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Abstract

This report describes the English-Chinese cross
language retrieval experiments at Berkeley for TREC-9
Cross-Language Information Retrieval track. We present
a simple and effective Chinese word segmentation method
and compare the cross-language retrieval performance of
two bilingual dictionariesfor query trandation.

1 Introduction

In TREC-9we only participatedn the English-Chinese
cross-languagmformationretrieval (CLIR) track. We per
formed one Chinesemonolingualretrieval run and three
English-Chinesecross-languageetrieval runs. Our ap-
proachto the cross-languageetrieval wasto translatethe
English topics into Chineseby dictionary lookup. An
English/Chineséilingual wordlist compiledby Linguistic
Data Consortiumand an online English/Chinesdilingual
dictionarywereusedin our cross-languageetrieval experi-
ments.

The four official runs we submittedare BRKCCAL,
BRKECA1, BRKECA2,andBRKECML1. The BRKCCA1
is amonolingualrun, the otherthreebeingEnglish-Chinese
cross-languagauns. The BRKECA1 andBRKECAZ2 runs
areautomaticwhile the BRKECM1is manual.

For all four runs,the samedocumentrankingalgorithm
basednlogisticregressiontechniquevasused.Thedetails
onour rankingalgorithmcanbefoundin [2].

2 Word Segmentation

The documentsand queriesin mosttext retrieval sys-
temsare indexed by the words occurringin the text. For
languagesuchasEnglishin which wordsareseparatedhy
blank spacejt is simpleto index text by words. To index
Chinesetext by words, however, onefirst needso identify

wordsin the text sinceword boundariesare not explicitly
markedin Chinesetext. Thereis a large literatureon Chi-
neseword sggmentationWe will notattemptto surwey this
field. Two recentpaperson Chinesenord sggmentatiorare
presentedoy Dai and Loh in [4] and Sunetal. in [9].
Both corpus-basedtatisticaimethodsanddictionary-based
methodshave beendevelopedto breaka sentencento in-
dividual words. If onehasa Chineseword dictionary one
could matchthe text againstthe dictionary and outputas
a word the longestsequencef characterghat matchesan
dictionary entry  When a dictionary is not available, one
could collect large amountof Chinesetext and attemptto
discover words by examingthe occurrencepatternsof the
charactersn the corpus.A major problemwith dictionary-
basedword segmentationmethodsis the dictionary cover-
age. The corpus-basedr statisticalmethodscanbe easily
appliedto anew collectionof Chineseéext sincethey donot
useword dictionaries.The overlappingbigramindexing is
simple efficientandeffectiveaswell [7]. Oneproblemwith
bigramindexing is thattheindexing file produceds two to
threetimesasbig asthe sizeof theraw text. Herewe refer
to singleChinesecharacterasunigramsandtwo-character
Chinesdermsasbigrams.

We presenta methodthatis equally efficient and effec-
tive as bigramindexing, but producesa much smallerin-
dex file thanthe overlappingbigramindexing. Our method
is similar to but lessgeneralthan the work presentedoy
Geetal. in [5]. Our methodbreaksa sentencento un-
igramsand bigramsby maximizing the probability of the
sentence.Herewe assumehat unigramsand bigramsoc-
curindependentlyn the corpus.For a sggmentedsentence
S = wiws...wy, If we assumewords occur indepen-
dently, thenthe probability of the sentenceS can be ex-
pressedsfollows:

P(S)

P(wiws ... wp) 1)



sincewe donotknow how to breaka sentencénto wordsin
adwance,we will considerall possiblewaysof sggmenting
a sentencexindestimatethe probability of every sggmenta-
tion givena sentenceWe canthenusethe segmentatiorof
the highestprobabilityto breakup the sentencénto words.
Thenumberof possiblewaysto breaka sentenc®f n char
actersinto wordsis 27! whena word can be arbitrarily
long. However, whenaword is limited to oneor two char
actersthe numberof possiblewaysto segmenta sentence
of n characterganbe expressedy the recurrenceelation
N(n) = N(n — 1) + N(n — 2), whereN (n) is the num-
ber of waysto breaka sentencef n charactersnto oneor
two-charactewordsand N (0) = 0, N(1) = 1,N(2) = 2.
Whena sentencés short,onecaneasilyenumeratell pos-
sible ways of segmentingthe sentenceand computetheir
associategorobabilities, then choosethe seggmentationof
the highestprobability. But when a sentencas long, the
numberof possiblesggmentationds exponential,it is no
longer practicalto enumeratell possibleways of break-
ing the sentenceand estimatetheir probabilities. However
onecanapply dynamicprogrammingechniqueto find out
themostlik ely segmentatiorefficiently without computing
theprobabilitiesof all possiblesggmentation®f asentence.
Thebestway of breakinga sentencef n characterganbe
recursvely expresseasfollows:

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

whereS;,, = C1Cy...C, and P(S; ) 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 estimatecby 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 singlecharactetermsandany two-charactetermsoc-
cursin the corpus. A sentences brokeninto oneor two-
charactetermsusingthe mostlik ely sggmentation For ex-
ample,for the sentencef threecharactersS = C1C>C3,
the probability of the sentencavith the threedifferentpos-

siblewaysof sggmentatioraregiven,respectiely, by

P(S,(1,1)) = P(C1)P(Cy)P(Cs) (3)
P(S,(1,0)) = P(Ch)P(C:Cs) (4)
P(5,(0,1)) = P(CiC:)P(C3) (5)

Assumethatthe secondsggmentatiormethod(k = (1,0))
hasthe highestprobability, thenwe breaksentenceS' into
C1/C>C3. Thisis themethodwe usedto breakthe Chinese
sentencesn the testcollection into one or two-character
terms. The probability of a one-characteor two-character
termis estimatedusingtheir occurrencestatisticscollected

from the testdocumentsWhenwe usethis methodto seg-
menttopics,we assigrasmallprobabilityto thetermsmiss-
ing in the testcollection. The estimatedprobability for a
new termis oneover the total numberof uniqueunigrams
andbigrams.

3 Test Collection

The TREC-9 CLIR test collection consistsof 25 new
topics and 127,938 documentsfrom three newvspapers,
namely the Hong Kong Commercial Daily, Hong Kong
Daily News, and Takungpao.Thetopicsarewritten in En-
glish with Chinesetranslationsand containtitle, descrip-
tion, andnarrative fields.

One of the bilingual dictionarieswe used to trans-
late English queriesis the Chinese-to-Englishwordlist
(version 2.0) compiled by Linguistic Data Consof
tium.  We downloaded the bilingual wordlist from
http://morph.ldc.upenn.edPojects/Chinesellhewordlist
consistsof alist of Chinesewords,pairedwith a setof En-
glishwords. Thewordlisthassome128,000entries.

The other bilingual dictionary used in our ex-
periments is the online KingSoft dictionary at
http://ciba.kingsoft.net/online/. It consistsof a general
dictionaryanda setof 23 specializedlictionaries,suchas
ships, electricity, telecommunicationJaw, broadcasting,
ervironment, chemistry economy and trade, computer
medicine, and so on. The generaldictionary contains
aboutfour million entriesandthe specializeddictionaries
togethercontainabouttwo million entrieg[6].

4 Monolingual Experiment

The Chinesedocumentsandthe Chinesetranslationof
the Englishtopics were indexed using the overlappingbi-
gramtechniqueAll threefields—title, descriptionandnar
rative — in the topicswereused. Theretrieval performance
of themonolingualrun BRKCCAL s presentedn the sec-
ond columnin table1. Theoverall precisionis 0.2936and
recallis .855.

5 Cross-Language Retrieval

Therearea numberof waysto performthetaskof cross-
languageinformation retrieval in which a query posedin
onelanguagés searcheagainsta collectionof documents
writtenin adifferentlanguage OardandDiekemaprovide a
recentsurwey oncross-languageformationretrievalin [8].
It is obviousthatary retrieval methodbasedon matchinga
gueryin onelanguageagainstdocumentsn a differentlan-
guagewould fail whenthereare no cognatesetweenthis



languagepair (e.g., Chineseand English). For matching-
basedetrieval 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

translatedocumentsnto the query language,or translate
boththe queriesanddocumentsnto a third language.one
cantranslatequeriesor documentsisinga machinetransla-
tion system.Whensuchresourcds not available,onecan
usebilingual dictionaries,if available,to do word transla-
tion or phrasetranslation,or one canresortto parallel or

comparabléilingual corporafrom which to mine transla-
tion dictionaryfor cross-languageetrieval.

For the English-Chineserosslanguageetrieval experi-
mentsreportecbelow, we take the simpleapproactof trans-
lating queriesto the documentanguagethatis, we trans-
late the English queriesinto Chinese. We then apply the
monolingualretrieval ranking algorithm to rank Chinese
documentdby their estimategrobabilityof relevanceto the
translatedChinesequeries.

5.1 TopicsPreprocessing

Thetopicswereprocessedh threestepsto generateghe
gueriesbeforetranslation.First, thetopicsweretaggedus-
ing Brill' s part-of-speecliagger[1]. Secondnounphrases
areextractedfrom thetaggedopics. Third, the single-word
termsandphrasesrenormalizedusingamorphologicabn-
alyzer Thefollowing text shows the taggedtext of the de-
scriptionfield in topic CH58.

Are/VBP  ervironmental/JJ protection/NN
laws/NNS being/VBG enforced/VBN in/IN
China/NNPand/CCHong/NNPKong/NNP?/.

Eachwordis followedby its part-of-speeckag. Thetags
NN andNNSrepresensingularnounsandpluralnouns 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
phrasesanbe conciselyspecifiedin a three-stateautoma-
ton asshown in Figure1. Theinitial stateis 0 andthe fi-
nal stateis 2. Any wordstaggedwith part-of-speechags
NN, NNS, NNP, NP and NPS are representedy the la-
bel NOUN, andwordstaggedwith JJ,JJR,andJJS which
arethe positive, comparatie andsuperlatve form of anad-
jective, arerepresentetby the label ADJ. Any sequencef
wordswhosepart-of-speecliagscompletes pathfrom the
initial stateto the final statewill be extractedas a noun
phrasegxcludingthe single-word nouns.

NOUN

Figure 1. Simple noun phrase automaton

The noun phrasesxtractedfrom the above taggedtext
are environmental protection laws and Hong Kong. The
wordsappearingn the stoplistwereremovedandthenthe
remainingsingle words and noun phrasesare normalized
using a morphologicalanalyzer[3], which reducesplural
nounsto their singularform andverbsto their baseform.
Also, all words and phrasesare corvertedto lower case.
The normalizedsingle wordsandthe simplenounphrases
constitutethe Englishqueriesbeforetranslation.

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 a Chinese-Englislbilingual dictionary

For BRKECAL run, a queryterm (noun phraseor sin-
gle word) was looked up in the LDC bilingual wordlists.
Thetoptwo Chinesdranslatiorequivalentsthatoccurmost
frequentlyin the testdocumentcollectionwereretainedas
translationgor an Englishterm whenthereare morethan
two translationsfor that term. When thereis no exact
matchingfor asingle-wordterm,thattermis nottranslated.
Howeverwhenthereis no exactmatchingfor anounphrase,
we proceedo matchthe sub-phraseagainsthedictionary
until thereare somematches.If all sub-phrasesatching
fails, we thenlook for exact matchingfor the component
wordsin the phrase. For example,if a three-word phrase
wiwyws IS Missingin thedictionary wewill searctthesub-
phrasesaw;ws andws; andif thereis no matchfor w;ws,
we will searchw; andws,ws in thedictionary If noneof
the sub-phrasess foundin the dictionary, we translatethis
phraseword-by-word by looking up eachcomponenivord
in the dictionary andtake the Chinesetranslationsof all
thecomponentvordsin the phraseasthetranslationof the
phrase.

The Chinese translation equivalents were then sey-
mentedinto oneor two-charactewordsusingthe segmen-
tation methodas describedabore. The documentsn the
collectionweresegmentednto oneor two-charactewords
aswell.



For BRKECA2 andBRKECM1 runs, the nounphrases
and their constituentwords were looked up in the online
KingSoft Chinese/Englishdictionary The first Chinese
translationfor a phraseor word wasretained.The Chinese
translatiorequivalentsnveresggmentednto wordsusingthe
longest-matchingnethod. Thesetwo runsusedthe word-
baseddocumenindex for retrieval.

5.3 Manual Query Reformulation

It hasbeenthe policy of the Berkeley groupto attempt
to create manual reformulationsof TREC queriessince
TREC-2. Manual queriesusually resultin additionalrel-
evantdocumentgoundwhich enricheghevalueof thecol-
lection whenusedfor machinelearningin the future. Ini-
tially thismanualreformulationwasdonewithoutreference
to theretrieval, i.e. by searchinga comparablecollection
usingthe original topic terms. The first of thesewasthe
news title databaseavailable as part of the University of
California’s electroniclibrary catalog. Later, asthe TREC
ruleswererelaxedto includemanualrelevantfeedbackwe
have utilized thattechniquéor finding wordsfrom top doc-
umentsof aninitial searchor by manuallymarking partic-
ular documentsasrelevant. Thesetechniquesvereusedin
ourrecentCLEF experimentgor Europearanguages.

For TREC-9we createdmanualversionsof the English
gueriesby searchingthe WWW with topic words and
taking pertinenttext from the URLs found and inserting
it to the manualversionof the query For exampletopic
CHG60 hasdescription”Are Chinaand Taiwan developing
ary types of laser weapons?’Using the words 'China’,
'laser weapons’in a GOOGLE searchreturns the url:
http://www freerepublic.com/faum/aPB3ee3cB414.htm
which hasaninitial sentence:

Chinas Peoples LiberationArmy is building lasersto

destry satellitesand alreadyhas beamweaponsca-

pableof damagingsensorson space-baseteconnais-
sanceand intelligence systems,accordingto a Pen-
tagonreport.

which was incorporatedinto the manualversion of that
qguery While the precisionfor our manualrun BRKECM1
of .8875wasbetterthanoneautomaticun BRKECAL (pre-
cision 0.3821),it laggedour otherrun BRKECA2 (preci-
sion0.9500).

Onequeryfor which manualaugmentatiomworkedwell
was topic CH67 "TiananmenAnniversaryon Mainland”
which a www news archie provided the following addi-
tional sentences:

On June 21, the SCMP reportedthe detentionson
Junel9 of 5 dissidentdn Hangzhou.The 5 areZHU
LUFU, HAN SHENDAI, WANG RONGQING,MAQO
QINGXIANG, and LI BAGEN. The last three have
beendetainedseveral times alreadyover the the past
monthor two. The5 aremember®f theChinaDemoc-
rag/ Party. Information Centreof HumanRightsand

DemocraticMovementin China saysthat over 180
CDP membershave beenarrestedn the pastmonth,
and31 arestill in detentionandawaiting trial.

and

the Free China Movementdescribingthe arrestand
sentencingof ZHOU YONGJUN. Zhou snuck into
Chinain Decembeto visit his parentsZhouwasjailed
for two yearsafter the 1989 Tiananmemmassacrand
subsequentrackdevn. After hisreleas€’ yearsagohe
wasexiled.

The performanceof this manualquery increaseden-fold
to 0.2009over the medianprecisionof .0290andour auto-
maticrun precisionof 0.0026and0.0378.

Another query CH79, "Livestock in China”. A
GOOGLE search "China livestock” yielded a url at
Cornell University: http://usda.mannlilcornell.edu/dta-
sets/international/90014¥hich offered statisticalinforma-
tion on China’s agricultureproduction. Its descriptve sen-
tences:

Comprehensk dataon Chineseanimalagriculturein-
cluding productionof red meats,milk, eggs, poultry
meats,and hong/ by region and province. Also in-
cludesinventorydataon cattle,hogs,sheepgoats,and
draftanimals.

were addedto the manualquery The performanceof
BRKECM1 for topic CH79was0.1496,almostthreetimes
betterthanour bestautomaticun BRKECAZ2 (0.0545).

Overall, the precisionof the manualrun over 25 topics
was 0.1869. This was 28 percentbetterthanthe average
of mediangdor topicsand10.2 percentbetterthanour best
automaticun (BRKECAZ1, overall precision0.1680).

The useof web searchesanddirect cut-and-pastérans-
fer of new querywordsandsentencesnademanualrefor-
mulation quite fast. Our estimateis that an averageof 10
minutesper querywasspenton manualrewrite, or slightly
morethanfour hourstotal.

5.4 Experimental Results

We performedthreeEnglishto Chinesecross-language
retrieval runs. The title, description,and narrative fields
were usedin all threeruns. For BRKECA1, the queries
weretranslatednto Englishby LDC dictionarylookup. The
Chinesetranslationequivalentswere then segmentedinto
non-overlappingbigramsandunigrams.The evaluationre-
sult for the BRKECAL run is presentedn the third col-
umnin table1. The evaluationresultsfor BRKECA2 and
BRKECM1 arepresentedn in column4 and5 in table 1.
The Chinesdranslationrequivalentsfor thesetwo runswere
segmentednto wordsusingthe longest-matchingnethod.
And the sgmentedChinesequerieswere searchedgainst
thetestdocumentollectionwhichwasalsosggmentednto
wordsusingthe samemethod.The bestautomaticEnglish-



recall BRKCCAl | BRKECAl | BRKECA2 | BRKECM1
level (MONO) (CLIR) (CLIR) (CLIR)
at0.00 0.7079 0.4296 0.3603 0.5624
at0.10 0.4697 0.3325 0.2828 0.3561
at0.20 0.4047 0.2655 0.2071 0.2900
at0.30 0.3720 0.2306 0.1852 0.2264
at0.40 0.3225 0.1763 0.1555 0.1878
at0.50 0.2769 0.1586 0.1393 0.1523
at0.60 0.2445 0.1338 0.1269 0.1261
at0.70 0.2165 0.1062 0.1052 0.1042
at0.80 0.1874 0.0664 0.0892 0.0946
at0.90 0.1368 0.0526 0.0833 0.0851
at1.00 0.1155 0.0417 0.0721 0.0748
average

precision | 0.2936 0.1680 0.1543 0.1869
relevant

retrieved | 567 465 384 451

% of

mono 57.22% 52.55% 63.66%

Table 1. Evaluation results for one Chinese
monolingual run and three English to Chinese
cross-langua ge retrie val runs.

Chinesecross-languageetrieval performances only about
57% of the monolingualretrieval performance.For 5 out
of the 25 topics, the precisionfor the cross-languagee-
trieval is higherthanthatfor the monolingualretrieval. On
the other hand, for 10 out of the 25 topics, the precision
for the cross-languageetrieval is muchlower thanthatfor
themonolingualretrieval. Themainreasoris thatsomekey
conceptermsin thosetopicswereeithernottranslatedatall
dueto thelimited coverageof thebilingualwordlistwe used
or improperly translated. For example, the monolingual
precisionis .5406 for topic CH78, but the cross-language
precisionis only 0.0037for the sametopic. Topic CH78
is aboutmotor vehiclefatalitiesin China. A key concept
term ‘f atalities’ was not translatedbecausat is missingin
the LDC dictionary we used. The term ‘silk’ in topic 74
was translatednto £, insteadof the more appropriate
term” 224% . For topic CH63, the nounphrase'enemgy
source(FE{R) wastranslatednto two Chinesewords, g
(enegy) and i (source). The main conceptterm ‘three-
links (=1f)" in topic CH70weretranslatedvord-by-word
into = (three)and %4 / #83% (link). Not beingableto
translatethe term‘industrially’ andmistranslatinghe term
‘developed’ in topic CH72 resultedin very lower preci-
sionin cross-languageetrieval. The precisionpertopic for
the monolingualrun and the three English-Chineseross-
languageunsarepresentedn table 2.

6 Conclusions

In summarywe performedhreeEnglish-Chineseross-
languageinformation retrieval runs, one manualand two

Topic | BRKCCAL1 | BRKECA1 | BRKECA2 | BRKECM1
No (MONO) (CLIR) (CLIR) (CLIR)
CH55 | 0.2200 0.1757 0.0973 0.1382
CH56 | 0.2814 0.1270 0.2293 0.1928
CH57 | 0.2939 0.1348 0.1435 0.1386
CH58 | 0.0036 0.0022 0.0089 0.0059
CH59 | 0.0015 0.0000 0.0000 0.0000
CH60 | 1.0000 0.3821 0.9500 0.8875
CH61 | 0.0000 0.0124 0.0445 0.0115
CH62 | 0.5000 0.0909 0.0032 0.0019
CH63 | 0.3009 0.0001 0.0114 0.1118
CH64 | 0.5354 0.3196 0.3128 0.3840
CH65 | 0.1797 0.7058 0.0453 0.0133
CH66 | 1.0000 0.8333 1.0000 1.0000
CH67 | 0.1327 0.0378 0.0026 0.2009
CH68 | 0.1865 0.0165 0.0066 0.0738
CH69 | 0.1497 0.2916 0.0329 0.0531
CH70 | 0.1687 0.0057 0.0001 0.0025
CH71 | 0.2604 0.1456 0.0467 0.2768
CH72 | 0.2910 0.0314 0.0755 0.1174
CH73 | 0.1966 0.3311 0.0004 0.0789
CH74 | 0.2655 0.0004 0.5286 0.3772
CH75 | 0.1413 0.2922 0.1102 0.2883
CH76 | 0.5065 0.2140 0.1460 0.1495
CH77 | 0.0434 0.0263 0.0029 0.0043
CH78 | 0.5406 0.0037 0.0033 0.0145
CH79 | 0.1417 0.0188 0.0565 0.1496

Table 2. Precision per topic for the mono-
lingual run and three English-Chinese cross-
langua ge runs.

automatic We took asimpleapproactof translatingqueries
into documentanguageby dictionarylookupin our cross-
languageretrieval experiments. Even though the dictio-
nary usedin the BRKECAZ2 run is much larger than the
oneusedin the BRKECAL run, the retrieval performance
for BRKECAZ2 is slightly worsethanthat for BRKECAL1.
We believe theinferior performanceanbe attributedto the
simple selectionmethodandto the differencein word us-
ages. The performanceof the bestautomaticrun is only
about 57% of the monolingual performance. The main
performance-limitingfactoris the limited coverageof the
dictionaryusedin querytranslation.Someof the key con-
ceptswereeithernottranslatedr improperlytranslated.
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