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Abstract

The problem of learning a semantic repre-
sentation of a text document from data is
addressed, in the situation where a corpus
of unlabeled paired documents is available,
each pair being formed by a short English
document and its French translation. This
representation can be used either for cross-
linguistic retrieval, or, more generally, as a
part of a mono-linguistic categorisation or
clustering system. By using kernel functions,
in this case simple bag-of-words inner prod-
ucts, each part of the corpus is mapped to a
high-dimensional space. The correlations be-
tween the two spaces are then learnt by using
kernel Canonical Correlation Analysis. A set
of directions is found in the first and in the
second space that are maximally correlated
hence forming a semantic representation of
the data. Since we assume the two repre-
sentations are completely independent apart
from the semantic content, any correlation
between them should reflect some semantic
similarity. Certain patterns of English words
that relate to a specific meaning should cor-
relate with certain patterns of French words
corresponding to the same meaning, across
the corpus. Using the semantic representa-
tion obtained in this way we report positive
results in retrieval of documents, both in a
cross language and in single language setting.
Our results consistently and significantly out-
perform those obtained by LSI on the same
data.

1. Introduction

Most information retrieval methods depend on exact
matches between words in user queries and words in
documents. Such methods will, however, fail to re-
trieve relevant materials that do not share words with
users’ queries. One reason for this is that the stan-
dard retrieval models (e.g. boolean, standard vector,
probabilistic) treat words as if they are independent,
although it is quite obvious that they are not. A cen-
tral theme of latent semantic indexing (LSI) (Deer-
wester et al., 1990) is that term-term interrelationships
can be automatically modeled and used to improve re-
trieval. LSI uses a method from linear algebra, sin-
gular value decomposition (SVD) (Golub & van Loan,
1993), to discover the important associative relation-
ships. It is not necessary to use any external dic-
tionaries, thesauri, or knowledge bases to determine
these word associations because they are derived from
a co-occurence analysis of existing texts. LSI has been
adapted to cross-language retrieval (Littman et al.,
1998). An initial sample of documents is translated
by human or, perhaps, by machine, to create a set
of dual-language training documents. After prepro-
cessing documents a common vector-space, including
words from both languages, is created and then the
training set is analysed in this space using SVD. This
method, termed CL-LSI, will be briefly discussed in
Section 2.

It has been observed, however, that other statisti-
cal and linear algebra methods can provide an im-
proved semantic representation of monolinguistic text
data over LSI (Vinokourov & Girolami, 2001)(Vinok-
ourov & Girolami, 2002). In this study we employ
kernel Canonical Correlation Analysis (KCCA) (Bach
& Jordan, 2001) to learn semantics of text. CCA



finds projections in two distinct feature spaces for
which the resulting values are highly correlated. Our
hypothesis is that finding such correlations between
aligned crosslingual corpus will locate the underly-
ing semantics. The directions would carry informa-
tion about concepts which supposedly stood behind
the process of generation of the text and, although,
they were expressed differently in different languages,
they are, nevertheless, semantically the same thing
and are presented in the same quantity and quality
in both documents of the pairs constituting the dual-
language training corpus. We first apply the method to
crosslingual information retrieval, comparing perfor-
mance with a related approach based on latent seman-
tic indexing (LSI) proposed in (Littman et al., 1998).
Secondly, we treat the second language as a complex
label for the first language document and view the pro-
jection obtained by CL-KCCA as a semantic map for
use in a multilingual classification task with very en-
couraging results.

The KCCA machinery will be given in Section 3 and
in Section 4 we will show how to apply KCCA to text
retrieval with results presented in Section 6.

For additional discussion of kernel methods we refer
the reader to (Cristianini & Shawe-Taylor, 2000).

2. Previous work
2.1 CL-LSI

The use of LSI for cross-language retrieval was pio-
neered by (Littman et al., 1998). LSI uses a method
from linear algebra, singular value decomposition, to
discover the important associative relationships. An
initial sample of documents is translated by human
or, perhaps, by machine, to create a set of dual-
language training documents {z;}Y, = D, and D, =
{y:}Y,. After preprocessing documents a common
vector-space, including words from both languages, is
created and then the training set is analysed in this
space using SVD:

D= ( gz ) =UxvT, (1)

where the i-th column of D corresponds to document
1 with its first set of coordinates giving the first lan-
guage features and second set the second language
features. To ’translate’ a new document (query) ¢
to a language-independent representation one projects
(folds-in) its expanded vector representation ¢ into the
space spanned by the k first eigenvectors Uy:

[ =U{q 2)

The similarity between two documents is measured as
the inner product between their projections. The doc-
uments that are the most similar to the query are con-
sidered to be relevant.

2.2 Full eigenvalue decomposition when
number of terms is too large

To create a full-dimensional LSI-representation, i.e.,
when k equals the number of documents N (we as-
sume that N < M), one has to use a special technique
as one of the dimensions of term-document matrix, the
number of terms, is usually too large to perform the
SVD of the matrix itself (we have to store the M x N
non-sparse eigenvectors’ matrix U in memory). For
example, one can take advantage of the so-called ’ker-
nel trick’ which helps in cases when the number of
data points N is much less than the dimensionality
of the data M. Thus, method, discussed in detail in
(Cristianini et al., 2002), consists in eigenvalue decom-
position of the N x N kernel matrix K = DT D instead
of M x N data matrix D:

K=v2VT = VAV (3)

We hence can find an expression for folding-in new
data ¢ independent of the unknown matrix U. Indeed,
[q] =UTq, U = DVX~! and, consequently,

[q=¢" DV (4)

3. Kernel Canonical Correlation
Analysis

In this study our aim is to find an appropriate
language-independent representation which could as-
sist in multilinguistic information retrieval. Suppose
as for CL-LSI we are given aligned texts in, for sim-
plicity, two languages, i.e., every text in one language
r; € X is a translation of text y; € ) in another
language or vice versa. Our hypothesis is that hav-
ing corpus {z;}¥ , nonlinearly mapped to F, space as
®(z;) and corpus {y;}¥, - to F, as ®(y;) (with K,
and K, being respectively the kernels of the two map-
pings) we can learn (semantic) directions f, € F, and
fy € F, in those spaces so that projections (f;, ®(x))
and (fy, ®(y)) of input data images related to differ-
ent languages onto these directions would maximally
correlate with each other and this would mean that
these projections could be considered as language-
independent representations of the input texts. We
have thus intuitively defined a need for the notion of a
nonlinear canonical F-correlation pr (F = F, x Fy)
(Bach & Jordan, 2001) which is defined as

corr((fz, ®(x)), (fy, 2(y)))

F = max
g (forfy)EF
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We search for f, and f, in the space spanned by the ®-
images of the data points (reproducing kernel Hilbert
space, RKHS (Cristianini & Shawe-Taylor, 2000)):
fo =2, 0®(z0), fy = >, Bm®(Ym). This rewrites
the numerator of (5) as

D (far @) (£, ®(v2))
= 20D B (@), () (B (ym), B(y;)

ij Im

= O[TKzKyﬂ (6)

where a is the vector with components {a;} and f -
the vector with components {8,,}. The problem (5)
can then be reformulated as

'K, K,B3

pF = max —— 4 (7)
b |[Kzall [[Kyp]|

Differentiating the expression under max in (7) with
—_ a
el

respect to «, taking into account that V,||al|
and equating the derivative to zero we obtain

K. KB Kz0||* — o' K, K,fK;a =0 (8)

We note that o can be normalised so that ||K,al| = 1.
Similar operations for 8 yield analogous equations that
together with (8) can be written in a matrix form:

0 K, K, a ) K2 O a
(xik, 67 ) (5)=e (6 & )(5)
(9)
where p is the average per point correlation between
projections (f,, ®(z)) and (f,,®(y)): oTK,K,B.
Equation (9) is known as a generalised eigenvalue
problem

B¢ = pD¢ (10)
where
_ 0] K, K,
B = <KxKy 0] )’ (11)

K2 O a

D g = 12
(5 &) e (3) o
The standard approach to the solution of (10) in
the case of a symmetric D is to perform incomplete
Cholesky decomposition of the matrix D: D = CTC
and define ¢ = C'¢ which allows us, after simple trans-
formations, to rewrite it as a standard eigenvalue prob-
lem C~T"BC~'¢ = ps. As D may be singular due to
the centering, it needs to be regularised:

(K +kI)? 0
D‘( 0 (Ky+kf>2> (13)

where the constant k is chosen to be small enough (e.g.,
0.001 as advised in (Bach & Jordan, 2001)).

It is easy to see that if a or B changes sign in (9), p
also changes sign. Thus, the spectrum of the problem
(9) has paired positive and negative values between —1
and 1 (see Fig. 1).

As the data has to be centered we can compute the
kernel matrix of the centered data (Schélkopf et al.,
1999).

4. Cross-linguistic retrieval with KCCA

To fold-in an incoming query ¢ we expand ¢ into the
vector representation for its language ¢ and project it
onto k canonical F-correlation components:

[ =ATZ"q (14)

using the appropriate vector for that language, where
A is N x k matrix where columns are first solutions
of (9) sorted by eigenvalue in descending order. Here
we assumed that (®(z), ®(q)) is simply 27§ where Z
is the training corpus in the given language:

Z=(mz TN ) (15)

or

Z=(wn v yn ) (16)
5. Using the semantic space in other
applications

The semantic vectors in the given language
W=ZA (17)

can be exported and used in some other application,
for example, Support Vector Machine classification.
We first find common features of the training data used
to extract the semantics and the data used to learn
SVM classifier, cut the features that are not common
and compute the new kernel which is the inner product
of the projected data:

K'(zi,2;) = 2] WWTa; (18)

The term-term relationship matrix WIW7 can be com-
puted only once and stored for further use in the SVM
learning process and classification.

6. Experiments

6.1 Mate retrieval

Following (Littman et al., 1998) we conducted a series
of experiments with the Hansard collection (Germann,



Table 1. Average accuracy of top-rank (first retrieved)
English—French retrieval, %

K 100 200 300 400 FULL
CL-LSI 35+2 5642 673 7442 8442
CL-KCCA 76+3 9141 954+1 9641 89410

Table 2. Average precision of English—French retrieval

over set of fixed recalls (0.1,0.2,...,0.9), %
K 100 200 300 400 FULL
CL-LSI 45+2 bH51+2 5H5x2 H8X2 6447
CL-KCCA 67+1 7841 83+1 8641 8249

2001) to measure the ability of CL-LSI and CL-KCCA
for any document from a test collection in one language
to find its mate in another language. The results are
presented in Tables 1 and 2. In all experiments we
used the simplest kernel: k(z;,z;) = zlz;.  The
whole collection consists of 1.3 million pairs of aligned
text chunks (sentences or smaller fragments) from the
36" Canadian Parliament proceedings. In our exper-
iments we used only the "house debates’ part for which
statistics are given in Table 3. As a testing collection
we used only ’testing 1’. The raw text was split into
sentences with Adwait Ratnaparkhi’s MXTERMINATOR
and the sentences were aligned with I. Dan Melamed’s
GSA tool (for details on the collection and also for the
source see (Germann, 2001)).

The text chunks were split into 'paragraphs’ based on
PRE% delimiters and these 'paragraphs’ were treated
as separate documents. After removing stop-words
in both French and English parts together with rare
words (i.e. appearing less than three times) we ob-
tained 5159 x 12738 term-by-document 'English’ ma-
trix and 5611 x 12738 ’French’ matrix (we also re-
moved a few documents that appeared to be problem-
atic when split into paragraphs). As these matrices
were still too large to perform SVD and KCCA on
them, we split the whole collection onto 14 chunks of
about 910 documents each and conducted experiments
separately with them, measuring the performance of
the methods each time on a 917-document test collec-
tion. The results were then averaged. Only one - mate
document in French was considered as relevant to each
of the test English documents which were treated as
queries and the relative number of correctly retrieved
documents was computed (Table 1) along with aver-
age precision over fixed recalls: 0.1, 0.2, ..., 0.9 (Table

Table 3. Statistics for "House debates’ of the 36! Canadian
Parliament proceedings corpus.

SENTENCE ENGLISH FRENCH

PAIRS WORDS WORDS
TRAINING 948K 14,614k 15,657K
TESTING 1 62K 995K 1067k

2). Very similar results (omitted here) were obtained
when French documents were treated as queries and
English as test documents. Our results for full CL-LSI
are somewhat lower than in (Littman et al., 1998).
This is perhaps due to differences in selection of train-
ing and test documents. In that work one training set
of 982 pairs and one testing set of 1500 pairs were used
to evaluate CL-LSI. For some training chunks (for ex-
ample, for the first one) we observed the performance
similar to that reported in (Littman et al., 1998) but
for some it was quite different. We have also tested the
CL-KCCA method with randomly reshuffled mapping
between French and English documents and observed
accuracy of about 0.15 which is far lower than learning
on the non-random original data. It is worth noting
that CL-KCCA behaves differently from CL-LSI over
the full scale of the spectrum. When CL-LSI only in-
creases its performance with more eigenvectors taken
from the lower part of spectrum (which is, somewhat
unexpectedly, quite different from its behaviour in the
monolinguistic setting), CL-KCCA’s performance, on
the contrary, tends to deteriorate with the dimension-
ality of the semantic subspace approaching the dimen-
sionality of the input data space.

The partial Singular Value Decomposition of the ma-
trices was done using Matlab’s ’svds’ function and
full SVD was performed using the ’kernel trick’ dis-
cussed in the previous section and ’svd’ function which
took about 2 minutes to compute on Linux Pentium
IIT 1GHz system for a selection of 1000 documents.
The Matlab implementation of KCCA using the same
function, ’svd’, which solves the generalised eigenvalue
problem through Cholesky incomplete decomposition,
took about 8 minutes to compute on the same data.

6.2 Pseudo query test

To perform a more realistic test we generated short
queries, which are most likely to occur in search en-
gines, that consisted of the 5 most probable words from
each test document. The relevant documents were the
test documents themselves in monolinguistic retrieval
(English query - English document) and their mates
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Figure 1. Spectrum of correlation p for 1000 English - 1000
French documents corpus.

in the cross-linguistic (English query - French docu-
ment) test. Table 4 shows the relative number of cor-
rectly retrieved as top-ranked English documents for
English queries and Table 5 shows the relative number
of correctly retrieved documents in the top ten ranked.
Tables 6 and 7 provide analogous results but for cross-
linguistic retrieval.

Table 4. English-English top-ranked retrieval accuracy, %

K 100 200 300 400 FULL
CL-LSI 1741 2441 2841 31+1 40+3
CL-KCCA 40+2 55+2 61+£1 64+1 60+6

Table 5. English-English top-ten retrieval accuracy, %

K 100 200 300 400 FULL
CL-LSI 39+1 47+1 5141 5441 6344
CL-KCCA 83%+1 91+1 94+1 94+1 8845

6.3 Text categorisation using semantics
learned on a completely different corpus

The semantics (300 vectors) extracted from the Cana-
dian Parliament corpus (Hansard) was used in Support
Vector Machine (SVM) text classification (Cristian-
ini & Shawe-Taylor, 2000) of Reuters-21578 corpus
(Joachims, 1998) (Table 8). In this experimental set-
ting the intersection of vector spaces of the Hansards,
5159 English words from the first 1000-French-English-
document training chunk, and Reuters ModApt split,
9962 words from the 9602 training and 3299 test doc-
uments had 1473 words. The extracted 300 KCCA
vectors from English and French parts (raw "KCCA’ of
Table 8) and 300 eigenvectors from the same data (raw
'CL-LST’) were used in the SVM'"¢ (Joachims, 2001)
with the kernel (18) to classify the Reuters-21578

Table 6. English-French top-ranked retrieval accuracy, %

K 100 200 300 400 FULL
CL-LSI 16+1 234+1 2742 30+1 40+6
CL-KCCA 28+1 37+1 41+1 4241 3348

Table 7. English-French top-ten retrieval accuracy, %

K 100 200 300 400 FULL

CL-LSI 47+1 572 63+2 66+2 T7£10

CL-KCCA 71£2 80£1 82+1 84+1 68%£12
data. The experiments were averaged over 10 runs

with 5% each time randomly chosen fraction of train-
ing data as the difference between bag-of-words and
semantic methods is more contrasting on smaller sam-
ples. Comparing ’CL-KCCA’ and 'random CL-KCCA’
one can conclude that semantics is really extracted us-
ing correlations found between translated and original
texts. Both CL-KCCA and CL-LSI perform remark-
ably well when one considers that they are based on
just 1473 words. In all cases CL-KCCA outperforms
the bag-of-words kernel.

Table 8. Fi value, %, averaged over 10 subsequent runs of
SVM classifier with original Reuters-21578 data (*bag-of-
words’) and preprocessed using semantics (300 vectors) ex-
tracted from the Canadian Parliament corpus by various
methods. The 5% fraction of Reuters ModApt split training
data was each time randomly chosen to form training set.

CLASS EARN  ACQ GRAIN  CRUDE
BAG-OF-WORDS 81+7 57+3 33+5 1343
CL-KCCA 87+1 67+1 5948 33£7
CL-LSI 77+3 5243 64+14 4042

7. Conclusions

In this work we have applied a kernel version of Canon-
ical Correlation Analysis to the cross-linguistic text re-
trieval problem. We argue that KCCA model applied
to an aligned cross-lingual corpus identifies directions
that correspond to the underlying semantics of the
documents with the projections into the two languages
giving the words most accurately reflecting that se-
mantics. This points a direct route to cross-lingual in-
formation retrieval through projecting documents and



queries into the common semantic space. Out ex-
periments confirm that CL-KCCA significantly out-
performs an earlier analogous method CL-LSI based
on Latent Semantic Indexing. Furthemore, we have
demonstrated that the semantic space learnt by view-
ing the French translation as a (complex) label can be
used to achieve very good performance on a classifi-
cation task for data apparently unrelated to the mul-
tilingual corpus. This hypothesis is backed by exper-
iments carried out with dual-language proceedings of
the Canadian Parliament. As a part of our further
study we plan to test KCCA with different kernels. We
also note that the approach can be applied with any
number of languages and experiments with other lan-
guages on such extensive corpora as TREC and CLEF
are also part of our future work.
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