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Abstract
One of the translation systems currently under development at ITI uses a phrase based approach: translations are produced considering
sequences of words as the elementary unit. We discuss here the implications of monotonicity and non-monotonicity assumptions and
their relation with the search algorithms. Also different criteria for the selection of segments and training of parameters are discussed
and experimentally tested.

1. Introduction tionaries of single-word pairs are substituted by statistical

- . . dictionaries ofilingual phrasesor bilingual segments
Early approaches tBtatistical machine translatio(6MT) The main problerg witrl? the PB appr?)ach isg the selection

used the assumphon_ Fhat the translation process .can %ef appropriate phrases. Given the large number of possi-
modeled as a composition of complementary models: som

o ; - Ble segment pairs, an exhaustive search is infeasible, thus
models explainsingle-word alignments througlstatisti- Iy .
o . ; heuristics are necessary. Most of the methods from the lit-
cal dictionaries some other models deal with the rela-

tion between positions in the source and in the target sene:\rature are based on some "symmetrisation” of word align-

tence (Brown%t al., 1993; Ney et al., 2000; Och ar?d Ne ments (Och, 2002; Koehn et al,, 2003; Zens and Ney,
. " : ey R y2004). An alternative approach is to useursive align-

2003). In this case, the basic assumption is that each source : .

word is generated by only one target word. This assum ment(Nevado et al,, 2004; Vilar and Vidal, 2005).

9 y onty 9 ' Pive describe a system based on statistical PB models. Two

tion does not correspond to the nature of natural Ianguag(%/'ersions are considered: using monotonicity in the models

in some cases, it is necessary to know the context of the ; :
. L .~ and the search or allowing for a restricted degree of non-
word to be translated and, in other cases, it is convenien

to translate whole word sequences instead of relying on onotonicity.
: q YING 0N &, the following section, the statistical framework for ma-
word-by-word translation.

. . , ._chine translation is reviewed and the PB models are intro-

D|ﬁ¢rgnt ways to relax this as;umpﬂop range from USING4uced. The translation engines that use these models are
statistical contgxt-dependent dictionaries as in (Berger &f,qeq on search algorithms, which are presented in section
al., 1996b; Gara-Varea and Casacuberta, 2005) to mod-3 ‘gecion 4 describes the corpora used and the experiments

eling the alignment of groups of adjacent words in the, otormed. Finally, a discussion and the conclusions can be
source sentence with groups of adjacent target words. Th'l%und in section 5

last approach is known as themplate-basedTB) ap-
proach (Och and Ney, 2004). A template establishes the 2. Statistical Machine Translation
alignment (possibly through reordering) between two se-

. .~ The goal of a machine translation system is to translate a
guences of word classes (which can also be automatically. .
- . iven source language sentencmto a target sentende
learned from a bilingual corpus). However, the lexical

L T ollowing (Brown et al., 1993), a statistical approach can
model inside the templates is still based on word-to-wor e used. Assume that the probability distributirgt|s) is
correspondences (Och et al., 1999; Och and Ney, 2000; O i P Y

%hown. Then the best translation is the one that maximizes
and Ney, 2004). that probability, ie
A simple alternative to these models has been introduceo‘1 ’
in recent works: thehrase-basedPB) approach (To#s t = argmaxPr(t|s). (1)
and Casacuberta, 2001; Marcu and Wong, 2002; Zens et t
a.l., 2002; Koehn et al., 2003; T et a.l., 2005) These Usua”y, this equation is rewritten as
methods model the probability that a sequence of contigu- K
ous words §ource segmejin a source sentence is a trans- t = argmaxPr(t|s) = argmaxPr(t) Pr(slt).  (2)
lation of another sequence of contiguous wotdsgyet seg- ¢ ¢
men) in the target sentence. In this case, the statistical dicEquation 2 presents two basic problems to be solved:
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e The construction of models for the output language2.2. Log-linear model combination

and for the translation process. The model for the out-The above approach (modeling directly the distributions
put languageKr(t)) is used to ensure that the trans- fo|lowing Equation 2) has two problems: the difficulty of
lation produced are grammatically correct. The transoming up with good models using a generative approach
lation model Pr(s|t)) ensures thatis indeed a good  and the difficulty of introducing other sources of knowledge
translation oft. in the process. Those problems can be solved using a log-
« The search process. Solving the argmax is by nc1inear combination.of modgls. In the experimgnt;, we have
means trivial, specially if good response times are re.2dopted the following Iog_-llnear model c_omb|na_t|on in the
quired. monotone search for a given segmentatioitsot) into K
segments = (s t):
Each of those problems requires some compromises. In

the case of the language model, it is common to use an peB(si, t1;0) =

n-gram approach. For the translation model, different sim- I 4
plifications are used, as explained below. Finally, the search Z {61 + A1 logp(ti\tﬁié)
process itself has to be tuned in order to obtain adequate re- i=1

sponse times, which usually implies suboptimal results. + A - 10gp(Ti|Tf:i)

2.1. Phrase-based models

Statistical translation models typically assume that the in-
put and the output sentences can be divided in smaller units. ;
These units are related to each other by means of an align- + - log Zp(s '|ti):| n
ment and they are translated independently. When the units P ’

are words, we get the conventional word-based translation X
models. These include the well known IBM models (Brown Z {02 FAs
et al., 1993), the HMM based models (Ney et al., 2000)

or the template models (Och and Ney, 2004) (under this

model, the lexicon is still word-based and the alignments + X6 - log pr—s(Sk |fk)}

are restricted by the available templates). Phrase-base mod-

els, on the other hand, divide the sentence in segments eathis integrates the following knowledge sources:
composed of a series of words. The translation probabili-

ties now relate a sequence of words in a source sentéhce ( ® Language models for Fhe target language. 'I;rj?re are
with another sequence of words in the target sentef)ce ( two models, a conventional trigram modp(.ti|ti72)

The simplest formulation with such models is based on  and a five-gram class modep(Ti|T; ;). As ex-

J
+ Az - log Zp(ti|sj)
= 5)

-log ps—+ (tx[Sk)
=1

monotone models (Toas and Casacuberta, 2001). In plained above, the aim of these models is that the re-
this model, the source sentenses segmented intdx sulting sentence is correct in the target language. Word
phrases ¥¥) and the target sentence into other K classes are obtained using the softwalels(Och et
phrases#). A uniform probability distribution over all al., 1999).

possible segmentation is assumed. The monotonicity as-
sumption implies that the target phrase in positida pro-

duced by the source phrase in the same positidrhis can

be expressed as

Simple translation models (like IBM model 1) both di-
rect (p(t;|s;)) and inversei(s;|t;)). These models
act as “smoothers” for the translation probabilities.

X e Direct and inverse phrase based translation models:
. Ps—t(tg[Sk) and p;—s(Sk|tx). These are the most
Pr(s[t) oc Z H P(Sk[te)- (3) complex models and should capture the main bulk of
KOHS 51 k=t the work.

The distributionp(5[t) can be interpreted as a dictionary gach of the sources is controlled by a weight (a scaling fac-

that returns the probability of translating the phraseto tor), the \;, and two penalties; andc, are included to
the phrase. As a phrase can be a single word, a conventgntrol the values of and K.

tional word to word statistical dictionary can be considered
as part of the model. 2.3. Learning phrase-based alignment models
If monotonicity is not admissible, a hidden variablecan  There are different approaches to the parameter estima-
be introduced. This represents the fact that the target phrasign of the parameters in the previous equations. Details
in position k is produced by the source phrase in posi-of the estimation of monotone and no-monotone phrase-
tion ;. Symbolically: based models can be found in (Tasnet al., 2005). Some
% of these techniques correspond to a direct learning of the
K =07 parameters from a sentence-aligned corpus using a maxi-
Pr(sit) o Z plod )gmsk'tak) @ mum likelihood approach (Toas and Casacuberta, 2001;
Marcu and Wong, 2002). Other techniques are heuristics
This model allows efficient search algorithms, details arebased on previous computation of word alignments in the
explained in section 3. training corpus (Zens et al., 2002; Koehn et al., 2003).

K K K
K,t* .81 a1
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Word alignments are the basis for the most widely usedvith its translation score. The set is divided in lists so
methods of finding bilingual segments. However, the wordthat each hypothesis in the list covers the same number of
alignment models usually adopted do not permit the alignsource words. Within each list the hypotheses are sorted
ment of one source word to many target words (Brown etaccording to the translation score. The algorithm consists
al., 1993). The strategy proposed in (Och et al., 1999; Ochn an iterative process. In each iteration, the system ex-
2002) deals with this problem in two steps. In the first steptracts from each list the best scored hypothesis and extends
symmetrized alignmengse computed from the alignments it. The extension consists in selecting one or more untrans-
obtained in a translation direction{g) and the alignments lated source words and attaching one or more target words
obtained in the opposite translation direction-). Dif-  to the current output prefix.The extension of a hypothesis
ferent combinations of these two types of alignments were&an generate hundreds of new hypotheses. The process is
proposed in (Och and Ney, 2003htersectionunionand iteratedMax-iter times. Thus, at modtlax-iter hypothe-
refined. From these symmetrized alignments, the bilingualsis are extended from each list. The output of the search
segments are built following different criteria in the sec-is the final hypothesis with the highest score and with no
ond step (Och and Ney, 2003). These criteria consider thaintranslated source words.
a segment from a source sentence and a segment from a
target sentence give way to a bilingual segment if all the3.2. Non-monotone search
words in the source segment are aligned (according to thg 3 non-monotone model is used, the search can be made
symmetrized alignments) with one word in the target segz|lowing for target-word reordering(TWR) (Tomas and
ment and vice versa. Adjacent or internal (source or targetasacuberta, 2004). Here, we define a hypothesis in the
words that are not aligned with any (target or source) worcsame way as in the monotone algorithm, and each hypoth-
can also be added to the bilingual segment. esis is also stored in a separate list according to the source-
In this work, an alternative strategy is proposed. It con-length prefix. In contrast to the monotone case, we can in-
sists also in two steps but different from the steps proposegoduce the special tokenul) in the target hypothesis. The
in (Och, 2002). In the first step, two separate PB modmeaning of this token is that, in a future expansion, the to-
els (bilingual segments and the corresponding probabilitiesken (nul) must be replaced by a sequence of words. In our
were bU||t, one model from Word'a“gnments in one direc-imp|ementation, we allow On|y one tOanUD. Therefore,
tion (s—t) and another model from word-alignments in the e can distinguish between two classes of hypotheses. A
opposite direction (&s). The bilingual segments are ob- hypothesis is closed if it does not contain the tokeal),
tained following a similar procedure as in the second stegnd it is open if it contains this token.
of the method proposed in (Och, 2002). In the second step, the process of extending a partial hypothesis, those bilin-
qf our.strategy, _these two models are combined using Ioggua| phrase-pairg(t) in which s matches the source seg-
linear interpolation. ment after the last translated word are considered. If the
3 S h hypothesis to be extended is closed (it hagmd) token),
- earc two new hypotheses are created addinand (nul)t, re-
Given a source sentensg, the aim of the search in MT is  spectively, to the target prefix. On the other hand, if the
to obtain a target sentenéé that maximizes Equation 5. hypothesis is open, four new hypotheses are created: one
. closes the hypothesis by replacing the tokeu) by t; and
t{ = argmaxpps(sy, t1;0) (6)  three new open hypotheses are obtained puttinghe left
Ltlo or to the right of(nul) and at the end of the target prefix. We
The search algorithm is a crucial part in statistical machind1ave a different parameter distortion for each type of exten-
translation. Its performance directly affects the quality andSion. If the hypothesis is closed, we use the probability
efficiency of translation. In this section, we describe twot0 Open it, and — p, to keep it closed. If the hypothesis is
search algorithms which are based on multi-stack-decodingPen, we use the probabilitigs to close it. (1 — p.)/3 is
(Berger et al., 1996a) for the monotone and for a nontsed for the other three extension types. A decoding exam-
monotone version of Equation 3 (Tém and Casacuberta, Ple using this algorithm is shown in Figure 1.
2004). The restriction to at most on@ul) token implies that the
The most common statistical decoder algorithms use theractical costs of the monotone and non-monotone search
concept of partial translation hypothesis to perform thelgorithms are very similar. In practice, the paramtex-
search. In a partia| hypothesis] some of the source Wordiger can been used to increase the Speed of the translation.
have been used to generate a target prefix. Each hypothedie language model causes another problem. In an open
is scored according to the translation and language modeflypothesis we cannot calculate the language model contri-
In our implementation for the monotone model, (Tasn bution of the right part of the prefix after theul) token.
and Casacuberta, 2001) we define a hypothesis as the tripl@® Solve this problem, we compute an estimation of the
(J’,t{',g), whereJ’ is the length of the current source pre- language model contribution. It consists of assigning the
fix (ie, that prefix iss?’), t{' is its translation ang is the ~ probability of its unigram to the word at the right ¢ful)

score of that translation computed from Equation 5. times the probability of the bigram for the next word, etc.
When a hypothesis is closed, this estimation is replaced by
3.1. Monotone search the true language model contribution.

The translation procedure can be described as follows. Th&here are some proposals (Vogel et al., 2003; Koehn, 2004;
system maintains a large set of hypotheses, each of thef@ch and Ney, 2004) that try to solve this problem by select-
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| a la | bruja verde | Maria | dio una bofetada |

N
| Mary | slapped the | green with |
e:
List J'=0 £
p: 1
---------------------- y’"% N i il
f: a f: a
List J'=1 e: to e: <nul> to
p 62 p: .52
---------------------- V- “"“"”““"‘%‘\!‘/‘ ittt
f: a la f: a la
List J'=2 e: to the e: <nul> the
p: .24 p: .23
———————————————————————————————— v----——-F--¥---------¢_ & ...
f: a la bruja f: a la bruja
List J'=3 e: with the e: <nul> thessnul> with
p: .092 p: .071
________________________________________ \/-______,,A_______:___________,
f: a la bruja verde
List J’=4 e: <nul> the green with
p: .08
________________________________________ ) e
f: a la bruja verde Maria
List J'=5 e: Mary <nul> the green with
p: .032

f: a la bruja verde Maria dio una bofetada
List J'=8 e: Mary slapped the green with
p: .0027

Figure 1. Decoding Example using TWR algorithm. The Spanish sentence “A la bruja verde Mario dio un fofetada”
is translate into the English sentence “Mary slapped the green witch”. Partial hypotheses are stored in sorted list with
numbers from 0 to 8. In each hypothesis the first J’ words of the source sentence have been translated.

ing source words in different positions (SWR) and generatsegment. In order to reduce the search space hypothesis re-

ing the target words left to right. In this approach, a partialcombination is used. In our approach this phenomenon is

hypothesis is a tripléC, t{/, g), whereC is the coverage set less frequent, and hypothesis recombination is not essential.

(the source positions that have been translated). Hypoth&n the other hand, the main limitations of the TWR ap-

ses with the same number of element§ iare stored in the proach are: First, in an open hypothesis a estimation of the

same list. As in TWR approach such lists are needed. language model is used. Second, only one toje) is
allowed. Then, we do not cover all possible reorderings.

Compared with TWR, this approach has different limita- )

tions. First, each partial hypothesis needs a coverage set, 4. Experimental results

which increases spatial costs. Second, hypotheses with diffhe models and procedures introduced in this work were

ferentC can be stored in the same list. In order to properlyassessed through a series of experiments with different cor-

compare hypothesis that cover different parts of the sourcgora. One of these corpora, the assessment measures used

sentence an estimation (usually heuristic) of the contribuand the results are described in this section.

tion to the score of the parts that are not yet covered can

be introduced (Wang and Waibel, 1997). Third, in order to#.1. Corpora

reduce the computational cost of the algorithm re-orderingrhe corpora used for the experiments were extracted from

restrictions must be introduced. For example, (Berger et althe Bulletin of the European Union (from English to Span-

1996a) proposes than only the filsyet uncovered word ish, French, and German; and from Spanish, French, and

positions can be translated. Fourth, many different path&erman to English) (Khadivi and Goutte, 2003). This cor-

lead to hypothesis with the same coverage set and targpus was acquired and processed in the framework of the
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TT2 project (TransType-2, 2001). The features of this cor- | anguages Monotone Non-monotone
pus are presented in Table 1. WER BLEU WER BLEU
4.2. Assessment English Spanish  46.7 42.1 46.7 42.3

In all the experiments reported in this paper, the transla- EnglishFrench 452 428 451 423
tions of the source test sentences produced by the transla- English German 574~ 30.2  57.3 303

tion systems were compared with target test references and i _
two measures were computed: Table 3: Effect of different procedures for searching on the

WER (%) and BLEU (%) for the EU corpus.
e Word error rate(WER): The minimum number of sub-

stitution, insertion, and deletion operations needed to . _ _

convert the word string hypothesized by the translation” he maximum length of a phrase can be restricted in order

System into a given Sing'e reference word String (OChtO limit the number of parameters of the models. The influ-

and Ney, 2003; Tillmann and Ney, 2003). ence of upper bounds in the segment lengths can be seen in
Table 4.

e BiLingual Evaluation Understud{BLEU): itis based  The use of long segments to significantly improves the re-
on then-grams of the hypothesized translation that oc-gyts obtained. As expected, too, the use of long segments
ranges from 0.0 (worst score) to 100.0 (best score) (Paadditional models are combined with PB model in Equa-
pineni et al., 2002). tion 5. Table 5 shows the effect of these new models in the

43 Results system performance.

Several experiments were carried out to assess the approach

presented. The default parameters in the following exper-_description model WER BLEU
iments were: maximum phrase length of 8 words; the pa- PB direct model pﬁt(’tvk sp) 46.9 41.0
rameter estimation was the relative frequencies using the + Janguage model P(ti\tﬁié) 45.8 42.1
direct model (without symmetrization or lexicon model);  + word/phrase penalty &, ¢» 455 42.4
and the search was monotone (Max-iter=10). + class language model pT;|T'"}) 45.2 42.8
The scaling factors in Equation 5 can be estimated by opti- + |exicon modelt — s) +p(s;]t:) 44.6 44.7
mizing the value of a training criterion over a development . |exicon models — t)  +p(t;]s;) 445 44.6
corpus (Och, 2003). In our case, the optimization consisted symmetrization Wi—s(telSk) 44.2 44.9

in minimizing the difference between the translation word

error rate and the BLEU scores. The optimization was cartaple 5: Effect of combining different models on the WER

ried out using the the downhill simplex algorithm (Nedler (%) and BLEU (%) for the EU corpus (English-French).
and Mead, 1965). Table 2 shows the scaling factors used in

the experiments. Lexicon models are the most helpful additional features.

Probably these models smooth the probabilities of the bilin-

parameter model scaling factor gual phrases that are poorly estimated; for example, when
cl 1.2 a phrase appears one or two times in the training set. Using
s 0.2 an additional PB model, trained from the word aligned cor-
A p(t[ti7h) 1 pus opposite directiorpf_, ;(tx[Sk)), is also interesting for
o (T, |TZ?‘41) > improve the results.
N pgsjhég 5 5. Conclusions
A5 Ps—t(tr[Sk) 13 Phrase-based models constitute the state-of-the-art in sta-
A6 Prs(tr[Sk) 4 tistical machine translation. In these models, the translation

unit is the word sequence or segment (“phrase”), and the re-
Table 2: Scaling factors used in the experiments (Englishlationship between a source segment and a target segment is
French). formalized through monotone and non-monotone segment
alignments. The main parameters in these models are the
Two different search algorithms have been presented in se@robabilities of a dictionary composed of bilingual phrases.
tion 3.: a monotone search algorithm and a non-monoton®ne of the merits of such models is their ability to take into
search algorithm. A complete comparison between thesaccount the context in translation. In addition, this phrase-
monotone and non-monotone models is presented in Tadased approach is very simple (especially the one based on
ble 3. In this experimentViax-iter has been set to 64 for monotone alignments), and the search is very fast.
non-monotone search. Similar results has been observdtbllowing these ideas a Phrase-based SMT system was de-
using a SWR algorithm for non-monotone search (dem veloped in the ITI. The main innovations of this system is
and Casacuberta, 2004). a new method for symmetrization and a new decoder algo-
The results obtained in these experiments are comparablgthm for non-monotone search.
This is an interesting result, since the monotone models ar€he phrase-based models (estimation and search) have been
simpler than non-monotone ones. tested through experiments on a difficult corpus and differ-
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English Spanish English German English French

Train  Sentence pairs 214K 223K 215K
Running words 5.9M 6.6M 6.5M 6.1M 6.0M 6.6M
Vocabulary 84K 97K 87K 152K 85K 91K

Test  Sentence pairs 800 800 800
Running words 22K 25K 22K 21K 22K 24K
Test perplexity 96 72 95 153 97 71

Table 1: The “EU” corpus from English to Spanish, German, and French. Trigram models were used to compute the test-set
perplexity.

English Spanish English French English German
max.phrlen. WER BLEU param. WER BLEU param. WER BLEU param.
2 55,5  26.5 1.0M 546 27.2 1.0M 629 22.5 1.3M
4 49.3 36.4 43M 47.6 38.1 41M 585 28.1 5.0M
6 472  40.6 79M 46.2 417 7.4M 578 298 9.4M
8 46.7 421 11.3M 452 428 105M 574  30.2 13.8M
10 46.6 422 127/M 449  43.0 12.9M - - -

Table 4: Effect of maximum phrase length on the WER (%), BLEU (%) and number of parameters for the EU corpus.

ent languages. The main conclusions that can be drawh Garda-Varea and F. Casacuberta. 2005. Learn context-
from these experiments are the following: Monotone and dependent lexicon models for statistical machine transla-
non-monotone searches obtain similar translation results; tion. Machine Learning59:1-24.
monotone search requires less computational requiremengs Khadivi and C. Goutte. 2003. Tools for corpus align-
than non-monotone search. However, the distortion model ment and evaluation of the alignments (deliverable d4.9).
used in the non-monotone search is quite simple, and more Technical report, TransType2(IST-2001-32091), RWTH
complex models can be explored in the future. The use of Aachen and Xerox Co.
long bilingual phrases can achieve less translation eITOrphilipp Koehn, Franz Josef Och, and Daniel Marcu. 2003.
The use of additional models like lexical models or sym- Statistical phrase-based translation. Rroceedings of
metrized models improve significantly the results. the 2003 Meeting of the North American chapter of the
A way to deal with the low generalization capability  agsociation for Computational Linguistics (NAACL-03)
of the proposed models can be the combination of the Edmonton, Alberta.
phrase-based approach and the alignment-template ag- . op, 2004, Pharaoh: a beam search decoder for
proach. Monotone phrase-based models are closely related phrase—.based étatistical rﬁachine translation models. In
to stochastic finite-state transducers, and this could help in . iy
the design of more efficient search algorithms. Ffroceedmgs.of the The .6th_Conferenc<.a of the Associa-
tion for Machine Translation in the Americas (AMTAQ4)
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