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ABSTRACT

Encouraged by the incredible success of graph neural networks on a broad spec-
trum of practical applications, using this technology for credit risk prediction and
recommendation has become ubiquitous recently. Specifically, home credit default

risk prediction aims to detect clients and loan applications that have the potential risk of
failing to repay a loan or meet contractual obligations. It is essential for banks and finan-
cial institutions to keep good health in management and operations. Recommendation
systems endeavor to assist users in finding valuable information or potential products
they might prefer from the massive amount of items, rendering the decision-making
process easier. These two tasks encounter a huge challenge of graph data processing and
mining, and both of them attract widespread attention from academia and industry. In
this study, we mainly focus on the graph neural networks for default risk prediction and
recommendation. More concretely, we apply graph neural networks to alleviate the data
missing issue via information propagation and aggregation of similar records. Besides,
multi-view graphs are designed for small data augmentation to tackle the unbalanced
and skewed distribution problem. So as to the session-based recommendation, we first
give a comprehensive review of the graph and sequential neural networks in this task.
Then, a dual graph neural network is proposed to capture the implicit and explicit
relationships among the external and internal session connections, which will be fused
together for the final recommendation. Also, considering the skewed item distribution in
the recommendation system, a reweighing and reembedding strategy is applied to allevi-
ate the tail item problem in text-based or image-based recommendation. We conducted
extensive experiments with regard to the default risk prediction and recommendation
tasks on three and six datasets against fifteen and twenty-four baselines, respectively,
to verify the effectiveness of our methods. We believe the proposed multi-view and dual
graph neural networks are capable of transferring and facilitating a wide range of
real-world domains, including medicine, traffic, social networks, and beyond.
Keywords: Graph Neural Networks, Sequential and Session-based Recommendation,
Default Risk Prediction
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1
INTRODUCTION

1.1 Background

Graph data is ubiquitous in our daily lives and industry applications, including social

networks, biological systems, recommendation systems, financial risk prediction, and

traffic management. Distinct from general tabular data structures, graph data provides

a powerful and flexible framework for representing, mining complex and dynamic re-

lationships among entities. In our research, we specialize in graph neural networks

for credit risk prediction and recommendation, the two hot-spot research topics that

attract widespread attention from both academics and industry. We dive into tailored

graph neural network structures in these two areas, aiming to alleviate the problem of

unbalanced data distribution.

Financial credit risk represents the potential that a borrower may default or be

unable to repay lenders. Aiming to assess the risk of borrower defaults, loan default

risk prediction, or credit risk prediction [101] is crucial for financial institutions. In

general, credit risk assessment can be recognized as the following: given a set of loan

applications with personalized information and various financial indicators over a specific

period, predicting the likelihood that a client will fall into a high-risk category within

the coming years. This problem is typically divided into two categories: credit rating

(or credit scoring) and loan default prediction. Both tasks are approached similarly,

often as binary classification challenges, i.e., classified as either high/low credit risk [25].

In today’s financial system, the sheer volume of loan applications overwhelms human
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CHAPTER 1. INTRODUCTION

reviewers, leading to increased wait times. To streamline this process, machine learning

techniques [74, 94, 129] are increasingly utilized to predict loan defaults based on

borrower profiles, which include factors like occupation, income, and credit history.

Explainable models, such as Logistic Regression [45] and Gradient Boosted Decision

Trees (GBDT) [62], are preferred due to their transparency – a critical requirement in

light of growing regulations on financial algorithms. Attributed to the powerful pattern

extraction and feature representation ability, deep neural networks [82, 116] have become

prevalent and emerging in this area.

Recommendation system [189] is a prominent solution to alleviate the problem of

information overload [57]. Given the rapid advancement of Intent, this technology spans

a wide range of application scenarios, including E-commerce, social media, and en-

tertainment. Conventional recommendation solutions focus on statistical methods via

collaborative filtering, including item-based [193], user-based [228], and the hybrid [145].

Specifically, the collaborative filtering methods endeavor to find similar users or items

based on the user-item interaction records, and then recommend the items that the user

might prefer from similar users. Apart from that, machine learning attempts, including

KNN [115], Bayes rules [187], and matrix factorization [110] are also adopted for rec-

ommendation at the early stage. Motivated by the remarkable results of deep neural

networks in computer vision [112], feed-forward neural networks [192], conventional

neural networks [218], sequential neural networks [99], graph neural networks [78],

Transformers, and their variants [34, 119, 134, 202] are erupting successively.

Overall, both credit application records, as well as user-item interaction history, can

be structured as complicated graph data. In this thesis, we mainly focus on graph neural

networks for credit risk prediction and recommendation. However, reviewing existing

solutions, they neglect the dynamic and implicit relationships within graphs. Moreover,

all these studies suffer from the issues posed by skewed data distributions, which are

significant yet insufficiently explored in the existing works.

1.2 Thesis Overview

In a practical scenario, the raw application records for loan default detection contain a

considerable amount of missing data and face a significantly unbalanced distribution

(i.e., default samples represent only a small fraction of the total applications), resulting

in suboptimal model performance. To overcome these two problems, we first construct

a loan application graph, thus, the external knowledge from similar clients can be in-
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troduced as auxiliary information via graph neural networks for default risk prediction.

We further propose multi-viewed loan application graphs, which can adjust the graph

structures dynamically based on the similarity threshold. Consequently, we could at-

tain a group of representations derived from the multi-view graphs for small sample

representation augmentation. As for recommendation systems, existing graph neural

network-based methods only model the explicit connections between items, whereas

the implicit connections are also important in session-based and sequential recommen-

dations. Regarding these two connections, we propose dual-graph neural networks to

capture the internal and external relationships, respectively, and both of them will

be utilized for recommendation. In addition, owing to the popularity bias, the skewed

distribution in recommendation systems is caused by the tail items. Instead of the data

augmentation strategy in default risk prediction, we propose another solution in sequen-

tial recommendations, i.e., reweighting and reembedding. Therefore, this solution allows

the model to pay more attention to the tail item in the training process. The detailed

contents of this thesis with regard to the graph neural networks in default risk prediction

and recommendation are as follows:

• So as to the default risk prediction, we first review the existing methods, which can

be split into three categories: statistics-based methods, machine learning-based

methods, and deep learning-based methods. We will further conduct a detailed

investigation with regard to graph neural networks for default risk prediction, as

this research line is most related to our research.

• In addition, we observe that a great number of client application information

is incomplete, the missed historical records will hinder the experts or models

from giving a precise assessment of the applications. To alleviate the problem of

missing data, we consider that clients possessing similar personal information

can provide some auxiliary information for the target applicant risk prediction.

Consequently, based on the similarity of application records, we organize them

as a graph to exploit the potential connections. Then, a graph neural network is

adopted. Attributed to the information propagation and aggregation, the missing

data representation can be augmented effectively for accurate prediction.

• Besides the data missing problem, the distribution of applications is extremely

unbalanced and skewed in the real world, i.e., most of the records are health and

non-default risks, while very few samples are identified as default applications. The
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unbalanced data distribution also inherently induces the positive samples to domi-

nate the parameter update directions while ignoring the small sample optimization,

which is critically important for risk prediction. To alleviate this issue, on the fun-

damentals of the first research work, we further propose multi-view augmented

graph networks. Specifically, we set a series of similarity thresholds to dynamically

control and adjust the graph structures. Thus, multiple representations can be

derived from the multi-view graph structures, and they will be used for small data

augmentation for skewed distribution rebalanced. Extensive experiments on three

public datasets against fifteen baselines illustrate the effectiveness of our proposed

solutions.

• As for graph neural networks in recommendation systems, we first give a compre-

hensive overview of the recent works on session-based recommendation, which

includes five main contents: (1) we standardize the concepts and definitions with re-

gard to the session-based recommendation and introduce various graph structures

that are commonly used in this task; (2) we summarize the features of session-based

recommendation and compare the similarities and distinctions against sequential

recommendation; (3) we propose unified frameworks of sequential neural networks

and graph neural networks for SR, respectively, thus, a systematic category is

proposed to organize the existing works; (4) a comprehensive analysis and com-

parisons of the properties of these two mainstream methods are presented, the

overall pipeline and key modules in these methods are also introduced in detail;

(5) the popular public datasets and commonly used evaluation metrics are intro-

duced, therefore, detailed performance and computation complexity comparison

are conducted.

• Note that most existing GNN-based session-based recommendation solutions fo-

cus solely on the explicit connections between two items (i.e., neighbors on the

timeline) while ignoring the implicit connections among all the items, which are

equally important for recommendation. To capture these two relationships, we

propose external and internal graph neural networks. Consequently, local and

global information from items can be fused for representation enhancement and

recommendation.

• Moreover, the skewed distribution problem, also known as the tail item problem

(i.e., a small group of items receives the most exposure, while a large number

of items are unpopulated and have no or very few interactions from users), is a
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Figure 1.1: The diagram of chapter organization.

chronic and prominent problem in sequential recommendation. Different from the

solution in default risk prediction that leverages data augmentation to rebalance

the data distribution, we apply another attempt, i.e., reembedding and reweighting,

to alleviate this issue. This solution guides the model to focus more on the tail item

when model training by reweighting the losses and adjusting the loss distribution

adaptively, thus, the accuracy of the long-tail item prediction can be improved. We

conducted extensive experiments on six real-world datasets against twenty-four

baselines to verify the effectiveness of our proposed method on recommendation

tasks. Embedding visualizations further illustrate the merits of our method in the

uniformity and alignment of these two properties.

Figure 1.1 presents the overall structure of the subsequent chapters. The remaining

chapters can be categorized into two groups according to the downstream tasks: default

risk prediction (Chapters 2, 3, and 4) and recommendation (Chapters 5, Chapter 6, and

7). Across these chapters, graph neural networks serve as the primary methodological

framework. Besides, Chapters 4 and 6 address the challenge of skewed data distributions

inherent in both tasks. To sum up, in Chapter 2 we overview the existing methods for loan

default risk prediction. Chapter 3 and Chapter 4 introduce the graph neural networks

and multi-view graph neural networks to relieve the missing values and skewed data

distribution problems in loan default risk prediction, respectively. In Chapter 5, we

summarize the graph and sequential neural networks in session-based recommendation.

Chapter 6 introduces our proposed dual graph neural networks for implicit and explicit

connections modeling and session-based recommendation. Chapter 7 further introduces
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our reembedding and reweighting strategy to alleviate the tail item prediction problem

in sequential recommendation. Finally, in Chapter 8, we summarize this thesis along

with several future directions.

1.3 Dataset Used

We select three and eight public datasets, respectively, for the evaluation of default

risk prediction and recommendation. All of them are widely used in these two tasks.

Specifically, for default prediction, we select Home Credit Default Risk dataset, Lending
Club, and PDD

• Home Credit Default Risk1 aims to provide loan services to individuals with little

or no credit history. To accurately assess the client’s creditworthiness and capability

of fulfillment, financial institutions tend to refer diverse auxiliary information,

collecting complex, multi-source, and heterogeneous application records. Therefore,

the dataset includes applicant information such as demographics, income and

expenditure, credit history, loan records, and repayment behavior.

• Lending Club2 is a large-scale P2P lending dataset containing millions of loan

records with 151 attributes spanning 2007‚Äì2018.

• PPD3 is a public loan default prediction dataset released from a Heywhale com-

munity competition. Each record consists of numerous continuous and categorical

attributes, covering borrower demographics, login activity, and modification history.

As for the recommendation, we select Diginetica, Yoochoose, Gowalla, Last.FM, Ama-
zon Beauty, Amazon Toys, and Amazon Sports.

• Diginetica is a personalized e-commerce dataset from the CIKM CUP 2016, con-

taining transaction histories suitable for session-based recommendation. Follow-

ing [19, 30], we used the sessions from the last week for testing.

• Yoochoose is an e-commerce clickstream dataset from the RecSys Challenge 2015,

covering six months of user interactions. We followed [19, 30] to split the data. Due

1https://www.kaggle.com/c/home-credit-default-risk/overview
2https://www.kaggle.com/wordsforthewise/lending-club
3https://www.heywhale.com/home/competition/56cd5f02b89b5bd026cb39c9/content/1
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to its large scale, we adopted two subsampled training sets, using the most recent

1/64 and 1/4 of all sessions, denoted as "Yoochoose1/64" and "Yoochoose1/4".

• Gowalla is a point-of-interest recommendation dataset. Following [19, 69], we

retained the top 30,000 locations and segmented user check-ins into sessions by

splitting gaps longer than one day.

• Last.FM is a music artist recommendation dataset. Following [19, 69], we kept the

top 40,000 artists and grouped user interactions into sessions of 8 hours.

• Amazon Beauty, Toys, Sports. We select three subcategories, i.e., Beauty, Toys, and

Sports, from Amazon datasets4 [161] for performance evaluation, as they contain

enriched item information (e.g., item title, description, and image, and so on) and

user information (e.g., user ratings and reviews, and so on).

1.4 Key Contributions

The main contributions of this thesis include: (i) novel graph neural network architec-

tures for credit risk prediction and recommendation; (ii) two effective solutions to address

the skewed data distribution problem; and (iii) a comprehensive overview of graph and

sequential neural networks for session-based recommendation. In a nutshell, we make

the following contributions in this thesis:

• We adopt the graph neural network and the multi-view graph neural network

to address the missing value and unbalanced data distribution problems in loan

default risk prediction. Experimental results on three datasets against state-of-

the-art verify the effectiveness of our proposed methods.

• We provide a comprehensive review of over 150 papers focusing on graph and

sequential neural networks for session-based recommendation. We further compare

the performance and computational complexity of the representative modules in

session-based recommendation.

• We propose internal and external graph neural networks for session-based rec-

ommendation. We conduct extensive experiments on four public datasets against

eleven baselines, demonstrating the superiority of our method.
4https://nijianmo.github.io/amazon/index.html
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• We propose an efficient yet effective plugging, i.e., reembedding and resampling,

to alleviate the tail item recommendation problem. This strategy enables efficient

application to other base models for performance improvement.
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2
REVIEW OF DEFAULT RISK PREDICTION

Credit default risk refers to the possibility of a loss resulting from a borrower’s failure

to repay a loan or meet contractual obligations. It is a major concern for any bank and

financial institution in making loan decisions [1]. Bad loans can cause banks problems

with their capital adequacy and, at worst, lead to default. Bad loans also risk impairing

long-term economic growth and leading to greater uncertainty and instability in the

banking and financial systems. Therefore, it is highly necessary to assess borrowers’

repayment abilities before authorizing a loan, which calls for accurate credit default risk

prediction. In this Chapter, we summarize the motivated works proposed for loan default

risk prediction, including machine learning, deep learning, and graph-based methods.

2.1 Machine Learning Methods

In the early stage, tremendous efforts have been devoted to developing qualitative

and quantitative loan default risk assessment for loan default prediction [302]. Based

on the credit scoring systems and the rule of thumb, the credit score of borrowers

could be obtained for loan application authorization [47, 75, 173, 210]. For example,

the widely adopted ’5C principle’ [1] requires domain professionals to evaluate borrow-

ers’ default risk by manually evaluating borrowers on five aspects: character, capital,
capacity, collateral, and conditions. Serrano-Cinca et al. [196] pointed out that the

loan purpose, annual income, and current housing situation remain strongly corre-

lated with credit score assessment. However, it was challenging to acquire precise loan

9
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default risk evaluation results due to the various risks and the complexities of dependen-

cies between numerous influencing factors. Hence, the machine learning methods, e.g.,

tree-based classifiers [4, 204], support vector machines (SVM) [8, 94, 96, 105, 244],

neural networks (NN) [96, 117, 184], ensemble-based methods [8, 155], hybrid ap-

proaches [39, 94, 117, 258], and others [7, 162, 180], have been adopted for loan default

risk prediction. Specifically, building on the principle of "divide and conquer", the decision

tree algorithm systematically selected various attributes and integrates them to enhance

the purity of distinct classes and improve classification accuracy [181]. Owing to the

transparency of the training mechanism, remarkable explainability, and effectiveness in

classifying structural data, the decision tree was a popular solution in credit default risk

prediction [4, 44, 204]. Considering the capability limitation of the feature representation

of a single tree, ensemble approaches, i.e., bagging and boosting, were leveraged for

credit default risk prediction. Depending on whether the type of individual learner is

the same, the integration method can be categorized into homogeneous learning and

heterogeneous learning, also known as boosting and bagging. Bagging methods (e.g.,

Random Forest [15]) trained multiple classifiers simultaneously and then combined them

to make the final prediction [194]. Given the inherent dependencies among individual

models, bagging methods facilitated distributed parallel training and computational

efficiency improvement. For instance, as a typical model of bagging strategy, Random

Forest selected samples and attributes randomly to construct and integrate decision

trees. Uddin et al. [222] leveraged Random Forest in micro-enterprises credit default risk

modeling. Zhu et al. [313] concluded that Random Forest has better accuracy than other

machine learning methods like logistic regression, decision trees, and SVM. In contrast,

boosting methods (e.g., XGBoost [28], LightGBM [104]) applied individual models in a

chain, where each model takes as input the result of the previous model [121, 129]. The

cascade training strategy achieved a better performance against bagging attempts in

general Aleksandrova et al. [4] evaluated several popular machine learning algorithms

for P2P credit scoring and argue that ensemble classifiers (e.g., XGBoost, GBM, and

Random Forest) outperform non-ensemble models (e.g., logistic regression, decision tree,

and multilayer perception). Yeh and Lien highlighted that neural networks achieve

the best result on default risk prediction, in contrast to five other machine learning

methods, including K-nearest neighbors, logistic regression, classification trees, discrim-

inant analysis, and naive Bayes [278]. However, Huang et al. concluded that SVM is

superior to neural networks and other models [94]. Coser et al. [44] pointed out that

logistic regression and Random Forest obtained the best performance among various

10
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machine learning methods for default risk prediction. To exploit the advantages of each

model thoroughly for performance and robustness improvement, a stacking strategy was

proposed. Li et al. [121] designed a stacking framework that integrated XGBoost, SVM,

and Random Forest for P2P default risk prediction and experimentally showed that the

model fusion algorithm has better adaptability and accuracy.

Apart from ensemble-based attempts, Wang et al. proposed a fuzzy support vector

machine that enhanced generalization capabilities by treating each sample as belonging

to both positive and negative classes, albeit with varying probabilities. This approach

not only improved the model’s flexibility but also maintained its robustness against

outliers [244]. Yang [274] presented an incremental kernel learning method for credit

scoring. With this approach, the scoring model can be adjusted via an online update

procedure. Huang et al. [95] proposed a two-stage genetic programming (2SGP) method,

which can incorporate the IF-THEN rules with neural network training for credit score

prediction. Lee et al. [117] integrated neural networks with a traditional analysis ap-

proach and proposed a two-stage hybrid model. First, LDA was applied for predictor

feature selection. Then, the selected features and predicted scores were further fed into a

neural network to improve the accuracy of the prediction results. Zhao et al. first applied

the GBDT model, which combines both static features and dynamic features for credit

assessment. Then, two objective functions, i.e., weighted objective and multi-objective,

were proposed to select portfolios for lenders. Furthermore, the author also designed two

algorithms, namely DPA and EVA, for these two objectives optimization [303].

2.1.1 Deep Learning Methods

Although conventional machine learning methods achieved promising performance

for credit default risk prediction, these models heavily rely on the quality of feature

engineering, i.e., the results for the same dataset can vary enormously even with a

slight change of selected features [72]. In addition, it is non-trivial for such models to

handle complicated data due to the limited feature representation capacity. To resolve

these issues, deep learning methods were developed recently. Babaev et al. applied RNN

for the credit loan application task [5]. Wang et al. [243] used LSTM for P2P lending

risk prediction. Kvammea et al. applied a convolutional neural network for mortgage

default prediction [113]. Tan et al. developed a deep learning approach for charge-off and

prepayment risk prediction on P2P lending dataset [216]. To be specific, the authors first

generated the risk grades based on loan status, survival time, and loan term. Then, the

deep learning model transformed the hierarchical grades prediction into multiple binary
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classification subtasks for risk prediction. Due to the scarcity of historical lending data,

accurately predicting outcomes presents a significant challenge. Therefore, Suryanto et

al. [215] employed transfer learning techniques to mitigate the limitations imposed by

insufficient historical data. Considering the interpretability of deep learning methods,

Liu et al. proposed a novel automatic feature crossing method called DNN2LR, which

applied a deep neural network for feature extraction. Then, the extracted features

were further fed into a Logistic Regression model for loan credit risk assessment [147].

However, existing deep learning models rarely comprehensively use full-spectrum, multi-

source, heterogeneous data for risk assessment. None of them establishes an effective

approach to learning effective representations of loan applications or explicit connections

among the applications. They commonly face challenges in dealing with incomplete

profiles of applicants and missing information in loan applications. In this regard, we

applied self-attention with multi-task learning for application record representation

and also considered graph neural networks to capture the connection among similar

applications and alleviate the missing values problem.

Maria et al. [164] built connections between borrowers based on the geographic

locations or economic activities for borrowers’ connections construction, then a multi-

layer personalized PageRank model was applied for credit default risk prediction.

2.1.2 Graph-based Methods

As the loan application records encompass implicit connections naturally, graph-based

methods were devoted to loan default prediction. Experiments further demonstrated

the effectiveness of graph-based features [48]. For instance, Cui et al. converted the

features into a graph-based representation to capture global topological information.

Subsequently, random walk algorithms and C-SVM were employed for graph-based

feature representation and credit risk prediction, respectively [48]. Zhong et al. proposed

an attributed heterogeneous information network for credit risk prediction. First, user

behaviors were adopted for node representation learning via the meta-path method.

Then, the attention mechanism was applied for node classification [306]. Guo et al.

pointed out that existing works mainly focused on feature interactions while sample

relations were ignored. Hence, the authors constructed a multiplex graph and applied

a graph neural network to learn an enhanced representation for each sample [71].

Considering the complexity of financial scenarios, Hu et al. developed an Attributed

Multiplex Graph (AMG) to model various relations and the rich attributes of nodes

and edges simultaneously. Through local structure and multiplex relations modeling,
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Table 2.1: Comparative of mainstream technologies.
Category Strengths Limitations Suitability

Credit Scoring Systems
High interpretable ability; efficient;
expert knowledge incoporation

Labour-intensive; time-consuming;
poor transferability

High reliability and
interpretability scenario

Machine Learning (ML)
Interperatable, efficient with
small-to-moderate datasets

Poor at relational modeling;
limited capacity for complex data Tabular financial

features

Deep Learning (DL)
High representational capacity;
models nonlinear/temporal dependencies

Requires large datasets; black-box;
limited relational modeling

Big data; Sequential or
high-dimensional data

Graph-Based Methods (GNNs)
Relational and structural
dependencies modeling; robust to sparsity

Higher computational cost;
graph construction required

Imbalanced and
relational datasets

the AMG achieved the state-of-the-art for users’ credit risk prediction on a large-scale

real-world dataset [89].

In general, traditional machine learning methods mostly rely on the statistical

features extracted from various aspects. However, such complicated information is hard

to capture by these feature-based approaches in real-world scenarios. Although there

have been a few research endeavors to explore an end-to-end method for credit default

risk prediction via deep learning methods very recently, these models do not conduct

experiments on open, large-scale datasets. Although the existing works propose graph

neural networks for loan default prediction, they mainly rely on users’ social relations for

graph construction. In the real scenario, the social relationships between users may be

unknown due to privacy protection limitations. Thus, it is intractable to construct a graph

based on existing methods. In addition, the above methods model the heterogeneous

attributes of nodes and edges with a single graph, which is insufficient to represent

such complicated information. Moreover, the imbalanced data distribution prevents the

model from achieving optimal results. Consequently, in our work, we considered both the

heterogeneity of attributes and graph structures and constructed multi-graphs for small

sample augmentation and loan application.

To sum up, the advantages, limitations, and suitability of conventional credit scoring

systems, machine learning, deep learning, and graph neural network methods for default

risk prediction are summarized in Table 2.1. We discuss these types of solutions from

different perspectives: explainability, efficiency, capability of complicated data structure

modeling.
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GNN FOR CREDIT DEFAULT RISK PREDICTION

3.1 Introduction1

Traditional risk assessment highly relies on experts with professional knowledge and

relevant experience to assess loan requests against specific business models and rules.

Nevertheless, it helps to incorporate both qualitative and quantitative measures, which

makes credit default risk assessment even more complicated, labor-intensive, time-

consuming, and prone to personal bias. The availability of big financial data related

to personal and home credit offers the opportunity for automating credit default risk

assessment with predictive models. Until recently, the related research has been focusing

on traditional machine learning techniques, e.g., Support Vector Machine (SVM) [94],

decision tree [204], Random Forest (RF) [155], and XGBoost [121]. These models’ perfor-

mance highly depends on the quality of feature engineering, which requires high domain

expertise to incorporate diverse sources and forms of data. Recently, deep learning has

shown great potential in addressing the above challenges, thanks to its capability to

capture complex, non-linear relations from massive data [208, 209]. It has proven suc-

cessful in various domains, such as computer vision natural language processing, speech

recognition, and recommendation systems [49, 116, 280].

However, there have been limited studies on credit default risk prediction based

on deep learning techniques. Besides, existing deep learning methods need to address

1This Chapter is based on our published work: Graph neural network with self-attention and multi-
task learning for credit default risk prediction.
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Figure 3.1: A toy example. Loan application records are represented as nodes in a loan
application graph. Then, credit default risk prediction can be transformed into a node
classification problem.

several challenges for accurate performance. First, it requires incorporating all sources of

clues about users’ backgrounds, credit histories, investments, etc., to enhance predictions.

Second, certain users may have insufficient or incomplete information (e.g., non-existence

of credit histories) for the prediction task, making it necessary to leverage the information

about other users who have more useful information to help improve the prediction

results. The current studies cannot effectively leverage multiple aspects of clues (e.g.,

heterogeneous information in applicants’ profiles, relations among loan applications) to

overcome the challenges posed by incomplete profiles and missing values, which greatly

impair the prediction accuracy [164].

We argue that a loan application graph can be designed based on raw application

records for prediction. Intuitively, similar application records are likely to incur similar

risk levels; so the similar neighbors can be considered as auxiliary information to allevi-

ate the issue of missing values for credit default risk prediction. As shown in Figure 3.1,

we could construct a loan application graph based on the similarity between each client’s

historical records first. Hence, the neighbor’s information can be introduced as external

information to alleviate the missing values problem. Moreover, our proposed graph neural

network-based methods are capable of offering explanatory insights into the prediction

results, owing to the inherent ability of neighboring nodes’ information aggregation.

This property allows us to leverage similar records as auxiliary information, thereby

enhancing prediction accuracy. In addition, interpretability can be further achieved

by analyzing the connection strengths among neighbors, where stronger connections

indicate a more significant influence on the current node.

Overall, the credit default risk of each record can be predicted via node classification

method. We, thereby, propose a novel Graph neural network with input attributes Self-
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attention and Multi-task learning (SaM-GNN), which comprehensively incorporates

self-attention, graph neural networks, and multitask learning for accurate credit default

risk prediction. In a nutshell, we make the following contributions:

• We construct an undirected graph for loan applications and combine self-attention

and graph convolution networks for representation learning in our model. The

self-attention mechanism enables effective feature representation, and graph con-

volution networks allow for aggregating similar information via a graph structure

to improve the model’s robustness to missing values in the input.

• We design two parallel tasks for multi-task learning based on shared feature

representation: a decoder module for input reconstruction and a classification

module for credit default risk prediction. The two tasks are jointly trained to

optimize feature representation and prediction results simultaneously.

• We conducted experiments on two real-world credit default risk prediction datasets.

Our experimental results show a significant performance improvement of our

approach over state-of-the-art methods. Besides, the feature representations of

loan applications output by our approach help improve the performance of existing

ensemble methods.

• We will make our data and code public, including detailed parameter configurations

for all the methods, to ensure reproducibility.

3.2 Proposed Method

Our proposed model (shown in Fig. 3.2) works as follows: It first generates the embedding

of categorical data (e.g., gender, suite type, education) and applies the self-attention mech-

anism to the embedding and numeric data (e.g., income total and goods price) for feature

representation. Then, the resulting representations are concatenated and updated via

a graph convolution constructed based on the similarity between loan applications to

alleviate the impact of missing values. Finally, a decoder module and a classification

module (consisting of multiple fully connected layers) are jointly trained to generate

feature representation and simultaneously predict credit default risk. To sum up, our

proposed framework mainly includes four modules that correspond to the above three

steps, respectively: 1) Self-attention Module for feature representation generation,

2) Graph Convolution Module for graph construction and neighbor representation

17
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Figure 3.2: The framework of SaM-GNN. A1×m
e . A1×n

n are categorical attributes and
numeric attributes, respectively, where m,n are the corresponding numbers. E is the
embedding size, and k = m×E+256. C and G are intermediate vectors before and after
similar information aggregation via the graph convolution block. Ṽ is the reconstructed
input, and ŷ is the predicted label.

aggregation update, 3) Decoder module, and 4) Classification module for intermediate

vector reconstruction and credit default risk prediction.

3.2.1 Self-Attention Module

Benefit to the powerful feature representation ability, the self-attention mechanism has

become a standard component in many deep neural network architectures. Here, we use

self-attention to generate feature representations for categorical and numeric inputs.

Let X e = {xe0 , xe1 , ..., xem} be categorical attributes and Xn = {xe0 , xe1 , ..., xen} be numeric

attributes in the input. Suppose Ei ∈R1×d is the embedding of categorical attribute xe i ,

where d is the embedding size. The feature representations of categorical attributes are
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as follows:

(3.1)



Qe =EeWq+bq

Ke =EeWk+bk

Ve =EeWv+bv

Attention(Qe,Ke,Ve) = softmax(QeKT
ep

dk
)Ve

where Ee ∈ Rm×d is the embedding of categorical attributes. Wq,Wk,Wv ∈ Rd×d and

bq,bk,bv ∈R1×d are learning weight matrices. 1/
√

dk is the scaling factor. Similarly, the

feature representations of numeric attributes are as follows:

(3.2)



Qn =XnW′
q+b′

q

Kn =XnW′
k+b′

k

Vn =XnW′
v+b′

v

Attention(Qn,Kn,Vn) = softmax(QT
n ·Knp

dk
)Vn

T

where Xn ∈ R1×n is the numerical attributes value after normalization. W′
q,W′

k, W′
v ∈

Rn×n and b′
q,b′

k,b′
v ∈R1×n are learning weight matrices. 1/

√
dk is the scaling factor.

We concatenate the representations of categorical attributes and numeric attributes

to construct the intermediate vector C ∈R1×(m×d+n).

C= m||
i=0

Attention(Qei ,Kei ,Vei)

||Attention(Qn,Kn,Vn)
(3.3)

where || represents concatenation operation.

3.2.2 Graph Convolution Module

We construct an undirected graph by regarding each loan application as a node and

adding weighted edges between nodes. Considering there are numerous attributes in

raw data, we first select a subset of attributes to decrease the computational complexity.

And then for every pair of nodes, we add an edge between them if they bear the same

value on at least one attribute. We set the edge’s weight to the number of attributes on

which the two nodes share the same values.

To be specific, we define two thresholds, θm and θu, to select the attributes to partici-

pate in the graph construction. We choose an attribute if and only if 1) the proportion
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of loan applications that have missing values on the attribute in all the applications

is smaller than θm and 2) the number of distinct values for the attribute is fewer than

θu. These two thresholds should be appropriately configured to avoid being excessively

large (which introduces more noise) or small (which limits the auxiliary information

usable to guide graph construction). We will study the impact of these thresholds in our

experiments (Section 3.3.7).

Once the graph is constructed, we can apply graph convolution to aggregate neighbors’

information and update the intermediate vector C [107]:

(3.4) C(l+1) =ReLU(D̃− 1
2 ÃD̃− 1

2 C(l)W(l))

where C(l+1) is the intermediate vector after l+1 layers of graph convolution; A ∈RN×N

is the adjacency matrix for graph G , Ã = A+ I, and D̃ ii =∑
j Ã i j. D̃ is the degree matrix

of Ã; W is the learned weight. We denote the last layer of graph convolution as C(L)

Finally, we define a λ to determine how much information to aggregate from neigh-

bors:

(3.5) G=λC+ (1−λ)C(L)

where G is the final representation of the intermediate vector; C,C(L) are the interme-

diate vector before and after graph convolution; λ is a learned parameter that controls

how much raw information to remember.

3.2.3 Decoder Module

The decoder module (shown in the top-left of Fig. 3.2) uses two fully connected layers to

reconstruct the input and to capture a better representation of raw data.

(3.6) Ṽ=ReLU(Wd2ReLU(Wd1GT+d1
T)+d2

T)

where Ṽ is the reconstructed inputs, Wd1 ,Wd2 ,d1,d2 are the weight matrix for linear

transformation.

3.2.4 Classification Module

The classification module uses fully connected layers to make predictions on whether or

not to authorize a loan (the top-right of Fig. 3.2 shows the detailed specification of the

module, e.g., the number of layers and the number of neurons of each layer). Although
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the intermediate vector G can capture semantic information from raw data (based on a

stack of layers in our framework), it is prone to losing the shallow information in the

original data. To make up for the information loss, we concatenate the original numeric

input (i.e., a numeric vector) and the intermediate vector as the combined input for

predicting the risk probability. The prediction result can be represented as:

(3.7) ŷ=σ(MLP(G||An))

where σ denotes the sigmoid activation function.

3.2.5 Joint Learning

We apply a joint learning strategy for input vector reconstruction and credit default risk

prediction. The loss function includes mean square loss and cross-entropy loss for the

two learning tasks, respectively:

L = 1
|N|

∑
i∈N

(−α(yi log ŷi + (1− yi)log(1− ŷi))

+β
1

m+n

m+n∑
j=1

(Vij− Ṽij)2)+λ||Θ||2
(3.8)

where α,β ∈ [0,1] balances the loss between the classification task and the reconstruction

task. yi = 1 indicates a positive case while yi = 0 indicates otherwise. ŷi is the predicted

probability, i.e., the network’s output after the softmax layer. Vij,Ṽij represent the

original and reconstructed input vectors, respectively. Θ denotes the set of trainable

parameters. The last term is L2 regularization to mitigate overfitting.

3.3 Experiments

In this section, we report our experiments for evaluating our approach against several

competitive baselines. Besides, we provide a further evaluation of our model under

different configurations and parameter settings.

3.3.1 Datasets

We conduct experiments on two public datasets, which are representative of high-

dimensionality and high-volume features of credit default risk data, respectively.
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• Home Credit Default Risk dataset2 covers various information about appli-

cants, such as family information, income and expenditure, credit records, loan

records, and repayment history. In contrast to most credit default risk datasets,

the Home Credit Default dataset emphasizes installment lending, specifically

targeting individuals with limited or no credit history. Given these insufficient

or non-existent credit histories, financial institutions must rely on alternative

data sources‚Äîsuch as telecommunications information, transactional records, and

payment histories‚Äîto assess creditworthiness and provide secure lending services.

Consequently, the application data are complex, multi-source, and heterogeneous.

More concretely, there are 307,511 train samples and 48,744 test samples, each

having 477 numeric attributes and 55 categorical attributes in the raw data. The

ratio of positive to negative samples in the train set is approximately 1:11. Values

are missing for half of those attributes. We randomly draw 10% of the training

data as the validation set.

• Lending Club dataset3 contains millions of loan records with 151 attributes from

2007 to 2018. Following previous work [4], we remove meaningless attributes (e.g.,

URL, member_id), together with those attributes with more than 30% missing

values, and then fill the remaining missing values with zeros. Each sample has

7 categorical attributes and 16 numeric attributes after preprocessing. The ratio

of positive to negative samples is approximately 1:4. We use the most recent 10%

records for testing and the rest for training.

3.3.2 Baseline Methods and Evaluation Metric

We select several recent competitive methods, which reflect the state-of-the-art research,

to compare with our approach:

• Logistic Regression [178]: a simple and efficient linear model for binary classifi-

cation. It is widely used in many applications, including machine learning, medical

fields, and social sciences [178].

• Decision Tree [313]: a technique that classifies samples following an ordering of

attributes with a tree structure, where each internal node represents a test on an

attribute, each branch denotes the outcome of this test, and each leaf node signifies

2https://www.kaggle.com/c/home-credit-default-risk/overview
3https://www.kaggle.com/wordsforthewise/lending-club
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the class label associated with a particular sample. The paths from the root to each

leaf node represent distinct classification rules [313].

• Random Forest [178]: an ensemble learning method that trains a multitude of

decision trees and determines the label via majority voting.

• XGBoost [4]: a decision-tree-based ensemble machine learning algorithm that

uses a gradient boosting framework.

• Fully Connected Deep Network [4]: a network with fully connected layers. We

choose ReLU as the activation function and cross-entropy loss for optimization.

• Convolution Neural Network [311]: a network that feeds the concatenation

of the representation of categorical data (obtained by convolution operations) and

numeric attributes to fully connected layers for making predictions.

• Wide & Deep Neural Network [38] applies a linear model to improve the

sparsity of categorical features and robustness of models via cross-product feature

transformations. For the deep module, a feed-forward neural network is applied for

feature representation, while the wide module endeavors to improve the memory

of the network.

For SaM-GNN, we set the embedding size E = 5, α= 0.5,β= 0.5 for the loss function.

For graph construction, we set θm = 0.3 and θu = 20 for attributes selection. The learning

rate of the Adam optimizer is initialized to 0.001, which decays by 0.1 after every 50

epochs. Batch size and L2 penalty are set to 500 and 10−5, respectively. For the classi-

fication module in SaM-GNN, we apply cross-entropy loss, use ReLU as the activation

function, and set the dropout rate to 0.35 for all the fully connected layers except the

last. The number of neurons in the layers is 512, 256, 128, 64, 32, 2 for the Home Credit

Default Risk dataset and 32, 16, 16, 2 for the Lending Club dataset.

For Logistic Regression, we set the inverse of the regularization strength to C = 10−4.

For the Decision Tree, the maximum tree depth is fixed at 5. For Random Forest, we

set the number of estimators to 1,000. In XGBoost, we use 10,000 gradient-boosted

trees with a subsample ratio of 0.5, and the learning objective is logistic regression.

We implement an early-stopping strategy, with the stopping round set to 100. All other

hyperparameters for these baseline methods remain at their default values.

In the Convolutional Neural Network (CNN), the number of input channels Cin and

output channels Cout are set to 1 and 3, respectively. The kernel size is set to H×W where

W denotes the embedding size, which we set to 5, and H ∈H = {2,3,5,10,15,25,40,50}.
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We apply max pooling for each feature after convolution and concatenate the results.

Next, we concatenate the numerical attributes, and the fully connected layers contain

256, 128, 64, 32, and 2 neurons, respectively.

For the Wide & Deep Neural Network, we apply a cross-product transformation in the

wide component to attributes with values below 5 and use a sigmoid activation function.

In the deep component, the numeric and categorical attributes are consistent with those

used in SAGM. We set the embedding size for categorical features to 5, concatenate

the embeddings with the numeric features, and feed this vector into five ReLU layers.

Finally, the outputs of the wide and deep components are combined using a weighted

sum of their log odds to produce the prediction. The remaining hyperparameters for

the Fully Connected Deep Network, Convolutional Neural Network, and Wide & Deep

Neural Network are consistent with those used in SAGM.

Following previous studies [2], we use Area under the ROC Curve (AUC) as the evalua-

tion metric to evaluate models’ performance. AUC has the characteristic of signifying the

probability that positive samples receive higher scores than negative samples, revealing

the classification model’s ability to rank samples. Therefore, it can effectively reduce

false alarms (or false positive rates) and decrease potential financial loss, making it

especially suitable for the credit default risk prediction problem.

3.3.3 Comparisons with Baselines and Ablation Study

To demonstrate the overall performance of the deep neural network, we compare it with

different baselines for credit default risk prediction. Table 3.1 shows the performance

(with respect to AUC) of different methods. Generally, deep neural networks and ensem-

ble methods outperform traditional models (Decision Tree, Logistic Regression), which

have limited feature representation ability for high-dimensional data, while Boosting

methods (XGBoost) outperform the Bagging method (Random Forest), and both of them

are significantly superior to the decision tree (i.e., base learner). However, the training

speed of XGBoost is relatively slower than that of Random Forest, as the bagging strategy

enables parallel ensemble processing, whereas boosting, used by XGBoost, operates as

a sequential ensemble method. Neural network-based models generally perform better

than shallow models (traditional models, Bagging method) thanks to their strong feature

representation and non-linear learning ability. Regarding the Home Credit Default Risk

dataset, SaM-GNN outperforms all the other methods. XGBoost and Random Forest

achieve a remarkable improvement after incorporating the intermediate vector gener-

ated by SaM-GNN, demonstrating the effectiveness of SaM-GNN in improving existing

24



3.3. EXPERIMENTS

methods. As for the Lending Club dataset, SaM-GNN and its variant without the Decoder

module achieve a significant improvement (over 26%) over most of the other methods;

they outperform the third-best method (i.e., XGBoost + Intermediate Vector) by a large

margin of 0.1 in AUC, which reconfirms the superiority of our approach.

While our proposed model demonstrates effectiveness in credit risk prediction, it also

faces several practical challenges. First, the integration of self-attention, graph convo-

lution, and decoder/classification modules inevitably increases the model’s complexity.

To address this, we adopt parameter sharing and dimensionality reduction techniques

to control the number of parameters. Second, the computational cost of graph-based

deep models can be substantial, particularly for large-scale datasets. In future work, we

may explore more efficient GNN variants to reduce training overhead further. Third,

constructing meaningful graphs from tabular data remains a non-trivial problem. In

our work, attribute similarity analysis guides the graph construction process, while in

Chapter 4, we incorporate adaptive or data-driven graph learning methods to improve

generalization and robustness.

Our ablation study (based on comparisons between SaM-GNN and its variants,

as shown in Table 3.1) demonstrates the effectiveness of considering the auxiliary

information, i.e., similar credit application records, via graph convolution. While the

Decoder module avails SaM-GNN’s performance on Home Credit Default Risk dataset,

it does not significantly impact the performance on Lending Club dataset—SaM-GNN

obtains similar results regardless of whether it incorporates the Decoder module; this

suggests the Decoder module is more effective on challenging tasks than easy ones—the

classification task on Lending Club Dataset is not liable to overfit even without the

Decoder module, given that the dataset contains millions of loan records but only 23

attributes.

3.3.4 Impact of Sampling Methods

Our datasets have imbalanced distributions over classes, with the ratios of positive to

negative samples being 1:11 and 1:4 for Home Credit Default Risk and Lending Club

datasets, respectively. Therefore, we test the effectiveness of three sampling strategies [4]

in overcoming the class imbalance issue:

• Upsampling: Upsampling the positive samples and balancing the data distribu-

tion. Let δup as the desired ratio of the number of samples in the minority class

over the number of samples in the majority class after resampling.
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Table 3.1: Performance (AUC) of different models. The best results are highlighted
in boldface. ↑ and ↓ denote improvement and drop in performance, respectively. The
numbers besides the up/down arrows indicate the percentages by which the models
improve their original versions.

Method Home Credit Lending Club
Logistic Regression 0.71739 0.69017
Decision Tree 0.72383 0.69925
Random Forest 0.74657 0.70380
XGBoost 0.76869 0.71616
Fully Connected Neural Network 0.76908 0.70448
Convolution Neural Network 0.77070 0.70961
Wide & Deep Neural Network 0.75824 0.70207
SaM-GNN 0.78605 0.96982
SaM-GNN w/o Decoder Module 0.77395 (↓ 1.54%) 0.96347 (↓ 0.65%)
SaM-GNN w/o Decoder & Graph Convolution 0.77026 (↓ 2.01%) 0.71253 (↓ 26.05%)
Random Forest + Intermediate Vector 0.75270 (↑ 0.82%) 0.86833 (↑ 23.38%)
XGBoost + Intermediate Vector 0.77289 (↑ 0.55%) 0.87326 (↑ 21.94%)

• Downsampling: Downsampling the negative samples and balancing the data

distribution. Let δdown as the ratio of the number of negative samples to the

original number after resampling.

• SMOTE [18]: Selecting k nearest neighbors in the feature space for the minority

class samples, drawing a line between the neighbors in the feature space, and

drawing a new sample at a point along that line. Let δsmote as the desired ratio

of the number of samples in the minority class over the number of samples in the

majority class after resampling.

Specifically, we investigate the performance of SaM-GNN under varying δ, i.e., δ ∈
{0.2,0.3,0.5,0.6,0.8,1.0} (the ratio of positive to negative samples after resampling). The

other hyperparameters remain the same as SAGM. Our results (Table 3.2) suggest that

among the three sampling methods, upsampling consistently results in the best AUC

on both datasets. Also, for both datasets, the performance of sampling methods tends to

fluctuate under varying values of the ratio (δ), indicating the best configurations of δ

should be determined empirically rather than by following certain rules.
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Table 3.2: Performance (AUC) of SaM-GNN under different sampling strategies. δ is the
ratio of positive to negative samples after resampling. The best result under each ratio
setting is highlighted in boldface.

Dataset Home Credit Lending Club
Ratio (δ) 0.5 0.75 1.0 0.5 0.75 1.0
Upsamping 0.78665 0.78529 0.76584 0.96390 0.95482 0.95394
Downsampling 0.77398 0.77425 0.77825 0.93928 0.91154 0.89367
SMOTE 0.76134 0.76130 0.76307 0.93250 0.95238 0.94642

3.3.5 Impact of Vector-fusion Methods

Vector-fusion methods are for fusing the feature representations of categorical and nu-

meric inputs to construct the intermediate vector. We study the impact of two commonly

used vector-fusion methods, concatenation and mean-pooling, on the performance of

SaM-GNN.

Our results (Figure 3.3) show that concatenation (i.e., what we use in SaM-GNN)

generally leads to better performance than mean-pooling—while both methods result

in similar results on the Home Credit dataset, concatenation consistently outperforms

mean-pooling on the Lending Club dataset. Mean-pooling tends to favor larger embedding

sizes, obtaining two out of the top-three best results under embedding-size=50 and 100 on

the datasets—larger embedding sizes help improve the network’s feature representation

ability when mean-pooling is applied. The optimal embedding size for concatenation is

more data-specific. Specifically, concatenation requires smaller embedding sizes (e.g., 5,

15, 20) for smaller datasets (e.g., Home Credit) yet larger embedding sizes (e.g., 20, 50,

100) for larger datasets (e.g., Lending Club) to deliver the best results. This makes sense

as Lending Club contains more training samples with lower dimensionality, allowing for

a ’wider’ neural network to excel without overfitting.

3.3.6 Impact of Multi-task Learning Parameters

We study the performance of our model (i.e., SaM-GNN without the graph convolution

module) under varying parameters for multi-task learning α and β while keeping the

other hyperparameters the same as SaM-GNN. The results on the Home Credit Default

Risk dataset (Table 3.3) show that the AUC values above the diagonal are generally

greater than below, indicating it improves the performance to force the network to pay

more attention to obtaining a better intermediate vector representation. We omit to show
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Figure 3.3: Performance (AUC) of SaM-GNN with different vector-fusion methods on
Home Credit (left) and Lending Club (right) Datasets.

the results on the Lending Club dataset, on which the impact of multi-task learning is

less evident.

Table 3.3: Performance (AUC) of SaM-GNN (without considering the graph convolution
module) under different parameter settings of multi-task learning on the Home Credit
Default Risk dataset. The best result in each row/column is highlighted in boldface.

α

β
0.0 0.2 0.4 0.6 0.8 1.0

0.2 0.74548 0.76145 0.77629 0.76835 0.76600 0.75980
0.4 0.75684 0.76086 0.76550 0.76078 0.75654 0.76702
0.6 0.74604 0.75617 0.76626 0.77077 0.76352 0.76245
0.8 0.75136 0.75099 0.75422 0.76565 0.76814 0.76579
1.0 0.76426 0.77107 0.75140 0.76066 0.75738 0.77991

3.3.7 Impact of Graph Construction Parameters

We further study the impact of θm and θu, which affect attribute selection during graph

construction and, in turn, determine the final graph structure. To this end, we test the per-

formance of SaM-GNN under θu ∈ {20,30,50,100,200,500,1000} for Home Credit dataset,

θu ∈ {5,10,20,30,50} for Lending Club dataset, and θm ∈ {0.05,0.1,0.15,0.2,0.25,0.3}. In-

tuitively, the graph contains more edges under smaller values of θu and θm. Our results

show our model favors denser graphs derived from the datasets—SaM-GNN achieves
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the best AUC (0.78002 and 0.96652) under the smallest θu values (20 and 5) for Home

Credit and Lending Club datasets, respectively. θm has a slighter impact on the results

when compared with θu.

3.4 Conclusion

In summary, we propose a self-attention graph neural network with multi-task learning

for credit default risk prediction. The network features self-attention and graph con-

volution to represent heterogeneous data with missing values, along with multi-task

learning of classification and decoder modules for model training. Extensive experiments

on two real credit default risk prediction datasets demonstrate the superiority of our

approach to existing models. Besides, feature representations from our approach help

improve the performance of Bagging and Boosting methods.

Although our proposed graph neural network for credit risk prediction achieved

optimal results compared to existing works, the graph structure modeling requires more

computing cost and memory, which may limit the model’s applicability to very large

datasets. In addition, with more connections, the model is more likely to fit noise rather

than meaningful patterns, potentially reducing its generalization ability, making the

model harder to interpret, a concern that is especially important in financial applications.

Moreover, the model’s performance depends on careful tuning of hyperparameters, such

as θu and θm, and ensuring robustness across different datasets can be challenging.
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MULTI-VIEW GNNS FOR LOAN DEFAULT RISK

PREDICTION

4.1 Introduction1

The experimental results in Chapter 3 demonstrated the powerful capability and flexibil-

ity of graph neural networks in loan default risk prediction. Nevertheless, there remain

two key challenges unaddressed:

• Missing Values and Imbalanced Data Distribution. Due to information sensi-

tivity, privacy requirements, and trust issues, users’ information may be incomplete

or even non-existent. For instance, the percentage of records containing missing

values exceeds 50% in the Home Credit Default Risk dataset. In addition, the

default samples only account for a small part of most of the datasets. As shown

in Figure 4.1, as the default records (negative) are small samples in practical

scenarios, the data distribution is imbalanced, which may lead to the unequal cost

of misclassification errors and scarce accuracy of prediction [40, 307]. In general,

the missing values and skewed data distribution pose a huge challenge for default

risk prediction.

• Explicit Connections between Records. Deep learning methods focus more

on record representation learning while neglecting the explicit connection re-

1This Chapter is based on our published work: Multi-view GCN for loan default risk prediction.

31



CHAPTER 4. MULTI-VIEW GNNS FOR LOAN DEFAULT RISK PREDICTION

a Home Credit Dataset b Lending Club Dataset

Figure 4.1: The percentage of categorical and continuous attributes, positive and negative
samples account for all the records on the Home Credit Default Risk Dataset and Lending
Club Dataset.
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Figure 4.2: A toy example of loan graph. Each loan application record (ID) can be
represented as a node. Based on the similarity, we could add edges between nodes.

lationships between records. We believe the similar information encapsulated

in the records could also facilitate the feature representation and final predic-

tion [89, 227, 249].

As shown in Figure 4.2, the record in the table can be regarded as a node. Accordingly,

a loan application graph could be constructed via the similarity among each record.

Through node classification, the loan default risk problem could be solved effectively.
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To this end, we propose a Multi-view Graph Convolution Network (MGCN) for loan

default prediction. First, we endeavor to construct multi-view loan application graphs via

similarity calculation for small sample augmentation and skew distribution adjustment.

Besides, based on graph convolution, similar loan application records can be aggre-

gated as auxiliary information, thus, the model’s robustness to missing values could be

improved. We make the following contributions in this Chapter:

• We devise multi-view loan application graphs (MLAGs) via the similarity between

application records. By adjusting the thresholds of similarity, we could control the

sparsity of graphs for multi-view graph construction. Then, the data augmentation

strategy is applied to small samples to balance the data distribution.

• We propose a multi-view graph convolution network (MGCN) for loan default

prediction. By information aggregation and propagation, similar record information

encapsulated in the graph structures can be introduced as auxiliary information to

alleviate the issue of missing values.

• We conducted experiments on three real-world open loan default risk prediction

datasets. The experimental results show a significant performance improvement

in our approach over state-of-the-art methods [71, 227, 249].

4.2 Problem Formulation

Based on the raw application records, multi-view loan application graphs (MLAGs) will

be constructed as follows.

4.2.1 Loan Application Graph (LAG)

Given a set of loan application records D, we denote an application record as r and

r ∈ D. In LAG, the loan application record r will be represented by a node v. And the

corresponding attributes of v are denoted as xv. Let X V = {xv | v ∈ V } as the set of

attributes, which can be further classified as categorical attributes X V
Ca (e.g., gender,

education, occupation, etc.) and continuous attributes X V
Co (e.g., age, income, etc.) based

on the number of unique values. Specifically, in this Chapter, we define the attribute

whose containing number of unique values is less than the threshold as a categorical

attribute; otherwise, it belongs to the continuous attribute. It can be formalized as

follows:
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(4.1)

x ∈X Ca i f #(x)< ηN

x ∈X Co others

where X Ca,X Co are categorical attributes set and continuous attributes set, respec-

tively. N is the number of total records in this dataset. η is a hyperparameter, which

controls the granularity of attributes modeling, i.e., if the η is bigger, more attributes

will be encoded to category embedding.. We set η= 10−4. #(·) is the counting operation.

Hence, for attribute x, if the number of containing values is less than threshold ηN, we

categorize x as a categorical attribute; otherwise, x belongs to a continuous attribute.

Assuming each attribute includes m categorical attributes and n continuous at-

tributes. We, thereby, calculate the similarity between any two nodes. If the similarity

between node vi and node v j is over the threshold δ, we add an edge e i j between them.

Consequently, a loan application graph (LAG) G = {V ,E ,X V } could be constructed, where

V and E represent the set of nodes and edges in the LAG, respectively.

4.2.2 Multi-view Loan Application Graphs (MLAGs)

As described in Chapter 4.2.1, by changing the similarity threshold δ, we could adjust

the structure of LAG dynamically. Therefore, given a series of δ ∈∆,∆= {δ | 0 < δ< 1},

multi LAGs can be constructed. We denote the G = {G1,G2, ...} as the multi-view loan

application graphs (MLAGs). The different LAGs allow us to dynamically select and

aggregate information from similar records in a flexible fashion. Besides, the MLAGs

will also be utilized for small sample argumentation.

4.2.3 Loan Credit Default Risk Prediction

Given D = {r, yr}, where yr ∈ {0,1} is the label of loan default and r is users’ correspondent

application information and historical records. Based on the application record r, the

task of Loan credit default risk prediction aims to identify the likelihood that the user

will default or not.

4.3 Methodology

We first give an overall illustration of our proposed MGCN model. Then, we introduce

each module of MGCN specifically. Figure 4.3 illustrates the MGCN structure, which
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Figure 4.3: The architecture of MGCN. It includes four main parts, which are arranged
from left to right: 1) Multi-view Loan Application Graph Construction; 2) Graph Convo-
lution Layer; 3) Data Argumentation Layer; and 4) Prediction Layer.

contains four parts:

• MLAGs Construction. Based on the Chapter 4.2.1 and 4.2.2, each loan application

record r can be regarded as a node v. Therefore, by calculating the similarity

between any two nodes and adjusting the thresholds δ, we could construct the

MLAGs for loan default risk prediction.

• Node Embedding and Graph Convolution. We concatenate the category at-

tributes embedding and continuous attributes embedding for application record

(i.e., node) representation generation. Then, attributed to the information propa-

gation and aggregation from similar neighbors, a graph convolution with a gate

mechanism is proposed to alleviate the issue of missing values.

• Data Augmentation. As the data distribution is imbalanced in a practical sce-

nario, for each negative (small) sample, we collect all the representations from

MLAGs, while for each positive sample, we fuse all the representations under

different LAGs with a soft attention mechanism to generate a single representation

for data distribution re-balance.

• Prediction Layer. After obtaining the loan application representation updated by

the graph convolution layer, we devise a prediction layer (a feed-forward network)

for loan default risk prediction.
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4.3.1 Multi-view Loan Application Graphs Construction

As aforementioned, there are two category attributes for each loan application record.

Hence, we calculate the similarity for the two kinds of attributes, respectively, for loan

application graph construction. To be specific, for categorical attributes xCa, we calculate

the Jaccard similarity between any two records, which can be formalized as follows:

(4.2) SimCa(xCa
i , xCa

j )=
xCa

i ∩ xCa
j

xCa
i ∪ xCa

j

where xCa
i , xCa

j are categorical attributes values of record r i and r j, respectively. Hence,

the numerator counts the number of attributes with the same values for records r i and

r j. And the denominator counts the total number of attribute values from r i and r j. n is

the total number of attributes.

For continuous attributes, we utilize Euclidean distance to measure the similarity

between each record.

(4.3) SimCo(xCo
i , xCo

j )= 1−
n∑

k=1
(xCo

i,k − xCo
j,k)2

where xCo
i,k , xCo

j,k are k-th continuous attribute values (undergo normalization operation)

of records r i and r j, respecitvely.

Thus, the final similarity between records r i and r j can be defined as follows:

(4.4) Sim(r i, r j)=α ·SimCa(xCa
i , xCa

j )+ (1−α) ·SimCo(xCo
i , xCo

j )

where α is a hyperparameter to balance the similarity between categorical attributes

and continuous attributes. As shown in Figure 4.1, the categorical attributes account

for the major part of all the attributes, and it is sufficient to measure the similarity

between any two nodes via categorical attributes, thus, we only calculate the similarity

of categorical attributes to reduce the computation complexity of MLAGs construction.

Again, we further define a hyperparameter δ, if Sim(r i, r j) > δ, we add an edge

between node vi and v j. Hence, the weight of edge e i, j is Sim(r i, r j). Adjusting the

threshold δ, we could control the sparsity of the graph structure.
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4.3.2 Embedding Layer

4.3.2.1 Categorical Attributes Embedding

Firstly, we project the categorical attributes of each record to a latent space through

an embedding table E ∈RM×d. Here, M is the total number of unique values for all the

categorical attributes, and d is the embedding dimension. The embedding operation is

implemented as follows,

(4.5) xCa
v =Onehot(xCa

v )E

where Onehot(·) is one-hot operation, which encodes the original categorical attributes

xCa
v of node v to an one-hot vector. Onehot(xCa

v ) ∈Rm×M , m is the number of categorical

attributes for each record.

4.3.2.2 Continuous Attributes Embedding

For each continuous attribute, we adopt Norm(·) operation for normalization, which will

further undergo a linear projection matrix for representation initialization.

(4.6) xCo
v =Norm(xCo

v )W

where W ∈Rn×n is a learnable matrix.

4.3.2.3 Node Representation

We flatten the categorical attributes embedding and concatenate the continuous attribute

representation to construct the node representation xv. xv ∈X, and X ∈R|V |×(m×d+n).

(4.7) xv = m||
k=0

xCak
v || xCo

v

where xCak
v ∈ Rd is k-th categorical attribute embedding of node v. xCo

v ∈ Rn is the

continuous attributes embedding. || is the concatenation operation.

4.3.3 Graph Convolution Layer

We utilize graph convolution on each LAG for information propagation and aggrega-

tion [107]. Thus, similar records can be introduced as auxiliary information to alleviate
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the missing value issue. However, the deeper graph convolution operation will incur the

over-smoothing [127] (also known as the information loss [163] problem). Consequently,

we propose to aggregate the information from the shallow graph convolution layer via a

gate mechanism for node representation updating. For LAG - g, the node representation

can be formulated as:

X(l)
g =ReLU(D̃− 1

2
g ÃgD̃− 1

2
g X(l−1)

g W(l−1))

H(l)
g =αX(l)

g + (1−α)H(l−1)
g

α=Diag(σ(X(l)
g WX ·H(l−1)

g WH))

(4.8)

where X(l)
g is the node representation after l-h graph convolution layer with regard

to g. Ag ∈ RN×N is the adjacency matrix of graph g, Ãg = Ag + I, and D̃gii =
∑

j Ãgij .

D̃g is a degree matrix of Ãg; Wl−1,WX,WH are learnable matrices; ReLU(·) and σ(·)
(i.e., sigmoid(·)) are activation functions; Diag(·) means obtain diagonal values. In this

Chapter, we initialize X(0)
g ,Hg

(0) as the node embedding generated by secion 4.3.2.3 and

obtain the last update HL
g as the graph convolution output of g.

4.3.4 Data Augmentation Layer

As the default records (i.e., negative samples) are small samples in practical scenar-

ios, the data distribution is skewed. Hence, we carry out data augmentation on small

samples to balance the data distribution. To be specific, for negative samples, we collect

all the representations from different LAGs. So as to the positive sample, considering

multi-view graph convolutional networks (MGCNs) can indeed face optimization chal-

lenges, especially when different views are inconsistent or provide conflicting learning

signals. Accordingly, in the implementation, we employed view-specific normalization

and adaptive weighting mechanisms to balance contributions from different views, re-

ducing conflicts between them. Specifically, we mix the different representations from

LAGs with a soft-attention mechanism as below.

hp =
s∑

g=1
αg(hp

gWp)

αg =
xpWp ·hp

gWp∑s
g=1 xpWp ·hp

gWp

(4.9)
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where xp is the positive sample’s embedding; hp
g is the positive sample’s representation

with regard to LAG-g after graph convolution derived from Equation (6.8). Wp is a

learnable matrix. s is the number of LAGs.

4.3.5 Prediction Layer

Note that each loan application record r can be recognized as a node v in the MLAGs.

Therefore, the loan default risk prediction can be transformed into the node classification

task. Specifically, we implement the feed-forward network (FFN) and with softmax
function for node classification, which is formulated as follows:

ŷ=ReLU(W2 ·ReLU(W1 ·hL+b1)+b2

ŷ= softmax(ŷ)
(4.10)

where hL is the record representation after data augmentation. ŷ is the probabilities of

predicted labels. W1,W2,b1,b2 are the trainable weight matrices and the bias vectors ,

respectively.

4.3.6 Model Learning

The cross-entropy with L2 regularization is adopted as the loss function to train the

MGCN in an end-to-end mode. Formally, we define the loss function over all the loan

application records D as:

(4.11) L (Θ)=− ∑
<r,y>∈D

y log(ŷ)−λ||Θ||22

where y is the ground-truth of loan risk prediction, Θ is the trainable parameters of our

proposed model, and λ is a regularized hyperparameter.

4.4 Experiments

We investigate the effectiveness of our designed model. We conduct extensive experi-

ments on three real-world public datasets. First, we describe the experimental settings,

including the datasets, methods in comparison, evaluation metrics, and experimental

setup. Then, we discuss the performance comparison and results from the model anal-

ysis. Additionally, we perform ablation tests to demonstrate the effectiveness of every

component in our model. We aim to answer the following research questions:
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Table 4.1: The Statistical information of datasets. Label-1 means the loan default sam-
ples.

Statistic Index Home Credit Lending Club PPD
# Total 307,511 2,260,701 30,000
# Label-1 24,825 268,559 2,198
# Label-0 282,686 1,076,751 27,802
# Continuous Attributes 288 113 208
# Categorical Attributes 58 38 20
Ratio of missing values 50% 100% 21%

• RQ1: Does our model outperform the state-of-the-art loan default risk prediction

methods on the real-world datasets?

• RQ2: How do the key components (e.g., gate mechanism in graph convolution layer

and multi-view loan application graphs) and hyperparameters of our model benefit

the prediction?

• RQ3: How about sampling strategies (e.g., up and down-sampling, SMOTE method)

to MGCN performance improvement compared with our data augmentation?

4.4.1 Dataset

We evaluate our method performance on three public datasets. Table 4.1 summarizes

the basic statistics of these datasets. Observing the table 4.1, we could find that 1) the

ratio of loan default samples to others is up to 1 : 12.6, the data distribution is skewed

significantly; 2) the number of continuous attributes is about 2.97 to 10.4 times that of

categorical attributes; 3) a large number of missing values, e.g., for Lending Club dataset,

all the attributes contain missing values.

• Home Credit Default Risk2 primarily to lend to those people with little or

no credit history. Due to incomplete or non-existent credit histories, financial

institutions are required to evaluate various alternative data for a positive and safe

borrowing service. Hence, the application records are always complex, multi-source,

and heterogeneous. This dataset covers various information about applicants,

e.g., family information, income and expenditure, credit records, loan records,

repayment history, etc.
2https://www.kaggle.com/c/home-credit-default-risk/overview
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• Lending Club3 is a P2P lending dataset, which contains millions of loan records

with 151 attributes from 2007 to 2018. All the attributes in raw data have missing

values except id. Following previous work [4], we remove meaningless attributes

(e.g., URL, member_id) and the attributes with more than 30% missing values.

Afterwards, we fill in the missing values with zeros.

• PPD4 is a public loan default prediction dataset released from a risk control

algorithm competition at the Heywhale community. Each record comprises 208 con-

tinuous attributes and 20 categorical attributes, which cover the basic information

of lenders, the login information, and modification records.

4.4.2 Experimental Settings

4.4.2.1 Evaluation Metrics

Following previous works [89, 147, 306], we select Recall, F1 score, and AUC (i.e., Area

Under the ROC Curve) to evaluate the performance of each model on the above three

public datasets.

AUC signifies the probability that the positive item sample‚Äôs score is higher

than the negative item sample‚Äôs score, a larger AUC indicates a better performance.

Compared with precision, recall, and F1 value, AUC trends reveal the rate of false

positives (also known as false alarms). Considering the cost-sensitive and imbalanced

distribution in the default risk prediction task, it may be more reasonable to calculate

AUC for model evaluation, which is defined as:

(4.12) AUC =
∑

r∈R+ rankr− |R+|×(|R+|+1)
2

|R+|× |R−|
where R+ and R− denote the positive and negative sets in the testing set, respectively.

And rankr indicates the rank of record r via the score of prediction.

4.4.2.2 Compared Methods

We compare our model with multiple representative and competitive methods from

four categories: machine learning methods (e.g., Logistic Regression, Decision Tree,

Random Forest, XGBoost), deep learning methods (e.g., DNN, CNN, Wide & Deep Neural
3https://www.kaggle.com/wordsforthewise/lending-club
4https://www.heywhale.com/home/competition/56cd5f02b89b5bd026cb39c9/content/1
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Network), unsupervised graph embedding methods (e.g., DeepWalk, Node2vec), and

GCN-based methods (e.g., GCN, GraphSage, GAT, SGC, GCNII).

• Logistic Regression [147]: a simple and efficient linear model for binary classifi-

cation.

• Decision Tree [204]: a non-parametric supervised learning algorithm. It has a

hierarchical tree structure, classifying samples following an ordering of attributes.

• Random Forest [8]: a bagging method that trains a multitude of decision trees

and determines the final reason via majority voting.

• XGBoost [4]: a decision-tree-based ensemble machine learning algorithm that

uses a gradient boosting framework.

• DNN [89]: a neural network with fully connected layers. We choose ReLU as the

activation function and cross-entropy loss for model optimization.

• CNN [113]: a neural network that feeds the concatenation of the representation of

categorical data (obtained via convolution operations) and numeric attributes to

fully connected layers for predictions.

• Wide & Deep Neural Network [38]: a neural network that includes a deep

module and a wide module. The wide module applies a linear model to improve

the sparsity of categorical features and robustness of the model via cross-product

feature transformations. For the deep module, a feed-forward neural network is

applied for numeric features to improve the memory ability of the network.

• DeepWalk [172]: references a language model with the random walk algorithm

for unsupervised node representation learning.

• Node2vec [67]: an unsupervised learning method, which applies a random walk

for node representation.

• GCN [107]: a basic graph convolution neural network for node classification.

• GraphSage [89]: a general inductive framework that generates embedding by

sampling and aggregating features from nodes’ local neighborhoods.

• GAT [89]: applies the attention mechanism for feature aggregation.
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• SGC [254]: a lightweight GCN, which removes nonlinear activation functions and

collapses weight matrices between consecutive layers.

• GCNII [23] is an extension of the vanilla GCN, which applies initial residual and

identity mapping techniques to alleviate the over-smoothing problem.

4.4.2.3 Implementation

For a fair comparison, we set the learning rate=0.001, regularizer=1e−5, batch size=500,

embedding size d = 8, and select Adam as the optimizer for all deep learning models.

Concretely, we set the number of graph convolution layers as 4. The size of the output of

the graph convolution is kept the same as the input size, i.e.,d×m+n. The size of FFN

layers is d×m+n and 2. In addition, we set the inverse of regularization strength as

1e−4 for logistic regression; the max depth is 5 for the decision tree; the number of trees

for ensemble methods is 1000. For all the datasets, we extract 10% samples as a testing

set, and the remaining as the training set.

4.4.3 Performance Comparison (RQ1)

Table 4.2: Experiment results on three datasets. We highlight the best performance and
underline the sub-optimal results from the baselines for each comparison. OOM means
Out of Memory.

Dataset
Home Credit Lending Club PPD

Recall F1 AUC Recall F1 AUC Recall F1 AUC
LR 0.50163 0.48288 0.75361 0.54456 0.54161 0.69017 0.50000 0.48052 0.59130
DT 0.50075 0.48089 0.72718 0.53269 0.51864 0.69925 0.51874 0.52024 0.66042
RF 0.50115 0.48172 0.75074 0.52870 0.50943 0.70380 0.50000 0.48052 0.69286
XGB 0.60400 0.55801 0.77267 0.65707 0.58513 0.71616 0.64745 0.55218 0.69180
DNN 0.50000 0.47929 0.77183 0.50000 0.44317 0.70448 0.50000 0.48047 0.71577
CNN 0.50000 0.47922 0.77457 0.50000 0.44317 0.72961 0.50000 0.48050 0.71384
Wide & Deep 0.50000 0.47922 0.75824 0.50000 0.44317 0.70207 0.50000 0.48049 0.71109
DeepWalk 0.50475 0.49004 0.73620 0.50904 0.46885 0.61531 0.49820 0.47962 0.57000
Node2vec 0.50364 0.50370 0.61629 OOM OOM OOM 0.50168 0.48470 0.57227
GCN 0.50205 0.48348 0.74254 0.88461 0.87307 0.96684 0.50000 0.48051 0.66027
GraphSage 0.50084 0.48531 0.77232 0.73630 0.73955 0.90904 0.50000 0.48051 0.59451
GAT 0.50000 0.47920 0.76235 0.79781 0.83054 0.96094 0.50000 0.48051 0.61799
SGC 0.52008 0.51906 0.72078 0.87306 0.87731 0.89735 0.49982 0.48042 0.63664
GCNII 0.50000 0.47892 0.73059 0.86322 0.85776 0.96147 0.50000 0.48052 0.66953
MGCN 0.61886 0.61811 0.78455 0.90588 0.87849 0.97546 0.63109 0.55987 0.71927

Table 4.2 demonstrates the main results of all compared methods on three datasets.

The major findings from the experimental results can be summarized as follows:
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We can observe that our model MGCN outperforms all the baselines, especially on the

Lending Club dataset (38% and 36% increases on recall and AUC, respectively, compared

with XGBoost). Specifically, MGCN achieves a remarkable improvement (up to 15.28%)

over the strongest baselines in terms of recall, which demonstrates the effectiveness of

the multi-view loan application graphs and the data augmentation module we proposed.

Compared with other machine learning and deep learning methods, graph convolution-

based models do not have a significant superiority except for the Lending Club dataset.

Compared with other datasets, the number of attributes on the Lending Club is rather

small, and the user’s information is also limited. Hence, we believe information ag-

gregation from neighbors will be more beneficial for the scenarios in which the raw

information is limited. Additionally, DeepWalk and Node2vec are the worst-performing

methods among all the models, which illustrates that the graph information obtained by

the unsupervised learning method does not work well for node classification. Further-

more, deep learning methods do not achieve significant improvements on all datasets,

while ensemble models, e.g., Random Forest and XGBoost, are still strong baselines and

achieve comparable results.

For neural networks, Recall and F1 are virtually indistinguishable on all the datasets.

Attribute to the imbalanced data distribution and missing values, it is difficult for all the

baselines to achieve satisfactory results on all the datasets.

4.4.4 In-depth Analysis of MGCN (RQ2)

4.4.4.1 Impact of Embedding Size

As mentioned above, the categorical attributes should be projected into a high-dimensional

latent space as an embedding first. Thus, we put the lens on the impact of different

embedding sizes (d = 5,8,16,32) on our model. As shown in Figure 4.4, when the embed-

ding size is changed, there is no significant fluctuation for AUC on the three datasets,

while Recall varies more. In general, when setting the embedding size to eight, our

model achieves promising performance. We argue that a moderate embedding size could

provide sufficient information capacity for the model while simultaneously avoiding the

over-fitting problem.

4.4.4.2 Impact of Gate Mechanism and Graph Convolution Layers

In order to verify the effectiveness of the gate mechanism in MGCN, we set the number of

graph convolution layers in the range of {1,2,3,4} to evaluate the model’s performance. In
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Figure 4.4: The effect of embedding size {5,8,16,32} of our model on three public datasets.

Figure 4.5: Performance of MGCN with different numbers of graph convolution layers
and mean-pooling for feature aggregation.

addition, we replace the gate mechanism with mean pooling for the ablation experiment.

The other hyperparameters and model structure remain the same as described above.

We show the performance comparison results in Figure 4.5. It is obvious that the perfor-

mance declines significantly when we replace the gate mechanism with mean pooling,

indicating the usefulness of the gate mechanism for information aggregation. Besides, as

we increase the layer of graph convolution, the AUC also rises, which demonstrates the

effectiveness of high-level semantic information for loan default detection.

4.4.4.3 Impact of Shallow and Depth Features

As mentioned above, the deep layer contains rich semantic features and neighbor infor-

mation. Hence, the feature representation from deep layers may facilitate the prediction

of those samples whose neighbors are limited. In contrast, for the nodes that contain

many neighbors, we assume the shallow layer’s feature representation is sufficient for
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classification. Consequently, we devise the gate mechanism for hierarchical feature ag-

gregation and alleviate the over-smoothing problem simultaneously. In this experiment,

we dive into analyzing the effectiveness of the gate mechanism. Specifically, we first

remove the gate mechanisme and keep the other hyperparameters and model structure

the same as described above. Then, applying one-hop layer feature representation (one

graph convolution layer), multi-hop layer feature representation (four graph convolution

layers), and mix-hops feature representation (four-hops feature representation for those

nodes where the number of neighbors is less than 90% of the total nodes and one-hop

feature representation for the remaining nodes) for loan default risk prediction. In ad-

dition, we also resort to one LAGs with the best result among all MLAGs to eliminate

the effects of data augmentation for fair performance comparison. Results are shown in

Table 4.3. Overall, our model achieves the best results on three datasets, which verifies

the effectiveness of our proposed gate-based feature aggregation module. In addition,

we can also observe that the mix-hop convolution achieves sub-optimal results on AUC,

which confirms our aforementioned assumption that both deep and shallow features are

equally important for default risk prediction. In Chapter 5.6, we will give an in-depth

discussion regarding different fusion strategies in terms of effectiveness and efficiency.

Table 4.3: Impact of shallow layer, depth layer, and mix layer representation on loan
default prediction. We highlight and underline the best and sub-optimal results.

Dataset Metric One-hop Four-hops Mix-hops LAG

Home
Credit

Recall 0.50021 0.50205 0.50000 0.60345
F1 0.48143 0.48348 0.47920 0.60887

AUC 0.75145 0.74254 0.75691 0.76321

Lending
Club

Recall 0.88627 0.88461 0.87716 0.88192
F1 0.85839 0.87307 0.86405 0.86210

AUC 0.96447 0.96684 0.96914 0.97117

PPD
Recall 0.50000 0.50000 0.50000 0.63109

F1 0.48051 0.48052 0.48051 0.55987
AUC 0.68627 0.67561 0.69666 0.70650

4.4.4.4 Impact of Multi-view Loan Application Graphs

As mentioned in 4.3.1, the distribution between positive and negative samples is imbal-

anced. Thus, we construct multi-view loan application graphs for data augmentation.

Specifically, by adjusting the similarity threshold between two nodes, we could change
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Figure 4.6: Performance of MGCN with different number of LAGs 1,2,3,4,5 on three
public dataset.

the graph structure and construct multiple loan application graphs, i.e., multi-view loan

application graphs (MLAGs). Thus, the various node representations can also be yielded

under different LAGs. Then, we collect the small sample representation from multi-view

loan application graphs for model training. This process can be regarded as a small sam-

ple augmentation. In the experiment, we set the δ in the range of {0.05,0.1,0.15,0.2,0.25}.

Hence, five LAGs are constructed, and we consider different numbers of LAGs simul-

taneously for small sample augmentation and loan default prediction. Note that when

the number of LAGs is set to 1, our method becomes approximately equivalent to the

proposed method in Chapter 3. As mentioned above, the other hyperparameters and

model structures remain the same. The performance is presented in Figure 4.6. Overall,

the performance of MGCN improved as the number of LAGs increased. Especially for

the Lending Club dataset, when we increase the number of LAGs from one to five, the

AUC rises from 0.70432 to 0.97546 (38.5% improvement). However, for the Home Credit

Default Risk and PPD datasets, when the number of LAGs is over 3, the performance

does not improve notably. We believe this is because the size of the Home Credit Risk

dataset and PPD dataset is relatively smaller than Lending Club (2,260,701 vs 307,511

for Home Credit Risk and 30,000 for PDD, ref. Table 4.1 for details.). Consequently, a

moderate graph number is sufficient to rebalance the data distribution. In general, we

believe the data argumentation with multi-view graphs can mitigate the distribution

imbalance issue to some extent, but we should carefully adjust the number of graphs to

maximize performance improvement with limited computational costs.
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4.4.5 The Effects of Sampling Strategies (RQ3)

As analyzed in Chapter 4.4.4.4, the defaulter records are small samples in a realistic

scenario, and the data distribution is also imbalanced. Following previous works, we,

therefore, investigated the impact of the sampling strategy on the performance of our

model. To avoid the effects incurred by data augmentation of MLAGs, we only consider

one LAG for model training. Upsampling, downsampling, and SMOTE strategies are

devised on the training data. We define ξ as the ratio of the minority class to the majority

class after resampling. Other hyperparameters and model structures remain the same

as described above. As shown in Table 4.4, the sampling strategies do not contribute

to performance improvement; in turn, SMOTE will lead to a decline in AUC. However,

compared with Table 4.3, multi-view graphs data augmentation is more effective for

performance improvement.

4.5 Conclusion

To summarize, we investigated the research on loan default risk prediction in a realistic

scenario. By elaborately analyzing the characteristics of loan application records, we

propose a graph convolution-based model MGCN, to solve the problem. First, considering

numerous missing values in raw data, we attempt to construct loan application graphs.

Consequently, similar loan application records could be aggregated as auxiliary informa-

tion to improve the model’s performance and robustness to missing values. Besides, to

alleviate the effect of imbalanced distribution, multi-view loan application graphs are

proposed for data augmentation. Furthermore, we devise a novel gate mechanism to fuse

the deep and shallow features generated by the graph convolution and alleviate the over-

smoothing issues. Extensive experiments are conducted on three real-world loan default

prediction datasets with large numbers of feature fields. The results demonstrate the

effectiveness of multi-view loan application graphs and the gate mechanism. Although

we achieve promising results for default risk prediction in this work, we fuse the at-

tribute embedding with a simple concatenation operation. In the following Chapters, we

will discuss the application of graph neural networks in session-based recommendation.

Further, we will explore the implicit relationships between any two attributes and fuse

the attributes’ embedding in a more sophisticated way.
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Table 4.4: Performance of different sampling strategies on three datasets. We highlight
the best performance for each comparison.

Dataset Metric Ratio 0.25 0.50 0.75 1.0

H
om

e
C

re
di

t R
ec

al
l Upsample 0.59243 0.50000 0.69988 0.69991

Downsample 0.50000 0.65075 0.69579 0.70285
SMOTE 0.50000 0.51350 0.51731 0.50000

F
1

Upsample 0.60301 0.47919 0.56838 0.53515
Downsample 0.47918 0.61846 0.56568 0.55149
SMOTE 0.47919 0.50833 0.51517 0.47918

A
U

C

Upsample 0.77493 0.76185 0.76959 0.76677
Downsample 0.77315 0.77237 0.77090 0.77001
SMOTE 0.76647 0.76454 0.76104 0.75882

L
en

di
ng

C
lu

b R
ec

al
l Upsample 0.87896 0.89726 0.50000 0.84846

Downsample 0.86974 0.90453 0.90392 0.86328
SMOTE 0.88160 0.89483 0.86206 0.86465

F
1

Upsample 0.87215 0.86568 0.44467 0.82742
Downsample 0.87435 0.87443 0.86412 0.82533
SMOTE 0.87005 0.87554 0.85927 0.83774

A
U

C

Upsample 0.97022 0.97083 0.94174 0.94174
Downsample 0.97095 0.97279 0.96957 0.94516
SMOTE 0.97053 0.97052 0.96381 0.94901

P
D

D

R
ec

al
l Upsample 0.50000 0.61156 0.64837 0.63997

Downsample 0.50000 0.50000 0.50000 0.50000
SMOTE 0.50000 0.51929 0.52793 0.50810

F
1

Upsample 0.48051 0.57569 0.49455 0.54587
Downsample 0.48050 0.48048 0.48051 0.48051
SMOTE 0.48050 0.51982 0.53223 0.50087

A
U

C

Upsample 0.71375 0.71306 0.70454 0.70286
Downsample 0.68783 0.69684 0.68317 0.65616
SMOTE 0.70387 0.68739 0.52785 0.68045
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5
REVIEW OF SESSION-BASED RECOMMENDATION

5.1 Introduction1

With the prosperity and prevalence of the Internet, a surge of companies are allowed

to provide their products or services via E-commerce, e.g., Amazon, YouTube, Yelp, and

LinkedIn. Although the vast array of information increases more probability for users

to satisfy their personality requirements, it also exacerbates the issue of information

overload, i.e., users often find it challenging to quickly identify their preferences and

make decisions when facing an overwhelming influx of information. As an effective and

efficient information filtering technology, Recommendation Systems (RSs) aim to mine

users’ Point-of-Interest (POI) based on their historical interaction records (e.g., click,

watch, read, add to cart, and purchase) and automatically recommend interested items.

RSs have evolved into a prominent solution and attracted widespread attention from

both academia and industry [61, 234, 256].

Considering that leveraging a user’s historical information might be impractical in

real-world scenarios due to (1) the user’s preference will shift and evolve over time, and

(2) it is difficult to realize a dynamic and efficient real-time recommendation.

However, most of the existing methods are committed to utilizing all historical

information of users and capturing the long-term, statistical preference for recommenda-

tion [58]. It may not be practical in real-world scenarios due to (1) the user’s preference

1This Chapter is based on our published work: Graph and sequential neural networks in session-
based recommendation: A survey.
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Figure 5.1: The statistics of publications with regard to SR. "<16" means 2016 and before.
The bar chart (left) displays the number of published papers each year, and the pie chart
(right) illustrates the percentage of papers published in each top venue.

will shift and evolve over time, and (2) those methods are difficult to model the user’s

ongoing behaviors and realize a real-time recommendation.

To bridge this gap, Session-based Recommendation (SR) [234] or Session-aware
Recommendation 2 have emerged with increasing attention in recent years. As shown in

Figure 5.2, Session-based recommendation aim to predict the next item a user is likely to

engage with, leveraging the interaction sequence within the current session. By adjusting

the recommendation results dynamically based on current interactions, SRmodels her

short-term preferences to achieve an accurate and dynamic recommendation. Reviewing

the development of SR, Modani et al. [158] first proposed the concept of session for a

dynamic recommendation in 2002. On top of that, in 2005, Modani et al. [159] further

devised a basic framework based on a bipartite graph, which is the pioneering work

for the SR task. Since then, SR has gradually become a hot topic in recommendation

research avenues. Figure 5.1 shows the number of papers (593 in total retrieved from

DBLP Database3 by June 2024) published in top venues. The amount of relevant work

has increased significantly since 2019. In 2020 and 2021, the number of papers (85 and

87) was almost twice that of 2019 (46). In 2022 and 2023, the number rose to 126 and

142, respectively. Besides, RecSys, SIGIR, CIKM, WWW, WSDM, TOIS, and TKDE are

the most popular target venues for SR.
2Quadrana et al. [179] emphasize that for session-aware recommendation, the user is anonymous i.e.,

all historical interactions are known, but for session-based recommendation, we only focus on the current
session. However, most studies do not distinguish these two terminologies.

3https://dblp.org/
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5.1. INTRODUCTION4

Figure 5.2: The toy example of session-based recommendation. Session-based recommen-
dation aims to predict the next item the user prefers to click, based on the interactions
within the current session.

In general, early studies on SR specialized in popularity-based solutions [3] and

machine learning-based methods, including KNN [51, 153], Markov Chain [188, 298] and

matrix factorization [187, 198]. Benefit from the powerful ability of feature extraction and

representation, deep learning solutions, such as sequential neural networks [68, 81, 103,

126, 185, 214] and graph neural networks (GNNs) [19, 22, 257, 260, 290, 309], become

ubiquitous and achieve promising results for SR. More concretely, the sequential neural

networks, e.g., recurrent neural network (RNN), long short-term memory neural network

(LSTM), and gated recurrent unit neural network (GRU), model the input session as

a sequence and capture the order dependency among items for recommendation. In

contrast, GNNs are required to predefine a graph based on sessions first, after that,

items’ correlations can be modeled via the information propagation and aggregation for

recommendation.

Given the remarkable growth of SR research in graph and sequential neural networks,

it is necessary and valuable to analyze the characteristics, categorize the existing efforts

in a unified framework, formalize their focused problems, and summarize the general

ideas, solutions, major challenges, and future directions thoroughly. Consequently, in this

Chapter, we are devoted to proposing a systematic classification, conducting a detailed

comparison of GNNs and sequential neural networks, and providing a comprehensive

overview of their application in SR. The key contributions of this survey are summarized

as follows:

• We standardize the concepts and definitions concerning SR and introduce represen-

tative graph structures commonly used in SR. Besides, we summarize the features

of SR and compare the similarities and distinctions between SR and the sequential

recommendation task.
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Figure 5.3: A toy example of different SR tasks.

• We propose a systematic category to organize the existing studies on sequential

neural networks and GNNs for SR. A comprehensive analysis and comparisons

with regard to the properties of these two mainstream methods are presented.

• Finally, we identify open challenges and discuss future directions on session-based

recommendation.

5.2 Preliminaries

We will first clarify some basic definitions in SR, e.g., intra-sessions, inter-sessions, and

so forth. Various typical graph structures and the corresponding concepts are also briefly

introduced.

5.2.1 Session Definitions

Based on the anonymity of a user’s information, SR can be further divided into person-

alized session-based recommendation (PSR) and session-based social recommendation

(SSR), which are illustrated in Figure 5.3. In addition, the definitions and the key

concepts, i.e., session, item, and attribute are listed below.

Item is the object that users interact with. It is usually formalized as an item ID in a

recommendation system.

Attribute is the associated external information (or side information in [266]) of items or

interactions. Specifically, the item-oriented attributes contain such as brands, categories,
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text descriptions, and images. As for interaction-oriented attributes, like geographic

information, interaction time and order, and behavior types (e.g., search, click, add cart,

buy, share, comment, etc) are most commonly used. These attributes could serve as

auxiliary information for performance improvement.

Session refers to a user-interacted list consisting of items or services. The items in

sessions are usually organized chronologically5.

Session-based Recommendation (SR, depicted in Figure 5.3 (a)). Let I = {i1, i2, ...in}

as the set of items, where n is the number of items. Each session s = [i1, i2, ..., im] consists

of a sequence of interactive items ik ∈I from a user. Thus, given a session s, the task of

SR aims to generate probabilities (or scores) ŷ for all possible items. The items with a

top-K recommendation score will be recommended.

Although collaborative filtering solutions, including item-based, user-based, and

content-based methods, aim to predict users’ next POI, these methods elaborate to

capture the co-occurrence patterns based on the user-item interaction matrix, ignoring

the sequential information of each click [212]. In contrast, session-based recommendation

puts efforts into current session modeling, i.e., only the ongoing session and the sequential

patterns encapsulated in the sessions are considered. Thus, it will be more suitable for

new users and timely, dynamic recommendations (more discussions can be found in

Chapter 5.3.1).

Personalized Session-based Recommendation (PSR, illustrated in Figure 5.3
(b)). Let U be a set of users, for each user u ∈U , denote S u = {Su

i }nu
i=1 as all the historical

sessions of u, and nu stands for the total number of sessions. Let Su
i = [i i, j]

mi
j=1 ∈S u as

the i-th session of user u, and mi stands for the total number of items in session Su
i .

We define Su
c as the current session of user u, the previous sessions in the timeline are

historical sessions denoted as S u
h . Thus, given all the historical sessions S u

h of user u,

the task of PSR is to predict the next interactive item of the current session Su
c . In [70],

the PSR is also named as streaming session-based recommendation.

Session-based Social Recommendation (SSR, illustrated in Figure 5.3 (c)). Based

on PSR, we denote {uk}N(u)
k=1 ⊆U as the neighbors or friends of user u , N(u) is the number

of neighbors. Let the sessions of user uk as S uk . Thus, given the current session S u of

user u and all the sessions ∪N(u)
k=1 S uk from user u and his/her neighbors uk, the task of

SSR aims to predict the next interactive item of the current session S u.

5In most cases, this is true, while a few papers ignore the sequence information in sessions [91, 235]
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Figure 5.4: The diagram of the intra-session graph and the inter-session graph. We
represent the items or nodes as solid circles and the edges as arrow lines.

5.2.2 Graphs Definitions

Graph-based SR endeavors to design dedicated graph structures to harness valuable

information from neighbors for recommendation. We, thereby, introduce five typical

graph structures in SR.

Digraph and Undigraph. Given a session s, each item in the session can be presented

as a node. Besides, if a user clicks item i j after item i i in the session, we add a directed

edge e i j from node i to node j. Hence, we could organize those nodes and the directed

edges between all adjacent items via a digraph. In contrast, if we add an undirected edge

e i j between node i and node j, we could construct an undigraph.

Intra-session graph. As shown in Figure 5.4 (left), given a series of sessions S , we

could construct intra-session graphs G = (V ,E ) for each session where the node set is all

unique items in S . And e i j ∈ E represents an edge where a user clicks item i j after i i in

sessions.

Inter-session graph. As shown in Figure 5.4 (right), given a series of sessions S , we

could construct a unified inter-session graph G = (V ,E ) between all the adjacent items

for all the sessions, where V and E indicate the set of nodes and edges, respectively. For

an edge e i j ∈ E , it indicates the edge points from node vi to node v j.

Hypergraph. Given a series of sessions S , we could construct a hypergraph G = (V ,E ),

where V is a node-set, which consists of all the unique items I . We further define two

adjacent metrics An2e ∈ RM×N and Ae2e ∈ RM×M , where M and N are the number of

hyperedges and items, respectively. Thus, if item i belongs to the hyperedge j, we set the

element an2e
i j = 1, otherwise an2e

i j = 0. In addition, if hyperedge j and hyperedge k share

the same items, we set the element ae2e
jk = 1, otherwise ae2e

jk = 0. Based on the hypergraph,

the high-order information in sessions can be captured efficiently. As shown in Figure 5.5,
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Figure 5.5: The diagram of hypergraphs. The shades of different colors represent different
hyperedges.

Figure 5.6: The user-item social session graph.

the hyperedge e ∈ E can be defined by: (1) the nodes sharing the same values of attributes

(i.e., hypergraph with attributes) [114]; (2) the items from the same session [261] (i.e.,
hypergraph with session); (3) the item and its incoming items [132] (i.e., hypergraph with

incoming items); (4) belonging to a specific contextual window [229] (i.e., hypergraph with

slide windows); (5) a specific consecutive intent unit [69] (i.e., hypergraph with intent

unit). For instance, in [294], a hyperedge is defined based on the item side information,

like item prices.

Heterogeneous graph. Given a graph G = (V ,E ), it consist of a node set V and an edge

set E . We define a node type mapping function: φ : V →Mnode and an edge type mapping

function ψ : E → Medge. Denote Mnode and Medge are the sets of node types and edge

types. Thus, if |Mnode|+ |Medge| > 2, we define the graph G as a heterogeneous graph.

Attributed to the various types of nodes and edges, the heterogeneous graph is capable

of modeling more complicated structures than the homogeneous graph [241]. In SR, the

user-item session graph [31, 170] and the item-attribute knowledge graph [157, 292] are

the most commonly used heterogeneous graph structures, which can be elucidated below:
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• User-Item Social Graph. Given a user set U and the historical interacted ses-

sions of each user, we could construct a user-item session graph G = (I ,U ,E ) based

on user-item interacted records and the user’s social network, where I , U are

item nodes and user nodes, respectively. In [170], it contains two types of edges,

i.e., item-to-item and user-to-item. Specifically, if item i i and item i j are neighbors

in sessions, we add an edge between them. Thus, the item transaction relations

can be captured via an item-to-item edge. Besides, if there are interactive records

between user u and item i, we add an edge between them. Consequently, the user’s

historical interests can be modeled via user-item edges. Except for the above two

types of edges in a user-item session graph, the social relations are also considered

in [31, 231]. Specifically, if user ui and u j are friends or there exists some kind of

interactive behavior (i.e., follow, shared, etc) between them, a user-to-user edge can

also be added in the graph G , as shown in Figure 5.6. Moreover, if each session is

regarded as a node, the user-to-session edge and item-to-session edge can also be

created as an extension of the general user-item social graph [22].

• Item-Attributes Knowledge Graph. Given a session set S , an item set I , and

its relevant attributes set A , we could construct an item-attributed knowledge

graph G = (I ,A ,E ), which contains two types of nodes (item node and attribute

node) and two types of edges (item-to-item and item-to-attribute). If there is an

ordered tuple (i i, i j), we add an edge from item i i to i j. Furthermore, if item ik

contains the attribute ai, we add an edge from ik to ai with the corresponding

relation. As shown in Figure 5.7, we could construct a knowledge graph for a book

recommendation scenario. The entities/nodes contain the title and the correspond-

ing attributes, e.g., author, country, and genre. Apart from that, we could also

define two relations, i.e., published in and written by, and add edges from items to

attributes.

• User-Behavior Session Graph. Compared with the inter-session graph or the

intra-session graph, the user-behavior session graph further defines the behavior

relations, e.g., buy, click, between two adjacent items [200, 240].

• Spatialtemporal Session Graph. For some online service platforms, e.g., Meituan

and Yelp, the user’s location and time information are significant for the precise

recommendation. Consequently, the authors [131] propose a spatiotemporal graph

containing item, session, location, and time, four types of nodes, for session-based

recommendation.
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Session

Author： Leo Tolstoy
Country: Russia
Published: 1869
Pages: 1225 

Item and attributes
Author： Xueqin Cao
Country: China
Published: 1792
Genre: Novel

: item

: author (entity)

China: county (entity)

: written by (relation)

: connection

: published in (relation)

Leo 
Tolstoy

Marcel 
Proust

Xueqin
Cao

J.D. 
Salinger

Russia France China USA

Figure 5.7: The item-attributes knowledge graph.

Overall, the connectivity and structure of the above graphs can be formalized as an

adjacency matrix A ∈RN×N with Ai j ̸= 0 iff (vi,v j) ∈ E and Ai j = 0 iff (vi,v j) ∉ E , where N
is the total number of nodes. Ni indicates the neighbors of node vi .

5.3 Features and Categorization of SR Approaches

We first summarize the features of SR. Then, a hierarchical categorization will be

provided to organize different research lines.

5.3.1 The Features of SR

According to the aforementioned definitions, we summarize the features of SR as below.

• Session Length. Compared with the sequential recommendation, which orga-

nizes the user’s all historical interaction records in chronological order, SR only

concentrates on the current ongoing sessions, thus, the length of sessions (the

number of contained items) is quite limited, i.e., the median length of sessions is

less than six for most popular public datasets. Therefore, Wang et al. [247] believe

that sequential neural networks, e.g., RNN, are unsuitable for SR.

• Dynamic and Timely Recommendation. Different from sequential recommen-

dation, SR specializes in the current session and focuses more on users’ short-term

interest modeling instead of the interest evolution and long-term dependencies

between items in the sequential recommendation. Therefore, SR aims to make dy-

namic and timely recommendations for the ongoing session. Graph neural networks

are essential for SR, whereas large-scale graphs with billions of nodes and edges

require construction in real-world applications. Since each node carries diverse
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features, direct prediction on such massive graphs are nontrivial, making scalable

graph design crucial for SR.

• Adjacent Dependency. Although the items in sessions are organized chrono-

logically, there are no obvious order patterns [91]. Consequently, many stud-

ies [69, 93, 261, 305] apply GNNs to model the co-occurrence between two items,

i.e., the item transition patterns in sessions are rooted in the co-occurrence within

items, instead of reflecting by sequential pattern.

• Anonymous. As we discussed above, SR pays more attention to the current session

modeling, thus, the user information and historical interactions are unavailability.

Nevertheless, some papers [31, 170, 177, 207] propose personalized session-based

recommendation (PSR) or session-based social recommendation (SSR), which con-

sider the user’s historical records are non-anonymous and use whole historical

sessions as auxiliary information to improve the performance of current session

recommendation, these approaches have not yet become mainstream in SR.

Overall, the length of sessions is rather limited against sequential recommendation,

and there is no obvious dependency between two items in a session, despite the items

being organized chronologically. Hence, most existing studies focus on item correlation

modeling with GNNs for a dynamic and timely recommendation. Additionally, although

some efforts apply users’ social networks or historical records as auxiliary information for

SR, modeling the current session is still the mainstream of this research venue. Moreover,

more and more studies attempt to use external information for recommendation. Hence,

a surge of sophisticated model architectures emerges for side-information fusion.

5.3.2 Classification of SR Methods

The taxonomy of existing SR methods is presented in Figure 5.8. In this Chapter, we

summarize the representative solutions as three main categories: i.e., conventional
methods, sequence-based methods, and graph-based methods. The conventional methods

can be further divided into popularity-based methods, e.g., KNN, and matrix factorization.

To be specific, the idea of popularity-based methods, e.g., POP, S-POP, is to recommend

the popular items to users while ignoring the cold start items. As the extension of

popularity-based methods, frequent pattern or association rule mining approaches, e.g.,
FP-tree, are applied, which mine the frequent items and patterns from raw data for

recommendation [199, 276]. As for KNN-based methods [51, 153], they rely on similarity
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Figure 5.8: The categorization of SR approaches. The gray boxes are representative
models for each class.

calculation for recommendation, which can also be divided into item-oriented KNN

and session-oriented KNN. The item-oriented KNN measures the similarity between

a target item and candidates and recommends the closest (i.e., most similar) items to

a user. The session-oriented KNN first selects the most similar sessions via similarity

calculation. Thus, the items from those sessions are collected as candidates for further

recommendation. Matrix factorization is also a mature method for SR, in which a user’s

and items’ latent feature representation are learned from the user-item interaction

matrix for recommendation [139, 187].

Apart from that, the Markov Chain is a prominent recipe in the early stage, which rec-

ognizes the next interaction prediction as a Markov Decision Process (MDP) and learns

a state transfer matrix for recommendation [188, 198, 298]. For instance, FMC [198]

is a pioneering work that extracts sequential patterns to predict the next item based

on Markov models. FPMC [188] models sequential behavior between every two adja-

cent items via the personalized probability transition matrix factorization. Although

the Markov chain achieved remarkable success for SR in the early years, the strong

assumption that the next clicked item only depends on the previous one confines the

development of this method.

Attributed to the powerful ability in feature representation, sequential neural net-

works, e.g., RNN, LSTM, and GRU, are carried out consecutively for SR [81, 179, 217, 232].
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For instance, GRU4REC [81] is the first that apply RNNs to model the session infor-

mation for the next item recommendation, which stacks multiple GRU layers and

applies a session-parallel mini-batch training strategy for performance improvements.

HRNN [179] develops hierarchical RNNs with inter-session information to achieve per-

sonalized session-based recommendations. As a follow-up study [217], Tan et al. enhanced

RNNs by leveraging data augmentation. Hidasi and Karatzoglou [80] proposed a new

class of loss functions combined with modified sampling strategies to improve the perfor-

mance of SR. Guo et al. [68] proposed a Hierarchical Leaping Network (HLN) with Leap

Recurrent Unit (LRU) to decide whether the current item should be skipped or not. Being

endowed with the property of global information modeling, the attention mechanism is

also applied for SR. NARM [126] applies a hybrid encoder with an attention mechanism

to model the user’s sequential behavior and capture the main intentions in the current

session. Liu et al. [149] took a similar idea but replaced the recurrent neural network

with a multi-layer perception (MLP) and proposed STAMP to enhance the influence

of the latest interests in sessions for both long-term and short-term interests capture.

Furthermore, CNN and Causal CNN are proposed to capture n-gram multi-scale features

for item representation and recommendation [205, 285]. Attribute to the remarkable per-

formance achieved by Transformer [224], some researchers elaborated on Transformer

for SR, e.g., Transformer4Rec [52] and BERT4Rec [214]. Other studies, like memory

neural networks [56, 232] and Variational Encoder (VAE), are also explored. For instance,

in [245, 308], the latent variable module is introduced into sequential neural networks

to improve the variation of recommendation. To sum up, we categorize the existing

sequential neural networks with six aspects, as shown in Table 5.1.

Although sequential methods achieve satisfactory performance in SR, they are com-

mitted to the session’s sequential information learning while ignoring the implicit

dependency between items. Consequently, graph-based methods, a more flexible solution

for transition pattern modeling, are accommodated for SR. Owing to the difference in

item representation learning, graph-based methods can further be divided into random

walks and GNNs. For random walk [67, 172], in general, given a series of sessions, an

item-item adjacent graph is constructed first. Then, different random walk strategies

are adopted with unsupervised learning to generate item representations. For instance,

DeepWalk [172] empirically learns a low-rank transformation of a normalized Laplacian

matrix for recommendation. Node2vec [67] learns node representations based on the

word2vec model for recommendation. To balance both the accuracy and scalability of

SR, S-Walk [41] proposes a random walk with a restart strategy to capture inter-session
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Table 5.1: Comparison of representative sequential neural networks concerning six
aspects, including motivation, session, sequential modeling, prediction, loss function,
and datasets.

Motivation Session Sequential
Modeling Prediction Loss Datasets Paper

Repeat Item Current GRU, Att Inner production+softmax CE Dig, Yoo, FM [185]
RNN for SR Current GRU MLP TOP1 Yoo, VIDEO [81]
BERT for SR Current Att Inner production+softmax CE Mov, Steam, Amz [214]

Vanilla Attention for SR
Current Att, GRU Inner production+softmax CE Retail, Yoo [126]
Current Att Inner production+softmax CE Mov, Amz [103]

Multi Interests
Current Variant GRU Inner production+softmax CE Yoo, FM [68]
Current CNN, Att Inner production+softmax CE Dig, Yoo [205]

Long-term and Short-term

User GRU, Att, Gate Inner production+softmax CE Tmall, Oth [32]
Current Att Inner production+softmax CE Yoo, Oth [52]
Current Att Inner production+softmax CE Dig, Retail [287]
Current Att Inner production+softmax CE Dig, Yoo [149]

Loss Function

Current GRU MLP Ranking-max Yoo, VIDEO, Oth [80]
Current Att Cosine+softmax RDM Dig, Yoo, Tmall, Now [86]
Current MLP Inner production+softmax List-wise Ranking Dig [253]
Current Att Inner production+softmax List-wise Ranking Dig, Yoo, Oth [251]
Current Att Inner production+softmax Adaptive weight CE Tmall, Retail [165]

Neighbor Sessions

User GRU MLP TOP1 Xing, VIDEO [179]
User MLP Inner production+softmax CE Tmall [91]
User GRU, Att, MF Inner production+softmax CE Gow, FM [70]
Sharing GRU, KNN MLP CE Yoo [99]
Time Close GRU, Att, Gate Inner production+softmax CE Yoo, FM [232]
Sim (Jaccard) Att Inner production+softmax CE Retail, Yoo [154]
Sim (Cosine) GRU Inner production+softmax CE Dig, Yoo [169]
Sim (Inner Product) RNN, Att Inner production+softmax CE+BPR Dig, Yoo [248]

External Info (Position) Current Att Inner production+softmax CE Mov, Steam [195]
External Info (Attribute) Current Att Inner production+softmax CE Amz, Oth [266]
External Info (Attribute) Current Att Inner production+softmax CE Dig, Oth [197]
External Info (Attribute) Current Att Inner production+softmax CE Amz, Oth [97]
External Info (Future Interaction) Current CausalCNN Inner production+softmax CE Mov, Oth [285]
External Info (Key Words) Current GRU Inner production+softmax CE Oth [151]
External Info (Description) Current GRU MLP CE Mov [174]
External Info (Social Relations) Current Att Inner production+softmax CE Gow, Oth [166]

Illustration of abbreviations:
(1) Motivation:
a) Repeat Item: There is a certain probability that the target item will appear in the current session. Hence, a dedicated module is adopted for repeat item prediction.
b) RNN/Attention/BERT for SR: The pioneering works that apply these models for SR. c) External Info: External information (e.g., position, attributes of items, interaction
information, keywords of items, text description, users’ social information) is introduced as auxiliary signals for SR. d) Multi Interests: As the user’s interests are dynamic
and diverse, a single interest representation vector is insufficient for SR. Therefore, multi-interest representations are proposed. e) Long-term and Short-term: Users’ long-term
and short-term interests should be captured simultaneously for fine-grained intention recognition. f) Loss Function: improving loss functions for SR. g) Neighbor Sessions:
Similar sessions are introduced for SR argumentation.
(2) Neighbor Session:
a) Sharing: the sessions sharing the same items with the current session are considered as neighbor sessions. b) User: a user’s all historical sessions are selected as neighbors
sessions. c) Current: only consider the current session for SR. d) Sim: calculate the similarity between sessions for neighbor session selection. e) Time Close: the sessions
closed in the timeline are selected as neighbor sessions.
(3) Sequential Modeling:
a) Att: variant attention mechanisms. b) Gate: Gate mechanism. c) MF: Matrix factorization.
(4)Datasets:
a) Dig: Diginetica. b) Yoo: Yoochoose (Yoochoose 1/4, Yoochoose 1/64 are the most common for SR). c) Gow: Gowalla. d) FM: Last.FM. e) Retail: Retailrocket.
f) Now: Nowplaying. g) Amz: Amazon. h) Mov: MovieLens. i) Oth: some other less common datasets in SR, e.g., Tianchi, G1 news, CLASS, Delicious, OTTO.

and intra-session relations. In contrast, attributed to the information propagation and

aggregation, GNNs can capture multi-hop contextual information between items for

representation learning. Given that, GNNs demonstrate great superiority against se-

quential neural networks. As introduced in Chapter 5.2.2, based on the variation of

graph structures, they can be divided into intra-session graphs, inter-session graphs,

hypergraphs, heterogeneous graphs, and hybrids. A carefully selected representative

GNN-based method for SR is presented in Table 5.2. In summary, GNNs offer more

expressive representations than sequential models for session data. Sequential neural

networks tend to better capture temporal order but may struggle with complex item-item

dependencies. GNNs are effective in capturing item co-occurrence and relational struc-
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Session Set Graph Neural Network Item Representation Session Representation Probability Distribution

Input Information Propagation Layer Session Representation Layer Prediction Layer

Figure 5.9: The framework of GNNs for SR.

tures but may lose fine-grained sequential patterns. In the following, we will present a

comprehensive framework of GNN-based methods in SR.

5.4 The Framework of GNNs for SR

Encouraged by the powerful ability of GNNs in complicated graph data modeling across

a wide spectrum of applications (e.g., credit default risk prediction [137], traffic predic-

tion [102], drug discovery [122], and multivariate time series imputation [36]), in 2019,

Wu et al. [257] proposed SR-GNN, a pioneering work applying GNN for SR. Since then, a

plethora of GNN-based studies have emerged. In general, the whole process of GNNs

for SR includes five key modules: session selection, graph construction, information

propagation and aggregation, session representation, and target item prediction, shown

in Figure 5.9.

Specifically, given a session set S or a session s, a graph G should be constructed first.

Then, variants of GNNs are designed to obtain the item representation via information

propagation and aggregation. The item representation H will be fed into the session

representation layer SR(·) for session representation generation. Finally, the predicted

item probability ŷ is calculated via inner product for recommendation. This process can

be formalized as below.

H=GNN(X)

S=SR(H)

ŷ=P(S,X)

(5.1)
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Table 5.2: Summarization of representative GNN-based studies with motivation, ses-
sion, graph construction, item representation, session representation, loss function, and
datasets.
Motivation Session Graph Item Rep. Session Rep. Loss Datasets Paper
GNN for SR Sharing Intra GCN, GRU Att CE Dig, Yoo [257]

Historical Info
User Intra GCN,GRU, Att Att CE Xing, Reddit [290]
User Inter, Intra GCN, GGNN Att CE Dig, Retail, Oth [309]

User and Social Info

User Het-Social BiLSTM, GAT Att CE Dig, Tmall [22]
User Het-Social Att, AvgP, Gate Att CE Gow, Oth [31]
User Het-Social GAT Att, Gate CE FM, Xing, Reddit [170]
User&Friends Het-Social LSTM, RNN, Att Att, AvgP, Gate CE Oth [207]
User&Friends Het-Social GCN, GRU, Att Att, CE, Oth Gow, Oth [231]

High-order Connection

Sim (Duplicate) Inter, Intra GCN Att CE Dig, Yoo [305]
Sim (Cosine) Inter, Hyper GCN, GRU Att CE Dig, Yoo, Tmall [100]
Sim (Last item) Inter, Intra GCN, GRU Att CE Dig, Yoo [24]
Current Hyper Att Att CE Dig, Yoo, FM [69, 229]
Current Variant Intra GCN, GRU, Att, Gate Att CE Dig, Yoo [168]
Current Variant Intra GCN, GRU, Att Att CE Dig, Yoo, FM [30]
Current Variant Intra GCN Att CE Dig, Gow, FM [275]
Current Hyper GAT Att CE, Oth Tmall, FM [132]
Current Hyper GAT Att CE, Oth Tmall, FM [132]
Sharing Inter GCN AvgP CE Dig, Yoo, Retail [93]
Sharing Inter, Session GCN, CausalCNN Att, GAT CE Dig, Yoo [277]
Sharing Hyper, Session GCN Att, AvgP CE, InfoNCE Dig, Tmall, Now [261]
Sharing Inter GCN Att CE, InfoNCE Tmall, Retail, Dig [260]
Sharing ϵ-Neighbor Att GRU CE Dig, Yoo, Retail [301]
Sharing Intra, ϵ-Neighbor Routing, RW GRU CE Dig, Yoo [300]
Sharing Intra, ϵ-Neighbor GAT Att CE Dig, Tmall, Now [246]
Sharing Intra, Inter Sparse Att Sparse Att CE Dig, Tmall, Now, Yoo [175]
Sharing Intra, Inter Att, GRU Att CE, InfoNCE, Oth Dig, Tmall, Now [211]

External Info (Behavior)

Current Het-Behavior Att Att CE Dig, Gow, FM [312]
Current Het-Behavior AvgP AvgP CE Yoo, Oth [240]
Current Het-Behavior GCN, GRU, Att Gate CE Oth [286]
Current Hyper GAT, GRU, Att Att CE Tmall, Yoo, FM [200]

External Info (KG)
Current Het-KG GAT, TransR Att CE, BPR Dig, Yoo [292]
All Het-KG, Intra, Inter GAT Att CE Amz, Yelp, Oth [26]

External Info (KG, Behavior) Current Het-KG GCN, GRU, TransH Att CE, BPR Jdata [157]

External Info (Att)
Current Variant Intra, Hyper GAT Att CE Dig, Tmall, Oth [114]
Current Het-Behavior,Het-Attribute GAT Att CE Amz, Oth [27]

External Info (Time, Location) All Het-Spatialtemporal GAT, Att Att CE Oth [131]
External Info (Order) Current Intra GAT, GRU Att CE Dig, Yoo [176]
External Info (Price) Sharing Hyper, Het-Attribute Att, Gate Att, Gate CE Dig, Oth [292]
External Info (Other domain) Sharing Intra, ϵ-Neighbor GAT, GRU Att CE Dig, Yoo, Gow, FM [19]

Multi Interests
Current Intra GGNN, Att, Gate Att CE, Oth Retail, Yoo, Jdata [201]
Current Intra GCN, GRU Att CE, Oth Dig, Yoo, Now [118]
Current Intra GCN, GRU Att CE Dig, Yoo [284]

Efficiency

Sharing Inter, Variant Intra RW RW CE, Oth Dig, Retail, Oth [41]
Sharing Inter, Intra GCN, GRU, RW Att CE Dig, Yoo [55]
Sharing Variant Intra GCN Att CE, InfoNCE Tmall, FM, Retail [171]
User Intra GCN Att CE FM, Gow [177]
Current Intra Att, GRU Att CE FM, Gow, Dig [291]

Illustration of abbreviations:
(1) Motivation:
a) GNN for SR: A groundbreaking work that applies GNN for SR. b) Historical Info, User and Social Info: Introducing neighbor sessions via different strategies e.g., social
network, for SR. c) External Info: Introducing external information e.g., interaction behavior, item’s attributes, time and location, knowledge graph, other domain data, and
order information for SR. d) Multi Interests: Construct multi-interest representations for each user for SR. e) High-order Connection: One-hop connection is insufficient.
Consequently, sophisticated graph structures (e.g., self-loop, shortcuts) are designed for global information or multi-hop information modeling. f) Efficiency: Focusing on
low computational complexity and timely recommendation.
(2) Session Selection:
a) Sharing: the neighbor sessions that contain the same item as the current session. b) User: a user’s all historical sessions are selected as neighbor sessions. c) Current:
only consider the current session for SR. d) Sim: calculate the similarity between two sessions or observe the last item in sessions for neighbor session selection. e) All:
defines all the training sessions as neighbors.
(3) Graph Construction:
a) Intra: Intra-session graph. b) Inter: Inter-session graph. c) Het-Social: Heterogeneous graph with social relations. d) Het-Behavior: Heterogeneous graph with different
interaction behavior types. e) Het-KG: Heterogeneous graph with knowledge graph. f) Het-Attribute: Heterogeneous graph with item correspondent attributes.
g) Het-Spatialtemporal: Heterogeneous graph with time and location. h) Hyper: Hypergraph. i) Session: Introduce the session as a node in graph construction.
j) ϵ-Neighbor: construct a graph based on the ϵ-Neighbor strategy. k) Variant Intra: intra-session graph with a virtual star or self-loop edge and shortcut edge.
(4) Information Propagation and Session Representation:
a) Att: various attention mechanisms. b) AvgP: Average pooling. c) Gate: Gate mechanism. d) RW: Random walk.
(5) Loss Function:
a) CE: Cross-entropy loss. b) Oth: auxiliary loss functions for multi-task learning, e.g, link prediction, matrix learning, ELBO loss for item representation distribution
reconstruction, loss function with regularization term, etc.
(6)Datasets:
a) Dig: Diginetica. b) Yoo: Yoochoose (Yoochoose 1/4, Yoochoose 1/64 are the most common for SR). c) Gow: Gowalla. d) FM: Last.FM. e) Retail: Retailrocket.
f) Now: Nowplaying. j) Amz: Amazon. h) Oth: other datasets in SR, e.g., Wechat, Cosmetics, Aotm, 30music, JD, Trivago, Delicious, Foursquare.
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Table 5.3: The statistical characteristics of commonly used public datasets after prepro-
cessing for SR. # means the total numbers, Avg. calculates the mean value.

Domain Dataset # sessions # interactions # items Avg. session length

E-commerce

Yoochoose7 1,375,128 5,426,961 28,582 3.95
Tmall8 1,774,729 13,418,695 425,348 7.56
Diginetica9 780,328 982,961 43,097 5.12
RetailRocket10 59,962 212,182 31,968 3.54

Music
Last.FM11 169,576 2,887,349 449,037 17.03
NowPlaying12 27,005 271,177 75,169 10.04

Job Position Xing13 91,683 546,862 59,121 5.78
Check-in Gowalla14 830,893 245,157 6,871 4.32

5.5 Datasets, Evaluation Metrics

We first analyze the statistical characteristics of publicly available real-world datasets.

Besides, the evaluation metrics concerning accuracy and diversity are also presented.

5.5.1 Public Datasets

According to the existing studies on SR, we summarize eight popular public datasets that

cover E-commerce, Music and Video, Job Position, and Check-in scenarios. The statistical

characteristics after preprocessing6 are presented in Table 5.3.

• Yoochoose is the dataset of RecSys Challenge 2015, which contains a stream of

user clicks and buy events on an online webshop within six months. Since the set

of Yoochoose is extremely large, the most recent portions 1/64 and 1/4 subsamples

of all sessions are usually used as the training set, denoted as "Yoochoose1/64" and

"Yoochoose1/4", respectively [19, 30, 149, 185, 240, 257].

• Tmall comes from the IJCAI-15 competition, which contains users‚Äô shopping

logs on the Tmall online shopping platform.
6Following existing studies, we filter out all sessions whose length is 1 and items appearing less than

5 times.
7https://www.kaggle.com/chadgostopp/recsys-challenge-2015
8https://tianchi.aliyun.com/dataset/dataDetail?dataId=42
9https://competitions.codalab.org/competitions/11161

10https://www.kaggle.com/retailrocket/ecommerce-dataset
11http://millionsongdataset.com/lastfm/
12https://www.kaggle.com/chelseapower/nowplayingrs
13http://2016.recsyschallenge.com/
14http://snap.stanford.edu/data/loc-gowalla.html
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• Digineitca is a personalized e-commerce research challenge dataset released in

CIKM CUP 2016. The dataset contains transition histories, which are suitable for

session-based recommendation.

• RetailRocket contains user behavior data and item properties collected from a

real-world e-commerce website.

• Last.FM is a music artist recommendation dataset published by Celma et al [79].

• NowPlaying dataset comes from [288] and is created from music-related tweets,

which illustrate the music-listening behavior of users.

• Xing Recsys Challenge 2016 Dataset 15 contains user interactions (click, bookmark,

reply, and delete) on a job posting platform for 770k users over an 80-day period.

• Gowalla encompasses the check-in data and social network information from a

location-based social networking website. It is widely used for point-of-interest

recommendations.

Observing Table 5.3, we could find that the length of sessions in existing public SR

datasets is rather limited. As exemplified by the average/median lengths of sessions,

they are 5.12/4.0 and 3.95/3.0 for Diginetica and Yoochoose, the two most popular session-

based datasets. We assert that there is no clear order dependency between any two

items, suggesting that modeling the items’ correlation with GNNs rather than sequential

information with sequential neural networks may be more appropriate for SR [29].

5.5.2 Evaluation Metrics

Evaluation Metrics for Accuracy. Accuracy aims to measure the alignment of recom-

mendation results and user interests. In general, HR@K (Hit Rate calculated over top-K

items), MRR@N (Mean Reciprocal Rank calculated over top-K items), and NDCG@K

(Normalized Discounted Cumulative Gain calculated over top-K items) are widely used

evaluation metrics for SR performance comparison, where K = 5,10,20 are the most

common settings.

• HR@K. The HR@K measures whether the target item is included in the top-K

recommendations in the recommended list.

(5.2) HR@K= nhit

N
15http://2016.recsyschallenge.com/
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where N is the number of test sessions in the dataset and nhit counts the number

that target items that appear in the top K position of the ranking list.

• MRR@K. The MRR@K is a ranking evaluation matrix. When the target item î is

not in the top K position, the Rank( î) is set to 0. It calculates as follows,

(5.3) MRR@K= 1
N

∑
î∈Stest

1
Rank( î)

where Stest are the set of test sessions. Rank( î) is the position of item i in the

recommendation list. The MRR is a normalized ranking of hits. The higher the

score, the better the recommendation quality.

• NDCG@K. The NDCG estimates the ranking order of the recommendation list.

The same as MRR, if the target item î is not in the top K position, the Rank( î) is

set to 0.

(5.4) NDCG@K= 1
N

∑
î∈Stest

1
log2(Rank( î)+1)

Evaluation Metrics for Diversity. Diversification is first concerned in the informa-

tion retrieval (IR) community, where researchers endeavor to disambiguate the input

query to cover the user’s real intent via diversification optimization [42]. In a recom-

mendation system, diversity is related to how different the recommended items are

from each other [17], which aims to alleviate the filter bubble problem. Consequently,

the recommendation diversity can be identified as the average pairwise dissimilarity

between items in the list. In SR, intra-list diversity, coverage, and their variants are the

most common metrics for diversity measurement [150, 223, 279].

• ILD. Intra-list distance (ILD) measures the average distance between every pair

of items in the recommendation list (RL), which can be formalized as,

(5.5) ILD=
∑

(i, j)∈RL di j

|RL|× (|RL|−1)

where di j is the Euclidean distance of the category embeddings of item i and item

j. |RL| is the number of recommendation items in RL.

• Coverage@K. Coverage@K measures how many different categories appear in the

top-K recommendation items.

(5.6) Coverage@K= ∩i∈RLK Ci

K
where Ci is the category of item i.
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There are other metrics than the ILD coverage, such as long-tail coverage and

relevance-sensitive expected intra-list diversity (RR-ILD). The former measures the

diversity performance in long-tail items, the latter simultaneously considers the ranks

and relevance of top K recommendations in ILD calculation.

5.6 Discussions

Although GNNs and sequential neural networks have greatly advanced SR research,

they face several challenges. Consequently, we outline the following prospective research

directions, which are critical for the SRs further development.

5.6.1 More External Information

Many efforts endeavor to fuse more external information to explore users’ multi-interests

or items’ complicated transaction patterns for SR. However, current approaches necessi-

tate the careful selection of external information to enhance performance. Besides, the

fusion method is also significant for SR. To sum up, we consider that there are two open

issues concerning external information that deserve further discussion.

• What kind of external information is necessary for SR? We divide the external

information into three categories: item-based, interaction-based, and position-

based. Therefore, some of them are costly to model (e.g., item descriptions and user

comments), some are not appropriate for SR (e.g., user personal information as

the sessions are expected to be anonymous in SR), some may not be necessary

(e.g., position or order information [195], since the length of sessions is limited

and there is no clear order dependency between two items). In addition, the useful

information may also vary across different recommendation scenarios. For instance,

for news, book, or music recommendations, users will be interested in the categories

of the items. In contrast, for product recommendations, the item’s brand and price

probability are more effective for SR. Hence, it is important to identify the valuable

external information relevant to practical scenarios.

• How to balance the trade-off between effectiveness and efficiency in fusion methods?
The fusion methods can be various in SR, e.g., embedding addition or concatenation,

self-attention, and gate mechanism. Note that as a straightforward manner for

information fusion, the addition operation will not change the model structure
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and increase numerous external parameters and computations. Nonetheless, this

approach fails to thoroughly exploit external information, thereby limiting the

model’s representation ability. Although concatenation could enhance the represen-

tation ability, it will also dramatically increase the computational complexity and

the number of parameters. In addition, concatenation cannot model the implicit

correlation between any two external information. Recently, self-attention has been

established as an effective method for external information fusion [266], though it

also demands extra parameters and computational costs. Therefore, elegant fusion

methods are expected to balance the trade-off between the representation ability

and computational cost for an effective and efficient recommendation.

• Couple vs. Decouple, which is better for SR? In general, there are three phases for

external information fusion. (1) Fusion first. Most of the studies consider fusing

the external information in the embedding stage. Thus, the external information

and item embedding will couple together for SR. (2) Fusion in process. GNN-based

methods recognize the external information as nodes. Hence, a heterogeneous graph

is constructed, and the external information can be fused based on information

propagation and aggregation. (3) Fusion last. The external information and item

embedding are decoupled and modeled first before being fused. For instance, we

could construct two graphs for both item and external information, capitalizing

on two GNNs for item and external information representation learning, which

will be fused together in the end. Fusing first and then modeling the external

information with a unified framework will limit the capacity of models to extract

implicit features encapsulated in the heterogeneous side information, but it has

a greater advantage in efficiency. In contrast, by decoupling external information

representation with item representation and fusing later, we could fully exploit the

features from different priorities and avoid mixed correlation effects. However, the

computation cost might be unacceptable in a practical scenario.

5.6.2 Session Selection and Graph Construction

As the length of sessions is quite limited, i.e., less than six for most public datasets, many

studies introduce neighbor sessions for graph construction. Therefore, sophisticated

transaction patterns can be captured for SR. Some issues need to be discussed for

neighbor session selection and graph construction.
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• Scalability Graphs in SR. Graph structure is pivotal for GNN-based SR. Large-

scale and complicated graphs are constructed to harness the fertile information

from neighbor sessions, including billions of nodes and edges in practical scenarios.

Besides, each node contains a variety of features. Hence, straightforwardly applying

such a huge graph for information propagation and prediction is nontrivial. To

address this problem, sampling is a widely adopted solution e.g., Graphsage [73])

and PinSage [282]. However, these methods are accompanied by high randomness,

which may incur unstable model training. Consequently, how to design a scalable

graph structure is vital for SR.

• Dynamic Graphs in SR. In the real world, the items and their relations are chang-

ing over time. Graph structures should be adjusted and updated dynamically to

maintain up-to-date recommendations. Most of the existing studies are based on a

static graph structure, few studies pay attention to dynamic graphs. Thus, it is a

largely under-explored realm and deserves further study.

• Self-learning Graph Structure. Obtaining a proper graph structure requires con-

siderable effort, and this process is also heuristic and problem-specific. Moreover,

although recent research [32, 136] has revealed the necessity of modeling the im-

plicit connections between items for SR, most of the existing graph-based methods

can only capture the item relations with a few hops, which cannot explore the im-

plication relations between items thoughtfully. Applying the self-learning strategy

to graph construction is a promising approach to alleviating the above problems,

as showcased in many other tasks [54, 120, 259]. In Chapter 6, we propose a

self-learning graph structure to model the implicit relationships among nodes for

session-based recommendation.

5.6.3 Diverse and Uncertain Representation of User Interests

Despite the superior performance of existing methods in SR, most of the efforts concen-

trate on a single and fixed user interest representation for recommendation and fail to

disentangle the multiple interests of users. Considering the diversity of user interests, a

fixed representation is insufficient and leads to sub-optimal results. In addition, users’

sequential behaviors are uncertain. Therefore, compared with using a single fixed repre-

sentation, it is worthwhile to capture interest diversity, inject uncertainties, and provide

more flexibility for SR.
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• Diverse Representation of User Interests. Rather than learning a single and fixed

user interests representation, some studies aim to extend such a one-fold vector

to multiple vectors with capsule networks or attention mechanism [191] for multi-

interest, short-term and long-term interest, and interest diversity representation.

For instance, Tian et al. [219] apply GCN and capsule network to capture a user’s

multi-level and multi-interest representation for recommendation. Guo et al. [68]

propose a Hierarchical Leaping Network (HLN), which extracts various subse-

quences from the current session. The user’s multi-interest representation can be

captured by learning the representation of each subsequence. Li et al. [118] split

the item embedding into several chunks and apply GGNN for each chunk to learn

user interests representation with multiple factors for SR. [221] uses clustering

technology for similar products to improve the diversity of recommendations. Aside

from multi-interest representation, Li et al. [138] believe the user interest can

be split into interest trend and interest diversity. The former is determined by

her education level, income, and occupation, while the latter is easily impacted by

advertisements or marketing. Therefore, the authors tailored two modules for user

interest trends and diversity modeling. Although some studies focus on multiple

interests representation, it is still in a preliminary stage, and many issues (e.g.,
how to determine the number of interests in an adaptive fashion; how to fuse those

interests representations for SR) need to be further explored.

• Uncertain Representation of User Interests. Compared with vector representation,

distribution representation could inject uncertainties and provide more flexibility,

it has been attracting interest from the research community [10, 77, 213, 226]. For

instance, the item embedding can be initialized as a multi-Gaussian distribution

governed by a mean vector and a covariance vector. The mean vector could reveal

users’ basic preferences, while the covariance vector injects a potential uncertainty.

Fan et al. elaborate to apply distribution representation and Wasserstein Distance
for recommendation [59, 60]. However, there are very few studies focused on this

issue for SR. It will be interesting and valuable to explore uncertain representation

in SR.

5.6.4 Explainability and Privacy Production for SR

Apart from the accuracy, outputs’ explainability, security, and privacy production are also

significant and expected for a good recommendation system. In general, the explanation
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of a recommendation aims to answer ‚Äúwhy‚Äù, that is, why the items are recommended.

An explainable recommendation can improve the transparency and persuasiveness of

systems, boosting the satisfaction and stickiness of users [295]. With the prosperity

of deep learning, sequential and graph-based neural networks behave as black boxes,

making this research more challenging. Investigating the recent efforts, the efforts

in this research area can be divided into two categories: (1) the explanation genera-

tion based on language models [20, 65, 124, 125, 146, 270] knowledge graphs [63, 264]

or image visualizations [33], and (2) the explainability of deep learning model struc-

tures [33, 297]. However, very few studies [160, 255] focus on the explainability of SR.

As for privacy production in recommendation, the user’s historical interaction records

encompass privacy information such as gender, age, and even political orientation, which

can be inferred by the recommender system [314]. It is inappropriate to request such

private, specific historical interactions for recommendation. Recently, attempts have

resorted to unlearning strategies that eradicate the sensitive data in model training to

tackle this problem [12, 267]. Overall, it is an interesting and promising topic for future

research in SR.

5.6.5 Streaming or Online SR

As discussed in 5.6.2, in a real-life situation, sessions are dynamically produced as a

stream, while most of the relevant work elaborates on training the recommendation

system with the historical sessions, which preserve the users’ static interests. Applying

a static model for new sessions might be irrational as users’ preferences change over

time. Therefore, it is a challenge to effectively learn users‚Äô dynamic and real-time

preferences for better SR. Existing research [70, 177] maintains a reservoir to update

the model for an online recommendation. Specifically, the reservoir can be the incoming

sessions containing new items or new users. Then, for each session, a sample probability

is generated via Wasserstein distance (also known as Earth Mover’s Distance [190])

or ranking-based distance [239]. After that, the sampling distribution is applied to

update the reservoir. Thus, the model can be updated promptly based on the updated

reservoir. However, the above methods heavily rely on the sampling strategy and distance

computation, which is also expensive, making it difficult to balance the trade-off between

effectiveness and efficiency. To overcome this issue, some studies [130, 262, 263] propose

lightweight model architectures based on model compression techniques, such as low-

rank decomposition, hash coding, and quantization. However, these solutions require a

pre-defined fixed compressed ratio to retrain, leading to sub-optimal results when the
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ratio is inappropriate. Effectively capturing users’ dynamic preference changes to make

real-time recommendations is a promising direction.

5.6.6 Causal Debias and Denoise in SR

Due to the exposure mechanism, popularity effects, and the feedback loop in the recom-

mendation system, bias and noise problems become serious and heavily deteriorate the

recommendation effectiveness [21]. To explain the relations between a cause and effect,

causality-based methods, e.g., causal inference, and causal graph, are a major solution to

provide explanations and debias for recommendation system [145, 237, 250, 269, 273,

283, 296, 304]. Although there are limited studies specializing in this issue on SR, the

causal model will bring SR research into a new frontier.

5.6.7 Reinforcement Learning for SR

Unlike supervised and unsupervised learning, reinforcement learning [108] focuses

on goal-directed learning that maximizes the total reward achieved by an agent when

interacting with its environment. Hence, it is a potential and prominent solution to model

interactions between the user and agent, capture rapid changes in users’ preferences,

and realize dynamic recommendations. Recent years have witnessed significant progress

of reinforcement learning in recommendation systems [35, 144]. Specifically, we could

maintain and update a corresponding recommendation policy by modeling the user’s

interaction behaviors as a real-time decision-making process. For instance, in [203], the

authors treated music playlist generation as a language modeling process, Thus, an

attention-based language model with the policy gradient is applied for recommendation.

Wang et al. [233] propose a method named knowledge-guided reinforcement learning

(KERL), which integrates knowledge graphs into reinforcement learning. Specifically,

KERL adopts TransE [11] with the MLP layer to predict future knowledge of user

preferences and recommendations. Overall, the studies with reinforcement learning for

SR could be summarized as (1) simulating users’ interaction in sessions for dynamic

and timely recommendations, (2) capturing the interest shift of users, (3) filtering the

noise in sessions, and (4) selecting the valuable items for SR. However, model-free deep

reinforcement learning requires lots of samples, as the received state is not guaranteed

to be useful. In SR, the sessions are very short, accompanied by an extremely large action

space (i.e., number of items); thus, it will require more high-quality samples to cover the
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exploration space, which hinders the further development of reinforcement learning in

SR.

5.6.8 SR with Language Model

Encouraged by the remarkable success of large language models (LLMs) in NLP, utiliz-

ing language models for recommendation has recently become cutting-edge. Prompt or

in-context learning and parameter-efficient fine-tuning (PEFT) are prominent solutions

in this venue. For instance, Wang and Lim [230] design different prompting strategies to

investigate the performance of GPT-3 [109] for next-item prediction. Along this line of

research, Hou et al. [88] devise various prompting templates and formalize the sequential

recommendation as a conditional ranking task. TALLRec [6], applies LoRA [90] to effec-

tively fine-tune LLaMA [220] on recommendation datasets. M6-Rec [50] obtains M6 [142],

a visual-linguistic pre-trained model, as the backbone and proposes an improved prompt

tuning, named option tuning, for task-specific parameter fine-tuning. Apart from that,

to alleviate the hallucination and improve the quality of outputs, retrieval-augmented

generation (RAG) technology has become ubiquitous in LLM [64], where the external

knowledge can be retrieved as auxiliary information to guide the LLM for generation.

In recommendation with LLM, based on the user’s historically interacted items, RAG

is employed as a retriever for candidate selection or reranking [53, 289]. [16, 43] show

that RAG is facilitated to address the cold-start problem and enhance the diversity of

recommendations. However, few efforts explore the application of LLM and RAG in SR,

leaving this research direction to be cultivated.

Unlike the auto-regressive generation strategy applied by LLMs, diffusion models

establish a new paradigm for generative tasks and achieve remarkable success across

a broad spectrum of applications [37, 46, 134, 272]. Overall, the diffusion model can

be split into two stages: a diffusion stage that aims to corrupt the original input as a

Gaussian distribution and a reverse stage that aims to iteratively recover the data from

a Gaussian noise conditioned on the input. Diffurec [134] is the first work that applies

diffusion for sequential recommendation. Besides, some studies explore the diffusion

model in CTR prediction [238], multi-scenario recommendation [242]. However, no work

has investigated the performance of the diffusion model in SR. Besides, the discrete

embedding space and the time cost in the reverse stage also impede its application in

online recommendation. Despite the drawbacks, diffusion models represent an uphill

research area and are promising for SR.
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5.6.9 Diffusion Model in SR

As a new paradigm of generation method, diffusion models achieve remarkable success

in a wide range of tasks, such as computer vision, natural language processing, speech

synthesis recommendation systems [46, 134, 272]. Overall, the diffusion model can be

split into two stages: the diffusion stage aims to corrupt the original input as a Gaussian

distribution, and the reverse stage where to recover the data from a Gaussian noise

iteratively conditioned on the input. Theoretical underpinnings demonstrate that the

diffusion model can acquire better generation in both quality and diversity against GAN

and VAE methods [83, 206]. Diffurec [134] is the first work that applies diffusion for

sequential recommendation. Specifically, the authors consider user and item representa-

tion as a Gaussian distribution for user multi-interest and item multi-aspect modeling,

and the diffusion process is incorporated for representation generation. Attributed to the

diversity of the reverse process, the diversity of the recommendation results can also be

enhanced. In addition, some works explore the diffusion model in CTR prediction [238],

multi-scenario recommendation [242]. However, the discrete embedding space and the

time cost in the reverse stage impede the widespread application of the diffusion model

in online recommendation. The diffusion model is an uphill research area, and I believe

it will have a promising future in SR.

5.7 Conclusion

In this Chapter, we provide a comprehensive overview of GNNs and sequential neural

networks for session-based recommendation. We first introduce the preliminaries and

different graph structures in SR for easy reading. Then, we summarize the main focusing

problems for SR in recent works and the typical solutions to tackle these challenges.

Besides, a systematic classification, unique features, and a detailed comparison of GNNs

and sequential neural networks, including the key motivations, main methods, and

datasets, for SR are proposed. Moreover, the categorization scheme of relevant studies

and their characteristics is also introduced. The statistical characteristics of public real-

world datasets and a comparison of representative modules in terms of complexity and

performance are introduced. Finally, we outline the challenges and future directions in

this research field.
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6
DUAL GRAPH NEURAL NETWORKS FOR SESSION-BASED

RECOMMENDATION

6.1 Introduction1

Session-based recommendation focuses on capturing users’ short-term interests from

sessions rather than exploring their rich historical interactions or modeling users’ long-

term interests [234]. It has shown significant advantages in dynamic and real-time

recommendations. Existing session-based recommendation methods are mainly sequence-

based or graph-based. Sequence-based methods view items in a session as a sequence and

predict the next item with which users may interact. For example, Markov Chain-based

methods [188, 198] map the current session into a Markov Chain and then infer the

user’s next action solely based on the last item in the session. Deep learning models

like RNN, GRU, and LSTM [80, 81, 179, 217] are increasingly applied to session-based

recommendation, given their outstanding feature representation ability. Several studies,

e.g., NARM [126], SHAN [281], STAMP [149], and Transformers4rec [52], further apply

attention mechanisms to distinguish the importance of items and capture user intentions

in session-based recommendation. Graph-based methods rely on graph structures to

represent relationships among items and aggregate the auxiliary information to improve

performance. The graphs can be intra-session or inter-session. The former only considers

the item relations within a single session [30, 69, 168] while the latter considers more
1This Chapter is based on our published work: Exploiting explicit and implicit item relationships for

session-based recommendation.
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than one session in the same recommendation problem [246, 305].

Sequential models generally become ineffective when dealing with short sessions,

which widely exist [29, 176]. For example, the average and median lengths of sessions in

a popular session dataset, Diginetica2 are only 4.80 and 4.00. The lengths are 3.97 and

3.00 for another dataset, Yoochoose3. Besides, recent studies reveal that the ordering

relationship between items in sessions may not be as effective for recommendation [29,

176]. Owing to the property of item correlation and multi-hop contextual information

modeling within sessions, graph neural networks emerge and achieve remarkable success

in session-based recommendation. Specifically, graph-based methods rely on problem-

specific designs of graph structures to achieve good performance. Although predefined

graphs contain prior domain knowledge, they may be incomplete or even unavailable

due to the existing graph-based methods’ focus on modeling explicit dependencies while

neglecting the implicit relationships, which are proven equally important [32, 257].

To close this gap, we aim to leverage the explicit dependencies and dynamic correla-

tions among items as reflected by sessions simultaneously for an effective session-based

recommendation. To this end, we propose a novel Dual Graph Neural Network (DGNN),

which models explicit dependencies and implicit correlations between items separately

for node representation and next-item prediction. Decoupling explicit dependencies and

implicit correlations could provide extra flexibility for model training [266] and improve

interpretability through visualization. Here, we use examples (Figure 6.1, detailed in

Chapter 6.2) to illustrate the distinctions of our approach from previous approaches in

the graph structure.

In a nutshell, we make the following contributions in this work:

• To the best of our knowledge, we are the first to decouple explicit and implicit

relationships among items in a holistic approach for effective session-based recom-

mendation.

• We propose an adaptive graph neural network (A-GNN) to capture the implicit

correlations between items in a self-learning strategy. This allows the graph struc-

tures to dynamically change during model training to accommodate the evolution

of users’ preferences.

• We present a novel graph neural network with a single gate (SG-GNN) to harness

the explicit ordering (or sequential dependencies) of items in an inter-session
2http://cikm2016.cs.iupui.edu/cikm-cup
3http://2015.recsyschallenge.com/challege.html

78

http://cikm2016.cs.iupui.edu/cikm-cup
http://2015.recsyschallenge.com/challege.html


6.2. PROBLEM FORMULATION

Figure 6.1: The upper half shows different graph structures for modeling item relation-
ships in an example of three sessions. (b) applies shortcuts and self-loops (denoted by
red dotted lines) to each session to capture long-range dependencies [30]; (c) creates a
virtual item (i0) to connect all the items in each session [168]; (d) illustrates all item
relationships across all sessions with a single graph [268]; (e) groups items (e.g., accord-
ing to their brands) and builds a hypergraph based on items’ co-occurrence in the same
sessions [261]. The lower half showcases our proposal of decoupling explicit and implicit
item relationships for an example of two sessions.

graph.

• Our extensive experiments on four real-world datasets demonstrate that our model

outperforms several baselines and state-of-the-art methods.

6.2 Problem Formulation

Let I = {i1, i2, i3, ...iN} be the set of items, where N is the number of items. Each session

s = [i1, i2, i3, ..., io] consists of a sequence of interactions ik ∈I (1≤ k ≤ o) related to one

user. Suppose we embed each item i ∈I into the same space and denote by xi ∈Rd the
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representation of item i. Therefore, the representation of the item set is denoted by

X ∈RN×d.

Given a session s, session-based recommendation aims to predict the next click

item is,m+1. Our model generates probabilities ŷ for all possible items based on the

input session s. Each element’s value of the vector ŷ is the recommendation score

of the corresponding item. The items with the top-k recommendation scores will be

recommended as the model’s output.

Graph for explicit dependencies. As shown in Figure 6.1(f), given a session set

S , we denote the relationships between all adjacent items in S via an inter-session

graph (dynamic global graph) G s = (V ,E ), where V and E indicate the set of nodes and

edges, respectively. Each node represents an item in the session. For an edge e ∈ E , it

could be represented by an ordered tuple (vi,v j) (vi,v j are adjacent items in sessions)

which indicates the edge points from node vi to node v j. Hence, we define an explicit

dependency from vi to v j. The connectivity among the whole graph is represented by an

adjacency matrix As ∈RN×N with As
i j ̸= 0 iff (vi,v j) ∈ E and As

i j = 0 iff (vi,v j) ∉ E , where N
is the total number of nodes. In addition, the adjacent matrix As is normalized following

Ãs = Aij
s/

∑
j Aij

s. Hence, the inter-session graph could model the explicit dependency

between items.

Graph for implicit correlations. As shown in Figure 6.1(g), given a session set S , we

could also construct a global graph G g = (V ,E ). We add an edge between any pair of nodes

in G g to indicate an implicit correlation. The element Ag
i j in an adjacency matrix Ag

represents the correlation between item i and item j, which can be learned and adjusted

dynamically by A-GNN. To decrease the time and space complexity, we construct a global

graph for all the sessions in a batch, i.e., the sessions from the same batch will share the

same global graph.

6.3 Methodology

The overall architecture of our proposed approach (Figure 7.2) consists of four major com-

ponents: an adaptive graph neural network for implicit information aggregation and node

representation (Chapter 6.3.2), a graph neural network with a single gate for explicit in-

formation aggregation and node representation (Chapter 6.3.3), a session representation

layer (Chapter 6.3.4), a prediction layer and the loss function (Chapter 6.3.5).
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Figure 6.2: Architecture of DGNN.

6.3.1 Overview

Our framework works as follows. First, it constructs an inter-session graph. Specifically,

we collect an item set based on neighbor sessions from one batch, and convert every item

vi ∈ V into a unified low-dimensional embedding space X. Then, the item embedding is fed

into a dual graph neural network (A-GNN and SG-GNN) to capture implicit and explicit

item relationships. The fusion layer fuses the updated item representation X̃ from those

two modules. Finally, our soft-attention mechanism obtains session representations s
and a softmax function generates the next item’s prediction probability ŷ. We formulate

the above process as follows:

X(m)
A-GNN =A-GNN(X+X(1)

A-GNN + ...+X(m−1)
A-GNN,Ag)

X(l)
SG-GNN =SG-GNN(X(l−1)

SG-GNN,Ãs)

X̃=F(X(m)
A-GNN,X(l)

SG-GNN)

s=SR(X̃)

ŷ=P(s,X)

(6.1)

where X(m)
A-GNN is the item representation of A-GNN with m blocks. X(l)

SG-GNN is the item

representation of SG-GNN after l convolution layers. F(·),SR(·),P(·) are the representa-

tion fusion layer, session representation layer, and prediction layer, respectively.

6.3.2 A-GNN Module

The adaptive graph neural network (A-GNN) module aims to capture implicit corre-

lations between any of two items dynamically with a self-learning strategy for item
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representation. To achieve this goal, A-GNN employs multi-head correlation, formulated

below,

Qi =XWQ
i , Ki =XWK

i , Vi =XWV
i

Ag
i =Dropout(tanh(QiKT

i ))

XA-GNNi =Ag
i Vi

XA-GNN =Dropout(ReLU([XA-GNN0 ||...||XA-GNNk ])WM)

(6.2)

where X ∈RN×d is the item embedding, XA-GNN is the item representation generated by

A-GNN, and As is the adjacency matrix of the dynamic global graph. Each element of Ag,

say Ag
i j, represents the correlation between item i and item j. WQ

i ,Wk
i ,WV

i ,WM are all

learnable parameter matrices. || is a concatenation operation, and k is the head number

(in this Chapter, we set k = 4). Compared with existing self-attention mechanisms [224],

A-GNN replaces softmax with a tanh function to cope with non-positive correlations

between items. It also differs from GAN [225] in obtaining the correlations between any

pair of items rather than with the neighboring items.

We stack multiple A-GNN blocks to enhance the model’s representation capacity. As

such, each module takes all the previous blocks’ outputs as input:

(6.3) X(m)
A-GNN =A-GNN(X+X(1)

A-GNN + ...+X(m−1)
A-GNN,Ag)

where A-GNN(·) denotes the A-GNN block, m is the number of A-GNN blocks, and

X(i)
A-GNN is the i-th block’s output. A-GNN’s final output is the representation of the last

block M, i.e., X(M)
A-GNN.

6.3.3 SG-GNN Module and Fusion Layer

The graph neural network with a single gate (SG-GNN) module aims to leverage the

explicit dependencies among items as reflected by the sequential information in sessions.

To this end, SG-GNN aggregates the information of neighbors into the center node via a

gate mechanism for representation update:

J=XWJ , P=XWP , Z=XWZ

R= ÃsJWR , U= ÃsJWU

XSG-GNN =P+ReLU(R+Z)⊙U

(6.4)

82



6.3. METHODOLOGY

where Ãs is the normalized adjacency matrix (defined in Chapter 6.2). WJ , WR, WZ,

WP , WU are learnable parameter matrices. The gate mechanism controls how much

information from neighbors is considered for updating the node representation.

We apply multi-layer graph convolution as described below. In particular, we use item

embedding X as the first layer’s input. SG-GNN’s final output is the last layer’s item

representation X(L)
SG-GNN.

(6.5) X(l)
SG-GNN =SG-GNN(X(l−1)

SG-GNN,Ãs)

Given implicit and explicit representations of items from A-GNN and SG-GNN, we

fuse them using a linear projection, thus obtaining the final item representation X̃ as

follows.

(6.6) X̃= [X(M)
A-GNN||X(L)

SC-GNN]WF

where WF ∈R2d×d is a learnable parameter matrix.

6.3.4 Session Representation Layer

We use local and global representations of sessions to capture users’ short-term and long-

term preferences. Given a session s = [i1, i2, ..., im], we assume users’ current preference

can be reflected by the last item im, following previous research [257]. We thereby

use the representation of the last-clicked item im as the session’s local representation,

i.e., sl = x̃m. As for the global representation of sessions s, sg, we generate it based on

the representations of all items in the session. Specifically, we employ a soft-attention

mechanism to fuse the information from all items while taking into account their varied

importance:

αi =qTσ(W1x̃m +W2x̃i +c)

sg =
m∑

i=1
αix̃i

(6.7)

where qT , x̃i ∈Rd and W1,W2 ∈Rd×d are all learnable parameters. α controls the weights

of item representations.

Finally, we concatenate the local and global representations via a linear transforma-

tion to obtain the final session representation s:

(6.8) s= [sl ||sg]W3

where matrix W3 ∈R2d×d compresses two combined representation vectors into the latent

space Rd.

83



CHAPTER 6. DUAL GRAPH NEURAL NETWORKS FOR SESSION-BASED
RECOMMENDATION

6.3.5 Prediction Layer and Loss Function

We calculate item scores ẑ ∈RN as the inner production of item embedding X and session

representation s:

(6.9) ẑ= sTX

Then, we apply a softmax function to the scores for next-item prediction. This will

generate probabilities indicating how likely each item would be the next to be clicked by

the user:

(6.10) ŷ= softmax(ẑ)

For each session, we define the loss function as the cross-entropy of the prediction

and the ground truth:

(6.11) L (ŷ)=−
n∑

i=1
yi log(ŷi)+ (1−yi)log(1− ŷi)

where y is the one-hot encoding of the ground-truth item.

6.4 Experiments

We report our experimental setting, including datasets, baselines, evaluation metrics,

and an analysis of experimental results. We aim to answer the following questions:

• RQ1. How does the DGNN perform compared with state-of-the-art (SOTA) session-

based recommendation methods?

• RQ2. How do different sub-modules in the DGNN affect recommendation perfor-

mance?

• RQ3. How do hyperparameter settings influence model performance?

• RQ4. How is the model interpretation capability of DGNN?

6.4.1 Datasets

We conducted experiments on four real-world datasets commonly used for session-based

recommendation.
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Table 6.1: Statistics of datasets

Diginetica Yoochoose1/64 Yoochoose1/4 Gowalla Last.FM
#clicks 981,620 557,248 8,326,407 1,122,788 3,835,706

#train sessions 716,835 369,859 5,917,745 675,561 2,837,644
#test sessions 60,194 55,898 55,898 155,332 672,519

#items 42,596 16,766 29,618 29,510 38,615
#length ≤ 5 537,546 289,490 4,234,915 627,100 1,136,909
#length >5 239,483 136,267 1,738,734 203,793 2,373,254

Average length 4.80 6.16 5.71 4.32 9.16

• Diginetica is a personalized e-commerce research challenge dataset from CIKM

CUP 2016. The dataset contains transition history, which is suitable for session-

based recommendation. Following [19, 30, 149, 185, 257], we used the sessions in

the last week for testing.

• Yoochoose is a dataset that contains a stream of user clicks on an e-commerce

website within six months from the RecSys Challenge 2015. We conducted the

typical method in [19, 30, 149, 185, 240, 257] to split the dataset. Since the training

set of Yoochoose is extremely large, we used the most recent portions, 1/64 and 1/4

subsamples of all training sessions as the training set, denoted as "Yoochoose1/64"

and "Yoochoose1/4", respectively.

• Gowalla is a popular dataset widely used for point-of-interest recommendation.

Following [19, 30, 69], we kept the top 30,000 most popular locations and grouped

users’ check-in records into disjoint sessions by splitting intervals between adjacent

records that are longer than one day. We used the last 20% of sessions as the test

set.

• Last.FM is a music artist recommendation dataset. Following [19, 30, 69, 185], we

kept the top 40,000 most popular artists and treated users’ transactions in 8 hours

as a session. Like Gowalla, we used the most recent 20% of sessions as the test set.

Following [19, 30, 69, 185, 257], we filtered out sessions of length 1 and items appear-

ing less than 5 times. Furthermore, for each given session s = [i1, i2, ..., im], we generated

the input and corresponding labels, i.e., ([i1], i2), ([i1, i2], i3), ..., ([i1, i2, ..., im−1], im), for

all the datasets. Table 6.1 summarizes the statistics for the datasets.

85



CHAPTER 6. DUAL GRAPH NEURAL NETWORKS FOR SESSION-BASED
RECOMMENDATION

6.4.2 Baselines and Evaluation Metrics

We chose 11 baselines from five categories of methods: conventional methods (e.g.,

popularity- and Nearest Neighbors (NN)-based methods), sequence-based methods in-

cluding Markov Chain and sequential neural networks, graph neural networks with

intra-session graphs and inter-session graphs, as listed below:

• POP is a simple benchmark that recommends the most popular (highest ranked)

item for users.

• Item-KNN [193] recommends items through the similarity between every item of

the current session and the other items.

• FPMC 4 [188] combines the first-order Markov Chain with matrix factorization to

capture both sequential effects and user preferences.

• GRU4Rec5 [81] employs a gated recurrent unit to model the sequential behavior

of items in a session.

• NARM6 [126] improves GRU4Rec by introducing RNN with attention to session-

based recommendation.

• SR-GNN 7 [257] models explicit dependencies within a session via a graph neural

network and then applies a soft-attention mechanism to generate session-level

embeddings.

• SGNN-HN [168] applies a star graph neural network to model the complex transi-

tion relationships between items without direct connections in an ongoing session.

• LESSR 8 [30] introduces two kinds of session graphs with self-loops and shortcuts

to capture implicit connections and solve the information loss and long-range

dependency problem.

• MSGIFSR 9 [69] proposes a consecutive intent unit to extract user intent from

different granularities based on different item groups in the current session. It

achieves the latest SOTA in the above four datasets.
4https://github.com/khesui/FPMC
5https://github.com/hidasib/GRU4Rec
6https://github.com/lijingsdu/sessionRec_NARM
7https://github.com/CRIPAC-DIG/SR-GNN
8https://github.com/twchen/lessr
9https://github.com/SpaceLearner/SessionRec-pytorch
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• GC-SAN [268] gets local context information by using GGNN and then utilizes a

self-attention mechanism to capture explicit dependency.

• GCE-GNN [246] considers ϵ-neighbor (ϵ = 2) connections to construct an inter-

session graph for session-based recommendation.

We evaluated all models with two widely used metrics: HR@20 (Hit Rate) and

MRR@20 (Mean Reciprocal Rank). HR@20 represents the proportion of correctly recom-

mended items among the top 20 items. MRR@20 is the average reciprocal rank of the

correctly-recommended items. The reciprocal rank is set to 0 when the rank exceeds 20.

6.4.3 Experimental Setup

For a fair comparison, we followed [69, 168, 257] and selected the Adam optimizer with

the initial learning rate of 0.001, which will decay by 0.5 after every five epochs. We set

the L2 regularization to 10−5 and used an early stopping strategy (no improvements in

the evaluation metrics for five consecutive epochs) to relieve the overfitting problem. We

initialized all parameters using a Gaussian distribution with a mean of 0 and a standard

deviation of 0.1. We fixed both the embedding dimension and batch size at 100. For the

GC-GNN module, the number of layers varied within {1,2,3,4}. For the A-GNN module,

the block number was within the scope of {4,5,6}. We tested the dropout ratio within {0.1,

0.5, 0.9}.

6.4.4 Overall Comparison (RQ1)

Our comparison results (Table 7.1) show our method (DGNN) significantly outperformed

all the baselines, which is largely attributed to the two modules’ capability to capture

more accurate and complete user preferences—while SG-GNN can effectively integrate

the explicit information from neighbors through the improved graph convolution oper-

ation, the self-learning dynamic graph can learn implicit correlations between items,

which are equally important for improving the recommendation performance. In particu-

lar, DGNN outperformed state-of-the-art (SOTA) performance by a large margin, i.e., a

115.29% improvement, on Last.FM, which contains longer sessions when compared with

other datasets. This reveals the ability of graph neural networks to handle prediction

tasks on long-range sessions when equipped with explicit and implicit item relationship

modeling.
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Table 6.2: Experimental results (%) on the four datasets. The best results are high-
lighted in boldface, and the second-best results are underlined. * denotes a significant
improvement of DGNN over the best baseline results (t-test P<.05).

Model
Diginetica Yoochoose 1/64 Yoochoose 1/4 Gowalla Last.FM

HR@20 MRR@20 HR@20 MRR@20 HR@20 MRR@20 HR@20 MRR@20 HR@20 MRR@20
POP 0.89 0.28 6.71 1.65 1.37 0.31 1.46 0.38 5.26 1.26

Item-KNN 37.75 11.57 51.60 21.81 52.31 21.70 38.60 16.66 14.90 4.04
FPMC 26.53 6.66 45.62 15.01 51.86 17.50 29.91 11.45 12.86 3.78

GRU4Rec 29.45 8.22 60.64 22.89 59.53 22.60 41.98 18.37 17.90 5.39
NARM 49.70 16.00 68.32 28.63 69.73 29.23 50.07 23.92 21.83 7.59

SR-GNN 50.73 17.78 70.57 30.94 71.36 31.89 50.32 24.25 22.33 8.23
SGNN-HN 55.67 19.45 72.13 32.60 73.52 32.63 55.28 27.58 25.07 9.40

LESSR 51.71 18.15 70.59 31.46 72.67 33.12 51.34 25.49 23.37 9.01
MSGIFSR 57.11 20.05 73.13 33.50 74.01 33.74 56.64 29.02 27.63 10.86
GC-SAN 51.70 17.61 70.66 30.04 71.83 30.93 50.68 24.67 22.64 8.42

GCE-GNN 54.02 19.04 70.91 30.63 71.40 31.49 53.96 24.53 24.39 8.63
DGNN 67.65* 27.89* 75.85* 34.09* 76.90* 36.02* 58.51* 30.40* 47.17* 23.38*
Improv. 18.46% 49.10% 3.72% 1.76% 3.90% 6.76% 3.30% 4.76% 70.72% 115.29%

Deep learning methods performed significantly better than traditional methods (e.g.,

POP, Item-KNN, and FPMC), demonstrating their superior complex feature extraction

and representation ability. NARM outperformed GRU4Rec because NARM can not

only capture the latent sequential information in sessions (as GRU4Rec does) but also

learn item correlations via the attention mechanism. GNN-based models generally

outperformed sequence-based methods, showing the importance of session graphs in

representing transition relationships between different items. MSGIFSR designs various

granular intent units to model the implicit and multi-granular relationships among

items, thus achieving the latest SOTA for session-based recommendation. This suggests

the necessity and significance of designing sophisticated modules to capture implicit

correlations between items for session-based recommendation.

6.4.5 Ablation Study (RQ2)

To verify the effectiveness of A-GNN and SG-GNN in DGNN, we removed or replaced

one of these modules from DGNN to analyze the performance change.

• MLP-SR: replaces A-GNN and SG-GNN with one MLP layer with ReLU activation

function. The session representation layer, prediction layer, and loss function

remain the same as in DGNN.

• w/o SG-GNN: removes SG-GNN from DGNN.

• w/o
∑

: removes the accumulated operation in A-GNN and only feeds the output of

the latest block into the next block for implicit correlation modeling.
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Table 6.3: Results (%) of ablation experiments.

Datasets MLP-SR w/o A-GNN w/o SG-GNN w/o
∑

w Self-Att w GGNN DGNN

Diginetica
HR@20 58.60 53.26 49.67 50.54 50.83 64.22 67.65

MRR@20 20.77 17.71 16.50 17.44 16.54 25.14 27.89

Yoo 1/64
HR@20 70.07 71.28 68.10 73.23 70.68 69.25 75.85

MRR@20 30.53 30.87 28.68 32.21 30.84 28.90 34.09

Yoo 1/4
HR@20 70.23 74.97 69.88 69.45 75.24 76.64 76.90

MRR@20 31.02 33.41 30.32 30.78 33.38 35.99 36.02

Gowalla
HR@20 51.73 52.62 49.47 55.31 50.70 59.27 58.51

MRR@20 25.12 25.63 23.75 26.59 24.37 28.85 30.40

LastFM
HR@20 21.98 23.89 21.06 23.39 23.21 38.12 47.17

MRR@20 8.13 9.09 7.74 9.02 8.91 17.47 23.38

Table 6.4: Time and Space Complexity. We set the size of learnable parameter matrices
to the dimension of the item embedding d, and the size of graphs to N ×N for SG-GNN
and GGNN.

Module Number of Parameters FLOPs
GGNN d× (11d+8) 2d× (2N +11d)

SG-GNN d×5d 2d× (2N +5d)

• w Self-Att: replaces A-GNN with a multi-head self-attention module [224] and

only uses the representation from the last block for implicit correlation modeling.

• w GGNN: replaces SG-GNN with the GGNN module in SR-GNN [133, 257].

Our results (Table 7.2) show that MLP-SR beats all sequential models on all datasets

except LastFM, which contains much longer sessions than other datasets. The reason

lies in that a naive MLP layer could be sufficient for capturing the global information

from shorter sessions, while sequential models might be more efficient in handling longer

sessions. All modules were shown to be effective, given that removing any of them would

drastically degrade the performance.

DGNN outperformed many baselines (e.g., SR-GNN, LESSR, GC-SAN) even without

A-GNN, which is impressive, considering SG-GNN only contains half the number of

parameters and floating point operations (FLOPs) in SG-GNN (refer to Table 6.4). The

performance of DGNN significantly decreased when a self-attention module replaced

A-GNN. But changing the information aggregation modules (SG-GNN to GGNN) did

not notably impact the results. This indicates that A-GNN is robust to the graph neural

networks for explicit dependency modeling as an auxiliary module for session-based
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Figure 6.3: Parameter sensitivity of the number of A-GNN blocks and IP-GNN layers.

recommendation. After removing the accumulated operation in A-GNN (w/o
∑

), we

observed a significant drop in the performance of DGNN. But still, A-GNN beats self-

attention even without the accumulation operation. Therefore, we conclude both the

output of previous blocks in A-GNN and the tanh activation function are critical to our

approach.

6.4.6 Impact of Hyper-parameter Setting (RQ3)

We studied two parameters, the number of A-GNN blocks and the number of SG-GNN

layers, in this experiment. Our results (Figure 6.3) show that a moderate number (neither

too large nor too small) of A-GNN blocks generally resulted in better performance. An

exception is with the Yoochoose dataset, which is extremely large and contains complex

transaction patterns. Since the sampled sub-datasets (namely Yoochoose 1/64 and

Yoochoose 1/4) cannot fully cover the (original) entire dataset’s features, more A-GNN

blocks and SG-GNN layers enhance the feature extraction capability to model such

complex transaction patterns. Since SG-GNN can obtain the global information from the

whole dynamic graph with one convolution operation, a larger number of multiple graph

convolution layers will result in smoother item representations, which could negatively

affect DGNN’s performance.
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Figure 6.4: (a) and (b) are the representations of session A:{7951,7952,4999,7952,305}
and session B:{4999,7951,7952,305,7952} generated by GRU4Rec and DGNN. (c) visual-
izes the adjacency matrices in A-GNN at epochs 0, 4, and 8, respectively.

6.4.7 Visual Analysis of A-GNN (RQ4)

Session representation. We retrieved two random sessions from the diginetica dataset

to explore the impact of sequence information on session representation. The two sessions

contained the same items in a different order. We selected a typical sequential neural

network, GRU4Rec, as well as our method, DGNN, to generate the session representa-

tions. Our results (Figure 6.4a-b) show that GRU4Rec generated similar representations

for session A and session B. These representations, however, significantly differ from

the representations output by DGNN. It suggests that sequential neural networks, e.g.,

GRU4Rec, may not capture the sequential information in sessions as effectively as our

GNN-based approach.

Implicit Correlation. We visualized the global graph adjacency matrices in A-GNN at

Epoch 0, Epoch 4, and Epoch 8, to better understand the evolution of implicit correlation

between items during the training process. Our results (Figure 6.4 c) revealed that

the correlation between any two items was similar at the beginning (Epoch 0). As

the training progressed, the correlation between item 305 (ground truth) and 499,

7952 (previously interacted items) increased while the correlation between 305 and

2022, 1997 (negative samples randomly selected from the item set) dropped steadily.

The above results demonstrate that the adjacency matrix in A-GNN can successfully

distinguish positive implicit correlations from weak or negative ones between items. This

validates our assumption of the existence of implicit correlations between items, with

the correlations between items within the same sessions tending to be positive and those

between irrelevant items being negative.

Item Representation. We visualized the item representations generated by a self-

attention module and A-GNN to offer further insights into the superior effectiveness
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Figure 6.5: Item representations of (a) self-attention and (b) A-GNN on S 1 (two-
dimensional space). Alignment analysis: the histograms show the distributions of
l2 distance between the representations of item pairs, where the black dotted lines
indicate the mean distances. Uniformity analysis: the other plots in subfigures show
the distributions of item representations with Gaussian kernel density estimation (KDE)
in R2 (top-right) and with von Mises-Fisher (vMF) KDE on angles (bottom-right), i.e.,
arctan2(y, x) for each point (x, y) ∈S 1. The darker the color, the denser the distribution
in the top-right plots. Item representations generated by A-GNN are more aligned (lower
l2 distances) and uniform (evenly distributed).

of A-GNN over the self-attention module in implicit correlation modeling. We consider

two key properties in contrastive learning [236] for our visualization task: (1) alignment
(closeness) of item representations from item pairs; (2) uniformity of the induced dis-

tribution of the (normalized) item representations on the hypersphere. We randomly

selected 5,000 item representations generated by the self-attention module and A-GNN

for the Diginetica dataset, respectively. Then, we calculated the l2 distance of any two

items to plot the frequency distribution histogram. We further visualized the normalized

item representation distribution with Gaussian kernel density estimation (KDE) in R2.

Figure 6.5 shows the above results. Comparing the l2 distance distributions of item pairs’

representations obtained by the self-attention module (the histogram in Figure 6.5a)

and A-GNN module (the histogram in Figure 6.5b), we observed that A-GNN resulted

in a smaller mean distance (black dotted line) than self-attention, indicating the item

representations generated by A-GNN were more closely clustered. A comparison of other

diagrams in Figure 6.5 suggests that A-GNN could obtain a more uniform item repre-

sentation distribution on S 1. The above analysis implies that a uniform and aligned

distribution of item representations could benefit session-based recommendation.
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6.5 Conclusion

In this work, we propose to decouple the modeling of explicit dependencies and implicit

correlations among items for session-based recommendation. We present a dual graph

neural network (DGNN), where a GNN with a single gate (SG-GNN) captures the explicit

dependencies as reflected by the ordering of items in sessions, and an adaptive GNN (A-

GNN) learns implicit correlations between any two items adaptively with a self-learning

strategy. Our extensive experiments demonstrate the superiority of DGNN to SOTA on

four public datasets. Besides, A-GNN is shown to generate a more uniform and aligned

distribution of item representations. As we split the batch in a random manner, the

adaptive graph will be different in each training process. Thus, the results are somewhat

unstable. In future research, we will explore how to construct an effective and efficient

adaptive graph for robust performance.
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TAIL ITEMS IN SEQUENTIAL RECOMMENDATION

7.1 Introduction1

Sequential recommendation aims to recommend the next item the user prefers based on

the historical interaction sequences. Early studies focus on the Markov chain method,

which models a user behavior sequence as a Markov Decision Process (MDP) for next-

item prediction [188, 198]. Given the promising results of deep neural networks in

a variety of tasks, many studies seek to apply GRU, LSTM, Transformer, and their

variants to sequential recommendation [81, 103, 214]. Among those techniques, graph

neural networks, diffusion methods, and contrastive learning have attracted increasing

attention in sequential recommendation research [128, 134, 257, 265]. Recently, natural

language processing (NLP) and computer vision (CV) applications have witnessed the

great success of large pre-training models. This inspires emerging studies on applying

LLMs or LVMs to sequential recommendation [66, 87]. As examples, UnisRec [87] and

Recformer [123] follow a similar procedure: they first pre-train a language model via

item text (e.g., title, categories, brands) on source domains and then fine-tune it on target

domain data for making recommendations. P5 [65] is another paradigm that defines the

sequential recommendation as a next-token generation task; it fine-tunes LLMs with

prompt engineering for next-item prediction. Based on P5, VIP5 [66] further incorporates

image representation as the embedding for sequential recommendation. For image-

1This Chapter is based on our published work: Reembedding and Reweighting are Needed for Tail
Item Sequential Recommendation.
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based or hybrid sequential recommendation (which leverages both text and images),

the majority of studies [66, 76, 252] adopt LLMs or LVMs to obtain items’ text and

image representations. Afterwards, a dedicated cross-attention module is employed for

representation fusion. In view of the immense computational cost and memory footprint

of LLMs-based or LVMs-based recommenders, MMMLP [140] only applies MLP layers

as the backbone for sequential recommendation. Other studies use tailored adapters for

parameter-efficient fine-tuning and recommendations [6, 143].

Extensive studies have shown that the abundant external knowledge encapsulated in

the LLMs or LVMs could enhance item representations for better performance. However,

those large models suffer more significant performance degradation in tail item recom-

mendation against ID-based methods, and this issue is largely overlooked in existing

research, hindering their applicability to long-tailed data. As an example, Figure 7.1 (left)

shows the highly skewed and long-tailed item distribution of Amazon dataset, where

80% item set has fewer than 17 user interactions and only 5% items have more than 50

interactions. Figure 7.1 (right) further compares the performance of image-based 2 and

ID-based 3 recommendations, showing the image-based model performs poorly on tail

items despite its superior overall performance to the ID-based model.

We establish that existing LVMs/LLMs-based models face significant challenges

preserving high performance on tail items in sequential recommendation, i.e., only very

few head items receive vast attention while the majority of items (a.k.a., tail items) are

unpopular and attract very limited interactions. Firstly, the CE loss focuses exclusively

on increasing the likelihood of the target item (ground-truth) while treating all non-

ground-truth items as equally incorrect [85, 156], i.e., all-in ground-truth. However, user

preferences may vary across items and inherently require differentiated optimization

efforts; moreover, tail items might be sufficiently optimized when compared with popular

items; further, some non-ground-truth items might still be preferred by users, provided

they are exposed to the users. The insufficient optimization of tail items is reflected in

Figure 7.1 (left), where the average embeddings of popular items (with more interac-

tions) are more distinct and sharper; in contrast, the average embeddings of tail items

(with very few interactions) tend to be uniform. Secondly, although the item representa-

tions derived from LLMs/LVMs encompass enriched knowledge, such prior knowledge

2We use the item image representation generated by CLIP (https://huggingface.co/openai/
clip-vit-large-patch14.) as the initial item embedding and train a Transformer-based model with the
cross-entropy loss for recommendation.

3We use item ID as embedding and train a Transformer-based model with the cross-entropy loss for
recommendation.
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encapsulated in these representations could dominate optimization directions. Since

recommendation models rely more on the knowledge of LLMs and LVMs than on the

collaborative filtering signals learned from historical records, such external knowledge

transfer may adversely impact the models, causing performance degradation on tail

items, i.e., knowledge transfer tax.

The tail item problem widely and chronically exists in online services, incurring

popularity basis and impairing recommendation performance. Existing efforts to tackle

this problem mainly focus on introducing auxiliary information to enhance item repre-

sentations, especially tail item presentations, for sequential recommendation. Tyipcal

auxiliary information include assistance relationships from head-item [98, 106, 152],

similar items [271] or similar sequences [92], and semantic information from LLMs [148],

LVMs [9] or knowledge graph (KG) [299]. Despite the above efforts, the improvement

is rather limited for image-based recommendation, leaving the issue underexplored.

Moreover, none of them provide a theoretical discussion to investigate the underlying

causes or propose a solution to address the issue.

Figure 7.1: The left part illustrates the long-tailed distribution of items in the Amazon
dataset, where the blocks in the background represent the average embedding of items
with different interaction counts. It shows 80% items have fewer than 17 interactions (to
the left of the red dashed line), and tail item embedding possesses a more uniform-like
distribution due to insufficient training. The right part shows that the image-based
model achieves superior overall performance but performs worse than the ID-based
model on tail items.

To address the above issues, we propose R2Rec, a simple yet efficient approach based

on reweighting and reembedding for the sequential recommendation. Specifically, we

first reinitialize the tail item embedding using a standard Gaussian distribution to avoid
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the negative effect of external knowledge transfer. Then, we incorporate a reweighting

function in the vanilla cross-entropy (CE) loss. The function adaptively adjusts score

distribution during training, pushing the model towards paying more attention to tail

items. As such, it considers both recommendation accuracy and diversity on tail items,

enforcing nuanced optimization and alleviating the issue caused by insufficient training

on tail items. This function formulation is potentially comparable to the preference

alignment algorithms (e.g., RLHF [167], DPO [183]), which are designed to guide the

model toward recommending tail items in LLMs.

In a nutshell, we make the following contributions in this work:

• We first explore the all-in ground-truth and knowledge transfer tax issues with

LLM/LVM-based recommenders. We also provide a mathematical analysis to in-

vestigate the performance degradation of LLM/LVM-based recommenders on tail

items from those two perspectives.

• We propose a simple yet effective approach, R2Rec„ which reinitializes tail item

embedding and reweights the CE loss adaptively during model training to address

the above-identified issues.

• We conducted extensive experiments on three real-world datasets to demonstrate

the advantages of our approach in promoting tail item preferences. The results

show our proposed method outperforms all the 14 baselines and improves the

recommendation performance on tail items by a large margin.

7.2 Methodology

7.2.1 Problem Statement

Sequential Recommendation. Let the user set and item set be u ∈ U and i ∈ I ,

respectively. Given a chronologically organised sequence of historically interacted items of

user u, i.e., su = [i1, i2, ..., iℓ], sequential recommendation aims to predict the probability

that user u will be interested in item i at the next step ℓ+1, i.e., P(iℓ+1|s)=Qθ(iℓ+1|s),

where Qθ(·) is a sequential recommendation model parameterized by θ.

The predominant method to estimate θ is to train model Qθ on a vast corpus of

historical interaction sequences using maximum likelihood estimation. Given the target

item distribution P, the objective of model training is to minimize the cross-entropy
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between P and Qθ, as formalized below:

(7.1) LCE(P,Qθ)=−Eiℓ+1∼P [logQθ(iℓ+1|s)]

7.2.2 Deficiency of CE Loss and Text-based or Image-based
Embedding

All-in Ground-truth. Following the standard CE loss specified in Eq. (7.1), we derive

the gradient cross-entropy with regard to model parameters θ as follows:

(7.2) ∇θLCE(P,Qθ)=−Eiℓ+1∼P [
∇θlogQθ(iℓ+1|s)

logQθ(iℓ+1|s)
]

According to Eq. (7.2), when minimizing CE loss via gradient descent, Qθ is encour-

aged to assign a high probability to the target item (ground-truth), i.e., high likelihood

items under P shall also have high likelihood under Qθ [85, 186]. In contrast, the re-

maining non-ground-truth items will not receive any explicit activation for optimization

during the training. It is both undesirable and unreasonable in practice: firstly, the non-

interacted items might still be a potential target, i.e., it may just be that they haven’t

been exposed to the user in the past; secondly, not all non-ground-truth items should be

considered equal. Ideally, the training should reward potential candidates by increas-

ing their probabilities to varying degrees rather than penalize them by reducing their

probabilities to zero. These deficiencies in the CE loss hinder the model from achieving

accurate and diverse recommendations [135].

Knowledge Transfer Tax. When the training process is sufficient, the external knowl-

edge encapsulated in image/text-based embedding could enhance item representations,

improving recommendation performance. For tail items, however, owing to the limited in-

teraction records, the prior knowledge in embeddings may dominate the training process

and optimization directions of the model, inducing performance degradation. Specifically,

given the historical sequence s, let P(i|s) be the predicted probability distribution of item

i, which can be estimated by the model Qθ(i|s), i.e., P(i|s) =Qθ(i|s). Suppose Pc(i|s) is

the probability distribution of item i predicted based on the knowledge from LLMs or
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LVMs. We have

P(i|s)=
Pc(i|s) · P(i|s)

Pc(i|s)∑
k∈I Pc(k|s) · P(k|s)

Pc(k|s)

=
Pc(i|s) · P(s|i)

Pc(s|i) · P(i)
Pc(i) · Pc(s)

P(s)∑
k∈I Pc(k|s) · P(s|k)

Pc(s|k) · P(k)
Pc(k) · Pc(s)

P(s)

=
Pc(i|s) · P(s|i)

Pc(s|i) · P(i)
Pc(i)∑

k∈I Pc(k|s) · P(s|k)
Pc(s|k) · P(k)

Pc(k)

= ζc(s)P(i)P(s|i)∑
k∈I ζc(s)P(k)P(s|k)

(7.3)

Deep neural networks typically apply a softmax function to the negative log-likelihood

to obtain the optimization objective during model training. As such, we could derive the

loss function from Eq. (7.3) and Eq. (7.1) as follows:

LCE(P,Qθ)=LCE(P,P(i|s))=−Ei∼P [logP(i|s)]

=−Ei∼P [log
exp(ζc(s)+P(i)+P(s|i))∑

k∈I exp(ζc(s)+P(k)+P(s|k))
]

(7.4)

where ζc(s)= 1
Pc(s) . Generally, this term does not significantly impact the training process

as the external knowledge from the pre-trained embedding contains limited information

relevant to the sequence s. However, in tail-item prediction, the values of P(i) and

P(s|i) are significantly smaller due to the lower occurrence of tail items in the dataset,

causing ζc(s) to dominate the loss function. In this case, the model will rely more on the

prior knowledge from LLMs or LVMs instead of the collaborative patterns learned from

sequences for recommendation, which, in turn, impairs the recommendation performance

on tail items.

7.2.3 R2Rec, Framework

The framework of our proposed R2Rec, is depicted in Figure 7.2, which consists of

three main components: (1) the image-based transformer backbone for a sequential

recommendation, (2) the reweighting function incorporated with the CE loss and (3) the

embedding (incl., reembedding) operation applied on tail items.

Image-based Recommendation. In R2Rec„ we adopt the vanilla Transformer [224]

as our backbone. For the prediction layer, we apply a linear projection operation that

leverages the updated representation of the sequence‚Äôs final item, which encapsulates

the information of the entire sequence, to predict the next item for recommendation. We

obtain the corresponding image of the input item and apply the CLIP 5 image encoder
5https://huggingface.co/openai/clip-vit-large-patch14
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Figure 7.2: Framework of R2Rec,. It adopts Transformer as the backbone (left) and
includes two key modules (right), i.e., Reembedding and Reweighting.

(CLIP-Img) [182] as the embedding layer for item representation initialization. It is

formalized as follows:

x1,x2, ...,x� =CLIP-Img(i1, i2, ..., i�)

h1,h2, ...,h� = ImgRec(x1,x2, ...,x�)

y�+1 =WhT
�

(7.5)

where [i1, ..., i�] and [x1, ...,x�],xk ∈ R1×d are the item image and the correspondent

image-based embedding generated by the CLIP. [h1, ..,h�],hk ∈ R1×d are the updated

item representation generated by the transformer. y�+1 ∈RN×1 is the predicted target

item scores at step �+ 1, N is the total number of items. W ∈ RN×d is a learnable

parameter matrix. The predicted scores will generally undergo a softmax function to

obtain the probability and then be fed into the CE loss for model optimization.

Reembedding Operation. Following Eq. (7.4), the external knowledge encapsulated

in the tail item embeddings will dominate the model optimization directions and hurt

the model performance. Consequently, a straightforward recipe is to reinitialize the

text-based or image-based tail item embeddings as a standard Gaussian distribution

(i.e., x∼N (0,1)) and train them from scratch. This process can be formalized below,

(7.6) xi =




CLIP-Img(i) if i ∉ITL

∼N (0,1) otherwise
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Reweighting Function. As discussed in Chapter 7.2.2, the standard CE loss treats

all the items as equal. This is inappropriate as the tail items are the minority in the

training samples and can not receive sufficient training. Consequently, we propose an

efficient reweighting function that adaptively adjusts the predicted probability, optimiz-

ing the training process to pay more attention to the tail items. Formally, the CE loss

incorporated with the reweighting term can be defined as follows:

LRCE(P,Qθ)=−Eiℓ+1∼P [log f (Qθ(iℓ+1|s))]

=−Eiℓ+1∼P [logQθ(iℓ+1|s)Γ(iℓ+1,Qθ(iℓ+1|s))]

=− ∑
i∈I

P(iℓ+1|s)logQθ(iℓ+1|s)Γ(iℓ+1,Qθ(iℓ+1|s))

s.t
∑
i∈I

Qθ(iℓ+1|s)= 1 ∀s ∈S ;
∑
i∈I

Γ(iℓ+1,Qθ(iℓ+1|s))= 1

(7.7)

where Γ(·) ∈RN×N is the reweighting function. Intuitively, the reweighting function is

required to (1) be the function of Qθ; (2) assign larger weight to the tail items and in turn

decrease the weight of the head items and (3) the weight distribution should be adjusted

dynamically during the model training, i.e., with different weights applied at each epoch.

Therefore, we formalize the reweighting function Γ j(i,Qθ( î|s)) at j-th training epoch as:

Γ j(i,Qθ( î|s))= exp(η j(i,Qθ( î|s))/τ)∑
i∈I exp(η j(i,Qθ( î))/τ)

(7.8)

η j(i,Qθ( î|s))=


η j−1(i,Qθ( î|s))+αp if i ∈ { î j−1

1 , ..., î j−1
k } and i ∈ITL

η j−1(i,Qθ( î|s))−αr if i ∉ { î j−1
1 , ..., î j−1

k } and i ∈ITL

αb others

(7.9)

where i is the ground-truth and { î j−1
1 , ..., î j−1

k } are the top-K item list at the ( j−1)-th

training epoch predicted by the model Qθ. We set K = 5. ITL are the tail item set.

αp,αr,αb are the plenty, reward, and base factors. We set αp =αb = 1 and αr = 0. τ is a

temperature factor to control the shape of the distribution, we set τ= 0.5. We initialize

the η0 = 1 at the beginning of the training epoch.

Training Process. The full training process is summarized in Algorithm 1. Compared to

the standard training process, we introduce only two additional operations: reembedding

at the first item embedding layer and reweighting at the final loss function calculation

stage. Therefore, our method can be easily adapted to a wide range of recommendation

models with minimal modifications.
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Algorithm 1: R2Rec, Traning Process
1: Input:
2: Image-based historical sequence: [i1, · · · , iℓ];
3: Ground-truth probability: Pℓ+1;
4: Tail item set: ITL;
5: CLIP image encoder: CLIP-Img(·);
6: Transformer-based backbone ImgRec: Qθ(·);
7: Reweighting function: Γ(·);
8: Learning epochs: T;
9: Optimizer: AdamW(·);

10: Output:
11: Predicted target item: îℓ+1;

12: while j < T do
13: [x1, ...,xℓ] =CLIP-Img(i1, .., iℓ); // Embedding initialization
14: x j ∼N (0,1), i j ∈ITL;// Reembedding
15: LRCE(Qθ([x1, ...,xℓ]),P,Γ);// RCE loss, Eq. (7.7) to 7.9
16: θ ←AdamW(LRCE,θ); // Parameter update
17: j = j+1;
18: end while

7.2.4 Discussion

We discuss the properties of the proposed reweighting function, providing insights

into its advantages over the standard cross-entropy loss, particularly with respect to tail

items during optimization.

More Precise Optimization. The CE loss is demonstrated to be the ground-truth

first, as it treats all non-ground-truth equally, providing no supervised signal for their

optimization. To amend this problem, we proposed RCE loss, incorporating a reweighting

function to CE loss. Considering the gradient of general RCE formalizes with respect to

model parameters θ, we have:

∇θLRCE(P,Qθ)=−Eiℓ+1∼P [log∇θQθ(iℓ+1|s)Γ(iℓ+1,Qθ(iℓ+1|s))]

=− ∑
i∈I

log∇θQθ(iℓ+1|s)Eiℓ+1∼P [Γ(iℓ+1,Qθ(iℓ+1|s))]
(7.10)

From Eq. (7.10), we can observe that the model gradients ∇θ will be updated under

the supervision of the reweighting function Γ(·), which is defined across all the items.

Therefore, all the items will participate and contribute to the model optimization process.

By designing different Γ(·), we can modulate the attention assignment to items. In
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contrast to the CE loss, RCE endows a more nuanced optimization due to the availability

of diverse supervisory weights for all items.

Connection with Direct Preference Optimization (DPO). DPO is one of the

most popular offline preference optimization methods used for preference alignment in

LLMs [183]. Instead of learning an explicit reward model [167], DPO algorithm optimizes

the policy in a straightforward manner by reparameterizing the reward function r(·)
using a closed-form expression in a supervised manner:

(7.11) r(x, y)=βlog
πθ(y|x)

π(re f )(y|x)
+βlogZ(x)

where πθ(·|x) and πref(·|x) are the policy model and reference model, respectively. β is the

coefficient of the partition function or the normalizing constant Z(x).

By incorporating the reward function (Eq. (7.11)) into the Bradley-Terry (BT) ranking

objective formula [14],

(7.12) p(yw ≻ yl |x)= 1
1+exp(r(yw)− r(yℓ))

=σ(r(x, yw)− r(x, yℓ))

We can cancel out the partition function Z(x), resulting in the objective of DPO with

reverse KL divergence below:

−E(x,yw,yℓ)∼D

[
logσ

(
βlog

πθ(yw|x)
πref(yw|x)

−βlog
πθ(yℓ|x)
πref(yℓ|x)

)]
(7.13)

where σ(·) is the sigmoid function. yw and yℓ are preference pairs consisting of the

approved (win) response and refused (lose) response with regard to the input x.

Based on the DPO function, we define β= 1, thus, the Eq. (7.13) can be expressed

below:

−E(x,yw,yℓ)∼D

[
logσ

(
log

πθ(yw|x)
πref(yw|x)

− log
πθ(yℓ|x)
πref(yℓ|x)

)]
=−E(x,yw,yℓ)∼D

[
logσ

(
log

1
πθ(yℓ|x)

∗πθ(yw|x)
)](7.14)

As the original DPO only models the pairwise preference comparison (i.e., πθ(yw|x)

and πθ(yℓ|x)), instead, we consider all the possible outputs and therefore replace 1/πθ(yℓ|x)

as the reweighting function Γ(y,πθ(y|x)), which can also control the preference alignment

based on the plenty or reward factors. Moreover, we replace the σ as softmax function.

Therefore, the Eq. (7.14) can be rewritten into

−E(x,y)∼D

[
log

πθ(yi|x)γ(yi,πθ(yi|x))∑
yj∈Y πθ(yj|x)γ(yj,πθ(yj|x))

]
=−Ey∼P [logQθ(y|x)Γ(y,πθ(y|x))]

(7.15)
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From this perspective, our reweighting function can be recognized as a preference

alignment strategy, steering the model to prioritize tail item outputs.

Pre-trained knowledge from different domains could facilitate the model per-
formance via transfer learning. Given a sequence s, the target item of prediction

is i, we define the probability that the model can make the correct prediction based on

the knowledge from k-th source domain is P( fk(i|s))= 1−ϵ, where ϵ is the probability of

errors. Assuming each source domain is independent and the error probabilities are the

same, then we have,

(7.16) P(H(n)≤ m)=
m∑

i=0
C i

n(1−ϵ)iϵn−i

where H(n) is the number of source domains that can share auxiliary knowledge to assist

the model in making the correct prediction. n is the total number of source domains.

Based on the Hoeffding’s inequality [84], we have,

(7.17) P(H(n)≤ (p−δ)n)≤ exp(−2δ2n)

Let δ= (1−2ϵ)
2 ,m = n

2 , we substitute Equation 7.17 with Equation 7.16,

(7.18) P(H(n)≤ n/2)≤ exp(−1
2

n(1−2ϵ)2)

Note that as the number of source domains (i.e., n) increases, the probability that

more than half of the domains contribute useful information to aid the model in making

accurate predictions increases. Therefore, we believe the transferred knowledge from

cross-domains can enhance the model’s performance in downstream tasks.

7.3 Experiments

We conduct extensive experiments over three real-world datasets against fourteen base-

lines for performance evaluation. Overall, we aim to answer the following questions:

• RQ1. How does the overall performance of R2Rec, and its performance on tail items

compare with state-of-the-art sequential recommendation methods?

• RQ2. How do tailored reweight and reembedding operations applied in R2Rec,

affect its performance?

105



CHAPTER 7. TAIL ITEMS IN SEQUENTIAL RECOMMENDATION

• RQ3. How do different hyperparameter settings affect the performance of R2Rec,

on three datasets?

• RQ4. How do item embeddings evolve throughout the various phases of model

training?

7.3.1 Datasets and Evaluation Metrics

Datasets. We select three subcategories, i.e., Beauty, Toys, and Sports, from Amazon

datasets6 [161] for performance evaluation, as they contain enriched item information

(e.g., item title, description, and image, and so on) and user information (e.g., user

ratings and reviews, and so on). All of these datasets are widely used in sequential

recommendation. Following previous works [9, 66, 103], we recognize the user-item

ratings as interactions, and the items and users with fewer than five interaction records

are removed. For each user, we organize the filtered interactions chronologically based on

the timestamp and adopt the leave-one-out strategy for the training dataset, validation

dataset, and testing dataset split, i.e., given a sequence s = [i1, i2, ..., iℓ+1], we gather the

most recent interaction iℓ+1 for model testing, the penultimate interaction iℓ for model

validation, and the remains [i1, i2, ..., iℓ−1] for model training. We set the maximum

sequence length as 10 for all the datasets. Based on the Pareto principle [13] as the

criteria, we set the ratio as 20% to curate the tail item.

Evaluation Metrics. We apply two popular recommendation metrics, HR@N (Hit Rate)

and NDCG@N (Normalized Discounted Cumulative Gain), for performance evaluation.

The HR@N measures how many hits are present within the top-N recommended list,

which reveals the capability of models in recall. NDCG@N further evaluates the model

ranking performance by considering the ranking position of these hits in the list. We set

N = 5 and N = 10 to compare the experimental results of our R2Rec, with the baseline

models. Due to the negative sampling evaluation will incur a distinct gap against the

practical scenario when the size of negative samples is small [111], we take all the items

as candidates for performance comparison.

7.3.2 Baselines and Implementation Details

Baselines. We select three categories of methods, including (1) convention ID-based

models; (2) image-based models, text-based models, and image-text-based models; and (3)
6https://nijianmo.github.io/amazon/index.html
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tail-item-oriented methods, for a comprehensive performance evaluation. These methods

are highly relevant to our research.

• ID-based Models. We select GRU4Rec7 [81], Caser8 [218], SASRec9 [103],

S3-Rec10 [310], the four representative ID-based methods for performance evalu-

ation, covering three mainstream neural network architectures, i.e., GRU, CNN,

and Transformer.

• Text-based and Image-based Models. We include two text-based models (i.e.,

UniSRec11 [87] and P512 [65]), two image-based models (i.e., MM-Rec−13 [252]

and MMMLP−14 [140]) and three multi-modality (image and text) models (i.e.,

MM-Rec, MMSBR15 [293], and MMMLP). All of them are committed to obtaining

the item image or text representation via vision and language models and then

dedicating representation fusion modules (e.g., cross-attention) for recommenda-

tion.

• Tail Item Oriented Models. We compare our R2Rec, against three tail item se-

quential recommendation solutions, i.e., CITES [98], MELT16 [106], and MAN [141].

To tackle the challenge of tail item recommendation, all of them endeavor to in-

troduce more auxiliary information from, e.g., head items, context items, and

cross-domains, for representation enhancement.

Implementation Details. We apply the AdamW optimizer with the learning rate of

5e−4 and adopt the warm-up strategy with a step ratio of 0.1. We set the multi-head

numbers as 16 and the block numbers as 1. Furthermore, we set the hidden size of

Transformer blocks as 768, the same as the embedding size. The dropout ratio is 0.8,

and the batch size is 128. As for the hyperparameter τ in the reweighting function, we

set τ= 0.5 and further analyze the efficiency within the scope of 0.1 to 1. We compare

7https://github.com/hidasib/GRU4Rec
8https://github.com/graytowne/caser
9https://github.com/kang205/SASRec

10https://github.com/RUCAIBox/CIKM2020-S3Rec
11https://github.com/RUCAIBox/UniSRec
12https://github.com/jeykigung/P5
13"-" means the text modeling module is removed from raw models.
14https://github.com/Applied-Machine-Learning-Lab/MMMLP
15https://github.com/Zhang-xiaokun/MMSBR
16https://github.com/rlqja1107/MELT

107

https://github.com/hidasib/GRU4Rec
https://github.com/graytowne/caser
https://github.com/kang205/SASRec
https://github.com/RUCAIBox/CIKM2020-S3Rec
https://github.com/RUCAIBox/UniSRec
https://github.com/jeykigung/P5
https://github.com/Applied-Machine-Learning-Lab/MMMLP
https://github.com/Zhang-xiaokun/MMSBR
https://github.com/rlqja1107/MELT


CHAPTER 7. TAIL ITEMS IN SEQUENTIAL RECOMMENDATION

Table 7.1: Overall performance on the three datasets. The best results are highlighted in
boldface, and the second-best results are underlined. "−" means the text modeling module
is removed from raw models and only uses image information for recommendation. -txt
and -img denote item text, and item image information is considered, respectively, for
embedding initialization and recommendation. † means cross-domain transfer learning
is applied. ▲% means improvement (%) against the best results excluding the R2Rec,
variants. * denotes a significant improvement over the best baseline results (t-test P<.05).

Dataset Amazon Beauty Amazon Toys Amazon Sports
HR@5 HR@10 NDCG@5 NDCG@10 HR@5 HR@10 NDCG@5 NDCG@10 HR@5 HR@10 NDCG@5 NDCG@10

GRU4Rec 0.0164 0.0283 0.0099 0.0137 0.0097 0.0176 0.0059 0.0084 0.0129 0.0204 0.0086 0.0110
Caser 0.0232 0.0394 0.0149 0.0201 0.0202 0.0329 0.0121 0.0162 0.0130 0.0222 0.0079 0.0108
SASRec 0.0327 0.0626 0.0240 0.0323 0.0454 0.0655 0.0301 0.0375 0.0172 0.0325 0.0089 0.0138
S3-Rec 0.0387 0.0647 0.0244 0.0327 0.0443 0.0700 0.0294 0.0376 0.0251 0.0385 0.0161 0.0204
UniSRec 0.0476 0.0734 0.0263 0.0331 0.0455 0.0713 0.0254 0.0337 0.0264 0.0457 0.0143 0.0220
P5 0.0494 0.0690 0.0394 0.0412 0.0619 0.0716 0.0312 0.0425 0.0290 0.0381 0.0168 0.0215
MM-Rec- 0.0377 0.0546 0.0224 0.0279 0.0596 0.0779 0.0336 0.0405 0.0279 0.0404 0.0162 0.0201
MMMLP- 0.0313 0.0494 0.0211 0.0269 0.0215 0.0338 0.0147 0.0187 0.0157 0.0267 0.0100 0.0136
MMSBR 0.0331 0.0557 0.0201 0.0273 0.0299 0.0476 0.0183 0.0240 0.0182 0.0318 0.0116 0.0160
MMMLP 0.0526 0.0754 0.0382 0.0448 0.0588 0.0812 0.0436 0.0488 0.0320 0.0448 0.0219 0.0263
MM-Rec 0.0381 0.0552 0.0227 0.0282 0.0603 0.0783 0.0338 0.0414 0.0294 0.0419 0.0174 0.0215
MELT 0.0221 0.0428 0.0118 0.0184 0.0284 0.0491 0.0144 0.0211 0.0170 0.0289 0.0103 0.0141
CITIES 0.0487 0.0695 0.0355 0.0422 0.0570 0.0751 0.0426 0.0484 0.0278 0.0417 0.0190 0.0235
MAN 0.0535 0.0715 0.0398 0.0456 0.0606 0.0769 0.0449 0.0502 0.0311 0.0430 0.0223 0.0262
R2Rec,-txt 0.0538 0.0739 0.0398 0.0462 0.0622 0.0807 0.0464 0.0524 0.0287 0.0384 0.0204 0.0235
R2Rec,-img 0.0545 0.0801 0.0402 0.0489 0.0637 0.0867 0.0469 0.0539 0.0315 0.0479 0.0225 0.0276
R2Rec,-img† 0.0559∗ 0.0806∗ 0.0412∗ 0.0490∗ 0.0641∗ 0.0875∗ 0.0474∗ 0.0559∗ 0.0327∗ 0.0491∗ 0.0229∗ 0.0287∗

▲% 4.49% 6.90% 3.52% 7.46% 5.78% 7.76% 5.57% 11.35% 2.19% 9.60% 2.69% 9.13%

text-based17, image-based, and image-based cross-domain transfer learning18, three

R2Rec, variants to fully verify the effectiveness of our proposed method.

7.3.3 Overall Performance (RQ1)

Overall Performance. The overall comparison results of our R2Rec against other

baselines are shown in Table 7.1. Based on the results, we could make the following

observations: (1) ID-based solutions can also acquire competitive results; (2) text and

image information can further improve the model performance; (3) tail-item-centered

models can acquire comparable performance across all the solutions; (4) Our R2Rec

variant model, i.e., incorporating cross-domain transfer learning, achieves the best

results on all three datasets, demonstrating the effectiveness of the proposed method.

Tail Item Performance. Figure 7.3 depicts the tail item performance on three datasets.

Compared to the ID-based model, the tail item performance shows varying degrees of

17We extract item titles with a maximum of 10 tokens as the corresponding text information and apply
the CLIP text encoder for item embedding initialization.

18We first pre-train the backbone on Amazon Pantry, Amazon Clothing, and Amazon Magazine datasets.
Then, fine-tune it on the target domain.
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Figure 7.3: Tail item performance. R2Rec, superiors to other baselines by a large margin.

Table 7.2: Item performance on the three datasets. The best results are highlighted in
boldface, and the second-best results are underlined. "−" means the text modeling module
is removed from raw models and only uses image information for recommendation. "w/o"
and "w." mean with and without the specific module. † means cross-domain transfer
learning is applied.

Dataset
Amazon Beauty Amazon Toys Amazon Sports

All Tail All Tail All Tail
HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10

R2Rec,† 0.0806 0.0490 0.0399 0.0307 0.0875 0.0559 0.0696 0.0518 0.0491 0.0287 0.0141 0.0112
R2Rec, 0.0801 0.0489 0.0373 0.0288 0.0867 0.0539 0.0715 0.0528 0.0479 0.0276 0.0138 0.0089
w/o reweight 0.0765 0.0475 0.0194 0.0129 0.0853 0.0541 0.0393 0.0251 0.0486 0.0286 0.0020 0.0012
w/o reembed 0.0728 0.0443 0.0302 0.0192 0.0835 0.0524 0.0568 0.0471 0.0435 0.0251 0.0075 0.0048
w/o R2 0.0762 0.0472 0.0078 0.0060 0.0857 0.0538 0.0108 0.0061 0.0475 0.0276 0.0003 0.0003
SASRec w. R2 0.0693 0.0445 0.0371 0.0299 0.0733 0.0489 0.0568 0.0471 0.0240 0.0157 0.0128 0.0107
MM-Rec−w. R2 0.0589 0.0411 0.0291 0.0183 0.0779 0.0452 0.0574 0.0439 0.0373 0.0197 0.0063 0.0059
MMMLP−w. R2 0.0516 0.0386 0.0255 0.0194 0.0530 0.0491 0.0403 0.0326 0.0317 0.0221 0.0043 0.0029
MM-Rec w. R2 0.0549 0.0364 0.0310 0.0213 0.0806 0.0478 0.0595 0.0457 0.0415 0.0269 0.0087 0.0083
MMMLP w. R2 0.0764 0.0457 0.0336 0.0233 0.0831 0.0539 0.0559 0.0481 0.0461 0.0267 0.0089 0.0068
CITIES w. R2 0.0663 0.0401 0.0189 0.0254 0.0718 0.0457 0.0613 0.0512 0.0368 0.0210 0.0121 0.0084
MAN w. R2 0.0724 0.0484 0.0388 0.0315 0.0730 0.0488 0.0574 0.0471 0.0459 0.0251 0.0095 0.0079

decline when incorporating text and image representation extracted by LLMs and LVMs.

Our method outperforms tail-item-based solutions by a large margin, fully demonstrating

the superiority of reweighting and reembedding strategies.

7.3.4 Ablation Studies (RQ2)

To fully demonstrate the effectiveness of reweighting and reembedding operations, we

remove them from R2Rec incrementally and also incorporate them into other baselines,

observing the performance variation.

• w/o Reweight. Removing reweighting operation from R2Rec,.
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Figure 7.4: The performance with varying τ.

• w/o Reembed. Removing reembedding operation from R2Rec,.

• w R2. Considering both reweighting and reembedding operations on other base-

lines19.

Table 7.2 shows the ablation results. Note that removing either reembedding or

reweighting operations leads to a measurable decline in the performance of all items,

with a particularly notable impact on tail items. As the reweighting strategy is dedicated

to facilitating the optimization of tail items, removing the reweighting function from

R2Rec results in a significant decline in the performance of tail items compared to the

overall performance. Besides, from Table 7.1 and Table 7.2, we could find that these two

operations also improve the other baselines’ tail item performance, though the overall

performance improvement is limited.

7.3.5 Impact of Hyperparameter (RQ3)

We investigate the impact of hyperparameter τ in Eq. (7.9) on the final performance.

Mathematically, τ controls the shape of the weight distribution and further decides the

attention assignment to the samples. As the hyperparameter τ decreases, the weight

distribution converges toward a point mass, thereby allocating more attention to the tail

19Since some baselines (e.g., UniSRec, MELT, etc) do not utilize CE loss for model optimization, we
exclude them from this experiment.
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Figure 7.5: Visualization of item embedding with different interaction counts (from 5
to 400) at the initial and final stages of model training. The model w. R2 (i.e., with
reembedding and reweighting strategies) acquires a sharper distribution on tail item
(the item with fewer interactions) embeddings against the model w/o R2 (i.e., without
reembedding and reweighting operations) after training.

items. Conversely, a larger value of τ will lead to a more uniform weight distribution,

ensuring that each item will be treated equivalently. Due to insufficient training on

tail items in comparison to popular items, the performance of tail items suffers from

significant performance degeneration. Observing Figure 7.4, we could draw the consistent

conclusion that as τ decreases, the tail items’ performance can be improved while the

overall performance will undergo a substantial decline. Overall, there is a trade-off

between the performance on tail items and overall performance, a moderate τ (such as

0.5) is recommended to maintain a balance between them.

7.3.6 Embedding Visualization (RQ4)

To further explore the merits of reembedding and reweighting methods in tail item

sequential recommendation, we examine the impact of removing or incorporating these

operations on item embedding evolution. Specifically, we present the average item em-

beddings from the Amazon Beauty dataset, spanning interaction counts from 5 (i.e., tail

items) to 400 (head items), observing the embedding variation during the model training

process, as shown in Figure 7.5. We can observe that in the initial phase of the model

training, the item embeddings exhibit a uniform distribution for both models with or

without reembedding and reweighting operations. As training progresses, the head items

(items with numerous interactions) and tail items (items with fewer interactions) in

our R2Rec, are optimized sufficiently, resulting in a more sharply concentrated embed-

ding distribution. In contrast, for the model without remembedding and reweighting

operations, the tail item embeddings demonstrate minimal variation after training. Con-
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sequently, we argue that the proposed two operations can enhance the model’s learning

ability in tail items.

7.4 Conclusion

This work attempts to alleviate the tail item performance degeneration on image-based

sequential recommendations. To instantiate this idea, we first analyze the deficiency of

standard CE loss and image-based or text-based embeddings, respectively, then propose

all in ground-truth and knowledge transfer tax two perspectives contributing to this prob-

lem. From these two considerations, we further propose reweighting and reembedding

functions for recommendation, named R2Rec. Specifically, instead of treating the head

items and tail items equally and focusing solely on the ground-truth, the reweighting

strategy allows the model to adaptively assign more attention to tail items during the

model optimization, alleviating the insufficient training of tail items. Reembedding oper-

ation initializes the tail item embedding via a standard Gaussian distribution, tackling

the negative transfer of external knowledge encapsulated in LLMs and LVMs. Theoret-

ically, our reweighting function is similar to DPO in LLMs preference alignment, but

could achieve a more precise optimization. Comprehensive experiments on three public

datasets manifest that our R2Rec is superior to the baselines on overall performance and

tail items. Furthermore, when integrated with other baselines, our method can achieve

additional performance improvements.
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CONCLUSION

In this dissertation, we gave readers a thorough overview of graph neural networks for

loan default risk prediction and recommendation, as well as how we contributed to the

development of these two tasks since they are significant in practical scenarios.

In Chapter 2, we comprehensively review the development of representative solutions

for loan default risk prediction. More concertedly, early attempts heavily rely on pro-

fessional domain knowledge and expert experience for rule design (e.g., ’5C’ Principles)

and risk application identification. This process is knowledge-driven and labor-intensive.

Facing the prosperity of loan application requirements and services, semi-automatic so-

lutions based on machine learning models are proposed, including decision tree, Random

Forest, and XGBoost. Owing to the good explainability and low computational costs, they

achieved promising results and are still prominent schemes in practical applications.

Deep learning methods emerged and became ubiquitous in a wide range of tasks since

breaking the boundaries of AlexNet in 2012. Using deep learning models for loan default

prediction attracted widespread attention from academics and the industry. The two

mainstream recipes can be categorized into: deep neural networks (e.g., attention-based

and MLP) and graph neural networks. Given the rapid developments of deep learning,

many cutting-edge models are also adopted for this task.

In Chapter 3, we mainly focus on the issue of missing values in raw loan applications,

which hinders the prediction accuracy from being further improved. To overcome this

issue, we propose a loan application graph where similar application records could be

connected based on the graph structures, thus, the auxiliary information from neighbors
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or similar records can be integrated for current application prediction. Experimental

results illustrate the superiority of our graph-based models in loan default risk detection

against conventional machine learning methods and other deep neural networks.

In Chapter 4, we further move the lens to the highly unbalanced application records

distribution, i.e., the default records only account for a very small part of all the data.

The skewed data distribution results in the low recall value of predictions. To address

this problem, we designed multi-view loan application graphs. Specifically, by adjusting

the similarity threshold between two applications, we could attain a series of graph struc-

tures. Therefore, a set of representations can be yielded based on graph neural networks.

Afterward, the multi-view representations can be leveraged for small data enhancement

and prediction. The experiments demonstrate that our multi-view graph enhancement

strategy outperforms the popular sample-based solutions by a large margin.

As for recommendation, we explore the graph neural networks in recommendation

systems. Specifically, in Chapter 5, we first walked through the history of session-

based recommendation, which dates back to the 2000s, when the session concept was

first proposed in recommendation systems. Different from other recommendation tasks,

session-based recommendation emphasizes short-term preference modeling and dynamic

recommendation in the current session. Reviewing existing methods, we organize them

into two categories: sequential neural networks and graph neural networks, both of

which are the main solutions for session-based recommendation. More concretely, we

discuss the characteristics of session-based recommendation from four aspects, including

the limited session length, the timeliness of recommendations, the independence of

orders, and the anonymity of user information. Various graph structures in session-based

recommendation are also introduced. Finally, we conclude the challenges and future

development directions in this research avenue.

In Chapter 6, we argue that the implicit relationships (i.e., co-occurrence relation-

ships in interaction records) between items are equally important compared with explicit

relationships (i.e., adjacent relationships in interaction records). However, this infor-

mation is chronically overlooked by most graph-based methods. To model this type of

connection, we proposed an internal graph neural network, which learns the global

connections between items adaptively and integrates with the external graph for item

representation fusion and recommendation. The in-depth analysis illustrates the merits

of our dual graph neural networks in alignment and uniformity, the two properties.

In Chapter 7, we show that the external knowledge derived from language models

or vision models heavily hurts the performance of tail-item recommendation against
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ID-based methods, albeit the overall performance can be improved. Therefore, we propose

two potential inducements: all-in targets (i.e., the model focuses solely on optimizing the

target items, while considering all other items as equally negative, which is inconsistent

with real-world scenarios.); and knowledge transfer tax (i.e., as the tail item can not

acquire fully attention and optimization, the external knowledge encapsulated in the

language and vision models steer the directions of model optimization, which is inap-

propriate as the recommendation relies more on the collaborate knowledge instead of

the open-world knowledge). Consequently, to address these two challenges, we introduce

two corresponding solutions, i.e., re-embedding and re-weighting. The first solution

involves re-initializing the tail-item embeddings with a standard normal distribution

in order to alleviate the negative knowledge transfer arising from the language and

vision models. The re-weighting method allows us to allocate attention to different items

dynamically, guiding the model to pay more attention to the tail items when optimizing

to alleviate the all-in target issue. Extensive experiments present the effectiveness of our

solution. Moreover, these two modules can be integrated into other backbones effectively

to improve the tail-item performance.

To sum up, in this thesis, we first employ graph neural networks for credit risk

prediction. Besides, a multi-view graph structure is proposed to tackle missing values

and data imbalance in loan default risk prediction. We provide a comprehensive review of

over 150 studies on graph neural networks for session-based recommendation. Inspired

by the existing studies, we propose internal and external graph neural networks for

session-based recommendation. Moreover, we introduce an efficient reembedding and

resampling strategy to mitigate the tail item recommendation problem, which can be

flexibly integrated into various base models to enhance performance. We are thrilled with

the progress made in this field over the past three years. At the same time, significant

challenges remain and deserve to be addressed in the future. One key challenge is how

to efficiently update our deep neural networks online and how to capture and model the

user’s ongoing preference evolution effectively for a real-time recommendation. In the

future, we will cultivate what is being discussed, rather than just modeling from static

small-scale data, to reach the next level in the recommendation system.

We believe that our proposed graph neural network architectures, along with the

strategies for addressing data imbalance, hold significant potential for practical appli-

cations across diverse domains, including but not limited to finance, healthcare, and

transportation. We hope our work inspires other researchers to explore these issues or to

extend our methods to new tasks and domains. Together, these efforts can help create
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more effective recommendation systems and foster their meaningful integration into

industrial applications.
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