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Abstract—In recent years, the rapid growth of mobile commu-
nication services makes spectrum resources become increasingly
scarce. This paper considers the multi-dimensional resource al-
location problem in unlicensed spectrum communication system.
A training method based on deep reinforcement learning is
proposed to generate a spectrum sharing and power control
strategy for secondary users in the communication system. Deep
Q-Network and Deep Recurrent Q-Network are chosen as the
structure of neural network. Experiments are conducted to
investigate the effectiveness of the algorithm. The results show
that collision rate decreases in training while average reward
rises.

Index Terms—Resources allocation, machine learning for com-
munications, dynamic spectrum access, deep reinforcement learn-
ing, deep Q-network.

I. INTRODUCTION

With the development of mobile communication technolo-
gies, the data traffic business is growing rapidly. Scarce
licensed spectrum with low utilization can hardly support such
large-scale services [1]. Data traffic of licensed spectrum is be-
coming increasingly saturated. Therefore, researchers propose
to adopt the technology of unlicensed spectrum to alleviate the
load pressure of licensed spectrum and improve the network
capacity. The next generation mobile communication system
requires lower latency, higher transmission rate and better
spectrum efficiency. Consequently, a more effective spectrum
allocation strategy is needed.

Many studies have focused on the dynamic spectrum access
technology. Some researches apply game theory to spectrum
sharing. In [2] researchers showed a game-theoretic algorithm
in cognitive radio (CR) technology. Reference [3] presented
a spectrum sharing method using decision tree and game
theory. In [4] a pricing strategy based on Stackelberg game
in spectrum sharing system was proposed.

Deep learning uses artificial neural network, which can
establish complex mapping relationship between input and
output data. It has strong feature extraction ability, which also
means strong perception ability. Deep reinforcement learning
(DRL) combines the perceptual ability of deep learning with
the decision-making ability of reinforcement learning. By
using their advantages, DRL can deal with the decision making
problems of some complex systems. It is a practicable way
to apply DRL technology to resource allocation in commu-
nication system. In recent years, researchers started using
deep reinforcement learning in modern networks[5]. Reference

978-1-6654-4908-3/21/$31.00 ©2021 IEEE

[6] describes a Deep Q-Network (DQN) based model for
distributed dynamic spectrum access. In [7] researchers shows
a DQN training approach for power control in cognitive radios.
A power control strategy based on deep reinforcement learning
was introduced in [8] to make secondary users adjust to the
appropriate state in a limited time. With an appropriate reward
function, secondary users share the spectrum with primary
users on the premise of avoiding interference. Evolutionary
game theory is combined with DQN to manage the dynamic
spectrum in [9]. Double Deep Q-Network (DDQN) [10] is
also applicated in spectrum sharing. In [11], a spectrum
management framework based on deep Q-learning is studied,
and the echo state network is used to realize the process of
Q-learning. The users can manage the spectrum intelligently
and individually through this method. Since Deep Q-Network
is difficult to solve the problem under partial observation
conditions, Deep Recurrent Q-Network (DRQN) is adopted in
the dynamic access problem of discrete frequency channels
[12]-[14]. However, Most of the existing work has limita-
tions. For instance, studies in [12] and [13] mainly focused
on dynamic spectrum access, but ignored the influence of
transmission power of users. Additionally, they had not fully
explored the reward setting problem. In [7] the quality of
communication was considered and a power control method
was developed, but they built a simple model with only
one primary transmitter and one secondary user. In practical
application, the system often consists of multiple users. [15]
noticed both the allocation of power and spectrum resources in
cognitive network, but the traditional reinforcement learning
method was used.

The aim of this study is to solve the problem of spectrum
sharing and power control of the unlicensed spectrum com-
munication system by a method based on deep reinforcement
learning. In this article, we propose an algorithm for spectrum
access strategy on the basis of DQN training with multiple
agents. Experience replay and freezing target networks are
also applied in training. The simulation result presents that
SUs can learn the spectrum access strategy through training
in the case of only a single SU as well as multiple SUs. Both
collision rate and average reward have been improved using
the method proposed in this paper. The DRL-based method
have a better performance compared with random access and
greedy method.

The remainder of the paper is organized as follows. Section
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Fig. 2. Positions of SUs and PUs.

II describes the system model we select and the research
method we adopt. The result of our simulation is presented
in Section III. We conclude our work in Section IV.

II. SYSTEM MODEL

We consider an unlicensed spectrum communication system
with M primary users (PUs) and N secondary users (SUs).
Each user contains a transmitter and a receiver. We assume that
for each PU there is one channel. In each time slot, every PU
has two possible states: occupying channel or not occupying
channel. The state change of PUs is determined by the state
transition matrix of Markov process. Every SU has a certain
probability to be active. In this case, this SU has the need to
transmit data. The power level of every SU is selected from a
finite set with cardinality L. The positions of transmitters and
receivers are randomly generated in the specified area.

In each time slot, SUs make observations on channels and
collect information. According to the learning strategy, every
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Fig. 4. Illustration of the adopted DRQN structure.

SU selects a channel and a power level, or does not select any
channel. After that, the next time slot comes and the state of
channels changes again. If a SU is active in the next time slot,
data transmission is performed with the selected channel and
power level. Otherwise, the SU does not access any channel
in the next time slot. The SU receivers record the SINR. The
system gives the reward on the basis of the SINR values and
the transmission powers of SUs. Fig. 2 shows a schematic
diagram of positions of SUs and PUs (M = 10 and N = 1).

III. DRL-BASED SPECTRUM SHARING METHOD

Q-learning is a widely-used value-based training algorithm
in reinforcement learning. However, Q-learning becomes inef-
ficient when dealing with large-scale problems [16]. In 2013,
the DeepMind team proposed a DQN algorithm based on Q-
learning and deep learning, and achieved great performance
in Atari game [17]. In this study, agent is defined as SUs,
and the action denotes the channel and power usage chosen
by SUs. Reward function is designed based on the quality
of communication, related to whether collision exists and the
power used by SU. WINNER II channel model [18] is adopted
to calculate the signal to interference plus noise ratio (SINR)
at the receivers of SUs. If SU i accesses a channel where the
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PU is currently inactive, the SINR for the receiver of SU i is
calculated as [1][7]

pi |h31‘
SINR ki i || + BNo’
where h;; and hy; denotes the channel gain from the transmit-
ter i to the receiver i and from the transmitter k to the receiver
i. p; and py correspond to transmission power of SU i and
k respectively. Ng and B represent the noise spectral density
and channel bandwidth. When a SU accesses a channel where
the PU is currently active, collision happens between a SU
and a PU. Consequently, the SU receive a negative reward.
In another case, if the SU chooses not to access any channel,
the reward is set as 0. In other cases, the reward is mainly
depended on SINR. When only one transmission power level
is considered (L = 1), the reward function is designed as [1]

i=1,2,...,N, (1)

0 , no channel access,
, collision with PU, 2)

log,(1 + SINR) , other cases,

where C' is a positive constant. Considering multiple transmit
powers, the reward function is defined as

0 , no channel access or

SINR not up to standard, 3)
T =
-4 , collision with PU,

Cy — C3logy, P, SINR up to standard,

where Cy, Cy, C5 are positive constants and P represents
the transmission power. It should be noted that, compared
with the absolute value, the change trend and relative value
of reward have greater reference significance. We generate
a DOQN for each SU. The usage state of the channels is
selected as the observation, which is the input of the DQN. Our
DOQN structure consists of fully connected layer and outputs
the Q value of each action. Algorithms based on Gradient
Descent are selected as the optimization method, including
stochastic gradient descent (SGD) and mini-batch gradient
descent (MBGD). After training, the final policy of SU is
determined based on the equation

At41 = argmaXaQ(sa a)7 (4)

where (s, a) is the output of DQN. In another simulation,
we replace DQN with Deep Recurrent Q-Learning Network
(DRQN), which includes a Gated Recurrent Unit (GRU) layer
besides fully connected layers. GRU is a simpler neural net-
work structure than Long Short-Term Memory (LSTM), which
can process time series data and avoid long-range dependence
[19]. The performance of both neural network structures is
evaluated.

In the training process of DQN, we generate random
weights to initialize the network. Each SU makes an obser-
vation and choose the action based on e-greedy method [1]

argmax,(Q(S,a)) , with probability 1 — e,
Q41 = 4)

random action , with probability e,
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where € is a real number between 0 and 1. The system
calculates the reward and the next state, and stores the in-
formation. After collecting enough training data, we adopt the
optimization method to update the weights of DQN. Freezing
target networks [20] is applied in order to reduce oscillation
and improve training effect. The loss function is defined as
[17]

L(6) = Bl(r +7Q"(s,a) = Q(s,a)2,  (®)

where 6 represents weights of the networks, - is the discounted
rate of future rewards. Q* is the target network, and @ is
for estimation. () is updated in each iteration, but Q* is not.
Every once in a while, we assign the value of Q) to Q*.
Before updating, we rearrange the order of training data and
apply experience replay technique to break their correlation
and improve training efficiency. The experience of the agents
is stored in the replay memory [16], waiting to be sampled in
subsequent training. The utilization of training data can also
be elevated.

In the training process of DRQN, while updating the
weights, we keep the sequential information instead of re-
arranging the order. While updating weights of the network,
continuous sequences are sent into the network for calculation.
The other procedures are the same as DQN.

IV. SIMULATION RESULTS

Simulations of changes of collision rate and average reward
in DQN and DRQN training are shown in Fig. 5 through
Fig. 8. Results of DQN and DRQN are compared with random
access and greedy algorithm. In the random access method,
SUs randomly select an action in each time slot. In the
greedy method, SUs find the channel with the largest expected
reward according to the state transition probability of PUs and
accesses it.

In the first simulation, we set M = 10 and N = 1,
which represents 10 primary users and a secondary user. The
transmission power of SUs is fixed. The reward function is
designed as equation 2. In each iteration, new sequences are
generated according to equation 5, and are added to the replay
memory. Meanwhile, sequences are randomly sampled from
the replay memory and are used to update the weight of the
network as well as calculating average loss, average reward
and collision rate.

Results indicate that the average reward increased signifi-
cantly while collision rate decreased in training, which verifies
the effectiveness of the optimization algorithm. The collision
rate has fallen rapidly at the beginning and then gradually
becomes stable. The trend of reward is opposite to that of
collision rate, which increases in training and approximately
converges around 27. There is no significant difference be-
tween the two network structures. The convergence speed of
DRON is slower than that of DQN. Both of them are better
than random access in collision rate and reward, and are close
to greedy method. Since the greedy method is theoretically
optimal in the case of single SU, this result is acceptable. The
SU can finally get a set of strategies to achieve high reward
while avoiding collisions as much as possible.
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Fig. 5. The collision rate of the proposed method with different training steps
(single SU).
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Fig. 6. The average reward of the proposed method with different training
steps (single SU).

In the other simulation, we set M =8, N = 3 and L = 3.
Multiple SUs exist and different power levels are available.
Unlike the case of single SU, the reward function is calculated
by equation 3. The simulation results show that DQN and
DRQN method can converge to a high reward compared with
random access and greedy method in this case. While adopting
the greedy algorithm, all of SUs tend to access the best
channel, so the collision rate between SUs rises and therefore
the average reward is low. The DQN structure has advantages
over the DRQN structure in convergence speed again. In both
circumstances, the SUs can finally get a set of strategies to
access channels with proper power while avoiding collisions
with PUs and SUs.
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Fig. 7. The collision rate of the proposed method with different training steps
(multiple SUs).
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V. CONCLUSION

This article proposed a spectrum sharing method for unli-
censed users in the communication system. Secondary users
are modeled as agents in reinforcement learning and the target
of communication is modeled as the reward function based
on the signal to interference plus noise ratio and whether
collision happens. DQN and DRQN are selected as the neural
network structure. In the process of deep reinforcement learn-
ing, experience replay, freezing target networks and mini-batch
gradient descent are utilized for improving training effect. The
algorithm converges at high reward and low collision rate,
making good use of spectrum resources. The correctness and
effectiveness of the algorithm are confirmed in the simulation.
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