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In cognitive relay networks, the cognitive user opportunistically accesses the authorized spectrum segment of the primary user and
simultaneously serves as the data relay node of the primary user while sharing the spectrum resource of the primary user. This
not only improves the utilization efficiency of the network spectrum resources but also improves the throughput of the primary
users. However, if the primary user randomly selects the relay node, there is no guarantee for an optimal throughput. Moreover,
the system power consumption may increase. In order to improve the throughput of cognitive relay network and optimize system
utility, this paper proposes a cognitive relay network throughput optimization algorithm based on deep reinforcement learning. For
the system model of cognitive relay networks, the Markov decision process is used to describe the channel transition probability
of the system model in the paper. The algorithm proposes a cooperative wireless network cooperative relay strategy, analyzes the
system outage probability under different transmission modes, and optimizes the system throughput by minimizing the outage
probability. Then, the maximum utility optimization strategy based on deep reinforcement learning is proposed to maximize the
system utility revenue by selecting the optimal behavior. The experimental results show that the proposed algorithm has a good
effect in improving system throughput and optimizing system energy efficiency.

1. Introduction
Cognitive radio technology allows unauthorized cognitive
users to access the spectrum resources of authorized primary
users, which is an important technical means to solve the
scarcity of spectrum resources. Cognitive radio technology
allows cognitive users to share licensed spectrum, effectively
increasing the utilization of wireless spectrum resources.
In the spectrum-sharing cognitive network, the cognitive
user accesses the idle spectrum without affecting the normal
communication of the primary user and assists the primary
user in data transmission, which can improve the throughput
of the primary user [1–3].
Reinforcement learning (RL) is an important machine
learning method that has many applications in areas such
as intelligent control of robots and analysis and prediction.
The reinforcement learning algorithm can learn the mapping

from environmental state to behavior, which makes the
behavior selected by the agent can obtain the biggest reward
of the environment [4, 5]. However, reinforcement learning
often faces dimensional disasters when the state of the system
is large. In order to solve this problem, people combine the
perception of deep learning with the decision-making ability
of reinforcement learning to propose a deep reinforcement
learning algorithm [6–8]. In this paper, we take advantage
of the deep reinforcement learning algorithm that solves
the input problems of high-dimensional data and learn the
optimal strategy, to maximize the system utility of cognitive
wireless networks.
In the research of throughput optimization of cognitive
wireless networks, many researchers have proposed different research methods. Literature [9] proposed a cognitive
radio maximization throughput algorithm based on wireless
spectrum sensing. By reducing the perceived time of the
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secondary user, the transmission time was increased and
the achievable throughput is maximized. In addition, the
spectrum utilization rate was improved and the throughput
was improved by reducing the false positive probability of
spectrum sensing. Literature [10] proposed a throughput and
outage probability algorithm for cognitive DF relay networks
based on wireless energy harvesting. The algorithm uses
wireless energy harvesting strategy based on cognitive radio
constraints to evaluate the throughput performance and outage probability of secondary users (SU) in the relay network
and studies the impact of different system parameters on
cognitive networks, such as power allocation ratio, main
transmitter power, and allowable interference threshold of the
primary user (PU) receiver to SU Impact of throughput and
interrupt performance. Literature [11] proposed a cognitive
radio network based on probability relay. A random service
cooperation strategy with probabilistic relay was adopted, so
that the secondary user served the primary queue or the
primary user with a specific service probability to relay the
packet queue, controlled the transmission delay according
to the QoS constraints of the application and the system,
and improved the system throughput. Literature [12] proposed a cognitive relay network throughput optimization
algorithm using an improved time exchange protocol. The
paper discussed a relay-based dual-hop relay protocol for
the underlying cognitive radio. In this scheme, energy was
transmitted in small packets, where the number of packets
to be used is estimated and fed back by the relay node,
and throughput and average energy optimization effects can
be achieved. Literature [13] proposed a novel interference
alignment scheme based on antenna selection in Cognitive
Radio Networks. In this scheme, an efficient IA-AS algorithm
based on discrete stochastic optimization was proposed to
improve the computational performance, and a scheme called
the channel state information (CSI) filtering was proposed to
weaken the influence of the imperfect CSI. The experimental
results show that the scheme improves the average rate of
SUs and rate of PU. Literature [14] proposed a secure primary
system transmission scheme coordinated by secondary networks; the paper used two schemes to improve the total data
rate of the secondary network while guaranteeing the secrecy
rate of PU, and the principle of interference alignment was
employed to eliminate interference from PU and other SUs at
each secondary receiver. From the experimental results, the
scheme could effectively improve the sum rate of SUs.
The contributions of this paper are as follows: (1) propose
a cooperative relay transmission mode of cognitive wireless
networks, and the system interruption probability analysis
is carried out for different transmission methods; (2) use
the deep reinforcement learning algorithm to learn and
explore the state transition information of the system when
the state transition probability is unknown; (3) combining
system throughput and power optimization problems, a
system utility function is proposed to maximize the benefits
by selecting the optimal behavior by deep reinforcement
learning algorithm; (4) in the experimental scheme, it is
proved that the proposed algorithm has better performance
in improving system throughput and system utility than
cognitive wireless network algorithm based on reinforcement
learning or energy overhead minimization.
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The paper is structured as follows: Section 2 introduces
the system model of cognitive wireless networks studied in
this paper. Section 3 discusses the cooperative relay mode
of the system and analyzes the outage probability for the
data transmission mode. Section 4 discusses the maximum
utility optimization strategy of cognitive wireless networks
based on deep reinforcement learning. Section 5 introduces
the experimental scheme and the experimental results and
comparative analysis of each algorithm.

2. System Model
In the cognitive wireless network model of Figure 1, a primary user transmitter (PT), a primary user receiver (PR),
a secondary user receiver (SR), and a cognitive relay user
(CR) are included. It is assumed that there are a total of
𝑀 frequency domain channels in the cognitive network,
all channels are independent Rayleigh fading channels, and
the channel remains unchanged during the transmission of
one data frame. Each PT has a dedicated licensed band
for transmitting signals to PR, and each cognitive user has
an antenna that transmits and receives signals. During the
operation of the network, PT will select the relay node to
forward the data packet to PR or directly send the data to PR.
In the process of cooperative PT relaying data, CR can also
transmit data that needs to be transmitted to the secondary
user receiver. There is a certain degree of mutual interference
between PT and CR during data transmission. Suppose all
noise 𝑛𝑜 satisfies Gaussian white noise, the mean is 0, the
variance is 𝑁0 , and the channel gain is ℎ𝑎,𝑏 = 𝜆|𝑑𝑎,𝑏 |−𝛼 , 𝜆
indicating the gain factor and 𝛼 representing the path loss
exponent.
In the system model, the channel state of each frame does
not change, and the channel state changes occur between
adjacent frames. In this paper, the finite state Markov chain
method is used to establish the channel state transition
probability. Since the channels are independent Rayleigh
fading channels, the signal-to-noise ratio obeys the Rayleigh
distribution. It is assumed in this paper that 𝑆𝑖 is used to represent the signal-to-noise ratio of channel 𝑖. The probability
density function is
𝑝 (𝑆𝑖 ) =

𝑆
1
exp (− 𝑖 )
𝑆
𝑆

(1)

𝑆 indicates the SNR average. Then the transition probability of the channel is
𝑝 (𝑆𝑖 , 𝑆𝑖+1 ) =

𝑓√2𝜋𝑆𝑖 /𝑆 exp (−𝑆𝑖 /𝑆) 𝑇
𝑆

∫𝑆 𝑖+1 𝑝 (𝑆𝑖 ) 𝑑𝑆𝑖

(2)

𝑖

𝑓 indicates the maximum Doppler shift and 𝑇 represents
the time frame.

3. Cognitive Wireless Network Cooperative
Relay Algorithm
3.1. Collaborative Relay Mode. The cognitive wireless network
model mentioned in this paper mainly uses the amplifying

Wireless Communications and Mobile Computing

3
PT

r
cognitive relay
users

PT data
PT data
PT data

CR data

PT data
PT data

PR
SR

Figure 1: System model diagram.

and forwarding protocol to make the PT find the appropriate
CR node for cooperative transmission [15, 16]. The transmission process mainly includes three stages: the first stage PT
sends data to the selected CR node and PR node. The second
stage is such that the CR node processes the PT data and sends
it to the PR. The third stage is such that the CR node sends its
own data to the SR.
Supposing that, in the time slot 𝑡, PT sends data 𝑥𝑃𝑈(𝑡) to
CRi , the received data by CRi is
𝑥𝑃𝐶𝑖 (𝑡) = ℎ𝑃𝑇,𝐶𝑖 √𝑃𝑇 𝑥𝑃𝑈 (𝑡) + 𝑛0

(3)

where ℎ𝑃𝑇,𝐶𝑖 represents the channel gain from PT to CRi .
After the CRi receives the data, it amplifies the received data.
If the amplification factor is 𝛾𝑖 , the amplified data is 𝛾𝑖 𝑥𝑃𝐶𝑖 (𝑡).
PT sends data 𝑥𝑃𝑈(𝑡) to PR. For PR, the received data is
𝑥𝑇𝑅 (𝑡) = ℎ𝑃𝑇,𝑃𝑅 √𝑃𝑇 𝑥𝑃𝑈 (𝑡) + 𝑛0

(4)

In the time slot 𝑡 + 1, the PR receives all the data relayed
from the CR node and combines all the data, including the
data from the relay and the data directly transmitted by the
PT. Let the set of CR nodes as the relay node be 𝑄, and get
𝑥𝑃𝑅 (𝑡 + 1) = 𝜀 (∑ ℎ𝐶𝑖 ,𝑃𝑅 √𝑃𝐶𝑅𝑖 𝛾𝑖 𝑥𝑃𝐶𝑖 (𝑡) + 𝑛0 )
𝑖∈𝑄

+ (1 − 𝜀) 𝑥𝑇𝑅 (𝑡)

where ℎ𝐶𝑖 ,𝑃𝑅 represents the channel gain from CRi to
PR, 𝑃𝐶𝑅𝑖 represents the transmit power of CRi , and 𝜀 is the
weighting factor of the relay data.
CRi sends its own data to the SR. For SR, the received data
is
𝑥𝑆𝑅 (𝑡 + 1) = ℎ𝐶𝑅𝑖 ,𝑆𝑅 √𝑃𝐶𝑅𝑖 𝑥𝐶𝑅𝑖 (𝑡) + 𝑛0

ℎ𝐶𝑅𝑖 ,𝑆𝑅 represents the channel gain from CRi to SR, and
𝑥𝐶𝑅𝑖 (𝑡) is the data transmitted by CRi .
3.2. Outage Probability Analysis. According to the amplified
forwarding protocol used, the direct data transmission rate
between the primary transmitter PT and the primary receiver
PR is
V𝑃𝑇,𝑃𝑅 = log2 (1 +

𝑃𝑇
)
𝑃𝑜 𝑛0

(7)

𝑃𝑜 represents the unit noise power, using V𝑃𝑇 to indicate
the data transmission rate of the PT. The probability of V𝑃𝑇 >
V𝑃𝑇,𝑃𝑅 is the probability of interruption of data transmission
between PT and PR, namely,
V𝑃𝑇
−1)𝑝𝑜 𝑛0 /𝑝𝑇

(5)

(6)

𝜌𝑃𝑇,𝑃𝑅 = Pr {V𝑃𝑇 > V𝑃𝑇,𝑃𝑅 } = 1 − 𝑒−(2

(8)

The data transmission rate at which the PT transmits data
to the PR through the relay node CRi is
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V𝑃𝑇,𝐶𝑅𝑖 ,𝑆𝑅 = log2 (1 +

𝑃𝑇
)
𝜔𝑃𝑜 𝑛0
(9)

𝑃𝐶𝑅𝑖

⋅ log2 (


𝑛 +1
(1 − 𝜔) √𝑃𝑜 𝑃𝑇,𝐶𝑅
𝑖 0

)

time slot 𝑡 be 𝐴 = {𝑎𝑡,1 , 𝑎𝑡,2 , ⋅ ⋅ ⋅ , 𝑎𝑡,𝑁}, 𝑎𝑡,𝑖 (𝑖 ∈ 𝑁) denoting
that the PT node selects CRi as the relay node in the 𝑡slot. The set of channel states of the PT node is defined as
𝐾 = {𝑘1 , ⋅ ⋅ ⋅ 𝑘𝑁}, and the state transition probability that the
system state 𝑘𝑖 shifts to 𝑘𝑖+1 after taking the action 𝑎𝑡,𝑖 can be
obtained:


represents the interference noise power of PT to
𝑃𝑇,𝐶𝑅
𝑖

CRi , which is related to the transmission power of PT. 𝑃𝑇,𝐶𝑅
=
𝑖
𝛿𝑃𝑇 , and 𝛿 are interference factors.
Therefore, the probability of the PT transmitting data to
the PR through the relay node CRi is

𝜌𝑃𝑇,𝐶𝑅𝑖 ,𝑆𝑅 = Pr {V𝑃𝑇 > V𝑃𝑇,𝐶𝑅𝑖 ,𝑆𝑅 }
V𝑃𝑇,𝐶𝑅 ,𝑆𝑅

𝑖
𝑝𝑜 𝑛0 /𝑃𝑇 )√𝜔𝑃𝐶𝑅𝑖 /2𝑃𝑇,𝐶𝑅
𝑖

(10)

The data transfer rate at which the CRi transmits data to
the SR is
V𝐶𝑅𝑖 ,𝑆𝑅 = log2 (

𝑃𝐶𝑅𝑖

𝑛 +1
√𝑃𝑜 𝑃𝑇,𝐶𝑅
𝑖 0

)

(11)

Therefore, the probability of interruption of the relay
node CRi transmitting data to the SR is
𝜌𝐶𝑅𝑖 ,𝑆𝑅 = Pr {V𝐶𝑅𝑖 > V𝐶𝑅𝑖 ,𝑆𝑅 }
V𝐶𝑅 ,𝑆𝑅

𝑖
−1)√𝑃𝑜 𝑃𝑇,𝐶𝑅
𝑛 /(𝑃𝐶𝑅𝑖 +1)
𝑖 0

−(2

=1−𝑒

𝑓√2𝜋𝑎𝑡,𝑖 /𝑆 exp (−𝑎𝑡,𝑖 /𝑆) 𝑇
𝑎

∫𝑎 𝑡,𝑖+1 𝑝 (𝑎𝑡,𝑖 ) 𝑑𝑎𝑡,𝑖
𝑡,𝑖

=

(13)

𝑓√2𝜋𝑆𝑖 /𝑆 exp (−𝑆𝑖 /𝑆) 𝑇
𝑆

∫𝑆 𝑖+1 𝑝 (𝑆𝑖 ) 𝑑𝑆𝑖
𝑖

−(2

=1−𝑒

𝑝 (𝑘𝑖 , 𝑘𝑖+1 ) =

(12)

4. Maximum Utility Optimization Based on
Deep Reinforcement Learning
Deep reinforcement learning is an algorithm proposed on
the basis of reinforcement learning algorithm combined
with deep convolutional neural network. Reinforcement
learning interacts with the environment through trial-anderror mechanism, learns the optimal strategy by maximizing
the accumulated reward, and solves the input problem of
high-dimensional data by combining convolutional neural
network.
4.1. Analysis of MDP Problems. Assume that, in the current
network, the state object of the system only considers the
channel state of the node. In the current state, the system
switches to the next state by selecting the behavior of the
relay node by the PT, so the selection scheduling problem of
the relay node can be modeled as a Markov decision process
(MDP).
Suppose there are N cognitive nodes in the network.
The channel state of the PT node changes when a PT node
selects one of the cognitive nodes as a relay node. The Markov
decision process consists of a quadruple 𝑀 = (𝐾, 𝐴, 𝜌, 𝑅); the
elements of the quaternion represent the state set, action set,
state transition probability, and return function, respectively.
In the model of this paper, let the action set of the PT in the

In the MDP problem, for the rewards 𝑅 obtained by
the agent after performing a certain behavior, we mainly
study the throughput optimization problem of the cognitive
wireless network in the model of this paper. Therefore, for
the reward of agent, we mainly consider the maximization of
network throughput. The network throughput is the number
of packets successfully received by the PR and SR per unit
time. Therefore, in order to maximize network throughput,
it is necessary to minimize the outage probability. After the
previous analysis, the network’s outage probability includes
𝜌𝑃𝑇,𝑃𝑅 , 𝜌𝑃𝑇,𝐶𝑅𝑖 ,𝑆𝑅 , and 𝜌𝐶𝑅𝑖 ,𝑆𝑅 , where 𝜌𝑃𝑇,𝑃𝑅 does not change
because of the next behavior of the system. Suppose that in the
time slot 𝑡, the current system selects the behavior 𝑎𝑡,𝑖 under
state 𝑘𝑖 ; then, the rewards that the system can obtain are
𝑟𝑖 = max 𝑅 (𝑘𝑖 , 𝑎𝑡,𝑖 )
=

1

(14)

min (𝛼𝜌𝑃𝑇,𝑃𝑅 + 𝛽𝜌𝑃𝑇,𝐶𝑅𝑖 ,𝑆𝑅 + 𝜒 ∑𝑖∈𝑁 𝜌𝐶𝑅𝑖 ,𝑆𝑅 )

The coefficients 𝛼, 𝛽, and 𝜒 are weighting coefficients,
which are related to the data volume of the three transmission
methods.
Since the network throughput is related to the system’s
transmit power, in order to improve the throughput, the
system needs to pay more energy. Therefore, considering the
energy-saving problem of the system, this paper defines a
system utility function 𝐸𝐵𝑖 , which considers both throughput
and energy consumption in terms of system performance.
The expression of the system utility function 𝐸𝐵𝑖 is
𝐸𝐵𝑖 =

𝑟𝑖
𝜓 (𝑃𝑇 + ∑𝑖∈𝑁 𝑃𝐶𝑅𝑖 )

(15)

4.2. Deep Reinforcement Learning Algorithm. In the reinforcement learning algorithm, we not only pay attention to
the return of the current behavior but also consider the longterm impact of the next 𝑛 steps. In this paper, 𝑟𝑖 is used to
indicate the reward (or punishment) obtained by the current
system after selecting the behavior 𝑎𝑡,𝑖 under the state 𝑘𝑖 ; then,
the income of the next 𝑛 steps is expressed as
𝑛

𝑉𝜋 (𝑘) = 𝐸𝜋 [∑𝛾𝑖 𝑟𝑖 | 𝑘0 = 𝑘]
𝑖=0

(16)
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where 𝑘0 is the initial state of the system, and 𝛾 ∈ (0, 1)
is the discount factor. In 𝑉𝜋 (𝑘), policy 𝜋 and initial state 𝑘0
are given by the user, while initial action 𝑎 is determined by
policy 𝜋 and state 𝑘, that is 𝑎 = 𝜋(𝑘). In the reinforcement
algorithm, in order to evaluate the system state and behavior,
the 𝑄(𝑘, 𝑎) value is used to represent the state action value
function:
𝑄𝑖 (𝑘𝑖 , 𝑎𝑖 ) = 𝑝 (𝑘𝑖 , 𝑘𝑖+1 ) [𝑟𝑖 + 𝛾𝑉𝜋 (𝑘𝑖+1 )]

(17)

1

lK

2

Input layer

Hidden layer

When the system state is large, iterative update is required
in order to obtain better state behavior data. The iterative
formula is used to realize the optimization learning of state
action value function:
𝑄𝑖+1 (𝑘𝑖 , 𝑎𝑖 ) = 𝑄𝑖 (𝑘𝑖 , 𝑎𝑖 ) + 𝜐𝑖 𝛿𝑖
𝛿𝑖 = 𝑟𝑖 + 𝛾 ⋅ max 𝑄𝑖 (𝑘𝑖+1 , 𝑎𝑖+1 ) − 𝑄𝑖 (𝑘𝑖 , 𝑎𝑖 )

(18)

The discount factor 𝛾 represents the impact of future
earnings on current behavior, and 𝜐𝑖 represents the learning
rate. The ultimate goal of this paper to enhance learning is
to maximize system utility, which maximizes 𝐸𝐵𝑖 . Therefore,
using the system utility function 𝐸𝐵𝑖 of the cognitive relay
network instead of 𝑟𝑖 , we can get optimized learning function
for system utility:
𝑄𝑖+1 (𝑘𝑖 , 𝑎𝑖 ) = (1 − 𝑎𝑖 ) 𝑄𝑖 (𝑘𝑖 , 𝑎𝑖 )
+ 𝜐𝑖 (𝐸𝐵i + 𝛾 ⋅ max 𝑄𝑖 (𝑘𝑖+1 , 𝑎𝑖+1 ))

(19)

If the number of cognitive nodes is too large, the
traditional reinforcement learning algorithm is difficult to
achieve fast convergence of behavior selection when the
system chooses relay nodes. Because the deep neural network
has the characteristics of good generalization ability, so this
paper uses the deep neural network method to establish the
mapping relationship between state and behavior based on
the traditional reinforcement learning algorithm. The specific
implementation is as follows.
In the deep learning method adopted in this paper, first
define the 𝑄 function, that is the state action value function;
we use 𝑄(𝑘𝑖 , 𝑎𝑖 ) to define the return obtained after taking
action 𝑎𝑖 under state 𝑘𝑖 :
𝑄 (𝑘𝑖 , 𝑎𝑖 ) = 𝐸 [𝑟𝑖 + 𝛾𝑄 (𝑘𝑖+1 , 𝑎𝑖+1 )]

(20)

As can be seen from the above equation, the definition
of the 𝑄 function is a recursive expression. In the actual
situation, if it is in the case of a large state dimension, we
cannot recursively calculate the value of 𝑄 every step, so we
use a convolutional neural network to simulate the 𝑄 function. We use 𝐾 neurons in the convolutional neural network
input layer, which are represented as input vector 𝐼𝑛𝑝𝑢𝑡 =
[𝑙1 , 𝑙2 ⋅ ⋅ ⋅ , 𝑙𝐾 ], representing the channel state of the network.
The output layer neurons are 𝑂𝑢𝑡𝑝𝑢𝑡 = [𝑎𝑖 ], indicating that
the PT node selects channel 𝑖 for data transmission. The
model structure of the convolutional neural network is shown
in Figure 2.

Output layer
ai

Figure 2: Model structure of convolutional neural network.

The loss function uses the softmax cross entropy loss
function to get
𝑆

𝑙
2
1
𝐿oss = arg min ∑ (𝑦𝑖 − log (𝑦𝑖 )) + ℎ∑ (𝑐𝑖𝑙 )
2 𝑖
𝑖=1

(21)

ℎ is the weight parameter of the weight matrix, 𝑐𝑖𝑙 represents the 𝑙-th weight matrix, and 𝑠𝑙 represents the number of
neuron nodes in the hidden layer. 𝑦𝑖 is the state action value
function, that is,
𝑦𝑖 = 𝐸 [𝑟𝑖 + 𝛾𝑄 (𝑘𝑖+1 , 𝑎𝑖+1 )]

(22)

The weighting value is then updated using the gradient
descent method until the optimal value is reached, at which
point the maximum system utility max 𝐸𝐵i can be obtained.
The update rules of weight and deviation vector are as follows:
𝜕𝐿𝑜𝑠𝑠
)
𝜕𝑤

(23)

𝜕𝐿𝑜𝑠𝑠
)
𝜕𝑏

(24)

𝑤 (𝑘 + 1) = 𝑤 (𝑘) − 𝛽 (
𝑏 (𝑘 + 1) = 𝑏 (𝑘) − 𝛽 (

5. Experimental Results and Analysis
In the simulation experiment, the number of cognitive nodes
in the simulated cognitive wireless network scenario is 𝑁 =
100, the data relay mode adopts the AF protocol, the Doppler
frequency shift value is 𝑓 = 40Hz, the frame length is
𝑇 = 5 × 10−3 𝑠, the noise power is 𝑃𝑜 = 1 × 10−3 W, the

= 1 × 10−2 W, the learning
interference noise power is 𝑃𝑇,𝐶𝑅
𝑖
rate 𝑎𝑘 = 1 × 10−2 , the discount factor is 𝛾 = 0.8, the training
error precision is less than 2 × 10−5 , and all channels are
independent Rayleigh fading channels. The channel remains
unchanged during the transmission of one data frame. The
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Figure 3: The 𝑄 value of convolutional network under different
input conditions.

Figure 4: Data packet throughput.

The average number of the
system packets lost

communication performance and computing power of all
cognitive nodes are the same.
Figure 3 shows the 𝑄 value curve of different input
conditions 𝐼𝑛𝑝𝑢𝑡 = [𝑙1 , 𝑙2 ⋅ ⋅ ⋅ , 𝑙6 ], 𝐼𝑛𝑝𝑢𝑡 = [𝑙1 , 𝑙2 ⋅ ⋅ ⋅ , 𝑙9 ].
Under the same conditions of other parameters, the 𝑄 value
of the system under different input conditions gradually
converges to different values, indicating the convergence of
the algorithm.
In order to verify the performance of the algorithm,
four sets of experiments were set up in the experiment for
comparative analysis. The first group was group A, which
is the algorithm of this paper. The second group is group
B; on the basis of the algorithm in this paper, the deep
reinforcement learning algorithm is not used, and only
the cooperative relay mode is reserved. The third group is
group C; on the basis of the algorithm in this paper, the
deep reinforcement learning algorithm is replaced by the
reinforcement learning algorithm. The fourth group D is a
cooperative relay method with minimum energy overhead.
The minimum energy cost means that the system selects
the cognitive node with the smallest transmit power as the
cooperative relay node.
The data packet throughput of the four sets of experiments is shown in Figure 4 under different data packet arrival
rates. As can be seen from Figure 4, system data packet
throughput is increasing gradually with the increase of data
packet arrival rate. The experimental results show that the
data packet throughput of group A is more than the data
packet throughput of other groups. This is because group
A based on system outage probability analysis, using deep
reinforcement learning algorithm for behavior selection to
optimize system throughput gain, so it performs better in
throughput optimization than other groups. If the deep learning algorithm of group A is replaced by the reinforcement
learning algorithm, the experimental results are as shown in
group C. The throughput of group C is slightly lower than that
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Figure 5: The average number of the system packets lost.

of group A, but the performance of group C performed better
than group B and group D.
Under different data packet arrival rates, the average
number of lost packets in the four groups of experiments is
shown in Figure 5. It can be seen from the results of Figure 5
that the average number of packet loss of the system also
increases with the increase of data packet arrival rate. The
increase in the arrival rate of the data packet means that the
number of packets transmitted by the system per unit time
increases. Since the system has a certain probability of interruption, therefore, the more data packets are transmitted,
the greater the number of lost packets. Among them, it can
be seen from the performance of group A that the average
number of packet loss in the system of this algorithm is the
least, and the average packet loss of system in group C is better
than that in group B and group D. The average number of

System utility(EB)
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strategy by interacting with the environment to maximize
the accumulation of system utility benefits. In the simulation
experiment, the experimental results are compared and analyzed by the system throughput, the average number of lost
packets, and the system utility. In our algorithm comparison,
the proposed one shows better performance than the others,
such as improving the throughput of cognitive relay networks
and optimizing system utility.

Data Availability
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Figure 6: System utility.

packets lost in group D is the largest, because the D group
uses the cooperative relay method with minimum energy
overhead; only the energy consumption is considered when
selecting the relay node, so the overall outage probability of
the system may be greater.
The system utility of the four sets of experiments is
shown in Figure 6 under different data packet arrival rates.
System utility, the function in equation (15), is determined
by both throughput and system emission energy. It can be
seen from the results in Figure 6, with the increase of data
packet arrival rate, the system utility first grows then falls
and gradually becomes stable. As the data packet arrival rate
begins to increase, system throughput increases, although the
system transmission energy consumption also increases, but
the throughput increases more, so the total system utility
increases. When the data packet arrival rate is increased to
a certain extent, due to the limited buffer space of the system,
there is not enough space to cache more data, so data loss may
occur, and the throughput increase rate decreases, but the
system emission energy consumption continues to rise at this
time; therefore, the system utility began to decline gradually.
Comparing with the experimental results of other groups, the
system utility of this paper algorithm has the largest result
(group A).

6. Conclusions
In order to improve the throughput of cognitive relay network and optimize system utility, a cognitive relay network
throughput optimization algorithm based on deep reinforcement learning is proposed in this paper. In this algorithm,
the cooperative relay mode of cognitive relay network is
proposed, and the outage probability of the system is analyzed
according to the transmission process. The algorithm adopts
the deep reinforcement learning method in the selection of
relay nodes of cognitive networks and learns the optimal
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available from the corresponding author upon request.
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