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ABSTRACT
Recommendation has received tremendous attention recently
due to its wide and successful applications across different
domains. Different from traditional setting of recommen-
dation tasks, modern recommendation tasks are usually ex-
posed in a context-rich environment. For example, in addi-
tion to a user-item rating matrix, users and items are con-
nected to other objects via different relationships and they
are usually associated with rich attributes, such as text and
spatio-temporal information. It turns out that heteroge-
neous information network serves a natural data model to
capture the rich context of these recommendation tasks. In
this tutorial, we will systematically introduce the method-
ologies of using heterogeneous information network mining
approach to solve recommendation tasks, and demonstrate
the effectiveness of such methods using different applica-
tions, ranging from collaboration recommendation in sci-
entific research network to job recommendation in profes-
sional social network, and to drug discovery in biomedical
networks. The topics to be covered in the tutorial include:
(1) overall introduction; (2) recommendation in heteroge-
neous information networks, which introduces the general
methodology of how to model the recommendation problem
as a heterogeneous information network mining problem; (3)
recommendation in a text-rich setting, where the informa-
tion network is further enriched by refined analysis of text
information; (4) recommendation with spatio-temporal in-
formation, where entities and relationships in the network
are associated with spatio-temporal attributes; and (5) re-
search frontiers for context-rich recommendation.
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1. ORGANIZERS
Yizhou Sun (Ph.D., UIUC), is an assistant professor at
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pal research interest is in mining information and social net-
works, and more generally in data mining, machine learning,
and network science. She has over 60 publications, over 10
of which are on recommendation algorithms. She received
2012 ACM SIGKDD Best Student Paper Award, 2013 ACM
SIGKDD Doctoral Dissertation Award, 2013 Yahoo! ACE
(Academic Career Enhancement) Award, and 2015 NSF CA-
REER Award. Dr. Sun has rich experiences in delivering
tutorials in major conferences, including EDBT 2009, SIG-
MOD 2010, KDD 2010, ICDE 2012, VLDB 2012, ASONAM
2012, and ACL 2015.

Xiang Ren is a fifth-year Ph.D. candidate of Department
of Computer Science at University of Illinois at Urbana-
Champaign (UIUC). His research focuses on creating generic
computational tools for better understanding massive text
data. He has published over 25 papers in major conferences.
He received 2016 Google PhD Fellowship in Structured Data
and Database Management, 2016 KDD Rising Star by Mi-
crosoft Academic Search, C. W. Gear Outstanding Graduate
Student Award in 2016, Yahoo!-DAIS Research Excellence
Award in 2015, and C. L. and Jane W.-S. Liu Award in
2015. Mr. Ren has rich experiences in delivering tutorials
in major conferences, including SIGKDD 2015, SIGMOD
2016 and WWW 2016.

Hongzhi Yin (Ph.D., Peking University), works as an
ARC DECRA Fellow (Lecturer-Level) with The University
of Queensland (UQ), Australia. His main research interests
are in social media analysis and recommender system, espe-
cially spatio-temporal recommendation. He has published
over 30 papers, with more than 10 papers and a scholar book
on spatio-temporal recommendation. He received 2016 Aus-
tralia Discovery Early Career Researcher Award and 2014
Distinguished Doctor Degree Thesis Award of Peking Uni-
versity. Dr. Yin has been the lecturer for the course “In-
formation Retrieval and Web Search” in the University of
Queensland and delivered many oral presentations and tu-
torials in major conferences.

2. INTRODUCTION
Recommendation has received tremendous attention re-

cently due to its wide and successful applications across dif-
ferent domains. Different from traditional setting of recom-
mendation tasks, modern recommendation tasks are usually
exposed in a context-rich environment. Take a movie recom-
mendation task as an example, in addition to a user-movie
rating matrix, users and movies are usually connected to
other objects via different relationships. For example, users
are linked to other users via friendship links, and movies are



linked to actors/actresses, directors, and genres. The rich
context can be naturally captured by heterogeneous infor-
mation networks, which contain multiple types of objects
and their interactions. In other words, the user-movie in-
teraction matrix is embedded into a more complicated het-
erogeneous information network. By using information net-
work mining approaches, the rich information can be fully
utilized for the recommendation task, which turns out to be
extremely helpful in overcoming the sparsity and cold start
issue in traditional recommendation methodologies.

Moreover, objects and relationships in the network are
usually associated with rich text and spatio-temporal infor-
mation. For example, in a citation recommendation task for
scientific research, text information in papers become very
critical to determine whether a paper should be considered
as a reference. In another example of restaurant recommen-
dation for users in a location-based social network service,
spatio-temporal information become critical in determining
the quality of the recommendation. In these cases, infor-
mation networks will be further enriched by these types of
information. We will then introduce how to integrate the
text and spatio-temporal information into the information
network, and how to utilize them to provide a better recom-
mendation.

In this tutorial, we will introduce the recent progress in
recommendation algorithms that are related to information
network mining approach in an organized way, which will
provide researchers and practitioners in this field with a new
angle.

Duration and Sessions.
This is one-day tutorial. The topics to be covered in the

tutorial include: (1) overall introduction; (2) recommenda-
tion in heterogeneous information networks, which intro-
duces the general methodology of how to model the rec-
ommendation problem as a heterogeneous information net-
work mining problem; (3) recommendation in a text-rich
setting, where the information network is further enriched
by refined analysis of text information; (4) recommendation
with spatio-temporal information, where entities and rela-
tionships in the network are associated with spatio-temporal
attributes; and (5) research frontiers for context-rich recom-
mendation.

Audience and Prerequisite.
The tutorial is suitable for academic and industrial re-

searchers, graduate students, and practitioners who are in-
terested in dealing with recommendation tasks with rich
contexts including social, textual, and spatio-temporal at-
tributes. The audience will benefit from the new perspective
of solving recommendation problems in an information net-
work mining approach and the broad applications covered
in the tutorial. Only basic knowledge of data mining, infor-
mation networks, and recommender systems are needed.

Tutorial Material.
The tutorial materials will be provided to attendees via:

http://web.cs.ucla.edu/~yzsun/Tutorials/WWW2017/index.

html.

3. TUTORIAL OUTLINE
The outline of the proposed tutorial is summarized below.

Part I: Preliminaries. We first introduce the preliminaries of
recommendation and information network mining.
Part II: Recommendation in Heterogeneous Information
Networks. Heterogeneous information network that con-
tains multiple types of objects and multiple types of rela-
tionships serves a natural data model in capturing the rich
context for many recommendation tasks. In this part, we
introduce three types of methodologies that can leverage
the rich semantics in heterogeneous information networks
for recommendation.

1. Recommendation as link prediction in heteroge-
neous information networks. Recommendation tasks
can be viewed as link prediction tasks in heterogeneous
information network, where meta-path-based proximity
features [25] can be formed for each source-target pair in
the network and the link prediction problem is converted
to classification problem. We introduce two examples to
illustrate the methodology, including collaboration rec-
ommendation in scientific research network [26] and drug
recommendation for protein target in drug discovery re-
search [4].

2. Recommendation with social network as side in-
formation. Recent studies [27, 16, 17, 18] have found
that social relations that are usually captured in social
networks are very helpful for the recommendation tasks.
For example, friends may share similar interests and thus
like similar movies. Social network information can be
considered as an additional type of links that connect
users, in addition to the standard user-item interactions.

3. Entity recommendation with implicit feedback via
meta-path propagation. In many cases, only implicit
feedback is received for the recommendation task. In [44],
the user-item implicit feedback information is designed to
be propagated via meta-paths that are derived from het-
erogeneous information networks. Each meta-path im-
plies an intention why a user likes an item. This leads to
multiple models corresponding to different latent spaces.
The best weighted combination of these latent spaces can
be learned using Bayesian ranking optimization. In [42,
41], a personalized model that learns a separate set of
weights for each user group is further proposed.

4. Entity similarity regularization for recommenda-
tion as feature selection. When facing rich context
information, one of the biggest challenges is to select the
most relevant information for the recommendation task.
In [43], a multi-view graph-regularized matrix factoriza-
tion framework is proposed to incorporate and learn the
weights of heterogeneous relationships.

Part III: Recommendation in a Text-Rich Setting. In the
context-rich environment, there exists not only different kinds
of relationships between users, items and objects of various
types, but also a rich amount of text information (e.g., in
the forms of short-text descriptions, documents, keywords,
etc.) attached to users, items and other objects. It is of
great interests to study: (1) how to overcome the cold-start
problem with the help of text information, and (2) how to
incorporate rich text signals to improve the recommenda-
tion in heterogeneous information networks. In this part
of the tutorial, we give an overview of the problems and
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methodologies in content-based recommendation, introduce
the approaches for recommendation in text-rich information
networks, and discuss about the methods for constructing
structured networks from text data and performing recom-
mendation based on the text networks so constructed.

1. Content-based recommendation: An Overview. We
will introduce the basics of item representation and user
representation and different methods for learning user and
item representations, by using literature search as an ex-
ample. We then provide an overview of the state-of-the-
art recommendation models [1, 15] including keyword-
based models and ontology-based models. In particular,
we will discuss how user feedback can be leveraged in the
models.

2. Recommendation in text-rich information networks.
This part of the tutorial focuses on the cases where we
have structured relationships organized as information net-
works (e.g., user-item interactions, item-attribute associ-
ations, and user-user connections), as well as text infor-
mation attached to different objects in the networks (e.g.,
item description, user profile). We first introduce methods
which build a global recommendation models in text-rich
information network [19, 2, 45, 40, 14]. We discuss how to
leverage text information to group users and derive per-
sonalized recommendation model for each user group [20].
To facilitate different ranking hypotheses, we introduce
restricted meta-paths for recommendation in text-rich net-
works [13].

3. Recommendation in networks constructed from
text. As the majority of existing data generated in our
society is unstructured, we present studies that extract
structures from text data to facilitate recommendation.
We introduce embedding techniques for weighted term net-
works constructed from the corpora [9] for content-based
recommendation. We also discuss methods which can ex-
tract typed entities from text corpora and leverage them
to enrich the information networks [22, 23, 24, 21].

Part IV: Recommendation with Spatio-Temporal Informa-
tion. The recent advances in location-acquisition and wire-
less communication technologies such as GPS have greatly
promoted the rapid prevalence of smart mobile devices, which
enables users to easily add a location dimension to tradi-
tional social networks (e.g., Twitter, Facebook, and Weibo)
via a smartphone, and also fosters the growth of Location-
based Social Networking services (LBSNs) such as Foursquare,
Yelp, GeoLife, Meetup, and Google Place, where users can
easily check-in at points of interests (e.g., restaurants, stores,
hotels) and share their life experiences in the physical world
via mobile devices, resulting in rich user-generated spatiotem-
poral data. Actually, the user-generated spatiotemporal data
in the mobile era captures the snapshots of users’ everyday
lives, and provides unprecedented potential for user inter-
est modeling, mobility pattern mining and user behavior
prediction. On the other hand, it is crucial to develop spa-
tiotemporal recommendation services for users to explore
the new places, attend new events and find their potentially
preferred items from billions of candidate ones.

Spatiotemporal recommendation aims to find top-k spa-
tial items (i.e., items with geographical locations) that a tar-
get user u potentially prefers in a given specific spatiotem-
poral context (i.e., q = (u, t, l)) [34, 38]. According to the

recent studies [39, 33, 46], human spatiotemporal behaviors
are complex and influenced by multiple factors: Geograph-
ical Influence, Temporal Cyclic Effect, Temporal Sequential
Influence and Social Influence. While there are some pre-
vious studies [36, 11, 37, 5, 7, 6] that exploit one of the
above factors to improve spatiotemporal recommendation,
they lack an integrated analysis of their joint effect. To cap-
ture the joint effect of all the above factors in a unified way,
we will present two types of spatiotemporal recommendation
methods based on the heterogenous information networks.

1. Spatiotemporal recommendation by probabilistic
generative models. To mimic user spatiotemporal be-
haviors in a process of decision making, we will present
a joint probabilistic generative model [39, 34, 38] and a
sparse additive generative model [30, 31, 10] which strate-
gically integrate the multiple factors mentioned above in
a unified way. Compared with traditional mixture mod-
els, these two models do not need to introduce additional
latent variables which act as “switches” to control the
weights of each factor.

2. Spatiotemporal recommendation by network em-
bedding. A heterogenous information network embed-
ding method will be presented to learn the representa-
tions of users, spatial items, time slots, geographical re-
gions and content words in a shared latent space [33, 8,
47], based on which we investigate the joint power of the
above mentioned factors to address the challenges of data
sparsity, cold start, context awareness and dynamic user
preferences in spatiotemporal recommendation.

Part V: Research Frontiers. In the end of the tutorial, we
will briefly mention some of the recent research frontiers in
recommendation community.

1. Cross-domain recommendation. Cross-domain or plat-
form recommendation [28, 12], such as recommending a
tweet to a Weibo user in China [12], is helpful to bridge
the cultural gap caused by different platforms. The main
challenge is how to address the more severe data sparsity
issue, where the two platforms may have little content
overlap.

2. Reciprocal recommendation system. In classical rec-
ommendation, we only care whether a user likes an item
or not. But in some applications, such as online dating
[32] and job recommendation, there should be a mutual
interest between both parties when the recommendation
is meaningful.

3. Network embedding and text embedding for rec-
ommendation. A recent trend [9, 33, 29, 3] is to learn a
good representation for both entities and text for better
recommendation. All sorts of network and text embed-
ding techniques are emerging rapidly.

4. CONCLUSION
We systematically organize the cutting-edge recommenda-

tion algorithms that benefit from information network min-
ing approaches into this tutorial, which turn out to be ex-
tremely effective in overcoming the sparsity and cold start is-
sue in traditional recommendation methodologies. A broad
spectrum of applications will be mentioned in this tutorial,
which will benefit a wider audience.
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