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Abstract

Sinceusers relevancejudgmentsare a sourceof evidencefor informationretrieval, learningfrom this feedbackis
anappealingdea. Mary differentlearningtechniquesave successfullypbeenusedfor relevancefeedback.ln most
models learningis eitherperformedoff line or is basedn simpleheuristics.The approachwe proposes basedna
classicaprobabilisticmodelin which learningfrom feedbacks simpleandincrementalln this paperwe extendthis
model,presentinga new similarity functionthattakesinto accountfeedbackon the entiredatabasevhile computing
the scorebetweera queryanda singledocument.As aresult,whena userjudgesa documenit modifiesthe whole
retrieval process.

1 Intr oduction

A perfectdocumentetrieval systenshouldbeableto retrieve, from adatabasedocumentshatarerelevantto ausers
query Unfortunately mary non-reloantanswersareusuallyalsoretrieved. Evenif onecanimprove the quality of
documentandqueryindexation, this automaticprocesss never perfect. Userrelevancejudgmentsprovide evidence
aboutthe users realinformationneedandhave beenusedextensiely in informationretrieval for learning[16]. The
problemof learningcan be summarizedas follows: “knowing a users query needand his/heropinion aboutthe
relevanceof somedocumentso his/herneed whatcanbe doneto improve the systenretrieval performance”.

Thereexiststwo main learningmodesfor IR. The first considergetrieval asaninteractive process.Thatis, the
usergiveshis/heropinion on the documentdound by the system this informationis thenusedto modify the query
representatioandanew searchis performed.Oncetheretrieval sessions finished all feedbacknformationis usually
lost'. The otheroneaimsat developingpermanentearningmodelsthatuseusers feedbacko modify someinternal
retrieval parameter@and/ordocumentrepresentation.In this case,feedbackeffect is permanentsit modifiesthe
retrieval process- eitherimmediatelyor after an updateof the system. In this article, we will focuson permanent
learning.

Many permanentearningtechniquesequirebatchsessionsr arecomputationallyjdemanding For mostof them,
learningis an externalprocesghat modifiesoff line parameterand/ordocumentepresentationOff line learningis
oftencomputationallydemandingandoften,addinga new documenbor new feedbacknecessitata wholere-learning
of the systemwhich is not desirable.On the contrary the modelwe arebasedon is suchthatfeedbackinformation
anddocumentepresentatiosannotbe dissociatedIn this model,learningis alsosimpleandincremental We further
extendthis modelto improve learningspeedandtheinitialization of the documents representatioeasier

The paperis organizedasfollows. We make a review of learningmodelsin informationretrieval in section2 and
catgyorizethemaccordingo which partof theretrieval procesghey modify. In section3, weintroducethe“document
centered’probabilisticapproachuponwhich our modelis based,and shav the advantagesand limitations of this
model.We thendescribeour differentialprobabilisticmodel. Finally, we presenthe resultsobtainedon two different
testcollectionsin sectior4.

INotehowever thatKeim etal [13] proposeto keepthis feedbackor futureretrieval sessions.
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2 Previousreseach

In informationretrieval, systemghatlearnfrom userfeedbackattemptto modify eitherthe queryrepresentatiomr
the similarity function parameter®sr the documentrepresentationWe review methodsof thesedifferentcateyories
mentionedbelonr andwe alsopresenideastakenfrom the neuralnetwork community

2.1 Modifying the similarity function parameters

Aninformationretrieval systencontaingdifferentparameterthatcanbeadjustedo increasehesystems performance
for a specificdatabasenda specificquery style (e.g. naturallanguagequeries keywords...). For doing so, mary
learningtechniquesimto optimizea functiondependingn theseparameters.

Because retrieval systemis moreor lessa systemthatoutputsa rankedlist of documentsBartell etal. [3, 1, 2]
suggestto optimize the Guttmans point alienationfor improving retrieval. This criterion is basedon non-binary
relevancejudgmentsthat createa partial orderon documents.Hence,a documentis saidto be superiorto another
onewith respecto a queryneedwhenthe userprefersthis documento the other The criterionthey definereaches
its minimumwhenthe ordercreatedby the similarity functionis the samethat the orderdefinedby the users.They
shaw thatthis criterionis highly correlatedto the averageprecision. The parametersf the retrieval systemarethen
optimizedsoasto minimizethis criterion. Suchparametersanbeweightsof differentsimilarity measuresvhich are
thenlinearly combined1], or parametersf a similarity measurg2].

Anothermethodusedto optimizesimilarity parameterss the techniqueof regressioranalysis.As in probabilistic
retrieval, we wantto predictthe valueof a variable therelevance givensomequantitatve variableson the document
and query relationship(like scoresof someVector SpaceModel similarity measuresyvhich may contritute to the
prediction.Two differentapproachesxist: linearregressiormethodgFuhretal. [11]) andlogistic regressiommethods
(Cooperetal. [9]). Thelatterapproachasit givesresultsin theinterval [0..1], is moreappropriatéfor theprobabilistic
framework.

We canalsocite Yu andRaghaan[24] who proposéo build semantiaelationshipsith feedback Thebasicidea
is thateachqueryfeaturethatis not presenin arelevantdocumenis someha semantically(e.g.synoryms)related
to adocumenfeature.They usethisinformationto definea new similarity measure.

2.2 Modifying the query representation

The*“query pool” framawork, which combinednteractive andpermanentearning,wasproposedy Keimetal. [13].
In the probabilistic model they are basedon, feedbackis lost when the retrieval sessionends. In this approach,
previous interactiong(the three-tuplegquery,document,rievance]) are usedto modify a new querypresentedo the
system.The principle of this approactis thatthe morea pastqueryis similar to the newv query, the moreit contains
relevantinformationfor the new one. This modelallows interactve and permanentearningbut is computationally
expensve for retrieving document@andaddsthe problemof evaluatingsimilarity betweemueries.

All theseapproachesdo not alterdocumentepresentationyhich setsclearlimits on their effectivenessin mary
situationsdocumentshouldbe enriched- e.g.to matchthe queryterms,andtherelative weightsof documenterms
shouldbe carefullytuned.The next two sectiongresenapproacheshich modify thedocumentepresentation.

2.3 Neural networks

Neuralnetworks arewidely usedin machinelearningtasksandseveral authorshave developedexplicit networks for

retrieval, e.g. the PIRCSsystem(Kwok [14, 15]) andthe work of Belew [4]. Thesemodelssharethe samebasic
characteristicsWhena queryis presentedo the systemjndividual nodesthatrepresenthe queryareactivated(with

varyingintensity). Thenthisinitial activationspreadshroughthe network beforeactivatingthedocumennodes.The
most highly stimulateddocumentsarethenretrieved. FeedbacKearningin suchmodelscanbe doneby classical
backpropagation.The major dravback of suchnetworks are the difficulty to control the learningprocessandthe
difficulty to addor remove adocument.
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2.4 Modifying documentsrepresentation

The Brauens DocumentVectorModification[7] is oneof the simplestmethodusedto learnfrom feedback Whena
documents judgedrelevantfor aquery, thelearningalgorithmmodifiesthe documentrepresentatiofor eachfeature
presenteitherin the queryor in the document. Whena documentfeatureis presentin the query (in Vector Space
Model, the setof featureds the samefor both queriesanddocuments)its weightis increasedWhena featureis not
in the query its weightis decreasedunlessit wasnot presentin the documentrepresentatione.g. with weight 0).
As aresult,if the samequeryis matchedagainstthis documentthe similarity measurewill be increased.A major
drawbackof this methodis the lack of controlin thelearningprocess.

This principle is extendedby Bodoff [6]. To avoid an uncontrolledmodification of the documentvector he
definesafunctionstresgD, Q), whereD is thesetof documentandQ thesetof pastqueries Basically thisfunction
decreaseaseachdocumentepresentatiogetscloserto queriefor whichthey arerelevantandaway from queriesfor
whichthey arenot. But stressalsoincreasessthedistancebetweerthe documents (or query’s) initial representation
andits currentrepresentatioincreasesthusavoiding an excessve modificationof documentsectors. The goal of
learningis to minimize the stressfunction. Hence,this modelattemptsto reachfor eachdocumentan equilibrium
betweerits initial representatioandtherepresentatioof the queriesfor whichit is relevant.

Thelastmodelwe will quoteis the probabilisticmodel(calledmodel1) from MaronandKuhns[18, 17, 19). It
is alsothe basisof our presentwvork. The principleis to learnfrom feedbacka relationbetweereachpossiblequery
featureor termandaspecificdocumentA documents thereforerepresentetly atablewhichindicatesfor eachterm:

¢ thenumberof queriescontainingthis termfor which the documentvasjudgedrelevant.
e thenumberof queriescontainingthis termfor which the documenwasjudgednot relevant.

This modelis well suitedfor permanentearningsinceit integratesfeedbacldirectly in the documentepresentation.
As aresult,the modelenablesncrementafeedbacko be implementecefficiently (it is just an updateof statistics).
Themajordravback,asstatedn [23, 10], is thatthefeedbackmodifiesonly the representationf a singledocument.
Hence theamounibf feedbaclkheededo produceasignificanteffect (or agooddocumentepresentatioriy important.
Our model,asit will be shovn in the next section,usesthe sameinformationfor eachdocumentout considerst as
relativeto the entiredatabasandnot limited to onedocumentsin modell.

3 The differential probabilistic method

3.1 Intr oduction

Our approachs basedon the probabilisticdocument-centereahethod.As ary otherprobabilisticapproachits foun-
dationlies in the Probability RankingPrinciple. This principle statesthat rankingthe documentsn the decreasing
orderof probability of relevanceknowing the documeniandthe query, P(R|qg,d), will minimizethe expectedhumber
of documents userhasto consultbeforefinding all therelevantdocumentso his query(if hefollowsthatorder). This
probabilitycant be evaluateddirectly, insteadoneuseshefollowing criterionwhich providesanequialentranking:

P(Rd) P(qlR.d)
P(R|d) P(qR,d)

log +log Q)
(1) is at the basisof the document-centeredpproach. Here, we have to estimatethe probability to have a query
g knowing that we have the documentd anda relevanceor non-relevancerelationship. We will shawv that (1) can
be rewritten so asto explicitely take into accountthe influenceof all the documentgresentin the databasevhen
computingthe scorebetweena specificdocumentand a specificquery This theoreticalmodificationbrings some

interestingproperties:
¢ Documentnitializationis easier

e Learningis faster

IRSG 2000- 22ndAnnual Colloquiumon IR Research 3



Learning in Information Retrieval: a Probabilistic Differ ential Approach

In the following, we definesomekey conceptsof our modeland shov how we derive from formula 1 a new
similarity measurahatrespectshe ProbabilityRankingPrinciple. We alsopresensimplifying assumptionsve have
to make —in orderto computea scorebetweera queryanda document- andexplain how learningis performed.For
easeof reading thedescriptionis mainly informal, all mathematicatletailsaredeferredto appendixesB andC.

3.2 Notations

The completelist of notationsis deferredto appendixA. We introducebelon the mainconceptswvhich will beused
in the derivation of our model. The definition of the probabilisticspaceand eventsis classicalandwe will follow
Schaible [22]. As for all probabilisticmodels,we have to solve the following basicproblem: how to evaluatethe
probability thatwe have a relevancerelationship knowing a documentanda query To evaluatethis probability, we
have to malke a first assumptiorabouteitherthe queryeveng g or the documenteventd. In this model,asdiscussed
before we have choseradocument-centerespproachWe considethatevery queryq is representetly a conjunction
of eventsQ. or Q. whereQ, meansermc is in the query. We denoteq this representationf g. Thus,two queries
sharingthe samerepresentatioare consideredo be the sameevent. On the contrary a documenteventd is unique
andcant be expressedsa conjunctionof simplerevents.
As aresult,statisticscollectedto approximaterobabilitieswill becenteredn the documentWe thusdefine:

e R(c,d) asthe numberof queriesthat containsterm ¢ for which document is relevant. We denoteR(c,D’),
whereD’ C D, thesumof R(c,d) for all d € D'.

o We definesimilarly R(c,d) andR(c,D’) in the caseof non-relevance.
e R(d) (resp.R(d)) asthenumberof queriesfor whichd is relevant(resp.non-relevant).

Note that statisticsfor Q. eventscan be derived from R(d) andR(c,.). Adding feedbackin this modelis simple.
Whena documenis judgedrelevantfor a queryq, we incrementhe valueof R(c,d) for every termc of the queryaq.
Similarly, whenthis documentis non-releant,we incrementthe valueof R(c,d).

3.3 Probabilistic assumptionsfor IR

For the computationatractability of our model,we make simplifying assumptionsThe first two assumptionselate
to the queriesandaremandatorywhile the two following onesrelateto the documentsandcanbe easilyreplacedoy
othera priori assumptions.

The following assumptioris usualin probabilisticlR andcanbe thoughtasthe minimal assumptiorwe have to
make in orderto have a simplerelationshipbetweerny andthe conjunctionof Q. andQ [22, 10]:

Hypothesis1 (Link ed dependence)For a givenD’' C D anda givenqueryd, we havethefollowing relationship:

PARD) _ - PQID'R) - PR
PR A) L PQIDR) Ly PQID,R)

This assumptioris slightly wealerthanthebinaryindependancandalsoavoidslogical inconsistencief8]. Comput-
ing for every documenta partial scorefor eachpossiblequeryfeaturewould take too muchtime for a fastretrieval.
We usethefollowing assumptiorto ignoreevery termc whichis not presenin thequery:

Hypothesis2 (Term absence) Termsthat are notin the queryrepresentatiordo not haveany effecton therelevance
or non-relevanceof a documentFormally, we have

P@R,D) P(Qc|D',R)

P@Rd) ~ LIPQID'R

2We usea simplified notationfor mostprobabilisticevents. For example the eventq is confusedwith thequeryq € Q.
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Wewill furtherassumehatthedocumentistributionis uniformandthatall thedocument$iave anequala priori
relevanceprobability.

Hypothesis3 For all d,d’ € D, P(d) = P(d’') and P(R|d) = P(R|d').

3.4 Principle

The proposednodeldoesnot look for a direct estimateof the relevanceof a specificdocumentd. On the contrary
we aim to evaluatethis probability for whatis called herean anti-document This anti-documentanbe seenasa
representationf the databasevhenthe document is removed. We areinterestedn the following question:if we
remove this documentrom the databasewill the probability to find a relevantdocumentincreaseor decrease |If
it increasesthenthis documents probablynot relevant. In the othercase the decreasevaluewill tell usaboutthe
relevanceof thisdocument.

We introducebelow a scorevalue §(q,d), for measuringhe similarity of g andd andrankingdocuments.In S
probabilitiesare expressedasa function of the eventanti-documentdenoted-d. From a theoreticalpoint of view,
thefirst thing to do is to show the equivalencebetweerthe orderimplied by formula 1l andaformulaS. In appendix

B, we shaw thatthe orderimplied by P(R|q,d) is not changedvhenorderingwith — EE;E’::B.

resultin orderto obtainanequialentformulawhereeachtermcanbe easilyapproximatedThis formulagivesusthe
form of the probabilitythathasto be estimatedThatis, the probabilityto have a querycontainingtermc in the setof
queriesrelevantto adocumenin D\ d. In appendixC, we give anestimateof sucha probability. Finally, we obtain
the following formula which approximates similarity function that ordersdocumentsaccordingto the Probability
RankingPrinciple:

We thenderive this

_ _Rd)+2 1— . _Red
_ R(D)+2|D] R(c,D)+|D|-1
S(a,d) = —lallog —egry — 3 log—gcg—

RD+2D]  €0d  l—gepts

This model could work without any documentinitialization, usingfeedbackprogressiely. Neverthelessthein-
formationcontainedn documentsanhelpto bootstrapghe system We have choserempiricallythe following initial-
ization,for eachdocumend andtermc —where| x| is theintegerpartof x, N¢(d) is thenumberof termc occurrence
in d, andmayy is theN:(d) maximumfor all termc € d:

Rc.d) = {L1+(NR—1)¢(c,d)J+i :; Hﬁg;zg
Red) = {Ll+(Nﬁ—1)(l—¢(c,d))J+1 :: Hzgg%zg
whered(c,d) = g3l . And for eachdocument €
Rd) = 2+Ng )
Rd) = 2+Ng 3)

A constanif 1 appearsn R(c,d) andR(c,d) anda constanbf two appearsn R(d) andR(d). They areusedto
modelthe uncertaintywhentermc is not presentn d. This initialization canbe seenasthe first “feedback”for the
documentl, whereNg (resp.Ng) is thenumberof queriesor whichthedocuments relevant(resp.non-releant)—the
only termsappearingn thesequeriesbeingthe termscontainedn the document.This initialization alsodetermines
theinertiaof our system:the higherNg is, the moretime this systemtake beforereactingto feedback.

This first initialization, althoughvery simple, givesgoodresultwith our model (seesection4). Indeed,asour
modelcomputesa scorebetweera queryanda documentn its databasecontext, we do not have to take into account
thedistribution of eachfeatureoverall thedocumentsAs aresult,documentnitialization canbe computecnly from
theindexationof this documentConsequentlyaddingor remaving adocumenin thedatabasés easy
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4 Evaluation

For evaluation,we usedtwo differentcollections. Thefirst oneis the Cranfieldcollectionthat contains1398 doc-
uments,225 queriesand 1837 relevancefeedbackjudgments. The seconds the CISI collectionthat contains1460
documents]112 queriesand3114relevancefeedbaclkudgments.For eachcollection,queriesarerandomlysplit into
two differentsetd, the“training set” andthe “evaluationset”.

Theevaluatedalgorithmsare:

e TF-IDF : theclassicalSMART algorithm[20] (Vector SpaceModel), e.g. the TF-IDF weightingschemaewith
cosinesimilarity measure.

e DIFF,forn=0,1,10: thedifferentialmethod.Threedifferentexperimentatonditionsareevaluated.Thefirst
one(n = 0) doesnot useary feedbackirom thetrainingset. In thesecondone(n = 1), all thetraining queries
areusedto updatethe documentepresentationin the third one (n = 10), eachtrainingquery“simulates”the
effectof 10 querieswith the sametext andthe samerelevantdocuments.

Theevaluationmeasureshoserare:
e Table2 andfigure1 and2: theprecision-recalturves.

e Table3: anequvalentof the “precisionat n documents’table. Insteadof the precisionwe choseto shav the
meannumberof relevantdocumentsn then first documentgivenby theretrieval systemwhichis equialent.

Theresultsshav thevalidity of our approactwhenoneconsiderghesefollowing two obsenations:

e whenno feedbackis used,our modelperformancas closeto the SMART results. This is importantsinceit
shavsthatour new similarity measureeancomparewith areferencemodel.

o FeedbackmprovesthesystenoverallperformanceThefeedbacleffectis evenstrongemwhenthequeryweight
is increasede.g. DIFFg). Thislastresultsuggestshatwe cantake advantageof non-binaryrelevancejudg-
mentslike “highly relevant”, “very relevant”, etc. For eachsuchjudgment,we could presento the systemthe
three-tuplgquerydocument,releance)a numberof timesdependingon this judgment.

Thetwo collectionsarerathersmallandwe usedthemhereonly to assesghefeasibility of ourapproachBothare
build from shortdocumentsthe main differenceis in theratio of relevantdocumeniper querywhich is muchhigher
in CISI. Initializationis crucialfor the behaior of our methodandcouldstill beimproved. The superiomperformance
of DIFF1p comparedo DIFF; is certainlypartly dueto this raw initialization. On the otherhand,the goal of this
methodis to discoser automaticallygooddocumentepresentations.

5 Conclusion

An extensionof the document-centereprobabilisticmodelhasbeenproposed.Our approachusesa new similarity
functionthattakesinto accountall theinformationavailablein the databaséo computethe scorebetweera queryand
asingledocument.Theadwantagesvith regardto the formermodelareareallearningeffectandan easierdocument
initialization. Unlike otherapproachedearningis very simple(it is just an updateof statistics)andallows to build
a completeinformationretrieval systemthatlearnspermanently This approachusesthe queryindexationto replace
progressiely an empirical documentinitialization®. An interestingextensionwould be the useof a query specific
linguistic knowledgeto get more accuratefeatures. To improve the system,one could also considerthe useof a
hierarchicadocumentatabasevhereeachnodewould containquerytermsthathave the sameimportancefor all the
documentdt containg(or thatsub-nodegontain).As aresult,retrieval would be fasterandmoreprecise(asfeedback
canbesharedby mary documents).

Shttp://ww. dcs. gl a. ac. uk/i donfir resources
4Seethetable1 for statisticsaboutthe differentsets
5Notethatthisinitialization cansurelybeimproved
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Cranfield Cisl
trainingset | evaluationset | trainingset | evaluationset

Numberof queries 158 67 67 44
Meannumberof feedbaclkby query 8.4 75 27.3 29.3
Meannumberof feedbackby document 0.95 0.36 1.25 0.88
Meannumberof feedbacKor arelevantdocumenin 1 15
theevaluationset
Percentag®f documentgelevantto a queryin the 61% 78%
evaluationsetwhich havefeedbackn thetrainingset

Table1: TrainingandevaluationsetscharacteristicsMost lines areself explanatory Thelastline is the percentage
amongdocumentsvhich arerelevantto a queryfrom the evaluationsetof thosewhich arealsorelevantto a query
from thetraining set. Suchdocumentaremodifiedduringtraining (DI FF; andDI F Fy).

Recalllevel Precision
Cranfield Clsi
TF-IDF | DIFFy | DIFF; | DIFFo | TF-IDF | DIFFg | DIFF; | DIFFqg
0.1 74.4% | 73.2% | 73.3% | 76.9% | 39.1% | 32.8% | 37.1% | 37.4%
0.4 41.0% | 41.1% | 42.6% | 51.1% | 19.6% | 16.8% | 18.6% | 20.4%
0.7 21.4% | 20.0% | 20.9% | 29.4% 8.8% 8.1% | 9.5% | 14.4%
1.0 10.1% | 08.4% | 08.9% | 14.4% 3.7% 42% | 4.5% 4.2%

Table2: Precision-recaltablefor CranfieldandCISI.

Meannumberof relevant Cranfield CIsl
documentst... TF-IDF | DIFFy | DIFFy | DIFFo | TF-IDF | DIFFg | DIFF,
1 document 0.66 0.69 0.72 0.73 0.32 0.42 0.42
2 documents 1.12 1.13 1.15 1.21 0.58 0.71 0.77
3 documents 1.52 1.49 1.54 1.63 1.00 1.00 1.03
5 documents 2.01 1.97 2.03 2.23 1.71 1.65 1.78
10document 2.73 2.72 2.82 3.16 2.90 2.84 2.94
R documents 35.7% | 34.1% | 36.0% | 40.5% | 19.7% | 18.8% | 19.2%

Table3: Precisionatn documentgor CranfieldandCISI.

PRECISION
PRECISION

0 02 04 06 08 1
RECALL RECALL

Figurel: Cranfield1400collection.Left: comparisorwith TF-IDF-cosine Right: feedbacleffect
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Figure2: CISI collection.Left: comparisorwith TF-IDF-cosine Right: feedbaclkeffect
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Appendix

A Definitions

We denoteQ = Q x D the samplespacewhereQ is the setof queriesand D the setof documentsP = 29 — [0,1]
assignsvery eventE a probability P(E). We will considerthefollowing eventsin this probability space:
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The eventhavingthe documentl,, notedE(dh) or dn, E(dn) = {(g,d) € Q x D|d = dn} andthe eventhaving
adocumentn D' C D, notedE(D') or 7', whichis theunionof E(d) for all d € Dy

Theeventhavingthe querygn, notedE(gn) or dn, E(an) = {(0,d) € Q x D|g=q, }.
e Theeventrelevance notedE(R) or R, E(R) = {(g,d) € Q x D|d is agoodanswerfor g}.

Theeventthe characteristicc is in the query, notedE(Qc) or Qc, E(Qc) = {{(g,d) € Q x D|c € g}.

B Document- anti-documentrelationship

Thedefinitionof thedocumeneventimpliesthatfor d # d’ we have:

P(D/|9: R) = P(VdED’dlga R) = z P(d|9, R) (4)
deD’
With thenotation—d = E(D\ {d}),
P(Rlg,—d) = wP(ﬁdm, R) with Bayes
= P(—d|q) =
= PRI ;g R) with ()
P(ﬁdlg) -
P(R|q) P(d|9) :
= =1 =P(R|d, with Bayes
Pl |\ PR Y g
_ P(Rig) —P(d)P(R/d,q)
P(Rig) — P(d)P(Rd,q)
P(R|g,—d) P(R|g) — P(d)P(R/d,q)
Then—— = )
P(R|g,~d) (1-P(R@)) —P(d)(1-P(R|d,9))
With formula5, onecanshow that% is astrictly increasingunctionof P(R|q,d). We canthuscreateanorder
which respecthe Probability RankingPrinciple by following the naturalorderingof — igg’:gi . Using1, we obtain
_log P(Rig,~d) _log PR _ o P(qIR,—d)
= —Iog@ -y P(QclR ~d) usinghypothesisl, 2 and3. (6)

PR & PQIR-d)

C Probability estimate

The probability of having atermc in a queryfor which the documend is relevantis pcqg = P(Q: AdAR). Let Xéd
be arandomvariablethat takesthe value 1 whenthe eventE(Q¢) A E(d) AE(R) is true,and0 otherwise.Xci,d thus

follows aBernoullilaw with parametepcg. Let Yeg = X1y +---+ XCN(‘] bearandomvariabledenotingthe numberof
timesdocumend is relevantto a querywhich containsthetermc, WhereNq denoteshe numberof pastqueriesfor

which we have feedback.We caneasilymake the assumptionhatxg’d andXéd, i # j, areindependentAs aresult,
Ye,d is Binomial distributedwith parameterg. 4 andNg, and:

P(Yea=k) = G Pla(1—pea)™™ fork=0,--,|Ny|
E(Yed) INg|Pe,d
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With Yo or = 3 gepy Ye,d We Obtain:

E(Yep) = [NglP(QeAD'AR) = [Ng|P(R)P(D'|R)P(Qc|D', R)
~ R(c,~d)
andi(gfc’;)) = P(D')P(Q|D',R)
R*(c,—d)
R*(c, D)

whereR*(c,—d) andR'(c,d) denotethe expectedvalueof R(c,—d) andR(c,d) we would have if we knew therele-
vancejudgmentbetweereachqueryandeachdocument.

In orderto estimateR*(c,D'), we have to take into accounthe assumptioron the equalrelevancea priori of ary
document. It implies that the numberof queriesfor which a documentis relevantis the same. We denoteby R
this number Thevalue% is theratio of query-documentoupledinked by the relevancerelationshipwith a
documentn D’ for which the querycontainghetermc. As aresult,we getanapproximatiorof R*(c,D’):

R(c,D’) +|D'|

l ~
RED)~ rpy+2p) <R

x |D|

Following, we have:

—|d
R(c-d) _ megigng *IRdx (21

R'(c,D) % IRyl x | D]

andusingthefactthatR(c,—d) = R(c, D) — R(c,d) andR(—-d) = R(D) — R(—d), we obtainanestimatef P(Q¢|-d, R):

R(c,d)+1 |@|
~ T RCD)HD)
P(QCl_'d: R) = 1 R(d)+2 X |Q)|

~ R(D)+2/D]

A similar resultcanbe obtainfor P(Qc|~d,R) allowing usto statethat:
R(d)+2

- R(c,d)+1 _
P(Qc¢[-d,R) 1- ReD)+o] 9 1 R(D)+2D| @)
p d.R R(c,d)+1 _ _R{d)+2

(Qel=dR) 1= Repprp LT RO

Recallingformula6, we canthusderive a computableestimateof formulal, wherec € d denotethatR(c,d) # 0
orR(c,d) #0:

gt ReZd) PR S log (0P
P(R|g,~d) P(R) & P(Qc[-d,R)
R R(d)+2 1— R(c,d)+1 1— 1
_ +2|@| R(c,D)+|D] R(c,D)+|D]
= Iog Zlog1 Z Iogw— Z Iogl_ 1
¢& Dy o 1- Reo)+p  ocdd RC.D)+1D)
R(d)+2 R(c,d) 1
P(R 1-Roy+20 1- o1 1- e
g LT e - L
l-Ropan  “dd  l-gopiem GO RGD)+ /7]
7(d)+2 1 _ R(C,d)
_ D)+2|D| R(c,D)+[D|-1
= K(@)—|dq |09W— > |091 Rcd) 8
R@D)+2D] c€dd ~ ReD)+|D-1

whereK(q) is afunctionthatdepend®nly uponthe query
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