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Abstract

Query translation for Cross-Lingual Information Retrieval
(CLIR) has gained increasing attention in the research area.
Previous work mainly used machine translation systems,
bilingual dictionaries, or web corpora to perform query
translation. However, most of these approaches require
either expensive language resources or complex language
models, and cannot achieve timely translation for new
queries. In this paper, we propose a novel solution to
automatically acquire query translation pairs from the
knowledge hidden in the click-through data, that are
represented by the URL a user clicks after submitting a
query to a search engine. Our proposed solution consists of
two stages: identifying bilingual URL pair patterns in the
click-through data and matching query translation pairs
based on user click behavior. Experimental results on a real
dataset show that our method not only generates existing
query translation pairs with high precision, but also
generates many timely query translation pairs that could not
be obtained by previous methods. A comparative study
between our system and two commercial online translation
systems shows the advantage of our proposed method.

Introduction

Cross-Lingual Information Retrieval (CLIR) has become
increasingly important in Information Retrieval (IR). The
main difference between CLIR and traditional IR is that
the query language differs from the page language (Pirkola
et al. 2001), so the research effort in the area of CLIR has
mainly focused on how to translate a source query into a
target query in the page language. In addition to CLIR,
query translation is also valuable for many other
applications, such as machine translation (MT), question
answering, and reading/writing assistant. Therefore, it is
desirable to provide automatic query translation techniques
for the above applications.

*The work was done when the first author was doing internship at
Microsoft Research Asia.
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In this paper, we propose a novel solution to translate
web queries based on the analysis of user behavior in the
click-through data. Compared to previous methods, our
method generates large-scale and timely query translation
pairs guided by a small set of seed word pairs from a
dictionary, without relying on additional knowledge or
complex models. We currently use this method to mine
English-Chinese query translation pairs throughout the
paper. However, the method described here does not
consider any linguistic constraints, and hence could be
applied to any language pairs.

Intuitively, millions of users across the world issue
queries to search engines in various languages daily, which
forms large-scale and live cross-lingual click-through data.
The data source has covered rich user language knowledge
about queries as well as their relationships to the clicked
pages. Moreover, many URLs in the click-through data
contain some language information. We leverage the
language knowledge encoded in the URLs to construct
extensive bilingual URL pair patterns. The objective of this
paper is to uncover user behavior in the click-through data
to mine URL pair patterns, and eventually generate query
translation pairs.

We make two basic assumptions based on our
observation on the click-through data collected from a
famous commercial web search engine.

The first assumption is that there exists some naming
convention in the URLs which specifies the language
information of the corresponding pages, such as en-us, zh-
cn, .cn, .us. In order to verify this assumption, we first
extracted English words and their corresponding Chinese
translation words from an English-Chinese dictionary, and
obtained 22,000 word translation pairs. Then we collected
the URLs clicked by these words from the click-through
data. Finally, among 99,900 distinct URLs clicked, 51,000
URLSs (over 50%) were found to be encoded with language
information by human judges. As shown in Figure 1, the
English URL is http://www.fedex.com/us/, and the Chinese
corresponding URL is http://www.fedex.com/cn/. They
share the common substring http://www.fedex.com/, and
the only difference is the substring indicating the language
type, i.e., us is used to indicate the English version, while



cn 1s used to indicate the Chinese version. We denote these
two URLs as a bilingual URL pair.

http://www.fedex.com/cn/

SRS
[P o5

http://www.fedex.com/us/

fedex
express

Figure 1: An example of a bilingual URL pair and the
corresponding queries

The second assumption is that the clicked URLs are
relevant to the query. It provides the connection between
URLs and queries, which can be exploited to extract
candidate query pairs. In the above example,
http://www.fedex.com/us/ can be considered to be relevant
to English queries “fedex” and “express”, whereas
http://www.fedex.com/cn/ can be considered to be relevant
to Chinese queries “HXFRHUE” and “EFrp$ARS”, since
users click the URLs after submitting the queries to the
search engine. By employing several filtering strategies,
we can extract query translation pair “fedex” and
“HHHLE” from four candidate queries.

Based on two assumptions, our solution can be divided
into two steps. The first step is to use a dictionary for
finding seed queries to mine URL pair patterns from the
click-through data. The second step is to use the mined
URL pair patterns to generate the candidate query pairs.
The result query pairs are generated based on co-
occurrence analysis of the click-through data.

We evaluate our proposed method over a real web click-
through dataset. We compare our translated result with a
bilingual dictionary CEDICT'. For the queries covered by
CEDICT, we judged the precision of our translation
method by the dictionary. For the out of vocabulary (OOV)
queries, we first compared our method to two of the best
MT systems available in the Internet: Systran” and Google
translator’. Then we asked human experts to assess the
precision of these queries. Experimental results show that
our method outperforms Google translator and Systran by
3.3% and 126.8%, respectively.

To the best of our knowledge, this is the first paper which
proposes to leverage click-through data and bilingual URL
pairs to mine query translation pairs and demonstrates its
effectiveness.

The rest of this paper is organized as follows. We first
introduce related work and then the outline of our method.
After that we present the detailed method and experimental
results. Finally, we conclude the paper.

! http://www.mandarintools.com/cedict.html
2 http://babelfish.altavista.com/
3 http://www.google.com/translate_t/
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Related Work

Lavrenko et al. (2002) introduced a relevance model in the
target language to rank the documents for CLIR. However,
most approaches to CLIR perform query translation
followed by monolingual IR. A natural idea is to combine
IR with existing MT systems (Fujii & Ishikawa 2001).
However, MT systems require a complex process to
produce a grammatical translation, which is not fully
exploited by current IR models due to that queries are often
very short and without enough contextual information.

Dictionary-based translation approaches (Pirkola et al.
2001) are proposed to simplify the translation process.
However, besides the problem of coverage, they face the
problem of ambiguity, i.e. selection of the most appropriate
translation in the given context.

Corpus-based translation approaches are proposed to
remedy the two major issues: translation disambiguation
and OOV words. They used a statistical model based on a
corpus, including parallel corpus (Nie et al. 1999; Resnik
& Smith 2003), anchor texts (Lu, Chien, & Lee 2001),
comparable corpus (Fung & Yee 1998), and mixed-
language pages (Huang, Zhang, &Vogel 2005). However,
these approaches require crawling web pages. And parallel
corpora and anchor texts are quite limited. Using
comparable corpora and mixed-language pages cannot
achieve high translation quality due to lack of parallel
correlation. In addition, (Can & Li 2002) searched the web
for base noun phrase candidates and used an EM algorithm
to select translations.

In contrast to previous studies that rely exclusively on
MT systems, bilingual dictionaries, or corpora, we explore
the role of the readily available click-through data. One
related work (Ambati & Rohini 2006) exploited the query
logs of the target language to learn translation models that
could be used to perform CLIR. Their work is different
from ours, as they used a bilingual dictionary to translate
queries in the monolingual click-through data, and
disregarded the proper nouns and domain specific terms.
More recently, in (Gao et al. 2007), the authors also used
query logs of different languages. Their method is different
from ours on two aspects. First, it used query co-
occurrence information in the query log, while ours uses
URL pattern as a bridge to mine click-through log. Second,
our method does not depend on the resources that theirs
used to generate candidates, such as parallel corpora and
web corpora.

Although click-through data have received much
attention in the task of information retrieval and have been
successfully used for improving information retrieval, they
have only recently been explored as a resource of
automatic acquisition of hidden relations in information
extraction. In (Pasca et al. 2006), the authors introduced a
method to extract attributes for various classes of objects
based on query logs rather than page collections. In (Shen
et al. 2007), the authors proposed to mine query
hierarchies from click-through data, since the user’s
understanding of the query as well as its relation to the web
pages is encoded in the click-through data.


http://www.mandarintools.com/cedict.html

seed query pairs

URL pairs generated by seed query pairs

|<£&’l%‘, glass> |<7FTJJ§E, real estate> |

|<http://www.glass.com.cn/, http://www.glass.com/> |

|<7F¥ﬁ, program> |<ﬂﬂ|¥|, map> (1) |<http://www.glass.com.cn/, http://www.glass.co.uk/> |
|<ﬂ>’i§:ﬁ%, stock> |<‘iﬁ5§<, dolphin> | prerenenanns > |<http://www.century21.com.tw, http://www.century21.com> |
|<http://ditu.googlccom/, http://ditu.google.cn/> | @
click-through data
|<1§Bil%, http://www.glass.com.cn/, 26> | |<ﬂI}T'éE%, http://www.baleno.com.cn/, 47>|
URL pair patterns

|<glass, http://www.glass.com/, 170> |

|<glass, http://www.glass.co.uk/, 20> |

|<baleno, http://www.baleno.com/, 27> |

<*.cn/,* />
|<%%§., http://www.clinique.com.cn/, 191> |

|<Z<EJJ§, http://www.century21.com.tw/, 7> |

<* com.cn/, *.co.uk/>
|<clinique, http://www.clinique.co.uk/, 3> |

<real estate, http://www.century21.com/, 172> |

| <*.tw/, */>

<#k2: K, http://www jackycheung.cn/, 127>

|<map, http://ditu.google.com/, 4> |

|<ﬂﬁ, http:/ditu.google.cn/, 14> |

<* com/, *.cn/>

|<jacky cheung, http://www jackycheung.com/, 2> |

< FT$RAT, http://www.standardchartered.com.tw/, 13>

extracted query pairs

o
CECS

|<ﬂf)5 #, baleno> |< clinique> |

@

<5K%% K, jacky cheung> |

“{ URL pairs generated according to URL pair patterns 3)

A4

|<http://www.balen0.com.cn/, http://www.baleno.com/> |

|<http://www.clinique.com.cn/, http://www.clinique.co.uk/>

|<?ﬁﬂ$§ﬁ‘, standard chartered bank> |

|<http://www.j ackycheung.cn/, http://www jackycheung.com/> |

|<http://www.standardchartered.com.tw/, http://www.standardchartered.com/> |

Figure 3: A fragment of data flow using our proposed method

Outline of Our Proposed Method

Consider a typical user search session: a user u submits a
query ¢ in Market m, a search engine returns a ranked list
of web pages. Then the user clicks on the page p. Hence, a
session is defined as <u, g, p, m>. Click-through data are
the accumulation of a large number of sessions. In our
case, the Market symbol denotes either English or Chinese.
Figure 2 illustrates the outline of our click-through data-
based query translation method.

query URL  URL pair pattern URL query
1

Q¢ — ud ! U — ¢

i i \ :/ i j
I

<upf,up{ > \

4 — uf A R
1

————————— stepl --------------- step2 -----

Figure 2: Outline of click-through data-based query
translation method

Our method consists of two main steps. It starts from a
handful of seed query translation pairs (e.g. <q;, qf>),
identifies their corresponding URL pairs (e.g. <u;, uf>),
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and generates URL pair patterns (e.g. <up;, up/>). Then it
pairs up the candidate queries regarding to the URL pairs
(e-g <, ujt>) that are extracted by URL pair patterns as
query translation pairs (e.g. <g;, qjt>). Figure 3 shows a
fragment of data flow using our proposed method.

Web Query Translation Extraction

Identifying Bilingual URL Pair Patterns

The identification of URL pair patterns is guided by seed
query pairs from a bilingual dictionary. Two groups of
URLs relevant to these query pairs are found from the
click-through data (see (1) in Figure 3). Then the similarity
between the URLs in two groups is computed. We used
edit distance, which is a measure based on the minimum
number of edit operations (insertion, deletion, and
substitution etc.) needed to transform one URL into the
other. The advantage of the measure is that it takes into
account both word order and the words. It is therefore very
suitable to our situation where one URL in a pair is often
the substitution of the other on the same position. The
similarity is inversely proportional to the ratio between edit
distance and the length of the shorter URL.



EditDistance (u?,u})

min([u ], [uf])

sim(ui,uf) =1-

The URL pairs with similarity score above a certain
threshold are chosen to extract patterns (see (2) in Figure
3). Let us explain how to obtain URL pair patterns from
URL pairs with two URLs illustrated in Figure 1. Since the
only difference between their names is us and cn, we can
follow the first assumption to extract the pattern <*.us,
*.cn>. We adopted the largest common string algorithm to
collect candidate patterns and counted frequency. We also
used several simple but effective filtering techniques. The
URL patterns with frequency larger than two are selected.

Matching Query Translation Pairs

The generated URL patterns are used to guide URL
extraction from the click-through data. That is, the
bilingual URL pairs that correspond to the URL pair
patterns are selected (see (3) in Figure 3), which can limit
the URL set by only considering the reliable URL pairs.

Once URL pairs are generated, we can find out all
queries that have been used to retrieve these URL pairs
based on the second assumption. Due to the noise in the
click-through data, there may have some query pairs
loosely related to each other. To generate query translation
pairs, we need to filter out candidate queries.

Consider a pair of candidate queries: g; in the source
language, and g/ in the target language. Intuitively, if both
g7 and g} occur frequently in the query pairs associated
with the same URL pairs, then they may have a high
probability to be the translation of each other. However,
co-occurrence alone does not accurately reflect the
association between two queries, so we must consider their
individual occurrence. If either query, for example g;, may
pair up with other queries, that is, query g; is also
associated with other URL pairs together with the queries
rather than gf, then query g/ may have less chance to be
the translation of query g;.

Therefore, we introduce the following confidence score
for each translation candidate to measure the extent to
which the two queries are relevant.

flai,w) X f(qi,w)
f@) x ) % f(a)) x f(q))

Here, f(q’,u})(f(qf,u})) stands for the number of
sessions where the query is clicked in case the URL
appears in the URL pairs. £(q7) (f(g})) is the number of
sessions that contain g7 (qf). And f(u) (f(uf)) is the
number of sessions that contain u; (u}).

From the above formula, it is obvious that if two queries
closely associate with the URL pair, and they often co-
occur compared to their individual occurrence in the
candidate pairs; then they are most probable to be the
translations of each other, which accords with our intuition.
According to the confidence score, only those query pairs
with large scores are output (see (4) in Figure 3).

score(< qf ,qf >) =
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Extensions

Our method can be extended to generate more query pairs.
The basic idea is that additional URL pair patterns can be
derived from the query pairs extracted in the previous
iteration to increase coverage. This iterative acquisition
method is similar to the idea of bootstrapping (Riloff &
Jones 1999), which learned extraction patterns from
queries and then exploited the learned extraction patterns
to identify more queries belong to the same category.

Experiments

Dataset

The input of our experiment involves two parts: click-
through data, from which query translation pairs were
mined, and seed queries acquired by the dictionary, from
which our mining method started up.
Click-through data: The click-through data were
collected from a commercial web search engine for eight
months spanning from October 2006 until June 2007. And
then the sessions containing English and Chinese queries
were extracted. Next, the click-through data were
preprocessed so that the queries clicked by the same URL
were aggregated. Consequently, about 100M unique query-
URL pairs, together with the click counts constitute the
click-through data. The click-through data used are
unbalanced since among 100M unique query-URL pairs,
there are about 1 million unique Chinese queries, 30
million unique English queries, and 10 million unique
English queries with occurrence frequency more than 5.
Seed queries: We randomly sampled 5K queries from a
dictionary as seed queries.

Results

To evaluate the effectiveness of our method, two
evaluation measures were used: recall, defined as the
percentage of queries covered given the set of queries, and
precision, denoted as the percentage of queries correctly
translated given the set of queries. And three state-of-the-
art translation systems were used: a Chinese-English
dictionary CEDICT having 44,782 entries totally (denoted
as DT), a MT system named Systran (denoted as MT1);
and a MT system named Google Translator (denoted as
MT2). The correctness of translation was first judged by
DT, then human translators. A translation was considered
correct when it can be matched exactly with one of the
reference translations.

The recall values are shown in the fourth column of
Table 1. Since it is difficult to directly examine the
coverage of our method, we evaluate the recall of other
methods compared to our method. Specifically, given the
number of queries (see the second column of Table 1), we
first checked how many of them were covered (see the
third column of Table 1) by DT and MT, and then
computed the recall values based on it.



As shown in Table 1, among the queries mined from the
real click-through data, 11.1% of them are included in DT.
Moreover, among all the OOV queries, only 16.1% and
34.8% of them are included by MT1 and MT2,
respectively. These results indicate that by effectively
leveraging click-through data, our mining method could
discover many query translation pairs unavailable from the
state-of-the-art methods.

Table 1: Recall in comparison with our method

methods | #queries | #queries covered | recall
DT 718 80 11.1%
MT1 638 103 16.1%
MT2 638 222 34.8%

The precision values are shown in the fourth column of
Table 2. We took into account only the queries which have
been not covered in DT. More specifically, given the
number of OOV queries (see the second column of Table
2), we first checked how many of them were translated
correctly (see the third column of Table 2), and then
computed the precision values based on it.

As shown in Table 2, among 638 OOV queries, 88
queries are translated correctly by MT1, 193 queries are
translated correctly by MT2, and 200 queries are translated
correctly by our method. Thus, our method achieves
126.8% and 3.3% relative improvements on precision in
comparison with MT1 and MT2, respectively. The result
indicates that our mining method could accurately
indentify many query translation pairs that the state-of-the-
art methods fail to translate.

To further test coverage and precision, we conducted
experiments on the queries selected based on frequency
and meaningfulness of the queries. We find that among the
100 English & 100 Chinese queries, 62 & 95 queries have
their translations in the click-through log, and 45 & 78
queries can be translated in our method. Our method
outperforms MT1 and MT2 in precision by 82.3% and
44.9%, respectively.

When comparing with the bilingual dictionary-based
method used in (Gao et al. 2007), we selected 500 Chinese
queries from the log data. We find that the precision scores
are 0.084 and 0.622 in theirs and ours, respectively. The
recall scores are 0.353 and 0.665 in both methods,
respectively. This validates the claim that our method
outperforms theirs.

Table 2: Precision comparisons on OOV queries
methods #queries fqueries translated precision
correctly
MT1 638 88 13.8%
MT2 638 193 30.3%
our method 638 200 31.3%

Some example data obtained in our experiment are listed
in the following. Table 3 presents the confidence scores of
two groups of candidate query pairs. It is obvious that the
query pairs with the largest scores are the correct pairs.

Table 3: Scores of sample candidate query pairs

q; q score q; qt score
KPRk | casio 1.35E-06 | widflih | chrysler | 2.64E-05
(casio) | casio 2.93E-07 | (chrysler | chrysler | 2.87E-06

camera ) australi

a

casio 5.40E-07 chrysler | 7.66E-06

digital jeep

camera

Samples of mined query translation pairs not covered by
DT, but covered by MT and our method are listed in Table
4. After examining these queries, we can find that DT is
not as effective as MT and our method when translating
technical terminologies and named entities.

Samples of mined query translation pairs not covered by
DT and MT are provided in Table 5. We can find that our
method is especially useful for translating technical
terminologies, and named entities, such as person names,
web site names, product names, and so on.

When comparing Table 4 with Table 5, we can find that
although MT can translate some of OOV queries, it cannot
achieve comparable coverage as our method. The strength
of our method lies in translating technical terminologies
and named entities. Since they are among the most
information-bearing entities, translating them correctly will
improve the performance of CLIR, MT and query
answering. However, for long-tail queries, our current
work cannot handle it well, and we will investigate them in
the future.

Table 4: Samples of mined English-Chinese translation
pairs that are not covered by DT, but covered by MT

Technical terminologies Named entities

dependencies | I fujitsu =wlil
emulator e taobao NEEH

casting TR | harry potter | IR
buffering ZE ferrari VprA)
concurrency | H&¥H | alexander | WHjlK
constructor Mhdk %y | sapporo FLBE R
packaging Eapy osaka NG
disassembly | S 4w winnie /INAEAESE

Table 5: Samples of mined English-Chinese translation
pairs that are not covered by DT and MT

Technical terminologies Names of person
quickstarts N ultraman B
live onecare LAY IRFER | conan FTEg
mozilla KT s Names of product or brand
firefox
walkthrough it icefish VKA,
currency rate | Y% healthbanks R
garden show FERERLT yahoo Ly g

others
labor AN national ballet AR A
department of china
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Discussions

In this section, we investigate the causes of incorrect
translations and try to propose some solutions. By
inspecting these translations, we find that many of them
have a relation to the original meaning.

First, the wrong translation may be the partially correct
translation. For instance, “uninstall” was translated into
“EI# T H” (uninstall tool). “print control” was translated
into “§JE” (print). One possible solution is to consider the
queries having common phrases. For example, we find that
the English queries “learn macros”, “creating macros”, and
“learning macros” are all highly relevant to the Chinese
“%2 (macro). Since they share the word “macros” in
common and are different in the remaining part, it is less
likely to translate them into “Z=.

Second, the wrong translation may be similar or related
to the correct translation. Many extracted query pairs in our
query translation method belong to the case. For instance,
“flight” and “HLEY" (ticket), “logarithm” and “%{*%”
(math), “algorithms” and “%##Z#ii> (data mining),
“integer” and “HEkAY (data type). This shows our
method is sometimes unable to distinguish true translations
from statistically associated words well. One possible
solution is to combine our method with a dictionary, since
we can check the translations by comparing them with the
dictionary, when queries exist there.

However, even though some mined translations are not
the equivalent translations of the source queries, they are
semantically relevant ones, thus they may be helpful to
improve CLIR. We leave this as our future work.

Conclusions

In this paper, we have proposed a novel solution to
leverage user behavior in the click-through data to extract
query translation pairs. Our solution is a two-stage method:
identifying bilingual URL pair patterns and matching
query translation pairs. Different from previous methods
that depend on strong language resources, our solution is a
weak-resource learning method with large-scale automatic
knowledge acquisition from click-through data. To
demonstrate the effectiveness of our solution, we evaluate
its performance over a real web click-through dataset.
Experimental results show that the proposed method yields
a number of translations not covered by the state-of-the-art
methods, as well as many timely query translation pairs
that cannot be obtained by these methods.
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