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Abstract

We proposenew methodsto take advan-
tage of text in resource-richlanguages
to sharpenstatisticallanguagemodelsin
resource-deficientlanguages.We achieve
this throughan extensionof the method
of lexical triggers to the cross-language
problem,andby developinga likelihood-
basedadaptationschemefor combining
a trigger model with an

�
-gram model.

We describethe applicationof suchlan-
guagemodelsfor automaticspeechrecog-
nition. By exploitingaside-corpusof con-
temporaneousEnglish news articles for
adaptinga staticChineselanguagemodel
to transcribeMandarinnews stories,we
demonstratesignificantreductionsin both
perplexity and recognition errors. We
alsocompareour cross-lingualadaptation
schemeto monolingual languagemodel
adaptation,andto analternatemethodfor
exploiting cross-lingualcues, via cross-
lingual informationretrieval andmachine
translation,proposedelsewhere.

1 Data Sparsenessin LanguageModeling

Statistical techniqueshave been remarkablysuc-
cessfulin automaticspeechrecognition(ASR) and
naturallanguageprocessing(NLP) over thelasttwo
decades.This success,however, dependscrucially�
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on the availability of accurateand large amounts
of suitablyannotatedtrainingdataandit is difficult
to build a usablestatisticalmodel in their absence.
Most of the success,therefore,hasbeenwitnessed
in the so called resource-rich languages.More re-
cently, therehasbeenan increasinginterestin lan-
guagessuchasMandarinandArabic for ASR and
NLP, anddataresourcesarebeingcreatedfor them
at considerablecost. The data-resourcebottleneck,
however, is likely to remainfor a majority of the
world’s languagesin theforeseeablefuture.

Methodshave beenproposedto bootstrapacous-
tic modelsfor ASR in resourcedeficientlanguages
by reusingacousticmodelsfrom resource-richlan-
guages(Schultz and Waibel, 1998; Byrne et al.,
2000).Morphologicalanalyzers,noun-phrasechun-
kers, POStaggers,etc., have also beendeveloped
for resourcedeficientlanguagesby exploiting trans-
latedor parallel text (Yarowsky et al., 2001). Khu-
danpur and Kim (2002) recently proposedusing
cross-lingualinformationretrieval (CLIR) andma-
chinetranslation(MT) to improve a statisticallan-
guagemodel(LM) in a resource-deficientlanguage
by exploiting copiousamountsof text available in
resource-richlanguages.Whentranscribinga news
story in a resource-deficientlanguage,their core
ideais to usethefirst passoutputof a rudimentary
ASRsystemasaqueryfor CLIR, identify acontem-
poraneousEnglishdocumentonthatnewstopic,fol-
lowedby MT to provide a roughtranslationwhich,
evenif not fluent,is adequateto updateestimatesof
word frequenciesandtheLM vocabulary. They re-
port up to a 28%reductionin perplexity onChinese
text from theHongKongNewscorpus.



In spiteof theirconsiderablesuccess,someshort-
comingsremainin the methodusedby Khudanpur
andKim (2002). Specifically, stochastictranslation
lexicons estimatedusing the IBM method(Brown
et al., 1993) from a fairly large sentence-aligned
Chinese-Englishparallelcorpusareusedin theirap-
proach— a considerabledemandfor a resource-
deficient language. It is suggestedthat an easier-
to-obtaindocument-alignedcomparablecorpusmay
suffice,but noresultsarereported.Furthermore,for
eachMandarinnews story, the single bestmatch-
ing Englisharticle obtainedvia CLIR is translated
and usedfor priming the ChineseLM, no matter
how good the CLIR similarity, nor areotherwell-
matchingEnglish articles considered. This issue
clearlydeservesfurtherattention.Finally, ASR re-
sultsarenotreportedin theirwork, thoughtheirpro-
posedsolutionis clearlymotivatedby anASR task.
Weaddressthesethreeissuesin thispaper.

Section2 begins, for the sake of completeness,
with a review of thecross-lingualstory-specificLM
proposedby KhudanpurandKim (2002). A notion
of cross-linguallexical triggersis proposedin Sec-
tion 3, which overcomesthe needfor a sentence-
alignedparallelcorpusfor obtainingtranslationlex-
icons. After a brief detour to describe topic-
dependentLMs in Section4, a descriptionof the
ASR taskis providedin Section5, andASR results
on MandarinBroadcastNews arepresentedin Sec-
tion 6. The issueof how many Englisharticlesto
retrieve andtranslateinto Chineseis resolved by a
likelihood-basedschemeproposedin Section6.1.

2 Cross-LingualStory-SpecificLMs

For the sake of illustration, considerthe task of
sharpeninga Chineselanguagemodelfor transcrib-
ing Mandarinnews storiesby usinga large corpus
of contemporaneousEnglishnewswire text. Man-
darin Chineseis, of course,not resource-deficient
for languagemodeling— 100sof millions of words
areavailableon-line.However, wechooseit for our
experimentspartlybecauseit is sufficiently different
from Englishto posea real challenge,andbecause
theavailability of large text corporain factpermits
usto simulatecontrolledresourcedeficiency.

Let ������
	
	
	������ denotethe text of
�

test sto-
ries to be transcribedby an ASR system,and let

������
	
	
	������ denotetheir correspondingor aligned
English newswire articles. Correspondencehere
doesnot imply thattheEnglishdocument���� needs
to beanexact translationof theMandarinstory � �� .
It is quiteadequate,for instance,if thetwostoriesre-
port thesamenewsevent.Thisapproachis expected
to be helpful even when the English documentis
merelyon the samegeneraltopic as the Mandarin
story, althoughthecloserthecontentof a pair of ar-
ticles the betterthe proposedmethodsarelikely to
work. Assumefor thetime beingthata sufficiently
goodChinese-Englishstoryalignmentis given.

Assumefurther that we have at our disposala
stochastictranslationdictionary — a probabilistic
modelof the form ��������� ��� — which provides the
Chinesetranslation ���! of eachEnglish word�"�$# , where  and # respectively denoteour Chi-
neseandEnglishvocabularies.

2.1 Computing a Cross-LingualUnigram LM

Let %�&�'��� ���� � denotetherelative frequency of aword� in thedocument� �� , �(�)# , *(+-,.+ �
. It seems

plausiblethat, /0�0�1 ,

�3254�657989:<;>=@?>AB����� � �� �DCFEGIH�J �K������� ��� %�L�'��� � �� �M� (1)

would be a goodunigrammodel for the , -th Man-
darin story � �� . We usethis cross-lingualunigram
statisticto sharpenastatisticalChineseLM usedfor
processingthe teststory � �� . Oneway to do this is
via linearinterpolation

� 2N4O65: 8QPSR'=UT�VXW ?XPSR'Y ���9ZM� �9Z 6 � ���9Z 6\[ ��� �� �DC (2)
] � 2N4O65798^:<;>=S?>A ���^ZM� � �� �`_a�>*cb ] �d�(���9ZM� �^Z 6 � ���9Z 6\[ �

of thecross-lingualunigrammodel(1) with a static
trigram modelfor Chinese,wherethe interpolation
weight

]
may be chosenoff-line to maximizethe

likelihoodof someheld-outMandarinstories. The
improvementin (2) is expectedfrom the fact that
unlike thestatictext from whichtheChinesetrigram
LM is estimated,� �� is semanticallycloseto � �� and
even the adjustmentof unigramstatistics,basedon
astochastictranslationmodel,mayhelp.

Figure1 shows thedataflow in this cross-lingual
LM adaptationapproach,where the output of the
first passof anASR systemis usedby a CLIR sys-
temto find anEnglishdocument� �� , anMT system
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Figure1: Story-SpecificCross-LingualAdaptation
of a ChineseLanguageModelusingEnglishText.

computesthe statisticof (1), and the ASR system
usestheLM of (2) in asecondpass.

2.2 Obtaining Matching English Documents

To illustratehow onemay obtain the Englishdoc-
ument � �� to match a Mandarin story � �� , let us
assumethat we also have a stochasticreverse-
translationlexicon �����'��� ��� . Oneobtainsfrom the
first passASR output,cf. Figure1, therelative fre-
quency estimate %�(����� ���� � of Chinesewords � in �O�� ,�e�- , andusesthe translationlexicon �����'��� ��� to
compute,/f�B�g# ,

�D2N4O65798^:<;>=S?>AB�'��� � �� �hC Ei>H�j �K���'�O� ��� %�k����� � �� �M� (3)

anEnglishbag-of-wordsrepresentationof theMan-
darin story � �� asusedin standardvector-basedin-
formationretrieval. Thedocumentwith thehighest
TF-IDFweightedcosine-similarityto � �� is selected:

� �� Cal�m�n�o(lqprIst sim���D2N4O657^89:<;>=S?>Au�'��� � �� ��� %�k�'��� � �v �>�M	
Readersfamiliar with information retrieval litera-
ture will recognizethis to be the standardquery-
translationapproachto CLIR.

2.3 Obtaining StochasticTranslation Lexicons

The translationlexicons �K������� �w� and �����'��� ��� may
becreatedout of anavailableelectronictranslation
lexicon, with multiple translationsof a word being

treatedasequallylikely. Stemmingandothermor-
phologicalanalysesmay be appliedto increasethe
vocabulary-coverage of thetranslationlexicons.

Alternately, they may also be obtained auto-
matically from a parallel corpusof translatedand
sentence-alignedChinese-Englishtext usingstatisti-
calmachinetranslationtechniques,suchasthepub-
licly availableGIZA++ tools (OchandNey, 2000),
asdoneby KhudanpurandKim (2002).Unlikestan-
dardMT systems,however, weapplythetranslation
modelsto entirearticles,onewordatatime,to geta
bag of translatedwords— cf. (1) and(3).

Finally, for truly resourcedeficientlanguages,one
mayobtainatranslationlexiconviaopticalcharacter
recognitionfrom a printedbilingual dictionary(cf.
Doermanet al (2002)). This taskis arguablyeasier
thanobtaininga largeLM trainingcorpus.

3 Cross-LingualLexical Triggers

It seemsplausiblethatmostof the informationone
gets from the cross-lingualunigramLM of (1) is
in the form of thealteredstatisticsof topic-specific
Chinesewordsconveyedby thestatisticsof content-
bearingEnglishwords in the matchingstory. The
translationlexicon usedfor obtainingthe informa-
tion, however, is anexpensive resource.Yet, if one
wereonly interestedin the conditionaldistribution
of Chinesewordsgiven someEnglishwords,there
is no reasonto requiretranslationasan intermedi-
atestep.In a monolingualsetting,themutualinfor-
mationbetweenlexical pairsco-occurringanywhere
within a long“window” of each-otherhasbeenused
to capturestatisticaldependenciesnot coveredby�

-gramLMs (Rosenfeld,1996;Tillmann andNey,
1997).Weusethisinspirationto proposethefollow-
ing notionof cross-linguallexical triggers.

In a monolingualsetting,a pair of words ��xy�Qz�� is
consideredatrigger-pair if, givenaword-positionin
a sentence,the occurrenceof x in any of the pre-
cedingword-positionssignificantlyaltersthe (con-
ditional) probability that the following word in the
sentenceis z : x is saidto trigger z . E.g. theoccur-
renceof either significantlyincreasestheproba-
bility of or subsequentlyin thesentence.Thesetof
precedingword-positionsis variably definedto in-
cludeall wordsfrom thebeginningof thesentence,
paragraphor document,or is limited to afixednum-



berof precedingwords,limited of courseby thebe-
ginningof thesentence,paragraphor document.

In thecross-lingualsetting,we considera pair of
words �'�w����� , �g�{# and �1�{ , to be a trigger-pair
if, given an English-Chinesepair of aligneddocu-
ments,theoccurrenceof � in theEnglishdocument
significantlyaltersthe(conditional)probabilitythat
the word � appearsin the Chinesedocument: � is
saidto trigger � . It is plausiblethattranslation-pairs
will be natural candidatesfor trigger-pairs. It is,
however, notnecessaryfor a trigger-pair to alsobea
translation-pair. E.g.,theoccurrenceof Belgrade
in the English documentmay trigger the Chinese
transliterationsof Serbia andKosovo, andpos-
sibly the translationsof China, embassy and
bomb! By infering trigger-pairs from a document-
alignedcorpusof Chinese-Englisharticles,we ex-
pecttobeabletodiscoversemantically-or topically-
relatedpairsin additionto translationequivalences.

3.1 Identification of Cross-LingualTriggers

Averagemutual information,which measureshow
much knowing the value of one randomvariable
reducesthe uncertaintyof aboutanother, hasbeen
usedto identify trigger-pairs. We computethe av-
eragemutualinformationfor everyEnglish-Chinese
wordpair �'�w����� asfollows.

Let |�� �� ��� ��~} , ,�C�*��
	
	
	�� � , now beadocument-
aligned training corpusof English-Chinesearticle
pairs. Let ���y�'�w����� denotethedocumentfrequency,
i.e., the numberof alignedarticle-pairs,in which �
occursin the Englisharticle and � in the Chinese.
Let ���\�'������q� denotethe numberof alignedarticle-
pairsin which � occursin theEnglisharticlesbut �
doesnotoccurin theChinesearticle.Let

�(�'��������C ���y�'�w������ lw�\���(�'�w����q�hC ���\�'������q�� 	
Thequantities�(���������� and �(�Q�������q� aresimilarly de-
fined. Next let ���y�'��� denotethenumberof English
articlesin which � occurs,anddefine

�(�'�w�hC ���\�'���� and �(����� ����C �(�'�������
�(�'��� 	

Similarly define�&����w� , �&���w������ via thedocumentfre-
quency ���y����w��C � ba���y�'��� ; define �&����� via the
documentfrequency ���y����� , etc.Finally, let
� �'�������hC �(�'�w���������wn��3� iQ� GX��3� i�� _$�(�'�w����q�����wn��3�@�

iI� GX�
�3�@�id�

_ �(�Q������������wn �3� iI� �G���3� i�� _$�(�Q��w����q�����wn �3�@�
iI� �G���3�@�i�� 	

We proposeto selectword pairswith high mutual
informationascross-linguallexical triggers.

Thereare � #��S���  �� possibleEnglish-Chineseword
pairs which may be prohibitively large to search
for the pairs with the highestmutual information.
We filter out infrequentwords in each language,
say, wordsappearinglessthan5 times, thenmea-
sure

� �'�w����� for all possiblepairsfrom theremaining
words,sort themby

� �'�w����� , andselect,say, the top
1 million pairs.

3.2 Estimating Trigger LM Probabilities

Oncewe have chosena setof trigger-pairs,thenext
step is to estimatea probability ���w=U:<;������ �w� in lieu
of the translationprobability �K������� ��� in (1), anda
probability � �w=@: ; �'��� ��� in (3).

Following themaximumlikelihoodapproachpro-
posedby Tillman andNey (1997),onecouldchoose
thetriggerprobability ���w=@:<;������ ��� to bebasedon the
unigramfrequency of � amongChinesewordtokens
in thatsubsetof aligneddocuments� �� which have� in � �� , namely

���w=U:<;������ ����C
� �M� r s� � G � r^¡� ������ id¢�H�j � �M� r s� � G � rI¡� ���^£S� 	 (4)

As anadhocalternative to (4), wealsouse

� �w=U:<; ����� �w�hC
� �'�w������ i'¢�H�j � �'�����I£¤� � (5)

wherewe set
� �'�w�����LC¦¥ whenever �'�w����� is not a

trigger-pair, andfind it to besomewhatmoreeffec-
tive (cf. Section6.2). Thus(5) is usedhenceforthin
thispaper. Analogousto (1), weset

���w=U:<;
657989:<;>=@?>Au����� � �� �3C EGQHqJ ���w=@: ;����w� �w� %�k�'�O� � �� �M� (6)

and,again,webuild theinterpolatedmodel

� �w=U:<;
65: 8QPSR'=@T�VXW<?XP@R'Y ���^ZM� �9Z 6 � ���^Z 6\[ ��� �� �DC (7)
] � �w=U:<;
657989:<;>=@?>A ���9ZM� � �� �§_¨�>*cb ] �d�(���9ZM� �9Z 6 � ���9Z 6\[ ��	
4 Topic-DependentLanguageModels

The linear interpolationof the story-dependentun-
igram models(1) and(6) with a story-independent



trigrammodel,asdescribedabove, is very reminis-
centof monolingualtopic-dependentlanguagemod-
els(cf. e.g. (Iyer andOstendorf,1999)).This moti-
vatesusto constructtopic-dependentLMs andcon-
trasttheir performancewith thesemodels.

To this end,we representeachChinesearticle in
the training corpusby a bag-of-words vector, and
clusterthe vectorsusinga standardK-meansalgo-
rithm. We userandominitialization to seedthe al-
gorithm, and a standardTF-IDF weightedcosine-
similarity as the “metric” for clustering. We per-
form a few iterationsof theK-meansalgorithm,and
deemthe resultingclustersas representingdiffer-
ent topics. We then use a bag-of-words centroid
createdfrom all the articles in a cluster to repre-
senteachtopic. Topic-dependenttrigramLMs, de-
noted� v ���9Z5� �9Z 6 � ���9Z 6\[ � , arealsocomputedfor each
topicexclusively from thearticlesin the © -th cluster,*B+ª©&+{« .

EachMandarinteststoryis representedby abag-
of-words vector %������� � �� � generatedfrom the first-
passASR output, and the topic-centroid¬ � having
thehighestTF-IDF weightedcosine-similarityto it
is chosenasthetopic of � �� . Topic-dependentLMs
arethenconstructedfor eachstory �O�� as

���wVXT9:<>65PS=U:<;>=S?>Au���^ZM� �9Z 6 � ���^Z 6\[ �>¬ � �hC (8)
] ��® � ���^Z5� �9Z 6 � ���^Z 6\[ �`_¨�>*.b ] �d�&���^ZM� �9Z 6 � ���^Z 6\[ �

andusedin asecondpassof recognition.
Alternativesto topic-dependentLMs for exploit-

ing long-rangedependenciesincludecacheLMs and
monolinguallexical triggers;bothunlikely to beas
effective in thepresenceof significantASRerrors.

5 ASR Training and TestCorpora

We investigatethe useof the techniquesdescribed
above for improving ASR performanceon Man-
darinnewsbroadcastsusingEnglishnewswiretexts.
We have chosenthe experimentalASR setupcre-
atedin the2000JohnsHopkinsSummerWorkshop
to studyMandarinpronunciationmodeling,exten-
sive details about which are available in Fung et
al (2000). The acoustictraining data( ¯ 10 hours)
for their ASR systemwasobtainedfrom the 1997
MandarinBroadcastNewsdistribution,andcontext-
dependentstate-clusteredmodelswereestimatedus-
ing initials andfinalsassubwordunits.TwoChinese

text corporaandanEnglishcorpusareusedto esti-
mateLMs in our experiments. A vocabulary  of
51K Chinesewords,usedin theASRsystem,is also
usedto segmentthe training text. This vocabulary
givesanOOV rateof 5%on thetestdata.

XINHU A: We use the Xinhua News corpusof
about 13 million words to representthe scenario
whentheamountof availableLM trainingtext bor-
derson adequate,and estimatea baselinetrigram
LM for onesetof experiments.

HUB-4NE: We also estimatea trigram model
from only the 96K wordsin the transcriptionsused
for training acousticmodels in our ASR system.
Thiscorpusrepresentsthescenariowhenlittle or no
additionaltext is availableto trainLMs.

NAB-TDT : English text contemporaneouswith
thetestdatais ofteneasilyavailable.For ourtestset,
describedbelow, we select(from theNorth Ameri-
canNewsText corpus)articlespublishedin 1997in
The Los AngelesTimesandThe WashingtonPost,
andarticlesfrom 1998in the New York Timesand
theAssociatedPressnewsservice(from TDT-2 cor-
pus).Thisamountsto acollectionof roughly45,000
articlescontainingabout30-million words of En-
glish text; amodestcollectionby CLIR standards.

Our ASR testset is a subset(Funget al (2000))
of the NIST 1997 and 1998 HUB-4NE bench-
mark tests, containingMandarin news broadcasts
from threesourcesfor a total of about9800words.
We generatetwo setsof latticesusingthe baseline
acousticmodelsand bigram LMs estimatedfrom
XINHUA andHUB-4NE.All ourLMs areevaluated
by rescoring°�¥w¥ -bestlists extractedfrom thesetwo
setsof lattices.The °�¥w¥ -bestlistsfromtheXINHUA
bigramLM are usedin all XINHUA experiments,
and thosefrom the HUB-4NE bigram LM in all
HUB-4NE experiments.We reportbothword error
rates(WER)andcharactererrorrates(CER),thelat-
terbeingindependentof any differencein segmenta-
tion of theASRoutputandreferencetranscriptions.

6 ASR Performanceof Cross-LingualLMs

We begin by rescoringthe °�¥w¥ -best lists from the
bigramlatticeswith trigram models. For eachtest
story � �� , weperformCLIR usingthefirst passASR
output to choosethe most similar English docu-
ment � �� from NAB-TDT. Thenwecreatethecross-



lingualunigrammodelof (1). Wealsofind theinter-
polationweight

]
which maximizesthe likelihood

of the 1-besthypothesesof all testutterancesfrom
thefirst ASRpass.Table1 shows theperplexity and
WERfor XINHUA andHUB-4NE.

Languagemodel Perp WER ± -value
XINHUA trigram 426 49.9% –
CL-interpolated 375 49.5% 0.208
HUB-4NEtrigram 1195 60.1% –
CL-interpolated 750 59.3% ² 0.001

Table1: Word-Perplexity and ASR WER of LMs
basedonsingleEnglishdocumentandglobal

]
.

All ± -valuesreportedin this paperarebasedon
the standardNIST MAPSSWEtest (Pallett et al.,
1990),and indicatethe statisticalsignificanceof a
WER improvementover the correspondingtrigram
baseline,unlessotherwisespecified.

Evidently, the improvement brought by CL-
interpolatedLM is not statistically significant on
XINHUA. On HUB-4NE however, whereChinese
text is scarce,theCL-interpolatedLM deliverscon-
siderablebenefitsvia thelargeEnglishcorpus.

6.1 Lik elihood-BasedStory-SpecificSelection
of Interpolation Weightsand the Number
of English Documentsper Mandarin Story

The experimentsabove näıvely usedthe one most
similar Englishdocumentfor eachMandarinstory,
andaglobal

]
in (2), nomatterhow similar thebest

matchingEnglishdocumentis to a givenMandarin
news story. Ratherthan choosingone most simi-
lar Englishdocumentfrom NAB-TDT, it standsto
reasonthat choosingmore thanoneEnglishdocu-
mentmaybehelpful if many have a high similarity
score,andperhapsnotusingeventhebestmatching
documentmaybefruitful if thematchis sufficiently
poor. It may alsohelp to have a greaterinterpola-
tion weight

]
for storieswith goodmatches,anda

smaller
]

for others. For experimentsin this sub-
section,we selecta different

]
for eachteststory,

againbasedon maximizingthe likelihoodof the * -
bestoutputgiven a CL-Unigrammodel. The other
issuethenis the choiceandthe numberof English
documentsto translate.³

-bestdocuments: Onecouldchooseapredeter-
minednumber

�
of thebestmatchingEnglishdoc-

umentsfor eachMandarinstory. We experimented
with valuesof * , *
¥ , °�¥ , ´�¥ , µ�¥ and *
¥w¥ , andfound
that

� C¶°�¥ gave us the best LM performance,
but only marginally betterthan

� C·* asdescribed
above. Detailsareomitted,asthey areuninteresting.

All documents above a similarity threshold:
Theargumentagainstalwaystakingapredetermined
numberof thebestmatchingdocumentsmaybethat
it ignoresthegoodnessof thematch.An alternative
is to take all Englishdocumentswhosesimilarity to
a Mandarinstory exceedsa certainpredetermined
threshold.As thisthresholdis lowered,startingfrom
a high value,theorder in which Englishdocuments
are selectedfor a particularMandarinstory is the
sameastheorderwhenchoosingthe

�
-bestdocu-

ments,but the numberof documentsselectednow
varies from story to story. It is possiblethat for
somestories,even the bestmatchingEnglishdoc-
umentfalls below the thresholdat which othersto-
rieshave foundmorethanonegoodmatch.We ex-
perimentedwith variousthresholds,andfound that
while a thresholdof ¥N	�*�¸ gives us the lowest per-
plexity on thetestset,thereductionis insignificant.
This pointsto the needfor a story-specificstrategy
for choosingthenumberof Englishdocuments,in-
steadof aglobalthreshold.

Lik elihood-basedselection of the number of
English documents: Figure 2 shows the perplex-
ity of thereferencetranscriptionsof onetypical test
storyundertheLM (2) asa functionof thenumber
of Englishdocumentschosenfor creating(1). For
eachchoiceof the numberof English documents,
the interpolationweight

]
in (2) is chosento max-

imize the likelihood (also shown) of the first pass
output. This suggeststhat choosingthe numberof
Englishdocumentstomaximizethelikelihoodof the
first passASRoutputis a goodstrategy.

For each Mandarin test story, we choosethe
1000-best-matchingEnglishdocumentsand divide
the dynamicrange of their similarity scoresevenly
into 10 intervals. Next, we choosethe documents
in the top

���¹ -th of the range of similarity scores,
not necessarilythe top-*
¥w¥ documents,compute� 2N4O657^89:<;>=S?>A ����� � �� � , determinethe

]
in (2) thatmax-

imizesthelikelihoodof thefirst passoutputof only
the utterancesin that story, and recordthis likeli-
hood.Werepeatthiswith documentsin thetop [��¹ -th
of therangeof similarity scores,thetop º��¹ -th, etc.,
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Figure2: Perplexity of theReferenceTranscription
andthe Likelihoodof the ASR Outputv/s Number
of ���� for aTypicalTestStory.

andobtainthe likelihoodasa functionof the simi-
larity threshold.We choosethethresholdthatmax-
imizesthe likelihoodof the first passoutput. Thus
thenumberof Englishdocuments� �� in (1), aswell
asthe interpolationweight

]
in (2), arechosendy-

namicallyfor eachMandarinstory to maximizethe
likelihoodof the ASR output. Table2 shows ASR
resultsfor this likelihood-basedstory-specificadap-
tationscheme.

Note that significant WER improvements are
obtained from the CL-interpolated LM using
likelihood-basedstory-specificadaptationeven for
thecaseof theXINHUA LM. Furthermore,theper-
formanceof the CL-interpolatedLM is even better
than the topic-dependentLM. This is remarkable,
sincethe CL-interpolatedLM is basedon unigram
statisticsfrom Englishdocuments,while the topic-
trigram LM is basedon trigram statistics. We be-
lieve that the contemporaneousand story-specific
natureof the English documentleadsto its rela-
tively highereffectiveness.Our conjecture,that the
contemporaneouscross-lingualstatisticsand static
topic-trigramstatisticsare complementary, is sup-
ported by the significant further improvement in
WER obtainedby theinterpolationof thetwo LMs,
asshown on thelastline for XINHUA.

The significantgain in ASR performancein the
resourcedeficientHUB-4NE caseareobvious. The
small size of the HUB-4NE corpusmakes topic-
modelsineffective.

6.2 Comparisonof Cross-LingualTriggers
with StochasticTranslation Dictionaries

Once we select cross-lingualtrigger-pairs as de-
scribedin Section3, � � ����� �w� in (1) is replacedby���w=U:<;������ ��� of (5), and �K���'�O� ��� in (3) by ���w=@:<;��'��� ��� .
Therefore,givena setof cross-lingualtrigger-pairs,
the trigger-basedmodels are free from requiring
a translationlexicon. Furthermore,a document-
alignedcomparablecorpusis all that is requiredto
constructthesetof trigger-pairs. We otherwisefol-
low thesameexperimentalprocedureasabove.

As Table2 shows, thetrigger-basedmodel(Trig-
interpolated)performsonly slightly worsethanthe
CL-interpolatedmodel. One explanationfor this
degradation is that the CL-interpolatedmodel is
trainedfrom the sentence-alignedcorpuswhile the
trigger-basedmodel is from the document-aligned
corpus.Therearetwo stepswhichcouldbeaffected
by thisdifference,onebeingCLIR andtheotherbe-
ing the translationof the � �� ’s into Chinese.Some
errors in CLIR may however be masked by our
likelihood-basedstory-specificadaptationscheme,
sinceit findsoptimalretrieval settings,dynamically
adjustingthenumberof Englishdocumentsaswell
asthe interpolationweight,even if CLIR performs
somewhatsuboptimally. Furthermore,a document-
alignedcorpusis mucheasierto build. Thusamuch
biggerandmorereliablecomparablecorpusmaybe
used,andeventuallymoreaccuratetrigger-pairswill
beacquired.

We notewith somesatisfactionthat even simple
trigger-pairs selectedon the basisof mutual infor-
mationareableto achieve perplexity andWER re-
ductionscomparableto a stochastictranslationlex-
icon: the smallest± -value at which the difference
betweenthe WERsof the CL-interpolatedLM and
theTrig-interpolatedLM in Table2 wouldbesignif-
icantis ¥N	<» for XINHUA and ¥N	½¼ for HUB-4NE.

Triggers (4) vs (5): We comparethe alternative���w=U:<;��X¾@�½¾¿� definitions(4)and(5) for replacing�����X¾@�½¾¿�
in (1). TheresultingCL-interpolatedLM (2)yieldsa
perplexity of 370on theXINHUA testsetusing(4),
comparedto 367using(5). Similarly, on theHUB-
4NE testset,using(4) yields 736,while (5) yields
727.Therefore,(5) hasbeenusedthroughout.



XINHUA HUB-4NE
Perp WER CER ± -value Languagemodel Perp WER CER ± -value

426 49.9% 28.8% – BaselineTrigram 1195 60.1% 44.1% –
381 49.1% 28.4% 0.003 Topic-trigram 1122 60.0% 44.1% 0.660
367 49.1% 28.6% 0.004 Trig-interpolated 727 58.8% 43.3% ² 0.001
346 48.8% 28.4% ² 0.001 CL-interpolated 630 58.8% 43.1% ² 0.001
340 48.7% 28.4% ² 0.001 Topic+ Trig-interpolated 730 59.2% 43.5% 0.002
326 48.5% 28.2% ² 0.001 Topic+ CL-interpolated 631 59.0% 43.3% ² 0.001
320 48.3% 28.1% ² 0.001 Topic+ Trig- + CL-interp. 627 59.0% 43.3% ² 0.001

Table2: Perplexity andASRPerformancewith aLikelihood-BasedStory-SpecificSelectionof theNumber
of EnglishDocuments� �� ’sandInterpolationWeight

]
for EachMandarinStory.

7 Conclusionsand Future Work

We have demonstrateda statisticallysignificantim-
provement in ASR WER (1.4% absolute)and in
perplexity (23%) by exploiting cross-lingualside-
informationeven whennontrivial amountof train-
ing datais available,asseenon the XINHUA cor-
pus.Ourmethodsareevenmoreeffective whenLM
training text is hardto comeby in the languageof
interest:47%reductionin perplexity and1.3%ab-
solute in WER as seenon the HUB-4NE corpus.
Mostof thesegainscomefrom theoptimalchoiceof
adaptationparameters.The ASR testdatawe used
in ourexperimentsis derivedfrom adifferentsource
thanthecorpuson which thetranslationandtrigger
modelsare trained,and the techniqueswork even
whenthebilingualcorpusis only document-aligned,
which is a realistic reflectionof the situationin a
resource-deficientlanguage.

We aredevelopingmaximumentropy modelsto
moreeffectively combinethe multiple information
sourceswehaveusedin ourexperiments,andexpect
to reporttheresultsin thenearfuture.

References

P. Brown, S.DellaPietra,V. DellaPietra,andR. Mercer.
1993. The mathematicsof statisticalmachinetrans-
lation: Parameterestimation.ComputationalLinguis-
tics, 19(2):269– 311.

W. Byrne, P. Beyerlein, J. Huerta, S. Khudanpur,
B. Marthi, J. Morgan,N. Peterek,J. Picone,D. Ver-
gyri, andW. Wang.2000.Towardslanguageindepen-
dentacousticmodeling. In Proc. ICASSP, volume2,
pages1029– 1032.

P. Fungetal. 2000.Pronunciationmodelingof mandarin
casualspeech. 2000 JohnsHopkinsSummerWork-
shop.

D. Doermannet al. 2002. Lexicon acquisitionfrom
bilingual dictionaries. In Proc. SPIE PhotonicWest
Article Imaging Conference, pages37–48,SanJose,
CA.

R. Iyer andM. Ostendorf.1999.Modelinglong-distance
dependencein language:topic-mixturesvs dynamic
cachemodels. IEEE Transactionson Speech andAu-
dio Processing, 7:30–39.

S.KhudanpurandW. Kim. 2002. Usingcross-language
cuesfor story-specificlanguagemodeling. In Proc.
ICSLP, volume1, pages513–516,Denver, CO.

F. J. OchandH. Ney. 2000. Improvedstatisticalalign-
mentmodels. In ACL00, pages440–447,Hongkong,
China,October.

D. Pallett, W. Fisher, and J. Fiscus. 1990. Tools for
the analysisof benchmarkspeechrecognitiontests.
In Proc. ICASSP, volume 1, pages97–100,Albur-
querque,NM.

R. Rosenfeld. 1996. A maximum entropy approach
to adaptive statisticallanguagemodeling. Computer,
Speech andLanguage, 10:187–228.

T. SchultzandA. Waibel. 1998. Languageindependent
andlanguageadaptive largevocabularyspeechrecog-
nition. In Proc. ICSLP, volume5, pages1819–1822,
Sydney, Australia.

C. Tillmann andH. Ney. 1997. Word triggerandtheem
algorithm. In Proceedingsof theWorkshopComputa-
tional Natural LanguageLearning(CoNLL97), pages
117–124,Madrid,Spain.

D. Yarowsky, G. Ngai, andR. Wicentowski. 2001. In-
ducingmultilingual text analysistoolsvia robustpro-
jection acrossalignedcorpora. In Proc. HLT 2001,
pages109– 116,SanFranciscoCA, USA.


