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ABSTRACT

Relevancefeedback hasbeenusedin manytechniquesfor
learningquerymodi�cation and/ordistancereweighting
to improve the effectivenessof content-basedimage re-
trieval. Thesetechniques,however, only useintra-query
learning (i.e., short-termlearning within a singlequery
session). We proposea retrieval methodthat incorpo-
ratesinter-query(i.e., long-term)learninginto thequery
modi�cation and distancereweightingframework. The
semanticsimilarity of thecurrentquerywith a setof past
queriesis usedto control the exploitation of inter-query
learningfromhistoricaldata.For example, a local initial
distancemetric is createdthat is more informedthanthe
commonlyuseddefaultof Euclideandistance. Theinter-
querylearning relieson thegeometricview of one-class
supportvectormachinesfor creatingregionsof support
of pastretrieval concepts.Our proposedmethodhasbeen
implementedusingprobabilistic feature relevancelearn-
ingasthemethodfor theintra-querydistancereweighting
andquerymodi�cation. Theef�cacy of our approach is
validatedusingrealworld data.

1. INTRODUCTION

Relevancefeedback(RF) hasbeenusedin many tech-
niquesfor learningquerymodi�cation [6, 7, 12] or dis-
tancereweighting[6, 7, 10, 11]. Querymodi�cation aims
at moving the querytowardsthe region containingrele-
vant images.Distancereweightingis basedon updating
the weightsof a weighteddistancemetric so that rele-
vant imagesarecloser. Somesystemsincorporateboth
approaches[6, 7]. Probabilisticfeaturerelevancelearn-
ing (PFRL) [10] computes�e xible metricsfor producing
retrieval neighborhoodsthatareelongatedalonglessrel-
evant dimensionsandconstrictedalong most in�uential
ones. The techniquehasshown promisein a numberof
databaseapplications.It, however, becomeslessappeal-
ing in situationswhereall input variableshave thesame
local relevance,andyet retrieval performancemight still
beimprovedby simplequeryshifting. Ontheotherhand,
MARS[12] attemptsto improveretrieval performanceby
moving thequerytowardstheregion of thefeaturespace

containingtherelevantimagesandaway from theregion
containingnon-relevant images. In [6], a principledap-
proachis presentedthatcombinesPFRL,asin [10], with
queryshifting to try to achieve the bestof both worlds.
Thesetechniques,however, only useintra-querylearning
(i.e., short-termlearningwithin a singlequerysession).
Inter-querylearning(i.e.,long-termlearningaccumulated
over thecourseof many querysessions)canalsobeused
to enhanceretrieval performance.

A few approaches[5, 8, 15] attemptinter-querylearn-
ing. In [5] latent semanticanalysiswas usedto pro-
vide a generalizationof pastexperience.The imagesin
a databaseareviewed asthe fundamentalvocabulary of
the system.The RF from eachquery is consideredasa
documentcomposedof many terms(images). Both [8]
and[15] take theapproachof completememorizationof
prior history. In [8] the correlationbetweenpastimage
labelingis mergedwith low-level featuresto rankimages
for retrieval. The modelestimatesthe semanticcorrela-
tion betweentwo imagesbasedon their co-occurrence
frequency (i.e., the numberof query sessionsin which
bothimageswerelabeledrelevant). Intuitively, thelarger
the co-occurrencefrequency of two imagesis, the more
likely that they aresemanticallysimilar. In [15] theextra
inter-queryinformationis ef�ciently encodedby addinga
virtual featureto thefeaturevectorof animage.

In this paper, we proposea retrieval methodthat in-
corporatesinter-query learninginto the querymodi�ca-
tion anddistancereweightingframework. The semantic
similarity of the currentquerywith a setof pastqueries
is usedto control the exploitation of inter-query learn-
ing from historicaldata. The inter-querylearningrelies
on the geometricview of one classsupportvector ma-
chines(1SVM) for creatingregions of supportof past
retrieval concepts.We implementour proposedmethod
using PFRL as the methodfor the intra-querydistance
reweightingandquerymodi�cation.

2. ONE-CLASS SUPPORT VECTOR MACHINE

In a one-classclassi�cationproblem,datafrom only one
of theclasses(thetargetclass)is available.For instance,
user-labeledrelevant imagesgive us information about



theuser's high level concept.Thus,thetaskis to createa
boundaryaroundthetargetclasssuchthatmostof thetar-
getdatais includedwhile, at thesametime, minimizing
therisk of acceptingoutliers[13].

The strategy that is followed in a 1SVM consistsof
mappingthe training datato a higher dimensionalfea-
turespaceandthenattemptingto includemostof it into
a hypersphereof minimum size. Considertraining data
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is the featurevector of the �����

user-labeledrelevantimage.Let ���
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bea non-
linear mappingfrom the original ( � dimensional)input
spaceto the( � dimensional)featurespacewith �! "� .
The taskis to minimize the following objective function
(in primal form)
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U is thesoft-hardmargin penaltyand
it givesthe tradeoff betweenthe sizeof the hypersphere
andthenumberof trainingdatathatcanbeincluded.By
settingpartial derivatives to 0 in the correspondingLa-
grangianwe obtain
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. Replacingpar-
tial derivativesinto theLagrangianandnoticingthat

K

is
a linearcombinationof thetrainingdata(whichallowsus
to useakernelfunction),thefollowing objectivefunction
(in dualform) is obtained
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ming methodis usedto �nd the optimal
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valuesin the
objectivefunction[13].

3. PROPOSEDMETHOD

Supposethat we have a retrieval methodthat performs
querymodi�cation and distancereweighting. After the

x

th RF iteration for the R th query, let y
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be the
adjustedquery point, {|�

?


k���

be the adjustedquery
weights for an arbitrary weighteddistancemetric, and
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bethesetof cumulativeretrievalsfor the
R th query, where

�‚�

denotesthe featurevectorrepresent-
ing the � th retrieved image,and •

c is either1 (relevant
image)or 0 (non-relevant image)marked by the useras
theclasslabelassociatedwith the � th retrievedimage.At

theendof thesearchsession,after ƒ RF iterations,intra-
querylearningis givenby yG„

?

, {|„
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, and
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. In general,
this intra-querylearningis lostwhenthesearchsessionis
over.

Inter -Query Learning

Becauseof theirstraightforwardinterpretationastheden-
sity of past interaction in a local area of the feature
space,we have chosen1SVMs as our long term learn-
ing structure.Let
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be thesetof cumulative relevantand
non-relevantretrievedimages,respectively. At theendof
the searchsession,after ƒ RF iterations,we use
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as
trainingdatafor a1SVM. Then,weassociateyG„
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and {|„
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with theresultingregion of support(i.e., hypersphere)in
featurespace.Thus,theinter-querylearningrelieson the
geometricview of 1SVMsfor creatingregionsof support
of pastretrieval concepts.The basicidea is that future
queryimagesthat fall within thesameregion of support
cantake advantageof inter-querylearning.Thus,instead
of “startingfrom scratch”,thepreviously learnedy‡„

?

and
{
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canbeexploited.
We expectto have overlappingregionsof supportand

thus queriesthat fall into more than one hypersphere.
Thus,in orderto identify the regionsof supportthatare
mostlikely to containrelevant images,we have to deter-
minesemanticsimilarity betweenthequeryimage'scon-
cept and the conceptsassociatedwith the hyperspheres
into which it falls. By storingthe user's RF abouteach
retrieved imageon a particularsearchsession(i.e.,

}

?

)
along with the resultinghyperspherê
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, we areable to
capturethe semanticsof the retrieval conceptassociated
with ˆ
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, denotedby ‰2DŠˆ
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. This information can then
be usedas a basisfor determiningsemanticsimilarity.
Therefore,in additionto 1SVM parameters,otherinfor-
mationis storedin our longtermlearningstructurewhich
wewill referfrom now onasahypersphereandis de�ned
as ˆ
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arethe
centerandradiusof thehypersphere,respectively.

SemanticSimilarity

Sincefor everyqueryimage,thereis acorrespondinghy-
persphere,we only needto be ableto determineseman-
tic similarity betweenconceptsassociatedwith hyper-
spheres.Theintuition for determiningsemanticsimilarity
between‰2DŠˆ

?

H

and ‰2DŠˆ

c

H

is that if imagesarejointly la-
beledasrelevantin both
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havesimilar semanticcontent.Also, thelarger
thenumberof overlappingrelevantimages,thehigherthe
semanticsimilarity betweenthemcanbe expected.The
numberof overlappingimagesfor which thereis RF dis-



agreementshouldalsohave an importantnegative effect
on the semanticsimilarity. We now explain how the se-
manticsimilarity functionis derived.

Thebasicideais basedon theobservationthatseman-
tic similaritybetween‰2DŠˆ
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mismatches).Quantifyingsemanticdistancein this way
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creases,their correspondingeventprobabilitiesdecrease,
entropy (impurity) increases,andsupportfor our initial
assumption(i.e., that ‰2DŠˆ

?

H

T

‰2D•ˆ

c

H

) decreases.
Note that P

M

R

D�Œ

?

c

H

M

B •

?

c

B . The normalizeddis-
tancefunction �

R§¦

x

D¨‰2DŠˆ

?

H

O

‰2DŠˆ

c

H€H

T

?œ©Cª

«­¬]®

m

ž

«¯¬

m

couldbeused
as a measureof semanticdistancebetween‰2D•ˆ

?

H

and
‰•D•ˆ

c

H

. For convenience,we convert to the normalized
similarity measure¦�R±°

Dœ‰•D•ˆ

?

H

O

‰2D•ˆ

c

H]H

T

m

ž

«­¬

m l

9

?�©'ª

«¯¬
®

m

ž

«­¬

m

.
Note that

I

U

M

¦�R±°

Dœ‰•D•ˆ

?

H

O

‰2DŠˆ

c

H€H

M

U . The reason
for rescalingto therange[-1,1] is that it allows semantic
disagreementto have aneffect on thevoting schemethat
we usefor combiningevidence.This doesnot affect the
rankingbasedon semanticsimilarity. Thus,thesemantic
similarity between‰2DŠˆ

?

H

and ‰•D•ˆ

c

H

is de�ned as

¦�R•°

D¨‰2D•ˆ

?

H

O

‰2D•ˆ

c

H]H

T

B •

?

c

B

I

WwR

DœŒ

?

c

H

B •

?

c

B

T

B

}“…

?š”

}“…

cEB

B •

?

c

B

I

B

}“…

?š”

}

l

c8B

:

B

}

l

?²”

}“…

c8B

B •

?

c

B

Notice that, intuitively, the �rst andsecondterm in the
formula are the maximumpossiblesemanticagreement
anddisagreementrespectively.

ProposedMethod
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modi�cation and reweighting method, basedon intra-
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ing thequery. It adaptsbasedon thedensityof homoge-
neoussemanticconceptsandthenumberof RFiterations.
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eration.

4. PFRL

In PFRL[10], retrievedimageswith RF areusedto com-
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PFRL with Query Shifting

PFRLbecomeslessappealingin situationswhereall the
input variableshave thesamelocal relevanceandyet re-
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trieval performancemight still be improved by simple
queryshifting towards îGï

T
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. A PFRLal-
gorithmcombinedwith queryshifting(PFRL+î

Õ

) issum-
marizedin Figure1.

Notethattrainingdatain PFRL+î

Õ

(for computingthe
relative featurerelevancesusedto determinethe d NN
in thenext iteration)consistsof all previous(cumulative)
retrieved images.This is an improvementover theorig-
inal PFRL wheretraining dataconsistsonly of images
retrievedat thecurrentRF iteration.

PFRL with Query Shifting and Inter -Query Learning

In PFRLandPFRL+î

Õ

, all informationcollectedduringa
searchsessionis lost at theendof thesession.We imple-
mentourproposedmethodusingPFRL+î

Õ

asthemethod
for the intra-querydistancereweightingandquerymod-
i�cation. The M-tree [2] datastructureis usedfor the
ef�cient searchof hyperspheres.This implementationof
our proposedmethod(PFRL+î

Õ

+1SVM) is summarized
in Figure 2. In the �gure, {Ÿòqó

Õ€ô

refers to the distance
weightsascomputedby PFRL.

5. EXPERIMENT AL RESULTS

In thefollowing wecomparetheretrieval performanceof
PFRL,PFRL+î

Õ

, andPFRL+î

Õ

+1SVMonrealdatasets.
We have also implementedtwo techniquesthat exploit
inter-query learning, the virtual feature(VF) approach
[15] andthestatisticalcorrelation(SC)method[8]. The
retrieval performanceis measuredby precision,which is
the fraction of relevant imagesin the retrieval set. The
following datasetswereusedfor evaluation:

Texture-thereare40 differenttexture imagesthatare
manuallyclassi�ed into 15 classes. Eachof thoseim-
agesis thencut into 16 non-overlappingimagesof size
128x128.Thus,thereare640imagesin thedatabase.The
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Figure2: PFRLwith queryshiftingandinter-querylearn-
ing (PFRL+î

Õ

+1SVM)

imagesarerepresentedby 16dimensionalfeaturevectors.
We use16Gabor�lters (2 scalesand4 orientations).

Letter -thereare20,000characterimages,eachrepre-
sentedby a 16-dimensionalfeaturevector. Thereare26
classesof the 2 capital lettersO andQ. The imagesare
basedon 20 different fonts with randomlydistortedlet-
ters.

To determinethe free parameters,a ten-fold cross-
validationwasperformedfor bothdatasets.Figures3 and
5show precisionin theinitial retrievalset(i.e.,with noRF
iterations)with respectto differentdatalevels. The data
level is the amountof accumulatedinter-query learning
(i.e., numberof queriesprocessed)relative to the num-
ber of imagesin the dataset. An intra-query-learning-
only RF approachforms the initial retrieval set by do-
ing a d NN search. The VF approachrequiresat least
oneRF iteration.Thus,on initial retrieval,VF, PFRLand
PFRL+î

Õ

have thesameperformanceasa d NN search.
As wecanobservefrom those�gures, precisionin theini-
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Figure3: Precisionvs. DataLevel in Initial Retrieval Set.

tial retrieval setcanbedrasticallyimprovedby exploiting
inter-querylearningandkeepsimprovingasthedatalevel
increases.Thisresultsin areductiononthenumberof RF
iterationsthat areneededto satisfya query. Thus,from
theuser'sperspective,it is verybene�cialsinceuserscan-
not standtoomany RF iterations.

Figures4 and6 show precisionafteroneRF iteration
with respectto differentdatalevels. As we canobserve,
precisionincreasesafter one RF iteration. The amount
of improvementobtainedwhengoingfrom oneto two RF
iterationsis muchsmaller. Thisis adesiredpropertysince
usersdo not want to perform many RF iterations. We
canobserve that,with low datalevels, thereis an initial
decreasein precisionin both VF andSC.This is dueto
the fact that thosemethodsusea �x ed ratio of intra to
inter-querylearningto form theretrieval set.Ourmethod
is basedon anadaptiveweightingof inter-querylearning
andthus,doesnot suffer from thisproblem.

6. CONCLUSIONS

This paperpresenteda novel retrieval methodthat in-
corporatesinter-query (i.e., long-term)learninginto the
querymodi�cation anddistancereweightingframework.
The experimentalresultsshow convincingly that PFRL
with queryshiftingandinter-querylearningoutperformed
either PFRL with query shifting or PFRL alone. The
retrieval performanceis constantlyimproved by the in-
tegration of inter-query learning. Furthermore,perfor-
mancecanbedrasticallyimprovedin the initial retrieval
setwhereboth PFRL andPFRL+î

Õ

requireat leastone
iterationof RF to providesomeimprovement.
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0 0.2 0.4 0.6 0.8 1
Data Level

0.5

0.6

0.7

0.8

0.9

1

P
re

ci
si

on

Letter Data
Initial Retrieval Set

VF, PFRL, PFRL+mr

PFRL+mr+1SVM
SC

Figure5: Precisionvs. DataLevel in Initial Retrieval Set.

REFERENCES

[1] C.Burges,A tutorialonsupportvectormachinesfor pattern
recognition,Data Mining and Knowledge Discovery, Vol
2(2),pp.121-167,June1998.

[2] P. Ciaccia,M. Patella,P. Zezula,M-tree: An ef�cient ac-
cessmethodfor similarity searchin metricspaces,Proceed-
ings of the 23rd International Conferenceon Very Large
Databases, pp.426-435,Athens,Greece,August1997.

[3] N. Cristianini,J.Shawe-Taylor, An Introductionto Support
VectorMachinesandotherkernel-basedlearningmethods,
CambridgeUniversityPress,Cambridge,UK, 2000.

[4] R.Duda,P. Hart,D. Stork,PatternClassi�cation, JohnWi-
ley andSons,New York, NY, 2001.

[5] D. Heisterkamp,Building a latent-semanticindex of anim-
agedatabasefrom patternsof relevancefeedback,Proceed-

0 0.2 0.4 0.6 0.8 1
Data Level

0.5

0.6

0.7

0.8

0.9

1

P
re

ci
si

on

Letter Data
One Iteration of RF

PFRL
PFRL+mr

PFRL+mr+1SVM
VF
SC

Figure6: Precisionvs. DataLevel with OneRF Iteration.

ingsof the16thInternationalConferenceonPatternRecog-
nition, pp.132-135,QuebecCity, Canada,August,2002.

[6] D. Heisterkamp,J. Peng,H. Dai, Featurerelevancelearn-
ing with queryshifting for content-basedimageretrieval,
Proceedingsof 15th International Conferenceon Pattern
Recognition, pp. 250-253,Barcelona,Spain, September,
2000.

[7] Y. Ishikawa, R. Subramanys, C. Faloutsos,Mindreader:
Queryingdatabasesthroughmultiple examples,Proceed-
ings of the 24th International Conferenceon Very Large
Databases, pp.433-438,New York, NY, August,1998.

[8] M. Li, Z. Chen,H. Zhang,Statisticalcorrelationanalysisin
imageretrieval,PatternRecognition, Vol. 35(12),pp.2687-
2693,December, 2002.

[9] J.Peng,B. Banerjee,D. Heisterkamp,Kernelindex for rel-
evancefeedbackretrieval in large imagedatabases,Pro-
ceedingsof the9th InternationalConferenceon Neural In-
formationProcessing, pp. 187-191,Singapore,November,
2002.

[10] J.Peng,B. Bhanu,S.Qing,Probabilisticfeaturerelevance
learning for content-basedimageretrieval, ComputerVi-
sionandImage Understanding, pp. 150-164,Vol. 75(1/2),
1999.

[11] Y. Rui, T. Huang,Relevancefeedback:A power tool for
interactive content-basedimage retrieval, IEEE Transac-
tions on Circuits and Systemsfor Video Technology, Vol.
8(5),pp.644-655,September, 1998.

[12] Y. Rui, T. Huang,S. Mehrotra,Content-basedimagere-
trieval with relevancefeedbackin mars,Proceedingsof the
IEEE InternationalConferenceon Image Processing, pp.
815-818,SantaBarbara,CA, October, 1997.

[13] D. Tax,One-classclassi�cation, PhDthesis,Delft Univer-
sity of Technology, Delft, TheNetherlands,June,2001.

[14] V. Vapnik, StatisticalLearning Theory, JohnWiley and
Sons,New York, NY, 1998.

[15] P. Yin, B. Bhanu,K. Chang,A. Dong,Improving retrieval
performanceby long-termrelevanceinformation,Proceed-
ingsof the16thInternationalConferenceonPatternRecog-
nition, pp.533-536,QuebecCity, Canada,August,2002.


