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ABSTRACT

Integrating information in multiple natural languagesis a
challenging task that often requires manually created lin-

guistic resourcessuch as a bilingual dictionary or examples
of direct translations of text. In this paper, we propose
a general cross-lingual text mining method that does not
rely on any of these resources,but can exploit comparable
bilingual text corpora to discover mappings between words
and documerts in di eren t languages. Comparable text cor-
pora are collections of text documents in di eren t languages
that are about similar topics; such text corpora are often
naturally available (e.g., newsarticles in di erent languages
published in the sametime period). The main idea of our
method is to exploit frequency correlations of words in di er-

ent languagesin the comparable corpora and discover map-
pings betweenwords in di erent languages. Such mappings
can then be usedto further discover mappings betweendoc-
uments in di eren t languages,achieving cross-lingual infor-
mation integration. Evaluation of the proposed method on
a 120MB Chinese-English comparable news collection shows
that the proposedmethod is e ectiv e for mapping words and
documents in English and Chinese. Since our method only
relies on naturally available comparable corpora, it is gen-
erally applicable to any language pairs as long as we have
comparable corpora.

Categories and Subject Descriptors:
tion Searc and Retrieval]: Text Mining

General Terms: Algorithms

Keyw ords: Cross-lingual text mining, comparable corpora,
frequency correlation, document alignment
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1. INTRODUCTION

As more information becomesavailable online, we have
also seen more and more information in dierent natural
languagessudh as English, Spanish, and Chinese. The web
today consists of documents in many dierent languages.
For a user who is interested in nding information from all
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the documents in dierent languages,it would be very use-
ful if we could integrate related information in multiple lan-
guages[1].

Currently, cross-lingual information integration is often
achieved through performing cross-lingual information re-
trieval(CLIR) [17], which allows a userto retrieve documents
in language A with a query in languageB. Most CLIR tech-
niques rely on manually created linguistic resources such
as a hilingual dictionary or examples of direct translations
of words and documernts [16]. Such resourcesmay not al-
ways be available, especially for minorit y languages;in such
a case,how to perform cross-lingual information integration
would be a signi cant challenge. In this paper, we proposea
cross-lingual text mining method that can exploit compara-
ble bilingual text corpora to perform cross-lingual informa-
tion integration without requiring any additional linguistic
resources.

Comparable text corpora are collections of text documents
in dierent languagesthat are about the same or similar
topics. For example, news articles published in the same
time period tend to report the sameimportant international
everts in various topics such aspolitics, business,scienceand
sports. Such data are naturally available to us, soit would
be very interesting to study how to exploit them to perform
cross-lingual information integration. Even when we have
manually created clean bilingual resourcessuch as a bilin-
gual dictionary, it may still be desirableto exploit such com-
parable corpora for two reasons: (1) New words and phrases
are constartly introduced and it would be hard to keep up-
dating a dictionary to include them all. Approachessuch as
what we proposein this paper can potentially be usedto ac-
quire translation knowledge about such new words/phrases
from comparable corpora and help lexicographers update
dictionaries. (2) Since comparable corpora are additional
resources,we may expect to achieve better performance by
combining the exploitation of comparable corpora with that
of a bilingual dictionary .

We frame the problem of cross-lingual information in-
tegration as one involving mapping or linking words and
documents in dierent languages. While comparable cor-
pora have beenstudied extensively in the existing literature
(e.g.,[6, 10, 15,5, 2, 8, 13]), almost all existing work assumes
somekind of bilingual dictionary or translation examplesto
start with. We study how to map words and documents
from comparable bilingual corpora without requiring any ad-
ditional linguistic resourcessuch as a bilingual dictionary .

Our basicideais to exploit the fact that the frequency dis-
tributions of topically related words in dierent languages



are often correlated due to the correlated coverage of the
same events. For example, the earthquake and sea surge
disaster that happened recertly in Asia has been covered
in the news articles in many di erent languages. We can
thus expect to seea recert peak of words such as \earth-
quake", \India", and \Indonesia" in news articles published
in multiple languages. In general, we can expect that top-
ically related words in dierent languagestend to co-occur
together over time. Thus if we have available comparable
news articles over a su cien tly long time period, it is in-
tuitiv ely possible to exploit such correlations to learn the
assciations of words in di erent languages.

The general idea of exploiting frequency correlations to
acquire word translations from comparable corpora has al-
ready beenexplored in seweral previous studies (e.g., [6, 10,
15]). However, none of them has adopted a direct compari-
son of frequency distributions of candidate words as we do;
rather they tend to compute the assaiations between the
words in the same language and then compare assaiation
patterns in two di eren t languages. Our idea and the over-
all approach appear to be more similar to the method used
in [7], but there the task is aligning sertences in parallel
corpora.

With the word mappings, we can then try to match doc-
uments in two dierent languages based on how well the
words in each documert are correlated. We proposefour dif-
ferent methods for computing cross-lingual document simi-
larity, including a baseline expected correlation method, an
IDF-w eighted correlation method, a TF-IDF method, and a
translation model method. These methods allow us to per-
form cross-lingual document retrieval as well as linking the
most strongly correlated documents together.

We evaluated our methods on a 120MB Chinese-English
news report corpus for both word assaiation mining and
document assaiation mining. The results show that our
method can discover meaningful word mappings and can
generate meaningful document alignments for information
integration. The top ranked word pairs show various kinds
of interesting asscaiations betweenwords in the two di eren t
languages. The document alignment results have a high
precision of 0.8 at a cuto of 100, meaning that 80% of
the document pairs among the top 100 matching results are
correctly matched.

The rest of the paper is organized as follows. In Sec-
tion 2, we discussour data set. In Section 3 and Section 4,
we presert our methods for word assaiation mining and
document assaiation mining respectively. The experiment
results are reported in Section 5, and we summarize our
work in Section 6.

2. DATA SET

The comparable corpora we experiment with are 6 months'
of news articles of Xinghua English and Chinese newswires
dated from June 8, 2001 through November 7, 2001. There
are altogether 43488 documernts in Chinese and 34751 doc-
uments in English. The average document length is 204.6
words. In this data set, there are many articles in English
that have some comparable Chinese articles.

An example of comparable news articles is given in Fig-
ure 1 the same international swimming championship in
English and Chinese, respectively. While these two arti-
cles are from the same newswire source, and they cover
the same event, they are not translations of eat other.

However, some words in the two articles are clearly trans-
lations of each other. For example, the Chinese transla-
tions of \swimming", \W orld Swimming Championships",
and \Men's 400M Freestyle Heats" all occur in the Chinese
documernt. (They are underlined.)

World Swimming Championships Schedule ...

9th FINA world swimming championships here on Sunday ...
9:00, Men's 50M Freestyle Heats

Women's 100M Breaststrok e Heats

Men's 400M Freestyle Heats

Women's 400M Individual Medley Heats

Men's 100M Backstrok e Heats

400 400
4X100

Figure 1: A fragmen t of an English article (top) and
a comparable Chinese fragmen t (b ottom) about an
international swimming championship

3. MINING CROSS-LINGUAL WORD AS-
SOCIATIONS

In this section, we presert our method for mining cross-
lingual word assaiations. Our main idea is based on the
obsenation that words that are translations of ead other
or about the sametopic, tend to co-occur in the comparable
corpora at the same/similar time periods. Thus if we have
some large comparable corpora available, it is intuitiv ely
possibleto exploit such correlations to learn the assaiations
of words in di erent languages.

To seeif our intuition can be supported empirically, in
Figure 2, we compare the frequency distribution (over time)
of Megawati with that of its Chinese tranlation \

" (left) and with that of another randomly chosen Chinese
name (\Arafat") (right). We seethat the distributions of
the English \Megawati" and its Chinese translation indeed
look very similar with a high correlation of 0.855, while the
distributions of \Megawati" and the Chinese translation of
\Arafat" are quite di eren t with a correlation of only 0.0324.
These plots show that we can indeed expectto nd semarti-

cally relevant mappings betweenwords in di eren t languages
by exploiting frequency correlations. We can thus represen

each word with a frequency vector and scoreead candidate
pair of words (in di eren t languages)by the similarit y of the
two frequency vectors.

Formally, suppose we have available comparable corpora
C= f(s1;t1);::;(sn;tn)g, where s; and t; are a set of doc-
uments assaiated with an anchor point of \i" in language
A and language B, respectively. Let x (or y) be a source
(target) word in language A and language B, respectively.
We usec(x; si) (or c(y;ti)) to denote the counts of x (or y)
in s; (or ti). The raw frequency vectors for x and y are thus
(c(x; s1); = c(x; sn)) and (c(y;t1);::; c(y;tn)), respectively.

In order to make the frequency vectors more comparable
acrossdi eren t languages,it is desirable to normalize a raw
frequency vector sothat it becomesa frequency distribution
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2: Megawati vs. its Chinese translatioin

over all the time points. That is, we divide all the counts
by the sum of all the counts over the ertire time period.
Such a normalized frequency distribution would allow us
to focus on the relative frequency on di erent days, which
is presumably more comparable acrossdi erent languages
than the original non-normalized counts.

Let x = (X1;::5Xn) and ¥ = (y1;::5; yn) bethe normalized
frequency vectors for x and y, respectively, where

Xi = Pinc()(; ) yi = Pinc(y;ti)
o (X s)) =1 cyity)

In order to compute the similarit y betweenx and ¥ (or word
x and word y), we use the Pearson's correlation coe cien t,
which is a commonly used statistic measurede ned as
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Using this correlation similarit y measure,we can scoreevery
word in language A against every word in language B to
obtain a matrix of correlations. Such word-level mappings
can support a user to retrieve words in language A with
a word in language B, providing some limited support of
navigation acrosslanguages. Moreover, the mappings can
also be used to discover matched documents between the
two languages,which we discussbelow.

4. MINING CROSS-LINGUAL DOCUMENT
ASSOCIATIONS

We can score how well a document d; in language A
matches a document d; in language B by computing a sim-
ilarit y score s(di;d;) basedon how strongly correlated the
words in d; and those in d, are. Technically, many di eren t
methods are possible. A natural baseline method is to com-
pute the expected correlation between any word in d; and
any word in d, i.e.,

s(ds; d2) r(x; y)p(xjdi)p(yjdz)
x2dqy2d;

X c(x; d1) c(y;d
x2dq;y2dsp 101 162

jdij and jd»j are the lengths of di and d», respectively. We
call this method Expected Correlation (ExpCorr ). Clearly,
ExpCorr assigns a weight to every matching word pair

Freq. Distribution
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(left) and a random Chinese name (Arafat) (righ t).

based on the corresponding correlation and penalizes long
documents due to the naturally high chancesof matching,
which are both reasonable.

One de ciency of ExpCorr , however, is that it does not
distinguish a common word (e.g., \sport") from a more dis-
criminativ e word (e.g., \swimming"). Intuitiv ely, matching
a common word is a weaker evidence for content matching
betweenthe two documents than matching a more discrim-
inative word. A commonly used heuristic in information
retrieval is to assignan InverseDocument Frequency (IDF)
weight to eac word, which penalizes popular (thus non-
informativ ) words [14]. In our case,we assaiate an IDF
weight for a matching pair (x; y), which is de ned as

IDF(x;y) = IDF(X)IDF(y);

where | DF (w) = log %vlv), and d (w) is the number of doc-

uments in a languagethat contains word w, often called the
documernt frequency of a word.

Adding IDF weighting to ExpCorr , we obtain the follow-
ing IDF-weighted Correlation method (IDF Corr ):

c(x; d1) c(y; d2)
jdij  jd2j

s(di; dz) = IDF (X y)r(xy)
x2dgyy2dp

In both ExpCorr and IDF Corr , the similarit y scoregrows
linearly to the count of a word in the document. However,
intuitiv ely, having one extra match after matching a word
100times doesnot add so much extra evidence as matching
the word the rst time. We thus would like to have the
similarit y scoreto grow sub-linearly according to the count
of a matching word. Again, in information retrieval, many
formulas have been proposedto heuristically normalize the
count of words to achievethis e ect. A popular and e ectiv e
method is the BM25 term frequency normalization method
[11, 12]. According to this formula, the normalized count of
word w in document d is given by

kic(w; d)
c(w;d) + ki(1 b+ b—19 )

Av gD ocLen

BM 25(w;d) =

where ki and b are parameters and AvgD ocLen is the aver-
age documernt length. In our experiments, we set k; = 1.2
and b= 0:75, which are the recommended default settings.

The BM25 weighting formula provides an alternativ e way
of normalizing the count of a word, so BM 25(x; d1) and
BM 25(y;d2) can e ectiv ely play the same role as p(xjdi)



and p(yjdz2), possibly with more reasonably normalization
of the counts. Thus we use BM 25(x; d1) and B M 25(y; d2)
to replace p(xjdi) and p(yjdz), respectively, in the
IDF Corr approach to obtain the following formula, which
we refer to as BM25 Correlation (BM25Corr ).

s(di;d2) = IDF(x; y)r(x; y)BM 25(x; d1)BM 25(y; d2)
x2dyy2dyp

Finally , motiv ated by the language modeling approach to
information retrieval [9, 17], we can also use the correlation
between words to estimate a word translation model t(xjy)
[3] as t(xjy) = &L With this translation model, we

. ;

can de ne the similarity betweend; and d, asthe likelihood
of \generating" d; with a model basedon d,. That is,

s(dy;dp) = c(x; d1) log p(xjd2)
x2djp
= c(x; di)l(T ) p(yid2)t(xjy) + p (XjC)]
x2dq y
where is a smoothing parameter to introduce a back-

ground language model p(xjC) for modeling the noise (com-
mon words) in d; and p(yjdz) is the relative frequency of
word y in do, i.e., p(yjdz) = U2 118, 19]. p(xjC) can be

c(xs i)

estimated as p(xjC) = 13—03:1[1—C(Xm We refer this one as
CorrT rans. )

5. EXPERIMENTS

We use the data set described in Section 2 to evaluate
the proposedword and document mapping methods. The
documents published on the sameday are aligned together;
there are altogether 148 days. In order to support e cien t
computation of word correlations, we usethe Lemur toolkit
to index all the documernts in the comparable corpora.

5.1 Mining word associations

Ideally, we can compute the correlation between every
word in English and every word in Chinese. However, this
involvesa huge number of combinations. Sincenot all words
are interesting to match (e.g., common functional words are
not interesting for the purposeof information integration),
we use the following heuristics to signi cantly reduce the
space.

1. We rst compute the entropy [4]pof a word in eadh
language using the formula H (w) = . P(tjw) log p(tjw),
where p(tjw) is the normalized frequency of word w at time
point t (i.e., a day).

2. Wethen Iter out the high entropy words. Theseare usu-
ally frequent words asthey tend to occur in everyday's news
articles. The highest entropy is log(148), which is about 5,
and we used a cuto of 4:8.

3. We further Iter out those words with an overall low
frequency with a cuto of 10. These words are rare, so their
correlations may not be reliable.

In Table 1, we show the top 38 pairs with the highest
correlations in the whole corpora along with their correla-
tions, most of which are extremely high quality matchings.
Many numbers are correctly aligned based on the dates in
the news articles in the two di eren t languages. There are
also somedirect translations of months, such as\august" vs.
8. They are clearly learned from the month information in
the newsarticles; in Chinesenewsarticles, August is written

English x Chinese y | r(x,y) English x Chinese y | r(x,y)
26 26 0.929 octob er 10 0.875

31 31 0.920 25 25 0.875

23 23 0.918 27 27 0.873

22 22 0.917 19 19 0.873

28 28 0.916 2008 0.870

16 16 0.915 apec 0.865

21 21 0.913 swimming 0.862

d 0.907 17 17 0.859
august 8 0.907 july 7 0.857
septem ber 9 0.902 terror 0.855
30 30 0.895 12 12 0.855

24 24 0.895 apec APEC 0.852
afghan 0.886 terror 0.850
18 18 0.883 20 20 0.848
afghanistan 0.882 terrorism 0.846
14 14 0.880 games 0.841
2008 2008 0.879 taliban 0.839
29 29 0.876 terrorism 0.838
june 6 0.876 m 0.836

Table 1: 38 highest correlated word pairs

with the number 8. The character matching \afghan" and
\afghanistan" is one of the three characters in the Chinese
translation of \Afghanistan" (i.e. ). The character
matching \swimming" is also precisely its Chinese transla-
tion, and the top two characters returned for \terror* are
the exact translation of this word in Chinese(i.e. ). An-
other interesting example is the matching of \APEC" and
\ap ec". Interestingly, from this list, we can also infer that
the two major common themesin this corpora appear to be
sports and terrorism since the best matching words seemto
fall into these two categories. This is an additional benet
of our word assaiation mining algorithm.

Chinese x corr: r(swimming ;X)
(swimming) 0.862
(championship) 0.611
(place name) 0.586
(seconds) 0.567
(medal) 0.544
(diving) 0.532
(semi) 0.527
(score) 0.512
(men) 0.497
(championship) 0.487

Table 2: The 10 Chinese characters most correlated
with \swimming" in English

In Table 2, we show the top 10 Chinese characters asso-
ciated with the English word \swimming" along with their
meanings in English. We seethat almost all the top 10
characters are all closely related to the swimming activities.
Naturally , as we go down the ranking list, the quality of
matching gradually decreases.

5.2 Mining documentassociations

From the obtained word correlations, we select the pairs
with a correlation larger than 0.6, and use these relativ ely
more reliable correlations to match documents between the
two languages. To evaluate the results quantitativ ely, we
selecta sample of represenativ e topics from English by per-
forming word clustering using the simple mixture model
preserted in [20]. We generated 30 clusters in this way.



We then take the top 5 English documents from the three
randomly chosenclusters, to generate 15 seedEnglish doc-
uments. For eac English document, we use the baseline
method ExpCorr to scoreall the Chinesedocumernts of the
same day, the previous day, and the day after, and retrieve
top 20 Chinese documents for eadh English document. We
read these documents and judge whether they are about the
sametopic/theme asthe English seeddocument. The pairs
judged as covering the sametopic are assumedto be correct
mappings. The seed English documents and the retrieved
Chinesedocuments are combined together to form a working
set of documents in both languages,which contains 15 En-
glish documents and 239 Chinese documents . We then use
all the four methods to compute the matching scoresof all
the seedEnglish documents and all the Chinese documents
in the working set, and take the 20 top-rank ed Chinese doc-
uments for eac English seeddocument for evaluation. This
way, we can compare the performances of these four meth-
ods with a controlled sample of the top-rank ed pairs from
the whole corpora.

1
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Figure 3: Alignmen t results on the working set.

Rank Precision at Rank
ExpCorr IDF Corr BM25Corr CorrT rans
3 0 1 1 0.67
5 0.2 1 1 0.8
10 0.6 1 1 0.9
30 0.67 1 0.97 0.77
50 0.42 0.98 0.92 0.48
100 0.27 0.8 0.81 0.5

Table 3: Precision at ranks on the working set.

In Figure 3 and Table 3, we show the precisionsat di eren t
ranks on the working set for the four methods. We seethat
the baseline method ExpCorr performs the worst, while
BM25Corr  performs the best. A comparison between Ex-
pCorr and IDF Corr shows that the incorporation of IDF
weighting signi cantly improves the performance. A com-
parison between IDF Corr and BM25Corr indicates that
the sublinear normalization of TF using BM25 helps fur-
ther improve the front end precision. The translation model
method CorrT rans performs better than the baseline but
substantially worse than both IDF Corr and BM25Corr
We note that both IDF Corr and BM25Corr  show roughly
a monotonically decreasingcurve, suggestingthat the mea-
sures capture the semartic correlation between documents
and a high scoregenerally indicates a more accurate match-
ing. However, ExpCorr and CorrT rans both show slightly
improved precision at the tail, suggestingthat the measures
are not quite accurate. Indeed, for ExpCorr , quite a few
top ranked pairs are non-relevant. The precisions of both

IDF Corr and BM25Corr are as high as 0.8 even at a cut-
o of 100, meaning that among the top 100 pairs, 80% of
them are correct matchings.
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Figure 4: Alignmen t results on the augmen ted set.

Rank Precision at Rank
ExpCorr IDF Corr BM25Corr CorrT rans

3 0 0.67 1 0

5 0.2 0.8 1 0

10 0.6 0.7 1 0

30 0.67 0.73 0.97 0

50 0.4 0.74 0.96 0
100 0.25 0.49 0.86 0

Table 4: Precisions at ranks on the augmen ted set

In order to understand how much bias the working set
might introduce, for each English seed document, we fur-
ther rank all the Chinese documents from the sameday as
the English seed document, the day before, and the day
after. This time, we take the top 50 Chinese documents
for eath English seeddocument and pool them together for
evaluation. The results are shown in Figure 4 and Table 4.
Note that becausewe have not judged all these Chinesedoc-
uments, we assumedany matching with an unjudged docu-
ment to be incorrect. This meansthat the performance we
seeactually represerts a lower bound; the real performance
can only be better.

Comparing Table 3 and Table 4 indicates that the baseline
ExpCorr performs similarly, indicating that the additional
30 Chinese documernts retrieved mostly have not made to
the top pairs. The slight decreasein the precision at rank
50 and rank 100 suggeststhat there may be a couple un-
judged Chinese documents showing up in the top 100 list.
Note that, for the baseline method, these 30 Chinese doc-
uments are unjudged, thus can only decreaseperformance.
The BM25Corr  method also performs similarly; actually
its performance on the larger set is even slightly better at
rank 50 and 100. This suggeststhat the additional 30 Chi-
nesedocuments retrieved may actually contain somecorrect
matchings. Note that, in this case,the additional 30 Chinese
documents may contain judged correct matchings, which are
those documernts that are among the top 20 documents re-
turned using the baseline method, but failed to make to the
top 20 documents by the BM25Corr  method. Thus giving
the BM25Corr  method an opportunit y to retrieve more
results has helped it to improve the performance slightly .

Both IDF Corr and CorrT rans perform worse on the
larger set, indicating that they are not very robust. Indeed,
the precision of CorrT rans is all zeros for all the ranks.
This suggeststhat the method cannot normalize the scores
for di eren t English seeddocument well; asa result, somein-



correct results in the additional 30 Chinese documents may
have turned out to dominate the top pairs.

Comparing the four methods on ranking the augmened
working set, we seethat both IDF Corr and BM25Corr
again perform better than the other two methods, and
BM25Corr s clearly the best method among the four.

6. CONCLUSION AND FUTURE WORK

In this paper, we propose and explore a completely un-
supervised cross-lingual text mining method that can ex-
ploit comparable bilingual corpora to perform cross-lingual
information integration. Our basicidea is to exploit the fre-
quency correlations of words about the same topic to rst
mine word assaiations and then mine document assia-
tions. These assaiations can be usedto integrate multilin-
gual text information and support cross-lingual information
retrieval and navigation, which hasbeenbecomingmore and
more imp ortant due to the rapid growth of multilingual doc-
uments available on the Web. Evaluation of the proposed
method on a 120MB Chinese-English comparable news col-
lection shows that the proposedmethod is e ectiv e for map-
ping words and documerts in English and Chinese.

The most important contribution of our work is that we
have demonstrated the feasibility of mining word and docu-
ment assaiations from comparable corpora without relying

on any additional (manually created) linguistic resources.

To the best of our knowledge, all previous attempts on
cross-lingual information integration rely on some manually
crafted linguistics resourcessuch as a bilingual dictionary or
translation examples. Since our approach does not depend
on such resources, it is more general and robust than the
existing methods.

Although we have shawn promising results with our meth-
ods, our methods can be further improved in seweral ways.
First, we could use the document matching results to in-
duce new alignments for the whole corpora, which can then
be used to improve our computation of word correlations.
The new results of word correlations can be fed back to help
generate improved document alignment. This way, we have
an iterativ e algorithm for mining both word assaiations and
document assaiations. Second,we have treated the whole
document as an information unit. To improve information
integration accuracy, it may be bene cial to alignment doc-
ument segmerts. For example, we can use a sliding window
to seard for the best matching segmerts when matching
two documents. Finally, it would be very interesting to ex-
plore how to design a mixture model that can mine word
asscaiations and document asscaiations simultaneously.
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