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Abstract—This paper proposes an optimization strategy for
multi-beam formation and time allocation control to meet the
growing demand for low-Earth orbit (LEO) satellite communi-
cations and reduce communication latency. Conventional multi-
beam forming, which sacrifices transmission power, has limita-
tions in terms of further expansion. Therefore, we focused on
frequency prism-based multi-beam formation with an antenna
configuration that introduces a delay-adjustable intelligent re-
flecting surface (DA-IRS) with delay elements to address this
limitation. These controls require time allocation control, which
considers both current and future communication demands.
Therefore, we propose a Q-learning-based control optimization
method. The effectiveness of the proposed control optimization
method is evaluated using simulations. Reducing the latency
in LEO satellite communications will contribute to meeting
expanding future demand.

Index Terms—Q-learning, delay elements, frequency prisms,
and intelligent reflecting surfaces

I. INTRODUCTION

For sixth generation (6G), non-terrestrial network (NTN)
systems are expected to ensure multimedia communications
availability and scalability, providing wide-area coverage [1].
To achieve this, communication using low-Earth orbit (LEO)
satellites, which have wide-area coverage, high speed, and low
latency, has been considered [2]. LEO satellite communication
requires antennas with high directional gain due to the high
path loss. Traditionally, phased-array antennas have been em-
ployed [3], [4]. However, 6G networks are projected to employ
higher frequency bands than those currently used by satellites.
Achieving high transmission power at these frequencies with
phased-array antennas results in significant antenna losses.
Reflect arrays are used to address the limitations of antenna
loss [5]. Antenna systems that reflect radio waves from a
transmitter using a reflector array achieve high gain with low
antenna loss. However, the phase shift of the reflect array is
fixed, so the beam direction cannot be changed arbitrarily, and
it cannot flexibly respond to dynamically changing channel
conditions and communication requirements.

To address these limitations, we consider a LEO satellite
equipped with an antenna in which an intelligent reflecting
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Fig. 1: Beamforming with frequency prism in LEO satellite
communication system.

surface (IRS) reflects radio waves emitted from multiple
transmitters [6]. An IRS controls the reflection characteristics
of electromagnetic waves by using multiple metamaterial
elements [7]. Each element adjusts the phase of the incoming
waves, enabling beamforming in any direction and achieving
high gain. The IRS passively reflects waves with low antenna
loss, even at high frequencies, and can adapt to LEO satellite
movement.

Additionally, LEO satellites must cover a wide area with
low latency using beams with a limited spot range. If the
satellite has a limited number of beams, covering a wide
area through time division increases latency. Therefore, for
low-latency multimedia communications, multi-beam forming
has been considered to simultaneously cover a wide area [8],
[9]. One method to form multiple beams with an IRS is to
increase the number of transmitters that direct radio waves to
the IRS. However, the challenge in increasing the number of
transmitters is the corresponding increase in the transmission
power. To address this issue, a multi-beam forming technology
called a frequency prism has been considered [10], [11].
This technology introduces a delay-adjustable IRS (DA-IRS)
equipped with delay elements [12] that can control the time
until the radio waves incident on each element of the IRS
are reflected. This disperses the beam direction of the multi-
ple subcarriers multiplexed by orthogonal frequency-division
multiplexing (OFDM), as shown in Fig. 1. This approach
allows the formation of multiple beams without increasing the
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Fig. 2: Relationship between long-term communication latency and control.

transmission power. In [11], the control of the beam direction,
the dispersion degree of the beam direction of the subcarriers,
and the allocation of each subcarrier to different regions were
managed for each control interval. However, as shown in
Fig. 2 (a), controlling to maximize the communication volume
at each time slot may increase the communication latency.

Therefore, in this paper, we propose a multi-beam control
and resource allocation optimization method based on Q-
learning in a frequency prism with a DA-IRS with the aim
of reducing communication latency. The Q-learning-based
method can make control decisions that reduce the long-term
communication latency by learning the relationship between
the distribution of communication demands, satellite control,
and long-term communication latency, as shown in Fig. 2 (b).
The effectiveness of this approach was evaluated for several
communication-demand distributions.

The remainder of this paper is organized as follows. Sec-
tion II describes the system model and provides an overview
of the frequency prism, mechanisms by which the IRS re-
alizes the frequency prism, and control methods employed.
Section III presents an overview of Q-learning, the reasons for
applying it, and the design methodology for its application.
Section IV evaluates the performance of the Q-learning-based
control decision-making method using simulations. Finally,
Section V concludes the study and discusses future research.

II. SYSTEM MODEL

In this section, we first explain the assumed system for LEO
satellite communication. Next, we provide an overview of the
principles behind the frequency prisms.

A. LEO Satellite Communication System

LEO satellite communication involves multiple satellites or-
biting the Earth to meet communication demands. Each LEO
satellite communicates with ground users within its coverage
area. Each coverage area is divided into Ngrid equally spaced
grids, and there are communication demands treq

xi of users in
the i-th grid xi. LEO satellites switch beam patterns every
∆T to satisfy communication demands across the entire grid.
If all communication demands are completed by switching the
beam control nswitch times in a certain communication-demand
distribution, the latency time Tlatency is defined as follows:

Tlatency = nswitch ∆T. (1)

Each LEO satellite is equipped with one DA-IRS, which
forms multiple beams using Nantenna antennas. Each beam
is multiplexed with Nsubcarrier subcarriers using OFDM. The
frequency prism disperses the beam directions of the Nsubcarrier
subcarriers based on the beam direction of the center fre-
quency, which is the middle frequency among all subcarriers,
for each of the Nantenna beams, forming Nsubcarrier × Nantenna
multi-beam. In orthogonal frequency-division multiple access
(OFDMA) communications using a frequency prism, different
subcarriers are assigned to various grids and communicate
simultaneously by loading arbitrary information on each sub-
carrier. The frequency prism controls the beam reflection
direction of each subcarrier by controlling the delay of the
NDA-IRS elements in the DA-IRS.

B. Frequency Prism by Satellite Mounted DA-IRS

A frequency prism is realized by sequentially reflecting
radio waves incident on the DA-IRS from the elements at
the end of the DA-IRS at different times. For simplicity,
we assume that waves consisting of Nsubcarrier multiplexed
subcarriers arrive at the DA-IRS from a single transmitter and
consider a one-dimensional beam dispersion in the elevation
direction θ. To disperse the beam for each subcarrier in the
elevation direction using the DA-IRS frequency prism, the
delay before the incident wave is reflected is configured for
each row of elements. Here, the delay time τn of the n-th
element row is set as follows:

τn = (n− 1)MTc. (2)

Tc is the period of the center frequency and M is the delay
amount, which can be any positive integer. From (2), the
phase-shift difference ∆ψτ (fk) between the elements for each
frequency fk is calculated as follows:

∆ψτ (fk) = 2πM
(fk − fc)

fc
, (3)

where fc denotes the center frequency. As indicated in (3), the
delay time causes no phase difference between the elements
at the center frequency. However, phase differences appear
between the elements at frequencies other than the center
frequency. This results in the beam direction varying for each
subcarrier around the center frequency.

Additionally, the delay elements of the DA-IRS not only
control the delay time but also set a phase shift ψn(θc) for

2025 International Conference on Computing, Networking and Communications (ICNC): Multimedia Computing and 
Communications

363



the n-th element row across all frequencies, ensuring that the
center frequency is reflected in the desired direction θc. This
can be expressed as follows:

ψn(θc) =
2πfc

c
d(n− 1)(sin θc − sin θin), (4)

where c is the speed of light, d is the spacing between
elements of the DA-IRS, and θin is the angle of incidence
of the DA-IRS. From (3) and (4), the phase shift of the n-th
element row of the DA-IRS can be expressed as follows:

ψDA-IRS
n = ψn(θc) + (n− 1)∆ψτ (fk). (5)

Next, we model the beam pattern that spreads out in
response to each subcarrier of the incident wave. The beam
pattern of the frequency prism results from the superposition
of signals reflected by all the DA-IRS elements and can be
represented as an array factor (AF):

gAF(fk, θ) = ei
σ
2 (NDA-IRS−1) sin

σ
2NDA-IRS

sin σ
2

, (6)

where σ = − 2πM
fc

(fk−fc)− 2πfcd
c (sin θc−sin θin)+

2πfkd sin θ
c .

The variable gAF(fk, θ) represents the amplitude in the direc-
tion of the reflection θ when a radio wave with frequency
fk and an amplitude of 1 enters the DA-IRS and is reflected
under the condition that the phase shift amount of the DA-
IRS satisfies (5). For simplicity, the reflection coefficient of the
DA-IRS is assumed to be 1 in this study. The beam direction
θ̂(fk) of frequency fk is θ such that σ = 0, as shown below:

θ̂(fk) = sin−1

{
Mc(fk − fc)

fkfcd
+
fc

fk
(sin θc − sin θin)

}
. (7)

The direction of the beam varies for each subcarrier, enabling
frequency-based multi-beam forming. Furthermore, the degree
of dispersion of each subcarrier based on the center frequency
can be controlled by adjusting the delay amount M .

III. Q-LEARNING-BASED BEAMFORMING AND RESOURCE
ALLOCATION

In this paper, we propose a Q-learning-based optimization
method for reducing long-term communication latency in
multi-beam forming and resource allocation in the frequency
prism using DA-IRS. In this section, we provide an overview
of the proposed method and the reasons for applying Q-
learning. Next, we describe the Q-learning design and the
method used to make control decisions.

A. Overview of Proposed Method

Q-learning is a method that empirically learns the optimal
actions by considering future changes in a situation and
constructing a Q-table [13]. In this study, we propose a
control method that can reduce long-term communication
latency using a Q-table pre-learned from the distribution of
ground communication demands at a given time t. To reduce
communication latency, it is necessary to increase the amount
of communication that can be completed in each control.
However, if control is performed to complete most of the

Learn the relationship between distribution, control, and latency by Q -learning
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communication in each time slot, the distribution of demands
in the next time slot may become sparse, which may reduce
the amount of communication that can be completed in the
subsequent control. This is because, as shown in Fig. 3, a
sparse distribution of communication demands reduces the
number of available subcarriers when simultaneously covering
multiple distant demands since the frequency prism cannot
generate branching beams. In this study, we apply Q-learning
to learn the relationship between the density of the distribution
of communication demands, the amount of communication
that can be completed with one control, and long-term com-
munication latency. This makes it possible to determine a
control that reduces long-term communication latency for each
time slot.

B. Q-Learning Scheme

First, we explain the application of Q-learning. An overview
of Q-learning is presented in Fig. 4. In Q-learning, an agent
and an environment are set up to solve a problem through
action. In LEO satellite communication, multiple LEO satel-
lites orbit Earth. However, as all LEO satellites perform Q-
learning and make control decisions in the same manner, an
agent is defined as a single LEO satellite. Each LEO satellite
obtains ground communication-demand distribution at time t,
which is defined as the Q-learning environment. The agent
discretizes the communication demands in the environment,
which are continuous values, and defines them as states.
Each LEO satellite then determines three controls as the Q-
learning actions in the control cycle: the beam direction of
the center frequency, the DA-IRS element delay, and the
allocation of each subcarrier to each communication demand.
In the learning phase, when an action is selected from a certain
state, a reward is provided according to the effect of that
action on the communication latency time, and the Q-table is
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updated. This Q-table contains Q-values, which are the values
of each action in each state. In the execution phase, the agent
already has the Q-table updated in the learning phase to reduce
the long-term communication latency and does not update it.
Communication latency is minimized by selecting an action
that maximizes the Q-value for each control interval until all
communication demands are fulfilled.

Next, we formulate the state and actions in Q-learning and
explain the transition to the next state when a certain action is
performed in a certain state. The Q-learning environment is a
communication-demand distribution with the communication
demand treq

xi in each communication-demand grid xi. State s
at time t is as follows:

s = [sx0
, ..., sxi

, ..., sxN grid ], (8)

where sxi is the state of the communication demand in each
area, defined as follows:

sxi
=


0, if treq

xi (t) = 0,

smax, if smax − 0.5 ≤ treq
xi (t),

max
(
1, round(treq

xi (t))
)
, else,

(9)
where smax denotes the maximum state value in each grid.
Thus, the size |S| of the state space is expressed as follows:

|S| = smax
Ngrid . (10)

The action at time t is a combination of three controls:
the beam direction θc of the center frequency, DA-IRS el-
ement delay M , and allocation H of each subcarrier to each
communication-demand grid, as follows:

a = [θc(t),M(t), H(t)]. (11)

The range that each control element can assume is preset to
a finite number, and the set of these combinations is defined
as an action pattern A, which is a ∈ A. The size |A| of this
action pattern A is the size of the action space for Q-learning,
and is expressed as follows:

|A| = Nθc ×NM ×NH , (12)

where Nθc , NM , and NH are the number of patterns in the
center frequency beam direction, the DA-IRS element delay,
and the allocation of each subcarrier to each communication-
demand grid, respectively, which is the number of overlapping
combinations of the number of communication-demand grids
Ngrid and the number of subcarriers Nsubcarrier. From (10) and
(12), the Q-table size is |A| × |S|.

Finally, we explain how to update the Q-table to reduce the
long-term communication latency in the learning phase. When
an agent is given an environment with state s, it randomly
selects action a from a set of predefined action patterns
A to determine control. When subcarrier k is allocated to
communication-demand grids xi by a certain control at time
t by H(t), the communication demand treq

xi (t + ∆T ) in area
xi after control switching is expressed as follows:

treq
xi
(t+∆T ) = max

(
0, treq

xi
(t)−∆T · tach

k,xi

)
. (13)

TABLE I: Settings of three distributions

Communication demand for each grid in each case [Gbit]
-165 km -82.5 km 0 km 82.5 km 165 km

Case 1 3 4 6 3 3
Case 2 3 4 9 4 4
Case 3 9 4 9 4 7

tach
k,xi

is the throughput that subcarrier k can achieve at position
xi and is expressed as follows:

tach
k,xi

= B log2(1 + γk,xi
(θc,M)), (14)

where B is the bandwidth of each subcarrier, and γk,xi
(θc,M)

is the signal-to-noise ratio (SNR) that subcarrier k achieves in
grid xi when the central frequency beam direction is θc and
the DA-IRS element delay is M . Thus, when action a is taken
from time t to time t+∆T , the communication demand treq

xi (t)
of each grid changes, causing state s to transition to state s′.
At this time, a reward r is assigned: 1 if all communication
demands are completed, −1 if no communication occurs with
action a; otherwise, 0. Thus, the action value function Q(s, a)
can be updated using the following formula:

Q(s, a) += α

[
r + γmax

a∈A
Q(s′, a)−Q(s, a)

]
, (15)

where α is the learning rate and γ is the discount rate. By
setting γ to 0 < γ < 1, Q-learning minimizes long-term
delay time. This update is repeated until all communication
demands are completed, defining the sequence of actions and
updates as one episode. By conducting multiple episodes of
learning, the Q-table is continuously updated to reduce long-
term communication latency. It is also possible to improve the
learning efficiency by preparing a simulation environment for
each episode and performing preliminary learning.

IV. EVALUATION

The purpose of the simulation is to evaluate the control
decision method using Q-learning with respect to long-term
communication latency. In this simulation, we assume that
in OFDMA communications, the three subcarriers emitted
from a single transmitter are directed toward the DA-IRS and
reflected toward the ground. On the ground, we only consider
the left-right direction with the grid divided into five parts and
evaluate three different cases, as shown in Table I. Directly
below the satellite is considered to be 0 km, and the grids
are defined as positive and negative on both sides. In each
case, the control is switched at every control interval ∆T until
the communication demand treq

xi in the five communication-
demand grids becomes zero, and the communication latency
time is evaluated. Without loss of generality and for simplicity,
the change in the relative position with respect to the ground
owing to the movement of the LEO satellite is not consid-
ered in this simulation. We compare the proposed method
with a method that repeats the control that completes most
communication demands in each time slot (Comp 1) and a
method that randomly selects a control from a control pattern
(Comp 2). In Comp 2, the latency averaged over 100 iterations

2025 International Conference on Computing, Networking and Communications (ICNC): Multimedia Computing and 
Communications

365



TABLE II: List of parameter settings

Parameter Definition
Transmit power 20 dB
Noise power -100 dB
Center frequency 10.5 GHz
Bandwidth 0.25 GHz
Number of DA-IRS elements 1024
Altitude of a satellite 800 km
Control cycle 1 sec
Learning rate 0.5
Discount rate 0.9
Number of episodes for each case 1,000,000

is evaluated for each case. In the proposed method, the control
that maximizes the Q-value is selected using a Q-table trained
for Nepisode in each case. As states 0 to 9 are prepared for
each of the five grids, the size of the state space is 105.
There are five center frequency directions corresponding to
the five communication-demand grid directions. The delay is
set to 10 values ranging from 0 to 9. The allocation of each
subcarrier to each communication demand has 125 possible
combinations with overlapping combinations because there
are five communication-demand grids and three subcarriers.
The parameters are listed in Table II [14].

The results are presented in Fig. 5. The proposed method
minimizes the long-term communication latency in all three
cases. This is because the proposed method switches the
control while maintaining the dense distribution of com-
munication demand. Conversely, Comp 1 controls the com-
munication demands completed in the first time slot to be
higher; therefore, the communication-demand distribution in
subsequent time slots becomes sparse and less communication
demand can be completed. For example, in Cases 1 to 3,
Comp 1 communicates with the 0 km grid, where the commu-
nication demand is concentrated in the first time slot, while
the proposed method communicates with grids other than the
0 km grid. In the next time slot, in Comp 1, the communication
demand is distributed outside the 0 km grid and becomes
sparse, whereas in the proposed method, the communication
demand remains dense around the 0 km grid. Furthermore,
comparing Cases 2 and 3, the latency increases in Comp 1 but
not in the proposed method. This is because in Case 3, the
communication demand is distributed more in the ±165 km
grid than in Case 2; therefore, the communication-demand
distribution becomes sparser after Comp 1 communicates with
the 0 km grid in the first time slot. These results show that
the proposed method minimizes communication latency and
meets communication demands faster.

V. CONCLUSION AND FUTURE DIRECTIONS

In this study, we propose a control decision method using
Q-learning to achieve low-latency communication in multiple
beamforming in a frequency prism using a DA-IRS integrated
into a LEO communication satellite. We conducted simula-
tions to evaluate the proposed method and confirmed that
it reduced communication latency in a specific environment.
These results indicate the effectiveness of our approach in
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Fig. 5: Communication latency of three methods in three
cases.

meeting the future expanding communication demands of
LEO satellite communication systems. However, if Q-learning
is performed over a wider area, such as the coverage of neigh-
boring satellites, the number of states becomes enormous,
making learning difficult. Therefore, future studies will con-
sider applying deep Q-networks that can handle continuous-
state values in the environment.
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