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Abstract

In this paper we introduce a novel ap-
proach to alignment for statistical machine
translation. The core idea is to align sub-
word units, or morphs, instead of word
forms. This results in a joint segmenta-
tion and alignment model, aimed to im-
prove translation quality for morphologi-
cally rich languages and reduce the size
of the required parallel corpora. Here we
focus on translating from inflectional lan-
guages into languages with simpler mor-
phology, thus segmenting only the input.
Using the approach as a preprocessing step
produces results below the baseline. On
the other hand, emulating the performance
of the new model in a joint translation sys-
tem shows possible potential.

1 Introduction

Word- and phrase-based statistical machine trans-
lation ignores possible morphological relatedness
of the words. This is more of a problem for inflec-
tional languages – the richer their morphology, the
larger the training corpus has to be to cover most
of the possible word forms.

A substantial amount of work has been done
to account for this problem. In most cases mor-
phological analysis is used to segment the words
or otherwise augment the text with morphologi-
cal information. Also recently an alternative ap-
proach of using unsupervised morphology for the
same task has been introduced. The problem
with all previous work is that all preprocessing is
language-specific. The recent advances no longer
depend on linguistic tools, but still deduce seg-
mentations that are language-specific, ignoring the
bilingual nature of the task at hand.

In our approach deduction of morphology is in-
tegrated with SMT training. Instead of searching

for an alignment between words, here we try to
align subword units, or morphs. This results in a
special case of morphology for the parallel corpus
at hand. The approach is bilingual and uses no ad-
ditional linguistic processing tools, like morpho-
logical analysis, or any other resources; the only
data used for learning is the parallel corpus itself,
which is required by machine translation.

This paper focuses on a one-sided approach,
where the morphs of one language are aligned to
words of the other one. Such setup is suitable for
language pairs where one language is highly in-
flectional (like Turkish or Finnish) and the other
one is not (like English or Chinese). Thus the less
inflectional language serves as a guideline for seg-
menting the other language into morphs.

The approach possesses all the advantages that
morphological treatment of words gives to ma-
chine translation (reduced out-of-vocabulary rate,
smaller corpora required). In comparison with
segmenting words with unsupervised morphology
here the situation can be modelled more precisely,
as the words are only split into morphs where both
languages indicate it. Compared to morphological
analysis, this can also be more efficient if we as-
sume that linguistic morphology is not necessarily
the best way of decomposing words.

The paper is organized as follows. Previous
work on morphological improvements for statisti-
cal machine translation is briefly reviewed in sec-
tion 2. The introduced method, which includes the
alignment model, its learning and applying are de-
scribed in section 3. The model is evaluated in
context of MT on four language pairs (with En-
glish as the target language) in section 4. Section
5 discusses the evaluation results and the model.
The paper is concluded in section 6.

2 Related Work

As mentioned in the introduction, a lot of work
has been done on using morphological analysis to



mulle

to me

m mu mul . . . lle l le e

to me

Figure 1: Example of morph-to-word alignment.
The Estonian wordmulle meansto me. An intu-
itive alignment is shown on the left. Segmenting
the source word results are shown on the right to-
gether with an enabled invalid alignment with in-
tersecting morphs.

improve statistical machine translation. In many
cases this is done similarly to the present work
by segmenting the word forms into morphemes,
or just the lemma and ending, or stem and mor-
phological infliction identifier: (Nießen and Ney,
2004), (Badr et al., 2008), (Lee, 2004).

An alternative is unsupervised morphology. In
(Virpioja et al., 2007) and (Sereewattana, 2003)
both the source and the target language are fully
segmented into morphs as a preprocessing step.
In (Bojar et al., 2008) the target language is seg-
mented into stems and suffixes. Kirik and Fishel
(2008) segment the source language; in addition to
both previous segmentation schemes splitting the
compounds into simpler parts is also used.

Unlike all previous approaches and similarly to
the present work Snyder and Barzilay (2008) de-
scribe an unsupervised model of deducing seg-
mentation from parallel corpora.

3 Methodology

Throughout this paper we will assume that the
source language is the highly inflectional one and
the target language – is not. The method can be
easily reversed for the opposite case. Thus the
core idea of the introduced approach is to align the
source word parts to the target words.

The task can be reduced to standard word align-
ment learning techniques, like the IBM models
(Brown et al., 1993), by replacing each source
language word form with all of its substrings.
However here the alignment search space is con-
strained, unlike the word to word case: the se-
lected morphs cannot intersect and have to cover
all of the word forms.

Consider the example on figure 1. The origi-
nal phrase pair can be intuitively segmented and
aligned as shown on the left. However after re-
placing the source word form with a sequence of

its substrings, invalid alignments are possible, like
the one on the right.

The main problem with this constraint is that it
disallows summing over all alignments efficiently.
Expectation-maximization learning of the lexical
probabilities considers the whole distribution of
alignments, not just the most probable one, which
requires summing over all alignments. In case of
the IBM models the alignment of an individual
word does not depend on the rest of the alignment.
On the contrary, here each morph also depends on
what other morphs are selected in the alignment.
In case a morph makes the alignment invalid, it
has to have a probability of 0; in the former exam-
ple if an alignment already has entries formul and
le thenp( f |e) must be 0 for anyf ande.

Here we approach the problem by estimating
the alignment distribution in an unconstrained
search space (so that all alignments, including the
invalid ones, are included) and only adding the
constraint in the search phase; this results in the
most probable valid alignment. Thus the estima-
tion task becomes identical with the IBM mod-
els, after having the source word forms replaced
with the sequence of all their substrings: itera-
tively update the lexical probabilities with an EM-
algorithm, maximizing the log-probability of the
data and the posterior probability of the align-
ments at the same time.

This however causes a different problem to
arise, which concerns the lexical probabilities to
be estimated. Having no notion of “meaningful”
and “non-meaningful” morphs, short substrings of
1-2 letters will have a high occurrence rate, espe-
cially with frequent target words (likethe). As a
result those short and frequent morphs dominate
in the distributionp( f |e) in case of frequente’s,
and probability mass of the meaningfulf ’s will be
pushed down to 0.

On the other hand, if the direction were reversed
to p(e| f ), absolutely all morphs will stay in the
distribution. This means a largely increased pa-
rameter space, where both the scarce meaning-
ful morph pairs and the vast amount of all other
morphs are all present.

To account for this second problem we employ
the idea of joint parameter estimation from (Liang
et al., 2006): a lexical pair is considered to be good
only if both the source is translated as the target
and the target is translated as the source. This
is modelled by jointly maximizing the alignment



probabilities: pe| f (a|e, f)× p f |e(a|e, f). However
we do not estimate a symmetrical alignment, since
a simple IBM-model style vector alignment satis-
fies the requirement of aligning the source morphs
to the target words.

3.1 Joint Learning for an Asymmetric
Alignment

Following (Liang et al., 2006) the objective func-
tion to maximize is

∑
(e,f)

∑
a

p f |e(a|e, f)pe| f (a|e, f) log(p(e,a|f)p(f,a|e)) .

Also the parameters have to be valid conditional
probabilities, i.e.

∀ f : ∑
e

p(e| f ) = 1, ∀e : ∑
f

p( f |e) = 1.

Maximization under these constraints is easily
achieved with a set of Lagrange’s multipliers,
{

λ f
}

∪ {λe}, since the objective function is eas-
ily differentiated.

3.2 Searching for the Most Probable
Alignment

The aim of the search is to find an alignmenta for
a sentence pair(e, f) with a maximum joint proba-
bility:

â = argmax
a

p(f,a|e)p(e,a|f),

and an additional requirement that the alignment
has to be valid (i.e. the morphs cannot intersect
and have to cover the whole source sentence). The
same procedure for word-based alignments is eas-
ily solved by maximizing the corresponding single
alignment units independently; in our case this is
not possible due to the validity requirement, which
means that morph probabilities depend on which
other morphs have already been included from the
same word.

In order to find the most probable alignment
for a source word form we adapt the forward-
backward algorithm to our case. In this algorithm
the search is done in two passes – the forward and
the backward pass. The aim of the forward pass is
to consider each possible alignment without ruling
out any based on partial likelihood. In the back-
ward pass the complete likelihood is used to select
the most probable alignment.

Consider the example in figure 2, with the
Estonian-English pairmulle : to me. The model

includes a morphmull which matches the begin-
ning of the Estonian word and has a high probabil-
ity. Even if the English phrase included the word
bubble corresponding to the Estonian morphmull,
selecting just that morph would be a mistake, since
the model does not have a morph to cover the end-
ing of the Estonian word, thus it would leave no
space for completing the alignment.

Since the number of possible segmentations is
exponential, a brute force solution of listing all
of them would be inefficient. In the forward-
backward algorithm it is done via optimizing the
search by grouping partial alignments that have
a common ending point. For instance, if the En-
glish sentence in the former example included the
necessary words, the first 3 letters of the Esto-
nian wordmul could either be kept whole by pair-
ing it with the Englishme, or segmented intomu
and l by pairing these withmy and on. Starting
at this point both segmentations would have iden-
tical alignments, which means that if two partial
segmentations meet, the less probable one can be
ruled out.

Thus the search is conducted via dynamical pro-
gramming. All partial results are saved in the pro-
cess and later reused when the new partial align-
ment is built by picking all preceding alignments
that could have led to the new one and selecting
the one with the highest probability. This way a
flow graph of the possible alignments is built. The
probability of the new partial alignment is then
calculated as the product of its selected predeces-
sor probability and the model probability of the
newly added morph and word pair.

The backward pass, as the name suggests, tra-
verses the flow graph from end to beginning. First,
the alignment leading to the final node with max-
imum probability is picked. In the example above
that would mean taking the top entering arcle :
to, since its probability (0.02) is higher than of the
bottom arc (mulle : me, 0.01). The algorithm then
goes along the picked arc to the previous node,
where selecting the maximum probability entering
arc is repeated. The process is continued until the
starting node is reached.

4 Experiments

The previous section described a method of find-
ing the most probable alignment between the
source sentence morphs and the target sentence
word forms, hence in addition finding the most



f e prob. f e prob.
mulle me 0.01 le to 0.4
mul me 0.05 le on 0.1
mu my 0.3 l on 0.3
mull bubble 0.9 . . . . . . . . .

mulle : me
p = 0.01

mul : me le : to

p =
0.0

5 p = 0
.02

Figure 2: An example of a forward-backward
search for a segmentation of the Estonian-English
pair mulle : to me according to a small align-
ment model. The flow graph of the forward pass
is shown with solid arcs, the selected arcs of the
backward pass – with dotted arcs.

probable segmentation of the source sentence.
This section presents the results of evaluating the
method empirically.

Typical evaluation for an alignment model con-
sists of comparing it to a reference alignment.
However these are at most available between word
forms, thus excluding our case.

On the other hand, segmentation models are
typically compared to a golden standard, which
usually is obtained according to linguistic mor-
phology. However the aim of the presented
method is to find a possibly better way of segment-
ing the language. Instead of binding the model to
a direct reference we evaluate it only in the con-
text of machine translation, comparing the effects
of the method on the translation results.

4.1 Methods of Evaluation

In our opinion there are two intuitive ways of eval-
uating the presented segmentation and alignment
method in context of statistical machine transla-
tion.

First, the method can be used as preprocessing
to segment the source words into morphs. This
however requires a way of applying the model
to unseen source text without an available target
guideline. Extending the search method defined in
the previous section for the current case yields

â = argmax
a,e

p(f,a|e) · p(e,a|f)

Consider the same example as on figure 2. Hav-
ing the same probability table and only the Es-
tonian wordmulle to segment (with no English

phrase to guide), the search graph expands into the
one on figure 3, with the resulting most probable
segmentation beingmu-l-le.

m
u

: m
y

p =
0.3

l : on
p = 0.09 le

: on
p
=

0
.009le

: to
p
=

0
.036

mul : me

p = 0.05

mulle : me
p = 0.01

Figure 3: Unguided segmentation of the Estonian
word “mulle”.

Although feasible in practice, this application
method has a serious drawback, namely the meth-
ods of segmenting the source sentences during
training and applying are different. As the results
will show, this drawback greatly influences the re-
sulting performance of the translation system.

An alternative way of using the model is to in-
tegrate it with the reordering and other models,
replacing the word- or phrase-based lexical mod-
elling. Here we emulate this setup by process-
ing the test corpus with the target language corpus
part kept and used as a guideline. Although the
setup is not useful in practice (since no guideline
is provided for the unseen source text), it could as-
sess the performance of the introduced alignment
model as part of a composite system.

Thus we perform two kinds of evaluation –
guided and unguided; the first one uses the target
part of the test corpus a guideline for alignment
and segmentation, and the latter only uses it for
evaluating the translation, performing segmenta-
tion on the source part solely.

4.2 Used Corpora and Tools

To evaluate the performance of the introduced
model we used the OpenSubtitles corpus, de-
scribed in (Tiedemann, 2007). We picked four
language pairs with English as the target and Esto-
nian, German, Norwegian and Polish as the source
languages; the choice was motivated by the lan-
guages having variably rich morphology and being
from different language families.

Standard preprocessing was applied to all cor-
pora: the whole text was converted to lower-case,
numbers and punctuation were put separately (pre-
serving XML entities), sentence pairs with either
sentence empty, longer than 100 words or the ra-
tio of the lengths of the two sentences in words



Translation Baseline Unguided segm. Guided segm.
direction BLEU OOV BLEU OOV BLEU OOV
Estonian-English 0.189 10.6% 0.118 17.4% 0.166 2.4%
German-English 0.169 6.6% 0.088 13.3% 0.142 1.1%
Norwegian-English 0.204 5.0% 0.135 9.6% 0.189 1.2%
Polish-English 0.216 8.7% 0.118 18.1% 0.177 2.0%

Table 1: Experiment results: the score and the out-of-vocabulary rate of the translations. In the baseline
the text is translated with no segmentation. In unguided segmentation the target part of the test corpus is
only used for scoring, in the guided segmentation – also as a guideline for segmenting the source part.

exceeding 9 were excluded. Finally 2000 ran-
dom sentence pairs were excluded from the train-
ing corpus for held-out validation. This resulted
in the following number of sentence pairs in the
training corpora: 68.4 thousand for German, 66.7
thousand for Norwegian, 49.9 thousand for Polish
and 27.5 thousand for Estonian.

We used the Moses toolkit (Koehn et al., 2007)
in our experiments. Translation quality is evalu-
ated with the BLEU score (Papieni et al., 2001);
in addition we kept track of the out-of-vocabulary
(OOV) rate in the translation hypotheses.

4.3 Results

The resulting BLEU scores and OOV rates of the
translations are presented in table 1. Three trans-
lation setups are covered: the baseline,the guided
and unguided segmentation evaluations. The base-
line was obtained by training a translation system
with an out-of-the-box Moses toolkit, without any
segmentation.

As expected the results of the unguided segmen-
tation are way below the baseline for all four lan-
guage pairs. In addition the OOV rates are consid-
erably higher in all cases. This supports the sug-
gestion that using different methods of segmenting
during learning and applying is not efficient.

The scores of the guided segmentation are also
below the expectations as well as the baseline. On
the contrary, the OOV rates are heavily reduced,
especially for German and Norwegian. How-
ever due to the lower scores this is not necessar-
ily a benefit, as translating more morphs/words
wrongly does not improve translation.

On the other hand all guided segmentation re-
sults are higher than in the unguided case. This
strongly suggests that guidelines help to improve
the segmentation. Although in practice there is no
guideline while translating unseen text, we follow
with a discussion of how this could be useful.

5 Discussion

The results of both guided and unguided segmen-
tation indicate a flaw in the model. This can only
mean that the estimation phase is to blame, as all
other steps were directly defined to optimize the
objective.

Manual evaluation of some translations showed
that only in some rare cases (like typing mistakes
in the input) the segmentation improved the trans-
lation. It was found after inspecting the learned
parameters and resulting segmentations that most
morphs remained unaligned despite the presence
of the target sentence in the guided case. The
learning parameters included many pairs of small
morphs aligned to frequent target words.

This shows that in the current case joint learn-
ing did not fulfill the requirements and most mean-
ingful morph pairs were pushed out of the corre-
sponding probability distributions by shorter less
meaningful more frequent morph pairs.

One other problem is the corpus – apart from
typing mistakes and alignment errors, due to the
small size of the training set the test set includes a
lot of unseen word forms.

Coming back to the guided approach, in reality
unseen source text naturally is not augmented with
the target text. However in a joint system the mod-
els themselves provide a kind of a guideline for
each other by binding together different aspects of
translation. In other words the search space of the
lexical model is constrained by disallowing lexical
choices that cause bad segmentations and ungram-
matical/badly ordered output. Thus the first step
to enable the guided approach in practice would
be to combine the introduced model with models
of reordering and language correctness in a joint
learning system.

An additional possible source of error is that
morphs are typically more ambiguous in their



meaning than word forms and the word and sen-
tence context of the morph is required to determine
the meaning. This issue could be addressed by
adapting phrase-based translation models, so that
instead of single morphs, morph sequences can be
matched with the target sentence.

6 Conclusions

This paper introduced the approach of aligning
word parts, or morphs, instead of word forms.
This results in automatic unsupervised segmen-
tation of the word forms, which is beneficial for
morphologically rich languages. The approach re-
quires no additional resources or tools. We de-
scribed an asymmetric jointly learned alignment
used in the approach together with algorithms for
learning the lexical parameters and searching for
the most probable alignment of a sentence pair.

The model was evaluated as a preprocessing
step for a translation system. The source text was
aligned to the target text, thus resulting in its seg-
mentation. The segmented text is then used to train
the translation model.

The scores of the enhanced translation are be-
low the baseline, which indicates a flaw in the
learning of the alignment parameters. On the other
hand using the target test set as a guideline for
alignment improves the scores.

The results suggest a lot of future work. From
the technical point of view the model has to be
optimized to enable learning on larger data sets.
The alignment model and the learning of the pa-
rameters has to be replaced in order to find better
morph/word pairs and their distributions. Finally,
the approach can be integrated into a joint transla-
tion system to possibly lead to much better results
and higher translation quality.
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