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Abstract

We proposenev methodsto take adwan-
tage of text in resource-richlanguages
to sharpenstatisticallanguagemodelsin
resource-deficieianguagesWe achieve
this throughan extensionof the method
of lexical triggersto the cross-language
problem,andby developinga likelihood-
basedadaptationschemefor combining
a trigger model with an N-gram model.
We describethe applicationof suchlan-
guagemodelsfor automaticspeechrecog-
nition. By exploiting aside-corpusf con-
temporaneoud$nglish news articles for
adaptinga staticChinesdanguagemodel
to transcribeMandarin news stories,we
demonstratsignificantreductionsn both
perpleity and recognition errors. We
alsocompareour cross-linguabdaptation
schemeto monolinguallanguagemodel
adaptationandto analternatemethodfor
exploiting cross-lingualcues, via cross-
lingual informationretrieval andmachine
translationproposectlsavhere.

1 Data Sparsenes#n LanguageModeling

Statistical techniqueshave beenremarkably suc-
cessfulin automaticspeechrecognition(ASR) and
naturallanguagerocessingNLP) over thelasttwo
decades.This successhowever, dependsrucially
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on the availability of accurateand large amounts
of suitablyannotatedraining dataandit is difficult
to build a usablestatisticalmodelin their absence.
Most of the successtherefore hasbeenwitnessed
in the so calledresouce-rich languages.More re-
cently therehasbeenanincreasingnterestin lan-
guagessuchas Mandarinand Arabic for ASR and
NLP, anddataresourcesrebeingcreatedor them
at considerableost. The data-resourceottleneck,
however, is likely to remainfor a majority of the
world’s languagen theforeseeabléuture.

Methodshave beenproposedo bootstrapacous-
tic modelsfor ASR in resourcedeficientlanguages
by reusingacousticmodelsfrom resource-ricHan-
guages(Schultz and Waibel, 1998; Byrne et al.,
2000).Morphologicalanalyzersnoun-phrasehun-
kers, POStaggers,etc., have also beendeveloped
for resourcaleficientlanguageby exploiting trans-
latedor parallel text (Yaronsky etal., 2001). Khu-
danpurand Kim (2002) recently proposedusing
cross-linguainformationretrieval (CLIR) and ma-
chinetranslation(MT) to improve a statisticallan-
guagemodel(LM) in aresource-deficierlanguage
by exploiting copiousamountsof text availablein
resource-richanguagesWhentranscribinga nevs
story in a resource-deficientanguage,their core
ideais to usethefirst passoutputof a rudimentary
ASR systemasaqueryfor CLIR, identify acontem-
poraneou&nglishdocumenbnthatnewstopic,fol-
lowed by MT to provide a roughtranslationwhich,
evenif notfluent,is adequatéo updateestimate®f
word frequenciesaandthe LM vocahulary. They re-
portupto a28%reductionin perplity on Chinese
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In spiteof their considerablsuccesssomeshort-
comingsremainin the methodusedby Khudanpur
andKim (2002). Specifically stochastidranslation
lexicons estimatedusing the IBM method (Brown
et al., 1993) from a fairly large sentence-aligned
Chinese-Englisparallelcorpusareusedin their ap-
proach— a considerabledemandfor a resource-
deficientlanguage. It is suggestedhat an easier
to-obtaindocument-alignedomparableorpusmay
sufiice, but no resultsarereported.Furthermorefor
eachMandarinnews story the single best match-
ing Englisharticle obtainedvia CLIR is translated
and usedfor priming the ChineseLM, no matter
how goodthe CLIR similarity, nor are otherwell-
matching English articles considered. This issue
clearly deseresfurther attention. Finally, ASR re-
sultsarenotreportedn theirwork, thoughtheir pro-
posedsolutionis clearlymotivatedby an ASR task.
We addresshesethreeissuedn this paper

Section2 begins, for the sale of completeness,
with areview of the cross-linguaktory-specifid-M
proposedcby KhudanpurandKim (2002). A notion
of cross-lingualexical triggersis proposedn Sec-
tion 3, which overcomesthe needfor a sentence-
alignedparallelcorpusfor obtainingtranslatioriex-
icons. After a brief detour to describe topic-
dependent.Ms in Section4, a descriptionof the
ASR taskis providedin Section5, andASR results
on MandarinBroadcasiNews arepresentedn Sec-
tion 6. Theissueof how mary Englisharticlesto
retrieve andtranslateinto Chineseis resoled by a
likelihood-basedchemeproposedn Section6.1.

2 Cross-Lingual Story-SpecificLMs

For the sale of illustration, considerthe task of
sharpening Chinesdanguagemodelfor transcrib-
ing Mandarinnews storiesby usinga large corpus
of contemporaneouBnglish newvswire text. Man-
darin Chineseis, of course,not resource-deficient
for languagemodeling— 100sof millions of words
areavailableon-line. However, we choosat for our
experimentgartly becausdé is suficiently different
from Englishto posea real challenge andbecause
the availability of large text corporain factpermits
usto simulatecontrolledresourceleficieng.

Let df,...,dS denotethe text of N test sto-
ries to be transcribedby an ASR system,and let

d¥ ..., d% denotetheir correspondingr aligned
English newvswire articles. Correspondencéere
doesnotimply thatthe Englishdocumen#? needs
to be anexacttranslationof the Mandarinstory df .
It is quiteadequatefor instanceif thetwo storiesre-
portthesamenewns event. Thisapproachs expected
to be helpful even when the English documentis
merely on the samegeneraltopic asthe Mandarin
story althoughthe closerthe contentof a pair of ar
ticles the betterthe proposednethodsarelikely to
work. Assumefor the time beingthata suficiently
goodChinese-Englisstoryalignments given.
Assumefurther that we have at our disposala
stochastictranslationdictionary — a probabilistic
model of the form Pr(c|le) — which providesthe
Chinesetranslationc € C of eachEnglish word
e € &£, whereC and& respectrely denoteour Chi-
neseandEnglishvocalularies.

2.1 Computing a Cross-LingualUnigram LM

Let P(e|dF) denotetherelative frequeny of aword
e in thedocumend?, e € £,1 < i < N. It seems
plausiblethat,V ¢ € C,

PCL—unigram(C|diE) = Z PT(C|€)p(e|dzE)a (1)
eef

would be a goodunigrammodelfor the i-th Man-
darinstory d{’. We usethis cross-lingualunigram
statisticto sharpera statisticalChineseLM usedfor
processinghe teststorydS. Oneway to do this is
via linearinterpolation

2)
)\PCL—unigram(Ck|diE) + (1 - )‘)P(Ck|ck—17 Ck—2)

E
PCL—interpolated (Ck |Ck—17 Ck—2, di )

of the cross-lingualinigrammodel (1) with a static
trigram modelfor Chinesewherethe interpolation
weight A may be chosenoff-line to maximizethe
likelihood of someheld-outMandarinstories. The
improvementin (2) is expectedfrom the fact that
unlike thestatictext from whichthe Chinesdrigram
LM is estimatedd? is semanticallycloseto 4 and
eventhe adjustmenbf unigramstatistics,basedon
astochastid¢ranslatiormodel,mayhelp.

Figurel shavs the dataflow in this cross-lingual
LM adaptationapproach wherethe output of the
first passof an ASR systemis usedby a CLIR sys-
temto find anEnglishdocumentZ?, anMT system



T

<
Baseline Chinese
Acoustic Model

(Acoustic Mioder )

T
oo

Mandarin Story ﬂSR «——— Chinese
\ Dictionary
v
T
v
A Baseline Chinese
Contemporaneous Automatic Transcription | Language Model )
English Articles 4

‘Cross—Language Information Retrieval ‘

English Article Aligned with

Mandarin Stor:

Statistical Machine Translation ‘
Translation
v
e ——
Cross—Language
Unigram Model

lexicon
Figure1: Story-SpecificCross-LingualAdaptation
of aChinesd_anguageModel usingEnglishText.

computesthe statisticof (1), andthe ASR system
useghelLM of (2) in asecondass.

2.2 Obtaining Matching English Documents

To illustrate how one may obtainthe Englishdoc-
umentd? to matcha Mandarinstory df, let us
assumethat we also have a stochasticreverse-
translationlexicon Pr(e|c). Oneobtainsfrom the
first passASR output,cf. Figurel, therelative fre-
queng estimateP(c|d§) of Chinesewordsc in d¢,
¢ € C, andusesthe translationlexicon Pr(e|c) to
computeye € €&,

PCL—unigram(e|diC) = ZPT(6|C)P(C|CZZC)7 (3)
ceC
anEnglishbag-of-wordsrepresentatioof the Man-

darinstory d¢ asusedin standardvectorbasedin-
formationretrieval. The documentwith the highest

TF-IDF weightedcosine-similarityto df is selected:

df = arg max Sim(PCL_unigram(e|d?)>p(e|d§3)) :

B
dj

Readersfamiliar with information retrieval litera-
ture will recognizethis to be the standardquery-
translationapproacho CLIR.

2.3 Obtaining StochasticTranslation Lexicons

The translationlexicons Pr(cle) and Pr(e|c) may
be createdout of an available electronictranslation
lexicon, with multiple translationsof a word being

treatedasequallylikely. Stemmingandothermor
phologicalanalysesnay be appliedto increasethe
vocalulary-corerag of thetranslatiorlexicons.

Alternately they may also be obtained auto-
matically from a parallel corpusof translatedand
sentence-aligne@hinese-Engliskext usingstatisti-
cal machinetranslationtechniquessuchasthe pub-
licly available GIZA++ tools (OchandNey, 2000),
asdoneby KhudanpumandKim (2002).Unlike stan-
dardMT systemshowever, we applythetranslation
modelsto entirearticles,oneword atatime, to geta
bag of translatedwvords— cf. (1) and(3).

Finally, for truly resourcealeficienanguagespne
mayobtainatranslationexiconvia opticalcharacter
recognitionfrom a printed bilingual dictionary (cf.
Doermanet al (2002)). This taskis aguablyeasier
thanobtainingalarge LM trainingcorpus.

3 Cross-LinguallLexical Triggers

It seemsplausiblethat mostof the informationone
getsfrom the cross-lingualunigramLM of (1) is
in theform of the alteredstatisticsof topic-specific
Chineseanvordscorveyedby thestatisticsof content-
bearingEnglishwordsin the matchingstory The
translationlexicon usedfor obtainingthe informa-
tion, however, is an expensve resource.Yet, if one
wereonly interestedn the conditionaldistribution
of Chinesewordsgiven someEnglishwords, there
is no reasonto requiretranslationas an intermedi-
atestep.In amonolingualsetting,the mutualinfor-
mationbetweenexical pairsco-occurringarywhere
within along“window” of each-othehasbeenused
to capturestatisticaldependenciesot covered by
N-gramLMs (Rosenfeld,1996; Tillmann and Ney,
1997).We usethisinspirationto proposdhefollow-
ing notionof cross-lingualexical triggers.

In amonolingualsetting,a pair of words(a, b) is
consideredtriggerpairif, givenaword-positionin
a sentencethe occurrenceof a in ary of the pre-
cedingword-positionssignificantly altersthe (con-
ditional) probability that the following word in the
sentences b: a is saidto trigger b. E.g. theoccur
renceof ei t her significantlyincreaseshe proba-
bility of or subsequentlin thesentenceThesetof
precedingword-positionsis variably definedto in-
cludeall wordsfrom the beginning of the sentence,
paragraplor documentpr is limited to afixednum-



berof precedingvords,limited of courseby thebe-
ginning of the sentenceparagraplor document.

In the cross-linguaketting,we considera pair of
words (e, c), e € £ andc € C, to be atriggerpair
if, given an English-Chineseair of aligneddocu-
ments,the occurrencef e in the Englishdocument
significantlyaltersthe (conditional)probability that
the word ¢ appearsn the Chinesedocument:e is
saidto triggerc. It is plausiblethattranslation-pairs
will be natural candidatedor triggerpairs. It is,
however, notnecessarjor atriggerpairto alsobea
translation-pairk.g.,the occurrencef Bel gr ade
in the English documentmay trigger the Chinese
transliterationof Ser bi a andKosovo, andpos-
sibly the translationsof Chi na, enbassy and
bonb! By infering triggerpairsfrom a document-
alignedcorpusof Chinese-Englistarticles,we ex-
pectto beableto discorer semanticallyor topically-
relatedpairsin additionto translationequivalences.

3.1

Averagemutual information, which measuresow
much knowing the value of one randomvariable
reduceshe uncertaintyof aboutanother hasbeen
usedto identify triggerpairs. We computethe av-
eragemutualinformationfor every English-Chinese
word pair (e, ¢) asfollows.
Let{d? d{},i=1,...,N, now beadocument-
alignedtraining corpusof English-Chinesearticle
pairs. Let #d(e, ¢) denotethe documenfrequency
i.e., the numberof alignedarticle-pairs,in which e
occursin the Englisharticle and ¢ in the Chinese.
Let #d(e, ¢) denotethe numberof alignedarticle-
pairsin which e occursin the Englisharticlesbut ¢
doesnotoccurin the Chinesearticle. Let

#d(e, c) #d(e, )

N N
The quantitiesP(e, c) and P(e, ¢) aresimilarly de-
fined. Next let #d(e) denotethe numberof English
articlesin which e occursanddefine

Identification of Cross-Lingual Triggers

P(e,c) = and P(e,c) =

P(e, c)

P(e) -
Similarly defineP(e), P(c|e) viathedocumenfre-
queny #d(e) = N — #d(e); defineP(c) via the
documenfrequeng #d(c), etc. Finally, let

P(cle)
P(c)

P(e) = %(e) and P(cle) =

I(e;c) = P(e,c)log + P(e,c)log }ﬁ(";’)

P(c[e)
P(c)
We proposeto selectword pairswith high mutual
informationascross-lingualexical triggers.
Thereare|€|x|C| possibleEnglish-Chinesevord

pairs which may be prohibitively large to search
for the pairs with the highestmutual information.
We filter out infrequentwords in eachlanguage,
say words appearingessthan5 times, thenmea-
surel(e; ¢) for all possiblepairsfrom theremaining
words,sortthemby I(e; c), andselect,say thetop
1 million pairs.

p(ele)
Pe) -

+ P(e,c)log + P(e,c)log

3.2 Estimating Trigger LM Probabilities

Oncewe have chosera setof triggerpairs,the next
stepis to estimatea probability Prig(cle) in lieu
of the translationprobability Pr(c|e) in (1), anda
probability Pryig(e|c) in (3).

Following themaximumlik elihoodapproactpro-
posedby Tillman andNey (1997),onecouldchoose
the trigger probability Pryig (cle) to bebasedonthe
unigramfrequeng of c amongChinesewvordtokens
in that subsebf aligneddocumentsi{’ which have
ein d¥, namely

2 dfse Ndf(C)

Pryig(cle) = . @
8 | ZCIEC Zz : df"ae Ndic(cl)
As anadhocalternatve to (4), we alsouse
I(e;c)
Prig(cle) = ——— 5)
S SR (FE)

wherewe setI(e;c) = 0 wheneer (e, c) is nota
triggerpair, andfind it to be somavhat moreeffec-
tive (cf. Section6.2). Thus(5) is usedhenceforthin
this paper Analogougo (1), we set

ZPTrlg cle)P

ec&

PTrlg unigram C|d |dE)7 (6)

and,again,we build theinterpolatednodel
Pryig—interpolated (Ck|Ck—1, Ck—2,dF) = (7)
APrvigunigram (i |[dP) + (1 — X)P(ck|cx—1, cx—2)-
4 Topic-Dependent_anguageModels

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



trigrammodel,asdescribedabore, is very reminis-
centof monolinguakopic-dependenianguagenod-
els(cf. e.g. (lyerandOstendorf1999)). This moti-
vatesusto constructopic-dependentMs andcon-
trasttheir performanceavith thesemodels.

To this end,we representachChinesearticlein
the training corpusby a bag-of-words vector and
clusterthe vectorsusing a standard<-meansalgo-
rithm. We userandominitialization to seedthe al-
gorithm, and a standardTF-IDF weightedcosine-
similarity asthe “metric” for clustering. We per
form afew iterationsof the K-meansalgorithm,and
deemthe resulting clustersas representingiffer-
ent topics We then use a bag-of-words centoid
createdfrom all the articlesin a clusterto repre-
senteachtopic. Topic-dependentrigram LMs, de-
notedP;j(ck|ckx—1, ck—2), arealsocomputedor each
topicexclusively from thearticlesin the j-th cluster
1<j<K.

EachMandarinteststoryis representetly a bag-
of-words vector P(c|dS) generatedrom the first-
passASR output, and the topic-centroidt; having
the highestTF-IDF weightedcosine-similarityto it
is choserasthetopic of d{’. Topic-dependeritMs
arethenconstructedor eachstoryd{ as

(8)
APy, (ckleg—1,cr—2) + (1 — AN)P(ck|ck—1,cr—2)

PTopicftrigram (Ck |Ck—1, Ck—2, ti) =

andusedin a secondrassof recognition.
Alternativesto topic-dependentMs for exploit-
ing long-rangadependenciescludecachd_Ms and
monolinguallexical triggers;both unlikely to be as
effective in the presencef significantASR errors.

5 ASR Training and TestCorpora

We investigatethe useof the techniquesdescribed
above for improving ASR performanceon Man-
darinnews broadcastssingEnglishnevswiretexts.
We have chosenthe experimentalASR setupcre-
atedin the 2000JohnsHopkins SummeWorkshop
to study Mandarinpronunciationmodeling, exten-
sive details aboutwhich are available in Fung et
al (2000). The acoustictraining data(~10 hours)
for their ASR systemwas obtainedfrom the 1997
MandarinBroadcasNews distribution, andcontext-
dependergtate-clusterethodelswereestimatedis-
ing initials andfinalsassubword units. Two Chinese

text corporaandan Englishcorpusareusedto esti-
mateLMs in our experiments. A vocalulary C of
51K Chinesavords,usedin the ASR systemjs also
usedto segmentthe training text. This vocalulary
givesan OOV rateof 5% onthetestdata.

XINHU A: We usethe Xinhua News corpusof
about 13 million words to representthe scenario
whenthe amountof availableLM trainingtext bor
derson adequateand estimatea baselinetrigram
LM for onesetof experiments.

HUB-4NE: We also estimatea trigram model
from only the 96K wordsin the transcriptionaused
for training acousticmodelsin our ASR system.
This corpusrepresentthe scenariovhenlittle or no
additionaltext is availableto train LMs.

NAB-TDT : English text contemporaneouwith
thetestdatais ofteneasilyavailable.For ourtestset,
describedbelow, we select(from the North Ameri-
canNews Text corpus)articlespublishedn 1997in
The Los AngelesTimesand The WashingtonPost,
andarticlesfrom 1998in the New York Timesand
the AssociatedPresmeaws service(from TDT-2 cor
pus).Thisamountgo acollectionof roughly45,000
articles containingabout 30-million words of En-
glishtext; amodestcollectionby CLIR standards.

Our ASR testsetis a subset(Funget al (2000))
of the NIST 1997 and 1998 HUB-4NE bench-
mark tests, containing Mandarin newvs broadcasts
from threesourcedor atotal of about9800words.
We generatawo setsof latticesusing the baseline
acousticmodelsand bigram LMs estimatedfrom
XINHUA andHUB-4NE.All ourLMs areevaluated
by rescoring300-bestlists extractedfrom thesetwo
setsof lattices.The300-bestlistsfrom theXINHU A
bigramLM are usedin all XINHUA experiments,
and those from the HUB-4NE bigram LM in all
HUB-4NE experiments.We reportboth word error
rates{\WER)andcharacteerrorrates(CER),thelat-
terbeingindependenof ary differencan sggmenta-
tion of the ASR outputandreferenceranscriptions.

6 ASR Performanceof Cross-LingualLMs

We begin by rescoringthe 300-bestlists from the
bigramlatticeswith trigram models. For eachtest
storyd¢, we performCLIR usingthefirst passASR
output to choosethe most similar English docu-
mentd? from NAB-TDT. Thenwe createthecross-



lingualunigrammodelof (1). We alsofind theinter
polationweight A which maximizesthe likelihood
of the 1-besthypothese®f all testutterancegrom
thefirst ASR pass.Tablel shawvs the perpleity and
WER for XINHUA andHUB-4NE.

Languagemodel Perp| WER | p-value
XINHUA trigram | 426 | 49.9% —
CL-interpolated 375| 49.5%| 0.208
HUB-4NEtrigram | 1195 | 60.1% -
CL-interpolated 750 | 59.3%| < 0.001

Table 1: Word-Perplgity and ASR WER of LMs
basedn singleEnglishdocumentandglobal \.

All p-valuesreportedin this paperare basedon
the standardNIST MAPSSWE test (Pallett et al.,
1990), and indicatethe statisticalsignificanceof a
WER improvementover the correspondingrigram
baselinepunlessotherwisespecified.

Evidently the improvement brought by CL-
interpolatedLM is not statistically significant on
XINHUA. On HUB-4NE however, where Chinese
text is scarcethe CL-interpolated_M deliverscon-
siderablebenefitsvia thelarge Englishcorpus.

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

The experimentsabove naively usedthe one most
similar Englishdocumentfor eachMandarinstory,
andaglobal X in (2), no matterhow similarthebest
matchingEnglishdocumentis to a given Mandarin
news story Ratherthan choosingone most simi-
lar Englishdocumentfrom NAB-TDT, it standsto
reasonthat choosingmore than one Englishdocu-
mentmay be helpful if mary have a high similarity
score andperhapsot usingeventhe bestmatching
documenmaybefruitful if the matchis suficiently
poor It may alsohelpto have a greaterinterpola-
tion weight A for storieswith good matchesanda
smaller A for others. For experimentsin this sub-
section,we selecta different A for eachteststory
againbasedon maximizingthelikelihoodof the 1-
bestoutputgivena CL-Unigrammodel. The other
issuethenis the choiceandthe numberof English
documentgo translate.

N-bestdocuments Onecouldchoosepredeter
minednumberN of thebestmatchingEnglishdoc-

umentsfor eachMandarinstory We experimented
with valuesof 1, 10, 30, 50, 80 and100, andfound

that N = 30 gave us the bestLM performance,
but only mamginally betterthan N = 1 asdescribed
above. Detailsareomitted,asthey areuninteresting.

All documents above a similarity threshold
Theamumentagainsalwaystakingapredetermined
numberof thebestmatchingdocumentsnaybethat
it ignoresthe goodnessf thematch.An alternatve
is to take all Englishdocumentsvhosesimilarity to
a Mandarinstory exceedsa certainpredetermined
threshold As thisthresholds lowered startingfrom
a high value,the order in which Englishdocuments
are selectedfor a particularMandarinstory is the
sameasthe orderwhenchoosingthe N-bestdocu-
ments,but the numberof documentsselectednow
varies from story to story It is possiblethat for
somestories,even the bestmatchingEnglish doc-
umentfalls belov the thresholdat which other sto-
ries have found morethanonegoodmatch. We ex-
perimentedwith variousthresholdsandfound that
while a thresholdof 0.12 gives us the lowest per
plexity onthetestset,thereductionis insignificant.
This pointsto the needfor a story-specificstratgy
for choosingthe numberof Englishdocumentsin-
steadof aglobalthreshold.

Lik elihood-basedselection of the number of
English documents Figure 2 shaws the perple-
ity of thereferencdranscriptionof onetypical test
storyunderthe LM (2) asa functionof the number
of Englishdocumentshosenfor creating(1). For
eachchoice of the numberof English documents,
the interpolationweight A in (2) is chosento max-
imize the likelihood (also shavn) of the first pass
output. This suggestghat choosingthe numberof
Englishdocumentso maximizethelikelihoodof the
first passASR outputis a goodstrateyy.

For each Mandarin test story we choosethe
1000-best-matchingnglish documentsaand divide
the dynamicrange of their similarity scoresevenly
into 10 intenals. Next, we choosethe documents
in the top %—th of the range of similarity scoes
not necessarilythe top-100 documents,compute
Pc1,—unigram (€|dY), determingthe X in (2) thatmax-
imizesthelikelihoodof thefirst passoutputof only
the utterancesn that story and recordthis likeli-
hood.Werepeathiswith documentén thetop %—th
of therangeof similarity scoresthetop f’—o-th, etc.,
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andobtainthe likelihood asa function of the simi-
larity threshold.We choosethe thresholdthat max-
imizesthe likelihood of the first passoutput. Thus
the numberof EnglishdocumentsiZ in (1), aswell
astheinterpolationweight A in (2), arechosendy-
namicallyfor eachMandarinstoryto maximizethe
likelihood of the ASR output. Table2 shavs ASR
resultsfor thislikelihood-basedtory-specifiadap-
tationscheme.

Note that significant WER improvements are
obtained from the CL-interpolated LM using
likelihood-basedstory-specificadaptationeven for
the caseof the XINHUA LM. Furthermorethe per
formanceof the CL-interpolated.M is even better
than the topic-dependentM. This is remarkable,
sincethe CL-interpolated_M is basedon unigram
statisticsfrom Englishdocumentswhile the topic-
trigram LM is basedon trigram statistics. We be-
lieve that the contemporaneouand story-specific
nature of the English documentleadsto its rela-
tively highereffectiveness.Our conjecturethatthe
contempaaneouscross-lingualstatisticsand static
topic-trigram statisticsare complementaryis sup-
ported by the significant further improvementin
WER obtainedby theinterpolationof thetwo LMs,
asshavn onthelastline for XINHUA.

The significantgain in ASR performancen the
resourcaleficientHUB-4NE caseareolvious. The
small size of the HUB-4NE corpus malkes topic-
modelsineffective.

6.2 Comparisonof Cross-LingualTriggers
with StochasticTranslation Dictionaries

Once we selectcross-lingualtriggerpairs as de-

scribedin Section3, Pr(c|e) in (1) is replacedby

Pryig(cle) of (5), and Pr(elc) in (3) by Pryig(ec).

Therefore given a setof cross-linguatriggerpairs,
the triggerbasedmodels are free from requiring
a translationlexicon. Furthermore,a document-
alignedcomparablecorpusis all thatis requiredto

constructthe setof triggerpairs. We otherwisefol-

low thesameexperimentabrocedureasabore.

As Table2 shaws, the triggerbasedmodel(Trig-
interpolated)performsonly slightly worsethanthe
CL-interpolatedmodel. One explanationfor this
degradationis that the CL-interpolatedmodel is
trainedfrom the sentence-alignedorpuswhile the
triggerbasedmodelis from the document-aligned
corpus.Therearetwo stepswhich couldbe affected
by this difference ponebeingCLIR andtheotherbe-
ing the translationof the dZ’s into Chinese.Some
errorsin CLIR may however be masled by our
likelihood-basedstory-specificadaptationscheme,
sinceit findsoptimalretrieval settingsdynamically
adjustingthe numberof Englishdocumentsaswell
asthe interpolationweight, evenif CLIR performs
someavhat suboptimally Furthermorea document-
alignedcorpusis mucheasietto build. Thusamuch
biggerandmorereliablecomparableorpusmaybe
usedandeventuallymoreaccuratdriggerpairswill
beacquired.

We notewith somesatishctionthat even simple
triggerpairs selectedon the basisof mutualinfor-
mationareableto achise perpleity andWER re-
ductionscomparabldo a stochastidranslationiex-
icon: the smallestp-value at which the difference
betweenthe WERsof the CL-interpolated_M and
theTrig-interpolated_M in Table2 would besignif-
icantis 0.4 for XINHUA and0.7 for HUB-4NE.

Triggers (4) vs (5): We comparethe alternatve
Pryig(+|-) definitions(4) and(5) for replacingPr(:|-)
in (1). TheresultingCL-interpolated-M (2) yieldsa
perpleity of 370onthe XINHUA testsetusing(4),
comparedo 367 using(5). Similarly, onthe HUB-
ANE testset,using(4) yields 736, while (5) yields
727.Therefore(5) hasbeenusedthroughout.



XINHUA HUB-4NE
| Perp| WER | CER | p-value] Languagenodel | Perp]| WER | CER | p-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% | < 0.001
346 | 48.8%| 28.4% | < 0.001 CL-interpolated 630 | 58.8%| 43.1% | < 0.001
340 | 48.7%| 28.4% | < 0.001| Topic+ Trig-interpolated| 730 | 59.2% | 43.5% 0.002
326 | 48.5%| 28.2% | < 0.001| Topic+ CL-interpolated 631 | 59.0%| 43.3% | < 0.001
320 | 48.3%| 28.1% | < 0.001| Topic+ Trig- + CL-interp.| 627 | 59.0% | 43.3%| < 0.001

Table2: Perpleity andASR Performancevith a Lik elihood-Base&tory-SpecificSelectionof the Number
of EnglishDocumentsi?’s andInterpolationWeight\ for EachMandarinStory.

7 Conclusionsand Future Work

We have demonstrated statisticallysignificantim-
provementin ASR WER (1.4% absolute)and in
perpleity (23%) by exploiting cross-lingualside-
information even when nontrivial amountof train-
ing datais available,asseenon the XINHUA cor
pus.Our methodsareevenmoreeffective whenLM
training text is hardto comeby in the languageof
interest:47% reductionin perplity and1.3%ab-
solutein WER as seenon the HUB-4NE corpus.
Mostof thesegainscomefrom the optimalchoiceof
adaptatiorparametersThe ASR testdatawe used
in ourexperimentss derivedfrom adifferentsource
thanthe corpuson which thetranslationandtrigger
modelsare trained, and the techniqueswvork even
whenthebilingual corpuds only document-aligned,
which is a realistic reflection of the situationin a
resource-deficiedinguage.

We are developing maximumentroly modelsto
more effectively combinethe multiple information
sourcesve have usedn ourexperimentsandexpect
to reporttheresultsin the nearfuture.
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