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Abstract 
 

Bilingual lexicons are important resources for performing a number of bilingual tasks in machine translation (MT) and cross-language in-

formation retrieval (CLIR). Since the manual building of bilingual extraction is a tedious affair, researchers have focused upon the auto-

matic extraction of bilingual lexicons from corpora. Another issue is the use of parallel and comparable corpora for extraction. Much 

success has been achieved in the use of parallel corpora but it is only available for a few language pairs and for limited domains. Therefore, 

the use of comparable corpora comes as an alternative but a lot need to be done in this field. The paper presents a review of different 

techniques and methods, which have been used for automatic extraction of bilingual lexicon suggesting that an integrated approach can 

give better results than using individual approaches. The paper also contains a proposed method for extraction of bilingual method using a 

combined approach. 
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1. Introduction 

A bilingual lexicon is constituted of words paired together which 

are probably translations of one another. [16]. It can be called an 

extended dictionary which can be deciphered by a computer. Man-

ning and Schutze defined bilingual lexicon as an expandable ma-

chine-readable bilingual dictionary consisting of bilingual word 

pairs. The probable word translations are paired on the basis of sim-

ilarity scores. 

 The automatic extraction of bilingual lexicons can be done effec-

tively using statistical methods from a corpora of two different lan-

guages in which the content is translation of one another or better 

called a parallel corpora.[2] [19]. Statistical translation models 

make use of the correlations and lexical information of two lan-

guages. The models usually work upon word-level and use word 

alignment to estimate the translation probabilities. However this ap-

proach requires alignment of sentences as a prerequisite before pro-

ceeding towards word-level alignment. It is dependent upon the 

number of words and efficiency level of the parallel corpora.  

Bilingual word lexicons are utilized in a number of NLP tasks, like 

finding information across languages [6]. The bilingual lexicon is 

either built manually or automatically extracted from a parallel cor-

pora. Most of the methods of Bilingual lexicon extraction require a 

seed lexicon (which can again be extracted manually or automati-

cally). But these methods suffer from a great deal of noise. These 

methods work on assumption that a word in a particular context will 

have its translation in similar context in the other language. [26]. 

The researchers focused on the similarity of context and calculated 

the similarity level. The word pairs with high rate of similarity are 

selected as probable candidate pairs. These methods are called con-

text-similarity based methods. Seed bilingual lexicons help in cal-

culating the contextual similarities. They map together the contexts 

of separate languages into one common place. If the word pairs do 

not occur in seed dictionary they are not selected. As such the con-

text based methods require large size lexicons otherwise there 

would be little accuracy. As a solution, different methods were at-

tempted which either make no use of seed lexicon [26] or make it 

size independent [19].  

The commonly used methods to measure similarity scores make use 

of three steps: first of all words are converted to vectors. The con-

text is denoted as a vector. Each dimension is the vector itself and 

the value stands for occurrence correlation. Then the contexts are 

brought together into same space using seed bilingual dictionaries. 

Then similarities are calculated using various methods like city-

block metric [25], cosine similarity [14]. 

The words whose context similarity is above some limit and higher 

to others is treated as a translation pair. This is totally dependent on 

the words in a given bilingual lexicon. Hence, if the seed dictionary 

is smaller, the context vectors get scanty and the performance is 

affected leading to extraction of incorrect translation pairs. This 

questions the reliability of current methods when the language pairs 

are not closely related or when a large seed dictionary is unavaila-

ble. 

Bilingual lexicon have been extracted using all three approaches i.e. 

supervised, less supervised as well as unsupervised methods. Su-

pervised learning make use of training data of translated texts and 

bilingual dictionary. The system is trained to get correct translations 

of words. So when there is a new word the system can interpret 

what can be its translation. The second category of less supervised 

technique use comparable corpora which consists of texts that are 

not exact translations. Unsupervised learning has no training or 

precedence and it works upon suitable algorithms. The algorithms 

vary from one linguistic source to another. [18]. The algorithm used 

for parallel corpora and un-parallel corpora are not alike. 

http://creativecommons.org/licenses/by/3.0/
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[2] [3] used a large parallel corpora of English-French Canadian 

parliamentary proceedings in their formative papers for extraction 

of translation pairs. Though the initial experiments had many limi-

tations, but as research continued, a number of machine translation 

systems like Moses, Google Translate were successfully devised.  

However parallel corpora is available only for a few languages, so 

the researchers shifted to the use of unrelated text or comparable 

corpora as first suggested by [9] and [25]. Comparable corpora are 

easily available, which solves the problem of obtaining data. For a 

given number of languages, same number of comparable corpora is 

sufficient. But in case of parallel corpora, if the translation is not 

available in many languages the number of required corpora in-

creases four times 

 

c = (n2 − n)/2  
 

Still, the task of extraction is much harder in comparable corpora as 

compared to parallel corpora. Hence despite intensive research 

(though many International projects are working upon comparable 

corpora) not much success has been achieved in the area. Research 

is going on by amending and combining different approaches and 

some remarkable improvements were suggested (such as use of 

pivot languages). 

The extraction bilingual lexicon from comparable corpora can be 

done using Correlations, Vectors, Projections, Classifiers, Linguis-

tic knowledge etc. 

2. Correlation based extraction 

Correlations between word co-occurrence and use of context of 

words for mapping source word to target word is the most recurrent 

method utilized for comparable corpora. These methods are used 

for extraction of bilingual lexicons and not for extracting parallel 

sentences. 

The first and most relevant reference for bilingual lexicon extrac-

tion using un-parallel text for single word terms is probably [13] 

followed by [26]. 

[4] This approach also called Standard Method utilise the concept 

of vector formation. A context vector is modelled on the basis of its 

frequency and co-occurrences in a given window (±k words), in the 

entire corpus. 

Context vectors for source and target language are calculated and 

using a bilingual dictionary, the context vectors of one language are 

translated into the other language. The similarity of vectors is cal-

culated which is used to prepare a list of probable translations. The 

pairs having high probability are placed on the top. The ranking of 

translation pairs is dependent on the similarity of context vectors. 

More similar vectors will be probably ranked better. A context vec-

tor w⃗⃗⃗  represents the lexical context of a given word w. Context vec-

tors can be calculated using different methods. The lexical context 

is represented by all the co-occurrences (sequence of words that oc-

cur together) ct1, ct2, … , ctiof the given word w. The co-occur-

rences ct1, ct2, … , cti  and value assoc(ct) associated to each co-

occurrence ct are computed for each word (w) in the corpus. It can 

be done using Mutual Information [7] and Log Likelihood [8]. This 

association score also act as normalizing of context vectors. 

 

 
CO-OCCURRING 

TERM 
¬ CO-OCCURRING TERM 

WORD 
a = cooc(word, co-occur-
ring term) 

B = COOC(WORD, ¬ CO-
OCCURRING TERM) 

¬ 

WORD 

C = COOC( ¬ WORD, 

CO-OCCURRING 
TERM) 

D = COOC( ¬ WORD, ¬ CO-

OCCURRING TERM) 

 

Mutual Information(ct)= log
a

(a+b)(a+c)
 

 

LogLikelihood(ct) = a log(a) +  b log(b) +  c log(c) +
 d log(d) + (a +  b +  c +  d) log(a +  b + c +  d) −

(a +  b) log(a +  b) − (a +  c) log(a +  c) − (b +  d) log(b +
 d) − (c +  d) log(c +  d)  
 

Then the tail of context vectors is translated. The context vector 

word w (head) is not translated. The tail comprise of all the co-oc-

curring terms ct1, ct2, … , cti  of the given word w and their asso-

ciated value 

 

assoc(ct) =  Mutual Information(ct)  
 

or 
 

assoc(ct) = Log Likelihood(ct)  
 

A bilingual source/target dictionary is required to transfer context 

vectors into a target language. The usual case is that for one co-oc-

curring source term ct1 to translate there exists one translation 

ctktrans
 in the bilingual dictionary. In this case, assoc(ctktrans

) =

assoc(ctk) 

If the translation of co-occurring source term ctk, does not exist in 

the bilingual dictionary, it is then, not transferred into the translated 

context vector w⃗⃗⃗ trans . Then the similarity of vectors is calculated 

for both sides. 

After measuring the similarities, the target words are ranked by the 

vector similarity computed in source side. The best ranked target 

words are the words that have the highest similarity score, and thus 

are sorted out as possible candidate translations. However the effi-

ciency will be low if the data is less. 

2.1. Context heterogeneity 

Apart from context vectors another method used for extraction of 

bilingual lexicon from a comparable corpus is [9] context heteroge-

neity. This “Context Heterogeneity” is a 2-dimensional approach 

for each word on the right and left side. The context vector uses the 

unigram frequency and the number of unique words in a particular 

window. Euclidean distance is used to compute similarity. 

 The value of context heterogeneity of any function word would be 

close to one, since it can be followed by a number of words. 

Whereas the x value of the word which is always followed by a 

same word is less than one. 

To measure the distance between two context heterogeneity vec-

tors, simple Euclidean distance is used. 

 

ε = √(x1 − x2)
2 + (y1 − y2)

2  

 

If | ε | is close to zero then similarity is high. 

2.2. The K-VEC method 

In the K-VEC algorithm developed by Pascale [9] he prepared a list 

of lexicon candidates on the basis of how similarly the words of 

source and target language are distributed. The bilingual text is bro-

ken in K pieces and K-dimensional binary vectors are constructed 

for words on both sides. This method uses the mutual information 

score. It gives little efficiency in case of low frequency words. The 

t-score [17], [12] sheds the redundant values. If the value of K is 

very small, the results are inappropriate and in case of high value 

there will be no processing at all. Hence, [13] suggested that this 

method is not suitable for extraction of bilingual lexicon. 

2.3. Convec 

Fung also proposed a method called CONVEC, which uses similar-

ity measured on TF-IDF [14] [10]. The TF-IDF weight (Term Fre-

quency-Inverse Document Frequency) is a statistical technique to 

determine the importance of a word in an article in a large collection 

of texts. If the frequency of a word is high in the document the word 

is deemed important but if the frequency is high in the corpus, the 

value decreases. 
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2.4. Relation matrix 

Word Relation Matrix identifies words from comparable corpora 

which can be translations [13]. The correlation vectors are con-

structed between source word and seed word on one side and be-

tween target word and seed word on the other side. For every un-

known word in source language, its correlation with every word in 

the seed word list is identified and relation vectors are made. Simi-

larly for unknown words in target language its correlation with 

every word in the seed word list is found to make a vector. The 

vectors are considered translations if their correlation value is high. 

2.5. Phrase frequency based methods 

This approach is based on the correlation between the co-occur-

rences of translation pairs of words [26]. It requires a small diction-

ary, which is to be expanded. The correlation vector is computed 

from the co-occurrence matrix. The rows of matrix consists of all 

words of the corpus and columns contains all the target words in the 

base dictionary. The unknown words are ignored. The positions of 

vectors are adjusted in relation to the vectors of the target language. 

With the resulting vector, similarity calculation based on log likeli-

hood is used to calculate the similarity score.  

2.6. Iterative extraction 

This method extracts bilingual dictionary from comparable corpora 

[11] by using IBM Model 4. The documents are ranked using sim-

ilarity scores and translation pairs are identified. 

The method is further processed for bootstrapping assuming that 

there will be more pairs of translations. The iterations are done till 

convergence. This feature helps to add more parallel sentences from 

dissimilar documents.  

 

𝑃𝑟(𝑤𝑠 = 1) =  
𝑎+𝑏

𝑎+𝑏+𝑐+𝑑
   

 

𝑃𝑟(𝑤𝑡 = 1) =  
𝑎+𝑏

𝑎+𝑏+𝑐+𝑑
  

 

𝑃𝑟(𝑤𝑠 = 1 ,𝑤𝑡 = 1 ) =  
𝑎

𝑎+𝑏+𝑐+𝑑
  

 

a = number of segments where both words occur 

 

b = number of segments where only 𝑤𝑠 occur 

 

c = number of segments where only 𝑤𝑡 occur 

 

d = number of segments where neither words occur 

2.7. Combination of context and lexical information 

Some researchers have also focused on a combination of different 

methods to get better results. [5] Have used the context vector as a 

basic component. The translation probabilities are calculated using 

a multilingual thesaurus. The combination increase the accuracy 

level as compared to the standard methods. 

2.8. Domain specific bilingual dictionary extraction 

Yun-Chuang Chiao and Pierre Zweigenbaum used a Medical cor-

pus for extraction of bilingual lexicon.[4]. They used a window of 

seven words to model context vectors. The source vectors are trans-

lated using a small bilingual dictionary. Jaccard and Cosine simi-

larity is used for comparison of all possible vectors.  

 

𝐽𝑎𝑐𝑐𝑎𝑟𝑑(𝑉,𝑊) =  
∑ 𝑣𝑘𝑘 𝑤𝑘

∑ 𝑣𝑘
2

𝑘 +∑ 𝑤𝑙
2

𝑙 −∑ 𝑣𝑚𝑚 𝑤𝑚
  

 

𝐶𝑜𝑠𝑖𝑛𝑒(𝑉,𝑊) =  
∑ 𝑣𝑘𝑘 𝑤𝑘

√∑ 𝑣𝑘
2

𝑘  √∑ 𝑤𝑙
2

𝑙  

  

2.9. Topic model based extraction 

[31] The proposed TMBM approach assumes that the words that 

often occur in similar topics are more likely to be translations of 

one another. It uses a Bilingual Latent Dirichlet Allocation 

(BiLDA) topic model. The corpora is aligned document to docu-

ment. This method is completely unsupervised. Later, [30] built an 

efficient dictionary combining linguistic knowledge with topic dis-

tribution. [21] constructed a parallel corpora from comparable cor-

pora using BiLDA topic models to find translations. 

It is difficult to compute similarity between a source word, 𝑤𝑒  and 

a target word 𝑤𝑗  directly since they are in different spaces and 

have different dimensions [5]. The projection based approach 

maps both source words with 𝑉𝑒 dimension and target with 𝑉𝑗  di-

mension into a latent semantic space with S, 𝑧𝑒 = 𝑀𝑒𝑤𝑒  and 𝑧𝑗 =

𝑀𝑗𝑤𝑗  ,where matrices 𝑀𝑒 (𝑉𝑒 by S) and 𝑀𝑗 (𝑉𝑗  by S) can be opti-

mized by an Expectation Maximization learning algorithm for 

IBM Model 1. The similarity is computed with cosine similarity in 

semantic space, score (𝑤𝑒 , 𝑤𝑗) = cosine (𝑤𝑒 , 𝑤𝑗) = cosine 

(𝑀𝑒𝑤𝑒 , 𝑀𝑗𝑤𝑗) = cosine (𝑧𝑒 , 𝑧𝑗).  

3. Vector representation 

These methods use features other than context and using infor-

mation retrieval algorithms to extract them. Every sentence is mod-

elled as a vector and using similarity scores the probable candidates 

of translations are identified 

3.1. Geometric interpretation of bilingual text 

[15] Proposed a geometric method to extract translation pairs from 

non-parallel texts. Three new methods were devised to overcome 

the challenges like polysemy and coverage faced in other tech-

niques. These methods do have the limitations as well but the de-

sired levels of efficiency are achievable. 

The source word is given as 𝑠𝑖 , 1 ≤ 𝑖 ≤ 𝑝 and target words is 

given as 𝑡𝑗 , 1 ≤ 𝑗 ≤ 𝑞. D (bilingual dictionary) is a set of n trans-

lation pairs (𝑠𝑖 , 𝑡𝑗), and is represented as a 𝑝 × 𝑞 matrix M, such 

that  

 

{
𝑚𝑖𝑗 = 1 𝑖𝑓𝑓 (𝑠𝑖 , 𝑡𝑗) ∈ 𝐷

 = 0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
  

 

The dot product between 𝑣  and the translation of  𝑤⃗⃗  calculates the 

level of similarity of vectors. 

 
〈𝑣  , 𝑡𝑟(𝑤⃗⃗ )〉 =  ∑ 𝑎(𝑣, 𝑒)𝑎(𝑤, 𝑓)(𝑒,𝑓)∈𝐷   

 

3.2. Text extraction based on signal processing 

The work takes motivation from signal processing approach [23]. 

First of identical sentence pairs are identified by comparing the doc-

uments. Further all of the identified sentence pairs are passed 

through a filter for refinement. The sentences that have less number 

of translated words are filtered out and sentences which have high 

number of translated words are selected. Using a smoothing filter, 

the parallel fragments from sentences are detected. The filter selects 

those sentence pairs for which the corresponding values are high. 

The values are calculated using the probabilities and number of 

words. 

4. Projection based approach 

The similarity scores for the source words and target words cannot 

be calculated properly if the words are not brought together into 

common space. The words occur in different dimensions and 

spaces which make the calculations difficult. [5]. The projection 
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based approach analyse the words semantically and brings the 

source words with 𝑉𝑒 dimension and target words with 𝑉𝑗  dimen-

sion into a common space which is latent with S, 𝑧𝑒 = 𝑀𝑒𝑤𝑒  

and𝑧𝑗 = 𝑀𝑗𝑤𝑗 . The matrices 𝑀𝑒 (𝑉𝑒 by S) and 𝑀𝑗 (𝑉𝑗  by S) are op-

timized by an Expectation Maximization learning algorithm for 

IBM Model 1.  

5. Classifiers based extraction 

A classifier is an NLP tool which classifies the data into different 

classes. This classification can be used to separate the good sen-

tence pairs from the bad pairs by using feature generation. 

5.1. Maximum entropy model 

A Maximum Entropy classifier is trained on parallel data using a 

dictionary [22]. Though the classifiers work upon a number of fe-

tures, The Maximum Entropy classifier use the translation number 

feature alone. Keeping in view the restraints exercised by the fea-

tures, the classifier suggest that the optimal parametric form of the 

model of data is a log linear combination of these functions. The 

parameter values which enhance accuracy of a given training cor-

pus are calculated using algorithms like GIS or its improved version 

IIS. The feature function used here takes into account the explicit 

word alignment, length of the sentences, percentage of the words 

with translations from both side, percentage of words with no trans-

lations, alignment score, length of the longest span etc. 

5.2. Support vector machine 

C. Brockett and W.B. Dolan worked upon a comparable corpus of 

news extracted from online sites using Support Vector Machines to 

find larger monolingual para-phrases. The data is properly labelled 

and tagged. [1]. It uses many features like diversity of morphology, 

synonyms and hypernyms, log-likelihood-based word pairings dy-

namically obtained from baseline sentence alignments and formal 

string features such as word-based edit distance. This technique im-

proves the alignment rate of the corpora. The heuristic methods 

which depend on the position of the sentences in the text have more 

errors. 

6. Parallel corpora based approach 

Some researchers have converted comparable corpora into parallel 

corpora for the extraction of bilingual lexicon. The dictionary is 

constructed through word alignment models. The corpora can be 

constructed using different methods. [23] Used suffix trees to build 

parallel corpora. This method worked well on languages having 

similar word order but not on languages having different word or-

der. [29] Constructed parallel corpora by using seed dictionary fea-

tures and orthographic features. 

7. Linguistic knowledge based extraction 

Linguistic knowledge is used to prepare templates, which are then 

used as filters to identify correct translation. These methods are ex-

tremely language dependent. 

 

 

 

 

 

7.1. Lexico-syntactic methods 

This approach extracts translation pairs from comparable corpora 

without requiring external bilingual resources [24].Lexico-syntac-

tic templates are extracted from parallel texts and their bilingual 

correspondences are identified to find meaningful bilingual anchors 

within the corpus. First of all text processing is done followed by 

extraction of bilingual lexico-syntactic templates from parallel cor-

pora and extraction of word translation from comparable text using 

these templates. The standard and context based methods relies on 

the same notion of similarity. The similarity between lemmas is cal-

culated using the following non-weighted Dice coefficient: 

 

𝐷𝑖𝑐𝑒(𝑙1, 𝑙2) =
2×∑ 𝑚𝑖𝑛 (𝑓(𝑙1,𝑡𝑖),(𝑓(𝑙2,𝑡𝑖)𝑖

𝑓(𝑙1)+𝑓(𝑙2)
  

 

Where 𝑓(𝑙1, 𝑡𝑖) represents the number of times lemma 𝑙1 occurs in 

a seed template 𝑡𝑖. In addition, 𝑓(𝑙2, 𝑡𝑖) represents the number of 

times lemma 𝑙2 occurs in a seed template 𝑡𝑖. 
Chenhui Chu has proposed a novel approach of bilingual lexicon 

extraction by combining topic model and context based methods. 

The system does not rely on any prior knowledge and the perfor-

mance can be iteratively improved. Experiments conducted on Chi-

nese-English, Japanese-English and Chinese-Japanese Wikipedia 

data show that the proposed method signicantly outperforms the 

previous studies. The approach is language independent and can be 

used for other language pairs as well. 

8. Proposed method 

Taking cue from it we have proposed a method for extracting bilin-

gual lexicon from English-Punjabi comparable corpora. The Web 

has been exploited as a source of comparable corpora, and many 

studies have been conducted for constructing parallel corpora from 

it. However one common fact among the previous research is use 

of English, German, Spanish, Arabic, Chinese, Japanese corpora. 

We have used English- Punjabi corpora with no precedence in the 

area. A number of different approaches and techniques have been 

explored for the extraction. 

The topic model based method (TMBM) and context based method 

(CBM) use distributional concept that a word having similar mean-

ing to a word of another language will be distributed in similar 

ways. TMBM computes the similarity of two words on topical dis-

tributions across languages, and CBM is based on similarity of con-

text. 

Our idea is to present an extraction system which combines TMBM 

and CBM. It will utilize topic distribution as well as context simi-

larity thus increasing the accuracy of the bilingual lexicon. The data 

is aligned in document form. For the purpose of extracting bilingual 

lexicon we train BiLDA topic model and extract topical bilingual 

lexicons. The topical bilingual lexicon is used as seed dictionary in 

context based method to obtain context bilingual lexicons.  

Combination 

TMBM measures the distributional similarity of two words on 

cross-lingual topics, while CBM measures the distributional simi-

larity on contexts across languages. A combination of these two 

methods can exploit both topical and contextual knowledge to 

measure the distributional similarity, making bilingual lexicon ex-

traction more reliable and accurate. Here we use a linear combina-

tion for the two methods to calculate a combined similarity score: 

 

𝑆𝑖𝑚𝐶𝑜𝑚𝑏(𝑤𝑖
𝑆, 𝑤𝑖

𝑇) = 𝛾𝑆𝑖𝑚𝑇𝑜𝑝𝑖𝑐(𝑤𝑖
𝑆, 𝑤𝑖

𝑇) + (1 −

𝛾)𝑆𝑖𝑚𝐶𝑜𝑛𝑡𝑒𝑥𝑡(𝑤𝑖
𝑆, 𝑤𝑖

𝑇)  
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Fig. 1: Integral Approach for Bilingual Lexicon Extraction. 

 

In this way, we extract lexicon from comparable English-Punjabi 

corpus. This system can however be improved upon further and ac-

curacy can be increased. It currently deals only with simple noun 

words and cannot handle compound words and rare words. 

9. Conclusion 

Hence a wide variety of methods and approaches have been devel-

oped which use different algorithms for the extraction of bilingual 

extraction. However these approaches have their limitations like 

high levels of complexity, sensitivity to parameters, size of corpus, 

low accuracy etc. The effective way to overcome the problem can 

be to use a combined approach as proposed above i.e. to combine 

two or three methods for better performance so that the limitation 

of one method can be tackled with other. 
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