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ABSTRACT

StatisticalLanguageModelsestimatethedistributionof
variousnaturallanguagephenomenafor thepurposeof speech
recognitionandotherlanguagetechnologies.Sincethefirst
significantmodelwasproposedin 1980,many attemptshave
beenmadeto improve thestateof theart. We review them
here,point to a few promisingdirections,andargue for a
Bayesianapproachto integrationof linguistic theorieswith
data.

1. OUTLINE

Statisticallanguagemodeling(SLM) is theattemptto cap-
ture regularitiesof naturallanguagefor thepurposeof im-
proving theperformanceof variousnaturallanguageappli-
cations.By andlarge,statisticallanguagemodelingamounts
to estimatingtheprobabilitydistributionof variouslinguis-
tic units,suchaswords,sentences,andwholedocuments.

Statisticallanguagemodelingis crucial for a large va-
riety of languagetechnologyapplications. Theseinclude
speechrecognition(whereSLM gotitsstart),machinetrans-
lation, documentclassificationandrouting,opticalcharac-
ter recognition,informationretrieval, handwritingrecogni-
tion, spellingcorrection,andmany more.

In machinetranslation,for example,purely statistical
approacheshavebeenintroducedin [1]. Butevenresearchers
usingrule-basedapproacheshave found it beneficialto in-
troducesomeelementsof SLM and statisticalestimation
[2]. In informationretrieval, a languagemodelingapproach
wasrecentlyproposedby [3], anda statistical/information
theoreticalapproachwasdevelopedby [4].

SLM employsstatisticalestimationtechniquesusinglan-
guagetrainingdata,thatis, text. Becauseof thecategorical
natureof language,andthelargevocabulariespeoplenatu-
rally use,statisticaltechniquesmustestimatea largenum-
berof parameters,andconsequentlydependcritically onthe
availability of largeamountsof trainingdata.

Over thepasttwentyyears,successively largeramounts
of text of varioustypeshave becomeavailableonline. As
a result,in domainswheresuchdatabecameavailable,the
qualityof languagemodelshasincreaseddramatically. How-
ever, thisimprovementis now beginningtoasymptote.Even
if onlinetext continuesto accumulateatanexponentialrate
(which it no doubtwill, giventhegrowth rateof the web),
the quality of currentlyusedstatisticallanguagemodelsis
not likely to improve by a significantfactor. Oneinformal
estimatefrom IBM shows that bigrammodelseffectively
saturatewithin severalhundredmillion words,andtrigram
modelsarelikely to saturatewithin a few billion words. In
severaldomainswealreadyhave thismuchdata.

Ironically, themostsuccessfulSLM techniquesusevery
little knowledgeof what languagereally is. Themostpop-
ular languagemodels( � -grams)takeno advantageof the
factthatwhatis beingmodeledis language– it mayaswell
bea sequenceof arbitrarysymbols,with no deepstructure,
intentionor thoughtbehindthem.

A possiblereasonfor this situationis that the knowl-
edgeimpoverishedbut dataoptimal techniquesof � -grams
succeededtoo well, andthusstymiedwork on knowledge
basedapproaches.

But onecanonly go so far without knowledge. In the
wordsof the premierproponentof the statisticalapproach
to languagemodeling,FredJelinek,wemust‘put language
back into languagemodeling’ [5]. Unfortunately, only a
handfulof attemptshave beenmadeto dateto incorporate
linguistic structure,theoriesor knowledge into statistical
languagemodels,andmostsuchattemptshave beenonly
modestlysuccessful.

In whatfollows,section2 introducesstatisticallanguage
modelingin moredetail,anddiscussesthepotentialfor im-
provementin this area. Section3 overviews major estab-
lishedSLM techniques.Section4 lists promisingcurrent
researchdirections.Finally, section5 suggestsboth an in-
teractive approachanda Bayesianapproachto the integra-



tion of linguistic knowledgeinto the model,andpoints to
theencodingof suchknowledgeasa mainchallengefacing
thefield.

2. STATISTICAL LANGUAGE MODELING

2.1. Definition and use

A statisticallanguagemodelis simply a probabilitydistri-
bution

�������
over all possiblesentences

�
.1

It is instructive to comparestatisticallanguagemodel-
ing to computationallinguistics.Admittedly, thetwo fields
(andcommunities)have fuzzy boundaries,anda greatdeal
of overlap.Nonetheless,oneway to characterizethediffer-
enceis asfollows. Let � be the word sequenceof a given
sentence,i.e. its surfaceform, andlet 	 be somehidden
structureassociatedwith it (i.e. its parsetree,word senses,
etc.). Statisticallanguagemodelingis mostly aboutesti-
matingPr

� � � , whereascomputationallinguisticsis mostly
aboutestimatingPr

� 	�
 � � . Of course,if onecouldestimate
well the joint Pr

� �
��	 � , both Pr
� � � andPr

� 	�
 � � couldbe
derivedfrom it. In practice,this is usuallynot feasible.

Statisticallanguagemodelsareusuallyusedin thecon-
text of a Bayesclassifier, wherethey canplay the role of
eithertheprior or the likelihood function. For example,in
automatic speechrecognition, givenanacousticsignal � ,
thegoal is to find thesentence

�
that is mostlikely to have

beenspoken.Usinga Bayesianframework, thesolutionis:������������������ ����� 
 � ��� �����!�"���� ��� �#
 �$�
%��&�'�$� (1)

wherethe languagemodel
�������

playstherole of theprior.
In contrast,in documentclassification, givena document(
, the goal is to find theclass) to which it belongs.Typi-

cally, examplesof documentsfromeachof the(say)* classes
aregiven,from which * differentlanguagemodels+ ��,$� ( � ,�
-�� ( �

, .$.$. , �0/1� ( �32 areconstructed.Usinga Bayesclassi-
fier, thesolution ) � is:
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wherethe languagemodel
� 6 � ( � playstherole of the like-

lihood. In a similar fashion,onecanderive therole of lan-
guagemodelsin Bayesianclassifiersfor theotherlanguage
technologieslistedabove.

2.2. Measuresof progress

To assessthe quality of a given languagemodelingtech-
nique,the likelihood of new datais mostcommonlyused.
Theaveragelog likelihoodof anew randomsampleis given

1Or spokenutterances,documents,or anyotherlinguisticunit.

by:

Average-Log-Likelihood
��9 
 : ���<;�>=1?A@CB �D�8EF��9 ? �

(3)
where

9G� + 9�, � 9H- ��.$.$.�� 9JI#2 is thenew datasample,and
M is thegivenlanguagemodel.This latterquantitycanalso
beviewedasanempiricalestimateof the crossentropyof
the true (but unknown) datadistribution

�
with regard to

themodeldistribution
�0E

:

cross-entropy
����K3� E �L�NM =PO ���'9��
%RQ'SRTU� E �'9�� (4)

Actualperformanceof languagemodelsis oftenreported
in termsof perplexity [6]:

VXW � V @ W �ZY\[P]0����K3� E �^��_ cross-entropy`ba
c aedgf (5)

Perplexity canbeinterpretedasthe(geometric)average
branchingfactorof thelanguageaccordingto themodel. It
is a function of both the languageand the model. When
considereda function of themodel,it measureshow good
themodelis (thebetterthemodel,thelowertheperplexity).
Whenconsideredafunctionof thelanguage,it estimatesthe
entropy, or complexity, of thatlanguage.

Ultimately, the quality of a languagemodel must be
measuredby its effect on thespecificapplicationfor which
it wasdesigned,namelyby its effectontheerrorrateof that
application. However, error ratesare typically non-linear
andpoorlyunderstoodfunctionsof thelanguagemodel.Lower
perplexity usuallyresult in lower error rates,but thereare
plentyof counterexamplesin theliterature.As a roughrule
of thumb,reductionof 5% in perplexity is usuallynot prac-
tically significant;a10%–20%reductionis noteworthy, and
usually(but not always)translatesinto someimprovement
in applicationperformance;a perplexity improvementof
30%or moreover a goodbaselineis quitesignificant(and
rare!).

Severalattemptshave beenmadeto devisemetricsthat
arebettercorrelatedwith applicationerrorratethanperplex-
ity, yetareeasierto optimizethantheerrorrateitself. These
attemptshavemetwith limited success.For now, perplexity
continuesto be the preferredmetric for practicallanguage
modelconstruction.For moredetails,see[7].

2.3. Known weaknessesin current models

Eventhesimplestlanguagemodelhasadrasticeffectonthe
applicationin which it is used(thiscanbeobservedby, say,
removing the languagemodel from a speechrecognition
system). However, currentlanguagemodelingtechniques
arefar from optimal. Evidencefor this comesfrom several
sources:



Brittleness across domains: Current languagemod-
elsareextremelysensitive to changesin thestyle, topic or
genreof the text on which they aretrained. For example,
to modelcasualphoneconversations,oneis muchbetteroff
using 2 million words of transcriptsfrom suchconversa-
tions thanusing140 million wordsof transcriptsfrom TV
andradionews broadcasts.This effect is quitestrongeven
for changesthatseemtrivial to a human:a languagemodel
trainedon Dow-Jonesnewswire text will seeits perplexity
doubledwhenappliedto thevery similar AssociatedPress
newswiretext from thesametimeperiod([8, p. 220]).

False independenceassumption: In order to remain
tractable,virtually all existinglanguagemodelingtechniques
assumesomeform of independenceamongdifferentpor-
tions of the samedocument.For example,the mostcom-
monly usedmodel,the � -gram,assumesthat theprobabil-
ity of thenext word in a sentencedependsonly ontheiden-
tity of the last � -1 words. Yet even a cursorylook at any
naturaltext provesthis assumptionpatentlyfalse.Falsein-
dependenceassumptionsin statisticalmodelsusually lead
to overly sharpdistributions.This is preciselywhatis hap-
peningin languagemodeling,ascanbeseenfor examplein
documentclassification:the posteriorcomputedby equa-
tion 2 is usuallyextremelysharp,reachingvirtually onefor
oneof the classesandvirtually zerofor all others.This of
coursecannotbethetrueposterior, sincetheaverageclassi-
ficationerrorrateis typically muchgreaterthanzero.

Shannon-styleexperiments:ClaudeShannonpioneered
thetechniqueof eliciting humanknowledgeof languageby
askinghumansubjectsto predict the next elementof text
[9, 10]. Shannonusedthis techniqueto boundtheentropy
of English. [11] formulateda gamblingsetupandusedit
to derive its own estimateof the entropyof English. In
the1980s,thespeechandlanguageresearchgroupat IBM
performed‘Shannon-style’experiments,in which potential
sourcesfor languagemodelingimprovementwereidentified
by observingandanalyzingtheperformanceof humansub-
jectsin predictingor correctingtext. Sincethen,Shannon-
styleexperimentshave beenperformedby severalotherre-
searchers.For example,[12] performedexperimentsaimed
atestablishingthepotentialfor languagemodelingimprove-
mentsin specificlinguistic areas.A commonobservation
during all theseexperimentsis that peopleimprove on the
performanceof a languagemodeleasily, routinelyandsub-
stantially. They apparentlydo soby usingreasoningat the
linguistic,commonsense,anddomainlevels.

3. SURVEY OF MAJOR SLM TECHNIQUES

This sectionbriefly reviews major establishedSLM tech-
niques.For a moredetailedtechnicaltreatment,see[13].

Almostall languagemodelsto datedecomposetheprob-
ability of a sentenceinto a productof conditionalprobabil-

ities:

Pr
�'�$� def�

Pr
�'h�, .$.$. h!I1���

Ii?kj , Pr
��h ? 
 l ? � (6)

where
h ?

is the m th word in the sentence,and l ? def� + h , ,hn-
, .�.$. h ?�o ,p2 is calledthehistory.

3.1. � -grams� -gramsarethe stapleof currentspeechrecognitiontech-
nology. Virtually all commercialspeechrecognitionprod-
uctsusesomeform of an � -gram. An � -gramreducesthe
dimensionalityof theestimationproblemby modelinglan-
guageasa Markov sourceof order � -1:

���'h ? 
 l ? �
q4���'h ? 
 h ?�o IZr8, �$.�.$.3� h ?�o , � (7)

The value of � tradesoff the stability of the estimate
(i.e. its variance)againstits appropriateness(i.e. bias). A
trigram( � =3) is a commonchoicewith large trainingcor-
pora(millions of words),whereasa bigram( � =2) is often
usedwith smallerones.

Deriving trigram andeven bigramprobabilitiesis still
a sparseestimationproblem,even with very largecorpora.
For example,afterobservingall trigrams(i.e., consecutive
word triplets) in 38 million words’ worth of newspaperar-
ticles,a full third of trigramsin new articlesfrom thesame
sourcearenovel [8, p. 8]. Furthermore,evenamongtheob-
served trigrams,thevastmajority occurredonly once,and
themajorityof theresthadsimilarly low counts.Therefore,
straightforwardmaximumlikelihood(ML) estimationof � -
gram probabilitiesfrom countsis not advisable. Instead,
varioussmoothingtechniqueshave beendeveloped.These
includediscountingtheML estimates[14, 15], recursively
backingoff to lowerorder � -grams[16, 17,18],andlinearly
interpolating � -gramsof different order [19]. Other ap-
proachesincludevariable-length� -gram[20,21,22,23, 24]
aswell asalatticeapproach[25]. Muchworkhasbeendone
to compareandperfectsmoothingtechniquesundervarious
conditions.A goodrecentanalysiscanbefoundin [26]. In
addition,toolkits implementingthevarioustechniqueshave
beendisseminated[27, 28, 29, 30].

Yet anotherway to battlesparsenessis via vocabulary
clustering. Let s ? be the classword

h ?
wasassignedto.

Thenany of several model structurescould be used. For
example,for a trigram:

Pr
�'h!t 
 h�, � hn-3�u� Pr

�'h!t 
 s t��
% Pr
� s t 
 h�, � hn-p� (8)

Pr
�'h!t 
 h�, � hn-3�u� Pr

�'h!t 
 s t��
% Pr
� s t 
 h�, �3s -p� (9)

Pr
�'h!t 
 h�, � hn-3�u� Pr

�'h!t 
 s t��
% Pr
� s t 
 s , �3s -p� (10)

Pr
�'h!t 
 h�, � hn-3�u� Pr

�'h!t 
 s , �3s -p� (11)



The quality of the resultingmodel dependsof course
on the clustering s ��� . In narrow discoursedomains(e.g.
ATIS, [31]), goodresultsareoftenachievedby manualclus-
tering of semanticcategories(e.g. [32]). But in lesscon-
straineddomains,manualclusteringby linguisticcategories
(e.g.partsof speech)doesnotusuallyimproveontheword-
basedmodel.Automatic,iterativeclusteringusinginforma-
tion theoreticcriteria [33, 34] appliedto largecorporacan
sometimesreduceperplexity by 10% or so, but only after
themodelis interpolatedwith its word-basedcounterpart.

3.2. Decisiontreemodels

Decisiontreesand CART-style [35] algorithmswere first
appliedto languagemodelingby [36]. A decisiontreecan
arbitrarilypartitionthespaceof historiesby askingarbitrary
binaryquestionsaboutthehistory l at eachof the internal
nodes. The training dataat eachleaf is thenusedto con-
structaprobabilitydistributionPr

��h 
 l � over thenext word.
To reducethevarianceof theestimate,this leaf distribution
is interpolatedwith internal-nodedistributionsfoundalong
thepathto theroot.

As usual,treesaregrown by greedilyselecting,at each
node,themostinformativequestion(asjudgedby reduction
in entropy).Pruningandcrossvalidationarealsoused.

Applying CART technologyto languagemodeling is
quiteachallenge:Thespaceof historiesis verylarge( ;�v ,�w�w
for a 20 word sequenceover a 100,000word vocabulary),
andthe spaceof possiblequestionsis even larger (

_ ,�wRxzy�y
).

Even if questionsare restrictedto individual words in the
history, therearestill

_ v %�_ ,�w3{ suchquestions.Very strong
bias must be introduced,by restrictingthe classof ques-
tions to beconsideredandusinggreedysearchalgorithms.
To supportoptimal single-wordquestionsat a givennode,
algorithmsweredevelopedfor rapid optimal binary parti-
tioningof thevocabulary (e.g.[37]).

Thefirst attemptat CART-styleLM [36] useda history
window of 20 wordsandrestrictedquestionsto individual
words,thoughit allowedmorecomplicatedquestionscon-
sisting of compositesof simple questions. It took many
monthsto train, and the result fell short of expectations:
a 4% reductionin perplexity over thebaselinetrigram,and
a further9% reductionwheninterpolatedwith thelatter. In
thesecondattempt[38], muchstrongerbiaswasintroduced:
first, thevocabularywasclusteredinto abinaryhierarchyas
in [33], andeachword wasassigneda bit-stringrepresent-
ing thepathleadingto it from theroot. Then,treequestions
wererestrictedto theidentityof themostsignificantas-yet-
unknown bit in eachword in thehistory. This reducedthe
candidatesetto ahandfulof questionsateachnode.Unfor-
tunately, resultsherewerealsodisappointing,andthe ap-
proachwaslargelyabandoned.

Theoretically, decisiontreesrepresentthe ultimate in

partition basedmodels. It is likely that treesexist which
significantlyoutperformngrams. But finding themseems
difficult, for both computationaland datasparsenessrea-
sons.

3.3. Linguistically motivated models

While all SLMsgetsomeinspirationfrom anintuitiveview
of language,in mostmodelsactuallinguisticcontentis quite
negligible. SeveralSLM techniques,however, aredirectly
derivedfrom grammarscommonlyusesby linguists.

Context freegrammar (CFG) is a crudeyet well un-
derstoodmodelof naturallanguage.A CFGis definedby a
vocabulary, a setof non-terminalsymbolsanda setof pro-
ductionor transitionrules.Sentencesaregenerated,starting
with aninitial non-terminal,by repeatedapplicationof the
transitionrules,eachtransforminga non-terminalinto a se-
quenceof terminals(i.e. words)andnon-terminals,until a
terminals-onlysequenceis achieved. SpecificCFGshave
beencreatedbasedonparsedandannotatedcorporasuchas
[39], with good, thoughstill incomplete,coverageof new
data.

A probabilistic(or stochastic)context freegrammarputs
a probabilitydistributionon thetransitionsemanatingfrom
eachnon-terminal,therebyinducinga distributionover the
setof all sentences.Thesetransitionprobabilitiescanbees-
timatedfrom annotatedcorporausingtheInside-Outsideal-
gorithm[40], anEstimation-Maximization(EM) algorithm
(see[41]). However, thelikelihoodsurfacesof thesemodels
tendto containmany localmaxima,andthelocally maximal
likelihoodpointsfoundbythealgorithmusuallyfall shortof
theglobalmaximum.Furthermore,evenif globalML esti-
mationwere feasible,it is generallybelieved that context
sensitive transitionprobabilitiesare neededto adequately
accountfor actualbehavior of language.Unfortunately, no
efficient trainingalgorithmis known for thissituation.

In spiteof this,[42] successfullyincorporatedCFGknowl-
edgesourcesinto a SLM to achieve a 15% reductionin a
speechrecognitionerror rate in the ATIS domain. They
did so by parsingthe utteranceswith a CFG to producea
sequenceof grammaticalfragmentsof varioustypes,then
constructinga trigram of fragmenttypes to supplantthe
standardngram.

Link grammar is a lexicalizedgrammarproposedby
[43]. Eachword is associatedwith one or more ordered
setsof typedlinks; eachsuchlink mustbe connectedto a
similarly typedlink of anotherwordin thesentence.A legal
parseconsistsof satisfyingall links in the sentencevia a
planargraph.Link grammarhasthesameexpressive power
asa CFG,but arguablyconformsbetterto humanlinguistic
intuition. A link grammarfor Englishhasbeenconstructed
manuallywith goodcoverage. Probabilisticforms of link
grammarhave alsobeenattempted[44]. Link grammaris



relatedto dependency grammar, whichwill bediscussedin
section4.

3.4. Exponential models

All modelsdiscussedsofar suffer from datafragmentation,
in that moredetailedmodelingnecessarilyresultsin each
new parameterbeingestimatedwith lessandlessdata.This
is very apparentin decisiontrees,where,asthetreegrows,
leavescontainfewer andfewer datapoints.

Fragmentationcanbeavoidedby usinganexponential
modelof theform:

����h 
 l �0� ;|J� l � % W � V
} =1? ~ ?��$? � l8� h���� (12)

where ~ ? arethe parameters,
|J� l � is a normalizingterm,

andthefeatures
� ? � l8� h�� arearbitraryfunctionsof theword-

historypair. Givena trainingcorpus,the ML estimatecan
beshown to satisfytheconstraints:

=������� l �
% =5� ����h 
 l �8% �$? � l8� h������L�a �$? � l0� h�� (13)

where �� is theempiricaldistributionof thetrainingcorpus.
The ML estimatecan alsobe shown to coincidewith

the Maximum Entropy(ME) distribution [45], namelythe
onewith highestentropyamongall distributionssatisfying
equation13. This uniqueML/ME solutioncanbefoundby
aniterativeprocedure[46, 47].

The ME paradigm,and the moregeneralMDI frame-
work, werefirst suggestedfor languagemodelingby [48],
andhave sinceseenconsiderablesuccess(e.g. [49, 50,8]).
Its strengthlies in principly incorporatingarbitraryknowl-
edgesourceswhile avoiding fragmentation.For example,
in [8], conventionalngrams,distance-2ngrams,and long
distanceword pairs(“triggers”) wereencodedasfeatures,
and resultedin up to 39% perplexity reductionandup to
14%speechrecognitionword error ratereductionover the
trigrambaseline.

While ME modeling is elegant and general,it is not
without its weaknesses.Training a ME model is compu-
tationallychallenging,andsometimesaltogetherinfeasible.
Using a ME model is alsoCPU intensive, becauseof the
needfor explicit normalization.UnnormalizedME model-
ing is attemptedin [51]. ME smoothingis analyzedin [52].

Therelative successof ME modelingfocusedattention
on theremainingproblemof featureinduction,namely, se-
lectionof usefulfeaturesto be includedin the model. An
automaticiterative procedurefor selectingfeaturesfrom a
givencandidatesetis describedin [47]. An interactivepro-
cedurefor eliciting candidatesetsis describedin [53].

ME languagemodelingremainsthesubjectof intensive
research;seefor example[54, 55, 56,57,58].

3.5. Adaptive models

Sofar we have treatedlanguageasa homogeneoussource.
But in fact naturallanguageis highly heterogeneous,with
varyingtopics,genresandstyles.

In cross-domainadaptation, test datacomesfrom a
sourceto which the languagemodelhasnot beenexposed
during training. The only usefuladaptationinformationis
in thecurrentdocumentitself. A commonandquiteeffec-
tive techniquefor exploiting this informationis the cache:
the (continuouslydeveloping)history is usedto create,at
runtime,a dynamic � -gram

�8���5���p����h 
 l � , which in turn is
interpolatedwith thestaticmodel:

� �5���5�p�k� ��� �'h 
 l �
� ~ �8� �'�5�k� � �'h 
 l �#� � ; M ~ ��� ���5���p� ��h 
 l �
(14)

with the weight ~ optimizedon held-outdata. Cache
LMs werefirst introducedby [59] and[60]. [61, 62] report
reductionin perplexity, and [63] also reportsreductionin
recognitionerror rate. [64] introducedyet anotheradapta-
tion scheme.

In within-domain adaptation, testdatacomesfromthe
samesourceas the training data,but the latter is hetero-
geneous,consistingof many subsetswith varying topics,
styles,or both. Adaptationthenproceedsin the following
steps:

1. Clusteringthetrainingcorpusalongthedimensionof
variability, say, topic (e.g.[65]).

2. At runtime,identifyingthetopicor setof topics([66,
67]) of thetestdata.

3. Locatingappropriatesubsetsof the training corpus,
andusingthemto build a specificmodel.

4. Combiningthespecificmodelwith acorpus-widemodel
(in statisticalterminology,shrinkingthespecificmodel
towardsthegeneralone,to tradeoff theformer’svari-
anceagainstthe latter’s bias). This is usuallydone
via linearinterpolation,at eitherthewordprobability
level or thesentenceprobabilitylevel [65].

A special(andverycommon)caseis whenonehasonly
smallamountsof datain thetargetdomainandlargeamounts
in otherdomains.In this case,theonly relevantstepis the
last one: combiningmodelsfrom the two domains. The
outcomehereis oftendisappointing,though: trainingdata
outsidethe domainhassurprisinglylittle benefit. For ex-
ample,whenmodelingtheSwitchboarddomain(conversa-
tionalspeech,[68]), the40million wordsof theWSJcorpus
(newspaperarticles,[69]) andeven the 140 million words
of theBN corpus(broadcastnews transcriptions,[70]) im-
prove by only a few percentagepointsthe applicationper-
formanceof the in-domainmodel trainedon a paltry 2.5



million words. Although this is a significantimprovement
on sucha difficult corpus,it is nonethelessdisappointing
consideringthe amountof data involved. By someesti-
mates[71], another1 million words of Switchboarddata
would help the modelmorethan30 million wordsof out-
of-domaindata.Thissuggestthatouradaptationtechniques
aretoocrude.

4. PROMISING CURRENT DIRECTIONS

This sectiondiscussescurrentresearchdirectionsthat, in
thisauthor’ssubjective opinion,show significantpromise.

4.1. Dependencymodels

Dependency grammars(DG) describesentencesin termsof
asymmetricpairwiserelationshipsamongwords. With a
single exception,eachword in the sentenceis dependent
upononeotherword, calledits heador parent. Thesingle
exceptionis the root, which serves as the headof the en-
tire sentence.For moreaboutDGs,see[72]. Probabilistic
DGshavealsobeendeveloped,togetherwith algorithmsfor
learningthemfrom corpora(e.g.[73]).

Probabilisticdependency grammarsareparticularlysuited
to � -gram style modeling,whereeachword is predicted
basedon a small numberof other words. The main dif-
ferenceis that in a conventional � -gram, the structureof
the model is predetermined:eachword is predictedfrom
a few wordsthat immediatelyprecededit. In DG, which
wordsserveaspredictorsdependsonthedependency graph,
which is a hiddenvariable. A typical implementationwill
parsea sentence

�
to generatethe mostlikely dependency

graphs � ? (with attendantprobabilities
�&� � ? � ), compute

for eachof themagenerationprobability
�&�'� 
 � ? � (either � -

gramstyleor perhapsasanME model),andfinally estimate
the completesentenceprobability as

��������q�� ? ��� � ? �n%���'� 
 � ? � (this is only approximatebecausethe
�&� � ? � them-

selveswerederived from the sentence
�
.) Sometime

���'�$�
is furtherapproximatedas

���'� 
 � � � , where � � is thesingle
bestscoringparse.

An exampleof sucha model is [74], which usesthe
parserof [75] to generatethecandidateparses,andtrainsthe
parametersusingmaximumentropy. Theprobabilisticlink
grammar[44] mentionedin section3.3 also falls roughly
in thiscategory. Most recently, [76] employedaparserwith
probabilisticparameterizationof apushdownautomata,and
usedanEM-type algorithmfor training,with encouraging
results(1%recognitionworderrorratereductionontheno-
toriouslydifficult Switchboardcorpus).In all, this method
of combininghiddenlinguisticstructurewith chain-rulepa-
rameterizationcanyield a linguisticallygroundedyet com-
putationallytractablemodel.

4.2. Dimensionality reduction

Oneof thereasonslanguageis sohardto modelstatistically
is that it is ostensiblycategorical, with an extremely large
numberof categories,or dimensions.A prime exampleis
thevocabulary. To mostlanguagemodels,thevocabulary is
but a very largesetof unrelatedentries.BANK is nocloser
to LOAN or to BANKS than it is to, say, BRAZIL. This
resultsin a largenumberof parameters.Yet our linguistic
intuition is thatthereis a greatdealof structurein therela-
tionshipamongwords.Wefeel thatthe“true” dimensionof
thevocabulary is actuallyquitelower.

Similarly, for otherphenomenain language,theunder-
lying spacemay beof moderateor even low dimensional-
ity. Considertopic adaptation.As the topic changes,the
probabilitiesof almostall wordsin thevocabulary change.
Sincenotwo documentsareexactlyaboutthesamething,a
straightforwardapproachwould requireaninordinatenum-
ber of parameters.Yet the underlyingtopic spacecan be
reasonablymodeledin muchfewerdimensions.

This is themotivationbehind[77], whichusesthetech-
niqueof LatentSemanticAnalysis([78]) to simultaneously
reducethedimensionalityof thevocabulary andthatof the
topic space.First, theoccurrenceof eachvocabulary word
in eachdocumentis tabulated. This very large matrix is
thenreducedvia SingularValueDecompositionto a much
lowerdimension(typically 100–150).Thenew, smallerma-
trix capturesthe mostsalientcorrelationsbetweenspecific
combinationsof wordson onehandandclustersof docu-
mentson theother. Thedecompositionalsoyieldsmatrices
thatprojectfrom document-spaceandword-spaceinto the
new, combinedspace. Consequently, any new document
can be projectedinto the combinedspace,effectively be-
ing classifiedasa combinationof the fundamentalunder-
lying topics,andadaptedto accordingly. In [77], this type
of adaptationis combinedwith an � -gram,anda perplex-
ity reductionof 30%over a trigrambaselineis reported.In
[79], thetechniqueis furtherdevelopedandis foundto also
reducerecognitionerrorsby 16%over atrigrambaseline.

4.3. Whole sentencemodels

All languagemodelsdescribedso far use the chain rule
to decomposethe probability of a sentenceinto a product
of conditionalprobabilitiesof the type Pr

��h 
 l � . Histori-
cally, this hasbeendoneto facilitateestimationby relative
counts.Thedecompositionis ostensiblyharmless:afterall,
it is not anapproximationbut anexact equality. However,
as a result, languagemodelingby and large hasbeenre-
ducedto modelingthe distribution of a singleword. This
in turn maybea significanthindranceto modelinglinguis-
tic structure:somelinguistic phenomenaareimpossibleor
at bestawkwardto think about,let aloneencode,in a con-
ditional framework. Theseincludesentence-level features



suchaspersonandnumberagreement,semanticcoherence,
parsability, and even length. Furthermore,external influ-
enceson thesentence(e.g. previoussentences,topic) must
be factoredinto the predictionof every word, which can
causesmallbiasesto compound.

To addresstheseissues,[53] proposedawholesentence
exponentialmodel:

�������
��;| %p� w �����^% W � V�} =�? ~ ? � ? �'�$�
� (15)

Comparedwith theconditionalexponentialmodelof equa-
tion 12,

|
is now atrueconstant,whicheliminatestheseri-

ousburdenof normalization.Most importantly, thefeatures�$? �����
cancapturearbitrarypropertiesof theentiresentence.

Trainingthismodelrequiressamplingfromanexponen-
tial distribution,a non-trivial task. Theuseof MonteCarlo
Markov Chain and other samplingmethodsfor language
is studiedin [80]. Samplingefficiency is crucial. Conse-
quently, the bottleneckin this model is not the numberof
featuresor amountof data,but ratherhow rarethefeatures
are, and how accuratelythey needto be modeled. Inter-
estingly, it hasbeenshown [81] thatmostof thebenefitis
likely to comefrom themorecommonfeatures.

Parse-basedfeatureshavebeentriedin [81], andseman-
tic featuresarediscussedin [53]. An interactive methodol-
ogy for featureinductionwasalsoproposedin [53]. This
methodologyleadsto aformulationof thetrainingproblem
aslogisticregression,with significantpracticalbenefitsover
ML training.

5. CHALLENGES

Perhapsthe most frustratingaspectof statisticallanguage
modelingis thecontrastbetweenourintuitionasspeakersof
naturallanguageandtheover-simplisticnatureof ourmost
successfulmodels.

As native speakers,we feel stronglythat languagehas
a deepstructure.Yet we arenot surehow to articulatethat
structure,let aloneencodeit, in a probabilisticframework.
Establishedlinguistic theorieshave beenof surprisinglylit-
tle help here,probablybecausetheir goal is to draw a line
betweenwhat is properly in the languageandwhat isn’t,
whereasSLM’s goalsarequitedifferent.

As an example,considerthe problemof clusteringthe
vocabulary wordswhich wasdiscussedin section3.1. As
mentionedthere,several automaticiterative methodshave
beenproposed(e.g. [33, 34]). Table1 lists exampleword
classesderivedby sucha method[82]. While mostwords’
placementappearsatisfactory, a few of thewordsseemout
of place. Not surprisingly, theseare often words whose
countin thecorpuswasinsufficientfor reliableassignment.
Ironically, it is exactly thesewordswhich stoodto benefit
the most from clustering. In general,the more reliably a

Table1: Datadrivenwordclasses.
COMMITTEE COMMISSION PANEL SUBCOMMITTEE WONK

THEMSELVES MYSELF YOURSELF UNBECOMING ...

ATTORNEY SURGEON RUKEYSER CONSUL RICKEY ...

ACTION ACTIVITY INTERVENTION ATTACHE WARFARE ...

CENTER ASSOCIATION FACETED INSTITUTE GUILD ...

PARTICULAR YEAR’S NIGHT’S MORNING’S FATEFUL ...

wordcanbeassignedto a class,thelessit will benefitfrom
thatassignment.How thenis vocabulary clusteringto be-
comeeffective?

I believe that the solution to this problem,andothers
like it, is to inject humanknowledgeof languageinto the
process.This cantakethefollowing forms:

Interactive modeling. Data-drivenoptimizationandhu-
manknowledgeanddecisionmakingcanplaycomplemen-
taryrolesin anintertwinediterativeprocess.For thevocab-
ulary clusteringproblem,this meansthata humanis put in
theloop,to arbitratesomeborderlinedecisionsandoverride
others.For example,a humancandecidethat ’TUESDAY’
belongsin the samecluster as ’MONDAY’, ’WEDNES-
DAY’, ’THURSDAY’ and’FRIDAY’, evenif it did not oc-
curenoughtimesto beplacedthereautomatically, andeven
if it did not occurat all. Anotherexampleof this approach
is the interactive featureinductionmethodologydescribed
in [53].

Encoding knowledgeas priors. Oneof the perils of
usinghumanknowledgeis that it is often overstated,and
sometimeswrong.Thusabettersolutionmightbetoencode
suchknowledgeasa prior in a Bayesianupdatingscheme.
After training,whateverphenomenaarenotsufficiently rep-
resentedin thetrainingcorpuswill continueto becaptured
thanksto theprior. Whenever enoughdataexist, however,
they will overridethe prior. For the vocabulary clustering
problem,experts’ beliefs about the relationshipsbetween
vocabulary entriesmustbesuitablyencoded,andtheclus-
teringparadigmmustbechangedto optimizeanappropri-
ateposteriormeasure.Thus,in theexampleabove, enough
datamayexist to separateout ’FRIDAY’ becauseof its use
in phraseslike “ThankGodIt’ sFriday”.

Encodinglinguistic knowledgeasa prior is anexciting
challengewhich hasyet to be seriouslyattempted. This
will likely include defining a distancemetric over words
andphrases,andastochasticversionof structuredwordon-
tologieslike WordNet[83]. At thesyntacticlevel, it could
includeBayesianversionsof manuallycreatedlexicalized
grammars.In practice,theBayesianframework andthein-
teractiveprocessmaybecombined,takingadvantageof the
superiortheoreticalfoundationof the formerandthe com-
putationaladvantagesof thelatter.
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