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ABSTRACT

The neural architecture-based recommenders have demonstrated
overwhelming advantages over their traditional counterparts. How-
ever, the highly sparse user behavior data often bottlenecks deep
neural recommendation models to take full advantage of their ca-
pacity for better performance. Recently, self-supervised learning
(SSL), which can enable training on massive unlabeled data with au-
tomatic data annotation, has received tremendous attention across
multiple fields including recommender systems. It has turned out
that SSL can significantly improve the recommendation quality by
designing pretext tasks to discover supervisory signals from the
raw data, serving as a natural antidote to the data sparsity issue. In
this tutorial, we will systematically introduce the methodologies of
applying SSL to recommendation. The topics to be covered include:
(1) foundation and overview of self-supervised recommendation;
(2) a comprehensive taxonomy of existing SSL-driven recommen-
dation methods which is constructed based on the characteristics
of pretext tasks; (3) how to apply SSL to various recommendation
scenarios where different types of data and multiple optimization
objectives are involved; (4) limitations in current research and future
research directions; (5) an open-source toolkit to facilitate empirical
comparisons and methodological development of self-supervised
recommendation methods (released at https://github.com/Coder-
Yu/SELFRec).
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1 TOPIC AND RELEVANCE

The neural architecture-based recommender systems [3, 4, 32, 33]
have demonstrated unprecedented strong performance and achieved
outstanding success in recent years [1, 6]. However, despite the
great ability to model complex user preferences, the deep neural
recommendation models often fail to take full advantage of their
capacity due to the highly sparse user behavioral data [15, 31]. As a
natural antidote to the data scarcity issue [23, 24], self-supervised
learning (SSL) has recently received tremendous attention [2, 5, 7, 8,
10, 11, 14, 17, 29]. By designing pretext tasks to extract supervisory
signals from raw data, SSL can reduce the dependency on manual la-
bels and enable training on massive unlabeled data. Inspired by the
success of SSL on CV [2, 7, 10] and NLP [5, 11, 22], there is also an
increasing trend towards developing self-supervised recommender
systems.

Currently, a number of early research efforts have transplanted
the ideas of SSL from other areas to recommendation [12, 16, 18,
21, 34], and some very recent works [13, 19, 20, 25, 26, 30] also
have started to explore recommendation-specific SSL. These works
almost span all kinds of recommendation topics, setting off a wave
of research enthusiasm on this field. In the year of 2021, there have
been more than 50 published papers and preprints focusing on
self-supervised recommendation. Some important questions also
arise with these research progress: (1) What are the differences
between self-supervised recommendation and the traditional multi-
task recommendation? (2) What are the common ways to design
pretext tasks for different recommendation scenarios? (3) What is
the principle behind self-supervised recommendation? (4) What
are the limitations of current research and potential opportunities
for future research? Although encouraging results are reported in
existing works of self-supervised recommendation, these questions
are not systematically investigated or even being neglected. There
is an urgent need to reveal the answers of these questions, in order
to further promote this line of research.

By delivering this tutorial, we give our deliberate responses to
these questions and thus benefit both industry and academia:

e We aim to provide the participants with a broad picture of the cur-
rent development of self-supervised recommendation. A timely
and comprehensive literature review will be presented to help
readers quickly grasp the basic concepts and step into this re-
search field.

o We will share our experience of applying SSL to recommendation
to the participants. Particularly, we will dive into the principle
of SSL and demystify the recommendation performance gains
brought by SSL with both experimental and theoretical analysis.
We expect to introduce the basic guidelines for designing pretext
tasks in practice to the participants.
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e We aim to provide academic participants with an insightful dis-
cussion of the imitations in current research and future research
directions. By releasing our toolkit for self-supervised recommen-
dation, we expect to facilitate empirical comparisons and future
methodological development of self-supervised recommendation
methods.

2 THE TUTORIAL TEAM

Dr. Hongzhi Yin and his group are the pioneers of this emerg-
ing research field, and have been consistently working on recom-
mender systems for years. Together with co-authors, their work
on self-supervised recommendation has been published by top-tier
venues such as KDD, WWW, AAAI, CIKM, WSDM, ICDM, etc.
They also have abundant practice experience and have developed
an open-source framework QRec! towards open benchmarking for
recommender systems, which has received 1,000+ stars on GitHub.

2.1 Brief Bio of Organizers

Hongzhi Yin works as ARC Future Fellow and associate professor
with The University of Queensland, Australia. He is leading the
Responsible Big Data Intelligence Lab and was recognized as Field
Leader of Data Mining & Analysis in The Australian’s Research
2020 magazine. His current main research interests include rec-
ommender system, graph embedding and mining, chatbots, social
media analytics and mining, edge machine learning, trustworthy
machine learning, decentralized and federated learning, and smart
healthcare. He has published 180+ papers in the top conferences
and journals, including 100+ CORE A* and 60+ CORE A, such as
KDD (x15), IEEE TKDE (x14), SIGIR (x10), WSDM (x6), WWW (x6)
and ACM TOIS (x11). He has won 6 Best Paper Awards such as
ICDE’19 Best Paper Award, DASFAA’20 Best Student Paper Award,
and ACM Computing Reviews’ 21st Annual Best of Computing No-
table Books and Articles as well as one invited paper in the special
issue of KAIS on the best papers of ICDM 2018. He is currently
serving as Associate Editor for Springer Nature Computer Science,
Editorial Board of Journal of Computer Science and Technology
(JCST), Big Data Networks (specialty section of Frontiers in ICT,
Frontiers in Digital Humanities, Frontiers in Big Data and Fron-
tiers in Computer Science), Information, Guest Editors of ACM
Transactions on Intelligent Systems and Technology, Information
Systems, and World Wide Web. Dr. Yin has rich lecture experience
and taught 5 relevant courses such as information retrieval and
web search, data mining, social media analytics, and responsible
data science. He was nominated as Most Effective Teacher of EAIT
Faculty in The University of Queensland for 2020 and 2021. He
has delivered 12 keynotes, invited talks and tutorials at the top
international conferences such as tutorials at WWW 2017 and KDD
2017.

Junliang Yu is a third-year Ph.D. student in the School of Infor-
mation Technology and Electrical Engineering at the University of
Queensland, jointly advised by A/Prof. Hongzhi Yin and Prof. Zi
(Helen) Huang. He received his Bachelor and Master degrees from
Chongqing University. His research interests include recommender
systems, social media analytics, deep learning on graphs, and self-
supervised learning. His recent research mainly focuses on efficient
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and explainable self-supervised learning for recommendation. He
has 10+ publications on top-tier international venues such as KDD,
WWW, ICDM, CIKM, AAAJ, SIGIR, VLDBJ, and TKDE. He also
served as the conference PC member of AAAI, CIKM, IJCA], etc,
and the journal reviewer for TOIS, TIST, TNNLS, TKDE, etc. He has
rich lecture experience and tutored one relevant course of social
media analytics, and also has made oral presentations on multiple
top-tier conferences.

Tong Chen is a Lecturer with the Data Science Discipline at The
University of Queensland. He received his PhD degree in Computer
Science from The University of Queensland in 2020. Dr. Chen’s
research interests include data mining, machine learning, business
intelligence, recommender systems, and predictive analytics. He has
40+ publications on top-tier international venues such as KDD, SI-
GIR, ICDE, AAAL JJCAL ICDM, WWW, TKDE, IJCAI, TOIS, CIKM,
as well as the prestigious health informatics journal JBHI. He has
been actively providing professional services to over 20 world-
leading international conferences/journals in the fields of data min-
ing, information retrieval and Al For example, his roles include
program committee member of [JCAI’21 (SPC), WSDM’21, CIKM’21
and IJCATI’20, reviewer for TKDE, TOIS, TKDD and TNNLS, as well
as session chair for conferences CIKM’21, VLDB’20, and DASFAA’20.
Dr. Chen has ample track records in lecturing, witnessed by his
course design and delivery experience in business analytics, teach-
ing experience in social media analytics, as well as invited talks
on cutting-edge recommender systems at the ICDM’20 NeuRec
Workshop, Beihang University, and Zhejiang University.

2.2 Relevant Publications by the Organizers

e SSL on graphs for recommendation [25-27, 30].

e SSL on sequences for recommendation [19, 20].

e Pre-training for recommendation models [9].

e A survey paper on self-supervised recommendation [28].

3 STYLE AND DURATION

The tutorial is delivered as a lecture-style tutorial (1.5 hours in
duration). The schedule and detailed organization of the topics are
as follows.

L Introduction (15 mins)

(1) Overview of Recommendation
(2) Overview of SSL in Recommendation

II. Taxonomy of Self-Supervised Recommendation Methods
(15 mins)

(1) Definition of Self-Supervised Recommendation
(2) Taxonomy and paradigms

IIL. SSL Methods for Recommendation (45 mins)

(1) Contrastive Methods
(2) Predictive Methods
(3) Generative Methods
(4) Hybrid Methods

IV. Limitations and Future Research Trends (10 mins)
V. Opensource Toolkit for Self-Supervised Recommendation
(5 mins)
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4 TARGETED AUDIENCE

The tutorial targets at a broad range of audiences from recommen-
dation and other related areas, including academic and industrial
researchers, graduate students, and practitioners. After the tutorial,
we expect the audience will have a grasp of basic SSL strategies
for enhancing recommendation, and gain real-world practice ex-
periences through working on the released opensource toolkit. As
for the prerequisite, basic knowledge of information retrieval and
recommendation is preferred, and the tutorial will also introduce
the foundation for better audience engagement.

5 TUTORIAL MATERIALS

The tutorial materials including the slides and video recordings
will be made available online in advance for attendees via: https:
//ssl-recsys.github.io. To avoid the potential occurrence of techni-
cal problems, a pre-recorded lecture will be uploaded to YouTube
beforehand, and the link can be found on the above GitHub home-

page.

6 VIDEO TEASER
The video teaser is available at https://bit.ly/300gkLg.
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