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Abstract—Optimizing the use of satellite bandwidth to achieve
maximum return in a system where user demands are constantly
changing, and application-specific Quality-of-Experience (QoE)
requirements need to be met, presents a complex challenge for
both satellite operators and service providers (SPs). The paper
investigates the application of reinforcement learning (RL) algo-
rithms for QoE-aware flexible bandwidth allocation, which enables
satellite service providers to minimize the allocated bandwidth
while meeting the QoE requirements of their customers. By em-
ploying a time-varying queuing model, we formulated a stochastic
optimization problem and applied Q-learning and state-action-
reward-state-action (SARSA) reinforcement learning algorithms
to determine the optimal bandwidth allocation. The findings
indicate that while the algorithms exhibit similar convergence
speeds, Q-learning slightly outperforms SARSA due to its more
efficient bandwidth selection to meet the requirements. This
demonstrates the potential of reinforcement learning as a valuable
tool for optimal bandwidth allocation in satellite communications,
thereby contributing to the ongoing improvement of service quality
in this domain.

Index Terms—Time-varying queuing, Flexible bandwidth allo-
cation, Reinforcement learning

I. INTRODUCTION

Next-generation satellite communication (SATCOM) net-
works are expected to meet high capacity, low latency, and
seamless connectivity requirements for a diverse range of
applications and services in remote and rural areas, as well as
dense urban environments [1]. Given the increasing diversity of
services and applications from IoT/cellular devices connecting
to 5G/B5G satellite networks in very-near future, there is
a critical need for flexible bandwidth allocation mechanism
which can be capable of acknowledging application-specific
QoE requirements to satisfy end-users’ demands [2]. Such a
QoE-aware mechanism can enhance network efficiency and uti-
lization. This can be obtained by customizing network resources
to specific services/applications, allowing SPs to adapt the
assigned bandwidth to respond to time-varying user demands.

For satellite SPs aiming to reduce their costs and boost
their revenue, it is essential to meet the QoE requirements
of their users while minimizing bandwidth usage. To do so,
satellite SPs must navigate several challenges encompassing
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bandwidth planning, and allocation optimization tasks, which
are made complex by the irregular and unpredictable nature of
time-varying data traffic generated by a variety of applications
and services. Inspired by these complex challenges, this paper
delves into the use of reinforcement learning by satellite service
providers to effectively achieve QoE-aware flexible bandwidth
allocation.

A few research studies in the literature are conducted on
bandwidth minimization to meet specified Quality-of-Service
(QoS) and QoE demands. Particularly, authors in [3] have
delved into QoS demand-aware bandwidth minimization. How-
ever, their work does not take into account the time-varying
demand and QoE requirements. Our recent works in [4],
[5] have applied optimization techniques for QoE-aware cost-
minimizing dynamic bandwidth allocation. Nevertheless, tra-
ditional optimization methods often fall short when it comes
to leveraging past experiences, making accurate predictions,
and handling extensive data for more adaptive and flexible
network management [6], [7]. In another work, the authors in
[6] applied multi-agent reinforcement learning for optimal use
of bandwidth, power, and beam width in SATCOM systems.
Similarly, the authors in [7] applied multi-agent reinforcement
learning for dynamic bandwidth allocation for beam-hopping-
enabled SATCOM systems. Yet, these studies do not account
for QoE requirements, and they assumed average traffic de-
mand, overlooking the fact that real traffic demands are time-
varying.

To the best of our knowledge, a reinforcement learning-
based framework for flexible bandwidth allocation that effi-
ciently reduces the allocated bandwidth while satisfying the
QoE requirements has not been investigated yet. This paper
addresses these challenges and fills this gap in the literature. In
particular, our work endeavors to apply Q-learning and SARSA
reinforcement learning algorithms to tackle the difficult prob-
lem of QoE-aware flexible bandwidth allocation. By modeling
the time-varying traffic arrivals and allocated bandwidth as
a queueing model, we recast these design challenges into a
stochastic optimization problem. The solution is subsequently
provided using reinforcement learning, with careful deliberation



of the learning parameters, state space, action space, and reward
functions. Lastly, we conduct numerical studies to validate the
reinforcement learning model and illustrate the efficiency of
our proposed frameworks.

The rest of the paper is organized as follows. In Section II,
the system model and problem formulation are described. The
flexible bandwidth allocation frameworks using reinforcement
learning are proposed in Section III. In Section IV, the nu-
merical results are discussed. Finally, Section V concludes the

paper.
II. SYSTEM MODEL AND PROBLEM FORMULATION

Let us consider a scenario where a satellite operator! intends
to lease a flexible bandwidth with a maximum capacity of
W™Max(pps) to an SP. This SP aims to offer a specific service to
its users within the satellite beam’s coverage area. We consol-
idate the demand from all application users seeking access to
the satellite system into a flow of packets. The network operates
in a time-slotted manner, with each time slot having a length
of T}, (s) across an observation period of T. Constrained by
processing capabilities, the satellite operator seeks to maintain a
constant value of W(t) for each cycle, which lasts M time slots.
Consequently, we can establish K = T'/(M * T,) bandwidth-
unchanged cycles. Therefore, we can refer to W(z) as Wk.
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Fig. 1: Bandwidth allocation for a queued flow of packets.

A. Traffic and Queue Model

In our model, we consider the traffic demand from all service
users within the coverage cell of a satellite as a stream of
packets queuing to gain access to a SATCOM system, as
illustrated in Fig. 1. We further assume this flow to have a
time-varying arrival rate denoted as A(¢), i.e., A(¢) is the number
of packets of length L bits and A(f) changes over time. The
data that arrives will be temporarily stored in the system buffer
before being dispatched to the users via the SATCOM system’s
air interface. Given that the queue model is expressed in terms
of the arrival rate and the stored data is transmitted to users
in each time slot as packets of length L bits, we can define
a relationship between the satellite bandwidth and the service
rate as follows:

p(t) = WiTp /L. (1)

Hereafter, we refer to the temporary number of packets present
in the system buffer at time ¢ as the queue length, Q(z). With
the assumption that the system buffer is devoid of packets at
t = 0, and acknowledging that Q(¢) cannot drop below zero,

It is important to note that the results can be applied to other wireless
communication systems as well.

we recognize that the dynamics of packet arrival in the flow
exhibit variability [8],

O(r+1) = min(max[Q(1) + A(t) — u(1),0], Omax + 1), (2)

where Q,qx is the maximum queue length. We define the
queue length for packets arriving after the buffer system is fully
occupied as Qax + 1.

B. QoFE Requirement

In IoT-era wireless communication networks, where the
majority of traffic flows come from services/devices requiring
low latency, timely and emotionally relevant QoE reporting is
challenging. Consequently, the traditional Mean Opinion Score
(MOS)-based QoE reporting is no longer applicable as the end
users are not humans. Instead, service providers measure QoE
as the probability to which a device’s target operating value
range is fulfilled [9]. In this context, it can be assumed that
all devices seeking to access the satellite require to tolerate a
queue length of Q or less. Further, it is assumed that users
(devices) require queuing delay requirements be violated with
a probability less than p. These requirements can be translated
into the following conditions:

p(Q(t) = Q) < p. 3)

where p is the probability of QoE requirement violation. In
addition to considering the required threshold Q for maintaining
good QoE, we should take into account the maximum buffer
size, also known as Q.. If the queue length exceeds this
value, the system cannot function adequately, leading to the
blocking and subsequent dropping of all newly arriving packets.
In order to maintain the SATCOM’s proper functioning, the
probability of blocking a packet, also known as packet dropping
probability, should not surpass p,4. The dropping probability
requirement due to an intolerable queue length can be defined
as

p(Q(t) 2 Qmax) < Pa- (4)

where p, is the target dropping probability. Regarding both
QoE and system performance requirements, the design problem
can be formulated as,

min Wi (5a)

Wy ; )

st. p(Q(t) 20) < p,Vk (5b)
p(Q(t) 2 Qmax) < pd’ Vk. (SC)

The formulated stochastic optimization problem poses chal-
lenges in terms of directly characterizing its convexity and
finding a solution. As a result, it becomes necessary to simplify
the constraints by expressing them in a more manageable form.
Given that the queue length for the flow can be evaluated
at every time slot, (3) can be interpreted as a probability of
occurrence, given as follows:

QW z0) ©



where n(.) indicates the number of occurrences in which the
expression within the brackets is true. Similarly, the expression
in (4) can be transferred into:
nQW) 2 Onar) _ -
M
III. PROPOSED REINFORCEMENT LEARNING-BASED
FLEXIBLE BANDWIDTH ALLOCATION FRAMEWORKS

In this section, we elucidate the RL techniques, with an
emphasis on their potential for effective use in the realm of
flexible bandwidth allocation. This includes a detailed descrip-
tion of how they can help in satisfying QoE requirements while
ensuring efficient use of bandwidth resources.

A. Q-learning Algorithm

Q-learning is one of the most important RL algorithms for
tackling sequential decision-making problems. It is an off-
policy and value-based algorithm that learns to make optimal
decisions by interacting with the environment to estimate the
values of different actions under different states [10]. In Q-
learning, a learning agent interacts with an environment over
a sequence of time steps. At each time step 7, the agent
observes the current environment state S(¢) to select an action
a(t). It then receives a respective reward of r(t) from the
environment after taking the action a(z) and moves to a new
state S(t + 1). The objective of the agent is to maximize the
long-term cumulative reward it receives over time. To apply Q-
learning to our considered system, we define its key elements
as follows.

1) Agent: The agent is the decision-making component.
In our context, it is responsible for selecting the appropriate
bandwidth level to fulfill the given requirements.

2) State space: The state space S represents the set of
all possible states the agent may encounter. In our sce-
nario, the queue length of the flow can assume values g €
0,1,2, ..., Omax, thus yielding an average per cycle queue length
of Qmean- Given that our bandwidth allocation strategy operates
on a per-cycle basis, it would not be logical to define the state
space in terms of the queue length per time slot. Instead, we aim
to represent the state space based on the value of Q,eq, and
two required thresholds 0, Omax- In particular, by observing
the average queue length values, we can construct a state space
comprising 3 different states, as illustrated in Table I.

TABLE I: Q-learning state space description

State-space description

1 Omean < Q

2 Q < Qmean S Qmax
3 Qmean Z Qmax

3) Action space: The action space refers to all actions
that the agent can take. The action of the agent is defined
as the bandwidth selection for the communication process.
Let A denote the action space which can be defined as
A = {0,W;,W,, ..., Wn}, where N is the number of available
bandwidth levels. At each cycle k, the agent selects one of the
bandwidth levels in A for transmission. To do this, it can use
the e-greedy strategy. In particular, considering a small number

0 < € < 1, the agent explores (selects a random bandwidth from
the action space) for a probability of €, and it exploits (selects
the bandwidth with the highest Q-value) for a probability of
1—-e.

random action

arg max{Q (S, ar)},
acA

for probability e,

a= (8)

for probability 1 — €,

where Q(Sg,ay) is the Q-value of state-action pair (Sg,ax)
at cycle k. This probability decreases with the increase in the
learning time at each episode by a factor of the epsilon decay
(o).

4) Reward: The rewards an agent receives indicate which
bandwidth values are more valuable, and which bandwidth
should be selected when the same state is visited in the future
[10]. The allocated bandwidth by the agent changes its value
at every cycle and the agent receives a corresponding reward
for every selected bandwidth. Accordingly, the reward given to
the RL agent for selecting a bandwidth of Wy per cycle can be
given as:

Omean + 1/ Wi, if n(Q(}tl)ZQ') <P, n(Q(t);IQmax) < pa
. 0, if n(Q([C[)zQ_) <P, n(Q(t);lQmax) > pa
0, if n(Q(}tl)ZQ) > 5, n(Q(t);IQmax) < pa
-1, otherwise.
9)

The fact that Q.eqn depends on the arrival rate and the
allocated bandwidth, and our objective is to minimize the
allocated bandwidth, we design our target reward function as
the sum of Q,,,.qn and the inverse of allocated bandwidth when
the requirements are satisfied. We provide a value of zero if
either QoE or packet drop probability requirements are violated.
The agent is not expected to take an action that violates the QoE
and packet drop probability requirements. For that reason, a
small reward of —1 is given to the agent as compared to the
case where one or both requirements are satisfied.

5) Q-table: The algorithm contains a Q-table as the main
component to store the value of each state-action pair. The
Q-table is first initialized to 0. As the same action taken at
different cycles may result in different rewards, we need K
Q-tables of size S X N. In a certain state, every time the
agent selects bandwidth (current action) is called an episode.
After an episode, the agent compares the reward it got in this
episode with that of the previous episode. Thus, it learns which
bandwidth (target action) it must allocate in order to get the
maximum reward. Accordingly, the Q-table of each cycle is
updated as:

O(sk,ax) = (1 —a)Q(sk, ax) + a[Ri + ymax(Q(s'k, ax))],

(10)
where « is the learning rate, y is the discount factor, Ry is
the reward for the current action, Q(Sg,ay) is the estimated
Q-value of the current state-action, and max(Q(S'x,ax)) is the
best estimated Q-value of the next state-action. The estimated
Q-values of the current and next state-action pairs update
formula are estimates which are not very accurate at first.
However, the reward received is concrete data that allows



Algorithm 1 Q-LEARNING ALGORITHM

1: Initial values:

o Set the values of Q, Omax> P> Pd-
» Define the state space and action space.
« Initialize a Q-table Q(Sk,ay) for all cycles.
« Initialize a learning rate («), discount factor (y) and a
small number (€)
2: for each episode do
3:  Set the initial state.
4:  for each cycle do
5: Choose an action from the action space using the
epsilon greedy method.
ay «— argmax(Q(S’k,ax)) for a probability of € and
a random action for a probability of 1 — €.
Get the reward (Ry) and next state (S'y).

7: Update the queue table as, Q(Sg,ax)
= (1 - a)Q(sk.axk) + @(Rg +ymax(Q(s'k, ak)))-
8: Sk «— S'¢.
9: end for
10: end for

11: Return Updated Q-table.

TABLE II: Considered parameter values.

Parameters values
Learning rate 0.1 [11]
Discount factor 0.5 [11]
epsilon (€) 1

epsilon decay (o) 0.99
Number of episodes 1000
Number of cycles (K) 24

Target QoE violation probability (p) 0.1

Target queue length (Q) 40 packets
Maximum queue length (Qax) 60 packets
packet length (L) 300 bits [12]
Target packet drop probability (p4) 0.01 [13]
Maximum available bandwidth (W"4X) 500 Mbps
Number of bandwidth levels 25

Cycle duration (M) 1 Hour
Total observation time 1 day
Time slot duration (7},) 1 Second

the agent to learn and improve its estimates based on actual
experience with the environment. If we have an optimal Q-
function, we get an optimal policy that shows the best action
to take for each state in each flow.

B. State Action Reward State Action (SARSA) Algorithm

For comparison we consider the SARSA RL algorithm.
SARSA is a value-based RL algorithm that uses a Q-table to
store values for each state-action pair. With the stored values it
helps us to train an agent indirectly by teaching it to identify
which state-action pairs are more valuable [10]. Unlike Q-
learning, which uses different policy for acting and updating the
Q-table, SARSA uses the same policies for acting and updating
the value function (updating policy) [10]. Accordingly, using
SARSA the Q-table is updated as:

O(sk,ar) = (1 —a)Q(sk,ax) + a[Rr +y(Q(s'k,ax))]. (11)
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Fig. 2: Time-varying arrival rate per cycle and arrivals per time slot.

IV. SIMULATION PARAMETERS AND NUMERICAL RESULTS

This section provides the simulation and numerical results to
analyze the performance of the considered RL techniques.

A. Simulation Setup and Parameters

In this section, we focus on the assembly of the necessary
datasets for training the RL agent, as well as a discussion
on the chosen parameter values. We collected traffic demand
data featuring a time-varying mean, as demonstrated in Figure
2. This dataset aligns with the average per-hour traffic trend
that was considered for various applications by the authors in
[14]. From there, we generated a time-varying dataset, which
includes a random arrival of packet flows, also featuring a
time-varying mean. This dataset consists of 86,400 traffic
observations, covering a full 24-hour period and divided into
one-hour cycles.

Inspired by [15], [16], we generated M random samples
around the mean arrival rate for each cycle according to the
Poisson process, as described in [8]. The inter-arrival time (IAT)
of the considered Poison distribution is given by,

IAT = —log(1 = R)/A(k), (12)

where R is a vector of random numbers between 0 and 1 in
a cycle k and A(k) is the mean arrival rate at cycle k. The
remaining considered parameter values are given in Table II.

B. Numerical Results and Discussion

In this subsection, we undertake an in-depth analysis to deter-
mine if the QoE and packet-dropping probability requirements
are met within each cycle. This is conducted by implementing
Algorithm 1 to obtain optimal bandwidth values and then
calculating queue length values at every time ¢ according to (2).
Through this process, we aim to demonstrate the effectiveness
and efficiency of our proposed reinforcement learning model,
which has been designed and implemented specifically for the
task of QoE-aware flexible bandwidth allocation in satellite
SPs. Ultimately, this examination of real-time performance
metrics will provide insight into the practical applicability of
our approach and help guide further improvements.
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Fig. 4: Allocated bandwidth versus the number of episodes.

First, Fig. 3 illustrates the convergence plot as well as the to-
tal reward gained across all cycles (v rx) over 1000 episodes.
This is observed while utilizing both Q-learning and SARSA
algorithms. The results obtained reveal that both algorithms
converge effectively. Based on the results Q-learning algorithm
slightly outperforms SARSA as it yields more reward. In a
similar vein, Fig. 4 demonstrates the convergence plot of both
algorithms in terms of the total bandwidth allocated across
all cycles (3yix Wi) over the same 1000 episodes. From the
plot, it can be discerned that the Q-learning algorithm slightly
outperforms SARSA. This is because it manages to satisfy the
stipulated requirements while utilizing less bandwidth.

Next, Fig. 5 displays the optimal bandwidth allocated using
the Q-learning algorithm juxtaposed with the time-varying ar-
rival rate. Upon analyzing the results, we find that the allocated
bandwidth adjusts with each cycle in response to changes in
traffic arrival rate, or demand. The difference between the mean
arrival rate per cycle and the allocated bandwidth represents the
amount of bandwidth required to meet the QoE and dropping
probability requirements.

In addition, Fig. 6 illustrates the instantaneous and per-cycle
queue length observed with the optimally allocated bandwidth
obtained using Q-learning. The plot shows that the observed
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Fig. 5: Time-varying allocated capacity for time-varying demand using Q-
learning.
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Fig. 7: Packet dropping probability and QoE requirements violation.

queue length, given the allocated bandwidth, successfully meets
the Q and Q,,4x requirements. Similarly, Fig. 7 demonstrates
the packet dropping and QoE requirement violation probability
per cycle using both the Q-learning and SARSA algorithms.
The results show that both algorithms meet the target p <= 0.1
and pg <= 0.01 requirements, thereby proving their effi-



ciency. The subtle differences in performance between the two
algorithms do not significantly impact the outcomes, further
reinforcing the comparable efficiency of both approaches in
this context.

Taken together, the close alignment between the observed
queue lengths, QoE requirement violation probability, and
packet-dropping probability requirements solidify the conclu-
sion that both the Q-learning and SARSA algorithms are
efficient and successful in meeting the QoE and dropping
probability requirements.

V. CONCLUSION AND FUTURE WORK

This paper presents a novel RL-based approach for flexible
bandwidth allocation in satellite service providers, aiming to
minimize allocated bandwidth while addressing time-varying
traffic flow with the critical packet dropping and QoE require-
ments. The QoE and packet dropping requirements, represented
as a target queue length and maximum tolerable queue length
that users are willing to wait for the service, are effectively
managed using the proposed Q-learning RL algorithm. The
obtained results demonstrate the superior performance of our
Q-learning algorithm compared to the benchmark SARSA RL
algorithm, as it satisfies the requirement with lower bandwidth
consumption. The RL training process, implemented as offline
learning with known arrival rates, considers all available data at
once. Future work will extend the research to include multiple
flows in multiple beams, enabling online learning scenarios.
This advancement will contribute to further optimizing band-
width allocation and meeting QoE requirements in satellite
communication systems.
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