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Abstract

A naw algorithmandsystemati@valuationis presented
for searchinga databaseia relevancefeedback.It repre-
sentsa new imagedisplay stratgyy for the Pi cHunt er
system[2, 1]. The algorithmtakesfeedbackin the form
of relative judgmentg(“item A is morerelevantthanitem
B") asopposedo the strongerassumptiorof categorical
relevancejudgments(“‘item A is relevant but item B is
not”). It alsoexploits alearnedprobabilisticmodelof hu-
manbehaior to make betteruseof thefeedbackt obtains.
The algorithmcanbe viewed asan extensionof indexing
schemedik e the k-d treeto a stochastisetting,hencethe
name“stochastic-comparisosearcH. In simulationsthe
amountof feedbackrequiredfor the new algorithmscales
likelog, |D|, where|D| is thesizeof thedatabaseyhile a
simplequery-by-&ampleapproactscalesike | D|*, where
a < 1 depend®n thestructureof the databaseThis theo-
reticaladvantagas reflectedby experimentswith realusers
onadatabasef 1500stockphotographs.

1 Introduction

Searchingfor digital information, especiallyimages,
music, and video, is quickly gaining in importancefor
businessand entertainment.As databasegxpand, more
effective searchtechniquesreneeded A searchtypically
consistsof a query followed by repeatedelevancefeed-
back,wherethe usercommentson the itemswhich were
retrieved. Having a good querylanguagds animportant
first step,thoughthe meaningof “good” stronglydepends
on the type of mediaanduserpopulation. This paperfo-
cuseson optimizing the relevancefeedbackphase which
by contrastcanbe donein a fairly universalmanner:all
informationaboutthe mediaanduserss encapsulateth a
singlestochastianodel.

Thefirst stepin developinga relevancefeedbackalgo-
rithm is to determinean unambiguousgquantitatve mea-
sureof performanceby which onealgorithmmaybe com-
paredto another Many publishedresultsare qualitative,
e.g. asketch-basedjuerymight be shavn to yield images

*in alphabeticabrder

thatintuitively appeato matchthe sketch. Thenrelevance
feedbackis provided, yielding imageswhich presumably
are better matches. A more quantitatve approachis to
counthow much feedbackis requiredto achieve a well-
definedevel of retrieval accurag.

Thedesiredevel of accurag usedin this paperis sim-
ple: find a particulartargetitem. This targettestingmea-
sure,introducedn [2], is unambiguoussimpleandrobust.
For example having alargecollectionof eaglemageswill
male it easyto retrieve randomeagleimages,but it will
remaindifficult to find a particulareagleimageon the ba-
sis of relevancefeedback.Sincethe measures simple, it
admitsa detailedanalysis. Our analysiscanbe usedasa
platformfrom which to attackmorecomple searctcrite-
ria.

The secondstepis to determinewhat informationthe
usercanstill provide, given that the query languagehas
proven inadequate. Many systemsuse cateyorical feed-
back,wherethe userindicateswhatitemsarein the same
catgyory of thetarget[6, 11]. However, thisforcestheuser
to decideon a usefulcatayory: onethatis nottoo large or
too smallandcontainghetarget. Thisis adravbackin the
applicationsve ervision,wheretheuserhaslittle familiar
ity with the contentof the databaselnventinga cateyory
shouldbeunnecessarfor finding a particulartarget.

This papermakesthe morelenientassumptiorthatthe
usercanmalerelative judgmentdbetweeritems,i.e. “item
A is morerelevantthanitemB.” Thiskind of inputstill can
beusedeffectively withoutanotionof category or whenno
retrieveditemsarein the samecateyory asthetarmet.

Our retrieval system,Pi cHunt er [2, 1], usesa min-
imally sufficientinterfacefor this kind of interaction(fig-
urel). A setof n imagess displayed After selectingzero
or more images,the usercalls up anotherset of images
by hitting the “GO” button. The selectedmagesare not
rankedby theuserin ary way: theselectedmagesaresim-
ply intendedto be morelik e thetamgetthanthe unselected
ones. This cycle is repeateduntil the target appears.At
this point, the searchis terminatedoy selectingthe target
andhitting the“"FOUND” button. Thesetof userresponses
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Figurel: ThePi cHunt er userinterface.

to theimageddisplayedotals2™ possiblecombinationsf
selectedmagesandn possibleterminationsof the search.
Theinterfaceis intentionallysparseo permitcomprehen-
sive analysis.

Thethird stepis to decideon arepresentatiofor thein-
formationthattheuserhasprovided.A completerepresen-
tationfor theinformationrecevedis a probabilitydistribu-
tion over possibletargets,which is what this paperuses.
Theinitial query if any, providesthestartingconditionfor
this distribution, which may be multi-modalor have other
comple structure.

This scenariowas also consideredin earlier papers
[2, 1]. The new obsenation hereis that oncewe decide
on (1) tamgettesting, (2) relative judgments,and(3) rep-
resentingthe full targetdistribution, databaseetrieval re-
ducesto the specificcomputerscienceproblemof com-
parison searching. The next sectiondiscusseshis prob-
lem andgivesa novel solutionfor the casewhencompar
isonshave stochasticoutcomes. This genericalgorithm,
called“stochastic-comparisosearcH, replacegheimage
displaystratgy for Pi cHunt er andcanbeusedfor rele-
vancefeedbaclwith ary kind of databaseSimulationsre-
portedin section3 suggesbettemperformancavith thenew
approachandespeciallycontrastdt with repeatedjuery-
by-example. Section4 againcontrastshe Pi cHunt er
approachwith repeatedjuery-by-eample,this time with
realuserssearchinga databasef naturalscenes.

2 Multidimensional comparison searching
This sectionpresentsa new derivation of the algorithm
in [2] that bettermotivatesthe new displaystratey. It is
basedon a generalizatiorof existing algorithmsfor com-
parisonsearchingsothatthey canaccommodatarbitrary
kinds of comparisonsstochasticcomparisonoutcomes,

andcomparisonsnadein parallel. Thesegeneralizations
allow therelevancefeedbaclproblemintroducedn thelast
sectionto beaddressedsacomparisorsearchingroblem
wherethe useris performingthe comparisons.

Comparisorsearchings theproblemof finding T orthe
closestelementto 7" amonga setof elementsD, by only
makingcomparisondetweenan elementandT. Thefa-
miliar binarysearchalgorithmis aone-dimensionapecial
casewherecomparisongreof theform*“X < T'?".

For the more generalcase,the vantage-point tree has
recentlybeenproposed12]. It is avariantof thek-d tree
whichis basednthreshold®f distanceneasurementse.
the comparisorf'd(X,T) < t?". The searchtreeis con-
structedtop-downn in a greedyfashion,choosingthe van-
tagepoint X andthresholdt which areexpectedto prune
away asmuchof D aspossible. This canbe interpreted
as optimizationwith one stepof lookahead. Optimizing
thiscriterionover X is difficult whenthedistanceameasure
is arbitrary soa Monte Carlo approachwasused:sample
several randomvantagepoints and choosethe one which
minimizesthe lookaheadcost. For genericallydistributed
data, this greedyalgorithm has beenshovn to perform
nearperfect[12].

The comparisortd(X,,T) < d(X»2,T)?", i.e. “is X
or X, closerto the target?”,is more relevantfor therel-
evancefeedbackscenario. Fortunately the vantage-point
treeis easilygeneralizedo comparison®f this form and
thesameMonteCarloapproaclktanbeusedto find X; and
X, ateachstep(i.e. botharesampledandomlyto find a
goodpair). The resultingtree,whenusedwith Euclidean
distancejs arecursve binary subdvision of therepresen-
tation spaceusing half-planes. This is similar to oblique
classificationtrees[7], exceptsearchtime is being mini-
mized,not classificatiorerror.

2.1 Nondeter minism

In the retrieval applicationwe ervision, a humanwill
be carrying out the comparisons. This requires that
the algorithm be able to copewith an imperfectly mod-
eled, possiblynondeterministicomparisoroperation. In
this more generalscenariothe comparisort'd(X;,T) <
d(X,,T)?" will return “true” with some probability
p(A = 1|1X1, X5, T), and“false”with probabilityp(4 =
2|X1,X5,T). For simplicity, assumethat the operation
is memorylessgexceptthat makingthe samecomparison
againis likely to returnthe sameanswer More comple
modelsshouldbe motivatedby thefailure of a simpleone.

Theonly changehatneedgo be madeto the above al-
gorithmis the criterion for choosingX; and X, at each
step. In the deterministiccase,every comparisoncom-
pletelyremovespartof D from consideration.Thatis no
longertrue: elementsare only removed with someprob-
ability. In otherwords,eachelementX hasa probability



p(T = X) of beingthe targetT andeachcomparisorop-
erationchangeshis probability.

Theideais to estimatethe numberof comparisondeft
in the search basedon the distribution p(T" = X). Call
this estimateC[p(T')]. Thenchoosethe comparisorwhich
minimizestheexpectechumberof futurecomparisongthe
one-stedookaheactost). In otherwords, the bestchoice
of X; andX5 minimizes

(1=p(T = X1) - p(T = X3)) x
> Clp(T|A = a)|p(A = a] X1, X>)

wherep(A = a| X1, X3) =
> p(A=al|X1, X2, T = X)p(T = X)
X

andp(T|A = a), definedbelaw, is the distribution over
targetsafterusemesponse (a is eitherl or 2). Theleading
factorincorporateghe factthatif X; or X, is the target
thenthereareno furthercomparisonsThe sumover X is
overtheentiredatabase.
Informationtheorysuggest&ntrogy asanestimate:

Clp(T)] ~ —a ) p(T = X)logp(T = X) (1)
X

for somepositive constanta which is irrelevant for the
purposeof minimization. Again the sumis over the en-
tire database.This offers an alternatve interpretationof
minimizing future cost: maximizingimmediateinforma-
tion gain. This heuristichasalsobeenusedto designclas-
sificationtreeg[7].

The remaining questionis how to update p(T' =
X) after the outcome of a comparisond(X;,T) <
d(X2,T). Since this outcomeoccurswith probability
p(A =1|X1, X2, T), Bayes'ruletellsus

p(A=1)
)

where the denominatoris simply a normalizationfactor
that canbe computedat run-time. Sincethe outcomesof
differentcomparisonsare assumedndependentthe pos-
terior p(T' = X|A = 1) canbe considereda new prior
p(T = X) for thenext comparisonlf eitherX; or X, is
thetarget,thenthesearchaltsandthe comparisordoesnt
occuratall. Thereforep(T'|A) is zerowheneaerT is X,
or X,, andthesatemswill neverbepresentecgain.
To illustratethis rule, considertheidealcase:

pT=X[A=1)=

1 ifd(X1,T) < d(Xa,T)
Pideat(A=1X1,X2,T)={ 05 ifd(X1,T)=d(X2,T)
0 ifd(X1,T)>d(X2,T)
3)

If A = 1, all elementsfartherfrom T than X; will get
zero probability  The remainingelementswill have uni-
form probability (assuminghoties). Thuswe getthe usual
algorithmfor vantage-pointrees.
Now consideithe generalization
1

promett = I ) T (a6, )~ a0 7))

Wheno — 0, thisisthesameasp;geq;- When0 < o < oo,

thereis asmoothtransitionfrom probability 1 to probabil-
ity 0 asT varies.Wheno — oo, outcomesarecompletely
random. This formula can be interpretedas p;q.,; after
corruptingthedistancameasurementsith Gaussiamoise.
Theparameter canthereforebeinterpretechsthe degree
of precisionin the distancemeasurements.

2.2 Related work

Comparisonsearchingwith errorshasalso beenstud-
ied in the theoreticalcomputerscienceiterature. The al-
gorithmin [10] assumeghat the numberof errorshasa
known bound. Neverthelesstheir algorithmis similar to
the one presentechere,in the sensethat it minimizesat
eachstepan information-theoretidoound on the number
of future comparisonsThe algorithmin [9] allows errors
to occurat randombut requiresthemto be independent
of the comparisorandthetargetandfurthermoredoesnot
guaranteghatthe targetis found. Sowhile both of these
algorithmsrun in provably logarithmic time, they also
operateundermorerestrictive conditionsthanstochastic-
comparisorsearch.

The generalideaof maximizingthe expectedinforma-
tion from a query hasalso beenpursuedin the machine
learning literature underthe name“Active Learning” or
“Learning with Queries”[4]. Active learningtechniques
have beenshown to significantlyoutperformsimpleprob-
ability rankingfor documentclassification[5]. We know
of no applicationof active learningtechniquedo database
retrieval.

2.3 Simultaneous comparisons

Bringing the problem even closerto reality, suppose
multiple comparisonganbe madeat once.Thisis readily
handledby changinghe comparisormodel.

For example,supposeheuserpicksthecloseselement
toT, sayX,, fromasetof elementsY;..X,,. Thisis equi-
alentto the n — 1 individual comparisonsd(X,,T) <
d(X;,T)?" fori = 1.m, i # a. The probability of this
outcomeis denoteth(A = a|X1..X,,,T).

If we assumehatall of the comparisonsare indepen-
dent,then

Pindep(A = a|X1..Xn, T) = aHp(A =1|X,, X;,T) (5)
i#a
wherea is anormalizingtermthatdependsn X; .. X,, and
T.



Alternatively, generalizinghe rule for onecomparison
leadsto the softmin:

exp(—d(Xq,T)/0)
2 exp(—d(X;, T) /o)

Note that transitive orderingof the elementds not being
assumedby eitherof thesetwo models.

Now supposehe usercan pick multiple elementsas
in the Pi cHunt er interface. If £ elementsareselected,
this is equivalentto the k(n — k) individual comparisons
“d(X,,T) < d(X;,T)?" wherea is ary selectecelement
ands is ary unselectectlement. The probability of this
outcomeis denotetb(A = {ay..a;}| X1..Xn,T).

As before,onecanassumeheselectiongo beindepen-
dent:

psoftmin(A = a|X1..Xn, T) = (6)

pindep(A = {al..ak}|X1..Xn,T) =
(67 H P(A = ai|Xai , Xunselected; T) (7)

where X nsetected = {X1--Xn}\{Xq,--Xa, }. Theright-
handsidereducedo thepreviouscase Or onecancompute
thethesoftminbetweerall (7) possibleselectionf k el-
ementswherethenumeratois exp(— . d(X,,;,T)/0).
It is anopenguestionhow to handlek = 0, wherethe
userselectsno imagesat all. The above two modelsgive
this actiona constanprobability, independenof thetarget
andthechoiceswhich maybeundesirable.
2.4 Pseudocode
The“stochastic-comparisogearchalgorithmfor com-
parisonsearchingr relevancefeedbackvorksasfollows:

1. FindthechoicesX;..X,, which minimize

(1-p(T=X1)—-—p(T = X)) X
> Clp(T|A = a)lp(A =a|X,..X,) (8)

wherep(A = a|X;..X,,) =
> p(A=a|X1.X,,T=X)p(T=X) (9)
X

andC[p(T)] = - Y p(T = X)logp(T = X) (10)
X

This step is the crucial difference with previous
Pi cHunt er algorithms.If theinterfaceallows mul-
tiple selections,summingover all ¢ would be pro-
hibitive. As an approximation,Pi cHunt er only
sumsover single selections,which takes O(n|D|)
time. All experimentsin this paperusedthe bestof
sevenrandomchoicesfor X;..X,,.

2. Getthe users responsed, i.e. performthe compar
isons.

3. If theuserindicatesthatoneof X;..X,, is thetamget
thenstop.

4. Computep(A|X;..X,,,T) for all potentialtargetsT .

5. UseBayes'rule to updatethetargetdistribution:

P(A|X1.. X0, T = X)p(T = X)
) (D

Thelasttwo stepstake O(|D|) time.

p(T = X]A) =

6. Iteratebackto stepl.

3 Simulation results

This section evaluates the Entropy criterion in
stochastic-comparisoeearchby comparingit to other
plausiblemethodgor choosingX;.. X ,:

Most Probable Let X;..X,, bethen itemswhich maxi-
mizep(T = X). Tiesareresohed randomly This
algorithmwasusedin previouswork [2, 1].

Sampling SampleX;..X,, from the distribution p(T' =
X).

Query by Example Let X;..X,, bethen closesttemsto
the winner of the last comparison.This is a favorite
approachn systemswithout relevancefeedbacl{3].
It doesnot exploit previous comparisonor a model
of nondeterminism.

Theideais to simulateausersresponseby samplingirom
the stochasticcomparisonmodel. The databasds syn-
thetic,consistingof pointsuniformly-distributedinsidethe
unit square. This allows databasesf varying sizesto be
easilydravn. The simulatedusersusedthe Euclideandis-
tancemeasure.

3.1 Deterministic case

Figure 2 plots the empirical averagesearchtime for
findingarandomlyselectedargetasafunctionof database
size, using the first three searchstratgies. The number
of choicesn wastwo. Comparisoroutcomesveregener
atedby thep;4.,; model.In all experimentsthe averages
over 1000 searcheseachwith a differenttarget, andthe
databasevas resampledlO times. We seethat the per
formanceof thesethree schemess comparable scaling
like log, |D|. In particular the Entropy schemds virtu-
ally optimal,with deviationsonly dueto alimited number
of MonteCarlosamples.

The Query-by-Exampleanethodis quite different, as
shawvn in figure 3; notethe changein vertical scale. The
Query-by-Examplanethodis not exploiting comparison
informationverywell; its time scalesas| D|**. Of course,
thedifferencebetweerthefour schemesanbereducedy
increasing: or thedimensionality
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Figure 2: The numberof comparisonsieededo find an
element for varying databaseizesand searchstratgies.
Comparisoroutcomesveregenerateéccordingo p;geq; -
The databaseontainsuniformly-distributed pointsinside
theunit square.
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Figure 3: Sameasfigure 2 but including the Query-by-
Examplemethod.

3.2 Nondeter ministic case

Figure 4 shons what happenswvhen comparisonout-
comesaregeneratedby thep;gmo:a Mmodel,with ¢ = 0.1.
Increasingthe databasesize causeghe unit squareto be
sampledmore and morefinely, while the distanceuncer
taintythresholdr remainghesame.Thusit is muchharder
to isolatea particulartargetin a large databasehanin a
smallone,aswould betruein arealsituation.

Again, the Samplingand Entropy schemesre similar
in searchtime, which scaledik e a squareroot. However,
thefragility of the Most Probableschemses evident here.
Figure5 alsorevealsa large discrepang in the Query-by-
Examplescheme.

An explanationfor this is that the Most Probableand
Query-by-Exampleschemegend to chooseitems which
are closetogetherin featurespace—gactly when com-
parisonsare most unreliable. Entrop/-minimization, by
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Figure4: Here comparisoroutcomeswere generatedac-
cordingto pg;gmoid With o = 0.1.
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Figure5: Sameasfigure 4 but including the Query-by-
Examplemethod.

contrastautomaticallychoosesomparisongor which an-
swersarereliable. The Most Probableschemealsodoes
notproperlyexploit broadandnonuniformdistributions,or

distributionswhicharemulti-modal. Furthermorea multi-

modaldistribution causeshis schemeo switchto different
partsof the databasdetweeniterations,which is discon-
certingto arealuser

4 Experimental results

This sectioncompareslifferentfeedbackschemesvith
realusersn animageretrieval setting.Thedatabasevasa
commercialcollectionof stockphotographsWe usedthe
1,500imagesfrom 15 thematicCDs of 100imageseach:
baldeaglesair shavs, Arabianhorsesl.os Angeles/srael,
Africa, flowers,the arctic, patterns,etc. This assortment
malesit easyto find arandomimageof flowersbut rather
difficult to find a specificimageof flowers,sincethereare
1000of them. Eachimagewas128x192pixelswith 24 bits
of color.

To trainthemodel,a subjectwasshovn two randomly-



selecteddatabaseimages X1, X» beside a randomly-
selectedtarget I'.  The subjectwas asled to choosethe
imagethatwas“closestoverall” to thetarget. This yielded
3,681samplesver9 differentsubjects.

Thesystemassumedndependentomparisongp;nqep)
generate®y ps;omoiq. Thedistancanetricwasaweighted
sumof distancedasednthel8imagefeaturesn [2] plus
keyword annotationgl]. Theo parameteandthe mixing
weightswerechoseno approximatelymaximizethe lik e-
lihood of thetrainingtrials.

A disjoint set of six subjectswas used for testing.
Here the numberof imagesper displaywasn = 9 and
userscould selectmultiple imagesexceptwhenusingthe
Query-by-Examplestratgy. The entropy-minimization
stratgly wasnotimplementedtthetime sotheMostProb-
ablestrateyy (section3) wasusedinstead.The Query-by-
Examplestratgy required33 inputsin averagewhile the
Most Probablestrategy required25. The full experiment
is describedn [8]. Basedon the resultsof the previous
sectionthe performancalifferences expectedo increase
with a biggerdatabasandmoreaccurataisermodel. As
this paperwent to press,a preliminary experimentwas
run with two subjectswhich placedentropy-minimization
aheadf bothof thesetwo stratejies.

Simulationsonthis databasgive thesameperformance
ranking, with entrogy-minimization best, which is intu-
itive in thefollowing way. Whenusingthe Most Probable
schemdsection3), the systemgivestheimpressiorof be-
ing smart,sinceit shavs mary similarimagesg.g.images
of aircraft. On the otherhand,the entrofy-minimization
schemdriesto displayreasonablyliverseimagesg.g. air-
craft and eagles. For the purposeof minimizing search
time, thelatteris better at the early stageof search.This
seemsobvious, but it contradictshe widely-practicedoe-
lief thata systemshouldbe judgedon the basisof a single
iterationof feedback.

Onthis databasethe Pi cHunt er algorithmrunswell
within interactve time. The sloweststepis optimizingthe
display which takesthreeseconds.

5 Conclusions

Pi cHunt er introduceda relevance feedbackalgo-
rithm whichincorporateda predictve modelof userinput.
Thiswork representswo additionalinnovations:

¢ A relevancefeedbackalgorithm which deliberately
minimizesthe amountof feedback.

e A quantitatve, domain-independeranalysisof rele-
vancefeedbaclalgorithms.

The stochastic-comparisasearchalgorithmcanbein-
corporatednto virtually any of the existing databasee-
trieval systems. One simply needsto be ableto corvert

a queryresultinto a distribution over targets. Existing
systemsalreadymeasuralistancebetweerdatabasé#ems;
thesemeasure<an be pluggedinto the p,;gmeiq Model,
with theo parametefitted to userinteractionlogs.
Thisrelevancefeedbaclalgorithmis alsostrongenough
to beusedwithouta querylanguageThisis usefulfor do-
mainswherea querylanguagevould be awkward or new
domainsfor which querylanguage$iave not yet beende-
vised,e.g.textures facesartwork, 3D models andsounds.
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