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ABSTRACT

Relevancefeedbak hasbeenusedin manytechniquedor
learning query modi cation and/or distancereweighting
to improve the effectivenes®f content-basedmage re-
trieval. Thesetechniqueshowever, only useintra-query
learning (i.e., short-termlearning within a single query
session). We proposea retrieval methodthat incorpo-
ratesinter-query(i.e., long-term)learninginto the query
modi cation and distancereweightingframavork. The
semanticsimilarity of the currentquerywith a setof past
queriesis usedto control the exploitation of inter-query
learningfromhistorical data. For example a local initial
distancemetricis createdthat is more informedthanthe
commonlyuseddefaultof Euclideandistance Theinter-
guerylearning relieson the geometricview of one-class
supportvector madinesfor creatingregions of support
of pastretrieval conceptsOur proposednethodchasbeen
implementedising probabilistic feature relevancelearn-
ing asthemethodor theintra-querydistancereweighting
and querymodi cation. Theefcacy of our approach is
validatedusingreal world data.

1. INTRODUCTION

Relevancefeedback(RF) hasbeenusedin mary tech-
niquesfor learningquery modi cation [6, 7, 12] or dis-
tancereweighting([6, 7, 10, 11]. Querymodi cation aims
at moving the querytowardsthe region containingrele-
vantimages. Distancereweightingis basedon updating
the weights of a weighteddistancemetric so that rele-
vantimagesare closer Somesystemsincorporateboth
approache$6, 7]. Probabilisticfeaturerelevancelearn-
ing (PFRL)[10] computese xible metricsfor producing
retrieval neighborhoodshatareelongatedalonglessrel-
evant dimensionsand constrictedalong mostin uential
ones. The techniquehasshovn promisein a numberof
databasepplications.It, however, becomedessappeal-
ing in situationswhereall input variableshave the same
local relevance,andyet retrieval performancemight still
beimprovedby simplequeryshifting. Ontheotherhand,
MARS[12] attemptgo improve retrieval performanceoy
moving the querytowardstheregion of the featurespace

containingthe relevantimagesandaway from the region
containingnon-releyantimages. In [6], a principled ap-
proachis presentedhatcombinesPFRL,asin [10], with
query shifting to try to achieve the bestof both worlds.
Thesetechniqueshowever, only useintra-querylearning
(i.e., short-termlearningwithin a single query session).
Inter-querylearning(i.e.,long-termlearningaccumulated
overthe courseof mary querysessionsganalsobeused
to enhanceetrieval performance.

A few approachefb, 8, 15] attemptinter-querylearn-
ing. In [5] latent semanticanalysiswas usedto pro-
vide a generalizatiorof pastexperience.The imagesin
a databasare viewed asthe fundamentalvocatulary of
the system. The RF from eachqueryis considerecasa
documentcomposedf mary terms(images). Both [8]
and[15] take the approactof completememorizatiorof
prior history. In [8] the correlationbetweenpastimage
labelingis memgedwith low-level featuredo rankimages
for retrieval. The model estimateghe semanticcorrela-
tion betweentwo imagesbasedon their co-occurrence
frequeng (i.e., the numberof query sessionsn which
bothimageswerelabeledrelevant). Intuitively, thelarger
the co-occurrencdrequeng of two imagesis, the more
likely thatthey aresemanticallysimilar. In [15] the extra
inter-queryinformationis ef ciently encodedy addinga
virtual featureto thefeaturevectorof animage.

In this paper we proposea retrieval methodthat in-
corporatednter-querylearninginto the query modi ca-
tion anddistancereweightingframewvork. The semantic
similarity of the currentquerywith a setof pastqueries
is usedto control the exploitation of interquery 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 proposedmnethod
using PFRL as the methodfor the intra-querydistance
reweightingandquerymodi cation.

2. ONE-CLASS SUPPORT VECTOR MACHINE

In a one-clasglassi cation problem,datafrom only one
of the classegthetargetclass)is available. For instance,
userlabeledrelevant imagesgive us information about



theusers highlevel concept.Thus,thetaskis to createa
boundaryaroundthetargetclasssuchthatmostof thetar
getdatais includedwhile, at the sametime, minimizing
therisk of acceptingputliers[13].

The stratgy thatis followed in a 1SVM consistsof
mappingthe training datato a higher dimensionalfea-
ture spaceandthenattemptingto include mostof it into
a hyperspheref minimum size. Considertraining data

where is the featurevector of the
userlabeledrelevantimage.Let beanon-
linear mappingfrom the original (  dimensional)input
spaceto the( dimensionalfeaturespacewith
Thetaskis to minimize the following objective function
(in primal form)

with constraintsthat (almost) all the training data are
within the hypersphergi.e.,

), where and arethe
radiusand centerof the hypersphererespectiely. The
parameter is the soft-hardmargin penaltyand
it givesthe tradeof betweerthe size of the hypersphere
andthe numberof training datathatcanbe included.By
setting partial derivativesto 0 in the correspondind-a-
grangianwe obtain . Replacingpar
tial derivativesinto the Lagrangianandnoticingthat is
alinearcombinatiorof thetrainingdata(which allows us
to usea kernelfunction),thefollowing objective function
(in dualform) is obtained

with constraints ,Where is
an appropriateMercerkernel. We usethe Gaussiarker-
nel . A quadraticprogram-

ming methodis usedto nd the optimal valuesin the
objectve function[13].

3. PROPOSEDMETHOD

Supposethat we have a retrieval methodthat performs
qguery modi cation and distancereweighting. After the
th RF iteration for the th query let be the
adjustedquery point, be the adjustedquery
weightsfor an arbitrary weighted distancemetric, and
bethesetof cumulativeretrievalsfor the
th query where denoteghe featurevectorrepresent-
ing the th retrievedimage,and is either1 (relevant
image)or 0 (non-relevantimage)marked by the useras
theclasslabelassociateavith the thretrievedimage.At

theendof thesearctsessionafter RF iterations,intra-

qguerylearningis givenby ,and . In general,
thisintra-querylearningis lostwhenthe searchsessioris

over,

Inter-Query Learning

Becausef their straightforvardinterpretatiorastheden-
sity of pastinteractionin a local areaof the feature
space,we have chosenlSVMs as our long term learn-
ing structure.Let and

be the setof cumulative relevantand
non-relevantretrievedimagesyespectiely. At the endof
the searchsessionafter RF iterations,we use as
trainingdatafor alSVM. Then,we associate and
with theresultingregion of support(i.e., hyperspherein
featurespace.Thus,theinter-querylearningreliesonthe
geometricview of 1SVMsfor creatingregionsof support
of pastretrieval concepts. The basicideais that future
qgueryimagesthatfall within the sameregion of support
cantake advantageof inter-querylearning. Thus,instead
of “startingfrom scratch” the previouslylearned  and

canbeexploited.

We expectto have overlappingregionsof supportand
thus queriesthat fall into more than one hypersphere.
Thus,in orderto identify the regionsof supportthatare
mostlikely to containrelevantimageswe have to deter
mine semanticsimilarity betweerthe queryimages con-
ceptand the conceptsassociatedvith the hyperspheres
into which it falls. By storingthe users RF abouteach
retrieved imageon a particularsearchsession(i.e., )
alongwith the resultinghypersphere , we areableto
capturethe semanticf the retrieval conceptassociated
with , denotedby This information can then
be usedas a basisfor determiningsemanticsimilarity.
Therefore,in additionto 1SVM parametersptherinfor-
mationis storedin ourlongtermlearningstructurewhich
wewill referfrom now onasahyperspherandis de ned
as , where ,and arethe
centerandradiusof the hyperspheresespectiely.

SemanticSimilarity

Sincefor every queryimagethereis a correspondindpy-
perspherewe only needto be ableto determineseman
tic similarity betweenconceptsassociatedvith hyper
spheresTheintuition for determiningsemanticsimilarity
between and is thatif imagesarejointly la-
beledasrelevantin both and it islikelythat

and have similar semanticcontent.Also, thelarger
thenumberof overlappingrelevantimagesthehigherthe
semanticsimilarity betweenthemcanbe expected. The
numberof overlappingimagesfor which thereis RF dis-



agreemenshouldalsohave animportantnegative effect
on the semanticsimilarity. We now explain how the se-
manticsimilarity functionis derived.

Thebasicideais basednthe obsenationthatseman-
tic similarity between and shouldbebasedn
similarity betweentheir correspondingRF distributions
(.,e., and ).Let bearandomvariablewith sam-

ple space (i.e.,anevent
is the labeling of animageasrelevant or non-relevant).
Let be the probability thata userassigns
label to  whensearchingfor imagesbelongingto
. Thus, . Let's
assumethat Then, let be a ran-

dom variable with samplespace
(i.e.,
eventsinvolving imagesthatappeaiin both and ).

Similarly, is the probability that a
userassigndabel to whensearchingor imagesbe-
longingto . Thus,

if or . Other
wise, if or

. We canusethe entropy impurity [4]
of  'sdistributionto measureahedistancebetweerthe
distributions of and The entrogy impurity (or

just entropy), , of randomvariable with sample
space isde nedas ,
where is the probability of event . Obsene that

(i.e., numberof
mismatches) Quantifyingsemantiadistancen this way
malesintuitive sense.As the numberof mismatchesn-
creasestheir correspondingvent probabilitiesdecrease,
entropy (impurity) increasesand supportfor our initial
assumptiorfi.e., that ) decreases.

Note that . The normalizeddis-
tancefunction —— couldbeused
as a measureof semanticdistancebetween and

For corvenience,we cornvert to the normalized
similarity measure

Note that . Thereason
for rescalingto therange[-1,1] is thatit allows semantic
disagreemenb have aneffect on the voting schemehat
we usefor combiningevidence. This doesnot affect the
rankingbasedon semanticsimilarity. Thus,the semantic
similarity between and isde nedas

Notice that, intuitively, the rst andsecondterm in the
formula are the maximum possiblesemanticagreement
anddisagreementespectiely.

ProposedMethod

Let bethe featurevectorof the th queryimage.
Initially, . Let be the setof hyper
spheresnto which  falls. In the following, we assume
that andgothroughthemainstage®f ourproposed
method. In the casethat , inter-querylearningis
not exploited. At the beginningof the searchsessionthe
systemdoesnot have ary knowledge aboutthe seman-
tics of the queryimage(i.e., ). Neverthelesswe
canstill identify the setof that are mostlikely
to containrelevantimages. The basicassumptioris that
if a majority of are semanticallysimilar,
their concepthasa higherdensityin thatparticularregion
of the featurespaceandthusthereis moreevidencethat
the queryimagebelongsto thatconcept.In otherwords,
each classi esthe queryimageasbelongingto
. Therefore the semanticsimilarity betweenevery
pairdetermineshedegreetowhich  and
are“voting” for the sameconcept. Thus, the set of
whose hashighestsemanticagreemenére
themostlikely to containrelevantimages.

The rst stagesets , and
computesan by  “concept similarity” matrix
whose entry is Intuitively,

is the degreeby which
agreewith (or are semanticallysimilar
to) .Then, and areupdatecasfollows

Thus adaptshasedon the densityof homogeneouse-
mantic concepts. For instance,if thereis completese-
mantic agreemenaimong , and
inter-query learning is completely exploited by setting

and . On
theotherhand,whenthereis completesemantialisagree-
ment, andinter-querylearningis notused.

With eachRFiteration,  grows. Inthesecondstage,
the systemusesthis new information to revise its pre-
vious choices. Thus, after the th RF iteration, the se-
manticsimilarity betweerthe queryimages conceptand

is determinedThen,basedn this infor-
mation,pastinter-querylearningchoicesarerevised



In thethird stage, , Where
(i.e., decreasesothat,asthe numberof RF iterations
increasesye rely moreon intra-querylearning). Then,
intraandinter-querylearningarecombined

where and arethemodi ed querylocation
and distanceweights computedby the particularquery
modi cation and reweighting method, basedon intra-
querylearning . Thus,in thiscase, determineghe
ratio of intrato inter-querylearningto beusedin process-
ing thequery It adaptshasedon the densityof homoge-
neoussemanticonceptandthenumberof RF iterations.
Thesecondandthird stagesrerepeatedftereachRF it-
eration.

4. PFRL

In PFRL[10], retrievedimageswith RF areusedto com-
pute local featurerelevance. If we let the classlabel

atquery betreatecasarandomvariablefrom
adistribution with the probabilities ,
. In the ab-

we have
senceof ary variableassignmentsthe least-squaress-
timate for is where

is the joint density Now given only that is known
at dimension . The least-squaresstimatede-
comes . Here

is the conditionaldensityof the otherinput
variables. In imageretrieval, , Where is the
query Then

represents reductionin error betweenthe
two predictions. Thus, a measureof featurerelevance
at query canbe de ned as .
Therelative relevancecanbe usedasa weightingschem
for a weighted -nearesmneighborsearch( NN) with

, Where is a parametethat can
be chosento maximize(minimizekhein uence of on
. For furtherdetails,see[10].
PFRL with Query Shifting

PFRL becomedessappealingn situationswhereall the
input variableshave the samelocal relevanceandyet re-

Initialize , , ,
Compute nearestmagesto  using
Usermarksthe images

While More RF IterationsDo

HwbdhpeE

4.1.

4.2.

4.3. Update using

4.4. Compute ;

4.5. Compute nearestmagesto using
4.6. Usermarksthe images

Figurel: PFRLwith queryshifting (PFRL+ )

trieval performancemight still be improved by simple
queryshifting towards — . A PFRLal-
gorithmcombinedwith queryshifting(PFRL+ ) issum-
marizedin Figurel.

Notethattrainingdatain PFRL+ (for computingthe
relative featurerelevancesusedto determinethe NN
in the next iteration)consistof all previous(cumulative)
retrievedimages. This is animprovementover the orig-
inal PFRL wheretraining data consistsonly of images
retrievedatthe currentRF iteration.

PFRL with Query Shifting and Inter-Query Learning

In PFRLandPFRL+ , all informationcollectedduringa
searchsessions lost at the endof the sessionWe imple-
mentour proposednethodusingPFRL+ asthemethod
for the intra-querydistancereweightingand query mod-

i cation. The M-tree [2] datastructureis usedfor the
efcient searchof hyperspheresThis implementatiorof
our proposednethod(PFRL+ +1SVM)is summarized
in Figure2. In the gure, refersto the distance
weightsascomputedoy PFRL.

5. EXPERIMENT AL RESULTS

In thefollowing we compareheretrieval performancef
PFRL,PFRL+ ,andPFRL+ +1SVMonrealdatasets.
We have also implementedtwo techniquesthat exploit
inter-query learning, the virtual feature (VF) approach
[15] andthe statisticalcorrelation(SC) method[8]. The
retrieval performancds measuredy precisionwhich is
the fraction of relevantimagesin the retrieval set. The
following datasetswereusedfor evaluation:
Texture-thereare40 differenttexture imagesthatare
manually classi ed into 15 classes. Eachof thoseim-
agesis thencut into 16 non-overlappingimagesof size
128x128.Thus,thereare640imagesn thedatabaseThe
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4. Exploit InterQueryLearning
4.1. Compute ,
4.2,
4.3.
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»

7.1

7.2.
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9. Save

Figure2: PFRLwith queryshiftingandinter-querylearn-
ing (PFRL+ +1SVM)

imagesarerepresentelly 16 dimensionafeaturevectors.
We usel6 Gabor Iters (2 scalesand4 orientations).

Letter-thereare20,000characteimages,eachrepre-
sentecby a 16-dimensionafeaturevector Thereare26
classef the 2 capitallettersO and Q. The imagesare

basedon 20 differentfonts with randomlydistortedlet-
ters.

To determinethe free parametersa ten-fold cross-
validationwasperformedor bothdatasets.Figures3 and
5shaw precisionin theinitial retrieval set(i.e.,with noRF
iterations)with respecto differentdatalevels. The data
level is the amountof accumulatednter-querylearning
(i.e., numberof queriesprocessedjelative to the num-
ber of imagesin the dataset. An intra-query-learning-
only RF approachforms the initial retrieval setby do-
inga NN search. The VF approachrequiresat least
oneRFiteration. Thus,oninitial retrieval,VF, PFRLand
PFRL+ havethesameperformanceasa NN search.
Aswecanobsenefromthose gures, precisionin theini-
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Figure3: Precisiorvs. DataLevel in Initial Retrieval Set.

tial retrieval setcanbedrasticallyimprovedby exploiting
inter-querylearningandkeepsmproving asthedatalevel
increasesThisresultsin areductiononthenumberof RF
iterationsthat are neededo satisfya query Thus,from
theusersperspectie, it is verybene cial sinceuserscan-
not standtoo mary RF iterations.

Figures4 and6 shaw precisionafterone RF iteration
with respecto differentdatalevels. As we canobsene,
precisionincreasesafter one RF iteration. The amount
of improvementbbtainedvhengoingfrom oneto two RF
iterationss muchsmaller Thisis adesiredoropertysince
usersdo not want to perform mary RF iterations. We
canobsene that, with low datalevels, thereis aninitial
decreasén precisionin both VF andSC. This is dueto
the fact that thosemethodsusea x ed ratio of intra to
inter-querylearningto form theretrieval set. Our method
is basedon anadaptie weightingof inter-querylearning
andthus,doesnot suffer from this problem.

6. CONCLUSIONS

This paperpresenteda novel retrieval methodthat in-

corporatednter-query (i.e., long-term)learninginto the
guerymodi cation anddistancereweightingframework.

The experimentalresultsshov corvincingly that PFRL
with queryshiftingandinter-querylearningoutperformed
either PFRL with query shifting or PFRL alone. The

retrieval performances constantlyimproved by the in-

tegration of inter-query learning. Furthermore perfor

mancecanbe drasticallyimprovedin the initial retrieval

setwhereboth PFRLandPFRL+ requireat leastone

iterationof RFto provide someimprovement.
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