
EFFICIENT SAMPLING AND FEATURE SELECTION
IN WHOLE SENTENCE MAXIMUM ENTROPY LANGUAGE MODELS

Stanley F. Chen and Ronald Rosenfeld

Schoolof ComputerScience
Carnegie Mellon University

Pittsburgh,Pennsylvania15213�
sfc,roni� @cs.cmu.edu

ABSTRACT

ConditionalMaximumEntropymodelshavebeensuccessfully
applied to estimatinglanguagemodel probabilitiesof the form������� 	�
 , but are often too demandingcomputationally. Further-
more, the conditionalframework doesnot lend itself to express-
ing global sententialphenomena.We have recently introduced
a non-conditionalMaximum Entropy languagemodelwhich di-
rectly modelsthe probability of an entiresentenceor utterance.
Themodeltreatseachutteranceasa “bag of features,” wherefea-
turesarearbitrarycomputablepropertiesof the sentence.Using
themodelis computationallystraightforwardsinceit doesnot re-
quire normalization. Training the model requiresefficient sam-
pling of sentencesfrom anexponentialdistribution.

In this paper, we further develop the modelanddemonstrate
its feasibility and power. We comparethe efficiency of several
samplingtechniques,implementsmoothingto accommodaterare
features,andsuggestanefficient algorithmfor improving conver-
gencerate. We thenpresenta novel procedurefor featureselec-
tion, whichexploitsdiscrepanciesbetweentheexistingmodeland
thetrainingcorpus.Wedemonstrateour ideasby constructingand
analyzingcompetitivemodelsin theSwitchboarddomain.

1. INTRODUCTION

1.1. Conditional language models

Conventionalstatisticallanguagemodelsestimatetheprobability
of asentence� by usingthechainruleto decomposeit into aprod-
uctof conditionalprobabilities:

Pr� � 
 def

Pr����������������
 def
 �� � � � Pr��� � � 	 � 
 (1)

where	 � def
 ����������� � � � is thehistory whenpredictingword � � .
Thevastmajorityof work in statisticallanguagemodelingto date
is thusdevotedto estimatingtermsof theformPr����� 	�
 . While this
practiceis understandablefrom a historicalperspective ( � -gram
modelingcannotbedoneonwholesentences),it is notalwaysde-
sirable.Globalfeaturesof sentences,suchastheir lengthor gram-
maticality, areimpossibleor awkwardto encodein a conditional
framework. Also, externalinfluenceson thesentence(e.g., theef-
fect of precedingutterances,or dialoglevel variables)areequally

We aregratefulto Larry Wassermanfor manydiscussionsandmuch
adviceonMarkovChainMonteCarlosampling.

hard to encode,and factoring them into the predictionof every
word in thecurrentsentencecausessmallbut systematicbiasesin
probabilityestimationto becompounded.

1.2. Conditional Maximum Entropy Models

In the last few years,Maximum Entropy(ME, [9]) modelshave
beensuccessfullyusedto estimateconditionallanguageprobabili-
tiesof theform � ����� 	�
 [6, 11, 1, 15] (aswell asto modelpreposi-
tionalphraseattachment[14] andinducefeaturesof wordspelling
[5]).

In usingMaximumEntropyto model � ����� 	�
 , onemajorob-
stacleis theheavy computationalrequirementsof trainingandus-
ing themodel.Theserequirementsareparticularlyseverebecause
of theneedto renormalizethemodelfor eachnew valueof 	 .

1.3. Whole Sentence Maximum Entropy Models

We have recentlyintroduceda new Maximum Entropylanguage
modelwhichdirectly modelstheprobabilityof anentiresentence
or utterance[16]. Thenew modelis conceptuallysimpler, aswell
asmorenaturallysuitedto modelingwhole-sentencephenomena,
thantheconditionalME modelsproposedearlier. By avoidingthe
chainrule, the modeltreatseachsentenceor utteranceasa “bag
of features”,wherefeaturesare arbitrary computableproperties
of the sentence.Furthermore,the single, universalnormalizing
constantcannotbe computedexactly,1 but this doesnot interfere
with training (donevia sampling)or with use. Using the model
is computationallystraightforward.Thefeasibility of trainingthe
modeldependscrucially on efficient samplingof sentencesfrom
anexponentialdistribution.

In thispaper, wefurtherdevelopthemodelanddemonstrateits
usefulnessin realdomains.Section2 reviews thewhole-sentence
Maximum Entropymodel. Section3 presentsseveral sampling
strategies,comparestheir relative efficiencies,anddiscussesstep
sizeselectionandsmoothing. In Section4, we introducea new
procedurefor featureselection,andillustrateits useby construct-
ingmodelsin theSwitchboarddomainandmeasuringtheirimpact.

An expandedandupdatedversionof thispapercanbefoundat
http://www.cs.cmu.edu/ � sfc/wsme-icassp99.ps.

1As discussedlater, thisconstantcanbeestimatedthroughsampling.



2. OVERVIEW OF WHOLE SENTENCE MAXIMUM
ENTROPY LANGUAGE MODELING

A wholesentenceME languagemodelhastheform:� � � 
 
! " �#�%$&� � 
'��(�)+*,��- �/. �10&� � � 
2
 (2)

wherethe
� . � � ’s aretheparametersof themodel,

"
is auniversal

normalizationconstantwhich dependsonly on the
� . � � ’s,2 and

the
� 0 � � � 
 � ’s arearbitrarycomputableproperties,or features, of

the sentence� . The distribution � $ � � 
 is an arbitraryfactor that
oftenplaystherole of aprior.

The features
� 0 � � � 
 � areselectedby the modelerto capture

thoseaspectsof the datathey considerappropriateor profitable.
Thesecanincludeconventional 3 -grams,longer-distancedepen-
dencies,globalsentenceproperties,aswell asmorecomplex func-
tions basedon part-of-speechtagging,parsing,or othertypesof
post-processing.

Next, for eachselectedfeature

0 � � � 
 , its expectationunder� � � 
 is constrainedto aspecificvalue 4 � :576 0 � 
 4 � � (3)

Thesetargetvaluesaretypically setto theexpectationof thatfea-
ture under the empirical distribution 8� of sometraining corpus� � ��9 �:�;� 9 �=<�� .3 Then,theconstraintbecomes:-�> � � � 
�� 0 � � � 
 
 5�?@ 0 � 
A � <- B � �

0 � � � B 
C� (4)

If theconstraints(3) areconsistent,thereexistsauniquesolu-
tion

� . � � within theexponentialfamily (2) which satisfiesthem.
Amongall (notnecessarilyexponential)solutionsto equations(3),
theexponentialsolutionis theoneclosestto theprior � $ � � 
 (in the
Kullback-Lieblersense),and is thuscalled the Minimum Diver-
genceor Minimum DiscriminationInformation(MDI) solution.If
theprior is flat, this becomessimply theMaximumEntropysolu-
tion. Furthermore,if thefeaturetargetvalues4 � aretheempirical
expectationsover sometraining corpus(asin equations(4)), the
MDI or ME solutionis alsotheMaximumLikelihoodsolutionof
theexponentialfamily. For moreinformation,see[9, 1, 15].

The MDI or ME solutioncan be found by an iterative pro-
ceduresuchasthe GeneralizedIterative Scaling(GIS) algorithm
[4]. GISstartswith arbitrary

. �
’s. At eachiteration,thealgorithm

improves the
� . � � valuesby comparingthe expectationof each

featureunderthecurrent � to thetargetvalue,andmodifying the
associated

.
. In particular, we take. �ED . �%FHG'��IKJ+L 5 ?@%M 0+�ON5 6 M 0+�PN (5)

where

G �
is thestepsize(seeSection3.2).

In traininga whole-sentenceMaximumEntropymodel,com-
putingtheexpectations

5 6 M 0+�PN 
RQ > � � � 
+� 0+� � � 
 requiresasum-
mationover all possiblesentences� , a clearly infeasibletask. In-
stead,weestimate

5 6 M 0&�SN by samplingfrom thedistribution � � � 

andusingthesampleexpectationof

0 �
. Samplingfrom an expo-

nentialdistribution is a non-trivial task,andwill be discussedin

2In statisticalmechanics,T is known asthepartition function.
3Forbinaryfeatures,this is simply theprevalenceof thatfeaturein the

corpus.

thenext section.Efficient samplingis crucial to successfultrain-
ing.

It is equallyinfeasibleto computethenormalizationconstant" 
UQ > � $ � � 
V�&(�)+*'� Q � . � 0 � � � 
2
 . Fortunately, this is not nec-
essaryfor training: samplingcanbedonewithout knowing

"
, as

will be shown in the next section. Using the modelaspart of a
classifier(e.g., aspeechrecognizer)doesnotrequireknowledgeof"

either, becausetherelative rankingof thedifferentclassesis not
changedby asingle,universalconstant.4 Noticethatthis is not the
casefor conditionalMaximumEntropymodels.

For moredetails,see[16].

3. MODEL TRAINING

3.1. Sampling

In thissection,wedescribeseveralstatisticalsamplingmethodsfor
estimatingthevalues

5 6 M 0+�SN , andpresentresultsevaluatingtheir
relative efficacy.

DellaPietraet al. [5] build a joint ME modelof wordspelling.
They useGibbs sampling [8] to generatea setof word spellings� � ��9 ���;� 9 �=WX� , andestimate

5 6 M 0&�SN,Y �W Q WB � � 0+� � � B 
 .
Gibbs samplingis not efficient for sentencemodels,as the

probabilityof a greatmany sentencesmustbe computedto gen-
erateeachsample.Metropolis sampling [12], is moreappropri-
atefor this situation.An initial sentenceis chosenrandomly. For
eachword positionin turn,a new word is proposedto replacethe
original word in that position, and this changeis accepted with
someprobability. After all word positionshave beenexamined,
the resultingsentenceis addedto thesample,andthis processis
repeated.5 Thedistribution usedto generatenew wordcandidates
for eachpositionaffectsthesamplingefficiency; we choseto use
aunigramdistribution.

Adapting the Metropolisalgorithmto sentencesof variable-
lengthrequirescare. In onesolution,we padeachsentencewith
end-of-sentencetokens</s> up to a fixed length Z . A sentence
becomesshorterif the lastnon-</s> tokenis changedto </s>,
longerif thefirst</s> tokenis changedto somethingelse.

In applyingMetropolissampling,insteadof replacingasingle
word at a time it is possibleto replacelarger units. In particular,
in independence sampling we considerreplacingthewholesen-
tencein eachiteration. For efficiency, thedistribution [ � � 
 used
to generatenew sentencecandidatesmustbesimilar to thedistri-
bution � � � 
 weareattemptingto samplefrom.

In importance sampling,6 a sample
� � �;9 ����� 9 �:W\� is gener-

atedaccordingto somedistribution [ � � 
 (which similarly must
becloseto � � � 
 for efficient sampling).Then,eachsample� B is

counted
6�] >1^2_` ] >1^2_ times,sothatwehave

5 6 M 0&�SN,Y Q WB � � 6�] >1^�_` ] >1^2_ 0 � � � B 
Q WB � � 6�] >1^�_` ] >1^2_ � (6)

4Nonetheless,at timesit maybe desirableto approximateT , perhaps
in orderto computeperplexity. This canbedoneto anydesiredaccuracy
by generatinga large samplefrom a�bdcfe andobservingthe frequencyof
somefrequentsentencec $ .

5Thesamplingprocedureis still correctif thecurrentsentenceis added
to thesampleaftereach word positionis examined;however, this process
becomeslesswell-definedwhenweconsidervariable-lengthsentences.

6This wasmistakinglydubbedcorrective sampling in [16].



samplingalgorithm
Metropolis independence importance

0 �2g h 0.38i 0.07 0.438i 0.001 0.439i 0.001
0=j g k 0.10i 0.02 0.1001i 0.0004 0.1001i 0.0006
0=l g �1m 0.08i 0.01 0.0834i 0.0006 0.0831i 0.0006
0 �1n�g �1o 0.073i 0.008 0.0672i 0.0005 0.0676i 0.0007
0 �1p�g q 0.37i 0.09 0.311i 0.001 0.310i 0.002

Table1: Meanandstandarddeviation(of mean)of featureexpec-
tationestimatesfor sentence-lengthfeaturesfor varioussampling
algorithmsover tenruns

Whichsamplingmethodis bestdependsonthenatureof � � � 

and [ � � 
 . Weevaluatedthesevariousmethodsonthemodelsto be
describedin Section4. Thesemodelsemploya trigrammodelas
theprior � $ � � 
 andincluderelatively few features,so that the re-
sultingmodelis rathersimilar to a trigrammodel.As it is possible
togeneratesentencesfromatrigrammodelefficiently, taking [ � � 

to bea trigrammodelfor independenceandimportancesampling
is very effective. To measurethe effectivenessof differentalgo-
rithms,for eachalgorithmwe generatedtenindependentsamples
of thesamelength. We estimatedtheexpectationsof a setof fea-
tureson eachsample,andcalculatedtheempiricalvariancein the
estimateof theseexpectationsover thetensamples.Moreefficient
samplingalgorithmsshouldyield lowervariances.

In ourexperiments,wefoundthatindependencesamplingand
importancesamplingboth yielded excellent performance,while
word-basedMetropolissamplingperformedsubstantiallyworse.
As anexample,weestimatedexpectationsfor sentence-lengthfea-
turesof theform0&r s g r t � � 
 
vu 1 if Z ��w length� � 
xw Z m

0 otherwise

overtensamplesof size100,000.In Table1,wedisplaythemeans
andstandarddeviationsof severalfeatureexpectationsfor several
samplingalgorithms.

Theefficiency of importanceandindependencesamplingde-
pendson the distancebetweenthe generatingdistribution [ � � 

andthe desireddistribution � � � 
 . If [ � � 
 
 � $ � � 
 (the prior),
thatdistancewill grow with eachtrainingiteration.Oncethedis-
tancebecomestoo large,Metropolissamplingcanbeusedfor one
iteration,sayiteration y , andthe resultingsampleretained.Sub-
sequentiterationscan“recycle” that sampleusing importanceor
independencesamplingwith [ � � 
 
 �{z |~} � � 
 .
3.2. Step Size

In GIS, thestepsizefor featureupdateis inverselyrelatedto the
numberof active features.As sentencestypically have many fea-
tures,thismayresultin veryslow convergence.ImprovedIterative
Scaling(IIS,[5]) usesa largereffective stepsizethanGIS,but re-
quiresagreatdealmorebookkeeping.

However, whenfeatureexpectationsareneartheirtargetvalue,
IIS can be closely approximatedwith equation(5) where

G'�
is

takento be a weightedaverageof the featuresumover all sen-
tences;i.e., if thesetof sentences� werefinite, wewould takeG'� 
  Q > � � � 
 0&� � � 
 -�> � � � 
 0&� � � 
 - �K� 0 � � � � 
�� (7)

In ourimplementation,weapproximated

G �
bysummingonlyover

the sentencesin the sampleusedto calculateexpectations.This
techniqueresultedin convergencein all of ourexperiments.

3.3. Smoothing

Fromequation(5) wecanseethatif
5 ?@�M 0&�SN 
H� thenwewill have. �������

. To smooth ourmodel,wetaketheapproachdescribed
by Berger and Miller [2]: We introducea Gaussianprior on

. �
valuesandsearchfor themaximuma posterior modelinsteadof
themaximumlikelihoodmodel.

4. FEATURE SELECTION

In this section,we discussfeatureselectionandmodelconstruc-
tion,usingSwitchboardasourexampledomain.Our trainingdata
consistedof threemillion words of Switchboardtext. We con-
structeda trigrammodelon this datausinga variationof Kneser-
Ney smoothing[10], andusedit asourprior �%$�� � 
 . We employed
featuresthat constrainedthe frequency of word 3 -grams(up to3 =4), distance-twoword 3 -grams(up to 3 =3) [15], andclass 3 -
grams(up to 3 =5) [3]. Thatis, weconsideredfeaturesof theform0&� � � 
 
 # of times 3 -gram � occursin � �
We partitionedour vocabulary (of 15,000words) into 100, 300,
and1000classesusingtheword classingalgorithmof Ney et al.
[3, 13] onour trainingdata.

Toselectspecificfeatureswedevisedthefollowing procedure.
First,wegeneratedanartificial corpusby samplingfrom ourprior
trigramdistribution ��$+� � 
 . This “trigram corpus”wasof thesame
size as the training corpus. For each 3 -gram, we comparedits
count in the “trigram corpus” to that in the training corpus. If
thesetwo countsdifferedsignificantly(usinga � m test),weadded
the correspondingfeatureto our model.7 We tried thresholdson
the � m statisticof 500,200,100,30, and15, resultingin approx-
imately 900, 3,000,10,000,20,000and52,000 3 -gramfeatures,
respectively.

In Table2, wedisplaythe 3 -gramswith thehighest� m scores.
Themajorityof these3 -gramsinvolvea4-gramor 5-gramthatoc-
curszerotimesin thetrainingcorpusandoccursmany timesin the
trigram corpus. Theseareclearexamplesof longer-distancede-
pendenciesthatarenotmodeledwell with a trigrammodel.How-
ever, thelast featureis a classunigram,andindicatesthat thetri-
grammodelovergenerateswordsfromthisclass.Onfurtherexam-
ination,theclassturnedout to containa largefractionof therarest
words. This indicatesthat perhapsthe smoothingof the trigram
modelcouldbeimproved.

For eachfeatureset,we trainedthe correspondingmodelby
initializing all

. �
to 0. We usedimportancesamplingto calculate

expectations.However, insteadof generatinganentirelynew sam-
ple for eachiteration,wegeneratedasinglecorpusfrom ourprior
trigrammodel,andre-weightedthiscorpusfor eachiterationusing
importancesampling.8 We trainedeachof our featuresetsfor 50
iterationsof iterative scaling;eachcompletetrainingrun took less
thanthreehoursona200Mhz PentiumProcomputer.

Wemeasuredtheimpactof thesefeaturesby rescoringspeech
recognition� -bestlists ( � w�� �+� ) which weregeneratedby the

7 � -gramswith zerocountswereconsideredto have 0.5 countsin this
analysis.

8Admittedly, for rarefeaturesthisoftenresultsin mutuallyinconsistent
constraints.



training trigram
corpus corpus

feature count count � m
TALKING TO YOU KNOW 0 148 43512.50
TALKING TO KNOW 0 148 43512.50
TALKING/CHATTING TO

YOU KNOW

0 148 43512.50

NICE/HUMONGOUS
TALKING/CHATTING
TO YOU KNOW

0 60 7080.50

HOW ABOUT YOU KNOW 0 56 6160.50
HOW ABOUT KNOW 0 56 6160.50�
s � HAVE KNOW 0 42 3444.50

KIND OF A
WHILE/SUDDEN

0 42 3444.50

VAGUELY/BLUNTLY 15389 22604 3382.69

Table2: � -gramswith largestdiscrepancy (accordingto � m statis-
tic) betweentrainingcorpusandtrigram-generatedcorpusof same
length; 3 -gramswith “ ” tokenaredistance-two3 -grams;� ��� � m
notationrepresentsa classwhosetwo mostfrequentmembersare� � and � m

� m 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

Table3: Top-1 WER andaveragerank of besthypothesisusing
varyingfeaturesets.

Janussystem[7] on a Switchboard/CallHometest set of 8,300
words. The trigram �%$+� � 
 served as baseline. For eachmodel,
we computedboth thetop-1word errorrateandtheaveragerank
of theleasterrorful hypothesis.Thesefigureswerecomputedfirst
by combiningthenew languagescoreswith theexisting acoustic
scores,andagainby consideringthelanguagescoresonly. Results
are summarizedin Table 3. While the specificfeatureswe se-
lectedheremadeonly a smalldifferencein N-bestrescoring,they
werenonethelessuseful in demonstratingthe extremegenerality
of our model: Any computablepropertyof thesentencewhich is
currentlynotadequatelymodeledcanandshouldbeaddedinto the
model.

5. DISCUSSION AND SUMMARY

Unlike conditionalME models,sentence-basedME modelsareef-
ficient to use(becausethey do not requirerenormalization)and
cannaturallyexpresssentence-level phenomena.In this paper, we
describedefficient algorithmsfor constructingsentenceME mod-
els,offering solutionsto thequestionsof sampling,stepsizeand
smoothing.We alsointroduceda procedurefor featureselection
whichseeksandexploitsdiscrepanciesbetweenanexistingmodel
andthetrainingcorpus.

Given the framework and algorithmspresentedhere,a lan-
guagemodelercanfocusonwhich propertiesof languageto model
as opposedto how to model them. This framework can conve-
niently expressarbitraryfeaturesandcombinesthemin a theoret-
ically elegantmanner.
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