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Abstract

The subjectmatterof any conversationor documentcantypically be described
assomecombinationof elementaltopics. We have developeda languagemodel
adaptationschemethattakesapieceof text, choosesthemostsimilartopicclusters
from asetof over 5000elementaltopics,andusestopicspecificlanguagemodels
built from the topic clustersto rescoreN-best lists. We are able to achieve a
15%reductionin perplexity anda smallimprovementin worderrorrateby using
this adaptation.We alsoinvestigatetheuseof a topic tree,wheretheamountof
trainingdatafor a specifictopic canbe judiciously increasedin caseswherethe
elementaltopic clusterhastoo few word tokensto build a reliably smoothedand
representative languagemodel. Our systemis ableto fine-tunetopic adaptation
by interpolatingmodelschosenfrom thousandsof topics,allowing for adaptation
to unique,previouslyunseencombinationsof subjects.



1 Intr oduction

In this paper, we explore large-scale,fine-tunabletopic adaptationfor statistical
languagemodeling.We areinterestedin takingtheinitial transcriptionof a story
suppliedbyaspeechrecognizer, identifyingasetof topicsthatdescribethecontent
of thestoryby choosingtopic-specificsubsetsof thelanguagemodeltrainingtext,
building a languagemodelfrom eachof theselectedsubsets,interpolatingthese
modelsat theword level, andusingthenew languagemodelscoreto reevaluate
speechrecognitionhypotheses.Thegoal of the adaptationis to lower the word
error rate(WER) of the story transcriptionoutput by the speechrecognizerby
providing languagemodelscoresthat reflecta higherexpectationof wordsand
word-sequencesthat arecharacteristicof the identifiedtopicsof the story. This
adaptationcanbedescribedaslarge-scalebecausethemostsimilartopicsto anew
pieceof text arechosenfrom asetof over5000topiccandidates.Onestrengthof
thisapproachis theability for diverse,typicallyunrelatedtopicsto beselectedand
interpolatedtogetherto matchtheuniqueeventspresentin anew story. Previously
unseencombinationsof topics occur frequently in domainssuchas Broadcast
News,wherecurrenteventsdictatethecontentsof eacharticle.

2 Topic Adaptation

Thetopicadaptationschemeweareusingconsistsof thefollowing steps:

1. Storiesfrom an annotatedcorpusthat sharesimilar topics are gathered
togetherinto asetof clustersbasedon manually-assignedkeywords.

2. A classifierisusedtofind theclustersthataremostsimilarin topicto astory
transcriptionoutputby a speechrecognizer.

3. Languagemodelsarebuilt from eachof theclustersof datafoundto bethe
mostsimilar to thenew story.

4. Thelanguagemodelsareinterpolatedat theword level andtheinterpolated
scoreis usedto rescorethe speechrecognizer’s hypothesesin an N-best
framework.

Eachof thesestepswill bereviewedin detailin thefollowing sections.
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Figure1: Keyword-basedtopicclusters.

2.1 Clustering

Given a corpuswith story boundariesmarkedand manually-chosenkeywords
assignedto eachstory, topicclustersarecreatedby definingeachuniquekeyword
asalabelfor acluster, asin Figure1. Eachkeywordrepresentsanelementaltopic,
andall storiesthathave thatkeyword areassignedto its particularcluster. Each
clusteris thena candidateto beusedin topicadaptation.

Topictreescanbebuilt from thetopicclustersby treatingtheclustersasleaves
anditeratively merging the topicstogetherto form a tree,asin Figure2. When
two clustersaremergedtogether, theresultingnodein thetreehasthebenefitof
moretrainingdatawith whichto estimatelanguagemodelparameters,but is more
generalin topic thanthe childrenclusters. We canusethe topic treestructure
to combinetheadvantagesof having largerclustersfor parameterestimationand
smallerclustersfor topicfocus.Eachpathfrom leafto rootspecifiesasetof nodes
thatstartoutin averydistincttopicandthengraduallybecomemoregeneralasthe
clustersbecomelarger. At runtime,automatictopic identificationis performedon
adecodeddocumentandresultsin asmallnumberof activeleaf topics.Language
modelsbuilt atvariousnodesalongtheactivepathscanbecombinedtobestmodel
the currentdocument.The constructionof topic treeshasbeenexploredin the
Switchboarddomainby Carlson[1].

Agglomerativeclusteringhasbeenusedsuccessfullyfor topicadaptationin a
mixturemodelingframework [2, 3]. In thesecases,trainingdatawaspartitioned
into arelatively smallsetof topicclusters(lessthanonehundred.)Oneadvantage
of retaining thousandsof individual topic clustersis the ability to makefine
distinctionsbetweendifferentsubjectsandmix unusualtopicstogetherthatmay
occurin a futurestory.

An importantfeatureof creatingtopicclustersbasedon keywordsis thepres-
enceof dataoverlapbetweenclusters.If onestorycontainsfivedifferentkeywords
describingits content,thenthetext for thestorywill appearin fivedifferentclus-
ters. Whenusingagglomerative clusteringto createa topic tree, the effectsof
dataoverlapon the measureof clustersimilarity needto be considered.In this
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Figure2: A topic treebuilt from keywordclusters.

work,nocorrectiveactionwastakentoaccountfor thesimilaritymeasurebiasdue
to dataoverlap. Possiblesolutionsincludeexcluding the overlappingdatafrom
all similarity calculations,assigninghalf of eachduplicatedstoryto eachleaf,or
usingsupervisedclusteringto makereasonabledecisions.

2.2 Topic Detection

Oncewe have a setof topic clusters,we canusetopic detectionto determinethe
mosttopic-similarclustersto anew pieceof text. Weconsidertwo topicdetection
methods:theTFIDF classifierandthenaiveBayesclassifier. Bothmethodsinput
astoryandoutputthelist of topicclustersrankedin orderof decreasingsimilarity.
Even when the text given to the classifierscontainsword errors,as is the case
whenweusespeechrecognitionhypothesesfor detection,topicdetectionwill still
performreasonablywell, aswewill show below. As longastheworderrorsin the
hypothesisarenot significantlytopic-correlated,thecorrectcontentwordsin the
hypothesiswill provideenoughevidencefor theselectionof appropriateclusters.

2.2.1 The TFIDF Classifier

The TFIDF measure[4] assignsa weight to eachuniqueword in a document
representinghow topic-specificthatwordis to its documentor cluster. If acluster
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The inversedocumentfrequency componentcomputesthe log of the ratio of � ,
thetotalnumberof clusters,to � � , thenumberof clusterscontainingword � . This
weightingfunctionassignshigh valuesto topic specificwords,which arethose
wordsthatappearwith high frequency within oneclusterbut appearin relatively
few other clusters. Words that occur in many clusters,or that occurwith low
frequency, aredeemedmoregeneralandareassignedlow weights.

Given somenew text representedby weight vector �"! , the topic similarity
betweencluster  and the new text can be computedwith the following cosine
measure:
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Equation2 computesthe cosineof theanglebetweenthe two vectorsrepre-
sentingthetwo setsof text. It isnormalizedfor vectorlength,sothatlargeclusters
arenot favored.Thissimilarity measureproducesahighvaluewhenthetwo texts
beingcomparedaresimilar, with avalueof 1 whenthey areidentical.A similarity
valueof zeromeansthatthetopicsof thetexts areunrelated.

2.2.2 NaiveBayesClassifier

A naive Bayesclassifiercalculatestheprobabilityof a topic giventhewordsin a
new document.We makethetraditionalsimplifying assumptionthatwordsin the
documentoccurindependentlyof oneanotherin Equation3.

2 � ��3 2  	46587 3 4��:9 2 � ��3 2  %4��<;=?>A@�B�C%D 2FEHG C%C �JILK B �%�
�M5 ��3 2  	41� (3)

The topic priors arecomputedfrom the topic documentfrequenciesandthe
probabilityof a wordgivena topic is computedby smoothingtheunigramdistri-
butionwithin thetopicclusterwith thegeneralunigramdistributionobtainedfrom
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theentiretrainingcorpus,asshown in Equation4. ThesmoothingparameterN is
empiricallychosen.

2OEPG C%C �JILK B �%�
�:5 ��3 2  %4��:��� 1 QRNS� 2 �	�
�,5 ��3 2  %4��UTRN 2 �	�
�%� (4)

Many other topic detectiontechniquesexist. Imai et al. have developeda
HiddenMarkov Modelsystemfor topicdetectionwhich identifiesmultiple topics
perstoryandconsidersthateachwordin thestoryneednotberelatedto all of the
story’stopics[5]. Joachimsanalyzesseveraltopicdetectionalgorithms,including
TFIDF andthenaiveBayesclassifier, in [6].

2.3 LanguageModels

In the speechrecognitionparadigm,eachtime a new story is decodedan initial
hypothesistranscriptionis produced.Wethenfeedthehypothesistranscriptionto
theclassifier, whichchoosesthemostsimilartopicclusters.Languagemodelsare
built from thetext in eachof theselectedclusters.Here,Good-Turingdiscounted
trigrambackoff models[7] usingall bigramsandtrigrams(nocutoffs) werebuilt
with theCMU StatisticalLanguageModelingtoolkit [8].

2.4 Model Inter polation

The individual languagemodelsbuilt from the chosenclusters(or from nodes
fartherup in thetreewhena topic treeis beingused)areinterpolatedtogetherat
theword level to producea new languagescore,asin Equation5.

ˆ2WV K = �%� � 5X� �AY 2 � � �AY 1 �:� �)
!�* 1 Z ! ˆ2 ! �%� � 5X� �AY 2 � � �AY 1 � (5)

Here, � is the numberof modelsbeing interpolated,Z ! is the interpolation
weightfor model[ , and \ �!�* 1 Z !]� 1. Thespeechrecognitionhypothesesarethen
reevaluatedin anN-bestparadigmaccordingto thenew languagescores.

3 Experiments

Thetrainingdatausedin theseexperimentsis theBroadcastNewscorpusobtained
from PrimarySourceMedia[9]. Thedatausedherecoverstheperiodfrom 1992-
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1995andconsistsof 130million wordsof newsreportsandinterviewsfrom ABC
News,CNN, PBS,andNationalPublicRadio.Storyboundariesaremarked,and
eachstoryisaccompaniedbyasetof keywords(4 to5onaverage)thatdescribethe
story’scontent.Thecorpuswassplit into topicclustersby collectingthekeywords
from all storiesandassigningeachkeyword to a cluster. Thetext for eachstory
wasassignedto theclustersof thestory’s keywords.Many of thekeywordshave
sub-categories,in which casethe sub-categorieswereseparatedfrom the main
keyword andtreatedaskeywordsthemselves. Summarystories,keywordswith
only onestoryandcertaingeographickeywordswereexcluded,resultingin 5883
topicclusters.A samplelist of keywordsis shown in Table1.

Gems
GeneralAgreementon Tariffs andTrade
GeneralDynamicsCorp.
GeneralElectricCo.
GeneralMills
GeneralMotorsCorp.
GeneralMotorsautomobiles
Generals
Generationgap
Genericdrugs
Genericproducts
Geneticcounseling
Geneticengineering
Genetics
Genitalmutilization
Genocide
Genovese,Kitty
Geography
Geology
George(Periodical)
GeorgeWashingtonUniversity

Table 1: Sampleof topic clusterkeywords. Eachkeyword representsa topic
cluster.
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The most frequent63k words from the four yearsof BroadcastNews text
definedthevocabulary for calculatingclustersimilarity. TwentyBroadcastNews
articlesobtainedfrom the Linguistic Data Consortium’s (LDC) releaseof the
BroadcastNewscorpuswererandomlyselectedfrom theperiodcoveringJanuary
1996 throughApril 1996as a test set to comparethe TFIDF and naive Bayes
classifiers.Eachof thesetwentyarticlescontainedaminimumof 500wordtokens
andat leastonemanuallyassignedkeyword from the list of 5883topic clusters.
The developmentand evaluationsetsfrom the 1996 ARPA Hub4 continuous
speechrecognitionevaluationwereusedasspeechrecognitiontestsets. These
setscontainstoryboundaries,whereeachboundaryindicatesa changein topic.
Thedevelopmentsetcontains57storiesandtheevaluationsetcontains74stories.
The numberof word tokensin eachstory from the developmentandevaluation
setsrangesfrom 6 to 2131.

3.1 Topic DetectionExperiments

TheTFIDFandnaiveBayesclassifierswereusedfor topicdetectiononthetwenty-
story testset from 1996. The Bayesclassifierused N^� 0 � 25. Eachclassifier
comparedeachteststoryto the5883topic leafclustersandgeneratedarankedlist
of topic clustersin orderof decreasingsimilarity to the teststory. The"correct"
topicsfor eachteststorywerethemanuallyassignedkeywordsthataccompanied
eachstorythatwerealsofoundamongthe5883leafclusters.Precisionandrecall
resultsat5,10and20werecalculatedasin [10] andareshown in Table2. For this
task,thenaive BayesclassifieroutperformstheTFIDF classifieracrossall three
levelsof precisionandrecall.

Thelargeststory from theHub4developmentsetconsistsof 2131wordsand
discussessuspicionsof druguseby Chineseswimmersduringthe1996Olympics.
Thecorrectstorytranscriptandtheerrorful first-passSphinxIII [11] recognition
hypothesesfor this story(45%WER) wereclassifiedusingboththeTFIDF mea-
sureandthe naive Bayesclassifier. The 10 mostsimilar clusterschosenby the
TFIDF measurefor thecorrectanderrorful transcriptsareshown in Table3. The
10 mostsimilar clusterschosenby thenaive Bayesclassifierfor both transcripts
areshown in Table4.

Both classificationmethodschoosereasonabletopicswhenusingeither the
corrector errorfulstorytranscripts.For bothclassifiers,six of theclusterschosen
whenusingthecorrecttranscriptarealsochosenwhenusingtheerrorfultranscript.
It is interestingto note that the two methodsseemto chooseslightly different
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TFIDF Bayes
Precisionat5 49.0% 59.0%
Precisionat10 32.5% 42.0%
Precisionat20 22.5% 24.3%
Recallat5 48.5% 56.1%
Recallat10 62.8% 79.1%
Recallat20 82.0% 89.2%

Table2: PrecisionandRecall valuesat 5, 10 and20 for the TFIDF andNaive
Bayesclassifiers.

typesof clusters.In this case,theTFIDF classifierchoosesmany clustersabout
China,whereasthe naive Bayesclassifierchoosesmoresports-relatedclusters.
Most importantly, we seethat theclusterschosenby eithermethodwhenusinga
transcriptwith ahighworderrorratearerelatedto thetopicof thestory.

3.2 Perplexity Reduction

In orderto determinethebestway to interpolatetopic specificlanguagemodels,
we varied the numberof topic specificmodelschosenper story for adaptation
andmeasureddevelopmentsetperplexity. First, topic detectionwasrun using
theTFIDF andnaiveBayesclassifiersonerrorfulfirst-passSphinxIII recognition
hypothesesfrom eachof the 57 storiesfrom the developmentset. The word
error rate (WER) of the developmentset was40%. A 51k vocabulary general
trigram backoff languagemodelwasbuilt from LDC’s releaseof the Broadcast
News corpus. Good-Turing discountedtrigram backoff languagemodelswere
built from eachof the 20 most similar topic clusterschosenby the classifiers
for eachdevelopmentsetstory. Theperplexity for eachstorywascomputedby
interpolatingthe mostsimilar 5, 10 or 20 topic modelsfor eachstory with the
51k generallanguagemodelat theword level. Model interpolationweightswere
obtainedwith the EM algorithm and perplexity was computedusing two-way
crossvalidation.All of thestoryperplexitieswerecombined(at theentropylevel
to adjustfor differentnumbersof word tokens)to give a final developmentset
perplexity. Resultsare shown in Table 5. Using twenty topic modelschosen
by the naive Bayesclassifieryields the greatestreductionin perplexity over the
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TFIDF Classifier
CorrectTranscript Errorful Transcript(45%WER)
China China
OlympicGames Favorednationclause
OlympicGames,Barcelona,1992 ChineseAmericans
Favorednationclause OlympicGames
ChineseAmericans Intellectualpropertyrights
Drug testing Chinesein theUnitedStates
OlympicGames,Atlanta,1996 OlympicGames,Barcelona,1992
Intellectualpropertyrights Wu, Harry
Swimming Civil rights
Athletes Zemin,Jiang

Table3: Tenmostsimilar clusterschosenwith TFIDF, correctanderrorful tran-
scripts.

generalBroadcastNewsmodelfrom 222to 188,a15%reduction.
Next, webuilt twotopictrees.Thefirst treewasbuilt automaticallybymerging

the5883topic leafclustersiteratively to theroot. At eachiteration,thenodewith
thefewestwordswaschosento bemergedwith its mostsimilarnode,which was
chosenby theTFIDF classifier. Thesecondtreewasbuilt in thesameway asthe
first, exceptthat if thesimilarity valuebetweenthesmallestclusterandits most
similar clusterwasbelow a thresholdof 0.3,thesmallestclusterwas’orphaned’,
or linked directly to the root. Theorphantreedid not forcea merge if no good
matchexisted,whereastheautomatictreeforceda mergeateachiteration.

The5883leafclustersrangein tokensizefrom 393to6,234,183.Two hundred
thirty of the5883leafclusterscontainlessthanonethousandwordtokens.In cases
wheresofew tokensareavailable,adaptationmaybenefitfrom usingmoredata.
In aneffort to verify this hypothesis,threedevelopmentsetstoriesandoneof the
mostsimilar leavesfor eachstorywereselected.For eachof thethreestory-leaf
pairs, languagemodelswerebuilt at variousnodesalong the path from leaf to
root for boththeautomatictreeandtheorphantree.Eachmodelwasinterpolated
with the51k generalmodel,andtheperplexity of thestorywascomputedusing
two-waycross-validation.In all cases,theperplexity decreasedor stayedthesame
whena modelbuilt from a nodewith moredatathantheleaf clusterwasused,as
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NaiveBayesClassifier
CorrectTranscript Errorful Transcript(45%WER)
OlympicGames,Barcelona,1992 OlympicGames
OlympicGames OlympicGames,Barcelona,1992
Drug testing China
Athletes Athletics
Sports Drug testing
Gymnastics OlympicGames,Sydney, 2000
Louganis,Greg Gymnastics
Athletics Runningraces
Diving Athletes
OlympicGames,Seoul,1988 Wu, Harry

Table4: Tenmostsimilarclusterschosenwith naive Bayesclassifier, correctand
errorful transcripts.

shown in Tables6 and7. For example,interpolatingaleafclusterlanguagemodel
built from 35,680tokenswith thegenerallanguagemodelresultsin a perplexity
of 219,whereasinterpolatinga languagemodelbuilt from a nodelocatedhigher
up the path with 100,500tokenswith the generallanguagemodel resultsin a
perplexity of 210. This limited exampledemonstratesthatat leastin somecases
wheninterpolatingonlyoneleafwith thegenerallanguagemodelperstory, adding
additionalrelevanttext is helpful.

Topictreeadaptationwastestedonthedevelopmentsetstoriesbysettingtoken
cutoffs. In all cases,twentyleafclusterswereconsideredperstory. For bothtrees

Generalmodel 222
Leaves TFIDF Bayes

5 193 193
10 191 189
20 189 188

Table5: Developmentsetperplexity, leavesonly.
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Pathsin automatictree
Tokens PP Tokens PP Tokens PP
13445 233 266125 201 35680 219
25353 229 300170 200 100500 210
64820 225 451893 202 574818 226

100500 227 1002910 233
574818 223

Root 264 Root 220 Root 272

Table6: Perplexity variationmoving upautomatictreepathsfrom leaf to root.

Pathsin orphantree
Tokens PP Tokens PP Tokens PP
13445 233 266125 201 35680 219
25353 229 305562 201 96495 210
60815 225 333591 202
96495 226

Root 264 Root 220 Root 272

Table7: Perplexity variationmoving uporphantreepathsfrom leaf to root.

(automaticandorphan),whenevera leafclusterwaschosenfor interpolation,the
topic modelwasbuilt from thelowestnodein thepathfrom leaf to root thathad
at leastasmany word tokensas the predeterminedthreshold. Thesenodesare
referredto as’active nodes’in thediscussionbelow. Thresholdsof 50kand200k
wereset. Occasionallythepathsfor similar leavesmerge,andin thesecasesless
than twenty modelswere interpolatedfor thosestories. The generalbroadcast
news model(i.e. themodelat the root of the tree)wasalwaysinterpolatedwith
thetopicmodels.

In thecaseof theorphantree,sometimesthenodejustbelow theroot in anactive
pathhadfewer tokensthanthethreshold,leaving only therootnodewith enough
tokensfor interpolation. Therefore,two orphantreescenarioswereevaluated:
in the first, all pathsthat assignedthe root asthe active node(becauseall other
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nodesin thepathhadfewer tokensthanthe threshold)wereleft out completely,
meaningthattheselectedleaf did not contributea modelfor interpolation.In the
secondscenario(designatedby ‘+leaves’), all pathsthatassignedthe root asthe
activenodebuilt thetopicmodelfrom theleafof thepath,eventhoughtherewere
fewertokensin theleafnodethanthethreshold.Perplexity resultsfor thesecases
areshown in Tables8 and9. In all cases,interpolatingtopic modelsresultsin a
decreasein perplexity overusingonly thegeneraltrigrammodel.Generally, none
of thetreescenariosworksaswell asinterpolatingonly theleaves,exceptfor the
Bayesorphantree ’+leaves’ cases,which performaswell as the twenty Bayes
leaves.

Generalmodel 222
Tokenthresh TFIDF Bayes
Leavesonly 189 188
50k 191 189
200k 192 191

Table8: Developmentsetperplexity, automatictree.

Generalmodel 222
Tokenthresh TFIDF Bayes
Leavesonly 189 188
50k 191 189
50k+leaves 190 188
200k 196 192
200k+leaves 191 188

Table9: Developmentsetperplexity, orphantree.

3.3 N-bestRescoring

Next, we wantedto seeif usingthesemodelsto rescoreN-bestlists would lead
to a reductionin recognitionWER. Two interpolationweightingschemeswere
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tested.In thefirst, indicatedby ’min PP’,theclusterlanguagemodelsandthe51k
generallanguagemodelwereinterpolatedwith weightsobtainedbyminimizingthe
perplexity of theerrorful first-passdecoderhypothesis.Thesecondinterpolation
scheme,’uniform’, assigneda weightof 0.55to thegeneral51k languagemodel
and uniform interpolationweights to the remainingtopic models. Rescoring
consistedof using the original acousticscore,the new languagemodel score,
and a word insertionpenalty. For the developmentset, N = 500, and the for
the evaluationset, N = 200. Filled pauseswere predictedfrom manuallyset
unigramprobabilities[12]. For thedevelopmentset,thefirst-passWER with no
rescoringwas 40.2%. The lowest N-bestWER, found by using the reference
transcriptsto choosethe N-besthypotheseswith the lowest error, was 34.6%.
ThelowestN-bestWERrepresentsanupperboundon theperformanceof N-best
rescoring.Usingjust the51kgenerallanguagemodelto rescoreresultsin aWER
of 40.1%. Languagemodelscoreandinsertionpenaltyweightswerechosenby
two-waycrossvalidation,andtheaverageweightvalueswereusedfor evaluation
set rescoring. The evaluationN-best lists were generatedafter two passesof
theSphinxIII decoder. Topic adaptationscenariostestedwith rescoringinclude
twentyTFIDF-chosenleaves,twentyBayes-chosenleavesandtheBayesorphan
’+leaves’ topic treewith a tokenthresholdof 200k. Rescoringresultsareshown
in Tables10 and11.

Condition WER
No topicadaptation 40.2%
LowestN-bestWER 34.6%
Generaltrigram 40.1%
TFIDF leaves,min PP 39.6%
TFIDF leaves,uniform 39.7%
Bayesleaves,min PP 39.5%
Bayesleaves,uniform 39.5%
Bayesorphantree200k+leaves,min PP 39.6%
Bayesorphantree200k+leaves,uniform 39.6%

Table10: Developmentsetworderrorrateusingdifferentlanguagescores.

For both the evaluationanddevelopmentsets,thereis no largeWER differ-
encebetweenusinguniform modelinterpolationweightsor choosingweightsby
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Condition WER
2ndpassdecoderoutput 35.5%
TFIDF leaves,min PP 35.3%
TFIDF leaves,uniform 35.5%
Bayesleaves,min PP 35.4%
Bayesleaves,uniform 35.4%
Bayesorphantree200k+leaves,min PP 35.3%
Bayesorphantree200k+leaves,uniform 35.5%

Table11: Evaluationsetworderrorrate.

minimizing perplexity. Rescoringthe N-bestlists with the topic scorefrom the
interpolationof Bayes-chosenleavesresultsin thegreatestdecreasein WERover
theoriginal 1stpasstranscription(no adaptation)on thedevelopmentset. In this
casetheerrorratedropsfrom 40.2%to 39.5%.Adaptationwith eithertheTFIDF-
chosenleavesor theorphantreelowerstheWERto 39.6%.However, noneof the
topic scoresresultsin a significantimprovementin WER on the evaluationset.
Adaptationon theevaluationsetwith Bayes-chosenleavesresultsin only a 0.1%
decreasein WER.

For both the developmentandevaluationsets,rescoringwith a Kneser-Ney
smoothedgeneraltrigrammodel(asopposedtoourGood-Turingsmoothedgeneral
model)resultsin alowerWERthanthetopicmodels[12]. TheKneser-Ney model
resultsin a WER of 39.4%on thedevelopmentsetand34.9%on theevaluation
set. Therefore,while topic adaptationdoesresult in slightly betterWERsthan
no adaptation,future work in topic adaptationmust include better smoothing
techniquesfor modelsbuilt from smallamountsof trainingdata.

4 Conclusion

Large-scale,finely tunedtopicadaptationis possibleanddoesresultin adecrease
in perplexity andaslightdecreasein WERin theBroadcastNewsdomain.Choos-
ing the 20 most topic-similarclustersfor an individual story from among5883
candidatesand interpolatingmodelsbuilt from theseclustersresultsin a 15%
decreasein perplexity overageneralBroadcastNewsmodel,evenwhentheword
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error rateof the story hypothesisusedfor topic detectionis quitehigh. Having
many candidateclusterspermitsfinetopicdistinctionandthepossibilityof mixing
of topicsin a way thatmight not have beenpreviously seenin the trainingdata.
Furthermore,thesemanticlandscapeof BroadcastNews hasbeenmappedout in
two differenttopic trees. Futurework mayfind thesestructureshelpful in more
complex topicdetectionandadaptationsystems.
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