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1 Introduction

Many interactions in the real world can be ex-
pressed as bipartite graphs whose nodes can be par-
titioned into two parts (called left and right nodes)
such that all edges of the graph link nodes from dif-
ferent parts. There are many natural examples of
such graphs. For example, a subject-predicate bi-
partite graph (see Figure 1) whose nodes represent
subjects or predicates, and whose edges link sub-
ject and predicate that appear on the same sen-
tence. Proximity scores of nodes on such graphs
have many important applications in recommenda-
tion, ranking similar nodes, link prediction, etc. In
fact, the famous concept of the general framework for
Distributional Similarity to measure the similarity of
two nouns from their verb co-occurences as feature
vectors can be regarded as measuring similarity of
the corresponding nodes of the noun-verb bipartite
graph.

Bipartite graphs have topological structures that
can be exploited for designing efficient algorithms to
compute proximity scores. One of the algorithms is
the so-called Random Walk with Restart (or, RWR
for short)[3], that calculates a proximity score of
node i to node j from the steady-state probability
of reaching j from 4 by a random walk. The prin-
ciple of measuring similarity of node j from node ¢
with RWR is to compute the similarity score from
the steady state probability of reaching node j from
a random walk (re)started from node i. The scores
of RWR on bipartite graphs are easy compute, es-
pecially, when the number of left and right nodes is
highly unbalanced. This has sparked widespread in-
terest on measuring proximities with RWR, even for
dynamic bipartite graphs [4].

In this paper, we propose using proximity scores
of bipartite graphs for computing pair wise semantic
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subject -predicate

Fig. 1: A subject-predicate bipartite graph.

similarity between words in different languages. This
application is motivated by [6] that developed a ro-
bust method to compare context similarity of words
for identifying translation pairs. The idea can be
summarized as in the left part of Figure 2. First,
a feature vector of a target word in a language (say,
“steering wheel”) is constructed by the relation of the
target word with all context words with respect to
the corpus at hand. A similar procedure is performed
to obtain a feature vector for each possible transla-
tion candidate in another language (say, “/>> F)L”
which is a Japanese word for steering wheel). Given a
general dictionary for translating context words from
English to Japanese (or vice versa), one can compare
the vectors across languages. The main contribution
of [6] is a new and robust statistical method to com-
pare these vectors.

Notice that the relation of a target (or, a transla-
tion candidate word) with its context words is similar
to the subject-predicate graph in Figure 1 and is es-
sentially a bipartite graph. Moreover, by simply link-
ing translation pairs across languages using a general
dictionary one can connect the two bipartite graphs
to obtain a bigger bipartite graph as shown in the
right part of Figure 2. This way, proximity scores
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Fig. 2: (left) Identification of translation pairs of English and Japanese words by context similarity.
(right) A bipartite representation of the context similarity method.

on bipartite graphs can be used to obtain proximity
scores between a node corresponding to the target
word with those of translation candidates which can
then be used to identify translation pairs. Treating
the relation of words in the framework of bipartite
graph automatically gives some advantages over pre-
vious approaches such as incorporating user’s feed-
back on the correct translation pairs (by dynamically
adding links to corresponding node pairs) and the
ability to refine the proximity scores by auxiliary in-
formation as proposed in [2]. We are not the first to
propose random walk on graphs for Cross-Language
Information Retrieval (CLIR) but we believe exploit-
ing the structure of words as bipartite graphs deserve
special attention.

To summarize, our contributions in this paper are:
(1)A novel approach of using the framework of bi-
partite graph for identifying translation or related
cross-lingual word pairs. The task of identifying re-
lated cross-lingual word pairs in this paper is similar
to that in [5] where documents in multiple languages
are analyzed from a perspective of a single language.
(2)Experimental results using proximity scores of the
RWR for computing pair wise semantic similarity be-
tween words in a corpus. We show that RWR and
its variants are sometimes better than known ap-
proaches for identifying cross-lingual related words.

2 Definitions

We first explain notation, and then give the defi-
nitions of the problems we consider in this paper.

A bipartite graph G(V, E) consists of a set of nodes
V and a set of edges E. Its nodes can be partitioned
into two disjoint sets: the left-node set L and the
right-node set R such that V' = LU R, and any edge
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Tab. 1: Symbols in the RWR
Symb. | Description

G I x r adjacency matrix of bipartite graph G
L the set of left nodes of G (of size )

R the set of right nodes of of G (of size r < 1)
D, the [ x | diagonal matrix whose element

at row ¢ and column ¢ is ). Gij

Dgr the r X r diagonal matrix whose element
at row j and column j is ). Gy

an identity matrix

a zero matrix

fly-away probability (fap) of RWR

the proximity score matrix of dimension
(I +7) x (I 4+ r) from the original RWR,
which is partitioned into 4 parts:
Q1,Q2,Qs3 and Q4, each of dimension,
Ix1l,lxr rxl and r X r, respectively,

such that Q = ( 8; 8j )

ODHO oH

e € FE links a node in L with a node in R. With-
out loss of generality, we assume that the number of
nodes in R, denoted as r, is at most that of nodes in
L, denoted as (.

Bipartite graphs are represented by their adja-
cency matrices, and we use G for denoting the adja-
cency matrix of G. A non-negative element of G at
row ¢ and column j is denoted by G;; and represents
the link weight between nodes i € L and j € R, and
therefore G is a I x r matrix. In this paper, matri-
ces are always denoted by bold capital letters, such
as, G, and GT as its transpose, where its i-th row
is denoted by G(3,), and its j-th column by G, j).
Following [4], we list all math symbols related to the
RWR in Table 1.
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Given the above notation, the input and output to
compute proximity scores in bipartite graphs in this
paper is formalized as follows.

[Proximity Scores]

Input: A bipartite graph G(L U R, E) and a list
of pairs of nodes (u1,71), (u2,72), ... such that u; €
LUR and r; € R as queries.

Output: The proximity scores of node r; from

node u; for each query.

In above, we restrict the query to contain a node
from the right set, with r; € R as the second element
of the query because we will mainly use the proxim-
ity scores for adjusting the proximity scores between
the right nodes, and use the scores for predicting re-
lations between left and right nodes,

3 The RWR on
Graphs

Bipartite

For any graph (not limited to bipartite), whose
adjacency matrix is M, the proximity score of node
i tonode j by the RWR is defined as the steady-state
probability of being in node j when performing RWR
(re)started at node ¢ [3]. The value of the steady-
state probability of RWR from node ¢ to node j can
be computed recursively from the equation

My
i = E i + (1 —¢)dyj,
QRij=c : QkZlel ( c)di

which is the sum of probabilities reaching nodes con-
nected to j multiplied by the probabilities of moving
from those nodes to node j. The second term of the
right-hand side is due to the restart process. We
can rewrite this equation to obtain the linear matrix
equality

Q=cQM + (1 -0)I,

where M is the row-normalized adjacency matrix,
which is anti-diagonal with normalized G and GT
as its submatrices for a bipartite graph.

Since we are only interested in the ranking, the
1 — ¢ factor can be omitted. Thus, the proximity
score matrix is Q = (I — ¢M) ™1, where Q;, Q2, and
Qs are linear in Qq4, while the r X r matrix Qy is
obtained from the equation

Q. = (I - #D;'G"D;'G) (1)

which is relatively easy to compute when r is small.
The fact that all of the proximity scores of RWR on
bipartite graphs are computable from Q4 results in
computational advantages. We can instead compute
the inverse of the smaller r x r matrix in Eq. (1) to
obtain the inverse of the larger I — ¢cM matrix . We
refer the readers to [3, 2] for details in computing
proximity scores.
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4 Experiment Results

We compare three cross-lingual IR approaches.
(1)SimpleRWR is a random walk on a bipartite
graph that consists of a single target English word,
its English context words and their corresponding
Japanese ones obtained from a dictionary, and a list
of Japanese words as translation candidates. It is
closely related to [1]. (2) RWR is a random walk
on a bipartite graph that consists of 100 target En-
glish words, their context words and translation can-
didates determined similarly as the SimpleRWR. (3)
Baseline is a simple implementation of [6] that has
been shown to outperform other systems.

In all of the approaches, we manually picked 100
target English words (with their translations as gold-
standard) each of which has at most 10 English
highly associated context words. The context word is
then paired with (possibly more than one) Japanese
context words according to a dictionary. The trans-
lation candidates are the union of sets that each
consists of 10 words that are highly associated to
a Japanese context word. The association level be-
tween English target and context words is deter-
mined by the Pointwise Mutual Information (PMI)
as described in [6], while that between Japanese con-
text and candidate words is by the frequency for
RWRs, and by the PMI for Baseline. This particu-
lar choice is made to optimize the accuracy for each
method.

We use datasets in complaints about cars: the En-
glish corpus is provided by the USA National High-
way Traffic Safety Administration (NHTSA)! that
consists of 618,437 documents, while the Japanese
corpus is by the Japanese Ministry of Land, Infras-
tructure, Transport and Tourism (MLIT)? that con-
sists of 24,458 documents. The size of the resulting
bipartite graph is 2,375 x 3,239 with 10,146 edges.
All of the approaches return a ranked list of trans-
lation candidates for each target word, and there-
fore the accuracy is measured by the existence of a
correct translation word in the list. Tab. 2 shows
examples of ranked-list of translation candidates for
the English word “gas pedal”, “gas tank”, “heater”,
“sensor” and “speedometer”.

Figure 3 shows the averaged accuracy for each of
the aforementioned approaches with regards to the
length of the candidate list. We can see that de-
spite its simplicity, SimpleRWR already outperforms
Baseline, while RWR in overall achieves the best ac-
curacy performance.

lhttp://www-odi.nhtsa.dot.gov/downloads/index.cfm
2h‘t:'t:p ://wuw.mlit.go.jp/jidosha/carinf/rcl/defects.
html
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Fig. 3: Comparing RWR methods with the base-
line using the context similarity
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Fig. 4: Accuracy vs. varying the size of NHTSA
documents by 1K, 5K, 10K, 20K

Figure 4 shows the effect of the size of the cor-
pus against the accuracy in the RWR method. We
randomly chose 1K, 5K, 10K and 20K NHTSA doc-
uments (while the MLIT data is kept fixed) and ap-
plied the RWR method on each of the resulting bi-
partite graph. We can see the tendency that the
larger the English corpus, the better the accuracy
is. However, the accuracy of the RWR with only
5K English documents is already close that with all
documents. (Although not directly comparable, we
should note that the previous work [6] using Baseline
reported that approximately 20K English documents
are required to achieve similar stability in accuracy.)

5 Concluding Remarks

We have presented a novel framework to use prox-
imity scores between nodes of bipartite graphs for
identifying related words between documents in dif-
ferent languages. For English-to-Japanese transla-
tion pairs, the accuracies are quite good and the ex-
periment on the reverse direction is left for future
work. Meanwhile, output examples in Tab. 2 also
showed that the translation candidates are useful for
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target word | top-10 ordered translation candidates

gas pedal TL—=FRIN, T ITELVXTN, 77,
M|, &), 7L —F, 1,
a7y b, EE, B

gas tank TRELY > 7 BREL, fah, Y U >,

TV, B G 5, AL

heater t—% — WA, TR, N P, X2

I7ay, 77 vOb b, Hil Fa—5— &

sensor By Y—, AL x 7 F, 7—VU—,
Y= AN, BV, FA =L,
WL, 75 7, ks

speedometer | AE—F X =% — "X —%— T ¥ LR,
Ry &, WD A, sEE, e,
§F KL Fa X =8 —

Tab. 2: Examples of ordered Japanese translation
candidates of English auto keywords by the RWR
method. Underlined Japanese keywords are the
correct ones.

cross-lingual text mining task as in [5]. For example,
we obtain that “7'L — % X4%")L”(brake pedal) and
“7a7=v b”(floor mat) are among keywords that
are identified close to “gas pedal”, which are suspi-
ciously reflected the recent brake pedal problem in
the US.
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