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tIn this paper, we des
ribe a Dynami
 Pro-gramming (DP) based sear
h algorithm forstatisti
al translation and present exper-imental results. The statisti
al transla-tion uses two sour
es of information: atranslation model and a language model.The language model used is a standard bi-gram model. For the translation model,the alignment probabilities are made de-pendent on the di�eren
es in the alignmentpositions rather than on the absolute posi-tions. Thus, the approa
h amounts to a�rst-order Hidden Markov model (HMM)as they are used su

essfully in spee
hre
ognition for the time alignment prob-lem. Under the assumption that the align-ment is monotone with respe
t to the wordorder in both languages, an eÆ
ient sear
hstrategy for translation 
an be formulated.The details of the sear
h algorithm are de-s
ribed. Experiments on the EuTrans 
or-pus produ
ed a word error rate of 5:1%.1 Overview: The Statisti
alApproa
h to TranslationThe goal is the translation of a text given in somesour
e language into a target language. We are givena sour
e (`Fren
h') string fJ1 = f1:::fj :::fJ , whi
his to be translated into a target (`English') stringeI1 = e1:::ei:::eI : Among all possible target strings,we will 
hoose the one with the highest probabilitywhi
h is given by Bayes' de
ision rule (Brown et al.,1993):̂eI1 = argmaxeI1 fPr(eI1jfJ1 )g= argmaxeI1 fPr(eI1) � Pr(fJ1 jeI1)g :

P r(eI1) is the language model of the target language,whereas Pr(fJ1 jeI1) is the string translation model.The argmax operation denotes the sear
h problem.In this paper, we address� the problem of introdu
ing stru
tures into theprobabilisti
 dependen
ies in order to model thestring translation probability Pr(fJ1 jeI1).� the sear
h pro
edure, i.e. an algorithm to per-form the argmax operation in an eÆ
ient way.� transformation steps for both the sour
e andthe target languages in order to improve thetranslation pro
ess.The transformations are very mu
h dependent onthe language pair and the spe
i�
 translation taskand are therefore dis
ussed in the 
ontext of the taskdes
ription. We have to keep in mind that in thesear
h pro
edure both the language and the transla-tion model are applied after the text transformationsteps. However, to keep the notation simple we willnot make this expli
it distin
tion in the subsequentexposition. The overall ar
hite
ture of the statisti
altranslation approa
h is summarized in Figure 1.2 Alignment ModelsA key issue in modeling the string translation prob-ability Pr(fJ1 jeI1) is the question of how we de�nethe 
orresponden
e between the words of the targetsenten
e and the words of the sour
e senten
e. Intypi
al 
ases, we 
an assume a sort of pairwise de-penden
e by 
onsidering all word pairs (fj ; ei) fora given senten
e pair [fJ1 ; eI1℄. We further 
onstrainthis model by assigning ea
h sour
e word to exa
tlyone target word. Models des
ribing these types ofdependen
ies are referred to as alignment models(Brown et al., 1993), (Dagan et al., 1993), (Kay &R�os
heisen, 1993), (Fung & Chur
h, 1994), (Vogelet al., 1996).
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hite
ture of the translation approa
hbased on Bayes de
ision rule.In this se
tion, we introdu
e a monotone HMMbased alignment and an asso
iated DP based sear
halgorithm for translation. Another approa
h to sta-tisti
al ma
hine translation using DP was presentedin (Wu, 1996). The notational 
onvention will be asfollows. We use the symbol Pr(:) to denote generalprobability distributions with (nearly) no spe
i�
 as-sumptions. In 
ontrast, for model-based probabilitydistributions, we use the generi
 symbol p(:).2.1 Alignment with HMMWhen aligning the words in parallel texts (forIndo-European language pairs like Spanish-English,German-English, Italian-German,...), we typi
allyobserve a strong lo
alization e�e
t. Figure 2 illus-trates this e�e
t for the language pair Spanish-to-English. In many 
ases, although not always, thereis an even stronger restri
tion: the di�eren
e in theposition index is smaller than 3 and the alignmentis essentially monotone. To be more pre
ise, thesenten
es 
an be partitioned into a small numberof segments, within ea
h of whi
h the alignment ismonotone with respe
t to word order in both lan-guages.To des
ribe these word-by-word alignments, we in-trodu
e the mapping j ! aj , whi
h assigns a posi-tion j (with sour
e word fj) to the position i = aj(with target word ei). The 
on
ept of these align-ments is similar to the ones introdu
ed by (Brownet al., 1993), but we will use another type of de-penden
e in the probability distributions. Lookingat su
h alignments produ
ed by a human expert, itis evident that the mathemati
al model should try

to 
apture the strong dependen
e of aj on the pre-
eding alignment aj�1. Therefore the probability ofalignment aj for position j should have a dependen
eon the previous alignment position aj�1:p(aj jaj�1) :A similar approa
h has been 
hosen by (Dagan etal., 1993) and (Vogel et al., 1996). Thus the problemformulation is similar to that of the time alignmentproblem in spee
h re
ognition, where the so-
alledHidden Markov models have been su

essfully usedfor a long time (Jelinek, 1976). Using the same basi
prin
iples, we 
an rewrite the probability by intro-du
ing the `hidden' alignments aJ1 := a1:::aj :::aJ fora senten
e pair [fJ1 ; eI1℄:Pr(fJ1 jeI1) = XaJ1 Pr(fJ1 ; aJ1 jeI1)= XaJ1 JYj=1Pr(fj ; aj jf j�11 ; aj�11 ; eI1) :To avoid any 
onfusion with the term 'hidden' in
omparison with spee
h re
ognition, we observe thatthe model states as su
h (representing words) are nothidden but the a
tual alignments, i.e. the sequen
eof position index pairs (j; i = aj).So far there has been no basi
 restri
tion of theapproa
h. We now assume a �rst-order dependen
eon the alignments aj only:Pr(fj ; aj jf j�11 ; aj�11 ; eI1) = p(fj ; aj jaj�1; eI1)= p(aj jaj�1) � p(fj jeaj );where, in addition, we have assumed that the lexi
onprobability p(f je) depends only on aj and not onaj�1.To redu
e the number of alignment parameters,we assume that the HMM alignment probabilitiesp(iji0) depend only on the jump width (i� i0). Themonotony 
ondition 
an than be formulated as:p(iji0) = 0 for i 6= i0 + 0; i0 + 1; i0 + 2:This monotony requirement limits the appli
abilityof our approa
h. However, by performing simpleword reorderings, it is possible to approa
h this re-quirement (see Se
tion 4.2). Additional 
ountermea-sures will be dis
ussed later. Figure 3 gives an illus-tration of the possible alignments for the monotonehidden Markov model. To draw the analogy withspee
h re
ognition, we have to identify the states(along the verti
al axis) with the positions i of thetarget words ei and the time (along the horizontalaxis) with the positions j of the sour
e words fj .
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SOURCE POSITIONFigure 3: Illustration of alignments for the monotoneHMM.2.2 TrainingTo train the alignment and the lexi
on model, we usethe maximum likelihood 
riterion in the so-
alledmaximum approximation, i.e. the likelihood 
rite-rion 
overs only the most likely alignment ratherthan the set of all alignments:Pr(fJ1 jeI1) = XaJ1 JYj=1 �p(aj jaj�1; I) � p(fj jeaj )��= maxaJ1 JYj=1 �p(aj jaj�1; I) � p(fj jeaj )� :To �nd the optimal alignment, we use dynami
programming for whi
h we have the following typi
alre
ursion formula:Q(i; j) = p(fj jei)maxi0 [p(iji0) �Q(i0; j � 1)℄ :Here, Q(i; j) is a sort of partial probability as in timealignment for spee
h re
ognition (Jelinek, 1976). Asa result, the training pro
edure amounts to a se-quen
e of iterations, ea
h of whi
h 
onsists of twosteps:� position alignment: Given the model parame-ters, determine the most likely position align-ment.� parameter estimation: Given the position align-ment, i.e. going along the alignment paths for

all senten
e pairs, perform maximum likelihoodestimation of the model parameters; for model-free distributions, these estimates result in rel-ative frequen
ies.The IBM model 1 (Brown et al., 1993) is used to �ndan initial estimate of the translation probabilities.3 Sear
h Algorithm for TranslationFor the translation operation, we use a bigram lan-guage model, whi
h is given in terms of the 
on-ditional probability of observing word ei given theprede
essor word ei�1:p(eijei�1) :Using the 
onditional probability of the bigram lan-guage model, we have the overall sear
h 
riterion inthe maximum approximation:maxeI1 8<: IYi=1 p(eijei�1)maxaJ1 JYj=1 �p(aj jaj�1)p(fj jeaj )�9=; :Here and in the following, we omit a spe
ial treat-ment of the start and end 
onditions like j = 1 orj = J in order to simplify the presentation and avoid
onfusing details. Having the above 
riterion inmind, we try to asso
iate the language model prob-abilities with the alignments j ! i = aj . To thispurpose, we exploit the monotony property of ouralignment model whi
h allows only transitions fromaj�1 to aj if the di�eren
e Æ � aj � aj�1 is 0; 1; 2.We de�ne a modi�ed probability pÆ(eje0) for the lan-guage model depending on the alignment di�eren
eÆ. We 
onsider ea
h of the three 
ases Æ = 0; 1; 2separately:� Æ = 0 (horizontal transition = alignment repe-tition): This 
ase 
orresponds to a target wordwith two or more aligned sour
e words andtherefore requires e = e0 so that there is no 
on-tribution from the language model:p Æ=0 (eje0) = � 1 for e = e00 for e 6= e0 :� Æ = 1 (forward transition = regular alignment):This 
ase is the regular one, and we 
an usedire
tly the probability of the bigram languagemodel: p Æ=1 (eje0) = p(eje0) :� Æ = 2 (skip transition = non-aligned word):This 
ase 
orresponds to skipping a word, i.e.



Table 1: DP based sear
h algorithm for the monotone translation model.input: sour
e string f1:::fj :::fJinitializationfor ea
h position j = 1; 2; ::::J in sour
e senten
e dofor ea
h position i = 1; 2; :::; Imax in target senten
e dofor ea
h target word e doQ(i; j; e) = p(fj je) �maxÆ;e0 fp(iji� Æ) � pÆ(eje0) �Q(i� Æ; j � 1; e0)gtra
eba
k:- �nd best end hypothesis: maxi;e Q(i; J; e)- re
over optimal word sequen
ethere is a word in the target string with noaligned word in the sour
e string. We have to�nd the highest probability of pla
ing a non-aligned word ~e between a prede
essor word e0and a su

essor word e. Thus we optimize thefollowing produ
t over the non-aligned word ~e:p Æ=2 (eje0) = max~e [p(ej~e) � p(~eje0)℄ :This maximization is done beforehand and theresult is stored in a table.Using this modi�ed probability pÆ(eje0), we 
anrewrite the overall sear
h 
riterion:maxeI1 ;aJ1 JYj=1 �p(aj jaj�1)p[aj�aj�1℄(eaj jeaj�1)p(fj jeaj )� :The problem now is to �nd the unknown mapping:j ! (aj ; eaj ) ;whi
h de�nes a path through a network with a uni-form trellis stru
ture. For this trellis, we 
an stilluse Figure 3. However, in ea
h position i along theverti
al axis, we have to allow all possible words e ofthe target vo
abulary. Due to the monotony of ouralignment model and the bigram language model, wehave only �rst-order type dependen
ies su
h that thelo
al probabilities (or 
osts when using the negativelogarithms of the probabilities) depend only on thear
s (or transitions) in the latti
e. Ea
h possible in-dex triple (i; j; e) de�nes a grid point in the latti
e,and we have the following set of possible transitionsfrom one grid point to another grid point:Æ 2 f0; 1; 2g : (i� Æ; j � 1; e0)! (i; j; e) :Ea
h of these transitions is assigned a lo
al proba-bility: p(iji� Æ) � pÆ(eje0) � p(fj je) :

Using this formulation of the sear
h task, we 
annow use the method of dynami
 programming (DP)to �nd the best path through the latti
e. To thispurpose, we introdu
e the auxiliary quantity:Q(i; j; e): probability of the best partial pathwhi
h ends in the grid point (i; j; e).Sin
e we have only �rst-order dependen
ies in ourmodel, it is easy to see that the auxiliary quantitymust satisfy the following DP re
ursion equation:Q(i; j; e) = p(fj je)�maxÆ fp(iji� Æ) �maxe0 pÆ(eje0) �Q(i� Æ; j � 1; e0)g:To expli
itly 
onstru
t the unknown word sequen
eeI1, it is 
onvenient to make use of so-
alled ba
k-pointers whi
h store for ea
h grid point (i; j; e) thebest prede
essor grid point (Ney et al., 1992).The DP equation is evaluated re
ursively to �ndthe best partial path to ea
h grid point (i; j; e). Theresulting algorithm is depi
ted in Table 1. The 
om-plexity of the algorithm is J � Imax � E2, where E isthe size of the target language vo
abulary and Imaxis the maximum length of the target senten
e 
on-sidered. It is possible to redu
e this 
omputational
omplexity by using so-
alled pruning methods (Neyet al., 1992); due to spa
e limitations, they are notdis
ussed here.4 Experimental Results4.1 The Task and the CorpusThe sear
h algorithm proposed in this paper wastested on a subtask of the \Traveler Task" (Vidal,1997). The general domain of the task 
omprisestypi
al situations a visitor to a foreign 
ountry isfa
ed with. The 
hosen subtask 
orresponds to a s
e-nario of the human{to{human 
ommuni
ation situ-ations at the registration desk in a hotel (see Table4).



The 
orpus was generated in a semi{automati
way. On the basis of examples from traveller book-lets, a probabilisti
 grammar for di�erent languagepairs has been 
onstru
ted from whi
h a large 
or-pus of senten
e pairs was generated. The vo
abulary
onsisted of 692 Spanish and 518 English words (in-
luding pun
tuation marks). For the experiments, atraining 
orpus of 80,000 senten
e pairs with 628,117Spanish and 684,777 English words was used. Inaddition, a test 
orpus with 2,730 senten
e pairsdi�erent from the training senten
e pairs was 
on-stru
ted. This test 
orpus 
ontained 28,642 Span-ish and 24,927 English words. For the English sen-ten
es, we used a bigram language model whose per-plexity on the test 
orpus varied between 4.7 for theoriginal text and 3.5 when all transformation stepsas des
ribed below had been applied.Table 2: E�e
t of the transformation steps on thevo
abulary sizes in both languages.Transformation Step Spanish EnglishOriginal (with pun
tuation) 692 518+ Categorization 416 227+ 'por favor' 417 -+ Word Splitting 374 -+ Word Joining - 237+ Word Reordering - -4.2 Text TransformationsThe purpose of the text transformations is to makethe two languages resemble ea
h other as 
losely aspossible with respe
t to senten
e length and word or-der. In addition, the size of both vo
abularies is re-du
ed by exploiting evident regularities; e.g. propernames and numbers are repla
ed by 
ategory mark-ers. We used di�erent prepro
essing steps whi
hwere applied 
onse
utively:� Original Corpus: Pun
tuation marks aretreated like regular words.� Categorization: Some parti
ular words orword groups are repla
ed by word 
ategories.Seven non-overlapping 
ategories are used:three 
ategories for names (surnames, male andfemale names), two 
ategories for numbers (reg-ular numbers and room numbers) and two 
at-egories for date and time of day.� Treatment of 'por favor': The word 'porfavor' is always moved to the end of thesenten
e and repla
ed by the one-word token'por favor'.

� Word Splitting: In Spanish, the personal pro-nouns (in subje
t 
ase and in obje
t 
ase) 
anbe part of the in
e
ted verb form. To 
ounter-a
t this phenomenon, we split the verb into averb part and pronoun part, su
h as 'darnos' !`dar nos' and 'pienso' ! ` yo pienso'.� Word Joining: Phrases in the English lan-guage su
h as 'Would you mind doing ...' and'I would like you to do ...' are diÆ
ult to han-dle by our alignment model. Therefore, weapply some word joining, su
h as `would youmind' ! `would you mind' and `would like ' !`would like'.� Word Reordering: This step is applied tothe Spanish text to take into a

ount 
ases likethe position of the adje
tive in noun-adje
tivephrases and the position of obje
t pronouns.E.g. `habita
i�on doble' ! `doble habita
i�on'.By this reordering, our assumption about themonotony of the alignment model is more oftensatis�ed.The e�e
t of these transformation steps on the sizesof both vo
abularies is shown in Table 2. In addi-tion to all prepro
essing steps, we removed the pun
-tuation marks before translation and resubstitutedthem by rule into the target senten
e.4.3 Translation ResultsFor ea
h of the transformation steps des
ribedabove, all probability models were trained anew, i.e.the lexi
on probabilities p(f je), the alignment prob-abilities p(iji � Æ) and the bigram language proba-bilities p(eje0). To produ
e the translated senten
ein normal language, the transformation steps in thetarget language were inverted.The translation results are summarized in Table3. As an automati
 and easy-to-use measure of thetranslation errors, the Levenshtein distan
e betweenthe automati
 translation and the referen
e transla-tion was 
al
ulated. Errors are reported at the wordlevel and at the senten
e level:� word level: insertions (INS), deletions (DEL),and total number of word errors (WER).� senten
e level: a senten
e is 
ounted as 
orre
tonly if it is identi
al to the referen
e senten
e.Admittedly, this is not a perfe
t measure. In par-ti
ular, the e�e
t of word ordering is not taken intoa

ount appropriately. A
tually, the �gures for sen-ten
e error rate are overly pessimisti
. Many sen-ten
es are a

eptable and semanti
ally 
orre
t trans-lations (see the example translations in Table 4).



Table 4: Examples from the EuTrans task: O= original senten
e, R= referen
e translation, A= automati
translation.O: He he
ho la reserva de una habita
i�on 
on televisi�on y tel�efono a nombre del se~nor Morales.R: I have made a reservation for a room with TV and telephone for Mr. Morales.A: I have made a reservation for a room with TV and telephone for Mr. Morales.O: S�ubanme las maletas a mi habita
i�on, por favor.R: Send up my suit
ases to my room, please.A: Send up my suit
ases to my room, please.O: Por favor, querr�ia que nos diese las llaves de la habita
i�on.R: I would like you to give us the keys to the room, please.A: I would like you to give us the keys to the room, please.O: Por favor, me pide mi taxi para la habita
i�on tres veintid�os?R: Could you ask for my taxi for room number three two two for me, please?A: Could you ask for my taxi for room number three two two, please?O: Por favor, reservamos dos habita
iones dobles 
on 
uarto de ba~no.R: We booked two double rooms with a bathroom.A: We booked two double rooms with a bathroom, please.O: Quisiera que nos despertaran ma~nana a las dos y 
uarto, por favor.R: I would like you to wake us up tomorrow at a quarter past two, please.A: I want you to wake us up tomorrow at a quarter past two, please.O: Rep�aseme la 
uenta de la habita
i�on o
ho
ientos veintiuno.R: Could you 
he
k the bill for room number eight two one for me, please?A: Che
k the bill for room number eight two one.Table 3: Word error rates (INS/DEL, WER) andsenten
e error rates (SER) for di�erent transforma-tion steps.Transformation Step Translation Errors [%℄INS/DEL WER SEROriginal Corpora 4.3/11.2 21.2 85.5+ Categorization 2.5/9.6 16.1 81.0+ 'por favor' 2.6/8.3 14.3 75.6+ Word Splitting 2.5/7.4 12.3 65.4+ Word Joining 1.3/4.9 7.3 44.6+ Word Reordering 0.9/3.4 5.1 30.1As 
an be seen in Table 3, the translation er-rors 
an be redu
ed systemati
ally by applying alltransformation steps. The word error rate is re-du
ed from 21.2% to 5.1%; the senten
e error rateis redu
ed from 85.5% to 30.1%. The two most im-portant transformation steps are 
ategorization andword joining. What is striking, is the large fra
tionof deletion errors. These deletion errors are often
aused by the omission of word groups like 'for meplease' and '
ould you'. Table 4 shows some exampletranslations (for the best translation results). It 
anbe seen that the semanti
 meaning of the senten
e inthe sour
e language may be preserved even if thereare three word errors a

ording to our performan
e
riterion. To study the dependen
e on the amountof training data, we also performed a training withonly 5 000 senten
es out of the training 
orpus. For

this training 
ondition, the word error rate went uponly slightly, namely from 5.1% (for 80,000 trainingsenten
es) to 5.3% (for 5 000 training senten
es).To study the e�e
t of the language model, wetested a zerogram, a unigram and a bigram lan-guage model using the standard set of 80000 train-ing senten
es. The results are shown in Table 5. TheWER de
reases from 31.1% for the zerogram modelto 5.1% for the bigram model.The results presented here 
an be 
ompared withthe results obtained by the �nite-state transdu
erapproa
h des
ribed in (Vidal, 1996; Vidal, 1997),where the same training and test 
onditions wereused. However the only prepro
essing step was 
at-egorization. In that work, a WER of 7.1% was ob-tained as opposed to 5.1% presented in this paper.For smaller amounts of training data (say 5 000 sen-ten
e pairs), the DP based sear
h seems to be evenmore superior.Table 5: Language model perplexity (PP), word er-ror rates (INS/DEL, WER) and senten
e error rates(SER) for di�erent language models.Language Translation Errors [%℄Model PP INS/DEL WER SERZerogram 237.0 0.6/18.6 31.1 98.1Unigram 74.4 0.9/12.4 20.4 94.8Bigram 4.1 0.9/3.4 5.1 30.1



Table 6: E�e
t of the global word reordering: O= original senten
e, R= referen
e translation, A= automati
translation, O'= original senten
e reordered, A'= automati
 translation after reordering.O: Cu�anto 
uesta una habita
i�on doble para 
in
o no
hes in
luyendo servi
io de habita
iones ?R: How mu
h does a double room in
luding room servi
e 
ost for �ve nights ?A: How mu
h does a double room in
luding room servi
e ?O': Cu�anto 
uesta una habita
i�on doble in
luyendo servi
io de habita
iones 
uesta para 
in
o no
hes ?A': How mu
h does a double room in
luding room servi
e 
ost for �ve nights ?O: Expl�ique me la fa
tura de la habita
i�on tres dos 
uatro.R: Explain the bill for room number three two four for me.A: Explain the bill for room number three two four.O': Expl�ique la fa
tura de la habita
i�on tres dos 
uatro me.A': Explain the bill for room number three two four for me.4.4 E�e
t of the Word ReorderingIn more general 
ases and appli
ations, there willalways be senten
e pairs with word alignments forwhi
h the monotony 
onstraint is not satis�ed. How-ever even then, the monotony 
onstraint is satis�edlo
ally for the lion's share of all word alignments insu
h senten
es. Therefore, we expe
t to extend theapproa
h presented by the following methods:� more systemati
 approa
hes to lo
al and globalword reorderings that try to produ
e the sameword order in both languages.� a multli-level approa
h that allows a small (say4) number of large forward and ba
kward tran-sitions. Within ea
h level, the monotone align-ment model 
an still be applied, and only whenmoving from one level to the next, we have tohandle the problem of di�erent word orders.To show the usefulness of global word reorder-ing, we 
hanged the word order of some senten
esby hand. Table 6 shows the e�e
t of the global re-ordering for two senten
es. In the �rst example, we
hanged the order of two groups of 
onse
utive wordsand pla
ed an additional 
opy of the Spanish word\
uesta" into the sour
e senten
e. In the se
ondexample, the personal pronoun \me" was pla
ed atthe end of the sour
e senten
e. In both 
ases, weobtained a 
orre
t translation.5 Con
lusionIn this paper, we have presented an HMM basedapproa
h to handling word alignments and an as-so
iated sear
h algorithm for automati
 translation.The 
hara
teristi
 feature of this approa
h is to makethe alignment probabilities expli
itly dependent onthe alignment position of the previous word and toassume a monotony 
onstraint for the word order inboth languages. Due to this monotony 
onstraint,

we are able to apply an eÆ
ient DP based sear
h al-gorithm. We have tested the model su

essfully onthe EuTrans traveller task, a limited domain taskwith a vo
abulary of 200 to 500 words. The result-ing word error rate was only 5.1%. To mitigate themonotony 
onstraint, we plan to reorder the wordsin the sour
e senten
es to produ
e the same wordorder in both languages.A
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