Combining lexical context with pseudo-alignment for bilingual lexicon extraction from comparable corpora
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Abstract. Only a few studies have made use of alignment information in bilingual lexicon extraction from comparable corpora, in which comparable corpora
are necessarily divided into 1-1 aligned document pairs. They have not been
able to show extracted lexicons benefit from the embedding of alignment information. Moreover, strict 1-1 alignments do not exist broadly in comparable
corpora. We develop in this paper a language-independent approach to lexicon
extraction by combining the classic lexical context with pseudo-alignment information. Experiments on the English-French comparable corpus demonstrate
that pseudo-alignment in comparable corpora is an essential feature leading to a
significant improvement of standard method of lexicon extraction, a perspective
that have never been investigated in a similar way by previous studies.
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Introduction

Bilingual dictionaries are bridges between two different languages and important
resources for empirical multilingual natural language processing tasks such as crosslingual information retrieval (CLIR) [1] and statistical machine translation [13]. With
the high-speed development of international communication, the bilingual dictionary
demand grows highly accordingly. Hand-coded dictionaries are of high quality, but it
is expensive to build and researchers have tried, since the end of the 1980s, to automatically extract bilingual lexicons from parallel corpora [7, 10, 11, 17]. Parallel corpora are however difficult and time consuming to get in several domains and the majority of bilingual collections are comparable and not parallel. Due to their more
abundant, less expensive and low cost of acquisition via web, various methods have
been previously proposed to extract bilingual lexicons from comparable corpora [3, 4,
5, 6, 8, 12, 15, 19].
Most works in bilingual lexicon extraction follow the assumption that words in
translation should have similar context in both languages. Based on this assumption, a
standard approach usually builds context vectors for each word of the source and
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target languages. The candidate translations for a particular word are obtained by
comparing the translated source context vector with the target context vector using a
general bilingual dictionary [8], and it has been proved to get a good performance in
previous works.
In addition to context information, heuristics are often used to improve the general
accuracy of the context-vector approach, like orthographic similarities between the
source and the target terms [16]. Cognate-based techniques are popular in bilingual
term spotting, in particular for specific domains. It can be explained by the large
amount of transliteration even in unrelated languages. Also, related languages like
Latin languages can share similarities between a term and its translation, like identical
lemmas.
As far as we could tell, only a few studies have paid attention to the co-occurrence
information between words in aligned documents [14, 18]. Those approaches did not
take lexical context into account, resulting in poor performance compared to work in
the same vain. Moreover, comparable corpora in those studies were divided into strict
1-1 aligned document pairs which, however, did not exist broadly in comparable corpora. For instance, [14] aimed to enhance the performance of lexicon extraction for
those rare words. They did make use of the alignment information in a machine learning manner, which however relied on strictly 1-1 alignments and expensive training
process. Moreover, by extracting aligned pairs, they had actually reduced a lot the
size of original corpora and suffered from great information loss.
However, factors affecting the meaning of a word are far more than this, let alone
the task is dealing with two languages of different cultural background. Besides, due
to polysemy and homonymy, it is hard to identify precise translations of a word according to a single type of feature, a conclusion that can be drawn from poor performance in previous studies [4]. A natural solution to this problem is to resort to comprehensive features, especially those reflecting different aspects of a word. Therefore,
in this paper, we propose a comprehensive approach considering the lexical context
together with the co-occurrence feature in loose aligned document pairs.
The rest of the paper is organized as follows: Section 2 reviews related works on
some popular methods in lexicon extraction from comparable corpora. Section 3 presents the combined model we proposed: we firstly present the method to calculate
similarity using context information and then discuss the principle and method to
build word co-occurrence. Section 4 shows the experimental setup and evaluation of
our method on three groups of corpora. Conclusions will be drawn in section 5.

2

Related Work

Several research works have been done on the task of extracting bilingual lexicon
from comparable corpora. Most approaches are based on the same intuitive assumption of word distribution, that is words appear in context of the same form or semantic
are attended to be translation pairs. The starting point of the strategy is as follows: for

each word w, the context information of w is described in a certain way, such as a
vector, and then we can get the translation candidates of w by ranking the context
similarity between w and any target word. This method was often been conducted
with an existing bilingual resources [6] or parser tool [5].
Existing research works are trying to improve performance through two ways: one
is trying to find another way to describe the context which contains more context
information; the other is to find a more effective way to measure the similarity between word contexts. Such as [3] defines words in a fixed size of window to be the
context, and tests several different models in bilingual lexicon extraction from parallel or comparable corpora in specialized domains. It shows that the combination of
multi models significantly improves results, and that the use of the thesaurus
UMLS/MeSH is of primary importance. But [5] improves the context information by
using dependency parsing. It uses contexts derived from head-words linked by dependency trees instead of the immediate adjacent lexical words. With the deep semantic information, it gains significant improvement compared to approaches solely relying on the lexical context. [6] presents a geometric view on bilingual lexicon extraction from comparable corpora, which can interpret all the context vector approaches
in a uniform framework. It uses singular value decomposition (SVD) to map the original context vector to another space in which synonyms dictionary entries are close to
each other, while polysemous ones still select different neighbors. The precision is
proved to be improved. [12] tries to extract French-Japanese terminologies from comparable corpora, considering both single and multi-word terms. They show the fact
that the quality of comparable corpora is more important than the quantity and that
this ensures the quality of acquired terminological resources. It also concludes that the
quality of co-occurrence vectors can be substantially improved by ensuring domain
and discourse comparability of the corpora from which co-occurrences are obtained.
[18] introduces a new way to align two document collections in different languages,
and test the effectiveness of several combined CLIR approaches based on comparable
corpora, dictionary-based query translation, and pseudo-relevance feedback. But it did
not take the co-occurrence information of words in document pairs into account. [14]
incorporates the lexical context similarity with the co-occurrence model between
words in strict aligned documents to extract bilingual lexicons, which mainly tries to
solve the problem of data sparseness of rare words. Furthermore, comparable corpora
in [14, 18] were divided into strict 1-1 aligned document pairs that do not exist broadly in comparable corpora. In this case, the size of original corpora was greatly reduced
while retaining the aligned document pairs, leading to great information loss. In addition, a large volume of training data was needed, which makes the method infeasible
in general extraction task.
It has been proved in most previous studies that lexical context is important for bilingual lexicon extraction. The pseudo-alignments in comparable corpora are another
feature we deem to be important. We thus plan to combine these two features to form
a comprehensive model to extract bilingual lexicon from comparable corpora.

3

The combination model

3.1

Lexical context similarity

We implemented the context-vector similarity in a way similar to Pascale Fung [9],
using context information to extract bilingual lexicon. It assumes that the words in the
source and target language are likely to be mutual translations if their context is similar. Based on the assumption, the standard approach builds a context vector respectively for the source and target word. Then the context vector of the source word is
translated to the target language, so that we can compare the source context vector
with the target context vector and a similarity between them is also calculated. The
context vector is built as follows:
For an English word , we collect its context words in the entire English corpus,
then a context vector ⃗⃗⃗ for
is built, the dimension of the ⃗⃗⃗ is the same with the
number of entries the lexicon has, the value of the i-th dimension of ⃗⃗⃗ is
:
(1)
where
represents the number of times the i-th word in the dictionary appears in
the context of .
(2)
where
is the maximum frequency of any word in the corpus, is the total
number of occurrences of word
in the corpus.
For a French word
, we acquire a context word vector ⃗⃗⃗⃗ in a similar manner as
the English word .
Once the context vector of each word has been built, the problem is to measure the
similarity between two words. In the cross-language settings, one needs to compare
two vectors in different languages, i.e. one vector in the source language needs to be
mapped to a vector in the target language. In this paper, ⃗⃗⃗ is mapped to ⃗⃗⃗ by accumulating the contributions from words in ⃗⃗⃗ . Here we calculate the contributions by
adding up the weights of words in ⃗⃗⃗ with the identical translations in ⃗⃗⃗ . We used
the Cosine similarity for context-vector comparisons, which has often been shown to
achieve superior results in comparative studies. With the cross-language vector mapping and the cosine formula, the similarity between words
and
is computed as:

𝑆𝑐
where
3.2

⃗⃗⃗ ⃗⃗⃗

is the translation set of

⃗⃗⃗ ⃗⃗⃗⃗
√∑

⃗⃗⃗⃗

∑

(3)
⃗⃗⃗⃗

in the bilingual dictionary.

Pseudo-alignment similarity

According to the characteristics of the comparable corpus, Comparable documents are
not strictly parallel, but have overlapping information. Therefore, words occur in a

pair of comparable documents tends to have more probability of being translation
candidates of each other. So in this work, first, we get a loose alignment between the
two corpora, which has great differences with strict 1-1 alignment in other works and
it is more suitable for the reality. Then, we propose a quantity which is large if
and
appear in many document pairs with a high comparability score, and small
otherwise.
In order to establish loose alignments among documents, one in fact needs to
measure the similarity of each document pair consisting of documents in two languages. We directly use here the measure
) proposed by [9]. The measure is
light-weighted and does not depend on complex resources like the machine translation
system. Let us assume we have an English document
and a French document ,
then
) measures the proportion of the English and French words for which a
translation can be found in the document pair, that is:
∑

∑

(4)
where
(resp.
) is the set of all words which appear in the English(resp.
French) corpus .
(resp. ) is the English (resp. French) part of a given, independent bilingual dictionary. is a function indicating whether a translation from the
translation set
of is found in the French word set, that is:
{

(5)

In order to measure the co-occurrence feature of
and , first, we define the
joint probability of
and
as (6), which is in direct proportion to the number of
comparable document pairs they occur in, that is:
(
where
(resp.
is defined as:

∑

)

(6)

) is the set of documents containing word

(resp.

{

).

(7)

where is the threshold to judge the comparability of two corpus or documents. Here
we can conclude that the co-occurrence probability of
and
is in direct proportion to the number of comparable document pairs they occur in. According to equation (6), the marginal probability of
is:
∑
∑

(
∑

)
(

)

∑

∑

|

|

(

)

(8)

where
is the set of all documents in French corpus. Our corpora is large enough to
assume that all
in
have almost the same vocabulary size and all
have the
same number of comparable counterparts in
, then
. Point-wise mutual information (PMI) is a measure of association widely used in information theory
and statistics. PMI is first proposed by [2] as equation (9), Here we use
the
o judge how relevant the source word
is to the target word :
(9)
Then, we proposed a quantity
and :

, which is in direct proportion to the PMI of
∑

∑

(10)
which is easy to compute and has the desired property: it is reasonable to measure the
co-occurrence feature of
and .
The lexical context is a classic feature that has been proved to be efficient in lexicon extraction. The pseudo-alignment in comparable corpora is another feature we
deem to be important. Those two features can be combined to form a comprehensive
measure and we thus obtain:
𝑆𝑐 (

)

𝑆𝑐

(11)

This is simply the product of two similarities from different aspects.

4

Experiments and Results

4.1

Experimental setup

We perform our lexicon extraction on English and French comparable corpora which
were used in the multilingual track of CLEF (http://www.clefcampaign.org), including the Los Angeles Times (LAT94, English), Glasgow Herald (GH95, English), Le
Monde (MON94, French), SDA French 94(SDA94, French) and SDA French
95(SDA95, French). To gain the diversity of the corpora, two monolingual corpora
from the Wikipedia dump 1 were built. English articles are retained below the root
category Society and French articles are extracted from the Sociétécategory. A dump
contains text, but also some special data and syntax (images, internal links, etc.)
which are not interesting for our experiments. We remove all tags in the collection. A
stop-word list is used to filter the textual content of the articles. The English corpus
consists of 533k documents and the French one consists of 508k documents. Table 1
1

http://download.wikimedia.org

contains the details about the comparable corpora in which documents containing less
than 30 words have been deleted.
Standard preprocessing steps: tokenization, POS-tagging by Tree tagger and lemmatization are performed on all the linguistic resources. We will directly work on
lemmatized forms of content words (nouns, verbs, adjectives, adverbs).
Table 1.The size of the corpora

CLEF corpora
Wikipedia Corpora

language
English
French
English
French

Docs
165 K
130 K
368 K
378 K

The seed lexicon used in our experiments is constructed from an online dictionary.
It consists of 33k distinct English words and 28k distinct French words, which constitutes 76k translation pairs.
In order to measure the performance of the bilingual lexicon extraction method presented above, we divided the original seed dictionary into 2 parts: 10% of the English
words (about 3k words) together with their translations are randomly chosen and used
as the evaluation set, the remaining words being used to compute context vectors and
similarity between them.
4.2

Experiment groups

While getting the POS information of the corpus, we divided the entire corpus to three
parts which were the three groups of corpora using in the experiments. Then we randomly pick some files from them to do the experiments, documents in each language
have the same number. The source and size of the final corpus is listed in Table 2.
Table 2.The source and size of the corpora in the experiments

group
1

Data
CLEF Base corpus

2

CLEF Base corpus +
CLEF extend corpus

3

CLEF Base corpus+
Wikipedia corpus

Language
English
French
English

Source
GH95
SDA95
GH95, LAT94

Size
19K
19K
46 K

French

SDA95,
MON94,SDA94
GH95, Layer less
than 4 under Society category,
SDA95, Layer less
than 7 under Sociétécategory

46 K

English

French

54 K

54 K

While building the context vector of the source and target corpora, syntactic contexts are considered to be less ambiguous and more sense-sensitive than contexts

defined as windows of size N for the reason of no structural damage to a complete
sentence. But in our work, the Wikipedia texts are not so standard in grammar because of their voluntary editor. Therefore, we use the period concluding a sentence
combined with a context widow of size 10 to define the range of context.
4.3

Results and analysis

After calculating similarities based on the baseline method and the one developed in
this paper, for each word in the test set, we list their French translation candidates
which are ranked by the two methods of calculating similarity respectively. In order
to test the performance of the words in the evaluation lists, we get the top N ranked
translate candidates of each word, then measure the precision rate and recall rate. In
addition, several studies have proved that it is easier to find the correct translations for
frequent words than for infrequent words, to take this fact into account, we distinguished different frequency ranges to assess the validity of our approach for all frequency ranges, Words with frequency less than 100 are defined as low-frequency
words (WL), while words with frequency larger than 400 are high-frequency words
(WH), and words with frequency in between are medium-frequency words (WM). The
results obtained when using the lexical context information alone (baseline) and the
refined combined model proposed in this paper (new) were displayed in Table 3. The
relative improvement is further shown in Table 4. Gi’ (i=1, 2, 3) stands for the result
of group Gi’ while using the improved method.
Table 3. Precision and recall rate of two approaches on three groups
Precision
baseline
0.250
0.277
0.325

G1
G2
G3

Recall
new
0.251
0.293
0.345

baseline
0.106
0.122
0.145

New
0.106
0.127
0.153

Table 4. Improvement of presicion for words in different frequcney ranges. G2’ and G3’ denotes performance of our approach on test group G2 and G3 respectively.
G2

G3

G2’

> G2

G3’

> G3

WL

0.167

0.206

0.175

4.8%

0.221

7.3%

WM
WH

0.338

0.390

0.358

5.9%

0.420

7.7%

0.561

0.632

0.599

6.8%

0.657

All

4.0%

0.277

0.325

0.293

5.8%

0.345

6.2%

Table 3 shows the overall results on three groups of test corpora obtained with our
approach as well as the baseline method. One can find that performance of lexicon
extraction, in terms of both precision and recall, has been enhanced on all groups,
although the improvement is more remarkable on G2 and G3. It is a tough task to
improve the performance of lexicon extraction when considering target words distributed in all frequency ranges[6, 9], compare to those studies only focusing on words of

high frequency [4, 12]. According to the experiment results obtained in previous work
for the same task [9], our results here should be considered as important, although the
increase in terms of precision is not that much. We also notice from table 3 that the
performance does not change much on group G1 with our approach. The reason is
that corpora in group G1 are of small size where context information and alignments
of high quality do not exist in large scale. We can draw a conclusion out of these results: the size of corpus influences the quality of bilingual lexicons extracted with the
method proposed in this paper.
We will give here more comments on translation performance for words distributed
in different frequency ranges, since it is much easier to translate words of higher frequency [4, 12]. The improvement on group G1 is not that significant and we only
focus on those on groups G2 and G3 and list detailed results in table 4. One could find
a consistent improvement for words in all the frequency ranges. When using the improved approach, the precision of low-frequency words is strongly improved from
0.167 to 0.175 (corresponding to a relative increase of 4.8%) on group G2, from 0.206
to 0.221 (corresponding to a relative increase of 7.3%) on group G3. For middle frequency words, the precision is relatively increased by 5.9% on group G2 and 7.7% on
group G3. Lastly, for high frequency words, the performance is also significantly
improved: from 56.1% to 59.9% (corresponding to a relative increase of 6.8%) on
group G2 and from 63.2% to 65.7 % (corresponding to a relative increase of 4%) on
group G3. We can thus conclude that our approach performs consistently on all frequency ranges. Especially for those low frequency words of which the performance is
rather difficult to improve, our approach has shown a consistent and satisfactory enhancement.

Accuracy

0.3
0.28
0.26
0.24
0.22
0.2
0.18
0.16
0.14
0.12
0.1

baseline
improved

1

5

10

15

20

Number of translation candidates
Fig.1.Comparison of the average precision for the top 1 to 20 candidates with the baseline
approach and our improved approach on group G2.

The average precision of three groups on different approaches is displayed in Fig 1.
From it, one can see that the overall average precision is further improved by 1.3%
compared with the baseline. For N from 1 to 20, there is always a significant im-

provement in the precision and recall rate. The most fastest rising appears in top 1 to
top 5, this is mainly because correct translations can be easily found in top 5 with only
little random error, with the increase of number of candidates, the accuracy does not
increase so sharply means the candidates among top 10 to 20 are usually words relates
to the true translations, so one can refine the model eventually to get better precision.

5

Conclusion

We have proposed in this paper a combined model to improve the efficiency of bilingual lexicon extraction from comparable corpora. This model combines the traditional
lexical context information with the word co-occurrence in loosely aligned documents
to compute the similarity between two words. It has been proved to be effective mainly because the novel model has taken into account various characteristics that could
reflect word meaning from a comprehensive perspective. We have first established in
our approach loosely aligned document pairs relying on a light-weighted comparability measure proposed in [9]. Contrary to previous studies, the pseudo-alignment in our
work does not need to be strictly 1-1 style, which is compliant with the real case in
practice. The co-occurrence information of words in aligned documents is then incorporated into the traditional model solely relying on lexical context similarity to form a
comprehensive model. Experiments have shown that translation precision can be improved significantly on all test groups, i.e. a relative improvement of 6.2% on group
G3 from 32.5% to 34.5%. In addition, we have noticed much more improvement on
those corpora of larger size where alignment of higher quality could be found easier.
In future work, we will try to discover and incorporate more influential factors to
measure the similarity of words in two languages.
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