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Abstract

Pirkola’s word-basedstructured querieshavebeen
shownto performwell for word-basedtcross-languge
informationretrieval in Europeanlanguages. Mono-
lingual Chineseretrieval experimentspy contrast of-
ten find that character bigrams perform as well as
(and sometime$etterthan) automaticallysegmented
words. During the Mandarin-EnglishInformation
(MEI) project at the Johns Hopkins Summer2000
Wbrkshop, Pirkola’s structued queries were com-
pared with an alternative technique known as bal-
ancedranslation.Theresultssuggestedhatbalanced
translation coupled with post-tanslation character
bigram resgmentationmight outperform Pirkola’s
word-basedednique TheNTCIR-2English/Chinese
InformationRetrieval (ECIR) evaluationprovidedthe
opportunity to replicate this experimenton a far
larger collection. The results showedthat on the
ECIR collection, (1) the bestword-basedand over
lapping character bigram-basededniqueswe tried
performeccompanbly; (2) with word-basedetrieval,
Pirkola’s structued queries outperformedbalanced
translation; (3) with overlappingcharacter bigram-
basedretrieval, a technique analogousto Pirkola’s
methodperformedcompaably with balancedtrans-
lation; and (4) usingall knowntranslationalterna-
tives significantlyoutperformedusing the three most
frequentranslationalternatives.

1 Intr oduction

The University of Marylandparticipatedn the En-
glish/Chineselinformation Retrieval (ECIR) track at
the secondNIl TestCollectionInformation Retrieval
(NTCIR-2) evaluation. Our experimentsfocusedon
two key issues:(1) comparisorof two queryformu-
lation techniqueghataredesignedo mitigatethe ef-
fectof translationambiguity and(2) investigatinghe
effectof post-translatiomesgymentation.Theseques-
tions weremotivatedby intriguing resultsfrom a six-

weeksummemworkshopat the JohnsHopkinsUniver-

sity, wherethe Mandarin-EnglisHnformation (MEI)

teamfound that so-calledbalancedtranslationcom-
paredfavorably with Pirkola’s structuredquery for-

mulationmethodandidentifiedpost-translatiomesey-
mentationas a potentially importantissuein Cross-
LanguagédnformationRetrieval (CLIR).!

Both MEI and ECIR usedEnglish queriesto re-
trieve Chinesedocumentsso ECIR provided an ex-
cellentopportunityto apply what we learnedat MEI
to a different(andfar larger) testcollection. Interest-
ingly, we obtainedresultsthataresomeavhatdifferent
from whatwe sav atthe MEI workshop.In this paper
we provide somebackgroundaboutthetwo key issues
thatwe explored,review whatwaslearnedaboutthese
questionsat the MEI workshop presenboth our offi-
cial ECIR resultsandsomeposthoc experimentghat
we have scoredocally, andthensummarizehediffer-
encedetweerthe MEI workshopandthe ECIR eval-
uationthatmight explain the differencesn theresults
we obtained.

2 Background

Oard and Diekemahave identified threebasicap-
proachedo CLIR: querytranslationdocumentrans-
lation, and interlingual techniqueq6]. English ex-
hibits lesssegmentatiorambiguitythan Chinese and
our initial experimentswith English/ChineseCLIR
indicatedthat pre-translatiorsggmentationambiguity
canadwerselyaffect retrieval effectivenesq7]. Since
the ECIR queriesare in English, we chosea query
translatiorapproachDictionary-base€LIR hasbeen
thefocusof muchof our resentwork, sowe choseto
focuson Dictionary-basedQuery Translation(DQT).
DQT raisesfour key issues:

1The MEI teamincludedHelenMengandWai-Kit Lo (Chinese
University of Hong Kong), Berlin Chen(National Taiwan Univer
sity), Erika Grams(AdvancedAnalytic Tools), Sanjeg Khudanpur
(JohnsHopkinsUniversity), GinaLevow (University of Maryland),
Patrick SchongU.S. Departmenbf Defense)KarenTang(Prince-
ton University), Hsin-Min Wang (AcademiaSinica, Taiwan), and
theauthorsof this paper



Pre-translationterm selection. Selecting the units
of meaning(which we call “terms”) thatareto
betranslated.

Dictionary coverage. Obtaining a dictionary with
sufficient coverageto assurethat that correct
translation®f the selectedermsareknown.

Translation selection. Choosingappropriateransla-
tion(s)for eachselectederm.

Query formulation. Constructiorof aquerythatac-
commodatesary unresohable translation or
segmentatiorambiguity

We choseto focusour ECIR experimentson the last
question,so we adopteda simple approachto En-
glishtermselectiontranslatingeachwordin thequery
separately)reusedan existing English/Chineséilin-
gual dictionary and (exceptfor somecontrastve ex-
periments)usedall known translations. In this sec-
tion, we describethreeword-basedjueryformulation
techniquesand then introducethe questionof post-
translatiorresgmentation.

2.1 Query Formulation

In earlywork on DQT for CLIR, queriesweretyp-
ically formed by including all translationsfor all of
the queryterms. Whenusedwith retrieval systemsn
which all translationscontribute equally (e.g., vector
spacemethods),this approachgives more weight to
querytermsthat have mary translationghanto those
thathave few. Thisis generallyanundesirablérait for
aretrieval systemgsincetermswith fewer translations
are usuallymore specific(and hencemore usefulfor
retrieval) thantermsfor which mary differenttransla-
tionsarepossible.This unbalancedjueryformulation
techniques still oftenusedasa baselinen CLIR ex-
perimentsput bettertechniquegrenow known.

An obvious improvementis to rebalancehe con-
tribution of eachtermin someway. This insightwas
simultaneouslyntroducedatthe 1999Topic Detection
andTrackingevaluationby two teamq3, 4]. Thekey
idea,which Levow andOardcalledbalancedtransla-
tion, is thattheweightassociategvith eachtranslation
of aquerytermcanbe averagedn someway to com-
pute a weight for that queryterm. Balancedqueries
formulatedin this way canbethoughtof asestimating
the weightsfor query-languageéerms(asif the doc-
umentshad beenwritten in the query language)and
thenperformingretrieval usingthoseweights.

Remarkablythe bestknown alternatve to balanced
translationwas also simultaneouslyreported,in this
caseat SIGIR 981, 8]. Lackinga bettertitle for the
techniquewereferto it simply as“Pirkola’s method;
sincePirkolawrote moreextensiely on theissue? In

2Pirkola calledthe techniquea “structured”query but balanced
translationalsoproducesjuerieswith structure.
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Figure 1. Estimating query term weights
using balanced translation.

so-calledbag-of-termsnformationretrieval systems,
termweightsarecomputedrom threesourceof evi-
dence:

Term frequency(TF; ;) Thenumberof timesterms
appearsn documeny (apropertyof atermin a
document).

Documentfrequency(DF;) The number of docu-
mentsterms appearsn (a propertyof aterm).

Documentlength (L;) The numberof terms docu-
ment; containga propertyof adocument).

Retrieval systemstypically computeterm weightsas
a nonlinearfunction of thesethree parameters. In
Pirkola’s technique, TF', DF', and L’ for the query
languagereestimateds:

_ k

TFi; = Y TFi,
k

k

DF; = | JDF;
k
L = L

where TFf’j is the numberof timestranslationk for

termi appearsn documentj and|J, DFf is usedto
indicatethe documentrequeng thatwould be com-
putedfor the unionof the setsof documentsn which
the translationgfor term+ arefound. The weight for
eachquery languageterm is then computeddirectly
from theseestimates.
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Figure 2. Pirkola’s method for estimating
query term weights.

BalancedranslationandPirkola’s methodboth es-
timatequerytermweightsfrom thesameevidence pbut
nonlinearitiesin the term weight computationresult
in differentestimates.Figures1 and 2 illustrate the
two approachesAs Spererand Oard have obsened,
Pirkola’s techniquetendsto be consenrative, estimat-
ing ahighdocumenfrequeny (whichresultsin alow



term weight) if ary translationof a term hasa high
documenfrequeng [9]. Balancedranslationpy con-
trast, allows raretranslationgo contrikute their rela-
tively high termweightsto the querytermon a more
equalbasis. We are not aware of ary careful com-
parisonsbetweenbalancedtranslationand Pirkola’s
method,so onegoal of our ECIR experimentsvasto
performsuchacomparison.

2.2 Post-Translation Resegmentation

Retrieval of Chinesedocumentsringsinto sharp
focusanissuethatis presentto somedegreein ary
languagethe termsthatresultfrom translationmight
not be the besttermsto usefor retrieval [5]. Speci-
ficity is a desirablecharacteristiof termsto betrans-
lated,sincespecifictermsnaturallyexhibit little trans-
lation ambiguity For this reason translationof mul-
tiword expressionsypically improvesCLIR effective-
nesswhencomparedo word-by-word translation2].
Two competingeffects mustbe consideredvhen se-
lecting termsfor retrieval, however. The useof very
specifictermstendsto increaseprecision,while the
useof lessspecifictermstendsto benefitrecall. Many
experimentswith Englishretrieval have shavn thatit
is generallybetterto usethe constituentwords of a
multiword expressiorasif they wereseparatéerms?
Documentghatcontainthe entireexpressiorwill still
accumulatenoreweightthandocumentghat contain
only a portion of it, but documentswith only a por-
tion of the words alsobecomeretrievable. This sug-
geststhat it might be beneficialto resgmentmulti-
word translationsinto individual words prior to re-
trieval.

Chineseaddsanew twistto thisissue:word bound-
ariesare generallynot marked, so the properdegree
of granularity for post-translatiorresggmentationis
unclear One simple expedient,finding the smallest
componentf a translationthat could possibly be
words,would usuallyresultin indexing singlecharac-
ters,sincealmostevery Chinesecharactecanbeused
aloneasa word. Indexing overlappingcharacterbi-
gramsis known to resultin far betterretrieval effec-
tivenesghanindexing singlecharacter$10], andour
experiencen the MEI project(describedelon) sug-
geststhat this is also a reasonablepproachto post-
translationresgmentationfor queriesthat have been
translatednto Chinese.

It is not immediately clear how post-translation
res@mentationand query formulation should inter
act. Balancedtranslationand Pirkola’s methodare
both reasonableapproachego combinationof evi-
dencefrom alternatetranslationsput how shouldthe
evidencefrom eachbigramof a multi-charactetrans-
lationbecombined?Thiswasoneof thekey questions

31f properlyweighted,it canbe even betterto index multiword
expressionandtheir constituenterms.

thatwe investigatedn the MEI project,which is de-
scribedin thenext section.

2.3 The MEI Project

The MEI project team worked togetherfor six
weeksin July and Augustof 2000at the JohnsHop-
kins University Centerfor Languageand SpeectPro-
cessing5]. Theprincipalfocusof the projectwasde-
velopmenbf techniquegor cross-languagspeeche-
trieval. The MEI projectreusedtwo testcollections
that were originally developedfor the Topic Detec-
tion and Tracking(TDT) evaluation. Both the TDT-2
and TDT-3 collectionscontain English nevswire ar-
ticles from the New York Times andthe Associated
PressMandarinChineseradio broadcasstoriesfrom
the Voice of America(with known story boundaries),
andevent-basedelevanceudgmentgor multiple top-
ics. Machine-producederrorful) Chinesetranscripts
of the Voice of Americabroadcastarealsoavailable.
TheMEI taskwasto performquery-by-e&ampleonthe
collectionof MandarinChineseaudiostories,usinga
single English newswire story as the exampledocu-
ment. Sincethis wasa retrospectie retrieval task, a
variantof meanaverageprecisionwasusedastheprin-
cipal measuref effectiveness.

Initial experimentsusingthe TDT-2 collection(17
topics, 2,265 Mandarin Chineseaudio stories) sug-
gestedhatbalancedranslationandPirkola’s method
performedaboutequallywell. Sincepost-translation
charactetbigramres@mentationseemedo help bal-
ancedranslatiormorethanit helpedPirkola’smethod
in these initial exploratory experiments, balanced
translationrwasadoptedor the remainderof the MEI
project. Ultimately, post-translatiorresgmentation
into overlappingcharactebigramswasfoundto pro-
ducea statisticallysignificant11% relative improve-
mentover the useof wordswhenbalancedranslation
wasusedwith the TDT-2 collection.We did all of our
developmentwvork with the TDT-2 collection,holding
outtheentireTDT-3 collection(56 topics,3,371Man-
darinChineseaudiostories)for aformal evaluationat
the endof the project. Surprisingly no improvement
over word-basedetrieval wasobsenedwhenbigram
resgmentationvasusedwith balancedranslationon
the TDT-3 collection. The MEI projectthusframed
the questionswell, but left for future work the care-
ful comparisorof balancedranslationwith Pirkola’s
methodand the detailedstudy of the interactionbe-
tweenthosetechniquesandpost-translatiomueryre-
segmentation.

3 ECIR Experiment Design

Figure 3 provides an overview of the processing
stagesn our ECIR experiments Englishqueriesvere



formulatedby using every word in the title, descrip-
tion and narratie fields of the topic description. The
averagequery length was 115 words, about 23% of
the numberof wordsfoundin anaverageMEI query
Three alternatve query translationalgorithmswere
implementedPirkola’s method balancedranslation,
and a baselineunbalancedbag of translations”ap-
proach. Consistentsggmentationwas usedfor both
queryformulationandindexing. For word-basedey-
mentationwe usedfreely availablesoftwarefrom the
Linguistic Data Consortium(LDC).* As an alterna-
tive,we usedocally-deselopedsoftwareto form over-
lapping characterbigrams. Term boundarieswere
known afterquerytranslatiorfrom Englishto Chinese,
so only within-term bigramswere generated. Term
boundariesverenotknown in the Chinesedocuments,
soall possiblebigramswere generated. Whenonly
overlappingbigramswere indexed, single-character
Chinesetranslationsof querytermswere effectively
ignored.

English
query

Pre-translation

Term selection Term translation

Chinese
query

\i
Chinese

query Post-translation

Retrieval

query formulation

Figure 3. System design.

Our English/Chineséilingual term list wasrepre-
sentedn the GB codethatis commonlyusedon the
Chinesemainland, but the documentcollection was
representeth theBig 5 codethatis commonlyusedin
TaiwanandHongKong. Cornversionfrom Big 5to GB
is straightforvard, sincethe mappingin thatdirection
is is generallymary-to-one,sowe choseto standard-
izeonGB andusedfreelyavailablesoftwareto corvert
thedocumentsnto thatrepresentatiof.

The ECIR collection contains132,173Mandarin
Chinesenews articlesfrom five news agenciesn Tai-
wan, 50 topic descriptions,and relevancejudgments
developedusing a pooled assessmentethodology
with seven participatingsystems. We usedversion
3.1plof thelnquerytext retrieval systemwhich does
not includenative supportfor the multibyte character
representatiousedin GB. This limitation was eas-

4TheLDC s@mentercangeneratenly termsthatarecontained
in its termlist. We madeno adjustmento the term ist to align it
with our translationlexicon. The LDC sggmenterandthe term list
areavailableat http://morph.ldc.upenn.edu/Pedjs/Chinese/

5Somedocumenbigramscontainedounctuatioror white space,
but suchbigramswould never matchquerybigramsandhencedid
notaffectretrieval results.

Sftp://ftp.cuhk.hk/pub/cimesdif css/sofivarefunix/corvert

ily overcomeby using the hexadecimalrepresenta-
tion of eachterm. For example,the GB codefor the
two-characte€Chinesewnord pei2changZcompensate)
would be representeds “OxC5E2B3A5! For each
topic, Inquery producesa ranked list of documents,
for which retrieval effectivenessneasuresverecom-
putedusingNTCIR-2 ECIR relevancejudgmentsand
thefreelyavailabletrec eval software.In thispapemwe
reportmeanuninterpolatedwerageprecisionover 50
topics,andtreatdifferencesasstatisticallysignificant
if atwo-tailedpairedt-testresultsin p < 0.05.
We focusedour experimenton threequestions:

e Is Pirkola’s structuredquery method effective
for Chinese?

e Can post-translatiomesgmentationinto char
acter bigramsimprove over word-basedtech-
niques?

e Canlimiting the numberof translationalterna-
tivesthat mustbe consideredmprove retrieval
effectiveness?

As originally designedPirkola’s methodis aword-
basedechnique.The Chineseémplementatioris thus
quite straightforvard when words found using the
LDC segmenterare indexed. The design spaceis
far larger in the secondcase, since both Pirkola’s
structuredquery methodand Levow and Oard’s bal-
ancedtranslationtechniqueare silent on the question
of which Inqueryoperator(if any) shouldbe usedto
groupthecomponenbigramsof atranslatiorthatcon-
tains more than two Chinesecharacters. The sim-
plestapproachis to treat multiple bigramsfrom the
sametranslationin the sameway asmultiple transla-
tions from the sameEnglishterm. The MEI project
reportedthat balancingthe contritution of eachterm
usingInquery’s #sumoperatorcould be helpful when
usingbalancedranslation,so we tried that condition
aswell. Nestinga #suminside a #synis not possi-
ble becausétsumproducesbelief valueswhile #syn
operateson term frequeny and documentfrequeng
statistics. Accordingly, to constructa techniqueanalo-
gousto Pirkola’s structuredquerymethodwe usecdthe
#ODn (ordereddistancepperatoito groupthecompo-
nentbigramsof atranslation”. Thatoperatocomputes
termfrequeny anddocumentirequengy statisticsfor
thespecifiedorderedsequencef bigrams.Thisis es-
sentiallya “back door” way of approximatingword-
basedranslation but with the matchingbasedon the
known translationgatherthanthe LDC termlist.

4 Resultsand Analysis

We submittedthree experimentruns for official
judgment,andscoredan additionaleight runslocally

"The value of n was setseparatelyfor eachtranslationat one
fewer thanthe numberof bigrams.



| Official Run

UMD-ECIR-LO-01
UMD-ECIR-LO-02
UMD-ECIR-LO-03

| Condition |
charall_syn.od
char3_synod
word_3_syn

Table 1. Official runs.

usingtheECIRrelevancgudgmentsWe haveadopted
a four-field nomenclaturdo indicatethe experiment
conditionsfor eachrun:

Indexedunit. “word” for automatically segmented
words, "char” for overlapping character bi-
grams.

Number of translations. The maximum number of
translationalternatves that would be consid-
ered. In our experimentsthis is either”all” or
11311'

Translation grouping operator. The Inquery opera-
tor usedto groupthe alternateChinesetransla-
tions of a single Englishqueryterm. We used
"syn” for Pirkola’s method,’sum” for balanced
translationor "none” for unbalancedjueries.

Bigram grouping operator. The Inquery operator
usedto groupthe constituentigramsof a sin-
gle Chineseterm. We used’od” to enforcean
ordereddistanceconstraint(adjacentandin or-
der), “sum” to use averagebigram weight, or
"none” (effectively treatingbigramsasif they
werealternatdranslations) Thisfield wasomit-
tedfor word-basedetrieval.

For example,the bestrun for charactebigram-based
retrieval is "char.all_synod”, which meanswe in-
dexedcharactebigrams,usedall of thetranslational-
ternatvesthat were found in the dictionary for each
query term, groupedalternatetranslationswith In-
query's#synoperatorandgroupedhe constituenbi-
gramsof ary translatiorthatcontainedmorethantwo
characterausing the #0Dn operatorwith an appro-
priatevalueof n. Similarly, for the bestword-based
retrieval result, "word.all_syn” indicatesthat we in-
dexed automaticallysggmentedChinesewords, used
all known translationalternatves,andgroupecthe al-
ternateranslationgor eachtermusinglnquery's#syn
operator Table 1 shavs the correspondencbketween
our official runsandthis nomenclature.

4.1 Results
Figure 4 shaws the recall-precisiorcurvesfor the

word-basedetrieval techniqueshatwe tried, andFig-
ure 5 shows cunes for the characterbigram-based

[ | #syn| #sum| #none]|

Word 0.36| 0.19 | 0.19
Bigrams| 0.30 | 0.25 | 0.24

Table 2. Comparison of mean uninterpo-
lated average precision for words and
character bigrams (no cross-bigram op-
erator, all translations).

techniqueshatwetried 8. Table2 compareshemean
uninterpolatedaverageprecisionfor runsundercom-
parableconditions. For words, the Pirkola:Balanced
and Pirkola:Unbalancedlifferencesare statistically
significant. The Balanced:Unbalancedifferenceis
small, and not statisticallysignificant. For character
bigrams,althoughour techniquethat is analogoudo
Pirkola’smethodappearso consistenthachieze better
meanuninterpolatedaverageprecisionthanbalanced
translation,that resultis statisticallysignificantonly
whenno cross-bigranoperatoiis used.Statedanother
way, the techniqueanalogousto Pirkola’s method
(with #ODn acrossbigrams)is statisticallyindistin-
guishabldérom balancedranslation(with #sumacross
bigrams). Finally, the differencebetweerunbalanced
andbalancedranslationis not statisticallysignificant.
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Figure 4. Word-based techniques.

4.2 Analysis

Our analysisof theseresultshasproducedhe fol-
lowing obsenations:

8 After theworkshopwe foundanerrorin processinglocuments
with overlappingcharactebigrams. We correctedhe error, re-ran
all the experimentsin which charactebigramswereused,andup-
datedour analysis.Theresultsdescribedn this paperarebasedon
thosecorrecteduns.
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Figure 5. Character bigram-based tech-
nigues.

I | #syn | #sum ||
none 0.30| 0.25
#sum 0.29
#0ODn || 0.32

Table 3. Effect on mean uninterpolated
average precision of cross-bigram oper-
ators (vertical) for two cross-translation
operator s (horizontal).

¢ It appearshatwe achiesedthebestresultsfrom

Pirkola’s word-basedmethod. Among word-
basednethodsPirkola’smethodclearlyoutper

formedthe othertwo techniqueghat we tried.

Amongbigram-basednethodsgcharall_syn od

and charall_synnone did the bestand were
statistically indistinguishable. Pirkola’s word-

basednethodseemdo leadto bettermeanunin-

terpolatedverageprecisionthaneitherof these,
but the differencesare not statistically signifi-

cant.

¢ Wefoundthat#sumis aneffective cross-bigram
operator As Table 3 shaws, use of #sum
as cross-bigranmoperator(with balancedrans-
lation) improves mean uninterpolatedaverage
precisionfrom 0.25to 0.29 andthis difference
is statistically significant. By contrast, that
useof #ODn asa cross-bigranoperator(with
the method analogousto Pirkola’s) appeared
to improve meanuninterpolatedaveragepreci-
sion from 0.30 to 0.32, but that differenceis
not statistically significant. Overall, theseex-
perimentresultsindicatethat properlyhandling
post-translatiorresggmentationcould be help-

| MaxTrans | wordsyn* | wordsum* | charsyn*_od |

all 0.36 0.19 0.32

3 0.30 0.22 0.24

Table 4. Effect on mean uninterpolated
average precision of limiting the number
of translation alternatives.

ful.

e Limiting the numberof translationalternatves
in the way that we tried doesnot appearto be
helpful. Table4 shavsacontrastve conditionin
which only thethreetranslationawith the high-
estfrequeng in a monolingualChinesecorpus
wereused.We useda corpusfrequeng list pro-
videdby LDC for this purpos€’. This resulted
in a statistically significant decreasdn unin-
terpolatedmeanaverageprecisionfor Pirkola’s
word-basednethod.No statisticallysignificant
effectwasobsenedfor balancedranslation Fi-
nally, limiting thenumberof translatioralterna-
tiveshada statisticallysignificantadwerseeffect
on the onepost-translatiomesgmentatiorcon-
figurationthatwe tried.

¢ Finally, comparisorof word-basedetrieval and
overlapping character bigram-basedretrieval
undersimilar conditionsshowvs no statistically
significantdifference. This is consistentwith
resultsthat have beenpreviously reportedfor
monolingualChineseetrieval.

4.3 Comparisonwith MEI Results

In the MEI project, we had someindication that
balancedranslationand Pirkola’s methodperformed
aboutequallywell. With the ECIR collection, how-
ever, we obsened that Pirkola’s method achieved
a statistically significantimprovementover balanced
translation(with automaticallysegmentedvords).On
a related point, in the MEI project we found that
post-translatiomesgmentatiorinto charactebigrams
could be helpful (with balancedtranslationand no
cross-bigranoperator). In the ECIR evaluation,we
foundthatalthoughthis wastruefor balancedransla-
tion, the situationwasreversedfor Pirkola’s method.
Severalfactorsmight explain thesedifferences:

e The comparisorbetweenPirkola’s methodand
balancedranslationthat was donein the MEI
projectwasbasedon a preliminarysystemcon-
figuration,andtime constraintprecludedepli-
cation of that experimentusing the final MEI

9 Availableat http://morph.ldc.upenn.edu/Pedjs/Chinese/



configuration.Our conclusiorat MEI thatthose
two techniquesperformedabout equally well
mustthereforeberegardedastentatie.

e Multiword expressionswere translatedin our
MEI experiments whenerer the expression
could be found in our dictionary Becauseof
time constraints,in ECIR we usedword-by-
word translationinstead. This almostcertainly
resultedn alowerbaselineandfewermultiword
translations With fewer long translationsmul-
tiple bigramsmayhave beenlesscommon.

e The TDT-2 and TDT-3 test collectionsare far
smallerthanthe ECIR test collection, and the
MEI querieswere considerablylonger To-
gether theseeffects would seemto malke the
ECIR a more challengingevaluation erviron-
ment.

¢ The test collections used in MEI included
speechrecognitionerrors.This couldtendto fa-
vor shorterindexing units suchas characteibi-
grams.

¢ We attemptedo translateevery queryterm for
ECIR,butfor MEI we performedpre-translation
stopword removal. This may tend to favor
Pirkola’s methodat ECIR, since at least one
translationof an English stopword is likely to
becommon.

e Exhaustverelevancgudgmentwasdonefor the
TDT collections but a pooledrelevanceassess-
ment methodologywas usedfor ECIR. Rele-
vancejudgmentsin TDT and ECIR were also
basedon differentcriteria. A TDT audiostory
was judged as relevant if it resultedfrom the
sameeventasthe examplestory A ECIR docu-
mentwasjudgedto berelevantif the subjectof
thedocumentvasthe sameasthe subjectspeci-
fiedin thetopicdescription Overall,we suspect
thatTDT topicsarelik ely to besomeavhatfiner
grainedthanECIR topics,but a carefulcompar
ison would be neededo substantiatehis con-
jecture.

o We usedseggmentatiorsoftwarefrom New Mex-
ico State University (NMSU) for MEI. For
ECIR, we found that the LDC sggmenterwas
betterable to handlethe large collection. We
preferto usethe NMSU segmenterwhen pos-
sible becausét includesspecificprovisionsfor
propersegmentatiorof commonpropernames.

5 Conclusion

Our experimentsndicatethat Pirkola’s methodfor
the formulation of structuredqueriesis well suited

for usein Chinese. We also found that it is better
to useall translationswith Pirkola’s methodrather
thanlimiting consideratiorio the threemostcommon
ones. We werenot ableto clearly determinewhether
post-translatiomesgmentationis helpful, in part be-
causewe have not yet exploredthe full rangeof pos-
sible cross-bigramoperators. A diverseset of En-
glish/Chines&CLIR testcollectionsarenow available,
andwe areinterestedn exploiting thoseresourceso
continueour explorationof theideasintroducedn this
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