The complete Precision-Recall curves for MONOS,tion Using Evolutionary Programming for Multi-Lin-
ALL5, CORP5 and BOTH5 are shown in Figure 6. gual Information Retrieval,” lifProceedings of the

As can be seen, automatically translating a queryourth Annual Conference on Evolutionary Program-
into another language can have a substantial perfoming San Diego, Evolutionary Programming Society.
mance penalty, but by performing some simple disam-

biguation of query term equivalents, the penalty can b?avis, M W, T. E Dunning, and W. C. Ogden (_1995)
reduced substantially. Text Alignment in the Real World: Improving Align-

MONO4. ALL4 and CORPUS4 results are Mments of Noisy Translations Using Common Lexical

included because they show a slightly different patterry €3tUres, String Matching Strategies and N-Gram Com-
than the corresponding results for TREC-5. In theParisons, InProceedings of the Conference of the Euro-
TREC-4 results, there was a clear performance gain than Chapter of the Association of Computational
resulted from corpus-based disambiguation of the trand-inguistics University College Dublin. March.

lation equivalents. For the TREC-5 results, howeverFoge| D. B. (1992), “A Brief History of Simulated Evo-
corpus disambiguation decreased performance Whefyion » |n Proc. of the First Annual Conference on Evo-

used alone but was advantageous when combined Wimtionary Programminged. D.B. Fogel and J.W. Atmar
POS-based disambiguation. Exactly why this occurreq_q gan Diego: Evolutionary Programming Society.
is not altogether clear. It certainly must be due to sub-

stantial disambiguation errors being made over incorreddull, D. and Grefenstette, G. (1996) “Experiments in
POS equivalents present in the TREC-5 query equivacross-linguistic Information Retrieval” iBIGIR96

lent sets, but exactly why this query set performed s@ugust, Zurich, CH.

radically different from the TREC-4 set is not immedi-

ately apparent and will require further investigation. ~ -andauer, T. K. and M. L. Littman (1990). “Fully Auto-

matic Cross-Language Document Retrieval Using
Latent Semantic Indexing,” IRroceedings of the 6th
Conference of UW Centre for the New Oxford English
Disambiguation of terms in an equivalent set suppliedictionary and Text ResearcB1-38. Waterloo.

by a bilingual transfer dictionary can result in substan-

tial improvements over most CLTR methods seen td-€acock, C., G. Towell, and E. Voorhees (1993) “Cor-
date. The set of experiments presented in this paper prBus-Based Statistical Sense ResolutiorPioceedings
vides a clear path to high-performance CLTR systems2f the Human Language Technology Works/20-
combining POS-based disambiguation with corpus265, Princeton, NJ. ARPA.

based disambiguation for query translation. Furthe‘salton, G. (1971)

@mproyements are pos_s_ible_ for the existi_ng system uage Documents,” ilhe Smart Retrieval Systeed.
including accur_atg |dent|f|cat|qn of phrases in the que alton, G., Prentice-Hall, Englewood Cliffs, NJ.
that need specialized translations and, perhaps, interac-

tive approaches to translating new terminology andwilks, Y. (1996)Personal Communication
acquiring lexicons for unfamiliar target languages.

Conclusions

“Automatic Processing of Foregn Lan-
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then chose only one of the candidate equivalents fahat was used for Spanish might conflate Spanish terms
each English query term to form the final query. in @ manner not represented in the other systems, so the
pooled grels are probably not a perfect measure of the
Monolingual and Cross-Language Retrieval system’s performance. There were no other options
Results available prior to direct TREC evaluation, however. This
applies to MONO4, CORP4, ALL4, POS5 and BOTHS5,

In order to evaluate the comparative performance of thgjnce each of these runs was not directly evaluated by
monolingual system versus the disambiguated querieggT.

TREC-4 and TREC-5 Spanish queries were used. CRL  The performance of the three methods is shown in
had previously provided English translations of theTaple 1. The non-interpolated average precision values
TREC-4 queries, so the English versions were already, |isteq by category

available and could be used alongside the Spanish ver-

English and Spanish versions of the queries.

In the discussion that follows, the monolingual Method PR (NI)
Spanish results will be referred to as MONO4 and MONO4 0.1874
MONOS5, the all-equivalent substitution approach as MONOS5 0.2895
ALL4 and ALLS5, the corpus-based disambiguation sets ALL4 0.0783
as CORP4 and CORPS5, the POS approach as POS5, and ALLS 0.1422
the combined approach as BOTH5. The POS and BOTH CORPA 01250
approaches have not yet been tested on the TREC-4
guery and document collections. CORPS 0.1153

The pooled query-relevance judgements (grels) POS5 0.1949
from NIST were used to evaluate the system for several BOTHS 0.2127

of these runs. It is possible that the stemming algorithm
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Figure 6: Precision Recall curves for Trec-5 Experiments
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Figure 1: Monolingual Spanish Retrieval for comparison baseline.
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Figure 2: Replacing each English query term with all of its equivalents from the
bilingual dictionary to form a new, ambiguous query.
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Figure 3: The corpus-based disambiguation method chooses among candidate equivalents for each term of
the English query by measuring the similarity of the retrieval results for each equivalent to the English query
on a parallel text retrieval task. The derived query is then submitted to the monolingual retrieval system.
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Figure 4: The POS disambiguation method chooses Spanish equivalents for each English
query term by matching parts-of-speech in the bilingual corpus.

UN English
TREC
English Query gg?&séh
A n Reduced
\ Parallel # DCompare Equivalent Mono
Spanish IR Engine ocument IR Engine
POS P Vectors w7 9
Bilingual
Dictionary Equivalents |
by POS

UN Spanish

Figure 5: The combined approach uses the POS-diambiguated terms as input into the corpus-based
disambiguation engine.



</S-desc> ' term with all of its Spanish equivalent terms from the
<S-narr> Narrative: Collins bilingual dictionary.

Un documento relevante tendré informacion Disambiguation of term equivalents was performed
sobre el efecto que ha tenido el

temor a la fiebre porcino en el comercio by selecting the_best Spanish equivalent or equivale_nt
internacional. set for each English query term. In the corpus-based dis-
</top> ambiguation experiments, the criterion for equivalent

selection was based on examining the distribution of
The tagged version of the query is (just the <E-desCEnglish query terms and candidate Spanish equivalents
field is shown for brevity): across aligned parallel texts. For POS-based disambigu-
ation, the approach was to select sets of equivalents

<top> - .

<num> 56 </num> from_ a bilingual lexicon that match the POS of the
<title> Swine Fever English query term.

<E-desc><s> The corpus-based system scored the inner products
<lex pos=WRB>How</lex> <lex pos=VBZ>has of weighted document vectors for the English and Span-
;gzxi\l:‘fé‘ E:;z’/?;xfhfl;’('epfs <|'§>;0f</lex> ish retrievals over parallel documents, selecting the term
<lex pos=NNS>swine</lex> <lex pos=NN>fever with the highest score. This process thus favored Span-
</lex> <lex pos=VBD>affected</lex> <lex ish equivalents that had the most in common with the
pos=JJ>international</lex> <lex English query results. This process is diagrammed in
pos=NN>trade?</lex> Figure 3.

</s></E-desc> If the English term had no dictionary entry, a fuzzy

match was done between the English term and the target
retrieval term database to discover potential cognates in
A further filtering step was performed by collapsing thethe target index. The fuzzy matching process first used

spectrum of noun and verb tags generated by than edit distance of zero and, if the term was not found,

MITRE POS tagger to JJ, NNP, NN,VB, CD and FW,used an edit distance of two characters.

and then prefixing each query term with the POS tag. Adding the fuzzy matching process addressed two

Other tags were eliminated. For the query above, thifindamental problems associated with general transfer

</top>

resulted in: dictionaries: limited coverage and dated material. Spe-
cialized terminology is often of neo-latin origin or loan
<top> words. In many cases, proper nouns do not have a trans-
<num>56 </num> lation but become loan words in the translation process.

<title> Swine Fever

<E-desc><s> The fuzzy matching process makes matching these
VB has NN threat NN swine NN fever terms function automatically. If the term is not in the
VB_affected JJ_international NN_trade dictionary, an equivalent can often be directly resolved
</s></E-desc> from the target document collection.

The POS disambiguation approach used the
MITRE tagger markup of the English query to select

Overall, the performance of the MITRE tagger on theBMong candic_iate_ equivalent:_s in_the Collins dictionary.
English description fields was very good. Among the! NiS process is diagrammed in Figure 4. NNP tags were
tagset that remained, there were 8 errors by the MITREBandled as special cases of nouns. If equivalents were
tagger over a total of 222 labelled terms in 25 queriedound in the dictionary under the NN tag category, cor-
resulting in a 3.6% error rate on query tagging. Notapléesponding to all Collins nouns, then the substitution
errors included: “in” was identified as a Foreign WordWas performed. Hence, NATO was correctly translated
(FW), “steps” was incorrectly identified as a Verb (VB) I Collins as OTAN. If no equivalent existed, however,

twice, and “extinction” was identified as a Verb (vB) @ Was the case for proper names, NNPs became their
once. own equivalents. Hence, MERCOSUR translated as

itself.

The combined approach is diagrammed in Figure 5.
The resulting equivalent sets for each English query
Figure 1 diagrams the method used to retrieve the basgerm after POS disambiguation were submitted to the
line retrieval results. The Spanish monolingual querycorpus-based disambiguation engine in this approach.
retrieves Spanish TREC documents in this approach. For the AFP TREC-5 query set, there were 166 unique

Figure 2 shows the simple extension to this procequery terms and 428 equivalents, for an average of 2.58
dure that involves simply replacing each English queryequivalents per English term. The corpus-based method

</top>

Disambiguation and Retrieval



ual posting sets. Additional options allow for the cre-for nouns, transitive and intransitive verbs and adjec-

ation of a database of compressed document signaturiges were mapped onto the Penn Treebank POS tagset

which are useful for experimenting with automatic doc-by conflating all Collins nouns to NN tags, all Collins

ument feedback, although these features were noferbs to VB tags and all Collins adjectives to JJ tags.

applied in the results presented in this paper. Headwords with multiple parts-of-speech became sepa-
For CLTR applications, the system can read multi+ate lexical entries in the resulting dictionary, with the

ple indexes for parallel texts, and can perform compariheadword prefixed by the tag and an underscore.

sons between retrieval results for queries across parallel

corpora using either a transfer dictionary or the direcThe UN Parallel Corpus

extraction of equivalents from the parallel corpus. Th he 1991 UN el d ; ; ficall
system can also perform term expansions by finding th € N parallel documents were automaticaly
igned (Davis, Dunning and Ogden, 1995) resulting in

subset of terms it has encountered at index time th%ﬁj7 504 all ¢ pai ¢ th ; doubl
have up to a certain number of character differences ’ alignment pairs at the sentence or double-sen-

: . ; ... tence level. The English documents contained 91,915
with the source term. This fuzzy matching capability is™ . e
used for finding cognates of query terms in CLTR wheré’_nd'qu?;erms out o;gzt%t;il?of 4.’483’?77‘ Or_1 the tSaalnls?
no dictionary or parallel corpus term is available. side, there were 12z, unique terms in a total o

For the system to operate in a fully CLTR mode, it5,259,124. The alignment process has previously been

; S .
is necessary to supply kill lists in both query source an(‘fStlmated to be 83% correct, although a comprehensive

target languages, transfer dictionaries, an indexed targgyalflj_at'o;gtglthjl\lugl ahgnm?ntstwas nor: perfo[)med. i
collection and indexed parallel text collections. For € ocument Set was cnosen because |

these English-Spanish CLTR experiments, the Collindvas suspected that current issues might be better repre-

bilingual dictionary was used as a transfer dictionarysemed by the most current document set from the UN

and one year of the UN parallel corpus was used as llection which includes years 1988 through 1991.

parallel text collection. POS-tagged queries were han- The English set of aligned texts was indexed using

dled by a second version of Collins that included POéQelc_ue:qON'ﬂ_:_;he SPorte_r ﬁtem{ner vanqnt_lan_::l c_asde no(;—
groupings of lexical items. malization. e Spanish set was similarily indexe

simultaneously, with alignment blocks sharing docu-
ment numbers between the parallel sets. The resulting
indexes occupied a total of 77 Mb of disk space, includ-
nary ing inverse term token-term dictionaries for testing pur-

Collins is a comprehensive bilingual dictionary contain-poses. The indexing took approximately 20 minutes on a
ing around 50,000 English headwords. For this experiSparc 5.

ment, English headwords and a subset of the collected

equivalentsand sense discriminating terminology were The MITRE Parts-of-Speech Tagger

ex';ractted. Equivalentsﬂfrfg r;;)mographs an? difcrimi'lzor the POS-based experiments, the MITRE English
nating terms were conflated after case normalization angdq tagger was applied to TREC-5 queries. The

::’ot[ter Englls? headwgr]fi ste$m|ng.letu%I|fate eqtu'¥?1'English description field of the SGML markup was
Se” S_""Ere no rlemto"e rom the con ";‘,e § e”g Ste- fhodified slightly by adding <s> and </s> tags at the
banish equivalents were case hormalized and Stemmfyinning and end of the field. For example, Trec-5
using a Spanish variant of the Porter stemming algoe panish query 56 is:
rithm developed at CRL. For this experiment, phrasa? '
headword entries were also discarded. <top>
After this preprocessing, 23,932 English headwords <num>56 </num>
remained with an average of 1.394 equivalents per head-<title> Swine Fever
word (variance of 0.648), with the largest headword <E-desc> .
having 16 equivalents. This set was checked by a S anaHOW has the threal of swine fever affected
. aving a : : o Yy p international trade?
ish-fluent graduate student against the original Collins </g-gesc>
entries, who added missed equivalents to English head-<E-narr> Narrative:
words that also appeared in the queries. The student wag\ relevantdocumentwill contain information
provided only the pooled terms from the 25 TREC detaling some effect caused by
. . . fears of swine fever.
Infosel queries and was instructed to make certain that _g_joqcs
the equivalent sets were complete. ¢ Qué efecto ha tenido en el comercio inter-
A second transfer dictionary was prepared for use nacional la enfermedad “fiebre
in the POS-tagging experiments. The Collins markup Pporcino?”

Collins Bilingual English-Spanish Dictio-



applied evolutionary programming methods to attemptranslates these query descriptions into Spanish in a
to refine Spanish translation of English queries by iterafully-automatic manner and the new Spanish queries are
tively comparing the retrieval profiles of English andrun against the TREC Spanish document corpus. The
Spanish queries over a parallel corpus. In Davis antlest we could reasonably hope for would be that the
Dunning (1994), a transfer dictionary was used to creatautomatic query translations performed at least as well
the Spanish queries, but no large-scale retrievals weiss the original Spanish queries over the same document
performed, and the later work (Davis and Dunning,set. The performance of the monolingual Spanish topics
1995) used initial Spanish equivalents derived directlythen serve as a comparative baseline for automatic trans-
from a parallel corpus. Results from the latter werdation methods. In an operational setting, a CLTR sys-
shown to be comparatively poorer than even the fultem user would be creating, for example, English
transfer dictionary methods. In both cases, the evolugueries to retrieve documents in multiple languages.
tionary optimization methods were computationally The translation process would convert the query into the
expensive, requiring around 50,000 retrievals per queryange of languages that are represented by the document
to achieve acceptable levels of optimization. copora of interest to the user, and the retrieved docu-
An alternative model of CLTR using parallel cor- ments could then be submitted to a translation staff or to
pora is to attempt to disambiguate the Spanish equiva machine translation system for a quick gloss of the
lents by comparing their retrieval results one at a timelocument contents.
against the English query retrieval results as a whole.
Vector-based retrieval models use linear combinationRecuerdo A Spanish Retrieval Engine
of term occurrence features. As a result, the subspace of

the Spanish term-document space projected along R order to perform our CLTR experiments, we needed a

axis of a given equivalent may be adequate for determir{—etrieval engine with competitive performance charac-
ing the correct equivalent for an English term teristics. The system also needed to be able to operate

A yet further alternative is to make use of NLP toolsOVer parallel corpora for disambiguation in addition to

like parts-of-speech (POS) taggers. Wilks (1996) ha orking on a monolingual document collection. Current
suggested that POS tagging may be combined with fu panish monolingual retrieval systems are primarily

lexicons to disambiguate up to 95% of English. The rolevector-based (using variants of tf-idf document and term

of a tagger in a CLTR system then becomes pre-selec‘f\!eightmg)’ inference-net based, and derived from logis-
ing equivalent sets for each query term based on thilc regression of a retrieved document set. The flexibility
POS of the tagged query terms. Corpus-based meth08£the vector-based tf-idf approach suggested that it was

can then be applied to the remaining equivalent st reasonable approach. Further, a vector model is an

where ambiguities still exist to further refine the transla—!nherently linear combination of term weightings, mak-

tion ing the substitutions of term equivalents in a CLTR sce-

In this paper, results are presented for the disambidﬂ—Iarlo stral?htforwg(rjd, dWItT' Spfﬁ "’:I hant()j ling of phrajatl d
uation of transfer dictionary equivalents using paralle omponents an added option that can bé accommodate

corpora, equivalent sets selected by matching parts-o?—as'ly without significant modification of the system.

speech (POS) generated by an automatic POS tagger The Recuerdosystem developed at CRL has some

and a bilingual lexicon, and combined results from theSUbStantiaI modifications over the Smart system from

two methods. Disambiguation appears to be effectiv%ome”' Among these was the development of new

even without the added complexity of considering the panish stemmer based on the Porter stemmer model

entire range of possible equivalent combinations as watQat contains 145 rules for stemming Spanish terminol-

d in th uti : dels. TheP9Y- The complexity of irregular Spanish verbs was par-
one In he -evoltionary programming mocels. '€y handled within this framework, although it was

effectiveness of corpus-based disambiguation along ed 1o d thout e | b
appears mixed in these experiments. The best perfo ‘ecided 1o do withou specifying irregular verb para-

mance is to be found in disambiguating POS-tagge igms precisely to maintain the speed of the stemming

gueries over a parallel corpus, achieving 73.5% of th Igorithm. Thg e_ffectiveness of this approa_ch has on!y
performance of the original monolingual queries on th een tested W|th|r_1 the_ framework of the retrieval experi-
same retrieval task. The addition of corpus-based disanfrents presented in this paper.

biguation represents 6% of this figure, despite the fact The system is capable of indexing at around 200

that the parallel corpus was drawn from distinct domain‘iyIb per hour, Spgnlsh or Eng_lls_h, and creates mdexe_:s of
of documents. around 0.5 the size of the original document collection.

The experiments reported in this paper are all baseIaostmg vectors are incrementally written to B-tree data-

on making use of English, human-produced translationphases to CONSErve memory and_then merged at the _er_1d of
of TREC Spanish topic descriptions. The CLTR systerﬁ e process without the necessity of sorting the individ-
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ABSTRACT

In Cross-Language Text Retrieval, queries in one language retrieve documents
in other languages. Query translation is the least expensive approach to the
retrieval task when compared to full document translation. The simple combi-
natorial properties of vector-based text retrieval systems simplify the transla-
tion task enormously, reducing most translation to the correct substitution of
equivalents from a bilingual lexicon or corpus. New experiments are presented
on methods for selecting among potential equivalents from a bilingual lexicon,
including one fully-automatic method that achieves 73.5% of the performance
of a monolingual system operating on the same retrieval task.

Introduction conceived. Foremost among these issues is the question
. .. of whether the linearity of vector-based retrieval sys-
In Cross-Language Text RetrieVgCLTR), queries in tems leads directly to the application of term-for-term

one language retrieve documents in other Ianguages tht?it;mslations. This issue is already being answered by the
are related to that query. Between translating all of

: . X Fealization that phrases are not always reducible in
QOcument corpus |n_to one single Iangqage Pror 19,4 chine translation or CLTR systems (Hull and Grefen-
indexing or, altgrnatlvely, smply translating the userstet’[e, 1996). A related issue is whether the information
query at query fime, translating just the query is 9€NCTratrieval model makes corpus-based term disambigua-
ally considered the least expensive in terms of resourcij

d potentiall t© ai th ¢ stat on practical. Thus far, only mixed results have been
and potentially more accurate given the current state ofepieved for large-scale evaluations of CLTR systems,
machine translation technology.

. Ithough TREC multilingual corpora have made further
Early experiments by Salton (1971) demonstrate g g P

. tudies much easier (Davis and Dunning, 1995; Hull and
that CLTR could do as well as monolingual appro""Che(':’.%refenstette, 1996). In recent years, NLP tools like

given certain .experlmental constraints. Primarily, this arts-of-speech taggers have improved to beyond the
0% performance level. For CLTR systems, this means
at these tools are no longer an unknown quantity, and

o : . . a&hy performance gains due to using them should
significant obstacle because the terminology in the d'cbecome less ambiguous
tionary was disambiguated by a human in advance of the Parallel corpora have been shown to be useful for

retrieval experiment. The added problems introduced b}ﬁisambiguating monolingual term senses in limited tests

translation pragmatics similarly _dlssolved. Leacock, Towell and Voorhees, 1993). Parallel corpora
In recent years, however, it has become appareny,

that the i i tical. full ‘ iic CLTR ave also been used for training statistical text models
at the issues In practical, fufly-automatic R SYSor translation (Church and Mercer, 1993), and parallel
tems are substantially more complex than Or'g'na"ycorpora have been implicitly applied to the CLTR dis-
ambiguation problem by Landaurer and Littman (1991)
1At SIGIR 96, participants in the Cross-Linguistic Information Retrieval Work- Who generated query translation matrixes using Latent

shop voted to refer to text retrieval with differing query and document language: . . . :
as Cross-Language Text Retrieval to reduce some of the confusion that other %emantlc Indexmg. Davis and Dunnmg (19941 1995)

names have caused in the past. | follow this convention in this paper.




