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ABSTRACT

In this paper, we presenta PatternQuestframework to learn
thepatternsof interest(i.e.,thedistributionpatternsof posi-
tiveobjects)usingclassi�cationmethodsandrelevancefeed-
back. To improve theperformanceof multimediaretrieval,
our PatternQuest�rst employs an ef�cient featureselec-
tion methodto extracta low-dimensionalfeaturesubspace.
With the featureselection,PatternQuestcaneffectively al-
leviate the curseof dimensionalityfor learning-basedrel-
evancefeedback. To effectively discover patternsof in-
terestsin the featuresubspace,we proposea multiresolu-
tion patterndiscovery(MPD) approach,which trainsanon-
linepatternclassi�cationmethodknownasadaptiverandom
foreststo �lter negative objects,from theneighborhoodof
thequeryto theglobalscope,in a �ne to coarseway. With
MPD, our PatternQuestmethodcaniteratively capturethe
patternsof interestwith small trainingdatafrom theuser's
feedback.We have carriedout extensiveexperimentson an
imagedatabase(with 31,438COREL images)to demon-
stratetheeffectivenessandrobustnessof ourmethod.

1. INTR ODUCTION

In recentyears,the rapid increasein the volumeof multi-
mediadatacollectionsmotivatesthe researchin multime-
dia information retrieval. In multimediadatacollections,
multimediaobjects(suchasimagesandvideoclips) arein-
dexed with high-dimensionalfeaturevectors(i.e., points).
To successfullyretrieve objectsof interest,it is critical to
capturetheir distribution patterns(which we term as pat-
ternsof interest). However, the mappingbetweenpatterns
of interestand high-level semanticconcepts(suchas ani-
mals,buildingsandplants,etc.) areoftenhighly nonlinear,
dueto thesubjective natureof informationretrieval andthe
ambiguityof multimediacontent. To addressthis issue,a
promisingmethodis to employ patternclassi�cationmeth-
ods [1, 2, 3, 4, 5, 6], which can learn patternsof interest
from a setof samples.

Nonetheless,in multimediaretrieval, the applicationof
patternclassi�cationmethodsfacethefollowing challenges.
First, dueto thehigh-dimensionalityof multimediafeature
spaces,most classi�cation methodsface the curse of di-
mensionality[7], which degradesboth classi�cation accu-
racy andef�ciency. Second,classi�cationmethodshave to
learnpatternsof interestwith small training data,because
it is very tediousandtime-consumingto label a large vol-
umeof trainingdata.To addresstheseissuesin aprincipled
way, we presenta PatternQuestframework to discover the
patternsof interestusingpatternclassi�cationmethodsand
relevancefeedback.Our contributionsaresummarizedas
follows.

To alleviate the curseof dimensionality, we employ an
ef�cient featureselectionmethod(EFS)[8] to extracta low-
dimensionalfeaturesubspace(fromtheoriginalfeaturespace).
By extractinga subspace,our methodnot only removesthe
noisesfrom thefeaturespaces,but alsoeffectively improves
theef�ciency of thelearningmachine.

In the featuresubspace,our methodlearnspatternsof
interestwith a novel multi-resolutionpatterndiscovery ap-
proach(MPD),whichtrainsanonlinepatternclassi�erknown
asadaptiverandomforests(ARF) [6, 9] to classifydatabase
objectsas positive or negative. ARF is chosendue to its
proven effectivenesson learningwith small training data
[6, 9] (from relevancefeedback). In our method,ARF is
trainedasa �lter to �lter negative objectsfrom the feature
space. To improve the effectivenessof the �ltering oper-
ation, our MPD trains ARF with samplesfrom both the
neighborhoodof thequeryandthecentroidsof thedatabase:
samplesfrom the neighborhoodmanifest�ner distribution
informationnearthe query, while samplesfrom centroids
of the databasepresenta coarsersketch about the global
distribution patterns.By training ARF with samplesfrom
boththeabove-mentionedsources,ourmethodusesARF to
�lter negative objects,from theneighborhoodof thequery
to global scope,in a �ne to coarseway. Thus, our ap-
proachcan graduallycapturethe patternsof interestwith
small training datafrom the user's feedback.Experiments



Fig. 1. An illustrationof ourPatternQuestframework.

ona large-scaledimagedatabasedemonstratetheeffective-
nessandrobustnessof ourpresentedapproach.

Therestof this paperis organizedasfollows. Section2
presentsthe structureof our PatternQuestframework. We
thenintroduceourmultiresolutionpatterndiscoverymethod
in Section3. Empirical resultsaregiven in Section4. Fi-
nally, weconcludein Section5.

2. PATTERNQUEST FRAMEW ORK

In this section,we presentour PatternQuestframework for
discoveringpatternsof interestusingrelevancefeedback.

Figure1 demonstratesthe following threemaincompo-
nentsof ourPatternQuestframework:

� Ef�cient FeatureSelection(EFS). EFS[8] is anovel
featureselectionmethod,whichmeasuresfeatureim-
portancewith aninformation-theory-basedcriterion.
Our extensive experiments[8] showed that EFScan
effectively alleviate the curseof dimensionalityfor
classifyingmultimediadata.

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

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

In multimedia retrieval, our PatternQuestinteractively
learnsthepatternsof interestasfollows. In thebeginning,
our methodruns an initial retrieval and returnsthe k-NN
(i.e., k nearestneighbors)of the queryto the user. It then
iteratesthroughthe following stepsto improve the initial
retrieval results:

1. Askstheusertoprovidefeedbackby labelingretrieval
resultsaspositiveor negative;

2. Extractsthefeaturesubspacewith EFS;

3. CallsMPD,whichtrainsanARF to �lter negativeob-
jects;

4. ReturnsK-NN of thequeryfrom objectsthatareclas-
si�ed aspositive (by ARF); andupdatesthequeryas
thecentroidof positiveobjects.

After theabove steps,theusercanchooseto starta new
iterationby providing moretrainingsamples,or providean-
otherqueryto startanew retrieval process.

3. MULTIRESOLUTION PATTERN DISCOVERY
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Fig. 2. Percentageof querieswith r positive neighborsin
their neighborhood,the sizeof which increasesfrom 1 to
120.

In order to capturethe user's subjective queryconcept,
most relevancefeedbackmethodsdo not assumeany pre-
knowledgeaboutthedata.To initialize relevancefeedback,
they oftenprompta setof nearestneighbors(of thequery)
for the userto annotate.For this learningscheme,a criti-
cal issueis that themachineneedsto startits learningpro-
cesswith smallpositive trainingdata.As anillustration,we
demonstratethenecessityfor handlingsmallpositive train-
ing datawith our testdatabase(cf. Section4). From the
database,wechoose5,172imagesfrom 44semanticclasses
(suchasrose,butter�y andfalls, etc.) asqueries.For each
query, we performa nearestneighborsearch.In Figure2,
we presentthe percentageof queriesthat have the given
numberof positive objectsin its nearestneighbors.We can
seefrom Figure2 thatonly about

�����

querieshave 5 pos-
itive images1 in its top 120 nearestneighbors.If the user
only checksthetop20nearestneighbors,only �

���

queries
have 5 positive images,while about �	�

�

querieshave only
1In our experiments,only imagesfrom the samesemanticclassare

countedaspositive.



onepositive image(which is the query itself). Hence,we
candraw thefollowing observation:

Observation 1 In our testdatabase, if each imagefromour
querysetis used(asa queryby theuser)with equalprob-
ability, in mostcases,thelearningmachinehasto initialize
therelevancefeedback with 1-5positivetrainingsamples.

As shown in Figure3, in the�rst few iterations,thepos-
itive trainingsamplescannot well manifestthepatternsof
interest,sowemaynotbeableto trainaclassi�erasanora-
cleabouttheclassof multimediaobjects.Hence,thekey is-
sue(in initial iterations)is to effectively enlargethepositive
trainingdata.To addressthis issue,ourmethodexploits the
fact that negative samplesaremore readily available than
positiveones.Insteadof traininganadaptive randomforest
(ARF) asan oracle, our approachemploys it asa �lter to
�lter negative objects.To improve the effectivenessof the
�ltering operation,wepresentamultiresolutionpatterndis-
covery method(MPD), which trainsARF to �lter negative
objectsin ahierarchicalway.

Fig. 3. Multiresolutionpatterndiscovery, whereplus/times
signdenotespositive/negativepoints,andcircledplus/times
signsarecentroids.

Figure3 presentsour multiresolutionpatterndiscovery
method.We clusterthemultimediadatabase(of�ine) with
thedoublingalgorithm[10]; andwemaintaintheclustering
resultwith ahierarchicalstructure,whichwetermascluster
tree. In thetree,eachnodeat a higherlevel is a centroidof
someclusterat thenext lower level. Figure3 demonstrates
thatsamplesfrom higherlevelsof thetreepresentacoarser
sketchabouttheglobaldistribution patterns,while samples
from lower levelsandtheneighborhoodof thequerymani-
fest�ner distribution information.By trainingtheclassi�er
with samplesfrom all the above sources,our method�l-
tersnegative objects,from the neighborhoodof the query
to global scope,in a �ne to coarsemanner. After the �l-
teringoperation,positive objectsaremorereadilyavailable
in the neighborhoodof the query (seeFigure3), so MPD
can iteratively increasethe sizeof positive training setby
itself. Due to its similarity to multiresolutionsignal pro-
cessingtechniques(suchasWavelet), we borrow the term

multiresolutionandtermourmethodasmultiresolutionpat-
terndiscovery.

4. EXPERIMENT

4.1. Experimental Con�guration

Weevaluateourapproachonanimagedatabasewith 31,438
Corel images. To searchthe database,we use5,172 im-
agesfrom 44 semanticcategories(suchas tiger, roseand
city, etc.) asqueries.We employ precisionto evaluatere-
trieval performance,whereprecisionis the numberof re-
trieved positive imagesover the total numberof retrieved
images.Theaverageprecisionof all queriesareusedasthe
overall performance.To calculateprecision,only images
from the samesemanticcategory asthe queryarecounted
aspositive. For a comparison,we provide theperformance
of adaptiverandomforests(ARF) [6] underthesameexper-
imentalconditions.

In our experiments,eachimageis representedby a 179-
bin featurevectorwhich consistsof 5 imagefeatures.The
�rst oneis a64-bincolorcoherencevector. Thesecondone
is the 9-bin color momentsde�ned in L*a*b color space.
Thethird oneis a 10-binwavelet-basedtexturefeature[6].
Thefourth oneis the64-binedgecoherencehistogram[6].
The�fth oneis a32-binFouriershapedescriptor[6].

4.2. User Interface

Fig. 4. Userinterfaceof oursystem.

Figure4 presentstheuserinterfaceof our PatternQuest
system.Thecurrentqueryis shown ontheleft topcornerof
thescreen.Theretrieval resultsaresequentiallylistedunder
thequery. Underthe results,we promptclassi�ed-positive
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Fig. 5. Precisionof ourmethod(PTQ)andARF.

centroidsfrom the clustertree(seeFigure3). Thesecen-
troidsareoftennegative images,which have similar visual
features(suchas: color, textureandshape)with thequery.
So, they areappropriatesamplesfor training the �lter (cf.
Section3). In our experiments,we generatea clustertree
with two levels,sowe only asktheuserto annotateseveral
centroidsin the�rst two iterations.

For eachreturnedimage,two numbers,which aresepa-
ratedby a comma,aredisplayed:the�rst oneis theunique
numberof the image; and the secondone is the distance
betweenthe imageand the query. In the beginning, each
imageis assumedto bepositive,while every centroidis as-
sumednegative. The userthenannotatesthe queryresults
andcentroidsby enablingor disablingtheir relevantcheck-
boxes.Afterwards,heor shecanactivatetheSubmitbutton
to submittherelevancefeedback.Theusercanstarta new
queryat any time by clicking on a retrieved imageor the
Returnto menubutton.

4.3. PerformanceEvaluation

We run 10 iterationsfor eachquery. Figure5 comparesour
method(PTQ) againstARF with precisionmeasuredover
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
approach,ourPTQ�lters negativeobjectsglobally from the
�rst iteration,while ARF hasto learntheglobaldistribution
patternsfrom multiple feedbackiterations.

5. CONCLUSIONS

In this paper, we presenteda PatternQuestframework to
learn the patternsof interestusing classi�cation methods
andrelevancefeedback.OurPatternQuestframework com-

prisesthe following threemajor components:(1) an ef�-
cient featureselectionmethod(EFS);(2) a multiresolution
patterndiscovery approach(MPD); and(3) an online pat-
tern classi�cation methodtermedadaptive randomforests
(ARF). With EFS,MPD andARF, our PatternQuestcanit-
eratively capturethe patternsof interestwith small train-
ing data from the user's feedback. We have carried out
extensive experimentson an imagedatabase(with 31,438
COREL images)to demonstratethe effectivenessand ro-
bustnessof ourmethodascomparedagainstoneof thestate-
of-the-artapproaches[6].
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