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ABSTRACT

ConditionaMaximumEntropymodelshave beensuccessfully
appliedto estimatinglanguagemodel probabilitiesof the form
p(w|h), but are often too demandingcomputationally Further
more, the conditionalframevork doesnot lend itself to express-
ing global sententialphenomena.We have recentlyintroduced
a non-conditionalMaximum Entropy languagemodel which di-
rectly modelsthe probability of an entire sentenceor utterance.
Themodeltreatseachutteranceasa “bag of features, wherefea-
turesare arbitrary computablepropertiesof the sentence.Using
themodelis computationallystraightforwardsinceit doesnotre-
quire normalization. Training the model requiresefficient sam-
pling of sentenceffom anexponentialdistribution.

In this paper we further develop the modeland demonstrate
its feasibility and power. We comparethe efficiency of several
samplingtechniquesimplementsmoothingto accommodateare
featuresandsuggestn efficient algorithmfor improving corver
gencerate. We then presenta novel procedurdor featureselec-
tion, which exploits discrepanciebetweerthe existing modeland
thetrainingcorpus.We demonstrateurideasby constructingand
analyzingcompetitive modelsin the Switchboardiomain.

1. INTRODUCTION

1.1. Conditional language models

Cornventionalstatisticallanguagemodelsestimatethe probability
of asentence by usingthechainruleto decomposé into aprod-
uct of conditionalprobabilities:
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whereh; = w - - - w;_; isthehistory whenpredictingword w;.

Thevastmajority of work in statisticallanguagenodelingto date
is thusdevotedto estimatingermsof theform Pr(w| k). While this
practiceis understandabl&om a historicalperspectie (N-gram
modelingcannotbe doneonwhole sentences}t is notalwaysde-
sirable.Globalfeatureof sentencesuchastheirlengthor gram-
maticality, areimpossibleor avkwardto encodein a conditional
frameawork. Also, externalinfluenceson thesentencée.g., the ef-
fect of precedingutterancesor dialoglevel variablesyareequally

We aregratefulto Larry Wassermarior manydiscussionandmuch
adviceon Markov ChainMonte Carlosampling.

hardto encode,and factoringtheminto the predictionof every
wordin thecurrentsentenceausesmallbut systematidiasesn
probabilityestimatiorto be compounded.

1.2. Conditional Maximum Entropy M odels

In the lastfew years,Maximum Entropy (ME, [9]) modelshave
beensuccessfullysedto estimateconditionallanguageprobabili-
tiesof theform P(w|h) [6, 11, 1, 15] (aswell asto modelpreposi-
tional phraseattachmenf14] andinducefeaturesof word spelling
[5D.

In usingMaximumEntropyto model P(w|k), onemajorob-
stacleis theheary computationatequirementsf trainingandus-
ing themodel. Theserequirementareparticularlyseverebecause
of theneedto renormalizehe modelfor eachnew valueof &.

1.3. Whole Sentence Maximum Entropy Models

We have recentlyintroduceda new Maximum Entropylanguage
modelwhich directly modelsthe probability of anentiresentence
or utterancg16]. Thenew modelis conceptuallysimpler aswell
asmorenaturallysuitedto modelingwhole-sentencphenomena,
thanthe conditionalME modelsproposecearlier By avoidingthe
chainrule, the modeltreatseachsentencer utteranceasa “bag
of features”,where featuresare arbitrary computableproperties
of the sentence.Furthermorethe single, universalnormalizing
constantannotbe computedexactly,® but this doesnot interfere
with training (donevia sampling)or with use. Using the model
is computationallystraightforward.The feasibility of trainingthe
modeldependsrucially on efficient samplingof sentencefrom
anexponentialdistribution.

In thispaperwe furtherdevelopthemodelanddemonstratés
usefulnesén realdomains.Section2 reviews the whole-sentence
Maximum Entropy model. Section3 presentsseveral sampling
stratgjies,comparegheir relative efficiencies,anddiscussestep
size selectionand smoothing. In Section4, we introducea new
procedurdor featureselectionandillustrateits useby construct-
ing modelsn theSwitchboardlomainandmeasuringheirimpact.

An expandedandupdatedrersionof this papercanbefoundat
http://ww cs. cnu. edu/ ~sf c/ wsme-i cassp99. ps.

1As discussedhater, this constantanbe estimatedhroughsampling.



2. OVERVIEW OF WHOLE SENTENCE MAXIMUM
ENTROPY LANGUAGE MODELING

A wholesentenc®E languagemodelhastheform:

P(s) = 7 - o(s) - exp(}_ () @)

wherethe {A;}'s arethe parametersf themodel,Z is auniversal
normalizationconstantwhich dependnly on the {\;}’s;” and
the { fi(s)}’s arearbitrary computableproperties or features, of
the sentences. The distribution po (s) is an arbitraryfactor that
oftenplaystherole of a prior.

The features{ fi(s)} areselectedby the modelerto capture
thoseaspectof the datathey considerappropriateor profitable.
Thesecaninclude corventionalr-grams,longerdistancedepen-
denciesglobalsentencgropertiesaswell asmorecomple func-
tions basedon part-of-speechiagging, parsing,or othertypesof
post-processing.

Next, for eachselectedfeature f;(s), its expectationunder
P(s) is constrainedo a specificvalue K;:

Epfz‘ =K; . (3)

Thesetamgetvaluesaretypically setto the expectationof thatfea-
ture underthe empirical distribution p of sometraining corpus

{s1,...,sn}.2 Then,theconstrainbecomes:
1 N
ZP(S)'fi(S):Eﬁfi:szi(sj) . 4)
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If the constraintg3) areconsistentthereexistsa uniquesolu-
tion {X; } within the exponentialfamily (2) which satisfieshem.
Amongall (notnecessarilgxponential)solutionsto equationg3),
theexponentialsolutionis theoneclosesto theprior po (s) (in the
Kullback-Lieblersense) andis thuscalled the Minimum Diver
genceor Minimum Discriminationinformation(MDI) solution.If
the prior is flat, this becomesimply the Maximum Entropysolu-
tion. Furthermoreif thefeaturetamgetvaluesk’; aretheempirical
expectationsover sometraining corpus(asin equationg4)), the
MDI or ME solutionis alsothe Maximum Likelihood solutionof
theexponentialfamily. For moreinformation,see[9, 1, 15].

The MDI or ME solution can be found by an iterative pro-
ceduresuchasthe Generalizedterative Scaling(GIS) algorithm
[4]. GISstartswith arbitrary\;’s. At eachiteration,thealgorithm
improvesthe {\;} valuesby comparingthe expectationof each
featureunderthe currentP to the target value,andmodifying the
associated. In particular we take

Eslfi]
Ep[fi]

whereF; is the stepsize (seeSection3.2).

In traininga whole-sentenc®aximum Entropymodel,com-
putingtheexpectationsp[f;] = > P(s)- fi(s) requiresasum-
mationover all possiblesentences, a clearlyinfeasibletask. In-
steadwe estimateE p [ f;] by samplingfrom thedistribution P(s)
andusingthe sampleexpectationof f;. Samplingfrom an expo-
nential distribution is a non-trvial task,andwill be discussedn

Ai— X+ F; log (5)

?|n statisticalmechanicsZ is known asthe partition function.
3Forbinaryfeaturesthisis simply the prevalenceof thatfeaturein the
corpus.

the next section. Efficient samplingis crucialto successfutrain-
ing.

It is equallyinfeasibleto computethe normalizationconstant
Z =3 po(s)-exp(d_, Xifi(s)). Fortunately this is not nec-
essanyfor training: samplingcanbe donewithout knowing 7, as
will be shown in the next section. Using the modelas part of a
classifierle.g., aspeechrecognizergoesnotrequireknowledgeof
Z either becauseherelative rankingof thedifferentclassess not
changedy asingle,universalconstant. Noticethatthisis notthe
casefor conditionalMaximum Entropymodels.

For moredetails,see[16].

3. MODEL TRAINING

3.1. Sampling

In thissectionwe describeseveralstatisticasamplingmethodgor
estimatingthe valuesE p[ f;], and presentesultsevaluatingtheir
relative efficacy.

DellaPietreet al. [5] build ajoint ME modelof word spelling.
They useGibbs sampling [8] to generatea setof word spellings
{s1,...,sn}, andestimateEr[f;] ~ =5 Zj‘il fi(s;).

Gibbs samplingis not efficient for sentenceanodels, as the
probability of a greatmary sentencesnustbe computedto gen-
erateeachsample.Metropolis sampling [12], is moreappropri-
atefor this situation. An initial sentencés choserrandomly For
eachword positionin turn, a new wordis proposedo replacethe
original word in that position, and this changeis accepted with
someprobability After all word positionshave beenexamined,
theresultingsentences addedto the sample,andthis processs
repeated. Thedistritution usedto generateew word candidates
for eachpositionaffectsthe samplingefficiency; we choseto use
aunigramdistribution.

Adapting the Metropolisalgorithmto sentencesf variable-
lengthrequirescare. In onesolution,we padeachsentencavith
end-of-sentenctokens</ s> upto afixed lengthl. A sentence
becomesshorterif the lastnon</ s> tokenis changedo </ s>,
longerif thefirst </ s> tokenis changedo somethingelse.

In applyingMetropolissampling jnsteadof replacinga single
word atatime it is possibleto replacelarger units. In particular
in independence sampling we considereplacingthe whole sen-
tencein eachiteration. For efficiency, the distribution Q(s) used
to generateew sentenceandidatesnustbe similar to the distri-
bution P(s) we areattemptingto samplefrom.

In importance sampling,® a sample{s:, ..., s} is gener
atedaccordingto somedistribution @(s) (which similarly must
becloseto P(s) for efficient sampling). Then,eachsamples; is

counted i; times,sothatwe have
7

P(s
Qs

~ o O

4Nonethelessat timesit may be desirableto approximateZ, perhaps
in orderto computeperplexity This canbe doneto anydesiredaccuracy
by generatinga large samplefrom P(s) andobservingthe frequencyof
somefrequentsentencey .

5The samplingproceduras still correctif the currentsentencés added
to the sampleafter each word positionis examinedhowever, this process
becomedesswell-definedwhenwe considewvariable-lengttsentences.

6This wasmistakinglydubbedcorrective sampling in [16].



samplingalgorithm
independence
0.438+0.001
0.1001:0.0004
0.0834+0.0006
0.0672+0.0005
0.311+0.001

Metropolis
fi,a 0.38+0.07
fs.8 0.10+0.02
fo,12 0.08+0.01
f12,16 | 0.073+£0.008
f17,00 0.3740.09

importance

0.439+0.001
0.1001:0.0006
0.0831:0.0006
0.0676+0.0007

0.31G+0.002

Table1l: Meanandstandardieviation (of mean)of featureexpec-
tation estimatedor sentence-lengtfeaturedor varioussampling
algorithmsovertenruns

Whichsamplingmethodis bestdepend®nthenatureof P(s)
andQ(s). Weevaluatedhesevariousmethodonthemodelsto be
describedn Section4. Thesemodelsemployatrigram modelas
the prior po (s) andincluderelatiely few featuressothatthere-
sultingmodelis rathersimilarto atrigrammodel.As it is possible
to generatsentencefom atrigrammaodelefficiently, takingQ(s)
to beatrigram modelfor independencandimportancesampling
is very effective. To measurehe effectivenessof differentalgo-
rithms, for eachalgorithmwe generatedenindependensamples
of the samelength. We estimatedhe expectationof a setof fea-
tureson eachsampleandcalculatedhe empiricalvariancein the
estimateof theseexpectation®verthetensamplesMore efficient
samplingalgorithmsshouldyield lower variances.

In ourexperimentsye foundthatindependenceamplingand
importancesamplingboth yielded excellent performancewhile
word-basedMetropolis samplingperformedsubstantiallyworse.
As anexample we estimatedxpectationgor sentence-lengttea-
turesof theform

_J 1 ifl <length(s) <L
fhylz(s)_{ 0 otherwise

overtensample®f size100,000.In Tablel, we displaythemeans
andstandardieviationsof severalfeatureexpectationdor several
samplingalgorithms.

The efficiency of importanceandindependenceamplingde-
pendson the distancebetweenthe generatingdistribution Q(s)
andthe desireddistribution P(s). If Q(s) = po(s) (the prior),
thatdistancewill grow with eachtrainingiteration. Oncethe dis-
tancebecomesoo large, Metropolissamplingcanbe usedfor one
iteration,sayiterationk, andthe resultingsampleretained. Sub-
sequeniterationscan“recycle” that sampleusingimportanceor
independenceamplingwith Q(s) = P (s).

3.2. Step Size

In GIS, the stepsizefor featureupdateis inverselyrelatedto the
numberof active features.As sentencesypically have mary fea-
tures thismayresultin very slow corvergence Improved|teratve
Scaling(lIS,[5]) usesalarger effective stepsizethanGIS, but re-
quiresa greatdealmorebookkeeping.

However, whenfeaturesxpectationgareneartheirtamgetvalue,
IIS canbe closely approximatedwith equation(5) where F; is
takento be a weightedaverageof the featuresumover all sen-
tencesij.e, if thesetof sentences werefinite, we would take

1
Fi = m;P(S)L(S);ﬁI(S) . (7

In ourimplementationywe approximated; by summingonly over
the sentencedn the sampleusedto calculateexpectations. This
techniqueresultedn corvergencen all of our experiments.

3.3. Smoothing

Fromequation(5) we canseethatif E;[f;] = 0 thenwewill have
Ai = —oo. To smooth our model,we takethe approactdescribed
by Bemger and Miller [2]: We introducea Gaussiarprior on X;
valuesandsearchfor the maximuma posterior modelinsteadof
themaximumlikelihood model.

4. FEATURE SELECTION

In this section,we discussfeatureselectionand model construc-
tion, usingSwitchboardasour exampledomain.Ourtraining data
consistedof threemillion words of Switchboardtext. We con-
structeda trigrammodelon this datausinga variationof Kneser
Ney smoothing10], andusedit asour prior po (s). We employed
featuresthat constrainedhe frequenyg of word n-grams(up to
n=4), distance-twavord n-grams(up to n=3) [15], andclassn-
grams(upto n=5) [3]. Thatis, we consideredeaturef theform

fa(s) = #of timesn-grama occursin s

We partitionedour vocahulary (of 15,000words)into 100, 300,
and1000classesusingthe word classingalgorithmof Ney et al.
[3, 13 onourtrainingdata.

To selectspecificfeaturesve devisedthefollowing procedure.
First,we generate@nartificial corpusby samplingfrom our prior
trigramdistribution po (s). This “trigram corpus”wasof thesame
size as the training corpus. For eachrn-gram, we comparedits
countin the “trigram corpus”to thatin the training corpus. If
thesetwo countsdifferedsignificantly(usinga x? test),we added
the correspondindeatureto our model’ We tried thresholdson
the x? statisticof 500,200,100, 30, and 15, resultingin approx-
imately 900, 3,000,10,000,20,000and 52,000n-gram features,
respectiely.

In Table2, we displaythe n-gramswith the highesty? scores.
Themajority of these:-gramsinvolve a4-gramor 5-gramthatoc-
curszerotimesin thetrainingcorpusandoccursmary timesin the
trigram corpus. Theseare clear examplesof longerdistancede-
pendenciethatarenotmodeledwell with atrigrammodel. How-
ever, the lastfeatureis a classunigram,andindicatesthatthe tri-
grammodelovergeneratesordsfrom this class.Onfurtherexam-
ination,theclassturnedout to containa large fractionof therarest
words. This indicatesthat perhapghe smoothingof the trigram
modelcould beimproved.

For eachfeatureset, we trainedthe correspondingnodel by
initializing all A; to 0. We usedimportancesamplingto calculate
expectationsHowever, insteadof generatinganentirelynew sam-
ple for eachiteration,we generatec singlecorpusfrom our prior
trigrammodel,andre-weightedhis corpusfor eachiterationusing
importancesampling® We trainedeachof our featuresetsfor 50
iterationsof iterative scaling;eachcompleterainingruntookless
thanthreehoursona 200 Mhz PentiumPro computer

We measuredheimpactof thesefeaturesdy rescoringspeech
recognitionN -bestlists (N < 200) which weregeneratedy the

7N-gramswith zerocountswere consideredo have 0.5 countsin this
analysis.

8Admittedly, for rarefeatureghis oftenresultsin mutuallyinconsistent
constraints.



training | trigram

Corpus| corpus
feature count | count X2
TALKI NG TO YOU KNOW 0 148 | 43512.50
TALKI NG TO _ KNOW 0 148 | 43512.50
TALKI NG CHATTI NG TO 0 148 | 43512.50
YOU KNOW
NI CE/ HUMONGOUS 0 60 | 7080.50
TALKI NG CHATTI NG
TO YOU KNOW
HOW ABOUT YOU KNOW 0 56 6160.50
HOW ABOUT . KNOW 0 56 | 6160.50
<s> HAVE _ KNOW 0 42 | 344450
KIND OF A 0 42 | 344450
VWHI LE/ SUDDEN
VAGUELY/ BLUNTLY 15389 | 22604 | 3382.69

Table2: N-gramswith largestdiscrepanyg (accordingo y? statis-
tic) betweertrainingcorpusandtrigram-generatedorpusof same
length;n-gramswith “_” tokenaredistance-twa:-grams;w, /w-
notationrepresents classwhosetwo mostfrequentmembersare
w1 andwz

x° threshhold]| baseline | 100 30 15
# features 0 | 3,500 19,000| 52,000
WER 36.53| 36.49| 36.37| 36.29
LM only 40.92 | 40.95| 40.68| 40.46
avg. rank 27.29| 27.26| 26.34| 26.42
LM only 35.20| 35.28| 34.59| 33.93

Table 3: Top-1 WER and averagerank of besthypothesisusing
varyingfeaturesets.

Janussystem[7] on a Switchboard/CallHomeest set of 8,300
words. The trigram po(s) sened as baseline. For eachmodel,
we computedboth the top-1word errorrateandthe averagerank
of theleasterrorful hypothesisThesefigureswerecomputedirst

by combiningthe new languagescoreswith the existing acoustic
scoresandagainby consideringhelanguagescoreonly. Results
are summarizedn Table 3. While the specificfeatureswe se-
lectedheremadeonly a smalldifferencein N-bestrescoringthey

werenonethelessisefulin demonstratinghe extreme generality
of our model: Any computablepropertyof the sentencavhich is

currentlynotadequatelynodeledcanandshouldbeaddednto the
model.

5. DISCUSSION AND SUMMARY

Unlike conditionalME models sentence-baseME modelsareef-
ficient to use (becausehey do not requirerenormalization)and
cannaturallyexpresssentence-kel phenomenaln this paperwe
describeckfficient algorithmsfor constructingsentenceME mod-
els, offering solutionsto the questionsf sampling,stepsizeand
smoothing. We alsointroduceda procedurefor featureselection
which seeksandexploits discrepanciebetweeranexisting model
andthetrainingcorpus.

Given the framewvork and algorithmspresentechere, a lan-
guagemodelercanfocusonwhich propertieof languageo model
asopposedo how to modelthem. This framavork can conve-
niently expressarbitraryfeaturesandcombineghemin atheoret-
ically elegantmanner
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