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Abstract

The aim of this study is to find ways of im-
proving target language modeling (TLM)
applied to statistical machine translation
(SMT). We describe current research ac-
tivities dedicated to TLM improvement that
are applied to the 2007 n-gram-based sta-
tistical machine translation system devel-
oped in the TALP Research Center at the
Technical University of Catalonia (UPC).

We consider two new language modeling
improvement techniques: threshold-based
TLM pruning and TLM based on statistical
classes. Some of the research is still in pro-
gress. In this paper we describe some of the
major problems faced and outline possible
solutions and plans for future research.

We describe the results for the Spanish-
English and English-Spanish language
pairs from the official TC-STAR' 2006
evaluation.

1 Introduction

The statistical approach to machine translation is
not a new area of scientific research and was actu-
ally one of the earliest fields in computer science.
SMT lost popularity during the period from 1960
to 1980 but interest was renewed in the early 1990s
and has grown rapidly in recent years due to the
potential of the approach.

' TC-STAR (Technology and Corpora for Speech to Speech
Translation). The project web-site is http://www.tc-star.org

One of the major advances in the accuracy of
translation systems was achieved by changing from
early systems based on the noisy channel model,
which performed word-to-word translation (Brown
et al., 1993), to phrase-based systems, which are
based on the same approach and use aligned bilin-
gual corpora to translate bilingual units (Koehn et
al., 2003; Zens et al., 2002).

The n-gram-based approach appeared during the
same period (Marifio et al., 2006). The main dif-
ference between the two modern approaches can
be found in the representation of bilingual units
defined by word alignment (Crego et al., 2005a).

Language modeling is widely used in a large
number of human language technology applica-
tions, including SMT. It can either be an integrated
component or an additional feature depending on
the approach on which the translation system is
built. However, it significantly affects the system
performance in both cases.

It is well known that LMs can often be very
large and sometimes cause memory overflow prob-
lems. LM pruning is definitely required, but it re-
veals an efficiency-performance trade-off which
generally causes decreased performance in smaller
models. However, carefully determined pruning
can reduce system noise and increase translation
quality. In this study we consider a possible LM
pruning strategy based on rational threshold selec-
tion.

We also focus on the use of the word class TLM
as a feature of the log-linear model. The system
introduces two types of word classes: statistical
and linguistic.

The rest of the paper is organized as follows. In
Section 2 we briefly outline the UPC n-gram trans-
lation system, system models, decoding and opti-



mization procedures from 2006. In Section 3 we
describe the framework of the TC-STAR 2006
evaluation (further details can be found on the
ELDA  web-site: www.elda.org/en/proj/tcstar-
wp4). Section 4 contains the experimental results
and in Section 5 we present the conclusions and
explain plans for future research.

2  Statistical machine translation

SMT is based on the principle of translating a
source sentence f (traditionally French) into a sen-
tence in the target language e (English). The prob-
lem is formulated in terms of source and target
languages and is defined as an arg max operation
according to the following equation:

o' =arg ax {p(e[ | fJ)} (1)
e

where [ and J represent number of words of the
sentences in the target and source languages, re-
spectively. Consequently, the translation problem
can be reformulated as selecting a translation with
the highest probability from among a set of target
sentences.

Modern SMT developed from the work carried
out by IBM in the early 1990s. This research was
largely inspired by experiments in the field of
speech recognition. The first SMT systems were
based on the noisy-channel approach (Brown et al.,
1990) and performed word-level translation. The
previous equation can be decomposed according to
the Bayes rule as follows:

¢ =argmax {p(f'1e) p(e)f @
e

Therefore, the problem of finding conditional
probability becomes an arg max operation of the
product of two models:

e P(fle) refers to a bilingual translation
model (BTM) probability.

e P(e) refers to a target language model
(TLM) probability.

Modern SMT models were enhanced by the
maximum entropy approach (Berger et al., 1996)
and implemented the posterior probability defini-
tion as a log-linear combination of the set of fea-

ture functions (Och and Ney, 2002). Using this
technique, it is possible to combine additional fea-
ture models in the determination of the translation
hypothesis, as shown below (3):

yﬂm@%fmmukﬁ 3)

m=l1
e

where the feature functions 4, refer to the sys-
tem models, i.e. BTM, TLM, etc., and 4, repre-
sents the corresponding weights of these models.

2.1 N-gram-based translation model

The n-gram-based SMT system operates with bi-
lingual units known as tuples (de Gispert and
Marifio, 2002). The tuples are extracted from a
word-to-word aligned bilingual corpus according
to certain constraints (Crego et al., 2004).

The tuple n-gram translation model determines
the joint probability of the source and target lan-
guage units as shown in Equation (2):

Ple, f)= gp(tk [ Ehnsrs st i) 4

where # refers to the ™ tuple of the given bilingual
sentence pair segmented into K tuples and N refers
to the n-gram order.

The GIZA++ Toolkit was used to generate
word-to-word alignments in source-to-target and
target-to-source directions from a bilingual corpus
(Och and Ney, 2000). Tuples are then extracted
from these alignments. The tuples create a unique
segmentation of the sentence pair (Crego et al.,
2004). Figure 1 shows an example of tuple extrac-
tion from a bilingual sentence pair.

| would like NULL to eat

V

NULL quisiera ir

a huge ice-crean

X

a comer un helado gigante

Figurel. Tuples from a bilingual sentence pair.

The segmentation is unique and is defined by
the word-to-word alignment. The n-gram-based
approach is considered to be monotonous.

A detailed description of the SMT system that
was used as a baseline in this paper can be found in



Mariiio et al. (2006) and Costa-jussa and Fonollosa
(2006).

2.2 Additional feature models

A translation system follows the maximum entropy
approach and implements the log-linear combina-
tion of the BTM and five additional feature mod-
els:

Target language model

The following equation is used to calculate a
standard n-gram TLM:

K
PLM(tlc) ~ qp(Wn | WhoN+152+ Wn—l) 5

where t, represents the partial translation hypothe-
sis and w, is the n-th word in this partially trans-
lated sentence.

The LM representation differs from a state-of-
the-art, phrase-based SMT and a n-gram-based
translation system in that it is an integrated com-
ponent of a phrase-based system whereas LM is
used as an additional feature in n-gram-based sys-
tems as a way of improving translation accuracy.

This additional feature was implemented in the
3-, 4- and 5-gram TLMs in this study.

Word penalty model

This feature was implemented in order to compen-
sate for the system’s preference for short output
sentences — a phenomenon that is due to the TLM.
Technically, the penalization depends on the total
number of words in the partial translation hypothe-
sis and can be determined as follows:

Pyo(t,) =exp(number of wordsint,) (6)

Source-to-target lexicon model

This model uses word-to-word IBM Model 1 prob-
abilities (Och et al., 2004) to estimate the lexical
weights of each tuple according to the formula be-
low:

1 J 1 ) )
, ., — . ln J 7
Punl@ /)= ggp(e ) o

where f£ and ¢, are the j-th and i-th words in the

source and target parts of the tuple (e,f),, and J and
I are the corresponding total numbers of words on
either side of it. Giza++ word-to-word source-to-
target alignment was used.

Target-to-source lexicon model

This backward lexicon model is the same as the
previous model but for the opposite translation di-
rection. We used Giza++ word-to-word target-to-
source alignment.

Word class target language model

We introduced the novel feature in the final part
of the study. A 5-gram model of the word class
TLM was used as a method for reducing data
sparseness. We considered two types of word
classes: a 5-gram model of linguistic classes using
part-of-speech (POS) tags and a 5-gram model of
statistical classes extracted from the training cor-
pus.

We used the TnT English POS tagger (Brants,
2000) and the FreeLing Spanish tagger (Carreras et
al., 2004) for the monolingual corpus tagging
(Popovi¢ and Ney, 2006).

The target statistical classes were extracted from
the training corpus according to the algorithm out-
lined in (Och, 1999).

2.3 Word reordering

A linguistically motivated word reordering tech-
nique was used for Spanish-to-English translation
in order to reduce the number of errors caused by
the difference in word order between the two lan-
guages. A detailed description of the lexicalized
reordering procedure can be found in (Costa-jussa
and Fonollosa, 2006).

2.4 Decoding and optimization

The MARIE decoder was used as a search engine
for the translation system, the details of which can
be found in (Crego et al., 2005b). The decoder im-
plements a beam-search algorithm with pruning
capabilities. All of the additional feature models
described above were taken into account in the de-
coding process.

Given the development set and references, the
log-linear combination of weights can be adjusted



by the simplex optimization method (Nelder and
Mead, 1965) to maximize the score function (see
Eq. 1) according to the highest BLEU score (de-
tails can be found in Papineni et al., 2002). Ex-
periments on the log-linear combination of BLEU
and NIST scores are planned as part of our future
research.

3 TC-STAR evaluation framework

The translation results reported as a baseline sys-
tem were evaluated in the framework of the TC-
STAR 2006 evaluation.

The data provided for shared tasks are from the
European Parliament Plenary Sessions (EPPS) Fi-
nal Text Edition (FTE) data set for English-
Spanish and Spanish-English language pairs. The
FTE condition corresponds to the official tran-
scripts of the parliamentary sessions and is actually
a written language translation condition.

Two reference translations were used for the de-
velopment and test sets and the first 500 sentences
of the official development corpora for both direc-
tions were used to maximize the score function.
Basic corpus statistics are shown in Table 1.

EPPS | Spanish | English
Training set (EPPS-FTE)

Sentences 1.3 M 1.3M

Words 36.57M 349M

Vocabulary 153 K 107 K

Development set

Sentences 500 500

Words 15K 12 K

Vocabulary 25K 23K
Test set

Sentences 699 1.155

Words 31K 30K

Vocabulary 39K 4K

Table 1. EPPS corpora (M = millions, K = thou-
sands).

4 Experiments and results

The experiments presented in this section are di-
vided into two groups: first we review the impact
of TLM threshold pruning on translation accuracy
and model size; we then enhance the translation
system by incorporating TLM word classes and
assess its performance.

4.1 TLM pruning experiments

The LM estimation procedure was performed using
the SRI Language Modeling Toolkit (Stolke, 2002)
which enables users to set a minimal count of n-
grams included in the LM

It is known that the n-gram order, i.e. n-gram
history length, has a strong influence on the LM
perplexity and the final translation score in a SMT
application. We do not thoroughly investigate the
impact of the reduction in perplexity, but it is ob-
vious that a significant perplexity reduction will
improve the translation accuracy.

We investigated 3-, 4- and 5-gram TLMs in the
experiments performed.

The aim of threshold pruning is not to incorpo-
rate all of the n-grams that appear in the training
corpus fewer times than a cut-off threshold value
into the LM. We defined a set of threshold values
for each n-gram order (in a “complete” system, the
threshold would be 1 for all the n-grams). Obvi-
ously the unigram threshold is permanently set to 1
as we do not intend to reduce vocabulary.

Unfortunately, we were not able to perform ex-
periments on the totally unpruned, high-ordered
models due to the lack of memory resources and
the translation decoder limitations. Consequently,
the minimally pruned system configuration in-
cludes Threshold 2 for 4- and 5-gram LMs and
Threshold 1 for low-order n-grams.

The experiments performed can essentially be
considered as an attempt to constrain the n-gram
vocabulary in order to reduce system noise and to
accelerate the decoding process. The experimental
results are shown in Tables 2 and 3.

We analyzed the translations generated by the
SMT system and found the results obtained for the
development corpus as a result of the model weight
optimization (refer to Dev), while the final BLEU
scores (case-insensitive) obtained for the test cor-
pora (refer to Test) when the same system configu-
rations and optimized model weights are consid-
ered.

SMT decoding can be considered a computa-
tionally intensive process in which model size is a
crucial factor that can significantly influence the
decoding time. The threshold setting considerably
reduces the model size, while the case-insensitive
BLEU score, which is only associated with the sys-
tem performance measure in this study, remains
constant or even increases.



N-gram Pruning threshold BLEU Model size, millions
order 2 3 4 5 Dev Test 1 2 3 4 5
1 1 - - 65.26 | 56.41 | 0.11 2.29 9.43 - -
3 1 2 - - 65.18 | 56.84 | 0.11 229 | 295 - -
2 2 - - 65.20 | 56.38 | 0.11 099 | 2.95 - -
1 1 2 - 65.50 | 56.66 | 0.11 2.29 9.43 3.74 -
4 1 2 2 - 65.59 | 56.81 | 0.11 229 | 2.5 3.74 -
2 2 2 - 65.55 | 56.74 | 0.11 099 | 2.75 3.74 -
1 1 2 2 65.32 | 56.85 | 0.11 2.29 9.43 3.45 3.40
5 1 2 2 2 65.10 | 56.82 | 0.11 229 | 2795 345 3.40
2 2 2 2 65.18 | 56.42 | 0.11 099 | 2.75 3.45 3.40
Table 2. Final BLEU score for Spanish-to-English translation and pruned target LMs.
N-gram Pruning threshold BLEU Model size, millions
order 2 3 4 5 dev test 1 2 3 4 5
1 1 - 55.94 | 49.63 | 0.14 | 2.52 9.52 - -
3 1 2 - - 55.38 | 50.23 | 0.14 | 2.52 2.93 - -
2 2 - - 55.64 | 49.79 | 0.14 1.03 2.93 - -
1 1 2 - 55.79 | 49.71 | 0.14 | 2.52 9.52 3.86 -
4 1 2 2 - 56.07 | 50.13 | 0.14 | 2.52 | 2.68 3.86 -
2 2 2 - 55.90 | 49.57 | 0.14 1.03 2.68 3.86 -
1 1 2 2 55.84 | 50.07 | 0.14 | 2.52 9.52 3.52 3.67
5 1 2 2 2 55.54 | 49.69 | 0.14 | 2.52 | 2.68 3.52 3.67
2 2 2 2 5549 | 49.93 | 0.14 1.03 2.68 3.52 3.67

Table 3. Final BLEU score for English-to-Spanish translation and pruned target LMs.

We can see from the results that the TLM con-
figuration that provides the best trade-off between
BLEU score and model size in terms of BLEU
score is the 4-gram configuration with the thresh-
olds set to 2 for 4- and 3-grams and / for 2- and
unigrams (4-2211 system configuration).

4.2 TLM based on word class experiments

The next step in our study deals with TLM word
class implementation as a method for reducing data
sparseness. The feature implements a 5-gram lan-
guage model of target linguistic and statistical
classes.

The tuple translation unit is redefined as a triplet
which includes:

e A source sequence of words containing the
source side of the bilingual tuple.

e A target string containing the target side of
the tuple.

e A class string containing the linguistic or
statistical class sequence corresponding to
the words in the target string.

This information is only used in the decoding
process in order to find an alternative class se-
quence associated with the competing partial-
translation hypothesis. It is not directly used to cal-
culate bilingual translation model probabilities
(Marifio et al., 2006).

The TnT English tag set used contains 36 POS
tags, while the FreeLing 1.5 Spanish tag set pro-
vides greater morphological diversity and 331 dif-
ferent tags. A total of 200 different statistical
classes were extracted from the training corpus
with the freely available software mkcls (Och,
1999).

Table 4 shows the translation results produced
by the SMT systems, including the TLM that in-
corporates linguistic and statistical classes. The 4-
2211 (see 4.1) system configuration refers to a
baseline.




. BLEU

System configuration dov tost

Es-En baseline 65.59 56.81
Es-En POS TLM 65.62 56.78
Es-En Statistical TLM 65.84 56.99
En-Es baseline 56.07 50.13
En-Es POS TLM 56.11 50.05
En-Es Statistical TLM 56.32 50.27

Table 4. Effect of the supporting source POS-tags
and statistical tags on translation accuracy.

One clear advantage provided by the statistical
approach is that the statistical word classes do not
depend on the language.

5 Conclusions and future work

In this paper we presented a study of possible sim-
ple methods for improving TLM. The baseline sys-
tem is the translation system used for TC-STAR
2006 evaluation. We investigated two possible
methods: simple experiments pertaining to the size
of language models; and a linguistically and statis-
tically motivated word class TLM.

There were no significant gains in the reported
translation results due to the LM pruning threshold,
but there was a significant reduction in the number
of stored n-grams.

The main conclusion of this study is that n-
gram-based systems are not very sensitive to the
decrease in the cut-off value for the appearance of
high-order n-grams in the LM. Furthermore, in
general, recently appearing n-grams can be dis-
counted to zero as they did not appear in the train-
ing corpus.

A more discouraging conclusion is that increas-
ing the history length does not improve system
performance. This is explained by the specific
character of the n-gram-based system, which in-
cludes LM as an additional feature with variable
weight. We will therefore perform further research
into this phenomenon in a future study.

The second part of the study introduced a new
feature: a TLM based on linguistic and statistical
classes. There was no significant gain, but we did
observe a slight improvement in performance when
Spanish is set as the target language.

There is undoubtedly a great deal of work still to
be done in this area. There are already several
ideas for statistical and linguistic word class com-

binations as an additional feature, such as the fac-
tored language model (Kirchoff and Yang, 2005).

In contrast to the phrase-based LM factorization,
in this study we analyzed the n-gram-based SMT
system Moses”. Moses is an open-source statistical
machine translation system that applies automati-
cally trained translation models to words which
may have a factored representation. Factored mod-
eling may be a good solution to the data sparseness
problem because it provides a new, intelligent
method for combining information sources. We
plan to study the use of different morphologically
or statistically determined classes as information
sources.

Another idea that we intend to cover in future
work is to apply the techniques described to the n-
gram bilingual translation model, as it is ultimately
a language model that deals with bilingual units.
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