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ABSTRACT NOMA is a radio access technique that multiplexes several users over the frequency resource
and provides high throughput and fairness among different users. Themaximization of theminimum the data-
rate, also known as max-min, is a popular approach to ensure fairness among the users. NOMA optimizes the
transmission power (or power-coefficients) of the users to perform max-min. The problem is a constrained
non-convex optimization for users greater than two. We propose to solve this problem using the Double
Deep Q Learning (DDQL) technique, a popular method of reinforcement learning. The DDQL technique
employs a Deep Q- Network to learn to choose optimal actions to optimize users’ power-coefficients. The
model of the Markov Decision Process (MDP) is critical to the success of the DDQL method, and helps
the DQN to learn to take better actions. An MDP model is proposed in which the state consists of the
power-coefficients values, data-rate of users, and vectors indicating which of the power-coefficients can be
increased or decreased. An action simultaneously increases the power-coefficient of one user and reduces
another user’s power-coefficient by the same amount. The amount of change can be small or large. The
action-space contains all possible ways to alter the values of any two users at a time. DQN consists of
a convolutional layer and fully connected layers. We compared the proposed method with the sequential
least squares programming and trust-region constrained algorithms and found that the proposed method can
produce competitive results.

INDEX TERMS Non-orthogonal multiplexing, double deep Q learning, deep reinforcement learning,
non-convex optimization, power-domain NOMA.

I. INTRODUCTION
Reinforcement learning (RL), a paradigm that lies between
supervised and unsupervised learning, is employed to solve
sequential decision-making problems. It is a class of algo-
rithms that enables the agent to learn to take sequential deci-
sions in complex or uncertain environments with the help
of some feedback from the environment. Markov decision
process (MDP) is the standard way to represent the sequential
decision problems (SDP) mathematically [1].

An MDP consists of states, actions, state transition func-
tion, and a reward function. The MDPs have a set of finite
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states that can be expressed using a vector or a matrix. A state
shows the environment’s unique characteristics, as observed
by the agent. When the set of states has a goal state, then
the task given to the RL algorithm to solve is referred to
as an episodic task. Whereas, when there is no goal state,
then the task is named as a continuous task. An MDP also
contains a finite set of actions that can change the state of
the environment. The environment returns a reward to the
agent upon application of any action. The reward is a quantita-
tive measure of the selected action’s appropriateness towards
reaching the goal while considering the environment’s current
state. The state transition function defines the probabilities
of transition from the current state to other states. In MDPs,
the transition probability to any next state only depends on
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the current state. An agent’s policy contains the actions or
probability distribution of the set of actions for all states. The
goal of RL is to learn an optimal policy for the given task.
When the environment’s internal dynamics are completely
known, then we apply model-based RL that computes the
optimal policy using the Bellman equation with dynamic pro-
gramming or iterative methods. However, when the environ-
ment’s internal details are completely or partially unknown,
we apply model-free RL. The model-free RL estimates
the best actions for the states through interaction with the
environment.

Q-learning is a popular temporal difference (TD)-based
model-free method of RL [2]. It uses a table to store the
Q-values of all possibles pairs of states and actions. The
Q-value of a state s and action a is denoted by Q(s, a), and
is a quantitative measure of how good it is to apply action a
in-state s. For a large number of states and actions, the tab-
ular approach becomes infeasible. The deep Q-learning
(DQL) solves the problem by approximating the Q-values
(Q(s, a)) using deep neural networks (DNN) or neural net-
work (NN). Recent research showed that the DQL algorithm
could over-estimate the Q-values in some cases [3], [4]. This
over-estimation leads to sub-optimal performance of theDQL
algorithms. In the case of stochastic environments, the DQL
showed ordinary performance. The double deep Q-learning
(DDQL) is an improved version of DQL algorithm and does
not suffer from the over-estimation problem and yields better
performance.

In the recent past, the deep reinforcement learning (DRL)
approach has successfully been employed to solve opti-
mization problems in many fields of engineering such as
non-convex and non-deterministic polynomial-time (NP)-
hard optimization problems in wireless communications [2],
[5]–[8]. Non-orthogonal multiple access technique (NOMA)
is an innovative multiple-access method proposed for 5G and
beyond networks [9]–[12]. It offers a high throughput and
enables massive connectivity. A NOMA transmitter can mul-
tiplex numerous users over the same channel (or frequency
resource) by applying super-position coding (SC), and each
user can decode its data by applying successive interference
cancellation (SIC). In NOMA, the allocation of power to the
signals of different users is critical. Since the users experience
variable channel gains, the users’ data-rates are kept uniform
by assigning more transmission power to the users with weak
channels. A suitable power allocation scheme should also
ensure successful decoding of the signal at each user. The
users employ the SIC method to decode their signals. In the
SIC method, each user decodes its signal while considering
the users’ signals of power lesser than its own as noise. Some
key benefits of NOMAover other existingmultiplexingmeth-
ods are: (i) It efficiently utilizes the bandwidth by allowing
multiple users to use the same time/frequency resource; (ii) It
allocates more power to the weak users, and hence maintains
fairness in the throughput of the users; and, (iii) It provides
massive connectivity by sharing each resource among many
users.

In the literature, both single carrier and multiple carrier
versions of NOMA have been proposed. The single-carrier
version of NOMA is termed as power-domain NOMA (PD-
NOMA) or single-carrier NOMA (SC-NOMA) [9], and the
multiple carrier version is known as multi-carrier NOMA
(MC-NOMA). The PD-NOMA employs a single carrier and
multiplexes the users through assigning different transmis-
sion powers to their signals. TheMC-NOMA is a multicarrier
system, and multiplexes numerous users over each subcar-
rier. Different variants of PD-NOMA have been proposed,
in particular Beam-forming NOMA (BF-NOMA) [11] and
Cooperative-NOMA [12]. In BF-NOMA, the base-station
(BS) first clusters numerous users based on their spatial
locations into several clusters, then transmits beams directed
towards each cluster. The beam of each cluster adopts the
standard PD-NOMA to multiplex users by using different
power levels. In cooperative-NOMA, strong users also act
as relays to the weak users. The cooperative-NOMA con-
sists of three types of nodes: a BS, relays, and users. The
relays should have a strong channel, and the users could
have a strong or weak channel. The transmission process in
cooperative-NOMA has two phases. The first phase is similar
to the standard PD-NOMA, and the BS transmits the signal to
the relays and users. In the second phase, the relays forward
the signals to the users. The cooperative-NOMA is reliable
because each user receives two copies of the signal [13].

Until recently, researchers have applied numerical opti-
mization techniques to solve the power allocation problem
of both SC-NOMA andMC-NOMA systems. Zain et al. sug-
gested the use of sequential quadratic programming (SQP)
method to solve the non-convex optimization problem of the
power-allocation in SC-NOMA systems. They also proposed
a transformation of the original problem to improve the con-
vergence time and time-efficient suboptimal methods [14].
Wang et al. [15] suggested to transform the joint bandwidth
and power allocation problem for the MC-NOMA system
into difference of two convex functions and solved them with
the iterative constrained concave-convex procedure. Many
authors have applied the global optimization methods such
as particle swarm optimization (PSO) algorithm and salp
swarm algorithm (SSA) to solve the joint user-association
and power-allocation problem in the MC-NOMA systems
[16], [17]. The work by Goudos [16] uses a solution repre-
sentation that has three sets. The first two sets hold binary
values and indicate the user association, and the associa-
tion of users to the channels, and the third set indicates the
power-coefficients of the users.

He et al. [8] demonstrated the efficiency of using DRL to
solve the joint user-association and power-allocation problem
in the MC-NOMA systems. The action-space contains all
possible combinations to assign two different users to each
subcarrier. The state representation consists of user-channel
pairs showing the channel (or subcarrier) allocated to the
users. The reward function is equal to the objective func-
tion (i.e., the users’ minimum data-rate). The authors also
employed attention-based artificial neural network (ANN) to
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learn the state-transition probabilities. The attention-based
ANNs are especially useful in learning sequential relation-
ships and are helpful in reinforcement learning as it involves
solving SDP. Although their work produced good results,
it assumed two-users per subcarrier, and hence less suit-
able for SC-NOMA systems that usually have three or more
users [14], [18]

In this work, we solve the problem of finding the users’
optimal power allocation in a SC-NOMA system tomaximize
the minimum data-rate of the users without restricting the
number of users per subcarriers. We commonly call this prob-
lem the max-min data-rate problem and is a non-convex opti-
mization problem when the number of users is greater than
two [9], [14]. Another identical problem is the MC-NOMA
system with known user-association (i.e., binding of users to
the subcarriers). In aMC-NOMA system, the benefit of using
the proposed method is that it allows the clustering of three
or more users per subcarriers. In comparison, the existing
DRL-based method [8] only allows two users per subcarrier.
The DRL is an alternative to using algorithms and enables the
agent (i.e., the BS) to learn a policy that yields a satisfactory
power allocation for the users by using its experience of inter-
action with the system. We have chosen the DDQL method
in our work because the channel in wireless communication
systems is stochastic, and the DDQL is especially suitable
for solving the problem with stochastic properties. The appli-
cation of DDQL requires an MDP model that captures the
characteristics of the real problem and enables it to learn to
solve the problem using the experience data. TheMDPmodel
contains the definition of the state, actions, and rewards. The
state should capture the information sufficient for the agent
to make any decision. The actions indicate how the agent can
alter the power allocation, and the reward is the feedback from
the environment (i.e., the wireless system) on the last action.
We propose an MDP model that helps the Deep Q-networks
(DQN) of the DDQL method to learn an optimal policy for
solving the optimization problem. We compared the results
of the proposed method with that of sequential least squares
programming algorithm (SLSQP) [19] and trust-region con-
strained algorithm (TCONS) [20], which are popular tech-
niques to solve the non-convex optimization problems. The
simulation results show that the proposed method is effi-
cient and can produce results competitive to the SLSQP and
TCONS methods.

This article is organized as follows. Section II describes the
NOMAwireless communication system and the optimization
problem. Section III discusses basic concepts and algorithms
of DRL. Section IV describes the proposed MDP model in
detail. Section V discusses the architecture of the DQN and
other design considerations. Section VI contains simulation
results. Finally, the last section contains the conclusion and
future work.

II. SYSTEM MODEL AND OPTIMIZATION PROBLEM
In NOMA, a BS superimposes numerous users’ signals over
the same frequency resource by using a different power

FIGURE 1. Illustration of power domain NOMA.

level for each user. We denote the set of users with U =
{u0, u1, . . . , uN−1}, where N is the total number of users.
We use the symbol si to denote the signal of user ui, where
ui ∈ U and E(si)2 = 1, i ∈ {0, 1, . . . ,N − 1}. We use
the symbol PT to denote the total transmission power of the
superimposed signal. The percentage share of each user’s
power in the total power (PT ) is called the power-coefficient
and is denoted by1i, and the term

∑N−1
i=0 1i should be equal

to one. Figure 1 shows the format of the composite signal sent
by the BS.

Mathematically, we denote the composite signal x as: x =∑K−1
i=0
√
1iPT si. The signal received by the user ui is denoted

by yi = hix + ni, where ni represents the noise and hi
the complex channel gain with block fading. Please refer
to the simulation section (Section VI) for the description of
the channel model and noise. Without loss of generality we
can assume that |hi|2 > |hi+1|2, for i ∈ {0, 1, . . . ,N − 1}.
The receivers apply the SIC to decode their signals. The
SIC process requires that the transmit power of the users
should be in the reverse order of their channel strengths,
i.e., 1i < 1i+1, for i ∈ {0, 1, . . . ,N − 1}. The decoding
process should follow the ordering of users in the descending
order of the power-coefficients. In the SICmethod, the signal-
to-interference-and-noise-ratio (SINR) of the user ui is given
by

f SINRi (1) =
1iPT |hi|2∑i−1

j=01jPT |hi|2 + β
∑N−1

j=i+11jPT |hi|2 + σ 2
z

(1)

In the above equation, 1 = {10,11, . . . ,1N−1} and
a user (ui) experiences two types of interference signals.
The first one (

∑i−1
j=01jPT h2i ) is due to the users whose

power-coefficients are smaller than it. The second inter-
ference (β

∑N−1
j=i+11jPT h2i ) accounts for the imperfect SIC

process and is the residual interference from users whose
power-coefficient values is higher than the current user
(ui) [21]–[23]. The β is called the error-propagation factor,
and its value should be between 0 and 1. The value of β is
zero in case of perfect SIC operation, and is one is case of
worst SIC operation. The data rate of the user ui can be given
by

f data-ratei (1) = Bclog2(1+ f
SINR
i (1)) (2)
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FIGURE 2. Illustration of the downlink PD-NOMA.

where Bc denotes the bandwidth of the channel.
Figure 2 illustrates the perfect-SIC-based decoding process
of PD-NOMA. The user UN−1 needs maximum computation
and the user u0 needs minimum computation to decode their
signals.

An important benefit of NOMA is that it can ensure fair-
ness of data-rates among all users. The max-min optimization
aims to maximize the minimum data-rate among all users to
provide good fairness. In this work, we solve the max-min
optimization problem that can be given by

max min
i∈[0,N−1]

f data-ratei (1), (3)

s.t. 1i < 1j, where j > i and i, j ∈ [0,N − 1] (4)
N−1∑
i=0

1i = 1 (5)

1i ≥ 0,∀i ∈ [0,N − 1] (6)

Equation (3) shows the max-min problem that maximizes the
minimum data-rate of any user, and Equations (4)-(6) show
the different constraints to ensure QoS and successful data
transmission. The constraints in the above equations indicate
the following:
1) The constraint in (4) is necessary for the successful

application of the SIC method. It indicates that the
power-coefficients of the users with weaker channels
should be more than the users with stronger channels.

2) The summation of the power-coefficients of all users
should be equal to unity (Equation (5)).

3) The power-coefficient of any user should not be nega-
tive (Equation (6)).

The above optimization problem is a non-convex optimiza-
tion problem for N > 2 [14]. A non-convex optimization
problem hasmany local minima and it is hard to determine the
globally optimal solution [2], [14], [24]. Different methods
such as evolutionary algorithm (EA) [25]–[28], monotonic
optimization [2], DRL [2], etc., can be applied to solve them.

In the pursuit to solve the above non-convex optimiza-
tion problem, we should find a vector of power-coefficients
denoted by 1 = {10,11, . . . ,1N−1}.

In this work, we consider discrete values for the power-
coefficients, and the smallest unit change in the value of
the power-coefficient is 10−δ , where δ is a positive integer.
Using the range of values of the power-coefficients, we can
determine the complexity and the size of the search space.
For 10, the range is [0,1], hence we get 1−0

10−δ = 10δ possible
solutions. The ranges of 1i, (i > 0) are smaller than that of
10, therefore, the complexity of search space can be denoted
as O(10δ). The size of the search-space has exponential com-
plexity, and even for small values ofN , it is infeasible to apply
exhaustive search.

III. DEEP REINFORCEMENT LEARNING
This section briefly describe some relevant basic concepts of
DRL, namely: MDP, DQL, and DDQL.

A. MARKOV DECISION PROCESS
A decision in any SDP has both immediate and long-term
consequences, and we should consider the relationship
between the current and future outcomes in choosing any
action. The MDP (M) is a mathematical framework for
solving the SDP in a discrete, stochastic environment [29].
The MDP is defined using five elements:

1) S, a finite set of states of the environment as observed
by the agent

2) A, a finite set of possible actions
3) P , a probability function that controls the state transi-

tions: P : S × A × S → [0, 1]; p(s, a, s′) denotes the
probability with which the environment transits from s
to s′ by the application of action a

4) R, a reward function:R : S×A←R and r(s, a) is the
immediate real-value reward when action a is applied
on state s
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5) γ , a discount factor (where, γ ∈ [0, 1]) and is used as a
weight of the future rewards in the computation of the
cumulative future rewards.

A policy (π ) is also associated to an MDP, and is a mapping
of states to a probability distribution over actions, i.e., π :
S → p(A = a|S) [30]. Using RL, we can solve both
episodic and non-episodic tasks. In an episodic task, the state
of the MDP resets after every T steps, and cumulative
reward of an episode is given by R =

∑T−1
t=0 γ

tr(st , at ).
The goal of RL is to find an optimal policy (π∗), which
is the maximum expected total cumulative reward value,
i.e., π∗ = argmax

π
E[γ tr(st , π(st ))], where E denotes the

expected value, and π (st ) denotes the action at selected using
the policy π for the state st . The MDP also has the Markov
property, i.e., the decision in any state depends only on the
current state.

B. DEEP Q-LEARNING
Through the interaction with the environment the RL algo-
rithms can learn an optimal policy even when themodel of the
environment in unknown. In this section, we briefly discuss
some basic concepts of RL. An important term is state-action
quality function, denoted byQπ (s, a). In an episodic task, it is
assumed that the action chosen in the initial state is known
apriori, and the actions chosen in all the remaining states
until the end of the episode is according to the policy π . The
Bellman equation enables us to determine the Q-value using
a recursive relationship, given as follows:

Qπ (st , at ) = E[r(st , at )+ γQπ (st+1, π(st+1))] (7)

Due to the recursive relationship, we can use the Bootstrap-
pingmethod to estimate the value ofQπ . In the Bootstrapping
method, we estimate (or predict) the Q-value using the avail-
able data, and the value of estimation becomes more accurate
with increase in the data. This Bootstrapping method is the
foundation of Q-Learning. Q-Learning uses a lookup table to
store the Q-values of the state-action pairs, and the values of
the estimation at each time step t using the following equation
are updated:

Qt+1(s, a)← Qt (s, a)+ α(YDQN
− (Qt (s, a))) (8)

Where α is the learning rate and its value lies between 0 and
1, and YDQN is the target value and is given by:

YDQN
= r(s, a)+ γmax

a′∈A
Qt (s′, a′) (9)

where s′ and r(s, a) denote the next state and reward respec-
tively, obtained by the application of action a in state s.
When the number of states or actions becomes very

large, then Q-learning becomes infeasible, and DQL provides
a solution by approximating the Q-values using a DQN.
A DQN is a DNN or NN whose task is to approximate the
Q-value function. The DQL employs two DQNs, which are
known as the Q-network (Q) and the target-network (Q′).
The Q-value obtained using the Q-network is denoted by
Q(s, a, θ), and the Q-value obtained using the target-network

is denoted by Q′(s, a, θ ′). θ and θ ′ denote the weights of the
Q-network and the target-network, respectively. We update
the weights of the Q-network through training and copy them
to the target-network after every C steps. The weights of
the target-network remains constant unless updated by the
Q-network. The role of the the target-network is to compute
the target values YDQN, as follows:

YDQN
= r(s, a)+ γmax

a′∈A
Q′(s′, a′, θ ′) (10)

In the above equation, themax operator performs two oper-
ations. It chooses an action that has the maximum Q-value
which is known as selection; and it also returns the Q-value
of selected action which is known as evaluation. Researchers
have found that when a same DQN is used to perform both
selection and evaluation, then the evaluation is over-estimated
as we get more data. This over-estimation causes inaccuracies
in the estimation of the Q-values, and leads to sub-optimal
performance of the DQL method. The problem is addressed
by using DDQL that decouples the selection and evalua-
tion steps by using the Q-network to choose the action and
the target-network to evaluate the action. This decoupling
eliminates the over-estimation problem, and produces more
reliable estimation of the Q-value [3], [4].

C. DOUBLE DEEP Q-LEARNING
The DDQL differs from DQL in the computation of the target
value (Y ) and it decouples the selection and the evaluation
steps by using the Q-network to select the action and the
target-network to evaluate the action. The target value Y can
be given by

Y = r(s, a)+ γQ′(s′, argmax
a′∈A

Q(s′, a′; θ ); θ ′)) (11)

As mentioned above that in the DDQL or DQL algorithms,
a DQN learn to approximate the Q-value function of the
state-action pairs. The use of the successive iteration data to
train the DQN could be inefficient because of the correlations
in the data of the successive iterations. One approach of
eliminating the correlation among the data is to use a replay
memory. The replay memory stores the transitions as they
occur and return a batch of random records to train the DQN.
The preloading of the replay memory with the stochastic
data is another technique to reduce the correlation among the
data used to train the DQN [31]. In this work, we employed
a replay memory with preloading of the stochastic data to
improve the training of the DQN. To implement preloading,
we divided the replay memory into two parts. We denote the
division ratio as ν, where ν ∈ {0, 1}. We preload the first ν%
portion of thememorywith stochastic data, and the remaining
(1 − ν)% portion of the memory acts as the standard replay
memory and store the data of the transitions.

Algorithm 1 shows the method of preloading the replay
buffer with stochastic data. In preloading, we keep the data
diverse by changing users’ locations every Iν iterations.
In preloading, we randomly choose an action and apply that to
the environment. We store the vector consisting of the current

VOLUME 8, 2020 211239



U. F. Siddiqi et al.: Deep Reinforcement Based Power Allocation for the Max-Min Optimization in Non-Orthogonal Multiple Access

Algorithm 1 Method of Preloading the Replay Memory

1 mr : Size of the replay memory (DM ); ν: ratio to divide
the replay memory (DM ); Iν ≤ ν × mr , number of
iterations;

2 i = 0;
3 while i < ν × mr do
4 Every Iν iterations, re-initialize the location of users;
5 Randomly select an action a ∈ A;
6 Apply action a to the environment and observe the

immediate reward r(s, a) and next state s′;
7 Store the transition (s, a, r(s, a), s′) in DM ;
8 i++;
9 end

Algorithm 2 DDQL Algorithm With Preloading of the
Replay Memory

1 mr : Size of the replay memory (DM ); γ : discount factor;
α: learning rate; {ε0, εminεδ}: Probability values; C :
Number of steps between successive update of θ" to θ ;

2 Initialize the weights of Q-network (i.e. θ ) with random
values and that of target-network (i.e., θ ′) with θ .;

3 Pre-load the replay memory ;
4 for i = 1 to M do
5 set ε = ε0 ;
6 while episode does not terminate do
7 With a probability ε select a random action a;
8 otherwise select a = argmax

a′
Q(s, a′; θ ). ;

9 Apply action a to the environment and observe
the immediate reward r(s, a) and next state s′. ;

10 Store the transition (s, a, r(s, a), s′) in DM . ;
11 Sample random mini-batch of B number of

transitions (sj, aj, rj, sj+1) from DM . ;
12 Set yj =rj if sj+1 is the terminal state of the episode.

rj+γQ(sj, argmax
a′∈A

Q(sj+1, a′; θ ); θ ′)) otherwise

;
13 Perform a gradient descent step on

(yj − Q(sj, aj; θ ))2 with respect to the
parameters θ ;

14 ε = max(ε − εδ, εmin) ;
15 Every C steps reset θ ′ = θ ;
16 end
17 end

state, the next state, the action, and the reward obtained
from the environment into the replay memory (denoted
by DM ).

Algorithm 2 shows the DDQL method, and is easy to
follow. The algorithm executes up-to M episodes and each
episode solves a different instance of the problem. The stop-
ping criterion of the episode is to reach a given target value
(χ ) of the objective function (3), and also execute up to

ζ number of iterations without any further improvement in
the objective function value. The DDQL algorithm uses the
ε-greedy algorithm to decide between applying the action
returned by the DQN or any random action. The selection
of the random action or action returns by the DQN controls
the exploration-exploitation tradeoff of the algorithm. The
epsilon-greedy algorithm has a parameter ε whose initial and
final values are denoted by εi, and εf , and the value of ε
decrements by an amount equal to εδ is each step (i.e., after
selection of an action). The variable a denotes the action
chosen by the agent, s is the current state of the environment,
and s′ is the new state of the environment after the application
of the action. The reward of the environment to the agent is
denoted by r(s, a). In each iteration of the episode, we per-
form one epoch training of the DQN, and the training uses a
mini-batch of B records fromDM , and obtains the target value
using (11).

IV. PROPOSED MDP MODEL
In this section, we present our proposed MDP model of the
PD-NOMA system that enables the double deep Q-network
(DDQN) method to learn to find the optimal power values
for the users. The MDP model is critical for the success of
DDQL-method because it supplies the agent the information
necessary to learn the approximation of the Q-vale func-
tion. In model-free RL, the state-transition probabilities are
unknown, and we define the MDP using the following four
components: (a) state-representation that acts as a template
for the state-space (S); (ii) Set of possible actions (A); (iii) a
reward function that generates the values for the reward-space
(R); and (iv) a discount factor (γ ). The state-space and the
reward-space are continuous and finite, and the action-space
is discrete and finite. In the following, we discuss the details
of each of these components.

A. ACTION SPACE
The agent can vary the power-coefficients of the users to
improve the objective function value. The action-space pro-
vides different ways to alter the power-coefficients of the
users. The constraint in (6) requires that the sum of the
power-coefficients of all users should always be unity. There-
fore, an arbitrary change in the power-coefficient could make
the solution infeasible. We propose actions that decrease and
increase the power coefficients values by an amount equal to
δS or δL . The action set consists of up-to 4 ×

(N
2

)
actions,

which can be denoted as follows.

AS = {(10+δS ,11−δS ), . . . (10+δS ,1N−1−δS )

(11+δS ,10−δS ), . . . (11 + δS ,1N−1−δS )

. . .

(1N−1+δS ,10−δS ), . . . (1N−1+δS ,1N−2−δS )}

(12)

AL = {(10+δL ,11−δL), . . . (10+δL ,1N−1−δL)

(11+δL ,10−δL), . . . (11 + δL ,1N−1−δL)
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. . .

(1N−1+δL ,10−δL), . . . (1N−1+δL ,1N−2−δL)}

(13)

where, an action (a+δSi , a−δSj ) refers to adding and subtracting
the power-coefficients 1i and 1j by an amount equal to
δS . Similarly, an action (a+δLi , a−δLj ) refers to adding and
subtracting an amount equal to δL from the power-coefficients
1i and 1j, respectively. The complete action-space (A) can
be given by

A = AS ∪AL (14)

B. STATE-REPRESENTATION
A state-representation should capture the attributes of the
system that are relevant to the decision-making [32]. Before
discussing the state-representation, we would to define two
functions fL(1i) and fU (1i), as follows

fL(1i) =


1, if (1i −1i−1) > δL

0.5, if δL ≥ (1i −1i−1) > δS

0, otherwise

(15)

fU (1i) =


1, if (1i+1 −1i) > δL

0.5, if δL ≥ (1i+1 −1i) > δS

0, otherwise

(16)

where, it is assumed that 1−1 = 0, 1N = 1, and i ∈
{0, 1, . . . ,N − 1}. The δ, as already mentioned in section II,
denotes the smallest unit change in the power-coefficient
value. The function fL(1i) returns the feasibility of the actions
that involve reducing the value of 1i, and fU (1i) returns the
feasibility of the actions that involve increasing the value of
1i.

An agent can decide on changing the power-coefficients of
the users using three types of information: (a) The existing
power-coefficients of the users, i.e., {10,11, . . . ,1N−1};
(b) The data-rates of the users, i.e., {R0,R1, . . . ,RN−1};
(c) The values of the function fL(1i); and (d) The values of the
function fU (1i). We can determine the data-rates of users (Ri)
using (2). Please note that the users are sorted in the ascending
order of the square of their channel gains, i.e., |hi|2 > |hi+1|2,
for i ∈ {0, 1, . . . ,N − 1}. We propose the following state
representation:

s =


10,11, . . . ,1N−1
R0,R1, . . . ,RN−1

fL(10), fL(11), . . . , fL(1N−1)
fU (10), fU (11), . . . , fU (1N−1)

 (17)

C. REWARD FUNCTION
The agent choose an action a and apply it to the environ-
ment whose current state is s. The state of the environment
changes to s′ by the application of the action a. We denote the
power-coefficients in state s by 1 = {10,11, . . . ,1N−1},
and denote an arbitrary action by a = (1i + δx ,1j − δx),
where i, j ∈ {0, ..N −1}, i 6= j, and x ∈ {S,L}. We denote the

power-coefficients in s′ by 1′. We can obtain 1′ from 1 by
increasing the value of δx and decreasing the value of 1j by
δx amount. There are two conditions in which the next state
s′ remains equal to the current state s and the action a does
not change the state, which are as follows:

1i + δx ≥ 1i+1 (18)

1j − δx ≤ 1j−1

where, i, j ∈ {0, 1., , ,N − 1}, and the above conditions refer
to the violation of constraint (5). When these two conditions
do not occur, then the environment changes its state to s′ and
returns a reward (r(s, a)) to the agent. The reward (r(s, a))
can be given as follows.

f1 = min
i∈{0,...,N−1}

Ri(s) (19)

f2 = min
i∈{0,...,N−1}

Ri(s′) (20)

r(s, a) =
f1 − f2
f1 + f2

(21)

In the above equation, the terms f1 and f2 denote the users’
minimum data-rates when the state of the environment is
equal to s, and s′, respectively. The reward function returns
a value equal to the percentage difference between the f1, and
f2 values.

V. ARCHITECTURE OF THE DQN AND OTHER DESIGN
CONSIDERATIONS
Weemployed convolutional neural network (CNN) that offers
the following benefits: (i) The CNN significantly reduce the
number of parameters, and reduction in the training time;
and (ii) The CNN also enable the DQN to learn the fea-
tures present in the data [33]. The state has four rows, and
each row stores a distinct type of information. The first row
contains the power-coefficients, the second row contains the
data-rates, and the third and fourth rows contain the lower
and upper bounds of the power-coefficients. An action refers
to the act of increasing or decreasing the power-coefficient
values of the users. The decision to increase or decrease the
power-coefficient of any user not only depends on its data-
rate, lower and upper bounds, but also on the data-rates,
lower, and upper bounds of the other users.We can use a CNN
to learn the features in data that influences the Q-values of
different actions.

Fig. 3 illustrates the proposed architecture for the DQN.
The first layer is a convolutional (CONV) layer with the
following properties: Number of filters = Nf , filter size =
fl×fl , padding= pd , and stride= 1. The use of multiple filters
enables us to extract several features from the state. In the
CONV layer, a filter slides through the state in a left-to-right
and top-to-bottom manner, and at each location, it performs
three operations: (i) Computes the dot product between the
state’s area covered by the filter and the filter’s weights;
(ii) Adds the results of the dot products to obtain a scalar
value; and (iii) Applies the rectified linear units (ReLu) func-
tion on the scalar value to avoid the generation of negative
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FIGURE 3. Architecture of the DQN .

values. The result of each filter has dimensions equal to
(4+2pd−fl+1)× (N+2pd−fl+1). The next step is to flatten
the results of the CONV layer by arranging the output of the
filters into a linear array. Finally, we have two fully-connected
layers (FC0 and FC1) with the number of neurons equal toM1
and 4×

(N
2

)
, respectively. The activation function in the layer

FC0 is ReLu, and the layer FC1 has no activation function.
The FC1 layer’s output contains the Q-values of the actions.

The number of parameters in the DQN model is a critical
criterion of the complexity of the NN. Models with lesser
parameters are memory-efficient and less prone to over-
fitting. In DRL, over-fitting could occur if the performance
of the DRL cannot be generalized over a diverse (or unseen)
set of problem instances, and a careful selection of the NN
architecture, and diversity in the experience data, together can
help avoid over-fitting [34]. The CONV layer’s parameters
consist of the filters’ weights and a bias for each filter, and
a fully connected layer consisting of parameters equal to the
product of the size of its input and output. Mathematically,
we can express the number of parameters in our DQN model
as follows.

NCONV = f 2l Nf (22)

NFC0 = (4+ 2pd − fl + 1)× (N + 2pd − fl + 1)

×Nf ×M1 (23)

NFC1 = M1 × 4×
(
N
2

)
(24)

Ntotal = NCONV + NFC0 + NFC1 (25)

In the above equations, NCONV, NFC0 , and NFC1 denote the
number of parameters in the CONV, FC0, and FC1 layers.
The symbol Ntotal denotes the total parameters in the model,
and all variables except N are adjustable by the user.
The channel coefficients in wireless systems have stochas-

tic nature. Therefore, for the same state and action pair,

the reward could be different in successive trials. A simple
approach employed to get stable reward values is to execute
successive trials and take the trials’ average reward [35].
We determine the average reward values by executing con-
secutive trials for each state and action pair. We denote the
number of trials by η.
We set the stopping criterion in the DDQL algorithm to

reach a given target value (χ ) of the objective function (3),
and also execute up to ζ number of iterations without any
further improvement in the objective function value.

The initial solution in any episode could be any random
solution but should not be invalid, i.e., a solution that violates
any constraint (4), (5), and (6).

VI. SIMULATIONS
In this work, we consider a single-carrier download NOMA
wireless system that consists of a BS in the middle of a
hexagonal cell of diameter 1 km. The users should be at
least 35 meters away from the BS, and they are uniformly
randomly distributed within the cell [18].

The bandwidth of the channel (Bc), the power spectral
density (PSD) of the noise and the carrier frequency are
assumed to be 5 Mhz, 174 dBm/Hz, and 2 GHz respectively.
The radio propagationmodel consists of a distance based path
loss given by 128.1 + 37.6log10(x), where x is the distance
of the user from the BS in km. The propagation model
also contains small-scale fading based on Rayleigh fading
with unit variance, and log normal shadowing with 10 dB
variance [18], [36], [37]. The total power of the transmitter
(PT ) is assumed to be 10 W [18]. For the number of users
(N ) in the system, we consider four values, 3, 4, 6, and 8.
Recent research suggested that N ≤ 4 are more practical
values because the SIC method is not ideal for handling a
large number of users and works best forN ≤ 4 [18]. We also
use larger values of N in the simulations to show that our
method is scalable.
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TABLE 1. Parameters values of the DRL method.

Table 1 contains the parameter values of the proposed
DDQN method. The values have been obtained through
a brief trial-and-error situation using several alternatives.
We compared the performance of the proposed DDQN based
method with two popular non-linear programming (NLP)
methods. The NLP methods are one of the best ways to solve
optimization problems in which the objective function or any
of the constraint is non-linear. In our work, the objective
function is non-linear, therefore, it is best suitable to solve
using the NLP type ofmethods. TheNLPmethods considered
in this work are: (i) SLSQP [19], and (ii) TCONS [20].
Both these algorithms are built in SciPy [38], which is a
one of the widely used Python-based optimization toolkit.
We executed the SLSQP, and TCONS with default param-
eters. We also ensured that the SLSQP and TCONS methods
finished successfully by setting the upper limit on their num-
ber of iterations to 10,000, and verifying that the flag denoting
the successful completion of the optimizing method is high.
Zain et al. suggested that SQP is an efficient way to solve the
power allocation problem in PD-NOMA with the min-max
objective function [14]. The SLSQP is a SQP algorithm that
uses an equivalent least-squares problem formulation and is
considered as a popular method to implement SQP [39]–[41]

This section uses box-plots to show the results. Therefore,
we provide a short note on comprehending the box plots
as follows: (i) The lines in the middle of the boxes show
the median of a data series; (ii) The lower and upper edges
of the rectangle represent the Q1 and Q3 percentile of a
data-series; (iii) The whiskers are small horizontal lines. The
values of which terminate the vertical lines originating from
the rectangles, and denote theminimum andmaximum values
of a data-series; and, (iv) The values denoted by points below
the whiskers are known as outliers and denote the unexpected
values.

For each value of N , we executed up-to 200 test cases
and obtained the results of the proposed method and that of
SLSQP and TCONS. We compared the performance of the
proposed method with the SLSQP and TCONS, and in the
following paragraph, we discuss the comparison results in
detail.

Figs. 4-7 show a summary of the minimum data-rates (i.e.,
min(R0, R1, . . . , RN−1) ) in Mbps of the three methods.
Fig. 4 conveys the following information for N = 3, the

FIGURE 4. For N = 3, it shows a summary of the minimum data-rate of
any user in the solutions determined by the proposed and existing
methods.

FIGURE 5. For N = 4, it shows a summary of the minimum data-rate of
any user in the solutions determined by the proposed and existing
methods.

FIGURE 6. For N = 6, it shows a summary of the minimum data-rate of
any user in the solutions determined by the proposed and existing
methods.

middle line of the boxes lie at values 9.633567, 8.459072, and
8.108349779 for the proposed method, SLSQP, and TCONS,
respectively. The boxes’ upper lines lie at 12.629752,
10.916359, and 10.430658034 for the proposed method,
SLSQP, and TCONS, respectively. The boxes’ lower lines
lie at 6.774649, 5.825606, and 4.137632084 for the pro-
posed method, SLSQP, and TCONS, respectively. Fig. 5
depicts the following information for N = 4, the lower and
upper lines of boxes lie at 3.693809-7.013659, 0-5.303486,
and 1.2889055437-5.4705621245 for the proposed method,
SLSQP, and TCONS, respectively. The middle lines of the
boxes lie at 5.443270, 3.685272, and 3.5538934248, respec-
tively. The Fig. 6 shows the results for N = 6, and it
can be seen that lower and upper lines of the boxes are at
1.9867662- 3.7481683, 0- 2.546737, 0.0159208-1.494519,
for the proposed method, SLSQP, and TCONS, respectively.
The middle lines of the box-plots lie at 2.6362301, 1.409031,
and 0.0159208, for the proposed method, SLSQP, and
TCONS, respectively. Fig. 7 summarizes the data-rates for
N = 8 and indicate that the lower and upper lines of the boxes
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FIGURE 7. For N = 8, it shows a summary of the minimum data-rate of
any user in the solutions determined by the proposed and existing
methods.

FIGURE 8. Relationship between the variation in the distance of users
from the BS and minimum data-rate of any user, for N = 3.

FIGURE 9. Relationship between the variation in the distance of users
from the BS and minimum data-rate of any user, for N = 4.

lie at 1.036296-1.993575, 0.0-1.4204693, 0.0002940004-
0.5892666, for the proposed method, SLSQP, and TCONS,
respectively. The boxes’ middle lines lie at 1.445083,
0.7483259, and 0.5892666 for the proposed method, SLSQP,
and TCONS, respectively. The box-plots indicate that the
proposed method’s results are better than that of the other two
methods. We also used the Wilcoxon paired test to confirm
that the proposed method’s results are significantly better
than those of the SLSQP and TCONS. We also found that
overall, for all values of N , up-to 90.4% episodes found a
solution better than the given target value (i.e., best of the
SLSQP and TCONS methods). The proposed method’s good
performance on many different test cases also shows that the
DQN in the proposed method can generalize well to handle
unseen instances.

Now, we want to highlight another vital characteris-
tic of the proposed and existing methods: the relationship
between the solution quality (i.e., minimum data-rate) and the

FIGURE 10. Relationship between the variation in the distance of users
from the BS and minimum data-rate of any user, for N = 6.

FIGURE 11. Relationship between the variation in the distance of users
from the BS and minimum data-rate of any user, for N = 8.

FIGURE 12. Relationship between the variation in the distance of users
from the BS and percentage improvement by the proposed method, for
N = 3.

variation among the distances of users from the BS. We used
the variation coefficient to quantitatively express the differ-
ence between the distances of different users from the BS.
The variation coefficient is the ratio of the standard deviation
of the user’s distances to the mean of the users’ distances,
and its value lies between 0-1. A high variation coefficient
value refers to more variation in the distances of users.
Figs. 8-11 illustrate the relationship, showing that the
minimum data-rate values are lower for the larger values of
the coefficient of variation. Hence, a large variation in the
BS-user distances negatively affects the minimum achievable
data-rate. Fig. 12 shows that the proposed method’s improve-
ment over the SLSQP and TCONS methods lies at all values
of the variance coefficient, and the plots for the remaining
values of N are similar to that in Fig. 12.
The plot of cost versus iterations exposes the effectiveness

of any optimization method. The non-convex optimization
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FIGURE 13. Curve of cost versus iterations of an episode.

FIGURE 14. Iterations taken by the episodes to reach to their best
solutions.

problems containmany local optima, and a good optimization
technique should avoid local optima. The plot in Fig. 13
shows that the proposed method does not get stuck at the
local optima (depicts hill climbing capability) and finds its
best solution around 350th iteration.

Finally, we present a brief analysis of the number of
steps taken by the episodes in reaching their goal states,
or termination because of reaching the maximum iteration
limit. The goal state refers to the state that occurs after the
proposed method achieves the target value, and χ iterations
have passed with no further improvement in the objective
function value (i.e., the minimum of the data-rates of the
users). The results show that around 94% of the episodes have
iteration count less than 2000. We also found that most of the
episodes with iteration count lesser than or equal to 2000 also
yielded a better solution than the given target value. Precisely,
up to 87% episodes delivered a solution better than the given
target value and have iteration count equal to or lesser than
2000. Fig. 14 shows density-plot of the number of iterations

FIGURE 15. Relationship between the difference betweeen the result of
the proposed method and the given target value and the number of
iterations.

in the episodes combined for all N values. Fig. 15 shows that
the number of iterations is high in some of the episodes that
either could not reach the target value or provide a minimal
improvement over the target value.

VII. CONCLUSION AND FUTURE WORK
The NOMA scheme multiplexes several users over the same
frequency resource and offers uniform access to many users.
In the max-min optimization, we try to maximize the data-
rate, which is minimum among all users. In NOMA, we per-
form max-min optimization by finding suitable transmission
power (or power-coefficients) for the users. The problem
of finding power-coefficients is a non-convex optimization
problem for the number of users greater than two. In this
work, we applied the DDQL method to solve the max-min
problem. The MDP model is critical in the success of the
DDQL method, and we proposed an appropriate MDP model
for the problem. The MDP model consists of the state rep-
resentation, set of possible actions, and a reward function.
The state representation captures the users’ current data-
rates, their power-coefficients, and two vectors indicating
a possibility of increasing or decreasing their values. The
action-space contains possible combinations to increase or
decrease any user’s power-coefficients by an amount equal
to δS , or δL , (where δS < δL and refer to small values). The
reward function returns a scalar value equal to the percentage
difference between the current and new states’ minimum
data-rates. The DQN architecture consists of a convolutional
layer and two fully connected layers. We set the stopping
criterion of an episode to either reach a given target minimum
data-rate value or reach a maximum iteration count. We per-
formed a comparison with the SLSQP and TCONS methods.
We set the target value of an episode equal to the best of
the SLSQP and TCONS methods. The simulations showed
that the proposed method successfully converges to a value
equal to or better than the given target value in 91% of the
test cases. The proposed method surpasses the target value
and has an iteration count of less than or equal to 2000 in
87% test cases. A comparison of the proposed method’s
results with SLSQP and TCONS using Wilcoxon paired tests
also indicated that the results of the proposed method are
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significantly better than the other two methods. In the future,
we can extend this work to solve the optimization problems
in cooperative-NOMA, BF-NOMA based wireless systems,
and systems with imperfect channel state information (CSI).
Application of the proposed method to solve the power allo-
cation problem of the multiple-input multiple-output NOMA
(MIMO-NOMA) systems in which three or more users share
a frequency resource (i.e., subcarrier) is also a topic of future
research.
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