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Abstract
We carried out a comparison of cross-language retrieval methods on the NTCIR-1 data based on dimension reduction (latent semantic indexing). These methods all use a collection parallel documents (translations or approximate translations) and very little, if
any, linguistic knowledge. In NTCIR-1, we compared
latent semantic indexing, local LSI, and approximate
dimensional equalization (ADE). We found that local
LSI and ADE performed the best on this collection and
were comparable to the best performing systems reported elsewhere. We also ran ADE on the NTCIR-2
and found it fared considerably less well.
Keywords: Cross-language retrieval, approximate dimension equalization, latent semantic indexing, local
LSI.

1 Introduction
Cross-language information retrieval (CLIR) is the
problem of using ad-hoc queries in one language to retrieve documents in another language. Its importance
has increased enormously in recent years because the
information super-highway is reachable from virtually all over the world. The key to enable retrieval
of documents in a language different from that of the
queries is to establish word associations across those
languages. Corpus-based IR systems achieve this by
learning from bilingual parallel corpora, where corresponding documents in two collections are translations of each other or are on the same or related subjects. Vector-based dimension-reduction methods represent parallel documents as vectors in high dimensional space and “translate” words from one language
into another by performing matrix computations. The
advantage of these methods over others such as machine translation is that they use little, if any, linguistic knowledge. In our experiments, we compared latent semantic indexing (LSI), approximate dimension
equalization (ADE), and local LSI on NTCIR-1 data.
Our results submitted to NTCIR-2 were obtained with

ADE.

2 Retrieval Methods
We compared a number of different vector-based
retrieval methods, described in this section.

2.1 Latent Semantic Indexing
When using the original monolingual latent semantic indexing (LSI) [3], we first create a term–document
matrix from the training corpus in the same way as
in the vector space model [12]. We then use singular
value decomposition (SVD) [5] to factor into three
parts
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where  and  are unitary matrices (i.e.,  '
( and  ) ( ) whose columns are the left and
the right singular vectors of  ,  is a diagonal matrix whose diagonal elements are non-negative and arranged in descending order, and * is the rank of  . The
values   + are known as the singular values of
 , and are the square roots of the eigenvalues of  
and , . The first - ( -/.0* ) columns of  and 
and the - largest singular values of  together are the
training matrix for LSI:
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We call ,1 the reduced-dimensional form of  . The
LSI retrieval formula is then
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where F7HGIC9:" represents the similarity between a
document and a query, 9 = is the vector representation
of document 9 , and : = is the vector representation of
document : .
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Extending the idea of LSI into cross-language retrieval, we compute the SVDs of the matrices and
of the parallel training corpora, and use their reduceddimensional form:
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NNote that this formulation is different from the original cross-language LSI formulation by Landauer and
Littman [8]. Their cross-language LSI formula uses
a training matrix computed from the matrix that combines aligned documents from both training corpora
into single documents:
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Compared to this traditional application of LSI, our
approach computes two separate SVDs of smaller matrices. This is certainly more useful when the combined matrix becomes too large to analyze via SVD.

2.2 Generalized Vector Space Method
The generalized vector space model (GVSM) [14],
also known as “the dual space” approach [13], is a
method that captures term–term correlations from the
documents (or matching document pairs, in the case of
cross-language retrieval) they co-occur in. Matching
the vector elements in and rows of by the terms
they represent,
transforms into a new vector
whose elements correspond to the documents in the
training collection. The query vector can also be
transformed by in the same way. Then, the query–
document similarity is measured between the transformed vectors:

 9=

9=
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where the []\^[ matrix L
has a nonzero value in
its row _ and column ` if and only if there is a document in  that contains both the _ -th and ` -th terms.
GVSM-ML

The extension of GVSM to cross-language IR was
proposed by Yang et al. [16]. Using a bilingual collection for training, two matrices and
are formed,
where
is a term–document training matrix in the
language of the retrieval documents, and is a parallel term–document training matrix in the language
of the queries. While the number of unique terms in
the two languages are different, the number of documents in the training collection is the same, and are
represented by the corresponding columns of
and
. Thus, when document is transformed by and
query by , we can compute their inner product:
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2.3 Approximate Dimension Equalization
Approximate dimension equalization (ADE) [7] is
a new method that mimics the effect of LSI with fewer
computed singular vectors (i.e., a smaller in Equation 1). This approximation algorithm is based on the
consistent pattern observed from the distribution plots
of singular values of many text collections—that the

-

first few decrease sharply in magnitude and the middle majority stay relatively flat before a final drop. It
turns out that we can take advantage of this so-called
low-rank-plus-shift structure of the document matrix
and use SVD and some matrix computations to create
a new training matrix :

ba 1
,a 12d,c 1Ieg f 1 /h) f 1 ,1Z
where c 1 is a matrix formed by the left and right singular vectors of  without the middle singular values:
c 1  1 %1 
and 1 is the - -th singular values of  . A detailed

mathematical analysis of ADE and its training matrix
is given elsewhere [7], which we will not repeat here.
matrix is that it it flattens
But, the basic idea of this
out the first very large singular values in the original
matrix , thus making itself to be like
with a very
large
.
ADE’s monolingual and cross-language retrieval
formulae are similar to those of LSI except for the
training matrix (matrices):
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Experimentally, ADE have been shown to improve
on LSI and inch close to VSM every time with a limited number of dimensions. ADE becomes especially
useful in cross-language retrieval, where VSM is not
applicable; it obtains state-of-the-art results on some
of the standard test collections [7].

2.4 Local LSI
Local LSI [6] is a powerful method that combines
a sampling approach to reducing the expense of SVD
computation in LSI and the effectiveness of local feedback approaches [15]. Local feedback is an automated version of the relevance feedback method [10],
wherein the top-ranked documents from an initial
query-document match are “added” to the query vector for further retrieval. Basically, for each query, this
method selects the top-ranked documents from an initial retrieval, computes the SVD space of this “focused” sample collection, and runs the retrieval again
with the query mapped in the new space. For crosslanguage retrieval, we simply run the query against the
training collection, and the top-ranked parallel training
documents will be used for SVD computation. Note
that the initial retrieval step is monolingual and can
be achieved with any known retrieval method. In our
experiments, we used the simplest and most efficient
method: VSM.
In local feedback approaches, one of the most important issues is to figure out the number of top-ranked

ndocuments to be used for feedback, because some topranked documents may not be truly relevant and thus
provide a negative effect in further retrieval. The local LSI approach deals away with this problem: it lets
SVD to figure out the relevance of the terms and documents in the feedback collection, be they positive or
negative.

in each language, close to the size of the ntc1-e1 collection. We used only one-fourth, or 45,372 documents, of the parallel corpora for actual LSI and ADE
training. We then applied the SMART ntc weighting
on the training corpora, which was effective in our previous experiments on other collections:
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3 Results
We used the 332,918-document Japanese collection
(“ntc1-j1”) and 187,080-document English collection
(“ntc1-e1”) for our cross-language experiments. We
used both the 30 training and the 53 test topics and
both types of relevance judgments (“rel1” and “rel2”)
to demonstrate consistency in our results and simplify
comparison with published results.
In processing the documents in both languages, we
extracted the text from the title, abstract, and keyword fields. The English documents were stemmed
and stop-word removed through the SMART system,
which resulted in 208,276 unique terms. The Japanese
text is coded in EUC, or Extended UNIX Code, which
represents each character in Japanese by two bytes.
To process the Japanese documents with our programs that handle only ASCII characters, we converted each two-byte Japanese character into a fourcharacter “word” in ASCII. With no stemming or stopword removal, the converted Japanese collection has
130,777 unique “words.” We then indexed both collections with the SMART Lnu weighting:

fevepoFqBo8q4CrxwZtsyu" s ur" \z f  {bh slope"V\ pivot e
f
slope \ # of unique terms 
where s u is term frequency, slope is some constant (we

set it to 0.2), and pivot is the average number of unique
terms across the entire collection [1].
For the topics, we extracted the title, description,
narrative, and concept fields to form the queries. We
discarded the concept words in English and acronyms
from topics 0031–0083 as they contains both Japanese,
English, and acronym concept fields. The Japanese
queries were also converted into ASCII; they were
then indexed with SMART ltn weighting:
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where is the number of documents in the collection
and
is the document frequency of the term.
We extracted parallel documents from the J and E
collections for training. Matching documents were
identified by the same document ID numbers at the beginning of a Japanese and an English document. The
resulting parallel collections have 181,485 documents

is the “nt” part, and “c” means the above value will be
normalized by the document length for each term.
The matrices created have 33,553 Japanese terms
and 84,554 English terms. It took an SGI computer
with four MIPS R10000 2.5 processors and 2 gigabytes of RAM approximately 9.5 hours to compute
1,400 SVD dimensions (4% of the full dimensionality and 85% of the total variance) from the matrix of
Japanese documents, and 13 hours to compute 1,200
dimensions (3% of the full dimensionality and 54% of
the total variance) from the matrix of the English collection.
For local LSI, we used top-50 documents returned
from initial VSM retrieval in monolingual runs, and
set the feedback size to 100 in cross-language runs.

3.1 NTCIR-1
The results of monolingual and cross-language LSI,
ADE, and local LSI retrieval are shown in Table 1.
The monolingual results are indicative of what each
method is capable of: while LSI is not as effective
as VSM when the collection size is large due to the
limited dimension, ADE closes the gap between them
with the same number of computed dimensions; the
performance improvement of local LSI over VSM was
not all that great, but this is consistent with the findings
of Sakai et al. [11] on using local feedback on the same
collection.
In cross-language retrieval, it is clear that local LSI
appears to greatly outperform other two methods. We
were also very interested in the results of ADE in comparison with other published results that used language
specific tools such as a bilingual dictionary or a machine translation system. Here, we take a closer look.
Oard and Wang [9] from the University of Maryland
used the freely available “edict” Japanese/English dictionary to automatically translate the queries and obtained an average precision of 0.1534 (compared to
ADE’s score of 0.1703) for the 39 test queries with
the same extracted topic fields as ours. Results by
Sakai et al. [11] at Toshiba R&D Center—“Toshiba”
in Table 1—are 0.2910 in 11-point average precision
for the 21 training queries and 0.1820 for the 39 test
ones with an automatic machine translation system.
While their scores are higher than ours (0.1734 in 11point average precision) for the training queries, their
test query results are actually lower than the 11-point

MLIR

CLIR

CLIR
Published

VSM
LSI
ADE
Local LSI
LSI
ADE
Local LSI
UMD
Toshiba
ULIS
Berkeley

AvgP
AvgP
AvgP
AvgP
AvgP
AvgP
11pt AP
AvgP
AvgP
11pt AP
11pt AP
AvgP

topic0001–0030
rel1
rel2
0.3452 0.3295
0.2555 0.2569
0.2807 0.2795
0.3530 0.3315
0.1327 0.1375
0.1554 0.1606
0.1734 0.1783
0.2620 0.2581
–
–
0.2910
–
–
0.1930
–
–

topic0031–0083
rel1
rel2
0.2601 0.2870
0.2413 0.2702
0.2576 0.2874
0.2643 0.2923
0.1162 0.1322
0.1703 0.1898
0.1870 0.2043
0.2383 0.2568
0.1534
–
0.1820
–
–
–
–
0.1925

Table 1. Monolingual and cross-language results of VSM, LSI, ADE, and local LSI on the
NTCIR-1 collection

average precision of 0.1870 that we obtained from
ADE. This may be partially due to the fact that they
tuned the dictionary of their MT system for the training queries by adding new phrases into it. Fujii and
Tetsuya [4] at the University of Library and Information Science in Japan used a compound word translation method with a bilingual dictionary on NTCIR1. They achieved an 11-point average precision of
0.1930 with the first 21 queries and “rel2” judgments
(shown in the row labeled “ULIS” in Table 1). Our result of 0.1783 is obtained with similar settings except
for the topic fields being used for query—they used
only the description. Finally, one of the best sets of
results reported in the First NTCIR Workshop was by
Chen et al. [2]. With non-interpolated average precisions as high as 0.3755 for the 39 test queries, they
achieved their results with a bilingual lexicon that was
built from aligning and matching Japanese and English
keyword fields in NACSIS documents. Their pure MTbased run had an average precision of 0.1925 with rel2
judgments on the 39 test topics (shown in the row labeled “Berkeley” in Table 1); our result at 0.1898 is
close with similar fields selected from the topics and
the documents for indexing.

In summary, all the published results discussed here
were obtained with the incorporation of certain type
of language-specific knowledge; for example, the ability to perform word segmentation on Japanese queries
is needed for the machine translation system to work.
On the contrary, we accomplished comparable results
with ADE merely by unigram indexing; this clearly
demonstrates the ability of ADE, or if possible, a highdimension LSI, to derive term associations and translations from bilingual corpora.

J to E
E to J

rel1
0.0724
0.0829

rel2
0.0686
0.0773

Table 2. Cross-language results of ADE
at NTCIR-2.

3.2 NTCIR-2
For NTCIR-2, we participated in the cross-lingual
IR tasks E-J and J-E. The retrieval collection consists of four collections—ntc2-e0g, ntc2-e0k, ntc2-j0g,
ntc2-j0k—in addition to ntc1-j1 and ntc1-e1. Due to
time constraints, we did not extract parallel documents
from the new collections for LSI and ADE training;
we still used those 45,372 parallel ones as described
above. The documents were tokenized in the same
way as in NTCIR-1, and we used the description field
of the topics to form the queries.
Our results in NTCIR-2 are not as good as we had
hoped, as shown in Table 2. This could be because
of the smaller number of fields used in queries, a mismatch between the parallel documents derived from
the NTCIR-1 collection and the NTCIR-2 corpus, or
some other possibility we have not yet been able to
identify.

4 Conclusion
Through NTCIR, we have gained valuable experience in cross-language retrieval between English and
Japanese. We were encouraged by the performance
of ADE and local LSI in NTCIR-1 and disappointed
in ADE’s performance in NTCIR-2. A more systematic comparison, including testing methods other than
ADE, on the NTCIR-2 collection is warranted.
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