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Abstract

Thispaperpresentsa new approach to rankingrelevant
imagesfor retrieval. Distancein the feature spaceassoci-
atedwith a kernelis usedto rankrelevantimages.Anadap-
tive quasiconformalmappingbasedon relevancefeedback
is usedto generate successivenew kernels. The effect of
thequasiconformalmappingis a change in thespatialres-
olution of the feature space. Thespatial resolutionaround
irrelevantsamplesis dilated,whereasthespatialresolution
aroundrelevantsamplesis contracted.Thisnew spacecre-
atedby the quasiconformalkernel is usedto measure the
distancebetweenthequeryandtheimagesin thedatabase.
An interestinginterpretationof themetric is foundby look-
ing at the Taylor seriesapproximationto the original ker-
nel. Then the squared distancein the feature spacecan
be seenas a combinationof a parzenwindowestimateof
the squared Chi-squareddistanceand a weightedsquared
Euclideandistance. Experimentalresultsusingreal-world
datavalidatetheefficacyof our method.

1. Introduction

Relevancefeedbackis oftenusedto allow auserto refine
herquery. A userlabelstheimagesfrom thepreviousquery
asrelevantor irrelevant.Fromthis feedback,thesystemat-
temptsto learntheuser’s conceptof relevanceto thequery.
Oneapproachto this learningis thecreationof a similarity
measure(or a distance). If the similarity measurereflects
theuser’s conceptof relevancethenimageswith high simi-
larity (or smalldistance)to thequeryhavea high relevance
to the user. This processiteratesuntil the useris satisfied
with theimageretrieval or abandonsthesearch.

Thispaperpresentsanew approachto learningtheuser’s
conceptof relevanceby creatingan adaptive quasiconfro-
mal kerneldistancemetric. The layout of the paperis as
follows. In Section2, distancein the featurespacecreated
by a kernel is reviewed. In Section3, a methodfor gen-

eratinga quasiconformalkernelfrom relevancefeedbackis
presented.In Section4, thedistancemetriccreatedby the
adaptivequasiconformalkernel,AQK, is usedfor imagere-
trievalandis experimentallycomparedwith MARS[13] and
PFRL[11].

1.1. Previous Work

A recentwork [12] describesan imageretrieval system
(MARS) thatmakesuseof retrieval techniquesdevelopedin
the field of informationretrieval (IR) for text-basedinfor-
mation. In this system,imagesarerepresentedby weight
vectorsin thetermspace,whereweightscapturetheimpor-
tanceof componentswithin a vectoraswell asimportance
acrossdifferentvectorsover the entiredataset. The sys-
temthenusesrelevancefeedbackto updatequeriessoasto
placemoreweighton relevant termsandlessweighton ir-
relevantones.This queryupdatingmechanismamountsto
rotatingthe queryvectortoward relevant retrievalsand,at
thesametime,awayfrom irrelevantones.Onelimitation of
thissystemis thatit is variantto translationandgenerallin-
eartransformationbecauseof its useof thenon-metricsim-
ilarity function[5]. Anotherlimitation with thetechniqueis
thatin many situationsmerequeryshifting is insufficient to
achievedesiredgoals.

Penget al. [11] presentprobabilisticfeaturerelevance
learning for content-basedimage retrieval that computes
flexible retrieval metricsfor producingneighborhoodsthat
are elongatedalong less relevant featuredimensionsand
constrictedalongmostinfluential ones.Thetechniquehas
shown promisein anumberof imagedatabaseapplications.
Themaindifferencebetweentheretrieval metricproposed
hereandtheonepresentedin [11] is thattheformeris capa-
ble of producingarbitrary, non-symmetricneighborhoods,
while thelattercannot.

The MindReadersystemdescribedin [8] usesa multi-
level scoring techniqueto adaptively computea distance
matrix andnew query locations. While it providesa the-
oreticalbasisfor MARS, it fails to analyzeits workingcon-



ditions. In addition,providing scoresto retrieved images
placesburdenon theuser. In contrast,weexploit local like-
lihood informationto adjustspatialresolutionso that rele-
vantimagesmove towardeachotherandaway from irrele-
vantones.

In [12], MindReaderis generalizedto allow a distance
matrix to beeitherdiagonalor a full matrix, dependingon
the availability of data. While it often provides improve-
ment in computation,it still requiresfull matrix computa-
tion evenif input featuresareindependent.Also, like Min-
dReader, multi-level scoringpotentiallyplacesstrainon the
user.

2. Kernel Distance

The kernel trick has beenapplied to numerousprob-
lems [16, 18, 4, 17, 9]. The kernel allows an algorithm
to work in a featurespaceof higher dimension. If
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Since the dimensionalityof the featurespacemay be
very high, the meaningof the distanceis not directly ap-
parent. Sincethe imageof the input spaceforms a sub-
manifold in the featurespacewith the samedimensional-
ity as the input space,what is available is a Riemannian
metric[1, 16, 4]. TheRiemannianmetrictensorinduceby a
kernelis (see,[4, p. 48])
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3. Quasiconformal Kernel

It is a straight forward processto createa new kernel
from existing kernels[4]. Sinceit is our desireto createa
new featurespacein which the spatial resolutionaround
relevant samplesis contractedand the spatial resolution
aroundirrelevantsampleis expanded,we look to quasicon-
formalmappings[2]. Previously, [1] hasmodifiedasupport
vectormachinewith a quasiconformalmapping.An initial
desiremay be to usea conformalmapping. But in higher

dimensionalspace,conformalmappingarelimited to simi-
larity transformationsandsphericalinversions[3] andhence
it may be difficult to find a conformalmappingwith the
propertieswedesire.Quasiconformalaremoregeneralthan
conformalmapping,containingconformalmappingsas a
specialcase. Hence,it is easierto find a quasiconformal
mappingwith thepropertieswe desire.If N ����� is a positive
realvaluedfunctionof

�
elementof theinput space,thena

new kernelcanbecreatedby
O� �	��
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(3)

Amari called this kernel a conformaltransformedkernel.
We arecalling it a quasiconformalkernel. Note that if the
restrictionon N �	��� beingpositive is removed,a still a valid
kernel[4].

The questionbecomeswhich N ����� do we wish to use?
We can changethe Riemannianmetric by the choice of
N �	��� . The metric BDC�P E associatedwith kernel � becomes
themetric QB C�P E associatedwith kernel Q� by therelationship
[1, Theorem2,]

QBDC�P E ������� N C �	��� N E ������, N �	���54 BDC�P E �	��� (4)

whereN C �������SR&T�U K-VR&W X .
Amari expandedthespatialresolutionin themargin of a

supportvectormachineby usingthefollowing [1, Equation
26]
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wherec�d is thesetof supportvectors,̂ C is apositivenum-
ber representingthe contribution of the e th supportvector,� C is the e th supportvector, and f is a freeparameter. This
canbeviewedasa non-normalizedparzenwindow density
estimationof the setof supportvectors. Thusthe relative
spatialresolutionis dilated in areaof high estimatedden-
sity andcontractedin areasof low estimateddensity. Since
the supportvectorsareat the boundaryof the margin, this
createsanexpansionof spatialresolutionin themargin and
acontractionelsewhere.

Our goal is to expandthe spatialresolutionaroundir-
relevantsamplesandcontractthespatialresolutionaround
relevantsamples.That is, distanceto irrelevantsamplesis
increasedand distanceto relevant samplesare decreased.
We want N �	��� to adaptto the relevancefeedback. Look-
ing at Amari’s approachasa densityestimationof the set
of supportvectors,we canestimatethedensityof thesetof
irrelevantsamples,g , andthesetof relevantsamples,h .

The parzenwindow estimate[5] using the relevance
feedbackis

ij �	�k6 l���� +
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and ij �	�k6<no��� +
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We construct our quasiconformalmapping from the
parzenwindow estimatesby defining N �	��� as

N �������
ij �	�k6 l��
ij �	�k6<n"� A (8)

Otherpossiblechoicesinclude N �����r�ts;uJvk�-Uxw2ykz VZ{| �
and

N �	���}�~Uxw2ykz VUxw � z V where � � ij ���k6 l=��9 ij ���k68no�
. Themeaning

andnumericalstabilityof otherpossibleformsfor N �	��� will
beinvestigatedin a futurework.

Theadaptivequasiconformalkernelmetricis
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If the original kernel, � is a Gaussiankernel, then
� (

�
,
�
) = 1 andthedistancemetricbecomes
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An interestinginterpretationof this distancecanbe ob-
tainedif we look at the distanceusinga first orderTaylor
expansionof theGaussiankernelat thequerypoint,

�
,
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SubstitutingtheTaylorsexpansioninto (9) yields
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The
� N ������9 N �	���)� 4 termcanbeviewedastheweighted

squaredChi-squareddistancebetweenpoints
�

and
�

. The
Chi-squareddistance[6], is
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andthusis relatedto a weightedChi-squareddistance.The
secondterm is a weightedEuclideandistancein the input
space.

Figure 1. Example images from texture data

4. Experimental Results

In thefollowing, wecomparetheretrieval methodbased
on the adaptive quasiconformalkernelmetric, AQK, with
MARS [13] and PFRL[11]. Performanceis measured
by average precision[15, 14] and by the precision-recall
graph.

Average Precision: Thenon-interpolatedaveragepreci-
sionis definedas

+
6 h el
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Rank
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where h el is the setof relevant itemsin the dataset,and
Rankis anorderingof thedatasetbasedon similarity with
thequery.

Precision-Recall graph: For anitem,
�
, in thedataset,

therecallat
�

is theratioof thenumberof relevantelements
returnedwhen

�
is reachedto the total numberof relevant

elementsin thedataset.
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For anitem,
�
, in thedataset,theprecisionat

�
is theratioof

thenumberof relevantelementsreturnedwhen
�

is reached
to thetotalnumberof elementsreturnedwhen

�
is reached.
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The precision-recallgraph is a line graph of the points
(Recall(

�
),Precision(

�
)) for everyelement

�
of thedataset.

Both high recall andhigh precisionis desired,thoughnot
oftenobtainable.

Thefollowing four datasetwereusedfor evaluation:

Texture — thetexturedataareobtainedfrom MIT Media
Labat: whitechapel.media.mit.edu/pub/VisTex. There
area total of 640imagesof

+�>J� �/+
>-�
in thedatabase

with 15classes.Theimagesin thisdatabasearerepre-
sentedby 8 Gaborfilters (2 scalesand4 orientations).
Examplesof thetexturesarepresentedin Figure1.

Vowel — thevowel datasethas ¡ �*+�¢
measurementsand

11 classes.Therearea total of £ �¥¤->-�
samplesin

this database.Thisdatasetis alsotakenfrom [10].



Segmentation The segmentationdataset, taken from the
UCI repository [10], consistsof images that were
drawn randomlyfrom a databaseof 7 outdoorimages.
The imageswere hand-segmentedby the creatorsof
the databaseto classify eachpixel. Eachimageis a
region. Thereare7 classes,eachof which has330in-
stances.Thus,therearea total of 2310imagesin the
database.Theseimagesarerepresentedby 19realval-
uedattributes.

Letter — the letterdatasetconsistsof ¦ ��+
§
numerical

attributesand26 classesof the two capital letters,O
andQ, in the Englishalphabet.Thecharacterimages
werebasedon 20differentfontsandeachletterwithin
these20fontswasrandomlydistortedto produceafile
of 20,000uniquestimuli.

To determinethe free parametersin AQK, (
�

and f ), a
ten-foldcross-validationwasranfor for theTexture,Vowel,
andSegmentationdatasets.Eachdatasetwasdividedinto
ten partitions. Eachpartition in turn was left out and the
otherninewereusedto determinevaluesfor

�
and f . The

left out partition wasthenusedto test the algorithm. The
valuesreportedaretheaverageof thetentests.

Ten-foldcrossvalidationwasnotusedontheLetterdata
setdueto time constraints.A testsetof 100randomlyse-
lectedelementsfrom eachclasswascreated(2600items).
Fromremainingelements,ten randomlyselectedelements
from eachclass(260 items)wereusedto determiningthe
parameters.

Theaverageprecisionversusiterationof relevancefeed-
backis presentedin Figure2. TheAQK algorithmperforms
well on thedatasets.Themoststrikingaspectis thecontin-
uedimprovementin AQK’saverageprecisionin theTexture
andVoweldatasetswhereasMARS’sandPFRL’simprove-
mentflattens.

The precision-recallgraphsof the threealgorithmsfor
the Texture dataset is presentedin Figure3, for Segmen-
tation dataset in Figure4, for Vowel dataset in Figure5,
andfor Letterdatasetin Figure6. TheAQK algorithmhas
thedesirableeffect of pulling theprecision-recallcurve to-
wardstheupperright with successiveiterationsof relevance
feedback.Again, this is mostnoticeablein theTextureand
Vowel datasets.

5. Summary

A quasiconformalkernelconstructedby relevancefeed-
backwasusedto createa metricfor usein rankingrelevant
imagesof a query. The metric is the Euclideandistance
in thefeaturespaceassociatedwith thequasiconformalker-
nel. Thequasiconformalkernelis constructedin suchaway
that aroundrelevant labelledimagesthe spatialresolution
is contractedandthataroundirrelevantlabelledimagesthe
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Figure 2. Average Precision versus iteration
of relevance feedbac k
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Figure 3. Precision vs. Recall — Texture Data
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Figure 4. Precision vs. Recall — Segmentation Data
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Figure 5. Precision vs. Recall — Vowel Data
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Figure 6. Precision vs. Recall — Letter Data

spatialresolutionis dilated.Thedistancefrom thequeryto
unlabeledimagesis measuredin thisnew space.Themetric
generatedby AQK hasan interpretationin the input space
asa combinationof a weightedChi-squareddistanceanda
weightedEuclideandistance.In application,thenew AQK
approachcomparesvery well with theexisting MARS and
PFRLapproaches.

Futurework includesaninvestigationof themeaningand
numericalstabilityof otherquasiconformalmapping.In ad-
dition, for AQK to bepractical,anefficientdatabaseindex-
ing usingtheAQK metricneedsto bedeveloped.
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