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ABSTRACT

1. INTRODUCTION

The problem of learning user search intents has attracted
intensive attention from both industry and academia. However, state-of-the-art intent learning algorithms suﬀer from
diﬀerent drawbacks when only using a single type of data source. For example, query text has diﬃculty in distinguishing ambiguous queries; search log is bias to the order of
search results and users’ noisy click behaviors. In this work,
we for the ﬁrst time leverage three types of objects, namely
queries, web pages and Wikipedia concepts collaboratively
for learning generic search intents and construct a heterogeneous graph to represent multiple types of relationships
between them. A novel unsupervised method called heterogeneous graph-based soft-clustering is developed to derive an
intent indicator for each object based on the constructed heterogeneous graph. With the proposed co-clustering method,
one can enhance the quality of intent understanding by taking advantage of diﬀerent types of data, which complement
each other, and make the implicit intents easier to interpret
with explicit knowledge from Wikipedia concepts. Experiments on two real-world datasets demonstrate the power of
the proposed method where it achieves a 9.25% improvement in terms of NDCG on search ranking task and a 4.67%
enhancement in terms of Rand index on object co-clustering
task compared to the best state-of-the-art method.

Understanding user search intent is one of the most fundamental and critical problems faced by modern search engines. Research studies have been conducted extensively on
identifying search intents in order to better satisfy users’
information needs. Identifying the intents behind a query
helps distinguish ambiguous or multi-faceted queries [16],
suggest related queries [30], and guide users to corresponding vertical search engines [15]. Additionally, matching web
pages and search intents together can beneﬁt search result
presentation through search result diversiﬁcation.
There are mainly two categories of intent deﬁnitions, based
on whether or not the intent is pre-deﬁned. Intents such
as search tasks [17] require intent labels deﬁned in advance
while others such as topics [1] do not rely on any existing
ontology. In this work we focus on learning generic search
intents which can ﬁt into all domains without any kind of
pre-deﬁned intent category.
Traditional intent learning methods utilize only text information from queries or web pages [29]. Such methods cannot
handle ambiguous or multi-faceted queries properly. Later
studies leverage web search log to facilitate user interest interpretation when learning search intents [7]. One general
assumption is that multiple web pages tend to share the
same search intent if they are clicked under similar queries.
Unfortunately, this assumption has some intrinsic limitation
due to the nature of web search. User clicks might be biased
by the order of search results, and are typically observed
for only a small fraction of web pages. Users may click web pages which are irrelevant to their real search intents by
mistake, bringing noise to the search log.
Recent studies attempt to tackle the aforementioned issues by either using search session data [24] and sponsored
search data [27], or combining search log with diﬀerent data
sources such as query text [20, 16] and search session data
[22]. In particular, semantic information such as named entities [15] and Wikipedia concepts [28, 4] have proven to be
eﬀective in terms of learning and interpreting search intents.
However, existing methods can only learn intents within a
speciﬁc domain such as cars or movies, and often can only handle concept-related queries. To our best knowledge,
no previous works leverage query, web page and Wikipedia
concepts collaboratively to learn generic search intents.
In this paper we propose a novel search intent deﬁnition
by utilizing three types of objects, namely query, web page
and semantic concept from Wikipedia. A heterogeneous
graph-based framework is proposed to derive intents from
query text data, web page content, click-through log and
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2.

RELATED WORK

2.1 Query Intent Learning
The problem of learning query intent has been studied intensively and characterized along diﬀerent dimensions, such
as search subgoals [27], search tasks [17], search missions [1],
topics [1], subtopics [16], patterns [6] and taxonomy [28]. Nevertheless, we categorize existing methods into query classiﬁcation and query clustering.
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Wikipedia concepts simultaneously. The uniﬁed optimization approach takes advantages of diﬀerent types of data,
which complement each other, and ameliorate the aforementioned drawbacks when using a single data source. For example, given the query “oﬃce”, the proposed method is able
to identify several search intents including software intent
for Microsoft Oﬃce, entertainment intent for the NBC TV
show “The Oﬃce” and daily supplies intent for oﬃce supplies
as needed. However, using only query text, entity mentions
in query or the search log we are not able to ﬁnd all possible
intents as stated above because (1) search queries are often
short and ambiguous; and (2) user click is biased to more
popular web pages related to Microsoft Oﬃce.
In our solution, we construct a heterogeneous graph using
many types of data to encode query-page, page-page and
page-concept relations where the relation strength indicates
how similar two objects are, in terms of their search intents
(see Figure 1). To learn search intents through the heterogeneous graph structure, we face three challenges: (1) how to
model the relationships between objects to preserve the semantic information in the constructed heterogeneous graph;
(2) how to incorporate diﬀerent types of relations in a uniﬁed intent learning framework; (3) how to predict intents
for newly emerged objects. We develop a graph-based softclustering method to learn how likely an object belongs to
each search intent from the heterogeneous graph, yielding an
intent indicator for each object. An approximate algorithm
is further designed to ﬁrst embed all types of objects into a
uniﬁed feature space and then apply soft-clustering methods
on the embedded intent features to obtain intent indicators.
With the proposed method, we can simultaneously (1) identify information needs behind queries; (2) understand what
intents a web page can satisfy; and (3) recognize Wikipedia
concepts that can best interpret diﬀerent intents.
Experiments on both search ranking, which evaluates the
eﬀectiveness of intent features, and object co-clustering of
queries, web pages and concepts demonstrate the power of
our method. For search ranking, the proposed method achieves a 9.35% improvement in terms of NDCG on the commercial data set and a 23.99% growth in terms of MRR on AOL
data set. For object co-clustering, our method gets a 4.67%
enhancement in terms of Rand index on the commercial data
set compared to the best state-of-the-art method. Our case
study on object co-clustering results shows that the learned
intents can be well interpreted by the Wikipedia concepts
within each intent cluster.
The rest of paper is organized as follows. Section 3 introduces the construction of heterogeneous graphs and provides
a formal problem deﬁnition. Section 4 proposes the heterogeneous graph-based soft-clustering method, along with the
computational complexity analysis. We provide experimental results and analysis in Section 5, and conclude our work
together with ideas on future work in Section 6.
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Figure 1: An illustration of the constructed heterogeneous graph which consists of three types of objects: queries, web pages and Wikipedia concepts,
and three types of relations: query-page relation,
page-page relation and page-concept relation.
Query classiﬁcation aims to classify queries into pre-deﬁned
intents such as search goals or search tasks [17]. Instead of
using only query keywords, quite a few studies turn to diﬀerent resources, including search log [18], Wikipedia concepts
[15] and search session data [5].
As an alternative, grouping queries into intents by means
of query clustering has also been popularly studied [24, 28,
20, 1, 16, 27, 6]. Traditional document clustering methods
cannot work well on queries due to their limited number of
keywords. Search log which contains user interests is one
kind of data widely used for query clustering [7], and is further combined with query content to achieve better performance [20]. Search session data [30] and sponsored search
data [27] are also widely utilized for ﬁnding query relations
and intents.
Our work is similar to [6] in terms of the motivation of
seeking a better interpretation for learned intents. However, we achieve the interpretation by leveraging semantic concepts in Wikipedia. Compared to building taxonomy from
entity-related queries [28], we collect external semantic concepts from Wikipedia, which is able to handle broader kinds
of queries. Although there are studies such as [25], which
learn user intents for queries and web pages simultaneously,
and work such as [4], which explores heterogeneous relationships between queries and Wikipedia concepts, to our best
knowledge, our work is the ﬁrst for learning generic search
intents behind queries, web pages and Wikipedia concepts
in an uniﬁed graph-based framework.

2.2 Clustering on Graphs
Another group of related work is graph-based clustering
which groups single or multiple types of objects with respect
to their graph structure. Typical methods include spectral
clustering on homogeneous graph and co-clustering on bipartite graph [8, 26].
In particular, Guan et al. [12] exploit aﬃnity and bipartite relationships between users, documents and social tags
by graph embedding in recommendation. Recently, several
studies exploit heterogeneous graphs which consist of heterogeneous types of objects and/or relationships by clustering
[19]. For example, aﬃnity relationships can be incorporated into co-clustering of bipartite graph [11]. Clustering of
multiple types of objects in a heterogeneous graph which
consists of multiple relationships are also studied [23].

The diﬀerences between our method and the above studies
are (1) we study both aﬃnity relationships and bipartite relationships in a co-clustering framework, and (2) we consider
features of multiple types of objects simultaneously.

3.

BACKGROUND

In this section, we provide the background of the problem
which includes the details on construction of heterogeneous
graph and the formal problem deﬁnition.

3.1 Heterogeneous Graph Construction
We use a heterogeneous graph, which consists of multiple
types of objects and/or multiple types of relationships, to
preserve diﬀerent kinds of information from diﬀerent data
sources. The basic idea to construct the graph is that two
objects are linked with larger relation strength if they are
more likely to share similar search intent.
Speciﬁcally, we have three types of objects: queries Q =
{q1 , ..., q|Q| } issued by diﬀerent users in search log, web pages
P = {p1 , ..., p|P| } clicked by diﬀerent users in search log,
and Wikipedia concepts E = {e1 , ..., e|E| } related to web
pages1 . There are three types of relations between these
objects including query-page relation extracted from clickthrough log, page-page relation based on web page text, and
page-concept relation provided by explicit semantic analysis (ESA) [9], leading to three subgraphs HQ,P , GP and
JP,E , respectively. In this way, information from these data
sources can be learned to preserve the heterogeneous graph
structure. We denote the constructed heterogeneous graph
as G and show an illustration in Figure 1.

3.1.1 Query-page Subgraph
Click-through relations between queries and web pages
form a bipartite query-page subgraph. We assume that a
query and a web page are more likely to share the same
intent if the number of users who click the web page after
issuing the query is larger. For example, if most of users end
at clicking web pages of Microsoft Oﬃce after they issue the
query “oﬃce”, “oﬃce” is more likely to carry software intent
rather than intents relevant to entertainment.
The query-web page bipartite subgraph is also called click
graph in the literature [7], where a query q ∈ Q is linked to
a web page p ∈ P if and only if p has been clicked by at
least one user after issuing query q in the search log. The
edge weight is deﬁned as click-through counts between q and
p, reﬂecting the relation strength. We use C ∈ R|Q|×|P| to
denote adjacency matrix of the click graph, where Cij is
equal to click counts from i-th query to j-th web page.

3.1.2 Web Page Subgraph
Text in a web page is a good source for identifying what
search intents a web page can satisfy. For instance, if we ﬁnd
a web page containing keywords (e.g., words with highest
TF-IDF scores) such as “Microsoft” , “install” and “download”, we are more conﬁdent to say this web page can accomplish software intent rather than entertainment intent.
Therefore, we assume that two web pages might satisfy similar search intents if their textual content are similar.
Speciﬁcally, we extract keywords from title and body of
all web pages based on TF-IDF scores which form an m1
In the rest of the paper, we use the term “concept” to represent Wikipedia concept for simplicity.

dimensional term space, and generate TF-IDF vectors for
all the web pages as their textual features, denoted by P ∈
R|P|×m . We further follow the construction of K-nearest
neighbor (KNN) graph [2] to build a web page aﬃnity subgraph whose adjacency matrix is denoted by Y ∈ R|P|×|P| .
Speciﬁcally, each web page is linked to its K most similar
web pages in terms of their textual features P as follows:

sim(Pi , Pj ), if Pi ∈ NK (Pj ) or Pj ∈ NK (Pi );
Yij =
0,
otherwise.
(1)
where sim(Pi , Pj ) is Cosine similarity score between Pi and
Pj , i.e., sim(Pi , Pj ) = (Pi · PTj )/(Pi Pj ), and NK (a)
denotes K nearest neighbors of a.

3.1.3 Page-concept Subgraph
We extract web page-concept relations using explicit semantic analysis (ESA) [9], which can measure the semantic relevance between a Wikipedia concept and a given web
page. For instance, given the web page about Microsoft Ofﬁce, Wikipedia concept “microsoft word” receives ESA score
as 0.24 while “room (architecture)” gets approximately 0 score, showing that “microsoft word” is more likely to share
the same intent with the web page. Similarly, two web pages
are assumed more likely to share the same search intent if
their related concepts are similar.
For simplicity, we only consider the top-300 most relevant concepts for each web page, and represent all web pages
in the resulting |E |-dimension concept space as ESA score
vectors, denoted as PE ∈ R(|P|×|E|) . We further deﬁne the
page-concept bipartite subgraph JP,E by an adjacency matrix PE ∈ R|P|×|E| as follows:

sim(pi , ej ), if pi ∈ NK (ej ) or ej ∈ NK (pi );
PE,ij =
0,
otherwise.
(2)
where sim(pi , ej ) denotes the ESA scores between web page

pi and concept ej ; and |E|
j=1 PE,ij = 1.

3.2 Problem Definition
In this work, we cast the search intent learning problem into heterogeneous graph-based soft-clustering of queries, web
pages and concepts simultaneously where each cluster can
be explained as one search intent.
Suppose there are k diﬀerent search intents behind all three types of objects, we ﬁrst deﬁne three indicator matrices FQ ∈ [0, 1]|Q|×k , FP ∈ [0, 1]|P|×k , and FE ∈ [0, 1]|E|×k
which describe the conﬁdence of queries, web pages and concepts belonging to diﬀerent search intents, respectively. The
deﬁnition of search intent learning problem is as follows:
Definition 1 (Problem Definition). Suppose there
are k distinct search intents for queries, web pages and concepts. Given a constructed heterogeneous graph G, its adjacency matrices C, Y and PE , and web pages’ textual features
P, learn FQ , FP and FE as soft-clustering indicators for all
three types of objects simultaneously.

4. LEARNING INTENTS ON GRAPHS
In this section, we explain our method for learning uniﬁed
search intents in details. An approximate method for eﬃcient learning of concept intent is ﬁrst developed. We then
derive an optimization problem which preserve the heterogeneous graph structure and developed an eﬃcient algorithm

based on graph embedding and fuzzy clustering for solving
the optimization. Finally, we extend our method to predict
intent for unseen queries and web pages.

4.1 Efficient Learning of Concept Intents
In practice, the concept number in knowledge base is huge
(e.g., Wikipedia contains 4,308,113 English concepts2 ), resulting in an even larger parameter space when learning
concept intent indicator FE , i.e., O(|E |d). Therefore, we
propose to approximately compute concept intent features
by ﬁrst aggregating information from web page-concept subgraph into an concept-based web page aﬃnity subgraph, and
then deriving concept intent indicator based on learned web
page intent indicator FP and web page-concept subgraph
PE . Through this way, the computational burden is largely
reduced by getting rid of the parameter space of FE during
the learning process.
Speciﬁcally, web page-concept relationships in the bipartite subgraphs JP,E are encoded into concept-based web
page relationships by measuring web page-web page similarity in terms of their related concepts PEi and PEj , respectively. We represent JP by an adjacency matrix E ∈
R|P|×|P| whose element is dot product of PEi and PEj , i.e.,
Eij = PEi PTEj . With this modiﬁcation, the heterogenous
graph G is now transformed into a simpliﬁed formation, consisting of a click graph, a text-based aﬃnity graph of web
pages, and an concept-based aﬃnity graph for web pages.
After learning the web page intent features, we can further
derive the intent feature for j-th concept as follows:
FEj =

PTE·j

· FP , for j = 1, 2, . . . , |E |,

4.2 Problem Formulation
In this section, a heterogeneous graph-based soft-clustering
optimization problem is derived for uniﬁed search intent learning and an approximate algorithm is developed to
eﬃciently solve the optimization problem.
Mathematically, we model each type of relationship into
a cost function based on locality preserving idea [2], which
requires two nearby objects in G to have similar intent indicators, and further derive the optimization problem by using
weighted summation of these cost functions as the objective
function and imposing soft-clustering constraints on the intent indicators:

FQ ,FP

Cij FQi − FPj 22


i,j=1

Yij FPi − FPj 22 + λE ·

|P|



a22

|Q|


(Q)

Dii

· FQi FTQi +

i=1

−2 ·

|Q| |P|



|P|


(P)

Djj · FPj FTPj

j=1

Cij · FQi FTPj



i=1 j=1


= Tr FTQ D(Q) FQ + FTP D(P) FP − 2 · FTQ CFP . (5)


Here we utilize two properties of trace: Tr(A+B) = Tr(A)+
Tr(B) and Tr(AB) = Tr(BA) [10].
The second term in Equation (4) attempts to model web
page-web page relationships, which forces intent indicators
of two web pages are similar if they are close to each other
in terms of web page aﬃnity subgraph Y. Similarly, we can
rewrite it into trace form as follows:
|P|


Yij · FPi − FPj 22

(6)

i,j=1





2 Tr FTP D(T ) FP − FTP YFP = 2 Tr FTP L(T ) FP ,

=

|P|
(T )
(T )
=
where D(T ) is deﬁned as Dii =
j=1 Yij and L
(T )
− Y is the graph Laplacian matrix of Y [2].
D
As described in Section 4.1, web page-concept relationships have been transformed into concept-based relationships between web pages. Minimizing the third term in
Equation (4) forces two web pages to have similar intent indicators if concept-based relationship between them is
strong. Similarly we can deﬁne degree matrix D(E) where

(E)
(E)
= D(E) −E, and rewrite the term
Dii = |P|
j=1 Eij and L
as follows:
|P|




Eij · FPi − FPj 22 = 2 · Tr FTP L(E) FP .

(7)

i,j=1

By substituting Equations (5), (6) and (7) into the objective function of Equation (4), the graph-based soft-clustering
optimization problem is transformed equivalently as follows:

=

min L(FQ , FP )


λQP · Tr FTQ FQ + FTP FP − 2 · FTQ CFTP




+2λT · Tr FTP L(T ) FP + 2λE · Tr FTP L(E) FP

s.t.

FQ ∈ [0, 1]|Q|×k , FP ∈ [0, 1]|P|×k ,

FQ ,FP

Eij FPi − FPj 22
(4)


2
i ai .

=
λQP ,
where  · 2 denotes the L2 norm, i.e.,
λT and λE are tuning parameters which control the tradeoﬀ between three types of relationships. Note that 0 ≤
λQP , λT , λE ≤ 1.
2

= Tr

i,j=1

s.t. FQ ∈ [0, 1]|Q|×k , FP ∈ [0, 1]|P|×k ,

Cij · FQi − FPj 22

i=1 j=1

i=1 j=1
|P|

+λT ·

|Q| |P|



|Q| |P|



(3)

where PE·j is the j-th column of matrix PE .
In the following sections, we will introduce the detailed
algorithm for learning intent features of queries and web
pages based on the simpliﬁed heterogeneous graph G.

min L(FQ , FP ) = λQP ·

Query-web page relationship is modeled by the ﬁrst term
in Equation (4). Minimizing the term forces linked queries
and web pages in click graph C to have similar intent indicator if click count between them is large. With the deﬁnition of two diagonal degree matrices D(P) and D(Q) , where

|Q|
(Q)
(P)
Dii = |P|
j=1 Cij and Djj =
i=1 Cij , we can rewrite L2
norm of the ﬁrst term into trace form and transform summation into matrix multiplication as follows:

http://en.wikipedia.org/wiki/Wikipedia:Statistics

(8)

With the deﬁnition of augmented intent indicator F =
[FTQ , FTP ]T , Equation 8 can be further rewritten into a more
concise form:
min L(F) = Tr(FT LF) s.t. F ∈ [0, 1](|Q|+|P|)×k ,
F

(9)

where L is the global graph Laplacian matrix:


λQP · D(Q)
−λQP · C
L=
.
−λQP · CT λQP D(P) + 2λT L(T ) + 2λE L(E)
(10)

4.3 The Learning Algorithm
Directly solving the soft clustering problem in Equation
(9) is not easy, since the objective function is non-convex
and non-continuous. Similar to spectral clustering [8], we
propose an eﬃcient algorithm to approximately solve Equation (9) which ﬁrst embeds each object into a k-dimensional
intent space, and then clusters the objects based on the embedding intent features.
First, by relaxing F to U ∈ R(|P|+|Q|)×k and imposing
constraint on U, we can learn an optimal graph embedding U similar to Laplacian eigenmaps [2], which encodes
all types of relationships into a k-dimensional intent space
as follows:
min Tr(UT LU) s.t. UT MU = Ik ,
U

O,Θ

|Q|+|P|+|E|



k


i=1

j=1

2
Oij
· Π̃i − Θj 22

X =

Q
0

0
P

, L deﬁned in Equation (10), and M

deﬁned in Equation(12)
3: Use Lanczos algorithm to get k generalized eigenvectors
β̃ corresponding to k smallest eigenvalues (excluding 0)
of eigen-problem in Equation (15)
4: Compute intent features ŨQ , ŨP and ŨE based on Equations (14) and (3), respectively
5: Use fuzzy c-means in Equation (13) to learn intent indicators F̃Q , F̃P and F̃E

(11)

where Ik is identity matrix and M is global degree matrix
deﬁned as


0
λQP · D(Q)
.
M=
0
λQP D(P) + 2λT D(T ) + 2λE D(E)
(12)
The constraint UT MU = Ik in Equation (11) is imposed
to remove arbitrary scaling of U where the degree matrix
M provides a global measure on variance of U [2]. From
Equation (11) we can see L is a positive semi-deﬁnite matrix.
Optimal intent features Ũ can be computed by k generalized
eigenvectors corresponding to k-smallest eigenvalues of the
generalized eigenvalue problem LU = λMU (excluding the
one with zero eigenvalue). In particular, we will show shortly
(see Section 4.5) that Lanczos algorithm [10] can be used to
iteratively compute the smallest k generalized eigenvectors,
which largely increase the eﬃciency by avoiding solving all
eigenvalues.
With intent features Ũ = [ŨTQ , ŨTP ]T for both queries and
web pages, we derive intent features for concepts based on
Equation (3), i.e., ŨEk = PTE·k · ŨP , for k = 1, 2, . . . , |E |.
Therefore, various soft clustering methods can be adopted
on ŨQ , ŨP and ŨE to learn search intent indicators FQ , FP
and FE simultaneously. In this work, we adopt the widely
known fuzzy c-means [3], which optimizes the intent features
as follows:
{Õ, Θ̃} = argmin

Algorithm 1 Uniﬁed Search Intent Learning by HSoC
Input: Adjacency matrices {C, Y, PE }, textual features
{Q, P}, parameters {λQP , λT , λE }, number of intents k
Output: Intent features {ŨQ , ŨP , ŨE }, intent indicators
{F̃Q , F̃P , F̃E },
1: Derive adjacency matrix of concept-based aﬃnity subgraph E based on Eij = PEi PTEj
2: Calculate
matrices
L̃ = XT LX and M̃ = XT MX using



(13)

where Π̃ = [ŨTQ , ŨTP , ŨTE ]T is augmented intent features for
all objects and Θj is the center of j-th cluster. Details of
the fuzzy c-means algorithm is in [3]. Finally, we can obtain
the intent indicators for queries, web pages and concepts by
Õ = [F̃TQ , F̃TP , F̃TE ]T ∈ [0, 1](|Q|+|P|+|E|)×k .

4.4 Generalization for Intent Prediction
In practice, users continuously issue new queries and look
for new web pages to satisfy their search requirements. Thus,
we desire an algorithm with generalization ability which can
predict search intents for unseen queries and web pages. In

this section, we propose a modiﬁed algorithm for newly emerged objects based on the linear model, which is closely
related to locality preserving projection [14].
Speciﬁcally, we impose linear models on intent features
U = [UTQ , UTP ]T as follows:
UQ = QW

and

UP = PV,

(14)

where W ∈ R|Q|×m and V ∈ R|P|×n are parameters for
the linear models. Q ∈ R|Q|×n is the term feature vector
(weighted by TF-IDF) for queries and n is the dimensionaliT
T T
ty of query term space. Suppose
 β = [W , V ] as
 we have
augmented parameters, X =

Q
0

0
P

as augmented con-

tent feature, L̃ = XT LX as global graph Laplacian and
M̃ = XT MX as global degree matrix, by substituting Equation (14) into Equation (11), a linear extension of originally
intent learning problem can be derived as follows:
min Tr(β T L̃β) s.t. β T M̃β = Im+n ,
β

(15)

Similarly, the solution of above optimization problem can
be computed by k generalized eigenvector corresponding to
k-smallest eigenvalues of L̃β = λM̃β. With estimated parameters β̃ = [W̃T , ṼT ]T , we can further calculate the intent features F̃Q and F̃P by Equation (14), F̃E by Equation
(3), and learn intent indicator following the same process as
that in Section 4.2. Given a new query or web page d and
its content feature pd , we can predict its search intent by
Equation (14) based on learned linear model parameters.
Finally, we summarize the entire procedure of the heterogeneous graph-based soft-clustering (HSoC) method for
learning uniﬁed search intents in Algorithm 1.

4.5 Computational Complexity Analysis
In this section, we will analyze the computational complexity of proposed algorithm using the term flam [10].
For construction of heterogeneous graph, the cost for ESA
is around |P|dt+|P|t log t ﬂam given the built inverted index
where t is average number of indexed concepts for a term
(t  |E |) and d is average number of terms in a web page
(d  n) [9]. Constructing Y costs around |P|2 d + 4|P|d +
|P|2 log |P| ﬂam and similarly, constructing E costs around

Table 1: Statistics of two click graphs
Data sets
# of unique queries
# of unique URLs
# of edges
# of query words
# of page words
Total click count

AOL
144,004
103,509
266,954
34,103
50,810
64,295k

Commercial
103,689
231,232
363,753
38,016
60,177
20,740k

|P|2 e + 4|P|e + |P|2 log |P| ﬂam where e is average number
of concepts related to a web page (e  |E |).
For graph embedding, the calculation of sparse matrix
L̃ = XT LX requires around |Q|r + 2|Q|rc + 2|P|nd + |P|d +
2|P|Kd + 2|P|md ﬂam where c is average number of clicks
from a query (c  |P|). Similarly, calculation of sparse matrix M̃ = XT MX requires around |Q|r + 3|P|d ﬂam where
r is average number of terms in a query (r  m). Using
Lanczos algorithm, eigen-problem in Equation (15) can be
solved using lk(m + n)(c + 2K) ﬂam where l is number of
iterations for Lanczos (l ≈ 20) [10].
For clustering, Equations (3) and (14) costs in total |Q|kr+
|P|kd + |E |ke ﬂam and fuzzy c-means costs around (|Q| +
|P|+|E |)k3 v where v is number of iterations (v ≈ 30). Overall, the total time complexity for Algorithm 1 is


O |P|2 (d + e + log |P|) + k3 v(|Q| + |P| + |E |) .

5.

EXPERIMENTS

In this section, we evaluate the eﬀectiveness of intent features using search ranking and test the performance of the uniﬁed search intent learning method on object co-clustering.
Two diﬀerent search datasets are used for evaluation: commercial search data set and AOL search data set.

5.1 Data Preparation
Two real click-through data sets are used for building click
graphs in our experiments: AOL search data and one week
click-through data collected from a commercial search engine. Statistics of two data sets are shown in Table 1.

5.1.1 Click Graphs
The AOL search data consists of about 20 million query
entries collected from about 650k users over three months, which contains 4,811,651 unique queries (after converting
to lower case and removing special characters such as punctuation), and 1,632,789 unique URLs (after normalization).
We ﬁltered out queries with objectionable content such as
pornography and hate speech, and pruned potentially navigational queries (click ratio to a certain URL is more than
0.9). We only keep the links between queries and web pages
if the click count is more than 4 since it is more popular
and important to study [18], leading to 144,004 queries and
103,509 web pages (URLs) remaining.
For the commercial search log, it originally contained about
4 million entries spread over a week, including 2,111,378 unique queries and 1,897,130 unique URLs. A similar preprocessing procedure is applied to this data except that we
set the minimum click frequency to be 20 since the average
click count of each query in this data set is much larger than
that of AOL data set. Finally we obtained 103,689 unique
queries and 231,232 unique web pages (URLs).

5.1.2 Text-Based Web Page Subgraphs
We crawled the page content for each URL and dropped
those URLs which have no useful content information, re-

Table 2: Statistics of two web page subgraphs
Data sets
# of unique concepts
# of edges in E
# of edges in Y

AOL
2,329,443
419,332
513,326

Commercial
2,640,984
1,252,184
1,239,856

sulting in about 101k URLs remained for AOL data and
about 228k URLs remained for the commercial data set. To
obtain textual features, we ﬁrst extracted words from queries
and web pages’ content, removed stop words and normalized
white space. Next, we represented each query or web page
as a bag-of-word vector using TF-IDF weighting. We ﬁnally
obtained 34,103 unique words for queries and 50,810 unique
words for web pages in the AOL data set. From the commercial data set, we collected 38,016 unique words for queries
and 60,177 unique words for web pages. A text-based KNN
graph GP was then constructed based on the method mentioned in Section 3.

5.1.3 Concept-Based Web Page Subgraphs
We implemented the ESA algorithm following [9] and extracted top-300 relevant Wikipedia concepts for each web
page. Empirically we found the performance of our method
does not noticeably change when the number of related concepts is larger than 300. The concept-based web page subgraph E is then constructed based on the method mentioned
in Section 4.1. Statistics of the two kinds of web page subgraphs for the two datasets are shown in Table 2.

5.1.4 Evaluation Sets
To generate ground-truth data set, we manually judged a
subset of query-page pairs into ﬁve diﬀerent levels including
“Perfect”, “Excellent”, “Good”, “Fair” and “Bad”. For AOL
data set, we labeled 1,350 queries and 10.3 associated web
pages on average. For the commercial data set, we labeled
2,260 queries and 13.2 associated web pages per query. Each
ground-truth data set is split into three parts randomly and
we used 1/3 as a validation set for tuning parameters, and
2/3 as a testing set for evaluations.
Similarly, we also labeled ground-truth data for queryconcept pairs, including 1,080 queries with 8,652 concepts
for AOL data set, and 2,120 queries with 10,241 concepts
for the commercial data set.
In the rest of this section, we will present our experimental
results on both data sets under two diﬀerent tasks, search
ranking and object co-clustering.

5.2 Search Ranking
In this section, we evaluate the eﬀectiveness of the intent
features, which are derived from the proposed heterogeneous
graph embedding (HGE) method, in terms of search ranking. Given a query, the search ranking problem aims to ﬁnd
pages that best meet the search intents behind the query.

5.2.1 Experimental Settings
To study the usefulness of textual (bag-of-word) and conceptual (Wikipedia concepts) information, we considered
four variations to the proposed method: 1) Only click and
textual (bag-of-word) information is used; 2) Only click and
concept information is used; 3) all types of information are
used and 4) use the linear model along with all types of
information. Details are listed below.
HGE: We applied heterogeneous graph embedding in the
proposed algorithm to learn intent features for queries and

Table 3: Search ranking performance comparisons on AOL dataset and the commercial dataset in terms of
MRR (larger is better) and NDCG@1, 3, 5. We report the performance under two diﬀerent feature dimensionality (k = 200 and 300) for the four variations of the proposed method.
AOL data
NDCG@3 NDCG@5
0.7477
0.8108
0.7892
0.8308
0.7724
0.8354
0.8264
0.8468
0.8306
0.8706
0.8314
0.8715
0.8188
0.8594
0.8151
0.8532
0.8285
0.8651
0.8345
0.8698
0.8522
0.8857
0.8540
0.8865

web pages. Query-web page similarity is then calculated by
Euclidean distance between intent features. For parameters,
we set λqp = 0.1, λt = 0.05 and λe = 0.05 based on our
parameter study (see Section 5.4).
HGECG : By setting λe = 0 in HGE, we only consider
click graph and text-based web page subgraph Y. Other
parameters are set to be the same as in HGE.
HGEEG : By setting λt = 0 in HGE, we only consider
click graph and concept-based web page subgraph. Other
parameters are set to be the same as in HGE.
HGEFea : This method integrates linear models with
HGE as that in Section 4.4. The same parameters are applied here.
For comparison, we also considered four state-of-the-art
methods, which are described below.
BM25: BM25 is a purely content-based method. It computes similarity scores between textual features of queries
and those of web pages. We use the default settings, i.e.,
k1 = 2, b = 0.75.
RW: Given a query, RW performs backward random walk
on the click graph [7] and provides probabilistic ranking of
web pages. The method contains two parameters: the selftransition probability s and number of transition steps t. As
suggestion by [7], we ﬁxed s = 0.9 and tuned t in the range
of {1, ..., 20}. It is observed that when t > 5 the method
achieved stable performance. Thus, we set t = 5.
MCoC: Multi-class co-clustering (MCoC) [22] aims to
learn latent features from a bipartite graph through an embedding procedure. We adopted this method on our click
graph and calculated the query-web page similarity by Euclidean distance between corresponding feature vectors. Feature dimension is empirically set to d = 100 as suggested in
[22].
M-PLS: Multi-view partial least square (M-PLS) [25] uses both click graph and diﬀerent types of features of queries
and web pages to learn query-web page similarity. We consider only textual features Q and P in our experiments.
Feature dimension is set to d = 100 to balance the computational cost and performance [25].

5.2.2 Evaluation Metrics
To evaluate the performance of diﬀerent methods in the
search ranking task, we employ NDCG@1, 3, 5 as our evaluation metrics. The human-judged labels are mapped to
ratings 0-4 accordingly.

MRR
0.3423
0.5980
0.3655
0.5732
0.7415
0.7268
0.6531
0.6764
0.6641
0.6806
0.6126
0.6050

NDCG@1
0.5929
0.6577
0.6348
0.7711
0.8401
0.8423
0.8030
0.7987
0.7962
0.7931
0.8294
0.7965

Commercial data
NDCG@3 NDCG@5
0.6963
0.7743
0.7905
0.8480
0.7461
0.8073
0.8061
0.8490
0.8459
0.8823
0.8451
0.8820
0.8262
0.8671
0.8209
0.8624
0.8281
0.8700
0.8241
0.8684
0.8398
0.8712
0.8218
0.8707

MRR
0.4508
0.6072
0.4756
0.5012
0.7197
0.7389
0.6595
0.6697
0.6739
0.7067
0.6606
0.6871
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Figure 2: Search ranking performance versus feature
dimensionality (k = {30, 60, . . . , 300}) of four alternative methods on AOL and the commercial datasets
In order to evaluate diﬀerent methods globally, we also
calculated Mean Reciprocal Rank (MRR) over the entire
data set, which is deﬁned in Equation (16). Since MRR
is only inﬂuenced by positive records, we treated “Perfect”,
“Excellent” and “Good” examples as positive.

1
1
MRR =
,
(16)
|QT | q ∈Q rank(qi )
i

T

where QT is the query set and rank(qi ) denotes the rank of
ﬁrst positive web page from the entire web page set.

5.2.3 Results
Table 3 summarizes the comparison results for search ranking on both data sets. All four variations of the heterogeneous graph embedding method outperform state-of-the-art
algorithms. In particular, the HGE method obtains 24%
improvement in MRR and 9.23% improvement in NDCG@1
compared to the best baseline, demonstrating the power of
integrating multiple kinds of information.
There are also several interesting observations about the
four variations of the proposed method. HGE consistently
performs better than HGEFEA on the commercial data set
while on AOL data set HGEFEA outperforms HGE in terms
of NDCG@1, 3, 5. The diﬀerence may come from the quality
diﬀerence between the textual features of the two data sets.
AOL data set may contain richer textual information than
that in the commercial data set, yielding less sparse textual
features. We can also tell the usefulness of textual and concept information by comparing results of HGEEG with those
of HGECG . It can be seen that HGEEG has better results
than HGECG in most cases, which leads to the conclusion
that concepts bring richer information than textual content.

1

5.3 Object Co-Clustering for Intent Learning
In this section, we evaluate the proposed heterogeneous
graph-based soft-clustering method for search intent learning on AOL and the commercial datasets.

5.3.1 Experiment Setup
We compared the proposed method (HSoC) and its variation with the linear model (HSoC-Fea). We also conducted
comparisons with several baselines including content-based
methods and graph-based methods. Detailed introduction
is shown below.
TFIDF: Uses unigrams with TF-IDF weighting to represent queries and web pages; calculates bag-of-word features
for concepts based on Equation (3); employs fuzzy c-means
clustering based on the Cosine similarity measure.
PLSA: Adopts probabilistic latent semantic analysis to
co-cluster queries, web pages and concepts, by representing
all objects with bag-of-word features. The number of topics
are set to be the same as the number of clusters (k).
BSGP: Adopts bipartite spectral graph partition (BSGP)
method [8] on the click graph and the web page-concept subgraph, respectively; We set the dimensionality d = log2 k
as suggested by [8].
MCoC: Uses Multi-class Co-clustering (MCoC) method
[26] on the click graph and the web page-concept subgraph.
HSoC: Our proposed method for object co-clustering of
queries, web pages and concepts. 1) Intent features are ﬁrst
learned; 2) Fuzzy c-means clustering method is adopted on
the intent features to learn intent indicators.
HSoC-Fea: Adopt HSoC with the linear model.

5.3.2 Evaluation Metrics
Evaluation for the proposed method is diﬀerent from traditional clustering evaluation methods because: 1) we cluster three types of objects collaboratively instead of a single
type of objects; 2) we soft-cluster instead of assigning each
object to single cluster. Thus, we evaluated the heterogeneous graph-based soft-clustering results by precision, recall,
and F1 score over pairs of objects including query-page pairs
and query-pairs [13].
Speciﬁcally, we ﬁrst generated binary judgements by treating pairs with “Perfect”, “Excellent” and “Good” labels as
positive examples, and those with “Bad” labels as negative
ones. We deﬁne TP (true positive) as the number of positive
objects pairs that are correctly assigned to same cluster, FP
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HGCoC−Fea
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Recall

0.6

0.8

1

(a) AOL dataset
1

Precision

Moreover, HGE achieves signiﬁcantly better MRR on both
of the data sets, showing that its performance is stable in
entire training set.
Figure 2 presents NDCG@5 of the four variations with
respect to diﬀerent intent space dimensionalities on both
data sets. It can be seen that performances of these methods are not very sensitive to the dimensionality d. On the
commercial data set, HGE always outperforms HGEFEA because of the sparsity issue of textual features. Also, HGE
and HGEFEA always outperform HGECG and HGEEG on
all dimensionalities, showing that integrating information of
the commercial data is helpful. However, we ﬁnd NDCG@1
on AOL data is sensitive to the change of dimensionality,
and HGECG and HGEEG achieve better results when dimensionality is larger than 200. We believe this is due to
the information conﬂict when merging textual and concept
information.
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(b) The commercial dataset
Figure 3: Precision-recall curves (plot by varying
the number of intents, i.e., dimensionality k) of HSoC, HSoCFea and baselines for (a) the AOL and (b)
the commercial datasets
(false positive) as the number of negative object pairs that
are assigned to the same cluster, TN (true negative) as the
number of negative object pairs that are assigned to diﬀerent
clusters and FN (false negative) as the number of positive
object pairs that are assigned to diﬀerent clusters.
Precision (P) is calculated as the fraction of pairs correctly put in the same cluster (i.e., P=TP/(TP + FP)), recall
(R) is the fraction of similar pairs that were identiﬁed (i.e.,
R=TP/(TP + FN)), F1 score is the harmonic mean of precision and recall (i.e., F1 = 2PR/(P + R)). We also adopt
the widely used clustering measure Rand index [21], deﬁned
as RI=(TP + TN)/(TP + FP + FN + TN).

5.3.3 Performance Comparisons
Since the ground-truth data set consists of binary-labeled
object pairs, we propose to evaluate the soft-clustering methods (PLSA, MCoC and the proposed methods) by assigning
each object to its 3 most conﬁdent intents in the intent indicator. For hard clustering methods (TFIDF and BSGP),
each object is only assigned to single intent.
Table 4(a) and Table 4(b) show comparison results for 20
intents and 50 intents on both data sets. Each method is repeated for 10 trials for accurate clustering performance evaluation. We use bold number to highlight the best results on
diﬀerent metrics. The proposed HSoC and HSoC-Fea methods achieve signiﬁcantly better results on Precision, Recall,
F1 score and Rand Index (RI), demonstrating the integration of diﬀerent information in a uniﬁed framework does
help the eﬀectiveness of intent learning. In particular, we
ﬁnd content-based methods such as TFIDF outperform our
methods and graph-based methods on Precision, but perform very poor on Recall and other metrics. This shows that
content-based methods tend to generate purer but less complete clusters as intents while our methods generate intent
clusters with better coverage. The reason may be because
the uniﬁed optimization on heterogeneous graphs helps identify objects which share intents in a more comprehensive

Table 4: Object co-clustering performance comparisons on (a) AOL and (b) the commercial datasets in terms
of Precision, Recall, F1 and Rand index (RI). We set the number of intents to be 20 and 50 (k = 20, 50).
(a) The AOL dataset
Method
TFIDF
PLSA
BSGP
MCoC
HSoC
HSoCFea

Precision
0.8841±.01
0.8978±.01
0.8550±.00
0.8870±.01
0.8465±.00
0.8417±.00

performance on 20 clusters
Recall
F1
0.4569±.07
0.5992±.06
0.5756±.02
0.7013±.01
0.8755±.00
0.8842±.00
0.5267±.07
0.6582±.05
0.9534±.01
0.8967±.00
0.9776±.01 0.9045±.00

RI
0.4497±.07
0.5904±.01
0.7996±.00
0.5476±.05
0.8163±.00
0.8275±.01

Precision
0.8986±.01
0.9085±.01
0.8549±.00
0.8823±.01
0.8604±.01
0.8614±.00

performance on 50 clusters
Recall
F1
0.3996±.07
0.5496±.07
0.5551±.02
0.6889±.01
0.8635±.00
0.8541±.00
0.3169±.02
0.4054±.02
0.8857±.01
0.8728±.00
0.8880±.02 0.8743±.01

RI
0.4519±.04
0.5812±.01
0.7781±.00
0.3658±.01
0.7842±00
0.7868±.01

performance on 50 clusters
Recall
F1
0.4011±.04
0.5565±.03
0.4527±.01
0.6047±.01
0.8985±.00
0.9032±.00
0.8311±.08
0.8589±.04
0.9472±.00
0.9236±.00
0.9472±.00 0.9324±.00

RI
0.4390±.03
0.4728±.01
0.8301±.00
0.7632±.06
0.8619±.00
0.8689±.00

(b) The commercial dataset
Method
TFIDF
PLSA
BSGP
MCoC
HSoC
HSoCFea

Precision
0.9083±.00
0.9052±.01
0.9018±.00
0.8822±.00
0.8928±.00
0.9028±.01

performance on 20 clusters
Recall
F1
0.4496±.04
0.6012±.03
0.4881±.02
0.6352±.01
0.9198±.00
0.9107±.00
0.9258±.00
0.9036±.00
0.9667±.01
0.9283±.00
0.9667±.00 0.9337±.00

0.88

0.87

RI
0.4752±.02
0.5060±.01
0.8410±.00
0.8365 ±.00
0.8683±.00
0.8683±.00

Precision
0.9150±.00
0.9105±.01
0.9079±.00
0.8926±.01
0.9012±.00
0.9182±.01
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Figure 4: Parameter study for λQP , λT and λE in terms of NDCG@5 on search ranking
way. Also, we see that the HSoCFea method outperforms HSoC in general, demonstrating the eﬀectiveness of the
linear model for the clustering problem.
To compare the performance with respect to the number of intents, we plot precision-recall curves in Figure 3 for
both data sets by varying the number of cluster, k, from 1 to
the number of objects in the ground-truth data set. First,
the proposed HSoC and HSoCFea methods clearly outperform baselines signiﬁcantly, showing that uniﬁed optimization
with three types of information helps. Also, we ﬁnd that BSGP achieves similar performance as our methods when k is
small. This is probably because adding concept information
does not help much in coarse level clustering.

5.3.4 Case Study
To provide a clearer look at the learned intents, we randomly selected 4 intent clusters to give as examples. For
each intent cluster, we randomly picked 4 queries, 4 URLs
and 4 concepts to show in Table 5.
First, we can see that the 4 randomly selected clusters cover 4 generic search intents from diﬀerent domains. For example, cluster 19 is about software while cluster 43 is about
music. This veriﬁes that the proposed method is able to
learn generic search intents which cover diﬀerent domains. The queries “enterprise” (in cluster 8) and “oﬃce” (in
cluster 19) indicate that the proposed method can handle
ambiguous queries well. Also, we ﬁnd the proposed method
is able to handle queries with typos or shortenings such as
“xboxx” in cluster 5 and “video2map3” in cluster 19, indicating that click-through and concept information are good

complements for raw text. Finally, it can be observed that
concepts from each intent cluster assist in intent interpretation, especially when the queries and URLs are hard to
understand directly (see cluster 5 and 43 in Table 5).

5.4 Parameter Study
In this section we study the impact of three parameters (i.e., λQP , λT and λE ) in the proposed method. They
control the information trade-oﬀ between query-page, textbased web page and concept-based web page relations, respectively. We studied the importance of these three relations on validation data sets by varying one of the parameter
and ﬁxing the other two parameters.
Figure 4 shows the search ranking performance in terms
of NDCG@5 with respect to diﬀerent parameter values on
the AOL data set. We ﬁnd the proposed method is more
sensitive to λQP than the other two parameters, showing
that query-web page relationship is more important to the
search ranking performance. Also, increasing λE leads to
larger performance enhancement than increasing λT , which
may be due to richer information from concepts.

6. CONCLUSION AND FUTURE WORK
In this paper, we study the problem of learning uniﬁed
search intents for queries, web pages and Wikipedia concepts. The proposed method aims to leverage three types of
objects together to tackle drawbacks from using only a single
type of data source, yielding better understanding of intents.
Also, bridging intents with concepts helps interpret intents

Table 5: Examples of 4 randomly selected search intents (from 50 intent clusters) learned by HSoCFea method.
We randomly selected 4 queries, 4 URLs and 4 Wikipedia concepts from each of the selected intent cluster.
Queries
pokemon
daily jigsaw
nickmom
xboxx
car rental
carmax
hertz car rental
enterprise
adobe ﬂash player
video2map3
oﬃce
google chrome
nicki minaj
pitbull
adele
karaoke

URLs
cluster ID: 5 (video games)
http://gamehouse.com/mahjong-games
http://gamestop.com/xbox360
http://freeﬁshinggames.biz
http://freegamepick.com
cluster ID: 8 (car rentals)
http://rentals.com
http://carmax.com/enus/car-search/new-cars.html
http://enterprise.com/car rental/contactus.do
http://carmax.com
cluster ID: 19 (softwares)
http://adobe.com/products/reader.html
http://freemake.com/free youtube converter
http://support.microsoft.com/ph/14019
http://download.cnet.com/windows/activex
cluster ID: 43 (music)
http://youtubemusic.net
http://en.wikipedia.org/wiki/john mayer
http://buzzworld.in/songs-pk
http://pitbullmusic.com/us

when it is hard to understand queries and URLs. Technically, we cast this problem into a heterogeneous graph-based
soft-clustering problem and develop an eﬀective and eﬃcient
algorithm for solving it. Experimental results from search
ranking demonstrate the eﬀectiveness of the proposed intent features and the co-clustering results show signiﬁcant
improvement compared with state-of-the-art methods.
Interesting future work includes: 1) extending our method
to automatically learn the importance of diﬀerent types of
relations; and 2) enabling our method to update the intent
indicator in an online manner so that newly emerged search
intents can be eﬃciently included.
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