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Abstract

Ambiguous and multifaceted queries widely exist in academic and commercial search engines. Identifying the
popular subtopics of queries is an important issue for search engines. In this paper, we propose a novel method to
discover the popular subtopics for a given query. Our method first constructs a search behavior tripartite graph based
on the search log data. Then, we utilize a subtractive initialized Non-negative Sparse LSA model to mine subtopics
from the tripartite graph. The experimental results on two real-world Chinese search logs (i.e., the CADAL search
log and the Sogou search log) show that our proposed method can significantly outperform the other comparison
methods in term of MAP, α-nDCG and S-recall. We also applied our method into the CADAL digital library to
provide a novel faceted book search service which can reduce the users’ efforts in finding books.

Index Terms

Query Subtopic Mining, Non-negative Sparse LSA, Subtractive Clustering, Faceted Search, Digital library.

I. INTRODUCTION

Most queries in the search engine are ambiguous or multifaceted [1]. Unlike the clear query which has
a specific meaning and covers a narrow topic, ambiguous query often has more than one interpretation
or sense [2]. For example, apple is an ambiguous query, which may refer to the Apple company, apple
juice or apple pie. Multifaceted query covers a variety of subtopics, and a user often narrows down to
a specific subtopic by issuing another query. For example, Mozart is a multifaceted query. People may
be looking for information on different facets of this famous musician, such as his biography, works and
movies.

When people submit unclear (i.e., ambiguous or multifaceted) queries into the search engine, the search
engine generally can not understand their search intents. Hence, it often returns a redundant list of retrieved
results, in which most of the results are irrelevant to users’ search intents. These irrelevant results not
only increases the burden for search engine but also decreases users’ search experience.

Hence, understanding the users’ search intents behind queries is essential for improving the performance
of search engines. It is widely believed that the search intents of a query can be characterized along multiple
dimensions, such as search goals [3], search subgoals [4], search tasks [5], topics [6], and subtopics [7].
The subtopics of a query denote multiple senses or facets of the query, and often can be represented by
several keywords or clicked items (i.e., URLs, books, documents).

The challenges of developing an effective query subtopic mining method are three-fold: (1) There is a
huge amount of data in the search engine, but the useful relations are extremely sparse in the data. For
example, the search log data of a web search engine often contains millions of queries, users and URLs.
However, a user only clicks on a few URLs after submitting a query. (2) Different queries often contain
different numbers of subtopics. (3) The subtopics often have different popularity (i.e., some subtopics are
more important than others). Hence, an ideal query subtopic mining method is supposed to efficiently
handle the large-scale and sparse data, while discovering a proper number of popular subtopics.

Latent topic models such as LDA [8], NMF [9] and Non-negative Sparse LSA [10] have been proved
to provide a clear and compact representation for each latent topic mined from a large-scale and sparse
dataset. However, these topic models require the user to specify the number of topics, which reduces
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their flexibility in the subtopic mining task. On the other hand, many existing subtopic mining methods
[7][11][12][13] employed clustering algorithms due to the advantages of high flexibility and ease of
implementation.

In this paper, we propose a novel query subtopic mining method which successfully leverages the
advantages of clustering algorithm and latent topic model. The main contributions of this paper are
summarized as follows:

1) We propose to construct a tripartite graph for a given query based on the search log data. In this
graph, the nodes consist of unique related queries, search sessions and clicked items, and the edges
indicate the corresponding relationships between them. Hence, search behavior of different users
can be completely recorded on this graph.

2) We propose the use of the subtractive clustering [14], a scalable method for estimating clusters
in the data, as an initialization scheme to generate the initial matrix for the Non-negative Sparse
LSA model [10]. This initialization scheme can guide the topic model to discover the most popular
subtopics and automatically decide the number of subtopics.

3) We evaluated the effectiveness and efficiency of our query subtopic mining method on two real-
world Chinese search logs (i.e., the CADAL search log and the Sogou search log). The experimental
results show that our proposed method significantly outperforms the other comparison methods.

4) We also applied our method into the CADAL1 digital library to help the book search engine better
handle the unclear queries, and improve the user search experience. The popular subtopics of queries
are incorporated into the faceted search service of our book search engine.

The remainder of this paper proceeds as follows. Section II presents some related works. Section
III introduces our query subtopic mining method. Section IV and section V show some experimental
evaluations. Section VI describes applying our method into the CADAL book search engine. At last, we
conclude our paper and present some future work in Section VII.

II. RELATED WORKS

A. Query Intent Mining
The study of query intent mining is a hot issue in information retrieval. How to best represent query

intent is still an ongoing research problem. It is widely believed that the intents of a query can be
characterized along multiple dimensions.

Some researchers utilized pre-defined taxonomies or categories as query intents. The pre-defined tax-
onomy is often utilized in query classification [15]. Broder [16] proposed the search intent taxonomy that
is composed of three intents (i.e., informational, navigational and transactional). Rose et al. [3] further
builded a more complex search goal taxonomy. Hu et al. [17] utilized concepts from the worlds largest
human knowledge base, Wikipedia, as the intent representation. Ji et al. [5] defined intents as several
popular search tasks which can be manually inferred from expanded queries of users.

Other researchers also represented query intents as topics or subtopics. Topics are usually more coarse-
grained and cover multiple queries, while subtopics are more fine-grained and associated with a specific
query [7]. Mining topics from search logs has been intensively studied [6][18][19][20][21]. In particular,
Beeferman et al. [6] conducted clustering on a click-through bipartite graph, and considered the obtained
clusters with multiply queries as topics. Radlinski et al. [18] presented an approach for identifying the
popular topics of queries using search session data.

The study of query subtopic mining has also gained much attention in recent years. Some works focused
on discovering subtopics based on the search results or retrieved documents. The obtained subtopics are
often utilized for diversifying search results [22][23][24]. Other works also attempted to discover query
subtopics from search log data [7][11][12]. Moreover, resources such as corpus [25], anchor texts [26],
social tags [27] and knowledge base [28] were also utilized to discover query subtopics.

1China Academic Digital Associative Library
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Our work is similar to [7] in terms of the goal of mining query subtopics from the search log data.
However, in their work a clustering method which can leverage two phenomena of user behavior was
employed to mine query subtopics from search log data. In our work, we finely integrated the Non-negative
Sparse LSA model with the subtractive clustering algorithm to mine subtopics from the search behavior
tripartite graph. The clustering algorithm is utilized as an initialization scheme for the topic model. To
the best of our knowledge, research on the initialization scheme for the Non-negative Sparse LSA model
has never been studied before.

In addition, graph-based methods are often employed in query intent mining. The earlier works often
utilized click-through bipartite graph for clustering queries and URLs [6][12][21][29]. Some researchers
also conducted query intent mining on other graphs. For example, Sadikov et al. [18] proposed to cluster
query refinements by performing multiple random walks on a Markov graph. They modeled user behavior
as a graph whose nodes are query refinements and clicked documents. Yu et al. [13] proposed mining
query subtopics through clustering on a modifier graph. Modifier refers to the co-appearing terms with a
given query, which can explicitly specify user’s interested aspects. Ren et al. [30] proposed to construct a
heterogeneous graph to leverage three types of objects, namely queries, web pages and Wikipedia concepts
for learning generic search intents. In our work, we modeled user search behavior as a tripartite graph
whose nodes consists of related queries, search sessions and clicked items. Compared to the traditional
click-through bipartite graph which combined search behavior of different users together, our graph can
clearly reflect search behavior of different users.

B. Faceted Search
Faceted search has been intensively studied in the past decade, and widely applied to e-commerce sites,

bibliographic databases, digital libraries and other fields. Different from the keyword search mechanism
which blends the search results of different topics into a single and daunting result list, faceted search
provides an exploratory search mechanism of refining the search results by several facets [31].

Many works on faceted search focus on the facets generation schemes. The conventional generation
schemes [32][33][34] are solely made from the perspective of items. Each facet often represents a
dimension or aspect of the items. For example, a customer can narrow down the list of candidate products
by selecting the brand, price, discount and seller facets at Amazon.com.

Recently, some works has proposed generating the facets for the input query. Van Zwol et al. [35]
presented MediaFaces system that enables the faceted exploration of images collections. For a given input
query, the system can retrieve several most relevant facets of this query and present them to the user.
In their work, the facets are extracted from a set of semi-structured sources. In our work, the facets are
made from the popular subtopics of the input query.

Yi et al. [36] also proposed a multi-faceted book search engine that utilizes query-related latent search
intents mined from click-through logs as multiple facets. In their work, the query-related search intents
are mined from a bipartite graph which is constructed from the whole click-through logs. In our work,
the subtopics of a given query are mined from a tripartite graph which contains all user search behavior
related to that query. Moreover, in their work the number of search intent facets is fixed, while in our
work the number of search intent facets can dynamically adapt to the input query.

III. MINING QUERY SUBTOPICS

We introduce the detailed process of our query subtopic mining method in this section. The framework
of our method is demonstrated in Figure 1. For a given query qi, we first construct a tripartite graph to
collect all user search behavior from the search log data. Then, we integrate the Non-negative Sparse
LSA model with a scalable initialization scheme to mine popular subtopics from this graph. At last, each
subtopic is represented by several related queries and clicked items simultaneously.
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Fig. 1. The framework of our query subtopic mining method.

A. Search Behavior Tripartite Graph
In the search engine, users often add additional keywords to the query in order to specify the search

intents in their minds [7]. Hence, search behavior (i.e., query or clicking) of these users can be utilized
to help us discover query subtopics. For a given query q, we propose to construct a tripartite graph Gq

to naturally record all useful user search behavior. Particularly, the tripartite graph Gq can be constructed
in the following 3 steps: Segmentation, Collection and Filtering.

The Segmentation step first segments the whole search log into multiple sessions. We first extract each
individual user’s search behavior data from the whole search log as a separate stream of query/click events.
Then, we segment each user’s stream into sessions based on a widely-used rule [37]: if the time interval
between two consecutive events (either query or clicking) exceeds 30 minutes, they are segmented into
two sessions.

Next, the Collection step aims to identify a set of sessions which contain expanded queries of q. q+w
and w+q are two popular types of the expanded queries, where w denotes the additional keywords. All the
related queries (including the expanded queries) and clicked items in the satisfied sessions are collected
into the graph.

Finally, the Filtering step helps us to prune the redundant information. We first discard the sessions
without the clicking events. We also remove those sessions with false expanded queries [7]. Moreover,
some sessions may contain the same clicked items, we then merge these duplicated sessions into one
session in order to further simplify the graph.

After that, the search behavior tripartite graph of query q can be expressed as Gq = (S, I,Q,E), where
S is a set of unique search sessions, I is a set of unique clicked items, Q is a set of unique related queries,
and E is a set of edges. If item Ij is clicked in the session Si, then there exists an edge between vertex
Si and vertex Ij . If the related query Qk is issued in the session Si, there exists an edge between vertex
Si and vertex Qk.

In Figure 2, we show an example of constructing the search behavior tripartite graph of q1 from the
search log data. The original search log data is first segmented into 5 sessions. Then, we can pick up 4
sessions which contain expanded queries of q1. All the queries and URLs in these satisfied sessions are
finally utilized to construct the tripartite graph of q1.

B. Non-negative Sparse LSA model
Though different users may issue different related queries and click on different items for the same

query, there still exist a set of common user behavior patterns behind these complex relationships. These
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Fig. 2. An example of constructing a search behavior tripartite graph from the search log data.

common patterns can be seen as the subtopics of that query. Latent topic models are often employed to
discover hidden patterns from complex relationships.

We employ the Non-negative Sparse LSA [10] to effectively mine a set of subtopics from the tripartite
graph. The advantages of utilizing this model are three-fold: (1) This model can effectively represent each
subtopic as both related queries and items (see Figure 1). (2) This model can provide a compact and clear
representation for each subtopic due to the enforced sparsity and non-negative constraint. (3) This model
has a more flexible setting than the traditional clustering method, which can assign an individual item to
multiple subtopics.

In the tripartite graph, the number of sessions is often much smaller than the number of queries. In order
to reduce the computing scale, we transform this graph into a session-item relationship matrix X ∈ RM×N ,
where M is the number of unique sessions and N is the number of unique items. If item j is clicked in
the session i, then the entry Xij is 1, otherwise is 0. Each session is represented by a N -dimensional item
feature vector. Then, given the number of subtopics to be discovered D (D ≤ min(M,N)), the objective
of this model is to find a sparse and non-negative projection matrix A.

The formulation of the model is shown as follows:

min
U,A

1

2
∥X−UA∥2F + λ∥A∥1

subject to : UTU = I,A ≥ 0
, (1)

where U ∈ RM×D is the matrix of latent variables, A ∈ RD×N is the projection matrix, ∥A∥1 is the
entry-wise l1-norm of A, A ≥ 0 is the non-negative constraint, λ is the positive regularization parameter
which controls the density (i.e., the number of nonzero entries) of matrix A.

We can utilize an efficient optimization algorithm to solve Eq.(1). The whole algorithm proceeds in an
alternating manner until the convergence of both matrices U and A. Each iteration includes two steps:
solve A when matrix U is fixed, and vice versa.

Firstly, when matrix U is fixed, Eq.(1) with respect to A can be decomposed into N independent
sub-problems, each one corresponding to a column of A:

min
Aj≥0

f(Aj) =
1

2
∥Xj −UAj∥+ λ

D∑
d=1

Adj, (2)

where Aj denotes the j-th column of the matrix A, Adj denotes the d-th element in Aj . The function
f(Aj) can be efficiently minimized by an optimized coordinate descent algorithm [38].
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Secondly, when the projection matrix A is fixed, Eq.(1) is equivalent to:

min
U

1

2
∥X−UA∥2F

subject to : UTU = I.
(3)

To solve Eq.(3), we can define a matrix V and let V = XAT . In fact, V is the latent topic representations
of X. Supposing the singular value decomposition of V is V = P∆Q, then the optimal solution is
U = PQ (see detail proof in [10]).

To obtain the most relevant items to a specific subtopic, we need to normalize each row of matrix A
to 1:

Ãdj =
Adj∑N
j=1Adj

. (4)

Since Adj measures the relevance of the j-th item to the d-th subtopic, from the probability perspective,
Ãdj can be viewed as a pseudo probability of the j-th item given the d-th subtopic.

Moreover, we could project each session from the original item feature space to the low-dimensional
latent subtopic space by:

S = AXT . (5)

Then, S̃dj after row normalization of S denotes a pseudo probability of the j-th session given the d-th
subtopic. Based on these pseudo probabilities, we can find the most relevant sessions belonging to a
specific subtopic. We further rank the related queries in order of their frequency in the most relevant
sessions, and assign the top-ranked queries as subtopic strings.

C. The Initialization Scheme
Though the Non-negative Sparse LSA model can effectively discover a set of subtopics from the search

behavior tripartite graph, there still exist several disadvantages in applying this model to the query subtopic
mining task.

Firstly, the number of subtopics should be pre-defined in this model. In practice, different queries may
contain different numbers of subtopics. If the pre-defined subtopic number is too large, it will probably
obtain several repeated subtopics. On the other hand, if the subtopic number is defined too small, it will
unavoidably miss several popular subtopics. Hence, suggesting the proper number of subtopics is a critical
job in query subtopic mining task.

Secondly, the algorithm for solving Eq.(1) is an alternating approach. It first initializes matrix U with a

simple and fixed strategy (i.e., U0 =

(
ID
0

)
, where ID ∈ RD×D is an identity matrix), and then alternately

updates U and A until they both converge. This approach unavoidably converges to a locally optimal
solution. Hence, the obtained optimal solution may sometimes miss some popular subtopics.

Thirdly, the subtopics obtained by this topic model are not sorted according to their popularity. In other
words, the top-ranked subtopics may be unpopular. In practical applications, we usually hope to know the
popularity of the obtained subtopics in advance.

In order to overcome these disadvantages, we propose a novel initialization scheme which utilizes the
subtractive clustering algorithm [14] to generate the initialization matrix for the Non-negative Sparse LSA
model. This initialization scheme can guide the topic model to discover the most popular subtopics, and
automatically decide the number of subtopics.

Particularly, given the data matrix X = [XT
1 , X

T
2 , ..., X

T
M ], where each row vector XT

i ∈ RN is assumed
to be a data point. The first step of the subtractive clustering algorithm is to compute the distance matrix.
Euclidean distance is often utilized to compute the distance between two data points, which requires
O(NM2) arithmetic operations. Though the distance matrix can be computed just once for each data
matrix, it still costs a huge amount of time when the size of the data matrix is very large.
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Algorithm 1 The Subtractive Clustering Algorithm
Input: the data matrix X, parameter ra and rb.

1: Calculate the Jaccard distance matrix DJ with min-wise hashing technique;
2: Calculate the potential Pi of each data point Xi by Eq.(7);
3: Find the first cluster center X̂1 and its potential P̂1;
4: Initialization: d = 1, P̂d = P̂1;
5: While P̂d > 0.15P̂1:
6: Subtract some potential for each data point by Eq.(8);
7: d = d+ 1;
8: Find the d-th cluster center X̂d and its potential P̂d;
9: End

Output: The number of clusters d, the cluster centroid X̂i and their potential value P̂i, i = 1, 2..., d.

Since the data matrix in our method contains binary elements, we utilize the Jaccard coefficient to
compute the distance matrix. The Jaccard distance between two data point Xi and Xj is defined as:

DJ(Xi, Xj) = 1− J(Xi, Xj) = 1− |Xi

∩
Xj|

|Xi

∪
Xj|

, (6)

where J(Xi, Xj) denotes the Jaccard coefficient between two data points. Min-wise hashing technique
has been widely used for efficiently calculating the Jaccard coefficient. We first apply the one permutation
hashing [39] which is an effective and efficient min-wise hashing technique to the data points and generate
short signatures for them. After that, we can directly calculate the Jaccard coefficient based on these short
signatures, which saves a lot of time and memory cost.

The subtractive clustering algorithm assumes that each data point is a potential cluster center and defines
the potential Pi of a data point Xi as:

Pi =
M∑
k=1

exp(− 4

r2a
D(i, k)2), (7)

where D(i, k) denotes the distance between data point Xi and Xk, ra represents the effective radius defining
a neighborhood. If the data point is outside this radius, it will have little influence on the potential. The
potential of a data point is a measure of its distance to all other data points. Hence, a data point with
many neighborhoods is very popular and has a high potential value.

In each iteration, we select the data point with the highest potential as the cluster center. Then, in
order to avoid those data points near the cluster center could be selected as another cluster center in the
following iterations, we subtract an amount of potential for each data point as follows:

Pi = Pi − P̂d exp(−
4

r2b
D(i, d)2), i = 1, 2, ...,M, (8)

where P̂d is the potential value of the cluster center X̂d, D(i, d) denotes the distance between data point
Xi and X̂d, rb is a positive constant and usually set as rb = 1.5ra. The process of finding new cluster
centers and reducing the potential of all data points iterates until meeting the stopping criterion, i.e.,
P̂d ≤ 0.15P̂1. The procedure of the subtractive clustering algorithm is summarized in Algorithm 1.

After executing the clustering algorithm, we could obtain: the number of clusters d, the cluster centroid
X̂i and their potential value P̂i, i = 1, 2..., d. These cluster centroids represent the most popular behavior
sessions in the data matrix, and are ranked in order of their popularity. They provide us an insight of the
structure of the data. Hence, we can utilize them to initialize the topic model.
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Instead of simply initializing matrix U, we propose to initialize matrix A as follows. The initialization
matrix A0 consists of the cluster centroid vectors X̂i which are ranked in descending order of their
potential values:

A0 = [X̂T
1 , X̂

T
2 , ..., X̂

T
d ]. (9)

We adopt the number of clusters d as the number of subtopics and utilize matrix A0 as the initialization
matrix. Then, we alternately update matrix U and A until they both converge. The algorithm of our
method is shown in Algorithm 2.

Algorithm 2 The Algorithm of Our Subtopic Mining Method
Input: the data matrix X, regularization parameter λ.

1: Apply the subtractive clustering algorithm to obtain the number of clusters d
and the cluster centroid X̂i, i = 1, 2..., d;

2: Initialize matrix A0 by Eq.(9);
3: Iterate until convergence of U and A:
4: Project X onto the latent space:V = XAT;
5: Compute the singular value decomposition of V:

V = P∆Q;
6: Let U = PQ;
7: Apply the optimized algorithm in [38] to solve A;

Output: Sparse projection matrix A.

IV. EXPERIMENTS ON ACCURACY

A. Data Sets
We evaluated the accuracy of our query subtopic mining method on two real-world Chinese search logs.

Since we are in charge of the CADAL digital library, the first search log is collected from the CADAL
book search engine2. We utilized the search log from January 1st, 2014 to October 31st, 2014. We also
utilized a public Chinese query log called SogouQ3. This search log was constructed by the Tsinghua-
Sohu Joint Laboratory on Search Technology. It contains about 40 million records collected in June 2008
from the Sogou search engine4. Note that this search log has been utilized in the NTCIR INTENT Task
[40]. The detailed information of two search logs are summarized in Table I.

TABLE I
THE DETAILED INFORMATION OF TWO SEARCH LOGS.

Search Log #Records #Users #Queries #Items
CADAL 274,645 11,491 47,367 137,331
Sogou 43,545,343 9,739,697 8,944,554 15,095,238

We created a pool of ambiguous or multifaceted queries for each search log as described below.
Generally, the more frequent a query is, the more likely that it has multiple senses or facets. Hence,
queries with a low frequency (i.e., the query appears less than 30 times in the search log) were first
discarded. Then, we calculated the overall entropy [41] for the rest of queries as:

H(q) = −
∑
r∈Rq

p(r) log p(r), (10)

2http://www.cadal.zju.edu.cn
3http://www.sogou.com/labs/dl/q.html
4http://www.sogou.com
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where Rq is the set of results r clicked by all users after submitting the query q. The clear query represents
a specific information need (i.e., most results often point to a specific item), hence it often has a low
overall entropy value. On the contrary, the unclear query often has a high overall entropy value. We tune
the threshold heuristically, and finally set it to 3.2. Queries with an overall entropy value smaller than
this threshold were classified as clear query and discarded.

Subsequently, we invited human assessors to classify ambiguous and multifaceted queries from those
candidate queries. For each candidate query, the assessors examined its search results and related queries
in the search logs, and then manually classified it into the ambiguous or multifaceted cluster. Ambiguous
query often has more than one interpretation or sense. People often look for information on different facets
of a multifaceted query. After the manual classification was completed by the assessors, we assigned those
queries with the same classification opinion into the pool.

Finally, for each search log, we selected 50 queries from its pool to form the data set. Table II gives
the statistics of two data sets. We split each data set into two parts. 5 queries were utilized for parameters
tuning, and the rest of queries were utilized for evaluation.

TABLE II
STATISTICS OF TWO DATA SETS.

Data set CADAL Sogou
#Queries 50 50
#Ambiguous queries 15 12
#Multifaceted queries 35 38

B. Ground Truth
In order to create the ground truth for evaluation, we asked the human assessors to manually identify

the popular subtopics of each query in the data set. Note that each query was handled by two assessors
to avoid biases. Firstly, a pool of related queries which were issued by at least two users was created
for each query. Then, each assessor manually clustered these related queries with similar search intents.
Related queries which were not relevant or understandable were put into a misc cluster. After that, two
assessors discussed their clustering results together to eliminate different opinions, and provided a short
description for each subtopic. We finally discarded the misc cluster, and assigned a positive integer as an
ID for each subtopic.

Figure 3 shows the statistics of query subtopic numbers in two data sets. For the CADAL data set,
the number of subtopics per query is 13.02 on average, and each subtopic had 2.41 related queries on
average. For the Sogou data set, the number of subtopics per query is 8.50 on average, and each subtopic
had 8.25 related queries on average.

Based on the related queries of a subtopic, we can further obtain its relevant items (i.e., URLs or books).
For each subtopic, items which were clicked by its related queries were assigned to this subtopic. Note
that each item may be relevant to multiple subtopics, while each related query only belongs to exactly
one subtopic. The number of relevant items for a subtopic is 25.09 on average in the CADAL data set,
and 45.06 on average in the Sogou data set.

In Figure 4, we show the subtopics of an example query McGrady from the Sogou data set. McGrady is
a famous American professional basketball player in the NBA. Hence, users are often looking for different
facets of his information, such as McGrady Time, McGrady and the Rockets team, McGrady and kobe,
etc.

C. Evaluation Metrics
Given a query, the subtopic mining method in our experiment was required to return a ranked list of

related queries (or items), where each related query (or item) in the list belonged to a mined subtopic.
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Fig. 3. Statistics of query subtopic numbers in two data sets

An ideal ranked list is expected to (1) cover as many different popular subtopics in the ground truth as
possible; and (2) avoid excessive redundancy in the list (i.e., the top-ranked elements in the list should
be diversity). MAP (mean average precision), α-nDCG [42] and S-recall (subtopic recall) [43] are widely
utilized for measuring information retrieval quality, thus we adopted these measures for evaluation.

Specifically, suppose there are N queries in the data set. Let Mt (t = 1, 2, ..., N ) be the number of
subtopics associated with query number t in ground truth. The subtopic mining method returned a ranked
list Lt of k related queries (or items) for query number t. The related queries (or items) in the list can
either be relevant or non-relevant to each subtopic in the ground truth.

To evaluate this ranked list, it is desirable to consider the order in which the returned related queries
(or items) are presented. The average precision of the ranked list Lt is defined as:

AvgPrecision(Lt) =

∑k
j=1 P (j) ∗Relevance(j)∑k

j=1Relevance(j)
. (11)
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<query number="37" word=" ">

<subtopic number="1">

<description> </description>

<related queries> ; ;nba ;...</related queries>

<URLs>http://www.tuku123.com/2010/0917/8137.html;http://zhidao.baidu.com/question/

146632881;http://wenwen.soso.com/z/q174638526.htm;...</URLs>

</subtopic>

<subtopic number="2">

<description> </description>

<related queries> ; 35 13 ; ;...</related queries>

<URLs>http://baike.baidu.com/view/14761.htm;http://sports.qq.com/a/20091217/

000531.htm;http://my.tv.sohu.com/u/vw/4477889;...</URLs>

</subtopic>

<subtopic number="3">

<description>  </description>

<related queries>  12 28 , , ;...</related queries>

<URLs>http://www.bbboo.com/nba/game/recap_10752.html;http://sports.sohu.com/

20111229/n330648761.shtml;http://www.tudou.com/programs/view/zP3qJOr8-8w/;...</URLs>

</subtopic>

<subtopic number="4">

<description> </description>

<related queries> ; vs ; ;...</related queries>

<URLs>http://zhidao.baidu.com/question/32640684;http://www.tudou.com/programs/view/

vBbnRBaP2eE/;http://v.bbboo.com/show/sid_fEk0k0AgY-Hh.html;...</URLs>

</subtopic>

<subtopic number="5">

<description> </description>

<related queries> 22 ; 22 ;

;...</related queries>

<URLs>http://zhidao.baidu.com/question/280167300;http://zhidao.baidu.com/question/

305735192;http://v.hoopchina.com/v210728.html;...</URLs>

</subtopic>

 

</query>

Fig. 4. An example query McGrady and its subtopics.

where j is the position of the element in the list, Relevance(j) denotes the relevance of the element
in position j, and P (j) =

∑j
i=1Relevance(i)/j. Typically, a binary value for Relevance(j) is used by

setting it to 1 if the element in position j is judged belonging to one of the Mt subtopics and 0 otherwise.
The mean average precision (MAP) of a data set is the mean of the average precisions of all queries

in the data set:

MAP =

∑N
t=1AvgPrecision(Lt)

N
. (12)

To better evaluate the diversity of the ranked list, we also adopted α-nDCG as the evaluation metric.
We first obtained the novelty-biased gain NG(r) for the element in position r as:

NG(r) =
Mt∑
n=1

Jn(r)(1− α)Cn(r−1), (13)

where α is a parameter, Jn(r) = 1 if the element at position r is relevant to the n-th subtopic and 0
otherwise. Cn(r) =

∑r
k=1 Jn(r) denotes the number of elements observed within top r that are relevant

to the n-th subtopic. We utilized the same α value reported at the TREC 2009 Web diversity task where
α was set to 0.5 [1].

Then, the α-nDCG of a ranked list Lt can be calculated by:

α-nDCG(Lt) =

∑k
r=1NG(r)/log(r + 1)∑k
r=1NG∗(r)/log(r + 1)

, (14)
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where NG∗(r) denotes the novelty-biased gain for the element in position r in an ideal ranked list.
Computing the ideal ranked list for α-nDCG is NP-complete, but it is sufficient to obtain an approximation
to the ideal ranked list using a greedy approach [42].

In order to measure the proportion of subtopics that are covered by a ranked list, we further calculated
the subtopic recall (S-recall) as:

S-recall(Lt) =

∪k
i=1 subtopics(i)

Mt

, (15)

where subtopics(i) denotes the set of subtopics to which the element at position i is relevant.

D. Comparison Methods
We compared our method with 3 popular methods. The first comparison method is a latent topic model,

the original Non-negative Sparse LSA. We indicated this comparison method as NNS-LSA. The second
method is based on the popular K-means clustering algorithm. We indicated this comparison method as
K-means. The number of subtopics to be discovered was pre-defined in both comparison methods. We
directly applied each method to the search behavior graph of each query in the data set.

The third method is a state-of-the-art subtopic mining method [7] based on a clustering algorithm which
can leverage two phenomena of user behavior. We indicated this comparison method as 2P-Clustering.
The number of subtopics was automatically decided by the clustering algorithm. Intuitively, two items
will become similar if they are clicked by the similar related queries or they frequently co-occur. Hence,
we utilized the above two phenomena to calculate the similarity between two items. The output of this
algorithm was clusters of items and its related queries. Clusters which consist of only one item were
discarded. The subtopic popularity can be estimated from the number of items in each cluster.

For a query in the data set, each comparison method can obtain a set of subtopics. Each subtopic
consists of several representative items (i.e., books or URLs) and subtopic strings (i.e., related queries).
We picked up the first item or related query in each subtopic to form a ranked list for evaluation.

E. Parameters Setting
In our method, we set ra = 0.8, rb = 1.5ra in the subtractive clustering step and λ = 0.001 in the Non-

negative Sparse LSA model. In the NNS-LSA, the number of subtopics to be discovered was set to 20, and
the parameter λ was set to 0.001. The number of clusters was also defined to 20 in the K-means. In the
2P-Clustering, the combination weights of two similarity functions were set to 0.6 and 0.4, respectively.
The threshold in the clustering step was set to 0.8.

F. Results
Table III shows the accuracy on the subtopic items for different types of queries in two data sets.

When combining the two datasets, the improvement of our method over the NNS-LSA, 2P-Clustering,
K-means are 70.59%, 50.96%, 74.95% in terms of MAP, 28.26%, 27.73%, 31.93% in terms of α-nDCG,
and 26.63%, 33.46%, 54.28% in terms of S-recall. In Table IV, we also show the accuracy on the subtopic
strings for different types of queries in two data sets. When combining the two datasets, the improvement
of our method over the NNS-LSA, 2P-Clustering, K-means are 88.25%, 30.47%, 70.37% in terms of
MAP, 38.67%, 17.79%, 34.05% in terms of α-nDCG, and 33.13%, 15.36%, 20.77% in terms of S-recall.
The S-recall values on subtopic items in Table III are higher than that on subtopic strings in Table IV.
This is because the item in the ranked list may be relevant to multiple subtopics, which will increase the
coverage of subtopics.

We also conducted the significance test (i.e., t-test) on the experimental results, and show the p-value
in Table III and Table IV. We can find that all the reported p-values are smaller than the significance
level of 0.01. Hence, we can conclude that our method outperforms all the comparison methods on two
data sets.
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TABLE III
THE ACCURACY ON THE SUBTOPIC ITEMS.

MAP
Data set Query Type NNS-LSA 2P-Clustering K-means Our Method
CADAL Ambiguous 0.4554 0.5928 0.5244 0.9212

Multifaceted 0.6029 0.6556 0.6070 0.9095
Sogou Ambiguous 0.5974 0.6004 0.4311 0.7707

Multifaceted 0.4238 0.5011 0.4652 0.9462
Improvement +70.59% +50.96% +74.95% -

p-value in the t-test 1.901e-25 8.720e-20 2.205e-13 -
α-nDCG

Data set Query Type NNS-LSA 2P-Clustering K-means Our Method
CADAL Ambiguous 0.6541 0.7582 0.7075 0.9089

Multifaceted 0.7493 0.7524 0.7623 0.9242
Sogou Ambiguous 0.7939 0.6641 0.5972 0.8328

Multifaceted 0.5874 0.6215 0.6402 0.9059
Improvement +28.26% +27.73% +31.93% -

p-value in the t-test 2.124e-17 3.677e-17 1.549e-09 -
S-recall

Data set Query Type NNS-LSA 2P-Clustering K-means Our Method
CADAL Ambiguous 0.4556 0.3774 0.5863 0.7212

Multifaceted 0.5703 0.4535 0.5529 0.7144
Sogou Ambiguous 0.8409 0.8863 0.5199 0.9054

Multifaceted 0.6023 0.6082 0.3675 0.7858
Improvement +26.63% +34.46% +54.28% -

p-value in the t-test 2.673e-04 1.448e-04 2.407e-12 -

TABLE IV
THE ACCURACY ON THE SUBTOPIC STRINGS.

MAP
Data set Query Type NNS-LSA 2P-Clustering K-means Our Method
CADAL Ambiguous 0.4671 0.7145 0.5789 0.9153

Multifaceted 0.6327 0.8031 0.6441 0.9175
Sogou Ambiguous 0.4665 0.7184 0.4192 0.9647

Multifaceted 0.4071 0.6113 0.5383 0.9174
Improvement +88.25% +30.47% +70.37% -

p-value in the t-test 5.542e-24 1.712e-15 1.314e-10 -
α-nDCG

Data set Query Type NNS-LSA 2P-Clustering K-means Our Method
CADAL Ambiguous 0.6698 0.8199 0.7604 0.9283

Multifaceted 0.7417 0.8719 0.7744 0.9448
Sogou Ambiguous 0.6792 0.7604 0.5944 0.9323

Multifaceted 0.6064 0.7231 0.6610 0.9348
Improvement +38.67% +17.79% +34.05% -

p-value in the t-test 5.726e-18 1.366e-14 7.378e-10 -
S-recall

Data set Query Type NNS-LSA 2P-Clustering K-means Our Method
CADAL Ambiguous 0.4050 0.4202 0.5447 0.6550

Multifaceted 0.5064 0.4881 0.5475 0.6139
Sogou Ambiguous 0.4104 0.5466 0.5005 0.4721

Multifaceted 0.4962 0.6432 0.4115 0.6794
Improvement +33.13% +15.36% +20.77% -

p-value in the t-test 6.855e-04 7.8e-03 5.625e-06 -
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G. Discussion
From Table III and Table IV, we found that though NNS-LSA utilized the same latent topic model

as our method, it can not achieve a comparable performance against our method. This is because the
fixed simple initialization scheme and fixed number of subtopics makes the NNS-LSA unavoidably miss
some popular subtopics. In contrast, the initialization scheme in our method can guide the topic model
to discover the most popular subtopics. Moreover, it can automatically decide the number of subtopics to
be discovered, which guarantees the coverage and diversity of the discovered subtopics.

Another observation is that 2P-Clustering can achieve a better performance than the NNS-LSA and
K-means. This indicates that utilizing two phenomena of user behavior can improve the performance in
subtopic mining task. However, the clustering algorithm utilized in this method may suffered from the
curse of dimensionality and data sparsity, which reduces the final performance. Since our method leverages
the advantages of clustering algorithm and latent topic model, it can achieve better performance than the
2P-clustering method.

V. EFFICIENCY EVALUATION

We picked up 5 representative queries from the data set to evaluate the efficiency of our initialization
scheme. The data sizes of these queries range from hundreds to thousands. We first applied the one
permutation hashing to each row of the data matrix (i.e., Xi, i = 1, 2, ...,M ) to generate short signatures
(i.e., Si, i = 1, 2, ...,M ) for them. In this experiment, we chose the length of each signature as |Si| ≈
|Xi|/10. Then, the Jaccard distance matrix was calculated based on these short signatures. We also directly
calculated the original Jaccard distance matrix based on the original data matrix. All these algorithms were
implemented by Python and conducted on a workstation equipped with two 4-core Intel Xeon E5620
(2.40GHz) CPUs and 16GB RAM. Only one core of the CPU was used.

Table V shows the execution time of calculating the Jaccard distance matrix by two methods. The
execution time of the hashing based method consists of the time of hashing process and calculating the
distance matrix. AvgError denotes the average error between the original Jaccard distance matrix and the
one estimated by hashing method. More formally, given the original Jaccard distance matrix Doriginal and
the estimated one Dhashing, the AvgError can be calculated as follows:

AvgError =

∑M
i=1

∑N
j=1 |D

original
ij −Dhashing

ij |
M ×N

(16)

We can find that our hashing based method can achieve a 203x speedup against the original method
averaged over these testing queries, and obtain a very low AvgError simultaneously. It also shows that
the larger the data size is, the faster our hashing based method runs against the original method. Hence,
our hashing based initialization scheme can efficiently generate the initialization matrix when handling
the large scale data set.

TABLE V
THE RESULTS OF CALCULATING THE JACCARD DISTANCE MATRIX BY TWO METHODS.

Query #1 #2 #3 #4 #5
Data Size

#Sessions 189 418 1034 1629 2473
#URLs 186 591 2202 3050 4179

Execution Time(s)
Original method 58.39 909.58 2.09e4 7.2e4 2.31e5

Hashing method 0.47 4.95 93.39 302.36 925.92
AvgError

6.7e−3 3.5e−4 6.7e−5 5.0e−5 1.82e−6
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Selected facets

Input query

The panel of book results

The panel of search intent facets 

The panel of book metadata facets

The number of book resultsThe number of book results

Fig. 5. An example of the CADAL faceted book search engine.

VI. APPLICATION TO CADAL BOOK SEARCH ENGINE

Nowadays, faceted search has been widely applied to digital libraries and e-commerce sites. In the
conventional faceted book search engine, facets are solely made from the metadata of books, which are
often independent of the input query. For example, on the Amazon book search engine, it provides several
book metadata facets, such as category, author, nationality and length. However, when the input query is
ambiguous or multifaceted, users can not refine their search intents by selecting the facets only related to
book metadata. Since the subtopics of a query denote different search intents of users, it is straightforward
that query subtopics should be taken into account when building the facets.

CADAL (China Academic Digital Associative Library) has been a large-scale non-profit digital library
around the world, and provides more than 2.5 million digital books for users. Users can search for their
satisfied books through the CADAL faceted book search engine. The faceted search of our book search
engine consists of two major parts: the off-line processing part and the on-line searching part. In the
off-line processing part, we first utilized the Apache Lucene5 open-source search library to index the
metadata of all books. Then, for each query in the CADAL data set, we applied our subtopic mining
method to obtain its subtopics. All the queries and their subtopics were stored into the database for the
on-line searching service.

In the on-line searching part, our search engine not only generates the conventional book metadata
facets, but also generates the search intent facets for the input query. Intuitively, each query subtopic can

5http://lucene.apache.org/java/
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be naturally represented as a search intent facet. Hence, if the input query has already been stored in the
database, we adopt the number of its subtopics as the number of facets, and add those related queries
of each subtopic into each facet. Users can select the suggested queries in these facets to further narrow
down their search intents and obtain the satisfied books.

Figure 5 shows an example of the CADAL faceted book search engine after a user inputs a query
Shanghai. The panel of search intent facets and book metadata facets are displayed at the top of the
interface. The search intent facets suggest several popular subtopics of the input query. The user can
select the suggested queries in these facets to narrow down his search intent. The book metadata facets
also suggest the metadata of books to help the user further refine the book results. After the user selects
these facets, the corresponding book results are displayed in the book results panel at the bottom.

In this example, our faceted book search engine provides 7 search intent facets and 3 book metadata
facets (i.e, book types, tags and publishers) to the user. The original search results contain more than
14,000 books matching the input query Shanghai. If a user wants to find some books about Shanghai
finance, it is difficult to obtain the satisfied books based on the metadata. However, the user can directly
look at the search intent facets panel, and select the suggested query Shanghai finance which precisely
meets his search intent. After that, 12 books about Shanghai finance are displayed to the user in the
book results panel. Hence, incorporating the popular subtopics of input query into the faceted search can
significantly reduce a user’s effort in finding books.

VII. CONCLUSIONS AND FUTURE WORK

In this paper, we developed a novel method to automatically mine the popular subtopics of queries from
the search log data. In our method, the subtractive clustering algorithm is utilized to initialize the Non-
negative Sparse LSA model, which successfully leverages the advantages of two algorithms. We further
evaluated the effectiveness and efficiency of our proposed method on two real-world Chinese search
logs. The experimental results show that our method can achieve better performance than other examined
methods. We also applied our method into the CADAL digital library to help the book search engine
generate the search intent facets for the input query. Users can refine their search intents expediently by
selecting the suggested queries in these facets.

In the future, we plan to publicly provide this novel faceted search service on the CADAL book search
engine, and conduct an on-line user study to further evaluate our proposed method. We also intend to
incorporate the crowdsourcing technique into our method to help us improve the quality of subtopics.
Investigating the initialization scheme of different unsupervised learning methods is also an interesting
research direction.
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