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Abstract
This work summarizes a comparison between two ap-
proaches to Statistical Machine Translation (SMT), namely
Ngram-based and Phrase-based SMT.

In both approaches, the translation process is based on
bilingual units related by word-to-word alignments (pairs
of source and target words), while the main differences are
based on the extraction process of these units and the sta-
tistical modeling of the translation context. The study has
been carried out on two different translation tasks (in terms of
translation dif�culty and amount of available training data),
and allowing for distortion (reordering) in the decoding pro-
cess. Thus it extends a previous work were both approaches
were compared under monotone conditions.

We �nally report comparative results in terms of trans-
lation accuracy, computation time and memory size. Re-
sults show how the ngram-based approach outperforms the
phrase-based approach by achieving similar accuracy scores
in less computational time and with less memory needs.

1. Introduction
From the initial word-based translation models [1], research
on statistical machine translation has been strongly boosted.
At the end of the last decade the use of context in the transla-
tion model (phrase-based approach) lead to a clear improve-
ment in translation quality ( [2], [3], [4]). Nowadays the in-
troduction of some reordering abilities is of crucial impor-
tance for some language pairs and is an important focus of
research in the area of SMT.

In parallel to the phrase-based approach, the ngram-
based approach [5] also introduces the word context in the
translation model, what allows to obtain comparable results
under monotone conditions (as shown in [6]). The addi-
tion of reordering abilities in the phrase-based approach is
achieved by enabling a certain level of reordering in the
source sentence. Though, the translation process consists of a
composition of phrases, where the sequential composition of
the phrases source words corresponds to the source sentence
reordered. This procedure poses additional dif�culties when
applied to the ngram-based approach, because the character-
istics of the ngram-based translation model. Despite of this,
recent works ( [7], [8]) have shown how applying a reorder-
ing schema in the training process the ngram-based approach

can also take advantage of the distortion capabilities.
In this paper we study the differences and similarities of

both approaches (ngram-based and phrase-based), focusing
on the translation model, where the translation context is dif-
ferently taken into account. We also investigate the differ-
ences in the translation (bilingual) units (tuples and phrases)
and show ef�ciency results in terms of computation time and
memory size for both systems. We have extended the com-
parison in [6] to a Chinese to English task (where the use of
distortion capabilities implies a clear improvement in trans-
lation quality), and using a much larger Spanish to English
task corpus.

In section 2 we introduce the modeling underlying both
SMT systems, the additional models taken into account in
the log-linear combination of features (see equation 1), and
the bilingual units extraction methods (namely tuples and
phrases). In section 3 is discussed the decoder used in both
systems (MARIE) [9], giving details of pruning and reorder-
ing techniques. The comparison framework, experiments
and results are shown in section 4, while conclusions are de-
tailed in section 5.

2. Modeling
Alternatively to the classical source channel approach, statis-
tical machine translation models directly the posterior prob-
ability p(eI
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1
) as a log-linear combination of feature mod-

els [10], based on the maximum entropy framework, as
shown in [11]. This simpli�es the introduction of several
additional models explaining the translation process, as the
search becomes:
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�ihi(e; f))g (1)

where the feature functions hi are the system models (trans-
lation model, language model, reordering model, ...), and the
�i weights are typically optimized to maximize a scoring
function on a development set.

The Translation Model is based on bilingual units (here
called tuples and phrases). A bilingual unit consists of two
monolingual fragments, where each one is supposed to be
the translation of its counterpart. During training, the system
learns a dictionary of these bilingual fragments, the actual
core of the translation systems.



2.1. Ngram-based Translation Model

The Translation Model can be thought of a Language Model
of bilingual units (here called tuples). These tuples de�ne
a monotonous segmentation of the training sentence pairs
(fJ

1
; eI

1
), into K units (t1; :::; tK).

The Translation Model is implemented using an Ngram
language model, (for N = 3):

p(e; f) = Pr(tK
1

) =

KY

k=1

p(tk j tk�2; tk�1) (2)

Figure 1 shows an example of tuples extraction from a
word-to-word aligned sentence pair.

Bilingual units (tuples) are extracted from any word-to-
word alignment according to the following constraints [6]:

� a monotonous segmentation of each bilingual sentence
pairs is produced,

� no word inside the tuple is aligned to words outside the
tuple, and

� no smaller tuples can be extracted without violating
the previous constraints.

As a consequence of these constraints, only one segmen-
tation is possible for a given sentence pair.

Resulting from this procedure, some tuples consist
of a monolingual fragment linked to the NULL word
(words#NULL and NULL#words). Those tuples with a
NULL word in its source side are not kept as bilingual units.
To use these tuples in decoding it should appear a NULL
word in the input sentence (test to translate). Though, we
assign the target words of these tuples to the next tuple in
the tuples sequence of the sentence (training). In the exam-
ple of �gure1, if the NULL word would be contained in the
source side, its counterpart (does) would be assigned to the
next tuple (does the �ight last#dura el vuelo).

A complementary approach to translation with reorder-
ing can be followed if we allow for a certain reordering in the
training data. This means that the translation units are mod-
i�ed so that they are not forced to sequentially produce the
source and target sentences anymore. The reordering proce-
dure in training tends to monotonize the word-to-word align-
ment through changing the word order of the source sen-
tences.

The rationale of this approach is double, on the one hand,
it makes sense when applied into a decoder with reorder-
ing capabilities as the one presented in the following sec-
tion, and on the other hand, the unfolding technique gener-
ates shorter tuples, alleviating the problem of embedded units
(tuples only appearing within long distance alignments, not
having any translation in isolation). A very relevant problem
in a Chinese to English task.

The unfolding technique is here outlined:
It uses the word-to-word alignments obtained by any

alignment procedure. It is decomposed in two steps:

� First an iterative procedure, where words in one side
are grouped when linked to the same word (or group)
in the other side. The procedure loops grouping words
in both sides until no new groups are obtained.

� The second step consists of outputting the resulting
groups (unfolded tuples), keeping the word order of
target sentece words. Though, the tuples sequence
modi�es the source sentence word order.

Figure 1: Different bilingual units (tuples) are extracted us-
ing the extract-tuples and extract-unfold-tuples methods. As
can be seen,to produce the source sentence, the extracted un-
folded tuples must be reordered. It is not the case of the target
sentence, as it can be produced in order using both sequence
of units.

Figure 1 shows the bilingual units extracted using the
extract-tuples and extract-unfold-tuples methods, for a given
word-to-word aligned sentence pair.

2.2. Phrase-based Translation Model

The basic idea of phrase-based translation is to segment the
given source sentence into phrases, then translate each phrase
and �nally compose the target sentence from these phrase
translations [12].

Given a sentence pair and a corresponding word align-
ment, phrases are extracted following the criterion in [13]
and the modi�cation in phrase length in [14]. A phrase (or
bilingual phrase) is any pair of m source words and n target
words that satis�es two basic constraints:

1. Words are consecutive along both sides of the bilingual
phrase,

2. No word on either side of the phrase is aligned to a
word out of the phrase.



It is infesible to build a dictionary with all the phrases
(recent papers show related work to tackle this problem, see
[15]). That is why we limit the maximum size of any given
phrase. Also, the huge increase in computational and stor-
age cost of including longer phrases does not provide a sig-
ni�cant improve in quality [16] as the probability of reap-
pearence of larger phrases decreases.

In our system we considered two length limits. We �rst
extract all the phrases of length X or less (usually X equal to
3 or 4). Then, we also add phrases up to length Y (Y greater
than X) if they cannot be generated by smaller phrases. Ba-
sically, we select additional phrases with source words that
otherwise would be missed because of cross or long align-
ments [14].

Given the collected phrase pairs, we estimate the phrase
translation probability distribution by relative frecuency.

P (f je) =
N(f; e)

N(e)
(3)

where N(f,e) means the number of times the phrase f is trans-
lated by e. If a phrase e has N > 1 possible translations, then
each one contributes as 1/N [12].

2.3. Additional features

Both systems share the additional features which follows.

� Firstly, we consider the target language model. It ac-
tually consists of an n-gram model, in which the prob-
ability of a translation hypothesis is approximated by
the product of word 3-gram probabilities:

p(Tk) �

kY

n=1

p(wnjwn�2; wn�1) (4)

where Tk refers to the partial translation hypothesis
and wn to the nth word in it.

As default language model feature, we use a standard
word-based trigram language model generated with
smoothing Kneser-Ney and interpolation of higher and
lower order ngrams (by using SRILM [17]).

� The following two feature functions correspond to a
forward and backwards lexicon models. These mod-
els provides lexicon translation probabilities for each
tuple based on the word-to-word IBM model 1 proba-
bilities [18]. These lexicon models are computed ac-
cording to the following equation:

p((t; s)n) =
1
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n) (5)

where sj
n and tin are the jth and ith words in the source

and target sides of tuple (t; s)n, being J and I the cor-
responding total number words in each side of it.

For computing the forward lexicon model, IBM model
1 probabilities from GIZA++ [19] source-to-target
alignments are used. In the case of the backwards lex-
icon model, GIZA++ target-to-source alignments are
used instead.

� The last feature in common we consider corresponds to
a word penalty model. This function introduces a sen-
tence length penalization in order to compensate the
system preference for short output sentences. This pe-
nalization depends on the total number of words con-
tained in the partial translation hypothesis, and it is
computed as follows:

wp(Tk) = exp(number of words in Tk) (6)

where, again, Tk refers to the partial translation hy-
pothesis.

2.4. Phrase features

In addition to the features from the section above, we use two
more functions which get better scores in the phrase-based
translation.

� As translation model in the phrase-based system we
use the conditional probability. Note that no smooth-
ing is performed, which may cause an overestimation
of the probability of rare phrases. This is specially
harmful given a bilingual phrase where the source part
has a big frecuency of appearence but the target part
appears rarely. That is why we use the posterior phrase
probability, we compute again the relative frequency
but replacing the count of the target phrase by the
count of the source phrase [18].

P (ejf) =
N 0(f; e)

N(f)
(7)

where N’(f,e) means the number of times the phrase e
is translated by f. If a phrase f has N > 1 possible
translations, then each one contributes as 1/N.

Adding this feature function we reduce the number of
cases in which the overall probability is overestimated.

� Finally, the last feature is the widely used phrase
penalty [12] which is a constant cost per produced
phrase. Here, a negative weight, which means reduc-
ing the costs per phrase, results in a preference for
adding phrases. Alternatively, by using a positive scal-
ing factors, the system will favor less phrases.

3. Decoding
In SMT decoding, translated sentences are built incremen-
tally from left to right in form of hypotheses, allowing for
discontinuities in the source sentence.




