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Data-Driven Bandwidth Estimation with Deep Reinforcement Learning

Wen Xu
Department of Computer Science and Engineering
Chalmers University of Technology and University of Gothenburg

Abstract
Real-Time Communication (RTC) systems have become increasingly popular, with
accurate bandwidth estimation being a critical factor in ensuring Quality of Ex-
perience (QoE) for end users. Traditional probe-based and model-based methods
for bandwidth estimation have limitations, such as introducing additional overhead
or relying on assumptions that may not hold in dynamic network conditions. Data-
driven approaches, particularly those using machine learning techniques, have shown
promise but may require substantial amounts of labeled data and struggle to adapt
to changing network conditions. In this thesis, we propose an offline deep reinforce-
ment learning (DRL) approach for bandwidth estimation in RTC applications. Our
method leverages historical network data to train an agent that learns an optimal
bandwidth estimation policy without the need for explicit probing or labeled data.
This approach expects to offer improved adaptability to dynamic network conditions,
reduced overhead, and enhanced accuracy compared to traditional and data-driven
methods. We evaluate the performance of our proposed method across various net-
work scenarios. The results reveal valuable insights and highlight the potential of
offline DRL for achieving reliable bandwidth estimation in RTC applications. To
accommodate reproducibility, we have made our source code publicly available1.

Keywords: telecommunication, network traffic, artificial neural network, deep rein-
forcement learning, congestion control, real-time communication

1https://github.com/wenxuhaskell/bwe.git
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1
Introduction

This chapter introduces the background of bandwidth estimation, briefly describes
the current state of the field, and highlights the remaining challenges that motivate
the proposed approach. It defines the scope of this thesis, formulates key research
questions, and outlines the structure of the thesis.

1.1 Background
Real-Time Communication (RTC) applications have gained significant popularity
in recent years, driven by the increasing demand for instantaneous information ex-
change and the proliferation of high-speed Internet connectivity. RTC encompasses
a wide range of services, including Voice over IP, video conferencing, online gaming,
and remote desktop applications, which require low latency and high-quality data
transmission to ensure seamless user experience [2]. One critical aspect that directly
impacts the performance of RTC applications is accurate bandwidth estimation.

Bandwidth estimation is the process of determining the available data transfer ca-
pacity between two communicating entities in a network [3]. Accurate bandwidth
estimation is crucial for several reasons. Firstly, it enables adaptive bitrate stream-
ing, where the quality of the transmitted audio or video is adjusted in real-time based
on the available bandwidth, ensuring smooth playback without excessive buffering
or quality degradation. Secondly, accurate bandwidth estimation helps in making
informed decisions regarding resource allocation, packet scheduling, and congestion
control, thereby enhancing the overall Quality of Experience (QoE) for the end-users
[4].

The accuracy of bandwidth estimation significantly impacts the performance of RTC
applications. Overestimation of bandwidth can lead to network congestion, packet
loss, and increased latency. The user experience suffers from frequent resolution
changes, video stalls, garbled speech, etc. [4]. However, underestimation of band-
width can result in sub-optimal resource utilization, leading to lower transmission
rates and poor application performance. Therefore, developing accurate and reliable
bandwidth estimation techniques is of paramount importance for RTC applications.

Traditional approaches for bandwidth estimation can be classified into two cate-
gories: probe-based and model-based methods. Probe-based methods involve send-
ing additional data packets (probes) to estimate the available bandwidth by analyz-
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1. Introduction

ing the packet transmission and reception characteristics, such as delay, loss, and
throughput [5]. While probe-based methods can provide reasonably accurate esti-
mates, they may introduce additional overhead and perturbations in the network,
which can negatively impact the performance of RTC applications. Model-based
methods, on the other hand, rely on mathematical models of network behavior
to estimate bandwidth without sending explicit probes [6]. Although model-based
methods do not introduce additional traffic, their performance heavily hinges on
the assumptions made about network conditions and the underlying heterogeneous
network architecture, which may not always be true in complex dynamic real-world
scenarios.

In recent years, data-driven approaches, particularly those that utilize machine learn-
ing techniques, have emerged as promising alternatives to estimate bandwidth [7]–
[11]. These approaches utilize historical network data to train predictive models
that can estimate bandwidth based on various networking features, such as packet
inter-arrival time, packet size, and queue length. Although data-driven approaches
have shown their strength compared to traditional methods, they often require large
amounts of labeled data for training and may struggle to adapt to changing network
conditions.

Deep Reinforcement Learning (DRL) has recently gained attention as a potential
solution for bandwidth estimation in RTC applications. DRL is a type of machine
learning algorithm that combines Artificial Neural Networks (ANNs) with Reinforce-
ment Learning (RL), enabling agents to learn optimal policies by interacting with
an environment and maximizing a cumulative reward. Despite its appeal, DRL also
has drawbacks to overcome. These disadvantages include the need for continuous
online interactions with the environment, which can be time-consuming. Further-
more, the feedback loop between policy learning and data collection in DRL can
lead to instability and sub-optimal policies. Lastly, DRL may not be suitable for
applications where real-world interactions are sensitive, costly, or safety-critical, as
exploration during learning can result in undesirable consequences.

Considering these disadvantages, Offline DRL [12], a machine learning technique
that trains agents using static, pre-collected datasets without requiring online envi-
ronment interactions, becomes a more attractive option for applications like band-
width estimation in RTC, where data efficiency and stability are essential. In the
context of bandwidth estimation, an offline DRL agent can be trained using his-
torical network data to learn the optimal bandwidth estimation policy without the
need for explicit probing or labeled data. This approach offers several advantages
over traditional and data-driven methods, such as improved adaptability to dynamic
network conditions, reduced overhead of probing packets, and potentially enhanced
accuracy. However, offline DRL still faces certain challenges, such as the risk for
overfitting training data and the difficulty in dealing with out-of-distribution data
encountered from real-world deployment [13].

In this thesis, we propose an offline DRL-based approach for bandwidth estimation in
RTC applications. Our approach aims to address the limitations of existing methods
by leveraging the power of DRL to learn an optimal bandwidth estimation policy

2



1. Introduction

from historical network data. We will evaluate the performance of our proposed
approach in various network scenarios and compare it with the result from using
traditional approach. The findings of this research have the potential to contribute
to the development of more reliable and adaptive bandwidth estimation techniques
for RTC applications.

1.2 Objectives
The overarching goal of this thesis is to explore the application of offline DRL for
accurately estimating network bandwidth, with the ultimate aim of improving the
QoE in video streaming. Specifically, we will experiment with various offline DRL
algorithms for bandwidth estimation in RTC systems. The research will involve
studying vectorized states to identify effective feature representations. We will im-
plement and evaluate several representative DRL algorithms using various neural
network architectures, fine-tuned with different optimization strategies. Addition-
ally, we will assess how the design of reward functions impacts the performance of
DRL models.

To concretize these research objectives, we formulate several key research questions:

1. How do the choices of state representation impact the performance of the DRL
model?

2. How do the choices of reward function impact the performance of the DRL
model?

3. How do the choices of learning algorithms impact the performance of the DRL
model?

4. How do the choices of neural network architectures impact the performance of
the DRL model?

These questions will guide our exploration and evaluation of different methodologies
within the scope of this thesis, helping to identify effective strategies for bandwidth
estimation in RTC environments.

1.3 Thesis Outline
This thesis is organized into the following chapters:

• Chapter 1 introduces the problem statement and outlines the research objec-
tives of the thesis.

• Chapter 2 provides the theoretical background for offline deep reinforcement
learning (DRL), covering the fundamental concepts and techniques.

• Chapter 3 details the formulation of the problem and the methods selected
for implementation.

3



1. Introduction

• Chapter 4 describes the experiments conducted during the project and dis-
cusses the results.

• Chapter 5 summarizes the findings, recommends future directions and con-
cludes the thesis.

4



2
Theory

This chapter provides a foundation for understanding offline DRL, the approach
utilized in this project. We will explore the core concepts that build upon each
other, starting with fundamental elements like Markov Decision Processes (MDPs)
and progressing towards the specific techniques employed in offline DRL [14].

The chapter covers following topics:

(i) Reinforcement Learning

(ii) Artificial Neural Network and Deep Learning

(iii) Deep Reinforcement Learning

(iv) Offline Deep Reinforcement Learning

2.1 Reinforcement Learning

Reinforcement Learning is a branch of machine learning that focuses on solving se-
quential decision-making problems by training an adaptable agent interacting with
an environment on a trial-and-error basis. In RL, an agent learns to interact with its
environment by performing actions and observing the consequences of those actions,
with the goal of optimizing a long-term objective. Reinforcement learning as an
autonomous and self-learning system has been particularly successful in robotic ap-
plications and tactic gameplay. Figure 2.1 shows the basic principle of reinforcement
learning. This section provides an introduction to the key principles of RL, including
MDP, policy and value functions, and popular algorithms such as Q-learning, and
policy gradient methods.

5



2. Theory

Figure 2.1: An agent observes the environment, takes an action and receives a reward
from the environment

2.1.1 Markov Decision Process
The MDP is a mathematical framework used in reinforcement learning that repre-
sents an environment in which all aspects are observable.

An MDP is defined by a tuple (S, A, P, R, γ) , where S is a finite set of states st,
A is a finite set of actions at, P is a finite set of state transition probabilities, R
is the reward function, γ[0, 1] is the discount factor and t is a non-negative integer
representing a given time step.

State space S = s1, ..., sn is a finite set containing all n possible states. within this
definition, the state sn refers to a specific configuration or observation of the MDP
environment. Essentially, the state serves as a complete snapshot, providing all the
necessary information for the agent to make informed decisions and anticipate future
outcomes.

Action space A = a1, ..., ak is a finite set of k possible actions made by an agent
operating within the environment. The agent is tasked with selecting an action
from a set of available options, with the intention of influencing the transition from
one state to another and optimizing the overall reward. This process leads to the
transition or state transition which occurs when an agent takes an action, prompting
the environment to shift from one state to another. The likelihood of transitioning
to a particular state is typically defined by the transition function P .

Transition probabilities P (s′|s, a) describes the probability p for the environment
to transit to s′ after the agent takes action a at state s at a given time step t

p(s′|s, a) = P (St+1 = s′|St = s, At = a) (2.1)

Reward function R : S×S → R outputs a numerical value called reward rt that an
agent receives upon performing a at state s and transits to a new state s′ at a given
time step t. The reward serves as valuable feedback, signaling the effectiveness of the
chosen action. The primary objective for the agent is to maximize the cumulative
reward over time.

6



2. Theory

Discount factor γ is a real value ranging between 0 and 1 that determines the sig-
nificance of future rewards in comparison to immediate rewards. A higher discount
factor puts a greater emphasis on long-term rewards, while a lower factor suggests
a preference for short-term gains. This component is essential in striking a balance
between the agent’s focus on immediate and future rewards when making decisions
within the MDP framework.

An Markov Decision Process is founded on the Markov property, which stipulates
that the future is only dependent on the present and not on the past. Essentially, this
means that once the current state encapsulates all necessary information from past
events, knowledge of the history becomes redundant, as the current state provides
a sufficient statistical representation of future outcomes. The majority of reinforce-
ment learning problems can be structured within the context of a Markov Decision
Process. The following equation describes the Markovian property.

P (st+1|st, at, st−1, at−1, ...) = P (st+1|st, at) (2.2)

2.1.2 Policy Function
A policy function π : S × A → [0, 1], also referred to as policy, defines the strategy
of a Reinforcement Learning (RL) agent. It is a probability distribution function
that maps states to distributions over actions, specifying the behavior of the agent
in any given state. The agent selects actions to take by sampling from the policy.

At ∼ π(·|St) (2.3)

In essence, solving a task using reinforcement learning is to find a optimal policy for
the RL agent to receive equal or more expected accumulative rewards compared to
any other policy.

A policy can be either deterministic or non-deterministic. A deterministic policy
always choose a fixed action at each state while a non-deterministic policy samples
an action from the distribution of actions at each state according to the policy.

2.1.3 Value Function
A value function plays a central role in reinforcement learning, representing the
expected long-term return of an agent following a specific policy. Within a given
state, a value function measures the goodness of current policy π. A value function
typically employs the discounted factors to compute the weighted sum of future
rewards and is given as

Gt = rt+1 + γrt+2 + ... =
∞∑

i=0
γirt+i+1, γ ∈ [0, 1] (2.4)

where rt is the reward at given time step t.
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There are two main types of value functions: state-value functions and action-value
functions. The state-value function, Vπ(s) as given below,

Vπ(s) = Eπ[Gt|st = s] (2.5)

represents the expected value of the cumulative discounted reward with respect to
the current state s given that the agent follows the policy π. With an optimal policy
π∗, the optimal state-value function becomes

V ∗(s) = max
π

Vπ(s), ∀s ∈ S (2.6)

As another form of value function, the action-value function

Qπ(s, a) = Eπ[Gt|st = s, at = a] (2.7)

defines the expected cumulative discounted reward of taking action a according to
the policy π at current state s. This is also called Q-function with the optimal Q
value as the maximum over all policies defined as below

Q∗(s, a) = max
π

Qπ(s, a) (2.8)

2.1.4 Temporal Difference Learning
Temporal Difference (TD) learning represents a class of reinforcement learning al-
gorithms that blend aspects of Monte Carlo methods and dynamic programming to
estimate value functions [15]. As depicted in Figure 2.2, TD learning algorithms
update value function estimates by leveraging the difference between the predicted
and observed rewards, known as the TD error as the definition below.

δt = rt+1 + γV (st+1) − V (st) (2.9)

This approach enables TD learning algorithms to learn from incomplete episodes
and bootstrap estimates from subsequent time steps, making them more efficient
and adaptable.

A basic version of TD learning is called one-step TD, or TD(0) as defined in the
pseudo-code in figure 2.2.

2.1.5 Q-Learning
Coined by Walkins [16], Q-learning is a widely used TD learning algorithm employed
to estimate action-value functions. Q-learning is an off-policy algorithm and has the
ability to learn the optimal policy while following a separate, exploratory policy. The
psudo-code in 2.3 shows that Q-learning iteratively refines the action-value function
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Figure 2.2: Psudo-code for TD learning, adapted from [15]

based on the maximum estimated action-value for the subsequent state, converging
to the optimal policy under certain conditions. This makes Q-learning a versatile
and powerful tool for solving various reinforcement learning problems.

Figure 2.3: Psudo-code for Q-Learning, adapted from [15]

2.1.6 Policy Gradient Methods
Policy gradient methods [17] are a class of reinforcement learning algorithms that
directly optimize the policy function, π, without explicitly estimating value functions.
These methods parameterize the policy using a function approximator, such as a
neural network, and update the parameters using gradient ascent to maximize the
expected cumulative reward. Policy gradient methods can handle continuous action
spaces and are often more sample-efficient than value-based methods. However, they
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Figure 2.4: Actor-Critic. Source: [15]

can suffer from high variance and may require careful tuning of the learning rate
and other hyperparameters.

2.1.7 Actor-Critic
Actor-Critic [15] is a class of methods in reinforcement learning that combines the
strengths of value-based and policy-based methods. As shown in figure 2.4, an
actor-critic architecture consists of two primary components: the actor and the
critic. The actor is responsible for selecting actions based on the current state of
the environment, effectively learning a policy that maps states to actions. The
critic, on the other hand, evaluates the actions taken by the actor by estimating
the value function, which can be either the state-value function Vπ(s) or the action-
value function Qπ(s, a). This dual structure allows the actor-critic architecture to
leverage the benefits of both components, facilitating more efficient learning and
better performance.

One of the key advantages of the actor-critic approach is its ability to handle con-
tinuous and high-dimensional action spaces. Unlike purely value-based methods,
which typically require discretization of action spaces, the actor can directly out-
put continuous actions, making it well-suited for complex control tasks. The critic
provides feedback by estimating the expected return for the actions taken, guiding
the actor to improve its policy. This feedback loop helps the actor to converge to-
ward an optimal policy, while the critic refines its value estimates. Additionally, the
actor-critic architecture can use techniques like bootstrapping to update the value
function, leading to more stable and sample-efficient learning. This architecture
forms the basis for many popular reinforcement learning algorithms and is widely

10



2. Theory

used in applications ranging from game playing to robotic control.

2.1.8 On-policy and Off-policy
Reinforcement learning algorithms can be broadly classified into two categories: on-
policy and off-policy, each representing distinct strategies for learning.

Figure 2.5: On-policy RL iteratively refines a single behavior policy πB that also
generates control actions within the environment. Off-policy RL maintains a behav-
ior policy πB, and also trains a target policy πT . Source: [18]

As illustrated in figure 2.5, on-policy algorithms, such as State-Action-Reward-State-
Action (SARSA) [15], focus on learning a behavior policy that is actively used dur-
ing interactions with the environment. These algorithms employ the same policy for
both exploration (trying out new actions) and exploitation (using known good ac-
tions). They update this policy based on the data gathered from these interactions.
This approach ensures that the learned policy directly reflects the behavior of the
agent, maintaining consistency between exploration and policy refinement.

In contrast, off-policy algorithms like Q-learning aim to learn a target policy while
using a separate behavior policy for exploration. This allows them to learn from
data generated by other policies or agents. As a result, off-policy algorithms tend
to be more sample-efficient, as they can utilize a wider range of experiences.

This characteristic is especially beneficial in offline reinforcement learning scenarios,
where the agent must learn from a fixed dataset without further interactions with
the environment. By decoupling the learning process from data collection, off-policy
methods offer greater flexibility and efficiency, making them suitable for a broader
range of applications.

2.2 Artificial Neural Networks and Deep Learn-
ing

Before delving into Deep Reinforcement Learning (DRL), it is essential to provide a
brief introduction to Artificial Neural Networks (ANNs) and deep learning, as they
form the backbone of DRL algorithms.
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2.2.1 Artificial Neural Networks
ANNs are computational models inspired by the structure and function of biological
neurons in the human brain. As illustrated in figure 2.6, ANNs consist of inter-
connected nodes, or artificial neurons that mimics biological neurons, organized in
layers: an input layer, one or more hidden layers, and an output layer. Each con-
nection between nodes has an associated weight, which represents the strength of
the connection, and each node has a bias term, which adjusts the node’s activation
threshold.

Figure 2.6: An ANN including input, hidden and output layers as well as weights
and activation functions.

During the training process, an artificial neural network receives input data that is
passed through multiple hidden layers. Each layer consists of nodes, where the input
is transformed by applying activation functions. These transformations enable the
network to model complex, non-linear relationships in the data. The transformed
input progresses through the layers until it reaches the output layer, which generates
the final prediction or decision.

To optimize the network’s performance, the weights and biases associated with the
connections between nodes are adjusted. This adjustment process aims to minimize
the loss function, which quantifies the difference between the predicted outputs and
the actual target values. Optimization techniques such as stochastic gradient descent
(SGD) [19] are employed to iteratively update the weights and biases in the direction
that reduces the loss.

A critical aspect of this optimization is backpropagation [20], a method that com-
putes the gradient of the loss function with respect to each weight by propagating the
error backward through the network. By updating the weights in accordance with
these gradients, the network learns to improve its predictions over time, gradually
uncovering intricate patterns and relationships in the training data.
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2.2.2 Deep Learning
Deep learning is a subset of machine learning that focuses on training ANNs with
multiple hidden layers, also known as deep neural networks. These networks can
automatically learn hierarchical representations of data, enabling them to process
and analyze complex patterns in high-dimensional input data. Deep learning has
revolutionized various domains, including computer vision, natural language process-
ing, and speech recognition, by achieving state-of-the-art performance in numerous
tasks.

Various neural network architectures have been developed to address specific chal-
lenges in different domains. Some of the most popular architectures include:

• Multilayer Perceptrons (MLPs): MLPs [21] are feedforward artificial neural
networks with an input layer, one or more hidden layers, and an output layer.
They are fully connected, meaning each node in a layer is connected to every
node in the subsequent layer. MLPs are widely used in various applications,
such as classification, regression, and function approximation, serving as a
foundational architecture for deep learning models.

• Convolutional Neural Networks (CNNs): CNNs [22] are a specialized type of
neural network designed for processing data with grid-like topology, such as
images. They are particularly effective in capturing spatial hierarchies and
patterns through the use of convolutional layers, which apply a series of learn-
able filters to the input data. These filters help in detecting edges, textures,
and other features at various levels of abstraction. The key components of a
CNN include convolutional layers, pooling layers, and fully connected layers.
Convolutional layers extract feature maps by performing convolutions, pooling
layers downsample the feature maps to reduce dimensionality and computa-
tional load, and fully connected layers make final predictions based on the
extracted features. This architecture allows CNNs to learn and recognize com-
plex patterns and structures in data, making them highly effective for tasks
like image classification, object detection, and segmentation.

• Recurrent Neural Networks (RNNs): Recurrent Neural Networks (RNNs) [23]
are a class of neural networks designed for sequential data processing, making
them well-suited for tasks involving time series, natural language, and other
ordered data. Unlike traditional feedforward neural networks, RNNs have a
unique architecture that includes loops, allowing them to maintain a memory
of previous inputs in the form of hidden states. This structure enables RNNs
to capture temporal dependencies and patterns over time, as each input is
influenced not only by the current data point but also by the context provided
by preceding elements. However, standard RNNs can struggle with long-term
dependencies due to issues like vanishing gradients. To address these chal-
lenges, more advanced variants like Long Short-Term Memory (LSTM) [24]
networks and Gated Recurrent Units (GRUs) [25] have been developed, offer-
ing better memory retention and handling of long-range dependencies. RNNs
have been widely used in applications such as speech recognition, language
modeling, and time series prediction.
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• Transformers: Transformers [26] are a type of neural network architecture that
relies on self-attention mechanisms to process sequential data, such as natural
language. Unlike RNNs, which process data sequentially, transformers do not
require recurrent connections, allowing them to process input sequences in par-
allel and capture long-range dependencies more effectively. This architecture
has become the foundation for many state-of-the-art models, including BERT
[27], GPT [28], and T5 [29], transforming tasks like machine translation, text
generation, and beyond.

For more details of deep leaning, please refer to the Deep Learning Book by Ian
Goodfellow, et al. [23].

2.3 Deep Reinforcement Learning
DRL is a powerful approach that combines the strengths of deep learning with
traditional RL techniques. In DRL, an agent interacts with an environment to
learn an optimal policy that maximizes a cumulative reward signal. The agent’s
policy is represented by a deep neural network, which takes the current state of
the environment as input and outputs the appropriate action to take. The neural
network is trained using gradient-based optimization methods, such as SGD, to
minimize the loss function, which reflects the difference between the predicted and
actual rewards. By leveraging the representational power of deep neural networks,
DRL algorithms can learn complex patterns and relationships in high-dimensional
state spaces, enabling them to tackle challenging problems that were previously
infeasible for traditional reinforcement learning methods.

DRL has achieved remarkable success in various domains, including game playing,
robotics, and resource management, by enabling agents to learn complex behaviors
from high-dimensional input data. In this section, we will discuss some popular
deep reinforcement learning algorithms, such as Deep Q-Networks (DQN) [30], Deep
Deterministic Policy Gradient (DDPG) [31], and Soft Actor-Critic (SAC) [32], which
have significantly contributed to the advancements in the field of reinforcement
learning.

2.3.1 Deep Q-Networks
DQN is a pioneering deep reinforcement learning algorithm introduced by Mnih
et al. [30]. DQN extends the traditional Q-learning algorithm by using a deep
neural network to approximate the action-value function, Q(s, a), which represents
the expected discounted return of taking action a in state s and following the op-
timal policy thereafter. DQN uses a technique called experience replay [33], [34]
to stabilize the learning process. Experience replay stores the agent’s experiences,
represented as transitions (s, a, r, s′), in a buffer. During training, the DQN sam-
ples mini-batches of transitions from the buffer to update the action-value function,
reducing the correlation between consecutive samples and improving the learning
efficiency. Additionally, DQN employs a target network, which is a separate copy
of the action-value function with frozen weights. The target network is periodically
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updated with the weights of the primary action-value function, providing a more
stable learning signal and further enhancing the learning stability.

2.3.2 Deep Deterministic Policy Gradient

DDPG [31] is a powerful reinforcement learning algorithm specifically designed for
environments with continuous action spaces. It merges the principles of Q-learning
and policy gradient methods, offering a framework that can efficiently learn con-
trol policies for complex tasks. DDPG utilizes an actor-critic architecture, where
the actor network is responsible for determining the specific action to take given
a particular state, while the critic network evaluates the quality of the action by
estimating the associated Q-value. This combination allows DDPG to learn both
the policy and the value function, making it a versatile and effective algorithm for
a wide range of applications.

A notable feature of DDPG is its use of deterministic policies, which simplifies the
learning process in continuous action spaces. The algorithm employs techniques
such as experience replay and target networks to enhance stability and convergence
during training. Experience replay allows the agent to store and reuse past experi-
ences, breaking the temporal correlation between consecutive training samples and
improving learning efficiency. Target networks help mitigate the problem of unstable
Q-value estimates by providing a slowly updated version of the actor and critic net-
works, thereby smoothing out updates. DDPG’s ability to handle high-dimensional
action spaces and learn from complex environments makes it particularly suitable
for applications like robotic control, autonomous driving, and other areas requiring
precise and continuous action selection.

2.3.3 Soft Actor-Critic

SAC is an off-policy deep reinforcement learning algorithm introduced by Haarnoja
et al. [32]. SAC is based on the maximum entropy reinforcement learning framework,
which aims to learn a policy that maximizes both the expected return and the en-
tropy of the policy. By maximizing the policy entropy, SAC encourages exploration
and learns a more robust and diverse set of behaviors. SAC consists of two main com-
ponents: a soft state-value function, V (s), and a soft Q-value function, Q(s, a). The
soft state-value function represents the expected discounted return and the entropy
of the policy, while the soft Q-value function represents the expected discounted
return, the entropy of the policy, and the immediate reward of taking action a in
state s. SAC maintains two separate Q-value function approximators and uses the
minimum value of those two to mitigate the overestimation bias commonly found in
Q-learning methods. SAC has been shown to achieve state-of-the-art performance
on various benchmark tasks, particularly in continuous control domains.
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2.4 Offline Deep Reinforcement Learning
Offline DRL is a variant of deep reinforcement learning that focuses on learning
from static, pre-collected datasets without further interaction with the environment.
This approach is particularly useful in scenarios where online data collection is
costly, time-consuming, or risky, such as real-world robotics, autonomous driving,
and healthcare applications. Offline DRL algorithms aim to address the unique
challenges associated with learning from fixed datasets, such as distributional shift
and overestimation of Q-values. In this section, we will introduce some popular
offline deep reinforcement learning algorithms used in this thesis, including Batch-
Constrained Q-learning (BCQ) [35], Conservative Q-Learning (CQL)[36], Twin De-
layed DDPG with Behavioural Cloning (TD3+BC) [37], and Decision Transformer
(DT) [38].

2.4.1 Batch-Constrained Q-learning
BCQ algorithm was introduced by Fujimoto et al. [35]. As the first batch deep
reinforcement learning algorithm, BCQ tries to address the challenge of distribu-
tional shift in offline reinforcement learning, where the learned policy may generate
out-of-distribution actions that are not well-represented in the static dataset. BCQ
approaches this issue by learning a generative model of the actions in the training
dataset and constraining the learned policy to generate actions that are close to the
actions in the dataset.

2.4.2 Conservative Q-Learning
CQL is an offline deep reinforcement learning algorithm introduced by Kumar et al.
[36]. CQL focuses on addressing the challenge of overestimating Q-values in offline
reinforcement learning, which can lead to suboptimal policies. CQL tackles this by
learning a conservative Q-value function that lower-bounds the true Q-value function,
ensuring that the learned policy does not overestimate the returns of unseen actions.

2.4.3 Twin Delayed DDPG with Behavioural Cloning
TD3+BC was first introduced by Fujimoto et al. [37] as an extension of the Twin
Delayed DDPG (TD3) algorithm [39], which addresses the challenge of overestima-
tion bias in Q-value estimation. TD3+BC incorporates a behavior cloning term in
the policy optimization objective meanwhile normalizes the state, encouraging the
learned policy to mimic the actions in the dataset while maintaining the benefits of
TD3.

2.4.4 Decision Transformer
DT was introduced by Chen et al. [38]. It leverages the power of transformer neu-
ral network architecture to learn a sequential decision-making policy from a static
dataset. Unlike traditional reinforcement learning methods that rely on value-based
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or policy-based approaches, the Decision Transformer adapts the Transformers self-
attention mechanism to model the decision-making process directly. By treating the
entire sequence of states, actions, and rewards as input, it generates a sequence of
actions that optimize long-term rewards. This approach enables the DT to capture
complex temporal dependencies and relationships within the sequence data, offer-
ing a more flexible and scalable solution to tasks that require sequential sequence
modeling and prediction.
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Methods

In this chapter, we present our methods for utilizing data-driven DRL to address the
bandwidth estimation problem in RTC applications. We begin with a comprehensive
literature review of existing work in this field. Drawing inspiration from state-of-the-
art (SOTA) research and considering the limited feasibility of training an RL agent
in real-world network conditions, we opt to employ offline DRL as our approach.

We introduce the selected dataset for offline training and provide a formal MDP
formulation of the bandwidth estimation problem, which serves as the foundation
for applying DRL. We discuss the motivations and considerations behind our choice
of formulation. Furthermore, we describe our process for analyzing and reducing
redundant features, facilitating faster training.

This chapter also covers practical aspects of our methodology, such as the choice of
algorithms library and the optimization library for hyperparameter fine-tuning.

3.1 Literature Review
More recently, DRL has emerged as a compelling approach for bandwidth estimation
in RTC applications. Researchers have been exploring DRL algorithms to tackle the
challenges in this domain, with several remarkable approaches proposed.

Fang et al. [40] proposes R3Net which uses a DRL algorithm with a recurrent net-
work architecture to model the temporal dependencies in the network conditions.
R3Net defines the state of the RL agent as a 4-dimension vector that includes re-
ceive rate, average packet interval, packet loss rate, and average Round Trip Time
(RTT). The reward is defined to favor high throughput, less packet loss and low delay.
R3Net was trained using simulated network traces. While the result from evalua-
tion in simulation looks promising, the test on real networks leads to poor video
quality caused by high packet loss, indicating that R3Net provides non-satisfactory
adjustment to dynamic network conditions.

Inspired by the hybrid scheme from [41], HRCC [42] combines heuristics congestion
control scheme adapted from Google Congestion Control (GCC) [43] with an RL
agent that continuously learn to tune the estimated bandwidth from the heuristic
scheme. The RL agent in HRCC is also built upon actor-critic framework. The
network consists of a 1D convolutional layer and two fully connected layers. By using
ReLU [23] as the activation function the actor output a gain coefficient. Meanwhile

19



3. Methods

the critic uses the same structure as the actor and output a value to supervise the
actor.

In contrast to previous work [40]–[42], Zhang et al. [44] proposes a federated DRL
framework OnRL for bandwidth estimation of video streaming. Aiming at closing
the simulation-to-reality gap, OnRL focuses on online RL learning and design an
iterative two-stage learning architecture. The work mainly focuses on system-level
improvement but not RL. Relevant aspects of DRL such as different network archi-
tectures, choices of algorithms or training methodologies need to be further studied.

While most previous approaches have primarily considered packet-level information
in their problem formulations, CLCC [45] proposes an alternative DRL based ap-
proach that innovatively incorporates both packet and frame-level information into
its MDP design, thereby delivering competitive performance.

Bentaleb et al. [46] introduce a system that leverages both heuristic algorithms
and RL techniques to accurately forecast bandwidth needs. By merging rule-based
methods with learning-based algorithms, they enhance prediction precision. DRL
often demands extensive offline training data but operates with limited online data,
resulting in inconsistent or suboptimal performance in the real world. To tackle
this, they integrate an adaptive bandwidth prediction selector. The selector initially
employs a heuristic-based controller to alleviate the cold start issue and seamlessly
shifts to a learning-based controller as the system gathers sufficient input data during
the session.

Gottipati et al. [47] introduce Merlin, an offline, data-driven approach for bandwidth
estimation in RTC systems. Merlin pioneers the use of offline imitation learning for
this task, employing behavioral cloning to replicate the performance of an expert
Unscented Kalman Filter (UKF) model using pre-collected examples. This approach
enables Merlin to achieve superior subjective quality. However, its performance is
inherently limited by the expert UKF’s capabilities, and it lacks the ability to explore
and adapt beyond the expert’s behavior.

The challenges of applying RL to real-world problems, particularly in the context
of RTC applications, include the need for continuous agent-environment interaction,
the dynamic and unpredictable nature of network conditions, and the potential
for sub-optimal decisions that may disrupt live traffic and degrade user experience.
Additionally, collecting real-world network data for online DRL is resource-intensive
and time-consuming.

Inspired by previous work [47], we are motivated to address these challenges by
employing offline DRL, which leverages pre-collected datasets for training. This
approach eliminates the need for continuous interaction and reduces the risk of
negatively impacting user experience.

3.2 Microsoft Dataset for Bandwidth Estimation
The Microsoft Grand Challenge in Bandwidth Estimation [48], organized by Mi-
crosoft Research, aimed to foster innovation and advancement of bandwidth estima-
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tion for RTC applications. The competition provided a dataset1 of approximately
28 gigabytes, containing diverse network traces. Participants were tasked with devel-
oping algorithms to accurately estimate available bandwidth based on these traces.

The dataset provided by the challenge consists of log files, each generated during
the recording of a Microsoft Teams audio/video call. These calls were conducted
between testbed nodes distributed across various geographical locations, capturing
a diverse range of networking environments. The dataset includes audio/video calls
that utilized different bandwidth estimators, also known as behavior policies. These
estimators range from traditional methods, such as Kalman-filtering-based estima-
tors and Web Real Time Communication (WebRTC), to various machine learning
policies.

Each log file in the dataset contains multiple data records, referred to as trajectories.
A trajectory corresponds to a single leg of an audio/video call and is composed of a
sequence of four main components:

1. on: 150-dimensional observation vector

Description This vector is derived from on the packet information received
by the client during the audio/video call.

2. bn: bandwidth estimate

Description These estimates are predicted by a behavior policy, which is the
algorithm used to determine the bandwidth allocation for the call.

3. raudio
n : objective audio quality

Description This metric represents the received audio quality on a scale of
[0, 5], with a score of 5 being the highest.

4. rvideo
n : objective video quality

Description This metric represents the received video quality on a scale of
[0, 5], with a score of 5 being the highest.

The observation vector at time step n captures the observed network statistics that
define the state of the bottleneck link between the sender and receiver. These
statistics are collected over the five most recent short-term Monitor Intervals (MI)
of 60ms and the five most recent long-term MIs of 600ms. The observation vector
consists of 150 dimensions, tracking 15 different network features across the five
short-term and five long-term MIs, with each feature having a dimension of 10.

The 15 features and their descriptions are as follows:

1. Receiving rate: rate at which the client receives data from the sender during
a MI, unit: bps.

2. Number of received packets: total number of packets received in a MI, unit:
packet.

1https://github.com/microsoft/RL4BandwidthEstimationChallenge
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3. Received bytes: total number of bytes received in a MI, unit: Bytes.

4. Queuing delay: average delay of packets received in a MI minus the minimum
packet delay observed so far, unit: ms.

5. Delay: average delay of packets received in a MI minus a fixed base delay of
200ms, unit: ms.

6. Minimum seen delay: minimum packet delay observed so far, unit: ms.

7. Delay ratio: average delay of packets received in a MI divided by the minimum
delay of packets received in the same MI, unit: ms/ms.

8. Delay average minimum difference: average delay of packets received in a MI
minus the minimum delay of packets received in the same MI, unit: ms.

9. Packet interarrival time: mean interarrival time of packets received in a MI,
unit: ms.

10. Packet jitter : standard deviation of interarrival time of packets received in a
MI, unit: ms.

11. Packet loss ratio: probability of packet loss in a MI, unit: packet/packet.

12. Average number of lost packets: average number of lost packets given a loss
occurs, unit: packet.

13. Video packets probability: proportion of video packets in the packets received
in a MI, unit: packet/packet.

14. Audio packets probability: proportion of audio packets in the packets received
in a MI, unit: packet/packet.

15. Probing packets probability: proportion of probing packets in the packets re-
ceived in a MI, unit: packet/packet.

The indices (zero-indexed) of features over the five short-term MIs are

(feature number − 1) × 10, ..., (feature number − 1) × 10 + 4

and the indices (zero-indexed) of features over the five long-term MIs are

feature number × 10 − 5, ..., feature number × 10 − 1

respectively. For example, the packet arrival rate (feature 1) of the first short-term
MI is at index 0, and the packet arrival rate over the first long-term MI is at index
5.

The Microsoft dataset, with its rich set of metrics and extensive data logs captured
under both emulated and real-world network conditions, presents an excellent op-
portunity for applying DRL techniques to estimate bandwidth for RTC applications.
Consequently, we chose to use this dataset for training DRL models in our project.
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3.3 Problem Formulation
To apply reinforcement learning techniques to the bandwidth estimation problem,
we must frame it as a MDP. In our model, the network serves as the environment,
with its real-time conditions obtained from the observation vector in the dataset.
The RTC application’s bandwidth estimation function is represented as our RL
agent, which interacts with the network (environment). The bandwidth estimate
made by the function (agent) is considered the action to be taken. Lastly, we define
the reward as the output of a reward function that takes the network conditions as
input. This function assesses the quality of the chosen action based on the current
network state. The following definitions outline the components of the MDP for our
problem:

• State (s): The state of our RL agent is a real value vector that includes one
or more network metrics. In our case, we use the observation vector contained
in the training dataset as the state. This vector encompasses commonly used
network metrics, such as the current baud rate, packet loss rate, packet delivery
delay, and jitter, providing a comprehensive view of the networking condition.

• Action (a): The agent’s action represents an estimated bandwidth to be uti-
lized by the RTC application, represented as a continuous real value denoting
the target bitrate per second.

• Reward (r): A reward signifies the immediate feedback that the RTC appli-
cation receives upon applying an estimate. The reward should reflect the ap-
plication’s performance and the user’s QoE. It is typically computed through a
reward function based on relevant metrics such as network throughput, packet
loss rate, and packet transmission delay. During our literature review, we dis-
covered two distinct reward functions from [40] and [49], which we refer to as
RW_R3Net and RW_QoE. Both reward functions have elegant design and
fine tuned parameters. In this project, we will experiment with both reward
functions and introduce a third one called RW_V A_QoE calculated exclu-
sively from the video QoE metric available in the dataset. The definitions of
all three reward functions are included in Appendix A.

• Discount Factor (γ): The discount factor γ is defined as a real value rang-
ing between 0 and 1, in line with standard reinforcement learning practices.
This factor determines the importance of future rewards relative to immediate
rewards.

When using a dataset for offline training, the transition probabilities become con-
stant and can be disregarded, as the agent learns from the fixed transitions in the
dataset.

3.4 Choice of Algorithms
We have chosen a number of DRL algorithms for our project: BCQ, CQL, SAC
and TD3+BC. Each of these algorithms is designed to address specific challenges
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in offline RL. BCQ is notable for its use of a generative model to constrain the
action space, ensuring that the agent selects actions similar to those in the dataset,
thereby mitigating the issue of distributional shift. CQL, on the other hand, intro-
duces a conservative penalty to the Q-function, which discourages the agent from
taking actions that lead to out-of-distribution states, thus enhancing stability and
performance. Soft Actor-Critic (SAC) is characterized by its use of entropy regular-
ization, which encourages exploration by maximizing a trade-off between expected
return and policy entropy, resulting in more robust off-policy learning and improved
sample efficiency. TD3+BC combines the strengths of TD3, which employs twin
critics and delayed policy updates to stabilize learning, with behavior cloning to
regularize the policy towards the dataset actions, effectively balancing exploration
and exploitation in offline settings.

Additionally, we also employ DT in our experiments. The DT stands out as a unique
approach within the realm of RL due to its innovative use of transformer architec-
ture, originally designed for natural language processing tasks, to address sequential
decision-making problems. Unlike traditional RL methods that rely on value func-
tions or policy gradients, the DT models the entire history of states, actions, and
rewards as a sequence, enabling it to capture long-term dependencies, making it
particularly suitable for scenarios where online interaction is costly or impractical.

Each of these algorithms offers a distinct approach for learning from offline datasets,
offering valuable insights for our experiments.

3.5 Experiments design
In this project, we will evaluate a diverse set of offline DRL algorithms to address
the bandwidth estimation problem. One of our goals is to compare the performance
of these algorithms comprehensively, while also considering key factors such as data
quality. To ensure a fair comparison, we will use the default parameters provided by
d3rlpy [50] for each algorithm. Specifically, all algorithms except the DT will utilize
a common neural network architecture: a fully connected MLP (figure 3.1) for their
actor and critic networks. The MLP consists of three layers, each containing 256
neurons, and outputs estimated bandwidth.

In contrast, the Decision Transformer employs a distinct network architecture based
on self-attention mechanisms (figure 3.2), which is initially configured with two
attention heads and three layers in our case. This setup will allow us to assess how
different architectures and configurations impact the effectiveness of the algorithms
in the context of bandwidth estimation.

Based on these considerations, we have designed a series of experiments to system-
atically evaluate and refine the performance of RL algorithms for the bandwidth
estimation problem. Our experimental approach comprises five stages, each focus-
ing on a specific aspect:

1. Data Pre-processing: We will begin by examining and filtering out unrea-
sonable outliers or duplicated information from the offline dataset. This results
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Figure 3.1: A fully connected 256 × 256 × 256 MLP

Figure 3.2: DT’s attention network, adapted from [38]

in a more compact observation vector and improved computational efficiency.

2. Reward Function Comparison: Next, we will compare three reward func-
tions to select the most suitable one for subsequent experiments.

3. Model Evaluation: We will then evaluate a wide range of DRL models to
identify the most promising ones.

4. State Reduction: In the fourth stage, we will delve deeper into the dataset,
further reducing the state and assessing the resulting models.

5. Hyperparameter Optimization: Finally, we will apply hyperparameter
optimization to further assess and refine the selected DRL models, identifying
the best model parameters for this project.

This structured approach enables us to thoroughly explore and evaluate the perfor-
mance of the selected DRL algorithms for bandwidth estimation.

3.6 Training and Evaluation
Given the extensive training dataset, we will utilize the compute cluster at Kiel Uni-
versity to train our models. This high performance cluster allows users to share up
to three graphics processing units (GPUs) for parallel machine learning, significantly
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accelerating the training process. Leveraging this high-performance computing re-
source will enable us to handle the large-scale data efficiently and optimize our
models for better performance.

3.6.1 Dataset Division
The Microsoft dataset consists of two distinct sets of data logs: a larger set and a
smaller set. The larger dataset comprises data logs collected from 18,859 calls under
various real-world network conditions, with each log containing approximately 3000
to 4000 records. Notably, none of these records include ground truth information on
available networking bandwidth. For this project, we will allocate 10,000 of these
data logs for training the RL models, reserving the rest for future usage.

The smaller set of data logs was collected from 9405 emulated test calls with known
true capacity of the bottleneck link between the sender and receiver. This subset
will be utilized for validating the trained models, enabling an assessment of both
our models and the baseline estimator across various aspects, including adaptability
to realistic network conditions.

3.6.2 Evaluation and Metrics
Both sets of data logs in the dataset include bandwidth estimations predicted by
the built-in estimator of the Real-Time Communication systems during logging. Al-
though the estimator’s policies are unknown to us, we can still utilize them as our
baseline to benchmark our models.

Accurate bandwidth estimation often results in higher audio and video quality, lead-
ing to improved Quality of Experience (QoE)[51]–[53]. Since there is no established
assessment model for the quality of audio and video, we will focus on enhancing the
prediction accuracy of our models. To this end, inspired by [52], [54], [55], we have
selected three metrics for evaluating the prediction accuracy of the model output.

• Mean Squared Error (MSE): MSE is a commonly used loss function that
measures the average of the squares of the differences between predicted and
actual values. It quantifies the magnitude of errors in predictions, with larger
errors being penalized more due to the squaring operation. The MSE is defined
as the equation below.

MSE = 1
n

n∑
i=1

(yi − ŷi)2

where n is the number of data points, yi is the true bandwidth and ŷi is the
predicted value.

• Prediction Error Rate: Prediction error rate measures the average deriva-
tion between the prediction and the true bandwidth. It is defined as follows,
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error_rate = 1
n

n∑
i=1

min(1,
|ŷi − yi|

yi

)

where ŷi is the prediction from the model and yi the true bandwidth.

• Overestimation Rate: The overestimation rate is a metric that evaluates
how much the model overestimates the true link capacity, indicating its conser-
vatism or aggressiveness [54], [56]. Overestimating bandwidth can cause video
re-buffering, while underestimation only reduces video quality. RTC systems
generally prefer more conservative estimates. The Overestimation Rate is de-
fined as follows,

over_rate = 1
n

n∑
i=1

max(0,
ŷi − yi

yi

)

where ŷi is the prediction from the model and yi the true bandwidth.

3.7 Toolkits
This section introduces the open source libraries used in this project for implement-
ing the Offline DRL algorithms for bandwidth estimation.

3.7.1 PyTorch
PyTorch [57] is a leading open-source machine learning library developed by Face-
book’s Artificial Intelligence (AI) Research lab, recognized for its versatility, ease of
use, and strong support for deep learning research and development. It is particu-
larly valued for its dynamic computational graph, which allows for real-time model
modifications and debugging, making it ideal for research and experimental tasks.
Additionally, PyTorch offers a rich ecosystem of tools and extensions that cater to a
wide range of applications, including computer vision, natural language processing,
and RL. In our project, which involves handling large offline datasets, we leverage
PyTorchs distributed data parallel training capabilities to efficiently process the
extensive amount of data and train the models within a feasible timeframe.

3.7.2 d3rlpy
d3rlpy [50] is an open-source DRL library specifically designed for offline RL research
and applications. The library offers a user-friendly and modular framework for
implementing and evaluating offline DRL algorithms. d3rlpy is built on top of the
popular deep learning framework PyTorch, ensuring compatibility with a wide range
of existing tools and projects.

One of the key advantages of using d3rlpy for this thesis is its ease of use. The
library provides a rich set of offline RL algorithms with well-documented and easy-
to-understand application programming interfaces, allowing researchers to quickly
implement and test various algorithms without delving into the tedious details of
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the underlying code. This helps us to focus on the core aspects of our research, such
as evaluating and comparing different offline deep reinforcement learning techniques
for bandwidth estimation in RTC applications.

Another important benefit of d3rlpy is its optimized run-time performance. The
library is designed to efficiently handle large-scale datasets and complex algorithms,
ensuring that experiments can be executed in a reasonable amount of time. This
is particularly crucial for our research, as we aim to evaluate and compare the
performance of various offline RL algorithms on the Microsoft Bandwidth Estimation
Challenge dataset, which contains a large collection of network traces, requiring
considerably amount of time for model training.

3.7.3 Scikit-learn
Scikit-learn [58], often abbreviated as sklearn, is a popular open-source machine
learning library for Python [59]. It offers a wide array of tools for various machine
learning tasks, such as classification, regression, clustering, dimensionality reduction,
and model selection. Sklearn provides a diverse set of pre-built models, ranging from
simple linear and logistic regression to advanced algorithms like Support Vector Ma-
chines [60], random forests [61], and Gradient Boosting Machines [62]. Furthermore,
it includes utilities for data pre-processing, feature extraction, and model evalua-
tion using metrics like accuracy, precision, recall, and F1-score. In our project, we
leverage sklearn’s utilities for normalizing input vectors and conducting correlation
analysis of features, streamlining our data pre-processing and feature selection pro-
cesses.

3.7.4 Optuna
Hyperparameters are the configuration variables that govern the behavior and com-
plexity of a learning algorithm, such as learning rates, batch sizes, number of neurons
and even neural network architectures. Hyperparameters optimization is a crucial as-
pect of machine learning and DRL, as it might significantly impact the performance
of algorithms and models. However, selecting the optimal set of hyperparameters for
a specific problem and dataset can be a challenging and time-consuming task, often
requiring extensive experimentation and domain expertise. As we aim to evaluate
and compare various offline RL techniques, it is essential to identify the optimal
hyperparameter configurations for each algorithm to ensure a fair and accurate com-
parison.

Optuna [63] is a powerful and flexible open-source software framework for auto-
mated hyperparameter optimization. Optuna provides a user-friendly and modular
framework for defining and optimizing hyperparameters in machine learning and
deep learning models. The library is designed to work seamlessly with popular deep
learning frameworks such as TensorFlow [64] and PyTorch, making it an ideal choice
for our research on offline DRL.

One of the key motivations for us to choose Optuna is its efficiency in exploring the
hyperparameter space. Optuna employs a novel approach called Tree-structured
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Parzen Estimator (TPE) for hyperparameter optimization [65], which has been
shown to outperform other methods such as grid search and random search in terms
of both speed and accuracy. This allows us to efficiently explore the hyperparame-
ter space of the RL algorithms and identify the optimal configurations more quickly,
saving computational resources and reducing searching time.

Another motivation for selecting Optuna is its ease of use and flexibility. The library
provides a simple and intuitive application programming interface for defining and
optimizing hyperparameters, allowing researchers to easily integrate it into their
existing workflows. Additionally, Optuna supports various pruning strategies, such
as early stopping and median pruning, which can further improve the efficiency of
the hyperparameter optimization process by discarding suboptimal configurations.
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4
Experiments and Discussions

This chapter presents the experiments and their corresponding results, discussing the
key findings obtained throughout our project. Our aim is to provide a comprehensive
understanding of the approach employed, the outcomes achieved, and the insights
derived from our research.

4.1 Experiment 1: Dataset Pre-processing
The first experiment focuses on applying conventional data pre-processing techniques
to the dataset, encompassing the elimination of outliers and the reduction of features.

4.1.1 Removal of Outliers
In the course of this experiment, we examined the dataset and identified unreason-
able outliers within the data logs. A notable observation was the presence of a series
of records with a constant predicted bandwidth of 20,000 bps at the beginning of
each data file. Upon further analysis, we determined that these values did not ac-
curately represent the actual networking conditions. We hypothesized that these
values were default estimates generated by the baseline estimator during the initial
phase of data logging, before it became fully operational. Consequently, we decided
to remove these records from the beginning of every data log file to maintain the
integrity and reliability of our dataset.

4.1.2 Features Reduction
Following the initial data cleaning, we proceeded to further inspect the state (obser-
vation vector) for additional insights.

The mere examination of the feature set presented in Chapter 3.1.1 already reveals
the redundancy and overlapping due to the highly correlated nature of certain fea-
tures. For example, Receiving rate and Received bytes in the state appeared to be
semantically equivalent but expressed in different units. Furthermore, delay-based
features apart from rate-based are also somewhat similar and redundant.

In order to better understand the relationships among all the features, we performed
a correlation analysis on all the features contained in the state. The resulting
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Feature name Reference code
Receiving rate f1

Number of received packets f2
Received bytes f3
Queuing delay f4

Delay f5
Minimum seen delay f6

Delay ratio f7
Delay average minimum difference f8

Packet interarrival time f9
Packet jitter f10

Packet loss ratio f11
Average number of lost packets f12

Video packets probability f13
Audio packets probability f14

Probing packets probability f15

Table 4.1: A complete list of features comprising the state, with each feature assigned
a unique code for reference purpose.

heatmap, included in figure 4.1, revealed statistical correlations among those fea-
tures.

Figure 4.1: Heatmap of correlation analysis of features

Guided by the heatmap’s indications, we identified several groups of highly corre-
lated metrics and opted to retain only one metric from each group to eliminate
redundancy.

The heatmap reveals multiple groups of features with relatively high correlations.
Notably, it validates our earlier observation about the two identical features: re-
ceiving rate and received bytes. We then applied the recursive feature elimination
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technique to identify potentially redundant features. The results suggest that De-
lay, Average packet loss, and Probing packets probability can be removed without
significantly impacting the model’s performance. Considering the reward functions’
definition and the analysis above, we decided to eliminate five features: Received
bytes, Number of received packets, Delay ratio, Video packets probability and Audio
packets probability. The features list of reduced state is shown as the table 4.2.

Feature name Reference code
Receiving rate F1
Queuing delay F4

Delay F5
Minimum seen delay F6

Delay average minimum difference F8
Packet interarrival time F9

Packet jitter F10
Packet loss ratio F11

Average number of lost packets F12
Probing packets probability F15

Table 4.2: The list of features contained in reduced state.

The feature reduction process eliminates redundant or less informative features from
the state, resulting in a more compact and efficient training dataset. This optimiza-
tion leads to a 30% reduction in the size of the training dataset and approximately
20% less training time. Moreover, the feature reduction process enhances the model’s
overall performance (table 4.3). As shown in Figure 4.2 and Figure 4.3, our experi-
ments revealed that a TD3+BC model trained using the reduced state improved its
overall performance, aligning more closely with the baseline curve. These findings
highlight the benefits of feature reduction in enhancing both model accuracy and
effectiveness.

(a) Original feature. (b) Reduced feature.

Figure 4.2: TD3+BC: original feature vs reduced feature

By streamlining the data through feature reduction, we enhance the overall accu-
racy and efficiency of our model. Consequently, we will utilize the reduced state
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(a) Original feature. (b) Reduced feature.

Figure 4.3: TD3+BC: original feature vs reduced feature. Cont.

Table 4.3: TD3+BC: Original feature vs Reduced feature

Feature MSE Prediction Error Rate Overestimation Rate
Original 1.15 0.45 0.99
Reduced 0.79 0.40 0.30

in subsequent experiments to maintain improved computational performance and
model accuracy.

4.2 Experiment 2: Reward Functions Compari-
son

As mentioned earlier, we have chosen three reward functions, RW_R3Net, RW_QoE
and RW_V A_QoE. In this experiment, we compare their performance to deter-
mine the most suitable one for subsequent experiments. For each of the reward
functions, we employ BCQ algorithms with same configuration and hyperparame-
ters to train a model, allowing us to assess the impact of reward functions on learning
performance. Some plots from validation process are included as Figure 4.4,Figure
4.5 and Figure 4.6.

Figure 4.4: BCQ using RW_V A_QoE.
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Figure 4.4 indicates that the model trained using reward function RW_V A_QoE
exhibits significantly worse performance compared to models trained with the other
two reward functions. In many cases, the output from the trained model fails to
follow the baseline and exhibits substantial drift.

Figure 4.5: BCQ using RW_R3Net.

Figure 4.6: BCQ using RW_QoE.

In contrast, the models trained with reward functions RW_R3Net and RW_QoE,
using the BCQ algorithm, demonstrate the ability to closely follow the baseline,
exhibiting better and similar performance. When comparing these two, we observe
that using RW_QoE sometimes produces smoother output (log file: 18849.json)
4.6 than using RW_R3Net, particularly when the available bandwidth is good.
This is most likely because the large coefficient for Receiving_rate of RW_R3Net
encourages more good networking condition than RW_QoE.

When the available bandwidth is low (log file: 06030.json), RW_QoE also tends
to produce smaller outliers than RW_R3Net. This could be attributed to the fact
that RW_QoE includes packet_jitter in its definition, which might play a role
when network speed is low.

Table 4.4: BCQ: RW_R3Net vs RW_QoE

Reward Function MSE Prediction Error Rate Overestimation Rate
RW_R3Net 1.97 0.64 1.85
RW_QoE 1.63 0.63 1.59
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As the evaluation results in table 4.4, using RW_QoE can archive better results in
all three evaluation metrics.

To further validate and examine the differences between RW_QoE and RW_R3Net,
we conducted the same experiments using a TD3+BC model and a DT model. As
shown in Table 4.5 and Table 4.6, the experiment with TD3+BC revealed mini-
mal differences between RW_QoE and RW_R3Net. However, the DT model with
RW_QoE demonstrated better prediction accuracy, albeit with slightly higher val-
ues for MSE and overestimation rate. Nonetheless, using RW_QoE as the reward
function consistently resulted in lower prediction errors.

Table 4.5: TD3+BC: RW_R3Net vs RW_QoE

Reward Function MSE Prediction Error Rate Overestimation Rate
RW_R3Net 0.81 0.47 0.28
RW_QoE 0.79 0.40 0.30

Table 4.6: DT: RW_R3Net vs RW_QoE

Reward Function MSE Prediction Error Rate Overestimation Rate
RW_R3Net 2.17 0.53 1.45
RW_QoE 2.41 0.47 1.67

Based on these observations and analysis, we decided to select RW_QoE as the
reward function for following experiments.

4.3 Experiment 3: Model evaluation
One of the objectives of this project is to evaluate the performance of different
offline DRL algorithms when applied to bandwidth estimation. In this experiment,
we implemented and tested BCQ, CQL, SAC, TD3+BC, and DT using the same
training dataset. We utilized the default hyperparameters provided by the d3rlpy
library, maintaining a consistent batch size across all algorithms.

Table 4.7: BCQ vs CQL vs TD3+BC vs DT vs Baseline

Algorithm MSE Prediction Error Rate Overestimation Rate
BCQ 1.63 0.63 1.59
CQL 6.93 0.85 9.65
SAC 15.20 0.72 10.84

TD3+BC 0.79 0.40 0.30
DT 2.41 0.47 1.67

Baseline 0.72 0.13 0.02

From the summary of evaluation results in the table 4.7 and the plot in the Figure
4.7, we observed that TD3+BC exhibits the best overall performance, while BCQ,
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Figure 4.7: Evaluation of all models and baseline.

CQL, and SAC struggle to learn effective models. Notably, DT shows similar metric
values to TD3+BC.

Figure 4.8: CQL vs TD3+BC

Firstly, both CQL and SAC barely replicate the behavior of the baseline estima-
tor present in the dataset (figure 4.8 and figure 4.9). The comparison among BCQ,
CQL and SAC presented by figure 4.10 and 4.11 shows that SAC records the highest
MSE and Overestimation Rate, likely due to its use of entropy regularization that
encourages exploration, which might exacerbate off-policy evaluation issues and de-
grade performance. On the other hand, CQL achieves lower values for these criteria,
possibly due to the conservative Q-function that constrains its actions.

BCQ, benefiting from a generative model, performs slightly better in learning from
the dataset but still suffers from high Prediction Error Rate, indicating the model’s
limitations in this context. Additionally, SAC’s predictions exhibit significant vari-
ations, potentially caused by its exploration-driven approach.
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Figure 4.9: SAC vs TD3+BC

Figure 4.10: SAC vs CQL vs BCQ.

Figure 4.11: SAC vs CQL vs BCQ, cont.

Our findings also indicate that both DT and TD3+BC effectively mimic the behavior
of the baseline estimator. However, TD3+BC outperforms in all evaluation metrics.
Specifically, TD3+BC closely follows both the baseline and the true capacity (Figure
4.12), attributing to the cloning term incorporated in its design. Conversely, DT ex-
cels in producing the majority of predictions with smaller variations, resulting in an
averagely smoother prediction curve. This advantage may not be fully captured by
the evaluation metrics, as the impact of oscillating values can be somewhat neutral-
ized. Nonetheless, in practice, having a series of predictions with small variations
is crucial for real world deployment. A notable drawback of DT, however, is its
tendency to overestimate bandwidth, leading to higher MSE and Overestimation
Rate.

Based on the analysis above, we have decided to select TD3+BC for the subsequent
experiments, as it is currently the best candidate. Although DT received lower
grades with satisfactory performance, we will include it in the next round of experi-
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Figure 4.12: DT vs TD3+BC.

ments due to its smoother output, which we find advantageous. Consequently, BCQ,
CQL, and SAC will be excluded from further consideration.

4.4 Experiment 4: State Reduction
Previously, when analyzing the state (observation) vector for potential redundan-
cies, we found that the initial long MI was subdivided into five shorter MIs, all
included in the state vector. These were intended to provide a more detailed view
of network dynamics. However, each short MI lasted only 60 ms, requiring at least
16 measurements of all metrics per second. Such a high-frequency measurements
are often impractical for applications operating under real-world networking condi-
tions. Although real-world training and validation were not planned for this project,
we sought to narrow the gap between our research setup and real-world deployment.
Thus, we decided to remove these five short MIs from the state as our second attempt
of state reduction. After training the DT model with the revised observation (state)
vector, we found the evaluation results in Table 4.8 to be quite promising. The
Overestimation Rate significantly decreased, and the prediction accuracy substan-
tially improved. While the MSE slightly increased, the overall model performance
notably enhanced when excluding the short MIs from the state.

This improvement was somewhat unexpected, as our initial motivation for revising
the state was to prepare for future research rather than to immediately enhance
performance. However, a closer examination of the state vector provides a plausible
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Table 4.8: Decision Transformer: both MIs vs long MIs

State MSE Prediction Error Rate Overestimation Rate
Short and long MIs 2.41 0.47 1.67

Long MIs 2.84 0.29 0.40

(a) Both short and long MIs. (b) Long MIs.

Figure 4.13: DT: short and long MIs vs long MIs

explanation. The sequence of five short MIs followed by five long MIs, each with
identical dimensions, could be misinterpreted as a sequence of ten identical MIs.
Removing either the short or long MIs would reduce this ambiguity in the state,
thereby improving model performance. This is further supported by the illustration
in Figure 4.13 and 4.14, where the model trained using the reduced state produced
considerably less overestimation, diminished outliers, and aligned more closely with
both the baseline and the true capacity.

In summary, simplifying the state not only makes our research setup more relevant
to real-world conditions but also enhances the model’s performance by reducing
ambiguity in the state representation. As a consequence, we will use only the state

(a) Both short and long MIs. (b) Long MIs.

Figure 4.14: DT: short and long MIs vs long MIs

40



4. Experiments and Discussions

of long MIs for subsequent experiments.

4.5 Experiment 5: Hyperparameters Optimization
In this experiment, we will focus on hyperparameter finetuning of the algorithms
selected from the previous experiment. We discovered that integrating Optuna
with the DT algorithms from the offline RL library d3rlpy is impractical due to
certain limitations. Therefore, we will use Optuna exclusively for finetuning the
hyperparameters of TD3+BC.

4.5.1 Finetuning of TD3+BC
The hyperparameter tuning session can be configured for two different optimization
objectives: (i) minimizing Temporal Difference error (TD tuning) and (ii) minimiz-
ing the difference between the predicted action and the action in the training data
(AD tuning). Throughout this thesis, we will refer to these as TD tuning and AD
tuning.

Since all algorithms share a common MLP as the actor network, our finetuning
session will leave it unchanged. To avoid an excessive number of parameter combi-
nations, we have selected a small set of common RL parameters for finetuning: τ ,
γ, α, actor learning rate, critic learning rate, and batch size.

Our finetuning sessions identified two sets of hyperparameters, as shown in the
following table 4.9.

Table 4.9: Hyperparameters optimization for TD3+BC

Tuning τ γ α Actor Learning Rate Critic Learning Rate Batch Size
AD Tuning 0.005 0.995 2.5 0.0041 0.0055 512
TD Tuning 0.001 0.999 2.0 0.0047 0.0088 512

We trained two TD3+BC models using those two sets of hyperparameters. The
evaluation of these models indicates that TD tuned optimization results in better
performing model (Table 4.10).

Table 4.10: AD tuning vs TD tuning for TD3+BC

Tuning objective MSE Prediction Error Rate Overestimation Rate
AD tuning 1.90 0.64 0.84
TD tuning 0.92 0.55 0.21

We observed that the model trained with AD-tuned parameters almost always gen-
erates larger outliers compared to the TD-tuned model (Figure 4.15). This is likely
because AD tuning focuses more on short-term gains, encouraging the model to
closely follow sudden changes in network conditions or baseline predictions. In con-
trast, TD tuning prioritizes long-term cumulative rewards, which discourages the
model from reacting immediately to rapid changes in network conditions.
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Figure 4.15: Comparing AD tuning vs TD tuning of TD3+BC shows that AD tuned
model produces larger outliers.

Figure 4.16: TD tuning vs No tuning.

Finally, we compared the model trained with TD-tuned parameters to the model
using default parameters. The TD-tuned model performs better in the Overestima-
tion Rate metric but worse in the other two metrics (Table 4.11). Additionally, the
TD-tuned model produces a smoother prediction curve, driven by its focus on a long-
term perspective when responding to sudden changes in network capacity (Figure
4.16). However, this advantage is not reflected in the evaluation metrics. Conversely,
the non-tuned model using default parameters predicts bandwidth more accurately,
resulting in lower Prediction Error Rates and MSE. This could be because the de-
fault parameters provided by d3rlpy are already well-validated by other research
projects and are near optimal.

Table 4.11: No tuning vs TD tuning for TD3+BC

Model MSE Prediction Error Rate Overestimation Rate
No tuning 0.79 0.40 0.30
TD tuning 0.92 0.55 0.21
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4.5.2 Finetuning of Decision Transformer
To optimize the DT, we experimented with various combinations of attention heads
and layers to assess their impact on model performance. The results are summarized
in table 4.12. Upon examining the data, we made several observations.

First, increasing the number of attention heads did not enhance prediction accuracy.
Second, the effect of adding more layers depended on the number of attention heads.
With two attention heads, adding more layers tended to decrease Overestimation
Rate. However, this trend reversed with four attention heads.

Generally, a DT with four attention heads performed better overall. Nevertheless,
the optimal configuration depended on the specific goal. If minimizing MSE and
Prediction Error Rate is the primary objective, the best configuration is two heads
and four layers. Conversely, if reducing Overestimation Rate is the priority, a net-
work of four heads and three layers is optimal.

It is important to note that the limited number of combinations tested did not
reveal clear monotonic correlations between evaluation metrics and the number of
attention heads and layers.

Table 4.12: Optimization of DT

Network configuration MSE Prediction Error Rate Overestimation Rate
2 heads, 3 layers 2.84 0.29 0.40
2 heads, 4 layers 0.75 0.19 0.27
2 heads, 5 layers 4.38 0.32 0.07
4 heads, 3 layers 1.72 0.32 0.05
4 heads, 4 layers 2.06 0.29 0.10
4 heads, 5 layers 3.97 0.33 0.21

4.6 Best Models
In summary, our experiments have identified the top-performing models in this
project: a DT with two attention heads and four layers, closely followed by a non-
tuned TD3+BC. Compared to TD3+BC, the DT demonstrated a significantly lower
Prediction Error Rate, while other metrics indicated similar performance (Table
4.13).

Table 4.13: Best models vs Baseline

Model MSE Prediction Error Rate Overestimation Rate
Non-tuned TD3BC 0.79 0.40 0.30

DT with 2 heads, 4 layers 0.75 0.19 0.27
Baseline 0.72 0.13 0.02

When compared to the baseline and as illustrated in Figure 4.17, the DT exhibited
comparable performance in terms of MSE and Prediction Error Rate. However, its
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Overestimation Rate remained relatively higher than that of the baseline. This dis-
crepancy may be attributed to the reward function’s inability to capture all environ-
mental feedback, thus failing to provide the model with an accurate representation
of network conditions.

Additionally, the baseline policy in the dataset remains a black box, potentially
consisting of multiple models such as the GCC [43] algorithm coupled with XGBoost
[66] or similar, thereby benefiting from the advantages of all components. Lastly,
it is important to note that the offline training of our models essentially aims to
imitate the baseline behavior present in the dataset. Therefore, when testing with
the offline dataset, it is expected that the model performance will be close to but
not better than the baseline.

Figure 4.17: Comparing the baseline to the best models identified in this project: a
DT with 2 attention heads and 4 layers and a non-tuned TD3+BC.
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This chapter presents the findings in relation to the established objectives, revisiting
the research questions posed at the outset of the thesis and providing comprehensive
answers based on our research. It also outlines potential future directions for further
exploration in this field. Finally, the chapter concludes with a summary of the thesis
work.

5.1 Findings
Our initial findings underscore the critical importance of data engineering as a
preparatory step for any machine learning task. By eliminating noisy outliers, we
aimed to improve model accuracy. Through correlation analysis of metrics in the
state vector, we successfully reduced the dataset size by 30%. This reduction led
to a 20% decrease in training time, significantly enhancing computational efficiency.
Moreover, the model trained using a streamlined state vector with fewer metrics
demonstrated higher prediction accuracy. Our second attempt at compacting the
state vector involved removing all shortMIs from the state vector, which resulted in
a DT model with even better performance.

The comparison of three reward definitions revealed that the choice of reward func-
tion may profoundly impact the performance of RL models. A carefully designed
reward definition, such as RW_QoE, showed superior performance in terms of
prediction accuracy and stability, particularly under varying network conditions.
RW_QoE, which utilizes the most network metrics in its definition, providing a
comprehensive understanding of network conditions. In contrast, RW_V A_QoE,
which uses only one metric, was incapable of effectively guiding model learning.
RW_R3NET , despite using fewer network metrics, performed reasonably well due
to a set of optimally validated coefficients.

The evaluation of DRL algorithms indicated that some popular offline DRL algo-
rithms, such as CQL and SAC, might not be well-suited for bandwidth estimation.
While BCQ showed some capacity to learn from the dataset, its performance re-
mained insufficient for practical use. In contrast, TD3+BC successfully captured
the behavior patterns in the dataset, resulting in superior prediction performance.
Unlike in traditional deep learning, hyperparameter tuning of RL parameters for
TD3+BC in this context did not yield significant performance improvements. How-
ever, notable differences in model behavior were observed when tuning parameters
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for different optimization objectives, emphasizing the importance of targeted param-
eter tuning.

The DT, a novel mechanism for modeling sequential decision-making problems,
demonstrated considerable promise in this project. Outperforming other algorithms
and closely following the baseline, the DT excelled in generating smoother prediction
curves with a low Prediction Error Rate, showcasing its ability to capture long-term
temporal dependencies through self-attention. We also observed that simply adding
attention heads or deepening the layers of attention does not necessarily improve
the performance of the DT. This suggests that a more sophisticated approach is
required to effectively optimize its architecture.

Although computational efficiency was not primary focus of the project, we observed
a major drawback of the DT: its extensive training and inference time. Without pre-
cise baseline setup and benchmark, our rough estimate suggests that training a DT
takes approximately 200% longer than training any of the other models. Moreover,
the time required for the DT to predict an action is roughly four to twenty times
longer than that of other models. In contrast, TD3+BC requires the least amount
of time for both training and prediction, further enhancing its position as one of the
top candidates.

5.2 Answers to Research Questions
Based on the outcomes of this project, we summarize the answers to the research
questions as follows:

1. How do the choices of state representation impact the performance of the DRL
model?
Answer : Removing highly correlated or redundant information from the state
significantly improves the computational effectiveness and model accuracy.

2. How do the choices of reward function impact the performance of the DRL
model?
Answer : Generally, a reward function incorporating more network metrics
can better guide the model’s learning process. However, with optimized coef-
ficients, a reward function with fewer metrics can also archive strong perfor-
mance.

3. How do the choices of learning algorithms impact the performance of the DRL
model?
Answer : A Decision Transformer model demonstrates best performance, while
a model trained using TD3+BC performs similarly to the Decision Trans-
former but with a higher prediction error rate.

4. How do the choices of neural network architectures impact the performance of
the DRL model?
Answer : We have evaluated two neural network architectures: MLP and self-
attention. While both architectures are capable of learning a model, the self-
attention architecture is notably better at capturing the hidden sequential
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pattern in the training dataset.

5.3 Future Directions
While our work has provided valuable insights into the application of deep reinforce-
ment learning for bandwidth estimation, several avenues for future research remain:

• Advanced Reward Functions: Our experiments demonstrated that the design
of the reward function significantly impacts model performance. Future work
could explore more sophisticated reward functions that better capture the
nuances of user experience and network conditions. For instance, incorporating
user experience-related metrics, such as video or audio quality, into the reward
function may provide more accurate assessments of model performance.

• Additional Neural Network Architectures: During the project, we implemented
an LSTM as part of a SAC model. However, the model did not learn effectively
from the dataset, possibly due to incorrect implementation or limitations of the
d3rlpy library. Given that bandwidth estimation involves making predictions
based on time series data, experimenting with RNNs like architectures [23]
could be a promising direction for improving model performance.

• Hyperparameter Finetuning of Neural Networks: In this project, we used a
common neural network architecture for the actor network across all algo-
rithms, except for the Decision Transformer. Due to limited computational
resources, our hyperparameter optimization focused only on a small set of
reinforcement learning parameters, overlooking the parameters of the actor
neural network, which may also play a crucial role in the learning process.
Fine-tuning these parameters and assessing their impact would be a valuable
direction for future research.

• Enhanced Evaluation Metrics: One of the evaluation metrics used in this
project is MSE, which measures the degree of variation in model predictionsan
essential factor for real-time communication applications. In practice, this is
often visually represented by the smoothness of the prediction curve. However,
these two indicators may sometimes contradict each other. For instance, dur-
ing the comparison of all models (Table 4.7), despite the DT having a higher
MSE value than TD3+BC, our visual inspection of figure 4.12 indicates that
DT produces a smoother prediction curve. This suggests that MSE may not
adequately capture the smoothness of the prediction curve, partially due to its
tendency of penalizing large derivations. Therefore, developing more objective
metrics that evaluate the stability and smoothness of model predictions would
be valuable for a more comprehensive assessment of model performance.

• On-Policy Evaluation: In this project, models were trained and evaluated
using an offline dataset, which may lead to a potential mismatch between
the actions taken by the agent during evaluation and the fixed actions in
the dataset. This issue, known as the "off-policy evaluation" [67] problem, can
introduce biases and degrade the performance of the trained policy. Deploying
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the model in a real-world networking environment would enable an objective
evaluation of its true performance.

• Further Investigation of Results: Due to the limited timeframe of this thesis,
the analysis of experimental results primarily focused on system-level perfor-
mance. Although many interesting insights were uncovered, not all of them
could be fully understood. For instance, CQL, despite being one of the most
promising offline DRL algorithms, exhibited the worst performance during
evaluation. A natural next step would involve diving deeper into these to
identify and understand the root causes.

These suggested future directions offer a roadmap for enhancing the current un-
derstanding on application of DRL in bandwidth estimation, potentially leading to
more robust and efficient models.

5.4 Summary of Project
Throughout this thesis, we have explored the application of DRL for bandwidth
estimation in real-time communication systems. Our work began with an extensive
review of the current state of bandwidth estimation, highlighting the challenges and
motivations behind our proposed approach. We defined the scope of our research
and formulated key research questions to guide our investigation.

We conducted a thorough study of the bandwidth estimation problem and studied
the latest literature. After evaluating relevant work, we decided to leverage DRL
with offline training to address this challenge. We provided a rigorous MDP formula-
tion of the problem and implemented three distinct reward definitions. Additionally,
we established three metrics for evaluation.

Our workflow began with data engineering, where we pre-processed and cleaned
the dataset, removing noisy and redundant information. Next, we compared the
performance of the reward definitions to determine which best suits our problems
formulation and the dataset. We evaluated a wide range of offline DRL algorithms,
including BCQ, CQL, SAC, TD3+BC, and DT. Each algorithm was assessed using
a common dataset and default configurations. During this process, we refined the
state vector by reducing short MIs, which led to notable improvements in model
performance.

Given that Decision Transformer and TD3+BC demonstrated the best performance,
we proceeded to fine-tune TD3+BC using an automated hyperparameter tuning
toolkit, investigating the impacts of different optimization schemes. We also exper-
imented with various configurations of the attention network in the DT to identify
the optimal setup for this project.

Although neither TD3+BC nor DT matched the performance of the baseline in the
dataset, our work has provided valuable insights and identified key opportunities
for future enhancement. These findings suggest areas where further refinement and
innovation could potentially improve model accuracy and robustness, making them
more effective for real-time communication systems.
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In conclusion, this thesis has yielded significant insights into the domain of band-
width estimation through the application of offline DRL. The findings presented and
the proposed future directions together lay a solid foundation for continued research
and development in this burgeoning area.
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Appendix A

A.1 Reward Functions
This section summarizes the reward functions’ definitions used in our project.

A.1.1 RW_R3Net
RW_R3Net is defined as A.1

reward = 0.6 × ln(4R + 1) − D − 10L (A.1)

where R is the receive rate in bps, D is the average RTT in seconds, and L is the
packet loss rate, at a given time step. The reward formula penalize the packet loss
and delay while award more packets at receiver side. Its value falls in the range of
[0, 5].

A.1.2 RW_QoE
RW_QoE is defined as a weighted sum of four measurements, namely qoerate,
qoedelays, qoeloss, qoejitters, as in the equation A.2. This reward also falls in the
range [0, 5].

reward = w1 ∗ qoerate + w2 ∗ qoedelays + w3 ∗ qoeloss + w4 ∗ qoejitters (A.2)

where ∑
1≤i≤4 wi = 1

The definitions of the measurements above are as following

qoerate = ln((e − 1) × ( r

rmax

+ 1)) (A.3)

where r and rmax are the receiving rate and maximum receiving rate (bps) respec-
tively.

qoedelays = dmax − d

dmax − dmin

(A.4)
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where d is the packet delay and dmax and dmin are maximum and minimum delay
(ms) respectively.

qoeloss = 1 − l (A.5)

where l is the packet loss ratio.

qoejitters = 1 − 0.04 ∗
√

min(j, 625) (A.6)

where j is the packet jitter (ms).

A.1.3 RW_VA_QoE
RW_VA_QoE is introduced by us in this project. As shown in A.7, this reward
function uses solely the metric objective video quality in the dataset. This metric is
represented as a real value between [0, 5], with a score of 5 being the best quality.

reward = objective_video_quality (A.7)
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Some figures in the previous chapter contain multiple images, making them difficult
to read. This section provides high-definition versions of those images for better
clarity.

B.1 Images of Figure 4.4

Figure B.1: BCQ using RW_V A_QoE and log file: 18849.json
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Figure B.2: BCQ using RW_V A_QoE and log file: 17000.json

Figure B.3: BCQ using RW_V A_QoE and log file: 06030.json
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B.2 Images of Figure 4.5

Figure B.4: BCQ using RW_R3Net and log file: 18849.json

Figure B.5: BCQ using RW_R3Net and log file: 17000.json
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Figure B.6: BCQ using RW_R3Net and log file: 06030.json

B.3 Images of Figure 4.6

Figure B.7: BCQ using RW_QoE and log file: 18849.json
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Figure B.8: BCQ using RW_QoE and log file: 17000.json

Figure B.9: BCQ using RW_QoE and log file: 06030.json
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B.3.1 Images of Figure 4.10

Figure B.10: SAC using RW_QoE and log file: 01001.json

Figure B.11: CQL using RW_QoE and log file: 01001.json
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Figure B.12: BCQ using RW_QoE and log file: 01001.json

B.4 Images for Figure 4.11

Figure B.13: SAC using RW_QoE and log file: 01003.json
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Figure B.14: CQL using RW_QoE and log file: 01003.json

Figure B.15: BCQ using RW_QoE and log file: 01003.json
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