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1 Introduction

At the end of the 19th century, L. L. Zamenhof proposed
Esperanto; it was intended as a global language to be spo-
ken and understood by everyone. The inventor was hop-
ing that a common language could resolve global problems
that lead to conflict. This idealistic idea did not reach its
full potential, yet there are still scientific fields pursuing its
legacy, though not necessarily from an ideological point of
view. The Internet contains billions of web pages, as they
come in all kinds of languages, a great deal of information
is not available to us. A practical application would be a
browser that translates these pages in a preferred language.
In the field of statistical machine translation (SMT), we try
to build algorithms to translate from one language to the
other by mere statistics taken from large bi-text corpora.
When we adopt the SMT approach, we represent all indi-
vidual or groups of words (cepts) as having a connection to
zero, one or many foreign cepts under a probability value.
This means that both the alignments and the probabilities
need to be extracted from the bi-text. The main problem
here is that we need the alignments to estimate the probabil-
ities and the probabilities to estimate the alignments. These
kinds of problems can be solved with the EM algorithm, one
approach [2, 3] is particularly favored due to its estimation
of reasonable models.

In this paper, we will present the SMT Aligner (SMTA),
which word aligns French-English sentences given word
translation probabilities provided by [1] to estimate good
alignments under the assumptions of IBM model I. We will
then compare results from alignments that use the null word
with ones that don’t. We will also introduce a heuristic to
increase the F1l-score results by 4 percent.

In section 2 we describe the theory which forms the basis
of the SMTA. Section 3 is used to describe the research
methodology. In Section 4 we present our results and we
conclude section 5 with the discussion.

2 Theoretical Model

Consider the English sentence ef: “it is quite understand-

able." and the French sentence f{: “ce est tout a fait com-
préhensible.”. The French sentence needs six words to rep-
resent four English words. But one can connect the two
sets of words in many different ways. Our task is to find an
optimal alignment. We will use an SMT model to statisti-
cally choose the most likely alignment. In this section we

will describe the theory which is the basis for SMT and the
SMTA. We will describe the language and the translation
model, the noisy channel model, the used heuristics to ex-
tract the alignments and the related theories and concepts.
These theories are based on [2, 3, 4, 5, 6].

2.1 Statistical Machine Translator as noisy

channel decoder

In SMT we take the view that every French string f, is a
possible translation of e. We assign a probability P(f|e) to
each pair of f, e. This model is based on the notion of a noisy
channel. In a noisy channel, a message M is sent through
a channel, on the other side of the channel the message M
is received. The received message M is not necessarily the
sent message M. It is the task of the decoder to try to make
an estimate M of the original message M from the received
message M.

We can use the noisy channel model as follows: the orig-
inal English string being sent is a sequence of words e/,
the received message is a sequence of french words f{". The
Statistical Machine Translator is the decoder which creates
an estimate e’ of the original English sentence given fi".
Formally, we can define this as finding the sequence e* that
maximizes P(e7|fi™).

2.2 The Language and Translation Model

Using Bayes on the Statistical Machine Translator decoding
task we get:

argmazx P(ef*|fI") = argmaxw
€ e

The term P(fi") is equal for all sequences. Therefore we
can leave this out of the equation resulting in the fundamen-
tal decomposition:

argmaz P(f{"[e]")P(eT")

The model can be split into two parts: the language model
which describes the probabilities of a word sequence i.e.
P(eq,ea,...,em) = P(ef"), and a translation model describ-
ing the probabilities of a word sequence fi" given a word
sequence ef* i.e. P(f"|e*). The noisy channel model in-
dicates that there are two processes at work to ultimately
produce the received message M. Namely the process that
produces the message M and the process of transmitting M
through the channel M — M.

These two processes are modeled in the language and
translation model. We assume that the English word se-
quence ef" is generated from a probabilistic process, the
related model is the language model P(e]*). We will not
elaborate on this model as it can be found in many papers
[7, 8]. The channel is also assumed to be a probabilistic pro-
cess which is modeled by the translation model P(f]"|eT*).



2.3 IBM model 1

Brown et al. [2] proposed an incremental translation model.
Their IBM models (1-5) use the EM algorithm to estimate
the translation probabilities between words. IBM Model 1
is the most simple of the proposed translation models, one
of its goals is to provide initial estimates for the other IBM
models, but it has also been used for several other methods
[10]. We will not go into the details of estimating the trans-
lation probabilities, but we do need to address some of the
formulas and assumptions IBM model I uses. First, we as-
sume that an alignment is a collection of connections, where
each french word has one connection. Given all possible
alignments we can state that:

P(fva‘e) = P(mle)HP(ajla{_lv {_lvmve)P(fj‘a{7f{_17mve)
j=1
We assume that [] P(a;la]™", f{~",m,e) = 7 thus, this

j=
only depends on [, the length of the English string.
Therefore, we can write:

1 m .
P(f,ale) = P(m|€)WHP(fj|ai, { 17m,€)-
j=1
Next, we assume that the translation probability

P(fjlal, fi~t m,e) =
and e,,. Now we get:

t(fjlea;) only depends on f;

P(f,ale) = P(m|e)#nt(fj|eaj).
=1

+1"

Last we assume P(m|e) to be a constant e. Thus we arrive
at the formula:

P(f.ale) mjr_[lameaj),

summing over all alignments we get P(fle) :

m 1
P(fle) = mggmen

SOP(f.ale)

a

We see that we have arrived at a model where the order of
the words in the sentence is not important for the probability
P(fle). We can also see that if our m and [ are constant the
whole first term in the formula becomes a constant, Thus:

€

7(1_'_ 1)m = C

2.4 Alignments

Under IBM model I, we assume that each target word is to
be generated by exactly one source word, which can also be
the null word. This means that an alignment a, which aligns
a sequence of source words to a sequence of target words,
can be represented as vector af’, where each a; is the word
position of the source sentence word generating target word
fj- We can now use IBM Model I to represent the most
m
likely alignment as: a = argmazx _Hlt(fj|eaj). As we have
a Jj=
no dependencies, this is equivalent to

a= ﬁ argmaz t(fileq,) (def. 1),

j=1 a

making the task of finding a4, less demanding
computationally.

2.5 Optimizing the heuristics

We implemented two heuristics: Greedy, the default model
and NSB. Both heuristics are based on the assumption that
the word order of French and English is similar [3]. The
Greedy approach exploits the formula given in definition 1,
but it can sometimes produce errors when confronted with
sentences in which the same words appear more than once.
Model 1 assigns a connection based on the same probability,
resulting in one word receiving all connections, depending
on the order in which the sentence is traversed in the al-
gorithm. Clearly, we do not want this, as it is intuitively
highly unlikely that such a translation from all ambiguous
words to one word exists. The NSB heuristic therefore keeps
track of the number of times a word is connected and prefers
words that haven’t been connected yet.

3 Research Methodology

We implemented the SMTA based on the models and princi-
ples described in section 2. We used a subset of the Canadian
Hansards bilingual corpus [3]. The word translation file was
provided by [1]. The test set was 447 sentence pairs, with
variable lengths between 2 and 30. These were manually
labeled into two gold sets, one set allowed inclusion of the
null word, in the other set they were omitted if no satisfac-
tory alignment could be found. Alignments were labeled as
“Sure” or “Possible”. We then define the sets S = 7 Sure”
and P =7 Possible” U” Sure” [9]. The SMTA generates an
alignment A. We evaluate our alignment A by comparing
to the sets, using the following measures:

_ |ANnS|
Recall = BN

|ANP]

Precision =
[A]

__ 2xRecallxPrecision
F1 SCOT@ " Recall+Precision

To generate the ROC we introduced a threshold which
was compared to the probabilities that constitute A. For
the non null alignment set, alignments under the threshold



were omitted from A and for the the null alignment set,
alignments under the threshold were assigned to the null
word.

4 Results

We have tested our SMTA with two different heuristics, the
greedy and the nsb heuristic on two different data sets. One
with NULL values and one without NULL values. The per-
formance can be seen in Table 4. We will discuss these
results in more detail in the coming sections.

’ \ Recall \ Precision \ F1 ‘

NSB with NULL 0.87 0.74 0.80
Greedy with NULL 0.85 0.71 0.77
NSB without NULL 0.87 0.69 0.77

Greedy without NULL | 0.85 0.68 0.75

Table 1: SMTA Results

4.1 With NULL vs Without NULL

In table 4 we can see that by making use of the NULL value
the recall stays the same but the precision increases. This is
because when one wants to align two sentences it is very well
possible that some words are impossible to align. For exam-
ple: “le ministre chargé de les transports.” versus “minister
of transport.” In this case the French word ’chargé’ has no
equivalent in English. In the alignment without NULL val-
ues, the total score possible for recall is the returned amount
of the other 6 words (including the dot), for precision the
total score possible would be 4/4. However, if we make use
of the NULL value this will mean that the maximum recall
would be 7 out of 7 and for precision 5 out of 5.

4.2 Different Heuristics

We have implemented and tested two kinds of heuristics, the
greedy heuristic and the NSB heuristic. Our NSB heuristic
outperforms the greedy heuristic in both recall and precision
(Table 4). This is expected, since it is specially targeted to
classify a subset of sentences which tend to be misclassified
by the greedy heuristic, namely those with recurring words.
For example when we take a look at the French sentence.
"Oh, oh!" and its identical English counterpart. We can see
the generated alignments in Figure 1. Greedy aligns the first
’Oh’ with both French ’Oh’s where the NSB heuristic make
the correct alignment.

Figure 1: “oh, oh!” Alignment. Left: Greedy. Right: NSB.

4.3 Performance Over Sentence Lengths

The problem of alignment becomes increasingly difficult
with the length of the sentence as the possibilities of align-
ment grows exponentially. It is therefore interesting to look
at how the performance varies over various sentence lengths.

In Figure 2 we can see the performance of the greedy
heuristic and in Figure 3 we can see the performance of
the NSB heuristic. In both Figures we can indeed see this
decline for longer sentence lengths.
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Figure 2: Greedy F1-score over sentence lengths.
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Figure 3: NSB F1l-score over sentence lengths.



4.4 Optimizing Threshold

We have tried to find a sweet spot by plotting a ROC over
various thresholds. It can be seen in the Figure 4 that not
only the NSB heuristic has a higher score then the greedy
heuristic but also that the threshold can be used as a nice
way to tweak the performance to adjust for a preference over
precision vs recall. As increasing the threshold will increase
precision but at a decreasing performance in recall.
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Figure 4: ROC Curves for greedy and NSB alignments with
the NULL word allowed. We interpolated to the points (0,0)
and (1,1).

5 Discussion

In this paper we have shown to be able to achieve an F1 mea-
sure of 0.80, this number seems to be able to compete with
the results from [10]. We obtained these results by boosting
the already high performance of our greedy approach with
another 4%. This was done by targeting just one of model
1’s weaknesses, namely its position independence. While
this approach shows a boosted performance its has its limi-
tations. The NSB heuristic assumes that recurring words in
the source language point to the identical ordered recurring
words in the target sentence. This does not have to be the
case and could possibly lead to degrading performance over
some sentences.

We have also shown that the threshold can be used to ad-
just the results to a preference for precision or recall. How-
ever, this does not increase the F1 measure. Another point
that deserves attention is the fact that we calculate our pre-
cision and recall from different sets which is beneficial to our
results. Even though this seems intuitively incorrect, many
experts use the same evaluation measure [9, 10].

IBM model 1 has some widely known structural limita-
tions such as only supporting a many-to-one and not a many-

to-many alignment. It completely ignores the positions of
the words in the sentences and any other alignments already
set. But by taking these shortcomings into account it is still
able to achieve good results. When expanding to a more
complicated model, it would seem beneficial to allow many
to many connections in the alignment models to improve
performance. This is what is being done in IBM Models
2,3,4 and 5. However, we make the problem computation-
ally intensive this way. Another approach would be to take
the positions of the words into account and making the for-
eign sentence length dependent on the given sentence words.

5.1 Future work

More complex models that can deal with many to many
relations create tough problems with respect to the com-
plexity. Neuro evolutionary algorithms specialize in finding
a suboptimal solution in very complex problems. Many pa-
pers report good results in the field of reinforcement learning
[11]. Aligning cepts is also a discrete complex problem. We
feel that the SMT domain could very well be combined with
neuro evolutionary algorithms. A problem with the more
complex IBM models is that we need to make a lot of as-
sumptions, that do not necessarily hold. When we use neuro
evolutionary networks we can benefit as we do not need to
make these assumptions when creating a model, which will
probably results in a higher performance.
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