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Abstract

Typically, the lexicon modelsusedin
statisticalmachinetranslationsystems
do not include any kind of linguistic
or contextual information,which often
leadsto problemsin performinga cor-
rect word sensedisambiguation. One
way to deal with this problemwithin
thestatisticalframework is to usemax-
imum entropy methods. In this paper,
we presenthow to usethis type of in-
formation within a statisticalmachine
translationsystem. We show that it is
possibleto significantlydecreasetrain-
ing and test corpus perplexity of the
translationmodels.In addition,weper-
form a rescoringof � -Best lists us-
ing our maximum entropy model and
therebyyield an improvementin trans-
lation quality. Experimentalresultsare
presentedon the so-called“Verbmobil
Task”.

1 Intr oduction

Typically, the lexicon modelsusedin statistical
machinetranslationsystemsareonly single-word
based,thatisonewordin thesourcelanguagecor-
respondsto only oneword in thetarget language.

Thoselexicon modelslack from context infor-
mationthatcanbeextractedfrom thesameparal-
lel corpus.Thisadditionalinformationcouldbe:� Simplecontext information: informationof

thewordssurroundingthewordpair;� Syntactic information: part-of-speechin-
formation, syntactic constituent, sentence
mood;

� Semanticinformation: disambiguationin-
formation (e.g. from WordNet), cur-
rent/previousspeechor dialogact.

To includethis additionalinformationwithin the
statisticalframework we use the maximum en-
tropy approach.This approachhasbeenapplied
in natural languageprocessingto a variety of
tasks.(Bergeret al., 1996)appliesthis approach
to theso-calledIBM Candidesystemtobuild con-
text dependentmodels,computeautomaticsen-
tencesplitting andto improve word reorderingin
translation.Similar techniquesareusedin (Pap-
ineni et al., 1996; Papineniet al., 1998) for so-
calleddirect translationmodelsinsteadof those
proposedin (Brown et al., 1993). (Foster, 2000)
describestwo methodsfor incorporatinginforma-
tion aboutthe relative positionof bilingual word
pairsinto a maximumentropy translationmodel.
Otherauthorshave appliedthis approachto lan-
guagemodeling(Rosenfeld,1996;Martin et al.,
1999;PetersandKlakow, 1999). A shortreview
of the maximumentropy approachis outlinedin
Section3.

2 Statistical Machine Translation

The goal of the translationprocessin statisti-
cal machinetranslationcanbeformulatedasfol-
lows: A sourcelanguagestring ����	� � ��
�
�
 � �
is to be translatedinto a target languagestring�� � � � ��
�
�
 �  . In the experimentsreportedin
thispaper, thesourcelanguageis Germanandthe
target languageis English. Every target string is
consideredasa possibletranslationfor the input.
If we assigna probability ����� �  ��� ������ to eachpair
of strings � �� ��� � �� � , thenaccordingto Bayes’de-
cision rule, we have to choosethe target string
thatmaximizestheproductof thetarget language



model ����� �� � � and the string translationmodel���������� � �  � � .
Many existing systemsfor statisticalmachine

translation(Bergeretal.,1994;WangandWaibel,
1997;Tillmann et al., 1997;Nießenet al., 1998)
makeuseof aspecialwayof structuringthestring
translationmodellike proposedby (Brown et al.,
1993):Thecorrespondencebetweenthewordsin
the sourceand the target string is describedby
alignmentsthat assignone target word position
to eachsourceword position. The lexicon prob-
ability ����� � � � of a certaintarget word � to occur
in thetargetstringis assumedto dependbasically
only on thesourceword � alignedto it.

Thesealignmentmodelsaresimilar to thecon-
ceptof HiddenMarkov models(HMM) in speech
recognition. The alignment mapping is ��� �"!�# from sourceposition � to target position �$!%# . The alignment ! � � may containalign-
ments !%#&�(' with the ‘empty’ word ��) to ac-
count for sourcewords that are not aligned to
any targetword. In (statistical)alignmentmodels������� ���� ! � � � �� � � , thealignment! � � is introducedas
ahiddenvariable.

Typically, thesearchis performedusingtheso-
calledmaximumapproximation:*�  � � +%,.-0/1+�2354 6 7 ����� �  � �98�:<;>= 6 ������� �� � ! � � � �  � ��?� +%,.-0/1+�23 4 6 7 ����� �  � �98 /@+�2; = 6 ������� �� � ! � � � �  � ��?
Thesearchspaceconsistsof thesetof all possible
target languagestrings �� � andall possiblealign-
ments! � � .

Theoverall architectureof thestatisticaltrans-
lation approachis depictedin Figure1.

3 Maximum entropy modeling

Thetranslationprobability ������� �� � ! � � � �� � � canbe
rewritten asfollows:������� �� � ! � �A� �  �B� � �C#ED � �F�G��� # � !�# � � #�H �� � ! #�H �� � �  �B�

� �C#ED �0I ����� !�# � � #�H �� � ! #�H �� � �  � �J8
������� # � � #�H �� � ! # � � �  � �5K
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Figure1: Architectureof thetranslationapproach
basedonBayes’decisionrule.

Typically, the probability �F�G��� # � � #�H �� � ! # � � �� � � is
approximatedby a lexicon model ����� # � � ;ML � by

droppingthedependencieson � #�H �� , ! #�H �� , and �  � .
Obviously, this simplificationis not true for a lot
of naturallanguagephenomena.Thestraightfor-
ward approachto include moredependenciesin
thelexicon modelwould beto addadditionalde-
pendencies(e.g.�J��� # � � ;5L � � ;ML.N 6 � ). This approach
wouldyield asignificantdatasparsenessproblem.

Here,therole of maximumentropy (ME) is to
build a stochasticmodel that efficiently takes a
largercontext into account.In the following, we
will use�J��� � OP� to denotetheprobability that the
ME modelassignsto � in thecontext O in order
to distinguishthis model from the basiclexicon
model����� � � � .

In themaximumentropy approachwedescribe
all propertiesthatwe feel areusefulby so-called
featurefunctions Q�� O � � � . For example, if we
want to modeltheexistenceor absenceof a spe-
cific word ��R in thecontext of anEnglishword �
which hasthe translation � we can expressthis
dependency usingthefollowing featurefunction:

Q 3TSBUV3MU � O � � � � 7XW
if � � � R and � RZY O' otherwise

(1)

The ME principle suggeststhat the optimal



parametricform of a model ����� � OZ� taking into
account only the feature functions Q\[ �^] �W � 
�
�
 �._ is givenby:

����� � OP� � W` � OZ��a 2cb Ied:[ D �cf [gQ\[c� O � � �5K
Here

` � OP� is a normalizationfactor. The re-
sulting modelhasan exponentialform with free
parametersf [ �^] � W � 
�
�
 �._ . The parameter
valueswhichmaximizethelikelihoodfor a given
training corpus can be computedwith the so-
called GIS algorithm (generaliterative scaling)
or its improved versionIIS (Pietraet al., 1997;
Bergeret al., 1996).

It is importantto noticethatwewill have to ob-
tainoneME modelfor eachtargetwordobserved
in thetrainingdata.

4 Contextual information and training
events

In orderto traintheME model� 3 ��� � OP� associated
to a target word � , we needto constructa corre-
spondingtraining samplefrom the whole bilin-
gualcorpusdependingonthecontextual informa-
tion thatwewantto use.To constructthissample,
weneedto know theword-to-word alignmentbe-
tweeneachsentencepair within thecorpus.That
is obtainedusingthe Viterbi alignmentprovided
by a translationmodelasdescribedin (Brown et
al., 1993). Specifically, we usetheViterbi align-
mentthatwasproducedby Model 5. We usethe
programGIZA++ (OchandNey, 2000b;Ochand
Ney, 2000a),which is anextensionof thetraining
programavailablein EGYPT (Al-Onaizanet al.,
1999).

Bergeret al. (1996) use the words that sur-
roundaspecificwordpair � � � � � ascontextual in-
formation. The authorsproposeascontext the 3
wordsto the left andthe 3 wordsto the right of
thetargetword. In thiswork weusethefollowing
contextual information:� Targetcontext: As in (Bergeretal.,1996)we

considerawindow of 3 wordsto theleft and
to theright of thetargetwordconsidered.� Sourcecontext: In addition, we considera
window of 3 wordsto the left of thesource

word � which is connectedto � accordingto
theViterbi alignment.� Wordclasses:Insteadof usingadependency
on the word identity we include also a de-
pendency onwordclasses.By doingthis,we
improvethegeneralizationof themodelsand
include somesemanticand syntacticinfor-
mationwith. Thewordclassesarecomputed
automaticallyusinganotherstatisticaltrain-
ing procedure(Och,1999)which oftenpro-
duceswordclassesincludingwordswith the
samesemanticmeaningin thesameclass.

A trainingevent,for aspecifictargetword � , is
composedby threeitems:� Thesourceword � alignedto � .� Thecontext in which thealignedpair � � � � �

appears.� The numberof occurrencesof the event in
thetrainingcorpus.

Table1 shows someexamplesof training events
for thetargetword “which” .

5 Features

Oncewehaveasetof trainingeventsfor eachtar-
get word we needto describeour featurefunc-
tions. We do this by first specifyinga large pool
of possiblefeaturesandthenby selectingasubset
of “good” featuresfrom thispool.

5.1 Featuresdefinition

All the features we consider form a triple
(�Ahgi � label-1� label-2) where:� pos: is thepositionthat label-2hasin a spe-

cific context.� label-1: is thesourceword � of thealigned
word pair � � � � � or the word class of the
sourceword � ( jk��� � ).� label-2: is onewordof thealignedwordpair� � � � � or thewordclassto whichthesewords
belong( jk��� � �ml � � � ).

Usingthisnotationandgivenacontext O :O � ��n H\o 
p
p
 ��n 
p
p
 ��nrq o � #�H\o 
p
p
 � #



Table1: Sometrainingeventsfor theEnglishword “which” . Thesymbol“ ” is theplaceholderof the
Englishword “which” in theEnglishcontext. In theGermanpart theplaceholder(“ ”) corresponds
to the word alignedto “which”, in the first examplethe Germanword “die” , the word “das” in the
secondandtheword “was” in thethird. TheconsideredEnglishandGermancontexts areseparatedby
thedoublebar“ �p� ”.The lastnumberin therightmostpositionis thenumberof occurrencesof theevent
in thewholecorpus.

Alig. word ( � ) Context ( O ) # of occur.

die bar there , I just already nette Bar , 2

das hotel best , is very centrally ein Hotel , 1

was now , one do we jetzt , 1

Table2: Meaningof differentfeaturecategorieswhere s representsa specifictargetword and t repre-
sentsa specificsourceword.

Category Q 35u � O � � # � � W
if andonly if ...

1 � #v� t
2 � # � t and s0w x y u
2 � #v� t and s0w y u x
3 � #v� t and s0w x x x y u
3 � #v� t and s0w y u x x x
6 � #v� t and z{w x | L
7 � # � t and z{w x x x | L

for the word pair � ��n � � # � , we usethe following
categoriesof features:

1. ( ' � � # � )
2. ( } W � � # � � R ) and � R � ��nr~ �
3. ( }�� � � # � � R ) and � R�Y�� ��n H\o 
p
p
 ��nrq o%�
4. ( } W � j���� # � �ml � � R � ) and � R � � nr~ �
5. ( }�� � j���� # � �ml � ��R � ) and ��R Y�� ��n H\o 
p
p
 ��npq og�
6. ( � W � � # � � R ) and � R � � #�H �
7. ( ��� � � # � � R ) and � R Y�� � #�H\o 
p
p
 � #�H � �
8. ( � W � j���� # � � jk��� R � ) and � R � � #�H �
9. ( ��� � j���� # � � jk��� R � ) and � R�Y�� � #�H\o 
p
 � #�H � �
Category 1 featuresdependonly on thesource

word � # andthetargetword ��n . A ME modelthat

usesonly those,predictseachsourcetranslation� # with theprobability �� 3 ��� # � determinedby the
empiricaldata. This is exactly the standardlex-
icon probability ����� � � � employed in the transla-
tion modeldescribedin (Brown et al., 1993)and
in Section2.

Category 2 describesfeatureswhich dependin
additionon theword � R onepositionto theleft or
to the right of ��n . The sameexplanationis valid
for category 3 but in this case� R couldappearsin
any positionof the context O . Categories4 and
5 are the analogouscategoriesto 2 and 3 using
word classesinsteadof words. In the categories
6, 7, 8 and9 thesourcecontext is usedinsteadof
the target context. Table2 givesan overview of
thedifferentfeaturecategories.

Examplesof specificfeaturesandtheir respec-
tivecategory areshown in Table3.



Table3: The10mostimportantfeaturesandtheir
respective category and f valuesfor the English
word “which” .

Category Feature f1 (0,was,) 1.20787
1 (0,das,) 1.19333
5 (3,F35,E15) 1.17612
4 (1,F35,E15) 1.15916
3 (3,das,is) 1.12869
2 (1,das,is) 1.12596
1 (0,die,) 1.12596
5 (-3,was,@@) 1.12052
6 (-1,was,@@) 1.11511
9 (-3,F26,F18) 1.11242

5.2 Feature selection

Thenumberof possiblefeaturesthatcanbeused
accordingto theGermanandEnglishvocabular-
ies and word classesis huge. In order to re-
ducethenumberof featureswe performa thresh-
old basedfeatureselection,that is every feature
which occurslessthan � timesis not used.The
aim of the featureselectionis two-fold. Firstly,
we obtainsmallermodelsby usinglessfeatures,
andsecondly, we hopeto avoid overfitting on the
trainingdata.

In orderto obtainthethreshold� we compare
the testcorpusperplexity for variousthresholds.
The different thresholdusedin the experiments
rangefrom 0 to 512. The thresholdis usedasa
cut-off for thenumberof occurrencesthata spe-
cific featuremustappear. Soacut-off of 0 means
that all featuresobserved in the training dataare
used. A cut-off of 32 meansthosefeaturesthat
appear32 times or moreareconsideredto train
themaximumentropy models.

WeselecttheEnglishwordsthatappearat least
150timesin thetrainingsamplewhicharein total
348 of the 4673wordscontainedin the English
vocabulary. Table4 shows the differentnumber
of featuresconsideredfor the348Englishwords
selectedusingdifferentthresholds.

In choosinga reasonablethresholdwe have to
balancethenumberof featuresandobservedper-
plexity.

Table 4: Numberof featuresusedaccordingto
differentcut-off threshold.In thesecondcolumn
of thetableareshown thenumberof featuresused
whenonly theEnglishcontext is considered.The
third columncorrespondto English,Germanand
Word-Classescontexts.

# featuresused� English English+German
0 846121 1581529
2 240053 500285
4 153225 330077
8 96983 210795

16 61329 131323
32 40441 80769
64 28147 49509

128 21469 31805
256 18511 22947
512 17193 19027

6 Experimental results

6.1 Training and test corpus

The“VerbmobilTask” is aspeechtranslationtask
in the domainof appointmentscheduling,travel
planning,andhotel reservation. The task is dif-
ficult becauseit consistsof spontaneousspeech
and the syntacticstructuresof the sentencesare
lessrestrictedandhighly variable.For therescor-
ing experimentswe usethe corpusdescribedin
Table5.

Table 5: Corpus characteristicsfor translation
task.

German English

Train Sentences 58332
Words 519523 549921
Vocabulary 7940 4673

Test Sentences 147
Words 1968 2173
PP(trigr. LM) (40.3) 28.8

To train themaximumentropy modelsweused
the “Ristad ME Toolkit” describedin (Ristad,
1997). We performed100 iteration of the Im-
proved Iterative Scalingalgorithm (Pietraet al.,
1997) using the corpus describedin Table 6,



Table 6: Corpus characteristicsfor perplexity
qualityexperiments.

German English

Train Sentences 50000
Words 454619 482344
Vocabulary 7456 4420

Test Sentences 8073
Words 64875 65547
Vocabulary 2579 1666

which is asubsetof thecorpusshown in Table5.

6.2 Training and testperplexities

In orderto computethetrainingandtestperplex-
ities, we split the whole alignedtraining corpus
in two partsas shown in Table 6. The training
and test perplexities are shown in Table 7. As
expected,theperplexity reductionin thetestcor-
pus is lower than in the training corpus,but in
both casesbetterperplexities areobtainedusing
theME models.Thebestvalueis obtainedwhen
a thresholdof 4 is used.

We expectedto observe strongoverfitting ef-
fects when a too small cut-off for featuresgets
used. Yet, for most words the best test corpus
perplexity is observed when we useall features
includingthosethatoccuronly once.

Table 7: Training and Test perplexities us-
ing differentcontextual informationanddifferent
thresholds� . Thereferenceperplexities obtained
with thebasictranslationmodel5 areTrainPP=
10.38andTestPP= 13.22.

English English+German� TrainPP TestPP TrainPP TestPP
0 5.03 11.39 4.60 9.28
2 6.59 10.37 5.70 8.94
4 7.09 10.28 6.17 8.92
8 7.50 10.39 6.63 9.03

16 7.95 10.64 7.07 9.30
32 8.38 11.04 7.55 9.73
64 9.68 11.56 8.05 10.26

128 9.31 12.09 8.61 10.94
256 9.70 12.62 9.20 11.80
512 10.07 13.12 9.69 12.45

6.3 Translation results

In orderto makeuseof theME modelsin astatis-
tical translationsystemweimplementeda rescor-
ing algorithm. This algorithmtake as input the
standardlexicon model(not usingmaximumen-
tropy) andthe348modelsobtainedwith theME
training.For anhypothesissentence�  � andacor-
respondingalignment ! � � the algorithmmodifies
thescore������� ���� ! � � � �� � � accordingto the refined
maximumentropy lexicon model.

We carriedout somepreliminaryexperiments
with the � -bestlists of hypothesesprovided by
the translationsystemin orderto make a rescor-
ing of eachi-th hypothesisandreorderthelist ac-
cording to the new scorecomputedwith the re-
fined lexicon model. Unfortunately, our � -best
extractionalgorithm is sub-optimal,i.e. not the
truebest� translationsareextracted.In addition,
sofarwehadto usealimit of only

W ' translations
persentence.Therefore,theresultsof thetransla-
tion experimentsareonly preliminary.

For the evaluation of the translationquality
we use the automaticallycomputableWord Er-
ror Rate (WER). The WER correspondsto the
edit distancebetweenthe producedtranslation
andonepredefinedreferencetranslation.A short-
comingof the WER is the fact that it requiresa
perfectword order. This is particularly a prob-
lem for the Verbmobil task,wherethe word or-
der of the German-Englishsentencepair canbe
quite different. As a result, the word order of
the automaticallygeneratedtarget sentencecan
be different from that of the target sentence,but
neverthelessacceptablesothattheWERmeasure
alonecan be misleading. In order to overcome
this problem,we introduceasadditionalmeasure
the position-independent word error rate (PER).
Thismeasurecomparesthewordsin thetwo sen-
tenceswithouttakingthewordorderinto account.
Dependingon whetherthe translatedsentenceis
longer or shorterthan the target translation,the
remainingwordsresultin eitherinsertionor dele-
tion errorsin additionto substitutionerrors. The
PERis guaranteedto be lessthanor equalto the
WER.

We usethe top-10 list of hypothesisprovided
by the translationsystemdescribedin (Tillmann
andNey, 2000) for rescoringthe hypothesisus-
ing theME modelsandsortthemaccordingto the



new maximumentropy score.Thetranslationre-
sultsin termsof errorratesareshown in Table8.
We useModel 4 in orderto performthe transla-
tion experimentsbecauseModel4 typically gives
bettertranslationresultsthanModel5.

We see that the translationquality improves
slightly with respectto the WER andPER.The
translationquality improvementsso far arequite
small comparedto the perplexity measureim-
provements.We attribute this to the fact that the
algorithmfor computingthe � -bestlists is sub-
optimal.

Table 8: Preliminary translationresultsfor the
VerbmobilTest-147for differentcontextual infor-
mationanddifferent thresholdsusingthe top-10
translations.The baselinetranslationresultsfor
model4 areWER=54.80andPER=43.07.

English English+German� WER PER WER PER
0 54.57 42.98 54.02 42.48
2 54.16 42.43 54.07 42.71
4 54.53 42.71 54.11 42.75
8 54.76 43.21 54.39 43.07

16 54.76 43.53 54.02 42.75
32 54.80 43.12 54.53 42.94
64 54.21 42.89 54.53 42.89

128 54.57 42.98 54.67 43.12
256 54.99 43.12 54.57 42.89
512 55.08 43.30 54.85 43.21

Table9 shows someexampleswherethetrans-
lation obtainedwith the rescoringprocedureis
better than the besthypothesisprovided by the
translationsystem.

7 Conclusions

We have developed refined lexicon models for
statisticalmachinetranslationby usingmaximum
entropy models. We have beenable to obtaina
significantbettertestcorpusperplexity andalsoa
slight improvementin translationquality. We be-
lievethatby performingarescoringontranslation
wordgraphswewill obtainamoresignificantim-
provementin translationquality.

For the future we plan to investigatemorere-
fined featureselectionmethodsin orderto make
themaximumentropy modelssmallerandbetter

generalizing.In addition,we want to investigate
moresyntactic,semanticfeaturesandto include
featuresthatgo beyondsentenceboundaries.
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