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ABSTRACT
In this paperthescoredistributionsof a numberof text searchen-
ginesare modeled. It is shown empirically that the scoredistri-
butions on a per query basismay be fitted using an exponential
distributionfor thesetof non-relevantdocumentsandanormaldis-
tribution for thesetof relevantdocuments.Experimentsshow that
thismodelfits TREC-3andTREC-4datafor notonly probabilistic
searchengineslikeINQUERY but alsovectorspacesearchengines
like SMART for English. We have alsousedthis modelto fit the
outputof othersearchengineslike LSI searchenginesandsearch
enginesindexing otherlanguageslike Chinese.

It is then shown that given a query for which relevanceinfor-
mationis notavailable,a mixturemodelconsistingof anexponen-
tial anda normaldistributioncanbefitted to thescoredistribution.
Thesedistributionscanbeusedto mapthescoresof asearchengine
to probabilities.We alsodiscusshow theshapeof thescoredistri-
butionsarisegivencertainassumptionsaboutworddistributionsin
documents.We hypothesizethatall ’good’ text searchenginesop-
eratingon any languagehave similar characteristics.

This model hasmany possibleapplications. For example,the
outputsof differentsearchenginescanbecombinedby averaging
theprobabilities(optimal if thesearchenginesareindependent)or
by usingtheprobabilitiesto selectthebestenginefor eachquery.
Resultsshow thatthetechniqueperformsaswell asthebestcurrent
combinationtechniques.
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1. INTRODUCTION
In thispaperwemodelscoredistributionsof text searchengines

usinga novel approach.We first show that thescoredistributions
for agivenquerymaybemodeledusinganexponentialdistribution
for thesetof non-relevantdocumentsanda normaldistribution for
thesetof relevantdocuments.Wefurthershow thatwhenrelevance
informationis notavailable,thesedistributionscanberecoveredby
fitting a mixture modelwith a Gaussianandan exponentialcom-
ponentto the outputscoresof searchengineson a per queryba-
sis.This novel approachto scoremodelingis thenusedto mapthe
scoresto probabilitiesusingBayes’Rule. Note thatno training is
requiredfor thisapproachandin additionnoassumptionismadeon
thekind of searchengineused.Themodelhasbeenshown to work
for a largenumberof searchenginesonTREC-3andTREC-4data
including probabilisticsearchengineslike INQUERY andvector
spacesearchengineslikeSMART. Thismodelhasalsobeenshown
to work for otherengineslike theLSI searchengineandthescore
distributionsof TREC-6INQUERY andSMART dataon Chinese.
To our knowledge,this is the first attemptat recovering the rele-
vantandnon-relevantdistributionswhenno relevanceinformation
is available.

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-modal databases.Here, we will focus on
usingthemto combinetheoutputsof differentsearchengines(the
meta-searchproblem).

Mostcombinationmethodsproposedin theliteraturearead-hoc
in natureandoften involve the linear combinationof scores[6].
This is unsatisfactoryasscoresfrom differentsearchenginescan
bevery differentsincethey areoftentheresultof computingsome
metric(or non-metric)distanceover setsof features.Both thedis-
tanceand the featuresmay vary from engineto engine. In fact
even the distributionsof scoresof differentsearchenginescould
vary widely - for example,the scoresof relevant documentsmay
beclumpedtogetherfor oneenginewhile for thoseof a seconden-
ginemaybedistributedin a muchmoreuniform manner. A linear
combinationof resultsin suchcasescould leadto misleadingre-
sults. The problemis moreacutewhensearchenginesoperating
on differentmediahave to be combinedfor thenthe scoresreally



meandifferentthings.
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approachproposedhereallows us to combinethe outputs
of searchenginesusing the probabilitiesderived from the model
of scoredistributions.In this paperwe examinetwo approachesto
combination.The first involvesaveragingthe probabilitieswhich
is optimalin thesenseof minimizing theBayes’errorif thesearch
enginesaretreatedasindependentclassifiers[18]. Thesecondap-
proachinvolves using the probabilitiesto discard“bad” engines
while keepingthe“good” ones.We show thatthecombinationap-
proachesproposedusing thesetechniquesdo as well as the best
combinationtechniquesproposedin theliterature.In addition,our
techniqueis lessad-hocandeasierto justify. The techniquecan
alsobeextendedto multi-lingualandmulti-modalcombination.

The restof thepaperis dividedasfollows. Section2 discusses
prior work in modelingscoredistributionsaswell as in the area
of combination.This is followedby Section3 which discussesthe
modelingof scoredistributionsof relevantandnon-relevantdocu-
mentsandhow thesedistributionsmayberecoveredin theabsence
of relevanceinformationby usinga mixture model. Solving for
the mixture model usingExpectation-Maximization(EM) is also
discussed.Finally, Bayes’Rule is usedto mapthescoresto prob-
abilities of relevance.Section4 discussesthe theoreticalintuition
behindusingsuchmodels.Section5 discusseshow themodeland
theprobabilitiesderivedfrom it canbeusedfor evidencecombina-
tion. Finally, Section6 concludesthepaper.

2. PRIOR WORK
Note that it is not obvious that the non-relevant datashouldbe

fitted with an exponentialand the relevant datawith a Gaussian.
A numberof researchersin the 60’s and70’s startingwith Swets
[17] proposedfitting both therelevantandnon-relevantscoresus-
ing normaldistributionsandthenusingstatisticaldecisiontheory
to find a thresholdfor decidingwhat wasrelevant. Bookstein[3]
pointedout that Swetsimplicitly relied on an equalvarianceas-
sumption. Booksteinalsoraisedthe issueof whetherit might be
moreappropriateto modelthe scoredistributionsusingPoissons.
This modelingdoesnot appearto have beendone.vanRijsbergen
[19] commentedthatfor searchengineslike SMART therewasno
evidencethat the distributionsweresimilarly distributedlet alone
normally. We observe herethattheempiricaldatafor a largenum-
ber of searchenginesclearly shows that the two distributionsare
not similar. All of theprevious work hereassumesthat relevance
information is available. To our knowledge,thereis no literature
on recovering the relevantandnon-relevant distributionswhenno
relevanceinformationis availableandoursis thefirst attemptto do
this.

A recentandextensive survey of evidencecombinationin infor-
mationretrieval is provided by Croft [6]. TumerandGhosh[18]
discusspastwork in a relatedarea- thecombinationof classifiers.
They show that for classifierswhich arestatisticallyindependent,
theoptimalcombinationis obtainedby averagingtheprobabilities.
They defineoptimality asequivalentto minimizing theBayes’er-
ror.

Fox andShaw [9] proposedanumberof combinationtechniques
includingoperatorslike theMIN andtheMAX. Othertechniques
includedonethat involved settingthe scoreof eachdocumentin
thecombinationto thesumof thescoresobtainedby theindividual
searchengines(COMBSUM), while in anotherthe scoreof each
documentwasobtainedby multiplying this sumby thenumberof
engineswhich hadnon-zeroscores(COMBMNZ). Notethatsum-
ming (COMBSUM) is equivalentto averagingwhile COMBMNZ
is equivalentto weightedaveraging.Lee [12, 13] studiedthis fur-
therwith six differentengines.His contribution wasto normalize

eachengineon a per querybasisimproving resultssubstantially.
Lee showed that COMBMNZ worked best,followed by COMB-
SUM while operatorslikeMIN andMAX weretheworst.Leealso
observed that the bestcombinationswereobtainedwhensystems
retrieved similar setsof relevant documentsanddissimilarsetsof
non-relevant documents.Vogt andCottrell [20] alsoverified this
observation by looking at pairwisecombinationsof systems. A
probabilisticapproachusingranksratherthanscoreswasproposed
last year by Aslam and Montague[1]. This involved extensive
trainingacrossabout25 queriesto obtaintheprobabilityof a rank
givena query. Their resultsfor TREC-3werecloseto but slightly
worsethanLee’s COMBMNZ technique1. Aslam andMontague
wereableto demonstratethat rank informationalonecanbe used
to producegoodcombinationresults.Themaindifficulty with this
techniqueseemsto be theextensive trainingrequiredof every en-
gineon a substantialnumberof queries.

A numberof peoplehave alsolookedat theproblemof combin-
ingoutputsof systemswhichsearchoverlappingordisjointdatabases.
Voorheeset al [21] experimentedwith combinationusinga setof
learnedweights. Callan [4] gave a value to eachdatabase.He
showed that weighting the scoresby this value wassubstantially
betterthaninterleaving ranks. Someresearchershave alsoinves-
tigatedthe notion of combiningsearchenginesover multiple me-
dia. QBIC [8] combinedscoresfrom different imagetechniques
usinglinearcombination.Fagin[7] usedstandardlogicaloperators
like MIN andMAX to combinescoresin a multimediadatabase.
However, Lee’s experimentsshowed (at leastfor text) that these
operatorsperformsignificantlyworsethanaveraging).

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
andSMART from TREC-3. INQUERY is a probabilisticsearch
enginefrom theUniversityof Massachusetts,Amherstwhile Smart
is avectorspaceenginefrom CornellUniversity.

Our modelingbegins with TREC-3datafor INQUERY. There
are50 queriesavailablewith documentscoresandrelevanceinfor-
mationfor eachquery. We examinethe relevant andnon-relevant
dataseparately. Thedataarefirst normalizedsothattheminimum
andmaximumscorefor a queryare0 and1 respectively. Figure
1 shows a histogramof scoresfor query151from TREC-3for the
relevant data. The histogramapproximatesa normaldistribution.
The plot also shows a maximum-likelihood fit using a Gaussian
with mean0.466andvariance0.042.Themaximum-likelihoodfit
involvessettingthemeanandvarianceof theGaussianto thesam-
ple meanand samplevariancerespectively of the data[2]. The
Kolmogorov-Smirnov (KS) test for significancesshows that we
cannoteliminatethenull hypothesisthatthedistribution is aGaus-
sian.In otherwords,a Gaussianis not inconsistentwith thedata.

Figure2 shows a histogramof scoresfor thesetof non-relevant
documentsfor the samequery. The histogramclearly shows the
rapidfall in thenumberof non-relevantdocumentswith increasing
score. A maximum-likelihood fit of an exponentialcurve to this
datais alsoshown. For thepurposesof fitting theexponential,the
origin is shiftedto the documentwith the lowestscore. It canbe�
Thegraphfor Lee’s techniquein [1] is incorrect.
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Figure1: Histogram and Gaussianfit to relevant data for query
151INQUERY (inq101)

shown thatthemaximum-likelihoodfor anexponentialis obtained
by settingthe meanof the exponentialto the samplemeanof the
data[2].
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Figure2: Histogram and shifted exponentialfit to non-relevant
data for query 151INQUERY (inq101)

Thesameprocesswasrepeatedfor all 50queriesin thistrackand
in mostof thosecasesit wasfoundpossibleto fit thenon-relevant
datawith exponentialsandtherelevantdatausingGaussians.The
relevant datacanbe fitted with a Gaussianreasonablywell when
thereis a sufficient numberof relevant documents.Usually more
than 60 relevant documentswere needed. When the numberof
relevantdocumentswassmall,thefit wasbad.However, webelieve
this is notbecausetheGaussianwasa badfit but becausewedon’t
have enoughrelevantdocumentsto computethestatisticsin these
cases.Theexponentialwasalsoagoodfit to thenon-relevantdata.

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
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
the densitiesof the individual components������� �	 asfollows: [2,
14]

�����
	������������	�������� �	 (1)

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

������� �*	���),+.-0/
�213)4�
	 (2)

anda Gaussiandensitywith mean5 andvariance6 �
������� 78	�� �9 7":;6 +.-0/
�21 ���<1=5�	 �7*6 � 	 (3)

A standardapproachto finding the mixing parametersand the
parametersof thecomponentdensitiesis to useExpectationMax-
imization (EM) [2, 14]. This is an iterative procedurewherethe
ExpectationandMaximizationstepsarealternated.

The EM procedureleadsto the following updateequationsfor
theparameters:

5?>"@2A � � > �CB$DFEG�H70� � > 	I� >� > � B$DFE �H7J� � > 	 (4)

��6 >K@2A 	 � � � > � B$DFE �H70� � > 	.�L� � > 1M5 >"@2A �L� �� > � B$DFE �H7J� � > 	 (5)

) >K@NA � � > � B$DFE �2�G� � > 	� > � B$DFE �2�8� � > 	I� > (6)

�����	 >"@2A � �O �
>
� BPDFE ��Q� �
	 (7)

The procedureneedsan initial estimateof the componentden-
sitiesandmixing parameters.Given that, it rapidly convergesto
a solution. Using EM to fit the datagives the mixture fit shown
in Figure 4. The figure plots the mixture densityas well as the
componentdensitiesfor theexponentialandGaussianfits. Thead-
jacentfigure(Figure3) shows theexponentialandGaussianfits to
the non-relevant andrelevant data. Comparingthe two figures,it
appearsthat the strategy of interpretingthe Gaussiancomponent
of the mixture with the relevant distribution and the exponential
componentof the mixture with the non-relevant distribution is a
reasonableone. We shouldnotethat the correspondencebetween
the mixture componentsand the fits to the relevant/non-relevant
datais not alwaysasgoodasthatshown herebut in generalit is a
reasonablefit.

The sametechniquewasusedto modelthe resultof query151
for the Cornell Smartvector spaceengine. Similar resultswere
obtainedasshown in Figures5 and6.

This modelhasbeenfitted to a largenumberof searchengines
on TREC-3andTREC-4dataincluding probabilisticengineslike
INQUERY andCITY anda vectorspaceengine(SMART) aswell
asBellcore’s LSI engine. The fit appearsto be betterfor “good”



searchengines(engineswith a higheraverageprecisionin TREC-
3) andR worsefor thosewith a lower averageprecision.Themodel
hasalsobeenablefitted to documentscoresfor searcheson IN-
QUERY andSMART indexing a Chinesedatabase.
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Figure 3: Exponential fit to non-relevant data and Gaussianfit
to relevant data for query 151INQUERY (inq101)
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Figure 4: Mixtur e model fit showing exponential component,
Gaussiancomponentand the combinedmixtur e for query 151
INQUERY (inq101). Compare with Figure3

3.2 Computing Posterior Probabilities
UsingBayes’Ruleonecancomputetheprobabilityof relevance

giventhescoreas

SUT�VXWXYHZ [P\$]XVXWX^`_ SUTa[P\$]XV.W8Z VXW.Yb^cSUTbV.WXY�^SUTa[P\$]XVXWKZ VXWXY�^HSUT�VXW.Yb^�deSUT�[$\$]XVXW8Z fJ]Xf4V.WXY�^HSUT�f4]XfJVXWXY�^
(8)

where����gKh�i2� jXk.l*g"hK	 is theprobabilityof relevanceof thedocument
givenits score,���HjXk.l*g"h0� g"h�ic	 and ���Hjmk�l"g"h�� n
l*n;gKh�ic	 aretheproba-
bilities of scoregiventhatthedocumentis relevantandscoregiven
thatthedocumentis non-relevantrespectively. P(rel)andP(nonrel)
aretheprior probabilitiesof relevanceandnon-relevance.

In ourmodel, ���HjXk.l*gKh�� g"h*i�	 is givenby theGaussiancomponent
of themixturewhile ���HjXk.l*gKh�� n;l"n;g"h�ic	 is givenby theexponential
partof themixture.P(rel)andP(nonrel)maybeobtainedby using
themixing parameters.Thus, ����g"h*iN� jXk�l"g"h"	 canbecomputedin a
simplemanner.
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Figure 5: Exponential fit to non-relevant data and Gaussianfit
to relevant data for query 151SMART (crnlea).
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Figure 6: Mixtur e model fit showing exponential component,
Gaussiancomponentand the combinedmixtur e for query 151
SMART (crnlea). Compare with Figure5

Figure7 shows the posteriorprobability obtainedfor SMART
for query164usingthefits shown in Figures5 and6. Thefigure
shows theposteriorprobabilitiesobtainedfrom theseparateGaus-
sianandexponentialfits when relevanceinformation is available
andalsotheposteriorprobabilitiesobtainedfrom theGaussianand
exponentialpartof themixture.P(rel)andP(nonrel)aretakento be
themixing parametersin this case.Notethatthedifferencesin the
two curvesreflectfitting errorsboth for the mixture fit aswell as
theseparateGaussianandexponentialfits obtainedwhenrelevance
informationis available.

In generalwe expect the posteriorprobabilitiesto be a mono-
tonic function of the score. In otherwordsasthe scoreincreases
soshouldtheposteriorprobability. In somecaseswe mayhave the
situationdepictedin Figure8 wheretheposteriorseemsto decrease
with increasingscores.Thefiguredepictstheposteriorprobabili-
tiesfor INQUERY for query154usingTREC-3data.Thissituation
arisesbecausethe Gaussiandensityfalls muchmorerapidly than
the exponentialandhencethe two densitiesintersecttwice. Note
that in this casetheposteriorprobabilitiesobtainedboth from the
mixturefit (no relevanceinformationavailable)aswell asthatob-
tainedusingrelevancedatashow thisproblem.Onesolutionwould
benot to usea Gaussiandensitybut to useanotherfunctionwhich
hasthe sameform (like a Gammadistribution) but decreasesless
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Figure8: Posterior probability for query 154for the INQUERY
enginefor TREC-3 data. The bold dotted line is obtained fr om
the separateGaussianand exponentialfits computedusingrel-
evanceinformation. The solid line is obtainedfr om the mixtur e
fits. The dotted line joins the maximum point of the mixtur e to
the point(1,1). The final posterior mapping followsthesolid line
up to the maximum point and then the straight line curve thus
preserving monotonicity

rapidly. As we discussbelow the problemwith this approachis
thatthemixturemodeldoesnot convergeto a reasonablesolution.
Insteadweforcetheposteriorprobabilityto bemonotonicby draw-
ing astraightline from thepointwheretheposterioris maximumto
thepoint (1,1).Thefinal posteriorprobabilitycurve is givenby the
portionof theposteriorprobabilitycomputedusingBayes’rule up
to themaximumportionof thecurveandthestraightline thereafter.

Wehave assumedthatthepriorsP(rel)andP(nonrel)maybees-
timatedusingthemixing parameters.Whentherearefew relevant
documentsthemixing parametersprovide a poorerestimateof the
priors. In a normalretrieval the numberof relevant documentsis
small and henceestimatesof the mixing parametersare lessac-
curate. Extensive experimentshave shown that P(nonrel)is best
estimatedusingthe following procedure.Let P(1) be the mixing
parametercorrespondingto theexponential.Then

����n;l"n;g"h�ic	��qp ���2��	srNtu���2�*	v%'#0w x#�w x l*y2z4h�g*{,rNjmh (9)

andP(rel)= 1 - P(nonrel).This approachto estimatingthepriors
improvesthe averageprecisionresultsslightly whenwe combine
results.

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.

Likeany non-linearequationsolver, EM mayfind solutionsaris-
ing from local maximaandis sometimessensitive to initial condi-
tions [14]. Differentapproachesto picking initial conditionswere
tried.

1. Thefirst involvedpicking arbitraryinitial conditions.

2. A secondapproachinvolved fitting an initial exponentialto
all thedocumentscores(relevantandnon-relevant). This is
reasonablesincetherearefar morenon-relevant documents
thanrelevantdocuments.Thus,thedistributionof thescores
of thecombineddocumentsessentiallyresemblesthatof the
of scoresof thenon-relevantdocumentsi.e. its anexponen-
tial. Scoresof documentswhichdonotfit theexponentialare
removedandfitted with a separateGaussian.Theexponen-
tial andGaussianprovide initial estimatesof theparameters.

Somesensitivity to initial conditionswasnoticedbut usually for
the poorersearchengines(searchenginesmuchlower down in a
TREC-3rankingby averageprecision).

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)Q| . Thatis,

��|8���
	�� )Q}| +.-0/��213)Q|�	��~ (10)

wherex is thenumberof timesthatthetermoccursin a particular
documentand ��|K���
	 is theprobabilityof x occurrencesof theterm
in thesetof relevantdocuments.Also assumethat its distribution
in the setof non-relevant documentsis given by anotherPoisson
distributionwith theparameter) > . Thatis,

� > ���
	�� ) }> +�-J/
�213) > 	�?~ (11)



where � > ���;	 is theprobabilityof x occurrencesof thetermin the
setof� non-relevantdocuments.In general,) > will bemuchsmaller
than )Q| .

Numerousattemptshavebeenmadeto modelworddistributions
in thepast.Harter[11] useda mixtureof 2 Poissonsto modelthe
distributionsof words in a document. Our model in this section
is closely relatedto his model. It hasbeenarguedby somere-
searchersthatthe2 Poissonmodelis notagoodapproximationand
that otherdistributionslike the negative binomial arebettermod-
els of thedistributionsof wordsin documents[15]. A mixture of
a large numberof Poissonshasalsobeenusedto fit the data[5].
Sincewe would like to fit a distribution to therelevantandanother
to the non-relevant, it is muchmoreconvenientfor us to assume
the 2-Poissonmodelhere. 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
documentsis thengivenby thePoissondistribution:

��|"���
	�� ) }| +.-0/?�213)Q|�	��~ (12)

andthedistributionof thescoresof non-relevantdocumentsisgiven
by thePoissondistribution:

� > ���
	�� ) }> +.-0/��213) > 	��~ (13)

The actualscoresfor many searchenginesis weightedby some
functionof thetermfrequency andtheinversedocumentfrequency.
However, empirical evidence[10] shows that the scoremay be
reasonablyapproximatedas beingproportionalto the numberof
matchingwords.

For thesetof relevantdocuments,)Q| will usuallybe large. For
large valuesof ) , the Poissondistribution tendsto a normaldis-
tribution (seeFigure9). On the otherhandfor small valuesof ) ,
the Poissondistribution will tend towardsa distribution which is
falling rapidly (seeFigure9). 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 ) > ,
thePoissondistributionshowsadecreasingdistribution. Although,
this is not thesameasanexponentialdistribution, it doeshave the
samegeneralshapeasanexponential(rapidmonotonicdecrease).

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 thenumberof matchingterms[10]. We alsonotethatRobert-
sonandWalker [16] motivateda y2t�1&rH�Nt 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 )Q| (the averagefrequency of a term over
relevantdocuments)for joint occurrencesof this term“oil spill” is
muchlower thanthe )Q| 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 ) > (i.e. theaveragefre-
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Figure9: The Poissondistrib ution for differ ent valuesof ) .

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.

Themodelin thissectionalthoughintuitivecanbeusedto make
a prediction. The modelpredictsthat on a statisticalbasisasthe
numberof querytermsis increasedthe overall ) shoulddecrease
andhencethemeanandvarianceof theGaussianfitting therelevant
documentsshouldalsodecrease.Notethatfor any particularquery
the meanscorecan be arbitrary. However when a large enough
sampleof queriesis considered,the meanqueryshoulddecrease
with thenumberof queryterms.

It is a well known fact in informationretrieval that with query
expansionthe scoreof the relevant documentsdecreasesand the
rangealsodecreaseswhich is consistentwith this prediction. For
the50 queriesfrom TREC-3for INQUERY (inq101)andSMART
(crnlea),we plottedthemeanscoresof therelevantdataversusthe
numberof queryterms(includingexpandedqueries).A smallsta-
tistical decreasewith thenumberof querytermswasobserved for
INQUERY andSMART. Thefiguresarenotproducedherebecause
of a lackof space.

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.

It would be of considerableuseto combinethe output of dif-
ferentsearchengines.In this sectionwe discusshow thescoreof
searchenginesmaybecombinedwhile takinginto accounttheac-
tual scoredistributions.

In generaltherangeof searchenginescoresmayvaryquiteabit -



for example,oneenginemayhavescoresrangingfrom 0 to 1 while
another
�

canhavescoresrangingfrom -20to 150.Otherapproaches
to combiningscoredistributionshave focusedon normalizingthe
rangeof thescoresandthencombiningthemby simpletechniques
like linear combinationor by taking the minimum andmaximum
scores.However, rangenormalizationdoesnot take into account
the actualdistribution of the scores. Consider, for example, the
modelof the scoresdiscussedpreviously wherethe scoresof the
relevant documentsfollow a normaldistribution andthescoresof
thenon-relevant follow anexponentialdistribution. Also consider
two differentsearchengineswhichhavedifferentparametervalues
for thesedistributions. A simple(linear) rangenormalizationand
combinationdoesnotclearlysuffice.
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Figure 10: Recall precisiongraphs for combining inq101 and
crnleausingdiffer ent techniques(seetext). Data fr om TREC-3

Thereare a numberof possibleways the probabilitiescan be
usedto combinethe searchengines.We proposetwo alternative
schemesfor combination. The first involvesaveragingthe prob-
abilities. This is optimal in the senseof minimizing the Bayes’
error if the searchenginesare independent[18]. Of coursethe
outputsof searchenginesarenot necessarilyindependent.In the
following figuresand discussions,dataare taken from TREC-3.
inq101andcrnleadenoterunsof the INQUERY andSMART en-
gines,META200 denotescombinationby averagingthe posteri-
ors obtainedusing the mixture model, while META900 denotes
thecombinationby averagingtheposteriorprobabilitiesusingthe
Gaussianandexponentialfits assumingrelevanceis given. Thus,
any differencebetweenMETA200 andMETA900 is causedby the
errorsin performinga mixturefit to themodel.LEE denotesLee’s
COMBMNZ techniquewhile the manualengineselectiontech-
niqueinvolvesselectinganddiscardingthebestengine(or engines)
on a per query basisusing the averageprecisionfor that query.
Manualengineselectionprovidesan indicationof thebestcombi-
nationresultwecanachieve. NotethatbothMETA900andmanual
engineselectionrequirerelevanceinformationandareonly plotted
to provide a baselinefor understandingthelimits of combination.

Figure10showsrecall-precisionplotsfor combiningINQUERY
andSMART on TREC-3data.Precisionis definedasthefraction
of retrieveddocumentswhich arerelevantwhile recall is the frac-
tion of relevantdocumentswhich have beenretrieved. Therecall-

precisiongraphis usuallycreatedby averagingoveracertainnum-
berof queries- in thiscase50. As thefigureshows META200per-
formsconsiderablybetterthaneitherINQUERY andSMART - in
factabout6%betterthanINQUERY and13%betterthanSMART.
LEE is slightly better(about1%) thanMETA200 althoughthedif-
ferenceisnotsignificant.META900hasanaverageprecisionabout
10%betterthanINQUERY andclearlyperformsbetterthaneither
META200 or LEE’s implying that if the mixture fit could be im-
proved the techniquewould performeven better. Finally, theplot
for manualengineselectionclearly indicatesthat both META200
and LEE’s are close to obtaining the bestperformancepossible
from combination.

Figure11 describescombinationresultsfor the top five engines
in TREC-3. Thex-axis is thenumberof enginescombinedwhile
they-axisis 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 theimprovementseemsto increasewith
the numberof searchenginescombined.With the top 2 engines,
META200 shows an improvementof 6% over the bestsingleen-
gine and using 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 coulddo evenbetter.
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Figure 11: Recall precisiongraphs for combining the bestfive
techniquesfr om TREC-3.

Figure12 demonstratesthat this approachalsoworks for other
languages.Thefigureshowsthecombinationresultsfor INQUERY
andSMART whenindexing a Chinesedatabase.The datain this
caseis from TREC-6. As can be clearly seen,combinationus-
ing bothMETA200andLEE’sCOMBMNZ show animprovement
over eitherengine. However, in this particularcasethe improve-
ment is much lessthan that for English. Also the differencebe-
tweenMETA900 andMETA200 is small indicating that perhaps
we arecloseto thelimit of whatcanbeachieved.

Combinationof “good” searchenginesusuallyimprovesthescores.
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Partly this reflectsthe fact that the scoredistribution modelsfit
“good” searchenginesbetterthan “poor” searchengines. How-
ever, thecombinationof two searchengineswhentheperformance
of oneis substantiallyworsethantheothersleadsto a resultwhich
canbe worsethanthat of the bestengine.This partly reflectsthe
well known observationthatcombiningabadclassifierwith agood
classifiercanleadto a resultwhich maynot bebetterthanthebest
individual classifier. Two searchenginesINQUERY (inq101)and
XEROX (xerox4)werepicked. On thebasisof averageprecision,
inq101is ranked4thwhile xerox4is ranked35thamong40engines
in TREC-3. The averageprecisionof inq101 is morethan twice
that of xerox4. Figure13 clearly shows that INQUERY (inq101)
performsmuchbetterthantheXEROX engine(xerox4).Thecom-
bination META200 is much better than XEROX but worsethan
INQUERY. LEE’s is slightly betterthanMETA200 is still worse
thanINQUERY. Clearly the bestoption in suchcasesis to avoid
combination.

5.1 Automatic EngineSelection
Thepreviousexampleshows thatif wecouldhavesomehow fig-

uredoutthatweneedto pick INQUERY asthebestpossibleengine
for everyquerythentheperformancewould improve considerably.
The ability to model and computethe relevant and non-relevant
distributionsallows us to develop techniquesto automaticallyse-
lecting engineson a per querybasis.Here,we examinetwo such
approaches.

Thefirst approachessentiallytriesto ensurethatthedistancebe-
tweenthe meanof the normaldistribution andthe point at which
the densitiesintersectis large (all distributionsareobtainedusing
themixturemodel).Theideais that if this distanceis largethenit
will beeasierto separatetherelevantandnon-relevantdocuments.
If thedistanceis lessthana threshold,theengineis discardedfor
that query. The posteriorprobability of all enginesselected(i.e.
not discarded)for a particularqueryareaveragedto obtaindocu-
mentprobabilitiesasbefore.If all enginesfor aparticularqueryare
below thethreshold,thentheonewith thehighestposteriorproba-
bility is selected.Thethresholdis selectedbasedonempiricaldata
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Figure 13: Recall precisiongraphs for combining inq101 and
xerox4 usingdiffer ent techniques.Data fr om TREC-3.

to be0.16.Theresultsfor this techniquearelabelledasMETA206
in Figure14

The secondapproachusesthe posteriorprobabilitiesobtained
using Bayes’ rule from the mixture components.In somesitua-
tions the maximumof the posteriorprobability is quite small. A
posteriorof 0.5 indicatesthat the relevant andnon-relevant distri-
butions weightedby the priors are of equalmagnitude. In other
wordsa posteriorof 0.5 indicatesthepoint at which theexponen-
tial andGaussiandensitiesintersectafterweightingby theprior. It
is clearthata “good” engineshouldpreferablyhave a higherpos-
terior. Empirically if the posteriorfor a particularengineand a
particularquerywaslessthan0.7thenthatenginewasregardedas
poor anddiscardedfor that particularquery. If both engineshad
maximumposteriorsgreaterthan0.7 thenthey wereaveraged.If
neitherenginehadamaximumposteriorgreaterthan0.7bothwere
againaveragedandcombined. The resultsfor this techniqueare
plottedasMETA207.

Figure 14 shows the resultsof combiningtwo engineswhose
performanceis verydifferent.Weagainuseinq101andxerox4.As
is clearfrom Figure14, META206 andMETA207 performabout
equallywell andandbotharebetterthanMETA200 (straightaver-
agingof posteriorprobabilities).Theaverageprecisionof META206
andMETA207areessentiallythesameasLEE’s. Wehavealsocar-
ried out otherexperimentswith otherenginesall of which demon-
stratethatengineselectioncanbedoneusingthemodelsof score
distributions discussedhere. We note that both META206 and
META207 arestill worsethan using INQUERY aloneindicating
that thereis further scopefor improving theengineselectionpro-
cedure.Of course,this alsoimplies that whenonesearchengine
performsmuchworsethananotherit may be bestnot to usethe
“poor” searchengine.

5.2 Discussionof Combination Results
The resultsabove show that the mixture modelingperformsas

well asthe bestcurrenttechniques(Lee’s) availablefor combina-
tion. There is scopefor a slight improvementin estimatingthe
mixture parametersaswell usingthat for obtainingbettercombi-
nation.Of courseit is alsoclearthatwe areapproachingthelimits
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of thebestperformancewecanachieve.
Lee’s COMBMNZ techniqueperformssurprisinglywell. In the

casewhereINQUERY andSMART arecombinedwe notethatfor
many queriesINQUERY andSMART havedistributionswhichare
very similar. In sucha situation,their posteriordistributionswill
alsolook remarkablysimilar andhenceaveragingis a goodstrat-
egy. SinceCOMBSUM involvescomputinga documentscoreby
just addingthescoresfor all engineswhich find thatdocument,it
will producethesamerankingasaveragingandhenceit will also
be good. COMBMNZ involves multiplying COMBSUM by the
numberof engineswhich found that documentandhenceit will
alsoproducegoodresults.In this particularsituationCOMBMNZ
involvesessentiallycombiningthe posteriorprobabilitieswithout
having to do themixturemodeling.However, in themoregeneral
case,thegoodperformanceof COMBMNZ is hardto explain.

Themodelfor combinationproposedhereis moreintuitively sat-
isfying for a numberof reasons.First, it combinesenginesin a
naturalway usingprobabilitiesandis 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. 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 notavailable,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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