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ABSTRACT

StatisticalLanguageModelsestimatehedistribution of
variousnaturalanguagehenomenéor thepurposenf speech
recognitionandotherlanguagdechnologiesSincethefirst
significantmodelwasproposedn 1980,mary attempthave
beenmadeto improve the stateof the art. We review them
here,point to a few promisingdirections,andamue for a
Bayesiampproactto integrationof linguistic theorieswith
data.

1. OUTLINE

Statisticallanguagemodeling(SLM) is the attemptto cap-
ture regularitiesof naturallanguagdor the purposeof im-
proving the performancef variousnaturallanguageappli-
cations By andlarge,statisticalanguagenodelingamounts
to estimatingthe probability distribution of variouslinguis-
tic units,suchaswords,sentencesndwholedocuments.

Statisticallanguagemodelingis crucial for a large va-
riety of languagetechnologyapplications. Theseinclude
speechiecognitionwhereSLM gotits start),machingrans-
lation, documentlassificatiorandrouting, optical charac-
ter recognition,informationretrieval, handwritingrecogni-
tion, spellingcorrectionandmary more.

In machinetranslation,for example, purely statistical
approachebavebeenintroducedn [1]. Butevenresearchers
usingrule-basedpproachesave foundit beneficialto in-
troducesomeelementsof SLM and statisticalestimation
[2]. Ininformationretrieval, alanguagenodelingapproach
wasrecentlyproposedy [3], anda statistical/informatia
theoreticabpproactwasdevelopedby [4].

SLM employsstatisticakstimatiortechniquesisinglan-
guagetrainingdata,thatis, text. Becausef the cateyorical
natureof languageandthe large vocalulariespeoplenatu-
rally use,statisticaltechniquesnustestimatea large num-
berof parametersandconsequentlgepencritically onthe
availability of large amountf trainingdata.

Overthepasttwentyyearssuccessiely largeramounts
of text of varioustypeshave becomeavailable online. As
aresult,in domainswheresuchdatabecameavailable,the
qualityof languagemodelshasincreasediramatically How-
ever, thisimprovemenis now beaginningto asymptoteEven
if onlinetext continuego accumulateatanexponentialrate
(which it no doubtwill, giventhe growth rateof the web),
the quality of currently usedstatisticallanguagemodelsis
not likely to improve by a significantfactor. Oneinformal
estimatefrom IBM shaws that bigram modelseffectively
saturatewithin seseral hundredmillion words,andtrigram
modelsarelikely to saturatewithin a few billion words.In
severaldomainswe alreadyhave this muchdata.

Ironically, themostsuccessfubLM techniquesisevery
little knowledgeof whatlanguageeally is. The mostpop-
ular languagemodels(n-grams)take no advantageof the
factthatwhatis beingmodeleds language- it mayaswell
bea sequencef arbitrarysymbolswith no deepstructure,
intentionor thoughtbehindthem.

A possiblereasonfor this situationis that the knowl-
edgeimpoverishedbut dataoptimaltechniqueof n-grams
succeededoo well, andthus stymiedwork on knowledge
basedapproaches.

But onecanonly go so far without knowledge. In the
wordsof the premierproponentof the statisticalapproach
to languagemodeling,FredJelinek,we must‘put language
backinto languagemodeling’ [5]. Unfortunately only a
handfulof attemptshave beenmadeto dateto incorporate
linguistic structure,theoriesor knowledgeinto statistical
languagemodels,and most suchattemptshave beenonly
modestlysuccessful.

In whatfollows,sectior? introducestatisticalanguage
modelingin moredetail,anddiscusseshe potentialfor im-
provementin this area. Section3 overviens major estab-
lished SLM techniques.Section4 lists promisingcurrent
researcldirections. Finally, section5 suggestd®oth anin-
teractive approachanda Bayesiamapproaclhto the integra-



tion of linguistic knowledgeinto the model, and pointsto
theencodingof suchknowledgeasa mainchallengefacing
thefield.

2. STATISTICAL LANGUAGE MODELING

2.1. Definition and use

A statisticallanguagemodelis simply a probability distri-
bution P(s) overall possiblesentences.!

It is instructive to comparestatisticallanguagemodel-
ing to computationalinguistics. Admittedly, the two fields
(andcommunitieshave fuzzy boundariesanda greatdeal
of overlap. Nonethelesspneway to characterizeéhe differ-
enceis asfollows. Let S bethe word sequencef a given
sentencei.e. its surfaceform, andlet H be somehidden
structureassociatedvith it (i.e. its parsetree,word senses,
etc.). Statisticallanguagemodelingis mostly about esti-
mating Pr(S), whereascomputationalinguisticsis mostly
aboutestimatingPr( H |S). Of coursejf onecouldestimate
well the joint Pr(S, H), both Pr(S) andPr(H|S) couldbe
derivedfromit. In practice thisis usuallynotfeasible.

Statisticallanguagemodelsareusuallyusedin thecon-
text of a Bayesclassifier wherethey canplay the role of
eitherthe prior or the likelihood function. For example,in
automatic speechrecognition givenanacousticsignala,
thegoalis to find the sentence thatis mostlikely to have
beenspokenUsinga Bayesiarframeavork, the solutionis:

s* = argmax P(s|a) = argmax P(als) - P(s) (1)

s k]

wherethe languagemodel P(s) playstherole of the prior.
In contrastjn documentclassification givena document
d, the goalis to find the classe to which it belongs. Typi-
cally, examplesof document$rom eachof the(say)k classes
aregiven,from which k differentlanguagemodels{ P, (d),
Py(d), ..., Px(d)} areconstructed.Using a Bayesclassi-
fier, thesolutionc* is:

¢* = argmax P(c|d) = argmax P(d|c) - P(¢) (2)

wherethe languagemodel P (d) playstherole of the like-
lihood. In a similar fashion,onecanderive therole of lan-
guagemodelsin Bayesiarclassifierdor theotherlanguage
technologiedistedabove.

2.2. Measuresof progress

To assesghe quality of a given languagemodelingtech-
nigue, the likelihood of new datais mostcommonlyused.
Theaveragdog likelihood of anew randomsamplés given

10r spokerutterancesjocumentsor any otherlinguistic unit.

by:
Average-Log-LikelihoofD|M) = 1 > " log Par(Dy)
n &

®3)
whereD = {D;, D,, ..., D,} is thenew datasampleand
M is thegivenlanguagemodel. Thislatterquantitycanalso
be viewed asan empirical estimateof the crossentropy of
the true (but unknawn) datadistribution P with regardto
the modeldistribution Py :

cross-entropyP; Pyr) = — > P(D) - logPy (D) (4)
D

Actualperformancef languagenodelds oftenreported
in termsof perplexity [6]:

perplexity (P; Py) = 9Cross-entropy’; Pas) (5)

Perpleity canbeinterpretedasthe (geometriclverage
branchingfactorof thelanguageaccordingto the model. It
is a function of both the languageand the model. When
consideredh function of the model,it measuresiow good
themodelis (thebetterthe model.thelowerthe perpleity).
Whenconsideredfunctionof thelanguageit estimateshe
entropy or compleity, of thatlanguage.

Ultimately, the quality of a languagemodel must be
measuredy its effect on the specificapplicationfor which
it wasdesignednamelyby its effectontheerrorrateof that
application. However, error ratesare typically non-linear
andpoorlyunderstoodunctionsof thelanguagenodel.Lower
perplity usuallyresultin lower error rates,but thereare
plentyof countergamplesin theliterature.As aroughrule
of thumb,reductionof 5% in perpleity is usuallynot prac-
tically significant;a 10%—20%reductionis notevorthy, and
usually(but not always)translatesnto someimprovement
in applicationperformance;a perpleity improvementof
30% or more over a goodbaselings quite significant(and
rare!).

Several attemptshave beenmadeto devise metricsthat
arebettercorrelatedvith applicatiorerrorratethanperple-
ity, yetareeasieto optimizethantheerrorrateitself. These
attemptshave metwith limited successFor now, perpleity
continueso be the preferredmetric for practicallanguage
modelconstructionFor moredetails,seg[7].

2.3. Known weaknesses current models

Eventhesimplestanguagenodelhasadrasticeffectonthe

applicationin whichit is used(this canbe obseredby, say

remawving the languagemodel from a speechrecognition
system). However, currentlanguagemodelingtechniques
arefar from optimal. Evidencefor this comesfrom several

sources:



Brittleness across domains: Currentlanguagemod-
els areextremely sensitve to changesn the style, topic or
genreof the text on which they aretrained. For example,
to modelcasuabhoneconversationspneis muchbetteroff
using 2 million words of transcriptsfrom suchcorversa-
tions thanusing 140 million wordsof transcriptsfrom TV
andradio news broadcastsThis effectis quite strongeven
for changeghatseemntrivial to a human:alanguagemodel
trainedon Dow-Jonesnewnswiretext will seeits perpleity
doubledwhenappliedto the very similar AssociatedPress
newswiretext from the sametime period([8, p. 220]).

False independenceassumption: In orderto remain
tractableyirtually all existinglanguagemodelingtechniques
assumesomeform of independencamongdifferentpor-
tions of the samedocument. For example,the mostcom-
monly usedmodel,the n-gram,assumeshatthe probabil-
ity of thenext wordin a sentencelepend®nly ontheiden-
tity of the lastn-1 words. Yet even a cursorylook at ary
naturaltext provesthis assumptiorpatentlyfalse. Falsein-
dependencassumptionsn statisticalmodelsusuallylead
to overly sharpdistributions. Thisis preciselywhatis hap-
peningin languagamodeling,ascanbeseenfor examplein
documentclassification:the posteriorcomputedby equa-
tion 2 is usuallyextremelysharp reachingvirtually onefor
oneof the classesandvirtually zerofor all others. This of
coursecannotbethetrue posterior sincetheaverageclassi-
ficationerrorrateis typically muchgreateithanzero.

Shannon-styleexperiments: ClaudeShannorpioneered
thetechniqueof eliciting humanknowledgeof languageby
askinghumansubjectsto predictthe next elementof text
[9, 10]. Shannorusedthis techniqueto boundthe entropy
of English. [11] formulateda gamblingsetupand usedit
to derive its own estimateof the entropyof English. In
the 1980s.the speechandlanguageesearcigroupat IBM
performed Shannon-styleexperimentsjn which potential
sourcegor languagenodelingimprovementwereidentified
by observingandanalyzingthe performancef humansub-
jectsin predictingor correctingtext. Sincethen,Shannon
styleexperimentshave beenperformedby serveral otherre-
searcherskor example,[12] performedexperimentsaimed
atestablishinghepotentiafor languagenodelingimprove-
mentsin specificlinguistic areas. A commonobsenration
during all theseexperimentds that peopleimprove on the
performancef alanguagemodeleasily routinelyandsub-
stantially They apparentlydo so by usingreasoningat the
linguistic,commonsenseanddomainlevels.

3. SURVEY OF MAJOR SLM TECHNIQUES

This sectionbriefly reviews major establishedSLM tech-

nigues.For amoredetailedtechnicaltreatmentsee[13].
Almostall languagenodelgo datedecompostheprob-

ability of a sentencénto a productof conditionalprobabil-

ities:

Pr(s) L pr(w, . w,) = [[Priwilh) ()

i=1

wherew; is the ith word in the sentenceand h; d:ef{wl,
wy, ... w;_1} is calledthehistory.

3.1. n-grams

n-gramsarethe stapleof currentspeechrecognitiontech-
nology. Virtually all commercialspeechrecognitionprod-
uctsusesomeform of ann-gram. An n-gramreduceghe
dimensionalityof the estimationproblemby modelinglan-
guageasa Markov sourceof ordern-1:

P(w;|h;) = P(wi|wi—pnt1, - - ., wi—1) (7)

The value of n tradesoff the stability of the estimate
(i.e. its variance)againstits appropriatenes@.e. bias). A
trigram (n=3) is a commonchoicewith large training cor
pora(millions of words),whereasa bigram(n=2) is often
usedwith smallerones.

Deriving trigram and even bigram probabilitiesis still
a sparseestimationproblem,even with very large corpora.
For example,after observingall trigrams(i.e., consecutie
word triplets)in 38 million words’ worth of newspaperar
ticles,a full third of trigramsin new articlesfrom the same
sourcearenovel [8, p. 8]. Furthermoregvenamongthe ob-
sened trigrams,the vastmajority occurredonly once,and
themajority of theresthadsimilarly low counts.Therefore,
straightforwardnaximumlikelihood (ML) estimatiornof n-
gram probabilitiesfrom countsis not advisable. Instead,
varioussmoothingtechniqueshave beendeveloped. These
includediscountingthe ML estimateg14, 15], recursvely
backingoff to lowerordern-gramgq16, 17,18], andlinearly
interpolatingn-gramsof differentorder [19]. Other ap-
proacheincludevariable-lengt-gram[20, 21,22,23, 24]
aswell asalatticeapproach25]. Muchwork hasbeendone
to compareandperfectsmoothingechniquesindervarious
conditions.A goodrecentanalysiscanbe foundin [26]. In
addition toolkitsimplementinghevarioustechniquefave
beendisseminated?7, 28, 29, 30].

Yet anotherway to battle sparsenesis via vocahulary
clustering. Let C; be the classword w; wasassignedo.
Thenary of several model structurescould be used. For
example,for atrigram:

Prws|wi,wa) = Prws|Cs) - PH(Cslwy, ws) (8)

Prws|wi,wa) = Prws|Cs) - Pr(Cslwy, Cs)  (9)

Prws|wi,wa) = Prws|Cs) - Pr(Cs|Cy, ) (10)
)

Pr('w3|'w1,'w2 = Pr(w3|C’1, 02) (11)



The quality of the resultingmodel dependsof course
on the clusteringC'(). In narrav discoursedomains(e.g.
ATIS, [31]), goodresultsareoftenachieved by manuaklus-
tering of semanticcatgories(e.g. [32]). Butin lesscon-
straineddomainsmanualclusteringby linguistic cateories
(e.g.partsof speechyoesnotusuallyimprove ontheword-
basednodel.Automatic,iterative clusteringusinginforma-
tion theoreticcriteria[33, 34] appliedto large corporacan
sometimegeduceperpleity by 10% or so, but only after
themodelis interpolatedwith its word-baseaounterpart.

3.2. Decisiontreemodels

Decisiontreesand CART-style [35] algorithmswere first
appliedto languaganodelingby [36]. A decisiontreecan
arbitrarily partitionthespaceof historiesby askingarbitrary
binary questionsaboutthe history » at eachof the internal
nodes. The training dataat eachleaf is thenusedto con-
structa probabilitydistribution Pr(w| k) overthenext word.
To reducethevarianceof the estimatethis leaf distribution
is interpolatedwith internal-noddistributionsfoundalong
thepathto theroot.

As usual,treesaregrown by greedilyselectingateach
node themostinformative question(asjudgedby reduction
in entropy).Pruningandcrossvalidationarealsoused.

Applying CART technologyto languagemodelingis
quiteachallengeThespaceof historiess verylarge(101°°
for a 20 word sequenc®ver a 100,000word vocalulary),
andthe spaceof possiblequestionds even Iarger(210m).
Evenif questionsarerestrictedto individual wordsin the
history, therearestill 20 - 910° suchquestions.Very strong
bias must be introduced,by restrictingthe classof ques-
tionsto be considerecandusinggreedysearchalgorithms.
To supportoptimal single-wordquestionsat a given node,
algorithmswere developedfor rapid optimal binary parti-
tioning of thevocalulary (e.g.[37]).

Thefirst attemptat CART-style LM [36] useda history
window of 20 wordsandrestrictedquestiongo individual
words,thoughit allowed more complicatedjuestionon-
sisting of compositesof simple questions. It took mary
monthsto train, and the resultfell shortof expectations:
a 4% reductionin perpleity over the baselingrigram,and
afurther9% reductionwheninterpolatedwith thelatter. In
thesecondattemp{38], muchstrongebiaswasintroduced:
first, thevocalulary wasclusterednto abinaryhierarchyas
in [33], andeachword wasassigned bit-string represent-
ing the pathleadingto it from theroot. Then,treequestions
wererestrictedo theidentity of the mostsignificantas-yet-
unknown bit in eachword in the history. This reducedhe
candidatesetto a handfulof questionsateachnode.Unfor-
tunately resultsherewere also disappointing,andthe ap-
proachwaslargely abandoned.

Theoretically decisiontreesrepresenthe ultimate in

partition basedmodels. It is likely that treesexist which
significantly outperformngrams. But finding them seems
difficult, for both computationaland data sparseneseea-
sons.

3.3. Linguistically motivated models

While all SLMs getsomeinspirationfrom anintuitiveview
of languagein mostmodelsactuallinguisticcontenis quite
ngyligible. Several SLM techniqueshowever, aredirectly
derivedfrom grammarcommonlyusesby linguists.

Context freegrammar (CFG) is a crudeyetwell un-
derstoodnodelof naturallanguageA CFGis definedby a
vocalulary, a setof non-terminakymbolsanda setof pro-
ductionor transitionrules. Sentencearegeneratedstarting
with aninitial non-terminal by repeatedapplicationof the
transitionrules,eachtransforminga non-terminainto a se-
guenceof terminals(i.e. words)andnon-terminalsuntil a
terminals-onlysequenceés achieved. SpecificCFGshave
beencreatedbasedn parsecandannotateadorporasuchas
[39], with good,thoughstill incomplete,coverageof nen
data.

A probabilistic(or stochastictontext freegrammaiputs
a probability distribution on the transitionsemanatingrom
eachnon-terminal therebyinducinga distribution over the
setof all sentencesThesdransitionprobabilitiescanbees-
timatedfrom annotateatorporausingtheInside-Outsidal-
gorithm[40], an Estimation-MaximizatiofEM) algorithm
(sed41]). However, thelikelihood surface®of thesemodels
tendto containmary localmaxima,andthelocally maximal
likelihoodpointsfoundby thealgorithmusuallyfall shortof
the globalmaximum.Furthermoregvenif globalML esti-
mationwere feasible,it is generallybelieved that context
sensitie transition probabilitiesare neededio adequately
accountfor actualbehaior of language .Unfortunately no
efficient training algorithmis known for this situation.

In spiteof this,[42] successfullyncorporatedFGknowl-
edgesourcesnto a SLM to achiee a 15% reductionin a
speechrecognitionerror rate in the ATIS domain. They
did so by parsingthe utterancesvith a CFG to producea
sequencef grammaticaffragmentsof varioustypes,then
constructinga trigram of fragmenttypesto supplantthe
standarchgram.

Link grammar is a lexicalized grammarproposedy
[43]. Eachword is associatedvith one or more ordered
setsof typedlinks; eachsuchlink mustbe connectedo a
similarly typedlink of anothemwordin thesentenceA legal
parseconsistsof satisfyingall links in the sentenceria a
planargraph.Link grammarhasthe sameexpressie power
asa CFG,but aguablyconformsbetterto humanlinguistic
intuition. A link grammatrfor Englishhasbeenconstructed
manuallywith good coverage. Probabilisticforms of link
grammarhave alsobeenattempted44]. Link grammaris



relatedto dependencgrammaywhichwill bediscussedn
sectiord.

3.4. Exponential models

All modelsdiscussedofar suffer from datafragmentation,
in that more detailedmodelingnecessarilyesultsin each
new parametebeingestimatedvith lessandlessdata.This
is very apparentn decisiontrees where,asthetreegrows,
learescontainfewer andfewer datapoints.

Fragmentatiortan be avoided by usingan exponential
modelof theform:

Plulh) = g e A fihw]  (12)

where ); arethe parametersZ(h) is a normalizingterm,
andthefeaturesf; (h, w) arearbitraryfunctionsof theword-
history pair. Givena trainingcorpus,the ML estimatecan
be shawvn to satisfythe constraints:

> P(h)- > P(wlh) - fith,w) = Ep fi(h,w) (13)

whereP is theempiricaldistribution of thetrainingcorpus.

The ML estimatecan also be shavn to coincidewith
the Maximum Entropy (ME) distribution [45], namelythe
onewith highestentropyamongall distributionssatisfying
equation13. This uniqueML/ME solutioncanbe found by
aniterative procedurd46, 47).

The ME paradigm,andthe more generalMDI frame-
work, werefirst suggestedor languagemodelingby [48],
andhave sinceseenconsiderablesuccesge.g.[49, 50, 8]).
Its strengthlies in principly incorporatingarbitrary knowl-
edgesourceswhile avoiding fragmentation.For example,
in [8], corventionalngrams,distance-2ngrams,and long
distanceword pairs (“triggers”) were encodedasfeatures,
andresultedin up to 39% perpleity reductionand up to
14% speeclrecognitionword error rate reductionover the
trigrambaseline.

While ME modelingis elegant and general,it is not
without its weaknessesTraining a ME modelis compu-
tationallychallengingandsometimesltogetheinfeasible.
Using a ME modelis also CPU intensive, becauseof the
needfor explicit normalization.UnnormalizedVIE model-
ing is attemptedn [51]. ME smoothings analyzedn [52].

Therelative succes®f ME modelingfocusedattention
on theremainingproblemof featureinduction,namely se-
lection of usefulfeaturesto be includedin the model. An
automaticiterative procedurefor selectingfeaturesfrom a
givencandidatesetis describedn [47]. An interactie pro-
cedurefor eliciting candidatesetsis describedn [53].

ME languagemodelingremainghe subjectof intensive
researchseefor example[54, 55, 56,57, 5§].

3.5. Adaptive models

Sofar we have treatedanguageasa homogeneousource.
But in fact naturallanguagss highly heterogeneousyith
varyingtopics,genresandstyles.

In cross-domainadaptation, testdatacomesfrom a
sourceto which the languagemodelhasnot beenexposed
duringtraining. The only usefuladaptatiorinformationis
in the currentdocumenitself. A commonandquite effec-
tive techniquefor exploiting this informationis the cache:
the (continuouslydeveloping) history is usedto create,at
runtime, a dynamicn-gram Peache (w]h), Which in turn is
interpolatedvith the staticmodel:

Padaptive(w|h) = )\Pstatic(wlh) + (1 - )\)Pcache('w|h)
(14)
with the weight A optimizedon held-outdata. Cache
LMs werefirst introducedby [59] and[60]. [61, 62] report
reductionin perpleity, and [63] also reportsreductionin
recognitionerror rate. [64] introducedyet anotheradapta-
tion scheme.

In within-domain adaptation, testdatacomedromthe
samesourceas the training data, but the latter is hetero-
geneousgonsistingof mary subsetswith varying topics,
styles,or both. Adaptationthenproceedsn the following
steps:

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

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

3. Locating appropriatesubsetf the training corpus,
andusingthemto build a specificmodel.

4. Combiningthespecificmodelwith acorpus-widemodel
(in statisticaterminology shrinkingthespecificnodel
towardsthegenerabne to tradeoff theformer’s vari-
anceagainstthe latter’s bias). This is usuallydone
via linearinterpolation at eitherthe word probability
level or the sentencg@robability level [65].

A special(andvery common)casds whenonehasonly
smallamount®f datain thetargetdomainandlargeamounts
in otherdomains.In this case the only relevantstepis the
last one: combiningmodelsfrom the two domains. The
outcomehereis oftendisappointingthough: training data
outsidethe domainhassurprisinglylittle benefit. For ex-
ample ,whenmodelingthe Switchboarddomain(conversa-
tionalspeech[68]), the40million wordsof theWSJcorpus
(newspaperarticles,[69]) andeven the 140 million words
of the BN corpus(broadcashews transcriptions[70]) im-
prove by only a few percentaggointsthe applicationper
formanceof the in-domainmodeltrainedon a paltry 2.5



million words. Although this is a significantimprovement
on sucha difficult corpus,it is nonethelesslisappointing
consideringthe amountof datainvolved. By someesti-

mates[71], anotherl million words of Switchboarddata
would help the modelmorethan 30 million wordsof out-

of-domaindata.This suggesthatour adaptatioriechniques
aretoocrude.

4. PROMISING CURRENT DIRECTIONS

This sectiondiscussesurrentresearchdirectionsthat, in
thisauthors subjectve opinion,shaw significantpromise.

4.1. Dependencymodels

Dependeng grammargDG) describesentences termsof
asymmetricpairwise relationshipsamongwords. With a
single exception, eachword in the sentenceas dependent
upononeotherword, calledits heador parent The single
exceptionis the root, which senes asthe headof the en-
tire sentence For moreaboutDGs, see[72]. Probabilistic
DGshave alsobeendevelopedtogethemith algorithmsfor
learningthemfrom corpora(e.g.[73]).

Probabilisticdependencgrammarsreparticularlysuited
to n-gram style modeling, where eachword is predicted
basedon a small numberof otherwords. The main dif-
ferenceis thatin a corventional n-gram, the structureof
the modelis predeterminedeachword is predictedfrom
a few wordsthatimmediatelyprecededt. In DG, which
wordssene aspredictorddependenthedependencgraph,
which is a hiddenvariable. A typical implementatiorwill
parsea sentences to generatehe mostlikely dependenc
graphsG; (with attendantprobabilities P(G;)), compute
for eachof themageneratiorprobability P (s|G;) (eithern-
gramstyleor perhapsasanME model),andfinally estimate
the completesentenceprobability as P(s) ~ >, P(G;) -
P(s|G;) (thisis only approximatdecaus¢he P (G;) them-
seheswerederived from the sentence.) SometimeP(s)
is furtherapproximateds P (s|G*), whereG* is thesingle
bestscoringparse.

An example of sucha modelis [74], which usesthe
parserof [75] to generat¢éhecandidatgarsesandtrainsthe
parametersisingmaximumentropy The probabilisticlink
grammar[44] mentionedin section3.3 also falls roughly
in this cateyory. Mostrecently [76] employeda parsemwith
probabilisticparameterizationf apushdevn automataand
usedan EM-type algorithmfor training, with encouraging
results(1% recognitiorword errorratereductiononthe no-
toriously difficult Switchboardcorpus).In all, this method
of combininghiddenlinguistic structurewith chain-rulepa-
rameterizatiorcanyield alinguistically groundedyet com-
putationallytractablemodel.

4.2. Dimensionality reduction

Oneof thereasonganguages sohardto modelstatistically
is thatit is ostensiblycateyorical, with an extremelylarge
numberof catgories,or dimensions.A prime exampleis
thevocalulary. To mostlanguagenodelsthevocalularyis
but averylarge setof unrelatecentries.BANK is no closer
to LOAN or to BANKS thanit is to, say BRAZIL. This
resultsin a large numberof parametersYet our linguistic
intuition is thatthereis a greatdealof structurein therela-
tionshipamongwords.We feelthatthe“true” dimensiorof
thevocalulary is actuallyquitelower.

Similarly, for otherphenomenén languagethe under
lying spacemay be of moderateor even low dimensional-
ity. Considertopic adaptation.As the topic changesthe
probabilitiesof almostall wordsin the vocalulary change.
Sincenotwo documentsreexactly aboutthe samething, a
straightforwardapproactwould requireaninordinatenum-
ber of parameters.Yet the underlyingtopic spacecan be
reasonablynodeledn muchfewerdimensions.

Thisis themotivationbehind[77], which useghetech-
nigueof LatentSemanticAnalysis([78]) to simultaneously
reducethe dimensionalityof the vocatulary andthatof the
topic space.First, the occurrenceof eachvocalulary word
in eachdocumentis takulated. This very large matrix is
thenreducedvia SingularValue Decompositiorto a much
lowerdimension(typically 100-150).Thenew, smallemma-
trix captureghe mostsalientcorrelationshetweenspecific
combinationsof wordson one handand clustersof docu-
mentson the other Thedecompositioralsoyieldsmatrices
that projectfrom document-spacandword-spacento the
new, combinedspace. Consequentlyary new document
can be projectedinto the combinedspace effectively be-
ing classifiedasa combinationof the fundamentalunder
lying topics,andadaptedo accordingly In [77], this type
of adaptationis combinedwith an n-gram,anda perple-
ity reductionof 30% over atrigrambaselinds reported.In
[79], thetechniquds furtherdevelopedandis foundto also
reducerecognitionerrorsby 16% over atrigrambaseline.

4.3. Whole sentencanodels

All languagemodelsdescribedso far usethe chain rule
to decomposehe probability of a sentencento a product
of conditionalprobabilitiesof the type Pr(w|h). Histori-
cally, this hasbeendoneto facilitate estimationby relative
counts.Thedecompositions ostensiblyharmlessafterall,
it is not an approximatiorbut an exact equality However,
asa result, languagemodelingby and large hasbeenre-
ducedto modelingthe distribution of a singleword. This
in turn may be a significanthindranceto modelinglinguis-
tic structure:somelinguistic phenomenareimpossibleor
at bestawkwardto think about,let aloneencodejn acon-
ditional framavork. Theseinclude sentence-leel features



suchaspersorandnumberagreementsemanticoherence,
parsability and even length. Furthermore external influ-
enceon thesentencée.g. previous sentencedppic) must
be factoredinto the predictionof every word, which can
causesmallbiasego compound.

To addresshesdssues[53] proposedwholesentence
exponentialmodel:

P(s) =

N =

- Py(s) - exp [Z Aifi(s) ] (15)

Comparedvith the conditionalexponentialmodelof equa-
tion 12, 7 is now atrue constantwhich eliminatesheseri-
ousburdenof normalization. Mostimportantly thefeatures
fi(s) cancapturearbitrarypropertieof theentiresentence.

Trainingthis modelrequiressamplingfrom anexponen-
tial distribution, a non-trivial task. The useof Monte Carlo
Markov Chain and other samplingmethodsfor language
is studiedin [80]. Samplingefficieng is crucial. Conse-
guently the bottleneckin this modelis not the numberof
featuresor amountof data,but ratherhow rarethe features
are,and how accuratelythey needto be modeled. Inter
estingly it hasbeenshavn [81] that mostof the benefitis
likely to comefrom themorecommonfeatures.

Parse-basetkaturedave beertriedin [81], andseman-
tic featuresarediscussedn [53]. An interactive methodol-
ogy for featureinductionwasalso proposedn [53]. This
methodologyleadsto aformulationof thetrainingproblem
aslogisticregressionwith significantpracticalbenefitoover
ML training.

5. CHALLENGES

Perhapghe mostfrustratingaspectof statisticallanguage
modelingis thecontrasbetweerourintuition asspeakersf
naturallanguageandthe over-simplistic natureof our most
successfumodels.

As native speakersye feel stronglythatlanguagehas
adeepstructure.Yet we arenot surehow to articulatethat
structure Jet aloneencodeit, in a probabilisticframevork.
Establishedinguistic theorieshave beenof surprisinglylit-
tle help here,probablybecauseheir goalis to drawv aline
betweenwhat is properlyin the languageand what isn't,
whereasSLM’s goalsarequitedifferent.

As an example,considerthe problemof clusteringthe
vocalulary wordswhich wasdiscussedn section3.1. As
mentionedthere, several automaticiterative methodshave
beenproposede.g. [33, 34]). Table1 lists exampleword
classeglerived by sucha method[82]. While mostwords’
placementppearsatisfactorya few of the wordsseemout
of place. Not surprisingly theseare often words whose
countin thecorpuswasinsufficientfor reliableassignment.
Ironically, it is exactly thesewordswhich stoodto benefit
the mostfrom clustering. In general,the more reliably a

Tablel: Datadrivenword classes.
COMM TTEE COWM SSI ON PANEL SUBCOMM TTEE WONK

THEMSELVES MYSELF YOURSELF UNBECOM NG . . .
ATTORNEY SURGEON RUKEYSER CONSUL RI CKEY ...

ACTI ON ACTI VI TY | NTERVENTI ON ATTACHE WARFARE . ..
CENTER ASSCCI ATl ON FACETED | NSTI TUTE GUI LD . ..
PARTI CULAR YEAR' S NI GHT' S MORNI NG S FATEFUL . ..

word canbeassignedo a classthelessit will benefitfrom
thatassignmentHow thenis vocahulary clusteringto be-
comeeffective?

| believe that the solutionto this problem,and others
like it, is to inject humanknowledgeof languagento the
processThis cantakethefollowing forms:

Interactive modeling. Data-drivenoptimizationandhu-
manknowledgeanddecisionmakingcanplay complemen-
taryrolesin anintertwinediterative processFor thevocab-
ulary clusteringproblem,this meanghata humanis putin
theloop, to arbitratesomeborderlinedecisionsandoverride
others.For example,ahumancandecidethat TUESDAY’
belongsin the sameclusteras'MONDAY’, "WEDNES-
DAY’, 'THURSDAY’ and’FRIDAY’, evenif it did notoc-
curenoughtimesto be placedthereautomaticallyandeven
if it did notoccuratall. Anotherexampleof this approach
is the interactve featureinductionmethodologydescribed
in [53].

Encoding knowledge as priors. One of the perils of
using humanknowledgeis thatit is often overstated and
sometimesvrong. Thusabettersolutionmightbeto encode
suchknowledgeasa prior in a Bayesiarupdatingscheme.
After training,whatever phenomenarenotsuficiently rep-
resentedn thetraining corpuswill continueto be captured
thanksto the prior. When&er enoughdataexist, however,
they will overridethe prior. For the vocalulary clustering
problem, experts’ beliefs aboutthe relationshipsbetween
vocalulary entriesmustbe suitablyencodedandthe clus-
tering paradigmmustbe changedo optimizean appropri-
ateposteriormeasureThus,in the exampleabove, enough
datamayexist to separat@ut’FRIDAY’ becausef its use
in phrasedike “Thank GodIt’ s Friday”.

Encodinglinguistic knowledgeasa prior is anexciting
challengewhich hasyet to be seriouslyattempted. This
will likely include defining a distancemetric over words
andphrasesanda stochastiversionof structuredvord on-
tologieslike WordNet[83]. At the syntacticlevel, it could
include Bayesianversionsof manuallycreatedexicalized
grammarsln practice the Bayesiarframevork andthein-
teractve processnaybe combinedtakingadwantageof the
superiortheoreticalfoundationof the formerandthe com-
putationaladwantage®f thelatter.
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