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ABSTRACT

Traditional approachedo languagemodelling have relied on a
fixedcorpusof text to inform the parametersf aprobabilitydistri-
bution overword sequencedncreasinghecorpussizeoftenleads
to betterperforminglanguagemodels,but no matterhow large,
the corpusis a static entity, unableto reflectinformation about
eventswhich postdatet. In thesepageswe introducean online
paradigmwhichinterlearestheestimatiorandapplicationof alan-
guagemodel.We presenta Bayesiampproactto onlinelanguage
modelling,in which the maginal probabilitiesof a statictrigram
modelaredynamicallyupdatedo matchthe topic beingdictated
to thesystem We alsodescribehe architectureof a prototypewe
have implementedvhich usesthe World Wide Web (WWW) asa
sourceof information,andprovide resultsfrom someinitial proof
of conceptexperiments.

1. BACKGROUND

Of pressingconcernto languagemodellingresearchers how to
detectandaccountfor a “non-stationary”sourcethatis, a source
of wordswhosedistribution change®ver time. To takea concrete
example,supposave putan ASR systento thetaskof transcrib-
ing the evening news (to automaticallygeneratea transcriptfor
thehearing-impairedsay). Theanchomay begin with a segment
on Bosnia,in which wordssuchasstri f e, f am ne, Ser bs,
Al bri ght andU. N. aremore probablethanin general. Then
theanchomovesto astoryonthelditaroddogsledracein Alaska,
during which time the wordssnow, nmush, col d andcani ne
aremorelikely thanin general. Adaptive languagemodellingad-
dresseshetaskof ensuringhata modelkeepsup with achanging
sourcedistribution. In short: asthe topic changesso shouldthe
model.

Oneapproacthasbeento partitionthe training corpusinto a
numberof topics—acoarsedivision might be sports politics and
uselesdanter—andtrain individual modelson eachtopic. When
applyingthis compositemodel,oneneedssomehav to detectthe
topic at handand selectthe model appropriateto the topic. A
somavhat more refinedapproachis to allow a few topicsto be
active atonce andapplyaweightedaverageof theindividualtopic
models[1].

Theseapproachesely on a training corpusfixed “offline;
prior to applyingthe model. Suchan approachworkswell when
thetopicathandis to befoundin thetrainingcorpus but notwhen
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Figurel: ASR systemusingjust-in-timelanguagenodelling.

thetopicis absenfrom thecorpus.Thisis nota problemthatcan
be fixedwith Moore’s law andpatience:nearlyary sourcedistri-
bution which an ASR systemis goingto encountewwill changeas
eventsoccurin the world. No speechrecognitionsystemtrained
on dataprior to 1993, for example,could possiblyrecognizethat
Mar | i ns andbasebal | haveastronglexical correlation.

Thisdocumentlescribeslanguagenodellingsysterrin which
the estimationandapplicationof the modelarecoupled;thatis, a
modelwhich learnsasit works. We ervision the behavior of an
ASR systemincorporatinghis languagenodelasfollows (Figure
1). In processing single utterancethe systemusesthe current
languagemodelto generatea hypothesidor the utterance. The
hypothesiss then(while thesystermmawaitsthenext utterancesay)
sentto aqueryengine which generateanupdatecorpusbasedn
usingthe hypothesisasa setof keywordsin a search. The lan-
guagemodelis reestimatedo takeinto accounthe updatecorpus,
andcanbeappliedeitherto rescorghecurrentutteranceor justto
procesghenext utterance.

2. AN ONLINE MODEL OF LANGUAGE

Given is somestationarydistribution (our default model) S. We
imagineS to beatrigramor similarcorventionalanguagenodet,
whoseparameterbave beenestimatedffline on alarge corpusof
text C's. Thesystemis occasionallyprovidedwith an“updatecor
pus”of text Cy; which (onehopeshasa highsemanticorrelation
with the currenttopic of dictation,but which s likely to be much
smaller—by severalordersof magnitude—thait’s.

How one generatesucha corpusis takenup in the follow-
ing section. Our concernhereis to constructa languagemodel
A which incorporateknowledgegleanedrom Ci, into S. Some
desiredpropertiesof A:

1we makeno explicit assumptionabouttheform of S in whatfollows,
thoughthe prototypedescribedater useghetrigrammodelof [2]



(1) The influencewhich the updatecorpusCy; plays should
increasewith its size (humberof words) N;,. Thatis, as
its sizeincreaseswe shouldconsiderC;; a morereliable
sourceof information,andpay it greatetheed.

(2) But how muchgreatertheed?Thereshouldbe a “knob” to
adjusthow muchwe adjustS asa function of the size of
theupdatecorpus.

We’'ll considedanguagenodelsin the exponentialfamily

F={X:pylx,A) = M s(ylx)} 1)

_1
Z(z)
where

¢ s(y|x) is the probability (value) which the staticmodel S
assigngto the event that word y follows the sequencef
wordsx;

e X ={)\, \2,...} isasetof real-\aluedparametersonefor
eachword. Roughlyspeaking), representanadjustment
to themaiginal probability of word y in S. In otherwords,
wordy is onaverageaboute*» moreprobableaccordingo
A thanaccordingo S.

e Zx(x) is anormalizationterm, ensuringzyp(y|x, A) =
1.

Onememberof F is of particularinterest,namelythe model
with A = {0,0,0...}, whichwe’ll write as\°. Thisis just an-
otherway of writing S, the staticdistribution.

If theevent(x, y) (theword y following thewordsx) occurs
cu(x, y) timesin a corpusof text which we denoteby Cy, then
the probabilitywhich themodel assigngo Cy, (the“likelihood”
of Cy) is

p(Culr) =

cu(X,y)
] 2

ekys(y|x)
11 e

We will also requirea probability distribution over models
A € F, for whichwe adopta Gaussian:

s = = [ ew (—37) ®)

A Gaussianprior of the form (3) imposesa “smoothnesson-
straint, penalizingmodelsby the amountthey diverge from the
default distribution S. A justification for this approachcomes
from Occams Razor which, in this context, prefersthe smoothest
amongcompetingnodelsof thedataCy,.

One canthink of o2, the real-alued parametein (3), asa
degreeof trustin theupdatecorpus.As o decreaseshea priori
probability of a modelwith large parameters,, decreasesThat
is, the prior distritution of modelsbecomespeakedaround\®,
the modelwith no adjustmentsn mawginal probabilities. Thus o
seemdo satisfythe seconf our desiderata.

The MAP-optimal model

Given a samplingdistribution (2) anda prior distribution (3), we
arenow in a positionto introducethe posteriordistribution. For a
particularupdatecorpusCy, define@Q(X), thequality (or posterior
probability) of model, as

Q) = p(ACu) 4

Q(X) rankscandidatanodelsby how likely they are,in light of the
updatecorpusCy,. Theoptimalmodel\*—the onewith the high-
estscore—iswritten A* = amgmax p(A|Cy). Applying Bayes'’
law,

P(CulN)p(X)
p(Cu)

We candrop off the denominatoiin the last equalitysinceCy, is
independenof A.

Noticethatin the caseof a uniform prior p(}), the optimiza-
tion problemposedby (5) reducesto maximumt-likelihood: find
that\ which assigngnaximalprobabilityto thedataCy,.

It hasbeenrecognizedor sometime in the computervision
community[3] thatthis type of Bayesiarapproactcanbeviewed
asaninstanceof regularization, a popularmethodfor solvingill-
posedoptimizationproblems.Givena setof dataanda family of
candidatemodelswhich accountfor the data,regularizationpre-
scribegthatthe optimalmodel\* maximize

F(X) = D) + aT())

where D(X) measurediow well A accountsfor the data, 7'())
measureshe smoothnessf the model A\, and« is a real-valued
parametemvhich governsthe tradeof betweenthesetwo objec-
tives.

F(X) may reasonablybe viewed asa fitnessfunctional over
condgionalprobabiIitydistrimtions. In this setting,it canbewrit-
tenas:

F(A) =

A* = argmax, = agmaxp(Cu|A\)p(A)  (5)

log p(Cu|A) + log p(A)
Z cu(x, y) log p(y|x, A)

X,y
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The constanty = 2% is a hyperparametetrading off between

well-fitted (o large) andsmooth(c? small) distributions.
Substituting(2) and(3) into (5),

1 ox e™v s(y|x)
QX = Voro? 1;[ P ( 202) H [Z e*vs(y|x)

It is a straightforwardexercisein calculusto derive the con-
dition for A}, the optimal value of A, (Spaceprecludesa more
thoroughtreatmentere but detailsareavailablein [4]):

Ay
Nu +Pu Zp“

wherep, (X, y) = cu(x, y)/Nu.

Someobsenationsabout(6):

o As Ny getssmall, A} tendsto zero. Thisis justwhatone
would hopeand expect: asthe size of the updatecorpus
shrinks,the optimal updateto the mamginal probability of
y shouldvanish. The sameoccursin the caseof small o2,
whichis like sayingthatwe don' trustthe updatecorpus.

. Con/erselyasNu or o2 getslarge, (6) become., (y) =
> Pu(x)p(ylx, A). In otherwords,adjust\} sothatthe
malglnal probablllty of y in the model A exactly matches
its maginal probabilityin the updatecorpus.

:| cu(x, y)

p(ylx,A) =0 ©)

2Hereandelsavhere K meangconstantwith respecto thevariable(s)
of interest; in thiscase\,.



Iterative scaling

We now discusshow to compute given an updatecorpusCy, and
avaluefor o2, the optimalmodel\*. This approactderivesfrom
theiterative scaling algorithm,amethodor findingthemaximum-
likelihood A* (i.e. in the caseof a uniform prior). Therearesome
technicalissuesto contendwith whenthe optimal settingfor A,
is non-finite; theseand other aspectof the iterative scalingare
addresseth [5].

In seeking\*, it helpsto recastthe problemto a slightly dif-
ferentform. Startingfrom somemodel A, we seekthe optimal
changeA, to eachparametern\,. We denotethe vectorof (ad-
ditive) changedy A. Applying an auxiliary function amument
commorin suchsettingsweinsteadnaximizeafunction A(A) <
QX + A) — Q(X), whosederiative is givenby

PUL) Mt )+ Y puplule N ()

98,  Nuo?

Finding the optimal A, is a matterof settingthis expressionto
zerofor eachy andsolvingfor A, . As asanitycheck,noticethat

e As Ny getslarge,(7) turnsinto alinearversion(linearsince
the constraintsare non-overlapping)of the standardtera-
tive scalingequationitheprior termdropsoutandCy, fully
dictategheupdateA,,. Thesamething happensiso? gets
large, meaningthatwe placeno weighton the prior model
S.

o As Ny or o? getssmall,(7) turnsinto %

= 0; that
Nyo

is, A, = —\,. Soasthe updatecorpusshrinks,the opti-

mal choiceof A, is the onewhich exactly cancelout ary

changewve've madeto the staticmodelsS.

Efficient scoring

Membersof the exponentialfamily F, asspecifiedin (1), have a
practicaldeficieng: calculatingthe probabilitywhich a particular
A € F assigndo theevent(y, x) involvesa sum,in the partition
function Z(z), overall possiblewordsy:

Zx(z) = Zekys(mx) (8)

A considerablespeedugn evaluating(8) canbe realizedby the
following heuristic.If theword y doesnotappearor appearsery
rarely)in the updatecorpusCy,, thenfix A, = 0, onthegrounds
thatwe haveinsufiicientevidenceto alterthestaticmaiginal prob-
ability of y. This assumptions clearlyfalse,sincethe absencef

y is informative in itself. Theassumptioralsoviolates(7), which

dictatesthat,if A\, = 0 andp.(y) = 0, then

A
Lo+ 3 pu()p(yx Ve =0

Ny

So A, # 0in generalgevenif its empiricalcountis zero. In fact,
theappropriatesettingof A, is negative in this case However, by
applyingthis heuristic,we canrealizea savingsasfollows. Denot-
ingby Y theset{y|y € Cy/} andby Y thecomplemenbf thisset,

we canrewrite (8) as
D eMsylx) + Y s(ylx)

Zx(z) =
yeY yeY

14> (e = Ds(ylx)

yey

Sowe've reducedhe sumover all wordsto a sumover justthose
wordswhich appearedn the corpusCy,, which canamountto a
significantcomputationasavings.

3. SYSTEM ARCHITECTURE

We have left muchunsaidregardingthe implementatiorof a dy-
namiclanguagemodel. Herewe describesomeof the detailsof
one particularimplementationthe following sectionsummarizes
performanceesultsof the system.

Oursystenoperatedn both’sequentialand’rescoring’modes.
Sequentiainode designedor measuringheperpleity of text, as-
signsa probability(a score)to theinput sentencdy relying solely
onthe currentlanguagemodel. Theinput sentencés alsousedto
generatean updatecorpusCy,, from which the currentlanguage
modelis updatedvia the methodsdescribedn the previous sec-
tion. The updatedmodelis thenreadyto be appliedto the next
sentence.The sequentiamethodbenefitsfrom andin fact relies
uponsometopicalcoherencérom onesentenceo the next.

'Rescoring’modeis designedor measuringvorderrorrateof
aspeechaudio)signal. Fromaninpututterancean ASR system,
equippedvith atrigramlanguagemodel,producesa hypothesized
utterancewhich is usedto generatean updatecorpusCy,. From
Cy we canconstrucenupdatedanguagenodel,whichis applied
to generate refinedhypothesi®f theinput utterance Unlike the
'sequentialapproachrescoringis aniteratve procedurethough
in practicewe iterateonly oncein generating final hypothesis.

Descendingnelevel of abstractionye now describethe be-
havior of the query engine,whosetaskis to generatean update
corpusfrom a query As depictedin figure 2, the queryengine
first filters noisewordsfrom the query andthenpasseshe query
to a Web searchengine. We experimentedwith two searchen-
gines: AltaVista[6], which indexes over 100 million Web pages
of all kinds; andNews Index[7], which indexesabout200 online
news sourcedut revisitsthemfrequently Webpagedoundby the
searclenginearefetchedin orderof relevancein amultithreaded
mannery strippedof HTML formattingtags,andaddedto the up-
datecorpusuntil it reacheghe desiredsize. An updatecorpus
of 10, 000 wordstypically containsabouttwenty Web pagesand
takesaboutthreeminutesto generate Theseweb pagescomprise
theupdatecorpusCy,, from whichthetechniqueslescribedn the
previoussectiongenerate new model\’, readyfor usein decod-
ing the next utterance.

4. EVALUATION

This sectiondescribes setof experimentdesignedo gaugethe
ability of adynamicdanguagemodellingsystento reduceperple-
ity.

Tablel summarizesheperpleity of threedifferentnevswire
texts usinga sequentiabpproachThetablealsodemonstratethat

Hypothesized
utterance | Stopwor d
filter

Update corpus

Query | Search engine}» v

(AltaVista) World Wide

normalization

Figure2: Queryenginegeneratingnupdatecorpusfrom the Weh.



| IRS | China | Marathon

Statictrigrammodel 313 781 1060
Dynamic(usingAltaVista) 315 781 1038
Dynamic(usingNewsIndex) | 298 704 1016

Table 1: Perpleity of three AP newswire storiesof 11/1/97—
on IRS reform, US-Chineserelations, and the New York City
Marathon—using staticanddynamicmodel.
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Figure3: Obseneddependencef perpleity of asegmentof brod-
castnews dataon thevalueof o2.

News Index—which, beinga news-onlyindex hasahigher“signal
to noise” ratio than AltaVista—is the bettersource,and thuswe
employit exclusively in subsequergxperiments.

Prior to generatingary results,we appliedbinary searchto
discover the maximum-likelihoodvalue of o2 for a heldouttext
corpus. Figure 3 depictsthe obsened dependeneof o on the
perplity of anexcerptof broadcashews datatakenfrom a the
Hub4 evaluationset. Here we usedthe News Index sourceand
the rescoringdecodingapproach.(It makeslittle senseto report
perpl«ities in rescoringmode,but figure 3's interestlies only in
the quality of the resultingsystemas a function of +2). Based
onfigure 3, the valueof o* wasfixedat 0.8 for the experiments
reportedn tablel.

5. CONCLUSION

We have presentedh Bayesianframevork for dynamiclanguage
modelling,and discussedne particularimplementatiorof a dy-
namiclanguagenodellingsystem.Thoughthe describedsystem
is nottodaysuitablefor areal-timeASR systemgiventhe lateny
of the web, a nominally alteredarchitecture—fetchingn update
corpusin the backgroundafter every few sentencessay or even
relying onalocalinformationsource(presumablyof narrover ex-
tentthanthe WWW)—could makeuseof the approactdescribed
herein.

Consideringthat no effort was expendedon trying to coax
“relevant” queriesfrom the searchengineby judicious selection
of keywordsfrom the query we considerthe performanceof our
prototypeencouragingWe arepursuingmorerefinedapproaches
to generatingan updatecorpus andplanto incorporatehesystem
into the CMU Sphinx([8] speeclrecognitionsystemto determine
whateffectthis approactcanhave onword errorrate.
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