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Abstract

This paper describes UPC’s bilingual
n-gram approach to statistical machine
translation, which consists of a log-
linear combination of a bilingual n-gram
translation model, along with other six
feature functions. Translation results
for the Spanish-to-English and English-
to-Spanish tasks considered during TC-
STAR’s second evaluation campaign are
presented and discussed.

1 Introduction

The UPC’s statistical machine translation approach
implements a log-linear combination of feature
functions (Och and Ney, 2002) along with a trans-
lation model which is based on bilingual n-grams
(de Gispert and Mari˜no, 2002). This translation
model differs from the phrase-based translation ap-
proach (Koehnet al., 2003) in two basic issues:
training data is monotonously segmented and the
model considers n-gram probabilities instead of rel-
ative frequencies. The original version of the sys-
tem (Mariño et al., 2005) implemented four feature
functions along with the bilingual n-gram model. In
addition, some novel feature functions and reorder-
ing strategies that consider POS information are pre-
sented here.

Translation results for three of the four tasks con-
sidered during TC-STAR’s second evaluation cam-
paign are presented and discussed. More specif-
ically, these tasks are: EPPS1 Spanish-to-English,
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EPPS English-to-Spanish and CORTES2 Spanish-
to-English. For each one of these tasks, three dif-
ferent translation conditions were considered: final
text edition, verbatim transcriptions and automatic
speech recognition.

The paper is structured as follows. Section 2 de-
scribes the bilingual n-gram translation model and
section 3 describes all feature functions and reorder-
ing strategies implemented. Section 4 presents and
discusses the translation experiments and their re-
sults and, finally, section 5 presents some conclu-
sions and further work.

2 UPC’s Translation Model

The UPC’s translation model has been derived from
the finite-state perspective; more specifically, from
the work of Casacuberta (2001; 2004). How-
ever, different from it, where the translation model
is implemented by using a finite-state transducer,
the UPC’s system implements a bilingual5-gram
model. It actually constitutes a language model of
bilingual units, referred to as tuples, which approxi-
mates the joint probability between source and target
languages by using5-grams (de Gispert and Mari˜no,
2002), such as described by the following equation:

p(T, S) ≈
K∏

k=1

p((t, s)k|(t, s)k−1, . . . , (t, s)k−4)

(1)
wheret refers to target,s to source and(t, s)k to the
kth tuple of a given bilingual sentence pair.
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Tuples are extracted from from Viterbi alignments
according to the following two constraints: first, tu-
ple extraction should produce a monotonic segmen-
tation of bilingual sentence pairs; and second, no
smaller tuples can be extracted without violating the
previous constraint (Cregoet al., 2004). Accord-
ing to this, tuples can be formally defined as the set
of shortest phrases that provides a monotonic seg-
mentation of the bilingual corpus. Figure 1 presents
a simple example illustrating the unique tuple seg-
mentation for a given pair of sentences.

Figure 1: Example of tuple extraction.

Two important issues regarding this translation
model must be considered. First, it often occurs
that an important amount of single-word translation
probabilities are left out of the model. This hap-
pens for all those words that appear always embed-
ded into tuples containing two or more words. Con-
sider for example the word “translations” from fig-
ure 1. As seen from the figure, “translations” ap-
pears embedded into tuple4. If a similar situation
is encountered for all occurrences of “translations”
in the training corpus then no translation probabil-
ity for an independent occurrence of such word will
exist.

To overcome this problem, the tuple5-gram
model is enhanced by incorporating1-gram trans-
lation probabilities for all the embedded words de-
tected during the tuple extraction step (de Gispertet
al., 2004). While tuples are extracted from the union
of both, source-to-target and target-to-source, these
embedded-word translation probabilities are com-
puted from the intersection of alignments.

The second important issue has to do with the fact
that some words linked to NULL end up producing
tuples with NULL source sides. Consider for exam-
ple the tuple1 from figure 1. Since no NULL is ac-
tually expected to occur in translation inputs, such
a kind of tuple cannot be allowed. This problem
is solved by preprocessing the union set of align-

ments before the tuple extraction is performed. Dur-
ing this preprocessing, any target word that is linked
to NULL is attached to either its precedent word or
its following word according to a weight based on
IBM model1 (Cregoet al., 2005b). In this way, no
target word remains linked to NULL, and tuples with
NULL source side are not extracted.

3 Additional System’s Features

In addition to the bilingual n-gram translation model
described in the previous section, the UPC’s trans-
lation system implements a log linear combination
of six additional feature functions, which are de-
scribed in detail within this section. All these six
feature functions are taken into account, along with
the translation model, during the decoding stage.

The search engine for UPC’s translation system
was developed by Cregoet al. (2005). It imple-
ments a beam-search strategy based on dynamic pro-
gramming and allows for threshold pruning and hy-
pothesis recombination. Additionally, an optimiza-
tion tool, based on a simplex method (Presset al.,
2002), was developed and used for weighting each
feature function contribution. This algorithm adjusts
the log-linear weights so that a non-linear combina-
tion of translationBLEU (Papineniet al., 2002) and
NIST is maximized over the provided development
set for each task under consideration.

3.1 Target Language Model

This feature provides information about the tar-
get language structure and fluency. It favors those
partial-translation hypotheses which are more likely
to constitute correctly structured target sentences
over those which are not. The model is implemented
by using a word4-gram model of the target lan-
guage, which is computed according to the follow-
ing expression:

hTL(T ) = log
K∏

k=1

p(wk|wk−1, . . . , wk−3) (2)

where wk refers to kth word in the considered
partial-translation hypothesis. Notice that this
model only depends on the target side of the data,
and actually it can be trained by including additional
information from other available monolingual cor-
pora.



3.2 Word Bonus Model

This feature introduces a bonus which depends on
the partial-translation hypothesis length. This is
done in order to compensate the system preference
for short translations over large ones. The model is
implemented through a bonus factor which directly
depends on the total number of words contained in
the partial-translation hypothesis, and it is computed
as follows:

hWP (T ) = M (3)

whereM is the number of words contained in the
partial-translation hypothesis.

3.3 Source-to-Target Lexicon Model

This feature actually constitutes a complementary
translation model. This model provides, for a given
tuple, a translation probability estimate between the
source and target sides of it. This feature is im-
plemented by using the IBM-1 lexical parameters
(Brown et al., 1993; Ochet al., 2004). Accord-
ing to this, the source-to-target lexicon probability
is computed for each tuple according to the follow-
ing equation:

hLF (T, S) = log
1

(J + 1)I

I∏

i=1

J∑

j=0

q(tni |sn
j ) (4)

wheresn
j and tni are thejth and ith words in the

source and target sides of tuple(t, s)n, beingJ and
I the corresponding total number of words in each
side of it. In the equationq(.) refers to IBM-1 lexi-
cal parameters which are estimated from alignments
computed in the source-to-target direction.

3.4 Target-to-Source Lexicon Model

Similar to the previous feature, this feature function
constitutes a complementary translation model too.
It is computed exactly in the same way the previous
model is, with the only difference that IBM-1 lexical
parameters are estimated from alignments computed
in the target-to-source direction instead.

3.5 Target POS-tag Language Model

This feature implements a5-gram language model
of target POS-tags. This model is trained by consid-
ering POS-tags, instead of words, for the target side

of the training corpus. Accordingly, the tuple trans-
lation unit is redefined in terms of a triplet which in-
cludes: a source string containing the source side of
the tuple, a target string containing the target side of
the tuple, and a POS string containing the POS-tags
corresponding to the words in the target strings.

It is important to mention that the POS infor-
mation contained in the triplet is not actually used
for computing the bilingual translation model prob-
abilities described in section 2. This information is
used only during decoding by the5-gram language
model of target POS-tags in order to score the alter-
native POS-tag sequences associated to the compet-
ing partial-translation hypothesis. In this way, this
feature helps, along with the target language model,
to provide a better concatenation of tuples during the
decoding process. This procedure is illustrated in
figure 2.

Figure 2: Augmented tuple and target POS-tag lan-
guage model implementation.

3.6 Source POS-tag Language Model

This feature implements a word reordering strategy
that is supported by a5-gram language model of
reordered source POS-tags. As a first step, dur-
ing training, reordering patterns for the source POS-
tags are learned from the aligned corpus. These re-
ordering patterns are identified by looking at the link
crossings occurring in the aligned corpus and are
classified according to the corresponding POS-tags
of the source words involved. Then all identified
link crossings are unfolded by reordering the source
words and their corresponding POS-tags while keep-
ing the target side of the corpus untouched. From
this reordered sequence of POS-tags, a5-gram lan-
guage model is trained.

As a second step, during translation, the input sen-
tence to be translated is replaced by a word-graph by
adding alternative paths based on the POS reorder-



ing patterns learned during training. Notice that this
procedure requires tagging the input sentence to be
translated. Then, the single sentence word-graph is
augmented by adding as many paths as POS reorder-
ing patterns can be applied. In this way, the con-
structed word-graph is used as the decoder’s input,
and during decoding, the5-gram language model of
reordered source POS-tags is used. This model helps
the decoder to select those more appropriate paths
among all possible paths in the input word-graph.
This procedure is illustrated in figure 3, and further
described in Crego (2006).

Figure 3: Example of word reordering based on
source POS information.

3.7 Word Reordering Based on Alignment
Block Classification

This constitutes an alternative word reordering strat-
egy, which is implemented as a preprocessing stage
instead of as while-decoding feature function. A
detailed description for this method is provided in
Costa-juss`a and Fonollosa (2006). This strategy is
intended to infer those most probable reorderings for
sequences of words, which are referred to as blocks,
in order to monotonize current data alignments and
generalize reorderings for unseen pairs of blocks.

Given a word alignment, a list of Alignment
Blocks, which consists of a pair of consecutive
source blocks with swapped target translations, is
extracted. Then, by using a classification algo-
rithm, the list is processed in order to decide whether
two consecutive blocks have to be reordered or not.
Based on this information, the source sides of both
bilingual training and development corpora, as well
as the test data, are reordered. This modified train-
ing corpus is aligned once again and the translation
model and feature function probabilities are com-
puted from these new alignments. Finally, transla-

tions are computed from the modified input test data.

4 TC-STAR Second Evaluation Results

The data sets used for experiments presented here
correspond to those provided by ELDA for the 2006
TC-STAR3 Second Evaluation Campaign, which are
available through the ELDA’s website at:http://
www.elda.org/tcstar-workshop/2006eval.htm.

Results for three different tasks are presented
here: English-to-Spanish (EPPS), Spanish-to-
English (EPPS) and Spanish-to-English (CORTES).
For each one of these tasks, three different trans-
lation conditions were considered: final text edi-
tion, verbatim transcriptions, and automatic speech
recognition (ASR). The final text edition condition
corresponds to the official transcripts of the respec-
tive parliament sessions, so it is actually a written
language translation condition. On the other hand,
the other two conditions are spoken language trans-
lation conditions. More specifically, the verbatim
condition corresponds to literal transcriptions of par-
liamentary speeches, which include hesitations, re-
peated words and other spontaneous speech effects;
and the ASR output condition corresponds to the
output of an automatic speech recognition system,
so it additionally includes speech recognition errors.

Table 1 presents basic statistics for the training
data, which existed only for the case of the EPPS
tasks. The CORTES Spanish-to-English task was
performed by using the EPPS training corpus. More
specifically, the table presents the total number of
sentences, the total number of running words and
the vocabulary size for each language.

Table 1:Basic statistics for the EPPS training data.
The total number of sentences, words and the vocab-
ulary size are provided in millions.

Language Sentences Words Vocabulary

English 1.28 34.9 0.106
Spanish 1.28 36.6 0.153

Table 2, on the other hand, presents the total num-

3TC-STAR (Technology and Corpora for Speech to
Speech Translation) is an European Community project
funded by theSixth Framework Programme. More infor-
mation can be found at the consortium website:http:
//www.tc-star.org/



ber of sentences contained in each condition’s de-
velopment and test data set, as well as the number
of references available for computing the automatic
error and accuracy measures.

Table 2: Total number of sentences, and available
number of references, for each condition’s develop-
ment and test data set.

Task Data Cond. Sents. Ref.

EN→ES Dev. FTE 735 2
EPPS VBT 1194 2

ASR 863 2
Test FTE 1117 2

VBT 1155 2
ASR 894 2

ES→EN Dev. FTE 430 2
EPPS VBT 440 2

ASR 440 2
Test FTE 894 2

VBT 897 2
ASR 1092 2

ES→EN Dev. FTE 380 2
CORTES VBT 460 2

ASR 460 2
Test FTE 888 2

VBT 699 2
ASR 1133 2

Table 3 presents theBLEU, NIST and mWER
scores obtained for the test data of each translation
task and condition. For all results presented in table
3 in the ES→EN direction, the reordering strategy
described in subsection 3.7 was implemented. In the
EN→ES direction, no reordering strategy was used,
except for the result identified as FTE�, for which
the reordering strategy described in subsection 3.6
was used.

Notice from table 3, that a better performance
is achieved for the EPPS task when translating
from Spanish-to-English than when translating from
English-to-Spanish. This is clearly due to the
more inflected nature of Spanish vocabulary, which
makes more difficult the translation in the English-
to-Spanish direction. Notice also the significant dif-
ference in translation quality between the Spanish-
to-English EPPS and CORTES tasks. This result
makes a lot of sense since the training data was from

Table 3: BLEU, NIST and mWER scores obtained
for the test data of each translation task and condi-
tion. All BLEU scores are case sensitive and use as
many translation references as described in table 2.

Task Cond. BLEU NIST mWER

EN→ES FTE 0.482 9.999 40.89
EPPS FTE� 0.488 10.06 40.21

VBT 0.440 9.500 44.66
ASR 0.347 8.557 51.78

ES→EN FTE 0.552 10.60 36.94
EPPS VBT 0.520 10.61 38.84

ASR 0.383 9.142 48.66
ES→EN FTE 0.415 9.207 47.05
CORTES VBT 0.446 9.640 45.18

ASR 0.298 7.995 55.87

the EPPS corpus.
Another important observation from table 3 is that

translation accuracy deteriorates when moving from
text translations (FTE) to speech translations (VBT
and ASR). Nevertheless, in the particular case of the
CORTES task, the best result was obtained for the
verbatim condition. A more detailed evaluation of
translation outputs is required.

Regarding the EPPS English-to-Spanish, for
which the reordering strategy presented in subsec-
tion 3.6 was tested, it can be seen from table 3 that
the FTE� experiment performed slightly better than
the other according to all evaluation metrics.

Table 4:Translation results for the 2005 test data by
using the previous year’s and current systems. Eval-
uation measures are case sensitive and were com-
puted by using 2006’s evaluation scripts.

Task System BLEU NIST mWER

EN→ES 2005 0.456 9.657 41.20
2006 0.486 9.880 40.66

ES→EN 2005 0.524 10.55 35.11
2006 0.555 10.79 33.68

Finally, we also evaluate how much improvement,
with respect to the previous year system, has been
achieved. In this sense, table 4 presents transla-
tion results for the test data used in the 2005 TC-
STAR first evaluation campaign by using the previ-



ous year’s system (Mari˜no et al., 2005) and the cur-
rent one. Only the final text edition condition for
the EPPS task is presented. As seen from the table,
performance has been improved in about0.03 BLEU
marks (in the0 to 1 scale) for both translation direc-
tions.

5 Conclusions and Further Work

As it can be concluded from the presented results
the current system proved to provide better results
than the previous year one. However, Spanish-to-
English translations continue to be significantly bet-
ter than English-to-Spanish translations, text trans-
lations better than speech translations, and morphol-
ogy and reordering continue to be important prob-
lems.

In this sense, further research should focus on:

• Reordering strategies, as well as non-
monotonous decoding schemes.

• Using more complete and diverse linguistic in-
formation sources.

• Specific preprocessing strategies for verbatim
and ASR output data.
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