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Abstract
In the current era of ever-increasing data volumes and network traffic, efficient caching
mechanisms play an important role in mitigating latency, managing network workload,
and enhancing content delivery efficiency. This thesis explores the application of Graph
Neural Networks (GNNs) in intelligent caching within Information-Centric Networking
(ICN)-based environments, aiming to optimize content caching, maximize cache hit ra-
tios, and improve overall system performance.

The thesis first introduces a GNN-based caching strategy for ICN networks, lever-
aging GNNs to predict content popularity and make informed caching replacement de-
cisions. Subsequently, it presents a GNN-based proactive caching placement strategy
for ICN networks, capturing user preferences to optimize caching placement decisions in
order to enhance the overall user experience. Furthermore, the thesis delves into intelli-
gent caching with GNN-based Deep Reinforcement Learning (DRL) in Software-Defined
Networking-based ICN (SDN-ICN) networks, utilizing a centralized GNN-Double Deep
Q-Network (GNN-DDQN) agent to make proactive caching placement decisions for all
network nodes. Lastly, it presents a fully distributed caching strategy, where each
edge node maintains a Spatial-Temporal Graph Attention Network-Soft Actor-Critic
(STGAN-SAC) agent to make proactive caching placement decisions in a three-tier edge
network.

The thesis aims to develop a comprehensive framework for intelligent caching utilizing
GNNs, evaluating the effectiveness of the proposed strategies using synthetic and real-
world datasets and simulations across various network topologies. The experimental
results demonstrate advancements over state-of-the-art caching approaches.
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Chapter 1

Introduction

With the surge in network traffic, effective content dissemination plays an important

role in ensuring seamless communication and optimal resource utilization. Information-

Centric Networking (ICN) emerges as a promising paradigm shifting the focus from tradi-

tional host-centric to content-centric communication, thereby fostering efficient content

delivery and enhancing network performance.

This thesis explores the enhancement of network efficiency through the integration

of intelligent caching mechanisms based on Graph Neural Networks (GNNs) within the

ICN framework. GNNs, a subset of deep learning techniques, have a unique capability

to model complex relationships and dependencies inherent in graph-based data, making

them well-suited for optimizing caching strategies in networks.

This chapter is divided into four parts. Firstly, it provides a concise overview of

the main techniques utilized in this thesis. Secondly, it outlines the motivation and

objectives of the research regarding the application of GNNs in caching within an ICN-

based context. Thirdly, it introduces the contributions of this research. Additionally, the

fourth part outlines the list of publications related to the thesis. Finally, the last part

presents the organization of the thesis.

1



2

1.1 Overview

1.1.1 ICN

ICN [1] represents an emerging networking paradigm that shifts the focus from traditional

host-centric to content-centric communication. Unlike IP-based networks, ICN differs in

two primary aspects: 1) Distributed cache capability: Each ICN node in the network

is equipped with cache storage, allowing it to store content locally. 2) Content-based

communication: In contrast to IP-based networks where users send request packets indi-

cating the destination node’s IP address, users in the ICN network send request packets

specifying the desired content identifier, such as content name. As a result, along the

packet forwarding path, any ICN node having the requested content in its cache can

satisfy the request.

Specifically, in ICN, users within the network send a request packet, named an ”In-

terest” packet, which specifies the desired content identifier. Each ICN node manages to

cache a variety of contents within its cache store, adhering to its cache space limitations.

Upon receiving an ”Interest” packet, an ICN node searches its local cache first for the

requested content and promptly responds with a ”Data” packet if available. Otherwise,

the ICN node forwards the ”Interest” packet to its neighbor along the path to the server

node, which publishes the requested content. If most user requests can be satisfied by

ICN nodes without reaching the remote server node, network congestion can be allevi-

ated, and users’ Quality of Experience (QoE) can be improved. Therefore, developing

an efficient caching mechanism in ICN is the key to tackling challenges stemming from

the increasing demand for content, the exponential growth of data volumes, and the

limitations of traditional IP-based networks.
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1.1.1.1 Caching Placement strategy

The caching placement strategy focuses on determining ”what” and ”where” to cache,

i.e., what content to cache and at which network node. Also, caching placement strategies

can be extensively categorized into two main types: reactive and proactive.

• Reactive caching placement strategy: In this approach, each ICN node decides

whether to cache the corresponding content when a ”Data” packet traverses the

node. As a result, cache decisions occur after a user sends an ”Interest” packet and

a ”Data” packet is generated to satisfy the ”Interest” packet. Specifically, when no

user has sent an ”Interest” packet, none of the ICN nodes cache any contents, and

the ”Interest” packet has to be forwarded to the server node to be satisfied. Once

the server node produces a ”Data” packet, any ICN node along the path from the

server node to the user can decide whether to cache the content or not.

• Proactive caching placement strategy: This strategy involves actively caching con-

tent at an ICN node before any request for that content is issued. Specifically,

even if none of the users have issued an ”Interest” packet for a specific content,

the content can be proactively cached in an ICN node. Then, along the forwarding

path, if an ICN node has the requested content in its cache store, the ”Interest”

packet can be fulfilled immediately without the need to be forwarded to the server

node.

1.1.1.2 Caching Replacement Strategy

The caching replacement strategy addresses the question of ”which” content to evict first

when the cache space of an ICN node reaches capacity but a new content needs to be

cached, based on the decision of the caching placement strategy.
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1.1.2 NDN

Named Data Networking (NDN) [2] is a specific ICN architecture that has drawn sig-

nificant attention in recent years. NDN builds upon the fundamental principles of ICN

and introduces a hierarchical naming scheme to facilitate content retrieval and distribu-

tion. Similar to ICN, instead of relying on specific IP addresses, NDN utilizes unique

content names to identify and access content. Content names in NDN follow a hierar-

chical structure, allowing efficient content routing and caching at different levels of the

network.

In this thesis, we explore both network architectures: the specific architecture NDN

and the more general architecture ICN. However, regardless of the architecture, we

mainly focus on their distributed caching capability and content-based communication

characteristics. As a result, the core focus we delve into is to improve caching perfor-

mance in various caching-enabled environments.

1.1.3 SDN

Software-Defined Networking (SDN) [3] is a network architecture that separates the

control plane from the data plane, enabling centralized network management and pro-

grammability. The control plane, located in a centralized controller, makes decisions

and orchestrates network operations, while the data plane handles the forwarding of

network traffic. This separation provides high flexibility in network management by al-

lowing network administrators to dynamically configure and control network behaviour

through software applications. SDN’s ability to enable network programmability through

open interfaces and standardized protocols, such as OpenFlow [4], empowers operators

to define network policies, allocate resources, and implement advanced traffic manage-

ment strategies. One chapter of the thesis utilizes the concept of a centralized view and
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control over the network in the SDN controller, where the central caching agent resides

in the SDN control plane and makes caching decisions for all the network nodes in the

data plane.

1.1.4 GNN

GNNs [5–7] have emerged as a powerful tool for analyzing and learning from graph-

structured data. In contrast to other popular neural network architectures like Convo-

lutional Neural Networks (CNNs), Long-short Term Memory (LSTM), or Transformers,

which operate on grid-like or sequential data, GNNs excel in handling complex relational

data represented as graphs.

GNNs operate by propagating information between nodes in a graph through multiple

layers of neural networks. Each node in the graph captures both its own features and

the features of its neighbouring nodes, allowing GNNs to capture rich structural and

relational information. This enables GNNs to learn and extract valuable insights from

graph data, and be applied in various graph-related tasks, such as node classification,

link prediction, graph-level representation learning and so on.

Recent advancements in GNNs research have further expanded their capabilities by

introducing novel architectures, including convolutional-based GNNs [8], attention-based

GNNs [9], transformer-based GNNs [10], and federated-based GNNs [11]. These advance-

ments have enhanced the applicability of GNNs in various applications, such as cancer

molecular classification [12], intelligent transportation systems [13], etc. This thesis ap-

plies GNNs in solving caching difficulties and focuses on the following two main aspects:

1. Applying GNNs to model network architecture to capture spatial dependencies

among neighbouring nodes for cooperative caching decisions considering different

node positions and relationships.
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2. Utilizing GNNs to model a rating matrix between users and content, such as movies,

to predict accurate ratings from users to unviewed content.

1.1.5 DRL

Deep Reinforcement Learning (DRL) [14] has emerged as a powerful paradigm within

artificial intelligence, combining deep learning and reinforcement learning techniques.

Specifically, DRL is a type of online learning, where instead of collecting data in advance

and training a neural network, then deploying the trained neural network to the environ-

ment, DRL employs an online agent that interacts with the environment continuously.

The agent is trained using the data collected through interaction with the environment.

Additionally, DRL masters sequential decision-making tasks. At each step, the DRL

agent receives a state from the environment, takes an action based on the received state,

and receives a reward from the environment indicating the quality of the action taken.

Afterward, the environment transitions to a new state, and the process repeats. The

ultimate objective of DRL is to maximize the agent’s long-term reward.

Given its ability to quickly capture environmental dynamics and excel in making

sequential decisions to maximize long-term rewards, DRL has drawn increasing attention

in recent years. Various DRL frameworks have emerged, including Deep Recurrent Q-

Network [15], proximal policy optimization algorithm [16], etc. Furthermore, DRL has

been applied in diverse applications such as task offloading in wireless networks [17],

routing optimization [18], etc.

Since caching decision-making is inherently a sequential task, two chapters in this the-

sis leverage DRL to make caching decisions. Through iterative trial-and-error learning,

the DRL-based caching agent learns from interactions with the environment, discovering

which actions lead to optimal outcomes, and updating its policy accordingly.
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1.2 Motivation and Objectives

We find ourselves in the midst of the digital age, witnessing an unprecedented surge in

internet traffic. This surge is primarily driven by the widespread adoption of mobile de-

vices, streaming services, cloud computing, and the expanding Internet of Things (IoT)

ecosystem. Moreover, the COVID-19 pandemic has further accelerated digital transfor-

mation, amplifying the reliance on online connectivity. With remote work, online edu-

cation, and virtual entertainment becoming commonplace, internet traffic is increasing

exponentially, which places immense pressure on existing network infrastructure. Ac-

cording to [19], global internet traffic surpassed 100 billion GB in 2022, with a projected

Compound Annual Growth Rate (CAGR) of 24% between 2021 and 2026. As a result,

it becomes imperative to develop innovative solutions to enhance network efficiency,

alleviate congestion, and ensure seamless content delivery.

ICN emerges as a promising solution to address these challenges. By providing in-

network caching capability across the network, ICN offers various benefits, including

reduced latency, alleviated network congestion, and enhanced content delivery efficiency.

However, caching poses significant challenges due to the limited cache space available at

each ICN node and the vast number of contents across the network.

Recent advancements in deep learning-based caching strategies (see papers in re-

lated works) have shown promise in optimizing caching performance in ICN. However,

a notable gap exists between the current state-of-the-art caching strategies and the ap-

plication of GNNs. GNNs, as an emerging neural network architecture, offer a unique

advantage in modelling graph-based data [20, 21], including diverse aspects such as net-

work topology [22], road intersections [23], etc. By leveraging the power of message-

passing between nodes [24], GNNs can effectively capture and comprehend the intricate

relationships and spatial dependencies among neighbouring nodes within the network.
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This presents an opportunity to apply GNNs in developing caching strategies, em-

ploying GNNs to model the network architecture. By utilizing GNN’s spatial learning

capabilities, our main objective is to foster cooperative caching among neighbouring

nodes. Specifically, we aim to employ GNNs to realize the following cooperative caching

scenarios:

1. Network nodes collaborate to cache diverse content to maximize caching diversity.

2. Network nodes with low traffic volume can assist in caching content for their busier

neighbouring nodes, optimizing resource utilization.

3. Learn packet forwarding paths between users and servers and use this information

to infer optimal caching decisions.

4. Integration of caching with recommender systems, where GNNs predict users’ rat-

ings of unviewed content, enabling personalized content caching.

In summary, our primary goal is to enhance network efficiency, reduce latency, and

optimize content delivery in ICN-based networks through the application of GNNs.

1.3 Contributions

In this thesis, we aim to make significant contributions to the field of caching in ICN

by leveraging cutting-edge techniques, including GNNs and DRL. Our contributions are

built upon the findings presented in five conference papers and three journal papers:

• Firstly, we introduce a GNN-based caching replacement strategy in NDN. To our

knowledge, our work represents the first application of GNNs to address caching

challenges in ICN environments. Our GNN-based model integrates One-dimensional
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Convolutional Neural Network (1D-CNN) [25] and GraphSAGE [26] layers. These

layers capture temporal dependencies of content popularity based on the past con-

tent request numbers and spatial dependencies of neighbouring network nodes

based on the predicted content popularity across the network, respectively. Through

comprehensive evaluations using the Mini-NDN [27] simulator, we demonstrate

that our GNN-based caching strategy outperforms other deep learning-based ap-

proaches, achieving higher cache hit ratios and lower latency.

• Secondly, in contrast to our previous contribution, where we primarily rely on past

content request numbers and the network architecture to predict future content

caching popularity and make caching replacement decisions, this contribution fo-

cuses on predicting user preferences from another perspective in order to make

content placement decisions. We leverage information typically used in recom-

mender systems, such as content features (e.g., movie attributes), user profiles,

and user ratings of content. We aim to proactively cache content that users are

likely to request and give a high rating in the future. To achieve this goal, we

employ a GNN-based model called Inductive Matrix Completion (IGMC) [28] to

predict user ratings of unwatched movies. Subsequently, we aggregate the pre-

dicted ratings of each movie to determine the gain of caching that movie. Based

on these gains, we propose a gain-based caching placement algorithm to decide

which movies to cache in advance for each network node. We validate our strategy

using a real-world dataset MovieLens 100K [29] in a real-world network topology

GEANT [30] in the simulator Mini-NDN [27]. Experimental results demonstrate

that our strategy achieves higher cache hit ratios, reduced latency, and lower server

load compared to state-of-the-art strategies.
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• Thirdly, unlike the previous two contributions that involve training deep neural

network models using collected data before deploying them into the network, this

contribution focuses on solving caching challenges using online learning. Specifi-

cally, we integrate GNN with DRL to make sequential proactive caching placement

decisions in the SDN-ICN context. A centralized agent, named GNN-Double Deep

Q-network (DDQN) [31], operates within the SDN controller, and has a global view

of the entire network. At each step, the agent utilizes a single forward pass of its

neural network to make proactive caching decisions for all network nodes. These

decisions are based on factors such as the content request number, the content

caching status, and the content publication status. To generate realistic user traf-

fic, we develop a statistical model based on the real-world dataset MovieLens 100K

[29]. Through extensive simulations conducted on the Icarus simulator [32], across

various scenarios and network topologies including GEANT [33], ROCKETFUEL

[34], TISCALI [35], and GARR [35], our proposed caching scheme consistently out-

performs state-of-the-art DRL-based caching strategies and benchmark schemes.

• Lastly, in contrast to the previous contribution where a centralized agent is re-

sponsible for making caching decisions for all network nodes, which can lead to

increased workload linearly proportional to the number of network nodes, this

contribution introduces a fully distributed proactive caching placement strategy

termed ”Spatial-Temporal Graph Attention Network-Soft Actor-Critic” (STGAN-

SAC) in a three-tier edge network. Specifically, each Base Station (BS) maintains

a STGAN-SAC agent and independently makes caching decisions based on its own

content request information, as well as its one-hop neighbours, along with their

caching statuses. Additionally, we consider dynamic user preferences over time

and assume users can move between the coverage areas of neighbouring BSs. We
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conduct experiments using the Icarus simulator [32], and simulation results demon-

strate that STGAN-SAC efficiently captures user preference dynamics and adapts

its caching status to further enhance network performance.

By combining these contributions, we aim to advance the caching field in ICN by

leveraging GNNs, fostering cooperative caching, improving cache hit ratios, reducing la-

tency, and enhancing overall network performance. These contributions will pave the way

for more efficient and effective caching strategies in ICN-based environments, addressing

the challenges posed by the increasing demands of modern network traffic.

1.4 Outline

This thesis is organized as follows: Chapter 1 provides the overview of the main tech-

nologies used in this thesis, and the motivation and objectives behind adopting GNNs to

design caching strategies in ICN environments. Chapter 2 reviews various caching strate-

gies, including traditional, popularity-based, and state-of-the-art approaches. Chapter

3 introduces a novel caching replacement strategy utilizing 1D-CNN [25] and Graph-

Sage [26]. Chapter 4 proposes an IGMC-based [28] proactive caching placement strat-

egy. Chapter 5 presents a GNN-DRL-based proactive caching placement strategy for

the SDN-ICN environment. Chapter 6 shows a GNN-multi-agent-DRL-based proactive

caching placement strategy in a three-tire edge network. The last chapter summarizes

the work done in the thesis and discusses potential future research directions.
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Chapter 2

Related Works

This chapter provides a comprehensive review of different Graph Neural Network (GNN)

architectures, their applications, and various caching strategies. Regarding caching

strategies, we first explore traditional strategies, followed by popularity-based strate-

gies that make caching decisions mainly based on content popularities and node posi-

tions. These popularities are usualy computed from various network factors and prede-

fined rules. Last but not least, we explore emerging Deep Neural Network (DNN)-based

caching strategies from recent research.

2.1 GNNs

GNNs [36] represent an emerging field within deep learning. In recent years, GNN-based

models have been used in network problems since a network is naturally a graph with

nodes and edges. In particular, GNN has been widely used in traffic prediction problems,

such as road traffic flow and speed prediction. Paper [37] suggests that GNN can achieve

state-of-the-art performance in traffic forecasting by modelling the graph structures in

transportation systems. As suggested in paper [38], GNN is efficient for node level,

14
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edge level, and graph level prediction or classification tasks. Specifically, previous work

[8] introduces Graph Convolutional Network (GCN) for semi-supervised learning. The

GCN model directly operates on graph data and predicts labels for unlabeled nodes.

Also, paper [39] proposes a Spatio-Temporal Graph Convolutional Networks (STGCN)

framework, which contains One-dimensional Convolutional Neural Network (1D-CNN)

and GCN layers to make node-level traffic flow predictions. The 1D-CNN layer captures

temporal dependency, and GCN captures spatial dependency. Also, [40] provides a novel

GNN-based link prediction framework, SEAL, to predict whether a link exists between

two subgraphs. Additionally, paper [41] proposes a Deep Graph Convolutional Neural

Network (DGCNN) architecture to predict labels on the graph level.

2.1.1 GNNs in User-Item Rating Predictions

Recently, GNNs have also shown outstanding performance in Recommendation Systems

(RSs) by modelling user-content pairs as a bipartite graph with edge weights representing

users’ preferences for the content [28, 42]. Paper [43] proposes an inductive node-level

Graph Convolutional Neural (GCN) [8] framework to make item recommendations to

users. The authors of [28] proposed an Inductive Matrix Completion (IGMC) model to

predict the ratings between users and items with encouraging performance. They viewed

the users and items rating matrix as a bipartite graph with two types of nodes, user-type

and item-type. Edges only exist between users and items with ratings as labels. In this

case, the rating prediction problem is converted to an edge-label prediction problem.

Experimental results have demonstrated that IGMC can tackle the cold start problem

encountered in the Matrix Factorization (MF) approach.
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2.1.2 GNNs Meet DRL

DRL has gained popularity in addressing sequential decision-making problems. Tra-

ditional DRL approaches like Deep Q-learning [44], policy gradient methods [45], and

Actor-Critic (AC) algorithms typically utilize Multilayer Perceptrons (MLPs) as the un-

derlying DNN architecture. However, with the emergence of various advanced DNN

models, researchers are increasingly integrating DRL with other neural network archi-

tectures such as CNN [46, 47], Long-short Term Memory (LSTM) [48, 49], Transformer

[50, 51], and even GNN. Authors in [52] employed dynamic GCNs and DRL for long-

term traffic flow prediction. They represented traffic flow as a graph, where each station

is a node and directed weighted edges are used to indicate traffic flow occurrence. A

Graph Convolutional Policy Network (GCPN) model generates dynamic graphs at each

time step, and the RL agent receives a reward if the generated graph closely resembles

the target graph. The paper further utilizes GCN and LSTM to extract spatial and

temporal features from the generated dynamic graph sequences, enabling traffic flow

prediction in future time steps. Another study [53] introduces the Inductive Hetero-

geneous Graph Multi-agent Actor–critic (IHG-MA) algorithm for traffic signal control.

The traffic network is modelled as a heterogeneous graph, with each traffic signal con-

troller considered as an agent. An inductive GNN algorithm is applied to learn the

embeddings of the agents and their neighbours. The learned representations are then

fed into an actor-critic network to optimize traffic control. Additionally, [54] proposes an

innovative approach using GCN and Deep Q-network (DQN) for multi-agent cooperative

control of Connected Autonomous Vehicles (CAVs). Each CAV is treated as an agent,

and GCN is utilized to extract embeddings for each agent. These representations are

then fed into a Q-network to determine the actions of each agent, facilitating effective

cooperative control among the CAVs. Furthermore, in an Software-defined Networking
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(SDN)-based scenario, [55] presents a centralized agent that leverages DRL and GNN

to optimize routing strategies. The authors utilized GNN to model the network and

DRL to calculate the Q-value of an action. By embedding routing paths into node rep-

resentations and feeding them into the Q-network, the agent evaluates various routing

strategies and selects the most optimal one when a traffic demand is issued. Paper [56]

proposes a method that combines prediction, caching, and offloading techniques to op-

timize computation in 6G-enabled Internet of Vehicles (IoVs). The prediction method

is based on a Spatial-Temporal Graph Neural Network (STGNN), the caching decision

method is realized using the simplex algorithm, and the offloading method is based on

Twin Delayed Deterministic Policy Gradient (TD3).

These studies demonstrate the effectiveness of combining DRL and GNN in tackling

a range of issues, including traffic prediction, traffic signal control, cooperative control of

autonomous vehicles, and routing optimization in SDN scenarios. By leveraging the

respective strengths of DRL and GNN, these approaches enable intelligent decision-

making and enhance performance in intricate systems.

2.2 Traditional Caching Strategies

This chapter explores traditional caching strategies used in ICN-based environments,

where the first section presents traditional reactive caching placement strategies and

following that, we introduce traditional caching replacement strategies.

2.2.1 Traditional Reactive Caching Placement Strategies

ICN’s default caching placement strategy is Leave Copy Everywhere (LCE) [57], which

involves caching the content on all ICN nodes along the forwarding path between the
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producer (the node publishing the content) and the consumer (the node sending the

request). Another strategy, Randomly Copy One (RCO), [58] randomly caches content

along the forwarding path, reducing caching redundancy compared to LCE. Additionally,

Probabilistic Cache [59] presents a more advanced approach. It considers both the avail-

able cache capacity of each ICN node and its distance from the consumer. Closer nodes

to the consumer are more likely to cache the content, and nodes with sufficient caching

capacity are also given higher priority for caching. Also, Leave Copy Down (LCD) [60]

focuses on caching content in the immediate neighbourhood of the producer in the di-

rection of the consumer. Furthermore, Cache Less for More (CL4M) [61] introduces a

graph-based centrality approach. This strategy prioritizes nodes with high graph-based

centrality, which leverages the network topology to enhance cache hit ratios and overall

content delivery efficiency.

Traditional caching placement strategies are straightforward and broadly applica-

ble in ICN-based environments, requiring minimal computational resources. However,

they may not fully exploit network, content, and user information, leading to inefficient

caching decisions.

2.2.2 Traditional Caching Replacement Strategies

Traditional caching replacement strategies, including First-in-first-out (FIFO) [62], Least

Recently Used (LRU) [63], and Least Frequently Used (LFU) [63], offer distinct ap-

proaches for managing content eviction within caches. FIFO operates on a first-come,

first-served basis, replacing the content that has been in the cache the longest when the

cache space is full. FIFO’s simplicity comes at the cost of effectiveness, as it does not

consider content popularity. In contrast, LRU outperforms FIFO by factoring in the

recency of content access. It evicts the least recently accessed content when the cache
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reaches capacity. Compared to LRU and FIFO, LFU typically has better performance.

LFU considers the frequency of content access, assuming that content frequently accessed

in the past will remain in high demand. Therefore, LFU prioritizes the eviction of the

least frequently requested content.

While traditional caching replacement strategies offer basic mechanisms for content

eviction, they may not fully exploit the potential benefits of more advanced and context-

aware replacement strategies. As a result, the caching performance is not ideal.

2.3 Popularity-based Caching Strategies

This section delves into popularity-based caching strategies, which calculate content

popularities based on various network factors. Consequently, caching decisions rely on

content popularities and node positions within the network. It’s important to note

that this section does not involve any DNN-based caching strategies, which typically

predict content popularities using a neural network. Instead, this section focuses on

strategies that utilize predefined rules to compute content popularities. Here, we first

explore popularity-based reactive and proactive caching placement strategies, and lastly,

we delve into popularity-based caching replacement strategies.

2.3.1 Popularity-based Reactive Caching Placement Strategies

Paper [64] maintains a popularity table at each network node, which contains the content

name, popularity count, and threshold. Based on this, each node selectively caches

only the popular content whose popularity exceeds the threshold. This strategy ensures

that caching resources are efficiently utilized for frequently accessed content. Another

study [65] integrates popularity-based caching with RCO. In this approach, contents
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are cached based on their popularity, and only one network node along the data packet

delivery path is selected to cache the content. Also, paper [66] proposes an efficient

hybrid content placement strategy. This strategy focuses on caching the most recently

downloaded contents at central network nodes along the data packet delivery path, while

less frequently downloaded content is cached at edge network nodes. This approach aims

to optimize caching efficiency and overall content delivery performance by strategically

distributing content across different network nodes. [67] introduces a compound popular

content caching strategy. The authors classified content into two types: Optimal Popular

Content (OPC) and Least Popular Content (LPC), based on the total number of received

”Interest” packets for each content. LPC content is cached only at the network node close

to the requested consumers. While OPC content is cached at all mutually connected

network nodes along the data packet delivery path. This strategy combines selective

caching with content popularity, enhancing the accessibility of both popular and less

popular content. Similarly, [68] proposes a compound popularity caching strategy that

considers content’s global and local popularity. The caching placement decision takes into

account the popularity of the content itself as well as the popularity of the network nodes.

Also, paper [69] proposes a caching placement strategy in 5G-enabled ICN networks. The

authors employed a two-step process for caching placement: they first calculated the

content popularity, and then, based on the popularity, determined whether the content

should be cached. If caching is deemed necessary, the content is either cached locally or

pushed down towards edge nodes. Similarly, the authors in [70] proposed a ”Push Down

popular, Push Up less-popular” caching placement strategy. This strategy aims to push

popular content to edge nodes, which are more likely to be accessed, while less popular

content is pushed towards the core network. The authors also developed a one-hop

cache notification mechanism to inform neighbouring nodes about their cached contents.



21

Lastly, the authors in [71] proposed a dynamic popularity window and distance-based

efficient caching strategy. This approach employs a dynamic threshold and makes caching

decisions based on two factors: (i) a dynamic size popularity window that determines

content popularity; and (ii) the distance from the preceding on-path network node that

caches a copy of the content. By dynamically adjusting the popularity window and

considering the distance to optimize caching decisions, this strategy aims to improve

caching effectiveness.

Popularity-based strategies represent an advancement over traditional methods, but

they lack the power of DNN-based strategies, which can effectively capture complex

relationships, environmental dynamics, and iteratively learn from them.

2.3.2 Popularity-based Proactive Caching Placement Strategies

Paper [72] proposes a proactive caching strategy that considers the popularity and chunks

of large content objects. The objective is to minimize the number of forwarding nodes

and content replications while adhering to cache capacity constraints. Another proactive

caching strategy [73] adopts an ant colony process to make caching decisions. The authors

demonstrated that their approach effectively places contents in proximity to users. In the

context of ICN-IoV networks, [74] proposes a mobility-aware proactive caching algorithm.

The authors leveraged a Markov model to capture the mobility patterns of vehicles and

their connections with Roadside Units (RSUs). However, these strategies do not fully

exploit the potential of deep learning techniques.

2.3.3 Popularity-based Caching Replacement Strategies

Paper [75] introduces a universal caching strategy that considers multiple factors for

caching replacement decisions. These factors include the frequency of content fetching,
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the distance from the content publisher, and the number of outgoing links at the inter-

mediate network node. Similarly, [76] presents a dynamic fine-grained popularity-based

caching replacement strategy. This scheme caches incoming content when there is avail-

able storage, prioritizing the most popular content when space is limited. To quantify

content popularity, each network node maintains a popularity table containing infor-

mation such as the content name, content counter, and timestamp. This information

aids in dynamically updating the cache to ensure efficient content replacement decisions.

However, once again, these strategies do not utilize the potential of DNN.

2.4 DNN-based Caching Strategies

This section explores various DNN-based caching strategies, which have gained significant

popularity recently with the development of DNN. Firstly, we present DNN-based reac-

tive and proactive caching placement strategies. Lastly, we discuss DNN-based caching

replacement strategies.

2.4.1 DNN-based Reactive Caching Placement Strategies

Paper [77] explores a DRL-based personalized edge caching approach for IoVs, deter-

mining content caching at RSUs based on each received content. Similarly, Paper [78]

develops an IoV-specific edge caching model that enables collaborative content caching

among mobile vehicles and considers varying content popularity and channel conditions.

Additionally, the framework empowers each vehicle agent to make reactive caching place-

ment decisions based on environmental observations autonomously.
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2.4.2 DNN-based Proactive Caching Placement Strategies

Compared to DNN-bsed reactive caching placement strategies, more researchers are fo-

cusing on DNN-based proactive caching placement strategies. [79] introduces the Deep-

MEC strategy, which utilizes deep learning models such as Recurrent Neural Networks

(RNNs), CNNs, and Convolutional Recurrent Neural Networks (CRNNs) to predict fu-

ture content popularity. By proactively caching content with high predicted popular-

ity scores, DeepMEC improves caching efficiency and enhances content delivery perfor-

mance. Similarly, [80] proposes IntellCache, a technique that employs deep learning

models including MLP, LSTM, and a combination of LSTM and CNNs. IntellCache

actively caches content that is predicted to be popular in the future.

In addition to applying DNNs to predict content popularity, some researchers have

explored user preference predictions using advanced deep learning technologies. [81]

proposes a proactive caching strategy in the 5G-ICN scenario, applying Non-Negative

Matrix Factorization (NMF) to predict user ratings for unwatched movies. Building

upon this work, [82] combines the caching approach with predictions of vehicle mobility

in the context of Autonomous Vehicles (AV) on highways. Furthermore, [83] introduces

a cooperative caching scheme incorporating caching locations, content popularities, and

predicted future content ratings in ICN-based vehicle networks. The authors also em-

ployed NMF to predict future content ratings and used this information to make informed

caching decisions. Additionally, in the realm of ICN-Internet of Things (IoTs), [84] op-

timizes edge caching using a collaborative filtering-based strategy. The authors divided

the cache space of each edge node into two halves, dedicating one half to caching con-

tents based on local popularity and the other half to caching contents based on predicted

future requests.
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Furthermore, DRL-based caching strategies [85, 86] have significantly advanced in

recent years, demonstrating their potential to improve caching performance. Paper [87]

introduces a DQN-based caching strategy for mobile edge networks. The study [88]

proposes a caching strategy that leverages DRL and a multi-level federated learning

framework. The authors utilized a Double DQN (DDQN) [31] to optimize the cache hit

ratio of local RSUs, neighbouring RSUs, and Cloud Data Centers in vehicular networks.

Their approach incorporates federated learning to facilitate decentralized model training.

Another study [89] introduces a Quality of Experience (QoE)-driven RSU caching model

based on DRL, which addresses the increasing demand for time-sensitive short videos in a

5G-based IoV scenario. The authors defined the reward in their DRL model as the ratio

of the number of videos interesting to each user to the total number of videos stored in

the RSU, aiming to optimize the QoE for users. Furthermore, [90] designs a DQN-based

strategy to optimize joint computing and edge caching in a three-layer IoV-ICN network

architecture, including vehicles, edge nodes, and cloud layers. The strategy predicts the

popularity of service requests from vehicles, and based on these predictions, joint comput-

ing and caching decisions are made on the edge nodes, aiming to improve overall system

performance. Also, paper [91] proposes a spatial-temporal correlation approach to pre-

dict content popularity in the IoV and make proactive caching decisions. It introduces a

DRL-based multi-agent caching strategy, where each RSU is an independent agent to op-

timize caching decisions. Furthermore, paper [92] proposes a proactive caching strategy

based on AC-based DRL. To reduce the complexity of estimating the policy function due

to the large dimensionality of the action space, the authors utilized a branching neural

network [93] in the actor. Also, paper [94] proposes MacoCache, a fully decentralized

Multi-Agent Advantage AC (MAA2C)-based proactive caching strategy. The authors

used LSTM in actor and critic networks to extract temporal features of user requests.
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Additionally, they considered cooperative caching by incorporating adjacent BSs’ states

in making caching decisions. Paper [95] combines an edge federated learning mode into

a heterogeneous Multi-Agent AC (MAAC) and realizes joint caching and offloading de-

cisions. The authors considered cache-enabled Unmanned Aerial Vehicles (UAVs), and

each has an actor and critic network to make decisions about movement, execution and

offloading. In addition, the cloud maintains a central actor and critic to make resource

allocation decisions. Authors in [96] combined AC to solve joint caching, computing, and

radio resource allocation problems in fog-enabled IoT to minimize the network’s average

end-to-end delay. Their actor and critic networks are deployed in the cloud. Paper [97]

applies a multi-agent Double Deep Recurrent Q Network (DDRQN) caching strategy.

The authors employed Gated Recurrent Unit (GRU) and fully-connected layers as the

DQN [44]. It is worth noting that they demonstrated that the decentralized DDRQN

outperforms a centralized DDRQN and a neural network-based decentralized DQN [98].

2.4.3 DNN-based Caching Replacement Strategies

In the context of SDN-based ICN, [99] introduces a deep learning-based content popu-

larity prediction approach. The authors utilized Stacked Autoencoders (SAE) to extract

features from network nodes and predict content popularity, which guides caching de-

cisions. Also, paper [100] employs an LSTM-Encoder Decoder (LSTM-ED) model to

predict content popularity and make caching decisions accordingly. Additionally, the

authors combined the predicted content popularity with traditional caching replacement

strategies such as LRU to maximize cache hit ratios. Moreover, [101] introduces the

Stimulable Neural Network (SNN) model, which analyzes the inter-relationships among

sequenced requests and considers factors like content size and data retrieval costs to

make caching decisions. Furthermore, [102] proposes a caching replacement strategy
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that utilizes a 1D-CNN. This model captures seasonal patterns in user request streams

and predicts future hits for each content. When cache space is limited, only contents with

high predicted future hits are cached, optimizing cache utilization and improving overall

caching performance. Also, paper [103] develops a MAAC caching replacement strategy.

Notably, the actor-network selects a caching scheme rather than makes a caching replace-

ment decision. In this way, the action space is discrete and shrinks a lot. Similarly, in

the paper [104], the actor-network also selects a caching replacement policy rather than

making a replacement decision. Furthermore, the authors in [89] proposed an AC-based

caching replacement strategy in the IoVs. Both actor and critic networks operate in the

cloud. In each time step, each RSU sends its state to the cloud, and the cloud makes

caching decisions for it. Paper [105] proposes a centralized and decentralized multi-agent

discrete Soft AC (SAC)-based [106] caching replacement strategy. SAC was initially de-

signed for continuous action space, while the authors developed a SAC variant to handle

discrete action spaces. Paper [107] develops centralized and decentralized AC-based DRL

caching replacement strategies. In the decentralized case, each Base Station (BS) main-

tains an actor-network, and the cloud maintains a centralized critic network to evaluate

actions taken by each actor. Paper [108] proposes a multi-agent attention-based critic

[109] caching strategy. The attention mechanism helps each BS realize adaptive coop-

eration with neighbouring BSs. Paper [110] applies Graph Attention Networks (GAT)

[111] and a Soft MAAC (SMAAC) [106] in caching problems in Device-to-Device (D2D)

communications. The approach is fully decentralized and can realize joint inter-agent

caching coordination. Paper [112] proposes a UAV-assisted MAAC replacement strategy

in a wireless network. The authors considered a three-layer networking architecture, in-

cluding a Ground BS (GBS) layer, a UAV-based aerial BS (UAV-BS) layer and the cloud

server layer. GBSs and UAV-BSs have caching capabilities, each of which maintains
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an actor-network, and the cloud maintains a centralized critic network. The authors

used the Random Waypoint model [113] to simulate user movement, and assumed each

UAV-BS can reallocate itself to satisfy users’ requests.



Chapter 3

GNN-based Caching Replacement

Approach in NDN

3.1 Introduction

This chapter focuses on improving caching performance (i.e., maximizing the cache hit

ratio) in NDN [57]. A higher cache hit ratio indicates that NDN nodes can cache contents

that users are interested in. In this case, more user requests are satisfied by NDN nodes’

cache stores rather than the content producer (i.e., the server). It improves network

performance regarding caching space utilization and data delivery latency.

There has been a large amount of research on caching strategies, and one of the

most promising is the work by the authors in [102], utilizing a 1D-Convolutional Neural

Network (1D-CNN) for Information-Centric Networking (ICN) caching and achieving a

high cache hit ratio. They applied 1D-CNN to predict the future hits of each content

chunk and used the future hits as the cache replacement algorithm’s priority, meaning

content chunks with lower future hits were replaced by content chunks with higher future

hits.

28
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The method we propose in this chapter offers further improvements to [102]. As part

of our approach, we also utilize a deep learning-based strategy. In particular, we predict

the cache probability of content rather than the future hits of each content at each NDN

node. Since user preferences change over time, we first employ 1D-CNN [114] to capture

the dynamics of each user preference in the temporal dimension. It gives us an idea

of how the content popularity at each NDN node changes over time. Moreover, due to

the nature of packet forwarding, content requests between neighbouring nodes usually

affect each other. Therefore, we apply a Graph Neural Network (GNN) to capture the

spatial dependencies between NDN nodes. It allows us to understand how each NDN

node’s requests affect its neighbouring nodes. Specifically, we apply GNN to node-level

classification problems. For this type of problem, GNN usually requires two inputs,

where the first is a feature matrix representing node information, and the second is an

adjacency matrix representing edge information.

This chapter also applies the Software Defined Networking (SDN) concept, where

an SDN controller comprehensively views the entire network and thus, it can collect

the status of all the network nodes and make caching decisions accordingly. In our

implementation, an NDN controller knows the traffic of each NDN node and controls

them. Our GNN-based model works in the controller. Periodically, the NDN controller

sends the collected traffic information and the network topology to the GNN-based model,

and then the GNN-based model predicts content caching probability for each node. After

that, the NDN controller informs each NDN node about the prediction, and each performs

cache replacement based on it.

The contributions of this chapter are as follows:

• We propose a GNN-based cache replacement policy in NDN. To the best of our

knowledge, we are the first to apply GNN to the caching problem. In particular, our
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GNN-based model contains 1D-CNN layers and GraphSAGE layers [26], which are

utilized to extract the input features’ temporal dependence and spatial dependence,

respectively. It is worth mentioning that the GNN-based model makes content

caching probability predictions for all NDN nodes with a single forward pass and

requires constant inference time.

• To train a GNN-based probabilistic prediction model, we propose a heuristic search

algorithm that labels the collected traffic data with a binary ground truth, where

0 means no cache and 1 means cache.

• We deploy our GNN-based, state-of-the-art deep learning-based strategies, includ-

ing 1D-CNN [102], Long Short-Term Memory Encoder-Decoder (LSTM-ED) [100]

and Staked Auto Encoder (SAE) [100], and classical benchmark strategies, includ-

ing Least Frequently Used (LFU), Least Recently Used (LRU) and First-in-first-out

(FIFO) on Mini-NDN [27]. Extensive studies show that our GNN-based caching

strategy achieves a much higher cache hit ratio and lower latency than other ap-

proaches.

The organization of this chapter is as follows: The proposed GNN-based caching

replacement strategy is first introduced. Following it, a heuristic algorithm used to give

labels to our collected data is presented. Next are the experimental results and finally,

we conclude the chapter.

3.2 GNN-based Caching Replacement Method

In GNN, a graph is represented as G = (V,E) where V is the set of nodes and E is the set

of edges. In this section, each NDN node is denoted as vi ∈ V . An edge ei,j ∈ E denotes

a directed connection from node vi to node vj. Assume there are K distinct contents
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Input Graph

⇒Target Node Producer

Consumer
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Figure 3.1: GNN input graph and message passing in a tree network
topology

across the network, denoted by C = {c1, c2, ..., cK}. For each content ck, there is a graph,

and each node vi has an n-dimensional feature vector xi,k and a ground truth label yi,k,

where yi,k = 1 indicates that the node vi should cache the content ck and yi,k = 0 means

the node should not cache the content.

As suggested in paper [102], we collect the number of content requests in the previous

n timesteps as node features, where n = 8, and the time interval between two adjacent

timesteps is ten minutes. For each content ck, we feed the node feature matrix and the

network adjacency matrix to GNN to predict the caching probability of that content for

each node at the next time slot.

In this chapter, we focus on two types of network topologies. The first type is a tree

network topology, and the second is an arbitrary network topology.

3.2.1 Tree Network

In a tree network, each node has a parent node except the root node. We assume the

root node is the producer and is responsible for publishing the content. All other nodes

are consumers and generate Interest packets tagged with the desired content name. Each
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consumer has a cache store which can cache contents to fulfill future Interest packets.

If the requested content is not cached at a node, then the node needs to forward the

Interest packet to other nodes until the packet can be satisfied. In a tree structure, the

child node always forwards an Interest packet to its parent node. Therefore, we consider

that the content requests of the child nodes affect the parent nodes, but the content

requests of the parent nodes do not impact the child nodes. For this case, we convert

the tree network structure into a directed graph, where ei,j ∈ E if and only if vj is the

parent of vi and ej,i ̸∈ E.

3.2.2 Arbitrary Network

In arbitrary network topology, one node is randomly selected as the producer according to

a uniform distribution, and all other nodes are consumers. Unlike the tree structure, there

are multiple packet forwarding paths from the consumer to the producer. The content

requests from each node may affect some or all of its neighbouring nodes. Therefore,

we convert the arbitrary network topology into an undirected graph (i.e., ei,j ∈ E and

ej,i ∈ E if there is an connection between vi and vj).

3.2.3 GNN-based Content Caching Probability Prediction

The proposed GNN-based model contains 1D-CNN layers and GraphSAGE [26] layers.

1D-CNN captures the temporal dependence of the content prevalence dynamics at each

node. For each content, the input to the 1D-CNN is a feature vector of each node.

The feature vector contains the number of requests for that content from that node in

the previous eight time intervals. 1D-CNN’s output is the number of requests for that

content from that node in the next time interval. The 1D-CNN architecture consists of

two convolutional layers with kernel sizes 2 and 6, respectively. A Rectified Linear Unit
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(ReLU) layer is applied after each convolutional layer. Following the second convolutional

layer is a fully connected layer with the activation function ReLU. The goal of 1D-CNN

is to predict the number of requests per node for each content in the next time slot.

After the 1D-CNN architecture, we use GNN to capture the node features’ spatial

dependence to predict each node’s caching probability for each content. A GNN captures

spatial dependence by passing messages between nodes [24]. In a tree network topology,

the parent node gathers node features from its children since we consider the tree network

as a directed graph with the children pointing to the parent node. Figure 3.1 shows the

input graph to our GNN model and the message passing process in a tree network. The

figure shows that the input graph is directed, and the red node is the target node. It also

shows two message passing layers, meaning the target node can aggregate information

from 2-hop child nodes. The blue arrows indicate that the target node aggregates the

features of its 1-hop child nodes in the first message passing layer. Message passing

denoted as green arrows happen simultaneously at the target node’s child nodes. Once

the aggregation is done, each node’s feature vector will be updated. In the second message

passing layer, the target node can aggregate its 2-hop child nodes’ information because

its 1-hop children have already aggregated its child nodes’ features in the first message

passing layer. After the final message passing layer, node features are updated and are

used to predict the nodes’ labels.

Unlike the tree structure, each pair of 1-hop neighbouring nodes carries a bidirectional

message passing in the random graph because we consider the random graph as an undi-

rected graph. Besides the message passing directions, the random graph’s neighbouring

information aggregation process is the same as the tree structure. Regardless of the net-

work topology, the purpose of GNN is to capture the network topology and aggregate

the features of neighbouring nodes to each central node for cooperative caching.
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The GraphSAGE framework [26] generates node embeddings of previously unknown

graphs using inductive methods. Our study separates training and testing graphs, and

testing graphs are unseen during training. As a result, our GNN architecture is developed

using GraphSAGE layers. GraphSAGE generates node embeddings by sampling and

aggregating neighbourhood node representations:

hk
N(v) = AGGk({hk−1

u , ∀u ∈ N(v)}), (3.1)

where N(v) represents node v’s neighbours and hk−1
u denotes node u’s representation

at the (k − 1)th step. AGGk is an aggregation function at the current kth step. The

aggregator aggregates node v’s 1-hop neighbouring nodes’ representations and generates

a hidden vector hk
N(v). According to the GraphSAGE paper, there are three types of

aggregators: mean aggregator, pooling aggregator, and LSTM aggregator. A pooling

aggregator has been shown to be more efficient than an LSTM aggregator in that paper.

In addition, the pooling aggregator generally performs better than the mean aggregator.

For both performance and efficiency reasons, we aggregate the features of neighbouring

nodes via the pooling aggregator:

AGGpool
k = max({σ(Wpoolh

k
ui
+ b), ∀ui ∈ N(v)}), (3.2)

where σ(Wpoolh
k
ui
+ b) performs a nonlinear transformation on the neighbourhood rep-

resentation hk
ui

of the central node v, and then a max pooling operator is performed on

the transformed neighbourhood representation vector.

After aggregating neighbour nodes’ representations, the central node representation

and neighbour node representations are concatenated, and then fed into a fully connected
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layer with a nonlinear activation function, as shown below:

hk
v = σ

î
W k · CONCAT

Ä
hk−1
v , hk

N(v)

äó
, (3.3)

where hk−1
v is the node v’s representation vector at the (k − 1)th step and hk

N(v) is node

v’s neighbourhood representation vector at kth step. The two vectors are concatenated

and fed into a fully connected layer with a nonlinear activation function σ. We perform

a ReLU activation function, and hk
v is the updated representation of node v at kth step.

3.2.4 Caching Replacement Decision

The GNN-based model works in the network controller, and after the model predicts the

probability of caching each content at each NDN node, the prediction is sent to each

node. In NDN, each node caches data packets in its cache store, and we name the cached

data packets in the cache store as cache store entries. In the implementation, we extend

a cache probability field for each cache store entry, and each NDN node maintains a local

hash map with the content name as the key and the content’s cache probability as the

value. When an NDN node receives a data packet, it will insert the data packet into

its cache store when there is available cache space. Otherwise, the data packet will only

be inserted if its caching probability is higher than the lowest caching probability of the

cache store entries, evicting the cache store entry with the least caching probability. In

addition, the cache probability of each cache store entry is updated periodically to avoid

content with a high predicted cache probability in the past remaining in the cache store

forever.
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Figure 3.2: The visualization of the algorithm

3.3 The Derivation of Ground Truth

An iterative algorithm is applied to approximate the ground truth of content caching.

Assume we have a graph G = (V,E), a set of contents C, and a set of requests R. There

is a tuple for each request rz ∈ R: rz = (ck, vi, ph), with ck being the requested content,

vi being the node receiving the request, and ph being the popularity of the request. If

a node fails to cache the content requested, we call that a request missed. A node vi

that misses a request r1 = (ck, vi, ph) will pass on a new request r2 = (ck, vj, ph) to its

parent vj. A node that receives two requests for the same content considers them one

request combined with their popularity. The goal of the algorithm is to minimize the

accumulated popularity of all missing requests (i.e. if both the child and the parent fail

to cache the content ck with popularity ph, the accumulated popularity will be 2ph).

It is worth mentioning that we consider the producer as the root node in the random

network and apply the Djikstra algorithm to find the shortest path tree from all other

nodes to the producer node. In this case, both tree and random network structures have

a root node (i.e., the producer node) and child-parent node relationships.
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In general, the graph G can be arbitrarily large, making it difficult for local nodes to

know requests that are far away. Choosing cached content that is beneficial for reducing

global accumulated popularity is thus a difficult decision for local nodes. As a result, the

algorithm seeks a locally optimal solution.

Our algorithm is a greedy algorithm, and its visualization is shown in Figure 3.2. At

the beginning of each iteration, our algorithm checks whether the current_node is a leaf.

1) If this is the case, the current_node will attempt to cache all of the requested contents

received from R. The node prefers to cache more popular content. If the number of

requests for a particular piece of content exceeds the popularity of that node’s cached

content, the node will choose to skip caching the less popular content. The missed

requests will then be forwarded to the parent, and the program will terminate. 2) If

the current_node is not a leaf, the program will iteratively call itself on all children of

the current_node. Following the completion of those iterative calls, the current_node

will merge all requests received from R with all requests passed by its direct children.

Afterwards, it will try to cache all requested contents, prioritizing popular contents.

Finally, it will forward any missed requests to its parent, after which the program will

terminate.

The same content might be requested on different nodes by two requests r1, r2 ∈ R

(i.e. r1 = (ck, v1, p1), r2 = (ck, v2, p2)). As soon as r2 meets r1, the node v1 will consider

both to be the same request: r3 = (ck, v1, p1 + p2). It will result in higher popularity of

ck and an increased likelihood of it being cached. As a result, our greedy algorithm may

not provide the best solution. However, when each rz ∈ R requests different pieces of

content, our algorithm successfully minimizes the total popularity of all missing requests.

The strong induction can demonstrate this. In the future, we can improve our algorithm

by integrating some heuristic search strategies.
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3.4 Experimental Results

In this section, we use Mini-NDN [27] to perform all experiments. Mini-NDN is an

emulation tool that runs real instances of NDN packages. We deploy our proposed GNN-

based model, 1D-CNN model mentioned in paper [102], LSTM-ED model mentioned in

paper [100], and SAE model mentioned in paper [99] on Mini-NDN. We compare the

performances of our GNN-based caching strategy with other deep learning-based caching

strategies, 1D-CNN, LSTM-ED, SAE, and three classical caching strategies, LFU, LRU

and FIFO.

3.4.1 Network Topology

We use tree and arbitrary network topologies for evaluations. In both topologies, there

is a producer, and all other nodes are consumers. We put the producer at the root

node in the tree network topology. In arbitrary network topology, the producer is chosen

randomly by following a uniform distribution. All nodes in the network, except the

producer, have uniform caching capability with a cache size of 1 to 6 content chunks.

3.4.2 Traffic Generation

We employ NDN Traffic Generator [115] to generate Interest and Data packets. By de-

fault, each consumer requests 2 unique contents with the content popularity following a

Zipf-like distribution [116] with parameter α = 0.8. We also evaluate other experimenta-

tion parameters where each consumer requests the number of unique contents from the

set {2, 3, 4, 5, 6} and the α value from the set {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9,

1.0}. By default, all contents are 2049 bytes each. We also conduct experiments with

randomly uniform content sizes ranging from 1049 to 8049 bytes. We assume consumers
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have different request rates, with six or sixty requests per minute, respectively. Table

3.1 shows key parameters used to generate traffic.

Table 3.1: Key Experimentation Parameters

Parameters Default Value Values

Network topology Tree topology Tree or Arbitrary
topology

Number of nodes 55 3-95
Number of producers 1
Number of consumers 54 2-94

Number of unique contents 2 2 or 10
each consumer requested

Number of distinct contents 200 200 or 600
Content size 2049 bytes 1049-8049 bytes

Node cache capacity 1 chunk 1-6 chunks
Number of requests 600 or 6000

per consumer
Consumer requests rate 6 req/min or

60 req/min
Content popularity α = 0.8 0.1-1.0

Zipf distribution

3.4.3 Dataset Collection

We run each experiment for 100 minutes without applying any caching algorithm and

collect the number of content requests of each node. Since the number of requested

contents per node varies greatly, we transform the dataset to have a mean of 0 and a

standard deviation of 1. We used 80% of the dataset as the training dataset and 20% as

the testing dataset. All the deep learning-based models are trained and tested using the

same dataset.
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3.4.4 Evaluation Metrics

The following three metrics are adopted to evaluate various caching strategies’ perfor-

mances:

• Cache Hit Ratio (CHR): The cache hit ratio represents the percentage of requests

that can be fulfilled by retrieving data packets from the cache,

CHR =
cacheHits

cacheHits+ cacheMiss
, (3.4)

where cacheHits refers to the count of Interest packets that are successfully sat-

isfied by retrieving the corresponding Data packet from the cache. On the other

hand, cacheMiss represents the count of Interest packets that cannot be fulfilled

by the cache and require fetching from external sources. An Interest packet car-

ries the name of the requested content and is transmitted from the user, while a

Data packet contains the requested content itself and can serve as a response to

the corresponding Interest packet.

• BHR (Byte Hit Ratio): It defines the number of bytes satisfied by the cached data

packets divided by the total number of bytes that consumers requested.

BHR =
cacheHitsBytes

cacheHitsBytes + cacheMissesBytes
, (3.5)

where cacheHitsBytes is the total object sizes for cache hits and cacheMissesBytes

is the total object sizes for cache misses.

• Average Latency (ALT): The average latency represents the average delay between

the moment a user sends an Interest packet and the moment it receives the cor-
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responding Data packet,

ALT =

∑I
i=1(it + ir)

I
, (3.6)

where I denotes the total number of user requests. it represents the travel time

of the Interest packet from the user to the node that fulfills the request, while ir

denotes the travel time of the responding Data packet.

3.4.5 Results

This section shows the experimental results of our GNN-based caching algorithm, 1D-

CNN caching algorithm, LSTM-ED caching algorithm, SAE caching algorithm, LFU,

LRU and FIFO. By default, the cache placement strategy is LCE. For deep learning-based

cache replacement strategies, the models are trained and tested using the same dataset,

and the best model is selected with early stopping on the testing dataset. We minimize

the binary cross entropy [117] for the GNN model and the mean square error [118] for the

other models. All models are optimized using the Adam optimizer [117]. After training

and testing, we deploy each selected best model to the Mini-NDN to make real-time

content caching decisions. All deep learning models use the node features of the previous

eight time slots to predict the content caching probability for the next time slot. By

default, a time slot is 10 minutes. Therefore, CHR, BHR, and ALT are computed 80

minutes after the start of the experiment. In order to control variables, the performances

of classical caching algorithms, LFU, LRU and FIFO, are also measured in the same way.

Each network scenario is performed ten times, and the results are averaged.

3.4.5.1 Effect of Network Size

In this section, we explore the effect of network size on different caching algorithms, GNN-

based, 1D-CNN, LSTM-ED, SAE, LFU, LRU and FIFO. Each network scenario contains
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Figure 3.3: Performance of GNN-based, 1D-CNN, LSTM-ED, SAE,
LFU LRU and FIFO caching strategies in tree network topologies
with different numbers of nodes. Note that each network scenario
contains 200 different contents, and each consumer requests 2 differ-
ent contents and has a cache size of 1 content chunk.
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200 distinct contents, and each consumer requests 2 different contents and has a cache size

of 1 content chunk. Each consumer sends requests following a Zipf distribution with an α

of 0.8. All the networks are tree topologies, and the number of network nodes is from the

set {3, 15, 25, 35, 45, 55, 65, 75, 85, 95}. The depth of all topologies is 4, except for the

topologies with 3 and 15 nodes, which have depths of 2 and 3, respectively. Regarding the

GNN-based caching strategy, we utilize 2 GraphSAGE layers for all topologies except

for the topology with 3 nodes that applies 1 GraphSAGE layer. The number of the

node’s representation dimension is {128}, {128, 64}, corresponding with the number of

GraphSAGE layers 1 and 2, respectively.

Figure 3.3 shows the caching performance of all strategies. We can observe that

no matter the number of nodes, the GNN-based caching strategy performs the best

with a rather narrow Confidence Interval (CI). Moreover, the performance of 1D-CNN,

LSTM-ED and SAE is pretty similar because each node can only cache the most popular

content requested by itself. Unlike them, the GNN-based caching strategy uses aggre-

gated neighbourhood information to obtain neighbouring nodes’ status and thus helps

achieve cooperative caching. In addition, the classical strategy LFU performs a little bit

better than the deep learning-based caching strategies but with a rather wide CI. The

other two classical strategies, LRU and FIFO, perform the worst compared with others.

Figure 3.3a shows the 95% CI for the CHR of all strategies. In the best case, our GNN-

based caching strategy performs a 44%, 45%, 50%, 56%, 102%, 104% higher CHR than

1D-CNN, LSTM-ED, SAE, LFU, LRU and FIFO, respectively. Furthermore, regardless

of the number of nodes, the CHR of the GNN-based caching strategy performs at least

27% better than the 1D-CNN, LSTM-ED and SAE, 14% better than LFU and 60% better

than the LRU and FIFO. It demonstrates that our GNN-based caching algorithm can

accurately predict content popularity and increase caching diversity across the network.
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Figure 3.3b shows the 95% CI for the ALT of all strategies. In the best case, our

GNN-based caching algorithm achieves 36%, 37%, 39%, 45%, 49% and 51% lower ALT

than 1D-CNN, LSTM-ED, SAE, LFU, LRU and FIFO, respectively. On average, our

GNN-based caching strategy can achieve around 22% lower ALT than 1D-CNN, LSTM,

and SAE. In addition, LRU and FIFO have the highest ALT among all the caching

strategies. It shows that the GNN-based caching strategy can decrease consumer access

latency by a large margin by caching more popular content near the consumer.

3.4.5.2 Effect of Cache Size

This section explores the impact of node’s cache sizes on various caching strategies. Cache

size is defined as the number of content chunks each node can cache. By default, each

NDN node except the content producer has the caching capability with uniform cache

size. In this section, the producer advertises 600 different contents, and each consumer

requests 10 distinct contents with a cache size ranging from 1 content chunk to 6 content

chunks. Figure 3.4 plots the 95% CI for the CHR and ALT of GNN-based, 1D-CNN,

LSTM-ED, SAE, LFU, LRU and FIFO under different network scenarios in a 55-node

tree network topology.

Figure 3.4a shows that the CHR increases with increasing cache sizes for all strategies.

In particular, the GNN-based caching strategy outperforms 1D-CNN, LSTM and SAE

by around 17% on average. The GNN-based caching strategy generally outperforms LFU

with a more significant margin. Besides, GNN-based has an average advantage of more

than 89% and 102% over LRU and FIFO, respectively.

Figure 3.4b shows that the ALT decreases with increasing cache sizes for all strategies.

Overall, GNN has about 7% lower ALT than 1D-CNN. LSTM and SAE have almost the

same performance as 1D-CNN, and both can achieve lower ALT than LFU, LRU and
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Figure 3.4: Performance of GNN-based, 1D-CNN, LSTM-ED, SAE,
LFU LRU and FIFO caching strategies varies with node cache sizes
in a 55-node tree network topology. Note that each network scenario
contains 600 different contents, and each consumer requests 10 dif-
ferent contents.
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FIFO. On average, GNN can achieve a latency that is 14%, 18%, and 22% lower than

LFU, LRU and FIFO, respectively.

3.4.5.3 Effect of Zipf Parameter α Values

This section explores the CHR and ALT varies with the Zipf parameter α with various

values. Zipf parameter α defines the content popularity distribution each consumer

requested. Figure 3.5 shows the caching performance with different α values ranging

from 0.1 to 1.0 for GNN-based, 1D-CNN, LSTM-ED, SAE, LFU, LRU and FIFO in a

55 nodes tree network topology.

As shown in Figure 3.5a, for all deep learning-based caching algorithms, CHR in-

creases as the α value increases due to a more noticeable difference in content popularity.

When α = 0.1, 1D-CNN, LSTM-ED, SAE, LFU, LRU, and FIFO perform similarly, but

the GNN-based caching strategy can achieve much better performance. The GNN-based

caching algorithm has an averagely of around 40% higher CHR than 1D-CNN, LSTM-ED

and SAE, 17% higher CHR than LFU and 75% higher CHR than LRU and FIFO.

Figure 3.5b shows that our GNN-based caching algorithm achieves the lowest ALT

among all caching schemes. On average, the GNN-based caching algorithm has around

20% lower ALT than 1D-CNN, LSTM-ED and SAE, 12% lower ALT than LFU, and 27%

lower ALT than LRU and FIFO.

In summary, 1D-CNN, LSTM-ED, and SAE perform similarly across Zipf parameters

as they only predict content popularity based on individual node requests. In contrast,

GNN captures content popularity considering both the node and its neighbors’ requests.
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Figure 3.5: Performance of GNN-based, 1D-CNN, LSTM-ED, SAE,
LFU LRU and FIFO caching strategies varies with Zipf alpha values
in a 55-node tree network topology. Note that each network scenario
contains 200 different contents, and each consumer requests 2 differ-
ent contents and has a cache size of 1 content chunk.
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Table 3.2: 95% CI for the CHR and ALT of the GNN-based, 1D-CNN,
LSTM-ED, LFU, LRU and FIFO caching strategies in a 55-node
arbitrary network topology and a 55-node tree network topology.

Arbitrary topology Tree topology
Caching

strategies
95% CI for
CHR (%)

95% CI for
ALT (ms)

95% CI for
CHR (%)

95% CI for
ALT (ms)

GNN-based
33.59

(32.77 to
34.41)

26.64
(26.08 to

27.20)

38.87
(38.77 to

38.98)

24.18
(23.85 to

24.51)

1D-CNN 26.82 (18.36
to 35.28)

31.14 (25.57
to 36.72)

29.85 (29.66
to 30.03)

28.85 (27.96
to 29.75)

LSTM-ED 22.03 (21.24
to 22.82)

34.58 (33.92
to 35.24)

29.63 (29.09
to 30.16)

29.35 (28.36
to 30.35)

SAE 22.15 (21.74
to 22.56)

34.37 (33.80
to 34.95)

29.79 (29.31
to 30.27)

29.53 (29.27
to 29.78)

LFU 20.89 (17.72
to 24.06)

37.57 (34.24
to 40.91)

32.00 (29.87
to 34.12)

28.83 (26.86
to 30.80)

LRU 14.85 (14.29
to 15.41)

47.45 (46.83
to 48.07)

21.96 (21.43
to 22.48)

34.37 (33.24
to 35.49)

FIFO 14.81 (14.45
to 15.16)

48.04 (47.72
to 48.36)

21.45 (20.76
to 22.14)

34.88 (33.60
to 36.16)

3.4.5.4 Effect of Network Topology

We also compare the caching performance of all strategies in arbitrary network topologies.

Except for the network topology, the key network parameters in this section follow the

default values provided in Table 3.1. Table 3.2 shows the performance of the GNN-

based, 1D-CNN, LSTM-ED, SAE, LFU, LRU and FIFO in a 55-node arbitrary network

topology and a 55-node tree network topology. Regarding the GNN-based model, we

utilize 7 and 2 message passing layers for the arbitrary and tree networks, respectively.

The hidden node representation dimension is {128, 64, 64, 64, 64, 64, 32} and {128, 64},

respectively.

Regardless of the network topology, our GNN-based caching strategy performs the

best among all strategies. The GNN-based caching algorithm outperforms 1D-CNN by
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about 20% in CHR and 15% in terms of ALT in the arbitrary network topology. The

GNN-based strategy can also achieve around 28% higher CHR and 24% lower ALT than

the LSTM-ED and SAE. In addition, the GNN-based caching algorithm has a more

remarkable improvement in CHR and ALT than classical caching algorithms, LFU, LRU

and FIFO.

The results also show that all caching strategies’ performances decrease in the ar-

bitrary network compared with the tree network. The reason is that the tree network

topology has a depth of 4. It means that if an Interest packet cannot be satisfied by

any node’s cache store along the forwarding path, it will be forwarded at most 4 hops

before it reaches the producer, which results in up to 4 cache misses. However, in the

arbitrary network topology, the node farthest from the producer has a distance of 9 hops.

If network nodes’ cache store cannot satisfy an Interest packet, there will be more cache

misses.

In summary, benefiting from aggregating neighbour nodes’ information, the GNN-

based caching algorithm can realize cooperative caching and thus achieve a higher CHR

and lower ALT than 1D-CNN, LSTM-ED, SAE, LFU, LRU and FIFO caching algorithms

in both arbitrary and tree network topologies.

3.4.5.5 Effect of Content Size

Instead of using a uniform content size, we also evaluate different caching policies on

various content sizes. The content sizes are randomly sampled using a uniform dis-

tribution of 1049 to 8049 bytes. Other network simulation parameters are also from

default values of Table 3.1. This section introduces one more metric, BHR, to show how

much bandwidth the cache has saved. Table 3.3 shows the 95% CI for the CHR, BHR

and ALT of the GNN-based, 1D-CNN, LSTM-ED, SAE, LFU, LRU and FIFO caching
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Table 3.3: 95% CI for the CHR, BHR and ALT of the GNN-based,
1D-CNN, LSTM-ED, LFU, LRU and FIFO caching strategies in a
55-node tree network topology.

Caching
strategies 95% CI for CHR (%) 95% CI for BHR (%) 95% CI for ALT (ms)

GNN-based 40.50 (39.63 to
41.38)

40.61 (39.46 to
41.75)

23.03 (22.39 to
23.67)

1D-CNN 30.41 (29.69 to 31.13) 29.97 (29.18 to 30.77) 28.91 (28.32 to 29.51)
LSTM-ED 30.17 (29.46 to 30.89) 29.65 (28.90 to 30.40) 29.10 (28.52 to 29.68)

SAE 30.31 (29.50 to 31.13) 29.82 (29.00 to 30.64) 28.96 (28.26 to 29.65)
LFU 34.80 (33.64 to 35.97) 34.35 (30.73 to 37.98) 26.52 (25.60 to 27.45)
LRU 21.55 (21.08 to 22.02) 21.31 (20.91 to 21.71) 35.74 (35.33 to 36.15)
FIFO 21.68 (21.52 to 21.84) 21.44 (21.28 to 21.61) 35.70 (35.59 to 35.82)

strategies in a 55 nodes tree network topology. We can observe that the GNN-based

strategy can save much more bandwidth than the other caching algorithms. Compared

to 1D-CNN, LSTM-ED and SAE, the GNN-based strategy obtains about 35% higher

BHR. The GNN-based strategy can also achieve 18% higher BHR than the LFU. In

addition, the GNN-based strategy provides a more significant gain in BHR than LRU

and FIFO. Benefiting from the higher BRH, the CHR improvement and ALT reduction

of the GNN-based caching algorithm are significant.

Table 3.4: 95% CI for the CHR and ALT of the GNN-based caching
strategy with different information aggregator types in a 55-node tree
network topology.

Aggregator types 95% CI for CHR (%) 95% CI for ALT (ms)
Pooling 38.87 (38.77 to 38.98) 24.18 (23.85 to 24.51)
Mean 40.30 (39.83 to 40.78) 23.54 (23.29 to 23.78)
LSTM 35.76 (34.74 to 36.78) 26.21 (25.34 to 27.08)

3.4.5.6 Effect of Information Aggregator Types

As mentioned, we utilize GraphSAGE [26] layers to realize message passing in the pro-

posed GNN-based caching strategy. GraphSAGE introduces three aggregation functions,
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which are pooling, mean and lstm. The aggregation function updates the representation

of each central node with the representation of itself and its neighbouring nodes. It is the

key to realizing information passing between nodes to realize cooperative caching. This

section explores the performance of the proposed GNN-based caching strategy with dif-

ferent aggregators. Table 3.4 shows the 95% CI for the CHR and ALT of GraphSAGE’s

three aggregators in a tree network topology with 55 nodes. The tree topology has a

depth of 4, and we utilize 2 GraphSAGE layers. Key network simulation parameters are

the default values from Table 3.1.

The results show that the pooling and mean aggregation functions perform better

than the lstm aggregators in general. In addition, all aggregators have relatively steady

performance. We use the pooling aggregator as the default aggregation function.

3.4.5.7 Effect of the Number of Message Passing Layers

The number of message passing layers is essential in the GNN-based model because

it affects how much information each node knows about its neighbouring nodes. If n

message passing layers are adopted, each node knows its distance n neighbours. In this

section, we explore the performance of the GNN-based caching policy in two different

network topologies with different network sizes regarding the different number of message

passing layers, where the hidden node dimension of each message passing layer is chosen

from {128, 64, 32}.

Table 3.5 shows the 95% CI for the CHR and ALT of the GNN-based caching policy

with the different number of message passing layers in a 15-node arbitrary network

topology. In this topology, the node farthest from the producer has 4 hops, and we

explore GNN’s performance with 2 to 5 message passing layers. We can see that the

GNN model with 2 or 3 message passing layers performs worse than the model with 4



52

Table 3.5: 95% CI for the CHR and ALT of the GNN-based caching
strategy with different numbers of message passing layers in a 15-node
arbitrary network topology.

Number
of

message
passing
layers

Nodes feature size
(First-last layer) 95% CI for CHR (%) 95% CI for ALT (ms)

2 [128, 64] 25.09 (22.77 to 27.41) 34.19 (32.73 to 35.65)
3 [128, 64, 64] 27.79 (21.48 to 34.10) 31.24 (28.45 to 34.02)
4 [128, 64, 64, 32] 54.15 (53.57 to 54.72) 15.86 (15.58 to 16.14)
5 [128, 64, 64, 64, 32] 54.02 (53.39 to 54.65) 15.92 (15.69 to 16.14)

or 5 message passing layers. The difference is that in the case of 2 or 3 message passing

layers, each node can only aggregate the information of its 2-hop or 3-hop neighbouring

nodes, but more neighbouring nodes’ information can be aggregated with 4 or 5 message

passing layers. It shows that the GNN-based caching strategy has difficulty capturing

the content popularity across the network with an insufficient number of message passing

layers. However, the GNN-based model can realize cooperative caching and achieve

outstanding performance with a sufficient number of message passing layers.

To more thoroughly demonstrate the impact of the number of message passing layers

on GNN’s performance, we also demonstrate the performance of GNN-based policy with

different numbers of message passing layers in a larger network topology. Table 3.6 shows

the caching performance of the GNN-based strategy with different message passing layers

in an arbitrary network topology with 55 nodes. We can observe that, in general, more

message passing layers contribute to a higher CHR and a lower ALT. In the 55-node

arbitrary network topology, each consumer traverse at most 9 hops to arrive at the

producer. Therefore, with 6 to 9 message passing layers, the GNN model can capture

the network topology and traffic information more accurately, which helps to achieve

excellent performance.
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Table 3.6: 95% CI for the CHR and ALT of the GNN-based caching
algorithm with different numbers of message passing layers in a 55-
node arbitrary network topology.

Number
of

message
passing
layers

Nodes feature size (First-last
layer)

95% CI for CHR
(%)

95% CI for ALT
(ms)

2 [128, 64] 16.55 (15.09 to
18.01)

38.63 (37.14 to
40.12)

3 [128, 64, 64] 17.40 (16.11 to
18.68)

38.62 (37.55 to
39.69)

4 [128, 64, 64, 32] 22.91 (22.31 to
23.52)

33.27 (32.56 to
33.99)

5 [128, 64, 64, 64, 32] 22.66 (22.21 to
23.12)

33.34 (33.09 to
33.59)

6 [128, 64, 64, 64, 64, 32] 33.12 (32.61 to
33.62)

26.56 (26.10 to
27.01)

7 [128, 64, 64, 64, 64, 64, 32] 33.59 (32.77 to
34.41)

26.64 (26.08 to
27.20)

8 [128, 64, 64, 64, 64, 64, 64, 32] 32.72 (31.75 to
33.69)

26.96 (26.33 to
27.58)

9 [128, 64, 64, 64, 64, 64, 64, 64, 32] 32.35 (31.25 to
33.45)

26.90 (26.36 to
27.43)
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We can conclude that the number of message passing layers is critical for the GNN-

based caching strategy. In larger network topology, each node needs to aggregate more

neighbour information to learn the network structure and traffic status so that GNN

can accurately predict the content caching probability. Therefore, more message pass-

ing layers are required in a complex network topology compared with a small network

topology.

3.5 Conclusion

In this chapter, we propose a GNN-based caching algorithm and deploy it on Mini-

NDN. We compare our caching algorithm with three other popular deep learning-based

caching algorithms, 1D-CNN, LSTM-ED, and SAE, and three traditional caching al-

gorithms, LFU, LRU and FIFO. We evaluate the performance of all caching strategies

regarding various network parameters, including network topologies, network sizes, con-

tent popularity distributions, node cache sizes, and content sizes. Regardless of network

parameters, our GNN-based caching algorithm substantially improves the CHR, BHR

and ALT compared to all the other caching strategies. In the best case, our GNN-based

caching algorithm outperforms the 1D-CNN, LSTM-ED, and SAE caching algorithms

by about 50% in terms of the CHR. In addition, at best, the ALT of our GNN-based

strategy is around 30% lower than the other three deep-learning caching algorithms. The

outstanding performance of the GNN-based caching strategy is that GNN can represent

the network topology, and each node can aggregate information from its neighbouring

nodes; thus, it helps to capture the structure and traffic information of the whole network

and makes cooperative caching decisions.



Chapter 4

GNN-based Proactive Caching

Placement Approach in NDN

4.1 Introduction

In contrast to the previous chapter focuses on the caching replacement strategy primarily

relying on predicted content caching probability derived from past content request num-

bers and network architecture, this chapter introduces a proactive caching placement

strategy centred on user preference predictions, leveraging features including content

attributes, user profiles, user-content ratings. After user preference is predicted, we pro-

pose a gain-based caching algorithm to strategically place contents of interest closer to

users as well as increase caching diversity across the network.

This chapter tries to address the caching delimiter, where there are hundreds of

thousands of different contents but limited cache space across the network. Recently,

several papers [79, 80, 119, 120] have addressed this challenge by applying deep learning-

based models to predict the number of future content requests and actively cache these

popular contents on nodes. However, these approaches solely rely on expected content

55
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request numbers without considering user preferences, which can be inferred from content

features, user profiles, and so on. Yet, user preference is a critical factor in caching as

it reflects user request patterns and aids in predicting future content interests even for

content not previously accessed by users.

The authors of the paper [82] predicted users’ future demand through user prefer-

ences. They adopted the Non-Negative Matrix Factorization (NMF) [121] technique in

the Recommender System (RS) to predict user ratings to videos. Following that, they

proactively cached popular videos and achieved promising results. However, the problem

with the NMF technique is that it is transductive, and thus it cannot generalize to un-

seen users or videos during the training stage. To address the NMF’s problem, they also

considered the previous popularity of videos to help make caching decisions. However,

the popularity of videos in the past does not strongly correlate with their popularity in

the future. Usually, users who have watched videos in the past are likely not to watch

them again in the future. To address these problems, we utilize an Inductive Matrix

Completion (IGMC) [28] technique, which is based on Graph Neural Network (GNN),

to predict user ratings to videos that have not been watched. Furthermore, we consider

the total predicted ratings of a video as the gain of caching the video. Following this,

videos are cached according to their ranking of gains in descending order.

The contributions of this chapter are as follows:

• We utilize an inductive GNN-based model to predict user ratings of movies that

have not been watched and use the total predicted movies’ ratings as the gains in

the caching framework. We are the first to apply a GNN model to the caching

problem to the best of our knowledge.

• We propose a gain-based caching placement algorithm utilizing gains of caching

the movies to make caching decisions.
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• We deploy our proposed scheme and state-of-the-art caching algorithms on Mini-

NDN. We evaluate various caching algorithms using the real-world dataset and

different network topologies. Our proposed caching strategy achieves a 25% higher

cache hit ratio, 5% lower latency and 7% lower server load than the state-of-the-art

algorithm in a real-world network topology GEANT [30].

The organization of this chapter is as follows: The proposed GNN-based proactive

caching placement strategy is first introduced. Following this, experimental results are

presented, and finally, we conclude the chapter.

4.2 Proposed Methodology

A. System Model

We consider a NDN network consisting of F forwarders and C user communities,

denoted by F = {f1, f2, ..., fF} and C = {c1, c2, ..., cC}, respectively. Each user commu-

nity is placed at a different forwarder. There are U users and M movies in our model,

denoted by U = {u1, u2, ..., uU} and M = {m1,m2, ...,mM}, respectively. All users are

divided into C user communities, and each ui ∈ ci but ui ̸∈ C\ci, where ci ∈ C. Users

give a rating to movies they have watched, denoted as rui
mi

, where ui ∈ U and mi ∈ M.

For movies they have not watched, the ratings are empty. We consider each rating as a

request in NDN. We assume that user communities send interest packets follows a Uni-

form Distribution with λ1 requests per second or a Poisson Distribution with λ2 requests

per minute.

In our model, all forwarders have the caching ability with a uniform cache size N ,

which is defined as number of movies. We apply a binary variable {bmi,fi}, for mi ∈ M

and fi ∈ F , to indicate forwarder fi’s caching status. We define bmi,fi = 1 if and only if

movie mi is cached at forwarder fi. For each forwarder fi ∈ F ,
∑

mi∈M bmi,fi ≤ N . Our
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proposed caching strategy aims to predict ratings ui to movie mi, and make optimized

caching decisions within limited caching space.

B. IGMC Ratings Prediction Model

Unlike traditional matrix factorization techniques [121, 122], IGMC [28] trains a GNN

model. We take an approach similar to IGMC to make rating predictions. Given that

a matrix contains ratings from users to movies, we build an undirected bipartite graph

G = (U,M,E), where U denotes sets of users, M denotes sets of movies, and E denotes

set of edges. Edges exist between a user ui and a movie mi instead of two users or movies.

Each edge has a label rui
mi

.

The first component is enclosing subgraph extraction. From a (ui,mi) pair, a Breadth-

first Search (BFS) strategy is applied to extract ui’s and mi’s h-hop enclosing subgraph.

We select a 1-hop subgraph, and each subgraph includes: (i) the target user ui, (ii) the

target movie mi, (iii) all users that have watched the movie mi, (iv) all movies that

the user ui has watched, (v) known edges and corresponding labels between users and

movies. The subgraph is fed into a GNN model and mapped to the target rating rui
mi

.

The second part of the rating prediction is node labelling. It is to distinguish the

target user, target movie, user-type nodes and movie-type nodes in the enclosing sub-

graph extracted in the first step. We give label 0 to the target user and label 1 to the

target movie. Other nodes’ labels are given according to the hop count included in the

subgraph. For example, a user-type node is included at the nth hop, and then it will be

given a label 2n, while a movie-type node will be given a label 2n+ 1 if it is included at

the same hop. One crucial point is that node labels depend on the local subgraph rather

than the global bipartite graph. Therefore, we can predict ratings even for a subgraph

from an entirely different bipartite graph. After labelling each node in the subgraph, we

consider the one-hop encoding of each label as the initial feature of that node.
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The third part trains a GNN model to predict ratings from the (ui,mi)’s 1-hop sub-

graph. We utilize a graph-level GNN strategy and aim to map the subgraph to the target

rating rui
mi

. The IGMC paper applies a Relational Graph Convolutional Neural Network

(RGCN) operator [123] to implement the message passing layers in GNN. RGCN is an

extension of [8], and the main difference is that the former one is to handle heterogeneous

graphs where there are different edge types in a graph, while the latter one not. In our

dataset, the ratings range from 1 to 5, each with an edge type. Therefore, RGCN is

adopted to handle the five edge types. It works as follows: 1) for a central node, aggre-

gates its 1-hop neighbouring nodes features; 2) Update the central node’s feature based

on the neighbouring nodes’ features and edge types. The procedure is as below:

xl+1
i = tanh

Ñ
W l

0x
l
i +

∑
r∈R

∑
j∈Nr(i)

1

|Nr(i)|
W l

rx
l
j

é
, (4.1)

where xl
i is node i’s feature at layer l, and W l

0 is a learnable weight matrix that applies to

the node’s self-loop connection. Note that each edge has a rating feature, and edges with

the same feature have the same edge type. We use R to denote the set of all edge types.

For each edge type r ∈ R, Nr(i) is the set of 1-hop neighbour nodes of node i connected

through edge type r, and W l
r is a learnable weight matrix corresponding to the edge type

r and massage passing layer l. For each node i and a message passing layer l, we compute

a feature vector xl
i. After computing L feature vectors, each corresponding to a message

passing layer, we concatenate the feature vectors computed for each node and consider

this as the node’s final representation. Next, we concatenate final representations of the

target user and target movie and treat it as a graph representation. Finally, the Rectified

Linear Unit (ReLU) activation function and Multilayer Perceptron (MLP) are applied

on the graph representation to predict the rating r̂ui
mi

.
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It is worth noting that the model only leverages subgraph patterns and ignores user

or movie features, which are difficult to achieve due to information privacy and label

cost. Besides, it is inductive as it learns GNN parameters rather than user or movie

embeddings. Therefore, the model generalizes well to unseen users or movies during the

training stage. Furthermore, the model can transfer to new tasks since different datasets

may share similar subgraph rating structures.

After predicting users’ ratings of unwatched movies, we apply our gain-based caching

decisions across the network. The proposed caching decision algorithm is described in

the next section.

C. Caching Decision

This section introduces the caching decisions for each forwarder in the network. We

consider each movie’s total predicted ratings in a user community ci ∈ C as the gain of

caching the movie:

gcimi
=

∑
ui∈ci r

ui
mi

maxmj∈M
∑

ui∈ci r
ui
mj

, (4.2)

where
∑

ui∈ci r
ui
mi

is the sum of movie mi’s predicted ratings in the user community ci,

and maxmj∈M
∑

ui∈ci r
ui
mj

is the maximum sum of a movie’s ratings in ci.

We normalize the gains of each movie by the maximum gain of a movie in the same

user community. The total ratings for each movie reflect the movie’s popularity across

all users in that community. We aim to maximize the total gain G of caching movies in



61

the network, which is mathematically formulated as follows:

G =
∑

mi∈M

∑
ci∈Sfi

gcimi
bmi,fi

s.t.
∑

mi∈M

bmi,fi ≤ N, fi∈F

bmi,fi ∈ {0, 1},mi ∈M, fi ∈ F

, (4.3)

where Sfi is the set of user communities whose requests pass through the forwarder fi.

Besides, the number of cached movies in each forwarder fi does not exceed the maximum

cache size N .

Given a network topology and gCM, our task is to make caching decisions for each

forwarder in order to optimize Equation 4.3. It is worth mentioning that our network

topology is static, and the routing policy is the shortest path routing. We firstly apply

Dijkstra’s algorithm to find the shortest path from each f to the server and optimize

the content caching along the shortest path tree. In the shortest path tree, the server

node is considered the root. Let V denotes a node (i.e., a server or a forwarder). Each V

is associated with attributes { id, gain_t, gain_arr, u_set, cache_size, n, child_arr,

par, local_arr, global_arr }, where id: a unique id; gain_t: a hash table with (item,

gain) pair; gain_arr: a two dimensional array stores [item, gain] pair in its gain_t;

u_set: a set storing user communities’ id whose requests pass through the current node;

cache_size: an integer scalar indicates the cache size, cache_size = 0 for the server and

cache_size = N for forwarders; n : an integer scalar indicates the node should cache the

item with nth highest gain, n = 0 by default; child_arr: an array stores a node’s direct

children; par: the node’s direct parent, each node has at most one parent node due to

the extraction of the shortest path tree; local_arr: an array that stores cached items by

the node; global_arr: an array stores the node and its ancestors’ cached items.



62

Algorithm 1 Gain-based caching algorithm
Input: all user communities set C
Output: caching decision for all f ∈ F

1: for c in C do
2: c.u_set.add(c.id)
3: root = Node-Initialization(c)
4: end for
5: Caching-Decision(root)

Algorithm 1 illustrates our proposed gain-based caching strategy where all user com-

munities are provided as input. Each user community has a unique id and is placed

at a different forwarder in the network topology. For each user community, we update

its user community set (u_set) with its own id and then call the ”Node-Initialization”

function with a parameter c.

Algorithm 2 Node-Initialization
Input: c, a user community

1: if c.par not None then
2: for key in c.gain_t do
3: if key in c.par.gain_t then
4: c.par.gain_t[key]← c.par.gain_t[key] + c.gain_t[key]
5: else
6: c.par.gain_t[key]← c.gain_t[key]
7: end if
8: end for
9: c.par.u_set← c.par.u_set ∪ c.u_set

10: if c.par.u_set != c.u_set then
11: c.par.n← 0
12: else
13: c.par.n← c.n+ 1
14: end if
15: Node-Initialization(c.par)
16: else
17: return c
18: end if
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Algorithm 2 represents the process of node initialization, where a user community c

is provided as input. In this function, we traverse the shortest path tree from c to the

server. If c has a parent node, we update its parent node’s gain_t by merging the parent

node’s and child node’s gain_t using plus operator. Besides, we update the parent node’s

u_set by unioning the child node’s u_set. If the parent node receives the exact user

community requests as its child node, we assign its child node’s n plus 1 to the parent

node’s n (e.g., assume n = 0, then the child node caches the item with the highest gain,

but the parent node caches the item with the second-highest gain). The idea is to put the

popular item near the user community and optimize the caching diversity. Otherwise,

we assign 0 to the parent node’s n, indicating the parent node caches the item with the

highest gain in the parent node’s gain_t. The process is repeated until the server node

is reached.

After updating nodes’ information, the Algorithm 3 is executed, where the server

node is the input. We traverse the shortest path tree from the server to the forwarder to

make caching decisions. Firstly, each forwarder’s gain_t is updated by removing items

cached by its ancestors. The idea is to make downstream forwarders not cache items

cached by upstream forwarders. The following is to append (item, gain) pairs in gain_t

to the gain_arr and sort gain_arr by gains in descending order. Next, the loop (i.e.,

cache_size) indicates the cache space of the current forwarder. For each iteration, the

forwarder caches the item with the gain in the (n ∗ cache_size)th index in gain_arr.

The cached item is inserted into the forwarder’s local_arr and global_arr. Besides, the

item is removed from gain_t and gain_arr. The process is repeated until reaching the

user community.

Once the caching decisions for each forwarder are made, we proactively load items in

the forwarder’s local_arr to its cache store. The proactive caching process makes sure
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Algorithm 3 Caching-Decision
Input: s, a server node

1: if s.par is None then
2: for child in s.child_arr do
3: Caching-Decision(child)
4: end for
5: else
6: for m in s.par.global_arr do
7: del s.gain_t[m]
8: end for
9: for m in s.gain_t do

10: gain_arr.append([m, gain_t[m]])
11: end for
12: gain_arr ← sort(gain_arr, (a1, a2)→ (a2[1]− a1[1]))
13: for i← 1...s.cache_size do
14: item_index← s.n ∗ s.cache_size
15: item← gain_arr[item_index][0]
16: s.local_arr.append(item)
17: s.global_arr.append(item)
18: del s.gain_t[item]
19: del gain_arr[item_index]
20: end for
21: for child in s.child_arr do
22: Caching-Decision(child)
23: end for
24: end if

that, before users send Interest packets, contents are already available in the forwarder’s

cache store to satisfy user requests. Regarding the cache replacement policy, when the

forwarder’s cache store is full, the content with the lowest cache yield will be evicted

first.

4.3 Experimental Results

To evaluate our caching algorithm, we use Mini-NDN[27] to perform all experiments.

Mini-NDN is an emulation tool, and it runs real instances of NDN packages. We deploy
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our GNN-GM and the NMF-based proactive caching strategy proposed in paper [82]

on Mini-NDN. The authors of [82] also took user mobility into account when making

caching decisions due to the highway simulation environment, which is different from

our experimental environment. Therefore, we do not consider user mobility. Except for

the user mobility, [82] employs the same caching scheme as [81], which is the method we

compare. We utilize their caching decision module to calculate the gain of caching movies

in each forwarder. After that, we apply our proposed gain-based caching placement

algorithm to make caching decisions for each forwarder. Besides, we also compare our

proposed caching algorithm with GNN-CPP [124], which employs the GNN model to

make item caching probability predictions. It is worth noting that GNN-CPP makes

predictions only based on the item’s requested numbers in the past. For GNN-GM, NMF-

based caching strategy, and GNN-CPP, we preload items that need to be cached into

the forwarder’s cache store before users send requests. In addition, GNN-GM and NMF-

based caching strategies employ cache replacement policies based on content caching

gains, and GNN-CPP employs caching replacement policies based on predicted content

popularities. Furthermore, we compare two traditional reactive caching strategies, Leave

Copy Everywhere + Least Recently Used (LCE+LRU) and LCE + First-in-first-out

(LCE+FIFO).

4.3.1 Experimentation Setup

This section presents network topologies, traffic generation, dataset collection and metrics

we used to evaluate caching algorithms GNN-GM, NMF-based caching strategy, CNN-

CPP, LCE+LRU and LCE+FIFO.
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Table 4.1: Experimentation Parameters

Parameters Default Value Values

Network topology GEANT [30] GEANT [30], Tree or
Arbitrary Topology

Number of nodes 45 10-60
Number of producers 1
Number of forwarders 44 9-59

Number of user communities 2
Number of users 943

Number of distinct movies 1682

Requests rate Uniform Distribution
with 1 req/sec

Uniform Distribution with 1
req/sec or

Poisson Distribution with
50 req/min

4.3.1.1 Network Topology

Similar to papers [125, 126], we employ a real-world network topology GEANT [30],

which has 45 nodes associated with 71 edges. The server is placed at the ”UK” node,

and all other nodes are forwarders. In addition, we explore a tree network topology with

50 nodes. We also explore random topologies with various numbers of nodes {10, 20, 30,

40, 50, 60}. There are one content producer and two user communities for all topologies,

and each user community randomly accesses a forwarder. In particular, the root node

is the content producer, and user communities can only access leaf nodes in the tree

topology. It is worth noting that all forwarders have uniform caching capability.

4.3.1.2 Traffic Generation

We employ NDN Traffic Generator[115] to generate Interest and Data packets. We

assume each user community sends interest packets in a Uniform Distribution with one

request per second or a Poisson Distribution with 50 requests per minute. Table 4.1

shows key parameters and values used in this chapter.



67

4.3.1.3 Dataset Collection

We use the public benchmark dataset MovieLens 100K [29], which includes 943 users

and 1682 movies. We sort the dataset by timestamp and use 80% of it as the training

dataset and 20% as the testing dataset to compare the performances of various caching

strategies. Similar to papers [81, 82], we consider the user rating for a movie as the user

request for that movie. We randomly divide 943 users into two user communities.

4.3.1.4 Evaluation Metrics

The following three metrics are adopted to evaluate various caching algorithms:

• CHR (Cache Hit Ratio): It defines the percentage of requests that can be satisfied

by the cached data packets. The CHR is defined in Eqn. 3.4.

• ALT (Average Latency): It defines the average delay between the time the consumer

sends an Interest packet and the time it receives a Data packet. The formula for

ALT is given in Eqn. 3.6.

• Server Load: It defines the number of Interest packets served by the server.

4.3.2 Results

This section describes the experimental results for GNN-GM, NMF-based caching strat-

egy, GNN-CPP, LCE+LRU, and LCE+FIFO. We utilize 4 RGCN layers in the GNN-

based rating prediction model. Both GNN and NMF are trained and tested using the

same dataset, and they are trained with the Adam optimizer and Stochastic Gradient

Descent (SGD) optimizer, respectively. The loss function is the mean square error. The

GNN-CPP model requires time-series data. Therefore, we divide the training dataset

into four time periods, with 20,000 requests within one time period. The testing dataset
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has 20000 requests, and thus it can be considered a single period. We use the content

requests number in the previous two time periods to predict content caching probability

in the next period. The GNN-CPP model includes 3 GNN layers and is trained using

the Adam optimizer, and the loss function is binary cross-entropy. All experiments are

run multiple times, and the results have been averaged.
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Figure 4.1: GNN-GM, NMF-based, GNN-CPP, LCE + LRU, and
LCE + FIFO caching algorithms’ performances with different for-
warders’ cache sizes in a 50 nodes tree network topology.
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4.3.2.1 Effect of Node Cache Sizes in Tree Topology

Figure 4.1a shows the cache hit ratio of the five caching algorithms with various for-

warders’ caching abilities in a 50 nodes tree network topology. The cache size of a

forwarder is {2, 10, 20, 30, 40, 50, 60, 70}. We can observe that the cache hit ratio

increases with the increase of forwarders caching size for all caching strategies. GNN-

GM achieves the best performance among the five caching strategies. On average, the

GNN-GM caching algorithm has a 20% higher cache hit ratio than the NMF-based one.

Benefit from accurate user rating predictions and applying total predicted ratings to

make caching decisions, GNN-GM caching algorithm has a significant performance im-

provement (40% higher) over the NMF-based caching algorithm when each forwarder

can cache two movies. The GNN-CPP algorithm performs worse than the other two

proactive caching strategies because it only considers previous content requests when

making predictions. However, in reality, users will not be likely to watch movies they

have watched before. Besides, GNN-GM caching algorithm can perform nearly 200%

better on average than the other two traditional reactive caching algorithms, LCE+LRU

and LCE+FIFO.

Figure 4.1b shows the average latency of the five caching algorithms. At best, the

GNN-GM caching algorithm achieves around 11% and 35% lower latency than the NMF-

based caching algorithm and GNN-CPP, respectively. In addition, GNN-GM consistently

achieves the lowest latency regardless of the cache size. LCE+LRU and LCE+FIFO have

the worst performance, with a notable margin compared with the other three proactive

caching strategies. In the best case, GNN-GM caching algorithm can achieve 50% lower

latency than LCE+LRU and LCE+FIFO.

Figure 4.1c shows that the server load decreases as the forwarders’ cache sizes increase.

Overall, GNN-GM caching algorithm can achieve a 20% lower server load than the NMF-
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based caching algorithm. The proactive caching algorithm GNN-CPP has a heavier

server load than GNN-GM and NMF-based caching algorithms. Besides, LCE+LRU

and LCE+FIFO have the heaviest server load among the five caching algorithms. On

average, GNN-GM caching algorithm can perform almost 60% lower server load than the

LCE+LRU and LCE+FIFO.

The results indicate that our GNN-GM caching algorithm has an outstanding perfor-

mance in a tree network topology. GNN-GM can catch user preferences and put movies

that most users will likely watch near the user in advance. In addition, our GNN-GM

caching strategy improves cache diversity by ensuring that different movies are cached

on the path.

4.3.2.2 Effect of Node Cache Sizes in GEANT

Figure 4.2a shows the cache hit ratio of the five caching algorithms with various for-

warders’ caching abilities in GEANT. Similar to the Section 4.3.2.1, the cache size of a

forwarder varies from 2 to 70 movies. GNN-GM performs best among the five caching

methods in the GEANT network topology. The cache hit ratio of GNN-GM is, on av-

erage, about 25% higher than that of the NMF-based caching algorithm. When each

forwarder can only cache two movies, the GNN-GM can achieve a 40% higher cache hit

ratio than the NMF-based caching algorithm. In addition, GNN-CPP performs worse

than the GNN-GM and NMF-based caching algorithms because it only considers user

content requests number in previous time steps. LCE+LRU and LCE+FIFO still have

the worst performance because they are reactive caching strategies that do not capture

users’ future preferences.

Figure 4.2b shows the average latency of the five caching algorithms. At best, GNN-

GM achieves around 8% and 25% lower latency than the NMF-based caching algorithm
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Figure 4.2: GNN-GM, NMF-based, GNN-CPP, LCE + LRU, and
LCE + FIFO caching algorithms’ performances with different for-
warders’ cache sizes in GEANT.
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and GNN-CPP, respectively. GNN-GM consistently achieves the lowest latency regard-

less of the cache size. The other two traditional reactive caching algorithms have the

worst performance, with a notable margin with the other three proactive caching strate-

gies. In the best case, GNN-GM can achieve around 30% lower latency than LCE+LRU

and LCE+FIFO.

Figure 4.2c shows the server load of the five caching algorithms. The server load of

all caching algorithms decreases as the forwarders’ cache sizes increase. Overall, GNN-

GM can achieve a 7% lower and a 22% lower server load than the NMF-based caching

algorithm and GNN-CPP, respectively. Because LCE+LRU and LCE+FIFO have the

lowest cache hit ratio, more number of Interest packets are forwarded to the server. It

results in the server load of LCE+LRU and LCE+FIFO being much higher than the

other three proactive caching strategies. On average, GNN-GM can perform 30% lower

server load than the two traditional caching algorithms.

In short, our GNN-GM can catch user preferences, resulting in a higher cache hit ratio.

Besides, the lower latency demonstrates that interest packets can be satisfied along the

forwarding path before reaching the server. GNN-GM can also put more popular content

nearer to the user in order to improve user experiences. Our GNN-GM can definitely

decrease the traffic workload and provide better QoS.

4.3.2.3 Effect of User Requests Distribution in GEANT

Table 4.2 shows the cache hit ratio, average latency and server load for GNN-GM, NMF-

based, GNN-CPP, LCE+LRU and LCE+FIFO in GEANT when the user requests follow

a Poisson distribution with a request rate of 50 requests per minute. All forwarders have a

uniform cache size of 30. The table shows that GNN-GM achieves the best performance,

with significant improvements compared to other caching algorithms. In particular,
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GNN-GM achieves a 27% cache hit rate, 6.3% latency, and 9.2% server load compared

to the NMF-based caching algorithm. GNN-GM achieves a tremendous advantage in all

three performance metrics compared to GNN-CPP. In addition, the other two reactive

caching algorithms, LCE+LFU and LCE+FIFO, perform the worst and possess a large

gap with the other three proactive caching algorithms.

Table 4.2: Cache hit ratio, average latency and server load for GNN-
GM, NMF-based, GNN-CPP, LCE + LRU, and LCE + FIFO when
user requests follow a Poisson Distribution in GEANT.

Algorithms Cache hit ratio (%) Average latency (ms) Server load (103)
GNN-GM 10.875 60.851 6.174

NMF-based 8.554 64.986 6.803
GNN-CPP 4.544 70.55 8.11
LCE+LFU 0.76 79.093 9.357
LCE+FIFO 0.734 79.166 9.365

4.3.2.4 Effect of Network Sizes for Arbitrary Topologies

Figure 4.3 shows the cache hit ratio, average latency and server load for five caching

algorithms with a different number of nodes {10, 20, 30, 40, 50, 60}. In each network

topology, all forwarders have a uniform cache size of 30. From Figure 4.3a, we can notice

that the cache hit ratio decreases as the number of nodes increases. The reason is that

the user community is far away from the content provider in a large network topology.

In this case, an Interest packet has to be forwarded through more nodes to reach the

content provider. It results in a much larger denominator than the numerator in Equation

3.4. We can easily find that GNN-GM always performs best regardless of the number of

nodes. In the best case, GNN-GM can achieve about 36% higher cache hit ratio than

the NMF-based caching strategy. From the figure, we can see that GNN-CPP performs

worse when the network size is large. GNN-CPP is sensitive to the model structure,

i.e. the number of GNN layers used to train the model. Since all experiments utilize



74

10 20 30 40 50 60
Number of Nodes

0.8

2.8

4.8

6.8

8.8

10.8

12.8

Ca
ch

e 
hi

t r
at

io
 (%

)

GNN-GM NMF-based GNN-CPP LCE+LRU LCE+FIFO

(a) Cache hit ratio

10 20 30 40 50 60
Number of Nodes

50

100

150

200

250

300

350

400

Av
er

ag
e 

La
te

nc
y 

Ti
m

e 
(m

s)

GNN-GM NMF-based GNN-CPP LCE+LRU LCE+FIFO

(b) Average latency

10 20 30 40 50 60
Number of Nodes

8

10

12

14

16

18

Re
qu

es
ts

 S
er

ve
d 

(1
0³

)

GNN-GM NMF-based GNN-CPP LCE+LRU LCE+FIFO

(c) Server Load

Figure 4.3: GNN-GM, NMF-based, GNN-CPP, LCE + LRU, and
LCE + FIFO caching algorithms’ performances with a different num-
ber of nodes in random topologies. The performances of LCE+LRU
and LCE+FIFO overlap each other.
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only 3 GNN layers, each node in the GNN can only know information about its 3-hop

nodes at most. It is not sufficient in larger network topologies. On average, the cache

hit rate of GNN-GM is 200% higher than that of the GNN-CPP algorithm. In addition,

LCE+LRU and LCE+FIFO have similar performances and are the worst among the five

caching strategies.

Figure 4.3b shows the average latency for the five caching algorithms. We can see that

GNN-GM has the lowest latency for all network sizes. It demonstrates that our GNN-

GM caching algorithm can catch user preferences and put contents that most users

will be interested in near the user. More number of Interest packets can be satisfied

along the path, and thus users can receive the videos without much time waiting. At

best, GNN-GM performs a 5.8% lower and a 17% lower latency than the NMF-based

caching algorithm and GNN-CPP, respectively. The figure also shows that LCE+LRU

and LCE+FIFO have almost exactly the same average latency and perform significantly

worse than the other three deep learning-based proactive caching strategies.

Figure 4.3c shows the number of requests served in the server node for the five caching

algorithms. If more number of Interest packets are satisfied along the path, then less

number of them will be served by the server node. It makes sense that GNN-GM’s server

serves the lowest number of user requests. Following that is the NMF-based caching

algorithm, GNN-CPP, LCE+LRU and LCE+FIFO. It is worth noting that GNN-GM

alleviates a significant amount of server load than the other four caching strategies. The

other two traditional caching algorithms, LCE+LRU and LCE+FIFO, almost overlap in

the figure and have the highest server load.

We can conclude that our GNN-GM caching strategy has the best performance for

a different number of nodes in arbitrary network topologies. GNN-GM can capture user

preferences and increase the diversity of caches. In addition, it can cache popular videos
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near users. The GNN-GM caching strategy can significantly ease the traffic load and

enhance user experiences.

4.4 Conclusion

In this chapter, we propose GNN-GM, a GNN-based active cache placement policy. The

cache placement strategy is implemented based on the ranking of cached movies in terms

of gains, and movies with high cache gain replace movies with low cache gain. We can

predict user ratings more accurately than NMF by using a GNN-based model to predict

ratings. We can also cache popular movies and place movies near users by considering

the total ratings of predicted movies as gain and applying our gain-based caching deci-

sion. We compared our caching strategy with two state-of-the-art, NMF-based caching

algorithms, GNN-CPP, and two traditional reactive caching algorithms, LCE+LRU and

LCE+FIFO. We deployed these five caching algorithms on Mini-NDN and evaluated

them using real-world datasets. We evaluated the five caching algorithms’ performances

among a tree network topology with various cache sizes, a real-word network topol-

ogy GEANT with various cache sizes, a GEANT with user requests following a Poisson

Distribution, and random network topologies with a different number of nodes. The

evaluation results show that our GNN-GM can consistently achieve the highest cache hit

ratio, lowest latency and lowest server load. More notably, our proposed caching algo-

rithm has a 25% higher cache hit ratio, 5% lower latency and 7% lower server load on

average than the NMF-based caching algorithm in GEANT. In addition, our proposed

caching algorithm performs much better than GNN-CPP, which utilizes only previous

user movie requests for prediction. Note that GNN-CPP is an end-to-end algorithm,

while our algorithm is not. The experimental results show that GNN-GM can perform

much better than the end-to-end algorithm GNN-CPP. In particular, the average latency
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and server load of GNN-GMM are about 13% and 25% lower than GNN-CPP, respec-

tively, in GEANT. In addition, GNN-GMM provides more significant improvements than

the other two traditional caching strategies, namely LCE+LRU and LCE+FIFO.



Chapter 5

GNN-DRL-based Proactive Caching

Placement Approach in SDN-based

ICN

5.1 Introduction

In contrast to the previous two chapters, which primarily focus on supervised learn-

ing strategies to train GNN-based models using collected datasets, this chapter delves

into the realm of DRL. DRL, a form of online learning, involves continuous interac-

tion between an agent and the environment, where the agent receives rewards from the

environment for each action taken, allowing for sequential caching decisions aimed at

maximizing long-term rewards. Specifically, in this chapter, we propose a GNN-DRL-

based proactive caching placement strategy within an SDN-ICN context.

In recent years, DRL has made significant advancements in decision-making, par-

ticularly in caching decisions. Numerous studies (see [87, 90]) have demonstrated the

exceptional performance of DRL in solving caching problems. Researchers have adopted

78
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various deep Q-learning network architectures, such as Multi-layer Perceptron (MLP)

and Convolutional Neural Networks (CNNs), to replace traditional Q-Tables. However,

MLP and CNN architectures struggle to effectively utilize the neighbourhood informa-

tion in arbitrary graph data, such as network topologies and knowledge graphs. While

CNNs have been extensively optimized for processing Euclidean space data like images

and grids, they face challenges when dealing with graph-structured data. This limitation

hampers their ability to capture the relational information necessary for efficient caching

decision-making.

GNNs offer distinct advantages over traditional MLP and CNN architectures, as they

are purpose-built to handle graph-structured data and excel in non-Euclidean spaces.

This unique capability has made GNNs a popular choice in a wide range of domains that

involve data represented as arbitrary graphs [42]. Notably, GNNs have demonstrated

remarkable success in network routing optimization [127], where the underlying graph

structure captures the intricate relationships between network nodes and facilitates effi-

cient path planning. Additionally, in the domain of traffic predictions [37], GNNs lever-

age the graph structure of road intersections and their connectivity to forecast traffic

flow patterns accurately.

Moreover, recent research has highlighted the remarkable generalization capabilities

of GNNs [128]. GNNs can generalize effectively over different network topologies, allow-

ing them to adapt to various environments and scenarios. This has been substantiated

by studies such as [55, 129, 130], which have showcased the impressive generalization

performance of GNNs across diverse network architectures.

The inherent suitability of GNNs for graph-structured data and their exceptional

generalization capabilities make them an ideal choice for tackling complex problems in

network-related domains. In the context of our research, leveraging the power of GNNs
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allows us to capture the intricate relationships and dependencies present in network

caching scenarios, ultimately enhancing the network caching performance.

This chapter aims to enhance caching performance in the SDN-ICN scenario by lever-

aging DRL and GNN. Specifically, we introduce a GNN-Double Deep Q-network [31]

(GNN-DDQN) caching agent within the SDN controller. The SDN controller provides a

real-time and comprehensive view of the traffic situation in the SDN-ICN environment,

while the network nodes are equipped with caching capabilities. The GNN-DDQN agent

determines optimal caching decisions for individual nodes by considering the traffic con-

ditions at each time step. The controller then communicates these decisions to the

respective nodes, enabling them to update their cache stores accordingly.

The contributions of this chapter are as follows:

• We develop a statistical model to generate users’ preferences. Initially, we employ

matrix factorization based on the Neural Collaborative Filtering Model [131] to

learn content and user embeddings using the real-world dataset MovieLens100K

[29]. Next, we employ a Gaussian Mixture Model to cluster users and contents

based on their embeddings. Subsequently, we employ a statistical model to generate

the request behaviour of each user group.

• We introduce a GNN-DDQN agent within the SDN-ICN scenario. Incorporating

GNN in DRL is advantageous as GNN excels at modelling graph-structured data,

enabling nodes to engage in cooperative caching and enhancing overall caching

performance. Additionally, with just a single forward pass through the neural

network, the GNN-DDQN agent can make caching decisions for all nodes in the

network at each time step.

• We extensively evaluate the proposed caching scheme through simulations across

various scenarios. These scenarios include different numbers of contents, cache
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sizes, and network topologies such as GEANT [33], ROCKETFUEL [34], TISCALI

[35], and GARR [35]. Notably, our proposed caching scheme outperforms the

state-of-the-art DRL-based caching strategy. Furthermore, it exhibits a significant

performance advantage over several benchmark caching schemes (Leave Copy Down

(LCD), Probabilistic Caching (PROB_CACHE), Cache Less for More (CL4M),

and Leave Copy Everywhere (LCE) [57, 59–61]). The evaluations demonstrate the

robustness of our proposed strategy to simulation parameters and variations in

network topology.

It is worth noting that GNN-DDQN has several advantages:

• Computational Efficiency: GNN-DDQN is computationally efficient, requiring only

one DRL agent to make caching decisions for all network nodes in a single forward

pass.

• Multi-action Capability: GNN-DDQN enables the agent to take multiple actions

for each network node at each time step, demonstrating strong performance even

with the incorporation of multi-actions.

• Applicability: GNN-DDQN can be applied in various real-world scenarios:

– Content Delivery Networks (CDNs): Our proposed caching scheme can be

employed within CDNs to improve caching decisions at edge nodes.

– Mobile Edge Computing (MEC): Our caching scheme can benefit MEC envi-

ronments by strategically caching frequently accessed content at edge servers.

– Internet Service Providers (ISPs): By deploying our scheme, ISPs can enhance

their caching infrastructure, effectively reducing the bandwidth requirements

for popular content and providing faster access to frequently accessed data

for their subscribers.
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– Video Streaming Platforms: By caching popular videos at appropriate net-

work nodes, our algorithm can reduce buffering time and enhance the overall

streaming experience for users.

However, there are also limitations to consider:

• Scalability: GNN-DDQN may face challenges in terms of scalability when dealing

with a large number of network nodes. With only one SDN controller monitoring

the entire network traffic, it may experience high latency, impacting the overall

performance of the caching algorithm.

• Overfitting and Underfitting: GNN-DDQN, like other deep learning algorithms,

may suffer from overfitting or underfitting, depending on various factors.

The structure of this chapter is as follows: We start by introducing the system model,

followed by an explanation of the proposed methodology. Subsequently, we delve into

the experimental results, and finally, draw the conclusion of the chapter.

5.2 System Model

In this section, we present the system architecture of our proposed caching scheme and

provide a comprehensive overview of the key components. We also define the concept of

content popularity. Furthermore, we develop a user preference model based on real-world

data from the MovieLens100K dataset [29]. Important notations used throughout the

chapter are listed in Table 5.1.
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Table 5.1: Important Notations

Notation Definition
N Number of network nodes
C Number of contents
T Number of time slots
N = {n1, ..., nN} Set of network nodes
C = {c1, ..., cC} Set of contents
U = {u1, ..., uU} Set of users
T = {t0, t1, ..., tT} Set of time steps
bci,nk
tl

”Cache” or ”Not cache” content ci at node nk at time
step tl (i.e., availability of content ci at node nk’s cache
store during the time interval between tl and tl+1)

Stl = {s
n1
tl
, ..., snN

tl
} Set of all nodes’ states at time step tl

Atl = {a
n1
tl
, ..., anN

tl
} Set of all nodes’ caching actions at time step tl

ank
tl

= {bc1,nk
tl

, ..., bcC ,nk
tl
} Set of node nk’s caching action at time step tl

Rtl = {r
n1
tl
, ..., rnN

tl
} Set of all nodes’ rewards (i.e., cache hits) at time step tl

rnk
tl

= {rc1,nk
tl

, ..., rcC ,nk
tl
} Set of node nk’s reward for each content at time step tl

z Router’s cache size
xci Content ci’s embedding
yuj

User uj’s embedding

5.2.1 System Architecture

We propose an intelligent caching strategy in an SDN-ICN architecture, as depicted in

Figure 5.1. The SDN-ICN architecture separates the control plane from the data plane,

and the OpenFlow protocol facilitates the data transfer between them. We introduce

the GNN-DDQN [31, 44] agent responsible for making caching decisions in the control

plane. The data plane comprises network nodes that perform caching actions.

Figure 5.1 illustrates the control plane, consisting of two modules: (i) the GNN-

DDQN agent module, which plays a crucial role in caching decisions for ICN nodes in the

data plane; and (ii) the content caching management module, which handles the content

caching of each ICN node. We assume the data plane’s network topology consists of N

ICN nodes, denoted as N = {n1, n2, ..., nN}. The data plane encompasses ICN nodes,

each fulfilling specific roles: (i) source nodes responsible for content publication without
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caching capabilities, (ii) receiver nodes accountable for sending requests to source nodes,

also without caching capabilities, and (iii) router nodes responsible for forwarding request

and data packets across the network. Instead of assuming all router nodes have the

caching capability, we consider only part of them to have. Those router nodes equipped

with caching capabilities have a cache capacity of z, defined as the number of contents.

The network contains C distinct contents, represented by the set C = {c1, ..., cC}.

We assume an experimental time round can be divided into T slots of equal duration,

denoted by T = {t0, t1, ..., tT}. To indicate whether a node nk caches a content ci at

time step tl, we employ a binary variable {bci,nk
tl
}, where tl ∈ T , ci ∈ C, and nk ∈ N .

Specifically, bci,nk
tl

= 1 if and only if node nk caches content ci at time step tl, implying

that content ci is available at node nk during the time interval between tl and tl+1.

GNN-DDQN Agent

Content Caching Management

Control Plane

Data Plane

Action Atl :
Caching
decisions
for each
nodeNetwork State Stl

Reward Rtl

Source Nodes Router Nodes Receiver Nodes

Figure 5.1: The SDN-ICN architecture. In the controller, the GNN-
DDQN Agent receives a network state Stl and generates an action
Atl at each time step tl. Subsequently, it receives a reward Rtl at the
next time step tl+1.

In the SDN-ICN architecture, the controller can see the network’s traffic. There-

fore, at each time step tl, the GNN-DDQN agent observes the network state Stl , which

encompasses information about the network’s status during the time interval between
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tl−1 and tl. Subsequently, the GNN-DDQN agent performs content caching predictions

at the node level, denoted as Atl , and communicates the recommended content to be

cached to each router node with caching capabilities. When a router node with caching

capabilities receives a request packet for content ci within that period, it can fulfill the

request directly if the requested content is cached or forward the request to the source

node. At the subsequent time step tl+1, a set of rewards Rtl is sent to the GNN-DDQN

agent. Specifically, Rtl = rn1
tl
, rn2

tl
, ..., rnN

tl
represents the rewards of all nodes at time

step tl. Furthermore, rnk
tl

= rc1,nk
tl

, rc2,nk
tl

, ..., rcC ,nk
tl

represents the set of rewards for each

content received by node nk at time step tl.

5.2.2 Content Popularity and User Preference

In a realistic computer network, users exhibit preferences for specific types of content,

leading to varying request frequencies. We develop a statistical model that incorporates

content popularity and user preference to simulate this network traffic. In our network,

receiver nodes correspond to users, and we denote the users as U = {u1, ..., uU}. Our

objective is to determine the probability distribution P (ci, uj), which represents the like-

lihood of a request for the ith content by the jth user.

Content popularity refers to the probability distribution of requesting the ith content

within the network, represented by P (ci). Research studies [116] have shown that the

content popularity in the network can be modelled using a Zipfian distribution,

P (ci) =
1

(i)α
∑C

k=1(k)
−α

(5.1)

where α is a skewness factor with a value of 0.8.
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User preference refers to the relationship between users and content items. In our

study, we employ collaborative filtering [131, 132] to capture user preferences. Collab-

orative filtering is a popular recommendation system technique that predicts a user’s

preference by identifying users with similar tastes based on their historical behaviours.

Collaborative filtering has two primary approaches: the neighbourhood-based method

and the latent factor method. The neighbourhood-based method identifies similar users

or items based on their historical preferences and recommends items that those similar

users or items have liked. On the other hand, the latent factor method discovers latent

factors that represent underlying characteristics of users and items and uses these fac-

tors to predict user preferences. In our case, we utilize matrix factorization, a latent

factor method, to extract the latent factors of users and content items. By decompos-

ing the user-item interaction matrix into lower-dimensional matrices, we can represent

users and items in terms of these latent factors. Subsequently, we calculate user prefer-

ence by analyzing the relationships between users and content items derived from matrix

factorization.

To capture the user-content relation, we construct a matrix M with dimensions C×U ,

where C represents the number of content items and U represents the number of users.

Each element mi,j in the matrix corresponds to the relationship between content ci and

user uj. This relationship can be based on various factors, such as ratings given by the

user, the time spent on the content, or any other relevant metric. We utilize trainable

embedding layers to process the user-content matrix further to generate embedding vec-

tors for each content and user. Specifically, for each content ci, we apply an embedding

layer that maps it to a continuous vector representation xci ∈ Re, where e denotes the

dimensionality of the embedding. Similarly, for each user uj, we employ an embedding

layer to obtain the embedding vector yuj
∈ Re.
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Our research uses the well-known MovieLens100K dataset [29] as a real-world dataset

for our experiments. This dataset consists of user ratings for movies and is widely used

for evaluating recommendation systems. We focus on learning embedding vectors for 943

users and 1682 content items within this dataset.

To obtain user and content embeddings, we employ a matrix factorization technique

combined with a neural network architecture inspired by the works [131, 132]. Our

model consists of two trainable embedding layers, one for users and another for content

items. These layers enable the learning of dense and low-dimensional representations

that capture users’ and content’s underlying characteristics and preferences. The next

step in our model involves computing the element-wise product of the content and user

embedding vectors. This element-wise product represents the interaction between a

specific content item and a user. Subsequently, the resulting products are fed into a

linear layer with an activation function. For a given content embedding xci and a user

embedding yuj
, the output is computed as follows:

m̂i,j = σ(wT (xci ⊙ yuj
)) (5.2)

In this equation, σ denotes the sigmoid activation function, w represents a trainable

matrix, and ⊙ signifies the element-wise product. To train the matrix factorization

model, we minimize the Binary Cross Entropy (BCE) loss between the ground truth

values mi,j and the predicted values m̂i,j. It is worth mentioning that we label mi,j as 1

if the jth user has provided a rating for the ith content item, and 0 otherwise. The key

training parameters for the Neural Collaborative Filtering (NCF) model are summarized

in Table 5.2.

In order to fit the number of contents and users in our network, all users and contents

in the dataset are divided into groups. If the content embeddings are close to each other,
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Table 5.2: Key NCF model training parameters.

Parameters Values
Epoch 100

Learning rate 0.001
Batch size 256

Embedding dimension
e

8

Optimizer Adam

we cluster them into groups, and users are grouped in the same way. We utilize the

Gaussian Mixture Model (GMM) to cluster the embedding vectors, and then compute a

representative embedding for each group by taking the element-wise mean.

Since the inner product xci
Tyuj

captures the correlation between a content ci and a

user uj, we apply the softmax function on the inner products to obtain the probability

P (uj|ci) for a given content ci. This probability represents the preference of user uj for

content ci. Inspired by the works [133, 134], we calculate the joint probability P (ci, uj)

of content ci being requested by user uj as follows:

P (ci, uj) = P (ci)P (uj|ci)

= P (ci)
exp(xci

Tyuj
)∑U

j=1 exp(xci
Tyuj

)

(5.3)

where, P (ci) represents the content popularity, while P (uj|ci) reflects the preference of

user uj for content ci. Combining these probabilities establishes a link between user

preference and content popularity.

Note that our approach differs from [133, 134], as we obtain user and content em-

beddings from a real-world dataset. Furthermore, we consider the inner product of the

learned user embeddings and content embeddings to measure their association, enabling

us to capture the relationship between users and content meaningfully.
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5.3 Proposed Methodology

This section presents our GNN-DDQN agent, which incorporates a GNN as the Q-

network within the DDQN framework [31]. DDQN improves upon the original DQN

algorithm [44] by mitigating Q-value overestimation and enhancing overall performance.

The GNN-DDQN agent predicts Q-values based on the observed state Stl and the

chosen action Atl at each time step tl. The predicted Q-value is denoted as Q(Stl ,Atl).

The objective of the agent is to learn an optimized policy that maximizes the expected

Q-value Q∗(Stl ,Atl). This section describes the state space, action space, and reward

function used in our DDQN. Additionally, we explain the GNN architecture employed

to map network states to action rewards for each node. Finally, we provide an overview

of the GNN-DDQN agent, including its key components and functionality.

5.3.1 State Space

The network state Stl = {s
n1
tl
, ..., snN

tl
} captures the state of each network node at time

step tl. Each node’s state feature vector snk
tl

at time step tl is represented by snk
tl
∈ RC×3,

where C is the total number of contents in the network.

The state snk
tl

of a network node nk at time step tl consists of three components:

• 1st component: The number of requests for each content ci that have traversed

the node during the previous time interval (tl−1 to tl). This count is stored only

for the requested contents in receiver nodes, cached contents in router nodes, and

published contents in source nodes.

• 2nd component: The cache storage of the node, represented by a binary variable

for each content ci. A value of 1 indicates that the node caches the content during

the previous time interval, while 0 indicates otherwise.
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• 3rd component: The content publication of the node, is also represented by a binary

variable for each content ci. A value of 1 indicates that the node has published the

content during the previous time interval, while 0 indicates otherwise.

5.3.2 Action Space

At a time step tl, each node nk can pick z out of C contents to cache. We record its

cache scheme in a binary tuple,

ank
tl

= {bc1,nk
tl

, ..., bcC ,nk
tl
}, (5.4)

where 1 means to ‘cache’ and 0 means to ‘not cache’, and the sum of all entries cannot

exceed the assumed router’s cache size z. We also use Atl to denote the cache scheme of

all nodes such that,

Atl = {a
n1
tl
, . . . , anN

tl
} (5.5)

and refer to it as the agent’s action at the time step tl. When the agent takes action

Atl at time step tl, the node nk caches contents according to ank
tl

, which can be used to

satisfy the request in the future.

5.3.3 Reward Function

Our objective is to maximize the cache hit ratio. Thus we use cache hits as the agent’s

reward, denoted as Rtl = {rn1
tl
, ..., rnN

tl
}, which includes cache hits of each node. For

a node nk at time step tl, its cache hits for each content is rnk
tl

= {rc1,nk
tl

, ..., rcC ,nk
tl
}.

Let’s assume a node nk’s reward sum for all contents at time step tl is cacheHitsnk
tl

=
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rc1,nk
tl

+ rc2,nk
tl

+ ...+ rcC ,nk
tl

, then the objective function can be formulated as follows:

max
∑
nk∈N

∑
tl∈T

cacheHitsnk
tl

s.t.

∑
ci∈C

bci,nk
tl
≤


z, node nk has the caching capability

0, otherwise
, ∀tl ∈ T , ∀nk ∈ N

(5.6)

This objective aims to maximize the cache hit ratio for the stored contents while ensuring

that the number of contents stored in a node does not exceed z if it is a router node

with caching capability and zero otherwise. We apply this constraint because only router

nodes with caching capability can cache contents, while other nodes, such as source and

receiver nodes, can only distribute or receive contents.

5.3.4 GNN Architecture

Our methodology utilizes a GNN for node-level Q-value predictions. The model architec-

ture, depicted in Figure 5.2, operates on a network graph consisting of node embeddings

and an adjacency matrix.

The GNN takes as input the graph structure data G = (N , E ,S), where N represents

the set of nodes, E denotes the set of edges, and S represents the network state. With

this input, the GNN model generates Q-value predictions for each action of every node,

allowing us to estimate the outcome of each action through a single forward propagation

of the GNN model.

For the GNN architecture, our approach utilizes four GraphSage layers [26]. Each

layer has different hidden embedding dimensions, specifically 1024, 512, 256, and C.

GraphSage is an inductive framework that leverages sampling and aggregation tech-
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n1

· · · · · ·

· · ·

nN

...

Node embeddings

Adjacency Matrix
1 0 · · · 1
0 1 · · · 0
...

...
. . .

...
1 0 · · · 1



Network
n1

nN

BatchNorm

· · · · · ·

· · ·

GraphSage
ReLU

· · · · · ·

· · ·

Output
Q1

.

.

.
QC




Q1

.

.

.
QC



BatchNorm + GraphSage + ReLU (can be multiple layers)

Figure 5.2: Model architecture.

niques to generate node embeddings. It allows for efficient embedding generation even

for previously unseen data. By incorporating four GraphSage layers, we can aggregate

information from up to four-hop neighbouring nodes at each step. This enables the GNN

to capture the network structure and traffic patterns, resulting in more informative node

embeddings for Q-value prediction.

The aggregation process in GraphSage is described by the equation:

hk
N(v) = AGGk(h

k−1
u , ∀u ∈ N(v)), (5.7)

where N(v) represents the one-hop neighbors of node v, and hk−1
u is the embedding of

node u at the previous (k− 1)th step. In each step, the GNN aggregates the embeddings

of the one-hop neighbours of a node v from the previous step to obtain hk
N(v). The ag-

gregation function AGG is typically permutation invariant, meaning it is not affected by

the ordering of the aggregated embeddings. In our approach, we use a mean aggregator,

which calculates the element-wise mean of the vectors hk−1
u , ∀u ∈ N(v).

After the aggregation step, the GNN performs concatenation by combining the em-

beddings of each central node from the previous (k−1)th step with the embeddings of its

neighbouring nodes from the current kth step. The concatenated embeddings are then
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fed into a fully connected layer with a nonlinear activation function:

hk
v = σ

î
W k · CONCAT

Ä
hk−1
v , hk

N(v)

äó
, (5.8)

where W k represents a learned matrix specific to the kth step, σ denotes the Rectified

Linear (ReLU) activation function, and hk
v corresponds to the embedding of the central

node v at the kth step. The CONCAT operation refers to the concatenation of the

embeddings hk−1
v and hk

N(v).

5.3.5 The GNN-DDQN Agent

The GNN-DDQN agent operates based on the procedure described in Algorithm 4. In the

beginning, we initialize a replay buffer P , a Q-network (Q) implemented as a GNN with

randomly generated parameters θ, and a target Q-network (Q̂) with the same network

architecture and parameters as Q. Each episode corresponds to a complete round of

experimentation, and time is divided into T slots. The GNN-DDQN agent takes actions

at each time step, denoted as tl (starting from t1, as t0 represents the initial point of the

experimentation).

To balance exploration and exploitation, we utilize an ϵ-greedy exploration strategy

[44]. This strategy involves randomly selecting actions with a probability of ϵ and se-

lecting the action with the highest expected Q-value with a probability of 1 − ϵ. The

purpose is to encourage initial exploration and gradually decrease exploration over time.

We employ an exponential decay strategy for ϵ, starting with an initial value of ϵs = 0.9

and decaying to a minimum value of ϵe = 0.01 with a decay rate of 0.01, denoted as

ϵd = 100.

Since each router with caching capability has a cache size of z, the GNN-DDQN

agent selects z actions for each node at each time step. It chooses the top z actions with
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Algorithm 4 GNN-DDQN Agent Operation
1: number of episodes E, batch size B, target network update step K, replay buffer

capacity R, epsilon start ϵs, epsilon end ϵe, epsilon decay ϵd, number of steps k,
discount factor γ

2: Initialize replay buffer P with capacity R
3: Initialize Q network with random weights θ
4: Initialize target Q̂ network with weights θ̂ = θ
5: for episode ∈ {1, . . . , E} do
6: for tl ∈ {t1, . . . , tT} do
7: Randomly pick ϵ′ ∈ [0, 1]
8: ϵt = ϵe · (ϵs − ϵe) · exp

(−k
ϵd

)
9: k = k + 1

10: for nk ∈ {n1, ..., nN} do
11: if ϵ′ < ϵt then
12: Randomly select z actions
13: else
14: Select z actions with the highest Q(Stl ,Atl |θ)
15: end if
16: end for
17: Take action Atl , get reward Rtl and next state Stl+1

18: Store transition (Stl ,Atl ,Rtl ,Stl+1
) into P

19: Randomly sample B transitions (Sbj , Abj , Rbj , Sbj+1
) from P

20: Use Equation 5.10a to compute Ybj

21:
22: Perform a gradient descent step on L(θ) with respect to the network param-

eters θ, where L(θ) is computed in Equation 5.9
23: Update θ̂ = θ every K steps
24: end for
25: end for
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the highest Q-values for each node during greedy action selection. For random actions,

it randomly selects z actions for each node. It is crucial to emphasize that the agent

precisely chooses z actions for each node at every time step. However, it only executes

these actions for router nodes with caching capabilities, excluding others.

At time step tl, the GNN-DDQN agent interacts with the environment by taking

action Atl and receiving a reward Rtl and the subsequent state Stl+1
at time step tl+1.

The rewards, denoted by Rtl , are node-level rewards, where each node has C rewards

corresponding to different actions. The newly generated transition (Stl ,Atl ,Rtl ,Stl+1
) is

then stored in the replay buffer P .

We train the Q-network by randomly sampling a batch of transitions (Sbj ,Abj ,Rbj ,Sbj+1
)

from the replay buffer P . The Q-network is trained using gradient descent on a loss func-

tion L(θ), which measures the discrepancy between the predicted Q-values and the target

Q-values. For the sampled transitions bj, the loss function is defined as follows:

L(θ) =

Õ
E

∑
bj

((Ybj −Q(Sbj ,Abj |θ))2 ·mask)

, (5.9)

where Ybj and mask are defined as follows:

Ybj =


Rbj , if episode terminates at bj+1

Rbj +
1
z
γ
∑

r∈Q̂(Sbj+1
,argmaxA′

bj+1
,|A′

bj+1
|=z Q(Sbj+1

,A′
bj+1

|θ)|θ̂) r, otherwise
, (5.10a)

mask =


1, if nk is a router with the caching capability

0, otherwise
(5.10b)

where Ybj represents the ground truth Q-values. If the episode terminates at transition

bj+1, Ybj is equal to Rbj . Otherwise, it is computed as the sum of Rbj and the discounted
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expected reward of the next state. To estimate the expected future reward, the Q-

network selects the top z greedy actions based on state Sbj+1
, and the corresponding

Q-values are computed using the target Q-network Q̂. The discount factor γ determines

the importance of long-term rewards and is typically between 0 and 1. To ensure that

each action taken at the next time step contributes equally, the sum of the expected

long-term rewards is divided by z. To focus the loss contribution on routers with caching

capabilities, a mask is applied in Equation 5.9. Nodes without caching capabilities are

assigned a mask value of 0, while routers with caching capabilities have a mask value of

1.

To maintain training stability, the parameters of the Q-network Q are periodically

copied to the target Q-network Q̂ every K steps. This helps to reduce the potential for

overestimation of Q-values during training.

The key training parameters for the GNN-DDQN model are summarized in Table

5.3.

Table 5.3: Key GNN-DDQN model training parameters.

Parameters Values
Number of episodes E 1000

Learning rate 0.001
Batch size B 32

Target network update step K 10
Replay buffer capacity R 1000

Epsilon start ϵs 0.9
Epsilon end ϵe 0.01

Epsilon decay ϵd 100
Discount factor γ 1

Optimizer Adam
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5.4 Experimentation and Results

In this section, we present simulation results to demonstrate the effectiveness of the

proposed caching strategy in various network scenarios. To conduct these experiments,

we utilized Icarus [32], a Python-based ICN caching simulator that comprehensively

evaluates different caching strategies. Unlike being bound to any specific architecture

such as Content-centric Network (CCN) or Named Data Network (NDN), Icarus provides

functionalities for more generalized ICN.

We employed the LRU strategy as the caching replacement policy for all our experi-

ments. Moreover, the content popularity and user preference distributions, mentioned in

Section 5.2.2, were considered. Table 5.4 lists the key simulation parameters used. We

followed the recommendations from a previous study [135] and set the internal and exter-

nal link delays to 2 milliseconds (ms) and 34 ms, respectively, for all network topologies.

The experiments involved a set of distinct contents, ranging from 600 to 1000, uni-

formly distributed among all source nodes in the network. The router’s cache size varied

from 1 to 4, denoting the number of contents it can store. Each experiment consisted of

a warm-up phase with 2000 requests, followed by 4000 requests that were measured to

evaluate the performance of different caching schemes. User requests followed a Poisson

Distribution with a mean of 100 requests per second.

We divided each experiment into T segments, each representing 10 seconds. We con-

ducted 600 experiments for each caching scenario and calculated the average evaluation

metrics based on the results of the last 200 experiments.

The evaluation of different caching strategies relies on four key metrics:

• Cache Hit Ratio (CHR): The cache hit ratio represents the percentage of requests

that can be fulfilled by retrieving data packets from the cache in the router nodes.

The formula for CHR is given in Eqn. 3.4.
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Table 5.4: Key simulation parameters.

Parameters Values

Network topology GEANT [33], ROCKETFUEL [34],
TISCALI [35] and GARR [35]

Internal link delay (all networks) 2 ms
External link delay (all networks) 34 ms

Number of Distinct Contents Range: 600-1000 contents
Content Size 1500 bytes
Request Size 150 bytes
Cache size Range: 1-4 contents

Number of Warm-up Requests 2000
Number of Measured Requests 4000

Request Distribution Poisson Distribution with a mean of
100 requests per second

Time slot 10 seconds
Number of Experimentations 600

• Average Latency (ALT): The average latency represents the average delay between

the moment a user sends an Interest packet and the moment it receives the cor-

responding Data packet. The formula for ALT is given in Eqn. 3.6.

• Average Path Stretch (APS): The average path stretch measures the average in-

crease in path length for each user request,

APS =
I∑

i=1

pathi,nu,nr

Pathi,nu,ns

, (5.11)

where I represents the total number of user requests. nu denotes the receiver node

that sends the request, nr refers to the node that responds to the request, and ns

represents the source node that publishes the requested content. pathi,nu,nr denotes

the number of hops travelled by the ith request, while Pathi,nu,ns represents the

shortest path from the receiver to the source.
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• Average Link Load (ALL): The average link load represents the average ratio of

the total link load to the total number of links in the network,

ALL =

∑L
l=1 Ll

L
, (5.12)

where L denotes the total number of links in the network, and Ll represents the

link load of the specific link l.

The caching performance of our proposed GNN-DDQN scheme is evaluated and com-

pared with the state-of-the-art caching scheme MLP-DDQN. MLP-DDQN, which has

been extensively studied in various research works [87, 90], is used as a baseline for com-

parison. We have adapted the MLP-DQN framework to incorporate the DDQN technique

to ensure a fair comparison. The MLP-DDQN agent consists of four linear layers with

dimensions of 1024, 512, 256, and C.

There are some differences between the state representations of the MLP-DDQN

agent and our proposed GNN-DDQN approach. In the MLP-DDQN agent, the first

component of the state representation includes the number of requests for each content

ci passed through each node, covering all types of nodes (receivers, routers, and sources).

This provides more general traffic-related information to assist the MLP agent in mak-

ing predictions, as it lacks the ability to gather neighboring information like the GNN

approach.

Additionally, we compare our caching strategy with classical caching algorithms, in-

cluding LCD, PROB_CACHE, LCE, and CL4M. These algorithms serve as additional

baselines to assess the performance of our proposed approach.
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5.4.1 Effect of Content Number

This section examines the impact of the number of contents on caching performances.

The number of contents ranges from 600 to 1000. Figure 5.3 illustrates how caching

performances vary with the number of contents in the GEANT [33] network, where

routers with the caching capability have a uniform cache size of 1 content. The GEANT

network is a well-known real-world topology comprising 53 nodes and 74 edges. Within

the network are 13 source nodes responsible for content production, 32 router nodes,

and 8 receiver nodes that initiate requests. However, it is worth noting that only router

nodes with a degree higher than 2 have the cache capability, which amounts to 19 nodes

in this case.

Figure 5.3 demonstrates that GNN-DDQN consistently outperforms all other caching

strategies across different numbers of distinct contents. GNN-DDQN achieves a maxi-

mum improvement of 34.42% in CHR, 4.76% in ALT, 3.77% in APS, and 5.21% in ALL

compared to MLP-DDQN. On average, GNN-DDQN surpasses LCD and PROB_CACHE

by 41.33% and 103.92% in CHR, respectively. It also achieves significantly lower ALT,

APS, and ALL than LCD and PROB_CACHE. Furthermore, the performance gap be-

tween GNN-DDQN and LCE and CL4M is even more pronounced regarding all evaluation

metrics.

Overall, GNN-DDQN consistently exhibits exceptional caching performance regard-

less of the number of contents. Its superiority over MLP-DDQN stems from its ability to

facilitate cooperative caching among neighbouring router nodes. By efficiently utilizing

the caching space of all router nodes, GNN-DDQN enhances network performance. Ad-

ditionally, GNN-DDQN outperforms traditional caching algorithms by quickly capturing

user preferences and proactively placing popular content on appropriate router nodes.

Consequently, the cache hit ratio improves, alleviating network traffic congestion.
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Figure 5.3: The cache performances of GNN-DDQN, MLP-DDQN,
LCD, PROB_CACHE, LCE, and CL4M vary with the number of
contents in the GEANT network.
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5.4.2 Effect of Cache Size

This section investigates the performances of different caching schemes across various

router cache sizes, defined as the number of contents. Figure 5.4 presents the caching

performances of GNN-DDQN, MLP-DDQN, LCD, PROB_CACHE, LCE, and CL4M

under different caching scenarios. The router cache sizes range from 1 to 4, while the

number of contents is fixed at 1000.

GNN-DDQN exhibits a substantial performance advantage over MLP-DDQN when

the cache size is limited to 1 content. For cache sizes of 2 and 4 contents, GNN-DDQN

and MLP-DDQN perform similarly. However, when the cache size is set to 3 contents,

GNN-DDQN outperforms MLP-DDQN by achieving an 11.87% higher CHR, 3.57% lower

ALT, 1.54% APS, and 2.20% lower ALL.

Regardless of router’s cache sizes, GNN-DDQN consistently reduces latency by at

least 14.96%, 29.88%, 92.20%, and 76.37% compared to LCD, PROB_CACHE, LCE,

and CL4M, respectively. The advantages of GNN-DDQN stem from its ability to predict

popular contents in advance and proactively cache them.

5.4.3 Effect of Network Topology

To further evaluate the effectiveness of the proposed caching scheme, we conducted ex-

periments on different network topologies, namely ROCKETFUEL [34], TISCALI [35],

and GARR [35]. The aim was to assess the robustness of the caching scheme in diverse

network environments.

Table 5.5 presents the distribution of each network topology’s source, router, and

receiver nodes. It is important to note that, in the TISCALI network, only router nodes

with a degree higher than 6 possess caching capabilities, resulting in 36 router nodes

equipped with cache functionality.
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Figure 5.4: The cache performances of GNN-DDQN, MLP-DDQN,
LCD, PROB_CACHE, LCE, and CL4M vary with the router’s cache
size in the GEANT network.

Table 5.5: The number of source, router, and receiver nodes for dif-
ferent network topologies.

Topologies Source Nodes Router Nodes Receiver Nodes
ROCKETFUEL [34] 10 104 104

TISCALI [35] 44 160 36
GARR [35] 13 27 21
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Table 5.6: The caching performances of GNN-DDQN, MLP-DDQN,
LCD, PROB_CACHE, LCE and CL4M in ROCKETFUEL, TIS-
CALI and GARR.

Strategy
Topology ROCKETFUEL

CHR ALT APS ALL
GNN-DDQN 18.41% 75.05 ms 73.78% 4081.90 bytes
MLP-DDQN 17.89% 75.27 ms 74.00% 4104.82 bytes

LCD 13.00% 80.12 ms 78.61% 4410.05 bytes
PROB_CACHE 9.32% 82.67 ms 78.78% 4425.06 bytes

LCE 8.35% 83.16 ms 79.36% 4598.08 bytes
CL4M 10.20% 82.13 ms 79.31% 4530.41 bytes

Strategy
Topology TISCALI

CHR ALT APS ALL
GNN-DDQN 15.57% 82.19 ms 82.76% 2498.73 bytes
MLP-DDQN 12.38% 84.41 ms 83.49% 2525.98 bytes

LCD 12.07% 85.14 ms 84.75% 2626.72 bytes
PROB_CACHE 7.90% 88.11 ms 85.55% 2656.99 bytes

LCE 7.22% 88.71 ms 86.03% 2692.65 bytes
CL4M 3.67% 91.22 ms 86.61% 2727.35 bytes

Strategy
Topology GARR

CHR ALT APS ALL
GNN-DDQN 12.18% 71.96 ms 74.48% 5559.79 bytes
MLP-DDQN 5.65% 76.31 ms 76.38% 5762.81 bytes

LCD 8.12% 74.77 ms 76.26% 5665.82 bytes
PROB_CACHE 4.02% 77.73 ms 77.48% 5749.57 bytes

LCE 3.67% 77.91 ms 77.76% 5832.152 bytes
CL4M 4.32% 77.42 ms 77.34% 5801.03 bytes

This section evaluates the caching performances of different strategies in ROCKET-

FUEL, TISCALI, and GARR network topologies. The experiments are conducted with

a content number of 1000, and all routers with caching capabilities have a uniform cache

size of 1 content. The results are summarized in Table 5.6.

Across all network topologies, GNN-DDQN consistently outperforms the other strate-

gies. Specifically, in ROCKETFUEL, GNN-DDQN achieves a 2.89% higher CHR than

MLP-DDQN. In TISCALI, the margin becomes even more significant, with GNN-DDQN
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achieving a 25.72% higher CHR than MLP-DDQN. These results highlight the superior

caching performance of GNN-DDQN, particularly in large networks such as ROCKET-

FUEL and TISCALI.

Furthermore, GNN-DDQN demonstrates a significant margin over MLP-DDQN and

other traditional caching schemes in the GARR network. This further emphasizes the

robustness and effectiveness of GNN-DDQN across various network topologies.

5.5 Conclusion

In this chapter, we introduce GNN-DDQN, an intelligent caching scheme designed for

the SDN-ICN scenario. GNNs have gained significant attention recently for their ability

to handle graph-structured data. Leveraging this capability, we apply GNNs to process

network topologies, enabling cooperative caching among nodes and promoting a wider

variety of cached contents. By integrating GNNs into DRL, our proposed approach

empowers the DRL agent to make caching decisions for all nodes in the network with

just one forward pass through the neural network. This integration not only streamlines

the caching decision-making process but also harnesses the power of GNN-DRL synergy

in optimizing caching strategies.

Firstly, we generate user preferences for content based on a real-world dataset. This

step ensures that the evaluation reflects realistic user behaviour and content demand

patterns. Next, we develop a GNN-DDQN agent within the SDN controller, enabling

the agent to make intelligent caching decisions for all router nodes equipped with caching

capabilities in the ICN network. Finally, we compare the performance of our proposed

GNN-DDQN caching scheme with the state-of-the-art MLP-DDQN strategy and sev-

eral classical benchmark caching schemes, including LCD, PROB_CACHE, CL4M, and

LCE. The extensive evaluation shows that GNN-DDQN consistently outperforms MLP-
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DDQN in most scenarios. Notably, in the best-case scenario, GNN-DDQN achieves a

remarkable 34.42% higher CHR, a 4.76% lower ALT, a 3.77% lower APS, and a 5.21%

lower ALL compared to MLP-DDQN. Furthermore, GNN-DDQN demonstrated supe-

rior performance compared to classical caching schemes. To assess the robustness of our

proposed scheme, we conduct experiments on benchmark network topologies, including

GEANT, ROCKETFUEL, TISCALI, and GARR. GNN-DDQN consistently delivers out-

standing performance across these diverse network topologies, reinforcing its reliability

and applicability in real-world scenarios.



Chapter 6

GNN Multi-agent-DRL-based

Proactive Caching Placement

Approach in ICN-based Three-tier

Edge Network

6.1 Introduction

In contrast to the preceding chapter, which uses a centralized agent responsible for

caching decisions across all network nodes, this chapter introduces a fully distributed

proactive caching placement strategy within a three-tier edge network. Furthermore, the

focus shifts to mobile users operating in a wireless network environment, departing from

the static user requests in a wired network environment featured in the previous three

chapters.

107
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The exponential growth in mobile device usage among business and consumer users

worldwide has become a compelling phenomenon. Smartphones and tablets have be-

come indispensable tools for various communication needs. According to a report by

Ericsson ([136]), the global number of smartphone mobile network subscriptions reached

approximately 6.6 billion in 2022, with forecasts predicting a further increase to over 7.8

billion by 2028. This tremendous surge in mobile users, devices, and connections poses

significant challenges to network performance.

To address the escalating demand for internet traffic, edge caching has emerged as

a promising solution to alleviate the strain on backhaul links and reduce transmission

latency in mobile networks. By caching files closer to users in edge devices such as

Base Stations (BSs), user requests can be fulfilled without the need to reach the cloud.

However, edge devices’ limited cache storage capacity due to cost constraints presents

a crucial dilemma. Caching numerous unpopular files on an edge device wastes cache

storage and fails to mitigate backhaul transmissions. Hence, it becomes essential for

edge devices to intelligently cache frequently accessed files while staying within the cache

storage limits.

However, several challenges exist to achieving optimal caching: (i) Users’ preferences

may change over time, requiring each BS to capture users’ preference dynamics all the

time quickly. (ii) Users may move from one cell to another covered by a different BS.

Neighbouring BSs must realize cooperative caching to minimize caching waste due to user

movement. (iii) Users’ activity levels may differ in different cells, and BSs must consider

them to make cooperative caching decisions. For example, if a BS covers a set of users

that send Internet requests frequently, at the same time, its neighbouring BS covers a

set of highly inactive users. Then the neighbour of that BS should cache popular files

requested by users covered by that BS, not those requested by users covered by itself.
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Traditional caching strategies have difficulties in dealing with above challenges. Leave

Copy Everywhere (LCE) [57] is a popular traditional caching placement strategy where

a data packet is cached at the edge device as long as it passes through. Due to the lack

of consideration for file popularity and caching variety, LCE does not use cache space

efficiently. Once the caching space is full, caching replacement strategies are introduced.

Popular classic caching replacement strategies are First-in-first-out (FIFO) [137], Least

Recently Used (LRU) [137], and Least Frequently Used (LFU) [138]. FIFO does not

consider file popularities and replaces files by arrival orders only. In LRU, a file is

replaced first if it has not been requested for a long time. LFU considers long-term file

popularity, and a file is first replaced if requested the least number of times. In general,

LRU and LFU perform better than FIFO, and in this chapter, we compare our proposed

caching strategy with them. However, their significant drawbacks are that LRU does not

consider a file’s popularity over a long period, while LFU cannot quickly capture changes

in file popularities over a short period.

With the development of artificial intelligence, more and more researchers are using

cutting-edge deep learning-based caching strategies to address shortcomings of traditional

algorithms. Papers [102, 139, 140] proposed supervised learning-based caching strategies,

where deep learning models are trained offline using labelled datasets and then deployed

online to make real-time caching decisions. However, a supervised-learning-based caching

strategy has three main drawbacks: (i) Labelled data is expensive to obtain. (ii) Caching

is an NP-hard problem without an optimal solution; thus, getting ground truth labels

to the caching dataset is impossible. (iii) Such models perform poorly if the real-time

network traffic distribution differs from the training data distribution.

This is where DRL comes into play. DRL is a framework for sequential decision-

making. Unlike supervised learning, no labelled data is required, and the DRL agent is
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trained online and learns through interacting with the environment. Through trial and

error tests, the DRL agent aims to perform actions that maximize its reward. Recently,

papers [89, 141, 142] have developed DRL-based caching strategies in edge networks.

However, these works employ a centralized DRL agent to make caching decisions for all

BSs. It is impractical because each BS has to send its state to the cloud periodically,

increasing the backhaul link load and consuming more transmission costs. As a result,

decentralized edge caching is of increasing interest. Researchers have been leveraging

caching strategies based on Multi-Agent RL (MARL), known for collaborative decision-

making and solving complex problems [143].

This chapter proposes a MARL-based caching strategy named ”Spatial-Temporal

Graph Attention Network-Soft Actor-Critic” (STGAN-SAC). Soft Actor-Critic (SAC)

[106] is one of the popular DRL frameworks and has been demonstrated [106] to perform

better than Deep Q-Learning (DQL) [44], policy gradient [45] and AC. DQL trains a value

approximation function and computes the Q-value for each state-action pair. When the

action space is large, DQL results in slow convergence and brittleness to scalability [105].

Different from DQL, policy gradient trains and optimizes a policy directly. However, it

suffers from high variance, slow convergence, and sample inefficiency [144]. AC combines

DQL and policy gradient and mitigates the disadvantages of both frameworks. It uses an

actor and a critic network to learn a policy and a state-action value function, respectively.

The actor is responsible for making caching decisions, and the critic evaluates actions

taken by the actor. AC does better than DQL because it learns a policy directly and takes

actions based on the probability distribution over all actions. In addition, AC enhances

policy gradient with a trained value approximation function, significantly improving

sample efficiency. Compared with AC, the SAC agent explores more, and SAC models

learn faster [106]. Therefore, we use SAC as our DRL framework.



111

Our actor and critic networks have the same network structure but different weights.

Each network is a spatial-temporal Graph Attention Network (GAT), including a multi-

headed GAT layer and a Gated Recurrent Unit (GRU) layer. Spatial-temporal GAT has

been demonstrated to be influential in many areas, such as traffic forecasting [145], traffic

light control [146] and so on. The spatial block, multi-head GAT, is a famous GNN [5]

architecture and can operate on graph-structured data. The temporal block, GRU, is a

prevalent Recurrent Neural Network (RNN) architecture and can operate on time-series

data. In reality, user requests have been shown to have spatial-temporal dependencies

[94]. Therefore, we apply spatial-temporal GAT to capture such dependencies. This

chapter applies a neighbour-awareness caching [108], i.e., each BS knows its neighbours.

As a result, we first model each BS’s state and its one-hop BSs’ states as a graph and

then feed it into a multi-head GAT layer to learn the attention coefficient between neigh-

bouring BSs. In this way, BSs can realize adaptive cooperative caching by considering

diverse users’ activity levels and preferences covered by different BSs. We then utilize a

GRU layer to extract user requests’ temporal dynamics.

STGAN-SAC differs from other state-of-the-art caching strategies for the following

reasons: (i) STGAN-SAC makes caching decisions without knowing file popularities in

advance. (ii) STGAN-SAC considers user mobility. (iii) STGAN-SAC is fully decentral-

ized, where each BS maintains an agent rather than a central agent maintained in the

cloud, which leads to communication overhead. (iv) STGAN-SAC realizes adaptive co-

operative caching, where each BS cooperates with its neighbouring BS. (v) STGAN-SAC

applies spatial-temporal models to extract user requests’ spatial-temporal dependencies.

Other papers either use a simple network architecture, such as Multilayer Perceptron

(MLP) or lack spatial or temporal modules.
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The contributions of this chapter are as follows:

• We formulate the edge caching problem as a problem of maximizing transmission

cost savings through caching.

• We propose a ”Spatial-Temporal Graph Attention Network-Soft Actor-Critic (STGAN-

SAC) caching strategy. As far as we know, we are the first to apply spatial-temporal

GNNs and MARL in caching problems.

• With extensive experiments, we demonstrate the importance of the spatial block

(i.e., multi-head GAT) and the temporal block (i.e., GRU) in our model. We also

show that STGAN-SAC performs much better than state-of-the-art and traditional

caching strategies.

The structure of this chapter is as follows: Firstly, the system architecture is intro-

duced, followed by the presentation of the proposed STGAN-SAC agent. Next, experi-

mental results are discussed, and finally, we conclude the chapter.

6.2 System Architecture

In this section, the system model and user mobility model are introduced first. Then

the optimization objective of this chapter is presented. Important notations are listed in

Table 6.1.

6.2.1 System Model

The system architecture is illustrated in Figure 6.1. There are four BSs (i.e., B = 4),

denoted as B = {b1, b2, b3, b4}, and they are evenly deployed within a 600 m × 600 m

space. Each BS is connected to the cloud via a backhaul link, and neighbouring BSs
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Table 6.1: Important Notations

Notation Definition
B Number of BSs
F Number of file chunks
T Number of time instants
N Cache size of each BS
L Length of temporal sequences
B = {b1, ..., bB} Set of BSs
F = {f1, ..., fF} Set of file chunks
T = {t0, ..., tT} Set of time instants
U = {u1, ..., uU} Set of users
UG = {ug1, ..., ugUG} Set of user groups
xn
ui

User ui’s x coordinate at nth time interval
ynui

User ui’s y coordinate at nth time interval
Fugi ≤ F Number of file chunks requested by the user group ugi
Fugi ⊆ F Set of file chunks requested by the user group ugi
Rbi Number of requests arriving at bi
Rbi = {r1, ..., rRbi

} Requests stream arriving at bi
Cbi,cloud Transmission cost of a file chunk between bi and the

cloud
Cbi,bj Transmission cost of a file chunk between bi and bj
Cbi,uj

Transmission cost of a file chunk between bi and uj

cachetkfi,bj ”Cache” or ”Not cache” fi in bj at tk
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Figure 6.1: System Architecture. Users move within a 600 m × 600
m area, where 4 BSs are evenly distributed in the corresponding cells.

are connected via a BS-BS link. Users are denoted as U = {u1, ..., uU}, and each user

connects to one BS through a BS-User link. We refer to the user’s connected BS as the

user’s direct BS. In this chapter, we assume users are moving within a rectangular area.

We use (xn
ui
, ynui

) to denote user ui’s position at nth time interval, where xn
ui

and ynui
are

the x and y coordinates in the Two-Dimensional (2D) space, respectively. Initially, x0
ui

and y0ui
are chosen from [0, 600 m] following a uniform distribution. We also assume

users are grouped in different user groups, denoted as UG = {ug1, ..., ugUG}. Note that

each user belongs to one user group only.
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Each BS has the same cache size N , defined as the number of file chunks, and each

BS knows its one-hop neighbours. When a user’s direct BS cannot satisfy that user’s

request, it can get the requested file from the neighbouring BS if the neighbour caches

the file or from the cloud otherwise.

The network contains F file chunks, and we use F = {f1, ..., fF} to denote the set of

all file chunks. As in the paper [97], we assume that each file chunk has the same size

and that all file chunks are available in the cloud. We also assume that different user

groups have distinct preferences. We use Fugi ≤ F to denote the number of file chunks

requested by user group ugi, and Fugi ⊆ F to denote the set of file chunks requested by

the user group. Note that Fugi = Fugj and Fugi ̸= Fugj , ∀ugi ∈ UG, ugj ∈ UG and i ̸= j.

We divide each experiment’s time into T uniform periods, and all time instants are

denoted as T = {t0, t1, ..., tT}, where t0 is the experiment’s start time instant. We use

cachetkfi,bj to denote whether bj caches file chunk fi at time instant tk. If yes, fi is available

in bj’s cache store between time interval tk and tk+1.

We use Rbi to denote the number of requests arriving at bi in one experiment. The

request stream arriving at each BS bi is denoted as Rbi = {r1, ..., rRbi
}. Note that each

request rj ∈ Rbi is associated with a file chunk fk, where bi ∈ B and fk ∈ F .

6.2.2 User Mobility Model

Papers [147–149] have demonstrated the importance of considering user mobility when

designing a caching strategy. In this chapter, we let each user moves following the Gauss-

Markov Mobility Model [147, 150, 151]. The Gauss-Markov Mobility Model can yield

more realistic movements because it allows a user’s moving speed and direction in the

past to influence its future speed and direction, which can avoid sudden stops and sharp

turns in Random Walk Mobility Model and Random Waypoint Mobility Model [147].
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We initialize each user’s speed and direction based on a Gaussian distribution with

a mean equal to zero and a standard deviation equal to one, respectively. Each user’s

speed and direction change after a fixed time interval. In this chapter, we set the interval

duration as 1 second (1s) and update each user’s speed and direction after each time

interval. For a user ui, its speed and direction at nth time interval, Spenui
and Dirnui

are

updated as follows:

Spenui
= α× Spen−1

ui
+ (1− α)Speui

+Gspeui

»
(1− α2) (6.1.1)

Dirnui
= α×Dirn−1

ui
+ (1− α)Dirui

+Gdirui

»
(1− α2) (6.1.2)

where Spen−1
ui

and Dirn−1
ui

are the user’s speed and direction at (n − 1)th time interval.

α is a hyperparameter with a range of [0, 1]. We set α = 0.99 in this chapter. Speui
and

Dirui
are the mean values of the user’s speed and direction when n tends to infinity. We

assume Speui
is a constant with a value of 1 m s−1, and Dirui

is 90 degrees initially but

changes over time according to how close the user is near the edges. Gspeui
and Gdirui

are chosen from a Gaussian distribution with mean = 0 and standard deviation = 1,

respectively. After each time interval, the user’s position is updated. Each user’s current

position is calculated based on its previous position, speed and direction,

xn
ui
= xn−1

ui
+ Spen−1

ui
cosDirn−1

ui
(6.2.1)

ynui
= yn−1

ui
+ Spen−1

ui
sinDirn−1

ui
(6.2.2)

where (xn
ui
, ynui

) and (xn−1
ui

, yn−1
ui

) are ui’s coordinates in a 2D space at the nth and (n−1)th

time interval, respectively. Spen−1
ui

and Dirn−1
ui

are ui’s speed and direction at the (n −

1)th time interval, respectively. Note that if a move puts the user over the rectangular

boundary, the user’s direction will be flipped 180 degrees.
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6.2.3 Optimization Objective

In this chapter, we aim to minimize the system’s transmission costs. As shown in Fig-

ure 6.1, the system contains three kinds of links: backhaul, BS-BS, and BS-User links.

We use Cbi,cloud to represent the transmission cost of a file chunk between bi and the

cloud,

Cbi,cloud = 0.3, ∀bi ∈ B (6.3)

The transmission cost between any two BSs, denoted as Cbi,bj , where i ̸= j, is much

smaller than Cbi,cloud, and it is related to the distance between two BSs,

Cbi,bj = w ×Distbi,bj , bi ∈ B, bj ∈ B, i ̸= j, (6.4)

where w is a positive constant and Distbi,bj is the distance between bi and bj. Since all

BSs are evenly distributed and thus neighbouring BSs have the same distance. We set

Cb1,b2 = Cb2,b3 = Cb3,b4 = Cb4,b1 = 0.05. The transmission cost between a user uj and its

direct BS bi is the lowest,

Cbi,uj
= 0.01, uj ∈ U , bi ∈ B (6.5)

We convert the objective of minimizing the transmission cost of the system into

maximizing cost savings through caching. Assuming a user’s request rj arrives at its

direct BS bi between the time interval tk and tk+1, and the requested file chunk is fl,

then the gain of the request rj is

grj =


Cbi,cloud cachetkfl,bi = 1

Cbi,cloud − Cbi,bn cachetkfl,bi = 0, cachetkfl,bn = 1

0 otherwise

(6.6)
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The first case arises when the direct BS bi can satisfy the request rj (i.e., bi caches the

file fl at time tk), and the second case arises when bi’s neighbour bn caches the file fl at

tk but bi does not. The third case happens when fl is obtained from the cloud.

Then, our objective is to maximize the total gain G, which is mathematically formu-

lated as follows,

G =
∑
bi∈B

∑
rj∈Rbi

grj s.t.

∑
fl∈F

cachetkfl,bi ≤ N, ∀bi ∈ B, ∀tk ∈ T ,
(6.7)

where the number of files cached in a BS cannot exceed N .

6.3 Multi-Agent Spatial-Temporal Graph Attention-

based Soft Actor-Critic

Paper [109] developed a multi-agent SAC framework, and we applied this framework to

caching problems. However, [109] requires each agent to maintain the state of all other

agents, defeating this chapter’s fully decentralized goal. We have made some changes

to support this strategy to work in a decentralized manner. Also, different from [109],

we apply a spatial-temporal GAT as the actor and critic architecture. The spatial-

temporal GAT is similar to paper [145], except that the temporal block is a GRU rather

than an Long-Short Term Memory (LSTM) layer. The reason for using GRU is that

it has less number of parameters and is easier to train than LSTM. This section first

defines an agent’s state, action, and reward and then explains the spatial-temporal GAT

architecture. Following that, the proposed STGAN-SAC agent is described.



119

S
tk
b1

S
tk
b2

S
tk
b3

2nd spatial graph G2

1st spatial graph G1

S
tk
b1

[1]

S
tk
b2

[1]

S
tk
b3

[1]

S
tk
b1

[0]

S
tk
b2

[0]

S
tk
b3

[0]

Linear transformation

Attention coefficient

α11
α12
α13

α11
α12
α13

α11
α12
α13

e11
e12
e13

zb1zb1

zb2

zb3

zb1

zb2

zb3

zb1

zb2

zb3

zb1

zb2

zb3

Softmax

α11
α12
α13

α11
α12
α13

α11
α12
α13

α11
α12
α13

Normalized attention coefficient

Final representation

GRU

Spatial Multi-head GAT Block

GRU

Linear transformation

Attention coefficient

α11
α12
α13

α11
α12
α13

α11
α12
α13

ˆe11
ˆe12
ˆe13

zb1zb1

z′
b2

ˆzb3

zb1

z′
b2

ˆzb3

zb1

z′
b2

ˆzb3

ˆzb1

ˆzb2

ˆzb3

Softmax

α11
α12
α13

α11
α12
α13

α11
α12
α13

ˆα11
ˆα12
ˆα13

Normalized attention coefficient

Spatial Multi-head GAT Block

Temporal GRU Block

ReLUA fully connected layer

Actor Network

Critic Network

Softmax

ReLU

π1(G
tk
b1
, A)

Q1(G
tk
b1
, A)

Input: G
tk
b1

Output Layer

hb1hb1hb1hb1
Concat

Final representation

hb1hb1hb1ˆhb1
Concat

Figure 6.2: Spatial-temporal GAT architecture of the actor and the
critic network. In this example, b1 is the target BS. Stk

bi
is bi’s state

at tk. Multi-head GAT performs graph attention to extract spatial
dependencies between BSs. hb1 and h′

b1
denote b1’s updated feature

representations at each temporal sequence. GRU conducts a recur-
rent mechanism to extract temporal dependencies on the updated
features of b1.
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6.3.1 Multi-Agent SAC

6.3.1.1 State Space

Each BS bj has a state at a time instant tk ∈ T , denoted as Stk
bj
∈ RL×2F , where L is the

length of temporal sequences and F is the number of file chunks. We set L = 2. The first

and second temporal sequences contain the number of requests received by bj for each

file chunk fi ∈ F and the cache storage of bj (i.e., a binary variable for each fi) during

the time interval between tk−2 and tk−1, and between tk−1 and tk, respectively.

6.3.1.2 Action Space

Each agent has F available actions, and the available action set is denoted as A. The

number of actions each agent takes at each time instant equals its corresponding BS’s

cache size. Suppose N = 1 and an agent j (its corresponding BS is bj) decides to take

an action afi (i.e., cache the file chunk fi) at time instant tk, then cachetkfi,bj = 1. The

file fi will stay in the BS’s cache store if it is already there. Otherwise, bj will fetch fi

from the cloud and evict the file chunk that does not need to be cached.

6.3.1.3 Reward Function

Once an agent takes action, it will receive a reward the next instant. In this chapter,

each action corresponds to a reward computed from Formula 6.6. Suppose a BS takes

action afi at tk, then this action’s reward is the sum of gains of requests that request for

the file fi and arrive at the BS during tk and tk+1.

6.3.2 Spatial-Temporal GAT

In this chapter, the actor and critic have the same network architecture but different

parameters. The network architecture is a spatial-temporal GAT, including a multi-



121

head GAT [9] layer, a GRU layer and an output layer, shown in Figure 6.2.

As we mentioned earlier, each BS knows its neighbours’ states. We first use GAT

to extract the spatial dependence of neighbouring BSs. For each BS bi at tk, there is a

spatial-temporal graph Gtk
bi

. Gtk
bi

= (Vbi , V tk
bi,state

, Ebi), where Vbi is the set of vertices,

including bi and its neighbours. V tk
bi,state

∈ R|V |×L×2F is the set of vertices’ states. Ebi is

the set of edges, including the connection between two vertices and the self-loop of each

vertex.

Figure 6.2 shows the action and q-value prediction process of agent 1 (its correspond-

ing BS is b1) at tk. The input is a spatial-temporal graph Gtk
b1

, which is then divided into

two graphs, G1 and G2, each containing the states of b1 and its neighbours at one time

instant. Next, G1 and G2 are fed into a multi-head GAT layer. Since they have the same

transformation process in the multi-head GAT block, we only explain the transformation

of G1 in the following.

The first step is to perform a linear transformation. For each vertex bi ∈ Vb1 , zbi =

WStk
bi
[0], where W is a weight matrix and W ∈ R1024×2F , and Stk

bi
[0] ∈ R2F . Attention

coefficients between b1 and its neighbours and its own are then computed,

e1j = LeakyReLU(a(zb1 ||zbj)) (6.8)

where || denotes concatenation, a is a learnable weight vector, and LeakyReLU is an

activation function. bj ∈ Nb1 ∪{b1}, where Nb1 is the neighbour set of b1. The computed

attention scores are then sent to a Softmax layer. Next, bi and its neighbour’s em-

beddings are aggregated and weighted by the normalized attention score. The updated
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representation of b1 is given by

hb1 = σ

Ñ ∑
bj∈Nb1

∪{b1}

α1jzbj

é
(6.9)

where α1j is the normalized attention score between b1 and bj. Nb1 is the set of b1’s

neighbours and σ is a LeakyReLU. Note that this chapter uses four-head attention,

which means there are four different weight matrix W . The multi-head GAT layer uses

each W to compute hb1 and concatenates them.

The output of the multi-head GAT block in each temporal sequence is then fed into

a GRU layer, which is used to capture temporal features. The hidden dimension of the

GRU layer is 512, and its output is fed into a ReLU and a fully connected layer.

Next, the output of the fully connected layer is fed into a Softmax layer if it is

the actor network. The actor network outputs a vector π1(G
tk
b1
, A) ∈ RF , which is the

probability distribution over F actions for b1. For the critic network, there is a ReLU

layer following the fully connected layer, and the output is a vector Q1(G
tk
b1
, A) ∈ RF ,

which is the predicted q-value for each action for b1.

6.3.3 STGAN-SAC

In this chapter, each BS bi maintains an independent STGAN-SAC agent. At each time

instant tk, an agent i has a spatial-temporal graph as we mentioned in Section 6.3.2,

Gtk
bi
= {{St

j}j∈bi∪Nbi
,t∈{tk−1,tk}, Adjbi}, (6.10)

where Nbi is the set of bi’s one-hop neighbours. {tk−1, tk} indicates two consecutive time

instants. Adjbi is the adjacency matrix of the graph.
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At each time instant, Gtk
bi

is fed into the actor network (i.e., a spatial-temporal GAT)

shown in Figure 6.2. Then, the agent i takes an action set Atk
bi

based on the output,

πi(G
tk
bi
, A), which is the probability distribution over all available actions. In the next

time instant, the agent receives a reward set Rtk
bi

from the environment. Note that both

Atk
bi

and Rtk
bi

have length N (i.e., BS’s cache size), and each reward the agent receives

(i.e., rtkbi ∈ Rtk
bi

) corresponds to an action taken by that agent (i.e., atkbi ∈ Atk
bi

).

The STGAN-SAC agent works by interacting with the environment, shown in Algo-

rithm 5. For an agent i, it initializes a critic network Qi with parameters ϕ, a target

critic network with parameters ϕ̂ = ϕ, an actor network πi with parameters θ and a

target actor network with parameters θ̂ = θ. Also, a replay buffer Ui is initialized with a

length of 2000. For each episode and each time instant tk ∈ T , the agent i feeds a graph

Gtk
bi

into πi to make probability predictions over all available actions. The agent then

chooses the top N actions [94] with the highest probability. Once an agent performs an

action set Atk
bi

at tk, it will receive a reward set, Rtk
bi

and a spatial-temporal graph G
tk+1

bi

at the next time instant. The transition tuple (Gtk
bi
, Atk

bi
,Rtk

bi
, G

tk+1

bi
) is then inserted into

Ui.

In order to train the critic Qi, the agent randomly samples C transitions from Ui at

each time instant. Qi is then updated to minimize the squared soft Bellman residual,

JQi
(ϕ) = E

(G
tk
bi
, ai:ai∈A

tk
bi
, ri:ri∈R

tk
bi

, G
tk+1
bi

)∼Ui
[(Qϕ

i (G
tk
bi
, ai)− yi)

2], (6.11)

where the target is given by,

yi = ri + γ E
a′i∼πθ̂

i (G
tk+1
bi

,A)
[Qϕ̂

i (G
tk+1

bi
, a′i)− α log(πθ̂

i (a
′
i|G

tk+1

bi
)], (6.12)

which is the sum of the immediate reward, the expected discounted return, and the
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Algorithm 5 STGAN-SAC Agent i’s Operation
Input: number of episodes E, batch size C, target network update step K, number of

steps e, discount factor γ

1: Initialize the critic network Qϕ
i and the target critic network Qϕ̂

i with weights ϕ̂ = ϕ

2: Initialize the actor network πθ
i and the target actor network πθ̂

i with weights θ̂ = θ
3: Initialize replay buffer Ui and set e to 0
4: for episode ∈ {1, . . . , E} do
5: for tk ∈ {t1, . . . , tT} do
6: e = e+ 1
7: Select N actions with the highest probability in πθ

i (G
tk
bi
, A)

8: Take selected action Atk
bi

9: Get reward Rtk
bi

and a spatial-temporal graph G
tk+1

bi
at the next time instant

10: Store transition (Gtk
bi
, Atk

bi
,Rtk

bi
, G

tk+1

bi
) into Ui

11: Randomly sample B transitions from Ui

12: Use Equation 6.11 to update Qϕ
i

13:
14: Use Equation 6.13 to update πθ

i

15:
16: if e mod K == 0 then
17: Update target network parameters:
18: ϕ̂ = τ ϕ̂+ (1− τ)ϕ
19: θ̂ = τ θ̂ + (1− τ)θ
20: end if
21: end for
22: end for
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entropy of the action probability distribution. γ is a discount factor in the range of [0,

1]. α is a temperature parameter determining the balance between expected return and

entropy. Note that Gtk
bi

, ai, ri and G
tk+1

bi
are sampled from Ui, but the action a′i taken at

the (k + 1)th time instant is sampled from the current target policy πθ̂
i .

The agent’s policy network πθ
i is updated to maximize the advantage and the entropy

of actions probability distribution,

Jπi
(θ) = E

G
tk
bi
∼Ui, ai∼πθ

i (G
t
i,A)

[log(πθ
i (ai|G

tk
bi
))×(−α log(πθ

i (ai|G
tk
bi
))+Qϕ

i (G
tk
bi
, ai)−b(Gtk

bi
, A))],

(6.13)

where Qϕ
i (G

tk
bi
, ai) − b(Gtk

bi
, A) is the advantage function, and it shows the degree of

dominance of the selected action ai compared to a random action when the state is Gtk
bi

.

b(Gt
i, A) is computed by,

b(Gtk
i , A) = E

ai∼πθ
i (G

tk
bi
,A)

[Qϕ
i (G

tk
bi
, ai)], (6.14)

which is the baseline, and it calculates the expected return of a random action chosen

according to the policy πθ
i at a given state Gtk

bi
.

Key training parameters for actor and critic networks are shown in Table 6.2.

Table 6.2: Training Parameters for Actor and Critic Networks

Parameters Values
Number of episodes E 50

Learning rate of actor and critic 0.001
Batch size C 32

Target network update step K 30
Replay buffer capacity 2000

Discount factor γ 0.999
Temperature parameter α 0.01

Target update rate τ 0.005
Optimizer Adam
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6.4 Experimental Results

A comparison of various caching schemes is shown in this section. We simulate all

experiments using Icarus [32], a Python-based caching simulator. Key experimentation

parameters are shown in Table 6.3. We perform 50 experiments for each network scenario

and compute evaluation metrics using the last 40 experiments. Each experiment contains

8000 warm-ups and 160,000 measured requests for measuring cache performance. Each

request packet has a size of 150 bytes, and each data packet has a size of 1500 bytes.

The interval between two consecutive time instants is 10 s. The total number of file

chunks is set to F = 400, and all BSs have a uniform cache size N , which ranges from

1 to 4 file chunks. We assume users move in groups, and each user group is randomly

distributed in the rectangle area shown in Figure 6.1. There are four user groups in

total (i.e., UG = 4), and users in the same group move in the same direction and speed.

The number of file chunks requested by each user group, Fugi , ranges from 50 to 90 file

chunks. Each user group sends requests following a Poisson distribution with a mean of 1

request per second (1 req/s) or 50 req/s, or 100 req/s. The content popularity requested

by each user group follows a Zipfian distribution [116] with an α of 0.8, 0.9, 1.0 or 1.1.

Inspired by papers [107, 108], we consider the following heterogeneous services for

different BSs: (i) Different user groups have distinct preferences. Fugi is randomly sam-

pled from F , where each file has a uniform probability of being sampled. (ii) Different

user groups have different activity levels. The requests from ug1, ug2, ug3 and ug4 follow

a Poisson distribution with a mean of 100 req/sec, 1 req/sec, 50 req/sec and 1 req/sec,

respectively. (iii) The file popularity of each user group’s requests follows a Zipfian dis-

tribution [116], denoted as P (ugi, fj) = ((j)α
∑Fugi

m=1(m)−α)−1, where Fugi is the number

of requested file chunks from ugi and j is the index of file chunk fj in the set Fugi . α is a

skewness factor, and the α of ug1, ug2, ug3 and ug3 are 0.8, 0.9, 1.0 and 1.1, respectively.
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Table 6.3: Key Experimentation Parameters

Parameters Values

Number of experimentations 50
Number of warm-up requests 8000
Number of measured requests 160,000
Request packet size 150 bytes
Data packet size 1500 bytes
Time interval 10 s
Number of file chunks F 400
BS cache size N 1-4 file chunks
Number of user groups UG 4
Number of file chunks requested by a user group Fugi 50-90 file chunks
User group request distribution A Poisson distribution with a mean

of 1 req/s, 50 req/s or 100 req/s
User group requested content popularity distribution A Zipf distribution with an α of 0.8,

0.9, 1.0 or 1.1

(iv) We simulate dynamic file popularity. Each user group’s requested file popularity is

shuffled every 300 s in each experiment.

We compare STGAN-SAC with the following benchmark caching schemes:

• DDRQN proposed in paper [97]: it is a DDQN-based [31] multi-agent caching

policy that makes proactive caching decisions based on q-value predictions, where

the q-network is a GRU.

• DDGARQN: it is similar to DDRQN, but the q-network is a spatial-temporal

GAT.

• LFU [138]: it is a caching replacement policy that evicts the least frequently used

file chunk.

• LRU [137]: it is also a caching replacement strategy, and it evicts the least recently

requested file chunk.
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DDRQN and DDGARQN are trained using the same parameters. For LFU and LRU,

their caching placement algorithm is LCE.

We use the following three metrics to evaluate different caching strategies:

• Cache hit ratio: the percentage of requests that can be satisfied by the cached

file chunks in BSs. The CHR has been defined in Eqn. 3.4.

• Average latency: the average delay between the time a user sends a request

packet and the time the user receives a data packet. The formula for ALT has

been given in Eqn. 3.6.

• Average link load: the average link load between the cloud and all BSs.

6.4.1 Ablation Studies

In this section, we perform ablation studies to demonstrate two critical layers of STGAN-

SAC. First, we test the importance of the multi-head GAT layer by comparing STGAN-

SAC against the GRU-SAC model, which is the STGAN-SAC without the multi-head

GAT layer. Secondly, we study the significance of the GRU layer by comparing STGAN-

SAC against GANLSTM-SAC and GAN-SAC. GANLSTM-SAC replaces the GRU layer

in STGAN-SAC with an LSTM layer, and GAN-SAC is the STGAN-SAC without the

GRU layer.

6.4.1.1 Ablation Study of Multi-head GAT

This section studies the impact of the multi-head GAT layer. Figure 6.3 shows the

caching performance of STGAN-SAC and GRU-SAC when Fugi = 50 and each BS’s

cache size is 1 to 4 file chunks. Although the number of parameters of GRU-SAC is

less than STGAN-SAC, its performance is much worse than STGAN-SAC. In the best
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Figure 6.3: The caching performances of STGAN-SAC, GRU-SAC,
GANLSTM-SAC and GAN-SAC vary with each BS’s cache size. Er-
ror bars are a 95% confidence interval across 40 runs.
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case, STGAN-SAC improves GRU-SAC by 168% cache hit ratio, 21.1% average latency

and 24% average link load, respectively. The significant margin demonstrates that the

multi-head GAT layer is essential in extracting spatial features of user requests.

6.4.1.2 Ablation Study of GRU

This section studies the importance of the GRU layer. Figure 6.3 shows the caching

performance of STGAN-SAC, GANLSTM-SAC and GAN-SAC when Fugi = 50 and

each BS’s cache size is 1 to 4 file chunks. STGAN-SAC has the best performance, and

GANLSTM-SAC performs much worse than STGAN-SAC. Although GANLSTM-SAC

contains the spatial block (i.e., multi-headed GAT) and the temporal block (i.e., LSTM)

to extract user requests’ features, it performs poorly. The reason is that LSTM is more

complex than GRU, resulting in more challenging training and slower convergence of

GANLSTM-SAC. In addition, GRU is preferred for small datasets, and it fits our case

because we use a batch size of 32. We can also observe that GAN-SAC performs similarly

to GANLSTM-SAC in all scenarios. GAN-SAC cannot extract temporal dependencies

from user requests, which causes it performs much worse than STGAN-SAC. In short,

this section demonstrates that GRU is necessary for our model. With less number of pa-

rameters, GRU can train faster than LSTM. Moreover, GRU helps capture user requests’

temporal dynamics, dramatically improving the caching performance.

In addition to the muti-head GAT and GRU ablation studies, Figure 6.3 shows that

GRU-SAC performs better than GANLSTM-SAC and GAN-SAC. The reason is that

GRU-SAC has the least number of parameters, which is easy to train. Also, GRU can

capture temporal features of user requests, which is easier to capture than spatial features

due to user mobility.
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Figure 6.4: The caching performances of STGANSAC, DDRQN,
DDGARQN, LFU and LRU vary with the number of file chunks re-
quested by each user group. Error bars are a 95% confidence interval
across 40 runs.
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6.4.2 Comparison with Benchmarks

In this section, we compare the performances of STGAN-SAC with other benchmark

models in various network scenarios.

6.4.2.1 Effect of Number of File Chunks

This section explores the effect of the number of file chunks requested by each user group,

i.e., Fugi . Each BS has a uniform cache size of 1 file chunk. Figure 6.4 shows caching

performances of different strategies with different Fugi . We can see that STGAN-SAC

consistently achieves the best performance regardless of the number of Fugi .

In the best case, STGAN-SAC outperforms DDGARQN with a 150% higher cache

hit ratio, a 4.6% lower average latency and a 5.5% lower average link load. STGAN-SAC

outperforms DDGARQN for the following reasons: (i) DDQN, utilized in DDGARQN,

suffers from poor convergence, as a slight change in the q-value estimation may result

in a substantial change in policy space. On the contrary, AC works in the policy space

directly and learns much more smoothly. (ii) SAC helps the agent explore more widely

[106] than the ϵ-greedy exploration strategy [44] used in DDGARQN.

STGAN-SAC also outperforms DDRQN by a significant margin, where the cache hit

ratio is improved by 166%, the average latency is lowered by 4.7%, and the average link

load is lowered by 5.1% at best. It is also worth noting that the difference between

STGAN-SAC and the two deep learning-based strategies, DDRQN and DDGARQN, in-

creases when the number of file chunks increases. STGAN-SAC outperforms DDRQN

because, first, SAC wins in smooth convergence and broad exploration. Secondly, the

spatial module (i.e., the multi-head GAT layer) in STGAN-SAC helps each BS cooper-

ates, while DDRQN misses this part.
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Additionally, DDRQN performs better than DDGARQN in general. The reason is

that both of them apply DDQN, which has difficulties in dealing with large discrete action

space as it tries to generate the state-action value for each action. In this chapter, the

action dimension is 400, which is rather unfriendly to DDQN. On top of that, DDGARQN

contains more parameters than DDRQN, which results in slower convergence.

Furthermore, STGAN-SAC improves cache hit ratio by 90%, average latency by 5.3%

and average link load by 6.1% compared to LRU at best. In general, STGAN-SAC has

a more significant margin than LFU. Interestingly, DDRQN and DDGARQN perform

worse than LFU and LRU when Fugi is higher than 80, which verifies that DDQN does

not fit well with large discrete action space. In addition, LRU outperforms LFU in most

cases, indicating that short-term file popularity is much more important than long-term

file popularity in our experiments.

6.4.2.2 Effect of Cache Size

This section demonstrates the impact of each BS’s cache size on different caching algo-

rithms. We set Fugi = 50, and the cache size of each BS is 1, 2, 3 and 4 file chunks. Figure

6.5 shows 95% confidence intervals for the cache hit ratio, average latency and average

link load for all strategies. Notably, STGAN-SAC has substantial advantages over other

strategies. When each BS has a limited cache size of 1 file chunk, STGAN-SAC improves

cache hit ratio by 46.7%, 51.4%, 67.5% and 90.1% compared with DDRQN, DDGAQN,

LFU and LRU, respectively. Additionally, STGAN-SAC improves average latency by

3.8% and 4.4% and average link load by 3.2% and 3.9% compared to DDRQN and

DDGARQN, respectively. STGAN-SAC performs significantly better than other strate-

gies when the cache size increases. In particular, STGAN-SAC outperforms DDRQN,

DDGARQN, LFU and LRU by 46.7%, 64.3%, 67.6% and 90% on the cache hit ratio
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Figure 6.5: The caching performances of STGANSAC, DDRQN,
DDGARQN, LFU and LRU vary with each BS’s cache size. Er-
ror bars are a 95% confidence interval across 40 runs.
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at best. The results indicate that STGAN-SAC can precisely capture user requests’

dynamics and realize cooperative caching between neighbouring BSs.

6.5 Conclusion

We propose STGAN-SAC, an intelligent caching strategy in edge networks. The proposed

strategy is fully decentralized, where each BS maintains an independent STGAN-SAC

agent to make sequential caching decisions. Most importantly, the actor and critic net-

works in the STGAN-SAC framework is a spatial-temporal GAT, where the spatial block

(i.e., multi-head GAT) is used to extract spatial dependencies among neighbouring BSs,

and the temporal block (i.e., GRU) is used to capture temporal dynamics of user re-

quests. In order to simulate realistic edge network traffic, we consider user mobility and

assume users have different preferences and activity levels. We conduct ablation studies

to demonstrate that the multi-head GAT layer is essential for extracting user requests’

spatial dependencies and realizing cooperative caching between neighbouring BSs. Also,

we show that the GRU layer is important for capturing user preferences’ dynamics over

time. The experimental results show that STGAN-SAC performs the best among all

benchmark caching strategies.



Chapter 7

Conclusion and Future Work

In this chapter, we provide a comprehensive summary of the main contributions of the

thesis and outline potential direcitons for future research. .

7.1 Conclusion

In this thesis, we conduct in-depth research on efficient caching strategies for ICN-based

networks:

• Firstly, we introduce a novel GNN-based caching replacement strategy designed for

a specific ICN architecture, NDN. Our approach integrates a 1D-CNN to capture

content popularity trends over time, coupled with GraphSAGE layers to predict

the caching probability for each content item at each network node. Subsequently,

caching replacement decisions are made through predicted probabilities across the

network. When a network node’s cache is at capacity but new content arrives, our

strategy prioritizes the eviction of the content with the lowest predicted caching

probability to accommodate the new content if its predicted caching probability

exceeds that of the evicted content. Extensive analyses are conducted against al-

136
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ternative deep learning-based caching strategies such as 1D-CNN, LSTM-ED, and

SAE, as well as classical benchmark strategies including LFU, LRU, and FIFO.

Simulation results underscore the superiority of our GNN-based approach, achiev-

ing a 50% increase in CHR and a 30% reduction in ALT compared to the three

deep learning-based caching strategies in optimal scenarios.

• Secondly, we present GNN-GM, an innovative proactive caching placement strat-

egy that utilizes a cutting-edge GNN model to predict users’ ratings of unviewed

videos in NDN. The cumulative predicted rating of each video serves as a key in-

dicator, representing its caching potential or ”caching gain”. GNN-GM is designed

to proactively cache videos with the highest caching gain. Comparative analyses

are conducted against NMF-based caching, GNN-CPP, and traditional strategies.

Leveraging real-world datasets and diverse network topologies, we evaluate the per-

formance of our approach. The experimental findings demonstrate a 25% increase

in CHR, a 5% reduction in ALT, and a 7% decrease in server load compared to

GNN-CPP in the GEANT network topology.

• Thirdly, we introduce GNN-DDQN, a GNN-based DRL agent designed to make

sequential proactive caching placement decisions within the SDN-ICN context.

Initially, we present a statistical model aimed at generating users’ content prefer-

ences, incorporating key characteristics observed in real-world user traffic patterns.

Subsequently, we present the GNN-DDQN agent, which operates within the SDN

controller and has a comprehensive view of the entire network. At each time

step, leveraging a single forward pass of a GNN, it can efficiently make proactive

caching decisions for all network nodes. Through extensive simulations, we vali-

date the superior performance of the proposed caching strategy, achieving a CHR

that surpasses the state-of-the-art strategy by up to 34.42%.
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• Fourthly, we introduce STGAN-SAC, a fully decentralized proactive caching strat-

egy implemented in a three-tier ICN-based edge network. In this setup, each BS

has caching capabilities, with each maintaining an STGAN-SAC agent. Each agent

incorporates a spatial-temporal GAT to capture user preferences within its corre-

sponding BS coverage area and the spatial dependencies between neighbouring

BSs. At each time step, STGAN-SAC makes caching decisions. Additionally, we

integrate user mobility and preference dynamics to simulate the dynamic changes

in traffic patterns. Experimental results demonstrate the superiority of STGAN-

SAC, exhibiting significant enhancements in CHR, ALT reduction, and mitigation

of link load between BSs and the cloud, with improvements of at least 22.4%, 2.1%,

and 2.1%, respectively over two state-of-the-art caching strategies, DDRQN and

DDGARQN.

In summary, integrating the caching capabilities inherent in ICN-based networks with

the spatial learning capabilities of GNNs advances network performance to the next level.

7.2 Future Work

Caching stands as a compelling avenue for exploration with promising prospects for the

future. Below are several directions that warrant attention:

1. Enhancing DRL-based Caching Strategies: DRL demonstrates significant poten-

tial in addressing caching challenges. However, the DRL-based caching strategies

proposed in this dissertation encounter two primary limitations. Firstly, scalabil-

ity concerns arise as the state and action space increases linearly with the growing

number of content items. Secondly, neural network reconstruction and retraining

become necessary upon the emergence of new content.
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The following are two potential directions to tackle these challenges:

(a) Reactive caching strategy: By considering the state space as the caching state

of individual agent and the feature representation of the received content

request, and utilizing a binary action space to guide caching decisions, this

approach provides scalability and network adaption benefits. However, there

may be a trade-off in performance compared to proactive caching strategies.

(b) Integration with recommender systems: By leveraging user preferences, proac-

tive caching of content recommended to a large number of users becomes feasi-

ble. Instead of mainly relying on past request frequencies for caching decisions,

incorporating content features and user profiles allows for the prediction of

future content popularity. Consequently, proactively caching these predicted

popular contents can potentially enhance network performance. However,

the issue of user information privacy may emerge in this context. Federated

learning, an emerging paradigm, offers promise in addressing this concern.

2. Expansion with heterogeneous GNNs: While the current work primarily utilizes

GNNs to address caching challenges, it focuses solely on homogeneous GNNs. Ex-

ploring heterogeneous GNNs is an intriguing direction for future expansion. Het-

erogeneous GNNs are applicable in graphs with diverse node and edge types, where

a single node or edge feature vector might not sufficiently capture all node or edge

features of the whole network due to differences in dimensionality or component

meanings. Therefore, utilizing heterogeneous GNNs in networks with different

types of nodes and edges to address caching challenges could be a promising area.

3. Caching in IoVs: With the advancements in autonomous driving, users are increas-

ingly inclined towards various entertainment options, including video streaming
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and gaming, while on the move. The integration of caching plays an important

role in significantly enhancing network performance within vehicular environments.

Although the proposed STGAN-SAC caching strategy in this dissertation addresses

user mobility to some extent, its scope remains limited, primarily focusing on lo-

calized user movement without accounting for handovers between RSUs or broader

vehicular mobility patterns. Future endeavours in IoV-based caching demand com-

prehensive frameworks that consider vehicular mobility dynamics, ensuring seam-

less content delivery.

4. Collaboration with cache-enabled aerial BSs: Caching faces significant challenges

in scenarios involving mobile users or vehicles. With the rise of cache-enabled aerial

BSs, also known as UAV-mounted BSs, exploring collaborative caching strategies

could be beneficial. By incorporating cache storage within each of aerial BSs, they

could dynamically adjust their positions to cater to areas experiencing high user

request densities. This dynamic nature offers advantages over static BSs. Investi-

gating collaborative caching approaches with aerial BSs could provide a promising

avenue for further improving caching efficiency in wireless network environments.

5. Integration with semantic communication: The rise of Large Language Models

(LLMs) has driven semantic communication into the spotlight. This innovative

communication paradigm extracts meaningful information from the source to op-

timize information transmission throughput in wireless networks, surpassing the-

oretical capacity limits. However, existing caching strategies primarily focus on

raw content caching, neglecting potential synergies with semantic communication

paradigms. Future research endeavours could delve into integrating caching mech-

anisms with semantic communication frameworks, potentially improving content

delivery efficiency further.
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