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Chapter 4

Phrase Translation Probabilities
Estimation

The introduction of phrase-based Statistical Machine Translation (SMT) took
advantage of the foundations laid by the work on word-based translation models
to bringing about a forward leap for SMT. The registered improvement was both
in terms of translation performance as well as of its acceptance by the research
and business communities. Importantly, moving from word-based towards phrase-
based translation marked the transition of SMT into the realm of the Fragment
Models (FMs) family, to which Phrase-Based SMT (PBSMT) models belong. The
fragments in the case of PBSMT correspond to contiguous phrase-pairs. These
are considered as our translation units and modelling the correspondence between
their phrases allows SMT to tap into the modelling potential of FMs. This allows
PBSMT models to combine the generalisation capacity of word-based translation
models, with the ability to forego the independence assumptions behind them
when translating certain phrases.

However, translating with phrasal fragments also exposed SMT to the estima-
tion problems faced by FMs. Direct application of trusted and well-understood
approaches such as Maximum Likelihood Estimation (MLE) and the Expectation-
Maximization (EM) algorithm is almost useless for PBSMT, turning researchers
into employing heuristic estimators instead. While these estimators do perform
relatively well, their heuristic nature leaves open the question of whether alterna-
tive estimators can deliver competitive performance from premises that are better
understood.

In this chapter, we will apply the CV-EM algorithm for the estimation of the
conditional phrase translation probabilities that form the core of PBSMT mod-
els, based on work first presented in (Mylonakis and Sima’an, 2008). We do this
by employing CV-EM to estimate the parameters of a phrase-based translation
model. Our model directly addresses the latent segmentation of sentence-pairs
in phrase-pairs, which the heuristic estimators fail to take into account. It con-
siders a restricted binary segmentation space with a prior over the segmentation
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94 Chapter 4. Phrase Translation Probabilities Estimation

variable, based on linguistic as well as computational premises.

In the context of this thesis, this empirical investigation serves two aims:
(a) to propose an estimation algorithm for phrase-based models with both a
clear learning objective, in the form of CV-MLE as well as a well-understood
implementation like CV-EM and (b) to empirically evaluate applying the CV-
EM algorithm to estimate the parameters of a state-of-the-art Fragment Model.

4.1 Problem Setting

The Phrase-Based SMT modelling framework (Och et al., 1999; Koehn et al.,
2003), which we introduce in section 2.3, is based on the notion of establishing
phrases instead of words as the basic translation units. Given an input source
sentence f , the key intuitive assumption is that, after f has been segmented into
K source phrases f̃K

1 , each source phrase f̃i is translated independently of the
rest into a target phrase ẽi. The resulting set of target phrases ẽK

1 is then further
reordered according to a reordering pattern π between the indexes of the source
and target phrase vectors f̃K

1 and ẽK
1 to arrive at the target output e, similarly

to the process in Figure 2.5.

Crucially, even though the concept of phrase segmentation is central to the
assumptions behind phrase-based translation, most of the Phrase-Based SMT
systems fail to account for it. Instead, they are based around translation models
which assign probabilities to translations of already segmented source sentences.
These models are log-linear interpolations of Φ feature functions φ, whose feature
scores are interpolated together under feature weights λ and normalised by Z(f).

p(e, ẽK
1 , π|f , f̃K

1 ) =
1

Z(f)

Φ∑
i=1

λi φi(e, f , ẽK
1 , f̃K

1 , π) (4.1)

During decoding, a PBSMT system selects the output translation ê through
a Viterbi search on the space of all source phrase segmentations f̃K

1 and subse-
quent constructions of target sentences from phrase translations and reordering
operations.

〈ê, ̂̃eK
1 , ̂̃fK

1 , π̂〉 = arg max
e,ẽK

1 ,f̃K
1 ,π

Φ∑
i=1

λi φi(e, f , ẽK
1 , f̃K

1 , π) (4.2)

In the model of (Koehn et al., 2003), which will form the baseline for the
experiments we present later in this chapter, the feature set includes an array of
features examining the correspondence between f and e from different perspec-
tives. These features range from those that examine the translation of phrases
and reordering, to others which consider target sentence well-formedness using a
monolingual target language modelling feature. They are further complemented



4.1. Problem Setting 95

by additional smoothing features, with the overall feature set described in detail
in section 2.3.

While all members of the feature set contribute in recovering ê in equation
(4.2), the backbone of a Phrase-Based SMT model is formed by the conditional

phrase translation features φ
e|f
PHR and φ

f |e
PHR.

φ
e|f
PHR = log

K∏
k=1

p(ẽk|f̃k) φ
f |e
PHR = log

K∏
k=1

p(f̃k|ẽk) (4.3)

These examine the correspondence between f and e under the assumption
that each phrase is translated independently from the rest of the input, with each
of the two features examining one of the two translation directions (f to e, as well
as e to f). Their score is computed based on the conditional phrase translation
distributions: p(ẽ|f̃) for each source phrase f̃ , and p(f̃ |ẽ) for each target phrase
ẽ. Estimating these distributions is thus an essential step of training a PBSMT
model and this will be the focus of this chapter.

4.1.1 PBSMT and Fragment Models

Phrase-Based SMT models employing conditional distributions p(e, ẽK
1 , π|f , f̃K

1 ),
belong in the Fragment Models family along the following lines, in correspondence
with how FMs were defined in section 3.1.2:

Data A target sentence e can be analysed given a source sentence f and a seg-
mentation of the latter in source phrases f̃K

1 , through the reordering π of
target phrases ẽK

1 . Each such target phrase ẽi emerges as the translation of
the corresponding source phrase f̃i.

Fragments The model employs contiguous phrase-pairs as data fragments ex-
tracted from a word-aligned parallel corpus. These are extracted following
simple heuristics, the most important of which is that word alignments orig-
inating in either the source or target phrase of the pair must be contained
within the phrase-pair. These fragments vary in size as measured by the
length of the phrases that comprise every such pair. This fragment size
can grow up to the full sentence lengths of training points, so that whole
sentence-pairs are also conceived as phrase-pairs.

Derivations Every phrase-pair fragment 〈ẽ, f̃〉 can be employed to supply the
target phrase translation ẽ for a source phrase f̃ ∈ f̃K

1 . The resulting
target phrase vector ẽK

1 is reordered according to the reordering variable π
to derive e.

Model Each such derivation of e from f̃K
1 is assigned a probability by the model

of equation (4.1).
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A phrase-based Fragment Model for translation memorises and recombines
extracted contiguous phrase-pairs from the training data. This allows it to mem-
orise and reuse instances of local translation phenomena like local reordering, as
well as encompass correlations between the translations of adjacent words as in
the case of translating idioms. However, these models are now also exposed to the
same overfitting issues plaguing the estimation of all Fragment Models according
to the frequently used MLE estimation objective. Attempts to train the condi-
tional phrase translation probabilities p(ẽ|f̃) as part of a generative translation
model and estimating their parameters so as to maximise training data likelihood,
lead to degenerate estimates which perform poorly (DeNero et al., 2006).

For this reason, right from the initial introduction of PBSMT, model parame-
ters are set to heuristic estimates, a practice still used in state-of-the-art systems
up to this day.

4.1.2 Heuristic Estimation

The heuristic estimates for the conditional phrase translation probabilities p(ẽ|f̃)
and p(f̃ |ẽ) used in the feature functions of (4.3) are set to values based on the
counts C(〈ẽ, f̃〉), which register how many times each phrase-pair can be extracted
from the training data.

p(ẽ|f̃) =
C(〈ẽ, f̃〉)∑
ẽ′ C(〈ẽ′, f̃〉)

p(f̃ |ẽ) =
C(〈ẽ, f̃〉)∑
f̃ ′ C(〈ẽ, f̃ ′〉)

(4.4)

This heuristic solution to the estimation problem of PBSMT models is rem-
iniscent of the DOP-1 estimator, the first estimator proposed for Data Oriented
Parsing (DOP) models, which also belong in the family of Fragment Models (see
section 3.1.2). Similarly to the PBSMT heuristic, under DOP-1, tree fragments
are assigned probabilities in proportion to their extraction counts from the train-
ing corpus. However, this heuristic choice leads to estimates which overfit towards
large tree fragments, leading to both weak statistical properties and weaker per-
formance in relation to later proposed estimators.

Examining the relation of the estimates in equations (4.4) to the training
corpus reveals their heuristic nature. While these estimates are sometimes infor-
mally referred to as relative frequencies, it is important to understand that they
are totally unrelated to the frequency of events in the training data (word-aligned
sentence-pairs). Indeed, the segmentation of sentence-pairs into phrase-pairs is
not observed in the training corpus, as the latter is composed of incomplete-data
in this respect. Instead, the heuristic estimates are relative frequencies of phrase
translations in the multiset of extracted phrase-pairs, which is related to the train-
ing corpus only by means of the arbitrary extraction step. As a consequence of
this, the heuristic estimates are not known to optimise any meaningful function
of the training parallel corpus itself.
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Despite these shortcomings of the heuristic estimator, the mounting number
of efforts attacking the problem of PBSMT model estimation over the last few
years (DeNero et al., 2006; Marcu and Wong, 2002; Birch et al., 2006; Moore and
Quirk, 2007; Zhang et al., 2008a) exhibits its difficulty. So far, none has lead to
an alternative method that performs as well as the heuristic on reasonably sized
data.

4.1.3 Motivating an Intuitive Estimation Approach

In the face of the difficulty of coming up with an alternative estimation approach
for PBSMT models, the heuristic estimates have long been dominant in state-
of-the-art implementations of phrase-based translation systems. Still, there are
multiple arguments motivating research in that direction.

Firstly, estimators which employ a clearer optimisation objective allow us to
better understand how the estimates relate to the training data, which is by no
means an argument of a merely theoretical nature. On the contrary, employing
a well-founded estimator makes it easier to evaluate its statistical properties and
pinpoint the source of its errors, or the conditions under which it performs well.

Further, estimating phrase-based models, as is the case with Fragment Models
in general, allows us to fine-tune how closely the training corpus will be fit during
estimation, something which will reflect in the generalisation capacity of the esti-
mates. On one hand, smaller phrase-pairs provide in general higher coverage, but
are difficult to combine together due to the strong independence assumptions of
the models. On the other, larger phrase-pairs many times offer a relatively trusted
translation for a large span of the input source sentence, but at the cost of low
coverage and less flexibility in adapting their fixed translation to the surrounding
context. While this results in a parameter space that can prove treacherous for
estimators, it also makes PBSMT model estimation highly interesting by provid-
ing the chance to learn how to combine memorisation with re-use to perform well
on novel source sentences.

Finally, employing alternative well-founded estimators for phrase-based mod-
els, apart from the chance to perhaps offer equivalent or better translation per-
formance from better understood foundations, even more importantly lays the
path to the future. Heuristics, being arbitrary in nature, can hardly be evolved
to something more meaningful. Also, as they are ad hoc solutions with an ap-
plicability based only on empirical grounds. The implications of extending their
use to novel models, or for translation between language pairs enjoying differ-
ent properties, are far from being clear. Proposing estimators based on stronger
principles builds both a better trusted estimation platform for novel and refined
models, as well as allows the estimator itself to function as a starting point for
further research.



98 Chapter 4. Phrase Translation Probabilities Estimation

4.2 Related Work

Marcu and Wong (2002) realise that the problem of extracting phrase pairs should
be intertwined with the method of probability estimation. They formulate a joint
phrase-based model in which a source-target sentence pair is generated jointly.
However, the huge number of possible phrase-alignments prohibits scaling up the
estimation by Expectation-Maximization to large corpora. Birch et al. (2006)
provide soft measures for including word-alignments in the estimation process
and obtain improved results, but only on small data sets.

More recently, (Blunsom et al., 2008a) attempt a related estimation problem
to (Marcu and Wong, 2002), using the expanded phrase pair set of (Chiang,
2005a), working with an exponential model and concentrating on marginalising
out the latent segmentation variable. In addition, (Zhang et al., 2008a) report on
a multi-stage model, without a latent segmentation variable, but with a strong
prior preferring sparse estimates. This prior is embedded in a Variational Bayes
(VB) estimator and the authors concentrate their efforts on pruning both the
space of phrase pairs and the space of (ITG) analyses. Blunsom et al. (2008a)
and (Zhang et al., 2008a) report improved performance, albeit again on a limited
training set (approx. 140K-170K sentences with sentence length constraints).

DeNero et al (DeNero et al., 2006) have explored estimation using EM of
phrase pair probabilities under a conditional translation model based on the
original source-channel formulation. This model involves a hidden segmenta-
tion variable that is set uniformly (or to prefer shorter phrases over longer ones).
Furthermore, the model involves a reordering component akin to the one used
in IBM Model-3. Despite this, the heuristic estimator remains superior because
“EM learns overly determinized segmentations and translation parameters, over-
fitting the training data and failing to generalize”. Moore and Quirk (2007) devise
an estimator working with a model that does not include a hidden segmentation
variable but works with a heuristic iterative procedure (rather than MLE or EM).
The translation results remain inferior to the heuristic, but the authors note an
interesting trade-off between decoding speed and the various settings of this es-
timator.

Our work expands on the general approach taken by (DeNero et al., 2006;
Moore and Quirk, 2007) but arrives at insights concerning the value of binary
phrase-pair segmentations similar to those of (Zhang et al., 2006), albeit in a
completely different manner. The present work differs from all preceding work in
that it employs the set of all phrase pairs during training. It differs from (Zhang et
al., 2008a) in that, while it does postulate a latent segmentation variable as well,
it puts the prior directly over that variable rather than over the ITG synchronous
rule estimates. Our method neither excludes phrase pairs before estimation nor
does it prune the space of possible segmentations/analyses during training. As
well as smoothing, we find (in the same vein as (Zhang et al., 2008a)) that setting
effective priors and smoothing is crucial for EM to arrive at better estimates.
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4.3 Our approach

In this chapter, we start out from a standard phrase extraction procedure based on
word-alignment and aim solely at estimating the conditional probabilities for the
phrase pairs in both translation directions. Unlike preceding work, we extract
all phrase pairs from the training corpus and estimate their probabilities, i.e.
without limit on length. After training, we can still limit the set of phrase pairs
to those selected by a cut-off on phrase length. The reason for using all phrase
pairs during training is that it gives a clear point of reference for an estimator,
without implicit, accidental biases that might emerge due to length cut-off.

We employ a novel formulation of a conditional translation model that works
with a prior over bilingual segmentations and a bag of conditional phrase pairs.
We use binary Synchronous Context-Free Grammar (bSCFG) based on the In-
version Transduction Grammar (ITG) (Wu, 1997; Chiang, 2005a), to define the
set of eligible segmentations for an aligned sentence pair. We also show how the
number of spurious derivations per segmentation in this bSCFG can be used for
devising a prior probability over the space of segmentations, capturing the bias
in the data towards monotone1 translation.

At the heart of the estimation process lies an instance of the Cross-Validating
EM algorithm. Apart from a direct application of the CV-EM framework for
this estimation problem, we also experiment with a Jackknife inspired variation
of it, which averages the temporary probability estimates of multiple parallel EM
processes at each joint iteration.

We evaluate against a state-of-the-art baseline system (Moses) (Hoang and
Koehn, 2008), which works with the log-linear interpolation of feature functions
of equation (4.2), with interpolation weights optimised by Minimum Error Rate
Training (Och, 2003). We simply substitute our own estimates for the heuris-
tic phrase translation estimates of (4.4) and compare the two within the Moses
decoder. While our estimates differ substantially from the heuristic, their perfor-
mance is on par with the heuristic estimates. This is remarkable given the fact
that comparable previous work (DeNero et al., 2006; Moore and Quirk, 2007) did
not match the performance of the heuristic estimator using large training sets.
We believe that using CV-EM for the estimation of the model’s parameters is the
vital choice which allows to avoid overfitting while disambiguating the phrase-pair
segmentation of the word-aligned training corpus, arriving in this way at strong
estimates of the conditional translation probabilities.

4.3.1 The Translation Model

Heuristically estimated PBSMT systems mostly treat the latent segmentation of
training sentence-pairs into phrase-pairs as an unnecessary nuisance. In contrast,

1Monotone translation produces target output which follows the word or phrase order of the
source sentence.
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I am going home tomorrow to see my kids .

Ik ga morgen om mijn kinderen te zien .naar huis
0 1 2 3 4 5 6 7 8 9 10 11

0 1 2 3 4 5 6 7 8 9 10

Figure 4.1: A bilingual segment σk = 〈lf , rf , le, re〉, covering source span 〈lf , rf〉 =
〈3, 5〉 and target span 〈le, re〉 = 〈3, 4〉
.

our model makes this part of the translation process explicit by incorporating a
latent bilingual segmentation variable σ. This takes values from a constrained
binary space of segmentations, while a non-uniform prior p(σ; a) over the seg-
mentations enforces a preference for more productive segmentation patterns.

We couple this modelling component with the conditional phrase translation
probabilities, to arrive at a conditional phrase-based translation model. Esti-
mating the parameters of this model by using CV-EM will lead us to phrase
translation distribution estimates which enjoy a clear relation to the training
corpus as local optima of the Cross-Validated Likelihood of the latter.

4.3.2 Generative Process

Given a word-aligned source-target sentence-pair 〈e, f , a〉, the generative story
underlying our model goes as follows:

1. Abiding by the word-alignments in a, segment the source-target sentence-
pair 〈e, f〉 into a sequence of K non-overlapping containers σ = σK

1 . Each
container σk = 〈lf , rf , le, re〉 consists of the start lf and end rf positions for
a phrase in f , and the start le and end re positions for an aligned phrase in
e, as in Figure 4.1.

2. For a given segmentation σK
1 , for every container σk = 〈lf , rf , le, re〉 with

1 ≤ k ≤ K, select a phrase ẽk for the output span 〈le, re〉 as a translation
of the source phrase f̃k corresponding to the span 〈lf , rf〉, independently
from the rest of the source input and according to the conditional phrase
translation distribution p(ẽ|f̃j).

This conditional translation process is depicted in Figure 4.2 and leads to the
following probabilistic model:

p(e|f ; a) =
∑

σK
1 ∈Σ(a)

p(σK
1 ; a)

∏
σk∈σK

1

p(ẽk|f̃k) (4.5)
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Ik ga morgen om mijn kinderen te zien .naar huis

Ik ga morgen om mijn kinderen te zien .naar huis

bilingual segmentation σ

I am going home tomorrow to see my kids .

Ik ga morgen om mijn kinderen te zien .naar huis

phrase translation e | f~ ~

Figure 4.2: The conditional translation process for the model of equation (4.5).

In equation (4.5) above, Σ(a) is the set of binary segmentations (defined
next) that are eligible according to the word-alignments a between f and e; i.e.
which only employ containers which delineate phrase pairs according to the usual
PBSMT rules2.

These segmentations into bilingual containers are different from the monolin-
gual latent segmentation in phrases implied by Phrase-Based SMT models. They
also differ from the segmentation variable used in earlier comparable conditional
models (e.g., (DeNero et al., 2006)), which must generate the alignment on top of
the segmentations. Our bilingual segmentations encompass both the process of
partitioning the source sentence into phrase pairs, as well as establish the reorder-
ing pattern between the source phrases and their translations, as each container
of the segmentation defines the position of the target translation in the output.

The process of formulating our model will be complete after we define the
space of binary segmentations Σ(a) that we consider and discuss our choice of
prior probability p(σK

1 ) over these segmentations.

4.3.3 Binary Segmentations Space

Considering the unconstrained space of all segmentations σ between a sentence
pair in our training data leads to an NP-hard problem, as it was shown for

2At least one alignment point between the two spans 〈lf , rf 〉 and 〈le, re〉, no alignment points
crossing the container’s boundaries.
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the similar Fragment Model of DOP (Sima’an, 1996). Given this, working with
phrase-based models necessarily involves considering a certain subset of the seg-
mentation space. For example, this can be done by imposing length constraints
on the phrases which make up phrase-pairs, as well as by employing approxi-
mative search, such as the beam search algorithms which are frequently used in
PBSMT decoder implementations.

Instead of using arbitrary cut-off lengths to constrain the segmentation space,
models based on binary Synchronous Context Free Grammars (bSCFGs), in the
form of Inversion Transduction Grammars (ITG) (Wu, 1997), take an alternative
approach which is motivated by both computational and linguistic arguments.
bSCFGs occupy a part of the space of all SCFGs which is highly interesting to
MT practitioners, as we discussed in section 2.4.1. Exploring the space of all
derivations which can be described by a bSCFGs, can be usually performed using
algorithms with polynomial computational complexities in respect to the length
of the sentence-pairs. At the same time, as has been first identified by (Wu, 1997)
and further confirmed empirically by (Huang et al., 2009) , bSCFGs seem to be
able to cover most of the reordering patterns encountered in natural language
pairs.

For these reasons, we will consider in the work in this chapter the space
of binary segmentations. We thus denote as Σ(a) in equation (4.5) above the
space of segmentations that can be produced from a binary phrase-based SCFG,
which employs phrase-pair spans that abide by the alignments a. This SCFG
has two binary synchronous rules that correspond respectively to the contiguous
monotone and inverted alignments, denoting with [ ] monotone and with 〈 〉
swapping reordering of the target phrase translations.

XP → [XP XP]

XP → 〈XP XP〉 (4.6)

These two synchronous rules are coupled in our grammar with a set of lexical,
phrase-pair emitting rules {XP → ẽ / f̃ | 〈ẽ, f̃〉 is a phrase pair}. In this bSCFG,
every derivation corresponds to a phrase segmentation of the input and a binary
re-ordering pattern for the translations of the source phrases according to the
rules in (4.6).

Binarisable Reordering Patterns Following (Zhang et al., 2006; Huang et
al., 2009), in phrase-based translation every sequence of alignments between K
source and target phrases can be viewed as a sequence of integers 1, . . . K together
with a permuted version of this sequence π(1), . . . , π(I), where the two copies of an
integer in the two sequences are assumed aligned/paired together. For example,
possible permutations of {1, 2, 3, 4} are {2, 1, 3, 4} and {2, 4, 1, 3}. Permutations
such as these can be used to describe the reordering pattern of a segmentation
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Figure 4.3: Multiple ways to binarise the reordering pattern {2, 1, 3, 4}.

σK
1 for a sentence-pair, by indicating the order of the target phrases in relation

to the source phrase that each originates from.

Binarisable reordering patterns are those which can be captured by binary
SCFGs employing rules such as those in (4.6). Huang et al. (2009) describe a
linear-time algorithm to find binarisations : derivations of reordering patterns
π(1), . . . , π(I) from 1, . . . K, employing binary reordering steps which swap or
keep intact the order of two adjacent spans in the sequence of integers, as the rules
of (4.6) do. For most reordering patterns there is more than one way to binarise
them. The number of possible binarisations of a binarisable permutation is a
recursive function which reaches its maximum for fully monotone permutations.
It is equal to the number all binary trees, which is a factorial function of the
length of the permutation. Each such binarisation corresponds to a different way
to derive the reordering pattern in terms of a bSCFG, with Figure 4.3 listing two
such derivations for the reordering pattern {2, 1, 3, 4}.

Accordingly, for a given reordering pattern as indicated by the word align-
ments a, the bSCFG of (4.6) which constraints the space of segmentations Σ(a)
produces multiple derivations for every segmentation σ ∈ Σ(a). It is possible
to constrain this bSCFG such that it generates a single, canonical derivation per
segmentation (Wu, 1997). However, in the next section we show that the number
of such derivations is a good measure of phrase pair productivity, a feature we
take advantage of to formulate a prior over the segmentation space.

Finally, while there is evidence that most of the reordering patterns for many
natural language pairs are binarisable (Huang et al., 2009), there still exist non-
binarisable reorderings which might be present in the training data, either as a
result of less frequent translation phenomena or noise such as misaligned words.
Segmentations which correspond to such reordering patterns (e.g. {2, 4, 1, 3})
are non-binarisable and are not included in Σ(a). Nevertheless, our Fragment
Model of (4.5) takes an all phrase-pairs approach, including segmentations em-
ploying phrase-pairs of unconstrained lengths. This enables always finding a
segmentation for a word-aligned sentence-pair in Σ(a), as we may encompass the
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11
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Figure 4.4: Two segmentations of an alignment/permutation. Both segmenta-
tions have the same number of binarisations despite differences in container sizes.

non-binarisable parts of the reordering pattern in longer phrase-pairs, if needed
up to the full sentence-pair length.

4.3.4 Prior over Segmentations

As it has been found out by (DeNero et al., 2006), it is not easy to come up with
a simple, effective prior distribution over segmentations that allows for improved
phrase pair estimates. Within a Maximum-Likelihood estimator, preference for
segmentations σI

1 consisting of longer containers could lead to overfitting, as is the
case for all Fragment Models. Alternatively, it is tempting to have a preference for
segmentations σI

1 that consist of shorter containers, because (generally speaking)
shorter containers have higher expected coverage of new sentence pairs. However,
mere bias for shorter containers will not give better estimates as observed by
(DeNero et al., 2006). One case where this bias clearly fails is the case of a
contiguous sequence of containers with a complex alignment structure (crossing
alignments). For example as seen in Figure 4.4, for the word-alignment pattern
{1, 3, 4, 2, 5} there is a segmentation into five containers {1; 3; 4; 2; 5}, as well as
a further one into three {1; 3, 4, 2; 5}. The first segmentation involves shorter
containers that have crossing brackets among them, while the second one consists
of three containers including a longer container {3, 4, 2}.

In the first segmentation, due to their crossing alignments, each of the con-
tainers {3}, {4} and {2} will not combine with the surrounding context ({1}
and {5}) on its own, i.e., without the other two containers. Furthermore, there is
only a single binarisation of {3, 4, 2}. Hence, while the first segmentation involves
shorter containers than the second one, these shorter containers are as productive
as the large container {3, 4, 2}, i.e., they combine with surrounding containers in
the same number of ways as the large container. In such and similar cases, there
are no grounds for the bias towards shorter phrases/containers.
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The notion of container productivity (the number of ways in which it com-
bines with surrounding containers during training) seems to correlate with the
expected number of ways a container can be used during decoding, which should
be correlated with expected coverage. During training, containers that are of-
ten surrounded by other monotonically aligned containers, are expected to be
more productive than alternative containers that are often surrounded by cross-
ing alignments. Hence, the number of binarisations that a segmentation has under
the bSCFG is a direct function of the ways in which the containers combine among
themselves (monotone vs. swapping) within segmentations and provides a more
accurate measure of container productivity than container length.

On these grounds we formulate a prior distribution over segmentations p(σK
1 ; a)

of a word-aligned sentence-pair as follows:

p(σK
1 ; a) =

N(σK
1 )

Z(Σ(a))
(4.7)

Above, N(σK
1 ) is the number of binary derivations that σK

1 has in the binary
SCFG (bSCFG) and Z(Σ(a)) =

∑
σJ
1 ∈Σ(a) N(σJ

1 ). In total, this prior is the ratio

of the number of bSCFG derivations of σK
1 to the total number of derivations

that 〈e, f , a〉 has under the bSCFG.
Hence, the final model we employ is the following:

p(e|f ; a) =
∑

σK
1 ∈Σ(a)

N(σK
1 )

Z(Σ(a))

∏
σk∈σK

1

p(ẽk|f̃k) (4.8)

4.3.5 Contrast with Similar Models

In contrast with the model of (DeNero et al., 2006), who define the segmen-
tations over the source sentence f alone, our model employs bilingual containers
thereby segmenting both source and target sides simultaneously. Therefore, unlike
(DeNero et al., 2006), our model does not need to generate the word-alignments
explicitly, as the latter are embedded in the segmentations. Similarly, our model
does not include explicit penalty terms for reordering/inversion but includes a
related bias in the prior probabilities over segmentations p(σK

1 ; a).
In a way, the segmentations and bilingual containers we use can be viewed as

similar to the concepts used in the Joint Model of Marcu and Wong (Marcu and
Wong, 2002). Unlike (Marcu and Wong, 2002) however, our model works with
conditional probabilities and starts out from the word-alignments.

The novel aspects of our model are three: (a) it defines the set of segmen-
tations using a bSCFG, (b) it includes a novel, refined prior probability over
segmentations, and (c) it employs all phrase pairs that can be extracted from a
word-aligned training parallel corpus. For these novel elements to produce rea-
sonable estimates, we employ CV-EM for this Fragment Model for conditional
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phrase-based translation.

4.4 Estimation with CV-EM

The translation model of equation (4.8) coupled with the all-phrase pairs principle
that we employ result in a conditional Fragment Model for translation. Directly
applying MLE estimation with it is bound to overfit the training data, as we
have both discussed from a theoretical perspective here in section 3.1.5, and as
considered empirically in (DeNero et al., 2006). In our experiments, where we
do not enforce a phrase-pair length cut-off value, plain EM strongly overfits to-
wards considering the sentence-pair as a single large phrase-pair fragment. Other
hypotheses receive fractional expected counts close to zero, merely as a result of
stopping EM short of full convergence.

Avoiding the degenerate MLE estimates can take the form of: (a) employ-
ing probabilistic priors over the segmentation space which prefer more reusable
fragments, or (b) smoothing the learning objective itself so that we are led to
estimates which generalise better. In this work, we employ both solutions in tan-
dem. The general-purpose, smoothing learning objective of Cross-Validated MLE
is complemented by a model and application specific smoothing prior.

This prior over segmentations p(σK
1 ; a), defined in section 4.3.4, counters over-

fitting by preferring segments which are more productive, in the sense of tak-
ing part together with their context in more derivations of the target sentence.
Our formulation for this prior in (4.7) prefers shorter fragments that participate
in monotone translations and is less inclined towards the preference for smaller
phrase-pairs when these participate in complex reordering patterns as shown in
Figure 4.4. While this prior counters overfitting up to a certain extent, in our
experiments we find that it is not enough to avoid the degenerate EM estimates.

For this, we couple it with the Cross-Validated Expectation-Maximization al-
gorithm we formulated in section 3.2. The Cross-Validated MLE estimation ob-
jective that our algorithm is based on, will help to avoid considering overfitting
segmentation hypotheses which arise from single training instances and explore
instead a segmentation space which favours reusable phrase-pairs. Apart from a
standard application of the CV-EM framework, we further examine a variation
of the algorithm which further cross-validates the parameter values themselves
instead of only applying CV for the latent segmentation variable. After exam-
ining both CV-EM variations we discuss smoothing and implementation issues,
preparing the grounds for our empirical evaluation.

4.4.1 Applying the CV-EM Framework

We begin the process of applying the CV-EM framework for the estimation of the
parameters of the phrase-based conditional translation model in (4.8), by relating
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the concepts and notation of the problem to their more abstract counterparts
in section 3.2.3. In relation to the estimation problem at hand, the available
training data X are incomplete. These are made up of observed word-aligned
sentence-pairs x = 〈e, f , a〉, while the segmentation y = σ of each sentence-pair
in phrase-pairs remains unobserved.

Cross-Validated Segmentation We prepare the ground for Cross-Validating
during estimation by splitting the corpus X in J parts X 1, . . . ,X J of approxi-
mately equal sizes. The crucial difference between CV-EM and a direct appli-
cation of EM is employing a mapping function Z(x;X−j) from incomplete to
complete data, which safeguards against overfitting by returning only hypotheses
which arise from the rest of the training corpus X−j for x ∈ X j. In our case,
this translates to substituting the unconstrained binary segmentations set σ(a)
for each training point 〈e, f , a〉 ∈ X j, with the set of hypotheses over the seg-
mentation σ(e, f , a;X−j). The latter is equal to the subset of σ(a), for which for
every σK

1 ∈ σ(a) which segments the sentence pair 〈e, f〉 in phrase-pair segments
σk = 〈ẽ, f̃〉 (1 ≤ k ≤ K), the phrase-pair 〈ẽ, f̃〉 can be extracted from X−j. This
cross-validated segmentation set allows us to avoid considering segmentations
which demand from us to supply for the source phrases f̃ , target translations ẽ
which are solely suggested by the currently examined part of the corpus alone.

Optimisation Objective Following a Cross-Validated Maximum Likelihood
Estimation (CV-MLE) objective, we wish to find the estimate θ̂CV which max-
imises the Cross-Validated conditional likelihood of the training corpus X which
we have split in J parts, considering only hypotheses over the segmentation of
the word-aligned sentence-pairs supplied by Σ(e, f , a;X−j).

LCV (X ; J, θ) =
J∏

j=1

∏
〈e,f ,a〉∈X j

p(e|f , a)

=
J∏

j=1

∏
〈e,f ,a〉∈X j

∑
σK
1 ∈Σ(e,f ,a;X−j)

p(σK
1 ; a)

∏
σk∈σK

1

p(ẽk|f̃k) (4.9)

As usual with estimation from incomplete data, finding the CV-MLE estimate
which maximises (4.9) above cannot be solved analytically and we resort to finding
iteratively a local optimum of the likelihood function using an implementation of
the EM algorithm, in this case CV-EM. The algorithmic steps of CV-EM from
section 3.2.3 take the following form for this estimation problem.

Parameter Initialisation Before the iterative CV-EM process initiates, we
first establish the model parameter set for the conditional phrase translation dis-
tributions p(ẽ|f̃), by extracting all phrase-pairs from the parallel training corpus
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X which abide by the alignments. We then initialise the model parameters to an
initial estimate θ̂CV

0 , with all distributions p(ẽ|f̃) set to uniform. After initiali-
sation, the two steps which comprise the iterative part of the CV-EM algorithm
take over.

Expectation Step In each iteration r, during the E-step of the CV-EM algo-
rithm we set up the expected CV log-likelihood of the training data, in respect to
the parameters θ̂r−1 that were output after the previous iteration r − 1, starting
from θ̂CV

0 .

QCV (θ|θ̂CV
r−1) = E

[
logLCV (X ; K, θ)|X , K, θ̂CV

r−1

]
=

J∑
j=1

∑
〈e,f ,a〉∈X j

∑
σK
1 ∈Σ(e,f ,a;X−j)

log

p(σK
1 ; a)

∏
σk∈σK

1

p(ẽk|f̃k)

 qCV (σK
1 |e, f , a, θ̂CV

r−1)

(4.10)

In preparation of optimising QCV in the next step, we compute the expected
fractional counts qCV of each segmentation as follows, employing the parameter
estimates for the conditional translation probabilities p(ẽ|f̃ ; θ̂CV

r−1) from iteration
r − 1.

qCV (σK
1 |e, f , a; θ̂CV

r−1) =

p(σK
1 ; a)

∏
σk∈σK

1

p(ẽk|f̃k; θ̂
CV
r−1)∑

σ′K
′

1 ∈Σ(e,f ,a;X−j)

p(σ′K′

1 ; a)
∏

σ′k′∈σ′K
′

1

p(ẽ′k′|f̃ ′
k′ ; θ̂

CV
r−1)

(4.11)

Maximization Step In the M-step of the CV-EM algorithm, we maximise
(4.10) in respect to θ to retrieve the next parameter estimate θ̂CV

r .

θ̂CV
r = arg max

θ
QCV (θ|θ̂CV

r−1) (4.12)

Solving the optimisation problem of (4.12) results in each parameter taking a
value pr(ẽ|f̃) proportional to the fractional counts q(〈ẽ, f̃〉) of the appearance of
phrase-pair 〈ẽ, f̃〉 in the segmentations of the training data, as these are counted
according to the θ̂CV

r−1. With δ the Kronecker delta function, we have:

q(〈ẽ, f̃〉; θ̂CV
r−1) =

J∑
j=1

∑
〈e,f ,a〉∈X j

∑
σK
1 ∈Σ(e,f ,a;X−j)

qCV (σK
1 |e, f , a; θ̂CV

r−1)
K∑

k=1

δ(ẽk, ẽ)δ(f̃k, f̃) (4.13)
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INPUT: Word-aligned parallel training data X
OUTPUT: Estimates θ̂CV for all p(ẽ|f̃)

Partition training data X into J equal parts X 1, . . . ,X J

Initialise θ̂CV
0 =

{
p0(ẽ|f̃)

}
to uniform conditional probabilities

Let r = 0 // EM iteration counter
Repeat

Let r = r + 1
E-step:

For 1 ≤ j ≤ J do
calculate expected counts for segmentations Σ(e, f , a;X−j)

of each 〈e, f , a〉 ∈ X j using θ̂CV
r−1 =

{
pr−1(ẽ|f̃)

}
M-step: calculate probabilities θ̂CV

r = pr(ẽ|f̃)
from the expected counts of the E-step

Until θ̂CV
r has converged

Figure 4.5: CV-EM implementation pseudocode.

pr(ẽ|f̃) =
q(〈ẽ, f̃〉; θ̂CV

r−1)∑
ẽ′ q(〈ẽ′, f̃〉; θ̂CV

r−1)
(4.14)

The new set of parameters θ̂CV
r is fed into the next iteration and the process

continues until convergence. Figure 4.5 summarises in pseudocode the application
of CV-EM for the estimation of this phrase-based translation model.

4.4.2 Jackknife Averaging

In addition to the standard application of CV-EM that we present above, we also
formulate and employ in our empirical experiments a variation of it inspired by
the Jackknife re-estimation method (Quenouille, 1949; Tukey, 1958)3. Similarly
to CV, the Jackknife estimate is equal to the average of the estimator output
when applied on different parts of a partition of the training data, when each
time a single part is excluded from the estimator’s input. As with CV, Jackknife
estimation also aims at trading estimator bias to reduce the error due to variance
of the estimates in relation to the input training sample.

We employ the Jackknife approach to arrive at a variation of the CV-EM which
aims to reduce the variance error of our estimates. While CV-EM focuses on
the cross-validation of the segmentation hypothesis space, which has an indirect

3An up-to-date presentation of the Jackknife can be found in (Duda et al., 2001).
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smoothing effect on the resulting estimates, our application of Jackknife directly
applies smoothing on the temporary parameter estimates themselves during every
iteration.

Namely, during every iteration’s E-step, instead of collecting a single expected
counts value q(〈ẽ, f̃〉; θ̂CV

r−1), we compute and store the expected counts of each
phrase-pair in the segmentations of each part of the corpus X j separately.

qj(〈ẽ, f̃〉; θ̂CV
r−1) =∑
〈e,f ,a〉∈X j

∑
σK
1 ∈Σ(e,f ,a;X−j)

qCV (σK
1 |e, f , a; θ̂CV

r−1)
K∑

k=1

δ(ẽk, ẽ)δ(f̃k, f̃) (4.15)

From these counts, we compute during the M-step a separate estimate pj
r(ẽ|f̃)

of each parameter value p(ẽ|f̃) from every part of the training data. The Jackknife
estimate pr(ẽ|f̃) for each iteration is then computed by averaging together the
respective J estimates, one from each training data part. These values comprise
the temporary estimate θ̂CV

r for iteration r, which is then fed to the following
iteration of the algorithm.

pj
r(ẽ|f̃) =

qj(〈ẽ, f̃〉; θ̂CV
r−1)∑

ẽ′ q
j(〈ẽ′, f̃〉; θ̂CV

r−1)
(4.16)

pr(ẽ|f̃) =

∑J
j=1 pj

r(ẽ|f̃)

J
(4.17)

This averaging of the estimates has a smoothing effect on the final output
θ̂CV

r of each iteration. It reduces the impact of observations or hypotheses over
latent variables whose appearance in the training data is characterised by a large
variance. In contrast, parameter values relating to events or hidden values (e.g.
use of phrase-pairs in segmentations) whose frequencies are similar across the
different parts X j, will stay largely unaffected by averaging through the data
partition.

The disadvantage of applying this averaging operation between the estimates
from the different parts of the data is that, by tampering with the workflow of the
EM algorithm, we cannot lay claim anymore to the important algorithmic prop-
erties that CV-EM inherits from EM. It is not clear from a theoretical perspective
that the Jackknife variation of CV-EM that we present here converges towards
an estimate that satisfies a specific condition, as it is the case with the direct CV-
EM implementation of section 4.4.1. Nevertheless, in all the experiments that we
present later in this chapter, this variation of CV-EM always converged and the
estimates produced were relatively strong in relation to both the direct CV-EM
estimates as well as those of the baseline.
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4.4.3 Smoothing and Implementation Details

There are two special boundary cases which demand our attention during esti-
mation.

Completing the Derivations Enforcing the segmentation space Σ(e, f , a;X−j)
strictly will not allow us to find segmentations for many sentence pairs. A striking
example is any sentence-pair with a source or target word that appears only once
in our training corpus. In order to avoid this, in practice we allow all binary seg-
mentations Σ(a) to be considered, while strongly penalising segmentations which
are not included in Σ(e, f , a;X−j).

In more detail, while our primary estimation target are parameters p(ẽ|f̃)
for phrase-pairs 〈ẽ, f̃〉 which survive cross-validation by appearing in at least two
different parts of the data, we also allow the rest of the phrase-pairs to take part in
sentence-pair derivations with a fixed conditional translation probability. This is
set to 10−5∗m̃, where m̃ is the length of the source phrase f̃ , in essence employing a
word-level conditional translation model with a fixed word translation probability
equal to 10−5.

This choice puts at a severe disadvantage derivations of a sentence-pair us-
ing long penalised phrase-pairs, strongly promoting derivations which employ
the cross-validated phrase-pairs as much as possible. The role of the smoothing
phrase-pairs is then to merely complete derivations for the synchronous spans
which could not be otherwise covered.

Zero distributions In the case of the Jackknife CV-EM variation, when a
phrase f̃ does not occur in X j, all its pairs ẽ in the phrase table will amass zero
counts from this part of the training data. Its CV-MLE estimate from X j is then
undefined, since it is irrelevant for computing the likelihood of X j. This creates
a problem during each iteration when the estimates from each X j are averaged
together to compute the Jackknife estimate. While in this case any choice of a
distribution P (·|f̃) will constitute an MLE solution for X j, we choose to set this
case to the minimally informed uniform distribution when averaging.

Algorithmic Implementation Since our model is formulated within the bi-
nary SCFG framework, we employ a bilingual CYK parser (Younger, 1967). This
parser uses a grammar which includes the rules in (4.6), complemented with
the phrase emitting productions. It builds for every input 〈e, f , a〉 all binarisa-
tions/derivations for every segmentation in σ(a). For implementing CV-EM, we
employ the bilingual extension of the Inside-Outside algorithm (Lari and Young,
1990; Goodman, 1998) on top of the parser. During estimation, because the
input, output and word-alignment are known in advance, the time and space
requirements remain manageable despite the worst-case complexity O(n6) for
sentence-pair length n.
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4.5 Experiments

To evaluate the strength of our CV-EM estimates computed according to the
CV-MLE optimisation objective in comparison to their heuristic counterparts,
we integrate these in turn in a Phrase-Based SMT decoder. We use French
to English translation as our primary language pair to test the performance of
an array of estimation and decoding configurations. We then further evaluate
our best performing configurations against the baseline for a German to English
translation task.

4.5.1 Decoding and Baseline Model

In this work, we compare against a state-of-the-art PBSMT baseline, based on the
feature-based model of equation (4.1). The feature functions φ employed are: a 5-
gram target language model, the standard reordering scores, the word and phrase
penalty scores, the conditional lexical estimates obtained from the word-alignment
in both directions and the conditional phrase translation heuristic estimates of
equations (4.3) in both directions p(ẽ|f̃) and p(f̃ |ẽ). The feature weights λ are
optimised by Minimum Error-Rate Training (MERT) (Och, 2003). For decoding
according to (4.2) we use the Moses decoder (Hoang and Koehn, 2008).

We compare our estimates of p(ẽ|f̃) and p(f̃ |ẽ) to the commonly used heuristic
estimates, by substituting the latter with the values obtained through CV-MLE
estimation and decoding while keeping the rest of the feature functions fixed.
Even though the exposition in this chapter follows the estimation of translation
probabilities p(ẽ|f̃) of target phrases given the source phrases, the estimates for
the opposite translation direction can be readily computed by reversing the roles
of the two languages in the language-pair. We use estimates computed using both
variations of the CV-EM algorithm: the standard application of it (CV-EM) and
the Jackknife variation (J-CV). Before we decode with each translation model
parameter set, we recompute the feature weights with MERT.

Because our model employs a latent segmentation variable, this variable should
be marginalised out during decoding to allow selecting the highest probability
translation given the input. This could turn out crucial for improved results, as
noted by (Blunsom et al., 2008a). However, such a marginalisation can be NP-
Complete, in analogy to the similar problem in Data-Oriented Parsing (Sima’an,
2002). Since we do not have access to a decoder that can approximate this
marginalisation efficiently, we employ the standard Moses decoder for this work
which searches for the highest scoring phrase-based derivation.

4.5.2 Experimental Setup

The training, development and test data all come from the French-English trans-
lation shared task of the ACL 2007 Second Workshop on Statistical Machine
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Phrase Length System BLEU
≤ 7 Baseline 33.03
≤ 10 Baseline 33.03
All Baseline 33.00

≤ 7 EM + ITG Prior 32.50
≤ 7 CV-EM 32.67
≤ 7 CV-EM + ITG Prior 32.73
≤ 7 J-CV + ITG Prior 33.02
≤ 10 J-CV + ITG Prior 33.14
All J-CV + ITG Prior 32.98

Table 4.1: French to English Translation: A comparison of the the heuristic
estimates (Baseline) with estimates of the CV-EM algorithm and its Jackknife
variation (J-CV). BLEU scores are computed by integrating each parameter set
in the feature-based Moses decoder with weights trained by MERT.

Translation 4. After pruning sentence pairs with word length more than 40 on ei-
ther side, we are left with 949K sentence pairs for training. The development and
test data are composed of 2K sentence pairs each. All data sets are lower-cased.

For both the baseline system and our method, we produce word-level align-
ments for the parallel training corpus using GIZA++. We use 5 iterations of
each IBM Model 1 and HMM alignment models, followed by 3 iterations of each
Model 3 and Model 4. From this aligned training corpus, we extract the phrase
pairs according to the heuristics in (Koehn et al., 2003). The baseline system ex-
tracts all phrase-pairs up to a maximum length 7 on both sides and employs the
heuristic estimator. The language model used in all systems is a 5-gram language
model trained on the English side of the parallel corpus. Minimum-Error Rate
Training (MERT) is applied on the development set to obtain optimal log-linear
interpolation weights for all systems. Performance is measured by computing the
BLEU scores (Papineni et al., 2002) of the system’s translations, when compared
against a single reference translation per sentence.

4.5.3 Results

We compare different versions of our system against the baseline system using
the heuristic estimator. We observe the effects of the ITG segmentation prior in
the translation model as well as the method of estimation: (a) direct application
of CV-EM vs. (b) using Jackknife averaging during CV-EM’s iterations (J-CV).

Table 4.1 exhibits the BLEU scores for the systems. Our own system (with
ITG segmentation prior and J-CV estimation with a maximum phrase-length

4http://www.statmt.org/wmt07
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Phrase Length System BLEU
≤ 7 Baseline 28.18
≤ 10 Baseline 28.34
All Baseline 28.27

≤ 10 J-CV + ITG Prior 28.46
All J-CV + ITG Prior 28.30

Table 4.2: German to English Translation.

used during decoding of ten words) scores (33.14), slightly outperforming the
best baseline system (33.03). When using straight CV-EM, this leads to a lower
score (32.73). When also the ITG prior is excluded (by having a single derivation
per segmentation) this leads to a further score reduction (32.67). By directly
applying EM with an ITG prior (turning off the cross-validation of the segmenta-
tion hypotheses space), performance goes down to 32.50. Estimation in this last
case severely overfits. The only reason that the BLEU score does not completely
collapse is that Moses falls back on the rest of the feature functions, such as the
lexical smoothing translation probabilities. We did not explore mere EM without
any smoothing or ITG prior, as we expect it will directly overfit the training data
as reported by (DeNero et al., 2006). Overall, these results exhibit the crucial
role of the estimation by smoothing, with CV-EM estimation and the ITG seg-
mentation prior clearly emerging as key components behind the improved phrase
translation estimates.

As table 4.1 shows we also varied the phrase length cut-off (seven, ten or
none={all phrase pairs}) during decoding, with this cut-off value pertaining to
both sides of a phrase-pair. It is important to distinguish this decoding-time
cut-off from what applies during estimation-time for our model. We always
train all phrase-pairs and apply the length cut-off only during decoding (no re-
normalisation is applied at that point).

Interestingly, we find out that in this case the heuristic estimator cannot
benefit performance by including longer phrase pairs. Our estimator does benefit
performance by including phrase pairs of length up to ten words, but then it
degrades again when including all phrase pairs. We take the latter finding to
signal remaining overfitting that proved resistant to the smoothing applied by
our estimator. The heuristic estimator exhibits a similar degradation.

German to English Translation After comparing in detail the baseline sys-
tem against different estimation algorithms and decoding-time phrase length lim-
its for French to English translation, we perform further experiments on the
German to English translation direction. In this way we wish to confirm the ap-
plicability of our estimation methods to translate between languages characterised
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by more pronounced differences than our primary French-English language-pair.
The parallel training data are again part of the ACL 2007 Second Workshop on
Statistical Machine Translation and after similar pre-processing as for French to
English, we are left with 996K training sentence-pairs. The development and test
sets are made also in this case from 2K sentence-pairs each.

We follow the same methodology to train our estimates and decode, resulting
in the BLEU scores listed in Table 4.2 as first presented in (Sima’an and Mylon-
akis, 2008). Examining the results reveals that the combination of the Jackknife
CV-EM process with the ITG segmentation prior, scores better than the best
performing baseline system, although the margin between them is small. The
best configuration in relation to the decoding-time phrase length cut-off value is
10 for both the baseline system as well as when using our estimates. Nevertheless,
the performance of both systems degrades after the phrase-pair length constraint
is removed altogether. These results indicate that the default length cut-off value
of 7 might be sub-optimal for some language-pairs. Even though completely re-
moving this constraint is not the optimal choice, investigating empirically what
is a good choice for it could pay off.

4.6 Discussion

In this chapter, we explored training phrase-based translation models which ex-
plicitly employ phrase-pair segmentation variables. This is in contrast with most
work on PBSMT which chooses to bypass the problem of disambiguating the
segmentation of sentence-pairs into phrase-pairs and opts for heuristic estimates
instead. The most similar efforts to ours, mainly (DeNero et al., 2006), conclude
that segmentation variables in the generative translation model lead to overfitting
while attaining higher likelihood of the training data than the heuristic estimator.

In this work we also start out from a generative model with latent segmen-
tation variables. However, we find out that concentrating the learning effort on
increasing the generalisation capacity of our estimates is crucial for good perfor-
mance. While we do find employing probabilistic priors as our ITG segmentation
prior useful, we do not centre our method on employing external knowledge in
the form of priors over the parameter space neither we switch to a Bayesian for-
mulation of the learning problem as in (Blunsom et al., 2008a). Following this
research path is a choice which, while promising, still poses significant issues and
challenges as we discuss in 3.2.4, as well as demands a significant departure from
approaches such as MLE and EM which have long proven themselves successful
in both NLP as well as SMT in particular. Instead, here we choose to remain in
the domain of the Maximum Likelihood Estimation, while taking a data-driven
approach to address the issues of MLE application for Fragment Models such as
those employed in phrase-based translation.

Our approach is centred around the application of CV-EM which aims to max-
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imise the likelihood of the training data while considering a cross-validated set
of hypotheses over the missing phrase-pair segmentation of the training sentence-
pairs. This application of cross-validation allows us to employ the training data
itself to essentially simulate maximising the likelihood of yet unseen data instances
and directly aim at increased generalisation. Pursuing this objective takes place
within a well-founded and clear learning framework whose implementation is ap-
pealing computationally. The fact that our results (at least) match the heuristic
estimates on a reasonably sized data set (947k parallel sentence pairs) is rather
encouraging.

Another aspect of the work presented in this chapter is the employment of
the the binary segmentation space considered by phrasal Inversion Transduction
Grammars. This greatly reduces the number of segmentations considered and
allows to efficiently pack together using dynamic programming the derivations
of sentence-pairs from phrase-pairs. Our results indicate that constricting the
segmentation space in this way is a reasonable choice when learning phrase-based
translation models, connecting under a different perspective with the work of
(Wu, 1997; Huang et al., 2009) and others.

While the best scoring estimates were computed by augmenting CV-EM with
a Jackknife estimation step which further smooths the parameter estimates during
every iteration, in the following chapters we opt to rely on the standard applica-
tion of CV-EM for each learning problem. Our primary aim in this thesis from
a learning perspective is understanding the impact of the learning framework of
CV-MLE under CV-EM rather than tweaking for maximum performance. Since
the implications of combining Jackknife with CV-EM to the algorithmic and sta-
tistical estimation properties of the latter are not clear, an issue which is further
aggravated as our models become more complex, we choose to focus further on
CV-EM proper in the following chapters. Nevertheless, the results in this chapter
indicate that solutions such as Jackknife to complement the effort of CV-EM to
increase the generalisation capacity of our estimates should be empirically evalu-
ated when applying CV-EM for particular estimation problems.

Overall, the results in this chapter signify in the context of this thesis the
establishment of a first set of empirical evidence highlighting the merits of CV-EM
for Fragment Model estimation in the context of SMT. Estimates computed with
CV-EM can substitute successfully the heuristically estimated ones without loss of
translation performance, for two different language pairs and when training on a
reasonably sized corpus. These positive results motivate the work in the following
chapters, where we employ CV-EM for a pair of translation models where the
focus gradually shifts towards the latent structure of phrase-based translation.
Based on the success of binary SCFGs to efficiently constrict the segmentation
space for PBSMT, we move on to explore syntactic approaches to SMT, where
we employ probabilistic synchronous grammars as the central component of our
translation models.




