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ABSTRACT

In this paperwe presenta PatternQuestramevork to learn
the patternsof interest(i.e., thedistribution patternsof posi-
tiveobjectslusingclassi cationmethodsndrelevancefeed-
back. To improve the performanceof multimediaretrieval,
our PatternQuestrst employs an efcient featureselec-

tion methodto extracta low-dimensionafeaturesubspace.

With the featureselection PatternQuestan effectively al-
leviate the curseof dimensionalityfor learning-basedel-
evancefeedback. To effectively discover patternsof in-
terestsin the featuresubspacewe proposea multiresolu-
tion patterndiscovery (MPD) approachwhichtrainsanon-
line patternclassi cationmethocknown asadaptverandom
foreststo Iter negative objects,from the neighborhoodf
thequeryto theglobalscopejn a ne to coarsewvay. With
MPD, our PatternQuestnethodcaniteratively capturethe
patternsof interestwith smalltraining datafrom the users
feedback We have carriedout extensive experimentson an
image databasgwith 31,438 COREL images)to demon-
stratethe effectivenessandrobustnes®f our method.

1. INTRODUCTION

In recentyears,the rapid increasein the volume of multi-

mediadatacollectionsmotivatesthe researchin multime-
dia informationretrieval. In multimediadatacollections,
multimediaobjects(suchasimagesandvideoclips) arein-

dexed with high-dimensionafeaturevectors(i.e., points).
To successfullyretrieve objectsof interest,it is critical to

capturetheir distribution patterns(which we term as pat-

ternsof interes). However, the mappingbetweenpatterns
of interestand high-level semanticconcepts(suchas ani-

mals,buildingsandplants,etc.) areoften highly nonlinear

dueto the subjective natureof informationretrieval andthe

ambiguity of multimediacontent. To addresghis issue,a

promisingmethodis to emplgy patternclassi cationmeth-
ods[1, 2, 3, 4, 5, 6], which canlearn patternsof interest
from a setof samples.

Nonethelessin multimediaretrieval, the applicationof
patternclassi cationmethodgacethefollowing challenges.
First, dueto the high-dimensionalityof multimediafeature
spacesmost classi cation methodsface the curse of di-
mensionality{7], which degradesboth classi cation accu-
ragy andefciency. Secondclassi cationmethodshave to
learn patternsof interestwith small training data,because
it is very tediousandtime-consumingo label a large vol-
umeof trainingdata.To addressheseissuesn aprincipled
way, we presenta PatternQuesframework to discover the
patternsof interestusingpatternclassi cationmethodsand
relevancefeedback. Our contributions are summarizedas
follows.

To alleviate the curseof dimensionality we employ an
efcient featue selectiormethod(EFS)[8] to extractalow-
dimensionafeaturesubspacéromtheoriginalfeaturespace).
By extractinga subspacepur methodnot only removesthe
noisesrom thefeaturespacesbut alsoeffectively improves
theef ciency of thelearningmachine.

In the featuresubspacepur methodlearnspatternsof
interestwith a novel multi-resolutionpatterndiscovery ap-
proach(MPD), whichtrainsanonlinepatternclassi erknowvn
asadaptiverandonforests(ARF) [6, 9] to classifydatabase
objectsas positive or negative. ARF is chosendueto its
proven effectivenesson learningwith small training data
[6, 9] (from relevancefeedback). In our method,ARF is
trainedasa Iter to Iter negative objectsfrom the feature
space. To improve the effectivenessof the Itering oper
ation, our MPD trains ARF with samplesfrom both the
neighborhooaf thequeryandthecentroidof thedatabase:
samplesrom the neighborhoodmanifest ner distribution
information nearthe query while samplesfrom centroids
of the databaseresenta coarsersketch aboutthe global
distribution patterns. By training ARF with samplesrom
boththeabore-mentionedourcespur methodusesARF to
Iter negative objects,from the neighborhoodf the query
to global scope,in a ne to coarseway. Thus, our ap-
proachcan gradually capturethe patternsof interestwith
smalltraining datafrom the users feedback.Experiments
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Fig. 1. An illustrationof our PatternQuestramework.

onalarge-scaledmagedatabaselemonstrat¢he effective-
nessandrobustnes®f our presentedpproach.

Therestof this paperis organizedasfollows. Section2
presentghe structureof our PatternQuesframevork. We
thenintroduceour multiresolutionpatterndiscovery method
in Section3. Empirical resultsaregivenin Section4. Fi-
nally, we concludein Section5.

2. PATTERNQUEST FRAMEW ORK

In this section,we presenbur PatternQuesframework for
discoveringpatternsof interestusingrelevancefeedback.

Figure 1 demonstratethe following threemain compo-
nentsof our PatternQuesframenork:

Ef cient Feature Selection(EFS). EFS[8] isanovel
featureselectiormethod which measurefeatureim-
portancewith aninformation-theory-basedriterion.
Our extensie experimentg8] shaved that EFScan
effectively alleviate the curseof dimensionalityfor
classifyingmultimediadata.

Multir esolutionPattern Discovery (MPD). MPD is
a hierarchicalpatterndiscorery method. We will in-
troduceMPD in thenext section.

Adaptive Random Forests(ARF). ARF [6] adapts
the compositeclassi er known asrandomforestsfor
relevancefeedback.It runs2-3 timesfasterthanthe
regular randomforests,while achieving comparable
retrieval performanceginstthelatter

In multimediaretrieval, our PatternQuesinteractvely
learnsthe patternsof interestasfollows. In the beginning,
our methodruns an initial retrieval and returnsthe k-NN
(i.e., k nearesneighbors)of the queryto the user It then
iteratesthroughthe following stepsto improve the initial
retrieval results:

1. Askstheuserto providefeedbackoy labelingretrieval
resultsaspositive or negative;

2. Extractsthefeaturesubspacevith EFS;

3. CallsMPD, whichtrainsanARFto Iter negative ob-
jects;

4. ReturnK-NN of thequeryfrom objectsthatareclas-
si ed aspositive (by ARF); andupdateghe queryas
the centroidof positive objects.

After the above stepsthe usercanchooseto starta new
iterationby providing moretrainingsamplesor provide an-
otherqueryto starta new retrieval process.

3. MULTIRESOLUTION PATTERN DISCOVERY
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Fig. 2. Percentag®f querieswith r positive neighborsin

their neighborhoodthe size of which increasedrom 1 to
120.

In orderto capturethe users subjectve query concept,
mostrelevancefeedbackmethodsdo not assumeary pre-
knowledgeaboutthe data. To initialize relevancefeedback,
they often prompta setof nearesneighborgof the query)
for the userto annotate.For this learningschemea criti-
cal issueis thatthe machineneeddo startits learningpro-
cesswith smallpositive trainingdata.As anillustration,we
demonstrat¢he necessityfor handlingsmall positive train-
ing datawith our testdatabasdcf. Section4). Fromthe
databaseye chooseb,172imagesrom 44 semanticlasses
(suchasrose,butter y andfalls, etc.) asqueries.For each
guery we performa nearesheighborsearch.In Figure2,
we presentthe percentageof queriesthat have the given
numberof positive objectsin its nearesheighbors We can
seefrom Figure2 thatonly about querieshave 5 pos-
itive images! in its top 120 nearesheighbors.|If the user
only checksthetop 20 nearesheighborspnly queries
have 5 positive imageswhile about querieshave only

In our experiments,only imagesfrom the samesemanticclassare
countedaspositie.



one positive image (which is the queryitself). Hence,we
candraw thefollowing obsenration:

Observation 1 In our testdatabaseif ead image fromour
querysetis used(as a queryby the user)with equalprob-
ability, in mostcasesthelearningmadinehasto initialize
therelevancefeedbak with 1-5 positivetraining samples.

As shawvn in Figure3, in the rst few iterations thepos-
itive training samplescannot well manifestthe patternsof
interestsowe maynotbeableto trainaclassi erasanora-
cle aboutthe classof multimediaobjects.Hence thekey is-
sue(in initial iterations)is to effectively enlagethepositive
trainingdata.To addresshisissue,our methodexploits the
fact that negative samplesare more readily available than
positive ones.Insteadof traininganadaptve randomforest
(ARF) asanoracle, our approachemplgysit asa lter to

Iter negative objects. To improve the effectivenessf the
ltering operationwe present multiresolutionpatterndis-
covery method(MPD), which trainsARF to Iter negative
objectsin ahierarchicalway.

Fig. 3. Multiresolutionpatterndiscovery, whereplus/times
signdenotepositive/neyative points,andcircledplus/times
signsarecentroids.

Figure 3 presentsour multiresolutionpatterndiscovery
method. We clusterthe multimediadatabaséof ine) with
thedoublingalgorithm[10]; andwe maintainthe clustering
resultwith ahierarchicaktructurewhichwetermascluster
tree In thetree,eachnodeata higherlevel is a centroidof
someclusterat the next lower level. Figure3 demonstrates
thatsampledrom higherlevelsof thetreepresent coarser
sketchaboutthe globaldistribution patternswhile samples
from lower levelsandthe neighborhoodf the querymani-
fest ner distribution information. By trainingtheclassi er
with samplesfrom all the above sources,our method I-
ters nggative objects,from the neighborhoodf the query
to global scope,in a ne to coarsemanner After the I-
tering operation positive objectsaremorereadily available
in the neighborhoodf the query (seeFigure 3), so MPD
caniteratively increasethe size of positive training setby
itself. Due to its similarity to multiresolutionsignal pro-
cessingtechniqueqsuchas Wavelet), we borrav the term

multiresolutionandtermour methodasmultiresolutionpat-
terndiscovery.

4. EXPERIMENT

4.1. Experimental Con guration

We evaluateourapproaclonanimagedatabasevith 31,438
Corel images. To searchthe databaseywe use5,172im-
agesfrom 44 semanticcatagyories(suchastiger, roseand
city, etc.) asqueries.We employ precisionto evaluatere-
trieval performancewhere precisionis the numberof re-
trieved positive imagesover the total numberof retrieved
images.Theaverageprecisionof all queriesareusedasthe
overall performance. To calculateprecision,only images
from the samesemanticcateyory asthe queryare counted
aspositive. For a comparisonwe provide the performance
of adaptve randomforests(ARF) [6] underthe sameexper
imentalconditions.

In our experimentsgachimageis representethy a 179-
bin featurevectorwhich consistsof 5 imagefeatures.The
rst oneis a64-bincolor coherenceector Thesecondne
is the 9-bin color momentsde ned in L*a*b color space.
Thethird oneis a 10-binwavelet-basedexture feature[6].
Thefourth oneis the 64-binedgecoherencéistogram(6].
The fth oneis a 32-binFouriershapedescriptor[6].

4.2. UserInterface

Fig. 4. Userinterfaceof our system.

Figure4 presentghe userinterfaceof our PatternQuest
system.Thecurrentqueryis shavn ontheleft top cornerof
thescreenTheretrieval resultsaresequentiallfistedunder
the query Underthe results,we promptclassi ed-positve
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Fig. 5. Precisionof our method(PTQ)andARF.

centroidsfrom the clustertree (seeFigure 3). Thesecen-
troids areoften negative images which have similar visual
featureq(suchas: color, texture andshape)with the query
So, they areappropriatesampledor training the lter (cf.
Section3). In our experimentswe generatea clustertree
with two levels, sowe only askthe userto annotateseveral
centroidsin the rst two iterations.

For eachreturnedimage,two numberswhich aresepa-
ratedby acomma,aredisplayed:the rst oneis theunique
numberof the image; and the secondone is the distance
betweenthe imageandthe query In the beginning, each
imageis assumedo be positive, while every centroidis as-
sumednegative. The userthenannotateshe queryresults
andcentroidsby enablingor disablingtheir relevantcheck-
boxes. Afterwards,heor shecanactivatethe Submitbutton
to submitthe relevancefeedback.The usercanstarta new
queryat ary time by clicking on a retrieved imageor the
Returnto menubutton.

4.3. PerformanceEvaluation

We run 10 iterationsfor eachquery Figure5 comparesur
method(PTQ) against ARF with precisionmeasuredver
top-20 retrieval results. We can seefrom this gure that
PTQ consistentlyoutperformsARF on precision. After a
few iterations,PTQ improvesretrieval precisionover ARF
by about . By usinga multiresolutionpatterndiscovery
approachourPTQ lters negative objectsglobally from the
rst iteration,while ARF hasto learntheglobaldistribution
patterndrom multiple feedbackterations.

5. CONCLUSIONS

In this paper we presenteda PatternQuesframework to
learn the patternsof interestusing classi cation methods
andrelevancefeedback Our PatternQuestramevork com-

prisesthe following threemajor components:(1) an ef -
cientfeatureselectionmethod(EFS); (2) a multiresolution
patterndiscovery approach(MPD); and (3) an online pat-
tern classi cation methodtermedadaptve randomforests
(ARF). With EFS,MPD andARF, our PatternQuestanit-
eratvely capturethe patternsof interestwith small train-
ing datafrom the users feedback. We have carried out
extensie experimentson an image databaséwith 31,438
COREL images)to demonstratehe effectivenessand ro-
bustnes®f ourmethodascomparedgainstoneof thestate-
of-the-artapproachefs].
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