Report on the TREC-3 Experiment:A Learning Scheme in a Vector Space ModelJacques Savoy, Melchior Ndarugendamwo, Dana VrajitoruFacult� de droit et des sciences �conomiquesUniversit� de Neuch�telPierre-�-Mazel 7CH - 2000 Neuch�tel (Switzerland)SummaryThis paper describes and evaluates a retrievalscheme, or more precisely an additional retrievalmechanism based on interdocument relationships,that can be integrated in almost all existingretrieval schemes (e.g., Boolean, hybrid Boolean,vector-processing or probabilistic models). Theintent of our approach consists of inferringknowledge about document contents based on therelevance assessments of past queries. Through alearning process, our scheme establishes relevancelinks between documents found relevant for the samerequest. Based on this information and a list ofretrieved records for the current request, theproposed mechanism tries to improve the ranking ofthe retrieved items in a sequence most likely tosatisfy user intent. The underlying hypothesis ofthis mechanism states that future requests addressedto the system should have some degree of similaritywith previous queries, or that the retrievalapparatus will process requests for which it hasalready found a partial, appropriate answer in thepast.Participation: Category: B Query: ad-hoc, fullyautomaticIntroductionTo find pertinent information from a large textcollection, most retrieval models represent bothdocuments and requests by a set of weightedkeywords. To extract relevant records from thiscollection, the retrieval function computes asimilarity value or estimates a probability ofrelevance based on both document and querysurrogates.When applying such a scheme, the systemconsiders documents as separate entities. To relaxthis assumption, some studies have proposed varioustechniques and have reported evaluations describingthe importance of interdocument relationships (e.g.,[Kwok 88], [Turtle 91]). Our main research objectiveis also to analyze and assess interdocumentrelationships as a useful source of document contentsevidence. In this vein, we have alreadyinvestigated the relative importance of explicit(e.g., bibliographic reference), implicit(bibliographic coupling, co-citation) and computedlinks (nearest neighbor) between documents [Savoy94a]. In this study, we are concerned with the meansby which the system may have derived otherrelationships between documents based on pastqueries and their relevance assessments.This paper is made up of two sections. The firstdescribes our learning scheme and presents somerelated works. The second section shows andexplains results obtained using the Wall StreetJournal corpus, a subset of the TIPSTER-DARPAcollection, and discusses some problems related totraditional evaluation methodology.1. Learning SchemeEvaluation of current retrieval models has shownthat their retrieval effectiveness is far from perfectand one of the principal explanations of this lack ofeffectiveness is related to the ambiguity of naturallanguage. This problem has two facets: on the onehand, the same idea or concept may be expressed byvarious forms [Furnas 87], and, on the other hand,the same word may have more than one meaning,even in a specialized corpus [Krovetz 92].In order to resolve this difficulty, Blair [90]suggests that a retrieval model must have betterdocument contents representation:"The central problem of Information Retrievalis how to represent documents for retrieval.The most intricate or carefully designedretrieval algorithm cannot compensate forinappropriately represented documents. ...The central task of Information Retrievalresearch is to understand how documentsshould be represented for effective retrieval.

This is primarily a problem of language andmeaning." [Blair 90, vii]This may lead to a perception of the retrievalsystem as an adaptive process, allowing bettercommunication between the searcher and the indexer(or the author(s)) [Blair 90].From a practical point of view, one feasibleapproach to the design of such a learning schemeconsists of taking into account the knowledgeobtained from past queries, or more precisely, fromtheir relevance judgments, in order to enhancesystem’s retrieval effectiveness over time. We alsobelieve that documents found relevant for a givenrequest do share similar concepts [Savoy 94b]. Thus,past queries and their relevance assessments may bea useful source of information about the meaning ofdocuments and may be helpful in ranking theretrieved records in a sequence that more closelyreflects the user’s intent.The first subsection describes the main principlesunderlying our learning scheme. The second presentsthe design of our adaptive model and the guidelinesfor its implementation. The third subsection showsstatistics related to query similarities and thefourth one describes the main features of relatedresearches.1.1. MotivationThe aim of a learning scheme is to provide thesystem with the ability to record its successes andfailures, and thus infer knowledge useful forincreasing its performance over time. To define sucha mechanism, we have to specify the underlyinghypotheses, determine how the system learns andhow it stores and uses the knowledge provided byprevious experiments.Our learning scheme is based on the followingprinciples:a ) Documents known to be relevant to the samequery tend to contain similar concepts and mustdeal with similar subjects;b)No conclusions can be drawn about documentsfound nonrelevant for a given request.On the one hand, our learning scheme is basedexclusively on successes, i.e., on the presence ofcouples of retrieved and relevant documents. On theother hand, our procedure does not take into accountthe shared presence of retrieved and nonrelevantitems. Nonrelevant records retrieved by the systemare those documents that have at least one commonkeyword with the request. However, such keywordmatching does not always imply word sensematching:"Word sense mismatches are far more likely toappear in nonrelevant documents than in thosethat are relevant." [Krovetz 92, p. 139].Our prior feeling is that negative relevancefeedback information does not really represent usefulinformation. By analogy, if you are lost in a desert,a negative relevance feedback only tells you that"you are on the wrong path" and does not provide"efficient" hints as to the path leading to the for i =1, 2, ... nearest city. This fact is confirmed byrelevance feedback studies which havedemonstrated that positive relevance informationdepicts more valuable information than negative one[Salton 90]. However, this approach considers onlyrelevance data given for the current request and adirect comparison with this scheme is therefore notsuitable.1.2. Implementation of our Learning SchemeIn order to represent the information given by theprevious experiments or requests, we have designed aspecial interdocument relationship called arelevance link. This link type connects twodocuments found relevant for a given query.Associated with each link, a relevance valuespecifies how many times both the linked documentsare found relevant.To account for the information provided by thelearning stage, our retrieval scheme works in twophases. In the first, the retrieval status value (RSV)of each document is computed according to a well-known retrieval scheme. To achieve this step, onecan use the p-norm model, a vector-processing schemeor a probabilistic retrieval strategy. In the secondstage, the ranking of retrieved documents ismodified according to the presence of relevance linksaccording to the following equation.RSV(Di) = RSVinit(Di) + �k=1s˚aik˚.˚RSVinit(Dk)for i = 1, 2, ..., m(1)in which aik reflects the strength of therelationship between Documents˚i and k and s thenumber of neighbors of Document˚i. At the initialstage, the retrieval status value of a documentdepends only on the similarity between its surrogateand the query (RSVinit(Di), computed according tothe Vector Space Model presented later in thispaper). The value aik can be either a constant or a function of the relevance value of the link connectingDocuments˚i and k.To illustrate the way our retrieval proposalworks, Figure˚1 depicts some relevance links withtheir respective relevance values. In the first step ofour retrieval process, a vector-processing schemeattributes a retrieval status of 0.8 to Document˚11.According to Formula˚1, this weight is propagatedthrough links to Documents˚3, 7 and 10. If we definethe strength of the link between Nodes˚11 and 7 as0.3, Document˚7 will increase its retrieval statusvalue by 0.24.In order to improve the efficiency of our retrievalscheme and to guarantee a reasonable processingtime, we modify the retrieval status value not forall retrieved records, but we select the first m best-ranked documents after the initial stage to activatethe relevance links (the constant m in Equation˚1).We believe that relevance links indicatesemantic relationships between documents and maybe valuable in the searching process. AlthoughBlair [90] considers such a scheme to be a usefulpedagogical tool, he questions its retrievaleffectiveness:"Bush [45] recognized early ... how inquirerscould benefit from the "traces" left by searchesconducted by informed inquirers. While this isan important notion, realistically eachinquirer’s searches are unique enough that arecord of previous searches might only bemarginally useful for finding specificinformation." [Blair 90, p. 181]The main underlying hypothesis of our retrievalmodel is that coming requests have somerelationships with previous ones. On the contrary,if future queries are totally dissimilar with pastqueries, our scheme will have little hope ofimproving and may possibly decrease the retrievaleffectiveness of the response.1.3. Similarity Between QueriesIn order to provide an indication of the degree ofsimilarity between requests in three test-collections,we have computed some statistics, depicted inTable˚1. This table shows that the CISI collectionincluded more pertinent records per query than theCACM corpus (perhaps "too many relevant documentsper query" [Fox 83, p. 7]). The Wall Street Journalcollection included in the TIPSTER-DARPA collectionreveals a similar pattern.The second part of Table˚1 illustrates thecomputed similarity between requests according totheir relevance assessments. For this computation,we used the Dice’s simple coefficient [van Rijsbergen79, p. 39]. Requests from the CISI test-collectionreveal a higher degree of similarity between themthan for those of the CACM or in the WSJ. However,the mean similarity between queries is rather low intwo cases (CISI: 0.04; CACM: 0.0182) and very lowfor the subset of the TIPSTER collection (WSJ:0.00228).Moreover, the estimated standard error isrelatively high indicating that the empiricaldistribution of the similarity values is mostly in therange 0.0 to 0.1. The second part of Table˚1 confirmsthis fact. For the CISI corpus, 88.4% (526 over a totalof 595) of the similarity values are less or equal to0.1 while for the CACM and WSJ these numbers are99.45% and 99.5% respectively.In our evaluations, we have built two sets ofrelevance links, namely the RF set containing allrelevance links and the RF1 set including allrelevance links having a relevance value strictlygreater than one. For example, in Figure˚1, the RF1set contains only one relevance link (betweenDocument˚3 and 7). Table˚2 presents the statisticsassociated with both sets.From this data, one can see that for the CISIcollection, the set RF contains 66,067 links fromwhich 63,889 (around 97%) have a relevance valueof one (CACM: 96.7%). The WSJ corpus depicts a moreextreme case (1,707,152 over 1,738,429 links in totalor 98.2%).Finally, it is interesting to note that whenbuilding a test-collection, we are trying (consciouslyor not) to write queries for which the relevancejudgments are as dissimilar as possible, a phenomenareflected in the above statistics. Such a practicemirrors the designer’s wishes that the underlyingrequests must cover different concepts contained inthe corpus. When we designed our additionalretrieval mechanism, we formulated a contradictoryhypothesis which should hold in commercialretrieval services or, at least, we hope so.

Node 71 Node 5Node 2Node 10Node 11Node 32111 Retrieved by the vector processing schemeRetrieved by followingrelevance links1Figure 1: Retrieval of Information Using Relevance LinksStatistics \ CollectionCACMCISIWSJ50 queries35 queries150 queries# documents3,2041,460173,252# relevant documents7921,74217,069# distinct relevant documents55492514,280Mean rel. doc per request15.8449.77113.79Estimated standard error12.5939.96104.56Min. # relevant documents1 (#q: 33)1 (#q: 6)2 (#q: 121)Max. # relevant documents51 (#q: 25)144 (#q: 20)591 (#q: 56)Similarity between queries (Dice)Mean similarity measure0.01820.040.00228Estimated standard error0.07560.06710.0151# 0.00 < SIM £ 0.051,11743811,057# 0.05 < SIM £ 0.1408866# 0.10 < SIM £ 0.15273829# 0.15 < SIM £ 0.261710# 0.20 < SIM £ 0.25526# 0.25 < SIM £ 0.3342# 0.30 < SIM £ 0.35822# 0.35 < SIM £ 0.4510# 0.40 < SIM £ 0.45222# 0.45 < SIM £ 0.50100# 0.50 < SIM £ 0.55411# 0.55 < SIM £ 0.60420# 0.60 < SIM £ 0.65100# 0.65 < SIM £ 0.70100# 0.70 < SIM £ 0.75000# 0.75 < SIM £ 0.80000# 0.80 < SIM £ 0.85100# 0.85 < SIM £ 1.00000Table 1: Relevance Information Characteristics

Statistics \ CollectionCACMCISIWSJ50 queries35 queries150 queriesRelevance Link Value RF Set# links8,87666,0671,738,429a = 18,26563,8891,707,152a = 24952,04430,337a = 390121907a = 4231331a = 5302a = 6 and more000Mean a value1.0851.0351.019Estimated standard error0.3430.1970.440Relevance Link Value RF1 Set# links6112,17831,277a = 24952,04430,377a = 390121907a = 4231331a = 5302a = 6 and more000Mean a value2.2372.0672.031Estimated standard error0.5350.2740.180Table 2: Relevance Links Statistics1.4. Related ResearchIn order to include permanently relevancefeedback information, various researchers haveproposed modification of the document surrogates ina vector-processing scheme. In this vein, Friedmanet al. [71] present a framework within which theindex term weight wij assigned to term tj in documentrepresentative di can be modified to reflect user’sjudgments about document content. This propositionis grounded on three principles. The first onespecifies that the modification of indexing termweights can occur only for the "good" keywords or forthose appearing more frequently in the relevantdocuments. As a second principle, Friedman et al.[71] suggest deriving the new indexing term weightwij’ in proportion to the existing weight wij. Thirdly,the authors suggest that the indexing weightmodification must be based on the importance of termtj in: (1) the current request, (2) the set of relevantdocuments, and (3) the sample of nonrelevantrecords.In a related work, Brauen [71] also suggeststransforming the document surrogates. In thisapproach, the system modifies only the documentrepresentatives of relevant records (relevancedocument modification). When implementing such alearning scheme, the system had to consider threecases:1)a concept tj is present in the request and absentfrom the relevant document di; thus, thesystem must add the "synonym" tj to thecorresponding document surrogate;2)a concept tj is present in both the request qkand the relevant document di; the indexingterm weight wij must be reinforced;3)a concept tj is present only in the relevantdocument di; the indexing term weight wijmust be reduced.From a different perspective, Gordon [88] suggestsa learning scheme based on a genetic algorithm toenhance the retrieval effectiveness. In thisapproach, each document is described by varioussurrogates obtained using various binary indexingpolicies (e.g., based on document abstract, on titles,using full-text or derived from a manual indexingprocess). The retrieval system considers more thanone description for each record and the competitionbetween them will eliminate inappropriatesurrogates while retaining more accurate ones. Aniterative process affects document surrogates byincluding or removing index terms based on: (1) thereproduction of descriptions according to theiraverage matching score in which a betterrepresentation has a higher chance to survive thanothers surrogates; and (2) cross-over between pairs ofsurrogates to generate new descriptors moreappropriate to the retrieval of the correspondingdocument. The retrieval evaluations of thepreviously described learning schemes are based on relatively small test-collections: ADI collection (82documents, 11 queries) for Friedman’s experiment,CRANFIELD corpus (424 documents, 155 queries) inBrauen’s paper, and Gordon’s scheme (18 documents).Of course, other learning strategies have alreadybeen proposed and evaluated, and most of them aredirectly related to the probabilistic retrieval model[Kwok 90]. Current probabilistic retrieval models[Cooper 92], [Gey 94], [Fuhr 91], [Fuhr 94] considerstatistical clues present in the texts of document andqueries to infer a probability of relevance.Following [Gey 94], these are hints of the absoluteand relative term frequency in the document and inthe request, the inverse document frequency and therelative term frequency in the collection.Experimental results have shown attractiveretrieval effectiveness. Moreover, Gey [94] hasshown that one can compute the value of variousparameters according to a given test-collection andreport them for other test-collections.When comparing these probabilistic models withour learning scheme, one can see that they do notoperate at the same level of granularity. Byanalogy with physics, the probabilistic retrievalmodels lay stress on the components of a document;they operate on an atomic level, whereas ourapproach, considering words as ambiguous entities,works at a molecular level.2. EvaluationTo evaluate our proposed strategy and in order tobe able to manage a large collection, we haveworked with the SMART system [Salton 71]. Thisvector-processing scheme retrieves, for each request,an ordered list of retrieved records forming the inputof our retrieval scheme. To implement our learningmodel, we have written the needed programs inSmalltalk-80 (an interpreted object-orientedlanguage) and communication between these twosystems is achieved by a common file.2.1. Evaluation of the Vector Space ModelTo represent each document and each query by aset of weighted keywords, we have used the SMARTindexing system. To select the more appropriateweighting scheme for this operation, we haveconducted a set of experiments based on differentweighting formulas.Firstly, to assign an indexing weight wijreflecting the importance of each single-term tj,j˚=˚1,˚2,˚...,˚t, in a document di, we may use thefollowing equation: NNN: wij = tfij(2)where tfij depicts the frequency of the term tj in thedocument di (or in the request).To normalize each indexing weight between 0 and1, we may consider the cosine normalization whichis: LNC: wij = log(tfij)+1˚�‘‘‘‘‘�k˚=˚1t˚[log(tfik)˚+˚1]2 (3)Finally, we may also take account of thedistribution of each indexing term in the collectionby giving a higher weight to sparse words and alower importance to more frequent terms (idfcomponent).LTC: wij = [log(tfij)+1]˚.˚idfj˚�‘‘‘‘‘‘�k˚=˚1t˚([log(tfik)+1]˚.˚idfk)2 ,with idfj = log ºØ ßøndfj(4)in which n represents the number of documents di inthe collection, dfj the number of documents in whichtj occurs, and idfj the inverse document frequency.The retrieval effectiveness of variouscombinations of these weighting formulas arereported in Table˚3. Since latter evaluationoutcomes are computed according to the ten standardrecall values, Table 3 depicts results obtained using10 recall-precision points. Finally, to decidewhether one search strategy is better than another,the following rule of thumb is used: a difference ofat least 5% in average precision is generallyconsidered significant and, a 10% difference isconsidered very significant [Sparck˚Jones 77, p. A25].For an unknown reason, the best weightingscheme seems to include the idf component only toweight the keywords included in requests and notduring the indexing of documents (doc = LNC, query =LTC). The presence of spelling errors can be a partialexplanation of such an unexpected result. In the WSJcorpus, low-frequency words are often no longerEnglish. Since the idf scheme assigns extremelyhigh weights to those misspelled terms, thenormalization procedure given by Equation˚4 alsoattributes a high value to those terms. Thedocuments containing such terms cannot be retrievedbecause they will have a relatively small retrievalstatus value.

In the following results, the weighting scheme"doc˚=˚LNC, query = LTC" has been used in the firststage of our retrieval system and forms the baselineof our comparisons. The evaluation under the label"UNINE1" reflects this weighting scheme for queriesfrom #151 to #200.2.2. Retrospective EvaluationIn order to evaluate a learning strategy, we mayprovide the learning system with all the availableinformation (all the requests with their relevanceassessments in our case). The retrieval effectivenessobtained under such circumstances is called aretrospective test or the apparent performancemeasure. The resulting average precision representsan upper bound of the performance of the underlyingmodel. From a practical point of view, this measureis computed according to Equation˚5, Papp = 1r . �k=1r˚ APk(Q)(5)in which APk denotes the average precision at tenstandard recall value for the kth query, consideringthat the learning scheme is fitted using the entirequery sample Q (having a size denoted by r or 150 inthis paper).Such retrospective evaluation returns retrievaleffectiveness values that are too optimistic (biasedhigh), reflecting an unrealistic situation. Forexample, in Table˚4a, the learning scheme using allthe relevance links (RF set) returns performanceresults that are too good to be true.Precision (% change)Model (# of queries) \ CollectionWSJVector Space Model (150 queries)using 10 recall-precision pointsdoc = NNN, query = NNN8.24doc = LNC, query = LNC24.81 (+201.1%)doc = LTC, query = LNC26.16 (+217.5%)doc = LTC, query = LTC28.93 (+251.1%)doc = LNC, query = LTC31.94 (+287.6%)Table 3: Evaluation of the Vector Processing Scheme Done by SMARTPrecision (% change)Model \ CollectionWSJVector-processing (r=150 queries)(doc = LNC, query = LTC, 1,000 doc.)31.9Full Relevance FeedbackPapp (a = 0.1, m: 10)73.1 (+129.6%)Papp (a = 0.15, m: 10)77.8 (+144.4%)Papp (a = 0.2, m: 10)79.9 (+151.0%)Papp (a = 0.3, m: 10)81.7 (+156.4%)Papp (a = 0.5, m: 10)82.9 (+160.1%)Papp (a = 0.9, m: 10)83.8 (+163.2%)Full Relevance Feedback (a = 0.9)Papp (m: 5)82.8Papp (m: 10)83.8 (+1.2%)Papp (m: 20)82.9 (+0.3%)Papp (m: 30)83.2 (+0.5%)Papp (m: 50)83.2 (+0.5%)Papp (m: 100)81.5 (-1.6%)Table 4a: Evaluation of Vector-Space Modelwith Full Relevance Feedback (RF Set)

Precision (% change)Model \ CollectionWSJVector-processing (r=150 queries)(doc = LNC, query = LTC, 1,000 doc.)31.9Full Relevance FeedbackPapp (a = 0.1, m: 10)35.8 (+12.4%)Papp (a = 0.15, m: 10)36.5 (+14.5%)Papp (a = 0.2, m: 10)36.9 (+15.9%)Papp (a = 0.3, m: 10)37.4 (+17.5%)Papp (a = 0.5, m: 10)37.7 (+18.4%)Papp (a = 0.9, m: 10)37.8 (+18.5%)Full Relevance Feedback (a = 0.9)Papp (m: 5)36.3Papp (m: 10)37.8 (+4.1%)Papp (m: 20)38.1 (+5.0%)Papp (m: 30)38.6 (+6.3%)Papp (m: 50)38.3 (+5.5%)Papp (m: 100)37.1 (+2.2%)Table 4b: Evaluation of Vector-Space Modelwith Full Relevance Feedback (RF1 Set)When the apparent performance measure is toooptimistic, it is generally an indication that theunderlying learning scheme is over-fitted, toonarrow for the given data, and cannot forget thedetails. What we really expect from a learningmodel is its capability to generalize giveninformation, to retain the main features of the giveninformation and to find useful relationships betweendata. In our point of view, the learning knowledgederived from RF set is over-fitted and this fact willbe confirmed when considering the followingsubsection. Thus, the performance obtained using theRF1 set seems to depict a more realistic situation (seeTable˚4b).2.3. Predictive EvaluationIf the evaluation results under full relevancefeedback are usually misleading, more accurate ormore "honest" evaluation estimate must bediscussed. The basic principle underlying such anevaluation methodology is the following: theperformance of a retrieval system must be based onrequests other than those given to the learningscheme. Since in each test-collection the number ofavailable queries is relatively small, evaluationmust use all the available requests to adjust itsparameter settings, on the one hand, and, on theother, all the available queries must be used tomeasure the performance of the proposed retrievalscheme. This latter fact may contribute to anobjective comparison with a system ignoringlearning.To take account of these criteria, the hold-outmethod suggests splitting the queries sample intotwo disjoint parts: one subsample will be applied inthe learning stage and the other will be used duringthe evaluation process. This division must becarried out randomly, without looking at therequests themselves. However, not all queries can beexploited both in the learning scheme and during theevaluation.To overcome this drawback, multiple train-and-test experiments or random subsampling approachescan be considered within which all queries are usedfor testing, and almost all requests for training [Stone74]. More precisely, the leaving-one-out approach, aspecial case of the cross-validation method,represents a solution which works as follows. Thequery sample Q of size r is divided into r sets. In thekth set, one can find all requests except the kth one.The model is fitted according to r-1 requests and anevaluation measure is computed according to the kthquery (not included in the learning sample). Theabove procedure is repeated for k = 1, 2, ... r and wecombine the r prediction values to obtain an averageprecision measure (see Equation˚6), Plv = 1r . �k=1r˚ APk(Q-k)(6)in which APk denotes the average precision at tenstandard recall values for the kth query under the condition that the learning scheme is fitted usingthe query set Q minus this kth request. Such anevaluation strategy results in a real predictivemeasure because the system does not have anyinformation about the current request during both thelearning and the retrieval stages.Table 5a depicts the retrieval evaluationobtained using the RF set. From these data, one canconclude that taking account of all relevance linksdoes not improve the retrieval effectiveness whenthe value of the parameter a is less than or equal to0.1. Setting this parameter to a higher valuesignificantly decreases the retrieval performance.When considering the impact of the parameter m,one can see that the best value seems to be five.Precision (% change)Model \ CollectionWSJVector-processing (r=150 queries)(doc = LNC, query = LTC, 1,000 doc.)31.9Leaving-one-outPlv (a = 0.1, m: 10)30.9 (-2.9%)Plv (a = 0.15, m: 10)29.9 (-6.3%)Plv (a = 0.2, m: 10)28.8 (-9.6%)Plv (a = 0.3, m: 10)26.9 (-15.4%)Plv (a = 0.5, m: 10)24.5 (-23.1%)Plv (a = 0.9, m: 10)21.0 (-34.2%)Leaving-one-out (a = 0.1)Plv (m: 5)31.6Plv (m: 10)30.9 (-2.2%)Plv (m: 20)29.2 (-7.6%)Plv (m: 30)28.0 (-11.4%)Plv (m: 50)25.8 (-18.4%)Plv (m: 100)22.4 (-29.1%)Table 5a: Evaluation of Vector-Space ModelUsing the Leaving-one-out Method (RF Set)Precision (% change)Model \ CollectionWSJVector-processing (r=150 queries)(doc = LNC, query = LTC, 1,000 doc.)31.9Leaving-one-outPlv (a = 0.1, m: 10)31.8 (+0.0%)Plv (a = 0.15, m: 10)31.7 (-0.5%)Plv (a = 0.2, m: 10)31.6 (-0.8%)Plv (a = 0.3, m: 10)31.4 (-1.3%)Plv (a = 0.5, m: 10)31.2 (-2.1%)Plv (a = 0.9, m: 10)30.7 (-3.5%)Leaving-one-out (a = 0.1)Plv (m: 5)31.9Plv (m: 10)31.8 (-0.3%)Plv (m: 20)31.7 (-0.6%)Plv (m: 30)31.5 (-1.2%)Plv (m: 50)31.3 (-1.9%)Plv (m: 100)30.4 (-4.7%)Table 5b: Evaluation of Vector-Space ModelUsing the Leaving-one-out Method (RF1 Set)

When only considering relevance links having arelevance value greater than 1 (RF1 set), theretrieval performance cannot increase significantlyas shown in Table˚5b. When testing the system withvarious values for the parameters a˚and m, wecannot find a significant change in the retrievaleffectiveness over the baseline ignoring learning.We also have to try to take account for 2,000retrieved records instead of 1,000, but thisalternative does not present any significant changeover the results depicted in Table˚5b.From these results, it seems clear that the queriesincluded in the WSJ collection do not have anypertinent relationship between them, or at least,such relationships are not detected by our learningmodel. This fact confirms our prior feeling as statedin Section 1.3.The retrieval results submitted to the conferenceboard under the label "UNINE2" are obtained using a= 0.05 and m = 5 representing a conservative setting.This parameter setting reflects our prior opinionthat the relevance judgments of queries #151 to #200will not have a high degree of similarity with olderrequests.2.4. Analysis of Official ResultsThe official results are based on queries #151through #200. The results obtained under the label"UNINE1" represents the baseline or the first stage orour retrieval strategy (vector-processing schemewith index term weight = LNC, search term weight =LTC). The performance under the column "UNINE2"is obtained using our additional retrieval schemewith a = 0.05 and m = 5.From Table˚6, we cannot conclude that ouradditional retrieval strategy represents significantchange over the vector-processing scheme. Ourapproach retrieves the same relevant records as thevector space model but ranks them in a more suitablesequence, especially for medium or high recallvalues.To define the setting for the UNINE2 experiment,we are faced, by analogy, with the followingdilemma:Solution 1: you may win $500.Solution 2: you obtain a lottery ticket for whichthe probability of winning $1,000 is 0.5 andthe probability of winning $0 is 0.5.In both approaches, the expected win is the same($500), however, Solution˚2 can be considered risky.Since we have a loathing for risk, we have chosenSolution˚1 in our parameters setting.ConclusionThis paper suggests a learning algorithm basedon interdocument relationships establishedaccording to relevance assessments obtained fromprevious requests. The underlying hypothesis of thisscheme states that the relevance judgments of futurequeries will have a high degree of similarity withthe relevance assessments of previous requests. Totake account of this information, we propose anadditional additive scheme within whichrelevance links are considered to increase thesimilarity between documents and query, and thusmodify the ranking of retrieved documents.Based on the WSJ collection, a retrospective testshows very attractive retrieval performance but theleaving-one-out method, representing a morerealistic predictive measure, does not confirm thisprevious evaluation. We can conclude that theresults of a retrospective test must be interpretedwith caution. Since the queries included in a test-collection are written such that they cover differenttopics contained in the corpus, they do not have ahigh degree of similarity between them. This factcontradicts the underlying hypothesis of ourlearning scheme and may be a plausible explanationfor the absence of any significant retrievalenhancement. However, even in such circumstances,our retrieval scheme does not significantly decreaseretrieval effectiveness over a baseline ignoringlearning.If, traditionally, learning schemes are usedmainly with probabilistic retrieval models, oursolution is advantageous by being integrated withvarious Boolean models (p-norm, fuzzy set extension,hybrid Boolean strategies) or with the vector-processing scheme.In this study, we never take relevance judgmentssuch as relevance feedback into account toreformulate the initial query [Salton 90]. Althoughwe do not reject this attractive proposition, ourobjective is to evaluate the effectiveness of theinitial search; therefore, relevance feedback can beused after this first search to enhance the retrievaleffectiveness.AcknowledgmentsThis research was supported by the SNFSR(Swiss National Foundation for Scientific Research) under grant 21-37’345.93 and under grant SNFSR SPP5NE3-33498. The authors would also like to thankMr. J. Cavadini, former Minister of Education of theCanton of Neuch�tel, for his support in purchasingthe needed hardware without which thisexperiment could not be possible. The authors alsothank M. Choquette from University of Montreal forhis help in using the SMART system.Statistics \ SpecificationUNINE1UNINE2Retrieved:5000050000Relevant:39133913Relevant and retrieved:31913191Interpolated Recall - Precisionat 0.0080.2581.07 (+1.0)at 0.1062.9762.72 (-0.4)at 0.2054.2353.89 (-0.6)at 0.3043.9244.28 (+0.8)at 0.4036.8137.99 (+3.2)at 0.5030.5232.51 (+6.5)at 0.6025.1326.88 (+6.9)at 0.7019.1420.82 (+8.8)at 0.8013.4015.20 (+13.4)at 0.907.058.45 (+19.9)at 1.001.231.29 (+4.9)non-interpolatedaverage precision31.9032.79 (+2.8)Precision:at 5 docs:52.052.0 (0.0)at 10 docs:47.449.0 (+3.4)at 15 docs:45.645.87 (+0.6)at 20 docs:43.243.6 (+0.9)at 30 docs:40.440.67 (+0.7)at 100 docs:28.0628.36 (+1.1)at 200 docs:20.4320.63 (+1.0)at 500 docs:11.111.16 (+0.5)at 1000 docs:6.386.38 (0.0)R-Precision(precision after R docs ret), Exact:34.4235.02 (+1.7)Table 6: Official Evaluation of Vector-Space Model(UNINE1) vs. Including Relevance Links (UNINE2)References[Blair 90]D. C. Blair: Language andRepresentation in Information Retrieval.Elsevier, Amsterdam (Holland), 1990.[Brauen 71]T. Brauen: Document VectorModifications. in The SMART RetrievalSystem - Experiments in Automatic DocumentProcessing, G. Salton (Ed.), Prentice-Hall Inc.,Englewood Cliffs, NJ, 1971, 456-484.[Bush 45]V. Bush: As we may Think. AtlanticMonthly, 176(1), 1945, 101-108.[Cooper 92]W. Cooper, F. C. Grey, D. P. Gabney:Probabilistic Retrieval Based on StagedLogistic Regression Proceedings ACM-SIGIR’92, Copenhague (DK), June 1992, 198-210.[Fox 83]E. A. Fox: Characterization of TwoExperimental Collections in Computer andInformation Science Containing Textual andBibliographic Concepts. Cornell University,Department of Computer Science, TechnicalReport TR 83-561, September 1983.

[Friedman 71]S. R. Friedman, J. A. Maceyak, S. F.Weiss: A Relevance Feedback System Basedon Document Transformation. in The SMARTRetrieval System - Experiments in AutomaticDocument Processing, G. Salton (Ed.), Prentice-Hall Inc., Englewood Cliffs, NJ, 1971, 447-455.[Fuhr 91]N. Fuhr, C. Buckley: A ProbabilisticLearning Approach for Document Indexing.ACM Transactions on Information Systems,9(3), 1991, 223-248.[Fuhr 94]N. Fuhr, U. Pfeifer: ProbabilisticInformation Retrieval as a Combination ofAbstraction, Inductive Learning, andProbabilistic Assumptions. ACM Transactionson Information Systems, 12(1), 1994, 92-115.[Furnas 87]G. Furnas, T. K. Landauer, L. M.Gomez, S. T. Dumais: The VocabularyProblem in Human-System Communication.Communications of the ACM, 30(11), 1987,964-971.[Gey 94]F. C. Grey: Inferring Probability ofRelevance Using the Method of LogisticRegression Proceedings ACM-SIGIR’94,Dublin (IR), July 1994, 222-231.[Gordon 88]M. Gordon: Probabilistic and GeneticAlgorithms for Document Retrieval.Communications of the ACM, 31(10), 1988,1208-1218.[Krovetz 92]R. Krovetz, W. B. Croft: LexicalAmbiguity and Information Retrieval. ACM-Transactions on Information Systems, 10(2),1992, 115-141.[Kwok 88]K. L. Kwok: On the Use ofBibliographically Related Titles for theEnhancement of Document Representations.Information Processing & Management, 24(2),1988, 123-131.[Kwok 90]K. L. Kwok: Experiments with aComponent Theory of ProbabilisticInformation Retrieval Based on Single Termsas Document Components. ACM Transactionson Information Systems, 8(4), 1990, 363-386.[van˚Rijsbergen 79]C. J. van˚Rijsbergen:Information Retrieval. Butterworths, 2ndedition, London (UK), 1979.[Salton 71]G. Salton (Ed.): The SMARTRetrieval System - Experiments in AutomaticDocument Processing. Prentice-Hall Inc.,Englewood Cliffs (New Jersey), 1971.[Salton 90]G. Salton, C. Buckley: ImprovingRetrieval Performance by RelevanceFeedback. Journal of the American Society forInformation Science, 41(4), 1990, 288-297.[Savoy 94a]J. Savoy: Ranking Schemes in HybridBoolean Systems: A New Approach. ACMTransactions on Information Systems, 1994,accepted with revisions.[Savoy 94b]J. Savoy: A Learning Scheme forInformation Retrieval in Hypertext.Information Processing & Management, 30(4),1994, 515-533.[Sparck Jones 77]K. Sparck Jones, R. G. Bates:Research on Automatic Indexing 1974-1976.Technical Report, Computer Laboratory,University of Cambridge (England), 1977.[Stone 74]M. Stone: Cross-Validatory Choiceand Assessment of Statistical Predictions.Journal of the Royal Statistical Society,Series B, 36(2), 1974, 111-147.[Turtle 91]H. Turtle, W. B. Croft: Evaluation ofan Inference Network-Based Retrieval Model.ACM Transactions on Information Systems,9(3), 1991, 187-222.