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ABSTRACT

In this paperwe presennoveltechniquesor performingtopic
adaptatioron an n-gramlanguagemodel. Giventrainingtext la-
beledwith topic information, we automaticallyidentify the most
relevanttopicsfor new text. We adaptour languagemodeltoward
thesetopicsusinganexponentiaimodel,by adjustingprobabilities
in our modelto agreewith thosefoundin the topicalsubsebf the
training data. For efficiency, we do not normalizethe model;that
is, we donotrequirethatthe “probabilities”in thelanguagenodel
sumto 1. With thesetechniqueswe wereableto achiezeamodest
reductionin speechrecognitionword-errorratein the Broadcast
News domain.

1. INTRODUCTION

A languagemodelis a probability distribution p(w|h) estimating
how frequentlya word w occursgiven that the history (or pre-
vious wordsin the sentence)s . Languagemodelshave mary
applicationsmostnotablyin speectrecognitionin helpingto dis-
ambiguateacousticallyambiguousitterances.

The dominanttechnologyin languagemodelingare n-gram
models. In speectrecognition,typically a single n-gram model
(usuallya trigram model)is built on the training data. The task
of topic adaptationis concernedvith identifying the topic of new
dataandadaptinghelanguagemodeltowardthattopic. For exam-
ple, if a speectdocuments recognizedasdescribingO.J. Simp-
son'strial, thenthe probability of theword Kato occurringshould
beboosted.

Therehasbeenmuchpreviouswork in topic adaptatiort. Nu-
merousefforts have demonstratethrgeimprovementsn the mea-
sureof perplexity [2, 4, 9]; however, perplity hasbeenshown
to correlatepoorly with speechrecognitionperformance. Sev-
eral papershave reportedmodestspeechrecognitionword-error
rate (WER) improvementsof about0.5% absolute: Sekineand
Grishman[14 addad hoctopic andcachescorego theirlanguage
model scorein log probability space,and lyer and Ostendorf[3]
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IHere, we only discussresearchwhereit is necessaryo identify the
topic of the currenttext automatically This contrastswith the situation
wherea topic-specificadaptatiortextis explicitly given,asin Spoke2 of
the 1994ARPA CSRevaluation[§.

and Seymore and Rosenfeld[1§ uselinear interpolationto com-
binetopic n-grammodelswith agenerak.-grammodel.

In this work, we extendthe researchin [16] by usingunnor
malizedexponentiaimodelsto combinetopicinformation.In [16],
afirst-pasdranscriptiorhypothesiss generatedior eacharticlein
the testsetusingan unadaptedrigram model. The twenty most
relevant topics for eachhypothesisare identified using a Bayes
classifier Then, a trigram modelis built for eachof thesetop-
ics by justusingthosearticlesin thetraining datalabeledwith the
giventopic. (Eacharticlein thetrainingdatais manuallyannotated
with topic information.) Finally, thesetwenty modelsarelinearly
interpolatedvith atrigrammodelbuilt ontheentiretrainingsetto
yield thelanguagemodelusedfor speechrecognition.

Recentlytherehasbeenevidencethatexponentialmodelsare
superiorto linearinterpolationin combiningmultiple information
sources[135, 4]. Exponentiamodelshave thefollowing form

Z(lh) exp (Z fi(h, 'w))‘i) po(wlh) @

whereZ(h) = 3" exp()_, fi(h, w)Xi)po(w|h) is anormaliza-
tion term,po (w|h) is aprior probability f;(h, w) arethefeatules
of themodel,and); areparameterassociatetvith thesefeatures.
As an example,considerthe casewherewe take po (w|k) to
beatrigrammodel.If therearenofeaturesf;, thenwewill simply
havethatp(w|h) = po(w|h). However, let ussaythatwe wantto
modelthe phenomenothattheword Kato is morecommonwhen
thetopicis O.J SimpsonWe candothis by creatingafeature

p(wlh) =

N 1 topic(h) = O.J Simpsonw = Kato
Fi(h, w) _{ 0 otherwise

andby setting); suchthate** equalshow mary timesmoreprob-
abletheword Kato becomesThiswill havetheeffect of boosting
the probability of Kato whenthe topic is O.J Simpson(andcon-
sequenthdepressingtherprobabilitiesthroughthenormalization
termZ (h)), andleaving probabilitiesunchangeavhenthetopicis
not O.J Simpson This proceduréds the basisof how we perform
topic adaptatioronn-grammodels.

Unfortunatelythe evaluationof exponentialmodelsis expen-
sive dueto the calculationof the normalizationfactor Z (k); this
calculationgenerallymakesexponentialmodelsordersof magni-
tude slower than trigram models. In this researchywe omit the
normalizationterm Z (k). As aresult,we no longerhave proba-
bilities in our modelbut insteadscores andwe canno longercal-
culateperpleities. On the otherhand,our modelsarevirtually as



fastastrigrammodelsandcaneasilybe usedto calculateWER'’s
in expensvetaskssuchaslatticerescoring.To preventscoresrom
risingabove 1, we usethefollowing formulation

wlhy = _Pau(wlh)
p(w|h) - 1+paux('w|h)

where

B o) po(wlh)
paudw|h) = exp (Z fih, w))\i) 1 — po(wlh)

The useof theterm % insteadof po (w|h) maintainsthe
propertythatp(w|h) = po(w|h) whenthereareno features.
We considetthreetypesof exponentiafeaturedor performing

topic adaptation.

¢ We considerfeatureghat depresghe probabilitiesof topi-
calwordsthatareoff-topic, e.g., theword Kato if the topic
is Libya. (We usethetermtopicalto describeawordwhose
frequeny dependstronglyontopic, e.g., theword Katoas
opposedo thewordthat)

¢ We considerfeatureghatboostthe probabilitiesof topical
wordsandn-gramswhenthey areon-topic,e.g., theword
Kato or bigramKato Kaelinif thetopicis O.J Simpson

¢ We considerfeatureshat boostthe probabilitiesof words
andn-gramsthatoccurfrequentlyin the currentarticle be-
ing evaluated.Thesefeaturesaresimilar in effectto alan-
guagemodelcachd7].

In the next sectionswe discusseachof thesefeaturetypesin turn.
Our training data consistsof 121,000articles of Broadcast
News datacontaininga total of 130M words, with eacharticle
manuallylabeledwith a setof topics? Eacharticleis labeledon
averagewith ~3.6topicsout of asetof about10,000.

2. DEPRESSINGOFF-TOPIC WORD PROBABILITIES

Thefrequeng of atopicalword in off-topic articleswill oftenbe
muchlower thanits frequeng calculatedover the entiretraining
set. For example,in 130M words of BroadcastNews text, the
word Kato occurs3111times, yielding a unigramfrequeng of
about2.4 x 10~°. However, 2990 of theseoccurrencesiappen
within articleslabeledwith the topic O.J. Simpsonthesearticles
comprisinga total of 16M words. Thus,theword Kato hasa fre-
quengy of only % ~ 1.1 x 10~% whenthetopicis not
0.J Simpsonwhich is morethantentimeslessthanits general
frequeng.

Modeling this phenomenoiin an exponentialmodelis fairly
straightforward:referringto equation(1), we wantto find a fac-
tor A, for eachword w suchthate* expressesiow muchless
frequentlythat word occursin off-topic text thanin generaltext,
ie,

e>"” . Poff»topic(’w)
po(w)
Thecorrespondindeaturesf,, areof theform

@

oy 1 wisoff-topicw.rt. h, w' = w
fw(h’w)_{ 0 otherwise

2Thetextandtopiclabelswereacquiredrom PrimarySourceMedia.

CARRERE 178.55
RIBERA 101.49
MADYUN 71.33
HAILES 60.52
BRANDIS 49.72
GEMCO 43.89

Tablel: Estimatesof how muchlessfrequentwordsw arewhen
off-topic (i.e, =)

To calculatepygt-topic(w) for aword w, we needto determine
which topics are off- and on-topic with respectto w. Onerea-
sonableheuristicfor guessinghatatopicis on-topicis if thefre-
gqueng of w in articleslabeledwith thattopicis muchhigherthan
its frequeng overtheentiretrainingset. However, this heuristicis
notidealasindirectdependenciemayexist. For example,if mary
articleswith thetopic O.J Simpsorarealsolabeledwith thetopic
DNA testing(recallthatarticlesusuallyhave multiple topics),then
the topic DNA testingmay be consideredn-topicfor the word
Kato accordingo this heuristic.

A methodfor modelingthesepartial dependenciess to use
maximumentropytraining for exponentialmodels[]. Considera
topic unigrammodel,or modelwith featuresof theforms

) - | 1 Tetopich) v =w
frw(h,w') = { 0 otherwise
fulhw') = | L w=w ®)
wlft, 0 otherwise

for eachtopic T' andword w. (For po in equation(1), we usea
uniform distribution.) After maximumentropytraining, the mag-
nitude of eachparametenr ., will be, roughly speakinganin-
dicationof how strongly correlatedthe word w is with topic 7',
taking into accountindirect dependenciesFurthermorep(w|h)
for ahistoryh wheretopig(k) = ¢ is anestimateof thefrequeny
Poft-topic(w) we needin equation(2).

Thecompleteprocedurave usedto calculateour off-topic de-
pressiorfactorsis asfollows: we beganwith a 51k vocahulary of
the mostcommonwordsin the BroadcastNews data. To reduce
thenumberof featuresn thetopic unigrammodelto amanageable
size,we only includedthe feature fr ., if the word w occurred
muchmorefrequentlyin articleslabeledwith topicT" thanin gen-
eral accordingto a x* test. This processyielded about200,000
features.Unlike the otherexponentialmodelsusedin this work,
thetopic unigrammodelwasnormalized.We usedoptimizations
asdescribedby Lafferty and Suhm[§ in the maximumentropy
training; eachiteration took lessthan 10 minuteson a Pentium
Il processar The training yielded positive depressioractorsfor
30,000words.An excerptof thesefactorsis displayedn Tablel.

In evaluation,we usedthe proceduredescribedn Sectionl
to find twenty relevanttopicsfor eacharticle. We took a word w
to be off-topic if the frequeny of w in the training datain each
of thetwentytopicswasnot significantlyhigherthanits off-topic
unigramprobabilityaccordingio a x* test.

3. BOOSTING ON-TOPIC N-GRAM PROBABILITIES

In boostingthe probabilitiesof wordsandrn-gramsthataretopical
andon-topic,first considerthe casewherewe would like to adapt



a languagemodeltoward a singletopic 7. A reasonablgroce-
durewould be to seteachadaptecdprobability pagapf{w|h) to the
baselinen-gramprobability po (w|h) unlessthe topic probability
pr(w|k) is significantlydifferent(e.g., accordingto a x* test),in
which casethe adaptegrobability shouldbe setto thetopic prob-
ability. We cantakethe topic modelpr(w|k) to be an n-gram
modelbuilt onthetrainingdatalabeledwith topicT.

To performthisadaptatiorfor exponentiaimodelswe canfirst
loopthroughall unigramsw. Wheneverpr (w) is significantlydif-
ferentfrom po (w) we adda featuref..(h, w') asin equation(3)

with X, setsuchthate* = % Then,we loop throughall
bigramsw;_; w;, comparingpr (w;|w;_1) againstpg (w;|w;_1)
combinedwith all unigramfeaturescreated(In exponentialmod-
els, an n-gramfeatureaffectsall »’-gramprobabilitiesfor n’ >
n.) We canrepeathis procesdor all levelsof the n-grammodel®

However, articlesaregenerallyacombinationof multiple top-
ics, andit is not clearhow to reconcileprobabilitiesin this more
comple situation,especiallyin light of theindirectdependencies
mentionedn Section2. A theoreticallymotivatedmethodwould
beto build amaximumentropytopic n-grammodel(analogouso
thetopic unigrammodeldescribeckarlier)andto train this model
ontheentiretrainingset;however, thiswouldrequireastupendous
amountof computation.

We insteadchoosea simpleheuristicthatcanbe consideredn
spirit to bea very poorapproximatiorto maximumentropytrain-
ing. In particular for eachlevel of our n-grammodelwe applythe
proceduredescribedpreviously for adaptingto a single topic to
eachof thetopicsin turn, exceptthatwe only consideprobability
increases Thatis, for eachprobability pagap{w|h) we take the
maximalpr(w|h) overall of therelevanttopicsT, aslong asthis
probabilityis significantlyhigherthanthe baseline:-gramproba-
bility accordingto a x? test. Intuitively, we areassuminghatthe
probability of a word or n-gramin the adaptednodel shouldbe
largeif it is largein anyof therelevanttopics.

3.1. Filtering Adaptation Topics

We have found thatusuallynot all of the twenty topicsfor anar
ticle returnedby our Bayesclassifierare relevant. To selectthe
mostrelevanttopicsof thetwenty, we build amodelfor eachtopic
adaptinghegeneramodelto justthattopic. We calculatethelike-
lihood of the first-passhypothesidranscriptionusingthesemod-
els, and use a topic only if its correspondindikelihood is sub-
stantiallylower (0.3 bits/word)thanthelikelihood assignedy the
generaimodel? In Table2, we displaythe resultsof this process
for anarticleconcerningacialissuedetweerblacksandwhites.

3.2. BoostingArticle-Specific n-Gram Probabilities

Cadcemodelsattempto characterizéhe phenomenothatwords
andn-gramstendto repeathemseleswithin articles,by increas-
ing the probabilitiesof n-gramsthat have occurredpreviously in

anarticle[7]. We canplacethis type of modelingwithin our adap-
tationframework by viewing thefirst-passypothesigranscription
of anarticleto be anothertopic adaptatiortext. We canadaptour

3This procedurds a crudebut quick approximationto maximumen-
tropy training with this featureset. It would be more sound(but vastly
more expensie) to setthe parameters\ usinga true maximumentropy
trainingalgorithm.

4Becausecalculatingan exactlikelihood would be expensie dueto
normalizationcosts we useapproximationgo calculatethelikelihood.

kept filteredout

Racism Murder Political_activity
Bladks Presidents  Criminaljustice
Racediscrimination Clinton,Bill  Administation
Minorities United States Racerelations
Prejudice Socialconditions
Employment Economicconditions
Discrim.,.employment| Crime.and.criminals
Affirmativeaction Politics_.and_governmen

Table2: Resultsof topic filtering by likelihood for anarticle con-
cerningracialissueshetweerblacksandwhites

languagemodelto this text in the sameway that we adaptit to
eachrelevanttopic. Wordsor n-gramsthatoccursurprisinglyfre-
guentlyin the hypothesiswill have their probabilitiesboostedin
theadaptedanguagemodel.

In conventionalcaching hypotheseareprocessedeginning-
to-endandall previous wordsin a hypothesisare assumedo be
correctandplacedin the cache.In our schemethe whole article
is processetheforefeaturesarecreatedandfeaturesareonly cre-
atedif they passa significancetest. Thus,it seemdikely thatour
schemas lesssusceptibleo speectrecognitionerrors.

4. EXPERIMENTS

In our experimentswe usedspeechrecognitionlatticesgenerated
bytheSphinx-Ill system[10on20articlesof BroadcasNewsdata

(16,700words). For eacharticle, we first generated hypothesis
usinga trigrammodelgeneratedy the CMU languagemodeling

toolkit[11] from our 130M wordsof trainingtext. Theword-error

rate of thesehypothesesvere 30.8%. We found twenty relevant

topicsfor eacharticle usinga Bayesclassifieron thesefirst-pass
hypothesesln eachexperimentword-errorrateswerecalculated
throughlattice rescoringwith the adaptedmodel. The baseline
modelfor adaptatioris thetrigrammodeldescribedibove.

4.1. DepressingOff-Topic Word Probabilities

Weinvestigatedvhethetthedepressiomwf off-topic word probabil-
ities alonewould improve word-errorrate. Using the 30,000de-
pressionfeaturesdescribedn Section2, we foundthatthe WER
improved by 0.1% absoluteto 30.7%. To get a detailedview of
thevariationbetweerthe hypothesigieneratedby the baselindri-
grammodelandthe hypothesigyeneratedy the adaptednodel,
we alignedthesetwo hypothesego find their word differences.
We thenalignedthesedifferencesagainsthe referencdranscript,
to determinehow mary errorswere fixed and createdwith the
adaptednodel. Over the 16,700wordsin the testset,therewere
43 word differencesbetweenthe baselineand adaptechypothe-
ses. Of these43 differences 17 wereerrorsfixedin the adapted
hypothesisp wereerrorscreatedand21 wereerrorsin both hy-
potheses.

As anupperboundonthe WER reductionof thesetechniques,
Rosenfelcetal.[12, 15] estimatehatif noout-of-vocalularyerrors
areintroducedthenremaoving 10,000wordsfrom alarge vocahu-
lary improvesWER by about0.2%absolutesodepressin@0,000



no. base | topic art. both unig.
art. | words | WER | adapt | adapt | adapt | adapt
A 1724 | 37.1% | 36.0% | 36.3% | 35.3% || 35.8%
B 2761 | 34.0% | 34.0% | 34.1% | 34.1% || 34.2%
C | 3499 | 30.3% | 30.3% | 30.2% | 30.1% || 30.4%
D 2529 | 37.7% | 38.2% | 37.5% | 38.2% || 38.1%
E 3928 | 26.5% | 26.1% | 26.3% | 25.7% || 26.1%
F 2259 | 22.3% | 22.0% | 21.6% | 21.4% || 21.3%
tot. | 16700 | 30.8% | 30.6% | 30.5% | 30.3% || 30.5%

Table3: Speechrecognitionperformancéor modelswith on-topic
andarticle-specifio:-gramfeatures

words completelyand perfectlywould leadto a WER improve-
mentof about0.6%.

4.2. Boosting On-Topic and Article-Specific n-Gram Proba-
bilities

In experimentswith on-topicandarticle-specifideatureswe did
not usedepressiorfeaturesasthey seemedo have little effect.
We performedadaptatiorwith unigramandbigramfeatures.We
display the article-by-articleerror ratesof on-topic and article-
specificadaptationin Table 3. We achieved our bestWER im-
provementof 0.5%absoluteusingboth adaptationsogether Im-
provementsvariedwidely betweenarticles, with our bestarticle
WER improvementbeing 1.8% absolutein article A. In the final
column of the table, we display the resultsof addingonly uni-
gramadaptatiorfeatures;bigramfeaturesseemto effect a small
improvement.

Comparingthe baselineandbestadaptatiorhypothesesising
the methodologydescribedn Section4.1, we found thatthe two
hypotheseslifferedby 854 words. Of these854 words,261 were
errorsfixed by adaptation162 wereerrorscreatedoy adaptation,
and431wereerrorsin bothhypotheses.

5. DISCUSSION

To summarizewe introducedseveralnovel topic adaptatiortech-
niquesfor unnormalizedexponentialmodels. The use of unnor

malizedexponentialmodelshastheadvantageof efficient compu-
tationwhile hopefullyretainingsomeof the propertiesof conven-
tional exponentialmodels. We were ableto run lattice rescoring
experimentsat about3 timesreal-timeon a Pentiumll processar
Becauseve useunnormalizednodels,it is not meaningfulto cal-

culateperpleity; however, perpleity hasbeenshowvn to correlate
poorly with speectrecognitionperformance.

Thiswork is thefirst to explicitly modelthedepressiomf off-
topic word probabilities. We describehow to usemaximumen-
tropy training to determinethesedepressioriactors. We present
a novel implementationfor robust caching,which fits in a uni-
fied mannerwithin our topic adaptatiorframevork. We describe
an effective methodfor filtering out irrelevanttopicsby usingthe
likelihood of thefirst-pasdranscription.Throughouburwork, we
usestatisticatestingto selectonly thoseadaptatiorieaturesvhich
aresignificant.

We achieveda minimal reductionin WER by depressin@ff-
topic word probabilities but achiezeda modestreductionthrough

boostingon-topic and article-specificn-gram probabilities. Our
WER reductionis comparabldo the bestexisting resultsfor this
task.
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