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Abstract

Sinceuser’s relevancejudgmentsarea sourceof evidencefor informationretrieval, learningfrom this feedbackis
anappealingidea. Many differentlearningtechniqueshave successfullybeenusedfor relevancefeedback.In most
models,learningis eitherperformedoff line or is basedonsimpleheuristics.Theapproachweproposeis basedona
classicalprobabilisticmodelin which learningfrom feedbackis simpleandincremental.In thispaper, weextendthis
model,presentinga new similarity functionthattakesinto accountfeedbackon theentiredatabasewhile computing
thescorebetweena queryanda singledocument.As a result,whena userjudgesa documentit modifiesthewhole
retrieval process.

1 Intr oduction

A perfectdocumentretrieval systemshouldbeableto retrieve,from adatabase,documentsthatarerelevantto auser’s
query. Unfortunately, many non-relevantanswersareusuallyalsoretrieved. Even if onecanimprove the quality of
documentandqueryindexation,this automaticprocessis never perfect.Userrelevancejudgmentsprovide evidence
abouttheuser’s real informationneedandhave beenusedextensively in informationretrieval for learning[16]. The
problemof learningcan be summarizedas follows: “knowing a user’s query needand his/heropinion aboutthe
relevanceof somedocumentsto his/herneed,whatcanbedoneto improvethesystemretrieval performance?”.

Thereexists two main learningmodesfor IR. Thefirst considersretrieval asan interactive process.That is, the
usergiveshis/heropinionon the documentsfoundby the system,this informationis thenusedto modify the query
representationandanew searchis performed.Oncetheretrieval sessionis finished,all feedbackinformationis usually
lost1. Theotheroneaimsat developingpermanentlearningmodelsthatuseuser’s feedbackto modify someinternal
retrieval parametersand/ordocumentrepresentation.In this case,feedbackeffect is permanentas it modifiesthe
retrieval process– either immediatelyor after an updateof the system. In this article, we will focuson permanent
learning.

Many permanentlearningtechniquesrequirebatchsessionsor arecomputationallydemanding.For mostof them,
learningis anexternalprocessthatmodifiesoff line parametersand/ordocumentrepresentation.Off line learningis
oftencomputationallydemandingandoften,addinga new documentor new feedbacknecessitatea wholere-learning
of the systemwhich is not desirable.On thecontrary, themodelwe arebasedon is suchthat feedbackinformation
anddocumentrepresentationcannotbedissociated.In thismodel,learningis alsosimpleandincremental.Wefurther
extendthis modelto improvelearningspeedandtheinitializationof thedocument’s representationeasier.

Thepaperis organizedasfollows. We make a review of learningmodelsin informationretrieval in section2 and
categorizethemaccordingto whichpartof theretrievalprocessthey modify. In section3, weintroducethe“document
centered”probabilisticapproachuponwhich our model is based,andshow the advantagesand limitations of this
model.We thendescribeourdifferentialprobabilisticmodel.Finally, wepresenttheresultsobtainedon two different
testcollectionsin section4.

1Notehowever thatKeim et al [13] proposeto keepthis feedbackfor futureretrieval sessions.
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2 Previous research

In informationretrieval, systemsthat learnfrom userfeedbackattemptto modify eitherthe queryrepresentationor
the similarity function parametersor the documentrepresentation.We review methodsof thesedifferentcategories
mentionedbelow andwe alsopresentideastakenfrom theneuralnetwork community.

2.1 Modifying the similarity function parameters

An informationretrievalsystemcontainsdifferentparametersthatcanbeadjustedto increasethesystem’sperformance
for a specificdatabaseanda specificquerystyle (e.g. naturallanguagequeries,keywords...). For doing so, many
learningtechniquesaim to optimizea functiondependingon theseparameters.

Becausea retrieval systemis moreor lessa systemthatoutputsa rankedlist of documents,Bartell et al. [3, 1, 2]
suggestto optimize the Guttman’s point alienationfor improving retrieval. This criterion is basedon non-binary
relevancejudgmentsthat createa partial orderon documents.Hence,a documentis said to be superiorto another
onewith respectto a queryneedwhentheuserprefersthis documentto theother. Thecriterion they definereaches
its minimumwhentheordercreatedby thesimilarity function is thesamethat theorderdefinedby theusers.They
show that this criterion is highly correlatedto theaverageprecision.Theparametersof the retrieval systemarethen
optimizedsoasto minimizethis criterion.Suchparameterscanbeweightsof differentsimilarity measureswhichare
thenlinearlycombined[1], or parametersof a similarity measure[2].

Anothermethodusedto optimizesimilarity parametersis thetechniqueof regressionanalysis.As in probabilistic
retrieval, we wantto predictthevalueof a variable,therelevance,givensomequantitativevariableson thedocument
andqueryrelationship(like scoresof someVectorSpaceModel similarity measures)which may contribute to the
prediction.Two differentapproachesexist: linearregressionmethods(Fuhretal. [11]) andlogisticregressionmethods
(Cooperetal. [9]). Thelatterapproach,asit givesresultsin theinterval

�
0 ��� 1� , is moreappropriatefor theprobabilistic

framework.
WecanalsociteYu andRaghavan[24] whoproposeto build semanticrelationshipswith feedback.Thebasicidea

is thateachqueryfeaturethat is not presentin a relevantdocumentis somehow semantically(e.g.synonyms)related
to a documentfeature.They usethis informationto definea new similarity measure.

2.2 Modifying the query representation

The“query pool” framework, which combinesinteractiveandpermanentlearning,wasproposedby Keimet al. [13].
In the probabilisticmodel they are basedon, feedbackis lost when the retrieval sessionends. In this approach,
previous interactions(the three-tuples[query,document,relevance])areusedto modify a new querypresentedto the
system.Theprincipleof this approachis that themorea pastqueryis similar to thenew query, themoreit contains
relevant informationfor the new one. This modelallows interactive andpermanentlearningbut is computationally
expensivefor retrieving documentsandaddstheproblemof evaluatingsimilarity betweenqueries.

All theseapproachesdo not alterdocumentrepresentation,which setsclearlimits on their effectiveness.In many
situations,documentsshouldbeenriched– e.g.to matchthequeryterms,andtherelativeweightsof documentterms
shouldbecarefullytuned.Thenext two sectionspresentapproacheswhichmodify thedocumentrepresentation.

2.3 Neural networks

Neuralnetworksarewidely usedin machinelearningtasksandseveralauthorshave developedexplicit networksfor
retrieval, e.g. the PIRCSsystem(Kwok [14, 15]) andthe work of Belew [4]. Thesemodelssharethe samebasic
characteristics.Whena queryis presentedto thesystem,individualnodesthatrepresentthequeryareactivated(with
varyingintensity).Thenthis initial activationspreadsthroughthenetwork beforeactivatingthedocumentnodes.The
mosthighly stimulateddocumentsare then retrieved. Feedbacklearningin suchmodelscanbe doneby classical
backpropagation.The major drawbackof suchnetworks are the difficulty to control the learningprocessand the
difficulty to addor removea document.
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2.4 Modifying documentsrepresentation

TheBrauen’sDocumentVectorModification[7] is oneof thesimplestmethodusedto learnfrom feedback.Whena
documentis judgedrelevantfor aquery, thelearningalgorithmmodifiesthedocumentrepresentationfor eachfeature
presenteither in the queryor in the document.Whena documentfeatureis presentin the query(in VectorSpace
Model, thesetof featuresis thesamefor bothqueriesanddocuments),its weight is increased.Whena featureis not
in the query, its weight is decreased(unlessit wasnot presentin the documentrepresentation,e.g.with weight 0).
As a result, if the samequeryis matchedagainstthis document,the similarity measurewill be increased.A major
drawbackof this methodis thelackof controlin thelearningprocess.

This principle is extendedby Bodoff [6]. To avoid an uncontrolledmodificationof the documentvector, he
definesafunctionstress�����
	�� , where � is thesetof documentsand 	 thesetof pastqueries.Basically, this function
decreasesaseachdocumentrepresentationgetscloserto queriesfor whichthey arerelevantandawayfrom queriesfor
which they arenot. But stressalsoincreasesasthedistancebetweenthedocument’s(or query’s) initial representation
andits currentrepresentationincreases,thusavoiding an excessive modificationof documentsvectors.The goalof
learningis to minimize the stressfunction. Hence,this modelattemptsto reachfor eachdocumentan equilibrium
betweenits initial representationandtherepresentationof thequeriesfor which it is relevant.

The lastmodelwe will quoteis theprobabilisticmodel(calledmodel1) from MaronandKuhns[18, 17, 19]. It
is alsothebasisof our presentwork. Theprinciple is to learnfrom feedbacka relationbetweeneachpossiblequery
featureor termandaspecificdocument.A documentis thereforerepresentedby atablewhich indicatesfor eachterm:
 thenumberof queriescontainingthis termfor which thedocumentwasjudgedrelevant.
 thenumberof queriescontainingthis termfor which thedocumentwasjudgednot relevant.

This modelis well suitedfor permanentlearningsinceit integratesfeedbackdirectly in thedocumentrepresentation.
As a result,the modelenablesincrementalfeedbackto be implementedefficiently (it is just an updateof statistics).
Themajordrawback,asstatedin [23, 10], is thatthefeedbackmodifiesonly therepresentationof a singledocument.
Hence,theamountof feedbackneededto produceasignificanteffect(or agooddocumentrepresentation)is important.
Our model,asit will beshown in thenext section,usesthesameinformationfor eachdocumentbut considersit as
relativeto theentiredatabaseandnot limited to onedocumentasin model1.

3 The differ ential probabilistic method

3.1 Intr oduction

Our approachis basedon theprobabilisticdocument-centeredmethod.As any otherprobabilisticapproach,its foun-
dationlies in the Probability RankingPrinciple. This principle statesthat rankingthe documentsin the decreasing
orderof probabilityof relevanceknowing thedocumentandthequery, P � R� q � d � , will minimizetheexpectednumber
of documentsauserhasto consultbeforefindingall therelevantdocumentsto hisquery(if hefollowsthatorder).This
probabilitycan’t beevaluateddirectly, insteadoneusesthefollowing criterionwhich providesanequivalentranking:

log
P � R� d �
P � R� d � �

log
P � q � R� d �
P � q � R� d � (1)

(1) is at the basisof the document-centeredapproach.Here, we have to estimatethe probability to have a query
q knowing that we have the documentd anda relevanceor non-relevancerelationship. We will show that (1) can
be rewritten so as to explicitely take into accountthe influenceof all the documentspresentin the databasewhen
computingthe scorebetweena specificdocumentanda specificquery. This theoreticalmodificationbringssome
interestingproperties:
 Documentinitialization is easier.
 Learningis faster.
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In the following, we definesomekey conceptsof our model andshow how we derive from formula 1 a new
similarity measurethatrespectstheProbabilityRankingPrinciple.We alsopresentsimplifying assumptionswe have
to make– in orderto computea scorebetweena queryanda document– andexplain how learningis performed.For
easeof reading,thedescriptionis mainly informal,all mathematicaldetailsaredeferredto appendixesB andC.

3.2 Notations

Thecompletelist of notationsis deferredto appendixA. We introducebelow themainconceptswhich will beused
in the derivation of our model. The definition of the probabilisticspaceandeventsis classicalandwe will follow
Schäuble [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 make a first assumptionabouteitherthequeryevent2 q or thedocumenteventd. In this model,asdiscussed
before,wehavechosenadocument-centeredapproach.Weconsiderthateveryqueryq is representedby aconjunction
of eventsQc or Qc whereQc meanstermc is in thequery. We denoteq this representationof q. Thus,two queries
sharingthesamerepresentationareconsideredto be thesameevent. On thecontrary, a documenteventd is unique
andcan’t beexpressedasaconjunctionof simplerevents.

As a result,statisticscollectedto approximateprobabilitieswill becenteredon thedocument.We thusdefine:
 R� c � d � asthe numberof queriesthat containsterm c for which documentd is relevant. We denoteR� c � D ��� ,
whereD ����� , thesumof R� c � d � for all d � D � .
 We definesimilarly R� c � d � andR� c � D ��� in thecaseof non-relevance.
 R� d � (resp.R� d � ) asthenumberof queriesfor whichd is relevant(resp.non-relevant).

Note that statisticsfor Qc eventscanbe derived from R� d � andR� c ����� . Adding feedbackin this model is simple.
Whena documentis judgedrelevantfor a queryq, we incrementthevalueof R� c � d � for every termc of thequeryq.
Similarly, whenthis documentis non-relevant,we incrementthevalueof R� c � d � .
3.3 Probabilistic assumptionsfor IR

For thecomputationaltractabilityof our model,we make simplifying assumptions.Thefirst two assumptionsrelate
to thequeriesandaremandatorywhile thetwo following onesrelateto thedocumentsandcanbeeasilyreplacedby
othera priori assumptions.

Thefollowing assumptionis usualin probabilisticIR andcanbe thoughtastheminimal assumptionwe have to
make in orderto havea simplerelationshipbetweenq andtheconjunctionof Qc andQc [22, 10]:

Hypothesis1 (Link ed dependence)For a givenD ����� anda givenqueryq, wehavethefollowing relationship:

P � q � R� D ���
P � q � R� d ��� ∏

c � q

P � Qc � D ��� R�
P � Qc � D � � R� ∏

c �� q

P � Qc � D ��� R�
P � Qc � D � � R�

Thisassumptionis slightly weaker thanthebinaryindependanceandalsoavoidslogical inconsistencies[8]. Comput-
ing for every documenta partialscorefor eachpossiblequeryfeaturewould take too muchtime for a fastretrieval.
We usethefollowing assumptionto ignoreevery termc which is not presentin thequery:

Hypothesis2 (Term absence)Termsthatare not in thequeryrepresentationdo not haveanyeffecton therelevance
or non-relevanceof a document.Formally, wehave

P � q � R� D ���
P � q � R� d � � ∏

c � q

P � Qc � D ��� R�
P � Qc � D � � R�

2Weuseasimplifiednotationfor mostprobabilisticevents.For example,theeventq is confusedwith thequeryq ��� .
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Wewill furtherassumethatthedocumentdistribution is uniformandthatall thedocumentshaveanequala priori
relevanceprobability.

Hypothesis3 For all d � d ����� , P � d � � P � d � � andP � R� d � � P � R� d �!� .
3.4 Principle

Theproposedmodeldoesnot look for a direct estimateof the relevanceof a specificdocumentd. On the contrary,
we aim to evaluatethis probability for what is calledherean anti-document. This anti-documentcanbe seenasa
representationof the databasewhenthe documentd is removed. We areinterestedin the following question:if we
remove this documentfrom the database,will the probability to find a relevant documentincreaseor decrease? If
it increases,thenthis documentis probablynot relevant. In the othercase,the decreasevaluewill tell usaboutthe
relevanceof thisdocument.

We introducebelow a scorevalueS� q � d � , for measuringthe similarity of q andd andrankingdocuments.In S
probabilitiesareexpressedasa function of the eventanti-document,denoted" d. From a theoreticalpoint of view,
thefirst thing to do is to show theequivalencebetweentheorderimplied by formula1 anda formulaS. In appendix

B, we show that the orderimplied by P � R� q � d � is not changedwhenorderingwith # P $ R % q& ' d (
P $ R% q & ' d ( . We thenderive this

resultin orderto obtainanequivalentformulawhereeachtermcanbeeasilyapproximated.This formulagivesusthe
form of theprobabilitythathasto beestimated.Thatis, theprobabilityto haveaquerycontainingtermc in thesetof
queriesrelevantto a documentin �*) d. In appendixC, we give anestimateof sucha probability. Finally, we obtain
the following formula which approximatesa similarity function that ordersdocumentsaccordingto the Probability
RankingPrinciple:

S� q � d � � #+� q � log
1 # R$ d (-, 2

R$!./( , 2 % .0%
1 # R$ d (-, 2

R$!./( , 2 % .0% # ∑
c � q1 d

log
1 # R$ c & d (

R$ c & .2(-,/% .3% 4 1

1 # R$ c & d (
R$ c & ./(-,2% .0% 4 1

This modelcouldwork without any documentinitialization, usingfeedbackprogressively. Nevertheless,the in-
formationcontainedin documentscanhelpto bootstrapthesystem.Wehavechosenempiricallythefollowing initial-
ization,for eachdocumentd andtermc – where 5 x6 is theintegerpartof x, Nc � d � is thenumberof termc occurrence
in d, andmaxd is theNc � d � maximumfor all termc � d:

R� c � d � � 7 5 1 � � NR # 1� ϕ � c � d �86 �
1 if Nc � d �:9 0
1 if Nc � d � � 0

R� c � d � � 7 5 1 � � NR # 1�;� 1 # ϕ � c � d �
�<6 �
1 if Nc � d �=9 0
1 if Nc � d � � 0

whereϕ � c � d � � log $ Nc $ d (-, 1(
log $ maxd , 1( . And for eachdocumentd ��� :

R� d � � 2
�

NR (2)

R� d � � 2
�

NR (3)

A constantof 1 appearsin R� c � d � andR� c � d � anda constantof two appearsin R� d � andR� d � . They areusedto
modelthe uncertaintywhentermc is not presentin d. This initialization canbeseenasthefirst “feedback”for the
documentd, whereNR (resp.NR) is thenumberof queriesfor whichthedocumentis relevant(resp.non-relevant)– the
only termsappearingin thesequeriesbeingthetermscontainedin thedocument.This initialization alsodetermines
theinertiaof oursystem:thehigherNR is, themoretime thissystemtakebeforereactingto feedback.

This first initialization, althoughvery simple,givesgoodresultwith our model(seesection4). Indeed,asour
modelcomputesa scorebetweena queryanda documentin its databasecontext, we do not have to take into account
thedistributionof eachfeatureoverall thedocuments.As aresult,documentinitializationcanbecomputedonly from
theindexationof this document.Consequently, addingor removing a documentin thedatabaseis easy.
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4 Evaluation

For evaluation,we usedtwo differentcollections3. The first oneis the Cranfieldcollectionthat contains1398doc-
uments,225 queriesand1837relevancefeedbackjudgments.The secondis the CISI collectionthat contains1460
documents,112queriesand3114relevancefeedbackjudgments.For eachcollection,queriesarerandomlysplit into
two differentsets4, the“training set” andthe“evaluationset”.

Theevaluatedalgorithmsare:
 TF-IDF : theclassicalSMART algorithm[20] (VectorSpaceModel), e.g. theTF-IDF weightingschemewith
cosinesimilarity measure.
 DIFFn for n � 0 � 1 � 10: thedifferentialmethod.Threedifferentexperimentalconditionsareevaluated.Thefirst
one(n � 0) doesnot useany feedbackfrom thetrainingset. In thesecondone(n � 1), all thetrainingqueries
areusedto updatethedocumentrepresentation.In thethird one(n � 10), eachtrainingquery“simulates”the
effectof 10 querieswith thesametext andthesamerelevantdocuments.

Theevaluationmeasureschosenare:
 Table2 andfigure1 and2: theprecision-recallcurves.
 Table3: anequivalentof the “precisionat n documents”table. Insteadof theprecisionwe choseto show the
meannumberof relevantdocumentsin then first documentsgivenby theretrieval system,which is equivalent.

Theresultsshow thevalidity of our approachwhenoneconsidersthesefollowing two observations:
 whenno feedbackis used,our modelperformanceis closeto the SMART results. This is importantsinceit
shows thatournew similarity measurecancomparewith a referencemodel.
 Feedbackimprovesthesystemoverallperformance.Thefeedbackeffectis evenstrongerwhenthequeryweight
is increased(e.g. DIFF10). This last resultsuggeststhatwe cantake advantageof non-binaryrelevancejudg-
mentslike “highly relevant”, “very relevant”, etc. For eachsuchjudgment,we couldpresentto thesystemthe
three-tuple(query,document,relevance)a numberof timesdependingon this judgment.

Thetwo collectionsarerathersmallandweusedthemhereonly to assessthefeasibilityof ourapproach.Bothare
build from shortdocuments,themaindifferenceis in theratio of relevantdocumentperquerywhich is muchhigher
in CISI. Initialization is crucialfor thebehavior of ourmethodandcouldstill beimproved.Thesuperiorperformance
of DIFF10 comparedto DIFF1 is certainlypartly dueto this raw initialization. On the otherhand,the goal of this
methodis to discoverautomaticallygooddocumentrepresentations.

5 Conclusion

An extensionof thedocument-centeredprobabilisticmodelhasbeenproposed.Our approachusesa new similarity
functionthattakesinto accountall theinformationavailablein thedatabaseto computethescorebetweenaqueryand
a singledocument.Theadvantageswith regardto theformermodelarea real learningeffectandaneasierdocument
initialization. Unlike otherapproaches,learningis very simple(it is just an updateof statistics)andallows to build
a completeinformationretrieval systemthat learnspermanently. This approachusesthequeryindexationto replace
progressively an empiricaldocumentinitialization5. An interestingextensionwould be the useof a queryspecific
linguistic knowledgeto get more accuratefeatures. To improve the system,one could also considerthe useof a
hierarchicaldocumentdatabasewhereeachnodewouldcontainquerytermsthathavethesameimportancefor all the
documentsit contains(or thatsub-nodescontain).As a result,retrieval wouldbefasterandmoreprecise(asfeedback
canbesharedby many documents).

3http://www.dcs.gla.ac.uk/idom/ir resources
4Seethetable1 for statisticsaboutthedifferentsets
5Notethatthis initializationcansurelybeimproved
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Cranfield CISI
trainingset evaluationset trainingset evaluationset

Numberof queries 158 67 67 44
Meannumberof feedbackby query 8 � 4 7 � 5 27� 3 29� 3
Meannumberof feedbackby document 0 � 95 0 � 36 1 � 25 0 � 88
Meannumberof feedbackfor arelevantdocumentin
theevaluationset

1 1.5

Percentageof documentsrelevant to a query in the
evaluationsetwhichhavefeedbackin thetrainingset

61 % 78 %

Table1: Trainingandevaluationsetscharacteristics.Most linesareself explanatory. The last line is thepercentage
amongdocumentswhich arerelevant to a queryfrom the evaluationsetof thosewhich arealsorelevant to a query
from thetrainingset.Suchdocumentsaremodifiedduringtraining(DIFF1 andDIFF10).

Recalllevel Precision
Cranfield CISI

TF-IDF DIFF0 DIFF1 DIFF10 TF-IDF DIFF0 DIFF1 DIFF10

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% 4.2% 4.5% 4.2%

Table2: Precision-recalltablefor CranfieldandCISI.

Meannumberof relevant Cranfield CISI
documentsat... TF-IDF DIFF0 DIFF1 DIFF10 TF-IDF DIFF0 DIFF1

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
10 document 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: Precisionat n documentsfor CranfieldandCISI.
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Figure1: Cranfield1400collection.Left: comparisonwith TF-IDF-cosine.Right: feedbackeffect

IRSG2000- 22ndAnnualColloquiumonIR Research 7



Learning in Inf ormation Retrieval: a Probabilistic Differ ential Approach
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Figure2: CISI collection.Left: comparisonwith TF-IDF-cosine.Right: feedbackeffect
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Appendix

A Definitions

We denoteΩ � 	?>@� thesamplespacewhere 	 is thesetof queriesand � thesetof documents.P � 2Ω A �
0 � 1�

assignseveryeventE a probabilityP � E � . We will considerthefollowing eventsin this probabilityspace:
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 Theeventhavingthedocumentdh, notedE � dh � or dh, E � dh � �CB � q � d �:�D	 >@�E� d � dh F andtheeventhaving
a documentin �G����� , notedE ���G�-� or �G� , which is theunionof E � d � for all d � Dh.
 Theeventhavingthequeryqh, notedE � qh � or qh, E � qh � ��B � q � d �=�H	?>@�E� q � q

h F .
 Theeventrelevance, notedE � R� or R, E � R� �IB � q � d �=��	J>@�E� d is agoodanswerfor q F .
 Theeventthecharacteristicc is in thequery, notedE � Qc � or Qc, E � Qc � �IBKB � q � d �/��	L>M�E� c � q F .

B Document- anti-document relationship

Thedefinitionof thedocumenteventimpliesthatfor d N� d � we have:

P � D � � q � R� � P �PO d � D Q d � q � R� � ∑
d � D Q P � d � q � R� (4)

With thenotation " d � E ���R) B d F � ,
P � R� q �8" d � � P � R� q�

P �<" d � q� P �<" d � q � R� with Bayes�
� P � R� q�

P �<" d � q� � 1 # P � d � q � R��� with (4)

� P � R� q�
P �<" d � q�TS 1 # P � d � q�

P � R� q� P � R� d � q�VU with Bayes

� P � R� q�W# P � d � P � R� d � q�
P � R� q�W# P � d � P � R� d � q�

Then
P � R� q �8" d �
P � R� q �8" d � � P � R� q�X# P � d � P � R� d � q�� 1 # P � R� q�
�X# P � d �;� 1 # P � R� d � q�
� (5)

With formula5, onecanshow that
P $ R %q& ' d (
P $ R% q & ' d ( is a strictly increasingfunctionof P � R� q � d � . We canthuscreateanorder

which respecttheProbabilityRankingPrinciple by following thenaturalorderingof # P $ R % q& ' d (
P $ R%q & ' d ( . Using1, we obtain

# log
P � R� q �P" d �
P � R� q �P" d � � # log

P � R� " d �
P � R� " d � # log

P � q � R�P" d �
P � q � R�P" d �

� # log
P � R�
P � R� # ∑

c � q
log

P � Qc � R�P" d �
P � Qc � R�P" d � usinghypothesis1, 2 and3. (6)

C Probability estimate

Theprobabilityof having a termc in a queryfor which thedocumentd is relevant is pc & d � P � Qc Y d Y R� . Let Xi
c & d

be a randomvariablethat takesthe value1 whenthe eventE � Qc � Y E � d � Y E � R� is true,and0 otherwise.Xi
c & d thus

followsa Bernoulli law with parameterpc & d. Let Yc & d � X1
c & d �RZ�Z
Z[�

X
Nq
c & d bea randomvariabledenotingthenumberof

timesdocumentd is relevant to a querywhich containsthe termc, whereNq denotesthenumberof pastqueriesfor
which we have feedback.We caneasilymake theassumptionthatXi

c & d andX j
c & d, i N� j, areindependent.As a result,

Yc & d is Binomial distributedwith parameterspc & d andNq, and:

P � Yc & d � k� � Ck
Nq

pk
c & d � 1 # pc & d � % Nq % 4 k for k � 0 � Z
Z�Z �\� Nq �] � Yc & d � � � Nq � pc & d

IRSG2000- 22ndAnnualColloquiumonIR Research 10



Learning in Inf ormation Retrieval: a Probabilistic Differ ential Approach

With Yc & D Q � ∑d � D Q Yc & d we obtain:] � Yc & D Q � � � Nq � P � Qc Y D � Y R� � � Nq � P � R� P � D � � R� P � Qc � D � � R�^ R_`� c �P" d �
and

] � Yc & ' d �] � Yc & . � � P � D � � P � Qc � D � � R�^ R_ � c �P" d �
R_ � c �\�+�

whereR_ � c �8" d � andR_ � c � d � denotetheexpectedvalueof R� c �8" d � andR� c � d � we would have if we knew therele-
vancejudgmentbetweeneachqueryandeachdocument.

In orderto estimateR_ � c � D ��� , we have to take into accounttheassumptionon theequalrelevancea priori of any
document. It implies that the numberof queriesfor which a documentis relevant is the same. We denoteby Rq

this number. Thevalue R$ c & D Q (-,/% D Q %
R$ D Q (-, 2 % D Q % is theratio of query-documentcoupleslinkedby therelevancerelationshipwith a

documentin D � for which thequerycontainsthetermc. As a result,we getanapproximationof R_ � c � D � � :
R_ � c � D � � ^ R� c � D ��� � � D �a�

R� D � � �
2 � D � � >M� Rq �b>M� D � �

Following, wehave:

R_ � c �8" d �
R_ � c �
�T� ^ R$ c & ' d (-,2% .0% 4 1

R$c' d (-, 2 $d% .0% 4 1( >M� Rq �b>@�\�!�E�\# 1�
R$ c & ./(-,2% .0%
R$!./( , 2 % .0% >M� Rq �b>M���E�

andusingthefactthatR� c �P" d � � R� c �\�+�e# R� c � d � andR�<" d � � R���+�e# R�<" d � , weobtainanestimateof P � Qc � " d � R� :
P̃ � Qc � " d � R� � 1 # R$ c & d ( , 1

R$ c & ./(-,2% .0%
1 # R$ d (-, 2

R$!.2(-, 2 % .3% > ���E�\# 1�!�@�
A similar resultcanbeobtainfor P � Qc � " d � R� allowing usto statethat:

P̃ � Qc � " d � R�
P̃ � Qc � " d � R� � 1 # R$ c & d (-, 1

R$ c & ./( ,/% .3%
1 # R$ c & d (-, 1

R$ c & ./( ,/% .3% > 1 # R$ d (-, 2
R$!.2(-, 2 % .3%

1 # R$ d (-, 2
R$!./( , 2 % .0% (7)

Recallingformula6, we canthusderivea computableestimateof formula1, wherec � d denotethatR� c � d ��N� 0
or R� c � d �fN� 0:# log

P̃ � R� q �P" d �
P̃ � R� q �P" d � � # log

P � R�
P � R� # ∑

c � q
log

P̃ � Qc � " d � R�
P̃ � Qc � " d � R�

� # log
P � R�
P � R� # ∑

c � q
log

1 # R$ d ( , 2
R$!./(-, 2 % .0%

1 # R$ d ( , 2
R$!./(-, 2 % .0% # ∑

c � q1 d

log
1 # R$ c & d (-, 1

R$ c & .2(-,/% .3%
1 # R$ c & d (-, 1

R$ c & .2(-,/% .3% # ∑
c � qg d

log
1 # 1

R$ c & ./( ,/% .3%
1 # 1

R$ c & ./( ,/% .3%
� # log

P � R�
P � R� #h� q � log

1 # R$ d (-, 2
R$!.2(-, 2 % .3%

1 # R$ d (-, 2
R$!./( , 2 % .0% # ∑

c � q1 d

log
1 # R$ c & d (

R$ c & ./(-,2% .0% 4 1

1 # R$ c & d (
R$ c & ./(-,2% .0% 4 1

# ∑
c � q

log
1 # 1

R$ c & .2(-,/% .3%
1 # 1

R$ c & ./(-,2% .0%
� K � q�X#h� q � log

1 # R$ d (-, 2
R$!./( , 2 % .0%

1 # R$ d ( , 2
R$!./(-, 2 % .0% # ∑

c � q1 d

log
1 # R$ c & d (

R$ c & .2(-,/% .3% 4 1

1 # R$ c & d (
R$ c & .2(-,/% .3% 4 1

(8)

whereK � q� is a functionthatdependsonly uponthequery.
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