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Abstract

Probabilisticfeaturerelevancelearning(PFRL)is anef-
fectivetechniquefor adaptivelycomputinglocal featurerel-
evancefor content-basedimage retrieval. It however be-
comeslessattractivein situationswhere all the input vari-
ableshavethesamelocal relevance, andyet retrieval per-
formancemight still be improvedby simplequeryshifting.
We proposea retrieval methodthat combinesfeature rele-
vancelearningandqueryshiftingto try to achievethebest
of both worlds. We usea linear discriminantanalysisto
computethenew queryandexploit the local neighborhood
structurecenteredat thenew queryby invokingPFRL.Asa
result,themodi�ed neighborhoodsat thenew querytendto
containsampleimagesthat are more relevant to the input
query. Theef�cacy of our methodis validatedusingboth
syntheticandrealworld data.

1. Intr oduction

Probabilistic feature relevance learning for content-
basedimageretrieval [8] computes�e xible metricsfor pro-
ducingretrievalneighborhoodsthatareelongatedalongless
relevant featuredimensionsandconstrictedalongmostin-
�uential ones.Thetechniquehasshown promisein a num-
ber of imagedatabaseapplications. It, however, becomes
lessappealingin situationswhere all the input variables
havethesamelocalrelevance,andyetretrievalperformance
mightstill beimprovedby simplequeryshifting.

On the other hand,MARS [9] is a simple queryshift-
ing mechanismthat attemptsto improve retrieval perfor-
manceby adaptively moving the input query toward rele-
vant retrievalsand,at thesametime, away from irrelevant
ones.Similarity computationremains�x edthroughoutthe
retrieval process.While MARS hasbeenshown to improve
retrievalperformancein simpletasks,it is clearthatin many

problemsthe mereshifting of the query is insuf�cient to
achievedesiredgoals,aswe shallseelater.

In this paper, we proposea novel, principledapproach
thatcombinesprobabilisticfeaturerelevancelearning,asin
[8], andqueryshifting, asin [9], to try to achieve thebest
of bothworldsfor content-basedimageretrieval [1, 6, 8, 9].
We usea linear discriminantanalysisto computethe new
queryandexploit thelocalneighborhoodstructurecentered
at thenew queryby invoking PFRL.As a result,themodi-
�ed neighborhoodsat thenew querytendto containsample
imagesthataremorerelevantto theinput query.

2. Feature Relevance Learning with Query
Shifting

We begin this sectionby brie�y introducingthe basic
ideasbehindPFRL andqueryshifting. We thendescribe
in detail our methodthat combinesPFRL andqueryshift-
ing in a principledway.

2.1. PFRL

In PFRL [8], retrieved images with relevance feed-
back are used to computelocal feature relevance. Let
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is theconditionaldensityof theotherinput variables.
In imageretrieval,
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representsa reductionin errorbetweenthetwo predictions.
Thus,a measureof featurerelevanceat query
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canbede-
�ned as M

@

�FE>$��C154

*

"

?7@

�CA

@

6

,

The relative relevancecanbe usedasa weightingscheme
for a weightedK-nearestneighborsearch(KNN):
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Here
S

is aparameterthatcanbechosento maximize(min-
imize) thein�uence of

M

@ on N

@ . For furtherdetails,see[8].

2.2. Query Shifting

TheStandard Rocchio equationis commonlyusedin the
informationretrieval �eld to determinethenext queryloca-
tion basedon relevancefeedback[10]. TheStandardRoc-
chio is
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is the new query location,
E

is the initial query
location,
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r is the setof relevant retrievals,
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i is the set
of irrelevant retrievals, b

r is the numberof relevant re-
trievals, b

i is the numberof irrelevant retrievals. The sec-
ond term is equivalent to
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the relevant retrievals. The third term is equivalentto
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i i is themeanof the irrelevantretrievals. TheStan-
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commonalternative is to ignorethe in�uence of irrelevant
retrievals (
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) [3]. Anotherapproachtakesthis theme
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, i.e., thenew query
is

i r. Moving to
i r hasbeenclaimedto be the optimal

new querylocation[4]. It is easyto seethat it is not since
it ignorestheeffect of irrelevantretrievals 1. SeeFigure1,
wheremoving to thepositivemeanalsomovescloserto the
negativemean.

1It is optimalbasedon their criterionof minimumdistanceto relevant
retrievals, but thecriterion really shouldbea multiple criterionoptimiza-
tion of minimizingdistanceto relevant retrievalsandmaximizingdistance
to irrelevant retrievals.

2.3. Combining PFRL with Query Shifting

We presenta hybrid systemfor learning featurerele-
vancethat seeksto draw upon the exploitation featureof
PFRLandtheexplorationfeatureof queryshifting.

For a given query image
E

in a v -dimensionalfeature
space,we explorea new query

E

[

in the v -dimensionalfea-
turespacefor morerelevant retrievals, if necessary, asfol-
lows. Thecomputationof

E

[

is aidedby afeatureextraction
that transformsfrom the v -dimensionalfeaturespaceto a
one-dimensionalspace,whichretainssuf�cient information
of theretrieval images.

Classicaldiscriminantanalysis(see,for example,[11])
attemptsto projectpatternsinto a spacewith lower dimen-
sionality thanthe original patternspace.The discriminant
analysisprojectionmaximizesthe inter-classscatterwhile
keepingthe intra-classscatterconstant.Whenthenumber
of patternclassesis two, like in our case,thediscriminant
analysisprojectioncanberealizedby theone-dimensional
Fisherlineardiscriminantprojection,which requiresto cal-
culatetheintra-classandinter-classscattermatrices.

To determinetheexactlocationof
E
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withoutcomputing
the scattermatrices,we considerthe projectionsof all �

retrieved imagesonto the line w passingthroughthe two
samplemeans
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After computing
E

[

, we exploit theneighborhoodstruc-
turecenteredat thenext query

E

[

by invoking PFRLon all
previous (cumulative) retrieval imagesto generatethe rel-
ative relevanceweightsusedto determinethe KNN in the
next iteration.

An estimatefor the conditionalexpectationfor a point
on w canbe determinedby projectingthe KNN retrievals
onto w andusingthefollowing equation[2, 8]
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is an indicatorfunction for its predicateargu-
ment,
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is the label of a retrieved image
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r arethesetsof cumulatedretrievedimagesandre-
trievedrelevant imagesrespectively. The retrieved images
arecumulatedfor eachindividual querysequence.When



theuserinitiatesa querywith a new image,theaccumula-
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Dueto thediscretenatureof theestimate,a segmentof
w will maximize ª

1

, (possiblymultiple segments,in which
casewe choosethe largestsegment).Any of thepointson
thesegmentmaximizing ª
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canbechosenfor thenext query
location. We chosethe meanof the relevant samplesthat
contributedto theestimate, ª
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. With this choice,moving to
therelevantmean(i.e.,
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3. Experimental Results

In the following we comparethe retrieval methodsof
queryshifting,PFRL,andPFRLcombinedwith queryshift-
ing on syntheticand real data. We also compare

i r and
w

�Fx
~

$

for the queryshift location. In all the experiments
in this section,the data is normalizedalong eachfeature
dimensionof eachentiredataset.

Firstanexamplequeryusingsyntheticdatais presented.
Thentheaverageretrievalprecisionof thedifferentmethods
onrealdatais presented.

Thesyntheticdatausedis the2D exampledatathatwas
provided with the Multivariate Data Generation Software
[5] from theICPR2000Algorithm PerformanceContest.A
query(representas ¯ ) at location(-83.5,-97.2)is presented
in Figure1 with both the shift to

i r ( ° in �gure) andthe
shift to w

�Fx�~�$

( ± in �gure). Justqueryshifting is usedin
this example. The shift to

i r alsomovescloserto
i i ( ²

in �gure) with theresultingeffecton theKNN of replacing
threerelevant imageswith two relevantandoneirrelevant.
Theshift to w

�Fx�~�$

movesaway from
i i with the resulting

effect on the KNN by replacingthreerelevant and seven
irrelevantimageswith tenrelevantimages.

Theretrievalmethodsof PFRL,shiftingto
i r, shiftingto

w

�Fx�~�$

, PFRL+
i r, andPFRL+w

�Fx�~�$

wasappliedto eachof
the following four databases.For all of the retrieval meth-
ods, eachimagein the databasewas selectedas a query.
For eachiteration,upto� veiterations,the20nearestneigh-
borswerereturnedwith relevancefeedback.The average
retrievalprecisionfor eachmethodandeachdatabaseis pre-
sentedin Figure3.
Database1. The data(Texture Data) was obtainedfrom
MIT MediaLabat: whitechapel.media.mit.edu/pub/VisTex.
Thereareatotalof 640imagesof

�

r�³_´

�

r	³

in thedatabase
with 15classes.Theimagesin thisdatabasearerepresented
by 8 Gabor�lters (2 scalesand4 orientations).Examples
of thetexturesarepresentedin Figure2.
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Figure 1. Synthetic 2D data: example quer y

Figure 2. Example images from texture data

Database2. This is aset(SonarData),alsotakenfrom [7],
of 208 datapointshaving two classes(Mines andRocks)
with equalnumberof instancesin eachclass.Thedataare
representedby 60 features.For details,see[7].
Database3. This dataset(Vowel Data)has v

�ê���

mea-
surementsand11 classes.Therearea total of ë

�

q>r�³samplesin this database.This setis alsotakenfrom [7].
Database4. Thedataset(SegmentationData),takenfrom
theUCI repository[7], consistsof imagesthatweredrawn
randomlyfrom a databaseof 7 outdoorimages. The im-
ageswerehand-segmentedby the creatorsof the database
to classifyeachpixel. Eachimageis a region. Thereare7
classes,eachof which has330 instances.Thus, thereare
a total of 2310 imagesin the database.Theseimagesare
representedby 19 realvaluedattributes.

The retrieval precisionof PFRL combinedwith query
shifting consistentlyoutperformedjust queryshifting and
PFRL individually. Shifting to w

�yx•~�$

outperformedshift-
ing to

i r bothindividually andwhencombinedwith PFRL,
thoughthemagnitudeof improvementis muchlessthanthe
magnitudeof improvementof eithercombinedmethodover
theindividualmethods.

The closeperformanceof shifting to w

�Fx•~�$

and shift-
ing to

i r can be explainedby noting that often w

�Fx3~�$

is
at or very closeto

i r. For exampleusingthe texturedata,
84%of thetimethemaximumconditionexpectationis very
closeto

i r (within 0.01of themean-meandistance).Only
3% of thetime is it far away (greaterthan0.3of themean-
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Figure 3. Precision graphs

meandistance).Thusshifting to w

�Fx3~ $

performsthesame
asshifting to

i rin the commoncaseandin the infrequent
casethat

i r is a badlocation,it performsmuchbetter.

4. Summary

This paperpresentsa novel methodthatcombinesprob-
abilistic featurerelevancelearningandqueryshifting to try
to achievethebestof bothworlds.Thismethodusesalinear
discriminantanalysisto computethenew queryuponwhich
to estimatelocal retrieval neighborhoodusingPFRL.As a
result, the modi�ed neighborhoodat the new query tends
to containdatasamplesthataremorerelevant to the input
query. The experimentalresultsusingboth syntheticand
realdatashow convincingly that featurerelevancelearning
coupledwith queryshifting outperformedeitherPFRL or
queryshiftingalone.

A potentialextensionto the techniquedescribedin this
paperis to consideradditionalderived variables(features)
for localrelevanceestimateandqueryshifting,therebycon-
tributingto theoverallretrievalperformance.Thechallenge
is to beableto haveamechanismthatcomputessuchinfor-
mativederivedfeaturesef�ciently .
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