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Author(s): Jesús Tomás, Francisco Casacuberta
Date: 20/9/2007
Keywords: phrase-based models, statistical methods, machine

translation



Vo Bo

Leader of research Group Author(s)

2



A pattern recognition approach to
machine translation: monotone and
non-monotone phrase-based
statistical models

Jesús Tomás∗ Francisco Casacuberta†
Universidad Politécnica de Valencia Universidad Politécnica de Valencia

Statistical machine translation has proven to be an interesting framework for automatically
building machine translation systems from available parallel corpora. Most statistical machine
translation approaches are based on single-word translation models and do not take contextual
information into account for translation.

The models in the phrase-based approach define correspondences between sequences of con-
tiguous source words (source segments) and sequences of contiguous target words (target seg-
ments) instead of only correspondences between single source words and single target words. A
simplified version of these models is introduced to allow for simple search strategies that have
been applied with success in the translation between some pairs of languages. These models are
based on a monotonicity assumption of alignments between source and target segments. Differ-
ent methods to select adequate bilingual segments and to train the parameters of these models
are presented and discussed in this article. A simplified decoder has also been developed for these
models.

This phrase-based approach has been assessed in different tasks using different corpora and
the results obtained are comparable or better than the ones obtained using other statistical and
non-statistical machine translation systems.

1. Introduction.

The development of a classical machine translation (MT) system requires
great human effort. Statistical machine translation (SMT) has proven to be
an interesting framework for (quasi) automatically building MT systems
if adequate parallel corpora are available (Brown et al., 1990).

The most common approach to SMT is based on two types of statisti-
cal models: A (statistical) target language model and a translation model. The
most widely used target language model is the well-known (smoothed)
n-gram model (Jelinek, 1998), which represents the statistical dependency
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Gandia, Spain. E-mail: jtomas@upv.es
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of sequences of n target words. The translation model is currently com-
posed of families of complementary models that attempt to model single-
word alignments through statistical dictionaries and models for dealing
with the relation between positions in the source and in the target sen-
tence (Brown et al., 1993; Ney et al., 2000; Och and Ney, 2003). In this
case, the basic assumption is that each source word is generated by only
one target word. This assumption does not correspond to the nature of
natural language; in some cases, it is necessary to know the context of
the word to be translated and, in other cases, it is convenient to translate
whole word sequences instead of a word-by-word translation.

One way to upgrade this simple assumption is the use of statisti-
cal context-dependent dictionaries as in (Berger, Della Pietra, and Della
Pietra, 1996; Garcı́a-Varea and Casacuberta, 2005). Another way of over-
coming the above-mentioned restriction of single-word models is known
as the template-based (TB) approach (Och and Ney, 2004). In this approach,
an entire group of adjacent words in the source sentence may be aligned
with an entire group of adjacent target words. As a result, the word con-
text has a greater influence and the changes in word order from source to
target language can be learned explicitly. The alignment of word groups
is carried out through templates. A template establishes the alignment
(possibly through reordering) between two sequences of word classes
(these classes are learned automatically using a bilingual corpus). How-
ever, the lexical model, which is inside the templates, continues to be
based on word-to-word correspondences (Och, Tillmann, and Ney, 1999;
Och and Ney, 2000; Och and Ney, 2004). A finite-state implementation of
these models was presented in (Kumar, Deng, and Byrne, 2006).

A simple alternative to these models has been introduced in recent
works: the phrase-based 1 (PB) approaches (Tomás and Casacuberta, 2001;
Marcu and Wong, 2002; Zens, Och, and Ney, 2002; Zens and Ney, 2004;
Tomás, Lloret, and Casacuberta, 2005). These methods allow for learning
the probability that a sequence of contiguous words (source segment) in a
source sentence is a translation of another sequence of contiguous words
(target segment) in the target sentence. In this case, the statistical dictio-
naries of single-word pairs are substituted by statistical dictionaries of
bilingual phrases or bilingual segments.

One shortcoming of the PB alignment models is the generalization
capability, since only sequences of segments that have been seen in the
training corpus are accepted. One possible solution is to combine this ap-
proach with templates (Tomás and Casacuberta, 2003). Another problem
with the PB approach is the selection of appropriate phrases. Most of the

1Although the term “phrase” has a more restricted meaning, we will use it in this
article as a possible word sequence.
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methods used to generate bilingual segments are based on some “sym-
metrization” of word alignments (Och, 2002; Koehn, Och, and Marcu,
2003; Zens and Ney, 2004). There are other proposals that attempt to
obtain phrases without having to build initial word-to-word alignments
(Marcu and Wong, 2002; Zhang, Vogel, and Waibel, 2003; Tomás and
Casacuberta, 2001; Watanabe, Sumita, and Okuno, 2003). Chunking is an
interesting proposal for selecting linguistic-based word segments (Watan-
abe, Imamura, and Sumita, 2002; Koehn and Knight, 2002). Another pos-
sible way to select phrases is to use linguistic parsers (Koehn, Och, and
Marcu, 2003; Tomás and Casacuberta, 2003; Zens and Ney, 2004). Phrases
can also be obtained from head-transducer translation models, which are col-
lections of weighted finite-state transducers that are organized in a way
similar to recursive transition networks (Alshawi and Douglas, 1998).
Other alternatives are based on recursive alignments (Nevado, Casacu-
berta, and Landa, 2004).

Other interesting models are the stochastic finite-state transducers (Casacu-
berta and Vidal, 2004) that are very appropriate for some speech-to-speech
translation tasks (Casacuberta et al., 2004). These models are closely re-
lated to some restricted PB models.

SMT systems are far from being perfect. However, these SMT sys-
tems (using PB models in particular) can also be used in computer-assisted
translation (CAT) to increase the productivity of the (human) translation
process. The idea is to use a text-to-text translation system to produce
portions of target text that can be accepted or amended by a human trans-
lator using text or speech. These user-validated portions are then used
by the text-to-text translation system to produce further, hopefully im-
proved, suggestions (Och, Zens, and Ney, 2003; Civera et al., 2004). PB
models can also be used for CAT (Bender et al., 2005).

Statistical PB models are used in this article. The monotone PB mod-
els were initially introduced by the authors in (Tomás and Casacuberta,
2001) and are widely developed in this work. Recently, this approach
has been adopted by another research group (Crego et al., 2005). These
models seem to be adequate for pairs of related languages (such as the
Romanic languages). These models have also proven to be adequate for
some specific tasks where the languages were not Romanic languages. In
addition to the development of these models, a new approach to obtain
bilingual segments is proposed; new adaptations of the multi-stack de-
coding have also been also developed for monotone and non-monotone
models and exhaustive experiments to prove the adequacy of the pro-
posed techniques for some tasks are presented. The results obtained are
comparable or better than the ones obtained using other statistical and
non-statistical machine translation systems.
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In the following section, the statistical framework for machine trans-
lation is reviewed and the monotone PB models are introduced. These
models can be estimated from corpora of training pairs by using the al-
gorithms in section 3. The translation engines that use these models are
based on search algorithms, which are presented in section 4. Section 5
describes the corpora used and the experiments preformed. The experi-
mental results are presented in section 6 and the method for computing
the confidence of the results is discussed in an appendix. Finally, the
conclusions can be found in section 7.

2. Statistical framework for machine translation.

The MT problem can be statistically stated as follows. Given a sentence
s from a source language (based on a source vocabulary Σ), search for a
target-language sentence t̂ (based on a target vocabulary ∆) which max-
imizes the posterior probability2:

t̂ = argmax
t

Pr(t|s) . (1)

It is commonly accepted that a convenient way to deal with this equa-
tion is to transform it by using Bayes’ theorem (Brown et al., 1990):

t̂ = argmax
t

Pr(t) · Pr(s|t) , (2)

where Pr(t) is estimated by a target language model q(typically a smoothed
n-gram (Jelinek, 1998)) , which gives high probability to well-formed tar-
get sentences, and where Pr(s|t) accounts for source-target word(-position)
relations and is based on stochastic dictionaries and alignment models (Brown
et al., 1993; Ney et al., 2000).

The translation models introduced by Brown et al. (Brown et al., 1993)
to deal with Pr(s|t) in equation 2 are based on the concept of alignment
between the components of a pair (s, t) (statistical alignment models). For-
mally, if the number of words in s and in t are J and I , respectively, an
alignment is a function a : {1, ..., J} → {0, ..., I}3. The particular case
aj = 0 means that the position j in s is not aligned with any position in t.

By introducing the alignment function a in Pr(s|t),

Pr(s|t) =
∑
a

Pr(s, a|t) . (3)

2For simplicity, the true distribution Pr(X = x) and Pr(X = x|Y = y) are de-
noted as Pr(x) and Pr(x|y). The model distributions are denoted as P (). The model
parameters are denoted by p().

3The image of j by a will be denoted as aj .
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2.1 Single-word alignment models.
Different models have been proposed in (Brown et al., 1993; Ney et al.,
2000) for dealing with Pr(s, a|t) in equation 3: Zero-order models such
as the so-called model 1 (M1), model 2 (M2), and model 3 (M3) (Brown et al.,
1993); and first-order models such as model 4 (M4), model 5 (M5) (Brown et
al., 1993), the hidden Markov model (HMM) (Ney et al., 2000), and model
6 (M6) (Och and Ney, 2003).

In all of these approaches, there are two types of models: statistical dic-
tionaries, and models that take into account the probabilistic relationship
between source and target positions (simple alignment models or fertility
distribution plus distortion distributions) (Brown et al., 1993; Och and Ney,
2003).

Issues about learning (estimation) of such models and searching (de-
coding) can be found in (Brown et al., 1993; Berger et al., 1996; Tillmann
et al., 1997; Garcı́a-Varea, Casacuberta, and Ney, 1998; Knight, 1999; Ger-
mann, 2003; Och and Ney, 2003).

In models M3, M4, and M5, there is an implicit idea of (source) word
groups that are aligned to a target word, cept (Brown et al., 1993). An-
other extension for dealing with multiple target words, multicept, was
discussed in (Brown et al., 1993) and in (Goutte, Yamada, and Gaussier,
2004). In these cases, the words cannot be contiguous, and these models
are based on word-to-word alignments.

2.2 Phrase-based alignment models.
To formalize the concept of bilingual phrase, only non-null segments of
contiguous words are considered. It is also assumed that the number of
source segments is equal to the number of target segments. Let J be the
number of words in s 4, and let K be the number of bilingual segments
(source/target segments). In this case, Pr(s|t) in equation 2 can be rewrit-
ten as 5:

Pr(s|t) = Pr(J |t) ·
∑
K

Pr(K|t, J) · Pr(sJ
1 |t, J,K) . (4)

Let I be the number of target words in t. The segmentation of the target
sentence is introduced as a function µ:

µ : {1, . . . , K} → {1, . . . , I} : µk > µk−1, 1 < k ≤ K & µK = I,

4It is not strictly necessary to introduce this variable now, but it allows for a more
clear presentation of the models.

5We will use the notation sj′
j as a sequence of words in s from j to j′; this sequence

is empty if j′ < j.
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On the other hand, the segmentation of the source sentence can be intro-
duced as a function γ:

γ : {1, . . . , K} → {1, . . . , J} : γk > γk−1, 1 < k ≤ K & γK = J,

Then,

Pr(s|t) = Pr(J |t) ·
∑
K

∑
µK

1

∑
γK
1

Pr(K|t, J) · Pr(µK
1 , γK

1 |t, J,K)

·Pr(s|t, J,K, µK
1 , γK

1 ) . (5)

The following example from Spanish to English will be used to illus-
trate the models to be proposed: Let “Por favor , pmdame un taxi” be a
source sentence s, and “Could you ask for a taxi , please ?” be the corre-
sponding target sentence t.

In this example, let K be 3; a possible segmentation of the source sen-
tence into three segments could be γ1 = 3, γ2 = 4 and γ3 = 6. Thus, the
first source segment corresponds to “por favor ,”; the second source seg-
ment corresponds to “pı́dame”; and the third source segment corresponds
to “un taxi”. On the other hand, a possible segmentation of the target sen-
tence into three segments could be µ1 = 4, µ2 = 6, and µ3 = 9, Thus, the
first target segment corresponds to ”could you ask for”; the second target
segment corresponds to ”a taxi”; and the last target segment corresponds
to ”, please ?”.

In translation, the correspondence between source and target seg-
ments can introduce a reordering of segments through a permutation:

α : {1, . . . , K} → {1, . . . , K} : αk = αk′ iff k = k′ .

Introducing the permutation in the last term of equation 5,

Pr(s|t, J,K, µK
1 , γK

1 ) =
∑
αK

1

Pr(αK
1 |t, J,K, µK

1 , γK
1 ) ·

Pr(s|t, J,K, µK
1 , γK

1 , αK
1 ) . (6)

In the above example, a possible reordering of the segments could be
α1 = 3, α2 = 1 and α3 = 2, i.e. “por favor ,” is aligned with “, please ?”;
“pmdame” is aligned with “could you ask for”; “un taxi” is aligned with “a
taxi”.

The two last terms in equation 6 can be factorized in different ways,
one of which leads to the following 6:

6To simplify the notation, we extend γ and µ for any i, j ≤ 0 to γj = 0 and ßi = 0,
respectively.
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Pr(s|t, J,K, µK
1 , γK

1 ) =
∑
αK

1

K∏
k=1

{
Pr(αk|t, J,K, µK

1 , γK
1 , αk−1

1 )·

Pr(sγk
γk−1+1, γk|t, J,K, µK

1 , γk−1
1 , αk

1, s
γ1

1 , . . . , s
γk−1

γk−2+1)
}

. (7)

Finally, from equation 7 and equation 5,

Pr(s|t) = Pr(J |t) ·
∑
K

∑
µK

1

∑
γK
1

Pr(K|t, J) · Pr(µK
1 , γK

1 |t, J,K)

·
∑
αK

1

K∏
k=1

{
Pr(αk|t, J,K, µK

1 , γK
1 , αk−1

1 )·

Pr(sγk
γk−1+1, γk|t, J,K, µK

1 , γk−1
1 , αk

1, s
γ1

1 , . . . , s
γk−1

γk−2+1)
}

. (8)

Other possibilities can include a factorization of Pr(µK
1 , γK

1 |t, J,K) in
order to produce more complex models.

2.2.1 Monotone phrase-based alignment models. Different approaches
can be adopted for equation 8. For the simplest one, it can be assumed
that all segmentations have the same probability:

Pr(J |t) · Pr(K|t, J) · Pr(µK
1 , γK

1 |t, J,K) ≈ p1 . (9)

Another simple assumption is that each source phrase depends only on
the target phrase that has been aligned:

Pr(sγk
γk−1+1, γk|t, J,K, µK

1 , γk−1
1 , αk

1 , s
γk−1

1 ) ≈ p(s̃k|t̃αk
) , (10)

where s̃k corresponds to the value sγk
γk−1+1 of a random variable on Σ∗ 7

and t̃αk
corresponds to the value t

µk′
µk′−1+1 of a random variable on ∆∗

aligned with s̃k (k′ = αk).
If monotonicity is assumed, αk = k, then,

Pr(s|t) ≈ P (s|t) = p1 ·
∑
K

∑
s̃K
1

∑
t̃K1

K∏
k=1

p(s̃k|t̃k) . (11)

¿From equation 11, s̃1 . . . s̃K = s and t̃1 . . . t̃K = t. The parameter p1 is not
relevant for translation and will be omitted. The only parameters of this

7By Σ∗ and ∆∗, we will denote the sets of finite-length sentences that can be ob-
tained from the vocabularies Σ and ∆, respectively.
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model are of the form p(s̃|t̃) for a pair of a generic source segment s̃ (from
Σ∗) and a generic target segment t̃ (from ∆∗). (s̃, t̃) defines a bilingual
segment. These parameters estimate that the probability of translation of
a given segment t̃ is the translation of a segment s̃.

In practice, the sums in equation 11 are approximated by a maximiza-
tion:

P (s|t) ≈ max
K

max
s̃K
1

max
t̃K1

K∏
k=1

p(s̃k|t̃k) . (12)

2.2.2 Non-monotone phrase-based models. In this case, reordering of
segments is permitted and the probability of an alignment αk in equa-
tion 7 can depend on the last alignment αk−1 (first-order alignment):

Pr(αK
1 |t, J,K, µK

1 ) ≈
K∏

k=1

p(αk|αk−1) . (13)

Following the notation used with monotone PB models,

Pr(s|t) ≈ P (s|t) =
∑
K

∑
s̃K
1

∑
t̃K1

∑
αK

1

K∏
k=1

p(αk|αk−1) · p(s̃k|t̃αk
) . (14)

For the distortion model -p(αk|αk−1)-, it is assumed that an alignment
depends only on the distance of the two segments (Och and Ney, 2000):

p(αk|αk−1) = p
|γαk

−γαk−1
|

0 , (15)

where p0 is a parameter to be adjusted.
As for equation 12, the maximization can be used as an approxima-

tion to the sums:

P (s|t) ≈ max
K

max
s̃K
1

max
t̃K1

max
αK

1

K∏
k=1

p
|γαk

−γαk−1
|

0 · p(s̃k|t̃αk
) . (16)

2.3 Log-linear models.
In practice, the following equation is used for SMT instead of equation 2:

t̂ = argmax
t

λ1 · log P (t) + λ2 · log P (s|t)∑
t′ λ1 · log P (t′) + λ2 · log P (s|t′)

= argmax
t

{λ1 · log P (t) + λ2 · log P (s|t)} (17)

10
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This equation is a particular case of a log-linear model for Pr(t|s) (Och
and Ney, 2004):

t̂ = argmax
t

∑N
i=1 λi · log fi(t, s)∑

t′
∑N

i=1 λi · log fi(t′, s)

= argmax
t

{
N∑

i=1

λi · log fi(t, s)

}
. (18)

With f1(t, s) = P (t) , f2(t, s) = P (s|t) and N = 2, equation 18 becomes
17. Another possibility is f2(t, s) = P (t|s), where P (t|s) can be built in a
similar way as in the previous section for P (s|t) (Tomás and Casacuberta,
2002; Och, 2002):

t̂ = argmax
t

{λ1 · log P (t) + λ2 · log P (t|s)} . (19)

Other heuristic assumptions can be adopted, for example:

t̂ = argmax
t

{λ1 · log P (t) + λ2 · log P (t|s)+

λ3 · log I + λ4 · log P (C(t)) + λ5 · log K} , (20)

where C(t) is the sequence of word categories in the target sentence t, I
is the number of target words in t, and K is the number of segments. If
n-grams are adopted as a target language model, greater values for n can
be used for P (C(t)) than for P (t) for the same training data due to the
well-known estimation problems. On the other hand, the use of I allows
for the control of the number of target words to be produced. Finally, the
use of P (t|s) has allowed us to obtain better results than the use of P (s|t)
in many MT experiments (Och and Ney, 2004). Obviously, a combination
of both should also be explored. The heuristic assumptions that have
been adopted in this article will be presented in section 5.3.

3. Learning phrase-based alignment models.

There are different approaches to the parameter estimation with the PB
models from equations 11 and 14. The following subsections are devoted
to the estimation of monotone PB models. For non-monotone models,
the procedures are similar and the parameter that controls the phrase
reordering p0 is adjusted using a validation set.

The first approach for the parameter estimation of equation 11 corre-
sponds to a direct learning of the parameters from a sentence-aligned cor-
pus using a maximum likelihood approach. The second one is a heuristic
that tries to use word alignments.

11



3.1 Training with a sentence-aligned corpus.
Given a sentence-aligned corpus T , composed of pairs of sentences (s, t),
the maximum likelihood criterium attempts to estimate the parameters
p(s̃|t̃) for all bilingual segments (s̃, t̃) that maximize (Tomás and Casacu-
berta, 2001; Marcu and Wong, 2002):∏

(s,t)∈T

P (s|t), (21)

using equation 11 or equation 14, subject to the constraints that hold for
each target segment t̃: ∑

s̃

p(s̃|t̃) = 1 . (22)

By applying an EM procedure (Moon, 1996), the corresponding re-
estimation formula for the monotone model is:

p̂ (s̃|t̃) = Γ−1

t̃
·
∑

(s,t)∈T

∑
K

∑
s̃K
1

∑
t̃K1

(
K∏

k=1

p(s̃k|t̃k) ·
K∑

l=1

δ(s̃ = s̃k) · δ(t̃ = t̃k)

)
,

(23)
where Γt̃ is a normalization factor, and δ(a) = 1 if a = true and δ(a) = 0
id a = false.

The computation of equation 23 can be performed using a forward-
backward algorithm similar to the one proposed in (Casacuberta, 1995;
Picó and Casacuberta, 2001) for stochastic finite-state transducers.

3.2 Training with a word-aligned corpus.
The parameters of the model can also be obtained using a word-aligned
corpus (Zens, Och, and Ney, 2002; Koehn, Och, and Marcu, 2003; Tomás,
Lloret, and Casacuberta, 2005). These alignments can be obtained from
the statistical models of section 2.1 using the available public software
GIZA++ (Och and Ney, 2003).

Training of PB models from a word-aligned corpus consists of build-
ing of a set of bilingual segments and the estimation of the corresponding
model parameters.

The most widely used approaches to define the set of bilingual seg-
ments are based on word alignments. However, the word-alignment
models usually adopted do not permit the alignment of one source word
to many target words (Brown et al., 1993). The strategy proposed in (Och,
Tillmann, and Ney, 1999; Och, 2002) tried to solve this problem in two
steps. In the first step, symmetrized alignments are computed from a com-
bination of the alignments obtained in a translation direction (s→t) and
alignments obtained from the opposite direction (t→s). Different meth-
ods of combination were proposed: intersection, union and refined (Och

12
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and Ney, 2003). The bilingual segments are built from these symmetrized
alignments, following different criteria in the second step.

Another alternative strategy also consists of two steps but is differ-
ent from the steps in (Och, 2002). In the first step, two sets of bilingual
segments were obtained: one set from word-alignments in one direction
(s→t) and another set from word-alignments in the opposite direction
(t→s). In the second step, these two sets of bilingual segments are com-
bined to generate the definitive set of bilingual segments (symmetrization).
This strategy is developed in this section.

Extracting bilingual segments. In the first step of the proposed strategy
(and in the second step of the approach proposed in (Och and Ney,
2003)), different criteria can be used to define the set of bilingual seg-
ments BilPhr in the sentence pair (s, t) with a word alignment a. Figure 1
shows three different criteria.

The first criterium for selecting bilingual phrases (segments) is strict
and it is defined as:

BilPhrStr(s, t, a) =

{
(sj2

j1
, ti2

i1
) :

∀j : j1 ≤ j ≤ j2;∃i : i1 ≤ i ≤ i2 : aj = i
∀i : i1 ≤ i ≤ i2;∃j : j1 ≤ j ≤ j2 : aj = i

}
.

(24)
This criterion considers (sj2

j1
, ti2

i1
) as a bilingual phrase if all the words in

sj2
j1

are aligned with a word in ti2
i1

, and vice versa (Tomás and Casacuberta,
2003).

The second criterium can be considered as an extension of the previ-
ous one:

BilPhrExt(s, t, a) =

{
(sj2

j1
, ti2

i1
) :

∀j : j1 ≤ j ≤ j2; (i1 ≤ aj ≤ i2) ∨ (aj = 0)
∀j: (j < j1) ∨ (j2 < j): (aj < i1) ∨ (i2 < aj))

}
,

(25)
but it allows some words in sj2

j1
or in qti2

i1
to be unaligned (Zens, Och, and

Ney, 2002; Tomás and Casacuberta, 2003).
The third criterium forces the bilingual phrases (segments) to be ex-

tracted in a monotone way (Casacuberta and Vidal, 2004):

BilPhrMon(s, t, a) =

{
(sj2

j1
, ti2

i1
) :

∀j : j1 ≤ j ≤ j2; (i1 ≤ aj ≤ i2) ∨ (aj = 0)
∀j : j < j1; aj < i1 ∀j : j > j2; aj > i2

}
.

(26)
In other words, it does not permit the extraction of a bilingual phrase if
there is a word at the left of the source sequence that has been aligned to
a word at the right of the target sequence (or vice versa).

Symmetrization. The second step in the approach developed here is de-
voted to obtaining the final set of bilingual segments. This set is a combi-
nation of the models obtained from the word alignments in one direction

13



s: configuration program
������

��������
t: programa de configuracisn
a: 2 0 1

BilPhrStr={configuration-configuracisn, program-programa}
BilPhrExt={configuration-configuracisn,

program-programa,configuration-de configuracisn, program-programa de,
configuration program-programa de configuracisn}

BilPhrMon={configuration program-programa de configuracisn}
Figure 1
Example of the extraction of a set of bilingual multiword sequences from a
word-aligned sentence using three different criteria. In the example, s1 has been
aligned with t2 (a1 = 2), s2 has not been aligned with (a2 = 0), and s3 has been aligned
with t1 (a3 = 1).

and the models obtained from the word alignments in the opposite direc-
tion. We present two new alternatives in order to combine these two sets
of bilingual segments. The first one is simple: The final set is obtained as
a simple addition of the two previous sets (addition).

The second approach consists of building two separate PB models,
one from the alignments in one direction (to compute Ps→t(t|s)) and the
other from the alignments in the opposite direction (to compute Pt→s(t | s)).
Then, both models are combined using a log-linear interpolation (inter-
polation):

P (t|s) = Ps→t(t|s)1−λ · Pt→s(t|s)λ (27)

Estimating the parameters of the models. The estimation of the parameters of
the model can be done via relative frequencies, for each pair of segments
(s, t):

p(s̃|t̃) =
N(s̃, t̃)

N(t̃)
, (28)

where N(t̃) denotes the number of times that phrase t̃ has appeared in the
training set, and N(s̃, t̃) is the number of times that the bilingual segment
(s̃, t̃) has appeared in the training set.

A refined way of estimating the parameters can be carried out by
combining the re-estimation formulae in equation 23 and the bilingual
phrases BilPhr introduced in this section. In this case, the bilingual
phrases that are involved in equation 23 must be consistent with word-
alignments computed with the training pairs. The corresponding re-
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estimation formula is:

p̂ (s̃|t̃) = λ−1

t̃
·

∑
(s,t)∈T

∑
K

∑
s̃K
1

∑
t̃K1

(
K∏

k=1

p(s̃k|t̃k) ·

K∑
l=1

δ(s̃, s̃k) · δ(t̃, t̃k) · δ((s̃, t̃) ∈ BilPhr(T ))

)
, (29)

where BilPhr(T ) is the set of bilingual phrases obtained from T by ap-
plying BilPhrStr, BilPhrExt or BilPhrMon.

3.3 Model smoothing
The unseen events (bilingual phrases) in a training set are modelled through
a simple (smoothing) method: When a segment in a source sentence is
not found in the repertory of bilingual segments, shorter segments are
looked for and, in the extreme case, these short segments can be single
words. The edit distance (substitutions, insertions, and deletions) can
also be used as another smoothing technique.

In some cases the phrase translation probabilities are poorly estimated,
as for example, when a phrase appears only one or two times in the train-
ing set. A lexical model can be used as an additional feature to smooth
the PB models. Using these lexical models in equation 20:

t̂ = argmax
t

{λ1 · log P (t) + λ2 · log P (t|s)+

λ3 · log I + λ4 · log P (C(t)) + λ5 · log K +

λ6 · log PL(t|s) + λ7 · log PL(s|t)} , (30)

where PL(t|s) and PL(s|t) are the probabilities computed by the lexical
models.

Model M1 of section 2.1 can be used to computed the probability PL

(Och et al., 2004). In this case, only a stochastic dictionary is required. As
an alternative, PL can be computed from lexical weights (LW) that are esti-
mated from the word alignments in the bilingual segments (Koehn, Och,
and Marcu, 2003).

4. Search algorithms for machine translation.

The goal of searching in machine translation is to compute a target sen-
tence t̂ that maximizes the probability of some models for Pr(s|t). The
search problem with statistical alignment models is a computationally
difficult problem (Knight, 1999). In practice, only approximations can
be computed. Different search strategies have been proposed to define
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the way in which the search space is explored. A best-first strategy is
used in the A∗ algorithms in (Wang and Waibel, 1997; Wang and Waibel,
1998; Och, Ueffing, and Ney, 2001). A breadth-first strategy is used in
the dynamic-programming algorithms proposed in (Garcı́a-Varea, Casacu-
berta, and Ney, 1998; Tillmann and Ney, 2003) and in a beam-search al-
gorithm proposed in (Och and Ney, 2004; Koehn, 2004a). Some type of
combination of depth-first and best-first strategies is used in the so-called
multi-stack-decoding algorithm (Berger et al., 1996; Ortiz, Garcı́a-Varea,
and Casacuberta, 2003). Finally, a greedy strategy can also be used (Ger-
mann, 2003).

The basis of most of these algorithms is to generate partial hypothe-
ses about the target sentence in an incremental way. Each of these hy-
potheses is composed of a prefix of the target sentence, a subset of source
positions that have been aligned with the positions of the prefix of the
target sentence, and a score. New hypotheses can be generated from a
previous hypothesis by adding a (some) target word(s) to the prefix of
the target sentence, which is the translation of a(some) source word(s)
that has(have) not yet been translated.

For PB models, similar search strategies can be proposed, for example,
a beam-search algorithm in (Zens, Och, and Ney, 2002; Marcu and Wong,
2002; Koehn, 2004a) which is basically a breadth-first strategy. Pharaoh
is a beam-search decoder that is freely available for researchers (Koehn,
2004a)

The search algorithm for PB models adopted in this work is based on
a simplified best-first strategy where the hypothesis are stored in differ-
ent data structures (sorted lists) depending on which words in the source
sentence have been translated. This strategy is similar to a multi-stack
decoding scheme. This procedure allows us to force the expansion of hy-
potheses with a different degree of completion. In each iteration, the al-
gorithm explores all lists and extends the best hypothesis found in each
list. For an optimal search, the algorithm must continue until there are no
more partial hypotheses to be expanded. However, in practice we stop
the search after several iterations (Max-iter). The approximations of Eqs.
12 or 16 are used.

In the following subsections, three alternative algorithms are proposed:
the first algorithm for the monotone models of section 2.2.1, and the last
two algorithms for the non-monotone models of section 2.2.2.

4.1 Monotone search algorithm.
In the particular case of monotone models, a hypothesis in the monotone
search (MS) algorithm consists of a prefix of the source sentence, a pre-
fix of the target sentence (which is the translation of the prefix of the
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source sentence), and the score given for the models for this partial trans-
lation. More formally, given a source sentence s, a hypothesis is a tuple
(sj

1, t
i
1, S = P (ti

1)·P (sj
1|ti

1)), where P (ti
1) is calculated according to a target

language model (n-gram), and P (sj
1|ti

1) is calculated according to equa-
tion 12.

The algorithm requires a different list for each length of the source
prefixes. In these lists, the hypotheses that have been generated by the
algorithm are stored according to the length of the source prefix.

The initialization consists of building a hypothesis for the empty tar-
get and empty source prefixes with a score of 1.0. The algorithm se-
lects the best hypothesis from each list and generates a new hypothesis
for each (theoretically) possible bilingual phrase whose source segment
matches the words following the source prefix of the selected hypothesis.

After each iteration, the best final hypothesis can be used to define a
pruning criterion to remove those partial hypotheses that cannot improve
the best final hypothesis.

The computational cost of this algorithm is proportional to: the num-
ber of words in the source sentence to be translated (J); the maximum
number of source words in a bilingual segment; the maximum number
of bilingual segments that have the same source segment and the maxi-
mum number of iterations (Max-iter). The costs of the basic list operations
are not considered. In practice, the parameter Max-iter has been used to
increase the speed of the translation.

4.2 A search algorithm based on source-word reordering.
The procedures for non-monotone models can be quite similar to the
MSA, but the search algorithm is based on a source word reordering (SWR).
In this case, a hypothesis consists of a prefix of the target sentence (ti

1), a
coverage set of source positions (C), and a score (S). There is one list
for each possible set of source positions whose words have already been
translated. The possible number of lists can be very high; consequently,
the lists are only created when they are required.

In each iteration, as in the previous algorithm, the best hypothesis
from each available list is selected to generate new extended hypothe-
sis. The target element of each new hypotheses is the concatenation of
the target element of the selected hypotheses and the target element of
each possible bilingual phrase. However, the source phrase must match
consecutive free source positions; i.e., positions that are not in the set of
visited source positions of the selected hypothesis.

The computational cost of this non-monotone search is clearly higher
than the monotone search of the previous section. In the present case,
the algorithm cost is proportional to: The number of words in the source
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sentence to be translated (J); the maximum number of source words in
a bilingual segment; the maximum number of bilingual segments that
have the same source segment; the number of sets of source positions (2J )
and the maximum number of iterations (Max-iter). And in the previous
section, the costs of the basic list operations are not considered. The main
difference of this cost and the cost of monotone search is in the use of
sets of source positions that introduces an exponential complexity. In
practice, this exponential cost requires the use of heuristic strategies to
prune the search space. In our implementations, the time complexity has
been controlled by the parameter Max-iter and by the use of the search
constraints proposed in (Berger et al., 1996).

4.3 A search algorithm based on target-word reordering.
The previous algorithm for non-monotone models presents a high com-
putational cost, given that the maximum number of possible lists can be
very high (2J ). There are some proposals (Vogel et al., 2003; Koehn, 2004a;
Och and Ney, 2004) that try to solve this problem by storing the hypoth-
esis with the same number of elements in C in the same list. The main
problem with such proposals is the comparison of hypotheses that cover
different parts of the source sentence. To solve this problem, an estima-
tion (heuristic function) of the contribution to the score of the parts that
are not yet covered can be introduced (Wang and Waibel, 1997).

We present a new approach, where the source sentence is translated
left to right, and we introduce a possible target-word reordering (TWR) (Tomás
and Casacuberta, 2004). Here, we define a hypothesis in the same way as
in the monotone algorithm, and each hypothesis is also stored in a sepa-
rate list according to the source-length prefix. In contrast to the monotone
case, we can introduce the special token 〈nul〉 in the target hypothesis.
The meaning of this token is that, in a future expansion, the token 〈nul〉
must be replaced by a sequence of words.

A hypothesis could include an arbitrary number of 〈nul〉 tokens; how-
ever, in our implementation, we allow only one. Therefore, we can dis-
tinguish between two classes of hypotheses. A hypothesis is closed if it
does not contain the token 〈nul〉, and it is open if it contains this token.

In the process of generating a new hypothesis from a selected one, a
new bilingual phrase (s̃,t̃) is considered. s̃ must match the source seg-
ment that follows the last source word that has been translated. If the
hypothesis to be extended is closed, two new hypotheses are created: by
concatenation of t̃ and of 〈nul〉t̃ to the the target prefix of the old hypoth-
esis, respectively.

On the other hand, if the hypothesis is open, four new hypotheses
are created: One for closing the open hypothesis by replacing the token
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actual 〈nul〉 by t̃; and three new open hypotheses. These last three hy-
potheses are built by putting t̃ at the left or right of 〈nul〉, or by putting
t̃ at right of the target prefix (Note that, in an open hypothesis 〈nul〉t̃ can
be in any position of the target part of the hypothesis). This algorithm
uses a different approach to approximate the distortion probability be-
cause, when we open a hypothesis, the final position of the target part
of the hypothesis cannot be known. Thus, we have a different parameter
distortion for each type of extension: If the hypothesis is closed, we use
the probability po to open it, and 1−po to keep it closed. If the hypothesis
is open, we use the probabilities pc to close it. (1 − pc)/3 is used for the
other three extension types.

Another problem to be solved is the evaluation of the language model
in an open hypothesis since we cannot calculate the language model con-
tribution of the right part of the prefix after the 〈nul〉 token (we do not
know which words will replace this special token). To solve this prob-
lem, we compute an estimation of the language model contribution. It
consists of assigning the probability of its unigram to the word at the
right of 〈nul〉 times the probability of the bigram for the next word, etc.
When a hypothesis is closed, this estimation is replaced by the true lan-
guage model contribution.

Taking into account that the number of lists is upper bounded by the
length of the source sentence and the possible local reordering is also
bounded by a constant, the computational cost of this algorithm is of the
same order as the monotone search algorithm.

5. Experimental framework.

The models introduced in section 2 and the procedures presented in sec-
tions 3 and 4 were assessed through a series of experiments with different
corpora. These corpora and the assessment measures used are described
in this section and the results are presented in section 6.

5.1 Corpora.
Four different corpora were used:

• “El Periódico”: a bilingual newspaper (from Spanish to Catalan)
(Tomás et al., 2001).

• XRCE: Xerox printer manuals (from English to Spanish, French
and German and from Spanish, French, and German to English)
(Khadivi and Goutte, 2003).

• EU: Bulletin of the European Union (from English to Spanish,
French, and German; and from Spanish, French, and German to
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English) (Khadivi and Goutte, 2003).

• Hansards: Proceedings of the Canadian Parliament (from French
to English) (Brown et al., 1990).

Table 1
The “El Periódico” corpus from Spanish to Catalan. There was no overlap
between training and test sentences. Trigram models were used to compute the
test-set perplexity. (mK means m × 1, 000 and mM means m × 1, 000, 000).

Spanish Catalan

Tr
ai

n Sentence pairs 644K
Running words 7.1M 7.4M
Vocabulary 129K 128K

Te
st

Sentences 240
Running words 4.3K 4,4K
Test perplexity 199 204

The first corpus was obtained from the electronic newspaper
”El Periódico de Cataluña” (Tomás et al., 2001). The training set corre-
sponds to daily information from the newspaper over 10 months. The
test set was acquired from different sources: part from the same news-
paper (which was not in the training set); part from a technical manual;
part from “Diario Oficial de la Generalidad Valenciana”, the legislative
bulletin of the local government, etc. The main characteristics of this cor-
pus are presented in Table 1. This corpus allowed the comparison of the
proposed approach with other knowledge-based approaches.

The second corpus was the XRCE corpus that was obtained from dif-
ferent user manuals for Xerox printers in the framework of the TT2 project
(TransType-2, 2001). The main characteristics of this corpus are presented
in Table 2.

The third corpus was the EU corpus (Khadivi and Goutte, 2003). The
data source is the Bulletin of the European Union, which is published in
the eleven official languages of the European Union. This corpus is pub-
licly available on the Internet. This corpus was acquired and processed
in the framework of the TT2 project (TransType-2, 2001). The features of
this corpus are presented in Table 3.

The last corpus was the Proceedings of the Canadian Parliament
(Brown et al., 1990). We used the aligned corpus provided in (Germann,
2001). More specifically, we used the sub-corpus Senate Debates training
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Table 2
The “XRCE” corpus from English to Spanish, German, and French, and
vice-versa. There was no overlap between the training and test sentences, and
the test set did not contain out-of-vocabulary words with respect to any of the
training sets. Trigram models were used to compute the test-set perplexity.
(mK means m × 1, 000)

English Spanish English German English French

Tr
ai

n Sentence pairs 56K 49K 53K
Running words 665K 753K 633K 696K 587K 534K
Vocabulary 8K 11K 8K 10K 8K 19K

Te
st

Sentence pairs 1,125 984 996
Running words 8K 10K 11K 12K 12K 12K
Test perplexity 48 33 51 87 73 52

Table 3
The “EU” corpus from English to Spanish, German, and French, and vice-versa
. Trigram models were used to compute the test-set perplexity. (mK means
m × 1, 000 and mM means m × 1, 000, 000)

English Spanish English German English French

Tr
ai

n 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

Te
st

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

for learning the models, and the first 1000 sentences of the testing 1 for
evaluation. The main characteristics of this corpus are presented in Ta-
ble 4,

5.2 Assessment.
In all the experiments reported in this paper, the translations of the source
test sentences produced by the translation systems were compared with
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Table 4
The “Hansards” corpus from French to English. Trigram models were used to
compute the test-set perplexity. (mK means m × 1, 000 and mM means
m × 1, 000, 000)

English French

Tr
ai

n Sentence pairs 182K
Running words 3.0M 3.2M
Vocabulary 39K 53K

Te
st

Sentences 1,000
Running words 19K 21K
Test perplexity 71 -

target test references and some values were computed:

• Word error rate (WER): The minimum number of substitution, in-
sertion, and deletion operations needed to convert the word string
hypothesized by the translation system into a given single refer-
ence word string (Och and Ney, 2003; Tillmann and Ney, 2003).

• BiLingual Evaluation Understudy (BLEU): it is based on the n-grams
of the hypothesized translation that occur in the reference transla-
tions. The BLEU metric ranges from 0.0 (worst score) to 1.0 (best
score) (Papineni et al., 2002).

An important question arises when these assessment values are com-
puted from a given test data: to determine whether the observed differ-
ences between two methods are statistically significant or just caused by
chance. Paired bootstrap can be used for this purpose (Bisani and Ney,
2004; Koehn, 2004b; Zhang and Vogel, 2004). More details can be found
in appendix A.

In some of the experiments in this paper, we highlight the statistical
significance as follows. First, we select a system as reference (in the tables,
the corresponding results are presented in boldface), and we compare it
with the rest of the systems in the same task. A result labeled with a “�”
(“�”) means that the system is worse than the reference with a confidence
of 95% (90%). A ′′−′′ means for no significant differences. The use of “�”
(“�”) is similar to “�” (“�”) but, in this case, the system is better than the
reference.

22



Phrase-Based Statistical Machine Translation Tomás and Casacuberta

5.3 Optimization of Model Scaling Factors.
In the experiments, we used the approach presented in section 2.3 that
produced the best results in practice. This approach consists of a log-
linear combination of the language model, the translation, and several
feature functions (target length penalty, phrase penalty). Each feature
function needs a scaling factor parameter in order to adjust the impor-
tance of the different features. Equation 20 is used in the experiments.
The search for the most adequate scaling factors was based on the cri-
terium of maximizing the error rate of a developed corpus which was in-
dependent from the test corpus (Och, 2003). This maximization process
was carried out by using the downhill simplex algorithm (Bender et al.,
2004). Some scaling factors are presented in Table 5. In this process, we
used a developed set which was different from the test set 8 and we min-
imize the combined score obtained from WER minus BLEU.

Table 5
Some scaling factors used in the experiments for each corpus.

λ1 λ2 λ3 λ4 λ5

P (t) P (t|s) I P (C(t)) K
“El Periódico” 1 13 0 0 2
XRCE (English-Spanish) 1 12 4 0 -2
EU (English-Spanish) 1 13 -3 2 -2
Hansards 1 10 5 0 0

6. Results.

Different sets of experiments were carried out to study different aspects
of PB modeling for machine translation. In the first set of experiments,
different estimation procedures of the model parameters were compared.
The second set of experiments were carried out to study the effect of the
maximum length of bilingual segments on the translation performance.
The third set of experiments was designed to study the different ways
to generate bilingual segments. In the fourth set of experiments, the
monotone and non-monotone models were compared. The fifth set of ex-
periments was devoted to studying the effect of the size of the training set
on the system performance. In the following experiments, a smoothing

8In the XRCE task, the developed set was the same as the test set.
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technique was explored. In the last experiments, the proposed approach
was compared with other machine translation systems.

The aspects that are not studied in each specific experiment are fixed
to a standard configuration: Maximum phrase length was 3, 16, 8 and 6
for the “El Periódico”, XRCE, EU, and “Hansards”, respectively; the size
corpus was the one in the corresponding feature tables (tables 1, 2, 3 and
4); the parameter estimation was the relative frequencies using the direct
model; the extraction criterion was BilPhrExt without symmetrization
and the search was monotone (Max-iter=32). Equation 20 was used in the
experiments, with the exception of those in subsection 6.6, where equa-
tion 30 was used.

6.1 Estimating the parameters of the models.
In section 3, three different parameter-estimation procedures were
described. The first one was based on corpora aligned at the sentence
level (equation 23), while the other procedures were based on corpora
aligned at the word level (equation 28 and equation 29). In addition,
the search was carried out using equation 20 (direct approach (Tomás and
Casacuberta, 2002) (Och, 2002)) or the alternative version that consisted
of substituting P (t|s) by P (s|t) in equation 20 (source-channel approach
(Brown et al., 1990)). The results obtained using the source-channel ap-
proach and the direct approach on the “EL Periódico” and the XRCE cor-
pora are presented in Table 6.

As Table 6 indicates, the direct approach obtains better results than
the source-channel approach. This behavior has been observed in other
corpora but not in other (non machine-translation) applications (Ney,
Popović, and Sündermann, 2004). A possible reason for this is that the
quality of the estimated models is not very high. Another possible rea-
son is that the use of heuristics to speed up the search obtain, suboptimal
solutions.

Table 6 shows that the parameter estimation with a word-aligned cor-
pus using relative frequencies obtains the best results. One possible rea-
son might be that the EM training presented allows only a monotone
alignment; and in some cases, this assumption does not correspond to
the nature of the corpus.

The direct approach with models trained with relative frequencies are
used in the rest of this section.

6.2 Maximum length of segments.
In practice, the number of possible bilingual phrases can be very large,
which can introduce computational problems. To overcome these prob-
lems, the phrases cannot be of arbitrary lengths. The introduction of
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Table 6
Effects of the parameter estimation procedures and the approaches used
(source-channel or direct) on the WER (%) and BLEU (%) in one of the XRCE
tasks (English to Spanish) and in the “El Periódico” task (Spanish to Catalan).
“SA” refers to equation 23, “WA, freq.” refers to 28, and “WA, EM alg.” refers
to equation 29. The values in boldface and the symbols � , � , − , �and �are used
to represent the confidence of the results (section 5.2).

Approach Parameter
estimation

XRCE
(English-Spanish)

”El Perisdico”
(Spanish-Catalan)

WER BLEU WER BLEU
Source-channel SA 29.0� 60.8� 13.5� 75.1�

WA, freq. 26.6� 63.7� 10.8− 79.2−

WA, EM alg. 28.3� 61.6� 12.9� 76.3�

Direct model SA 27.9� 61.4� 13.4� 75.3�

WA, freq. 24.7 64.9 10.7 79.2
WA, EM alg. 26.8� 62.2� 12.9� 76.4�

upper bounds in the segment lengths was studied in some experiments
whose results are presented in Figures 2, 3 and 4 for the (English-Spanish)
XRCE, (English-French) EU and the (French-English) “Hansards” cor-
pora, respectively.

The use of long segments in XRCE and EU tasks allow us to signif-
icantly improve the results obtained. This behavior is not so evident in
the “Hansards” task. In contrast, the use of long segments leads to a huge
number of parameters.

6.3 Different methods for building segments.
In section 3.2, two new methods (addition and interpolation) were pro-
posed within a new strategy (first select the two sets of bilingual seg-
ments and then combine them) to obtain an adequate set of symmetrized
bilingual segments. In this section, we compare them (using BilPhrExt
as the criterium for the selection of bilingual segments) with two methods
that use alignments in only one direction (s→t or t→s), as well as with the
three methods described in (Och and Ney, 2003) (intersection, union and
refined9) within the other strategy (combining the models obtained in
both directions) to obtain an adequate set of symmetrized bilingual seg-

9These bilingual segments have been obtained using the toolkit presented in (Or-
tiz, Garcı́a-Varea, and Casacuberta, 2005).
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Figure 2
Effect of the size of the segment length on the WER (%), BLEU (%), and the
number of parameters (×1, 000, 000) for one of the XRCE tasks
(English-Spanish).
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Figure 3
Effect of the size of the segment length on the WER (%), BLEU (%), and the
number of parameters (×1, 000, 000) for one of the EU tasks (English-French).

ments. The experimental comparison of all of these methods is presented
in Table 7.

The differences among the different approaches are not so important,
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Figure 4
Effect of the size of the segment length on the WER (%), BLEU (%), and the
number of parameters (×1, 000, 000) for the “Hansards” task (French-English).

Table 7
Effect of the symmetrization methods (using BilPhrExt) in WER (%), BLEU
(%) and number of model parameters (#Par) on one of the XRCE (English to
Spanish) and “Hansards” corpora (French to English). The values in boldface
and the symbols � , � , − , �and �are used to represent the confidence of the
results (section 5.2).

Symmetrization
method

XRCE
(English-Spanish)

“Hansards”
(French-English)

WER BLEU #Par WER BLEU #Par
s→t 24.7� 64.9� 1.7M 54.0� 28.2� 6.3M
t→s 25.5� 53.8� 2.0M 55.9� 29.6� 5.6M
Intersection 24.8� 64.8� 1.3M 55.6� 30.9− 2.6M
Union 25.7� 63.3� 2.0M 56.1� 27.0� 7.9M
Refined 24.8� 64.9� 1.6M 54.5� 30.2− 5.1M
Addition 24.3− 65.3− 2.6M 54.1� 29.1� 9.4M
Interpolation 24.1 65.8 3.7M 54.9 31.0 11.9M

but the symmetrization by interpolation seems to present the best behav-
ior. The number of parameters in each method corresponds to the size
of the set of bilingual phrases. In the addition approach, this number is
the cardinal of the intersection of the sets obtained in each direction. In
the interpolation approach, this number is the sum of the sizes of both
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sets. The interpolation parameter (λ) in equation 27 has been adjusted in
a way similar to the scaling parameters in section 5.3. The value of this
parameter was set to 0.8.

Table 8
Effect of the extraction criterion of the set of bilingual phrases in WER (%) and
BLEU (%) on the XRCE tasks. Results are obtained using addition as the
symmetrization method. The values in boldface and the symbols � , � , − , �and
�are used to represent the confidence of the results (section 5.2).

XRCE BilPhrStr BilPhrExt BilPhrMon
languages WER BLEU WER BLEU WER BLEU

English-Spanish 26.0� 62.8� 24.3 65.3 25.4� 64.3�

Spanish-English 26.4− 60.0� 26.2 62.1 27.6� 58.5�

English-French 52.2� 34.4− 52.8 34.3 52.9− 33.9−

French-English 50.8� 33.2� 51.4 33.9 52.8� 31.6�

English-German 63.9� 21.5� 64.4 23.3 66.9� 21.7�

German-English 53.2� 28.2� 53.8 31.1 56.2� 28.4�

The criteria for extracting bilingual segments (section 3.2) were also
explored on the XRCE corpus and the results are presented in Table 8.

¿From these results, BilPhrExt presents the best behavior in most
of the cases. BilPhrExt represents a good trade-off between BilPhrStr
and BilPhrMon.

6.4 Monotone vs. non-monotone search.
Three different search algorithms have been presented in section 4: A
monotone search algorithm in section 4.1 and two non-monotone search
algorithms in sections 4.2 and 4.3. Figure 5 compares the translation
speed and WER/BLEU for several values of Max-iter (1,2,4,..,64) for one
pair of languages in the XRCE and in the EU tasks. Threshold prun-
ing was not used in these experiments. Values of Max-iter greater than
16/32 do not improve significantly the results. Source-word reordering
and target-word reordering algorithms present a similar behavior; how-
ever, the second one is faster and requires less memory for lists 10.

A complete comparison between these monotone and non-monotone
models are presented in Table 9. For non-monotone models we have used
a source-word reordering algorithm, with Max-iter=64.

The results obtained in these experiments are comparable. This is an

10The experiments were performed on a Pentium 4 (3.2 GHz) with 1.5 G of RAM
memory.
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Figure 5
WER (%), BLEU (%) and translation speed as words by second (word/s)
obtained in the three search algorithm on XRCE task (English to Spanish) and
on EU task (English to French). Each curve is composed by 7 values that
correspond left-to-right to the results obtained for several values of Max-iter (1,
2, 4, 8, 16, 32 and 64). “MS” stands for monotone search (section 4.1), “SWR”
for non-monotone search based on source-word reordering (section 4.2) and
“TWR” for non-monotone search based on target-word reordering (section 4.3).

interesting result, since the non-monotone search presents a higher qcom-
putational cost than the monotone search (sections 4.1 and 4.2).

Further experiments were also carried out using the beam-search de-
coder Pharaoh (Koehn, 2004a). In this case, the performance of the trans-
lations was also comparable to the ones obtained with the search algo-
rithms proposed in this article. However, Pharaoh required less com-
putational time than our decoder, but considerably more memory. This
memory problem was important for the EU task.

6.5 Effect of the training set on the system performance.
Further experiments were carried out on the “El Periódico” and the
Hansards corpora to study the effect of the amount of training data on
the quality of the PB models. The results with training sets from 5, 000 to
640, 000 pairs for the “El Periódico” corpus, and from 5, 000 to the whole
training corpus for the Hansards corpus are presented in Figures 6 and 7.

Figure 6shows that when the training set is large enough (from 320, 000
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Table 9
Effect of different procedures for searching on the WER (%) and BLEU (%) for
the XRCE, EU and “Hansards” tasks. The values in boldface and the symbols � ,
� , − , �and �are used to represent the confidence of the results (section 5.2).

Corpus Languages Monotone Non-monotone
WER BLEU WER BLEU

XRCE English-Spanish 24.7 64.9 24.4− 65.5−

Spanish-English 26.6 61.1 26.8− 60.7−

English-French 53.7 32.9 53.5− 33.6−

French-English 52.2 32.2 52.0− 32.9�

English-German 66.1 21.9 66.3− 22.1�

German-English 54.1 31.0 54.4− 30.8−

EU English-Spanish 46.7 42.1 46.7− 42.3−

Spanish-English 46.7 41.8 46.6− 42.1−

English-French 45.0 42.8 45.1− 42.8−

French-English 42.1 46.5 42.2− 46.6−

English-German 60.2 27.1 60.1− 27.2−

German-English 53.6 34.2 53.6− 34.4−

Hansards French-English 53.9 28.2 53.9− 28.4−
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Figure 6
Effect of the size of the training data on the WER (%), BLEU (%), and the
number of model parameters (×1, 000, 000) in the “El Periódico” task (Spanish
to Catalan).
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Effect of the size of the training data on the WER (%), BLEU (%), and the
number of model parameters (×1, 000, 000) in the “Hansards” task (French to
English).

to 640, 000 pairs), the improvement of performance is slight (3.6% of WER),
but the size of the models increases dramatically (95%). A similar behav-
ior was observed in the Hansard corpus.

6.6 Using lexical models as additional features.
Some experiments were carried out to study the influence of the combi-
nation of lexical models (subsection 3.3) and PB models. In this section
equation 30 is used. The weights λ6 and λ7 are estimated in a way similar
to the one in section 5.3. Some results are presented in Table 10 using
both approaches

The introduction of M1 as lexical models significantly improved the
results obtained with the baseline for the XRCE corpus and only in one
case for the Hansards corpus. However, the lexical weights do not appear
to be what causes the improvements.

6.7 Comparison with other machine translation systems.
A final series of experiments was carried out to compare the MT system
based on PB models with other available machine translation systems.
The corpus used was the “El Periódico” (Spanish to Catalan). One of
these systems was Salt, a knowledge-based machine translation system
supported by the Government of the Generalitat Valenciana
(http://www.cultgva.es). The second system was the translation system
of the Instituto Cervantes, developed by AutomaticTrans
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Table 10
Effect of the introduction of several types of lexical models as a additional
feature in WER (%) and BLEU (%) on of the XRCE tasks (English to Spanish),
Hansards corpora (French to English) and EU corpora (English to French). As
lexical models, by M1 it is denoted the use of model M1 and by LW the use of
lexical weights. The values in boldface and the symbols � , � , − , �and �are used
to represent the confidence of the results (section 5.2).

Lexical models
XRCE

English-Spanish
“Hansards”

French-English
EU

English-French

WER BLEU WER BLEU WER BLEU
Baseline 24.7 64.9 53.9 28.2 45.2 42.8
+ M1 PL(t|s) (λ6 = 0) 24.1� 65.4� 53.5� 28.3− 45.1− 42.7−

+ M1 PL(s|t) (λ5 = 0) 24.4− 65.9� 54.2− 29.7� 44.6� 44.7�

+ M1 PL(t|s)&PL(t|s) 23.9� 66.3� 53.9− 29.8� 44.5� 44.6�

+ LW PL(t|s) 24.6− 65.0− 53.7− 28.5− 45.1− 42.8−

+ LW PL(s|t) 24.5− 65.1− 53.6� 28.6� 45.0− 42.9−

(http://oesi.cervantes.es/traduccionAutomatica.html). Another system
was Incyta, a knowledge-based commercial system
(http://www.incyta.com). Finally, the fourth system was InterNOSTRUM,
a hybrid knowledge-based and finite-state translation system
(http://www.internostrum.com) (Canals-Marote et al., 2001). The results
are presented in Table 11.

Table 11 shows that the PB system presents comparable results with
other knowledge-based systems; however, these systems require great
amounts of human effort over many years. The proposed system only
requires a few months. On the other hand, the performance-speed ratio
of PB systems is better than the other approaches.

In the TransType2 project (TransType-2, 2001), several statistical trans-
lation models were tested using the XRCE and EU corpora. In (Zens and
Ney, 2004), some results were presented using alignment templates (Och,
2002) for the XRCE corpus. With this approach, the WER was 28.9% in
the Spanish-English direction. In the same task, PB models obtained a
WER of 26.2%.

Finally, the results obtained with the EU corpus are presented in Ta-
ble 12. In this case, the results are compared with the AT technique (Ben-
der et al., 2005). Statistical significance is not reported since the trans-
lation outputs using the AT technique were obtained in the TT2 project
and they are not available. For some pairs of languages, the results are
similar, but for the other pairs, PB models achieved better results.
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Table 11
Results obtained with different machine translation systems on the “El
Periódico” task (Spanish to Catalan) in WER (%) and BLEU (%). The numbers
of translated words per second are also reported. The values in boldface and
the symbols � , � , − , �and �are used to represent the confidence of the results
(section 5.2).

MT system WER BLEU Translation speed
(words/sec.)

Inst. Cervantes 9.3� 82.5� 160
Salt 9.5− 82.2− 12
Phrase-based 10.2 81.1 510
Incyta 10.6− 81.0− Not available
InterNOSTRUM 11.3� 79.2� 5000

Table 12
Comparative results of PB models with AT models for the EU corpus (Bender
et al., 2005) in WER (%) and BLEU (%). The PB models were obtained using
monotone search, without symmetrization and one additional language model
based on word categories.

EU
Languages

AT PB
WER BLEU WER BLEU

English-Spanish 46.9 41.5 46.7 42.1
Spanish-English 48.3 41.2 46.7 41.8
English-French 45.1 42.1 45.0 42.8
French-English 44.0 44.6 42.1 46.5

English-German 61.1 32.4 60.2 27.1
German-English 56.2 33.8 53.6 34.2

7. Discussion and conclusions.

Phrase-based models constitute a very promising approach for statisti-
cal machine translation. In these models, the translation unit is the word
sequence or segment (“phrase”), and the relationship between a source
segment and a target segment is formalized through monotone and non-
monotone segment alignments. The main parameters in these models are
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the probabilities of a dictionary composed of bilingual phrases or seg-
ments. One of the merits of such models is their ability to take into ac-
count the context in translation. In addition, this phrase-based approach
is very simple (especially the one based on monotone alignments), and
the search is very fast. This method can obtain good translation results
for certain tasks such as restricted-domain tasks or translations between
Romanic languages. For an unrestricted task in Spanish-Catalan transla-
tion, results similar to those obtained from some rule-based commercial
systems have been obtained using the method presented here.

The monotone phrase-based models constitute one of the main contribu-
tions of this article. To perform the translation of a given source sen-
tence with these monotone models, a specific efficient search algorithm
has been developed. The search with this algorithm allows for a transla-
tion speed of several hundred words per second.

Another contribution for the search with non-monotone models has
also been proposed in this article. In this algorithm, the source sentence
is translated left-to-right, and the target sentence is reordered. This al-
gorithm presents a lower computational cost than others like the beam-
search presented in (Och and Ney, 2004; Koehn, 2004a), and it does not
require the definition of a heuristic function.

An important drawback of this method is that it does not have gen-
eralization capability in word reordering; however, this does not seem
important in the corpora that were used in the experiments. Similar con-
clusions were drawn (Zens and Ney, 2004) with alignment templates.

Different procedures for statistical estimation of the parameters of
the phrase-based models have been proposed elsewhere. Another con-
tribution of this article is constituted by two new procedures. The first
one (Tomás and Casacuberta, 2001) is based on a corpus aligned at the
sentence level. The second procedure is based on a corpus aligned at
the word level and consists of: first, obtaining bilingual segments in both
translation directions; second, estimating the corresponding probabilistic
parameters; and third, combining both models by addition or by addition
or interpolation.

The phrase-based models (estimation and search) have been tested
through many experiments using different corpora and languages. The
main conclusions that can be drawn from these experiments are the fol-
lowing: the use of long bilingual phrases can achieve less translation er-
rors; the best training procedure is based on relative frequencies; monotone
and non-monotone searches obtain similar translation results; monotone
search requires less computational requirements than non-monotone search.
However, the distortion model used in the non-monotone search is quite
simple, and more complex models can be explored in the future.
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Another minor conclusion is that the direct approach produces better
results on the corpora used than the source-channel.

In the future, other methods to extract bilingual phrases should be
explored. Another way to deal with the low generalization capability
of the proposed models can be the combination of the phrase-based ap-
proach and the alignment-template approach. More robust smoothing
methods should also be explored. Monotone phrase-based models are
closely related to stochastic finite-state transducers, and this could help
in the design of more efficient search algorithms.

A. Statistical significance of the results

To determine whether the observed differences between the results (WER
or BLEU) of the two methods were statistically significant, paired boot-
strap was used (Bisani and Ney, 2004; Koehn, 2004b; Zhang and Vogel,
2004).

Given an initial test T0, a thousand new artificial tests, Ti, were created
by resampling with replacement T0. Then, we obtained delta-WER as:

δi = WERA(Ti) − WERB(Ti),

where WERs(Ti) was the WER obtained by the system s (s ∈ {A,B})
using the artificial test Ti. We used δi to estimate the two-tailed con-
fidence interval and the probability of improvements (poi), i.e. the prob-
ability of δi < 0. The poi was estimated by counting the times that
WERA(Ti) < WERB(Ti) (Bisani and Ney, 2004). The same process was
performed using for BLEU measure to obtain delta-BLEU.

The poi as a function of the different delta-WER and delta-BLEU ob-
tained in some of the experiments in section 6 are represented in table 8.

Figure 8 shows that if WER difference is greater than 0.7, the poi is al-
ways greater than 97.5%, so we can state that this difference is statistically
significant (using the standard criterion of 95% confidence interval). Note
that in some case, a minor difference (e.g. 0.5) can be also significant. In
the experiments in Table 11, systems of different origin are compared.
In this case, we need a BLEU difference greater than 1.6 to guarantee the
statistical significance. In the rest of experiments, the same system is com-
pared with slight modifications. Here, the results are highly correlated,
and a BLEU difference of 0.8 guarantees the significance.
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Antón, and M.L. Forcada. 2001.
The Spanish-Catalan machine
translation system interNOS-
TRUM. In Proceedings of the
Machine Translation Summit
VIII, pages 73–76, Santiago de
Compostela, Spain, September.

Casacuberta, F. 1995. Proba-
bilistic estimation of stochastic
regular syntax-directed transla-
tion schemes. In A. Calvo
and R. Medina, editors, Proceed-
ings of the VI Spanish Sympo-
sium on Pattern Recognition and
Image Analysis, pages 201–207,
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