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Abstract

We consider here the problem of Base Noun
Phrase trand ation. We propose a new method
to perform the task. For a given Base NP, we
first search itstrand ation candidates from the
web. We next determine the possible
tranglation(s) from among the candidates
using one of the two methods that we have
developed. In one method, we employ an
ensemble of Naive Bayesian Classifiers
constructed with the EM Algorithm. In the
other method, we use TF-IDF vectors aso
constructed with the EM  Algorithm.
Experimental results indicate that the
coverage and accuracy of our method are
significantly better than those of the baseline
methods relying on existing technol ogies.

1. Introduction

We address here the problem of Base NP
trandlation, in which for a given Base Noun
Phrase in a source language (e.g., ‘information
age’ in English), we are to find out its possible
translation(s) in a target language (e.g., ‘{5 G
£’ in Chinese).

We define a Base NP as a simple and
non-recursive noun phrase. In many cases, Base
NPs represent holistic and non-divisible concepts,
and thus accurate translation of them from one
language to another is extremely important in
applications like machine trandation, cross
language information retrieval, and foreign
language writing assi stance.

In this paper, we propose a new method for
Base NP trand ation, which contains two steps: (1)
trandlation candidate collection, and (2)
translation selection. In trandation candidate
collection, for a given Base NP in the source
language, we look for itstrans ation candidatesin
the target language. To do so, we use a
word-to-word translation dictionary and corpus
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data in the target language on the web. In
trandation selection, we determine the possible
translation(s) from among the candidates. We use
non-parallel corpus data in the two languages on
the web and employ one of the two methods
which we have devel oped. In the first method, we
view the problem as that of classification and
employ an ensemble of Naive Bayesian
Classifiers constructed with the EM Algorithm.
We will use ‘EM-NBC-Ensembl€e’ to denote this
method, hereafter. In the second method, we view
the problem as that of calculating similarities
between context vectors and use TF-IDF vectors
a so congtructed with the EM Algorithm. We will
use ‘EM-TF-IDF to denote this method.

Experimenta results indicate that our method
is very effective, and the coverage and top 3
accuracy of trandation at the fina stage are
91.4% and 79.8%, respectively. The results are
significantly better than those of the baseline
methods relying on existing technologies. The
higher performance of our method can be
attributed to the enormity of the web data used
and the employment of the EM Algorithm.

2. Related Work

21 Trandation with

Corpora

Non-par allel

A draightforward approach to word or phrase
tranglation isto perform the task by using parallel
bilingual corpora (e.g., Brown et al, 1993).
Parallel corpora are, however, difficult to obtain
in practice.

To deal with this difficulty, a number of
methods have been proposed, which make use of
relatively easily obtainable non-parallel corpora
(e.g., Fung and Y ee, 1998; Rapp, 1999; Diab and
Finch, 2000). Within these methods, it is usually
assumed that a number of trandlation candidates
for a word or phrase are given (or can be easily
collected) and the problem is focused on
translation selection.



All of the proposed methods manage to find out
the trandation(s) of a given word or phrase, on
the basis of the linguistic phenomenon that the
contexts of a tranglation tend to be similar to the
contexts of the given word or phrase. Fung and
Yee (1998), for example, proposed to represent
the contexts of a word or phrase with a
real-valued vector (e.g., a TF-IDF vector), in
which one element corresponds to one word in
the contexts. In trandation selection, they select
the translation candidates whose context vectors
arethe closest to that of the given word or phrase.

Since the context vector of the word or phrase
to be trandated corresponds to words in the
source language, while the context vector of a
translation candidate corresponds to words in the
target language, and further the words in the
source language and those in the target language
have a many-to-many relationship (i.e,
translation ambiguities), it is necessary to
accurately transform the context vector in the
source language to a context vector in the target
language before distance calculation.

The vector-transformation problem was not,
however, well-resolved previoudy. Fung and
Y ee assumed that in a specific domain there is
only one-to-one mapping relationship between
words in the two languages. The assumption is
reasonablein aspecific domain, but istoo strictin
the general domain, in which we presume to
perform trandlation here. A straightforward
extension of Fung and Yee's assumption to the
general domain is to restrict the many-to-many
relationship to that of many-to-one mapping (or
one-to-one mapping). This approach, however,
has a drawback of losing information in vector
transformation, as will be described.

For other methods using non-parallel corpora,
see also (Tanaka and lwasaki, 1996; Kikui, 1999,
Koehn and Kevin 2000; Sumita 2000; Nakagawa
2001; Geo et al, 2001).

2.2 Trandlation Using Web Data

Web is an extremely rich source of data for
natural language processing, not only in terms of
data size but aso in terms of data type (e.g.,
multilingual data, link data). Recently, a new
trend arisesin natural language processing, which
triesto bring some new breakthroughsto thefield
by effectively using web data (e.g., Brill et d,
2001).

Nagata et a (2001), for example, proposed to
collect partial paralld corpus data on the web to
creaste a trandlation dictionary. They observed
that there are many partial parallel corpora
between English and Japanese on the web, and
most typically English trandations of Japanese
terms (words or phrases) are parenthesized and
inserted immediately after the Japanese terms in
documents written in Japanese.

3. Base Noun Phrase Translation

Our method for Base NP translation comprises of
two steps: trandation candidate collection and
translation selection. In trandation candidate
collection, we look for translation candidates of a
given Base NP. In trandation selection, we find
out possible translation(s) from the tranglation
candidates.

In this paper, we confine ourselves to
tranglation of noun-noun pairs from English to
Chinese; our method, however, can be extended
to trandations of other types of Base NPs
between other language pairs.

3.1 Trandgation Candidate Collection

We use heuristics for translation candidate
collection. Figure 1 illustrates the process of
collecting Chinese trandlation candidates for an
English Base NP ‘information age’ with the
heuristics.

1. Input ‘information age’;
2. Consult English-Chinese word trandation dictionary:
information -> 1% &
age -> - (how old somebody is)
4L (historical era)
14T (legal adult hood)
3. Compositionally create trandation candidates in
Chinese:
15 B A5 BHAR; 15 BT
4. Search the candidates on web sites in Chinese and
obtain the document frequencies of them (i.e., numbers
of documents containing them):
fr FUF4X 10000
fr BAF# 10
5 BT 0
5. Output candidates having non-zero document
frequencies and the document frequencies:
{5 B 4K 10000
5 BAF# 10

Figure 1. Trandation candidate collection



3.2 Trandation Selection --

EM-NBC-Ensemble

We view the tranglation selection problem as that
of classification and employ EM-NBC-Ensemble
to perform the task. For the ease of explanation,
we first describe the algorithm of using only
EM-NBC and next extend it to that of using
EM-NBC-Ensemble.

Basic Algorithm

Let & denote the Base NP to be transated and C
the set of its trandation candidates (phrases).
Suppose that|C|=k . Let ¢ represent a random
variable onC . Let E denote a set of words in
English, and C a set of words in Chinese.
Suppose that |[E|=m and |C|=n . Let e
represent a random variable on E and ¢ arandom

variable on C. Figure 2 describes the algorithm.
Input: €, c , contexts containing € , contexts containing all
coc:

1. creste a frequency vector (f(g),f(e,). L, (&),
g OE, (i =1L, m) using contexts containing e;

transforming the vector into (f_(c), f.(c,),L, f=(c,)),
¢UOC,(i=1L,n), using a trandlation dictionary
and the EM & gorithm;

2.for each (S OC ){
estimate with Maximum Likelihood Estimation the prior

probability P(C) using contexts containing al ¢ [ C:
creste a frequency vector (f(q),f(c) L f(c,),
¢,0C, (i =1L.,n) using contexts containing C ;
normalize the frequency vector , yielding
(P(|€).P(c, |©). L, PG, |€)).G OC,( =1L,n);
cal culate the posterior probability P(C | D) with EM-NBC
(generally EM-NBC-Ensemble), where
D =(fe(c), fe(c,), L, fe(c,)). ¢ UC,(i=1L,n)
3.Sort € 0C in descending order of P(E | D);
Output: the top sorted results

phrase. We can easily obtan the data by
searching for them on the web. Actualy, the
contexts contai ning the candidates are obtained at
the same time when we conduct transation
candidate collection (Step 4 in Figure 1).

EM Algorithm
We define a relation between E and C
asROExC, which represents the links in a
trandation dictionary. We further define
M. ={el(ec)UR.

At Step 1, we assume that al the instances in
(f(g),f(&),...f(e,)) are independently generated
according to the distribution defined as:

P() =D P(O)P(elc) 1)
cc

We estimate the parameters of the distribution by
using the Expectation and Maximization (EM)
Algorithm (Dempster et d., 1977).

P(c)P(e]c)
2. P(e)P(e]c)

coc

P(c) - > f(e)P(c|e)

elE

E - Step P(cle) ~

M - Step

f(e)P(cle)
2 f(e)P(cle)

elE

P(e|c) «

Figure 2. Algorithm of EM-NBC-Ensemble

Context I nfor mation

Asinput data, we use ‘ contexts' in English which
contain the phrase to be translated. We also use
contexts in Chinese which contain the trandation
candidates.

Here, a context containing a phrase is defined
as the surrounding words within a window of a
predetermined size, which window covers the

Figure 3. EM Algorithm
Initially, wesetforall cOC

P(elc) =1 IT¢]
0, ifedr,

Next, we estimate the parameters by iteratively
updating them, until they converge (cf., Figure 3).
Findly, we calculate f_(c) foral cOC as:

e (0) =P f(e) @

In this way, we can transform the frequency
vector in English (f(g),f(e)....f (g,))into a vector

in ChineseD=(fc(c), fe(Cy),...fe(G,)

Prior Probability Estimation

At Step 2, we approximately estimate the prior
probability P(C) by using the document
frequencies of the trandation candidates. The

data are obtained when we conduct candidate
collection (Step 4 in Figure 1).




EM-NBC

At Step 2, we use an EM-based Naive
Bayesian Classifier (EM-NBC) to select the
candidates ¢ whose posterior probabilities are
the largest:
argmax P(€ | D)
coc

- _ 3
= ar~g[nax(log P@©)+> fc(c)logP(c| c)]

cic
Equation (3) is based on Bayes rule and the
assumption that the data in D are independently
generated fromP(c|c),cOC.

In our implementation, we use an equivalent
argn)ir{—alogP(E) - fe(c)log P(c|6)j 4
coc coc

where a =1is an additional parameter used to
emphasize the prior information. If we ignore the
first term in Equation (4), then the use of one
EM-NBC turns out to select the candidate whose
freguency vector is the closest to the transformed
vector D in terms of KL divergence (cf., Cover
and Tomas 1991).

EM-NBC-Ensemble

To further improve performance, we use an
ensemble (i.e, a linear combination) of
EM-NBCs (EM-NBC-Ensemble), while the
classifiers are constructed on the basis of the data
in different contexts with different window sizes.
More specifically, we calculate

~ 1S~
PEID) =<2 P(EID)) ()
i=1
whereD,, (i =1,L,s) denotes the data in different
contexts.

3.3 Trandation Selection -- EM-TF-IDF

We view the translation selection problem as that
of caculating similarities between context
vectors and use as context vectors TF-IDF
vectors constructed with the EM Algorithm.
Figure 4 describes the algorithm in which we use
the same notations as those in
EM-NBC-Ensemble.

The idf value of a Chinese word cis calculated
in advance and as

idf (c) = —log(df (c)/F) (6)
where df( ¢ ) denotes the document frequency of
c and F the total document frequency.

Input: e, 6 , contexts containing €, contexts containing
dl goc,idf(c),cOC;
1. create a frequency vector (f(g),f(e,),L, f(&),
e JE,(i=1L,m) using contexts containing € ;
transforming the vector into ( f_(c ),f.(c, )L, f(c,)).
¢OC,(=1L.n), using a tranglation dictionary and

the EM algorithm;
create a TF-IDF vector

A=(fe(q)idf(q) L, fe(6,)idf(G)), ¢, O C, (i =1L, n)

2.for each (COC ){
create a frequency vector  (f(c), f(c,),L, f(c,)),
¢ OC,(i =1,L,r) using contexts containing ¢ ;
create a TF-IDF vector
B=(f(q)idf(q )L, f(c,))idf(c,)) ¢, 0 C,(i =1, ,n):
calculate tfidf(c) = cos(A,B); }
3.Sort ¢ 0 C indescending order of tfidf( € );

Output: the top sorted results

Figure 4. Algorithm of EM-TF-IDF

3.4 Advantage of Using EM Algorithm

The uses of EM-NBC-Ensemble and EM-TF-IDF
can be viewed as extensions of existing methods
for word or phrase translation using non-parallel
corpora. Particularly, the use of the EM
Algorithm can help to accurately transform a
frequency vector from one language to another.
Suppose that we are to determine if “{5 &I}
{1 isatrandation of ‘information age’ (actually
it is). The frequency vectors of context words for
‘information age’ and ‘{5 B A aregivenin A
and D in Figure 5, respectively. If for each
English word we only retain the link connecting
to the Chinese trandation with the largest
frequency (a link represented as a solid line) to
establish a many-to-one mapping and transform
vector A from English to Chinese, we obtain
vector B. It turns out, however, that vector B is
quite different from vector D, athough they
should be similar to each other. We will refer to
this method as *Magjor Translation’ hereafter.
With EM, vector A in Figure 5 is transformed
into vector C, which is much closer to vector D,
as expected. Specifically, EM can split the
frequency of a word in English and distribute
them into its trandations in Chinese in a
theoretically sound way (cf., the distributed
frequencies of ‘internet’). Note that if we assume
a many-to-one (or oneto-one) mapping
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Figure 5. Example of frequency vector transformation

relationship, then the use of EM turns out to be
equivalent to that of Mgor Trand ation.

3.5 Combination

In order to further boost the performance of
translation, we propose to also use the trandation
method proposed in Nagata et a. Specificaly, we
combine our method with that of Nagata et al by
using a back-off strategy.

1. Input ‘information asymmetry’;
2. Search the English Base NP on web sites in Chinese
and obtain documents asfollows (i.e., using partial parallel
corpora):
NEITERIE O#) REEE GRATRR A N
N T BV ZAMBEGEE A T RefE R,
N Y NP T o S i < N A i S
(information asymmetry) .
3. Find the most frequently occurring Chinese phrases
immediately before the brackets containing the English
Base NP, using a suffix tree;
4. Output the Chinese phrases and their document
frequencies:
15 BAXTHE B
{5 R %KM 5

Figure 6. Nagata et a’s method
Figure 6 illustrates the process of collecting
Chinese trandation candidates for an English
Base NP ‘information asymmetry’ with Nagata et
al’s method.

In the combi nation of the two methods, we first
use Nagata et a’s method to perform trandation;
if we cannot find trandations, we next use our
method. We will denote this strategy ‘ Back-off’.

4. Experimental Results

We conducted experiments on trandation of the
Base NPs from English to Chinese.

We extracted Base NPs (noun-noun pairs) from
the Encarta® English corpus using the tool
developed by Xun et a (2000). There were about

1 http://encarta.msn.convDefault.asp

3000 Base NPs extracted. In the experiments, we
used the HIT English-Chinese word translation
dictionary?. The dictionary contains about 76000
Chinese words, 60000 English words, and
118000 trand ation links. As aweb search engine,
we used Google (http://www.google.com).

Five ftrandation experts evaluated the
translation results by judging whether or not they
were acceptable. The evaluations reported bel ow
are all based on their judgements.

4.1 Basic Experiment

In the experiment, we randomly selected 1000
Base NPs from the 3000 Base NPs. We next used
our method to perform trandlaion on the 1000
phrases. In trandation selection, we employed
EM-NBC-Ensemble and EM-TF-IDF.

Table 1. Best tranglation result for each method

Accuracy (%) Coverage

Topl Top3 (%)
EM-NBC-Ensemble 61.7 80.3
Prior 57.6 77.6
MT-NBC-Ensemble 59.9 78.1
EM-KL-Ensemble 459 72.3

EM-NBC 60.8 789 899
EM-TF-IDF 619 80.8
MT-TF-IDF 58.2 77.6
EM-TF 55.8 77.8

Table 1 shows the results in terms of coverage
and top n accuracy. Here, coverage is defined as
the percentage of phrases which have trandations
selected, while top n accuracy is defined as the
percentage of phrases whose selected top n
translationsinclude correct trand ations.

For EM-NBC-Ensemble, we set the g in (4) to
be 5 on the basis of our preliminary experimental
results. For EM-TF-IDF, we used the non-web
data described in Section 4.4 to estimate idf
values of words. We used contexts with window
Sizesof +1, £3, £5, 7, +9, +11.

2 The dictionary is created by the Harbin Institute of Technology.
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Figure 7. Trangdlation results

Figure 7 shows the results of
EM-NBC-Ensemble and EM-TF-IDF, in which
for EM-NBC-Ensemble ‘window size' denotes
that of the largest within an ensemble. Table 1
summarizes the best results for each of them.

‘Prior and ‘MT-TF-IDF are actualy
basdline methods relying on the existing
technologies. In Prior, we seect candidates
whose prior probabilities are the largest,
equivalently, document frequencies obtained in
translation candidate collection are the largest. In
MT-TF-IDF, we use TF-IDF vectors transformed
with Major Trandation.

Our experimental results indicate that both
EM-NBC-Ensemble and EM-TF-IDF
significantly outperform Prior and MT-TF-IDF,
when appropriate window sizes are chosen. The
p-values of the sign tests are 0.00056 and 0.00133
for EM-NBC-Ensemble, 0.00002 and 0.00901
for EM-TF-IDF, respectively.

We next removed each of the key components
of EM-NBC-Ensemble and used the remaining
components as a variant of it to perform
translation selection. The key components are (1)
distance calculation by KL divergence (2) EM, (3)
prior probability, and (4) ensemble. The variants,
thus, respectively make use of (1) the basdine
method ‘Prior’, (2) an ensemble of Naive
Bayesian Classifiers based on Mgjor Translation
(MT-NBC-Ensemble), (3) an ensemble of
EM-based KL  divergence  calculations
(EM-KL-Ensemble), and (4) EM-NBC. Figure 7
and Table 1 show the results. We see that
EM-NBC-Ensemble outperforms al of the
variants, indicating that all the components
within EM-NBC-Ensemble play positive roles.

We removed each of the key components of
EM-TF-IDF and used the remaining components
asavariant of it to perform trandation selection.
Thekey componentsare (1) idf valueand (2) EM.

The variants, thus, respectively make use of (1)
EM-based frequency vectors (EM-TF), (2) the
baseline method MT-TF-IDF. Figure 7 and Table
1 show the results. We see that EM-TF-IDF
outperforms both variants, indicating that al of
the components within EM-TF-IDF are needed.

Comparing the results between
MT-NBC-Ensemble and EM-NBC-Ensemble
and the results between MT-TF-IDF and
EM-TF-IDF, we see that the uses of the EM
Algorithm can indeed help to improve transation
accuracies.

Table 2. Sample of trandlation outputs

Base NP Translation
calciumion BT
Elsie:s
adventure tale iR
B kit
lung cancer Jits
aircraft carrier WYV S=IN
) * IR
adult literacy * AR

Table 2 shows trand ations of five Base NPs as
output by EM-NBC-Ensemble, in which the
tranglations marked with * were judged incorrect
by human experts. We anayzed the reasons for
incorrect trang ations and found that the incorrect
translations were due to: (1) no existence of
dictionary entry (19%), (2) non-compositional
tranglation (13%), (3) ranking error (68%).

4.2 Our Method vs. Nagata et al’s M ethod
Table 3. Trandation results

0,
Accuracy (%) Coverage (%)
Top1l Top3
Our Method 61.7 80.3 89.9
Nagataetal’'s 72.0 76.0 10.5

We next used Nagata et a’s method to perform
trandation. From Table 3, we can see that the
accuracy of Nagata et a’s method is higher than
that of our method, but the coverage of it islower.
The results indicate that our proposed Back-off
strategy for translation isjustifiable.

4.3 Combination

Table 4. Trandation results

Accuracy (%) Coverage
Topl Top3 (%)
Back-off (Ensemble) 62.9 79.7 914
Back-off (TF-IDF) 62.2 79.8 '

In the experiment, we tested the Back-off strategy,
Table 4 shows the results. The Back-off strategy



helps to further improve the results whether
EM-NBC-Ensemble or EM-TF-IDF is used.

4.4 Web Data vs. Non-web Data

To test the effectiveness of the use of web data,
we conducted another experiment in which we
performed trandation by using non-web data
The data comprised of the Wall Street Journd
corpus in English (1987-1992, 500MB) and the
People’s Daily corpus in Chinese (1982-1998,
700MB). We followed the Back-off strategy asin
Section 4.3 to trandate the 1000 Base NPs.
Table5. Trandation results

Accuracy (%) | Coverage

Dat
é Topl | Top3 (%)

Web (EM-NBC-Ensemble) 62.9 79.7 914

Non-web (EM-NBC-Ensemble) 56.9 74.7 79.3
Web (EM-IF-IDF) 62.2 79.8 914
Non-web (EM-TF-IDF) 515 714 785

Theresultsin Table 5 show that the use of web
data can yield better results than non-use of it,
although the sizes of the non-web data we used
were considerably largein practice. For Nagata et
a’s method, we found that it was amost
impossible to find partial-parallel corporain the
non-web data.

5. Conclusions

This paper has proposed a new and effective
method for Base NP transation by using web
dataand the EM Algorithm. Experimenta results
show that it outperforms the baseline methods
based on existing techniques, mainly due to the
employment of EM. Experimental results aso
show that the use of web data is more effective
than non-use of it.

Future work includes further applying the
proposed method to the translation of other types
of Base NPs and between other language pairs.
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