
Using Structured Queries for Disambiguation inCross-Language Information RetrievalDavid A. HullRank Xerox Research Centre6 chemin de Maupertuis, 38240 Meylan Francehull@grenoble.rxrc.xerox.comJune 23, 1997AbstractBilingual transfer dictionaries are an important resource for querytranslation in cross-language text retrieval. However, term translation isnot an isomorphic process, so dictionary-based systems must address theproblem of ambiguity in language translation. In this paper, we claim thatboolean conjunction (the AND operator) provides simple and automaticdisambiguation in the target language. We derive a new weighted booleanmodel based on a probabilistic formulation and apply it to the cross-language text retrieval problem. The results suggest that the weightedboolean model is highly e�ective for general text retrieval, but more ex-perimental evidence is need to conclude that it is particularly advanta-geous for cross-language application. Nonetheless, the preliminary resultsare quite promising.1 IntroductionWith the ongoing development of multilingual information retrieval systems,researchers are becoming increasing interested in the problem of cross-languageinformation retrieval (CLIR), which has been de�ned as taking a query in onelanguage and retrieving relevant documents in other languages. This problem isconsiderably more complex than traditional information retrieval because somemethod for query or document translation must be developed before one canuse traditional IR term matching and document ranking algorithms. Manyapproaches have been proposed and tested, including using such resources asbilingual dictionaries, thesauri, corpora, and/or machine translation systems.This paper reviews some of the recent theoretical research into using thesestrategies for cross-language retrieval, a study of which reveals that a lot of1



progress has been made on the query translation problem. However, determiningthe best way to deal with ambiguity in query translation remains one of the mostimportant research issues.In our previous work, we have shown that dictionary-based query translation,where each term or phrase in the query is replaced by a list of all of its possibletranslations, represents an acceptable �rst pass at cross-language informationretrieval [13]. This approach takes advantage of the fact that modern IR systemsare su�ciently robust that the important concepts in the query still tend todominate, despite the presence of spurious translation equivalents. However, wehave only dodged the ambiguity problem, not resolved it, and for a signi�cantfraction of the queries, this approach is not acceptable. In our current work,we examine whether the use of structured queries can help to reduce ambiguityand lead to better performance in cross-language information retrieval.The boolean model provides a natural method for reducing the impact of spu-rious translations by enforcing conjunctive relationships between query terms.As a query language based on strict boolean constraints has other drawbacks,we develop and explore the potential of a weighted boolean model, where doc-uments are scored according to how well they satisfy the boolean constraintsusing a probabilistic weighting scheme. We begin by reviewing recent researchprogress in CLIR and discussing the advantages and disadvantages of the ap-proaches which have been tested. We motivate and develop a new weightedboolean model, and conclude by presenting some results which measure thee�ectiveness of the model and its suitability for cross-language text retrieval.2 Background: Cross-Language Text RetrievalCross-language text retrieval has long been studied in the framework of con-trolled vocabulary systems. Early research [25, 21] demonstrated that cross-language systems can perform on par with monolingual systems given a carefully(i.e. manually) constructed bilingual thesaurus. However, controlled vocabularysystems are less than ideal for modern text retrieval for a number of reasons.The size and dynamic nature of modern information sources (such as the WorldWide Web) makes manual document indexing and thesaurus construction a dif-�cult task. See Oard's 1996 survey paper [18] for an extensive review of thehistory of research in cross-language text retrieval. In this section, we focus onrecent research, concentrating on the material presented at the recent SIGIR'96 workshop on cross-language text retrieval [9]. There are three basic typesof resources for query translation: dictionaries (or thesauri), monolingual andmultilingual corpora, and user input. Di�erent cross-language IR systems usevarious combinations of these resources.
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2.1 Corpus Based SystemsCorpus-based systems use parallel and or comparable corpora for query transla-tion. In a parallel corpus, the same documents exist in the source language andin one or more translations. In a comparable corpus, the relationship betweendocuments is less clear, and several di�erent de�nitions have emerged in recentresearch. Sheridan [26, 9] uses a very strict de�nition: comparable documentsare about the same event and written at the same time, each in a di�erentlanguage. Yamabana [9] uses the term to describe documents from the samedomain (e.g. politics, medicine) while Peters [20, 9] requires only that they berelated by genre and style of diction. Clearly, as documents become less and lesscomparable, using them for CLIR becomes more and more di�cult. For con-venience, we assume that comparable corpora are not parallel in the followingdiscussions.Dumais, Landauer, and Littman at Bellcore [14, 9] and Oard at the Univer-ity of Maryland [17, 9] have used a matrix reduction technique called LatentSemantic Indexing (LSI) to extract language independent term and documentrepresentations from a parallel corpus. Essentialy, LSI applies a singular valuedecomposition to the large, sparse term-document cooccurrence matrix (includ-ing terms from all parallel versions of the document) and extracts a subset ofthe singular vectors to form a new vector space. Bellcore has demonstrated thatusing this technique, a document in one language will retrieve its mate in theother language �rst 98-99% of the time. If a shorter pseudo-query is constructedusing only �ve important words from the document, performance drops to 55-60%, but the equivalent document can still be found in the top ten 92-93% ofthe time. While these results paint an encouraging picture of the ability of theLSI representation to capture meaning across languages, it is still unclear howwell LSI would perform in domains outside that of the parallel training corpus.Unfortunately, parallel corpora are not common in general language, tendingrather to be restricted to specialized domains.Sheridan et al. at ETH Zurich [26, 9] have created a reference corpus forcross-language information retrieval by aligning news stories in German andItalian by topic label and date and merging them to create pseudo-parallel docu-ments. German queries are then translated into Italian by using these combineddocuments for query expansion in conjunction with a word similarity thesaurus.The similarity thesaurus technique is similar to LSI in that terms are related toone another by their distribution across documents, but it performs no dimen-sionality reduction of the term-document matrix. The Italian terms from theexpanded query can be directly compared to Italian documents. This techniquehas been evaluated for information retrieval, and it turns out to be about halfas e�ective as monolingual text retrieval (in terms of average precision). LikeLSI, this technique may also have a domain dependence problem.3



2.2 Dictionary Based SystemsDictionary-based systems perform query translation by looking up componentterms and phrases in a bilingual dictionary and forming a target language queryby concatenating some or all of the translations. Radwan and Fluhr [23] haveconstructed a cross-language text retrieval system known as SPIRIT which usesa ranked boolean retrieval system in conjunction with bilingual term, compound,and idiom dictionaries for query translation and document retrieval. Their goalwas to compare dictionary-based translation to machine translation, and theyfound that their dictionary-based cross-language system is 75-80% as e�ectiveas monolingual retrieval while machine translation of the query is only 60-65%as e�ective. It is important to realize that they created a domain dependentterminology dictionary and performed extensive manual editing to achieve thislevel of performance. However, the machine translation system also used specialtopical dictionaries, so their test represent a fair comparison.In previous research work at RXRC, we constructed a dictionary-based cross-language system using much the same model as Radwan and Fluhr [13]. Wecompared an automatic word-based translation model to one with manual cor-rection of the dictionary and to one with a comprehensive multi-word terminol-ogy dictionary. The baseline model is about 60% as e�ective as monolingualretrieval, and this improves to 65-70% with manual correction of the dictio-nary then to 90% with the addition of multi-word terminology. However, weconstructed the terminology dictionary specially for these experiments, so thisrepresents an ideal or upper-bound performance �gure. Note that these percent-ages are based on a high precision measure and so are not directly comparableto others presented in this section, which use precision averaged at �xed recall.Furthermore, we discovered that roughly 20% of the queries are signi�cantlypenalized due to ambiguity introduced in query translation. This is the mostsigni�cant theoretical problem with dictionary-based models which has led tothe development of hybrid systems. Dictionary-based systems also have a cov-erage problem, which led the researchers above to resort to manual techniquesfor dictionary cleaning and terminology generation.2.3 Hybrid SystemsHybrid systems use a combination of dictionaries, corpora, and user interactionfor query translation. Peters and Picchi at CNR Pisa [20, 9] have looked intomethods to automatically generate translation equivalents using comparablecorpora. Each source language term is described by a pro�le of all those wordsthat cooccur within a �xed window. The same process is also used for terms inthe target language. Each source language pro�le is then translated into a targetlanguage pro�le using a bilingual dictionary, and the pro�les for target languageterms which are most similar are identi�ed. The top ranked target languageterms are treated as translation equivalents for the source language term. CNR4



presents some examples of this process, but no extensive performance testinghas yet been completed.Yamabana et al. at NEC [7, 9] have built an English/Japanese multilingualretrieval system which uses a bilingual dictionary, comparable corpora, userinteraction, and machine translation. For terms in the dictionary with morethan one translation equivalent, the best equivalent for a particular domainis selected using a method based on statistical cooccurrence over comparablecorpora. Each source language term is matched to the most similar term in thesame language. The target language equivalents of this pair are then comparedand the ones with highest statistical cooccurrence frequency are selected asbeing appropriate in the selected domain. In experiments using newspapertexts, NEC �nd that this method is 75-85% accurate. While quite impressive forcomparable corpora, this performance level is not high enough to always producegood results in information retrieval. Therefore, the NEC system also has aninteractive user interface which allows the searcher to select the most appropriatetranslation equivalent using term de�nitions in his or her own language. Finally,the retrieved documents are passed through a machine translation system beforebeing presented to the user.Ballesteros and Croft at the University of Massachusetts [1, 9] have built across-language IR sytem that attacks the ambiguity problem by using extensivequery expansion. Their hypothesis is that additional terms which are related tothe primary concepts in the query are likely to be relevant and that by addingthese terms to the query, the impact of incorrect equivalents generated duringthe translation process can be reduced. Query expansion is performed usingan automatic feedback technique to select new terms which occur frequently inconjunction with query terms. This expansion can by conducted either before (inthe source language) or after (in the target language) query translation. Pre-translation feedback is conducted on an independent source language corpus,while post-translation feedback uses the corpus being searched. UMass �ndsthat the best approach is to use a combination of pre- and post-translationfeedback. The cross-language performance ranges initially between 40-50% ofthe monolingual level and increases to 60-65% after query expansion.Davis at New Mexico State University [5, 9] also begins with dictionary-based query translation and has developed two strategies that perform directdisambiguation to select the best translation equivalent. His system applies apart of speech tagger to the query, which allows the system to select only thoseequivalents from the dictionary which have the same part of speech. It thenmeasures the similarity each source language query term and the remainingequivalents to aligned sentences in a parallel corpus. Disambiguation is per-formed by selecting the equivalent whose sentence ranking is most similar tothe source language term. Rankings can be compared across languages becausethe sentences are aligned. The cross-language performance rises from 40-50% forthe initial translation to 70-75% after applying both disambiguation strategies.5



2.4 SummaryIt is di�cult to compare the experimental results above because they are basedon di�erent test corpora and di�erent evaluation measures. However, it seemsfair to conclude that a simple dictionary-based cross-language system is abouthalf as e�ective as its monolingual counterpart (on average, variation on indi-vidual queries can be substantial). Performance can be signi�cantly improvedby adding carefully constructed terminology dictionaries and corpus-based re-sources, but there is still an important gap between the best of these systems andthe monolingual standard. The bene�ts of including corpus-derived resourcesare not surprising, because dictionaries and corpora can be thought of as com-plementary resources. Dictionaries provide broad and shallow coverage whilecorpora tend to provide narrow (domain-speci�c) but deep (more terminology)coverage of the language.Researchers have produced an impressive array of di�erent techniques totake advantage of the wealth of material in bilingual corpora. However, manyof these methods will su�er when the domains of the training corpora andthe search corpora are not su�ciently related. The notable exception is post-translation query expansion (applied by UMass) where the search corpus itselfis used for expansion. Oard [19] suggests another important corpus-based tech-nique that has not yet been explored, deriving translation probability vectors.This approach is epitomized by the work of Brown et al. [2] at IBM who aligna parallel corpus on the word and phrase level using sophisticated models frominformation theory. The aligned corpus can then be used to extract probabilityestimates for term translation. While this technique will also su�er from thedomain-relevance problem, it is a powerful approach for weighting translationequivalents which does not require full disambiguation.It is striking (but not surprising) how few research systems incorporate userinteraction into the query translation process. Most systems (with the excep-tion of NEC) are focusing on automatic query translation and so do not tryto leverage o� the searcher. The experiments presented in this paper are noexception. The problem is that it is extremely di�cult to quantify the impactof a searcher's interactive participation in the query construction problem andto make sure that it does not interact with other experimental variables. Userstudies of this kind are time-consuming and resource intensive. It is especiallytricky to account for searcher in
uence in a multilingual setting because thesearcher's foreign language knowledge is likely to widely variable, yet it must becarefully accounted for. Issues concerning the user interface have been exploredby Pollitt [22] and this represents an important area for future research.
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3 Motivating and Building the ModelPrevious research has demonstrated that ambiguity is a key problem in dictionary-based translation. There is another, more subtle issue which has not yet beenaddressed. Some terms have only one translation while others have many trans-lations. The latter terms will have higher weight in the target language querythan former, solely because of this property, which is magni�ed when many ofthe translations are synonyms and/or tend to cooccur together. Unfortunately,important content-baring terms generally have only a few translations, so thise�ect is exactly the opposite of what is desired. It is unclear whether this trans-lation weighting problem has any impact on performance but we hope to answerthat question in our information retrieval experiments.Our goal is to simultaneously address the ambiguity and the translationweighting problem by taking advantage of the structure in a boolean query.Boolean disjunction (the OR operator) is a natural way to link together manytranslation equivalents without dramatically increasing the weight of the under-lying concept. Therefore, our weighted boolean CLIR system connects transla-tion equivalents of the same term with the OR operator. Boolean conjunction(the AND operator) is likely to be an e�ective strategy for disambiguation if onebelieves the following hypothesis: \The correct translation equivalents of two ormore query terms are much more likely to occur together in target language doc-uments than in conjunction with any incorrect translation equivalents." Onecan think of incorrect translations as (relatively) random noise added to thequery. The chance that medium to low frequency noise terms (derived fromdi�erent source language words) will occur together regularly is remote.The weighted boolean model has a number of advantages when comparedto the techniques in the previous section. The search corpus itself is being usedfor disambiguation, so domain relevance is guaranteed. No additional refer-ence corpora are required. User knowledge is incorporated inherently into thedisambiguation process via query construction without requiring a subsequentfeedback step (as proposed by NEC). There is no need to arbitrarily select asingle best translation equivalent. Often the bilingual dictionary contains manysynonyms, and the weighted boolean model allows one to take full advantageof this natural query expansion e�ect without the risk of assigning too muchimportance to the translated term. It remains to test whether the weightedboolean model is e�ective in retrieval experiments.The strict boolean model has a number of known weaknesses: (1) no rankingof the retrieved set, (2) no concept of term importance, and (3) no controlover the size of the retrieved set. These problems have been addressed by anumber of extended boolean models which replace the strict logical expressionsof the traditional model with fuzzy matching functions. Fox [8] and Lee [15]present nice surveys of the range of potential models. Modern systems have alsoworked on incorporating term proximity information into the weight functions[4] and with adding boolean operators to a probabilistic model in the context7



of a Bayesian Inference Network [27]. When properly implemented, weightedboolean models can perform as well as the best vector processing models [10].Their one key disadvantage is that searchers must spend more time and energyon careful query construction.None of the extended boolean models described in the literature are entirelysatisfactory for our purposes, so we have decided to develop new boolean weightfunctions for our cross-language experiments based on probabilistic principles.We use a much-simpli�ed version of a completely general boolean model, follow-ing the model adopted by Hearst [11]. The query input format consists of a seriesof windows, one per line. Each window is considered a concept and all termsentered in that window are combined using an OR operator. The user has theoption to designate the importance of each concept (ranging from not importantto mandatory), which is translated by the system into a concept weight, andthe concepts are then combined using a weighted AND operator. The model isbased on the following simple probabilistic relations. Given independent eventsA and B: P (A AND B) = P (A \ B) = P (A) � P (B)P (A OR B) = P (A [ B) = 1� (1� P (A)) � (1� P (B))Given the term independence assumption, we can generalize these principles toconstruct a probabilistic indexing boolean model. Let ti be a term and d be adocument, then: p(t1 AND : : :AND tnjd) = nYi=1 p(tijd)p(t1 OR : : :OR tnjd) = 1� nYi=1(1� p(tijd))The model has been further generalized to include a user-speci�ed concept im-portance scale that ranges between 1 and 3 (1 = not important, 2 = important,3 = mandatory). This additional information is incorporated into the evalua-tion of the query, giving the users additional 
exibility in query construction.The detailed mathematical formulation of the general model is given in [12],which should soon be available.This approach also requires a strategy for estimating p(tijd), the probabilitythat term ti is associated with document d. One could attempt to estimatep(tijd) directly using a 2-Poisson or negative binomial model. However, thesemodels are extremely expensive to compute on the scale required in informationretrieval, so we instead fall back on the approximation to the 2-Poisson Modeldeveloped by Robertson and Walker and known as BM25 [24] which has provento be highly e�ective in information retrieval experiments:doc. weight = P � (k + 1) � tfK + tf8



K = k � (1� b) + b � lenavg.len ; P = log(N � nn )where tf is the term frequency, len is the document length, avg.len is the averagedocument length, P is the probabilistic term importance weight, and (k, b) aremodel parameters. These weights are further normalized to lie between 0 and1. We recognize that this does not produce realistic probability estimates. Thegoal here is only to �nd a reasonable strategy to score and rank documents withrespect to a boolean query.4 Experimental Testing of the ModelWe adopt the following experimental framework. Start with queries and doc-uments in a single language. Convert the queries to another language usinghuman translators and send both sets of queries to the CLIR system. Fromthese experiments, one can determine the relative performance of cross-languageIR compared to an ideal standard (monolingual retrieval), both overall and ona query by query basis. The per-query comparisons are indispensible for per-forming a failure analysis of the cross-language component of the system. Ourexperiments are based on the TREC El Norte collection, a set of Mexican news-paper articles written in Spanish. The collection comes with 50 topics and alarge number of relevance judgements, although we only use the TREC-4 topics(numbers 26-50) in our experiments. We also take advantage of English trans-lations of the topics generously provided by Davis and Dunning of NMSU intheir TREC-4 paper [6]. The El Norte collection consists of about 200 MB oftext, roughly 58,000 documents.Our experiments use an extensively modi�ed verison of the SMART infor-mation retrieval system [3]. It is been updated to index 8-bit characters andthe stemming algorithms have been replaced by the Xerox Spanish morpholog-ical analysis tools, which allow us to analyze the text and replace each termwith its in
ectional root. The SMART indexing functions are used basicallyunchanged, but the retrieval functions have been completely rewritten in orderto implement the weighted boolean model. We also generate an extensive listof phrases which consist of adjacent non-stopword pairs, at least one of which isa noun (as determined by our Spanish part of speech tagger). Both the in
ec-tional stemming and phrase generation are done as a preprocessing step priorto applying SMART to index the documents.We have designed the following experiment to test the performance of theweighted boolean model for cross-language information retrieval. Boolean struc-tured queries are constructed for the Spanish and English versions of the topics(in parallel by the author). The English queries are translated into Spanish us-ing an on-line English-Spanish dictionary from Oxford University Press that hasbeen specially modi�ed for the text retrieval problem. Essentially, this involvesthe removal of all extraneous material from the dictionary entries except for9



Spanish: La fabricaci�on en M�exico de joyas de plata y oro.English: Silver and gold jewelry manufacturing in Mexico.Spanish Boolean:2 M�exico mexicano2 joya joyas1 fabricaci�on fabricar manufacturar3 oro plataEnglish Boolean:2 Mexico Mexican2 jewelry1 manufacture manufacturing3 gold silverRetranslated Spanish Boolean:2 m�exico mexicano m�ejico mejicano2 joya joyas alhaja1 fabricaci�on manufactura fabricar manufacturar manufacturero fabril3 oro plata cuberter�ia platear azogar blanquearTable 1: Natural language and structured versions of query Q50.the direct translations of each term. Unfortunately, the dictionary entries stillcontained some noise (and missing terms) due to the imperfect nature of theautomatic cleaning process. We were concerned that interaction between dictio-nary errors and the models might seriously in
uence the experimental results,so we decided to clean up the translated queries. This was done manually by theauthor (not a Spanish speaker) with help from the 3rd edition Collins English-Spanish Dictionary. Unrelated terms were discarded and missing terms added,but no disambiguation was performed during the manual cleaning step. Thismeans that the experiments presented here re
ect ideal operating conditionswhich cannot currently be duplicated in our working CLIR system.4.1 A Sample QueryOne sample topic is presented in all its forms in Table 1. We quickly note thatthe word \silver" is translated by both its noun and its verb forms. While wewould like to perform part-of-speech disambiguation using our Spanish POS-tagger (as suggested by Davis [5]), it requires natural language text and cannotbe applied to a structured query. This represents a key disadvantage of theweighted boolean model. One possible solution is to allow for manual disam-biguation during the query construction process, although that option is notexplored in our experiments. The English queries took at most a few minuteseach to construct, while the Spanish queries took somewhat longer (due to theauthor's lack of Spanish expertise). This means that there may well be errors10



in the Spanish query formulations. The author used a bilingual dictionary tohelp with Spanish query construction (the same one used to manually clean theautomatic translations), which could well be a more signi�cant methodologicalproblem. This may mean that the original and translated Spanish queries havemore words in common than should happen in practice. However, this shouldnot bias the results in favor of either of the two retrieval models.4.2 Experimental Design, Results, and AnalysisIn this experiment, we wish to test the claim that the weighted boolean modelshould perform proportionally better than the vector space model for cross-language information retrieval. It is important to limit the in
uence of externalconfounding factors, which suggests the following experimental design. Conductfour experimental runs as follows:(1) Weighted Boolean model on original Spanish queries(2) Weighted Boolean model on translated Spanish queries(3) Vector Space model on original Spanish queries(4) Vector Space model on translated Spanish queriesThe key question is what to use for the vector space query. If we use the originalnatural language formulation, this gives a strong advantage to the boolean sys-tem, since its queries are manually constructed. Therefore, we decided insteadto remove the structure from the boolean queries (e.g. treat them as a bag ofwords) for the runs using the vector model. However the concept weights areretained and applied to the vector model term weights in a direct multiplica-tive fashion. Therefore, runs (1)/(3) and (2)/(4) use exactly the same indexterms and should be directly comparable based on the merits of the underlyingmodels. Furthermore, the same term weighting scheme (BM25, as previouslydescribed) is used for both models.One can view the results of these experiments as a 25x2x2 3-way table (queryby model by translation). There are three e�ects of interest which can bemeasured from this design: model e�ect, translation e�ect, and the model-translation interaction. All of these e�ects are important and interesting tomeasure, but it is the signi�cance of the model-translation interaction (i.e. test-ing whether (1)-(2)� (3)-(4)) which is necessary to verify our hypothesis. Notethat we choose to model the queries as random e�ects, meaning that they area random sample from an underlying population over which we have no controland therefore should only be considered as a random source of variation. Thisdecision makes a di�erence for the statistical analysis of the results.Finally, we must select an evaluation measure which is appropriate to thetask. As described in our previous work [13], we believe that a high precisionmeasure should be used for the cross-language adhoc search task. In general,11



users of the system should not be expected to read, evaluate, or translate largenumbers of documents in a foreign language. Another argument for high preci-sion is that monolingual relevance feedback is likely to be much more e�ectivethan the original search formulation once one or more relevant documents havebeen found. Therefore, we choose to use precision averaged at 5, 10, 15, and20 documents retrieved as the primary evaluation measure. However, in orderto make our results roughly comparable to other work on the same collection,we also use uninterpolated average precision at the top 1000 documents, thetraditional TREC evaluation measure.Boolean Vector averagemonolingual 0.304/0.568 0.272/0.514 0.288/0.541cross-language 0.281/0.541 0.202/0.415 0.242/0.478average 0.292/0.554 0.237/0.464 0.265/0.509boolean: 0.554-0.464 = 0.090cross-language: 0.478-0.541 = -0.063interaction: (0.541-0.415)-(0.568-0.514) = 0.072Table 2: Average/high precision 2 by 2 score table averaged over 25 queries.The average performance �gures are presented in table 2. The results seemvery promising as both the boolean e�ect and the interaction term are relativelylarge and positive, indicating that the boolean structured queries produce betterperformance, especially for the cross language problem. The e�ect of searchingacross languages is relatively small compared to what one might expect. Thereare two factors which probably account for this result: manual cleaning of thedictionary and the fact that the author used the same dictionary for cleaningand to help him generate the Spanish language queries. However, these resultsneed to be validated with statistical testing. We perform an Analysis of Variance(ANOVA) on the 3-way table using a mixed model with two �xed e�ects (wtb =weighted boolean, clir = cross-language) and one random e�ect (qry = query),as shown in Table 3.For details on the analysis of mixed models, the reader is referred to Lind-man [16]. Unfortunately, the only e�ect which looks likely to be signi�cant is theboost in performance provided by the weighted boolean model (p-value: 0.003).From the ANOVA results, we can conclude that our new weighted booleanmodel works better than the vector space model in general, but there is notenough evidence to say that it is particularly helpful for cross-language infor-mation retrieval. As these results are based on a relatively small sample of 25queries, it seems reasonable to expect that a larger query sample may verify ourhypothesis, and this represents our most immediate direction of future research.The performance of the weighted boolean model in general is quite impressive,although the short initial topic statements and the lack of query expansion biasthe results somewhat in that direction. We also plan to explore our weighted12



Factor df SS MS(num) MS(den) F-val Pr(F)wtb 1 0.202 0.202 0.019 10.77 0.003clir 1 0.098 0.098 0.033 3.00 0.096qry 24 5.172 0.215wtb:clir 1 0.033 0.033 0.011 2.89 0.102wtb:qry 24 0.450 0.019clir:qry 24 0.785 0.033wtb:clir:qry 24 0.271 0.011Table 3: ANOVA table: df = degrees of freedom, SS = sum of squares, MS =mean square (numerator/denominator), F-val = F statistic, Pr(F) = p-value.boolean model further in a monolingual setting.Acknowledgments The author would like to thank: Kalervo J�arvelin foran interesting discussion which strongly motivated him to pursue this line ofresearch, Marian Ewell for help with the statistical analysis of mixed mod-els, Maximilian Schulze for support in document indexing and retrieval, andGregory Grefenstette for help with dictionary construction and useful dis-cussions on the CLIR problem.References[1] Lisa Ballesteros and W. Bruce Croft. Dictionary-based methods for cross-lingual information retrieval. In Proc. of the 7th International DEXA Con-ference on Database and Expert Systems Applications, 1996. To appear.[2] P.F. Brown, S.A. Della Pietra, V.J. Della Pietra, and R.L. Mercer. Themathematics of statistical machine translation: Parameter estimation.Computational Linguistics, 19(2):263{311, 1993.[3] Chris Buckley. Implementation of the smart information retrieval system.Technical Report 85-686, Cornell University, 1985. SMART is availablefor research use via anonymous FTP to ftp.cs.cornell.edu in the directory/pub/smart.[4] C.L.A. Clarke, G.V. Cormack, and F.J. Burkowski. Shortest substringranking (multitext experiments for TREC-4. In The 4th Text RetrievalConference (TREC-4), NIST SP 500-236, pages 295{304, 1996.[5] Mark Davis. New experiments in cross-language text retrieval at NMSU'scomputing research lab. In The 5th Text Retrieval Conference (TREC-5),1997. To appear. 13



[6] Mark Davis and Ted Dunning. A TREC evaluation of query translationmethods for multi-lingual text retrieval. In The 4th Text Retrieval Confer-ence (TREC-4), NIST SP 500-236, pages 483{497, 1996.[7] Shinichi Doi and Kazunori Muraki. Translation ambiguity resolution basedon text corpora of source and target languages. In Proc. of the 15th Confer-ence on Computational Linguistics (COLING '92), volume 2, pages 525{531, 1992.[8] E. Fox, S. Betrabet, M. Koushik, and W. Lee. Information Retrieval - DataStructures and Algorithms, chapter 15, pages 393{418. Prentice Hall, 1992.[9] Gregory Grefenstette, editor. Workshop on Cross-Linguistic InformationRetrieval - SIGIR '96, 1996.[10] Donna Harman, editor. The 4th Text Retrieval Conference (TREC-4),NIST SP 500-236, 1996.[11] Marti A. Hearst. Improving full-text precision on short queries using sim-ple constraints. In Symposium on Document Analysis and InformationRetrieval (SDAIR). University of Nevada, Las Vegas, 1996.[12] David A. Hull. A probabilistic model for the approximate matching ofboolean constraints. Being cleared for publication, 1997.[13] David A. Hull and Gregory Grefenstette. Querying across languages: Adictionary-based approach to multilingual information retrieval. In Proc.of the 19th ACM/SIGIR Conference, pages 49{57, 1996.[14] Thomas K. Landauer and Michael L. Littman. Fully automatic cross-language document retrieval using latent semantic indexing. In Proc. ofthe 6th Conference of UW Centre for the New OED and Text Research,pages 31{38, 1990.[15] Joon Ho Lee. Properties of extended boolean models in information re-trieval. In Proc. of the 17th ACM/SIGIR Conference, pages 182{190, 1994.[16] Harold R. Lindman. Analysis of Variances in Complex Experimental De-signs. Freeman and Co., 1974.[17] Douglas W. Oard. Alignment of spanish and english TREC topic descrip-tions. In The 5th Text Retrieval Conference (TREC-5), 1997. To appear.[18] Douglas W. Oard and Bonnie J. Dorr. A survey of multilingual text re-trieval. Technical Report UMIACS-TR-9619, University of Maryland, 1996.http://www.ee.umd.edu/medlab/mlir/mlir.html.14



[19] D.W. Oard, N. DeClaris, B.J. Dorr, and C. Faloutsos. On automatic �lter-ing of multilingual texts. In Proc. of the 1994 IEEE Conference on Systems,Man, and Cybernetics, 1994.[20] Carol Peters and Eugenio Picchi. Capturing the comparable: a system forquerying comparable text corpora. In Proc. of Analisi Statistica dei DatiTestuali (JADT), pages 247{254, 1995.[21] B.R. Pevzner. Comparative evaluation of the operation of the Russian andEnglish variants of the Pusto-Nepusto-2 system. Automatic Documentationand Mathematical Linguistics, 6(2):71{74, 1972.[22] A. Steven Pollitt and Geo� Ellis. Multilingual access to documentdatabases. In Proc. of the 21st Conference of the Canadian Associationfor Information Science, pages 128{140, 1993.[23] Khaled Radwan. Vers l'Acc�es Multilingue en Langage Naturel aux Bases deDonn�ees Textuelles. PhD thesis, Universit�e de Paris-Sud, Centre d'Orsay,1994.[24] S.E. Robertson, S. Walker, S. Jones, M.M. Hancock-Beaulieu, and M. Gat-ford. Okapi at trec-3. In Overview of the 3rd Text Retrieval Conference(TREC-3), NIST SP 500-225, 1995.[25] Gerard Salton. Automatic processing of foreign language documents. Jour-nal of the American Society for Information Science, 21:187{194, 1970.[26] P�araic Sheridan and Jean Paul Ballerini. Experiments in multilingualinformation retrieval using the SPIDER system. In Proc. of the 19thACM/SIGIR Conference, pages 58{65, 1996.[27] Howard Turtle and W. Bruce Croft. Evaluation of an inference network-based retrieval model. ACM Transactions on Information Systems,9(3):187{222, 1991.

15


