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Summary

Recommender systems are widely used in many big companies such as Facebook,
Google, Twitter, LinkedIn, Amazon and Netflix. They help to deal with the problem
of information overload by filtering the important information fragments efficiently ac-
cording to users’ preferences and interests. However, it is challenging to develop highly
effective models for handling various recommendation problems, from individual-level to
group-level tasks. To be specific, the standard recommendation problem is personalized
with respect to a single user, where it aims to identify the most interesting and relevant
items to make personalized recommendation. In contrast, group level recommendation
deals with groups of users instead of individuals, in which fine-grained, intricate group
dynamics and preferences have to be considered.

With the success of deep learning, many neural architectures have been proposed
for learning-to-rank recommendation. Indeed, recent studies have shown their effective-
ness and efficiency in providing better recommendations in terms of user and group-of-
users satisfaction with the involvement of deep learning. The key intuition behind many
successful end-to-end neural architectures for recommendation is to design appropriate
frameworks that are not only able to learn rich user and item representations, but also
well capture the implicit and hidden relationships behind users and items. Therefore, the
objective of designing such effective neural architectures remains a challenge, especally in
the context of different recommendation tasks such as general recommendation, next-item
recommendation, shopping-basket recommendation, etc.

This dissertation focuses on designing neural architectures for personalized and group
recommendation. More specifically, we explore representation learning techniques, both
Euclidean and non-Euclidean representation, for learning-to-rank user/group-of-users
and item pairs. The key contributions of this dissertation are listed below.

Personalized Recommendation. Our contributions are summarized as follows:

e Wasserstein based Metric Learning Representation for Recommendation.
We introduce a novel Wasserstein distance-based Metric Learning Chain (W-MLC)
model. Our W-MLC model employs a series of metric learning, together with a
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Wasserstein distance to constraint on the user/item projection transformations, al-
lowing us to encode user-item interactions better through a deeper chain. In addition,
we propose a hinge loss function with personalized adaptive margins for different
users. Extensive experiments on eight datasets of three different recommendation
tasks reveal the effectiveness of our proposed model over eight strong state-of-the-art
baselines.

Going Beyond Euclidean: Hyperbolic Representation for Recommenda-
tion. We investigate the notion of learning user and item representations in non-
Euclidean space. Specifically, we study the connection between metric learning in
hyperbolic space and collaborative filtering by exploring Mobius gyrovector spaces
where the formalism of the spaces could be utilized to generalize the most common
Euclidean vector operations. Overall, this work aims to bridge the gap between Eu-
clidean and hyperbolic geometry in recommender systems through metric learning
approach. We propose HyperML (Hyperbolic Metric Learning), a conceptually sim-
ple but highly effective model for boosting the performance. Via a series of exten-
sive experiments, we show that our proposed HyperML not only outperforms their
Euclidean counterparts, but also achieves state-of-the-art performance on multiple
benchmark datasets, demonstrating the effectiveness of personalized recommendation
in hyperbolic geometry.

Neural Architecture Dropout Representation for Recommendation. We
introduce a new regularization effect on personalized recommendation ranking task
by proposing a simple informative neural architecture to enhance the performance.
Specifically, our proposed architecture, DropRec (Dropout for Recommendation), in-
vestigates the notion of adaptive architecture dropout between layers by leveraging
the usage of attention mechanisms. Unlike standard approaches, we explore attention
mechanisms as a method to avoid redundancy and activate only specific parts of the
network for each user-item pair. In the end, we propose two variants of DropRec:
Co-Attention based DropRec (C-DropRec) and Self-Attention based DropRec (S-
DropRec), achieving significantly competitive performance on six widely adopted
benchmark datasets over existing strong stacked multi-layered baselines, demonstrat-
ing the effectiveness of attention modules in focusing on different aspects of the archi-
tecture.

One-Off Comparison between Personalized Recommenders. We put a sepa-
rate chapter in order to further introduce one additional contribution to this disser-
tation by proposing a one-off comparison between all the proposed architectures and
baselines, across all the benchmark datasets. The datasets, evaluation protocol, met-
rics, and baselines will be introduced in the later section. In fact, this very extensive
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experiment could also be considered as a small survey of the proposed architectures
on the implicit feedback problem. This chapter is designed to give the readers a
general overview of the proposed representation learning techniques, as well as the
performance of the well-known baselines. In addition, we also provide discussions and
observations on this one-off comparison. Lastly, interesting conclusions and opinions
will also be provided in this chapter.

Group Recommendation. Our contributions are described as follows:

e Learning Representation for Group Recommendation. We propose Medley
of Sub-Attention Networks (MoSAN), a new novel neural architecture for the group
recommendation task. Our proposed approach hinges upon the key intuition that
the decision making process (in groups) is generally dynamic, i.e., a user’s decision is
highly dependent on the other group members. All in all, our key motivation manifests
in a form of an attentive neural model that captures fine-grained interactions between
group members. In our MoSAN model, each sub-attention module is representative
of a single member, which models a user’s preference with respect to all other group
members. Subsequently, a Medley of Sub-Attention modules is then used to collec-
tively make the group’s final decision. Overall, our proposed model is both expressive
and effective. We show that MoSAN not only achieves state-of-the-art performance
but also improves standard baselines by a considerable margin.
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Chapter 1

Introduction

1.1 Background and Motivations

Given the growth of data in recent years, the role of recommender systems becomes
more and more important. After all, interaction data (clicks, purchases, etc.) lives at
the heart of many applications in different domains such as content streaming sites (e.g.,
music, podcast), e-commerce and so on. To this end, recommender systems not only
serve as a great mitigation strategy, but also create an overall better user experience.
Moreover, the advent of social networking services has brought about a significant ease
in not only joining but also organizing communal/group activities. The importance
and relevance of such communal activities cannot be overstated, as they are after all,
deeply involved in enhancing the social fabric of communities. Thus, the need to cater
to group preferences is both imperative and intuitive, especially given its crucial role in
modern society. Its importance notwithstanding, many personalization algorithms are
still generally tailored to the individual, i.e., by definition ‘person-alized’ in the sense
they tailor to only one person. Therefore, in this dissertation, we are also concerned with
designing highly effective recommender systems that are targetted at modeling group
preferences as opposed to individual preferences.

Pertaining to the collaborative ranking problem (i.e., interaction-only setting) in rec-
ommender systems for personalized recommendation, the major concern is to deal with
the complex and non-linearity relationships between users and items, where conventional
methods, such as the popular matrix factorization [KBV09], fail to capture due to the
assumption in linearity. Thus, building effective recommendation algorithms with the
ability to learn useful representations from input data becomes a challenge. Therefore,
it is a natural choice to explore representation learning techniques to extract and en-
code favorable information for recommendation. Morever, while most recommendation
techniques have been focusing on individual recommendation, in many cases, the recom-
mended products or services are consumed by a group of users. Application scenarios of



CHAPTER 1. INTRODUCTION

group recommendation include, for example, having dinners with colleagues, watching
movie with spouses, and going picnic with friends. Since traditional recommendation
methods targeting individuals cannot be efficiently applied in group recommendation, it

comes with the demand for more advanced group recommendation techniques.

In this dissertation, we focus on investigating deep neural networks for representation
learning for better personalized and group recommendation, in which we refer to those
approaches as deep representation learning methods. The advantages of using deep rep-
resentation learning based recommendation are in two-folds: 1) effectively reducing the
efforts of feature engineering, and 2) easily incorporating additional heterogeneous infor-
mation such as text (e.g., reviews of a user), image (e.g., picture of a food) or location
(e.g., longtitude and latitude of a restaurant). We will introduce a comprehensive lit-
erature review later in Chapter 2, where we will go deeper in reviewing deep learning
techniques for recommender systems, especially in the context of representation learning.
Notably, throughout this dissertation, we would like to emphasize that we only focus on
interaction-only data. It means that we only consider user-item interactions for person-
alized recommendation problem, and group-item interactions for group recommendation

problem.

In the scope of deep representation learning for personalized recommendation, a di-
verse plethora of machine learning models solves the personalized ranking problem in rec-
ommender systems via building matching functions [RFGS09, Ren10, SM07, HLZ"17].
Across the literature, a variety of matching functions have been traditionally adopted,
such as inner product [RFGS09], metric learning [TATH18, HYC*17] and /or neural net-
works [HLZ*17, HDWT18]. In this dissertation, we particularly pay attention to the
emerging of metric learning in recommender systems, in which metric learning has at-
tracted extensive research across different domains [WDWK11, CHL05, XNJR02, KTW*12,
CHLO05, HYC*17, TATH18, WBS05]. In recommender systems, metric learning, with the
notation of distance as a matching function between users and items, has been widely
adopted mainly due to its crucial triangle inequality property, compared to inner product
[REGS09] or neural network [HLZ 17, HDWT18]. The basic idea of metric learning is to
produce a distance metric between two objects to represent for their similarity, in which

the two objects are more similar if their distance is small.
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Figure 1.1: Learning with dot product vs. metric learning.

Particularly, we assume user u; and us interacted with two similar items 4q, 75 as
illustrated in the toy example in Figure 1.1, in which user u, additionally interacted with
item 73 (the interaction table in the left figure). Thus, learning with dot product can lead
to the result shown in the middle figure and we end up not recommend item i3 to user u;.
In contrast, by learning with metric learning, the distance d(u;,i3) between user u; and
items i3 are smaller. As an effect of the triangle inequality, the distance d(iy,i3) between
two items 4; and i3 satisfies d(iy,i3) < d(uq,41) + d(uy,i3). As d(uy,iy) and d(uq,i3) are
small, d(i1,i3) is small as well, showing that i; and i3 are correctly portrayed. We can
derive similar observation for the distance d(is, i3), which leads to the results in the right
figure. In a same manner, when two similar users prefer a same item, as an effect of the
triangle inequality, the distance between the two similar users is small as well. Therefore,
inspired by this motivation, we focus more on the evolution of metric learning in this
dissertation.

Although there exisits several metric learning-based recommender systems have been
proposed [TATHI18, HYC*"17, KS10, CMTJ12, PKXY18], most of them represent each
user and item embedding by a single shallow level of pull and push mechanism [HYC*17,
CMTJ12, TSL19]. In this way, the formation of the pull and push mechanism indeed
could be considered as deterministic as each user and item is presented as only a single
point in a specific low-dimensional vector space. Moreover, although recent strong metric
learning models (e.g., Collaborative Metric Learning (CML) [HYC*17] and Latent Re-
lational Metric Learning (LRML) [TATH18]) demonstrate reasonable empirical success
for collaborative ranking with implicit feedback, those matching functions only covered
the scope of Euclidean space. Thus, in this dissertation, we also introduce an advanced
method that explores metric learning in hyperbolic space as hyperbolic representation
learning approach. Due to the exponentially expansion property of hyperbolic space,! we
discovered that metric learning with the pull-push mechanism in hyperbolic space could
boost the performance significantly: moving a point to a certain distance will require

thttp://hyperbolicdeeplearning.com/
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a much smaller force in hyperbolic space than in Euclidean space. Therefore, in this
dissertation, we develop two novel deep metric learning representation techniques: one
in Euclidean and one in hyperbolic space, to overcome the limitations of the previous
proposals.

Additionally, with the insurmountable progress of deep learning in the recent years,
almost, if not all, recommendation tasks are dominated by neural architectures [RFGS09,
HLZ*™17, ZYST19, XYH*17, HC17, XHZ*19, TLLK19, HYC*17, ZYST19, ZYST19,
DCJ19]. Many recommendation models have been proposed using deep learning for
learning user/item representations; thus, a variety of architecture designs have been
nominated [RFGS09, HLZ*17, ZYST19, XYH*17, HC17, XHZ*19, TLLK19, HYC*17].
Interestingly, many of the proposed neural recommenders consider the shallow pyramid
multi-layered perceptrons (MLP) structure as an essential part of the model [ZYS*18,
HLZ*17, ZACC17, TLLK19, TSL19, HC17, XHZ"19]. For example, [HLZ"17] combined
matrix factorization (MF) and MLP for dual space embedding, [ZACC17] expressed the
non-linearities by passing the element-wise product of user and item representations into a
pyramid MLP, [HC17, XHZ"19] stacked an MLP on top of the architecture for prediction,
or [TLLK19] proposed a square-distance MLLP and combined with metric learning. As a
result, these models mostly pay attention to explore the notion of stacking multiple layers
to capture the non-linearities of user-item interactions. Different from existing methods,
in this dissertation, we consider that an MLP of stacking multiple hidden layers may carry
overlapping information across layers, in which parts of a neural network architecture
could be removed to avoid redundancy. Therefore, we also further propose a new neural
architecture that is able to demonstrate similar regularization effect as dropout [HSK*12],
where we name it as a method of neural architecture dropout for recommendation.

On the other hand, in the scope of deep representation learning for group recommen-
dation, learning representation for a group of users is a challenging task. Intuitively, a
group is composed of a medley of individuals. While recommendation techniques tar-
geting individuals are extensively studied, research into group recommendation has been
limited. In fact, group preferences are not straightforward to model, given the inherent
complexity of group dynamics. To tackle this problem, this dissertation aims to propose
a new method that can exploit the interactions between group members in order to drive
the model towards highly effective group-level recommendations. Moreover, it has been
observed that the collective decisions of each member in a group are usually dynamic, i.e.,
a user’s preference may be highly influenced by the other members in the group. Indeed,
the final decision of a group tends to require a consensus amongst group members, in
which this consensus heavily depends on the roles and expertise of each member. There-
fore, it is crucial to model the interactions among group members. However, existing pro-
posals for group recommendation fail to model the interactions of group members effec-
tively [ARC*09, CM13, GLRW13, LTYL12, YLL12, YCL14, KBV09, BMR10, OCKRO01,
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MSC*06]. Most of existing solutions belong to memory-based methods that are based on
either preference aggregation [KBV09] or score aggregation strategy [BMR10, OCKRO01]
and do not consider the interactions of group members. These strategies overlook the
interactions between members in a group by simply using trivial methods to aggregate
its members’ preferences. Some existing solutions are model-based approaches and try
to exploit user interactions for group recommendation. However, they cannot fully uti-
lize the user interactions. And more importantly, modelling group representation via an
end-to-end representation learning remains challenging. Therefore, this dissertation also
deals with designing highly effective recommender systems that are targeted at modeling
group preferences as opposed to individual preferences, where groups are ad-hoc (any
combination of individuals) rather than pre-defined.

To this end, this dissertation is concerned with the task of developing and designing
effective neural architectures using representation learning techniques for both person-
alized (or collaborative) and group recommendation ranking, in which a ranked list of
prospective candidate items is served to each user or each group. More specifically, in
this dissertation, we tackle the overall recommendation scenario with two different ap-
proaches: one is for personalized recommendation and one is for group recommendation.
We introduce, in total, four novel representation learning techniques for both recommen-
dation tasks.

1.2 Research Problems and Methodologies

1.2.1 Wasserstein based Metric Learning Representation for
Recommendation

In the context of representation learning, metric learning has attracted extensive
research in the past few years across different domains [WDWK11, CHL05, XNJRO02,
KTW*12, CHLO5, HYC*17, TATH18, WBS05]. The basic idea of metric learning is to
produce a distance metric between two objects to represent for their similarity. The two
objects are more similar if their distance is small and vice versa. In representation learning
for personalized recommendation, metric learning is adopted as a matching function
between users and items. Recently, it has been widely utilized in recommendation tasks
due to its crucial triangle inequality property, which is omitted in inner product based
recommenders [RFGS09, HLZ"17, HDWT'18].

To this end, several metric learning-based recommender systems have been proposed
[TATH18, HYC*17, KS10, CMTJ12, PKXY18]. However, most of existing metric learn-
ing methods represent each user and item embedding by a single shallow level of pull
and push mechanism [HYC*17, CMTJ12, TSL19]. In this way, the formation of the pull

5



CHAPTER 1. INTRODUCTION

and push mechanism indeed could be considered as deterministic as each user and item
is presented as only a single point in a specific low-dimensional vector space.

Approaches and Methodology. For the first time, we propose a Wasserstein distance-
based Metric Learning Chain (W-MLC') model, which utilizes the notion of metric learn-
ing chain, and allows a series of metric learning computations between user and item
latent representations. Instead of learning user and item in a standard metric learning
approach with one shallow layer, W-MLC' dives into deeper levels with multiple pairwise
objectives of metric learning. There are two novel aspects in W-MLC" (i) restriction
and (ii) relaxation. Specifically, we project user/item embeddings into different spaces
(i.e. creating a chain) to perform metric learning on multiple levels (restriction), whereas
we introduce an adaptive margin for each user at different chain (relaxation). Different
from standard metric learning methods, the metric learning chain allows us to encode
richer semantic relations, providing more freedom to cluster similar items together and
keep dissimilar items far apart. To this end, we preserve the pull and push mechanism of
metric learning at different levels, while simultaneously enhancing the performance and
reducing biases through our personalized and adaptive margin hinge loss.

1.2.2 Going Beyond Euclidean: Hyperbolic Representation for
Recommendation

As discussed, a diverse plethora of machine learning models solves the personalized
ranking problem in recommender systems via building matching functions [RFGS09,
Renl0, SM07, HLZ"17]. Across the literature, a variety of matching functions have
been traditionally adopted, such as inner product [RFGS09], metric learning [TATH1S,
HYC*17] and/or neural networks [HLZ"17, HDW*18]. Among those approaches, met-
ric learning models (e.g., Collaborative Metric Learning (CML) [HYC'17] and Latent
Relational Metric Learning (LRML) [TATH18]) are primarily focused on designing dis-
tance functions over objects (i.e., between users and items), demonstrating reasonable
empirical success for collaborative ranking with implicit feedback. Nevertheless, those
matching functions only covered the scope of Euclidean space.

Approaches and Methodology. For the first time, our work explores the notion
of learning user-item representations in terms of metric learning in hyperbolic space, in
which hyperbolic representation learning has recently demonstrated great potential across
a diverse range of applications such as learning entity hierarchies [NK17] and/or natural
language processing [TTH18, DSNT18]. Due to the exponentially expansion property of
hyperbolic space, we discovered that metric learning with the pull-push mechanism in
hyperbolic space could boost the performance significantly: moving a point to a certain

6



CHAPTER 1. INTRODUCTION

distance will require a much smaller force in hyperbolic space than in Euclidean space.
To this end, in order to perform metric learning in hyperbolic space, we employ Mobius
gyrovector spaces to generally formalize most common Euclidean operations such as
addition, multiplication, exponential map and logarithmic map [GBH18b, Ung09].

1.2.3 Neural Architecture Dropout Representation for Recom-
mendation

Across the literature, many recommendation models have been proposed using deep
learning for user/item representations [RFGS09, HLZ*17, ZYST19, XYH*17, HC17,
XHZ*19, TLLK19, HYC*17]. A variety of architecture designs have been nominated,
in which they consider the shallow pyramid multi-layered perceptrons (MLP) structure
as an essential part of the model [ZYS*18, HLZ"17, ZACC17, TLLK19, TSL19, HC17,
XHZ*19]. For example, [HLZ"17] proposed a fusion of matrix factorization (MF) and
MLP by concatenating their last hidden layer to combine the two models, [ZACC17]
jointly learned user and item representations and passed their element-wise product into
a pyramid MLP, [HC17, XHZ*19] integrated an MLP on top of the architecture before
the prediction layer, or [TLLK19] squared the last hidden layer of an MLP to make a
square-distance MLP for metric learning. As a result, these models mostly pay attention
to explore the notion of stacking multiple layers to capture the non-linearities of user-
item interactions. Different from existing methods, in this thesis, we consider that an
MLP of stacking multiple hidden layers may carry overlapping information across layers,
in which parts of a neural network architecture could be removed to avoid redundancy.

Recent years have witnessed a success of attention mechanism with a wide range of
applications in recommendation domain [XYH*17, TLH18, TLLK19, TSL19, CZJCIS,
TZLH18]. Several attention mechanisms with either vanilla attention or co-/self-attention
have been applied to recommendation such as general attention [XYH'17, CZJC18],
multi-head attention [TLH18| or metric learning attention [TLLK19, TSL19]. However,
to the best of our knowledge, existing attention-based recommendation models only fo-
cused on handling user-item relations or extracting important features of side information.
In this thesis, we introduce a new approach of attention mechanism on activating only
specific parts of the neural architecture, achieving similar effect as dropout [HSK*12].
Indeed, we perform attention mechanism on hidden layers directly to capture the most
informative layers to build more accurate and better representations, which is also the
key difference of our work.

Approaches and Methodology. For the first time, we introduce a new concept of ex-
ploring attention mechanism as a regularization effect in the application of personalized
recommendation. We propose a conceptually simple informative and effective model, in
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which it is capable of not only achieving highly competitive results, but also providing
explainable representations due to the impact of attention mechanism. The proposed
paradigm reinforces the main idea of learning user-item representations, while maintain-
ing the simplicity and effectiveness of the previous proposed models.

1.2.4 Learning Representation for Group Recommendation

People often participate in activities in groups, e.g., having dinners with colleagues,
watching movies with partners, and shopping with friends. This calls for effective tech-
niques for group recommendation. Unfortunately, existing recommendation algorithms
designed for individuals are not effective for group recommendation. With the emerging of
group event data, the research community further develops the research interest on mak-
ing effective recommendations for a group of users [ARC*09, CM13, GLRW13, LTYL12,
YLL12, YCL14, KBV09, BMR10, OCKRO01, MSC*06] which facilitates groups making
decisions, and helps social network services improve user engagement. This dissertation
is concerned with designing highly effective recommender systems that are targeted at
modeling group preferences as opposed to individual preferences, where groups are ad-hoc
(any combination of individuals) rather than pre-defined.

Group preferences are not straightforward to model, given the inherent complexity of
group dynamics. To this end, this work aims to exploit the interactions between group
members in order to drive the model towards highly effective group-level recommenda-
tions. Moreover, it is natural that collective decisions have a tendency to be dynamic,
i.e., a user’s preference may be highly influenced by the other members in the group.
Group-level agreement tends to require a consensus amongst group members, in which
this consensus largely depends on each member’s roles and expertise.? As such, it is
crucial to model the interactions among group members. However, existing proposals
for group recommendation fail to model the interactions of group members well. Most
of existing solutions belong to memory based methods that are based on either prefer-
ence aggregation [KBV09] or score aggregation strategy [BMR10, OCKRO01]| and do not
consider the interactions of group members. These strategies neglect the interactions be-
tween members in a group, and use simple methods to aggregate its members’ preferences.
Some existing solutions are model-based approaches and try to exploit user interactions
for group recommendation. However, they cannot fully utilize the user interactions.

Approaches and Methodology. To tackle the aforementioned challenges, we propose
a new neural architecture for group recommendation. Specifically, our architecture is
a new variant of the attention mechanism in which each group member is represented

2While this is not explicitly captured with any semantic information or meta-data, we hypothesize
that this can be implicitly captured with simply interaction data.
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with a single sub-attention network. Subsequently, a group of users is then represented
as a ‘medley’ of sub-attention networks that is responsible for making the overall rec-
ommendation. The role of each sub-attention network is to capture the preference of its
representative group member, with respect to all other members in the group. As such,
our proposed model leverages user-user interactions for making group recommendation
decisions, which is not only well-aligned with the fundamental intuition of group-level
dynamics but also expressive in the sense that it considers the user-user interactions.
In fact, our experiments demonstrate that a simple attentive aggregation of user rep-
resentations is insufficient and has roughly identical performance to that of an average
pooling matrix factorization (MF) baseline. On the other hand, our experiments show
that our model is significantly better than seven state-of-the-art baselines. All in all, our
core intuition serves as an inductive bias for our model, providing more effective group
recommender performance on multiple benchmark datasets.

1.3 Datasets, Evaluation Protocol, Metrics, and Base-
lines

1.3.1 Datasets

We use multiple widely-adopted benchmark and real-world datasets with diverse do-
mains and densities to conduct extensive experiments on both personalized and group
recommendation task. In particular, the descriptions of our datasets used in this disser-
tation are listed as bellows:

e MovieLens: A widely adopted benchmark dataset in the application domain of rec-
ommending movies to users provided by GroupLens research®. In this dissertation,
we adopt four available configurations: MovieLens100k, MovieLens1M, HetRec, and
MovieLens20M. Additionally, we also introduce another two generated datasets for
group recommendation task, namely MovieLens-Simi and MovieLens-Rand, which
will be presented in details in Chapter 7.

e Epinions: A consumer review dataset that was crawled on Epinions website and
originally introduced in [MAQ7].*

e Yelp: A business directory and crowd-sourced review platform. We adopt the dataset
from the Yelp Dataset Challenge 2018.°

3https://grouplens.org/datasets/movielens/
4http:/ /www.trustlet.org/downloaded_epinions.html
Shttps://www.yelp.com/dataset /challenge
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e Tafeng®: A grocery transaction dataset, which contains four months of transactions
from November 2000 to February 2001 by 7T-Feng supermarket.

e Tmall”: A retail platform named Tmall that contains shopping logs of users. In
this dissertation, we randomly pick 100k transactions for evaluation since the original
dataset is extremely large.

e Goodbooks: A large book recommendation dataset contains six million ratings for
ten thousand most popular (with most ratings) books.®

e Meetup: An event-based social network dataset. We use the dataset includes event-
user pairs from NYC that was provided by [PLCZ16].

e Amazon Reviews: The amazon review datasets that was introduced in [HM16a]. In
this dissertation, we choose the subsets? that are selected based on promoting diversity
based on dataset size and domain. The details of each subcategories (i.e., subsets)
will be introduced in the experimental section of each chapter.

e Ciao: A rating and review platform dataset were introduced in [GZTY14]. We use
the entire crawled DVDs category dataset in the period from July 2000 to November
2013.1°

e Plancast: An event-based social network dataset that is similar to Meetup where
it allows users to directly follow others’ event calendars. The dataset was originally
introduced in [LHT*12].

For personalized recommendation task, we use a subset of the listed datasets for the
different methods presented in this dissertation. Notably, we are aware that for the first
three chapters that focusing on building personalized recommenders, there exists the
different datasets used in the experiments. Although it may be acceptable to exploit
a subset of the datasets to introduce new architectures, we understand that there still
exists several ways to strengthen the experiments such as conducting more experiments
across all the datasets for all the models. Therefore, we further introduce Chapter 6 as an
extension of Chapter 3, 4 and 5; in which we conduct a very extensive experiment called
a one-off comparison between all the introduced architectures across all the benchmark

Shttps://stackoverflow.com/questions/25014904 /download-link-for-ta-feng-grocery-dataset
Thttps://tianchi.aliyun.com/datalab/dataSet.htm?id=1
8https://github.com /zygmuntz/goodbooks-10k
9Datasets are obtained from http://jmcauley.ucsd.edu/data/amazon/ using the 5-core setting with
the domain names truncated in the interest of space.
Ohttps://www.ciao.co.uk/
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datasets. Indeed, interesting insights and observations of the comparison will also be
presented later in the chapter.

For group recommendation task, we particularly use MovieLens, Meetup and Plancast
datasets, as they are the benchmark datasets that commonly use for the group-level
recommendation. All the statistics of the datasets will be separately introduced in each
chapter. In addition, we will also present the prerocessing steps of each dataset in details
in each chapter for reproducibility.

Moreover, we particularly focus on the implicit feedback problem for recommendation
in this dissertation. In other words, we focus on the problems of user-item recommenda-
tions and group-item recommendations without the usage of any side information such as
item attributes, user profiles, etc. As such, we binarize the explicit data by keeping ex-
isting ratings as implicit feedback. In other words, all the rated entries of the interaction
matrix are converted to ones, while all the missing entries are filled with zeros.

1.3.2 Evaluation Methodology

Throughout this thesis, for personalized recommendation task, we adopt the widely-
used leave-one-out protocol for the model evaluation [HLZ*17, RFGS09, TLLK19]. Par-
ticularly, for datasets with available interaction timestamp (e.g. Mowvielens and Yelp
datasets), the lastest interacted item of each user is held-out as the test set, the penul-
timate is used for the development set, and the rest of interactions are for the training
set. For datasets without interaction timestamp (e.g. Epinions, 30Music and Stracks
datasets), for each user, we randomly pick one interacted item for testing set, another
interacted item for development set, and the rest of interactions for training set. More-
over, we randomly select 100 negative samples which the user have not interacted with
and rank the ground truth amongst these negative samples [HLZ*17, TATH18]. During
training, we report the test scores of the model based on the best validation scores. All
models are evaluated on the validation set at every 50 epochs.

On a side note, for group recommendation task, we randomly split each dataset into
training, tuning and testing data with the ratio of 70%, 10% and 20%, respectively. Note
that the groups in our setting are ad-hoc, i.e., it is possible that a group appears only in
test data, but not in training data.

1.3.3 Performance Metrics

In this dissertation, we focus on the accuracy of top-K recommendation task where
K is the number of recommendations. Specifically, we measure the performance by con-
sidering the number of times the test item apprears in the top-K recommended items for
a target user. In particular, we evaluate model performance using four metrics: precision
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(prec@K), recall (rec@K), Normalized Discounted Cumulative Gain (NDCGQK) and Hit
Ratio (HRQK), which are well-established ranking metrics for recommendation tasks.
Notably, the choice of the K value indeed depends on the task, where we usually set
K = 10 for personalized recommendation task, and evaluate recommendation accuracy
for group recommendation with K = {5,10,20}. In particular, prec@QK is the fraction of
top-K recommendations selected by a user (or a group), rec@K is the fraction of relevant
items (true items) that have been retrieved in the top-K relevant items, NDCGQK mea-
sures how well a method can evaluate the rankings of true items in the recommendation
list, and HR@QK simply measures whether the test item is in the top-K recommended
list or not.

Furthermore, when comparing our proposed approaches to the competing baselines,
we observe some performance differences. As such, we need to evaluate how significant
the improvement of our approaches to make sure that the results are reliable. To this end,
we perform paired t-tests to report the performance difference so that our approaches
are indeed statistically significant. In some experiments, we run N times and access the
average results of the methods, where we usually set N = {5,10}.

1.3.4 Comparison Algorithms

Personalized Recommendation. In this dissertation, we compare our proposed meth-
ods against other competing top- /K recommendation algorithms. In particular, the base-
lines used in the personalized recommendation task are listed below, in which we cate-
gorized into four groups: 1) traditional state-of-the-art approaches (MF-BPR [RFGS09],
PMF [SM07]), 2) general deep representation learning approaches (MLP, JRL [ZACC17],
NeuMF [HLZ*17], CMN [ESF18]), 3) metric learning based approaches (CML [HYC*17],
LRML [TATH18]), and 4) sequential approaches (PRME [FLZ*15], TransRec [HKM1§],
Caser [TW18]).

e Matrix Factorization with Bayesian Personalized Ranking (MF-BPR) [RFGS09]:
It is a state-of-the-art matrix factorization model for implicit feedback recommenda-
tion, where the user-item interactions are modeled using the inner product.

e Probabilistic Matrix Factorization (PMF) [SM07] is a strong pointwise base-
line based on matrix factorization which is built upon user-item pairs. It explores a
probabilistic approach on matrix factorization for recommendation.

e Multi-layered Perceptron (MLP) [HLZ"17] is a feedforward neural network that
applies multiple layers of non-linearities to capture the relationship between users and
items. We choose the number of MLP layers from {3,4,5}. In this dissertation, we
use two versions, one with pyramid structure [HLZ'17] and the other one has hidden
layers with equal dimension, which will be introduced in the later chapters.
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¢ Joint Representation Learning (JRL) [ZACC17] is a strong baseline that explores
the stack hidden layers by passing the element-wise product of user and item latent
vectors into a pyramid multi-layered perceptron for prediction. We also propose and
compare with another variant of JRL.

e Neural Collaborative Filtering (NeuMF /NCF) [HLZ*17]: a strong neural net-
work based recommendation model which models nonlinear user-item interactions.
The key idea of NeuMF is to fuse the last hidden representation of MF and MLP into
a joint model. We pre-trained two components of NeuMF to obtain its best results,
denoted as NeuMF++.

e Collaborative Memory Network (CMN) [ESF18]: It is a strong recommender
system based on memory network. The framework exploits user neighborhood-based
CF and additionally integrates a memory network to learn attentive weights for similar
users. We also use a pre-trained version of CMN, in which we denote as CMN-++-.

e Collaborative Metric Learning (CML) [HYC™17]: It is a strong metric learning
baseline that learns user-item similarities using the Fuclidean distance.

e Latent Relational Metric Learning (LRML) [TATH18]: It is also a strong metric
learning baseline that learns adaptive relation vectors between user and item pairs to
find its single optimal translation.

e Personalized Ranking Metric Embedding (PRME) [FLZ"15]: It is the person-
alized ranking-based metric embedding approach, which models the user preferences
and the first-order Markov sequential transitions in two separate latent Euclidean
spaces.

e Translation-based Recommendation (TransRec) [HKM18]: It is also a very
strong sequential recommendation methods. TransRec utilizes the Euclidean distance
to model the third order relationships between the user, the previous item, and the
next item.

e Convolutional Sequence Embedding Recommendation Caser) [TW18]: It is
another strong sequential model that explores convolutional neural network (CNN)
with vertical and horizontal kernels to capture the complex relationships between
items.

Note that for personalized recommendation task, our target is to develop new effec-
tive recommendation architectures and the baselines are chosen based on the different
objectives in each chapter. In particular, we have:
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e Chapter 3 focuses on developing an advanced metric learning architecture to overcome
limitations of previous metric learning representation studies. Thus, we choose the
existing metric learning based approaches as our core baselines. In addition, we also
compare our proposed model with some key popular sequential models to demonstrate
the generality of our framework.

e Chapter 4 further investigates hyperbolic metric learning architecture in hyperbolic
space for recommendation. Thus, we also consider metric learning approaches in
Euclidean space as our main competitors to illustrate the potential of using hyperbolic
space over Euclidean space for metric learning.

e Chapter 5 proposes a general deep learning module that could fit into any MLP-
like architectures to enhance the performance by introducing a regularization effect.
Therefore, the core baselines in this chapter would be the models that were built upon
MLPs.

Moreover, we also compare our proposed architectures with their variants and con-
duct extensive ablation studies to demonstrate the effectiveness and generalization of
our methods. The details behind each proposed method will be described in Chapter
3, 4, and 5 later. On a side note, we notice that we could also further consider all the
baselines for one-off comparison with all the proposed models in the personalized recom-
mendation task. By doing this, we could create the overview performance comparison of
different types of general recommenders. Therefore, we introduce another chapter with
a very extensive experiment on providing comparison between all general introduced
recommenders across all datasets presented above:

e Chapter 6 provides a very extensive one-off comparison between all the introduced ar-
chitectures in the previous chapters across all the benchmark datasets. Thus, we could
also consider this comparison as a small survey on implicit feedback recommendation
problem, providing interesting insights and observations on the existing approaches
compared to proposed representation learning techniques. Moreover, we also provide
findings and opinions for the readers to have the general view on this implicit feedback
direction in the personalized recommendation field.

Group Recommendation. For the group recommendation task, we compare with
seven state-of-the-art baselines, in which we categorized into three groups: 1) tradi-
tional approaches (CF-AVG, CF-LM, CF-RD [ARC*09]), 2) probabilistic approachs (PIT
[LTYL12], COM [YCL14]), and 3) neural network approaches (MF-AVG, ATT-AVG).
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User-based CF with averaging strategy (CF-AVG): CF-AVG applies user-based
CF to calculate a preference score for each user with respect to a candidate item i,
and then averages the preference scores across all users to obtain the group recom-
mendation score of item 1.

User-based CF with least-misery strategy (CF-LM): Similar to CF-AVG, CF-
LM first applies user-based CF to calculate a score for each user on item 7. However,
the recommendation score of item ¢ is taken as the item’s lowest preference score

across all users.

User-based CF with relevance and disagreement strategy (CF-RD) [ARC*09]:
CF-RD uses CF-AVG or CF-LM to compute the group relevance score. It also consid-
ers a disagreement score across the group members, such as using the average pair-wise
relevance difference (the average pair-wise disagreement method), or the mathematical
variance of the relevance (the disagreement variance method).

Personal impact topic model (PIT) [LTYL12]: PIT is an author-topic model.
Assuming that each user has an impact weight that represents the influence of the
user to the final decision of the group, PIT chooses a user with a relatively large
impact score as the group’s representative. The selected user then chooses a topic
based on her preference, and then the topic generates a recommended item for the

group.

Consensus model (COM) [YCL14]: COM relies on two assumptions: (i) the per-
sonal impacts are topic-dependent, and (ii) both the group’s topic preferences and
individuals’ preferences influence the final group decision.

Average Matrix Factorization (MF-AVG): This baseline is a simplified version
of MoSAN and considers the average embedding of all users in the group. All users

1

are weighted equally. We represent a group as g = >, wju; where w; = -, and we

optimize the BPR objective to predict group recommendation scores.

Attentive Aggregation (ATT-AVG): This baseline is also a simplified version of
MoSAN, and represents a group embedding using a vanilla attentive aggregation over
all the user embeddings in the group. The user embeddings are optimized with the
BPR objective function.

For both personalized and group recommendation task, the hyper-parameter settings

of each competing baseline will also be presented in details in each relevant chapter.
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1.4 Summary of Contributions

In this dissertation, we design and develop effective neural architectures for various
recommendation tasks via different representation learning techniques. The contributions

are summarized as follows:

e We propose a W-MLC (Wasserstein distance-based Metric Learning Chain) model
that investigates the notion of metric learning chain for recommender systems via
Wasserstein distance. To the best of our knowledge, this is the first work that explores
a series of metric learning in different transformation spaces with the combination of
Wasserstein distance in recommendation domain. Additionally, we also propose mul-
tiple loss functions and incorporate them into an end-to-end framework for adaptive
model training. Specifically, unlike standard metric learning models, we learn the
adaptive and personalized margin for each user under the pull and push mechanism.
Moreover, we introduce the similarity measure between transformation matrices via
Wasserstein distance, in which the 2-Wasserstein distance also satisfies the crucial
triangle inequality property for metric learning. We conduct extensive experiments
on eight widely-used benchmark datasets in three well-known recommendation tasks
to demonstrate the effectiveness of our proposed model against eight state-of-the-art

baseline recommendation methods.

e We investigate the notion of training recommender systems in hyperbolic space as
opposed to Euclidean space by exploring Mobius gyrovector spaces with the Rieman-
nian geometry of the Poincaré model. To the best of our knowledge, this is the first
work that explores the use of hyperbolic space for metric learning in the recommender
systems domain. We devise a new method HyperML (Hyperbolic Metric Learning), a
strong competitive metric learning model for one-class collaborative filtering (i.e., per-
sonalized ranking). Unlike previous metric learning models, we incorporate a penalty
term called distortion to control and balance between accuracy and preservation of dis-
tances. We conduct a series of extensive experiments delving into the inner workings
of our proposed HyperML on ten public benchmark datasets. Our model demon-
strates the effectiveness of hyperbolic geometry, outperforming not only its Euclidean
counterparts but also a suite of competitive baselines. Notably, HyperML outperforms
the state-of-the-art CML and LRML models, which are also metric learning models
in Euclidean space across all benchmarks. We achieve a boosting performance gain
over competitors, pulling ahead by up to 32.32% performance in terms of standard

ranking metrics.
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e We introduce a new kind of regularization effect, DropRec (Dropout for Recommen-
dation), by exploring attention mechanism directly on hidden layers to avoid redun-
dancy in the context of personalized recommendation. We propose two effective neu-
ral architectures, C-DropRec and S-DropRec, for collaborative filtering with implicit
feedback. In this work, we design simple but informative and effective architectures,
which enable incorporating attention mechanisms into hidden layers. We conduct
extensive experiments on six widely adopted benchmark datasets for recommender
system to demonstrate the effectiveness of employing attention mechanisms on hid-
den layers, consistently outperforming several recent strong competitive baselines with
only stacked multi-layered perceptrons. Moreover, we also investigate the explainable
insights of our two architectures to further exploit the effectiveness of attention mech-
anisms on providing regularization.

e We provide an extension experiment for the personalization task by comparing all
the introduced representation learning techniques to all the baselines, across all the
introduced widely-adopted benchmark datasets. Specifically, this one-off experiment
includes 13 architectures with 12 datasets in terms of two evaluation metrics. We
not only show that our proposed representation learning techniques are significant,
but also providing interesting insights and observations, such as the performance of
metric learning based recommenders compared to dot product based recommenders.
Moreover, we also include our analyses and opinions on the results of the comparison.
This excited experiment could be considered as a general benchmark for future models
for comparison if they would like to conduct similar experimental settings.

e We propose MoSAN (Medley of Sub-Attention Networks), a novel deep learning ar-
chitecture for the group recommendation problem. Our model distinguishes itself
from all prior work in group recommendation based on the fact that it considers user-
user interactions using sub-attention networks. To the best of our knowledge, this is
the first neural model that explores the usage of user-user interactions for the group
recommendation task. We conduct extensive experiments on four publicly available
benchmark datasets. Our experimental results demonstrate that MoSAN achieves
state-of-the-art performance, outperforming a myriad of strong competitors in the
task at hand. In addition to comparison against well-studied baselines, we conduct
ablation studies against two baselines AVG-MF (Average Matrix Factorization) and
ATT-AVG (Attentive Aggregation) and observe that our approach significantly out-
performs both approaches. This shows that our proposed model provides a more
useful inductive bias for the task at hand. We show that the attention weights of
MoSAN are interpretable, i.e., it is able to discover the different weights of each user
across groups, highlighting the impact of each user in different groups.

17



CHAPTER 1. INTRODUCTION

1.5 Thesis Organization
Chapter 1 presents the research background, scope and overview of this dissertation.

Chapter 2 provides a detailed literature survey of deep representation learning techniques
for personalized and group recommendation.

Chapter 3 introduces W-MLC (Wasserstein distance-based Metric Learning Chain), a
metric learning chain representation architecture for recommendation. This model uti-
lizes the notion of metric learning chain, and allows a series of metric learning computa-
tions between user and item latent representations. We show that our proposed model
outperforms various recent strong metric learning baselines, indicating the effectiveness
and the need of our deep metric learning-based model.

Chapter 4 introduces HyperML (Hyperbolic Metric Learning), hyperbolic representa-
tion learning for recommendation. The key idea is to model user-item pairs in hyper-
bolic space, while maintaining the simplicity and effectiveness of the metric learning
paradigm. We show that the proposed framework achieves very competitive results and
outperforms recent advanced Euclidean metric learning models on multiple personalized
ranking benchmarks.

Chapter 5 introduces DropRec (Dropout for Recommendation), a new kind of regulariza-
tion effect by exploring attention mechanism directly on hidden layers to avoid redun-
dancy in the context of personalized recommendation. We show the remarkable recom-
mendation results of our proposed model on the variety of datasets and the advantage of
attention mechanisms in providing regularization effect to enhance the performance.

Chapter 6 introduces a one-off experiment of proposed architectures and baselines in
the previous chapters in the context of personalized recommendation. We show the
interesting recommendation results and insights of the experiment. We additionally
provides our analyses and opinions on the results.

Chapter 7 introduces MoSAN (Medley of Sub-Attention Networks), a novel deep rep-
resentation learning architecture for the group recommendation problem. Our model
distinguishes itself from all prior work based on the fact that it considers user-user in-
teractions using sub-attention networks. We show that MoSAN achieves state-of-the-art
performance, outperforming a myriad of strong competitors, and is able to discover the
different weights of each user across groups, highlighting the impact of each user in dif-
ferent groups.

Chapter 8 conclues this thesis, provides discussions, and introduces some new challenges
and potential directions for future work.
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Chapter 2

Literature Review

This dissertation is related to designing effective neural architectures for recommender
systems, especially exploring different deep representation learning techniques in various
recommendation tasks. In this chapter, we first give a general overview of recommender
systems and deep learning in Section 2.1. Then, we break the gap between recommender
systems and deep learning by reviewing deep learning based recommendation models
in terms of representation learning in Section 2.2. After that, we dive into details by
providing the overview of learning representation for personalized recommendation in
Section 2.3. Specifically, we recall deep learning representation for recommendation in
Section 2.3.1, introduce metric learning representation in Section 2.3.2, and then present
hyperbolic representation in Section 2.3.3. Finally, in Section 2.4, we present detailed
literature reviews for learning representation in group recommendation.

2.1 Review on Recommender Systems and Deep Learn-
ing

In this section, we first give an overview of recommender systems, and then pro-
vide theoretical foundations of deep learning by introducing a few popular deep learning
frameworks that are usually considered as the foundations and widely-applied in recom-
mendation domain.

2.1.1 Overview of Recommender Systems

Nowadays, recommender systems live at the heart of many popular online services
platforms across different domains such as e-commerce (e.g., Amazon product recom-
mendation), social networks (e.g., Facebook newsfeed recommendation), entertainment
(e.g., Netflix movie recommendation, Spotify music recommendation). In general, these
recommender systems have been designed to provide recommendations based on the
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preferences of users. In fact, the systems estimate users’ preference on items, generate
candidate items that users might like, and recommend those items to users accordingly.

In the conventional setting of recommender systems, i.e., interaction-only setting, we
have a system with a set of users U, a set of items I, and users’ historical interactions
information which usually represent as an interaction matrix H. Each entry h;; of the
matrix H refers to the interaction of user ¢ and item j. Notably, in the context of group
recommendation, we would also have a set of groups of users GG as input. Moreover, the
interactions (i.e., the entries of the matrix) can be explicit feedback such as movie ratings
from 1 to 5 scale, or implicit feedback such as click, purchase, watch, listen and so on. In
real-world applications, explicit feedback information is hard to collect as it is expensive
and requires users to put more efforts in giving feedback to the systems. As such, most of
the time, we usually deal with implicit feedback setting since the information is easier to
gather and more abundant in forms. Therefore, in this dissertation, we focus on solving
various recommendation tasks with the implicit feedback setting. On a side note, in the
experiments, we also consider the sequence of the interactions by adding the timestamp
to replicate the real-world setting.

In addition, performance metric is also an important factor to evaluate a model. In
this dissertation, we mainly focus on the accuracy of the model, although there could
be other metrics to consider in real-world systems such as privacy, interpretability, or
diversity. Since we concern with the implicit feedback setting, we pay attention to the
ranking metrics. Specifically, we use Precision (Prec), Recall (Rec), Normalized Dis-
counted Cumulative Gain (NDCG), and Hit Ratio (HR). We will give details of those
metrics in the later chapters.

2.1.2 Foundations of Deep Learning

In light of the increasing success of deep learning, recent studies have proved the
benefits of using deep learning in various recommendation tasks. Recommendation ar-
chitectures have been utilizing deep learning in order to overcome limitations of tra-
ditional recommendation techniques. In this section, we briefly introduce a few basic
neural networks that have been widely used in many recommendation models. In the
later section, we will introduce how these models become the foundations for building
neural architectures for recommendations in terms of representation learning.

2.1.2.1 Matrix Factorization

Matrix Factorization (MF) [KBV09] is a traditional and popular technique for de-
veloping recommender systems. The objective of MF is to learn the low-dimensional
representations of users and items and perform the inner product to these representa-
tions to disclose the interests of users on different items. In other words, MF decomposes
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the rating matrix into low-dimensional user/item latent representations. Particularly,

RMXN

given an interaction user-item matrix R € where M is the number of users and N

is the number of items, MF decomposes R into a user representation matrix U € RM*X

RNXK

and a item representation matrix I € with K is the latent representation (i.e.,

embedding size). In formal, the objective function is defined as:

min||R — UL || + A[[U[7 + Ao [TIZ, (2.1)

where || - || is the Frobenius norm; \; and A, are regularization parameters.

Notably, MF has become the foundations of many neural recommenders in recent
years. In fact, various variants of MF have been proposed in which many of them becomes
the very strong baselines for different recommendation tasks such as WMFE ( Weighted
Matriz Factorization) [HKV08, PZCT08] or MF-BPR (Bayesian Personalized Ranking)
[RFGS09]. Recently, a very well-known neural architecture called NeuMF [HLZ*17] also
leverages MF as part of the model to learn duel embeddings for downstream tasks.

2.1.2.2 Multi-layered Perceptron

Multi-layerd Perceptrons (MLP) is also a traditional and popular technique which
usually consists of multiple fully connected layers with one input layer, few hidden layers,
and one output layer. The most important highlight of MLP is the capability to capture
the non-linearities through the information transformations across layers. Specifically,
an MLP with L layers is defined as follows:

hl(x) = fl(W1I + bl)
ho(z) = fo(Wahy + by)

hL(ZL‘) = O(WLhL_l + bL), (22)

where W, and b, are the weights and biases; f, is the non-linear activation function, in
which the common choice of f are usually rectifier function (ReLU): f(x) = maxz(0, z),
hyperbolic tangent function (tanh): f(z) = (e*—e™*)/(e*+e~*) or sigmoid function (sig-
moid): f(z) =1/(1+e*); and o(x) is the output activation function that is customized
based on the tasks.

In recommender systems, MLLP has become an essential part for many neural recom-
menders [ZYST18, HLZ"17, ZACC17, TLLK19, TSL19, HC17, XHZ*19]. In particular,
we empirically observe that the optimal setting of MLP in recommendation domain is of-
ten set to {3,4, 5} layers, with the activation function of ReLU or LeakyReLLU [MHN13].
Notably, an MLP commonly has a pyramid structure where the latent dimension of the
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di_1
2
with dy, is the dimension of layer k. However, we will show that it is not always the case,

subsequent layer equals to half of the dimension of the previous layer, i.e., dy =

where we further introduce a new type of MLP with hidden layers of equal dimension in
the later chapters.

2.1.2.3 Autoencoder

Different from MF and MLP, Autoencoder (AE) is an unsupervised neural network,
where the framework is typically and originally used for dimensionality reduction. Typ-
ically, AE consists of three layers: one input layer, one hidden layer (i.e., the bottleneck
layer), and one output layer. In this framework, the input and output layer have the same
latent dimension, whereas the dimension of the middle layer is usually much smaller and
considered as the low-dimensional representation. In addition, we refer to the process
from input to hidden layer as encode, and the process from hidden to output layer as

decode. Specifically, given the input x with the latent dimension of d, we have:

zZ = fl(Wll' —+ bl), (23)
ZL‘/ = fQ(WQZ’ + bg), (24)

where 2z € R” is the low-dimensional representation (i.e., the hidden layer) with k << d;
and x’ is the resconstructed representation from the input x.

Moreover, AE learns the parameters by minimizing the reconstruction error as follows:

L(z,2') = |z —2|> (2.5)

In general, AE can be applied into recommender systems with two approaches: 1)
learn low-dimensional feature reprentation of users/items at the bottleneck layer, and
2) fill the missing entries of the interaction matrix directly in the reconstruction layer.
To some extent, AE can also be stacked to formulate deep neural networks. There are
many variants of AE such as variational AE [Doel6], constrative AE [RVMT*11], and
marginalized AE [CXWS12], and almost all of them can be applied into recommendation
tasks. Additionally, there are some favourite AE-based recommendation models that at-
tract recent attention from the community such as CDAE (Collaborative Denoising Auto-
Encoder) [WDZE16] or Multi-VAE/DAE [LKHJ18]. Interestingly, Multi-VAE/DAE is
one of the very few popular models that achieves superb performance in terms of accuracy

[DCJ19].
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2.1.2.4 Recurrent Neural Network

Different from previous deep neural networks that assume all inputs to be indepen-
dent, Recurrent Neural Network (RNN) [GMH13| is a class of deep neural networks
dealing with the dependencies patterns of sequential information. Indeed, RNN allows
operation on sequential/time series data to capture the dependencies. There are two
popular variants of RNN were proposed: Long Short-Term Memory (LSTM) [HS97] and
Gated Recurrent Unit (GRU) [CvMG*14]. The two variants are introduced as belows.

Long Short-Term Memory (LSTM) [HS97| is proposed to tackle the problem of
gradient vanishing and exploding. Specifically, the framework consists of three functions
act as gate keepers when processing the sequence at each time step. Particularly, at time
step t, the non-linear operations of LSTM is defined as:

iv = o(Wi - [hie1, ze] + bi), (2.6)
fr =Wy - [hie1, ] + by), (2.7)
= [ ©c1+ i ©o(We- [hi—r, 2] +be), (2.8)
op =Wy - [he—1, 2] + b,), (2.9)
he = oy ® tanh(cy), (2.10)

where i, f; and o; are the input, forget and output gates; W.,, b, are the weights and bi-
ases; [, | denotes vector concatenation; o represents a sigmoid function and ® represents
the Hadamard product.

Gated Recurrent Unit (GRU) [CvMG™14] also adopts the gate mechanisms to con-
trol the previous memory and current inputs of the sequence, which is also known as a
simplified version of LSTM. Moreover, GRU additionally introduces an update gate and
a reset gate at each time step. Mathematically, GRU can be expressed as:

2z =0(W, - [h—1,2¢] +b.), (2.11)
re = oWy - [h—1, 2] + b,), (2.12)
he = tanh(Wi, - [ry © hy_y, 2] + by,), (2.13)
he=(1—2)©h1 42O hy, (2.14)

where the notations are similar to LSTM. Notably, h; represents the hidden state that
encodes sequential information at time step ¢.

With the ability to handle sequential information, RNNs become the natural choice
for dealing with session-based recommendation problems such as next-item recommen-
dation [ZTY"19], next-POI recommendation [FLZ"15] or shopping-basked recommenda-
tion [TLLK19]. For example, GRU4Rec [HKBT16] is one of the most famous RNN-based
models for recommendation that shows promising results in both academia and industry.
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2.1.2.5 Convolutional Neural Network

Convolutional Neural Network (CNN) [KSH12] is a class of deep neural networks with
convolution layers and pooling operations that handles grid-like data such as image and
video. A typical CNN usually consists of multiple convolutional layers, each of which
contains a set of kernels, denoted as K, that extract features from the local areas of its
input by performing convolution. We give an example of performing convolution by the
first convolutional layer on the input X as follows:

E,j = Z Z Xifm,janm,na (215>

where m and n are the position indexes of a filter; i and j represent a position on the
grids X and F'. The output F' of each convolutional layer is a feature map and considered
as the input for the next convolutional layer.

In recommendation domain, most CNN-based recommenders typically utilized CNN
architectures to extract useful features. For instance, [WWT*17] uses CNN to extract
visual features of images, [ZNY17]| adopts CNN for modeling user behaviors and dealing
with review texts, or [vdODS13] proposes CNN to extract music signals for song/playlist
recommendation. In addition, there exists direct approaches of using CNNs for collabo-
rative filtering and graph-based models [HDW*18, TW18, YHC"18, vdBKW17], where
these models also shows comparable and promising results.

2.1.2.6 Word2Vec

Word2Vec [MSC™13] is a popular technique that consists of two-layer neural networks,
in which the framework was developed to generate low-dimensional word embeddings.
Indeed, the word representations learned by Word2Vec have rich and semantic represen-
tations, with the ability to provides interpretability to the model. Moreover, the archi-
tecture design of Word2Vec also enables the model to capture the relationship between
a word and its surroundings. In terms of implementation, the skip-gram architecture is
usually adopted, in which the objective is to predict the surrounding context words w,
given a current word w; (i.e., the target word). The objective function is described as:
exp(w,] w;)

> wew exp(wTw;)’

arg max Z log p(w.|w;), where p(w.|w;) = (2.16)

weEC(7)

where C'(7) represents the set of context words of w;; and W represents all the possible

words in the corpus.

24



CHAPTER 2. LITERATURE REVIEW

On a side note, Word2Vec also employs two additional techniques, i.e., hierarchical
softmax [MBO05] and negative sampling [GH12], to reduce the training time cost. The
obtained word representations can then be used for different downstream tasks.

Similar to previous methods, various recommendation models also employ the Word2Vec
framework to solve various tasks. Among of which, the most two popular models are
Item2Vec [BK16] that learns item embeddings for collaborative filtering problem, and
POI2Vec [FCAC17] that jointly models the user preference and POI sequential transi-
tion influence for predicting potential visitors to a given POI.

2.2 Representation Learning Techniques for Recom-
mender Systems

With the proliferation of deep learning, deep learning techniques have been exten-
sively applied in recommender systems thanks to their state-of-the-art performances and
high-quality recommendations [CZH*17, CKH"16, CAS16, HLZ*17, ZYST19]. Deep
learning is able to capture non-linear and non-trivial relationships between users and
items, which provides better understanding of user demands and item characteristics,
as well as the interactions between them. The success of deep learning in recommender
systems has shown promising results across different recommendation tasks [ZYST19].
Indeed, the advantage of deep learning based recommendation models is the ability in
learning powerful representations and easily incorporating side information of users and
items such as user reviews or item categories. However, there are still very limited works
that exploit deep learning techniques into group recommendation. We will give a com-
prehensive review later in Section 2.4.

Deep learning, to some extent, is also considered as a representation methodology to
learn rich and meaningful representations from original inputs [GBC16]. As such, deep
representation learning techniques become more and more favourable. Given the abun-
dant auxiliary information such as user demographics, item descriptions and locations,
incorporating these information become much more simple and straightforward, since we
can easily get the final representations for downstream recommendation tasks by simply
concatenating all the side information vectors or feeding those vectors into a one-layered
neural network. Moreover, deep representation learning also makes the process of learn-
ing user and item representations becomes viable due to the capability of composing the
whole neural framework into a single differentiable function for end-to-end training.

On a side note, deep representation learning techniques also have the strength to
enhance the conventional recommendation models. For instance, integrating non-linear
activation functions (i.e., sigmoid, tanh, ReLU) to the conventional models such as Matrix
Factorization (MF) or Factorization Machine (FM) model could possibly lead to the
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improvement of the performance since the enhanced models could then capture the non-
linearities and complex structures of the data. In fact, there are several works achieve the
improvement by generalizing these methods with deep learning, such as neural matrix
factorization [HLZ*17, DR15] and deep factorization machine [HC17].

In this section, we review various representation techniques in recommender systems
with deep learning based models, among of which are investigated and leveraged in our
studies, either as our compared baselines or parts of our proposed architectures.

2.2.1 Representation Learning via Multi-layered Perceptron

MLP is a basic and powerful neural network that commonly-used in a wide range
of appications across different recommendation tasks due to the ability of capturing
non-linearities as introduced. Moreover, MLP is also known as a technique for feature
representation learning due to its effectiveness and scalability [CAS16, CKH"16, ESH15,
BK16]. Indeed, many real-world applications employ MLP as a tool for learning feature
representations of users and items such as YouTube video recommendation [CAS16],
Google Play Store Apps recommendation [CKH"16], or Microsoft TV & Apps recom-
mendation [ESH15, BK16].

Representation learning via MLP has been fascinated recently, in which most of the
proposed architectures consist of an MLP structure as an essential part of the model
[ZYST18, HLZ"17, ZACC17, TLLK19, TSL19, HC17, XHZ*"19]. For instance, [HLZ'17]
blended MF and MLP for dual space embedding, [ZACC17] passed the element-wise
product of user and item representations into an MLP to capture the non-linearity re-
lationships, [HC17, XHZ"19] stacked an MLP on top of the overall architecture for pre-
diction, or [TLLK19] proposed a square-distance MLP for metric learning.

On the other hand, representation learning via MLP also shows its effectiveness and
efficiency in numerous industrial applications. For example, YouTube recommendation
architecture [CAS16] consists of two components: candidate generation component and
ranking component, in which each component explores an MLP to learn users and features
representations. Another example of representation learning via MLP in industry-level
is the Wide & Deep model [CKH™16], which is already deployed in the Google Play
Store. Similar to [CAS16], the proposed architecture also consists of two components:
the wide component and the deep component. The wide component is the conventional
generalized linear model (GLM), whereas the deep component is simply an MLP. The
design of the architecture is to balance between generalization and memorization of the
model. Specifically, the wide component is used to memorize important features and the
deep component produces the generalization.

All in all, we observe that MLP takes a critical role in feature engineering for industrial
recommender systems, which illustrates the practical usage of representation learning
techniques via MLP in both academia and industry.
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2.2.2 Representation Learning via Autoencoder

As introduced, representation learning via AE mainly focuses on modeling non-
linearities with the reconstruction layer due to the encoder and decoder structure. As
such, various proposed models leverage the representation strength of AE by intergrat-
ing it into conventional recommendation models, especially for learning side information.
For instance, CDL (Collaborative Deep Learning) [WWY15] incorporates AE to PMF
(Probabilistic Matrix Factorization) model [SM07], CVAE (Collaborative Variational Au-
toencoder) [LS17] explores variational AE to enhance [WWY15], or mDA (Marginalized
Denoising Autoencoder) [LKF15] employs marginalized AE to extract user and item
features. Notably, most of the AE-based frameworks utilize representation learning tech-
niques with AE to extract side information with different variants. One special example
of using feature representation learning is AutoRec [SMSX15|. Instead of applying AE to
extract side information, AutoRec directly adopts the rows and columns of the interaction
matrix as inputs.

To this end, we observe the most powerful aspect of representation learning techniques
via AE is that we can always easily extend the inputs to incorporate any additional
features to make the hybrid models [SGM16, ZYX"17]. Thus, representation learning
via AE becomes the most promising direction. In fact, Multi-VAE/DAE [LKHJ18], one of
the AE-based recommendation models, illustrates their remarkable performance in terms
of accuracy across recent proposed deep representation learning techniques [DCJ19].

2.2.3 Representation Learning via Recurrent Neural Network

Many conventional recommendation models usually neglect the temporal dynamics
in their architecture. Thus, these proposed models cannot effectively model the se-
quential patterns of user activities. Therefore, it is essential to explore representation
learning techniques via RNN to process the sequential information for recommendation.
Indeed, we next review representation learning techniques via RNN with the two pop-
ular sequential recommendation tasks: Session-based Recommendation [WCW19] and
Sequence-aware Recommendation [QCJ18].

RNN for Session-based Representation Learning. Session-based recommendation
is the task of predicting the next action based on the historical actions of a user in a
given time frame. Thus, candidate items are usually generated based on the most recent
interactions. Notably, user identifications are not always presented in this task. One of
the very first neural architectures for session-based recommendation that ultilizes RNN
is the GRU4Rec [HKBT16]. In particular, given 7' sessions where each session consists
of a sequence of items, GRU4Rec takes the current target item with its session as input,
and then generates the probability of being the next item for all the items in that session
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by employing RNN. Indeed, GRU4Rec is considered as the foundation for many later
proposed models that also explore RNN to build session-based recommender systems. For
example, [HQKT16, Twal6] proposes to use another RNN to incorporate item features,
[JL17] employs session-based neighborhood to enhance GRU4Rec, [TXL16] uses data
augmentation and combine with GRU4Rec, or [LRC17] explores attention mechanism
[VSP*17] within the sessions to improve the performance. On a side note, when there
exists user identifications, we can incorporate those information to generate personalized
recommendations for each user in the context of session-based [QKHC17, RSL17].

RNN for Sequence-aware Representation Learning. Sequence-aware recom-
mendation is different from the previous task as: 1) the input only has the sequential
information, but not sessions, and 2) both user identifications and timestamp are utilized
in this task for personalized recommendation. By considering the timestamp, we would
be able to derive the historical interaction sequences of users with items, in which the
sequence of interactions (i.e., timestamps) is usually ignored in conventional collabora-
tive filtering task. Given a target user with his sequential interactions, the recommender
aims to predict a list of items that the user will likely interact in the future. Similar
to session-based recommendation, representation learning techniques via RNN are also
adopted for this task due to their ability to handle sequential information. For example,
[DLZ17] proposes three variants of GRU to integrate user features into the architecture, or
[LWWT16] explores RNN to incorporate contextual information, e.g., location, weather
and time, into the sequential historical interactions of users for recommendation. On a
side note, shopping-basket recommendation task could also be considered as a special
case of sequence-aware recommedation, where the key difference is that user’s historical
interactions are organized in baskets instead of only in sequences [YLW*16, WLW*15].
As such, representation learning techniques via RNN are also obviously employed for
this task. Typical examples for this problem are the e-commerce platforms such as Ama-
zon, in which users tend to put items in a basket whey they go shopping before making
payment.

2.2.4 Representation Learning via Convolutional Neural Net-
work

CNN architecture is designed to deal with grid-like topology data sources, with the
ability to extract local and global feature representations for downstream tasks. Repre-
sentation learning techniques via CNN are usually employed to process textual, visual,
audio and video information. We next review several works that exploit deep represen-
tation learning via CNN to extract features in recommendation domain.
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CNN for Text Representation Learning. In recommender systems, text rep-
resentation usually refers to the reviews of users for particular items. To this end,
several works employ CNN to extract meaningful representations for textual informa-
tion, as CNN is known to be suitable for document modeling due to its convolution
and pooling operations that can capture the contextual information globally and locally
[ZNY17, CC17, KPO*16]. For example, DeepCoNN (Deep Cooperative Neural Network)
[ZNY17] designs a couple of CNNs to jointly modeling both user and item reviews. To
enhance the performance, [CC17] further extend the DeepCoNN architecture by adding
an extra layer to represent the target user-item pair.

CNN for Image Representation Learning.  As originally designed for grid-like
data, CNN has understandably achieved amazing success on image tasks. As such, there
exists several works that leverage representation learning via CNN to apply image pro-
cessing in recommender systems. For example, VBPR [HM16b] proposes a framework
that incorporate image to the well-known BPR [RFGS09] for image ranking task. Specif-
ically, VBPR adopts CNN to extract visual features and simply incorporate into the BPR
framework. In addition, recent works also utilize CNN to extract visual features for dif-
ferent recommendation tasks such as fashion-aware recommendation [HM16a], pairwise
image recommendation [NCL18], POI recommendation [WWT*17] and restaurant rec-
ommendation [CT17]. Notably, popular deep representation learning architectures via
CNN such as VGG16 [SZ15] becomes a prefer choice to extract visual features recently
due to its incredible performance.

CNN for Audio Representation Learning. In addition to the previous applications,
CNN is also known to learn representations for audio feature extraction. In recommender
systems, CNN is commonly applied to extract audio features for music recommendation
task.! For instance, [vdODS13] proposes using CNN to predict latent factors from music
audio, where the CNN component extracts features from music audio signals with respect
to different timescales for prediction.

2.2.5 Representation Learning via Word2Vec

Word2Vec [MSC*13] is a special and popular technique for representation learning
compared to the previous introduced models. While previous conventional recommenda-
tion architectures focus on jointly learning the representation for users and items, it is
not always feasible in terms of real-word applications. Firstly, in real-world systems, the

!Note that this music recommendation task refers to dealing with music signals for recommendation.
It is different from the music recommendation task that only considers interactions between users and
songs.
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number of users and items are usually very high, from millions to billions, which makes
the representation learning process becomes much more expensive. Secondly, the inter-
actions between users and items are not always available in some cases. For example,
some e-commerce platforms allow users to purchase and make transactions even without
providing their information. To this end, previous representation learning techniques
may not be appropriate in industry.

As introduced, Word2Vec [MSC™13] is a two-layer neural network that is used to learn
rich and distributed low-dimensional word embeddings. Word2Vec adopts the skip-gram
architecture to capture the relationship between a target word and its surroundings, in
which the surrounding words are considered as the context words. Inspired by this ar-
chitecture, Ttem2Vec [BK16] treats a sequence of items similar to a sentence to apply
the Word2Vec framework. Specifically, [tem2Vec aims to learn item representations and
model the item-item relations by leveraging the framework. In experimental setting, the
sequences of items can be extracted by considering the timestamp. In real-world appli-
cations such as e-commerce systems, the sequences of items can also be generated from
historical logs such as shopping baskets or click sequences. Notably, Item2Vec neither in-
corporate spatial formation nor consider sliding window in the architecture as compared
to Word2Vec. However, its usage of representation learning via Word2Vec demonstrates
promising direction to apply Word2Vec for learning user and item representations in
various recommendation tasks such as POI recommendation (POI2Vec) [FCAC17].

2.2.6 Representation Learning via Graph Convolutional Net-
work

Graph Convolutional Network (GCN) [KW17, DBV16, ZCZ*18b, ZCZ18a, WPC*19]
has been proven as a strong method and catch the attentions of the research community
recently. A GCN based methods often design to model the local structural informa-
tion of a node in a graph structure. Then, the graph convolutional operation is applied
to update the representation of that node based on the signal passing of its neighbor-
hoods. With the remarkable performance of GCN, representation learning via GCN is
an emerging direction recently for recommendations, in which the proposed methods
usually leverage the user-item graph structure or multi-hop neighbors for learning rep-
resentations [WHWT19, HDW*20, ZLJ"18, YHCT18]. Specifically, these representation
learning techniques are usually developed based on collaborative signals and user-item
interaction data. The collaborative signals could imply the behavior similarity of users,
whereas user-item interactions could be constructed as a bipartile graph to employ GCN.
In fact, these techniques mainly focus on discover the complex relationships of users/items
via graphs through high-order connectivities. On a side note, representation learning via
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GCN could also be explored for social recommendations in which one can, for example,
additionally build user-user social graph to help filter information of users.

Althought GCN-based recommenders have only been explored recently, there already
exists many notable works on representation learning via GCN for recommender systems.
For example, [vdBKW17] views matrix completion as link prediction on user-item inter-
action graph to perform rating prediction, or [ZLJ 18] discovers the hidden connectivity
in the spectral domain with collaborative filtering. Moreover, [WHW*19, HDW*20] pro-
poses representation learning techniques that are not only able to learn high-order con-
nectivity, but also providing fast neighborhood aggregation and representation update for
capturing the collaborative signals. In terms of large-scale recommendations, [YHC'18§]
introduces a new large-scale deep recommendation engine which was actually developed
and deployed at Pinterest for production. In addition, [FML*19, WSF™19, WZG'19]
utilize social information to construct user-user bipartile graph or item-item bipartile
graph to apply representation learning techniques via GCN for social recommendations.
A more comprehensive review on various representation learning techniques on graphs
could be found at [TD19].

2.3 Representation Learning for Personalized Rec-
ommendation

As introduced in previous sections, deep representation learning techniques are ex-
tremely efficacious in learning latent representations for users and items, as well as any
other contextual/side information. In this section, we recall deep representation learning
techniques via MLP as they are most relevant to this thesis, and introduce two representa-
tion techniques that catch the attention of the community recently due to its effectiveness
with state-of-the-art performance, namely metric learning representation and hyperbolic
representation. Notably, we focus on personalized recommendation in this section, while
group recommendation will be reviewed in the next section.

2.3.1 Neural Representation

Neural Recommender Systems. Neural networks have been extensively applied in
recommender systems thanks to their high-quality recommendations [CKH"16, CAS16,
OTOT17, HLZ*17, CZH*17, TLH18|. Particularly, deep learning is able to capture non-
linear and non-trivial relationships between users and items, which provides in-depth
understanding of user demands and item characteristics, as well as the interactions be-
tween them. A tremendous part of literature has focused on integrating deep learning
into recommender systems to perform various personalized recommendation tasks, where
a comprehensive review can be found at [ZYST19].

31



CHAPTER 2. LITERATURE REVIEW

To this end, many recommender systems are designed to tackle the problem of col-
laborative filtering with implicit feedback [TATH18, SM07, RFGS09, HZKC16, Kor08,
HYC*17, SM07, KBV09]. With a shift from traditional to neural networks approaches,
many recent works mainly focused on designing architectures, in which they consider
the shallow pyramid MLP structure as an essential part of the model [ZYST18, HLZ"17,
ZACC17, TLLK19, TSL19, HC17, XHZ"19]. Specifically, [HLZ*17] combined MLP with
MF for a dual embedding, [ZACC17] fed an element-wise product of users and items into
MLP, [HC17, XHZ"19] assigned an MLP on top of the architecture before the prediction
layer, or [TLLK19] proposed a shallow square-distance MLP as part of the architecture.
As a result, these models explore the notion of stacking multiple layers to capture the
non-linearities of user-item interactions but neglect the informative signal (i.e., implicit
relationship) among the hidden layers of the network. However, there is still very little
work that exploits neural techniques into group recommendation. As such, in this disser-
tation, we pay attention to representation learning techniques via MLP for personalized
recommendation. In particular, we introduce a new effect on building neural architecure,
which will be presented in Chapter 5. We will review the representation techniques for
group recommendation in the later section.

Neural Attention. Among various representation learning architectures, attention
mechanism is one of the most exciting recent advancements in deep learning [DCLT18,
VSP*17, VITBE15, BCB15, CBS*15]. The usage of neural attention in recommender
systems has also gained considerable interest, with many works that exploit this recent
advance for standard recommendation tasks [TLH18, XYH*17, CZJC18].

Notably, recent years have witnessed a success of attention mechanism with a wide
range of applications in recommendation domain [XYH*17, CZH*17, TLLK19, TLH18,
TSL19]. For instance, [XYH'17] applied general attention on factorization machines,
[CZH"17] used attention to extract image/video features, [TLH18] introduced multi-
head attention with co-attention mechanism for reviews, or [TSL19, TLLK19] employed
attention mechanism on distances as metric learning attention. Nevertheless, these ap-
proaches explored attention mechanism on the user/item embeddings instead of hid-
den layers, which is also the key difference from our work. On a side note, many re-
cent works have proposed complex deep architectures for personalized recommendation
[(WHWT19, TLLK19, ESF18, ZWC19, CWTY19]. However, these methods require incor-
porating additional attributes to learn the representations. In contrast, this dissertation
introduces a new regularization effect on personalized recommendation ranking task by
proposing a simple informative neural architecture to enhance the performance. More-
over, we also leverage the strength of attention mechanism on building representation
learning technique for group-level recommendation task, which will be introduced in
Chapter 7.
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2.3.2 Metric Learning Representation

Across the rich history of recommender systems research, a myriad of machine learning
models have been proposed using matching functions to define similarity scores [RFGS09,
Ren10, SM07, RFGS09, HZKC16, Kor08, HLZ*17, HYC'17]. Traditionally, a large
number of the recommendation systems are mainly focused on factorizing the interaction
matrix, combining the user-item embeddings using the inner product as a matching
function to account for similarity scores [RFGS09, Renl0, SM07, RFGS09, HZKC16,
Kor08, HLZ"17, KNK13, HHS*18, KBV(9]. Some early works can be considered as
shallow models where users and items are encoded by latent factors and the inner product
is used to encode user-item interactions as user-item affinity scores. In fact, these works
are limited in modeling complex user-item relationships due to the linear nature of inner
product operation. As a result, these proposed models are still sub-optimal as dot product
is not a metric learning and does not convey the crucial triangle inequality property.
Notably, some works have addressed this issue using neural network architectures. For
instance, He et al. [HLZ"17] proposed a neural network based model that combined
a generalized matrix factorization via component and a non-linear user-item modeling
component via an MLP architecture. Some works substituted the MLP architecture with
the auto-encoder architecture [LKF15, LKHJ18, WDZE16].

On the other hand, many approaches in personalized recommender system based on
the distance/similarity metric between two points using Euclidean distance have shown
their strong competency in improving the model accuracy in different domains [WBS05,
WDWKI11, CHL05, KTW*12, XNJR02, TLLK19, TSL19]. To this end, [HYC*17] ar-
gued that using inner product formulation lacks expressiveness due to its violation of
the triangle inequality. As a result, the authors proposed a Collaborative Metric Learn-
ing (CML) method, a strong recommendation baseline where user-item interactions are
encoded using Euclidean distance. On a side note, there also exists other works that
adopted Euclidean distance to model user-item affinity and item-item transitions in sepa-
rated spaces [FLZT15], or item-item transitions where users play as translators [HKM18].

2.3.3 Hyperbolic Representation

Hyperbolic representation learning has recently demonstrated great potential across
a diverse range of applications [NK17, CDPB19, NK18, GBH18a, SSGR18, DFC'18,
TBG19, GSGR19, LLSZ19]. For instance, [TTH18| proposed training a question answer-
ing system in hyperbolic space. [DSNT18] proposed learning word embeddings using a
hyperbolic neural network. [GDM*19] proposed a hyperbolic variation of self-attention
and the transformer network, and applied it to tasks such as visual question answering
and neural machine translation. [GBH18b] proposed recurrent neural networks in hyper-
bolic space, [CCD17] proposed a method of embedding graphs in hyperbolic space. In the

33



CHAPTER 2. LITERATURE REVIEW

scope of recommender systems, [CHW™19] is the most similar work to ours that embeds
bipartite user-item graphs in hyperbolic space, but it does not learn the embeddings with
metric learning manner. While the advantages of hyperbolic space seem eminent in the
wide variety of application domains, there is no work that investigates this embedding
space within the context of metric learning in recommender systems. Thus, hyperbolic
representation is a promising direction that could possibly be explored in the future. In
this thesis, we propose one advanced neural architecture that adopts hyperbolic repre-
sentation learning for recommender systems by performing metric learning in hyperbolic
space.

2.4 Representation Learning for Group Recommen-
dation

In the previous reviews, most of the introduced representation learning techniques
mainly focus on personalized recommendation. Those recommendation methods target-
ing individuals, however, cannot be efficiently applied in group recommendation task. In
this section, we first review tranditional approaches for group recommendation. Then,
we review recent advanced techniques such as probabilistic models and deep learning for
group recommender systems. In this dissertation, we also introduce a new deep repre-
sentation learning technique for group recommendation, in which we utilize the powerful
of deep learning to model the group decision making process. We will present the details
of the proposed method in Chapter 7.

Conventional Memory-based and Model-based Approaches. Group recommen-
dation methods can be characteristically dichotomized into memory-based and model-
based approaches, where the memory-based approach can be further divided into the
preference aggregation and the score aggregation [ARCT09]. The preference aggrega-
tion makes recommendations based on a group profile that combines all user preferences
[YZHGO6|, while the score aggregation computes a score of an item for each user, and
then aggregates the scores across users to derive a group recommendation score of the
item [BMR10, OCKRO1]. The two most popular strategies for score aggregation are the
average (AVG) and the least misery (LM) strategies. The AVG strategy takes the average
score across individuals in the group as the final recommendation score, thereby maximiz-
ing overall group satisfaction [YZHGO06]. Alternatively, the LM strategy pleases everyone
by choosing the lowest among all individuals’ scores as the final score [BMR10]. Both
score aggregation methods have major drawbacks. The AVG strategy may return items
that are favorable to some members but not to the others, while the LM strategy may
end up recommending mediocre items that no one either loves or hates. [BMR10] pointed
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out that the performance of either strategy depends on group size and inner-group sim-
ilarity. [ARCT09] proposed the concepts of relevance and disagreement. Arguing that
preference disagreements on each item among group members are inevitable, the authors
experimentally show that taking into account disagreement significantly improves the
recommendation quality of AVG and LM strategies.

Model-based approaches [KBV09, WB11, SK09, AC10] for group recommendation
are also notable. [SYMM11] proposed a model that incorporates item categories into
recommendation, arguing that item categories influence the group’s decision and items
of different categories are not strictly comparable. The method, however, only applies to
pre-defined groups such as couples, which can be treated as pseudo-users and apply single
user recommendation techniques, while real-life groups are often ad-hoc and formed just
for one-off or few activities [LTYL12, QRT16]. Applying game theory in group recom-
mendation, [CM13] considered each group event as a non-cooperative game, or a game
with competition among members in the group, and suggested that the recommendation
goal should be the game’s Nash equilibrium. However, since a Nash equilibrium can be
a set of items, the game theory approach may fail to recommend one specific item.

Probabilistic Approaches. Probabilistic models have also been applied to solve
group recommendation. [LTYL12] proposed a personal impact topic (PIT) model for
group recommendation, assuming that the most influential user should represent the
group and have big impact on the group’s decisions. However, such an assumption does
not reflect the reality that a user’s influence only contributes to the group’s final decision
if he/she is an expert in the field. [YCL14] proposed a consensus model (COM) for group
recommendation. The model assumes (i) that a user’s influence depends on the topic of
decision, and (ii) that the group decision making process is subject to both the topic of
the group’s preferences and each user’s personal preferences. Despite such assumptions,
COM suffers from a drawback similar to that of PIT: COM assumes that a user has the
same probability to follow the group’s decisions across different groups. Additionally,
[GLRW13] assumed that the score of a candidate item depends not only on its relevance
to each member in a group but also its relevance to the whole group. They develop
an information-matching based model for group recommendation, but the model suffers
from high time complexity, taking several days to run on several datasets as reported by
[YCL14]. Owing to its computational prohibitivity, we do not compare with the method
in our experiments.

Neural Approaches. Recently, [HCX"14] proposed a deep-architecture model called
DLGR that learns high-level comprehensive features of group preferences to avoid the
vulnerability of the data. Similar to the work [SYMM11], DLGR only focuses on pre-
defined groups instead of ad-hoc groups, and thus cannot be applied to our setting.
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Additionally, a recent work exploits neural attention for a group recommendation setup
called AGREE [CHM*18]. However, AGREE also focuses on pre-defined groups where
it requires additional group preference representation information as one component to
learn the final representation of a group.
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Chapter 3

Wasserstein based Metric Learning
Representation for Recommendation

3.1 Introduction

Metric learning has attracted extensive research in the past few years across different
domains [WDWK11, CHL05, XNJR02, KTW*12, CHL05, HYC*17, TATH18, WBS05,
LL16]. The basic idea of metric learning is to produce a distance metric between two
objects to represent for their similarity. The two objects are more similar if their dis-
tance is small and vice versa. In recommender systems, metric learning is adopted as
a matching function between users and items. Recently, it has been widely utilized in
recommendation tasks due to its crucial triangle inequality property, which is usually
ignored in inner product based recommenders [RFGS09, HLZ*17, HDW18].

Particularly, assume a user u interacted with two similar items 7y, 5. Learning with
dot product can lead to the following 2-dimensional results: u=(1, 1); i;=(1, 0); i2=(0,
1) because u’i;=1, and u’iy=1. However, the dot product between i; and iy is i1 i5=0),
indicating that 7; and i, are not similar. In contrast, by learning with metric learning,
the distance d(u, i) between user u and item i; and the distance d(u,is) between user
u and item iy are smaller. As an effect of the triangle inequality, the distance d(iq,is)
between two items i; and iy satisfies d(iy,i2) < d(u,i1) + d(u,i2). As d(u,i,) and d(u, iz)
are small, d(i1,i3) is small as well, showing that i; and iy are correctly portrayed as
similar. In a same manner, when two similar users prefer a same item, as an effect of the
triangle inequality, the distance between the two similar users is small as well.

To this end, several metric learning-based recommender systems have been proposed
to preserve the triangle inequality property [LL16, TATH18, HYC*17, KS10, CMTJ12,
PKXY18]. However, most of existing metric learning methods represent each user and
item embedding by a single shallow level of pull and push mechanism [HYC*17, CMTJ12,
TSL19]. In this way, the formation of the pull and push mechanism indeed could be
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considered as deterministic as each user and item is presented as only a single point in a
specific low-dimensional vector space.

For the first time, we propose a Wasserstein distance-based Metric Learning Chain
(W-MLC') model, which utilizes the notion of metric learning chain, and allows a series
of metric learning computations between user and item latent representations. Instead
of learning user and item in a standard metric learning approach with one shallow layer,
W-MLC' dives into deeper levels with multiple pairwise objectives of metric learning.
There are two novel aspects in W-MLC'" (i) restriction and (ii) relaxation. Specifically,
we project user/item embeddings into different spaces sequentially (i.e. creating a chain)
to perform metric learning on multiple levels (restriction), whereas we introduce an adap-
tive margin for each user at different chain (relaxation). For a clear explanation, after
obtaining the first embeddings of users and items as usual, we project these embeddings
to another space with smaller latent dimension. This process creates a chain of length
1 with one projection. Therefore, we could form a chain of length c¢ if we apply the
same process continuously ¢ times. Different from standard metric learning methods, the
metric learning chain allows us to encode richer semantic relations and provides more
freedom to cluster similar items together and keep dissimilar items far apart. To this
end, we preserve the pull and push mechanism of metric learning at different levels, while
simultaneously enhancing the performance and reducing biases through our personalized
and adaptive margin hinge loss.

Moreover, the key challenge is to effectively preserve the semantic embeddings and
the triangle inequality when we execute multiple projections continuously to perform
metric learning. Thus, we introduce the Wasserstein distance [GS84, ZCWZ18, PC19a] to
maintain good user/item latent representations when controlling the projection matrices,
which are usually generated based on prior distributions. Specifically, we employ a 2-
Wasserstein distance to measure the similarity between the prior distributions due to two
reasons: 1) the 2-Wasserstein distance is a real metric that satisfies the triangle inequality
property (i.e., suitable for metric learning); and 2) exploring a single projection matrix
for both user and item could possibly lead to stricter constraint, resulting in fitting user-
item pair into one single point in vector space [TATH18]. Note that literature often uses
Kullback-Leibler (KL) divergence to account for difference between two distributions
[LKHJ18]. We argue that the KL divergence is asymmetric and does not satisfy the
triangle inequality [KL51]. Hence, we do not employ the KL divergence in our work.

Intuitively, our proposed architecture is considered as an advanced metric learning
method compared to previous approaches. In fact, we observe that existing standard
metric learning approaches often only present each user and item as a single point in
a specific low-dimensional vector space. Thus, these methods are considered as deter-
ministic. To overcome this limitation, the metric learning chain is proposed to provide
the flexibility in learning representations, while maintaining the strong pull and push
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mechanism of conventional metric learning. To this end, we project user and item em-
beddings into different spaces to perform metric learning on multiple levels. With that
in mind, we need to maintain good user and item latent representations when we execute
multiple projections continuously. Therefore, we control the projection matrices based
on the fact that they are usually generated with prior distributions/initializations. In
addition, personalized adaptive margin is also introduced to adapt to the transformation
of the representations.

To this end, we propose a multi-objective loss function that composes of three com-
ponents. The first component is the pull and push loss function with the person-
alized safety margin, which performs the pull and push mechanism as introduced in
[HYCT17, LZZ 20, CMTJ12]; the second component is the adaptive margin loss, which
acts as the penalty term to maximize the personalized margin for each user; and the
third component is the transformation loss, which controls the transformed embeddings
from a space to another. In general, we incorporate the multi-objective loss function into
an end-to-end W-MLC model. We show that our proposed W-MLC model outperforms
various recent strong metric learning baselines, indicating the effectiveness and the need
of our deep metric learning-based model.

The key contributions of our work are summarized as follows:

e We propose a Wasserstein distance-based Metric Learning Chain (W-MLC) model
that investigates the notion of metric learning chain for recommender systems via
Wasserstein distance. To the best of our knowledge, this is the first work that explores
a series of metric learning in different transformation spaces with the combination of
Wasserstein distance in recommendation domain.

e We propose a multi-objective loss function that consists of three components. Specifi-
cally, unlike standard metric learning models, we learn the adaptive and personalized
margin for each user under the pull and push mechanism. Moreover, we introduce
the similarity measure between transformation matrices via Wasserstein distance, in
which the 2-Wasserstein distance also satisfies the crucial triangle inequality property
for metric learning.

e We conduct extensive experiments on eight widely-used benchmark datasets in three
well-known recommendation tasks to demonstrate the effectiveness of our proposed
model against eight state-of-the-art baseline recommendation methods.

3.2 Preliminaries

In this work, we denote X and ) as two bounded subsets of R?, and M. (X) as a
set of probability distributions with positive Radon measures of unit mass on X. We
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also denote the upper cases X, Y as the random variables in these spaces. We use these
notations to describe the preliminaries on the optimal transport, Wasserstein distance
and Sinkhorn divergences as follows:

3.2.1 Optimal Transport

We consider genetic optimal transport (OT) metrics on general spaces X'. Specifically,
we consider two probability measures o € ML (X) and 8 € M2 (Y). Following [GCB*19,
GPC18], the Kantorovich formulation of OT between o and /5 is defined as:

Weto, ) min [ clrppdrte.), (3.)

in which II(-,-) is composed of probability distributions over the product space X x )
with the fixed marginals o and f:

(a, B) e {r e ML(X xY); Pyr = a, Py = B}, (3.2)

Here, Piym and Pyym are the marginal distribution of 7 for the first and second variable,
respectively; P(z,y) = x and Py(x,y) = y are the simple projection maps; and f is the
push-forward operator.

In Eqn. (3.1), we present c(x,y) as the cost function, which is also known as ground
cost or ground metric. c(x,y) represents the cost of moving one unit mass from z to
y. When X = ) and X is equipped with a distance dy, choosing c(z,y) = dx(z,y)P
where p > 1 introduces the p-Wasserstein distance between the two probability measures.
Notably, other ground distances (i.e. cost functions) such as Euclidean, cosine or sparse
L1-norm distance can also be chosen depended on different tasks.

3.2.2 Wasserstein Distance

The p-Wasserstein distance between probability distributions o and 8 over the metric
space X is defined as:

S =

well(a,pB)

= min dy(x1, x2)Pdm (21, 2 , 3.3
(WEH(M) | o apinan 2>> (3.3
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where W, (o, B) = We(a, ﬁ)% In this work, we consider the regularized optimal trans-
port problem by exploring an additional entropic regularization as introduced in [Cut13,
GPC18] as follows:

def.

Wit )™ i | el y)in(a.y) + efl(rlas 5), (3.4

where H(-) is the relative entropy with respect to the product measure a ® (3, which is

defined as:
def. o dr(z,y) \,
Hirlawn) [ o (da(sc)dﬁ(y))d o) &9

All in all, the regularized p-Wasserstein distance associated with cost ¢ and regular-
ization ¢ is then denoted as W¢ (a, B).

3.2.3 Sinkhorn Divergences

To ensure We(a, ) # 0, [GPC18, GCBT19] further propose Sinkhorn divergences.
The Sinkhorn loss between two measures is defined as:

Wela, B) = 2Wi(a, B) = Wi(ar, ) — WE(B, B). (3.6)

The Eqn. (3.6) ensures that W¢(a, 3) # 0. Moreover, we observe two points that: (i)
We(a, B) — 2WE(a, B) as € — 0, which recover the unregularized OT problem; and (ii)
We(a, B) — MM Dy(ar, ) as € — +00, in which the associated kernel & is set to —c and
MMD is the Maximum Mean Discrepancy [GBR'06].

Notably, as computing W.., exactly is expensive, [Cut13, GPC18] propose a Sinkhorn
algorithm to compute Sinkhorn divergences faster and easier in terms of implementation.
The Sinkhorn algorithm is also known as to provide efficient computation by a fixed-
point iteration, and suitable for gradient-based optimization [GPC18, FMS19]. Indeed,
the Sinkhorn algorithm can be developed efficiently on parallel architectures [Cut13]. As
a result, the Sinkhorn algorithm is capable of incorporating into an end-to-end training
of a neural framework.

3.3 Metric Learning Chain

In this section, we first introduce the background of metric learning in collaborative
filtering. Then, we describe our Wasserstein distance based Metric Learning Chain (W-
MLC) method as follows:
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3.3.1 Background
3.3.1.1 Metric Learning for k-NIN

The objective of metric learning is to learn a distance metric that pulls all similar
user-item pairs together while pushing dissimilar user-item pairs away, which is called
as the pull and push mechanism [HYCT17, WBS05]. Specifically, to exploit the learned
metric for k-NN classification, [WBS05] shows that it is sufficient to just learn a metric
that makes all the class labels of the k-NN similar to the class of the considered object.
As a result, [WBS05] defines a pull loss that reflects the distances between similar objects
as:

Lo =Y d(x;,z;)%, (3.7)
j—
where j — ¢ shows that the object j is closely connected to object 7.

In addition, [WBS05] also defines another push loss to push the dissimilar objects

away to maintain a safety margin m around the k-NN decision boundaries:

Lpush = Z Z(l —yae) 1 + d(zs, 2;)* — d(zs, 2)?) ., (3.8)

in which [z]4 = max(0, z) is the hinge loss function; and (1 — y;;) is the control term
with:
1, if 2 and k£ have the same class

Yik = {O otherwise

Thus, the overall objective function is the weighted combination of £,,; and L,,sp.

(3.9)

3.3.1.2 Collaborative Metric Learning

The recent Collaborative Metric Learning [HYC*17] (CML) method adopted Eu-
clidean distance to model user-item interactions for the implicit feedback recommenda-
tion task. Specifically, the pull and push losses of CML pull positive items closer to
a given user while pushing negative items apart from that user. Moreover, due to the
triangle inequality, CML also creates the effect of clustering: (i) the users that prefer
the same items, and (ii) the items that are preferred by the same users [HYC*17]. CML
aims to minimize the following loss function:

Lo= Y Y wylm+d(i,j)?®—dii k), (3.10)

(4,9)€S (1,k)¢S

where j is a positive/interacted item and k is the negative /non-interacted item of user i;
w;; is the weighted ranking loss; and m is the safety margin.
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The Euclidean distance between users and items in CML satisfies the triangle inequal-
ity. However, as mentioned in [TATH18], CML tends to fit a pair of a user and his/her
positive item into a single point in the vector space, which is sub-optimal. Hence, in
this work, we not only consider the Euclidean distance between objects, but also the
Wasserstein distance between distributions to measure the similarity between transfor-
mation matrices (see details in Section 3.3.3), which is served as a relaxation mechanism.
With this measurement, we are allowed to perform the series of metric learning in our
framework after multiple projections. We then introduce the similarity measure between
two distributions in the next section.

3.3.2 Similarity Measure

To examine the distance between two distributions, we prefer to explore the Wasser-
stein distance. The choice of Wasserstein distance is due to two reasons: 1) effectively
measuring the similarity between two distributions, and 2) preserving the triangle in-
equality property. Thus, it is intuitive to explore Wasserstein distance for metric learn-
ing chain, where the chain not only requires to compute similarity measurement between
distributions of projection matrices, but also satisfies triangle inequality at the same
time.

For simplicity, the p-Wasserstein distance between two probability measures o and 3
is denoted as:

We (o, B) = inf E[d(X,Y)"], (3.11)

where E[Z] is the expected value of random variable Z. For convenience, we use W, («, 3)
to replace W¢ (a, ) from now on.

We note that [AGS05] proves that for all p > 1, the p-Wasserstein distance preserves
all the properties of a metric including the symmetry and triangle inequality property,
which explains our appropriate choice of exploring the Wasserstein distance.

Following previous works [GS84, ZCWZ18, PC19a], we use the 2-Wasserstein distance,
i.e., W,(a, B), to speed up the calculation process. For instance, in the case of minimizing
the 2-Wasserstein distance between two Gaussian distributions, we would get:

dist’ = Wo(N (p1, 1), N (12, 52))°
= |l — M2H§ + TR(X1 + Xy — 2(X7 52%7)) 2. (3.12)

N[

Notably, we find that the Wasserstein distance is able to measure the similarity be-
tween two distributions while simultaneously satisfying the triangle inequality. Therefore,
this explains our appropriate choice of exploring Wasserstein distance in our proposed
model.

43



CHAPTER 3. WASSERSTEIN BASED METRIC LEARNING REPRESENTATION FOR RECOMMENDATION

3.3.3 Owur Model Formulation

The input of our Wasserstein distance-based Metric Learning Chain (W-MLC) model
includes a user ¢ with an embedding u;, a positive item j with an embedding v;, and
a negative item k with an embedding vj. Generally, we learn their Fuclidean distance
between a user ¢ and an item j as follows:

d(i, j) = [l = v;l3, (3.13)

where the learned distance represents the preference of user i towards item j, in which
the items that the user liked will be embedded closer than the ones that she did not like
in the latent space. Thus, it is expected that the positive item 7 is closer to user ¢ than
the negative item k. Specifically, our learned metric pulls the positive user-item pairs
closer and pushes the negative items away from the user. This pull and push mechanism
in metric learning also provides the clustering effect where the users that liked the same
items and the items that are liked by the same users will be likely clustered together
[HYCH17].

Moreover, we proposes a metric learning chain by simultaneously performing pairwise
hinge losses on different transformed spaces. Specifically, we explore the normal pull and
push mechanism for all the transformed user and item embeddings, we further introduce
another loss for the transformation matrices.

Figure 3.1 summarizes our proposed metric learning chain for recommendation. We
provide the pairwise input of user, positive item, and negative item. Given the first k-
dimensional user and item embeddings, we continuously transfer them into other spaces
using randomly generated matrices. For each transformed embedding and matrix, we
perform pairwise objective training by introducing multiple appropriate loss functions.
We describe them as follows:

Pull and Push Loss. Firstly, we define our pull and push mechanism, i.e., loss function
as:

Lp= Z Z [mz + d(l7])2 - d(Z, k)2]+7 (314)

(i,)€S (4,k)¢S

where j is a positive item and k is a negative item; S contains all the positive user-item
pairs, i.e., the observed implicit feedback; [z]; = max(0, z) is the standard hinge loss;
and m; is the safety margin of user . We note that there are two important differences
of our proposed loss function as compared to [HYCT17]: 1) our safety margin m; is
automatically learned and customized for each user instead of using a fixed and pre-
defined value for all users in [HYC'17], and 2) we do not apply the ranking loss weight
w;;. Thus, we are able to provide an adaptive margin for individual user based on his
personalized preference.
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Figure 3.1: Tllustration of our proposed metric learning chain. W-MLC is trained using
a chain of multiple pairwise distances with metric learning. In particular, the component
®(u), ®(i*), ®(i7) learn the (first) k-dimensional latent representation for user u, positive
item it and negative item ¢~ (i.e., the vectors with dimension of 1 X dy), respectively.
Then, those learnt representations are transformed into subsequent representations (i.e.,
the 1 x d, vectors) through transformation matrices (i.e., W,.,). For each triplet, we
perform pairwise objective training (i.e., the dashed rounded rectangles) by introducing
multiple appropriate loss functions with distance, in which the distance is either Euclidean
(for latent representations) or Wasserstein (for transformation matrices).

Adaptive Margin Loss. Since we use the adaptive margin for each user, we also

provide another margin loss to reduce the variance as:
1
Ly = ——Zmi, (3.15)

where |U| denotes the total number of user. Indeed, Eqn. (3.15) acts as a penalty term

when we learn an adaptive margin for each user.
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Transformation Loss. When performing the transformation, it is essential that the
transformation preserves the distances of the converted embeddings in the new latent
space. To this end, we introduce multiple variants of loss for preservation. Notably,
the transformation matrices are randomly generated following given distributions. Our
transformation loss function is then defined as:

Lr = Z Z +exp —Ew)), (3.16)

(4,7)€S (i,k)ES

where E;; is the energy between two transformation matrices ¢ (of user ¢) and j (of item
J); and exp(z) = e*. Here, we denote E;; = Wy (M;, M;) with M; is the transformation
matrix of user i. Intuitively, our transformation loss penalizes the ranking errors with
the energy-based approach. Specifically, we expect the energy of the positive user-item
pairs will be larger than the negative ones as similar to [LCH"06, ZCWZ18].

On a side note, if we explore Sinkhorn divergence for approximation instead of Wasser-
stein distance, we derive the second variant of our transformation loss with the energy
of E;; = S(M;,M;). In addition, this loss function could be turned off if we consider
each triplet has the same transformation (i.e., sharing the same matrix M). Thus, we
consider it as the no-energy version. Moreover, we consider the direct distance between

two matrices using Frobenius norm as Ej; = do(M;, Mj) = /37> (Mipg — Mjpg)?, in
which we simply name it as our Euclidean version. Therefore, we derive the four variants
of our proposed model, in which they are in turn denoted as N- (No), E- (Eucldean), W-
(Wasserstein), and S- (Sinkhorn).

Multi-Objective Learning. We integrate all the proposed loss functions into a uni-
fied end-to-end multi-objective learning framework, i.e., the pull and push loss Lp, the
adaptive margin loss £j; and the transformation loss L. The overall objective function
is defined as:
min £ = ;(cm + viLari + miLri), (3.17)
where © denotes all parameters of our model; ¢ is the number of chain; ~; and 7; are the
adaptive margin learning weight and the transformation learning weight at the chain 4,
respectively.
Notably, v and 7 play important roles in controlling the balance trade-off of different
parts. Indeed, we also examine the performance of our proposed model by observing
different adaptive margin learning weight v and transformation learning weight 7 in our

experiment in Section 3.4.
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# users/ : . . Density
Dataset 4 baskets/ # playlists # items # interactions (%)
General Recommendation Task (RT1)
MovieLens 100k 943 1,682 100,000 6.31%
MovieLens 1M 6,040 3,706 1,000,209 4.47%
Epinions 23,253 137,289 631,189 0.02%
Yelp 22,040 18,447 1,043,823 0.26%
Next-Item Shopping Basket Recommendation Task (RT2)
Tafeng 56,410 22,291 523,653 0.042%
Tmall 51,891 42,061 383,780 0.018%
Automatic Playlist Continuation Recommendation Task (RT3)
30Music 32,140 258,388 648,534 0.008%
8Tracks 25,309 92,915 219,442 0.009%

Table 3.1: Statistics of all datasets used in our experimental evaluation for three different
Research Tasks RT1, RT2, and RT3.

3.4 Experiments

To show the effectiveness of our proposed models, we evaluate the performance of
our metric learning chain on three different well-known recommendation tasks (RT) as
follows:

e RT1: General Recommendation. It aims to recommend items to a user based on

all his/her previous interactions.

e RT2: Next-Item Shopping Basket Recommendation. The goal of the task is
to recommend products for a user to purchase next based on the items in the current
basket of this user.

e RT3: Automatic Playlist Continuation Recommendation. It aims to recom-
mend next songs for a user playlist based on the existing songs in the playlist.

RT1, RT2 and RT3 are well described in the literatures [HLZ 117, HKBT16, TSL19].
Thus, we omit their description due to space limitation. Next, we describe the datasets
we use in each recommendation task as follows:

3.4.1 Datasets

For the first research task RT1, we use four widely adopted datasets as follows:

e MovieLens: A widely adopted benchmark dataset in the application domain of rec-
ommending movies to users provided by GroupLens research'. We use two config-

thttps://grouplens.org/datasets/movielens/
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urations, namely MovieLens100k and MovieLens1M. The two datasets are already
filtered with 20-core setting.

e Epinions: A consumer review dataset that was crawled on Epinions website and
originally introduced in [MAQ7].?

e Yelp: A business directory and crowd-sourced review platform. We adopt the dataset
from the Yelp Dataset Challenge 2018.3

For the second research task RT2, we exploit two real-world transaction datasets as
below:

e Tafeng*: A grocery transaction dataset of T-Feng supermarket, which contains four
months of transactions from November 2000 to February 2001.

e Tmall’: It contains shopping logs of users from T'mall retail platform. In this work,
we randomly pick 100k transactions for evaluation since the original dataset is ex-
tremely large.

For the third research task RT3, we exploit two real-world music playlist datasets as
below:

e 30Music: A collection of playlists retrieved from Last.fm®, which was originally in-
troduced in [TQC*15].

e 8Tracks: It is a collection of playlists extracted from Stracks platform”, and is avail-

able for the research purpose®.

Preprocessing Preparation. For preprocessing, we remove duplicated items in all
the dataset. We adopt the popular k-core preprocessing step [HLZ*17, HM16a] (with
k-core=b), filtering inactive users/baskets/playlists with less than 5 interactions. Since
we focus on implicit feedback, we binarize the explicit data by transforming all observed
ratings as positive and the remaining as negative. In both Tmall and Tafeng datasets,
each user behavior is recorded with four types of actions: click, add-to-favourite, add-to-
cart, and purchase. In general, we consider all these four types as the click action. The
statistics of the preprocessed datasets are presented in Table 3.1.

Zhttp:/ /www.trustlet.org/downloaded_epinions.html

3https:/ /www.yelp.com/dataset /challenge

4https:/ /stackoverflow.com/questions /25014904 /download-link-for-ta-feng-grocery-dataset
Shttps://tianchi.aliyun.com/datalab/dataSet.htm?id=1

Shttps://www.last.fm

"https://8tracks.com/

8https://github.com/danielgondim /mpsd
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3.4.2 Baselines

We compare our models against five well-known and strong general recommenders, in
which we further divide them into two groups: dot product based recommenders (Group
1) (MF-BPR, NeuMF++, CMN++), and metric learning based recommenders (Group
2) (CML, LRML). We describe them as follows:

e Matrix Factorization with Bayesian Personalized Ranking (MF-BPR) [RFGS09]:
It is a state-of-the-art matrix factorization model for implicit feedback recommenda-
tion, where the user-item interactions are modeled using the inner product.

e Neural Collaborative Filtering (NeuMF++) [HLZ"17]: It is a strong neural
network based recommendation model which models nonlinear user-item interactions.

We pre-trained two components of NeuMF to obtain its best results, denoted as
NeuMF++.

e Collaborative Memory Network (CMN-++) [ESF18]: It is a strong recom-
mender system based on memory network. The framework exploits user neighborhood-
based CF and additionally integrates a memory network to learn attentive weights
for similar users. We also use a pre-trained version of CMN, in which we denote as

CMN++.

e Collaborative Metric Learning (CML) [HYC"17]: It is a strong metric learning
baseline that learns user-item similarities using the Fuclidean distance. CML can be
considered as a key ablative baseline in our experiments.

e Latent Relational Metric Learning (LRML) [TATH18]: It is also a strong metric
learning baseline that learns adaptive relation vectors between user and item pairs to
find its optimal translation.

In addition, recent works have shown outstanding performance of sequential recom-
menders over general recommenders, where historical items are modeled in an ascending
order by their interacting timestamps [TW18, HKM18]. In this work, although we do
not model the consuming order of items based on user’s historical purchase logs, we still
compare our models with some popular sequential models, where we refer as Group 3.
These models are introduced as follows:

e Personalized Ranking Metric Embedding (PRME) [FLZ"15]: It is the person-
alized ranking-based metric embedding approach, which models the user preferences
and the first-order Markov sequential transitions in two separate latent Euclidean
spaces.

49



CHAPTER 3. WASSERSTEIN BASED METRIC LEARNING REPRESENTATION FOR RECOMMENDATION

e Translation-based Recommendation (TransRec) [HKMI8]: It is one of the
strong sequential recommendation methods. TransRec utilizes the Euclidean distance
to model the third order relationships between the user, the previous item, and the
next item.

e Convolutional Sequence Embedding Recommendation Caser) [TW18]: It is
another strong sequential model that explores convolutional neural network (CNN)
with vertical and horizontal kernels to capture the complex relationships between
1tems.

To summarize, we compare our proposed methods with three types of baselines, i.e.,
dot product based recommenders, metric learning recommenders, and sequential recom-
menders, to demonstrate the effectiveness of our proposed architectures across various
recommendation tasks. Moreover, we compare the above baselines with two main variants
of our proposed metric learning chain, namely W-MLC and S-MLC. The two proposed
methods are introduced as below:

e Wasserstein Metric Learning Chain (W-MLC): It is our proposed method,
which models the Wasserstein distance to calculate the distance between the two
linked matrices.

e Sinkhorn Metric Learning Chain (S-MLC): This is another version of our pro-
posed method that uses the Sinkhorn iteration to approximate the Wasserstein dis-
tance [GPC18, FMS19].

3.4.3 Experimental Settings

Evaluation Protocol and Metrics. We adopt NDCG@10 (Normalized Discounted
Cumulative Gain) and HR@10 (Hit Ratio) evaluation metrics, which are well-established
ranking metrics for recommendation tasks. Following [HLZ"17, TATH18], we adopt the
widely-used leave-one-out protocol for the model evaluation. For datasets with available
interaction timestamp (i.e. Mouwielens 100k, Movielens 1M, Yelp, Tafeng, and Tmall
datasets), the lastest interacted item of each user/basket/playlist is held-out as the test
set, the penultimate is used for the development set, and the rest of interactions are for
the training set. For datasets without interaction timestamp (i.e. FEpinions, 30Music
and Stracks datasets), for each user/playlist, we randomly pick one interacted item for
testing set, another interacted item for development set, and the rest of interactions for
training set. Note that for non-timestamped datasets, the order of interactions are kept
as similar as the original datasets to give advantages for sequential recommenders. Next,
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Model MovieLens 100k MovieLens 1M Epinions Yelp
HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10
MF-BPR 0.733 0.471 0.716 0.432 0.460 0.316 0.737 0.452
Group 1 NeuMF++ 0.760 0.501 0.735 0.452 0.486 0.322 0.792 0.502
IR CMN++ 0756 0492 07X 0MS 0460 0300 0800 0508
Grotn 2 CML 0.760 0.493 0.712 0.438 0.480 0.316 0.783 0.488
o P JLeML 0763 0482 0731 045 0472 0308 0776 0507
PRME 0.760 0.501 0.834 0.624 0.556 0.417 0.786 0.495
Group 3 TransRec 0.771 0.505 0.825 0.610 0.547 0.410 0.804 0.509
Caser 0.671 0.398 0.827 0.596 0.416 0.267 0.712 0.414
Ours S-MLC 0.782 0.530 0.850 0.659 0.622 0.473 0.832 0.589
W-MLC 0.789 0.548 0.852 0.686 0.645 0.496 0.834 0.598

Compared with | Imprv. of SMLC  +2.89%  +5.79%  +15.65%  +45.80%  +27.98%  +46.89% +4.00%  +15.94%
Group 1 Imprv. of W-MLC +3.82%  +9.38%  +15.92% +5L.77%  +32.712%  +54.04% +4.25% +17.72%

Compared with | Imprv. of SMLC  +2.49%  +7.51%  +15.80%  +44.52%  +29.58%  +49.68% +6.26% +16.17%
Group 2 Imprv. of W-MLC +3.41%  +11.16% +16.08%  +50.44%  +34.38%  +56.96% +6.51% +17.95%

Compared with | Imprv. of SMLC  +1.43%  +4.95% +1.92% +5.61%  +11.87T% +13.43% +3.48% +15.72%
Group 3 Imprv. of W-MLC +2.33%  +8.51% +2.16% +9.94%  +16.01%  +18.94% +3.73%  +17.49%

Table 3.2: RT1: Overall performance of all models on four RT1 datasets. Last six lines
show the relative improvement of S-MLC and W-MLC over the best baseline in each
of three baseline groups. Best performances are in bold and best baseline results are
underlined.

we follow [HLZ*17, ESH15] that randomly select 100 negative items which the user has
not interacted with and rank the test item among the 100 negative items. During the
training, we report the testing performance of the model based on the best development
performance.

Hyper-parameter Settings and Implementation Details. We implement all mod-
els in Tensorflow. All models are trained with the Adam [KB15] or AdaGrad [DHS11]
optimizer with learning rates selected from {0.01,0.001,0.0001, 0.00001}. For NeuMF++,
the number of MLP layers are chosen from {1, 2, 3}. For CMN++, the number of hops are
chosen from {1,2,3,4}. For Caser, the Markov order L is chosen from {4,5,6,7,8,9,10}.
The number of negative samples for each positive instance is set to 4. The embedding
size d of all models is chosen from {8, 16, 32,64, 128} and the batch size is tuned amongst
{128,256,512}. In our models, the multi-objective learning weight v and 1 are empiri-
cally chosen from {0.2,0.4,0.6,0.8,1.0}, and the number of chains ¢ is selected from {1,
2, 3, 4}. For models that optimize the hinge loss with a fixed margin, the margin m
is selected from {0.1,0.2,0.5}. Note that for our model, the margin m is learned and
personalized for each user. All the embeddings and parameters are randomly initialized
using the random uniform initializer U(—a, o) with a = 0.01. For metric learning models,
we empirically set a = (%)é with # = 0.01 so that the embedding parameters arbitrar-
ily close to the origin of the balls. Note that one can also explore other distributions
for initializations such as normal distribution A (0, «) in this case. We also empirically
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Model Tafeng Tmall
HR@10 NDCG@10 HR@10 NDCG@10
NeuMF++ 0.622 0.388 0.525 0.391
LRML 0.635 0.403 0.558 0.431
PRME 0.618 0.395 0.589 0.445
TransRec 0.638 0.419 0.641 0.498
“SMLC 0.672  0.467  0.723  0.515

W-MLC 0.699 0.502 0.781 0.534

Imprv. of SSMLC  +5.33%  +11.46%  +12.79% +3.41%
Imprv. of W-MLC +49.56%  +19.81% +21.84%  +7.23%

Table 3.3: Next-Item Shopping Basket Recommendation: Overall performance of the
baselines and our proposed models.

30Music 8Tracks
Model
HR@10 NDCG@10 HR@10 NDCG@10
NeuMF++ 0.490 0.306 0.379 0.229
LRML 0.492 0.337 0.471 0.310
PRME 0.411 0.258 0.441 0.280
TransRec 0.474 0.312 0.455 0.293
“S-MLC 0.533  0.354  0.511  0.332

W-MLC 0.551 0.400 0.635 0.420

Imprv. of S-MLC +8.33% +5.04% +8.49% +7.10%
Imprv. of W-MLC +11.99%  +18.69%  +34.82%  +35.48%

Table 3.4: Automatic Playlist Continuation Recommendation: Overall performance of
the baselines and our proposed models.

set the dropout rate p = 0.5 to prevent overfitting. For each dataset, we repeat each
experiment for 5 runs and assess the average results. All the hyper-parameters are tuned

using the development set.

3.4.4 Experimental Results

For an easy reference, we group MF-BPR, NeuMF++, and CMN++ into Group
1, which are dot product-based general recommenders. Group 2 includes CML and
LRML, which are metric learning-based general recommenders. Group 3 contains PRME,
TransRec and Caser, which are state-of-the-art sequential models. Table 3.2 shows the
overall performances of our proposals and all the baselines on the RT'1. Due to the space
limitation, we only show results of NeuMF++ (i.e. best baseline in Group 1), LRML (i.e.
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best baseline in Group 2), and PRME and TransRec (i.e. two best baselines in Group 3)
in RT2 and RT3. Table 3.3 shows the performance of our proposals and top baselines
for shopping basket-based datasets. Table 3.4 shows the performance of our proposals
and top baselines for playlist continuation datasets. We summarize our key findings as
follows:

How do our proposals perform compared to all baselines? Table 3.2 shows that
our proposals outperformed all the compared baselines in task RT1. Particularly, on
average, S-MLC improved HRQ10 by 12.63% and NDCG@10 by 28.61% compared to the
best baseline in Group 1, boosted HR@10 by 13.53% and NDCG@10 by 29.47% compared
to the best baseline in Group 2, and enhanced HRQ10 by 4.67% and NDCG@10 by 9.93%
compared to the best baseline in Group 3. Our W-MLC model also outperformed all the
compared baselines with a large margin. On average, W-MLC improved HRQ10 by
14.18% and NDCG@10 by 33.23% compared to the best baseline in Group 1, boosted
HR@10 by 15.09% and NDCG@10 by 34.13% compared to the best baseline in Group 2,
and enhanced HRQ10 by 6.06% and NDCG@10 by 13.72% compared to the best baseline
in Group 3. The improvement of our proposals over the compared methods is significant
under the Directional Wilcoxon signed-rank test (p-value i 0.015). We note that Group 3
baselines utilized consumed items in order to model item-item transitions and performed
better than Group 1 and Group 2 baselines, which did not exploit this information. In
this sense, our proposals are similar to Group 1 and Group 2. Since our proposals much
improved compared to the Group 3 baselines, modeling item-item transitions with our
proposed metric learning chain can potentially enhance our reported performances. We
leave this investigation for future works.

Our results in tasks RT2 and RT3 are also consistent with the task RT1. Table
3.3 shows performance of our proposals and top 4 baselines in two large-scale shopping
basket-based datasets. On average, our S-MLC model improved 8.25% and our W-MLC
model enhanced 14.61% compared to the top 4 baselines (p-value j 0.015). Table 3.4
presents performance of our proposals and top 4 baselines in two large-scale playlist
continuation-based datasets. On average, our S-MLC and W-MLC models improved
corresponding 11.96% and 30.89% compared to the best compared method (p-value j
0.015).

All of these results show the effectiveness of our proposals. We also observe that
on average, W-MLC improves S-MLC by 2.37% over four datasets in RT1, 5.81% over
the two datasets in RT'2 and 16.79% over the two datasets in RT'3. This is due to the
fact that W-MLC is calculated using the exact 2-Wasserstein distances, whereas S-MLC
explores Sinkhorn divergences/distances to speed-up the calculation process. As such,
we observe the trade-off between the accuracy and fast computation on W-MLC and
S-MLC, as consistent to similar observations in [CD14, GPC18, PC19b].
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Number of Yelp Tafeng
Chain ¢
CML W-MLC A%  TransRec W-MLC A%
c=1 0.488 0.491 0.61% 0.419 0.397 -5.25%
c=2 0.488  0.552  13.11% 0.419 0.411 10.48%
=3 0.488  0.576  18.03% 0.419 0.482  29.57%
=14 0.488  0.598  22.54% 0.419 0.502  34.95%

Table 3.5: Effects of the number of chain ¢ on Yelp and Tafeng datasets w.r.t NDCG@10.

Is using metric learning chain with Wasserstein distance helpful? Note that our
W-MLC model generalizes CML when the number of chains c=1 and the transformation
matrices are identity matrices. In Table 3.2, our W-MLC model outperformed CML. On
average, W-MLC improved CML by a large margin of 26.46%, showing the effectiveness
of our metric learning chain with Wasserstein distance.

To further confirm the effectiveness of our metric learning chain proposal, we compare
W-MLC when varying the number of chains ¢ from {1, 2, 3, 4} with CML and the best
baseline TransRec on Yelp and Tafeng datasets. We report NDCG@10 results of these
models in Table 3.5. We observe that W-MLC tends to gain better performances with a
larger number of metric learning chain ¢ (i.e. going deeper). W-MLC achieves its best
performance when ¢ = 4 on Yelp and Tafeng datasets. Table 3.5 also shows that W-MLC
outperformed CML with all values of ¢ from {1, 2, 3, 4}, indicating the effectiveness and
the need of the metric learning chain and the Wasserstein distance in our proposals.
Additionally, W-MLC outperforms TransRec in Tafeng dataset with ¢ = {2,3,4}. This
again shows the effectiveness of using a deeper metric learning chain in our design.

How to select ¢? Figure 3.2 shows the NDCG@10 performance of our W-MLC model
when varying the number of chains ¢ from {1, 2, 3, 4} w.r.t different embedding sizes
d from {8, 16, 32, 64, 128}. Overall, as ¢ increases, W-MLC tends to gain additional
improvement in all six datasets. In MovieLens 100k and Tafeng datasets, W-MLC got
highest results with ¢ = 4, d = 32 and ¢ = 3, d = 32, respectively. In 30Music and
8tracks datasets, W-MLC achieved best results with ¢ = 4 and d = 64. Overall, the
selection of ¢ depends on the dataset complexity and W-MLC generally performs well
with c =3 or ¢ = 4.

3.4.5 Comparison of Multiple Variants

In this section, we compare the four variants of our proposed model: N-MLC, E-MLC,
W-MLC, and S-MLC. Besides W-MLC and S-MLC, we further introduce another two
variants: N-MLC (No distance: sharing the same matrix for projection) and E-MLC
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Figure 3.2: Comparison of varying the number of chains w.r.t different embeddings sizes
in six datasets: MovieLens 100K and Yelp in the task RT1, Tafeng and Tmall in the task
RT2, and 30Music and 8Tracks in the task RT3 (Best viewed in color).

(Euclidean distance: exploring Frobenius norm to calculate distance between matrices).
At first, we notice that all our four variants achieve competitive results, which are reason-
able due to the strength of the metric learning chain. Table 3.6 reports the performance
of the variants on two datasets, MovieLens 100k and Epinions, in terms of HR@Q10 and
NDCG@10. In general, we observe that W-MLC and S-MLC achieve remarkable perfor-

mance, which demonstrates the effectiveness of our designed framework.

Notably, S-MLC is the approximation version of W-MLC with faster computation
(1.25 times faster based on our calculation). Thus, the two models could be identified as
comparable versions, in which S-MLC slightly sacrifices the recommendation accuracy for
better computation and convergence. Moreover, we observe a competitive performance of
the other variants: N-MLC and E-MLC. Although N-MLC and E-MLC leverage simple
idea on creating the chain of metric learning, our models are still able to achieve good
performance, which further explain the ability of our proposed model in boosting the

performance.
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MovieLens 100k Epinions
Model
HR@10 NDCG@10 HR@Q10 NDCGQ10
N-MLC 0.762 0.511 0.493 0.357
E-MLC 0.768 0.503 0.495 0.378
W-MLC  0.789 0.548 0.645 0.496
S-MLC 0.782 0.530 0.622 0.473

Table 3.6: Performance comparison between four different variants of MLC: N-MLC,
E-MLC, W-MLC and S-MLC.

3.4.6 Different Multi-Objective Learning Weights for Accuracy
Trade-off

We report the effect of different multi-objective learning weight v and 1 on our pro-
posed W-MLC with only one chain for illustration purpose. Due to limited space, we
only report the values of v and 1 on MovieLens 1M dataset. We also observe similar os-
cillated performance on other datasets with respect to different learning weights. In this
section, we fixed the value of one learning weight and change the value of the other. Fig-
ure 3.3 represents the performance of W-MLC in terms of HR@Q10 and NDCG@10 when
we control different values of the multi-objective learning weight v and n. We observe
that the two values are indeed dependent of each other. It is reasonable because when
we relax the value of 7, i.e., relax the constraint when embedding into another space,
we need to control the accuracy trade-off by adaptively handling the safety margin of
each user in the new space. Thus, we conclude that the multi-objective learning weight
~v and 7 are important parameters on controlling the embedding space, while boosting
the performance at the same time.

0.80 e / 0.80

\/ ‘4

] ]
gors 2 ors
g —— HR@10 g —+— HR@10
= —=— NDCG@10 = —s— NDCG@10
= 070 = 070
[ jJ)
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0.65 ™~ 0.65 e

0.60 e 0.60 .,/

0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0
gamma eta
(a) Fixed v (b) Fixed n

Figure 3.3: Performance of different Multi-Objective learning weight v and 7 on Movie-
Lens 1M dataset.
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Figure 3.4: Visualization of the adaptive margins of W-MLC on MovieLens 100k, Movie-
Lens 1M, Epinions, and Yelp dataset.

3.4.7 Insight on why our model performs better

There are two key factors leading to the superior performances of our proposals com-
pared to the baselines: (i) our proposed adaptive margin loss, and (ii) our proposed
metric learning chain. To additionally provide more insight on why our models outper-
formed the compared baselines, we show and analyse the Adaptive Margin Visualization

and Metric Learning Chain Visualization as follows:

Adaptive Margin Visualization. To illustrate effectiveness of the automatically adap-
tive margin in our proposals, we visualize the adaptive margin of W-MLC on four datasets
in the task RT1 in Figure 3.4. We observe that the margins are in the range of 0.45 to
0.8 for MovieLens 100k dataset, whereas the range is from 0.4 to 0.9 for Yelp dataset.
Importantly, Figure 3.4 shows that there are huge margin biases for different users on
different datasets. Thus, we argue that the range of the adaptive margins could not only
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provide personalization for different users, but also eliminate biases appearing in standard
metric learning approaches where the safety margin is fixed as a input hyper-parameter.
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Figure 3.5: Visualization of W-MLC’s user and item embeddings on MovieLens 100k
dataset. From left to right, user (red) and item (green) embeddings with the number of
chains ¢ = 1, 2, 3, 4, respectively (Best viewed in color).

Metric Learning Chain Visualization. We visualize the metric learning embeddings
in different spaces with the number of chain ¢ = 4 on MovieLens 100k dataset. Figure 3.5
presents our proposed W-MLC embeddings in four spaces at convergence. We discover
that with the control over the constraints when projecting to different spaces, the metric
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learning embeddings show different convergence at 4 levels. Note that at ¢ = 1,2, our
chain demonstrates similar pull and push mechanism due to the triangle inequality, where
the embeddings are spread around the origin of the Euclidean unit ball. However, we
observe the shift in the visualization when we increase the chain to 3 and 4, where the
similar items and users tend to be clustered but do not place around the origin due to the
personalized adaptive margins. Thus, the visualizations support our claim that the deep
level of metric learning with the control on the projection matrices could provide more
relaxation on the constraint, while simultaneously boost the performance and inherit the
pull and push mechanism of metric learning.
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Chapter 4

Going Beyond Euclidean:
Hyperbolic Representation for
Recommendation

4.1 Introduction

A diverse plethora of machine learning models solves the personalized ranking prob-
lem in recommender systems via building matching functions [RFGS09, Ren10, SMO7,
HLZ"17]. Across the literature, a variety of matching functions have been traditionally
adopted, such as inner product [RFGS09], metric learning [TATH18, HYC*17] and/or
neural networks [HLZ117, HDW*18]. Among those approaches, metric learning mod-
els (e.g., Collaborative Metric Learning (CML) [HYC'17] and Latent Relational Metric
Learning (LRML) [TATH18]) are primarily focused on designing distance functions over
objects (i.e., between users and items), demonstrating reasonable empirical success for
collaborative ranking with implicit feedback. Nevertheless, those matching functions only
covered the scope of Euclidean space.

For the first time, our work explores the notion of learning user-item representations in
terms of metric learning in hyperbolic space, in which hyperbolic representation learning
has recently demonstrated great potential across a diverse range of applications such as
learning entity hierarchies [NK17] and/or natural language processing [TTH18, DSN*18].
Due to the exponentially expansion property of hyperbolic space, we discovered that
metric learning with the pull-push mechanism in hyperbolic space could boost the per-
formance significantly: moving a point to a certain distance will require a much smaller

This chapter is published as Lucas Vinh Tran, Yi Tay, Shuai Zhang, Gao Cong, Xiaoli Li.
HyperML: A Boosting Metric Learning Approach for Recommender Systems. Proceedings of the 13th
International Conference on Web Search and Data Mining (WSDM 2020), Pages 609-617, Houston,
TX, USA. [VTTZ"20].
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force in hyperbolic space than in Euclidean space. To this end, in order to perform metric
learning in hyperbolic space, we employ M6bius gyrovector spaces to generally formalize
most common Euclidean operations such as addition, multiplication, exponential map
and logarithmic map [GBH18b, Ung09].

Moreover, the ultimate goal when embedding a space into another is to preserve dis-
tances and more complex relationships. Thus, our work also introduces the definition of
distortion to maintain good representations in hyperbolic space both locally and globally,
while controlling the performance through the multi-objective learning framework. This
reinforces the key idea of modeling user-item pairs in hyperbolic space, while maintaining
the simplicity and effectiveness of the metric learning paradigm.

We show that a conceptually simple hyperbolic adaptation in terms of metric learning
is capable of not only achieving very competitive results, but also outperforming recent

advanced Euclidean metric learning models on multiple personalized ranking benchmarks.

Our Contributions. The key contributions of our work are summarized as follows:

e We investigate the notion of training recommender systems in hyperbolic space as
opposed to Euclidean space by exploring Mobius gyrovector spaces with the Rieman-
nian geometry of the Poincaré model. To the best of our knowledge, this is the first
work that explores the use of hyperbolic space for metric learning in the recommender

systems domain.

e We devise a new method HyperML ( Hyperbolic Metric Learning), a strong competitive
metric learning model for one-class collaborative filtering (i.e., personalized ranking).
Unlike previous metric learning models, we incorporate a penalty term called distor-

tion to control and balance between accuracy and preservation of distances.

e We conduct a series of extensive experiments delving into the inner workings of our
proposed HyperML on ten public benchmark datasets. Our model demonstrates the
effectiveness of hyperbolic geometry, outperforming not only its Euclidean counter-
parts but also a suite of competitive baselines. Notably, HyperML outperforms the
state-of-the-art CML and LRML models, which are also metric learning models in
Euclidean space across all benchmarks. We achieve a boosting performance gain over
competitors, pulling ahead by up to 32.32% performance in terms of standard ranking

metrics.
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o logo(.)

Figure 4.1: TIllustration of our proposed HyperML. The left figure with the greenish
ball represents the hyperbolic unit ball and the pale blue parallelogram illustrates its
tangent space; red and vermeil circles represent user embeddings; green and purple circles
represent item embeddings. The right figure illustrates an example of a triplet embedding
of user (red circle), positive item (green circle) and negative item (orange circle), in
which it demonstrates a small tree of one root and two children which is embedded into
hyperbolic space with the exponentially expansion property (Best viewed in color).

4.2 Hyperbolic Metric Learning

This section provides the overall background and outlines the formulation of our pro-
posed model. The key motivation behind our proposed model is to embed the two user-
item pairs into hyperbolic space, creating the gradients of pulling the distance between
the positive user-item pair close and pushing the negative user-item pair away.

Figure 4.1 depicts our overall proposed HyperML model. The figures illustrate our
two approaches: 1) optimizing the embeddings within the unit ball and 2) transferring the
points to the tangent space via the exponential and logarithmic maps for optimization.
In the experiments, we also compare the mentioned variants of HyperML where both
approaches achieve competitive results compared to Euclidean metric learning models.

4.2.1 Hyperbolic Geometry & Poincaré Embeddings

The hyperbolic space D is uniquely defined as a complete and simply connected
Riemannian manifold with constant negative curvature [KPK*10]. In fact, there are three
types of the Riemannian manifolds of constant curvature, which are Fuclidean geometry
(constant vanishing sectional curvature), spherical geometry (constant positive sectional
curvature) and hyperbolic geometry (constant negative sectional curvature). In this
work, we focus on Euclidean space and hyperbolic space due to the key difference in their
space expansion. Indeed, hyperbolic spaces expand faster (exponentially) than Euclidean

62



CHAPTER 4. GOING BEYOND EUCLIDEAN: HYPERBOLIC REPRESENTATION FOR RECOMMENDATION

spaces (polynomially). Specifically, for instance, in the two-dimensional hyperbolic space

D? of constant curvature K = —e% < 0, € > 0 with the hyperbolic radius of r, we have:
L(r) = 2w sinh(er), (4.1)
A(r) = 2m(cosh(er) — 1), (4.2)

in which L(r) is the length of the circle and A(r) is the area of the disk. Hence, both
equations illustrate the exponentially expansion of the hyperbolic space H? with respect
to the radius 7.

Although hyperbolic space cannot be isometrically embedded into Euclidean space,
there exists multiple models of hyperbolic geometry that can be formulated as a subset of
Euclidean space and are very insightful to work with, depending on different tasks. In this
work, we prefer the Poincaré ball model due to its conformality (i.e., angles are preserved
between hyperbolic and Euclidean space) and convenient parameterization [NK17].

The Poincaré ball model is the Riemannian manifold P* = (D", g,), in which D" =

{x € R": ||x]| < 1} is the open n-dimensional unit ball that is equipped with the metric:

gp(x) = (%HXHQ> Ge; (4.3)

where x € D"; || - || denotes the Euclidean norm; and g, is the Euclidean metric tensor
with components I,, of R™.
The induced distance between two points on D" is given by:

e Ix = yl?
D) = cosh <1+2<1—||x||2><1—|ry||2>>‘ 4

In fact, if we adopt the hyperbolic distance function as a matching function to model
the relationships between users and items, the hyperbolic distance dp(u, v) between user
u and item v could be calculated based on Eqn. (4.4).

On a side note, let v; and v;, represent the items user ¢ liked and did not like with
dp(u;,v;) and dp(u;, vi) are their distances to the user ¢ on hyperbolic space, respectively.
Our goal is to pull v; close to u; while pushing v, away from u;. If we consider the triplet
as a tree with two children v;, v, of parent u; and place u; relatively close to the origin,
the graph distance of v; and vy, is obviously calculated as d(v;, vi) = d(u;, v;)+d(u;, vi),

_dlvive) ~ : :
Ty )tV = 1. If we embed the triplet in Euclidean space,

) is constant, which seems not to capture the mentioned graph-

or we will obtain the ratio

dg(vj,vi)
dg(u;,vj)+de(ug,vi

like structure. However, in hyperbolic space, the ratio

the ratio
d][p(Vj,Vk)

dp(u;,v;)+dp(u;,vi

the edges are long enough, which makes the distances nearly preserved [SSGR18|.

) approaches 1 as
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Thus, it is worth mentioning our key idea is that for a given triplet, we aim to embed
the root (the user) arbitrarily close to the origin and space the children (positive and
negative items) around a sphere centered at the parent. Notably, the distances between
points grows exponentially as the norm of the vectors approaches 1. Geometrically, if
we place the root node of a tree at the origin of D", the children nodes spread out
exponentially with their distances to the root towards the boundary of the ball due to
the above mentioned property.

4.2.2 Gyrovector spaces

In this section, we make use of Mobius gyrovector spaces operations [GBH18b] to
generally design the distance of user-item pairs for further extension.

Specifically, for ¢ > 0, we denote D" = {z € R" : ¢||z||* < 1}, which is considered as
the open ball of radius % Note that if ¢ = 0, we get D! = R"; and if ¢ = 1, we retrieve
the usual unit ball as D7 = D".

Some widely used Mobius operations of gyrovector spaces are introduced as follows:

Mobius addition: The Mdbius addition of x and y in D7 is defined:

(1 + 2c(z,y) + cllyl*)z + (1 = cllz]*)y
14 2c(z,y) + cllz|? |yl

By = (4.5)

Mobius scalar multiplication: For ¢ > 0, the Mobius scalar multiplication of = €
D7\ {0} with r € R is defined:
@ = ——tanh(r tanh™ (v/2le])) (4.6)
r ®. r = — tanh(r tan c|lxl|))—-, .
Ve ]
and r ®. 0 = 0. Note that when ¢ — 0, we recover the Euclidean addition and scalar
multiplication. The Mobius subtraction can also be obtained as © ©.y = x &, (—y).

Mobius exponential and logarithmic maps: For any z € D?, the Mobius expo-
nential map and logarithmic map, given v # 0 and y # x, are defined:

expl(v) = = D, (tanh <\/E>\;HUH> Y ), (4.7)

2 /el
2 _ (—2) ®cy
logz (y) = tanh™ (Vel|(=2) @c yl) 51 (4.8)
AVe (=) e yll
where A\ = ﬁ is the conformal factor of (D7, ¢¢) in which ¢ is the generalized

hyperbolic metric tensor. We also recover the Euclidean exponential map and logarithmic
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map as ¢ — 0. Readers can refer to [GBH18b, Ung09] for the detailed introduction to
Gyrovector spaces.
We then obtain the generalized distance in Gyrovector spaces:

de(z,y) = %tanh*(mu—x) & ). (4.9)

When ¢ — 0, we recover the Euclidean distance since we have lim. ,od.(x,y) =
2|z — y||. When ¢ = 1, we retrieve the Eqn. (4.4). In other words, hyperbolic space
resembles Euclidean as it gets closer to the origin, which motivates us to design our loss
function in the multi-objective learning framework.

4.2.3 Model Formulation

Our proposed model takes a user (denoted as u;), a positive (observed) item (denoted
as v;) and a negative (unobserved) item (denoted as vi) as an input. Each user and
item is represented as a one-hot vector which map onto a dense low-dimensional vector
by indexing onto an user/item embedding matrix. We learn these vectors with the
generalized distance:

d.(1,v) = —= tanh " (v/el|(—u) @, v]), (4.10)

= Sl

in which an item j that user ¢ liked
the ones he did not like (negative).

In fact, we would like to learn the user-item joint metric to encode the observed
positive feedback. Specifically, the learned metric pulls the positive pairs closer and
pushes the other pairs further apart.

Notably, this process will also cluster the users who like the same items together,
and the items that are liked by the same users together, due to the triangle inequalities.
Similar to [HYC*17], for a given user, the nearest neighborhood items are: 1) the items
liked by this user previously, and 2) the items liked by other users with similar interests to
this user. In other words, we are also able to indirectly observe the relationships between
user-user pairs and item-item pairs through the pull-push mechanism of metric learning.

positive) is expected to be closer to the user than

Pull-and-Push Optimization. To formulate such constraint, we define our pull-and-
push loss function as:

Lp= Z Z [m+d[2D><Z7j) _dﬂz)(ivk”-&-v (4'11)
(3,5)€S (3,k)¢S
where 7 is an item user ¢ liked and £ is the one he did not like; S contains all the observed
implicit feedback, i.e. positive item-user pairs; [z]; = max(0, z) is the standard hinge
loss; and m > 0 is the safety margin size. Notably, our loss function does not adopt the
ranking loss weight compared to [HYC*17].

65



CHAPTER 4. GOING BEYOND EUCLIDEAN: HYPERBOLIC REPRESENTATION FOR RECOMMENDATION

Distortion Optimization. The ultimate goal when embedding a space into another
is to preserve distances while maintaining complex structures/relationships [SSGR18].
Thus, it becomes a challenge when embedding user-item pairs to hyperbolic space with
the needs of preserving good structure quality for metric learning. To this end, we
consider the two factors of good representations namely local and global factor. Locally,
the children items must be spread out on the sphere around the parent user as described,
with pull and push forces created by the gradients. Globally, the learned triplets should
be separated reasonably from each other. While pull-and-push optimization satisfies
the local requirement, we define the distortion optimization function to meet the global
requirement as:

to= 3 [FUOSU) i) o [BUELIED “dseBl]

(i,))€S dE(Z7j> (i,k)gS dE(Za k) +

where | - | defines the absolute value; and f(-) is a mapping function f : E — D from
Euclidean space E to hyperbolic space D. In this work, we take f(-) as an identity
function.

We recall that the further two points move toward the edge of the hyperbolic space,
the closer their distance is to the path through the origin. Thus, the Eqn. (4.12) is
designed to place them far enough to make the distortion as low as possible. Therefore,
the idea of this equation is to act as a penalty term, in which we penalize the difference
in the distance when embed to hyperbolic space to preserve the graph distance ratio as
discussed. In short, we would obtain the separate sub-tree embeddings (i.e., the tripets)
if we could put those points further enough towards the boundary [Sar11l, SSGR18].

We aim to preserve the distances by minimizing £ for the global factor. Ideally, the
lower the distortion, the better the preservation.

Multi-Task Learning. We then integrate the pull-and-push part (i.e., Lp) and the
distortion part (i.e., Lp) into an end-to-end fashion through a multi-task learning frame-
work. The objective function is defined as:

mén£:£p+7£[), (413)

where © is the total parameter space, including all embeddings and variables of the
networks; and v is the multi-task learning weight.

There is an unavoidable trade-off between the precision (learned from the pull-push
mechanism) and the distortion as similar to [SSGR18]. Thus, jointly training £p and Lp
can help to boost the model performance while providing good representations. Indeed,
we examine the performance of HyperML with and without the distortion by varying
different multi-task learning weight v in our experiment in Section 4.3.
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Dataset Interactions # Users # Items % Density
Movie20M 16M 53K 27K 1.15
MovielM 1M 6K 4K 4.52
Goodbooks 6M 53K 10K 1.14
Yelp 1M 22K 18K 0.26
Meetup 248K 47K 17K 0.03
Clothing 358K 39K 23K 0.04
Sports & Outdoors 368K 36K 18K 0.06
Cell Phones 250K 28K 10K 0.09
Toys & Games 206K 19K 12K 0.09
Automotive 26K 3K 2K 0.49

Table 4.1: Statistics of all datasets used in our experimental evaluation

Gradient Conversion. The parameters of our model are learned by projected Rie-
mannian stochastic gradient descent (RSGD) [NK17] with the form:

011 = R, (—1:VRL(0:)), (4.14)

where Ry, denotes a retraction onto D at 8 and 1, is the learning rate at time ¢.
The Riemannian gradient Vg is then calculated from the Euclidean gradient by rescal-
ing Vg with the inverse of the Poincaré ball metric tensor as:
(1—1|6:]1*)°

Vi = —— Vs, (4.15)

in which this scaling factor depends on the Euclidean distance of the point at time ¢ from
the origin [NK17, TTH18]. Notably, one could also exploit full RSGD for optimization to

perform the updates instead of using first-order approximation to the exponential map
[Bon13, GBH18a, WL18, BG19].

4.3 Experiments

4.3.1 Experimental Setup

Datasets. To evaluate our experiments, we use a wide spectrum of datasets with diverse
domains and densities. The statistics of the datasets are reported in Table 4.1.

e MovieLens: A widely adopted benchmark dataset in the application domain of rec-
ommending movies to users provided by GroupLens research!. We use two configu-
rations, namely MovieLens20M and MovieLens1M. Similar to [TATH18], the Movie-
Lens20M datasets are filtered with 100-core setting.

thttps://grouplens.org/datasets/movielens/
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MovieLens20M MovieLens1M Goodbooks Yelp Meetup

nDCG@10 HR@10 nDCG@10 HR@10 nDCG@10 HR@10 nDCG@10 HR@10 nDCG@10 HR@I10
MF-BPR 63.462 82.206 55.173 74.057 49.559 71.033 56.443 77.926 48.359 62.468
MLP 62.500 84.380 54.851 73.812 48.597 70.226 52.777 75.784 43.310 55.616
NCF 59.485 81.859 55.503 74.127 50.823 72.014 53.078 72.757 52.334 62.210
CML 62.664 85.571 55.737 74.528 49.010 72.556 54.996 77.122 51.453 60.589
LRML 63.775 81.327 54.057 73.358 50.392 71.424 54.719 76.764 50.208 61.347
HyperML 64.042 87.363 56.197 75.629 51.088 74.152 59.543 81.392 54.633 67.304
Improvement | +0.42%  +2.09% +0.83%  +1.48%  +0.52%  +220%  +5.49% +4.45% +4.39%  +7.74%

Clothing Sports Cell phones Games Automotive

nDCG@10 HR@10 nDCG@10 HR@10 nDCG@10 HR@10 nDCG@10 HR@10 nDCG@10 HR@10
MF-BPR 13.189 20.509 26.130 38.553 26.483 37.434 22.156 34.877 20.433 31.707
MLP 13.947 22.726 24.431 37.015 25.732 37.677 21.074 32.251 16.789 27.685
NCF 16.809 26.470 20.268 30.232 22.496 32.697 20.959 30.871 17.340 28.441
CML 16.623 26.371 19.211 30.197 19.320 29.746 21.579 32.524 17.556 27.985
LRML 16.643 26.421 22.938 33.667 20.177 30.999 20.747 31.695 16.492 26.124
HyperML 17.150 27.899 34.576 48.262 29.325 42.921 23.164 35.995 24.736 37.324
Improvement | +2.03%  +5.40% +32.32% +25.18% +10.73%  +13.92%  +4.55%  +3.21% +21.06% +17.72%

Table 4.2: Experimental results (nDCG@10 and HR@10) on ten public benchmark
datasets. Best result is in bold face and second best is underlined. Our proposed Hy-
perML achieves very competitive results, outperforming strong recent advanced metric
learning baselines such as CML and LRML.

e Goodbooks: A large book recommendation dataset contains six million ratings for
ten thousand most popular (with most ratings) books.?

e Yelp: A crowd-sourced platform for local businesses such as restaurants, bars, etc.
We use the dataset from the 2018 edition of the Yelp Dataset Challenge.?

e Meetup: An event-based social network dataset. We use the dataset includes event-
user pairs from NYC that was provided by [PLCZ16].

e Amazon Reviews: The amazon review datasets that was introduced in [HM16a].
The subsets? are selected based on promoting diversity based on dataset size and
domain.

Evaluation Protocol and Metrics. We experiment on the one-class collaborative fil-
tering setup. We adopt nDCG@10 (normalized discounted cumulative gain) and HR@10
(Hit Ratio) evaluation metrics, which are well-established ranking metrics for recommen-
dation task. Following [HLZ"17, TATH18], we randomly select 100 negative samples
which the user have not interacted with and rank the ground truth amongst these neg-
ative samples. For all datasets, the last item the user has interacted with is withheld

Zhttps://github.com /zygmuntz/goodbooks-10k

3https://www.yelp.com/dataset /challenge

1Datasets are obtained from http://jmcauley.ucsd.edu/data/amazon/ using the 5-core setting with
the domain names truncated in the interest of space.
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as the test set while the penultimate serves as the validation set. During training, we
report the test scores of the model based on the best validation scores. All models are
evaluated on the validation set at every 50 epochs.

Compared Baselines. In our experiments, we compare with five well-established and
competitive baselines which in turn employ different matching functions: inner product
(MF-BPR), neural networks (MLP, NCF) and metric learning (CML, LRML).

e Matrix Factorization with Bayesian Personalized Ranking (MF-BPR) [RFGS09]
is the standard and strong collaborative filtering (CF) baseline for recommender sys-
tems. It models the user-item representation using the inner product and explores the
triplet objective to rank items.

e Multi-layered Perceptron (MLP) is a feedforward neural network that applies
multiple layers of nonlinearities to capture the relationship between users and items.
We select the best number of MLP layers from {3, 4, 5}.

e Neural Collaborative Filtering (NCF) [HLZ"17] is a neural network based method
for collaborative filtering which models nonlinear user-item interaction. The key idea
of NCF is to fuse the last hidden representation of MF and MLP into a joint model.
Following [HLZ'17|, we use a three layered MLP with a pyramid structure.

e Collaborative Metric Learning (CML) [HYC'17] is a strong metric learning
baseline that learns user-item similarity using the Euclidean distance. CML can be
considered a key ablative baseline in our experiments, signifying the difference between
Hyperbolic and Euclidean metric spaces.

e Latent Relational Metric Learning (LRML) [TATHI8] is also a strong metric
learning baseline that learns adaptive relation vectors between user and item interac-
tions to find a single optimal translation vector between each user-item pair.

Implementation Details. We implement all models in Tensorflow. All models are
trained with the Adam [KB15] or AdaGrad [DHS11] optimizer with learning rates from
{0.01,0.001,0.0001,0.00001}. The embedding size d of all models is tuned amongst
{32,64,128} and the batch size B is tuned amongst {128,256,512}. The multi-task
learning weight v is empirically chosen from {0,0.1,0.25,0.5,0.75,1.0}. For models that
optimize the hinge loss, the margin A is selected from {0.1,0.2,0.5}. For NCF, we use
a pre-trained model as reported in [HLZT17] to achieve its best performance. All the
embeddings and parameters are randomly initialized using the random uniform initializer
U(—a,a). For non-metric learning baselines, we set @ = 0.01. For metric learning
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models, we empirically set a = (%)é, in which we choose § = 0.01. The reason is

that we would like all the embeddings of the metric learning models to be initialized
arbitrarily close to the origin of the balls® for a fair comparison. For most datasets and
baselines, we empirically set the embedding size of 64 and the batch size is 512. We
also empirically set the dropout rate p = 0.5 to prevent overfitting. For each dataset,
the optimal parameters are established by repeating each experiment for N runs and

assessing the average results. We have used N = 5 for our experiment.

4.3.2 Experimental Results

This section presents our experimental results on all datasets. For all obtained results,
the best result is in boldface whereas the second best is underlined. As reported in Table
4.2, our proposed model consistently outperforms all the baselines on both HR@10 and
nDCG@10 metrics across all benchmark datasets.

Pertaining to the baselines, we observe that there is no obvious winner among the
baseline solutions. In addition, we also observe that the performance of MF-BPR and
CML is extremely competitive, i.e. both MF-BPR and CML consistently achieve good re-
sults across the datasets. Notably, the performance of MF-BPR is much better than CML
on datasets with less number of interactions. For datasets with larger size (i.e., Movie-
Lens20M, MovieLens1M and Goodbooks), the performance of metric learning models
perform better in which the gain of CML and LRML on the non-metric learning base-
lines across large datasets is approximately +0.39% and +0.91% respectively in terms of
nDCG. One possible reason is that for small datasets with low interactions (e.g., Auto-
motive with 26K interactions of 0.49% density), a simple model such as MF-BPR should
be considered as a priority choice. In addition, the performance of a careful pre-trained
NCF also often achieves competitive results with large datasets but not small ones in
most cases. The explanation is because using the dual embedding spaces (since NCF
combines MLP and MF) could possibly lead to overfitting if the dataset is not large
enough [TATH18].

5The balls are referred as hyperbolic ball for HyperML model and Euclidean ball for CML and LRML
model.
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Figure 4.2: Two-dimensional hyperbolic embedding of ten benchmark datasets in the
Poincaré disk using t-SNE. The images illustrate the embedding of user and item pairs
after the convergence (Best viewed in color).
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Remarkably, our proposed model HyperML demonstrates highly competitive results
and consistently outperforms the best baseline method. The percentage improvements in
terms of nDCG on ten datasets (in the same order as reported in Table 4.2) are +0.42%,
+0.83%, +0.52%, +5.49%, +4.39%, +2.03%, +32.32%, +10.71%, +4.55% and +21.06%
respectively. We also observe similar high performance gains on the hit ratio (HR@10).
Note that the hyperbolic spaces expand faster, i.e. exponentially, than Euclidean spaces,
in which the forces are generated by the rescaled gradients, pulling and pushing the
points with more reasonable distances compared to Euclidean. Therefore, it enables us
to achieve very competitive results of our proposed HyperML in the hyperbolic space
over other strong Euclidean baselines. Our experimental evidence shows the remarkable
recommendation results of our proposed HyperML model on the variety of datasets and
the advantage of hyperbolic space over Euclidean space in boosting the performance in

metric learning framework.

4.3.3 Embeddings after Convergence

This section investigates the model convergence of our proposed HyperML to under-
stand the behavior of the embeddings in hyperbolic space. Specifically, we study the
final stage of the embeddings after convergence, then perform embeddings comparison

between HyperML and other metric learning methods.

Hyperbolic Convergence. Figure 4.2 visualizes the two-dimensional hyperbolic em-
bedding using t-SNE on the test set of ten benchmark datasets after the convergence. We
observe that item embeddings form a sphere over the user embeddings. Moreover, since
we conduct the analysis on the test set, the visualization of the user/item embeddings
in Figure 4.2 demonstrates the ability of HyperML to self-organize and automatically
spread out the item embeddings on the sphere around user embeddings, as mentioned
in [TATH18, SSGR18, TBG19]. Moreover, the clustering characteristic of observing the
user-user and item-item relationships discussed in Section 4.2 is also captured in Figure

4.2. Tt could be seen especially clearly for the MovieLens and Yelp dataset.
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(b). Embeddings comparison on Automotive dataset.

Figure 4.3: Comparison between two-dimensional Poincaré embedding and Euclidean
embedding on Yelp and Automotive dataset. The images illustrate the embeddings of
LRML, CML and HyperML after convergence (Best viewed in color).

Convergence Comparison. Figure 4.3 illustrates the comparison between the two-
dimensional Poincaré embedding (HyperML) and Euclidean embedding (CML, LRML)
on the Yelp and Amazon dataset. For the Euclidean embedding, we clip the norm (i.e.,
the norm of the embeddings is constrained to 1) and initialize all the embeddings very
close to the origin, for an analogous comparison.

At first glance, we notice the difference between the three types of embedding by ob-
serving the distribution of user and item embeddings in the spaces after the convergence.
While HyperML and CML have the item embeddings gradually assemble to a sphere
structure surround user embeddings, the item embeddings of LRML have the opposite
movement. The reason is because the motivation behind both CML and HyperML is to
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Meetup Clothing
nDCG@10 HR@10 nDCG@10 HR@10
HyperML 54.633 67.304 17.150 27.899
HyperTS 54.612 67.277 17.190 27.959

Sports Cell phones
nDCG@10 HR@10 nDCG@10 HR@10
HyperML 34.576 48.262 29.325 42.921
HyperTS 31.896 45.272 29.933 43.532

Table 4.3: Performance comparison between HyperML and HyperTS.

create the learned metric through the pull-push mechanism, whereas the motivation of
LRML is to additionally learn the translation vector, which establishes the main cause
of different visualizations.

It is worth mentioning that since we initialize all the embeddings very close to the
origin, we observe the difference between hyperbolic and Euclidean space that leads to
the difference in the convergence of HyperML and CML. While both models form a
sphere shape over the user embeddings equally, we observe that the user embeddings of
HyperML tend to be located closer to the origin than CML while we get similar spread
out observation of items. The explanation is that even with similar forces created by
the gradients in the same direction, the different expansion property of the two spaces
produces the distances between the triplets more separable, which leads to the boosting
performance of the proposed model.

4.3.4 Comparison of Hyperbolic Variants

In this section, we study the variants of our proposed model: HyperML and HyperTS
(applied optimization after mapping the user and item embeddings to the tangent space
at 0 using the log, map). Notably, HyperTS is viable because the tangent space at the
origin of the Poincaré ball resembles Euclidean space. Table 4.3 represents the perfor-
mance of the variants on the datasets in terms of nDCG@10 and HR@10. In general,
we observe both HyperML and HyperTS achieve highly competitive results, boosting the
performance over Euclidean metric learning models across Meetup, Clothing, Sports, and
Cell phones datasets.

4.3.5 Effect of Scaling Variable

In this section, we study the effect of the variable ¢ on our proposed HyperML and
the CML baseline model. Table 4.4 represents the performance of HyperML regarding
the different value of the scaling variable ¢ comparing to CML in terms of nDCG@10. We
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Scaling Goodbooks Games

Variable ¢ | HyperML ~ CML A(%)  HyperML CML A(%)
c=0.5 51.396  49.010 +4.87% 37.134  32.524 +14.17%
c=1.0 51.088  49.010 +4.24% 35.995  32.524 +410.67%
c=20 49.631  49.010 +1.27% 38.578  32.524 +418.61%
c=4.0 46.017  49.010 —6.11% 35.466  32.524  +9.05%
c=28.0 40.488  49.010 —17.39%  28.390  32.524 —12.71%

Table 4.4: Effects of the scaling variable ¢ on Goodbooks and Games datasets in terms
of nDCG@10.

observe that HyperML achieves best performance when ¢ = 0.5 on Goodbooks dataset,
but ¢ = 2.0 on Games dataset. For other values of ¢, we notice the oscillated performance
of HyperML.

As introduced, for ¢ > 0, our ball shrinks to the radius of \% Without loss of
generality, the case of ¢ > 0 can be reduced to ¢ = 1 (the usual unit ball). However,
we observe that different scaling variable ¢ would effect the performance differently in
practice, which should be set carefully for each dataset. In fact, with ¢ carries values from
0.5 to 8.0, the percentage gain/loss of HyperML over CML varies from +4.87%/—17.39%
to +14.17%/ — 12.71% on Goodbooks and Games dataset, respectively.
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Figure 4.4: Performance on Different Multi-objective Learning Weight ~.

4.3.6 Accuracy Trade-off with Different Multi-objective Learn-
ing Weight

In this section, we study the effect of different multi-objective learning weight v on
our proposed HyperML model on Meetup and Automotive dataset. Figure 4.4 represents
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the performance of HyperML when changing the value of the multi-objective learning
weight v in terms of HR@Q10 and nDCG@10. We observe the obvious boost of the
performance when v increases from 0 to positive values on both two datasets. While
for Meetup dataset, HyperML achieves best performance when v = 0.75, we observe the
performance of HyperML achieves its best result on Automotive dataset when v = 1.0.
For other values of v, we also observe the oscillated performance of HyperML due to
the trade-off. On a side note, when v = 0, i.e. removing the distortion, we notice the
decreasing performance of HyperML compared to CML by -21.48% and -15.48% in terms
of nDCG@10 on Meetup and Automotive dataset, respectively.

Thus, we conclude that the multi-objective learning weight v as well as the distortion
play important roles on boosting the performance, in which the weight v causes the

trade-off between minimizing the distortion and the model’s accuracy.
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Figure 4.5: 2D t-SNE item embeddings visualization of hyperbolic metric in Movie-
Lens1M dataset (Best viewed in color).
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4.3.7 Metric Learning Visualization

In this section, we study the clustering effect of HyperML. Figure 4.5 represents the
clustering effect in which the 18 colors represent 18 movie genres from the MovieLens1M
datasetS. From the figure, we empirically discover that despite being only trained on
implicit interactions, explicit rating information is surprisingly being discovered in Hy-
perML. Within the hyperbolic space, the metric learning shows cluster structures of
items with same genres induced by users, providing insight and achieving similar effect
as [HM16b, HYC™17]. The visualization supports our previous claim that the nearest
neighborhood items tend to be liked by the same users with similar interests. Notably,
the t-SNE visualization also illustrates the sphere structure embeddings as introduced.

6The colors were assigned to the movie genres in the same order as reported in
http://files.grouplens.org/datasets/movielens/ml-1lm-README. txt
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Chapter 5

Neural Architecture Dropout
Representation for Recommendation

5.1 Introduction

Across the literature, many recommendation models have been proposed using deep
learning for user/item representations [RFGS09, HLZ*17, ZYST19, XYH*17, HC17,
XHZ*19, TLLK19, HYC*17, DCJ19]. A variety of architecture designs have been nom-
inated, in which they consider the shallow pyramid multi-layered perceptrons (MLP)
structure as an essential part of the model [ZYST18, HLZ"17, ZACC17, TLLK19, TSL19,
HC17, XHZ"19]. For instance, [HLZ"17] combined matrix factorization (MF) and MLP
for dual space embedding, [ZACC17] expressed the non-linearities by passing the element-
wise product of user and item representations into a pyramid MLP, [HC17, XHZ'19]
stacked an MLP on top of the architecture for prediction, or [TLLK19] proposed a
square-distance MLP for metric learning. As a result, these models mostly pay at-
tention to explore the notion of stacking multiple layers to capture the non-linearities of
user-item interactions. Different perspective from existing methods, in this chapter, we
consider that an MLP of stacking multiple hidden layers may carry overlapping informa-
tion across layers, in which parts of a neural network architecture could be removed to
avoid redundancy.

Recent years have witnessed a success of attention mechanism with a wide range of
applications in recommendation domain [XYH*17, TLH18, TLLK19, TSL19, CZJCIS,
TZLH18]. Several attention mechanisms with either vanilla attention or co-/self-attention
have been applied to recommendation such as general attention [XYH'17, CZJC18],
multi-head attention [TLH18] or metric learning attention [TLLK19, TSL19]. However,
to the best of our knowledge, existing attention-based recommendation models only fo-
cused on handling user-item relations or extracting important features of side information.
In this chapter, we introduce a new approach of attention mechanism on activating only
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specific parts of the neural architecture, achieving similar effect as dropout [HSK*12].
Indeed, we perform attention mechanism on hidden layers directly to capture the most
informative layers to build more accurate and better representations, which is also the
key difference of our work.

For the first time, we introduce a new concept of exploring attention mechanism as
a regularization effect in the application of personalized recommendation. We propose a
conceptually simple informative and effective model, in which it is capable of not only
achieving highly competitive results, but also providing explainable representations due
to the impact of attention mechanism. The proposed paradigm reinforces the main idea
of learning user-item representations, while maintaining the simplicity and effectiveness
of the previous proposed models.

Our Contributions. The overall contributions of this chapter are summarized as fol-
lows:

e We introduce a new kind of regularization effect by exploring attention mechanism
directly on hidden layers to avoid redundancy in the context of personalized recom-
mendation.

e We propose two effective neural architectures, C-DropRec and S-DropRec, for collabo-
rative filtering with implicit feedback. We design simple but informative and effective
architectures, which enable to incorporate attention mechanisms into hidden layers.

e We conduct extensive experiments on six widely adopted benchmark datasets for
recommender system to demonstrate the effectiveness of employing attention mecha-
nisms on hidden layers, consistently outperforming several recent strong competitive
baselines with only stacked multi-layered perceptrons.

e We investigate the explainable insights of our two architectures to further exploit the
effectiveness of attention mechanisms on providing regularization.

5.2 Understanding Dropout

Dropout [HSK™*12] is a popular method that has been widely used to prevent over-
fitting in neural networks. In general, the high-level idea behind dropout is to combine
an approximately exponential number of models to predict the output. Concretely, each
node in the deep network is originally assigned a probability, in which we name it a keep
probability and denote it as pp. During the training process, dropout randomly sets the
node value to 0 with the probability of 1 — p,. And during the inference process, all the
weights in the layer will be multiplied by p,. In addition, it is worth pointing out that
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applying dropout during the inference process is actually equivalent to applying dropout
during the training process with pr = 1. In practice, there are multiple ways to apply
dropout in a neural network, in which there is no one single solution. Typically, we
usually apply dropout after the non-linear activation function. However, in some cases
such as using rectified linear units (ReLUs), it might be better to put dropout before the
activation function for computational efficiency [BS13, SHK*14].

In the scope of recommender systems, we easily observe that almost all the pro-
posed model architectures apply dropout automatically as part of their hyper-parameter
[HLZ*17, TW18, CZH"17, TLH18, VSP™17]. Those papers often varry the ratio of
dropout usually from 0.2 to 0.8. However, in recommendation domain, many user-item
based recommendation problems do not really require deep networks. In fact, the perfor-
mance even deteriorates if many layers are used. Thus, despite of the fact that dropout
has been very successful generally, it is difficult to explain if a new proposed recommenda-
tion model indeed yields good performance itself or that is the result of the combination
between complicated architecture design and dropout. This could possibly explain why
in many user-item based problems, authors usually integrate MLP (with dropout) as an
approach to boost the performance.

Thus, inspired by this observation, our main motivation of this work is to answer the
following question:

e s it possible to design a general module that can: 1) incorporate into any deep
recommendation architectures, 2) keep the good performance similar to dropout, and
3) explainable?

In the subsequent sections, we will introduce our proposed framework, performance
comparision, and analyses to answer the question above.

5.3 Owur Proposed Framework

We present a novel, simple and adaptive architecture dropout model for general rec-
ommendation, namely DropRec. Firstly, DropRec stacks each pair of user and item
embedding into two [-layer MLPs to incorporate non-linearities to the recommendation
model. Then, those 2] hidden layers are fed into co/self-attention mechanism(s) to out-
put the transformed representation of user and item embedding. Finally, the transformed
representation is then used for prediction by leveraging pairwise learning objective. Based
on this approach, we propose our two variants, namely, C-DropRec and S-DropRec. Fig-
ure 5.1 illustrates the two variants of DropRec, in which the left figure represents the
C-DropRec architecture and the right figure represents the S-DropRec architecture.
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Figure 5.1: An illustration of Co-Attention based DropRec (C-DropRec) (left) and Self-
Attention based DropRec (S-DropRec) (right). The curved dashed arrows represent the
inputs of hidden layers into attention mechanisms (Best viewed in color).

Embedding Layer. Our proposed model takes a user (denoted as u;), a positive (ob-
served) item (denoted as v;) and a negative (unobserved) item (denoted as vy) as an
input. The user and item embedding matrices are parameterized by Py € R¥VI and
Py € RVl where d is the dimension of the user and item embeddings (i.e., embedding
size), while |U| and |V| are the total number of users and items respectively. The output
of this layer is a pair of user and item embeddings in which we denote as u € R? for user
embedding and v € R? for item embedding.

User/Item Hidden Layers. FEach user and item embedding is then passed into a
[-layers core MLP separately. We design each MLP consists of the same number of [
hidden layers, where each layer performs a non-linear transformation over the output of
the previous layer. Formally, the formula is defined as:

Hj(z) = ReLU(Wyz + by), (5.1)

where W), € R*+-0*" and by, € R%, in which d;, is the specified dimension of layer ny,
and n,_1) is the output dimension of the (k — 1) layer. We set the dimension di = d,
which equals to the dimension of the user and item embedding. Notably, while a tower
MLP structure is usually adopted by many recent works, i.e. ny = @, we employ a
fixed size of ny = n—1) in our proposed frameworks.
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5.3.1 Co-Attention based DropRec (C-DropRec)

From each [-layer MLP constructed from user and item embedding, we obtain [ in-
termediate hidden outputs. Thus, we represent C-DropRec in which it computes the
affinity matrix to attend/learn the similarity scores between those 2[ hidden layers. In
other words, from the two [-layer sequences, this co-attention network aims to select the
most informative layers from the 2/ hidden layers of the user-item pair.

Affinity Matrix. Given [ user hidden layers (denote as h;) and [ item hidden layers
(denote as r;), Vi, j = 1,2,...,1, a similarity (affinity) matrix A € R™! is calculated as:

Ay = hir, (5.2)

where A;; is an element of the affinity matrix A € R'*!, representing the similarity
between i-th user hidden layer and j-th item hidden layer.

On a side note, the computation of the affinity matrix requires all hidden layers of the
MLPs to have equal length as similar to word embeddings in a sentence, which explains
the inappropriate of the MLP tower structure in our proposed frameworks.

Pooling Operation. Next, we utilize the standard co-attention mechanism by taking
the normalization of the row and column wise of the affinity matrix A and using them
to weight the hidden layers of the two MLPs. The pooling operation is defined as:

!
A
b =3 cPe) g, (53)
j=1 Zk:1 exp(Aik)

r, = Z crp(A r, (5.4)
. 169619(143;)
where h) and r} are the local co-attention representations of h; and r;, respectively;
and exp(z) = e¢*. The output vectors h’ and r’ are inferred as the local co-attention
representations.
We learn a single co-attention representation for each output by summing over all
local representations as:

l l
hy=) hi and ry=) 1 (5.5)
=1

=1

We then attain the final representation of C-DropRec as po = [h;;ha;ra;r] by
concatenating the final co-attention representations with the [-th layer of the MLPs to
form a feature vector which contains rich and informative representation of the hidden
layers.
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5.3.2 Self-Attention based DropRec (S-DropRec)

Likewise, we represent S-DropRec that utilizing self-attention mechanisms. Intu-
itively, while the obtained hidden layers capture the non-linearities transformation of
user and item representation, S-DropRec provides richer and larger extents of match-
ing interfaces, observing information passing among each [ hidden layers before learning

representation.

Attentive Matrix. Similar to the affinity matrix, we define attentive matrices as B €
R™>! and B’ € R, which is formed by computing the matching scores between hidden
states ¢, 7 of the [ hidden layers of user and the [ hidden layers of item, denoted as f; and
g, respectively, Vi, j = 1,2, ... [

Bi; = szfj and Bz/'j = gz’nga (5.6)

where Bj; and Bj; are an element of the attentive matrix B € R> and B’ € R,

representing self-matching between layer ¢ and layer j of each [-layered MLP.

Pooling Operation. We next normalize the attention matrix B and B’ as:

exp(B
- Z Zk 1 ea:p(B )fj, (5.7)

l /
exp(Bij)
g = g, (5.8)
; Sy exp(By)

where f; and g/ are the local self-attention representations of f; and g;, respectively; and
exp(z) = e*.
Thus, a single self-attention representation for each output is defined as:

l l
fp=> f and gz =) g, (5.9)
=1 i=1

In this architecture of S-DropRec, the two self-matching operation are the two self-
attention mechanisms, in which each operation is related to [ hidden layers of user and
item. As a result, we obtain the final representation of S-DropRec from the two local

self-attention representations as pg = [f; f5; g5; &)
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5.3.3 Model Optimization

This section illustrates the optimization and learning process of DropRec. After
attaining the final representation p, i.e. p = po for C-DropRec and p = pg for S-
DropRec, we feed this obtained vector into a single linear layer as:

M(u,v) = Whp + by, (5.10)

where M (+) is the scoring function for each user-item pair, W,, € R**! and b,, € R.

Notably, the learned representation p of our C-DropRec and S-DropRec also inte-
grates the last layer of each MLP (i.e., the [-th layer) to make the final representations.
The reason is because the last layer of each MLP (i.e., one for user and one for item) con-
tains the rich and semantic information after the information passing process. As such,
concatenating these last layers could lead to the improvement in the performance due
to the strong fusion of representations. Also, C-DropRec and S-DropRec are proposed
to guide the network focusing on specific parts but not removing the other parts; thus,
feeding the final layers for final representations is obviously understandable. Moreover,
with the design of the pooling operations in C-DropRec and S-DropRec, we indeed ob-
serve that when the network produces very similar outputs for multiple hidden layers, a
shallower network without attention mechanisms could also achieve similar results.

Finally, in order to train our proposed C-DropRec and S-DropRec, we leverage
Bayesian Personalized Ranking (BPR) pairwise learning [RFGS09] to minimize the pair-
wise ranking loss between the positive and negative items, in which the objective function
is defined as follows:

argmln Z —Ino{M(u;,v;) — M(w;,vi)} + A(|6]%), (5.11)

(3,3,k)€D

where (7, j, k) is the triplet that belongs to the set D that contains all pairs of positive
item j and negative item k for each user ¢; o is the sigmoid function; © represents the
model parameters; and A is the regularization parameter.

5.4 Empirical Evaluation

In this section, we aim to answer the following three key research questions (RQ):

e RQ1: Do C-DropRec and S-Droprec outperform existing stacked multi-layered mod-
els?

e RQ2: What is the regularization effect of DropRec? Are we able to derive any
explainable insights?

e RQ3: How does DropRec perform with respect to different key hyperparameters?
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Dataset # Interaction | # User | # Item | Density (%)
MovieLens HetRec 859,824 2,113 10,109 4.03
Epinions 677,695 40,163 139,738 0.01
Ciao 54,942 17,615 | 16,121 0.02
Office Products 63,068 4,905 2,420 0.53
Sports & Outdoors 367,533 35,598 18,357 0.06
Automotive 26,329 2,928 1,835 0.49

Table 5.1: Statistics of the datasets used in our experiments.

5.4.1 Experimental Settings

Datasets. We
carefully select the datasets based on the diverse domains and densities. The statistics

For our experimental evaluation, we adopt six benchmark datasets.

of the datasets are reported in Table 5.1.

e MovieLens: A widely adopted benchmark dataset in the application domain of rec-
ommending movies to users provided by GroupLens research.! In this work, we eval-
uate on the HetRec version.

e Epinions: A consumer review dataset that was crawled on Epinions website and
originally introduced in [MAQ7].2

e Ciao: A rating and review platform dataset were introduced in [GZTY14]. We use
the entire crawled DVDs category dataset in the period from July 2000 to November
2013.3

e Amazon Reviews: The amazon product rating and review datasets [HM16a]. We
use the subsets? with 5-core setting. Particularly, we adopted three subcategories:
Office Products, Sports & Outdoors, and Automotive dataset.

Evaluation Protocol and Metrics. Our evaluation protocol follows [HLZ*17]. For
preprocessing preparation, we binarize the explicit data by keeping existing ratings as
implicit feedback, and apply a popular 5-core setting to filter inactive users [TLLK19,
HM16a]. We adopt two well-established ranking evaluation metrics for recommendation
task: NDCG@10 (Normalized Discounted Cumulative Gain) and HR@10 (Hit Ratio).

Following [HLZ"17], we randomly select 100 negative samples which the user have not

Thttps://grouplens.org/datasets /movielens/

http:/ /www.trustlet.org/downloaded_epinions.html
3https://www.ciao.co.uk/
4http://jmcauley.ucsd.edu/data/amazon/
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MovieLens HetRec Epinions Ciao
Method Type Method | —HRGTG TNDCGaI0 | HR@I0 | NDCG@I0 | HR@I0 | NDCGAI0

Standard Recommendation Method | MF-BPR 64.153 46.553 47.469 34.992 54.682 40.111
(Group 1) PMF 65.058 46.764 48.466 35.956 55.725 41.077

MLP 62.693 44.042 47.219 34.357 54.764 38.512

MLP++ 62.500 43.666 46.566 33.827 55.204 39.460

Stacking Layers Method JRL 64.672 47.136 41.686 30.910 45.276 32.990
(Group 2) JRL++ 64.527 45.274 38.076 28.792 44.836 32.012

NCF 65.154 47.256 41.783 30.689 51.882 36.848

NCF++ 64.141 46.883 40.889 30.314 50.961 37.532
Ours C-DropRec | 66.996* 48.700* 48.665* 38.010* 60.128* | 47.265*

S-DropRec | 69.305* 53.236* 51.153* 44.562* 59.728* 41.556*

Improvement over Group 1/2 A(%) +6.37 +12.66 +5.55 +23.94 +7.90 +15.06

Office Products Sports & Outdoors Automotive
Method Type Method |~y 16 TNDCG@I0 | HR@I0 | NDCG@I0 | HR@I0 | NDCG@I0

Standard Recommendation Method | MF-BPR 24.139 14.512 36.296 24.173 30.653 20.682
(Group 1) PMF 23.335 13.673 35.268 24.070 30.525 19.429

MLP 22.867 13.207 36.715 24.086 26.966 16.841

MLP++ 22.512 12.987 36.108 23.525 29.901 18.298

Stacking Layers Method JRL 19.883 11.832 27.396 17.953 18.223 11.037
(Group 2) JRL4+ 19.069 11.358 30.604 19.970 17.924 11.381

NCF 22.366 13.031 29.585 19.490 27.458 17.589

NCF++ 23.847 13.466 29.746 19.760 27.809 18.929

Ours C-DropRec | 24.235* 15.160* 37.138* 24.262* 32.058* 22.536*
S-DropRec | 29.689* 19.361* 41.834* 29.848* 32.514* 22.626*

Improvement over Group 1/2 A(%) +22.99 +33.41 +15.26 +23.47 +6.07 +9.40

Table 5.2: Experimental results (NDCG@10 and HR@10) on six public benchmark
datasets. Best result is in bold face and second best is underlined. Our proposed
DropRec achieves significantly competitive results, outperforming all the stacked multi-
layered models. ++ denotes models with hidden layers of equal dimension. * denotes
statistically significant improvements (p < 0.01) compared to all the baselines.

interacted with and rank the ground truth amongst these negative samples. For all
datasets, we adopt the leave-one-out evaluation protocol [HLZ'17]. Our models are
evaluated on the validation set at every 50 epochs. We report the test scores for different
models based on the obtained best validation scores. For each dataset, we repeat each
experiment for 10 runs and assess the average results.

Compared Baselines. In our experiments, we introduce five well-established and com-
petitive baselines with their variants for comparison against our proposed DropRec.
Specifically, we investigate two groups of baselines: standard recommendation meth-
ods (Group 1) (with regularizers) and diverse stacking hidden layers methods (Group
2) (with dropout) to study the efficient of our proposed adaptive architecture dropout
for representation. Notably, we do not adopt recent complex attention-based deep ar-
chitectures as baselines, in which they additionally require extra information such as
user /item neighborhood interactions and attributes to incorporate into their architec-
tures [ESF18, TLLK19, XHZ%19, TSL19]. The baselines in Group 1 and Group 2 are
introduced as below:
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e Bayesian Personalized Ranking (MF-BPR) [RFGS09] is a state-of-the-art pair-
wise matrix factorization method for recommender systems.

e Probabilistic Matrix Factorization (PMF) [SMO07] is a strong pointwise baseline
based on matrix factorization which is built upon user-item pairs.

e Multi-layered Perceptron (MLP) [HLZ'17] is a feedforward neural network that
applies multiple layers to capture the non-linearities relationship between users and
items. We use two versions, one with pyramid structure [HLZ*17], and the other one
has hidden layers with equal dimension.

e Joint Representation Learning (JRL) [ZACC17] is a strong baseline that explores
the stack hidden layers by passing the element-wise product of user and item latent
vectors into a pyramid multi-layered perceptron for prediction. We also propose and
compare with another variant of JRL.

e Neural Collaborative Filtering (NCF) [HLZ"17] is another strong and well-
known method for collaborative filtering. The key idea of NCF is to fuse the last
hidden representations of MF and MLP together into a joint model. We use the pre-
trained version of NCF to achieve its best performance. We also compare with two
versions of NCF as similar to JRL and MLP baselines.

Implementation Details. We implement all models in Tensorflow and perform grid
search for model tuning. All models are trained using Adam [KB15] with a learning rate
is tuned amongst {0.01,0.001,0.0001}. The embedding size d of all models is selected
from {32,64,128}. The batch size B is tuned amongst {64,128,512}. All baselines are
optimized with the regularization term A is tuned amongst {0,0.1,0.01,0.001,0.0001}.
For NCF, we use a pre-trained model as reported in [HLZ17] to achieve the best perfor-
mance for the comparison. All the embeddings and parameters are randomly initialized
using the default xavier initializer. For most datasets and baselines, we empirically set
the hyperparameters with the learning rate of 0.001, the batch size is 512 and the em-
bedding size of 64. For baselines, we empirically set the dropout rate p = 0.5 to prevent
overfitting. Early stopping is also applied to the baselines as a form of regularization.
For all models, we vary [ depths in {3,4,5} and select the one that achieves the best
performance, following [TLLK19, HLZ*17].

5.4.2 Do C-DropRec and S-DropRec outperform existing stacked
multi-layered models?

This section experimentally presents our results on all six datasets (RQ1). For all
obtained results, the best result is in boldface whereas the second best is underlined. As
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reported in Table 5.2, our proposed C-DropRec and S-DropRec consistently outperform
all the baselines in terms of HR@10 and NDCG@10 metrics across six datasets.

Remarkably, our proposed models significantly outperform the best baseline method.
The percentage relative improvements in terms of NDCG@10 on six datasets (in the same
order as reported in Table 5.2) are +12.66%, +23.94%, +15.06%, +33.41%, +23.47%
and +9.40% respectively. We also observe similar high performance gains on the hit
ratio (HR@10). Notably, although there is no obvious winner among the baselines, we
observe that MF and NCF consistently achieve highly competitive results across datasets.
Notably, the strong performance of MF could be foreseeable, in which [RZK19] pointed
out that a careful tuned MF-BPR could even achieve very competitive results.

Our experimental evidence shows the remarkable recommendation results of our pro-
posed DropRec models on the variety of datasets and the advantage of attention mech-
anisms in providing regularization effect to enhance the performance.

On a side note, the results shown in Table 5.2 indicates that S-DropRec has better
performance on most of the datasets than C-DropRec. The results may be caused by the
simple integrated co-attention mechanism. In fact, there exists a few other variants of
co-attention mechanism that have shown remarkable results compared to self-attention
mechanism such as coarse-grained co-attention mechanism and fine-grained co-attention
mechanism [GLT19]. To optimize the performance of co-attention mechanism, we further
compare our C-DropRec with two coarse-grained co-attention models: HieVQA [LYBP16]
and IAN [MLZW17]; and two fine-grained co-attention mechanism: AP [dSTXZ16] and
MAC [HM18]. Notably, they are all well-known architectures in the class of co-attention
mechanisms.

. MovieLens HetRec Epinions Ciao

Co-Attention Type Method G 0 T NDCGa10 | AR@10 | NDCG@10 | IR@10 | NDOG@I0

Conrse-grained conttention | HCVQA | 00.230 | 47057 | 47008 | 58.092 | 50.061 | 47543

AN 67.113 | 48404 | 48.656 | 39.112 | 60.751 | A47.537

Fine-grained co-attention AD 67.803 | 49.011 | 48.334 | 39.236 | 60.875 | 48.601

MAC | 66.000 | 48.824 | 48776 | 38271 | 59.151 | 47.750

Ours C-DropRec | 66.996 | 48.700 | 48.665 | 38.010 | 60.128 | 47.265

. Office Products Sports & Outdoors Automotive
Co-Attention Type Method  -r G0 TNDCGa10 [ HRGI0 | NDCGG10 | HRG10 | NDCGGI0

Conmse-grained coatrontion | FEVQA | 28603 | 14997 | 87003 | 24315 | 32080 | 21938

IAN 24747 | 15900 | 37.882 | 24156 | 32431 | 22.200

Fine-grained co-attention AP 24316 | 15.163 | 36.772 | 24578 | 31979 | 22.150

MAC | 24336 | 15227 | 37.040 | 24443 | 32055 | 22.380

Ours C-DropRec | 24.235 15.160 37.138 24.262 32.058 22.536

Table 5.3: Experimental comparison between co-attention mechanisms in terms of

NDCG@10 and HR@10 on all six datasets.

From Table 5.3, we observe that the performance of the co-attention mechanisms are
indeed very comparable. As mentioned earlier in Section 5.2, one possible explaination
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Figure 5.2: Visualization of attention weights learned by DropRec on MovieL.ens HetRec
((a)/(b),(c): co-/self-attention) and Automotive ((d)/(e),(f): co-/self-attention) with
[ = 4. The darker the color, the greater the correlation (Best viewed in color).
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is that as the user-item based recommendation problems usually do not require very
deep and complex networks, using complicated architectures often lead to non-increasing
in the performance, or even causing the overfitting to the test set in the worse scenar-
ios. Moreover, applying advanced attention mechanisms also contradict to our original
purpose of developing a general simple and effective module to integrate into general rec-
ommenders. Thus, it is worth mentioning that using the simple co-attention architecture
as C-DropRec is the best choice in our case.

5.4.3 What is the regularization effect of DropRec? Are we
able to derive any explainable insights?

This section investigates the regularization effect of the co-attention network and
self-attention network in our proposed C-DropRec and S-DropRec model (RQ2). Par-
ticularly, we study the performance gains of the two variants over recent strong stacking
layers methods: JRL, JRL++, NCF and NCF++, with regularizers and dropout applied.

Firstly, Figure 5.2 illustrates the affinity and attentive matrices of DropRec on Movie-
Lens and Automotive dataset in the case of [ = 4. From the visualization, we notice
different matching patterns across layers, in which the correlation amongst layers is also
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Figure 5.3: Performance comparison between JRL (slate blue), JRL++ (corn flower
blue), NCF (light skyblue), NCF++ (light seagreen) and C-DropRec (orange), S-
DropRec (yellow green) across datasets in terms of NDCG@Q10 (Best viewed in color).

observed to be dataset dependent. Specifically, Figure 5.2(a) and 5.2(d) represent the
contribution of co-attention module in C-DropRec to capture information passing of two
stacked MLPs; Figure 5.2(b), 5.2(c), 5.2(e) and 5.2(f) visualize the inner workings of
self-attention module in S-DropRec. The heat maps show imperfectly correlation be-
tween layers, which also explains the impact of attention mechanisms on controlling the
importance of hidden layers in the architecture to achieve better performance.

Moreover, we observe from Table 5.4 that additionally exploring dropout p on DropRec
even makes the performance decreases, which further demonstrates the regularization
effect of our proposed model. Specifically, Table 5.4 represents the performance of C-
DropRec and S-DropRec regarding the different values of the dropout ratio p in terms of
NDCG@10. As noticed, integrating p into our proposed models does not help to improve
the performance. Thus, we observe that DropRec attains similar regularization effect
as dropout. On a side note, C-DropRec and S-DropRec are trained with regularization
parameter A = 0, which also strengthen our claim.

In addition, Figure 5.3 represents the relative improvement in terms of NDCG@10 of
the two proposed models against the recent stacking layers baselines on all six datasets
to demonstrate the effect of our adaptive architecture dropout. Different from Table
5.2, we further vary the values of A and p from the range of [0, 1] to search for the best
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Dropout p Office Products
C-DropRec | S-DropRec | A(%)
p=0 15.160 19.361 -
p =02 14.891 18.377 -3.43
p=04 14.710 16.534 -8.79
p=0.8 13.618 16.512 -12.44
Dropout p Sports & Outdoors
C-DropRec | S-DropRec | A(%)
p=0 24.262 29.848 -
p =02 24.256 25.510 -7.28
p=04 24.074 22.632 -12.48
p=0.8 23.797 24.028 -10.71

Table 5.4: Regularization Effect of DropRec on Office Products and Sports & Outdoors
dataset. Across two datasets, DropRec demonstrates the similar effect as dropout in
terms of NDCG@10.

performance of the baselines. Note that in this experiment, we keep other parameters
fixed to only observe the best performance with respect to A and p. From the comparison,
we observe that our adaptive architectures constantly perform better than the compared

recent strong baselines across all six datasets.

5.4.4 How does DropRec perform with respect to different key
hyperparameters?

Due to limited space, we study the effect of the embedding size d, dropout ratio
p, regularization parameter A\, and number of hidden layers [ on the performance of S-
DropRec (C-DropRec has a similar pattern) on Ciao dataset as shown in Figure 5.4(a),
5.4(b), 5.4(c), 5.4(d), respectively (RQ3). In general, we adjust the corresponding hy-
perparameter and keep other settings unchanged to observe the oscillated performance
of S-DropRec. From the figures, it is evidently that the selection of the key hyper-
parameters has a big impact on the model performance. To be specific, Figure 5.4(a)
explains our chosen latent dimension d based on the performance. Moreover, we notice
that including the additional regularization parameters or dropout ratio does not help
to enhance the performance on top of attention mechanisms, in which the performance
of S-DropRec even decreases in average of -16.62% in terms of NDCG@10, as illustrated
in Figure 5.4(b) and 5.4(c). Thus, our proposed adaptive architecture dropout demon-
strates the effectiveness in boosting the performance even without including additional

regularization parameters.
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Figure 5.4: Sensitivity of S-DropRec to hyperparameters on Epinions dataset (Best
viewed in color).

5.5 Discussions

The focus of this chapter is to introduce a new concept of exploring attention mecha-
nism directly on hidden layers as a regularization effect in the application of recommenda-
tion domain. Thus, the performance of DropRec is understandably limited compared to
recent advanced complex networks as proposed in [TLLK19, ESF18, ZWC19, CWTY19,
SZLM18, LKHJ18]. However, taking attention mechanism as a regularization approach
to incorporate into deep complex architectures could be a promising direction to be
explored.

Moreover, our proposed architecture in this chapter can be considered as a general
deep learning module, which could be utilized to incorporate into different deep recom-
mendation architectures. Specifically, we observe that lots of recent recommendation
models exploit representation learning techniques via MLP [ZYS™18, HLZ"17, ZACC17,
TLLK19, TSL19, HC17, XHZ"19]. Since our method is developed based on the structure
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of MLP, the framework has the potential to be applied into hidden layers of any other
MLP-like structures. For example, [TLLK19] can combine our module with the Signed
Distance-based Perceptron (SDP) component, or [ZYST18] can incorporate our module
into their user-based and item-based architectures. In addition, it is interesting to point
out that with our designed architecture, we could easily replace any one-tower MLP in
MLP-like recommenders with our attention based two-tower structures. Therefore, revis-
iting recent recommendation models with our framework is also an interesting direction
that we can further investigate, where we will leave it for future work. On a side note,
as we focus on proposing a general module, we choose to revisit the baselines that were
heavily built upon MLP-like structures to demonstrate the effectiveness of our proposed
framework.

Besides, a part of the architecture proposed in [TZLH18] seems to have similar ap-
proach as ours; however, there exists differences between the two proposals. Firstly,
while the authors focus on developing a very deep network such as ResNet [HZRS16] in
recommendation domain, our main motivation is to avoid redundancy and activate only
specific parts of the network by exploring the information passing between hidden layers.
Secondly, the fusion of user and item in [TZLH18] actually represents the normal MLP,
i.e., the one-tower MLP that usually uses to replace the dot product. As such, stacking
more layers to the MLP does not work in recommender system, and incorporating atten-
tion mechanism on top could possibly lead to overfitting, in which we also demonstrate
our claim in Figure 5.4(d).
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Chapter 6

One-Off Comparison between
Personalized Recommenders

6.1 Models for Evaluation

In this section, we restate our representation learning techniques introduced in the
evaluation from Chapter 3, 4, and 5. These recommendation models represent the strong
methods in the context of personalized recommendation, especially for implicit feed-
back task. They cover: 1) general standard dot product representation techniques, 2)
metric learning based representation techniques, and 3) attention based representation
techniques. All in all, we group them based on their recommendation techniques and
summarize these architectures in Table 6.1.

Dot product based Metric learning based Attention based
Methods Recommenders Recommenders Recommenders
Matrix Factorization | Neural method | Euclidean | Hyperbolic | Co-attention | Self-attention
MF-BPR [RFGS09] v
PMF [SMO7] v
MLP [HLZ*17]
JRL [ZACC17]
NeuMF++ [HLZT17] v
CMN++ [ESF18]
CML [HYCT17]
LRML [TATH1S|
W-MLC (Chapter 3)
S-MLC (Chapter 3)
HyperML (Chapter 4) v
C-DropRec (Chapter 5) v v
S-DropRec (Chapter 5) v v

SNENENEN

SNENENEN

Table 6.1: Summary of the recommendation architectures in our evaluation.

In this chapter, we take into account totally 13 methods: 8 of them are the baselines
across 3 chapters, 2 of them are from Chapter 3, 1 of them from Chapter 4 and 2 of them
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from Chapter 5. For the methods that have “++7 after their name, it means that we use
the pre-trained version of that methods to boost the performance. Next, we give further
discussions on these methods. For the details of each method, please refer to Section 1.3.

Firstly, in terms of MF-based methods, we notice that MF-BPR [RFGS09] has been
remaining as one of the most competitive baselines in personalized recommendation task.
The idea of MF-BPR is simply to learn a dot-product matching function that would rank
positive user-item pair higher than negative user-item pair. In fact, [RZK19, RKZA20]
have pointed out that even in some cases, MF-based methods could perform much better
than dot-product based neural networks. This phenomenon is also observed in some
previous works [KWM18, RZK19, DBCJ19, DCJ19]. Thus, it is worth noting that fine-
tuning MF-BPR is an important task in the personalized recommendation problem.

Secondly, as introduced in previous chapters, metric learning based recommenders
have caught the attention of the recommendation research community recently [WDWK11,
CHLO05, XNJR02, KTW*12, CHL05, HYC*17, TATH18, WBS05, LL16]. Next, we re-
visit and extend the toy example in Chapter 1 for metric learning as illustrated in Figure
6.1.

user—!lem / gfoup—item - dot product : metric learning
interactions 1 1

ul | gl i1
ul | g1 2
uz | g2 | i1
u2 | g2 [
uz | g2 | i3
1 i} i iz s
v 1 | :A A A
- kg
12| i3
gi|v | v 3 >
g2|v|v | v :

Figure 6.1: Learning with dot product vs. metric learning for user-item and group-item
interactions.
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As shown in Figure 6.1, assuming that we have an interaction table of users, groups
and items, we extract two separate interaction tables: one is for user-item interactions
and another one is for group-item interactions. Similar to our motivations in Chapter
1, we realize that metric learning yields more reasonable results, where item i3 is cor-
rectly portrayed in both cases due to triangle inequality property. Therefore, we perceive
that the evolution of metric learning is essential in recommendation domain, which also
explains our motivations of exploring metric learning with different aspects in this disser-
tation. On a high-level note, the idea of metric learning methods is similar to dot product
based methods, in which they try to pull the positive user-item pair closer in the space
and simultaneously push the negative user-item pair further apart. Particularly, CML
[HYC*17] was originally developed to replicate this behavior. Then, LRML [TATH18§]
modified the method to add an adaptive vector in a similar fashion. There exists other
proposed metric learning based methods at the same timeline with CML and LRML such
as [LZZ120, HKM18, PKXY18]|, but the heart of all these methods could be considered
as equivalent.

Thirdly, attention mechanism is another important piece that we would like to con-
sider [VSP*17] in this dissertation. Particularly, we notice that since the introducing
of attention mechanism back in 2014, the usage of attention mechanism spans across
various tasks in different domains due to its strong performance. Indeed, recent superb
models' such as Transformer [VSP*17] or BERT [DCLT18] are also advanced based
on the foundation of this mechanism. In the context of recommender systems, many
representation learning techniques employed attention mechanisms have been proposed
[ESF18, TLLK19, XHZ%19, TSL19, SLW'19]. That being said, revisiting attention
mechanism in recommender systems becomes a need, especially when there are so many
complicated architectures that have been proposed in the user-item interaction based
problem. As a result, we revisit co-attention and self-attention mechanism to provide a
general module as introduced in the previous chapter.

In this one-off comparison, we compare our proposed representation learning tech-
niques to the baselines with 13 methods in total. The evaluation settings and results of
our extensive experiment will be introduced in the later sections.

6.2 Evaluation Settings

Generally speaking, we specifically focus on implicit feedback task of personalized
recommendation problem in this dissertation. Thus, we do not consider all the datasets
that introduced in Section 1.3 as some of them are only used for group recommendation
(e.g., Plancast) or sequential recommendation (e.g., Tafeng). Since interaction data such
as clicks or purchases is low-cost in practice compared to rating data, we believe that it is
worth paying attention to this aspect of recommendation domain, i.e., implicit feedback.

"https://huggingface.co/transformers/model_summary.html
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Following [DCJ19, DBCJ19, RKZA20|, we consider the reproducibility as the key
attention to measure the result quality of the experiments, in which we focus on answer-
ing the following question: To what extent are experimental results in the comparison
reproducible with reasonable effort?

Moreover, we also understand that some representation learning techniques are ac-
tually not fully-deterministic. For example, neural network based methods usually use
random initialization to initialize the embeddings, or PMF [SMO07] explored probabilistic
processes for matrix factorization. Therefore, we give the details of the reproducible steps
in this chapter to give the readers the full view of the whole process. Notably, the vari-
ability of obtaining the similar results should be low given the detailed information. In
general, the whole experiments of this extensive one-off comparison could be reproduced
by following two steps: 1) data preprocessing and 2) hyper-parameters tuning, which will
be introduced later in this section.

Since the proposed representation learning methods address the same task with the
same protocol, we decide to compare them across 12 datasets to provide the same line
of comparison. The details of these datasets could be recalled in Section 1.3. Here, we
provide the statistics of these datasets in Table 6.2 for convenient.

Dataset # of users | # of items | # of actions | density % | k-core
MovieLens20M 53K 27K 16M 1.2% 100
MovieLens1M 6K 4K 1M 4.5% 20
MovieLens100k 0.9K 1.7K 100K 6.3% 20

MovieLens HetRec 2K 10K 860K 4.0% 5

Epinions 23K 137K 631K 0.02% )

Yelp 22K 18K 1M 0.3% )

Goodbooks 53K 10K 6M 1.1% 5

Meetup 47K 17K 248K 0.03% )

Clothing, Shoes, and Jewelry 39K 23K 358K 0.04% 5
Sports and Outdoors 36K 18K 368K 0.06% 5
Cell Phones 28K 10K 250K 0.09% 5
Automotive 3K 2K 26K 0.5% 5

Table 6.2: Summary statistics of datasets in our evaluation.

For data preprocesing in this one-off experiment, we firstly remove duplicated items in
all the dataset. Then, we adopt the popular k-core preprocessing step [HLZT17, HM16a]
to filter inactive users with less than k interactions. Notably, we only filter out inactive
users with less than k actions but not items with less than & consumptions [TLLK19].
Finally, we consider all observed ratings as positive interactions and the remaining as
negative interactions. As mentioned in Section 1.3, we adopt the widely-used leave-one-
out as the common protocol; NDCG@10 (Normalized Discounted Cumulative Gain) and
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HR@10 (Hit Ratio) as evaluation metrics; and randomly select 100 negative items for
ranking. For non-timestamped datasets, the order of interactions are kept as similar
as the original datasets. Finally, we report the testing performance based on the best
developing performance.

For hyper-parameters tuning, we report the values as follows: We choose Adam
[KB15] or AdaGrad [DHS11] optimizer with learning rates selected from {0.01, 0.001,
0.0001,0.00001}. For MF-based models (MF-BPR, PMF) and standard neural meth-
ods (MLP, JRL), we re-use the best parameters chosen from the previous chapters. For
NeuMF++, the number of MLP layers are chosen from {1, 2,3}. For CMN++, the num-
ber of hops are chosen from {1,2,3,4}. The number of negative samples for each positive
instance is chosen from {1,2,3,4}. The embedding size d of all models is chosen from
{8,16,32,64,128} and the batch size is tuned amongst {256,512, 1024, 2048}. For the
models that use multi-objective learning weights (i.e., 7, 1, etc.), we empirically chose
the values from {0,0.1,0.2,0.4,0.6,0.8,1.0}. For models that optimize the hinge loss
with a fixed margin, the margin m is selected from {0.1,0.2,0.5}. All the embeddings
and parameters are randomly initialized using the random uniform initializer U (—a, «)
with a = 0.01. For metric learning models, we empirically set a = (%)% with = 0.01
so that the embedding parameters arbitrarily close to the origin of the balls. We also
empirically set the dropout rate p = 0.5. For other parameters that specific to the pro-
posed models, we also re-use the best parameters chosen from the previous chapters. Due
to the resource constraint, we decided to repeat each experiment twice and average the
results. Most importantly, all the hyper-parameters are tuned using the development set

[DCJ19, DBCJ19).

6.3 Summary of Results and New Insights

In this section, we report all the comparison results between the methods in Table 6.1
and the datasets in Table 6.2. Figures 6.2 depicts the overall comparison of 13 methods
with respect to top-K recommendations on 12 datasets.

At first glance, we observe that the performance of metric learning based methods tend
to have better results. Particularly, across all datasets, W/S-MLC and HyperML improve
upon other representation learning techniques by 0.41-3.92%. Thus, this observation also
explains our motivations of preferring metric learning over dot product. In fact, we also
perceive the consistent performance of previous proposed metric learning methods even
with their simple representation techniques [HYC*17, TATH18]. Moreover, it seems that
for the datasets with low density (e.g., Sports and Outdoors with 0.06%), our proposed
metric learning based techniques perform largely good. One possible explaination comes
from the foundation of metric learning: the pull and push mechanism. Specifically, the
distances between users and items might not be separate enough if we have a very dense
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harm the performance.
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- MF-BPR PMF MLP JRL NeuMF++ CMN++
MovieLens20M +8.98/-1.57 +0.00/-9.68 +7.92/-2.52 +2.56/-7.36 +3.51/-6.51 +9.10/-1.41
MovieLens1M +3.79/-14.20 | +0.00/-17.33 | +2.55/-15.23 | +4.20/-13.86 | +4.77/-13.39 | +5.86/-12.49
MovieLens100k +6.42/-6.81 +0.00/-12.43 | +10.67/-3.09 | +11.18/-2.64 | +12.22/-1.73 | +10.80/-2.98
MovieLens HetRec | +4.89/-12.11 +3.39/-13.37 | +0.00/-16.21 +2.74/-13.91 | +5.80/-11.35 | +6.29/-10.94

Epinions +0.00/-26.53 | +0.53/-26.13 | +3.40/-24.03 | +1.23/-25.62 | +6.85/-21.49 | +4.73/-23.05

Yelp +7.13/-8.16 +8.06/-7.37 +5.00/-9.99 +4.59/-10.34 | +0.00/-14.28 | +3.16/-11.57

Goodbooks +2.55/-5.30 +2.28/-5.55 +0.04/-7.62 +0.00/-7.66 +3.96/-4.00 +4.46/-3.53
Meetup +6.84/-12.60 | +2.91/-15.82 | 40.00/-18.20 | +0.77/-17.57 | +17.12/-4.20 | +17.43/-3.95
Clothing +1.87/-27.60 | +0.00/-28.93 | +10.27/-21.63 | +9.86/-21.93 | +26.97/-9.76 | +26.85/-9.85
Sports +13.82/-21.07 | +7.92/-25.16 | +0.49/-30.31 +1.00/-29.96 | +4.74/-27.37 | +1.11/-29.88
Cell Phones +29.65/-8.39 | +24.49/-12.03 | +15.93/-18.08 | +15.15/-18.64 | +9.43/-22.68 | +11.90/-20.93
Automotive +17.42/-21.97 | +10.91/-26.29 | +1.29/-32.69 | +0.86/-32.97 | +9.09/-27.5 | +12.88/-24.99

- CML LRML W-MLC S-MLC HyperML C-DropRec S-DropRec
MovieLens20M +7.54/-2.87 +7.29/-3.10 +9.57/-1.04 | +10.16/-0.50 | +10.72/-0.00 +7.45/-2.95 +6.70/-3.63
MovieLens1M +5.24/-13.00 | +0.22/ -17.15 | +20.96/-0.00 | +19.69/-1.05 | +7.94/-10.76 | +2.11/-15.59 | +1.98/-15.69
MovieLens100k +11.64/-2.24 | +11.79/-2.11 | +14.20/-0.00 | +13.64/-0.49 | +12.73/-1.28 | +7.42/-5.93 +8.46/-5.02
MovieLens HetRec | +7.04/-10.31 +8.38/-9.18 | +19.34/-0.00 | +17.86/-1.24 | +17.28/-1.73 +9.18/-8.51 +14.89/-3.73

Epinions +6.40/-21.83 | +9.76/-19.35 | +36.10/-0.00 | +31.37/-3.47 | +31.69/-3.24 | +19.12/-12.48 | +25.76/-7.60
Yelp +6.42/-8.78 +8.99/-6.57 | +16.18/-0.41 | +13.83/-2.42 | +16.66/-0.00 | +8.80/-6.73 +10.06/-5.65
Goodbooks +3.91/-4.04 +6.16/-1.97 +8.29/-0.00 +6.91/-1.27 +5.89/-2.21 +2.26/-5.57 +0.26/-7.41
Meetup +13.23/-7.38 | +10.57/-9.56 | +22.25/-0.00 | +19.35/-2.38 | +20.02/-1.83 | +3.42/-15.41 | +4.79/-14.28
Clothing +25.83/-10.57 | +25.94/-10.5 | +40.71/-0.00 | +39.25/-1.04 | +30.77/-7.06 | +11.95/-20.43 | +18.1/-16.07
Sports +0.00/-30.65 | +1.55/-29.58 | +44.21/-0.00 | +42.36/-1.28 | +39.28/-3.41 | +6.78/-25.95 | +25.06/-13.28
Cell Phones +0.00/-29.34 | +5.58/-25.4 | +41.52/-0.00 | +40.33/-0.84 | +40.90/-0.44 | +20.24/-15.04 | +25.93/-11.02
Automotive +0.00/-33.55 | +6.30/-29.36 | +50.48/-0.00 | +43.13/-4.88 | +44.8/-3.77 | +28.69/-14.48 | +37.58/-8.57

Table 6.3: Summary relative improvements/deteriorations of all methods across datasets.

In addition, we observe a comparable to better performance of W-MLC compared
to HyperML across the datasets. Indeed, we could actually expect this results. To
recall the proposed metric learning general framework, W-MLC appears to have stronger
connections between embeddings in the space, while also provide the flexibility through
adaptive margin loss. In contrast, HyperML inherits the same foundation framework and
simply leverages the exponential expansion property of hyperbolic space. On a side note,
it is reasonable to ask the question of whether it is possible to combine the designs of
the two methods to come out with a more powerful unified model. In short, it is feasible
but not straightforward to perform the metric learning chain on hyperbolic space. The
reason is because the metric learning chain in hyperbolic space would require several
new definitions of formulas. Firstly, we need to define the projection in hyperbolic space
to create a chain. Secondly, the multi-objective loss functions need to be reformulated
to suit the hyperbolic properties. Lastly, we possibly expect a gradient descent based
method to update parameters in hyperbolic space for optimization. In fact, [GBH18b]
also re-defined RNN/GRU in hyperbolic space with the similar process.

On the other hand, we also discover the enhance performance of C/S-DropRec com-
pared to MLP-like architectures, which also matches with our observations previously.
Moreover, we notice that DropRec especially performs good on small-to-medium size
data. One possible explaination is because the core framework of DropRec uses only
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simple MLP. Thus, this might limit the performance of this module on large datasets
due to the limited performance of MLP.

Finally, in order to give a big picture of the relative improvements/deteriorations of
all methods across datasets, we further provide the information in the Table 6.3. Here,
the format of each entry in the table is z/y. Specifically, = (%) and y (%) denote the
relative improvement and deterioration of a method over the least and best favourable
method for a particular dataset, respectively.
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Figure 6.3: Average re-scaled runtime of 13 methods across datasets.

6.4 Runtime Comparison

To compare model runtimes, we used a Nvidia GeForce GTX 1080Ti with a batch
size of 512 and embedding size of 64. To conduct this experiment, we first run 5 epochs of
each method on each dataset. Then, we access the average runtime (seconds per epoch) of
these methods and re-scale the values to [0, 100] for one-off comparison, since we observe
similar patterns across datasets. Figure 6.3 shows the runtimes (seconds per epoch) of all
the representation learning methods. In terms of practicality, we observe that HyperML,
CML and LRML are the three metric learning based methods that are worth to consider.
Besides, MF-BPR still remains as a strong model with reasonable runtime compared
to other methods. Additionally, methods with hops/chains (i.e., CMN++, W/S-MLC)
indeed require much longer time for each epoch, which yields a concern about the efficient
in practical usage.
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Chapter 7

Learning Representation for Group
Recommendation

7.1 Introduction

People often participate in activities in groups, e.g., having dinners with colleagues,
watching movies with partners, and shopping with friends. This calls for effective tech-
niques for group recommendation. Unfortunately, existing recommendation algorithms
designed for individuals are not effective for group recommendation. With the availability
of group event data, it comes with the need to further research on how to make effective
recommendations for a group of users instead of individuals [ARC*09, CM13, GLRW13,
LTYL12, YLL12, YCL14, KBV09, BMR10, OCKRO01, MSC™*06] to facilitate groups mak-
ing decisions, and helps social network services improve user engagement. This chapter
is concerned with designing highly effective recommender systems that are targeted at
modeling group preferences as opposed to individual preferences, where groups are ad-hoc
(any combination of individuals) rather than pre-defined.

Group preferences are not straightforward to model, given the inherent complexity of
group dynamics. To this end, this chapter aims to exploit the interactions between group
members in order to drive the model towards highly effective group-level recommenda-
tions. Moreover, it is natural that collective decisions have a tendency to be dynamic,
i.e., a user’s preference may be highly influenced by the other members in the group.
Group-level agreement tends to require a consensus amongst group members, in which
this consensus largely depends on each member’s roles and expertise. While this is not
explicitly captured with any semantic information or meta-data, we hypothesize that

This chapter is published as Lucas Vinh Tran, Tuan-Anh Nguyen Pham, Yi Tay, Yiding Liu,
Gao Cong and Xiaoli Li. Interact and Decide: Medley of Sub-Attention Networks for Effective Group
Recommendation. Proceedings of the 42nd International ACM SIGIR Conference on Research and De-
velopment in Information Retrieval (SIGIR 2019). Pages 255-264, Paris, France. [TPTT19].
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this can be implicitly captured with simply interaction data. As such, it is crucial to
model the interactions among group members. However, existing proposals for group
recommendation fail to model the interactions of group members well. Most of existing
solutions belong to memory based methods that are based on either preference aggrega-
tion [KBV09] or score aggregation strategy [BMR10, OCKRO01] and do not consider the
interactions of group members. These strategies neglect the interactions between mem-
bers in a group but instead using simple methods to aggregate its members’ preferences.
Some existing solutions are model-based approaches and try to exploit user interactions
for group recommendation. However, they cannot fully utilize the user interactions as
discussed in the literature reviews.

In our work, to model the interactions among group members, we propose a new neu-
ral architecture for group recommendation. Specifically, our architecture is a new variant
of the attention mechanism in which each group member is represented with a single sub-
attention network. Subsequently, a group of users is then represented as a ‘medley’ of
sub-attention networks that is responsible for making the overall recommendation. The
role of each sub-attention network is to capture the preference of its representative group
member, with respect to all other members in the group. As such, our proposed model
leverages user-user interactions for making group recommendation decisions, and is not
only well-aligned with the fundamental intuition of group-level dynamics but also ex-
pressive in the sense that it considers the user-user interactions. In fact, our experiments
demonstrate that a simple attentive aggregation of user representations is insufficient
and has roughly identical performance to that of an average pooling matrix factorization
(MF) baseline (More details will be discussed in Section 7.3). On the other hand, our
experiments show that our model is significantly better than seven state-of-the-art base-
lines. All in all, our core intuition serves as an inductive bias for our model, providing
more effective group recommender performance on multiple benchmark datasets.

Our Contributions. Overall, the key contributions of this chapter are summarized as
follows:

e We propose MoSAN (Medley of Sub-Attention Networks), a novel deep learning ar-
chitecture for the group recommendation problem. Our model distinguishes itself
from all prior work in group recommendation based on the fact that it considers user-
user interactions using sub-attention networks. To the best of our knowledge, this is
the first neural model that explores the usage of user-user interactions for the group
recommendation task.

e We conduct extensive experiments on four publicly available benchmark datasets. Our
experimental results demonstrate that MoSAN achieves state-of-the-art performance,
outperforming a myriad of strong competitors in the task at hand.
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e In addition to comparison against well-studied baselines, we conduct ablation studies
against two baselines AVG-MF (Average Matrix Factorization) and ATT-AVG (At-
tentive Aggregation) and observe that our approach significantly outperforms both
approaches. This shows that our proposed model provides a more useful inductive
bias for the task at hand.

e We show that the attention weights of MoSAN are interpretable, i.e., it is able to
discover the different weights of each user across groups, highlighting the impact of
each user in different groups.

7.2 Our Proposed Framework

Generally speaking, our proposed MoSAN model consists of two levels: 1) user inter-
action learning through sub-attention network modules in which each group member is
represented with a single sub-attention network module to simulate the decision making
process of other members under the influential of that group member; and 2) the medley
of sub-group decisions which concludes the final decision to recommend items for the
group. Next, we first present the input encoding of the group recommendation problem
in Section 7.2.1. We then introduce the two key components of our proposed model in
Section 7.2.2. Lastly, we discuss the optimization method in Section 7.2.3.

7.2.1 Input Encoding

Let U= {uy,us,...,up} and I = {iy,is,...,ix} be the sets of M users and N items,
respectively. We denote a history log (i.e., training instances) as H = {(gy, s1), (gs, S2), - - -,
(91,50)}, where g; C U denotes an ad-hoc group and s; = i, denotes the selected item
by the group.

Given a target group g,, we aim to generate a recommendation list of items that group
members 1, ; in the group g, may be interested in. Note that the target group can be
an ad-hoc group. The group recommendation problem can be defined as follows:

Input: Users U, items I, historical log H, and a target group g¢,.
Output: A function that maps an item to a real value to represent the item score
for the target group f,, : I — R.

For each training instance, our model accepts a list of group members (users) and an
item. Each user and item are represented as one-hot vectors, which map onto a dense
low-dimensional vector by looking up an user and item embedding matrix, respectively.
These user and item embeddings are referred to as user-latent and item-latent vectors
(denoted as u,, and v;, respectively) in the rest of the chapter. Moreover, we introduce
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Figure 7.1: Hlustration of group decision making process of MoSAN| in which green users
represent user-context and yellow users represent user-latent.

an additional user embedding matrix, referred to as user-context embedding (denoted
as ¢;) which is specifically designed to denote the owner of each sub-attention network.
Embedding matrices are trainable parameters of the model’s architecture network and are
trained end-to-end with the rest of the parameters. Finally, our model trains by pairwise
ranking, which essentially requires negative item samples. We define the negative items
as the items that are not selected by all members in the group.

Figure 7.1 illustrates the group decision making process we simulate in this chapter.
The solid rectangle represents the final decision of the group with each item. The inner
dashed rectangles represent user interactions within the group, in which each dashed
rectangle illustrates how a user (user-context) influences other users (user-latent) in the
decision making process.

7.2.2 Medley of Sub-Attention Networks

This subsection introduces our proposed neural framework for group recommendation.
To recapitulate, the key motivation behind our neural architecture is to enable group-
level recommendations by modeling interactions between group members. Figure 7.2
illustrates the architecture of MoSAN.

Motivation. It is not straightforward to model the group preferences, given the
inherent complexity of group dynamics. Therefore, typical aggregation algorithms may
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Figure 7.2: High level overview of our proposed Medley of Sub-Attention Networks
(MoSAN) model. Each sub-attention network is representative of a single group member,
interacting with all other group members in order to learn its preference score.

be insufficient for the task. Different aggregation strategies have been proposed such
as average [BMR10, BF10], least misery [ARC*"09], or maximum satisfaction [BC11].
In general, these aggregation strategies are also known as pre-defined strategies, where
they first predict the scores across individuals for candidate items, and then aggregate
those predicted scores of each member in a group via the strategies to obtain the group’s
preferences.

We argue that these existing aggregation strategies are not sufficient to model the
complexity and dynamics of the group due to its inflexibility in adjusting the weights of
members in the group. For example, user A may have higher impact weight than user
B in a given group when the group makes decision on which movie to watch, but have
lower weight than user B when the group makes decision on which restaurant to dine
at. Recently, neural attention mechanism has been proposed as one of the most exciting
advancements in deep learning [VTBE15, BCB15, CBS*15]. The concept of attention is
that when people visually access an object, we tend to focus on (pay attention to) certain
important parts of the object instead of the whole object in order to come up with a
response. Our model adopts the attention mechanism to learn attentive and dynamic
weight of each user, in which higher weights indicate the corresponding users are more
important; thus, their contributions are more important for the group’s final decision.

Our Method. We focus on designing novel and effective neural architectures for
group recommendation under representation learning framework. Specifically, we propose
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novel representation learning technique for learning-to-rank group-of-users and item pairs.
Under the representation learning paradigm, we are able to model group representation
via an end-to-end representation learning.

Let u,, and v; be the embedding vector for user m and item j, respectively. We aim
to obtain an embedding vector g, for each group to estimate the group’s preference on
the item j. Formally, it can be defined as:

g = fa({um}mehavj) (7.1)

in which g, denotes the representation learning of group ¢ which represents its preference
on item j; I; contains the user indexes of group 7; and f, is the aggregation function to
be specified. In MoSAN, our model architecture presenting group embedding consists
of two levels: 1) Sub-Attention Network Module, and 2) the Medley of Sub-Attention
Networks.

We next elaborate the two-level structure of MoSAN.

Sub-Attention Network Module. For a given group g;, we create n attention sub-
networks. Each attention sub-network [ takes the user-context! vector ¢; (filled orange
circle) and the set of member user-latent vectors {uj,us, ..., w_1,u1,...,u,} (solid
blue circles) as input, and then returns the attention weight «(i,l,m) of each user m
(m # 1) (dashed blue circles) of sub-network [ in group g, .

Intuitively, each attention sub-network models the interactions between each member
[ and the rest of the group to learn the preference votes of user [ for other members
in the group. Recall that this satisfies our key intuition and desiderata set out in the
exposition of this chapter. Given a user-context vector ¢; and a set of user-latent vec-
tors {uy,ug,...,u,} \ {w}, we use a two-layer network to compute the attention score
a(i,l,m) as:

a(i,l,m) = w ¢(Wee; + Wyl mu +b) +d, I,m=T1n (7.2)

in which the matrices W, and W,, are weight matrices of the attention network that
convert user-context embedding and user-latent embedding to hidden layer respectively,
and b is the bias vector of the hidden layer; the weight vector w and bias d are the
parameters of the second layer that we use to project the hidden layer to the score
a(i,l,m). We simply use a linear ¢(x) = x as an activation function, but one can also
use other functions like a ReLU function ¢(z) = max(0, x).

We normalize a(i,l,m) using the Softmax function to obtain the final attention
weights:

!'Note that the user-context vector is mainly used to differentiate the ownership of the current atten-
tion sub-network.
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exp(a(i,l,m))
> m=t.m Xp(a(i, 1, m))

Finally, the output of each attention sub-network [ is calculated as the weighted sum

ai,l,m) = (7.3)

g, = >_a(i,l,m)u, (solid green square), which represents the group given the user-
context ¢;. As such, g;; can be treated as the [-th representation of the group ¢, which
captures the decisions of each member given that these group members’ decisions are
influenced by the decision of member I.

Medley of Sub-Attention Networks. The final representation of the group g, is
then computed as the summation g; = ), g;; (filled green square). This final representa-
tion can be interpreted as the feature representation of the group of users, which can be
easily matched with the item embedding to determine the recommendation score. More
concretely, after we obtain the representation of the group ¢, the predicted score }?ij for
group ¢ and item j is computed as follows:

~

Ry

g v, )
= Zl:gi,z) \Z
- (ZZa(i,l,m)um)ij, (7.4)

1 ml

in which v; is the item latent vector for item j.

One may argue that such a simple summation could fail to consider the different
number of group members, e.g., the summation of g, over a 3-member group tends to
be much smaller than a 10-member group. As a result, according to Eq. (7.4), the
group preference score on item v of the 3-member group will be much less than that
of the 10-member group due to the huge number of members, even if the 10-member
group may not like this item v as much as the 3-member group. However, since a large
group (i.e., 10-member group) has large representation, it produces larger loss value in
terms of absolute value. Hence, its gradient tend to be larger, and their group members
representations are updated more during the training. If we choose appropriate learning
rate, the performance will not much be affected. Moreover, in the testing phrase, we
only consider and compare items to a group, so we do not have to concern about the
large/small group problem. Usually the number of members in a group is small (i.e.,
less than 20 members), so this concern can be negligible. The normalization can also
be taken into account at this layer; however, it will also be considered as an average
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pooling of the sub-attention networks, which makes the distinguish observation between
each sub-attention network becomes less important.

Alternatively, one could consider an additional attentive aggregation at the second
layer. However, our preliminary experiments showed this yielded no improvements in per-
formance. This is intuitive, as our model already ‘reasons’ over group members using the
sub-attention network modules at earlier layers. Specifically, regarding the summation,
the difference of each member is already captured by the sub-attention network. This
is because each sub-attention network already captures the relationship of one member
against the group, which aligns well with this intuition. As such, an additional attention
layer did not provide any benefit to the overall network structure.

7.2.3 Optimization and Learning

Objective function. Our proposed MoSAN leverages BPR [RFGS09] pair-wise learning
objective to optimize the pair-wise ranking between the positive and negative items. The
objective function can be rewritten as follows:

arg(;mn Z —lno{( E E a(i,l,m)um>ij_
(E Za(i’l’m)um>TVk}+>\<||@H2), (7.5>

I mel

in which © represents the model parameters; and a(i, [, m) is the weight of user [ votes for
user m in group ¢. Subsequently, the model can be trained end-to-end with an optimizer
such as Adaptive Moment Estimation (Adam).

Learning details. We next describe some details for learning our proposed model which
are useful to replicate.

Mini-batch training. We perform mini-batch training. Each mini-batch contains
interactions of group members and the item adopted by the group. Specifically, we
shuffle all the observed interactions, and then sample a mini-batch of those observed
ones. Lastly, we form the training instances by sampling a fixed number of negative
instances for each observed interaction.

Dropout. We also employ dropout [SHK"14] to improve our proposed model’s
performance. Specifically, we drop with the dropout rate of p on the first layer of our
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neural sub-attention network. We empirically found that applying dropout on the hidden
layer of the neural attention network did boost our generalization performance. On a
side note, we only apply dropout during the training phrase and disable it during the
testing phase.

7.3 Experiments

In this section, we report experimental results of comparing MoSAN and seven state-
of-the-art baseline techniques on four datasets. We also report the learned attention
weights to evaluate the dominant users in group decision making. Such results will
offer explanation for group recommendation result, which is an additional advantage
of MoSAN. In general, our experiments aim to answer the following research questions

(RQ):
e RQ1: How does MoSAN perform as compared to existing state-of-the-art methods?

e RQ2: Are the dynamic weights learned by MoSAN more preferable than the fixed
weights learned by existing methods? How effective is our attention model? What is
the advantage of our attention model over the vanilla attentive aggregation baseline?

e RQ3: How does MoSAN perform with different group sizes?

7.3.1 Experimental Settings

Datasets. We conduct extensive experiments on four real-world datasets. The first
dataset is from an event-based social network (EBSN), Plancast,? which is used in
[LHT*12]. Plancast allows users to directly follow the event calendars of other users.
An event in Plancast consists of a user group and a venue. We therefore consider an
event a group, and each user in the event a group member. Members in the group will
select a venue (the candidate item) to host the event. Our goal is to recommend a venue
for the group event.

Our second dataset is the dataset crawled from the EBSN Meetup,® which is from
the work [PLCZ16]. We select the NYC data, which contains events held in New York
City, as the dataset for our experiments. Similar to Plancast, we aim to recommend a
venue for a given group to host an event. The statistics of this dataset is different from
which reported in [LTYL12] due to the difference in the period of crawling.

Zhttps://www.plancast.com
3https:/ /www.meetup.com/
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Figure 7.3: Performance of Group Recommendation Methods in terms of prec@QK (p <
0.0001) (Best viewed in color).

The final two datasets are obtained from the MovieLens 1M Data.* The MovieLens
1M Data contains one million movie ratings from over 6,000 users on approximately 4,000
movies. Following the approach in [BMR10], we extract from the MovieLens 1M Data two
datasets: MovieLens-Simi and MovieLens-Rand. MovieLens-Simi contains groups with
high user-user similarity. We select top 33% in terms of similarity of all possible pairs
to form groups from there. MovieLens-Rand contains groups that are formed without
the restrictions above. For a given group in both cases, if every member gives 4 stars
or above to a movie, we assume that the movie is adopted by the group. Users in the
MovieLens-Simi data are assigned into the same group when they have high inner group
similarity, while users in the MovieLens-Rand data are grouped randomly. Movielens-
Simi and MovieLens-Rand groups thereby resemble two typical real life situations: groups
can either include people with similar preferences, or form between unrelated people. For

4https://grouplens.org/datasets/movielens/
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Figure 7.4: Performance of Group Recommendation Methods in terms of rec@QK (p <
0.0001) (Best viewed in color).

example, a group of close friends has high inner group similarity, whereas people on the
same bus can be considered a random group.

Table 7.1 reports descriptive statistics of the four datasets. We randomly split each
dataset into training, tuning and testing data with the ratio of 70%, 10% and 20%
respectively. Note that the groups in our setting are ad-hoc, i.e., it is possible that a
group appears only in test data, but not in training data.

Evaluation Metrics. Following previous work [BMR10, LTYL12, PLCZ16, YCL14],
we evaluate model performance using three widely used evaluation metrics: precision
(prec@K), recall (rec@K ), and normalized discounted cumulative gain (NDCG) (ndcg@K).
Here K is the number of recommendations. We evaluate recommendation accuracy with
K = {5,10,20}. precision@K is the fraction of top-K recommendations selected by the
group, while recall@K is the fraction of relevant items (true items) that have been re-
trieved in the top K relevant items. We average the precision@K and recall@K values
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Figure 7.5: Performance of Group Recommendation Methods in terms of ndcg@K (p <
0.0001) (Best viewed in color).

across all testing groups to calculate prec@K and rec@K. We also use the NDCG metric
to evaluate the rankings of true items in the recommendation list. We average the NDCG
values across all testing groups to obtain the ndcg@K metric. For all of the three metrics,
a larger metric value indicates better recommendations.

Compared Baselines. We compare with seven state-of-the-art baselines in our exper-
iments: CF-AVG, CF-LM, CF-RD [ARC*09], PIT [LTYL12], COM [YCL14], MF-AVG
and ATT-AVG.

e User-based CF (CF-AVG, CF-LM, CF-RD) [ARCT09]: The baselines are stan-
dard user-based collaborative filtering methods by integrating pre-defined aggregation
strategies which are averaging strategy (CF-AVG), least-misery strategy (CF-LM) and
relevance and disagreement strategy (CF-RD).
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MovieL MovieL
Dataset Plancast Meetup ovieLens ovieLens

-Simi -Rand

Total Users 41,065 42747 5,759 5,802

Total Groups 25,447 13,390 29,975 54,969
Total Items 13,514 2,705 2,667 3,413
Avg. Group Size 12.01 16.66 5.00 5.00
Avg. Record/User 7.44 5.22 26.03 47.37
Avg. Record/Item 1.88 4.95 11.24 16.11

Table 7.1: Dataset Statistics

e Personal impact topic model (PIT) [LTYL12|: PIT is an author-topic model.
Assuming that each user has an impact weight that represents the influence of the
user to the final decision of the group, PIT chooses a user with a relatively large
impact score as the group’s representative. The selected user then chooses a topic
based on her preference, and then the topic generates a recommended item for the

group.

e Consensus model (COM) [YCL14]: COM relies on two assumptions: (i) the per-
sonal impacts are topic-dependent, and (ii) both the group’s topic preferences and
individuals’ preferences influence the final group decision.

e Average Matrix Factorization (MF-AVG): This baseline is a simplified version
of MoSAN and considers the average embedding of all users in the group. All users
are weighted equally. We represent a group as g = Y, w;u; where w; = %, and we
optimize the BPR objective to predict group recommendation scores.

e Attentive Aggregation (ATT-AVG): This baseline is also a simplified version of
MoSAN, and represents a group embedding using a vanilla attentive aggregation over
all the user embeddings in the group. The user embeddings are optimized with the
BPR objective function.

On a side note, [HCX"14] recently proposed a deep-architecture model called DLGR
that learns high-level comprehensive features of group preferences to avoid the vulner-
ability of the data. Similar to the work [SYMM11], DLGR only focuses on pre-defined
groups instead of ad-hoc groups, and thus cannot be applied to our setting. Addition-
ally, a recent work exploits neural attention for a group recommendation setup called
AGREE [CHM*18]. However, AGREE is different from our model as AGREE also fo-
cuses on pre-defined groups where it requires additional group preference representation
information as one component to learn the final representation of a group. In addition, if
we separate the group preference representation from AGREE, the architecture becomes
completely different from the original design and it similarly becomes one of our baselines
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Model Meetup Plancast Mo_‘élfnll‘iens M(_)l‘s:rl;jns
rec@5 ndcg@h rec@y ndcg@hH rec@y ndcg@5 rec@b ndcg@5
MF-AVG | 0.851962 | 0.632753 | 0.467176 | 0.211513 | 0.321079 | 0.191142 | 0.530135 | 0.274007
ATT-AVG | 0.883432 | 0.681998 | 0.439959 | 0.200346 | 0.221269 | 0.099581 | 0.520669 | 0.263710
MoSAN 0.888513 | 0.689149 | 0.502620 | 0.270515 | 0.360627 | 0.230099 | 0.578485 | 0.338959
p-value < 0.0001 < 0.0001 < 0.0001 < 0.0001 < 0.0001 < 0.0001 < 0.0001 < 0.0001

Table 7.2: Performance comparison between MF-AVG and ATT-AVG (Ablation study)
on four datasets. Results show that our proposed attention mechanism is significantly
better than a standard attention-based aggregation.

above called Attentive Aggregation (ATT-AVG) model. Hence, their framework cannot
be directly applied to our setting. Moreover, our overall intuition and framework (us-
age of sub-attention and user-user interactions) significantly distinguish our work from
theirs. Therefore, we acknowledge DLGR [HCX"14] and AGREE [CHM*18], but we do
not compare to them in this chapter.

Hyperparameter Settings. For PIT and COM, we tuned the number of topics and
kept other hyperparameters as default. With regard to the MF-AVG/ATT-AVG and
MoSAN models, we first randomly initialize the parameters using the Gaussian distri-
bution with mean of 0 and standard deviation of 0.05, and then use Adaptive Moment
Estimation (Adam) to optimize our objective functions. We also tested the batch size of
[128, 256, 512], the learning rate of [0.001, 0.005, 0.01, 0.05, 0.1], and different regulariz-
ers of [0.001, 0.01, 0.1, 0]. We empirically set the embedding size of MF-AVG/ATT-AVG
and MoSAN with the dimension of 50. We obtain the optimal setting with the batch size
of 256, learning rate of 0.001, and regularizers of 0.01. We randomly set dropout rate
p = 0.5 and sample 3 negative items for each training instance.

7.3.2 Overall Performance Comparison

This subsection compares the recommendation results from MoSAN to those from
the baseline models (RQ1). Figure 7.3, Figure 7.4 and Figure 7.5 report the prec@K,
rec@K and ndcg@K values for the four datasets with K = {5,10,20}. We observe from
the three figures that:

e MoSAN consistently achieves the best performance across all methods, including
score-aggregation approaches (CF-AVG, CF-LM, CF-RD) and probabilistic model
approaches (PIT, COM).

e Although the group information of the two MovieLens datasets is generated manually
instead of already observed as Meetup and Plancast, our model can still be able to
show the recommendation flexibility in adopting to randomness datasets.
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Figure 7.6: Attention Weights Learned by PIT and MoSAN.

e MoSAN and MF-AVG models produce good results in comparison to the previous
state-of-the-art probabilistic models. MF-AVG performs better than PIT and COM
on the MovieLens-Simi and MovieLens-Rand datasets in terms of ndcg@K, but not
on the Meetup and Plancast datasets. One explanation is that the simplistic setup of
MF-AVG cannot model the complexity of real life group interactions.

We observe that there is no obvious winner among the baseline solutions. For each
dataset, we define the baseline that has the greatest performance among the proposed
ones as the best baseline method. The prec@5 metric values show that MoSAN out-
performs the best baseline method significantly by 0.94%, 17.91%, 27.71%, 21.36% on
Meetup, Plancast, MovieLens-Simi and MovieLens-Rand, respectively. We observe the
same improvements for rec@j. In general, MoSAN’s recommendations are consistently
better than the baseline methods’, with the p-value less than 0.0001 for all the results
and thus statistically significant.

It is noticeable that PIT’s performance is not comparable with those of other baseline
models. One possible reason is that as a Meetup or Plancast group usually has a large
number of participants, many of whom only join a few groups and thus have very limited
historical data. Hence, the user impacts learned by PIT for such participants are not
reliable. Another possible reason for PIT’s poor performance is that the assumptions un-
derlying PIT do not hold in the context of MovieLens data: since MovieLens users select
movies independently from one another, there is no representative user in a MovieLens
group.

We also observe that MoSAN does not outperform the baselines models on the Meetup
dataset as significantly as it does on the other three datasets. One explanation is that
since a Meetup group often has few venue options, and group members tend to choose the
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place they are most familiar with, making it relatively easy to recommend the venue to
the group [PLCZ16]. While Meetup users form a big group before hosting an event and
choosing the venue, Plancast allow users to follow other users’ event calendars and choose
to participate in existing events. Plancast groups therefore tend to be more diverse than
Meetup groups, and Plancast event venues are not as easily predicted as Meetup event
venues.

In addition, one may concern the ability of MoSAN to deal with large groups. How-
ever, it should not be an issue as we observe that typically most of groups have fewer
than 10 users. For larger groups, we can always reduce the number of users to a smaller
number (e.g., 20 users). Then, we can use our model to firstly compute the attention
weights of users and remove the users with very small weights. We can always perform
this step because in reality, the number of group leaders/experts who participates in
making the final decision for the group is always very small.

In general, MoSAN achieves remarkable recommendation results on the variety of
datasets consistently. Our experiments show the flexibility of MoSAN in making group
recommendation given different data types.

7.3.3 The Role of Attention Mechanism

In this section, we study the role of attention mechanism (RQ2) through various
ablation studies and experiments.

Ablation Study. We further conduct paired t¢-tests on the performances of MoSAN
against MF-AVG and ATT-AVG models to verify that MoSAN’s improvements over
MF-AVG and ATT-AVG are statistically significant at the five percent significance level.
While MoSAN employs a user-user attention mechanism to calculate the weights, MF-
AVG assigns a normalized constant weight to each group member. Similarly, ATT-AVG
is a simple attentive pooling over all users. Even though it also adopts an attention
mechanism, it does not consider user-user interactions. We conduct paired t-tests on the
performance metrics of top-K recommended lists (K € [10,100]) for MoSAN, MF-AVG
and ATT-AVG to see whether MoSAN statistically significantly outperforms MF-AVG
and ATT-AVG. We also observe that ATT-AVG does not always outperform MF-AVG,
signifying that the standard attention mechanism is insufficient.

Table 7.2 compares the performances of MoSAN and MF-AVG. We observe that the
mean pooling strategy of MF-AVG always performs worse than the attention mechanism
of MoSAN. The good performance of MF-AVG on MovieLens-Rand data is expected
because MovieLens-Rand groups satisfy MF-AVG assumptions: randomly-grouped users
in MovieLens-Rand data tend to equally contribute to the groups’ final decisions. The
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Meetup Plancast
Number of users K to be removed NMoSAN PIT MoSAN PIT
K=1 0.643932 | 0.56832 | 0.197189 | 0.14193
K=3 0.593263 | 0.56690 | 0.118760 | 0.14085
K=5 0.500849 | 0.56424 | 0.081018 | 0.14013
K=17 0.377586 | 0.56238 | 0.058164 | 0.13954
K=9 0.284848 | 0.56163 | 0.046473 | 0.13950

Table 7.3: Performance comparison between MoSAN and PIT on Meetup and Plancast
datasets in terms of ndcg@b5b by removing top-K high weight users.

reported p-values are nominal for all tests, indicating that MoSAN’s performances are
statistically much stronger than MF-AVG’s performances.

Attention Weight Visualization. As noted previously, an advantage of MoSAN is
that the method allows us to calculate the attention weight values for explanation of
group recommendation results. Figure 7.6 visualizes the attention weights learned by
MoSAN and PIT for two randomly-chosen groups from our experiments. We compare
with the weights learned by PIT because similar to MoSAN, PIT is able to learn the
personal impact weight for each user [LTYL12]. Since COM does not learn the personal
impact weight for each user [YCL14], we do not compare MoSAN with COM here.

Figure 7.6(a) and Figure 7.6(b) show user attention weights learned by PIT and
MoSAN of two randomly-chosen groups that share a user no. 4122 (“u_4122"). Figure
7.6(a) reports the personal impact weights of three users in the first group (group A).
According to both models, the user no. 4122 has the highest weights in group A and
therefore dominates group A’s decision making. Figure 7.6(b), however, shows that
PIT continues to assume that user no. 4122 is the most influential user in group B,
whereas MoSAN is able to detect other users who play more important roles in group
B’s decision making than user no. 4122 does. While PIT’s personal impact parameter
cannot differentiate the roles of one user in different groups and thus may fail to recognize
influential members in a group, the attention mechanism of MoSAN can capture the
dynamic user impacts across groups in group decision making.

The importance of high weight users. In addition, we also conduct another ablation
experiment to analyze the importance of users by comparing the recommendation results
of MoSAN and PIT with and without high weight users on Meetup and Plancast datasets.
We rank users by their impact weight in decreasing order and remove top-K users from
group recommendation, and report the change in MoSAN’s and PIT’s performance, in
which K € {1,3,5,7,9}.

Table 7.3 shows the performance comparison between MoSAN and PIT in terms of
ndcg@5 by removing top-K high weight users. It is noticeable that the performance
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Figure 7.7: Performance on Different Group Sizes (Best viewed in color).

of PIT is stable as the number of removed users increases, whereas the performance
of MoSAN drops dramatically. Specifically, the average performance drop of MoSAN
for removing every additional two users is 18.15% for Meetup dataset and 29.97% for
Plancast dataset, while the performance of PIT is nearly unchanged. The decreasing
performance of MoSAN shows that the removed users are important users in the group
while the top-ranked users in PIT are not really important users; and thus, the attention
mechanism in MoSAN can really capture the dynamic user impacts better than PIT. It
reflects the effectiveness of MoSAN in analyzing and weighting high/low impact users
in different groups, which is critical for group recommendation systems. All in all, the
ablation experiment of the importance of users shows the preciseness of MoSAN over
PIT in learning the attentive weight for each user.

7.3.4 Model Performances for Different Group Sizes

To study the performance of each recommendation method on different group sizes
(RQ3), we run the experiments for four levels of group size (1-5 members, 6-10 members,
11-15 members, and 16-20 members) using Meetup and Plancast groups. We keep the
same setting as illustrated for all the models, and classify the groups into bins based
on group size. Since the number of groups with more than 20 members is very small,
we exclude these groups in this experiment. Figure 7.7 plots the resulting rec@5 and
ndcg@5 curves. Note that since the group size of the MovieLens-Simi and MovieLens-
Rand dataset is fixed, we do not study the different levels of group sizes on these two
datasets.

Figure 7.7 shows that MoSAN achieves better performance than other baseline meth-
ods across different group sizes. We have the following observations: 1) MoSAN shows

119



CHAPTER 7. LEARNING REPRESENTATION FOR GROUP RECOMMENDATION

clear improvements in recommendations for groups of larger sizes. MoSAN improves
0.59% and 2.93% on the Meetup dataset over the best baseline method for groups of
11-15 members and 16-20 members respectively, while these numbers are 19.30% and
20.97% for the Plancast dataset. This indicates the significance of MoSAN in addressing
groups of larger sizes. 2) CF approaches often deliver good performance when the group
size is small, as low diversity within a group facilitates smooth aggregations. As the
number of members in the group increases, we need relatively complex methods such as
probabilistic models or neural networks models to make adequate recommendations.
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Chapter 8

Conclusions, Discussions, and
Future Work

8.1 Conclusions

In this dissertation, we study the task of developing effective neural architectures by
exploring various representation learning techniques for recommender systems. Specifi-
cally, Chapter 3, 4, 5 introduce new representation learning approaches for personalized
recommendation, and Chapter 7 presents a novel representation learning approach for
group recommendation.

In Chapter 3, we propose a novel W-MLC model, which exploits a series of metric
learning that outperform standard metric learning recommenders. To the best of our
knowledge, we are the first to explore metric learning chain approach in recommender
systems. Moreover, we design multiple loss functions, i.e., pull and push loss, adaptive
margin loss, and transformation loss, to incorporate different aspects of metric learning.
We conduct extensive experiments on eight real world datasets and demonstrate the
superiority of our proposed methods against various state-of-the-art recommendation
methods. In addition, we evaluate the performance of W-MLC on three different tasks
to indicate the generality of our proposed approach, which can be adopted for different
applications.

In Chapter 4, we introduce a new effective and competent recommendation model
called HyperML. To the best of our knowledge, HyperML is the first model to explore
metric learning in hyperbolic space in recommender system. Additionally, we also intro-
duce a distortion term, which is essential to control good representations in hyperbolic
space. Through extensive experiments on ten datasets, we are able to demonstrate the
effectiveness of HyperML over other baselines in Euclidean space, even state-of-the-art
metric learning models such as CML or LRML. The promising results of HyperML may
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inspire other future works to explore hyperbolic space in solving recommendation prob-
lems.

In Chapter 5, we introduce a new concept of exploring attention mechanism on
hidden layers as a regularization effect. Through extensive experiments on six widely
adopted benchmark datasets, we are able to demonstrate the effectiveness of our pro-
posed DropRec, i.e. C-DropRec and S-DropRec, of going beyond shallow MLP compared
to many recent strong multi-layered models. Indeed, DropRec achieves significantly and
consistently competitive results, outperforming all the baselines by a wide margin from
+6.07% to +33.41%.

In Chapter 6, we introduce an extended extensive experiment to give new insights of
all the proposed representation learning techniques and the baselines in the context of
personalized recommnedation. We indeed show interesting findings, insights and discus-
sions of this one-off experiment. Moreover, we also conduct analyses on runtime of these
methods to raise a concern on the practicality of the architectures.

In Chapter 7, we propose a new effective neural recommender for group recommen-
dation. The major contributions of MoSAN are that the model not only dynamically
learns different impact weights of each given user for different groups, but it also consid-
ers the interactions between users in the group. Thus, MoSAN is able to better model
the group decision making process. In addition, MoSAN can tell the relative importance
of users in a group, and thus make explainable recommendation possible. We conduct
extensive experiments on four real-world datasets, demonstrating that MoSAN is capable
of outperforming a myraid of strong state-of-the-art baselines.

After all, we summarize the various aspects of representation learning techniques
for recommendations in this dissertation. Firstly, we discover that the MF based rep-
resentation learning still remains as the strong baselines, in which several works also
recognize this similar observations [RZK19, RKZA20]. Thus, it is fair to say that MF
based methods, especially MF-BPR [RFGS09], should be required as a default group of
baselines to be compared in the personalized recommendation task. These methods im-
prove representation learning from the aspect of dot product. Moreover, BPR [RFGS09]
is also acknowledged to be a strong pairwise learning objective. Secondly, we observe
the better peformance of metric learning representation techniques in comparison to dot
product techniques. The successful of metric learning in recommendation task could
possibly be because of the triangle inequality property as discussed. Hence, metric learn-
ing could be considered as a potential direction for future research of implicit feedback
recommendation. This class of methods improves representation learning from the as-
pect of embedding space. Lastly, attention mechanisms [VSP117] are also certified as
a revolution in the deep learning community, in which we also observe their powerful
representation in both personalized and group recommendation task throughout this dis-
sertation. Therefore, these methods improve representation learning from the aspect of
extracting and aggregating representations selectively with the strength of ‘attention’.
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8.2 Discussions

As we focus on building effective neural architectures, our methods could be poten-
tially generalized and applied to various recommendation tasks. Indeed, the represen-
tation learning techniques introduced can be decomposed into different submodules for
other tasks. For example, the transformation process in Chapter 3 could be possibly
used for embedding behavior chains of users [WM18] or the personalized adaptive mar-
gin module could also be integrated into any hinge loss based functions [HYC"17]; the
hyperbolic metric embedding technique in Chapter 4 could also be applied to other rec-
ommendation tasks that explore tree-like structure data or data that follows power-law
distribution [FVTC*20]; the framework proposed in Chapter 5 could be incorporated
into any other MLP-like architecture; and the attention submodules in Chapter 7 could
be potentially applied to aggregate information of any groups of users. Therefore, our
representation learning techniques in this dissertation are considered as general modules
that could be generally incorporated into other tasks.

Moreover, there are recent papers focusing on analyzing results of deep recommenda-
tion models which caught some attentions of the research community recently [DBCJ19,
DCJ19]. In particular, the authors revisit conventional methods (e.g., based on the
nearest-neighbor heuristics), compare them to deep neural approaches, and observe that
only a few neural methods can consistently better than existing learning-based techniques
(e.g., MF-based or linear models). However, to my personal perspective, the limitation
of recent methods is acceptable for two reasons: Firstly, many different recommendation
algorithms of different types have been extensively proposed over the past 25 years. To
this end, lots of them have already shown remarkable results. Thus, it is not easy to
significantly improve the accuracy performance beyond these benchmarks, given that the
existing recommenders nearly reach to the saturated point. Secondly, even though it is
hard to create milestones in recommendation domain at the moment, we still need to
make progress because we will never know about the future. It is possible that one of the
directions that we are focusing right now could become a foundation of future advanced
recommendation models. It is also the reason that motivates and inspires me to continue
doing research in the field, although sometimes the results are not impressed as people
expected.

8.3 Future Directions and Challenges

This section identifies several potential directions that are exciting for future work.
While there might be no principled solution exists, many of these future directions remain
as promising and challenging for recommendation domain.
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8.3.1 Efficient Models for Hyperbolic Representation

This thesis demonstrates promising results of hyperbolic representation in recom-
mender systems. However, the preliminary results only focus on exploring the notion of
user-item interaction representations [VTTZ720, CHW™19]. To this end, incorporating
side information into hyperbolic space might be an interesting future direction. However,
this is not trivial to integrate those extra information into the neural architecture if the
data does not follow any tree-like structures. Therefore, this direction remains a highly
technical and theoreotical challenge for innovation.!

In addition, there are also several ways to endow different subsets of Euclidean space
with a hyperbolic metric, which leads to different models of hyperbolic space beside
Poincaré ball model such as Lorentz model (Hyperboloid model) or Klein model. Al-
though all these models of hyperbolic space are necessarily the same, they however have
different coordinate systems that offer different advantages in computation. For instance,
using the distance function in Lorentz model can help to avoid numerical instabilities that
arise from the fraction in the Poincaré distance [NK18]. Therefore, exploring different
hyperbolic models in recommendation would be interesting. Moreover, [GBH18b] has
shown that adapting recurrent models to hyperbolic space is reasonable. Hence, it would
also be interesting to investigate techniques to exploit recurrent or convolutional archi-
tectures in Hyperbolic space for different tasks.

On a side note, as discussed in Chapter 6, combining the Wasserstein distance with
hyperbolic space is also worth exploring. As mentioned, one of the main challenges of
this unified framework is to define the new projection in hyperbolic space to create a
chain. Moreover, since the hyperbolic works [NK18, GBH18b, VTTZ*20] usually focus
on representations in hyperbolic unit ball, it is also a challenge to consider the case
when the chain jumps out of the unit ball. Therefore, even after sucessfully creating
the chain, we need to explore the full Riemannian stochastic gradient descent (RSGD)
for parameters update, as the approximate gradient algorithms will likely cause the new
embeddings come out of the ball [NK18, VITTZ*20]. Besides, we also require new multi-
objective loss functions to suit the hyperbolic properties. In general, these challenges are
very interesting and could be explored as one of the future directions.

8.3.2 Evaluation Metrics and Scalability

In this dissertation, our researches mainly focus on improving the accuracy of the
top-K recommendations through different evaluation metrics such as HR (Hit Ratio),
NDCG (Normalized Discounted Cumulative Gain), Precision and Recall. However, in
reality, user experience is far from only concerned with the top-K accuracy. To this

thttp://hyperbolicdeeplearning.com/
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end, we believe that it is critical to explore other evaluation metrics for recommendation
to achieve high-quality items. Indeed, a good recommender should also consider other
aspects such as diversity, usability, privacy, explainability and interpretability [ZC18]. On
a side note, some recent works about group/bundle recommendation have incorporated
other metrics to balance the quality and diversity [QMPT16, CC19, BZS*19, LRFS19].

Additionally, scalability is another important factor for building real-world recom-
mender systems, especially in the era of big data [YHCT18, HKM18, CHW*19]. Thus,
we need to further design effective representation models that are capable of not only
dealing with large amount of data, but also extracting fast top-K recommendations for
users in real-time. Therefore, there exists a few challenges such as dealing with streaming
data (e.g., large volume of new incoming users and items), or controlling the computa-
tional efficiency of the model with the exponential growth of parameters.

8.3.3 Reinforcement Learning for Decision Making

Although the works that we presented in this thesis have achieved remarkable results
on many recommendation tasks, we believe that it is essential to further investigate the
ability of modelling sequential behaviour data in recommender systems. In typical real-
world recommender systems, ranking items in a search session is usually considered as
a multi-step decision-making problem [PYC*19, HDZ*18, ZXZ"18, TZH"19, ZZZ*18].
However, most of the proposed methods usually do not consider the sequence. As such,
it is natural to explore reinforcement learning for recommendation, where the end goal
is to learn effective representations throughout the process of making decisions of users.
Nevertheless, traditional reinforcement learning methods would perform badly due to
some special features of recommendation such as large discrete space of items or sparse
rewards with different types (e.g., click, favourite, add to cart, purchase, etc.). As
such, this becomes a challenge to apply reinforcement learning to solve recommendation
problems. Several works have proposed reinforcement models pertaining this direction
[SED*15, CHH*18, CBC*19, CYD'18, DESC15, ZZD*18, DQH™19, ZXD"19].
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e Lucas Vinh Tran, Yi Tay, Shuai Zhang, Gao Cong, Xiaoli Li. HyperML: A Boost-
ing Metric Learning Approach for Recommender Systems. Proceedings of the 13th
International Conference on Web Search and Data Mining (WSDM 2020), Pages
609-617, Houston, TX, USA. (Best Paper Award Runner-Up)

e Shanshan Feng, Lucas Vinh Tran, Gao Cong, Lisi Chen, Jing Li and Fan Li. HME:
A Hyperbolic Metric Embedding Approach for Next-POI Recommendation. Proceed-
ings of the 43rd International ACM SIGIR Conference on Research and Development
in Information Retrieval (SIGIR 2020). Xi’an, China.

e Lucas Vinh Tran, Tuan-Anh Nguyen Pham, Yi Tay, Yiding Liu, Gao Cong and
Xiaoli Li. Interact and Decide: Medley of Sub-Attention Networks for Effective Group
Recommendation. Proceedings of the 42nd International ACM SIGIR Conference on
Research and Development in Information Retrieval (SIGIR 2019). Pages 255-264,
Paris, France.

e Shuai Zhang, Lina Yao, Lucas Vinh Tran, Aston Zhang, Yi Tay. Quaternion Col-
laborative Filtering for Recommendation. Proceedings of the Twenty-Eighth Interna-
tional Joint Conference on Artificial Intelligence (IJCAI 2019). Pages 4313-4319,
Macao, China.

e Yi Tay, Shuai Zhang, Anh Tuan Luu, Siu Cheung Hui, Lina Yao, Lucas Vinh Tran.
Holographic Factorization Machines for Recommendation. Proceedings of the 33th
AAAI Conference on Artificial Intelligence (AAAI 2019). Pages 5143-5150, Hon-
olulu, Hawaii, USA.
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e Lucas Vinh Tran, Thanh Tran, Shanshan Feng, Gao Cong, Xiaoli Li. Wasserstein
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