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Abstract. High quality bilingual dictionaries are rarely available for
lower-density language pairs, especially for those that are closely related.
Using a third language as a pivot to link two other languages is a wellknown solution, and usually requires only two input bilingual dictionaries
to automatically induce the new one. This approach, however, produces
many incorrect translation pairs because the dictionary entries are normally are not transitive due to polysemy and the ambiguous words in
the pivot language. Utilizing the complete structures of the input bilingual dictionaries positively inﬂuences the result since dropped meanings
can be countered. Moreover, an additional input dictionary may provide
more complete information for calculating the semantic distance between
word senses which is key to suppressing wrong sense matches. This paper proposes an extended constraint optimization model to inducing new
dictionaries of closely related languages from multiple input dictionaries,
and its formalization based on Integer Linear Programming. Evaluations
indicated that the proposal not only outperforms the baseline method,
but also shows improvements in performance and scalability as more
dictionaries are utilized.
Keywords: Bilingual Dictionary Induction, Pseudo-Boolean Optimization, Constraint Satisfaction.

1

Introduction

Bilingual dictionaries are essential for many tasks in Natural Language Processing (NLP), such as machine translation [1] and cross-lingual information
retrieval [2]. However, high quality dictionaries remain sparse, dated, or simply unavailable for less-resourced language pairs such as many Turkic languages.
Therefore, researchers have investigated the issue of automatic creation. Solutions include the induction of a dictionary from a large-scale parallel corpora [3].
More recently, the use of comparable corpora has drawn increasing attention [4–
6] since the Internet era has made monolingual data readily available while
parallel corpora remain scarce.
When it comes to less-resource demanding approaches, pivot-based induction,
which creates a new dictionary from two others, is fundamental, since a popular language used as a bridge between two inadequately-resourced language
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pairs. A pair of words which have common translation in the pivot language
are considered to be a correct translation pair. However, such an implementation yields an extremely noisy dictionary containing incorrect translation pairs
as the lexicons are generally intransitive. This intransitivity stems from polysemy and ambiguous words in the pivot language. In order to solve this issue
of divergence, previous studies attempted to select correct translation pairs by
using semantic distances from the structures of the input dictionaries [7][8] or by
using additional resources such as part of speech [9], WordNet [10], comparable
corpora [11] and descriptions in the dictionary entities [12].
There has been growing interest in using the constraint optimization problem
formalism for ideally describing and solving many problems in NLP and Web Service Composition [13][14][8], because these problems involve combinatorial issues
that can be represented by a set of variables connected by constraints. In this
paper, we propose an enhanced constraint optimization model for pivot-based
dictionary induction where multiple bilingual dictionaries of a pivot language can
be utilized for result enhancement by making use of the most complete parts of
each input dictionary in measuring semantic distances. More precisely, we try to
obtain semantic distance by constraining the types of connection in the structures of the multiple input dictionaries. Furthermore, Instances of this induction
with at least two input dictionaries are represented by graphs, to which weighted
edges are added to represent missing translations. In this context, a graph is modeled as an optimization problem where we maximize the coverage of the output
dictionaries by adding highly probable missing edges. This optimization problem is formulated within the Pseudo-Boolean optimization framework[15] (0-1
Integer Linear Programming, or 0-1 ILP).
We designed a tool to implement the proposal by integrating an ILP solver
and evaluated our approach by constructing a group of dictionaries of Turkic
languages. The evaluation revealed the eﬃciency of our proposal.

2

Related Work

A very early attempt to create new dictionaries from existing dictionaries was
made by Tanaka [7], who used a pivot language. They used Inverse Consultation
(IC) to tackle lexical intransitivity divergence. IC tries to measure the intersection of two pivot word sets: the set of pivot translations of a word w in language
A, and the set of pivot translations of each word in language C, candidates for a
translation of w. The number of elements in the intersection indicates the nearness of the original word to its candidate. Variations of this method have also
been proposed [10][16][17][18], where extra language resources are utilized such as
WordNet. A weakness of the IC method is that it relies on synonymous words to
identify correct translations, which may result in low precision if synonym-poor
or heavily incomplete dictionaries are used. This weakness has been addressed
to some degree in a recent work[8] that takes account of data incompleteness; it
reported slightly improved precision without requiring an additional resource.
With the assumption that more pivot languages could provide extra information for better evaluating the semantic distance of cross-lingual word pairs, one
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method uses multiple input dictionaries [19]. This idea is similar to IC method,
but its use of multiple pivot languages eliminates its dependency on synonymrich input dictionaries to some extent. However, the new problem is the need to
ﬁnd suitable multiple input dictionaries. Another approach to creating a dictionary without using pivot language are extraction from parallel-corpora[20] and
monolingual corpora [4][21]. This approach usually demands large amount of
data in order to produce a high quality dictionary. For closely related-language
pairs, using spelling similarity as an additional heuristic is also common although
its result largely depend on language pairs closeness [22].
Large sets of language resources such as parallel corpora or monolingual corpora are available for some language pairs, so that many existing methods for
creating dictionary can take advantage of them in acquiring word sense and evaluating, with high precise, the semantic distance between cross-lingual word pairs.
However, we consider that basic methods that work with the inherent structures of input dictionaries must be explored because it is useful for inadequatelyresourced languages. In our work we focus on creating dictionaries from existing
dictionaries, since there still many world languages that lack useful languages resources. However, Our approach, modeling complete structures of multiple input
dictionaries which is an extension of[8], can handle the incompleteness of input
dictionaries to some extent, and performs better in the case of closely related
languages. Also, introducing more exiting dictionaries with the same pivot language into the induction problem instances is a new solution and is promising
for quality improvement.

3

Using a Pivot Language

Using a pivot language to connect two others is commonly used in research on
machine translation [23], and service computing [24]. Let l be a language and
Dli −lj be a dictionary (non-directional) of two languages, li and lj . In the context of dictionary creation, the basic idea of using a pivot language is to induce
a new dictionary Dl1 −l2 from existing Dl1 −l0 and Dl0 −l2 by extracting pairs of
words in l1 and l2 languages that have the same translation in pivot language l0 .
However, since word sense is not considered, Dl1 −l2 is likely include many incorrect translation pairs. Take Uyghur-English-Kazakh as an example. The English
word tear is the translation of Uyghur word yash, but only in the sense of liquid from the eyes. Further translating tear into Kazakh yields both the correct
translation jash and an incorrect one, jirtiw (to rip). The reason for this happing
is that the pivot word is polysemous or ambiguous, a common situation in existing dictionaries. It is challenging to identify such incorrect translations, because,
unfortunately, most dictionaries lack adequate sense information in their entries.
Therefore, it is not possible to map translation equivalents according to their
senses. Most previous studies try to guide this mapping by using the semantic
distances extracted from the dictionaries themselves or external resources.
Merging Dl1 −l0 and Dl0 −l2 via l0 forms a big graph whose vertex is a word and
edge is the indication of having common meaning between two endpoint words.
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Fig. 1. Illustration of Pivot-based bilingual dictionary induction and ambiguity problem: incorrect translation pairs cannot be detected when word sense is unknown

Such graph has at least one connected component1 , which is called transgraph
and is deﬁned as follows [19][8]:
Definition 1. A transgraph is defined as an undirected graph G = {V, E}, in
which vertex wil ∈ V is a word in a language l, and an edge e(wil1 , wjl2 ) ∈ E,
represents the belief that wil1 and wjl2 have at least one meaning in common. We
also use V l ⊂ V to denote the set of words in language l.

4

Proposal

4.1

One-to-one Mapping of Lexicons

The lexicons of closely related languages (intra-family languages) are similar.
Moreover, they share a signiﬁcant number of cognates – words that are derived
from same origin and are similar in both spelling and meaning (e.g. neveu [Fr.]
and nephew [Eng.]). Most cognate pairs have direct translations2, meaning that
they correspond one-to-one. A classical lexicostatistical study of 15 Turkic languages3 indicated that cognate pairs shared among its members scale from 44%
to 94% of their lexicons, and majority of non-cognates tend to be noun.
Taking account such facts, an assumption of one-to-one mapping in lexicons of
intra-family languages has been adopted by some studies on bilingual dictionary
creation[8] [26][27]. The common assertion is that that if l1 and l2 are intrafamily, for any wil1 there exists a unique wjl2 , such that they have exactly the
same meaning(s). Such a pair is called one-to-one pair; the term one-to-one pair
candidate refers a pair of words which have yet to be conﬁrmed as a one-to-one
pair. In this work, we also utilize this one-to-one assumption as a constraint for
the output dictionary.
We should note that mappings between languages are nondeterministic[4], as
words can have multiple translations, so the one-to-one assumption based on
1
2
3

http://en.wikipedia.org/wiki/Connected_component_(graph_theory)
A direct translation [25] is an association between two words where this two words
are indeed mutual translations.
http://turkic-languages.scienceontheweb.net
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deterministic mapping may be too strong for the general case. However, it is
considered reasonable for the case of intra-family languages. Moreover, having
a one-to-one assumption has been evaluated in the literatures. For example,
Melamed et al. [26] made a similar assumption for any kind of language pair
when they tried to create a word-to-word model of translation. They claimed
that such a constraint strengthens the explanatory power of their model in comparison to the IBM models, and also helps them to avoid indirect associations, a
major source of errors in translation models. Koehn et al. [27] also used similar
assumption when they extracted an English-German dictionary from monolingual corpora. In conclusion, the goal making this one-to-one assumption is not
to create dictionaries with word-to-word mapping but accurate dictionaries of
closely related languages (such as Turkic languages), so that the result might
be of use in translation systems like Apertium 4 , which uses dictionaries and
manual rules to translate between related languages.
This one-to-one assumption is realized as constraints which are imposed on
pair (wil1 , wjl2 ) in a transgraph; all constraints must be satisﬁed before the pair
is recognized as a one-to-one pair. Next section details the constraints.
4.2

Defining Constraints

In a transgraph, the one-to-one assumption can be realized with two constraints,
one of which demands symmetric connection of a one-to-one pair while the another guarantees its uniqueness[8]. In addition, selecting candidates of one-to-one
pairs also can be seen as constraint, and is independently deﬁned in this paper.
As the initial step of pivot-based techniques, the possible translation pairs are
selected to generate a noisy Dl1 −l2 based on the structures of the input dictionaries. In this dictionary, whether word pair (wil1 , wjl2 ) is a one-to-one pair
candidate is decided by the following constraint.
Candidate Existence: A pair of words, wil1 and wjl2 , in a transgraph, is a oneto-one pair candidate iﬀ they are connected via at least one pivot word. That is,
a word pair is taken to be a candidate and subjected to further evaluation only
if they share at least one translation in the pivot language.
Moreover, A one-to-one pair is a pair of words that carry exactly same meanings. This deﬁnes another constraint as follows:
Symmetry Constraint : Given a pair of words, wil1 and wjl2 , if they are a one-toone pair, then they should be symmetrically connected through pivot word(s). In
other words, a one-to-one pair share the same translations in pivot language; the
number of edges between wil1 and pivot words should equal the number of edges
between wjl2 and pivot words. For example, in Fig. 1, if (w1l1 , w1l2 ) is a one-to-one
pair, then 6 edges: e(w1l1 , w1l0 ), e(w1l1 , w2l0 ), e(w1l1 , w3l0 ), e(w1l2 , w1l0 ), e(w1l2 , w2l0 ) and
e(w1l2 , w3l0 ) exist in the transgraph, where e(w1l2 , w3l0 ) is not present. Such an edge
considered to be possibly missing, meaning that the corresponding translation
might not have been included in the input dictionary when it was built. Note
that it is possible that synonymous words in a language can share exactly same
4

An open-source machine translation platform at http://www.apertium.org
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meaning(s) and can be used as alternates in the translation. Such synonymous
words apparently can be one-to-one translation equivalent to the same word, but
since the goal is to ﬁnd a single equivalent under the one-to-one assumption, the
following constraint prevents the selection of multiple equivalents.
Uniqueness Constraint : Given a pair of words, wil1 and wjl2 , in a transgraph,
if they are a one-to-one pair, then they should be unique, such that all other
candidates involving wil1 or wjl2 are not one-to-one pairs. For example, in Fig. 1,
if (w1l1 , w1l2 ) is a one-to-one pair, then we assert that (w1l1 , w2l2 ), (w1l1 , w3l2 ) and
(w2l1 , w1l2 ) are not one-to-one pairs.
4.3

Missing Edges

In most cases of induction, input dictionaries may be incomplete so that the
result would be negatively aﬀected. For example, 1) a pivot word is missing so
that some translation pair for Dl1 −l2 cannot be identiﬁed, (2) a non-pivot word
is missing, or (3) a pair (wil1 , wjl0 ) or (wil2 , wjl1 ) is missing (an edge is missing in
a transgraph). Apparently, ﬁrst two cases cannot be resolved without additional
resources. The third one, however, is vital because any possible missing edge
would have been part of a symmetric connection between wil1 and wjl2 which is
key to detecting (wil1 , wjl2 ) as a one-to-one pair. This could harm the quality of
induction. However, missing edges are hard to avoid since the input dictionaries
are usually independently created, and their completeness is seldom guaranteed.
However, adding missing edges into the transgraph makes it complete, and, thus,
makes induction more accurate. We assign a weight to missing edge e, indicating
the likelihood of it being missed. Therefore, a weight matrix needs to be generated for all the one-to-one pair candidates in order to have a full list of possible
missing edges, each with a weight representing its chance of being missed.
There are diﬀerent possible ways to obtain such weights[28], especially if external resources such as parallel corpora are available. In this work, a simple statistical method [29][8] is used for the sake of simplicity. However, one can extend
the calculation by adopting diﬀerent formula or even using external knowledge
to gain more accurate weights.
4.4

Utilizing Additional Dictionary

When there is a third dictionary dl3 −l0 available in addition to dl1 −l0 and dl2 −l0 ,
where l1 , l2 and l3 are closely related languages, adding it to existing transgraphs
may introduce more complete semantic information that could ultimately boost
the accuracy of induction result (multiple output dictionaries). This is because
the number of meanings of a given pivot word in each input dictionary might
depend on its completeness. Therefore, taking advantage of the most compete
part of each dictionary is reasonable. In this work, we conclude the eﬀect of
an additional dictionary to the induction with only two input dictionaries as
follows:
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1. A more accurate weight of a possibly missing edge can be obtained by taking
the maximum of the weights from each from each combination of input dictionaries. For example, in transgraph-a in Fig.2, edges e(w1l0 , w2l2 ) and e(w2l0 , w1l2 )
have the same weight (=0.50), so that it is impossible to select one of the
(w1l1 , w1l2 ) and (w1l1 , w2l2 ) as a one-to-one pair with higher conﬁdence. But
when transgraph-b is formed due to the additional input dictionary dl3 −l0 ,
the weights of the two edges can be recalculated for each pair-combination
of the three input dictionaries. In this example, (w1l1 , w1l2 ) secures a higher
value (=0.66), which is then propagated to the transgraph-a.
2. A new constraint – one-to-one pairs among intra-family language pairs must
be consistent – needs to be imposed, which might contribute to the accuracy
of the output dictionaries. For example, given three words of three intrafamily languages: wli and wlj and wlk , which can form three word pairs.
If any two of these three pairs are one-to-one pairs, then the third must
also be one-to-one pair. This can prevent the false associations during the
optimization process to some extent.
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Fig. 2. Diﬀerence weights can be obtained for an edge from diﬀerent combinations of
input dictionaries; for the same edge e(w1l0 , w2l2 ) two diﬀerent weights are obtained

4.5

Optimization Model

We allow a possible missing edge to be added to the transgraph if it has nonzero weight of having been missed. If it is added, then a certain cost (equals
to 1-weight) is to be paid. The process of extracting one-to-one pairs from a
transgraph is deﬁned as an optimization problem; the objective is to extract as
many one-to-one pairs as possible while minimizing the cost of edge addition,
where cost is deﬁned as the chance that an edge does not exist (or turns out to
be not missing).
Let variables x, e ∈ {0, 1} denote a one-to-one pair candidate and an edge in
the transgraph, respectively:
– xwl1 wl2 , representing word pair (wil1 , wjl2 ), takes 1 if it is one-to-one pair; 0
i

j

otherwise.
– ewlk wl0 , representing edge (wilk , wjl0 ), where k ≥ 1, takes 1 if it must exist; 0
i

j

otherwise.
– ωwlk wl0 , representing the weight of edge (wilk , wjl0 ), whose domain is [0, 1].
i

j
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– X, the set of x variables representing the one-to-one pair candidate space of
the transgraph.
– E li l0 , representing the edge space of the transgraph for li and pivot language
l0 , whose domain is [0, 1].
The objective function can be formulated as follows:

Ω = μ1 [



xwl1 wl2 ] − μ2 [

xwl1 wl2 ∈X


ewli wl0

(1 − ωwli wl0 ) · ewli wl0 ]

(1)

∈E li l0

where the ﬁrst segment corresponds to the objective to maximize the coverage
of output dictionary, while the latter grantees minimization of the cost of edge
addition; their subtraction normalizes the multi-objectives into a single maximization. Moreover, coeﬃcients μ1 and μ2 can be used to control precision and
recall of extracted one-to-one pairs to some extent. However, in this work, we
consider only the case that they are equally treated (μ1 = μ2 = 0.5 )
With this objective function in mind, the dictionary induction problem S can
be formulated as
S = argmax Ω

(2)

which subjects to Symmetry and Uniqueness constraints. We use an optimization solver to generate the optimally correct one-to-one pair set. In the
next section, we will describe how we formalize this problem within the 0-1 ILP
framework 5 , and use a state-of-the-art solver to generate one-to-one pairs as the
output dictionaries.

5

0-1 ILP-Based Modeling

5.1

Preliminaries

The Pseudo-Boolean Optimization (PBO) problem, also known as 0-1 ILP, is an
of Boolean Satisﬁability where constraints can be any linear inequality with integer coeﬃcients (also known as Pseudo-Boolean constraints, or just PB) deﬁned
over the set of problem variables. The objective in PBO is to ﬁnd an assignment
to problem variables such that all problem constraints are satisﬁed and the value
of a linear objective function is optimized. A Pseudo-Boolean (PB)constraint
is deﬁned over a ﬁnite set of Boolean variables xi and has the form i ωi xi  k
where ωi (called weights) and k are integers,  is one of the following classical
relational operations =, >, <, ≥ or ≤, and 1 ≤ i ≤ 1, where n is the number of
variables in the PB constraint.
5

For an overview and example of Integer Linear Programming, refer to [30].
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Modeling

As for the Symmetry Constraint: For any (wil1 , wjl2 ) where wil1 and wjl2 have
Vil0 and Vjl0 preexisting meanings in a transgraph, respectively. If it is a onel0
to-one pair, then either wil1 or wjl2 have the same meanings Vi,j
= Vil0 ∪ Vjl0 .
This is expressed by the following inequality for given one-to-one pair candidate
(wil1 , wjl2 ):


l0
e w l1 w l0 +
ewl2 wl0 − 2|Vi,j
| · xwl1 ,wl2 ≥ 0
(3)
l

l

0
wk0 ∈Vi,j

i

k

l

j

l

0
wk0 ∈Vi,j

i

k

j

For example, to (w1l1 , w1l2 ) in Fig. 1, following PB constraint is needed:
ewl1 wl0 + ewl1 wl0 + ewl1 wl0 + ewl2 wl0 + ewl2 wl0 + ewl2 wl0 − 6xwl1 ,wl2 ≥ 0
1

1

1

2

1

3

1

1

1

2

1

3

1

1

As for the Uniqueness constraint: For any set of one-to-one pair candidates
Rli lj which commonly share a word wli or wlj , at most one of them is one-to-one
pair. This can be expressed by following PB constraint:

Given a set of pairs where all items include a common word wil1 or wjl2 ; let X
denote the variable set corresponding to these pairs. The Uniqueness constraint
is written as follows:

xwli wlj ≤ 1
(4)
x

l
w li w j

∈X 

Therefore, extracting one-to-one pairs from a given transgraph can be transformed into a PB optimization problem as follows:


maximize



xwl1 wl2 −

xwl1 wl2 ∈X

(1 − ωwli wl0 ) · ewli wl0

ewli wl0 ∈E li l0

subjected to
1) For any one-to-one pair candidate (wil1 , wjl2 ):




e w l1 w l0 +

l
l0
wk0 ∈Vi,j

i

k

l
l0
wk0 ∈Vi,j

l0
ewl2 wl0 − 2|Vi,j
| · xwil1 ,wjl2 ) ≥ 0
j

k

2) For any set of one-to-one pair candidates:

x

w li w

xwli wlj ≤ 1


lj ∈X

If more than two input dictionaries are involved, we need to extend the Uniqueness constraint to keep one-to-one pairs not only unique but also consistent
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across the intra-family languages. In other word, the words of a one-to-one pair
share a same one-to-one equivalent in a third language which is also intra-family.
For this reason, it is necessary to add a new PB constraint to any set of three oneto-one pair candidates {(wli , wlj ), (wli , wlk ), (wlj , wlk )} which consist of three
distinct words {wli , wlj , wlk }, i = j = k, such that any two of them cannot
be seen as the one-to-one pairs if the third one is not a one-to-one pair. Formally, xwli wlj + xwli wlk + xwlj wlk = 2. Unfortunately, PBO does not allow the =
relation[15]. Therefore, it needs to be translated into an equally valid constraint.
This can usually be done by introducing new indicator variable b ∈ {0, 1} as
follows:
xwli wlj + xwli wlk + xwlj wlk − 3b ≥ 0

(5)

3b − (xwli wlj + xwli wlk + xwlj wlk ) ≥ −1

6

Experiment

We implemented the proposal using IBM Cplex6 as it is an ILP solver commonly
used by the ILP community. With this tool, we evaluated our approach by creating new dictionaries from Dzh-ug , Dzh-kk and Dzh-kg , where ug (Uyghur), kk
(Kazakh) and kg (Kyrgyz) are Turkic languages, while zh (Chinese) belongs to
the Sino-Tibetan language family. Table 1 details these three input directions.
Notice that zh words whose translation are not available in all three languages
have been excluded from the experiment because the proposal does not apply to
such cases. Moreover, the number of available ug, kk and kg words are diﬀerent
which indicates that the output dictionaries could have diﬀerent size. However,
we assume that they will have similar precision and recall in evaluating the
performance of our proposal.
Table 1. Details of input dictionaries in the experiment
Dictionary
Dzh-ug
Dzh-kk
Dzh-kg

6.1

zh words ug / kk / kg words
28, 806
44,400
28, 806
61, 000
28, 806
27,351

Pairs
76,501
143,515
40,381

Experiment Settings

Total 664 transgraphs are formed by merging Dzh-ug , Dzh-kk and Dzh-kg , from
which we selected smaller ones which involve 2289 ug, 3264 kk and 1634 kg
words as samples. The evaluation is conducted in two phases with manual determination of precision and recall.
6

http://www-01.ibm.com/software/commerce/optimization/cplex-optimizer/
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1. Evaluating the performance of induction in the case of two input dictionaries
with comparison to a baseline method: Three input dictionaries were paired
into three groups, and each group independently processed to extract a new
dictionary. In this phase, we compared our proposal to a baseline method,
IC (Inverse Consultation)[7]. Let’s denote the output dictionaries produced
in this phase as D1 = {Dug−kk , Dug−kg , Dkk−kg }.
2. Evaluating the proposal of using more than two input dictionaries: In this
phase, we created a new set of dictionaries D2 = {Dug−kk , Dug−kg , Dkk−kg }
by processing the same input dictionaries as a single optimization problem.
By doing this, we observed what eﬀect the use of an additional input dictionary has on the quality of the output dictionaries.
6.2

Result and Analysis

In the ﬁrst phase of evaluation, we randomly selected 3×100 sample pairs from
newly created Dug−kk ∈ D1 , and asked a bilingual human to judge whether they
are indeed correctly mapped as one-to-one. The results were about precision
of 80% and 69% recall are achieved when we assume that the size of the oneto-one space is equal to the maximum of numbers of unique ug and kk words.
However, it is not reasonable to directly compare these numbers with one in
related works and reach a conclusion on the eﬃciency of the proposal, since the
experimental language pairs and resources chosen in each similar research are
not quite the same. In response, we processed the same dataset with the IC
method, because it is a well-known approach to creating new dictionary from
only two input dictionaries without additional resources and heuristics, hence
often used as a baseline method [28][8]. As a result, the proposal yields about
10% higher precision with similar recall 72% of IC.
॰1

Precision
80%

86%

ܦ௨ି

82% 86%

॰2

Recall
69% 73%

ܦ௨ି

॰1

85% 87%

ܦି

ܦ௨ି

॰2

71% 74%

76% 77%

ܦ௨ି

ܦି

Fig. 3. Precision and recall comparison for the cases of two and three input dictionaries.

In the second phase, we conducted a human evaluation on samples from six
output dictionaries in D1 and D2 . As the details show in Fig.3 and Table 2,
both precision and recall were slightly improved when three input dictionaries
were processed as a single problem. Although the degree of the improvements
varies from one language pair to another, an improvement was achieved in every
case. On average, 4%, 2.6% and 4% gains in precision, recall and F1 -measure
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are achieved, respectively, which prove the eﬃciency of the proposal in utilizing
more input dictionaries, although more experiments with diﬀerent language pairs
and dictionaries and a deeper analysis are essential for a precise conclusion. We
attribute these improvements to eﬃcient utilization of most complete parts of
each input dictionaries.
Table 2. Details of results for the case of two and three input dictionaries
Input
Dictionary
Dug−kk
Dug−kg
Dkk−kg

7

# of 1-to-1 pairs
D1
D2
1973
1954
1415
1414
1465
1457

Precision
D1 D2 +/80% 86% +6%
82% 86% +4%
85% 87% +2%

D1
69%
71%
76%

Recall
D2 +/73% +4%
74% +3%
77% +1%

D1
76%
76%
80%

F1 -measure
D2 D2 over D1
80%
+6%
80%
+4%
82%
+2%

Conclusion

Automatic creation of bilingual dictionaries has always been challenging because
many language pairs lack any really useful language resources like a parallel
corpora or even comparable corpora. To provide an eﬃcient method for lowresourced language pairs by making use of available bilingual dictionary resources
which are possibly incomplete, we presented an extended constraint optimization
approach to pivot-based dictionary induction, where new dictionaries of closely
related languages are induced from multiple input dictionaries using a distant
language as a pivot. Our approach allows the utilization of as many as possible
existing dictionaries for improving output performance by taking advantage of
most complete part of each dictionary. In this approach, the lexical intransitivity
divergence which stems from polysemy and ambiguous words in pivot language
is approached by modeling instance of induction as an optimization problem[8],
where the new dictionaries are produced as optimal solutions of the problem.
Moreover, our proposal considers dropped meanings in the dictionaries to some
extent and so eﬃciently handles low quality and incomplete input dictionaries.
An experiment showed the feasibility of our proposal in practice. However, we
note the following points: (1) There is a potential of including spelling as additional information; (2) More comparisons are expected to ﬁnd whether the
method can indeed rely purely on dictionary structure and still outperform the
methods that utilize cheap external resources such as monolingual data; (3) Applying the proposal to extra-family language pairs is also promising and should
be explored.
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