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ABSTRACT

Multiple languagenodelsarecombinedor mary tasksin lan-
guagemodeling, such as domain and topic adaptation. In this
work, we compareon-line algorithmsfrom machinelearningto
existing algorithmsfor combininglanguagemodels. On-line al-
gorithmsdevelopedfor this problemhave parametershatareup-
dateddynamicallyto adapto a datasetduringevaluation.On-line
analysisprovides guaranteeshat thesealgorithmswill perform
nearlyaswell asthe bestmodelchosenn hindsightfrom alarge
classof modelse.g., thesetof all staticmixtures.We describesev-
eral on-line algorithmsand presentesultscomparingthesetech-
nigueswith existing languagemodelingcombinationmethodson
thetaskof domainadaptation\We demonstratéhat,in somesitu-
ations,on-linetechniquegansignificantlyoutperformstatic mix-
tures(by over 10%in termsof perpleity) andareespeciallyeffec-
tive whenthe natureof the testdatais unknonn or changesver
time.

1. INTRODUCTION

Multiple languagenodelsare combinedfor mary aspectof lan-
guagemodeling,including domain adaptationtopic adaptation,
and the applicationof classn-gram models[13, 11, 3]. In this
work, we compareon-line algorithmsfrom machinelearningto
existing algorithmsfor combininglanguagemodels.

Considerthe situationwherewe are combiningm language
modelsp; (word w|history k), which we refer to as submodels
into a compositemodel psupefw|k), which we refer to asa su-
permode]for anevaluationtestset? = w; - - - w:. Supermodels
oftenhave theform

pswpekwilhi) = Y Xopy(wilhi = wi---wis) (1)

j=1

where)! > 0 is theweightof the ;" modelon the " word and
where} | Aj = 1 for all i. The mostcommonmethodfor
combininglanguagemodelsis a static mixture, wheretheweights
Aj of eachsubmodelp; aretakento be fixed over all wordsin
the testset. In on-line algorithms,theweights)\j arechosento
dynamicallyadaptto the characteristicsf thetestdata.

In the algorithmswe presentthe weight updatesare chosen
sothaton-line analysisguaranteeghatthesealgorithmswill per
form nearly as well asthe bestmodel chosenin hindsightfrom
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someclassof models.Our first algorithm,SELECTOR, adapton-
line with the guaranteehat its performances virtually identical
to thatof the bestof thecomponensubmodelsThe M1XER algo-
rithm adaptson-line with the guaranteeahatits performancewill
be nearlyas good as the optimal static mixture, chosenin hind-
sight. Finally, the SwiTCHER algorithmis comparedo the class
of languagemodelsthatmayswitchbetweersubmodel$rom time
to time. Thesethreealgorithmsarecloselyrelatedto certaintypes
of HiddenMarkov Models (HMM’s), but involve extensiongthat
arenoteasilyexpressiblevithin theHiddenMarkov Modelframe-
work.

We performedexperimentsto comparetheseadaptve tech-
niguesto more traditional static methodson the task of domain
adaptation using datafrom four differentdomains: Wall Street
Journalext, AssociatedPresgext, BroadcasNewstranscriptions,
and Switchboardranscriptions.We show thaton-line algorithms
generallyperform at leastas well as static mixturesin termsof
perplity, andin somecasesconsiderablybetter Furthermore,
we shav thatthesealgorithmsare extremely robust, dueto their
ability to dynamicallyadaptto testdata.

2. ON-LINEALGORITHMS

We begin by statingthe on-line problemof predictingfromexpert
advice aswe seeit appliedto thefield of languagemodeling. A
learningalgorithm,in this casea supermodelis repeatedlygiven
thetaskof predictingthe next word given the previouswords. In
additionthealgorithmis givenasinputtheadviceof m “experts;,
in this caselanguagemodels. After eachword, eachexpert pre-
dicts the next word with a probability distribution, andthenthe
supermodemustcombinethesepredictionsin orderto makeits
own prediction.Supposeve makeno assumptionaboutthequal-
ity or independeneof the expertlanguagemodels,sowe cannot
hopeto guaranteary absolutdevel of qualityin our predictions.
In thatcase a naturalfirst goalis to performnearlyaswell asthe
bestlanguagemodelsofar: thatis, to guaranteehatat ary time,
our algorithmhasnot performedmuchworsethanwhichever ex-
perthasbeenthe mostaccurateo date.

The performanceof a languagemodel p(w|k) on sometest
datal = w;...w; is measuredsthe probability it assigngo
thetext, p(T) = [;_, p(w:|h:). Thecross-entropyd, (7)) of a
modelp(w|h) ondatal is definedas

t
1 1
Hy(T) = = logy p(T) = — > " log, p(wilh:)
i=1



andcanbeinterpretedasthe averagenumberof bits neededo en-
codeeachof the t wordsin the testdatausingthe compression
algorithmassociatedvith modelp(w|k). The perpleity of atext
T, PR,(T'), which we useto reportour results,is definedasfol-

lows:
%
1
PR,(T) = 2"»(T) = (—)

This first goal is addressedby what we call the SELECTOR
algorithm,which hasbeenanalyzedn severalfields[6]. We view
it asaspeciakaseof theproblemof predictingfrom expertadvice,
describedurtherin [1].

2.1. Selector

The SELECTOR is a supermodelvhich doesalmostaswell asthe
single bestof its constituenttanguagemodels,regardlessof the
text. Oneway to describea languagemodelis to give the prob-
ability assignedo ary text 7', p(7'). In this way, we definethe
SELECTOR ({p1,p2,-.-,pm}) Dy

PseI(T) = %ij (T) . 2

As anaverageof m probabilitydistributions,pge is clearlyavalid
distribution, andit alsosatisfiesfor all 7,

Py (T)

1
psel(1) > e = H, 821

T) < Hy, (1) + 222

sel(
In particularthecross-entroppf SELECTOR is atmostiogz (m) /¢
bits morethanthe cross-entropyf the bestmodel, regardlessof
thedomain.We usethetermcross-entopyoverheador thediffer-
encebetweerthe cross-entropyf the supermodeandthe cross-
entropyof the bestof thecompetingnodels.In thiscasetheover
headis very small,evenfor millions of modelson ary reasonably
sizedtext.

While technicallywe have describedhe languagemodel,we
have not given an efficientalgorithmfor calculatingp(w|hk). One
implementationis a simple m-stateHidden Markov Model with
zeroprobabilityof changingstate.Eachstate; refersto adifferent
modeland predictsthe next word basedon p; (w|h). Theinitial
distribution is uniform over the states. Thus, we canview A; in

equation(1) asthe probabilityof beingin state; aftertheit

Theupdaterule becomes

word.

Ajps(wilhi)
Z:}zl )\;,p]/('wi|hi)

andthealgorithmrunsin lineartime in the lengthof thetext.

i+l
)\] =

2.2. Mixer

Often, combininglanguagemodelsyields betterresultsthanary
of the individual languagemodelsthemseles. As describedn
the introduction,the mostcommoncombinationmethod,a static
mixture,is

px(wlh) =" \pj(wlh)

with A € A, e, Zm=1 A; = land); > 0. Thus,asecondyoal
is to performalmostaswell asthe beststaticmixture of language

models,wherethe bestis chosenin hindsight. We achieve just
sucha guarantedy usingan on-line algorithmfor investingin a
stockmarketdueto Cover[4, 5]. Cover's algorithmcanbewritten
simply as

MIXER = SELECTOR ({p3|X € A})

This combinatiorof infinitely mary languagemodelss a descrip-
tion of a probability distribution ratherthan a descriptionof an
algorithmfor computingpmix(w|k). An O(t™') implementa-
tion is describedn [4], but therearefasterapproximationsuchas
tiling [6] or sampling[2].

Cover’s algorithm, translatedto the languagemodelingdo-
main,comeswith thefollowing guarantedor all j:

log, t
t

H,

pmix(T) < Hp; (T) +(m—1)
The above cross-entropyverheadof (m — 1)“% is small for
large testsets. For example,over 10,000wordsand 10 language
models the maximumoverheads about0.01bits perword. How-
ever, this grows linearly in the numberof modelsinsteadof log-
arithmically aswith SELECTOR, so we cannotguaranteeerfor
mancewith large numberf models atwhich pointthe computa-
tional costsbecomeprohibitive aswell.

2.3. Switcher

In this sectionwe describea novel on-linealgorithm,SwITCHER.
SwITCHER hasthe propertythatit doesalmostaswell asthe best
submodebnary segmentof thetext. Putanothemway, SwITCHER
is designedo competewith supermodelshat predicteachword
accordingto a single submodelbut which are allowed to switch
betweersubmodel$rom time to time. Sinceit maybe possibleto
getabsurdlyhigh performanceby switchingvery frequently the
guaranteedoundswhich areasymptoticallyoptimal, dependon
the switchingfrequeng.

First, we defineafixedswitchingalgorithmp;(w|h) basecn

thefixedsequencef choicest makes; = (s1,--.,Jt), for which
modelto useto predictthenext word. In otherwords,

py(wilhi) = pj; (wilhi)

Next, asin [12, 8], we defineSwITCHER, specificallyto becom-
petitive againstalgorithmswhich switch betweersubmodelsvith
frequeny ~. Like the SELECTOR, this canbedescribedy anm-
stateHiddenMarkov Model with a uniform startingdistribution.
Justasbefore statej representalanguagenodelandpredictsthe
word accordingto p;(w|h). However, thereis now afixed prob-
ability 1 — ~ of stayingin a stateand probability v/(m — 1) of
goingto eachotherstate. We canusethe samedescriptionaswe
did for SELECTOR in equation(1), whereX; is the probability of

beingin statey afterthe ! word. We have the new update

Xsp; (wilhy) v

e o)
J m—1 Zj’ )\;,p]/('w,‘|hg)

It isnothardto boundtheperformancef SwiTCHER, relative
to p;(w|k). We sayp; hasaswitchingfrequeny f when

[{i:3: # Jisr}]
t—1

m—1

f:



Singershowsin equation(2) of [12] that

Pswi.,(T) 1 v f 1— !
o zg[(m_l) (1—7) f] )

ThegeneralSwITCHER, which hasno parametefy, combines
SWITCHER, s soasto adaptio theparametety. Onasequencef
lengtht, for ary 3 the numberof timeSp;('w|h) switchesmodels
is aninteger betweerd and¢ — 1. Thus,we defineSwITCHER to
simply selectamongthesevalues:

SWITCHER =
SELECTOR ({SWITCHER s [s€{0,...,t— 1}}) .

t—1

By combiningequationg?2) and(3), for ary 7 with switchingfre-
queny f, we geta maximumcross-entropypverheadf

log, mt

B2 4 flogy(m — 1) — flog, f = (1= f)log,(1— )

which,because-(1 — f)log,(1 — f) < flog, e, isnomorethan
log, mt + flog, (m ; 1)e

3. EXPERIMENTS

To compareon-line algorithmswith existing techniquegor com-
bining languagemodelswe performedexperimentson the taskof
domainadaptationln domainadaptationpneattemptgo improve
alanguagamodelfor onedomain(e.g., Switchboardusingtrain-
ing datafrom additionaldomains(e.g., North AmericanBusiness
news). Typically, thetaget domainis known aheadf time. How-
ever, to highlight the potentialadvantagef on-line algorithms,
we also considerthe situationwherethe domainof the testdata
is hiddenandwherethe testdatacontainstext from multiple do-
mains.Previouswork in domainadaptatiorj13, 9] hasshavn that
staticmixturesachieve competitve performancen termsof both
perplity andspeechrecognitionword-erromratewith otherexist-
ing combinatiormethods.

We constructedour trigram languagemodels(with a varia-
tion of KneserNey smoothing[10]) usingtraining datafrom the
following four sourcesWall Streetlournatext (5M words),Asso-
ciatedPresgext (5M words),BroadcastNews transcriptiong5M
words), and Switchboardtranscriptions(3M words). For each
domain,we extracteda held-outsetandtestsetof about25,000
words.

In our first setof experimentswe evaluatedseveral methods
on eachdomaintestsetseparately We calculatedthe perpleity
of eachtestsetusingonly the languagemodel from the match-
ing domain;usinga trigram modelconstructedrom the training
datafrom eachdomain meiged together;using a static mixture
of the four domainlanguagemodelswith weightsoptimizing the
perplity of the matchingheld-outset;andusinga staticmixture
with weightsoptimizing the perpl«ity of the given testset,i.e,
the optimal staticmixture choserin hindsight. Theseperpleities
aredisplayedn orderatthetop of Tablel.

We ran the SELECTOR, MIXER, and SWITCHER algorithms
onthesedatasets.As canbe seenin Tablel, SELECTOR did ex-
actly astheoreticallyguaranteednatchingthe performancef the
bestsinglesubmodefor eachtestset,for anaverageperpleity of

domain
algorithm AP | WSJ[SwWB]| BN | ag.
corr. domainonly | 266.2 | 201.9 | 83.2 | 209.8 | 174.7
megetrain.data | 238.9 | 195.1 | 103.1| 193.6 | 174.2
mixt.,h.-o.wgts. | 234.0| 1845 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 2345] 187.0| 82.1 | 182.2| 159.6
MIXER 233.0| 184.5| 80.2 | 180.4| 157.4

Tablel: Perpleities of variousmodelson testsetfrom eachof the
fourdomainstheaveragecolumnrepresentaverageperformance
over eachdomaintestsetweightedby testsetlength
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Figurel: Theweights)\j of MIXER overthefirst 100wordsof the
AP testset

174.7. TheMIxER performedsignificantlybetter with anaverage
perpleity of 157.4,closeto the performancef the optimalstatic
mixture. In Figurel, wedisplaytheweightsA) thatMIXER places
onthedifferentmodelsaswe predictthefirst 100wordsof the AP

data. As expected,theseweightsquickly devote the majority of

their massto the AP model.

Surprisingly the SwiTCHER almostmatchedhe performance
of the beststatic mixture, even thoughit employsonly a single
submodelat a time. On closerexamination,we seethat these
modelsare switching more often thanone might expect. Recall
thata SWITCHER is simply an averageof SwITCHER,'s for dif-
ferentvaluesof v € [0, 1], where~ correspondgo the natural
switchingfrequeng. On the four testsets,the highestweighted
SWITCHER,'s switchedwith probabilities0.13, 0.05, 0.02, and

WsJ
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Figure2: Theweights)\j of SwITCHER over thefirst 1000words
of the AP testset



[ algorithm | perpleity |
mixture,held-outwgts. 185.1
bestmixture 184.7
MIXER 184.7
SWITCHER 160.8

Table2: Perpleities of variousmodelson testsetcombiningfour
domaintestsets

0.27.In FigureZ,Wesh(wtheweights)\; of the SwITCHER algo-
rithm over thefirst 1,000wordsof the AP testset.

In our secondset of experiments,we concatenatethe four
domaintestsetsinto a singlelong testset. We calculatedhe per
plexity of thistestsetusinga staticmixturewith weightsoptimiz-
ing theperpl«ity of thefour held-outsetsconcatenatedjsingthe
optimal staticmixture chosenin hindsight;andusingthe MIXER
and SwITCHER supermodelsTheseperplities aredisplayedin
Table2. Not surprisingly the performancef the MIXER matches
thatof thebeststaticmixture(184.7PP).However, the SwITCHER
performedalmostaswell ontheconcatenatiof160.8PP)asit did
on the individual test sets(159.6 PP). As expected,this test set
highlightsthe strengthof the SwiITCHER, resultingin a 13% de-
creasen perpleity over the othermodels.

4. DISCUSSION

On-line algorithmsprovide a simpleand effective setof tools for
combininglanguagemodels. Thesemethodsare extremely gen-
eralasno assumptionsremadeaboutthe structureof component
languagamodels.We demonstratéhaton-linealgorithmsperform
comparablywith static mixtures,which have achieved excellent
performancen mary languaganodelingtasks.In thecasewhere
our testsetwascomposeaf text from disparatedlomainsthe al-
gorithm SwiTCHER resultedn a perpleity decreasef over 10%
ascomparedo the optimalstaticmixture.

In generalon-line algorithmsautomaticallyand dynamically
adaptto changingtext characteristics.Consequentlyon-line al-
gorithmsdo not requireheld-outsetsfor parameteoptimization
andstill performcomparablyto or betterthanstaticmixtureswith
weightstrainedon held-outsets. This is especiallyadvantageous
whenno appropriaténeld-outdatais available.For example when
staticmixture weightsare optimizedon just the BroadcastNews
held-outsetfor the experimentsin Table 1, the averagetest per
plexity risesfrom 157.9to 186.6.Corversely eventhoughon-line
algorithmswere blind to the domainof the testsetin our exper
iments,they still performedjust aswell asotheralgorithmsthat
took advantageof knowledgeof the domainof thetestset.

While the guaranteegerformanceboundsof on-line algo-
rithms are often excellent,in somecasesthey may not be ade-
guate.For large numbersof componentmodelsor very shorttest
setsguaranteearegenerallypoor. For example,combining5,000
languagamodelscouldleadto asixfold perpleity increasdor the
MIxER algorithmover thatof the optimal staticmixtureon a data
setof 25,000words. Furthermorethe computationagfficiency of
the MIXER algorithmis poor for large numbersof submodelsit
canrequiretime exponentialin the numberof submodels.How-
ever, thereexist otheron-linealgorithmsthatdo not have theoreti-
calperformanceguaranteebut whichstill performwell in practice
andwhich arevery efficient,e.g., [7].

Theon-linealgorithmswe describearecloselyrelatedto Hid-
denMarkov Models. While the morecomplex algorithmsinvolve
theorythatfalls outsideof the corventionaHMM framework, the
simpleralgorithmshave directHMM analogsandourimplemen-
tation of eachalgorithmcanbe consideredo beanHMM. How-
ever, on-lineanalysigrovidesadifferentperspectiefor analyzing
anddesigninghesetypesof models.

In someapplications,the characteristicof the testdataare
known andappropriaténeld-outdatais availableandconsequetly
thereis little advantagen usingon-linealgorithmsover staticmix-
tures. However, whenthe natureof the testdatais unknawvn or
changingovertime, on-linealgorithmsoffer theadvantagesf per
formancegorveniencegeneralityandrobustness.
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