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Abstract

Dynamic recommendation, where users continuously interact with items over time,
has been widely deployed in real-world applications, such as social networks, stream-
ing media, and online shopping platforms. Compared with the conventional static
recommendation that follows the one-time recommendation-evaluation paradigm, dy-
namic recommendation involves real-time updates of user and item representations
to refresh recommendation results and support multi-round recommendation process.
Temporal graph learning, which constructs temporal interaction graphs using their
sequential information, has demonstrated its superiority in modeling temporal rep-
resentations and exploring dynamic preferences. Thus, this research focuses on fully

investigating the power of temporal graph learning for dynamic recommendation.

However, designing a comprehensive temporal update for user-item interaction graph
still remains a challenge, since existing studies on temporal graph learning are mainly
centered on some single insufficient perspectives for update. Moreover, they directly
conduct representation update without scrutinizing whether the interactions would
truly benefit temporal graph learning, which potentially degrades the recommenda-
tion performance. Thus, uncovering the effect of both newly-arrived and historical
interactions poses another challenge to temporal update. In addition to the inherent
challenges above, the unfairness issue among item exposures and user experiences
tends to be amplified due to the evolving context in the dynamic environment. Un-

fortunately, most fairness-aware methods are designed for static recommendation.



To address the mentioned challenges, this research first proposes a novel graph frame-
work that comprehensively captures the dynamics of users and items from multiple
perspectives, thus fully modeling the dynamic graph evolution for recommendation.
Second, this research presents a novel temporal collaboration-aware graph network by
investigating the collaborative effectiveness of the newly-arrived interactions. Third,
this research constructs a novel self-correcting interaction network by dynamically fil-
tering out the inappropriate historical interactions, to ensure the accuracy of temporal
graph aggregation. In addition, this research further studies the problem of dual-side
unfairness for the dynamic recommendation and presents an adaptive model-agnostic

post-ranking method to mitigate the dynamic unfairness issue.

Extensive experiments over real-world datasets demonstrate both the effectiveness
and superiority of this research. This research successfully explores different aspects
of temporal graph learning for dynamic recommendation, including temporal update,
interaction scrutiny, and dynamic fairness. A promising direction for future work is
to explore interpretability in temporal graphs by leveraging large language models
to generate interpretable recommendations for users. This could further enhance the

applicability and extensibility of this research.
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Chapter 1

Introduction

This chapter presents the introduction to the thesis. The introduction contains four
parts: research background, existing limitations, research challenges, contributions,

and thesis structure. Specifically:

e Sec. introduces the background of this research by converting conventional

recommendation to dynamic recommendation with temporal graph learning.

e Sec. discusses existing limitations in temporal graph learning for dynamic
recommendation and derives corresponding challenges that motivate this re-

search.

e Sec. proposes the key research challenges to indicate how this research

overcomes existing limitations and advances the dynamic recommendation.

e Sec. briefly summarizes the contributions of this research by concluding the

new proposed solutions and models from this research.

e Sec. organizes the chapters of the thesis and shows its structure.

The introduction chapter lays the foundation for this thesis by providing a comprehen-

sive overview of the research background, limitations, challenges, and contributions.



Chapter 1. Introduction

1.1 Research Background

Recommendation systems (RecSys), which help users discover their preferred items,
are likely to alleviate the information overload on the web, such as e-commerce (e.g.,
Amazon and Taobao), video sites (e.g., TikTok and YouTube), and social networks
(e.g., Facebook and Instagram) [I8], 6, [71], 148]. The key to a personalized recommen-
dation system is in learning interactions between users and items and then modeling
user preferences over items. Early studies, like deep learning based Collaborative
Filtering (CF) and Matrix Factorization (MF), exploit latent feature information to
match users and items in the embedding space [35], [I16]. More recently, the Graph
Neural Network (GNN) has delivered superior performance to recommendation sys-
tems [101, [34, 108, 21], because of its powerful capability of exploiting high-order
connectivity among users and items via user-item interaction graph. As a result,
GNN has become one of the most state-of-the-art (SOTA) technologies for the rec-

ommendation systems.

Most GNN-based recommendation models, however, are centered on the conventional
recommendation paradigm that conducts a one-time recommendation list and a one-
time performance evaluation for each user. In other words, each user would get fixed
recommendation results during the inferring stage, while in real-world platforms,
recommendation systems should dynamically update the recommendation results and
continuously generate different recommendation lists to meet with the user’s evolving
preference over time [91, [104], [46]. This can be described as the dynamic multi-
round recommendation. For the dynamic recommendation, the burst of user-item
interactions rapidly changes the interactive pattern between users and items [16,
42, [90], leading to fast drift in the status of the recommendation system. Hence,
exploiting the evolving preferences and behavior patterns hidden in the continuous

user-item interactions is crucial for generating accurate recommendations.

Temporal Graph Learning (TGL), which sequentially constructs interaction graphs
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by time information, has demonstrated its superiority in modeling the representation
evolution in dynamic environments [104, 69, 87, 137, 110]. It endows the static GNN
with the capability of perceiving temporal change among different timestamps, thus
creating the Temporal Graph Neural Network (T-GNN). Leveraging the T-GNN, the
dynamic recommendation can not only explore the high-order connectivity among
users and items but also capture the temporal evolution of users and items [105] [99],
making it possible to deliver a further improvement to recommendation performance.
Despite the potential of T-GNN, there are still some limitations that remain to be
solved, such as the insufficient temporal update in T-GNN, the unverified effectiveness
of newly-arrived interaction, the uncertain influence of historical interactions, and the
evolving unfairness of recommendation. They pose new challenges to the temporal
graph learning for the dynamic recommendation, which motivates the research of this

thesis.

Therefore, this thesis focuses on addressing existing limitations of TGL and devel-
oping more advanced T-GNN models and solutions, to conduct better dynamic rec-
ommendation systems that are aligned with the real-world scenarios. It is believed
that the research on temporal graph learning for dynamic recommendation would
have a significant impact on the field of recommendation systems and would connect
closely to the practical and reliable information systems in the real world. Follow-
ing the research background, the next section comprehensively discusses the existing

limitations of TGL.

1.2 Existing Limitations

As introduced in the research background, temporal graph learning can learn the
evolving representations of users and items to improve dynamic recommendation.
However, most temporal GNN-based recommendation models mainly utilize insuffi-

cient perspectives for representation update, without comprehensively capturing dif-
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ferent dynamics from different perspectives. In other words, they prefer designing
single and restricted graph aggregation methods to derive temporal representations,
which cannot fully reflect the dynamics of users and items. The dynamic change
among different timestamps naturally exists in interactions, historical neighbors, and
structures. They build and affect each other over time, thus causing multiple per-
spectives for representation update. Unfortunately, most studies cannot efficiently
utilize them in one unified framework. This is the first limitation (EL 1) that should
be solved in the first place. Unless EL 1 is solved, research into other aspects, such
as interaction effectiveness and model extensibility, would be unproductive, since the

accurate update cannot be promised.

Second, in the TGL, the incoming interaction will usually trigger the T-GNN in a
real-time manner. Thus, the collaboration between the new interaction and histor-
ical interactions will jointly generate the temporal representations for the currently
triggered nodes [99]. Existing studies, however, tend to directly model the temporal
evolution when the new interaction is injected into the graph, without carefully ver-
ifying whether the collaborative effect learned from the new interaction would truly
benefit modeling the evolution, or how much useful information could be learned at
the current timestamp. This is the second limitation (EL 2), which also exists in the
static GNN studies [9, 2I]. This limitation brings the risk of learning uninformative
or even harmful information due to the ambiguous understanding of the new interac-
tion. Moreover, dynamic recommendation systems are more sensitive to the stream
of interactions. Blindly learning the evolution of users and items cannot reflect actual
behavior patterns and may destroy the user experience during the recommendation

procedure.

Third, except for the newly-arrived interaction, the historical interactions, which carry
the long-term preferences of users, are also the key factor in updating the temporal
representations. Most previous studies aggregate the historical neighbors in the graph

to pass the high-order information. However, they explicitly assume that all historical
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interactions would reflect the actual representation evolution of users and items. This
means they do not verify whether those historical interactions could benefit temporal
representation learning. As a matter of fact, some user-item interactions may be
imperfect since they cannot indicate the users’ actual preferences or items’ intrinsic
attributes [54, [05]. This is the third limitation (EL 3), which is a little similar to EL
2 but focuses on the historical interactions. In some cases, the historical interactions
could be the occasional results, like the popular item recommendations from the
homepage. It is inappropriate to leverage them representing the temporal evolution
of user preferences. Unfortunately, most T-GNN models are not able to distinguish

them, leaving room for improvement.

Fourth, there has been a growing awareness that fairness is important to build healthy
relationships between users and between items because it significantly affects how
items are exposed to users and how users access items [120, [62]. For the dynamic
recommendation systems, the popular items would get more exposure and the active
users would get better recommendation services, due to the continuous interactions
over time. Most temporal graph-based recommendation methods lack the considera-
tion of mitigating the unfairness, causing bias to the unpopular items and the inactive
users. This is the fourth limitation (EL 4). One of the core reasons is that exist-
ing fairness-aware solutions still follow the conventional one-time recommendation-
evaluation paradigm. They cannot be smoothly applied to the TGL for the dynamic
recommendation systems. This is, however, the limitation of the conventional recom-

mendation systems, which is relevant to but obviously more than the EL 4.

The above-mentioned EL 1, EL 2, EL 3 and EL 4 limit the improvement and
development of temporal graph learning for the dynamic recommendation, providing
this thesis the opportunity to conduct further study. EL 1 is oriented at the temporal
update problem of T-GNN. EL 2 is about the effectiveness of newly-arrived interaction

while EL 3 is about the influence of historical interactions. Solving them would

improve the T-GNN on the basis of EL. 1. Thus, EL 1 should be overcome first.
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Last, EL 4 is oriented at the extensibility of dynamic recommendation. A brief
summarization that involves the limitations, challenges, and contributions, is shown
in Figure[1.1] Based on existing limitations, the next section proposes the key research

challenges.

1.3 Research Challenges

To solve existing limitations, this research should identify the core challenges that
provide a clear roadmap for research. For EL 1, the key point is compared with the
static GNN, the temporal GNN can naturally capture the changes among timestamps
of different perspectives, such as interaction, historical neighbors, and structures. By
continuous graph convolution on them, the dynamic representation evolution of both
users and items can be extracted through the temporal user-item interaction graph.

Hence, the first research challenge (RC 1) would be:

RC 1: How to comprehensively leverage different update perspectives in
one unified framework and efficiently convert static graph learning to

temporal graph learning for recommendation?

For EL 2, the key to measuring the effectiveness of newly-arrived interaction is to
investigate the collaboration between the incoming interaction and historical interac-
tions since the incoming interaction would trigger the update at the current times-
tamp. Such investigation could further rebuild the design of T-GNN to understand
the correlation between newly-arrived interactions and historical interactions and then
conduct a more accurate update of temporal representations. Therefore, the second

research challenge (RC 2) would be:

RC 2: How well the newly-arrived interaction could match the temporal
history and how much information should be learned according to the

current context?
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For EL 3, the key point lies in the relevance of the historical interactions over user ac-
tual preferences. In dynamic environment, the growth of historical interactions would
derive the long-term preferences of users, reshaping their temporal representations.
Compared with newly-arrived interaction, historical interactions tend to have more
impact due to the large number of them. It is very necessary to select useful historical
interactions for update and prevent the model from learning incorrect representations.

Hence, the third research challenge (RC 3) would be:

RC 3: How to efficiently discover valuable interactions from long-term
history and adaptively filter out those inappropriate interactions for im-

proving update?

For EL 4, the key to mitigating the unfairness for dynamic recommendation is to
endow fairness with the capability of perceiving the temporal information at different
timestamps. There are different T-GNN models, but the fairness is a high-dimension
problem more than model design. Constructing different exclusive fairness methods
for every T-GNN model is time-consuming and also non-generalizable. Moreover, the
item side exhibits the exposure disparity among items while the user side exhibits
performance discrepancy among users. Thus, the fourth research challenge (RC 4)

would be:

RC 4: How to dynamaically trace the dual-side unfairness over time and
efficiently mitigate unfairness in a generalizable way without being re-

stricted by models?

The research challenges RC 1, RC 2, RC 3, and RC 4, build the roadmap of the
research in this thesis. The thesis will follow the roadmap to conduct the research and
present the outcome. The roadmap is illustrated in Figure. 1.1, with the limitations
and contributions. This research aims to address RC 1 and obtain a unified T-GNN
framework that fully explores different perspectives for temporal update. Next, on

the basis of the outcome of RC 1, this research aims to address RC 2 and get a
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Temporal Update Study

Limitation EL1

Challenge RC 1
A 4
Solution DGEL

Unified TGL Framework for Dynamic RecSys

New Interactions Study Historical Interactions Study

Limitation EL2 Limitation EL3
Challenge RC 2 — Challenge RC 3
v v
Solution TCGC Solution CREAM
Further Improved TGL Model Further Improved TGL Model
Fairness Study

Limitation EL4

Challenge RC 4
\ 4
Solution MDOFair

Fairness-aware Dynamic RecSys

Figure 1.1: The roadmap of this research on TGL for dynamic RecSys.

collaboration-aware T-GNN model that efficiently investigates the effectiveness of
newly-arrived interaction. Meanwhile, this research also aims to address RC 3 and
get a dynamic self-correcting graph network that adaptively filters out the historical
interactions. After RC 1, RC 2, and RC 3, this research further aims to address RC 4
and propose a generalizable fairness learning method that successfully mitigates the
unfairness for different models. The next section summarizes the contributions of this

research.
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1.4 Contributions

Following the research challenges outlined in the previous section, this research presents
four studies that aim to address them and deliver improvement to the dynamic recom-
mendation systems. The four studies are presented in Chapter 3, Chapter 4, Chapter

5, and Chapter 6, and their contributions can be summarized:

e To address RC 1, Chapter 3 proposes a novel framework named Dynamic Graph
Evolution for Recommendation (DGEL) The DGEL could comprehensively
and efficiently capture user and item dynamics over time from the perspectives
of inherent interaction potential, time-decay argumentation, and symbiotic local
structure learning. Meanwhile, DGEL performs the initial attempts to adap-
tively bridge the normalization of dynamic embeddings with the model learning
process for the dynamic recommendation. Moreover, DGEL is designed to up-
date the user-item interaction graph in a real-time manner, thus successfully
refreshing the recommendation results over time and converting static one-time

recommendation into dynamic multi-round recommendation.

e To address RC 2, Chapter 4 investigates the temporal collaborative effect ex-
isting in the evolution learning of temporal graphs for dynamic recommenda-
tion. It first proposes the temporal collaboration-aware indicators to measure
the newly-arrived interactions and guide the learning process for the tempo-
ral graph. Then, to capture the inherent correlation between event-level and
history-level dynamics, it presents a novel graph network named Temporal
Collaboration-Aware Graph Co-Evolution Learning (TCGC), which leverages
the proposed collaboration-aware indicators to generate accurate temporal rep-

resentations.

e To address RC 3, Chapter 5 proposes a novel dynamic self-correcting interaction

network (CREAM), which aims to accurately and continuously generate pre-



Chapter 1. Introduction

dictions over the temporal user-item interaction graph. Along this line, CREAM
builds the adaptive dual-side corrector to dynamically correct the inappropriate
information from historical interactions, and the temporal excitement learning
to capture the effects of the newly-arrived interactions. Meanwhile, CREAM
presents a warm initialization that could flexibly initialize both temporal and
static representations. Last, CREAM utilizes both temporal and static repre-

sentations to precisely conduct predictions on future interactions.

e To address RC 4, Chapter 6 studies the problem of dual-side unfairness for
the dynamic recommendation where there exists a rapid evolution of unfairness
in the dynamic online environment. It proposes an adaptive model-agnostic
post-ranking method with dual-side online fairness learning (MDOPFair), which
involves dynamic item-side exposure-oriented unfairness and user-side quality-
oriented unfairness. MDOFair traces the online fairness for both users and
items over time, and moreover, it leverages the online fairness task and dynamic
recommendation task in one unified framework, to achieve a double-win success

for both unfairness mitigation and recommendation improvement.

This research also conducts comprehensive and extensive experiments over real-world
datasets to evaluate all the proposed solutions and models, assessing their perfor-
mance for dynamic recommendation. The experiments vary across multiple dimen-
sions, including overall comparison, ablation study, variation exploration, hyperpa-
rameter study, efficiency comparison, user case study, and so on. The experimental
results demonstrate both the superiority and effectiveness of the proposed solutions
and models and also offer a thorough understanding of the application of TGL for

dynamic recommendation.
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1.5 Thesis Structure

The structure of this thesis is illustrated in Figure[I.2] Specifically, Chapter 1 serves
as the introduction of this thesis, providing an overview of the background, limita-
tions, challenges, and contributions. Chapter 2 reviews the related literature of this
research, revealing the strengths and weaknesses of existing methods. Next, Chapter
3 explores dynamic graph evolution from multiple perspectives for recommendation,
addressing RC 1. Furthermore, Chapter 4 presents the temporal collaboration-aware
graph network for recommendation, addressing RC 2, while Chapter 5 presents the
temporal self-correction interaction network for recommendation, addressing RC 3.
Then, Chapter 6 studies the dual-side online fairness in dynamic environment, ad-

dressing RC 4. Last, Chapter 7 concludes the whole thesis and discusses future work.

11



Chapter 1. Introduction

Temporal Graph Learning for Dynamic Recommendation

[ Chapter 1: Introduction ]
\

Research Background Existing Limitations Research Challenges
~ ~

Contributions Thesis Structure

[ Chapter 2: Literature Review ]

/ Recommendation System \
\

Deep Recurrent Learning Graph Representation Learning  Fairness in Recommendation

[ Chapter 3: Multi-Perspective Dynamic Graph Evolution Learning for Recommendation]

N

Brief Introduction of DGEL Preliminaries DGEL Framework

/ N
Experiments on DGEL Summary of DGEL

[ Chapter 4: Temporal Collaboration-Aware Graph Learning for Recommendation ]

N

Brief Introduction of TCGC Preliminaries TCGC Model Design

/ N
Experiments on TCGC Summary of TCGC

[ Chapter 5: Temporal Self-correcting Interaction Network for Recommendation ]

N

Brief Introduction of CREAM Preliminaries CREAM Model Design

/ N
Experiments on CREAM Summary of CREAM

[ Chapter 6: Dual-side Online Fairness Learning for Recommendation ]

Brief Introduction of MDOFair Definitions MDOFair Method Design

e N

Experiments on MDOFair Summary of MDOFair

[ Chapter 7: Conclusion & Future Work ]

Conclusion of Thesis Discussion on Future Work

Figure 1.2: The structure of thesis.

12



Chapter 2

Literature Review

This chapter provides a comprehensive literature review on the recommendation sys-

tems and the relevant technologies. Specifically, this chapter presents four aspects:

e Sec. introduces two types of recommendation systems, namely Conventional

Recommendation (sec. 2.1.1)) and Dynamic Recommendation (sec. [2.1.2]).

e Sec. discusses the existing methods that mainly focus on deep recurrent

learning to model the temporal evolving representations.

e Sec. discusses the existing methods that mainly utilize graph representation

learning for recommendation, which is categorized into Static Graph Learning

(sec. [2.3.1) and Temporal Graph Learning (sec. [2.3.2).

e Sec. introduce existing fairness studies on recommendation systems to high-

light the importance of mitigating fairness for the dynamic recommendation.

This chapter presents a thorough literature review regarding recommendation sys-
tems, deep recurrent learning methods, static graph learning methods, temporal graph
learning methods, and fairness studies, thereby establishing a solid foundation for the

research in this thesis.

13
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2.1 Recommendation System

2.1.1 Conventional One-time Recommendation

Recommendation systems (RecSys), which aim to help users discover their truly pre-
ferred items from massive data, play an important role in people’s daily life [33]. They
have been deployed in various real-world applications, such as e-commerce (e.g., Ama-
zon and Taobao), video sites (e.g., TikTok and YouTube), and social networks (e.g.,
Facebook and Instagram) [I8] 6, [7T], 48], meeting users’ personalized interests and
alleviating the information overload. Learning the features/representations of users
and items is the core theme to the RecSys since it determines the process where

recommendation systems can match the users and the candidate items [10T], 2§].

A common paradigm for recommendation study is exploiting the user preferences
from the historical user-item interactions and then evaluating the recommendation
performance on unseen test data by predicting a recommendation list for each user
[35]. Traditionally, collaborative filtering (CF) and matrix factorization (MF) are
the two most extensively adopted theologies for recommendation. DMF [116] uses
explicit ratings and implicit feedback to build a deep matrix factorization model
that maps the users and items into a common low-dimensional space with non-linear
projections. NCF [35] presents neural network based collaborative filtering to gen-
eralize traditional matrix factorization by leveraging a multi-layer perceptron on the
user-item interaction function. Then, CMF [20] proposes the collaborative mem-
ory network that combines the memory component and neural attention mechanism
to encode complex user-item relations under deeper architecture. Later on, graph
neural networks (GNN), which are capable of learning high-order connectivity via
user-item interaction graphs, spark a new technological innovation in both academia
and industry. For example, Light GCN [34], which simplifies the design of GNN by

only involving the neighbor aggregation and the weighted sum, exhibits substantial

14
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improvements for recommendation and thus becomes a milestone in this area. Fur-
thermore, SGL [I0I] explores self-supervised learning on Light GCN by generating

different views on the same nodes, yielding a better performance.

However, the critical flaw of conventional recommendation study is that, the one-time
recommendation-evaluation paradigm cannot capture the evolution of users and items
in dynamic environment and also cannot model the online interaction procedure where
users are continuously interacting with items. Therefore, it is necessary to study the
evolving preferences of users and refresh the recommendation results in real-time.

This leads to dynamic multi-round recommendation.

2.1.2 Dynamic Multi-round Recommendation

In most real-world applications, users tend to interact with items continuously, mak-
ing it necessary to update temporal representations of both users and items and
refresh the recommendation results in a real-time manner [32] (155, 42]. By temporal
representations, exploring the evolution of users and items and conducting time-aware
predictions becomes possible. Different from conventional one-time recommenda-
tion, the dynamic recommendation is a multi-round process where the system would
dynamically refresh the recommendation list for every user with the growth of its
interactions [46], [106]. In other words, each user could get multiple different recom-
mendation lists during the inferring stage to fulfill its evolving preferences. Hence,
dynamic recommendation is more pratical and much closer to people’s actual online

experiences on the web.

How to capture the dynamics with time-aware information and how to update model
and also the temporal representations are the major concerns to the dynamic RecSys.
Jodie [42] firstly learns the users’ embedding trajectories to predict the future inter-
actions by the project and update operations, which is followed by dynamic graph-

enhanced DGCF [46]. Meanwhile, some studies develop continual learning methods
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to convert dynamic recommendation into continuous data streaming, such as SPMF
[91], Continual GNN [86], and DEGC [32]. Similarly, ReLoop [5] introduces a contin-
uous self-correction framework that dynamically utilizes the errors in previous results
to update model for more accurate recommendations. On the other hand, IncCTR
[93] and IncMSR [136] focus on maintaining efficiency and performance when incre-
mentally updating the model with the new collected data. In addition, CoPE [145]
builds an ordinary differential equation based GNN to learn information propagation
for temporal embeddings. iRec[73] proposes an interactive recommendation frame-
work that continuously learns and recommends to simulate the interaction process.
It is concluded that deep recurrent learning methods and temporal graph learning
methods are two mainstream technologies for dynamic RecSys. The more detailed

literature review can be found in Sec. 2.2l and Sec. 2.3

Sequential recommendation, which explores the sequential dependencies between dif-
ferent items [45], tends to be similar to the dynamic recommendation. They both
model the preference change for future item prediction. Most sequential recommen-
dation methods [40, 67, 88, 112, 128], however, still follow the one-time evaluation
paradigm. Specifically, in terms of the experimental setting, they only generate one
recommendation list to verify the user’s test data during the inferring stage. Dynamic
recommendation, which aims to conduct the multi-round recommendation process,
would continuously and dynamically refresh the recommendation list for each user
during the inferring stage [32, [106, 46]. This significantly distinguishes dynamic
recommendation from the sequential recommendation. Dynamic RecSys leverages
user-item interaction as feedback to update the evolving preferences and follows the
continuous recommendation-evaluation paradigm. Therefore, for the dynamic recom-
mendation, not only the preference evolution is dynamic, but also the recommenda-

tion process is dynamic.

16



2.2. Deep Recurrent Learning

2.2 Deep Recurrent Learning

Due to the inherent continuity in dynamic environment, deep recurrent learning can
be naturally applied to update temporal representations over the stream of user-item
interactions. This category explores the information from newly-arrived interactions

and inject them into old representations.

In the early days, DeepCoevolve [13] employs recurrent co-evolving networks to model
the mutual influence between users and items, while Time-LSTM [156] equips the clas-
sical LSTM (long short-term memory network) with time-aware gates to investigate
the effects of time intervals. Similarly, LatentCross [3] arms conventional RNN (re-
current neural network) with context encoding to make full use of contextual features
for the recurrent recommendations. Then, Jodie [42] designs a novel project function
and an update function to dynamically predict the future embedding trajectories of
users, achieving a milestone in this category. Meanwhile, SML [144] proposes a novel
training method that could efficiently transfer the old model into the new model by
meta-learning only on the newly-arrived interactions. Later on, HILI [8] presents a se-
quential model that aims to prevent the information asymmetry and generate highly
liquid embeddings for temporal interactions, and SE-GRU [125] leverages structure-
embedded gated recurrent networks to strengthen the temporal interaction predic-
tion. More recently, NeuFilter [I06] constructs a robust temporal learning method
based on the Kalman filtering to continuously deal with noise interactions. RecipeRL
[57] presents an effective reinforcement learning approach to recurrently express user

states over interactive feedback in real-time.

However, most methods in this category, fail to effectively explore the complex high-
order connectivity among users and items, thus much likely leading to suboptimal
performance in predicting interactions. Graph representation learning, which mainly
focuses on node-oriented neighbor aggregation by walking over the interaction graph,

can address this issue and help exploit the graph-based collaborative information and
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the neighbor-based embedding information, strengthening the expressiveness of user

and item representations.

2.3 Graph Representation Learning

2.3.1 Static Graph Learning

In recent years, graph neural networks have been widely deployed in various fields such
as RecSys, owing to their theoretical elegance and excellent performance [I0]. Specif-
ically, GNN performs a message-passing mechanism over user-item interaction graphs
to stack representation layers in high-order propagation and aggregate neighborhood
information across different hops [131]. A large number of GNN-based methods are
devoted to the conventional one-time recommendation study (Sec. . They are
called static graph learning since they follow the static recommendation-evaluation

setting.

Earlier NGCF [92] injects the collaborative signal into user and item embeddings by
propagating them over the user-item graph structure, effectively achieving expressive
modeling of high-order connectivity. Light GCN [34], however, argues that the feature
transformation and nonlinear activation in GNN contribute little to the performance
of graph-based CF. Then, it simplifies the design by removing them and delivers
significant improvements over NGCF, making it the milestone in this area. Later
on, SCG-SPRe [142] encodes the high-order item correlations in the substitutable
graph and the complementary graph into the relation-specific item representations,
while GCARM [64] leverages the graph attention mechanism to encode the dynamic
correlations between local and global neighbors. Furthermore, SGL [101] proposes
a self-supervised graph learning method for recommendation by utilizing contrastive
learning to create multiple views of nodes and reinforce node representation learning

via self-discrimination. Then, HCCF [10§] integrates a more advanced hypergraph
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encoding with the self-supervised contrastive learning framework, thus winning a fur-
ther improvement over the SGL. In addition, the hierarchical structure of knowledge
graph has been utilized as useful side information to derive knowledge-aware represen-
tations and improve the graph network for recommendation, such as KHGT [107] and
KGCL [122]. Moreover, CAGCN [96] verifies how message-passing in GNN captures
the collaborative signals and proposes a recommendation-oriented metric to guide the

neighbor-based aggregation.

Despite their remarkable success, they are still centered on the static recommenda-
tion that only adopts one-time recommendation-evaluation paradigm (sec. [2.1.1)).
However, a dynamic RecSys involves continuous temporal change in dynamic envi-
ronment, making it necessary to evolve static graph learning into temporal graph
learning. Without losing the powerful capability of GNN, temporal graph learning
could endow static graph learning with the awareness of temporal evolution in dy-

namic RecSys.

2.3.2 Temporal Graph Learning

In real-world applications, the user-item interaction graphs usually present complex
temporal dynamics that continuously evolve in time and rapidly change the user/item
representations [99, 104]. Thus, the temporal graph learning for users and items
has significantly drawn attention from both academia and industry since it is more
practical to real-world scenarios, such as dynamic RecSys (Sec. . A common
solution for temporal graph learning is to operate the temporal graph neural network
(T-GNN) on continuous-time dynamic graphs represented as a stream of interactions
[69]. Compared with the static GNN, temporal GNN would treat the neighbors as

the temporal evolving set and encode the fine-grained time information [I15] [T51].

TGN [69], as a representative temporal graph network method, first proposes a generic

inductive framework to model the dynamic graphs and verifies many previous meth-
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ods are specific instances of TGNs. Then, DGCF [46] exhibits multiple structural
orders to dynamically explore the relationship between users and items, effectively
modeling the interactions for dynamic RecSys. IGCN [105], which incrementally em-
ploys a temporal convolutional network on time periods, successfully fuses temporal
information of time periods and achieves a more accurate temporal-aware feature
learning for graph-based CF. Moreover, TGSRec [22] unifies the sequential patterns
in recommendation and temporal collaborative signals in graph by a novel temporal

collaborative Transformer layer with an advanced attention mechanism.

Later on, TREND [99] presents a temporal Hawkes process-based GNN driven by
event-level and node-level dynamics, to capture both individual and collective char-
acteristics for temporal representations learning. Next, ESG [124] develops a tem-
poral convolution component and a structure-aware learner to learn the representa-
tions at different time scales for multivariate time series forecasting. GNG-ODE [31]
integrates the temporal session graph modeling with ordinary differential equation
network, fully preserving the temporal information of item transitions. In addition,
FIRE [104] focuses on the efficiency problem of updating/training recommendation
model and proposes a fast incremental recommendation method by non-parametric

graph signal processing.

More recently, TIGER [146] devises a temporal dual-memory graph network that
merges the memory update and temporal embeddings to alleviate the staleness prob-
lem in update and also designs a restarter module that aims to help model restart
flexibly. Furthermore, AMCNet [I33] studies the complex correlations among dif-
ferent dynamics of structural scales, while DynShare [I51] models the symmetric
interactions and fine-grained time information for share recommendation by build-
ing bi-directional temporal GNN. HOPE [59] incorporates both second-order graph
convolution and second-order ODE to capture non-neighborhood information and
temporal dependencies in graph for better modeling interacting dynamics. DEGC

[32], which emphasizes the importance of preference shifts in streaming recommenda-
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tion, designs a model isolation-based continual graph learning method that operates

refining, pruning, and expanding on graphs.

Next, SEAN [140] proposes a selective neighborhood encoding mechanism for auto-
mated temporal graph modeling, which can be employed into existing T-GNN meth-
ods to achieve further improvement. Similarly, CNE-N [I1] presents a new light-cost
co-neighbor encoding mechanism by compressing the adjacency matrix and calculat-
ing co-neighbors in parallel, which accelerates the computational process. Meanwhile,
to improve the scalability, SimpleDyG [103] maps the dynamic graph into a set of
sequences and develops a simple yet effectiv Transformer-based architecture to model
the dynamic graph without complex modifications. In addition, the knowledge infor-
mation regarding the interactions, could also be utilized in dynamic environment to
uncover the knowledge evolution and strengthen the temporal graph modeling. For
example, StreamE [135] continuously accrues new knowledge to temporal knowledge
graphs as streams and incrementally update and read temporal representations to
conduct real-time prediction. Moreover, HGLS [I38] constructs the sub-graph and
the global-graph over the raw temporal knowledge graph, then successfully deriving

both the short-term and long-term representations based on them.

Despite the remarkable achievements in TGL, it is still challenging to leverage TGL
for dynamic recommendation due to the scenario characteristics. The first issue is
how to efficiently convert static RecSys into dynamic RecSys with the support of var-
ious TGL methods. This would further pose another urgent question about how to
comprehensively explore the dynamic evolution from multiple perspectives for both
users and items. The second issue is that the newly-arrived interactions are directly
learned /injected to update representations. However, not all the newly-arrived inter-
actions would benefit the temporal representation learning. Measuring the effective-
ness of them could improve the application of TGL. The third issue is similar to the
second one. The historical interactions, which record user long-term behaviours, are

not always appropriate to derive user long-term preferences. Some historical inter-
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actions may be occasional results. Considering the number of historical interactions
is very large, dynamically verifying the influence of them would deliver significant
and substantial improvement to the TGL for dynamic RecSys. The last issue is that
most existing TGL methods cannot handle the unfairness issue that could destroy the
reliability of RecSys. However, the study on fairness is more than the representation

learning itself. Thus, it requires another section to review related literature.

2.4 Fairness in Recommendation

The issue of fairness in recommendation has received growing concerns because recom-
mendation systems touch people’s lives deeply and profoundly [26] 27]. It affects how
people access information and how information is exposed to users [120]. Therefore,
numerous fairness-aware methods have been proposed based on different dimensions,
including item-side fairness for producers, user-side fairness for consumers, and dual-

side fairness for both of them.

On the item side, fairness could be quantified as the exposure each item gets in ex-
pectation during inference [36]. Hence, to alleviate the popularity bias, many studies,
such as FELIX [36] and FaiRIR [14], re-allocate the exposure by estimating their
collective merit to users. On the other hand, the unfairness issue should be consid-
ered from not only the item side but also the user side [48]. FairRec [100] and UGF
[48] eliminate the recommendation disparity from individual and group perspectives,
respectively, to improve the recommendation quality for disadvantaged users. Fur-
thermore, OCEF [I7] proposes to audit for envy-freeness aligned with individual
preferences, which assumes every user should prefer their recommendations to those
of other users. Nevertheless, framing the fairness problem for only items or users may
appear oversimplified and cause more unfairness to the neglected side [62]. Thus,
some methods leverage dual-side fairness for both users and items by conducting

multi-task optimization, such as TFROM [102], CPFair [62] and TSED [89].
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Although the above-mentioned methods have achieved progress in fairness for RecSys,
there is still one obvious shortcoming. They focus on static fairness which ignores the
rapid temporal evolution of fairness. In other words, most of them derive the global
fairness from offline data, without investigating it in the dynamic environment. To
this end, FCPO [25] leverages the constrained Markov decision process to model
long-term influence of item exposure. Then, a novel method DM [60], adapts the
existing discrepancy minimization algorithm into the dynamic settings to mitigate
exposure bias in the long run. Meanwhile, from the view of user-side fairness, FADE
[126] presents differentiable recommendation metrics to introduce the fairness loss
into model fine-tuning. However, they are limited to a single perspective (user side or
item side). Thus, studying the dual-side dynamic fairness in one unified framework
is still a challenge to dynamic RecSys, which further encourages the research in this
thesis. Mitigating the dynamic dual-side unfairness over time for both users and items

can build a more reliable and fairer dynamic RecSys.
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Chapter 3

Multi-Perspective Dynamic Graph
Evolution Leaning for

Recommendation

Graph neural network (GNN) based algorithms have achieved superior performance
in recommendation tasks due to their advanced capability of exploiting high-order
connectivity between users and items. However, most existing GNN-based recom-
mendation models ignore the dynamic evolution of nodes, where users will contin-
uously interact with items over time, resulting in rapid changes in the environment
(e.g., neighbor and structure). Moreover, the heuristic normalization of embeddings
in dynamic recommendation is de-coupled with the model learning process, mak-
ing the whole system suboptimal. In this chapter, we propose a novel framework
for generating satisfying recommendations in dynamic environments, called Dynamic
Graph Evolution Learning (DGEL). First, we design three efficient real-time update
learning methods for nodes from the perspectives of inherent interaction potential,
time-decay neighbor augmentation, and symbiotic local structure learning. Second,

we construct the re-scaling enhancement networks for dynamic embeddings to adap-
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tively and automatically bridge the normalization process with model learning. Third,
we leverage the interaction matching task and the future prediction task together for
joint training. Extensive experiments on three real-world datasets demonstrate the

improvements of our proposed DGEL.

The content in this chapter mainly focuses on addressing the research challenge RC

1 and overcoming the limitation EL 1 by proposing a novel framework DGEL.

3.1 Brief Introduction of DGEL

Personalized recommendation systems that help users discover items they are likely to
consume alleviate the information overload in many applications, such as e-commerce
(e.g., Amazon and Taobao) and social network platforms (e.g., Facebook and Insta-
gram) [0, 148, [71] 18]. In recent years, graph neural networks (GNN), which model
user-item interactions as a graph, have achieved phenomenal success in recommenda-
tion tasks [147]. The domination of GNN in various fields profits from its advanced
ability to preserve graph topological structure information [114, [68] and node intrin-
sic features aggregated from neighbors and itself [77, 92]. A significant superiority of
such GNN-based recommendation models is that they exploit the possibility of link-
ing users and items in the interaction graph and the high-order connectivity therein
by explicitly propagating the node embeddings over the graph [21] [55]. Hence, from
Light GCN [34] to HCCF [108], we can observe that the improvements for recommen-
dation lie at the heart of the neighboring aggregation function for deep representation

learning, which determines the recommendation performance.

However, most existing GNN-based recommendation models are consistent with tra-
ditional one-round recommendation patterns [108], 19} 2] [43], which generate a fixed

recommendation list for the target user during the prediction stage and lack the real-
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Figure 3.1: Dynamic multi-round recommendation vs. traditional one-round recom-
mendation. For dynamic recommendation, the core is to precisely capture user and

item dynamics and update the recommendation list in real time.

time update strategy when the user preferences change [46, 104]. In other words,
it significantly ignores the dynamic evolution of nodes in the interaction graph over
time. For example, in real-world recommendation scenarios, users tend to interact
with items continuously at distinct times, resulting in rapid evolution and changes
in the environment, such as neighbors and structure [105]. The discrepancy between
multi-round and one-round recommendations is illustrated in Figure Although
some models have considered temporal context to correct representation from the
graph [75], 8], 62 107], the ultimate return lists are still designed under traditional
one-time recommendation strategies. In addition, the user preferences are dynamic
and diverse over time [22] 37], making it necessary to update and modify the real-
time recommendation list to satisfy the user requirements by capturing the current
user dynamic preferences. Another tough challenge is that the heuristic and intu-

itive normalization methods in GNN (e.g., L2 normalization) decoupled from model
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learning can lead to the inflexible limitation to the value range of each node embed-
ding and cause undesirable effects, such as scale distortion issues between different
embeddings [76]. Namely, the performance of the whole system is likely to become
sub-optimal when applying such static pre-defined normalization. Unfortunately,
despite the urgent desire for adaptive and automatic normalization design in the dy-
namic recommendation, it is frustrating that such an issue does not receive enough

attention.

To tackle the above-mentioned challenges, we propose a novel framework for the
multi-round dynamic recommendation, which is named Dynamic Graph Evolution
Learning (DGEL). Specifically, to learn user and item dynamics effectively and ef-
ficiently, we design three learning methods from different perspectives to accurately
represent dynamic sub-embeddings in DGEL, i.e., inherent interaction potential (IIP),
time-decay neighbor augmentation (TNA), and symbiotic local structure learning
(SLS). Furthermore, user-item interactions follow a sequential order and bring tem-
poral evolution [99], forcing our DGEL to update and modify recommendations at
each distinct time when a new interaction is formed. Meanwhile, the heuristic and in-
tuitive normalization methods, which are independent of dynamic update and model
learning, impose limitations on these dynamic embeddings, restricting the perfor-
mance of the whole dynamic recommendation system. Considering we design indi-
vidual dynamic embeddings from three perspectives, it is essential to bridge normal-
ization with the learning process of our framework to adaptively and automatically
modify these dynamic embeddings. Hence, we construct the re-scaling enhancement
networks (RENet) to make embeddings comparable and to fit differences between in-
puts. Moreover, inspired by the idea of multi-tasks to compensate for the absence of
rich information in the sparse graph [101], we leverage joint training for the interac-
tion matching task and the future prediction task to ensure that the rapid evolution
of nodes is consistent with the temporal-linear graph pattern. We summarize the

contributions of this work as follows:
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e To investigate user and item dynamics precisely, we carefully devise inherent inter-
action potential, time-decay neighbor augmentation, and symbiotic local learning

to update node dynamic embeddings with rich graph information comprehensively.

e We propose the re-scaling enhancement networks to bridge the normalization with
the dynamic embedding learning process adaptively, which can keep the consis-
tency and comparability of dynamic embeddings and avoid the model becoming

suboptimal.

e To further improve the performance and ensure the temporal-linear evolution of
nodes, we leverage two tasks, the interaction matching task and the future predic-

tion task together for joint training.

e We utilize real-world datasets to evaluate the effectiveness and superiority of our
proposed model. Furthermore, we conduct ablation studies and variant research to

confirm the importance of each proposed component in our model.

3.2 Preliminaries

In this section, we first briefly introduce the graph neural network for recommendation

and then define the dynamic recommendation with the evolving graph over time.

Recap Graph-Based Paradigm for Recommendation. Suppose the recommen-
dation scenario involves m users and n items with the user set U = {uy, ug, ..., Uy, }
and item set V = {vy, vg, ..., v, }. Edges in the user-item interaction graph G are built
if user w; has interacted with item v; (e.g., click action in e-commerce). To begin
with, we initialize users and items via a d-dimensional latent space to encode their
representation under interaction patterns. More precisely, h; € R? and h; € R? are
generated for user u; and item vj, respectively. In addition, all the users and items
compose the embedding matrices HY € R™*? and HY € R"*¢. Upon the constructed

interaction graph, the core idea of the graph-based paradigm lies in the information
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aggregation functio (e.g., average aggregation) [109]. Inspired by Light GCN [34], an

efficient aggregation for both users and items could be indicated as follows:

(k+1 k+1 ) 31
]%; vana \/|N Zez]\; vana \/|N (8:1)

where hz(-kﬂ) and h§k+1) denote the refined embedding of user u; and item v; after
k convolutional layers, respectively . N; denotes the set of items that are interacted
with user w; while N; denotes the set of users that interact with item v;. With the
support of such aggregations, capturing local graph structure information to learn

better node representation for making link prediction becomes a reality.

Evolving Graph for Dynamic Recommendation. In real-world scenarios, users
tend to interact with items continuously, leading to the rapid evolution of the graph.
Now we define evolving graph for dynamic recommendation according to work [42]
40, [105], that is G', the snapshot at time ¢. It is formed by S which represents an
ordered sequence of temporal user-item interactions in the graph. The r-th interaction
happened between user u; and item v; is denoted as s%/ = (u;,v;,t, f), where ¢ and f
represent the timestamp and feature vector of the interaction, respectively (note that
not all the interactions have features). Hence, as interactions are observed in temporal
order, the graph will evolve over time. As a consequence, the recommendation system
needs to modify its recommendation results. That is also consistent with real-world

applications where users will not only receive a fixed recommendation list.

The core component of dynamic recommendation based on the interaction graph is
how to update dynamic embedding efficiently since the graph evolves all the time.
Here, we devise two embeddings for each node in the graph, i.e., static and dynamic
embeddings, to encode both the long-term stationary properties of the entities and
their dynamic properties. Static embeddings (e.g., one-hot vectors or side-information
vector) of user w; and item v;, denoted as h; € R? and Bj € RJ, will keep unchanged.
While dynamic embeddings, denoted as h; € R? and flj € RJ, evolve over time

to model their time-varying representations. Therefore, our goal is to update node
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dynamic embeddings accurately after observing current interaction at time t and
generate a modified recommendation list for future ¢ + 1 based on that:
~t o~ ~ -1 ~t—1
h;, b’ = Fo (hi i, ,f), (3.2)
Rec™ = {v; | v; € V,[R) | by] ~ [h;' | h; 3.3
ec; =A{v; [v; €V, [hy [ hy] =~ [h; [ hi]}y, (3.3)

where Fg is our framework with parameter set © that investigates node dynam-
ics from various generative perspectives and f is the feature of current interaction.
Rec!™ is the new recommendation list for the user u; at future time ¢+ 1 when he/she
uses our recommendation service again and k is the length of list. [z || y] represents
the concatenation of vector z and y. Moreover, ~ aims to discover the target items
nearest to user embeddings at time ¢ + 1. It is worth noting that, in our dynamic
recommendation scenario, we have two channels to update user and item represen-
tations, respectively. This resembles the dual-tower architecture which effectively
generates representations for both user and item sides. The user channel incorpo-
rates item representations, while the item channel incorporates user representations,

thereby enabling the exchange of temporal information in a unified embedding space.

3.3 DGEL Framework

In this section, we present the overall architecture of DGEL in Figure 3.2l First, we
devise three dynamic learning methods, i.e., inherent interaction potential, time-decay
neighbor augmentation, and symbiotic local structure learning, to comprehensively
capture node dynamics over time. Second, we construct the re-scaling enhancement
network to bridge the normalization with the dynamic embedding learning process to
seek consistency and comparability of dynamic embeddings and avoid scale distortion
issues. Third, we leverage the future prediction task and interaction matching task
together for joint training to improve the overall performance of the proposed DGEL

framework. Technical details are discussed in the following sub-sections.
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Figure 3.2: The illustration of DGEL’s overall architecture. We capture user and
item dynamics using three learning methods from the perspectives of interaction,
neighbors, and local structure. Then we construct the re-scaling enhancement net-
work to bridge the normalization of dynamic embeddings with model learning. Last,
we leverage two tasks, the interaction matching task and the future prediction task

together for joint training.

3.3.1 Dynamic Representation Learning

Inherent Interaction Potential

Inspired by [42 22], we assume that the current interaction between user u; and
item v; at time ¢ plays a key role in reflecting the user and item current states,
leading to more meaningful dynamic embeddings. Also, the interaction itself indicates
the explicit attraction for user u; and item v; to each other, revealing the inherent
potential of linking user u; with item v; under dynamic circumstances in the graph.

We call this Inherent Interaction Potential (IIP).

Since our scenario belongs to interaction-based multi-round dynamic recommenda-
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tion, the first and foremost objective is to investigate IIP for user u; and item v; with

the following form:

hi(ITP) = o(Wih, | + Wik, + W, f + WYAL), (3.4)
p ct-1 p ct—1 v v
h;(]]P) = U(thj + Wish,  + Wi f + Wi, AL), (3.5)

where hi(II1P) hi(IIP) € R? represent the updated embeddings for user u; and
item v; at time ¢ from the perspective of inherent interaction potential. ﬁ:_l and
fl;-_l are the dynamic embeddings at previous time. In addition to nodes, we also
consider the current interaction feature f. At; denotes the time interval between
the current interaction and the previous interaction of user u; (with any item) while
At; is the time interval between current interaction and previous interaction of item
v; (with any user). Wi _;53 € R4 WY e Re and WY,_,, € R>4 WY, e R?
are learnable weight matrices for users and items, respectively. o is the activation
function throughout this chapter (e.g., Tanh and LeakyReLU). The reason that we
devise two channels W7, _,, and W7,_,, is the explicit updating trend from the

current interaction exhibits different dynamic levels for users and items. In general,

user dynamics are more sensitive to interaction than item dynamics.

Time-Decay Neighbor Augmentation

Having investigated user-item interaction behaviors, we seek to explore the influ-
ence information from historical records of nodes (both users and items) that reveals
the long-term dynamic attributes. In section 3.1, we recap the graph convolutional
paradigm by neighbors. However, adopting static attributes (e.g., degrees of nodes)
makes such methods (e.g., Light GCN [34]) impotent to freeze the snapshots at distinct

times.

Moreover, simple mean or graph attention [46] in dynamic neighbor aggregation will
lose the temporal information severely. Hence, following the work in [I05] ©9], to

construct efficient neighbor aggregation that maintains the influence derived by time
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interval, we propose the single-convolution time-decay neighbor augmentation (TNA)

aggregation as formulated below:

t—1
J

~t71 ~
hi(TNA) = o(Wyh; + > Whr'h,

JEN;

), (3.6)

t—1
7

v 1 v U
h'(TNA) = o(Whh; + > Whyr'h,

€N

), (3.7)

where hj(TNA), hj(TNA) € R? represent the updated embeddings for user u; and
item v; at time ¢ from the view of time-decay neighbor augmentation. N; denotes
the set of items that are interacted with user u;, and N; denotes the set of users that
interact with item v;. Wy, 9, € R%d and W30 € R%d are learnable weight matri-
ces for users and items, respectively. Our function x outputs the time-weight of each
neighbor that is based on Softmax: "(t; —t;) = exp(7;;)/ > ;- cnqy €xp(Tij-), Tij =
—(t; — tj)/max(t; — tj-j-cn)). Instead of the complex time-aware attention score
that requires additional training overhead, we adopt the negative time-interval nor-
malization for Softmax, which is fast to compute without other hyperparameters.
Note that, the neighbor sets for both user u; and item v; are only the snapshots at
current time ¢ and will change over time as new interactions between users and items
will form. Consequently, our time-decay neighbor augmentation keeps consistent with

real-world scenarios.

Symbiotic Local Structure Learning

Although the aforementioned inherent interaction potential and time-decay neighbor
augmentation endow our DGEL with the capability of exploiting the node evolution
from interactions and relevant neighbors, they are still decoupled from each other
and work in their own way. Hence, we further supercharge our DGEL with Symbiotic
Local Structure Learning (SLS), which absorbs the impact of interaction and the
excitements from the neighbors. The excitements measure the tendency of current

interaction happening under the environment (or context) composed of neighbors.
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In our assumption, forming a new interaction between user w; and item v; depends
on their inherent features and mutual neighbors simultaneously. It is reasonable to
encode the interaction and neighbors into a local structure. Towards this end, we
apply pooling operation [114] to realize our SLS for conserving computational cost.

Formally, the SLS for user u; and item v; is derived as follows:

hi(SLS) = o(Wy(hy ' — R} )P + Wiavg({h, ¥z € N;}) .
3.8
+ Wiavg({h, ', Vz € N;}),
: o pt=1 =t—1 " ~t—1
hj(SLS) = o(W35(h; —h; )P+ Wisavg({h, ,Vz € N;}) (3.9)

+ Wiavg({h. ',Vz € N;})),

where h}(SLS), h;(SLS ) € R? denote the updated embeddings for user u; and item
v; at time ¢ from the perspective of symbiotic local structure learning. (x — y)P
represents the element-wise power function between x and y where (r — y)? = (y —
x)? when p = 2. Otherwise, the outputs are opposite for the user and item to
focus on their own learning injection when p = 1. W3, 45 € Réxd and W3, 53 €
R4 are learnable weight matrices for users and items, respectively. To model the
discrepancy between users and items on dynamic sensitivity, similar to Section 4.1.1,
we construct two channels to process the same pooling operation on user neighbors
and item neighbors. The SLS helps us to understand the implicit correlation between
two local groups under the light paradigm of structure learning. So far, we have
obtained three categories of dynamic embeddings. Next, we will introduce how we

re-scale these embeddings to form the final dynamic embedding.

3.3.2 Re-scaling Enhancement Network
Bridge the Normalization with Model Learning

Even though the superiority of GNNs over shallow graph embeddings comes from

various aggregations and encodings, there is still one common weakness in such ag-
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gregation and encoding mechanism of many dynamic recommendation models [105],
22, 42, 99 46]. Heuristic and intuitive normalization methods (e.g., L2-Norm) on
representations of nodes are independent of the model learning, causing inflexible
limitations to the value range of node embedding and undesirable effects (e.g., the
scale distortion issue between different embeddings). Since we derive dynamic sub-
embeddings from three novel generative perspectives (see Section 4.1), it is essential
to link the normalization coefficients to the learning process of our model to endow it

with an automatic and adaptive ability to determine the appropriate scaling degree.

Motivated by [76], we propose the Re-scaling Enhancement Network (RENet) to
further scale the dynamic embeddings. To the best of our knowledge, it is the first
time applying the neural re-scaling strategy on dynamic recommendations. Without
losing generality, here we use h to represent dynamic embeddings derived from any

perspectives (in Section 4.1) and define our RENet with a 2-layer MLP as follows:

G(h) = o9(wy0,(W1ih + by) + by), (3.10)

h® = G(h) - h, (3.11)

where W, € RY QX‘Z, b, € RY2 w, € RY2, and by € R are the learnable parame-
ters of G(-) that outputs a re-scaling factor. o; is the activation of the first layer,
which could be any option (e.g., Tanh and LeakyReLU) while oy is the activation
of the second layer and it determines the value of re-scaling factor. In [70], o9 is
the Sigmoid function to force the output value in (0,1). However, we observe that
the value range of each dimension in node embeddings is too small to bring obvious
numerical variation in the second layer before Sigmoid, which means the output of
Sigmoid always approaches Sigmoid(0) = 0.5 (e.g., 0.48 and 0.52). Thus, we select
LeakyReLU as the activation of the second layer to allow more valuable space for the
factor. G(-) could adaptively control the scaling intensity according to the dynamic
embedding. Meanwhile, we separately assign independent RENets for the distinct-

perspective dynamic embeddings, such that our model can distinguish the impact of
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them. There are some other re-scaling variants (e.g., Feed-Forward Network), and we

will compare them with our RENet.

Final Dynamic Representation

To fulfill the final dynamic embedding of user u; and achieve evolution learning for
user, we adopt concatenation of the re-scaled h’(I1P), hi(TNA) and hi(SLS) (same
operation on item) for two reasons: 1) maintain their own dynamic information from
the various perspectives of interaction, neighbors, and local structure; 2) keep the
consistency with RENet since RENet corrects these sub-embeddings individually and
enhances the expression of them. Moreover, we adopt a learnable weight sum of
dynamic states from the current time and previous time because remembering the
essential information from the previous embedding at time ¢ — 1 is a common idea in
the sequential recommendation. Therefore, the final dynamic embeddings for user wu;

and item v; at time ¢ are constructed as follows:

b, = o(WY[h!(IIP)||h'(TN A)||h'(SLS)] + WUh; ' + by), (3.12)

b = o(WE[h' (ITP) || (TN A)||h}(SLS)] + WEh, '+ by), (3.13)
where WY € RT3 W ¢ R4 by € RY and WY € R WY € R b, € R?
are learnable parameters for users and items, respectively. Here, we finally obtain
the user and item dynamic embeddings after dynamic evolution learning and re-
scaling enhancement networks. Note that our dynamic model DGEL only updates
the corresponding user w; and item v; of the current interaction instead of updating

all nodes in the interaction graph. In the following sections, we will present the details

about leveraging multi-tasks in the dynamic recommendation for joint training.
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3.3.3 Multi-Task Joint Training
Match the Current User and Item

Having established the evolution of user w; and item v; based on the current interac-
tion at t, we treat them as the positive pair to measure the level of matching the user
and item under our DGEL framework. The auxiliary supervision of positive pairs
ensures the accuracy of updated dynamic embeddings according to the fact they have
linked with each other at the current time. For simplicity, we adopt the BPR loss
function to calculate the matching level of all the positive pairs from the ordered

interaction sequence:
|S|

1 . o o o
> Log(o(sy! — s )),sy) € S,s17 ¢S, (3.14)
t=1

‘Cbpr - E

. i ot ot . . . . :
where inner-product s;” = h, x h; is positive pair belonging to interaction set S and

si’j ~ is sampled negative pair for user ;. o is Sigmoid function. In our assumption,
the positive pairs brought by real interactions will amplify the distinction from fake

interactions via this BPR loss.

Future Drifting and Evolution Loss

Dynamic recommendation methods usually generate embeddings only when users
take actions on items and do not explicitly model the future trajectory of the user
in the embeddings space. Thus, motivated by [42], 46], we introduce a future drifting
component to predict the future embeddings of user preference and target item at
any future time, which encourages the flexibility and extendibility of our framework:

'Y = 1+ A+ 1)wy) R (3.15)

v — Wb Wik + Wik, + Wik, + b, (3.16)
1)

where fl: (- is the predicted future dynamic representation of u; at time ¢+ 1 and A

calculates the interval between time ¢ and time ¢+ 1. h; and h; are static embeddings
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of user u; and item v;. W € R‘i, Wy, € R(J+J)X‘i, W;s € R(C”‘Z)Xj,b € R are
learnable parameters to obtain the predicted item embedding \NI;(HD that user will
interact with in future. Note that, in Equation (see Section 3.2), we update
recommendation results and generate a new list according to the combination of two
parts: dynamic embedding and static embedding. Therefore, \7;(”1) is the (ci + d)-

dimensional embedding and once user u; access our system at future time t + 1, we

*(t+1)
j .

will return top-k items whose embeddings are nearest to v
In practice, we propose the evolution loss to minimize the distance between the pre-
dicted item embeddings and ground truth item embedding at every interaction. We

compute the evolution loss below:

~*(t+1 t+1 ~1 ~t—1 ~t ~t—1
Lo =Y 9" =n{™ V)2 4 |[h; — b, |2 + by — by |2, (3.17)
ijtes
o . . (t+1) _ @41
where the first term minimizes the predicted embeddings error and h; " = [h; 7, hy]
is the ground truth that user actually interacts with at time ¢ + 1. || - |* is the L2

regularization. The last two terms are added to prevent the consecutive dynamic evo-
lution from changing too drastically. The three terms equally constitute the evolution

loss for our dynamic recommendation scenario.

Joint Training

To improve the overall performance of the proposed DGEL framework for generating
recommendations in dynamic environments, we leverage a multi-task training strat-
egy to jointly optimize the interaction matching task and dynamic evolution task as
follows:

L = Leyo + Ly, + 5107, (3.18)

where © is the set of model parameters. « controls the BPR loss value to balance
it with evolution loss and ¢ controls the strength of L, regularization. We fully take

the benefits of multi-task joint training in our scenario: 1) investigate the cohesion
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of current interaction by the corresponding updated user node and item node; 2)
make accurate predictions for the future that allows user preference to drift without

limitation of time.

3.3.4 Model Complexity

Since our framework only updates the corresponding user and item of current in-
teraction to modify recommendation results, the model complexity totally depends
on the number of interactions. The inherent interaction potential takes O(|S| x d)
complexity where |S| is the number of interactions and d is the dimension of dynamic
embeddings. Additionally, time-decay neighbor augmentation and symbiotic local
structure learning both take O(|S| x |N| x d) where |N| is the number of neighbors.
The re-scaling network takes O(L x |S| x d) cost where L denotes the number of layers
(which is set to 2 in our DGEL). In the future drifting module for prediction, owing
to the combination of dynamic and static embeddings, the cost is O(|S| x (d + d))
where d is the dimension of static embedding. The computation cost for the multi-
task joint loss function is O(|S| x (d + d)). Last, we can complete the top-k list in

a small linear time based on the predicted future item embedding by data structure

algorithms instead of calculating the scores of all items.

3.4 Experiments on DGEL

Extensive experiments are conducted to evaluate the performance of our proposed

model DGEL by answering the following research questions:

e RQ1: How dose our DGEL perform when comparing with the state-of-art dynamic

recommendation methods?
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e RQ2: How do different modules (e.g., time-decay neighbor augmentation, re-

scaling enhancement network, etc.) contribute to the overall performance of DGEL?

e RQ3: What are the effects of other optional variants (e.g., sum-pooling local

learning, feed-forward network re-scaling, etc.) in our DGEL?

e RQ4: How do the key hyper-parameters (e.g., length of the historical neighbor set,

dimension of dynamic embedding) influence the performance of our DGEL?

3.4.1 Experimental Settings
Datasets

We conduct experiments on three public datasets collected from different real-world
platforms. Reddit} this dataset consists of one month of user posts on subred-
dits. We select the 1,000 most active subreddits as items and the 10,000 most active
users, resulting in 672,447 interactions. Besides, the text of each post is converted
into a feature vector representing their LIWC categories [76]. Wikipedia? this
dataset contains one month of edits on Wikipedia. 157,474 interactions are filtered
out for recommendation by the editors who made at least 5 edits and the 1,000 most
edited pages. Also, the edited texts are converted into LIWC vectors as features.
Foursquare’} this dataset contains check-ins in Tokyo collected for about 10 months
[118]. We choose the 1,000 most active users and the 1,000 most visited locations for
the recommendation task, totaling 209,730 check-ins. In this dataset, interactions do

not have features. Table presents the statistical information of the datasets.

Thttp://files.pushshift.io/reddit/
Zhttps://meta.wikimedia.org/wiki/Data_dumps
3https://sites.google.com/site/yangdingqi/home/foursquare-dataset
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Table 3.1: Statistics of the experimental datasets.

Dataset User Item Interaction Average Feature

Reddit 10,000 984 672,447 67 v
Wikipedia 8,227 1,000 157,474 19 v
Foursquare 1,000 950 209.730 209 X

Baselines for Comparison

We compare our DGEL with various outstanding dynamic recommendation methods

for performance evaluation.

Time-LSTM [I56]: A LSTM variant to model user sequential actions, equipping

LSTM with time gates to model time intervals.

DeepCoevolve [I3]: A deep co-evolutionary network to define and capture com-

plex mutual influence between users and items.

LatentCross [3]: An easy-to-use technique to incorporate contextual data by em-

bedding the context feature and performing an element-wise product of them.

CTDNE [63]: A general framework that gives rise to methods for learning time-

respecting embeddings from continuous-time dynamic networks.

DGCEF [46]: A novel framework leveraging dynamic graphs to capture collaborative

and sequential relations of both items and users at the same time.

FIRE [104]: A fast-incremental non-parametric recommendation method via graph

signal processing that does not suffer from the time-consuming back-propagation.

TREND [99]: A novel framework for temporal graph representation learning
driven by temporal events and node dynamics and built upon a Hawkes process-

based graph neural network.
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Evaluation Protocols and Metrics

For a fair comparison, we employ the interaction-based all-ranking strategy to be
consistent with the same setting in [42]. Specifically, we use the first 80% data to
train, the subsequent 10% to validate, and the final 10% to test. We evaluate the
performance of models in terms of the Mean Reciprocal Rank (MRR) and Recall@10.
Since we consider the multi-round dynamic recommendation scenarios, we measure
each test interaction in chronological order, which is totally different from static GNN-
based recommendation evaluation. For each interaction, the ranking of the ground
truth item is computed with respect to all the items in the dataset by their L, distance
from predicted item embedding (see Equation . We train the proposed DGEL by
adopting temporal batch algorithm [42], [46], which follows three criteria: 1) it should
process the interactions in each batch simultaneously; 2) the batching process should
maintain the original sequential ordering; 3) each batch should not have duplicate
nodes therein (it will lead to conflict when updating the same node). Note that we
do not re-train all the dynamic models on the testing data to avoid touching future

information and leading to unfair predictions during the test stage.

Hyperparameter Settings

We adopt AdamW [58] with the learning rate of le — 3 as our optimizer for training,.
We only use a single propagation layer for both time-decay neighbor augmentation
and symbiotic local structure learning. In the re-scaling enhancement network, the
dimension of the first layer is the size of input dynamic embedding and the dimension
of the second layer is half of the first layer. The dimension of dynamic embedding
and the length of the historical neighbor set are selected from {16,32,64, 128} and
{50, 100, 150, 200, 250, 300}, respectively. The coefficient « that controls the BPR
loss is selected from {0.001,0.0005} because evolution loss is much smaller, and the

coefficient ¢ of regularization is set as le — 2. Last, we implement all the experiments
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Table 3.2: Performance comparison of all models on Reddit, Wikipedia, and
Foursquare in terms of MRR and Recall@10. The bold and underlined numbers
are the best and second-best performances. The last row is the improvement com-

pared with the second-best performance.

Reddit Wikipedia Foursquare
MRR | Recall@10 | MRR | Recall@10 | MRR | Recall@10

Models

Time-LSTM 0.387 0.573 0.247 0.342 0.135 0.279
DeepCoevolve | 0.171 0.275 0.515 0.563 0.217 0.326
LatentCross 0.421 0.588 0.424 0.481 0.193 0.289

CTDNE 0.165 0.257 0.035 0.056 0.018 0.041
DGCF 0.629 0.795 0.646 0.713 0.368 0.672
FIRE 0.332 0.814 0.259 0.648 0.154 0.524
TREND 0.647 0.809 0.588 0.691 0.370 0.663

Our DGEL 0.701 0.849 0.674 0.756 0.381 0.697

Improvement | 8.3% 4.2% 4.3% 6.0% 2.9% 3.7%

with Pytorch in an NVIDIA 3090 GPU.

3.4.2 Performance Comparison

Now we report the performance evaluation of all dynamic methods to demonstrate
the superiority of DGEL in Table From the results, we summarize the following

observations.

e Overall Performance. DGEL consistently outperforms all dynamic baseline
methods in all datasets, especially yielding significant improvement on Reddit.
This result verifies the accuracy and effectiveness of our proposed DGEL that en-
dows the graph with the capability of evolving from three novel and appropriate

perspectives with the re-scaling network. The average of interactions in Foursquare
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is the largest, and this dataset lacks features of interactions. In this case, it is hard
to distinguish valuable interactions for dynamic evolution, and the evaluation met-
rics across all methods (including DGEL) are inferior to the other two datasets.
Except for Reddit, the improvements on Recall are greater than MRR in Wikipedia
and Foursquare. It may result from our joint loss function design that focuses on
investigating positive user preferences and discovering high-relevant future items.
To sum up, DGEL gains performance improvements for multi-round dynamic rec-

ommendations.

e Generality and Flexibility. The diversity of evaluation datasets varying in
different sparsity degrees, availabilities of features, and various recommendation
scenarios justifies the generality and flexibility of DGEL. Several factors determine
that of DGEL: 1) The time-decay neighbor augmentation and symbiotic local struc-
ture learning, which capture the collaborative signals independently, only depends
on the temporal interaction sequence. 2) All components in dynamic representa-
tion learning are adopted with single-layer convolution to avoid over-fitting and
over-smoothing caused by multiple aggregations, which also speeds up the updat-
ing process. 3) Our re-scaling enhancement network can adaptively explore the

impact of various dynamic sub-embeddings.

e Dynamic Graph Superiority. In most cases from the comparison result, the
dynamic recommendation models that apply dynamic graph networks (e.g., DGCF,
TREND, and our proposed DGEL) achieve superiority over non-graph dynamic
recommendation. We contribute this to the natural investigation of the graph on
the implicit connectivity between users and items, which reveals the possibility of
users linking with other items. Although the incremental dynamic recommendation
FIRE brings the fast updating strategy on interval-based sessions, it is inadequate
in real-time preference update leading to comparable results in terms of Recall ratio
only. By contrast, our DGEL performs better as it focuses on the fast update for the

current interaction and accurately explores the users’ rapid-changing preferences.
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Table 3.3: Ablation study on core modules of DGEL: Inherent Interaction Potential
(ITP), Time-decay Neighbor Augmentation (TNA), Symbiotic Local Structure Learn-
ing (SLS), Re-scaling Enhancement Network (RENet) and Future Drifting (Drift).

‘w/0" means ‘without’.

Reddit Wikipedia Foursquare
Models
MRR | Recall | MRR | Recall | MRR | Recall

DGEL w/o IIP 0.675 | 0.824 | 0.637 | 0.723 | 0.354 | 0.683
DGEL w/o TNA 0.682 | 0.830 | 0.659 | 0.736 | 0.361 | 0.690
DGEL w/o SLS 0.689 | 0.827 | 0.654 | 0.730 | 0.346 | 0.675
DGEL w/o RENet | 0.661 | 0.820 | 0.648 | 0.709 | 0.336 | 0.671
DGEL w/o Drfit 0.692 | 0.833 | 0.652 | 0.728 | 0.365 | 0.684
DGEL 0.701 | 0.849 | 0.674 | 0.756 | 0.381 | 0.697

3.4.3 Ablation Study of DGEL

We examine the effects of the core modules in DGEL from 1) the three dynamic
updating methods for node evolution; 2) the re-scaling enhancement network; and 3)

the future drifting for generating recommendations. Table lists the results.

e Effect of Dynamic Updating Methods for Node Evolution. We investi-
gate the effect derived from our inherent interaction potential module, time-decay
neighbor augmentation module, and symbiotic local structure learning module by
removing each of them separately. We observe that lacking exploration of the inter-
action itself (e.g., corresponding user and item, interaction feature, etc.) severely
degrades the performance of DGEL on Reddit and Wikipedia datasets, where both
have rich information describing the interaction. Compared with the inherent in-
teraction potential module, equipping with time-decay neighbor augmentation and
symbiotic local structure learning modules improves the performance by captur-

ing the collaborative signals, indicating the necessity of fast and efficient graph
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convolution for dynamic node evolution.

e Effect of Re-scaling Enhancement Network. As we can observe from the re-
sults, the performance of DGEL without the re-scaling strategy is almost the worst
in all the ablation experiments, which verifies our assumption: the different scales of
various embeddings that are conducted from their own space and learning method
will harm the performance of graph-based recommendation, not to mention the
scale distortion issues existing in both static and dynamic recommendation. More-
over, in our scenario, the three dynamic updating methods will repeat multi times
for target users (or items) since users will interact with items continuously. Hence,
DGEL requires the re-scaling network to adjust different dynamic embeddings to

ensure the accuracy of node evolution.

e Effect of Future Drifting for Predicting Recommendations. We also inves-
tigate the effectiveness of applying future drifting in the recommendation system,
which aims to drift user preferences to any future time and then discover the po-
tential items that the user will consume. Specifically, we replace the drifted user
preference embedding with the updated user embedding to predict future items
directly. From the results, it is clear that on the basis of the other complete mod-
ules, introducing the future drifting component could bring a rise in the overall
performance through its ability to exploit future preference. We can further con-
clude that additional future drifting will benefit our whole framework in predicting

recommendations.

3.4.4 Research on Feasible Variants

In this section, we conduct experiments to analyze different feasible variants of our
proposed DGEL: 1) sum and max pooling strategies for symbiotic local structure
learning; 2) Feed-Forward Network, Additive Network, and basic L2 normalization

for re-scaling enhancement network. and 3) linear weighted strategy for combining
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Table 3.4: Research on feasible variants of DGEL: pooling variants for symbiotic local
structure learning, normalization variants for re-scaling enhancement network, fusion
strategy for combining dynamic embeddings. We also report their corresponding

ablation results (if they have).

Reddit Wikipedia Foursquare
Variants
MRR | Recall | MRR | Recall | MRR | Recall
Max 0.692 | 0.831 | 0.667 | 0.732 | 0.373 | 0.695
Sum 0.698 | 0.843 | 0.661 | 0.715 | 0.372 | 0.680
w/o SLS 0.689 | 0.827 | 0.654 | 0.730 | 0.346 | 0.675

Feed-Forward | 0.696 | 0.840 | 0.668 | 0.731 | 0.351 | 0.687
Additive 0.682 | 0.830 | 0.670 | 0.738 | 0.364 | 0.679
L2 0.667 | 0.825 | 0.665 | 0.729 | 0.362 | 0.673

w/o RENet 0.661 | 0.820 | 0.648 | 0.709 | 0.336 | 0.671

Linear Weighted | 0.688 | 0.835 | 0.669 | 0.734 | 0.377 | 0.692

DGEL 0.701 | 0.849 | 0.674 | 0.756 | 0.381 | 0.697

dynamic embeddings. The results are shown in Table

e Pooling Selection for Local Structure Learning. For our symbiotic local
structure learning, we replace the average pooling strategy with two options, i.e.,
max pooling and sum pooling, which are widely used to encode graph structure.
From the results, we can observe that sum pooling is not competitive with max
pooling and our adopted average pooling as the data sparsity is over-low or over-
high (e.g., Foursquare and Wikipedia). We contribute this to the continuous multi-
time updating characteristic that leads to a fast increase of embedding value in the
dynamic recommendation. On the other hand, compared with the ablation of
local structure learning, any pooling selection for that brings positive performance

improvement.
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e Various Re-scaling Network Forms. The proposed re-scaling enhancement
network (RENet) is one of the core components in our DGEL because it bridges the
normalization with model learning adaptively and automatically. The observations
are two-fold. First, the design of the re-scaling factor by a 2-layer MLP executes
efficiently and scales the embeddings simply without complex learning paradigms
such as Feed-Forward Network and Additive Network, gaining more generality for
the whole framework. Second, adopting neural network based re-scaling methods
can outperform the decoupled heuristic L2 normalization, not to mention that
remove normalization for maintaining original embeddings. This further indicates

the importance of bridging the normalization process with model learning.

e Weighted Fusion of Dynamic Embeddings. From the results, it is obvious
that the linear weighted fusion of dynamic embeddings derived from different per-
spectives is still competitive across all the datasets, proving the power of the feed-
forward layer to extract deep information. However, the concatenation of embed-
dings speeds up the learning process. Moreover, under the effect of our re-scaling
enhancement network, the concatenation of embeddings maintains its own dynamic

information from different perspectives and keeps consistency with RENet.

3.4.5 Hyperparameter Sensitivity Analysis

We conduct sensitivity analysis of two hyper-parameters on the performance of DGEL

in Figure 3.3

¢ Dimension of Dynamic Embedding. This determines the complexity of all the
components and the length of concatenating dynamic embeddings derived from
three perspectives. From the results, we have two significant observations. First,
compared with the Wikipedia and Foursquare datasets, Reddit consists of a large
amount of interactions and requires more dimensions to extract user and item

features. Second, across all the datasets, overdimensioning (e.g., 128) severely

48



3.4. Experiments on DGEL

@— Reddit A= Wikipedia == Foursquare

ol 8| oo S
0-68'./—*\ \. 0.80
o K \\ 8
£ 0637 A ® A
= 40 = 0.75 14— ‘\_
] . o A
0.38 .—— [a's 0.70 4
i -
0.35 - | | | \. 065 \!
16 32 64 128 16 32 64 128

Dimension of Dynamic Embedding

0.70 ./‘—.\\./._. 0.85 1 ./.\‘,.—.
0.6814 —Ah

| \\ ©0.80
zZiZ Ay A
s ] '©0.75 1
0.38 1 R e e & A——‘\\H\A

0.36 0.70 './._—.—L—-__.

50 100 150 200 250 300 50 100 150 200 250 300
Number of Neighbors

Figure 3.3: Sensitivity of hyperparameters: The dimension of dynamic embedding

and the number of neighbors.

degrades the performance, and no further improvements are observed due to satu-

ration.

e Number of Neighbors. Both time-decay neighbor augmentation and symbiotic
local structure learning are influenced by this parameter. Similarly, we still have two
observations. On the one hand, the best number of neighbors for all the datasets is
strongly related to their sparsity (e.g., 100 produces the best performance for the
Wikipedia dataset because it has the least average interactions). On the other hand,
the Foursquare dataset seems less sensitive to the increasing number of neighbors.

We contribute this phenomenon to the data characteristic.
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3.5 Summary of DGEL

In this chapter, we propose a novel framework, named Dynamic Graph Evolution
Learning (DGEL), to realize the satisfying performance in the multi-round dynamic
recommendation. The proposed DGEL can comprehensively and efficiently capture
user and item dynamics over time from the perspectives of inherent interaction poten-
tial, time-decay argumentation, and symbiotic local structure learning. Meanwhile,
DGEL performs the initial attempts to adaptively and automatically bridge the nor-
malization of dynamic embeddings with the model learning process for the dynamic
recommendation. Moreover, DGEL is designed to update user preferences in real
time and adjust the recommendation results to satisfy users’ new requirements as
users continuously interact with the system. Extensive experiments on three real-

world datasets demonstrate the superiority and effectiveness of our DGEL.
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Chapter 4

Temporal Collaboration-Aware
Graph Learning for

Recommendation

Dynamic recommendation systems, where users interact with items continuously over
time, have been widely deployed in real-world online streaming applications. To up-
date representations dynamically, existing studies have investigated event-level and
history-level dynamics by modeling the newly-arrived interactions and aggregating
historical interactions, respectively. However, most of them directly learn the repre-
sentation evolution as new interactions occur, without exploring the collaboration be-
tween the newly-arrived and historical interactions, thus failing to scrutinize whether
those new interactions would benefit the evolution learning process when generating
dynamic representations. Moreover, most of them model the two levels of dynamics
independently, explicitly ignoring the inherent co-evolving correlation between them.
In this work, we propose the Temporal Collaboration-Aware Graph Co-Evolution
Learning (TCGC) for the dynamic recommendation scenario. First, we explore the

effectiveness of collaborative information and devise the collaboration-aware indica-
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tor to guide the evolution learning process. Second, we design a temporal co-evolving
graph network, enabling our framework to capture the correlation between event and
history dynamics. Third, we leverage the evolution task and recommendation task
together for joint training. Extensive experiments on four public datasets demon-

strate the superiority and effectiveness of our proposed TCGC.

The content in this chapter mainly focuses on addressing the research challenge RC

2 and overcoming the limitation EL 2 by proposing a novel model TCGC.

4.1 Brief Introduction of TCGC

Dynamic recommendation systems where users would interact with items continu-
ously have been widely deployed in many real-world applications, e.g., online shop-
ping, short-video streaming, social network, and real-time navigation [22 32}, 83 [106].
In such dynamic environments, the burst of interactions between users and items
rapidly changes the short-term preference and the interactive pattern [99, [42] [16],
leading to a drift in the status of the recommendation system. Therefore, learning
users’ evolving preferences and behavior patterns from continuous user-item interac-
tions is crucial for generating accurate recommendations. Recently, temporal graph
representation learning has demonstrated its superiority in modeling users’ evolving
preferences for dynamic recommendation [69, 87, 137, 104]. In contrast to static
graph, temporal graph comprises temporal sequences of interactions, which can con-
tinuously model complex dynamics of node representations by incorporating sequen-

tial dependency and temporal information of interactions [46, [78), [1].

Existing temporal-graph based studies have adequately investigated user and item
evolution from the event level [42] [146] 8, T11] and the history level [46, 119, 123 97].

They represent two common update types by modeling newly-arrived interactions
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and aggregating historical interactions, respectively. The event level is to leverage
the new information from the newly-arrived interactions, such as the new interaction
features, node degrees, the interacting user and item embeddings, and also the time
interval between previous and current timestamps [42, [T11]. Tt projects the learned
short-term information into embedding updates by the message-passing mechanism
[T46]. The history level aims to utilize historical interactions by aggregating informa-
tion from historical neighbors [46] 133], thus exploring the long-term information for
representation updates [97, [119]. Both of them are capable of letting user and item
representations evolve over the graph, since they take full advantage of exploring high-
order connectivity from the graph [154] 124] while injecting temporal information into

the dynamic recommendation process.

Although these temporal graph-based methods have achieved remarkable success for
dynamic recommendation, several significant problems still remain to be solved. The
first one is the “collaboration effectiveness” issue. In the dynamic environ-
ment, as a new user-item interaction comes into the graph at the current times-
tamp, temporal graph networks (T-GNN) would utilize the information propagation
to incrementally update the temporal representations for the triggered user and item
nodes [113] 99, [103], 80]. The updated representations are learned from the collabo-
ration between the newly-arrived interaction and the historical neighbors under the
information propagation paradigm [46, 146, 97, 09]. However, most existing studies
directly execute the temporal representation learning process, without carefully scru-
tinizing whether the captured collaborative effect from both the historical neighbors
and newly-arrived interaction would benefit the temporal representation learning. In
other words, every time the new interaction triggers the representation update, they
would roughly inject the learned collaborative information to make the user (also
item) representation evolve from the previous timestamp to the current timestamp
[146], [106]. However, some essential questions naturally arise regarding how well the

newly-arrived interaction could match the temporal history, and how much informa-
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tion could be learned according to the current context of historical neighbors. The
similar issue also exists in static conventional graph networks [95], 2], [30]. Consid-
ering the temporal graph networks would frequently update node representations in
the dynamic environment [78], controlling the effectiveness of continuous interactions
for this issue tends to be more challenging and thorny, which encourages our work in

this chapter.

One possible solution could be the graph attention mechanism since it is capable of
measuring the importance of interactions in graphs and has been widely adopted in
many existing graph-based models [I13] 82 [7, 141, 50]. Nevertheless, the graph at-
tention mechanism is designed from the perspective of embedding relationship only
between the two interacting nodes [4, 82]. For example, if being employed in our
dynamic recommendation scenario, the graph attention would compute the attention
score just by the target user’s embedding and the current interacted item’s embed-
ding, to denote the significance of their interaction. Other historical neighbors are
only used to normalize the score into a probability. Consequently, the key score
computation neglects the collaborative information from the historical neighbors and
totally depends on the learned embedding space and attention parameters [23], which
may face the over-fitting problem [85]. Most importantly, it cannot reveal the rela-
tionship between the newly-arrived interaction and historical neighbors, thus failing
to answer the above-raised questions. Therefore, we aim to conduct exploration from
the perspective of the collaboration between newly-arrived interaction and historical
neighbors, to verify the new interaction could match the temporal history and deliver
beneficial information to the temporal representation learning. This motivates us to

design the non-parametric collaboration-aware indicators.

The second drawback of existing studies is the “insufficient correlation mining”
problem [133]. Generally, Fvent Modeling and History Replay provide two represen-
tative views to form the dynamics for the T-GNN [87, 99, 105, 42 [69]. Specifically,

the event-level dynamic indicates the short-term interactive information from the
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Figure 4.1: TCGC for dynamic recommendation: we guide the evolution learning of
temporal representations by the temporal collaboration-aware indicator to generate
event- and history-level dynamics h” and h” while allowing them to co-evolve with

each other.

incoming user-item event itself [42] 69], while the history-level dynamic reveals the
long-term impact of history on triggering new interactions [87, 99, 105]. They exhibit
two different means to derive the temporal representations. Nonetheless, even though
the multi-order structural correlation of the user-item graph has been discussed in
[133] and [124], few works consider the inherent co-evolving correlation between the
event-level and history-level dynamics. In other words, most studies model these two
dynamics independently, explicitly neglecting the fact that they complement each
other and also they are coherent in the meantime. However, at the current times-
tamp, the newly-arrived interaction between the user and item is naturally the joint
result of their neighbors, and the neighbors would be further affected by absorbing the
incoming interaction’s information. Thus, another question naturally arises regard-
ing how the event-level dynamic and history-level dynamic co-evolve with each other,
which motivates us to further explore the co-evolving correlation between them and

build our temporal co-evolution learning framework.

In summary, to tackle the above-mentioned problems, as shown in Figure 4.1, we pro-
pose a novel temporal graph network for dynamic recommendation, namely Temporal
Collaboration-Aware Graph Co-Evolution Learning (TCGC). Firstly, we justify the

collaborative effectiveness by analyzing how the new interaction would help to update
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the user’s preferences over items. Furthermore, we design a temporal collaboration-
aware indicator that indicates the effectiveness of collaboration over the temporal
graph, to dynamically guide the temporal evolution learning for both user and item
representations (section [4.3.1]). Different from the graph attention [82 113], the role
of collaboration-aware indicator is to quantify the evolution benefit from the newly-
arrived interaction before any T-GNN operation. Meanwhile, the collaboration-aware
indicator can be integrated with existing dynamic recommendation models to improve
their performance from the data-centric perspective. Next, we construct the tempo-
ral co-evolving graph network to explore the inherent correlation between event-level
and history-level dynamics (section , strengthening the expressiveness of these
two dynamic representations by forcing them to adaptively complement each other.
Last, we jointly train our TCGC by leveraging the evolution and recommendation
tasks to maintain both the temporal evolution and system performance simultane-
ously (section [£.3.3). The main contributions of this work can be summarized as

follows:

e To the best of our knowledge, we are the first to demystify the effectiveness of
collaborative information triggered by newly-arrived interactions for the dynamic
recommendation and propose the temporal collaboration-aware indicator to dy-
namically guide the temporal representation learning process. This design could
be smoothly and efficiently integrated into other dynamic graph-based recommen-

dation models.

e We design a novel temporal co-evolving graph network with the support of collaboration-
aware indicators to adaptively bridge the potential correlation between the event-

level and history-level dynamics.

e We leverage the evolution task and recommendation task together for joint training

to improve the temporal evolution and system performance simultaneously.

e We conduct extensive experiments on four real-world datasets, and the experi-
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mental results demonstrate both the superiority and effectiveness of our proposed

TCGC.

4.2 Preliminaries

Suppose our scenario involves M users and N items with the user set & and item set
V. Let € = {ej;|i €U, j € V} be the stream of observed events, where ej; corresponds
to an interaction between user ¢ and item j at timestamp . We denote the temporal
representations of user i and item j as h} and h;, respectively. Following prior works,
we define a temporal snapshot of a graph as G* = {U,V, €'}, where £ = {e]; € £| <
t}. Therefore, the temporal graph set is formalized as G = {G',G?,...,GII}. The
timestamped stream of events indicates the dynamic formalization of the temporal

graph.

Recap Temporal Graph Neural Network. Given an interaction between user
¢ and item j forming the G' at current timestamp ¢, we use the following temporal

GNN [99] to learn the evolution of them:

h{ = o(Wih! + ) Wik(z, H)hL), (4.1)
xe’Hf

h! = o(Wih! + Y Wik(z, Hi)h!), (4.2)
zE"H;

where o is the activation function, i.e., LeakyReLU, and it is applied throughout
the chapter. W7, W7, W3, and Wj are learnable parameters. z is the historical
interacted item of user i and H! denotes i’s historical neighbor set at current times-
tamp ¢. z is the historical interacted user of item j and 7-[; represents j’s historical
neighbor set at timestamp ¢. H! and ”H; are continuously changing over time. (-)
returns the time-aware decay effect based on the timestamp of each historical inter-
action. It assigns each neighbor with a weight for aggregation. In this chapter, the

k(+) is determined as softmax function [99] (see Eq. [4.10) because (1) it efficiently
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converts the time interval into the probability distribution where a larger interval
would be assigned with a smaller probability while a smaller interval would get a
larger probability; (2) the sum of this probability distribution equals to 1, ensuring
the aggregation is the weighted average and thus avoiding embedding exposure; and
(3) it is a non-parametric function without additional trainable parameters. Thus, it
is suitable for our dynamic scenario to model the time-decay information in temporal
GNN. Similar to the conventional graph network, we adopt the one-hop neighbor
set. However, the higher-order information can still be propagated because in the
dynamic environment, the temporal graph network keeps running over time and the

representation learning could continuously walk over the graph [97].

Dynamic Recommendation Task. Traditional recommendation tasks follow the
one-time recommendation-evaluation fashion where each user only receives one fixed
recommendation list during the test stage [32]. In contrast, the dynamic recommen-
dation task, which keeps in line with real-world online applications and follows the
multi-round recommendation paradigm, aims to refresh recommendation results effi-
ciently and dynamically after obtaining real-time feedback from users at each times-
tamp [42], [146], [46]. By this means, the recommendation system can generate multiple
different lists for the target user since he (or she) may access the system multiple

times. Here, we define the multi-round recommendation task as follows:
h!, hz — Fg(hff,h?), (4.3)

k _
Rec! = {v|v € V, arg mvin HPtJr — [h, h,]

s (4.4)

2
where F, is the temporal GNN model and k is the length of recommendation list.
[-] is concatenation. In addition to temporal representations, we also set the static
representations (e.g., one-hot ID information) h; and h, for user ¢ and item v. When
conducting the recommendation stage, we concatenate the learned temporal repre-
sentations with static representations to denote the final representations of the user

and item. Our duty is to learn the accurate temporal representations h! and h;.
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Then, P'" is the predicted item representation for the user’s next interaction at the
next timestamp ¢*. Based on the future prediction Pt+, we would generate the rec-

ommendation list by returning the Top-k items whose representations are nearest to

the P'" .

Hence, after learning the evolution of user ¢ and item j at current time ¢ by Eq. [4.3] the
system will update their temporal representations and prepare a new recommendation
list Recfr for user 7 at future time t* by Eq. . When user ¢ interacts with the system
at future time ¢t*, we would repeat the Eq. and Eq. 1.4 Consequently, we deploy
the dynamic recommendation. It is worth noting that the evaluation is also conducted
in a real-time fashion, where we would evaluate the refreshed recommendation list
with user actual interaction at each timestamp. A simple toy example is shown
in the left part of Figure [4.1. The temporal representations are evolving and the
recommendation lists are being refreshed continuously. This process will keep running

until the system is shut down.

4.3 TCGC Model Design

In this section, we introduce the Temporal Collaboration-Aware Graph Co-Evolution
Learning (TCGC) and show the overall architecture in Figure [1.2] First, we ana-
lyze the newly-arrived interaction’s collaborative effectiveness for the temporal GNN
and propose the temporal collaboration-aware indicators to adaptively guide the evo-
lution learning of temporal representations for both user and item (section .
Second, with the effective constraints of the collaboration-aware indicators, we design
a new temporal co-evolving graph network to capture the inherent correlation be-
tween event-level and history-level dynamics (section . The two designs are our
core contributions. Finally, we conduct predictions and leverage both evolution loss

and recommendation loss for joint training to optimize our TCGC (section |4.3.3)).
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Figure 4.2: The overall framework of TCGC for the dynamic recommendation sys-
tem. There are three main components: (a) temporal collaboration-aware indicator

learning, (b) temporal graph co-evolving network, and (c¢) multi-task joint training.

4.3.1 Temporal Collaboration-Aware Indicator

Given historical user-item interactions, the key is to utilize the collaborative effect
to predict future interactions between users and items [56, 92]. The power of collab-
orative information has been fully mined by existing graph-based recommendation
models. The collaboration between newly-arrived interaction and historical neigh-

bors would jointly generate a new temporal representation for the triggered user and
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item. Nevertheless, existing methods face “collaboration effectiveness” issue
where they directly learn the evolution of the temporal representation without care-
fully scrutinizing whether the incoming interaction would truly benefit the evolution
learning process. As a consequence, the risk of deriving uninformative or even harmful

representations tends to increase significantly.

To better explain the collaboration derived by the newly-arrived interaction, we take
the standard item score function yj; = h! - h; as an example. For most dynamic
recommendation tasks, generating a recommendation list at time ¢ is based on the
ranking score yfj by the product of the user and item. If we inject temporal GNN

omitting activation) in Eq. [4.1| and Eq. |4.2|into v¢;, it would be:
ij

v = (Wih! + )~ Wik(z, HDhL /(WY + )~ Wihk(z, HihL ),

zeH! z€H!
_ t— t— t t—
=Wih! - Wihi + ) Wik(z, HOhl - >~ Wik( (4.5)
z€H} zEH!

+Wih! > Wik(z, H)hl + Wihi Y~ Wk(x, Hi)h!

z€H, TEH],

We focus on the collaboration-aware parts integrating the representations of user i

and item j. Thus, Eq. changes to:

;= Wihl" )" Wik(z, HOhL + Wih! Y~ Wik(z, H)hl . (4.6)

z€H!, zeHM!

We let €(-) denote the combination of hj and each Wk (z, H:)h (same operation
on h;f). Then the Eq. can be replaced as:

Nt u v t— t—
g =Wi > el )+ Wy el hl). (4.7)
z€H! zeH!
- -~ - .V : >
i and neighbors of j j and neighbors of ¢

Thus, based on Eq. we have the following observations to answer the collaborative
effect captured by temporal GNN for the interaction between user ¢ and item j at

time ¢:
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e Temporal Neighbor Contribution. Each neighbor of both user and item would
influence the learning process by devoting its time-aware impact to current loss

computation through graph collaborative filtering.

e Intersectional Collaboration Paradigm. The temporal collaborative effect is
intersectional where user i’s impact is on item j’s neighbors while item j’s impact
is on user ¢’s neighbors. The informative gain of current interaction is determined

by how ideally they match the neighbors of each other.

Therefore, in order to guarantee the accuracy of learning the temporal representations
for user ¢ and item j, it is necessary to justify whether the current interaction at time
t is beneficial to the evolution process. Otherwise, uninformative or even harmful
representations could be learned. Consequently, they may damage the performance
of the system by bringing inappropriate loss. This consideration is to protect both
the graph evolution and system performance. Inspired by the work for static rec-
ommendation [95], we propose the temporal Collaboration-Aware Indicator (CI) to
guide the learning process for dynamic recommendation. Specifically, at current time

t, we generate CI for user ¢ and item j, respectively:

CI{(j) = > wlw, HY) f({HL U}, {HE U j}), (4.8)
xE"H’{
CIi(i) = Y k(2 M) FHHL U2} {HE Ui, (4.9)
zEH;
e—(t—t(z)) e—(t—t(2))
k(z, H) = Kz, H}) = (4.10)

Zm’é?ﬁ e—(t=t(z")’ Zz’eﬂj. e—(t=t(z")’
where k(-) returns the time-decay weight and t(x) (t(z)) represents the timestamp
of the historical neighbor x (z). The function f(-) computes the similarity between
two sets. Here, we let f(A, B) be Jaccard similarity. CI!(j) explores the evolution
benefit from item j for the target user i while CI}(i) examines the evolution benefit
from user ¢ for the target item 7, which follow the previous observations. In other

words, we assume that if item j could bring more informative gain for user 7 at
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the current time, j’s neighbors would pose more commons to the neighbors of each
neighbor of 7, and vice versa. Another specific case is that, if we use binary 0-1 to
denote CI, it would degenerate into the interaction-based denoising problem [53]. We
have to recognize that there are many similarity-measurement options for the function
f(+), but determining the best similarity measurement is out of scope in this work.
Eventually, the temporal collaboration indicators would be applied to our proposed

temporal co-evolving graph network (see section (4.3.2)).

The reasons we do not directly compute the common nodes between user ¢ and item j
are: 1) the user-item interaction graph is a bipartite graph; 2) The intersectional col-
laboration works between user ¢ and item j’s neighbors, and between item j and user
1’s neighbors. Additionally, it is worth noting that we adopt a one-hop neighbor set-
ting throughout this chapter to guarantee efficiency for the dynamic recommendation

scenario.

4.3.2 Temporal Co-evolving Graph Network

Event modeling and history replay are two core perspectives to form the dynamics in
temporal graph network [87, 99, [105], [42], [69]. Event-level dynamic reveals the explicit
short-term information from the incoming user-item interaction itself [42] [69], while
the history-level dynamic explains the long-term impact of historical items on the
user’s current decision under the dynamic environment [87, (99, [105]. However, exist-
ing studies model the two kinds of dynamics independently, neglecting the inherent
co-evolving correlation between them and thereby making the whole system subopti-
mal. Thus, our second objective is to bridge the co-evolution learning between them
and exploit the co-evolving correlation via our proposed temporal co-evolving graph

network.

Following the works in [146, 69, [42], we use two recurrent message-passing channels to

update event dynamics for users and items, respectively, which are shared across all
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timestamps during the multi-round process. Meanwhile, we integrate the temporal
collaboration-aware indicators derived by section into the event dynamics to

guide the evolution learning. More formally,
hf, = o(Wih! + CI/(j)(W5h, + Wial) + Wi A (¢,17)), (4.11)

hft =o(Wihi + CL(i)(Wshi + Wizl ) +WJ A (t,17)), (4.12)

~
guide learning from each other

where hft and hft are temporal event-level representations for user : and item j
at time t. zf; is the feature describing the new interaction and A(-) computes the
interval between two timestamps. CIf(j) determines how much information would

be learned from item j’s event for the user ¢, while C'I(i) works for the item j.

The temporal GNNs in Eq. and Eq. exactly encode the history-level dy-
namics by aggregating historical neighbors. In the same way, we inject the temporal
collaboration-aware indicators into the temporal GNN to encode accurate aggrega-
tions for the user and item, which also helps us guide the learning process. Although
the temporal collaboration-aware indicators are derived from the perspective of the
newly-arrived interaction, the aggregation of historical neighbors would be triggered
by the newly-arrived interaction to update new temporal representations. Also, the
computation of temporal indicators is still based on the history. Thus, the temporal
collaboration-aware indicators do influence the history-level dynamics. The temporal

collaboration-aware GNNs are shown as follows:

hf}, = o(Wihi + CII(j)( Y Wik(z, HDhL ), (4.13)
:cE'Ht

!, = o(Weh!™ + CIH(i)() | Wk(z, Hi)hL)), (4.14)
zE’Hi

N J/

guide learning from history

where hft and hft are temporal history-level representations for user ¢ and item j
at time ¢. Here, CI{(j) and CTj(i) refine the temporal GNNs for user and item,

respectively, and determine how much information could be learned from neighbor
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aggregations to derive history-level representations more precisely. The function x(-)
returns the time-decay weight and t(x) (¢(z)) represents the timestamp of the histor-
ical neighbor x (z). We still adopt the softmax function to compute the time-decay

weight, which could be referred to the Eq4.10]

The two kinds of dynamics complement each other and are coherent in the meantime.
On the one hand, interaction event naturally originates from the long-term impact
of the historical neighbors [I124]. On the other hand, the historical neighbors would
be further updated when they accept the incoming short-term event as a member of
them [I33]. Thus, the inherent correlation exists between the two kinds of dynamics,
encouraging us to leverage co-evolution for them. Specifically, we let them perceive

each other’s ‘existence’ by the element-wise attentional mechanism. Task user i as

example:
al, = softmax(c(W*[h[, h{l])), (4.15)
B = Softmax(a(Wﬂ[hg, hft])), (4.16)
hf; =h, ©al, hl =h], o B, (4.17)

where ! and (! are attentional vectors for event dynamic and history dynamic,
respectively. [-] is concatenation operation and ® refers to element-wise product. By
this means, the two temporal representations are co-evolving with each other. This
endows them with the capability of learning representation information from each
other adaptively and further strengthens the expressiveness of representations. We
still employ the activation o (LeakyReLU) in Eq. and Eq. because (1) we
expect the results derived by the co-evolving network could be distinguishable within
the range of positive numbers to investigate how well they could co-evolve with other;
(2) Within the range of negative numbers, it is unnecessary to extremely distinguish
them since all the negative numbers indicate they may not have potential co-evolving
correlation. Similarly, we adopt the same co-evolving design for item j and get hff
and hf::

ol = softmax(o(W* [hft, hf[t])), (4.18)
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B = softmax(a(Wﬁ[hft, hft])), (4.19)
i =hj, ©al, by =hj}, 0 5. (4.20)

So far, we have constructed the temporal collaboration-aware indicators to guide
the evolution learning of temporal representations and proposed the temporal co-
evolving graph network to capture the inherent correlation between event and history
dynamics. Now, we are ready to obtain the final temporal representations for user 7

and item 7, which combines the event-level and history-level dynamics:
h! = o(W¥h; hl}] +b"), (4.21)

h! = o(W2[h%;

J 7t

h] + b"). (4.22)

Next, we will provide our dynamic recommendation list by utilizing the learned tem-

poral representations above.

4.3.3 Training for Dynamic Recommendation

In order to refresh the recommendation result when user ¢ accesses our system at
future time ¢+, we use the preference shift [40, 32], which is based on the fact that
user preference may drift as the new generation in the future. Such shift is determined
by the interval between the future timestamp ¢* and the current timestamp t. We

formalize preference shift as follows:
hi" = (1+w" A (t,t1) © hl, (4.23)

where © is element-wise product operation and /A denotes the interval. hf indicates
the user ¢’s future representation at ¢*. Hence, we can make prediction at ¢ by the
preference shift of user ¢ and the latest representation of item j (user i’s previous

interaction at t):

P = (Wi'h!" + Wi'h,) + (Wi'h!" + Wih;) + b™, (4.24)
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where P'" is the predicted item representation that the user may interact with in the
future. h; and h; are static embeddings, e.g., ID information. The predicted Pt
comprehensively considers both temporal and static representations, which is more
practical for real-world platforms. The new recommendation Rec;-£+ list at ¢+ would be
prepared by returning top-k items whose representations are nearest to P'". When
it comes to tT, we collect the new interaction from user ¢ and recall our proposed
TCGC to continue the temporal representation learning. This process would keep

running until the system is shut down, as introduced in Section [£.2]

Recommendation Loss. From the recommendation inferring above, it is clear that
we would continuously predict the potential item representation at each timestamp
that the user may interact with, so as to generate continuous recommendation lists
based on the predicted item representation in real-time. Therefore, we hope that at
each timestamp, the predicted item representation could be closer to the actual item
representation that the user truly interacts with. It directly determines the quality
of the dynamic recommendation. Here, we formally define the recommendation loss
as:

L — Z ||1:)t+ o PEI

e;?].eﬁ

2, (4.25)

where Pf is the ground-truth item embedding that user ¢ actually interacts with at

t*. In addition, P = [h!., hy.].

Evolution Loss. Real-time representation update (for both user and item) is the
basis of predicting real-time interaction. However, the rapid-evolving of representa-
tions may face the over-fitting problem [40, [86] since every time the user (e.g., 1)
interacts with an item (e.g., 7), we would immediately let their representations evolve
from the previous timestamp to the current timestamp. Especially when the time
interval between timestamps is smaller, the update would be more frequent. Thus,
to avoid the performance degradation caused by the over-fitting problem and prevent

embedding space from frantically evolving over time, we define the evolution loss as
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follows:

£ = 37 [+ B (1.26)

eﬁjeé’

Eventually, the overall loss of our TCGC is:
LN = L7+ L9 + 0]|O)|2, (4.27)

where the last term is the regularization over the parameter set © of our model. ¢
controls its impact. On one hand, we hope the predicted item representation could be
closer to the ground-truth item representations for constructing a better recommen-
dation system. On the other hand, we hope the same user (or item) representations
between timestamps could be similar for smoothing and reliable evolution. We utilize
them together to train our model. Nevertheless, parallelized training in a dynamic
recommendation task is not as easy as a conventional recommendation task. For
example, in a training batch, if it involves more than one interaction from the same
user ¢, there will be a conflict in updating its temporal representation. One possible
solution is to sequentially train the model based on each individual interaction. How-
ever, it would cause a huge computational cost and a serious over-fitting problem to

the training.

Thus, inspired by DGCF [46], we adopt the temporal-batching method to over-
come these challenges and conduct temporal graph learning. In practice, we assign
each interaction ef; to a particular batch B, where I € [1,€]. We first initialize
|€| empty batches (the worst case is that each batch only contains one interaction).
We iterate through the interaction stream and add each interaction to a batch B;.
Let maxBatch(s,r) be the batch with the largest index that has an interaction
involving a node s (user or item) till the interaction e”. Then, the next interac-
tion e"™! (i.e., between user i and item j), is assigned to the batch with index =
max (1l +mazBatch(i,r), 1 +maxBatch(j,r)). This temporal-batching method satis-
fies two requirements: (1) no common user or item in the same batch, such that all in-

teractions in each batch could be processed in parallel, and (2) processing the batches
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in increasing order of their index maintains the temporal ordering of the interactions.
Algorithm 1: Training of TCGC (one epoch)
Input: U, V, £, d, I™*, temporal batch B =0

Output: trained O of this epoch

Randomly initialize the parameter set © of TCGC;
Uniformly initialize all representations with dimension d;
foreach event ¢, € £ do

Update:

add user 7 to H; and item j to H! constrained by I"™*;
compute collaboration indicators CI{(j) and CI}(i) by Eq. and Eq. ;
update event-level hft and hft by Eq. 4.11|and Eq. 4.12;
update history-level hft and hft by Eq. 4.13land Eq. 4.14;

explore co-evolving correlation between hft and hZH,t, and between hft and
h, by Eq. 4.17 to Eq. 14.20;
update final temporal h! and h; by Eq. 4.21jand Eq. 4.22;

11

12

13

14

15

16

17

18

19

20

Temporal-batch Optimization:
if i and j ¢ B then
add e}; to B ;

else

end

end

obtain the recommendation loss of B by Eq.

obtain the evolution loss of B by Eq.
optimize the © of TCGC based on Eq.
let B = {e};};
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Algorithm 2: Inferring of TCGC

Input: U, V, £, d, I, k, trained O,
Output: Recall@10 and MRR
Initialize performance set Res = (;
foreach event ej; € £ do
Recommendation:

fetch the hf  from previous time;

4.24;

Update:

update history-level hft and hft by Eq .13

h, by Eq. 4.17| to Eq. 14.20;

update event-level hft and hft by Eq .11} and Eq.

add current Recall@10 and MRR to Res by comparing e

generate current top-k recommendation list for u; based on Eq.

add user 7 to H; and item j to H! constrained by ["™*;

compute collaboration indicators CI{(j) and CI}(i) by Eq. and Eq. ;

4.

12

P

and Eq.

update final temporal h! and h; by Eq. 4.21

and Eq.

end

4.14

4.23

t .
150

4.22

and Eq.

explore co-evolving correlation between h’, and h, and between hft and

4.3.4 Complexity Analysis

We perform optimization by the temporal-batching gradient descent method for the
training stage. The complexity of creating the batches is O(|E']), i.e., linear in
the number of training interactions £, as each interaction is only looked at once.
Therefore, the worst training complexity is O(7|E7[I™*), where 7 is the number of
epochs, |E] is the number of training interactions, and (™ is the maximum number
of historical neighbors in temporal GNN. In the inferring stage, we evaluate each test

interaction sequentially to conduct the multi-round recommendation process. The
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worst inferring complexity is O(|E¥|(I"™* + ")), where |E%| is the number of test
interactions, 7" is the cost of generating top-k list after Eq. [£.24] ~" could be
regarded as linear in the number of items. Note that we do not re-train the model on
the test data. Hence, the total model complexity satisfies the efficiency requirement of

our scenario. The pseudo-codes of the training and inferring are attached in Algorithm

and Algorithm [2] respectively.

Table 4.1: Basic dataset statistics.

Dataset | #Users | #Items | #Interactions | # Average | Repetition
Wikipedia 8,227 1,000 157,474 19 61%
Foursquare 1,000 1,000 209,730 209 72%

Reddit 10,000 1,000 672,447 67 79%
Movielens 3,000 3,000 790,424 263 0%

4.4 Experiments on TCGC

In this section, we conduct extensive and comprehensive experiments to evaluate our
proposed TCGC model, assessing its performance for dynamic recommendation. We

aim to answer the following research questions:

e RQ1: How does TCGC perform when comparing with the state-of-the-art dynamic

recommendation methods?

e RQ2: Whether the collaboration-aware indicator delivers improvement to existing

temporal GNNs?

e RQ3: How do different core modules in our TCGC framework contribute to the

overall performance?
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e RQ4: How do the key hyperparameters influence the performance of our proposed

TCGC?

e RQ5: What is the computational cost of TCGC compared with other methods?

4.4.1 Experimental Setup
Datasets

We evaluate our TCGC on four public datasets from diverse areas, the details of which
are provided in Table 4.1} These datasets are full of user-item timestamped interac-
tions. Wikipediaﬂ This is the one-month public dataset of edits made by the online
users on the Wikipedia pages, generating 157,474 interactions. Foursquar(ﬂ: This
dataset contains point-of-interest check-ins in Tokyo collected about 10 months on
the Foursquare, resulting in 209,730 interactions [118]. Redditﬂ This dataset con-
sists of one month of 672,447 posts made by users on subreddits, which is collected
from one of the biggest social networks, i.e., Reddit. MovielenslME]: This popular
dataset records users’ timestamped feedback on the movies within three years, con-
taining 790,424 interactions. All datasets are filtered out by most active users and
active items [42]. Note that there is no repetitive interaction in the Movielens dataset,

which would verify the performance on ‘unseen’ items.

Baselines

We compare our proposed TCGC with various dynamic recommendation baselines.

The details of baselines are:

Thttps://meta.wikimedia.org/wiki/Data_dumps

Zhttps:/ /sites.google.com /site/yangdingqi/home/foursquare-dataset
3http://files.pushshift.io/reddit/
Yhttps://grouplens.org/datasets/movielens/1m/
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Time-LSTM [156]: A popular variant of LSTM that equips LSTM with the time-

aware gates to model time intervals and users’ sequential interactions.

DeepCoevolve [13]: A deep evolutionary embedding network for recommendation

by learning user and item features based on their interaction graph.

LatentCross [3]: An easy-to-use technique that injects context information into

the recurrent embedding network to deploy recurrent recommendations.

TGN [69]: A representative temporal graph learning network that efficiently com-
bines the memory module and graph-based operator to model sequential interac-

tions.

DGCEF [46]: A dynamic graph collaborative filtering method that leverages three
different structural orders to capture the dynamic collaborative information for

recommendations.

FIRE [104]: A novel incremental learning model that fully utilizes the graph signal

processing to speed up the continuous-recommendation generation.

TREND [99]: A novel framework for fine-grained temporal graph learning by in-
corporating the temporal event and node evolution with temporal Hawkes process-

based graph network.

TIGER [146]: A novel temporal interaction graph embedding method that ex-
tends the TGN with a restart module and a dual-memory module to better exploit

neighbor information.

NeuFilter [106] A novel data-centric algorithm based on neural Kalman Filtering
for temporal recommendation to continuously learn more accurate user and item

embeddings with the noisy interactions.
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Evaluation Protocols and Metrics

For each dataset, we chronologically split it by 8:1:1 into training, validation and test.
The training and validation data are treated as the offline phase, while test data is

used to simulate the online inferring phase.

Following previous studies [42] 406, [104], we employ existing dynamic evaluation pro-
tocols and metrics, and the experiments consist of two stages, i.e., the training stage
and inferring stage. For the training stage, we adopt the temporal-batching method,
which is designed for the dynamic recommendation system. It continuously updates
user and item representations without negative samples. It parallelizes the training
of the interactions in each batch without causing conflict in updating user and item
representations. The details of the temporal-batching method can be found in Section
and Algorithm [Il For the inferring stage, we evaluate each test interaction
sequentially by generating new top-k recommendation lists at each timestamp. This
is quite different from the static recommendation that only conducts a one-time eval-
uation. Thus, we are able to construct a dynamic recommendation system where
the recommendation is a continuous multi-round process, keeping the same as the
real-world platforms. At each timestamp, we adopt Recall@10 and MRR as evalua-
tion metrics and report their average of all timestamps on the inferring stage. The
inferring stage can be referred to Algorithm [2| All the selected baselines follow the
same settings during training and inferring to conduct a fair comparison. Note that
we do not re-train our model and other baselines on test data to avoid touching future
information. Some previous studies use the test data to re-train the model during the
inferring stage (by leveraging test loss to optimize the model). However, training a
model based on test data and then conducting an evaluation is unfair. Thus, in this
work, all methods, including baselines and our TCGC, do not leverage test data for

training.
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Reproducibility

For baseline methods, we use hyper-parameters as suggested in the original chapters.
For those unspecified hyper-parameters due to new datasets, we use grid search for
hyper-parameter tuning. The searching strategy is to select the hyper-parameters
(e.g., the dimension of embedding and the length of neighbor set) that yield the best
performance on the validation set. For our TCGC, we use the AdamW [58] with
the learning rate of le — 3 as our optimizer for training. The 1-hop neighbor set is
adopted for efficiency. The dimension of temporal representation and the length of
the neighbor set are selected from {32, 64,128,256} and {50, 100, 150, 200, 250, 300},
respectively. The dimension of static one-hot representation is determined by user
and item sizes. To save the training cost, it is allowed to prepare the temporal
collaboration-aware indicators in the data pre-processing phase. In addition, we apply
ly regularization with ¢ = le — 2. Last, all experiments are conducted with Pytorch

in two NVIDIA 3090 GPUs.

4.4.2 Performance Comparison with SOTA

We report the overall performance of all recommendation methods in Table [4.2]
It is observed that our proposed TCGC outperforms all dynamic baselines across
all datasets, especially winning significant improvements on the Movielens datasets.
We attribute this result to 1) collaboration-aware indicators that guide the evolution
learning of users and items and 2) the temporal co-evolving graph network that stud-
ies the inherent correlation between event-level and history-level dynamics. NeuFil-
ter, which aims to control the noisy information of representation learning, is second
only to our TCGC in most cases. This suggests the power of data-centric explo-
ration to strengthen representation learning. In addition, we find that most temporal
GNN-based recommendation methods are significantly competitive in performance

comparison, demonstrating the advantage of temporal graph networks for dynamic
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Table 4.2: The overall performance on four datasets. The last bold row indicates the

performance of our proposed TCGC.

Dataset Wikipedia Foursquare Reddit Movielens
Metric MRR Recall@a10 MRR Recall@al0 MRR Recall@l10 MRR Recall@10
Time-LSTM 0.247 0.342 0.135 0.279 0.387 0.573 0.128 0.225
DeepCoevolve 0.515 0.563 0.217 0.326 0.171 0.275 0.196 0.303
LatentCross 0.424 0.481 0.193 0.289 0.421 0.588 0.174 0.237
TGN 0.593 0.679 0.336 0.651 0.606 0.784 0.235 0.401
DGCF 0.646 0.713 0.368 0.672 0.629 0.795 0.256 0.439
FIRE 0.259 0.648 0.154 0.524 0.332 0.814 0.152 0.394
TREND 0.588 0.691 0.370 0.663 0.647 0.809 0.289 0.453
TIGER 0.640 0.715 0.364 0.668 0.638 0.807 0.273 0.504
NeuFilter 0.651 0.724 0.378 0.672 0.684 0.837 0.302 0.516

Our TCGC 0.670 0.744 0.394 0.691 0.708 0.853 0.324 0.581

recommendation. Moreover, the considerable improvement on the Movielens dataset
(no repetitive user-item interaction) indicates our TCGC could effectively discover

the potential items that users have never seen before.

To evaluate the model robustness of our TCGC, we compare the performance with
other GNN-based recommendation baselines by varying the proportion of training
data from 100% (Table to 75%, 50%, and 25%. The results are shown in
Table We find that TCGC constantly outperforms other baselines even though
less data is used. There are obvious performance reductions over the Wikipedia,
Foursquare, and Movielens datasets across all baselines. One possible reason could
be that the repetition rate of user-item interactions in those datasets is relatively
lower (especially Movielens has no repetitive interaction), making the graph network
more sensitive to the newly-arrived unseen interactions. However, the Reddit dataset
still contains the same interaction records even though we decrease the number of

interactions. Therefore, it could withstand the reduction of data. Also, we find that
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Table 4.3: Robustness evaluation over different temporal GNN-based recommenda-

tion models. For simplicity, we omit ‘@10’.

Dataset Wikipedia Foursquare Reddit Movielens
Proportion
Metric MRR Recall MRR Recall MRR Recall MRR Recall
TGN 0.459  0.553 0.294 0.575  0.589  0.772  0.208  0.339
DGCF 0.473 0579  0.317  0.608 0.616 0.78¢  0.220  0.359
75% TREND 0.523 0.608 0.332 0.587 0.632 0.791  0.254  0.409
TIGER 0.553 0.632 0.325 0.614 0.625 0.788  0.246  0.421
TCGC 0.573 0.669 0.351 0.637 0.695 0.836 0.300 0.535
TGN 0.327 0446  0.264 0.531 0.565 0.746  0.172  0.265
DGCF 0.363  0.500 0.275 0.565 0.586  0.758  0.199  0.302
50% TREND 0.407  0.529  0.292 0.542 0.609 0.776  0.227  0.342
TIGER 0.440 0.524 0305 0.574 0.617 0.764 0.205  0.368
TCGC 0.495 0.552 0.322 0.590 0.687 0.820 0.282 0.482
TGN 0.298 0.382 0.253 0473 0546 0.723  0.129  0.203
DGCF 0.335 0417 0.261 0.504 0.571  0.739  0.157  0.243
25% TREND 0.319 0433 0.269 0.480 0.589  0.768  0.189  0.296
TIGER 0.340 0.441  0.270 0.517 0.598 0.750  0.178  0.280
TCGC 0.376 0.458 0.289 0.534 0.657 0.801 0.254 0.405

the comparison results among baselines would change with the data proportion. For
example, TREND could be competitive with TIGER at 75% and 50% data proportion
while TIGER outperforms TREND when only 25% data is used. Last, as we gradually
decrease the training data of Foursquare and Wikipedia datasets, the performance
of TCGC is getting closer to other methods. This may hint that all temporal GNN-
based recommendation models, including TCGC, would be the same at an extremely
small proportion of training data. However, before reaching that, our TCGC can

remain robust to outperform other baselines.
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Table 4.4: Evaluation on the benefit of temporal collaboration-aware indicator.

Dataset Wikipedia Foursquare Reddit Movielens
Metric MRR Recall MRR Recall MRR Recall MRR Recall

TGN 0.593 0.679 0.336  0.651 0.606  0.784  0.235  0.401

TGN-CI 0.629 0.694 0358 0.661 0.635 0.806  0.251  0.442

Improvement(%) 6.11 2.2¢ 6.57 1.57 4.87 2.7t 6.8t 10.2%

DGCF 0.646 0.713  0.368  0.672 0.629  0.795  0.256  0.439
DGCF-CI 0.660 0.722 0377 0680 0.653 0.813 0.280 0.475

Improvement(%) 2.21 1.31 2.41 1.2¢ 3.81 2.31 9.31 8.21

TREND 0.588 0.691 0.370 0.663 0.647 0.809 0.289  0.453
TREND-CI 0.622 0708 0.382 0.674 0.662 0.818 0.318 0.497

Improvement(%) 5.8% 2.57 3.2¢ 1.77 2.31 1.1 10.01 9.7t

TIGER 0.640 0715 0.364 0.668 0.638  0.807 0.273  0.504
TIGER-CI 0.652 0.726 0.375 0.679  0.679 0824  0.299  0.547

Improvement(%) 1.9 1.51 3.01 1.67 6.47 2.1 9.5% 8.67

4.4.3 Benefit of Temporal Collaboration-Aware Indicator

To further explore the benefit of our proposed temporal collaboration-aware indi-
cators, we extend temporal GNN-based recommendation models, i.e., TGN, DGCF,
TREND, and TIGER, by incorporating indicators (CI) into their core module. The
temporal collaboration-aware indicator aims to scrutinize whether the continuous
user-item interaction events would benefit the evolution learning of users and items.

The details of implementation are:

e TGN with CI: The collaboration-aware indicators are extended to the user-item

message function and graph attention network in TGN [69].

e DGCF with CI: The collaboration-aware indicators are extended to the zero-
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order, first-order, and second-order embedding update modules in DGCF [46].

e TREND with CI: The collaboration indicators are extended to excitement com-

putation of both the historical items and items of the Hawkes-based graph network

in TRNED [46].

e TIGER with CI: The collaboration indicators are extended to the user-item dual-
memory message generation and temporal preference-update network of TIGER

[146).

The results over the four datasets are presented in Table[4.4] It is obvious that the per-
formance of all baselines would increase as we extend them with our temporal-aware
collaboration indicators. This phenomenon exactly verifies that existing dynamic
recommendation models that directly learn the evolution of users and items would
make the system performance suboptimal. They update temporal representations
without investigating the actual impacts of the newly-arrived interactions. Thus,
it leads to learning and absorbing inappropriate information. The improvement of
Recall@10 over the Foursquare dataset is relatively smaller. This is probably due
to the highest average of user interaction in Foursquare, which is not easily affected
by noisy interactions. However, in most cases, incorporating our proposed temporal

collaboration-aware indicators could deliver significant improvement in performance.

4.4.4 Ablation Study of TCGC Framework

To understand the contribution of each key component in TCGC, we study the follow-
ing ablated variants. (1) w/o CI, which doesn’t learn the collaboration-aware indica-
tors; (2) w/o EveClI, which only learns collaboration-aware indicator for history-level
dynamic; (3) w/o HisCI, which only learns collaboration-aware indicator for event-
level dynamic; (4) w/o CoEvol, which doesn’t adopt the co-evolving design; (5)

w/o PreSft, which directly generate predictions without preference shift.
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Table 4.5: Ablation study on key components of TCGC.

Dataset Wikipedia Foursquare Reddit Movielens

Metric MRR Recall MRR Recall MRR Recall MRR Recall

w/o CI 0.642 0.721 0.362 0.670 0.683 0.829  0.281  0.519
w/o EveCI  0.649 0.728 0374 0.681 0.690 0.835 0.295 0.537
w/o HisCI ~ 0.653 0.730 0.369 0.672 0.695 0.840 0.310  0.554
w/o CoEvol 0.640 0.719 0.357 0.665 0.687 0.832 0.276  0.512

w/o PreSft 0.658 0.727 0.383 0.680 0.693 0.841  0.307  0.566

TCGC 0.670 0.744 0.394 0.691 0.708 0.853 0.324 0.581

Table 4.5|shows the performance decreases severely when we remove all collaboration-
aware indicators, which proves the effectiveness of guiding the evolution learning
for both users and items. Meanwhile, we find that compared with the history-level
collaboration indicator, the event-level collaboration indicator has a more positive
impact on improving performance. This may suggest that learning the interaction
itself is more informative during the dynamic multi-round procedure. Moreover, the
temporal co-evolving network is also essential, which helps us to explore the inherent
correlation between event-level and history-level dynamics. The results indicate that
removing this network would severely damage the performance of TCGC in all cases.
In addition, since the dynamic system continuously refreshes the recommendation list
over time, utilizing the preference-shifting module could be beneficial for discovering

potential items in the future.

4.4.5 Hyperparameter Sensitivity

We analyze the sensitivity of hyperparameters over the Wikipedia, Foursquare, and
Reddit datasets. The hyperparameters are (a) the size of the temporal neighbor

set and (b) the dimension of temporal representation.
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Figure 4.3: Hyperparameter sensitivity.

The results are reported in Figure [4.31 The size of the temporal neighbor set is
searched from 50 to 300, while the dimension of temporal representation is selected
from 32 to 256. It is confirmed that these hyperparameters do affect the perfor-
mance of TCGC, and a relatively optimal selection exists for them. Along with the
growth of neighbor size, performance first increases obviously and then goes down,
which suggests that too many neighbors damage the performance, not to mention
they would bring more computational cost. This may be caused by the noise data
in temporal aggregation. However, due to the fact that the Foursquare dataset is
the most dense one, it requires more neighbors than the other two datasets. Fur-

thermore, a larger dimension of embedding could improve the overall performance.

Especially, the Wikipedia dataset, which is much sparser, needs the largest dimension
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Figure 4.4: Computational cost and loss of the training stage.

for representation learning. One possible reason is that there is less shared informa-
tion between users (or items) due to its sparsity. In such cases, obtaining accurate
temporal representations requires more dimensions to capture the actual interaction
pattern from the users (or items). However, the excessive pursuit of large dimensions

would sacrifice efficiency and overload the model with a huge computational cost.

4.4.6 Training Efficiency

To validate the efficiency of our TCGC, we have compared it with the other GNN-
based baselines in terms of the training cost. The results are illustrated in Figure
(a). The two state-of-the-art methods, TIGER and TREND, which leverage
sophisticated temporal GNNs, cost a lot. Also, the early representative model TGN
cannot deliver significant improvement to training efficiency. We attribute this to
its complex message-passing mechanism. In our TCGC, the collaboration indicators
could be prepared in the data-preprocessing stage. Thus, the training of TCGC is
more efficient among them and second only to DGCF'. It could be observed that, for
the same level datasets (e.g., Wikipedia and Foursquare, or Reddit and Movielens),

the higher-average one tends to have less cost.

In addition, To verify the convergence of our TCGC, we illustrate the loss variation in

Figure (b). The losses of the Wikipedia, Foursquare, and Reddit datasets decrease
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constantly and reach their convergences around the 20th epoch. They indicate a
relatively stable training process. However, there are obvious fluctuations in the
loss of the MovieLens dataset. One possible reason is that the MovieLens datasets
contain no repeated user—item interactions, forcing the recommendation system to
continually handle unseen interactions. Thus, exploiting the fast evolution for both
users and items requires more effort and may lead to a relatively unstable training
process. Nevertheless, the loss overall exhibits a downward trend, and we can stop
at a suitable epoch to avoid overfitting. On the contrary, there are many repetitive
interactions in the other three datasets, e.g., the repetition of the Reddit dataset is
79% (see Table . As a result, it is effortless to derive the interaction pattern

between users and items. Therefore, the loss could get convergent swimmingly.

4.4.7 Discussion on Cold-start Problem

The cold-start situation where new users (also items) access the recommendation
system for the first time, is a crucial problem in most real-world platforms. The
interaction data of new users or new items are often very sparse, leading to the

challenge of learning effective user or item representations.

Considering there is no side information (i.e., users’ profile information and items’
content information) in the datasets we adopted, we apply the normal trainable em-
bedding table for initialization. The initialized embedding table is trained with the
whole framework and could benefit from the global preference pattern driven by all
other interactions. Nonetheless, the real-world platforms involve rich and complex
side information, e.g., user’s age, gender, location, and occupation, and item’s title,
category, color, and description. Hence, we suggest two aspects to better employ our

TCGC in practice:

User-oriented Group-based Initialization. Similar users who share similar at-

tributes tend to have similar preferences. Based on this assumption, when a new
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user accesses the recommendation, we could aggregate the embeddings of a certain
number of existing users (denoted by G,) who have the same profile as him/her, e.g.,
the same age, location, region or occupation as him/her. This group-based strategy
could provide a warm and personalized initialization for the new user. Despite that,
the time information should also be considered for the dynamic environment. For
example, for two users ¢ and z in G, if ¢ enters the recommendation platform earlier
than z, its impact should be larger. In addition, the number of interactions of each
user in GG, is also an important factor in determining their impact since active users
may indicate more explicit preferences. Hence, when we leverage the GG, to initialize
the new user, we can assign each user in GG, with a time-decay weight and an activity-
level weight. After we get the warm and personalized initialization of the new user,

we feed it into our TCGC to generate suitable recommendations.

Item-oriented Text-based Initialization. Items usually involve more text infor-
mation than users, e.g., the titles and descriptions of items. Based on rich texts, one
possible solution for new item initialization is utilizing a pre-trained text encoder to
convert the text information into dense embeddings. For example, we can incorporate
a light pre-trained Transformer as an individual module with our TCGC to provide a
warm text-based initialization for new items. To avoid additional computation costs
during the model training, we could freeze the text encoder because its only purpose
is to provide an initialized embedding for new items. Nonetheless, due to the fast
change in the dynamic environment, it may be suitable to regularly fine-tune the pre-
trained text encoder on the collected item information or directly replace the existing

encoder with other state-of-the-art encoders.
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4.5 Summary of TCGC

In this chapter, we investigate the temporal collaborative effectiveness existing in
the evolution learning of dynamic recommendation scenarios. To the best of our
knowledge, we are the first to propose temporal collaboration-aware indicators to
precisely guide the evolution learning of temporal representations for both users and
items. Then, in order to capture the inherent co-evolving correlation between event-
level and history-level dynamics, we present a novel graph network, named Temporal
Collaboration-Aware Graph Co-Evolution Learning (TCGC), which leverages the pro-
posed collaboration-aware indicators to generate accurate temporal representations.
Extensive experiments demonstrate both the superiority and efficiency of our TCGC

on the dynamic recommendation task.
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Temporal Self-correcting
Interaction Network for

Recommendation

Dynamic interaction network (DIN), which is an evolving temporal user-item inter-
action graph, is prevalent in real-world online scenarios, e.g., dynamic multi-round
recommendation. Existing studies have learned the evolving representations of users
and items from the perspectives of newly-arrived and historical interactions. However,
most of them assume the historical interactions would reflect the user/item’s actual
representation evolution, without scrutinizing whether they benefit the representa-
tion learning. In addition, they neglect the negative excitement of the newly-arrived
interactions on learning representation. In this chapter, we propose the CREAM,
a dynamic self-Correcting inteRaction nEtwork with negAtive exciteMent. Specifi-
cally, CREAM consists of four core components: (i) warm initialization, which gen-
erates flexible embeddings for the cold-start users and items; (ii) adaptive dual-side
corrector, which dynamically and adaptively corrects the histories for both the user

side and item side; (iii) temporal excitement learning, which learns the temporal neg-
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ative impact of new interactions; and (iv) update and prediction, which integrates
both temporal and static representations for interaction prediction. Extensive ex-
periments on three public datasets demonstrate the proposed CREAM outperforms

state-of-the-art baselines for the future interaction prediction task.

The content in this chapter mainly focuses on addressing the research challenge RC

3 and overcoming the limitation EL 3 by proposing a novel model CREAM.

5.1 Brief Introduction of CREAM

Dynamic interaction network (DIN), where users continuously interact with items
over time [80], has widely existed in real-world online scenarios, e.g., social net-
works, streaming media, news platforms, and dynamic recommendation systems
[146, 106, B2, 133]. It forms an evolving temporal user-item interaction graph. The
same user may interact with different items over a period of time, and those in-
teractions change over time, leading to the rapid evolution of both user and item
representations [42], 153]. An important challenge is how to dynamically update user

and item representations for predicting future interactions [98].

There is a considerable body of prior work toward this goal. Some early models
[42, 8, 3], based on deep recurrent learning paradigm, leverage the newly-arrived
interactions to encode new information into the old embeddings. Later on, temporal
graph-based learning methods have been applied to this area [80, [99] 139, 146 152].
Benefiting from the graph convolution mechanism, they efficiently propagate long-
term information from historical interactions. Thus, we have witnessed remarkable

achievements in the field of dynamic interaction network.

However, there are still some significant issues that prevent further improvement in

predicting future interactions. First, most existing methods explicitly assume that
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all historical interactions would reflect the actual representation evolution of users
and items (Issue 1), which means they do not scrutinize whether those historical
interactions would benefit the temporal representation learning. In fact, some user-
item interactions may be imperfect where they cannot represent the users’ actual
preferences or items’ intrinsic attributes [54, 95 21] [79]. Especially in the dynamic
environment, users’ behaviors may dynamically deviate from their real intents over

time [143], causing it difficult to update representation incrementally.

For example, a user always prefers political news on a social platform. One day, due
to the homepage’s news feed, he/she occasionally watched a piece of entertainment
news. Although it does not indicate a noise interaction, it is still inappropriate to
update the user’s actual representation based on that. Unfortunately, existing studies
would leverage it to learn the historical information [99] 66|, 47, [80]. Thus, a question
naturally arises regarding how to efficiently discover valuable interactions from history
for accurate temporal representation learning. To this end, we aim to dynamically
and adaptively correct the history and filter out those inappropriate interactions for
update. This is our core motivation in this chapter. More importantly, considering
users and items are two types of stakeholders [62, 84], we also seek to address this

issue for both users’ history and items’ history.

Another issue is that most existing studies may not thoroughly capture the dynamics
of newly-arrived interactions since they usually focus on the positive excitement, i.e.,
learning the positive effect of interactions on user future intentions [156, 42 8, 59].
When a user is interacting with an item at the current timestamp, the common
strategy for real-time update is to inject the current item information into the user’s
representation and vice versa. This directly updates the temporal representations un-
der an implicit assumption that the current new interaction is fully worth absorbing.
However, the negative excitement, which prevents the temporal representations from

being updated from the current interaction, has been neglected (Issue 2).

The current interactions could negatively affect user future intentions [39} [70]. For in-
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Figure 5.1: A simple illustration of our motivation. we aim to: (i) dynamically and
adaptively correct the history by filtering out inappropriate historical interactions for
better aggregating historical information and (ii) thoroughly capture both positive

and negative dynamics for learning current information.

stance, if a user is visiting an art-themed exhibition, he/she may not choose the same
type for the next visit in a short period. Hence, another question arises regarding how
to dynamically model the negative excitement of the newly-arrived interactions. This
encourages us to build both positive and negative excitement learning and thoroughly
capture the dynamics from newly-arrived interactions. While positive excitement en-
hances the representation update by integrating current information, the negative
excitement acts as a suppression mechanism that weakens such integration, leaving
more space for long-term history modeling. Especially when current interaction is
irrelevant or noisy, prioritizing historical interactions rather than the current inter-

action to update representations is more essential for future interaction prediction.
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To sum up, we propose a novel method in this chapter, which is dynamic self-
Correcting inteRaction nEtwork with negAtive exciteMent (CREAM). As shown
in Figure [5.1] our objective is to deal with the two aforementioned issues. On the
one hand, we carefully devise an adaptive dual-side corrector (ADC) to dynam-
ically and adaptively filter out the inappropriate interactions that may not benefit
the temporal representation learning for both users and items. However, ADC would
not permanently delete interactions since its self-correction only affects the current
update. By this means, the filtered-out interactions at early timestamps would still
have the chance to return to history and then contribute to future timestamps. On
the other hand, we build a temporal excitement learning (TEL) to model both
the positive and negative excitements from the newly-arrived interactions over users’
future interaction behaviors. TEL leverages the time interval to learn the trend of
evolving representation, making it a time-aware component. Besides, considering
there are always new users and items continuously joining the system, we design a
warm initialization for new users and items by converting raw features into dynamic
embeddings and also providing a new item-wise strategy for static embeddings. Fi-
nally, drawing support from ADC and TEL, we update the temporal representations
of the users and items in a light way and accurately conduct prediction for future

interactions. The main contributions of this work are four-fold:

e We propose an adaptive dual-side corrector module that could dynamically correct
histories of user-item interactions for temporal representation learning on historical

information.

e We present a temporal excitement learning module that could thoroughly capture

both positive and negative dynamics of newly-arrived interactions.

e We devise a warm initialization module that could flexibly initialize the dynamic

and static embeddings for new users and items.

e We present a new strategy to conduct future prediction by utilizing both temporal
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and static representations in one unified framework.

We conduct extensive experiments on three real-world datasets and compare our pro-
posed CREAM with state-of-the-art baselines. The experimental results demonstrate
the superiority and also the effectiveness of the proposed CREAM for the future in-

teraction prediction task.

5.2 Preliminaries

Let U = {uy,ug,...;up} and V = {vy,va, ..., vy} denote user set and item set, re-
spectively. We use eﬁj to represent the user-item interaction between the user u; and
item v; at timestamp ¢. Thus, the continuous interaction behaviors between users
and items form the interaction stream £ = {e;|u; € U,v; € V}. For simplicity, we
also directly leverage ¢ and j to denote u; and v; throughout this chapter. Following

the previous work [42] 80, [146], we have the following definitions:

Definition 1 (Dynamic Interaction Network). Given the user set U, item set
VY and stream set &£, the dynamic interaction network could be formalized by G =
{U,V,E, X} where users are continuously interacting with items over time and this
network is constantly changing with the growth of interactions. X represents the
embedding space of all users and items involved in the network. For each user (also
item), it has both temporal representation h € R? and static representation h € R*

where the d and s denotes their dimensions, respectively.

Definition 2 (Temporal Representation Learning). In dynamic interaction
network, the temporal representations of users and items are evolving over time due to
continuous interactions. Therefore, the objective of dynamic interaction network is to
continuously learn the evolving temporal representation: hf, h « ®(u;, v;, ef;, 1), u; €
U,v; € V. O is the learnable model function. Then, take the learned embeddings h!

and hz- to predict the future interactions for future timestamps.
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Figure 5.2: The overall architecture of our CREAM. First, the warm initialization
provides flexible temporal and static representations for unseen user and item. Then,
the adaptive dual-side corrector adaptively and dynamically corrects the historical
interactions from both the user and item sides. Next, the temporal excitement learn-
ing explores the positive and negative effects of newly-arrived interaction. Last, we
update the temporal representations of user and item and further predict the future

interaction.
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5.3 CREAM Model Design

In this section, we introduce the technical details of our proposed CREAM, the dy-
namic self-correcting interaction network with negative excitement. As illustrated
in Figure CREAM contains five components, i.e., Warm Initialization, Adap-
tive Dual-side Corrector, Temporal Excitement Learning, Update and Prediction.
Through the above components, our CREAM dynamically and adaptively corrects
inappropriate historical interactions to better aggregate historical information, while
investigating the negative excitement of newly-arrived interactions to thoroughly cap-
ture their dynamic effects. Besides, CREAM provides a flexible warm initialization
for new users and items, and a light temporal update for representation evolution.
In addition, the preference shift endows CREAM with the capability of generating

prediction at any future timestamp.

5.3.1 Warm Initialization

For any dynamic scenario, there are always new users and items constantly joining
the system. Hence, the first urgency is how to handle the unseen users and items.
One common solution is to randomly initialize embeddings, while it may impair the
performance due to uncontrollable randomness. In this chapter, we first propose a
flexible warm initialization to solve the problem. Specifically, we initialize two kinds
of representations for both users and items, i.e., the temporal representation and the

static representation.

Temporal Representation refers to the trainable embeddings that reflect users’/items’
temporal evolution (e.g., user preference) over time. We take user w; and item v; as
example. Inspired by StreamE [135], we present the feature-based initialization net-

work:
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h; =0(W",; +b"), (5.2)

where W* and b", W' and b", are learnable parameters for user and item, respec-
tively. e; and e; are w;’s and v;’s feature inputs, which are flexibly determined. o
represents the LeakyReLU function throughout the chapter. However, sometimes we
cannot acquire the feature embeddings. Then, one simple alternative is to initialize

a global learnable embedding table [92].

Static Representation refers to the untrainable embeddings that denote the in-
herent characteristics. Previous studies leverage one-hot ID embeddings as static
representations [80, 42| [§]. Here, we propose a novel item-wise multi-hot embedding
strategy. For the item side, we still employ one-hot ID embeddings, i.e., ﬁj e RV,
while for the user-side, we also set h; € RVl where the corresponding dimension in h,
would be activated if user u; interacts with an item. By this means, the user static
representation keeps the same size as the item static representation. Moreover, it
constantly trances the interacted items of the user and would not be fixed over time.

This is more suitable for the dynamic environment.

5.3.2 Adaptive Dual-side Corrector

Suppose user u; is interacting with the item v; at the current timestamp ¢. The goal
of the dynamic interaction network is to learn the current temporal representations h}
and h; that are evolving from previous temporal representations h; and hz._. Existing
studies fully aggregate historical interactions to explore long-term information [46}, 99,
146], [80]. However, they explicitly assume that all historical interaction would reflect
the actual evolution of users and items, without scrutinizing whether the historical
interactions truly benefit the temporal representation learning. This may pose the risk
of learning uninformative or even harmful user/item representations [95, [79]. Some
interactions are not noise data, e.g., the user’s one-off purchasing on a mobile phone,

but it is still inappropriate to leverage them for long-term information exploration.
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To this end, we aim to build the corrector to dynamically correct history in terms
of inappropriate historical interactions. Our considerations come from two parts:
(1) The corrector should be adaptive and efficient since it is oriented for the dynamic
environment; and (ii) The corrector should work for both user side and item side since
item representations are evolving as well as user representations. Thus, inspired by
reliable long-term representation learning [54, [138], we propose the Adaptive Dual-
side Corrector (ADC) in this chapter. Let H; and #Hj denote the u;’s and v;’s
histories, respectively. H! records interacted items of u; while 7—[; records interacted

users of v;. We first inject positional embeddings into the historical interactions:
z, =h' +¢(x),Vo € H!, (5.3)

z, = hy, +o(y), Yy € Hj, (5.4)

where x is the historical interacted item of user u; and v is the historical interacted user

of item v;. ht

. and hty_ are the temporal representation of x and y at last timestamp.

©(+) returns the positional embedding. Following the conventional strategy in natural

language processing, we adopt two learnable position embedding tables P* and P":

¢(x) = P’ [pos(z),:],p(y) = P*[pos(y), ], (5.5)

where pos(-) indicates the position in history. Thus, ¢(-) would look up the corre-
sponding embedding from the position table. Then, we devise the two-layer MLP
to capture the inherent correlation between the target embedding and the historical

embedding that has been already injected with position information:
Cor(z|u;) = o(W¥ (WY < hl | z,>)+b"), (5.6)

Cor(yloy) = o(wW{(W} < b ,z,>) + "), (5.7)

where wi, W5, b" and w}, W3, b are learnable parameters for the user side and item
side, respectively. <-> represents the concatenation operation. Now we have derived

the correlation scores Cor(z|u;) and Cor(y|v;) to measure w;’s historical interaction
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and v;’s historical interaction. We could manually determine a threshold to filter
out interactions with correlation scores below the threshold. However, the manual
threshold cannot adaptively deal with different histories, causing insufficient or exces-
sive corrections. Therefore, we aim to dynamically conduct self-correction with the
adaptive thresholds. We set the learnable threshold-aware embeddings for each user
and item to denote their own specific dynamic attributes on thresholds:

r,, =T"[i,] y Poj = E (5.8)

(3

Then, we inject the threshold-aware dynamics into wu;’s representation and v;’s rep-

resentation to obtain their adaptive thresholds:
0(i) = ry, (Wgh?)a 0(j) = Ty, (th?% (5.9)

where wj and w} are trainable parameters. 0(i) and 6(j) are the adaptive thresholds
for u; and v;, respectively. How to filter out the historical interactions of u; is totally
determined by u;. Similarly, how to filter out the historical interactions of v; is decided
by v; itself. Next, by utilizing (i) and 6(j), we correct the original histories H! and

7—[; as follows:

ﬁf = {Lcp)(Cor(z1|u;)), gy (Cor(za|us)), gy (Cor(zs|us)), ...}, (5.10)

H: = {L<o() (Cor(yalvy)), Lcop)(Cor(yalvy)), Lo (Cor(yslvy)). ...}, (5.11)

where I5g)(+) is the indicator function. If the input is smaller than 6(-), remove it
from history. ﬁf and 7:22 are the corrected histories for w; and v; at current timestamp
t. Note that the ?flf and ﬁ; would only affect the temporal representation learning of
the current timestamp ¢, which means the filtered-out interactions still have chance
returning to history at other timestamps. Therefore, our proposed ADC module could

dynamically measure interactions and adaptively execute corrections over time.
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5.3.3 Temporal Excitement Learning

Short-term information from the newly-arrived interactions, is another important
aspect to derive the evolution of temporal representations. Since user u; is interacting
with item v; at ¢, they tend to co-evolve by learning information from each other.
Existing studies inject the w;’s (v;’s) representation into v;’s (u;’s) representation to
let their temporal representations evolve from each other [13] [42] [8 [80]. However,
they only model the positive excitement (i.e., positive effect on update) from the
new interaction between u; and v;, neglecting the potential negative excitement that

actually indicates unnecessary update.

To this end, we aim to thoroughly learn the excitement from both positive and neg-
ative perspectives. Inspired by Hawkes process-based learning [127, 39], we propose
the Temporal Excitement Learning (TEL) in this chapter. Nevertheless, different
from complex sequential modeling, this module only focuses on modeling the effect
of the current new interaction. Take v; as example and our TEL could be formalized
as:

A(wjlug, t) = Ao + @p (AL, vj|u;) — pn (AL, v)|w), (5.12)
where A(v;|u;, t) represents the excitement from item v; on user w; at current times-
tamp t. At is the time interval between t and the timestamp of wu;’s previous in-
teraction. Ag is the base excitement. ,(At,v;|u;) is the positive excitement while

©n(At, v;|u;) is the negative excitement. For the first term Ay, we have:

Ao

(b )"h! + b, + b, (5.13)

where b, and b, are learnable user bias and item bias, respectively. The base excite-
ment is determined by the inner product of u; and v;. For the positive and negative
excitements, we consider time-aware attentive modeling that incorporates represen-
tation with time interval information, because u;’s previous interaction would affect

her/his intention on her/his next interaction [32]:
hi! =h!” ® (WiAt),h}, = h'” © (WAt), (5.14)

ilp jln
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where hﬁ; and hﬁfl are the time-aware positive and negative embeddings of v;. wf
and w7 are learnable parameters. ® denotes the element-wise product. Next, we can

derive the positive and negative excitements based on hﬁ; and hﬁ;:

0o (AL, v;]u;) = Sig(wh(WP < hi! hi'>) + 7)), (5.15)

Jlp

Pn (AL, v;|u;) = Sig(wh (W™ < hjl

Jln

h] >) + b)) (5.16)

where wh, WP b, and wi, W" b, are learnable parameters for positive and negative
excitements, respectively. Sig is the Sigmoid function that returns a value in (0,1).
Now, we can utilize Ay, ¢,(At,v;|u;) and ¢, (At,v;|u;) to accomplish the Eq.
and get final excitement A(vj|u;,t) which indicate the v;’s effect on updating u;’s
representation. Our advantage is that we thoroughly capture the dynamic effect from

both positive and negative excitements.

Similarly, we can derive the A\(u;|v;,t) that learns the excitement from u; on v;. We

omit this part because it is the same as the above process.

5.3.4 Update and Prediction

On the one hand, we have constructed the adaptive dual-side corrector ADC that
would dynamically and adaptively correct histories of both user side and item side to
better model long-term information. On the other hand, we have presented temporal
excitement learning TEL that would investigate both positive and negative excite-
ments to learn short-term information. We leverage the ADC and TEL together to
update the temporal representations of user u; and item v; at the current timestamp

t.

Update. Considering we are dynamic scenario where users continuously interact with
items over time, we decide to take a lightweight but efficient strategy without addi-

tional trainable parameters to update temporal representations, which is formalized
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as:
h{ = o(A(vjlu;, )Y + ) K(At)hL), (5.17)
xe?—?ﬁ
h! = o(Auslvy, )b} + > w(Abh] ), (5.18)
yeﬁ;

where A(v;|u;, t), AM(u;|v;,t) are excitements derived from TEL module and ﬁf,ﬁ;
are the corrected histories derived from ADC module. At denotes the time interval
between historical interaction and current timestamp. x(-) is the time-decay weight

function [99] which would assign each historical interaction with a weight according

to the time interval. Take original H! as example: x(At) = = ex‘:(*pA(tZ oL
z’E'Hi ex

The first term in the update is used to capture short-term information based on the
temporal excitement while the second term is designed for modeling long-term infor-
mation from the corrected history. With our ADC and TEL modules, we could more
precisely update temporal representations for both user and item. As a consequence,

u; evolves from h to hj and v; evolves from h to hj.

Prediction. The goal of dynamic interaction network is to predict the future inter-
action between users and items. However, the current representation of users may
not reflect their future intentions [42, 32]. Thus, we refer to the Eq. and de-
sign a time-aware preference shift to predict the future preference embedding of u; at
timestamp ¢7:

h'" = o(Wi(h! © (1 + wiAt)), (5.19)

where W5 and w3 are learnable parameters. At is the time interval bewteen the
future time t* and current time t. © denotes the element-wise product. The core
advantage of this preference shift is that we can predict any future timestamp, which

is unlimited.

However, to accurately conduct interaction prediction, we should also consider the
static representation part. Previous studies, e.g., DGEL [8(], prefer directly pre-

dicting the whole combination of temporal and static representations. In our work,
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we propose a new strategy, which utilizes the temporal representation to dynami-
cally refine existing static representation. Specifically, we derive an attentive vector
based on wu;’s predicted preference embedding and adjust its static embedding in a
fine-grained way:

_t+

h' = ReLu(W™(< h'" h;>)) ® h;, (5.20)

where W™ is learnable parameter and ® is the element-wise product. We take
the static embedding h; of item v; into account because the user may repeatedly
interact with the same item. The predicted preference embedding h'" not only affects
the user’s dynamic preference in the future but also determines the possible static

attributes that relate to her/him.

_
We use the concatenation St =< ht+, h''> of u;’s predicted preference embedding and
static embedding as the objective, and find an item j’ whose <h§,, h; > is nearest to

St", as the predicted future interaction.

Our goal is that the prediction S could hit the representation of the user’s actual-

interacted item. Therefore, the loss of our overall framework is defined as follows:

E:Z‘

t
et, €€
1/]/6

S'— <h', hy >H2 alof, (5.21)

where S’ is the predicted objective of user i’ at t. j' is the ground-truth inter-
acted item. h;,_ and Bj/ are the temporal and static representations of it. ® serves
as a regularization term in our model and its strength is controlled by a weight-
ing coefficient . Our scenario is dynamic interaction network among users and
items and the task is to continuously predict the future interactions that users may
have. Hence, the loss in Eq. is strictly oriented towards our task by cal-
culating the difference between the predicted future interaction and the ground-
truth interacted item. Leveraging the loss, we adopt the temporal-batch method

to train the whole framework. We introduce it in the experimental setup section.

100



[y

N

8

9

10

11

12

13

14

15

16

17

5.3. CREAM Model Design

Algorithm 3: Training of CREAM (one epoch)
Input: U, V, £, temporal batch B = ()

Output: trained ® of this epoch

Randomly initialize the parameter set ® of CREAM;
Warmly initialize all representations by Eq. and Eq.
foreach interaction eﬁj € &£ do

Update:

add u; to ’H; and v; to HY;

correct user history and item history by Eq. |5.10|and Eq. |5.11| to get the corrected
H; and HY;

learn the temporal excitement by Eq. [5.15{and Eq. [5.16| to get the A(v;|u;,t) and

Auilvj,t) 5

update temporal representations h’; and h;- for u; and v; by Eq. [5.17|and [5.18

Temporal-batch Optimization:
if u; and v; ¢ B then
add eﬁj to B ;

else

obtain the loss of B by Eq. |5.21
optimize the & of CREAM,;
let B = {e};};

end

end

5.3.5 Complexity Analysis

For the training stage, we perform optimization over batches of training interactions
using the temporal-batching gradient descent method. The training complexity is

O(7|ET|(#APC 4 (TEL))  where 7 is the number of epochs and |E¥| is the number of

EADC KTEL

training interactions. and are the computation cost of the adaptive dual-

side corrector and the temporal excitement learning, respectively. They are affected
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by both the dimension d of temporal representation and the size of the neighbor set.
For the inferring stage, we continuously generate interaction prediction and sequen-
tially evaluate each test interaction to conduct the dynamic interaction network. The
inferring complexity is O(|E|(¢APC + (TEL 4 4out))  where %] is the number of test

interactions and ~°“t

is the cost of finding the nearest item after prediction. The
pseudo-codes of training and inferring can be found in the Algorithm. [3| and Algo-
rithm. [4] respectively. Note that our scenario is the dynamic interaction network
between users and items in real-world platforms. Thus, we continuously conduct pre-

dictions over time, which distinguishes our work from one-time prediction scenarios.
Algorithm 4: Inferring of CREAM (one epoch)
Input: U, V, £, trained @

Output: evaluation results
foreach interaction egj € &% do
Prediction:

fetch the h!  from previous time;

generate the next-interaction prediction at time ¢ for u; based on Eq. |5.19| and Eq.

5.20

compare with eﬁj for evaluation;
Update:
add u; to ’H; and v; to H'E;

correct user history and item history by Eq. [5.10|and Eq. |5.11

learn the temporal excitement by Eq. |5.15| and Eq. [5.16;

update temporal representations h! and h;- for u; and v; by Eq. [5.17/and [5.18|;

end

5.4 Experiments on CREAM

In this section, we present extensive and comprehensive experiments to demonstrate
the superiority and effectiveness of our CREAM on dynamic interaction task. Specifi-

cally, our experiments include the overall performance comparison, the ablation study,
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Table 5.1: Basic dataset statistics: the number of users (Users), the number of
items (Items), the number of interactions (Interactions), the average number of in-
teracted items per user (Avg.(Item)), the average number of interactions per user
(Avg.(Inter)), and the sparsity computing the proportion of zero elements in the

user-item matrix.

Dataset Wikipedia Foursquare Reddit
Users 8,227 1,000 10,000
Items 1,000 1,000 1,000

Interactions 157,474 209,730 672,447
Avg.(Item) 2.22 39.08 67.24
Avg.(Inter) 19.14 209.73 67.24

Sparsity 99.78% 95.89% 99.20%

the variant exploration, and the hyperparameters sensitivity. We aim to answer the

following research questions:

e RQ1: Whether our proposed CREAM can outperform the state-of-art methods
(i.e., deep recurrent learning methods and temporal graph learning methods) on

the dynamic interaction prediction task?

e RQ2: How do the core modules (e.g., the adaptive dual-side corrector and the tem-

poral excitement learning) in our CREAM contribute to the overall performance?

e RQ3: Whether other variants of our CREAM (e.g., predicting the combination
of temporal and static representations) could improve the performance of our

CREAM?

e RQ4: How sensitive is our CREAM with the key hyperparameters (i.e., the size

of temporal history and the dimension of temporal representation)?
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5.4.1 Experimental Setup
Datasets.

We conduct experiments on three real-world interaction datasets that are widely used
in the field of dynamic interaction network. Wikipedid} This dataset contains one
month of edits on Wikipedia and 157, 474 interactions are filtered out by 8,227 users
and 1,000 edited pages. Foursquar(ﬂ: This dataset contains location check-ins in
Tokyo for about 10 months, totaling 209, 730 check-ins determined by 1,000 users
and 1,000 visited locations. Reddit’} This dataset consists of one month of posts
made by users on subreddits, resulting in 672, 447 interactions by 1,000 subreddits as
items and 10,000 users. The dataset statistics can be found in Table[5.1] All datasets

can be downloaded publicly.

Baselines.

We compare CREAM with two groups of state-of-the-art baselines. The first group
is deep recurrent learning methods: Time-LSTM [156], Jodie [42], HILI [§], and
NeuFilter [I06]. The second The second group is the temporal graph learning meth-
ods: TGN [69], TREND [99], TIGER [146], and DGEL [80]. The details of those

baselines are as follows:

e Time-LSTM [I56]: A popular variant of the long short-term memory method
LSTM by equipping it with gates to investigate time intervals.

e Jodie [42]: A representative recurrent method that builds a novel project function

to continuously predict the future embedding trajectories of users;

Thttp://snap.stanford.edu/jodie/wikipedia.csv
Zsites.google.com/site/yangdingqi/home /foursquare-dataset
3http://snap.stanford.edu/jodie/reddit.csv
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e HILI [8]: A sequential model that aims to efficiently update embeddings and

prevent the information asymmetry by attention layer and self-linear layer;

e NeuFilter [106]: A novel model that incorporates Kalman filtering into user-item

interactions to construct robust learning and handle noise interactions.

e TGN [69]: A popular standard graph method that designs a generic framework to

model temporal graph by timestamped events.

e TREND [99]: A novel framework that presents the temporal Hawkes process-

based graph network to capture fine-grained event and node dynamics.

e TIGER [146]: A novel interaction graph embedding method that devises a tem-

poral dual-memory graph neural network to develop embedding update.

e DGEL [80]: A novel dynamic graph model that fully learns the temporal graph

evolution from the perspectives of both newly-arrived and historical interactions.

Evaluation Protocols and Metrics.

Our experimental settings strictly follow the DGEL and we conduct the future in-
teraction prediction task. For each dataset, we chronologically split it by 8:1:1 into
training, validation and test. The training data are used for the training stage while

the validation data and the test data are used for the inferring stage.

For the training stage, we adopt the temporal-batch training method proposed by
Jodie and select the best epoch based on validation data. The temporal-batch method
ensures three criteria: (1) the interactions in one batch should be processed simulta-
neously; (2) different batches should maintain their sequential ordering; (3) the users
and items in each batch should not be duplicated (otherwise, it would lead to conflict
when updating the same user or item). In practice, we assign each interaction 6;?]- to a

particular batch B;, where [ € [1,£]. We first initialize |£| empty batches (the worst

105



Chapter 5. Temporal Self-correcting Interaction Network for Recommendation

case is that each batch only contains one interaction). We iterate through the interac-
tion stream and add each interaction to a batch B;. Let maxBatch(s,r) be the batch
with the largest index that has an interaction involving a node s (user or item) till

r+1

the interaction e”. Then, the next interaction e"*' (i.e., between user i and item j),

is assigned to the batch with index = maz(1 + maxBatch(i,r), 1 + maxBatch(j,1)).

For the inferring stage, we sequentially evaluate each test interaction by generating
prediction and updating representation at each timestamp. This means we conduct
continuous inferring across different timestamps, which is different from one-time
evaluation. This ensures the multi-round procedure of the dynamic interaction net-
work. At each timestamp, we adopt Recall@10 and MRR as evaluation metrics, and
finally, we report their averages of all timestamps during the inferring stage. The
pseudo-codes of training and inferring can be also found in the Algorithm. |3/ and Al-
gorithm. [ respectively. Note that during the inferring stage, we DO NOT re-train
the baselines and also our CREAM on test data, to conduct fair comparison among

them.

Reproducibility.

For DGEL, TREND, and Time-LSTM, we fetch their performance results from the
chapter of DGEL. For other baselines, we use their suggested hyper-parameters to
yield the best performance on the validation set. For our proposed CREAM, we
use the AdamW [58] with the learning rate of 0.001 as an optimizer for model
training. The epochs are set as 30. The dimension of the temporal representation
and the length of the neighbor set are selected from {16, 32,64, 128,256,512} and
{10, 50, 100, 150, 200, 300}, respectively. The dimension of static embedding is deter-
mined by item size. In addition, we apply [, regularization with o = 0.001. Last,
all experiments are conducted with Pytorch in NVIDIA 4090 GPU and AMD EPYC
9754 CPU.
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Table 5.2: The overall performance of future interaction prediction. We compare
CREAM with different methods from two categories and conduct comparison on

three datasets. The bold and the underline indicate the best and second-best results.

Dataset Wikipedia Foursquare Reddit
Metric MRR Recall@10 MRR Recall@10 MRR Recall@10
Time-LSTM  0.247 0.342 0.135 0.279 0.387 0.573
Jodie 0.639 0.705 0.349 0.652 0.658 0.812
HILI 0.680 0.746 0.392 0.685 0.719 0.847
NeuFilter 0.651 0.724 0.378 0.672 0.684 0.837

TGN 0.593 0.679 0.336 0.651 0.606 0.784
TREND 0.588 0.691 0.370 0.663 0.647 0.809
TIGER 0.640 0.715 0.364 0.668 0.638 0.807
DGEL 0.674 0.756 0.381 0.697 0.701 0.849

Our CREAM 0.704 0.842 0.436 0.725 0.730 0.876

5.4.2 Overall Performance

To evaluate the overall performance of our proposed CREAM, we compare it with
different methods over three datasets. The results are reported in Table[5.2 We have

several findings.

First of all, our CREAM outperforms all baseline methods on all datasets, which
demonstrates the superiority of our CREAM in continuously predicting the interac-
tions for the dynamic interaction network. Compared with the second-best perfor-
mance, our CREAM gains 3.5%, 11.2%, 1.5% improvements on MRR, and 11.4%,
4.0%, 3.2% improvements on Recall@10. Second, it could be observed that compared
with the Wikipedia and Foursquare datasets, the improvement on the Reddit dataset
is relatively small. One possible reason is that the baselines have already achieved
high performance on that dataset, e.g., the Recall@10 of DGEL is 0.849. Thus, the

room for improvement is limited. However, our CREAM still significantly outper-
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Figure 5.3: The overall performance over inactive user group (group 1) and active

user group (group 2).

forms all baselines on the Reddit dataset. Third, we find that the two categories,
deep recurrent learning and temporal graph learning, exhibit their own strengths.
For example, NeuFilter and HILI are superior than temporal graph-based methods
in some metrics, while DGEL can still outperform all deep recurrent baselines in the
left metrics. On one hand, temporal graph learning fully investigates the temporal
historical information from historical interactions. On the other hand, deep recurrent
learning explores the newly-arrived interactions. Our proposed CREAM, which han-
dles both historical and new interactions by ADC and TEL modules, exactly takes
full advantage of the two categories. As a result, CREAM has achieved remarkable

performance and significant improvement among all methods.

In addition, we report the performance over different user groups. We divide the
user interactions into two groups: inactive user group and active user group,
by treating the bottom 30% users with the fewest interactions as inactive users. The
performance of the inactive user group is also our concern since we hope our model
could generate accurate predictions for all users, not only for the active users. The
results are shown in Figure [5.3] It is observed that there is a significant performance
gap on the Wikipedia dataset. However, the inactive user group still gets a certain
performance via our CREAM. For the Foursquare and Reddit datasets, our CREAM

performs quite well for the inactive user groups, whose performance is much closer to
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Table 5.3: Ablation study on the key modules of CREAM. We separately remove the
warm initialization (WR), the adaptive dual-side corrector (ADC), and the temporal
excitement learning (TEL) from our CREAM. Also, we consider only leveraging the
historical interactions (only History) or the newly-arrived interactions (only New) to
update representations. Note that the warm initialization cannot be applied (NA) to

the Foursquare dataset since it contains no features.

Dataset Wikipedia Foursquare Reddit
Metric MRR Recall@10 MRR Recall@10 MRR Recall@10
w/o0 WR 0.694 0.833 NA NA 0.722 0.865
w/o ADC 0.641 0.792 0.407 0.693 0.706 0.852
w/o TEL 0.687 0.828 0.412 0.705 0.714 0.860
only New 0.720 0.771 0.386 0.629 0.668 0.704
only History 0.673 0.825 0.415 0.702 0.718 0.863

CREAM 0.704 0.842 0.436 0.725 0.730 0.876

that of the active user groups. It indicates that all user groups could get satisfactory
predictions by our proposed CREAM. This proves the effectiveness of our model for

inactive users with fewer interactions.

5.4.3 Ablation Study

To investigate the effectiveness of each core module of our CREAM, we conduct the
ablation study. We consider the following ablative variants: (1) w/o WR, which
removes the warm initialization on temporal representations; (2) w/o ADC, which
removes the adaptive dual-side corrector on historical interactions; (3) w/o TEL,
which removes the temporal excitement learning on newly-arrived interactions; (4)
only New, which only leverages new interactions to update representations; and (5)

only History, which only leverages historical interactions to update representations.
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Table 5.3 lists the results.

It could be observed that the performance slightly decreases when dropping the warm
initialization. This suggests the benefit of flexibly generating the temporal represen-
tations instead of random initialization. The adaptive dual-side corrector, as our
core motivation, notably influences the performance of our framework. From the re-
sults, we can see that when we remove the corrector, the performance significantly
decreases, which proves the importance of our designed ADC module on dynamically
handling the inappropriate interactions for representation update. In addition, re-
moving the temporal excitement learning would also weaken the performance, which
demonstrates the effect of exploring newly-arrived interactions. Moreover, compared
with the Foursquare and Reddit datasets, the Wikipedia dataset seems more sensi-
tive to the corrector since its performance gets severely destroyed when removing the
corrector. This may be because the Wikipedia dataset is the smallest one among all
datasets. Therefore, its performance is unstable and could be easily affected by a few

of the historical interactions.

Another interesting observation in the Wikipedia dataset is that its MRR would
increase (from 0.704 to 0.720) when historical interactions are removed. However,
considering the considerable decrease in Recall (from 0.842 to 0.771), we cannot
replace our CREAM with that ablative version for the Wikipedia dataset. On the
contrary, the Wikipedia dataset requires more operations to improve the historical
information, which further verifies the previous finding that our proposed ADC would
deliver more improvement on the Wikipedia dataset. For the Reddit and Foursquare
datasets that contain many historical interactions, only utilizing historical interactions
contributes much more to the performance than only leveraging new interactions. For
example, over the Reddit dataset, the Recall would severely get destroyed from 0.876
to 0.704 when removing historical interactions. This suggests the power of historical
information on representation learning when there is a large number of historical

interactions.
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5.4.4 Variant Exploration

To explore more possibilities of our CREAM, we conduct experiments on different
feasible variants of CREAM: (1) CREAM-1, which directly adopts the linear net-
work to compute the correction threshold; (2) CREAM-2, which leverages normal
distribution to simulate the temporal excitement; and (3) CREAM-3, which overall
predicts the combination of temporal and static representations. Here, we introduce

the equation details of those variants:

e CREAM-1: which directly adopts the linear network to compute the correction
threshold. We refine the Eq. by:

0(i) = wigh; ,0(j) = wizhj (5.22)

where wi; and wy,; are the learnable parameters. Compared with Eq. [5.9 Eq.
removes the supportive threshold-aware embeddings and directly outputs the

thresholds based on the temporal representations.

e CREAM-2, which leverages normal distribution to simulate the temporal excite-

ment. We refine the Eq. and Eq. by:

(At 0ylu) = N(AHO, ), pu( AL, vyfus) = N(AHO,2,),  (5.23)
ep = Sig(wigh! +wighj'), (5.24)
e, = Sig(w? h! + Widhﬁfl), (5.25)

where ¢, and ¢, represents the standard deviations of normal distribution for pos-
itive and negative excitements, respectively. wl, and w?;, w3, and wi, are learn-
able parameters. Function N is the normal distribution. Thus, taking the time
interval At as input, we output the excitements by normal distribution with per-

sonalized standard deviations.
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Table 5.4: Variant exploration on CREAM. We consider three feasible variants: (1)
CREAM-1 utilizing the linear network for correction threshold; (2) CREAM-2 using
normal distribution for temporal effect; and (3) CREAM-3 predicting the combination

of both temporal and static representations.

Dataset Wikipedia Foursquare Reddit

Metric MRR Recall@10 MRR Recall@10 MRR Recall@10
CREAM-1 0.672 0.815 0.403 0.701 0.719 0.865
CREAM-2 0.686 0.830 0.420 0.716 0.726 0.873
CREAM-3 0.659 0.746 0.391 0.684 0.693 0.852

CREAM 0.704 0.842 0.436 0.725 0.730 0.876

¢ CREAM-3, which roughly predicts the combination of temporal and static rep-
resentations. We refine the Eq. by:

1l Rttt 2 1t 3 31
S" =w,h" +w, hi+w hi+w hj (5.26)
1 2 3 4 tt ot
where wy ., Wi ., Wi, W, are the learnable parameters. S* are the prediction

on the final combination of the temporal and static representations. This is dif-
ferent from first leveraging temporal representation to refine static part and then

concatenating them together.

The results are reported in Table. [5.4 It is observed that directly computing the
threshold based on temporal representation would sacrifice the performance to some
extent, which suggests the strength of introducing learnable threshold-aware embed-
dings. They indicate the user and item sensitivities on the threshold, and thus fur-
ther help us examine the dynamic attributes of users and items. Moreover, we find
that leveraging normal distribution would slightly decrease the performance. The
explanation is that the specific function of trend simulation may cause over-fitting.
However, it is still competitive with the MLP-based framework. Last, predicting the

combination of the temporal and static representations would deliver a huge drop
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Figure 5.4: Hyperparameter sensitivity on performance: (1) the size of the history set,
which is searched from {16,32, 64, 128,256,512} and (2) the dimension of temporal
representation, which is searched from {10, 50, 100, 150, 200, 300}.

in performance and destroy the prediction task. This demonstrates the power of
our new strategy for generating prediction. We carefully utilize predicted temporal
representation to refine the static representation in a fine-grained way. In a word,
compared with the different variants, our CREAM achieves the best performance for

future interaction prediction.

5.4.5 Hyperparameter Sensitivity

To further explore the sensitivity of CREAM to the important hyperparameters, we
study how the two hyperparameters, the dimension of temporal representation and

the size of history set, affect the performance of CREAM.
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The results are shown in Figure 5.4, The size of the neighbor set is searched from
10 to 300, while the dimension of temporal representation is selected from 16 to
512. Clearly, increasing the history size would enhance the interaction prediction,
especially on the Foursquare dataset. All datasets have their peaks. Along with the
growth of history size, the performance of Wikipedia and Reddit datasets first goes
up and then significantly decreases, reaching the peak at the small sizes, i.e., 50 and
100, respectively. However, the Foursquare achieves the optimal performance when
the size is larger, i.e., 150. We attribute this to the dataset characteristic where the
average of user interaction in the Foursquare dataset is the largest. Thus, compared
with Wikipedia and Reddit datasets, the Foursquare dataset requires a larger size to

precisely conduct representation learning.

Similarly, the model performance could be improved by increasing the dimension of
temporal representation. Specifically, our CREAM achieves the best performance on
the Wikipedia and Reddit datasets when the dimensions are 128 and 256, respec-
tively. The Reddit dataset may have a potential chance to get minor improvement
with dimensions larger than 512. However, it is unnecessary to pursue extremely-
large dimensions. As for the Foursquare dataset, its optimal dimension is relatively
small, i.e., 32. Compared with the Foursquare dataset, the Wikipedia and Reddit
datasets contain less historical information for each user. Therefore, they need more

dimensions to better learn the temporal representations.

5.4.6 User Case Study

We conduct user case study to show the performance gap between our proposed
CREAM and the SOTA method DGEL. The case study is conducted on the Wikipedia
dataset and we select two users. The one has interactions lower than average while
the other one has interactions higher than average. We anonymize their user IDs by

User 1 and User 2. The case study illustrates the varying performance over time,
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Figure 5.5: User case study. We show the performance gap between our proposed

CREAM and the SOTA method DGEL over two users.

which is calculated by all previous prediction results at the current timestamp. The

results are shown in Figure [5.5]

From the results, we can observe that the accumulated performance of both DGEL
and CREAM would gradually increase over time. Even though there are some fluctua-
tions, especially for User 2, the performance still shows upward trends. This indicates
that such temporal methods would better learn user preferences as more user inter-
actions are received. More importantly, we can see that the proposed CREAM is
constantly superior to the DGEL. The two users, who have opposite levels of inter-
actions compared with the average, are gaining better performance via our CREAM.
This indicates the superiority of our CREAM in generating item predictions for users.
Some users may get better predictions via the DGEL, but from the overall perfor-
mance comparison in Table our proposed CREAM significantly outperforms the
DGEL and other baselines.
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5.5 Summary of CREAM

In this chapter, we propose a novel dynamic self-correcting interaction network named
CREAM, which aims to accurately and continuously predict interactions between
users and items over time. Along this line, we carefully design the adaptive dual-side
corrector to dynamically correct temporal histories of both the user side and item
side over historical interactions, and the temporal excitement learning to comprehen-
sively capture the effects of the newly-arrived interactions. Meanwhile, we present
a warm initialization to flexibly initialize both temporal and static representations.
In addition, we present a novel strategy which smoothly utilizes temporal and static
representations together to conduct predictions on future interactions more precisely.
Extensive experiments on three public datasets demonstrate both the superiority and

effectiveness of our proposed CREAM.
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Chapter 6

Dual-side Online Fairness Learning

for Recommendation

Fairness in recommendation has drawn much attention since it significantly affects
how users access information and how information is exposed to users. However, most
fairness-aware methods are designed offline with the entire stationary interaction data
to handle the global unfairness issue and evaluate their performance in a one-time
paradigm. In real-world scenarios, users tend to interact with items continuously over
time, leading to a dynamic recommendation environment where unfairness is evolv-
ing online. Moreover, previous methods that focus on mitigating the unfairness can
hardly bring significant improvements to the recommendation task. Hence, in this
chapter, we propose a Model-agnostic Dual-side Online Fairness Learning method
(MDOFair) for the dynamic recommendation. First, we carefully design dynamic
dual-side fairness learning to trace the rapid evolution of unfairness from both the
user and item sides. Second, we leverage the fairness and recommendation tasks in
one utilized framework to pursue the double-win success. Last, we present an effi-
cient model-agnostic post-ranking method for the dynamic recommendation scenario

to mitigate the dynamic unfairness. Extensive experiments demonstrate the supe-
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riority and effectiveness of our proposed MDOFair by incorporating it into existing

dynamic TGL models as a post-ranking stage.

The content in this chapter mainly focuses on addressing the research challenge RC

4 and overcoming the limitation EL 4 by proposing a novel method MDOFair.

6.1 Brief Introduction of MDOFair

Recommendation systems that alleviate information overload are ubiquitous around
the world. These systems support personalized decision-making in various applica-
tions, such as e-commerce (e.g., Amazon and Taobao) and social medias (e.g., Face-
book and Instagram) [130} 129 [79, 134]. Recently, fairness, which concerns equal
opportunities for item exposure [36] or equal quality of user service [48], has gained
significant attention because of its profound impact on how people access information
and how information is exposed to users [120]. There has been a growing awareness
that recommendation systems are subject to algorithmic fairness considerations along
different dimensions, including stakeholder (e.g., producer and consumer), type of
benefit, context, and even morality [25] [15 61, 150, [72]. Therefore, it is imperative
to give careful and strict consideration towards fairness in recommendation systems

to ensure the stability and development of the marketplace.

A series of studies have been proposed in the field of fairness for recommendation.
For instance, item-side methods re-allocate the exposure of items based on their pop-
ularity to protect producers’ fairness, such as FELIX [36] and FULTR [117]. They
boost the likelihood of ranking higher in the recommendation list for unpopular items.
On the other hand, user-side methods provide more support for learning disadvan-
taged users’ feedback to eliminate disparity among advantaged and disadvantaged

user groups, e.g., UGF [48] and FairRec[I00]. They claim that the quality of rec-
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ommendation service should not depend on personal data, such as users’ activity
level. Furthermore, dual-side methods, including TFROM[102] and CPFair[62], ad-
dress fairness issues for both users and items simultaneously, aiming to find an optimal

balance between them.

Although remarkable success has been achieved in fairness studies, there are still
some challenges that remain to be solved. The first one is dynamic evolution of on-
line fairness. Many previous fairness methods are designed for offline use to handle
the global unfairness issue derived from the stationary data. However, in real-world
scenarios, users tend to interact with items continuously over time [105, 121, [144],
leading to a dynamic environment where recommendation system would update user
preference and refresh recommendation result immediately after receiving each feed-
back [406, 60}, 104]. This is called dynamic recommendation [80]. Consequently, online
fairness is evolving rapidly due to the consecutive interaction between users and items
[126], 291 80]. Thus, those offline fairness methods that require sufficient data and only
conduct one-time static evaluations fail to handle the dynamic evolution of online fair-
ness. Take two items shown in Figure [6.1a)] as example. From timestamp t; to to,
the two items v; and v; have the same exposure since they are both exposed in the
recommendation list. They are relatively fair to each other from the perspective of
item-side exposure. After that, v; are removed from the recommendation list while v;
still get high exposure. This could be caused by many reasons, e.g., the popular items
would be sufficiently captured and learned by recommendation system and thus have
a higher chance to dominate the recommendation list [60]. Then, at timestamp ¢3 and
ty4, it tends to be unfairer for the non-exposure item v; compared with over-exposed
item v;. Fortunately, the online fairness-aware method would update its fairness pol-
icy dynamically to adapt to the current environment at different timestamps, ensuring
the evolving fairness between items. However, the offline fairness evaluation would

only computes the global fairness without tracing its fast evolution.

The second challenge is the trade-off balance problem. Most previous fairness meth-
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Figure 6.1: The illustration of online fairness for dynamic multi-round recommenda-

tion system.

ods primarily focus on mitigating unfairness and maintaining recommendation per-

formance simultaneously [36), 48] [62], 511, [17]. Namely, they cannot deliver significant

improvements to the recommendation task. They simply treat the balance problem

as the fairness trade-off between the user and item sides, explicitly neglecting the fact

that introducing the fairness task is essentially to strengthen the recommendation

task [04]. Therefore, we argue that the trade-off balance problem manifests in two
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aspects:

(1) The Fairness Optimization Balance between the user side and the item side.
Helping less popular items rank higher in the recommendation list may pose the risk
of destroying user personalization [120, [74], while eliminating the disparities among

users may cause inappropriate distribution of item exposure [100, 102].

(2) The Multi-task Combination Balance between the recommendation task and
the fairness task. In general, it is challenging to achieve significant improvements in
both fairness and recommendation simultaneously [62, R9], as the superior perfor-
mance of the recommendation system naturally depends on those advantaged groups
who may cause unfairness to disadvantaged groups [48, 49, [65]. Especially in a dy-
namic environment, the rapid evolution of fairness brings more uncertain dynamics

into the recommendation task [25].

To address these aforementioned challenges, i.e., the dynamic evolution of online
fairness and the multi-dimensional trade-off balance, we should tackle the following

problems:

(1) How to dynamically trace the evolution of dual-side unfairness for users and items.
The core of online fairness is to capture its rapid evolution during the continuous rec-
ommendation procedure. Moreover, learning online fairness should not be affected by
the dynamic recommendation models themselves, ensuring generality and effective-

ness.

(2) How to adaptively utilize online fairness to correct unfair results. In order to
produce fair recommendation lists continuously, it is necessary to adjust the ranking
scores based on the observed online fairness without affording expensive computa-

tional costs.

(3) How to leverage online fairness and dynamic recommendation in one unified
framework. The trade-off balance between the user and item sides promotes fair

recommendation in the online environment, while the trade-off balance between the
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fairness task and the recommendation task yields a comprehensive preeminent recom-
mendation system. Helping the disadvantaged items and users (e.g., unpopular items
and inactive users) does not mean the sacrifice of advantaged items and users (e.g.,
popular items and active users). It would be a double-win success if we handle the
unfairness issue while not sacrificing the recommendation performance for the whole

system.

To this end, we propose a Model-agnostic Dual-side Online Fairness Learning method
(MDOFair) for dynamic recommendations. The objective of our MDOFair is to dy-
namically mitigate the online unfairness issue for both users and items while improv-
ing the system performance in dynamic recommendations. Firstly, we design dynamic
online unfairness learning for the user side and item side, respectively. This enables
us to explore and capture the rapid evolution of online fairness. Secondly, we inject
the online fairness task into the dynamic recommendation task to obtain the double-
win success of the whole system. Finally, we propose an efficient model-agnostic
post-ranking method, which could adaptively re-rank recommendation lists based on
fairness. The post-ranking paradigm for dynamic recommendation is shown in Fig-
ure [6.1bl Before returning the current recommendation list to the target user, we
adopt the proposed MDOFair to effectively adjust it according to the online dual-side
fairness. This procedure would keep running until the system is shut down. Conse-
quently, we mitigate the dynamic online unfairness issue while significantly improving

the performance of dynamic recommendations.

Our contributions are highlighted as follows:

e A New Problem. To the best of our knowledge, we are the first to investigate
the online dual-side unfairness from both user-side and item side for the con-
tinuous dynamic recommendation, where the fairness is rapidly evolving due to

the consecutive interactions between users and items.

e A Novel Online Learning Method for Fairness. We carefully design a
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dual-side online unfairness learning method for both users and items to dynam-

ically trace their evolution during the online environment.

e A New Model-Agnostic Post-Ranking Approach. We propose MDO-
Fair, which is an efficient model-agnostic post-ranking approach, to mitigate
the dual-side online unfairness issue while improving the performance of dy-

namic recommendation significantly.

e Extensive Experiments. We conduct extensive and comprehensive exper-
iments on three real-world datasets by extending our proposed MDOFair to
existing dynamic models as a re-ranking stage. The experimental results demon-

strate both the superiority and effectiveness of our MDOFair.

6.2 Definitions

Suppose the recommendation system involves N users and M items with the user
set U = {uy,us,...,uy} and the item set V = {vy,vq,...,up}. At timestamp ¢, the
user-item interaction could be denoted as tuple ef; = (u;, v;,t), where i € [1, N] and
J € [1, M]. All timestamped interactions form the sequential stream Z. Following the

prior work [80, [62], we define the dynamic recommendation and online fairness goal.

Definition 1 (Dynamic Recommendation). As shown in , given an online system,
the recommendation model requires learning the current user-item interaction ef;
between user u; and item v; at time ¢ and generating a new recommendation list to
satisfy u;’s evolving preference and hit its future interaction e’;; at time ¢*. This

iterative process continues until the system is shut down. We formalize the process

as follows:

Recz = {v,|v, € V,arg II%}IE(%X vy ~ Fleg, ui,v5) ) (6.1)

where K is the length of the recommendation list and F is the dynamic model that
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would learn the evolving preference from current efj. It prepares a refreshed recom-

mendation list Reci for w; for the next time he (or she) accesses the system.

Definition 2 (Dynamic Fairness). Given the above dynamic multi-round recommen-
dation environment, we focus on the dual-side fairness learning in an online real-time
manner, i.e., continuously mitigating the exposure discrepancy among items and the
performance disparity among users. For the current timestamp ¢. the dynamic fair-

ness is formally defined as follows:

Dl = ave([Exp’(v;) — Exp’(vy)]), vj,v4 €V, (6.2)
Df]ua = an(|Quat<ui) - Quat(ul)’)a Uyg, Ug S Z/[7 (63)

where D{, , measures the current fairness of temporal exposure for items while D

i
the current fairness of recommendation quality for users. Functions Exp’() and Qua’()
derive the temporal exposure and recommendation quality from the dynamic system,
respectively. We would realize them in our method. avg() returns the average. Due to
the ongoing user-item interactions in dynamic environment, DY, , and D}, are evolv-

ing over time, providing us with opportunities to post-process the recommendation

results in real-time.

Definition 2 (Online Fairness-aware Ranking). After obtaining Reci and learning
Dtexp and Dgua, the post-ranking stage would be triggered to adaptively re-rank all
items in the list based on the current online fairness to fulfill some particular criteria.
We formalize the fairness-aware ranking as follows:

tt+
Us

Rect -2 FairRectut , (6.4)

where © is the post-ranking strategy that utilizes both D, and D{, and FairReCf:
is the final revised recommendation list that mitigate the online unfairness. Since
the dynamic recommendation procedure is running over time, the online dual-side
fairness learning would be continuously updated. As a consequence, we provide con-

stant fairness-aware post-ranking at each timestamp, which dynamically mitigates

the unfairness for the dynamic recommendation system.
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6.3 MDOFair Method Design

In this section, we present the details of our proposed MDOFair to handle the evolving
unfairness issues and generate a continuous post-ranking strategy for the dynamic rec-
ommendation. MDOFair consists of three parts: (1) Dynamic Exposure-Oriented
Unfairness: an online item-side fairness learning method based on items’ accumulat-
ing exposure over time. (2) Dynamic Quality-Oriented Unfairness: an online
user-side fairness learning method based on recommendation quality obtained by
users over time. (3) Model-agnostic Fairness-aware Post-ranking: an adaptive
online re-ranking strategy to mitigate the dual-side unfairness and also improve the
recommendation performance. Our proposed MDOFair would not change the dy-
namic model itself (e.g., F in Eq. [6.1). In contrast, we focus on the model-agnostic
post-ranking (as shown in Eq. to create generality and extensibility for different

dynamic recommendation platforms.

6.3.1 Dynamic Exposure-oriented Unfairness
Exposure Estimation of Items

An ideal distribution of items’ exposure in the ranking list is the first and foremost
step to ensure the fairness of recommendation [62] [14]. Suppose at timestamp ¢, a
user u accesses our recommendation system and obtains a recommendation list Rec’.
For each item in this list, its ranking position is determined by its relevance with w.
In an online environment, the items beyond the top-K position actually cannot get
any exposure. Thus, according to [12], we assume that the user u views top-K results
from top to bottom and estimate the expected exposure of clicking item v; at the

position k as follows:
k—1
t t
t Tuvj H (1 - Tuvj>7 k < TOpK

p’l}j = =1 ) (65)
€, k > TopK
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where rfwj indicates the current relevance (probability) of item v; to user u, which is
computed by the basic dynamic recommendation model. Here, we set a minimum ¢

for those items beyond the Top-K position to avoid zero error of division.

Accumulative Online Exposure

As users access our recommendation system continuously, item exposure may evolve
over time accordingly. For each item at timestamp ¢, considering the online compu-
tational efficiency, we directly accumulate exposure that the item has gained so far.
For instance, v;’s accumulative online exposure is defined as:

expl, =D Py, (6.6)

<t
where the exposure estimation could be derived from Eq. This accumulative
online exposure, which requires no additional training-based parameter, is recorded
in real time. For fair exposure comparison between different items, we also use the
1

average to denote it: &Xp,, = yexpy,.

Online Relevance Merit

In addition to online exposure, items’ relevance is also evolving over time. It reflects
the advantage of taking a higher position in the recommendation list, which is called
merit [120]. However, most studies focus on the group merit of items that share the
same group attribute, neglecting the individual merit. Hence, we define the online
relevance merit as the total relevance that the item has gained so far. For example,

v;’s online exposure merit is shown as follows:
meritf}j = Zr;*vj, (6.7)

<t

where the relevance score 77, is derived from the basic dynamic model and u, refers

Uj

to the previous users who received a recommendation list by our service. Similarly,
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this online relevance merit is recorded in real time without additional parameters.
For fair merit comparison between different items, we also use the average to denote

i —t 1 .t
1t: merit, = fmerit, .

DEU: Dynamic Exposure-oriented Unfairness

For dynamic recommendation, imposing seemingly fair decisions through static crite-
ria can lead to unexpected unfairness in the long run. In other words, online fairness
cannot be defined in a static one-shot setting without considering the temporal im-
pact [25]. Since we have already established accumulative online exposure and online
relevance merit of each item, we can realize the online unfairness mitigation in such

a dynamic environment.

Specifically, we extend the Disparity of Treatment criterion of [74] and [61] to the
dynamic recommendation scenario. For any two individual items v; and vy, the

exposure-oriented disparity between them at timestamp ¢ is fulfilled:

ot ot
XD, XDy,

Dis’ (vjv Ug) =

(6.8)

merit,  merit,

This dynamic exposure-oriented disparity at the current time indicates whether
the two items obtain appropriate exposure proportional to their expected relevance
over past timestamps. Obviously, it would be updated dynamically due to the change

of accumulative online exposure and online relevance merit.

The further the disparity is from zero, the greater the violation of fairness. Now, to
capture and trace the unfairness at the current timestamp ¢, we define the Dynamic
Exposure-oriented Unfairness (DEU) for the dynamic recommendation system

as follows:

DEU! = w > Dis'(v5,,), (6.9)

J<M g<j

where M is the size of the item set. Compared with the static offline evaluation in
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Figure [6.1a we successfully learn the dynamic online item-side unfairness, which is

evolving continuously over time.

6.3.2 Dynamic Quality-oriented Unfairness
Historical Online Quality

From the perspective of users, the basic recommendation model dynamically exploits
users’ evolving preferences over time and continuously updates the recommendation
lists based on users’ ongoing history of consumption [80, [79]. This leads to rapid-
varying quality of online service for users. For example, the target user w; may
get low-quality service at earlier timestamps due to limited interaction data, while
receiving high-quality service after a certain time. The quality could be defined as
any evaluation metric of recommendation, e.g., Recall, NDCG, and MRR. In this
chapter, we simply select MRR to denote online quality. Thus, at timestamp ¢, u;’s

historical online quality is defined as:

1 MRR!(v), v € top—K list
Quay, = e > ) b , (6.10)

Uiy, 0, otherwise

where H!, is the current history of items that u; has interacted with. For the item v
that the user has interacted at timestamp ¢, the MRR'(v) represents the corresponding
MRR of v in the recommendation list of timestamp ¢. In general, the historical items
have different contributions to user’s online experience. We average the online quality
of them by Quafw to denote u;’s satisfaction at timestamp ¢. Additionally, items

beyond top-K position cannot bring any satisfaction.

DQU: Dynamic Quality-oriented Unfairness

The online unfairness issue should be considered from not only the item side but also

the user side because they both affect the marketplace significantly [48], 100]. A fair
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recommendation system would equally treat all users and provide satisfactory service
to them, instead of favoring those advantaged users (e.g., some active users may have
more chance to get high-quality service than inactive users). To achieve this, we
consider the disparity between users in terms of historical online quality. For any two
individual users u; and wu;, the quality-oriented disparity between them at timestamp
t is fulfilled:

Dis’ (u;, w) = |Qual, — Qual, | . (6.11)

This dynamic quality-oriented disparity at the current time measures the gap
between the two users in terms of the rapid-varying recommendation quality they

have obtained over past timestamps.

Eventually, in order to investigate the unfairness issue from the user side at the current
timestamp ¢, we define the Dynamic Quality-oriented Unfairness (DQU) for
the whole system as follows:

DQU* = w > ) Disf (s, w), (6.12)

i<N 1<i

where N is the size of the user set. In addition to the item-side unfairness, we can
now achieve online user-side unfairness learning. Obviously, this unfairness would
also evolve continuously over time. In the next section, we will present the model-
agnostic fairness-aware post-ranking to mitigate the dual-side online unfairness issue

and improve the recommendation performance simultaneously.

6.3.3 Model-agnostic Fairness-aware Post-ranking

Previous studies on fairness encounter the trade-off balance problem, which contains
two aspects: (1) the dual-side fairness balance between users and items, and (2) the
multi-task balance between fairness and recommendation. However, most of them
cannot bring significant improvement in recommendation performance when address-

ing unfairness issues. Especially in a dynamic environment, the rapid evolution of
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fairness would pose more uncertain dynamics to the recommendation task [25]. Thus,
in this chapter, we aim to carefully overcome the multi-dimensional balance problem

to achieve double-win success.

On one hand, inspired by [62] 48, [102], we formalize the dual-side online fairness task
as follows:

FairTask : min » _ (aDEU” + (1 — a)DQU"), (6.13)

T<[Z|
where Z is sequential stream in our scenario (see section . « is a core hyperpa-
rameter to balance the item and user sides. Under its impact, the recommendation
system would continuously mitigate the dual-side unfairness during the online pro-
cedure. A larger « is suitable for item-centered recommendation platforms, while a

smaller o may perform better for user-centered recommendation platforms.

On the other hand, the recommendation task in a dynamic scenario can be defined

as follows:

RecTask : max Z T e (6.14)

T<|T]

where 7. . is the relevance score of the interaction between user v* and item v*. Note
that we would not change (or enhance) the design of the dynamic recommendation
model itself. Our objective is to help the online system mitigate unfairness and
improve performance by introducing our fairness-aware post-ranking. Therefore, this
relevance score is determined by the basic dynamic model, e.g., Jodie [42], DGCF
[46], TREND [99], and DGEL [80]. Now, we are ready to conduct the multi-task

optimization in one unified framework:

max Y (rh. . — aDEU” — (1 — @)DQU"). (6.15)

In Eq. [6.15] we have a trade-off balance problem between dual-side fairness, and
between the fairness task and the recommendation task. Due to the fact we would
not change the dynamic model itself, we have to make full use of the online fairness

to achieve the multi-dimensional balance.
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We still take the user u; as an example. At timestamp ¢, user u; accesses our Sys-
tem and receives the recommendation list Recf”. It is generated by ranking items’
relevance scores from the item set V. According to Eq. we would search a
post-ranking list FairRecf” for the basic Rec‘;i, to dynamically solve the optimization
in Eq. However, considering the online computational efficiency and response
requirement, it is unrealistic to examine all possible post-ranking results to find the

best one, especially when |V| is large.

Thus, for the sake of fast and efficient post-ranking, inspired by some outstanding
studies [62, B9, A1), 27], we first construct two adaptive online coefficients for both

item and user sides:

e Item Fairness-aware coefficient. For a candidate item v; at timestamp ¢, if
it occupies more exposure, it should be more responsible for the exposure-oriented

unfairness:
t
expl,
P = J . 6.16
“s = max({expt),v € V) (616)

e User Fairness-aware coefficient. If the target user u; at timestamp ¢ is marked as
a disadvantaged user, the system should compensate for his (or her) online experience

through the candidate item v;.

CNT (u;, v, t)
B 6.17
Duiloy = u“lmax({CNT(UwU Hlve V) o
—L_ " Qual
o, =q " " : o1
~ Quau

where function CNT(+) counts the number of interactions between the user and the
item before the current time. We use the CNT(+) instead of directly leveraging the
preference score predicted by dynamic recommendation models. The reasons are: (1)
Different users have already been treated unequally by those dynamic models and
the unfairness exists in their predicted score, and (2) our goal is to design a model-

agnostic method to mitigate existing unfairness. If we leverage the predicted score
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from dynamic models to calculate the user-side coefficient, it would be still unfair and

then make it difficult to help disadvantaged users.

Thus, we utilize the user actual interaction information (CNT) for the user-side coef-
ficient, which is not determined by the dynamic models. MZ indicates whether u; is a
disadvantaged user by comparing its online quality with A. Here, we use the average

online quality of all users to denote A.

From the above item-side and user-side coefficients, we derive two conclusions: (1)
[tems with higher exposure should be punished more to protect those lower-exposure
items. (2) Disadvantaged users with lower online quality should receive support when
using the service, and the magnitude of such support is determined by the user size. In
addition, these two coefficients are dynamically updated because users would interact
with items continuously over time. Returning to Rectui, for the candidate item v;, we

refresh its basic relevance score as follows:

it =1k, —a-wh DEU' — (1—a)-w! |, DQU". (6.19)

UVj uvj

We use Eq. to revise the scores of all candidate items and then re-rank them
to get a novel recommendation list FairRectui. In this way, we fulfill our post rank-
ing fast and efficiently without examining all possible ranking results, which could
still mitigate online unfairness and improve the performance of the system. In addi-
tion, as an independent post-ranking method, it would not be affected by the basic

recommendation model.

At each service time, we use our adaptive model-agnostic post-ranking method to
handle the continuous unfairness issue for the dynamic recommendation. Different
from previous studies, our proposed method is totally designed for online systems,
which is more practical for industry applications. At last, We present the online
procedure of our proposed MDOFair in Algorithm [5| with the limited interaction
stream Z. Algorithm [] follows the Figure [6.1b] Such an online procedure would keep

running until the system is shut down.
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6.3. MDOFair Method Design

Algorithm 5: Dynamic Recommendation with MDOFair

Input: U, V, Z, basic F

Output: Fair post-ranking list at each service time

for t =1 to |Z] do

Current accessing user: u;

for v=1 to|V| do

Get the basic unfair ranking list Rec;

Update w! and Wi\y by Eq. [6.16

Revise rf, € R! to 7!, by Eq.
end

// Post-ranking

return FairRec!, to user u;

end

and Eq.

// Fairness-aware relevance score

6.19;

U

Get a novel post-ranking list FairRec’ ;

F learns the actual feedback Z* for user u;

// Basic ranking from dynamic model F

// The dual-side online unfairness at ¢

Compute relevance scores Rl between u; and V + F;

Compute DEU* and DQU" by Eq. and Eq. 6.

12

// Adaptive dual-side fairness coefficients

6.18¢

U

6.3.4 Complexity Analysis

We propose the MDOFair for the dynamic recommendation scenario as a post-ranking

stage. At each service time, it takes the worst O(M?) and O(N?) to compute the

DEU* and DQU" if we simply adopt loops to update the exposure-oriented and

quality-oriented unfairness. Next, it takes O(M) to refresh the scores of candidate

items. Last, we could apply a sorting algorithm (e.g., Quicksort) to output the new
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recommendation list, which may require O(M log M). In practice, the complexity
of obtaining DEU" and DQU" could be compressed to O(M) and O(N) if we cal-
culate the disparities in parallel. Thus, it is efficient to apply our MDOFair as the

post-ranking method with acceptable cost.

6.3.5 Strengths of MDOFair

From the methodology section, we can conclude that our MDOFair dynamically learns
the evolving unfairness and continuously post-processes the dynamic recommendation
results based on the learned fairness. Here, we discuss the strengths of MDOFair to

highlight our novelty.

Firstly, our MDOFair is designed for the dynamic multi-round recommendation.
This is a practical scenario in most real-world online platforms where users are con-
tinuously interacting with the systems. The environment is changing over time due
to ongoing interactions. We would generate real-time recommendation list at each

timestamp while mitigating its unfairness.

Secondly, all the information, e.g., the temporal exposure of items and the histor-
ical quality of users, are being continuously accumulated and updated. They are
determined by historical interactions and then they influence the current unfairness
learning. Consequently, previous timestamps would affect future timestamps. We
endow MDOFair with the capability of perceiving temporal information, and then
dynamically derive the rapid evolution of fairness. More importantly, we focus on
dual-side fairness learning to mitigate the unfairness for both users and items in one

unified framework.

Thirdly, we post-process the recommendations based on captured dynamic unfair-
ness, instead of directly predicting recommendations. We assign the item-side unfair-
ness and the user-side unfairness with adaptive weights, respectively. Then we revise

the ranking scores generated by recommendation models to achieve better and fairer
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ranking results. It maintains the recommendation capability of those models while
mitigating the dynamic unfairness for them. This rule-based post-processing strategy
ensures the generalizability and flexibility of our framework. We can integrate it with

any dynamic model and implement it into any dynamic system.

6.4 Experiments on MDOFair

In this section, we conduct extensive experiments on three real-world datasets to
evaluate both the superiority and effectiveness of our proposed MDOFair. We aim to

answer the following questions through experiments.

RQ1: Can our proposed MDOFair mitigate the dynamic online unfairness while

improving the performance of dynamic recommendation?

e RQ2: How do the key components of online fairness learning (i.e., DEU" and

DQU") contribute to our MDOFair and recommendation system?

e RQ3: Can our MDOFair consistently handle the continuous online unfairness

issues throughout the recommendation system’s running?

e RQ4: How does the core hyperparameter (i.e., ) influence the trade-off balance

between dual-side fairness and between multiple tasks?

e RQ5: What is the computational cost of the post-ranking MDOFair compared

with the basic ranking?
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Table 6.1: Statistics of the experimental datasets.

Dataset User | Item | Interaction | Bans | Repetition
Wikipedia | 8,227 | 1,000 | 157,474 366 61%

Reddit 10,000 | 1,000 | 672,447 217 79%

LastFM 980 | 1,000 | 1,293,103 - 8.6%

6.4.1 Experimental Settings
Datasets

We benchmark the MDOFair method on three public datasets collected from different

real-world platforms, whose properties are introduced below:

e Wikipedia. This dataset consists of one month of edits on Wikipedia. 157,474
interactions are filtered out for recommendation by the editors who made at

least 5 edits and the 1,000 most edited pages.

e Reddit. This dataset contains one month of user posts on subreddits. We
select the 1,000 most active subreddits as items and the 10,000 most active

users, resulting in 672,447 interactions.

e LastFM. This dataset is made of one month of who-listens-to-which song infor-
mation. We selected all 1000 users and the 1000 most listened songs, resulting

in 1,293,103 interactions.

The statistics of these datasets are presented in Table [6.1} In addition, data sources
are availabldl

Thttps://snap.stanford.edu/jodie/
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Baselines

Our MDOFair is an adaptive model-agnostic post-ranking method with dual-side
online fairness learning, which is applied after the basic ranking results. Hence, to
construct the basic ranking stage, we select four outstanding dynamic recommenda-

tion models:

e Jodie [42]: A temporal interaction network that continuously predicts the dy-

namic embeddings by real-time update and projection operations.

e DGCF [46]: A dynamic method leveraging the dynamic graphs to directly

learn the collaborative and sequential information at the same time.

e TREND [99): A novel framework for temporal graph representation learning
driven by Hawkes process-based graph neural network to capture the temporal

events and node dynamics.

e DGEL [80]: A state-of-the-art evolutionary model that comprehensively cap-
tures the rapid evolution of user and item dynamics over time with the learning-

based re-scaling network.

We extend these basic recommenders with our MDOFair. For example, the DGEL
that applies MDOFair as the post-ranking stage could be denoted as FairDGEL. We
would compare DGEL and FairDGEL in terms of online fairness and recommendation

performance. Similarly, we also have FairJodie, FairDGCF, and FairTREND.

Experiment Setups

For each dataset, the user-item interactions are arranged in chronological order. Then,
we split the training, validation, and test in a proportion of 80%, 10%, and 10%. The
training and validation are regarded as an offline stage. We train these dynamic

recommendation models, and according to validation, we select their optimal epochs
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as recommenders. The offline training is based on the temporal batching method [80].

After the offline training stage, we obtain the basic recommenders.

In this chapter, we focus on the online dynamic unfairness learning for the online
stage. Thus, the test data are used for simulating the online environment. We regard
each test interaction as the individual service time and continuously generate basic
recommendation lists by recommendation model. At each service time, we adopt our
MDOFair to re-rank the basic list. Then, we evaluate both the basic ranking list and
our post-ranking list by the ground-truth item of the current interaction. This process
would be repeated until the stream of test data ends. Note that during the online

stage, we do not leverage test interactions to re-train the recommendation models.

Evaluation Metrics

We adopt Recall@10 and MRR to evaluate recommendation performance and use our
proposed DEU? and DQU’ to evaluate online unfairness. Furthermore, we design two

other metrics as follows:

mDEQU = DEU* x DQUY, (6.20)
Recall@Q10
C—SCOI"G = TEQU, (621)

where mDEQU is the dual-side unfairness and C—score denotes the comprehensive

performance considering both fairness task and recommendation task.

All the metrics above would be computed at each individual service timestamp. For
the research questions RQ1, RQ2 and RQ4, we report their average of all times-
tamps. A recommendation system would be much superior and fairer if it has higher

Recall@10, MRR, C—score, and lower DEU, DQU, mDEQU.
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Reproducibility

The offline training of these dynamic baselines follows the suggested parameter set-
tings in their original chapters. For our online inferring procedure, we create a sep-
arate chunk to import our MDOFair for post-ranking. The core hyperparameter «
is selected from 0.0 to 1.0, where o = 0.0 ignores the item-side fairness learning and
a = 1.0 waives user-side fairness learning. The minimum ¢ is set to 0.0001. Last, all
the experiments are implemented using Pytorch and executed with an NVIDIA 3090
GPU.

6.4.2 Overall Performance

In this section, we report the overall performance of our proposed MDOFair in terms
of recommendation task and fairness task in Table [6.2l Moreover, we present the
comprehensive performance combining both of them. From the results, we summarize

the following observations.

Recommendation Performance. Our proposed MDOFair improves the perfor-
mance of dynamic recommendation on both Recall@10 and MRR across all datasets,
especially yielding significant and surprising improvements on Wikipedia and LastF'M
datasets. For instance, the Recall@10 of TREND on the LastFM dataset increases
from 0.2914 to 0.4060 (39.3%71) after applying our MDOFair as a post-ranking strat-
egy. Also, on the Wikipedia dataset, FairJodie wins a 19.6% gain from basic Jodie,
where Recall@10 increases from 0.6845 to 0.8193. These astounding results provide
strong evidence that our MDOFair still remains applicable to the recommendation
task. The improvement on the Reddit dataset is relatively small. One of the possible
reasons is that the basic ranking performance is already high (e.g., The Recall@10
of DEGL is 0.8411). However, all MDOFair-based baselines consistently outperform

their basic unfair versions.
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Table 6.2: The overall performance of MDOFair in terms of fairness and recommenda-
tion. The baselines, Jodie, DGCF, TREND and DGEL, are used for the basic ranking.
Then, we extend these baselines with our MDOFair, which is an adaptive model-
agnostic post-ranking method. Thus, we have FairJodie, FairDGCF, FairTREND
and FairDGEL. We report the comparison results with and without MDOFair.

Dataset Model Recommendation Fairness Comprehensiveness
Recall@101 MRR?T DEU| DQU| mDEQU/ C-scoref
Jodie 0.6829 0.6370 0.0235 0.4735 0.0111 61.52
FairJodie 0.8165 0.7248 0.0200 0.4601 0.0092 88.75
Gain 19.5% 13.7% 14.8% 2.8% 17.1% 44.2%
DGCF 0.7012 0.6402 0.0220 0.4718 0.0104 67.42
< FairDGCF 0.8387 0.7425 0.0184 0.4558 0.0083 101.05
E Gain 19.6% 15.9% 16.3% 3.4% 20.1% 49.8%
§ TREND 0.7051 0.6048 0.0154 0.4707 0.0072 97.93
FairTREND 0.8395 0.6920 0.0131 0.4568 0.0059 142.28
Gain 19.0% 14.4% 14.9% 3.0% 18.0% 45.2%
DGEL 0.7411 0.6617 0.0159 0.4681 0.0074 100.14
FairDGEL 0.8446 0.7209 0.0141 0.4537 0.0063 134.06
Gain 13.9% 8.9% 11.3% 3.1% 17.5% 33.8%
Jodie 0.8029 0.6614 0.0278 0.4224 0.0117 68.62
FairJodie 0.8133 0.6806 0.0202 0.4073 0.0082 99.18
Gain 1.3% 2.9% 27.3% 3.6% 29.9% 44.5%
DGCF 0.8102 0.6459 0.0192 0.4350 0.0083 97.61
FairDGCF 0.8490 0.6788 0.0169 0.4133 0.0070 121.28
3 Gain 4.7% 5.1% 11.9% 4.9% 18.5% 24.2%
= TREND 0.8197 0.6642 0.0173 0.3997 0.0069 118.79
FairTREND 0.8528 0.7138 0.0161 0.3861 0.0062 137.54
Gain 4.0% 7.5% 6.9% 3.4% 10.1% 15.7%
DGEL 0.8461 0.6976 0.0153 0.3858 0.0059 143.40
FairDGEL 0.8659 0.7170 0.0120 0.3775 0.0045 192.42
Gain 2.3% 2.8% 21.5% 2.1% 23.7% 34.1%
Jodie 0.2830 0.1899 0.0111 0.2142 0.0023 123.04
FairJodie 0.3883 0.2262 0.0102 0.2004 0.0020 194.15
Gain 37.2% 19.1% 8.1% 6.4% 13.0% 57.8%
DGCF 0.3218 0.2098 0.0149 0.2213 0.0033 97.51
FairDGCF 0.3806 0.2275 0.0122 0.2077 0.0025 152.24
é Gain 18.2% 8.4% 18.1% 6.1% 24.2% 56.1%
2
5 TREND 0.2914 0.1998 0.0096 0.2207 0.0021 138.76
FairTREND 0.4060 0.2384 0.0086 0.2155 0.0018 225.55
Gain 39.3% 19.3% 10.4% 2.3% 14.2% 62.5%
DGEL 0.2810 0.1943140  o.0107 0.2171 0.0023 122.17
FairDGEL 0.3849 0.2250 0.0097 0.2013 0.0019 202.58
Gain 36.9% 15.8% 9.3% 7.2% 17.3% 65.8%
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Online Fairness. Our proposed MDOFair successfully mitigates the online dynamic
unfairness for both user and item sides in terms of DEU and DQU across all datasets.
Obviously, the online unfair issue is determined by the recommendation scenario and
selected model. On the LastFM dataset, the DEU of DGCF and DGEL are 0.0149
and 0.0107, respectively. This result suggests that DGEL is fairer than DGCF in this
scenario. However, DGEL’s DEU reaches 0.0153 on the Reddit dataset. Furthermore,
it is observed that compared with item-side DEU, the reduction gain of user-side
DQU is relatively smaller. For example, on the Wikipedia dataset, FairTREND
reduces 14.9% DEU from TREND while only lessening 3.0% DQU. We attribute this
to the inherent difficulty of satisfying all users’ service-quality demands. To sum
up, our MDOFair effectively helps dynamic recommendation systems mitigate online

unfairness for both users and items.

Discussion on Improvement. We could conclude that our MDOFair not only
mitigates the unfairness issue, but also yields remarkable recommendation perfor-
mance. Here, we discuss the reasons for the performance improvement. The first
reason is that, MDOFair is designed as a post-processing method to be integrated
with existing dynamic recommendation models. Those models first generate basic
recommendation results and then our MDOFair revises them based on the fairness.
The two-stage recommendation procedure provides a powerful double guarantee for
the system performance. A large amount of performance comes from the dynamic
models themselves and the further performance is delivered by MDOFair. For ex-
ample, the Recall@10 of FairDGEL on the Wikipedia dataset is 0.8446 where DGEL
has already achieved 0.7411 and our MDOFair has further achieved 0.1035 improve-
ment. In other words, the combination of in-processing recommendation models and

post-processing fairness method could achieve optimal recommendation results.

The second reason is that, when we post-process the basic recommendation results, we
efficiently leverage dual-side fairness learning and directly modify the ranking scores

based on that. Not only the item-side exposure unfairness has been investigated,
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but user-side quality unfairness has been also studied. We mitigate unfairness issue
while protecting the recommendation quality. The dual-side fairness learning com-
prehensively contributes to our method. More importantly, we directly modify the
ranking scores based on the learned dual-side unfairness. This direct score revision
would explicitly change the positions of candidate items. In addition, our MDOFair,
could be implemented into any dynamic system and be integrated with any dynamic
model. Different from in-processing mechanisms, MDOFair requires no tailored loss
or training, thereby freeing it from the limitations of scenarios, data, basic models,
and recommenders. This suggests the generalizability and flexibility of our MDOFair.
For these datasets with poor recommendation performance (e.g., the basic average
Recall@10 of the LastFM dataset is 0.2943), there is a huge room of performance

improvement, leaving our MDOFair with the opportunity to fulfill it.

6.4.3 Ablation Study

To understand the contribution of the key components of online fairness learning in
MDOFair, we study the following ablated variants: (1) w/o I, which only considers
user-side online fairness for the post-ranking; (2) w/o U, which only learns item-side
online fairness for the post-ranking; (3) Static, which derives static dual-side fairness
from offline training stage. For each MDOFair-based recommendation model, we
compare it with the two types of ablated variants, in terms of Recall@10, mDEQU,

and C-score. The results are presented in Table [6.3]

Item-side Online Fairness Learning. From the results, it is observed that item-
side online fairness has a significant impact on the Wikipedia and Reddit datasets, but
its impact is relatively small on the LastF'M dataset. The C-score of FairJodie without
item side decreases from 77.29 to 54.77 on the Wikipedia dataset while decreasing
from 194.15 just to 189.94 on the LastFM dataset. Similarly, the C-score of FairDGEL
without item side decreases from 192.42 to 149.35 on the Reddit dataset while just
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Table 6.3: The ablation study of MDOFair. We examine the key components of
online fairness learning in our MDOFair by (1) removing the item-side fairness (w/o
I), (2) removing the user-side fairness (w/o U), and (3) only adopting static dual-side
fairness (Static). For each MDOFair-based recommendation model, we compare it

with the ablated variants.

Wikipedia Reddit LastFM
Model
Recall@10t mDEQU] C-scoref Recall@10f mDEQU] C-scoret Recall@10f mDEQU| C-scoref

FairJodie 0.8165 0.0092 88.75 0.8133 0.0082 99.18 0.3883 0.0020 194.15
w/o 1 0.6970 0.0104 67.02 0.8015 0.0113 70.92 0.3609 0.0019 189.94
w/o U 0.6896 0.0095 72.59 0.7946 0.0084 94.60 0.2888 0.0023 125.56
Static 0.7583 0.0097 78.16 0.8107 0.0090 90.08 0.3592 0.0022 163.27
FairDGCF 0.8387 0.0083 101.05 0.8490 0.0070 121.28 0.3806 0.0025 152.24
w/o 1 0.6694 0.0097 69.01 0.8136 0.0078 104.30 0.3614 0.0026 139.00
w/o U 0.7261 0.0088 82.51 0.8355 0.0072 116.04 0.3189 0.0029 109.96
Static 0.7639 0.0091 83.94 0.8308 0.0073 113.81 0.3573 0.0027 132.33
FairTREND 0.8395 0.0059 142.28 0.8528 0.0062 137.54 0.4060 0.0018 225.55
w/o I 0.6804 0.0068 100.05 0.8301 0.0067 123.89 0.3820 0.0019 201.05
w/o U 0.7258 0.0061 118.98 0.8371 0.0063 132.87 0.2933 0.0019 154.36
Static 0.7531 0.0063 119.54 0.8224 0.0067 122.74 0.3796 0.0021 180.76
FairDGEL 0.8446 0.0063 134.06 0.8659 0.0045 192.42 0.3849 0.0019 202.58
w/o 1 0.6757 0.0070 96.52 0.8513 0.0057 149.35 0.3626 0.0019 190.84
w/o U 0.7419 0.0064 115.92 0.8471 0.0045 188.24 0.2851 0.0021 135.76
Static 0.7802 0.0066 118.21 0.8587 0.0047 182.70 0.3562 0.0020 178.10

decreasing from 202.58 to 190.84 on the LastFM dataset. One possible reason is that
Wikipedia and Reddit are item-centric platforms, i.e., entries from Wikipedia and
tweets from Reddit. Thus, mitigating the unfairness from the item side may bring
more gain for the recommendation system. However, LastFM is a music application

where user personalization plays the dominant role.

User-side Online Fairness Learning. Different from the item side, removing the
user-side unfairness learning significantly reduces the performance on the LastFM
dataset, but its reduction is small on the Wikipedia and Reddit datasets. For instance,
the C-score of FairTREND without user side decreases severely from 225.55 to 154.36,
while that without considering the item side just decreases to 201.05. However, on the

Reddit dataset, the C-score of FairDGCF without considering the user side fairness
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decreases from 123.95 to 119.09, which seems insignificant because that without item
side decreases to 91.16. Therefore, the user-side fairness learning has more impact on
the LastFM dataset. Compared with Wikipedia and Reddit, LastFM is a user-centric
platform, where user behavior is more susceptible to being determined by their own
personalization. In this case, it would be better to pay more attention to user-side

unfairness learning.

Static Dual-side Fairness Learning. Clearly, only deriving static fairness from
offline training stage would decrease the comprehensive performance of MDOFair
in terms of both recommendation and fairness, which indicates the importance of
learning dynamic fairness in the online environment. For example, over the Wikipedia
dataset, the C-score of static FairJodie decreases from 88.75 to 78.16. Similarly, over
the LastFM dataset, the C-score of static FairDGCEF decreases from 152.24 to 132.33.
However, even though static fairness is learned on the offline stage, it still captures the
dual-side unfairness for both users and items, and would have a certain positive effect
on online re-ranking. Thus, the MDOFair based on static dual-side fairness, is still
competitive with the MDOFair that only utilizes user-side or item-side learning. The
static fairness learning could be an alternative to MDOFair when we aim to provide
fairness-aware recommendation without causing additional computational overload

for the dynamic recommendation system.

6.4.4 Dynamic Visualization

To verify that our MDOFair could continuously mitigate the unfairness issue during
the dynamic recommendation procedure, we visualize the trends of DEU and DQU
by plotting them every 1,000 timestamps on Wikipedia, 3,000 timestamps on Reddit.

Due to the page limitation, we omit LastFM. The results are shown in Figure [6.2]

Continuous Unfairness Issue of Items. The unfairness issue of items persists

throughout the entire runtime of the recommendation system. Except for the DGCF
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Figure 6.2: The illustration of continuous online unfairness issue during dynamic

recommendation procedure.

on the Reddit dataset, all baselines present a declining trend, which may reflect
their ability for autonomous mitigation of item unfairness. In addition, item-side
unfairness changes a lot in the early times. However, our MDOFair significantly
helps those unfair baselines obtain a drastic reduction in item-side unfairness. This

demonstrates our MDOFair is capable of continuously mitigating the unfairness issue

for items during the dynamic recommendation procedure.

Continuous Unfairness Issue of Users. We observe that on the Wikipedia
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dataset, the user side is getting increasingly unfair over time, while on the Reddit
dataset, the user unfairness is getting reduced constantly. This could be explained
by the characteristics of the dataset. The average interaction of the Reddit dataset is
considerably more than that of the Wikipedia dataset. Thus, on the Reddit dataset,
the dynamic baselines are more prone to learn the disparity between users and react
to them. Nevertheless, in all cases, our MDOFair noticeably mitigates the continuous
unfairness issue from unfair baselines, attaining a fairer dynamic recommendation

system.

6.4.5 Hyperparameter Study

The core o would affect the multi-dimensional trade-off balance problem from (1)
Daul-side Fairness Balance between users and items, and (2) Multi-task Balance
between online fairness and dynamic recommendation. We carefully tune the a from
0.0 to 1.0 for the MDOFair-based baselines. The results are reported in Figure [6.3]
In addition, we report the original Recall@10, MRR, and C-score of baselines without
our MDOFair, e.g., Base Recall. It is worth noting we normalize DEU, DQU, and

mDEQU for fair comparison.

Dual-side Fairness Balance. In most cases, the item-side DEU goes down with the
growth of a while the user-side DQU increases gradually, and the dual-side mDEQU
first declines and then presents upper trend. However, there are some exceptions. For
example, the mDEQU of FairJodie on the LastFM dataset constantly climbs upwards.
Moreover, its DEU first decreases and then begins to rise. In general, the bottom
of the mDEQU trend may represent the optimal fairness balance between users and
items. Obviously, a large « is suitable for the Wikipedia dataset, while a relatively
smaller « is an ideal choice for the LastFM dataset (except FairTREND). This is
because LastFM is a user-centric music application where paying more attention to

the user side (i.e., smaller o) would bring more improvement in fairness for the system.
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Figure 6.3: The illustration of the online fairness and the performance of dynamic
recommendations with the varying core hyperparameter «, which controls the multi-

dimensional trade-off balance between dual-side fairness.

Multi-task Balance for Recommendation System. It is observed that with

the growth of a, the performance of recommendation (i.e., Recall and MRR) and
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the comprehensiveness of the system (i.e., C-score) first go up and then decrease on
all datasets and all MDOFair-based baselines. In addition, selecting a smaller « for
the Wikipedia dataset even causes worse performance than basic baselines without
MDOFair. However, on the LastFM dataset, all determinations of o perform better
than basic unfair baselines. Although it may be difficult to reach the best performance
of recommendation while obtaining the fairest system, we could still achieve double-
win success according to the comprehensiveness C-score. For instance, FairDGCE
with a = 0.0 is the fairest while it with o = 0.4 reaches the best comprehensiveness
due to the constraint of recommendation performance. Thus, our proposed MDOFair
fulfills the trade-off balance between online fairness and dynamic recommendation,
instead of excessive pursuit of fairness. Additionally, the suboptimal « for the fairness
task still significantly mitigates the online unfairness issue for those unfair baselines

(see Table , which also demonstrates the superiority of our MDOFair.

6.4.6 Efficiency Analysis

The recommendation models generate the basic recommendations while our MDOFair
post-processes their results based on fairness learning. They are the basic ranking
stage and the post-processing stage, respectively. They are executed under the same
experimental settings with an NVIDIA 3090 GPU. Also, they are executed sequen-
tially to constitute the whole recommendation procedure. Here, we report the their

execution time of online inferring in Table [6.4]

Two key findings can be observed. First, our post-processing MDOFair takes much
less computational cost than the basic recommendation models. Compared with
the basic ranking stage, the post-processing stage is significantly more efficient. For
example, over the Wikipedia dataset, the basic Jodie consumes 95s to generate recom-
mendations while MDOFair consumes 47s for post-processing. Also, over the LastFM

datasets, the computation cost of DGEL is 926s while that of MDOFair is only 338s.
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Table 6.4: Online inferring efficiency comparison between the basic ranking by rec-

ommendation models and the post ranking by MDOFair. The efficiency is measured

in seconds.

Dataset Ranking Jodie DGCF TREND DGEL

Basic 95s 124s 116s 121s
Wikipedia
Post 47s 46s 458 44s
Basic 578s 7468 665s 772s
Reddit

Post 369s 370s 363s 360s
Basic 697s 855s 787s 926s

LastFM
Post 324s 329s 330s 338s

This suggests that, compared with the basic ranking stage, leveraging our MDO-
Fair as post-processing stage would not cause heavy computational overhead to the
dynamic recommendation systems. Second, no matter what recommendation model
is selected as recommender, the cost of MDOFair is relatively stable, indicating the
post-processing stage is model-agnostic. For instance, the post-processing cost over
the Reddit dataset is around 365s across all recommenders. Thus, we could integrate

it with any recommendation model, and implement it into any dynamic system.
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6.5 Summary of MDOFair

In this chapter, we study the problem of dual-side online unfairness for the dynamic
recommendation scenario where users tend to interact with items continuously, re-
sulting in a dynamic online environment and rapid evolution of fairness. To this end,
we propose an adaptive model-agnostic post-ranking method with dual-side online
fairness learning, called MDOFair. Firstly, we carefully design two novel online fair-
ness learning methods, dynamic item-side exposure-oriented unfairness and user-side
quality-oriented unfairness, to continuously trace the evolution of online fairness for
both users and items. Then, we leverage the online fairness task and dynamic rec-
ommendation task in one unified framework to achieve a double-win success for both
unfairness mitigation and recommendation improvement. Finally, we propose an ef-
ficient model-agnostic post-ranking strategy to dynamically re-rank and update the
recommendation list in real time. Extensive experiments on three real-world datasets

demonstrate both the superiority and effectiveness of MDOFair.
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Chapter 7

Conclusion and Future Work

This last chapter concludes the thesis and discusses the potential future work of

dynamic recommendation. Specifically:

e Sec. summarizes the key findings and contributions of the research in this

thesis, confirming that all research challenges have been effectively addressed.

e Sec. further discusses the potential future work of dynamic recommenda-
tion beyond the research in this thesis, with a primary focus on dynamically

leveraging large language models for dynamic recommendation.

This chapter reviews the limitations/challenges of existing studies and concludes how
the research in this thesis addresses them successfully, thus highlighting the contri-
butions achieved. Furthermore, it explores the potential future research direction by
investigating the possibility of incorporating large language models into the dynamic

environment.

151



Chapter 7. Conclusion and Future Work

7.1 Conclusion

This thesis focuses on the dynamic recommendation where users are continuously
interacting with items over time. The recommendation systems should dynamically
update user/item representations and refresh recommendation results in a multi-
round manner. Temporal graph learning, which continuously constructs user-item
interaction graph based on temporal information, can naturally handle the update
problem of dynamic RecSys. Chapter 1 discusses the dynamic recommendation in
terms of the background, existing research limitations, the core unsolved challenges,
and the contributions of this thesis. Chapter 2 thoroughly conducts the relevant
literature review, including static/dynamic recommendation systems, deep recurrent
learning, graph representation learning, and fairness in recommendation. Four major

research challenges are derived and this thesis aims to address them.

Firstly, most existing TGL methods mainly utilize insufficient perspectives for repre-
sentation update, which means they lack comprehensive capturing different dynamics
from different perspectives. In addition to TGL, many conventional GNN methods are
still limited to static one-time recommendation paradigm. Thus, the first challenge
is how to comprehensively leverage different update perspectives in one unified frame-
work and effectively convert static graph learning into temporal graph learning for
recommendation. To this end, Chapter 3 proposes a novel unified framework DGEL
which leverages multiple perspectives to update temporal representations, such as
inherent interaction potential, time-decay argumentation, and symbiotic local struc-
ture learning. DGEL provides the solution to comprehensively capture dynamics and
learn the evolution of users and items. Moreover, to bridge different perspectives
with the whole model learning, it constructs the re-scaling network that adaptively

normalizes different sub-embeddings.

Secondly, most previous studies on TGL tend to directly model the temporal evo-

lution when new interaction is injected into the temporal graph, without carefully
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verifying whether the collaborative effect learned from the new interaction would
truly benefit modeling the temporal evolution. Hence, the second challenge is how
well the newly-arrived interaction could match the temporal history and how much
information should be learned according to the current context. To this end, Chapter
4 designs a temporal collaboration-aware co-evolving graph model TCGC. It inves-
tigates the collaborative effect of newly-arrived interactions, and further devises the
collaboration-aware indicator to guide the temporal graph learning. In addition,
TCGC builds the co-evolving network, which is supported by the temporal indicator,

to capture the correlation between event-level and history-level dynamics.

Thirdly, existing studies explicitly assume that all historical interactions would reflect
the actual representation evolution when aggregating the historical neighbors over
temporal graph by T-GNN. However, some historical interactions may be imperfect
since they may not represent the users’ actual long-term preferences. Therefore, the
third challenge is how to efficiently discover valuable interactions from long-term his-
tory and adaptively filter out those inappropriate interactions for improving update.
Compared with the second challenge, this challenge focuses on the long-term histori-
cal neighbors. To this end, Chapter 5 presents the CREAM, a dynamic self-correcting
interaction network, which aims to accurately generate predictions over the temporal
user-item interaction graph. CREAM constructs a novel adaptive dual-side corrector
to dynamically correct the histories by filtering out inappropriate historical interac-
tions in a long run. Meanwhile, CREAM presents a temporal excitement learning
for new interactions to capture both positive and negative dynamics. In addition,
CREAM provides a warm initialization that could flexibly initialize both temporal

and static representations.

Fourth, there are the exposure disparity among items and the recommendation dis-
crepancy among users, causing the unfairness issue to the dynamic RecSys. How-
ever, most TGL methods lack the consideration of mitigating the unfairness. As a

result, the popular items would get more exposure than unpopular items and the
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active users would get better recommendation services than inactive users. Hence,
the fourth challenge is How to dynamically trace the dual-side unfairness over time
and efficiently mitigate unfairness in a generalizable way without being restricted by
models. To this end, Chapter 6 proposes the MDOFair, an adaptive model-agnostic
post-ranking method with dual-side online fairness learning. It devises dynamic item-
side exposure-oriented unfairness and user-side quality-oriented unfairness, to trace
the evolving state of the dynamic RecSys over time. Then it refreshes the recommen-
dation results based on the learned dual-side unfairness for users and items. Moreover,
MDOFair leverages the online fairness task and dynamic recommendation task in one
unified framework, achieving a double-win success for both unfairness mitigation and

recommendation performance.

In Chapter 3, Chapter 4, Chapter 5, and Chapter 6, extensive experiments are con-
ducted over various real-world datasets. The experiments include overall performance
comparison, ablation study, variant exploration, hyperparameter sensitivity, dynamic
visualization, efficiency comparison, case study and so on. The experimental results
demonstrate the superiority and effectiveness of the DGEL, TCGC, CREAM and
MDOFair, fulfilling the aims of the research in this thesis.

7.2 Future Work

Recently, the Large Language Models (LLMs), which achieve superior performance
across various Natural Language Processing (NLP) tasks, are devoted to the area of
recommendation systems [44], 149, [38| 2], (132} 24]. In particular, LLMs facilitate rec-
ommendation learning by constructing personalized textual prompts to harness the
common reasoning capabilities of LLMs. In this way, RecSys can naturally incorpo-
rate the recommendation task into natural language understanding, unlocking new

opportunities for recommendation research.
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However, one research gap remains to be solved. Most LLM-based recommendation
methods still follow one-time recommendation-evaluation paradigm. This thesis fo-
cuses on the dynamic multi-round recommendation. The burst interactions between
users and items are continuously forming and the system needs to dynamically up-
date user preferences and refresh recommendation results over time. Obviously, the
potential of LLMs in dynamic environment is still unclear, which motivates the future

work of this thesis.

To fulfill the gap, some research questions naturally arise regarding how to dynamically
utilize LLMs to conduct multi-round recommendations for dynamic RecSys and how
well the LLMs can perform when they continuously refresh recommendations over
time. The future objective of the research in this thesis is to incorporate LLMs
into dynamic RecSys, conduct multi-round LLM-based recommendation, and verify
their performance in dynamic environment, as shown in [7.1] On the one hand, the
dynamic recommendation models (the proposed TGL models in this thesis) learn the
temporal representations from user-item interaction space. On the other hand, the
large language models perform semantic reasoning from textual prompts. Integrating
the two aspects into a one framework aims to enhance the dynamic RecSys, shedding

light on a promising direction for LLLM-based recommendation research.
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Figure 7.1: A simple illustration of the dynamic multi-round recommendation based

on (a) large language models and (b) representation learning models.
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