselectionby clicking onthe submitbuttonin the
learnerscreenThis actionbrings up thenext screen.

e Screer?. Samplirg andrelevane feedtack contirues. Figure 2 shows the secondscreen. First, the similarity
searchframe displayswhat the systemthinks will matchthe users query concep at this time. As the figure



e | e e e Ca) e

Figure 1: “Bird of Paradse” QueryScreent1.

Figure 2: “Bird of Paradse” QueryScreen#2.

indicatesglevenreturredimagedit theconcep of “bird of paradis€. Theusers queryconcep hasbeencaptured
thoudh somevhat fuzzly. The usercanaskthe systemto furtherrefinethe target concep by selectingrelevant
imagesin thelearne frame. In this exanple, nineimages(four images from the first row, the first andthe third
imagesfrom the secondrow, the third imagefrom the third row, andthe first two imagesfrom the lastrow) are
relevart to theconcet. After theuserclicks onthesubmitbuttonin thelearnerframe, thethird screeris displayed

e ScreerB. Samplirg andrelevancefeedtackends.Figure3 shavs thatall returredimages in the similarity search
framefit thequely concepti(bird of paradise).

As obsered,in two iterations,our systemis ableto retrieve fifteenrelevantimagesfrom theimagedatabae. In
this exanple, we usethe keyword-basedsearchengire to seedour percepion-basedsearchengine. The keyword-
basedsearchengne canbe usedto quickly identify the setof imagesrelevart to the specifiedkeywords. Basedon
theserelevart imagesthe percefion-basedsearchengire canexplore the featurespaceanddiscorer moreimages
relevart to theusers’queryconcep. Notethatour perceptio-basedsearchsystemwill alsowork without seedings
from a keyword-basedsearchengire. An ondine systenprotaypeis availableat [1].

Theabove exanpleillustratesthatthe perceptim-basedsearchparadgm achievesmuchhigherrecallbecausé
avoidsthefollowing limitationsthatthetraditionalkeyword-anly searchparadgm encourers:



Figure 3: “Bird of Paradse” QueryScreen#3.

1. Subjective annotation. As we canseefrom the examge, a“bird of paradse” imagemaybeanndatedas“bird,”

“flower” “hawaii,” andmary othe possiblewords. Using oneof thewordsto condict a keyword searchcanrot
gettheimagedabeledby the otherwords.

2. Terse annotation. Theanndationof animagetypically doesnothave asmary wordsasthatin atext document.
With limited numbe of keywords, keyword anrotation often canna faithfully and conpletely captureimages’
semantics.

3. Incomplete query-concept formulation. A pictureis worth morethana thousandwords. Thus, a few query
keywordscanhardy chagcterizea comgetequeryconcet.

In summaryit is evidert thatwith inconpletequeryconcepformulationandincomgeteimagecharacteaeation,
thekeyword-ony searchappioachfacesseverelimitationsto achieve highrecall.

2 System Architecture

We presenthe systemcomppneris that make percepion-basedimageretrieval work: multi-resolution feature ex-
tractor, perception-based search engine, andhigh-dimensional indexer.

2.1 Multi-resolution Feature Extractor

Featureextractorextracts percepual featuresfrom images. Commonpercetual featuesare color, shapetexture,
andspatiallayou of thesefeatues. Featureextractioncanbe periormedoff-line; however, sincethe numkber of
imagescanbe large featue extraction shouldbe both efficient andeffective. For representatve featuesandhow
they areorganizedin a multi-resolutionfashionto speedup learnirg performarce, pleaseconsult2, 4, 5].

2.2 Perception-based Search Engine

The percepion-basedsearchengire is the heartof enablirg persmalizedimageretrievd. The enginelearnsusers’
querycorceptsaslearninga binary classifierthat separatethe imagesrelevantto the queryconeptfrom theirrel-
evantones.Thelearnirg takesplacein aniterative proess: The systempresent&xanplesto theuserso refinethe



classhourdary Thefinal classbourdaryis learne& basedn users'relevanc feedtack.

Relevarce feedbak is not new. Unfortunately traditiond relevancefeedbak methals requie a large numbe
of training instancedo corverge to a targetconcep, andtherefae not practical. In our pereption-lasedengire,
we explore several active learningalgorithns, which can“grasp” a quey prdfile with a small numter of training
instancesWe recentlyproposedwo active learningalgaithms, (The Maximizing Expectedseneralization
Algorithm) [2, 4] and Active (Supprt VectorMachineActive Learning [6], to tacklethe probdem effectively.
Pleaseconsultthesepubicationsfor details.

2.3 High-dimensional Indexer

An imageis often charaterizedby a large numter of features(more thanone hunded). A quely concet may
be bestcharacterize by a selectedsubsebf the features.To dealwith the “dimensionality-cuse” problem andto
suppat dynamic subspaceearchig, we proposeanindexing schemeusing clusteringand classificationmethals
for suppeting approximate similarity searches. Our indexing methal is a statisticalapprach that works in two
steps. It first performsnonsupenised clusteringusing TreeStructuredvVector Quantization(TSVQ) [3] to group
similar objectstogether To maximizelO efficiengy, eachclusteris storedin a sequetial file. A similarity searchis
thentreatedasa classificatiorproblem Our hypahesisis thatif aquay objed’s classprediction yields prabable
classesthenthe prabability is high thatits nearesnheightors canbe found in these classes.This hypothesiss
analog@usto looking for bodks in a library. If we wantto look for a calculusbookandwe know calculusbelorgs
in the mathcategoty, by visiting the mathsectionwe canfind mary calculusbodks. Similarly, by searchingor the
mostprokableclustersnto whichthe quel objectmight be classifiedwe canhanestmostof the similar objects.

3 Conclusion

This papemproposesanimageretrieval systenthatusesactive learnirg to captue complex andsubjectve querycon
cepts.We presentedtey suppoting compnents—anulti-resolutionmage-eaturesxtractoranda high-dimensioml
indexer— for makingbothquey-corceptlearningandimageretrieval efficient. An on-line systenpraotypeis avail-
ableat[1].
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