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Abstract

Problemssuch as object recognition or image retrieval
require feature selection(FS) algorithms that scale well
enoughto beapplicableto databasescontaininglargenum-
bers of image classesand large amountsof dataper class.
We exploit recentconnectionsbetweeninformation theo-
retic feature selectionand minimumBayeserror solutions
to deriveFS algorithmsthat are optimal in a discriminant
sensewithoutcompromisingscalability. Westartbyformal-
izing the intuition that optimalFSmustfavor discriminant
featureswhile penalizingdiscriminantfeaturesthat are re-
dundant.We thenrely on this resultto derivea new family
of FSalgorithmsthat enablesan explicit trade-off between
complexity and classi�cation optimality. This trade-off is
controlledby a parameterthat encodestheorderof feature
redundanciesthatmustbeexplicitly modeledto achievethe
optimalsolution.Experimentalresultsondatabasesof nat-
ural imagesshowthat this order is usually low, enabling
optimalFSwith very low complexity. In particular, theal-
gorithmsnow proposedare shownto signi�cantly outper-
form currentlyavailablescalablealternatives:frompurely
discriminantapproachesto approachesthat only empha-
sizeredundancy-reduction,e.g. the commonlyusedvari-
ancecompactionmethods.

1. Intr oduction
Various challengingproblemsin vision, including visual
recognition,imageretrieval, or the recognitionof people
and events, can be formalized as statisticalclassi�cation
problems. It is well known that onecrucial ingredientfor
successin theseproblemsis arepresentationbasedonadis-
criminantsetof featuresand,for this reason,featureselec-
tion hasa long history in themachinelearningandpattern
recognitionliteratures.However, variousattributesof tradi-
tional featureselection(FS)solutions,suchasa signi�cant
emphasisonbinaryclassi�cationproblems,theexpectation
of relatively small amountsof data,or the assumptionof
parametricsources,arenotrealisticin thevisioncontext. In
fact, for problemssuchas imageretrieval, where1) there
areusuallylargenumbersof visualclassesto beprocessed,

2) thedatais non-Gaussianandnon-homogeneous(andthe
assumptionof any parametricmodelis, therefore,highly re-
strictive)and3) thereis aneedto processverylargetraining
sets,traditionalfeatureselectionstrategieseither1) simply
fail to achievemeaningfulresults,2) takeanunrealistic(and
practicallyinfeasible)time to compute,or 3) both1.

Someof theselimitations, suchas the dependenceon
particularprobabilisticmodels,havebeeneliminatedby re-
cent advancesin machinelearningand alreadytranslated
into successstoriesfor vision, e.g. the boostedfacede-
tector by Viola and Jones[2], that can be seenas a high-
performancefeatureselectionalgorithm.Ontheotherhand,
thesesolutionsexacerbatesomeof the limitationsenumer-
atedabove, namelythe unavailability of (practical)exten-
sionsto problemswith morethantwo classes,andan im-
mensetraining complexity. Due to this inherentlack of
scalability, mostexisting FS techniquesarenot applicable
to large-scaleproblems,suchasretrieval or recognition.

Somewhatsurprisingly, theproblemof provablyoptimal
featuredesignwith low complexity hasnot yet beenthe
subjectof extensive researchin either the vision or learn-
ing literatures.Consequently, in mostdomainswherescal-
ability is a requirementof paramountimportance,feature
optimality is commonlytradedfor computationaltractabil-
ity. For example,while variousintuitive justi�cations have
beenoffered for most featuresetscommonlyadoptedin
the retrieval literature- e.g. the biological plausibility of
Gaboror wavelet representations[3, 4, 5], or the intuitive
appealof perceptuallysalientattributessuchascolor and
edginess[6, 7, 8, 9, 10, 11] - little hasbeenshown in terms
of their optimality. To compoundthe problem,(and,once
again,dueto alackof computationallyfeasiblealternatives)
it is still thenormfor largescalerecognitionor retrieval sys-
temsto resortto sub-optimalprinciples,suchasenergy (or
variance)compaction,toselectthebestsubsetsamongthese
features[12, 6, 13, 14].

In orderto avoid whatappearsto beanintrinsic lack of
scalabilityof optimalfeaturedesign,whenoptimality is ex-

1For example,[1] reportsthattheapplicationof atraditionalfeaturese-
lectiontechniqueto animageretrieval problemof relatively smalldimen-
sions(two classes,

�����

examplesperclass)required12daysof processing
time.
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plicitly de�ned in theminimumprobabilityof error(MPE)
sense,wehavebeenrecentlypursuingalternative,andmore
scalable, formulations. In particular, we have shown that
informationtheoreticsolutionsbasedon the maximization
of themutualinformationbetweenfeaturesandclasslabels
(theinfomaxcriteria[15]) havevariousappealingproperties
for FS, in the context of vision problems[16, 17]. These
properties,whicharereviewedin section2, include1) near
optimality in the MPE sense,2) signi�cantly betterscal-
ability thanmostexisting FS techniques,and3) the exis-
tenceof asetof conditionsunderwhichtheimplementation
complexity is equivalentto thatof thesimplestknown sub-
optimalmethods(e.g. principalcomponentanalysis,PCA)
withoutcompromiseof MPE optimality.

Thethird propertyis particularlyinterestingbecausethe
validity of theseconditionsappearsto besupportedby vari-
ousrecentstudiesin imagestatistics[18, 19]. While this
empirical observation is impossibleto prove analytically,
it is possibleto test it throughthe following indirect em-
pirical strategy: designFS algorithmswhich assumethe
conditionsto hold andevaluatetheir classi�cationoptimal-
ity. This strategy motivateda FS techniquebasedon the
maximizationof themarginal diversityof theselectedfea-
tures[16] (which consistsof selectingthe set of features
with leastoverlappingmarginal class-conditionaldistribu-
tions). While inherentlydiscriminant,andcomputationally
trivial, the MMD solution is sub-optimalin the presence
of featuredependenciesthat strongly convey information
aboutthe classlabel2. This canbe problematic,sinceour
experimentsindicatethat, for naturalimages,suchdepen-
denciesarenotalwaysneglectable.

In this paper we show that, when this is the case,
infomax-optimalFS cannotbe achieved by stressingdis-
crimination alone but requires a good balance between
maximizingthediscriminantpowerof theselectedfeatures
andminimizingtheir redundancy: while a highly discrimi-
nantfeaturecanbeamajorassetfor classi�cation,asecond
highlydiscriminantfeaturethatdoesnotaddmuchinforma-
tion abouttheclasslabel (e.g. which simply replicatesthe
information containedin the �rst) is highly undesirable3.
In this context, MMD andvariance-basedtechniques,such
asPCA, occupy the two endsof the imagerepresentation
spectrum:while theformerplacesall emphasisondiscrim-
ination,the latteronly strivesto eliminateredundancies.It
seemsnaturalto expectthat betterperformancecanbe at-
tainedby FSsolutionsthat jointly addressthe two compo-
nentsof theproblem.Oneof the interestingaspectsof the
information theoreticformulation is preciselythat it pro-
videstheappropriatemathematicalformalismfor capturing

2Notethat thesearedistinct from genericfeaturedependencies,which
areprevalentbut donotaffect theperformanceof MMD FS.

3Becauseit consumesa valuableresource- a slot in thesetof selected
features- without addingany discriminantpower.

all thesubtletiesinvolved,e.g.thatwhilegenericdependen-
cies are irrelevant, dependenciesthat convey information
abouttheclasslabelare important.

In particular, it is shown that solutionswhich jointly
addressdiscriminationand redundancy reductiondo exist
within the infomax framework. For this, we introducethe
conceptof an � -decomposablesetof features,i.e. a feature
setthatcanbedividedinto mutuallyexclusive subsetsof �

featuressuchthat:

� featureswithin eachsubsetarearbitrarilydependent,

� the dependencebetweensubsetsdoesnot convey in-
formationon theimageclass.

We then show that, when � -decomposability holds,
infomax-optimalFS only requiresdensityestimatesof or-
der ���	� . For low valuesof the decomposabilityorder

� , this implies that optimal FS is achievablewith reduced
computationalcomplexity. We next introducea family of
algorithms,parameterizedby � , thatallow theexplicit con-
trol of thetrade-off betweencomputationalcomplexity and
theability to modelarbitraryfeaturedependencies.Thisen-
ablesusto evaluatethevalueof � thatachievestheoptimal
balancebetweenthemaximizationof marginaldiversityand
theminimizationof featureredundancies.Experimentson
variousimagedatabasesconsistentlyindicatethat,for vari-
ousof thefeaturetransformationsin commonusein there-
trieval andrecognitionliteratures,optimalperformancecan
be achieved with modelsthat explain arbitrarydependen-
ciesof secondorder. Theresultingalgorithmsareshown to
substantiallyoutperformFSbasedon eithervariancecom-
pactionor MMD alone,without signi�cant costin termsof
computationalef�ciency.

2. Inf ormation theoretic feature selec-
tion

Informationtheoryprovidesaprincipledwayto capturethe
intuition that the bestfeaturespacefor a given classi�ca-
tion problemis theonewhichkeepsmostinformationabout
the classlabels. More formally, given a 
 -ary classi�ca-
tion problemwith observationsdrawn from randomvari-
able �
��� , and a set of featuretransformationsof the
form ��������� , the bestfeaturespaceis the one that
maximizesthemutualinformation ������� �"! where � is the
classindicatorvariable(i.e. a randomvariablethat takes
valuesin #$�&%(')'('*%+
-, ), �/.0�1�2��! , and
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Information-theoreticfeatureselection(ITFS) hasvarious
appealingpropertiesthat we summarizein this section
(see[17] for amoredetaileddiscussion).
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2.1. Bayeserror
We startby recallingthat thetightestpossiblelower bound
on the probability of error achievableby any classi�er on
a given classi�cation problemis the Bayeserror. For an


 -classproblemona featurespace� it is givenby [20]

U�V

.W�YX[ZY\^] _a`cb

:ed

Cgf @

��H�h ER!jij% (2)

where ZY\ meansexpectationwith respectto d

@ �FER!*%PE��

� . Since the Bayeserror dependsonly on the selection
of the featurespace� , and thereis at leastoneclassi�er
whoseprobabilityof error is equalto (2), theBayesclassi-
�er , theBayeserroris theultimatediscriminantmeasurefor
FS.However, dueto thenonlinearityof the _a`kbl�Pm ! opera-
tor, it canbe dif�cult to work with this costdirectly. This
is particularly true in the FS context, wherethe combina-
torial complexity of �nding a globally optimal solution is
usuallyavoidedby relying on greedyprocedures(e.g. se-
quentialsearch[21]) that, to obtainan optimal solutionin
high-dimensions,startfrom a low dimensionalsolutionand
incrementallyadd featuresto it. Since, due to the non-
linearity of (2), it is impossibleto decomposethe overall
costinto a functionof simplertermsdependingonly onfea-
turesubsets,thesetypeof strategiescannotbeappliedto the
minimizationof Bayeserror.

2.2. Inf ormation theoretic costs
In theFScontext, mutualinformationis anappealingalter-
native to theBayeserror for two mainreasons:1) it is sig-
ni�cantly easiermanipulate,and2) it is possibleto establish
formalconnectionsbetweenthetwo costs.In particular, the
following propertieshold [17].

Properties1 (mutual information)
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expectationwith respectto theclasspriors.

3. up to scaling, ps�4�6h �6! is a lower boundon theBayes
error. Theboundis tight in a well-de�nedsense, and
providesa closeapproximationin mostsituationsof
practical interest.
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It follows from Property 1 that maximizing the mutual
information is equivalent to minimizing the posterioren-
tropy ps�4�6h �6! (sinceps���x! doesnotdependonthefeature
space).This providesan intuitive justi�cation for ITFS, as
thesearchfor thefeaturespacewheretheuncertaintyabout
which class is responsiblefor eachobservation is mini-
mized.Property2 showsthattheITFSsolutionisequivalent
to maximizingtheaverageKL divergence(overall classes)
betweenthe class-conditionaldensitiesd

@Df C

�FEgh HQ! andthe
unconditionalfeaturedensityd

@ ��ER! . Sincethelatteris just
theaverage(over all classes)of the d

@Df C

��Egh HQ! andtheKL
divergenceis a measureof dissimilaritybetweenprobabil-
ity densities,thepropertyshowsthatITFSis inherentlydis-
criminant: it rewardsfeaturespaceswherethe densityof
eachclassis asdistantaspossiblefrom theaveragedensity
over all classes.Property3 providesa formal justi�cation
for ITFS asa discriminantFS techniqueby establishinga
connectionto theBayeserror. Thisconnectionsuggeststhat
infomax solutionsarealsooptimal in the minimum Bayes
error sense.We omit the detailshere,see[16] for a com-
pletepresentation.Finally, Property4 revealstwo interest-
ing propertiesof the information theoreticformulation of
the FS problem. First, it formalizesthe statementthat in-
formationtheoreticcostsareeasierto manipulatethanthe
Bayeserror, by explicitly providing a decompositionof the
optimal infomaxcostinto a sumof simplerterms.Second,
it unveils an interestinginterpretationof optimal FS as a
trade-off betweenthe maximizationof discriminantpower
andtheminimizationof redundancy.

To understandthis, it helpsto interpret •

‘ as the ™uš�›

most importantfeature,and �

V

Ž

A

‘€•

Ž as the setof features
that must alreadyhave beenselectedby the time •

‘ is.
While, from Property2, the�rst summationin (3) is amea-
sureof the individual discriminantpower of the optimal
features,the secondsummationis a penaltyon all com-
binationsof •

‘ and �

V

Ž

A

‘€•

Ž that are jointly informative
abouttheclasslabel �

4. Thiscompensatesfor any double-
countingof discriminantpower dueto the�rst term: when
a featureis highly discriminant,all otherfeaturesthat are
highly correlatedwith it are also discriminant,but would
not addmuchto the overall discriminantpower of the se-
lected featureset. Hence,the secondterm penalizesall
redundanciesthat carry informationabouttheclasslabel.
Note that a direct corollary of this observation is that, for
FS purposes,all redundancythat doesnot carry informa-
tion abouttheclasslabelscanbesafelyignored. This im-

4Notethatthis termis zerowhen œO• and ž•Ÿ  I¡

•)¢

  arejointly indepen-
dentof, i.e. completelyuninformative about,theclasslabel £ .
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plies that independentmodelingof featuresthatarehighly
correlatedmaynotnecessarilyleadto a lossof optimality.

2.3. Connectionto imagestatistics
The last point is particularlyinterestingin light of various
recentstudieson imagestatistics,thathavereportedtheob-
servationof universalpatternsof dependencebetweenthe
featuresof variousbiologicallyplausibleimagetransforma-
tions[18, 19]. Forexample,spatiallyco-locatedwaveletco-
ef�cients atadjacentscalestendto bedependent,exhibiting
thesamepatterndependence(bow-shapedconditionalden-
sities)acrossa wide varietyof imagery[18]. Even though
the �ne detailsof featuredependencemay vary from one
imageclassto thenext, thesestudiessuggestthatthecoarse
structureof the patternsof dependencebetweensuchfea-
tures follow universal statistical laws that hold indepen-
dently of the imageclass. The potential rami�cations of
this conjecturearequitesigni�cant sinceit implies that, in
thecontext of visualprocessing,
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The ™uš�› term on this summationis referred to as the
marginaldiversityof feature•

‘ . Thepracticalsigni�cance
of this resultis thattheoptimalsolutioncanbeobtainedby
simply computingthis quantityfor eachfeature,an opera-
tion of trivial complexity [16], andorderingthefeaturesby
its (decreasing)value. This is the essenceof FS by maxi-
mummarginaldiversity(MMD), andthealgorithmthatwas
introducedin [16].

While thecomputationalsimplicity of MMD is quiteap-
pealing,its effectivenessfor recognitionproblemswill de-
pendonthevalidity of theassertion,implicit in (4), that(on
average)featuredependenciesdo not provide information
abouttheclasslabel. This is a dif�cult assertionto prove,
sinceaprecisecharacterizationof how well (4) holdswould
requirethe accurateestimationof the joint densitiesof a
largenumberof features.Suchestimationseemsinfeasible,
given the well known limitations of densityestimationin
high-dimensionalspaces.

3. A family of ITFS algorithms
In this paper, we addressthis questionthroughan alter-
native, indirect, strategy, basedon the sequentialrelax-
ationof theassumptionthat featuredependenciesarenon-
informative (with regardsto the classlabel). For this, we

startby groupingthe featuresinto a collection of disjoint
subsets. The featureswithin eachsubsetare allowed to
havearbitrary(i.e. informative)dependences,while thede-
pendencesbetweenthe subsetsareconstrainedto be non-
informative. By gradually increasingthe cardinality of
thesesubsetswe move from the scenariowherewe have
a large collectionof individual featuresthat all dependin
a non-informative way (the scenariowhereMMD is opti-
mal), to onewherewe have a singlesetof featuresthatall
dependin informative ways(thecompletelyunconstrained
scenario).We thenextend(5) to accountfor eachof these
scenarios,andobtaintheassociatedsequenceof optimalFS
algorithms.

This strategy is interestingin two ways.First,by apply-
ing thesealgorithmsto realrecognitiontasksandmeasuring
theerrorratesassociatedwith theresultingsequenceof fea-
turespaces,we canidentify thecardinalityat which theas-
sumptionof non-informativedependencesbetweenfeature
subsetsbecomesrealistic. Hopefully this cardinality will
besmall,enablingoptimalFSwith reducedcomputational
complexity. In this regard,while the MMD assertionthat
all dependenciesarenon-informativemaybetoorestrictive,
onewould expectthis propertyto hold for at leastsomeof
the dependences.For example, the fact that the correla-
tion betweenwavelet coef�cients is signi�cant for imme-
diateneighbors(in bothspaceandscale),rapidly decaying
for coef�cients atverydifferentscalesor orientations,hints
that most pairs of coef�cients are not jointly informative
abouttheimageclass.Second,theresultingfamily of algo-
rithmsenablesa continuoustrade-off betweencomputation
andoptimality. If the cardinalityat which the inter-subset
dependenciesceaseto beinformative is • , algorithmsthat
assumea (gradually)smallercardinality will be (increas-
ingly) sub-optimalbut computationallymoreef�cient.
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if this averageredun-
dancy is non-informative with respectto the classlabel.
Note that unlike (4), � -decomposabilitydoesnot impose
any constraintson the dependenciesbetweenfeaturesthat
belong to the samesubset. The following proposition
shows that when arbitrary dependenciesof order � are
allowed, the optimal infomax FS solution only requires
densityestimatesonsubspacesof dimension�Ï�0� .
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Proof: seetheappendix.

3.2. Algorithms
Theorder � thereforeties thecomputationalcomplexity of
optimalFSto thesubsetcardinalityrequiredto achieve the
optimalsolution,i.e. theonewhichaccountsfor all thefea-
ture dependencesthat are informative with respectto the
classlabel. This suggeststhe following family of algo-
rithms that gradually tradeoptimality for speed(as � de-
creases).
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Thealgorithmsin this family belongto theclassof for-
ward searchFS methods[21]. At eachstepthe bestfea-
ture, in the senseof (7), that hasnot yet beenselectedis
identi�ed andaddedto the selectedset. If this containsa
featuresubsetwith lessthan � featuresthe new featureis
includedin that subset. Otherwise,a new subsetis cre-
ated. The featureselectioncost

®"T

ÕÌX|×(Õ favors features
that are discriminant (large

®ÔT

Õ ) but penalizesfeatures
that,whencombinedwith thosealreadyin theselectedset,
are highly informative aboutthe classlabel � (large ×€Õ ).
The overall complexity is determinedby the loop in step
4. If thereare Ë classes,Þ featurevectorsper class,and
all densitiesareestimatedwith histogramsof

±

bins along
eachaxis, this involves,for the HQš�› subset¶

:

, 1) estimat-
ing the joint histogrambetween• Õ and the variablesin

¶

:

, for all classes- complexity ßà��ÞÍ�4ËÍ! - 2) using those
histogramsto compute�3��•

Õ
��¶

:

h �o! - complexity ßà�

±

¹

ËÍ!

- and3) their averageto compute�3��•
Õ

��¶

:

! - complexity
ßà�

±

¹

ËÍ! . Theentireloop hascomplexity ßà]v��Þ˜�

±

¹

Ác�4! ™;Ë•i

and,sinceit is repeatedŒ�X—™ times,thecomplexity of step
4 is ßà]M�4Þ-�

±

¹

Ák�4!P™”�FŒÛX0™;!PË•i . Summingfrom ™Ó.
� to
• leadsto an overall complexity of ßà] Œ7��Þ?�

±

¹

Ác�2!Q•

“

Ë•i .
Since • is usuallysmall it follows that the complexity is
determinedby thenumberof bins

±

andtheorder � .

4. Experimental results
In this sectionwe reporton a collectionof experimentsde-
signedto evaluatevariouspropertiesof ITFS. In particu-
lar, we consideredfour questionsof practicalsigni�cance:
1) is therea noticeablegain, in termsof probability of er-
ror, associatedwith modelingfeatureredundancies,2) does
that gain justify the computationalcost inherentto higher
dimensionaldensityestimation,3) whatdependency order
achieves the optimal trade-off betweenrecognitionaccu-
racy andcomplexity, and4) how doestherecognitionper-
formancecomparewith standardvariance-basedmethods,
such as PCA, that addressredundancy reductionbut are
not necessarilydiscriminant? The experimentswerecon-
ductedon boththeBrodatz(112classes,1008images)and
the Corel (15 classes,1500 images)imagedatabases,us-
ing a setup identical to that reportedin someof our pre-
vious work (e.g. see[23]). In a nutshell,the databaseis
divided into a training and test set (roughly á$â to Ä&â«ã ),
the training set usedfor all the learningand the test set
for evaluation. This consistsof using the training images
asa database,the testimagesasqueries,evaluatingthere-
trieval precisionandrecall(PR)for eachquery, andaverag-
ing overall queries.To measurethedependenceof retrieval
accuracy onthenumberof selectedfeatures,theaveragePR
curvewassummarizedby its integral,thePRarea(PRA).In
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Figure1: Left: PRA curvesfor theDCT featuresetin CorelusingITFS algorithmsof order
�

('*'), ä ('x'), and å ('+'), andenergy compaction(solid
line). Right: variationof thePRA curve with thenumberof histogrambins æ .

all experimentsfeaturevectorswereextractedfrom random
áÔç[á imageneighborhoodsandall classi�cation/retrieval
resultsobtainedwith classi�ers basedon Gaussianmix-
tures.Variousfeaturetransformationswereconsidered:the
discretecosinetransform(DCT), a wavelet representation
(WAV), principalcomponentanalysis(PCA),andindepen-
dentcomponentanalysis(ICA). Figure1 (left) presentsthe
PRAcurvesobtainedonCorelwith theDCT features(sim-
ilar resultsobtainedwith the remainingtransformationsas
well asonBrodatzareomittedfor brevity) for �G�—#€âÏ%)�$%+Äu,

( �Y.	â correspondingto the maximizationof the marginal
diversity asgiven by (5)). Thesecurvesare comparedto
that obtainedwith the samefeaturesand the energy com-
pactioncriteria. It is visible that �–èjš -orderdecomposabil-
ity is suf�cient to guaranteevery substantialimprovements
over energy compaction. For example, in the DCT case,
it takesenergy compactioné$â featuresto reachthe accu-
racy that ITFS achieves with only 10! In fact, even the
simplemaximizationof marginal diversity compareswell
to energy compaction,achieving higheraccuracy whenthe
numberof selectedfeaturesis small,thesituationof great-
estpracticalinterest. Finally, the assumptionof Ä

Ò&ê order
decomposabilitydoesnot leadto any increasein PRA over
that of �€èIš order. This suggeststhat all the featuredepen-
denciesthat matterfor recognitionarethoseof �rst order,
a signi�cant resultgiventheexponentialdependenceof the
computationalcomplexity on � .

To further analyzethe dependenceof recognitionac-
curacy on computationalcomplexity, we repeatedall ex-
perimentsfor differentnumbersof histogrambins

±

. Fig-
ure1 (right) presentstheresultingPRAcurveswhen �R.?� .
Clearly, no noticeablechangeshappenabove

±

.ëá bins,
andthePRAis verycloseto thebestevenwhen

±

.ìé . This
indicatesthat the performanceof the ITFS algorithmsis

quiteinsensitiveto thenumberof histogrambinsandcoarse
histogramsaresuf�cient to guaranteegoodretrieval results.
When combinedwith the left plot this result shows that
ITFS enablessigni�cant improvementsover energy com-
pactionat the expenseof a small increasein complexity.
Overall, thebesttrade-off betweenaccuracy andcomplex-
ity is achieved by the ITFS algorithm with �Ã.í� . Vi-
sualinspectionof therecognitionresultsshowsasigni�cant
improvementfor queriesfrom classesthat have visual at-
tributesin commonwith otherclassesin thedatabase.Since
featuresof large variancearenot necessarilydiscriminant
they leadto confusionbetweensuchclasses,asis illustrated
by the left columnof Figure2. For example,in thequery
displayedin the top row, imagesfrom the �o wer classare
confusedwith imagesfrom the horsesclass,becausethe
backgroundsaresimilar in the two classes.Thepictureon
the right column shows that, when the discriminantITFS
featuresareused,the retrieval precisionincreasessigni�-
cantly. Similar resultsarepresentedin thesubsequentrows
for queriesinvolving variousotheroverlappingclasspairs,
namely�re works vs stainedglass,coastsvs scubadiving
scenes,ski scenesvs glaciersand mountains,and monu-
mentsvsoil paintings.In general,wehaveobservedthatin
queriesfor imagesfrom classesthathave signi�cant over-
lapwith otherclassesin thedatabase(i.e. themostdif�cult
queries)ITFS leadsto signi�cantly higher retrieval accu-
racy thanthevariance-basedcriteria.
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A. Proof of Proposition1
Proof: By recursiveapplicationof thechainrule of mutual
information
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and,similarly,
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It follows from (3) that
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