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Abstract

Typically, the lexicon modelsusedin

statisticalmachinetranslationsystems
do not include ary kind of linguistic

or contectual information, which often

leadsto problemsin performinga cor

rect word sensedisambiguation. One
way to deal with this problemwithin

the statisticalframework is to usemax-

imum entrofy methods. In this paper

we presenthow to usethis type of in-

formation within a statisticalmachine
translationsystem. We shaw thatit is

possibleto significantlydecreasdrain-

ing and test corpus perpl«ity of the

translatiormodels.In addition,we per

form a rescoringof N-Best lists us-

ing our maximumentrofy model and
therebyyield animprovementin trans-
lation quality. Experimentaresultsare
presentedn the so-called“Verbmobil
Task”.

1 Intr oduction

Typically, the lexicon modelsusedin statistical
machinetranslationsystemsareonly single-word
basedthatis onewordin thesourcdanguageor
respondgo only onewordin thetargetlanguage.
Thoselexicon modelslack from context infor-
mationthatcanbe extractedfrom the sameparal-
lel corpus.This additionalinformationcouldbe:

e Simplecontet information: information of
thewordssurroundingheword pair;

e Syntactic information: part-of-speechin-
formation, syntactic constituent, sentence
mood;
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e Semanticinformation: disambiguationin-
formation (e.g. from WordNet), cur
rent/previous speector dialogact.

To includethis additionalinformationwithin the

statisticalframavork we use the maximum en-

tropy approach.This approacthasbeenapplied
in natural languageprocessingto a variety of

tasks. (Bemer et al., 1996) appliesthis approach
totheso-calledBM Candidesystento build con-

text dependentnodels,computeautomaticsen-
tencesplitting andto improve word reorderingn

translation. Similar techniquesare usedin (Pap-
ineni et al., 1996; Papineniet al., 1998) for so-

called direct translationmodelsinsteadof those
proposedn (Brown etal., 1993). (Foster 2000)
describeswo methoddor incorporatingnforma-

tion aboutthe relative positionof bilingual word

pairsinto a maximumentrogy translationmodel.
Otherauthorshave appliedthis approacho lan-

guagemodeling(Rosenfeld,1996; Martin et al.,

1999; PetersandKlakow, 1999). A shortreview

of the maximumentrofy approachs outlinedin

Section3.

2 Statistical Machine Translation

The goal of the translation processin statisti-
cal machinetranslationcanbe formulatedasfol-
lows: A sourcelanguagestring f{ = fi...fs
is to be translatedinto a target languagestring
el = e;...er. In the experimentsreportedin
this paperthe sourcdanguages Germanandthe
targetlanguages English. Every target string is
consideredasa possibletranslationfor the input.
If we assigna probability Pr(el|f{) to eachpair
of strings(ef, f{’), thenaccordingto Bayes'de-
cision rule, we have to choosethe tamet string
thatmaximizesthe productof thetamgetlanguage



model Pr(e!) and the string translationmodel
Pr(f{lef)-

Many existing systemdor statisticalmachine
translationBemeretal., 1994;WangandWaibel,
1997;Tillmann et al., 1997; Niel3enet al., 1998)
make useof aspecialway of structuringthestring
translationmodellike proposeddy (Brown etal.,
1993): Thecorrespondencleetweerthe wordsin
the sourceand the tamet string is describedby
alignmentsthat assignone target word position
to eachsourceword position. The lexicon prob-
ability p(f|e) of a certaintargetword e to occur
in thetamgetstringis assumedo dependasically
only onthesourceword f alignedto it.

Thesealignmentmodelsaresimilarto the con-
ceptof HiddenMarkov models(HMM) in speech
recognition. The alignmentmappingis j —
i = a; from sourcepositionj to target position
i = a;. The alignmenta{ may containalign-
mentsa; = 0 with the ‘empty’ word e, to ac-
count for sourcewords that are not aligned to
ary tamgetword. In (statistical)alignmentmodels
Pr(f{,a{|el), thealignmenta{ is introducedas
ahiddenvariable.

Typically, thesearchs performedusingtheso-
calledmaximumapproximation:

et = argmax{Priel) - X Pr(s.aflel)}
€1

J
aj

= argmax {Pr(e{) - max Pr(f{, a‘{\e{)}
€ aj
Thesearctspaceconsistof thesetof all possible
target languagestringse! andall possiblealign-
mentsay .
The overall architectureof the statisticaltrans-
lation approachs depictedn Figurel.

3 Maximum entropy modeling

Thetranslationprobability Pr(f;, a{ |el) canbe
rewritten asfollows:

J
j—1 j—1
HPT(fjaa]Lff ,CI,{ 76{)
Jj=1
J
i1 1
= H(Pr(aﬂff aajl ,6{)'

i=1
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Figurel: Architectureof thetranslatiomrapproach
basedon Bayes'decisionrule.

Typically, the probability Pr(f;| /™", al,el) is
approximatedby a lexicon model p(f;leq;) by
droppingthedependenciesn /", a ™", ande!.
Obviously, this simplificationis not true for a lot
of naturallanguagephenomenaThe straightfor
ward approachto include more dependenciem
thelexicon modelwould be to addadditionalde-
pendencies(e.gp(fjleq; €q;_,))- This approach
wouldyield asignificantdatasparsenegsroblem.

Here,therole of maximumentropy (ME) is to
build a stochasticmodel that efficiently takes a
larger contet into account.In the following, we
will usep(f|z) to denotethe probability thatthe
ME modelassigngo f in the contect z in order
to distinguishthis modelfrom the basiclexicon
modelp(f|e).

In themaximumentrogy approactwe describe
all propertieghatwe feel areusefulby so-called
feature functions ¢(z, f). For example, if we
wantto modelthe existenceor absencef a spe-
cific word €’ in the context of an Englishword e
which hasthe translationf we can expressthis
dependengcusingthefollowing featurefunction:

1 if f=f"ande € x
0 otherwise

bopre (2, f) = { 1)

The ME principle suggeststhat the optimal



parametricform of a model p(f|z) taking into
account only the feature functions ¢,k =
1,..., K isgivenby:

K
k) = e (S hand))
k=1

Here Z(z) is a normalizationfactor The re-
sulting modelhasan exponentialform with free
parameters\;y,k = 1,...,K. The parameter
valueswhich maximizethelikelihoodfor a given
training corpus can be computedwith the so-
called GIS algorithm (generaliterative scaling)
or its improved versionllS (Pietraet al., 1997,
Bemeretal., 1996).

It isimportantto noticethatwe will have to ob-
tainoneME modelfor eachtargetword obsened
in thetrainingdata.

4 Contextual information and training
events

In orderto trainthe ME modelp, (f|z) associated
to atargetword e, we needto constructa corre-
spondingtraining samplefrom the whole bilin-
gualcorpusdependingnthecontetual informa-
tion thatwe wantto use.To constructhis sample,
we needto knaw theword-to-word alignmentbe-
tweeneachsentencegair within the corpus. That
is obtainedusingthe Viterbi alignmentprovided
by a translationmodelasdescribedn (Brown et
al., 1993). Specifically we usethe Viterbi align-
mentthatwasproducedby Model 5. We usethe
programGIZA++ (OchandNey, 2000b;Ochand
Ney, 2000a) whichis anextensionof thetraining
programavailablein EGYPT (Al-Onaizanet al.,
1999).

Bergeretal. (1996 use the words that sur
rounda specificword pair (e, f) ascontetual in-
formation. The authorsproposeas contet the 3
wordsto the left andthe 3 wordsto the right of
thetargetword. In thiswork we usethefollowing
conttual information:

e Tametcontt: Asin (Bergeretal.,1996)we
considerawindow of 3 wordsto theleft and
to theright of thetaigetword considered.

e Sourcecontet: In addition, we considera
window of 3 wordsto the left of the source

word f whichis connectedo e accordingo
the Viterbi alignment.

e Word classesinsteadof usingadependenc
on the word identity we include also a de-
pendeng onword classesBy doingthis,we
improvethegeneralizatiof themodelsand
include somesemanticand syntacticinfor-
mationwith. Theword classesarecomputed
automaticallyusinganotherstatisticaltrain-
ing procedurgOch, 1999)which often pro-
ducesword classesncludingwordswith the
samesemantiameaningn the sameclass.

A trainingevent,for aspecifictargetworde, is
composedy threeitems:

e Thesourceword f alignedto e.

e Thecontet in which the alignedpair (e, f)
appears.

e The numberof occurrence®f the eventin
thetrainingcorpus.

Table 1 shavs someexamplesof training events
for thetamgetword “which”.

5 Features

Oncewe have a setof trainingeventsfor eachtar
get word we needto describeour featurefunc-
tions. We do this by first specifyinga large pool
of possiblefeaturesandthenby selectinga subset
of “good” featuredrom this pool.

5.1 Featuresdefinition
All the features we consider form a triple
(pos, label-1, label-2) where:

e pos is thepositionthatlabel-2hasin a spe-
cific contet.

e label-1 is the sourceword f of thealigned
word pair (e, f) or the word class of the
sourceword f (F(f)).

e label-2 is oneword of thealignedword pair
(e, f) ortheword classto whichthesewvords
belong(F(£), £(e)).

Usingthis notationandgivena context z:

Zz :‘ €;—3-..€4...€;43 H fj—3---fj ‘




“ ”

Tablel: Sometrainingeventsfor the Englishword “which”. Thesymbol“__" is the placeholdepf the
Englishword “which” in the Englishcontet. In the Germanpartthe placeholder(*__") corresponds
to the word alignedto “which”, in the first examplethe Germanword “die” , the word “das” in the
secondandtheword“was” in thethird. Theconsidered&EnglishandGermancontets areseparatethy

thedoublebar”||”.The lastnumberin the rightmostpositionis the numberof occurrencesf the event
in thewholecorpus.
Alig. word (f) Contet () # of occur
die | bar | there| , | _ | I | just | already]| nette| Bar [, | __ | 2
das | hotel | best| , | __ | is | very | centrally| ein | Hotel | , | __ | 1
was | |now|,| __Jone[do|wel| [jetzt],]|_]| 1

Table2: Meaningof differentfeaturecateyorieswhereno represents specifictargetword ando repre-
sentsa specificsourceword.

Category | ¢, (z, f;) = 1if andonlyif ...
1 j:<>
2 |fj=candoe[ [ [elal [ [ ]
2 |fi=oandoe[ [ [ [e[e] [ |
3 |fi=oandoe[s]elelel [ ]
3 |fij=candoe[ [ [ [e[e]e]e]
6 |fi=candoe[ [ [o]J
7 | fi=candeec[+]el e[

for the word pair (e;, f;), we usethe following  usesonly those,predictseachsourcetranslation

cateyoriesof features: f; with the probability . (f;) determinedoy the
empiricaldata. This is exactly the standardex-
1.0, £;,) icon probability p(f|e) emplo/ed in the transla-
2. (41, f;,€') ande’ = e;x tion modeldescribedn (Brown etal., 1993)and
in Section?2.
3. (#£3, fj, e') ande’ € {61'_3...61'4_3} ] ]
Category 2 describegeaturesnvhich dependn
4. (£1,F(f;),€(e") ande’ = e;x1 additionontheword ¢/ onepositionto the left or
, , to theright of e;. The sameexplanationis valid
5 (3, F(f;) £(¢)) ande’ € {e; 3..eirs} for cateyory 3 but in this casee’ couldappearsn
6. (=1, f;, fHandf' = f;j_4 ary position of the contt z. Cateyories4 and
5 are the analogouscatejoriesto 2 and 3 using
7. (=3, fj, fandf’ € {fj—s...f;—1} word classesnsteadof words. In the cateyories
! ! 6, 7, 8 and9 the sourcecontext is usedinsteadof
8 (L F (), F(f)) andf’ = fi- the target context. Table2 givesan overview of
9. (=3, F(f;), F(f))andf' € {fj—3.-fj-1} thedifferentfeaturecateyories.

Catgyory 1 featuredependonly on the source Examplesof specificfeaturesandtheir respec-
word f; andthetamgetworde;. A ME modelthat tive category areshovn in Table3.



Table3: The10 mostimportantfeaturesandtheir
respectie categyory and )\ valuesfor the English
word “which”.

Feature A

1.20787
1.19333
1.17612
1.15916
1.12869
1.12596
1.12596
1.12052
1.11511
1.11242

Catgory
1 (O,was,)
(0,das,)
(3,F35,E15)
(1,F35,E15)
(3,das,is)
(1,das,is)
(O,die,)
(_3!\/\,&3!@@)
(-1,was,@@)
(-3,F26,F18)

OO0 F,DNWSOI P

5.2 Feature selection

Thenumberof possiblefeatureghatcanbe used
accordingto the Germanand Englishvocahular
ies and word classesis huge. In orderto re-
ducethe numberof featuresve performathresh-
old basedfeatureselection,thatis every feature
which occurslessthanT timesis not used. The
aim of the featureselectionis two-fold. Firstly,
we obtainsmallermodelsby usinglessfeatures,
andsecondlywe hopeto avoid overfitting onthe
trainingdata.

In orderto obtainthe thresholdT’ we compare
the testcorpusperpl«ity for variousthresholds.
The different thresholdusedin the experiments
rangefrom 0 to 512. The thresholdis usedasa
cut-off for the numberof occurrenceshata spe-
cific featuremustappearSoa cut-of of 0 means
thatall featuresobsenred in the training dataare
used. A cut-of of 32 meansthosefeaturesthat
appear32 times or more are consideredo train
the maximumentroy models.

We selecthe Englishwordsthatappeamtleast
150timesin thetrainingsamplewhich arein total
348 of the 4673 words containedin the English
vocalulary. Table4 shaws the differentnumber
of featuresconsideredor the 348 Englishwords
selectedisingdifferentthresholds.

In choosinga reasonabl¢hresholdwe have to
balancehe numberof featuresandobsered per
plexity.

Table 4: Numberof featuresusedaccordingto
differentcut-off threshold.In the secondcolumn
of thetableareshavn thenumberof featuresused
whenonly the Englishcontext is consideredThe
third columncorrespondo English,Germanand
Word-Classesontets.

# featuresused
T | 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 testcorpus

The“VerbmobilTask”is aspeechranslatiorntask
in the domainof appointmentscheduling travel
planning,andhotel reseration. The taskis dif-
ficult becausat consistsof spontaneouspeech
andthe syntacticstructuresof the sentencesre
lessrestrictedandhighly variable.For therescor
ing experimentswe usethe corpusdescribedn
Table5.

Table 5: Corpus characteristicdor translation
task.

\ | German| English |

Train Sentences 58332
Words 519523 | 549921
Vocalulary 7940 4673

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

To trainthemaximumentropy modelswe used
the “Ristad ME Toolkit” describedin (Ristad,
1997). We performed100 iteration of the Im-
proved lterative Scalingalgorithm (Pietraet al.,
1997) using the corpus describedin Table 6,



Table 6: Corpus characteristicor perpleity
quality experiments.

\ | German| English |

Train Sentences 50000
Words 454619 | 482344
Vocahulary 7456 4420

Test Sentences 8073
Words 64875 | 65547
Vocahulary 2579 1666

whichis a subsebf the corpusshavn in Table5.

6.2 Training and test perplexities

In orderto computethetrainingandtestperple-
ities, we split the whole alignedtraining corpus
in two partsas shavn in Table 6. The training
and test perpleities are shovn in Table 7. As
expectedthe perplity reductionin the testcor
pusis lower thanin the training corpus,but in
both casesbetterperpleities are obtainedusing
the ME models.The bestvalueis obtainedwhen
athresholdof 4 is used.

We expectedto obsere strongoverfitting ef-
fectswhen a too small cut-of for featuresgets
used. Yet, for mostwords the besttest corpus
perplity is obsened whenwe useall features
includingthosethatoccuronly once.

Table 7: Training and Test perpleities us-
ing differentcontetual informationanddifferent
thresholdsI". Thereferenceperpleities obtained
with the basictranslationmodel5 are TrainPP=
10.38andTestPP=13.22.

English English+German
T | 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 make useof the ME modelsin a statis-
tical translatiorsystemwe implementedarescor
ing algorithm This algorithmtake asinput the
standardexicon model (not usingmaximumen-
tropy) andthe 348 modelsobtainedwith the ME
training. For anhypothesisentence! andacor
respondingalignmenta{ the algorithm modifies
the scorePr(f{, a{|el) accordingto the refined
maximumentrofy lexicon model.

We carriedout somepreliminary experiments
with the N-bestlists of hypotheseprovided by
the translationsystemin orderto make a rescor
ing of eachi-th hypothesisandreorderthelist ac-
cordingto the new scorecomputedwith the re-
fined lexicon model. Unfortunately our N-best
extraction algorithmis sub-optimal,i.e. not the
truebestN translationsreextracted.In addition,
sofarwe hadto usealimit of only 10 translations
persentenceThereforetheresultsof thetransla-
tion experimentsareonly preliminary

For the evaluation of the translationquality
we usethe automaticallycomputableWord Er-
ror Rate (WER). The WER correspondgo the
edit distancebetweenthe producedtranslation
andonepredefinedeferencdranslation.A short-
comingof the WER is the factthatit 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 automaticallygeneratedarget sentencecan
be differentfrom that of the target sentencebut
neverthelesacceptablsothatthe WER measure
alonecan be misleading. In orderto overcome
this problem,we introduceasadditionalmeasure
the position-independenword error rate (PER).
This measure&eompareshewordsin thetwo sen-
tenceswithouttakingtheword orderinto account.
Dependingon whetherthe translatedsentences
longer or shorterthan the tamget translation,the
remainingwordsresultin eitherinsertionor dele-
tion errorsin additionto substitutionerrors. The
PERIs guaranteedo be lessthanor equalto the
WER.

We usethe top-10list of hypothesisgprovided
by the translationsystemdescribedn (Tillmann
and Ney, 2000)for rescoringthe hypothesisus-
ing theME modelsandsortthemaccordingo the



nev maximumentrofy score.Thetranslationre-
sultsin termsof errorratesareshavn in Table8.
We useModel 4 in orderto performthe transla-
tion experimentdbecauséodel 4 typically gives
bettertranslatiorresultsthanModel 5.

We seethat the translationquality improves
slightly with respectto the WER and PER.The
translationquality improvementsso far are quite
small comparedto the perplity measureim-
provements.We attribute this to the factthatthe
algorithmfor computingthe N-bestlists is sub-
optimal.

Table 8: Preliminary translationresultsfor the
VerbmobilTest-147or differentcontextual infor-
mation and differentthresholdsusingthe top-10
translations. The baselinetranslationresultsfor
model4 areWER=54.80andPER=43.07.

English English+German
T | WER| PER | WER | PER
0 | 54.57| 42.98| 54.02| 42.48
2 | 54.16| 42.43| 54.07| 42.71
4 | 5453|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 shavs someexampleswherethetrans-
lation obtainedwith the rescoringprocedureis
betterthan the besthypothesisprovided by the
translationsystem.

7 Conclusions

We have developed refined lexicon modelsfor
statisticalmachinetranslatiorby usingmaximum
entrofy models. We have beenableto obtaina
significantbettertestcorpusperpleity andalsoa
slightimprovementin translationquality. We be-
lieve thatby performingarescoringontranslation
word graphswe will obtainamoresignificantim-
provementin translationquality.

For the future we planto investigatemorere-
fined featureselectionmethodsin orderto make
the maximumentrofy modelssmallerandbetter

generalizing.In addition,we wantto investigate
more syntactic,semanticfeaturesandto include
featureghatgo beyond sentencédoundaries.
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