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ABSTRACT

We are presenting a word sense disambiguation method applied in automatic trans-
lation of a query from Arabic into English. The developed machine learning approach
is based on statistical models, that can learn from parallel corpora by analysing the
relations between the items included in this corpora in order to use them in the word
sense disambiguation task. The relations between items in this corpora are obtained
by using and developing a purely statistical method from corpora in order to avoid
the use of structured linguistic resources like ontology which are not yet available
for Arabic in an appropriate quality. The results of this analysis should provide us
with some useful semantic information that can help to find the best translation
equivalents of the polysemous items.

1. Introduction

Initially, online documents were used predominately by English speakers. Nowadays
more than half (50.4%)"' of web users speak a native language other than English.
Therefore, it has become more important that documents of various languages and
cultures should be retrieved by web search engines in response to the user’s request.

Finding the most effective way to bridge the language barrier between queries and
documents is the central challenge in Cross-Language Information Retrieval (CLIR) [48].
Cross Language Information Retrieval (CLIR) allows the user to submit the query in
one language and retrieve the results in different languages, providing an important
functionality that can help to meet that challenge. Cross-Language Information Retrieval
(CLIR) approaches are typically divided into two main categories: approaches that
exploit explicit representations of translation knowledge such as bilingual dictionaries
or machine translation (MT) and approaches that extract useful translation knowledge
from comparable or parallel corpora.

In the last few years, Arabic has become the major focus of many machine trans-
lation projects. Many rich resources are now available for Arabic. For example a Giga-
Word? Arabic corpora which contains million sentences and Arabic/English Parallel

'http://www.worldlingo.com/en/resources/languag_statistics.html.
*http://www.ldc.upenn.edu/Catalog/CatalogEntry.jsp?catalogld=LDC2007T40.
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corpus, which contains several thousands, sentence pairs of bilingual text for Arabic and
English. The existence of these resources has been a crucial factor in building effective
translation tools. Bilingual dictionaries (Arabic with other languages) have been used in
several Arabic CLIR experiments. However, bilingual dictionaries sometimes provide
multiple translations for the same word, which need to be disambiguated.

This paper proposes a method to disambiguate the user translated query in order to
determine the correct word translations of the given query terms by exploiting a large
bilingual corpus and statistical co-occurrence. The specific characteristics of Arabic
morphology that hinder the correct match are taken into account by bridging the in-
flectional morphology gap for Arabic. We use one of the well-known Arabic morpho-
logical Analyzers [1] that include the araMorph package to translate the user query
from Arabic to the English language in order to obtain the sense inventory for each of
the ambiguous user query terms.

1.1. Arabic language

Arabic is a Semitic language, consisting of 28 letters, and its basic feature is that most
of its words are built up from, and can be analyzed down to common roots. The
exceptions to this rule are common nouns and particles. Arabic is a highly inflectional
language with 85% of words derived from tri-lateral roots. Nouns and verbs are derived
from a closed set of around 10,000 roots [4]. Arabic has three genders, feminine, mas-
culine, and neuter; and three numbers, singular, dual (representing two entities), and
plural. The specific characteristics of Arabic morphology make Arabic language parti-
cularly difficult for developing natural language processing methods for information
retrieval. One of the main problems in retrieving information from Arabic language
text is the variation in word forms, for example the Arabic word “kateb” (author) is
built up from the root “ktb” (write). Prefixes and suffixes can be added to the words
that have been built up from roots to add number or gender, for example adding the
Arabic suffix “0” (an) to the word “kateb” (author) will lead to the word “kateban”
(authors) which represents dual masculine. What makes Arabic complicated to process
is that Arabic nouns and verbs are heavily prefixed. The definite article “J” (al) is
always attached to nouns, and many conjunctions and prepositions are also attached
as prefixes to nouns and verbs, hindering the retrieval of morphological variants of
words [5]. Arabic is different from English and other Indo-European languages with
respect to a number of important aspects. Words are written from right to left. It is
mainly a consonantal language in its written forms, i.e. it excludes vowels. Its two main
parts of speech are the verb and the noun in that word order and these consist, for the
main part, of trilateral roots (three consonants forming the basis of noun forms that are
derived from them). It is a morphologically complex language in that it provides flex-
ibility in word formation: as briefly mentioned above, complex rules govern the
creation of morphological variations, making it possible to form hundreds of words
from one root [6].

Arabic poses a real translation challenge for many reasons; Arabic sentences are
usually long and punctuation has none or little effect on interpretation of an Arabic
text. Contextual analysis is important in Arabic in order to understand the exact
meaning of some words. Characters are sometimes stretched for justified text (a word
is spread over a bigger space than other words), which hinders the exact match for the
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same word. In Arabic, synonyms are very common, for example, “year” has three
synonyms in Arabic J9= , aiw el¢ and all are widely used in everyday communication.
Despite the previous issues and the complexity of Arabic morphology, which impedes
the matching of the Arabic word to the correct stem, e.g. inflectional forms of a word
to it is basic stem. Another real issue for the Arabic language is the absence of dia-
critics (sometimes called voweling). Diacritics can be defined as a symbol over and
underscored letters, which are used to indicate the proper pronunciations as well as for
disambiguation purposes. The absence of diacritics in Arabic texts poses a real challenge
for Arabic natural language processing as well as for translation, leading to high
ambiguity. Though the use of diacritics is extremely important for readability and under-
standing, diacritics is very rarely used in real life situations. Diacritics don’t appear in
most printed media in Arabic regions nor on Arabic internet web sites. They are visible
in religious texts such as the Quran, which is fully diacritized in order to prevent mis-
interpretation. Furthermore, the diacritics are present in children’s books in school for
learning purposes. For native speakers, the absence of diacritics is not an issue. They
can easily understand the exact meaning of the word from the context, but for inexpe-
rienced learners as well as in computer usage, the absence of the diacritics is a real
issue. When the texts are unvocalized, it is possible that several words have the same
form but different meaning.

1.2. Tim Buckwalter Arabic morphological analyzer (BAMA)

(BAMA) is the most well known tool for analyzing Arabic texts. It consists of a main
database of word forms that interact with other concatenation databases. An Arabic
word is considered a concatenation of three regions: a prefix region, a stem region and
a suffix region. The prefix and suffix regions can be null. Prefix and suffix lexicon
entries cover all possible concatenations of Arabic prefixes and suffixes, respectively.
Every word form is entered separately. It takes the stem as the base form and also
provides information on the root. (BAMA) morphology reconstructs vowel marks and
provides an English glossary. It returns all possible compositions of stems and affixes
for a word. (BAMA) groups together stems with a similar meaning and associates it
with a lemma ID. The (BAMA) contains 38,600 lemmas. For our work, we use the
araMorph package. araMorph is a sophisticated java based Buckwalter analyzer.

2. Word Sense Disambiguation

The meaning of a word may vary significantly according to the context in which it
occurs. As a result, it is possible that some words can have multiple meanings. This
problem is even more complicated when those words are translated from one language
into others. Therefore there is a need to disambiguate the ambiguous words that occur
during the translations. The word translations disambiguation WTD, or more general
Word sense disambiguation (WSD) is the process of determining the correct sense of
an ambiguous word given the context in which the ambiguous word occurs. We can
define the WSD problem, as the association of an occurrence of an ambiguous word
with one of its proper sense. As described in the first section, the absence of the
diacritics in most of the Arabic printed media or on the Internet web sites leads to high
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ambiguity. This makes the probability that the single word can have multiple meanings
a lot higher. For example, the Arabic word 2= (yEd) can have the following meanings:
“promise”, “prepare”, “count”, “return”, “bring back” in English, the Arabic word al=
(Elm) can have the following meanings: “flag”, “science”, “he knew”, “it was known”,
“he taught”, “*he was taught”. The task of disambiguation therefore involves two processes:
Firstly, identifying all senses for every word relevant, secondly assigning the appro-
priate sense each time this word occurs. For the first step, this can be done using a list
of senses for each of the ambiguous words existing in everyday dictionaries. The
second step can be done by the analysis of the context in which the ambiguous word
occurs, or by the use of an external knowledge source, such as lexical resources as well
as a hand-devised source, which provides data (eg. grammar rules) useful to assigning
the appropriate sense to the ambiguous word. In the WSD task, it is very important to
consider the source of the disambiguation information, the way of constructing the
rules using this information and the criteria of selecting the proper sense for the am-
biguous word, using these rules. WSD is considered an important research problem
and is assumed to be helpful for many applications such as machine translation (MT)
and information retrieval.

Approaches for WSD can be classified into three categories: supervised learning, un-
supervised learning, and corpora based approach. In the following we briefly describe
the state of the art for word sense disambiguations.

2.1. Word Sense Disambiguation Approaches

Several methods for word sense disambiguation using a supervised learning technique
have been proposed. This include approaches based on Naive Bayesian [7], Decision
List [8], Nearest Neighbor [9], Transformation Based Learning [10], Winnow [11],
Boosting [12], and Naive Bayesian Ensemble [13]. Among all of these methods, the
ones using Naive Bayesian Ensemble are reported to obtain the best performance for
word sense disambiguation tasks with respect to the data sets used [13]. The idea be-
hind all these approaches is that it is almost always possible to determine the sense of
the ambiguous word by considering its context, and thus all methods attempt to build
a classifier, using features that represent the context of the ambiguous word. In addition
to supervised approaches for word sense disambiguation, unsupervised approaches and
combinations of them have been also proposed for the same purpose. For examples,
the authors of [15] proposed an Automatic word sense discrimination which divides the
occurrences of a word into a number of classes by determining for any two occurrences
whether they belong to the same sense or not, which then used for full word sense dis-
ambiguation task. Examples of unsupervised approaches were proposed by [16-21].
In [22] an unsupervised learning method using the Expectation-Maximization (EM)
algorithm for text classification problems was proposed which was later improved [23]
in order to apply it to WSD tasks. The authors of [24] combine both supervised and
unsupervised lexical knowledge methods for word sense disambiguation. In [25] and
[26] approaches using rule learning and neural networks were proposed respectively.
Hidden Markov Models (HMMs) [31-33] and their extensions are very popular in a
variety of fields including computer vision, natural language understanding, and speech
recognition and synthesis. HMMs were also proposed for word sense disambiguation
tasks [34-36].
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Corpora based methods provide an alternative solution for overcoming the lexical
acquisition bottleneck by gathering information directly from textual data e.g. bi-
lingual corpora. Due to the expense of manual acquisition of lexical and disam-
biguation information where all necessary information for disambiguation have to be
manually provided, supervised approaches suffer from major limitation in their re-
liance on predefined knowledge source, which affects their ability to handle large
vocabulary in wide variety of contexts. In the last few years amount of parallel corpora
available in electronic format have been increased, which helps the WSD researchers
to extend the coverage of the existing system or train new system. For example, [27]
and [28] used the parallel, aligned Hansard Corpus of Canadian Parliamentary debates
for WSD, [29] used monolingual corpora of Hebrew and German. Using bilingual
corpus to disambiguate words is leveraged by e.g. [14]. All of these corpora studies are
based on the assumption that the mapping between words and word senses is widely
different from one language to another. Unlike machine translation dictionaries, parallel
corpora usually provide high quality translation equivalents that have been produced
by experienced translators, who associate the proper sense of a word based on the
context that the ambiguous word used in. However, in order to increase the efficiently
of exploiting existing parallel corpora aligned at sentence level, the explicit word-level
alignments should be added between sentence pairs in the training corpora. For word
alignment two approaches have been proposed, the statistical-based approaches i.e.
[37-39] and the lexicon-based approaches i.e. [40]. Several application for word
alignment in natural language processing have been studied, i.e. [41, 42]. Some
important applications for word alignment methods are, the automatic extraction of
bilingual lexica and terminology from corpora [43, 44] and statistical machine trans-
lation systems i.e. [45, 46]. For a more detailed overview of word alignment approaches
in nature language processing see [47].

In the next section, we describe the proposed algorithm based on Naive Bayesian
classification, explaining the way of solving or at least relaxing the Arabic morphological
issues. Afterward, we explain the features used to represent the context in which am-
biguous words occur, followed by experimental results, which show the results of dis-
ambiguating some ambiguous words using a parallel corpus. The paper closes with a
conclusion and future work.

3. Proposed Approach

Our approach is based on exploiting parallel texts, in order to find the correct sense for
the translated user query term. The minimum query length that the proposed approach
accepts is two and the maximum query length is unlimited. Given the user query, the
system begins by translating the query terms using the araMorph package. In case the
system suggests more than one translation (senses inventory) for each of the query
terms, the system then starts the disambiguation process to select the correct sense for
the translated query terms. The disambiguation process starts by exploiting the parallel
corpus, in which the Arabic version of the translation sentences matches fragments in the
user query. A matched fragment must contain at least one word in the user query besides
the ambiguous one. The words could be represented in the surface form or in one of its
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variant forms. Therefore, and to detect all word form variants in the translation sentences
in the training corpus, special similarity score measures are applied.

3.1. Bridging the Inflectional morphology gap

Languages exhibiting a rich inflectional morphology face a challenge for machine
translation systems, as it is not possible to include all word form variants in the dic-
tionaries. Inflected forms of words for those languages contain information that is not
relevant for translation. The inflectional morphology difference between high inflectional
language and poor inflectional language presents a number of issues for the translation
system as well as for disambiguation algorithms. This inflection gap causes a matching
challenge when translating between rich inflectional morphology and relatively poor
inflectional morphology language. It is possible to have the word in one form in the
source language, while having the same word in only a few forms in the target language.
This causes several issues for word translation disambiguation, e.g. where more unknown
words forms exist in the training data and will not be recognized as being relevant to
the searched words. Result, it is possible to have lower matching score for those words
even though they have a high occurrence of them in the training data.

The aim of this initial step is to alleviate the Arabic language morphology issues, which
has to be done before accessing the Arabic language by the disambiguation algorithm.
In order to deal with Arabic morphology issues, we used araMorph package [1].

To describe the problem more clearly, we consider, for simplicity, the Arabic word
“0nY” as described in section 2. The absence of the diacritics from the Arabic printed
media or the Internet web sites causes high ambiguity. The Arabic word “(23” has two
translations in English (Religion or debt). We calculate manually the occurrences of
this word in the training corpus for both senses. This is done by searching for this word
in the corpora and based on its context; we map it to the appropriate sense. As it is
shown in Table 1 the word “0=2” was found in basic form for the sense (Religion) 49
times and for the sense (Debt) only 10 times.

Table 1. The occurrence of the ambiguous word “(2>” in the basic form for both senses

The ambiguous word Senses Occurrence of basic form in training data
O Religion 49
o Debt 10
Total 59

As Table 2 shows, when we consider the inflectional form for the word “»2” we see
that the occurrence of the inflectional form for the word “(22” with the sense (Religion)
is 1146 and with the sense (Debt) is 240.

Table 3 shows sentence examples from the training corpus where the ambiguous
word “cra” appears in basic or inflectional form with both senses. Detecting all word
forms variants of the user query terms in the corpus is very essential when computing
the score of the synonym sets, as it is shown in Table 2. More than 1386 sentences will
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Table 2. The occurrence of the inflectional form for the ambiguous word “(+>” for both senses

The ambiguous word  Senses Occurrence of inflectional form in training data
ol The Religion 75
ols And the Religion 22
oLVl The Religions 45
obaVls The Religions 7
iyl The Religious 63
aszally And the Religious 28
Total 240
ol The debt 860
olly And the debt 22
Os2I The debts. 255
0glls And the debts. 9
Total 1146

Table 3. Sentences examples for the ambiguous word “()2>” for both senses in

basic and inflectional form

Sense Form Arabic sentence English translation
Religion Basic oMXwdl oY because Islam,
s sl which is a religion
s> o of dialogue
wle claily and openness to
ol people
Debt Basic o aas In addition, the
ol s USA is the biggest
wlbYgll debtor country in
6.\:&.1::“ the world as it has
cu&.u.oy! a budget deficit of
ags> Sl $400 billion which
9 diudo is financed through
lpJ LI borrowing from
400 gl international
JySJ ,Juﬂ institutions and
w9 L= banks or through
ginil juo converting such a
1905 ol deficit into a budget
Sub o debt.
olisY]
o luwgall
adgall
I Jonlls
dulo o
Lo Jie=i
ol =l
oS o




SLTRCO50k:SLTRCO5 2009-05-27 01:48 Strona 20$

202

Speech and Language Technology. Volume 11

-

Table 3. Continued

Sense Form Arabic sentence English translation
Religion Infl. sl lgeog They called on the
ezl | Minister to
Je e backtrack from that
clusl decision and to
ool replace that school
L@-”W's with a cultural
)> )0 centre promoting
iy (9 as tenets of the
ol religion and Arabic
ol culture.
asladlg
ap sl
Debt Infl. sl )Sig The minister
o Ul emphasized that the
ey foreign debt on

Juon e Egypt was at safe

9 od levels due to the
wl rynvy arrangements of
bliwl aisl debt scheduling in
by s W) Paris Club.
aJ 92>
oS ot/
ol ol

be considered by the WSD algorithm to disambiguate the ambiguous word “c2”. For
more details about the word form variant detection and their impact on the retrieval
performance, we refer the reader to our previous work [2, 3].

In the following, we describe our approach based on the Naive Bayesian algorithm,
where we learn words and their relationships from a parallel corpus, taking into account
that the morphological inflection that differs across the source and target languages.

3.2. Approach based on Naive Bayesian Classifiers (NB)

The Naive Bayesian Algorithm was first used for general classification problems. For
WSD problems it had been used for the first time in [28]. The approach is based on the
assumption that all features representing the problem are conditionally independent
giving the value of classification variables. For a word sense disambiguation tasks,
giving a word W, candidate classification variables S = (s, s,, ..., 5,), Which represent
the senses of the ambiguous word, and the feature 7= (f,, f,, ..., f;) which describe the
context in which an ambiguous word occurs, the Naive Bayesian finds the proper sense
s; for the ambiguous word W by selecting the sense that maximizes the conditional
probability of occurring in the given the context. In other words, NB constructs rules
that achieve high discrimination level between occurrences of different word-senses
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by a probabilistic estimation. The Naive Bayesian estimation for the proper sense can
be defined as follows:

PGsi | fi for oos Jo) = plsi) Hp(ﬁ | 1) ()

The sense s; of a polysemous word w,,, in the source language is defined by a
synonym set (one or more of its translations) in the target language. The features for
WSD, that are useful for identifying the correct sense of the ambiguous words, can be
terms such as words or collocations of words. Features are extracted from the parallel
corpus in the context of the ambiguous word. The conditional probabilities of the features
F=(f, /s ..., f,) with observation of sense s, P(f; | 5;) and the probability of sense s,,
P(s;) are computed using maximum-likelihood estimates with P(f;| s;) = C(f; | 5,) | C(s;)
and P(s;) = C(s;) | N. C(f, s;) denoting the number of times feature f; and sense s, have
been seen together in the training set. C(s;) denoting the number of occurrences of s;
in the training set and A is the total number of occurrences of the ambiguous word w,,,,
in the training dataset.

3.3. Features Selection
The selection of an effective representation of the context (features) plays an essential
role in WSD. The proposed approach is based on building different classifiers from
different subset of features and combinations of them. Those features are obtained
from the user query terms (not counting the ambiguous terms), topic context and word
inflectional form in the topic context and combinations of them.

In our algorithm, query terms are represented as sets of features on which the
learning algorithm is trained. Topic context is represented by a bag of surrounding
words in a large context of the ambiguous word:

F={w, .., W W Wambs W.

W e W ey Ot
Wamb2? " Wamp1? ' amb> Ww0 YWwg 00 > Wambii® di> 9> > oy >

where k is the context size, w,,, is the ambiguous word and amb its position. The
ambiguous word and the words in the context can be replaced by their inflectional
forms. These forms and their contexts can be used as additional features. Thus, we obtain
F’ which contains in addition to the ambiguous word w,,,, and its context the inflect-
ional forms w;,, of the given sense and their context, as it is shown in table 2. Detecting
all word form variants of the user query terms in the corpus will make 1386 sentences
considered by the WSD algorithm to disambiguate the ambiguous word “u22”. In
addition, we count for each context word the number of occurrences of this word and

all its inflectional forms, i.e.

i

’_
F - F {Wwirzﬂ S Wwinf,,a Wwirgf, s Wwirgfa Wwinf,ﬂa ceey Wwirgﬁﬂ} .
ik i2 i1 i
i=0

3.4. General Overview of the System
As Figure 1 shows, the system starts by processing the user query. The input is a natural
language query Q. The query is then parsed into several words ¢, ¢», ¢, ..., g,. Each
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word is then further processed independent of the other words. Since the dictionary
does not contains all word forms of the translated word, only the root form, for each
¢., in our query, we find its morphological root using the araMorph tool.?

Word Translation Disambiguation

User guery in
source lenguege | Query  |Transiated query

Ambiguous
translation?

Learning the Model

Translation

Relevant features in the user

Unambiguous guery Disambiguated guery

Quuery Retrieval in Target
Language

Figure 1. General overview of the system.

' Bridging the Maorphology Inflection Gap
| ¥ Corpora processing and preparation
Il "vord Translation Disambiguation

After finding the morphological root of each term in the query, the query term is
translated. In case the query term has more than one translation, the model provides a
list of translations (sense inventory) for each of the ambiguous query terms. Based on
the obtained sense inventory for the ambiguous query term, the disambiguation process
can be initiated. The algorithm starts by computing the scores of the individual synonym
sets. This is done by exploiting the parallel corpora in which the Arabic version of the
translated sentences matches words or fragments of the user query, while matched
words of the query must map to at least two words that are nearby in the corpus sen-
tence. These words could be represented in the surface form or in one of its inflect-
ional forms. In order to detect all word form variants in the translation sentences in the
training corpora, special similarity score measures are applied. Since the Arabic version
of the translation sentences in the bilingual corpora matches fragments in the user
query, the score of the individual synonym sets can be computed based on the features
that represent the context of the ambiguous word. As additional features, the words in
the topic context can be replaced by their inflectional form. After we have determined
the features, the score of each of the sense sets can be computed. The sense which
matches the highest number of features will be considered as the correct sense of the
ambiguous query term and then it is assumed to be the best sense that describes the
meaning of the ambiguous query term in the context.

*http://www.nongnu.org/aramorph/.
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3.5. Illustrative examples

To consider how the algorithm performs the disambiguation steps, for simplicity we
consider the following query with size 3 however the algorithm work for unlimited
query size:

bl S oy

(A customs tax of commodities)

Step 1: The natural language query Q is parsed into several words ¢,, ¢,, ¢;.

Step 2: For each ¢,, in the query, we find its morphological root, since the dictionary
does not contain all word forms, the algorithm before translation will find the
single form of each of the given query terms . For example, the Arabic word  JJ_?
(their decision) before translation it will be processed and converted to the basic
form which is JI_2 (decision).

Step 3: Translation of the query terms and creation of the sense inventory array in case
of any for each of the query term is done. Table 4 shows the sense inventory for
each of the ambiguous query terms.

Table 4. Sense inventory for each of the ambiguous query terms

Original Query term Sense inventory (Possible English Translations)

0 [fee, tax, drawing, sketch, illustration, prescribe, trace, sketch, indicate, appoint]
S [customs, tariff, customs, control]
adudl [crack, rift, commodities, commercial, goods]

Step 4: The disambiguation process is initiated. The algorithm starts by computing the
scores of the individual synonym sets:

¢ Number of times feature f; and sense s; have been seen together in the training
set is computed.

*  Number of occurrences of s; in the training set is computed.

* The total number N of occurrences of the ambiguous word w,,, in the training
dataset is computed.

* The disambiguation score is computed and the sense which matches the highest
number of features is considered as the correct sense of the ambiguous query
term.

Table 5 shows the disambiguation scores of the individual synonym sets for each am-
biguous query terms with other query terms with 4934 occurrences of the ambiguous
word w,,,, in the training dataset.

As Table 5 shows there are 135 possible translations set for the original query in
the source language.

3.6. Training data
The proposed algorithm was developed using Arabic/English parallel corpus.* This
corpus contains Arabic news stories and their English translations. It was collected by

“http://www.ldc.upenn.edu/Catalog/CatalogEntry.jsp?catalogld=LDC2004T18.
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Table 5. Disambiguation scores for each possible translations sets

S/N query score

1 fee AND (customs OR crack) 0

2 fee AND (customs OR rift) 0

3 fee AND (customs OR commodities) 0

4 fee AND (customs OR commercial) 0

5 fee AND (customs OR goods) 0

6 fee AND (control OR crack) 0

7 fee AND (control OR rift) 0

8 fee AND (control OR commodities) 0

9 fee AND (control OR commercial) 0

10 fee AND (control OR goods) 0

11 fee AND (tariff OR crack) 0

12 fee AND (tariff OR rift) 0

13 fee AND (tariff OR commodities) 0

14 fee AND (tariff OR commercial) 0

15 fee AND (tariff OR goods) 0

16 tax AND (customs OR crack) 0,0484
17 tax AND (customs OR rift) 0,0484
18 tax AND (customs OR commodities) 0,05948
19 tax AND (customs OR commercial) 0,05248
20 tax AND (customs OR goods) 0,05539
21 tax AND (control OR crack) 0

22 tax AND (control OR rift) 0

23 tax AND (control OR commodities) 0,01224
24 tax AND (control OR commercial) 0,00525
25 tax AND (control OR goods) 0,01108
26 tax AND (tariff OR crack) 0,00175
27 tax AND (tariff OR rift) 0,00175
28 tax AND (tariff OR commodities) 0,01399
29 tax AND (tariff OR commercial) 0,007
30 tax AND (tariff OR goods) 0,01283
31 prescribe AND (customs OR crack) 0

32 prescribe AND (customs OR rift) 0

33 prescribe AND (customs OR commodities) 0

34 prescribe AND (customs OR commercial) 0

35 prescribe AND (customs OR goods) 0

36 prescribe AND (control OR crack) 0

37 prescribe AND (control OR rift) 0

38 prescribe AND (control OR commodities) 0

39 prescribe AND (control OR commercial) 0

40 prescribe AND (control OR goods) 0

41 prescribe AND (tariff OR crack) 0

42 prescribe AND (tariff OR rift) 0

43 prescribe AND (tariff OR commodities) 0

44 prescribe AND (tariff OR commercial) 0

45 prescribe AND (tariff OR goods) 0

46 indicate AND (customs OR crack) 0

47 indicate AND (customs OR rift) 0

48 indicate AND (customs OR commodities) 0

49 indicate AND (customs OR commercial) 0

50 indicate AND (customs OR goods) 0,00117
51 indicate AND (control OR crack) 0,00058
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9
Table 5. Continued

S/N query score
52 indicate AND (control OR rift) 0,00058
53 indicate AND (control OR commodities) 0,00058
54 indicate AND (control OR commercial) 0,00058
55 indicate AND (control OR goods) 0,00175
56 indicate AND (tariff OR crack) 0

57 indicate AND (tariff OR rift) 0

58 indicate AND (tariff OR commodities) 0

59 indicate AND (tariff OR commercial) 0

60 indicate AND (tariff OR goods) 0,00117
61 appoint AND (customs OR crack) 0

62 appoint AND (customs OR rift) 0

63 appoint AND (customs OR commodities) 0

64 appoint AND (customs OR commercial) 0,00058
65 appoint AND (customs OR goods) 0

66 appoint AND (control OR crack) 0

67 appoint AND (control OR rift) 0

68 appoint AND (control OR commodities) 0

69 appoint AND (control OR commercial) 0,00058
70 appoint AND (control OR goods) 0

71 appoint AND (tariff OR crack) 0

72 appoint AND (tariff OR rift) 0

73 appoint AND (tariff OR commodities) 0

74 appoint AND (tariff OR commercial) 0,00058
75 appoint AND (tariff OR goods) 0

76 trace AND (customs OR crack) 0

77 trace AND (customs OR rift) 0

78 trace AND (customs OR commodities) 0

79 trace AND (customs OR commercial) 0

80 trace AND (customs OR goods) 0

81 trace AND (control OR crack) 0

82 trace AND (control OR rift) 0

83 trace AND (control OR commodities) 0

84 trace AND (control OR commercial) 0

85 trace AND (control OR goods) 0

86 trace AND (tariff OR crack) 0

87 trace AND (tariff OR rift) 0

88 trace AND (tariff OR commodities) 0

89 trace AND (tariff OR commercial) 0

90 trace AND (tariff OR goods) 0

91 sketch AND (customs OR crack) 0

92 sketch AND (customs OR rift) 0

93 sketch AND (customs OR commodities) 0

94 sketch AND (customs OR commercial) 0

95 sketch AND (customs OR goods) 0

96 sketch AND (control OR crack) 0

97 sketch AND (control OR rift) 0

98 sketch AND (control OR commodities) 0

99 sketch AND (control OR commercial) 0

100 sketch AND (control OR goods) 0

101 sketch AND (tariff OR crack) 0
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H
Table 5. Continued

S/N query score
102 sketch AND (tariff OR rift) 0

103 sketch AND (tariff OR commodities) 0

104 sketch AND (tariff OR commercial) 0

105 sketch AND (tariff OR goods) 0

106 drawing AND (customs OR crack) 0,00058
107 drawing AND (customs OR rift) 0,00058
108 drawing AND (customs OR commodities) 0,00117
109 drawing AND (customs OR commercial) 0,0035
110 drawing AND (customs OR goods) 0,00058
111 drawing AND (control OR crack) 0,00058
112 drawing AND (control OR rift) 0,00058
113 drawing AND (control OR commodities) 0,00117
114 drawing AND (control OR commercial) 0,0035
115 drawing AND (control OR goods) 0,00058
116 drawing AND (tariff OR crack) 0,00058
117 drawing AND (tariff OR rift) 0,00058
118 drawing AND (tariff OR commodities) 0,00117
119 drawing AND (tariff OR commercial) 0,0035
120 drawing AND (tariff OR goods) 0,00058
121 illustration AND (customs OR crack) 0

122 illustration AND (customs OR rift) 0

123 illustration AND (customs OR commodities) 0

124 illustration AND (customs OR commercial) 0

125 illustration AND (customs OR goods) 0

126 illustration AND (control OR crack) 0

127 illustration AND (control OR rift) 0

128 illustration AND (control OR commodities) 0

129 illustration AND (control OR commercial) 0

130 illustration AND (control OR goods) 0

131 illustration AND (tariff OR crack) 0

132 illustration AND (tariff OR rift) 0

133 illustration AND (tariff OR commodities) 0

134 illustration AND (tariff OR commercial) 0

135 illustration AND (tariff OR goods) 0

Ummabh Press Service from January 2001 to September 2004. It totals 8,439 story pairs
(Documents), 68,685 sentence pairs, 93,120 segments pairs, 2 Million Arabic words
and 2.5 Million English words. The corpus is aligned at sentence level.

4. Evaluation

We evaluated our approach through an experiment using the Arabic/English parallel
corpus aligned at sentence level. We selected 30 Arabic sentences from the corpus as
queries to test the approach. These sentences have various lengths starting from two
words. These queries had to contain at least one ambiguous word, which has multiple
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English translations. In order to enrich the evaluation set, these ambiguous words had
to have higher frequencies compared with other words in the training data, ensuring
that these words will appear in different contexts in the training data. Furthermore,
ambiguous words with high frequency sense were preferred. The senses (multiple trans-
lations) of the ambiguous words were obtained from the dictionary. The number of
senses per test word ranged from two to nine, and the average was four. For each test
word, training data were required by the algorithm to select the proper sense. The
algorithm was applied to more than 93,123 parallel sentences. The results of the algorithm
were compared with the manually selected sense.

For our evaluation, we built different classifiers from different subsets of features
and combinations of them. The first classifier based on features that were obtained
from the user query terms and topic context, which was represented by a bag of words
in the context of the ambiguous word. The second classifier was based on the topic
context and its inflectional form.

In order to evaluate the performance of the different classifiers, we used two
measurements: applicability and precision [29]. The applicability is the proportion of
the ambiguous words that the algorithm could disambiguate. The precision is the
proportion of the correct disambiguated senses for the ambiguous word. The perfor-
mance of our approach is summarized in Table 6. The sense, which is proposed by the
algorithm was compared to the manually selected sense.

As it is expected the approach is better in the case of long query terms which
provide more reach features and worse in short queries, especially the one consisting
of two words. We consider that the reason for the poor result for the short queries is that,
when the query consists of few words it is possible that the features which are extracted
from the query terms can appear in the context of different senses. For example, consider
the query “woMawY! ()P’ (The Islamic religion). When the algorithm goes through
the corpus, the ambiguous word “c»dl” (The Religion or The debt) will be found in two
different contexts whether in Religion or Debt context. The query term “(soduw Y
(Islamic) can be found in both contexts of the ambiguous word as (Islamic religion)
or as a name of bank (Islamic Bank), which is the context of the second sense (Debt).
One possible solution for this issue is query expansion. This can be done by exploiting
the corpus and suggesting possible term expansion to the user. The user then confirms
this term expansion, which will help to disambiguate the ambiguous query term when
translating to the target language.

Another reason for the poor performance is that due to the morphological inflectional
gap between languages such as Arabic the same word can be found in different forms.
In order to increase the performance of the disambiguation process all of these forms
need to be detected.

Table 6 shows the overall performance of the algorithm based on building two
classifiers from different subsets of features and combinations of them. Those features
are user query terms, topic context and word inflectional form in topic context and com-
binations of them. As is shown in Table 6, the performance of the algorithm is better
when using the inflectional forms instead of the basic word form. The reason for that,
the Arabic word can be represented not just in its basic form, but in many inflectional
forms and so we will have more training sentences that will be visible to the algorithm
to disambiguate the ambiguous query terms.
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Table 6. The overall performance using Applicability and precision

Classifiers Applicability Precision
Query term + Topic context 52% 68%
Query term + feature Inflectional form 82% 93%

5. Conclusion

In this paper we proposed a method for word translation disambiguation using a
bilingual parallel corpus together with sense definitions by translations into another
language. WTD for each sense of the polysemous word is done by defining a sense of
each of the ambiguous words. In order to train the algorithm, a set of features was defined.
The algorithm then selects the sense that maximizes the score. Based on the experiments
that we performed, using Arabic/English parallel corpus, results could show that our
algorithm achieved certain promising results. The applicability and precision using 30
polysemous words were 52% and 68% for the first classifier and 82% and 93% for the
second classifier, respectively. Although our algorithm has gained promising results, it
still has some problems: the developed approach is based on the premise that the features
of each sense is independent from the other sense so that the words that appear in the
context of the ambiguous word should appear rarely in the context of the other sense.
In future work, we will extend the algorithm so that it can extend and enrich the user
query, consequently having more features to describe the context of the ambiguous word.

Furthermore, the proposed algorithm currently estimates the parameters that the
algorithm needs for training, according to co-occurrence in the context of the ambiguous
word. However, this is not always suitable for all polysemous words. It will be useful
to use syntactic co-occurrence as an extra feature that the algorithm can use for training.
i.e. the Arabic word ““_<=<" has the translations (Egypt and insist) in English. Therefore,
using some kind of syntactic information will help to disambiguate this kind of word.
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