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Abstract

A wideband cognitive radio network relying on energy har-
vesting is studied under a practically non-linear energy har-
vesting model. In order to efficiently exploit the harvesting
energy and enhance the performance of the secondary user-
s (SUs), an intelligent resource allocation scheme based on
deep reinforcement learning is proposed. The scheme intel-
ligently selects the operation mode and the transmit power
of SUs as well as allocates the sub-channels to maximize
the defined reward function. Simulation results demon-
strate the efficiency of our proposed resource allocation
scheme.

1 Introduction

Cognitive radio (CR) is deemed a promising technology in
the next-generation wireless networks. It can effectively
improve the spectral efficiency by allowing secondary user-
s (SUs) to coexist with the primary users (PUs) at the same
spectrum band [1]. In the underlay mode, SUs can access
the PU spectrum band as long as the interference caused to
the PUs is kept below a certain threshold. Since the transmit
power of the SUs cannot be too large in order to protect the
PUs’ quality of services (QoS), the achievable capacity of
SUs is quite limited. In order to enhance the performance of
SUs, wideband CR networks that operate in multiple sub-
carrier bands have been proposed [3]-[5].

Besides the spectral efficiency issue, the contradiction be-
tween the intensive energy consumption requirement for
supporting diverse computing and communication services
and the limited energy storage capacity of mobile devices
is increasingly obvious. Towards that end, wireless power
transfer (WPT) techniques were proposed to tackle energy
shortage issues on the mobile devices [6]. WPT enables
mobile devices to exploit the radio frequency (RF) signals
for harvesting energy. It can provide users with stable and
controllable energy. There have been two research streams
based on the energy harvesting (EH) model, namely, the lin-
ear EH model [3] and the non-linear EH model [7]. In [3],
the authors proposed a robust beamforming design for the
security of the secondary network under a linear EH model.
The authors in [7] proposed a resource allocation scheme
for a multiple-input multiple-output wireless powered com-
munication network based on a non-linear EH model. It

was shown that the performance of users achieved under
the non-linear EH model can be better than that obtained
under the linear EH model.

Most existing works address dynamic resource allocation
problems by using optimization-based approaches [3]-[5].
In [5], we studied robust resource allocation problem in
CRNs with simultaneous wireless information and power
transfer (SWIPT) and proposed an algorithm based on suc-
cessive convex approximation (SCA) for achieving a good
tradeoff between the transmission power and the harvest-
ed energy. Besides optimization-based approaches, the au-
thors in [8] introduced a method based on reinforcement
learning (RL) to solve the resource allocation problem for
cloud-based cache-enabled small cell networks. Moreover,
the authors in [9] investigated dynamic resource allocation
of multiple UAVs enabled communication networks and de-
veloped a multi-agent RL framework to maximize the long-
term rewards.

However, it is impractical for RL to optimize policies for
high-dimensional Markov decision process (MDP) prob-
lems as their action-value tables are infinite. Instead deep
learning was introduced to replace the action-value table
in RL and the new method was called deep reinforcemen-
t learning (DRL), also known as deep Q-network (DQN)
[10]-[11]. In [10], the authors considered a dynamic mul-
tichannel access problem and obtained the optimal access
policy by DQN without knowing the system dynamics. In
[11], a DRL-based approach was developed for the SUs to
learn an efficient power control policy and to access the
spectrum band of the PUs in the CRN. It was shown that
the performance of SUs can be improved by using the pro-
posed DRL-based power allocation scheme.

Unlike these works, our work considers a wideband CRN
where a secondary transmitter (ST) has a rechargeable bat-
tery and an energy harvesting circuit that can harvest ener-
gy for transmitting information to the SUs. How to balance
the ST’s energy harvesting and information transmission is
also of crucial importance since there exists a non-trivial
performance tradeoff between them. In order to tackle this
issue, an intelligent resource allocation scheme that decides
operation mode, channel selection, and power allocation is
proposed based on DRL. Simulation results elucidate the
tradeoff between energy harvesting and information trans-
mission.



2 System Model

In the considered downlink CRN, the primary network co-
exists with the secondary network under the spectrum shar-
ing paradigm. The primary network consists of one primary
transmitter (PT) and one PU while the secondary network
consists of one ST and K SUs. All the devices are equipped
with a single antenna. The ST has a rechargeable battery
and an energy harvesting circuit that can harvest energy for
transmitting information to SUs. Let ¢; denote the battery
storage at SUs at the ith time frame. From a practical circuit
architecture design perspective, SUs cannot simultaneous-
ly harvest energy and transmit information. Thus, the ST
has to make a binary decision regarding whether to trans-
mit information or to harvest energy at each time frame. Let
x; € {0,1} be the indicating variable at the ith time frame,
where x; = 0 denotes that the ST harvests energy and x; = 1
denotes that the ST transmits information to a selected SU
at the ith time frame.

Let hy = {hy |k € # ,m € .4} denote the channel gain
state vector of the links from the ST to the kth SU, where
A ={1,..,K}and 4 ={1,...,M}. K denotes the number
of SUs and M denotes the number of sub-carrier channels.
e, g and q respectively denote the channel gains of the links
from the PT to the ST, from the ST to the PU, and from the
PT to the SUs; the values of &, e, g, g are independently
chosen from the corresponding finite state space J¢, &, ¢
and 2 at the beginning of each time frame. Similar to [12],
all the channel state transitions across the time frames are
modeled as a finite-state discrete-time Markov chain.

The ST dynamically selects one sub-channel to transmit in-
formation to a selected SU during the communication pro-
cess. Lety; € {—1}U{m|m € .#} denote the selected chan-
nel. Specially, y; = —1 indicates that the ST harvests energy
and does not transmit information while y; = m indicates
that the ST selects the mth sub-channel to transmit infor-
mation. Let P,;"J. < ¢; denote the transmit power. Thus, the
transmit rate of the kth SU is given as
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where B is the total bandwidth available at the primary us-
er; P, is the transmit power of the PT; 62 is the variance of
noise at the SU. In order to guarantee the QoS of the SUs,
one has R; > Rpin, where Ry, represents the minimum re-
quired transmit rate of the SUs.

In the energy harvesting mode, the ST harvests energy from
the radio frequency signals transmitted by the PT and re-
stores the harvested energy in the battery in the ST. For
the ideally linear energy harvesting (EH) model, the har-
vested power of the ST is modeled as <I>1-i“ear = UP,, where
0 < u <1 denotes the energy conversion efficiency of the
ST. Since the practical energy harvesting circuit results in a

non-linear end-to-end energy conversion, a practically non-
linear parametric energy harvesting model is applied in this
paper. According to [3] and [7], the harvested power at the
ST denoted by ®; is given by
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where Ep,x represents the maximum harvested power at the
ST when the EH circuit is saturated; Parameters a and b are
related to the specifications of the EH circuit. Moreover,
the battery storage is limited to its maximal capacity Cpax,
thus one has ¢; + ®; < Cpax. In the case that ¢; +P; > Cpax,
the battery capacity at the next time frame is still capped at
Cmax-

3 DQN-Based Resource Allocation Scheme

3.1 Problem Formulation

In order to efficiently exploit the harvested energy and en-
hance the performance of SUs, an intelligent resource allo-
cation scheme is proposed for SUs to select the operation
mode, the transmit power. and the channel to be used. Let
s; = (ci, e, i, 8i,9i) denote the network state of the ST at
each time frame i. With observation s; at the beginning of
the ith time frame, the ST strategically takes a joint action
a; = (x;,y;) € {(0,—1)}U{(1,m)|¥m} following a station-
ary policy 7. {s;|i € N1} is a controlled Markov chain with
the state transition probability given as

Prisipifsi, m(si)} = ( [T Pri{iemivilhumi})
meMN

x Prieiri|ei}Pr{gir1|gi}Pr{git1lgi}. (3)

If the ST decides to transmit information. i.e. x; = 1, in
order to improve the spectral efficiency of CRNSs, the trans-
mit power of the ST is designed to maximize the average
transmit rate of the SUs subject to the average interference
power constraint and the average transmit power constraint,
which are respectively given as

E{giF;;} < P, (4a)
E{P};} <Pn,P; >0, (4b)

where E{-} denotes the expectation operator; P, denotes
the maximum average interference power that can be toler-
able for the PU; P, denotes the maximum average transmit
power of the SUs. According to our previous work [?],
a deep neural network (DNN) which takes channel gains
{hm,i,gi,qi} as inputs is applied to obtain an optimal trans-
mit power P ; at each time frame. Thus, the battery storage
in the next time frame can be given as

Ci—PI‘:i, ifx,-: 1, (5)
Ci = ’
T ev @, ifxi=0.
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Figure 1. The structure of our proposed DQN algorithm.

After executing the chosen action at the current state, the
ST receives a corresponding reward r; = r(s;,a;), defined
as

Ry, ifx;=1,¢; > B}; and R; > Rpin,
ri=« fo, ifx;=0andc; <P}, (6)

0, otherwise,

where fy is a constant. Then, the ST moves into the next
state and all the channel states are changed at the beginning
of the new time frame.

The core of MDPs for making a decision is to learn a policy
7 that specifies the action 7(s) in the state s. Specifically,
the goal of the ST is to learn a policy & for selecting it-
s action a; on the basis of the current state s; in order to
maximize the expected discounted cumulative reward. The
cumulative reward is given as

V(s,7) = Ex [ y y‘lrl-] , %)

€N,

where 7 is the discount factor. Thus, the optimal policy 7*
can be obtained by maximizing V (s, ) at any given net-
work state. In this case, the problem can be formulated as

Py : maxV(s,m). 8
/1
The optimal policy m* can be given as 7 = argmax V (s, ).
3.2 DOQN-Based Scheme

In our formulated problem, the state space s is infinite since
the battery storage c is continuous. Thus, the Q-learning
method used in [8] is impossible to converge in our prob-
lem. In order to tackle this challenge caused by the infinite
state space, the deep Q-network proposed in [14] is applied.
Instead of generating a finite Q-value table, a deep neural
network is applied to approximate the Q-value function in
DQN. When the Q-value function is learned, the optimal
policy can be obtained by selecting the action with the high-
est Q-value at each state.

The structure of our proposed DQN algorithm is illustrated
in Fig. 1. Let 8 denote the set of weights of the Q-network.
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Figure 2. The loss function value versus the DQN training
steps.

The Q-value can be expressed as Q(s,a; 0). The training
data used to train the DQN are generated as follows. Given
state §; at time frame 7, the ST randomly selects an action
with probability €; Otherwise, it selects an action a; which
has the largest Q-value. After taking the action a;, the ST
receives a reward r; and observes a new state s;,1. This
transition d; = {s;,a;,r;,si41} is stored in the replay mem-
ory D. The training of the DQN begins when D collects a
sufficient number of transitions.

In the training stage, according to the experience replay
technique [13], [14] , the ST randomly samples a minibatch
of transitions from D to update the weights 6 in the direc-
tion of minimizing the loss function, which can be defined
as

L(®)=E| Y (Qc—O(si,ai:0))*|, ©9)

die0

where O is the set of sampled transitions batch from D. Q.
is a estimated Q-value with the current weight 8, given as

Qe=ri+7m3XQ(Si+1,a;90)- (10)

4 Simulation Results

In this section, simulation results are presented to demon-
strate the system performance of our proposed DQN-based
resource allocation scheme. The simulation parameters are
given as follows. For the DQN, the replay memory has a
capacity of U = 1000, the size of minibatch is 32 and the
learning rate is o = 0.001. Throughout the simulation, it
is assumed that the number of channels is M = 8. Sim-
ilar to [12], the channel gains %, € h and e are chosen
from a finite set 7 = & = {0.05,0.1,...,2.0}, the chan-
nel gains g and g are chosen from a finite set ¥ = 2 =
{0.01,0.12,0.23,...1.0}. In addition, B = 10° Hz, £ = 0.1,
y=0.9, pp =0.05W, 6 = 1073, Ryyjn = 2bits/s, u = 0.5,
Enax =024 W, a =150, b = 0.014, P,, = 50 mW and
Py =100 mW.

Fig. 2 shows the loss function value of the Q-network in the
training process. For a better presentation, we take samples
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Figure 3. The comparison of the average transmit rate
based on the non-linear EH model versus the linear EH
model.

every 200 points from the first 200 thousand training steps.
It can be seen that the loss value decreases and approaches
0 with the increase of the training steps in the training pro-
cess. It demonstrates that our proposed algorithm is conver-
gent. Based on the convergence of the loss value, the results
shown in Figs. 3 are obtained from the same well trained
DQN configuration.

Fig. 3 shows the comparison of the average transmit
rate obtained by our proposed DQN resource allocation
schemes based on the non-linear EH model with that
achieved by using the linear EH model. For a better com-
parison, the average transmit rate is defined as the average
value of every 100 transmit rates among the total 20 thou-
sand test time slots. It can be seen from Fig. 3 that the
performance achieved under the non-linear EH model giv-
en by eq. (3) is better than that obtained by using the model
given by eq. (2). The reason is that the non-linear ener-
gy harvesting model considers the nonlinear nature of the
practical EH circuit and its model more accurate than the
linear one. The same results have been shown in [7].

5 Conclusions

An intelligent resource allocation scheme based on DQN
was proposed in a wideband cognitive radio network un-
der the practical non-linear energy harvesting model. The
operation mode and the transmit power of the SUs and the
sub-carrier channel were jointly optimized to maximize the
achievable reward. It was shown that our proposed resource
allocation scheme based on deep reinforcement learning
under the non-linear EH model outperforms that achieved
under the linear EH model.
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