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Abstract. Although several recent studies have shown that alignment quality is a poor in-
dicator of the resulting translation quality, the word alignment models currently considered
to be default (the so-called IBM models and HMM-based alignment) have been evaluated
using the alignment error rate. We argue that from a machine translation perspective it makes
sense to use simpler alignment models. Here we show that not only do the sequential models
result in the same or better translation quality, but even from the set of sequential alignment
models simpler ones can match the performance of the HMM-based model, whereas using
computationally less expensive and faster algorithms to train and align new sentence pairs.
Empirical evaluation is performed on a phrase-based and a parsing-based translation system.
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1 Introduction

A majority of state-of-the-art statistical machine translation (SMT) systems operate with multi-
word units but still use word alignment as an intermediate step for learning the translation mod-
els. Such is the case for two wide-spread machine translation frameworks: phrase-based SMT of
(Koehn et al., 2003) and hierarchical phrase-based SMT of (Chiang, 2005). In phrase-based sys-
tems word alignment is used to construct phrase tables and in hierarchical phrase-based systems –
to extract the synchronous grammar rules.

The word alignment models that are currently considered as default are the so-called IBM
models 1 to 5 (Brown et al., 1993) and the HMM-based alignment model (Vogel et al., 1996).
The main work evaluating them is (Och and Ney, 2003) where they are compared in the context
of word alignment only (i.e. based on the alignment error rate). Specifically, the default setup
of the well known implementation of the models, GIZA++, is derived from (Och and Ney, 2003)
and involves training the following models in sequence: IBM model 1, HMM-based model, IBM
model 3 and IBM model 4.

Although Och and Ney (2003) mention briefly that “improved alignment quality yields an
improved subjective quality of the statistical machine translation system as well”, a number of
recent studies suggest otherwise – namely, that the correlation between the alignment quality and
the quality of the resulting translation is rather weak (see the following section on related work).
This suggests that the best default word alignment models are not necessarily optimal in terms of
the resulting translation quality.

Some recent works (e.g. (Liang et al., 2006) or (DeNero and Klein, 2007)) are already based
on the sequential HMM word alignment model, rather than the fertility-based models 3 or 4 . The
former is computationally less complex and at the same time still includes the essential parts of
the word alignment (i.e. lexical correspondence and changes in word order).
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In this work we show that a simpler alignment model introduced together with HMM-based
alignment in (Vogel et al., 1996), but discarded due to worse alignment error rate, results in es-
sentially the same translation quality like HMM-based alignment in almost all cases – i.e. the
relative-distortion IBM model 2. At the same time, it does not include a first-order dependency
of the alignment, which means that it is much simpler to implement and train it. The experiment
results also support the common knowledge that HMM-based alignment works just as well or
sometimes better than IBM model 4, usually used by default.

In the following section we review the related work on the link between the word alignment
quality and translation quality. Section 3 consists of a theoretical overview of different aspects of
the word alignment task in the models in question. In section 4 we present the experiments with
simpler default and alternative models on translations from Chinese, Czech, Estonian, Finnish,
German and Korean into English and back.

2 Related Work

Several papers point out that the scores designed for word alignment (alignment error-rate, F-
score) and translation (BLEU, NIST), are not heavily correlated. In particular (Fraser and Marcu,
2007) and (Ayan and Dorr, 2006) distinctly state that alignment error rate is a poor indicator of
translation quality.

(Lopez and Resnik, 2006) artificially degrade the alignment quality in order to show that it
does not cause a significant drop in translation quality. They further show that with careful feature
engineering the flaws of the underlying word alignment can be compensated.

(Vilar et al., 2006) give two examples of word alignment modifications which cause worse
alignment quality and nevertheless better translation quality. This is achieved by adapting the
alignments to the specific requirements of translation.

(Guzman et al., 2009) inspect word alignments and their characteristics, especially the number
of unaligned words, and their influence on phrase pair extraction. They show that an increased
number of unaligned words causes degraded translation quality. Analyzing manually evaluated
phrase pairs they come up with translation model features that account for the number of unaligned
words and improve the translation quality. (Lambert et al., 2009) tune alignment for the F-score
and the BLEU score. They show that the two objectives are not the same and produce different
translation models. (Ganchev et al., 2008) use agreement-driven training of alignment models
and replace Viterbi decoding with posterior decoding. This results in improvements both in the
alignment quality as well as translation quality.

A brief comparison of the IBM models in SMT context is performed in (Koehn et al., 2003).
The comparison is based on the BLEU scores and covers IBM models 1 to 4. The given brief con-
clusions are that using different alignment models does not cause significant changes in translation
quality. Model 1 is noted for lower scores and models 2 and 4 are said to produce similar results.
Our results suggest the contrary for the latter point.

(He, 2007) introduce word dependent HMM-based word alignment. They apply fully lexical-
ized transition modeling by additionally conditioning the first-order dependency of the alignment
on the corresponding output word. They show that this modified alignment model can match the
performance of IBM model 4. As it will be shown later in this work, usual HMM-based alignment
models also achieve the same result.

3 Word Alignment

The task of word alignment is to find matching words in a pair of sentences that have the same
meaning in two different languages. Although in reality sometimes whole phrases are translated
with no direct correspondence in meaning between the used words (e.g. idioms), the classic ap-
proach is to align single words.
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Although the task is essentially symmetrical, the IBM and HMM-based models focus on align-
ing every word in one sentence to at most one word in the other one. For simplicity’s sake we will
use the standard notation of f and e for the two sentences.

The aim is therefore to find an alignment a, which is a vector of indexes indicating which words
in e the words in f are aligned to; in other words, the word fj is aligned to the word ei if aj = i.
Also any aj can be equal to 0, in which case the word fj is said to be unaligned.

Here we will focus on the IBM models (Brown et al., 1993), the HMM-based alignment model
(Vogel et al., 1996) and a modification of the original IBM model 2 introduced in (Och and Ney,
2000) and referred to as diagonal-oriented model 2.

3.1 Lexical Correspondence
Lexical (or translational) correspondence of the single words in the two sentences is perhaps the
main aspect of word alignment and is present in all of the described models. In all the models
considered here lexical correspondence is treated as independent of the word positions in the
sentences or any context of either words; it is modeled via a probability distribution p(f |e).

Although lexical correspondence is a very important aspect, constricting an alignment model
to it (as it is the case with model 1) results in serious model flaws: in case of any lexical ambiguity
the model will select the most probable word pair in all cases, and the model would not be able to
resolve a conflict between repeated items, like punctuation marks or same words.

3.2 Distortion
Modeling the different word order in the two sentences is also referred to as distortion (Brown et
al., 1993). Just like the lexical correspondence aspect, in the IBM models it is considered to be
independent of the words themselves or their context. The models 2 and 3 include a distortion
component based only on the absolute word positions and the sentence lengths: p(aj |j, J, I),
where J = |f | and I = |e|. The problem with absolute word positions is that, simply put,
same words can occur at different positions in sentences of different length. This means that a
separate parameter subset models each different position and sentence length which, in addition to
unnecessary treating of the same words differently, can easily suffer from the sparse data effect.

A modification of the original model 2, introduced originally in (Vogel et al., 1996) and devel-
oped further in (Och and Ney, 2000), is instead based on the distance between aj and a scaled j:

d = aj −
⌊
j·I
J

⌋
.

Finally, (Och and Ney, 2000) introduce lexicalized reordering, which is additionally condi-
tioned on some general classes of the words (C(fj), C(eaj )).

3.3 Distortion First-order Dependency
(Vogel et al., 1996) make a step further from independent single pair distortions. They treat
alignment as a Markov process with the source words as the observed and the alignments – as
hidden variables. With first-order Markov dependency assumption the alignment pairs are not any
more independent. This makes the training/aligning algorithms more complicated. Still with the
help of dynamic programming these can be solved with no approximations.

First-order dependency is a simple way to take into consideration the context of the word pair.
If a neighboring (unambiguous) word pair is aligned with an atypical relative distortion, an HMM-
based model is capable of deciding to align the current word similarly.

3.4 Fertility
The aspect of fertility aims at modeling the fact that a single word can either be unconnected with
the other sentence or be aligned with more than one word. In models 3 and 4 this is modeled
explicitly: p(φ|e), where φ denotes the number of words in f that e is connected to. Since this
aspect influences the first-order dependencies as well as distortion, it makes learning and applying
of such models even more complicated and is solved with approximations in practice.
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Table 1: The size of the training parts of the used parallel corpora

Corpus Number of sentence Number of words Number of words
pairs (English) (Foreign)

OPUS KDE4 (Korean-English) 64.1 · 103 0.32 · 106 0.33 · 106
OPUS KDE4 (Chinese-English) 103.7 · 103 0.57 · 106 0.78 · 106
CzEng, tech. docs (Czech-English) 0.97 · 106 7.27 · 106 6.59 · 106
JRC-Acquis (Estonian-English) 1.09 · 106 27.91 · 106 20.18 · 106
Europarl (German-English) 1.52 · 106 41.98 · 106 39.81 · 106
Europarl (Finnish-English) 1.59 · 106 43.94 · 106 31.58 · 106

4 Experiments
In this section we compare the influence of the word alignments on the resulting translation quality.
The main aim is to test, whether it is necessary to use the complex default models or not – i.e.,
whether simpler models can match their performance.

The default way of training the IBM models, as proposed by (Och and Ney, 2003), is IBM
model 1, HMM-based model, IBM model 3 and finally model 4, whereas the resulting parameters
of the simpler models are used as the initial values of the more elaborate models. We first evaluate,
how stopping at an earlier stage of word alignment influences translation quality. The hypothesis
here, dictated by common knowledge, is that HMM-based alignment can perform just as well or
even better than IBM model 4.

As a next step we compare the default alignment model training sequence to an alternative,
which uses different variants of IBM model 2 as a final step. Our aim is to see whether some
variant can match the performance of the HMM-based model and IBM model 4.

4.1 Experiment Setup
We evaluate the influence of word alignment on two translation systems – a phrase-based sys-
tem trained with Moses (Koehn et al., 2007) and a hierarchical phrase-based system trained with
Joshua (Li et al., 2009). In both cases we used 5-gram language models from SRI LM (Stolcke,
2002) and minimum error rate training included in the toolkits.

Word alignment was done with GIZA++ (Och and Ney, 2003) for both systems. We modified
its implementation to support three kinds of IBM2-based models: the absolute reordering-based
model already included in GIZA++ (abbreviated as IBM2), the relative reordering-based model
(abbreviated as IBM2(r)) and the latter, augmented with lexicalization, as suggested by (Och and
Ney, 2000) (abbreviated as IBM2(r-l)).

We performed all of the experiments on the following language pairs and corpora: the Chinese-
English and Korean-English parts of the OPUS KDE4 corpus (Tiedemann, 2009), Czech-English
technical documentations from CzEng (Bojar and Žabokrtský, 2009), the Estonian-English part
of the JRC-Acquis (Steinberger et al., 2006) and Finnish-English and German-English parts of
Europarl (Koehn, 2005); all experiments included both translation directions.

Two independent held-out sets, each 2500 sentence pairs, were reserved for minimum error-rate
training and validation; the resulting sizes of the training parts after preprocessing and separating
the dev and test sets are summarized in table 1.

4.2 Results
We used the BLEU (Papieni et al., 2001) and NIST (NIST, 2002) scores for evaluation and paired
bootstrap resampling (Riezler and Maxwell, 2005) for significance testing.

The results of the first part of the experiments, which is stopping midway in training the word
alignment models, are presented on table 1. The scores of translations based on IBM model 1 are
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noticeably lower than all other models; also after the HMM-based model there is a noticeable drop
at the IBM model 3 for almost every language pair, after which the IBM4 model scores rise to the
level of the HMM model again.

Significance testing reveals that only in case of Korean-English translation the NIST score of
the HMM model is significantly lower (p-value 0.009) than the score of the IBM model 4; in all
other cases both scores of the HMM model is either insignificantly different or significantly higher.

The IBM2 models were trained in the same way as the HMM-based model: starting with the
IBM model 1. The resulting scores of the IBM2 models are compared to the HMM-based model
in table 2. As expected, the absolute reordering-based IBM2 model results are considerably lower
than all other models in all experiments.

The only case where an IBM2-based model outperforms an HMM-based model is English-
Czech translation with IBM2(r) (based on the BLEU score). Also Czech-English translation re-
sults are essentially the same for IBM2(r) based on both scores with Joshua, and English-Czech,
English-Korean and English-Chinese results for IBM2(r-l) – with Moses.

Most other examples of IBM2-based models having insignificantly different scores from
the HMM-based models are IBM2(r) with Joshua (German-English and English-German NIST,
Chinese-English and English-Chinese BLEU) and IBM2(r-l) with Moses (Czech-English BLEU,
German-English NIST, Chinese-English NIST).

In all other cases HMM-based alignment outperforms IBM2-based alignments significantly.
However the score differences are relatively small (0.5-0.6 BLEU and 0.04-0.06 NIST points) in
many cases. The main translation directions where the difference between the HMM-based align-
ment and the best IBM2-based model is high with both phrase-based and parsing-based translation
are Estonian-English, Korean-English, Finnish-English and English-Estonian.

To conclude, it seems that the IBM4 model can be safely replaced with the HMM-based model.
Also, although the IBM2-based models did not outperform HMM entirely, for many language
pairs the difference was estimated as insignificant and for some others – significant but relatively
small. Thus the relative distortion-based IBM2 models can serve as an efficient trade-off between
efficiency and quality.
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Bojar, Ondřej and Zdeněk Žabokrtský. 2009. CzEng0.9: Large Parallel Treebank with Rich
Annotation. Prague Bulletin of Mathematical Linguistics, 92. in print.

Brown, Peter F., Stephen Della Pietra, Vincent J. Della Pietra, and Robert L. Mercer. 1993. The
mathematics of statistical machine translation: Parameter estimation. Computational Linguis-
tics, 19(2), 263–311.

Chiang, David. 2005. A hierarchical phrase-based model for statistical machine translation. In
Proceedings of ACL’05, pp. 263–270, Ann Arbor, USA.

DeNero, John and Dan Klein. 2007. Tailoring word alignments to syntactic machine translation.
In Proceedings of ACL’07, p. 17, Prague, Czech Republic.

Fraser, Alexander and Daniel Marcu. 2007. Measuring word alignment quality for statistical
machine translation. Computational Linguistics, 33(3), 293–303.
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Figure 1: Results of early-stopping experiments: comparison of the influence of word alignment models
IBM1, HMM-based, IBM3 and IBM4 on the resulting translation quality.
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Figure 2: Results of comparing the HMM-based model to IBM2-based models.
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