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1 Introduction

The PhD proposal is dedicated to statistical machine translation (SMT), which is one of the
methods of machine translation (MT). MT is a field of computational linguistics investigating
translation of texts from one human language to another. The proposal is organized as follows:
in Chapter 1 the statement of the translation problem, PhD objectives and some historical
details of MT are outlined; in Chapter 2 a review of the literature, as well as backgrounds of
SMT are presented; Chapter 3 concludes the proposal by describing research methodology and
a working plan.

1.1 Motivation

Our world is going through a globalization period, which means an increasing of interaction
and intertwining between different language communities. Information globalization extends to
all corners of the world, and doubtless multilinguality should be a strategic issue for all the
companies willing to play an important role in the upcoming society of information.

Present-day informational world can be easily characterized by broad accessibility to a great
number of information resources coming from all over the world and presented in various lan-
guages. With a lack of fast and qualitative translation, one confronts the language barrier
hampering further information penetration into the multilingual society. It would be utopian
to believe that at the modern point of informational society evolution, MT could completely
substitute human-made translation. However, the majority of the work made by professional
translators are routine and non-literary translations, which are not of a great cultural value and
certainly this field tends to be the most attractive for M'T application.

Nowadays there is MT software available, however there is a long way to go while the MT
systems achieve high-quality translation. Moreover, these imperfect MT systems can and are
being used by millions of users to translate web-pages and routine everyday documents where
translation quality is not crucial and the main goal is to give to the user an idea of the content.

The Kaija Poysti’s statement ”you can always buy in your own language, but you must sell
in your customer’s language” ! is coming to be more and more true these days. The new con-
ception of social communications must include engaging customers of commercial companies or
users of any informational source regardless of geography and cultural expectations. Although
English is becoming the universal second language, users in general still feel more comfortable
dealing in their own native language.

The European Union (EU) is crucially attractive for MT, since it is an institution having
high demand in translation (after the 1 of January 2007 there are 23 official EU working lan-
guages) and sufficient funding potential to support scientific research in the MT sphere.

1.2 Machine Translation

The fundamental of MT was laid in 1955 when Warren Weaver published his very important
paper [1], which is considered as a starting point of the modern MT. This work was based on
information theory and inspired by successes of code breaking during the Second World War [2].

!Globalization Blog: http://gilbane.com/globalization/



Further enthusiasm faded after the ALPAC report in 1966 [3] was published, which demon-
strated that real progress was very poor and ten years of research gave results incommensurable
with the spent funds.

MT is one of the most complicated tasks of Natural Language Processing, besides that there
is not only one perfect translation of the source, there are a lot of factors influencing translation
task, as well as a great number of hardly formalizable (or even not formalizable at all) depen-
dencies.

From the 1950s and till the earlier 1990s research in the field of MT was sufficiently restricted
apart from some specifically motivated works like Russian-English translation stimulated by the
US and Soviet governments because of the Cold War or METEO English-French Translation
System [4], developed at the Universite de Montreal to translate weather forecasts.

MT got a new impulse in the 1990s when first SMT systems were developed. Their ap-
pearance was the result of the tremendous progress made in computer technology and software
engineering over the last years, that time MT began to be an application of personal computers
and workstations in contrast with mainframes. About that time, IBM commenced to develop
one of the first full-scale SMT unlike previous approaches to MT, SMT performs translations
generated on the basis of statistical models based on the data derived from the analysis of
bilingual text corpora (the collection of text and their reference translations), later expanded
with additional morphologic, syntactic and semantic information, complementing fundamental
models. The following works were stimulated by growing availability of parallel corpora allowing
extracting valuable information for the given language pair.

There are several methodologies of MT classification [5], the most popular one is based on
the level of linguistic analysis it performs. The MT Pyramid suggested by [6] specifies a way of
processing comparable to that used by the human translator and is presented in Figure 1.

INTERLINGUA

ANALYSIS /- /- - TRANSFER |

Figure 1: Machine translation pyramid.



”Direct” translation approach represents translation without performing any linguistic anal-
ysis at all, it becomes more complicated going up to the top of the pyramid. ”Transfer” system
realize deeper level of intermediary representation, usually on the morphosyntactic level. On the
top of the pyramid semantic analysis of the source language text is provided, this information
is used further to generate target language text.

Considering system design criteria, MT systems can be divided as shown in the Figure 2.

Machine translation

— T

Rule-based approach Empirical approach

. T

Translation memory Example-based approach Statistical approach

Figure 2: Machine translation pyramaid.

Rule-based systems are accepted as a classical approach to MT. Translation systems based
on this approach use the set of linguistic rules (normally made by human experts), specifically
describing the translation process.

Empirical approach (EA) to MT, appeared in the beginning of the 1990s, is a new paradigm
to challenge and enrich established rule-based MT. This approach is based on the parallel cor-
pora, and the reusing of examples of already existing translations to generate a final translation.

There are three mostly important classes of EA systems: Example-based MT (EMT), Trans-
lation memory and Statistical MT. EMT and Translation memory both deal with finding and
matching examples that contribute to the translation on the basis of their similarity with the
input sequence. They differ in that in Translation Memory the example extraction stage is
carried out by humans, while EMT systems provide it automatically.

The essence of the SMT method is to generate translations using statistical models, which
parameters are estimated on the basis of bilingual text corpora.

Academic research in the area of MT has mainly been declined in the area of written language
MT, while a single area of SMT application lies next to automatic speech recognition (ASR) field,
namely in the task of speech translation. In contrast with the area of written language MT,
speech transcription is characterized by special peculiarities typical for recognition tasks, like
noise, ingrammatical input, spontaneous speech phenomena etc. There is much interest in ex-
ploring new techniques in SMT and ASR integrating as it is indicated in [7], [8] and [9]. The
final target of the SMT/ASR integrating approach is to develop a speaker-independent real-time
translation system (probably, domain-oriented).

1.3 Objectives of the thesis

The main goal of the thesis consists in the development of a new architecture of the n-gram
translation system in order to improve the translation accuracy. More comprehensively, the



pursuing objectives of the work can be divided in three groups:

e Target language modeling. The task of language modeling is fundamental to speech and
optical character recognition and extremely important for a lot of NLP applications. Nor-
mally, the language model (LM) is implemented using n-grams, this approach was inspired
by the speech recognition fields, where n-grams have been successfully applied. Intuitively,
there are several possibilities of LM modification with the aim of translation quality im-
provement (smoothing techniques, cut-off threshold selection, class-based LMs, specific
target language modeling techniques as ”skip” models, etc.). Special attention is going to
be focused on the factored modeling methods [10], which are mainly planing to be applied
to bilingual translation modeling. Moreover, in the framework of the thesis some spe-
cial techniques are going to be considered, mainly dedicated to LM adaptation to specific
translation tasks (ASR output or verbatim text translation in contrast to the final text
edition (FTE) task).

e Translation modeling. N-gram (tuples) translation model (TM) is a relatively new and in-
sufficiently investigated approach to SMT. TM is implemented using n-grams in the same
manner as LM but handling bilingual units. Hence, various techniques successfully applied
to the LM promise to be used in the TM estimation.

This part of the work is mainly dedicated to the following aspects of the n-gram model
improvement, namely:

— TM factorization (as presented in [10] for language modeling for the phrase-based
systems), i.e. a representation of tuples as feature vectors and thus allowing for
additional information utilization in a unified or principled framework. This method
have already proved beneficial in ASR and in the language modeling for SMT.

— Another emphasis of the work lies in introducing hierarchical models based on bilin-
gual synchronous grammars into the translation system. The idea lies in synchronous
context-free grammar (SynCFG) rules generation, extracting them from the phrase or
n-gram translation tables. As it was shown in [11], the grammar rules can be learned
from a bilingual corpus without any syntactic information, or as in [12], where parse
trees are used.

— Apart from the existing methods, some other novel techniques of TM improvement
are going to be proposed and duly investigated to cope with the ambiguity in the
translation of source language phrases.

e Syntactically motivated word-reordering technique. In SMT, the use of reordering strategies
allows an important improvement in translation accuracy, specially when the translation
between language pairs with high disparity in word order. Pure classical approach to the
SMT does not take into account syntactical information of the analyzing corpora. But, it
seems logical to try to incorporate these additional sources of knowledge into the trans-
lation system, especially for highly-inflected languages (like English). There are a several
successful attempts to solve the problem of the introducing of linguistic knowledge in the
SMT, more details can be found in [13].

In the framework of the thesis, we plan to introduce lexical information (by means of part-
of-speech tags (POS)) and syntactical information (by syntactic trees (parsing/dependency
trees)) to improve word reordering. For this purpose, I am planing to follow the approach
presented in [14], where a preprocessing step determines a weighted reordering graph that
is then incorporated into the final decoding step.



2 State-of-the-art

The idea of SMT lies in the translation of a source sentence f (traditionally referred to French)
into a sentence in the target language e (English). The problem is formulated in terms of source
and target languages and is defined as arg max operation, as described by the following equation

(1):

el = argmax {p(e] | 7)) ()

where I and J represent the number of words of the sentences in target and source lan-
guages. Hence, translation problem can be reformulated as a selecting translation with highest
probability among the set of target sentences.

This technique of parallel corpus processing was used to decrypt the sign on the Rosetta
stone, the basalt stone found by French army in Egypt in 1799. It contained the same text
in three languages, two of them were not known (ancient Egyptian dialects). Thanks to some
words appeared in the well-known ancient Greek, the unknown languages were decrypted [15].

Modern SMT originates from the work realized in IBM in the earlies 1990s, basically this
research was inspired by experiments made on the speech recognition field. First SMT sys-
tems were based on the so-called noisy-channel (or source-channel) approach [16]. Due to this
approach, equation 1 can be decomposed according to the Bayes rule as follows:

el = argmax {p(f{ | ef) - p(ef)} (2)

€1

Thus, the problem of finding conditional probability grows into the argmax operation over
the product of two models:

e P(f | e) refers to translation model (T'M) probability

e P(e) to target language model (LM) probability.

Source-channel approach scheme can be seen in the Figure 3:

Source
Preprocessing
“—
Global search
«
Postprocessing
Target

Figure 3: Source-channel approach.



Recently, the source-channel model has been supplemented by the maximum entropy ap-
proach [17], implementing the posterior probability p(e|f) definition as a log-linear combination
of the set of feature functions [18] and generalizing source-channel approach ( [19] and [9]). This
approach was proposed in [19] for a natural language understanding task. It allows simplifying

feature models combinations under the translation hypothesis determination, as described below
3:

M
el = arg mz}x{ Z b (b, 1) } (3)

€1 m=1
where the feature functions h,, refer to the system models, namely bilingual TM, target LM
and additional feature models; the set of \,, refers to the weights corresponding to these models.

Graphical representation of the translation scheme according to the log-linear approach can be
found in the Figure 4:

Source

'

Preprocessing

Global search <4— <4

Postprocessing

'

Target

Figure 4: Log-linear approach, W refers to weight coefficients corresponding to the models M.

TM is a core feature of the translation system, it is based on the statistical information ex-
tracted from the parallel corpus. Training material for TM and LM can vary, in the real modern
translation systems frequently supplementary monolingual tracks are using for language mod-
eling. The weight coefficients normally are to be optimized to provide largest value of scoring
function.

The features augmenting posterior probability expression include :
e Language models, which computes according to the following equation 4:

K
Poar(ty) = [ [ Plwnlwn—n41s 0 wn1) (4)

n=1

where t;, refers to the partial translation hypothesis, w,, to the n** word in this partially
translated sentence.

If several language models are used trying to take advantage of different inputs, linear or
log-linear combination of the language models can be composed.



e Sentence length models, also called word penalties. This feature was implemented to com-
pensate system’s striving for short output sentences. This phenomenon is due to the target
language model. Technically, the penalization depends on the total number of words con-
tained in the partial translation hypothesis, and can be found as follows 5:

Py p(ty) = exp(number of words in t) (5)

e Source-to-target and Target-to-source lexical models

This model uses word-to-word IBM model 1 probabilities [20] to estimate lexical weights
of each tuple, as follows 6:

I

J
Prpai((e, fn) = I+1 HZ enlfn) (6)

where fi and e’ are the j-th and i-th words in the source and target parts of the tuple
(e, f)n, being J and I the corresponding total number of words in each side of it. Backward
model is calculated for the opposite direction.

e Other features, like regarding information on manual lexicon entries, grammatical features,
introducing linguistic knowledge as POS target LM [21] or additional statistical model [22].

Currently, most of the SMT systems use this kind of combination (see [23], [24], [25] or [26]
as examples).

The MARIE decoder developed in the UPC will be used as search engine for the translation
system, the details can be found in [27]. The decoder implements a beam-search algorithm with
pruning capabilities.

Optimization of the weight coefficients of the scoring function is based on the downhill sim-
plex optimization method [28]. Given development set and references, the log-linear combination
of the weights is adjusted to maximize score function (see eq. 3) according to the highest BLEU
score or log-linear combination of BLEU and NIST scores.

2.1 Alignment

The majority of the state-of-the-art systems is based on the approach proposed in the [29], it
consists in using refined statistical models in the translation process. The idea is to estimate a
translation model with the word alignment as a hidden variable, as shown in (4):

f1J | 61 Zp al |e1 (7)

where fl‘] and e{ refer to the source and target languages respectively and afl] refers to the
hidden alignment, describing mapping from source position j to target position a;. Note that
alignment a; can take on a zero value, i.e. a; = 0 with the NULL word to account for the source
word that is not aligned to any target word.

Following IBM approach, translation probability can be estimated using the set of following
fundamental models:



e n(gle) or fertility model. Tt accounts for the probability that a target word e; generates
¢; words in the source sentence, i.e. here a number of source words suggested which are
generated by each target word.

e t(fle) or lexicon model. It models the probability to produce a source word f; given a
target word e;, i.e. here strict dependencies suggested between source and target words.

e d(m|T, ¢, e) or distortion model. Which tries to explain the phenomenon of placing a source
word in position j given that the target word is placed in position ¢ in the target sentence
(also used with inverted dependencies, and known as Alignment model), i.e. here reorder-
ing of the set of the source words suggested, which better complies with target language.

Different combinations of these models are known as IBM models, the Expectation-Maximization

algorithm is used to train models parameters. After the maximization phase is complete, the word
alignment parameters are adjusted to maximize posterior prediction of the model.

IBM Model 1 assigns a uniform distribution to alignment probability, Model 2 introduces
a zero-order dependency with the position in the source (NULL alignment). Both of them do
not include fertility parameters so that the likelihood distributions are guaranteed to achieve a
global maximum.

The ideas presented in the [30] and [31] encouraged creation of the Model 2 modification,
that introduced first-order dependencies in alignment probabilities, the so-called homogeneous
HMM alignment model. Model 3 introduces fertility and Model 4 and 5 introduce more de-
tailed dependencies in the alignment model to allow for jumps, so that all of them must be
numerically approximated and not even a local maximum can be guaranteed. More detailed
information about IBM 1-5 Models can be found in [32].

Nowadays, word alignments based on IBM and HMM models, for which a systematic perfor-
mance comparison can be found in [33] and in [32], are considered to be state-of-the-art. In the
majority of the currently presenting translation systems, the implementation by freely-available
GIZA++ package [34], is used [23,35,36].

Due to the model definition of alignment as a function from positions in the target sentence
to positions in the source sentence, the result is strictly asymmetric, generating one-to-many
word alignments. Usually, this is tackled by performing the alignment from source to target and
from target to source, and symmetrizing via the union of links through the intersection or other
refined methods [37].

For a detailed description of IBM models and their training from data, see [29] and [33].
In [38] and [32] a more detailed and clarifying tutorials on IBM models and translation process
in general can be found.

The most wide-spread criteria of the word alignment evaluation is AER (Alignment Error
Rate), proposed in [37]. Given a manual gold standard alignment with the criterion of Sure
and Possible links, Recall, Precision and AER measures are defined. However, in [39] it was
shown that the AER measure does not always correlate with MT accuracy, but it does with
F-measure value, because of possibility to penalize precision and recall components. Recently,
new measures of word alignment quality appeared [40], showing quite promising results.
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Other alignment models have been presented based on word cooccurrences [41] and link prob-
abilities, as introduced in [42], with promising results as shown in [43]. However, they generally
assume a one-to-one constraint that does not account for many translation phenomena. In [44]
contextual information is added to the IBM models in the framework of maximum entropy,
with small but consistent improvements in Alignment Error Rate (AER). In [45] experiments
combining corpus cooccurrences and linguistic knowledge are shown.

Doubtless state-of-the-art alignment systems can be significantly improved, last time several
interesting works, mainly inspired by the work [46], were dedicated to further improvement of
statistical word alignment and, subsequently, SMT accuracy.

2.2 Current SMT approaches

A great advance in terms of translation system accuracy was done moving from the first systems
based on the noisy-channel approach model realizing word-to-word translation, described in the
previous subsection, to the systems working at the phrase level, where a phrase is defined as a
sequence of consecutive words in one language (with or without linguistic motivation). The main
difference from the initial word-based approach is found on the translation modeling, where the
word context is introduced by the use of phrases.

Currently many systems follow a phrase-based approach dealing with aligned bilingual cor-
pora [36,47] and implementing translation of the bilingual unit [48], [49], [26], [25], [50], [23].

2.2.1 Phrase-based

The translation accuracy has been significantly improved by switching to the phrase-based ap-
proach, which basic idea consists in extracting monolingual units from the source, translating
them and composing target sentence from the phrases translations. This approach was firstly
presented in [35] and named Alignment Templates. The translation process consists in grouping
source words into phrases, alignment template application for each phrase and, finally, transla-
tion generating underlain by phrase alignment model, allowed for word classes.

A simplification of this approach is a so-called phrase-based SMT firstly presented in [47].
The simplification consists in the handling with words in spite of word classes and ignoring
internal alignment information and assuming one-to-one phrase alignments, as shown in the 8:

Pr(f{let) = a(e]) - Y Pr(fi | &) (8)
B

where bilingual phrases are defined as any pair of source and target phrases that have consec-
utive words and are consistent with the word alignment matrix. For details on this criterion,
see [35] or [47]. A smoothed relative frequency is used in [51].

The phrase translation probabilities are commonly estimated by relative frequency over all
bilingual phrases in the corpus for both translation directions:

Prfle) = Q
Prfle) = 15 (10)
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where N(f,e) refers to the number of times the phrase f is translated by e; N(f) and N(e)
to the number of times the phrase in the source or target language correspondingly appears in
the training corpus.

Bilingual phrases are defined as any pair of source and target phrases that have consecutive
words and are consistent with the word alignment matrix. For details on this criterion, see [35]
or [47]. A smoothed relative frequency is used in [51].

Other phrase-based models estimate the joint-probability p(f,e) [52], this model is only
tractable up to an equivalent of IBM model 3, due to severe computational limitations. Further-
more, when comparing this approach to the simple phrase generation from word alignments and
a syntax-based phrase generation [53], the approach from word alignment achieves best results
as shown in [36]. An alternative to compute phrase translation probabilities is to use IBM model
1 lexical probabilities of the words inside the phrase pair, as presented in [54].

Lately, a hierarchical phrase-based translation model (phrases that contain phrases) has been
presented [11] and [55]. It differs from previous phrase-based models as it induces a hierarchy of
phrases in form of a synchronous Context Free Grammar (CFG). The hierarchy does not have
any linguistic motivation, it is induced from a parallel text without linguistic annotations. The
improvement is achieved by a better modeling of reordering through the CFG. The decoder used
consists of a CKY parser with beam search and a postprocessor for mapping source to target
derivations.

Pure Alignment Template approach was further supplemented by introducing log-linear com-
bination of model, more details can be found in [24].

One of the late improvements of the phrase-based approach is so-called phrase-based back-off
technique, proposed in [56]. The core of the method is a back-off model which translates unseen
word forms into a foreign language by hierarchical morphological abstractions at the word and
phrase levels.

2.2.2 Ngram-based

In parallel to the phrase-based approach to the SMT, the n-gram based approach has appeared,
operating with bilingual units extracted from the aligned bilingual corpus, referred to as tu-
ples [57]. It regards translation as a stochastic process maximizing the joint probability p(f,e),
leading to a decomposition based on bilingual Ngrams, typically implemented by means of a
Finite-State Transducer [8,9,57-60].

¢ = argmax{p(f{,e1)} = -+ = (11)
N

arg max{ [ | p((f, €}l (fs €n-virs o (fr€)n-1)} (12)
1 n=1

where the n-th tuple of a sentence pair is referred as (f,e),.

Ngram-based (or Finite-state-based) Translation Systems model the translation directly as
a composition of bilingual units, called tuples and composed of one or more words in the source
side and zero, one or more words in the target side. These units are extracted in training using
typically the Viterbi word-to-word alignment.
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The main difference between phrase-based and ngram-based approaches lies in the distinct
representation of the bilingual units defined by word alignment [61]. The tuples induce a unique
segmentation of the pair of sentences [62]. This way the context used in the translation model
is bilingual, it not only takes the target sentence into account, but both languages linked in
tuples. The translation model can be seen here as a language model, where the language is
composed by tuples. Figure 5 shows an example of tuples extraction from a bilingual sentence
pair. Another clear-cut distinction between the phrase-based and tuples-based systems is distinct
representation of the LM: for phrase-based system it is an integrated part, whereas in ngram-
based systems LM is using as an additional feature following log-linear approach.

| would like NULL to eat a huge ice-cream

NULL quisiera ir  a comer un helado gigante

Figure 5: Tuples resulting from a bilingual sentence pair. The segmentation is unique, defined
by the word-to-word alignments.

Another implementation with cascaded finite-state transducers combining both statistically
learnt transducers and hand-crafted rules can be found in [63].

Tuples-based approach is basically considered as monotonous in that its model is based
on the sequential order of tuples during training. Therefore, it is more appropriate for pairs of
languages with relatively similar word order schemes. Currently, many research efforts are being
made towards adapting the Ngram-based approach to be used for language pairs with different
word order( [64-66]).

2.3 Reordering

Word reordering is one of the most challenging and important problems in SMT. Without re-
ordering capabilities, sentences can be translated correctly only in case when both languages
implied in translation have a similiar word order. When translating is between language pairs
with high disparity in word order, word reordering is extremely desirable for translation accu-
racy improvement.

Once permitted, reordering poses exact decoding problem as was shown in [67]; it can be
simplified by introducing constraints such as IBM [68] or Local [65]. Word reordering is crucially
important for both phrase-based and ngram-based translation systems. First word reordering
attempts were completely linguistically blind, as shown in [64] and [69], later several attempts
to apply lexicalized block reordering models were presented in [20] and [70], where each block is
associated with an orientation with respect to its predecessor, the probability of a sequence of
blocks with particular orientation is used when decoding. Recently, a numerous novel reordering
methods have been proposed, mainly based on using of linguistic information somehow incor-
porated into the distortion model.

In [71] the idea of corpus monotonization with the aim to have similar word order on the
source and target sides of the parallel corpus were presented. It can be achieved following a set

13



of patterns, automatically learned using additional linguistic source of knowledge. For example,
in [72] syntactical and morphological information in form of POS tags and automatic parser
output trees is used to learn reordering patterns, in [73] restriction criteria aiming to at reducing
the search graph was presented. In [71] syntactically motivated approach was suggested using
600 rules, based on the parser information for reordering of source data.

In parallel to linguistically motivated reordering techniques, purely statistical methods were
developed, like Statistical Machine Reordering technique which is described in [14], the authors
used statistical word classes and a word distortion model to incorporate reordering technique
into the SMT system on the preprocessing step.

2.4 Evaluation

Research in the MT implies many difficulties, among which performance evaluation is one of
the most challenging. So far, scientific community has not accepted unified criteria of MT eval-
uation. It would be ideal to have a generally accepted criteria of a SMT system automatic
evaluation, like it is in the ASR field (word error rate - WER).

Nowadays, there are several automatic measures widely used. Among them multiple word
error rate (MWER), position independent word error rate (PER) [74], bilingual evaluation un-
derstudy (BLEU) [75], NIST [76] and String accuracy metrics [77] are the most commonly used.
Evaluation is of crucial importance as MT systems are normally trained to optimize an auto-
matic evaluation measure.

The commonly accepted criteria that defines the quality of the evaluation metric is its level
of correlation with human evaluation. Another argument to have automatic measure of MT
quality is that the human scoring can be subjective and vary depending on the human or even
on his particular point of view on the correct translation. As shown in [78] the above mentioned
automatic measures have attained good correlation results at the system level, while the degree
of correlation achieved at the sentence level, crucial for an accurate error analysis, is much lower.

In spite of the fact that BLEU measure has been, among others, broadly criticized, the
majority of the SMT systems is still oriented to maximize BLEU score and is the geometric
mean of the precision of ngrams of various length between a hypothesis and a set of reference
translations multiplied by a factor BP(-) [79], as shown in the eq. 13:

N

log p,

BLEU = BP(-)-exp y_ Oif (13)
n=1

Lately, some perfected metrics appeared, namely METEOR [80], ROUGE [81] and WNM [82].
These MT measures consider additional information such as stemming or allowing for Word-
Net [83]. Parallel approach is to use of syntactic knowledge, as it is shown in [84], where the
authors introduce series of syntax-based features based on syntactic tree matching.

Finally, there are several works devoted to design a uniform metric considering information
at distinct linguistic levels and permit metric scores combination into a single measure of MT
quality. In this case automatic evaluation is considered as the application of similarity met-
rics between a set of candidate translations and a set of reference translations. The metric
realizing this approach is QARLA [85] and ORANGE [86], however, it does not permit metric
combination.
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2.5 Shared tasks

Due to scientific community’s high interest in the SMT field, there are several shared tasks (eval-
uation campaigns), proposed to the research grouped all over the world to evaluate translation
quality of their translation systems on an unseen test set. Evaluation is normally based on the
automatic or/and human criteria, robusting evaluation results. A parallel corpus as training
data and additional resources are provided. There are several evaluation campaigns, the most
widely known being:

e The NIST MT evaluation. Annual evaluation, organized by the National Institute of
Standards and Technology. The evaluation is a part of an ongoing series of evaluations
of human language translation technology. This evaluation campaign is characterized by
large amount of training material, mainly belonging to the news domain.

o IWSLT (The International Workshop on Spoken Language Translation) evaluation. An-
nual evaluation organized by the Consortium for Speech Translation Advanced Research
(C-STAR), focusing on the different aspects of the SMT (IWSLT 2004 evaluation - auto-
matic evaluation metrics for speech-to-speech translation, IWSLT 2005 - automatic trans-
lation of the ASR output, IWSLT 2006 - spontaneous speech translation) and mainly
supplied with small amount of in-domain training data [87].

o ACL-WMT evaluation. Evaluation organized in the framework of the annual ACL work-
shop and facing, among other challenges, the problem of automatic translating towards
languages other than English [88].
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3 Work Plan

The main objective of this PhD thesis is the improvement of the n-gram model for SMT, namely
I am planing to focus on the three crucial aspects: target language modeling adaptation, n-gram
translation model improvement and new word reordering techniques based on the introduction
of syntactical knowledge.

The work plan is divided into three tasks: target language modeling, translation model im-
provement and syntactically motivated word reordering. Below, the tasks are discussed with a
time scheduling. 24 months are estimated to complete all the tasks.

3.1 Target language modeling (8 months)

Language modeling is the attempt to capture and exploit regularities exhibited by natural lan-
guage. The main difference between phrase-based and ngram-based approaches lies in the dis-
tinct representation of the bilingual units defined by word alignment [27], another clear-cut
distinction is distinct role of the language model: for phrase-based system it is an integrated
part, whereas in ngram-based systems language model uses as an additional feature. Regardless
of the fact that some attention has been devoted to the language modeling for phrase-based
systems, an additional investigation is needed to define LM impact on the tuple-based system.

The common point of view is that SMT systems are robust to non-grammatical input data.
The majority of the up-to-date developed text-to-text translation systems address the problem
of pre-edited text translation, whereas systems of recognized speech translation or manually cor-
rected were set aside. In the framework of the work, I am considering specific language modeling
techniques for FTE (Final Text Edition) system adaptation to spontaneous speech translations
by means of regular and specific LMs linear interpolation. The bilingual translation model, as
well as the additional target language model, correlate with the morphological nature of the
bilingual corpus. However, spontaneous speech language peculiarities such as non-grammatical
or bad structured input are not duly reflected in the regular translation systems. The verbatim
(slightly manually corrected ASR output) transcription includes spontaneous speech phenom-
ena (hesitations, false-starts, half-words, etc). Hence, the application of bilingual and language
models calculated with semantically and grammatically corrected phrases to the spontaneous
speech input data may cause translation errors.

Most of the work of the thesis is concentrated on the improvement of the translation model
and the development of new techniques for word reordering. The recently published work on
factored language models applied to phrase-based translation systems [10] are a promising ap-
proach for bilingual translation modeling, but first some efforts on factored model adaptation to
the target LM are planned. By contrast to the phrase-based system LM factorization, this work
is tackled to the ngram-based SMT system with the help of Moses 2. Moses is an open source
statistical machine translation system dealing with automatically trained translation models for
words which may have a factored representation. Factored modeling can be a good solution
to the sparseness data problem, since it opens a new way to combine informational sources in
a intelligent manner. We plan to study different morphologically or statistically determined
classes as informational sources.

http://www.statmt.org/moses/
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3.2 Translation model improvement (16 months)

As it was indicated in the Section 1.3, TM factorization is going to be one of the ways to im-
prove the n-gram translation model. I plan to find the most efficient way to include and use
additional lexical or morphological information in the translation process by using a factored
n-gram model. Inspired by the work of [10], I consider the TM improvement on the decoding
or preprocessing step. For each tuple, the cost function is calculated depending not only on a
single stream of temporally preceding tuples, but also on additional parallel streams of features.
It probably will help to solve the well-known problem of n-grams no appearance, i.e. factored
models can help to avoid the situation when a particular n-gram has not been observed in the
training data, but it was called in the test set, thus a factored LM can provide a more robust
cost function value using the corresponding feature combination.

The second way of n-gram model improvement is hierarchical phrase model incorporation
into the SMT system. In [11] the pure statistical hierarchical phrase model was presented, while
in [12] statistical method was completed with linguistic information. The grammar rules are
generated and, according to them, phrase pairs can be represented as combination of special
terminal and non-terminal bilingual phrases, where non-terminal entries represent placeholders
of inserting additional phrase pairs. Motivated by this approach, I plan to implement n-gram
hierarchical TM based on the n-gram based system in order to have generalized TM driving the
decoding process.

Apart of the above mentioned objectives, I plan to attack the problem of unambiguous trans-
lation that is crucial for n-gram based systems. For example, the English word ”to bite” can be
translated to Spanish as ”"morder” or as ”picar” depending on the context of the phrase.

The part of the work dedicated to factored TM implementation is going to be held in parallel
with the corresponding LM task (3 months).

3.3 Syntactically motivated word reordering (3 months)

There is an ongoing debate whether the availability of data about the syntax of language is
needed for SMT. However, recent researches show that this information used in the rational
way can benefit SMT system, especially for highly inflected language. On the other hand, one
of the most important problems facing SMT society is the reordering problem in SMT. The
research work which is expecting to carry out comprises algorithm and tools development which
should combine different approaches to the SMT: statistical, syntactical, and morphological to
be applied to the word reordering task. The tool which is planning to be elaborated means to
reorder the entrance of the SMT system and can be considered as a preprocessing step, which
should lead to the simplification of the translation task.

Our work in word reordering will be a continuation of the statistical machine reordering
approach firstly presented in [14] that considers a translation of a source language phrase (S)
into a reordered source language phrase (S’) which leads to a monotonized word alignment and

a improved SMT system performance.

The planned work has 3 fundamental objectives:

1. Development and implementation of an algorithm to integrate new reordering strategies
to the entrance of the translator using the syntax transfer approach.
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2. Development of a software tool for reordering the source side of the parallel corpus on the
preprocessing step. This tool will be based on the mentioned developed algorithm and on
the dependency distances minimization algorithm [89].

3. Adapt the developed algorithms to generate a reordering graph that will be used as input
of the UPC SMT decoder.

3.4 Experimentation

The experimentation described in the previous sections will be mainly conducted over two par-
allel corpus. Both are used in the framework of the TC-Star 2 European Union research project,
and consists of large size databases:

e The European Parliamentary sessions in Spanish-English (from April 1996 to October
2004). It contains about one million sentences (35 million running words), and allows to
experiment on a monotone task with little reordering needs.

e A large variety of corpora from LDC (Linguistic Data Consortium) in Chinese-English.
The most important domain includes some newswire texts, the Hong Kong Handsards and
documents of the United Nations. It contains about seven million sentences (200 million
running words), and allows to experiment on a task with clear needs for reordering.

e The BTEC corpus. This corpus belongs to the tourist domain and contains text from the
phrase books for tourists in several languages [90]. Translation to English from four lan-
guages is considered: Mandarine Chinese, Japanese, Arabic and Italian. These translations
tasks are used in the framework of the IWSLT * evaluation.

3TC-Star - Technology and Corpora for Speech to Speech Translation. http://www.tc-star.org
“http://www.slc.atr.jp/TWSLT2006/
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