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ABSTRACT

This paper describes a method for creating
multilingual dictionaries using Wikipedia as a
resource. A lucky strike on the road to multilingual
information retrieval, the main idea is simple: taking
the titles of Wikipedia pages in English and then
finding the titles of the corresponding articles in
other languages produces a multilingual dictionary
in all those languages. While the page contents may
vary greatly, the great majority of page titles seem
to be faithfully translated. Here, the method is used
to produce specialised dictionaries in two areas:
Computer Science and Artificial Intelligence. Such
dictionaries can form a useful auxiliary teaching
resource by providing students from non-English
speaking countries with a quick translation of some
of the key concepts in the subject area.
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1. INTRODUCTION

We have previously demonstrated how multilingual
dictionaries can be extracted from Wikipedia [5].
Taking the titles of Wikipedia pages in English and
then finding the titles of the corresponding articles in
other languages produces a multilingual dictionary
in all those languages. A Web crawler — a
specialised program recursively traversing all
referenced URLs in a hypertext document, is used
to collect the data. Here, the method is used to
produce specialised dictionaries in 36 different
languages, and two areas: Computer Science and
Artificial Intelligence.

2. LITERATURE REVIEW

There have been efforts in the past to build
multilingual dictionaries with varying degrees of
success, and the ones we know of are only
extensions of bilingual dictionaries already available
[2,3,4]. Yet none of them had tried to use Wikipedia
as the potential source of lexical information. Only
very recently, have there been attempts to tap into
the multilingual aspect of Wikipedia, which has been
used to identify named entities [1]. Richman and
Schone proposed a method of using the multilingual
nature of Wikipedia to annotate a large corpus of
text with Named Entity Recognition (NER) tags in
six different languages: French, Ukrainian, Spanish,
Polish, Russian, and Portuguese [1]. They used the
Wikipedia in those languages, and manually derived
a small set of key phrases, identifying named
entities. For instance, for the named entity “Person”,
the key phrases could be: “People by” or “Given
names”. For each article title of interest they
extracted the categories to which that entry was
assigned. For instance, any entry in
“Category:Living People” will refer to a person, and
it shows that the article referred to the named entity
“Person”. In case they failed to tag the entry based
on initial categories found, they would go one level
deeper, till either the suitable category is found or
they hit the preset limit on how deep the search
would go. For instance, in order to classify
“Jacqueline Bhabha,” the system extracted the
categories “British Lawyers,” “Jewish American
Writers,” and “Indian Jews.” Yet none of them
matched any of the key phrases, so it proceeded to
extract second order -categories “Lawyers by
nationality,” “British legal professionals,”
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Figure 1: A Wikipedia Snapshot with links for pages in other languages.

“American writers by ethnicity,” “Indian people by
religion,” etc. “People by” was on the list of key
phrases and hence she was correctly classified.
Finally they wused Wiktionary, an online
collaborative dictionary, to eliminate some
common nouns. For multilingual categorization,
they looked at the categories of the corresponding
English titles. In case there was no English
equivalent on Wikipedia, they would look at the
non-English categories assigned to the title and try
to determine the corresponding English categories
and choose the most suitable category from
amongst them. They demonstrated that Wikipedia
based NER system performed comparably to one
developed from 15-40.10° words of human
annotated newswire.

3. MULTILINGUAL LEXICON

GENERATION

In this section, we give a brief account of our
previous work, on which the approach used here is
based.

3.1 Wikipedia

Since 2001, when it was created, Wikipedia has
emerged as a huge online resource attracting over
684 million visitors yearly by 2008. There are more
than 75,000 active contributors working on more
than 10,000,000 articles in more than 250
languages (Wikipedia, August 3, 2008). Each
Wikipedia page has links to pages on the same
topic in other languages, as shown in Figure 1.
The figure also highlights the page title in the top
left corner. The titles of all these pages can be
extracted and combined in the form of tuples,
which can be used as entries in the resulting

multilingual dictionary, detailing a word in English
and its translations in the other selected
languages. In order to build the dictionary, a
program (web crawler) was used.

3.2 Web Crawler

A web crawler is a computer program that follows
links on web pages to automatically collect data
(hypertext) off the internet. We use it here to move
from one Wikipedia article to another, collecting
the above mentioned tuples of word/phrase
translations in the process.

Our version of the web crawler takes the starting
page(s) as an input from the user. It visits the
given page, and extracts all the links on that page
and appends them to a list. Then it repeats the
process for each link collected earlier, and visits
them one by one, extracting the links and once
again appending them to the list. Putting them at
the end (e.g., making the list a queue) ensures
that the search method adopted is Breadth First
Search (BFS). In our context following BFS will
explore a number of related concepts
consecutively while Depth First Search (DFS)
would drift off any given topic. There may be
technical aspects related to the use of memory by
each approach which will not be discussed here.

The BFS approach was used in the following
experiments. With the BFS capability thus
incorporated, other lists were defined that would
keep track of all the web pages that have already
been visited thus keeping the code from revisiting
them and extracting repeatedly the same tuples
into the lexicon.

Apart from ensuring that no two entries were the
same, the entries which did not convey any useful



information had to be weeded out, as some of the
links on the web pages are Wikipedia-specific and
are not really useful for building the dictionary.
Apart from these, no entry was entered into the
lexicon if it was purely numeric.

3.3 Previous Results: a Heptalex

A general lexicon containing tuples corresponding
to word/phrase translations in 7 different
languages, English, German, French, Polish,
Bulgarian, Greek and Chinese, was created. We
call the result a heptalex [5].

The goal was to extract as many entries as
possible that provided translations of a concept in
all seven languages. 5,006 unique entries were
found as a result. In order to get that many entries,
the crawler had to visit more than a quarter of the
2,000,000+ Wikipedia articles in English. The main
limitation was Greek, which with some ~37,000
articles was the worst-represented language
among the seven.

Using the least-prolific language as a pivotal
language would have saved a lot of backtracking,
yet English was chosen for its familiar alphabet,
which also played a role in the hash tables used in
the implementation.

In terms of semantics, the resulting lexicon is a
mix of: toponyms, names of famous people,
names of languages, and general concepts, such
as “rock music” and “fire fighter”, among others.

4. EXTRACTING DOMAIN-SPECIFIC

DICTIONARIES

We have already shown that building multilingual
dictionaries from Wikipedia is feasible. With a
general dictionary already created we decided to
take it one step further by creating domain specific
dictionaries. Such dictionaries can be useful for
professionals of any particular domain; here we
focus on the areas of Computer Science and
Artificial Intelligence.

In order to create domain specific dictionaries the
built-in Category attribute of Wikipedia was used.
Wikipedia defines categories as tags to be used to
ease navigation of pages. Even if one does not
know that an article exists on any particular topic
one can look into categories to look for interesting
information. A programmer interested in Functional
programming might look into this category and
then look for subcategories of interest.

4.1 A Computer Science Dictionary

Our first effort was to extract a dictionary of
Computer Science (CS) related terms, by,
narrowing down the list of categories which we
were interested in. It was done manually by short
listing categories from a complete list of categories

provided on Wikipedia for reference, e.g., .NET
and Alan Turing to show but two examples of the
categories chosen. The result is a 37-language,
2,500 entry dictionary available from our Web
pages.

4.2 Category Translations for CS & Al

Wikipedia assigns one or more categories to each
article depending on which general category it
might belong to. For instance, the article on
Heuristic algorithm belongs to two different
categories: Algorithms and Heuristics. That
information is at times much more useful than
merely looking at all the articles that might come
up at any time while crawling. The categories
information is organized and hierarchical and is
thus quite useful in building dictionaries such as
this one where we are looking at the subcategories
of different categories.

Wikipedia also builds hierarchical structures
bringing categories in one particular domain under
one banner. Thus one can find the relevant
subfields of Computer Science, such as Artificial
Intelligence and Algorithms on the Computer
Science category page. These subcategories in
turn define further subcategories taking it as many
levels deep as the contributors of Wikipedia might
like it to be.

Here we have looked at two domains: Computer
Science (CS) and Artificial Intelligence (Al). We
have taken translations of categories and
subcategories and combined them in the form of a
lexicon. Once again nulls were allowed so as not
to end up with very few entries.

CS is much more general than Al and hence its
subcategories go many levels deep. Al on the
other hand, being itself a subcategory of CS, does
not go as deep. Thus for the former we just
considered the categories, while for the latter we
considered not just the categories but also the leaf
nodes (individual Wikipedia articles), but only on
the first page of the Al category.

Here 36 different languages have been catered to,
removing Classical Chinese because of very few
entries in the previous experiment.

More than 2,000 CS related categories were
extracted in 36 different languages, which once
again cover the wide spectrum of languages and
scripts, both oriental and occidental. Interestingly,
Chinese was found to be better represented
language than German in this area, probably due
to the inherent bias in the domain chosen.

There were very few translations found for any
language. French, which otherwise had the
second highest number of entries, second only to
English, had just 21.3% of the translations.
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Figure 2: The Language Clusters for the CS domain.

That shows how sparse the information is in these
languages in the CS domain.

For Al around 450 categories were explored
before the program started wandering off to other
domains. That is far less than that for CS, as
expected. Thus leaf nodes were also considered in
this case. As percentage of English entries in this
domain, Japanese came out at top but with mere
16% entries. Japanese is expected to be well
represented in this domain for the amount of work
they have done. Yet a figure of 16% is quite low.

Snapshots of the selection of entries in CS and Al
are shown in figures 4 and 5. Both dictionaries are
freely available from the second author's Web site.

5. DISCUSSION

There are two issues we want to discuss here —
how we can measure the potential of such an
approach to producing dictionaries for any pair of
languages, and how relevant such dictionaries
may be to teaching in academia.

5.1 Measures of Usefulness

Asking oneself how useful this approach will be for
any two languages in Wikipedia, one can think of
two factors: (1) how well represented each of the
languages is, i.e., how many entries there are in it,
and (2) what is the likelihood that a concept,
present in the first language, will also be present in
the second. To elaborate on that second point, two
different pairs of languages with the same total
number of entries may show a different degree of
overlap, which we define here as the ratio of the
number of entries present in both languages to the

number of entries (topics) that exist for at least one
of the two languages:

{Ll N LZ}

Lol

One could expect that two languages are more
likely to overlap in their Wikipedia articles, if they
share a common cultural background - for
instance, both Latin and Italian are likely to include
several pages on the Roman Catholic Church.
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English.

The languages that are linguistically related (and
therefore easier to learn) may also show an
overlap due to the fact that articles in one
language are more easily translated in the other.

As an approximation, we can measure this
similarity (min=0, max=1) on a sample of the
Wikipedia pages. Using the ~2,500 entries of the
CS dictionary described in Section 4.1, we
produced a clustering tree as shown in Figure 2.
There may be some relationship between
geographical distance and overlap (e.g., French
and German), as well as linguistic relatedness:



English German Japanese Chinese Arabic Korean Bulgarian Thai Greek
Cornputer science Informatik B e RS g | F RFEY HHiopmatuka Fruirsmanfumes [Emaripn urohoyioriy
Computer architecture [Rechnerarchitektur |3 ¥ & 25 7% 5 7 2 © [FIERH null HRH A% null null null
Semantics Sermnantik Bohsm null null 20z CemaHTHka null null
Algarithms Algarithrmus FI T A b ik N R ANropuTiK UG AdydpiByol
Artificial intelligence Kinstliche Intelligenz A T508K A TR Ll 5| DI BT S null Heyrunlsutng Tyt T vonpominm
Computer programming _|Programrmierung Fayrsivy Rt denp| HTE T2 |null maliouTusunsy [null
Operating systems Betriebssystern ANV FA P T AF A f A el o 2 HIH| null SruULU UGS null
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Linus Linux Linusx Linux RS THY/MuHyke null null
Cryptography lKryptologie BESHHIHT Ti9E | LT B Kpunmorpadna null Kputmoyposgic
Figure 4: Selection of categories for Computer Science.
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Search algorithms  |null Algorithme de recharche [#&FR7 L oy A & RFIEHE [null 2 202l [l null null
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Robotics Robotik Robotigue R NS null Bt PoboTnka null null
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Figure 5: Selection of categories for Artificial Intelligence.

Slovak — Ukrainian - Czech, Turkish — Finnish -
Hungarian — but this is far from clear.

in their own language, but do not know its English
translation, a situation that is especially common
among first-year undergraduates. Even when the
English term is known, it may be easier to
memorise it if it can be linked to items studied in
one’s mother tongue. Finally, it is not uncommon
for someone who has studied abroad to return to
their home country only to discover that
specialised discussions in their native language
are quite difficult, as they struggle to translate the
concepts they have only encountered in the

Two different graphs were plotted, one depicting
the number of entries for each language in the
lexicon as percentage of the English entries
(Figure 3), and the other depicting the total
number of articles in each language on Wikipedia
(Figure 6). In each of the two graphs the two
outliers, English and Classical Chinese, were
removed and a trend line was also plotted in the

first case.
i language in which they have received their
Figure 3 shows that the expected overlap between degree. These dictionaries should help the

English and another language is a decreasing
linear function of that language’s rank, even if the
number of articles as related to the rank (Figure 6)
is a nonlinear function. In Figure 6, numbers
represent languages. For instance, 2 represents
German and 36 represents Irish.

students in all three aspects, and perhaps even
encourage some of them to supply some of the
missing entries in Wikipedia as they become better
acquainted with the discipline studied.
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5.2 Relevance to Teaching a

Such dictionaries can form a useful auxiliary
teaching resource by providing students from non-
English speaking countries with a quick translation
of some of the key concepts in the subject area.
Unlike Wikipedia, from which it was extracted, this
data can be printed out and carried to lectures and
labs. It provides three-fold assistance — firstly, it is
often the case that the students know the concept
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