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ABSTRACT

Topic adaptationfor languagemodelingis concernedwith ad-
justing theprobabilitiesin a languagemodelto betterreflectthe
expectedfrequenciesof topicalwordsfor a new document.The
languagemodelto beadaptedis usuallybuilt from largeamounts
of trainingtext andis consideredrepresentativeof thecurrentdo-
main. In orderto adaptthis modelfor a new document,thetopic
(or topics)of the new documentareidentified. Then,the prob-
abilities of wordsthat aremore likely to occurin the identified
topic(s)thanin generalareboosted,andtheprobabilitiesof words
thatareunlikely for theidentifiedtopic(s)aresuppressed.

Wepresentanovel techniquefor adaptingalanguagemodelto the
topic of a document,usinga nonlinearinterpolationof � -gram
languagemodels. A three-way, mutually exclusive division of
thevocabulary into general, on-topic andoff-topic word classes
is usedto combineword predictionsfrom a topic-specificanda
generallanguagemodel.Weachieveaslightdecreasein perplex-
ity andspeechrecognitionword error rateon a BroadcastNews
testsetusingthesetechniques.Our resultsarecomparedto re-
sultsobtainedthroughlinearinterpolationof topicmodels.

1. INTRODUCTION

A languagemodel furnishesthe probability ������� �
	 of a word� occurringgiven thepreviously occurringwords,or history � .
Languagemodeladaptationdealswith changingtheprobabilities
of certainwordsfrom somesetof initial valuesdueto additional
knowledgeaboutthe text underconsideration.In topic adapta-
tion, thetopic(s)of a sampleof text areidentifiedandthatinfor-
mationis usedto adjusttheprobabilitiesof topicalwordsin the
model.

Topical words are those words whose frequenciesdepend
stronglyon topic. A topic-adaptedlanguagemodelshouldide-
ally assigna higheroverall likelihood to new text thantheinitial
modelby increasingthe probabilitiesof wordsit expectsto en-
counterin the identifiedtopic (on-topic words),anddecreasing
theprobabilitiesof wordsthatdo not normallyoccurin theiden-
tified topic (off-topic words).Theprobabilitiesof non-topical,or
general, wordsmaynot changeat all, becausethey areequally
likely for any topic. This paperintroducesthe notion of non-
linearly interpolatingthepredictionsfrom a generalanda topic-
specific languagemodel to boost the probabilitiesof on-topic

wordsandsuppresstheprobabilitiesof off-topic words.

Previouswork in topicadaptation[1, 3, 4, 5, 7,10,11] hasmainly
focusedon identifying topic-specificsubsetsof 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
theavailablemodelsareconsultedfor eachword prediction,and
interpolationweights �
� governhow stronglyeachmodels’pre-
dictionsarecountedin theoverall probabilitycalculation,i.e.,

� adapted�������
	���� � �
�������������
	 (1)

wherethe � � denotethemodelsbeingcombined.

Nonlinearinterpolationchooses,for eachwordin thevocabulary,
the onemodel that is “most qualified” to provide the probabili-
ties for thatword. A modeltrainedon all availabledatahasthe
mostreliableestimatesfor generalword probabilities.Likewise,
a model built from a topic-specificsubsetof the training data
shouldhavethemostreliableestimatesfor on-topicwords.It may
notbeidealto predicttheprobabilityof awordby combininges-
timatesfrom languagemodelsbuilt for differentpurposes.Our
novel nonlinearinterpolationschemeusesageneralmodelanda
topic-specificmodel,anda three-waydivision of thevocabulary
into general,on-topicandoff-topic subsets.Thegeneralandoff-
topic word probabilitiesareprovided by the generalmodel,and
theon-topicword probabilitiesareprovided by the topic model.
The off-topic word probabilitiesarescaleddownwardto better
matchtheir total probabilityin thetopicdata.

Other methodsof topic adaptationhave beenexplored that do
not involve the interpolation of models. Examplesof these
techniques,suchasunnormalizedexponentialmodels,dynamic
marginals,andtopiccoherence,canbefoundin [2, 6, 9].

2. TOPIC ADAPTATION

To adapta languagemodel to topic, the articlesin the training
corpusareclusteredinto possiblyoverlappingtopicalsubsetsus-
ing eithermanually-assignedtopic labels,asin our work, or au-
tomaticclusteringtechniques,as in [3, 4, 5, 7]. Eachclusteris
consideredrepresentative of a topic, and only containsarticles
relatedto thattopic.

Weperformtopicadaptationin thecontext of speechrecognition.



A first-passtranscriptionhypothesisfor eacharticlein atestsetis
generatedby aspeechrecognizerusingagenerallanguagemodel
trainedontheentiretrainingcorpus.A naiveBayesclassifieruses
thathypothesisto identify thetopicclustersthataremostsimilar
to thearticle. In particular, weselectthetopics � with thehighest
posteriorprobabilities������� ��	 giventhehypothesisdata� , where
we take

����������	�� �!���"	#�!���$�%�"	��&�����"	(')+*�,.- ��/0���1�2����	 (2)

The probability �����3� �"	 of eachtopic � generatingthe hypothe-
sis is calculatedusinga smoothedestimateof the topic unigram
distribution � / ��� � � �"	 . Thesmootheddistribution is an interpola-
tion of the unigramdistribution ����� � � ��	 estimatedfrom the text
in the topic clusterand the generalunigramdistribution ����� � 	
estimatedfrom theentiretrainingcorpus,i.e.,
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	#�����1�9�%�"	
:;�<�����1�"	 (3)

Theinterpolationparameter� wasempiricallychosento be0.25.
Thetopic priors ������	 arecomputedfrom thetopic documentfre-
quencies.For eacharticlein thetestset,a topicspecificlanguage
model is built by combiningthe text from the five mostsimilar
clusterschosenby thenaiveBayesclassifier.

2.1. General vs. Topical Words

A vocabulary is chosenconsistingof the most frequentwords
from the entire training corpus. The vocabulary is first divided
into twosets:thesetof generalwordsandthesetof topicalwords.
Thisdivision is madeindependentof topic,sothatonedivisionof
thevocabularycanbeusedfor any setof topicsthatareselected
for atestsetarticle.Twowaystomakethisdivisionarepresented:
Hotelling’s =�> testandKullback-Leiblerdistance.

Hotelling’s = > test Hotelling’s = > test is usedto testwhether
the meanvectorsof two independentrandomsamplesof obser-
vationson somemultidimensionalvariatearesampledfrom the
samedistribution. This testis usedasa testof generalityvs. top-
icality for aparticularword � by dividing all trainingsetarticles
into two groups— thosethatcontain� andthosethatdo not.

For eachgroupof articles,a meanvectoris constructedcontain-
ing asmany elementsastopics,whereeachelementof thevector
is thenumberof articlesbelongingto that topic in thegroupdi-
videdby thetotal numberof articlesin thegroup.

TheHotelling =�> statisticis definedas

= > � ��?@� > � A ? 7 A > 	6B#C�D ? � A ? 7 A > 	6EF� ��? : � > 	 (4)

where � ? and � > are the numberof articlesin eachgroup, A ?
and A > arethemeanvectorsof eachgroup,andC is thepooled
covariancematrix. This statistictells uswhetherthedistribution
of articlesacrosstopicsdependssignificantlyon thepresenceof
theword � in thosearticles.A large valuefor the = > statisticis
evidencethat themeanvectorsaresignificantlydifferentfor the
two groupsof articles,indicatingthattheword � thatdetermined
thearticlegroupsplit is a topicalword.

Kullback-Leibler distance The Kullback-Leibler distanceis
measuredbetween �!���"	 , the a priori topic distribution, and�����G� �H	 , thedistribution acrosstopicsgiventheword � :

�I�J������	�K����������H	6	�� � L ,%M �!���"	�NPO�Q
�J�����"	6E6���������H	6	 (5)

Thea priori topicdistribution ������	 is determinedby dividing the
numberof articlesin a topicby thetotal numberof articles.The
distribution �!���G� �H	 is calculatedby dividing the numberof arti-
clesin topic � containingword � by thetotal numberof articles
containingword � . Generalwordsareexpectedto correspond
to small distancevalues,sinceknowing thesewordsshouldnot
changethe topic distribution much. Topicalwordsareexpected
to have large values,sincethey would skew �!���G� �H	 away from�����"	 by providing strongevidencefor certaintopics.

2.2. On-Topic vs. Off-Topic Words

Oncethe vocabulary hasbeendivided into generaland topical
words,thesetof topicalwordsis furtherdividedinto asetof on-
topic andoff-topic wordsrelative to thefive mostsimilar topics
chosenfor eachtestsetarticleby thenaiveBayesclassifier. Two
differentwaysto makethis split areconsidered:the R�> testand
averagemutualinformation.

R�> Test The R!> test tells us whethera word � occurssignifi-
cantlymoretimesin topic � thanwould be expectedin general.
For eachword in agiventopic,thefollowing is computed:

��S ) 7;T ) 	 > E�T )
where S ) is theobservednumberof articlescontainingword �
in the currenttopic and T ) is the expectednumberof articles
containingword � in thecurrenttopic. T ) is calculatedby mul-
tiplying thenumberof articlesin thecurrenttopicby thepropor-
tion of articlescontainingword � in the entiretraining corpus.
A R�> valueis calculatedfor all wordsfor which S )VU T ) , and
wordswith above-thresholdvaluesareconsideredon-topic.

Average Mutual Information Theaveragemutualinformation
betweenawordanda topic is:W ���YX6��	Z� �!���\[���	%NPO�Q ���������H	������	 :I�����Y[ �"	�NPO�Q ��� �����H	��� �6	

:9�!� �H[��"	FNPO�Q �����2� �1	������	 :I��� �Y[ �"	�NPO�Q ��� ��� �H	��� �"	
where�����Y[6��	 is theproportionof articlesthatarein topic � and
containthe word � . Averagemutual informationmeasuresthe
amountof informationthat the presenceof a word in an article
providesaboutwhetherthatarticleis labeledwith thegiventopic.
This value is calculatedfor every word relative to eachtopic.
Wordswith ahighaveragemutualinformationfor aspecifictopic
areconsideredon-topic,whereaswordswith a low valueareoff-
topic.

2.3. Nonlinear Interpolation

Oncethereis ageneralanda topic-specificlanguagemodelfor a
testarticle anda three-waydivision of the vocabulary into gen-
eral,on-topicandoff-topic words,the two modelscanbe inter-
polatedbasedon thethreeword lists. Wordsin thegeneralword



list ]+^ arepredictedfrom thegenerallanguagemodel�
_ , words
from the on-topic word list ] ON are predictedfrom the topic-
specificlanguagemodel � L , andwordsfrom the off-topic word
list ] OFF arepredictedfrom thegenerallanguagemodel:

�a`b]+^&c �������<�
	2�&�
_���������	��`3] ON c �������<�
	2��� ON �d�
	#� L �������
	�a`e] OFF c �������<�
	2��� OFF�d�
	#� _ �������
	
Thescalefactors � ON �d�
	 and � OFF�d�
	 arecalculatedsothatthe
generalwordsoccupyasmuchprobability massin the adapted
modelas they do in the generalmodel. The on-topicand off-
topicwordsthensplit theremainingprobabilitymassin thesame
proportionas they do in the topic-specificmodel. As a result,
the on-topic wordsgenerallyoccupymore probability massin
the adaptedmodel than in the generalmodel (they have been
boosted),andthe off-topic wordsoccupylessprobability mass
(they have beensuppressed.)Thescalefactorsarecomputedas
follows:f _ g@h �d�
	i� �)�, g0h � _ �������
	f L g@h �d�
	i� �)�, g0h �

L ��������	
f _ g ON �d�
	i� �)�, g ON

� _ �������
	
f L g ON �d�
	i� �)�, g ON

� L �������
	
� ON �d�
	i� 517 f _ g@h �d�
	517 f L g@h �d��	
� OFF �d�
	i� �65�7 f _ g@h �d�
	6	G�6517 f L g@h �d�
	�7 f L g ON �d�
	6	�6517 f L g h �d�
	6	G�6517 f _ g h �d�
	�7 f _ g ON �d��	6	

3. EXPERIMENTS

WeevaluatedourtopicadaptationalgorithmonaBroadcastNews
training andtestset. The trainingdataconsistsof 130M words
and88k articles. Eacharticle is accompaniedby a setof topic
labelsthatdescribethearticle’s topic1. Thecorpuswassplit into
topic clustersby assigningeachtopic label to a cluster. Thetext
for eacharticlewasassignedto theclustersof thearticle’s labels.
A total of 5883clusterswereavailablefor topic adaptation.The
mostfrequent51k wordsfrom the trainingcorpuswereselected
asthevocabulary, andageneraltrigramlanguagemodelwasbuilt
with theCMU languagemodelingtoolkit [8].

Hotelling’s =�> testandtheKullback-Leiblerdistancewereused
to rankthewordsin thevocabulary from generalto topical. The
Kullback-Leiblerdistancewascomputedusinga topic distribu-
tion acrossall 5883topic clusters,but for the =�> statistic(which
involvesamatrixinversion),the5883clustersweremappeddown
to 50 clustersusinganagglomerativeclusteringtechniqueasde-
scribedin [10]. Thresholdswereseton thesetwo rankedlists,
dividing thewordsinto generalandtopicalsets.Additionally, a
595-wordstopwordlist derived from the SMART systemstop-
word list2 wasusedasthegeneralword list.

1Thetopic labelswereprovidedby thetranscribersof thetrainingtext.
2Availableat ftp://ftp.cs.cornell.edu/pub/smart/smart.11.0.tar.Z

Thetestsetconsistsof 57 storiesfrom theHub-41996develop-
mentset. For eacharticle, a naive Bayesclassifierwasusedto
selectthemostsimilarfive topic clusters,andthetext from these
clusterswascombinedto build a topic-specificlanguagemodel.
The R > and averagemutual informationmethodswere usedto
createrankedtopicalword lists for eachof the5883topic clus-
ters.An on-topicword list wasgeneratedfor eachtestarticleby
traversingthe topicalword lists in descendingorderof scorefor
eachof thefiveselectedtopicclusters,until j wordsfromthegen-
eralword list wereencountered,whereweconsideredj���5 andj��k5@l . Theselectedwordsfrom thefive lists werecombinedto
maketheon-topicword list. All wordsfrom thevocabulary that
werenotassignedto eitherthegeneralor on-topicwordlistswere
assignedto the off-topic word list. The word lists wereusedto
interpolatethegeneralandtopic-specificmodelsfor eachof the
57articles.

Table 1 shows the perplexity valuesobtainedon the reference
transcriptsof thetestset,usingthegenerallanguagemodelonly,
the topic-specificlanguagemodelsonly, linear interpolationof
thegeneralandtopic-specificlanguagemodelfor eachstory, and
theinterpolatedlanguagemodelsfor variousselectionconfigura-
tionsof the general,on-topicandoff-topic word lists. MI indi-
catesthat the topic lists werederived usingthe averagemutual
informationmeasure.The 7Y5 and 7Y5@l designationsindicatethat
on-topicwordswerecollectedfrom eachof thefive topicalword
lists until either1 or 10 generalwordswere encountered.KL
and m��onG� correspondto the generalword lists derived from the
Kullback-Leiblermeasureand the stopwordlist, and the num-
bersin parenthesesarethenumberof wordsin thegeneralword
list. Linear interpolationof the generaland topic-specificlan-
guagemodelsusedtwo-waycross-validationto chooseinterpola-
tion weightsfor eachteststory.

GeneralLM PP:189
StoryLM PP:236
LinearInterpolationPP:174

Generalword rankings
Topicword rankings =�>p��q<r%q�	 =�> (1736) stop(595)R > -1 187 184 181R�> -10 189 186 181

KL (595) KL (2000) stop(595)
MI-1 182 184 182
MI-10 181 182 183

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

Using the generallanguagemodelaloneresultsin a perplexity
valueof 189. The bestnonlinearinterpolationresult was 181,
whenthe stopwordlist wasusedwith the R > lists, or whenthe
Kullback-Leiblergenerallist wasusedwith the averagemutual
informationtopic list. Linear interpolationachievesa perplexity
valueof 174.

Table2 shows word error rate(WER) resultsfrom rescoringN-
bestlists generatedby the Sphinx-3decoderfor the threenon-
linear interpolationconfigurationsthat producedthe lowestper-
plexity values.TheWER of thehypothesistranscriptions(Hyp)



usedfor topic detectionis 40.2%. The lowestachievableN-best
rescoringWER(Lowest),foundby usingthereferencetranscripts
tochoosetheN-besthypotheseswith thelowesterror, was34.6%.
Using thegenerallanguagemodelto rescoretheN-bestlists re-
sultsin a WER of 40.1%. The interpolatedlanguagemodelsre-
sult in aWERof 39.8%in all threecases.

Hyp 40.2%
Lowest 34.6%
GeneralLM 40.1%R > -1, stop-595 39.8%R!> -10,stop-595 39.8%
MI-10, KL-595 39.8%

Table 2: Worderrorrateresultsfrom N-bestrescoringusingbest
threeconfigurationsof general,on-topicandoff-topic word lists.

4. DISCUSSION

Althoughnonlinearinterpolationdoesresultin adecreasein per-
plexity (4%) and WER over using a generallanguagemodel
alone, the magnitudeof the decreaseis not as great as that
obtainedwith linear interpolation(8% decreasein perplexity.)
We weresurprisedthat nonlinearinterpolationdid not perform
better, and began examining the MI-10, KL-595 configuration
more closely in order to determinethe reasonfor the lack of
perplexity 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-
vocabularyword tokens:15,963aregeneral,2,049areon-topic,
and 5,070 are off-topic. The perplexity valuesfor predicting
the word class(general,on-topic, or off-topic) given the his-
tory, and then predictingthe word given the classfor the gen-
eral, topic-specificand adaptedmodelsare shown in Table 3.
The adaptedmodel doesslightly betterat predicting the class
than the generaland topic-specificmodels, which shows that
the scalingof the on-topic and off-topic words hashelpedthe
adaptedmodel. The generalmodeldoesbetterthan the topic-
specificmodelsat predicting the generaland off-topic words,
as hoped. However, the topic-specificmodelsdo no betterat
predictingthe on-topic words than the generalmodel. Ideally,
the topic-specificmodelswould provide a muchlower perplex-
ity for the on-topicwordsthanthe generalmodel,which is not
the casefor this adaptationconfiguration. We are continuing
to investigatethe reasonsfor the higher thanexpectedperplex-
ity from the topic-specificmodelsby consideringthe selection
of datafor thesemodelsandthechoiceof on-topicwords. Fur-
theranalysisandresultswill bereportedat theconferenceandat
http://www.cs.cmu.edu/People/kseymore/icslp98.html.
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