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Abstract

Recommender systems filter through the vast pool of information and provide per-

sonalized recommendations. However, with the dynamic nature of user preference,

it is essential to design recommender systems that can adapt to the continuous

changes in user preferences and the evolving environment.

In this thesis, we conduct a review of existing studies in recommendation mod-

els. More importantly, we perform a systematic analysis of training and evaluation

protocols in recommender system research. Our analysis reveal that current setups

often overlook the global timeline, leading to data leakage issues. To assess the im-

pact of data leakage, we conduct carefully designed experiments where we gradually

introduce increasing leaked data in training. The results show that data leakage

results in unpredictable and inconsistent recommendation accuracy, which poses

challenges in estimating a recommendation model’s actual performance. Hence,

we underscore the importance of following the global timeline in both training and

evaluation stages of recommendation models.

Furthermore, we demonstrate that the ignorance of the global timeline and data

leakage hinders recommender systems from accurately modeling the temporal con-

text. We specifically investigate this point using “popularity” of items. It is showed

that failure to capture the accurate temporal context results in less accurate recom-

mendations. While the importance of adhering to the global timeline is emphasized,

the methods for incorporating temporal context into recommender systems remain

unclear. To address this gap, we conduct experiments to explore the relationship

between user interactions and temporal context. The experimental results provide

insights into which interactions and how many interactions should be included in

the training set to improve recommendation performance within specific temporal

contexts. Through extensive analysis, we find that recent interactions, which are

more relevant to the target time context, should be prioritized. These findings offer

guidance on effectively integrating temporal context into recommender systems to

enhance recommendation accuracy in specific time contexts.

xix
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From the recent interactions, we learn a user’s latest preference. However, rely-

ing solely on recent interactions for training may lead to overfitting, causing the

recommendation model to overlook long-term preferences that are essential for

accurate recommendations. To address this, we propose the use of incremental

learning techniques to retain both the short-term and long-term preferences of

users. Specifically, we introduce an incremental learning framework that retrains

the GCN-based model with the disentanglement of the two types of preferences.

This approach ensures effective recommendations.

In summary, despite existing research efforts in the field of recommender systems,

we contend that there is a lack of study from the perspective of the global time-

line. In this thesis, we emphasize the importance of following the global timeline

to avoid data leakage issues and effectively model temporal dynamics over time.

Furthermore, we propose a retraining framework that not only rigorously consid-

ers the global timeline during training and learns user preferences from the most

relevant interactions but also retains the long-term characteristics of users to en-

hance recommendation performance. Finally, we discuss potential areas for future

research in the concluding chapter.



Chapter 1

Introduction

With the continuous growth of the internet, users are exposed to an overwhelming

amount of information when using web services. The constant production of vast

quantities of data poses a significant challenge for users in their decision-making

process, as they struggle to access the items or content that align with their prefer-

ences. This phenomenon is commonly referred to as “information overload” [1, 2].

In response to this challenge, many web service platforms have implemented rec-

ommender systems to expediate the search and selection process for users. For

example, the popular e-commerce platform Amazon [3] utilizes a recommender

system to suggest items to users. As illustrated in Figure 1.1, Amazon’s “Recom-

mended for you” feature presents users with a curated selection of eight items out

of the millions available on their platform. This personalized recommendation aims

to assist users in narrowing down their choices and finding items that align with

their preferences. Similarly, video-sharing platforms YouTube [4] and the Google

Play store [5] leverage recommendation systems to assist users in discovering videos

and apps that align with their preferences.

1



2 1.1. Motivation and Objectives

Figure 1.1: A snapshot of the “Recommended for you” section on Amazon.com.

1.1 Motivation and Objectives

Recent years have witnessed increasing efforts in the research of recommender sys-

tem [6–9]. Various algorithms have been proposed. For instance, sequential recom-

mendation [10], session-based recommendation [11] and graph-based recommenda-

tion [12] have been widely studied to solve different research problems in recom-

mender system. With the large number of research paper publishes every year, one

interesting question to ask is: “what is the progress in the development of recom-

mender system? To what extent have the research problems been solved?” Dacrema

et al. [6] have the same inquiry on the progress of research. Hence, they conduct

experiments on various datasets to investigate the accuracy of various recommen-

dation algorithms, ranging from the simplest popularity-based recommender to the

more complex neural recommender like NeuMF [13] and Multi-VAE [14]. Through

thorough experiments, the authors make two observations. Firstly, only less than

half of the sampled research papers’ results can be reproduced. Secondly, it is not

necessary that more complex neural recommendation models outperform simpler

algorithms. The experimental results answer the question on the degree of progress

to some extent. In particular, whether recommendation models have advanced in

terms of recommendation accuracy is questionable. A similar observation is made

in a recent study [7].

The authors of these papers suggest that the observations could be attributed to

the inconsistent evaluation protocols adopted in research papers. In this thesis, we

aim to explain the observations from the global timeline perspective, which is an

important aspect but has not been well explored.

Research Objective 1: Understand global timeline in evaluation stage
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Conduct empirical study to study the impact of data leakage in offline evaluation of

recommender system, arising from the ignorance of global timeline in evaluation.

To achieve this objective, we analyse the data splitting strategies in offline evalu-

ation, which have garnered considerable interests from other researchers [15–22].

What is different, we show that data splitting strategies that do not follow the

global timeline leads to a data leakage issue. That is, a recommendation model

is trained with future data to predict historical data instances. We then design

experiments to investigate the impact of data leakage, by varying the severity of

data leakage in a controlled experiment setting.

Our experiments provide the following findings:

• The evaluation results demonstrate a consistent pattern of recommending

“future items” to past test instances. “Future items” refer to items that have

not yet been available in the system at the time of the test instance. It is

an invalid recommendation, because it will never lead to a hit, making the

recommendation results biased.

• Incorporating “future training instances” in the training set causes a shift in

the distribution of user-item interactions. This alteration results in significant

differences between the recommendation lists obtained from experiments that

include future data in training and those without data leakage in training.

• Data leakage has a notable impact on the accuracy of recommender models,

and its effects are unpredictable.

• The incorporation of different quantities of “future data” in our experiments

leads to inconsistent ranking orders of the baseline models. The effectiveness

of baseline models cannot be easily interpreted.

These findings show that data leakage, arising from ignorance of the global timeline,

makes the experiment results meaningless. The interpretation of results would not

lead to a concrete conclusion in whether a recommendation model is performing

effectively. To some extent, we explain the irreproducibility of recommendation

results due to the inconsistent evaluation protocols.



4 1.1. Motivation and Objectives

In light of these findings, we propose to conduct offline evaluation using “time point

separation scheme” which is to ensure all training instances happen before the test

instances.

Research Objective 2: Understand global timeline in training stage

Conduct empirical study to study the temporal context along the global timeline.

The findings in the experiments of research objective 1 suggest that ignorance of

the global timeline in the evaluation stage leads to invalid recommendation results.

We further extend the analysis to the training stage, and it is found that temporal

context can be better captured if a global timeline is observed when training a

recommendation model.

In many existing research papers, the entire training set is fed to the recommen-

dation model without considering the temporal context along the global timeline.

In this thesis, we conduct empirical study to understand the user behaviours with

respect to the temporal context along the global timeline. We show that knowing

all interactions of a user does not lead to a better understanding of his/her inter-

ests in the current temporal context. What matters more in recommendation is

the recent interactions by a user.

Research Objective 3: Modelling dynamic temporal context

Design a retraining framework to dynamically update a graph-based recommenda-

tion model with the recent interactions.

In the real life scenario, a recommender system is dynamic with new interactions

being observed continuously. Moreover, the experiments in achieving research ob-

jective 2 have shown that recent interactions carry the most updated information

about a user’s preference. Hence, retraining of a recommendation model with the

newly observed interactions is essential to keep the recommendation model up-

dated with the most recent user preference. In this thesis, we design a retraining

framework for graph-based recommendation model. In particular, the retraining

framework enables the learning from the new interactions without forgetting the

long-term preference of users. It is achieved with two modules: an Information Ex-

traction Module to extract long-term information and an Disentanglement Module

to distinguish new and old information for effective recommendation. Notably, the
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Research Objective 1:
Understand global timeline in evaluation stage

Global timeline in recommender system

Research Objective 2: 

Understand global timeline in training stage

Finding 1: 
Ignorance of the global timeline leads to data 

leakage issue

Finding 2: 
Recent user behavior and context are more 
important for accurate recommendation.

Research Objective 3: 
Modelling dynamic temporal 

context along the global timeline

Finding 3: 
Incremental learning framework allows the recommendation 

model to capture short-term user preference, while 
maintaining memories about the long-term user preference.

Figure 1.2: Thesis Overview

retraining framework strictly follows the global timeline, thus avoiding the data

leakage issue mentioned in research objective 1.

To summarize, we use Figure 1.2 to illustrate the overview of this thesis. This

research highlights the importance of following a global timeline in recommender

system. The fundamental concept involves capturing the evolving context across

the global timeline. This approach parallels the notion of “continual learning” [23,

24], where the system learns from ongoing streams of data in addition to existing

knowledge.

1.2 Major Contributions

Overall, the research contributions in this dissertation can be summarized into

three points:

• We examine the commonly adopted offline evaluation protocols in recom-

mender system from a global timeline perspective. We show that a global

timeline is not followed, when certain train-test splitting strategies (e.g.,,
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leave-one-out split) are used in offline evaluation of recommender system. As

a consequence, data leakage can be observed in offline evaluation, making the

performance of recommendation models not accurately reflecting their actual

performance in an online platform.

• Along the global timeline, temporal context has been continuously changing

due to new trends in the market. In this thesis, we illustrate the temporal

dynamics with popularity of items and show the necessity in modelling the

correct temporal context. We further conduct experiment to investigate how

user interactions shall be considered to model the correct temporal context.

The findings suggest that recent user behavior and context may be more

influential in generating accurate recommendations than the user’s overall

activity history.

• We propose an incremental learning framework, Disentangled Incremental

Learning (DIL), for GCN-based recommender systems. It is designed to en-

sure that the new information reflected in the new user-item interactions can

be well captured. Meanwhile, certain old but relevant information in the

historical user-item interactions will not be forgotten. These can be achieved

by an extraction module which extracts relevant old information, and a dis-

entanglement module which ensures that both old information and new in-

formation can be well learned. DIL contributes to retrain a recommendation

system to adapt to changes in user behaviors over time.

1.3 Outline of the Thesis

In the remaining chapters, we describe our research contributions in details. Before

that, Chapter 2 gives a review of the relevant works that consider temporal fac-

tors in recommender system. Specifically, we review time-aware recommendation

model, sequence-aware recommendation and other models that handle dynamics in

recommender system, i.e.,, dynamic representation learning model and incremental

learning model. Moreover, we conduct survey on works that study the evaluation

process of recommender system. Following that, Chapter 3 demonstrates that ig-

norance of the global timeline and temporal context leads to data leakage problem.

The impact of this issue is then studied via experiment. Chapter 4 analyzes how
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user interactions shall be considered to model the temporal contexts. Chapter 5

then proposes an incremental learning framework to update a recommendation

model with the most recent interactions. Moreover, relevant historical informa-

tion is retained to ensure that persistent user preference is not forgotten. Lastly,

we conclude the thesis and present some potential future directions of research in

Chapter 6.





Chapter 2

Literature Review

In this chapter, we review existing recommendation methods. We start this chapter

by presenting background information of recommender system in Section 2.1. We

show that recommender system can be divided into content-based recommendation,

collaborative filtering based recommendation and the hybrid of the two. In this

thesis, we focus on collaborative filtering based recommendation. Furthermore,

we review context-aware recommender system which takes into account different

contextual information, e.g.,, spatial and temporal information. In Section 2.3,

we focus on the temporal information and discuss existing methods that consider

temporal factors. That is, we provide literature survey on:

• Time-aware recommendation model which considers timestamp at which user-

item interactions take place.

• Sequential recommendation model which considers the temporal order of

user-item interactions.

• Dynamic representation learning model that updates user representations

and item representations when new interaction is observed.

• Incremental learning recommendation model which adaptively refreshes un-

derstanding of user preference reflected in the new batch of user-item inter-

actions.

9
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2.1 Background

According to [8, 25], a recommender system is defined to be a tool/software which

provides suggestions of items to users, to improve user experience. In particular,

a recommender system learns user preference from the data instances it records

and recommends a user with the items that may be of his/her interests. The items

recommended constitute a significantly smaller set compared to the entire set of

the available items in the system. The data instances that a system can record and

learn from are in the form of ⟨user, user attributes, item, item attributes,

timestamp of interaction⟩ tuples. Recent years, recommender systems are de-

signed with different techniques to learn from data instances. Specifically, recom-

mender systems can be divided into content-based recommender system, collabora-

tive filtering recommender system, and the hybrid of the two [26, 27]. We describe

the three types of recommender system in the coming sections. However, the focus

of this thesis is on collaborative filtering recommender system.

2.1.1 Content-based Recommender System

Content-based recommender system is widely adopted in the recommendation of

news articles [28–30]. It generally considers user, user attributes, item and item

attributes as inputs [25, 31]. Specifically, a user profile is described by attributes of

his/her historically interacted items. Then, recommendation is made by matching

the user profile with the contents of items in the candidate set. Hence, content-

based recommender system involves three steps: (i) item content learning ; (ii) user

profile learning and (iii) user profile and item content matching.

For item content learning, one widely developed model is keyword-based vector

space model. The key idea is to leverage a d-dimensional vector to represent the

textual content of an item. Each dimension of the vector is linked to a keyword.

The d-dimensional vector denotes the weights of keywords in an item’s content. One

commonly used method to learn weights of keywords is TF-IDF (Term Frequency-

Inverse Document Frequency) [32]. Given N documents D = {d1, d2, ..., dN} and a

list of keywords/terms T = {t1, t2, ..., td}, the term frequency (TF) quantifies the

frequency of keywords in one document. Hence it can be defined as:
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TF (tk, dj) =
fk,j

maxzfz,j
(2.1)

where fk,j denotes the frequency of a term tk in document dj. maxzfz,j is the max-

imum frequency among all the terms. Then, we have inverse document frequency

(IDF) which quantifies the frequency of a keyword across all documents:

IDF (tk) = log
N

nk

(2.2)

where N is the number of documents and nk is the number of documents with the

keyword tk in them. TF-IDF can be derived using equation 2.3 to represent the

weights of a keyword in a document.

TF − IDF (tk, dj) = TF (tk, dj) · IDF (tk) (2.3)

From there, the d-dimensional vector of a document can be obtained, with each

dimension representing the weight of each keyword in the document. Using TF-

IDF, the bias which frequent terms dominate the modelling process is mitigated.

Given the vectors of documents (items), a user profile can be constructed based on

the items he/she interacted with before. Recommendation of items can be made

by matching the user profile with the candidate items via similarity measure, e.g.,

cosine similarity.

2.1.2 Collaborative Filtering Recommender System

Collaborative filtering (CF) recommender system works under the assumption that

users who rate/buy/click similar items in the past will rate/buy/click similar items

in the future [25, 33, 34].

The simplest CF model is neighborhood-based recommendation model, i.e., user-

based recommender system and item-based recommender system. For the former, a

user is recommended with items rated by his/her corresponding “similar users”. For

the latter, a user is recommended with items similar to the items rated by him/her

in the past. Neighborhood-based recommender system is easy to implement. The
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key idea pertains to the computation of the pairwise similarity between two users

or the computation of the pairwise similarity between two items [3, 35]. Taking

user-based recommender system as an example, similarity between user i and user

j can be computed from their rating vectors ui and uj by cosine similarity:

sim (ui,uj) =
ui ·uj

∥ui∥∥uj∥
(2.4)

Or, similarity can be measured by Pearson Correlation [36].

p (i, j) =

∑
∀v∈Vi,j

(ui,v − ūi) · (uj,v − ūj)√∑
∀v∈Vi,j

(ui,v − ūi)
2
√∑

∀v∈Vi,j
(uj,v − ūj)

2
(2.5)

where Vi,j denotes the items rated by both user i and user j, namely co-rated items

in this thesis. ūi and ūj are the average ratings on the cor-rated items by user i

and the average ratings on the co-rated items by user j respectively.

Another type of CF recommender system is model-based recommender. It is to

build a predictive model which anticipates the preference score of a user on an item.

In general, a CF model can be denoted as f(pu, qi) → Rui, from which pu denotes

the user-related parameters for user u while qi denotes the item-related parameters

for item i. f( · ) is the model which maps the user parameter pu and the item

parameter qi to predict user u’s preference score Rui on item i. User parameters,

item parameters and model parameters in f( · ) are to be learned from historical

user-item interactions.

One conventional model-based CF is Matrix Factorization (MF) model [37–41].

The general idea of an MF model is to learn low-dimensional latent vectors for

both users and items. These vectors can be deemed as compressed representations

that encode essential attributes of users and items. The widely adopted formulation

of MF model is:

fMF (pu,qi) = pu
Tqi → rui (2.6)

where pu ∈ Rk is the k-dimensional latent vector for user u while qi ∈ Rk is the

latent vector for item i. Unlike MF models, Factorization Machine (FM) [42] not
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only learns relationships between users and items, it can also learn from other vari-

ables like time. Moreover, FM models second-order relationship between variables.

That is, a feature vector x ∈ Rn can be constructed from variables, e.g., user, item

and time. Then, FM models both first-order and second-order interactions by:

fFM(x) = w0 +
n∑

i=1

wixi +
n∑

i=1

n∑
j=i+1

(vi ·vj)xixj (2.7)

where w0 ∈ R is a bias term, w ∈ Rn reflects the strength of variables, vi is a k-

dimensional vector that describes the ith variable. (vi ·vj) models the relationship

between the ith and the jth variables. ( · ) denotes the dot product operator. The

aforementioned general recommender systems lack the ability to effectively cap-

ture sequential behaviors exhibited by users. To address this limitation, sequential

recommender systems have been extensively developed to model a user’s behavior

based on his/her historical behaviors. FPMC [43] introduces a combination of Ma-

trix Factorization and Markov chains to capture both sequential patterns in user

behaviors and long-term user preferences. Specifically, FPMC constructs personal-

ized transition matrices using individual user behaviors. These transition matrices

are then organized into a transition cube, which can be further factorized to derive

latent vectors representing users and items for the purpose of recommendation.

In recent years, deep learning model based recommender system has become preva-

lent [6, 8, 44]. NeuMF [13], as one of the earliest deep learning recommender

systems, combines Matrix Factorization (MF) and Multi-Layer Perceptron (MLP)

to model more complex user-item relationships. DeepFM [45] then integrates FM

model and deep neural network model to model the higher-order complex inter-

actions between features. Other recommendation models do not fuse conventional

models (e.g., MF and FM) with deep neural network, but purely using deep neural

model architecture to learn user interests. For example, Graph Neural Network

(GNN) has been widely adopted in recommender system [12, 46, 47]. That is, a

user-item interaction graph can be constructed based on observed user-item in-

teractions. A graph can be represented by G = (V , E), where V and E denotes

the set of nodes and set of edges respectively. Nodes can be either user or item

nodes. If there is interaction by a user on an item, an edge would exist between the

corresponding user node and item node. GNN generally adopts multiple informa-

tion propagation layers to explicitly model indirect relationships between users and
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items. Information propagates through edges in the user-item interaction graph.

Existing GNN-based recommendation models include PinSage [48], LightGCN [49],

NGCF [50] and etc. Other variants of GNN could extend beyond using user-item

interaction graph. Instead, user-user and item-item relations are modelled to pro-

vide additional information for recommendation [51–53].

2.1.3 Hybrid recommender system

The collaborative filtering recommender system is highly effective in providing rec-

ommendations because it captures the intricate relationships between users and

items. Its effectiveness stems from its ability to leverage historical user-item inter-

action data to learn user preferences accurately. However, the collaborative filtering

approach encounters difficulties in accurately capturing the characteristics and at-

tributes of new items and new users which do not have any interaction records.

This challenge is commonly known as the “cold-start problem” [54, 55]. In con-

trast, content-based recommender systems can mitigate the cold-start problem by

incorporating item descriptions into the learning process. Hence, the combination

of both types of recommenders holds promise in improving the quality of recom-

mendations [56]. Through combination, the models obtained are named “hybrid

recommender system”.

A commonly used technique for combining collaborative filtering and content-based

recommender systems is weighted combination. In this approach, weights are as-

signed to the output scores generated by both systems [57]. These weights deter-

mine the relative importance of each system’s score. The final score of an item is

then computed as the weighted sum of the scores. This combined score is used to

determine the item’s suitability for recommendation. The authors of [58] further

extend the weighted techniques to user-to-user, user-to-tag and user-to-item rela-

tions in social media. The aggregated scores are the predicted preference score of a

user on an item. Apart from the weighting techniques, techniques that use textual

content as side information in the collaborative filtering recommender system have

garnered research interests. For example, the authors in [59] propose to incorporate

side information as input in each layer of an autoencoder network to alleviate the

cold-start issue. In [60], the authors propose to jointly learn user latent vectors

and item latent vectors from their attributes and the user-item rating matrix at
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the same time. Recommendation performance can be boosted with the additional

information provided by the side information.

2.2 Context-aware recommender system

A context-aware recommender system is designed to consider contextual informa-

tion such as spatial information, social information and temporal information [61].

Contextual information, such as spatial details, is extensively integrated into location-

based recommender systems [61, 62]. This information plays a pivotal role in

accurately determining a user’s specific physical location at the time of making

recommendations. In the paper [63], user-generated location-based rating data is

combined with location features like categories and tags within the recommender

system framework for effective recommendation. This integration addresses chal-

lenges associated with data sparsity. Additionally, the GeoMF model, outlined

in [64], incorporates users’ frequently visited places and items’ related regions into

a matrix factorization-based recommender system.

Social relationships among users also contribute valuable contextual information

to recommender systems. In [63], the authors introduce social regularization terms

for matrix factorization recommender systems, aiming to enhance the similarity

between latent factors of users who are closely connected as friends. As deep-

learning neural networks evolve, social relationships can be effectively represented

using graphs. The authors of [65, 66] model the user-user social graph using graph

neural networks. By considering both the user-item interaction graph and the user-

user social graph, recommender systems can leverage the advantages of contextual

social relationships.

Another crucial contextual element is the temporal factor. In the construction of a

preference prediction model, a recommender system that is attuned to time takes

into account the timing of a user’s past interactions with the system. This temporal

context information empowers a time-aware recommendation model to provide

unique suggestions at various moments. The temporal factors to be considered

may involve the absolute timestamp in a global time format or repeatable temporal

details, such as the day and week. In the upcoming section, we will delve into the

recommendation models that take temporal factors into account.
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2.3 Recommendation Model considering Tempo-

ral Factors

Recommendation models that consider temporal factors can be divided into two

categories: time-aware recommendation model and sequential recommendation

model. In particular, a time-aware recommendation model takes into account the

time at which a user interacts with a system when modeling their preferences. A

sequential recommendation model considers the order in which a user interacts

with items to model long-term dependencies in user behaviours.

2.3.1 Time-aware Recommender System

When constructing a preference prediction model, a time-aware recommender sys-

tem factors in the timing of a user’s historical interactions with the system. By

leveraging this temporal context information, a time-aware recommendation model

may provide differentiated recommendations at different timings.

One of the earliest studies that proposes to consider recommendation with tempo-

ral context information is [67]. The temporal context can be formulated as morning

of a day or day of a week. Similar designs have been proposed in [68]. By fixing

the temporal context when making recommendation, the authors can reduce the

problem to a 2-dimensional problem of “what items should be recommended to a

user at a specific time?” In [69], the authors further highlight that time is associ-

ated to concept drift in recommender system. For example, item popularity and

user tastes could change constantly over time. To model the changes, the authors

propose a model called timeSVD++ which is built on top of Matrix Factorization

model. The key idea is to model users and items with different representations

depending on the temporal context. While modelling time-dependent represen-

tations, seasonality and continuity are considered. Similarly, in [70], the authors

propose to consider time-dependent user bias on ratings and also time-dependent

item popularity bias when making recommendation using Matrix Factorization

model. When it comes to deep learning model, TASER [71] models both absolute

time of interactions and relative time between interactions in the encoder. Abso-

lute time and relative time are also considered in [72]. In [73], the authors design
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a temporal kernel to differentiate the impact by past events that happened in dif-

ferent time. Multiple kernel functions have been proposed to capture the various

temporal dynamics. For example, an exponential decay kernel assumes that impact

of past events decay exponentially as the time interval to the recommendation time

increases. Meanwhile, a constant kernel function assumes that the impact is stable

throughout the timeline. Unlike [72], [73] and [71] which focus on timestamp of

an event, [74] and [75] consider time of an event as contextual information. That

is, the authors are more concerned with contextual features like year, month and

week. In [74], these contextual features are leveraged to construct time-dependent

relations between user nodes and item nodes in a knowledge graph. Here, a relation

exists when a user rates/clicks/buys an item, it is time-dependent because it char-

acterises the temporal context at which the interaction takes place. As the relation

defined in [74] reflects contextual information of an interaction, effectiveness and

explainability of the recommender system is enhanced. Similarly in [75], contextual

features are leveraged for recommendation, but in a music-listening scenario.

2.3.2 Sequence-aware Recommender System

Given a sequence of historical user-item interactions, a sequential recommender

system aims to predict the next item that the user will likely interact with [10, 76,

77]. The key idea behind sequence-aware recommender system is to capture the

sequential patterns and long-term dependencies between items in user interaction

sequences.

One line of work is to retrieve frequent sequential patterns in user behaviours for

next-item recommendation. In [78, 79], the authors propose recommendation en-

gines which recommend the next item by matching users’ recent n interactions

with the frequent item sets mined using Association Rule, Sequential Pattern or

Contiguous Sequential Pattern techniques. The aforementioned methods focus

on explicit frequent patterns that can be obtained by pattern mining algorithms.

The authors in [80], instead, propose IRRMiner to detect implicit/hidden patterns

which contain items that are indirectly but closely related, for efficient and effec-

tive recommendation. To further enhance the recommendation performance, the

authors propose a personalized sequential pattern mining algorithm in [81]. Specif-

ically, the authors introduce a competence score method to compute the relevance
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scores of the mined frequent sequences to a target user. The relevance score of

a frequent sequence varies for different users. Using the relevance score, one can

further calculate the personalized support value of each frequent pattern for each

user and then make recommendations.

Dependencies over a user interaction sequence can be modelled by many other

model-based techniques. FPMC [43] combines Matrix Factorization (MF) and

Markov Chains (MC) models to model sequential behaviours. In FPMC, factoriza-

tion is conducted on a transition cube which is obtained by stacking every user’s

transition matrix. A user’s transition matrix is obtained from MC over actions

of him/her. The authors of [82] point out that FPMC could suffer from sparsity

issue. To alleviate the issue, they propose FOSSIL - a recommendation model

which combines similarity-based methods and MC to model sequential behaviours.

Furthermore, unlike FPMC which models the first-order Markov Chains, FOSSIL

works with the higher-order Markov Chains.

Recent years have witnessed the increasing researches in deep-learning based se-

quence modelling techniques [77]. One popular line of work to model sequential

data is on using Recurrent Neural network (RNN). In [83], GRU4Rec is proposed

to adopt Gated Recurrent Unit (GRU) to model sequential data in user-item inter-

action sessions. To alleviate the vanishing gradient issue in GRU4Rec, the authors

of [84] propose GRU4Rec+ which incorporates a novel ranking loss in training.

That is, instead of having the comparison of the target score with random sam-

ples in the ranking loss, GRU4Rec+ compares the target score with the sample

possessing the highest score. GRU network is also leveraged in NARM [85] to

encode a user’s sequential behaviours in a session. On top of the GRU encoder,

NARM further incorporates an attentive mechanism to capture the purpose of a

user, based on his/her latest behaviour in a session. Different from NARM and

GRU4Rec, HRNN [86] not only considers a user’s behaviours in a session, it also

models cross-session behaviours of a user using GRU to capture the user’s evolving

interests over time. Furthermore, GRU network is also used in DIEN [87] as the

interest extractor layer to capture dependencies between behaviours. The GRU

network in DIEN is designed with an attentional update gate to assign different

weights to items based on their relevance to the target item. In [88], RNN is used to

capture the short-term interest of a user. The authors then differentiate long-term

interest and short-term interest of a user.
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Sequential dependencies could also be modelled using attention-based network.

One most representative study is SASRec [89] which is built on top of a self-

attention network to capture the long-term dependencies in a user interaction

sequence. The authors of [90] further propose TiSASRec which improves SAS-

Rec by incorporating time interval between interactions of a user. In [91], the

authors pinpoint two issues in self-attention based recommender systems like SAS-

Rec and TiSASRec. The first issue is that embeddings in SASRec and TiSASRec

fail to model uncertainty in user dynamic interests. The second issue is that col-

laborative transitivity for indirectly related items (collaboratively similar items)

cannot be well modelled. To handle these issues, the authors modify SASRec into

STOSA which is designed with stochastic embeddings, Wasserstein self-attention

layer and a new regularization term on ranking loss. Other variants of SASRec

include consideration of mutli-behaviours of users [92] and denoising of interaction

sequences [93]. Most of the self-attention based recommenders are unidirectional

models, because they are designed with causality operation to ensure that only

interactions before time t will be considered when predicting the interaction hap-

pened at time t. The authors of [94] highlights that user interactions order may

not be rigid. Hence, they propose a bidirectional model, BERT4Rec, to model an

interaction’s context from its neighbors in both the past and the future.

Graph neural network (GNN) methods for sequential recommendation tasks have

received significant research attention in recent years. The rationale is that these

methods enable the model to capture implicit collaborative signals beyond what

traditional approaches can capture. The SR-GNN [95] method utilizes a GNN

model to capture intricate item transitions in a user’s interaction session. The user’s

behaviors during a session within a short time frame is represented as a directed

graph consisting of item-item interactions. GNN is then employed to generate item

embeddings for recommendation by learning from the user’s session graphs. MA-

GNN [96] follows a similar approach to SR-GNN, using a graph neural network

to capture a user’s short-term interests based on their recent interaction sequence.

The GNN is utilized to learn from the user’s interaction sequence and generate a

representation of his/her interests. Unlike SR-GNN and MA-GNN which concern

item-item relationship in a session, the authors in [97] proposes to consider item-

item relationship in a global graph. Additionally, in [97], a semantic item graph is

introduced to represent item relationships based on their attributes. The inclusion
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of a semantic item graph enhances the recommendation process by providing addi-

tional knowledge about items. The methods mentioned above adopt one of the two

approaches for learning item embeddings: either by relying on session graphs or by

using global graphs. In contrast, GCE-GNN [98] takes into account both types of

graphs and generates two levels of item embeddings for recommendations. Simi-

larly, in [99], the inter-session graph is utilized to model explicit item relationships,

while the global graph is utilized to model implicit item relationships.

2.4 Handling Temporal Dynamics in Recommender

System

As user-item interactions happen continuously in an online platform, new trends

including new user preference and new item market positions may exhibit in new

stream of interaction data. To capture the changes reflected in the new user-item

interactions, research efforts have been devoted. One line of work is to retrain a

recommendation model with incremental learning techniques. The other line

of work is on dynamic representation learning which is to update user rep-

resentation and item representation upon seeing a new interaction. The latter is

completely different from the former. The key differences are two-folded. Firstly,

the updates of model parameters are conducted with different frequency. Dynamic

representation learning refreshes user representation and item representation upon

seeing one new interaction, while incremental learning is only conducted when

a good amount of interactions is accumulated. Second, dynamic representation

learning only updates user representation and item representation with new inter-

action, incremental learning often involves updating of an entire recommendation

model using the new stream of interactions observed. There could be other model

parameters on top of the user representations and the item representations.

As “continual learning”, also termed as incremental learning, is relevant to this

thesis, we will first study the foundational techniques associated with continual

learning in the realm of deep learning. Following this, we will expound upon the

mechanisms of incremental learning within recommender systems. Subsequently,

our discourse will pivot to a detailed examination of dynamic representation learn-

ing in the context of recommender systems.
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2.4.1 Continual Learning

Continual learning, alternatively referred to as lifelong learning or incremental

learning, concerns the ability of a machine learning model to acquire new informa-

tion over time while maintaining previously learned knowledge. Within the realm of

deep learning, continual learning specifically tackles the challenge of retaining past

experiences in the face of evolving data distributions or shifting tasks [23, 100, 101].

Continual leaarning setting is categorized into three types based on the nature

of the newly encountered data. When the observed new data pertains entirely

to a novel task, the application of task incremental learning techniques becomes

pertinent. These techniques facilitate the assimilation of essential knowledge for

each task, both old and new. Moreover, when the newly observed data relates to

the same task as a previous one but within disparate domains, it is classified as a

domain incremental learning task. Lastly, when the new data introduces a distinct

class not present among the existing classes, the utilization of class incremental

learning techniques becomes imperative for the recognition of the additional class.

In the context of retaining knowledge in a task incremental setting, various tech-

niques have been introduced. One such approach, presented in [102], is Elastic

Weight Consolidation (EWC), which incorporates a regularization term into the

loss function. This regularization term penalizes alterations to weights that are

deemed important for prior tasks. Differing from EWC, which is a regularization-

based method, Hyper-CL employs the parameter isolation technique, as outlined

in [103]. Specifically, the authors introduce a metamodel to function as weight

generators, producing weights for task models corresponding to different tasks.

In the context of domain incremental learning tasks, incremental data often presents

itself as a shifted data distribution. An illustrative example includes variations in

weather conditions, considered a form of distribution shift [104]. To ensure robust

object detection under diverse weather conditions, the authors propose statistical

correction method to retain weather-specific first and second-order statistics. This

approach aims to prevent the forgetting of previously learned information.

Regarding class incremental learning, the work [105] classifies learning algorithms
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into three categories: data-centric, model-centric, and algorithm-centric class in-

cremental learning algorithms. Data-centric algorithms commonly involve replay-

ing old data instances during training with new instances to mitigate forget-

ting [106, 107]. Model-centric algorithms seek to expand the model’s capacity

to handle new classes or apply regularization to parameters crucial for memorizing

old classes [108, 109]. In algorithm-centric incremental learning, knowledge distilla-

tion is a prevalent technique that penalizes changes in the model when transferring

knowledge from a teacher model to a student model

In the realm of recommender systems, incremental learning shares similarities with

continual learning, wherein new data, including new user-item interactions, is ob-

served over time. Various techniques have been proposed to reduce forgetting

of long-term user preferences reflected in old interactions when training a recom-

mender system with new user-item interactions. We detail the techniques in the

following section.

2.4.2 Incremental Learning-based Recommender System

Incremental learning, in recommender system, learns from streams of interactions.

In other words, the update of a recommendation model is often activated after re-

ceiving a good number of user-item interactions. One straightaway to capture the

changes reflected in these new interactions is to finetune the recommendation model

with the recently observed data instances. By “fine-tune”, it means updating the

existing model parameters with the new interactions. Although fine-tune ensures

that the model is trained with the most recent interactions, it could potentially

be problematic due to the potential “catastrophic forgetting” issue [110]. That

means, the memory about long-term user preference and persistent item charac-

teristics may be forgotten, when they are not reflected in the new interactions. To

well memorize both long-term information and short-term information, a recom-

mendation model could also be retrained by using all historical and newly observed

interactions [111]. At a first glance, conducting “full-retrain” is effective in mod-

elling both historical information and new information. However, “full-retrain” is

a non-scalable solution as the number of interactions is continuously increasing.

Moreover, “full-retrain” could incorporate old interactions that are outdated for

modelling a user’s interests.
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Based on the discussions, efforts have been delved into the research of the incremen-

tal learning techniques which reap the benefits of fine-tune and full-retrain [112,

113]. In particular, incremental learning allows a recommendation model to update

to adapt new information reflected in the new user-item interactions. At the same

time, incremental learning is usually equipped with scalable techniques to avoid

forgetting historical knowledge learned from old user-item interactions. Generally,

incremental learning for recommender system can be categorized into three types:

experience replay, model-based incremental learning, and knowledge distillation.

Experience Replay. To preserve historical information, a subset of historical data

instances are selected for replay. These instances are considered representative

instances of historical data. Instances selected for replay and newly received in-

stances are then used to retrain the model. Note that, the number of instances

selected is fixed to ensure scalable training of a recommendation model. Historical

instances can be selected by random sampling [114] for keeping a “sketch” of data

distribution. In [115], more recent data instances are selected to the reservoir.

Contrary to [115], studies like [116–118] tend to overlook more recent user-item

interactions but keep older data instances in the reservoir of historical interactions.

The key idea of keeping older data instances is to maintain a long-term memory.

During the retraining of a recommendation model, the more informative interac-

tions in the reservoir are then sampled from the reservoir as training instances. For

example, SPMF [116] and SSRM [117] consider the ground truth interactions with

less predicted preference score the informative interactions. GAG [118] measures

the Wasserstein distance between the predicted recommendation and the real in-

teraction. The larger the distance, the less accurately the recommendation is, thus

the more training is required on the interactions.

Model-based Incremental Learning. This line of work assumes that model param-

eters (e.g., user embeddings and item embeddings) learned from the past inter-

actions store necessary information about the historical information. As a result,

retraining the model using historical interactions is deemed unnecessary. Instead,

a transfer module is designed to transfer knowledge stored in old models to new

models. It can be a convolutional neural network (CNN), as in [110] and [119]. The

authors first stack the model parameters learned from historical data instances and

the model parameters learned from new interactions. Then CNN layers are applied

on the stacked parameters, to obtain the final model parameters that retain both
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historical information and new information. ASMG [120] applies Gated Recurrent

Unit (GRU) on models trained using each period’s data, to model long-term de-

pendencies among information learned in previous time periods. For graph-based

recommender model, the authors [121] adopt the temporal convolutional network

(TCN) to fuse the user/item embeddings learned from previous periods with the

new embeddings learned from the new interactions.

Knowledge Distillation. It avoids “catastrophic forgetting” by using distillation

techniques. The general idea is to penalize the changes in the terms that distillation

is applied on. GraphSAIL [111] adopts knowledge distillation to preserve both local

and global structure of an old graph. The local structure refers to the interaction

graphs in the previous period, while global structure is defined by the communities

that users and items belong to. In addition, GraphSAIL applies knowledge distil-

lation on node representations learned in the previous period. Ader [122] combines

experience replay and knowledge distillation techniques. That is, distillation loss

is applied on the exemplars obtained from experience replay. Similar technique

can be seen in [123, 124]. DCMR [124] proposes a dual-constrained task sampler

to construct replay tasks memory. Then distillation-based losses are designed to

reproduce historical knowledge stored in the meta-model. The authors in [125] pro-

pose a layer-wise contrastive distillation loss on a graph neural network to retain

information learned in each layer.

2.4.3 Dynamic Representation Learning

In [126], the authors highlight the dynamics in recommender system. Hence, they

stress the needs of constructing a dynamic recommendation model to capture the

evolving user and item features. The techniques proposed in [126] is point-process

modeling. In other words, a user embedding is affected by the embeddings of the

items he/she interacted with in the past, while the influence by different items

are determined by the time at which the corresponding interactions took place.

Similarly, item embeddings are influenced by the users who were associated with

them in the past. Although Coevolve proposed in [126] models the changes in user

embeddings and item embeddings over time, it considers the linear relationship be-

tween users and items. Contrary to Coevolve, DeepCoevolve [127] is proposed to

conduct recurrent neural network (RNN) modelling which captures more complex
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dynamics in user embedding and item embedding. As both Coevolve and DeepCo-

evolve predict interaction probability, it is naturally assumed that user embeddings

and item embeddings at a future recommendation time are the same as those that

happen at any time before the recommendation time and after the last observed

interaction. In [128], the authors propose not to predict interaction probability to

avoid fixed embeddings between two consecutive interactions. Instead, they design

an algorithm, namely JODIE, to predict embedding trajectory. To achieve this

objective, a new projection operator is introduced, which is capable of learning to

estimate the user’s embedding at any future time. In JODIE, the projection op-

erator is constructed using two recurrent neural networks: one for predicting user

embeddings and the other for predicting item embeddings. JODIE is designed to

model user-item interactions that capture direct relationships between users and

items. To account for indirect relationships, DGCF is proposed in [129] to use

graph neural networks to model the dynamic graph structure in recommender sys-

tem. In details, three embedding update operators have been proposed to inherit

information from previous state by self-loop, 1-hop neighbor and 2-hop neighbor

in previous graph.

2.5 Evaluation of Recommender System

In the previous sections, we detail collaborative filtering recommender system, rec-

ommendation model that considers temporal factors, and techniques used in rec-

ommender systems to model dynamics in user preference. Evaluations are needed

to verify the effectiveness of these algorithms and models. In this section, we detail

the different evaluation protocols adopted in recommender system. Moreover, we

discuss the various challenges faced in offline evaluation of a recommender system.

There are three ways to evaluate a recommender system: user study, online evalu-

ation and offline evaluation [130–135].

User study. A user study [131, 134, 136, 137] invites a number of participants to use

the recommender system. While using the recommender system, user behaviours

will be recorded for analysis. From that, we can conduct quantitative analysis in

factors such as the time that users spend on tasks and click-through rate. Addi-

tional indicative behaviors, such as the movement of the eyes and gestures, could
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also be examined and interpreted. Participants of the user study may also be given

questionnaires which include closed or open-ended questions for users to provide

qualitative feedback. User study could provide comprehensive results on user re-

sponse to a recommender system. However, on one hand, a user study involves

recruitment of participants, design of questionnaire, analysis of results and other

related operations. The preparation and execution of user study are expensive in

terms of time costs and financial costs. On the other hand, a user study may

produce biased results because users may exhibit different behavior, knowing that

they are being observed in a study [138].

Online evaluation. In online evaluation, a recommender system is deployed on a

platform, then users’ response to the recommender system will be tracked [133,

134]. Unlike user study, online evaluation involves users who are self-motivated

to buy/click/rate items on the platform. As online evaluation records real users’

reactions to a real recommender system deployed on a real-world platform, we deem

online evaluation as a setting that produces the most reliable outcomes. A widely

adopted online evaluation setting is A/B testing [139, 140]. That is, two groups

of users are assigned to two recommender systems respectively. One recommender

system is the existing system, while the other one is the target system under

testing. The users do not have information about which group they belong to.

Through analysis on measures like click-through rate and watching time on video,

we can understand which recommender system is performing better and answer the

question of “Should we replace the old recommender system with the new one?”

Offline evaluation. A recommender system can be evaluated using benchmark

datasets in offline setting. The datasets contain pre-collected user feedback [17,

141]. The feedback can be explicit feedback (e.g., ratings on items) or implicit

feedback (e.g., clicks/purchases on items). We name user feedback on items to be

user-item interactions. In offline evaluation, a portion of user-item interactions is

masked as the test set. The remaining unmasked interactions are training set which

is used to train the recommendation model. The well-trained recommendation

model is then used to predict the interactions in the test set. The prediction

accuracy is reported as the recommendation accuracy of the recommender system.

Among the three aforementioned evaluation methods, offline evaluation is the

most widely adopted setting in research papers of recommender system [135, 142].

In [142], the authors show that out of the 117 papers published in conferences
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AAAI 1 and IJCAI 2 in years 2018 and 2019, more than 92% of the papers follows

an offline evaluation setting. In [135], the authors reviewed 70 recommendation

approaches that are evaluated using either user study, online evaluation or offline

evaluation, they find that 69% of the approaches are evaluated in an offline setting.

The key reason that offline evaluation is more popular is that offline evaluation is

cheaper compared to user study and online evaluation. As it is the most widely

adopted setting, we would focus on offline evaluation in this thesis. For the remain-

ing parts of this thesis, when we say evaluation, it is referring to offline evaluation,

unless otherwise stated.

2.5.1 Evaluation Protocol

In offline evaluation, the pre-collected user-item interactions are split into training

and test sets. The splitting strategies can be categorized as random-split, leave-

one-out split and temporal split [15, 17, 21, 143–145]. Random-split is to randomly

select a subset of interactions as training instances, while the remaining are treated

as test set. Leave-one-out split means taking users’ last interactions or last few

interactions as test instances, while treating the remaining interactions as training

instances. For temporal split, we fix a time point, interactions that happen before

the time point form a training set, while interactions after the time point are test

instances.

Other than the general evaluation setting mentioned, prequential evaluation is used

to evaluate recommender system in a streaming environment [112, 113, 146]. This

methodology adheres to a test-then-learn procedure [112]. Specifically, upon the

observation of a new interaction, the recommender system’s capacity to predict

that interaction is documented. Subsequently, the recommender system undergoes

a refresh, incorporating the details of the specific new interaction. However, rely-

ing solely on the evaluation of a single new interaction may introduce bias, thereby

complicating fair comparisons between different recommendation algorithms. As a

result, a relaxed variant of prequential evaluation is adopted. It involves utilizing a

batch of new interactions instead of a single interaction in the test-then-learn pro-

cess [110, 111, 117]. The collection of new interactions in the batch may encompass

all interactions occurring within a designated time window, such as one year and

1https://aaai.org/
2https://www.ijcai.org/
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one week. Alternatively, it could involve a fixed quantity of interactions, providing

flexibility in the evaluation process.

2.5.2 Evaluation Metrics

To quantify the performance of a recommender system, researchers adopt various

evaluation metrics [130, 133, 147].

To measure the prediction accuracy of a rating prediction task in recommendation,

metrics like Mean Absolute Error (MAE), Mean Squared Error (MSE) and Root

Mean Squared Error (RMSE) are leverage [148, 149]. These measures quantify the

difference between the predicted score and the actual score. Hence, the higher the

values of metrics, the worse the prediction accuracy. Adoption of MAE, MASE and

RMSE requires the benchmark dataset to contain user ratings on items. However,

there are datasets whereby only user behaviours (e.g., clicks, purchase and watch)

are recorded. The datasets only record whether a user interacts with an item, and

there is no explicit score. Hence, we name user behaviours, in this case, as implicit

feedback.

For datasets with implicit feedback, a top-n recommendation task is often formu-

lated. That is, instead of predicting users’ ratings on items, a recommendation

system generates a list of n items that the model predicts to be of interest to

the user. For top-n recommendation, performance is often measured by metrics

like Recall, Precision, Hit Rate (HR), Mean Reciprocal Rank (MRR) and Nor-

malized Discounted Cumulative Gain (NDCG) [150, 151]. Among the five metrics

mentioned, recall, precision and HR measure the magnitude of getting the correct

recommendations among the n items recommended. The higher the value of recall,

precision and HR, the more accurate the recommendations are. As for MRR and

NDCG, they measure the ranking position of the correct recommendation among

the n items recommended. Ideally, the ground-truth item should be ranked at the

top position. A higher value of MRR or NDCG indicates that the ground-truth

item is ranked nearer to the top position.

Other than recommendation accuracy and ranking accuracy, other measures that

are related to user satisfaction are also discussed in some research papers [25, 133,
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152–154]. Common beyond-accuracy metrics include diversity, novelty, serendip-

ity and coverage. In summary, diversity evaluates the dissimilarity among the n

recommended items, while novelty assesses the quantity of new items suggested to

users [152, 154]. Serendipity, which is linked to novelty, gauges the degree of sur-

prise in the recommended items [155]. Finally, coverage quantifies the proportion

of all the available items that are suggested to users [156].

Although diversity, novelty, serendipity and coverage are related to user satisfac-

tion, the key metric is still on recommendation accuracy. Only if prediction ac-

curacy of user preference is ensured, then the recommender system can consider

other factors like diversity to further enhance user satisfaction.

2.5.3 Challenges in Evaluating a Recommender System

Despite the proposals of the various evaluation protocols, evaluating recommender

systems is still a challenging task. In [157], the authors identify four challenges

in evaluating recommender systems: (i) potential bias towards highly reachable

items; (ii) differences in interaction distribution between log data from an installed

recommender system and interactions from users with no prior exposure to any rec-

ommender; (iii) the lack of a direct correlation between high click-through rate and

revenue; and (iv) the difficulty of evaluating a system’s impact on revenue, as it is

unclear whether users would have purchased the items without the recommender.

In a recent study [158], the authors further investigate the discrepancy between

false-positive metrics and true-positive metrics in evaluating recommender systems.

They find that false-positive metrics are influenced by popularity biases, but in the

opposite direction compared to true-positive metrics. Another study [159] high-

lights that datasets used for offline evaluation of recommender systems are often

biased due to the deployed recommender system. As a result, new recommenda-

tion models are evaluated based on their ability to reproduce interactions obtained

from the deployed system, rather than how well they predict user preferences.

Furthermore, a common practice in offline evaluation of a recommender system is

to evaluate with sampled metrics [160]. That is, instead of ranking the ground-

truth item over all items, researchers rank the ground-truth item over a sampled

set of items. The key reason of sampled metrics is that ranking over the entire

set of items is computationally expensive, especially when the number of items
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is large. The authors in [160] show that full-ranking and sampled-ranking could

potentially lead to different results. A sampled metric is not a good indicator of

the actual performance of the recommender system. Hence, the authors call for

avoiding using sampling in evaluation.

Other than the challenges identified in above-mentioned papers, it is also unclear

how to design an offline evaluation for a recommender system. There is currently

no consensus on the most appropriate evaluation approach. Decisions on the offline

evaluation settings, such as dataset splitting, heavily depend on the researcher’s

choice [17, 143, 161]. This can lead to non-comparable results, as shown by various

studies. For instance, reported in [15], the performance of the published models

vary significantly depending on the data partition scheme used. Said and Belloǵın

[162] have observed similar non-comparable recommendation results when using

different data splitting strategies in offline experiments. The authors of [143] then

conduct controlled experiments using random-split-by-ratio and temporal-split-by-

ratio on various datasets, i.e., MovieLens-1M, Yelp, Epinions, and Amazon elec-

tronic dataset. They find that random-split generally leads to better performance

than temporal-split. In this thesis, we argue that this comparison is not meaningful

due to the problem of data leakage associated with the random split approach. Con-

sequently, the obtained recommendation results from random-split are unrealistic.

Similarly, in [16], the authors conclude that the discrepancy between recommen-

dation results obtained from random-split-by-user and temporal-split is due to the

failure to consider time. Hence, results obtained from random-split-by-user are not

reflective of the actual performance of a recommender in a practical situation.

Some studies have stressed the necessity of considering “time” factor in offline

evaluation of recommender system [18–20, 163]. The authors of [163] argue that a

setting which strictly follow a global timeline is a more realistic setting for evalu-

ation. They show that different recommendation results can be observed from the

experiment that follows the global timeline and the experiment that uses less strict

setting. In [19], the authors emphasize that recommender systems are subject to

constant evolution as new items and users enter the system. To handle the dy-

namic nature of recommender systems, they propose a strategy called “temporal

leave-one-out”, which treats each user independently. Using this strategy, the in-

teractions of each user are sorted chronologically, and recommendations are made
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based on historical interactions that occurred before the timestamp of the new in-

teraction. Additionally, Verachtert et al. [164] show that the optimal time window

of training data could vary for different recommendation algorithms. They suggest

the tuning of time window for more reflective recommendation performance for

each recommendation model. In [20] and [18] also consider the impact of temporal

factors on recommendation performance, demonstrating that performance varies

over time as more interactions are observed. They argue that this variability sug-

gests that context changes over time in recommendations. Hence, it is essential to

consider the global timeline in evaluation of recommender system.

Failure to consider the global timeline may lead to data leakage issue. In this thesis,

the issue of data leakage in offline evaluation of recommender system is identified.

Other studies also note that time-independent data partition strategies may result

in the leakage of “future information” in training [9, 15, 163, 165].

2.6 Summary

This chapter provides an overview of three types of recommender systems: collab-

orative filtering, content-based, and hybrid recommender systems. As we establish

the importance of considering the temporal factors in Chapter 1, we further de-

scribe the existing research papers that consider the temporal factors in this chap-

ter. Additionally, we explore algorithms and techniques that effectively handle the

dynamic nature of recommender systems in Section 2.4.3. Lastly, we delve into

the evaluation options for recommender system and list various challenges faced

during the evaluation.





Chapter 3

Revisit Offline Evaluation of

Recommender System from A

Global Timeline Perspective

3.1 Introduction

Over the past decade, recommender systems have gained significant attention in

both academia [25, 26] and industry [139, 166]. Numerous solutions have been pro-

posed, ranging from popularity-based model to nearest neighbor-based methods,

and more recently, to model-based recommendation algorithms [25, 34, 143, 167].

The field has also witnessed rapid advancements in deep learning-based recom-

mender models [8]. However, there are concerns about the actual progress made

in this research area [6, 7] and reports of inconsistencies in model performance due

to different data splitting strategies [15, 21, 144]. We have detailed the issues in

Chapter 1. These issues underscore the need to re-evaluate the evaluation pro-

tocols of recommender systems to ensure that recommendation models are being

assessed in a realistic manner.1 Before we delve into recommendation performance

evaluation concerns, it is important to revisit the fundamental problem definition

of recommender systems. To achieve this, we draw on established sources such as

1This chapter is published as Yitong Ji, Aixin Sun, Jie Zhang, and Chenliang Li. 2020.
A Re-visit of the Popularity Baseline in Recommender Systems. In Proceedings of the 43rd
International ACM SIGIR Conference on Research and Development in Information Retrieval
(SIGIR ’20). Association for Computing Machinery, New York, NY, USA, 1749–1752. [168]
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Table 3.1: Statistics of the four datasets used in this study

Dataset Time span selected Data filtering #User #Item #Interaction

MovieLens-25M 21/11/2009 to 20/11/2019 No filtering 62, 202 56, 774 9, 808, 925
Yelp 13/12/2009 to 12/12/2019 10-core 116, 655 61, 027 3, 127, 215
Amazon-music 02/10/2008 to 01/10/2018 5-core 11, 651 9, 243 114, 833
Amazon-electronic 05/10/2008 to 04/10/2018 10-core 109, 990 39, 552 1, 752, 238

the recommender system handbook [25] and five survey papers [8, 133, 169, 170],

which provide a generic definition of the problem. According to this definition, the

task of a recommender system involves learning the preferences of users based on

their past interactions with items, with the goal of predicting which item a user

will interact with in the near future. This definition is predicated on the notion of a

global timeline, where “history” and “future” do not intersect along the timeline

for any given user at any particular point in time. What is important, “history”

happens before “future”.

The definition of recommender system provided above details a top-N recommen-

dation task. This task involves recommending N items that a user is most likely

to be interested in. Although rating prediction is another popular task in rec-

ommender systems, it is distinct from top-N recommendation. Rating prediction

focuses on predicting the score a user would give to an item, rather than predicting

whether a user would rate an item. In this research, we concentrate on the top-N

recommendation task since it has been the subject of more extensive research in

recent years [171]. Furthermore, the ultimate aim of rating prediction is to identify

the items that a user would give a high score and recommend those items to the

user. In other words, rating prediction is aimed at improving the accuracy of top-

N recommendations. Therefore, this thesis focuses on the top-N recommendation

task.

We argue that while the global timeline is included in the problem definition for

recommender systems, it is often disregarded in offline evaluation scenarios. This

disregard for the global timeline refers to cases where events are not evaluated in

their chronological order along the timeline. Our argument is that neglecting the

timeline creates two significant issues.

One of the major problems with ignorance of the global timeline is that it may
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result in failure to capture the overall temporal context of the data. While previ-

ous research [172, 173] has examined dynamic trends in datasets like Douban and

Amazon, this thesis seeks to further illustrate the importance of the temporal con-

text in three additional datasets: MovieLens-25M, Yelp, and Amazon-electronic.

To demonstrate this, we present three examples of how temporal context impacts

recommender systems.

Firstly, in Figure 3.1, we plot the yearly popularity of three sampled items from

two datasets (MovieLens-25M and Yelp) over a ten-year period, showing how the

popularity of items changes over time. The details of the two datasets can be found

in Table 3.1. From Figure 3.1, We note that not all items are available for ratings

from the beginning of the timeline. For instance, item 18919 in Yelp received its

first rating only after Year 7, becoming popular from that point onwards. However,

most recommender models, including popularity-based ones, ignore this temporal

context in their evaluations.

Another example of temporal context is the release of different iPad models by

Apple. In Figure 3.2b, we list nine iPad models and their corresponding release

dates. We then match these models with products in the Amazon-electronic dataset

and plot their activeness (i.e., number of reviews) over time. From this plot, we

find that the activeness of iPads in Amazon-electronic can be used to infer their

release dates. That is due to the fact that iPads start receiving reviews only from

their release years. Moreover, we find that iPads experience a surge in popularity

in the year of their release but gradually lose consumer attention over the following

years.

If the global timeline is not observed, trends such as newly released products and

the dynamic popularity of products cannot be captured effectively. This creates

a fundamental problem for recommender systems, as they are designed to predict

and recommend items to users based on their previous interactions. Therefore,

ignoring the temporal context of user-item interactions undermines the accuracy

and reliability of the recommendation algorithms.

The second issue pertains to data leakage problem which can occur during eval-

uation due to the inappropriate train-test data splitting. Inappropriate train-test

split can lead to ignorance of the global timeline. In this research, we define “data

leakage” as predicting a test instance with a model learned from training instances
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Figure 3.1: Yearly popularity of three sampled items from MovieLens-25M
and Yelp respectively, over ten-year period (Y 1 to Y 10).

that happen after the timestamp of the test instance. Table 3.2 lists the commonly

used data partitioning techniques in recommender system, and shows whether ig-

norance of the global timeline exists. With ignorance of the global timeline, the

training set contains user-item interactions that have occurred after the test in-

stances in the test set. Consequently, the model learns from future interactions to

predict past user preferences, which is a problem because a model can never have

access to data instances from the future in real-world settings. For example, a

model shall not learn from user interactions with iPad 3 that is released in 2012, to

predict user’s preference on iPad 1 any time in the year of 2010. This violates the

problem definition of a recommender system, where predictions of test instances

should only be based on model learned from interactions that happened before

test instances. As a result, evaluations conducted under such circumstances may

not accurately reflect a model’s performance in real-world settings. In this thesis,

we argue that data instances that happen after the test instances should be kept

private to the model.

In this thesis, we provide a thorough analysis of the impact of data leakage on the

offline evaluation of recommender systems. Although previous research [9, 163, 165]

has briefed the concept of data leakage, we present the first comprehensive explana-

tion for the phenomenon, which is caused by collaborative filtering not following the

global timeline in offline evaluation. This explanation is presented in Section 3.2

of our paper. Moreover, we also quantitatively assess the effect of data leakage

by conducting experiments with four widely used datasets: MovieLens-25M, Yelp,

Amazon-music, and Amazon-electronic, using leave-one-out data split. We evaluate

four popular models, namely Bayesian Personalized Ranking (BPR) [174], Neural
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Line
Product 
Name

Product ID in 
Amazon-electronic Dataset

Official  Release Date

Ipad 1 B002C7481G 03 Apr 2010

Ipad 2 B0013FRNKG 11 Mar 2011

Ipad 3 B00746NEJW 16 Mar 2012

Ipad Mini B00746WCEA 02 Nov 2012

Ipad Air B00G2X1VIY 01 Nov 2013

Ipad Mini 2 B00GQDAFKA 12 Nov 2013

Ipad Mini 3 B00OTXGLW0 22 Oct 2014

Ipad Air 2 B00OSKREVG 22 Oct 2014

Ipad Pro B0155KDJWA 11 Nov 2015

(b) iPad models’ official release dates and their IDs in Amazon-
electronic dataset

Figure 3.2: The figure presents the activeness of different iPad models in the
Amazon-electronic dataset from 2010 to 2018. In addition, a table is provided
listing the release dates of each iPad model and their corresponding product ID
in the Amazon-electronic dataset.

Matrix Factorization (NeuMF) [13], SASRec [89], and LightGCN [49]. These mod-

els are chosen for their representation of different modeling techniques, and they

all often serve as baseline models in the literature. Our findings from experiments

are summarized as follows:

• The evaluation results from all four baseline models indicate that they rec-

ommend “future items” to past test instances. Future items refer to items

that are only available in the system after the time point of the test instance.

For example, a model recommends iPad Pro, which was released two years
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Table 3.2: Commonly adopted data split strategies in offline evaluation of
recommender systems. The table further shows whether local timeline (e.g.,
time specific to a user) or global timeline is followed, and whether data leakage
exits.

Data split strategy Definition of training and
test instances

Local
timeline

Global
timeline

Data
leakage

Random-split-by-ratio Randomly sample a per-
centage of user-item inter-
actions as test instances;
the remaining are training
instances.

No No Yes

Random-split-by-user Randomly sample a per-
centage of users, and take
all their interactions as
test instances; the re-
maining instances from
other users are training in-
stances.

No No Yes

Leave-one-out-split Consider each user’s last
interaction as a test in-
stance; all remaining in-
teractions are training in-
stances.

Yes No Yes

Split-by-timepoint All interactions after a
time point are test in-
stances; interactions be-
fore this time point are
training instances.

No Yes No

later in 2015, to a test instance that occurred in 2013. This observation pro-

vides strong evidence that the mainstream offline evaluation setting, which

disregards the global timeline, is flawed.

• The inclusion of “future training instances” in the training set alters the

distribution of user-item interactions. As a result, the training set that con-

tains such data is not an accurate representation of the temporal context

at the time of a test instance. Consequently, the top-N recommendation

lists obtained from experiments that incorporate future data exhibit notable

discrepancies compared to those without data leakage

• The accuracy of a recommender model is affected by data leakage. The effect

of data leakage on recommender models cannot be predicted. Specifically, it
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is not necessarily true that the inclusion of more future data in training will

lead to increased accuracy. The addition of future data may either improve

or diminish the accuracy of recommendations.

• The inclusion of different amounts of “‘future data” in our experiments results

in varying ranking orders of the baseline models. Therefore, it is impractical

and meaningless to compare the performance of recommendation models in

the presence of data leakage during offline evaluation. We believe that the

failure to observe the global timeline during evaluation is a major obstacle to

reproducibility in recommender systems.

3.2 Data Leakage in Offline Evaluation

When a model is deployed in a production environment, it is inherently subjected

to a global timeline. In other words, the recommender system can only learn

from historical user-item interactions and generate recommendations based on real-

time requests. Nevertheless, due to the constraints in accessing online platforms,

academic research on recommender systems is often limited to offline evaluations

that utilize static datasets [133, 135].

Handling datasets in a static environment demands meticulous consideration to

avoid potential data leakage issues. In particular, we defined “data leakage” as

a situation where a recommendation model assesses a test instance that occurred

chronologically before the corresponding training data, introducing inaccuracies in

the evaluation process. In remaining of this section, we elaborate on the mech-

anisms through which data leakage may arise in the offline evaluation of recom-

mender systems.

In a conventional offline evaluation scenario, a user-item interaction matrix of size

m × n is created, where m represents the number of users and n represents the

number of items in the dataset. Each entry of this matrix denotes a user’s inter-

action with an item, which can either be an explicit score between 1 to 5 or an

implicit indicator of purchase, rating, or click behavior (1 for positive and 0 for

negative). In this thesis, we consider only implicit user-item interactions, i.e., the

act of interaction is important, not the rating value itself. Therefore, our focus is
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on the top-N recommendation task, which involves predicting the positive (“1”)

entries in the user-item interaction matrix.

To evaluate recommendation accuracy, a subset of user-item interactions in the

user-item interaction matrix is masked as a test set, and the remaining known

entries are used as the training set. The recommendation model is trained using

the training set and evaluated using the test instances. Various strategies have

been used to sample the user-item interactions to be masked to form a test set,

as summarized in Table 3.2. However, we note that only the split-by-timepoint

strategy observes the global timeline.

In most scenarios, the entire training set is utilized to train a recommender model

as a whole, as seen in many studies [17, 143]. This implies that the training

set is treated as a static dataset, without considering any time-based changes.

Although some time-aware recommendation models [9, 85, 89, 165] do incorporate

timestamp information of training instances as an attribute, they still consider the

entire training set as a static dataset. They are not intended to observe the global

timeline. Consequently, these models are inevitably evaluated with data leakage.

3.2.1 Global Timeline and Local Timeline

Our discussion highlights the significance of accounting for the global timeline,

and to demonstrate this, we employ four benchmark datasets to showcase the user-

item interaction distributions over the global timeline. The four datasets we use

are MovieLens-25M2, Yelp3, Amazon-music4, and Amazon-electronic5. We extract

the interactions within a ten-year period from each dataset and provide the dataset

statistics in Table 3.1. Further information on data filtering techniques such as the

k-core approach and dataset preparation is presented in Section 3.3.

Not all users or items are active throughout the entire 10-year period covered by

the datasets, and some items may not have been available for rating starting the

time period. For instance, a Yelp user who registered in 2018 may have only started

reviewing businesses on Yelp from that year onwards, and a movie that was released

2https://grouplens.org/datasets/movielens/25m/
3https://www.kaggle.com/yelp-dataset/yelp-dataset
4https://jmcauley.ucsd.edu/data/amazon/
5https://jmcauley.ucsd.edu/data/amazon/



Chapter 3. Revisit Offline Evaluation of Recommender System from A Global
Timeline Perspective 41

0 1 2 3 4 5 6 7 8
Item active time period (years)

0

1

2

3

4

5

U
se

r 
ac

tiv
e 

tim
e 

pe
rio

d 
(y

ea
rs

)

Movielens-25M

Yelp

Amazon-music

Amazon-electronic

(a) Mean active time period in years.

0 1 2 3 4 5 6 7 8
Item active time period (years)

0

1

2

3

4

5

U
se

r 
ac

tiv
e 

tim
e 

pe
rio

d 
(y

ea
rs

)

Movielens-25M

Yelp

Amazon-music

Amazon-electronic

(b) Median active time period in years

Figure 3.3: Mean and median active time period of users and items in the four
datasets.

in 2018 can only receive ratings from that year onwards. To capture this variation,

we define the active time period of a user or item as the time between their first

and last interactions recorded in the dataset. This local timeline is specific to each

user or item, and covers the period between their first and last interactions.

The mean and median active time periods of users and items in the four datasets are

presented in Figure 3.3 to provide a comprehensive overview. Due to the different

nature of items such as movies, music, and restaurants, the distributions of user

and item activeness vary among the four datasets. Nevertheless, all four datasets

show that the mean and median active time of items are significantly longer than

those of users. More importantly, the mean and median user active time periods

are less than 4 years in all datasets, which is less than half of the 10-year period
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Figure 3.4: Users’ last interactions and item releases in each week, in the 10-
year period. (Best viewed in color)

covered by the datasets. In the MovieLens-25M dataset, we observe users tend to

be active for a very short period of time, often less than 1 year. Even more, a

considerable number of users in the Movielens dataset rate all their movies within

a single day.6

To better visualize the distribution of user and item activeness throughout the

global timeline, we plot the number of item releases and the number of users’ last

interactions that occurred each week in Figure 3.4. For an item’s release time,

we consider the time at which it receives its first rating from any user. The blue

line represents the number of items released each week within the 10-year period,

totaling 520 weeks, while the other line represents the number of users whose last

interactions happened in each week throughout the 10-year span. It is apparent

that in all four datasets, there is a continual introduction of new items. Moreover,

users’ last interactions happen at any given time.

6Many users are only active for one day. What is worse, many interactions of a user are
completed within one single timestamp. Hence, we note that MovieLens does not contain reli-
able timestamp information. In [175], the authors make the same observations. Despite that,
we include MovieLens in this thesis for its extreme popularity in the research of recommender
system [143, 176].
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To summarize, it should be noted that not all users are active for the entire time

period covered by a dataset, and not all items are accessible to be interacted with

since the start of the dataset in the context of the global timeline. Furthermore,

as depicted in Figure 3.1, temporal dynamics are evident in user-item interactions

over the global timeline. Temporal dynamics can also be deduced from Figure 3.2.

3.2.2 Data Leakage in Recommender System

According to Wikipedia7, data leakage refers to “the use of information in the model

training process that would not be expected to be available at prediction time”. It

is considered one of the top ten data mining mistakes. Kaufman et al. also provide

a critical discussion on data leakage and recommend “time separation” of train

and test data as a methodology for avoiding it, similar to the split-by-timepoint

strategy mentioned in Table 3.2. It is essential to distinguish between data leakage

and privacy leaks. Data leakage refers to the incorrect inclusion of information in

the model training process that would not typically be available at prediction time,

while privacy leaks refer to the unauthorized disclosure of personal information to

third parties.

To better understand the data leakage problem, we present an illustration in Fig-

ure 3.5. Considering a system with a global timeline spanning from time t0 to

time t3, where three users A, B, and C interact with items in the system. In

Figure 3.5a, we plot the activities of the users and items along the global timeline,

with the items placed in the plot at the time points they are introduced to the sys-

tem (i.e.,, their release time), and the users placed in the plot at the time points

of their last interactions.8 For instance, the last rating by user A is on item X at

time t1, and there are no more interactions by user A after time t1 in the dataset.

We use SAB to denote the set of items rated by both users A and B, and SBC to

denote the items rated by both users B and C.

Then, let us assume that we are using the leave-one-out-split strategy in this illus-

tration, where the last interaction of each user is used as a test instance. Figure 3.5a

shows the test interactions of the three users, indicated by dotted lines. In Fig-

ure 3.5b, we present a matrix view of the same example. The test instances are

7https://en.wikipedia.org/wiki/Leakage_(machine_learning)
8To simplify the presentation, we assume that once an item is released for rating, it remains

in the system and is not removed.

https://en.wikipedia.org/wiki/Leakage_(machine_learning)
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Figure 3.5: Interactions along global timeline, and in matrix form.

masked with a question mark ‘?’, and we use ‘1 . . . 1’ to indicate the ratings given

by users to multiple items in SAB and SBC .

As mentioned earlier, when the entire training set is provided as a static set to a

recommender system without considering the global timeline, users with common

ratings to items in SAB or SBC may appear to have a high level of similarity. For

instance, users A and B may be considered as similar users due to their common

ratings to items in SAB, and similarly, users B and C may appear to be similar

because of their common ratings to items in SBC . Through learning with collabo-

rative filtering recommendation model, users A and C may be inferred as having

a high level of similarity.

However, this approach leads to a data leakage problem because all items are plot-

ted in the figure at their release time, and all items rated by user C are only

available after user A’s last interaction (i.e., time point t1). In reality, these items

and their interactions are not expected to be available at time point t1. Thus, when

predicting user A’s preference for item X, we are using “future data” that is not ex-

pected to be available at the prediction time, resulting in data leakage. The model

may even recommend items that are rated by user C, which are “future items”, to
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user A because of the learned similarity between users A and C. In Table 3.2, it

is indicated that when using a random split for training and testing data, neither

the local nor the global timeline is taken into account. Consequently, this type of

split can lead to data leakage, similar to the leave-one-out-split method. By not

considering the global timeline, the model may use a user’s future interactions to

predict their current interactions.

A recent study [143] reviewed 85 recommender system related papers that were

published in the highly ranked conferences (such as SIGIR, WWW, and KDD)

between 2017 and 2019. The study found that among the 85 papers, 53.7% of

them employed a random split method for evaluation, 28% of the papers used the

leave-one-out method, and only 12.3% of the papers utilized the split-by-timepoint

method. Therefore, a very small number of offline evaluations are based on sepa-

rating the training and testing data by a fixed time point to avoid data leakage.

As a result, a large number of offline evaluations for recommender systems are con-

ducted without considering the issue of data leakage. In a more recent study [177],

it has been shown that 59.1% of the papers published in ACM RecSys conference in

2020 to 2022 do not follow the global timeline. Consequently, most reported results

do not accurately reflect a model’s true performance in a production setting.

This section presents the idea that the context changes over the global timeline.

This means that users may have varying levels of activity or inactivity at different

time points, and items may become available at any given time. It is, therefore,

crucial to model the temporal context along the global timeline when evaluating

recommender systems offline to avoid data leakage. If the global timeline is not

considered, it may lead to data leakage issue. It is important to consider the im-

pact of data leakage on recommendation accuracy, as this determines the extent to

which reported performance in literature truly reflects a model’s real-world perfor-

mance. If the impact is insignificant, the evaluation process does not require any

alterations. However, if it is substantial, a more realistic evaluation approach is

required for a fair comparison of various recommendation models. The following

sections (Sections 3.3 and 3.4) examine the impact of data leakage on recommen-

dation results with varying degrees of severity.
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Figure 3.6: Train/test data split for test year Y 5 as an example.

3.3 Experiment Design and Setup

Various offline evaluation techniques are used to split data into training and testing

sets, and only the split-by-timepoint approach is immune to data leakage. To

eliminate the influence of random factors, this study employs the leave-one-out

split method, where a user’s last interaction is masked as a test instance. As

depicted in Figure 3.4, a user’s last interaction can occur at any point in the global

timeline, and all interactions that follow it are considered “future data” for that

particular test instance. By this definition, the amount of future data available to

each test instance varies, as the test instances obtained from leave-one-out split

can arise at any point along the global timeline. Therefore, studying the impact of

data leakage on individual user/test instance is computationally expensive. Hence,

this study does not examine the issue at a granular level.

To investigate the impact of data leakage, we conduct experiments that simulate

varying degrees of severity at a coarse-grained level. In this approach, we divide the

entire dataset into multiple time windows, each spanning a fixed time interval of one

year. We then add user-item interactions from different numbers of time windows

in the training set to include various amounts of “future data” for training. This

approach is considered coarse-grained because we do not factor in the differences

in future data for individual test instance that occurs within the test year.

In the experiment, we follow a series of steps. Firstly, we arrange the user-item in-

teractions chronologically and divide the dataset into fixed time windows. Suppose

the global timeline of the dataset is 10 years and the time window is one year, we

denote the first year as Y 1, and the last year as Y 10. Assuming that the test year

selected is Y 5, we then select all test instances in Y 5, where a user’s last inter-

action falls within year 5, as the evaluation subset (based on leave-one-out split).
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Interactions that take place before Y 5, i.e.,, Y 1 to Y 4, are considered as “historical

interactions”, and those that occur after Y 5, i.e.,, Y 6 to Y 10, are labeled as “fu-

ture interactions”. We perform multiple experiments to simulate different degrees

of data leakage. In the first experiment, we use all historical interactions from Y 1 to

Y 4, and the training instances in Y 5 (highlighted in green in Figure 3.6) as training

data. In the second run, we include all interactions in Y 6 in addition to the data

from the first experiment. The third run includes all interactions in Y 7, and this

process continues until all user-item interactions up to Y 10 are incorporated into

the training data. This process creates a gradually increasing data leakage scenario

for the test instances in Y 5. The first experiment has the least data leakage, while

the last experiment suffers from the most significant data leakage. By studying the

recommendation results of the models in these different scenarios, we quantify the

impact of data leakage.

3.3.1 Dataset

Our experiments involve four datasets: MovieLens-25M, Yelp, Amazon-music, and

Amazon-electronic. The selection of these datasets is motivated by two factors.

Firstly, they are popular and commonly used in both time-aware and non-time-

aware recommender systems [143]. Secondly, all these datasets include timestamps

of ratings, which allow us to reconstruct the global timeline.

We approach the recommendation task in a top-N recommendation setting using

implicit feedback for all four datasets. To ensure fair comparisons, we extract

interaction data spanning 10 years and remove any duplicates. We perform k-core

filtering to exclude inactive users and items for Yelp, Amazon-music,and Amazon-

electronic datasets. For Yelp and Amazon-electronic, we apply 10-core filtering,

while for Amazon-music, we use 5-core filtering to retain a reasonable number of

users and items. No filtering is applied to MovieLens-25M, because the original

version of the dataset includes only users who rated at least 20 movies. We only

keep ratings from users whose first rating occurred after the start of the 10-year

period to ensure that we have a complete view of each user’s interactions in the

dataset.

The evaluation time window is set to one year, and we gradually incorporate “future

interactions” year by year for evaluation. Our evaluation is performed on two
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Table 3.3: Number of test and training instances for test years Y 5 and Y 7.
From the test year till Y 10, more future data are made available to training.

Test #Test #Training instances accumulated till adding Y x’s data
Dataset year instances Y 5 Y 6 Y 7 Y 8 Y 9 Y 10

MovieLens Y 5 3, 171 2, 489, 066 3, 876, 800 5, 602, 278 7, 243, 348 8, 474, 179 9, 805, 754
-25M Y 7 9, 232 - - 5, 596, 217 7, 237, 287 8, 468, 118 9, 799, 693

Yelp
Y 5 3, 093 878, 494 1, 280, 070 1, 723, 554 2, 203, 266 2, 702, 445 3, 124, 122
Y 7 7, 241 - - 1, 719, 406 2, 199, 118 2, 698, 297 3, 119, 974

Amazon Y 5 829 18, 283 38, 873 71, 227 95, 571 108, 496 114, 004
-music Y 7 2, 686 - - 69, 370 93, 714 106, 639 112, 147

Amazon Y 5 652 234, 398 479, 507 898, 947 1, 317, 418 1, 607, 543 1, 751, 586
-electronic Y 7 8, 747 - - 890, 852 1, 309, 323 1, 599, 448 1, 743, 491

different test years, namely Y 5 and Y 7. The reason for selecting two test years is

to have a more comprehensive understanding of the problem, to avoid any potential

biases that may arise in a single year. As we increase the number of “future training

instances” in our experiments to simulate a more severe data leakage problem, we

summarize the number of training and test instances for each dataset in Table 3.3.

3.3.2 Models

The field of recommender systems is highly dynamic and researchers have proposed

a plethora of models [7, 8, 25]. For our study, we have chosen four commonly used

baseline models, each belonging to a distinct recommendation model family.

• BPR [174] is a machine learning-based approach that learns a matrix fac-

torization model using pairwise ranking loss. To optimize its performance,

we conduct hyperparameter tuning using continuous random search. Specif-

ically, we explore the latent dimension from 8 to 128, learning rates from

1e−6 to 1e−1, and regularization coefficients from 1e−4 to 1e−1.

• NeuMF [13] combines matrix factorization and multi-layer perceptron layers

to learn the user-item interaction function. To find the best hyperparame-

ters, we perform continuous random search and test various values for the

latent dimension ranging from 8 to 128, the learning rate ranging from 1e−5

to 1e−1, the number of negative instances ranging from 1 to 4, and the

regularization coefficient ranging from 0 to 1e−4.
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• SASRec [89] is a recommendation model that considers the sequence of

user interactions. It employs a self-attentive network to learn dependencies

between items in a user interaction sequence. We perform hyperparameter

tuning using continuous random search with a range of values for learning rate

(1e−5 to 1e−2), maximum historical interactions (1 to 50), latent dimension

(8 to 256), and number of blocks (1 to 4).

• LightGCN [49] is a recommendation model based on graph neural networks,

which uses a graph convolutional network model to make recommendations.

To optimize the hyperparameters, we perform continuous random search over

a range of values. Specifically, we test the latent dimension from 8 to 128,

the number of layers from 2 to 4, the regularization coefficient from 1e−5 to

1e−1, and the learning rate from 1e−5 to 1e−1.

The validation set, comprising the second last interactions of the testing users, is

used to tune the hyperparameters of each model, following the approach taken in

many previous studies [178–180]. We conduct 50 hyperparameter search trials for

each baseline model and select the optimal combination of hyperparameters.

3.3.3 Evaluation with Non-sampled Metrics

During the offline evaluation process, a recommender system suggests items to users

from a group of potential choices. According to [181], various strategies can be em-

ployed for selecting these potential items, including TestRatings, TestItems, Train-

ingItems, AllItems, and One-Plus-Random methodologies. Among these strategies,

only AllItems involves recommendation from all available items in the system,

while the remaining strategies use a subset of item as the candidates.

In our evaluation, instead of generating recommendations from a subset of available

items, we generate a list of the top-N recommendations by considering a compre-

hensive ranking of all the items present in the training data. This means we do

not employ sampled metrics. Sampled metrics involve randomly selecting a small

number of irrelevant items (e.g.,, 1000) and then ranking the relevant items solely

within this limited sample. Recent research [160] has indicated that sampled met-

rics can be inconsistent with non-sampled metrics, failing to accurately reflect the

performance of a model. Consequently, our results, based on non-sampled metrics,
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yield considerably lower values compared to those reported using sampled met-

rics [13, 182]. Naturally, ranking a relevant item among all the irrelevant items is

much more challenging than ranking within a smaller sampled set.

In this study, we formulate the recommendation task as top-20 recommendation.

To assess the accuracy of the recommendation models, we employ two metrics: Hit

Rate (HR) and Normalized Discounted Cumulative Gain (NDCG). HR measures

the percentage of users for whom at least one relevant item is included in the

top-20 recommended items. NDCG considers both the relevance of recommended

items and their position in the list. It accounts for the diminishing returns of

relevance for items lower in the ranked list. HR and NDCG replicate a real-world

scenario in which the recommender system displays only a limited set of items.

By evaluating the accuracy of recommendations through HR and considering the

positional importance of accurate recommendations using NDCG, these metrics

effectively mirror users’ responses to the recommended items in the real-life setting.

Given this setup, we examine the impact of data leakage from two perspectives.

First, we meticulously analyze the top-20 recommendation list for each test instance

and investigate how data leakage affects these lists. Second, we investigate how

HR@20 and NDCG@20 change when varying amounts of “future data” are included

in the training process.

3.4 Experiment Results

In our experiments, our objective is to measure and quantify the effects of data

leakage from two distinct angles: (1) the influence it has on the lists of top-N

recommended items, and (2) its impact on the accuracy of the recommendations.

In the following section, we will present the results of our study and provide a

comprehensive explanation of our findings.

3.4.1 Impact on Top-N Recommendation List

Finding 1. The models being evaluated eventually recommend items that are con-

sidered “future items”. These items are exclusively available within the system only

after the specific time point of a given test instance.
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In Section 3.2, we discuss the underlying cause of data leakage and provide an ex-

planation supported by Figure 3.5. The collaborative filtering approach employed

by the recommender system allows it to learn similarities between users, such as

users A and C, as illustrated in Figure 3.5. Consequently, the recommender may

recommend items that have been rated by user C to user A. However, it is impor-

tant to note that all the items rated by user C are only available within the system

after user A’s last interaction. Therefore, from the perspective of user A’s last

interaction, these items are considered “future items”, as they become accessible

only at a later time point.

Through our experiments, we have observed that all four models in our evaluation

do recommend future items. For each test instance in our experiments, we generate

a top-N recommendation list using a recommendation model. Subsequently, we

analyze the number of “future items” present among these N recommended items.

Here, “future items” refer to items that become available in the system after the

timestamp of the specific test instance. In our study, we set N to be 20 and

present the count of future items in Table 3.4. Each entry in the table represents

the total number of “future items” recommended across all the recommendation

lists obtained for the test set. We report these numbers for both test years Y 5 and

Y 7. As indicated in Table 3.4, with an increasing inclusion of “future data” in the

training phase from Y 6 to Y 10 for test year Y 5 and from Y 8 to Y 10 for test year

Y 7, we observe a consistent trend of an increasing number of “future items” being

recommended by all models across all datasets.

The fact that the recommender systems in our evaluation are recommending “future

items” for test instances provides strong evidence of data leakage, indicating that

the current offline evaluation setting is flawed. This data leakage compromises the

reliability of the evaluation process since the recommendations made are based on

information that would not be available at the time of the test. Inspired by our

study, the authors of [21] conduct a similar experiment. Their findings further

validate that both random-split-by-ratio and temporal-split methodologies, when

applied to a user’s local timeline, lead to the generation of recommendations that

include “future items”. These recommendations, being based on information from

a future time point, are considered invalid and further underscore the issue of data

leakage in the evaluation process.
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Table 3.4: Among the top-20 recommendations, the total number of future
items recommended for test instances in Y 5 and Y 7, respectively, by the four
models.

Model
Dataset MovieLens-25M Yelp Amazon-music Amazon-electronic
Test year Y 5 Y 7 Y 5 Y 7 Y 5 Y 7 Y 5 Y 7

BPR

Y 5 0 − 0 − 0 − 0 −
Y 6 0 − 421 − 615 − 79 −
Y 7 22 0 829 0 970 0 363 0
Y 8 7 11 2, 365 504 1, 101 651 263 200
Y 9 6 88 5, 048 287 1, 304 1, 103 499 1, 224
Y 10 4 81 1, 851 1, 598 1, 197 1, 155 200 583

NeuMF

Y 5 0 − 0 − 0 − 0 −
Y 6 3 − 602 − 910 − 28 −
Y 7 7 0 1, 631 0 1, 501 0 1, 303 0
Y 8 27 31 3, 260 130 1, 733 878 549 0
Y 9 22 6 3, 542 1, 177 1, 491 1, 276 729 216
Y 10 15 1 5, 205 1, 791 1, 577 1, 573 2, 655 326

LightGCN

Y 5 0 − 0 − 0 − 0 −
Y 6 11 − 369 − 626 − 37 −
Y 7 32 0 739 0 1, 050 0 148 0
Y 8 116 189 1, 070 569 998 632 367 220
Y 9 22 26 1, 257 979 1, 036 893 262 430
Y 10 15 58 1, 103 1, 360 1, 152 1, 029 260 470

SASRec

Y 5 0 − 0 − 0 − 0 −
Y 6 315 − 967 − 906 − 216 −
Y 7 442 0 3, 074 0 1, 548 0 625 0
Y 8 144 489 2, 228 2, 666 1, 814 1, 341 487 1388
Y 9 342 403 3, 162 2, 893 1, 982 1, 376 20 3, 209
Y 10 993 386 1, 741 3, 014 1, 980 1, 662 12 2, 479

In a valid evaluation setting, a recommendation model should not have any knowl-

edge of “future items” or any interactions associated with them. Apart from the

issue of data leakage, recommending “future items” has a detrimental impact on

recommendation accuracy. This is because recommending an item that is not yet

available at the time of the test instance will never result in a successful hit. Con-

sequently, the offline evaluation tends to underestimate the true performance of

the model.

Merely filtering out the “future items” from the top-N recommendation list before

calculating recommendation accuracy is not a viable solution. The presence of

“future items” highlights the fundamental problem that the current offline eval-

uation setting is invalid. It is essential to acknowledge that a model should not

learn from future data that are not accessible at the time of the test instances.

By recognizing this, we emphasize the need for designing evaluation frameworks

that prevent data leakage and provide an accurate assessment of recommendation

model performance.
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Finding 2. With increasing number of “future interactions” included in training,

the top-N recommendation lists observe variations.

In the previous set of experiments, we conducted tuning for each run and uti-

lized the optimal hyperparameters specific to each recommendation. However, we

recognized that hyperparameters can introduce confounding effect that affects rec-

ommendation performance. Therefore, in this new set of experiments, we aim to

eliminate this confounding factor by employing fixed hyperparameters throughout.9

For this purpose, we select a dataset, a baseline model, and a test year (such as

Y 5 or Y 7) and perform multiple runs of experiments with varying amounts of

“future data” as specified in Table 3.3. Rather than tuning the hyperparameters

for each individual run, we now keep the hyperparameters fixed at the optimal

values obtained from the experiment that has no data leakage. By utilizing fixed

hyperparameters, we can compare the top-N recommendation sets obtained from

different experiments and assess the impact of data leakage. This approach allows

us to isolate the effects of data leakage without the interference of varying hyper-

parameters. The comparison between top-N recommendation sets can be done

by:

J(LA, LB) =
|LA ∩ LB|
|LA ∪ LB|

where LA and LB are two recommendation lists obtained from two experiments,

and J(LA, LB) refers to the Jaccard similarity between LA and LB. Note that,

a lower similarity score indicates that data leakage has a greater impact on the

training data distribution.

In every experiment, we perform seven random iterations using different seeds.

Thus, for each test instance within each experiment, we obtain seven sets of the

top-N recommendations. Then, we compare pairwise the seven recommendation

sets generated for a test instance when there is no data leakage, along with the

seven sets obtained using x years of “future training data”. As a result, we obtain

(7×7) = 49 similarity values for each test instance. These similarity values are then

averaged to mitigate random errors. Figures 3.7 and 3.8 illustrates the distributions

of similarity scores for all test instances in each experiment.

9Experiments are conducted with SASRec and LightGCN.



54 3.4. Experiment Results

0.0 0.2 0.4 0.6 0.8 1.0
0.0

0.2

0.4

0.6

0.8

1.0

Intrinsic Similarity Extrinsic Similarity

0 1 2 3 4 5
#Years of future data in training

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7

Ja
cc

ar
d 

si
m

ila
rit

y

(a) Y5, LightGCN on
Amazon-electronic

0 1 2 3
#Years of future data in training

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8

Ja
cc

ar
d 

si
m

ila
rit

y
(b) Y7, LightGCN on
Amazon-electronic

0 1 2 3 4 5
#Years of future data in training

0.2

0.4

0.6

0.8

Ja
cc

ar
d 

si
m

ila
rit

y

(c) Y5, LightGCN on
Amazon-music

0 1 2 3
#Years of future data in training

0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8

Ja
cc

ar
d 

si
m

ila
rit

y

(d) Y7, LightGCN on
Amazon-music

0 1 2 3 4 5
#Years of future data in training

0.0

0.2

0.4

0.6

0.8

1.0

Ja
cc

ar
d 

si
m

ila
rit

y

(e) Y5, LightGCN on
MovieLens-25m

0 1 2 3
#Years of future data in training

0.0

0.2

0.4

0.6

0.8

1.0

Ja
cc

ar
d 

si
m

ila
rit

y

(f) Y7, LightGCN on
MovieLens-25m

0 1 2 3 4 5
#Years of future data in training

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8

Ja
cc

ar
d 

si
m

ila
rit

y
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(h) Y7, LightGCN on Yelp

Figure 3.7: The intrinsic Jaccard similarity and extrinsic Jaccard similarity
distributions in experiments with LightGCN.
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(h) Y7, SASRec on Yelp

Figure 3.8: The intrinsic Jaccard similarity and extrinsic Jaccard similarity
distributions in experiments with SASRec.
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In Figures 3.7 and 3.8, we refer to the similarity obtained from the aforementioned

comparisons as “extrinsic similarity” because these comparisons involve experi-

ments with different training data, one with data leakage and the other without.

In contrast, we also calculate the “intrinsic similarity” which accounts for the ran-

domness resulting from different random seeds used in each experiment with the

same training data. Within seven sets of top-20 recommendations for each test

instance in each experiment, we can now perform (7 × 6)/2 = 21 pairwise com-

parisons, resulting in 21 intrinsic similarity scores for each test instance. These

intrinsic similarity values are then averaged for each test instance, and their distri-

butions are depicted in Figures 3.7 and 3.8 as the intrinsic similarity distribution

for all test instances.

Intrinsic similarity serves as a benchmark for evaluating extrinsic similarity. The

absolute value of extrinsic similarity alone lacks meaningful interpretation due to

the inherent randomness in the model training process. Therefore, we assess ex-

trinsic similarity by comparing it with the corresponding intrinsic similarity. If the

extrinsic similarity distribution significantly differs from its corresponding intrinsic

similarity distribution, it indicates that the top-20 recommendations are influenced

by the presence of “future training data”. This comparison helps us understand

the impact of incorporating such data on the recommendation outcomes.

From Figures 3.7 and 3.8, we made three observations. Firstly, as more “future

data” is incorporated into the training of recommendation models, the extrinsic

similarity tends to decrease. This means that the top-20 recommendation lists

increasingly differ from the lists obtained from the experiment without data leak-

age. This finding provides strong evidence that the models are influenced by the

altered user-item interaction distributions caused by the inclusion of “future data”

in the training set. Consequently, the training set with “future data” fails to

accurately represent the historical context in which the test instances occurred.

Notably, MovieLens-25M is more impacted by “future data” compared to Amazon-

electronic. This disparity could be attributed to the short time period of user activ-

ity in the MovieLens dataset and the unreliable timestamps present in MovieLens.

Consequently, the “future data” introduces substantially different contexts from

the users’ previous interactions. Additionally, variations in the recommendation

models employed on the two datasets may contribute to the differential impact.
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Secondly, the intrinsic similarity distributions in experiments with “future data”

differ from the intrinsic similarity distribution in the 0-year future data experi-

ment. This suggests that the presence of “future data” does indeed affect the

recommended items for each test instance, further supporting the conclusion that

the context of “history” is influenced by the inclusion of “future data”.

Thirdly, as more “future data” is added to the training, the extrinsic similarity

becomes increasingly distinct from the intrinsic similarity. This observation implies

that the differences in extrinsic similarity are not solely due to random variations

in the model training processes but rather due to the presence of data leakage.

Recalling the problem definition of recommendation discussed in Section 3.1, which

involves learning users’ preferences from historical data to predict their future inter-

actions, we demonstrate that the inclusion of “future data” inadequately modifies

the context of the “history” and, consequently, violates the recommendation prob-

lem definition, leading to an impact on the recommendation results.

3.4.2 Impact on Recommendation Accuracy

Finding 3. The impact of incorporating “future data” on recommendation accuracy

can vary, and it is not predictable.

Figure 3.9 depicts the HR@20 and NDCG@20 values for BPR, NeuMF, SASRec,

and LightGCN on the four datasets, with test year Y 5 selected. These values

represent the average results from three random trials of the same experiments

conducted with different seed numbers. By averaging the results, we aim to miti-

gate the potential impact of random factors and reduce noise in the measurements.

It is important to note that we utilize non-sampled metrics, as explained in Sec-

tion 3.3 of the paper. Consequently, the reported HR@20 and NDCG@20 values

in Figure 3.9 may appear lower compared to values reported in other papers (such

as [13] and [182]) that employ sampled metrics.

Analyzing Figure 3.9, we notice fluctuating patterns for all four models when addi-

tional “future data” is incorporated into the training, specifically from Y 6 to Y 10.

The HR and NDCG values exhibit ups and downs on the MovieLens-25M and

Yelp datasets. Similarly, fluctuating patterns can be observed for LightGCN on

the Amazon-music dataset and for BPR and LightGCN on the Amazon-electronic
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Figure 3.9: The HR@20 and NDCG@20 metrics are evaluated for BPR,
NeuMF, SASRec, and LightGCN on the test year Y 5, while considering the
progressive addition of future data starting from Y 6 and continuing up to Y 10.
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Table 3.5: Given test year Y 5, the lowest and highest performance changes
(in percentage) when having more future data from the Y 6 till Y 10, using the
result of no data leakage as reference. The lowest changes are presented in the
left column, while the highest changes are presented in the right column.

Dataset Metric BPR NeuMF LightGCN SASRec

MovieLens HR@20 −8.0%, +2.3% −4.1%, +0.9% −3.8%, +11.1% −5.3%, +17.2%
-25M NDCG@20 −6.3%, +5.5% −1.5%, +2.0% −9.3%, +6.8% −5.4%, +16.8%

Yelp
HR@20 −17.8%, +9.2% −6.1%, +18.3% −0.3%, +10.8% −13.6%, +1.9%

NDCG@20 −13.9%, +15.4% −6.6%, +18.3% −0.5%, +8.0% −29.0%, −0.6%

Amazon HR@20 +19.3%, +37.2% +39.6%, +65.6% 0%, +22.8% −5.4%, +3.3%
-music NDCG@20 +23.6%, +51.8% +40.2%, +89.5% +1.9%, +32.7% −3.4%, +6.3%

Amazon HR@20 +6.4%, +22.9% −38.1%, +14.3% −9.7%, +22.4% −7.5%, +62.5%
-electronic NDCG@20 +10.3%, +22.0% −35.5%, +13.8% −7.7%, +24.1% −3.3%, +73.0%

dataset. Additionally, a decreasing trend is observed for NeuMF on Amazon-

electronic, while an increasing pattern is seen for BPR, NeuMF, and SASRec

on Amazon-electronic. In contrast, we observe minimal changes in HR@20 and

NDCG@20 for SASRec on the Amazon-music dataset, which is the smallest dataset

among the four considered. These fluctuations and trends indicate the varying im-

pact of incorporating “future data” on the performance of different models across

different datasets.

In summary, the inclusion of more “future training instances” does not consistently

result in improved or degraded recommendation accuracy, but it does have an im-

pact on the values. Consequently, the presence of “future data” in the training set

relative to the test instances introduces unpredictability into the recommendation

results. This observation indicates that the recommendation performance becomes

unpredictable when data leakage occurs. Additionally, it is worth noting that the

experiments conducted on test year Y 7 yield similar results to those obtained on

test year Y 5, further emphasizing that data leakage leads to unpredictable recom-

mendation performance.

Table 3.5 provides a summary of the unpredictability of recommendation accuracy.

In this table, the reference results are based on the absence of any future data in

the training set. We report the lowest and highest changes in performance observed

when future data is added until test year Y 10. Taking the example of test year

Y 5 and HR@20, we compute the percentage changes in HR@20 when future data

is added from Y 6 to Y 10, and present the lowest and highest percentage changes.
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As shown in Table 3.5, compared to the results without data leakage, the perfor-

mance changes exhibit significant variations in both positive and negative direc-

tions. The magnitudes of these changes can reach as high as 89.5%, and no specific

pattern emerges. In summary, the impact of data leakage on recommendation

results is unpredictable, and the reported performance from experiments incor-

porating “future data” does not accurately reflect the performance in a practical

setting without data leakage.

Finding 4. The relative performance ordering of the evaluated models does not

exhibit consistent patterns when additional future data is included.

When additional “future data” is incorporated during training, the ranking order

of the four baselines (BPR, NeuMF, SASRec, and LightGCN) in Figure 3.9 un-

dergoes changes. Specifically, the rankings shift from Y6 to Y10. The summary

of these ranking orders is presented in Table 3.6, where a value of 1 signifies the

best performance (highest HR@20), while 4 indicates the weakest among the four

baseline models.

In Table 3.6, it is evident that there are inconsistent ranking orders among the four

baseline models when different amounts of “future data” are added for training.

The behavior is observed across multiple datasets.

For example, on the MovieLens-25M dataset, the sequential recommender SASRec

consistently performs the best. However, the ranking orders of the other recom-

menders (BPR, NeuMF, and LightGCN) frequently interchange, making it difficult

to determine which general recommender would provide better recommendation

results. Similarly, on the Yelp dataset, LightGCN consistently performs the best,

while NeuMF consistently performs the worst, regardless of the amount of “fu-

ture data” added. However, the relative performance ordering between BPR and

SASRec is inconsistent and unpredictable. The inconsistent ranking orders of the

four baseline models are also observed on both the Amazon-music and Amazon-

electronic datasets.

It is important to note that all models are tested on the same set of test instances

from Y 5, and the only difference lies in the inclusion of future data (from Y 6

to Y 10) that are not supposed to be available in Y 5. Due to these inconsistent

patterns, it is challenging to determine which model would generally yield better

recommendation results.
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Table 3.6: The ranking order of BPR, NeuMF, SASRec, and LightGCN in
terms of HR@20 for the test year Y 5. Here, a ranking of 1 indicates the model
with the highest HR@20 and the best recommendation performance, while a
ranking of 4 corresponds to the model with the lowest HR@20 among the four
baselines.

Dataset Train Year BPR NeuMF SASRec LightGCN

MovieLens-25M

Y 5 2 3 1 4
Y 6 3 4 1 2
Y 7 2 3 1 4
Y 8 4 2 1 3
Y 9 3 2 1 4
Y 10 4 3 1 2

Yelp

Y 5 3 4 2 1
Y 6 3 4 2 1
Y 7 2 4 3 1
Y 8 3 4 2 1
Y 9 3 4 2 1
Y 10 2 4 3 1

Amazon-music

Y 5 2 4 3 1
Y 6 1 3 4 2
Y 7 1 3 4 2
Y 8 2 3 4 1
Y 9 2 3 4 1
Y 10 1 3 4 2

Amazon-electronic

Y 5 2 3 4 1
Y 6 2 3 4 1
Y 7 2 3 4 1
Y 8 1 3 4 2
Y 9 2 4 3 1
Y 10 3 4 2 1

3.5 Summary

This chapter presents a critical analysis of data leakage in the offline evaluation

of recommender systems. The main focus is on considering the global timeline in

the evaluation process. We examine the temporal dynamics of users and items by

analyzing their average active time across four major datasets. We emphasize that

users’ last interactions can occur at any time, and items can be released at any

point along the global timeline.

In collaborative filtering, if the train/test data split does not take the global time-

line into account and all training instances are presented to the recommender as a
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whole, the model can learn from data instances that are not available at the time

of the test instance. Through meticulously designed experiments, we demonstrate

that models with data leakage recommend future items that are not yet available

to the system at the time of the test instance. Additionally, we show that incor-

porating more future data leads to different recommendation lists compared to the

model without data leakage, specifically for the test instances.

By evaluating recommendation accuracy measures, we reveal that the impact of

data leakage is unpredictable, meaning that the reported results in the literature

may not accurately reflect the performance of recommendation models in an online

setting. Data leakage also affects the relative ranking order of the evaluated models

in terms of performance. Consequently, it becomes challenging to draw conclusions

from existing literature regarding which models are more likely to provide better

recommendation results in an online setting.

Based on our comprehension of the problem definition in recommender systems

and the insights gained from this critical analysis, we propose to conduct a more

realistic evaluation of recommender systems in an offline setting. The key idea

is to follow the global timeline and conduct train-test split using a “time point

separation scheme”.



Chapter 4

Modelling Temporal Context

Along The Global Timeline

4.1 Introduction

In the previous chapter, we have demonstrated that neglecting the global timeline

leads to the issue of data leakage. This data leakage hinders the effective modeling

of the users’ preference along the global timeline. In this chapter, we aim to study

this issue from perspective of temporal context along the global timeline.1

Detecting and capturing the temporal context along the global timeline is chal-

lenging for several reasons. Firstly, the temporal context is dynamic and can vary

in duration based on external factors such as important events occurring along the

global timeline. For instance, in the film industry, a highly popular movie like

AVENGERS can dominate the market and attract a substantial number of con-

sumers. Similarly, in the mobile phone industry, the release dates of new products

significantly impact interaction trends. Consequently, domain knowledge is neces-

sary to appropriately delineate the temporal context within the global timeline.2

1This chapter is published as Yitong Ji, Aixin Sun, Jie Zhang and Chenliang Li. A Critical
Study on Data Leakage in Recommender System Offline Evaluation. ACM Trans. Inf. Syst. 41,
3, Article 75 (July 2023), 27 pages. [183]

2This chapter also includes content from the publication - Yitong Ji, Aixin Sun, Jie Zhang, and
Chenliang Li. 2022. Do Loyal Users Enjoy Better Recommendations? Understanding Recom-
mender Accuracy from a Time Perspective. In Proceedings of the 2022 ACM SIGIR International
Conference on Theory of Information Retrieval (ICTIR ’22). Association for Computing Machin-
ery, New York, NY, USA, 92–97. [184]

63
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In this chapter, we visualize the temporal context using items’ popularity. Note

that, the popularity based recommender, MostPop, is a widely used baseline in

academic research of recommender system.

4.1.1 Popularity Baseline in Recommender System

The popularity of items can vary over time. We demonstrate this phenomenon

in Figure 4.1, where we present three example items: A, B, and C, along with

their respective number of interactions over time. Suppose a user interacts with

the system at times t1, t2, and t3. In that case, the “most popular” items at those

specific times would be A, B, and C, respectively, assuming that the system only

consists of three items.

In order to gain insights into the popularity based recommender (i.e., MostPop)

in recommendation tasks, we conduct a study by sampling 12 papers from top-

tier conferences such as KDD, WWW, SIGIR, and RecSys. Additionally, we also

examined 6 open-source toolkits. Several studies define the MostPop baseline as

a non-personalized method where popular items are recommended. This defini-

tion is often provided briefly without further elaboration [180, 185–189]. Other

works highlight that popularity can be measured based on the number of ex-

plicit or implicit feedback on items [6, 13, 190–192]. Additionally, we observe that

in several open-source recommendation tools, including LibRec [193], Sequence-

BasedRecommender [194], RecommenderLab [195], CaseRecommender [196], Mi-

crosoft Recommender [197], and TagRec [198], popularity is defined based on the

“number of interactions in the training data”.

In summary, many studies define and evaluate popularity based on the overall

popularity of items in the training set. This means that the recommended items

are those with the highest number of interactions in the training data. However,

depending on how the offline data is partitioned into training and test sets, we argue

that in many existing evaluations, the MostPop baseline does not accurately reflect

the common understanding of popularity. We illustrate this point using leave-one-

out split which treats the last interaction of each user as a test instance, and

considers the remaining interactions as training instances. Referring to Figure 4.1,

t1 is taken as the last time point when user u1 interacts with the system. t2 and t3

are considered as the last time points of interactions from u2 and u3, respectively.



Chapter 4. Modelling Temporal Context Along The Global Timeline 65

Item A

Item B

Item C

Time 𝑡 𝑡1 𝑡2 𝑡3

N
u

m
b

e
r 

o
f 

in
te

ra
ct

io
n

s 

Figure 4.1: Popularity of items A, B, and C over time.

Regardless of the popularity of items B and C, u1 has never had the opportunity

to access these items because they were not released yet at time t1. However,

according the mainstream MostPop definition, the MostPop model simply ranks

items based on the accumulated user interactions in the training set. And the

popularity rank becomes C, A and B in descending order. As a result, items

that are released after a user’s last interaction can be recommended to that user,

which is not feasible in reality. This illustration shows that temporal context along

the global timeline cannot be well modelled, due to the presence of leaked future

interactions in the training set.

To prove the importance of considering temporal context in recommendation, we

performed experiments on the MovieLens-20m dataset, which includes interaction

data spanning 20 years from January 9, 1995, to March 31, 2015. Then, we utilize

a leave-one-out approach, where we set aside the last interaction of each user as

the test data and used the remaining interactions for training, following the com-

monly used leave-one-out splitting method. To replicate a scenario where a system

needs considerable time to accumulate user interactions, we evaluated the models

using test instances that occurred within the last five years (from March 31, 2010,

to March 31, 2015). Our evaluation consisted of 29, 431 test instances. We em-

ployed the Hit Rate (HR) and Normalized Discounted Cumulative Gain (NDCG)

as evaluation metrics. We compared three “popularity” models in our analysis.

• MostPop. It is commonly used in research papers and toolkits. MostPop

ranks items based on the number of interactions they receive in the entire

training set.
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Table 4.1: Results of popularity based recommendation model; best results in
bold

Popularity HR@5 HR@10 NDCG@5 NDCG@10

MostPop 0.0304 0.0462 0.0198 0.0248
RecentPop 0.0530 0.0845 0.0338 0.0440
DecayPop 0.0532 0.0843 0.0341 0.0441

• RecentPop. RecentPop is a recommendation approach specifically de-

signed to suggest popular movies to a user at the time of their interaction

with the system. This time point is denoted as t0, which represents the

timestamp of the user’s last interaction during the testing phase. To

determine the most popular movies at t0, we take into account that a

movie’s popularity can change over time. Therefore, we rank the movies

based on the number of ratings they received within a short time period,

specifically [t0−∆t, t0]. In our evaluation, we set ∆t to be 1 month. This

allows us to capture the movies that have been popular within that recent

time frame.

• DecayPop. DecayPop is an extension of the RecentPop approach, de-

signed to determine popular movies over a longer time period leading up

to t0. In DecayPop, we consider the past 6 months before t0 and calculate

a weighted sum of the number of ratings received by movies during that

period. The weight assigned to each month’s ratings is determined using

an exponential decay function, e(−tm). Here, tm represents the number of

months relative to t0, ranging from 1 (for the most recent month) to 6 (for

the oldest month). By applying this exponential decay, we assign higher

weight to the more recent interactions of movies, reflecting the notion

that the recent ratings are more indicative of the current popularity.

Both RecentPop and DecayPop, similar to MostPop, are non-personalized meth-

ods. The key distinction is that RecentPop and DecayPop consider the time point

when a user interacts with the system and derive the most popular items specifi-

cally at that time. In Table 4.1, we can observe the recommendation accuracy of

the three popularity methods. Two noteworthy observations can be made. Firstly,

RecentPop demonstrates a significant improvement over MostPop across all evalu-

ation metrics, with enhancements ranging from 70% to 83%. Secondly, DecayPop
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achieves a slightly higher recommendation accuracy compared to RecentPop and

performs best on three out of four measures.

By incorporating the time dimension into the evaluation, both RecentPop and De-

cayPop yield substantial improvements over MostPop. These new definitions of

popularity are straightforward to implement and can be customized by adjusting

parameters such as ∆t and the weighting function. We argue that both RecentPop

and DecayPop models the temporal context better and thus achieve better rec-

ommendation. More importantly, this experiment further demonstrates that data

leakage could result in failure to model the correct temporal context when a user

interacts with an item.

4.2 User Behaviors vs Temporal Context

Most datasets commonly used in academic research of recommender systems lack

explicit information regarding the temporal context. Furthermore, extracting rel-

evant information that could be utilized to derive the temporal context, such as

special promotional events, is a challenging task. As a result, establishing a clear

connection between user interactions and the temporal context becomes difficult,

thereby impeding the ability to model user preferences in consideration of the tem-

poral context effectively.

In many existing studies, a training set is fed to a recommendation model to learn

user preference without considering the temporal context along the global timeline.

Hence, the objective of this chapter is to investigate the relationship between user

interactions and the temporal context. Specifically, we set aside a time frame that

is of a short duration. By selecting a limited time interval, we assume that the

temporal context remains relatively consistent during this period. Further, we

analyze the influence of user interaction-related factors on predicting interactions

that occur within the specified duration. By examining these associations, we aim

to gain insights into how user behaviors affect the prediction of interactions that

happen within a predefined time frame.

Assuming that the test instance of a user happen at time t, the three user in-

teraction related factors of him/her can be defined according to Figure 4.2. In

particular, we have (i) number of interactions that the user has until time t;
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Figure 4.2: User interactions related factors considered in analysis

Table 4.2: The statistics provided below pertain to the four datasets, each
capturing interactions that occurred within a 10-year period starting from their
respective starting times.

Dataset Starting time Data filtering #User #Item #Data instances

MovieLens-25M 21 Nov 2009 No filtering 62, 202 56, 774 9, 808, 925
Yelp 13 Dec 2009 10-core 116, 655 61, 027 3, 127, 215
Amazon-music 02 Oct 2008 5-core 11, 651 9, 243 114, 833
Amazon-electronic 05 Oct 2008 10-core 109, 990 39, 552 1, 752, 238

(ii) active time period (ATP) which specifies the time duration between the

user’s first interaction in the system and the time of the test instance (i.e., time t);

and (iii) recency defined by the time interval between time t and the user’s latest

interaction just before time t. The first two factors determine the extent that the

user is engaged with the system.

4.2.1 Experiment

This section provides an in-depth description of the datasets used, the recommen-

dation models evaluated, and the experimental setup employed for our study.

4.2.1.1 Datasets and Evaluated Models

Our experimentation encompasses four publicly available datasets, namely MovieLens-

25M, Yelp, Amazon-music, and Amazon-electronic. All interactions within these

datasets are accompanied by timestamps. To ensure consistency and relevance,

we extract interactions that occurred within a specific 10-year time period for our

experiments (refer to Table 4.2 for the starting time of each dataset). Additionally,

we apply a filtering process to eliminate exceedingly inactive users or items.
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For Yelp, Amazon-music, and Amazon-electronic datasets, we employ k-core filter-

ing. This technique ensures that all users and items included in the dataset possess

a minimum of k interactions. To accommodate the dataset’s size and sparsity, we

opt for a 10-core filtering strategy for Yelp and Amazon-electronic, while selecting

a 5-core filtering approach for Amazon-music. Note that, MovieLens-25M dataset

does not undergo any filtering process as it already guarantees that each user has

a minimum of 20 ratings. The statistics of the four datasets after the filtering

procedure are presented in Table 4.2. By implementing these filtering methods, we

can focus on a core subset of users and items, thus enhancing the effectiveness of

our analysis.

Our findings are based on the recommendation results generated by five widely

used baseline models: BPR [174], NeuMF [13], LightGCN [49], SASRec [89], and

TiSASRec [90]. Each baseline model represents a distinct type of recommendation

approach. BPR, NeuMF, and LightGCN are general recommender models that

do not explicitly incorporate temporal information. BPR utilizes pairwise ranking

loss within matrix factorization to learn latent factors of users and items. NeuMF

combines matrix factorization and multi-layer perceptron to learn the user and

item interaction function. LightGCN is a graph-based recommender model that

leverages graph convolutional networks to capture complex relationships between

users and items. On the other hand, SASRec is a time-aware model that considers

the temporal order of interactions. SASRec employs a self-attentive network to

model sequential patterns in user behavior. The first four baselines follow the

same baselines in Chapter 3. We further introduce TiSASRec in this chapter. It is

built on top of SASRec, but taking into account the time intervals between events

as input, enhancing the temporal-awareness of the model. These five baseline

models encompass various recommendation approaches, enabling a comprehensive

evaluation of their performance and the impact of user interactions related factors

in our study.

4.2.1.2 Evaluation Setting

Chapter 3 highlights the significant issue of data leakage in the offline evaluation of

recommender systems. Specifically, data partition strategies such as leave-one-out

and random-split-by-ratio, which do not adhere to the global timeline, can lead

to the training of recommendation models using future training instances. Future
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training instances refer to interactions that occur after the time point of a test

instance.

While we acknowledge that using leave-one-out-split could be problematic, we

adopt one for experiment in this chapter. This means that for each user, their

last interactions are treated as the test instances, while the remaining interactions

are utilized as training instances. The decision to employ leave-one-out split is

twofold: it is a widely adopted data partitioning strategy in recommender systems,

and it enables recommendation models to have a comprehensive understanding of a

user’s historical interactions by excluding only their last interaction from the train-

ing set. Once the training and test sets are obtained, we follow the methodology

outlined in Chapter 3 to evaluate the performance of the models on test instances

that occur within a specific year.

Same as in Chapter 3, each dataset consists of interactions spanning a 10-year

period. We specifically select test instances that occur within a particular year for

evaluation purposes. Let’s consider year 10 (denoted as Y 10) as an example. In

this scenario, test instances that took place in Y 10 are included in the test set for

that specific experiment run. All instances preceding Y 10 (i.e.,, Y 1 to Y 9), along

with the training instances within Y 10, are used for training the models. Despite

the presence of a data leakage issue with the leave-one-out split, we mitigate it to a

minimal extent by restricting it solely to training instances in Y 10. Simultaneously,

we leverage the advantage offered by the leave-one-out split, namely, gaining a

comprehensive view of a user’s interaction history.

Following this experimental setup, we perform experiments on each of the four

datasets, using Y 10 as the test year. For each model, we conduct continuous ran-

dom search to tune their hyperparameters during each run of the experiment. To

ensure consistency with previous research [178, 179], we perform hyperparameter

tuning using a validation set that includes the second last interaction of each user.

Regarding the evaluation metrics, we employ Hit Rate (HR) and Normalized Dis-

counted Cumulative Gain (NDCG). In our research, we rank all the available items

and generate top-N recommendations for evaluation purposes. It is worth noting

that we do not utilize sampled metrics since they can introduce bias in measuring

recommendation accuracy [160]. By considering all available items and making
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Table 4.3: Average number of interactions for each user group.

Dataset Baselines
#Interactions

Loyal Users Non-loyal Users

MovieLens-25M
General Recommenders 505.0 61.4
SASRec 40.0 28.1
TiSASRec 36 26.4

Yelp
General Recommenders 48.2 11.8
SASRec 17.9 11.8
TiSASRec 32.2 11.8

Amazon-music
General Recommenders 17.7 4.7
SASRec 16.1 4.7
TiSASRec 15.6 4.7

Amazon-electronic
General Recommenders 21.8 10.2
SASRec 21.1 10.2
TiSASRec 18.5 10.2

recommendations based on their rankings, we aim to provide a comprehensive and

unbiased assessment of the performance of the evaluated models.

4.2.2 Experiment Results

We now study the recommendation results to quantify the impact of user interac-

tions related factors on the recommendation accuracy.

4.2.2.1 Number of Interactions

In our data partitioning strategy, known as leave-one-out-split, we divide the

dataset into training and test sets. For each user, his/her last interaction is treated

as the test instance, while all previous interactions are considered as training in-

stances. The number of interactions a user has in the training set can serve as an

indicator of his/her loyalty. To simplify the analysis, we rank users based on the

number of interactions they have in the training set. Users who fall within the

top 50% are classified as loyal users, while the remaining users are categorized as

non-loyal users. The average number of interactions for both loyal and non-loyal

users are provided in Table 4.3.
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Figure 4.3: HR@10 and NDCG@10 of loyal and non-loyal users by number
of interactions, in test year Y 10

It’s important to note that for the SASRec and TiSASRec models, only the most

recent “n” interactions of each user are utilized during training. This is because

SASRec and TiSASRec leverage self-attention networks, which require memory

that is quadratic in the length of the user’s interaction sequence. As mentioned

in the original papers of SASRec and TiSASRec, we tune the value of “n” as

a hyperparameter. Consequently, Table 4.3 reflects varying average numbers of

interactions for loyal and non-loyal users in the case of SASRec and TiSASRec,

compared to the general recommender models (BPR, LightGCN and NeuMF).

Figure 4.3 illustrates the recommendation accuracy in terms of HR@10 and NDCG-

@10 for loyal and non-loyal users, categorized based on the number of interac-

tions. Across the MovieLens-25M, Yelp, and Amazon-music datasets, all five

models demonstrate superior recommendations for non-loyal users when consid-

ering HR@10. When it comes to the Amazon-electronic dataset, only SASRec and

TiSASRec exhibit better results for loyal users, the general recommenders show
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similar trends as in the other datasets. Regarding NDCG@10, non-loyal users gen-

erally receive better recommendations compared to loyal users, with the exception

of TiSASRec on Amazon-music, as well as SASRec and TiSASRec on Amazon-

electronics.

Interestingly, the overall trend suggests that non-loyal users tend to receive bet-

ter recommendations than loyal users, particularly with the general recommender

models. This finding contradicts the common intuition that a larger amount of

historical data would lead to better understanding of a user’s preference in recom-

mendations. Consequently, we propose a hypothesis that not all historical interac-

tions by a user are equally valuable when making “recent” recommendations. In

other words, not all historical interactions of a user provide useful information for

user preference prediction at the temporal context that the test instance is in.

4.2.2.2 Active Time Period (ATP)

Merely considering the number of interactions is deemed inadequate. This is be-

cause a user can accumulate numerous interactions within a short time frame. To

address this limitation, we introduce a new factor called Active Time Period (ATP).

We consider the time point of the last interaction of a user as the time point when

a recommendation is about to be made for this user. Hence, we define ATP to be

the number of days between a user’s initial interaction and the recommendation

time (the last interaction/test instance in our setting).

Similar to the “number of interactions”, ATP can be considered as a loyalty indi-

cator. The loyalty definition threshold is set as the median ATP of users in the

training set. Users with ATP higher than the threshold are considered loyal users,

due to their long-time engagement with the system. The remaining users are clas-

sified as non-loyal users. In table 4.4, we list the average ATP values for loyal and

non-loyal users across different models.

Figure 4.4 depicts the HR@10 and NDCG@10 results for loyal and non-loyal users

based on their active time period. In general, non-loyal users, characterized by a

shorter active time period, tend to receive better HR@10 and NDCG@10 results

compared to loyal users. A loyal user, as indicated by the active time period, is

an individual who has been interacting with the system for an extended period.
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Table 4.4: Active time period (days) for each user group.

Dataset Baselines
ATP (days)

Loyal Users Non-loyal Users

MovieLens-25M
General Recommenders 909.2 3.3
SASRec 385.9 1.1
TiSASRec 366.9 1.0

Yelp
General Recommenders 2299.2 964.1
SASRec 1899.1 622.9
TiSASRec 2173.8 864.9

Amazon-music
General Recommenders 1592.3 445.0
SASRec 1578.5 434.2
TiSASRec 1572.0 429.4

Amazon-electronic
General Recommenders 2208.5 1012.0
SASRec 2188.9 1003.1
TiSASRec 2101.1 940.1

On one hand, the system has a greater opportunity to capture the user’s long-

term interests. On the other hand, interactions that occurred a long time ago

may not necessarily reflect the user’s current preferences in the current context.

Our findings, as shown in Figure 4.4, largely support the latter scenario across

multiple datasets. Additionally, we observe that loyal and non-loyal users achieve

comparable recommendation accuracy with SASRec and TiSASRec on all four

datasets. This is due to the fact that SASRec and TiSASRec are designed to treat

recent and old interactions differently for each user.

Our results indicate that the preferences of loyal users may not be accurately

predicted, particularly for general recommender models that treat all training in-

stances equally. We hypothesize that this observation is primarily attributed to

outdated interactions that occurred a long time ago, which fail to reflect a user’s

current interests in the latest temporal context. Therefore, this motivates us to

further investigate another factor: recency.

4.2.2.3 Recency

Recency, as defined in our research, refers to the time interval in days between a

user’s test instance and their most recent interaction just before the test instance.

To differentiate between active and inactive users based on recency, we rank all
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Figure 4.4: HR@10 and NDCG@10 of loyal and non-loyal users by active
time period, in test year Y 10

Table 4.5: Recency (days) for each user group.

Dataset
Recency (days)

Loyal Users Non-loyal Users

MovieLens-25M 1.6e− 4 32.2
Yelp 12.5 283.0
Amazon-music 1.7 447.8
Amazon-electronic 15.1 373.8

users and use the 50th percentile recency as the threshold. Active users are identi-

fied as those with shorter recency values, while the remaining users are categorized

as inactive. The statistics about recency factor is shown in Table 4.5

Figure 4.5 presents the results of our evaluation, displaying the HR@10 and NDCG-

@10 scores for both active and inactive user groups. Across all types of rec-

ommenders, encompassing both general and sequential models, we observe that

active users consistently receive better recommendations in terms of HR@10 and

NDCG@10. These findings strongly suggest that recent interactions hold more



76 4.2. User Behaviors vs Temporal Context

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0

0.0

0.5

1.0

1.5

2.0

2.5

3.0

3.5

4.0 HR@10: Active Users
HR@10: Inactive Users

NDCG@10: Active Users
NDCG@10: Inactive Users

BPR NeuMF LightGCN SASRec TiSASRec
0.000

0.050

0.100

M
o

vi
el

en
s-

25
M

BPR NeuMF LightGCN SASRec TiSASRec
0.000

0.035

0.070

Y
el

p

BPR NeuMF LightGCN SASRec TiSASRec
0.000

0.040

0.080

A
m

az
o

n
-m

u
si

c

BPR NeuMF LightGCN SASRec TiSASRec
0.000

0.025

0.050

A
m

az
o

n
-e

le
ct

ro
n

ic

Figure 4.5: HR@10 and NDCG@10 for users grouped by recency of the latest
interaction before test instance.

significance in predicting user preferences. This observation also helps explain the

earlier finding that loyal users tend to receive poorer recommendations compared

to non-loyal users.

Furthermore, it is interesting to note that the recommenders, regardless of their

consideration of time information in their models, exhibit similar trends regarding

the influence of recency. Even time-aware models like SASRec and TiSASRec do

not explicitly incorporate the recency factor during the recommendation process.

Instead, they focus on the user’s local timeline (i.e.,, their interaction sequence)

rather than the global timeline. Based on the insights gained from the impact

of recency, we argue that recommenders should dynamically account for recent

interactions when making recommendations, taking into consideration the specific

time point along the global timeline, to enhance their performance in predicting a

user’s preference at the latest temporal context.
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4.3 Summary

In this chapter, we aim to demonstrate the crucial role of considering the global

timeline in capturing the temporal context for effective recommendations. Our

findings reveal that neglecting the global timeline can result in the failure to cap-

ture the necessary temporal context. We conduct a simple experiment using a

popularity baseline, which further confirms that without correctly modeling the

temporal context, the optimization of recommendations cannot be achieved. Thus,

it emphasizes the significance of adhering to a global timeline.

While it may seem straightforward to follow a global timeline, merely doing so is

not always sufficient for adequately modeling the temporal context. Many existing

studies overlook the importance of ensuring that the training set comprehensively

represents the temporal context. Consequently, in this chapter, we investigate the

capability of a training set to effectively model the temporal context. Specifically,

we explore the relationship between user behaviors and the temporal context by

examining the impact of three factors associated with user behaviors on recom-

mendation performance.

The experimental results obtained illustrate that not all user interactions con-

tribute equally to learning a user’s preference. Instead, recent interactions carry

more significance, highlighting their crucial role in capturing the temporal context

accurately.





Chapter 5

Incremental Learning for

Recommender System

5.1 Introduction

In previous chapters, we have shown that it is essential to evaluate a recommender

system following the global timeline to ensure the correct and fair comparison

between recommendation baseline models. Moreover, we conduct experiment on

popularity baseline to further prove the importance of considering temporal context

in recommendation. In addition, experiments that study the relationship between

user behaviours and temporal context also proves that it is not necessary to learn

a user’s preference from all his/her historical behaviours. Instead, the more recent

interactions are more important to the user’s choice under the recent temporal

context. Hence, the more recent interactions should be placed with more weights

to model the user’s recent interests.

Not only do the users change over time, items in the market undergo changes like

popularity and market positioning. In a real-life scenario, as a business expands

and attracts more users and items, it becomes essential to continually update

the recommender system. This ensures that the recommendation model stays

updated with the latest developments, including the addition of new users, items,

and emerging trends observed from recent interactions. By updating the model,

the business aims to better cater to its users and provide them with effective

recommendations.

79
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Figure 5.1: We record the recall@20 over 6 periods in offline evaluation of
recommendations on Amazon-books, Amazon-electronic and Yelp, when no re-
training has been conducted for LightGCN and NGCF.

The need to update or refresh a recommendation model using the most recent

interactions can be supported by Figure 5.1. In the experiment conducted, Light-

GCN and NGCF models are trained using specific datasets from Amazon-books,

Amazon-electronic, and Yelp. Once trained, these models are kept fixed without

any further retraining. The fixed models are then used to make recommendations

over the course of six periods, where the length of each period varied depending on

the dataset: one month for Amazon-books and half a year for Amazon-electronic

and Yelp.

Figure 5.1 illustrates that the performance of the recommendations gradually de-

teriorated over time. This decline can primarily be attributed to the fact that an

outdated model, which has not undergone retraining, cannot effectively capture the

latest trends in the data. As new interactions occur and user preferences evolve,

the recommendation model needs to be regularly updated to adapt and provide

accurate and relevant recommendations.

In this thesis, we focus on retraining of the Graph Convolutional Network (GCN)-

based recommendation model. The key reason of considering graph-based recom-

mendation is that GCN-based recommenders have been proven to be effective in

recommendation, because it captures the high-order relationship between users and

items. Moreover, retraining of GCN-based recommendation has been less explored

compared to general recommenders, since it is non-trivial to consider the evolving

graph structure.

Figure 5.2 demonstrates a typical scenario that the retraining process takes place at

the end of specific time windows denoted as t0, t1, up to tn. Initially, an modelMinit
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Figure 5.2: Model retraining with incremental Learning. The inputs for re-
training can be from the latest deployed model, the new interactions and the
historical interactions observed prior to the current time window.

is trained using interactions observed before the first time window, t0. The model

Minit is then deployed for providing recommendations during the time window t0.

At the end of t0, the model is retrained, resulting in an updated model M0. This

updated model M0 is subsequently deployed to provide recommendations during

the next time window, t1. At the end of each time window like tn, the retraining

process incorporates three types of information. First, Rn represents the set of new

interactions observed during the time window tn, capturing the most recent user-

item interactions. Second, R<n encompasses all historical interactions observed

before tn. Lastly, Mn−1 refers to the latest model updated during the previous

time window tn−1. The parameters of Mn−1 reflect the most up-to-date knowledge

captured by the recommender system prior to tn, taking into account the multiple

updates performed since the initial model Minit.

We would use an example to illustrate the two straightforward retraining strategies.

Assuming it is at the end of time window tn, Rn represents the new interactions

observed within tn and Mn−1 refers to the latest recommendation model. The sim-

plest retraining strategy, fine-tuning, is to update the latest model Mn−1 using the

newly observed interactions Rn to obtain Mn. However, this strategy can lead to

a potential problem known as catastrophic forgetting [125, 199]. It means that the

model may forget the long-term preferences of users because it is always focused on

capturing the current trends in each update. If the long-term preference like brand

loyalty happens to be not reflected in Rn, fine-tuning may eventually abandon this

piece of information, which is not desirable. Figure 5.1 further demonstrates the
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existence of long-term preference. It shows that although the recall@20 metric de-

creases over time without retraining the recommendation model, it does not drop

to zero even after six periods of no retraining. This suggests that parts of user pref-

erences and item characteristics may remain relatively stable over time. Thus, an

old model trained from historical interactions can still make accurate predictions

on new interactions. To this end, we argue that it is crucial to preserve histor-

ical information expressed in historical interactions to enhance recommendation

accuracy.

To effectively utilize both historical and new information, the other strategy is

full-retraining. This approach abandons the latest model and rebuilds a new rec-

ommendation model from scratch using all interactions (i.e.,, R<n ∪ Rn) seen so

far. However, full-retraining poses scalability issues as the training cost increases

with the growing number of interactions over time. Moreover, not all historical in-

teractions carry relevant information in a recent context, as some may be outdated

or less indicative of current user preferences and trends, as discussed in Chapter 4.

Researchers have explored various strategies to address these challenges and strike

a balance between retaining historical information and capturing recent trends.

Several existing studies (SML [110], ASMG [120], SPMF [116], GraphSAIL [111],

CI [119]) have employed a scalable and effective retraining strategy known as In-

cremental Learning. These studies utilize various techniques to ensure that the

model benefits from both newly observed interactions in the current time window

and the retention of old information.

To accomplish this, incremental learning strategies employ different approaches to

make the model “memorize” or retain old information. One common technique

involves sampling a subset of historical interactions to serve as representative ex-

amples of long-term information. This approach is adopted in studies such as

SPMF [110], SSRM [117], and GAG [118]. Additionally, some studies, including

SML [110] and ASMG [120], consider the model parameters (e.g.,, user embed-

dings) learned in the past as a form of historical information. By incorporating

these parameters into the retraining process, the model can retain valuable knowl-

edge from previous iterations. By combining newly observed interactions with

sampled historical interactions or utilizing previous model parameters, these in-

cremental learning strategies strike a balance between incorporating recent trends

and preserving long-term preferences. This enables the recommendation model to
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continuously adapt to changing user behavior while leveraging the accumulated

knowledge from the past.

In this chapter, we propose a novel incremental learning strategy called Disen-

tangled Incremental Learning (DIL) specifically designed for Graph Convolutional

Network (GCN) based recommenders. GCN-based recommenders are chosen for

their ability to model complex relationships between users and items, as well as

their proven effectiveness in previous studies [49, 50, 52, 200].

DIL addresses the two main challenges in incremental learning: extracting his-

torical information and effectively blending historical and new information in the

retrained model. While existing methods often consider the entire node represen-

tations from the previous model as historical information, DIL takes a different

approach. It recognizes that not all information in the previous node representa-

tions is relevant for long-lasting attributes. Additionally, DIL treats information

from neighbors at different hops separately, as different hops contribute differently

to historical information. To tackle this, DIL introduces an Information Extraction

Module (IEM) that dynamically adjusts what and how much historical information

to extract from the previous model. Rather than extracting predefined information,

the IEM learns weights to facilitate the extraction process.

To blend new and old information effectively, DIL proposes a Disentanglement

Module (DM) that treats the two types of information differently during model

retraining. The DM ensures that the old and new information are distinct, reflect-

ing their respective semantics. However, both pieces of information work together

through GCN learning to achieve accurate recommendations.

This chapter contributes threefold. Firstly, it introduces the IEM as an approach

to extract historical information from the previous model, providing two imple-

mentation designs. Secondly, it introduces the disentanglement of historical and

new information to effectively capture both types of information. Notably, this

is the first work to disentangle long-term preferences and short-term preferences

in recommendation model retraining. Lastly, it redesigns the embedding layer in

GCN-based recommenders for model retraining, incorporating historical informa-

tion from the IEM and new information to be learned from the current interaction

graph. This enables information exchange among adjacent nodes and indirect
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neighbors through GCN message propagation, resulting in more accurate recom-

mendations.

DIL is evaluated on two base models, NGCF [50] and LightGCN [49], using three

benchmark datasets: Amazon-books, Amazon-electronic, and Yelp. The exper-

imental results demonstrate the effectiveness of DIL in retraining GCN models.

Furthermore, DIL is shown to be a generic approach for GCN-based model retrain-

ing and performs well when integrated with various GCN-based recommendation

models.

5.2 Preliminary: GCN-based Model

Our retraining framework DIL is specially designed for GCN-based recommenda-

tion model. In this section, we thus present the general architecture of the base

model. Specifically, we focus on a user-item bipartite graph used in recommenda-

tion, denoted as G = (V , E). In particular, there exists only two types of node in

the graph - user node and item node. The interactions between users and items

are denoted as the edge set E . Edges only exist between a user node and an item

node.

A GCN-based recommender model generally has the following modules: (i) an

embedding layer, (ii) L neighbor aggregation & information update layers, and

(iii) a final representation layer [12, 46].

Embedding layer. Like other deep learning based recommendation model [13,

194], a GCN-based recommendation model begins with an embedding layer. Uti-

lizing user ID and item ID, the user embedding (eu ∈ Rd) and item embedding

(ev ∈ Rd) can be obtained, representing the initial features of users and items re-

spectively. In this context, d denotes the dimension of the embedding vector. Both

the user and item embeddings are trainable parameters and are updated during

the model training process.

Neighbor aggregation & information update. In a GCN-based recommender

system, a graph structure is considered along with the features associated with user

and item nodes. This architecture enables each node to gather information from
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its neighboring nodes. For instance, the messages received from the neighbors

(denoted as N(u)) of a user node u can be expressed as follows.

hN(u) = AGGREGATION (hv,∀v ∈ N(u)) (5.1)

To leverage the graph structure more effectively, neighbor aggregation can be ex-

tended to enable high-order message propagation. This entails stacking multiple

layers of neighbor aggregation, allowing for recursive information gathering from

neighbors up to L hops away. Hence, at the ℓth step, the message received from

the neighbors of user u can be expressed as:

h0
v = ev (5.2)

h
(ℓ−1)
N(u) = AGGREGATION

(
h(ℓ−1)
v ,∀v ∈ N(u)

)
(5.3)

Based on the aggregated messages from neighbors, the representation of the user

node is subsequently refined at each propagation layer with an update function,

e.g.,, summation:

hℓ
u = UPDATE

({
hℓ−1
u , hℓ−1

N(u)

})
(5.4)

In the discussion above, the user node is used as an example. However, it is impor-

tant to note that the same aggregation and update processes are also applicable to

item nodes. By utilizing the user-item bipartite graph, a GCN-based recommender

system can model not only the relationships between users and items but also the

indirect relationships between users and other users, as well as between items and

other items through the multi-hop aggregation mechanism.

Final representation layer. By stacking L message propagation layers, we ob-

tain L node representations, one at each layer. In a recommender system, the

approach for deriving a final representation for users/items may vary. For exam-

ple, models like PinSage [48] and STAR-GCN [201] select the representation from

the last layer, denoted as hfinal
u , as the final representation. On the other hand,

other models such as LightGCN [49], NGCF [50], and DGCF [129] aggregate all L

node representations, including the initial embedding, using aggregation techniques
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Figure 5.3: Model architecture of DIL using user node as an example. DIL
consists of two components: Information Extraction Module (Design 1) and
Disentanglement Module. The representations learned from DIL can be used as
input for any GCN-based recommendation model.

like concatenation and mean pooling. These techniques allow for a comprehensive

fusion of information across the layers to obtain the final representation.

hfinal
u = AGGREGATION

(
hℓ
u,∀ℓ ∈ [0, . . . , L]

)
(5.5)

To this end, the predicted preference score by user u on item v can be computed

using the final representations hfinal
u and hfinal

u .

5.3 The Proposed Model

In accordance with the model retraining process depicted in Figure 5.2, it is impor-

tant to note that at the end of time tn, the retraining involves three key pieces of

information. Firstly, Rn represents the newly observed user-item interactions that

occurred within the time window tn. Secondly, R<n encompasses the historical

interactions that took place prior to the start time of tn. Lastly, Mn−1 refers to the

most recent model that has been deployed for serving recommendations. During

the model retraining process, these three components, namely Rn, R<n, and Mn−1,

can be utilized to update and refine the existing model Mn−1 to get Mn. Mn−1 is
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commonly referred to as “the previous model” in subsequent discussions and serves

as a basis for comparison and improvement during the retraining phase.

In order to capture the current trends and ensure the relevance of near-future

recommendations, we construct a new user-item bipartite graph using the newly

observed interactions, Rn. However, to incorporate long-term preferences, we also

extract historical information from the previous model, Mn−1, and blend it into

the new model, Mn. To avoid any confusion, we present our proposed Dynamic

Incremental Learning (DIL) approach under the assumption that both users and

items have interactions during tn−1, which is applicable to the majority of users and

items. In the following sections, we will outline how our model handles special cases

related to other types of users/items. Additionally, we will discuss how the model

deals with unseen users/items after being deployed for service at time tn+1. This

ensures that the model remains adaptive and capable of handling new users/items

encountered during deployment.

Architecture Overview. The overall model architecture of the proposed DIL

framework is presented in Figure 5.3. The process begins with the Information Ex-

traction Module (IEM), which extracts historical information, denoted as ehist, from

the representations learned in the previous model, Mn−1. This information repre-

sents the long-term user preferences. Subsequently, the Disentanglement Module

(DM) combines ehist with enew to generate the initial embedding, h0, for the user

node in the newly constructed bipartite graph. The learnable enew represents the

dynamic user preference that is to be learned from the new user-item interactions

in Rn during model training. It can be initialized randomly or based on refer-

ence to previous models. In our implementation, we initialize enew with the final

representation, hfinal, learned in Mn−1. We consider hfinal to effectively capture

the latest recommendation context before tn, which is highly relevant to the cur-

rent time period tn. However, it does not represent purely long-term information,

hence ehist is needed in our model design. To ensure the differentiation between

historical and new information, the DM decorrelates ehist and enew, as illustrated

in Figure 5.3. The resulting h0 serves as the initial feature for the user u and is fed

into the base GCN recommendation model for training. This approach allows for

the memorization of historical information while effectively distinguishing it from

new information. A significant contribution of our work is the redesign of the em-

bedding layer in the GCN-based recommender for model retraining, as highlighted
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in our proposed DIL framework.

5.3.1 Information Extraction Module (IEM)

As mentioned earlier, the final representations learned in Mn−1 primarily capture

the recent recommendation context but may not fully represent the long-term user

preferences and persistent characteristics of items. Consider the example of a user

transitioning from badminton to tennis while still being a sports lover in general.

Although recent interactions may be focused on badminton, a comprehensive anal-

ysis of all the user’s interactions and related neighbors in the multi-hop user-item

graph reveals his/her characteristics as a sports lover. Similar patterns can be

observed when a user upgrades to the latest version of phone of a specific brand,

where past interactions with various phone accessories reflect their loyalty to the

brand. Thus, we believe that the long-term user preference and item characteristics

cannot be simply represented by the previous model’s representations alone. In-

stead, only certain aspects of the representations indicate the long-term preference

and persistent characteristics over time. Furthermore, the long-term information is

distributed across different layers as aggregated information from multi-hop neigh-

bors.

Based on this understanding, we extract historical information from the representa-

tions at multiple layers in Mn−1. It is important to note that Mn−1 is not limited to

the set of interactions Rn−1, but also retains historical information extracted from

its previous model, which in turn originates from Minit through multi-step back-

tracking. Our design aims to capture the slowly evolving historical information

across models over time.

To determine what information to extract and how much information to extract

from each layer, we introduce two parameters. The first parameter is called the

“extractor embedding”, which determines the specific parts of information to be

extracted from each node. The second parameter, known as the “weight vector”,

then determines the quantity of information to be extracted from each layer. In

this work, we propose two implementation designs for the extractor embedding and

weight vector.
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Design 1. For each node in the graph, we initialize a learnable extractor em-

bedding, denoted as eextract, which is responsible for determining which historical

features should be extracted. This extractor embedding is unique for each node

and enables us to capture the specific historical information relevant to that node.

Next, we use eℓ to denote the output from the ℓ-th layer in Mn−1. It reflects the

information gathered from the ℓ-hop neighbors in the time period n− 1. Then, we

compute the weight parameter for each layer, which determines the importance or

weight αℓ assigned to the features at that layer, for the particular node.

αℓ = σ
(
eextract ⊙ eℓ + posℓ

)
; ℓ ∈ [0, 1, . . . , L] (5.6)

Here, σ refers to a sigmoid function we employed to ensure that αℓ computed is

within a range of [0, 1]. ⊙ means element-wise product. We further introduce a

positional embedding posℓ to characterise the layer information, to facilitate the

information extraction process. Having computed αℓ, the extracted information

from each layer in model Mn−1 is aggregated using an aggregated function denoted

as AGGREGATION( · ):

ehist = AGGREGATION
(
αℓ ⊙ eℓ,∀ℓ ∈ [0, 1, . . . L]

)
(5.7)

where, AGGREGATION( · ) function can take different forms, including sum,

mean pooling, or concatenation.

Design 2. Similar to design 1, we extract historical information from previous

model by an extractor embedding eextract. Each node is assigned with its own

eextract. Following that, we use the learnable matrix W ℓ ∈ Rd×d to directly distill

useful information from the ℓ-hop neighbors in model Mn−1, where ℓ ∈ [0, . . . , L].

The matrix W ℓ acts as a filter or transformation applied to the features from the ℓ-

hop neighbors. The resulting refined representation eℓhist captures the relevant long-

lasting attributes from the ℓ-hop neighbors. It’s worth noting that in this design,

the learnable matrix W ℓ is specific to each layer and enables direct extraction of

useful information from the respective ℓ-hop neighbors.

eℓhist = W ℓ(eextract ⊙ eℓ) (5.8)
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Next, we aggregate the information extracted from each layer by an aggregation

function, e.g., sum and concatenation.

ehist = AGGREGATION(eℓhist,∀ ∈ [0, . . . , L]) (5.9)

5.3.2 Disentanglement Module (DM)

To blend the historical information ehist extracted from previous models and the

new information enew from the current set of interactions Rn, we sum the two

embeddings together. This blending process results in a combined embedding h0

for each node, which represents a fusion of both old and new information:

h0 = ehist + enew (5.10)

The combined embedding h0 serves as the initial feature of each node in the newly

built bipartite graph, capturing the integration of the long-term historical prefer-

ences and the dynamic preferences reflected in the new interactions. This initial-

ization step enables the model to effectively leverage both the historical knowledge

and the recent trends for accurate recommendation. The initial h0 serves as the

starting point for the base GCN-based recommendation model, such as LightGCN

and NGCF, to capture the blended characteristics of the user or item.

To facilitate the differentiation between the historical information ehist and the

new information enew during model retraining, we incorporate a disentanglement

module. The primary objective of disentanglement is to enable the base recom-

mendation model to acquire as much additional knowledge as possible in addition

to the existing historical knowledge captured by ehist. This additional knowledge

specifically pertains to the new interactions and ensures that the model effectively

captures the unique insights conveyed by these interactions.

To achieve disentanglement, we employ a decorrelation technique on the represen-

tations. Drawing inspiration from the work of DGCF [129], we utilize the distance

correlation, denoted as LCORR, as a loss term for this purpose. The distance cor-

relation is computed using the following equation:
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LCORR

(
ehist, enew

)
=

dCov
(
ehist, enew

)√
dV ar

(
ehist

)
· dV ar

(
enew

) (5.11)

In the equation provided, the term dCov( · ) represents the distance covariance

between two vectors, and dV ar( · ) represents the distance variance of a vector. The
value of LCORR, ranging from 0 to 1, indicates the level of dependency between the

input vectors. A lower value of LCORR suggests that the information learned in ehist

and enew is less correlated, while still being valuable for message propagation and

ultimately improving the accuracy of recommendations. The aim of decorrelation

is to ensure that both historical and new information contribute independently to

the recommendation process.

During the training process, both ehist and enew are used to form the initial embed-

dings of a node. While the model is trained using new interactions as ground-truth

data instances, it is important to provide additional supervision for learning the

long-term information represented by ehist, as it encompasses the historical con-

text across all time periods. To address this, we propose to supervise the learning

of ehist using historical interactions, which will be discussed in more detail in the

following explanation.

5.3.3 Model Optimization

The node representations h0
u and h0

i are initialized by fusing the historical infor-

mation ehist and the new information enew. These representations are then used

as input for the base GCN recommendation model. After undergoing L layers of

message propagation as described in Section 5.2, we obtain the final node repre-

sentations hfinal
u and hfinal

i for the user and item, respectively. The dot product

between hfinal
u and hfinal

i is used to predict a user’s preference for an item, consid-

ering its effectiveness in recommendation [202]:

ŷui = hfinal
u · hfinal

i (5.12)

In our model, we use the pairwise Bayesian Personalized Ranking (BPR) loss [174]

as our objective function. The goal of this loss function is to optimize the model
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parameters in a way that the predicted preference of a user is higher for items

that the user has interacted with (e.g.,, clicked, rated, purchased) compared to

items with which the user has no interactions. These interactions reflect the user’s

interests in the items. In particular, we optimize the BPR loss Lnew:

Lnew =
∑

(u,i,j)∈O

− lnσ (ŷui − ŷuj) (5.13)

where item i is an item interacted with user u in the current period tn, while item

j is a negative item sampled from the items that do not have interactions with user

u till tn.

As mentioned previously, we also aim to supervise ehistu to ensure it effectively

represents historical information. To achieve this, we utilize historical interactions

sampled from R<n to provide supervision for ehistu . Therefore, we modify the loss

term in Equation 5.13 as follows:

L =
∑

(u,i,k,j)∈O

− lnσ (ŷui − ŷuj)− lnσ
(
ehistu · ehistk − ehistu · ehistj

)
(5.14)

In Equation 5.14, item k represents an item that has interacted with user u in pre-

vious periods, and item j is a negative sample that does not have any interactions

with user u. It’s important to note that item j can be used as a negative sample

for training on both new interactions and past interactions, as it represents an item

that the user has not interacted with. By including this additional supervision, we

ensure that the disentangled representation effectively separates the semantics of

new and historical information, enhancing the overall model performance.

The complete objective function, incorporating both the pairwise BPR ranking loss

and the disentanglement term, is as follows:

Lfinal = L+ λLCORR (5.15)

where the parameter λ is a hyperparameter that controls the weight of the disen-

tanglement term relative to the ranking loss.
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5.3.4 Inactive Users and Inference

In the incremental learning scenario, users can be classified into three types: active

users, inactive users, and new users. “Active users” are those who have interactions

in both the previous period tn−1 and the current period tn. For these users, their in-

formation can be directly modeled using the current interaction graph constructed

with the newly observed interactions in Rn. Additionally, we can obtain their his-

torical information from the previous modelMn−1. “New users” are those who have

their first interactions in the current period tn. Their features are randomly initial-

ized and will be updated during the current phrase of training. “Inactive users”, on

the other hand, are users who were active in the past but had no interactions in the

previous period tn−1. There are several ways to handle their historical information

ehist during retraining. One approach is to treat them as new users, initializing

their features randomly. Another approach is to extract their historical informa-

tion from the model when they were last active, which would require keeping all

historical model parameters. The last approach is to retain the inactive users in

model retraining from the beginning (t0), even though they had no edges in the

graphs during their inactive periods. In this case, their parameters are updated

along with the model retraining process. The implementation used in this work

adopts the last approach.

It is worth noting that active users comprise the largest group in a given time

period tn. In the datasets used in this study, the average percentage of active users

in a time period was 81.1% for Amazon-books, 64.3% for Amazon-electronics, and

69.7% for Yelp. This statistic demonstrates that users tend to visit a platform

regularly.

After retraining, the newly updated model Mn is deployed for service in the next

time period tn+1. At this stage, there may be “unseen users” who have their

very first interactions in tn+1. The features of these unseen users are randomly

initialized, and the recommendation model uses these randomly initialized vectors

for making recommendations. In practical scenarios, if the platform has access

to certain attributes of the users (e.g.,, through user registration), their features

can be initialized based on the known attributes. The same initialization process

applies to items as well.
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Table 5.1: Statistics of the datasets used in experiments.

Dataset
Time Users Items #Warm-up #Retraining
Period Number Number interactions interactions

Amazon-books 01.12.2017 - 31.12.2017 34, 195 25, 798 458, 145 483, 293
Amazon-electronic 01.01.2013 - 31.12.2017 91, 592 34, 401 448, 394 1, 028, 395
Yelp 01.01.2012 - 31.12.2017 42, 124 29, 099 453, 470 649, 627

5.4 Experiment Setup

In our experimental evaluation, we utilize three well-known datasets: Amazon-

books [3], Amazon-electronics [3], and Yelp1. The Amazon-books and Amazon-

electronics datasets are obtained from the Amazon product review dataset, while

the Yelp dataset is collected from the Yelp platform.

To assess the performance of our proposed incremental learning framework, we

choose two popular graph-based recommendation models, namely LightGCN [49]

and NGCF [50], as our base models. These models have been widely studied and

proven effective in recommendation tasks.

The objective of our experiments is to demonstrate the effectiveness and robustness

of the incremental learning framework we propose, and we evaluate its performance

using the selected datasets and base recommendation models.

5.4.1 Incremental Learning Scenario

In our experimental setup, we follow a standard approach for incremental learning

in recommender systems, which has been commonly used in prior studies [110, 111,

120]. The process is illustrated in Figure 5.2.

First, we initialize the base recommendation model and conduct a warm-up training

using all the interactions available in the warm-up period. During this warm-up

training, the base model is batch trained to establish a basic understanding of the

users and items.

After the warm-up period, we divide the remaining interactions into six distinct

periods for incremental learning. These periods are denoted as R0 to R5. The

1https://www.yelp.com/dataset

https://www.yelp.com/dataset


Chapter 5. Incremental Learning for Recommender System 95

retraining process begins with R0, and the model is updated using the interactions

from this period. The updated model is then used to predict the interactions in

R1. The accuracy of these predictions on R1 is used as a validation metric for

hyperparameter tuning.

The remaining four sets of interactions (R2 to R5) are treated as test sets. For

each test set, we perform early stopping using the first 10% of the interactions,

and the recommendation accuracy is calculated based on the remaining 90% of the

interactions. The average recommendation accuracy across these four test sets is

considered as the accuracy metric for the specific retraining strategy.

This experimental setup allows us to evaluate and compare different retraining

strategies in terms of their recommendation accuracy over multiple test sets.

Datasets. Table 5.1 presents the statistics of the three datasets used in our ex-

periments. These datasets, namely Amazon-books, Amazon-electronics, and Yelp,

have undergone a preprocessing step known as “10-core filtering”. This filtering

ensures that only users and items with at least 10 interactions are included in the

dataset, resulting in a more focused and meaningful analysis without extremely

inactive users/items.

For the Amazon-books dataset, we focus on interactions that occurred in the year

2017. The first six months of 2017 are designated as the warm-up period, during

which the base model is trained. The remaining six months of interactions are

divided into six sets, with each set representing one month of data. These sets are

used for subsequent retraining and evaluation. Regarding the Amazon-electronics

dataset, we consider interactions spanning from 2013 to 2017. The initial two years

(2013-2014) are designated as the warm-up period for training the base model.

The subsequent three years of interactions are divided into six sets, with each

set representing a half-year period, for retraining and evaluation. For the Yelp

dataset, we utilized interactions recorded from 2012 to 2017. The warm-up period

is defined as the time span from January 1, 2012, to December 31, 2014. The

interactions recorded between 2015 and 2017 are divided into six sets, with each

set representing a half-year period. Then, retraining and evaluation are conducted

on each set sequentially.

Evaluation Metrics. We approach the task as a top-N recommendation problem

with implicit feedback. To evaluate the performance of our proposed framework
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and baselines, we assess the accuracy of the top-20 recommendations. This means

that at each time tn, we recommend 20 items to each user from the set of all items

observed until tn. The utilization of all-item-ranking [181] helps eliminate potential

biases in the recommendation results [160].

Regarding the evaluation metrics, we report the Recall@20 and NDCG@20 scores.

Recall measures the percentage of correctly recommended instances among the test

instances. NDCG (Normalized Discounted Cumulative Gain) takes into account

the ranking positions of the correctly recommended items. It is worth noting that

the Recall@20 and NDCG@20 scores may appear relatively low due to two reasons.

Firstly, since we employ all-item-ranking, recommending the correct item from a

large set of candidates is challenging. Secondly, the train-test data split strictly

follows the timeline in our setup, which means that the recommendation accuracy

is influenced by both unseen users and unseen items in a new time window.

5.4.2 Baselines

In our evaluation, we assess DIL against five baseline approaches. These baselines

encompass a range of retraining strategies and incremental learning techniques.

The baselines are as follows:

Fine-tune: This strategy involves fine-tuning the base recommendation model

using the newly observed interactions in the most recent time period.

Full-retrain: In this approach, the base recommendation model is retrained from

scratch using both the historical interactions and the newly observed interactions

in the most recent time period.

SPMF: SPMF [116] is an experience replay strategy. It is designed for general

retraining purpose, but not necessarily on graph-based recommendation model.

Specifically, It maintains a memory of past interactions which will be replayed

during retraining. The memory size, i.e., number of past interactions, is tuned

from {20000, 40000, 60000}.

GraphSAIL: GraphSAIL targets retraining on GCN-based recommendation model.

In particular, distillation loss terms are incorporated to ensure the local structure

of the previous graph, global structure of the previous graph and self-information
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in the previous graph are well maintained even after retraining with the current

graph. We experiment with different values for the term weights, specifically in

the range of {0.000001, 0.001, 1}, to find the optimal configuration. Additionally,

GraphSAIL constructs a global graph structure by performing k-means clustering

on the node representations learned from the GCN-based recommendation model.

The number of clusters, denoted as k, is another hyperparameter that needs to be

tuned. We explore different values of k in the range of {5, 10, 20} to determine the

optimal number of clusters for capturing the global graph structure effectively.

CI: CI is a model-based incremental learning framewor for GCN-based recommen-

dation model. It combines historical node representation with new representation

learned from newly observed interactions via convoultional neural network, to ag-

gregate historical information and new information. In addition, the representa-

tions of the inactive nodes are updated even if there are no observed interactions for

these nodes. This is accomplished by establishing connections between the inactive

nodes and their k nearest neighbor active nodes in the graph. In our experiment,

We tune the number of neighbors in k-nearest neighbor from {10, 30, 50}. We tune

the coefficient on inactive node updates from {0.25, 0.5, 0.75, 1}.

For all the models used, we tune learning rate from {10−6, 10−5, 10−4, 10−3, 10−2}
and embedding dimension from {32, 64, 128}, and regularization coefficient from

{10−6, 10−4, 10−2}. By including these baselines, we cover a diverse set of incre-

mental learning techniques, including experience replay, knowledge distillation and

model-based techniques. It enables a comprehensive evaluation of DIL’s effective-

ness and performance in comparison with the existing approaches.

5.4.3 DIL Implementation Details

During the grid search for hyperparameters, we identify the optimal design between

Design 1 andDesign 2 of the IEM module. For Amazon-books and Yelp, Design

1 performs better, while for Amazon-electronic with LightGCN, Design 2 shows

better results. These optimal designs are used for the respective datasets in the

remaining experiments.

For training the DIL model, we utilized the Adam optimizer with initial learning

rates of 0.0001 for Amazon-books and Yelp, and 0.00001 for Amazon-electronic.
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Table 5.2: Recall@20 and NDCG@20 results on Amazon-books, Amazon-
electronic and Yelp, upon instantiating different retraining strategies on Light-
GCN and NGCF. Best results are in boldface and second best underlined.

Dataset Amazon-books Amazon-electronic Yelp

Base Model Baseline Recall@20 NDCG@20 Recall@20 NDCG@20 Recall@20 NDCG@20

LightGCN

Fine-tune 0.0368 0.0140 0.0256 0.0099 0.0591 0.0237
Full-retrain 0.0332 0.0116 0.0210 0.0080 0.0560 0.0217

SPMF 0.0459 0.0169 0.0262 0.0101 0.0627 0.0249
GraphSAIL 0.0490 0.0180 0.0265 0.0101 0.0598 0.0240

CI 0.0390 0.0159 0.0192 0.0071 0.0521 0.0205
DIL 0.0690 0.0263 0.0271 0.0102 0.0649 0.0259

NGCF

Fine-tune 0.0618 0.0221 0.0206 0.0078 0.0355 0.0136
Full-retrain 0.0285 0.0106 0.0187 0.0071 0.0362 0.0137

SPMF 0.0582 0.0224 0.0265 0.0102 0.0445 0.0170
GraphSAIL 0.0590 0.0204 0.0240 0.0094 0.0425 0.0165

CI 0.0571 0.0200 0.0236 0.0091 0.0442 0.0176
DIL 0.0635 0.0233 0.0274 0.0105 0.0478 0.0186

The regularization coefficient used is 0.0001 for Amazon-books and Yelp, and

0.000001 for Amazon-electronic. The dimension size for node representations is

set to 128 for all three datasets. The weight on the disentanglement term, denoted

by λ in equation 5.15, varied across datasets and models. We performed tuning and

select values from the set {10−6, 10−5, 10−4, 10−3, 10−2} to determine the optimal

weights.

Regarding the base models, we employ mean pooling as the aggregation function

for the final representation. Although the original aggregation function in NGCF

involves concatenation of all node representations, we find that mean pooling yields

better recommendation performance based on our experiments.

5.5 Experiment Results

We compare the recommendation accuracy of DIL with five baselines on three

datasets, using two base models. Then, we test the effectiveness of the two main

components, Information Extraction Module and Disentanglement Module, in DIL.

5.5.1 Effectiveness & Robustness

The experimental results, as shown in Table 5.2, demonstrate that DIL outperforms

all baselines on all datasets, based on both Recall and NDCG evaluation metrics.
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Specifically, the version of DIL with LightGCN as the base model achieves supe-

rior performance compared to its counterpart with NGCF on the Amazon-books

and Yelp datasets, by a significant margin. However, on the Amazon-electronic

dataset, DIL with LightGCN reports slightly lower results than its NGCF version.

Notably, GraphSAIL and SPMF are among the best-performing baselines, with

GraphSAIL on LightGCN ranking second in terms of performance on Amazon-

books and Amazon-electronic.

To illustrate the performance of DIL over time, we use the example of LightGCN

on the Amazon-books dataset and plot the Recall@20 scores over the four testing

periods in Figure 5.4. It is observed that the ranking orders of the baselines vary

across different periods, which aligns with findings in prior studies such as [18] on

other datasets. This observation emphasizes the importance of monitoring evalua-

tion results over time to avoid potential bias in a particular period. In this study,

we average the evaluation scores over time and still observe superior performance

by DIL, indicating its robustness and effectiveness as a retraining framework.

Among all baselines, CI is considered the most similar to DIL as it also fuses his-

torical knowledge from Mn−1 with new information learned in the current period.

However, the key difference lies in the ways of extracting and fusing the old and

new information. CI conducts “post-learning fusion” by aggregating representa-

tions outputted by GCN in two different periods, while DIL conducts “pre-learning

fusion” by fusing old and new information to form the input (initial feature of

nodes) of GCN. Through disentanglement, DIL can effectively distinguish between

historical and new information. Moreover, DIL adjusts the extraction of histori-

cal information during retraining by refining the information extraction module.

Experimental results demonstrate that DIL significantly outperforms CI.

Fine-tune generally outperforms Full-retrain in most settings, except for the ver-

sion with NGCF on Yelp. This indicates that the more recent interactions are

more relevant to the current recommendation context. However, Fine-tune does

not exhibit competitive results in most cases, except for Fine-tune on Amazon-

books with NGCF. This suggests that completely forgetting historical information

is not an ideal choice either. Both SPMF and DIL involve historical interactions

sampled from R<n during training. Interestingly, the optimal number of interac-

tions required by SPMF is not the largest among the hyperparameter candidates,
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Figure 5.4: Recall@20 when retraining LightGCN on Amazon-books, over the
4 testing periods.

indicating that a higher number of historical interactions does not necessarily lead

to better recommendation.

Finally, the absolute values of the recommendation accuracy on the Amazon-

electronic dataset are much lower than those on the other datasets. This can

be attributed to the sparsity of this dataset, where the user pool is two or three

times larger than other datasets, while the number of interactions is only about

50% more. Additionally, the electronic category tends to have a larger variety

of items with shorter lifespans compared to books and restaurants, making it a

challenging dataset for recommendation tasks.

5.5.2 Ablation Study

In order to verify the effectiveness of each component in DIL, we conduct exper-

iments to explore different designs in the Information Extraction Module (IEM)

and the Disentanglement Module.

The IEM is responsible for distinguishing different neighbors and treating the out-

puts of different layers differently. We conduct experiments to examine the need

for differentiating neighbors. Specifically, we modify DIL to create three variants:

DIL (mean), DIL (first), and DIL (last).

In DIL (mean), we extract information from the mean node representations across

all L layers and the initial embedding of a node. In DIL (first) and DIL (last),

we extract historical information from the initial embedding and the last-layer

representation, respectively.
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Table 5.3: Ablation study to verify the effectiveness of designs in the Informa-
tion Extraction Module.

Base Model LightGCN NGCF

Dataset Baseline Recall@20 NDCG@20 Recall@20 NDCG@20

Amazon-books

DIL (mean) 0.0677 0.0258 0.0609 0.0229
DIL (first) 0.0613 0.0234 0.0635 0.0230
DIL (last) 0.0663 0.0197 0.0582 0.0221

DIL 0.0690 0.0263 0.0635 0.0233

Amazon-electronic

DIL (mean) 0.0285 0.0111 0.0261 0.0101
DIL (first) 0.0269 0.0099 0.0183 0.0071
DIL (last) 0.0287 0.0085 0.0283 0.0084

DIL 0.0271 0.0102 0.0274 0.0105

Yelp

DIL (mean) 0.0640 0.0256 0.0435 0.0165
DIL (first) 0.0658 0.0262 0.0458 0.0176
DIL (last) 0.0630 0.0187 0.0413 0.0160

DIL 0.0649 0.0259 0.0478 0.0180

The results, presented in Table 5.3, show that different hops of neighbors pro-

vide different information, leading to varying Recall@20 and NDCG@20 scores.

Moreover, the ranking orders of the DIL variants change across datasets and mod-

els. For example, when instantiated on LightGCN, the mean node representation

of GCN contributes more to the recommendation performance on Amazon-books

compared to using the initial embedding. On the other hand, for the Yelp dataset,

the more important factor is the initial embedding. These observations indicate

that neighbors should be given different weights depending on the specific domain

of the recommendation task.

Our proposed DIL architecture distinguishes neighbors from different hops in the

IEM. According to the results in Table 5.3, our design is effective in most cases,

as DIL achieves the best recommendation accuracy. However, it is important to

note that the IEM is an independent module within DIL, and it is not necessary to

strictly adhere to the proposed designs. The IEM can be revisited and redesigned

to suit different recommendation scenarios. Replacing the IEM does not affect the

overall architecture of DIL for retraining a GCN-based recommendation model.

Disentanglement Module (DM) decorrelates the long-term information and new

information. We evaluate the impact of the decorrelation and supervision compo-

nents in DIL by conducting experiments and comparing the results. The findings,
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Table 5.4: Ablation study to verify the efficacy of designs in the Disentangle-
ment Module.

Base Model LightGCN NGCF

Dataset Baseline Recall@20 NDCG@20 Recall@20 NDCG@20

Amazon-books

DIL-decorr 0.0617 0.0231 0.0620 0.0229
DIL-supervision 0.0514 0.0192 0.0502 0.0182

DIL-decorr-supervision 0.0575 0.0208 0.0516 0.0188
DIL 0.0690 0.0263 0.0635 0.0233

Amazon-electronic

DIL-decorr 0.0255 0.0095 0.0255 0.0098
DIL-supervision 0.0249 0.0092 0.0245 0.0095

DIL-decorr-supervision 0.0251 0.0093 0.0262 0.0101
DIL 0.0271 0.0102 0.0274 0.0105

Yelp

DIL-decorr 0.0643 0.0258 0.0468 0.0181
DIL-supervision 0.0640 0.0257 0.0461 0.0181

DIL-decorr-supervision 0.0640 0.0251 0.0446 0.0172
DIL 0.0649 0.0259 0.0478 0.0186

presented in Table 5.4, demonstrate that both decorrelation and supervision con-

tribute to improve recommendation accuracy. Removing either component leads to

a degradation in Recall@20 and NDCG@20 values compared to the complete DIL

model. Interestingly, on the Amazon-books dataset, we observe that DIL-decorr-

supervision outperforms DIL-supervision alone, indicating that decorrelation may

not be effective without supervision. This could be attributed to the model con-

verging to a trivial solution that lacks meaningful recommendations in the absence

of supervision.

5.5.3 Discussion

In our experiments, we have compared DIL with other incremental learning frame-

works to demonstrate its effectiveness. It is important to note that our experi-

mental setup focuses on evaluating different retraining strategies using a fixed time

interval schedule. However, in real-world scenarios, the retraining schedule itself is

a crucial hyperparameter that significantly affects recommendation accuracy.

Furthermore, we acknowledge that DIL does not directly incorporate information

from ehist learned in previous periods before tn−1 when making updates in the

time window tn. This means that ehistn−2 learned at time tn−2 is ignored when up-

dating in time window tn. However, ehistn−2 contains information from both Rn−3

and R<n−3, while ehistn−1 contains information from Rn−2 ∪ R<n−2. In cases where
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there are long-lasting attributes that influence a user’s behavior over time, there

can be intersections between ehistn−1 and ehistn−2. DIL does not explicitly model the

continuity of ehist to memorize long-term preferences. Instead, it maintains conti-

nuity through the supervision operation in the disentanglement module. Modeling

the direct continuity of ehist is non-trivial because ehist from different periods may

exist in different latent spaces, and continuity only applies to certain features of

ehist. Exploring and addressing the modeling of continuity in ehist is an interesting

avenue for future research.

5.6 Summary

In this chapter, we show the importance of retraining a recommendation model to

model the dynamic temporal context along the global timeline. Although it has

been shown in Chapter 4 that recent interactions are useful for predicting the user

interactions in a recent context, we argue that long-term preference not reflected

in the recent interactions is also an essential factor in recommendation.

In order to capture both short-term interest and long-term preference, we propose

to adopt the incremental learning technique. We propose a novel and versatile

incremental learning strategy, referred to as Dynamic Information Learning (DIL),

specifically designed for recommender systems based on Graph Convolutional Net-

works (GCNs). The fundamental concept behind DIL is the integration of pre-

learning fusion. In this approach, we extract long-term historical information from

a previously trained model and combine it with the learnable new information.

The resulting embedding, obtained after the fusion process, serves as the initial

feature for a node in the GCN-based recommender model.

To ensure that the learnable new information accurately reflects the latest trends

in the recommender system, we employ disentanglement techniques to ensure its

independence from historical information. By implementing DIL on two prominent

GCN models, namely LightGCN and NGCF, we demonstrate its effectiveness in

retraining and incorporating both short-term and long-term information for rec-

ommendation purposes. The concept of “pre-learning fusion” offers an alternative

perspective on how to extract and merge historical information during model re-

training.





Chapter 6

Conclusion and Future Work

In this final chapter, we present the concluding remarks and highlight the significant

contributions made in this thesis. Furthermore, we delve into the potential areas

for future research that can build upon the findings of this study.

6.1 Conclusion

In recent years, the exponential growth of web-based services has resulted in an

overwhelming abundance of online information. Consequently, users face challenges

in sifting through this vast amount of data to obtain relevant and personalized

information. To tackle this problem of information overload, recommender systems

have emerged as valuable tools. The fundamental concept behind a recommender

system is to identify and suggest items or information that align with a user’s

interests and preferences. One approach to achieve this is through content-based

recommendation, whereby a user’s profile is matched with relevant items based

on their content characteristics. In addition to content-based recommendation,

collaborative filtering recommender systems have gained considerable attention.

These systems operate under the assumption that users who have shown a similarity

in their past item selections are likely to exhibit similar preferences in the future.

Unlike content-based recommender systems, which rely on user profiles and item

descriptions for recommendation, a collaborative filtering recommender systems

primarily rely on historical user-item interactions for learning purposes. In this

105
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thesis, our focus centers on the investigation and analysis of collaborative filtering

recommender systems.

Chapter 1 of this thesis raises a fundamental question regarding the progress of

research in recommender systems, given the substantial volume of publications

in this field. To explore this question, we refer to two works [6, 7] that investi-

gate the performance of various recommendation algorithms, ranging from simple

nearest neighbor models to more complex neural network-based approaches. The

findings suggest that the extent to which recommender systems have experienced

significant improvement remains uncertain. This finding can be attributed to two

primary factors. Firstly, the reproducibility of recommender system performance

is not consistently ensured across different studies. This lack of reproducibility

hinders the ability to interpret and compare recommendation performance effec-

tively. Secondly, it has been observed that simpler models can exhibit superior

recommendation capabilities in certain scenarios compared to more complex mod-

els. The authors suggest that the aforementioned observations are attributed to the

inconsistent evaluation settings adopted in various research papers. Furthermore,

in most cases, evaluations are conducted without considering the temporal aspects

of recommender systems, introducing biases in experimental results. To address

these issues and overcome the limitations of existing research, this thesis proposes

a comprehensive investigation of evaluation in recommender systems from a global

timeline perspective. By considering the temporal dynamics of user-item inter-

actions, we aim to provide a more comprehensive understanding of recommender

system performance and facilitate reproducible research in this field.

Following Chapter 1, we conduct comprehensive reviews on existing works in the

research of recommender system in Chapter 2. The primary focus is on recom-

mender systems that consider the temporal factors in user preference modelling

as well as the works that study the evaluation processes of recommender system.

Upon reviewing existing works, we highlight in Chapter 3 that the widely adopted

evaluation protocols suffer from the data leakage issue, due to the ignorance of the

global timeline. With data leakage, the recommendation results obtained differ

from the experiment without data leakage. Notably, the impact of data leakage on

recommendation performance is not uniformly positive or negative. Instead, the

severity of data leakage leads to inconsistent recommendation performance. This

finding offers an explanation for the uncertain progress observed in recommender
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system research. In Chapter 4, we further demonstrate that ignorance of global

timeline leads to the failure in capturing the temporal context. It is essential

to capture the temporal context with the recently observed interactions. Lastly

in Chapter 5, we propose an incremental learning framework that incorporates

long-term user preferences alongside the most recent user-item interactions. It is

important to note that only relevant long-term information is retained to enhance

recommendation accuracy.

In conclusion, a global timeline should be followed in both training stage and

evaluation stage of a recommender system. It not only ensures the reproducibility

and meaningful interpretation of the recommendation results, but also ensures that

temporal context can be well captured to model the dynamics in user preference

and market trends.

6.2 Future Work

6.2.1 Session-based Recommender System

Chapter 4 of this thesis reveals the significant influence of the recency of interactions

in recommender systems. Specifically, it is found that incorporating the most recent

interactions in the training of a recommendation model is crucial for capturing the

prevailing temporal context along the global timeline. One potential solution to

address this is through the implementation of a session-based recommender system.

A session-based recommender system focuses on learning user preferences based

on the interactions that occur within a session [11, 203]. Recommendations are

then made for the subsequent interactions or a few interactions within the same

session. As sessions have a limited duration, the recency of interactions is inherently

ensured in this approach. By utilizing session-based recommender systems, the

most recent user behavior is effectively captured, enabling more accurate and timely

recommendations that align with the evolving preferences of users over time.

In many session-based recommender systems, the focus is solely on the interactions

that occur within the sessions for predicting the next interaction. These systems

treat sessions as anonymous entities, without considering the user’s identity or
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their historical interactions prior to the session. Consequently, valuable informa-

tion from a user’s past interactions is disregarded. GRU4Rec [83] is an example

of such a session-based recommender system. It utilizes a Gated Recurrent Unit

(GRU) network to model sequential dependencies between items within a session

and predicts the next item in the sequence. Similarly, Li et al. [85] propose the

use of GRU with an attention mechanism to model anonymous sessions. In an-

other study [204], anonymous sessions are modeled as hyperbolic session graphs,

which capture both chronological and hierarchical information. The authors also

employ clustering strategies to capture collaborations within and between sessions,

enhancing the modeling of session dynamics.

Session-based recommenders that are trained from anonymous sessions holds a

strong assumption that interactions that happen within a session are mainly driven

by the short-term preference that exists at the time of the session. Hence, user

identity or a user’s historical interactions are not needed in recommendation.

Apart from this line of work, session-based recommender systems can learn from

non-anonymous sessions to capture dynamic preferences reflected across interac-

tions. Hu et al. [205] incorporates user ID with sessions to conduct personalized

session-based recommendation. The authors in [206] extends personalized session-

based recommendation beyond leveraging only user ID. They propose HGNN which

construct a global heterogeneous graph containing user-item interactions over all

sessions, item-item connections in all sessions and global co-occurrence of items.

HGCN then learns the long-term user preference and item characteristics from the

global graph.

Session-based recommender system can capture a user’s instant purpose within

a short-duration session. Research efforts can be devoted to infer a user’s long-

term preference from multiple sessions he/she has to enhance recommendation

performance. More importantly, sessions shall be considered in chronological order

to correctly model the dynamics.

6.2.2 Intent-aware Recommender System

In many scenarios, not only should a recommender system concern about what a

user likes, but also about what a user intends to do. Identifying a user’s intention
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base on his/her recent behaviours ensure that the items recommended fit his/her

needs. We term this line of study as intent-aware recommender system.

Bhattacharya et al. [207] propose to combine frequency-based recommender sys-

tem and context-based recommender system for intent learning. In particular, the

frequency-based recommender system constructs user navigation graph based on

user behaviours. It models the transition probabilities between items. When it

comes to the context-based recommender system, the contextual information such

as temporal features are incorporated to predict a user’s intent for recommendation.

The prediction score of an item is then combined with the transitional probability

learned from frequency-based recommender system to form the final recommenda-

tion score. This algorithm works under the assumption that only one specific inten-

tion can be observed in a user’s interaction sequence. Contrary to that, the authors

of [208] argue that multiple intentions can be observed in one single user interaction

sequence. They design purpose-specific recurrent unit (PSRU) to extract purpose

from user behaviours. Multiple PSRUs form purpose-specific recurrent network

(PSRN) to model purpose-specific dependencies between items. One PSRN caters

to one specific purpose. In together, multiple PSRNs form the mixture-channel re-

current networks to extract multi-purpose in a user interaction sequence. Similarly

in [209], the authors design an implicit intent mining(IIM) module to detect user

intents underlying a user’s interaction sequence. In particular, the IIM module is

designed with intent-specific attention mechanisms to place intent-specific weights

on different items in an interaction sequence. Unlike [208] and [209] which concern

multi-intent modelling, [210] concerns multi-level user intents modelling. Specifi-

cally, given a user session, multi-level user intent information is used to construct

a pool of attention maps that can be used to obtain session representation via

attention.

Notably, intent detection should be conducted with the consideration of temporal

context that user-item interactions happen. Sun [177] shares an in-depth discussion

on this point. The key idea is that user-item interactions shall be interpreted from

a decision making perspective. Across different temporal context, decision making

processes are different despite the selection of the same items. Hence, it is essential

to consider real-time intent-aware recommendation to avoid potential bias induced

by different temporal contexts..
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[146] João Vinagre, Aĺıpio Mário Jorge, and João Gama. Online bagging for
recommender systems. Expert Syst. J. Knowl. Eng., 35(4), 2018. doi:
10.1111/exsy.12303. URL https://doi.org/10.1111/exsy.12303. 27

[147] Jonathan L. Herlocker, Joseph A. Konstan, Loren G. Terveen, and John
Riedl. Evaluating collaborative filtering recommender systems. ACM Trans.

https://doi.org/10.1145/2959100.2959101
https://doi.org/10.1145/2959100.2959101
https://proceedings.neurips.cc/paper/2021/hash/32e19424b63cc63077a4031b87fb1010-Abstract.html
https://proceedings.neurips.cc/paper/2021/hash/32e19424b63cc63077a4031b87fb1010-Abstract.html
https://doi.org/10.48550/arXiv.2211.01261
https://doi.org/10.1609/aimag.v41i4.5312
https://doi.org/10.1609/aimag.v41i4.5312
https://doi.org/10.1145/3383313.3412489
https://doi.org/10.1145/3404835.3463245
https://doi.org/10.1145/3404835.3463245
https://doi.org/10.1145/2645710.2645712
https://doi.org/10.1111/exsy.12303


132 BIBLIOGRAPHY

Inf. Syst., 22(1):5–53, 2004. doi: 10.1145/963770.963772. URL https://

doi.org/10.1145/963770.963772. 28

[148] Harald Steck. Evaluation of recommendations: rating-prediction and rank-
ing. In Seventh ACM Conference on Recommender Systems, RecSys ’13,
Hong Kong, China, October 12-16, 2013, pages 213–220. ACM, 2013.
doi: 10.1145/2507157.2507160. URL https://doi.org/10.1145/2507157.

2507160. 28

[149] Zahid Younas Khan, Zhendong Niu, Sulis Sandiwarno, and Rukundo Prince.
Deep learning techniques for rating prediction: a survey of the state-of-the-
art. Artif. Intell. Rev., 54(1):95–135, 2021. doi: 10.1007/s10462-020-09892-9.
URL https://doi.org/10.1007/s10462-020-09892-9. 28
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