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Abstract

Problemssud as object recaynition or image retrieval
require featue selection(FS) algorithms that scale well
enougho beapplicableto databasesontaininglarge num-
bers of image classesand large amountsof dataper class.
We exploit recentconnectionshetweeninformation theo-
retic feature selectionand minimumBayeserror solutions
to derive FS algorithmsthat are optimalin a discriminant
sensavithoutcompomisingscalability. We startbyformal-
izing the intuition that optimal FS mustfavor discriminant
featuieswhile penalizingdiscriminantfeatuesthat are re-
dundant.We thenrely on this resultto derivea new family
of FSalgorithmsthat enablesan explicit trade-of between
compleity and classi cation optimality  This trade-of is
contolled by a parameterthat encodegshe order of featuie
redundanciethat mustbe explicitly modeledo achievethe
optimalsolution.Experimentatesultson database®f nat-
ural images showthat this order is usually low, enabling
optimal FS with very low compleity. In particular, the al-
gorithmsnow proposedare shownto signi cantly outper
form currently availablescalablealternatives:from purely
discriminantapproacesto appmoacdesthat only empha-
sizeredundancy-eduction,e.g. the commonlyusedvari-
ancecompactiormethods.

1. Intr oduction

Various challengingproblemsin vision, including visual
recognition,image retrieval, or the recognitionof people
and events, can be formalized as statistical classi cation
problems. It is well known that one crucial ingredientfor
succesi theseproblemss arepresentatiobasednadis-
criminantsetof featuresand,for this reasonfeatureselec-
tion hasa long historyin the machinelearningandpattern
recognitionliteratures However, variousattributesof tradi-
tional featureselection(FS) solutions,suchasa signi cant
emphasi®nbinaryclassi cationproblemsthe expectation
of relatively small amountsof data, or the assumptiorof
parametricsourcesarenotrealisticin thevision context. In
fact, for problemssuchasimageretrieval, wherel) there
areusuallylargenumbersf visualclassego be processed,
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2) thedatais non-Gaussiaandnon-homogeneouandthe
assumptiorof any parametrianodelis, thereforehighly re-
strictive) and3) thereis aneedto procesverylargetraining
sets traditionalfeatureselectionstratgieseitherl) simply
fail to achieve meaningfuresults2) take anunrealistiofand
practicallyinfeasible)time to computeor 3) botht.

Someof theselimitations, such as the dependencen
particularprobabilisticmodels have beeneliminatedby re-
centadwancesin machinelearningand alreadytranslated
into successstoriesfor vision, e.g. the boostedfacede-
tectorby Viola and Jones[2, that can be seenas a high-
performancéeatureselectioralgorithm.Ontheotherhand,
thesesolutionsexacerbatesomeof the limitations enumer
atedabove, namelythe unavailability of (practical)exten-
sionsto problemswith morethantwo classesandanim-
mensetraining compleity. Due to this inherentlack of
scalability mostexisting FS techniquesare not applicable
to large-scalgproblemssuchasretrieval or recognition.

Somevhatsurprisingly theproblemof provably optimal
featuredesignwith low compleity hasnot yet beenthe
subjectof extensive researchin eitherthe vision or learn-
ing literatures.Consequentlyin mostdomainswherescal-
ability is a requiremeniof paramounimportance feature
optimality is commonlytradedfor computationatractabil-
ity. For example,while variousintuitive justi cations have
beenoffered for most feature setscommonly adoptedin
the retrieval literature- e.g. the biological plausibility of
Gaboror wavelet representationf3, 4, 5], or the intuitive
appealof perceptuallysalientattributessuchas color and
edginesg6, 7, 8, 9, 10, 11] - little hasbeenshowvn in terms
of their optimality. To compoundthe problem,(and,once
againdueto alackof computationallyffeasiblealternatives)
it is still thenormfor largescalerecognitionor retrieval sys-
temsto resortto sub-optimalprinciples,suchasenegy (or
varianceompactionto selecthebestsubsetamonghese
featured12, 6,13, 14).

In orderto avoid whatappeargo be anintrinsic lack of
scalabilityof optimalfeaturedesign whenoptimality is ex-

1For example [1] reportsthatthe applicationof atraditionalfeaturese-
lectiontechniqueto animageretrieval problemof relatively smalldimen-
sions(two classes, examplesperclass)requiredl12 daysof processing
time.



plicitly de ned in the minimum probability of error(MPE)

sensewe have beenrecentlypursuingalternatve,andmore
scalable formulations. In particular we have shovn that

informationtheoreticsolutionsbasedon the maximization
of themutualinformationbetweerfeaturesandclasslabels
(theinfomaxcriteria[15]) have variousappealingoroperties
for FS,in the context of vision problems[16, 17]. These
propertieswhich arereviewedin section2, includel) near
optimality in the MPE sense,2) signi cantly betterscal-
ability thanmostexisting FS techniquesand 3) the exis-

tenceof asetof conditionsunderwhichtheimplementation
compleity is equivalentto thatof the simplestknown sub-

optimalmethodg(e.g. principalcomponenanalysis PCA)

withoutcompromiseof MPE optimality.

Thethird propertyis particularlyinterestingoecausé¢he
validity of theseconditionsappears$o besupportedy vari-
ousrecentstudiesin imagestatistics[18, 19]. While this
empirical obsenation is impossibleto prove analytically
it is possibleto testit throughthe following indirect em-
pirical stratgy: designFS algorithmswhich assumethe
conditionsto hold andevaluatetheir classi cationoptimal-
ity. This strategyy motivateda FS techniquebasedon the
maximizationof the maginal diversity of the selectedea-
tures[16] (which consistsof selectingthe setof features
with leastoverlappingmamginal class-conditionadistribu-
tions). While inherentlydiscriminant,andcomputationally
trivial, the MMD solution is sub-optimalin the presence
of featuredependenciethat strongly corvey information
aboutthe classlabeP. This canbe problematic,sinceour
experimentsindicatethat, for naturalimages,suchdepen-
denciesarenotalwaysneglectable.

In this paperwe showv that, when this is the case,
infomax-optimalFS cannotbe achieved by stressingdis-
crimination alone but requires a good balance between
maximizingthe discriminantpowerof the selectedeatules
and minimizingtheir redundancywhile a highly discrimi-
nantfeaturecanbeamajorassefor classi cation,asecond
highly discriminantfeaturethatdoesnotaddmuchinforma-
tion aboutthe classlabel (e.g. which simply replicateshe
information containedin the rst) is highly undesirablé.
In this context, MMD andvariance-basetechniquessuch
asPCA, occupy the two endsof the imagerepresentation
spectrumwhile theformerplacesall emphasi®n discrim-
ination, the latter only strivesto eliminateredundanciesit
seemsaturalto expectthat betterperformancecanbe at-
tainedby FS solutionsthatjointly addresghe two compo-
nentsof the problem. One of theinterestingaspectf the
information theoreticformulationis preciselythat it pro-
videstheappropriatenathematicalormalismfor capturing

2Note thatthesearedistinctfrom genericfeaturedependenciesyhich
areprevalentbut do notaffect the performancef MMD FS.

3Becausdt consumes valuableresource aslotin the setof selected
features without addingary discriminantpower.

all thesubtletiesnvolved,e.g.thatwhile genericdependen-
ciesare irrelevant, dependenciethat corvey information
aboutthe classlabel are important

In particular it is shavn that solutionswhich jointly
addresdliscriminationand redundanyg reductiondo exist
within the infomax framework. For this, we introducethe
conceptof an -decomposableetof featuresj.e. afeature
setthatcanbe dividedinto mutually exclusive subsetof
featuressuchthat:

featureswithin eachsubsetarearbitrarily dependent,

the dependencbetweensubsetsdoesnot corvey in-
formationontheimageclass.

We then shov that, when -decomposability holds,
infomax-optimalFS only requiresdensityestimatef or-
der . For low valuesof the decomposabilityorder

, this implies that optimal FS is achievable with reduced
computationatompledity. We next introducea family of
algorithms,parameterizetly , thatallow the explicit con-
trol of thetrade-of betweercomputationatomplexity and
theability to modelarbitraryfeaturedependencies hisen-
ablesusto evaluatethevalueof thatachievesthe optimal
balancéetweerthemaximizationof mamginaldiversityand
the minimization of featureredundanciesExperimenton
variousimagedatabasesonsistentlyindicatethat, for vari-
ousof thefeaturetransformationgn commonusein there-
trieval andrecognitionliteratures pptimal performancean
be achieved with modelsthat explain arbitrary dependen-
ciesof secondorder Theresultingalgorithmsareshowvn to
substantiallyoutperformFS basedon eithervariancecom-
pactionor MMD alone,without signi cant costin termsof
computationaéf ciency.

2. Information theoretic feature selec-
tion

Informationtheoryprovidesa principledway to capturethe
intuition that the bestfeaturespacefor a given classi ca-
tion problemis theonewhich keepsmostinformationabout
the classlabels. More formally, givena  -ary classi ca-
tion problemwith obsenationsdravn from randomvari-
able , and a setof featuretransformationof the
form , the bestfeaturespaceis the one that
maximizeghe mutualinformation where isthe
classindicatorvariable(i.e. a randomvariablethat takes
valuesin ), ,and

1)

Information-theoretideatureselection(ITFS) hasvarious
appealingpropertiesthat we summarizein this section
(se€[17] for amoredetaileddiscussion).



2.1 Bayeserror

We startby recallingthatthe tightestpossiblelower bound

on the probability of error achievableby ary classi er on

a given classi cation problemis the Bayeserror. For an
-classproblemon afeaturespace it is givenby [20]

)

where  meansexpectationwith respectto

Sincethe Bayeserror dependsonly on the selection
of the featurespace , andthereis at leastone classi er
whoseprobability of erroris equalto (2), the Bayesclassi-
er, theBayeserroris theultimatediscriminantmeasurdor
FS.However, dueto the nonlinearityof the opera-
tor, it canbe dif cult to work with this costdirectly. This
is particularlytrue in the FS context, wherethe combina-
torial compleity of nding a globally optimal solutionis
usuallyavoidedby relying on greedyprocedurege.g. se-
guentialsearch21]) that, to obtainan optimal solutionin
high-dimensionsstartfrom alow dimensionabkolutionand
incrementallyadd featuresto it. Since, due to the non-
linearity of (2), it is impossibleto decomposehe overall
costinto afunctionof simplertermsdependingnly onfea-
turesubsetsthesaypeof stratgjiescannoteappliedto the
minimizationof Bayeserror.

2.2 Information theoretic costs

In the FS context, mutualinformationis anappealingalter
native to the Bayeserror for two mainreasonsi) it is sig-
ni cantly easiemanipulateand?2)it is possibleto establish
formal connectiondetweerthetwo costs.In particular the
following propertieshold [17].

Properties1 (mutual information)

1. , whee
is theentopyof [22].

2. can be written as
whee

—— is the Kullbadk-Leibler divegence

between and , and the

expectatiorwith respecto the classpriors.

3. upto scaling is a lower boundon the Bayes
error. Theboundis tight in a well-de nedsenseand
providesa closeapproximationin mostsituationsof
practicalinterest.

4. if is -dimensionaland the
optimalfeatule subsebf size ,then

®3)

whee

It follows from Property 1 that maximizing the mutual
information is equivalentto minimizing the posterioren-

tropy (since doesnotdependnthefeature
space).This providesanintuitive justi cation for ITFS, as
thesearcHor thefeaturespacewvherethe uncertaintyabout
which classis responsiblefor eachobsenation is mini-

mized.Property2 shavsthatthel TFS solutionis equivalent
to maximizingtheaverageKL divergencegoverall classes)

betweerthe class-conditionatiensities andthe
unconditionafeaturedensity . Sincethelatteris just
the average(over all classespf the andthe KL

divergenceis a measureof dissimilarity betweenprobabil-
ity densitiesthe propertyshovsthatITFSis inherentlydis-
criminant: it rewardsfeaturespacesvherethe density of
eachclassis asdistantaspossiblefrom the averagedensity
over all classes.Property3 providesa formal justi cation
for ITFS asa discriminantFS techniqueby establishinga
connectiorto theBayeserror. Thisconnectiorsuggestshat
infomax solutionsare alsooptimalin the minimum Bayes
error sense.We omit the detailshere,see[16] for a com-
plete presentationFinally, Property4 revealstwo interest-
ing propertiesof the information theoreticformulation of
the FS problem. First, it formalizesthe statementhatin-
formationtheoreticcostsare easierto manipulatethanthe
Bayeserror, by explicitly providing a decompositiorof the
optimalinfomax costinto a sumof simplerterms. Second,
it urnveils an interestinginterpretationof optimal FS as a
trade-of betweerthe maximizationof discriminantpower
andthe minimizationof redundancy
To understandhis, it helpsto interpret  asthe

mostimportantfeature,and asthe setof features
that must alreadyhave beenselectedby the time is.
While, from Property2, the rst summatiorin (3) is amea-
sure of the individual discriminantpower of the optimal
features,the secondsummationis a penaltyon all com-
binations of and that are jointly informative
abouttheclasslabel 4. Thiscompensatefor any double-
countingof discriminantpower dueto the rst term: when
a featureis highly discriminant,all otherfeaturesthatare
highly correlatedwith it are also discriminant,but would
not add muchto the overall discriminantpower of the se-
lected featureset. Hence,the secondterm penalizesall
redundancieshat carry informationaboutthe classlabel.
Note that a direct corollary of this obsenationis that, for
FS purposesall redundancythat doesnot carry informa-
tion aboutthe classlabelscanbe safelyignored. Thisim-

4Notethatthis termis zerowhen  and arejointly indepen-
dentof, i.e. completelyuninformatve about,the classlabel



pliesthatindependenmodelingof featureshatarehighly
correlatednay not necessarilyeadto alossof optimality.

2.3 Connectionto imagestatistics

The last pointis particularlyinterestingin light of various
recentstudiesonimagestatisticsthathave reportedtheob-

senationof universal patternsof dependencéetweenthe
featureof variousbiologically plausibleimagetransforma-
tions[18, 19]. Forexample spatiallyco-locatedvaveletco-

ef cients atadjacenscaledendto bedependentxhibiting

the samepatterndependencéow-shapedonditionalden-
sities)acrossa wide variety of imagery[18]. Eventhough
the ne detailsof featuredependencenay vary from one
imageclassto thenext, thesestudiessuggesthatthecoarse
structureof the patternsof dependencéetweensuchfea-

tures follow universal statisticallaws that hold indepen-
dently of the imageclass. The potentialrami cations of

this conjecturearequite signi cant sinceit impliesthat,in

the context of visual processing,

(4)

in which case(3) reduceso
(5)

The term on this summationis referredto as the
maminal diversityof feature . Thepracticalsigni cance
of thisresultis thatthe optimalsolutioncanbe obtainedby
simply computingthis quantityfor eachfeature,an opera-
tion of trivial compleity [16], andorderingthefeaturesy
its (decreasingyalue. This is the essencef FS by maxi-
mummauginaldiversity(MMD), andthealgorithmthatwas
introducedn [16].

While the computationasimplicity of MMD is quiteap-
pealing,its effectivenesdor recognitionproblemswill de-
pendonthevalidity of theassertionimplicit in (4), that(on
average)featuredependenciedo not provide information
aboutthe classlabel. Thisis a dif cult assertiorto prove,
sinceaprecisecharacterizationf how well (4) holdswould
requirethe accurateestimationof the joint densitiesof a
largenumberof features.Suchestimationrseemsnfeasible,
given the well known limitations of densityestimationin
high-dimensionapaces.

3. A family of ITFS algorithms

In this paper we addressthis questionthrough an alter
native, indirect, strat@y, basedon the sequentialrelax-
ation of the assumptiorthatfeaturedependenciearenon-
informative (with regardsto the classlabel). For this, we

startby groupingthe featuresinto a collection of disjoint
subsets. The featureswithin eachsubsetare allowed to
have arbitrary(i.e. informative) dependencesyhile the de-
pendencebetweenthe subsetsare constrainedo be non-
informative. By gradually increasingthe cardinality of
thesesubsetave move from the scenariowherewe have
a large collection of individual featuresthat all dependin
a non-informatve way (the scenariowhereMMD is opti-
mal), to onewherewe have a singlesetof featureshatall
dependn informative ways (the completelyunconstrained
scenario).We thenextend(5) to accountfor eachof these
scenariosandobtaintheassociatedequencef optimalFS
algorithms.

This stratayy is interestingin two ways. First, by apply-
ing thesealgorithmsto realrecognitiontasksandmeasuring
theerrorratesassociatedvith theresultingsequencef fea-
turespaceswe canidentify the cardinalityat whichthe as-
sumptionof non-informative dependencesetweerfeature
subsetdbecomegealistic. Hopefully this cardinality will
be small, enablingoptimal FS with reducedcomputational
compleity. In this regard, while the MMD assertiorthat
all dependenciearenon-informatvemaybetoorestrictve,
onewould expectthis propertyto hold for at leastsomeof
the dependencesFor example, the fact that the correla-
tion betweenwavelet coefcients is signi cant for imme-
diateneighborgin bothspaceandscale),rapidly decaying
for coefcients atvery differentscalesor orientationshints
that most pairs of coefcients are not jointly informative
abouttheimageclass.Secondtheresultingfamily of algo-
rithmsenablesa continuougrade-of betweercomputation
andoptimality. If the cardinalityat which the inter-subset
dependencieseasdo beinformativeis , algorithmsthat
assumea (gradually) smaller cardinality will be (increas-
ingly) sub-optimabut computationallymoreef cient.

3.1 -decomposability

We startby introducingthe concepif a
featureset.

De nition 1 Let be a feature set of
size . Theset is -decomposableor decomposablat
order , if andonly if there is a setof mutually exclusive
featule subsets sud that

if
if

and,for all ,

(6)



whee is the subsetof
index smallerthan .

containingthe features of

the well known
jointly

From
and are

property that if
independent of then
it follows that the quantity

is ameasuref the averageredundang betweerthefeature
subsets . is if this averageredun-
dang is non-informatve with respectto the classlabel.
Note that unlike (4), -decomposabilitydoesnot impose
any constaints on the dependenciebetweerfeatuesthat
belong to the samesubset The following proposition
shaws that when arbitrary dependencie®f order are
allowed, the optimal infomax FS solution only requires
densityestimate®n subspacesf dimension

Proposition1 Let be the optimal
featule subsetof size , in the infomaxsense If is
-decomposablito the set then

()

whee is the subsetof
index smallerthan .

containingthe features of

Proof: seetheappendix.

3.2 Algorithms

Theorder thereforeties the computationacompleity of
optimal FSto the subsetardinalityrequiredto achieve the
optimalsolution,i.e. theonewhichaccountdor all thefea-
ture dependencethat are informative with respectto the
classlabel. This suggestghe following family of algo-
rithms that gradually trade optimality for speed(as de-
creases).

Algorithm 1 Givenasetof featues

the order , the target numberof featues , anddenoting

themaminal diversityof , by
1. set where is thefeature of
largestmaminal diversity, set ,and
2. foreach , compute
3. let f is nota multiple
of male . Else set , andlet

. Inbothcasesnale , ,
andgoto 2 if

4. return

The algorithmsin this family belongto the classof for-
ward searchFS methods[21]. At eachstepthe bestfea-
ture, in the senseof (7), that hasnot yet beenselecteds
identi ed andaddedto the selectedset. If this containsa
featuresubsetwith lessthan featuresthe new featureis
includedin that subset. Otherwise,a new subsetis cre-
ated. The featureselectioncost favors features
that are discriminant (large ) but penalizesfeatures
that,whencombinedwith thosealreadyin the selectedset,
are highly informative aboutthe classlabel  (large ).
The overall compleity is determinedby the loop in step
4. If thereare classes, featurevectorsperclass,and
all densitiesare estimatedwith histogramsof binsalong
eachaxis, this involves, for the  subset , 1) estimat-
ing the joint histogrambetween  and the variablesin

, for all classes compleity - 2) usingthose
histogramgo compute - compleity
- and 3) their averageto compute - compleity

. Theentireloop hascomplexity
and,sinceit is repeated times,the compleity of step
4is . Summingfrom to

leadsto anoverall compleity of .
Since is usuallysmallit follows that the compleity is
determinedy the numberof bins andtheorder .

4. Experimental results

In this sectionwe reporton a collectionof experimentse-
signedto evaluatevariouspropertiesof ITFS. In particu-
lar, we consideredour questionsof practicalsigni cance:
1) is therea noticeablegain, in termsof probability of er-
ror, associateavith modelingfeatureredundancies?) does
that gain justify the computationakostinherentto higher
dimensionadensityestimation,3) whatdependeng order
achieses the optimal trade-of betweenrecognitionaccu-
ragy andcompleity, and4) how doesthe recognitionper
formancecomparewith standardvariance-basedethods,
suchas PCA, that addressredundang reductionbut are
not necessarilydiscriminant? The experimentswere con-
ductedon boththe Brodatz(112 classes1008images)and
the Corel (15 classes, 1500 images)image databasesys-
ing a setup identicalto that reportedin someof our pre-
vious work (e.g. see[23]). In a nutshell,the databasés
divided into a training and testset (roughly  to ),
the training set usedfor all the learningand the test set
for evaluation. This consistsof usingthe trainingimages
asa databasethe testimagesasqueriesgvaluatingthere-
trieval precisionandrecall (PR)for eachquery andaverag-
ing overall queries.To measurghe dependencef retrieval
accuray onthenumberof selectedeaturestheaveragePR
curvewassummarizedy its integral,thePRarea(PRA).In
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Figurel: Left: PRA cunesfor the DCT featuresetin CorelusingITFS algorithmsof order (*),
line). Right: variationof the PRA curve with the numberof histogrambins .

all experimentdeaturevectorswereextractedfrom random
imageneighborhoodsandall classi cation/retrieal
resultsobtainedwith classi ers basedon Gaussianmix-
tures.Variousfeaturetransformationsvereconsideredthe
discretecosinetransform(DCT), a wavelet representation
(WAV), principalcomponenganalysis(PCA), andindepen-
dentcomponentainalysig(ICA). Figurel (left) presentghe
PRA curvesobtainedon Corelwith the DCT featuregsim-
ilar resultsobtainedwith the remainingtransformationss
well ason Brodatzareomittedfor brevity) for
( correspondingo the maximizationof the maginal
diversity asgiven by (5)). Thesecurvesare comparedo
that obtainedwith the samefeaturesandthe enegy com-
pactioncriteria. It is visible that -orderdecomposabil-
ity is sufcient to guaranteaery substantialmprovements
over enegy compaction. For example,in the DCT case,
it takesenegy compaction featuresto reachthe accu-
ragy that ITFS achieres with only 10! In fact, even the
simple maximizationof marginal diversity compareswell
to enegy compactionachieving higheraccurag whenthe
numberof selectedeaturedss small,the situationof great-
estpracticalinterest. Finally, the assumptiorof order
decomposabilitgloesnot leadto ary increasen PRA over
that of order This suggestdhatall the featuredepen-
denciesthat matterfor recognitionarethoseof rst order,
asigni cant resultgiventhe exponentialdependencef the
computationatompleity on .

To further analyzethe dependencef recognitionac-
curag/ on computationalcompleity, we repeatedall ex-

perimentsfor differentnumbersof histogrambins . Fig-
urel (right) presentsheresultingPRA curveswhen

Clearly, no noticeablechangeshappenabore bins,
andthePRA s very closeto thebestevenwhen . This

indicatesthat the performanceof the ITFS algorithmsis

ariance
., ITFS 1 order - 4 bins
_4 ITFS 1% order - 8 bins
s« ITFS 1*" order - 12 bins 1
ITFS 1% order - 16 bins

20 I I I I I I
0 10 20 30 40 50 60 70

Dimension

('x), and (‘+'), andenegy compaction(solid

guiteinsensitve to thenumberof histogrambinsandcoarse
histogramaresuf cient to guarantegoodretrieval results.
When combinedwith the left plot this result shavs that
ITFS enablessigni cant improvementsover enegy com-
pactionat the expenseof a small increasein compleity.
Overall, the besttrade-of betweernaccurag andcomplec-
ity is achieved by the ITFS algorithm with . Vi-
sualinspectiorof therecognitionresultsshovs a signi cant
improvementfor queriesfrom classeghat have visual at-
tributesin commornwith otherclassesn thedatabaseSince
featuresof large varianceare not necessarilydiscriminant
they leadto confusionbetweersuchclassesasis illustrated
by the left columnof Figure2. For example,in the query
displayedin the top row, imagesfrom the o wer classare
confusedwith imagesfrom the horsesclass,becausehe
backgroundsresimilar in the two classes.The pictureon
the right column shows that, whenthe discriminantITFS
featuresare used,the retrieval precisionincreasesigni -
cantly Similar resultsarepresentedn the subsequernows
for queriesinvolving variousotheroverlappingclasspairs,
namely re works vs stainedglass,coastsvs scubadiving
scenesski scenesys glaciersand mountains,and monu-
mentsvs oil paintings.In generalwe have obsenedthatin
queriesfor imagesfrom classeghat have signi cant over
lap with otherclassesn thedatabaséi.e. the mostdif cult
queries)ITFS leadsto signi cantly higherretrieval accu-
ragy thanthevariance-basedriteria.
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A. Proof of Proposition1

Proof: By recursve applicationof the chainrule of mutual
information



and,similarly,

It follows from (3) that

(8)

9)

and,rewriting (6) as

(7) follows from the fact that is -decomposablénto



