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ABSTRACT
Multiple languagemodelsarecombinedfor many tasksin lan-

guagemodeling,suchas domainand topic adaptation. In this
work, we compareon-line algorithmsfrom machinelearningto
existing algorithmsfor combininglanguagemodels. On-line al-
gorithmsdevelopedfor this problemhaveparametersthatareup-
dateddynamicallyto adaptto adatasetduringevaluation.On-line
analysisprovides guaranteesthat thesealgorithmswill perform
nearlyaswell asthebestmodelchosenin hindsightfrom a large
classof models,e.g., thesetof all staticmixtures.Wedescribesev-
eral on-linealgorithmsandpresentresultscomparingthesetech-
niqueswith existing languagemodelingcombinationmethodson
thetaskof domainadaptation.We demonstratethat,in somesitu-
ations,on-linetechniquescansignificantlyoutperformstaticmix-
tures(byover10%in termsof perplexity) andareespeciallyeffec-
tive whenthenatureof the testdatais unknown or changesover
time.

1. INTRODUCTION

Multiple languagemodelsarecombinedfor many aspectsof lan-
guagemodeling,including domainadaptation,topic adaptation,
and the applicationof class � -gram models[13, 11, 3]. In this
work, we compareon-line algorithmsfrom machinelearningto
existingalgorithmsfor combininglanguagemodels.

Considerthe situationwherewe arecombining � language
models ����� word 	�
 history ��
 , which we refer to as submodels,
into a compositemodel � super��	�
 ��
 , which we refer to as a su-
permodel, for anevaluationtestset ����	���������	�� . Supermodels
oftenhave theform� super��	�� 
 ���!
"� #$ �&%'�'( �� ������	�� 
 ���)�*	������+��	��-,.� 
 (1)

where ( ��0/21 is theweightof the 3 th modelon the 4 th word and
where 5 #�&%)� ( �� �76 for all 4 . The most commonmethodfor
combininglanguagemodelsis astaticmixture, wheretheweights( �� of eachsubmodel��� are takento be fixed over all words in
the testset. In on-line algorithms,the weights ( �� arechosento
dynamicallyadaptto thecharacteristicsof thetestdata.

In the algorithmswe present,the weight updatesarechosen
sothaton-lineanalysisguaranteesthat thesealgorithmswill per-
form nearlyas well as the bestmodelchosenin hindsightfrom
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someclassof models.Our first algorithm,SELECTOR, adaptson-
line with the guaranteethat its performanceis virtually identical
to thatof thebestof thecomponentsubmodels.TheM IXER algo-
rithm adaptson-line with theguaranteethat its performancewill
be nearlyas goodas the optimal staticmixture, chosenin hind-
sight. Finally, the SWITCHER algorithmis comparedto theclass
of languagemodelsthatmayswitchbetweensubmodelsfrom time
to time. Thesethreealgorithmsarecloselyrelatedto certaintypes
of HiddenMarkov Models(HMM’s), but involve extensionsthat
arenoteasilyexpressiblewithin theHiddenMarkov Modelframe-
work.

We performedexperimentsto comparetheseadaptive tech-
niquesto more traditional staticmethodson the task of domain
adaptation, usingdatafrom four differentdomains:Wall Street
Journaltext, AssociatedPresstext, BroadcastNewstranscriptions,
andSwitchboardtranscriptions.We show thaton-linealgorithms
generallyperformat leastas well as static mixturesin termsof
perplexity, and in somecasesconsiderablybetter. Furthermore,
we show that thesealgorithmsareextremelyrobust, dueto their
ability to dynamicallyadaptto testdata.

2. ON-LINE ALGORITHMS

Webegin by statingtheon-lineproblemof predictingfromexpert
advice, aswe seeit appliedto thefield of languagemodeling. A
learningalgorithm,in this casea supermodel,is repeatedlygiven
thetaskof predictingthenext word given thepreviouswords. In
addition,thealgorithmis givenasinput theadviceof � “experts,”
in this caselanguagemodels. After eachword, eachexpert pre-
dicts the next word with a probability distribution, andthen the
supermodelmustcombinethesepredictionsin orderto makeits
own prediction.Supposewemakeno assumptionsaboutthequal-
ity or independenceof theexpert languagemodels,so we cannot
hopeto guaranteeany absolutelevel of quality in our predictions.
In thatcase,a naturalfirst goal is to performnearlyaswell asthe
bestlanguagemodelso far: that is, to guaranteethatat any time,
our algorithmhasnot performedmuchworsethanwhichever ex-
perthasbeenthemostaccurateto date.

The performanceof a languagemodel �)��	8
 ��
 on sometest
data �9�:	 ��;�;+; 	 � is measuredasthe probability it assignsto
thetext, �.�!��
��=< ��>%)� �)��	�� 
 ���!
 . Thecross-entropy?A@��!��
 of a
model�)��	8
 ��
 on data� is definedas

? @ �!��
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andcanbeinterpretedastheaveragenumberof bitsneededto en-
codeeachof the

E
wordsin the testdatausingthe compression

algorithmassociatedwith model�.��	�
 ��
 . Theperplexity of a text� , PP@ �!�L
 , which we useto reportour results,is definedasfol-
lows:

PP@ �!��
M�*N�O)PJQ>R�ST�9U 6�.�!��
WVYXZ ;
This first goal is addressedby what we call the SELECTOR

algorithm,whichhasbeenanalyzedin severalfields[6]. We view
it asaspecialcaseof theproblemof predictingfrom expertadvice,
describedfurtherin [1].

2.1. Selector

TheSELECTOR is a supermodelwhichdoesalmostaswell asthe
singlebestof its constituentlanguagemodels,regardlessof the
text. Oneway to describea languagemodel is to give the prob-
ability assignedto any text � , �)�!��
 . In this way, we definethe
SELECTOR � � � �+[ � I [�;�;�;�[ � # �\
 by� sel�!�L
M� 6� #$ �&%'� � � �!��
 ; (2)

As anaverageof � probabilitydistributions,� sel is clearlyavalid
distribution,andit alsosatisfies,for all 3 ,� sel �!��
 / � � �!��
� �.]:?A@ sel �!��
�^_?�@�`J�!��
.a F>G\HbI �E ;
In particular, thecross-entropyof SELECTOR is atmostcedgf I ���0
 h E
bits morethanthe cross-entropyof the bestmodel,regardlessof
thedomain.Weusethetermcross-entropyoverheadfor thediffer-
encebetweenthecross-entropyof thesupermodelandthecross-
entropyof thebestof thecompetingmodels.In thiscase,theover-
headis very small,evenfor millions of modelson any reasonably
sizedtext.

While technicallywe have describedthelanguagemodel,we
havenot givenanefficientalgorithmfor calculating�)��	8
 �i
 . One
implementationis a simple � -stateHiddenMarkov Model with
zeroprobabilityof changingstate.Eachstate3 refersto adifferent
modelandpredictsthe next word basedon ���J��	�
 ��
 . The initial
distribution is uniform over the states.Thus,we canview ( �� in

equation(1) astheprobabilityof beingin state3 afterthe 4 th word.
Theupdaterule becomes

( �kj)�� � ( �� � � ��	 � 
 � � 
5 #�&lk%)� ( ���l � ��l ��	 � 
 � � 
 [
andthealgorithmrunsin lineartime in thelengthof thetext.

2.2. Mixer

Often, combininglanguagemodelsyields betterresultsthanany
of the individual languagemodelsthemselves. As describedin
the introduction,themostcommoncombinationmethod,a static
mixture,is �Tmn ��	�
 ��
.� #$ ��%)� ( � � � ��	8
 ��
 [
with (porq , i.e., 5 #��%)� ( ����6 and ( � /s1 . Thus,asecondgoal
is to performalmostaswell asthebeststaticmixtureof language

models,wherethe bestis chosenin hindsight. We achieve just
sucha guaranteeby usingan on-linealgorithmfor investingin a
stockmarketdueto Cover [4, 5]. Cover’s algorithmcanbewritten
simplyas

M IXER � SELECTOR t � �Tmn 
!u(vowq �gx ;
Thiscombinationof infinitely many languagemodelsis adescrip-
tion of a probability distribution rather than a descriptionof an
algorithmfor computing� mix ��	8
 ��
 . An y�� E # ,)� 
 implementa-
tion is describedin [4], but therearefasterapproximationssuchas
tiling [6] or sampling[2].

Cover’s algorithm, translatedto the languagemodelingdo-
main,comeswith thefollowing guaranteefor all 3 :? @ mix �!��
�^_? @�` �!��
"az���{C_6+
 F>G\HJI EE ;
The above cross-entropyoverheadof ���|CD6}
g~ � �}� �� is small for
large testsets.For example,over 10,000wordsand10 language
models,themaximumoverheadis about0.01bitsperword. How-
ever, this grows linearly in the numberof modelsinsteadof log-
arithmically aswith SELECTOR, so we cannotguaranteeperfor-
mancewith largenumbersof models,atwhichpoint thecomputa-
tionalcostsbecomeprohibitive aswell.

2.3. Switcher

In thissection,wedescribeanovel on-linealgorithm,SWITCHER.
SWITCHER hasthepropertythatit doesalmostaswell asthebest
submodelonany segmentof thetext. Putanotherway, SWITCHER

is designedto competewith supermodelsthat predicteachword
accordingto a singlesubmodelbut which areallowed to switch
betweensubmodelsfrom time to time. Sinceit maybepossibleto
get absurdlyhigh performanceby switchingvery frequently, the
guaranteedbounds,which areasymptoticallyoptimal,dependon
theswitchingfrequency.

First,wedefineafixedswitchingalgorithm�.m� ��	�
 ��
 basedon

thefixedsequenceof choicesit makes,u38�D�e3\� [�;�;�;�[ 3}��
 , for which
modelto useto predictthenext word. In otherwords,�.m� ��	 � 
 � � 
B��� ��� ��	 � 
 � � 
 ;
Next, asin [12, 8], wedefineSWITCHER� specificallyto becom-
petitive againstalgorithmswhichswitchbetweensubmodelswith
frequency � . Like theSELECTOR, this canbedescribedby an � -
stateHiddenMarkov Model with a uniform startingdistribution.
Justasbefore,state3 representsa languagemodelandpredictsthe
word accordingto �b�\��	�
 ��
 . However, thereis now a fixed prob-
ability 6�C*� of stayingin a stateandprobability ��hW����C�6+
 of
goingto eachotherstate.We canusethesamedescriptionaswe
did for SELECTOR in equation(1), where ( �� is theprobabilityof

beingin state3 afterthe 4 th word. Wehave thenew update

( �kj)�� �|�J6�Cr��� ���C�6��"� ( �� � � ��	 � 
 � � 
5 � l ( ���l � ��l ��	���
 ���!
 a ���Cz6 ;
It isnothardtoboundtheperformanceof SWITCHER� relative

to �.m� ��	�
 ��
 . Wesay�.m� hasaswitchingfrequency � when�0� 
 � 4��+3 �K���3 �>j)� �b
E C�6 ;



Singershowsin equation(2) of [12] that� swi� �!��
�)m� �!��
 / 6��� � ���C�6 �M� � 6�Cr��
 � , ��� ��,.� ; (3)

ThegeneralSWITCHER, whichhasnoparameter� [ combines
SWITCHER� ’ssoasto adaptto theparameter� . Onasequenceof
length

E
, for any u3 , thenumberof times�)m� ��	�
 ��
 switchesmodels

is anintegerbetween1 and
E Cz6 . Thus,we defineSWITCHER to

simplyselectamongthesevalues:

SWITCHER �
SELECTOR ��� SWITCHER �Z!� X 
 � o � 1 [+;�;�;�[ E Cz6+��� � ;

By combiningequations(2) and(3), for any u3 with switchingfre-
quency � , wegetamaximumcross-entropyoverheadofF>G�H I � EE a�� F>G�H I ����C�6+
�Cr� F>G�H I � C�� 6�Cr��
 F>G\H I � 6�Cr��

which,becauseC�� 6"C���
 F>G�H�I � 6"C���
M^_� F>G\HbI.¡

, is nomorethanF>G�H I � EE a_� F>G�H I ���{Cz6}
 ¡� ;
3. EXPERIMENTS

To compareon-linealgorithmswith existing techniquesfor com-
bining languagemodels,weperformedexperimentson thetaskof
domainadaptation.In domainadaptation,oneattemptsto improve
a languagemodelfor onedomain(e.g., Switchboard)usingtrain-
ing datafrom additionaldomains(e.g., North AmericanBusiness
news). Typically, thetargetdomainis knownaheadof time. How-
ever, to highlight the potentialadvantagesof on-line algorithms,
we alsoconsiderthe situationwherethe domainof the testdata
is hiddenandwherethe testdatacontainstext from multiple do-
mains.Previouswork in domainadaptation[13, 9] hasshown that
staticmixturesachieve competitive performancein termsof both
perplexity andspeechrecognitionword-errorratewith otherexist-
ing combinationmethods.

We constructedfour trigram languagemodels(with a varia-
tion of Kneser-Ney smoothing[10]) usingtrainingdatafrom the
following four sources:Wall StreetJournaltext (5M words),Asso-
ciatedPresstext (5M words),BroadcastNews transcriptions(5M
words), and Switchboardtranscriptions(3M words). For each
domain,we extracteda held-outsetandtestsetof about25,000
words.

In our first setof experiments,we evaluatedseveralmethods
on eachdomaintestsetseparately. We calculatedthe perplexity
of eachtestsetusing only the languagemodel from the match-
ing domain;usinga trigram modelconstructedfrom the training
datafrom eachdomainmerged together;using a static mixture
of the four domainlanguagemodelswith weightsoptimizing the
perplexity of thematchingheld-outset;andusingastaticmixture
with weightsoptimizing the perplexity of the given testset, i.e.,
theoptimalstaticmixturechosenin hindsight.Theseperplexities
aredisplayedin orderat thetopof Table1.

We ran the SELECTOR, M IXER, and SWITCHER algorithms
on thesedatasets.As canbeseenin Table1, SELECTOR did ex-
actlyastheoreticallyguaranteed,matchingtheperformanceof the
bestsinglesubmodelfor eachtestset,for anaverageperplexity of

domain
algorithm AP WSJ SWB BN avg.

corr. domainonly 266.2 201.9 83.2 209.8 174.7
mergetrain. data 238.9 195.1 103.1 193.6 174.2
mixt., h.-o.wgts. 234.0 184.5 79.4 182.9 157.9
bestmixtures 231.8 184.2 79.4 180.0 156.7

SELECTOR 266.2 201.9 83.2 209.8 174.7
SWITCHER 234.5 187.0 82.1 182.2 159.6
M IXER 233.0 184.5 80.2 180.4 157.4

Table1: Perplexitiesof variousmodelsontestsetfrom eachof the
four domains;theaveragecolumnrepresentsaverageperformance
overeachdomaintestsetweightedby testsetlength
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Figure1: Theweights( �� of M IXER over thefirst 100wordsof the
AP testset

174.7.TheM IXER performedsignificantlybetter, with anaverage
perplexity of 157.4,closeto theperformanceof theoptimalstatic
mixture.In Figure1,wedisplaytheweights( �� thatM IXER places
onthedifferentmodelsaswepredictthefirst 100wordsof theAP
data. As expected,theseweightsquickly devote the majority of
theirmassto theAP model.

Surprisingly, theSWITCHER almostmatchedtheperformance
of the beststatic mixture, even thoughit employsonly a single
submodelat a time. On closerexamination,we seethat these
modelsareswitchingmoreoften thanonemight expect. Recall
that a SWITCHER is simply an averageof SWITCHER � ’s for dif-
ferent valuesof � o¬« 1 [ 6�­ , where � correspondsto the natural
switchingfrequency. On the four testsets,the highestweighted
SWITCHER � ’s switchedwith probabilities0.13, 0.05, 0.02, and
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algorithm perplexity

mixture,held-outwgts. 185.1
bestmixture 184.7

M IXER 184.7
SWITCHER 160.8

Table2: Perplexitiesof variousmodelson testsetcombiningfour
domaintestsets

0.27.In Figure2, weshow theweights( �� of theSWITCHER algo-
rithm over thefirst 1,000wordsof theAP testset.

In our secondset of experiments,we concatenatedthe four
domaintestsetsinto a singlelong testset.We calculatedtheper-
plexity of this testsetusingastaticmixturewith weightsoptimiz-
ing theperplexity of thefour held-outsetsconcatenated;usingthe
optimalstaticmixturechosenin hindsight;andusingthe M IXER

andSWITCHER supermodels.Theseperplexities aredisplayedin
Table2. Not surprisingly, theperformanceof theM IXER matches
thatof thebeststaticmixture(184.7PP).However, theSWITCHER

performedalmostaswell ontheconcatenation(160.8PP)asit did
on the individual test sets(159.6PP).As expected,this test set
highlightsthe strengthof the SWITCHER, resultingin a 13% de-
creasein perplexity over theothermodels.

4. DISCUSSION

On-linealgorithmsprovide a simpleandeffective setof tools for
combininglanguagemodels. Thesemethodsareextremelygen-
eralasno assumptionsaremadeaboutthestructureof component
languagemodels.Wedemonstratethaton-linealgorithmsperform
comparablywith staticmixtures,which have achieved excellent
performanceon many languagemodelingtasks.In thecasewhere
our testsetwascomposedof text from disparatedomains,theal-
gorithmSWITCHER resultedin a perplexity decreaseof over 10%
ascomparedto theoptimalstaticmixture.

In general,on-linealgorithmsautomaticallyanddynamically
adaptto changingtext characteristics.Consequently, on-line al-
gorithmsdo not requireheld-outsetsfor parameteroptimization
andstill performcomparablyto or betterthanstaticmixtureswith
weightstrainedon held-outsets.This is especiallyadvantageous
whennoappropriateheld-outdatais available.For example,when
staticmixtureweightsareoptimizedon just the BroadcastNews
held-outset for the experimentsin Table1, the averagetestper-
plexity risesfrom 157.9to 186.6.Conversely, eventhoughon-line
algorithmswereblind to the domainof the testset in our exper-
iments,they still performedjust aswell asotheralgorithmsthat
tookadvantageof knowledgeof thedomainof thetestset.

While the guaranteedperformanceboundsof on-line algo-
rithms are often excellent, in somecasesthey may not be ade-
quate.For large numbersof componentmodelsor very shorttest
sets,guaranteesaregenerallypoor. For example,combining5,000
languagemodelscouldleadto asixfold perplexity increasefor the
M IXER algorithmover thatof theoptimalstaticmixtureon adata
setof 25,000words.Furthermore,thecomputationalefficiency of
the M IXER algorithmis poor for large numbersof submodels;it
canrequiretime exponentialin thenumberof submodels.How-
ever, thereexist otheron-linealgorithmsthatdonothave theoreti-
calperformanceguaranteesbutwhichstill performwell in practice
andwhichareveryefficient,e.g., [7].

Theon-linealgorithmswedescribearecloselyrelatedto Hid-
denMarkov Models.While themorecomplex algorithmsinvolve
theorythatfalls outsideof theconventionalHMM framework, the
simpleralgorithmshavedirectHMM analogs,andour implemen-
tationof eachalgorithmcanbe consideredto beanHMM. How-
ever, on-lineanalysisprovidesadifferentperspectivefor analyzing
anddesigningthesetypesof models.

In someapplications,the characteristicsof the test dataare
knownandappropriateheld-outdatais availableandconsequently
thereis little advantagein usingon-linealgorithmsoverstaticmix-
tures. However, whenthe natureof the testdatais unknown or
changingovertime,on-linealgorithmsoffer theadvantagesof per-
formance,convenience,generality, androbustness.
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