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existing Q-learning based method, while the 
resultant interference affecting the PU trans-
mission can be maintained at a given tolerated 
limit.
Keywords: cognitive radio network; non-or-
thogonal multiple access scheme; power allo-
cation; reinforcement learning

I. INTRODUCTION

Recently, the growing demand for high data 
rates as well as the increased number of users 
leads to a large amount of the energy con-
sumption. So that, energy consumption be-
comes the serious challenges in wireless com-
munication according to the limited battery 
capacity. Specifically, the energy efficiency 
(EE) of cognitive radio (CR) networks has at-
tracted the attentions of the researchers [1]–[3] 
. Therefore, the spectrum sharing strategies for 
the EE maximization in a CR network system 
have been investigated in [4]. Underlay CR 
network is capable of resolving spectrum scar-
city problem, where CUs can transmit simulta-
neously with PUs by using the same frequency 
spectrum, under the constraints that the in-
terference inflicted by CUs does not degrade 
PUs’ quality of service [5]. On the other hand, 
non-orthogonal multiple access (NOMA) has 
emerged as a promising approach to improve 
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primary spectrum band under the interference 
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ploying the non-orthogonal multiple access 
(NOMA) technique. In the proposed scheme, 
the optimization of the power allocation is 
formulated as a non-convex optimization 
problem. Additionally, the power allocation 
for different CUs is based on the actor-critic 
reinforcement learning model, in which the 
weighted data rate is set as the reward func-
tion,and the generated action strategy (i.e. the 
power allocation) is iteratively criticized and 
updated. Both the CU’s spectral efficiency and 
the PU’s interference constrains are considered 
in the training of the actor-critic reinforcement 
learning. Furthermore, the first order Taylor 
approximation as well as other manipulations 
are adopted to solve the power allocation op-
timization problem for the sake of considering 
the conventional channel conditions. Accord-
ing to the simulation results, we find that our 
scheme could achieve a higher spectral effi-
ciency for the CUs compared to a benchmark 
scheme without learning process as well as the 
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systems.
In this paper, we focus on studying the 

resource allocation problem in the underlay 
CR-NOMA system, and propose the novel RL 
based power allocation algorithm. In particu-
lar, we assume that multiple CUs could access 
into the PU’s spectrum simultaneously, by em-
ploying the NOMA technology. For the sake 
of explication, the main contributions of this 
paper can be summarized as follows.
•	� We formulate and analyze the novel pow-

er allocation problem for the underlay 
CR-NOMA system, where aiming to maxi-
mize the energy efficiency (EE) of the CUs 
while constraining the PU’s minimum rate 
requirement, in order to achieve the energy 
Self-Sustainability (ESS) in the CR-NOMA 
system. In particular, all the CUs must be 
served at the same time on the same spec-
trum, which requires to balance the inter-
ference among the CUs themselves, and to 
control the interference from the CUs to the 
PU below a certain threshold.

•	� We propose the novel power allocation 
method, namely actor critic (AC)-RL based 
power allocation algorithm, which can effi-
ciently managing the CUs’ transmit power 
with the knowledge of the quantized chan-
nel state information (CSI) only. By em-
ploying the reinforcement learning frame-
work, we design a novel actor-and-critic 
scheme with limited environment informa-
tion, where the state transition probabilities 
and the rewards are unknown. Furthermore, 
the policy gradient based method is de-
veloped to learn and iteratively update the 
stochastic policies, which eventually result 
in a promising power allocation strategy for 
the cognitive network.

•	� We carry out the comprehensive perfor-
mance evaluation for the proposed AC-RL 
power allocation algorithm. The simulation 
results show that the proposed algorithm 
can present a superior performance in terms 
of the achievable EE for cognitive net-
work, in comparison with the Q-learning 
algorithm and the case without the learning 
process. Furthermore, we show that, the 

access efficiency of future wireless networks, 
and it has fundamentally reshaped the design 
of future multiple access (MA) techniques. As 
one of the most popular regimes of NOMA 
technique, the key idea is to explore the differ-
ence in power domain for MA while achieving 
non-orthogonality in other domains, such as 
time, frequency, etc. More specifically, in a 
downlink NOMA scheme, a base station (BS) 
can serve multiple users within the same time/
frequency channel via different power alloca-
tion coefficients, where the users with poorer 
channel conditions are given more transmis-
sion power. Hence, NOMA encourages users 
to share the available spectrum, where MA 
interference is handled by applying advanced 
transceiver design, such as the successive 
interference cancellation as well as the super-
position coding [6]. In this trend, by blending 
the concepts of NOMA and underlay CR, it 
develops a new novel scheme, namely under-
lay CR-NOMA, which can significantly im-
prove network spectral efficiency. The benefits 
of using underlay CR-NOMA networks have 
been presented in [7]. Moreover, most existing 
works investigated the EE maximization in a 
CR network, the relative works related to the 
CR-NOMA system are less.

Recently, the use of the reinforcement 
learning (RL) has gained popularity in many 
fields. Specifically, each agent learns to change 
its own actions according to its study as well 
as the environment, where only one reward 
can be obtained and fed back for each action. 
Additionally, several RL technologies have 
also been implemented in wireless communi-
cations [8]–[11]. In[8], the authors have used 
the RL approach for channel selection aiming 
for reducing the amount of sensing required, 
which leads to the increased throughput and 
energy efficiency. Additionally, in [9], the 
Q-learning RL algorithm was employed to 
explore the spectrum sensing problem in the 
CR network. So far as known, very limited re-
search efforts have been devoted to investigate 
the RL scheme based resource allocation in 
wireless systems, especially, none works have 
been done for that in underlay CR-NOMA 

In this paper, we have 
proposed a novel AC-
RL algorithm for co-
ordinating the power 
allocation among dif-
ferent CUs in underlay 
C R - N O M A  s y s te m 
wi th  the  object ive 
of  max imiz ing the 
EE of the CUs while 
guaranteeing the PU’s 
minimum data rate 
requirement.
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Fig. 1.  The schematic of AC RL based on a underlay CR-NOMA environment con-
ceived.

. In this work, we focus on the downlink 
transmission from the CBS to the CUs. By 
employing NOMA technique, the K CUs are 
capable of accessing the same spectrum si-
multaneously. Therefore, different from the 
existing studies, instead of one CU, multiple 
CUs are allowed to access the PU’s spectrum 
band as long as their interferences to the 
PU’s transmission are below the pre-defined 
threshold Ith. In that case, the transmit power 
of CUs should be restricted according to the 
performance requirement of the primary trans-
mission. Otherwise, the CUs need to remain 
silent.

In the downlink cognitive transmission, the 
CBS transmits the superposed information of 
the K CUs together. For example, the received 
signal at CUk is given by

	Y h P X h P X nk k k C k PU k PU C
CU CU PU= + +∑

k

K

=1
α , ,

� (1)

where k K= …1, ,  and αk denotes the power 
allocation coefficient for CUk.Note that,hk

CU 
is the channel gain between the CBS and the 
CUk,which is assumed to follow independent 
Rayleigh fading. Further, the noise term at 
CUk is denoted by nC, which follows Gauss-
ian distribution with a zero mean and a noise 
variance of N0 / 2 per dimension. Let us as-
sume that, the transmitted symbol for CUk 
satisfies X k ~ (0,1) , and that for PU also 
follows X PU ~ (0,1) . In the context of the 
underlay CR-NOMA system, the PU should 
satisfy its own requirement before allowing a 
group of CUs to access its spectrum, namely 

R RPU PU= + ≥log (1 )2 | |h
P h

CU PU

PU PU

,

| |
2 2+σ

2

η req . N o t e 

that,η is a positive scale factor, defined by 
the PU and can be adjusted according to dif-
ferent demands [1]. Note that, we assume the 
requirement Rreq

PU or PU is set as the data rate 
without interference from cognitive transmis-
sion. Accordingly, by considering the interfer-
ence constraints of the PU, for the downlink 
transmission, the transmit power at the CBS 

AC-RL algorithm has a good convergence 
rate being similar to that of the Q learning 
algorithm which however demands much 
higher implementation complexity for ac-
quiring the full knowledge of CSI.
Therefore, we may conclude that, for the 

underlay CR-NOMA system, our AC-RL 
based power allocation is a promising and 
practical solution for efficiently coordinating 
the transmit power for cognitive network with 
NOMA scheme employed. The rest of this pa-
per is organized as follows. The system mod-
el is introduced in Section II and an energy 
efficient optimization problem is formulated 
in Section II. Then in Section III, a power al-
location algorithm based on the reinforcement 
learning method is derived. Additionally, by 
using the first order Taylor approximation 
method, another power allocation algorithm 
is considered in Section IV. Simulation results 
and conclusions are finally presented in Sec-
tion V and Section VI.

II. SYSTEM MODEL

In this paper, we consider an underlay 
CR-NOMA system as described in Figure 1, 
consisting of a PU transmitter-receiver pair 
as well as a cognitive network. In particular, 
there are one cognitive transmitter, referred to 
as cognitive base station (CBS), and K number 
of CUs, whose indexes are included in the set 
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where the interference from the PU to the CUs 
{ | | , }P h kPU PU k,

2 ∀  is assumed to be known 
by the CBS. On the other hand, the spectral 
efficiency of CUK, which has the best channel 
condition,

can be expressed as

	 SEK
CU = +log 1 .2

 
  
 P hPU PU K

| |
| |
h PK C

2

, +σ 2 � (5)

In this work, it focuses on the power allo-
cation in the underlay CR-NOMA system con-
sidered,

and aims to maximize the EE of the CUs. 
Therefore, energy efficiency is defined as the 
ratio of

the rate over the power [14], is shown as 
follows

	 EECU =
SE

PC

CU

.� (6)

By observe the Eq. (6), maximize the ener-
gy efficiency of the system is identical to max-
imum

the spectral efficiency. When given the 
PU’s predefined QoS requirement, the objec-
tive function

of maximizing the cognitive system’s spec-
trum efficiency are formulated as:

	

max ,

s t a. . ( )

( )0 , ,
( 3

A

b k
c Eq) . .

∑
K

∑
k

K

k
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SE
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=

≤
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Above, let us define the variable vector of 
power allocation by A = …[ , , , ]α α α1 2 K

T.In 
the problem, constraint (a) ensures that all the 
transmit power available at the CBS will be 
allocated

to the CUs. Further, condition (b) means 

should satisfy that

	 PC ≤ −
| |hCU PU

1

,
2

 
 
 

P hPU PU

2 1ηR

| |
req
PU

−

2

σ 2 ,� (2)

which ensures the unwanted CUs’ inter-
ference at the PU is controlled by imposing 
a limit on the maximum transmitting power 
at the CBS. In (2),hPU is the channel gain be-
tween the PU transmitter and receiver, and PPU 
denotes the transmit power of the PU. Note 
that,hCU PU,  is the equivalent channel gain be-
tween the interfering CUs and the PU. Note 
that Eq. (2) denotes the maximum permissible 
interference power at the PU’s receiver, which 
ensures the unwanted CU’s interference at the 
PU is controlled by imposing a limit on the 
maximum transmitting power for the CU’s 
transmitter. Furthermore, based on Eq. (2) as 
well as considering the other system setups, 
the total transmit power at the CBS should be 
constrained as follow [12]:

	P PC S = −min , ,
 
 
  | |hCU PU

1

,
2

 
 
 

P hPU PU

2 1ηR

| |
req
PU

−

2

σ 2

� (3)

where PS is the maximum transmission power 
at the CBS.

Without loss of generality, let us assume 
that the CBS has the information of the or-
dering for the CUs’ channel qualities. For 
example, we have that | | | | | |h h h1 2

2 2 2≤ ≤ ≤ K . 
When employing the NOMA technique, the 
power allocation coefficients for the CUs 

should satisfy ∑
K

k
αk = 1. Therefore, the suc-

cessive interference cancellation (SIC) tech-
nique can be carried out at the CU receivers. 
Furthermore, let us assume that, the decoding 
order of the SIC at each receiver always fol-
lows the ascending order of CUs’ channel 
conditions, and each CU’s minimum SINR re-
quirement (i.e. minimum decoding threshold) 
can be met [13]. Then, according to the princi-
ple of NOMA scheme, the spectral efficiency 
of each CU, such as CUk, can be given by
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know, there is no published studies that have 
applied the conventional approaches, such 
as convex optimization, to solving resource 
allocation problems in NOMA systems upon 
having the quantized CSI only. By contrast, 
reinforcement learning (RL) approach is able 
to self-adapt wireless systems with inaccurate 
channel information, and can be employed to 
find promising power allocation strategy. In 
particular, by using the actor-critic (AC) RL 
approach, the actor process generates contin-
uous policy and the critic process evaluates 
the actor, forming a trial-and-error learning 
process, which can dynamically adjust the 
strategy toward a promising result as long as 
the objective is properly set up. Therefore, the 
above features guarantee that the AC based RL 
approach perfectly match our power allocation 
problem especially for lack of full CSI.

III. REINFORCEMENT LEARNING BASED 
POWER ALLOCATION ALGORITHM

In this section, we propose the AC-RL based 
power allocation algorithm, which aims to 
solve problem (7). Let us first analyze our op-
timization problem, and then discuss how to 
apply the AC-RL approach.

3.1 Problem analysis & general 
theory of AC-RL

In the underlay CR-NOMA system, our pow-
er allocation problem in (7) can be regarded 
as a discrete-time Markov decision process 
(MDP) with continuous states and actions. To 
address the practical implementation, tradi-
tional convex optimization approach cannot 
find the optimal solution, even a sub-optimal 
solution, to problem (7) with the knowledge of 
quantized channel gains. On the contrary, The 
model-free RL framework can be applied to 
our problem, since it only needs to know par-
tial information about wireless environment to 
derive the state (i.e. power allocation strategy) 
transition probability and expected rewards of 
the states.

By exploiting the features of general RL 
framework, we adopt the AC-RL approach for 

that the transmit power for each CU is low-
er-bounded by 0, and is upper-bounded by full 
power. By contrast, condition (c) indicates that 
the transmit power of the CUs should satisfy 
the interference constraint of the PU. Further-
more, observed from the objective function, 
problem (7) is a non-convex problem, which 
is difficult to solve and requires to know the 
information of all CUs’ CSI. However, in 
practical scenarios, it is hard to obtain the 
perfect knowledge of users’ CSI due to the 
limited ability of feedback channels and dy-
namic communication environments. In our 
CR-NOMA system, we assume frequency 
division duplex (FDD) is used, in which case 
the channel information at the CBS can only 
be obtained by the feedback from CUs. With 
practical consideration of expensive feedback 
resources, limited amount of quantized chan-
nel gains are allowed in our system. Without 
loss of generality, each CU is assumed to have 
the knowledge of its channel gain, such that, 
CU k knows | |hk .By employing Lloyds vector 
quantization (LVQ) approach [15], each CU 
feedbacks an index of B bits to the CBS. Note 
that, let us assume the feedback links are delay 
less and error-free [16].Hence, the CBS can 
obtain the quantized channel gains { , }h kk̂ ∀  
when receiving the indexes.Therefore, in con-
trast to the existing literatures requiring the 
knowledge of full CSI between the CBS and 
CUs, in this paper we assume that, the CBS 
has the information about quantized channel 
gains only, such that {| | [| |], }h h kk̂ k= ∀ (note 
that [ ]x  is the nearest integer of x),which can 
significantly reduce the burden on feedback 
channel [7]. In that case, conventional ap-
proaches, such as convex optimization, will 
be impossible to solve the problem (7) in the 
absence of full CSI. By contrast, deep learn-
ing approach is able to self-adapt wireless 
systems with inaccurate channel information, 
and can be employed to find promising power 
allocation strategy, which will be descried in 
Section III. Apparently, it is extremely diffi-
cult to find a promising solution for problem 7 
in the absence of full CSI. Hence, so far as we 
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approach is to learn how to map  to optimal 
states via the trial-and-error learning experi-
ence, aiming to maximize the accumulated 
sum of the rewards for the CUs in time.

In the AC-RL approach, the actions are 
obtained at the beginning of each step by 
learning the existing environment state. For 
our CR-NOMA system, the state is determined 
by the Signalto-Interference-and-Noise Ratio 
(SINR) of CU, such as, the state set St during 
step t can be defined as:

	 S t t tt K= { ( ), ( ), , ( )} ,γ γ γˆ ˆ ˆ1 2
CU CU CU

 � (9)

where t T= {1,2, , } max  with Tmax being the 
maximum number of the steps, and St ∈ .Let 
us define that

γ

| | | |

ˆ

h P P h

k
CU

ˆ ˆ
k k C PU PU k

2 2 2

=

k k k h h′ ′= ≠ <1, ,| | | |
∑

K

ˆ ˆ
k k′

| |h Pˆ

α σ

k C k
2

′ + +

α

,

,

� (10)

where k K= …1,2, , .Note that, the first term of 
denominator in (10) vanishes for k K= .

In our problem, the agent decides how 
much power could be allocated to each CU 
during every step. Additionally, the action set 
At for step t can be defined as:

	 A t t tt K= { ( ), ( ), , ( )} .α α α1 2  � (11)

Again,αk ( )t  is the power allocation fac-
tor for CU k.Specifically, when an action At 
is executed and the system is at state st the 
corresponding reward Rt of the system can 
be obtained by computing Eq. (4) or Eq. (5), 

namely  R A SE t( ) ( ( ))t k k= ∑
k

K

=1

CU α .S ince  the 

action space  is continuous, assume that, 
the action At is dependent on the stochastic 
policy π ( | ) Pr( | )a s A a S s= = =t t  which is 
a mapping from the network situations to the 
probability of taking actions.More specifically, 
an agent can evaluate and change its policy ac-
cording to the value function which is defined 
as the expected value of cumulative discount-
ed rewards received over the entire process. In 
our system, it employs the state-action value 

our problem, where the schematic has been 
shown in Figure 1. In particular, the agent 
learns the optimum policy as well as the cor-
responding value function via the interactions 
with the environment. Note that, there are 
two parts in the agent, namely the actor (i.e. 
policy) and the critic (i.e. estimated value 
function). Specifically, the aim of the actor is 
to define the parameterized policy and also to 
generate the actions based on the observed en-
vironment state. On the other hand, the critic 
will evaluate and criticize the current policy 
by processing the rewards received from the 
environment. Then, the actor is able to use the 
output from the critic so that its policy param-
eters are updated, after the approximation of 
the value function. Hence, the output of the 
critic is proportional to the temporal difference 
(TD) error which indicates whether the results 
get better or worse than the expectation. Addi-
tionally, it can also be used to adjust both the 
actor and the critic for the sake of reducing 
the TD error. As proved in [9], the actor-critic 
method has a good property of quick con-
vergence when learning continuous-valued 
stochastic policies. In order to maximize the 
final reward, in the AC-RL approach, it maps 
the states to achieve the optimal behaviors by 
using the trial and error learning experiences. 
Moreover, for the sake of accelerating the 
learning process, the AC-RL needs to learn the 
value and strategy functions separately. Ad-
ditionally, the final obtained strategy aims to 
maximize the objective function as described 
in Eq.(7).

3.2 Principles of AC-RL based power 
allocation algorithm

Let us first introduce the following definitions. 
When considering the AC-RL for the underlay 
CR-NOMA system, the factor matrix is given 
by

	 M  {   , , , ,} � (8)

where  denotes the state space, indicates 
the action space, represents the probability 
of transition state space, and  denotes the 
reward function. The key idea of the AC-RL 
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the agent observes the environment and gener-
ates an action based on the Gaussian policy and 
also the immediate reward. In the proposed AC-
RL approach, the actions are obtained at the 
beginning of each step by learning the existing 
environment state, in which the quantized chan-
nel gains can be fedback to the CBS. Note that, 
we employ the equal assignment of transmit 
power for initializing the actor set A0, which in 
turn gives the initialized state set S0.Note that, 
the critic part can estimate the value function 
and calculate the TD errors. However, the critic 
updates its parameters in proportion to TD er-
ror and eligibility trace. The actor part uses the 
outcome from the critic part to compute the ad-
vantage function and estimate the policy. After 
that its parameters are updated towards the final 
policy.

IV. OPTIMAL POWER ALLOCATION

Different to the AC-RL power allocation 
method employed in the Section III. In this 
section, we use the optimization method to 
solve the objection function of Eq. (7) in the 
perfect channelcondition. As described in Sec-
tion II, the objective function of Eq. (7) is a 
monotonically and non-decreasing log( )⋅  func-
tion, which cannot affect the convexity of this 
problem. Apparently,Eq. (7) is not a convex 
problem. Then we obtain the following propo-
sitions.

4.1 The proposed optimal power 
allocation algorithm

Proposition 1: The optimization problem in 
(7) for power allocation is quasi-concave 
problem.

Proof :A maximization optimization prob-
lem is quasi-concave when the objective 
function is quasi-concave and the constraints 
are convex [17]. The conditions (a) and (b) in 
Problem (7) are convex, since both of them 
are linear.

It is observed that Problem (7) is NP-hard 
even though the existing of the convex con-
straints of (7)(a) and (7)(b) based on the the-

function which is the expected value of accu-
mulated rewards starting from the current state 
and action, and then, uses the given policy to 
select the next action. Thus, the state-action 
value function can be computed as:

	 π β π( | ) | , , .s a R S A= E 
 
 
∑
t =1

t t t t � (12)

Above,E( )⋅  indicates the expectation, and 
βt is (belonging to (0, 1)) the discount factor 
which can weigh the myopic or foresight-
ed decisions. As described by Eq. (12), the 
state-value function is used to quantify the 
value of executing the action set At at the state 
set St and to make a decision according to the 
given policy π.Moreover, our application has 
infinite number of states and action spaces, 
since the transmit power of CUs is continu-
ous variable. On the other hand, the perfect 
channel information of CUs is not available. 
Hence, it is impractical to compute all the 
value functions for every possible state-action 
pair.

With the above discussions, let us now in-
troduce the principles of the proposed AC-RL 
based power allocation algorithm, which is giv-
en by Algorithm 1. At the start of the algorithm, 

Algorithm 1.  Principles of AC-RL algorithm.

1	 Initialization:
2	� Set the learning rate for the actor space ηa and that for the critic space ηc;Set 

the discount factor β;
3	 Initialize A K k0 = = ∀{ (0) 1/ , }αk ,and compute S k A0 0= ∀{ (0), }γ̂ k ;

4	 Set the initial value function as Q S A( 0 0, 0) = ;

5	 Input and set the the basic elements.
6	 Set the action set At as A t t tt K= { ( ), ( ),..., ( )}α α α1 2 ;
7	 Set the state set St as S t k At k t= ∀{ ( ), }γ̂ ;

8	 While t T≤ max

9	 Calculate immediate reward:R SE tt k k= ∑
k

K

=1

CU ( ( ))α ;

10	 Calculate TD error: using δ βt t t t t t= + −R Q S A Q S A( , ) ( , );− −1 1

11	 Select the action based on the value function: update as
	 Q S A Q S A( t t t t c t+ +1 1, ,) ← +( ) η δ ;

12	 Update the strategy function:π π η δ(S A S At t t t a t+ +1 1, ,) ← −( ) ;
13	 Update t t← +1;
14	 End
�
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of Eq. (15) is a difference between these two 
convex functions. Moreover, the second qua-
dratic term on the right side of Eq. (15) can 
be approximated by its low bound, which is 
linear and is obtained by using Taylor series 
expansion, based on the convexity of itself. 
Then, we obtain the following first order Tay-
lor approximation around the points ( , )t bk k

( ) ( )n n
′ ′  

and is given by

	

f t b t b( , ) ( )k k k k′ ′ ′ ′

≥ − + −



= −

( ) 2( )

g t t b b

× − − +

t b t bk k k k

( , , , )

( ) ( ) 2 ( ) ( )n n n n

( )
′ ′ ′ ′

t t b b

k k k k

k k k k

′ ′ ′ ′

′ ′ ′ ′

( ) ( )n n

( ) ( )n n

2

� (16)

w h e r e  ( , )t bk k
( ) ( )n n
′ ′  c a n  b e  u p d a t e d  b y 

( , ))t bk k
( 1) ( 1n n
′ ′

+ + . However, in every iteration the 
approximated inequality satisfies the following 
conditions [19], [20], given by

	 f t b g t t bk b( , ) ( , , ) ,k k k k k′ ′ ′ ′ ′≥ n n′ � (17)

	 f t b g t t b b( , ) ( , , , ) ,k k k k k k
n n n n n n
′ ′ ′ ′ ′ ′= � (18)

f t bk g t t b b( , ) | ( , , , ) |k k k k k′ ′ ′ ′ ′′
( , ) ( , )t t bk k k k

n n n n
′ ′ ′ ′β

= ∇ n n � (19)

Above, ∇f denotes the gradient of f.Further, 
the auxiliary variables ( , )t bk k′ ′  can be updated 
by t tk k

( 1) ( )n n
′ ′

+ =  and b bk k
( 1) ( )n n
′ ′

+ = ,when condition 
(19) is satisfied in each iteration.

Hence, the problem of (14) can be convert-
ed to convex problem at the n th iteration by 
replacing ( )t bk k′ ′− 2 with g t t b b( , , , )k k k k′ ′ ′ ′

( ) ( )n n ,and 
it is given by

	 max .A b t, , ( )∏
k∈

tk
| |K

1
′ � (20)

s t a h P b g t t b b. . ( )4(| | ) ( , , , )
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( ) , 1, , 1 ,t b s K
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( )

α + +

( ) ( )

n n

( )
Known from [21], Problem (20) is convex 

at the nth iteration round points ( , )t bk k
( ) ( )n n . 

Therefore, we propose a successive iterative 
algorithm (SIA) to locally solve the approxi-
mation of Problem(20), which is related to the 
sequential convex approximation method [19].

As a result, the proposed optimal power 
allocation algorithm can be described in Algo-

ory in [18]. Hence, Problem (7) can be trans-
formed into the sequence of linear programs 
and develop a customized low-complexity 
polynomial algorithm, in order to get its local 
optimal solution.

Let us first transform the origin problem of 
(7) into

	 m xa  ( )∏
k∈

Rk
CU | |K

kl
′  � (13)

where Rk
CU has been defined in Eq. (4) and 

| |K ′  s the number of CUs within a specific 
group. Based on the objective function of Eq. 
(7), we introduce two slack vectors t ∈| |K ′  
and b ∈| | 1

+
K ′ −  with the elements tk and bk,re-

spectively. Then Eq. (13) can be rewritten as
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Additionally, the objective function of Eq. 
(14) is a geometric mean function, which is 
concave and increasing, respect to vector t. 
Constraints (b) and (c) of problem (14) are 
derived from Eq. (5) and Eq. (4). The original 
power allocation problem of (7) is equivalent 
to the transformation problem of (14). How-
ever, the objective function of Eq. (14) is still 
non-convex and intractable due to the bi-linear 
term in constraint (a). Therefore, we need to 
implement the further constraint (a) of (14) 
can be rewritten as | |h P t b bCU C k k k k

2 α ≥ −′ ′ ′. 
Hence, the transformation of this bi-linear 
term t bk k′ ′ can be computed as

	 t b t b t bk k k k k k′ ′ ′ ′ ′ ′= + − −
1
4

[( ) ( ) ] .2 2 � (15)

It is observed that Eq. (15) is a non-convex 
function, and the term ( ) ( )t b t bk k k k′ ′ ′ ′+ − −2 2 
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Furthermore, Problem (20) have been solved 
by using the proposed SIA of Algorithm 2, 
which generates a non-decreasing sequence of 
objective values, i.e. ( 1) ( )n n+ ≥ . According 
to the proposition 2, the proposed iterative al-
gorithm converges to a finite value. However, 
we cannot prove the algorithm converges to 
the global optimum solution, due to the origi-
nal problem of (14) is non-convex.

In the following proposition, we will prove 
that our proposed algorithm satisfies the 
Karush-Kuhn-Tucker (KKT) conditions.

Proposition 3: Algorithm 2 converges to the 
KKT point of Problem (14) when it achieves 
the pre-defined accuracy.

Proof : Let us define an accumulation point 
* of the sequence of variables  ( )n  at con-
vergence. We first need to simplify the con-
straints in the original problem Eq. (14) and 
the approximation problem Eq. (20). Since 
the only difference in the constraints of both 
problems is the first constraint, we set the re-
main constraints as a function Gk ( ) .The ap-
proximation problem (20) satisfies the Slater’s 
conditions since it is strictly convex program 
[21]. Then, the KKT conditions of Eq. (20) at 
the accumulation point * can be expressed 
as following with the optimal dual variables 
λ µk k

* *,

	
∇ − −f t g t t A0 ( ) ( , , , )

+ =

k k k k k k k
* * * (*) * (*) *

∑
k

K

=1
µ

∑
K

k =

−

k k
* *

1

1

G

λ β β( )

( ) 0
� (21)

	 λ β βk k k k k k
* * (*) * (*) *( )g t t A( , , , ) 0− = � (22)

	 µk k
* *G ( ) 0. = � (23)

where A t h Pk k k Ct Cr c k k
* * * 2 2 * *= + − +( ) 4(| | )β α β, k

. 

A c c o r d i n g  t o  t h e  e q u a l i -
t y  c o n d i t i o n  E q .  ( 1 6 ) ,  w e  k n o w 
( ) ( , ) ( , , , )t f t g t tk k k k k k k k

* * 2 * * * (*) * (*)− = =β β β β . Then 
replacing g t t( , , , )k k k k

* (*) * (*)β β  by ( )tk k
* * 2− β , the 

above KKT conditions can be reformulated as

∇ − − − + =f t t A G0 ( ) ( ) ( ) 0k k k k k k k
* * * * 2 * * *∑ ∑

K K

k k= =

−

1 1

1

λ β µ( ) 

� (24)

rithm 2.

4.2 Convergence analysis

In this section, we analyze the convergence 
of the proposed SIA algorithm as shown in 
Algorithm 2. Let us define the feasible set 
as  ( )n  and the sequence of variables set as 
 ( ) ( ) ( )n n n= [ , ]t bk k ,for all si in the n th iteration 
of the problem in Eq. (20). Furthermore, we 
assume that feasible set of the problem in Eq. 
(14) as . Then, we readily obtain the Propo-
sition 3.

Proposition 2: The sequence of vari-
ables  ( )n  belongs to .By defining the ob-
jective value of Eq. (20) as  ( )n ,we have 
 ( 1) ( )n n+ ≥ ,and the algorithm converges.

Proof : In order to prove  ( )n  belongs to 
,we only need to prove  ( )n  is included in 
.Since  ( )n  is the optimal solution for Prob-
lem (20), the sequence of variables  ( )n  be-
longs to  ( )n , such that  ( ) ( )n n∈ .We assume 
that the variables tk

( )n *

 and bk
( )n *

 are the optimal 
solutions for Problem (20) at the n th iteration. 
Then tl

( )n *

 and bl
( )n *

 belong to the feasible set 
 ( )n  and they satisfy the all the constraints of 
Problem (20). We can clearly prove that tk

( )n *

 

and bk
( )n *

 also satisfy all constraints in Problem 
(14). That is because we employ the convex 
approximation g t t b b( , , , )k k k k

( ) ( )n n  for ( )t bk k− 2 
and the conditions in Eq.(19). Hence,  ( )n  is 
included in  and the sequence of variables 
 ( )n  belongs to .Since the point ( , )t bk k

( 1) ( 1)n n+ +  
at the n +1 th iteration is updated by the se-
quence of variables  ( )n  at the n th iteration, 
the point ( , )t bk k

( 1) ( 1)n n+ +  belongs to the feasible 
set of Problem (20) at the n +1 th iteration. 

Algorithm 2.  Proposed successive iterative algorithm (SIA) for solving the 
problem of Eq. (20).

1	 Initial state: Set ( , )t bk k
( ) ( )n n  of Problem (20) while n = 0.

2	 Repeat
	 1) Solve Problem (20) with ( , )t bk k

( ) ( )n n
′ ′  to get the optimal values ( , )t bk k

* * .
	 2) Set n n→ +1, update ( , ) ( , )t b b tk k k k

( 1) ( 1) * *n n
′ ′

+ + = .
until Converge.
Output the optimal solution of Problem (20).
�
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rithm, the Q-learning based power allocation 
algorithm requires to know the full knowledge 
of instantaneous CSI of the CUs. From Figure 
2, it confirms that our power allocation based 
on the AC-RL algorithm successfully finds an 
optimal tracking controller for underlay CR 
system.

Figure 3 compares the SE performance 
of the proposed AC-RL with the other algo-
rithms. In the figure, we have employed a 
benchmark strategy, referred to as the case 
without learning process[3], in which a fixed 
fractional power allocation method is used. 
In particular, the transmit power of CU k is 

allocated by:αk =
P h

∑
C k
K

k

| |

| |hk
−

−

β

β

F

F

, where βF is the 

decay factor, namely 0 1≤ ≤βF .Without loss 
of generality, we set βF = 0.8 in our paper, and 
this setup retains the same during the entire 
transmission period considered. Note that, 
the case without learning process requires the 
CBS to have the full knowledge of CSI for the 
CUs’ links. Observed from the figure, the SE 
of the CUs increases in majority cases as the 
transmit power available for cognitive network 
gets bigger, i.e. the ratio P PS PU/  gets bigger. 
The reason behind is that, the SE of the CUs 
is positively related to their transmit power 
available, which can be known from (4) and 
(5). However, we should aware that, if keep 
increasing the transmit power for the cognitive 

	 λ βk k k k
* * * 2 *( )( ) 0t A− − = � (25)

	 µk k
* *G ( ) 0. = � (26)

It is clearly shown that the reformulated 
KKT conditions above are also the KKT con-
ditions of the original problem of Eq. (14). 
Therefore, the convergent point * generated 
by the proposed algorithm is a KKT point of 
Eq. (14).

V. SIMULATIONS RESULTS AND 
ANALYSIS

In our considered underlay CR network, the 
CBS is located at the origin of a disc i with 
radius one. Assume that, the CUs are random-
ly distributed in the disc c.The downlink 
transmission from the CBS to the K CUs is 
based on NOMA technique. The PU stays in 
the margin of a disc o with radius two, and is 
outside of the o.Moreover, we assume that Pt 
and Pr are located at the opposite sides of the 
square with the distance of four. By consider-
ing the tradeoff between complexity and per-
formance, in our simulation we set B = 3 bits 
for acquiring relative precise channel quanti-
zation results. Furthermore, let us set up: 1) 
the number of CUs is K = 6, 2) the transmit 
power for PU is PPU = 15 W, 3) the discount 
factor is β = 0.9,4) the scale factor is given 
as η = 0.8, 5) the learning rate of the actor is 
ηa = 0.01, and 6) the learning rate of the critic 
as ηc = 0.001.

Figure 2 shows the performance of the 
SE of the CUs versus the time index. Note 
that, we use the fixed actor’s learning rate as 
well as the critic’s learning rate. As known, 
Q-learning is a value-based RL method which 
has been widely used to solve the stochastic 
optimization problems[8]. Hence, in the figure 
we also evaluate the Q-learning based power 
allocation scheme. By using the Q-learning, 
the continuous-valued states and actions have 
to be quantized and the real value is replaced 
by an approximation from a finite number of 
discrete-values. In contrast to our AC-RL algo- Fig. 2.  The performance of the SE of the CUs versus the time index.
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number of accessing CUs.
Furthermore, as shown in Figure 3, we 

observe that, the SE achieved by our AC-RL 
algorithm may decrease and/or keep constant 
as the ratio P PS PU/  keep increasing, especially 
when P PS PU/ 1≥ ,i.e. the total transmit power 
for cognitive network is greater than that for 
primary network. This observation implies 
that, our AC-RL may result in a power allo-
cation strategy that assigns too much transmit 
power to the CUs with strong channel condi-
tions, which causes heavy interference among 
the CUs. Moreover, in the figure, an overlap 
between the Q-learning approach and our AC-
RL approach can be observed for the scenario 
of P PS PU/ 1≥ .In this case, the actor part of 
AC-RL at that situation can be treated as a 
fixed strategy and cannot predict the errors, 
which results in the performance similar to 
that of the Q learning. Note that, the perfor-
mance saturation for our AC-RL is also due 
to the lack of knowledge about instantaneous 
CSI. As seen from Figure 3, a much higher SE 
performance can be obtained by employing 
the AC-RL algorithm, in comparison to that 
by the case without learning process, although 
our AC-RL approach has the quantized CSI of 
the CUs only.

As we mentioned in Section II, the ex-
pression of EE is shown in Eq.(6). Figure 4 
compares the convergence performance of 
the proposed AC-RL algorithm with the Q 
learning approach, which is a value-based RL 
method for solving the stochastic optimiza-
tion problems Eq. (7). By using the Q learn-
ing algorithm, it requires the CBS to know 
the full knowledge of CUs’ CSI. Seen from 
the figure, both the algorithms can converge 
within a relatively small time steps, while our 
proposed AC-RL requires slightly more time 
steps. Note that, during each step of the AC-
RL algorithm, the state and action spaces con-
tains six elements corresponding the six CUs. 
Further, the state space is computed based on 
the knowledge of quantized CSI, which can 
be acquired by feedback links. Moreover, in 
comparison with the Q learning, the curve for 

network, it will inevitably lead to the increase 
of interference from the cognitive transmis-
sions to the primary transmission. In that case, 
this may violate the constraint of interference 
threshold at the PU, i.e. the constraint in Eq. 
(2), which in turn causes the result of a re-
duced number of CUs accessing to the PU’s 
spectrum. Therefore, we may conclude that, 
in practical systems one should consider a 
trade-off between the maximization of the SE 
of cognitive network and maximization of the 

Fig. 4.  The average EE performance of the cognitive network versus time steps.

Fig. 3.  Comparision of the CU’s SE perofrmance when varying the transmit power 
ratio between the maximum transmit power at CBs and that of the PU,P PS PU/ .
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complexity is ( !2 )K 2K [23]. Thus, by us-
ing the AC-RL algorithm the computational 
complexity is less by comparing with the SIA 
algorithm.

VI. CONCLUSIONS

In this paper, we have proposed a novel AC-
RL algorithm for coordinating the power 
allocation among different CUs in underlay 
CR-NOMA system with the objective of max-
imizing the EE of the CUs while guaranteeing 
the PU’s minimum data rate requirement. 
Note that, our ACRL algorithm can be op-
erated upon knowing the quantized channel 
gains only. With the aid of setting up the re-
ward function as the weighted data rate, the 
proposed AC-RL approach iteratively result 
in the action of the power allocation strategy 
criticized by the TD error. Numerical results 
have proved that our proposed scheme sig-
nificantly outperforms the benchmark scheme 
without considering learning process, and can 
achieve similar or superior performance com-
pared to the Q learning approach which how-
ever demanding much higher implementation 
complexity. By comparing with the traditional 
optimization solution, our AC-RL algorithm 
has less complexity and can also be employed 
in the quantized channel condition scenario. 
Overall, we may conclude that, for the under-
lay CR-NOMA system, our AC-RL algorithm 
is a promising and practical solution for effi-
ciently coordinating the transmit power for the 
cognitive network.
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