A Comparative Study on Trandation Units
for Bilingual L exicon Extraction

Kaoru Yamamoto} and Yuji Matsumoto; and Mihoko Kitamuraji
GraduateSchoolof InformationScienceNaralnstituteof ScienceandTechnology
8916-5Takayamalkoma,Nara,Japan

{kaoru-ya, matsu,

m hoko-k}@s. ai st-nara.ac.jp

Researcl& DevelopmentGroup,Oki ElectricindustryCo.,Ltd.}
ki ta@ansai.oki.co.jp

Abstract

This paperpresenton-goingresearch
on automatic extraction of bilingual

lexicon from English-Japanesgaral-
lel corpora. The main objectve of

this paperis to examine various N-

gram models of generating transla-
tion units for bilingual lexicon ex-

traction. Three N-gram models, a

baselinemodel(Bound-lengthiN-gram)
andtwo new models(Chunk-bound\N-

gramand Dependeng-linked N-gram)
are compared. An experiment with

10000 English-Japanesgparallel sen-
tences shovs that Chunk-bound N-

gram produceghe bestresultin terms
of accurag (83%)aswell ascoverage
(60%) and it improves approximately
by 13% in accurag and by 5-9% in

coveragefrom the previously proposed
baselinemodel.

1 Introduction

Developmentsn statisticalor example-baseT
largely rely on the use of bilingual corpora.
Although bilingual corporaare becomingmore
available, they are still an expensve resource
comparedwith monolingualcorpora. Soif one
is fortuneto have suchbilingual corporaat hand,
one must seekthe maximal exploitation of lin-
guisticknowledgefrom the corpora.

This paperpresenton-goingresearchon au-
tomatic extraction of bilingual lexicon from
English-Japaneggarallelcorpora. Our approach
owes greatlyto recentadvancesin variousNLP
tools such as part-of-speechtaggers,chunkers,
and dependeng parsers. All such tools are

trained from corpora using statistical methods
or machinelearning techniques. The linguistic

“clues” obtainedfrom thesetools may be prone
to someerror, but thereis muchpartially reliable
informationwhich is usablein the generatiornof

translationunits from unannotatedilingual cor-

pora.

Three N-gram models of generatingtransla-
tion units,namelyBound-lengtiN-gram,Chunk-
boundN-gram, and Dependenyg-linked N-gram
are compared. We aim to determinecharacter
istics of translationunits that achieve both high
accuray andwide coverageand to identify the
limitation of thesemodels.

In the next section,we describethree mod-
els usedto generatdranslationunits. Section3
explains the extraction algorithm of translation
pairs. In Sections4 and 5, we presentour ex-
perimentalresultsandanalyzethe characteristics
of eachmodel. Finally, Section6 concludeshe
paper

2 Moddsof Trandlation Units

The main objectie of this paperis to determine
suitabletranslationunits for the automaticacqui-
sition of translationpairs. A word-to-wordcor
respondencés often assumedn the pioneering
works, andrecentlyMelamedarguesthatone-to-
oneassumptions notrestrictive asit may appear
in (Melamed,2000). However, we questionhis
claim, sincethe tokenizationof wordsfor non-
sggmentedanguagesuchasJapanesés, by na-
ture,ambiguousandthushis one-to-oneassump-
tion is difficult to hold. We addresghis ambigu-
ity problemby allowing 'overlaps’in generation
of translationunits and obtain single-and multi-
word correspondencesmultaneously

Previous works that focus on multi-word
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Figure2: Bound-lengthN-gram

correspondencesclude (Kupiec, 1993) where
NP recognizersare usedto extract translation
units and (Smadjaet al., 1996) which usesthe
XTRACT systemto extract collocations. More-
over, (Kitamuraand Matsumoto,1996) extracts

an arbitrary length of word correspondences

and (Harunoet al., 1996)identifiescollocations
throughword-level sorting.

In this paper we comparethreeN-grammod-
els of translationunits, namelyBound-lengthN-
gram, Chunk-boundN-gram, and Dependeng-
linked N-gram. Our approachof extractingbilin-
gual lexicon is two-staged. We first prepareN-
gramsindependentlyor eachlanguagén thepar
allel corporaandthen find correspondingrans-
lation pairs from both setsof translationunits
in a greedymanner The essenceof our algo-
rithm is thatwe allow someoverlappingtransla-
tion unitsto accommodat@ambiguityin the first
stage. Once translationpairs are detecteddur-
ing the processthey aredecisiely selectedand
the translationunits that overlapswith the found
translationpairsaregraduallyruledout.

In all threemodels translationunitsof N-gram

are built using only content(open-classyvords.
This is becausefunctional (closed-classwords
such as prepositionsalone will usually act as
noiseandsothey arefilteredoutin advance.

A word is classifiedas a functionalword if it
matchesone of the following conditions. (The
PennTreebankpart-of-speechiag set(Santorini,
1991)is usedfor English, whereasthe ChaSen
part-of-speechiag set (Matsumotoand Asahara,
2001)is usedfor Japanese.)

part-of-speech(J) " #F-fRA T, 4 H-HC, * 4F-F
I, R, - BB, -
IR, * 4 T- 8 -BYBhAT, * B, * Wyl
BERY, B3R 30, * BYE, BN, a9k
VAN Z RPN

part-of-speech(E) “CC”, “CD", “DT", “EX", “FW", “IN”,
“Ls’, “MD”, “PDT”, “PR”, “PRS”, “TO", “WDT",
“WD”, “WP”

stemmed-form(E) “be”
symbols punctuationsandbrackets
We now illustrate the threemodelsof transla-

tion units by referring to the sentencen Figure
1.
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Bound-length N-gram

Bound-lengthN-gram is first proposedin (Ki-
tamuraand Matsumoto,1996). The translation
units generatedn this modelareword sequences
from uni-gramto a given length N. The upper
boundfor N is fixedto 5 in our experiment.Fig-
ure 2 lists a setof N-gramsgeneratedy Bound-
lengthN-gramfor thesentencén Figurel.

Chunk-bound N-gram

Chunk-boundN-gram assumegprior knowledge
of chunkboundaries.The definition of “chunk”
variesfrom personto person.In our experiment,
the definition for English chunk task complies
with theCoNLL-2000text chunkingtasksandthe
definition for Japanesehunkis basedon “bun-
setsu”in the Kyoto University Corpus.

Unlike Bound-lengthN-gram, Chunk-bound
N-gramwill notextendbeyondthe chunkbound-
aries. N varies dependingon the size of the
chunkg. Figure3 lists a setof N-gramsgener
atedby Chunk-bound\-gramfor the sentencen
Figurel.

Dependency-linked N-gram

Dependenglinked N-gram assumes prior
knowledge of dependeng links amongchunks.
In fact, Dependeng-linked N-gram is an en-
hanced model of the Chunk-boundmodel in
that, Dependeng-linked N-gram extendschunk
boundariesvia dependeng links.  Although
dependeng links could be extended recur
sively in a sentencewe limit the useto direct
dependeng links (i.e. links of immediate
motherdaughterrelations)only. Two chunksof
dependeng linked are concatenateénd treated
as an extended chunks. Dependeng-linked
N-gram generatestranslation units within the

1The averagenumberof wordsin EnglishandJapanese
chunksare2.1and3.4respectiely for our parallelcorpus.
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Figure4: Dependeng-linked N-gram

extendedboundariesTherefore translationunits
generatedby Dependeng-linked N-gram(Figure
4) becomethe supersebf the units generatedy
Chunk-boundN-gram(Figure3).

The distinct characteristicsof Dependeng-
linked N-gramfrom previousworksaretwo-fold.
First, (Yamamotoand Matsumoto, 2000) also
usesdependeng relationsin the generationof
translationunits. However, it suffers from data
sparsenes@ndthuslow coverage) sincethe en-
tire chunkis treatedasatranslationunit, whichis
too coarse. Dependenglinked N-gram, on the
other hand, usesmore fine-grainedN-gramsas
translatiorunitsin orderto avoid sparsenessec-
ond, Dependeng-linked N-gramincludes*“flex-
ible” or non-contiguouscollocationsif depen-
dengy links aredistantin a sentence.Thesecol-
locationscannotbe obtainedoy Bound-lengthN-
gramwith ary N.

3 Trandation Pair Extraction

We use the samealgorithm as (Yamamotoand
Matsumoto 2000)for acquiringtranslationpairs.
Thealgorithmproceedsn a greedymanner This
meanghatthetranslationpairsfoundearlier(i.e.
at a higher threshold)in the algorithm are re-
gardedas decisve entries. The thresholdacts
asthelevel of confidence.Moreover, translation
unitsthatpartially overlapwith thealreadyfound
translationpairs are filtered out during the algo-
rithm.

Thecorrelationscorebetweertranslationunits
pe andp; is calculatedby the weightedDice Co-
efficientdefinedas:

sim(pe, pj) = (1092fej)f2fjf,
€ J




model English Japanese

Bound-length 8479 11587
Chunk-bound 4865 5870
Dependenglinked 8716 11068

Table1: Numberof TranslationUnits

wheref; andf, arethenumbersf occurrencesf
p. andp; in JapanesandEnglishcorporarespec-
tively, and f.; is thenumberof co-occurrencesf
pe andp;.

We repeat the following until the current
thresholdf.,.,. reacheghe predefinedminimum
thresholdf,,;.

1. For eachpair of Englishunit p. andJapanesenit p;
appearingtleastf.. . times,identify themostlikely
correspondencesccordingo the correlationscores.

e For anEnglishpatternp., obtainthe correspon-
dencecandidatesetPJ= { p;1, pj2, .-, Pjn }
suchthat sim(p.,p;x) > log, feurr for all k.
Similarly, obtainthe correspondenceandidate
setPEfor aJapanespatternp;

o Raister(p.,p;) asatranslationpair if

p; = argmaxsim(pe,pjk)
pikEPJ
pe = argmaxsim(p;,pek)

Pex EPE

The correlationscoreof (p.,p;) is the highest
amongPJfor p. andPEfor p;.

2. Filter out the co-occurrencegositionsfor p., p;, and
their overlappedranslationunits.

3. Lower f..rr if Nnomorepairsarefound.

4 Experiment and Result

4.1 Experimental Setting

Data for our experiment is 10000 sentence-
aligned corpusfrom English-Japanesbusiness
expressiongTakuboandHashimoto,1995).8000
sentencegairs are usedfor training andthe re-
maining2000sentenceareusedfor evaluation.
Sincethe data are unannotatedwe use NLP
tools (part-of-speechiaggers,chunkers,and de-
pendeng parsers}o estimatdinguistic informa-
tion such asword segmentation,chunk bound-
aries,anddependenglinks. Mosttoolsemploya
statisticalmodel (HiddenMarkov Model) or ma-
chinelearning(SupportVectorMachines).
Translationunits that appearat leasttwice are
consideredto be candidatedfor the translation

feurr e c acc e c acc’
100.0 0 0 n/a 0 0 n/a
50.0 0 0 n/a 0 0 n/a
25.0 1 1 1.0000 1 1 1.0000
12.0 10 9 0.9000 11 10 0.9090
10.0 9 9 1.0000 20 19 0.9500
9.0 7 7 1.0000 27 26 0.9629
8.0 10 10 1.0000 37 36 0.9729
7.0 12 11 0.9166 49 47 0.9591
6.0 25 25 1.0000 74 72 0.9729
50 29 28 09655 103 100 0.9708
40 70 68 0.9714 173 168 0.9710
3.0 114 109 0.9561 287 277 0.9651
20 646 490 0.7585 933 767 0.8220
19 58 54 0.9310 991 821 0.8284
1.8 67 60 0.8955 1058 881 0.8327
1.7 186 131 0.7043 1244 1012 0.8135
1.6 105 93 0.8857 1349 1105 0.8191
1.5 220 161 0.7318 1569 1266 0.8068
1.4 267 182 0.6816 1836 1448 0.7886
1.3 309 228 0.7378 2145 1676 0.7813
1.2 459 312 0.6797 2604 1988 0.7634
1.1 771 404 0.5239 3375 2392 0.7087

Table2: Accurag/(Bound-LengthN-gram)

pair extraction algorithm describedn the previ-
ous section. This implies that translationpairs
that co-occuronly oncewill never be found in
our algorithm. We believe this is a reasonable
sacrificeto bearconsideringhe statisticalnature
of our algorithm. Table 1 shawvs the numberof
translationunits found in eachmodel. Note that
translationunits are countednot by tokenbut by

type.

We adjustthe thresholdof the translationpair
extraction algorithm accordingto the following
equation. The threshold /... is initially setto
100andis graduallylowereddown until it reaches
the minimumthresholdf,,;,, 2, describedn Sec-
tion 3. Furthermore,we experimentallydecre-
ment the threshold f.,,, from 2 to 1 with the
remaininguncorrelatedsetsof translationunits,
all of which appearat leasttwice in the corpus.
This meansthat translationpairs whosecorrela-
tion scoreis 1 > sim(p.,p;) > O areattemptedo
find correspondencés

2Note that f.urr playstwo roles: (1) thresholdfor the
co-occurrencdrequeng, and (2) thresholdfor the correla-
tion score. During the decrementof f.urr form 2 to 1,
the effect is solely on the latter threshold(for the correla-
tion score),andtheformerthreshold(for the co-occurrence
frequeng) doesnotalterandremains2.



feurr e c acc e’ c acc’ Sfeurr e c acc e’ c acc’
100.0 1 1 1.0 1 1 1.0 100.0 1 1 1.0 1 1 1.0
50.0 13 12 0.9230 14 13  0.9285 50.0 13 12 0.9230 14 13  0.9285
250 26 25 0.9615 40 38 0.95 250 26 25 0.9615 40 38 0.95
120 63 61 0.9682 103 99 0.9611 120 62 60 0.9677 102 98 0.9607
100 35 35 1.0 138 134 0.9710 100 32 31 0.9687 134 129 0.9626
9.0 20 20 1.0 158 154 0.9746 9.0 20 23 1.15 158 152 0.9620
80 17 16 0.9411 175 170 0.9714 80 16 16 1.0 174 168 0.9655
70 40 39 0975 215 209 0.9720 70 43 43 1.0 217 211 0.9723
6.0 38 37 09736 253 246 0.9723 60 40 39 0975 257 250 0.9727
50 84 84 1.0 337 330 0.9792 50 85 83 09764 342 333 0.9736
40 166 160 0.9638 503 490 0.9741 40 166 162 0.9759 508 495 0.9744
3.0 198 195 0.9848 701 685 0.9771 3.0 205 201 0.9804 713 696 0.9761
20 870 816 0.9379 1571 1501 0.9554 20 949 849 0.8946 1662 1545 0.9296
1.9 112 106 0.9464 1683 1607 0.9548 1.9 115 107 0.9304 1777 1652 0.9296
1.8 109 105 0.9633 1792 1712 0.9553 1.8 105 103 0.9809 1882 1755 0.9325
1.7 266 239 0.8984 2058 1951 0.9480 1.7 268 230 0.8582 2150 1985 0.9232
1.6 155 139 0.8967 2213 2090 0.9444 1.6 156 145 0.9294 2306 2130 0.9236
15 292 253 0.8664 2505 2343 0.9353 15 288 244 0.8472 2594 2374 009151
1.4 365 327 0.8958 2870 2670 0.9303 1.4 373 300 0.8042 2967 2674 0.9012
1.3 448 391 0.8727 3318 3061 0.9225 1.3 434 344 0.7926 3401 3018 0.8873
1.2 599 483 0.8063 3917 3544 0.9047 1.2 576 383 0.6649 3977 3401 0.8551
1.1 890 481 0.5404 4807 4025 0.8373 1.1 855 417 0.4877 4832 3818 0.7901

Table3: Accuragy(Chunk-boundN-gram)

fcurr/2 (fcurr > 20) ‘
fo =10 (20 > feurr > 10)
curr = fcurr - 1 (10 Z fcurr Z 2)
fcurr - 01 (2 > fcurr > 1)

The result is evaluatedin terms of accurag
and coverage. Accuray is the numberof cor
recttranslatiorpairsover theextractedranslation
pairsin the algorithm. Thisis calculateday type.
Coveragemeasuresapplicability” of the correct
translationpairs for unseentestdata. It is the
numberof tokensmatchedby the correcttrans-
lation pairsover the numberof tokensin the un-
seertestdata.Acurag/ andcoverageroughlycor
respondo Melameds precisionandpercentcor
rectrespectiely (Melamed,1995). Accuray is
calculatedon the training data (8000 sentences)
manually whereascoverageis calculatedon the
testdata(2000sentencesautomatically

4.2 Accuracy

Stepwiseaccurag for eachmodelis listedin Ta-
ble 2, Table 3, and Table 4. *“f.,..” indicates
the threshold,i.e. stagesin the algorithm. “e”

is the numberof translationpairsfound at stage
“fourr’, @nd“c” is the numberof correctones
foundat stage” f...»". Thecorrectnesss judged
by an English-Japanesailingual speaker “acc”

Table4: Accuragy(Dependeng-linked N-gram)

listsaccuray, thefractionof correctonesover ex-
tractedonesby type. Theaccumulatedesultsfor

“e”, “c” and“acc” areindicatedby .

43 Coverage

Stepwisecoveragefor eachmodelis listedin Ta-
ble 5, Table 6, and Table 7. As before,” f..,.."
indicatesthe threshold. The bracketsindicate
language:“E” for Englishand“J” for Japanese.
“found” is the numberof contenttokensmatched
with correcttranslationpairs. “ideal” is theupper
boundof contenttokensthat shouldbe found by
thealgorithm;it is thetotal numberof contentto-
kensin thetranslationunitswhoseco-occurrence
frequeng is atleast” f.,,..” timesin the original
parallelcorpora.“cover” lists coverage.Thepre-
fix “i " is thefraction of found tokensover ideal
tokensandthe prefix“t " is the fraction of found
tokensover the total numberof both contentand
functionaltokensin the data. For 2000testpar
allel sentenceghereare 30255tokensin the En-
glish half and38827tokensin the Japaneséalf.
The gap betweenthe numberof “ideal” tokens
andthatof total tokensis dueto filtering of func-
tionalwordsin thegeneratiorof translatiorunits.



feurr found(E) ideal(E) i-cover(E) tcover(E) found(J) ideal(J) i-cover(d) t_cover(Jd)

100.0 0 445 0 0 0 486 0 0
50.0 0 1182 0 0 0 1274 0 0
25.0 46 2562 0.0179 0.0015 46 2564 0.0179 0.0011
12.0 156 4275 0.0364 0.0051 146 4407 0.0331 0.0037
10.0 344 4743 0.0725 0.0113 334 4935 0.0676 0.0086

9.0 465 4952 0.0939 0.0153 455 5247 0.0867 0.0117
8.0 511 5242 0.0974 0.0168 501 5593 0.0895 0.0129
7.0 577 5590 0.1032 0.0190 567 5991 0.0946 0.0146
6.0 744 5944 0.1251 0.0245 734 6398 0.1147 0.0189
5.0 899 6350 0.1415 0.0297 891 6894 0.1292 0.0229

4.0 1193 6865 0.1737 0.0394 1195 1477 0.1598 0.0307
3.0 1547 7418 0.2085 0.0511 1549 8257 0.1875 0.0398
2.0 2594 8128 0.3191 0.0857 2617 9249 0.2829 0.0674
1.9 2686 8128 0.3304 0.0887 2713 9249 0.2933 0.0698
1.8 2831 8128 0.3483 0.0935 2858 9249 0.3090 0.0736
1.7 2952 8128 0.3631 0.0975 2983 9249 0.3225 0.0768
1.6 3180 8128 0.3912 0.1051 3214 9249 0.3474 0.0827
15 3387 8128 0.4167 0.1119 3423 9249 0.3700 0.0881
1.4 3587 8128 0.4413 0.1185 3628 9249 0.3922 0.0934
13 3836 8128 0.4719 0.1267 3901 9249 0.4217 0.1004
1.2 4106 8128 0.5051 0.1357 4184 9249 0.4523 0.1077
11 4470 8128 0.5499 0.1477 4558 9249 0.4928 0.1173

Table5: Coverage(Bound-lengtN-gram)

feurr found(E) ideal(E) i-cover(E) tcover(E) found(J) ideal(J) i-cover(J) t_cover(Jd)

100.0 52 1374 0.0378 0.0017 52 1338 0.0388 0.0013
50.0 371 2813 0.1318 0.0122 372 2643 0.1407 0.0095
25.0 695 5019 0.1384 0.0229 696 4684 0.1485 0.0179

12.0 1251 7129 0.1754 0.0413 1246 6873 0.1812 0.0320
10.0 1478 7629 0.1937 0.0488 1463 7441 0.1966 0.0376
9.0 1607 7917 0.2029 0.0531 1590 7715 0.2060 0.0409
8.0 1690 8208 0.2058 0.0558 1673 8075 0.2071 0.0430
7.0 1893 8535 0.2217 0.0625 1879 8463 0.2220 0.0483
6.0 2023 8939 0.2263 0.0668 2015 8854 0.2275 0.0518
5.0 2464 9390 0.2624 0.0814 2445 9318 0.2623 0.0629
4.0 2893 9800 0.2952 0.0956 2882 9891 0.2913 0.0742
3.0 3425 10380 0.3299 0.1132 3439 10625 0.3236 0.0885
2.0 4702 11020 0.4266 0.1220 4737 11439 0.4141 0.1220
1.9 4869 11020 0.4418 0.1609 4906 11439 0.4288 0.1263
1.8 5020 11020 0.4555 0.1659 5057 11439 0.4420 0.1302
1.7 5177 11020 0.4697 0.1711 5214 11439 0.4558 0.1342
1.6 5388 11020 0.4889 0.1780 5423 11439 0.4740 0.1396
15 5621 11020 0.5100 0.1857 5676 11439 0.4961 0.1461
1.4 5907 11020 0.5360 0.1952 5971 11439 0.5219 0.1537
13 6227 11020 0.5650 0.2058 6298 11439 0.5505 0.1622
1.2 6513 11020 0.5910 0.2152 6589 11439 0.5760 0.1697
11 6787 11020 0.6158 0.2243 6874 11439 0.6009 0.1770

Table6: Coverage(Chunk-bound-gram)



feurr found(E) ideal(E) i-cover(E) tcover(E) found(J) ideal(J) i-cover(d) t_cover(Jd)
100.0 52 1370 0.0379 0.0017 52 1334 0.0389 0.0013
50.0 370 2806 0.1318 0.0122 371 2629 0.1411 0.0095
25.0 693 5010 0.1383 0.0229 694 4675 0.1484 0.0178
12.0 1238 7117 0.1739 0.0409 1233 6845 0.1801 0.0317
10.0 1429 7611 0.1877 0.0472 1424 7428 0.1917 0.0366
9.0 1583 7906 0.2002 0.0523 1576 7714 0.2043 0.0405
8.0 1689 8201 0.2059 0.0558 1682 8074 0.2083 0.0433
7.0 1945 8522 0.2282 0.0642 1925 8455 0.2276 0.0495
6.0 2083 8930 0.2332 0.0688 2064 8854 0.2331 0.0531
5.0 2481 9376 0.2646 0.0820 2458 9317 0.2638 0.0633
4.0 2918 9792 0.2979 0.0964 2901 9893 0.2932 0.0747
3.0 3473 10367 0.3350 0.1147 3490 10633 0.3282 0.0898
2.0 4736 11011 0.4301 0.1565 4769 11450 0.4165 0.1228
1.9 4893 11011 0.4443 0.1617 4926 11450 0.4302 0.1268
1.8 5032 11011 0.4569 0.1663 5063 11450 0.4421 0.1303
1.7 5155 11011 0.4681 0.1703 5192 11450 0.4534 0.1337
1.6 5369 11011 0.4876 0.1774 5398 11450 0.4714 0.1390
1.5 5630 11011 0.5113 0.1860 5672 11450 0.4953 0.1460
1.4 5908 11011 0.5365 0.1952 5963 11450 0.5207 0.1535
1.3 6205 11011 0.5635 0.2050 6275 11450 0.5480 0.1616
1.2 6415 11011 0.5825 0.2120 6487 11450 0.5665 0.1670
1.1 6657 11011 0.6045 0.2200 6744 11450 0.5889 0.1736
Table7: Coverage(Dependegdinked N-gram)
Bounded model English Japanese
B look forward ELAITT S
A B look forward -9 5
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Figure5: Venndiagram

5 Discussion

Of thethreemodels Chunk-boundN-gramyields
the bestperformancédothin accurag (83%)and
in coverage(60%)°. Comparedwith the Bound-
length N-gram, it achieses approximately13%
improvementin accurag and5-9%improvement
in coverageatthresholdl.1.

Although Bound-length N-gram generates
more translation units than Chunk-bound N-
gram, it extracts fewer correcttranslationpairs
(andresultsin low coverage). A possibleexpla-
nationfor this phenomenoiis that Bound-length
N-gramtendsto generatdoo mary unnecessary
translationunits which increasehe noisefor the

*We did not evaluateresultswhen f..,» = 1.0, sinceit
meanghreshold0 , i.e. randompairing.

Table8: correcttranslationpairs

extractionalgorithm.

Dependenglinked N-gram follows a similar
transition of accurag and coverageas Chunk-
boundN-gram. Figure5 illustratesthe Venndi-
agramof the numberof correcttranslationpairs
extractedin eachmodel. As mary as3439trans-
lation pairsfrom Dependenyg-linked N-gramand
Chunk-bound N-gram are found in common.
Basedon theseobsenration, we could say that
dependenglinks do not contribute significantly
However, as dependeng parsersare still prone
to someerrors,we will needfurtherinvestigation
with improved dependengparsers.

Table8 liststhesamplecorrecttranslatiorpairs

that are unique to eachmodel. Most transla-
tion pairs unique to Chunk-boundN-gram are



namedentities (NP compounds)and one-to-one
correspondencéhismatcheurexpectationas
translatiorunitsin Chunk-boundN-gramarelim-
ited within chunkboundariesThereasorwhy the
othertwo failed to obtainthesetranslationpairs
is probablydueto a large numberof overlapped
translationunits generated.Our extraction algo-
rithm filters out the overlappedentriesoncethe
correctpairsareidentified,andthusalarge num-
berof overlappedranslationunits sometimede-
comenoise.

Bound-lengthN-gramand Dependenyg-linked
N-graminclude longer pairs, someof which are
idiomatic expressions. Theoretically speaking,
translatiorpairslike “look forward” shouldbeex-
tractedby Dependeng-linked N-gram. A close
examinationof the datarevealsthatin somesen-
tences,look” and“forward” arenot recognized
asdependenglinked. Thesepreprocessinggail-
urescanbe overcomeby furtherimprovementof
thetoolsused.

Basedon the above analysiswe concludethat
chunking boundariesare useful cluesin build-
ing bilingual seeddictionaryasChunk-bounad\N-
gram hasdemonstratedhigh precisionandwide
coverage. However, for parallelcorporathatin-
cludeagreatdealof domain-specifior idiomatic
expressionspartialuseof dependenglinks is de-
sirable.

Thereis still a remaining problem with our
method. That is how to determinetranslation
pairswhich co-occuronly once. Onesimpleap-
proachis to useamachine-readableilingual dic-
tionary However, a more fundamentalsolution
may lie in the partial structuralmatchingof par
allel sentencegWatanabeet al., 2000). We in-
tend to incorporatethesetechniquedo improve
theoverall coverage.

6 Conclusion

This paperreportson-goingresearcton extract-
ing bilingual lexicon from English-Japanesgar

allel corpora. Three modelsincluding a previ-

ouslyproposednein (KitamuraandMatsumoto,
1996) arecomparedn this paper Throughpre-
liminary experimentswith 10000 bilingual sen-
tences,we obtain that our new models(Chunk-
boundN-gram and Dependenyg-linked N-gram)
gain approximately13% improvementin accu-

ragy and 5-9% improvementin coveragefrom
the baselinemodel (Bound-lengthN-gram). We
presenguantitatve andqualitative analysisof the
resultsin threemodels. We concludethat chunk
boundariesreusefulfor building initial bilingual
lexicon, and that idiomatic expressionsmay be
partially handledwith by dependenglinks.
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