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ABSTRACT
Given the distinct preferences of different users while using
search engines, search personalization has become an impor-
tant problem in information retrieval. Most approaches to
search personalization are based on identifying topics a user
may be interested in and personalizing search results based
on this information.

While topical interests information of users can be highly
valuable in personalizing search results and improving user
experience, it ignores the fact that two different users that
have similar topical interests may still be interested in achiev-
ing very different tasks with respect to this topic (e.g. the
type of tasks a broker is likely to perform related to finance
is likely to be very different than that of a regular investor).
Hence, considering user’s topical interests jointly with the
type of tasks they are likely to be interested in could result
in better personalised experience for users.

We present an approach that uses search task information
embedded in search logs to represent users by their actions
over a task-space as well as over their topical-interest space.
In particular, we describe a tensor based approach that rep-
resents each user in terms of (i) user’s topical interests and
(ii) user’s search task behaviours in a coupled fashion and
use these representations for personalization. Additionally,
we also integrate user’s historic search behavior in a coupled
matrix-tensor factorization framework to learn user repre-
sentations. Through extensive evaluation via query recom-
mendations and user cohort analysis, we demonstrate the
value of considering topic specific task information while de-
veloping user models.

Categories and Subject Descriptors
H.3.3 [Information Storage And Retrieval]: Informa-
tion Search and Retrieval—User Modelling
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1. INTRODUCTION
As consumers of the informational content, different users

have distinct information seeking preferences; thus accu-
rately understanding their respective information needs and
decision preferences is crucial for providing effective support
during search interactions. While user behaviours are largely
determined by their own goals and preferences, the mined
knowledge from log activity data reveals different user inten-
tions and behaviour patterns, which provide unique signals
for user centric optimization and personalization.

Web search personalization has recently received a lot of
attention by the research community. Personalized search
leverages information about an individual to identify the
most relevant recommendations for that person. A chal-
lenge for personalization is in collecting user profiles that
are sufficiently rich to be useful in settings such as result
ranking and query recommendations.

Most previous work on personalization has focused on us-
ing long term search histories to provide better personalized
results. In particular, most recent personalized search sys-
tems mainly focus on identifying topics a user might be in-
terested in based on their search history and improving their
search experience by identifying and using information from
different topics [33, 4].

Even though using topical interest of users can be highly
valuable in personalizing search results and improving user
experience, it still ignores the fact that two different users
that have similar topical interests may still be interested in
achieving very different tasks with respect to this topic. For
example, a stockbroker and a normal investor while being
interested in the same topic (finance), perform quite differ-
ent set of search tasks and as a result need different kinds
and levels of support while tackling these tasks. More gener-
ally, while topical interests capture the heterogeneity among
users stemming from varied topical interests, such task based
approaches would assist in capturing the heterogeneity stem-
ming from differences in user needs and behaviors. Hence,
using task information together with topics could result in
systems that can provide improved personalized search ex-
perience to users.

In this work, we focus on using search task information
for user modeling, where a search task has been previously
defined as an atomic information need that consists of a
set of related (sub)tasks [11]. In a recent poster [22], we
showed that search tasks can indeed be used for personal-
ization. This work was based on replacing topic models with
search tasks for personalization and building task based rep-
resentations of users for topic modelling. Hence, this work



ignores the fact that tasks users are interested in tend to
be topic specific: people tend to be interested in achieving
certain tasks only for certain topics. In this work, we investi-
gate the idea of task based personalization in detail and de-
velop a model that combines topic based user modelling with
task based user models. Additionally, we look at the user’s
search history that provides information about user’s term
usage behavior. We integrate user’s historical information
to the task-topic tensor framework by proposing a coupled
matrix-tensor factorization model which jointly learns user
representations based on their search history, term usage
behavior, topical interest profiles and search task behaviors.

In particular, we show that it is possible to represent the
topic specific tasks users are interested in by representing
users in terms of a 3-modal < user − topic− task > tensor
(multidimentional array). We show that tensor factorization
can be used to learn coupled task-topic based user represen-
tations for each user, thereby incorporating tasks together
with topics in representing the user population. The tensor
based framework helps in encapsulating the complex inter-
actions between topics and tasks across the entire user pop-
ulation and learns a low dimensional factor model wherein
user’s interests, preferences and behaviors are determined
by an interplay between these latent factors. We further
extend the tensor based framework to include user’s search
history information by proposing the use of coupled matrix-
tensor factorization model [3] wherein the matrix captures
user’s topical interest and search task information while the
matrix captures user’s term usage behavior.

Finally, we show that the proposed methods result in bet-
ter user profiles by evaluating the quality of our approach on
a variety of tasks for personalisation including collaborative
query recommendation, cluster based recommendation and
user cohort analysis.

2. RELATED WORK
There is a growing interest in the information retrieval

and machine learning communities in moving beyond con-
text free search experiences, and towards examining how
knowledge of a searcher’s interests and search context can
be used to improve various aspects of search (e.g., ranking,
query recommendation, query classification). Even though
there is significant amount of prior work on search task iden-
tification and personalisation based on topical representa-
tions of users, there is no prior work that uses topic based
task representations for users. We first summarise the re-
lated work on representing users and personalization, and
provide a summary of previous work on task identification
from search engine query logs, which will be used by the
models proposed in this work.

User Representation & Personalization
Irrespective of where the user’s data comes from, a model
must encode this data. A variety of such models have been
used in the past including a vector of weighted terms (e.g.
[20]), a set of concepts (e.g. [7]), using topic models (e.g.
[8]) or a hierarchical category tree based on ODP and cor-
responding keywords (e.g. [4]).
Teevan et al. [31] constructed user profiles from indexed
desktop documents and showed that this information could
be used to re-rank search results and improve relevance for
individuals. Matthijs and Radlinski [20] constructed user
profiles using users’ browsing history, and evaluated their ap-

proach using an interleaving methodology. Their approach
focused on using term based user profiles which often limit
the scope of personalization as different users inherently fol-
low different distributions over words. Dou et al. [7] inves-
tigated a number of heuristics for creating user profiles and
generating personalized rankings. Bennett et al. [4] made
use of hand picked Open Directory Project (ODP) topical
categories to construct user profiles. While such topical cat-
egories are easily specified, much human effort is required
in labelling queries for each topic. ODP categories based
methods restricts topic coverage in a major way as search
logs offer much richer content both in terms of the number
of topics involved as well as the granularity level of each
topic. Very recently, Wang et al [33] have proposed a gen-
erative model which models users as a mixture over latent
user groups wherein each group shares a common distribu-
tion over queries and a common click preference pattern. Fi-
nally, Harvey et al. [8] use the topic model based approach
to build user profiles from topics obtained and personalize
search results based on the learnt user profiles.

Aiming for short-term personalization, Sriram et al. [29]
describe a search engine that personalized based on the cur-
rent user session. A longer term personalization click model
can also be used, exploting clickthrough data collected over
a long time period. For example, Speretta and Gauch [28]
and Qiu and Cho [26] model users by classifying previously
visited web pages into a topic hierarchy, using this model to
re-rank future search results. Also, a particularly straight-
forward yet effective search interaction personalization ap-
proach is PClick, proposed by Dou et al. [7]. This method
involves promoting URLs previously clicked on by the same
user for the same query. The user representation model we
present in this work could be easily used in any of these per-
sonalization techniques.

Search Task Identification
It was peviously shown that approximately 75% of user
search sessions involve multi-tasking [18], which makes task
identification an important step towards understanding user
goals. People have been shown to pursue a wide range of dif-
ferent search tasks online [12, 19] and inferences about task
behavior have been shown to have value in areas such as
modeling search satisfaction [9]. Information about user’s
task involvements provides a completely different aspect of
user’s intents and provide strong contextual cues which could
be leveraged by future recommendation and advertising en-
gines to better serve user’s needs.

Prior work on identifying search-tasks mainly explores
task extraction from search sessions [18], wherein the ob-
jective is to segment a search session into disjoint sets of
queries where each set represents a different task. Recent
work on identifying cross-session tasks has targeted pairs of
queries, and made predictions about whether they share the
same goal or represent the same task [32, 14]. Unfortunately,
pairwise predictions alone cannot generate the partition of
tasks, and post-processing is needed to obtain the final task
partitions [16].

In addition to extracting task clusters, recent efforts by
Mehrotra et al. [21] have aimed at extracting hierarchies of
search tasks and sub-tasks. Li et al. [15] model query tem-
poral patterns using a special class of point process called
Hawkes processes, and combine topic model with Hawkes
processes for simultaneously identifying and labeling search



tasks. While some recent research has considered support-
ing users in their pursuit of complex search tasks by rec-
ommending related tasks from a task graph [10], no explicit
user models were proposed in their work.

White et al. [34] explore the idea of using task information
to personalize search result ranking by finding other users
performing similar tasks. In this work, we propose a simi-
lar yet different notion of using user’s task information and
propose techniques for learning user representations which
could be used in rather diverse application settings.

To the best of our knowledge, this is the first work to
consider user’s task behavior information to couple varied
user information like topical interests and search histories.
We next describe our approach to jointly learn task based
as well as topic based coupled user representations.

3. METHODOLOGY
We propose a new direction in learning user representa-

tions by modeling user’s task behaviors. We posit that topics
and tasks capture different set of insights about user’s be-
havior and information needs and can be coupled with their
term usage behavior to jointly learn richer user representa-
tions, which is the main goal of this work.

To this end, we intend to extract search tasks from a given
search log and represent users in terms of these tasks. In the
next sub-section, we describe the approach we use to extract
search tasks. This is followed by briefly describing our initial
efforts in modeling users based on tasks alone ignoring the
topical information [22] in section 4. Finally, we present our
approach of coupling task and topical information in Section
5 and extend it to include user’s language model and term
usage behavior in Section 6. We describe the experimental
evaluation set up and results in Section 7, while section 8
concludes.

3.1 Notation & Background
We start with defining the notations used throughout the

paper. Columns of a matrix are denoted by boldface lower
letters with a subscript, e.g., ar is the r−th column of matrix
A. Entries of a matrix or a tensor are denoted by lowercase
letters with subscripts, i.e., i1 entry. Given two matrices
A ∈ <I×K and B ∈ <J×K , their Khatri-Rao product is
denoted by A � B and defined as column-wise Kronecker
product. The result is a matrix of size (IJ)×K and defined
by

A�B = [a1 ⊗ b1a2 ⊗ b2 . . . aK ⊗ bK ] (1)

where ⊗ denotes Kronecker product. For more details on
properties of Kronecker and Khatri-Rao products, the reader
is referred to Kolda et al. [13].

Table 1 shows a list of symbols used throughout the paper,
together with their descriptions.

3.2 Extracting Search Tasks
In order to build task based representaions of users, we

first need to identify and extract search tasks users are likely
to perform when they use a search engine. Here we describe
our approach of extracting these tasks given a search log.
Following the approach in Lucchese et al. [18], we employ
a graph based query-clustering approach based on finding
weighted connected components of a graph.

Given a user session φ, we build a complete graph Gφ =
(V,E,w), whose nodes V are the queries in φ, and whose

Symbol Description
ALS Alternating Least Squares
CMTF Coupled Matrix Tensor Factorization
A�B Khatri-Rao product
a ◦ b ◦ c (a ◦ b ◦ c)(i, j, k) = a(i)b(j)c(k)
Ai

1 series of matrices or vectors, indexed by i
‖A‖F Frobenius norm of A
T User-Topic-Task tensor
M User-Term matrix
U User representation matrix
S Search Task matrix
L LDA topics matrix
W User language model matrix

Table 1: Table of symbols

E edges are weighted by the similarity of the corresponding
nodes. The weighting function w is a similarity function
w : E → R ∈ [0, 1] that can be easily instantiated in terms of
the distance functions µ, which we describe a bit later. The
graphGφ describes the similarity between any pair of queries
in the given session. For evaluating similarity between two
queries, we make use of the following two similarity features:

• Content-based: Two queries that share some com-
mon terms are likely related. Sometimes, such terms
may be very similar, but not identical, due to mis-
pelling, or different prefixes/suffixes. To capture con-
tent distance between queries, following Lucchese et
al. [18] we adopt a Jaccard index on tri-grams along
with a normalized Levenstein distance which is widely
accepted as the best edit-based feature for identifying
goal boundaries [18].

• Semantic-based: Following Lucchese et al. [18], we
assume that a Wikipedia article describes a certain
concept and that the presence of a term in a given arti-
cle is an evidence of the correlation between that term
and that concept. We represent each term in a high-
dimensional concept space, and sum over each query
term to obtain a query’s concept vectors. The cosine
similarity between such concept-vectors of queries pro-
vides the semantic similarity between the two queries.
The distance between two queries is defined as a (1-
weighted average of the two similarities). For further
details, users are referred to Lucchese et al. [18].

Based on the query pair distances obtained above, weak
edges with low similarity are dropped, since the correspond-
ing queries are not related, and clusters are built on the
basis of the strong edges, i.e. with high similarity, which
identify the related query pairs. The connected components
of the pruned query-query graph identify the clusters of re-
lated queries and provides us with our set of search tasks.
Lucchese et al. [18] provide further details on the above
mentioned similarity features.

4. LEARNING TASK BASED USER REPRE-
SENTATIONS

We postulate that in a web search setting, search logs
contain information about various actions that users per-
form and profiling users based on search tasks would better
capture the heterogeneity in user information and help us



in modeling users. In a recent poster [22], we present some
preliminary work which describes a purely search task based
user representation system (ignoring topical information) as
described in this section. We later propose a novel way of
combining such task based representations with user’s topi-
cal interest information to learn a coupled task-topical inter-
est user profile and additionally incorporate user’s term his-
tories via a coupled matrix-tensor factorization framework
described in Section 6.

User-Task Association Matrix: Based on the extracted
search tasks, we construct a user-task association matrix
which represents the search tasks users have been involved
with. For each user ui, we consider their search history and
create a bag-of-queries representation from the list of queries
issued by the user and compare each user with each of the
search tasks tj obtained by the method described in section
3.2. For each user-task <ui, tj> pair, we populate the corre-
sponding value in the user-task association matrix (R) with
the cosine similarity score (rij) we obtain for the pair. For
tasks in which users do not have any matching queries, we
assign a score of 0 to the corresponding pair. The overall
motivation behind such a set-up is to capture information
about whether or not users have performed such a search
task before.

Probabilistic Matrix Factorization for User Repre-
sentations: We wish to extract task-based user vector rep-
resentations by jointly mapping users and tasks to a joint
latent factor space. Following Salakhutdinov et al. [23],
we model the user-task association in terms of probabilistic
matrix factorization problem and learn latent vector repre-
sentation for each user from the user-task association matrix
by fitting a probabilistic model. Given the user-task associa-
tion matrix R, we find the user feature matrix U = [ui] and
task feature matrix T = [tj ]. The conditional distribution
over the observed user-task associations R ∈ <N×M is given
by:

P (R|U, T, α) =

N∏
i=1

M∏
j=1

[
N (Rij |UTi Tj , σ2)

]Iij
(2)

where N denotes the Gaussian distribution and Iij is the in-
dicator function which is 1 if the user i was involved in search
task j. The latent vector representations for the users, the
system minimizes the regularized error:

minu∗,t∗∈κ
∑
i,j

(rij − tTj ui)2 + λ(‖ui‖2 + ‖tj‖2) (3)

where κ is the set of non-zero rij values, ui represents the
user and tj represents a task. The user matrix U obtained
as a result, contains vector representations of each of the
users which is used in further experiments.

So far, we have been able to extract collective search tasks
from all users and learnt a user representation based on these
search tasks. We show in Section 7 that task based user
models indeed result in better performance than basic bag-
of-term based or basic topical interest based representation
which further motivates us to investigate combining the two
different modalities of user information: topical interests and
tasks associations. Indeed, the information carried by user’s
topical interest profiles and their task profile are different
and it would make sense to couple both these informations
to jointly learn user profiles. In the next section, we fur-

ther augment our task based user profiles by incorporating
user’s topical interest profiles and describe our tensor based
approach for the joint model.

5. COMBINING SEARCH TASKS WITH
TOPICS

Our objective in this section is to build succinct user pro-
files from the search task information embedded in search
logs while at the same time incorporating user’s topical in-
terest profiles. Building upon on prior work, we augment
our task based user representation model with user’s topical
information by coupling the topical interest with task based
information in the form of a tensor and learning user pro-
files based on the decomposition of the < user, topic, task >
tensor. We first describe the model we use for identifying
topical interests of users and further show how we combine
this model with task based representation.

5.1 Learning Topical Interest Profiles
Topical interests based methods are quite popular in learn-

ing user representations [4, 8]. Given user’s history of search
queries, we aim to develop a topic interest model which cap-
tures user’s interest distribution over different topics. We
make use of the Latent Dirichlet Allocation (LDA) model to
learn the latent set of topics embedded in the search log [8].
It is to be noted that LDA topic model based approaches are
standard methods to extract user’s topical interest profiles
and are widely used across user modelling applications.

We hypothesize that each search query is motivated by
choosing a topic of interest first and subsequently a query
is issued to describe that search need from the catalogue of
words consistent with that particular topic. Based on this
intuition, we learn an LDA based topic model and use the
learnt model to do topical inference for each user to obtain
a topic-distribution for the user over the set of learnt topics.
We refer to this distribution as a user’s topical profile.

5.2 Coupling Topics & Tasks
Our main intuition behind leveraging both the topical pro-

file as well as the search task profile of users is to better dif-
ferentiate between users who share similar topical profiles.
Topics and tasks capture different information: topical in-
terest information help in capturing the user heterogeneity
resulting from varied interests while task information helps
in capturing user heterogeneity resulting from different in-
formation needs.

We formulate this intuition in our model by coupling task
information with topical information on a per-user basis. We
construct a 3-mode tensor < user, topic, task > to jointly
capture user’s topical as well as search task based informa-
tion. Next, we briefly describe the tensor formulation.

Tensors: a primer
A tensor is a multidimensional array. More formally, a N-
way tensor or N-th order tensor is an element of the tensor
product of N vector spaces each of which as its own co-
ordinate system. A first-order tensor is a vector, a second-
order tensor is a matrix, and tensors of order three or higher
are called higher-order tensors. The order of a tensor is
the number of dimensions, also known as modes. A third
order tensor can be represented as T ∈ <I1×I2×I3 with
each element of the tensor denoted as ti,j,k with i ∈ (1, I1),



Figure 1: The overview of the user-topic-task tensor constructed by jointly considering user’s topical interest profiles alongwith their search
task interaction behavior. The tensor decompisiton breaks the tensor into latent factors which encode the complex interactions between the three
different modes of the tensor.

j ∈ (1, I2) and k ∈ (1, I3). The symbol ◦ represents the
vector outer product.

Constructing < user, topic, task > Affinity Tensor
To jointly model the user’s topical and task preferences, we
construct a 3-mode tensor - users, topics and tasks. Each
element of our tensor (T ∈ <I1×I2×I3), ti,j,k defines user
i’s combined task based and topical preference - a user’s
participation in a certain task gets weighted by his topical
affinity, thereby coupling his task based and topical affinity.
More formally, we define each tensor-component value as
follows:

ti,j,k = Uitopicj × Uitaskk
(4)

where Uitopicj is user Ui’s topical affinity for topic j obtained

from the LDA model learnt before while Uitaskk
represents

the task affinity for user Ui’s for search task k obtained in
earlier the user-task association phase (Section 4). To ob-
tain user’s topical affinity estimates (Ui), we train an LDA
topic model on the entire query collection and use user’s
historical queries to create user’s term profile which is then
used for estimating the topic proportions using LDA infer-
ence techniques. I1, I2, I3 are the different dimensions of the
different modes of the tensor - in our case, these represent
the number of users, number of topics and the number of
search tasks extracted respectively. Thus, for each user we
construct his coupled task-topic affinity value and populate
the corresponding component in the tensor T .

Tensor Decomposition
Tensor decomposition methods are regarded as higher-order
equivalents to matrix decompositions. The PARAFAC ten-
sor decomposition [30] allows us to leverage connections be-
tween the different users across different topics and different
search tasks. By PARAFAC, the input tensors are trans-
formed into Kruskal tensors, a sum of rank-one-tensors. For-
mally, the tensor T ∈ <I1×I2×I3 is decomposed into compo-
nent matrices U ∈ <I1×d, T ∈ <I2×d and S ∈ <I3×d and d
principal factors λi in descending order. Via these, tensor

T can be written as a Kruskal tensor by:

T ≈ Σdk=1λk · Uk ◦ T k ◦ Sk (5)

where λk denotes the k-th principal factor. The goal is to
compute a decomposition with d-components that best ap-
proximates our tensor T , i.e., to find

min∼
T
‖T −

∼
T‖ (6)

such that
∼
T = Σdk=1λk · Uk ◦ T k ◦ Sk (7)

We make use of the Alternating Least Squares (ALS) ap-
proach [13] to solve the above objective - having fixed all
but one matrix, the problem reduces to a linear least-squares
problem.

Overall, the above formulation helps us to couple user’s
topical interests with their search task associations and learn
a user representation based on this coupled tensor. This
tensor decomposition based user modelling approach allows
us to use multi-modal user information and leverage insights
from each of them while learning user representations.

Similar to other works based on tensors, an important
characteristic of the proposed user modelling approach is
that this method is generic enough and allows us to plug-in
other sources of user information - click models, data from
advertisement responses, etc.

6. INCORPORATING HISTORICAL BEHAV-
IOR

One widely used aspect of user behavior that provides
especially strong signals for delivering better personalized
services is an individual’s history of queries and clicked doc-
uments. To construct the profiles necessary for personal-
ization, evidence of a user’s interests can be mined from
observed past behaviors which can be sourced from their
short-term (e.g., the current search session) or the long-
term (e.g., across many previous sessions) search histories



Figure 2: The coupled matrix-tensor obtained by coupling user’s term usage behavior matrix with the user-topic-task tensor. The matrix and
the tensor share a common mode of ’users’. On the left, we highlight some task related activity of the users and the associated topics obtained
and the terms used on the top and right parts of the figure respectively.

[4]. User’s term history comprises of the set of terms users
used to compose search queries. The tensor based approach
described in the previous section looks at utilizing user’s
topical interest profile along with user’s task association in-
formation. We hypothesize that additional signals about
user’s profile could be obtained by jointly modeling user’s
term usage behavior together with their task and topical
interests information.

Overall, our motivation is to combine user’s historic term
usage behavior with their topical and task based information
to learn user representations. We construct a user’s term
usage behavior over a set of combined vocabulary space.
Combining the different users term histories together pro-
vides us with a user-term matrix (W ), which we intend to
jointly factorize while performing tensor factorization of the
user-topic-task tensor (T ). The idea behind the coupled
matrix-tensor decomposition is that we seek to jointly ana-
lyze T and M, decomposing them to latent factors who are
coupled in the shared user dimension. More specifically, the
first mode of T shares the same low rank column subspace
as M; this is expressed through the latent factor matrix U
which jointly provides a basis for that subspace.

6.1 Coupled Matrix-Tensor Factorization
In the topic-task tensor we described earlier, we have a

user by topic by task tensor which encodes user’s topical
interest profiles and task activities. We also have a semantic
matrix which provides additional information for the same
sets of users - the user by term matrix. In such cases, we may
say that the tensor and the matrix are coupled in the user
mode. Following Acar et al. [3], we next describe the joint
analysis of a matrix (M) and a 3th-order tensor (T ) with one
mode in common, where the tensor is factorized using the
CP model and the matrix is factorized by extracting latent
factors using matrix factorization.

Let T ∈ <I1×I2×I3 and M ∈ <I1×I4 have the first mode
(user) in common; the objective function for coupled analy-
sis is defined by [3]

f(U, S, L,W ) =
1

2
‖T − [U,L, S]‖2F +

1

2
‖M − UWT ‖2F (8)

Our goal is to find the matrices U, L, S, W that minimize
this objective. In order to solve this optimization problem,
we can compute the gradient and then use any first-order
optimization algorithm [24]. Rewriting the equation,

f(U, S, L,W ) = f1 + f2 (9)

where f1 = ‖T − [U,L, S]‖2F and f2 = ‖M − UWT ‖2F . The
partial derivative of f1 with respect to the different matrices
has been derived in [2] so we just present the results here.
Let Z = [U,L, S], then

∂f1
∂U

= (Zi − Ti)U (−i) (10)

where U (−i) = U (I1)� . . . U (i+1)�U (i−1)� . . .�U (1). Sim-
ilar computations can be made for the other matrices com-
ponents L and S. The partial derivatives of the second com-
ponent, f2, with respect to U,L, S and W can be computed
as

∂f2
∂U

= −MW + UWTW

∂f2
∂U

= −WTU +WUTU

(11)

Combining the above results, the partial derivative of f with
respect to factor matrix can be computed as

∂f

∂U
=
∂f1
∂U

+
∂f2
∂U

∂f

∂W
=
∂f2
∂W

(12)

Similar computations can be made for the S and L com-
ponents. With these gradients, the aforementioned coupled
matrix-tensor optimization problem can then be solved us-
ing any first-order optimization algorithm [3, 24].

On solving the coupled factorization objective1, we obtain
latent factor matrices which could be used as latent represen-
tations. More specifically, by making use of the latent factor
matrix U we’re able to learn user representations that jointly
express user’s topical, task and term profile information.

1We make use of the CMTF toolbox provided by [3]: http:
//www.models.life.ku.dk/joda/CMTF_Toolbox

http://www.models.life.ku.dk/joda/CMTF_Toolbox
http://www.models.life.ku.dk/joda/CMTF_Toolbox


User Profile Information TermSim LDA Task TT-Tensor CMTF
Term History X X
Topical Interests X X X
Search Task information X X X

Table 2: User profile information encapsulated in each of
the compared approaches. We notice that the proposed TT-
tensor and CMFT based methods maximally incorporate the
different user profile information available.

7. EXPERIMENTAL EVALUATION
In order to evaluate the performance of the proposed user

modelling techniques, we use three techniques of evaluation
based on collaborative query recommendation, query recom-
mendation based on user groups and user cohort analysis.

7.1 Compared Approaches
We consider the following baselines to evaluate the per-

formance of the proposed tensor based method:

• TermSim (TermSim) is a method that only uses bag-
of-words based representation for each user where the
terms are extracted from user queries and similar users
found using cosine similarity between each user’s bag-
of-word based representations[20].

• LDA Topic Based (LDA) is a method of represent-
ing users in terms of their topical interests where the
topics are extracted via a common Latent Dirichlet
Allocation setup [8]. It s important to note that topic
based representations are one of the most commonly
used representations for personalization.

• Task Based (section 4): (Task) The first step to-
wards coupling tasks with topics is representing users
just in terms of search tasks. We use the user repre-
sentations obtained in Section 3 as a result of matrix
factorization as another baseline to compare the gain
in performance obtained as a result of adding the topi-
cal aspect on top of user’s search task information [22].

• TT-Tensor(section 5): (TT) Topic-Task Tensor (TT-
Tensor) based user representation is the proposed tech-
nique which combines user’s task information with their
topical interests.

• CMTF(section 6): Coupled Matrix Tensor Factor-
ization (CMTF) [3] based user representation is our
second novel contribution which takes into account
the user histories in addition to their topical and task
based profiles.

Each of the compared approaches work with different user
information. In Table 2 we summarize the different modali-
ties of user information used by the different approaches.

7.2 Dataset
We make use of the AOL log dataset which consists of
∼20M web queries collected over three months and use data
for a subset of ∼1200 users who have issued more than cer-
tain threshold (550) number of queries. We run our Task
Discovery algorithm on the set of queries for each of these
users which results in a total of ∼0.12M tasks which we clus-
ter to obtain a set of 1521 search tasks. Such a setting for
task extraction is in line with the original proposed research

by Lucchese et al. [18]. These tasks are then used to create
the user-task association matrix, as described in Section 4
and for constructing the coupled matrix-tensor, as described
in Section 6. To make fair comparisons between the topical
and task based user profiles, we keep the number of latent
factors for tasks same as the number of latent topics.

7.3 Collaborative Query Recommendation
A good user profile for query recommendation should cap-
ture a user’s specific interests and informational needs. Based
on this intuition, we evaluate performance of the proposed
approach on Collaborative Query Recommendation [33]
where the goal is to recommend queries to a user based on
queries issued by similar users. For each user we select the
n-most similar users where the similarity is calculated by a
cosine similarity score using the user representations learnt.
We calculate the weighted frequency of a candidate query
for most similar users of the target user u, and select the
top-k queries as recommendation.

To evaluate the performance of the above mentioned tech-
niques, we consider the test-set of queries in the target user
as relevant, and computed average number of relevant queries
matched in the recommendation query set as the perfor-
mance metric. The training/test set per user is populated
based on a 20% split across all user queries. We use the
training set for populating the matrix/tensor while the test
set of queries per user for evaluating the quality of the rec-
ommended queries. We plot precision@10 and precision@20
values based on the average number of query matches be-
tween the recommended set of queries (top-10 (left) and top-
20 (right)) and user’s own test set of (unseen) queries

Discussion
Our results (Figure 3) show that the proposed Topic-Task
Tensor based user modelling approach(TT-Tensor) and the
coupled matrix factorization method (CMTF) performs bet-
ter than TermSim as well as TaskBased which demonstrates
that combining search task information with user’s topical
interests thus help us better capture different aspects of user
profiles and can serve as potent user modelling tools. Since
TermSim relies strictly on term matching for measuring user
similarities, its coverage is limited: it might not capture in-
sights for the users with too few queries or those who shared
the same search interest but issued different queries or per-
formed different tasks. Task based user modelling can help
in better differentiating between users which have similar
topical interests but perform different tasks.

The proposed tensor based approach combines the best of
both the worlds and hence was able to leverage the topical
user profile information with the task aspect. Additionally,
the CMTF model combines information from all available
data modalities and learns a joint user representation. We
see that the CMTF model outperforms the other methods
which highlights the importance of jointly considering user’s
term, topic and task information. On analysis of the dataset,
we figured out that the overall lower average query recall
values can be attributed to the less query overlap between
users, i.e., the upper limit of common query among users is
indeed low on average.

7.4 Cohort based Query Recommendation
It is well-known that preferences across a user population

often decompose into a smaller number of communities of
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Figure 3: Performance on Collaborative Query Recommendation (left figure: Precision@10 & right figure: Precision@20).
Based on the average number of query matches between the recommended set of queries and user’s own test set of (unseen)
queries, the precision at 10 and precision at 20 values are plotted against the number of similar users considered (n). The
results obtained at n=10, 20, 30 (left) and n=10, 20 (right) were statistically significant (p<0.05) based on pairwise tests
between the proposed method and the best performing baseline.

DB Index SI Index

nClusters TermSim LDA Task TT CMTF TermSim LDA Task TT CMTF
10 1.61 1.55 1.98 1.52 1.46 0.19 0.20 0.16 0.43 0.48
30 1.69 1.66 1.83 1.48 1.47 0.23 0.26 0.24 0.36 0.41
50 1.58 1.65 1.84 1.52 1.50 0.27 0.28 0.28 0.27 0.27
80 1.71 1.67 1.80 1.58 1.57 0.29 0.35 0.28 0.47 0.51
100 1.75 1.65 1.76 1.63 1.59 0.31 0.57 0.32 0.58 0.62

Table 3: Cluster Analysis of User Representations - cluster evaluation metrics performance for the different approaches are
shown. BoT represents the simple Bag-of-Terms baseline, LDA represents the topic model based user representations, Task
represents user representations learnt via PMF by using task information while TT represents the proposed Task-Topic Tensor
based user representations.

commonly shared preferences [1, 25]. In this study, we in-
vestigate the performance by means of groupization: a vari-
ant of personalization whereby other users’ profiles can be
used to personalize current user’s experience. As opposed
to finding similar users from the entire user population for
collaborative query recommendation, we explore the use of
user-cohorts obtained above and leverage information from
users belonging to the same cluster to aid in query recom-
mendation. A good cluster should contain better similar
users - users who are indeed more representative of the cur-
rent user. Based on this, we evaluate the performance of the
proposed approach on Cohort based Query Recommenda-
tion where the goal is to recommend queries to a user based
on queries issued by users in the same cluster. Following
similar set up as before, we present cohort-based query rec-
ommendation results (clustering performed with 10 clusters)
in Fig. 4.

Discussion
The proposed approach of encapsulating user’s historic term
usage behavior with their topical and task oriented interests
consistently performs better than our baselines in terms of
recommending queries from users from the cluster. As can
be seen in Fig. 4, the CMTF and coupled task-topic repre-
sentation performs significantly better right at the start with
the difference between the approaches slimming down as we
go towards more query recommendations. This is indeed
expected since we are measuring precision of queries and
eventually not-so-efficient methods will eventually be able
to recommend better queries as we increase the number of
queries suggested.

Recent research on groupization has focussed on develop-
ing different ways of building user cohorts based on topical
interests, location, etc [34]. In the present study, we used

simple clustering on user features for building cohorts; in fu-
ture study we intend to compare cohorts of varying sizes and
variants of cohort construction techniques to obtain detailed
insights on user cohort behaviors.

In addition to performing cohort based query recommen-
dation, we also investigate the goodness of the user cohorts
we obtain, which were used for query recommendation as
described above. We next describe the experimental set-up
to analyze the performance of the compared approaches on
the task of user cohort formation.

7.4.1 User Cohort Analysis
We believe that incorporating task behavior of users while

learning user representations enables us to better decompose
users into user cohorts or clusters. In this study, we test the
hypothesis that a good user modeling scheme would allow
for good cluster formation based on the learnt user repre-
sentations. We evaluate the user representations learnt in
terms of the quality of user clusters formed. Unlike external
cluster validation measures, which use external information
(”true” cluster membership) not present in our data, inter-
nal cluster validation measures only rely on information in
the data [17]. In Table 3 and Table 4, we present the cluster
validation results on a variety of different metrics, which, to
the best of our knowledge, represent a good coverage of the
validation measures available in different fields, such as data
mining, information retrieval, and machine learning.

The different measures used capture different goodness
measures of clusters based on inter-cluster and intra-cluster
similarities. The Davies-Bouldin index (DB) [6] is calcu-
lated as follows. For each cluster C, the similarities between
C and all other clusters are computed, and the highest value
is assigned to C as its cluster similarity. Then the DB in-
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Figure 4: Performance on Cohort Query Recommendation (left figure: Precision@10 & right figure: Precision@20). Based on
the average number of query matches between the recommended set of queries and user’s own test set of (unseen) queries, the
precision at 10 and precision at 20 values are plotted against the number of similar users from user’s cluster considered (n).
The results obtained between the CMTF and the best performing baseline at n=10, 20 (left) and n=10, 20, 30 (right) were
statistically significant (p<0.05) based on pairwise tests between the proposed method and the best performing baseline.

CH Index

nClusters TermSim LDA Task TT CMTF
10 453 643 352 534 658
30 297 353 203 377 411
50 213 258 151 285 299
80 178 192 116 212 234
100 96 165 99 182 194

Table 4: Cluster Analysis of User Representations - internal
cluster evaluation metric (CH Index) performance for the
different approaches are shown. BoT represents the sim-
ple Bag-of-Terms baseline, LDA represents the topic model
based user representations, Task represents user represen-
tations learnt vi PMF by using task information while TT
represents the proposed Task-Topic Tensor based user rep-
resentations.

dex can be obtained by averaging all the cluster similarities.
The smaller the index is, the better the clustering result is.

The Silhouette index (SI) [27] validates the clustering per-
formance based on the pairwise difference of between and
within-cluster distances. The Calinski-Harabasz index (CH)
[5] evaluates the cluster validity based on the average be-
tween and within cluster sum of squares.

Discussion
As can be seen in Table 3 and table 4, the user clusters
obtained from via using topic-task coupled representations
indeed perform better than the clusters obtained via just
Bag-of-Terms or task baselines. This is in line with our
hypothesis that capturing task behaviors across user popu-
lations indeed helps us in forming well-knit user clusters and
thus could help us perform better in ”groupization”. Having
good clusters could be useful for many applications, one of
them being collaborative query recommendation, as shown
above.

8. CONCLUSION
We presented a novel approach to couple user’s topical

interest information with their search task information and
their term usage behavior to learn a joint user representation
technique. We demonstrated that coupling user’s task infor-
mation with their topical interests indeed helps us build bet-
ter user models. We show through extensive experimenta-

tion that our task based method outperforms existing query
term based and topical interest based user representation
methods. This clearly demonstrates the value of considering
search tasks rather than just query terms or topics during
personalization. Future work involves the development of
more sophisticated and generalizable models of task behav-
ior that can model task-relevant activity beyond search en-
gine interactions. The flexibility of the tensor based frame-
work makes our proposed method generic enough to add
more data sources and modalities. The user representations
learnt can be used for various different applications, some-
thing we intend to explore as future work.
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