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The information available in languages other than English
in the World Wide Web is increasing significantly. Accord-
ing to a report from Computer Economics in 1999, 54% of
Internet users are English speakers (“English Will Domi-
nate Web for Only Three More Years,” Computer Eco-
nomics, July 9, 1999, http://www.computereconomics.
com/new4/pr/pr990610.html). However, it is predicted that
there will be only 60% increase in Internet users among
English speakers verses a 150% growth among non-
English speakers for the next five years. By 2005, 57% of
Internet users will be non-English speakers. A report by
CNN.com in 2000 showed that the number of Internet
users in China had been increased from 8.9 million to
16.9 million from January to June in 2000 (“Report:
China Internet users double to 17 million,” CNN.com,
July, 2000, http://cnn.org/2000/TECH/computing/07/27/
china.internet.reut/index.html). According to Nielsen/
NetRatings, there was a dramatic leap from 22.5 millions
to 56.6 millions Internet users from 2001 to 2002. China
had become the second largest global at-home Internet
population in 2002 (US’s Internet population was 166
millions) (Robyn Greenspan, “China Pulls Ahead of Japan,”
Internet.com, April 22, 2002, http://cyberatlas.internet.
com/big_picture/geographics/article/0,,5911_1013841,00.
html). All of the evidences reveal the importance of cross-
lingual research to satisfy the needs in the near future.

Digital library research has been focusing in struc-
tural and semantic interoperability in the past. Searching
and retrieving objects across variations in protocols,
formats and disciplines are widely explored (Schatz, B.,
& Chen, H. (1999). Digital libraries: technological ad-
vances and social impacts. IEEE Computer, Special Is-
sue on Digital Libraries, February, 32(2), 45–50.; Chen, H.,
Yen, J., & Yang, C.C. (1999). International activities: de-
velopment of Asian digital libraries. IEEE Computer,
Special Issue on Digital Libraries, 32(2), 48–49.). How-
ever, research in crossing language boundaries, espe-
cially across European languages and Oriental lan-
guages, is still in the initial stage. In this proposal, we put
our focus on cross-lingual semantic interoperability by

developing automatic generation of a cross-lingual the-
saurus based on English/Chinese parallel corpus. When
the searchers encounter retrieval problems, profes-
sional librarians usually consult the thesaurus to identify
other relevant vocabularies. In the problem of searching
across language boundaries, a cross-lingual thesaurus,
which is generated by co-occurrence analysis and Hop-
field network, can be used to generate additional se-
mantically relevant terms that cannot be obtained from
dictionary. In particular, the automatically generated
cross-lingual thesaurus is able to capture the unknown
words that do not exist in a dictionary, such as names of
persons, organizations, and events. Due to Hong Kong’s
unique history background, both English and Chinese
are used as official languages in all legal documents.
Therefore, English/Chinese cross-lingual information re-
trieval is critical for applications in courts and the gov-
ernment. In this paper, we develop an automatic thesau-
rus by the Hopfield network based on a parallel corpus
collected from the Web site of the Department of Justice
of the Hong Kong Special Administrative Region
(HKSAR) Government. Experiments are conducted to
measure the precision and recall of the automatic gen-
erated English/Chinese thesaurus. The result shows that
such thesaurus is a promising tool to retrieve relevant
terms, especially in the language that is not the same as
the input term. The direct translation of the input term
can also be retrieved in most of the cases.

1. Introduction

As the Web-based information systems in languages
other than English are growing exponentially, the demand
for searching across language boundaries is obvious. We are
expecting that the number of Internet users who are non-
English speakers will increase to more than half of the
population. The Digital Library Initiative funded by NSF/
DARPA/NASA in the U.S. has laid the foundation for
searching and retrieving objects across variations in proto-
cols and formats, structural interoperability, and across
different disciplines, semantic interoperability (Chen,
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1998). However, the work done on linguistic interoperabil-
ity is relatively less. A few cross-lingual information re-
trieval works have been done, mostly focused on European
languages, such as English, Spanish, German, French, and
Italian. Relatively less cross-lingual information retrieval
works have been done on Oriental language or across Eu-
ropean and Oriental languages. The difficulties of cross-
lingual information retrieval between European and Orien-
tal languages are comparatively higher than the difficulties
among European languages. These are due to several rea-
sons: 1) machine translation techniques between European
and Oriental languages are rather less mature, 2) parallel/
comparable corpus in European and Oriental languages are
comparatively rare, 3) the grammar of European and Ori-
ental languages are significantly different. As English and
Chinese are the most popular languages in the world, the
desire on an efficient and effective Chinese-English cross-
lingual information retrieval system is significant although
there are still many research problems to be solved.

1.1 Cross-Lingual Information Retrieval

Cross-lingual information retrieval (CLIR) refers to the
ability to process a query for information in one language,
search a collection of objects, including text, images, audio
files, etc. and return the most relevant objects, translated
into the user’s language if necessary (Klavans et al., 1999;
Oard & Dorr, 1996). For users who are able to read more
than one language, CLIR systems allow them to submit one
query and search for documents in more than one language
instead of submitting multiple queries in different lan-
guages. For users who are able to read more than one
language but may not be able to write fluently in other
non-native languages, the CLIR systems help them to
search across the language boundaries without them ex-
pressing their queries in the language that they are not
familiar with. Even for users who only read a single lan-
guage, the CLIR systems help them to retrieve a small
portion of relevant documents from the collection of docu-
ments in other languages, and therefore fewer documents
are examined by users and being translated. Current re-
search in cross-lingual information retrieval can be divided
into two major approaches: (1) controlled vocabulary and
(2) free text.

In the controlled vocabulary approach, documents are
manually indexed using a predetermined vocabulary and
queries from users are using terms drawn from the same
vocabulary (Oard & Dorr, 1996). Systems exploiting such
approach bring queries and documents into a representation
space by use of a multilingual thesaurus to relate the se-
lected terms from each language to a common set of lan-
guage-independent concept identifier, where the document
selection is based on the concept identifier matching (Davis
& Dunning, 1995; Fluhr, 1995; Flur & Radwan, 1993;
Radwan & Fluhr, 1995). However, it imposes the limitation
of the user-employed vocabulary and the selection of the-
saurus highly affects the performance of the retrieval. Al-

though such approach is widely used in commercial and
government applications, it is not practical as the number of
concepts increases and becomes less manageable. The per-
formance becomes worse as the collection of documents
increases, such as the World Wide Web, because the doc-
uments generated from diverse sources cannot be standard-
ized easily. Besides, the training of users to select search
terms from the controlled vocabulary is difficult. General
users are usually unable to identify the appropriate term to
represent their information needs.

The free text approach does not limit the usage of vo-
cabulary but using the words that appear in the documents.
Queries or documents are translated and then retrieval is
performed. The free text approach can be further divided
into two approaches: (1) knowledge-based approach and (2)
corpus-based approach. Knowledge-based approach em-
ploys ontology or dictionary (Ballesteros & Crosft, 1997;
Hull & Grefenstette, 1996; Oard, 1997; Radwan & Fluhr,
1995). Ontology is an inventory of concepts, which is or-
ganized under some internal structuring principle. Multilin-
gual thesaurus is an example of ontology to organize ter-
minology from more than one language. Complex thesauri,
which encode syntactic and semantic information about
terms, are used as concept index in automatic text retrieval
systems (Oard & Dorr, 1996). Dictionary replaces each
term in the query with an appropriate term or set of terms in
the target language Salton, 1970). However, the knowledge-
based approach encounters several problems. Terms may be
ambiguous and may have multiple meanings. The thesaurus
or dictionary may not has terms that are essential for a
correct interpretation of the query. For examples, technical
terms, abbreviation, names of persons, organization or
events may not be included in the thesaurus or dictionary.
There are also new terms entering the lexicon all the time
since language usage is a creative activity.

Corpus-based approach overcomes the limitation of the
knowledge-based approach by making use of the statistical
information of term usage in parallel or comparable corpora
to construct an automatic thesaurus. Since it is impractical
to construct a bilingual dictionary or sophisticated multilin-
gual thesauri manually for large applications, the corpus-
based approach uses the term co-occurrence statistics across
large document collections to construct a statistical transla-
tion model for cross-lingual information retrieval. Several
works have been done based on this approach. Landauer and
Littman use Latent Semantic Indexing (LSI) to construct a
multi-lingual semantic space [Dumais et al, 1997; Landauer
& Littman, 1990). Experiments are conducted on a French-
English collection. Davis and Dunning (1995a, b) apply
evolutionary programming on a Spanish-English collection.
Sheridan and Ballerini (1996) apply thesaurus-based query
expansion techniques on a comparable Italian-English col-
lection. However, there is a lack of corpus-based approach
being applied between European and Oriental languages, in
particular between English and Chinese, mainly due to their
significant difference in grammar and low availability of
such corpus.
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2. Multilingual Corpus

Multilingual corpus is a collection of text in electronic
form (written language corpus) where texts in different
languages are put together either based on parallelism or
comparability. Multilingual corpus constructed based on
parallelism and comparability are known as parallel corpus
and comparable corpus, respectively. Parallel corpus can be
developed using overt translation or covert translation. The
overt translation posses a directional relationship between
the pair of texts in two languages, which means texts in
language A (source text) is translated into texts in language
B (translated text) (Rose, 1981). The covert translation is
non-directional. Multilingual documents expressing the
same content in different languages are generated by the
same source (Leonardi, 2000). Therefore, none of the text in
each pair of such parallel corpus is marked as translated text
or source text.

Comparable corpus consists of texts in multiple lan-
guages composed independently, which shared similar cri-
teria of content, domain, and communicative function. Cri-
teria for creating comparable corpora depends on the ho-
mogeneity of texts, both with or across languages, in terms
of features such as subject domain, author-reader relation-
ship, text origin and constitution, factuality, technicality and
intended outcome (Zanettin, 1998).

Several techniques have been developed to construct
parallel corpus automatically. The most prominent system
that generate parallel corpus from the World Wide Web is
Structural Translation Recognition for Acquiring Natural
Data (STRAND), developed by Resnik (1998, 1999).
STRAND consists of three modules, candidate generation
module, candidate evaluation module and candidate pair
filtering module. A similar system has also been developed
by Nie (Nie et al., 1999). However, these systems focus on
generating parallel corpus in European languages only.

2.1 Automatic Cross-lingual Thesaurus

In this paper, we develop a English/Chinese cross-lingual
thesaurus based on a English/Chinese parallel corpus col-
lected from the Bilingual Legal Information System (BLIS)
of the HKSAR Government. Part of the BLIS parallel
corpus is based on the overt translation and part of it is
based on covert translation depending on the date of the
document released. Using the co-occurrence analysis of
English and Chinese terms extracted in the parallel corpus,
the synaptic weights of the Hopfield network are deter-
mined. The cross-lingual thesaurus is generated automati-
cally by training in the Hopfield network. Such cross-lin-
gual thesaurus supports cross-lingual information retrieval
by suggesting semantically relevant terms in different lan-
guages so that human users who are not familiar with the
languages are able to obtain better retrieval performance.

3. Automatic Generation of English/Chinese
Thesaurus

Unlike the controlled vocabulary approach and knowl-
edge-based approach, the cross-lingual thesaurus is gener-
ated from the parallel corpus automatically without human
intervention in the corpus-based approach. Knowledge rep-
resentations are created from the corpus without pre-defined
language representation and linguistic information by hu-
man experts. The automatic Chinese-English thesaurus gen-
eration system basically consists of five components: i) the
parallel/comparable Chinese-English corpus, ii) English
term extraction, iii) Chinese term extraction, iv) co-occur-
rence analysis, and v) Hopfield network as shown in Figure
1. Important terms (or concept descriptors) are first ex-
tracted from the parallel or comparable corpus automati-
cally using the English term extraction and Chinese term

FIG. 1. Automatic thesaurus generated from a parallel/comparable corpus.
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extraction modules. To be more precise, a concept is a
recognizable unit of meaning in any given language (He,
2000). A term is a word or expression that has a precise
meaning in peculiar to a subject. Lin (Lin & Chen, 1996)
refers terms extracting from a corpus as concept descriptors.
The co-occurrence analysis module measures the similari-
ties between the extracted terms. The extracted terms and
their similarities are then modelled as the nodes and the
weights between the nodes of the Hopfield network. The
Hopfield network resembles an associate network of the
extracted English and Chinese terms from the parallel cor-
pus and the classifying behaviour of the Hopfield network
converge the strongly associated neighbors to generate the
concept space. A concept space is a cluster of related
concept descriptors to represent the subject matter of a
corpus (Lin & Chen, 1996).

3.1 Extraction of English and Chinese Terms

Term extraction or indexing has been one of the most
important research issues in information science. Without
proper indexes, effective representation and retrieval of
documents are impossible. A traditional human indexer
recognizes and selects the essence and then represents them.
However, human indexing is time consuming and expen-
sive. An automatic term extraction (or automatic indexing)
is important for extracting important terms from a large
collection of documents.

Different languages exhibit different linguistic and gram-
matical characteristics. The difference is particularly signif-
icant between European languages and Oriental languages,
such as English and Chinese. These characteristics strongly
affect how English and Chinese documents are segmented
and indexed. English is a phonographic language. Every
word has one or multiple meanings. On the contrary, Chi-
nese is a pictographic language. Every word or character has
a unique meaning although ancient Chinese writing is more
concise with a single character conveying several meanings.
Chinese words usually consist of more than one character to
convey precise meaning in modern Chinese writing. There-
fore, the techniques to extract English terms and Chinese
terms are different.

3.1.1 English term extraction. The term extraction of un-
structured English documents includes four major steps: (1)
lexical analysis, (2) stopwording, (3) stemming, and (4)
term-phrase formation. The purpose of lexical analysis is
treating digits, hyphens, punctuation marks, and the case of
letters. It is a process of converting the text of the document
representing as a steam of characters into the candidate
words representing as a stream of words. The objective of
stopwording is filtering words without any specific mean-
ing. Articles, prepositions, and conjunctions are natural
candidates for a list of stopwords. Some verbs, adverbs and
adjectives are also potential candidates. Such stopwords
occur frequently in documents but they are not good dis-

criminators. Eliminating the stopwords also reduces the size
of indexed terms by 40% or more. Stemming removes
affixes of the words to identify the root forms of the words.
Plurals, gerund forms, and past tense suffixes are typical
examples of syntactical variations of the stem words. For
example, “extract” is the stem word of “extracting,” “ex-
tracts,” and “extracted.” Term-phrase formation groups ad-
jacent words extracted from a phrase segment to form term
phrases. Due to the phonographic characteristics of English,
term phrases with more words carry more precise meaning
than individual terms. For example, “cross-lingual informa-
tion retrieval” has three words and is able to form three term
phrases, “cross-lingual information retrieval,” “cross-lin-
gual information,” and “information retrieval.” Each of
these term phrases has a unique semantic.

3.1.2 Chinese term extraction. Unlike English language,
there are not any natural delimiters in Chinese language to
mark word boundaries. Written Chinese consists of strings
of characters (or ideographs) separated by punctuation. The
smallest indexing units in Chinese documents are words,
while the smallest units in a Chinese sentence are charac-
ters. A character can perform as a word with meaning(s) or
function as an alphabet forming a short word with one or
more adjacent characters and having specific meaning (Ike-
hra, 1995). In English or other languages using Roman or
Greek-based orthographies, spacing often reliably indicates
word boundaries. In Chinese, a number of characters are
placed together without any delimiters indicating the bound-
aries between consecutive characters. The first step of word-
based indexing is segmentation. Segmentation is the process
of breaking a string of characters into words. In another
word, segmentation is determining the boundaries of single
or multi-character words in a string. Word segmentation in
Chinese is known to be a difficult task, especially for
unknown words, such as names, locations, translated terms,
technical terms, abbreviations, etc.

Previous work on Chinese word segmentation can be
divided into three categories, lexical rule-based approach
(Nie et al., 1994; Wu & Tseng, 1995), statistical approach
(Gan et al., 1996; Lua, 1990; Sproat and Shih, 1990), and
hybrid approach that is based on statistical and lexical
information (Leung & Kan, 1996; Nie et al., 1994). The
lexical rule-based approach that deals with mentation am-
biguities is also known as the dictionary-based approach
and the most popular method is the maximum matching
method. Starting from the beginning or end of a sentence,
the maximum matching method groups the longest initial
sequence of characters that matches a dictionary entry as a
word and they are called forward maximum matching and
backward maximum matching. The idea is to minimize the
number of words segmented. A variation of the maximum
matching is the minimum matching or shortest matching,
which treats a word as the shortest initial string of characters
that match a dictionary entry. However, the major concerns
of lexical rule-based approach are (i) how to deal with
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ambiguities in segmentation, and (ii) how to extend the
lexicon beyond the dictionary entries. The statistical ap-
proach extracts the segments based on the frequencies of
n-grams in the corpus. Sproat uses mutual information as a
statistical measurement of any two characters (Sproat &
Shih, 1990). Two adjacent characters with highest value of
mutual information are extracted first. Bi-grams are recur-
sively extracted until no more pairs can be extracted. How-
ever, n-grams longer than two characters are not segmented.
Chien (1997) developed a PAT-tree-based approach for
keyword extraction. All of the lexical patterns without lim-
itation of pattern length are first extracted. A mutual-infor-
mation-based filtering algorithm is then applied to filter out
the character strings in the PAT tree. A refined method
based on a common-word lexicon, a general domain corpus
and a keyword determination strategy are utilized finally.
The performance is good but building a PAT tree is time
consuming and large space overhead is required because all
of the lexical patterns are investigated.

In this work, we adopt our previously developed tech-
nique, boundary detection (Yang et al., 2000a), to extract
the Chinese terms. The boundary detection is a statistical
approach using the mutual information. Mutual information,
I(c1,c2), measures association between two consecutive
characters, c1 and c2, in a sentence. Characters that are
highly associated are grouped together to form words.

I�cj, cj� � log2� f �cj, cj�/N

�f �cj�/N� �f �cj�/N�� � log2�Nf�ci, cj�

f �ci� f �cj�
� (1)

where ci and cj are Chinese characters, f(ci,cj) is the fre-
quency of ci cj, f(ci) is the frequency of ci, f(cj) is the
frequency of cj and N is the total number of documents.

The boundary detection algorithm makes use of the mu-
tual information and the analogy of the edge detection
technique on images. If the mutual information value be-
tween adjacent characters is less than a threshold, it means
the two characters are independent and therefore it is con-
sidered as a segmentation point. Similar to gradient opera-
tors in image edge detection, changes in mutual information

value are used to identify the points of valley and bowl
shaped curves. These abrupt changes in mutual information
values are also employed to detect the segmentation points.
Figure 2 illustrates the changes of mutual information val-
ues for the sentence,

(The guests of ceremony in-
clude the country chairman, Jiang Zemin, and vice presi-
dent, Qian Qichen). Using boundary detection, the sentence
is segmented to

([The guest of ceremony] [will] [include] [country] [chair-
man] [Jiang Zemin] [and] [vice president] [Qian Qichen]).
Experimental results have shown that the boundary detec-
tion has over 92% accuracy and is able to identify most of
the unknown words.

3.1.3 Automatic term selection. After extracting English
and Chinese terms from the English and Chinese parallel
corpus, only the most significant terms will be employed to
form the concept space. The significant terms are selected
based on the term weights, dij, computed by the term fre-
quencies, inverse document frequencies and the length of
terms. The term weight, dij, represents the relevance weight
of term j in document i.

Given the English/Chinese parallel corpus, N pairs of
English documents and Chinese documents, Ei and Ci (i �
1, 2, . . ., N), are aligned. For each pair of English and
Chinese documents, doc_pairi, the term weight for each
extracted English term, termj, and each extracted Chinese
term, termj*, are computed as follows:

dij � tfij � log�N

dfj
� wj� (2)

dij* � tfij* � log� N

dfj*
� wj*� (3)

where tfij is the term frequency of English term, termj, in
document pair, doc_pairi, dfj is the document frequency of

FIG. 2. Mutual information, I(c1,c2), of each pair of adjacent characters.
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English term, termj, wj is the length of English term, termj,
tfij* is the term frequency of Chinese term, termj*, in doc-
ument pair, doc_pairi, dfj* is the document frequency of
Chinese term, termj*, and wj* is the length of Chinese term,
termj*.

The term that occurs more frequently indicates itself as a
good descriptor of the document. On the other hand, the
term that occurs frequently on many documents implies
itself as a general term that does not has any specific
meaning. Therefore, a term, which has a high tfij and low dfj,
corresponds to a good keyword of the documents. Besides,
multiple-word terms convey more precise semantic mean-
ings; therefore, they are also assigned with heavier weights.

For each document pair, doc_pairi, five English terms
and five Chinese terms that have the highest dij and dij*,
respectively, are selected as inputs to the co-occurrence
analysis and Hopfield network to generate the cross-lingual
thesaurus.

3.2 Co-occurrence Analysis

The co-occurrence analysis measures the similarities be-
tween the extracted terms in either English or Chinese from
the English/Chinese parallel corpus. Based on the idea that
relevant terms often co-occur in the same document pair, the
co-importance weights and relevance weights are computed
using the statistics of term frequencies and inverse docu-
ment frequencies.

The co-importance weight, dijk, between term j and term
k in document pair, doc_pairi, are computed as follows,
where term j and term k can be English terms (termj and
termk) or Chinese terms (termj* and termk*):

dijk � tfijk � log N/dfjk (4)

where tfijk is the minimum of tfij and tfik in document pair,
doc_pairi, and dfjk is the document frequency of both term
j and term k

The relevance weights between term j and term k is then
computed as follows:

Wjk �

�
i�1

N

dijk

�
i�1

N

dij

and Wkj �

�
i�1

N

dijk

�
i�1

N

dik

(5)

where N is the number of document pairs.
The relevance weights between term j and term k are

asymmetric. If term j is more significant then term k in the
parallel corpus (�i�1

N dij � �i�1
N dik), then Wjk is less than

Wkj. That means, the more significant term will have less
influence to the less significant term. For example, given the
term “Tung Chee Hwa” (the Chief Executive of Hong Kong
Special Administrative Region), we expect to include the

relevant and significant term such as “Chief Executive” into
the concept space of “Tung Chee Hwa”. However, we do
not expect to include the relevant but much less significant
term such as “Hong Kong” into the concept space of “Tung
Chee Hwa”. If the less significant terms are also included to
the concept space, the training of the Hopfield network may
not converge because the concept space may continuously
expand until it includes a large collection of relevant and
irrelevant terms.

Given the relevance weights between the terms extracted
from the parallel corpus, their associations can be modelled
as an association network. The nodes of the network repre-
sent the extracted terms in either Chinese or English and the
bi-directional arcs represent the relevance weights between
the corresponding terms. Figure 3 illustrates such an asso-
ciation network.

3.3 Hopfield Network

The Hopfield network can be considered as a nonlinear
associate memory or content-addressable memory. The ob-
jective of Hopfield network is to retrieve a pattern (concept
space) stored in memory in response to the presentation of
an incomplete or noisy version of that pattern (Haykin,
1994). The content-addressable memory is error-correcting
that overrides inconsistent information in the cues presented
to it.

The Hopfield network, as an associate memory, maps a
fundamental memory, ��, onto a stable point, s�, of a
dynamic system. When a pattern containing partial but
sufficient information about one of the fundamental mem-
ories is presented to the network, the pattern is represented
as a starting point in the phase space. The system will then
evolve with time and eventually converge onto the memory
state. The operation of the Hopfield network has two phases,
the storage phase and the retrieval phase. In the storage
phase, the synaptic weight from neuron j to neuron k, Wjk,
are generated. In the retrieval phase, activation of neurons
will be applied until convergence.

To generate the cross-lingual thesaurus, the Hopfield
network models the associate network as illustrated in Fig-
ure 3 and transforms a noisy pattern into a stable state
representation. The synaptic weights in the storage phase

FIG. 3. Associate network of extracted terms from the parallel corpus.
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are generated by the co-occurrence analysis. In the canon-
ical Hopfield Networks, if two nodes behave similarly in a
sample pattern, the weight between these nodes is usually
adjusted with a higher value. Similarly, the relevance
weights that computed by Equation (5) are assigned as the
synaptic weights since the relevance weights correspond to
how these nodes are strongly associated. The higher the
relevance weights between two terms, the stronger the cor-
responding nodes are associated. In the retrieval phase, a
searcher starts with an English term. The Hopfield network
spreading activation process will identify other relevant
English term and gradually converge toward heavily linked
Chinese term through association (or vice versa).

The Hopfield network algorithm is briefly described as
follows:

1. Assigning Connection Weights

Each neuron is assigned a Chinese or English term and
the relevance weights are considered as synaptic weight.

2. Initialization:

ui�0� � xi, 0 � i � n � 1

ui(t) is the output of neuron i at time t. xi indicates a value
of neuron i where xi has a value between 0 and 1. xi � 1 if
xi represents the input term; otherwise, xi � 0. n is the
number of terms in the Hopfield network

3. Activation and Iteration

uj �t � 1� � fS� �
i�0

n�1

Wijui�t�� , 0 � j � n � 1

where

fs�x� �
1

1 � exp ���x � 	j�

	0
� .

Wij is the synaptic weight from node i to node j n is the
number of terms in the Hopfield network 	j is a threshold 	0

is a variable to adjust the shape of the sigmoid function, fs(x)

4. Convergence

Repeat Process 3 until the change in terms of output in
the output layer between two iterations is less than 
.

�
j�0

n�1

��j�t � 1� � �j�t��2 � �.

4. Experiments

In this paper, we have conducted an experiment to mea-
sure the performance of the automatic generation of cross-
lingual thesaurus based on a parallel corpus in law. There
are two major focuses in the experiment:

(1) Evaluation of the general performance of the concept
space clustering in terms of precision and recall.

(2) Investigation of the precision/recall of the English and
Chinese terms in the concept space provided that the
input terms are in different languages.

4.1 Experiment Testbed

Both English and Chinese were established as the official
languages of Hong Kong for the purposes of communica-
tion between the Government and the public with the pas-
sage of the Official Languages Ordinance since 1974. How-
ever, before 1987, the statute law is enacted in the English
language only under the British Hong Kong Government.
The need for the production of an authentic Chinese version
of Hong Kong’s written law was officially brought about by
the Sino-British Joint Declaration on the Question of Hong
Kong signed in 1984. The Joint Declaration provided that
“in addition to Chinese, English may also be used in organs
of government and in the courts in the Hong Kong Special
Administrative Region (HKSAR)”. In 1986, the Hong Kong
Royal Instructions were amended to allow laws to be en-
acted in English or Chinese. In 1990, the Basic Law of the
HKSAR promulgated that, in addition to the Chinese lan-
guage, English may also be used as an official language by
the executive authorities, legislature and judiciary of the
HKSAR. The Law Drafting Division of the Department of
Justice is responsible for preparing the two language texts of
all ordinances and subsidiary legislation introduced by the
Government. Based on this history background, legal doc-
uments are usually provided in both English and Chinese
nowadays in Hong Kong. However, information about
Hong Kong legal and justice on the World Wide Web may
not be available in both English and Chinese. Therefore,
searching across the language boundary is desired and au-
tomatic cross-lingual thesaurus is helpful for such tasks.

In the experiment, a parallel corpus was collected from
Bilingual Laws Information System (BLIS) of Department
of Justice of HKSAR (http://www.justice.gov.hk). BLIS is a
Web-based system of Chinese and English version of the
Laws of Hong Kong. The parallel English-Chinese docu-
ments originated before 1987 are based on overt translation,
where the English documents are the source and the Chinese
documents are translated. However, the parallel English/
Chinese documents originated after 1987 are based on co-
vert translation. Totally, 1241 document pairs were col-
lected. The size of the parallel corpus is 11.6MB with
7.6MB of Chinese documents and 4MB of English docu-
ments.

Term extraction as described in Section 3.1 was per-
formed on the parallel corpus. There are 154 extracted
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segments in each document pair on average. The most
significant five English terms and five Chinese terms were
selected from each document. There are totally 5171 unique
terms selected from the parallel corpus with 3172 English
terms and 1999 Chinese terms.

Co-occurrence analysis and the Hopfield Network-based
concept space clustering of 5171 terms was performed after
term extraction. A machine with 2 processors, 256 MB of
RAM, MS SQL Server 6.5 running as database backend and
JDK1.1.7 was used to process the concept clustering. The
whole process, including term extraction, co-occurrence
analysis, and Hopfield network, took about 100 hours to
complete.

4.2 Size of Concept Space Retrieved by Hopfield Network

Table 3 shows the distribution of the size of cross-lingual
concept space generated from 5171 terms. More than half of
the terms generated a concept space of less than 10 terms.
However, there are over 16% of terms generated a concept
space of over 14 terms and some of them even have 40
terms in the concept space.

Since the synaptic weights are asymmetric in the Hop-
field Networks, the convergence is not guaranteed. Among
the terms (16%) that generated a concept space of over 14
terms, about one third of them do not converge. Since
convergence does not occur, the size of the concept space
continuous to increase, but we stop the iterations when the
size of the concept space reaches 40. Any terms that are
added to the concept space, after 40 terms are retrieved, are
mostly irrelevant to the input term. Careful evaluation of the
characteristics of the input terms, where convergence does
not occur, shows that general input terms are usually diffi-
cult to converge. For instance, “Hong Kong” and “Ordi-
nance” are general terms in the parallel corpus. Many terms
are added to the concept space in a few iterations and the
size of the concept space continuous to grow.

For each input term, there are Chinese and English terms
retrieved by the Hopfield Network. Since there are signifi-
cant differences between Chinese and English language, it is
desired to identify if there is any significant difference in the

retrieval of number of English terms and Chinese terms by
the Hopfield Network when the input terms are of different
languages. Figure 4 shows that the average number of
Chinese and English members of the retrieved terms. T-tests
have been conducted to measure their significance of dif-
ference as shown in Table 4. It shows that if the size of the
retrieved term is less than or equal to thirteen, the number of
retrieved Chinese terms and retrieved English terms is ap-
proximately the same. However, if the size of the retrieved
term is over fourteen and the input term is Chinese, the
number of retrieved Chinese terms is significantly (signifi-
cant level of 10%) larger than the number of the retrieved
English terms.

Chinese and English are two languages with significant
differences in their structure and grammar. English is a
phonographic language where each English word has one or
more independent meanings. For instance, “bank” may refer
to a place of business for the custody, loan, exchange, or
issue of money or the rising ground bordering of a lake,
river, or sea. However, Chinese is based on pictographs
where each Chinese character (ideograph) can perform as a
word with unique meaning or function as an alphabet form-
ing a short word with specific meaning. Spacings are reli-
able word boundaries for English; however, segmentation
of Chinese sentences relies on dictionary and word frequen-
cies in the corpus. Therefore, as shown in Table 1, the
number of unique terms extracted in English is significantly
higher than that in Chinese. However, as shown in Table 4,
there is no significant difference in the number of English
and Chinese members obtained for different size of concept
space retrieved no matter the input terms are English or
Chinese except when the size of concept space is over 14
and the input term is Chinese. As a result, the number of
available English and Chinese terms in the Hopfield Net-
work does not affect the number of retrieved English and
Chinese terms in the concept space. When the size of
concept space is over 14, the significance difference in the
number of English and Chinese members obtained may due
to high percentage of training without convergence.

4.3 Experiment Methodology

Ten students of the Department of Law at the University
of Hong Kong, who were studying Postgraduate Certificate
in Laws (PCLL), were taken as the subjects of the experi-
ment. They evaluated the performance of concept space

TABLE 1. Statistics of Bilingual Laws Information System (BLIS).

Number of English/Chinese document pairs 1241
Size of parallel corpus 11.6 MB
Size of English documents 4 MB
Size of Chinese documents 7.6 MB

TABLE 2. Statistics of extracted English and Chinese terms from the
parallel corpus.

Number of English and Chinese terms extracted totally 5171
Number of English terms 3172
Number of Chinese terms 1999

TABLE 3. Distribution of size of cross-lingual concept space.

Size of concept space Distribution Cumulative distribution

2 17% 17%
3–5 22% 39%
6–9 23% 62%

10–13 22% 84%
14 or over 16% 100%
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clustering based on their professional knowledge in the laws
of Hong Kong. Since the parallel corpus we study here is a
specific domain in law, we select the subjects with adequate
knowledge in the usage of English and Chinese terms in the
laws of Hong Kong SAR without much demographical
difference. There are two sessions of evaluation. In the first
session, subjects are asked to judge the relevance of the
terms returned by the Hopfield Network to the randomly
selected input terms. In the second session, subjects are
asked to make suggestions of relevant terms given the
randomly selected terms. The randomly selected terms in
these two sessions are two distinct sets of terms. Therefore,
the subjects did not see the returned terms from the Hopfield
network before they made any suggestion of relevant terms
for the randomly selected terms nor did they suggest any
relevant terms before they judged the relevance of the
returned terms from the Hopfield Network for any randomly
selected terms.

In the first session, 50 terms were randomly selected as
the inputs of the Hopfield Network. Each term together with
the retrieved terms by the Hopfield Network was listed one
by one to our subjects. A small portion (10% of total
number of retrieved terms) of noise terms was added to the
concept space in order to reduce bias of the subjects to the
computer-generated result. The subjects were asked to use

their professional knowledge to determine whether the re-
trieved terms are relevant to the input term. The subjects
were also asked to mark the retrieved term if it is the direct
translation of the input term. The average precision of the
terms was calculated and recorded.

Precision � Number of relevant retrieved terms /

Number of retrieved terms

In the second session, 50 terms were randomly selected
and presented to the subjects. The subjects were asked to
suggest the relevant terms according to their experience in
the laws of Hong Kong. The concept spaces generated by
the Hopfield Network are compared with the subjects sug-
gested terms and the average recall of the concept space was
calculated and recorded.

Recall � Number of relevant retrieved term /

Number of term suggested by subjects

4.4 Experimental Results

4.4.1 Measurement of the reliability of interjudge agree-
ment. In this study, inter-rater reliability is applied to eval-
uate the reliability of the subjects’ agreement on precision
and recall of the concept space clustering by the Hopfield
Network. Cohen’s Kappa (�), with a range between 0 and
1 to represent the strength of agreement, is utilized as the
measurement (Cohen, 1960).

K �
Po � Pc

1 � Pc

where
Po is the observed percentage of agreement
Pc is the expected percentage of agreement

FIG. 4. Average number of members in English and Chinese for different concept space size and language of input terms.

TABLE 4. T-tests between the number of members in English and
Chinese for different size of concept space and language of input term.

Size of concept space Input term p-value

3–5 English 0.323
3–5 Chinese 0.576
6–9 English 0.767
6–9 Chinese 0.209

10–13 English 0.719
10–13 Chinese 0.812
14–41 English 0.126
14–41 Chinese 0.053
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� equals to 0.896 and 0.823 in the first session and the
second session, respectively. It shows a substantial reliabil-
ity of agreement among the subjects. In particular, 97% of
the noise terms are rejected by the subjects in the first
session and 82% of the terms suggested by the subjects in
the second session are the same.

4.4.2 Precision and recall. Figure 5 shows the result of
precision against the size of the concept space. As the
number of the retrieved terms increases, the precision de-
creases. The precision is over 90% given that the number of
retrieved term is less than two. If the number of retrieved
terms is less than six, the precision is up to 80% in average.
As the size of concept space continues to increase, the
precision may not be acceptable any more.

Due to the significant grammatical and lexical difference
between English and Chinese languages, the term frequen-
cies and document frequencies of the English and Chinese
terms in the parallel corpus may affect the synaptic weights

in the Hopfield Network and hence affect the precision and
recall of the retrieved concept space. Several situations may
occur in translation between English words and Chinese
words due to lexical differences. One word in English may
be translated into one word in Chinese, or several words in
English may be translated into one word in Chinese or vice
versa. In some cases, some words are not translated from
English to Chinese at all, or a word in English may not be
always translated in the same way in Chinese or vice versa.
In other cases, a word in English may be translated into
morphological or syntactic phenomena rather than a word in
Chinese or vice versa. Grammatical differences, such as
word order, redundancy, tense, and voice, may also affect
the frequencies of English terms and Chinese terms appear-
ing in the parallel corpus. As a result, it is desired to
determine if such grammatical and lexical differences make
a significant difference in the precision and recall of the
English and Chinese terms in the concept space retrieved by
the Hopfield Network.

Figure 6 shows the precision of the retrieved English and
Chinese terms. If the input term is English, the precision of

FIG. 5. Precision of concept space with different sizes.

FIG. 6. Precision of concept space with different size and language of input terms.

TABLE 5. T-tests between the precision of the retrieved English terms
and Chinese terms for different sizes of concept space and languages of
input term.

Size of concept space Input term p-value

3–5 English 0.220
3–5 Chinese 0.582
6–9 English 0.069
6–9 Chinese 0.052

10–13 English 0.128
10–13 Chinese 0.024
14–41 English 0.495
14–41 Chinese 0.591
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the retrieved Chinese terms is always higher than the num-
ber of the retrieved English term. Similar results are ob-
served if the input term is Chinese. That means the precision
of the retrieved terms in the opposite language is always
higher than the precision of the retrieved terms in the same
language. T-tests have been conducted to measure their
significance of difference as shown in Table 5. It shows that
if the size of the retrieved term is less than or equal to five
but greater than two or greater than or equal to 14, the
precision of retrieved Chinese terms and retrieved English
terms has no significant difference. However, if the size of
the retrieved terms is between six and thirteen and the input
term is Chinese, the precision of retrieved Chinese terms is
significantly (significant level of 10%) higher than the pre-
cision of the retrieved English terms. If the size of the
retrieved term is between six and nine and the input term is
English, the precision of the retrieved English term is sig-
nificantly (significant level of 10%) higher the precision of
the retrieved Chinese term. In addition, for the 50 randomly
selected input terms, over 80% of them obtain the direct
translation of the retrieved terms. The translation ability of
the concept space generated by the Hopfield network is
promising.

Figure 7 shows the recall of the retrieved concept space.
As the number of concept space increases, the recall in-
creases from 22% to 92%. Similar to the result of precision
as shown in Figure 6, the recall of the opposite language of
the input term is always higher than the recall of the same
language.

Based on the results of the experiment, we find that the
automatic cross-lingual English/Chinese thesaurus built by
the Hopfield network has good translation ability. For most
of the unknown terms that do not appear in the dictionary
(such as Tung Chee Hwa, and Basic Law), it is able to
retrieve the direct translation no matter whether the input
term is English or Chinese. Besides, the capability of re-

trieving the relevant terms in the opposite language of the
input term is always higher than retrieving the relevant
terms in the same language of the input term.

5. Conclusion

Cross-lingual information retrieval systems are de-
manded as the multilingual information increases exponen-
tially on the World Wide Web. Such demands are signifi-
cant especially in an international city like Hong Kong,
where both English and Chinese are official languages in the
government, legislation, and many other business areas.
Unfortunately, the amount of research work in cross-lingual
information retrieval across the European and Oriental lan-
guages is significantly less than that across different Euro-
pean languages. The traditional dictionary-based approach
has been widely used in cross-lingual information retrieval
research; however, such approach limits the uses of vocab-
ulary. Automatic construction of cross-lingual concept
space relaxes such limitation. In this paper, we present the
automatic construction of an English/Chinese thesaurus us-
ing the Hopfield network. The parallel corpus collected
from the BLIS of the Department of Justice of the HKSAR
Government is used as the test bed. The result of the
experiment proves that the performance of automatic con-
struction of a cross-lingual thesaurus by the Hopfield net-
work is promising. Given the input term, if the number of
retrieved terms is less than six, it can achieve up to 80%
precision on average. Over 80% are able to retrieve the
direct translation of the input term. It is also interesting to
find that the precision and recall of the terms retrieved in the
opposite language is always higher than the terms retrieved
in the same language of the input term. Such an automati-
cally generated cross-lingual thesaurus is a promising tool
for cross-lingual information retrieval.

FIG. 7. Recall of concept space with different sizes.
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