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ABSTRACT

Traditional approachesto languagemodelling have relied on a
fixedcorpusof text to informtheparametersof aprobabilitydistri-
butionoverwordsequences. Increasingthecorpussizeoftenleads
to better-performinglanguagemodels,but no matterhow large,
the corpusis a static entity, unableto reflect information about
eventswhich postdateit. In thesepageswe introducean online
paradigmwhichinterleavestheestimationandapplicationof alan-
guagemodel.We presentaBayesianapproachto onlinelanguage
modelling,in which themarginal probabilitiesof a statictrigram
modelaredynamicallyupdatedto matchthe topic beingdictated
to thesystem.We alsodescribethearchitectureof aprototypewe
have implementedwhichusestheWorld WideWeb(WWW) asa
sourceof information,andprovide resultsfrom someinitial proof
of conceptexperiments.

1. BACKGROUND

Of pressingconcernto languagemodellingresearchersis how to
detectandaccountfor a “non-stationary”source;that is, a source
of wordswhosedistribution changesover time. To takeaconcrete
example,supposewe put anASR systemto thetaskof transcrib-
ing the evening news (to automaticallygeneratea transcriptfor
thehearing-impaired,say).Theanchormaybegin with asegment
on Bosnia,in which wordssuchasstrife, famine, Serbs,
Albright andU.N. aremoreprobablethanin general.Then
theanchormovesto astoryontheIditaroddogsledracein Alaska,
during which time the wordssnow, mush, cold andcanine
aremorelikely thanin general.Adaptive languagemodellingad-
dressesthetaskof ensuringthatamodelkeepsupwith achanging
sourcedistribution. In short: asthe topic changes,so shouldthe
model.

Oneapproachhasbeento partition the trainingcorpusinto a
numberof topics—acoarsedivision might besports,politics and
uselessbanter—andtrain individual modelson eachtopic. When
applyingthis compositemodel,oneneedssomehow to detectthe
topic at handand selectthe model appropriateto the topic. A
somewhat more refinedapproachis to allow a few topics to be
activeatonce,andapplyaweightedaverageof theindividual topic
models[1].

Theseapproachesrely on a training corpusfixed “offline,”
prior to applyingthemodel. Suchanapproachworkswell when
thetopicathandis to befoundin thetrainingcorpus,but notwhen
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Figure1: ASRsystemusingjust-in-timelanguagemodelling.

thetopic is absentfrom thecorpus.This is not aproblemthatcan
befixedwith Moore’s law andpatience:nearlyany sourcedistri-
butionwhichanASR systemis goingto encounterwill changeas
eventsoccurin the world. No speechrecognitionsystemtrained
on dataprior to 1993,for example,could possiblyrecognizethat
Marlins andbaseball haveastronglexical correlation.

Thisdocumentdescribesalanguagemodellingsystemin which
theestimationandapplicationof themodelarecoupled;that is, a
modelwhich learnsasit works. We envision the behavior of an
ASRsystemincorporatingthis languagemodelasfollows (Figure
1). In processinga singleutterance,the systemusesthe current
languagemodel to generatea hypothesisfor the utterance.The
hypothesisis then(while thesystemawaitsthenext utterance,say)
sentto aqueryengine,whichgeneratesanupdatecorpusbasedon
usingthe hypothesisasa setof keywordsin a search.The lan-
guagemodelis reestimatedto takeinto accounttheupdatecorpus,
andcanbeappliedeitherto rescorethecurrentutterance,or just to
processthenext utterance.

2. AN ONLINE MODEL OF LANGUAGE

Given is somestationarydistribution (our default model)
�

. We
imagine

�
tobeatrigramorsimilarconventionallanguagemodel1,

whoseparametershavebeenestimatedoffline onalargecorpusof
text ��� . Thesystemis occasionallyprovidedwith an“updatecor-
pus”of text ��� which(onehopes)hasahighsemanticcorrelation
with thecurrenttopic of dictation,but which is likely to bemuch
smaller—by severalordersof magnitude—than��� .

How onegeneratessucha corpusis takenup in the follow-
ing section. Our concernhereis to constructa languagemodel�

which incorporatesknowledgegleanedfrom � � into
�

. Some
desiredpropertiesof

�
:

1Wemakenoexplicit assumptionsabouttheform of � in whatfollows,
thoughtheprototypedescribedlaterusesthetrigrammodelof [2]



(1) The influencewhich the updatecorpus � � plays should
increasewith its size(numberof words) �	� . That is, as
its size increases,we shouldconsider�
� a morereliable
sourceof information,andpayit greaterheed.

(2) But how muchgreaterheed?Thereshouldbe a “knob” to
adjusthow muchwe adjust

�
asa function of the sizeof

theupdatecorpus.

We’ll considerlanguagemodelsin theexponentialfamily�
��������������� �������� !"$#%�'&(��) #+*-, ����� ���/. (1)

where0 , ����� ���
is the probability (value)which thestaticmodel

�
assignsto the event that word

�
follows the sequenceof

words
�

;0 �1 ��-�32+���54%��6�6768.
isasetof real-valuedparameters,onefor

eachword. Roughlyspeaking,
�:9

representsanadjustment
to themarginal probabilityof word

�
in
�

. In otherwords,
word

�
is onaverageabout) #+* moreprobableaccordingto�

thanaccordingto
�

.0 " # �'���
is a normalizationterm,ensuring; 9 �<����� �=�>���? ! .

Onememberof
�

is of particularinterest,namelythemodel
with

�1 @�BAC�/A5��A�6�6768.
, which we’ll write as

�5D
. This is just an-

otherwayof writing
�

, thestaticdistribution.
If theevent

�'���7�%�
(theword

�
following thewords

�
) occursE+F �'�����%� timesin a corpusof text which we denoteby � � , then

theprobabilitywhich themodel
�

assignsto �
� (the“likelihood”
of � � ) is��� � � � ���G H I%J 9 K ) # * , ����� ���; 9 ) # * , ����� ���BL EMF �'�=�>�%� (2)

We will also requirea probability distribution over models��NO�
, for whichweadoptaGaussian:�������� !P Q-R(S 4 H 9UT�V�WYX<Z � 9 4Q�S 4([ (3)

A Gaussianprior of the form (3) imposesa “smoothnesscon-
straint,” penalizingmodelsby the amountthey diverge from the
default distribution

�
. A justification for this approachcomes

from Occam’sRazor, which, in thiscontext, prefersthesmoothest
amongcompetingmodelsof thedata� � .

One can think of
S 4

, the real-valuedparameterin (3), as a
degreeof trustin theupdatecorpus.As

S 4
decreases,thea priori

probabilityof a modelwith large parameters
��9

decreases.That
is, the prior distribution of modelsbecomespeakedaround

�CD
,

themodelwith no adjustmentsin marginal probabilities.Thus
S 4

seemsto satisfythesecondof our desiderata.

The MAP-optimal model

Given a samplingdistribution (2) anda prior distribution (3), we
arenow in a positionto introducetheposteriordistribution. For a
particularupdatecorpus��� , define\ ����� , thequality (orposterior
probability)of model

�
, as\ �������]�����<� � � � (4)

\ ����� rankscandidatemodelsby how likely they are,in light of the
updatecorpus�
� . Theoptimalmodel

�5^
—theonewith thehigh-

estscore—iswritten
�5^_�

argmax# �<���<� ��� � . Applying Bayes’
law,� ^  

argmax# ��� � � � ���`�<�������� � � �  
argmax# ��� �
� � �:�`�<����� (5)

We candropoff thedenominatorin the last equalitysince �
� is
independentof

�
.

Noticethat in thecaseof a uniform prior
�������

, theoptimiza-
tion problemposedby (5) reducesto maximum-likelihood: find
that

�
whichassignsmaximalprobabilityto thedata�
� .

It hasbeenrecognizedfor sometime in thecomputervision
community[3] thatthis typeof Bayesianapproachcanbeviewed
asaninstanceof regularization, a popularmethodfor solvingill-
posedoptimizationproblems.Givena setof dataanda family of
candidatemodelswhich accountfor the data,regularizationpre-
scribesthattheoptimalmodel

� ^
maximizeab���:�
 @c������(dfe�gh�����

where
c������

measureshow well
�

accountsfor the data,
gi�����

measuresthe smoothnessof the model
�
, and

e
is a real-valued

parameterwhich governsthe tradeoff betweenthesetwo objec-
tives.ab�����

may reasonablybe viewed asa fitnessfunctionalover
conditionalprobabilitydistributions.In thissetting,it canbewrit-
tenas2:ab�����G� jlk�m��<� �
� � ����d]jlk-m<�<����� n I%J 9 E F �'�����%�%jlk�m<������� �������o p-q rs
t #�u Z !Q-S 4o�p�q-rv

n 9 � 9 4o p�q rw3t #�u d
K

The constant
ex 24�y-z is a hyperparameter, tradingoff between

well-fitted(
S 4

large)andsmooth(
S 4

small)distributions.
Substituting(2) and(3) into (5),\ ������ !P Q�R(S 4 H 9 T�V�W X Z �:9 4Q�S 4([ H I%J 9 K ) #+* , ����� ���; 9 ) #+* , ����� ��� L E+F �'�����%�
It is a straightforwardexercisein calculusto derive the con-

dition for
� ^ 9

, the optimal valueof
�:9

(Spaceprecludesa more
thoroughtreatmenthere,but detailsareavailablein [4]):�5^ 9� � S 4 d{� F ���%� Z n I � F �'���`������� �������� �A (6)

where
� F �'�����%�
� E F �'�����%�/| �	� .

Someobservationsabout(6):0
As � � getssmall,

� ^ 9
tendsto zero. This is just whatone

would hopeandexpect: as the size of the updatecorpus
shrinks,the optimal updateto the marginal probability of�

shouldvanish.Thesameoccursin thecaseof small
S 4

,
which is like sayingthatwedon’t trusttheupdatecorpus.0
Conversely, as �	� or

S 4
getslarge,(6) becomes

� F ���%�� ; I � F �'���`�<����� ������� . In otherwords,adjust
�5^ 9

sothat the
marginal probability of

�
in the model

�
exactly matches

its marginal probabilityin theupdatecorpus.

2Hereandelsewhere,K means“constantwith respectto thevariable(s)
of interest,” in thiscase} 9 .



Iterative scaling

We now discusshow to compute,givenanupdatecorpus�
� and
avaluefor

S 4
, theoptimalmodel

� ^
. Thisapproachderivesfrom

theiterative scaling algorithm,amethodfor findingthemaximum-
likelihood

�5^
(i.e. in thecaseof a uniformprior). Therearesome

technicalissuesto contendwith whenthe optimal settingfor
��9

is non-finite; theseand other aspectsof the iterative scalingare
addressedin [5].

In seeking
� ^

, it helpsto recasttheproblemto a slightly dif-
ferent form. Startingfrom somemodel

�
, we seekthe optimal

change~ 9 to eachparameter
� 9

. We denotethe vectorof (ad-
ditive) changesby ~ . Applying an auxiliary function argument
commonin suchsettings,weinsteadmaximizeafunction � � ~ �
�\ ����d ~ � Z \ ����� , whosederivative is givenby� � � ~ �� ~ 9  ��9�d ~ 9� � S 4 Z � F ���%��dfn I � F �'�<�`������� �����:� )B� * (7)

Finding the optimal ~ 9 is a matterof settingthis expressionto
zerofor each

�
andsolvingfor ~ 9 . As asanitycheck,noticethat0

As � � getslarge,(7) turnsinto alinearversion(linearsince
the constraintsarenon-overlapping)of the standarditera-
tivescalingequation:theprior termdropsoutand �
� fully
dictatestheupdate~ 9 . Thesamething happensas

S 4
gets

large,meaningthatwe placeno weighton theprior model�
.0

As �?� or
S 4

getssmall,(7) turnsinto
� 9 d ~ 9�?� S 4  �A

; that

is, ~ 9  Z � 9 . Soastheupdatecorpusshrinks,theopti-
mal choiceof ~ 9 is theonewhich exactly cancelsout any
changewe’vemadeto thestaticmodel

�
.

Efficient scoring

Membersof theexponentialfamily
�

, asspecifiedin (1), have a
practicaldeficiency: calculatingtheprobabilitywhichaparticular��NY�

assignsto theevent
���5�����

involvesa sum,in thepartition
function

"$#%�'&(�
, overall possiblewords

�
:" # �'&(�� n 9 ) #+* , ����� ��� (8)

A considerablespeedupin evaluating(8) canbe realizedby the
following heuristic.If theword

�
doesnotappear(or appearsvery

rarely) in theupdatecorpus� � , thenfix
��9� �A

, on thegrounds
thatwehaveinsufficientevidenceto alterthestaticmarginalprob-
ability of

�
. This assumptionis clearlyfalse,sincetheabsenceof�

is informative in itself. Theassumptionalsoviolates(7), which
dictatesthat,if

� 9  �A
and

� F ���%�
 �A , then~ 9� � S 4 d n I�� F �'���`�<����� �=�7��� ) � *  �A
So ~ 9O� UA in general,evenif its empiricalcountis zero. In fact,
theappropriatesettingof ~ 9 is negative in thiscase.However, by
applyingthisheuristic,wecanrealizeasavingsasfollows. Denot-
ing by � theset

����� ��N � � . andby � thecomplementof thisset,
wecanrewrite (8) as"�#%�'&(�� n9B�%� ) #+*-, ����� ���<d�n9B� � , ����� ��� ! d�n9B��� � ) # * Z ! � , ����� ���

Sowe’ve reducedthesumover all wordsto a sumover just those
wordswhich appearedin the corpus�
� , which canamountto a
significantcomputationalsavings.

3. SYSTEM ARCHITECTURE

We have left muchunsaidregardingthe implementationof a dy-
namiclanguagemodel. Herewe describesomeof the detailsof
oneparticularimplementation;the following sectionsummarizes
performanceresultsof thesystem.

Oursystemoperatesin both’sequential’and’rescoring’modes.
Sequentialmode,designedfor measuringtheperplexity of text, as-
signsaprobability(ascore)to theinputsentenceby relyingsolely
on thecurrentlanguagemodel.Theinput sentenceis alsousedto
generatean updatecorpus � � , from which the currentlanguage
model is updatedvia the methodsdescribedin the previous sec-
tion. The updatedmodel is thenreadyto be appliedto the next
sentence.The sequentialmethodbenefitsfrom andin fact relies
uponsometopicalcoherencefrom onesentenceto thenext.

’Rescoring’modeis designedfor measuringworderrorrateof
aspeech(audio)signal.Fromaninpututterance,anASR system,
equippedwith atrigramlanguagemodel,producesahypothesized
utterance,which is usedto generateanupdatecorpus ��� . From� � wecanconstructanupdatedlanguagemodel,which is applied
to generatea refinedhypothesisof theinput utterance.Unlike the
’sequential’approach,rescoringis an iterative procedure,though
in practicewe iterateonly oncein generatingafinal hypothesis.

Descendingonelevel of abstraction,we now describethebe-
havior of the queryengine,whosetask is to generatean update
corpusfrom a query. As depictedin figure 2, the queryengine
first filters noisewordsfrom thequery, andthenpassesthequery
to a Web searchengine. We experimentedwith two searchen-
gines: AltaVista[6], which indexes over ! A-A million Web pages
of all kinds; andNews Index[7], which indexesabout

Q A�A
online

newssourcesbut revisitsthemfrequently. Webpagesfoundby the
searchenginearefetchedin orderof relevancein amultithreaded
manner, strippedof HTML formattingtags,andaddedto theup-
datecorpusuntil it reachesthe desiredsize. An updatecorpus
of ! AC��A�A�A wordstypically containsabouttwentyWeb pagesand
takesaboutthreeminutesto generate.Thesewebpagescomprise
theupdatecorpus�
� , from whichthetechniquesdescribedin the
previoussectiongeneratea new model

���
, readyfor usein decod-

ing thenext utterance.

4. EVALUATION

This sectiondescribesa setof experimentsdesignedto gaugethe
ability of adynamiclanguagemodellingsystemto reduceperplex-
ity.

Table1 summarizestheperplexity of threedifferentnewswire
textsusingasequentialapproach.Thetablealsodemonstratesthat
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Figure2: QueryenginegeneratinganupdatecorpusfromtheWeb.



IRS China Marathon
Statictrigrammodel 313 781 1060
Dynamic(usingAltaVista) 315 781 1038
Dynamic(usingNewsIndex) 298 704 1016

Table 1: Perplexity of threeAP newswire storiesof 11/1/97—
on IRS reform, US-Chineserelations,and the New York City
Marathon—usingastaticanddynamicmodel.
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Figure3: Observeddependenceof perplexity of asegmentof brod-
castnewsdataon thevalueof

S 4
.

NewsIndex—which,beinganews-onlyindex hasahigher“signal
to noise” ratio thanAltaVista—isthe bettersource,andthuswe
employit exclusively in subsequentexperiments.

Prior to generatingany results,we appliedbinary searchto
discover the maximum-likelihoodvalueof

S 4
for a heldouttext

corpus. Figure3 depictsthe observed dependence of
S 4

on the
perplexity of an excerptof broadcastnews datatakenfrom a the
Hub4 evaluationset. Herewe usedthe News Index sourceand
the rescoringdecodingapproach.(It makeslittle senseto report
perplexities in rescoringmode,but figure3’s interestlies only in
the quality of the resultingsystemas a function of

S 4
). Based

on figure 3, the valueof
S 4

wasfixed at
AC6 �

for the experiments
reportedin table1.

5. CONCLUSION

We have presenteda Bayesianframework for dynamiclanguage
modelling,anddiscussedoneparticularimplementationof a dy-
namiclanguagemodellingsystem.Thoughthedescribedsystem
is not todaysuitablefor a real-timeASRsystemgiventhelatency
of the web,a nominallyalteredarchitecture—fetchingan update
corpusin thebackgroundafterevery few sentences,say, or even
relyingona local informationsource(presumablyof narrowerex-
tent thantheWWW)—couldmakeuseof theapproachdescribed
herein.

Consideringthat no effort was expendedon trying to coax
“relevant” queriesfrom the searchengineby judiciousselection
of keywordsfrom thequery, we considerthe performanceof our
prototypeencouraging.We arepursuingmorerefinedapproaches
to generatinganupdatecorpus,andplanto incorporatethesystem
into theCMU Sphinx[8] speechrecognitionsystemto determine
whateffect this approachcanhaveonworderrorrate.
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