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ABSTRACT

In this paperthe scoredistributionsof a numberof text searchen-
ginesare modeled. It is shavn empirically that the scoredistri-
butions on a per query basismay be fitted using an exponential
distributionfor thesetof non-rel@antdocument&ndanormaldis-
tribution for the setof relevantdocumentsExperimentshav that
this modelfits TREC-3and TREC-4datafor not only probabilistic
searchenginedike INQUERY but alsovectorspacesearctengines
like SMART for English. We have also usedthis modelto fit the
outputof othersearchenginedike LSI searchenginesandsearch
enginesndexing otherlanguagedike Chinese.

It is thenshavn that given a query for which relevanceinfor-
mationis not available,a mixture modelconsistingof anexponen-
tial anda normaldistribution canbefitted to the scoredistribution.
Thesdlistributionscanbeusedto mapthescoreof asearctengine
to probabilities.We alsodiscusshow the shapeof the scoredistri-
butionsarisegiven certainassumptionaboutword distributionsin
documentsWe hypothesizahatall 'good’ text searchenginesop-
eratingon ary languagehave similar characteristics.

This model hasmary possibleapplications. For example,the
outputsof differentsearchenginescanbe combinedby averaging
the probabilities(optimalif thesearchenginesareindependentpr
by usingthe probabilitiesto selectthe bestenginefor eachquery
Resultsshav thatthetechniqueperformsaswell asthe bestcurrent
combinationtechniques.
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1. INTRODUCTION

In this paperwe modelscoredistributionsof text searchengines
usinga novel approach.We first shav thatthe scoredistributions
for agivenquerymaybemodeledusinganexponentialdistribution
for the setof non-releantdocumentsanda normaldistribution for
thesetof relevantdocumentsWe furthershav thatwhenrelevance
informationis notavailable thesedistributionscanberecoreredby
fitting a mixture modelwith a Gaussiarandan exponentialcom-
ponentto the outputscoresof searchengineson a per query ba-
sis. This novel approacho scoremodelingis thenusedto mapthe
scorego probabilitiesusingBayes’Rule. Note thatno trainingis
requiredfor thisapproactandin additionno assumptiofis madeon
thekind of searchengineused.The modelhasbeenshovn to work
for alargenumberof searchengineson TREC-3andTREC-4data
including probabilisticsearchengineslike INQUERY and vector
spacesearctenginedike SMART. Thismodelhasalsobeenshavn
to work for otherenginedike the LS| searchengineandthe score
distributionsof TREC-6INQUERY andSMART dataon Chinese.
To our knowledge, this is the first attemptat recovering the rele-
vantandnon-releantdistributionswhenno relevanceinformation
is available.

The probabilitiesof relevanceobtainedfrom this model have
mary possibleapplications. For examplethresholdsfor filtering
may be selectedusing this approachor the probabilitiesmay be
usedto combinethe searchfrom mary distributed databasesr
multi-lingual or multi-modal databases.Here, we will focuson
usingthemto combinethe outputsof differentsearchenginegthe
meta-searcproblem).

Most combinationrmethodgproposedn theliteraturearead-hoc
in natureand often involve the linear combinationof scores|6].
This is unsatisctory as scoresfrom differentsearchenginescan
bevery differentsincethey areoftentheresultof computingsome
metric (or non-metric)distanceover setsof features.Both the dis-
tanceand the featuresmay vary from engineto engine. In fact
even the distributions of scoresof differentsearchenginescould
vary widely - for example,the scoresof relevant documentsmay
be clumpedtogetherfor oneenginewhile for thoseof a seconcen-
ginemay be distributedin a muchmoreuniform manner A linear
combinationof resultsin suchcasescould leadto misleadingre-
sults. The problemis more acutewhen searchenginesoperating
on differentmediahave to be combinedfor thenthe scoresreally



meandifferentthings.

The approachproposedhereallows us to combinethe outputs
of searchenginesusingthe probabilitiesderived from the model
of scoredistributions. In this papemwe examinetwo approacheto
combination. The first involves averagingthe probabilitieswhich
is optimalin the senseof minimizing the Bayes’errorif thesearch
enginesaretreatedasindependentlassifierd18]. Thesecondap-
proachinvolves using the probabilitiesto discard“bad” engines
while keepingthe “good” ones.We shav thatthe combinationap-
proachegproposedusing thesetechniquesdo aswell asthe best
combinationtechniquegproposedn theliterature.In addition,our
techniqueis lessad-hocand easierto justify. The techniquecan
alsobe extendedto multi-lingual andmulti-modalcombination.

Therestof the paperis divided asfollows. Section2 discusses
prior work in modelingscoredistributionsaswell asin the area
of combination.This s followed by Section3 which discusseshe
modelingof scoredistributionsof relevantandnon-releant docu-
mentsandhow thesedistributionsmayberecoveredin theabsence
of relevanceinformation by usinga mixture model. Solving for
the mixture model using Expectation-MaximizatiofEM) is also
discussedFinally, Bayes'Ruleis usedto mapthe scoresto prob-
abilities of relevance. Section4 discusseshe theoreticalintuition
behindusingsuchmodels.Section5 discussesiowv the modeland
theprobabilitiesderivedfrom it canbeusedfor evidencecombina-
tion. Finally, Section6 concludeghe paper

2. PRIOR WORK

Note thatit is not obvious that the non-rel@ant datashouldbe
fitted with an exponentialand the relevant datawith a Gaussian.
A numberof researchers the 60's and 70’s startingwith Swets
[17] proposeditting both the relevantandnon-rel&ant scoresus-
ing normaldistributions andthenusingstatisticaldecisiontheory
to find a thresholdfor decidingwhat wasrelevant. Bookstein[3]
pointed out that Swetsimplicitly relied on an equalvarianceas-
sumption. Booksteinalsoraisedthe issueof whetherit might be
more appropriateo modelthe scoredistributionsusing Poissons.
This modelingdoesnot appeaito have beendone.vanRijsbegen
[19] commentedhatfor searchenginedike SMART therewasno
evidencethat the distributionswere similarly distributedlet alone
normally We obsere herethatthe empiricaldatafor alargenum-
ber of searchenginesclearly shavs that the two distributions are
not similar. All of the previous work hereassumeshatrelevance
informationis available. To our knownledge,thereis no literature
on recovering the relevantandnon-releant distributionswhenno
relevanceinformationis availableandoursis thefirst attemptto do
this.

A recentandextensve suney of evidencecombinationin infor-
mationretrieval is provided by Croft [6]. Tumerand Ghosh[18]
discussastwork in arelatedarea- the combinationof classifiers.
They shaw thatfor classifierswhich are statisticallyindependent,
the optimalcombinationis obtainedby averagingthe probabilities.
They defineoptimality asequivalentto minimizing the Bayes'er-
ror.

Fox andShaw [9] proposedinumberof combinatiortechniques
including operatordike the MIN andthe MAX. Othertechniques
includedonethatinvolved settingthe scoreof eachdocumentin
thecombinatiorto thesumof the scoresobtainedby theindividual
searchengines(COMBSUM), while in anotherthe scoreof each
documentwvasobtainedby multiplying this sumby the numberof
engineswvhich hadnon-zerascoref COMBMNZ). Note thatsum-
ming (COMBSUM) is equivalentto averagingwhile COMBMNZ
is equivalentto weightedaveraging.Lee [12, 13] studiedthis fur-
therwith six differentengines.His contribution wasto normalize

eachengineon a per query basisimproving resultssubstantially
Lee shaved that COMBMNZ worked best, followed by COMB-
SUM while operatordike MIN andMAX weretheworst. Leealso
obsered that the bestcombinationswvere obtainedwhen systems
retrieved similar setsof relevant documentsanddissimilar setsof
non-rel&ant documents.Vogt and Cottrell [20] also verified this
obseration by looking at pairwise combinationsof systems. A
probabilisticapproactusingranksratherthanscoresvasproposed
last year by Aslam and Montague[1]. This involved extensive
trainingacrossabout25 queriesto obtainthe probability of a rank
givenaquery Their resultsfor TREC-3werecloseto but slightly
worsethan Lee’s COMBMNZ technique'. Aslam andMontague
wereableto demonstratehat rank informationalonecanbe used
to producegoodcombinatiorresults. The maindifficulty with this
techniqgueseemdo be the extensve training requiredof every en-
gineon a substantiahumberof queries.

A numberof peoplehave alsolooked at the problemof combin-
ing outputsof systemsvhich searctoverlappingor disjointdatabases.
Voorheeset al [21] experimentedwvith combinationusinga setof
learnedweights. Callan[4] gave a value to eachdatabase.He
shaved that weighting the scoresby this value was substantially
betterthaninterleaszing ranks. Someresearchersave alsoinves-
tigatedthe notion of combiningsearchenginesover multiple me-
dia. QBIC [8] combinedscoresfrom differentimagetechniques
usinglinearcombination.Fagin[7] usedstandardogical operators
like MIN andMAX to combinescoresin a multimediadatabase.
However, Lee’s experimentsshaved (at leastfor text) that these
operatorperformsignificantlyworsethanaveraging).

3. MODELING SCOREDISTRIBUTIONS OF
SEARCH ENGINES

In this sectionwe describehow theoutputsof differentsearcten-
ginesweremodeledusingdatafrom thetext retrieval conferences
(TREC).TRECdataprovidesthe scoresandrelevanceinformation
for the top 1000 documentdor differentsearchengines. For the
experimentshere datafrom the ad hoc track of the TREC-3and
TREC-4for a numberof differentsearchengineswas used. We
will shav examplesof the modelingon queriesfrom INQUERY
and SMART from TREC-3. INQUERY is a probabilisticsearch
enginefrom theUniversity of Massachusettéymherstwhile Smart
is avectorspaceenginefrom Cornell University.

Our modelingbegins with TREC-3 datafor INQUERY. There
are50 queriesavailablewith documenscoresandrelevanceinfor-
mationfor eachquery We examinethe relevantandnon-releant
dataseparatelyThe dataarefirst normalizedso thatthe minimum
andmaximumscorefor a queryare 0 and 1 respectrely. Figure
1 shaws a histogramof scoresfor query151from TREC-3for the
relevant data. The histogramapproximates normaldistribution.
The plot also shavs a maximum-likelihood fit using a Gaussian
with mean0.466andvariance0.042. The maximum-likelihoodfit
involvessettingthe meanandvarianceof the Gaussiano the sam-
ple meanand samplevariancerespectiely of the data[2]. The
Kolmogora-Smirnor (KS) test for significancesshaws that we
cannoteliminatethe null hypothesighatthedistributionis a Gaus-
sian.In otherwords,a Gaussiars notinconsistentvith thedata.

Figure2 shaws a histogramof scoredor the setof non-releant
documentdor the samequery The histogramclearly shavs the
rapidfall in the numberof non-rel&antdocumentwith increasing
score. A maximum-likelihoodfit of an exponentialcurve to this
datais alsoshavn. For the purposef fitting the exponential the
origin is shiftedto the documentwith the lowestscore. It canbe

! Thegraphfor Lee'stechniquen [1] is incorrect.
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Figure1: Histogram and Gaussianfit to relevant data for query
151INQUERY (inq101)

shavn thatthe maximume-likelihoodfor anexponentialis obtained
by settingthe meanof the exponentialto the samplemeanof the
data[2].

ing101: non-relevant distribution for query 151
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Figure 2: Histogram and shifted exponentialfit to non-relevant
data for query 151INQUERY (inq101)

Thesameprocessvasrepeatedor all 50 queriesdn thistrackand
in mostof thosecasest wasfound possibleto fit the non-releant
datawith exponentialsandtherelevantdatausingGaussiansThe
relevant datacanbe fitted with a Gaussiarreasonablywell when
thereis a suficient numberof relevant documents.Usually more
than 60 relevant documentswere needed. When the numberof
relevantdocumentsvassmall,thefit wasbad.However, we believe
thisis notbecaus¢he Gaussiawasabadfit but becauseve don't
have enoughrelevant documentgo computethe statisticsin these
casesTheexponentiawasalsoagoodfit to thenon-releantdata.

We have sofar beenableto fit parametridormsto thescoredis-
tributionsgivenrelevanceinformation. Whenrunninganew query
however, relevanceinformationis not available. Clearly; it would
beusefulto fit thescoredistributionsof suchdata.A naturalwayto
dothisis tofit amixturemodelof ashiftedexponentialanda Gaus-
sianto thecombinedscoredistribution. This approachs discussed
in thenext section.

3.1 Mixtur e Model Fit

Considerthe situationwherea queryis run using a searchen-
gine. Thesearchenginereturnsscoresout thereis no relevancein-

formationavailable.We shaw below thatin this situation,amixture
modelconsistingof anexponentialanda Gaussiaimmay befitted to
the scoredistributions. We canthenidentify the Gaussiawith the
distribution of the relevantinformationin the mixture andthe ex-
ponentialwith the distribution of the non-releant informationin
themixture. Essentiallythis allows usto find the parametersf the
relevantandnon-releant distributionswithout knowing relevance
informationapriori.

The densityof a mixture modelp(z) canbewritten in termsof
the densitiesof the individual component(z|j) asfollows: [2,
14]

p(z) = > P()p(als) @)

wherej identifiestheindividual componentthe P(5) areknown as
mixing parametersatndsatisfyzf.:1 P(j)=1,0<P(5) <1l.In
the presentase therearetwo componentsan exponentialdensity
with meani

p(z|1) = Aexp(—Ax) @)
anda Gaussiamlensitywith meany andvariances?
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A standardapproachto finding the mixing parameterandthe
parametersf the componentensitieds to useExpectationMax-
imization (EM) [2, 14]. This is aniterative procedurewvherethe
ExpectatiorandMaximizationstepsarealternated.

The EM procedurdeadsto the following updateequationsor
theparameters:

p(z(2) =

new _ 2oa P(2z")a"
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The procedureneedsan initial estimateof the componenden-
sities and mixing parameters.Given that, it rapidly corvergesto
a solution. Using EM to fit the datagives the mixture fit shavn
in Figure 4. The figure plots the mixture densityas well asthe
componentensitiesor theexponentialandGaussiarfits. Thead-
jacentfigure (Figure 3) shaws the exponentialand Gaussiarfits to
the non-releant andrelevant data. Comparingthe two figures, it
appeardhat the stratgy of interpretingthe Gaussiancomponent
of the mixture with the relevant distribution and the exponential
componentof the mixture with the non-releant distribution is a
reasonabl®ne. We shouldnotethatthe correspondenchetween
the mixture componentsand the fits to the relevant/non-releant
datais not alwaysasgoodasthatshavn herebut in generait is a
reasonabléit.

The sametechniquewasusedto modelthe resultof query 151
for the Cornell Smartvector spaceengine. Similar resultswere
obtainedasshavn in Figures5 and6.

This modelhasbeenfitted to a large numberof searchengines
on TREC-3and TREC-4dataincluding probabilisticenginedike
INQUERY andCITY andavectorspaceengine(SMART) aswell
asBellcores LSI engine. The fit appeardo be betterfor “good”



searchenginegengineswith a higheraverageprecisionin TREC-
3) andworsefor thosewith alower averageprecision. The model
hasalso beenablefitted to documentscoresfor searche®n 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 combined mixtur e for query 151
INQUERY (inq101). Compare with Figure3

3.2 Computing Posterior Probabilities

UsingBayes’Ruleonecancomputethe probability of relevance
giventhescoreas

P(rel ) P(score|rel)P(rel)
rel|score) =
P(score|rel)P(rel) + P(score|nonrel)P(nonrel)
®)

whereP(rel|score) is theprobabilityof relevanceof thedocument
givenits score,P(score|rel) andP(score|nonrel) aretheproba-
bilities of scoregiventhatthedocuments relevantandscoregiven

thatthedocuments non-relevantrespectiely. P(rel)andP(nonrel)
aretheprior probabilitiesof relevanceandnon-releance.

In ourmodel,P(score|rel) is givenby the Gaussiartomponent
of themixturewhile P(score|nonrel) is givenby theexponential
partof the mixture. P(rel)andP(nonrel)may be obtainedby using
the mixing parametersThus, P(rel|score) canbe computedn a
simplemanner
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Figure 5: Exponential fit to non-relevant data and Gaussianfit
to relevant data for query 151 SMART (crnlea).
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Figure 6: Mixtur e model fit showing exponential component,
Gaussiancomponentand the combined mixtur e for query 151
SMART (crnlea). Compare with Figure5

Figure 7 shaws the posteriorprobability obtainedfor SMART
for query 164 usingthefits shavn in Figures5 and6. Thefigure
shaws the posteriorprobabilitiesobtainedfrom the separaté&saus-
sian and exponentialfits when relevanceinformationis available
andalsotheposteriorprobabilitiesobtainedrom the Gaussiarand
exponentialpartof themixture. P(rel)andP(nonrel)aretakento be
themixing parametern this case.Notethatthedifferencesn the
two cunwesreflectfitting errorsboth for the mixture fit aswell as
theseparat&aussiarmndexponentialfiits obtainedwhenrelevance
informationis available.

In generalwe expectthe posteriorprobabilitiesto be a mono-
tonic function of the score. In otherwordsasthe scoreincreases
soshouldthe posteriorprobability In somecasesve mayhave the
situationdepictedn Figure8 wheretheposteriorseemgo decrease
with increasingscores.The figure depictsthe posteriorprobabili-
tiesfor INQUERY for query154usingTREC-3data.Thissituation
ariseshecausehe Gaussiardensityfalls muchmorerapidly than
the exponentialand hencethe two densitiesintersecttwice. Note
thatin this casethe posteriorprobabilitiesobtainedboth from the
mixturefit (no relevanceinformationavailable)aswell asthatob-
tainedusingrelevancedatashaw this problem.Onesolutionwould
be notto usea Gaussiardensitybut to useanotherfunctionwhich
hasthe sameform (like a Gammadistribution) but decreasetess
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Figure 7: Posterior probability for query 164for the SMART
enginefor TREC-3 data. The dotted line is obtained from the
separate Gaussian and exponential fits computed using rele-
vanceinformation. The solid line is obtained fr om the mixtur e
fits.
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Figure8: Posterior probability for query 154for the INQUERY
enginefor TREC-3 data. The bold dotted line is obtained from
the separateGaussianand exponentialfits computedusingrel-
evanceinformation. The solid line is obtained fr om the mixtur e
fits. The dotted line joins the maximum point of the mixtur e to
the point(1,1). Thefinal posterior mapping followsthe solid line
up to the maximum point and then the straight line curve thus
presewring monotonicity

rapidly. As we discussbelown the problemwith this approachis
thatthe mixture modeldoesnot converge to areasonablesolution.
Insteadwe forcetheposteriomprobabilityto bemonotonidoy draw-
ing astraightline from the pointwheretheposteriolis maximumto
thepoint(1,1). Thefinal posteriorprobabilitycurve is givenby the
portion of the posteriorprobability computedusingBayes'rule up
to themaximumportionof thecurve andthestraightline thereafter
We have assumedhatthe priors P(rel)andP(nonrel)maybees-
timatedusingthe mixing parametersWhentherearefew relevant
documentghe mixing parametergrovide a poorerestimateof the
priors. In a normalretrieval the numberof relevant documentss
small and henceestimatesof the mixing parametersare lessac-
curate. Extensve experimentshave shovn that P(nonrel)is best
estimatedusingthe following procedure.Let P(1) be the mixing
parametecorrespondindo the exponential.Then

_ P ifP1)<08
P(nonrel) = { 0.8 otherwise

9)

andP(rel)= 1 - P(nonrel). This approactto estimatingthe priors
improvesthe averageprecisionresultsslightly whenwe combine
results.

3.3 Comments on Fitting Distributions and
Mixtur e Models

Thereis alargefamily of densitiesvhich could possiblyhave fit
the data. For example,the Poissonand Gammadistributions ap-
proximatethe Gaussiarfor appropriateparameterchoices. How-
ever, usinga Poisson/Poissofnon-releant/releant) or an expo-
nential/Poissorcombinationdid notfit thedatawell. Ontheother
hand,while an exponential/Gammdit the non-releant andrele-
vantdatawhenseparatelyitted, a mixturefit with exponentialand
Gammacomponentslid not corverge to the right answer In this
casethe Gammacomponengtlsocorvergedto an exponential(the
exponentialdensityis aspecialcaseof the Gammafunction). Thus
our choiceof distributions- exponentialfor the non-releant and
Gaussiarfor therelevant - is dictatedby the consideratiorthatthe
functionsfit the datawell andby the consideratiorthatthey canbe
recoseredusinga mixturemodelwhenrelevanceinformationis not
available.

Like arny non-linearequationsolver, EM mayfind solutionsaris-
ing from local maximaandis sometimesensitve to initial condi-
tions[14]. Differentapproacheso picking initial conditionswere
tried.

1. Thefirstinvolvedpicking arbitraryinitial conditions.

2. A secondapproachinvolvedfitting aninitial exponentialto
all the documentscoreg(relevantandnon-releant). This is
reasonablesincetherearefar morenon-rel@ant documents
thanrelevantdocumentsThus,thedistribution of the scores
of the combineddocumentessentiallyresembleshatof the
of scoresof the non-releantdocuments.e. its an exponen-
tial. Scoreof documentsvhich donotfit theexponentialare
removed andfitted with a separatésaussian.The exponen-
tial andGaussiamprovide initial estimate®f the parameters.

Somesensitvity to initial conditionswas noticedbut usually for
the poorersearchengines(searchenginesmuchlower down in a
TREC-3rankingby averageprecision).

4. SHAPE OF DISTRIBUTIONS

We will now attemptto give someinsightinto the shapeof the
scoredistributions.

Givenaterm (or word) assumehatthe distribution of this term
in the setof relevantdocumentss given by a Poissordistribution
with parameten,.. Thatis,

_ Aexp(=Ar)

P (z) z!

(10)
wherex is the numberof timesthattheterm occursin a particular
documentndP, (z) is theprobabilityof x occurrencesf theterm
in the setof relevantdocuments Also assumehatits distribution
in the setof non-relwant documentds given by anotherPoisson
distribution with the parametei\,,. Thatis,

_Anexp(—An)

Pa(2) !

11



whereP,(z) is the probability of x occurrencesf thetermin the
setof non-relvantdocumentsin general A, will bemuchsmaller
than,.

Numerousattemptshave beenmadeto modelword distributions
in the past. Harter[11] useda mixture of 2 Poissongo modelthe
distributions of wordsin a document. Our modelin this section
is closely relatedto his model. It hasbeenarguedby somere-
searcherghatthe 2 Poissormodelis notagoodapproximatiorand
that otherdistributionslik e the negative binomial are bettermod-
els of the distributionsof wordsin documentg15]. A mixture of
a large numberof Poissonshasalsobeenusedto fit the data[5].
Sincewe would like to fit adistribution to therelevantandanother
to the non-releant, it is muchmore convenientfor us to assume
the 2-Poissormodelhere. Additionally, the main purposeof this
sectionis to provide someinsightandnot arigorousderivation.

Givena queryconsistingof 1 termandassuminghatthe score
given to a documentis proportionalto the numberof matching
wordsin the document,the distribution of the scoresof relevant
documentss thengivenby the Poissordistribution:

_ Aexp(=X)
N z!

P, (z) (12)
andthedistribution of thescoreof non-releantdocumentss given
by the Poissondistribution:

_Anexp(—An)

Pa(z) !

(13)
The actualscoresfor mary searchenginesis weightedby some
functionof thetermfrequeng andtheinversedocumenfrequeng.
However, empirical evidence[10] shavs that the scoremay be
reasonablyapproximatedas being proportionalto the numberof
matchingwords.

For the setof relevantdocuments, will usuallybelarge. For
large valuesof ), the Poissondistribution tendsto a normal dis-
tribution (seeFigure9). On the otherhandfor smallvaluesof A,
the Poissondistribution will tend towardsa distribution which is
falling rapidly (seeFigure 9). The shapeof thesecurvesis con-
sistentwith the experimentalmodelingof scoresfor TREC-3and
TREC-4data(seethe previous section). The experimentsshaved
us thatthe normaldistribution is a goodfit for the scoredistribu-
tions of the relevant data. For non-releant data,the experiments
shav thatthe exponentialdistribution is a goodfit. For small A,
the Poissordistribution shavs adecreasinglistribution. Although,
this is not the sameasan exponentialdistribution, it doeshave the
samegenerakhapeasanexponential(rapid monotonicdecrease).

It is much harderto derive the scoredistributionsif the query
consistf two or moreterms. This is becausehe actualscoresof
searchenginesarecomplicatedunctions.However, thereis empir
ical evidencethatthe major contritution to the scoresis provided
by the numberof matchingterms[10]. We alsonotethat Robert-
sonandWalker[16] motivatedat f —idf scoringfunctionfrom the
2-Poissormodel. We assumdirst thatthe scoreis proportionalto
the numberof matchingwordsand provide an intuitive argument
for querieswith two or more terms. For simplicity we will con-
siderthe casewherethe queryhasjust two termsbut the agument
appliesin general.In this casewe canassumehat the two terms
say“oil” and“spill” canbeclubbedtogetheito createasingleterm
- “oil spill”. Thenthe A, (the averagefrequenyg of a term over
relevantdocumentsjor joint occurrencesf thisterm*“oil spill” is
muchlower thanthe A, for either“oil” or “spill”. In otherwords
the chanceghat the terms*“oil spill” occurtogetheris muchless
thanthat of finding “oil” or “spill”. Whenthe querycontainstwo
terms,it is reasonabléo assumehatthe \,, (i.e. the averagefre-
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Figure 9: The Poissondistrib ution for differ ent valuesof A.

queng over non-rel&ant documentsyoesnot changemuchasit
essentiallyreflectsthe backgroundrobabilitiesof theword.

ThePoissormodelfor theshapeof therelevantandnon-releant
distributionsthatwe have derived appliesto both probabilisticen-
gineslike INQUERY and vector spaceengineslike SMART. For
vector spaceenginesthe numberof matchingtermsis given by
the dot productof two vectors- one representinghe query and
the otherthe document.Further this modelis languagendepen-
dent(aslong asword frequenciesn ary languagehave anapprox-
imately 2-Poissorlik e distribution). Thus,we predictthata mix-
tureof exponentialandGaussiaristributionswill fit amuchlarger
classof text searchenginesoperatingon differentlanguages.

Themodelin this sectionalthoughintuitive canbe usedto make
a prediction. The modelpredictsthat on a statisticalbasisasthe
numberof querytermsis increasedhe overall A shoulddecrease
andhencehemeanandvarianceof the Gaussialffitting therelevant
documentshouldalsodecreaselNotethatfor ary particularquery
the meanscorecan be arbitrary However when a large enough
sampleof queriesis consideredthe meanquery shoulddecrease
with the numberof queryterms.

It is awell known factin informationretrieval that with query
expansionthe scoreof the relevant documentslecreasesandthe
rangealsodecreasewhich is consistenwith this prediction. For
the 50 queriesfrom TREC-3for INQUERY (inq101)andSMART
(crnlea),we plottedthe meanscoresof therelevantdataversusthe
numberof queryterms(including expandedjueries).A smallsta-
tistical decreasevith the numberof querytermswasobsened for
INQUERY andSMART. Thefiguresarenotproducecherebecause
of alack of space.

5. COMBINING SEARCH ENGINES

Theposteriomprobabilitiesobtainedy usingthemodeldiscussed
abore hasmary possibleapplications.For examplethe probabil-
ities could be usedto selecta thresholdfor filtering documentsor
for combiningthe outputsin distributedretrieval. Herewe discuss
one possibleapplicationwhich involves combiningthe outputsof
differentsearchengineson a commondatabaséo improve results.

It would be of considerablaiseto combinethe outputof dif-
ferentsearchengines.In this sectionwe discusshow the scoreof
searchenginesmay be combinedwhile takinginto accountheac-
tual scoredistributions.

In generatherangeof searctenginescoresnayvary quiteabit -



for example,oneenginemayhave scoregangingfrom 0 to 1 while
anothercanhave scoregangingfrom -20to 150. Otherapproaches
to combiningscoredistributionshave focusedon normalizingthe
rangeof the scoresandthencombiningthemby simpletechniques
like linear combinationor by taking the minimum and maximum
scores. However, rangenormalizationdoesnot take into account
the actualdistribution of the scores. Considey for example, the
model of the scoresdiscussegreviously wherethe scoresof the
relevant documentdollow a normaldistribution andthe scoresof
the non-releantfollow an exponentialdistribution. Also consider
two differentsearctengineswvhich have differentparametevalues
for thesedistributions. A simple (linear) rangenormalizationand
combinationdoesnot clearly sufice.

Recall-Precision Plot
1 T

iNq101 %

\ META900 ---m-—
0.8 [\, Manual engine selection ---e--- o

precision %

0 0.2 0.4 0.6 0.8 1
recall %

Figure 10: Recall precisiongraphs for combining inq101 and
crnleausingdiffer enttechniques(seetext). Data from TREC-3

Thereare a numberof possibleways the probabilitiescan be
usedto combinethe searchengines. We proposetwo alternative
schemedor combination. The first involves averagingthe prob-
abilities. This is optimal in the senseof minimizing the Bayes’
error if the searchenginesare independen{18]. Of coursethe
outputsof searchenginesare not necessarilindependent.In the
following figures and discussionsdataare taken from TREC-3.
ingl0landcrnleadenoterunsof the INQUERY and SMART en-
gines, META200 denotescombinationby averagingthe posteri-
ors obtainedusing the mixture model, while META900 denotes
the combinationby averagingthe posteriorprobabilitiesusingthe
Gaussiarand exponentialfits assumingelevanceis given. Thus,
ary differencebetweerMETA200 andMETA900is causedy the
errorsin performinga mixturefit to themodel. LEE denoted_ee’s
COMBMNZ techniquewhile the manualengine selectiontech-
nigueinvolvesselectinganddiscardinghebestengine(or engines)
on a per query basisusing the averageprecisionfor that query
Manualengineselectionprovidesanindicationof the bestcombi-
nationresultwe canachieve. NotethatbothMETA900 andmanual
engineselectiorrequirerelevanceinformationandareonly plotted
to provide a baselingor understandinghe limits of combination.

Figure10shawsrecall-precisiorplotsfor combiningINQUERY
andSMART on TREC-3data. Precisionis definedasthefraction
of retrieved documentswvhich arerelevant while recallis the frac-
tion of relevantdocumentsvhich have beenretrieved. Therecall-

precisiongraphis usuallycreatecby averagingover a certainnum-
berof queries- in this cases0. As thefigureshavs META200 per

forms considerablybetterthaneitherINQUERY andSMART - in

factabout6% betterthanINQUERY and13%betterthanSMART.

LEE is slightly better(about1%) thanMETA200 althoughthe dif-

ferencds notsignificant. META900 hasanaverageprecisionabout
10% betterthanINQUERY andclearly performsbetterthaneither
META200 or LEE’s implying thatif the mixture fit could be im-

proved the techniquewould performeven better Finally, the plot

for manualengineselectionclearly indicatesthat both META200
and LEE’s are closeto obtaining the bestperformancepossible
from combination.

Figure 11 describesombinationresultsfor the top five engines
in TREC-3. The x-axisis the numberof enginescombinedwhile
they-axisis the averageprecision.As the plot clearly shavs com-
binationclearlyimprovestheresults. Therearefour graphsin the
figure. The first curwe is the averageprecisionof the individual
searchengines. The secondplot META200 shawvs the combina-
tion methodappliedto 1, 2, 3, 4 or 5 engines.As canbe clearly
seenthereis a considerablémprovementover usingeventhe best
searchengineandoverall theimprovementseemsdo increaseawith
the numberof searchenginescombined. With the top 2 engines,
META200 shavs animpravementof 6% over the bestsingle en-
gine and using the top 3 engines, META200 shawvs an improve-
mentof almost12%. LEE’'s COMBMNZ techniques alsoshavn
in the samegraph. It's averageprecisionis seento be slightly
worsethan META200 but the differenceis not really significant.
The performancebtainedusingMETA900 (i.e. combinationwith
the posteriorprobabilitiesobtainedwith relevanceinformation)is
15% betterthanthe bestsingleengine.Again this indicatesthatif
the mixturefit wereimprovedwe coulddo evenbetter
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Figure 11: Recall precisiongraphs for combining the bestfive
techniguesfrom TREC-3.

Figure 12 demonstratethat this approachalsoworks for other
languagesThefigureshavsthecombinatiorresultsfor INQUERY
and SMART whenindexing a Chinesedatabase The datain this
caseis from TREC-6. As can be clearly seen,combinationus-
ing bothMETA200 andLEE’'s COMBMNZ shaw animprovement
over eitherengine. However, in this particularcasethe improve-
mentis much lessthanthat for English. Also the differencebe-
tweenMETA900 and META200 is small indicating that perhaps
we arecloseto thelimit of whatcanbeachieved.

Combinatiorof “good” searclenginesisuallyimprovesthescores.
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Figure 12: Recall precisiongraphs for combining ing4chl and
crnichl with Chinese queries and Chinese databases. Data
from TREC-6

Partly this reflectsthe fact that the scoredistribution modelsfit
“good” searchenginesbetterthan “poor” searchengines. How-
ever, thecombinationof two searctenginesvhenthe performance
of oneis substantiallyworsethanthe othersleadsto a resultwhich
canbe worsethanthat of the bestengine. This partly reflectsthe
well knowvn obsenationthatcombiningabadclassifieiwith agood
classifiercanleadto a resultwhich may not be betterthanthe best
individual classifier Two searchenginesNQUERY (inq101)and
XEROX (xerox4)werepicked. On the basisof averageprecision,
ingl01is ranked4th while xerox4is ranked 35thamong40 engines
in TREC-3. The averageprecisionof inq101is morethantwice
that of xerox4. Figure 13 clearly shavs that INQUERY (inq101)
performsmuchbetterthanthe XEROX engine(xerox4). Thecom-
bination META200 is much betterthan XEROX but worsethan
INQUERY. LEE's is slightly betterthan META200 is still worse
than INQUERY. Clearly the bestoptionin suchcasess to avoid
combination.

5.1 Automatic Engine Selection

Thepreviousexampleshavs thatif we couldhave somehw fig-
uredoutthatwe needto pick INQUERY asthebestpossibleengine
for every querythenthe performancevould improve considerably
The ability to model and computethe relevant and non-releant
distributions allows us to develop techniquego automaticallyse-
lecting engineson a per querybasis. Here,we examinetwo such
approaches.

Thefirst approactessentiallytriesto ensurehatthe distancebe-
tweenthe meanof the normaldistribution andthe point at which
the densitiesntersectis large (all distributionsare obtainedusing
the mixture model). Theideais thatif this distances largethenit
will beeasierto separatehe relevantandnon-releantdocuments.
If the distanceis lessthana threshold the engineis discardedor
that query The posteriorprobability of all enginesselected(i.e.
not discarded¥or a particularqueryare averagedto obtaindocu-
mentprobabilitiesasbefore.If all enginedor aparticularqueryare
belav thethreshold thenthe onewith the highestposteriorproba-
bility is selectedThethresholds selectechasedn empiricaldata
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Figure 13: Recall precisiongraphs for combining inq101 and
xerox4 using differ ent techniques.Data from TREC-3.

to be0.16. Theresultsfor thistechniquearelabelledasMETA206
in Figurel14

The secondapproachusesthe posteriorprobabilitiesobtained
using Bayes’rule from the mixture components.In somesitua-
tions the maximumof the posteriorprobability is quite small. A
posteriorof 0.5 indicatesthatthe relevantandnon-releant distri-
butions weightedby the priors are of equalmagnitude. In other
wordsa posteriorof 0.5 indicatesthe point at which the exponen-
tial andGaussiardensitiedntersectafterweightingby the prior. It
is clearthata “good” engineshouldpreferablyhave a higherpos-
terior. Empirically if the posteriorfor a particularengineand a
particularquerywaslessthan0.7 thenthatenginewasregardedas
poor and discardedor that particularquery If both engineshad
maximumposteriorsgreaterthan 0.7 thenthey were averaged.If
neitherenginehada maximumposteriorgreatethan0.7 bothwere
againaveragedand combined. The resultsfor this techniqueare
plottedasMETA207.

Figure 14 shaws the resultsof combiningtwo engineswhose
performancas very different. We againuseinql0landxerox4.As
is clearfrom Figure 14, META206 and META207 perform about
equallywell andandbotharebetterthanMETA200 (straightaver-
agingof posteriomprobabilities). Theaverageprecisionof META206
andMETA207 areessentiallthesameasLEE’s. We have alsocar
ried out otherexperimentswith otherenginesall of which demon-
stratethat engineselectioncanbe doneusingthe modelsof score
distributions discussechere. We note that both META206 and
META207 arestill worsethanusing INQUERY aloneindicating
thatthereis further scopefor improving the engineselectionpro-
cedure. Of course this alsoimplies that whenone searchengine
performsmuchworsethan anotherit may be bestnot to usethe
“poor” searchengine.

5.2 Discussionof Combination Results

The resultsabove shav that the mixture modelingperformsas
well asthe bestcurrenttechniqueqLee’s) available for combina-
tion. Thereis scopefor a slight improvementin estimatingthe
mixture parameteraswell usingthat for obtainingbettercombi-
nation. Of courseit is alsoclearthatwe areapproachindhelimits
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Figure 14: Recall precisiongraphs for combining inq101 and
xerox4 by automatically selectingthe bestengineusing proba-
bilities and distrib utions.

of thebestperformanceve canachieve.

Lee’s COMBMNZ techniqueperformssurprisinglywell. In the
casewhereINQUERY andSMART arecombinedwe notethatfor
mary queriedNQUERY andSMART have distributionswhich are
very similar. In sucha situation,their posteriordistributionswill
alsolook remarkablysimilar and henceaveragingis a goodstrat-
egy. SinceCOMBSUM involvescomputinga documentscoreby
just addingthe scoresfor all engineswhich find that documentjt
will producethe samerankingasaveragingandhenceit will also
be good. COMBMNZ involves multiplying COMBSUM by the
numberof engineswhich found that documentand henceit will
alsoproducegoodresults.In this particularsituationCOMBMNZ
involves essentiallycombiningthe posteriorprobabilitieswithout
having to do the mixture modeling. However, in the moregeneral
casethegoodperformanceef COMBMNZ is hardto explain.

Themodelfor combinatiorproposedereis moreintuitively sat-
isfying for a numberof reasons.First, it combinesenginesin a
naturalway using probabilitiesandis thereforeeasierto explain.
Second,it indicateswhereimprovementscan be madefor better
performance Third, the sametechniquemay be usedfor combin-
ing multi-lingual engines. It will alsoextendto multi-modalen-
ginesprovided the distributions of scoresbehae in a similar way
for searchenginedndexing othermedia.

6. CONCLUSION

We have demonstratetiov to modelthe scoredistributionsof a
numberof text searchengines.Specifically it wasshavn empiri-
cally thatthe scoredistributionson a per querybasismay befitted
usingan exponentialdistribution for the setof non-relerant docu-
mentsanda normaldistribution for the setof relevantdocuments.

It wasthenshawvn thatgiven a queryfor which relevanceinfor-
mationis not available,a mixture modelconsistingof anexponen-
tial anda normaldistribution maybefitted to thescoredistribution.
Thesedistributionswereusedto mapthe scoresof a searchengine
to probabilities.

Themodelof scoredistributionswasusedto combinetheresults
from differentsearctenginedo produceameta-searchngine.The

resultsweresubstantiallybetterthaneithersearchengineprovided
no “searchengine”performedeally poorly. Differentcombination
techniqueswere proposedncluding averagingthe posteriorprob-
abilities of the differentenginesaswell asusingthe probabilities
anddistributionsto selectvely discardsomeenginenaperquery
basis.

Futurework will includeattemptgo furtherimprove themodel-
ing for betterperformanceOtherpossibleapplicationf modeling
scoredistributionslik e filtering will alsobe examined.Finally we
will alsoexaminethe possibilitythatsearchenginesndexing other
medialike imagescanalsobe modeledn the sameway.
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