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Abstract

In the age of online commerce, recommendation systems have become an important tool
for businesses to provide personalized recommendations to users and increase sales.

Despite progress in hybrid recommendation systems, particularly in integrating sequen-
tial and session-based approaches, the use of Dynamic Graph Neural Networks (DGNNs)
in this context still needs to be explored. This thesis addresses this research gap by
evaluating the potential of DGNNs to improve the fusion of sequential and session-based
recommendation systems. The objective is to generate more accurate personalized re-
commendations and provide a foundation for future scientific research in this area. This
thesis combines session-based and sequential recommendation systems to achieve this
objective.

The proposed Temporal Graph Recommendation (TGR) model uses DGNNSs to capture
and model user behavior in multiple sessions, improving the effectiveness of hybrid
recommendation systems. TGR consists of three layers, which use graph-based methods
and attention mechanisms to account for dynamic relationships between users, products,
and interactions over time.

Crucially, the TGR model delivers relevant, personalized product suggestions derived
from user-system interactions.

TGR outperforms state-of-the-art models and adds significant value to the evolving

discourse on recommendation systems.
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Kurzfassung

Im Zeitalter des Online-Handels sind Empfehlungssysteme zu einem wichtigen Instrument
fiir Unternehmen geworden, um den Nutzern personalisierte Empfehlungen zu geben
und so den Umsatz zu steigern. Obwohl hybride Empfehlungssysteme, die sequentielle
und sitzungsbasierte Ansétze kombinieren, Fortschritte gemacht haben, ist der Einsatz
von DGNNs in diesem Kontext noch weitgehend unerforscht. Diese Masterarbeit ad-
ressiert diese Liicke und evaluiert das Potential von DGNNs, um diese Ansétze effektiver
zu kombinieren. Das entwickelte Temporal Graph Recommendation (TGR) Modell
verwendet DGNNs, um das Benutzerverhalten iiber mehrere Sitzungen hinweg zu er-
fassen und zu modellieren, um die Effektivitdt kombinierter Empfehlungssysteme zu
verbessern. Das TGR-Modell besteht aus drei Schichten, die graphbasierte Methoden
und Aufmerksamkeitsmechanismen verwenden, um dynamische Beziehungen zwischen
Benutzern, Produkten und deren Interaktionen iiber die Zeit zu beriicksichtigen. Im
Vergleich zu aktuellen Methoden zeigt TGR, signifikante Verbesserungen und liefert
relevante, personalisierte Empfehlungen. Diese Arbeit leistet einen wichtigen Beitrag zur

Erforschung von Empfehlungssystemen.
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Notations

Several mathematical variables are used in this thesis. They are defined in the following

list.

This listing contains only the most important notations, additional notations

will be introduced further on. Additionally, some definitions may be explained in the

corresponding paragraph for easier reading [Wu+20a; Wan+21b; Gao+21].

7z

u

Mu

MI

tC
T(w,i)

Ir

Set of all items

Set of all users

Interaction between U and 7

Input set where (Z,U, ") € X
Memory

Memory of seen users

Memory of seen items

Set of all sessions

Set of all sessions for user u

Current session for user u S € S*
Historical session for user u S*\ S €
Graph representation of S*

Maximum timestamp within a sequence
Current timestamp of network ¢ € T
Timestamp of interaktion between u and ¢

The set of items with position embedding

xix



Notations

A The result of a self-attention network
F Self-observation

sg\Sc global preference/current interest

hﬁ) Hidden state of node v embedded in propagation layer [
hy Final representation of user u € U

h¥ Final representation of item 7 € 7
N,  Neighborhood set of node v

w Learnable transformation matrix

o(-)  Nonlinear activation function

[;7]  Vector concatenation

U Score on items for user u

“j» % Indefinite graph indices

Vector or matrix at time ¢

“id ID for an feature (e.g. user ID: wu;q)
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1. Introduction

With the proliferation of e-commerce and social media platforms, recommendation systems
have become a preferred tool for many companies. A recommendation system can be
defined as a filtering system designed to present personalized information to platform
users. This promotes a positive user experience and business success [Wu+20a; Wan+21b].
A recommendation system can include a variety of functions, such as suggesting items in
an e-commerce application or presenting multimedia content such as music, images, or
videos on social networks or streaming platforms [Xie+21a; Wu+20a; Wan+21b]. In the
modern world, more and more users rely on the recommendations provided by systems
that reduce the number of available options from seemingly inexhaustible possibilities to
a manageable subset. This can be considered an application of machine learning where
the use case is related to a problem of significant importance in industry and academia.
This requires the model to consider the user’s historical interactions, including clicking,
viewing, reading, and purchasing an item [Gao+21; Wan+21b].

The history of recommendation systems can be divided into three distinct periods
[Gao+21]. The first phase was characterized by flat models, which included recommenda-
tion systems based on neighborhood methods. As mentioned earlier, these methods used
the user’s historical interactions to suggest objects similar to the user’s past preferences
[Che+16; Wu+20a; Gao+21; Wan+21b]. Neighborhood approaches are characterized by
simplicity, efficiency, and effectiveness. These characteristics have led to the widespread
use of this approach in practice [Wu+20a]. A complementary approach would be to
design models that map users and objects in a common space using continuous vectors
to make them directly comparable [Wu+20a]. As this approach has already made pro-
gress, the next step was the development of Neural Network models [Wu+20a]. Models
based on NN have the advantage of exploiting nonlinear and nontrivial relationships
between users and objects and can extend data sources to contextual, textual, and
visual information. [Che+16; Wu+20a; Gao+21; Wan+21b]. NN methods have inherent
limitations in capturing complex structural patterns present in the data during training

[Wu+20a; Gao+21]. Challenges include the high dimensionality and sparsity of data,
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the difficulty of managing long-term sequential dependencies, and the need for more
explicit structural knowledge [Das+21]. These models are prone to overfitting when
dealing with high-dimensionality and sparsity data [VF05]. NN also struggle to account
for long-term relationships in sequential data and often do not encapsulate the inherent
structural knowledge or rules that may exist in the data [BSF94]. As a result, the learned
model may only consider the current user’s historical interactions and may not capture
the broader context. The last evolutionary step discussed in current research is using
Graph Neural Networks (GNNs). These models address the abovementioned problem by
using embedding propagation to iteratively aggregate neighborhood embeddings. In this
approach, each node can access the information of its neighbors regardless of its position
in the graph, capturing not only first-order but also higher-order information. [Che+16;
Wu+20a; Gao+21; Wan+21b]. A first-order node is limited to receiving information
only from its immediate neighbors [Sch+22]. However, a higher-order node can collect
information from more distant nodes. This ability increases the potential of GNN to
recognize more complex patterns and relationships within the graph [Sch+22]. Recom-
mender systems use the graph structure to represent the relationships and connections
between users, objects, and their interactions. Data are represented as a graph, with
nodes representing users and objects and edges representing relationships or interactions.
This structural representation allows recommendation systems to use the information
embedded in connections and interactions to generate relevant recommendations. The
advantage of this data structure in the context of recommendation systems is that it
allows information to be extracted from the relationships between nodes within the
graph. In addition, the graph structure enables the integration of external information
sources, such as social relationships between users. In the case of information related to
articles, this extends beyond the articles themselves to include the relationships between
individual data points [Wu+20a; Gao+21; Wan+21b|. The primary benefit of this data
structure is the ability of recommendation systems to analyze relationships between
users and items to uncover patterns, similarities, and preferences [Wu+20a; Gao+21;
Wan+21b]. Using techniques such as graph mining, graph embedding, and graph-based
algorithms, recommender systems gain the ability to capture dynamic patterns of user
behavior, enabling the derivation of relevant and personalized recommendations [Wu+20a;
Gao+21; Wan+21b]. The graph structure is a powerful modeling tool to handle the large
and diverse data found in the recommendation engines [Wu+20a; Gao+21; Wan+21b].
However, it is important to note that a graph alone cannot generate recommendations,

as it is only an abstract representation of the relationships between users, objects, and
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their interactions [Wu+20a; Gao+21; Wan+21b]. It is through careful use of the graph
structure that the recommender systems’ algorithms and models can generate meaningful
recommendations [Wu+20a; Gao+21; Wan+21b].

1.1. Research Challenges

The combination of session-based and sequential recommendation systems has received
considerable attention in recent years and has been studied by several authors [Lv+19;
Mit+22; KML18; Zho+18; QKH17; Hid+18]. This combination enables the generation
of personalized recommendations based on user behavior and context, leading to higher
user satisfaction and motivation. In addition, it can improve the accuracy of recom-
mendations and enable the generation of infrequent and non-obvious recommendations.
Given the increasing interest in personalized recommendations and the availability of
large amounts of data sources, it is crucial to explore the combination of session-based
and sequential recommendation systems to develop new insights and recommendation
algorithms [KML18; Zho+18; QKH17; Hid+18]. Session-based recommendation systems
analyze user behavior within a single session to generate personalized recommendations,
while sequential recommendation systems consider the entire history of user behavior to
make predictions [Wu+20a; Gao+21; Wan+21b).

Research has shown that hybrid recommendation systems, such as the combination
of session-based and sequential recommendation systems [SS21], can provide promising
results, making it a viable approach to creating personalized recommendations [Bur(02;
E C17; Phul9; Guo20; Zha21]. Despite the progress that has been made, the study
of combining session-based and sequential recommendation systems remains an open
research area with numerous challenges [SS21; Bur02; E C17]. One fundamental problem
is the lack of data, as large and high-quality datasets are needed that cover both session-
based and sequential user interactions [Son+21]. Another issue is data representation, as
merging disparate data sources and understanding user behavior require effective methods
[Gao+21; Wu+20a]. Developing appropriate representations that adequately account for
the dynamic nature of user sessions and action sequences is critical [Fen+19]. Complex
information must be captured and adequately represented in machine learning formats
[Gao+21; Wu+20a]. In addition, model complexity is a challenge, as the integration of
sequential and session-based recommendation systems requires highly complex models
and these models must adequately account for the many aspects of user interaction and

require the use of advanced machine learning and data processing techniques [Bur02; E
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C17; Phul9; Guo20; Zha21]. Evaluating and benchmarking combined session-based and
sequential recommendation models is also challenging. Developing appropriate metrics
and benchmarks is critical to objectively compare different approaches and evaluate their
effectiveness [Bur02; E C17; Phul9; Guo20; Zha21]. In general, these challenges highlight
the need for further research and innovation to realize the full potential of combining
session-based and sequential recommendation systems. Overcoming these challenges will
improve the effectiveness of these approaches in real-world application scenarios and
enable a new level of personalized recommendations [KML18; Zho+18; QKH17; Hid+18|.

1.2. Contribution

To take advantage of both session-based and sequential approaches, DGNNs are utilized.
These approaches take advantage of the flexible representational capabilities of graphs to
capture complex relationships and interactions in the data. DGNNs can effectively model
the evolution of user sessions and the sequence of actions [Liu+21; Wu+20b|. They capture
the relationships between the elements of the session and the temporal relationships
between actions. As a result, they can develop a more complete comprehension of user
behavior and generate more accurate recommendations [Li+20; ZWL20]. An important
advantage of DGNNs is their ability to efficiently leverage knowledge from previous
sessions and interactions. By integrating information from previous sessions, they can
provide contextual recommendations that better match individual preferences and the
current user context [Liu+21; Wu+20b; Li+20; ZWL20]. The purpose of this thesis is
to apply DGNNs to the combination of session-based and sequential recommendation
systems. To achieve this goal, a model is developed, presented in chapter 3, to analyze and
model user behavior within an arbitrary number of sessions. To provide a comprehensive
foundation for this thesis, a review of the existing literature and the underlying theoretical
concepts is conducted in chapter 2. Based on this review, the innovative model will
be presented and tested through experiments. These experiments will evaluate the
effectiveness of DGNNs in predicting user behavior within the given problem. The results
of this research will contribute to a deeper understanding of the application of DGNNs
to the combination of session-based and sequential recommendation systems and lay the

foundation for future research in this area.
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This chapter introduces different GNN-based recommendation systems to provide a basis
for understanding the following implementation in chapter 3. Section 2.1 starts with
a general overview of how recommendation and GNN-based recommendation systems
work. Since this thesis focuses on graph-based recommendation systems, this chapter
introduces the basics of GNNs to understand how graph information can be used for
the recommendation system use case presented in section 2.2. The advantages of these
systems are discussed in subsection 2.2.6. This thesis specifically focuses on developing
and analyzing recommendation systems based on time-dependent factors. These systems
are discussed in detail in section 2.3 and section 2.4. Finally, section 2.5 explains how
systems can be tested and evaluated, and section 2.6 summarizes the topics covered in

the previous chapters.

2.1. Recommendation systems

It is necessary to specify the concept of recommendation systems and their characteristics.
In principle, a recommendation system can be defined as a special variant of a filtering
system designed to provide personalized information to the user. From the provider’s
perspective of these systems, the objective is to promote profitability for a specific inter-
action. Personalized recommendations allow companies to target their items or services
more effectively to customers, thereby increasing sales. In addition, recommendation
systems can help increase user time on the platform, making it more attractive to advert-
isers [Gao+21]. These systems can be formally described as: vy, ; = f(h}, h]) [Gao+21].
1 € 7 stands for an arbitrary item, u € U stands for a user of the system. The rating
function f(-) returns the user’s (u) preference score for the item ¢, usually returned as a
probability. The function f(-) can be implemented in different ways, for example, by a
Neural Network, which will be the case in this thesis [Gao+21]. This method takes h;
as a representation of users and h] as a representation of items. These representations

can also be result vectors of previous computational steps, which follow a multistage
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architecture procedure [Gao+21].

The subsection 2.1.1 describes how a typical recommendation system workflow is
structured. This is followed by subsection 2.1.2, a description of the different scenarios of
the recommendation system, including the sequential, session, bundled and knowledge
graph recommendation systems. The key concepts specific to each scenario are explained
in each scenario. The subsection 2.1.3 outline the general goals of the recommendation
systems, which are related to different levels of the recommendation process. Finally,
subsection 2.1.4 covers various applications of these systems.

The general basics of GNNs are explained in section 2.2, and DGNNs is outlined
in subsection 2.2.5. Additionally, the multi-head attention mechanism is explained in
subsection 2.2.7. Different activation functions are defined in subsection 2.2.8, and a

concise summary about Gated Recurrent Units (GRUs) is given in subsection 2.2.9.

2.1.1. Phases

A recommender system can be divided into three typical phases. The matching followed
by ranking and final re-ranking. These three phases can be formed as a standard pipeline.
Fach of these phases differs in the input, output, and processing of the data itself.
Depending on the use case, there may be additional or different phases, as this is only a

possible representation [Gao+21].

Stage Matching Ranking Re-ranking
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Figure 2.1.: A pipeline of recommendation systems, which can be viewed as a foundation
for development.

Source: Own illustration, based on: [Gao+21]
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According to Figure 2.1, the pipeline initially starts with a dataset containing potentially
millions of items. The primary objective of the three stages is to generate targeted
recommendations, thereby reducing the dataset to a small number of items [Gao+21].

The matching stage significantly reduces the data by using efficient models to approx-
imately pre-select relevant items for the user. These preliminary models identify items
that are likely to be of interest to the user, allowing subsequent models to operate more
efficiently. Multiple models can be applied, including those based on geographical data
or popularity [Gao+21].

In the following phase, the previously selected items from multiple models in the
matching phase are combined and re-evaluated using a single model. The purpose of this
model is to further reduce the number of potential items. Since the input set for this
algorithm is much smaller than that used in the matching phase, it becomes possible
to incorporate rich features such as user profiles and item attributes. It is critical to
use only one model in this phase to ensure its suitability for the task and to include the
necessary interaction between characteristics [Gao+21].

The final phase, re-ranking, aims to further optimize the small list of items obtained
from the ranking phase. Its goal is to satisfy additional business requirements by changing
the order of the item list or removing items that may result in redundant information.
Alternatively, re-ranking can be optimized according to specific business requirements
[Gao+21].

2.1.2. Scenarios

In research, recommender systems are classified into different scenarios depending on
the intended application or the underlying data [Gao+21]. The following subsections
present different scenarios for recommender systems. The presentation does not claim
to be exhaustive but represents a selection of scenarios [Gao+21] which are relevant for
this thesis and will be discussed in the further course of the thesis. Specifically, the
following overview describes sequential recommendation, session-based recommendation,
bundle recommendation, and knowledge graph-based recommendation scenarios [Gao+21].
In the following work, the focus will be on sequential recommendations and session-
based recommendations. The bundle recommendation and the knowledge graph-based
recommendation are presented as a contrast to clarify the emphasis of time-series-based
systems (sequential, session-based) and to differentiate these scenarios more from the

other scenarios [Gao+21].



2. Background

Sequential recommendation

Recommender systems are frequently used in services that are characterized by a high
number of user interactions over a long period of time [Gao+21]. The fundamental
purpose of such systems is to use these past interactions to predict possible future
interactions [Wu+20a]. These historical interactions can be conceptualized as time series
that evolve over time. Using these time series, it is possible to predict the content that
a user is likely to consume in the future [Cha+21]. As a result, the recommendation
system can provide personalized recommendations to each user, taking into account their
unique interests and preferences [Wu+20a; Gao+21; Cha+21]. A time series refers to
a series of measurements of the same interaction object over time. In general, a time
series is modeled as a sequence of random variables, and this stochastic process can be

mathematically described as [Gam17]:

XT = (1’0,1}1, ...,x7-) = (iL‘t 1t e NST) (21)

Where T denotes the length of the time series, while x; denotes a particular measure-
ment at a particular time in the time series. It should be noted that unlike general time
series, the time series at hand are always finite. In the context of this thesis, the time

series of user interactions is modeled as follows:

Iy = (i1, iy i) = (i : t e NST i € 1) (2.2)

Note that Equation 2.2 assumes that there is only one user. In practice, however, there
is usually at least one time series per user. In contrast to Equation 2.1, there are no

random variables X7, but interactions with items, which are denoted as i € Z.

s % ®

uelU i€l
Figure 2.2.: An exemplary representation of a sequential recommendation. Based on

historical interactions, for example in an online store, of a user, the recom-

mendation system tries to predict the next item for the specific user.



2.1. Recommendation systems

The goal of sequential recommendation is to recommend the item that best matches
the user’s interests and preferences, which is defined as recommending the item i741.
The mathematical clarification is illustrated in Figure 2.2. The consideration of time
stamps is a fundamental aspect of sequential recommendation, since the sequence of a
user’s interactions with items plays an important role in predicting his future interests
[Wu+20a; Gao+21; Cha+21]. Within-sequence modeling can be achieved through various
approaches, such as Markov models, Recurrent Neural Networks (RNNs), or attention
mechanisms. These approaches can help to capture the short- and long-term interests
of the user and to account for possible dependencies between different elements of a
sequence [Wu+20a; Gao+21; Cha+21].

However, information overload is a major challenge for sequential recommendation,
as a user can quickly lose interest or overview if there are too many suggestions. One
way to address this challenge is to limit the number of items suggested or to implement
a diversity strategy to ensure better coverage of the user’s different interests [Wu+20a;
Gao+21; Cha+21].

In addition, there are two challenges that must be considered in the sequential re-
commendation. First, an item may appear in multiple sequences and a user may have
multiple sessions, so relationships between sequences must be considered [Wu+20a;
Gao+21; Cha+21]. A sequence can consist of one or more sessions. Second, it is import-
ant to consider modeling within a sequence to cover the user’s short-term, long-term,
and dynamic interests simultaneously. Some research demonstrates a positive effect when
each session of a sequence is viewed separately, as this allows different interests to be
viewed per session [Wu+20a; Gao+21; Cha+21].

Session-based recommendation

Session-based recommendations are often considered a subset of sequential recommend-
ations. This is illustrated in particular by Figure 2.3, which also have temporal de-
pendencies and are considered session-based assumptions [Wu+20a; Gao+21; Cha+21].
Session-based recommendation is useful in certain use cases where it is not possible to
store all historical data due to storage limitations. Additionally, another use case for
session-based recommendation is services where data is anonymous or users interact with
the system too infrequently, such as retail [Wu+20a; Gao+21; Cha+21]. The data for
this type of recommendation can, therefore, be seen as a short series of interactions

by anonymous users. In this approach, the interactions of users in each session have
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only session-based characteristics, and since there are no historical data, each session is
considered independently [Wu+20a; Gao+21; Cha+21].

Anonymous ﬁ. ' a '7
N OO - —O—O
L + J
uelU ip €I

Figure 2.3.: An exemplary representation of a session recommendation. Based on histor-
ical interactions, for example in an online store, of a anonymous user, the
recommendation system tries to predict the next item for the anonymous

user.

Bundle recommendation and knowledge graph-based recommendation systems

The bundle recommendations focus on recommending a combination of items to the user
as a whole. This is in contrast to traditional recommendation systems, which mainly
focus on recommending individual items [Wu+20a; Gao+21]. There are three types
of relationships in bundle recommendations. In the user-item relationship, each user
interacts with multiple items. In the user-bundle relationship, users choose bundles. In
the bundle-item relationship, a bundle consists of multiple items [Wu+20a; Gao+21].
Examples of bundle recommendations include adding songs to a playlist or composing
articles [Wu+20a; Gao+21]. A Knowledge Graph (KG) is a structured model that
expresses the relationships between elements using attributes. [Wu+20a; Gao+21].
In this context, a KG can be viewed as a data graph that accumulates the knowledge
collected. The nodes in the KG represent entities of interest, while the edges represent the
relationships between these entities [Hog+21]. The advantages of integrating Knowledge
Graphs (KGs) into recommender systems include the fact that semantic relationships
between elements of a KG allow deeper exploration of their connections, thus refining
the representation of elements [Wu+20a; Gao+21]. Furthermore, elements with which a
user has interacted in the past can be linked to the recommended elements, enhancing
the interpretability of the results [Wu+20a; Gao+21]. These two variants will not be
discussed further in this thesis, but should make it clear that there are a number of

different variants, in addition to the two on which this thesis focuses [Wu+20a; Gao+21].
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Figure 2.4.: Comparison of bundle recommendation and knowledge graph based recom-
mendation systems. Left: exemplary illustration of bundle recommendation,
Right: exemplary illustration of knowledge graph
Source: Own illustration, based on [Wu+20a; Gao+21]

Figure 2.4 illustrates the procedure of both systems.

2.1.3. Objectives

For a recommendation system, accuracy is central and there are other aspects that
should characterize a recommendation system, such as diversity and explainability. In the
following part, some of these aspects will be presented, although this list is not exhaustive
[Gao+21].

Diversity

Diversity and balance are key concerns for recommendation systems. These concerns
include diversity at the user level and at the system level. The objective at the user
level is to avoid suggesting items that are too similar, as this could be counterproductive
and not encouraging the user to explore the system [Gao+21]. If users are presented
with only a narrow subset of items, they may not have the opportunity to explore the
entire system. At the system level, the objective is to balance recommendations between
popular items and long-tail items to provide users with an even coverage of all items
[Zhe+21; Gao+21].

The figure in Figure 2.5 represents the diversity at the individual level as well as the
diversity at the system level [Gao+21]|. As illustrated, both forms of diversity exist.

However, two challenges must be considered. The first challenge revolves around the

11
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Figure 2.5.: Illustration of diversity at the individual level contrasted with diversity at
the system level.
Source: [Gao+21]

significant variation in user interest, as indicated in Figure 2.5. Certain users may be
more concerned with electronics, while others may prioritize food-related items. This
discrepancy leads to significant variability in the strength of the signals of different items.
The second aspect concerns the potential conflict between recommendation diversity and
accuracy. Therefore, achieving a delicate balance between diversity at the individual and

system level remains a key concern [Zhe+21; Gao+21].

Explainability

One of the primary objectives is to increase the explainability of recommendation systems
[Gao+21]. There are two key aspects to this objective [ZC20; Gao+21]: providing users
with an understanding of how and why specific articles are suggested to them, and
enabling system operators to rapidly develop and improve these recommendation systems
[ZC20; Gao+21]. Given the predominant machine learning orientation of such systems,
achieving this objective is a significant challenge that has yet to be fully addressed.
Current research pursues two different approaches: the first approach relies solely on
explicable models, avoiding the use of black boz techniques [ZC20; Gao+21], while the

second approach aims at constructing models that can explain the results of black box

12
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recommendation systems. This second approach is commonly referred to as explanation
mining [ZC20; Gao+21].

2.1.4. Applications

Naturally, recommendation systems are also application-centric. For instance, a recom-
mendation model designed for an e-commerce platform needs to focus on business value,
emphasizing actions such as adding products to a shopping cart or making a purchase
[Meh+18; Gao+21]. On the other hand, a streaming platform requires a model that
alms to maximize user engagement by encouraging longer and more frequent use of the
platform.

There are numerous other examples, such as recommendation systems used in social
media platforms, job portals, or food marketing platforms. Each of these applications
has unique goals that must be considered when developing the recommendation system
[Meh+18; Gao+21].

2.2. Graph neural networks

This thesis focuses on graph-based recommendation systems highly based on GNNs.
This section is intended to ensure a complete understanding of GNN by introducing
various GNN variants such as Graph Convolutional Networks (GCNs), Graph Attention
Networks (GATs), and Gated Graph Neural Networks (GGNNs). In the first part of
this section, a comprehensive definition of graphs is given in subsection 2.2.1, which
serves as a basic concept for understanding GNNs. Then, the core of subsection 2.2.2
is addressed by giving an overview of different existing GNN techniques. This overview
reflects the current state-of-the-art for GNNs. A detailed definition of DGNNs is given in
subsection 2.2.5, as it is a fundamental concept for understanding the model presented in
this thesis. Section 2.2.7 introduces attention layers as an important technique in this
context and further explains how attention layers enhance the GNN capability to identify
intricate data patterns, thus improving recommendation generation. The justification
for using GNNs in recommendation systems is highlighted in subsection 2.2.6, and
explains how GNNs can recognize complex patterns in data and improve the quality of
recommendations based on these patterns. The text emphasizes the advantages of GNNs,
such as superior pattern recognition and adaptability, over traditional recommendation

generation methods.

13
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2.2.1. Graph structure

A graph is an abstract structure representing objects and their connections [You+20]. It
is defined as follows G = (V, ) [You+20]. In this definition, V denotes the set of nodes,
and £ denotes the set of edges. A connection between nodes v; and v; is represented
as e;; = (v;,v;) € € [Wu+20a; Gao+21]. The neighborhood of a node v is denoted by
Ny ={u € V|(v,u) € £} [Wu+20a).

Graphs can be classified into several categories based on their properties. The following

categories can be distinguished:

Directed Graph In a directed graph, or digraph, the edges have orientation. This can
be expressed mathematically as & C (v,u)|(u,v) € V? and v # u [You+20;
Wu+20a; Gao+21].

Undirected Graph An undirected graph is a special case of a directed graph where every
edge is bidirectional [You+20]. This means an edge between two nodes can be
traversed in either direction. An undirected graph is defined by the pair G = (V, &),
where V is the set of nodes and £ is the set of undirected edges. Each undirected
edge (u,v) € £ connects the nodes u and v without a specific direction [You+20;
Wu+20a; Gao+21].

Homogeneous Graph A homogeneous graph is a graph in which each edge connects
nodes, with only one type of nodes and edges [You+20]. The definition already
presented in general applies G = (V,£). In a homogeneous graph, an edge can exist
only between two different nodes [You+20; Wu+20a; Gao+21].

Heterogeneous Graph In a heterogeneous graph, each edge connects nodes, similar to a
homogeneous graph. However, a heterogeneous graph can have different types of
nodes and edges, representing different relationships between nodes. The definition
G = (V, &) also applies here [You+20; Wu+20a; Gao+21].

Hypergraph A hypergraph is a generalization of a graph. In such a graph, each edge can
connect any number of nodes [You+20; Wu+20a; Gao+21]. Formally, a hypergraph
is defined as follows: H = (V,Ex). In this case, V is a set of nodes, and & is a set
of hyperedges. Each hyperedge is a subset of V, which means that £ is a subset of
the power set of V (£ C P(V)) [You+20]. Hypergraphs can be much more complex

than the graphs already introduced since an edge can connect any number of nodes.

14
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As a result, hypergraphs can be useful in representing complicated relationships

between different entities in a system [You+20; Wu+20a; Gao+21].

Dynamic/Static Graphs Dynamic and static graphs are categories that describe the
state of a graph [Wu+22], DGNNs are explained in more detail in subsection 2.2.5.
While a static graph remains unchanged, the properties and topology of a dynamic
graph can change over time. These changes can affect the connections between
nodes, for example, by adding or removing nodes or edges. Changes in attributes
can affect the properties of nodes or edges, such as changing the size, weight,
or color of nodes or edges. However, it is important to note that dynamic and
static graphs are not mutually exclusive, as any graph can theoretically have both
dynamic and static properties [You+20; Wu+20a; Gao+21].

In addition to the types of graphs mentioned above, it is notable that this list is not
exhaustive. Other types of graphs, such as signed graphs, have been developed depending
on the task at hand. These graph categories are generally orthogonal, meaning that a
combination of types is possible. For example, a graph can be dynamic, directed, and
heterogeneous [You+20; Wu+20a; Gao+21].

GNN Structures

In addition to the graphs’ structures, discussed in the previous subsection 2.2.1, GNNs
can also be categorized. Typically, these models are divided into two main structures:

spectral and spatial models [You+20; Gao+21]. These are presented in the following list:

Spectral GNN Model In spectral models, the graphs are treated as signals and processed
accordingly [Gao+21]. As the name implies, a graph convolution is performed in
the spectral domain. This is done by first transforming the graph signals into the
spectral domain using a Fourier transform and then applying a filter to the result.
The results are then transformed back into the spatial domain. Formally, this can
be described as F xx = F~Y(F(g) ® F(x)). Here F is the Fourier transform, f is
a filter, and s is a signal [Gao+21].

Spatial GNN Model In spatial models, aggregation occurs directly at the level of graph
structures [Gao+21]. Spatial models typically use a convolutional process that
aggregates information from each node’s neighbors to represent the node [Gao+21].
As such, they are somewhat similar to Convolutional Neural Networks (CNNs) in

that they also allow weighted aggregation of local features [Gao+21].
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Both models use the same principle of iterative collection of neighborhood information.
This is crucial for detecting higher-order correlations between the nodes and edges of
the graph. Dividing models into spectral and spatial types is useful for solving different
problems more efficiently when applying GNNs. The choice of model depends on the
specific task and the graph properties to which the model is applied [Gao+21].

2.2.2. GNN foundations

As mentioned in the previous section, the primary purpose of a GNN is to iteratively
gather feature information from neighboring nodes in a graph and combine it with the
target embedding, whether it is a node or an edge. This process is repeated layer by

layer, resulting in updated graph embeddings [Wu+20a; Wan+21b; Gao+21].
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Figure 2.6.: The generalized representations of the process of GNN in collaborative
filtering of user items in the context of recommendation systems.

Source: Own illustration, based on: [Wu+20a]

This section describes the basic structure and construction of GNNs and presents
improved GNN models. A GNN consists of several propagation layers (1) stacked on
top of each other [Wu+20a]. Each of these layers has two operations: the aggregation
operation and the update operation. Generally, a layer can be represented by the equation

Equation 2.3.

Aggregation: (Y = Aggregator;({h},,Vu € N,}}) (2.3)
Update: LY = Updater,(h{Dn{) .

Here, h!, represents the node u in layer . In the aggregation step (Aggregator;),
the neighbors are processed using a pooling operation (mean, sum, min or maz) or an

attention mechanism, depending on the model and the work [Wu+20a]. The neighborhood
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of a node v is represented by N,. In contrast, the update step (Updater;) integrates the
representation of the central node with the result of the aggregation step (aggregated
neighborhood) [Wu-+20a].

Based on this basic structure, several improved models relevant to recommendation
systems are presented. The selection in this list is derived from the referenced sources

[Wu+20a; Gao+21] and should not be seen as a conclusive review of the literature.

GCN

The Graph Convolutional Network (GCN) is a well-established spectral model that
combines graph convolution and Neural Network (NNs) [Zha+19b]. The model aims to
perform semi-supervised graph classification by approximating the first-order Laplacian
eigenvalue decomposition of the graph, which is used to aggregate information from its
neighbors [Zha+19b; Wu+20a; Gao+21]. The Equation 2.3 presented earlier can be

customized as follows:

Aggregation: ng) = Z d;v%'dvjdj_j% hg-l)
FEN (2.4)
Update: AL = s(w®OnD)
In Equation 2.4 and the following models, § represents a nonlinear activation function
unless otherwise specified. An activation function could be ReLU, defined in Equation 2.18,
while other activation functions are defined in subsection 2.2.8. Furthermore, W(®
corresponds to the learnable transformation matrix for layer I. In this context, a,; is
the adjacency weight and 0 unless node v is connected to j or j = v, and djj = >}, ax;

[Zha+19b; Wu+20a; Gao+21].

GraphSAGE

GraphSAGE is a spatial GNN model [HYL17]. In general, this model queries the neighbors
of the target node and merges the embeddings of the target node with the summarized
embeddings of the neighbor nodes to update the target node [HYL17]. The Aggregator
uses a pooling operation (mean, sum, min or maxz) and a concatenation operation to
update [Wu+20a; Gao+21].

Aggregation: n{Y) = Aggregator;({{RL,,Yu € N,}})
Update: ALY = oW @ . [n1); n0])
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In the Equation 2.5, all the provisions that have been presented for Equation 2.3 apply
[HYL17; Wu+20a; Gao+21].

@
1. Sample neighborhood 2. Aggregate feature information 3. Predict graph context and label
from neighbors using aggregated information

Figure 2.7.: Visual representation of the approach of GraphSAGE. Especially the sampling
and aggregation approach.
Source: [HYL17]

As illustrated in Figure 2.7, GraphSAGE trains a separate embedding vector for each
node, like the other models presented here. During this process, the feature information
is aggregated from the local neighborhood of a node, with each Aggregator function
obtaining this information from a different number of hops or search depths away from a
given node [HYL17; Wu+20a; Gao+21].

GAT

Graph Attention Network (GAT) is a spatial GNN that addresses several challenges of
spectral models, as described by Velickovié et al. [Vel+17]. For example, it addresses
the problem of poor generalization of a certain graph structure to other models [Vel+17;
Wu+20a; Gao+21]. The GAT model assumes that the influence of neighbors on the
central node is not identical and that the structure of the graph is not given [Vel+17].
Consequently, the contributions of neighbors are differentiated by exploiting the attention
mechanism, and the vector of each node is updated taking into account its neighbors
[Vel4-17; Wu+20a; Gao+21].

A 1(]1) 1(]1)
Aggregation: n{) = > avjhg-l),avj explAh 7T(Ll) ))(1)
JEN, ke, exp(Ati(hy”, nv”)) (2.6)
Update: Al =W n0)

v

In addition to the provisions defined in Equation 2.4, At#(-) is an attention function
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and stands typically for
leakyReLU (a” [(WORD; (WO R{))

and a is a learnable parameter [Vel+17; Wu+20a; Gao+21]|. Furthermore, wo ig
responsible for the transformation of the node representations in the propagation step [
[Wu+20a]. The function leakyReLU is defined in Equation 2.19.

GGNN

A graph-to-sequence network, including Gated Graph Neural Network (GGNN), allows
information represented as a graph to be used with a sequence generator to produce
output that benefits from the graph structure [Li+15]. GGNNs uses a Gated Recurrent
Unit (GRU) for the update step [Li+15; Wu+20a; Gao+21]. GRU is defined in detail in

subsection 2.2.9.

Aggregation: ngl): /\%' Z hy)
| ”‘jeNv (2.7)

Update: A5t = GRU(RY, nlV)

One challenge with GGNN is that it executes the recurrent function multiple times on
all nodes, which can cause problems when applied to large graphs due to poor scalability
[Li+15; Wu+20a; Gao+21].

HETGNN

Heterogeneous Graph Neural Network (HETGNN) is a spatial GNN model optimized for
heterogeneous graphs, as proposed by Zhang et al. [Zha+19a]. Since a heterogeneous
graph contains different types of nodes and edges, neighbors are first divided into subsets
according to their types. An Aggregator function applied per neighbor type uses a
combination of RNNs and MEAN operations. Furthermore, neighborhood information is

aggregated according to the attention mechanism [Gao+21; Zha+19a].

Aggregation: nl(,l) = Z ay, fi
fiEF’U (28)

Update: ALt = s(w® n0)
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In this context, the set of embeddings is denoted as F= = f{(v) U fa(v),t € Oy, where
f1(v) corresponds to the embedding of the content of v, ff(v) is the aggregated embedding
based on the type and O, represents the set of node types [Zha+19a].

HGNN

Hypergraph Neural Network (HGNN) is a spectral model that implements a hypergraph
neural network. It encodes higher-order data correlations in a hypergraph structure. The

convolutional layer of the hypergraph is defined as [Wu+20a; Gao+21]:

_1 . _1
Aggregation: N =D, 2EW°D_'E’ D, 2H?

(2.9)
Update: HF' = s(WOND)

In this model, E is the adjacency matrix of the hypergraph. Furthermore, D, refers to
the number of hyperedges the node contains, and D, represents the degree of the edge,
that is, how many nodes the hyperedge contains [Wu+20a; Gao+21].

As introduced in the beginning of this chapter, the similarities and differences of the

presendet models are illustrated in Figure 2.8.

2.2.3. Final node representation

In GNNs, the use of aggregation and update operations results in a gradual transformation
of the node representations according to the depth of the network [Wu+20a]. In this
process, the node vector of the last layer £ is often considered as the final representation
of a node (hq(,ﬁ)) [Wu+20a; Liu+23]. However, the representations in the different layers
of GNNs emphasize different aspects of the node information [Wu+20a; Liu+423]. In
particular, the representations in the initial layers mainly represent the characteristics of
the individual nodes [Wu+20a; Liu+23|. In contrast, the representations in the deeper
layers consider more information from the node neighborhood, giving more weight to
messages transmitted over different links [Wu+20a; Liu+23].

Recent research has developed strategies to integrate representations from different
layers to maximize the use of individual and neighborhood information [Wu+20a; Liu+23].
This provides a more complete and potentially more informative representation of the
nodes in the graph [Wu+20a; Liu+23]. The most common pooling methods are illustrated
in Equation 2.10 [Wu+20a; Liu+23].
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Graph type of GNN .
Model GNN category Aggegrate Equation
_1 1
Agg: nl(,l) = Z dw2 Evjdjjz hgl)
GCN Spectral JEN,
Update: hffl - J(W(l),nff))
O Agg: nl = Agg,({hL,Vu e N,})
GraphSAGI Spatial ‘-A. *
: ) I
T | Updater A= 6w 0,nl)
Age: ) = ayh
GAT Spatial O jeN,
Update: bt = 5(W(l),n7()’))
[{ AN '::'<8 Agg: n) = Z ayi fi
HetGNN 0 Spatial Qé;;, fiF,
o Update: pltt = 5(W(l),n,(f))
Agg:. N0 =D, *EW'D'ETD,*HV
HGNN Spectral
Update: i+t — 5O D)
\ __1 L
\ Agg: Mo’ = NG| J
GGNN ) O Spectral vl jeN,
O O Update: hlt! = GRU(h,(,l),n,(,l))

Figure 2.8.: Comparison of several typical GNN models. For the graph type, the nodes

and edges are represented by colors and lines. For aggregation, the line width

indicates the weight of the neighborhood.

Inspired by: [Gao+21]

[lht]Mean-Pooling:  h) =

Sum-Pooling: hl =

Min/Max-Pooling: hy

Weighted-Pooling:  hj) =

Concatenation:  h) =

(2.10)
(2.11)
(2.12)
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In Equation 2.10, oV is a learnable parameter [Wu+20a]. The list in Equation 2.10 is
not exhaustive. It refers to the most common Flat Pooling methods [Liu+23]. Further-
more, there are other pooling methods, such as the Node Clustering Pooling Methods or
the Node Drop Pooling Methods, which are not used in this thesis [Liu+23].

2.2.4. GNN optimization

This subsection explains how to optimize the models presented in subsection 2.2.2. GNN
models can be divided into three types of tasks in which the models are used to solve
graph-based classification, prediction, and regression problems [Gao+21]. Typically, these
tasks involve up to three levels: Nodes, Edges, and Subgraphs [Gao+21]. These tasks
include node classification in social networks, edge prediction in relational data, and
graph classification for chemical compounds [Gao+21]. In regression tasks, continuous
values are predicted instead of classification [Gao+21].

Since the presented models differ in the underlying tasks and their optimization, a
generalized approach is presented in this section. In general, however, it is advisable to
map and label relevant embeddings in order to formulate a comprehensible loss function
[Gao+21]. Additionally, it is generally recommended to use existing optimizers for
model learning [Gao+21]. As with most machine learning models, different mapping
functions, such as the inner product, can be used, and a variety of loss functions are
available for the model developer to choose from [Gao+21]. However, when using pairwise
loss functions, it is important to distinguish between focusing on positive or negative
samples [Gao+21]. Negative sampling is a method used to reduce computation time and
memory requirements when training NNs [Arm+19]. Using negative examples can reduce
the amount of training data without compromising the embeddings’ quality [Arm+19].
Negative sampling is discussed in more detail in section 3.3.

To illustrate the model optimization process, the link prediction task is used as an

example [Gao+21].

£=3" ~ino(s(p) - s(n)
P (2.15)

s(u,i) = F{RDY, ()

Formally, in Equation 2.15, o(+) represents the sigmoid function defined in Equation 2.20.
p and n refer to positive and negative samples, respectively, as described above. The

function s is responsible for measuring the samples. The function s uses f(-) as a mapping
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function [Gao+21]. Assume that the data X = (u, 1, j) consist of positive and randomly
selected negative samples observed [Gao+21]. For example, (u,?) or (u,j). In the context
recommendation system, this would indicate that user u has interacted with item ¢ but
not with item j, where j is a negative sample of all other items that user u has not yet
interacted with [Gao+21].

2.2.5. Dynamic GNN

Dynamic Graph Neural Network (DGNN) is a NN that operates on graphs and is capable
of processing changes in the graph over time [Wu+22]. In dynamic graphs, the graph
structure changes over time, unlike traditional static graphs, where the graph structure
remains fixed [Wu+22; Kaz+19]. In this thesis, the DGNN architecture is the foundation
for calculating the recommendations. Therefore, the explanation and principles of these
models are crucial to understanding this thesis.

In general, DGNNs consists of layers of nodes, each representing the state of the graph
at a given time. Forward propagation in DGNN calculates the state of the nodes in each
layer as a function of the states of the neighboring nodes in the previous layer [Wu+22;
Kaz+19]. This is described by Equation 2.16. To illustrate, consider a DGNN with three
layers of nodes. In the first layer, each node represents the initial state of the graph
[Par+19]. In the second layer, the state of each node is calculated as a function of the
states of its neighboring nodes in the first layer. Similarly, in the third layer, the state of
each node is calculated based on the states of its neighbors in the second layer [Par+19].

This forward propagation process allows the DGNN to capture both the spatial
structure of the graph and the temporal changes in the graph over time[Par+19]. The
result is a powerful model that can effectively process dynamic graph data, making it
particularly useful for applications such as predictive recommendation systems [Par+19;
Wu+22].

l . 1 l
p{H) = 5 (Zz eN; mw%g,g,l + b(l)> (2.16)

In Equation 2.16, hgl) represents the state of the node in layer [ at time ¢ [Wu+22;
Kaz+19]. hgl) is the state of the node in layer [ at time ¢. The activation function o is
defined in Equation 2.20. The notation i € N; describes the summation over the set of
neighbors N; for the node at time ¢ [Wu+22; Kaz+19]. /d;d; is a normalization factor,

where d; and d; are the degrees of the nodes v; € N; and v; € N;. This normalization
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stabilizes the scaling of the feature values, which can help to speed up the convergence of
the network [Wu+22; Kaz+19]. The expression #@W(l)hgt__ 11) represents the weighted
sum of the states of the neighboring nodes of the previous time step ¢, each multiplied by
the weight matrix W) . This weight matrix is learned during the network training phase
and determines the relationship between the nodes [Wu+22; Kaz+19]. b® is the bias
vector for the layer [. It is learned with the weight matrix during training and allows the
model to adjust the output shift [Wu+22; Zhu+22].

In general, DGNN is proving to be an extremely powerful graph data processing tool
that has proven effective in various applications. For example, its ability to capture both
global and local patterns in the data allows it to be used for predictive recommendation
systems [Kaz+19]. In addition, DGNNs can handle data in various formats, including
text, images, and audio [Zhu+22]. In particular, although DGNNs are highly flexible
and suitable for a wide range of use cases, their effectiveness strongly depends on the
data quality and the choice of hyperparameters. Consequently, careful modeling and

optimization are essential to achieve optimal performance [Wu+22; Kaz+19].

Categories of dynamic graphs

Different prediction problems arise from problem definition, which different types of
dynamic graphs can solve. For this reason, it is necessary to define these types [Wu+22;
Kaz+19).

Static Graph : Spatlo Tempolal Graph :Discrete- Tlme Dynamic Graph Contmuous Time Dvnamlc Graph
g:(gavvx) i E v, Xt : gt Vt t g07g17 7gT
tO tl t)\/ > 7;0 tll tN to t1 t.’\/
e no nototion e Topology is fixed i« Topology change over time '- Topology change over time
on time i o Feature change over time | * Feature change over time e Feature change over time
: i o Graph is observed at regular i' Each change is observed
events individually with its timestamp
Less General More General

Figure 2.9.: Schematic representation of different categories of DGNNs, as opposed to
static graphs

Source: Own illustration, based on: [Ros21]

In graph theory and its applications in data science and machine learning, the categor-
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ization of graphs is of primary relevance [Wu+22|. Four categories commonly referred to
in the literature include static graphs, spatio-temporal graphs, Discrete-time dynamic
graphs (DTDGs), and Continuous-time dynamic graphs (CTDGs), as contrasted with
Figure 2.9 [Wu+22; Kaz+19].

A static graph, defined as an ordered pair G = (V, ), where V is a set of nodes and
£ is a set of edges, represents fixed relationships that persist consistently over time. In
Figure 2.6, G = (V, £, X) is used to compare the attributes of X more effectively with those
of other types of graphs[Wu+22]. Static graphs are used in scenarios where temporal
dynamics is absent or irrelevant to the analysis at hand [Wu+22; Kaz+19].

Spatio-temporal graphs build on static graph models by incorporating a temporal
dimension [Wu+22|. The structure of the graph remains constant as Gt = (V, £, X"), but
the attributes can change at a given time ¢. This type of graph is particularly useful
for observing and analyzing temporal variations in systems where the structure remains
unchanged [Wu+22; Kaz+19]. This is shown in blue in Figure 2.6.

In contrast, DGNN introduces an explicit dynamic component by representing it as a
sequence of graph snapshots G! = (V!, €4, X!) [Wu+22]. This approach models changes in
both structure and attributes of the graph that occur in discrete time steps, a property
essential in certain contexts such as social networks or collaborative filtering systems
[Wu+22; Kaz+19]. In Figure 2.6, this is symbolized by green (indicating new nodes and
edges) and red (indicating deleted nodes and edges).

Finally, CTDG is defined as the pair G(t) = (go, g1, ---, &7) and describes the evolution
of a graph in a continuous time frame [Wu+22; Kaz+19]. Unlike discrete dynamic
graphs, where changes occur at fixed time intervals, this model allows the graph to
change continuously at any time ¢. Here G(¢) represents the graph at time ¢ [Wu+22;
Kaz+19]. The sequence (g9, g1, ..., &7 ) represents the states of the graph over the entire
time period considered, with each state g; characterizing the graph at a particular time
[Wu+22; Kaz+19]. The exact dynamics of the graph are described here by the function
G(t) [Wu+22; Kaz+19].

In summary, the four graph categories are distinguished by their ability to model
spatial and temporal relationships differently. The selection of the appropriate graph
type depends heavily on the nature of the data and the specific requirements of the
analysis [Wu+22; Kaz+19].

In the context of DGNN, there are two main approaches to modeling temporal de-
pendencies: the GNN-RNN model and the RNN-GNN model. In the GNN-RNN model,
an GNN is used first to model spatial dependencies in a graph at a given time [Wu+22;

25



2. Background

Kaz+19]. The resulting embeddings allow RNN to model temporal dependency over
multiple timesteps. Therefore, GNNs first extracts features from the graph, and RNNs
uses these features to learn the temporal dependencies [Wu+22; Kaz+19]. This approach
is particularly suitable when the structure of the graph at each time step is important
and the temporal dependencies between these structures need to be modeled [Wu+22;
Kaz+19).

The GNN-RNN model is in contrast to the RNN-GNN model, where a RNN is first
used to model the temporal dependencies of the node features over multiple time steps
[Wu+22; Kaz+19]. The resulting embeddings are passed to a GNN to model the spatial
dependency in a graph at a particular moment [Wu+22; Kaz+19]. Therefore, RNNs first
extracts temporal features from the nodes and GNNs uses these features to learn the
spatial dependency in the graph [Wu+22]. When the temporal dependencies of the node
features are more important than the graph’s structure, this approach is particularly
useful [Wu+22; Kaz+19)].

2.2.6. GNN advantages for recommendations

During the past decade, the transition from traditional recommendation systems to models
based on NNs has accelerated. The increasing use of GNNs in recommendation systems
is substantial and is the focus of this discussion [Wu+20a; Gao+21]|. The advantages
provided by GNNs can be systematically divided into three primary domains, namely
data structure, higher-order connectivity, and monitoring signal [Wu+20a; Gao+21]. The
efficiency of GNNs is mainly due to the graph structure on which they are based. Most
of the available data can be effectively represented as graphs, such as the connections
between users with their profiles and items with their respective attributes collected
by online platforms. In this scenario, users and items can be represented as nodes,
with the interaction between the corresponding user and the item represented as edges
[Wu+20a; Gao+21]. Additionally, a sequence of objects can be represented as a sequence
graph, where each object is connected to one or more subsequent objects. Unlike
recommendation systems that do not take advantage of the data structure, GNNs excel in
learning representations, giving them a performance advantage [Cha+21]. This allows the
creation of high-quality embeddings for users, items, and other features, thus improving
the performance of the recommendation. However, the accuracy of the recommendation
depends on the volume and precision of the data and its structure [Wu+20a; Gao+21;
Wan+21b].
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Traditional systems generally consider first-order connectivity only, primarily due to
their reliance on training data consisting of interaction datasets. This limits the adaptive
embedding space that describes the similarity between users and objects, which is critical
for a high prediction quality [Wu+20a]. On the contrary, the GNN models have the ability
to capture higher-order information through collaborative filtering [Wu+20a; Gao+21].
Collaborative filtering can be represented as a graph structure in terms of multi-hop
neighbors. These neighbors are then incorporated into the learned representations through
embedding and aggregation. Furthermore, the GNN models can incorporate signals into
the learning process to improve performance. An effective example of such a signal is
the target behavior, e.g. purchasing in the context of an e-commerce platform [Wu+20a;
Gao+21]. To achieve this purpose, the system must utilize not only interactions that
represent the target behavior, but also non-target behaviors such as item searching. These
semi-supervised signals can be encoded in graphs, significantly improving recommendation
performance [Gao+21; Wan+21b].

Another strength of GNNs is their ability to learn powerful representations of user
and item information, a critical challenge for recommender systems [Wu+20a; Gao+21].
GNNs have demonstrated their ability to perform this task by representing and learning
interactions in a graph structure, resulting in performance improvements [Li+21a]. These
models can also efficiently manage different data structures. They are capable of handling
both dense and sparse parameters and can adapt their performance accordingly, making
them a versatile option for various recommendation systems [Li+21a].

Another important aspect is the integration of knowledge from Knowledge Graph
(KG). GNNs can be combined with KG to address the cold-start problem inherent in
collaborative filtering systems [Lyu+20; TOS20]. By integrating KG GNNs can capture
explicit long-range semantics between users and items, while allowing for different edges
between items [Lyu+20; TOS20].

In addition, GNNs can generate user-specific embeddings of articles by identifying
important relationships in the knowledge graph for a given user. This enables personalized
recommendations based on the user’s specific interests and preferences [Wan+19]. Some
GNNS5 use the smoothness assumption of the label, which states that neighboring articles
in the knowledge graph are likely to have similar user relevance labels/scores. This
assumption facilitates regularization of edge weights and improves the performance of
the recommender system [Wan+19].

The scalability of GNNs is also important. GNNs have proven to be scalable for

web-scale recommender systems [Yin+18]. For example, the PinSage model, a GNN-
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based model, was trained on Pinterest using a graph with 3 billion nodes and 18 billion
edges [Yin+18]. This shows that GNNs can scale to very large datasets while providing
high-quality recommendations [Yin+18].

Another advantage of GNNs are their efficient training strategies. They can benefit
from effective training strategies, such as using increasingly difficult training examples,
to improve the robustness and convergence of the model [Yin+18].

In summary, the use of GNN in recommender systems is increasingly popular due to
their ability to effectively exploit graph structure, capture higher-order connectivity, and
integrate monitoring signals [Gao+21]. Furthermore, GNNs enable the incorporation of
additional information, such as social network data, into the recommendation process,
which can subsequently improve the accuracy of the recommendation [Wu+20a; Gao+21].
However, it is important to note that the accuracy of the recommendations depends on
the quality and structure of the data [Wu+20a; Gao+21]. For this reason, engineers
developing recommender systems should ensure that they select an appropriate data
structure and integrate the necessary data into the graphs to achieve the best possible
results [Wu+20a; Gao+21; Wan+21b).

2.2.7. Multi-Head-Attention-Mechanism

The multi-head attention mechanism has an important role in many DGNNs because it
can model complex relationships in graphs [Kaz+19; Zhu+22]. The mechanism, proposed
by Vaswan et al. [Vas+17], allows attention to be focused on different aspects of the
graph, aggregating the relevant nodes to predict features and relationships [Kaz+19;
Zhu+22]. This can capture dependencies between nodes in dynamic graphs and improve
prediction accuracy. As this mechanism also has a significant role in this thesis, it is
defined below.

Consider the input matrices O, K, and V, where Q is the query matrix, K is the
key matrix and V is the value matrix. It can be said that the query vector ¢; € Q is
used to calculate the attention of an element with respect to all other elements in the
input [Vas+17]. The key vector k; € K is used to encode the relationships between the
current element and other elements. The value vector v; € V contains the information
that is aggregated when calculating the attention weights. Where 4 is the index of the
element [Vas+17]. The mechanism consists of several parallel attentional layers. Each
layer consists of a linear transformation of the input matrices, followed by an attention

function, and a linear transformation of the output matrix [Vas+17]. For each layer 4,

28



2.2. Graph neural networks

the attention function can be defined as follows

A; = Attention(Q, KC, V) = softmax( QZK’T)V
1 i 9 \/(Tk (2

The final output matrix ) is obtained by concatenating the results of each layer and

subjecting them to another linear transformation:
Y = Concat( Ay, As, ..., .Ah)WO

where h is the number of layers and WO is the weight matrix of the linear transformation.
It is also important to note that the number of layers, the key and value matrices, and
the dimensions of the matrices must be chosen to optimize the performance of the model
[Vas+17]. dj is the dimension of the key used to control the scaling, this is necessary
because the product Q;K7 can become so large that softmax gradients are too small,
which has a negative effect on training [Vas+17].

In conclusion, the multi-head attention mechanism computes a weighted sum of the
value vectors for each element of the input, where the weights are determined by the
similarities between the query vector and the key vectors [Vas+17]. By assigning a query
vector, a key vector and a value vector to each input, the mechanism can model complex
relationships between the elements in the input and aggregate relevant information
[Vas+17].

2.2.8. Activation functions

Activation functions are an essential element of NNs because they apply a nonlinear
transformation to the output of hidden layer neurons [DSC22]|. This transformation
is necessary for the modeling of complex nonlinear functions that are critical to the
prediction of target variables from input data. If no activation functions are applied, the
hidden layer neurons would compute only linear combinations of the input data, resulting
in limited modeling capability [DSC22]. For this purpose, all activation functions used in

this thesis are presented in this section to provide a central overview of them.

ELU Function

The Exponential Linear Unit function (ELU) is defined in Equation 2.17.

ELU®z) = { e =0 (2.17)
T) = :
alexp(z) —1) ifx <0
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The ELU function uses the o hyperparameter, which is set to 1 by default. The advantage
of this function is that its derivative is smoother than that of the ReL U function, which

allows for a better training result [DSC22].

ReLU Function

The Rectified Linear Unit function (ReLU) is defined in Equation 2.18.

z ifz>0
ReLU(z) = (2.18)

0 ifx<O
The ReLU function is a widely used activation function [DSC22]. The popularity of
this function is mainly due to its fast computation and good scalability when many
neurons are used. When using the ReLU function, it should be noted that some neurons
may become dead, which means that due to their structure and underlying weighting,
they remain unactivated and cannot produce any output [DSC22]. This phenomenon
results in the network not being able to continue learning and therefore not being able to

optimize [DSC22].

LeakyReLU function

The Leaky Rectified Linear Unit function (leakyReLU) is defined in Equation 2.19.

T ifx>0
leakyReLU(z) = (2.19)
ar ifz<0

The function leakyReLLU uses the hyperparameter «, which is set to 0.01 by default
[DSC22]. This function is similar to the ReLU function, but it does not have the
disadvantage of dead neurons that can occur when using the ReLU function [DSC22]. In
particular, the function leakyReLLU has a linear slope for values less than zero, allowing
even negative inputs to have a derivative, which has a positive effect on the trainability
of the neural network [DSC22].

Sigmoid function

The sigmoid function (o) is defined in Equation 2.20.
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1
=1 exp(—)

The o function is a common activation function that has the important advantage of

(2.20)

being a smooth and continuous function that provides a differentiable output for most
input values [DSC22]. The output of the o function is always restricted to the interval
[0, 1], which is particularly useful for binary classification problems where a prediction
must be made in terms of Yes or No [DSC22|. However, for large input values, there
is a risk that the output of the o function will be close to zero or one, which is called
saturation. As a consequence, the gradients can explode or disappear, which can make

the neural network training much more complicated [DSC22].

Tanh function

The hyperbolic tangent function (tanh) is defined in Equation 2.21.

_exp(z) — exp(—z)
tanh(z) = oxp(z) T oxp(—a) (2.21)

The function tanh is similar to the function o, but produces an output that is restricted
to the interval [—1, 1] [DSC22]. In effect, the tanh function is a smooth and continuous
function that produces a differentiable output for most input values. In contrast to
the o function, the tanh function can also handle negative input values, making it
more suitable for increasing the complexity of NNs [DSC22]. However, the function
tanh can also produce saturation, making it difficult to train the NN. This is a well-
known phenomenon with activation functions and can lead to problems such as gradients

exploding or disappearing [DSC22].

Softmax Function

The function softmax is defined in Equation 2.22.
exp(z;)

i1 exp(z))

The function softmax is an activation function that is used to transform the output

softmax(z;) = (2.22)

of neurons into a probability distribution [DSC22]. Specifically, the function takes a
vector z with elements I as input and outputs a vector with probabilities I, where
each probability is in the interval [0, 1] and the sum of all probabilities is equal to 1
[DSC22]. These functions are often used in the last layer of NNs to predict a probability
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distribution for classes [DSC22]. A significant advantage of the softmax function is that
it is robust to small changes in input values. This leads to more stable predictions and is

especially useful in practice [DSC22].

2.2.9. GRU

The Gated Recurrent Unit (GRU) that is used in this thesis is briefly described in
this section. GRU is a special type of Recurrent Neural Network (RNN), introduced
by Chung et al. [Chu+14], which is capable of storing information about past states
and incorporate it into future predictions. Unlike a simple RNN; this model includes
additional gating mechanisms that allow it to decide which information to keep and
which to forget [Chu+14]. GRUs can be divided into three main components, which are
briefly introduced below [Chu+14].

The update gate computes a vector with values in the interval [0, 1], which information

should be taken over from the previous state.
2 = oWoay +Ushy—q Y

Where h;_1 describes the previous state of the model, x; is the current input vector, and
o is the sigmoid function. [Chu+14]

The reset gate determines what information to discard from the previous state [Chu+14].
1] = o(Weas + Why_1 )

The hidden state is updated by integrating the current input vector and the previous
state with the gates [Chu+14].

h{ =(1- zg) * h{_l + zi s tanh(Wz; + U(re © hy—1) )

The new hidden state h; is calculated by a weighted combination of the previous hidden
state h;—1 and an updated hidden state, which is calculated by the activation function
tanh based on a linear transformation of ry % hy—1 and xy. [Chu+14]

The weight matrices W,, W,., and WW,. are network training parameters and are

optimized during the training process. [Chu+14]

2.3. Sequential recommendation

Sequential recommendation systems, as introduced in subsubsection 2.1.2; are designed

to predict future user activities based on their past behavior in a chronological sequence
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[Gao+21; Wu+20a]. Unlike traditional recommendation systems, which use a static
view of user preferences, sequential systems take into account the dynamic nature of
a user’s preferences [Gao+21; Wu+20a]. To illustrate, a user may prefer traditional
dishes during the Christmas season, but tend to prefer lighter summer dishes during the
summer. Therefore, a proficient sequential recommender system must be able to adapt
to such transient or short-term changes in user preferences by taking into account time
series interactions [Gao+21; Wu+20a]. The concept of GNN has received recent attention
in the literature on sequential recommendation systems [Cha+21; Wu+20a; QCJ18].
These concepts provide an efficient method to capture the interdependencies among user
interactions by modeling these interactions in the form of a graph [Cha+21; Wu+20a;
QCJ18]. One way to graphically represent user interactions is through adjacency lists,
where each node represents an item and each edge represents the sequential dependency
between items [Cha+21; Wu+20a; QCJ18].

Section 2.3.1 will discuss the challenges of constructing a graph for this purpose and
the appropriate methods for modeling user interactions. Then, information diffusion and
sequential preferences will be discussed and GNN will be identified as a powerful tool to
model user interactions and preferences.

The cold-start problem arises when there is limited or no interaction data available to
new users. It is a common problem in recommender systems [Hu+19; Gao+21]. This
challenge arises because the system has minimal or no knowledge of the new user’s
preferences or behavior, which can lead to inaccurate or irrelevant recommendations
[Hu+19; Gao+21]. In the field of recommender systems research, the cold-start problem
is often addressed by incorporating knowledge from other domains or by using unobserved
samples to extract negative signals [TOS20; Bi+20]. Another practical solution might
be to create a hybrid model that incorporates both sequential and non-sequential user
and system information [Hu+19; Gao+21]. This approach would allow the system
to better capture more comprehensive patterns of user behavior, leading to accurate
recommendations even in situations with minimal or no interaction [Hu+19; Gao+21].

As illustrated in Figure 2.10 and in previous discussions, sequential recommendation
systems use a set of items Z, where ¢ € Z denotes a particular item. The user interacts
with the system, producing a sequence of interactions of items: i1, ...,47. As described in
chapter 2, T represents the number of interactions and iy is the last item with which the
user interacts [Cha+21; QCJ18]. The primary objective of this system is to predict the
next item, i711. In general, the user’s preferences are inferred from the implicit feedback
provided by the chronological sequence [Cha+21; QCJ18].
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Figure 2.10.: The generalized representations of the process of GNNs in collaborative
filtering in the context of recommendation systems. Adapted to the use
case of sequential recommendation

Source: Own illustration, based on: [Wu+20a)

2.3.1. Graph construction

All the data discussed in this thesis follow the time series defined in subsubsection 2.1.2.
These sequences are the foundation for the construction of a sequential graph, which is
described in this section. Before discussing the specifics of sequence graph construction,
the general principles of graph construction in the context of recommender systems are
covered for a more complete understanding. No specific recommendations are proposed,

only considerations for designing and structuring a graph.

Nodes Nodes are important in graph modeling and are equally important in GNN
models. The definition of nodes significantly affects the scope of these models, with
the majority of node parameters being occupied by layer 0 node embeddings. In
the modeling process, a decision may be necessary as to whether different types
of nodes, such as user nodes and item nodes, should be considered as distinct
node types or as a common node type [Wu+20a]. In collaborative filtering, both
approaches are feasible and should be addressed according to the use case and
the structure of GNNs [Gao+21; Wu+20a]. Furthermore, numerical features, such
as item prices, can be transformed into categorical features and represented as
nodes. This allows the hierarchical structure of the information and the complex
relationships between features to be captured, which is particularly important in
applications such as recommendation systems, where capture the relationships

between different features is key to the accuracy of the recommendation [Gao+21].

Edges Similar to node design, edge design is critical, as it greatly affects the quality of
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2.3. Sequential recommendation

the graph. The basic relationships between nodes can be represented as interactions
between items [Gao+21; Wu+20a]. However, the edges in a graph can also represent
relationships, such as the relationship between items and a category. The resulting
graph density should be considered during graph construction. If a graph is too
dense, methods such as sampling, filtering, or pruning the graphs are recommended
to prevent the number of neighbors from becoming too large, which can lead to
performance degradation and inferior results [Gao+21; Wu+20a]. On the contrary,
a graph that is too sparse may not produce satisfactory results due to insufficient

relationships [Gao+21].

While the previous paragraph proposed strategies for general consideration, this
paragraph focuses specifically on the development of a sequence graph. The simplest
approach is to convert each sequence directly into a directed graph, where each item is
considered a vertex and an edge is established between them [Wu+20a; Gao+21]. For
example, a sequence i; — iz — i3 would be represented in a graph as G = (V, ) with
V =iy,19,i3 and € = (i1,1i2), (i2,13). However, this approach runs the risk of creating
a sequence with only a few items [Wu+20a; Gao+21]. A sequence graph constructed
from a single short sequence has limited nodes and links. Consequently, models based
on such sequence graphs may not contain enough knowledge to capture the dynamic
preferences of users. The advantages of GNNs would not be applicable to this graph
[Wu+20a; Gao+21].

A possible solution to this problem is to extend the structure of the sequence graph
with additional data, which can be either from the same user or independent of the user.
The selection in the following list outlines different structures that have been proposed
in various papers, derived from reference sources [Wu+20a; Gao+21], and should not be
considered as a conclusive review of the literature.

Each of these approaches has the independent advantage of incorporating more inform-
ation into the graphs, thus improving the performance of the sequential recommendation
system [Qiu+19; Qiu+20; Wu+20a].

Heterogeneous Graph Neural Network (HETGNN) As proposed by
Zhang et al. [Zha+19a], this method constructs edges between two consecutive items
in a given behavior sequence, using their respective behavior types as edge types
[Zha+19a]. HETGNN uses all behavior sequences for its graph pre-construction
strategy [Zha+19a; Wu+20a; Gao+21].
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Physics-guided Neural Networks (PGNN) As detailed by Daw et al. [Daw+17], PGNN
uses a user’s known historical sequences of a user to complete the graph [Daw+17],
facilitating the construction of a complete sequence graph [Daw-+17; Wu+20a;
Gao+21].

Global Context Enhanced Graph Neural Networks (GCE-GNN) GCE-GNN and Dual
Attention Multi-Dimensional Integration (DAT-MDI) independently enrich the
local context using historical user data as global context [Wan+20b]. In both
methods, all data are given equal weight [Wan+20b; CGS21; Wu+20a; Gao+21].

Task Recommendation (TASRec) TASRec, which is proposed by Zhou et al. [Zho+21],
uses historical data as a global context while focusing on more recent interactions
[Zho+21]. The goal is to generate more accurate recommendations by weighing
more recent interactions [Zho+21; Wu+20a; Gao+21].

Dual-channel Graph Transition Network (DGTN) This approach of
Zheng et al. [Zhe+20], uses historical data as a global context and selects items from
sessions similar to the current session for recommendation generation [Zhe+20].
DGTN aims to represent similar transition patterns more frequently [Zhe+20;
Wu+20a; Gao+21].

Metapath Aggregated Graph Neural Network (MA-GNN) As proposed by Ma et al.
[Ma+19], this method assumes that the last user interaction affects not only the
next item, but also several items to come [Ma+19]. MA-GNN adapts the graph
structure of the current sequence to include this last item and on this basis, adds,
for example, three subsequent items to the graph along with their corresponding
edges [Ma+19; Wu+20a; Gao+21].

Star Graph Neural Networks (SGNN-HN) This model introduces a virtual star node
as the center of the sequence, as proposed by Pan et al. [Pan+20]. A star node is a
virtual node that forms the center of the sequence and is therefore connected to
every other node in the graph [Pan+20]. Each item of the graph can benefit from
a general representation of the sequence through the vector representation of the
star node. The model assumes that the relationships between distant items have

negligible predictive value [Pan+20; Wu+20a; Gao+21].

Graph-less Neural Networks (LESSR) As proposed by Chen and Wong [CW20], this

model, is a unique approach that constructs two graphs from a sequence [CW20].
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2.3. Sequential recommendation

One graph reflects the sequence of adjacent items, while the second provides a
shortcut path that allows you to go from any item to any subsequent item. This
design aims to mitigate the long-term memory inefficiency that can result from

ignoring sequential neighbor information [CW20; Wu+20a].

Session Recommendation with Hypergraph Attention Networks (SHARE) This
model takes advantage of the representational power of hypergraphs, as highlighted
by Wang et al. [Wan+21a]. SHARE uses hypergraphs to represent higher-order
relationships and integrate information. Each session has its own hypergraph, with
hyperedges defined by sliding windows of different sizes. This approach provides rich

information between sessions on item relationships [Wan+21a; Wu+20a; Gao+21].

Self-Supervised Hypergraph Convolutional Networks (DHCN) As highlighted by Xia
et al. [Xia+20], DHCN uses the power of hypergraphs [Xia+20], such as SHARE
[Gao+21]. However, instead of using multiple hypergraphs, DHCN adopts a single
session-independent hypergraph structure. Session-to-session graphs are modeled
based on hypergraphs, with each session represented as a node and edge weights

computed based on shared items [Xia+20; Wu+20a].

Session-based Recommendation with Graph Neural Networks (SR-GNN) This
recommendation system, as proposed by Wu et al. [Wu+19], models both users
and items using a two-level graph [Wu+19]. SR-GNN uses historical and current

interactions to complete the graph and generate a recommendation [Wu+19].

The above methods represent only a fraction of the possible approaches to graph
building. As illustrated, in addition to the basic design of the graph, it is crucial to

consider how the graph is constructed from a sequence [Wu+20a; Gao+21].

2.3.2. Information Gain

An essential aspect in the context of sequence graphs is the generation of information.
User preferences often evolve, which requires a comprehensive comprehension of changing
interests [Cha+21; Gao+21; Wu+20a]. For example, a user’s primary interest may start
out as electronics and then shift to books. Considering only the most recent user interac-
tions risks providing an incomplete representation of user interests [Cha+21; Gao+21;
Wu+20a]. Therefore, it is critical that the representation of interests encompasses the

entire history of the user, not just a short period of time [Cha+21; Gao+21; Wu+20a).
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Various recommendation methods have been developed to address this, with the pooling
method widely recognized for its simplicity and intuitiveness. This technique is often used
in the context of GNNs for sequential recommendations [Cha+21; Gao+21; Wu+20a).
For example, the GGNN method uses the pooling method to distribute information in
directed graphs [Li+15].

The mean pooling method, which calculates the average value for each feature, is
typically used to merge information from previous and subsequent nodes [Cha+21;
Gao+21; Wu+20a]. A GRU can then integrate this information from neighbors and the
central node. A major advantage of GRU over other RNNs, such as LSTM, is its ability
to address the problem of vanishing gradient and provide superior performance [Cha+21;
Gao+21; Wu+20a]. GRU is defined in detail in subsection 2.2.9.

The Equation 2.23 illustrates these considerations.
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In this context, n tl € N and ”1 fl € N represent the neighborhood set of the

preceding and following nodes, respectively [Cha+21; Gao+21; Wu+20a]. Furthermore, i

is the index within the sequence of users, each index is assigned a time ¢.
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This method improves previous approaches by preserving the order of items within the
neighborhood, thus reducing information loss [Cha+21]. It differs from most methods
that disregard item positions while using the permutation-invariant aggregation function
during message passing [Cha+21]. However, some methods retain information about the
position of items within their structures [Cha+21].

Another enhancement, proposed by Zhou et al. [Zho+18], is the use of an Attention
Updating Gate (AUGRU) instead of GRU, which can be seamlessly integrated into
the above procedures [Zho+18]. The scalability of AUGRU ensures that less relevant
interests have minimal impact on the hidden state, thus promoting evenly developed

relative interests and mitigating previous problems [Zho+18; Cha+21].
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2.3. Sequential recommendation

With the final embeddings, a prediction can be made using methods such as a two-layer
neural network with feedforward functionality to estimate the next item the user will
interact with [Cha+21; Xu+20b]. Equation (2.24) illustrates this.

§ = Predict(h{ ")) (2.24)

As mentioned previously, a major problem with analyzing sequences in a GNN is
that long-range dependencies between nodes are not well captured [Cha+21; Wu+20a].
Thus, the representation of one item is not sufficient to successfully capture the next
item. In addition, there is the loss of information that certain methods have when
creating sequences in graphs [Cha+21; Wu+20a]. Various strategies have been developed
to address this, in particular those that weight nodes within a sequence differently.
This is usually done using an attention mechanism, as suggested in Equation 2.25 to
Equation 2.26. The example of integration of the attention mechanism given here is
merely illustrative. Other interesting techniques are suggested in the following text
[Cha+21; Wu+20a].

The combination of the computed attentional weights between the last item and all
other items in the sequence can be called the global preference. Integrating the global
preference with the local preference yields the total preference [Wu+20a]. The problem
here is that the total preference is highly dependent on the last interaction. Therefore, it
is possible to stack multiple layers of self-attention to capture long-range dependencies,
as is the case with GC-SAN. It is also possible to add a position embedding to preserve
the relative order of items [Wu+20a; Cha+21].

P ={p1,....prle; = si + pi} (2.25)

As mentioned above, the self-attention model does not know the positions of the items
in the sequence s; € Z, therefore, as clarified in Equation 2.25, the positions are inserted
[Xu+20b; Cha+21]. Here, an adaptive position embedding is used instead of a fixed
position-dependent vector, p; € P € R7*? [Xu+20b; Cha+21]. With this information,
GRU can be used, for example, or AUGRU as suggested above. To illustrate the
introduction, a mechanism of self-attention outside of GRU is illustrated in Equation 2.26,

this is only for illustrative purposes, but would also tend to be possible [Xu+20b; Cha+21].
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S = Attention(PW,, PWy,, PW,)

(2.26)
F = FFN(S) = ReLU(SWl + b1)W2 + bo

The attention refers to the attention layer in Equation 2.26, so the definition in
subsection 2.2.7 applies. Furthermore, Wy, Wi, W,, € R4 are the learnable parameters,
where d is a hyperparameter. As the operation is linear, a feedforward network is used,
typically using the GRU in the case of the models discussed. The parameters VW and b,
also introduced above, are learnable, where by, by € R? [Xu+20b; Cha+21]. The ReLU is
defined in Equation 2.18.

As demonstrated in the previous formula, the result in the self-observation example is
F = fi,..., fr- Each f € F adaptively extracts information from the preceding items. In
this process, F has two components, long-term preference and current interest [Xu+20b].

In this scenario, the long-term preference is defined as follows s; = 3.7 softmax(F) f;.
Current interest, denoted s, = fr, represents the last item involved [Wu+20a; Gao+21].
The softmax, defined in Equation 2.22, is crucial in regulating the summation results
[Xu+20b]. The two embeddings (s;, s¢) can then be combined to form the final embedding
of the sequence as W,[(sc; s;], where W, € R¥*2d jg the linear transformation of the
concatenation of s. and s;. This result can be combined with the information about
the item to derive a score [Wu+20a; Gao+21]. However, as noted above, the presented
process is merely illustrative. Most contemporary GNNs depend on GRU or AUGRU, as
discussed above [Xu+20b].

2.3.3. Summary

In essence, sequential recommendation uses sequential historical user behavior to predict
potential future interactions [Xu+20b; Cha+21]. Various papers propose different GNN-
based methods to achieve this [Wu+20a; Gao+21]. Graph construction, which ranges
from general recommendations to different ways of modeling a sequential graph, is an
important topic covered in this section [Wu+20a; Gao+21]. The simplest construction
adds an edge between two nodes. Approaches for handling sequences that are too short
are also proposed [Wu+20a; Gao+21]. Several models and techniques are proposed to
extract information from the sequence graph, the optimal method depending on the
trade-off between computational cost and complexity of the sequence graph [Xu+20b;
Cha+21]. The amount of data also influences the balance between computational cost

and performance gain and the choice of model [Wu+20a; Gao+21].
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The issue of sequential preference is then addressed. The author of this paper introduces
an attention mechanism to incorporate item representations into the sequence [Cha+21].
This includes appending position embeddings that reflect the relative order of items to
improve the final result [Cha+21]. The main models of sequential recommender systems,

their sources and key features are summarized in Table 2.1.

2.4. Session recommendation

A common approach in recommendation systems is to use historical interaction data in a
time series format to predict the next items in a recommendation [Hua+21; Qiu+19].
Unlike sequential recommendation systems, which assume, which assume that each user’s
sessions are known and continuously recorded. In many applications, it is not possible to
identify the user, and therefore only a record of the user’s behavior during an ongoing
session is available [Gao+21; Wu+20a).

The primary purpose of session-based recommendations is to predict user interactions
from anonymous sessions [Gao+21; Wu+20a]. The system models a session’s limited
amount of data to generate the most accurate recommendation possible [Hid+16]. In
addition to user interests, session data may contain noisy signals [Gao+21; Wu+20a).
For example, consider the following sequence: " — " — 5" — 5" — ¢y — iz'. In this
example, 7}* represents an item in the movie category, while ¢}” represents an item in the
water category [Gao+21]. Given this sequence, the interaction with the water item was
likely unintentional, indicating a noisy signal, in addition to the primary interest of the
movies [Gao+21]. Therefore, a major focus of graph learning is to distill the user’s core

interests, uninfluenced by noisy data [Gao+21].

To achieve these goals, a session graph is used to detect transitions that are difficult
to identify by other means. Each session is typically used to build a global preference
[Wu+20a; Gao+21; Wu+19]. This global preference can then be combined with the
current interest of each session, using an attention network to obtain the most accurate
results [Xu+19; Liu+18; Hua+21; Xu+19].

The objective of this section is to highlight the differences between these different
approaches and sequential recommendations. In this case, the purpose is to differentiate
recommendation strategies without repeating duplicate content. Therefore, the models

used for the analysis will be kept from being repeated.
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2.4.1. Session graph construction

The process of constructing session graphs is similar to the construction described in
subsection 2.3.1. However, in this case, the purpose is to model a single session, so
each session sequence s can be modeled as a directed graph G° = (V*,£°) [Wu+19]. In
this context, the suffix s denotes the current session. For the session graph, v,; € V*
and for each edge (vs;—1,vs;) € €° [Wu+19]. In particular, the edge encapsulates the
interaction between i;_1 and ¢, [Wu+19]. Since interactions can occur multiple times,
elements within a sequence can be repeated, and the weight of the edge can be adjusted
accordingly to reflect that sequence [Xu+19; Liu+18; Hua+21].

Unlike sequential recommendations, session sequences are typically short, and user
behavior tends to be limited. Consequently, a session graph derived from a single session
will contain a limited number of nodes and edges [Wu+19; Qiu+19; Wan+20b; Gao+21].

To address this challenge, it is theoretically possible to apply any strategy proposed
for a sequential recommendation, with the variation of using similar session data instead
of data from the same user [Qiu+20; Zhe+20; Zha+21a]. This could be achieved by
extending the relationships of the current session graph with related sessions or by
creating a global graph to support the transition patterns in the current session using the
global context [Gao+21; Qiu+20; Zhe+20; Zha+21a]. Furthermore, all the techniques
from the previous section that do not require user-specific data are applicable [Gao+21].
Another technique proposed in the research is to assign a weight of 1 to a node if it does
not loop back to itself [Xia+20; Wan+20b; CW21]. This idea is based on observations
made in daily life and in the data set, suggesting that it is common for users to click on
two consecutive links several times in a session [Gao+21].

A possible general procedure is shown in Figure 2.11.

2.4.2. Information Gain

Extracting information from session graphs involves a GNN. Fundamental methods like
those discussed above are less suitable because session-based recommendation systems
typically use weighted and directed session graphs [Gao+21]. Approaches like GCN and
GAT are only appropriate for unweighted and undirected graphs [Gao+21]. As a result,
these methods cannot be applied directly to session graphs [Gao+21]. Therefore, much
of the current research uses an intentionally weighted graph layer, as proposed earlier
[Gao+21].

The models are described in more detail below. A notable difference is the inclusion of
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Figure 2.11.: The generalized representations of the process of GNNs in collaborative
filtering of user items in the context of recommendation systems. Adapted
to the use case of session recommendation
Source: Own illustration, based on: [Wu+20a; Wu+19]

a multilayer self-attention mechanism, which is particularly relevant in the context of
a session graph, as suggested by recent research [Xu+19; Liu+18; Gao+21; Wan+20b].
Therefore, this concept is defined in Equation 2.27.

St = S = Attention(E®)

L _ 1 (2.27)
8" = Attention(S" ™)

Here, S € R™*9 is the final output of the multilayer self-attention network. This output
can be used as described in subsection 2.3.2. It is crucial to emphasize that this is merely
an elaborate subject exposition. No model is presented or explained per se. It is a
descriptive presentation designed to illustrate the underlying concepts and ideas without
the use of a mathematically exact model [Xu+19; Liu+18; Gao+21; Wan+20b].

To propagate information about the constructed graph, one of the following four

propagation mechanisms is most commonly used in session-based recommendations.

Gated GNN Gated GNN, as proposed by Li et al. [Li+15], uses modified gated recurrent
units together with modern optimization techniques [Li+15]. The result is a flexible
model similar to sequence-based models (e.g., GRUs), except that this model is

tailored for graphs [Gao+21].

Graph Convolutional Networks Models based on GCNs, as proposed by Zhang et al.
[Zha+19b], perform graph convolution on hypergraphs and line graphs [Zha+19b].

This has the advantage of representing a session from two different perspectives.

43



2. Background

Depending on the model, graph convolution can also be performed on the dynamic
graph or at the item level to capture the relationship between items [Zha+19b;
Gao+21].

Graph Attention Networks Typically, models based on GATS, as proposed by Velickovié
et al. [Vel+17], extract information from the graph by stacking layers in which
nodes can observe the features of their neighborhood [Vel+17]. Implicitly assigning
different weights to different nodes in a neighborhood reduces the cost compared
to models that require expensive matrix operations. In the context of session-
based recommendation models, GAT is run on a directed session graph to capture
contextual relationships of higher order between elements [Vel+17]. It is also possible
to run GAT on local and global session graphs to capture all the information [Vel+17;
Gao+21].

GraphSAGE GraphSAGE, proposed by Hamilton, Ying and Leskovec [HYL17], uses node
features to efficiently embed nodes for previously unseen data [HYL17]. GraphSAGE
is applied to the multi-relational item graph, uses this graph to capture information

from neighbors, and supports different types of neighbors [HYL17; Gao+21].

2.4.3. Conclusion

In summary, the development of session-based recommendations is an ongoing research
process. The research pursues different approaches to overcome the predicament of
anonymous sessions [Gao+21]. One approach is to enrich the session graph with in-
formation and relationships between nodes or additional information and relationships
from similar sessions, or all sessions conceptualized as a global context [Gao+21]. Other
methods aim to add edges to the session graph to capture the intricate relationships
and complexity of the information in the session data [Gao+21]. Other models and
research are still trying to improve the recommendation by more thoroughly modeling
higher-order relationships in the session data [HYL17; Gao+21]. Table 2.2 summarizes
the most important models for session-based recommendation systems, listing their work

sources and key characteristics.

2.5. Datasets

This section presents data sets that can be used to evaluate the performance of re-

commendation systems. These systems are widely used in various domains to provide
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personalized recommendations for items, services, or content. To evaluate the accuracy
of recommendation systems, it is essential to have appropriate data sets and evaluation
metrics [Wu+20a; Gao+21]. These data sets are suitable for specific recommendation
tasks due to their unique characteristics [Wu+20a; Gao+21]. Appropriate evaluation

metrics for recommendations systems are also discussed.

2.5.1. Evaluation data sets

The following list contains frequently used data sets to evaluate sequential and session-
based recommendation systems based on GNN [Wu+20a; Gao+21]. A detailed description
of each data set used for the experiments in this thesis can be found in chapter 4. The

following list provides a summary.

YooChoose Originally from the RecSys Challenge 2015, the data sets YooChoose consists
of a stream of user clicks on an e-commerce website, collected over six months
[Yoo22]. Instead of using the complete data set, many studies have used fractions
1/64 and 1/4 of the sequences as experimental data sets, called Yoochoose 1/64
and Yoochoose 1/4, respectively [Gao+21].

Diginetica The Diginetica data set was introduced as part of the 2016 CIKM Cup
[DIG16]. It consists of chronologically ordered transaction data and is typically used
for session-based recommendations [DIG16; Wu+20a|. For effective personalized
recommendations, only transaction data is usually used. Chronological data allow
a detailed analysis of user behavior and provide valuable information for developing
recommendation systems [DIG16; Wu+20a; Xu+19].

RetailRocket The RetailRocket data set was collected from a real e-commerce site.
Although it consists of raw data, all values have been hashed for privacy reasons
[Ret22; Xu+19]. The data set is divided into three files, one describing behavioral
data, another representing item properties, and the third highlighting the category
tree [Ret22; Xu+19]. The behavioral data provides information about user activity
on the e-commerce site, while the item properties provide details about the products

offered. The category tree is used to classify these products [Ret22; Xu+19].

Amazon This data set contains product reviews (ratings, text, helpfulness votes) and
metadata (descriptions, category information, price, brand, and image attributes)

[McA14; Wu+20a]. The entire data set is segmented into subdata sets by category,
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such as Amazon Books, Amazon Instant Video, or Amazon Electronics [McA14;
Wu+20a]. These subdata sets can be used to test the performance of collaborative

filtering in sequential recommendations for user items [McA14; Wu+20a].

LastFM The LastFM data set includes music listening data from a group of 2,000 users

and artist attributes [Ber+11]. Furthermore, this data set provides two types of

song-level data: tags and similar songs [Ber+11].

2.5.2. Evaluation metrics

The following list presents the metrics commonly used for sequential and session-based

recommendation systems based on GNN.

PQK (Precision) is often used to measure prediction accuracy. It represents the propor-

tion of correctly recommended items among the top K items [Wu+20a; Gao+21].
In the context of recommendation systems, this metric measures the proportion of
recommended K items on which the user clicks [Wu+20a; Gao+21]. A common
metric is PQ20(K = 20). This metric as follows [Xu+19; Liu+18]:

Thit
PQK = 2.28
o (2.28)
In this context, N represents the number of test data in X, ny;; represents the
number of cases that have the desired elements in the lists of the highest ranked K
[Liu+18].

MRRQK (Mean Reciprocal Rank) This metric reflects the average reciprocal rank of
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correctly recommended items [Wu+20a; Gao+21]. The reciprocal rank is set to 0 if
the rank is greater than K [Wu+20a; Gao+21]. This metric considers the recom-
mendations’ ranking, so a high value M RR reflects the correct recommendations
at the top of the ranking list [Wu+20a; Gao+21]. M RRQK is defined as follows
[Wu+20a; Xu+19; Liu+18]:

1 1

MRRQK = — = = 2.29
N tGZX Rank(t) (2.29)

As can be concluded from the formula, it can generally be stated that M RRQK is
a normalized value in the range [0, 1], where the remarks made before the formula

apply [Liu+18].



2.6. Conclusion

Metrics with negative sampling Because other metrics are based solely on one-way
positive feedback from the data [JLJ15]. A previous investigation has proposed
using a modified recall variant that also uses negative feedback [JLJ15]. Measure
the relative position of the recommended items in a combined set of positive and
negative items. To achieve this, each target item ¢ is combined with n random
items unknown to the user [JLJ15]. The model then ranks the resulting list of
n + 1 items. A hit occurs if ¢ is among the first K items [JLJ15]. This leads to
a statement about the algorithm compared to negative examples. The modified

formulas can be described as follows [JLJ15]:

R@IC” = Nhit
1
P n_ _ - n
@K™ = —— - Rak (2.30)
ok o, BOK" PO

* PaK” + RaK”

In Equation 2.30 RQK™ is the recall, PQK™ is the precision and F1QK" is the
F-score [JLJ15]. This score is calculated from the precision and recall of the test
[JLJ15]. Precision is also known as a positive predictive value, and recall is also

known as sensitivity in binary diagnostic classification [SJS06].

2.6. Conclusion

Recommendation systems based on GNNs are a rapidly developing area of research. This
section comprehensively reviews recent advances in these systems, focusing on sequential
and session-based recommendation systems [Wu+20a; Gao+21]. These systems are
particularly efficient due to their ability to account for the sequential nature of user
interactions [Wu+20a; Gao+21].

Recognizing the challenges encountered in the development of GNN-based recommend-
ation systems is essential to improve their efficiency and accuracy, thus setting the stage
for future deployments [Wu+20a; Gao+21]. Some issues addressed in developing such
systems include data scarcity, incorporating contextual factors, and addressing scalability
barriers [Wu+20a; Gao+21].

This section lists several commonly used models for sequential and session-based

recommendation systems. Table 2.1 and Table 2.2 summarize these main models,
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detailing their characteristics and references. These models provide various solutions
suitable for different applications and scenarios [Wu+20a; Gao+21].

It is important to note that this overview covers only a portion of the extensive range
of potential models [Wu+20a; Gao+21]. Future research may introduce new models and

technologies not discussed in this thesis [Wu+20a; Gao+21].
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Model Graph GNN Modeling
SR-GNN Wu et al. [Wu+19] directed graph gated GNN -

GC-SAN Xu et al. [Xu+19] directed graph gated GNN -

TA-GNN Yu et al. [Yu+20] directed graph gated GNN -

FGNN Qiu et al. [Qiu+19] directed graph GAT -

A-PGNN Zhang et al. [Zha+21a) directed graph gated GNN cross sessions
MGNN-SPred Wang et al. [Wan+20a) directed-multi-relational item  GraphSAGE cross sessions
GAG Qiu et al. [Qiu+20] directed graph GCN cross sessions
SGNN-HN Pan et al. [Pan+20] star graph gated GNN additional edges
GCE-GNN Wang et al. [Wan+20b] directed graph + global graph GAT cross sessions
DGTN Zheng et al. [Zhe+20] directed graph GCN cross sessions
DHCN Xia et al. [Xia+20] hypergraph + line graph HyperGCN Cross sessions
SHARE Wang et al. [Wan+21a] session hypergraph HyperGAT additional edges

SERec Chen and Wong [CW21]
LESSR Chen and Wong [CW20]
CAGE Sheu and Li [SL20]

MKM-SR Meng, Yang and Xiao [MYX20]

COTREC Xia et al. [Xia+21]

DAT-MDI Chen, Guo and Song [CGS21]

TASRec Zhou et al. [Zho+21]

KG + directed graph

directed graph

KG + article-level graph

KG + directed graph

item graph + line graph
directed graph + global graph

dynamic graph

GAT + gated GNN
GAT

GCN

gated GNN

GCN

GAT

GCN

Cross sessions
additional edges
Cross sessions
Cross sessions
Cross sessions
Cross sessions

Cross sessions

Table 2.2.: Details of GNN models for session-based recommendation, Source: [Gao+21]
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This chapter proposes the Temporal Graph Recommendation (TGR) model to address
the challenges identified in chapter 1.

In the context of recommendation systems, graphs efficiently represent the relationships
between users and items [Wu+20a; Gao+21]. However, traditional GNNs have limitations
in effectively capturing the dynamics of these evolving relationships over time [Wu+20a;
Gao+21]. In particular, this applies in scenarios where the user’s engagement with objects
is influenced by various factors, such as the time of day, the context of the interaction, or
the fluctuation of user preferences and interests [Wu+20a; Gao+21].

TGR is designed to reflect the dynamic relationships of the user-item interaction graph.
For this purpose, TGR uses DGNNs, which are able to continuously update the structure
and relationships within the graph to reflect the dynamics of user interactions [Kaz+19].
GNNs are explicitly defined in section 2.2, while an explanation of DGNN can be found
in subsection 2.2.5. TGR use a hierarchical structure that enables the integration of
session- and sequence-based recommendation systems [Sob21].

This chapter first gives an overview of TGR in section 3.1, then explains the imple-
mentation process in section 3.2. The model can be roughly divided into three layers,
which are described in section 3.3, section 3.4, and section 3.5. The score function is
described in section 3.6. The training strategy is then described in section 3.7, which

explains the hyperparameters used in TGR.

3.1. TGR Overview

In this section, the model is presented superficially to provide an overview. First, the
three layers of the model are listed, and then the model is presented in its entirety and

coherence.

Temporal Graph Recommendation Structural Layer (TGR-STR) An essential found-

ation of GNN models are the ability to learn information from their neighbors
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[Wu+20a; Wu+22]. The idea is that TGR-STR also learns the behavior of users
as a whole through the neighborhood of users with items. For this purpose, the
neighborhood relations are used for each user u € Y C X and each item i € Z C X.
Consider 7 € RdI,L{ e R for all subsequent discussions. Since X is defined as
a bipartite graph, neighbors e(, ;) € & C X to the other node types, for example,
neighbors of items ¢ € 7 are always users u € U. Thus, it is possible that each
node learns interaction habits, an item learns which users like to use it, and a user
learns which items are frequently interacted with. To address the dynamic nature
of user interactions, a DGNN is used for learning in this layer. TGR-STR adapts
the proposal suggested in the TGN framework, by Rossi et al. [Ros+20], for deep
learning on dynamic graphs. TGR-STR differs from TGN by adapting the approach
for recommendation systems. The fundamental concept of using a combination of
memory modules and graph-based operators to achieve superior performance while
being more efficient than previous approaches remains. TGR-STR is described in

more detail in section 3.3.

Temporal Graph Recommendation Session Layer (TGR-SES) An important aspect of

the algorithm is the processing of user sessions s € S* as individual session graphs
G®. Each session graph represents the interactions of a user within a session and
contains both explicit items that the user has viewed and implicit signals such
as the time spent on certain item. This layer focuses on processing these session
graphs. Session graphs are processed in several steps. The method SessionGCN
uses the user’s information to personalize the embeddings of the nodes in the session
graph. SessionAttentionNetwork allows the model to extract the relevant parts
of the session graph for a recommendation. Finally, MultiHeadAttention is used
to combine the embeddings of the nodes in the session graph and obtain a vector

representation of the entire session. TGR-SES is described in section 3.4.

Temporal Graph Recommendation Historical Layer (TGR-HIS) In general, sequential
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and session-based recommendation systems are considered separately. The author
proposes TGR-HIS to integrate sequential and session-based recommendation
systems into one model. This approach considers a user’s session S* as historical
sessions Sj' representing previous interests, provided they are in the past and there
is a current session S¢. The objective is to use the various sessions §* = S} U S}
that a user has accumulated over time to provide the appropriate recommendations

for the current session. In TGR-HIS, the historical sessions S}* are combined with



3.1. TGR Overview

SY in a MultiHeadAttention to better represent the current session in the sequence.
Suppose that historical interactions are unavailable, for example, because the user
is new to the platform or the system does not store historical interactions. In that
case, the purpose of this layer is to respond accordingly. TGR-HIS is described in
detail in section 3.5. Therefore, the presented method provides a way to combine
sequential and session-based information to generate better recommendations for
users. This can help improve the personalization of recommendations and thus

increase user satisfaction [Lv+19; Bur(2].

The result of these steps are relevant recommendations for the user based on his
past interactions. TGR combines graph-based methods, RNNs, linear layers, and atten-
tion mechanisms to generate personalized recommendations that consider the dynamic

interactions between users and articles.

Figure 3.1 provides a high-level overview of how the TGR model works. Each data set
is seen as the input X of TGR. The data sets are described in detail in chapter 4, consist

of user features, item features, and edge features.

First, X is processed in the TGR-STR layer. For this process, a batch is extracted
from the training data (1), where the default proportion of the training data is 60%.
TGR-STR uses the current memory M (2) to process the features of the dynamic layer.
In the User - Interaction -Storage phase (3), information about which user interacted with
which item during a given session is stored. This information is crucial for constructing
the dynamic graph and the session graphs. The computations of TGR-STR serve a dual
purpose: updating the memory M? — M?*1 (4) and forming the basis for the TGR-SES

layer.

The TGR-SES layer constructs an individual session graph G° for each user, using the
internal memory of the interaction data (6) and the updated memory M1 (7). This
computation is unique and cannot be classified as batch processing because the data is
processed individually. The results of this layer are stored in session memory M® (8),
overwriting previous entries to ensure that there is only one unique vector per session.
The data are then passed to the TGR-HIS layer (9).

If a user has participated in multiple sessions (10) at the time of computation, the
corresponding historical embeddings (11) are merged with the current embedding (9).
The resulting final embedding (12) is then combined with the item memory MZ (13)

using a MLP to calculate a score for each item per user (14).
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Figure 3.1.: High-level overview of the TGR model with its hierarchical structure

3.2. Implementation

This section provides a concise summary of the implementation process and the general
structure of each layer to give a comprehensive overview of TGR. This section refers
to algorithm 1 to explain the algorithm. In addition, a graphical overview is presented
in Figure 3.2. All the notation in this chapter corresponds to the notation used in the
algorithm and the figure.

TGR has a hierarchical structure. A hierarchical structure is recognized when an
NN comprises several loosely connected subnetworks organized in layers [MC92|. Each
subnetwork is designed to encapsulate specific aspects of the input data [MC92]. Although
subnetwork models are a subset of input variables, precise patterns and relationships

among variables are established by training the entire network [MC92].
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Within TGR, dual iterative processes are used during the training phase, which is
significant both in the implementation and in training. The outer loop of the algorithm
separates the data set X into distinct batches B € X'. The inner loop, called the session
loop, processes each user u € B independently. This configuration allows the model to
scale effectively, which is critical given the high complexity of the data sets and the

growing user base during the training phase [MC92; Sob21].

Algorithm 1: TGR Model
Data: X

Result: Score per item (y)
1 while B € X do

2 Y < TemporalNeighborEmbedding(B, M");

3 MY« TemporalNeighbor Update(h,, M?);
4 while u € B do

5 G < BuildSessionGraph(u, Mt+1);

6 hggsc + SessionGCN(G?);

7 Ry Sessz’onAttentz’onNetwork(hggsc);

8 h9" < SessionUserCombination(hS, , u);

9 MS" < SaveSessionEmbeddings(h9°);

10 if |MS"| > 2 then

11 hIt" < HistoricalAttention(h9", MS");
12 hi < HistoricalCombination(hY, , h}t");
13 else

14 | B ne

15 end
16 end
17 | 9§ < Score(h}, MII)
18 end

The training loop of the proposed model TGR, as shown in algorithm 1, processes
each batch B € X by embedding a temporal neighbor using the function Tempor-
alNeighborEmbedding with the current batch B and the current memory M? (h}
TemporalNeighborEmbedding(B, M!)). The hyperparameter BATCH-SIZE controls the
batch length, indirectly determining the number of batches possible. This neighborhood
is then updated using the TemporalNeighborUpdate function, which computes the context
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of the users’ and items’ neighborhoods to gain structural information about the data set.
The function updates the model, where M1 = TemporalNeighbor Update( LMY A
more detailed description of this function can be found in section 3.3.

For each user u € B in the proposed TGR-SES model, a session graph G? is generated by
applying the BuildSessionGraph function to the current user u and the updated memory
ML This graph represents the user’s interactions within the current session and is
the foundation for subsequent processing. The hg;c is then passed through SessionGCN
and SesstonAttentionNetwork, which consider the graph-based context of the user’s
interactions and provide a weighted consideration of relevant interactions within the
session, respectively. The resulting hidden vector h9" is generated using the function
SessionUserCombination with hY, and u.

After processing TGR-STR, the TGR-HIS layer is applied to combine the historical
sessions represented by MS" with the current session SY. If there are no historical
sessions for the user, this layer can be skipped, as indicated in the algorithm. The final
embedding of the session 9" is combined with MS" using HistoricalAttention to access
information from previous sessions and improve predictions, returning the hidden vector
hY.. Then HistoricalCombination is applied, using h}L" and hY to calculate hi. In
TGR-HIS, the current session is weighted more heavily to account for short-term changes
in the user’s interests.

The score § = score(h}, MZ/) is calculated, which synthesizes the previously calculated
scores. This score represents the prediction made by the model of the user’s interest in
the items in MI/. The proposed model utilizes temporal and graph-based information
to model user behavior and provide personalized recommendations. More details on the

architecture and implementation of the model can be found in the following sections.

3.2.1. Recurring functions

In this thesis, various mathematical methods and models are used, as described in the
beginning of this section. These functions assume a central role, which serve as building
blocks for more complex expressions and equations. This subsection gives an overview of
these basic functions and describes their properties, which will be of central importance
in the following phases of the thesis.

It is important to emphasize that these functions used in this thesis should not be
considered isolated entities. Rather, they are integral parts of a larger model and

contribute to the formation of more complex expressions and equations, which will be

o6



3.2. Implementation

u I
MY M,
Memory User * Memory Products
_____________________________________________ L
user-item user-item Memory | MY T
interaction interaction . N. N .o
as sequence as graph :

Buippaqui3
JoqySis |esodws |

g T H
Historical Sessions for User . Current Sessions for User :
for each :

i L S .

i Build Session i : i i SESSIOII’I U_ser é‘—

: ; e . Combination :

: Graph P o I - :

E E E E E E E hgs E . H

u

GatedGraphConv

P )
s M 1S
R >

s TS

Session Attention user-item interaction
Network as graph

Memory Sessmn

e
Z |
& T ST B
ET 3G 2
= [V - Q.
o o = O I o
S b @ = o+
— 8 S 8 o
0 — — — =
S o
e <
= ®

o}

Historical Layer

Figure 3.2.: Overview of the TGR model with its hierarchical structure

57



3. Temporal Graph Recommendation

explored in later sections of the thesis. These functions have certain properties and

behaviors that allow them to be applied and integrated into more complex models.

Linear layer

The linear layer is one of the most fundamental and commonly used components in NN
[Jun22]. This layer transforms the input data Xj;, into the output data ) using a linear
transformation [Jun22; Moc+16].

Mathematically, the Linear(X’) layer can be described as shown in Equation 3.1.

Linear(X) = Y, = WXy, + b (3.1)

Where Xy, is the input matrix, here Xy, € R™*?, where n is the number of observations,
and d is the number of features per observation [Jun22; Moc+16]. ), € R™™ ™ is the
output matrix, W € R4 is the weight matrix of the layer and b € R*™ is the bias
vector [Jun22; Moc+16].

The linear layer allows for a fundamental transformation of the input data, which
is optimized by adjusting the weights and biases during the training process [Jun22;
Moc+16].

MergeMLP

In this thesis, a function is used to concatenate two vectors and then reduce their
dimensionality to a given dimension. This function uses Multilayer Perceptrons (MLPs)
to assign different weights to the information contained in the vectors. The function
is denoted as MergeMLP(x1, x9,d3), where it uses ELU defined in Equation 2.17 and
the weight matrices W, and W> as parameters. During training, these parameters
are optimized to capture and model complex relationships between the vectors to be

concatenated.

MergeMLP (21, x2,d3) = W ELUW; [21; 2])) (3.2)

In Equation 3.2, the first vector is denoted as 1 € R* and the second vector is
denoted as 2 € R%. The notation [x1; 9] represents the concatenation of the vectors,
which means that [x1;z2] € R(41+d2) ig true. The output is represented as z € R%. The
corresponding weight matrices Wi, W» determine the weights of the respective input

vectors and thus have the corresponding dimensions (W, € R%*(d1+d2) W, ¢ Rdsxds),
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3.3. TGR Structural layer

3.3. TGR Structural layer

The first layer of the hierarchically structured model TGR is Temporal Graph Recom-
mendation Structural Layer (TGR-STR), which serves an essential function in this
recommendation model.

To illustrate the importance of the first layer in hierarchical networks, consider image
classification with NNs. For example, the first layer can detect important features such
as edges, curves, and textures relevant to the final classification. Similarly, the first
layer in TGR detects important features, such as the data structure [Eln+21]. The
underlying principles of the model are detailed in subsection 3.3.1. This is followed by a
description of the model implementation strategy in subsection 3.3.2. In addition, the

formal definition of the model is presented in this section.

3.3.1. Foundation

The previous literature discusses encoder-decoder pairs for DGNN. An encoder maps
a dynamic graph to the node embeddings, while the decoder uses these embeddings to
make task-specific predictions [Kaz+19; Zhu+22].

Rossi et al. [Ros+20] proposes TGN, an encoder-decoder architecture, as a framework
to analyze and develop DGNN. The encoder presented in TGN is a method for continuous-
time dynamic graphs that achieves state-of-the-art performance in experiments. The
encoder generates the embedding of the nodes Z(t) = (21(t), ..., zn,(t)) for each time
t [Ros+20]. TGN use an MLP decoder mapping from the concatenation of two node
embeddings to the probability of the edge [Ros+20].

This approach is suitable for recommender systems because using a dynamic graph
allows to capture the evolving relationships between nodes over time. Changes between
nodes can be tracked by computing the embedding vector for each node at each time
point. Consequently, these embedding vectors can compute recommendations [Cha+21;
Gao+21; Wan+21b].

Using the robust foundational work of TGN within the domain of DGNN [Ros+20],
TGN forms the foundation of TGR-STR. The core of TGN is the memory M, which
enables the model to store long-term dependencies for each node in the graph [Ros+20].
This is achieved by storing a vector for each node that is updated after an event, such as
a user interacting with an element, occurs. The purpose of the memory M is to present
the history of each node in a condensed form [Ros+20].

TGN expects homogeneous graphs for computations [Ros+20]. On the contrary,
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recommendation systems inherently rely on heterogeneous graphs [Gao+21]. This is
essential for properly representing relationships between different types of entities, such as
users and items. A heterogeneous structure also allows the consideration of different types
of information, including age, gender, purchase history, and social relationships [Gao+21].
This structure increases the accuracy and relevance of recommendations [Gao+21]. For
these reasons, TGR adopts the methodology used by TGN to accommodate heterogeneous
graph structures. In this thesis, a heterogeneous bipartite graph is used for this purpose.
Future research could, among other things, explore the benefits of including social
relations in this model, extending the heterogeneous bipartite graph structure. To
improve training efficiency, TGN uses batch processing. Using batch processing may
result in nodes appearing more frequently in the same batch [Ros+20]. These are grouped
in TGN before memory updates for a better runtime [Ros+20]. For example, if the item
i3 € Z occurs nine times in the current batch, it will negatively affect the runtime of the
training process to perform a memory update for each of these nodes, so TGN suggests
that aggregating the nodes does not negatively affect runtime [Ros+20]. In contrast,
TGR-STR avoids this aggregation approach because evidence from other research suggests
that each interaction is invaluable for an accurate recommendation [Cha+21; Wu+20a;
Gao+21; Wan+21b]. Still, batch processing is used in TGR-STR.

In addition, the processing of the nodes of TGN and TGR-STR are different. A

detailed explanation of how TGR-~-STR works is given in the following section.

3.3.2. Implementation

TGR-STR is described graphically in Figure 3.3 and algorithmically in algorithm 2.

X = (V,€) is a heterogeneous graph in which each node is either a user or an item.
Therefore, u € Y CV,i € T C V. According to the definition of e(, ;) € £, an edge cannot
occur between nodes of the same type. Furthermore, due to the background of DGNN,
each node can occur in multiple versions. This implies that the vectors describing the
nodes do not have to be static. They can change over time. For example, i3 can have a
different vector at time ¢ than at time ¢ — 1. However, the features of £ are static and
do not change over time. Only new edges can be added to the graph; existing edges
are not updated or deleted. Therefore the graph cannot be considered fully dynamic,
as described in subsection 2.2.5, since no edges are deleted or updated, which cannot
happen in recommendation systems [Gao+21]. The algorithm processes the input data

and updates the memory M that contains the representation of the users or items.
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Algorithm 2: TGR Structural Layer
Data: Raw data, user or item as V=U AT

Result: Updatet Storage (B)
1 while B € & do
2 | Ve V4 MG
3 | N « FindNeighbors(M?));
4 Ty < EncodeTime(t € £);
5 | Tn + EncodeTime(t € N);
Q'+ VL T;
KLV NGNS T
8 h} < MultiHeadAttention(Qt, K, V1);
9 R < MergeMLP(V, b2, dY);
10 | M GRU(RY, MY);

11 end

Since all layers of TGR are based on batch processing, a limited number of records
are extracted from & such that B € &, [B| = BATCH-SIZE. For each interaction, e, ;) € &,
a negative sample is incorporated [Arm+19]. Negative sampling is a technique used
to reduce computation time and memory requirements when training NNs [Arm+19].
The amount of training data can be reduced without compromising the quality of the
embeddings by using negative examples [Arm+19]. This results in more effective use of
the training data, faster training time, and higher memory efficiency [Arm+19]. The
author proposes several methods to generate negative samples that can be selected by
the hyperparameter NEIGHBOR-SAMPLER.

The popular neighbor problem can arise with negative sampling. This problem refers
to a phenomenon in the context of negative sampling that can occur when learning NNs
[Arm+19]. It states that frequently occurring nodes in the training data set generate
a disproportionately high number of negative examples, which can lead to the model
overfitting to these frequent nodes instead of achieving good general testability on
unknown data [Arm+19]. To avoid this problem, there are several approaches, such as

weighting the negative examples according to their frequency [Arm-+19].

Random Negative Sampling (RNS) This is a basic negative sampling algorithm, which
aims to treat each item in the sample pool equally and sample them with equal

probability to generate a negative sample [Ren+12; Yan+20]. A pseudo-random
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number generator selects a random item from all existing items before the current
interaction. This process ensures that each item in the sample pool has an equal
chance of being selected as a negative example [Ren+12; Yan+20]. However, when
using RNS, the sample pool size must be well chosen, as it can affect the quality of
the negative example generated [Ren+12]. In this thesis, due to the important time
aspect, only random items that are already known to the system are selected, but
if there are not enough random items in the early batches that are already known
to the system, the pool of all possible items is made up of the pool of all possible

items.

Similarity-based Negative Sampling (SBNS) Using an item that is either highly similar
or highly dissimilar to train the model on the difference between similar items
offers another way to generate negative examples [Yao+22]. This method is called
SBNS in this thesis. The similarity calculation is performed before training the
model to ensure high efficiency [Yao+22; Ren+12]. A hierarchical approximation
structure for non-metric spaces is used to find similar objects. This structure is
specifically optimized for cosine similarity and significantly speeds up the search
for similar objects. Cosine similarity measures the similarity between two vectors
in a multidimensional space. Consequently, each element ¢ € 7 is assigned another
element that is as similar or dissimilar as possible to the vector of ¢, depending on
the hyperparameter. Using similar items as negative examples helps improve the
ability of the model to distinguish between similar items and increase the overall

accuracy of the model [Ren+12].

In Figure 3.3, the user and item computations are shown together, but the user and
item embeddings are computed separately.

The representation of the users and items contained in the batches is taken from the
memory M! at time ¢ (/\/lut nMI e M?). If the nodes are not seen by the model,
they are set to zero. The representations of users or items contained in the batches are
combined with those already in storage. This results in an updated representation of
users U = U + MU', This representation contains all the information about the node
for which ¢ < t¢ applies. Similarly, the item nodes are also updated: Z! = T + MT

TGR-STR uses the concept of Temporal Graph Attention from Xu et al. [Xu+20a]
to compute node embeddings. This proved to be a powerful tool for modeling the
temporal evolution of nodes in a graph. Using a series of L graph attention layers,

information from the L-hop temporal neighborhood of a node can be aggregated to
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calculate its embedding [Xu+20a; Ros+20]. In this thesis, 1-hop (L = 1) graph attention
is chosen for the advantage of superior running time [Xu+20a; Ros+20]. Whether
increasing the layers can positively affect the runtime of this model is not further
explored in this thesis and is left open for future research. Previous research suggests
that limiting it to 1-hop does not negatively impact the results [Xu+20a; Ros+20].
Since the temporal neighborhood of a node is used to calculate node embeddings, it is
important to identify these neighborhood nodes. This neighborhood can be considered
as an interaction (e(,;) € £). Therefore, k interactions with items i are identified per
u and k users u per item i. It should be noted that k£ is the hyperparameter NUM-
NEIGHBORS. The author suggests that if a user has fewer than k& — 1 interactions in MY
(le| € &Y < k — 1), the calculations are performed with masks. This can be formally
described as Ny = FindNeighbors(M'), Ny = FindNeighbors(M?).

The time of the edges t € £ will be encoded by the proposal of TGN [Ros+20;
Xu+20a]. Ty = EncodeTime(t), Tz = EncodeTime(t). In addition, the time of the
memory is encoded. The time of the memories reflects the last interaction of this node.
Tn,, = EncodeTime(t € Ny), Ty, = EncodeTime(t € N7) For this purpose, the following
formula is used, defined by the equation Equation 3.3.

b = 1/10 x *linspace(0,9, dimension) (3.3)
Ty = cos(Linear(t)) (3.4)

To illustrate EncodeTime, the dimension is set to 10, and the resulting array for b
would be [1,0.1,0.01,0.001,0.0001, 0.00001, 0.000001, 0.0000001, 0.00000001, 0.000000001].
Linear represents a linear layer as defined in subsubsection 3.2.1 and b the corresponding
bias term.

Since the structure of the graph changes at each iteration (¢t — ¢ + 1), the model must
be able to respond quickly to these changes. For this reason, hidden vectors (h?u, h?z)
are computed to understand the relationships between the updated node embeddings
(u'*1i+1) and the existing node embeddings (u!,i?). This can be described formally as

follows:

h = MultiHeadAttention(Qj, Kk, Vi),
hit. = MultiHead Attention(Q%, K, Vi)

MultiHeadAttention is described in detail in subsection 2.2.7. For this purpose, the
use of Multi-Head Attention Network (MATN) is a suitable option, as it has already

63



3. Temporal Graph Recommendation

been proven in the context of DGNNs in previous work [Ros+20]. MATN allows the
model to use multiple attention mechanisms directed at different parts of the graphln
this scenario, as described in subsection 2.2.7. This allows the model to respond quickly
to changes in the structure of the graph and to understand the relationships between the
new and existing nodes [Ros+20; Kaz+19; Zhu+22]. Specifically, 9}, = [U"; Tul, K,=
Vi = [INu; NS Ta, ] correspond to the input, key, and value in MATN, respectively. N
stands for the attributes of the edges between the neighbors and the current node. The
same applies accordingly to the calculation of Q% = [T; Tz], Kb= Vi = [N7; NE; Ta, -

To focus on the features of the current time slice, MergeMLP is used. This method is
already defined in subsubsection 3.2.1. Here, the embedding hy; , by, is combined with
the representation of the current time step (¢ + 1), and then the dimension is reduced.
Ry = MergeMLP(U, hyt,d"), h%' = MergeMLP(Z, h*,d*). Using the new embedding h}’/
and h% allows the model to highlight the most important features of ¢ and Z nodes. To
update the memory in this thesis, GRU is used:

MU = GRURY, MUY,
MIT — GRURY, MTY,
Mt+1 _ Mut+1 U MIt+1

The combined usage of MATN, MergeMLP, and GRU can significantly improve the
accuracy of the model, as it allows the model to respond quickly and effectively to
changes in the structure of the graph and understand the relationships between nodes.
Subsequently, the nodes in M!*! have all the most important information about the
neighborhood of the nodes, as well as any new features of the nodes themselves. This
allows subsequent layers to use these embeddings, providing a significant performance
benefit in computation time since the memory only needs to be computed once and then

incrementally updated.

64



3.3. TGR Structural layer

i(u17i2)7(u17i3) :"\-i
(ua,91), (u2,d3) b
{(us, 13), (us, i1) 1
(g, 2), (wa,85) 3.
(ud,15), (ud,14)
(U3,i5),(u3,i2

user-item interaction user-item interaction
as sequence as graph

Bex

£eB U+ M4
Y+ MY

£
cos(Linear(T))

h{ . ; 3 >

ultiHeadAttention P g

R

5 Tl

' v n . . &

; MergeMLP s

i h € b3 i GRU

------------------------------------------------------------------------------------- Temporal Neighbor Update

Structal Layer \ 4

Prediction

Figure 3.3.: The TGR-structural layer is an algorithm part of a recommendation system

based on heterogeneous graphs. The algorithm traverses batches of raw data

and updates the storage containing the representations of users and items
by considering the relationships between the users, items, and events in the
data. Functions such as MATN, MergeMLP, and GRU are applied to update

and improve the representations of users and items in the memory.
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3.4. TGR Session Layer

In this section, the second layer of the hierarchically structured model TGR is discussed
in detail. This layer, named Temporal Graph Recommendation Structural Layer (TGR-
STR), is specifically designed to capture and analyze user interaction patterns and utilizes
session graphs to represent users’ interactions with different elements over a period of
time. First, in subsection 3.4.1, the motivation is discussed. Then, in subsection 3.4.2,
the implementation strategy for the model is outlined. This section also presents a formal

definition of the model.

3.4.1. Foundation

The calculations performed on this layer utilize the results derived from the TGR-STR
layer as presented in section 3.3. Consequently, in this layer, the variable M!*! ig
expected to represent all information known to the model up to time (¢ + 1) < ¢¢. Where
t¢ corresponds to the time of the last element of the current batch. It is important to
emphasize that these nodes now include neighborhood information and edge features.
The purpose of this layer is to use this information by processing it with a session graph.

A session graph is generally described in section 2.4.

In summary, a session graph G° can be characterized as a directed graph, where
G* = (V*%,&9). In this definition, V* denotes the set of all nodes corresponding to each
interaction in a session, and £° denotes the set of all edges representing the sequential
relationship between these interactions [Gao+21; Wu+19; Wan+20b].

The transition from one interaction to the next is denoted by a directed edge, which can
have different weights. For example, the time spent on a particular action can be assigned
to these edges [Gao+21; Wu+19]. A session graph allows analyzing the relationships
between different items within a session, helping to identify patterns and trends in user
interactions [Gao+21; Wu+19].

TGR-SES is applied to current and previous sessions. However, it is important to note
that all user sessions are considered independently. The method proposed here refines
the calculation of individual sessions and incorporates additional information, such as
time spent on items and CATEGORY-SHIFT, into the process. These aspects are discussed

in more detail in the following subsections.
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3.4.2. Implementation

TGR-SES processes each user u € B independently. For this purpose, the storage data
ML are used. The items MT C M1 are reduced to a smaller dimension. Here,
MI/ = Wi MT 4 by applies. Here, the items MZ € RY are accordingly represented in
a high-dimensional space. The learnable weighting matrix W € R(dzl xd%) and the bias

term b € R are also included.

Algorithm 3: TGR Session Layer
Data: Storage M

Result: Session Storage Embedding (M)
Algorithm: TGR Session Layer

=

2 while v € B do

3 | MY — MY e M;

4 ML — M e MY N M;

5 | AT < EncodedEdgeTimes(t € M);

6 | G° « BuildSessionGraph(u, ML | AT);

7 hg;c +— SessionGCN(G?);

8 hY SessionAttentionNetwork(hg;c);

9 h9" « SessionUserCombination(hS. , hi\');
10 MS" — SaveSessionEmbeddings(h9");

se
11 end

The result of this calculation, MI/ € Rdzl corresponds to the reduced representation
of the data in a low-dimensional space. Here, dZ and d*' represent the dimensions of
the high-dimensional and low-dimensional space, respectively. While d is determined
by the memory dimension MZ of TGR-STR, d¢Z' is controlled by the hyperparameter
SESS-TERM-HIDDEN-SIZE. The dimensional reduction technique used here is commonly
used in recommendation engineering research to reduce the complexity and size of the
data set [Gao+21]. This can improve the performance of the recommendation system
and prevent overfitting. It should be noted that determining the reduced dimensions d%’
can have a high impact.

The session graph is described as a directed graph G* = (MZ', £%), where MT' ¢ MT
represents all updated representations of items with which a user u has interacted £° in
the current session s € §* C §. Here Mf, is the general definition of V*, adapted for

TGR-SES. Each node in G® represents a click of a particular user. These nodes are sorted
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chronologically in the session graph. The dwell time of a session G° between two nodes
it € MT and i1 € MZ can be expressed as At = t#+1 — tt where " denotes the
interaction time with ;. The definition of dwell time is the difference between the time
of the subsequent node and the current node. Consequently, AT contains all dwell times
within session s and is referred to EncodedEdge Times. This information can then be used

to construct a session graph G° in which an edge ¢ € £° with the corresponding

it

weight At is created between the corresponding node: r>1Z his procedure is repeated for
each edge within the session s. The entire process of creating the session graph can be
summarized with the notation per user: G° = BuildSessz’onGmph(u,Mf/, AT). The
embedding of the session graph G°® is calculated using Gated Graph Sequence Neural
Networks (GGS-NN). This can be represented by hggC = SessionGCN(G*®). GGS-NN is
referred to as SessionGCN and can capture complex patterns and relationships in the
data [Li+15]. In addition, adaptive information processing allows GGS-NN to select
and consider relevant temporal information from neighboring interactions [Li+15]. This
is particularly important because not all previous interactions may be equally relevant
[Wu+19]. In general, GGS-NN is chosen due to its strong performance and its ability to
effectively model temporal session data [Li+15]. Li et al. [Li+15] introduces GGS-NN,

an extension of GNN that generates sequences and is explained in Equation 3.5.

WO = [z 0] (3.5)

mi™ = 3" e Wy nY (3.6)
JEN;

pD = GRU(mMTY p{V) (3.7)

The initialization of the node state vectors is achieved by transferring the node
annotations into the primary components of the hidden state and filling the remaining
part with zeros. This process is represented by the equation hz(o) = [;; 0] [Li+15]. hz(o)
denotes the initial state vector of node 4, z; denotes the annotation of node i [Li+15].
Edge activations are computed bidirectionally, as given by the equation mi(+1 =
djeN; €ij - W h( ) [Li415]. In this equation, mi(*+1 represents the message vector of
node 7 at step [ + 1, N; denotes the neighbors of node i, e; ; represents the edge from

node j to node ¢, Wj is the weight matrix and hg-l)

is the state vector of node j at step [
[Li+15]. The hidden state is updated by integrating information from other nodes and
the previous time step, as represented by equation hz(lﬂ) = GRU(mElH), hl(l)) [Li+15].

Here hl(lﬂ) is the state vector of node ¢ at step [+ 1 [Li+15]. hggc is utilized to compute
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a session embedding, represented by the equation:

hy = SessionAttentionNetwork(hggsc)

SessionAttentionNetwork is derived from the Session-based Recommendation with Graph
Neural Networks (SR-GNN) model conceived by Wu et al. [Wu+19]. Consequently, the
terminology and calculations in this adaptation may not directly match those found in
the original work of Wu et al. [Wu+19]. The primary input to SessionAttentionNetwork is
the embedding of a user session hggsc, a previously computed hidden vector. The context
in which this function is used differs from Wu et al. [Wu+19]. However, calculating o

and s, are used in an adapted format [Wu+19].

i = Weo (Wyvs 7 + Wshd ) (3.8)

Sg = Zai”&i (3.9)
i=0

sp, = MergeMLP(sg, s, d*) (3.10)

The purpose of the computation in Equation 3.8 is to generate local and global
embeddings. These two types of embeddings represent different facets of the session
data and are ultimately merged into a hybrid embedding that encapsulates the entire
session. This corresponds to the principles of section 2.4. Assume that the session s € S
consists of the embeddings hggsc = [Us0,Vs1,--5.] € R™91. The matrices Wy, Ws, We
are used to adjust the weights of the corresponding vectors. Consequently, the layer
is named hY, SessionAttentionNetwork(hg;c) throughout the rest of the thesis. This
local embedding, s., encapsulates the user’s immediate interests within the current session
and corresponds to the last clicked item h,ggscT. The global embedding of a session is
constructed by aggregating all node vectors within the session. Since different items
within the session may have different levels of importance, a soft-attention mechanism is
used to accurately represent the global session preferences. For each hg;c item embedded
in the session, a weight v, ; is calculated to indicate the importance of the item. This
weight is then used to compute a weighted average of all item embeddings within the
session, representing the global embedding s,. The hybrid embedding is computed as
sp, = MergeMLP (s, hggscn, dZ/). Here, MergeMLP is represented as subsubsection 3.2.1.
The combination of the attention layer, which is used to focus on the relevant parts of

the input, and MergeMLP, which is used to process this information further, provides
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an effective method to process the user session embedding (hggsc) [Wu+19]. Here d”' is
a hyperparameter referred to in this thesis as SESS-TERM-HIDDEN-SIZE. The resulting
embedding vector for each user captures the distinctive features of their interactions with
the items in their current session. This vector is then converted into a session embedding
that represents the user’s characteristics in relation to their interactions with the items.
Then the user features are added h9" = SessionUserCombination(hY, , M%), which is

se

represented in Equation 3.11.

3.11
3.12

U = (WrhS. + by) Dropout(0.2)
$ = (Wsuct + bg) Dropout(0.6)
sp, = Wo(o(hy + hY)) + bg
h9" = ELU(shS)

3.13

(
(
(
(3.14

)
)
)
)

The purpose of Equation 3.11 is to learn a function that updates the hidden vectors
hY> with the user data u € MY into an outgoing vector h9". In this combination, the
embeddings of the user can be weighted using the CATEGORY-SHIFT c¥ to ensure that
the model assigns different weights to users who prefer to use the same categories. The
CATEGORY-SHIFT allows capturing and including the influence of these user habits in the
embeddings, where ¢} = m Here, c¢s corresponds to CATEGORY-SHIFT per session and
i

can be described as ¢ = ||ccs|
S

per session, while |cs‘| represents the length of the list of all categories per session when

. Here, |c;| represents the length of the list of all categories

duplicate sessions cannot be counted. ¢, represents CATEGORY-SHIFT during all sessions,
and |c,| represents the length of that list. If the data set contains no categories, the weight
of CATEGORY-SHIFT is set to 1 to exclude the influence of categories. This calculation
can also be controlled by the hyperparameter USE-CATEGORY-SWITCH, which allows one
to analyze the impact of categories on the modeling. If USE-CATEGORY-SWITCH is set
to zero, then ¢ = 1 also holds, which corresponds to a weighting of embeddings that
is independent of categories. Accounting for the CATEGORY-SHIFT weights of different
categories allows the model to capture individual user preferences and control their
influence in the analysis. This approach allows for finer granularity in modeling and
improves the accuracy and representation of user interactions. Here, W7, Wy and Wy
correspond to the learnable weight matrices, and by, bg and bg correspond to the bias term.
Furthermore, Dropout is a common technique used in NN training to avoid overfitting

[Sri+14]. By eliminating random neurons in each layer, Dropout can help improve the
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generalizability of a network [Sri414]. This is a necessary step because the user data are
already included in the hidden vector by TGR-STR and should therefore be considered
less important. The function ¢ is a sigmoid function defined in Equation 2.20 that
performs a nonlinear transformation on the input value. Furthermore, the function ELU
is the exponential linear unit activation function defined in Equation 2.17.

The final embedding h9" for each user can be used to calculate the score. To make this
embedding accessible for TGR-HIS layers, it is necessary to store it in MS". The update
of session memory is called SaveSessionEmbeddings in the algorithm. Here, MS" = p9°t¢
is applied. Different weightings are applied to give less importance to older sessions. The
process of combining the embedding vector A9 with the timestamp ¢¢ is an important
step in incorporating time information for the historical calculation of TGR-HIS. To
compute the timestamp, % the timestamps of the interactions in the graph G* are used.
Note that these timestamps are in Unix format, representing the number of seconds since
January 1, 1970 00:00:00 UTC. To properly weight the embedding h9°, it is recommended
to normalize the timestamp to the range [0,1]. For this purpose, the normalization
transformation t¢ = 10%0 is used to reduce the magnitude of the timestamp t?. This
normalization exclusively serves to scale the time dimension and facilitates the weighting
of embeddings based on their temporal relevance.

The combination of temporal information and embeddings opens up the possibility of
incorporating past interactions into recommendation systems. This allows personalized
and relevant recommendations to be generated based on the user’s past behavior. To
preserve this effect, this calculation can be limited to USE-SESSION-TIME-SAVE. If USE-
SESSION-TIME-SAVE is set to zero, then t¢ = 1 is applicable.
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Figure 3.4.: The TGR Session Layer is a layer used in TGR to model a user’s usage habits

and create personalized recommendations. It uses session graphs to represent
a user’s interactions with items over a period of time. The algorithm creates
an embedding vector for each user, representing the characteristics of their
interactions with items, and stores it in memory for further steps in the

recommendation system.
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3.5. TGR Historical layer

This section gives a detailed exposition of the author’s conception of the last layer Tem-
poral Graph Recommendation Historical Layer (TGR-HIS). First, section subsection 3.5.1
explains the motivation behind the implementation of this layer. This explanation is
followed in subsection 3.5.2 by describing the model implementation strategy. In addition,

the formal definition of the model is presented in this section.

3.5.1. Foundation

TGR-HIS is the final hierarchical layer of the recommendation system TGR presented
in this thesis. It uses the current session embedding h9° and the historical embeddings
MSi ¢ MS* € MS, which contain the historical sessions for user u. These embeddings
have been created by TGR-SES.

The rationale for including historical session data is explained in section 2.3. Sequential
recommendation systems generally utilize historical session data to offer personalized
recommendations to individual users.

In general, this information is used to generate recommendations for the user based
on their previous interactions with the system. The goal is to provide the user with a
personalized and relevant experience by recommending interaction opportunities that
match their interests and preferences [Cha+21; Wu+20a; Gao+21].

3.5.2. Implementation

This algorithm creates a relationship between the user’s historical and current sessions.
Here, MS" represents the user’s historical sessions, while S represents the current
session. The current session S is not considered historic. Consequently, the historical
session data is represented as MSh = MS" \ S

It is imperative to consider combining historical data with the current session if
|MSk| > 0. If this condition is true, the hidden vector At can be calculated by applying
the function MultiHeadAttention with Q = S*, K =V = M5k as input parameters.

RIL" = MultiHeadAttention(Q, K, V)

Without historical data, hz;flu defaults to S;.
MultiHeadAttention is chosen because it allows better handling of historical sessions

with the current session [Vas+17; Ros+20; Wu+19]. It can calculate different weights
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Algorithm 4: TGR Historical Layer
Data: Storage M, Session Storage Embedding (MS"
Result: Score per Item

1 Algorithm: TGR Historical Layer

2 while v € B do

3 MS" — MS e MS;
4 SY + h9’;
5 | MO MSY\ S
6 if |MS"| > 2 then
7 ‘ At = MultiHead Attention(S*, MSk, MSh);
8 else
9 ‘ Rt = M5,
10 end
11 | hY ¢« MergeMLP(RJL" S¥, d%');
12 end

of historical data, manage intricate relationships between data, and ensure that all
relevant information from historical sessions is captured and incorporated into the
recommendation. This results in better prediction of user preferences and improved
recommendation accuracy [Vas+17; Ros+20; Wu+19].

A concatenation of A}, and S¥ is performed to create a weighted association with the
current session, where the current session is weighted more prominently. This is done
by computing the vector representation of h?f:, where h%u = MergeMLP(hgf:,Sg, dI/).
Here dZ' is the hyperparameter SESS-TERM-HIDDEN-SIZE.

3.6. TGR Score Function

This section presents the score function, which is an integral part of calculating the
final score for each item for each user. It has a significant impact on the quality of
recommendations. The score function processes an embedding vector for each user,
yielding a score reflecting the item’s relevance. This relevance is represented in the range
[0,1], where these numbers indicate the probability. This score is used to generate a
ranked list of recommended items to be displayed to the user.

Theoretically, such a score function can be constructed as a linear combination of the
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Figure 3.5.: The TGR Historical Layer combines the current session graphs of users with
their historical session graphs if they are available. This algorithm uses
MultiHeadAttention to compare the historical and current session graphs.
The combined session graphs are then processed and multiplied by items to

obtain a score for each item.

characteristics of the user and the item Pan et al. [Pan+20]. However, in this thesis,

learnable parameters are used to ensure greater accuracy and customization [Wu+20a).

!
The current vector representation, Uempedding, 1S combined with the elements, ML | to

compute a score as described in Equation 3.15, Figure 3.6 and algorithm 5.

Algorithm 5: TGR Score Function
Data: uembedding

Result: Score per item (i)
1 « < Linear(o(Uempedding))
2 a < Linear(sun(o X Uembedding))
3 2U(MergeMLP(a,/\/lI/, 1);
4.7, < 2

Uempedding could be the result of TGR-HIS, as the model can use different layers, similar
to the hyperparameter RUN-MODE, S0 Uempedding corresponds to different embeddings.

If RUN-MODE is equal to STRUCTURAL, only the TGR-STR layer is used, and con-
sequently Uempedding = h35’. If RUN-MODE is equal to SESSION, the TGR-STR layer is
used in conjunction with STRUCTURAL, 50 Uembedding = h9". For RUN-MODE equal to

HISTORY, all three layers are used, so Uempedding = N,-
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a = Linear (o (Uempedding)

a= Linear(Z(a “Uembedding)) (3.15)
2 = o(MergeMLP(a, M |1))j); < %;

In Equation 3.15, Linear represents a linear layer as defined in subsubsection 3.2.1, o
denotes the sigmoid activation function, which is detailed in Equation 2.20.

Here, Uempedding denotes the user embedding, and ./\/lZ, is a matrix of item features.
The operation - is an element-wise multiplication between vectors.

The user embedding Uempedding is processed with a linear layer and a sigmoid activation
function. Then a weighted average a is calculated using a to form the embedding of
the elements to be recommended. This result is then processed with a linear layer and
finally scaled with a sigmoid activation function to compute a weight for the elements
in the memory matrix /\/lI,. This combination of layers allows the network to model
user-item relationships while reducing the complexity of user embedding and feature
relevance scoring.

The sigmoid function was chosen as the evaluation function because of its particular
suitability for recommendation systems. It provides a straightforward way to convert an
evaluation result into a relative score within the interval [0, 1], thus generating personalized
recommendations [DSC22].

In particular, the sigmoid function provides a continuous transition curve that maps
complex calculations to a simple, interpretable score. This is critical as modern recom-
mendation systems leverage rich data sources and require meaningful information to
generate personalized recommendations [DSC22].

By integrating these elements into the score function, the model can consider user

preferences and generate recommendations for items most likely to meet their needs.

3.7. Training of TGR

This section outlines the training process for TGR. This section does not include the
description of TGR itself. The definition given in the previous sections applies.

The training process is summarized in Figure 3.7. The data set X is arranged
in ascending chronological order, allowing the model to first learn from the earliest
interactions. In the TGR-STR layer, the batch data B is used to update the memory
module, updating the embeddings for each node in the dynamic graph (1-3). The
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Figure 3.6.: The algorithm TGR Historical Layer combines current session graphs of users
with historical session graphs, if available. This algorithm uses MultiHeadAt-
tention to compare the historical and current session graphs. The combined
session graphs are then processed and multiplied by items to obtain a score

per item.

complexity of the training strategy escalates because the memories (M, M) do not
directly affect the loss, so they do not receive a gradient. This requires updating the
memory before updating the batch interaction prediction, a strategy already demonstrated
by Rossi et al. [Ros+20] (TGN). The updated memory M‘*! is used in the TGR-SES
layer to construct a session graph and compute a user-specific embedding (hgs), which
is then stored in session memory M (4-6). This embedding is merged with previous
embeddings h9" of the same user to derive an embedding that spans all sessions. This
computation is performed in the last layer, TGR-HIS (7-9). Arrows 10 and 11 represent
the hyperparameter RUN-MODE, which activates different layers depending on its setting.
It should be emphasized that all computations in a particular batch B access the same
memory state. Although the memory (M, M?) is up-to-date from the perspective of the
first interaction in the batch, as it contains information on all previous interactions in the
graph, it is considered obsolete from the perspective of the last interaction in the batch
since it does not contain information on previous interactions in the same batch [Ros+20].
A large BATCH-SIZE should be avoided. Otherwise, all predictions will be made based on
the initial zero memory, especially if the batch size is equal to the size of the data set.
Previous research has shown that a BATCH-SIZE of 200 is a good compromise between
the speed and granularity of updating [Ros+20]. This limitation affects each module
(TGR-STR,TGR-SES, TGR-HIS) individually. Of course, the building module has access

77



3. Temporal Graph Recommendation

to the updated memory of the previous module.

Following the calculation of the score, the Binary Cross Entropy Loss (BCE Loss)
function is used to optimize the gradients of the model. This function quantifies the
average negative logarithm of the agreement of the weighted prediction target for all
instances [Li+23]. The mathematical formulation of the BCE Loss function is defined in
Equation 3.16.

£ = BCE(y, ) (3.16)
N

=~ D (wilog(i) + (1~ i) log(1 — ) (317)
=1

In BCE Loss y is the target which can be y =0V y = 1 and ¥ is the calculated score
of an item which can be § € [0,1] C R can be, and log is the natural logarithm.

In recommendation systems, a loss function is used to evaluate the model predictions
against its binary targets [Gao+21; Li+23]. In these systems, a user’s interaction with
an item can be represented as § = 1, while a non-interaction can be represented as § = 0.
A non-interaction occurs with negative sampling and should be considered accordingly.
Because BCE Loss calculates the average in all instances, it ensures that misclassifications,
such as incorrect interaction predictions, are correctly captured [Li423]. It is important
to note that the BCE Loss function is often used in the context of positive and negative
samples [Ros+20; Li+23].

This thesis will apply the loss function defined in Equation 3.18.

5P 3% = TGR(X)
#=3N1PeB
=3I e B

L= LP(1,5P) + £7(0,3")

In this case, 2P represents the positive scores of the positively selected items ZP, and 2"
represents the negative samples Z™ [Ros+20]. This function aims to penalize a negative
sample if it is predicted to be an interaction. Thus, the total loss function £ is the sum
of the loss functions for positive samples £P and negative samples £ [Ros+20]. Negative

examples are not used to update the memory.
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Figure 3.7.: Training process of the TGR model. Here it is shown that the data is used
to update the memory module and the embeddings in the structural layer.
A session graph is created in the session layer, and embeddings for each user
are stored in the session memory. The history layer combines the embeddings

across all sessions to obtain an overall embedding.

3.7.1. TGR Hyperparamter

This section presents the hyperparameters that significantly impact the performance and
accuracy of the trained model. It is essential to carefully select these hyperparameters to
achieve an optimal result [Gao+21]. Note that the dimensions determined by the data
set used will be defined later for each specific dataset, and only a placeholder value is
entered here.

The Table 3.1 presents an overview of the hyperparameters and their default values
for the Temporal Graph Recommendation (TGR). It also includes the notation assigned
to each hyperparameter, if applicable. In Table 3.1 STR, SES, and HIS abbreviate
STRUCTURAL, SESSION, and HISTORY, respectively. Similarly, MS, LS, and R represent
MOST-SIMILAR, LESS-SIMILAR, and MOST-SIMILAR. Furthermore, Final indicates whether

the hyperparameter will be further analyzed in this thesis. If the column contains no, it
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3. Temporal Graph Recommendation

Hyperparameters Default Value set Notation Final
BATCH-SIZE 200 N |B| yes
DROP-OUT 0.1 R yes
LEARNING-RATE 3e—4 R yes
NEGATIVE-SAMPLER MS {MsS, LS, R} no
RUN-MODE HIS {STR, SES, HIS} no
BACKPROP-EVERY-N 1 N yes
DATA-SPLIT-RATIO 0.6 no
DATA-TEST-SPLIT-RATIO 0.2 R no
MIN-COUNT-USER ) N no
MIN-COUNT-ITEM 5 N no
REMOVE-COMMON-USERS 0.05 R no
REMOVE-COMMON-ITEMS 0.05 R no
USE-EMBEDDING-USER 0 {0,1} no
USE-EMBEDDING-PRODUCT 0 {0,1} no
EMBEDDING-DIMENSION-USER 181 N no
EMBEDDING-DIMENSION-PRODUCT 412 N no
MEMORY-DIMENSION-USER 181 N a no
MEMORY-DIMENSION-PRODUCT 412 N d* no
NUM-NEIGHBORS 10 N k yes
GAT-HIDDEN 412 N yes
SESS-TERM-HIDDEN-SIZE 200 N dr' yes
N-LAYER 1 N yes
N-HEAD 1 N yes
USE-CATEGORY-SWITCH 0 {0,1} no
USE-SESSION-TIME-SAVE 0 {0,1} no

Table 3.1.: Overview of hyperparameters and their default values for TGR
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3.7. Training of TGR

is intended for future research. Each hyperparameter will be explained in more detail
below.

BATCH-SIZE controls the number of elements within a batch (|B]), the standard value
for this is 200. DROP-OUT controls the Dropout layers that are not explicitly specified.
Dropout is a regularization technique used to prevent overfitting of the training data
set [Sri4-14]. The connections between neurons are chosen randomly and their weights
are set to zero during training. A default value of 0.1 € R is used in TGR and is not
discussed further.

The parameter LEARNING-RATE dictates the magnitude of weight adjustment during
the training process section 3.7. This thesis uses a learning rate of 3e — 4 € R. The
decision to use this constant is influenced by previous work [Ros+20]. Although it
remains uncertain whether this is the best approach for the current model, it should
be noted that no simulations were performed in this thesis. NEIGHBOR-SAMPLER is a
hyperparameter that specifies how the model selects negative examples for training. The
default is RANDOM. This is described in subsection 3.3.2.

RUN-MODE is a hyperparameter that specifies which layers to run in the model. A
distinction is made between STRUCTURAL, SESSION, and HISTORY. The default value for
RUN-MODE is HISTORY. This is described in detail in section 3.7.

The DATA-SPLIT-RATIO specifies the portion of the data set that will be used for training.
This implementation uses a default value of 0.6 € R. In addition, DATA-TEST-SPLIT-RATIO
controls the portion of the data set used for the testing. This implementation uses the
default value of 0.2 € R. The remaining data are used for validation, which would also be
0.2 € R. There is no check to determine whether a different split would produce superior
results.

In addition to the split, MIN-COUNT-USER and MIN-COUNT-ITEM control the minimum
number of times a user or an item must be present in the data set to be included in the
model. This thesis uses a default value of 5 € N for both parameters. REMOVE-COMMON-
USERS and REMOVE-COMMON-ITEMS control the minimum number of times a user or
item must be present in the training data set to be included in model training. If the
frequency of a user or item exceeds the upper threshold, the user or item is removed
from the training data set. This process helps to cleanse the model by removing data
points that would excessively influence the training. This allows the model to focus on
more relevant patterns.

USE-EMBEDDING-USER and USE-EMBEDDING-PRODUCT control the utilization of user

and item embeddings. These embeddings are used when a record lacks user or item
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3. Temporal Graph Recommendation

information. Specific details regarding the utilization of these parameters are explained in
the relevant sections that describe the experiments conducted in the thesis. The objective
is to assess whether the embeddings exhibit behavior similar to real data. If this parameter
is set to 1, the model will use embeddings for users or items. EMBEDDING-DIMENSION-
USER and EMBEDDING-DIMENSION-PRODUCT control the size of these embeddings.

It is recommended that EMBEDDING-DIMENSION-USER = MEMORY-DIMENSION-USER =
d¥, EMBEDDING-DIMENSION-PRODUCT = MEMORY-DIMENSION-PRODUCT = dZ. This
option is not pursued further since another layer must be added to accommodate different
dimensions. MEMORY-DIMENSION-PRODUCT and MEMORY-DIMENSION-USER. control the
size of the vectors for users and items, as well as the size of the corresponding memory.
NUM-NEIGHBORS controls the number of neighbors to consider per node, as described
in subsection 3.3.2. Indeed, while increasing the number of neighbors can enhance the
accuracy of the prediction, it also increases the computational expense. In the thesis,
NUM-NEIGHBORS = k = 10 is used, as this value has been determined to be suitable in
previous research [Ros+20]. Whether this is also the case in this thesis has not been
further investigated.

GAT-HIDDEN controls the size of the hidden layer in GGS-NN used in TGR-SES. A
larger hidden layer can capture complex interactions between items in the session graph,
but it also increases the model’s size and the training overhead. This is described in more
detail in subsection 3.4.2. This thesis uses GAT-HIDDEN = MEMORY-DIMENSION-PRODUCT
because otherwise a linear layer would have to be added to the session graph, resulting
in a different dimension. More research is needed to determine whether this is a positive
effect.

SESS-TERM-HIDDEN-SIZE controls the size of the dimension reduction in TGR-SES,
which is described in detail in subsection 3.4.2. The USE-CATEGORY-SWITCH hyper-
parameter controls whether categories should be used when combining session graph
embeddings with user embeddings. A detailed description can be found in subsection 3.4.2.
Furthermore, USE-SESSION-TIME-SAVE controls whether the variable ¢ should be con-

sidered when saving the session. More information can be found in subsection 3.4.2.
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Data sets are an essential foundation for the development, training, and evaluation
of recommendation systems. They identify user preferences and facilitate prediction.
Without adequate and reliable data, recommendation systems cannot be trained effectively,
resulting in inaccurate recommendations. Therefore, it is imperative to collect and process
high-quality data sets [Wu+20a; Kaz+19; Zhu+22|. This chapter introduces the data
sets used to train TGR described in chapter 3.

The data sets used in this thesis contain extensive information about users, items, and
interactions between them. These interactions can be derived from item purchases or
user interactions. By leveraging these interactions, it becomes possible to construct a
graph that effectively represents the intricate relationships between users and items. A
comprehensive description of this process is provided in subsection 2.5.1.

A common challenge in processing these data sets is the existence of incomplete and
inconsistent data. As a consequence, it becomes imperative to perform data cleaning and
preprocessing procedures to adequately prepare the data for the training of the recom-
mendation system [Wu+20a; Gao+21]. These procedures can include the elimination
of duplicate entries, the input of missing values, or normalization of the data [Wu+20a;
Gao+21].

This chapter covers the preprocessing steps of four data sets: YooChoose, Diginetica,
RetailRocket, and Refurbed. The preprocessing techniques applied to each are referenced
in section 4.3, section 4.2, section 4.4, and section 4.5, respectively.

Section 4.6 provides a comprehensive synthesis and comparison of the data sets discussed
above. This section provides an overview of the benefits of each data set and how they

specifically contribute to the objectives and findings of this thesis.

4.1. Requirements

This section provides an overview of the preprocessed data set X', presented in an

appropriate format. The variable X corresponds to one of the previously mentioned
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data sets and is processed in the corresponding section. In preparation for the following
sections dealing with preprocessing, it is essential to clarify the required attributes of
the X data set in order to ensure the correct functioning of the proposed algorithm. It
applies (U,Z,E) € X for all data sets. The users, represented by U, are the individuals
who use the recommendation system and their details are detailed in subsection 4.1.2.
The items described in subsection 4.1.3 are the items recommended by the system. The
edges, denoted as £, symbolize the interactions between users and items and are discussed

in subsection 4.1.1.

4.1.1. Edges

The edge properties described in Equation 4.1 are an essential requirement for the present
model. Additionally, for each edge e € £ € Rdg, certain properties £ must exist to allow
unique interactions between the user and the element. These properties include the user
ID w;g, the item ID i;q, the interaction time ¢ ¢ £, a unique ID e;q for the edge and
an ID s;; associated with a session. If there are no session data in the data set, session
ID is equivalent to the corresponding w;q (Vsiq € S, siq = u4q). It holds that & C .

To guarantee suitability for machine learning, it is necessary to transform the potentially
irregular u;4 into a numeric representation ranging from 0 to the total number of distinct
users, denoted by |U|. This transformation makes user IDs numeric, making them more
compatible with machine learning algorithms. It is important to note that the IDs reflect
the IDs of the corresponding matrix, not the IDs of the data publishers. For instance,
the user uz = Uy, ], if u;q = 3. The same transformation considerations apply to i;q as
to u;q. Consequently, ;4 is also transformed to range from 0 to the length of the different
items.

The s;4 indicates the interactions that occur within a session. Therefore, s;; is
transformed on a per-u;g basis to range from 0 to |s;q,,,|, starting at 0 for each user.

This transformation simplifies the access within the model.
{E€RY |uyeN,ige Nt eR sjyeN,eueN,...} €€ (4.1)

4.1.2. User

Including characteristics in this case is optional, however, it is expected that U € R In
the absence of user data in the dataset, an embedding layer is used. An embedding layer

can be conceptualized as a look-up table that maps discrete inputs to continuous vectors
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4.2. Diginetica

[Mik+13]. Formally, the embedding of an input w with index u;4 can be represented as
Uy, € Rdu, where || denotes the embedding size. The weights of the embedding layer
can be represented as a matrix W € RUxUD) where U, is the number of users. Thus,
the embedding of an input v with index u;q can be computed as u,,, = W,,, [Mik+13;
BS18|.

During training, the weights in VW are optimized to ensure an effective translation of
the input values into continuous vectors. A loss function is used to measure the deviation
between the predicted embedding and the actual embedding [Mik+13; BS18]. In this

context, the U/ data change from epoch to epoch. This simulates the evolution of the

t+1

dynamic user graph. It follows that utul L U

4.1.3. ltems

Any considerations the user makes about the items are representative. However, it is
expected that Z € R,

If the data set does not provide explicit information about the items, an embedding
layer can be used to represent them. Similar to the embedding layer for users, the
embedding layer for items can be conceptualized as a lookup table that transforms

discrete inputs into continuous vectors.

4.2. Diginetica

Diginetica is a publicly available data set that provides valuable information on customer
interactions with an e-commerce store [DIG16]. These interactions include both purchases
made and interactions with individual items. It should be noted that this data set does
not contain sensitive customer information, such as personally identifiable information
or financial information. However, it contains information such as the date and time of
each interaction and the type of interaction [DIG16]. These features make the data set
particularly attractive for the research of recommendation systems, as it provides a rich
collection of interaction data. Therefore, it is ideal to simulate recommendation systems
in a realistic environment [DIG16; Wu+20a].

The following section describes this data set in detail and explains the processing
methods used in this thesis.

The entire section is based on data from Diginetica [DIG16], so the source is not

repeated throughout.
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4.2.1. Distribution of data

This section describes the Diginetica data set in detail. The interpretation and preparation
of the data set is central to the evaluation and discussion of the results, and therefore
critical to the subsequent experiments with this data set. To provide a more detailed
understanding of the data, this section describes the structure of the data set. First, the
interaction data will be described, hereafter referred to as Edges, while the item data
will be referred to as Items. As described above, the data set does not contain any user

data, so Users will not be explained.

Edges

This data set, which describes interactions on the website, consists of several files, each
with different attributes and interaction types. In the context of this thesis, the focus
was specifically on the train-item-views data set. This particular data set is chosen for its
large amount of interaction information, which is crucial for the development of TGR. It
provides a substantial collection of user-item interactions, allowing for effective modeling
of the sequence and patterns of these interactions. Although other data sets that represent
clicks, purchases, or queries have their own value, analyzing them would require a more
extensive study. Such an analysis is beyond the scope of this thesis, especially considering
that TGR is not designed to accommodate different types of interactions.

The attributes of the train-item-views data set are as follows.

userld (int64) This column contains a unique ID for each user who has interacted with
the site. This ID is called u;4 in this thesis.

sessionld (int64) This column contains a unique ID for each session on the site, hereafter

referred to as s;4.

itemid (int64) This column contains a unique ID for each item on the site, which will

be referred to here as i;4.

timeframe (int64) This column contains the time in milliseconds since the first request in
a session. Considering the timeframe of user interactions allows modeling sequential

patterns and predicting future interactions.

eventdate (string) This column contains the session date in the format y-m-d. Including
the session date allows further contextualization of user interactions and can be

used to model seasonal effects or time-dependent trends, for example.
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Figure 4.1.: Distribution of the data set Diginetica

4.2. Diginetica

The Figure 4.1 shows the distribution of the interactions of users (u;q), items (i;4), and
sessions (s;4). To keep the graph readable, the most frequent 0.01% are not shown. All

statistical information is listed in Table 4.1.

luial il |8l
count 87934 71799 94106
mean 4.24 5.19 3.96
min 1 1 1
99% 23 51 19
99.5% 29 71 23
max 238 531 81
A99% 791 703 833
A99.5% 408 357 393
Amin5% 61074 53543 66307

Table 4.1.: Distribution table of the data set Diginetica

Table 4.1 shows the frequency distribution of (u;g, 144, S44) € € in the data set Diginetica.
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The variable |u;4| indicates the frequency per unique user ID in the data set, |i;4| indicates
the frequency of unique item IDs and |s;4| indicates the frequency of unique session IDs.
For each variable, the quantile values of the minimum, maximum, mean, and 99% and
99.5% are provided. The data set contains a total of 87934 user IDs, 71799 item IDs,
and 94106 session IDs. The average user purchased 4.24 items, while the average session

contains 3.96 items.
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Figure 4.2.: Distribution of categories per item and interactions per category of the data

set Diginetica

The quantile 99% indicates that 99% of the users purchased a maximum of 23 items,
while 99% of the sessions contain a maximum of 19 items. The 99.5% quantile indicates
that 99.5% of users interact with a maximum of 29 items, while 99.5% of sessions contain
a maximum of 23 items. The maximum values for users, items, and sessions are 238,
531, and 81, respectively. The delta values show the differences between the values of
the quantiles 99% and 99.5% and the maximum. These differences are important in
identifying outliers in the data set, which can then be filtered and corrected with the
appropriate hyperparameters. The delta values for the 99.5% quantile are 791, 703, and
833, while the delta values for the 99.5% quantile are 408, 357, and 393. Finally, the
minimum delta 5% indicates how many IDs are in the lower part of the data set. In this
case, 61074 user IDs, 53543 item IDs, and 66307 session IDs are in the lower 5% of the
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data set. The quantiles shown here indicate the influence of the hyperparameters MIN-
COUNT-USER, MIN-COUNT-ITEM = 5, REMOVE-COMMON-USERS, REMOVE-COMMON-ITEMS
=0.1]0.05.

The Figure 4.2 shows the distribution of categories per item and the distribution of
interactions per category. In this table, it is noticeable that many items belong to the
same category. It can be concluded that in this data set, user switching to items of other
categories is less frequent. Therefore, the influence of category switching may be weaker
in this data set. In Figure 4.3 the correlation matrix is displayed graphically. Analysis of
the correlation matrix shows that there is no statistically significant correlation between
the interactions. What is relevant in this context is the correlation between time and
144, as this allows conclusions to be drawn about the customer’s buying behavior. The
other variables are less relevant because a correlation between s;; and u;4 is obvious and

a correlation between identifiers is not significant.

userld sessionld

itemld

timeframe

sessionld userld temid imeframe

Figure 4.3.: Correlation matrix based on edge data of the data set Diginetica

Items

The item data in this data set is simple and is presented in the following list.

itemid (int64) a unique ID for each item on the web site, this is also referred to i;4 in

89



4. Datasets

this thesis.
pricelog2 (int64) log-transformed item price

product.name.tokens (string) comma separated hashed item name tokens

4.2.2. Data preprocessing

This section details the preprocessing of the Diginetica data set. Pre-processing can have
a significant impact on the performance of the model [FC20]. It is important that the
data preprocessing is done similarly as for the other data sets to achieve the best possible
comparability. The influence of different pre-processing on the model TGR will not be

further investigated.

Edges

userld (int64) The user ID is transformed from 0 to the length of the different users,
accordingly u;q € [0, [U]].

itemid (int64) The item ID is transformed from 0 to the length of the different items,
accordingly 7,4 € [0, |Z]].

session (int64) The session ID is transformed from 0 to the length of the different

session per user siq € [0, |Sidy,, ]

timestamp (int64) eventdate to unix timestamp + timeframe, eventdate will not be

processed any further and will be removed from the data set.

For u;q, 159, and s;4, the considerations and transformations described in subsection 4.1.1
apply. Time information consists of two columns: eventdate and timeframe. eventdate
indicates the date of the session, while timeframe indicates the time since the first query
in a session. To make this time information more useful for machine learning, it is
converted to Unix timestamps. The timestamp of timeframe is resolved in milliseconds
and added to the Unix timestamp of eventdate. Converting all temporal data into Unix
timestamps is a necessary step. This process ensures a consistent format that makes it
possible for the model to infer time-based properties, such as the interval between two
interactions. Importantly, this format remains independent of the original time zones
or formats contained in the raw data. The Unix timestamp proves to be particularly
suitable for this purpose because of its numerical and continuous nature. This allows

efficient storage, sorting, and comparative analysis of time information.
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Items

During data processing, item names are first considered as a list of comma separated hash
tokens and stored under the attribute product.name.tokens. To use this information more
effectively, each hashtoken is now treated as a separate attribute. Each new attribute
is prefixed with product.name and named product.name.list. In this way, a total of
25 new attributes are created for each item name, ranging from product.name.0 to
product.name.24. For item names shorter than 25 tokens, the missing attributes are filled
with zeros. The item names are defined as 64-bit integer types. Since only the last 10
tokens of item names are relevant in this data set and there are a total of 895 items in
the data set, the attributes product.name.10 through product.name.2/ and the attribute
product.name.tokens are removed from the data set. To categorize the items, the i;4 is

transformed into i;4 € [0, |Z|], the same as i;4 € £.

4.3. YooChoose

The data set YooChoose is a publicly accessible data set that includes data on user clicks
on an e-commerce website [Yo022]. It will be focused on YooChoose 1/4. It provides
information on a range of user activities, including viewing items, adding items to
shopping carts, and purchasing items [Y0022]. It is important to note that the YooChoose
data set has been anonymized to ensure that it does not contain personally identifiable
information about users or items with which they interact, which implies that no user
and item pre-processing and analysis can be conducted [Y0022].

The entire section is based on data from YooChoose [Yo022], so the source is not

repeated throughout.

4.3.1. Distribution of data

This subsubsection describes the YooChoose data set in detail. The data set is central
to the analysis and interpretation of the results and therefore plays a crucial role in
this paper. To gain a deeper understanding of the data, this subsubsection presents the
structure of the data set in detail. This is crucial, as it allows us to examine how the

model performs with the minimal requirements.

Edges

The data set describing the edges has the following attributes.
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sessionld (int64) This column contains a unique ID for each session on the site, hereafter

referred to as s;4.

itemid (int64) This column contains a unique ID for each item on the site, which here

will be referred to as ;4.
time (int64) indicates the date and time when the event took place.

The Figure 4.4 shows the distribution of the interactions of users (u;q), items (i4), and
sessions (s;4). To keep the graph readable, the most frequent 0.01% are not shown. All

statistical information is listed in Table 4.2.
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Figure 4.4.: Distribution of the data set YooChoose

The frequency distribution of the variables u;q, i;4 and s;4 in the data set YooChoose
is presented in Table 4.2. The variable |u;4| represents the frequency per unique user
ID, |i;4| represents the frequency of unique item IDs, and |s;4| represents the frequency
of unique session IDs. The table includes the values of the minimum, maximum, mean,
99% percentile, and 99.5% percentile for each variable.

The data set contains a total of 9249729 user IDs, 52739 item IDs, and 9249729 session
IDs. Tt is important to recognize that the data set contains only session IDs, so u;g = S;q
applies to the entire table. Therefore, this section focuses primarily on wu;q, but also

applies to s;4.
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w4 |%4d] |sidl

count 9249729 52739 9249729

mean 3.57 625.8 3.57
min 1 1 1
99% 18  12621.46 18
99.5% 24 17634.60 24
max 200 147419 200
A99% 90638 528 90638
A99.5% 42142 264 42142

Amin5% 7367045 14775 7367045

Table 4.2.: Distribution of the data set YooChoose

On average, each user in the data set purchased 3.57 items. The 99% percentile value
indicates that 99% of the users bought a maximum of 18 items, while the 99.5% percentile
value indicates that 99.5% of the users interacted with a maximum of 24 items. The
maximum values for users and items are 200 and 147419, respectively.

The data show that some items are disproportionately present in many sessions. Delta
values highlight the differences between the 99% and 99.5% percentile values and the
maximum values. These differences are critical for identifying outliers in the data set,
which can then be filtered and corrected using appropriate hyperparameters.

For the 99% percentile, the delta values are 90638 for users and 528 for items, while
for the 99.5% percentile, the delta values are 42142 for users and 264 for items. This
information helps to understand the magnitude of the outliers in the data set.

Finally, the minimum delta 5% percentile indicates the number of IDs in the lower
part of the data set. In this case, 7367045 user IDs and 14775 item IDs fall in the
bottom 5% of the data set. The quantiles shown here indicate the influence of the
hyperparameters MIN-COUNT-USER, MIN-COUNT-ITEM = 5, REMOVE-COMMON-USERS,
REMOVE-COMMON-ITEMS = 0.1 | 0.05.

4.3.2. Data preprocessing

This section details the preprocessing of the YooChoose data set. Pre-processing can
have a significant impact on the performance of the model [FC20]. It is important that

the data preprocessing is done similarly as for the other data sets to achieve the best
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possible comparability. The influence of different pre-processing on the model TGR will

not be further investigated.

Edges

itemid (int64) The item ID is assigned a numeric value between 0 and the total number

of unique items, called i;4 € [0, |Z]].

session (int64) The session ID is assigned a numeric value ranging from 0 to the total

number of sessions per user, denoted as s € [0, |Sidy,,|]-

userld (int64) Since the data set does not contain a specific user ID, it is assumed that
Uid = Sid-

timestamp (int64) The timestamp will be converted to Unix format.

4.4. Retailrocket

The data set RetailRocket is a public data set that contains anonymized information
about user interactions with items on the website of an online retailer [Ret22]. It includes
various events such as item views, purchases, and reviews. This data set is particularly
valuable for the development and training of recommendation systems, as it provides
insight into customer behavior with respect to a specific item [Ret22; Xu+19]. The
data set RetailRocket provides a substantial amount of real-world data that can be used
effectively to train and test recommendation algorithms. It is easily accessible and well
suited for researchers and developers looking to improve recommendation systems in the
e-commerce domain [Ret22].

The entire section is based on data from RetailRocket [Ret22], so the source is not

repeated throughout.

4.4.1. Distribution of data

This section provides a detailed description of the RetailRocket data set, which is essential
for the analysis and interpretation of the results in this thesis. To better understand the

data set, the following subsubsections outline the structure of the data set.

Edges

The data set describing the edges has the following attributes.
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visitorid (int64) This attribute provides a unique identifier for users, represented in
this thesis as u;q. It enables tracking of user activity and behavior within the

recommendation system.

itemid (int64) This attribute corresponds to the unique identifier of an item in the
online store, denoted i;4. It allows you to associate visitor activity with the specific

items they interact with.

event (object) This attribute indicates the type of event, which can be a view, purchase,

or review. It is represented by values such as addtocart, transaction, or view.

timestamp (int64) The timestamp represents the moment when a user interacts with

an item.

transactionid (float64) This attribute provides a unique ID for purchase of items on the

site.

The Figure 4.5 shows the distribution of the interactions of users (u;q), items (i;4), and
sessions (s;4). To keep the graph readable, the most frequent 0.01% are not shown. All

statistical information is listed in Table 4.3.
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Figure 4.5.: Distribution of the data set RetailRocket

95



4. Datasets

|Ud] |44d |5 d]

count 1407580 235061 2417703

mean 1 11 1
min 1 1 1
99% 13 143 3
99.5% 19 209 4
max 7757 3412 45
A99% 12712 2343 17395
A99.5% 6610 1161 6785

Amin2% 1001560 73609 2166955

Table 4.3.: Distribution of the data set RetailRocket

Table 4.3 shows the frequency distribution of u;q € &, i, € £ and s;4 € £ in the data
set Diginetica. The variable |u;4| indicates the frequency per unique user ID in the data
set, |i;4] indicates the frequency of unique item IDs and |s;4| indicates the frequency of
unique sesston IDs. For each variable, the quantiles of the minimum, maximum, mean,
99% and 99.5% are reported. The data set contains a total of 1407580 user IDs, 235061
item IDs, and 2417703 session IDs. On average, each user purchased 1 item, while each
session contains 1 item.

The 99% quantile indicates that 99% of the users purchased a maximum of 13 items,
while 99% of the sessions contain a maximum of 3 items. The 99.5% quantile indicates
that 99.5% of the users interacted with a maximum of 19 items, while 99.5% of the
sessions contain a maximum of 4 items. The maximum values for users, items, and
sessions are 7757, 3412, and 45, respectively. The delta values show the differences
between the values of the 99% and 99.5% quantiles and the maximum. These differences
are important for identifying outliers in the data set, which can then be filtered and
corrected with the appropriate hyperparameters. The delta values for the 99% quantile
are 12712, 2343, and 17395, while the delta values for the 99.5% quantile are 6610, 1161,
and 6785.

Finally, the minimum delta 2% indicates how many IDs are in the lower part of the
data set. In this case, there are 1001560 user IDs, 73609 item IDs, and 2166955 session
IDs in the bottom 2% of the data set. The quantiles presented here show the influence of
the hyperparameters MIN-COUNT-USER, MIN-COUNT-ITEM = 2, REMOVE-COMMON-USERS,
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REMOVE-COMMON-ITEMS = 0.1 | 0.05.

Distribution of products per category
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Figure 4.6.: Distribution of categories per item and interactions per category of the data
set RetailRocket

It can also be seen in Figure 4.6 that many items belong to the same category, so it can
be assumed that in this data set the jump of users to other items of different categories
occurs less frequently. Consequently, the influence of the category change is negligible in
this data set.

In Figure 4.6, an observation can be made concerning the distribution of items across
different categories. It can be seen that a significant number of items belong to the same
category. Consequently, it can be inferred that users within this particular data set have
a relatively low tendency to switch to items from different categories. Therefore, the
impact of category switching can be considered insignificant in the context of this data
set.

This finding is of considerable importance because it provides valuable information on
user behavior within the RetailRocket data set. By analyzing the distribution of the item
and the frequency of category switching, a deeper understanding of user preferences and
tendencies can be gained. The concentration of numerous items within a single category
suggests a certain level of user preference for items within that category.

In addition, the low frequency of users switching between items in different categories
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indicates a certain stability in user behavior. Users typically remain committed to items
within the same category, which may indicate greater affinity or satisfaction with the
offerings available in that particular category.

However, it is important to note that these conclusions are limited to the data set under
investigation. User activity in other data sets or contexts may show different patterns of
category switching and item exploration. Therefore, caution should be exercised when

generalizing these findings to contexts outside the RetailRocket data set.

Items

The item data in this data set are straightforward and are presented in the following list.

itemid (int64) Represents a unique ID assigned to each item on the site. In this thesis,

it is also called 7;4.
property (object) Specifies the name of the property associated with the item.
timestamp (int64) Indicates the date and time that this attribute was posted.
value (object) Provides the value associated with the attribute.

There are special properties that are mentioned separately in the following list. It
should be noted that the Category ID has already been used and analyzed above. However,
the attribute awvailable is not used in this thesis. This aspect could be explored in future
studies to determine the usefulness of including items that cannot be purchased by the

user.

Category ID (int64) represents a unique ID assigned to each category of itemid on the

site.

available (bool) Specifies the attribute name that indicates the availability of the item.

4.4.2. Data preprocessing

This section details the preprocessing of the RetailRocket data set. Pre-processing can
have a significant impact on the performance of the model [FC20]. It is important that
the data preprocessing is done similarly as for the other data sets to achieve the best
possible comparability. The influence of different preprocessing on the model TGR will

not be further investigated.
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Edges

visitorid (int64) The user ID is transformed from 0 to the total number of different

users, denoted u,q € [0, |U]].

itemid (int64) The item ID is transformed from 0 to the total number of different items,

denoted as i;4 € [0, |Z]].

session (int64) The session is created by combining u;; with the day of the timestamp,

represented as s;q = u;q + day.

event (object) One-hot encoding is used to represent different types of events. This
encoding is necessary because many machine learning algorithms cannot directly

process categorical data.
timestamp (int64) The timestamp remains in the existing Unix format.

has__transaction (bool) A new attribute is created to indicate whether or not a transac-
tion has occurred. This is determined by checking for the presence of a value in
the transactionid attribute. Finally, the transactionid attribute is removed from

the data set as it is no longer needed for prediction.

For the attributes u;q, 44, and s;4, the considerations and transformations described in

subsection 4.1.1 are applied.

Items

As items are provided in two separate data sets, they are merged and treated as a single
data set for further processing. The itemid is considered within the same space, which is
crucial for further processing since the IDs are used for identification purposes.

Next, the frequencies of each property (property) are computed and only those with
more than 1300 occurrences are selected. This step is used to reduce the size of the data
and eliminate unnecessary information.

Finally, all text columns are converted to numeric values for further processing. This
is achieved using the LabelEncoder, which assigns numeric values to text-based data.
Finally, all numeric columns are standardized to ensure that they are on a consistent
scale, facilitating meaningful comparisons and analysis. To categorize the items, the i;4

is transformed into i;4 € [0, |Z]], the same as i;4 € £.
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4.5. Refurbed

The data set Refurbed is not publicly accessible. This dataset contains non-anonymized
information about users’ interactions with items on an online shopping website. Data
includes interactions, detailed item, and user data. The data set is particularly useful for
developing and training recommendation systems, as it provides information about users,
items, and customer behavior in relation to specific items.

The data set Refurbed provides a substantial amount of real-world data that can be

used to train and test the algorithms of the recommendation system.

4.5.1. Distribution of data

In this section, the Refurbed dataset is described in detail. The explanation and processing
of the data set is of central importance for interpreting and discussing the results.
Therefore, they play a crucial role in subsequent experiments using this data set. To
enhance understanding of the data, this section provides a detailed description of the
structure of the data set. First, the interaction data will be described, which will be

referred to as Edges in the following, while the item data will be referred to as Items.

Edges

The data set describing the interactions on the website consists of multiple files with vary-
ing attributes. For the purposes of this thesis, the data set interaction__type click _merged
will be focused on, as it contains the relevant interaction information. The other data set
that describes the purchases will not be used further in this thesis because it is beyond the
scope of this study. All IDs are only available within the dataset and do not allow the use
of user-related data beyond that. The attributes of the interaction_type click _merged

data set are as follows.

fullVisitorld (int64) A unique identifier for the user, referred to as w;q in this thesis. This
attribute allows tracking the user’s activity and behavior in the recommendation

system.

ga_sessions_id (int64) A unique identifier for the visitor’s Google Analytics session.
This attribute can provide information about the visitor’s behavior during a session
and assist in generating personalized recommendations based on their interactions.

This attribute can provide information on the user’s behavior within a session and
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help generate personalized recommendations based on their interactions during the

session. It is referenced in this thesis as s;q .

product_id (int64) This attribute, referred to as i;4, is the unique identifier of an item
in the online store. This attribute enables the model to associate visitors’ activities

with the items they interact with.

instance_id (int64) A unique identifier for a particular instance of an item. This
attribute can be used to manage different instances of an item. For example, if an

attribute changes, it can be tracked which instance the user interacted with.

hits_timestamp (object) The timestamp of a user’s interaction with an item. This
attribute, referenced in this thesis as ¢t is used to analyze the temporal pattern
of user behavior and generate recommendations based on current interactions or

past preferences and is referenced in this thesis as ¢(%%).

date_first_visit (object) This field represents the date when the user first visited the

online store. This attribute could help the model to recommend suitable items.

price (object) The price of a specific item. This attribute could enable the model to

take into account the user’s preferred price range.

quality (object) A rating of the condition of the item that is being interacted with. This
attribute could enable the model to take into account the visitor’s preferred item

condition.

delivery__days_min (int64) The minimum number of days required to deliver an item.
This attribute allows the recommendation system to generate recommendations

based on the user’s delivery time preference.

delivery__days_max (int64) The maximum number of days required to deliver an item.
Similar to delivery_days min, this attribute allows recommendations to be gener-

ated based on the user’s delivery time preference.

warranty (int64) The warranty period for a particular item. This attribute can be used
in the recommendation calculation to prioritize items with longer warranties or to

make special offers for items with expiring warranties.

page_country (object) The country where the visited page is located. This attribute
allows the recommendation system to generate country-specific recommendations

or local offers.
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country (object) The user’s country. This attribute can be used to consider regional

variations in the user’s preferences and generate suitable recommendations.

city (object) The city where the user is from. Similarly to country, this attribute can be
used to generate recommendations based on city preferences or specific offers in

certain cities.

channel (object) The channel through which the visitor accessed the online store (e.g.,
direct search, social media, referral). This attribute allows the recommendation
system to differentiate between various channels and customize recommendations

based on the user’s behavior on each channel.

device_browser (object) The user’s web browser. This attribute can be used to cus-
tomize recommendations based on the technical capabilities or preferences of the

browser.

device__category (object) The category of device the user is using (e.g. desktop, mobile,
tablet). This attribute allows the recommendation system to optimize recommend-
ations based on device category and customize the user experience for different

device types.

unique__products_per_user (int64) The number of unique items viewed by the user.
This attribute can be used to assess the diversity of the user’s interests and generate

recommendations for similar or complementary items.

second_spent_on_page (float64) The amount of time (in seconds) the user spent on
a particular page. This attribute can be used to measure the user’s interest in
a specific page or item. It allows the recommendation system to evaluate the
relevance and importance of a page to the visitor and adjust recommendations
based on the visitor’s engagement. Pages where the user has spent more time can

be considered more important and receive appropriate recommendations.

The Figure 4.7 shows the distribution of the interactions of users (u;q), items (i;q),
and sessions (s;9). To maintain readability, the graph does not display the most frequent
0.01%. All statistical information is listed in Table 4.4.

Table 4.4 represents the frequency distribution of u;q € Ei;g € Es;9 € € in the data set
Refurbed. The variables |u;q|, |i74|, and |s;4| represent the frequencies of unique user IDs,
item IDs, and session IDs, respectively. Quantile values for minimum, maximum, mean,
99%, and 99.5% are provided for each variable.
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Distribution per attribute of interactions
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Figure 4.7.: Distribution of the data set Refurbed

The data set contains a total of 167379 w4, 2171 4,4, and 441360 s;4. On average,
each user interacted with 12.65 items, while each session contained 4.79 items. The
99% quantile indicates that 99% of users purchased a maximum of 23 items and 99% of
sessions contained a maximum of 31 items. For the 99.5% quantile, the corresponding
values are 111 items for users and 40 items for sessions. The observed maximum values
were 1597, 189917, and 204 for user, item, and session IDs, respectively.

The A values represent the differences between the 99% and 99.5% quantile values and
the maximum. These differences play a critical role in identifying outliers in the data set,
which can be filtered and corrected with appropriate hyperparameters. Specifically, the
A values for the 99% quantile are 1666, 22, and 4382, while the A values for the 99.5%
quantile are 817, 11, and 2069.

Furthermore, the minimum delta 5% indicates the number of IDs that fall in the bottom
5% of the data set. In this case, 46457 user IDs, 184 item IDs, and 298580 session IDs are
in the bottom 5%. The quantiles given show the effect of the hyperparameters MIN-COUNT-
USER, MIN-COUNT-ITEM (set to 5), REMOVE-COMMON-USERS, REMOVE-COMMON-ITEMS
(set to 0.1 and 0.05, respectively).

In Figure 4.8 the distribution of categories per item and the distribution of interactions
by category. In this figure, it is evident that multiple elements belong to the same

category. It can be concluded that, in these data, the application of elements from other
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|Ud] |44d |S4dl

count 167379 2171 441360

mean 12.65 975.78 4.79
min 1 1 1
99% 82 17474 31
99.5% 111 38844 40
max 1597 189917 204
A9I9% 1666 22 4382
A99.5% 817 11 2069

Amin5% 46457 184 298580

Table 4.4.: distribution of the data set Refurbed
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Figure 4.8.: Distribution of categories per item and interactions per category in the data
set Refurbed

categories is less frequent. Therefore, the influence of category switching is negligible in
this data set. In addition, in this data set, there is no statistically significant correlation

between the interactions. The correlation between time and ;4 is 0.0067.
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ltems

The item data in this data set is simple and is presented in the following list.
instance_id (int64) This is equivalent to the instance id mentioned above.
product_id (int64) This is equivalent to product_id as shown above.
instance_name (object) The name of the specific instance of the item.
product_name (object) The general name of the item, regardless of the instance.

scope__of_delivery (object) A description or enumeration of the included elements or

parts of the item.
reference_price (float64) The price used as a reference for the item.
brand (object) The manufacturer of the item.

category (object) The category or classification to which the item belongs. This attribute

allows similar items to be grouped in the same category.

attribute_id (int64) A unique identifier for a specific attribute of the item. This attribute

can be used to distinguish different properties or characteristics of the item.

attribute_name (object) The name or description of the attribute. This attribute

indicates the property or characteristic.

att_value (object) The value or property of the attribute. This attribute contains the

specific value or expression of the corresponding property or characteristic.

Users

fullvisitorld (int64) Corresponds to fullvisitorId presented above.
date_first_visit (float64) The date of the first visit.
date_last_visit (float64) The date of the last visit.

first__is_mobile (int64) A flag indicating whether the first visit was from a mobile

device.
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Attribute Values Count
Farbe transparent, schwarz, rot, ... 37892
Hinweis text 31645
Abmessungen 358 x 16.2 x 246 mm, 214.9 x 280.6 x 6.4 mm 30649
Anschliisse 4 x Thunderbolt 3, Audio in/out, USB-C 4.0, ... 30179
Betriebssystem macOS, iPadOS, ab Android 10m ... 29806
Speicherplatz 8, 4, 0.5, 128, ... 29483

Table 4.5.: The 5 most frequently used attributes with sample values and the frequency
of these attributes from the data set Refurbed

first__device_type (object) The type of the first device, such as smartphone, tablet, or
desktop. This can be used to customize recommendations based on screen size or

technical capabilities.

first__device_os (object) The operating system of the first device. This could help
the model to make appropriate recommendations, e.g. it is obvious that Apple

customers stay in the ecosystem.
first__channel (object) The first channel through which the visitor arrived at the site.

country (object) The country of the user. Allows the model to generate country-specific

recommendations.
first_browser (object) The first web browser used.
first_medium (object) The first medium through which the visitor arrived at the site.
first__source (object) The first source from which the visitor came to the website (e.g.
Google, Facebook).
4.5.2. Data preprocessing

This section details the preprocessing of the Refurbed data set. Pre-processing can have
a significant impact on the performance of the model [FC20]. It is important that the
data preprocessing is done similarly as for the other data sets to achieve the best possible
comparability. The influence of different preprocessing on the model TGR will not be

further investigated.
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Edges

As this data set has extensive information, the data representing the events will only
be described in part; the data that are crucial from the author’s point of view and that
make the data set particularly valuable for this thesis will be described.

One particularly interesting feature of this data set is that, unlike the other data sets

used in this thesis, it contains both device and location data.

Items

The most important properties of the items are presented below. This data set is
characterized by the availability of a comprehensive set of properties for each item. The

scope of delivery and manufacturer data are shown in particular.

itemid (int64) a unique ID for each item on the website.
property (object) A set of data that precisely describes the item.
name (string) The name of the item

brand (string) specifies the manufacturer

User

In the following, the attributes of the users are presented. In addition to the events, the
users also have geo- and device data, which distinguishes this data set in that it also has

detailed user data in addition to item and event data.

userld (int64) a unique ID for each user on the web site.
timestamp (int64) specifies the first and last timestamp of the user.
geodata (object) a set of data related to the user’s location.

objectdata (object) A set of data related to the user’s device.

4.6. Conclusion

This section provides a comprehensive synthesis and careful analysis of the four data

sets. Each data set illuminates particular aspects of evaluating TGR. The respective
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significance and unique contribution of each data set to the investigation and evaluation
of TGR is considered and carefully delineated. The data set RetailRocket is encapsulated
in subsection 4.6.1, YooChoose in subsection 4.6.2, Diginetica in subsection 4.6.3, and
Refurbed in subsection 4.6.4.

Data set User features Has sequences Item features Has category
Refurbed Yes Yes Yes Yes
Yoo Choose No No No No
Diginetica No Yes Yes Yes
RetailRocket No Yes Yes Yes

Table 4.6.: Overview of data set features. The User Features column indicates the
inclusion of user features. The Has Sequences column indicates the presence
of sequential data in the data set. The Item Features column reflects the
presence of distinct attributes associated with items. Finally, the column Has

Category indicates the categorization status of the items.

The Table 4.6 provides a systematic and comparative analysis of the data sets used
with respect to the availability of specific features. The User features column indicates
whether a data set contains certain attributes or user characteristics. An affirmative
Yes in this column indicates the presence of such features, while an No indicates their
absence. In addition, the Has sequences column indicates whether the data set contains
sequential data. The Has Item features column indicates the presence of specific
attributes of the items or items contained in the records. Finally, the Has category
column indicates whether items are categorized.

Refurbed stands out for completeness, scoring positive in all attribute categories.
YooChoose, on the other hand, has a negative score in all categories, indicating a
rudimentary structure or lack of detailed information. Interestingly, the data sets
Diginetica and RetailRocket have similar characteristics: Both do not contain user
features but provide sequential data, item features, and category information.

The different availability of features allows the usefulness of each feature to be tested

and evaluated in different ways.

4.6.1. Retailrocket

RetailRocket is a large and diverse data set in the field of e-commerce. It contains 2756101

interactions involving 1407580 anonymized users and 235061 different items over four
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and a half months. As a result, this data set encapsulates a wide range of interactions
and provides deep insights into user behavior in an e-commerce environment [Ret22].
This data set delineates three distinct types of events, specifically view, addtocart, and
transaction. These event classifications provide a comprehensive understanding of users’
specific actions on the platform. However, these event categories are not considered
further in this thesis. Although they have the potential to provide invaluable information
on user behavior, the focus of this thesis is not on this aspect of the data set [Ret22].
In addition to event types, RetailRocket provides a rich set of attributes for each
item, including categories and pricing information. This variety of attributes allows for
a sophisticated analysis of the characteristics of the items with which users interact,
potentially providing valuable information on user preferences and behaviors [Ret22].
This data set has significant value for the evaluation conducted in this study. It could
reveal whether user information is critical to generate recommendations or whether raw
interaction data is sufficient to generate high-quality recommendations. Furthermore, it
could reveal whether sessions must be explicitly present or whether their programmatic
synthesis is sufficient to generate explicit session recommendations. This aspect becomes
particularly interesting compared to Refurbed, as the latter lacks certain information

provided by the former.

4.6.2. YooChoose

YooChoose, initially released in conjunction with the 2015 RecSys Challenge, represents a
robust and multifaceted repository of information. Capture click behavior in 9249729
sessions in an e-commerce marketplace over six months. With an extensive data set
of 33003944 clicks and purchases associated with 52739 different items, this data set
provides a comprehensive view of user interactions within an e-commerce environment
[Yoo022].

Unlike the other three data sets, YooChoose does not include auxiliary attributes
associated with individual items. A notable feature of this data set is its exclusive
emphasis on session data, excluding user and product data. Additionally, purchase data
is not used in this particular study [Yoo022].

This unique prioritization of session data makes YooChoose exceptionally valuable for
the evaluation conducted in this thesis. It allows the investigation of whether user and
product information is critical to recommendation generation or whether raw interaction

data are sufficient to generate high-quality recommendations.
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There are other intriguing research opportunities compared to the Refurbed data set,
which is rich in information missing from YooChoose. Comparative analysis between
these data sets allows for a deeper understanding of the impact of different types of

information on the quality of recommendations.

4.6.3. Diginetica

Diginetica, originally derived from the RecSys Challenge 2016, is another comprehensive
data source. While it provides extensive information, it is comparatively smaller than
the other two data sets RetailRocket and YooChoose. Covers the behavior of a relatively
modest user base of 232816 individuals. In addition, this data set focuses primarily
on click data, although it is enriched with additional data elements such as product
categories and pricing details. The data set encapsulates data from 22816 users who
interact with 184047 different items [DIG16].

Despite its reduced size, the Diginetica data set is of significant value for the evaluation
conducted in this study. It could provide further insight into whether user information is
central to generating recommendations. A particularly noteworthy feature of this data
set is the inclusion of session information. This allows testing and analytical examination
of the connections between different sessions. This feature allows for a deeper exploration
of the dynamics and structures of user sessions, which could contribute to a more
sophisticated understanding of user behavior and its implications for recommendation

Systems.

4.6.4. Refurbed

Refurbed is another comprehensive data set, although it is not publicly available, which
confers a degree of exclusivity. This data set encapsulates 2118425 interactions conducted
by a user pool of 167379 individuals. These interactions were carried out over 441360
sessions involving 2171 unique items. A unique feature of this data set includes product
and user characteristics.

The contribution of this data set to the evaluation conducted in this study is significant.
Encapsulation of product and user information provides a unique opportunity to assess
potential benefits while evaluating these features. Another intriguing aspect of this data
set is its smaller volume of items compared to the other data sets. This unique feature
could positively impact the metrics, as the likelihood of suggesting the correct product

could theoretically increase due to a smaller pool of items. This aspect may lend itself to
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a more in-depth exploration of how the total number of items can affect the efficiency

and accuracy of recommendation systems.
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5. Experiments

This chapter evaluates TGR and measures its prediction quality using various experiments.
Several datasets and metrics are used to evaluate the quality of the recommendations.
The used data sets are presented in chapter 4, and the necessary pre-processing steps are
explained. The metrics used are defined in subsection 2.5.2.

The experiments presented in section 5.3, section 5.4, section 5.5, and section 5.6
were performed on the data sets Refurbed, RetailRocket, YooChoose, and Diginetica.
These sections evaluate various aspects of the network controlled by the hyperparameters
specified in subsection 3.7.1. The results of the evaluation are discussed and interpreted.
In this context, the possible limitations and constraints of the experiments performed
are also addressed. The results of this chapter will help to deepen the understanding of
how the model works and its potential to enhance the quality of recommendations.

For each data set, DATA-SPLIT-RATIO = 0.6, so 60% is used for training, 20% for testing,

and 20% for validation. The edges are sorted chronologically.

5.1. Experiment Setups

In this section, the basic aspects of the various experiments are presented. In this
thesis, five experiments are performed, represented by the letters A-B. Each one of the
experiments has a subsection of this section below, in which the setup is presented.
Each model for the experiments is trained with 100 epochs and the Adam optimization

algorithm with a learning rate of 3e — 4.

5.1.1. Experiment A: Effect of run modes

The purpose of Experiment A is to investigate the impact of different RUN-MODE on the
results of TGR. The effects and significance of RUN-MODE are described in subsection 3.7.1.
The hyperparameters listed in Table 5.1 apply to this experiment. Otherwise, the
hyperparameters from chapter subsection 3.7.1 apply. In this experiment, the network is

trained using the three different RUN-MODE.
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Hyperparameter Values
MIN-COUNT-USER 5N
MIN-COUNT-ITEM 5€N
REMOVE-COMMON-USERS 0.05 eR
REMOVE-COMMON-ITEMS 0.05eR
NEGATIVE-SAMPLER most similar
LEARNING-RATE 3e—4

Table 5.1.: Hyperparameter setup for Ezperiment A

The experimental results of Experiment A are subjected to a comprehensive analysis to
evaluate the impact of the different RUN-MODE on the performance of the recommendation
system. It is expected that SESSION performs better than STRUCTURAL, because SESSION
performs an explicit calculation per user, which should positively impact the accuracy of
session recommendations. In data sets containing sessions (e.g., Refurbed and Diginetica),
HISTORY is expected to give better results because HISTORY can better model the
relationships between different sessions. On the other hand, for data sets that do not
have this edge feature, no significant improvement is expected. The exact results can be

found in the corresponding subsections of the data sets tested in this chapter.

5.1.2. Experiment B: Impact of run modes with negative sampling

The purpose of Ezperiment B is to examine the effects of different NEGATIVE-SAMPLER
associated run modes on TGR results. The effects and meaning of RUN-MODE are
described in Fxperiment A. The explanation of NEGATIVE-SAMPLER is described in
subsection 3.7.1. For this experiment, the hyperparameters listed in Table 5.1 apply,
with the modification that NEGATIVE-SAMPLER is examined in this experiment. In this

experiment, all considerations of Experiment A.

5.1.3. Experiment C: Effect of category-shift

Ezxperiment C investigates the effects of USE-CATEGORY-SWITCH. The effects of USE-
CATEGORY-SWITCH are described in subsection 3.7.1. For this experiment, the hyper-
parameters listed in Table 5.2 apply.

Assuming that users who regularly switch between item categories show significant

behavioral patterns, it is expected that the function controlled by the USE-CATEGORY-
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Hyperparameter Values
MIN-COUNT-USER 5N
MIN-COUNT-ITEM 5€N
REMOVE-COMMON-USERS 0.05 R
REMOVE-COMMON-ITEMS 0.05eR
NEGATIVE-SAMPLER most similar
LEARNING-RATE 3e —4
RUN-MODE SESSION
USE-CATEGORY-SWITCH 0

Table 5.2.: Hyperparameter setup for Fxperiment C

SWITCH parameter can be used to target this group of users. This could potentially lead

to an optimization of the quality of the prediction models.

5.1.4. Experiment D: Effect of temporally stored session embeddings

The purpose of Experiment D is to investigate the effects of USE-SESSION-TIME-SAVE. The
effects of USE-SESSION-TIME-SAVE are described in subsection 3.7.1. The hyperparameters
listed in Table 5.3 apply to this experiment.

Assuming that a user’s sessions in the past show a significant deviation in the behavioral
pattern, it is expected that the use of the function controlled by the USE-SESSION-TIME-
SAVE parameter will allow for an interruption of these historical sessions. A reduced
weighting of historical sessions could lead to an optimization of the quality of the

prediction, as the current session is given more prominence.

5.1.5. Experiment E: Effect of sequence length

Ezxperiment E examines the effects of varying sequence lengths and the effects of filtering
out the most frequently used nodes in the graph. This experiment uses the hyperparamet-
ers specified in Table 5.4. Experiment F is based on the best runs of previous experiments
on the corresponding data set and, therefore, has different hyperparameters depending
on the dataset, so - is considered a placeholder.

It is expected that shorter sequence lengths will have a negative impact on the results.

Similarly, removing more of the most frequently used nodes is also expected to have
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Hyperparameter Values
MIN-COUNT-USER 5N
MIN-COUNT-ITEM 5€N
REMOVE-COMMON-USERS 0.05 R
REMOVE-COMMON-ITEMS 0.05 eR
NEGATIVE-SAMPLER most similar
LEARNING-RATE 3e—4
RUN-MODE SESSION
USE-CATEGORY-SWITCH 0
USE-SESSION-TIME-SAVE 0

Table 5.3.: Hyperparameter setup for Ezperiment D

Hyperparameter Values
MIN-COUNT-USER 5€€ {5,110} e N
MIN-COUNT-ITEM 5ee {510} € N

REMOVE-COMMON-USERS  0.05 € {0.05,0.1} € R
REMOVE-COMMON-ITEMS ~ 0.05 € {0.05,0.1} € R
NEGATIVE-SAMPLER

LEARNING-RATE 3e—4
RUN-MODE

USE-CATEGORY-SWITCH

USE-SESSION-TIME-SAVE

Table 5.4.: Hyperparameter setup for Ezperiment E
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Run E Min nodes Max nodes RUN-MODE NS CS TS
1 A/B 5 0.05 STR MOST-SIMILAR 1 1
2 A/B 5 0.05 sES MOST-SIMILAR 1 1
3 A/B 5 0.05 HIS MOST-SIMILAR 1 1
4 B 5 0.05 SsTR RANDOM 1 1
5 B 5 0.05 SEs RANDOM 1 1
6 B 5 0.05 HIs RANDOM 1 1
7 B 5 0.05 STR LESS-SIMILAR 1 1
8 B 5 0.05 SEs LESS-SIMILAR 1 1
9 B 5 0.05 HIs LESS-SIMILAR 1 1
10 C 5 0.05 SsEs MOST-SIMILAR 0 1
11 D 5} 0.05 HIS MOST-SIMILAR (0 0
13 D 5 0.05 HIs MOST-SIMILAR 1 0
14 D 9 0.05 HIS LESS-SIMILAR 0 0
15 E 5 0.10

16 E 3 0.05

Table 5.5.: Hyperparameter setup

a negative effect. Patterns in longer sequences are easier to detect, and it is easier to

predict the most frequent elements than those with few interactions [Wu+20a; Gao+21].

5.1.6. Experiment setup overview

The experimental setup of the conducted experiments is presented as an overview in
Table 5.5. This table contains columns numbered by the experiment run (Run), followed
by the specific hyperparameter and the corresponding experiment (E). This table is used
as a reference for further analysis. The detailed documentation of the hyperparameters
in the previous sections and the analyses based on them ensure the reproducibility of
the experiments and allow conclusions to be drawn about the performance of the TGR
model presented in this thesis based on the hyperparameters.

Due to space limitations, the headings in Table 5.5 have been abbreviated as shown
below: Min Nodes and Max Nodes represent the values of MIN-COUNT-USER = MIN-
COUNT-ITEM = Min Nodes and REMOVE-COMMON-USERS = REMOVE-COMMON-ITEMS
= Max Nodes. Furthermore, RUN-MODE STR represents STRUCTURAL, SES represents
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SESSION, and HIS represents HISTORY. Additionally, CS applies to USE-CATEGORY-
SWITCH, TS applies to USE-SESSION-TIME-SAVE, and LESS, MOST, and Random apply
to the corresponding NEGATIVE-SAMPLER (NS). This table provides an overview since
all other sections depend on it. Run 12 is a special case and is similar to run 11 in
all hyperparameters presented here. Run 12 is explained in the corresponding section.
Ezperiment E is based on the best runs of previous experiments in the corresponding

data set and therefore has different hyperparameters depending on the data set.

5.2. Baseline Models

The models presented in this section will be comparison models in the following experi-
ments. Each model offers interesting approaches that make the comparison meaningful
[Hou+22].

FPMC

Factorized Personalized Markov Chains (FPMC) is a sequential recommendation model
that captures the dynamics of user actions using factorized Markov chains [RFS10]. This
model uses the Markov property to depict the transition probabilities between user actions.
By integrating user and item attributes, FPMC enables personalized recommendations
that consider both the sequence of actions and the user’s preferences [RFS10]. The
factorized representation used by FPMC enables the efficient computation of probability

distributions, facilitating the generation of scalable recommendations [RFS10].

GRU4Rec

Gated Recurrent Unit for Recommendation Systems (GRU4Rec) is a recommendation
model that uses RNNs to identify sequential patterns in user actions [Hid+16]. It uses
GRU, described in subsection 2.2.9, to determine the importance and relevance of past
actions in predicting future recommendations [Hid+16]. The GRU4Rec model uses the
GRU gating mechanism to selectively regulate the influence of previous actions during the
recommendation process. By capturing user behavior through sequential data, GRU4Rec

is able to generate accurate and personalized recommendations [Hid+16].
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NARM

Neural Attentive Recommendation Model (NARM) is a recommendation model that
applies attention mechanisms to learn sequential patterns of user interactions and the
importance of individual items in those interactions [Li417]. NARM uses attention layers
to prioritize relevant items and adjust recommendations accordingly [Li+17]. Attention
layers are described in subsection 2.2.7. By integrating attention and sequence modeling,
NARM can generate accurate and contextually relevant recommendations for users
[Li+17].

SR-GNN

Session-based Recommendation with Graph Neural Networks (SR-GNN) is a recommend-
ation model that uses session graphs [Wu+19]. Session graphs are described in section 2.2
and represent interactions between users and items as a graph. By incorporating the
session context and using the graph structure, SR-GNN effectively captures the relev-
ance and relationships between items [Wu+19]. The use of GNN enables SR-GNN to
capture complex patterns and dependencies within the data, facilitating the generation

of personalized recommendations [Wu+19].

NISER+

Normalized Item and Session Representations to Handle Popularity Bias (NISER+) is a
recommendation model that addresses popularity bias in session-based recommendation
systems [Gup+21]. This model uses the normalized item and user session representations
to mitigate the effects of popularity [Gup+21]. By incorporating appropriate weights
and adjustments into the model equations, it effectively accounts for less popular items.
The evaluation results demonstrate the effectiveness of NISER+ in significantly reducing

popularity bias [Gup+21].

LESSR

Graph-less Neural Networks (LESSR) is a recommendation model that addresses the
problem of information loss when using GNNs for session-based recommendations [CW20).
GNNSs, as described in section 2.2, suffer from the problem of information loss during
session encoding. The model introduces a lossless coding method and a GRU based

edge-order preserving aggregation layer [CW20] to address this challenge. Furthermore,
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the model addresses the problem of ineffective capture of long-range dependencies by
incorporating a graph shortcut attention layer [CW20]. This layer facilitates information
propagation along shortcut links, enabling the model to capture long-range dependencies
more effectively [CW20].

SGNN-HH

Star Graph Neural Networks (SGNN-HN) method utilizes a star GNN, as explained
in section 2.2, to offer recommendations in session-based scenarios [Pan+20]. Unlike
conventional approaches that focus solely on the sequential ordering of items for session
recommendations and overlook complex transition relationships, this approach addresses
this issue, employing SGNN-HN to capture the transitions between items within an
ongoing session [Pan+20]. The resulting aggregated embeddings effectively capture the

user’s preferences to predict items [Pan+20].

SASRec

Self-Attentive Sequential Recommendation (SASRec) is a recommendation model de-
signed to improve the accuracy of predictions in the context of sequential user actions
[KM18]. This model uses self-aware mechanisms to identify and analyze dependencies
and patterns within a sequence of user actions. By effectively capturing the relationships
between different user actions, SASRec can adapt the recommendations accordingly
[KM18]. The key innovation in SASRec is the use of attention mechanisms, which
allow it to assign different levels of importance to past actions when making future
recommendations [KM18]. By incorporating self-attention, SASRec can dynamically
adjust its recommendations based on the discovered dependencies, resulting in accurate

and personalized suggestions [KM18]. Attention layers are described in subsection 2.2.7.

GC-SAN

Graph Convolutional Self-Attention Network (GC-SAN) is a recommendation model that
combines GCNs [Xu+19] with self-attention mechanisms to improve accuracy [Xu+19].
GCNs are explained in Equation 2.4 and. This model effectively captures structured
information from user actions and adapts recommendations accordingly [Xu+19]. In
GC-SAN, GCNs are used to represent the connections between users and objects in a
graph. Using GCNs, the model can analyze the intricate connections between users and

items, thus capturing the intricate patterns and dependencies present in the data [Xu+19].
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In addition, GC-SAN incorporates self-attention mechanisms to assess the relevance and
importance of individual items., which allows the model to focus on significant items and

consider their influence on the recommendation process [Xu+19].

CL4Rec

Contrastive Learning for Sequential Recommendation (CL4Rec) is a recommendation
model that uses the contrastive learning approach to capture the relevance of items
within sequences effectively [Xie421b]. This model focuses specifically on understanding
the interactions between users and items within sessions [Xie+21b]. It achieves this by
employing contrastive learning, which enables the identification of similar items within
the same session while distinguishing dissimilar items across sessions. CL4Rec effectively
learns and utilizes item embeddings to generate precise, personalized recommendations.
Using contrastive learning, CL4Rec significantly improves its ability to generate accurate

and personalized recommendations [Xie+21b].

CORE

Simple and Effective Session-Based Recommendation within Consistent Representation
Space (CORE) is a recommendation model that addresses the problem of inconsistent
predictions in session-based recommendation systems [Hou+22]. This model achieves
this by integrating sessions and articles into a unified representation space and us-
ing a representation-consistent encoder that uses a linear combination of input article
embeddings to obtain session embeddings [Hou+22]. Furthermore, a robust distance
measurement technique is used to mitigate overfitting of the embeddings in the unified rep-
resentation space. The efficacy and efficiency of the proposed approach are demonstrated

through extensive experiments conducted on five real-world datasets [Hou+22].

5.3. Refurbed

This chapter describes the experiments and their results with the Refurbed dataset
described in section 4.5. First, the effect of the hierarchical architecture on the network
prediction accuracy is investigated. Then, different parameters and configurations of the

model are examined to measure their impact on the quality of the recommendation.
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Figure 5.1.: Results of Ezperiment A for the data set Refurbed with K = 10. Each bar
represents a run of the experiment performed under different specifications
of the hyperparameter RUN-MODE. The first, second, and third experimental
runs are associated with STRUCTURAL, SESSION, and HISTORY, respectively.
This graphical representation facilitates an analytical inspection of the effects

induced by variations in the RUN-MODE hyperparameter.

5.3.1. Experiment A

In Figure 5.1, the results of Fxperiment A are shown for the data set Refurbed with
K = 10. The experimental setup is described in subsection 5.1.1. The metrics used are
defined in subsection 2.5.2. All results are available in Table A.1.

The results show that RUN-MODE with the parameter SESSION in combination with
negative sampling using MOST-SIMILAR achieves the best results. The recommendation
system achieves an outstanding PQK value of 0.9429 and an almost identical M RRQK

value of 0.9420. These high values indicate that the system can generate a significant
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percentage of correct recommendations within the top I recommendations and that the
ranking of correct recommendations is nearly optimal.

In contrast, the other two parameters for RUN-MODE, namely STRUCTURAL and
HISTORY, have lower scores. The STRUCTURAL mode results in a PQK value of 0.4061
and a M RRQK value of 0.3864, while the HISTORY mode results in a PQK value of
0.5034 and a M RRQK value of 0.4870. These values are significantly lower than those of
the parameter SESSION, suggesting that the recommendations in these settings RUN-MODE
are less precise and less relevant to users.

This is also evident in the metrics RQK™, where the model with STRUCTURAL achieves
a value of 0.0832, and PQK™, with a value of 0.0008. These values indicate that the recom-
mendation system in this mode has difficulty accurately identifying and recommending
the target item based on negative examples.

For SESSION, a significant performance improvement is observed compared to the other
parameters. Here, RQK™ = 0.855 and PQK"™ = 0.0084. These scores show that the
recommendation system can identify a much larger number of goals through negative
examples. This suggests that this parameter contributes to a more effective method of
identification and recommendation.

Interestingly, the parameter HISTORY yields values of 0 for both RQK™ and PQK™,
indicating that the recommendation system is unable to recommend targets in this mode
correctly. A possible reason for this could be the inappropriateness of this parameter.

These results provide valuable information on the impact of RUN-MODE on the per-
formance of the recommendation system. These observations suggest that the historical
view of this data set yields a different result. A possible reason for this could be the
wrong choice of negative sampling, which will be further investigated in Experiment B.
Alternatively, it is possible that the number of available sessions is too small or that this

parameter is inappropriate for this data set.

5.3.2. Experiment B

In Figure 5.2, the results of Experiment B are shown for the data set Refurbed with
K = 10. The experimental setup is described in subsection 5.1.2. The metrics used are
defined in subsection 2.5.2. All data are available in Table A.2.

The results of runs 1-3 are provided in subsection 5.3.1, in contrast to other negative
sampling methods.

Runs 1, 4, and 7 are associated with the STRUCTURAL parameter. Here, it can be
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Figure 5.2.: Results of Fzperiment B for the data set Refurbed with IC = 10. Each bar in
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the graph represents a unique run of the experiment. These runs vary based
on the different specifications of the hyperparameter RUN-MODE, which is
used in conjunction with NEGATIVE-SAMPLER. The first, second, and third
runs are associated with STRUCTURAL, SESSION, and HISTORY, respectively.
In these runs, they are combined with MOST-SIMILAR. Again, the fourth,
fifth, and sixth runs use STRUCTURAL, SESSION, and HISTORY. However, in
these runs, they are paired with RANDOM. Lastly, the seventh, eighth, and
ninth runs utilize STRUCTURAL, SESSION, and HISTORY, respectively. In these
cases, they are paired with LESS-SIMILAR. This figure simplifies the analysis
of the effects induced by variations in the RUN-MODE hyperparameter when
combined with different NEGATIVE-SAMPLER options.
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observed that the negative sampling method RANDOM performs best, yielding PQK =
0.4548. This result contrasts with MOST-SIMILAR, which achieves PQK = 0.4061, and
MOST-SIMILAR, which achieves PQK = 0.1384. Therefore, it can be assumed that the
choice of negative sampling significantly impacts this case.

The runs 2, 5, and 8 correspond to the SESSION parameter. The negative sampling
method MOST-SIMILAR outperforms the others. Interestingly, RANDOM performs worse
than STRUCTURAL with PQK = 0.2298. This finding is particularly interesting because
the other two sampling methods perform better. It becomes even more intriguing when
considering metrics that include negative sampling. In this experiment, 100 randomly
selected negative targets are used. If randomly selected items are assumed to give inferior
results for SESSION, they also give inferior results for negative items. This can be seen
from the excellent results of RQK™ = 1 compared to RQK™ = (0.1527 for STRUCTURAL,
where the best result is chosen for this comparison.

The HISTORY trials are described in Experiments 3, 6, and 9. It can be seen that LESS-
SIMILAR gives the best results with PQK = 0.5034, while LESS-SIMILAR gives relatively
good results with PQK = 0.4981. It is particularly noteworthy that the parameters
HISTORY with RQK"™ = 0 and PQK"™ = 0 do not correctly predict any target, which was
unexpected by the author. This is especially surprising given the extremely accurate
results of 100% correct prediction for SESSION.

In summary, when considering only positive targets, the combination of SESSION and
MOST-SIMILAR gives the best scores. However, when negative targets are also considered,
LESS-SIMILAR significantly outperforms the others. Whether this changes when combined
with other hyperparameters will be investigated in future experiments. Furthermore, more
research is needed to determine if other hyperparameters can improve the performance
of HISTORY. Considering that the running modes are built on each other, TGR-STR is

considered the least suitable, as TGR-HIS has not yet been proven unsuccessful.

5.3.3. Experiment C

In Figure 5.3, the results of Ezperiment C for the data set Refurbed with I = 10. The
experimental setup is described in subsection 5.1.3. The metrics used are defined in
subsection 2.5.2, and the results can be found in Table A.3.

The run mode is set to SESSION, and the negative sampling to MOST-SIMILAR. The
impact of CATEGORY-SHIFT is examined only for TGR-SES, as it can only be considered
separately in this context. The results are as follows: PQK = 0.9854, PQK = 0.9847,
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Figure 5.3.: Results of Fxperiment C for the data set Refurbed with X = 10. In run 10,
SESSION is applied while CATEGORY-SHIFT is not executed. The purpose is

to explore the effect of this particular hyperparameter.

RQK™ =1, and PQK™ = 0.0099. These scores indicate that this combination produces
highly accurate recommendations. Especially, the influence on the negative examples
is significant, as it is now 100%, similar to LESS-SIMILAR. It should be noted that the
penalty for frequent CATEGORY-SHIFT was expected to have a positive influence. However,
these results show that this is different. Several reasons could contribute to this result.
One possibility is that the choice of penalty is inappropriate or that the data set consists
mainly of purchased items, raising the question of whether people specifically search for
items on such a platform. Another factor could be the need to include a threshold if the
penalty is to be applied. However, these aspects were not further explored in this study
and would need to be investigated in future research.

In summary, the results of this experiment highlight the high accuracy of the recom-

mendation system in generating recommendations and its effective recommendation
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ordering. In addition, it can identify positive targets while considering negative examples.

5.3.4. Experiment D
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Figure 5.4.: Results of Erperiment D for the data set Refurbed with K = 10. Runs
11 through 14 apply HISTORY while excluding both CATEGORY-SHIFT and
USE-SESSION-TIME-SAVE. The purpose is to investigate the effect of the USE-
SESSION-TIME-SAVE hyperparameter. Specifically, runs 11, 12, and 14 do not
use CATEGORY-SHIFT and USE-SESSION-TIME-SAVE. However, run 12 uniquely
includes min-max normalization. In contrast, run 13 uses CATEGORY-SHIFT
but excludes USE-SESSION-TIME-SAVE. Finally, run 14 uses LESS-SIMILAR,
while all other runs of this experiment use MOST-SIMILAR.

In Figure 5.4, the results of Experiment D are shown for the data set Refurbed with

K = 10. The experimental setup is described in subsection 5.1.4, and the metrics used
are defined in subsection 2.5.2. Result data can be found in Table A 4.
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It can be observed that negative sampling has a positive effect on the metrics. In
particular, RQK™ = 0.1207 can be observed, which, although not very satisfactory
compared to the results of TGR-SES, shows a positive effect compared to RQK"™ = 0 in
previous setups. Additionally, when CATEGORY-SHIFT is disabled, and MOST-SIMILAR
is used, the results are as follows PQK = 0.4545, RQK™ = 0.1207 in one case, and
PQK = 0.3872, RQK™ = 0.2524 in the other. Using a min-max function instead of a
sigmoid function in the score function improves the discriminability of the results, as
shown in Table A.4. However, this modification does not improve the positive influence
metrics, where PQK = 0.4270 is obtained compared to PQK = 0.4545. However, a
significant increase is observed for RQK™ = (0.8629. This increase can only be explained
by the fact that the randomly selected results in this test fit better than before. Otherwise,
there would also be a positive effect on the other metrics. In particular, the combination
of MOST-SIMILAR with CATEGORY-SHIFT enabled and USE-SESSION-TIME-SAVE disabled
yields PQK = 0.5075, RQK™ = 0.8684.

The results highlight the significant impact of hyperparameter selection on the perform-
ance of the recommendation system. In particular, variations in USE-SESSION-TIME-SAVE
resulted in significant differences in metric scores, especially compared to previous ex-
periments on this data set. These results suggest that USE-SESSION-TIME-SAVE is a
critical factor in generating recommendations. However, it remains an open question
whether the inadequacy of the method lies solely in its choice or whether the entire
concept of manipulating session embeddings with their timestamps to provide temporal
discriminability for the attribution layer is inappropriate. Further exploration of this

question is beyond the scope of this paper.

5.3.5. Experiment E

In Figure 5.5, the results of Exzperiment E for the data set Refurbed with I = 10 are
shown. The experimental setup is described in subsection 5.1.5. The metrics used are
defined in subsection 2.5.2. All data are available in Table A.5. This experiment used the
best hyperparameters used so far, namely MOST-SIMILAR and a disabled CATEGORY-SHIFT.
In the first run of this experiment, the results are for the hyperparameter configuration
with a minimum of 5 items, a minimum of 5 items, a maximum of 0.10 items, and a
maximum of 0.10 users. The scores obtained for PQK and M RRQK are both 0.6079,
while RQK™ is 0.191 and PQK™ is 0.0018.

The second run for a different hyperparameter configuration, specifically, a minimum of
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Figure 5.5.: Results of Ezxperiment E for the data set Refurbed with K = 10. In the

graph, each bar represents a different experimental run performed with
different configurations of the RUN-MODE hyperparameter. Specifically, runs
15 and 16 were run with the SESSION parameter, omitting USE-CATEGORY-
SWITCH. Run 15 is designed to examine the sequence length parameter in a
separate set of analyses, denoted by MIN-COUNT-USER =MIN-COUNT-ITEM
=3. Conversely, run 16 examined the sequence length with the configuration
REMOVE-COMMON-USERS =REMOVE-COMMON-ITEMS =1. This figure allows

the study of the effects associated with different sequence lengths.
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3 items, a minimum of 3 items, a maximum of 0.05 items, and a maximum of 0.05 users.
In this case, the metrics PQK and M RRQK experienced a significant increase, reaching
scores of 0.9673 and 0.9668, respectively. Furthermore, RQK™ reached the maximum
value of 1, while PQK™ showed a value of 0.0099.

The analysis of the results highlights the significant impact of varying hyperparameters
on the performance of the recommendation systems. In particular, reducing the minimum
number of items and items while increasing the maximum number of items and users led
to a significant improvement in the metrics PQK and M RRQK. Additionally, it should
be noted that the second hyperparameter configuration showed a significantly higher
detection rate for negative examples, as evidenced by the value RQK™ of 1.

Based on these results, the configuration with a minimum of 3 items, a minimum of 3
items, a maximum of 0.05 items, and a maximum of 0.05 users is the most suitable for
recommendation systems in this scenario. This observation is particularly interesting
because there is little deviation from the minimum number of 5, indicating that even
short sessions can be considered. This can serve as a starting point for further research.
The question of determining appropriate thresholds for the two parameters remains
open. However, this experiment clearly shows that the choice of minimum and maximum

numbers significantly impacts the results.

5.3.6. Conclusion

This subsection summarizes the experiments performed on the Refurbed data set. The
Figure 5.6 shows the results of all experiments for the Refurbed data set with K = 10.
The metrics used for the evaluation are defined in subsection 2.5.2.

Ezperiment A focused on the Refurbed data set and showed that using the SESSION
mode in conjunction with the MOST-SIMILAR negative sampling yielded the best results.
TGR achieved an impressive PQK of 0.9429 and an almost identical M RRQK of 0.9420.
On the contrary, the other two parameters for RUN-MODE, namely STRUCTURAL and
HISTORY, achieved lower performance values. It should be noted that PQK and M RRQK
were closely aligned in all experiments, which may indicate a potential problem within
the network architecture. However, this requires further investigation beyond the scope
of this paper.

Ezperiment B compared different negative sampling schemes in all three RUN-MODE
parameters. The results showed that combining MOST-SIMILAR with SESSION produced
the best results while combining LESS-SIMILAR with HISTORY produced optimal results.
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Figure 5.6.: Results of the experiments for the data set Refurbed with L = 10

This highlights the significant impact of negative sampling on the metrics.

Ezxperiment C explored the impact of CATEGORY-SHIFT on SESSION and concluded
that it had no positive effect. The recommendation system showed high accuracy and
good recommendation ordering.

Ezxperiment D investigated the influence of different hyperparameters on the per-
formance of the recommendation system. The results showed that the choice of the
USE-SESSION-TIME-SAVE hyperparameter resulted in significant variations in the metric
values.

Ezperiment E used the best hyperparameter configurations and showed the significant
impact of hyperparameter selection affecting per-user elements on the performance of
the recommendation system.

In summary, the SESSION mode combined with MOST-SIMILAR for negative sampling
showed the most significant impact on the performance of the recommendation system.

On the contrary, the change in the category had no positive effect. The choice of
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hyperparameters, especially negative sampling and the parameter USE-SESSION-TIME-

SAVE, also played an important role in shaping the metric values.
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Figure 5.7.: Correlation diagram of the hyperparameters for the data set Refurbed with
K =10

A correlation matrix is shown in Figure 5.7 to explore the interdependencies among
the hyperparameters. The correlation coefficients in the matrix provide insight into
the relationships between the metrics. A correlation coefficient of 1 indicates a perfect
positive correlation, while -1 indicates a perfect negative correlation. Values close to 0
indicate weak or no correlation. An interesting observation is that MIN-COUNT-USER or
MIN-COUNT-ITEM have a relatively strong positive correlation. However, this correlation
does not hold for REMOVE-COMMON-USERS or REMOVE-COMMON-ITEMS. It is necessary
to emphasize that since these parameters were only examined in a single experiment, it

is difficult to draw definitive conclusions about their correlations. For hyperparameters
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Model Criterion Min Nodes Max Nodes RQK™
HSAGEConvGAE BPRLoss 0.05 0.864
HSAGEConvGAE BPRLoss 0.1 0.9043
HSAGEConvGAE BPRLoss 10 0.1 0.9259
HSAGEConvGAE MarginRankingloss 10 0.1 0.9347
HUniGINConvGAE BPRLoss 5 0.05 0.804
TGR (Experiment: 8) BCELoss 0.05 1
TGR (Experiment: 10) BCELoss 0.05 1
TGR (Experiment: 16) BCELoss 0.05 1

Table 5.6.: Results of the experiments for the data set Refurbed (Other works based on
UniGNN). Source: [Kum23]

USE-CATEGORY-SWITCH and USE-SESSION-TIME-SAVE, a moderate positive and negative
correlation was observed, respectively. This suggests that the assumption made in
the experiment of a strong influence of these parameters on the data set may not be
true. It is crucial to acknowledge that this analysis is based on the available data, and
further investigation and verification are necessary to gain a deeper understanding of
the relationships between the metrics. Furthermore, it is important to remember that
correlations alone do not imply causality. Further experimental investigation and analysis

may be required to validate the metrics’ underlying relationships.

5.3.7. Comparison with other works

The results presented in Table 5.6 are based on internal research at the University
of Vienna based on UniGNN (Unified Framework for Graph and Hypergraph Neural
Networks). This framework unifies graph and hypergraph modeling and learning with
NNs. UniGNN extends the concept of GNN and allows integration of hypergraphs into
the learning process to solve the problem that graphs and hypergraphs have traditionally
been considered separately due to their different structural properties [HY21]. The
modules shown here are also based on having a minimum number of nodes and a
maximum frequency. The Min Nodes and Max Nodes shown in the table stand for
MIN-COUNT-USER = MIN-COUNT-ITEM = Min Nodes and REMOVE-COMMON-USERS =
REMOVE-COMMON-ITEMS = Max Nodes.

As seen in Table 5.6, TGR performs better, for example, in run 10. However, it should
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be noted that this is only a comparison RQK", as a reliable comparison between the
models PQK and M RRQK would also be needed. It is also true that the data presented
here from the University of Vienna are preliminary, so a full comparison would have to

be done in future work.

5.3.8. Open topics

This section presents a list of research challenges based on the findings of the experiments

in the data set Refurbed.

MRRQK — PQK The observations indicate that when an item is hit in PQK, it is
unlikely to have a position of 1. A similar trend is expected for the corresponding
values of MRRQK [Wu+20a; Gao+21]. These results may indicate possible

inconsistencies in the model that require further investigation.

Criterion Alternative criteria that may better fit this model have not yet been evaluated.

Research in this direction would be beneficial.

use-session-time-save Further empirical research is warranted to assess the suitability of
this hyperparameter. In addition, possible alternative formulations for optimizing

its value should be explored.

use-category-switch A comprehensive analysis is required to evaluate the suitability of
this hyperparameter. The exploration of other methods such as KG can also be

beneficial.

Min/Max number of edges More research is needed to determine how many edges each
node (user or item) requires in the bipartite graph so that this model does not
lose its ability to generate recommendations. Similarly, more research is needed
to determine if a maximum number of edges reduces the predictive quality, as the

prediction of these is more likely than more unknown nodes.

In general, there are still uncertainties regarding the suitability of this model and
potential avenues for improvement. Determining the threshold at which the model can
no longer effectively detect and predict sessions requires further investigation. Thus, it
currently needs to be more conclusive whether this model is appropriate for the Refurbed

data set.

134



5.4. Retailrocket

5.4. Retailrocket

This section describes the experiments and their results obtained with the RetailRocket

dataset, available in section 4.4.

5.4.1. Experiment A
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Figure 5.8.: Results of Experiment A for the data set RetailRocket with IC = 10. Each bar

represents a run of the experiment performed under different specifications
of the hyperparameter RUN-MODE. The first, second, and third experimental
runs are associated with STRUCTURAL, SESSION, and HISTORY, respectively.
This graphical representation facilitates an analytical inspection of the effects

induced by variations in the RUN-MODE hyperparameter.

In Figure 5.8, the results of Ezperiment A are shown for the data set RetailRocket with

K = 10. The experimental setup is described in subsection 5.1.1. The metrics used are

defined in subsection 2.5.2. The complete result is available at Table A.11.
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Using STRUCTURAL, the recommendation system achieves a high accuracy of 0.9115
for the metric PQK and a corresponding score of 0.9115 for the metric M RRQK. These
results indicate that the system can accurately predict the top K recommendations.
However, the value of RQK™ is relatively low at 0.0505, suggesting that the system
has difficulties excluding irrelevant items based on negative sampling. Furthermore, the
precision for negative items is only 0.0005, suggesting a potential lack of reliability in
identifying irrelevant recommendations.

In the case of SESSION, the system achieves PQK = M RRQK = 1. This performance
signifies the system’s ability to accurately identify the correct recommendations for each
user and their current session. The metrics that consider negative sampling also achieve
exceptional scores of RQK™ = 1, indicating that the system can successfully exclude all
irrelevant items.

In the context of SESSION, a precision of PQK = M RRQK = 0.9857 is observed,
indicating a high level of accuracy in the integration of the user’s history. However,
the value of RQK™ is only 0.1082, indicating that the system has difficulty excluding
irrelevant items. Therefore, there is potential for improvement.

In general, it can be concluded that SESSION achieves the best results across all
evaluation metrics, demonstrating the ability of the recommendation system to generate
accurate recommendations for individual user sessions. The other two parameters of
RUN-MODE show difficulties in excluding negative sample items.

These results generally confirm the expected results and emphasize the importance
of the selected hyperparameters for the performance of GNN-based recommendation
systems. However, more research is needed. In particular, exploring why the TGR-~HIS
results show unexpectedly weak performance when negative items are considered is
interesting. Future experiments in this thesis will shed light on whether alternative

hyperparameters can improve this aspect.

5.4.2. Experiment B

In Figure 5.9, the results of Experiment B are shown for the data set RetailRocket with
K = 10. The experimental setup is described in subsection 5.1.2. The metrics used are
defined in subsection 2.5.2. All results are available in Table A.12. The results of runs 1-3
are provided in subsection 5.4.1 and compared with the other negative sampling methods
in this section.

Runs 1, 4, and 7 investigated the STRUCTURAL parameter. When using the negative
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Figure 5.9.: Results of Experiment B for the data set RetailRocket with K = 10. Each

bar in the graph represents a unique run of the experiment. These runs vary
based on the different specifications of the hyperparameter RUN-MODE, which
is used in conjunction with NEGATIVE-SAMPLER. The first, second, and third
runs are associated with STRUCTURAL, SESSION, and HISTORY, respectively.
In these runs, they are combined with MOST-SIMILAR. The fourth, fifth, and
sixth runs again use STRUCTURAL, SESSION, and HISTORY. However, in these
runs, they are paired with RANDOM. Lastly, the seventh, eighth, and ninth
runs utilize STRUCTURAL, SESSION, and HISTORY, respectively. In these cases,
they are paired with LESS-SIMILAR. This figure simplifies the analysis of
the effects induced by variations in the RUN-MODE hyperparameter when
combined with different NEGATIVE-SAMPLER options.
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sampling method RANDOM, the lowest scores were PQK = 0.1974. On the other
hand, when using LESS-SIMILAR, the results were much better with PQK = (0.9358.
It is important to emphasize that LESS-SIMILAR is not the optimal sampling method.
Interestingly, the score RQK™ did not reach a satisfactory level for any of the negative
sampling methods, indicating that this aspect of the recommendation system is unstable
regardless of the negative sampling method used. However, Interestingly, the best RQK™
value of 0.5221 was obtained with RANDOM.

Runs 2, 5, and 8 focus on SESSION. The results of this analysis indicate that the choice
of the negative sampling method does not significantly impact this run mode. Only a
small negative impact of 0.0001 was observed for PQK and 0.0037 for RQK™ when using
RANDOM. These results suggest that the model consistently rejects negative items and
effectively incorporates positive and negative user preferences.

Experiments on HISTORY are described in runs 3, 6, and 9. Among these runs, MOST-
SIMILAR showed the best results with PQK = 0.9857, while LESS-SIMILAR also performed
well with PQK = 0.8805. Interestingly, RANDOM performed less well than the other two
runs, which was unexpected. However, it still produced the best RQK™ value of 0.6118
for this run mode. In particular, similar to STRUCTURAL, the combination of HISTORY
and the negative sampling methods resulted in the best performance in the negative
metrics domain.

In summary, the model SESSION showed the best overall performance in all metrics

and demonstrated an excellent ability to generate relevant recommendations.

5.4.3. Experiment C

In this section, the results of Experiment C are presented, which was performed on the
RetailRocket data set with K = 10, as shown in Figure 5.10. The experimental setup is
described in detail in subsection 5.1.3. The evaluation metrics used in this study are
defined in subsection 2.5.2. The complete results are in Table A.13.

For this experiment, the run mode was set to SESSION, and the negative sample was
set to MOST-SIMILAR. The effect of category changes was investigated only for TGR-SES
since it can be considered independently in this particular case. The results are as follows:
PQK = MRRQK = RQK™ = 1. These values show that this combination does not
significantly degrade the precision of the recommendation. The results are consistent
with those of the previous experiments.

In general, the results of this experiment indicate that the recommendation system
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Figure 5.10.: Results of Experiment C' for the data set RetailRocket with I = 10. In run
10, SESSION is applied while CATEGORY-SHIFT is not executed. The purpose

is to explore the effect of this particular hyperparameter.

achieves a high level of accuracy in generating recommendations.

5.4.4. Experiment D

In Figure 5.11, the results of Ezperiment D for the data set RetailRocket with IC = 10
are shown. The experimental setup is described in subsection 5.1.4. The metrics used
are defined in subsection 2.5.2. All results are available in Table A.14.

The first combination is MOST-SIMILAR without using CATEGORY-SHIFT and USE-
SESSION-TIME-SAVE. In this setting, the model achieved values of PQK = M RRQK =1,
indicating that it correctly identified all relevant elements of the recommendation. The
model prioritized the positive target over the negative examples, demonstrating its ability

to capture the complexity of the data and effectively model the differences between

139



5. Experiments

1.00

0.75

0.50

0.25

Accuracy (P@K)

0.00

1.00

0.75

0.50

0.25

Accuracy (R@K")

0.00

Experiment D (P@K) Experiment D (MRR @K)
100
%
n@:J 075
oz
=
= 0.50
&
o 025
(]
{
0.00
= ™ . .
Run Run
Experiment D (R@K™) Experiment D (P@K")
0.0100
)
© 0.0075
8
> 0.0050
o
=3
2 00025
=
f— 0.0000
= o = = = o = =
Run Fun

Figure 5.11.: Results of Experiment D for the data set RetailRocket with IC = 10. Runs

11 through 14 apply HISTORY while excluding both CATEGORY-SHIFT and
USE-SESSION-TIME-SAVE. The purpose is to investigate the effect of the
USE-SESSION-TIME-SAVE hyperparameter. Specifically, runs 11, 12, and
14 do not use CATEGORY-SHIFT and USE-SESSION-TIME-SAVE. However,
run 12 uniquely includes min-max normalization. In contrast, run 13 uses
CATEGORY-SHIFT but excludes USE-SESSION-TIME-SAVE. Finally, run 14 uses
LESS-SIMILAR, while all other runs of this experiment use MOST-SIMILAR.

positive and negative examples. As a result, the score RQK™ is 1.

Run 12 is similar to run 11, adding a Min-Max function instead of a sigmoid function

in the scoring function to evaluate the discriminability of the results scores in Table A.14.

Although a slightly larger score difference was achieved, the metrics were negatively
affected. The range RQK™ decreased significantly to 0.0431, indicating that the model
struggled to score negative elements lower and exclude them from the recommendations.
Furthermore, a low positive score of PQK = M RRQK = 0.995 was obtained, which is
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still considered good.

The last two combinations alternate between USE-CATEGORY-SWITCH and USE-SESSION-
TIME-SAVE. The results are identical to those of run 11.

These results only partially illustrate the significant influence of hyperparameters on
TGR. In particular, using USE-SESSION-TIME-SAVE or USE-CATEGORY-SWITCH leads to
noticeable variations in the metric values, especially compared to previous experiments
conducted on this data set using TGR-HIS. These results suggest that USE-SESSION-
TIME-SAVE or USE-CATEGORY-SWITCH are critical in the generation of recommendations.
However, the exact impact of these hyperparameters on this data set remains unclear.
One seems required, but it does not make a difference whether one or both parameters
are used as long as one is enabled. This behavior can only be explained by the fact that
both parameters improve the model enough to allow accurate predictions, but further

investigation is needed in future research.

5.4.5. Experiment E

In Figure 5.24, the results of Ezperiment E for the data set Diginetica with K = 10
are presented. The experimental setup is described in detail in subsection 5.1.5. The
evaluation metrics used in this experiment are defined in subsection 2.5.2. As a table,
the results can be found in Table A.10.

This experiment uses the most effective hyperparameters based on previous runs for
TGR-SES and TGR-HIS. Specifically, runs 15 and 16 used TGR-SES with MOST-SIMILAR
and CATEGORY-SHIFT disabled. On the other hand, runs 17 and 18 used TGR-HIS
with MOST-SIMILAR disabled and the USE-SESSION-TIME-SAVE parameter excluded, while
USE-CATEGORY-SWITCH was enabled for run 18 and disabled for run 17. These runs
aimed to investigate whether TGR-SES performs better with different numbers of items
per user and whether this dataset’s previously determined optimal configuration remains
equally effective with different edges per user node.

Interestingly, all runs consistently demonstrate perfect predictive quality, as indicated
by PQK = MRRQK = RQK™ = 1. This outcome was unexpected to the author, as it
would be reasonable to assume that a change in sequence length would have a substantial
impact. However, this model was trained with a minimum sequence length of 2, which
could explain these results.

Based on these findings, the optimal configuration for the recommendation systems

cannot be determined, as it appears to have no discernible influence. This result is
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Figure 5.12.: Results of Ezperiment E for the data set RetailRocket with K = 10. The
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graph illustrates various experimental runs. Runs 15 and 16 utilized the
SESSION parameter, excluding USE-CATEGORY-SWITCH, while runs 17 and 18
employed the HISTORY parameter, excluding both USE-CATEGORY-SWITCH
and USE-SESSION-TIME-SAVE. Additionally, runs 15 and 17 were designed
to study the sequence length parameter, represented by MIN-COUNT-USER
=MIN-COUNT-ITEM =3. In contrast, runs 16 and 18 explored sequence length
with the configuration REMOVE-COMMON-USERS =REMOVE-COMMON-ITEMS
=1. Default hyperparameter settings were applied in scenarios not explicitly

mentioned.
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particularly remarkable since varying the minimum number yields no significant changes,
suggesting that even short sessions can be considered. These results serve as a valuable
starting point for further investigation. Although the question of setting appropriate
thresholds for these two parameters remains unanswered, this experiment offers insight, as
the choice of MIN-COUNT-USER, MIN-COUNT-ITEM and REMOVE-COMMON-USERS,REMOVE-
COMMON-ITEMS significantly affects the results.

5.4.6. Conclusion

This section summarizes the experiments conducted on the RetailRocket data set. The
Figure 5.13 shows the results of all experiments conducted on the data set RetailRocket
with L = 10. The evaluation metrics used are defined in the background subsection 2.5.2.

Ezperiment A examined the effect of hierarchical architecture on network prediction
accuracy. Experiment A showed that using the SESSION mode in combination with MOST-
SIMILAR produced the best results. The recommendation system achieved an impressive
PQK value of 1, corresponding to a M RRQK value of 1. On the contrary, the other two
parameters of RUN-MODE, namely STRUCTURAL and HISTORY, showed lower performance
values for the RQK™ metric. Interestingly, the values for PQK and M RRQK were
consistently close in all experiments, possibly indicating a network problem. However, a
more detailed investigation of this issue is beyond the scope of this paper.

Ezperiment B compared different negative sampling methods for the three RUN-MODE
parameters. The results showed that the combination of MOST-SIMILAR with SESSION
produced the best results, while the combination with RANDOM significantly degraded
the results. Therefore, the choice of negative sampling significantly impacted evaluation
metrics.

Experiment C examined the effect of CATEGORY-SHIFT on SESSION and found no
positive effect. The accuracy of the recommendation system remained unchanged.

Ezxperiment D investigated the influence of different hyperparameters on the perform-
ance of the recommendation system. The experiment showed that negative sampling
positively impacted the evaluation metrics, and the choice of hyperparameter USE-SESSION-
TIME-SAVE led to significant variations in the metric values.

Ezperiment E used optimal hyperparameter configurations and highlighted the signific-
ant effects of choosing the MIN-COUNT-USER, MIN-COUNT-ITEM, and REMOVE-COMMON-
USERS,REMOVE-COMMON-ITEMS of interactions per node on the performance of the

recommendation system. No performance changes were observed based on the metrics
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used.

The RetailRocket data set experiments showed that SESSION and HISTORY provided
the most accurate recommendations. They achieved high values for the metrics PQK,
MRRQK, and RQK", demonstrating the accurate identification of relevant recom-
mendations. STRUCTURAL had difficulty excluding irrelevant elements. The choice
of hyperparameters, especially negative sampling in the run mode, also significantly

impacted the metric values.
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Figure 5.13.: Results of the experiments for the data set RetailRocket with }C = 10

A correlation matrix measures the interdependencies between the hyperparameters,
as shown in Figure 5.14. The matrix’s correlation coefficients indicate the associations’
strength and direction. A coefficient of 1 indicates a perfect positive correlation, while -1
indicates a perfect negative correlation. Values close to 0 indicate minimal or negligible
correlation.

It is significant that the metrics and MIN-COUNT-USER or MIN-COUNT-ITEM do not
show a strong positive correlation, unlike REMOVE-COMMON-USERS or REMOVE-COMMON-
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ITEMS. However, since these parameters were only examined in two experiments, it is
impossible to determine the extent of these correlations conclusively.

Regarding the hyperparameter USE-CATEGORY-SWITCH, a moderate positive correlation
is observed. This means that the experiment results indicate a significant influence of
USE-CATEGORY-SWITCH, which means that it should not be used. Similarly, a weaker
positive correlation is observed for USE-SESSION-TIME-SAVE.

It is important to note that this analysis is based on the available data, and further
research and verification are needed to understand the relationships between the metrics
better. It is also important to note that correlations alone do not establish causality.
Additional experimental research and analysis are required to confirm the underlying
relationships of the measured variables. However, the number of minimum elements
per node has the greatest influence, consistent with findings from other studies. The
feasibility and effectiveness of the various strategies remain controversial and should be

further explored in future research.

5.4.7. Comparison with other works

The Table 5.9 presents the results of different models to evaluate the recommendation
systems using metrics PQ20 and M RR@20. Models are compared with different runs
of the TGR model, which achieved different performance values in experiments. The
results are generally taken from Hou et al. [Hou+22] to ensure consistency in interpreting
the results, referencing individual models in the appropriate sections. Descriptions of
the experiments can be found in the appropriate subsections of this section or, more
generally, in section 5.1.

Run 20 is similar to run 14, except that no minimum or maximum filtering of nodes is
applied to ensure a fair comparison with the other models.

The models compared include FPMC, GRU/Rec, NARM, SR-GNN, NISER+, LESSR,
SGNN-HN, SASRec, GC-SAN, CL4Rec, and CORE. These models have received con-
siderable attention in previous studies, and their performance for various scenarios and
data sets has been extensively investigated.

The table demonstrates that the TGR consistently achieves impeccable values for
P@20 and M RR@20, regardless of whether the minimum number of interactions per
node is reduced, outperforming other GNN-based models. For example, in run 17, the
P@20 value is 1, in contrast to the PQ20 = 52.89 obtained for CORFE. This trend remains

consistent even in run 20, where a P@Q20 = 1 is recorded.
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Model Reference ~ P@20 M RR@20
FPMC section 5.2 46.04 21.95
GRU4Rec section 5.2 55.32  33.18
NARM section 5.2 58.65  34.69
SR-GNN section 5.2 60.36 37.43
NISER+ section 5.2 56.22  37.11
LESSR section 5.2 58.82  35.72
SGNN-HN section 5.2 58.82  35.72
SASRec section 5.2 59.81  36.03
GC-SAN section 5.2 59.69  35.95
CL4Rec section 5.2 59.69  35.95
CORE section 5.2 61.85 38.76
TGR (Experiment: 3)  0.98 0.98

TGR (Experiment: 14) 1 1

TGR (Experiment: 17) 1 1

TGR (Experiment: 20) 1 1

Table 5.7.: Results of the experiments for the data set RetailRocket, Results based on:
[Hou+22]

146



5.4. Retailrocket

Correlation diagram hyperparameter experiment for YooChoose

g 08
Y 048 .48 QECENYTE 054
o
06
04
et
S RYTRYFY 052 052
i2 -02
=
-00
2
=S 02
£
=
© 04

P@K
MRR@K

R@K negative

o
LLI
w
=
=
=
=2
o
o
=
=

MIN_COUNT_ITEM

USE_CATEGORY_SWITCH

REMOVE_COMMON_ITEMS
REMOVE_COMMON_USERS
USE_SESSION_TIME_SAVE

Figure 5.14.: Correlation diagram of the hyperparameters for the data set RetailRocket
with £ =10

These data suggest that the TGR model matches or exceeds the accuracy and re-
commendation classification performance of established GNN-based models when no
minimum number of nodes is used. However, a direct comparison between these models
is often not feasible, as TGR was explicitly designed for internal comparison with the
Refurbed data set and is therefore not optimized for small session sizes, a feature that has
been touted as beneficial in other studies [Wu+20a]. Despite these limitations, a score of

P@20 = 1 was still obtained, a surprising and encouraging result.

Future research should confirm the reproducibility of these findings and examine the
possible impact of § between PQK and MM RQK. The author suspects that this

discrepancy may introduce bias in the results, and further investigation is warranted.

In summary, the analysis shows that the TGR model has effectively addressed the
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problem of the RetailRocket dataset, outperforming traditional GNN-based models
regarding precision and classification accuracy. However, the relatively small § between
PQK and MM RQK requires further investigation before concluding. It is important to
note that this comparison focuses only on positive metrics. An analysis that includes the
metric RQK™ would be beneficial, as it could reveal potential advantages of the TGR

model or expose the strengths and weaknesses of competing models.

5.4.8. Open topics

This section presents a list of research topics that should be addressed in future research
based on the RetailRocket data set.

MRRQK — PQK The observations indicate that when an item is hit in PQK, it is
unlikely to have a position of 1. A similar trend is expected for the corresponding
values of M RRQK [Wu+20a; Gao+21]. These results may indicate possible

inconsistencies in the model that require further investigation.

Criterion Alternative criteria that may better fit this model have not yet been evaluated.

Research in this direction would be beneficial.

Min/Max number of edges For this model to not lose its ability to generate recom-
mendations, more research is needed to determine how many edges each node (user
or item) requires in the bipartite graph. Similarly, more research is needed to
determine whether a maximum number of edges reduces prediction quality, since

prediction of these edges is more likely than that of more unknown nodes.

use-session-time-save or use-category-switch It is unclear whether both parameters
provide similar improvements and which is most appropriate for this data set. More
research is needed in this regard. Furthermore, the functions behind these methods

could be examined to see if similar approaches are more appropriate.

embedding-dimension-for-user for use-dimension-for-user The optimal hidden size for
this data set has not been adequately investigated. More research is needed to

determine the most appropriate hidden size of this particular task.

In general, uncertainties remain regarding the suitability of this model and possible
avenues for improvement. Thorough research is needed to determine the threshold beyond

which the model’s ability to detect and predict sessions diminishes. Overall, it can be
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declared that TGR is suitable for the RetailRocket data set and gives perfect results in

certain situations with a minimum number of items in a session.

5.5. YooChoose

This section describes the experiments and their results obtained with the YooChoose
dataset, available in section 4.3. Due to the faster network training time, Yoochoose 1//
is chosen, as described in subsection 2.5.1. The hierarchical architecture confirmed in

section 5.5 is used.

5.5.1. Experiment A

In Figure 5.15, the results of Ezperiment A are shown for the data set YooChoose with
K = 10. The experimental setup is described in subsection 5.1.1. In contrast to other
datasets, the parameter RANDOM applies to NEGATIVE-SAMPLER, which is explained in
subsection 5.5.2. The metrics used are defined in subsection 2.5.2. All data are available
in Table A.16.

The results demonstrate that RUN-MODE when paired with the parameter SESSION
and coupled with negative sampling through RANDOM, provides the best results. The
recommendation system achieves an excellent PQK value of 0.9998, closely followed
by a MRRQK value of 0.9996. These elevated values suggest that the system can
consistently generate a substantial fraction of correct recommendations within the top X

recommendations, and the position of these recommendations is nearly perfect.

In contrast, the other two parameters for RUN-MODE, namely STRUCTURAL and
HISTORY, yield similar results. The STRUCTURAL produces a PQK value of 0.9996, while
the HISTORY produces a PQK value of 0.9998.

Such similarities extend to metrics RQK"™ = 1 and PQK"™ with a value of 0.0099.
These numbers imply that the recommendation system can identify and recommend the
target item based on negative examples.

These results provide valuable information on the influence of RUN-MODE on the
performance of the recommendation system. As observed, SESSION and HISTORY yield
equivalent values, as described in subsection 5.5.4. The reason for this is that there are

no sequential user data.
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Figure 5.15.: Results of Experiment A for the data set YooChoose with IC = 10. Each bar
represents a run of the experiment performed under different specifications
of the hyperparameter RUN-MODE. The first, second, and third experimental
runs are associated with STRUCTURAL, SESSION, and HISTORY, respectively.
This graphical representation facilitates an analytical inspection of the

effects induced by variations in the RUN-MODE hyperparameter.

5.5.2. Experiment B

In the data set YooChoose, it is impossible to compare the different negative sampling
methods. This limitation is caused by the absence of item features necessary to compute
the similarity between the item vectors.

However, in the absence of these features, the challenge is to develop alternative
approaches that compensate for the unavailability of item features while still allowing for
a meaningful comparison of the negative sampling methods. Methods based on other

data features can be used for this purpose, or machine learning techniques to achieve
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an implicit characterization of the elements. One possible approach within this model
is to use the vectors from the embedding layer as a proxy for the features of the items.
However, this approach is only feasible after initial training and could lead to considerable
biases.

This thesis does not address negative sampling approaches based on similar item
information or other techniques when item information is unavailable. This could be
considered in future research. Additionally, this thesis does not explore the potential

impact of this limitation on the performance of the model.

5.5.3. Experiment C
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Figure 5.16.: Results of Experiment C for the data set YooChoose with KL = 10. In run
10, SESSION is applied while CATEGORY-SHIFT is not executed. The purpose

is to explore the effect of this particular hyperparameter.

In this subsection, the results of Fxperiment C are presented, which are performed on
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the YooChoose data set with K = 10, as shown in Figure 5.16. The experimental setup
is described in detail in subsection 5.1.3. The evaluation metrics used in this study are
defined in subsection 2.5.2. The complete results are listed in Table A.17.

For Ezperiment C, the run mode is set to SESSION and the negative sample to RANDOM.
The effect of category changes is only investigated for TGR-SES since it can be considered
independently in this particular case. The results are as follows: PQK = M RRAQK =
RQK™ = 0.9999. These values show that this combination does not significantly degrade
the precision of the recommendation. The results are consistent with those of the previous
experiments.

In general, the results of this experiment indicate that the recommendation system

achieves a high level of accuracy in generating recommendations.

5.5.4. Experiment D

Evaluation of various parameters for HISTORY has not been performed for this data set.
This decision is due to the unique structure of the YooChoose data set, which consists
only of session data. On the contrary, HISTORY requires sequential data, which indicates
an order or sequence beyond the information contained in the session data. Therefore,
using HISTORY is neither appropriate nor necessary in this context since no runs need to
be associated with the data. This conclusion is further demonstrated in Experiment A
of this data set. No discernible differences were found between HISTORY and SESSION,

mainly because sessions cannot be combined.

5.5.5. Experiment E

In this section, the results of Ezperiment E are presented, which was performed on the
YooChoose data set with IC = 10, as shown in Figure 5.17. The experimental setup is
described in detail in subsection 5.1.5. The evaluation metrics used in this study are
defined in subsection 2.5.2. The complete data set can be found in Table A.18.

The analysis of the empirical results shows that the best values for all metrics were
achieved in both tests. It can be concluded that the recommendation system performed
optimally under the test conditions. Thus, the system can generate accurate and relevant
recommendations despite the limited number of items and users.

A significant aspect is that, regardless of hyperparameter oscillations, full accuracy in
discriminating RQK™ is achieved in both experimental tests. This is a robust proof of

the resilience and effectiveness of the system in avoiding unwanted recommendations.
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Figure 5.17.: Results of Ezperiment E for the data set YooChoose with KL = 10. In the

graph, each bar represents a different experimental run performed with
different configurations of the RUN-MODE hyperparameter. Specifically, runs
15 and 16 were run with the SESSION parameter, omitting USE-CATEGORY-
SWITCH. Run 15 is designed to examine the sequence length parameter in
separate analyses, denoted by MIN-COUNT-USER =MIN-COUNT-ITEM =3.
Conversely, run 16 examined the sequence length with the configuration
REMOVE-COMMON-USERS =REMOVE-COMMON-ITEMS =1. For scenarios
not explicitly highlighted, the default hyperparameter settings were used.
This figure allows the study of the effects associated with different sequence

lengths.
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Based on these empirical results, the optimal configuration for recommendation systems
remains elusive, as it does not appear to have a discernible impact. This observation is
particularly impressive because changes in the minimum number do not lead to significant
changes, suggesting that even short sessions could be considered. These empirical findings
provide a remarkable starting point for subsequent research. Although the dilemma
of setting appropriate thresholds for these two parameters remains unresolved, this
experiment provides valuable information, as the choice of MIN-COUNT-USER, MIN-COUNT-
ITEM, REMOVE-COMMON-USERS, or REMOVE-COMMON-ITEMS significantly influences the

results.

5.5.6. Conclusion

This section summarizes the experiments conducted on the RetailRocket data set. The
first experiment examined the effect of hierarchical architecture on network prediction
accuracy. Figure 5.13 shows the results of all experiments conducted on the data set
RetailRocket with K = 10. The evaluation metrics used are defined in the background
subsection 2.5.2.

Experiment A showed that using the SESSION mode in combination with MOST-SIMILAR
produced the best results. The recommendation system achieved an impressive PQK
value of near 1, corresponding to a M RRQK value of 1. On the contrary, the other two
parameters of RUN-MODE, namely STRUCTURAL and HISTORY, showed lower performance
values for the RQK™ metric. Interestingly, the values for PQK and M RRQK were
consistently close in all experiments, possibly indicating a network problem. However, a
more detailed investigation of this issue is beyond the scope of this paper.

Ezxperiment C examined the effect of CATEGORY-SHIFT on SESSION and found no
positive effect. The accuracy of the recommendation system remained unchanged.

Experiment F used optimal hyperparameter configurations and highlighted the signific-
ant effects of choosing the MIN-COUNT-USER, MIN-COUNT-ITEM, and REMOVE-COMMON-
USERS,REMOVE-COMMON-ITEMS of interactions per node on the performance of the
recommendation system. No performance changes were observed based on the metrics
used.

The experiments in the YooChoose data set showed that SESSION provided the most
accurate recommendations. They achieved high values for the metrics PQK, M RRQK,
and RQK™, demonstrating the accurate identification of relevant recommendations.

A correlation matrix is synthesized to quantify the interrelationships among the
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Figure 5.18.: Results of the experiments for the data set YooChoose with I = 10

hyperparameters, as shown in Figure 5.19. The matrix’s correlation coefficients indicate
the associations’ strength and direction. A coefficient of 1 represents a perfect positive
correlation, while -1 represents a perfect negative correlation. Numbers close to 0 indicate
minimal or negligible correlation. In this dissertation, due to the lack of sequences, TGR-
HIS was not used, so there is a corresponding lack of data on USE-SESSION-TIME-SAVE
within the correlation matrix.

A robust positive correlation between the metrics and MIN-COUNT-USER, MIN-COUNT-
ITEM,REMOVE-COMMON-USERS, and REMOVE-COMMON-ITEMS. However, since these
parameters were only examined in a duo of experiments, the comprehensiveness of
these correlations cannot be determined conclusively. Given this inconsistency with the
derived results, the author postulates that these parameters negatively influence their
investigation.

Regarding the hyperparameter USE-CATEGORY-SWITCH, there is a strong positive

correlation. This means that the experimental results indicate a significant influence of

155



5. Experiments

USE-CATEGORY-SWITCH, suggesting its nonuse.

It is crucial to emphasize that this analysis is based on the available data, which
requires further research and validation to understand the relationships between the
metrics better. It is also important to emphasize that correlations alone do not prove
causality. Additional experimental research and analysis are mandatory to confirm the

essential relationships and embeddings of the measured variables.
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Figure 5.19.: Correlation diagram of the hyperparameters for the data set YooChoose
with £ =10

5.5.7. Comparison with other works

The Table 5.9 presents the results of different models to evaluate the recommendation
systems using metrics PQ20 and M RRQ20. Models are compared with different runs of

the TGR model. The results are generally taken from [Hou+22] to ensure consistency
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Model Reference  P@20 M RR@20
FPMC section 5.2 - -
GRU4Rec section 5.2 60.78  27.27
NARM section 5.2 61.67 27.82
SR-GNN section 5.2 61.84 28.15
NISER+ section 5.2 62.99  28.98
LESSR section 5.2 62.89  28.59
SGNN-HN section 5.2 62.49 28.24
SASRec section 5.2 63.55  28.63
GC-SAN section 5.2 63.24 29.0
CL4Rec section 5.2 63.61 28.73
CORE section 5.2 64.61 28.24
TGR (Experiment: 10) 0.99 0.99

TGR (Experiment: 15) 1 1

TGR (Experiment: 16) 1 1

TGR (Experiment: 20) 0.99 0.99

Table 5.8.: Results of the experiments for the data set YooChoose, Results based on:

[Hou+22]
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in interpreting the results, referencing individual models in the appropriate sections.
Descriptions of the experiments can be found in the appropriate subsections of this

section or, more generally, in section 5.1.

Run 20 is similar to run 10, except that no minimum or maximum filtering of nodes is
applied to ensure a fair comparison with the other models, and it is based on YooChoose
1/64, since otherwise a computing time would have been needed, which cannot be done

within the scope of this thesis.

The models compared include FPMC, GRU/Rec, NARM, SR-GNN, NISER+, LESSR,
SGNN-HN, SASRec, GC-SAN, CL/Rec, and CORE. These models have received con-
siderable attention in previous studies, and their performance for various scenarios and

data sets has been extensively investigated.

The Table 5.9 demonstrates that the TGR consistently achieves impeccable values for
P@20 and M RR@20, regardless of whether the minimum number of interactions per
node is reduced, outperforming other GNN-based models. For example, in run 10, the
P@20 value is 0.99, in contrast to the value of P@Q20 = 52.89 obtained for CORE. This

trend remains consistent even in run 20, where an PQ20 = 0.99 is recorded.

These data suggest that the TGR model matches or exceeds the recommendation
accuracy of established GNN-based models when no minimum number of nodes is used.
However, a direct comparison between these models is often not feasible, as TGR was
explicitly designed for internal comparison with the Refurbed data set and is therefore
not optimized for small session sizes, a feature that has been touted as beneficial in other
studies [Wu+20a]. Despite these limitations, a score of P@20 = 0.99 was still obtained,

a surprising and encouraging result.

Future research should confirm the reproducibility of these findings and examine the
possible impact of § between PQK and MM RQK . The author suspects this discrepancy

may introduce bias into the results, and further investigation is warranted.

In summary, the analysis shows that the TGR model has effectively addressed the
problem of the YooChoose data set, outperforming traditional GNN-based models re-
garding precision and accuracy. However, the relatively small § between PQK and
MM RQK requires further investigation before concluding. It is important to note that
this comparison focuses only on positive metrics. An analysis that includes the metrics
RQK™ would be beneficial, as it could reveal potential advantages of the TGR model or

expose the strengths and weaknesses of the competing models.
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5.5.8. Open topics

This section presents a list of research topics that should be addressed in future research
based on the YooChoose data set.

MRRQK — PQK Observations suggest that when an item is hit in PQK, it is unlikely
to have a position of 1. A similar trend is expected for the corresponding values of
MRRQK [Wu+20a; Gao+21]. These findings may indicate possible inconsistencies

in the model that require further investigation.

Criterion The evaluation of alternative criteria that may better fit this model has not

yet been performed. Future research in this direction would be beneficial.

Negative sampling There is a need to explore alternative approaches to the meaningful
comparability of negative sampling methods without item characteristics. Consider-
ation could be given to embedding layer vectors, which may have a bias. [Min/Max
number of edges| More research is needed to determine how many edges each node
(user or item) requires in the bipartite graph so that this model retains its ability
to generate recommendations. Similarly, more research is needed to determine if
a maximum number of edges reduces the predictive quality, as the prediction of

these is more likely than more unknown nodes.

use-session-time-save or use-category-switch It is unclear whether both parameters
offer similar improvements and which is most appropriate for this data set. More
detailed research is needed in this regard. Also, the functions behind these methods

could be investigated to see if similar approaches are more appropriate.

embedding-dimension-for-item for use-dimension-for-item The optimal hidden size for
this data set has not been adequately studied. More research is needed to determine
the most appropriate hidden size for this particular task. This is also true for the
hyperparameters that control user embeddings (EMBEDDING-DIMENSION-FOR-USER
for USE-DIMENSION-FOR-USER).

In general, uncertainties remain regarding the suitability of this model and possible
avenues for improvement. Thorough research is needed to determine the threshold beyond
which the model’s ability to detect and predict sessions diminishes. Overall, it can be
declared that TGR is suitable for the YooChoose data set and gives perfect results in

certain situations with a minimum number of items in a session.
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5.6. Diginetica

This section describes in detail the experiments and their results obtained with the

Diginetica dataset, which is described in section 4.2.

5.6.1. Experiment A
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Figure 5.20.: Results of Fxperiment A for the data set Diginetica with I = 10. Each bar
represents a run of the experiment performed under different specifications
of the hyperparameter RUN-MODE. The first, second, and third experimental
runs are associated with STRUCTURAL, SESSION, and HISTORY, respectively.
This graphical representation facilitates an analytical inspection of the

effects induced by variations in the RUN-MODE hyperparameter.

In Figure 5.20, the results of Fxperiment A for the data set Diginetica with I = 10
are shown. The experimental setup is described in subsection 5.1.1. The metrics used
are defined in subsection 2.5.2. Result data are available at Table A.6.
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The results indicate that RUN-MODE, combined with the parameter SESSION and
negative sampling MOST-SIMILAR, achieves the best performance. The recommendation
system achieves an excellent PQK value of 0.9429 and an almost identical M RRQK
value of 0.9420. These elevated values suggest that the system can generate a significant
proportion of correct recommendations within the top K recommendations and that the
ranking of correct recommendations is nearly optimal.

In this experiment, it is evident that STRUCTURAL exhibits relatively favorable ac-
curacy in predicting recommendations, albeit with limitations in identifying relevant
negative examples. On the other hand, using RUN-MODE in conjunction with SESSION
shows improved detection of relevant negative examples, albeit at the expense of overall
prediction accuracy. On the contrary, HISTORY achieves nearly flawless prediction ac-
curacy and excels at detecting relevant negative examples, although at a slightly lower
recommendation ranking compared to the other RUN-MODE. The optimal results vary
depending on the metric used.

In particular, the results indicate that the combination of STRUCTURAL with MOST-
SIMILAR produces remarkable results. The values obtained for PQK and M RRQK are
0.8165, which indicates a comparatively accurate prediction capability of the recommend-
ation system and a robust ranking of recommended items. However, the problematic
relationship between PQK and M RRQK still exists and needs further investigation in
future research. In contrast, the values for RQK"™ and PQK™ are notably low at 0.0878
and 0.0008, respectively. This suggests that the system has difficulty distinguishing
positive feedback from randomly selected negative examples and struggles to minimize
the misclassification of irrelevant items.

In comparison, SESSION provides lower scores for PQK and M RRQK at 0.4, indicating
a lower prediction precision and a weaker recommendation ranking for the recommendation
system in this case. However, the scores for RQK™ and PQK™ are significantly higher
than in other runs of this experiment, at 0.7289 and 0.0072, respectively. This suggests
that the system can identify many relevant negative examples, albeit at the expense of
overall prediction accuracy.

In contrast, HISTORY shows almost excellent accuracy with PQK = M RRQK = 0.9952.
This indicates that the recommendation system in this particular mode can make highly
accurate predictions and effectively sort the recommended items. The RQK™ = 0.5176
score outperforms the results of STRUCTURAL, indicating that the system can detect
a reasonable number of relevant negative examples, although not as effectively as in

SESSION.
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These results generally confirm the previously expected results and the relevance of the
hyperparameters chosen to determine the performance of GNN-based recommendation
systems. However, further investigations are necessary. In particular, it is interesting to
investigate why the TGR-SES results show unexpectedly weak performance, especially
considering that the TGR-HIS results are based on them. One possibility could be that
the items only have a feature depth of 12. At the same time, the hidden size of the
session graph (G*, described in subsection 3.4.2 is much larger by default at 200. This

aspect deserves further investigation.

5.6.2. Experiment B

In Figure 5.21, the results of Fxzperiment B for the data set Diginetica with I = 10 are
shown. The experimental setup is described in subsection 5.1.2. The metrics used are
defined in subsection 2.5.2. Result data are available in Table A.7. The results from
runs 1-3 are provided in subsection 5.6.1 and compared with the other negative sampling
methods in this section.

Runs 1, 4, and 7 apply to the STRUCTURAL parameter. Interestingly, the RANDOM
negative sampling method provides the best results in this setup. While the values for
positive feedback are very similar, suggesting a negligible impact, the more intriguing
aspect is the impact on the metrics, where the negative feedback scores are PQK = 0.8384
and RQK"™ = 0.1821. While the values for positive feedback are very similar, suggesting
a negligible impact, the more intriguing aspect is the impact on metrics that account for
negative feedback. There is more than a twofold improvement in the results, although
they generally remain inferior to the positive metrics.

Runs 2, 5, and 8 investigate the SESSION parameter. Surprisingly, the MOST-SIMILAR
and LESS-SIMILAR sampling methods do not meet the author’s expectations, performing
worse than the other two RunModes. It is interesting to note that RANDOM performs worse
than STRUCTURAL, with PQK = 0.2707, comparable to the performance of HISTORY.
This suggests that STRUCTURAL randomly selects more appropriate negative examples
than the other two run modes. More research is needed, especially when considering
metrics that account for negative examples. In this experiment, 100 randomly selected
negative targets were considered. If the author assumes that randomly selected items give
worse results in SESSION, they would also give worse results as negative examples. However,
this contradicts the excellent results of RQK™ = 0.7289 compared to RQK"™ = 0.1821 in
STRUCTURAL, where the best result is obtained in this comparison. This discrepancy
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Results of Ezperiment B for the data set Diginetica with K = 10. Each
bar in the graph represents a unique run of the experiment. These runs
vary according to the different specifications of the hyperparameter RUN-
MODE, which is used in conjunction with NEGATIVE-SAMPLER. The first,
second, and third runs are associated with STRUCTURAL, SESSION, and
HISTORY, respectively. In these runs, they are combined with MOST-SIMILAR.
The fourth, fifth, and sixth runs again use STRUCTURAL, SESSION, and
HISTORY. However, in these runs, they are paired with RANDOM. Lastly, the
seventh, eighth, and ninth runs utilize STRUCTURAL, SESSION, and HISTORY,
respectively. In these instances, they are paired with LESS-SIMILAR. This
figure simplifies the analysis of the effects induced by variations in the RUN-
MODE hyperparameter when combined with different NEGATIVE-SAMPLER

options.
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needs to be investigated further. Furthermore, the unusually high results of run two
could be explained by using randomly selected items that positively match the metric. It
is important to note that this study did not include repeated model training. Therefore

future work is needed to replicate these results to explain the differences.

The HISTORY runs are described in 3, 6, and 9. Here, it can be seen that MOST-
SIMILAR gives the best results with PQK = 0.9952, while LESS-SIMILAR also provides
good scores with PQK = 0.8384. Interestingly, the HISTORY parameter with RANDOM
(PQK = 0.2707 and RQK™ = 0.1405) fails to correctly predict a target compared to the
other two runs, which was unexpected by the author. However, RQK™ = 0.7650 still

gives favorable results.

In summary, when considering only positive targets, the combination of HISTORY and
MOST-SIMILAR gives the best results. However, when negative targets are also considered,
LESS-SIMILAR performs significantly better. It remains to be seen whether these changes,

combined with other hyperparameters, yield similar results in subsequent experiments.

5.6.3. Experiment C

In Figure 5.22, the results of Ezperiment C for the Diginetica data set with I = 10 are
presented. The experimental setup is described in subsection 5.1.3. The metrics used are
defined in subsection 2.5.2. Result data can be found in Table A.8.

In this experiment, the run mode was set to SESSION, and the negative sample was set
to MOST-SIMILAR. The influence of CATEGORY-SHIFT was only examined for TGR-SES
since it can only be considered separately. The results are as follows: PQK = 0.4344,
MRRQK = 0.4344, RQK™ = 0.4213, and PQK"™ = 0.0042. These scores indicate that
this combination does not significantly improve the precision of the recommendation.
Furthermore, it can be observed that the negative metrics are particularly affected and
show a significant negative impact. The results of this experiment are less robust than
those obtained with CATEGORY-SHIFT, which is consistent with the expectation that
the degradation of the category change functionality may have a negative impact, as

discussed earlier in the data analysis for this data set.

In general, the findings of this experiment indicate that the recommendation system has
low accuracy in recommendation generation and a tendency toward poor recommendation

ordering. Future experiments will determine if this is also true for the SESSION in general.
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Figure 5.22.: Results of Ezperiment C for the data set Diginetica with L = 10. In run
10, SESSION is applied while CATEGORY-SHIFT is not executed. The purpose

is to explore the effect of this particular hyperparameter.

5.6.4. Experiment D

In Figure 5.23, the results of Fzperiment D for the data set Diginetica with JC = 10 are
shown. The experimental setup is described in subsection 5.1.4. The metrics used are
defined in subsection 2.5.2. Result data are available in Table A.9.

The first combination is MOST-SIMILAR without using CATEGORY-SHIFT and USE-
SESSION-TIME-SAVE. Here, the values of PQK = M RRQK = 0.8078 were obtained.
The results indicate that the model generally has no difficulty generating relevant
recommendations across the entire set of experiments. However, compared to other
runs in Fxperiment D, other runs produced higher accuracy. In particular, looking
at RQK™ = 0.0971, it is clear that this model cannot prioritize the positive target

over the negative examples, which indicates that the model could not capture the
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Figure 5.23.: Results of Fxperiment D for the data set Diginetica with I = 10. Runs

11 through 14 apply HISTORY while excluding both CATEGORY-SHIFT and
USE-SESSION-TIME-SAVE. The purpose is to investigate the effect of the
USE-SESSION-TIME-SAVE hyperparameter. Specifically, runs 11, 12, and
14 do not use CATEGORY-SHIFT and USE-SESSION-TIME-SAVE. However,
run 12 uniquely includes min-max normalization. In contrast, run 13 uses
CATEGORY-SHIFT but excludes USE-SESSION-TIME-SAVE. Finally, run 14 uses

LESS-SIMILAR, while all other runs of this experiment use MOST-SIMILAR.

complexity of the data and adequately model the differences between positive and

negative examples. However, compared to the CATEGORY-SHIFT enabled, it shows that
PQK = MRRQK = 0.9415, indicating that this configuration can generate better
recommendations. The high value of RQK™ = 0.9489 indicates that most negative

examples were correctly identified, which could indicate that using CATEGORY-SHIFT in

conjunction with GNN allows better modeling of the interactions and thus improves the

quality of the recommendations. In comparison, LESS-SIMILAR yields worse values in all
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metrics: PQK = 0.5542, M RRQK = 0.5536, RQK™ = 0.1863. These moderate values
indicate that only some negative examples were correctly identified. However, compared
to the first run of this experiment, it appears that the number of examples incorrectly
identified as negative has been somewhat reduced. Overall, however, this configuration
shows limited modeling capability and reduced ability to capture interactions in the data
adequately.

These results highlight the significant impact of hyperparameter selection on the
performance of the recommendation system. In particular, varying the usage of USE-
SESSION-TIME-SAVE resulted in notable variations in metric scores, especially compared to
previous experiments on this data set. However, it remains unclear whether the problem
is solely due to the chosen method or whether manipulating session embeddings with
timestamps to establish temporal distinctiveness for the attribution layer is inappropriate.
Further investigation of this issue is beyond the scope of this paper. On the other hand,
the use of USE-CATEGORY-SWITCH has shown positive effects, significantly improving

metrics that account for negative feedback.

5.6.5. Experiment E

In Figure 5.24, the results of Exzperiment E for the data set Diginetica with IC = 10 are
shown. The experimental setup is described in subsection 5.1.5. The metrics used are
defined in subsection 2.5.2. The results are available in Table A.10.

This experiment used the most effective hyperparameters for TGR-SES and TGR-HIS.
Runs 15 and 16 are used with TGR-SES, MOST-SIMILAR, and CATEGORY-SHIFT disabled.
Runs 17 and 18 used TGR-HIS with MOST-SIMILAR disabled and without USE-SESSION-
TIME-SAVE, but with USE-CATEGORY-SWITCH enabled. These runs investigated whether
TGR-SES performs better with a different number of data points and whether the
previous optimal configuration for this data set remains equally effective with a different
number of edges per node.

Runs 15 and 17 focused on evaluating five minimal items and users. The results showed
that both TGR-SES and TGR-HIS achieved PQK = M RRQK = 1, suggesting that the
model accurately identified the most relevant items and positioned them among the top
recommendations K. However, it is important to note that due to the reduced number
of nodes, only 200 edges could be examined, resulting in a lower probability that items
will be included in the top recommendations K. Examining the negative values, obtain
P@QK™ = 0.7700 for TGR-SES and PQK"™ = 0.8850 for TGR-HIS. This implies that
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Figure 5.24.: Results of FExperiment E for the data set Diginetica with I = 10. The
graph illustrates various experimental runs. Runs 15 and 16 utilized the
SESSION parameter, excluding USE-CATEGORY-SWITCH, while runs 17 and 18
employed the HISTORY parameter, excluding both USE-CATEGORY-SWITCH
and USE-SESSION-TIME-SAVE. Additionally, runs 15 and 17 were designed
to study the sequence length parameter, represented by MIN-COUNT-USER
=MIN-COUNT-ITEM =3. In contrast, runs 16 and 18 explored sequence length
with the configuration REMOVE-COMMON-USERS =REMOVE-COMMON-ITEMS
=1. Default hyperparameter settings were applied in scenarios not explicitly

mentioned.
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longer sequences, which may provide more information about user preferences, may have
a positive effect. It was also observed that TGR-HIS remained the superior execution
mode.

In contrast, Runs 15 and 17 removed 0.1 of the items and users most frequently used.
It was found that TGR-SES achieved PQK = M RRQK = 0.13733, PQK"™ = 0.2217,
while TGR-HIS achieved PQK = M RRQK = 0.4426, PQK™ = 0.1075. These results
suggest that the precision of selecting relevant elements in the recommendations was
lower in this case.

Based on these results, the optimal configuration for TGR in this scenario includes a
minimum of three items, three items, a maximum of 0.05 items, and 0.05 users. This
finding is particularly noteworthy because the minimum number of 5 does not show
significant changes, suggesting that short sessions can be considered. These results
serve as a starting point for further research. The question of determining appropriate
thresholds for these two parameters remains open. However, it can be addressed through
this experiment as the choice of minimum and maximum numbers significantly affects

the results.

5.6.6. Conclusion

This section summarizes the experiments conducted on the Diginetica data set. The
Figure 5.25 shows the results of all experiments performed on the data set Diginetica
with K = 10. The evaluation metrics used are defined in subsection 2.5.2.

Ezxperiment A showed that the use of the HISTORY mode in combination with MOST-
SIMILAR yielded the best results. The recommendation system achieved an impressive
PQK of 0.9629, closely matching the M RRQK of 0.9629. On the contrary, the other two
parameters for RUN-MODE, namely STRUCTURAL and HISTORY, showed lower performance
values. It is interesting to note the proximity of the PQK and M RRQK values across all
experiments, which may indicate a potential network problem. However, a more detailed
investigation of this issue is beyond the scope of this thesis. Fxperiment B compared
negative sampling methods for the three different RUN-MODE parameters. The results
showed that combining MOST-SIMILAR with HISTORY produced the best results while
combining RANDOM with SESSION produced the worst results. The choice of negative
sampling had a significant impact on evaluation metrics.

Ezperiment C examined the effect of CATEGORY-SHIFT on SESSION and showed that

it had no positive influence. The recommendation system showed low accuracy and an
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Figure 5.25.: Results of the experiments for the data set Diginetica with JIC = 10

inferior recommendation order.

Ezxperiment D investigated the effect of different hyperparameters on the performance
of the recommendation system. It showed that negative sampling positively affected
the evaluation metrics, and the choice of the hyperparameter USE-SESSION-TIME-SAVE
resulted in significant variations in the metric values.

Experiment E used the best configurations of the hyperparameters and highlighted the
significant impact of the choice of the minimum and maximum number of interactions
per node on the performance of the recommendation system.

In summary, the mode HISTORY combined with the negative sampling method MOST-
SIMILAR had the most significant impact on the performance of the recommendation
system. On the contrary, the change in the category had no positive effect. The choice of
hyperparameters, especially negative sampling in run mode, also significantly impacted
the metric values.

In Figure 5.26, a correlation matrix was constructed to analyze the relationships
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Figure 5.26.: Correlation diagram of the hyperparameters for the data set Diginetica
with £ =10

between various hyperparameters. The matrix’s correlation coefficients indicate the
strength and direction of the correlations, with a coefficient of 1 indicating a perfect
positive correlation and -1 indicating a perfect negative correlation. Values close to 0
indicate negligible or minimal correlation.

MIN-COUNT-USER or MIN-COUNT-ITEM show a relatively strong positive correlation,
which is less pronounced for REMOVE-COMMON-USERS or REMOVE-COMMON-ITEMS.
However, it is important to note that since these parameters were only examined in two
experiments, it is impossible to determine the extent of these correlations conclusively.

Regarding the hyperparameter USE-CATEGORY-SWITCH, a moderate negative correla-
tion is observed. This suggests that the data do not support the assumption of a strong

influence made in the experiment. Similarly, a more positive correlation is observed for
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USE-SESSION-TIME-SAVE.

It is important to underline that this analysis is based on the available data, and
further investigation and verification are required to understand the relationships between
the metrics better. It is also important to note that correlations alone do not establish
causality. Additional experimental research and analysis are required to confirm the
measured variables’ underlying relationships. However, the number of minimum elements
per node appears to have the greatest influence, as supported by other studies [Wu+20a].
The feasibility and effectiveness of using different strategies is a matter of debate and

warrants further exploration in future research.

5.6.7. Comparison with other works

Model Reference  P@20 M RR@20
FPMC section 5.2 31.83 8.79
GRU4Rec section 5.2 45.43 14.77
NARM section 5.2 47.68 15.58
SR-GNN section 5.2 48.76  16.93
NISER+ section 5.2 51.23  18.32
LESSR section 5.2 48.8 16.96
SGNN-HN section 5.2 50.89 17.25
SASRec section 5.2 49.86 17.19
GC-SAN section 5.2 50.95 17.84
CL4Rec section 5.2 50.03 17.26
CORE section 5.2 52.89  18.58
TGR (Run: 12) 0.97 0.96
TGR (Run: 13) 094  0.94
TGR (Run: 17) 0.44 0.44
TGR (Run: 20) 0.38 0.37

Table 5.9.: Results of the experiments for the data set Diginetica, Results based on:
[Hou+22]

The Table 5.9 presents the results of different models to evaluate the recommendation
systems using metrics PQ20 and M RR@Q20. Models are compared with different runs of

the TGR model, which achieved different performance values in experiments. The results
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were obtained from Hou et al. [Hou+22] to maintain consistency while interpreting the
outcomes, and each model is referenced in its respective section. In run 20, there was no
application of minimum or maximum filtering of nodes to ensure a fair comparison with
the other models, unlike run 13.

The models compared include FPMC, GRU/Rec, NARM, SR-GNN, NISER+, LESSR,
SGNN-HN, SASRec, GC-SAN, CL4Rec, and CORE. These models have received con-
siderable attention in previous studies, and their performance for various scenarios and
data sets has been extensively investigated. It is important to recognize that most of the
models used for comparison address the cold-start problem only indirectly, using advanced
techniques such as GNNs, self-learning mechanisms, RNNs, and latent factor modeling
[RFS10; Hid+16; Li+17; Wu+19; Gup+21; CW20]. These techniques make it possible to
model relationships between users and items, identify relevant patterns in the data, and
make predictions based on general features rather than specific interactions, which could
address cold-start challenges [Wu+20a; Gao+21; Wan+21b]. For example, CORE solves
this problem by introducing the idea of meta-optimization into recommendation scenarios
[Hou+22]. The core idea is to learn global, shared meta-initialization parameters for
all users and quickly adapt them to local parameters for each user. This enables fast
adaptation to new users with learned prior knowledge [Hou+22].

As shown in the table, the TGR generally exhibits lower values for P@Q20 and M RR@Q20
when the number of minimum interactions per node is reduced compared to the other
models based on GNN. In run 17, the value of P@Q20 is 0.97, while for CORE, it is
P@20 = 52.89. However, the perspective on the results changes when looking at run 20,
where only P@20 = 0.38 is obtained.

The results suggest that the TGR model is less effective in precision and recommenda-
tion classification than the established GNN-based models when a minimum number of
nodes is not used. This difference could be due to several factors, such as the specific
model architecture, the choice of hyperparameters, or the datasets used. It is import-
ant to note that the effectiveness of recommendation systems strongly depends on the
characteristics of the application domain and the underlying data. Furthermore, a direct
comparison between these models is not feasible since TGR is explicitly designed to
allow internal comparison with the Refurbed data set and is therefore not optimized for
small session sizes, as suggested and found beneficial in other studies [Wu+20a]. Future
experiments should investigate whether the models used here for comparison perform
better or equally well with a minimum number of nodes or how TGR performs with a

completion strategy.
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In general, the analysis of the results indicates that the TGR model needs to improve
in terms of precision and classification accuracy compared to established GNN-based
models. However, several approaches and possibilities exist to improve the model’s
performance and effectiveness as a recommendation system. Future research should focus
on exploring and implementing such approaches to optimize the quality and relevance of
user recommendations. It should be noted, however, that this comparison only considers
positive metrics. Including a comparison using the metrics, RQK", would be beneficial

as it can favor TGR or reveal the strengths and weaknesses of the other models.

5.6.8. Open topics

This section presents a list of challenges that warrant exploration in future work, particu-

larly in the context of the Diginetica data set.

MRRQK — PQK The observations indicate that when an item is hit in PQK, it is
unlikely to have a position of 1. A similar trend is expected for the corresponding
values of M RRQK [Wu+20a; Gao+21]. These results may indicate possible

inconsistencies in the model that require further investigation.

Criterion Alternative criteria that may better fit this model have not yet been evaluated.

Research in this direction would be beneficial.

use-session-time-save Further empirical research is warranted to assess the suitability of
this hyperparameter. In addition, possible alternative formulations for optimizing

its value should be explored.

use-category-switch A comprehensive analysis is required to evaluate the suitability of

this hyperparameter. Exploring other methods such as KG can also be beneficial.

Min/Max number of edges More research is needed to determine how many edges each
node (user or item) requires in the bipartite graph so that this model does not
lose its ability to generate recommendations. Similarly, more research is needed
to determine if a maximum number of edges reduces the predictive quality, as the

prediction of these is more likely than more unknown nodes.

embedding-dimension-for-user for use-dimension-for-user The optimal hidden size for
this data set has not been adequately investigated. More research is needed to

determine the most appropriate hidden size of this particular task.
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In general, uncertainties remain regarding the suitability of this model and potential
avenues for improvement. Thorough research is needed to determine the threshold at
which the model’s ability to detect and predict sessions effectively diminishes. Therefore,

it should be conclusive whether this model is appropriate for the Diginetica data set.

5.7. Conclusion

In this thesis, several experiments have been conducted using 4 data sets. The results of
these experiments are summarized and discussed in this section. The model used in this
thesis TGR is defined in chapter 3. Here, the results for the data set Diginetica can be
found in section 5.6, Refurbed in section 5.3 and RetailRocket in section 5.4.

Furthermore, this thesis is contextualized with the baseline models listed in section 5.2.

In Figure 5.27, a comparison of the model results is presented, focusing on different run
modes. The results of the best runs per data set are shown and compared to the CORE,
SR-GNN, and Uni-GNN models. The CORE model (section 5.2) has been selected as
the baseline model with the best performance. SR-GNN (section 5.2) is chosen due to its
similarity to the approach proposed in TGR-SES. Since Refurbed can only be compared
to Uni-GNN (subsection 5.3.7), it is also included in the figure.

The best configurations for the Refurbed data set are run 4 of TGR-STR, run 10 of
TGR-SES, and run 12 of TGR-HIS. For the Diginetica dataset, run 1 of TGR-STR,
run 2 of TGR-SES, and run 13 of TGR-HIS were selected as the best configurations.
For the data set RetailRocket, run 7 of TGR-STR, run 10 of TGR-SES, and run 13 of
TGR-HIS are selected. Finally, for the data set YooChoose, run 1 of TGR-STR, run 10
of TGR-SES, and run 3 of TGR-HIS are selected.

The results indicate that TGR-HIS performs best with the configurations of runs 12
and 13, which implies that the usage of USE-CATECORY-SWITCH and USE-SESSION-TIME-
SAVE should be avoided. TGR-SES is most effective with the configurations of run 10,
indicating that USE-CATEGORY-SWITCH should also be eliminated. Since the results of
TGR~STR are not directly comparable to the others, further discussion of this run mode
is omitted.

For the data set Diginetica, the experiments showed that TGR-HIS in combination
with MOST-SIMILAR and USE-SESSION-TIME-SAVE = 0 produced the best results. This con-
figuration achieved impressive values for P@Q10 = M RR@10 = RQ10'%° = 0.94, although
the differences between the three metrics are minor and can be ignored. Additionally,

the minimum sequence length per session was necessary for this data set because the

175



5. Experiments

Conclusion experiments TGR (positive feedback)

1.00
s mm TGR-STR
% 075 mm TGR-SES
a mm TGR-HIS
g 050 mmm CORE-trm
= s SR-GNN
0.25
E I I I I mm Uni GNN
0.00
Refurbed Diginetica Retailrocket  Yoochoose
Data sets
Conclusion experiments TGR (negative feedback)
1.00
=R = TGR-STR
% 0.75 ms= TGR-SES
g s TGR-HIS
%: 0.50 s CORE-trm
& mmm SR-GNN
o 025 .
.§: I l m Uni GNN
0.00
Refurbed Diginetica Retailrocket Yoochoose
Data sets

Figure 5.27.: Comparison of the best performing runs of TGR with a configuration
parameter of IC = 20 with baseline models. Since these configurations have
been the most successful ones selected for TGR, this analysis may have
limitations in terms of comparability when compared to results from other

models.

results with PQ10 = 0.3795 are significantly worse since no minimum length was set.

For the data set Refurbed, TGR-SES in combination with MOST-SIMILAR and USE-
CATEGORY-SWITCH = 0 resulted in the best results. The values obtained for PQ10 =
MRR@10 = 0.9854 and R@10'%° = 1 are also close to perfection. In contrast to the data
set Diginetica, this data set focuses specifically on items and users that are frequently
used. Furthermore, in this data set, the information obtained by combining with sessions
appears to be detrimental to the results.

For the data set RetailRocket, TGR-HIS combined with MOST-SIMILAR and USE-
CATEGORY-SWITCH = ( provided the most accurate recommendations. This setup
achieved perfect values for P@10 = M RRQ10 = R@10'% = 1, indicating a very accurate
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identification of relevant recommendations. Interestingly, TGR-SES also appears to
produce similar results. However, as in Refurbed, the use of USE-CATEGORY-SWITCH
seems to have a negative impact on the results.

For the data set YooChoose, TGR-SES combined with RANDOM and USE-CATEGORY-
SWITCH = 0 provided the most accurate recommendations. This setup achieved perfect
values for PQ10 = M RR@10 = RQ10'% = 1, indicating a highly accurate identification
of relevant recommendations. The exciting thing is that this data set achieved perfect
results with RANDOM, which was not the case with other data sets.

Comparison of TGR with the baseline models shows that the presented model outper-
forms the other available models when a minimum session length is specified.

Thus, the model presented in this thesis can take advantage of temporal dependencies
and the sequential nature of user behavior, leading to improved recommendation accuracy
and the ability to capture long-term user preferences. Such capabilities can be considered
as the reason why the baseline models have outperformed. This comparison emphasizes
the superiority and potential of recommendation systems as a promising approach in the
field.

The TGR recommendation system achieved excellent performance in all three data
sets. The choice of negative sampling and run modes significantly impacted the metric
values. Although the STRUCTURAL mode often struggled to exclude irrelevant elements,
the run modes that processed the session graph yielded better values. The negative
sampling method that shows the most promising results appears to be MOST-SIMILAR.

These observations highlight the potential of utilizing hierarchical structures to integrate
sequential and session recommendation systems into a recommendation system that
employs DGNN. They also provide insight into the factors that impact the performance
of these systems. More research is needed to understand the underlying issues and
determine the optimal configurations for specific use cases, which are discussed separately

in section 6.2.
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This chapter provides a comprehensive overview of the development of TGR, which
combines session-based and sequence-based recommendation systems. It discusses the
objectives achieved and suggests possibilities for future research to enhance the model.
The summary of this thesis can be found in section 6.1. Furthermore, open research
challenges that could not be addressed within the scope of this thesis are presented and
categorized in section 6.2. Finally, section 6.3 provides an outlook on the significance
of this research in the field of recommendation systems and suggests future research

directions.

6.1. Summary

This thesis integrates session-based and sequential recommendation systems to generate
personalized recommendations based on user behavior and context.Based on the results,
this approach could increase user engagement and satisfaction [Guo20; E C17]. The TGR
model uses DGNN to capture and model user behavior in multiple sessions to improve
the effectiveness of combined recommendation systems. In TGR, the dynamic graph is
updated during training to reflect the current structure and relationships in the graph.
To ensure an accurate prediction, TGR consists of three layers.

The initial layer, TGR-STR, serves as the model’s foundation and takes advantage of
the ability DGNNs to learn dynamic information from neighboring nodes. It considers
the neighborhood relations for each user v € U and each item ¢ € Z within a global
bipartite graph. Based on this layer, TGR-SES focuses on processing user sessions
as individual session graphs. Each session graph represents the interactions of a user
within a session. These session graphs are processed using GNNs to extract relevant
information for recommendations. The layer TGR-HIS integrates sequential and session-
based recommendation systems into a unified model. It combines a user’s historical
session graphs with the current session to generate improved recommendations.

In summary, TGR provides relevant and personalized recommendations by learning
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from user interactions. It uses graph-based methods and attention mechanisms to
accommodate the dynamic relationships between users, articles, and interactions over
time, resulting in personalized recommendations. This approach leads to enhanced
personalization of recommendations, subsequently leading to increased user satisfaction.
A comparison with several relevant baseline models in the research demonstrates the
impressive dominance of TGR, especially when considering the minimal duration of the
session. The results highlight the potential of the hierarchical structure of the TGR
model to combine session-based and sequential recommendation systems with a DGNN.

The TGR recommendation system performed well in all four data sets. These results
contribute to advancing recommendation system research and guide future extensions
and optimizations.

Addressing the open issues identified in section 6.2 has considerable potential to
significantly transform recommendation systems, making this approach a promising
avenue for exploration. As outlined in section 1.2, these challenges are on the verge of
being resolved conclusively. Successfully addressing these issues is expected to lead to
more robust, efficient, and effective systems that better meet the needs of users and

stakeholders and, therefore, should be investigated further.

6.2. Future Work

This section summarizes the challenges identified in this thesis, discussing the challenges,
and proposing possible solutions.

Incorporating the neighborhood relationships of categories and users, as well as their
social relationships, in the embedding of the layer TGR-STR can be beneficial, as current
research by Zhou et al. [Zho+23] suggests. One main challenge is developing effective
methods to model neighborhood relationships between items and categories. Capturing
patterns in relationships between different items can help improve the accuracy of recom-
mendations. By incorporating category neighborhoods, the model could identify similar
items based on their category membership, providing more accurate recommendations
[Zho+23]. However, implementing this feature presents some challenges, as the layer
would need to be structurally modified to accommodate the additional information.

A significant research challenge related to GNN-based recommendation systems is
investigating the effects of different combinations of hyperparameters. Although progress
has been made in optimizing hyperparameters, unexplored combinations may still posit-

ively or negatively impact the model’s accuracy. An overview of this topic can be found
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in subsection 3.7.1.

It should be noted that the selection of optimal hyperparameters is highly dependent
on the specific characteristics of the data set. Therefore, other data sets not studied
in this thesis may require different parameters. Exploring which parameters are most
appropriate for different data sets could be a subject of future research.

Several challenges emerged when evaluating the TGR model using the data sets
Diginetica, Refurbed, YooChoose, and RetailRocket. When evaluating the accuracy of
the recommendation using metrics M RRQK and PQK, it was found that they are
very similar and almost identical, resulting in § < 0.1. This indicates a problem in the
model that the author could not identify. This problem could be significant and therefore
requires further investigation in the future. To investigate whether there is a fundamental
problem with the model, the edges of the user were replaced by random items in the
Diginetica data set. Accordingly, (u1,i1) — (u1,i,) where r is a random number selected
from all possible product indices. In this experiment, PQK = M RRQK = 0.6813
has been obtained. This corresponds to ¢ for the comparison experiment with the real
0 = 0.2876 data set. It can be concluded that TGR can detect patterns in the data.
However, it should be noted that PQK and M RRQK are still too similar and that
the score may be too high for a random data set. In summary, it cannot be ruled out
that there is a fundamental problem, although the model has demonstrated some ability
to predict patterns. Potential causes could be in the implementation of the metrics
themselves. Another reason could be that the random comparison dataset based on the
Diginetica dataset does not provide true randomness. Since this data set is relatively
limited, certain patterns may have emerged. It is also possible that the scoring calculation
is incorrect. There could be insufficient pre-processing of the data, including incorrectly
coded data or other anomalies that could affect the evaluation of the model. Since
the TGR model may be too complex, this could lead to overfitting. Furthermore, the
optimization of the model may not have converged during training, leading to sub-optimal
weights and poorer performance. Optimization was not examined during the experiments.
However, the author found no errors, so these possible causes may not be complete or
even the cause.

Another concern is the optimization criterion of GNN models. A more detailed
investigation of the criterion and the exploration of possible adjustments could improve
the performance of TGR, as recent research by Murata and Afzal [MA18] has shown.

Furthermore, there are exciting approaches to using a loss function other than the BCE
Loss function, based on the findings of Raziperchikolaei and Chung [RC22]. Other func-
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tions could significantly influence the predictions, but their impact was not investigated
in this thesis and could be explored in future research [Li+23; RC22].

In addition, problems with session storage M< and processing are observed in TGR-HIS.
Research indicates that disabling the manipulation of session embedding using the USE-
SESSION-TIME-SAVE parameter can lead to degraded results, as observed in the Diginetica
and Refurbed data sets. The process is described in subsection 3.4.2. This indicates that
this model struggles to capture the temporal aspect of sessions accurately. Improving the
modeling of session timing could lead to more accurate recommendations. In theory, the
model should consider the timing of the session to recognize which session is more recent.
Another challenge observed is the switching of categories. The model struggled to respond
appropriately to change in categories during sessions, as demonstrated in experiments
with the data sets Diginetica and Refurbed. As a result, the recommendations did not
always align with the current interests and preferences of the users. Better consideration
of category changes could improve the accuracy and relevance of recommendations. It is
worth considering whether this could be accomplished by integrating it into the TGR-STR
layer.

In addition, TGR potentially compromises scalability as the number of items per
session decreases. Regulation of this characteristic is managed within the model by
parameters MIN-COUNT-USER and MIN-COUNT-ITEM. This limitation could affect the
adaptability of model applications in different contexts. A thorough investigation is
warranted to determine whether this limitation is globally applicable or peculiar to
the Diginetica data set. This assertion is significant, considering that the RetailRocket
data set has no constraints. From a comprehensive analysis, it can be concluded that a
more in-depth exploration of this topic is essential. In particular, this model excludes
consideration of the cold-start problem. Although comparative models do not explicitly
address this aspect, it can be inferred that its potential impact may have been considered
during their development. As a result, a direct comparison of these models becomes
complicated, as demonstrated by the Diginetica data set. However, this phenomenon
does not manifest itself in the RetailRocket data set, where shorter sessions have no
discernible effect. It should be possible to incorporate the cold-start problem into TGR,
and this issue should be considered in future research efforts. The likely solutions to this
challenge are described in subsection 2.3.1.

Furthermore, in the data sets Diginetica and RetailRocket, as shown in section 5.6
and section 5.4, the selected dimension of the user embeddings (EMBEDDING-DIMENSION-

FOR-USER) may not be optimal for accurately representing user preferences. Inadequate
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representation of user preferences can have a negative impact on the quality of recom-
mendations. Careful adjustment of the embedding dimensions can address this issue and
improve the model’s performance. However, for the RetailRocket data set, this problem
can only be identified theoretically, as near-perfect results were obtained with PQK = 1.

Interestingly, in the context of the current research, TGR seems to be optimally suited
for session data, as evidenced by the experiments with the YooChoose data set. The
data set YooChoose consists entirely of session data, making it particularly suitable for
use with TGR. The data set YooChoose does not contain any item features. However,
these two limitations do not have a significant negative impact. Experiments with the
YooChoose data set indicate that SESSION provides the most accurate recommendations.
Increased values for metrics PQK, M RRQK, and RQK™ were recorded, indicating an
accurate discrimination of the relevant recommendations.

Another important aspect that requires improvement is the computational efficiency
of the model, particularly in terms of its training time. Although current training times
have not been empirically measured, this component cannot be assumed to be optimal.
The basis for this assumption is that per batch, TGR-SES and TGR-HIS are calculated
independently using the historical session data. This indicates that batch processing, in
its current form, is either not applicable or has not been implemented yet. In addition,
using memory, such as M, involves multiple memory accesses, which is likely to have a
negative impact.

For this reason, optimizing the computational performance of the model should be
a priority in subsequent stages of model development. Various strategies could be
used to reduce training times, including algorithmic improvements, efficient data pre-
processing methods, and distributed or parallel computing techniques. In addition,
managing model memory can also be an important area for improvement. Reducing the
frequency of memory accesses and optimizing memory usage could further accelerate the
training process and enhance overall computational performance. Techniques such as
caching, memory pooling, or using more efficient data structures could be explored in
this context. The identified problems highlight the need for further investigation and
improvements to optimize the performance and accuracy of the TGR model in the data
sets mentioned. By conducting a thorough analysis and addressing these specific issues,
the quality of recommendations can be significantly improved in the future, and the

practical applicability of the model can be expanded.
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6.3. Outlook

Despite the remarkable results obtained with TGR, extensive research is still required in
recommendation systems.

One direction for future research is to increase the complexity of the model. While
TGR already combines session-based and sequential recommendation systems, there
is potential to integrate additional layers. In this approach, the incorporation of con-
textual information can be enhanced, resulting in more precise recommendations. By
incorporating additional contextual factors such as categories or social connections, re-
commendations can be tailored to specific contexts, thus improving personalization, as
discussed in section 6.2.

Another prominent area of research in recommendation systems is the integration of
multimodal data [Zho+23]. Platforms operate on a variety of data, including text, images,
audio, and video information. Future research could focus on integrating multimodal
data into TGR to provide recommendations based on a more diverse database [Zho+23].

Diversity and explainability are major concerns in recommendation systems. However,
these aspects have not been investigated in this thesis. Diversity, for instance, involves
recommending items that are as diverse as possible to the user, thereby enabling explora-
tion of the entire system. More details can be found in subsubsection 2.1.3. Although
several metrics for measuring diversity already exist, they have not been tested in the
current thesis [ABR19]. Another research topic is how TGR operates in the context
of other platforms outside of e-commerce. This work has focused on the e-commerce
domain, but TGR could also be used in other domains.

In addition, future research should focus on improving the scalability and efficiency of
TGR. Recommendation systems require the efficient processing of large data sets and
the management of numerous users and items. Therefore, it is crucial to further develop
TGR and ensure its applicability in real-time scenarios with many users.

In summary, TGR provides a solid foundation for further developing future recom-
mendation systems. The proposed research directions offer promising opportunities to
improve personalization. The future of recommendation systems lies in the combination
of different layers to create a deep representation of user preferences and context. TGR
generates high-quality recommendations and improves the user experience. In summary,
TGR achieves near-perfect accuracy in all metrics used in this thesis and in all data sets

used for evaluation.
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A. Appendix

A.1. Refurbed

In Table A.1 the results and the experimental setup of experiment A are shown for the
data set Refurbed with JC = 10. Similarly, Table A.2 represents experiment B, Table A.3
represents experiment C, Table A.4 represents experiment D, and Table A.1 represents
experiment E. In these tables, ny;; indicates whether the score of the target item t is
within the first X, which can be described by y; > yx. Where y; is the target item score,
\Xl:ftl is the mean of all scores within the test data set. Furthermore, &ﬁ represents the
average of the highest values of K and p(fJTq describes the average in general. In addition,

| )?:Zt' reflects the average position within y. Also, LESS stands for LESS-SIMILAR and

MOST stands for MOST-SIMILAR. The other points are as defined by subsection 2.5.2.
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A. Appendix

Hyperparamter 1 2 3
Experiment A/B A/B A/B
MIN-COUNT-USER ) ) )
MIN-COUNT-ITEM 5) ) )
REMOVE-COMMON-ITEMS  0.05 0.05 0.05
REMOVE-COMMON-USERS 0.05 0.05 0.05
RUN-MODE STRUCTURAL SESSION HISTORY
NEGATIVE-SAMPLER MOST MOST  MOST
USE-CATEGORY-SWITCH 1 1 1
USE-SESSION-TIME-SAVE 1 1 1

Use MinMax False False False
Top K 10 10 10
Found 16975 39416 21046
Length 41800 41800 41800
ﬁ 0.5418 0.9291 0.6014
% 0.6154 0.5839 0.6159
|Xf;t‘ 0.4875 0.5079 0.5117
Pos 7535 903 5794
PQK 0.4061 0.9429 0.5034
MRRQK 0.3864 0.942 0.487
R 0.0832 0.8552 0.0
parr 0.0008 0.0084 0.0
FRaKr 0.0016 0.0166 0.0

Table A.1.: Results and setup of experiment A for the data set Refurbed with I = 10
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A. Appendix

Hyperparameter 10
Experiment C
MIN-COUNT-USER )
MIN-COUNT-ITEM )
REMOVE-COMMON-ITEMS  0.05
REMOVE-COMMON-USERS 0.05
RUN-MODE SESSION
NEGATIVE-SAMPLER MOST
USE-CATEGORY-SWITCH 0
USE-SESSION-TIME-SAVE 1

Use MinMax False
Top K 10
Found 41190
Length 41800
I Xfest‘ 0.8404
&ﬁ 0.5542
|Xi/—tt‘ 0.5033
Pos 155
PQK 0.9854
MRRQK 0.9847
RQK" 1.0
pParn 0.0099
Rarr 0.0196

Table A.3.: Results and setup of experiment D for the data set Refurbed with IC = 10
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Hyperparameter 11 12 13 14
Experiment D D D D
MIN-COUNT-USER ) ) ) )
MIN-COUNT-ITEM ) 5) ) )
REMOVE-COMMON-ITEMS  0.05 0.05 0.05 0.05
REMOVE-COMMON-USERS 0.05 0.05 0.05 0.05
RUN-MODE HISTORY HISTORY HISTORY HISTORY
NEGATIVE-SAMPLER MOST MOST MOST LESS
USE-CATEGORY-SWITCH 0 0 1 0
USE-SESSION-TIME-SAVE 0 0 0 0

Use MinMax False True False False
Top K 10 10 10 10
Found 19001 17849 21217 16186
Length 41800 41800 41800 41800
|X§’est| 0.5495 0.5244 0.5751 0.5507
|th%t| 0.6029 0.5725 0.5925 0.6188
|Xi/—tt| 0.5046 0.4277 0.4787 0.4979
Pos 7719 5741 5990 7820
PQK 0.4545 0.427 0.5075 0.3872
MRRQAQK 0.4521 0.4088 0.5017 0.3827
RQK" 0.2524 0.8629 0.8684 0.1207
pPaK” 0.0021 0.0085 0.0085 0.0011
Rarr 0.0042 0.0169 0.017 0.0023

Table A.4.: Results and setup of experiment D for the data set Refurbed with I = 10
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Hyperparameter 15 16
Experiment E E
MIN-COUNT-USER 5 3
MIN-COUNT-ITEM ) 3
REMOVE-COMMON-ITEMS 0.1 0.05
REMOVE-COMMON-USERS 0.1 0.05
RUN-MODE SESSION  SESSION
NEGATIVE-SAMPLER MOST  MOST
USE-CATEGORY-SWITCH 0 0
USE-SESSION-TIME-SAVE 1 1

Use MinMax False False
Top K 10 10
Found 9484 51270
Length 15600 53000
|X§’est‘ 0.6528 0.9579
|th—’ct‘ 0.5866 0.5935
|Xi/—tt‘ 0.4823 0.5281
Pos 7973 513
PQK 0.6079 0.9673
MRRQAQK 0.6079 0.9668
RQK" 0.191 1.0
pParn 0.0018 0.0099
Rarr 0.0037 0.0196

Table A.5.: Results and setup of experiment E for the data set Refurbed with IC = 10
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A.2. Diginetica

A.2. Diginetica

In Table A.6 the results and the experimental setup of experiment A are shown for the
data set Diginetica with K = 10. Similarly, Table A.7 represents experiment B, Table A.8
represents experiment C, Table A.9 represents experiment D, and Table A.6 represents
experiment E. In these tables, ny;; indicates whether the score of the target item t is
within the first ', which can be described by y; > yx. Where y; is the target item score,

| Xz;/;tl is the mean of all scores within the test data set. Furthermore, &ﬁ represents the
y

average of the highest values of K and Recat] describes the average in general. In addition,

| )?t‘:tl reflects the average position within y. Also, LESS stands for LESS-SIMILAR and

MOST stands for MOST-SIMILAR. The other points are as defined by subsection 2.5.2.
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A. Appendix

Hyperparameter 1 2 3
Experiment A/B A/B A/B
MIN-COUNT-USER ) ) )
MIN-COUNT-ITEM 5) ) )
REMOVE-COMMON-ITEMS  0.05 0.05 0.05
REMOVE-COMMON-USERS 0.05 0.05 0.05
RUN-MODE STRUCTURAL SESSION HISTORY
NEGATIVE-SAMPLER MOST MOST  MOST
USE-CATEGORY-SWITCH 1 1 1
USE-SESSION-TIME-SAVE 1 1 1

Use MinMax False False False
Top K 10 10 10
Found 3103 1520 3782
Length 3800 3800 3800
ﬁ 0.65 0.5044 0.9629
% 0.5755 0.5131 0.5397
| Xf;t‘ 0.4949 0.4988 0.499
Pos 30399 77816 5
PaQK 0.8165 0.4 0.9952
MRRQK 0.8165 0.4 0.9952
R 0.0878 0.7289 0.5176
parr 0.0008 0.0072 0.0051
FaKr 0.0017 0.0142 0.0101

Table A.6.: Results and setup of experiment A for the data set Diginetica with C = 10
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A.2. Diginetica
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A. Appendix

Hyperparameter 10
Experiment C
MIN-COUNT-USER )
MIN-COUNT-ITEM )
REMOVE-COMMON-ITEMS  0.05
REMOVE-COMMON-USERS 0.05
RUN-MODE SESSION
NEGATIVE-SAMPLER MOST
USE-CATEGORY-SWITCH 0
USE-SESSION-TIME-SAVE 1

Use MinMax False
Top K 10
Found 1651
Length 3800

I Xfest‘ 0.4848
&ﬁ 0.5445
|Xi/—tt‘ 0.4934
Pos 95885
PQK 0.4344
MRRQK 0.4344
RQK" 0.4213
pParn 0.0042
Rarr 0.0084

Table A.8.: Results and setup of experiment C for the data set Diginetica with K = 10
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A.2. Diginetica

Hyperparameter 11 12 13 14
Experiment D D D D
MIN-COUNT-USER ) ) ) )
MIN-COUNT-ITEM ) 5) ) )
REMOVE-COMMON-ITEMS  0.05 0.05 0.05 0.05
REMOVE-COMMON-USERS 0.05 0.05 0.05 0.05
RUN-MODE HISTORY HISTORY HISTORY HISTORY
NEGATIVE-SAMPLER MOST MOST MOST LESS
USE-CATEGORY-SWITCH 0 0 1 0
USE-SESSION-TIME-SAVE 0 0 0 0

Use MinMax False True False False
Top K 10 10 10 10
Found 3070 3685 3578 2106
Length 3800 3800 3800 3800
|X§’est| 0.6281 0.6775 0.915 0.5742
|th%t| 0.5525 0.5316 0.5473 0.5614
|Xi/—tt| 0.4813 0.4805 0.5022 0.5063
Pos 21729 2388 9504 55710
PQK 0.8078 0.9697 0.9415 0.5542
MRRQK 0.8078 0.9689 0.9415 0.5536
RQK" 0.0971 0.1276 0.9489 0.1863
pPaK” 0.001 0.0013 0.0093 0.0018
Rarr 0.0019 0.0025 0.0186 0.0037

Table A.9.: Results and setup of experiment D for the data set Diginetica with IC = 10
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A. Appendix

Hyperparameter 15 16 17 18
Experiment E E E E
MIN-COUNT-USER 5 3 ) 3
MIN-COUNT-ITEM 5 3 ) 3
REMOVE-COMMON-ITEMS 0.1 0.05 0.1 0.05
REMOVE-COMMON-USERS 0.1 0.05 0.1 0.05
RUN-MODE SESSION SESSION HISTORY HISTORY
NEGATIVE-SAMPLER MOST MOST MOST MOST
USE-CATEGORY-SWITCH 0 0 1 1
USE-SESSION-TIME-SAVE 1 1 0 0

Use MinMax False False False False
Top K 10 10 10 10
Found 200 2060 199 2060
Length 200 15000 200 6639

| xwﬁ_ 0.8249 0.4428 0.9493 0.5489
CNMO_ 0.5417 0.6001 0.5365 0.5745
Ewg_ 0.5088 0.4981 0.4978 0.5037
Pos 1 101640 1 74300
PQK 1.0 0.13733  0.995 0.4426
MRRQK 1.0 0.13733  0.995 0.4426
RQK™ 0.77 0.2017 0.885 0.1075
paxr 0.0076 0.002 0.0087 0.001
FiQK” 0.0151 0.004 0.01735  0.0021

Table A.10.: Results and setup of experiment E for the data set Diginetica with L = 10
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A.3. Retailrocket

A.3. Retailrocket

In Table A.11 the results and the experimental setup of experiment A are shown for
the data set RetailRocket with IC = 10. Similarly, Table A.12 represents experiment B,
Table A.13 represents experiment C, Table A.14 represents experiment D, and Table A.11
represents experiment E. In these tables, ny;; indicates whether the score of the target
item t is within the first IC, which can be described by y; > yx. Where y; is the target
item score, % is the mean of all scores within the test data set. Furthermore, &iﬁ
represents the average of the highest values of K and m describes the average in

general. In addition, \)?%

est |

reflects the average position within y. Also, LESS stands for
LESS-SIMILAR and MOST stands for MOST-SIMILAR. The other points are as defined by

subsection 2.5.2.
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A. Appendix

Hyperparameter 1 2 3
Experiment A/B A/B A/B
MIN-COUNT-USER 2 2 2
MIN-COUNT-ITEM 2 2 2
REMOVE-COMMON-ITEMS  0.05 0.05 0.05
REMOVE-COMMON-USERS 0.05 0.05 0.05
RUN-MODE STRUCTURAL SESSION HISTORY
NEGATIVE-SAMPLER MOST MOST  MOST
USE-CATEGORY-SWITCH 1 1 1
USE-SESSION-TIME-SAVE 1 1 1

Use MinMax False False False
Top K 10 10 10
Found 45942 50400 49680
Length 50400 50400 50400
ﬁ 0.8865 1.0 0.8854
% 0.6782 0.5581 0.6368
|Xf;t‘ 0.5235 0.4971 0.4999
Pos 30890 1 3475
PQK 0.9115 1.0 0.9857
MRRQK 0.9115 1.0 0.9857
R 0.0505 1.0 0.1082
parr 0.0005 0.0099 0.001
FaKr 0.0009 0.0196 0.0021

Table A.11.: Results and setup of experiment A for the data set RetailRocket with IC = 10
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A.3. Retailrocket
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A. Appendix

Hyperparameter 10
Experiment C
MIN-COUNT-USER 2
MIN-COUNT-ITEM 2

REMOVE-COMMON-ITEMS 0.05
REMOVE-COMMON-USERS 0.05
RUN-MODE SESSION
NEGATIVE-SAMPLER MOST
USE-CATEGORY-SWITCH 0
USE-SESSION-TIME-SAVE 1

Use MinMax False
Top K 10
Found 50400
Length 50400
po=y L0
&ﬁ 0.5545
&jﬁ 0.4999
Pos 1
PQK 1.0
MRRQK 1.0
RQK" 1.0
pParn 0.0099
P aK" 0.0196

Table A.13.: Results and setup of experiment C for the data set RetailRocket with IC = 10
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A.3. Retailrocket

Hyperparameter 11 12 13 14
Experiment D D D D
MIN-COUNT-USER 2 2 2 2
MIN-COUNT-ITEM 2 2 2 2
REMOVE-COMMON-ITEMS  0.05 0.05 0.05 0.05
REMOVE-COMMON-USERS 0.05 0.05 0.05 0.05
RUN-MODE HISTORY HISTORY HISTORY HISTORY
NEGATIVE-SAMPLER MOST MOST MOST LESS
USE-CATEGORY-SWITCH 0 0 1 0
USE-SESSION-TIME-SAVE 0 0 0 0

Use MinMax False True False False
Top K 10 10 10 10
Found 50400 50148 50400 50400
Length 50400 50400 50400 50400
|Xf’est| 1.0 0.8816 1.0 1.0
&%tl 0.5396 0.0431 0.5659 0.5426
|Xi/—tt| 0.4979 0.3857 0.5015 0.5079
Pos 1 71 1 1
PQK 1.0 0.995 1.0 1.0
MRRQK 1.0 0.995 1.0 1.0
RQK" 1.0 0.0431 1.0 1.0
pPaK” 0.0099 0.0004 0.0099 0.0099
Rarr 0.0196 0.0008 0.0196 0.0099

Table A.14.: Results and setup of experiment D for the data set RetailRocket with IC = 10
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Hyperparameter 15 16 17 18
Experiment E E E E
MIN-COUNT-USER 2 3 2 3
MIN-COUNT-ITEM 2 3 2 3
REMOVE-COMMON-ITEMS 0.1 0.05 0.1 0.05
REMOVE-COMMON-USERS 0.1 0.05 0.1 0.05
RUN-MODE SESSION SESSION HISTORY HISTORY
NEGATIVE-SAMPLER MOST MOST MOST MOST
USE-CATEGORY-SWITCH 0 0 0 0
USE-SESSION-TIME-SAVE 1 1 0 1

Use MinMax False False False False
Top K 10 10 10 10
Found 15000 60400 15000 60400
Length 15000 60400 15000 60400
Emz_ 1.0 1.0 1.0 1.0
Cm\wn_ 0.5478 0.5708 0.5444 0.6218
&Mm,_ 0.5005 0.4946 0.5017 0.501
Pos 1 1 1 1
PQK 1.0 1.0 1.0 1.0
MRRQK 1.0 1.0 1.0 1.0
RQK™ 1.0 1.0 1.0 1.0
paxr 0.0099 0.0099 0.0099 0.0099
FiQK” 0.0196 0.0196 0.0196 0.0196

Table A.15.: Results and setup of experiment E for the data set RetailRocket with I = 10
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A.4. YooChoose

A.4. YooChoose

In Table A.16 the results and the experimental setup of experiment A are shown for the
data set YooChoose with K = 10. Similarly, Table A.17 represents experiment C and
Table A.18 represents experiment E. In these tables, ny;;, indicates whether the score of

the target item t is within the first KC, which can be described by y; > yx. Where 1 is the

target item score, ﬁ is the mean of all scores within the test data set. Furthermore,
y

‘)(ytifstl represents the average of the highest values of I and Roa] describes the average

PO reflects the average position within y. The other points

|Xtest|
are as defined by subsection 2.5.2.

in general. In addition,
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A. Appendix

Hyperparamter 1 2 3
Experiment A A A
MIN-COUNT-USER ) ) )
MIN-COUNT-ITEM ) ) )
REMOVE-COMMON-ITEMS  0.05 0.05 0.05
REMOVE-COMMON-USERS 0.05 0.05 0.05
RUN-MODE STRUCTURAL SESSION  HISTORY
NEGATIVE-SAMPLER RANDOM RANDOM RANDOM
USE-CATEGORY-SWITCH 1 1 1
USE-SESSION-TIME-SAVE 1 1 1

Use MinMax False False False
Top K 10 10 10
Found 76574 76587 76587
Length 76600 76600 76600
|X§’est‘ 0.9996 0.9998 0.9998
&Lﬁ 0.6965 0.7005 0.7005
&’ﬁ 0.5052 0.5164 0.5164
Pos 6.6385 3.9487 3.9487
PQK 0.9996 0.9998 0.9998
MRRQK 0.9996 0.9996 0.9996
RQK" 1 1 1
pParn 0.0099 0.0099 0.0099
FPaK" 0.0196 0.0166 0.0196

Table A.16.: Results and setup of experiment A for the data set YooChoose with IC = 10
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A.4. YooChoose

Hyperparamter 10
Experiment C
MIN-COUNT-USER )
MIN-COUNT-ITEM )
REMOVE-COMMON-ITEMS  0.05
REMOVE-COMMON-USERS 0.05
RUN-MODE SESSION
NEGATIVE-SAMPLER RANDOM
USE-CATEGORY-SWITCH 0
USE-SESSION-TIME-SAVE 1

Use MinMax False
Top K 10
Found 76587
Length 76600
I Xfest| 0.9999
| th’:ﬁ' 0.7487
|Xi’;t| 0.5144
Pos 1.2118
PQK 0.9999
MRRQK 0.9999
RQK" 1
PQK” 0.0099
Rarr 0.0196

Table A.17.: Results and setup of experiment C for the data set YooChoose with IC = 10
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Hyperparamter 15 16
Experiment E E
MIN-COUNT-USER ) 3
MIN-COUNT-ITEM ) 3
REMOVE-COMMON-ITEMS 0.1 0.05
REMOVE-COMMON-USERS 0.1 0.05
RUN-MODE SESSION  SESSION
NEGATIVE-SAMPLER RANDOM RANDOM
USE-CATEGORY-SWITCH 0 0
USE-SESSION-TIME-SAVE 1 1

Use MinMax False False
Top K 10 10
Found 6600 178200
Length 6600 178200
I leest\ 1.0 1.0
|th—’ct‘ 0.5742 0.7194
|Xi/—ft‘ 0.5087 0.4772
Pos 1.0 1.0
PQK 1.0 1.0
MRRQK 1.0 1.0
RQK™ 1 1
pParr 0.0099 0.0099
Rarr 0.0196 0.0196

Table A.18.: Results and setup of experiment E for the data set YooChoose with IC = 10
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