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Abstract

The subjectmatterof arny corversationor documentcantypically be described
assomecombinationof elementatopics. We have developeda languaganodel
adaptatiorschemehattakesapieceof text, chooseshemostsimilartopicclusters
from asetof over 5000elementatopics,andusesopic specificlanguaganodels
built from the topic clustersto rescoreN-bestlists. We are ableto achieve a
15%reductionin perpleity anda smallimprovementin word errorrateby using
this adaptation.We alsoinvestigatethe useof a topic tree,wherethe amountof
training datafor a specifictopic canbejudiciously increasedn casesvherethe
elementatopic clusterhastoo few word tokensto build a reliably smoothedand
representate languagemodel. Our systemis ableto fine-tunetopic adaptation
by interpolatingmodelschoserfrom thousandef topics,allowing for adaptation
to unique,previously unseercombinationf subjects.



1 Intr oduction

In this paper we explore large-scalefine-tunabletopic adaptatiorfor statistical
languagemodeling. We areinterestedn takingtheinitial transcriptionof a story
suppliedoy aspeechecognizeridentifyingasetof topicsthatdescribehecontent
of thestoryby choosingopic-specifisubset®f thelanguagenodeltrainingtext,
building a languagemodelfrom eachof the selectedsubsetsinterpolatingthese
modelsat the word level, andusingthe new languagemodelscoreto reevaluate
speechrecognitionhypotheses.The goal of the adaptations to lower the word
error rate (WER) of the story transcriptionoutput by the speechrecognizerby
providing languagenodel scoresthat reflecta higher expectationof wordsand
word-sequencethat are characteristiof the identifiedtopicsof the story. This
adaptatiorcanbedescribeaslarge-scaldecauséhemostsimilartopicsto anewv
pieceof text arechoserfrom a setof over 5000topic candidatesOnestrengthof
thisapproachs theability for diverse typically unrelatedopicsto beselectedind
interpolatedogetheto matchtheuniqueeventspresentn anew story. Previously
unseencombinationsof topics occur frequentlyin domainssuchas Broadcast
News, wherecurrenteventsdictatethe contentf eacharticle.

2 Topic Adaptation
Thetopic adaptatiorschemeave areusingconsistof thefollowing steps:

1. Storiesfrom an annotatedcorpusthat sharesimilar topics are gathered
togethelinto a setof clustersbasedn manually-assignekieywords.

2. A classifienis usedo find theclusterghataremostsimilarin topicto astory
transcriptionoutputby a speectrecognizer

3. Languagenodelsarebuilt from eachof the clustersof datafoundto bethe
mostsimilar to the new story.

4. Thelanguagemodelsareinterpolatecatthewordlevel andtheinterpolated
scoreis usedto rescorethe speechrecognizers hypothesesn an N-best
framework.

Eachof thesestepswill bereviewedin detailin thefollowing sections.
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Figurel: Keyword-basedopic clusters.

2.1 Clustering

Given a corpuswith story boundariesmarkedand manually-choserkeywords
assignedo eachstory, topic clustersarecreatedoy definingeachuniquekeyword
asalabelfor aclusterasin Figurel. Eachkeywordrepresentanelementatopic,
andall storiesthathave that keyword areassignedo its particularcluster Each
clusteris thena candidateo be usedin topic adaptation.

Topictreescanbebuilt from thetopic clusterdy treatingtheclustersasleaves
anditeratively memging the topicstogetherto form a tree,asin Figure2. When
two clustersarememgedtogethey the resultingnodein the treehasthe benefitof
moretrainingdatawith which to estimatdanguagenodelparameterdyutis more
generalin topic thanthe childrenclusters. We can usethe topic tree structure
to combinethe advantage®f having larger clustersfor parameteestimationand
smallerclusterdor topicfocus. Eachpathfrom leafto rootspecifiesa setof nodes
thatstartoutin averydistincttopicandthengraduallypecomemoregenerahsthe
clustersbecomdarger. At runtime,automatidopicidentificationis performedon
adecodedlocumentindresultsin asmallnumberof active leaftopics. Language
modelsbuilt atvariousnodesalongtheactive pathscanbecombinedo bestmodel
the currentdocument. The constructionof topic treeshasbeenexploredin the
Switchboarddomainby Carlson[1].

Agglomeratve clusteringhasbeenusedsuccessfullyfor topic adaptationn a
mixture modelingframenork [2, 3]. In thesecasestraining datawaspartitioned
into arelatively smallsetof topic clusterglessthanonehundred.)Oneadwantage
of retaining thousandsf individual topic clustersis the ability to make fine
distinctionsbetweendifferentsubjectsandmix unusualtopicstogetherthatmay
occurin afuturestory.

An importantfeatureof creatingtopic clustersbasedn keywordsis thepres-
enceof dataoverlapbetweerclusters.If onestorycontaindive differentkeywords
describingts contentthenthetext for the storywill appeain five differentclus-
ters. Whenusing agglomeratre clusteringto createa topic tree, the effects of
dataoverlapon the measureof clustersimilarity needto be considered.In this
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Figure2: A topictreebuilt from keyword clusters.

work, nocorrectve actionwastakento accountor thesimilarity measuréiasdue
to dataoverlap. Possiblesolutionsinclude excluding the overlappingdatafrom
all similarity calculationsassigninghalf of eachduplicatedstoryto eachleaf, or
usingsupervisedlusteringto makereasonabléecisions.

2.2 Topic Detection

Oncewe have a setof topic clusterswe canusetopic detectionto determinethe
mosttopic-similarclusterso anew pieceof text. We considetwo topicdetection
methodsithe TFIDF classifierandthe naive Bayesclassifier Both methodsnput
astoryandoutputthelist of topic clustersankedn orderof decreasingimilarity.

Even whenthe text given to the classifierscontainsword errors,asis the case
whenwe usespeechrecognitiorhypothesefor detectiontopicdetectiorwill still

performreasonablyvell, aswewill shav belov. Aslongastheworderrorsin the
hypothesisarenot significantlytopic-correlatedthe correctcontentwordsin the
hypothesisvill provide enoughevidencefor the selectionof appropriateclusters.

2.2.1 The TFIDF Classifier

The TFIDF measurd4] assignsa weight to eachuniqueword in a document
representingpow topic-specifichatwordis to its documenor cluster If acluster



containst distinctwords,the clustertext canbe represente@dsa ¢-dimensional
vectorof weightsD; = (w;1, wi2, wis, . . ., wi), Whereeachweightis givenby:

wi, = tfix10g(N/ny) (1)

Thetermfrequeng, t f;;. is the numberof timesthatword & appearsn cluster:.
Theinversedocumenfrequeny componentomputeghe log of the ratio of /v,
thetotal numberof clustersto n;, thenumberof clusterscontainingword . This
weighting function assignshigh valuesto topic specificwords, which arethose
wordsthatappeamith high frequeng within oneclusterbut appeaiin relatively
few other clusters. Words that occurin mary clusters,or that occurwith low
frequeng, aredeemedmoregeneralndareassignedow weights.

Given somenew text representedby weight vector D;, the topic similarity
betweencluster: andthe new text can be computedwith the following cosine
measure:

sim(D;, D;) = =l (2)

Jiﬁwik)zi(w

Equation2 computeghe cosineof the anglebetweenthe two vectorsrepre-
sentingthetwo setsof text. It isnormalizedor vectorlength,sothatlargeclusters
arenotfavored. This similarity measurg@roduces high valuewhenthetwo texts
beingcomparedresimilar, with avalueof 1 whenthey areidentical. A similarity
valueof zeromeanghatthetopicsof thetexts areunrelated.

2.2.2 Naive BayesClassifier

A nawve Bayesclassifiercalculateghe probability of a topic giventhewordsin a
new documentWe makethetraditionalsimplifying assumptiothatwordsin the
documenbccurindependentlyf oneanotherin Equation3.

p(topic | doc)  p(topic) H Psmoothed (Wi | topic) (3)

w; Edoc
The topic priors are computedfrom the topic documentfrequenciesaandthe
probability of aword givenatopicis computedoy smoothingthe unigramdistri-
butionwithin thetopic clusterwith thegeneralunigramdistributionobtainedrom
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theentiretrainingcorpus,asshovn in Equation4. Thesmoothingparametet. is
empiricallychosen.

psmoothed(‘wi | tOPlC) = (1 - a)p(wz | tOpLC) + ap(wl) (4)

Many othertopic detectiontechniquesxist. Imai et al. have developeda
HiddenMarkov Model systenfor topic detectionwhich identifiesmultiple topics
perstoryandconsiderghateachwordin thestoryneednotberelatedto all of the
story’stopics[5]. Joachimsanalyzeseveraltopic detectiomalgorithmsjncluding
TFIDF andthe naive Bayesclassifieyin [6].

2.3 LanguageModels

In the speechrecognitionparadigm,eachtime a new story is decodedan initial
hypothesidranscriptions produced We thenfeedthe hypothesigranscriptiorto
theclassifierwhich chooseshemostsimilartopic clusters.Languagenodelsare
built from thetext in eachof the selectedtlusters.Here,Good-Turing discounted
trigrambackof models[7] usingall bigramsandtrigrams(no cutoffs) werebuilt
with the CMU StatisticalLanguageModelingtoolkit [8].

2.4 Model Inter polation

The individual languagemodelsbuilt from the chosenclusters(or from nodes
fartherup in the treewhenatopic treeis beingused)areinterpolatedogetherat
theword level to producea new languagescore asin Equation5.

k
Prew (wi | wisz, wiia) = Y Ajpj(w; | wi—a, wi1) (5)
7=1
Here, £ is the numberof modelsbeinginterpolated,); is the interpolation
weightfor modely, andzle A; = 1. Thespeechiecognitiorhypothesearethen
reevaluatedn anN-bestparadigmaccordingo thenew languagescores.

3 Experiments

Thetrainingdatausedn theseaxperimentss theBroadcasNews corpusobtained
from PrimarySourceMedia[9]. Thedatausedherecoverstheperiodfrom 1992-



1995andconsistf 130million wordsof news reportsandinterviensfrom ABC
News, CNN, PBS,andNationalPublic Radio. Storyboundariearemarked,and
eachstoryisaccompanietly asetof keywords(4 to 5 onaveragethatdescribehe
story’scontent.Thecorpuswassplitinto topicclustersoy collectingthekeywords
from all storiesandassigningeachkeyword to a cluster Thetext for eachstory
wasassignedo theclustersof the story’s keywords. Many of the keywordshave
sub-catgories,in which casethe sub-catgorieswere separatedrom the main
keyword andtreatedaskeywordsthemseles. Summarystories,keywordswith
only onestoryandcertaingeographidkeywordswereexcluded,resultingin 5883
topic clusters.A samplédist of keywordsis shavnin Tablel.

Gems
GeneralAgreemenbn Tariffs and Trade
GeneraDynamicsCorp.
GeneraElectricCo.
GeneraMills
GeneraMotorsCorp.
GeneraMotorsautomobiles
Generals

Generatiorgap
Genericdrugs
Genericproducts
Geneticcounseling
Geneticengineering
Genetics
Genitalmutilization
Genocide

Genwese Kitty

Geography

Geology

Geoge (Periodical)

Geoge WashingtorUniversity

Table 1: Sampleof topic clusterkeywords. Eachkeyword representsa topic
cluster



The most frequent63k words from the four yearsof BroadcastNews text
definedthevocatulary for calculatingclustersimilarity. Twenty BroadcasNews
articles obtainedfrom the Linguistic Data Consortiums (LDC) releaseof the
BroadcasiNews corpuswererandomlyselectedrom the periodcoveringJanuary
1996 through April 1996 as a testsetto comparethe TFIDF and nave Bayes
classifiers Eachof thesawentyarticlescontaineda minimumof 500wordtokens
andat leastone manuallyassignedkeyword from thelist of 5883topic clusters.
The developmentand evaluation setsfrom the 1996 ARPA Hub4 continuous
speeclrecognitionevaluationwere usedas speeclrecognitiontestsets. These
setscontainstory boundariesyhereeachboundaryindicatesa changein topic.
Thedevelopmensetcontainss7 storiesandtheevaluationsetcontains/4 stories.
The numberof word tokensin eachstory from the developmentand evaluation
setsrangedrom 6t0 2131.

3.1 Topic DetectionExperiments

TheTFIDF andnave Bayesclassifieravereusedor topicdetectioronthetwenty-
story testsetfrom 1996. The Bayesclassifieruseda = 0.25. Eachclassifier
comparedachteststoryto the5883topicleafclustersandgenerate@rankedist
of topic clustersin orderof decreasingimilarity to the teststory. The "correct”
topicsfor eachteststorywerethe manuallyassignedkeywordsthataccompanied
eachstorythatwerealsofoundamongthe5883leaf clusters.Precisiorandrecall
resultsat5, 10and20werecalculatedasin [10] andareshavnin Table2. For this
task,the naive Bayesclassifieroutperformshe TFIDF classifieracrossall three
levelsof precisionandrecall.

Thelargeststory from the Hub4 developmentsetconsistof 2131wordsand
discussesuspicion®f druguseby Chineseswimmersduringthe 19960lympics.
The correctstorytranscriptandthe errorful first-passSphinxIll [11] recognition
hypothesesor this story (45%WER) wereclassifiedusingboththe TFIDF mea-
sureandthe nave Bayesclassifier The 10 mostsimilar clusterschosenby the
TFIDF measurdor the correctanderrorful transcriptsareshavn in Table3. The
10 mostsimilar clusterschosenby the nave Bayesclassifierfor bothtranscripts
areshavn in Table4.

Both classificationmethodschoosereasonabléopics whenusing eitherthe
corrector errorful storytranscripts.For bothclassifierssix of theclusterschosen
whenusingthecorrecttranscriptrealsochoserwhenusingtheerrorfultranscript.
It is interestingto note that the two methodsseemto chooseslightly different
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TFIDF | Bayes
Precisiomat5 | 49.0% | 59.0%
Precisiomat10 | 32.5% | 42.0%
Precisiomat20 | 22.5% | 24.3%
Recallat5 48.5% | 56.1%
Recallat10 62.8% | 79.1%
Recallat20 82.0% | 89.2%

Table 2: Precisionand Recallvaluesat 5, 10 and 20 for the TFIDF and Naive
Bayesclassifiers.

typesof clusters.In this case the TFIDF classifierchoosesnary clustersabout
China, whereaghe naive Bayesclassifierchooseamore sports-relatealusters.
Mostimportantly we seethatthe clusterschoserby eithermethodwhenusinga
transcriptwith ahighword errorratearerelatedto thetopic of thestory.

3.2 Perplexity Reduction

In orderto determinethe bestway to interpolatetopic specificlanguagemodels,
we varied the numberof topic specificmodelschosenper story for adaptation
and measureddevelopmentset perplity. First, topic detectionwas run using
the TFIDF andnawve Bayesclassifieroon errorfulfirst-passSphinxIll recognition
hypothesedrom eachof the 57 storiesfrom the developmentset. The word
error rate (WER) of the developmentsetwas40%. A 51k vocalulary general
trigram backof languagemodelwasbuilt from LDC'’s releaseof the Broadcast
News corpus. Good-Turing discountedtrigram backof languagemodelswere
built from eachof the 20 most similar topic clusterschosenby the classifiers
for eachdevelopmentsetstory. The perplity for eachstory wascomputedoy
interpolatingthe mostsimilar 5, 10 or 20 topic modelsfor eachstory with the
51k generalanguagamodelattheword level. Model interpolationweightswere
obtainedwith the EM algorithm and perpleity was computedusing two-way
crossvalidation. All of thestoryperpleities werecombinedattheentropylevel
to adjustfor differentnumbersof word tokens)to give a final developmentset
perplity. Resultsare shavn in Table 5. Using twenty topic modelschosen
by the nave Bayesclassifieryields the greatesteductionin perpleity over the
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TFIDF Classifier
CorrectTranscript Errorful Transcript(45%WER)
China China
Olympic Games Favorednationclause
Olympic GamesBarcelonal992 | ChineseAmericans
Favorednationclause Olympic Games
ChineseAmericans Intellectualpropertyrights
Drugtesting Chinesan the United States
Olympic GamesAtlanta, 1996 Olympic GamesBarcelona1992
Intellectualpropertyrights Wu, Harry
Swimming Civil rights
Athletes Zemin,Jiang

Table3: Tenmostsimilar clusterschosenwith TFIDF, correctanderrorful tran-
scripts.

generaBroadcasiNews modelfrom 222to 188,a 15%treduction.

Next, webuilt twotopictrees.Thefirst treewasbuilt automaticallyby memging
the5883topic leaf clustergteratively to theroot. At eachiteration,thenodewith
thefewestwordswaschoserto be mergedwith its mostsimilar node , which was
choserby the TFIDF classifier The secondreewashbuilt in the sameway asthe
first, exceptthatif the similarity valuebetweernthe smallestclusterandits most
similar clusterwasbelow a thresholdof 0.3, the smallesiclusterwas’orphaned’,
or linked directly to the root. The orphantreedid not force a memge if no good
matchexisted,whereagthe automatidreeforceda mergeat eachiteration.

The5883leafclustergangen tokensizefrom 393t0 6,234,183 .Two hundred
thirty of the5883leafclustersontainlessthanonethousandvordtokens.In cases
wheresofew tokensareavailable,adaptatiormay benefitfrom usingmoredata.
In aneffort to verify this hypothesisthreedevelopmentetstoriesandoneof the
mostsimilar leavesfor eachstory wereselected.For eachof thethreestory-leaf
pairs, languagemodelswere built at variousnodesalong the path from leaf to
rootfor boththeautomatidreeandtheorphantree. Eachmodelwasinterpolated
with the 51k generalmodel,andthe perplity of the story wascomputedusing
two-waycross-alidation. In all casestheperpleity decreasedr stayedhesame
whenamodelbuilt from a nodewith moredatathantheleaf clusterwasused,as



Naive BayesClassifier
CorrectTranscript Errorful Transcript(45%WER)
Olympic GamesBarcelonal1992 | Olympic Games
Olympic Games Olympic GamesBarcelona1992
Drugtesting China
Athletes Athletics
Sports Drugtesting
Gymnastics Olympic GamesSydney, 2000
Louganis Gregg Gymnastics
Athletics Runningraces
Diving Athletes
Olympic GamesSeoul,1988 Wu, Harry

Table4: Tenmostsimilar clusterschoserwith naive Bayesclassifiey correctand
errorful transcripts.

shavn in Tables6 and7. For example,interpolatingaleaf clustelanguaganodel
built from 35,680tokenswith the generalanguagemodelresultsin a perpleity
of 219, whereasnterpolatinga languagemodelbuilt from a nodelocatedhigher
up the pathwith 100,500tokenswith the generallanguagemodel resultsin a
perpleity of 210. This limited exampledemonstratethatat leastin somecases
wheninterpolatingonly oneleafwith thegeneralanguagenodelperstory, adding
additionalrelevanttext is helpful.
Topictreeadaptationvastestedbnthedevelopmensetstorieshy settingtoken
cutoffs. In all casestwentyleafclustersvereconsideregberstory For bothtrees

Generaimodel | 222

Leaves| TFIDF | Bayes
5 193 193
10 191 189
20 189 188

Table5: Developmentsetperpleity, leavesonly.
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Pathsin automatidree
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: Perpleity variationmaoving up automatidreepathsfrom leafto 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: Perpleity variationmoving up orphantreepathsfrom leafto root.

(automaticandorphan) whenerer aleaf clusterwaschoserfor interpolation the
topic modelwashbuilt from thelowestnodein the pathfrom leaf to root thathad
at leastas mary word tokensas the predeterminedhreshold. Thesenodesare
referredto as’active nodes’in the discussiorbelown. Thresholdof 50k and200k
wereset. Occasionallythe pathsfor similarleavesmerge,andin thesecasedess
thantwenty modelswere interpolatedfor thosestories. The generalbroadcast
news model(i.e. the modelat the root of the tree)wasalwaysinterpolatedwith
thetopic models.

In thecaseof theorphartree sometimeshenodejustbelav theroat in anactive
pathhadfewertokensthanthethreshold)eaving only theroot nodewith enough
tokensfor interpolation. Therefore,two orphantree scenariosvere evaluated:
in thefirst, all pathsthat assignedhe root asthe active node(becausall other
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nodesin the pathhadfewer tokensthanthe threshold)wereleft out completely

meaninghatthe selectedeaf did not contritute a modelfor interpolation.In the

secondscenariadesignatedby ‘+leaves’), all pathsthatassignedheroot asthe

active nodebuilt thetopic modelfrom theleaf of thepath,eventhoughtherewere

fewertokensin theleaf nodethanthethreshold.Perpleity resultsfor thesecases
areshavn in Tables8 and9. In all casesjnterpolatingtopic modelsresultsin a

decreas@ perpleity overusingonly thegeneratrigrammodel. Generallynone
of thetreescenariosvorksaswell asinterpolatingonly theleaves,exceptfor the

Bayesorphantree '+leaves’ caseswhich performaswell asthe twenty Bayes
leaves.

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

Table8: Developmentsetperpleity, automatidree.

Generamodel 222
Tokenthresh| TFIDF | Bayes
Leavesonly 189 188

50k 191 189
50k+leaves 190 188
200k 196 192

200k+lexes | 191 188

Table9: Developmentsetperpleity, orphantree.

3.3 N-bestRescoring

Next, we wantedto seeif usingthesemodelsto rescoreN-bestlists would lead
to a reductionin recognitionWER. Two interpolationweighting schemeavere
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tested.In thefirst, indicatedoy 'min PP’,theclusterlanguagenodelsandthe51k

generalanguagenodelwereinterpolatedvith weighsobtainedy minimizingthe
perplity of the errorful first-passiecodehypothesis.The secondnterpolation
scheme;uniform’, assigned weightof 0.55to thegenerablk languagenodel
and uniform interpolationweightsto the remainingtopic models. Rescoring
consistedof using the original acousticscore,the newv languagemodel score,
and a word insertionpenalty For the developmentset, N = 500, and the for

the evaluationset, N = 200. Filled pauseswere predictedfrom manually set
unigramprobabilities[12]. For the developmentset,thefirst-passWER with no

rescoringwas 40.2%. The lowest N-bestWER, found by using the reference
transcriptsto choosethe N-besthypothesesvith the lowesterror, was 34.6%.
ThelowestN-bestWER representanupperboundon the performancef N-best
rescoring.Usingjustthe51k generalanguagenodelto rescoreesultsin aWER

of 40.1%. Languagemodelscoreandinsertionpenaltyweightswere choserby

two-waycrossvalidation,andthe averageweightvalueswereusedfor evaluation
setrescoring. The evaluationN-bestlists were generatedafter two passeof

the Sphinxlll decoder Topic adaptatiorscenariogestedwith rescoringinclude

twenty TFIDF-choserieaves,twenty Bayes-chosefeavesandthe Bayesorphan
"+leaves’ topic treewith atokenthresholdof 200k. Rescoringesultsareshavn

in TableslOandl1l.

Condition WER
No topic adaptation 40.2%
LowestN-bestWER 34.6%
Generalrigram 40.1%
TFIDF leaves,min PP 39.6%
TFIDF leaves,uniform 39.7%
Bayesleaves,min PP 39.5%
Bayesleaves,uniform 39.5%
Bayesorphantree200k+leaes,min PP | 39.6%
Bayesorphantree200k+leaes,uniform | 39.6%

Table10: Developmentsetword errorrateusingdifferentlanguagescores.

For both the evaluationanddevelopmentsets,thereis no large WER differ-
encebetweerusinguniform modelinterpolationweightsor choosingweightsby
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Condition WER

2ndpassdecodenutput 35.5%
TFIDF leaves,min PP 35.3%
TFIDF leaves,uniform 35.5%
Bayesleaves,min PP 35.4%
Bayesleaves,uniform 35.4%

Bayesorphantree200k+leaes,min PP | 35.3%
Bayesorphantree200k+leaes,uniform | 35.5%

Tablel11: Evaluationsetword errorrate.

minimizing perpleity. Rescoringthe N-bestlists with the topic scorefrom the
interpolationof Bayes-choseleavesresultsin thegreatestlecreasen WER over
the original 1stpasstranscription(no adaptationpn the developmentset. In this
caseheerrorratedropsfrom 40.2%to 39.5%. Adaptationwith eitherthe TFIDF-
chosereavesor theorphantreelowersthe WER to 39.6%. However, noneof the
topic scoresresultsin a significantimprovementin WER on the evaluationset.
Adaptationon the evaluationsetwith Bayes-choseleavesresultsin only a0.1%
decreasen WER.

For both the developmentand evaluationsets,rescoringwith a KneserNey
smoothedjeneratrigrammodel(asopposedo our Good-Turing smoothedeneral
model)resultsn alowerWERthanthetopicmodelg12]. TheKnesefNey model
resultsin a WER of 39.4%on the developmentsetand34.9%on the evaluation
set. Therefore,while topic adaptatiordoesresultin slightly betterWERsthan
no adaptation,future work in topic adaptationmustinclude better smoothing
techniquedor modelsbuilt from smallamountof trainingdata.

4 Conclusion

Large-scalefinely tunedtopic adaptations possibleanddoesresultin adecrease
in perplity andaslightdecreasen WERin theBroadcasNewsdomain.Choos-
ing the 20 mosttopic-similar clustersfor an individual story from among5883
candidatesand interpolatingmodelsbuilt from theseclustersresultsin a 15%
decreas@é perplity overageneraBroadcasiNews model,evenwhentheword
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error rate of the story hypothesisusedfor topic detectionis quite high. Having

mary candidatelustergpermitsfine topicdistinctionandthepossibilityof mixing

of topicsin away that might not have beenpreviously seenin the training data.
Furthermorethe semantidandscap®f BroadcastNews hasbeenmappedutin

two differenttopic trees. Futurework may find thesestructureshelpful in more
comple topic detectionrandadaptatiorsystems.
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