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ABSTRACT

Empirical modelingof a numberof differenttext searchengines
shavs thatthescoredistributionsonaperquerybasismaybefitted
approximatelyusingan exponentialdistribution for the setof non-
relevantdocumentsndanormaldistribution for the setof relevant
documents.This modelfits not only probabilisticsearchengines
like INQUERY but alsovectorspacesearchenginedike SMART
andalso LS| searchengines. The modelalso appeargo be true
of searchenginesoperatingon a numberof differentlanguages.
This leadsto the hypothesighatall 'good’ text searchenginesop-
eratingon ary languagehave similar characteristicsThe question
thenarisesasto whethertheshapeof thescoredistributionsreflects
someunderlyingmodelof languageor thesearctprocesstself. We
discusshow they arisegiven certainassumptiongboutword dis-
tributionsin documents.

Wethenshawv thatgivenaqueryfor whichrelevanceinformation
is not available,a mixture modelconsistingof an exponentialand
anormaldistribution canbe fitted to the scoredistribution. These
distributions canbe usedto mapthe scoresof a searchengineto
probabilities.

This model hasmary possibleapplications. For example,the
outputsof differentsearchenginescanbe combinedby averaging
the probabilities(optimalif thesearchenginesareindependentpr
by usingthe probabilitiesto selectthe bestenginefor eachquery
Resultsshav thatthetechniqueperformsaswell asthebestcurrent
combinationtechniquesA numberof differentIR tasksmayben-
efit from scoremodelingincludingfiltering, multi-lingual retrieval
andrelevancefeedback.We alsodiscusspossiblefuture improve-
mentsto the procesof scoremodeling.

1. INTRODUCTION

Inthe19605and70’s, Swetq10] andotherresearcherattempted
to modelthe scoredistributionsof searchenginesor relevantand
non-rel&#antdocumentandthenusestatisticaldetectiontheoryto
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find athresholdto decidewhatwasrelevant. This approaclseems
to nothave beensuccessfulor acoupleof reasonsFirst,thechoice
of the modelsseemsto have beenwrong; they assumedhat the
scoresof both the relevant and non-releant documentscould be
modeledusingGaussiansFor example,vanRijshegen[11] com-
mentedthatfor searchenginedike SMART therewasno evidence
thatthe two distributionswere similarly distributedlet alonenor-
mally. Secondcomputinghesescoredistributionsrequiredknowl-
edgeof therelevanceof atleastsomesetof the documentsWhile
this may be reasonabldor a filtering task, in general,relevance
informationis not availablefor mostinformationretrieval tasks.

Herewe discusshow scoredistributionsfor a given query may
be modeledusing an exponentialdistribution for the set of non-
relevantdocument@nda normaldistribution for the setof relevant
documents.We further shav that when relevanceinformationis
not available,thesedistributionscanberecoveredby fitting a mix-
ture modelwith a Gaussiarand an exponentialcomponento the
outputscoresof searchengineson a per query basis. This novel
approacho scoremodelingis thenusedto mapthe scorego prob-
abilities using Bayes’ Rule. Note that no training is requiredfor
this approactandin additionno assumptions madeon thekind of
searchengineused.Themodelhasbeenshavn to work for alarge
numberof searchengineson TREC-3 and TREC-4 datainclud-
ing probabilisticsearchengineslike INQUERY andvectorspace
searchengineslike SMART. This model hasalsobeenshavn to
work for other engineslike the LS| searchengineand the score
distributionsof TREC-6INQUERY andSMART dataon Chinese.
To our knowledge, this is the first attemptat recorering the rele-
vantandnon-releantdistributionswhenno relevanceinformation
is available.

We hypothesizéhatall 'good’ text searchenginesoperatingon
ary languagehave similar characteristics This leadsto the ques-
tion of whetherthesescoredistributions reflect someunderlying
modelof languageitself. We discusshow the shapeof the score
distributions arisegiven certainassumptiongboutword distribu-
tionsin documents.

The probabilitiesof relevance obtainedfrom 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 databasesHere, we briefly discuss
howv we cancombinethe outputsof differentsearchengines(the
meta-searcproblem).for moredetailsse€]6].

Therestof the paperis divided asfollows. The next sectiondis-
cusseselatedwork. Thisis followedby Section3 which discusses
the modeling of scoredistributions of relevant and non-releant



documentsand how thesedistributions may be recoveredin the
absencef relevanceinformationby usinga mixture model. Solv-
ing for the mixture model using Expectation-MaximizatioEM)
is alsodiscussedFinally, Bayes'Ruleis usedto mapthe scoreso
probabilitiesof relevance.Sectiond discusseshetheoreticaiintu-
ition behindusingsuchmodels.Section5 discussefion themodel
andtheprobabilitiesderivedfrom it canbe usedfor evidencecom-
bination. Section6 discussegpossibilitiesof future work in this
area.Finally, Section6 concludeghe paper

2. RELATED WORK

In relatedandindependentork Arampatziset al [1] discussed
how therelevantscorescould be modeledusinga Gaussiardistri-
bution and the non-releant scoresusing an exponentialdistribu-
tion. They appliedthis to selectingthe thresholddynamicallyfor
afiltering applicationwherethe relevanceof a small subsebf the
datais known aheadof time. This subsetanthenbeusedto derive
the relevant and non-releant distributions separately Zhangand
Callan[12] amguedthat the distribution recoreredby Arampatzis
et al were biasedand suggestedvaysto improve the estimation.
We notethatbothof thesepapergequirerelevanceinformationfor
somesubsebf thedata.

For morediscussion®f relatedwork on previouswork onscore
modelingandon combiningdifferentsearchenginesseel6]..

3. MODELING SCOREDISTRIBUTIONS OF
SEARCH ENGINES

In thissectionwe describehow theoutputsof differentsearcten-
ginesweremodeledusingdatafrom thetext retrieval conferences
(TREC).TRECdataprovidesthescoresandrelevanceinformation
for the top 1000documentdor 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
INQUERY is a probabilisticsearchenginefrom the University of
Massachusett®ymherst.

Thereare 50 queriesavailable with documentscoresandrele-
vanceinformation for eachquery We examinethe relevant and
non-rel&ant dataseparately The dataarefirst normalizedso that
the minimum andmaximumscorefor a queryare0 and1 respec-
tively.

Figurel shavs a histogramof scoredor query151from TREC-
3 for asetof non-rel&#antdocumentsThehistogranclearlyshavs
the rapid fall in the numberof non-rel&ant documentswith in-
creasingscore.A maximume-likelihoodfit of anexponentialcurve
to this datais alsoshavn. For the purposesof fitting the expo-
nential,the origin is shiftedto the documentwvith thelowestscore.
Figure 2 shavs a histogramof scoresfor the setof relevantdocu-
mentsfor the samequery The histogramapproximates normal
distribution. The plot alsoshavs a maximum-likelihoodfit usinga
Gaussiarwith mean0.466andvariance0.042. The exponentialfit
previously obtainedfor the non-rel@antdocumentss alsoplotted
in thefigure.

Thesameprocessvasrepeatedor all 50queriedn thistrackand
in mostof thosecasest wasfound possibleto fit the non-releant
datawith exponentialsandtherelevantdatausingGaussians.

We have sofar beenableto fit parametridormsto the scoredis-
tributionsgivenrelevanceinformation. Whenrunninganew query
however, relevanceinformationis not available. Clearly; it would
beusefulto fit thescoredistributionsof suchdata.A naturalwayto
dothisisto fit amixturemodelof ashiftedexponentialanda Gaus-
sianto thecombinedscoredistribution. This approachs discussed
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Figure 1: Histogram and shifted exponentialfit to non-relevant
data for query 151INQUERY (inq101)

in thenext section.

3.1 Mixtur e Model Fit

Considerthe situationwherea queryis run using a searchen-
gine. Thesearchenginereturnsscoresbut thereis norelevancein-
formationavailable.We shav belaw 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.

Thedensityof a mixture modelp(z) canbewrittenin termsof
thedensitieof theindividual componentg(z|j) asfollows: [2].

p(z) = Z P(j)p(xlj) 1)

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

p(z[1) = Aexp(—Az) )
anda Gaussiamlensitywith meany andvariances?2
_ 1 _(@—p)?
p(l‘|2) - \/ﬂu’ exp( 20,2 ) (3)

A standardapproachto finding the mixing parameterandthe
parametersf the componentensitieds to useExpectationMax-
imization (EM) [2]. This is aniterative procedurevherethe Ex-
pectationand Maximizationstepsare alternated.Spaceprecludes
usfrom discussinghe detailsof the EM algorithmandthe update
equationsised.Thereadelis referredto [2] for agoodintroduction
to EM.

The procedureneedsan initial estimateof the componentden-
sitiesandmixing parametersGiventhat, it rapidly corvergesto a
solution. Using EM to fit the datagivesthe mixture fit shown in
Figure3. Thefigure plotsthe mixture densityaswell asthe com-
ponentdensitiesfor the exponentialand Gaussiarfits. For com-
parisonFigure 2 shavs the exponentialand Gaussiarfits to the
non-rel&ant andrelevant data. Comparingthe two figures, it ap-
pearsthat the stratgy of interpretingthe Gaussiarcomponenof



the mixturewith therelevantdistribution andthe exponentialcom-
ponentof the mixture with the non-releant distribution is a rea-
sonableone. We shouldnotethatthe correspondencketweerthe
mixturecomponentaindthefits to therelevant/non-releantdatais
notalwaysasgoodasthatshavn herebut in generait is areason-
ablefit.

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 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 combined mixtur e for query 151
INQUERY (inq101). Compare with Figure2

3.2 Computing Posterior Probabilities

UsingBayes’Ruleonecancomputethe probability of relevance
giventhescoreas

P(score|rel)P(rel)
P(score|rel)P(rel) + P(score|nonrel)P(nonrel)
4)

P(rel|score) =

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

thatthedocuments non-releantrespectiely. P(rel)andP(nonrel)
aretheprior probabilitiesof relevanceandnon-rel&ance.

In ourmodel,P(score|rel) is givenby the Gaussiartomponent
of themixturewhile P(score|nonrel) is givenby the exponential
partof the mixture. P(rel)andP(nonrel)may be obtainedby using
the mixing parametersThus, P(rel|score) canbe computedn a
simplemanner Therearea numberof considerationgn computing
theposterionincludingmakingsurethatit is monotonic.For further
detailssee[6]

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 Gammacomponenglsocornvergedto anexponential(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
recoseredusingamixturemodelwhenrelevanceinformationis not
available.

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 parameted,.. Thatis,

A exp(=Ar)

Pr(z) = z!

®)
wherex is the numberof timesthattheterm occursin a particular
documentndP, (z) is the probabilityof x occurrencesf theterm
in the setof relevantdocuments Also assumehatits distribution
in the setof non-rel@ant documentds given by anotherPoisson
distributionwith theparameten,, andlet P, (z) betheprobability
of x occurrence®f thetermin the setof non-releant documents.
In general \,, will bemuchsmallerthan,.

Numerousattemptshave beenmadeto modelword distributions
in the past. Harter[4] useda mixture of 2 Poissondo modelthe
distributions of wordsin a document. Our modelin this section
is closely relatedto his model. It hasbeenamguedby somere-
searcherghatthe2 Poissormodelis notagoodapproximatiorand
thatotherdistributionslik e the negative binomialarebettermodels
of thedistributionsof wordsin document$8]. Sincewewouldlike
to fit a distribution to the relevantandanotherto the non-releant,
it is muchmore cornvenientfor usto assumehe 2-Poissormodel
here. Additionally, the main purposeof this sectionis to provide
someinsightandnotarigorousderiation.

Givena queryconsistingof 1 termandassuminghatthe score
given to a documentis proportionalto the numberof matching
words in the document,the distribution of the scoresof relevant



documentss thengivenby the Poissordistribution:
_ Afexp(=Ar)

Py () !

(6)

andthedistribution of thescoresf non-releantdocuments?, (z)

is givenby anothePoissordistribution: Theactualscoregor mary

searchengineds weightedby somefunctionof thetermfrequeny

andtheinversedocumenfrequeng. However, empiricalevidence
[3] shaws thatthe scoremay be reasonablyapproximatedsbeing
proportionalto the numberof matchingwords.

For the setof relevantdocuments, will usuallybelarge. For
large valuesof )\, the Poissondistribution tendsto a normal dis-
tribution (seeFigure4). On the otherhandfor smallvaluesof A,
the Poissondistribution will tend towardsa distribution which is
falling rapidly (seeFigure 4). The shapeof thesecurvesis con-
sistentwith the experimentalmodelingof scoresfor TREC-3and
TREC-4data(seethe previous section). The experimentsshaved
usthatthe normaldistribution is a goodfit for the scoredistribu-
tions of the relevantdata. For non-relevant 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).
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Figure 4: The Poissondistrib ution for differ ent valuesof \.

It is much harderto derive the scoredistributionsif the query
consistsf two or moreterms. This is becauséhe actualscoresof
searchenginesarecomplicatedunctions.However, thereis empir
ical evidencethatthe major contritution to the scoress provided
by the numberof matchingterms[3]. We alsonote that Robert-
sonandWalker [9] motivatedat f — idf scoringfunctionfrom the
2-Poissormodel. We assumdirst thatthe scoreis proportionalto
the numberof matchingwordsand provide an intuitive agument
for querieswith two or more terms. For simplicity we will con-
siderthe casewherethe queryhasjust two termsbut the agument
appliesin general.In this casewe canassumehatthe two terms
say“oil” and“spill” canbeclubbedtogethelto createasingleterm
- “oil spill”. Thenthe A, (the averagefrequeng 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-
gueng over non-rel&ant documentsyloesnot changemuchasit

essentiallyreflectsthe backgroundgrobabilitiesof theword.
ThePoissormodelfor theshapeof therelevantandnon-releant
distributionsthatwe have derived appliesto both probabilisticen-
gineslike INQUERY andvector 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.

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.

Someapproacheto combiningscoredistributionshave focused
on normalizingthe rangeof the scoresandthen combiningthem
by simpletechniquedik e linearcombinationor by takingthe min-
imum andmaximumscores However, a simple(linear) rangenor
malizationdoesnot take into accounthe actualdistribution of the
scores.
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Figure 5: Recall precisiongraphs for combining inq101 and
crnleausing differ ent techniques(seetext). Data from TREC-3

Thereare a numberof possibleways the probabilitiescan be
usedto combinethe searchengines. We proposetwo alternative
schemes$or combination.Thefirstinvolvesaveragingheprobabil-
ities. Thisis optimalin the senseof minimizing the Bayes’errorif
thesearchenginesareindependentOf coursetheoutputsof search
enginesare not necessarilyindependent.n the following discus-
sions,dataaretakenfrom TREC-3,INQUERY andSMART arethe
individual enginesto be combined, META200 denotescombina-
tion by averagingthe posteriorsobtainedusingthe mixture model,
while META900 denoteghe combinationby averagingthe poste-
rior probabilitiesusingthe Gaussiarandexponentialfits assuming
relevanceis given. Thus, ary differencebetweenMETA200 and
META900 is causedby the errorsin performinga mixture fit to



themodel.LEE denoted.ee’s COMBMNZ [5] techniquewhichis
oneof thebestadhoc(in thesensef beingempiricallymotivated)
techniqguesround.LEE’stechniquenvolvesnormalizingthesocre
of eachengineon a per querybasis. The scoreof eachdocument
in the combinationis then obtainedby multiplying this sum by
the numberof engineswhich hadnon-zeroscores{COMBMNZ).
COMBMNZ is equivalentto weightedaveraging. The manualen-
gine selectiontechniqueinvolves selectingthe bestengine(s)and
discardingthe worst engine(s)on a per query basisusingthe av-
erageprecisionfor that query Manual engineselectionprovides
anindicationof the bestcombinationresultwe canachieve. Note
thatbothMETA900 andmanualengineselectiornrequirerelevance
informationand are only plottedto provide a baselinefor under
standingthelimits of combination.

Figure5 shaws recall-precisiomplots for combiningINQUERY
andSMART on TREC-3data. Precisionis definedasthe fraction
of retrieved documentswvhich arerelevant while recallis the frac-
tion of relevantdocumentsvhich have beenretrieved. Therecall-
precisiongraphis usuallycreatedby averagingover a certainnum-
berof queries- in this cases0. As thefigure shavs 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 indicatesthatboth META200
and LEE’s are closeto obtainingthe bestperformancepossible
from combination.

Figure 6 describescombinationresultsfor the top five engines
in TREC-3. The x-axisis the numberof enginescombinedwhile
they-axisis the averageprecision.As the plot clearly shavs com-
binationclearlyimprovesthe results. Therearefour graphsin the
figure. The first curwe is the averageprecisionof the individual
searchengines. The secondplot META200 shaws the combina-
tion methodappliedto 1, 2, 3, 4 or 5 engines.As canbe clearly
seenthereis a considerablémprovementover usingeventhe best
searchengineandoverall theimprovementseemdo increasewith
the numberof searchenginescombined. With the top 2 engines,
META200 shavs an improvementof 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 performancebtainedusingMETA90O (i.e. combinationwith
the posteriorprobabilitiesobtainedwith relevanceinformation)is
15% betterthanthe bestsingleengine.Again this indicatesthatif
the mixturefit wereimprovedwe coulddo evenbetter

This approachto combinationworks for other enginesand on
document®peratingon otherlanguageskFor moredetailssee[6].

5.1 Automatic Engine Selection

Searctengineglonotperformconsistentlyfor everyquery Thus,
for somequeriesdiscardingheresultsof a particularenginemight
actually improve the combination. The manualengineselection
stratgy actually doesthis. If we could figure out how to select
the enginesautomatically we might be ableto achieve betterper
formancethanusingjust the average. In particularwhenthe per
formanceof one searchengineis muchworsethanthe other av-
eragingis not necessarilythe beststratgy (see[6]). The ability
to modeland computethe relevant and non-releant distributions
allows usto developtechniquego automaticallyselectengineson
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Figure 6: Recall precisiongraphs for combining the bestfive
techniquesfrom TREC-3.

aperquerybasis. A numberof differentapproachesanbetried.
Spaceprecludesus from discussinghe details(see[6]. We give
belav the averageprecisionnumbersfor different approacheso
combiningthe resultsfrom INQUERY and SMART on TREC-3.
searchengines. Note that automaticengineselectionis the best
automatictechnique,althoughthe differencesbetweenit, Lee'’s
and META200 are probablynot significant. INQUERY - 0.3659,
SMART - 0.3419,META200 - 0.3876LEE - 0.3915,Automatic
Engineselection- 0.3968, META900 0.4047Manual Engine Se-
lection- 0.4144

5.2 Discussionof Combination Results

The resultsabore shawv that the mixture modelingperformsas
well asthe bestcurrenttechniqueqLEE) available for combina-
tion. Thereis scopefor a slight improvementin estimatingthe
mixture parameteraswell usingthat for obtainingbettercombi-
nation. Of courseit is alsoclearthatwe areapproachinghelimits
of thebestperformanceve canachieve.

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 also extendto multi-modal en-
ginesprovided the distributionsof scoresbehae in a similar way
for searchenginesndexing othermedia.

6. WHITHER SCOREMODELING

The modelfor scoredistributionsleadsto a numberof interest-
ing questionandpossibleuture applicationsandextensionsof the
technique.

Thefirstinterestingpointto noteis thelargenumberof different
searchengineswvhich seemto have similar scoredistributions. It is
not obvious thatthis shouldbe the case.For example,therearea
large classof functionswhich could changethe scoredistribution
without changingthe actualdocumentrankings. This leadsus to
believe thattheform of the scoredistributionsis intimatelyrelated
to the distributions of terms(words)in languages.We have intu-
itively justifiedthe form of the scoredistributionsfrom atwo Pois-
sonmodelfor word distributions. However, a moreformal derva-
tion from eithera Poissormodelor a moreaccuratenodelof word



distributions(sayanegative binomialdistribution)would beuseful.

The assumptiorthat the relevant and non-releant distributions
are given by a Gaussiamand an exponentialare only approxima-
tions. Thereare probablybettermodelsaroundand it would be
interestingto find these. The useof ary suchmodelsmusttake
into accountwhetherthey canbe recoreredfrom a mixture when
relevanceinformationis not available. Thus,for examplewe have
noticedthatthegammadistribution did fit the separateelevantand
non-releant distributions better but the mixture model approach
did notwork whena mixture of two gammadistributionswasused.

We notethatthe distributionsobtainedfrom the EM basedmix-
turemodelsarenotidenticalto thoseobtainedwhencompleterel-
evanceinformationis available. Further the resultsof combining
searchenginesusingthe EM basedmixture modelarealsonot as
accurateas thoseobtainedwhen completerelevanceinformation
is available. This suggestghatthereis room for improvementin
the EM basedmixture modeling. It also suggestghe possibility
of usingpartialrelevanceinformation(asin relevancefeedbackor
evenfiltering) to improve the mixture modeling. In fact,relevance
feedbackmayfit naturallyinto this model.

In the caseof combination,one surprisingresultis that Lee’s
technigue(basedon normalizing and weightedaveragingof the
scoresperformsaswell asit does.Lee’s techniquewasproposed
on heuristicgrounds But its performancdeadsoneto suspecthat
it actuallyapproximates moreformal combinationtechniqueand
it would be interestingto seeif we canderive a more principled
approacho Lee’'stechnique.

The scoremodelingwork canbe appliedto a numberof differ-
entareasesidegshe meta-searchingf a singledatabas@roposed
in our SIGIR paper An olvious extensionis to the problem of
combiningresultsfrom multiple searchengineswhich may oper
ate on different databases.t is not completelyobvious that the
resultswill improve in this case. For example,one of the expla-
nationsprovidedfor the efficacy of Lee’s techniqueis thatit tends
to promotethosedocumentsvhich arereturnedoy multiple search
engines.Whenthe databaseare different, the samedocuments
unlikely to be presenin multiple databaseandhencethe efficacy
of theproposedccombinationtechniquen suchcasess unknavn.

Other extensionscould include the applicationto one or more
databasef differentlanguages.Multi-lingual retrieval oftenin-

volvesusingthesamegueryin multiplelanguage$o searctdatabases

in differentlanguages.A commonproblemin suchsituationsis
how theranksoutputfor searchenginesoperatingon differentlan-
guagesshouldbe combinedandtheredoesnot seemto be solution
whichis satishctory Scoremodelingcouldallow usto convertthe
scoref eachsearchengineto a probabilityandthencombinethe
probabilities. The probabilitiescanbe combinedin a morenatural
way We hopeto do someexperimentsn the nearfutureto testthis
hypothesis.

Recently[1, 12] scoremodelinghasbeenappliedto selecffilter-
ing thresholdsHowever, thiswork hasbeendonewithoutusingthe
mixturemodelingapproach i.e. the Gaussiarandexponentialdis-
tributionsare obtainedusing relevanceinformation on a subsetof
thedata.lt maybeworth examiningwhetherthe mixture modeling
would improve theresults.

Anotherinterestingquestiorthatcomego mindis whetherthese
modelsalsofit searctengineperatingonothermedia. Thisneeds
to betested.If true,it couldleadto oneway of combiningmulti-
mediaenginesfor multi-modalretrieval.

7. CONCLUSION

We have demonstratetion to modelthe scoredistributionsof a
numberof text searchengines.Specifically it wasshavn empiri-

cally thatthe scoredistributionson a per querybasismay befitted
usingan exponentialdistribution for the setof non-releant docu-
mentsanda normaldistribution for the setof relevantdocuments.

It wasthenshawvn thatgivena 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 differentsearctenginego producea meta-searckngine.The
resultsweresubstantiallybetterthaneithersearchengineprovided
no “searchengine”performedeally poorly. Differentcombination
techniquesvere proposedncluding averagingthe posteriorprob-
abilities of the differentenginesaswell asusingthe probabilities
anddistributionsto selectvely discardsomeenginenaperquery
basis.

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