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ABSTRACT
Empirical modelingof a numberof different text searchengines
shows thatthescoredistributionsonaperquerybasismaybefitted
approximatelyusinganexponentialdistribution for thesetof non-
relevantdocumentsandanormaldistribution for thesetof relevant
documents.This modelfits not only probabilisticsearchengines
like INQUERY but alsovectorspacesearchengineslike SMART
andalso LSI searchengines. The modelalso appearsto be true
of searchenginesoperatingon a numberof different languages.
This leadsto thehypothesisthatall ’good’ text searchenginesop-
eratingon any languagehave similar characteristics.Thequestion
thenarisesasto whethertheshapeof thescoredistributionsreflects
someunderlyingmodelof languageor thesearchprocessitself. We
discusshow they arisegiven certainassumptionsaboutword dis-
tributionsin documents.

Wethenshow thatgivenaqueryfor whichrelevanceinformation
is not available,a mixturemodelconsistingof anexponentialand
a normaldistribution canbefitted to thescoredistribution. These
distributionscanbe usedto mapthe scoresof a searchengineto
probabilities.

This model hasmany possibleapplications. For example,the
outputsof differentsearchenginescanbecombinedby averaging
theprobabilities(optimal if thesearchenginesareindependent)or
by usingtheprobabilitiesto selectthebestenginefor eachquery.
Resultsshow thatthetechniqueperformsaswell asthebestcurrent
combinationtechniques.A numberof differentIR tasksmayben-
efit from scoremodelingincludingfiltering, multi-lingual retrieval
andrelevancefeedback.We alsodiscusspossiblefuture improve-
mentsto theprocessof scoremodeling.

1. INTRODUCTION
In the1960’sand70’s,Swets[10] andotherresearchersattempted

to modelthescoredistributionsof searchenginesfor relevantand
non-relevantdocumentsandthenusestatisticaldetectiontheoryto�
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find a thresholdto decidewhatwasrelevant. This approachseems
to nothavebeensuccessfulfor acoupleof reasons.First,thechoice
of the modelsseemsto have beenwrong; they assumedthat the
scoresof both the relevant andnon-relevant documentscould be
modeledusingGaussians.For example,vanRijsbergen[11] com-
mentedthatfor searchengineslike SMART therewasnoevidence
that the two distributionsweresimilarly distributedlet alonenor-
mally. Second,computingthesescoredistributionsrequiredknowl-
edgeof therelevanceof at leastsomesetof thedocuments.While
this may be reasonablefor a filtering task, in general,relevance
informationis notavailablefor mostinformationretrieval tasks.

Herewe discusshow scoredistributionsfor a given querymay
be modeledusing an exponentialdistribution for the set of non-
relevantdocumentsandanormaldistribution for thesetof relevant
documents.We further show that whenrelevanceinformation is
not available,thesedistributionscanberecoveredby fitting a mix-
ture modelwith a Gaussianandan exponentialcomponentto the
outputscoresof searchengineson a per querybasis. This novel
approachto scoremodelingis thenusedto mapthescoresto prob-
abilities usingBayes’Rule. Note that no training is requiredfor
thisapproachandin additionnoassumptionis madeonthekind of
searchengineused.Themodelhasbeenshown to work for a large
numberof searchengineson TREC-3 and TREC-4 datainclud-
ing probabilisticsearchengineslike INQUERY andvectorspace
searchengineslike SMART. This model hasalsobeenshown to
work for other engineslike the LSI searchengineand the score
distributionsof TREC-6INQUERY andSMART dataon Chinese.
To our knowledge,this is the first attemptat recovering the rele-
vantandnon-relevantdistributionswhenno relevanceinformation
is available.

We hypothesizethatall ’good’ text searchenginesoperatingon
any languagehave similar characteristics.This leadsto the ques-
tion of whetherthesescoredistributions reflect someunderlying
modelof languageitself. We discusshow the shapeof the score
distributionsarisegiven certainassumptionsaboutword distribu-
tionsin documents.

The probabilitiesof relevanceobtainedfrom this model have
many possibleapplications. For examplethresholdsfor filtering
may be selectedusing this approachor the probabilitiesmay be
usedto combinethe searchfrom many distributed databasesor
multi-lingual or multi-modaldatabases.Here,we briefly discuss
how we cancombinethe outputsof differentsearchengines(the
meta-searchproblem).for moredetailssee[6].

Therestof thepaperis dividedasfollows. Thenext sectiondis-
cussesrelatedwork. This is followedby Section3 whichdiscusses
the modelingof scoredistributions of relevant and non-relevant
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documentsand how thesedistributions may be recovered in the
absence� of relevanceinformationby usinga mixturemodel.Solv-
ing for the mixture modelusingExpectation-Maximization(EM)
is alsodiscussed.Finally, Bayes’Ruleis usedto mapthescoresto
probabilitiesof relevance.Section4 discussesthetheoreticalintu-
ition behindusingsuchmodels.Section5 discusseshow themodel
andtheprobabilitiesderivedfrom it canbeusedfor evidencecom-
bination. Section6 discussespossibilitiesof future work in this
area.Finally, Section6 concludesthepaper.

2. RELATED WORK
In relatedandindependentwork Arampatziset al [1] discussed

how therelevantscorescouldbemodeledusinga Gaussiandistri-
bution and the non-relevant scoresusingan exponentialdistribu-
tion. They appliedthis to selectingthe thresholddynamicallyfor
a filtering applicationwheretherelevanceof a smallsubsetof the
datais known aheadof time. Thissubsetcanthenbeusedto derive
the relevant andnon-relevant distributionsseparately. Zhangand
Callan [12] arguedthat the distribution recoveredby Arampatzis
et al werebiasedandsuggestedways to improve the estimation.
Wenotethatbothof thesepapersrequirerelevanceinformationfor
somesubsetof thedata.

For morediscussionsof relatedwork on previouswork onscore
modelingandoncombiningdifferentsearchenginessee[6]..

3. MODELING SCOREDISTRIB UTIONS OF
SEARCH ENGINES

In thissectionwedescribehow theoutputsof differentsearchen-
ginesweremodeledusingdatafrom the text retrieval conferences
(TREC).TRECdataprovidesthescoresandrelevanceinformation
for the top 1000documentsfor differentsearchengines.For the
experimentsheredatafrom the ad hoc track of the TREC-3and
TREC-4 for a numberof differentsearchengineswasused. We
will show examplesof the modelingon queriesfrom INQUERY
INQUERY is a probabilisticsearchenginefrom theUniversity of
Massachusetts,Amherst.

Thereare50 queriesavailablewith documentscoresandrele-
vanceinformation for eachquery. We examinethe relevant and
non-relevant dataseparately. Thedataarefirst normalizedso that
theminimumandmaximumscorefor a queryare0 and1 respec-
tively.

Figure1 showsahistogramof scoresfor query151from TREC-
3 for asetof non-relevantdocuments.Thehistogramclearlyshows
the rapid fall in the numberof non-relevant documentswith in-
creasingscore.A maximum-likelihoodfit of anexponentialcurve
to this datais also shown. For the purposesof fitting the expo-
nential,theorigin is shiftedto thedocumentwith thelowestscore.
Figure2 shows a histogramof scoresfor thesetof relevantdocu-
mentsfor the samequery. The histogramapproximatesa normal
distribution. Theplot alsoshows amaximum-likelihoodfit usinga
Gaussianwith mean0.466andvariance0.042.Theexponentialfit
previously obtainedfor thenon-relevantdocumentsis alsoplotted
in thefigure.

Thesameprocesswasrepeatedfor all 50queriesin thistrackand
in mostof thosecasesit wasfoundpossibleto fit thenon-relevant
datawith exponentialsandtherelevantdatausingGaussians.

Wehavesofarbeenableto fit parametricformsto thescoredis-
tributionsgivenrelevanceinformation.Whenrunninganew query,
however, relevanceinformationis not available. Clearly, it would
beusefulto fit thescoredistributionsof suchdata.A naturalwayto
dothis is to fit amixturemodelof ashiftedexponentialandaGaus-
sianto thecombinedscoredistribution. Thisapproachis discussed
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Figure1: Histogram and shifted exponentialfit to non-relevant
data for query 151INQUERY (inq101)

in thenext section.

3.1 Mixtur e Model Fit
Considerthe situationwherea query is run usinga searchen-

gine.Thesearchenginereturnsscoresbut thereis no relevancein-
formationavailable.Weshow below thatin thissituation,amixture
modelconsistingof anexponentialandaGaussianmaybefitted to
thescoredistributions.We canthenidentify theGaussianwith the
distribution of the relevant informationin themixture andtheex-
ponentialwith the distribution of the non-relevant information in
themixture.Essentiallythis allows usto find theparametersof the
relevantandnon-relevantdistributionswithout knowing relevance
informationapriori.

Thedensityof a mixturemodel �����	� canbewritten in termsof
thedensitiesof theindividual components������
 �
� asfollows: [2].

�����	�������������
��������
 �
� (1)

wherej identifiestheindividualcomponent,the �����
� areknown as
mixing parametersandsatisfy �������� �����
���! #"%$'&(�����
�)&� . In
thepresentcase,therearetwo components,anexponentialdensity
with mean*

������
  �����*,+.-0/1�324*5�	� (2)

anda Gaussiandensitywith mean6 andvariance7 �
������
 89���  : 8<;17 +.-0/1�32 ���=2>6�� �8<7 � � (3)

A standardapproachto finding the mixing parametersand the
parametersof thecomponentdensitiesis to useExpectationMax-
imization (EM) [2]. This is an iterative procedurewherethe Ex-
pectationandMaximizationstepsarealternated.Spaceprecludes
usfrom discussingthedetailsof theEM algorithmandtheupdate
equationsused.Thereaderis referredto [2] for agoodintroduction
to EM.

The procedureneedsan initial estimateof the componentden-
sitiesandmixing parameters.Giventhat, it rapidly convergesto a
solution. Using EM to fit the datagivesthe mixture fit shown in
Figure3. Thefigureplots themixturedensityaswell asthecom-
ponentdensitiesfor the exponentialandGaussianfits. For com-
parisonFigure 2 shows the exponentialand Gaussianfits to the
non-relevant andrelevant data. Comparingthe two figures,it ap-
pearsthat the strategy of interpretingthe Gaussiancomponentof
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themixturewith therelevantdistributionandtheexponentialcom-
ponent� of the mixture with the non-relevant distribution is a rea-
sonableone. We shouldnotethat thecorrespondencebetweenthe
mixturecomponentsandthefits to therelevant/non-relevantdatais
not alwaysasgoodasthatshown herebut in generalit is a reason-
ablefit.

This modelhasbeenfitted to a largenumberof searchengines
on TREC-3andTREC-4dataincludingprobabilisticengineslike
INQUERY andCITY anda vectorspaceengine(SMART) aswell
asBellcore’s LSI engine. The fit appearsto be betterfor “good”
searchengines(engineswith a higheraverageprecisionin TREC-
3) andworsefor thosewith a lower averageprecision.Themodel
hasalsobeenablefitted to documentscoresfor searcheson IN-
QUERY andSMART indexing a Chinesedatabase.
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Figure 2: Exponential fit to non-relevant data and Gaussianfit
to relevant data for query 151INQUERY (inq101)
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Figure 3: Mixtur e model fit showing exponential component,
Gaussiancomponentand the combinedmixtur e for query 151
INQUERY (inq101). Compare with Figure2

3.2 Computing Posterior Probabilities
UsingBayes’Ruleonecancomputetheprobabilityof relevance

giventhescoreas

?A@CBED.FHG I�J%K.BED.LNM ?A@OI�J%K.BPD9G BED�F�LQ?A@�BPD.FCL?A@OI�J%K.BED#G BED.FCLH?A@CBED�F�LSRT?A@�IUJ%K.BED9G V5K.V5BPD.FCLH?A@CVWK.VXBED.FCL
(4)

where����Y9Z�[3
 \P].^<Y9Z<� is theprobabilityof relevanceof thedocument
givenits score,���H\P].^<Y9ZS
 Y9Z�[�� and ���H\P].^<Y#Z0
 _	^<_1Y#Z�[�� aretheproba-
bilities of scoregiventhatthedocumentis relevantandscoregiven
thatthedocumentis non-relevantrespectively. P(rel)andP(nonrel)
aretheprior probabilitiesof relevanceandnon-relevance.

In ourmodel,���H\E]�^#Y#ZS
 Y9Z�[�� is givenby theGaussiancomponent
of themixturewhile ���H\E]�^#Y#ZS
 _1^<_	Y9Z�[�� is givenby theexponential
partof themixture.P(rel)andP(nonrel)maybeobtainedby using
themixing parameters.Thus, ����Y9Z�[3
 \P].^<Y#Z#� canbecomputedin a
simplemanner. Thereareanumberof considerationsin computing
theposteriorincludingmakingsurethatit ismonotonic.For further
detailssee[6]

3.3 Comments on Fitting Distrib utions and
Mixtur e Models

Thereis a largefamily of densitieswhichcouldpossiblyhavefit
the data. For example,the PoissonandGammadistributionsap-
proximatethe Gaussianfor appropriateparameterchoices.How-
ever, usinga Poisson/Poisson(non-relevant/relevant) or an expo-
nential/Poissoncombinationdid not fit thedatawell. On theother
hand,while an exponential/Gammafit the non-relevant and rele-
vantdatawhenseparatelyfitted,a mixturefit with exponentialand
Gammacomponentsdid not converge to the right answer. In this
casetheGammacomponentalsoconvergedto anexponential(the
exponentialdensityis aspecialcaseof theGammafunction).Thus
our choiceof distributions- exponentialfor the non-relevant and
Gaussianfor therelevant- is dictatedby theconsiderationthatthe
functionsfit thedatawell andby theconsiderationthatthey canbe
recoveredusingamixturemodelwhenrelevanceinformationis not
available.

4. SHAPE OF DISTRIB UTIONS
We will now attemptto give someinsight into the shapeof the

scoredistributions.
Givena term(or word) assumethat thedistribution of this term

in thesetof relevantdocumentsis givenby a Poissondistribution
with parameter*W` . Thatis,

��`a���	��� *Wb` +.-0/��324*W`E���c (5)

wherex is thenumberof timesthatthetermoccursin a particular
documentand ��`9���	� is theprobabilityof x occurrencesof theterm
in thesetof relevantdocuments.Also assumethat its distribution
in the setof non-relevant documentsis given by anotherPoisson
distributionwith theparameter*Wd andlet ��de���N� betheprobability
of x occurrencesof the termin thesetof non-relevantdocuments.
In general,* d will bemuchsmallerthan *W` .

Numerousattemptshavebeenmadeto modelworddistributions
in the past. Harter[4] useda mixture of 2 Poissonsto modelthe
distributionsof words in a document. Our model in this section
is closely relatedto his model. It hasbeenarguedby somere-
searchersthatthe2 Poissonmodelis notagoodapproximationand
thatotherdistributionslike thenegativebinomialarebettermodels
of thedistributionsof wordsin documents[8]. Sincewewouldlike
to fit a distribution to therelevantandanotherto thenon-relevant,
it is muchmoreconvenientfor us to assumethe2-Poissonmodel
here. Additionally, the main purposeof this sectionis to provide
someinsightandnota rigorousderivation.

Givena queryconsistingof 1 termandassumingthat thescore
given to a documentis proportionalto the numberof matching
words in the document,the distribution of the scoresof relevant
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documentsis thengivenby thePoissondistribution:

��`#���	��� *Wb` +.-0/e�324* ` ���c (6)

andthedistributionof thescoresof non-relevantdocuments��de���N�
is givenbyanotherPoissondistribution: Theactualscoresfor many
searchenginesis weightedby somefunctionof thetermfrequency
andtheinversedocumentfrequency. However, empiricalevidence
[3] shows thatthescoremaybereasonablyapproximatedasbeing
proportionalto thenumberof matchingwords.

For thesetof relevantdocuments,*W` will usuallybe large. For
large valuesof * , the Poissondistribution tendsto a normaldis-
tribution (seeFigure4). On the otherhandfor small valuesof * ,
the Poissondistribution will tend towardsa distribution which is
falling rapidly (seeFigure4). The shapeof thesecurves is con-
sistentwith theexperimentalmodelingof scoresfor TREC-3and
TREC-4data(seetheprevioussection).Theexperimentsshowed
us that the normaldistribution is a goodfit for the scoredistribu-
tions of the relevant data. For non-relevant data,the experiments
show that theexponentialdistribution is a goodfit. For small * d ,
thePoissondistributionshowsadecreasingdistribution. Although,
this is not thesameasanexponentialdistribution, it doeshave the
samegeneralshapeasanexponential(rapidmonotonicdecrease).
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It is muchharderto derive the scoredistributions if the query
consistsof two or moreterms.This is becausetheactualscoresof
searchenginesarecomplicatedfunctions.However, thereis empir-
ical evidencethat themajorcontribution to thescoresis provided
by the numberof matchingterms[3]. We alsonote that Robert-
sonandWalker [9] motivateda fhg 2>iQj g scoringfunctionfrom the
2-Poissonmodel. We assumefirst that thescoreis proportionalto
the numberof matchingwordsandprovide an intuitive argument
for querieswith two or more terms. For simplicity we will con-
siderthecasewherethequeryhasjust two termsbut theargument
appliesin general.In this casewe canassumethat the two terms
say“oil” and“spill” canbeclubbedtogetherto createasingleterm
- “oil spill”. Then the *W` (the averagefrequency of a term over
relevantdocuments)for joint occurrencesof this term“oil spill” is
muchlower thanthe * ` for either“oil” or “spill”. In otherwords
the chancesthat the terms“oil spill” occur togetheris much less
thanthatof finding “oil” or “spill”. Whenthequerycontainstwo
terms,it is reasonableto assumethat the * d (i.e. theaveragefre-
quency over non-relevant documents)doesnot changemuchasit

essentiallyreflectsthebackgroundprobabilitiesof theword.
ThePoissonmodelfor theshapeof therelevantandnon-relevant

distributionsthatwe have derivedappliesto bothprobabilisticen-
gineslike INQUERY andvectorspaceengineslike SMART. For
vector spaceenginesthe numberof matchingterms is given by
the dot productof two vectors- one representingthe query and
the otherthe document.Further, this model is languageindepen-
dent(aslong asword frequenciesin any languagehave anapprox-
imately 2-Poissonlike distribution). Thus,we predictthat a mix-
tureof exponentialandGaussiandistributionswill fit amuchlarger
classof text searchenginesoperatingondifferentlanguages.

5. COMBINING SEARCH ENGINES
Theposteriorprobabilitiesobtainedbyusingthemodeldiscussed

above hasmany possibleapplications.For examplethe probabil-
ities couldbeusedto selecta thresholdfor filtering documentsor
for combiningtheoutputsin distributedretrieval. Herewe discuss
onepossibleapplicationwhich involvescombiningtheoutputsof
differentsearchenginesona commondatabaseto improve results.

Someapproachesto combiningscoredistributionshave focused
on normalizingthe rangeof the scoresandthencombiningthem
by simpletechniqueslike linearcombinationor by takingthemin-
imumandmaximumscores.However, a simple(linear)rangenor-
malizationdoesnot take into accounttheactualdistribution of the
scores.
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Thereare a numberof possibleways the probabilitiescan be
usedto combinethe searchengines.We proposetwo alternative
schemesfor combination.Thefirst involvesaveragingtheprobabil-
ities. This is optimalin thesenseof minimizing theBayes’errorif
thesearchenginesareindependent.Of coursetheoutputsof search
enginesarenot necessarilyindependent.In the following discus-
sions,dataaretakenfrom TREC-3,INQUERY andSMART arethe
individual enginesto be combined,META200 denotescombina-
tion by averagingtheposteriorsobtainedusingthemixturemodel,
while META900 denotesthecombinationby averagingtheposte-
rior probabilitiesusingtheGaussianandexponentialfits assuming
relevanceis given. Thus,any differencebetweenMETA200 and
META900 is causedby the errorsin performinga mixture fit to
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themodel.LEE denotesLee’sCOMBMNZ [5] techniquewhich is
oneofl thebestadhoc(in thesenseof beingempiricallymotivated)
techniquesaround.LEE’stechniqueinvolvesnormalizingthesocre
of eachengineon a perquerybasis.Thescoreof eachdocument
in the combinationis then obtainedby multiplying this sum by
the numberof engineswhich hadnon-zeroscores(COMBMNZ).
COMBMNZ is equivalentto weightedaveraging.Themanualen-
gine selectiontechniqueinvolvesselectingthe bestengine(s)and
discardingthe worst engine(s)on a per querybasisusingthe av-
erageprecisionfor that query. Manualengineselectionprovides
an indicationof thebestcombinationresultwe canachieve. Note
thatbothMETA900andmanualengineselectionrequirerelevance
informationandareonly plottedto provide a baselinefor under-
standingthelimits of combination.

Figure5 shows recall-precisionplots for combiningINQUERY
andSMART on TREC-3data.Precisionis definedasthefraction
of retrieveddocumentswhich arerelevantwhile recall is the frac-
tion of relevantdocumentswhich have beenretrieved. Therecall-
precisiongraphis usuallycreatedby averagingover acertainnum-
berof queries- in thiscase50. As thefigureshowsMETA200per-
formsconsiderablybetterthaneitherINQUERY andSMART - in
factabout6%betterthanINQUERY and13%betterthanSMART.
LEE is slightly better(about1%) thanMETA200 althoughthedif-
ferenceis notsignificant.META900hasanaverageprecisionabout
10%betterthanINQUERY andclearlyperformsbetterthaneither
META200 or LEE’s implying that if the mixture fit could be im-
proved the techniquewould performeven better. Finally, the plot
for manualengineselectionclearly indicatesthatboth META200
and LEE’s are close to obtaining the bestperformancepossible
from combination.

Figure6 describescombinationresultsfor the top five engines
in TREC-3. The x-axis is thenumberof enginescombinedwhile
they-axis is theaverageprecision.As theplot clearlyshows com-
binationclearly improvestheresults.Therearefour graphsin the
figure. The first curve is the averageprecisionof the individual
searchengines. The secondplot META200 shows the combina-
tion methodappliedto 1, 2, 3, 4 or 5 engines.As canbe clearly
seenthereis a considerableimprovementover usingeventhebest
searchengineandoverall the improvementseemsto increasewith
the numberof searchenginescombined.With the top 2 engines,
META200 shows an improvementof 6% over the bestsingleen-
gine andusing the top 3 engines,META200 shows an improve-
mentof almost12%. LEE’s COMBMNZ techniqueis alsoshown
in the samegraph. It’ s averageprecisionis seento be slightly
worsethanMETA200 but the differenceis not really significant.
TheperformanceobtainedusingMETA900 (i.e. combinationwith
the posteriorprobabilitiesobtainedwith relevanceinformation)is
15%betterthanthebestsingleengine.Again this indicatesthat if
themixturefit wereimprovedwe coulddoevenbetter.

This approachto combinationworks for other enginesandon
documentsoperatingonotherlanguages.For moredetailssee[6].

5.1 Automatic EngineSelection
Searchenginesdonotperformconsistentlyfor everyquery. Thus,

for somequeriesdiscardingtheresultsof aparticularenginemight
actually improve the combination. The manualengineselection
strategy actually doesthis. If we could figure out how to select
theenginesautomatically, we might beableto achieve betterper-
formancethanusingjust the average.In particularwhenthe per-
formanceof onesearchengineis muchworsethanthe other, av-
eragingis not necessarilythe beststrategy (see[6]). The ability
to modelandcomputethe relevant andnon-relevant distributions
allows usto developtechniquesto automaticallyselectengineson
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Figure 6: Recall precisiongraphs for combining the best five
techniquesfr om TREC-3.

a perquerybasis.A numberof differentapproachescanbe tried.
Spaceprecludesus from discussingthe details(see[6]. We give
below the averageprecisionnumbersfor different approachesto
combiningthe resultsfrom INQUERY andSMART on TREC-3.
searchengines. Note that automaticengineselectionis the best
automatictechnique,althoughthe differencesbetweenit, Lee’s
andMETA200 areprobablynot significant. INQUERY - 0.3659,
SMART - 0.3419,META200 - 0.3876LEE - 0.3915,Automatic
Engineselection- 0.3968,META900 0.4047ManualEngineSe-
lection- 0.4144

5.2 Discussionof Combination Results
The resultsabove show that the mixture modelingperformsas

well as the bestcurrenttechniques(LEE) available for combina-
tion. There is scopefor a slight improvementin estimatingthe
mixture parametersaswell usingthat for obtainingbettercombi-
nation.Of courseit is alsoclearthatwe areapproachingthelimits
of thebestperformancewe canachieve.

Themodelfor combinationproposedhereis moreintuitively sat-
isfying for a numberof reasons.First, it combinesenginesin a
naturalway usingprobabilitiesand is thereforeeasierto explain.
Second,it indicateswhereimprovementscan be madefor better
performance.Third, thesametechniquemaybeusedfor combin-
ing multi-lingual engines. It will alsoextend to multi-modalen-
ginesprovided thedistributionsof scoresbehave in a similar way
for searchenginesindexing othermedia.

6. WHITHER SCOREMODELING
Themodelfor scoredistributionsleadsto a numberof interest-

ing questionsandpossiblefutureapplicationsandextensionsof the
technique.

Thefirst interestingpoint to noteis thelargenumberof different
searchengineswhichseemto have similar scoredistributions.It is
not obvious that this shouldbe thecase.For example,therearea
largeclassof functionswhich couldchangethescoredistribution
without changingthe actualdocumentrankings. This leadsus to
believe thattheform of thescoredistributionsis intimatelyrelated
to the distributionsof terms(words) in languages.We have intu-
itively justifiedtheform of thescoredistributionsfrom atwo Pois-
sonmodelfor word distributions.However, a moreformal deriva-
tion from eitheraPoissonmodelor amoreaccuratemodelof word
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distributions(sayanegativebinomialdistribution)wouldbeuseful.
Then assumptionthat the relevant andnon-relevant distributions

aregiven by a Gaussianandan exponentialareonly approxima-
tions. Thereare probablybettermodelsaroundand it would be
interestingto find these. The useof any suchmodelsmust take
into accountwhetherthey canbe recoveredfrom a mixture when
relevanceinformationis not available.Thus,for examplewe have
noticedthatthegammadistributiondid fit theseparaterelevantand
non-relevant distributions betterbut the mixture model approach
did notwork whenamixtureof two gammadistributionswasused.

We notethatthedistributionsobtainedfrom theEM basedmix-
turemodelsarenot identicalto thoseobtainedwhencompleterel-
evanceinformationis available. Further, the resultsof combining
searchenginesusingtheEM basedmixturemodelarealsonot as
accurateas thoseobtainedwhen completerelevanceinformation
is available. This suggeststhat thereis room for improvementin
the EM basedmixture modeling. It alsosuggeststhe possibility
of usingpartial relevanceinformation(asin relevancefeedbackor
evenfiltering) to improve themixturemodeling.In fact,relevance
feedbackmayfit naturallyinto this model.

In the caseof combination,one surprisingresult is that Lee’s
technique(basedon normalizingand weightedaveragingof the
scores)performsaswell asit does.Lee’s techniquewasproposed
on heuristicgrounds.But its performanceleadsoneto suspectthat
it actuallyapproximatesa moreformal combinationtechniqueand
it would be interestingto seeif we canderive a moreprincipled
approachto Lee’s technique.

Thescoremodelingwork canbeappliedto a numberof differ-
entareasbesidesthemeta-searchingof a singledatabaseproposed
in our SIGIR paper. An obvious extensionis to the problemof
combiningresultsfrom multiple searchengineswhich may oper-
ate on different databases.It is not completelyobvious that the
resultswill improve in this case. For example,oneof the expla-
nationsprovidedfor theefficacy of Lee’s techniqueis that it tends
to promotethosedocumentswhicharereturnedby multiple search
engines.Whenthe databasesaredifferent, the samedocumentis
unlikely to bepresentin multiple databasesandhencetheefficacy
of theproposedcombinationtechniquein suchcasesis unknown.

Otherextensionscould include the applicationto oneor more
databasesin different languages.Multi-lingual retrieval often in-
volvesusingthesamequeryin multiplelanguagesto searchdatabases
in different languages.A commonproblemin suchsituationsis
how theranksoutputfor searchenginesoperatingon differentlan-
guagesshouldbecombinedandtheredoesnotseemto besolution
which is satisfactory. Scoremodelingcouldallow usto convert the
scoresof eachsearchengineto a probabilityandthencombinethe
probabilities.Theprobabilitiescanbecombinedin a morenatural
way Wehopeto do someexperimentsin thenearfutureto testthis
hypothesis.

Recently[1, 12] scoremodelinghasbeenappliedto selectfilter-
ing thresholds.However, thiswork hasbeendonewithoutusingthe
mixturemodelingapproach- i.e. theGaussianandexponentialdis-
tributionsareobtainedusingrelevanceinformationon a subsetof
thedata.It maybeworthexaminingwhetherthemixturemodeling
would improve theresults.

Anotherinterestingquestionthatcomesto mindis whetherthese
modelsalsofit searchenginesoperatingonothermedia.Thisneeds
to betested.If true, it could leadto oneway of combiningmulti-
mediaenginesfor multi-modalretrieval.

7. CONCLUSION
We have demonstratedhow to modelthescoredistributionsof a

numberof text searchengines.Specifically, it wasshown empiri-

cally thatthescoredistributionson a perquerybasismaybefitted
usinganexponentialdistribution for thesetof non-relevant docu-
mentsanda normaldistribution for thesetof relevantdocuments.

It wasthenshown thatgivena queryfor which relevanceinfor-
mationis not available,a mixturemodelconsistingof anexponen-
tial andanormaldistributionmaybefittedto thescoredistribution.
Thesedistributionswereusedto mapthescoresof a searchengine
to probabilities.

Themodelof scoredistributionswasusedto combinetheresults
from differentsearchenginesto produceameta-searchengine.The
resultsweresubstantiallybetterthaneithersearchengineprovided
no“searchengine”performedreallypoorly. Differentcombination
techniqueswereproposedincludingaveragingtheposteriorprob-
abilities of the differentenginesaswell asusingthe probabilities
anddistributionsto selectively discardsomeenginesonaperquery
basis.

Futurework will includeattemptsto furtherimprove themodel-
ing for betterperformance.Otherpossibleapplicationsof modeling
scoredistributionslike filtering will alsobeexamined.Finally we
will alsoexaminethepossibilitythatsearchenginesindexing other
medialike imagescanalsobemodeledin thesameway.
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