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Abstract. For many applications such as machine translation and bilingual in-
formation retrieval, the bilingual corpora play an important role in training the
system. Because they are obtained through automatic or semi automatic methods,
they usually include noise, sentence pairs which are worthless or even harmful for
training the system. We study the effect of different levels of corpus noise on an
end-to-end statistical machine translation system. We also propose an efficient
method for corpus filtering. This method filters out the noisy part of a corpus
based on the state-of-the-art word alignment models. We show the efficiency of
this method on the basis of the sentence misalignment rate of the filtered corpus
and its positive effect on the translation quality.

1 Introduction

Bilingual corpora play an important role in developing statistical machine translation
systems. But, since the manual compilation of bilingual corpora is a very expensive
process, most of available bilingual corpora are generated in an automatic way. The
parallel documents1 are becoming more and more available, mainly on the Web, so that
there is a need for automatic methods for bilingual corpus compilation. The automat-
ically generated corpora usually include noise, sentence pairs which are worthless or
even harmful for training the system. The noise might be due to any difference between
the contents of source and target documents, non-literal translation, or errors in aligning
documents, paragraphs, and sentences.

Related Work

Automatically generated bilingual corpora usually contain a considerable number of
noisy sentence pairs. These noisy sentence pairs may have a negative impact on the
training of the statistical machine translation or bilingual information retrieval systems.
Due to this problem, various researchers have investigated different methods for corpus
filtering. Here, we give a brief overview of the important works done in this field.

1 documents available in more than one language but with the same content



In [1], the authors remove parallel documents for which their respective file size dif-
fer largely or for which, after applying sentence alignment, a relatively large number of
empty alignments appear. They also make use of the length similarity between sentence
pairs as well as the existence of bilingual dictionary entries in a sentence pair.

In [2] and [3], the authors make use of a literalness criterion for each sentence pair
to filter a noisy Japanese-English corpus. They measure the literalness between source
and target sentences by referring to a translation dictionary and counting the number of
times that the translation dictionary entries occurred only in the source sentence, only
in the target sentence, or in both source and target sentences.

In [4], the author studies the use of a noisy corpus in addition to a large clean train-
ing corpus in order to improve the translation quality. He identifies the noisy sentence
pairs by accumulating five alignment scores for each sentence pair based on the follow-
ing features: three different sentence length features and two lexical features based on
IBM model 1 score. The sentence pairs which have a score less than a threshold are
considered as noise.

In [5], the effect of parallel sentence extraction from in-domain comparable corpora
on the machine translation performance has been studied. They align each sentence in a
source document to all possible target sentences in several associated target documents.
The associated target documents are the most similar documents to the source document
among a relatively large number of documents. Then, they filter out noisy sentences
by using two classifiers: a simple rule-based classifier and a maximum entropy based
classifier. They show the significant improvement of the end-to-end translation quality,
when the extracted corpus is added to the baseline out-of-domain corpus.

All above authors have investigated different methods for corpus filtering and showed
the positive effect of corpus filtering on their statistical machine translation systems.
But, the impact of the level of corpus noise on training the statistical machine transla-
tion models has not been specifically investigated. In this paper, we study the effect of
different levels of corpus noise on an end-to-end statistical machine translation system.
We also introduce an efficient approach for corpus filtering, and we show that which
specific model among different statistical machine translation models must be trained
on the filtered corpus.

The remaining part of this paper is organized as follows. Section 2 deals with our
statistical translation engine. In section 3, we describe the corpus compilation proce-
dure. In section 4, we introduce the length-based and translation likelihood-based filter-
ing. In section 5, we deal with the experiment results and the related discussion.

2 Statistical Machine Translation

In statistical machine translation , we are given a source language (‘French’) sentence
fJ
1 = f1 . . . fj . . . fJ , which is to be translated into a target language (‘English’) sen-

tenceeI
1 = e1 . . . ei . . . eI . Among all possible target language sentences, we will



choose the sentence with the highest probability:
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The decomposition into two knowledge sources in Equation 2 is known as the source-
channel approach to statistical machine translation [6]. It allows an independent mod-
eling of target language modelPr(eI

1) and translation modelPr(fJ
1 |eI

1)
2. The target

language model describes the well-formedness of the target language sentence. The
translation model links the source language sentence to the target language sentence.
It can be further decomposed into alignment and lexicon model. The argmax opera-
tion denotes the search problem, i.e. the generation of the output sentence in the target
language. We have to maximize over all possible target language sentences.

An extension to the classical source-channel approach is the direct modeling of the
posterior probabilityPr(eI

1|fJ
1 ). Using a log-linear model [7], we obtain:
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Here,Z(fJ
1 ) denotes the appropriate normalization constant. The termhm(eI

1, f
J
1 ) de-

notes various models which are involved in the translation process. And each model is
weighted by its model scaling factorλM

1 . As a decision rule, we obtain:

êI
1 = argmax

eI
1

{
M∑

m=1

λmhm(eI
1, f

J
1 )

}

This approach is a generalization of the source-channel approach. It has the advan-
tage that additional models or feature functions can be easily integrated into the overall
system. The model scaling factorsλM

1 are trained according to the maximum entropy
principle, e.g. using the GIS algorithm. Alternatively, one can train them with respect
to the final translation quality measured by some error criterion [8].

3 Corpus Compilation

Manual collection of bilingual text corpora might be very expensive, e.g. in theEU-
TRANS project [9]. An efficient and cheap approach for collecting parallel text is min-
ing the Internet for parallel documents [10] and [11]. For the purpose of bilingual corpus
generation, we download the parallel documents in HTML format fromthe European
Union Website3 which exists in all official languages of the European Union.

2 The notational convention will be as follows: we use the symbolPr(·) to denote general
probability distributions with (nearly) no specific assumptions. In contrast, for model-based
probability distributions, we use the generic symbolp(·).

3 http://europa.eu.int



The documents are already aligned at the document level. After extracting the plain
text from HTML documents, we apply a hierarchical rule-based method for text tok-
enization. Then, by using an automatic sentence aligner program, we form a bilingual
corpus. The last step is the corpus filtering to obtain a high quality bilingual corpus
for training the translation models. The paragraph/sentence alignment, and the corpus
filtering will be described in the next sub-section and Section 4, respectively.

Sentence Alignment

We employ an improved version of the Gale and Church algorithm [12] to align the
paragraphs and sentences in the parallel documents. The Gale and Church algorithm is
a dynamic programming method for aligning corresponding sentences in two parallel
documents. This method is based on the length of the two sentences to be aligned. The
length of the sentence is measured in term of its characters.

We extend the algorithm in the following ways. In order to improve the sentence
alignment quality, we make use of a small dictionary. Each entry in the dictionary is
used as an anchor point. In other words, each entry in the dictionary tells the sentence
alignment algorithm if the source word (phrase) of a given entry exists in source sen-
tence then the target word (phrase) might be in the target sentence. To each entry of
the dictionary, two values have been assigned: presence bonus and absence (mismatch)
penalty. By introducing these two values, the dictionary entries can be taken into ac-
count in alignment algorithm more easily and efficiently.

We also integrate several heuristics to the Gale and Church algorithm. Some of them
are as follows:

– If the source sentence starts with a digit or an item symbol, it is very likely that the
target sentence starts with the same digit or symbol.

– The number of numerical sequences in two aligned sentences should be very close
to each other.

– The number of parenthesis pairs in two aligned sentences should be very close to
each other.

There are a few other sentence alignment algorithms available like [13], [14], [15],
[16], andChampollion, the sentence aligner of the Linguistic Data Consortium[17].
In [18], there is an evaluation on different sentence alignment methods on the task
of Portuguese and English parallel texts. They mentioned that due to the very similar
performance of the methods, choosing the best sentence aligner is not an easy task. In
addition, they found that the performance of the sentence aligners vary for different
tasks. Due to this result and the aim of our research which is studying the effect of
noise on statistical machine translation system, finding and employing the best sentence
aligner is not a crucial matter in this task.

To obtain a bilingual corpus from the documents available inthe European Union
Website, we apply the developed sentence aligner in two steps: aligning the paragraphs
of documents, and aligning the sentences within two aligned paragraphs. The following
alignment mappings between source and target sentences are permitted: 1:1, 1:0, 0:1,
2:2, 2:1, 1:2. In this paper, we refer to the bilingual corpus obtained fromthe European
Union Websiteas the EU corpus.



4 Corpus Filtering

The automatic methods for corpus compilation are noise-prone. The main reasons are
sentence alignment errors and the existence of the noise in the original source and target
documents. The latter is very obvious in comparable corpora which make them more
complicated for obtaining bilingual sentence pairs. But also in parallel documents, two
corresponding documents may not be fully suitable for a bilingual corpus extraction
due to free translation or summarization of the original text, selective translation of
important parts of the original document, or existence of useless data like tables in the
parallel documents. An additional type of noise is caused by the use of a third language
in the original documents. For example, in the EU Spanish corpus, we may have a
sequence of words in French.

Thus, there is high probability that an automatically aligned corpus contains many
noisy sentence pairs which are worthless or even harmful for statistical machine trans-
lation . Therefore, we need a filtering scheme to remove the noisy sentence pairs from
the corpus. We will describe two different methods for corpus filtering:

– a length-based filteringwhich makes use of length constraints of sentence pairs,
– a translation likelihood-basedwhich makes use of the translation likelihood mea-

sure for the given sentence pairs.

4.1 Length-Based Filtering

We develop a length-based filtering algorithm to remove presumably harmful or worth-
less sentence pairs. The rules are based upon the length of the source and target sen-
tences and work as follows:

1. The lengths of source sentence and target sentence must not differ largely. When
I andJ denote the lengths of target and source sentences, respectively, the above
rule can be expressed by the following detailed rules:

– (6 · I > J ∧ I < 6 · J)
– (I < 3 ∨ J < 3 ∨ (I < 2.2 · J ∧ J < 2.2 · I))
– (I < 10 ∨ J < 10 ∨ (I < 2 · J ∧ J < 2 · I))

2. At least one alphabetical character must occur in each sentence of a sentence pair.
3. The sentence end symbols in source sentence and target sentence must be similar.
4. The source sentence and the target sentence must not be empty.

In addition, we also identify the language of the source and target sentences to
be in the language which is supposed. The developed language identification system
is a maximum entropy based language classifier for identifying the language of each
text line using the YASMET toolkit [19]. The maximum entropy features are the most
frequent trigrams of each language.

The main problem of this filtering scheme is that it also removes many correct or
useful sentence pairs from the corpus. In other words, the length-based method can
clean the corpus with a high precision but with a low recall.



4.2 Translation Likelihood-Based Filtering

In order to filter out worthless or harmful sentence pairs from the compiled bilingual
corpus in a more systematic scheme, we make use of the translation probability of each
sentence pair which is produced by word alignment models [20] and [21]. For this pur-
pose, we train IBM model 1, Hidden Markov model, and IBM model 4 in a successive
manner using the maximum likelihood algorithm on the whole corpus (unclean corpus).
The final parameter values of a simpler model serve as starting point for a more complex
model. We train these models in both directions, from source to target and from target
to source. Hence, for each sentence pair we have two probabilities:

∑
aJ
1

p(fJ
1 , aJ

1 |eI
1)
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∑
bI
1

p(eI
1, b

I
1|fJ

1 ) whereaJ
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1 is an alignment which describes a mapping from the

source / target positionj / i to the target/source positionaj / bi . By scaling these prob-
abilities with the source and target sentence lengths, we arrive at the following score for
each sentence pair(fJ
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A very good approximation and computationally efficient variation of Equation 3 is
achieved by calculating the Viterbi alignment instead of the summation over all align-
ments, i.e. by replacing the the

∑
operator withmax operator in the equation:
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Now, we have a score for each sentence pair. We empirically determine the threshold
value for discriminating correct sentence pairs from incorrect sentence pairs.

The translation likelihood scores can also be utilized for corpus weighting instead
of corpus filtering. It means that the sentence pairs with a better score will get a higher
weight. It reduces the impact of noisy sentence pairs on training the statistical machine
translation models.

5 Results

Here we will present the results of the corpus filtering for two corpora, Xerox and EU.
The language pair for both corpora is Spanish-English. The Xerox corpus (Table 1) is a
noise free corpus which has been manually aligned, it is composed of technical manuals
describing various aspects of Xerox hardware and software installation, administration,



Table 1.Statistics of the Xerox corpus

English Spanish

Train: Sentences 56K
Words 665K 753K
Vocabulary Size 8K 11K
Vocabulary Singletons 2K 3K

Test: Sentences 1125
Words 8K 10K

Table 2.Statistics of the EU corpus

English Spanish

Train: Sentences 975K
Tokens 19M 22M
Vocabulary Size 73K 94K
Vocabulary Singletons 25K 32K

Test: Sentences 2000
Words 48K 54K

usage, etc. The EU corpus (Table 2) has been automatically aligned and is a noisy
corpus (details in Section 3).

To study the effects of noise on an end-to-end statistical machine translation , we
use the Xerox corpus. Then, by introducing artificial noise on this corpus, we study the
effect of noise on statistical machine translation . We make use of the EU corpus as a
real case study for analyzing the effect of translation likelihood-based filtering.

We evaluate the proposed filtering scheme by two criteria, sentence alignment eval-
uation and end-to-end translation quality.

5.1 Sentence Alignment Evaluation

To evaluate the sentence alignment quality, we select the EU corpus as a noisy corpus.
We generate two clean corpora by applying each of the two corpus filtering methods
to the noisy corpus. In each corpus, we keep just one instance per sentence pair, then
the sentence alignment evaluation will be more accurate. We randomly selected 400
sentence pairs from each corpus. Then, we asked an expert to judge sentence alignment
accuracy in all sentence pairs by assigning correct or incorrect to each pair. The details
of sentence alignment evaluation for the length-based filtered corpus and translation
likelihood-based filtered corpus are shown in in Table 3.

The results show that the translation likelihood-based filtering is better than the
length-based filtering in removing incorrectly aligned sentence pairs. At the same time,
we observed that the number of filtered sentence pairs in the translation likelihood-
based filtering is less than the length-based filtering. This observation along with the
significance test confirm the superiority of translation likelihood-based filtering over
length-based filtering.



Table 3.Sentence Alignment Evaluation

Filtering method Misalignment error rate [%]

Length-based 5.0
Translation likelihood-based 3.2

In order to measure the efficiency of translation likelihood-based filtering , we per-
form another experiment on the Xerox corpus. We introduce different levels of noise to
the clean Xerox corpus, by randomly scrambling a given amount of the sentence pairs,
i.e. we randomly select two sentence pairs with about the same length and then we
make them noisy by exchanging their target parts. After making the corpus noisy, we
apply the translation likelihood-based filtering to the corpus and measure its accuracy
in identifying the noisy sentence pairs. This type of noise can not be identified by any
length-based filtering approaches. Table 4 shows the results of this experiment, the first
column is the level of introduced artificial noise to the clean corpus and the second col-
umn is the accuracy of identifying the noisy sentence pairs. The results show even with
80% noise in the corpus the translation likelihood-based filtering is able to identify the
noisy sentence pairs with the accuracy about 90%.

Table 4.Sentence Alignment Evaluation of the Xerox Artificial Noisy Corpus

Fraction of incorrect Filtering
sentence pairs [%] error rate [%]

20 10.4
40 11.9
60 13.0
80 11.6

5.2 Translation Results

In this section, we study the effect of corpus noise on the translation quality of an
end-to-end statistical machine translation . We make use of a phrase-based translation
engine [7]. In all translation experiments, we will report the baseline translation results
in BLEU score [22].

In the first experiment, we study the effect of different levels of corpus noise on the
translation quality. Again, we use the Xerox corpus which is a clean corpus, and intro-
duce different levels of artificial noise to the corpus with the same method as described
in the last section. Then, we train the statistical machine translation models on each
of the artificially noisy corpora. The translation results are shown in Table 5. The first
column shows the percentage of noisy sentence pairs in the corpus. The second column
shows the translation scores in BLEU when the full corpus is utilized for training the



system. The last column shows the translation results when only the clean part of the
corpus is used for training.

Table 5.Translation Results on the Xerox Artificially Noisy Corpus

Artificial the whole corpus only clean part of the corpus
Noise [%] BLEU [%] BLEU [%]

0 61.2 61.2
20 60.4 59.7
40 58.1 58.5
60 52.4 54.2
80 44.0 49.1

As we expected, the translation quality decreases with a growing level of noisy
sentence pairs. Another important observation of this table is the difference between
the translation results if we use the whole corpus or only the clean part. Even with
about 40% of noise, the difference in BLEU score is about 0.4%. In summary, this table
states that the corpus noise does not deteriorate the translation results.

There exist three important models in training our statistical machine translation
system. They are word alignment model(s) (WA), bilingual-phrase model (BP), and
language model (LM). The bilingual-phrase model must be trained on the clean part of
a corpus, as there is no useful bilingual information assumed to be in the noisy sentence
pairs. But, the effect of noise in training the word alignment model (WA) and its impact
on the translation quality is unclear. We also study the effect of noise in training the
language model (LM), as one type of corpus noise is the existence of the sentences
from another language in the corpus.

In the second experiment with the Xerox corpus, we study the effect of noise in
training the word alignment model (WA). We make again about 20% of the Xerox cor-
pus noisy, then we reorder the sentence pairs in the corpus according to the translation
likelihood scores in ascending order. It means that the noisy sentence pairs supposed
to be at the end of the corpus, i.e. from 80% to 100%. Table 6 shows the experimental
results for this noisy corpus.

The first column shows the percentage of the sentence pairs extracted from the first
of the corpus. The second column depicts the translation results when only the clean
part of the corpus is used for training the BP model (WA is trained with the whole
corpus). The third column contains the translation results when the WA and BP models
are trained both with the clean part of the corpus. In this experiment, the language model
is always trained with the whole corpus, as there is no noise in the target sentences of
the Xerox corpus. The contents of this table state that training the word alignment with
the whole corpus (including noise) causes slightly better translation quality.

We continue the experiments with a real noisy corpus, the EU corpus (Table 2).
We reorder the sentence pairs in the corpus based on the translation likelihood-based
filtering score. A human expert estimates about 1.7% to 2.0% sentence misalignment
rate in the corpus, depending on the accuracy of judgment. We performed a set of ex-



Table 6.Translation Results on a 20% Artificial Noisy Xerox Corpus

filtering on
Fraction of BP WA+BP

Sentence Pairs[%] BLEU[%] BLEU[%]

10.0 38.7 30.0
40.0 57.3 47.9
70.0 59.8 59.6
75.0 59.7 59.6
77.5 59.9 59.9
80.0 60.0 59.7
82.5 60.4 60.2
85.0 60.1 59.6
90.0 59.8 60.1
95.0 60.2 60.1
100.0 60.4 60.4

periments to study the effect of noise on the translation results and also its effect on
different models, as shown in Table 7.

Table 7.Translation Results on the EU corpus

filtering on
Fraction of BP WA+BP WA+BP+LM

Sentence Pairs[%] BLEU[%] BLEU[%] BLEU[%]

92.5 46.9 46.6 46.6
95.0 47.1 46.8 46.7
97.5 47.2 46.8 46.8
98.3 47.0 46.9 46.9
100.0 46.8 46.8 46.8

This table also shows the best translation results are achieved when the word align-
ment and language models are trained on the whole corpus. As it can be expected the
filtering on language modeling training has no effect, as the level of noise in the target
(monolingual) corpus is not considerable. The difference in BLEU score between the
clean corpus (97.5% of the corpus) and the whole corpus is about 0.4%. However, a
significance analysis [23] on the sentence level between these two systems show that
the improvement is statistically significant.

More Experiments

We continue our experiments by including new scores to the Equation 4. We con-
sider the following scores: normalized source language model (1

J log p(fJ
1 )), normal-

ized target language model (1
I log p(eI

1)), and sentence length-difference penalty model



(log(1/(1.0 + |I − J |)). The language models seem to be useful for filtering those sen-
tences which are from another language than the language of the corpus. The sentence-
length difference penalty model explicitly penalizes the dissimilarity between source
and target lengths. The translation experiments did not show any translation quality
improvement when we made use of these extended models over the word alignment
models. It seems that the word alignment models are robust enough against the noise
of the EU corpus. We have also studied the idea of corpus weighting instead of corpus
filtering by using translation likelihood filtering. The translation result when we uti-
lized the weighted corpus for training the system was 46.9% BLEU. It means using the
weighted corpus had no superiority over using the simple corpus.

6 Conclusions

In this paper, we presented an efficient approach for corpus filtering. The experiments
showed that translation likelihood-based filtering is a robust method for removing noise
from the bilingual corpora. It improves the sentence alignment quality of the corpus and
at the same time keeps the corpus size as large as possible. It has also been shown that
the translation likelihood-based filtering enhances the training corpus for the translation
task. The translation quality of the filtered training corpus has statistically significant
improvement over the noisy corpus. One surprising result of the experiments is that
even a large percentage of incorrect sentence pairs does not seem to deteriorate the
performance of a statistical machine translation system. It means that the statistical
machine translation models are robust enough against the corpus noise.
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