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ABSTRACT

aim to design models which use pairwise word associations
and the alignment information between a document and its
clicked query stream to jointly model a query-document collection. We achieve this by using word-pairs (referred to as
concepts) as latent variables.

Statistical translation models and latent semantic analysis
(LSA) are two eﬀective approaches to exploit click-through
data for web search ranking. This paper presents two document ranking models that combine both approaches by explicitly modeling word-pairs. The ﬁrst model, called PairModel, is a monolingual ranking model based on word pairs
that are derived from click-through data. It maps queries
and documents into a concept space spanned by these word
pairs. The second model, called Bilingual Paired Topic
Model (BPTM), uses bilingual word pairs and jointly models a bilingual query-document collection. This model maps
queries and documents in multiple languages into a lower
dimensional semantic subspace. Experimental results on
web search task show that they signiﬁcantly outperform the
state-of-the-art baseline models, and the best result is obtained by interpolating PairModel and BPTM.

2. PAIR MODEL
Our ﬁrst model, called PairModel, is a monolingual model.
It uses monolingual word pairs to model a query-document
collection in a language (say French). Formally,
 we assume
that an aligned query-document pair (q, d) = (q1 , · · · , qNq ),

(d1 , · · · , dNd ) share the concept distribution ψ(q,d) – a multinomial distribution over conecpts (c). For each word in the
query-document pair, we ﬁrst draw a concept (c) from the
concept distribution and then draw a word from the words
associated with the concept. Let |C| be the total number of
concepts, then we assume the following generative story for
generating a document and its query stream.
1. For each concept c = 1 · · · |C|, choose φc ∼ Dir(β)
2. For each aligned query-document pair
(a) Choose ψ(q,d) ∼ Dir(γ)
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(b) For each document term i = 1 · · · Nd
• Select a concept ci ∼ Mult(ψ(q,d) )
• Select a word wi ∼ Mult(φci )

General Terms

(c) For each query term i = 1 · · · Nq

Learning, Algorithms, Experimentation

• Select a concept ci ∼ Mult(ψ(q,d) )
• Select a word qi ∼ Mult(φci )
where β and γ are hyperparameters. We use Expectation
Maximization algorithm and derive MAP estimates for φ
and ψ [2].
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1.

INTRODUCTION

3. BILINGUAL PAIRED TOPIC MODEL

Click-through data has been used to address the lexical
gap problem that frequently arises in web search task. For
example, statistical translation based approaches, ﬁrst, learn
pairwise associations between query and document words
and then use these translation probabilities to rank the documents [1]. On the other hand, topic modeling based approaches treat a document and the set of queries for which
it has been clicked as an aligned query-document pair and
learn a shared topic distribution [2]. They use the shared
topic distribution to rank documents. In this paper, we

Our second model is a bilingual model called Bilingual
Paired Topic Model (BPTM). It uses bilingual word-pairs
(say between French and English)
to model a bilingual
query

document collection. Let (qei , dei ), (qfj , dfj ) for i=1 · · · m
and j = 1 · · · n represent aligned query-document collections.
The queries and documents across diﬀerent languages are
assumed to be comparable (e.g., from the same time period) but not necessary to be translations of each other.
We assume that a query-document pair share the topic distribution θ(q,d) which is a multinomial distribution over T
bilingual topics and is drawn from a Dirichlet symmetric
prior (α). Each of these bilingual topics (ψk ) is a multinomial distribution over the concepts (bilingual word-pairs) [3].
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JMLM
WTM
BLTM
PairModel
BPTM
BPTM+PairModel

ndcg@1
28.7
31.79
34.7
35.02
NA
NA
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English
ndcg@3 ndcg@10
37.54
48.66
40.77
51.31
43.16
53.03
43.46
53.26
NA
NA
NA
NA

ndcg@1
34.59
36.54
37.26
39.55
37.38
39.66

German
ndcg@3 ndcg@10
43.79
56.2
46.26
58.63
46.5
58.33
47.64
58.98
46.58
58.48
47.73
59.04

ndcg@1
38.22
40.09
40.03
40.94
40.85
42.25

French
ndcg@3
46.36
48.89
48.36
48.95
49.01
50.01

ndcg@10
60.57
63.06
62.49
62.58
62.73
63.42

Table 1: Comparison of PairModel, BPTM and their combination (BPTM+PairModel) with state-of-the-art
baseline systems. In each column, the best system is bolded and the second best system is italicized.
Table 1 shows the results of diﬀerent systems. Across
all the languages, JMLM smoothing does poorly because
of the lexical gap problem. As expected, WTM outperforms JMLM demonstrating the eﬀectiveness of addressing
the term mismatch problem using co-occurrence statistics.
BLTM performs signiﬁcantly better than WTM on English
but is indistinguishable on German and French. This is
largely due to the smaller training data used in German
and French. The order of the baseline systems is consistent
with what has been reported in the previous literature [2].
Our PairModel, which uses both the word-pairs and the
alignment information between query and document pairs,
outperforms all the baseline systems except for ndcg@10 in
French. The next row shows the results of BPTM, which
uses English data to improve web search ranking in German
and French languages. On its own, BPTM is marginally
better than BLTM and performs poorly compared to PairModel. But the interpolated model (‘BPTM+PairModel’)
outperforms all the models and gives notable improvements,
especially for French. This is because PairModel exploits
monolingual query-document collection while BPTM transfers useful information from the English collection and combining both these models leads to a superior model than the
individual ones. The improvements are smaller for German
because of the rich morphology and the compound word
phenomenon of German which limits the coverage of the
English-German bilingual dictionary.
In this paper, we propose two models which exploit two
forms of evidence mined from click-through data, i.e. wordpair associations and the alignment information. Our models achieve promising improvements for emerging markets
such as French and German where the click stream is small.
Our second model uses bilingual dictionaries to map queries
and documents of both the languages into a common lower
dimensional subspace and thus uses training data from a
data rich assisting language to improve ranking in a resource
poor language. Our models can operate on both aligned and
unaligned data, hence they can potentially work without the
click-through data, though, in this case, the word-pairs need
to be derived from another source like Wordnet.

Finally, depending on the language of the query-document
pair (l(q,d) ), these concepts generate words. Given a concept
(bilingual word-pair) and the language, there is only one option for choosing the word and is deterministic. We follow
Jagarlamudi and Daumé III [3] and add dummy translations
to handle out-of-vocabulary words. Let I(ci , ld ) denote a binary indicator variable that denotes whether the concept ci
can generate a word from the language ld , then the generative process of BPTM is as follows.
1. For each topic k = 1 · · · T , choose ψk ∼ Dir(γ)
2. For each aligned query-document pair
(a) Choose l(q,d) ∼ Bin( 12 ).
(b) Choose θ(q,d) ∼ Dir(α)
(c) For each document term i = 1 · · · Nd
• Select a topic zi ∼ Mult(θ(q,d) )
• Select a concept ci ∼ Mult(ψzi ) · I(ci , l(q,d) )
• Select a word wi ∼ P (wi |ci , l(q,d) )
(d) For each query term i = 1 · · · Nq
• Select a topic zi ∼ Multi(θ(q,d) )
• Select a concept ci ∼ Mult(ψzi ) · I(ci , l(q,d) )
• Select a word qi ∼ P (qi |ci , l(q,d) )
Like in the case of PairModel, we use Expectation Maximization to learn the MAP estimates of the parameters.

4.

EXPERIMENTS AND DISCUSSION

We compare our models with a unigram language model
with Jelenek-Mercer smoothing (JMLM) and state-of-theart baseline systems, such as word based translation model
(WTM) [1] and Bilingual Topic Model (BLTM) [2], in three
languages: English, German and French. For evaluation,
we use a random sample of approximately 5K queries from
Bing query logs with at least 10 results per query. Querydocument pairs are manually judged on a scale of 0 to 5. We
use 128K, 133K and 2.1M query-document pairs in German
French and English languages, respectively, to learn monolingual word-pairs for PairModel and WTM, and to learn semantic subspace for BPTM and BLTM. The bilingual dictionaries required for BPTM, in English-German and EnglishFrench language pairs, are learnt using Giza++ on parallel data used for Bing machine translation system. Similar
to [1, 2], we use only document titles in our experiments
and use the probability estimates returned by our models to
smooth the document unigram language model. The interpolation parameters in all the systems are estimated using
two-fold cross validation. We use normalized discounted cumulative gain (ndcg) to evaluate the ranking against the
human judgements.
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