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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 dictionaries for query translation.

1 Introduction

In TREC-9we only participatedin theEnglish-Chinese
cross-languageinformationretrieval (CLIR) track.We per-
formed one Chinesemonolingualretrieval run and three
English-Chinesecross-languageretrieval runs. Our ap-
proachto the cross-languageretrieval was to translatethe
English topics into Chineseby dictionary lookup. An
English/Chinesebilingual wordlist compiledby Linguistic
DataConsortiumandan online English/Chinesebilingual
dictionarywereusedin ourcross-languageretrieval experi-
ments.

The four official runs we submittedare BRKCCA1,
BRKECA1,BRKECA2, andBRKECM1. TheBRKCCA1
is amonolingualrun,theotherthreebeingEnglish-Chinese
cross-languageruns. TheBRKECA1 andBRKECA2 runs
areautomatic,while theBRKECM1 is manual.

For all four runs,thesamedocumentrankingalgorithm
basedonlogisticregressiontechniquewasused.Thedetails
onour rankingalgorithmcanbefoundin [2].

2 Word Segmentation

The documentsand queriesin most text retrieval sys-
temsare indexed by the wordsoccurringin the text. For
languagessuchasEnglishin which wordsareseparatedby
blank space,it is simpleto index text by words. To index
Chinesetext by words,however, onefirst needsto identify

words in the text sinceword boundariesarenot explicitly
marked in Chinesetext. Thereis a large literatureon Chi-
neseword segmentation.We will not attemptto survey this
field. Two recentpaperson Chineseword segmentationare
presentedby Dai and Loh in [4] and Sun et al. in [9].
Bothcorpus-basedstatisticalmethodsanddictionary-based
methodshave beendevelopedto breaka sentenceinto in-
dividual words. If onehasa Chineseword dictionary, one
could matchthe text againstthe dictionary and output as
a word the longestsequenceof charactersthat matchesan
dictionary entry. When a dictionary is not available, one
could collect large amountof Chinesetext andattemptto
discover wordsby examingthe occurrencepatternsof the
charactersin thecorpus.A majorproblemwith dictionary-
basedword segmentationmethodsis the dictionarycover-
age. Thecorpus-basedor statisticalmethodscanbe easily
appliedto anew collectionof Chinesetext sincethey donot
useword dictionaries.Theoverlappingbigramindexing is
simple,efficientandeffectiveaswell [7]. Oneproblemwith
bigramindexing is thattheindexing file producedis two to
threetimesasbig asthesizeof theraw text. Herewe refer
to singleChinesecharactersasunigramsandtwo-character
Chinesetermsasbigrams.

We presenta methodthat is equallyefficient andeffec-
tive asbigram indexing, but producesa muchsmallerin-
dex file thantheoverlappingbigramindexing. Our method
is similar to but lessgeneralthan the work presentedby
Ge et al. in [5]. Our methodbreaksa sentenceinto un-
igramsandbigramsby maximizing the probability of the
sentence.Herewe assumethat unigramsandbigramsoc-
cur independentlyin thecorpus.For a segmentedsentence�����
	��
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, if we assumewords occur indepen-
dently, then the probability of the sentence
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can be ex-

pressedasfollows:
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sincewedonotknow how to breakasentenceinto wordsin
advance,we will considerall possiblewaysof segmenting
a sentenceandestimatetheprobabilityof every segmenta-
tion givena sentence.We canthenusethesegmentationof
thehighestprobabilityto breakup thesentenceinto words.
Thenumberof possiblewaysto breakasentenceof # char-
actersinto words is $&%(' 	 whena word can be arbitrarily
long. However, whena word is limited to oneor two char-
acters,thenumberof possiblewaysto segmenta sentence
of # characterscanbeexpressedby therecurrencerelation)*� # �+� ),� #.-0/ �21 )*� #3-4$ � , where

)*� # � is thenum-
berof waysto breaka sentenceof # charactersinto oneor
two-characterwordsand

)*�65 �
� 5879)*� / �
� / 79)*� $ �:� $ .
Whena sentenceis short,onecaneasilyenumerateall pos-
sible ways of segmentingthe sentenceandcomputetheir
associatedprobabilities,then choosethe segmentationof
the highestprobability. But when a sentenceis long, the
numberof possiblesegmentationsis exponential,it is no
longer practical to enumerateall possibleways of break-
ing the sentenceandestimatetheir probabilities.However
onecanapplydynamicprogrammingtechniqueto find out
themostlikely segmentationefficiently without computing
theprobabilitiesof all possiblesegmentationsof asentence.
Thebestway of breakinga sentenceof # characterscanbe
recursively expressedasfollows:��� � 	�; % ���=<?>
@ �6��� � 	�; %A' 	 � ���CB % � 7���� � 	D; %A' � � ���CB %A' 	 B % �E�
where

�F	D; % � B 	 B ������� B % and
��� �F	D; % � is the maximum

probability of segmentinga sentenceof # charactersinto
one or two-characterwords. The probability of a one-
characterword (i.e., unigram) is estimatedby

���CB  �4�G
H"IKJMLG , andtheprobabilityof a two-characterword (i.e.,bi-

gram)is estimatedby
���CB  B�N �
� G
H"I J IKOPLG , where

)*�CB  �
is the numberof timesthat character

B  occursin thecor-
pus,

)*�QB  B�N � is thenumberof timesthatstring
B  B�N oc-

cursin the corpusand
)

is the total numberof timesthat
any singlecharactertermsandany two-charactertermsoc-
cursin the corpus. A sentenceis broken into oneor two-
charactertermsusingthemostlikely segmentation.For ex-
ample,for thesentenceof threecharacters,

�R� B 	 B � B:S
,

theprobabilityof thesentencewith thethreedifferentpos-
siblewaysof segmentationaregiven,respectively, by��� � 7�� / 7 / �E��� ���CB 	�� ���CB �T� ���QB S �
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Assumethat thesecondsegmentationmethod( V � � / 7�5 � )
hasthe highestprobability, thenwe breaksentence

�
intoB 	�W B � B:S

. This is themethodweusedto breaktheChinese
sentencesin the test collection into one or two-character
terms. Theprobabilityof a one-characteror two-character
termis estimatedusingtheir occurrencestatisticscollected

from thetestdocuments.Whenwe usethis methodto seg-
menttopics,weassignasmallprobabilityto thetermsmiss-
ing in the test collection. The estimatedprobability for a
new term is oneover the total numberof uniqueunigrams
andbigrams.

3 Test Collection

The TREC-9 CLIR test collection consistsof 25 new
topics and 127,938 documentsfrom three newspapers,
namely the Hong Kong CommercialDaily, Hong Kong
Daily News,andTakungpao.Thetopicsarewritten in En-
glish with Chinesetranslationsand contain title, descrip-
tion, andnarrative fields.

One of the bilingual dictionaries we used to trans-
late English queries is the Chinese-to-Englishwordlist
(version 2.0) compiled by Linguistic Data Consor-
tium. We downloaded the bilingual wordlist from
http://morph.ldc.upenn.edu/Projects/Chinese/.Thewordlist
consistsof a list of Chinesewords,pairedwith a setof En-
glishwords.Thewordlist hassome128,000entries.

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 specializeddictionaries,suchas
ships, electricity, telecommunication,law, broadcasting,
environment, chemistry, economy and trade, computer,
medicine, and so on. The generaldictionary contains
aboutfour million entriesand the specializeddictionaries
togethercontainabouttwo million entries[6].

4 Monolingual Experiment

TheChinesedocumentsandtheChinesetranslationsof
the Englishtopicswere indexed usingthe overlappingbi-
gramtechnique.All threefields– title, description,andnar-
rative – in thetopicswereused.Theretrieval performance
of themonolingualrun BRKCCA1 is presentedin thesec-
ondcolumnin table1. Theoverall precisionis 0.2936and
recall is .855.

5 Cross-Language Retrieval

Thereareanumberof waysto performthetaskof cross-
languageinformation retrieval in which a query posedin
onelanguageis searchedagainsta collectionof documents
writtenin adifferentlanguage.OardandDiekemaprovidea
recentsurvey oncross-languageinformationretrieval in [8].
It is obviousthatany retrieval methodbasedon matchinga
queryin onelanguageagainstdocumentsin a differentlan-
guagewould fail whenthereareno cognatesbetweenthis



languagepair (e.g.,ChineseandEnglish). For matching-
basedretrieval algorithmsto work, boththedocumentsand
queriesneedto beexpressedin thesamelanguageor con-
ceptualspaceasin thelatentsemanticindexing. A common
approachto cross-languageinformationretrieval is to cou-
ple translationwith monolingualinformationretrieval. One
cantranslateusers’queriesinto thedocumentlanguage,or
translatedocumentsinto the query language,or translate
both thequeriesanddocumentsinto a third language.one
cantranslatequeriesor documentsusingamachinetransla-
tion system.Whensuchresourceis not available,onecan
usebilingual dictionaries,if available,to do word transla-
tion or phrasetranslation,or one can resortto parallel or
comparablebilingual corporafrom which to mine transla-
tion dictionaryfor cross-languageretrieval.

For theEnglish-Chinesecrosslanguageretrieval experi-
mentsreportedbelow, wetakethesimpleapproachof trans-
lating queriesto the documentlanguage,that is, we trans-
late the English queriesinto Chinese. We then apply the
monolingualretrieval ranking algorithm to rank Chinese
documentsby theirestimatedprobabilityof relevanceto the
translatedChinesequeries.

5.1 Topics Preprocessing

Thetopicswereprocessedin threestepsto generatethe
queriesbeforetranslation.First, thetopicsweretaggedus-
ing Brill’ s part-of-speechtagger[1]. Second,nounphrases
areextractedfrom thetaggedtopics.Third, thesingle-word
termsandphrasesarenormalizedusingamorphologicalan-
alyzer. Thefollowing text shows thetaggedtext of thede-
scriptionfield in topicCH58.

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

Eachwordis followedby its part-of-speechtag.Thetags
NN andNNSrepresentsingularnounsandpluralnouns,re-
spectively; NNP representsthe propername,andJJrepre-
sentsadjective. Then the taggedtext is passedto a noun
phraserecognizerfor nounphraseextraction. The recog-
nizer detectssimplenounphrasesbasedon the patternof
thetags.Thenounphrasepatternswe usedto extractnoun
phrasescanbeconciselyspecifiedin a three-stateautoma-
ton asshown in Figure1. The initial stateis 0 andthe fi-
nal stateis 2. Any wordstaggedwith part-of-speechtags
NN, NNS, NNP, NP and NPS are representedby the la-
bel NOUN, andwordstaggedwith JJ,JJR,andJJS,which
arethepositive,comparativeandsuperlative form of anad-
jective, arerepresentedby the labelADJ. Any sequenceof
wordswhosepart-of-speechtagscompletesapathfrom the
initial stateto the final statewill be extractedas a noun
phrase,excludingthesingle-wordnouns.

2

ADJ

ADJ

NOUN

NOUN

ADJ
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Figure 1. Simple noun phrase automaton

The nounphrasesextractedfrom the above taggedtext
are environmental protection laws and Hong Kong. The
wordsappearingin thestoplistwereremovedandthenthe
remainingsingle words and noun phrasesare normalized
using a morphologicalanalyzer[3], which reducesplural
nounsto their singularform andverbsto their baseform.
Also, all words and phrasesare convertedto lower case.
The normalizedsinglewordsandthe simplenounphrases
constitutetheEnglishqueriesbeforetranslation.

5.2 Query Translation

After thepreprocessingof theEnglishtopics,eachquery
now is comprisedof singlewordsandnounphrases.We
translateeachqueryby looking up every singleword and
nounphrasein a Chinese-Englishbilingualdictionary.

For BRKECA1 run, a query term (nounphraseor sin-
gle word) was looked up in the LDC bilingual wordlists.
Thetoptwo Chinesetranslationequivalentsthatoccurmost
frequentlyin the testdocumentcollectionwereretainedas
translationsfor an Englishterm whentherearemorethan
two translationsfor that term. When there is no exact
matchingfor asingle-wordterm,thattermis not translated.
Howeverwhenthereis noexactmatchingfor anounphrase,
we proceedto matchthesub-phrasesagainstthedictionary
until therearesomematches.If all sub-phrasesmatching
fails, we then look for exact matchingfor the component
words in the phrase.For example,if a three-word phrase� 	 � � � S

is missingin thedictionary, wewill searchthesub-
phrases

� 	 � �
and

� S
; andif thereis no matchfor

� 	 � �
,

we will search
� 	

and
� � � S

in the dictionary. If noneof
thesub-phrasesis foundin thedictionary, we translatethis
phraseword-by-wordby looking up eachcomponentword
in the dictionary, and take the Chinesetranslationsof all
thecomponentwordsin thephraseasthetranslationof the
phrase.

The Chinese translation equivalents were then seg-
mentedinto oneor two-characterwordsusingthesegmen-
tation methodas describedabove. The documentsin the
collectionweresegmentedinto oneor two-characterwords
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.TheChinese
translationequivalentsweresegmentedinto wordsusingthe
longest-matchingmethod. Thesetwo runsusedthe word-
baseddocumentindex for retrieval.

5.3 Manual Query Reformulation

It hasbeenthe policy of the Berkeley groupto attempt
to createmanual reformulationsof TREC queriessince
TREC-2. Manual queriesusually result in additionalrel-
evantdocumentsfoundwhichenrichesthevalueof thecol-
lection whenusedfor machinelearningin the future. Ini-
tially thismanualreformulationwasdonewithoutreference
to the retrieval, i.e. by searchinga comparablecollection
using the original topic terms. The first of thesewas the
news title databaseavailable as part of the University of
California’s electroniclibrary catalog.Later, asthe TREC
ruleswererelaxedto includemanualrelevantfeedback,we
haveutilizedthattechniquefor findingwordsfrom topdoc-
umentsof an initial searchor by manuallymarkingpartic-
ular documentsasrelevant. Thesetechniqueswereusedin
our recentCLEFexperimentsfor Europeanlanguages.

For TREC-9we createdmanualversionsof theEnglish
queries by searchingthe WWW with topic words and
taking pertinenttext from the URLs found and inserting
it to the manualversionof the query. For exampletopic
CH60 hasdescription”Are ChinaandTaiwan developing
any types of laser weapons?”Using the words ’China’,
’ laser weapons’ in a GOOGLE searchreturns the url:
http://www.freerepublic.com/forum/a363ee3c93414.htm
whichhasaninitial sentence:

China’s People’s LiberationArmy is building lasersto
destroy satellitesand alreadyhas beamweaponsca-
pableof damagingsensorson space-basedreconnais-
sanceand intelligencesystems,accordingto a Pen-
tagonreport.

which was incorporatedinto the manualversion of that
query. While theprecisionfor our manualrun BRKECM1
of .8875wasbetterthanoneautomaticrunBRKECA1(pre-
cision 0.3821),it laggedour other run BRKECA2 (preci-
sion0.9500).

Onequeryfor which manualaugmentationworkedwell
was topic CH67 ”TiananmenAnniversaryon Mainland”
which a www news archive provided the following addi-
tionalsentences:

On June 21, the SCMP reportedthe detentionson
June19 of 5 dissidentsin Hangzhou.The5 areZHU
LUFU, HAN SHENDAI, WANG RONGQING,MAO
QINGXIANG, and LI BAGEN. The last three have
beendetainedseveral times alreadyover the the past
monthor two. The5 aremembersof theChinaDemoc-
racy Party. InformationCentreof HumanRightsand

DemocraticMovement in China says that over 180
CDP membershave beenarrestedin the pastmonth,
and31 arestill in detentionandawaiting trial.

and

the Free China Movementdescribingthe arrestand
sentencingof ZHOU YONGJUN. Zhou snuck into
Chinain Decemberto visit hisparents.Zhouwasjailed
for two yearsafter the1989Tiananmenmassacreand
subsequentcrackdown. After hisrelease7 yearsagohe
wasexiled.

The performanceof this manualquery increasedten-fold
to 0.2009over themedianprecisionof .0290andour auto-
maticrunprecisionsof 0.0026and0.0378.

Another query, CH79, ”Li vestock in China”. A
GOOGLE search ”China livestock” yielded a url at
Cornell University: http://usda.mannlib.cornell.edu/data-
sets/international/90014/which offeredstatisticalinforma-
tion on China’s agricultureproduction.Its descriptive sen-
tences:

Comprehensive dataon Chineseanimalagriculturein-
cluding productionof red meats,milk, eggs, poultry
meats,and honey by region and province. Also in-
cludesinventorydataon cattle,hogs,sheep,goats,and
draft animals.

were addedto the manual query. The performanceof
BRKECM1 for topic CH79was0.1496,almostthreetimes
betterthanour bestautomaticrun BRKECA2(0.0545).

Overall, the precisionof the manualrun over 25 topics
was 0.1869. This was 28 percentbetterthan the average
of mediansfor topicsand10.2percentbetterthanour best
automaticrun (BRKECA1,overallprecision0.1680).

Theuseof websearchesanddirect cut-and-pastetrans-
fer of new querywordsandsentencesmademanualrefor-
mulationquite fast. Our estimateis that an averageof 10
minutesperquerywasspenton manualrewrite, or slightly
morethanfour hourstotal.

5.4 Experimental Results

We performedthreeEnglish to Chinesecross-language
retrieval runs. The title, description,and narrative fields
were usedin all threeruns. For BRKECA1, the queries
weretranslatedintoEnglishbyLDC dictionarylookup.The
Chinesetranslationequivalentswere then segmentedinto
non-overlappingbigramsandunigrams.Theevaluationre-
sult for the BRKECA1 run is presentedin the third col-
umn in table1. The evaluationresultsfor BRKECA2 and
BRKECM1 arepresentedin in column4 and5 in table 1.
TheChinesetranslationequivalentsfor thesetwo runswere
segmentedinto wordsusingthe longest-matchingmethod.
And the segmentedChinesequeriesweresearchedagainst
thetestdocumentcollectionwhichwasalsosegmentedinto
wordsusingthesamemethod.ThebestautomaticEnglish-



recall BRKCCA1 BRKECA1 BRKECA2 BRKECM1
level (MONO) (CLIR) (CLIR) (CLIR)
at 0.00 0.7079 0.4296 0.3603 0.5624
at 0.10 0.4697 0.3325 0.2828 0.3561
at 0.20 0.4047 0.2655 0.2071 0.2900
at 0.30 0.3720 0.2306 0.1852 0.2264
at 0.40 0.3225 0.1763 0.1555 0.1878
at 0.50 0.2769 0.1586 0.1393 0.1523
at 0.60 0.2445 0.1338 0.1269 0.1261
at 0.70 0.2165 0.1062 0.1052 0.1042
at 0.80 0.1874 0.0664 0.0892 0.0946
at 0.90 0.1368 0.0526 0.0833 0.0851
at 1.00 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-languageretrieval performanceis only about
57% of the monolingualretrieval performance.For 5 out
of the 25 topics, the precisionfor the cross-languagere-
trieval is higherthanthat for themonolingualretrieval. On
the other hand,for 10 out of the 25 topics, the precision
for thecross-languageretrieval is muchlower thanthat for
themonolingualretrieval. Themainreasonis thatsomekey
concepttermsin thosetopicswereeithernottranslatedatall
dueto thelimited coverageof thebilingualwordlistweused
or improperly translated. For example, the monolingual
precisionis .5406for topic CH78, but the cross-language
precisionis only 0.0037for the sametopic. Topic CH78
is aboutmotor vehicle fatalitiesin China. A key concept
term ‘f atalities’wasnot translatedbecauseit is missingin
the LDC dictionary we used. The term ‘silk’ in topic 74
was translatedinto XZY insteadof the more appropriate
term ” [\X ”. For topic CH63, the nounphrase‘energy
source(]_^ )’ wastranslatedinto two Chinesewords, ]
(energy) and ^ (source). The main conceptterm ‘three-
links (̀Za )’ in topic CH70weretranslatedword-by-word
into ` (three)and b\c / d\b (link). Not beingableto
translatetheterm‘industrially’ andmistranslatingtheterm
‘developed’ in topic CH72 resultedin very lower preci-
sionin cross-languageretrieval. Theprecisionpertopic for
the monolingualrun and the threeEnglish-Chinesecross-
languagerunsarepresentedin table 2.

6 Conclusions

In summary, weperformedthreeEnglish-Chinesecross-
languageinformation retrieval runs, one manualand two

Topic BRKCCA1 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.Wetookasimpleapproachof translatingqueries
into documentlanguageby dictionarylookupin our cross-
languageretrieval experiments. Even though the dictio-
nary usedin the BRKECA2 run is much larger than the
oneusedin the BRKECA1 run, the retrieval performance
for BRKECA2 is slightly worsethanthat for BRKECA1.
Webelievetheinferior performancecanbeattributedto the
simpleselectionmethodandto the differencein word us-
ages. The performanceof the bestautomaticrun is only
about 57% of the monolingualperformance. The main
performance-limitingfactor is the limited coverageof the
dictionaryusedin querytranslation.Someof thekey con-
ceptswereeithernot translatedor improperlytranslated.
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