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Abstract
A new algorithmandsystematicevaluationis presented

for searchinga databasevia relevancefeedback.It repre-
sentsa new imagedisplay strategy for the PicHunter
system[2, 1]. The algorithmtakes feedbackin the form
of relative judgments(“item A is morerelevant thanitem
B”) asopposedto the strongerassumptionof categorical
relevancejudgments(“item A is relevant but item B is
not”). It alsoexploits a learnedprobabilisticmodelof hu-
manbehavior to makebetteruseof thefeedbackit obtains.
Thealgorithmcanbe viewedasan extensionof indexing
schemeslike the

�
-d treeto a stochasticsetting,hencethe

name“stochastic-comparisonsearch.” In simulations,the
amountof feedbackrequiredfor thenew algorithmscales
like �������
	 ��	 , where 	 ��	 is thesizeof thedatabase,while a
simplequery-by-exampleapproachscaleslike 	 ��	 
 , where����� dependson thestructureof thedatabase.This theo-
reticaladvantageis reflectedbyexperimentswith realusers
onadatabaseof 1500stockphotographs.

1 Introduction
Searchingfor digital information, especiallyimages,

music, and video, is quickly gaining in importancefor
businessand entertainment.As databasesexpand,more
effective searchtechniquesareneeded.A searchtypically
consistsof a query followed by repeatedrelevancefeed-
back,wherethe usercommentson the itemswhich were
retrieved. Having a goodquerylanguageis an important
first step,thoughthemeaningof “good” stronglydepends
on the typeof mediaanduserpopulation.This paperfo-
cuseson optimizing the relevancefeedbackphase,which
by contrastcanbe donein a fairly universalmanner:all
informationaboutthemediaandusersis encapsulatedin a
singlestochasticmodel.

Thefirst stepin developinga relevancefeedbackalgo-
rithm is to determinean unambiguous,quantitative mea-
sureof performance,by whichonealgorithmmaybecom-
paredto another. Many publishedresultsarequalitative,
e.g. a sketch-basedquerymight beshown to yield images�

in alphabeticalorder

thatintuitively appearto matchthesketch.Thenrelevance
feedbackis provided, yielding imageswhich presumably
are bettermatches. A more quantitative approachis to
counthow much feedbackis requiredto achieve a well-
definedlevel of retrieval accuracy.

Thedesiredlevel of accuracy usedin this paperis sim-
ple: find a particulartarget item. This target testingmea-
sure,introducedin [2], is unambiguous,simpleandrobust.
For example,having alargecollectionof eagleimageswill
make it easyto retrieve randomeagleimages,but it will
remaindifficult to find a particulareagleimageon theba-
sisof relevancefeedback.Sincethemeasureis simple,it
admitsa detailedanalysis.Our analysiscanbe usedasa
platformfrom which to attackmorecomplex searchcrite-
ria.

The secondstepis to determinewhat information the
usercan still provide, given that the query languagehas
proven inadequate.Many systemsusecategorical feed-
back,wheretheuserindicateswhat itemsarein thesame
categoryof thetarget[6, 11]. However, this forcestheuser
to decideon a usefulcategory: onethat is not too largeor
toosmallandcontainsthetarget.This is adrawbackin the
applicationsweenvision,wheretheuserhaslittle familiar-
ity with the contentof thedatabase.Inventinga category
shouldbeunnecessaryfor findinga particulartarget.

This papermakesthemorelenientassumptionthat the
usercanmakerelativejudgmentsbetweenitems,i.e. “item
A is morerelevantthanitemB.” Thiskind of inputstill can
beusedeffectivelywithoutanotionof categoryor whenno
retrieveditemsarein thesamecategoryasthetarget.

Our retrieval system,PicHunter [2, 1], usesa min-
imally sufficient interfacefor this kind of interaction(fig-
ure1). A setof � imagesis displayed.After selectingzero
or more images,the usercalls up anotherset of images
by hitting the “GO” button. The selectedimagesarenot
rankedby theuserin any way: theselectedimagesaresim-
ply intendedto bemorelike thetargetthantheunselected
ones. This cycle is repeateduntil the target appears.At
this point, the searchis terminatedby selectingthe target
andhitting the“FOUND” button.Thesetof userresponses



Figure1: ThePicHunter userinterface.

to theimagesdisplayedtotals ��� possiblecombinationsof
selectedimagesand � possibleterminationsof thesearch.
Theinterfaceis intentionallysparseto permitcomprehen-
siveanalysis.

Thethird stepis to decideonarepresentationfor thein-
formationthattheuserhasprovided.A completerepresen-
tationfor theinformationreceivedis aprobabilitydistribu-
tion over possibletargets,which is what this paperuses.
Theinitial query, if any, providesthestartingconditionfor
this distribution,which maybemulti-modalor have other
complex structure.

This scenariowas also consideredin earlier papers
[2, 1]. The new observation hereis that oncewe decide
on (1) target testing,(2) relative judgments,and(3) rep-
resentingthe full targetdistribution, databaseretrieval re-
ducesto the specificcomputerscienceproblemof com-
parison searching. The next sectiondiscussesthis prob-
lem andgivesa novel solutionfor thecasewhencompar-
isonshave stochasticoutcomes.This genericalgorithm,
called“stochastic-comparisonsearch,” replacestheimage
displaystrategy for PicHunter andcanbeusedfor rele-
vancefeedbackwith any kind of database.Simulationsre-
portedin section3suggestbetterperformancewith thenew
approach,andespeciallycontrastsit with repeatedquery-
by-example. Section4 againcontraststhe PicHunter
approachwith repeatedquery-by-example,this time with
realuserssearchinga databaseof naturalscenes.

2 Multidimensional comparison searching
This sectionpresentsa new derivationof thealgorithm

in [2] that bettermotivatesthe new displaystrategy. It is
basedon a generalizationof existing algorithmsfor com-
parisonsearching,sothatthey canaccommodatearbitrary
kinds of comparisons,stochasticcomparisonoutcomes,

andcomparisonsmadein parallel. Thesegeneralizations
allow therelevancefeedbackproblemintroducedin thelast
sectionto beaddressedasacomparisonsearchingproblem
wheretheuseris performingthecomparisons.

Comparisonsearchingis theproblemof finding � or the
closestelementto � amonga setof elements� , by only
makingcomparisonsbetweenan elementand � . The fa-
miliar binarysearchalgorithmis aone-dimensionalspecial
case,wherecomparisonsareof theform “ � � � ?”.

For the more generalcase,the vantage-point tree has
recentlybeenproposed[12]. It is a variantof thek-d tree
whichisbasedonthresholdsof distancemeasurements,i.e.
the comparison“ ������� �"! �$# ?”. The searchtreeis con-
structedtop-down in a greedyfashion,choosingthe van-
tagepoint � andthreshold# which areexpectedto prune
away asmuchof � aspossible. This canbe interpreted
as optimizationwith onestepof lookahead.Optimizing
thiscriterionover � is difficult whenthedistancemeasure
is arbitrary, soa MonteCarloapproachwasused:sample
several randomvantagepointsandchoosethe onewhich
minimizesthe lookaheadcost. For genericallydistributed
data, this greedyalgorithm has beenshown to perform
near-perfect[12].

Thecomparison“ �����&%'� �"! � �(�)� � �*�+! ?”, i.e. “is �&%
or � � closerto the target?”, is morerelevant for the rel-
evancefeedbackscenario.Fortunately, the vantage-point
treeis easilygeneralizedto comparisonsof this form and
thesameMonteCarloapproachcanbeusedto find �&% and� � at eachstep(i.e. botharesampledrandomlyto find a
goodpair). The resultingtree,whenusedwith Euclidean
distance,is a recursive binarysubdivisionof therepresen-
tation spaceusinghalf-planes.This is similar to oblique
classificationtrees[7], exceptsearchtime is beingmini-
mized,notclassificationerror.

2.1 Nondeterminism
In the retrieval applicationwe envision, a humanwill

be carrying out the comparisons. This requires that
the algorithm be able to copewith an imperfectly mod-
eled,possiblynondeterministiccomparisonoperation. In
this moregeneralscenario,the comparison“ �(�)�&%,� �"! ������ � � �"! ?” will return “true” with some probability- �).0/ � 	 �&%1� � � �*�+! , and“f alse”with probability - �2.0/��	 �&%1� � � �*�"! . For simplicity, assumethat the operation
is memoryless,except that making the samecomparison
againis likely to returnthe sameanswer. More complex
modelsshouldbemotivatedby thefailureof a simpleone.

Theonly changethatneedsto bemadeto theaboveal-
gorithm is the criterion for choosing� % and � � at each
step. In the deterministiccase,every comparisoncom-
pletely removespartof � from consideration.That is no
longertrue: elementsareonly removedwith someprob-
ability. In otherwords,eachelement� hasa probability



- ����/3�4! of beingthetarget � andeachcomparisonop-
erationchangesthisprobability.

Theideais to estimatethenumberof comparisonsleft
in the search,basedon the distribution - �)�5/6�4! . Call
thisestimate798 - ���+!2: . Thenchoosethecomparisonwhich
minimizestheexpectednumberof futurecomparisons(the
one-steplookaheadcost). In otherwords,thebestchoice
of �&% and � � minimizes� �<;=- �)�>/?�&%@! ;=- ���A/>� � !*!CBD 
 798 - �)�E	 .A/ � !2: - �2.A/ � 	 �&%'�*� � !

where- �2.F/ � 	 �G%,�*� � !H/DJI - �2.A/ � 	 �&%'�*� � �*�?/K�4! - ���?/?�4!
and - ���E	 .L/ � ! , definedbelow, is the distribution over
targetsafteruserresponse� ( � is either1 or 2). Theleading
factor incorporatesthe fact that if � % or � � is the target
thenthereareno furthercomparisons.Thesumover � is
over theentiredatabase.

Informationtheorysuggestsentropy asanestimate:798 - ���"!J:NM ;PO D I - ���A/>�4!��Q�R� - ���?/K�4! (1)

for somepositive constantO which is irrelevant for the
purposeof minimization. Again the sumis over the en-
tire database.This offers an alternative interpretationof
minimizing future cost: maximizing immediateinforma-
tion gain.This heuristichasalsobeenusedto designclas-
sificationtrees[7].

The remaining question is how to update - �)� /�4! after the outcome of a comparison �(�)� % � �"! ������ � �*�"! . Since this outcomeoccurs with probability- �).A/ � 	 �G%,�*� � � �"! , Bayes’rule tells us- ���?/>�S	 .?/ � !T/ - �).A/ � 	 �&%1�*� � � �>/?�4! - ���?/K�U!- �2.F/ � !
(2)

where the denominatoris simply a normalizationfactor
that canbe computedat run-time. Sincethe outcomesof
differentcomparisonsareassumedindependent,the pos-
terior - ���L/V�S	 .W/ � ! can be considereda new prior- ���X/3�U! for thenext comparison.If either � % or � � is
thetarget,thenthesearchhaltsandthecomparisondoesn’t
occurat all. Therefore,- ���E	 ."! is zerowhenever � is � %
or � � , andtheseitemswill neverbepresentedagain.

To illustratethis rule,considertheidealcase:Y[Z]\_^2`ba2cedgfih,j kml@nok+pqnsr
tuf�v h wyx{z|c}kml@nsr
t�~�z|c}k�pqnsr
t�R� � wyx{z|c}kml@nsr
t�fUz|c}k�pqnsr
t� wyx{z|c}k l nsr
t���z|c}k p nsr
t
(3)

If .�/ � , all elementsfartherfrom � than �&% will get
zeroprobability. The remainingelementswill have uni-
form probability(assumingnoties).Thuswegettheusual
algorithmfor vantage-pointtrees.

Now considerthegeneralizationY|� Z]�_��� Z]\ cedgfih,j k l nok p nsr
tuf hh����_�R�(csc}z|c}k l nor
t{��z|c}k p nor
tsts�@�{t
(4)

When����� , thisis thesameas-��Q��� 
�� . When� � � �K� ,
thereis asmoothtransitionfrom probability1 to probabil-
ity 0 as � varies.When ��� � , outcomesarecompletely
random. This formula can be interpretedas - � ��� 
�� after
corruptingthedistancemeasurementswith Gaussiannoise.
Theparameter� canthereforebeinterpretedasthedegree
of precisionin thedistancemeasurements.
2.2 Related work

Comparisonsearchingwith errorshasalsobeenstud-
ied in the theoreticalcomputerscienceliterature. Theal-
gorithm in [10] assumesthat the numberof errorshasa
known bound. Nevertheless,their algorithmis similar to
the one presentedhere,in the sensethat it minimizesat
eachstepan information-theoreticboundon the number
of futurecomparisons.Thealgorithmin [9] allows errors
to occur at randombut requiresthem to be independent
of thecomparisonandthetargetandfurthermoredoesnot
guaranteethat the target is found. Sowhile bothof these
algorithms run in provably logarithmic time, they also
operateundermorerestrictive conditionsthanstochastic-
comparisonsearch.

Thegeneralideaof maximizingtheexpectedinforma-
tion from a queryhasalso beenpursuedin the machine
learning literatureunder the name“Active Learning” or
“Learning with Queries”[4]. Active learningtechniques
have beenshown to significantlyoutperformsimpleprob-
ability rankingfor documentclassification[5]. We know
of no applicationof active learningtechniquesto database
retrieval.
2.3 Simultaneous comparisons

Bringing the problem even closer to reality, suppose
multiplecomparisonscanbemadeatonce.This is readily
handledby changingthecomparisonmodel.

For example,supposetheuserpickstheclosestelement
to � , say� 
 , fromasetof elements�&%'¡Q¡ � � . Thisisequiv-
alent to the � ;¢� individual comparisons“ �(�)� 
 �*�"! ������ � �*�"! ?” for £¤/ � ¡�¡ � , £�¥/ � . The probability of this
outcomeis denoted- �).A/ � 	 �&%'¡Q¡ � � � �"! .

If we assumethat all of the comparisonsare indepen-
dent,thenY[Z�¦@\_^e§[ced4fg¨(j kml �]� k ¦ nsr
t©fUª+«Z)¬­ ` Y{ced4fKh'j k ` nsk Z nJrCt (5)

whereO is anormalizingtermthatdependson �G%,¡�¡ � � and� .



Alternatively, generalizingtherule for onecomparison
leadsto thesoftmin:Y � � ®�¯ ��Zy¦°cedgfU¨�j k�l �y� k ¦ nsr
tuf �_�R�(cJ�±z|c}k ` nJrCts�²�Nt³ Z �_�R��cJ�±z|c}k Z nsr
ts�@�{t (6)

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

Now supposethe usercan pick multiple elements,as
in thePicHunter interface. If

�
elementsareselected,

this is equivalentto the
� ��� ; � ! individual comparisons

“ �(�)� 
 � �"! � ����� � � �"! ?” where � is any selectedelement
and £ is any unselectedelement. The probability of this
outcomeis denoted- �).F/�´ � %'¡Q¡ �[µ[¶ 	 �G%,¡�¡ � � �*�"! .

As before,onecanassumetheselectionsto beindepen-
dent: -(� � ���2· �).A/3´ � % ¡Q¡ � µ ¶ 	 � % ¡�¡ � � �*�"!T/O « � - �).A/ � � 	 � 
�¸ � �9¹ ��º � � �o»2¼��*� �*�"! (7)

where �½¹ �Rº � � �o»2¼��o� /¾´1�G%'¡�¡ � � ¶,¿ ´1� 
@À ¡�¡ � 
²Á ¶ . Theright-
handsidereducesto thepreviouscase.Oronecancompute
thethesoftminbetweenall Â � µ'Ã possibleselectionsof

�
el-

ements,wherethenumeratoris Ä@Å°ÆN� ; ³ � �(�)� 
²¸ �*�"! Ç,�©! .
It is anopenquestionhow to handle

� /0� , wherethe
userselectsno imagesat all. Theabove two modelsgive
thisactionaconstantprobability, independentof thetarget
andthechoices,whichmaybeundesirable.
2.4 Pseudocode

The“stochastic-comparisonsearch”algorithmfor com-
parisonsearchingor relevancefeedbackworksasfollows:

1. Find thechoices� % ¡�¡ � � whichminimize� �<;=- �)�>/?�&%@! ;iÈ@ÈqÈ�;�- ���?/>� � ! !CBD 
 798 - �)�E	 .>/ � !2: - �2.F/ � 	 �G%,¡�¡ � � ! (8)

where- �2.A/ � 	 �G%,¡�¡ � � !T/DJI - �2.A/ � 	 �G%,¡�¡ � � �*�?/>�U! - �)�K/?�4! (9)

and 798 - �)�"!2:N/ ; D I - ���?/>�U!������ - �)�>/?�4! (10)

This step is the crucial difference with previous
PicHunter algorithms.If theinterfaceallowsmul-
tiple selections,summingover all � would be pro-
hibitive. As an approximation,PicHunter only
sumsover single selections,which takes ÉÊ���H	 ��	 !
time. All experimentsin this paperusedthe bestof
sevenrandomchoicesfor �&%'¡Q¡ � � .

2. Get the user’s response. , i.e. performthe compar-
isons.

3. If theuserindicatesthatoneof �&%�¡�¡ � � is the target
thenstop.

4. Compute- �).Ê	 �&%'¡Q¡ � � � �"! for all potentialtargets� .

5. UseBayes’rule to updatethetargetdistribution:Y�c}r4fUk�j dCt�f Y{cedËj k l �]� k ¦ nsr4fUkGt Y{c}rÌfUkGtY{cedÍt (11)

Thelasttwo stepstake ÉÊ�b	 �Ì	 ! time.

6. Iteratebackto step1.

3 Simulation results
This section evaluates the Entropy criterion in

stochastic-comparisonsearchby comparing it to other
plausiblemethodsfor choosing� % ¡Q¡ � � :

Most Probable Let �&%,¡�¡ � � be the � itemswhich maxi-
mize - ���5/Î�4! . Ties areresolved randomly. This
algorithmwasusedin previouswork [2, 1].

Sampling Sample �&%'¡Q¡ � � from the distribution - ���Ï/�U! .
Query by Example Let �G%�¡Q¡ � � bethe � closestitemsto

the winnerof the last comparison.This is a favorite
approachin systemswithout relevancefeedback[3].
It doesnot exploit previous comparisonsor a model
of nondeterminism.

Theideais to simulateauser’sresponsesby samplingfrom
the stochasticcomparisonmodel. The databaseis syn-
thetic,consistingof pointsuniformly-distributedinsidethe
unit square.This allows databasesof varying sizesto be
easilydrawn. ThesimulatedusersusedtheEuclideandis-
tancemeasure.
3.1 Deterministic case

Figure 2 plots the empirical averagesearchtime for
findingarandomlyselectedtargetasafunctionof database
size, using the first threesearchstrategies. The number
of choices� wastwo. Comparisonoutcomesweregener-
atedby the - � ��� 
�� model.In all experiments,theaverageis
over 1000searches,eachwith a different target, and the
databasewas resampled10 times. We seethat the per-
formanceof thesethreeschemesis comparable,scaling
like �������H	 ��	 . In particular, the Entropy schemeis virtu-
ally optimal,with deviationsonly dueto a limited number
of MonteCarlosamples.

The Query-by-Examplemethodis quite different, as
shown in figure 3; notethe changein vertical scale. The
Query-by-Examplemethodis not exploiting comparison
informationverywell; its timescalesas 	 ��	 Ð²Ñ Ò . Of course,
thedifferencebetweenthefour schemescanbereducedby
increasing� or thedimensionality.
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Figure2: The numberof comparisonsneededto find an
element,for varying databasesizesandsearchstrategies.
Comparisonoutcomesweregeneratedaccordingto -(� ��� 
�� .The databasecontainsuniformly-distributedpointsinside
theunit square.

0

10

20

30

40

50

60

500 1000 1500 2000 2500 3000 3500 4000 4500 5000

N
um

be
r 

of
 c

om
pa

ris
on

sÓ

Database size

Query by Example
Entropy

Figure 3: Sameas figure 2 but including the Query-by-
Examplemethod.

3.2 Nondeterministic case
Figure 4 shows what happenswhen comparisonout-

comesaregeneratedby the - º �QÔ_Õ<Ö �Q� model,with ��/F�°¡ � .
Increasingthe databasesize causesthe unit squareto be
sampledmoreandmorefinely, while the distanceuncer-
taintythreshold� remainsthesame.Thusit ismuchharder
to isolatea particulartarget in a large databasethan in a
smallone,aswouldbetruein a realsituation.

Again, the SamplingandEntropy schemesaresimilar
in searchtime, which scaleslike a squareroot. However,
the fragility of theMost Probableschemeis evidenthere.
Figure5 alsorevealsa largediscrepancy in theQuery-by-
Examplescheme.

An explanationfor this is that the Most Probableand
Query-by-Exampleschemestend to chooseitems which
are close togetherin featurespace—exactly when com-
parisonsare most unreliable. Entropy-minimization, by
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Figure4: Herecomparisonoutcomesweregeneratedac-
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Figure 5: Sameas figure 4 but including the Query-by-
Examplemethod.

contrast,automaticallychoosescomparisonsfor whichan-
swersarereliable. The Most Probableschemealsodoes
notproperlyexploit broadandnonuniformdistributions,or
distributionswhicharemulti-modal.Furthermore,amulti-
modaldistributioncausesthisschemeto switchtodifferent
partsof the databasebetweeniterations,which is discon-
certingto a realuser.

4 Experimental results
Thissectioncomparesdifferentfeedbackschemeswith

realusersin animageretrieval setting.Thedatabasewasa
commercialcollectionof stockphotographs.We usedthe
1,500imagesfrom 15 thematicCDs of 100 imageseach:
baldeagles,air shows,Arabianhorses,LosAngeles,Israel,
Africa, flowers, the arctic, patterns,etc. This assortment
makesit easyto find a randomimageof flowersbut rather
difficult to find a specificimageof flowers,sincethereare
100of them.Eachimagewas128x192pixelswith 24 bits
of color.

To train themodel,asubjectwasshown two randomly-



selecteddatabaseimages �&%'�*� � beside a randomly-
selectedtarget � . The subjectwas asked to choosethe
imagethatwas“closestoverall” to thetarget.Thisyielded
3,681samplesover9 differentsubjects.

Thesystemassumedindependentcomparisons(-(� � ���2· )
generatedby - º ��ÔbÕ<Ö �Q� . Thedistancemetricwasaweighted
sumof distancesbasedonthe18imagefeaturesin [2] plus
keywordannotations[1]. The � parameterandthemixing
weightswerechosento approximatelymaximizethelike-
lihoodof thetrainingtrials.

A disjoint set of six subjectswas used for testing.
Here the numberof imagesper display was �$/�× and
userscouldselectmultiple images,exceptwhenusingthe
Query-by-Examplestrategy. The entropy-minimization
strategy wasnotimplementedatthetimesotheMostProb-
ablestrategy (section3) wasusedinstead.TheQuery-by-
Examplestrategy required33 inputsin average,while the
Most Probablestrategy required25. The full experiment
is describedin [8]. Basedon the resultsof the previous
section,theperformancedifferenceis expectedto increase
with a biggerdatabaseandmoreaccurateusermodel. As
this paperwent to press,a preliminary experimentwas
run with two subjectswhich placedentropy-minimization
aheadof bothof thesetwo strategies.

Simulationsonthisdatabasegivethesameperformance
ranking, with entropy-minimization best, which is intu-
itive in thefollowing way. WhenusingtheMost Probable
scheme(section3), thesystemgivestheimpressionof be-
ing smart,sinceit showsmany similar images,e.g.images
of aircraft. On the otherhand,the entropy-minimization
schemetriesto displayreasonablydiverseimages,e.g.air-
craft and eagles. For the purposeof minimizing search
time, thelatter is better, at theearlystagesof search.This
seemsobvious,but it contradictsthewidely-practicedbe-
lief thata systemshouldbejudgedon thebasisof a single
iterationof feedback.

On this database,thePicHunter algorithmrunswell
within interactive time. Thesloweststepis optimizingthe
display, which takesthreeseconds.

5 Conclusions
PicHunter introduceda relevance feedbackalgo-

rithm which incorporatedapredictivemodelof userinput.
Thiswork representstwo additionalinnovations:Ø A relevancefeedbackalgorithm which deliberately

minimizestheamountof feedback.Ø A quantitative, domain-independentanalysisof rele-
vancefeedbackalgorithms.

Thestochastic-comparisonsearchalgorithmcanbe in-
corporatedinto virtually any of the existing databasere-
trieval systems.One simply needsto be able to convert

a query result into a distribution over targets. Existing
systemsalreadymeasuredistancebetweendatabaseitems;
thesemeasurescan be pluggedinto the - º ��ÔbÕ<Ö �Q� model,
with the � parameterfitted to userinteractionlogs.

Thisrelevancefeedbackalgorithmis alsostrongenough
to beusedwithoutaquerylanguage.This is usefulfor do-
mainswherea querylanguagewould beawkwardor new
domainsfor which querylanguageshave not yet beende-
vised,e.g.textures,faces,artwork,3Dmodels,andsounds.
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