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Abstract

This paper introduces a simple and effective non-
overlapping unigram and bigram segmentation method for
both monolingual Chinese and English-Chinese cross lan-
guage retrieval. It also describes English-Chinese cross
language retrieval experiments involving 54 topics and
some 164,000 documents. The trandation of English
gueries to Chinese is done using a Chinese-English dic-
tionary of about 120,000 entries. A technique for extract-
ing noun phrases is presented and applied prior to query
trandation. The phrasal translation outperformanced word
trandation by 23.6% even though most of the extracted
noun phrases fromthe queries were not translated as phrase
because of the limited coverage of the bilingual dictionary.
The cross language retrieval achieved about 53% of the ef-
fectiveness of the monolingual retrieval, which suggeststhat
there is lot of room for improvement. The two main lim-
iting factors in English-Chinese retrieval performance are
the limited coverage of the bilingual dictionary and the ex-
istence of multiple Chinesetrandlation equivalents for many
English words.

1 Introduction

The increasinglylarge volume of Chinesetextual data
available online requiresefficient and practical meansto
accesghe datain otherlanguages.In particular support
is neededor peoplewho arenot proficientin Chinesebut
understandEnglish. One suchmeansof providing access
to Chinesedatain Englishis to coupleChinesanformation
retrieval with English-Chinesenachinetranslationsystem
or someshallav translationtechniques. To this daterel-
atively little work on crosslanguageinformation retrieval
involving Englishand Chinesehasbeendone. Part of the
problemis the lack of dataand linguistic resourcego do
researclin this area.Theavailability of abilingual wordlist
andthe TREC Chinesetestcollectionmadeit possiblefor

usto experimentwith English-Chineserosslanguagere-
trieval. We take the simpleapproactof translatingenglish
gueriesinto Chinese We alsoexaminethe effectivenesof
phrasalranslationandword translationin English-Chinese
crosslanguageetrieval.

Therestof thispapelis organizedasfollows. In section?
we proposean effective sggmentationmethodfor English-
Chinesecrosslanguageretrieval. Section3 describeshe
testcollectionsandthe bilingual dictionaryfor querytrans-
lation. Section4 reportsthe monolingualChineseretrieval
evaluationresultsand compareghree sggmentationmeth-
ods. Section5 describesEnglish-Chineserosslanguage
retrieval experimentsusing a bilingual dictionary It also
presents techniquefor noun phraseextractionin topics.
Section6 discusseswo factorsthat limit the performance
of English-Chinese&rosslanguageretrieval. Section? re-
portsthecross-languageetrieval performancevhentheex-
tractednounphraseshataremissingin thebilingual dictio-
nary weretranslatecby hand. Section8 mentionsrelated
work. Section9 concludeghe paperand pointsout future
work.

2 Word Segmentation

The documentsand queriesin mosttext retrieval sys-
temsare indexed by the words occurringin the text. For
languagessuch as English in which words are separated
by blank space,it is very simple to index text by words.
To index Chinesetext by words, however, onefirst needs
to identify wordsin the text sincethe words are not ex-
plicitly markedin Chinesetext. A Chinesesentencecon-
sists of a continuousstring of Chinesecharacters. The
processof breakingsentenceito wordsis referredto as
word segmentation. Thereis a large literatureon Chinese
word seggmentation. We will not attemptto surwey this
field. Two recentpaperson Chinesenvord sggmentatiorare
presentedy Dai andLoh in [4] andSunetal. in [10].
Both corpus-basedtatisticalmethodsanddictionary-based
methodshave beendevelopedto breaka sentencento in-



dividual words. If onehasa Chineseword dictionary one
could matchthe text againstthe dictionaryandoutputasa
word the (longest)sequencef characterghat matchesan
dictionaryentry When a dictionary is not available, one
could collect large amountof Chinesetext and attemptto
discover words by examingthe occurrencepatternsof the
charactersn thecorpus.

A major problemwith dictionary-basedvord segmen-
tation methodsis the dictionary coverage. The word seg-
mentationaccurag may largely dependon the dictionary
coverage.Whenthedictionarycoverageis poor, thewords
thataremissingin the dictionarymaynot berecognized.

Thecorpus-basedr statisticaimethodscanbe easilyap-
plied to a new collectionof Chinesetext sincethey do not
useword dictionaries.The overlappingbigramindexing is
simple efficientandeffectiveaswell [8]. Oneproblemwith
bigramindexing is thattheindexing file produceds two to
threetimesasbig asthe sizeof theraw text. Herewe refer
to singleChinesecharactersisunigramsandtwo-character
Chinesgermsasbigrams.

We presenta methodthatis equally efficient and effec-
tive as bigramindexing, but producesa much smallerin-
dex file thanthe overlappingbigramindexing. Our method
is inspiredby the model 1 of the IBM statisticalmachine
translation5] in which thetargetlanguagesentenceanbe
generatedhroughdifferentalignmentsfrom thesourcdan-
guagesentenceSimilarly a Chinesesentence&anbegener
atedfrom wordscombinedhroughdifferentsegmentations.
Our methodis similarto but lessgenerathanthework pre-
sentedy Geetal. in [6]. Ourmethodbreaksasentencénto
unigramsandbigramsby maximizingthe probability of the
sentence.Here we assumehat unigramsand bigramsoc-
curindependentlyn thecorpus.Let S = C1C2Cs...C),
be a sentenceconsistingof n characters. The segmenta-
tion of a sentencef n charactersanbe representedy a
n — 1 dimensionalvector K = (kq,ks,...,k,_1) Since
therearen — 1 word boundarypositions,wherek; indi-
catesif thereis aword boundarybetweercharactelC; and
Cit1- All k;’stake onvaluel or 0. A valueof 1 means
thereexists a word boundaryanda value of 0 meansoth-
erwise. We call vector K the sggmentationvector of sen-
tenceS. Eachsementationof a sentencecan be repre-
sentedby a unique segmentationvector Sincethe k;’s
arebinary, it is easyto seethereare2”~! possibleways
to breakup a sentenceof n charactersnto wordswhena
word can be arbitrarily long. For example,thereare four
waysto sggmentthe sentenceS = C,C>C3. Thediffer-
ent sggmentationsof the sentenceare enumeratedn Ta-
ble 1. However, whenthe word lengthis limited to oneor
two charactersthe numberof possiblewaysto sgmenta
sentencef n characterss givenby therecurrenceelation
N(n) = N(n — 1) + N(n — 2), whereN(n) is thenum-
ber of waysto breaka sentencef n characterénto oneor

two-charactewordsand N (0) = 0, N(1) = 1,N(2) = 2.
For example therearethreewaysto breakup a sentencef
threecharacterinto oneor two-charactewordsasenumer
atedin thethird columnin Tablel.

No. SegmentedSentences SementedSentences
(word lengthunlimited) (wordlength<=2)

1. 01/02/03 01/02/03
2. 01/0203 01/0203
3. 0102/03 01C2/CS
4. C1C2C3

Table 1. All possib le ways to break up athree-
character sentence, S = C;C>Cs, into words
when word length is unlimited (column 2)and
when word length is restricted to 1 or 2 char-
acters (column 3).

For a sggmentedsentenceS = wyws ... wy,, if we as-
sumewordsoccurindependentlythentheprobabilityof the
sentences canbe expressedisfollows:

= P(wy)P(wy)...P(wn) :HP(w,.) (2)

sincewe do notknow how to breaka sentencénto wordsin

adwancewewill consideall possiblevaysof sggmentinga
sentencandestimatehe probability of every segmentation
givena sentenceWe canthenusethe segmentationof the
highestprobabilityto breakup the sentencénto words.We

denoteby K a segmentationvariablewhich representshe
differentways of seggmentinga sentence.Thenthe prob-
ability of a sentencecan be expressedas the sum of the
joint probability of a sentencewith a particularsegmenta-
tion. Thatis,

P(S) =) P(S,k) (3)
k

wherethe summationis taken over all possiblesggmenta-
tionsfor thesentenceGivenasentencewe arelooking for
themostlik ely segmentatiorof a sentence.

P(S, k)

P(k|S) )

(4)

where P(k|S) is the probability of sgmentationk given
thesentenceP (S, k) is the probabilityof the sentencevith

segmentationk. The mostlikely segmentationfor a sen-
tencecanbe found by maximizingthe probability P(S, k)

asshowvn below:

P(S, k)
P(S)

k(S) = argmaxy, = argmaz P(S, k) (5)



since P(S) is the samefor a sentence.When a sentence
is short,onecaneasilyenumeratall possiblewaysof sey-
mentingthe sentenceand computetheir associategroba-
bilities, thenchoosethe sggmentationof the highestprob-
ability. But whena sentencas long, the numberof possi-
ble sgmentationss exponentialjt is nolongerpracticalto
enumerateall possibleways of breakingthe sentenceand
estimatetheir probabilities. However one can apply dy-
namic programmingtechniqueto find out the mostlikely
segmentationefficiently without computingthe probabili-
ties of all possiblesggmentationsf a sentence.The best
way of breakinga sentenceof n charactercanbe recur
sively expressedsfollows:

P(S1,n) = MAX(P(S1,n-1)P(Ch), P(S1,n—2)P(Crn-1Ch))

whereSi,, = C1Cy...Cy and P(S1 ) is the maximum
probability of sggmentinga sentenceof n charactersnto
one or two-characterwords. The probability of a one-
characterword (i.e., unigram)is estimatedby P(C;) =
% andthe probability of atwo-characteword (i.e., bi-
gram)is estimatedby P(C;C;) = % whereN(C;)
is the numberof timesthat characteiC; occursin the cor-
pus, N (C;Cj) is the numberof timesthatstring C;C; oc-
cursin the corpusand N is the total numberof timesthat
ary singlecharactetermsandary two-charactetermsoc-
cursin the corpus. A sentences brokeninto oneor two-
charactetermsusingthe mostlik ely sggmentation For ex-
ample,for the sentencef threecharactersS = C1C>C3,
shavn in Table 1, the probability of the sentencewith the
threedifferentpossiblewaysof segmentatioraregiven,re-
spectvely, by

P(S,(1,1)) = P(C1)P(C:)P(Cs) (6)
P(5,(1,0)) = P(Ch)P(C2Cs) (7)
P(S,(0,1)) = P(C1C2)P(C3) (8)

Assumethatthe secondsggmentatiormethod(k = (1,0))
hasthe highestprobability, thenwe breaksentenceS' into
C1/C>C3. Thisis themethodwe usedto breakthe Chinese
sentencesn the test collection into one or two-character
terms. The probability of a one-characteor two-character
termis estimatedusingtheir occurrencestatisticscollected
from the Peoples Daily collection. The Chinesetopicsare
segmentedn the sameway. Whenthis methodis applied
to new text suchasthe topics, it is likely that there will
be termsmissingin the collectionfrom which occurrence
statisticsare collectedfor all terms. The estimatedproba-
bility for the new termswould be zero. Of course,having
notseeingatermin thetestcollectiondoesnot necessarily
meanthis term will never occurin the future text. When
we usedthis methodto segmenttopics,we assignedismall
probability to the termsmissingin the testcollection. The

estimatedprobability for a new termis one over the total
numberof uniqueunigramsandbigrams.
Oneproblemwith the non-overlappingunigramandbi-
grammethodis thatthe sametwo adjacentcharactersnay
be recognizedas a bigramin somecontexts but be sepa-
ratedin otherssincewhetheror nottwo-adjacentharacters
shouldbegroupedasabigramdepend®n the probabilities
of all unigramsand bigramsfound in the samesentence.
This methodalsodoesnotwork well with wordsof threeor
morecharactersuchasmostof the personahames.

3 Test Collection

We usedthe TREC-5[11] andTREC-6[12] Chineseest
collectionin all of our Chinesemonolingualand English-
Chinesecrosslanguageretrieval experimentsreportedbe-
low. The testcollection consistsof 139,801articlesfrom
the Peoples Daily newspapeipublishedbetweenl991and
1993and24,988news reportsfrom Xinhua News Agengy
in 1994 and 1995. There are 54 topics, consistingof a
title, descriptionand narratve fields. The titles are usu-
ally phraseor clausesor shortsentencesAnd a descrip-
tion consistsof somemain concepttermsin a topic. The
narratves stateswhat makes a documentrelevant or non-
relevant.

All topics come with English translations. For the
English-Chineserosslanguageretrieval, we usedthe En-
glishtranslationssthe Englishtopics. Thereare5140doc-
umentsn thetestcollectionfoundrelevantto the 54 topics.

The bilingual dictionary we used to translate En-
glish queries is the Chinese-to-English wordlist
(version 2.0) compiled by Linguistic Data Consof
tium.  We downloaded the bilingual wordlist from
http://morph.ldc.upenn.edPojects/Chinesellhewordlist
consistsof a list of Chinesewords, pairedwith a set of
Englishwords. Thewordlisthassomel28,000entries.

For eachtopic, onethousandop-ranleddocumentsare
retrievedfrom thedocumentollection. Thedocumentsre
ranked by their probability of relevanceto atopic. And the
relevanceprobability of a documentto a topic is estimated
usingtherankingalgorithmdevelopedby Cooperetal. [2].

4 Monolingual Experiments

We indexedthetestcollectionusingtheword dictionary-
basedlongestmatchingmethod, overlappingbigram and
non-overlappingunigramand bigram methodpresentedn
section2. Thewordlist usedin segmentationare extracted
from the Chinese-to-Englishdictionary mentionedabore.
Thefollowing tableshavsthesizeof theindex files andthe
dictionaryfiles producedrom threesegmentatiormethods.
Thesourcedocumentollectionhas167MB text.



recall word overlapping | non-overlapping
level bigram unigramandbigram
average

precision| 0.4395| 0.4446 0.4385

relevant

retrieved | 4423 | 4593 4505

Table 2. The performances of three segmen-
tation (inde xing) methods.

segmentation index file size | dictionarysize
method (MB) (terms)

word 146 48,111
overlapping

bigram 318 1,390,046
non-overlapping

unigramandbigram | 159 281,591

Theretrieval performanceof all threeindexing methods
arecomparablastheresultsin Table2 shav. Theretrieval
performance®f the threedifferentindexing methodsare
summarizedn Table 2. The retrieval performanceof all
threeindexing methodsarecomparablestheresultsin Ta-
ble 2 show.

5 Cross-Language Retrieval

Therearea numberof waysto performthetaskof cross-
languageinformation retrieval in which a query posedin
onelanguagsés searchedgainsta collectionof documents
written in a differentlanguage OardandDiekemaprovide
a sunwey on cross-languagaformationretrieval in [9]. It
is obvious that any retrieval methodbasedon matchinga
gueryin onelanguageagainstdocumentsn adifferentlan-
guagewould fail whenthereareno cognatedetweerthis
languagepairs(e.g., Chineseand English). For matching-
basedretrieval algorithmsto work, boththe documentand
gueriesneedto be expressedn the samelanguageor con-
ceptuakpaceasin thelatentsemantidindexing. A common
approacho cross-languagaformationretrieval is to cou-
ple translationwith monolingualinformationretrieval. One
cantranslateusers’queriesinto the documentanguagepr
translatedocumentsinto the query language,or translate
boththe queriesanddocumentsnto a third language.one
cantranslatequeriesor documentsisinga machingransla-
tion system.Whensuchresourcds not available,onecan
usebilingual dictionariesf availableto doword translation
or phrasdranslationpr onecanresortto parallelor compa-
rablebilingual corporafrom which to minetranslationdic-
tionary or to build a commonconceptuabpaceasin latent
semantidndexing methodfor cross-languageetrieval.

For the English-Chineserosslanguageaetrieval experi-

mentsreportedbelow, we take the simpleapproactof trans-
lating queriesto the documentianguagethatis, we trans-
late the English queriesinto Chinese. We then apply the
monolingualretrieval ranking algorithm to rank Chinese
documentdby their estimategrobabilityof relevanceto the
translatedChinesegueries.

The Englishqueriesaretranslatednto Chineseby look-
ing up Englishphrasegndwordsin the Chinese-to-English
bilingual wordlist. All Chineseequivalentsof an English
word or phraseareretainedin the translation. We do not
rank the Chineseequivalentsof an Englishword andthen
choosehe mostappropriateChineseranslationvhenthere
are more than one equialents. We translatethe English
phrasesin the queriesfirst whenever there are matching
phraseentriesin the bilingual dictionaryto amelioratethe
problem of resolvingtranslationdisambiguities. In gen-
eral, the phrasesare more specificand thus lessambigu-
ousthansinglewords. Thereforeoverall onewould expect
that phraseshave fewer translationequivalentsthan single
words.

5.1 TopicsPreprocessing

The topics were processedn three stepsto generate
the queries before translation. First, the topics were
tagged using Brill's part-of-speechtagger [1].  Sec-
ond, noun phrasesare extractedfrom the taggedtopics.
Third, the single-word terms and phrasesare normalized
using a morphological analyzer The following text
shaws the taggedtext of the narrative field in topic 23.

<INARR>

a/DT relevant/JJdocument/NNdiscusses/VBZhe/DT
Soviet/NNP Union/NNP’/POS s/PRPmediation/NNin/IN
the/DT Gulf/NNP War/NNP /, including/VBG
communication/NNwvith/IN Irag/NNP,/, cease-fire/NN
resolution/NNto/TO the/DTUN/NNP Security/NNP
Council/NNPand/CCtheir/PRP$eace/NNoroposal/NN
for/IN withdrawal/NN of/IN multi-national/JJ
troops/NNS/, etc/FW./.

</NARR>

Eachwordis followedby its part-of-speeckag. Thetags
NN andNNS represensingularnounsandpluralnouns re-
spectvely; NNP representshe propername,andJJrepre-
sentsadjective. Thenthe taggedtext is passedo a noun
phraserecognizerfor noun phraseextraction. The recog-
nizer detectssimple noun phraseshasedon the patternof
thetags. The nounphrasepatternsve usedto extractnoun
phrasess conciselyspecifiedin athree-stat@utomatoras
shavn in Figurel. Theinitial stateis O andthe final state
is 2. Any wordstaggedwith part-of-speectiagsNN, NNS,
NNP, NP andNPSarerepresentetly thelabeINOUN, and
wordstaggedwith JJ,JJR,andJJS which arethe positive,



comparatre and superlatve form of an adjectve, arerep-
resentedby the label ADJ. Any sequencef wordswhose
part-of-speectagscompletes pathfrom theinitial stateto
thefinal statewill be extractedasa nounphrasegxcluding
thesingle-word nouns.

NOUN

Figure 1. Simple noun phrase automaton

The noun phrasesxtractedfrom the above taggedtext
arepresentedhere:

rel evant docunent
Sovi et Uni on

Qul f War

cease-fire resolution
UN Security Council
peace proposal

nmul ti-national troops

A total of 367 multi-word nounphrasesvereextractedfrom
the 54 Englishtopics. The wordsappearingn the stoplist
were removed and then the remaining single words and
noun phrasesare normalizedusing a morphologicalana-
lyzer[3], whichreduce9lural nounsto their singularform
andverbsto their baseform. Also, all wordsand phrases
areconvertedto lower case. The normalizedsinglewords
andthe simplenounphrasesonstitutethe Englishqueries
beforetranslation.

5.2 Query Trandation

After thepreprocessingf the Englishtopics,eachquery
now is comprisedof single words and noun phrases.We
translateeachquery by looking up every singleword and
nounphrasen the Chinese-Englisivilingual dictionary If
thereis an exact matchfor a single-word term or a noun
phrasein the bilingual dictionary all the Chineseequiva-
lentsfrom the bilingual dictionaryareretainedn thetrans-
latedquery Whenthereis no exactmatchfor asingle-word
term, that term is not translated. However when thereis
no exact matchfor a noun phrase,we proceedto match
the sub-phraseagainstthe dictionary until therearesome
matcheslf all sub-phrasematchingfails, we thenlook for
exactmatchedor the componentvordsin the phrase.For
example,if athree-word phrasew;wsws is missingin the

English Chineseranslations

words/phrases

soviet union piNicS

mediation PR R

gulf war W R

communication A T BRA% IR E IR E

iraq PRz v /ARy e 3L R E

cease-fireesolution | &k

unsecuritycouncil | ZH4s

peaceproposal TR BB
SINEIE YB3 QK E 3
i3 URYE 3

withdrawal No translated

multi nationaltroops | %6 / 2 1./ Z#h | B ik
Hy / BHR/GR 2 M
Iy =G ER BN/ BMA

Table 3. This table shows the English
words/phrases in the first column and their
Chinese translations in the second column.

dictionary, we will searchthe sub-phrases; w, andws;
andif thereis no matchfor w, w-, we will searchw; and
wows in thedictionary If noneof the sub-phrases found
in the dictionary we translatethis phraseword-by-word by
lookingup eachcomponentvordin thedictionary andtake
the Chinesetranslationsof all the componentvordsin the
phraseasthetranslationof the phrase.

The Chineseranslationequivalentsfor the singlewords
and noun phrasesextracted from the above narratve
text are presentedin table 3. Only the phrases“So-
viet Union”, “Gulf War”, and“UN Security Council” are
translatedinto Chineseas a whole sincethey are present
in the Chinese-Englishbilingual dictionary The other
threephrasescease-fireresolution”,“peaceproposal’and
“multi-national troops” are missingin our dictionary The
phrases'peaceproposal’and “multi-national troops” are
translatedvord-by-word, resultingin mary Chinesewords
asshown in table 3. The singleterm “withdrawal” is not
translatecbecausét is missingin our dictionary

We translatedall 54 English queriesinto Chinese.The
Chinesetranslationequivalentswere then segmentedinto
oneor two-charactewordsusingthe segmentatiormethod
asdescribedabore. The documentsn the collectionwere
segmentedinto one or two-charactemwords aswell. The
probability of the unigramsand bigramswere estimated
from the Peoples Daily collectiononly. As in the mono-
lingual retrieval experiments,the Chinesedocumentsare
rankedby their probability of relevanceto a Chinesequery
And thetop-ranked1000documentsreretrievedandeval-



recall word-by-word | phrasal
level translation translation
average

precision| 0.1874 0.2316
relevant

retrieved | 3023 3414

Table 4. The performances of English-
Chinese cross langua ge retrie val for word-by-
word translation (col 2) and phrasal transla-
tion (col 3). The Chinese translations were
segmented into non-o verlapping one or two-
character words.

uated.

We alsotranslatedhe queriesinto Chineseby looking
up eachEnglishword in the bilingual dictionary If there
is an exact match, all Chinesetranslationequialentsare
retained. In this experiment,phrasesare translatedword-
by-word.

5.3 Results

We carriedout two runsof cross-languageetrieval us-
ing word-by-wordtranslationandphrasakranslation After
guery translation,the Chineseequialentswere then seg-
mentedinto non-overlappingone or two-charactemwords.
The cross-languageetrieval performanceusing the word-
by-word translationmethodis presentedn the secondcol-
umnin Table4. Column3 presentghe evaluationresults
for the phrasaltranslationexperiment. The query trans-
lation by phraseachieved an averageprecisionof 0.2316,
which is 23.6% better than the averageprecisionof the
word-by-word translationeven though 322 noun phrases
were translatedword-by-word or in sub-phrasedecause
they are missingin the dictionary The averageprecision
shouldbeevenhigherif all nounphrasegoundin thetopics
canbe translatedasa whole. However, the averagepreci-
sion of the English-Chinese&rosslanguageretrieval using
phrasetranslationis only about52.8%of the averagepre-
cision achievedin the Chinesemonolingualretrieval. The
differencebetweenthe performance®f Chinesemonolin-
gualandEnglish-Chineserossretrieval suggestshatthere
is still alot of room for improvementfor English-Chinese
crosslanguageetrieval.

We testedthe samethree sggmentationmethodson the
translatedChinesegueriesrom theoriginal Englishqueries
by phrasaltranslation. The experimentsof usingthreein-
dexing methodsn the monolingualChineseretrieval shav
theoverlappingbigramindexing achievedmaminally better
precisionthanthe othertwo indexing methods. However,
the results presentedn Table 5 for the English-Chinese

word overlapping| non-overlapping
bigram unigramandbigram
average
precision| 0.2093| 0.1887 0.2316
relevant
retrieved | 3274 | 3208 3414

Table 5. The performances of the three
word segmentation (or indexing) methods
in English-Chinese cross language retrie val.
The English queries were translated into Chi-
nese by phrasal translation.

crosslanguageretrieval shov thatthe overlappingbigram
indexing performedsubstantiallyworsethanthe othertwo
methods.Theinferior performancef overlappingbigrams
in comparisorto the othertwo methodscould be attributed
to the poortranslationquality of the Englishqueries.Most
of the querywords/phrasesvere translatedword-by-word
into Chinese And mostof the Englishwordshave multiple
translationequivalentsin Chinesein our bilingual dictio-
nary. We did not rank andselectthe mostappropriateChi-
nesetranslatiorfor eachEnglishword, which may have re-
sultedin thepoortranslationquality. For example thenoun
phrasé’'multi-nationaltroops” producedl3 Chinesewords
asshown in table 3. Many of the translationsfor "multi-
nationaltroops” were not appropriate. When overlapping
bigramsare extractedfrom the translatedChinesewords,
evenmoreinappropriatevordswill beincludedin indexing,
whichwill furtherdegradethe performanceof overlapping
bigrams.Whenthe performanceé both monolingualand
crosdanguageetrieval areconsideredthenon-overlapping
unigramandbigramindexing methodis moreeffectivethan
the othertwo.

6 Discussions

Whenan English queryis translatednto Chinese,one
shouldattemptto identify the nounphrasesandthe proper
nouns and then look them up in a bilingual dictionary.
Oneshouldtranslatehemword-by-wordinto Chineseonly
whenthey are missingin the dictionary While the com-
ponentwordsin a noun phraseor propernoun may have
severaltranslationequivalents,in generala propernounor
nounphrasehasonly onetranslation.For example,the fol-
lowing propernounandnounphrasesll foundin the test
topicshave oneChinesdranslation:*humanrights”, “intel-
lectualpropertyrights”, “World TradeOrganization”,"UN
SecurityCouncil”, “Olympic Games”,"China RedCross”.
Sincethe propernounsand noun phrasesare unambigu-
ous and thus have only one translation,thereis no need
to choosethe mostappropriateranslation. To seethe ad-



vantagesof translatingqueriesby phrasesover the word-
by-wordtranslationwe will look attwo examples:*human
rights” and“China Red Cross”. The nounphrase‘human
rights”is” A#X " in Chinese However, whenthe phrases
translatedvord-by-word, we get”/ A B/ APER) /A
&R ANJaER AN AZK 1 AP for theword "hu-
man”and” #F] ” for theword "rights”. Eventhoughone
of the combination“ A [KJ#¢F] " is an appropriatetrans-
lation in meaning the form is differentfrom the word “ A

#  which occursin the documents Somesemanticanal-
ysiswill be neededo reducetheterm* A f{J#F] " to the

properform“ A#X ". Otherwisethetranslatedermwill not
matchthe properform “ A#X ”. Herethephraseasawhole

hasone meaningonly, whereaghe word-by-word transla-
tion resultedn eightindividual words.

TheChinesenamefor “ChinaRedCross”is “ 9 {4 1
4>, Again whenthe Englishnameis translatedvord-
by-word into Chineseaswasdonein our querytranslation

sinceit is notin the dictionarywe used,we get“#& / /1 /

R/ Fr4E 1 for “China”, “ik / P+ 1 41 1 4018 1 2030
[ 41¢8 " for “Red”, and” X /4% /XX | +F28 1 /M
I I’ for “Cross”. Noneof the combinationdrom thein-
dividualtranslationsvill matchthe Chinesename* #1 & 41
“+5%4> . Eachcomponentvord in the Englishnamehas
multiple Chineseequivalentswhichcompoundheproblem
of choosingheproperonesfrom all translatiorequivalents.

Theabovetwo examplesclearlyillustratethatthe proper
nounsand noun phrasesshould be translatedas a whole
ratherthanasa setof componentvords.

We believe thatthe two major factorsthatmay have de-
gradedthe performanceof the English-Chinese&rosslan-
guageretrieval are 1) the limited coverageof the bilingual
dictionary;and?2) theexistenceof multiple Chinesdransla-
tion equivalentsfor mary of the Englishwords. Someother
factorsinclude misspellingof wordsin the topicsanddic-
tionaryandinappropriatdranslationof Englishwords.

Many important words or phrasesin the test topics
are missingin our dictionary Among the missingones
are “reunification”, “most-favored-nationstatus”, "China
Red Cross”, “peace-keping troops”, “Asian-Racific”,
“Mid-East”, "Information SuperHighway” “hijackings”,
“oil fields”, “acid rain”, "South-African”, “Pinatubo”,
“Minatubo”, “Sino-American”, “Sino-Vietnamese”’joint
communigue”,‘campuchea’;'undergrounduncleartests”,
and”non-proliferationtreaty”. Someof themismatchesre
theresultof misspellingsoccurredin the original topicsor
in the dictionaryor the resultof inconsisteng. For exam-
ple, “South-Africa”, “Asia-Pacific”, and“Middle East”are
all in ourdictionary Theinappropriatéranslationof aterm

presentsanotherproblem. For example,the term "cellu-
lar phone”is translatednto “}5. 2 Hi,{” in our dictionary,

word overlapping| non-overlapping
bigram unigramandbigram
average
precision| 0.3811| 0.3873 0.3593
relevant
retrieved | 4102 | 4357 4125

Table 6. The performances of the three word
segmentation methods in cross-langua ge re-
trieval. The noun phrases missing in the dic-
tionar y were manually translated.

whichis too narrav. More importantlythatis not the Chi-
nesetermusedin the documentsvhichis “# sl B35

The existenceof multiple translationequivalentsof an
Englishword as shown in the translationof the narratve
text in topic 23 andthe word-by-word translationsof “hu-
man rights” and “China Red Cross” is anothersourceof
degradingthe performanceof the crosslanguageretrieval.
Clearlywhentherearemultiple translatiorequivalents one
shouldattemptto resole translationambiguities.

7 Manual Phrasal Trandation

Becauseof thelimited coverageof our bilingual dictio-
nary, the majority of the noun phrasesxtractedfrom the
original Englishtopicswere not translatedas phrases.We
wereinterestedn finding out 1) whatthe English-Chinese
cross-languageetrieval performancewould be if all the
noun phrasesweretranslatedas phrase,and2) if the dif-
ferentsggmentatiormethodsmake ary differencewhenall
noun phrasesveretranslatedas phrase.We translatedhe
queriednto Chineseéy lookingthephrasesndsingle-word
termsin the bilingual dictionary If thereis a matchfor a
phraseor a single-word term,we keepthe Chinesetransla-
tions. We discardedhe single-word termsthataremissing
in the dictionary However we manuallytranslatedall the
nounphraseghataremissingin thedictionaryinto Chinese
asphrasesWe thensggmentedheChinesdranslationsnto
wordsusing1) word sggmentation2) overlappingbigram,
3) non-overlappingunigramand bigram. The segmented
guerieswereusedto searchagainstthe Chinesecollection.
Theretrieval performancesverepresentedn table6

Theresultsin table6 shavsthatthenon-overlappinguni-
gramandbigramsegmentatiormethodnolongerhasanad-
vantageover the othertwo methods.Theresultsalsoshov
that good retrieval performancen English-Chineseross-
languageetrieval canbeachiesedif thebilingualdictionary
usedto translatequerieshaswide coveragen nounphrases.



8 Redated Work

Theonly work on English-Chineseetrieval usingalarge
testcollectionsetthatwe areaware of is thatpresentedy
Kwok [7]. Thesametestcollectionandthetopicsareused
asin ourwork. While the bestcrosslanguageetrieval per
formancein Kwok’s studyis 71% of the monolingualre-
trieval for the long queries,and 79% for the shortqueries,
our crosslanguageetrieval performancas about52.8%of
the monolingualretrieval. A machinetranslationpackage
augmentedvith abilingualword dictionaryis usedto trans-
late queriesinto Chinesein Kwok’s study Furthermore,
gueryexpansionprior to translationandcombinationof re-
trieval resultsseemto helpachieve betterresultsin Kwok'’s
study In our work, we only useda bilingual dictionaryto
translatequerieswith no pre-translatioror aftertranslation
qguery expansion. Also, it seemsthat mary more query
termsin our work are not translatedas a result of limited
coverageof our bilingual dictionary.

9 Conclusions

We have presenteda statistical word segmentation
methodwhich is efficient and effective for both monolin-
gual Chineseretrieval and English-Chineserosslanguage
retrieval. We have alsopresentec nounphraserecognizer
basedon the part-of-speechagsassignedo words. The
recognizeris usedto extract nounphrasedrom the topics
beforetranslation. The queriesaretranslatednto Chinese
using a bilingual wordlist of some120,000entries. Then
we have comparedhe performanceébetweerphrasaltrans-
lation and word-by-word translation. The phrasaltrans-
lation achieved superiorperformancethan word-by-word
translationasa resultof the factthatthe nounphrasesand
propernounsoften have onetranslationonly while an En-
glish word may have multiple Chinesetranslationequiva-
lents. Our crosslanguageretrieval effectivenesss about
53% of the monolingualretrieval. The low performance
in crosslanguageretrieval may be attributedto the limited
coverageof thebilingual dictionary, especiallythe absence
of mary importantpropernounsandnounphrasesandthe
existenceof multiple translatiorequivalentsfor mary of the
Englishwords. Our future work will focuson augmenting
the bilingual dictionaryandtechniquedor resolvingtrans-
lation ambiguity

10 Acknowledgements

We would like to thankthe reviewersfor helpful com-
ments. This researchwas supportedby DARPA contract
“Search Supportfor Unfamiliar MetadataVocahularies”
N66001-97-C-8541A0-F477.

References

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

Eric Brill. A simple rule-basedpart of speechtag-
ger. In Proceedings of the Third Conference on Ap-
plied Natural Language Processing, 1992.

W. S. Cooper A. Chen,andF. C. Gey. Full text re-
trieval basedon probabilisticequationswith coeficie
ntsfitted by logistic regressionIn D. K. Harman edi-
tor, The Second Text REtrieval Conference (TREC-2),
pagess7-66,March1994.

M. ZaidelD. Karp, Y. SchabesandD. Egedi.A freely
available wide coveragemorphologicalanalyzerfor
english.In Proceedings of COLING, 1992.

Y. Dai andT. Loh. A New StatisticalFormulafor Chi-
neseText SeggmentationincorporatingContectual In-
formation.In SGIR 99, Berkeley, August 1999, pages
82-89,1999.

P. Brown etal. Themathematic®f statisticalmachine
translation:Parameteestimation Computational Lin-
guistics, 19:313-330,Junel993.

X. Ge, W. Pratt,andP. Smyth. Discovering Chinese
Wordsfrom UnseggmentedText. In SGIR 99, Berke-
ley, August 1999, pages271-272,1999.

K.L. Kwok. English-chineserosslanguageetrieval
basedon a translationpackage.In Machine Transla-
tion Summit VII workshop on Machine Translation for
Cross Language Information Retrieval, Kent Ridge
Digital LaboratoriesSingapore1999.

J.Nie andF. Ren. Chineseinformationretrieval: us-
ing character®r words? Information Processing and
Management, 35:443-4621999.

D. OardandA. Diekema. Cross-Language Informa-
tion Retrieval, volume33, pages223—-256.1998.

M. Sun,D. Shen,andC. Huang. CSeg&Tagl.0: A
PracticaMWord SggmenterandPOSTaggerfor Chines
e Texts. In Proceedings of the Fifth Applied Natu-
ral Language Processing Co nference, pagesl19-126,
1997.

E. M. VoorheesandD. K. Harman,editors. The Fifth
Text Retrieval Conference (TREC-5), National Insti-
tute of Standardsnd Technology Gaitherslorg, MD,
1997.

E. M. VoorheesandD. K. Harman,editors. The Sxth
Text Retrieval Conference (TREC-6), National Insti-
tute of Standardsnd Technology Gaitherslorg, MD,
1998.



