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ABSTRACT

Topic adaptationfor languagemodelingis concernedwith ad-
justing the probabilitiesin alanguagemodelto betterreflectthe
expectedfrequencie®f topical wordsfor a new document.The
languagenodelto beadapteds usuallybuilt from large amounts
of trainingtext andis consideredepresentate of thecurrentdo-
main. In orderto adaptthis modelfor a new documentthetopic
(or topics) of the new documentareidentified. Then,the prob-
abilities of wordsthat are more likely to occurin the identified
topic(s)thanin generabhreboostedandtheprobabilitiesof words
thatareunlikely for theidentifiedtopic(s)aresuppressed.

We presentanovel techniqudor adaptingalanguagenodeltothe
topic of a documentusinga nonlinearinterpolationof rn-gram
languagemodels. A three-way mutually exclusive division of
the vocahulary into general, on-topic and off-topic word classes
is usedto combineword predictionsfrom a topic-specificanda
generalanguagenodel. We achieve aslightdecreasén perplec-
ity andspeechrecognitionword errorrateon a BroadcasiNews
testsetusingthesetechniques.Our resultsare comparedo re-
sultsobtainedhroughlinearinterpolationof topic models.

1. INTRODUCTION

A languagemodel furnishesthe probability p(w|h) of a word
w occurringgiven the previously occurringwords, or history h.
Languagenodeladaptatiordealswith changinghe probabilities
of certainwordsfrom somesetof initial valuesdueto additional
knowledgeaboutthe text underconsideration.In topic adapta-
tion, the topic(s)of a sampleof text areidentifiedandthatinfor-
mationis usedto adjustthe probabilitiesof topicalwordsin the
model.

Topical words are those words whose frequenciesdepend
stronglyon topic. A topic-adaptedanguagemodelshouldide-
ally assigna higheroverall likelihood to new text thantheinitial
modelby increasingthe probabilitiesof wordsit expectsto en-
counterin the identified topic (on-topic words),and decreasing
the probabilitiesof wordsthatdo not normallyoccurin theiden-
tified topic (off-topic words). The probabilitiesof non-topicalor
general, words may not changeat all, becausehey are equally
likely for ary topic. This paperintroducesthe notion of non-
linearly interpolatingthe predictionsfrom a generalanda topic-
specificlanguagemodel to boostthe probabilitiesof on-topic

wordsandsuppresshe probabilitiesof off-topic words.

Previousworkin topicadaptatiorfl, 3, 4, 5, 7,10, 11] hasmainly

focusedon identifying topic-specificsubsetf the training text

and building languagemodelsfrom them. The topic language
modelsare linearly interpolatedwith a generallanguagemodel

built from all of the training text. Using this technique,all of

theavailablemodelsareconsultedor eachword prediction,and

interpolationweights; governhow stronglyeachmodels’pre-

dictionsarecountedn the overall probabilitycalculation,i.e,

Padapte&'w | h) = Z)‘ipi('w | h)
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wherethep; denotethe modelsbeingcombined.

Nonlinearinterpolationchoosesfor eachwordin thevocahulary,

the onemodelthatis “most qualified” to provide the probabili-
tiesfor thatword. A modeltrainedon all availabledatahasthe
mostreliableestimatedgor generaword probabilities.Likewise,
a model built from a topic-specificsubsetof the training data
shouldhavethemostreliableestimategor on-topicwords. It may
notbeidealto predicttheprobabilityof a word by combininges-
timatesfrom languagemodelsbuilt for differentpurposes.Our
novel nonlinearinterpolationschemaisesa generaimodelanda
topic-specifiomodel,anda three-waydivision of the vocalulary
into general pn-topicandoff-topic subsetsThe generabndoff-

topic word probabilitiesare provided by the generalmodel,and
the on-topicword probabilitiesare provided by the topic model.
The off-topic word probabilitiesare scaleddownwardto better
matchtheir total probabilityin thetopic data.

Other methodsof topic adaptationhave beenexplored that do
not involve the interpolation of models. Examplesof these
techniquessuchas unnormalizedexponentialmodels,dynamic
mauginals,andtopic coherenceganbefoundin [2, 6, 9].

2. TOPIC ADAPTATION

To adapta languagemodelto topic, the articlesin the training
corpusareclusterednto possiblyoverlappingtopicalsubsetsis-
ing eithermanually-assignetbpic labels,asin our work, or au-
tomaticclusteringtechniquesasin [3, 4, 5, 7]. Eachclusteris
consideredepresentate of a topic, and only containsarticles
relatedto thattopic.

We performtopic adaptationn thecontext of speechiecognition.



A first-pasgranscriptiorhypothesidor eacharticlein atestsetis
generatedy aspeechrecognizeusingageneralanguagenodel
trainedontheentiretrainingcorpus.A naive Bayesclassifieluses
thathypothesigo identify thetopic clustershataremostsimilar
to thearticle. In particular we selectthetopicst with the highest
posteriomprobabilitieg(¢| D) giventhehypothesisiataD, where
we take

p(t| D) o p(t)p(D | ) = p(t) [] pe(wilt) @
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The probability p(D|t) of eachtopic ¢ generatinghe hypothe-
sisis calculatedusinga smoothedestimateof the topic unigram
distribution p. (w;|t). Thesmoothedlistribution is aninterpola-
tion of the unigramdistribution p(w;|t) estimatedrom the text
in the topic clusterand the generalunigramdistribution p(w;)
estimatedrom theentiretrainingcorpus,i.e,

ps(wi | t) = (1= A)p(wi | t) + Ap(w:) (3)
Theinterpolationparametei wasempiricallychoserto be0.25.
Thetopic priorsp(t) arecomputedrom thetopic documenfre-
guenciesFor eacharticlein thetestset,atopic specificlanguage

modelis built by combiningthe text from the five mostsimilar
clusterschoserby the naive Bayesclassifier

2.1. General vs. Topical Words

A vocahulary is chosenconsistingof the most frequentwords
from the entire training corpus. The vocahulary is first divided
into two sets:thesetof generalvordsandthesetof topicalwords.
Thisdivisionis madendependentf topic, sothatonedivision of
thevocahulary canbe usedfor ary setof topicsthatareselected

for atestsetarticle. Twowaysto makethisdivisionarepresented:

Hotelling’s 7% testandKullback-Leiblerdistance.

Hotelling's T2 test Hotelling’s 77 testis usedto testwhether
the meanvectorsof two independentandomsamplesof obser
vationson somemultidimensionalvariateare sampledrom the
samedistribution. Thistestis usedasatestof generalityvs. top-
icality for a particularword w by dividing all training setarticles
into two groups— thosethatcontainw andthosethatdo not.

For eachgroupof articles,a meanvectoris constructectontain-
ing asmary elementsastopics,whereeachelemenbf thevector
is the numberof articlesbelongingto thattopic in the groupdi-
videdby thetotal numberof articlesin the group.

TheHotelling7? statisticis definedas

T2 :TLlTLQ(fl _EQ),C_I(El —fz)/(nl -|—n2) (4)
wheren; andn, arethe numberof articlesin eachgroup,x;
andx. arethe meanvectorsof eachgroup,andC is the pooled
covariancematrix. This statistictells us whetherthe distribution
of articlesacrosgopicsdependsignificantlyon the presencef
theword w in thosearticles. A large valuefor the T? statisticis
evidencethatthe meanvectorsare significantlydifferentfor the
two groupsof articles,indicatingthattheword w thatdetermined
thearticlegroupsplit is atopicalword.

Kullback-Leibler distance The Kullback-Leibler distanceis
measuredbetweenp(t), the a priori topic distribution, and
p(t|w), thedistribution acrosgopicsgiventheword w:

D(p(t) || p(t | w)) =D p(t)log(p(t)/p(t | w))
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Thea priori topic distribution p(¢) is determinedy dividing the
numberof articlesin atopic by thetotal numberof articles. The
distribution p(t|w) is calculatedby dividing the numberof arti-
clesin topic ¢ containingword w by the total numberof articles
containingword w. Generalwords are expectedto correspond
to small distancevalues,sinceknowing thesewords shouldnot
changethe topic distribution much. Topical wordsare expected
to have large values,sincethey would skew p(t|w) avay from
p(t) by providing strongevidencefor certaintopics.

2.2. On-Topicvs. Off-Topic Words

Oncethe vocahulary hasbeendivided into generaland topical
words,the setof topicalwordsis furtherdividedinto a setof on-
topic andoff-topic wordsrelatie to the five mostsimilar topics
choserfor eachtestsetarticle by the naive Bayesclassifier Two
differentwaysto makethis split are consideredthe y? testand
averagemutualinformation.

x? Test The x? testtells us whethera word w occurssignifi-
cantly moretimesin topic ¢ thanwould be expectedin general.
For eachwordin a giventopic, thefollowing is computed:

(Ow — Euw)*/Ew

whereQO,, is the obsened numberof articlescontainingword w

in the currenttopic and £, is the expectednumberof articles
containingword w in the currenttopic. £, is calculatecby mul-

tiplying the numberof articlesin the currenttopic by the propor

tion of articlescontainingword w in the entiretraining corpus.
A x? valueis calculatedor all wordsfor whichO,, > E.,, and
wordswith above-thresholdraluesareconsiderean-topic.

Average Mutual Information The averagemutualinformation
betweeraword andatopicis:

w ) — of pltw) o p(t|w)
I{w;t) = p(w,t)logw—l—p(w,t)log p(f)
—}—p(@, t)l p(t(|t)_) + p(_7 t) g P(t | _)

wherep(w, t) is the proportionof articlesthatarein topic ¢ and
containthe word w. Averagemutualinformationmeasureshe
amountof informationthat the presencef a word in an article
providesaboutwhetherthatarticleis labeledwith thegiventopic.
This value is calculatedfor every word relative to eachtopic.
Wordswith ahigh averagemutualinformationfor a specifictopic
areconsiderean-topic,whereasvordswith alow valueareoff-
topic.

2.3. Nonlinear Interpolation

Oncethereis agenerabndatopic-specifidanguagemodelfor a
testarticle anda three-waydivision of the vocahulary into gen-
eral, on-topicand off-topic words, the two modelscanbe inter
polatedbasedn the threeword lists. Wordsin the generalword



list Vz arepredictedirom thegeneralanguagemodelp,, words
from the on-topic word list Vo are predictedfrom the topic-
specificlanguagemodelp;, and wordsfrom the off-topic word
list Vogg arepredictedrom thegeneralanguagenodel:

weVe:  plw|h)=pg(w]|h)
weVon:  plw|h)=Xon(h)p:(w | k)
w e Vopr:  p(w | h) = Aorr(h)pg(w | h)

ThescalefactorsAgn(h) and Aopg(h) arecalculatedsothatthe
generalwords occupyas much probability massin the adapted
modelasthey do in the generalmodel. The on-topicand off-

topic wordsthensplit theremainingprobabilitymassn the same
proportionasthey do in the topic-specificmodel. As a result,
the on-topic words generallyoccupy more probability massin

the adaptedmodel than in the generalmodel (they have been
boosted),and the off-topic words occupylessprobability mass
(they have beensuppressed.The scalefactorsarecomputedas

Thetestsetconsistof 57 storiesfrom the Hub-4 1996 develop-
mentset. For eacharticle, a naive Bayesclassifierwasusedto

selectthe mostsimilar five topic clustersandthetext from these
clusterswascombinedto build atopic-specificdanguagemodel.
The x? and averagemutual information methodswere usedto

createrankedtopical word lists for eachof the 5883topic clus-
ters. An on-topicword list wasgeneratedor eachtestarticle by

traversingthe topical word lists in descendingrderof scorefor

eachof thefive selectedopicclustersuntil £ wordsfrom thegen-
eralword list wereencounterediherewe considereds = 1 and
k = 10. Theselectedvordsfrom thefive lists werecombinedo

makethe on-topicword list. All wordsfrom the vocahulary that
werenotassignedo eitherthegenerabr on-topicwordlistswere
assignedo the off-topic word list. The word lists wereusedto

interpolatethe generalandtopic-specificmodelsfor eachof the

57 articles.

Table 1 shows the perplity valuesobtainedon the reference
transcriptof thetestset,usingthe generalanguagemodelonly,
the topic-specificlanguagemodelsonly, linear interpolationof
thegeneralandtopic-specifidanguagemodelfor eachstory, and
theinterpolatedanguagamodelsfor variousselectionconfigura-
tions of the general,on-topic and off-topic word lists. Ml indi-
catesthat the topic lists were derived using the averagemutual
informationmeasureThe —1 and—10 designationindicatethat
on-topicwordswerecollectedfrom eachof thefive topicalword
lists until either1 or 10 generalwords were encountered.KL
and stop correspondo the generalword lists derived from the
Kullback-Leiblermeasureand the stopwordlist, and the num-
bersin parenthesearethe numberof wordsin the generalword
list. Linear interpolationof the generaland topic-specificlan-
guagemodelsusedwo-waycross-alidationto choosénterpola-

follows:
mgvg(h) = Z pg(w | h)
m: vg (h) = Z pt(w | h)
movon(h) = Y po(wl|h)
wEVON
me_von (h) = Z pe(w | h)
wEVON
rore(h) = (1= mg_vg,(R)(1 —mev, (h) — mt-VON(h))

3. EXPERIMENTS

We evaluatedurtopic adaptatioralgorithmonaBroadcasNews

training andtestset. The training dataconsistsof 130M words
and 88k articles. Eacharticle is accompaniedy a setof topic

labelsthatdescribethe article’s topict. Thecorpuswassplit into

topic clustersby assigningeachtopic labelto a cluster The text

for eacharticlewasassignedo the clustersof thearticle's labels.
A total of 5883clusterswereavailablefor topic adaptation.The

mostfrequent51k wordsfrom the training corpuswereselected
asthevocahilary, andageneratrigramlanguagenodelwasbuilt

with the CMU languagemodelingtoolkit [8].

Hotelling’s 1 testandthe Kullback-Leiblerdistancevereused
to rankthewordsin the vocalulary from generato topical. The
Kullback-Leiblerdistancewas computedusing a topic distribu-
tion acrossall 5883topic clusters put for the 72 statistic(which
involvesamatrixinversion) the5883clustersveremappediown
to 50 clustersusinganagglomeratie clusteringtechniqueasde-
scribedin [10]. Thresholdswere seton thesetwo rankedlists,
dividing the wordsinto generalandtopical sets. Additionally, a
595-wordstopwordlist derived from the SMART systemstop-
word list? wasusedasthe generalword list.

1Thetopiclabelswereprovidedby thetranscribersf thetrainingtext.
2Availableat ftp://ftp.cs.cornell.edu/pub/smart/smart.11.0Zar

(1= me_vg (h))(1 — mg_vg (R) — mg_voy(h))

tion weightsfor eachteststory.

GeneralLM PP:189
StoryLM PP:236
LinearlInterpolationPP:174

Generalvordrankings
Topicwordrankings | 7°(595) | 7% (1736) | stop(595)
x2-1 187 184 181
x2-10 189 186 181
KL (595) | KL (2000) | stop(595)
MI-1 182 184 182
MI-10 181 182 183

Table 1: Perpleity resultsusingvariousconfigurationson gen-
eral,on-topicandoff-topic word lists.

Using the generallanguagemodel aloneresultsin a perpleity
value of 189. The bestnonlinearinterpolationresultwas 181,
whenthe stopwordlist was usedwith the y? lists, or whenthe
Kullback-Leiblergenerallist wasusedwith the averagemutual
informationtopic list. Linearinterpolationachievzesa perpleity
valueof 174.

Table 2 shows word error rate (WER) resultsfrom rescoringN-
bestlists generatedy the Sphinx-3decoderfor the three non-
linear interpolationconfigurationghat producedhe lowest per
plexity values.The WER of the hypothesigranscriptiongHyp)



usedfor topic detectionis 40.2%. The lowestachievableN-best
rescoringVER (Lowest),foundby usingthereferencedranscripts
to chooseheN-besthypothesewith thelowesterror, was34.6%.
Using the generallanguagemodelto rescorethe N-bestlists re-

sultsin aWER of 40.1%. The interpolatedanguagenodelsre-

sultin aWER of 39.8%in all threecases.

Hyp 40.2%
Lowest 34.6%
GeneralLM 40.1%
x2-1, stop-595 | 39.8%
x*-10, stop-595| 39.8%
MI-10, KL-595 | 39.8%

Table 2: Word errorrateresultsfrom N-bestrescoringusingbest
threeconfiguration®f generalpn-topicandoff-topic word lists.

4. DISCUSSION

Althoughnonlinearinterpolationdoesresultin adecreasén per

plexity (4%) and WER over using a generallanguagemodel
alone, the magnitudeof the decreasds not as great as that
obtainedwith linear interpolation (8% decreasen perplexity.)

We were surprisedthat nonlinearinterpolationdid not perform
better and began examining the MI-10, KL-595 configuration
more closely in orderto determinethe reasonfor the lack of

perplity improvement. On average, 264 words were cho-
sen as on-topic from the averagemutual information lists for

eachof the 57 testarticles. The testsetconsistsof 23,082in-

vocahulary word tokens:15,963aregeneral 2,049are on-topic,
and 5,070 are off-topic. The perplity valuesfor predicting
the word class (general,on-topic, or off-topic) given the his-

tory, andthen predictingthe word given the classfor the gen-
eral, topic-specificand adaptedmodelsare shovn in Table 3.

The adaptedmodel doesslightly betterat predictingthe class
than the generaland topic-specificmodels, which shaws that
the scaling of the on-topic and off-topic words hashelpedthe
adaptedmnodel. The generalmodel doesbetterthan the topic-

specificmodels at predicting the generaland off-topic words,
as hoped. However, the topic-specificmodelsdo no better at
predictingthe on-topic words than the generalmodel. Ideally,

the topic-specificmodelswould provide a much lower perple-

ity for the on-topicwordsthanthe generalmodel, which is not
the casefor this adaptationconfiguration. We are continuing
to investigatethe reasondor the higherthanexpectedperple-

ity from the topic-specificmodelsby consideringthe selection
of datafor thesemodelsandthe choiceof on-topicwords. Fur

theranalysisandresultswill bereportedatthe conferenceandat
http://wwwcs.cmu.edu/People/kgmore/icslp98.html.
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