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Abstract

Non-orthogonal multiple access (NOMA) has been a promising technology
for 5G communication system. NOMA allows more than one user to utilize
the same resource at the same time, which can lead to high performance in
terms of spectral efficiency, energy efficiency or fairness. NOMA enables
power domain multiplexing and separates the multiplexed signal by using
successive interference cancellation (SIC). Therefore, the full benefit of
NOMA depends on power allocation. However, in practical system, residual
interference caused by SIC process can severely degrade a system perfor-
mance. In this paper, we propose two power allocation schemes based on
deep learning to alleviate the effect of imperfect SIC for downlink NOMA
system, including a deep learning-based sum rate power allocation scheme
(DL-SRPAS) and a deep learning-based energy-efficient power allocation
scheme (DL-EEPAS). our two proposed schemes learn two optimal power
allocation schemes provided through exhaustive search. We search the solu-
tion of the optimization problems, where two optimization problems are
formulated to maximize the sum rate and the energy efficiency subject to
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a minimum user data rate requirement. The simulation results verify that
our two proposed schemes can alleviate the effect of imperfect SIC and
outperform two conventional power allocation schemes which maximize the
sum rate and the energy efficiency without considering imperfect SIC. In
addition, our proposed schemes achieve near-optimal performance with very
low computational time.

Keywords: Non-orthogonal multiple access (NOMA), power allocation,
deep learning, energy efficiency, imperfect SIC.

1 Introduction

Due to the rapid growth of cloud computing services and internet of things
(IoT) devices and applications, there is a high demand in high speed internet
access and large data transmission for wireless and mobile communication
systems. Therefore, the 5th generation mobile network (5G) provides higher
requirements in data transmission rate, more bandwidth per unit area, 99.99%
availability, massive connectivity, low latency and better coverage area [1].
To meet these requirements, some emerging technologies, such as small cell
network [2,3], millimeter wave (mmWave) [4], device to device (D2D) com-
munication [5] and massive multiple-input multiple-output (MIMO) wireless
technology [6] are integrated into 5G mobile communications. Recently, non-
orthogonal multiple access (NOMA), which is the physical layer technique
that can improve the spectral efficiency of the system, support overload data
traffic and also increase the network reliability within limited resources [7],
has been one of the key technology in 5G mobile systems.

The traditional method in physical layer of mobile network, or orthogonal
multiple access (OMA) is unable to serve a large number of mobile devices
because they are allocated individually to orthogonal blocks to reduce and
avoid multiple access interference [8]. Instead, new multiple access technique
or non-orthogonal multiple access (NOMA) allows multiple devices to access
the same resource block such as time and frequency at the same time [9].
This NOMA technique provides better performance metrics such as energy
conservation, user data rate and user fairness indicator [10]. The main idea
behind NOMA is to utilize the power multiplexing for multiple users. NOMA
applies successive interference cancellation (SIC) decoding at users to allow
them to access the same resource block by using different power levels
[11]. Therefore, the power allocation is the key to achieve the full benefit
of NOMA.



Deep Learning Based Power Allocation Schemes 189

1.1 Related Work

In NOMA related works, power allocation problem has been investigated
in many performance metrics. The most commonly used metric is the sum
rate of the network system and there are a number of research works,
including [12–14] and [15]. In [12], the authors proposed the optimal power
allocation for maximizing the sum-rate of all user and also consider the qual-
ity of service of the system for only two-users based NOMA system. In [13],
the authors investigated the weighted maximization problem on sum-rate
of the system by deploying an orthogonal frequency division multiplexing
access (OFDMA) based-NOMA system, where the authors used difference
of two convex functions programming to solve the nonconvex problem of
power allocation. In [14], a water-filling based power allocation was proposed
to enhance the throughput of the system but the optimal solution was not
guaranteed. In [15], the authors considered the sum-rate problem in power
allocation subject to the minimum user rate requirements. The optimal user
decoding was proved and verified that the optimization problem was convex,
which guaranteed the optimal solution of the problem.

As energy efficiency has become a vital performance metric in today
mobile and wireless communication, the resource allocation that maximizes
this key metric in NOMA is needed to be investigated. [16] proposed the
optimal power allocation for enhancing the energy-efficiency in the con-
straints of minimum data rate for all users on one channel. [17] investigated
the joint channel assignment and power allocation for increasing the energy
efficiency to its maximum value, which DC programming was used to achieve
a sub-optimal solution. In [18], the authors examined the new hybrid multiple
access (HMA) system in NOMA based system that represented a general case
of the paper [16], which tried to extend one cluster to multiple clusters.

Most research on NOMA assumed the process of decoding the signal is
in perfect SIC condition. This means that users with better channel conditions
can perfectly remove the interference caused by users with poorer chan-
nel conditions. However, in realistic systems, error propagation during SIC
decoding can always occur and this is called the imperfect SIC. Therefore,
users with higher channel gains cannot remove other interference from users
with lower channel gains. This residual interference that cannot be removed
can downgrade the overall performance of the system [19].

There are a number of papers in communication field, which did not
consider NOMA, have adopted AI and deep learning. For instance, In [20],
applications of deep learning to wireless communications were introduced.
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In [21], deep learning based scheme (DL-PAS) was used to learn input-output
mapping of the exhaustive search pilot allocation in a massive MIMO system.
In [22], the authors applied deep learning to learn fractional programming
for maximizing online energy efficiency. In [23], the authors trained a deep
neural network to learn the weighted MMSE algorithm.

In summary, in almost all existing NOMA related works, the effect of
imperfect SIC was not explicitly investigated. Furthermore, the application
of deep learning to power allocation on NOMA-based system was not
investigated in any performance metric.

1.2 Contributions

In this paper, we investigate power allocation in multi-users NOMA systems
with imperfect SIC. Our contributions are summarized in the following:

• We consider power allocation in two performance criteria that lead
to two problem formulations, including the sum rate and the energy
efficiency maximization with QoS constraints.

• We take into account the imperfect SIC and analyze its impact on the
sum rate and the energy efficiency of downlink NOMA systems.

• We formulate two optimization problems which maximize the sum rate
and the energy efficiency subject to QoS for each user.

• We propose two deep learning-based power allocation schemes to alle-
viate the impact of imperfect SIC, including a deep learning based sum
rate power allocation scheme (DL-SRPAS) and a deep learning based
energy-efficient power allocation scheme (DL-EEPAS), which apply
deep learning to predict the optimal power allocation scheme provided
through exhaustive search.

• Finally, It is shown via simulations that our proposed schemes can
mitigate the practical impact of imperfect SIC in both two criteria and
outperform the conventional power allocation schemes which do not
consider imperfect SIC. In addition, we compare our proposed schemes
with the optimal scheme using exhaustive search. The simulation results
show that our proposed schemes obtain near-optimal performance but
need less computational time than the optimal power allocation.

The rest of the paper is organized as follows. System model and problem
formulation are given in Section 2. The proposed schemes are described in
Section 3. The simulation results are presented in Section 4. Finally, Section 5
summarizes the whole paper.
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2 System Model and Problem Formulation

2.1 System Model

We simulate one base station which equipped single antenna to manage K
users in the direction of downlink communication. The system operates in
NOMA environment and each user shares the same resource. The location of
the base station (BS) is at the cell center and all users are randomly deployed
in the cell area.

By employing the superposition coding (SC) technique at BS, the BS
signal can be calculated as the equation

x =
K∑
k=1

√
pksk (1)

where pk is the transmission energy for the signal of the user k, and sk is
the transmission signal of the user k. The received signal at the user k can be
formulated as

yk = hkx+ nk, ∀k = 1, 2, . . . ,K (2)

where hk = gk · PL(d) is the channel gain between BS and the user k, gk
follows the Rayleigh distribution, and PL(d) is the path loss function from
BS to specific user k with the distance d. The noise term nk is the additive
white Gaussian noise (AWGN) by variance σ2.

Furthermore, we assume that BS has the complete information of the
channel state information (CSI) and the channel gains of all users are arranged
in descending order as follows

|h1| ≥ |h2| ≥ · · · ≥ |hK | (3)

i.e., the user 1 and the user k are the strongest and weakest devices, respec-
tively. According to the NOMA protocol, successive interference cancellation
(SIC) will be used at the stronger users to cancel other interference from the
weaker users. The user k will decode each signal with a weaker channel gain,
and subtract it from the received signal. Until reaching its own information
signal sk, the user k will do this SIC process step by step. After SIC process is
done, the user k will decode and extract its own signal sk by looking at other
interference (caused by the remaining stronger users) as some noise. If this
process is perfectly done, then the user k will delete totally all interference
from the other weaker users.
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Nevertheless, in any real system, regarding to the modulation schemes,
the coding schemes, the detection ability and the signal to interference plus
noise ratio (SINR), the interference caused by weaker users at any user k
might be still remaining. This imperfect SIC condition may cause a residual
interference at the post-SIC signal of any user k. Therefore, The SINR at the
user k is expressed as the equation

SINRk =
|hk|2pk

|hk|2
K∑

i=k+1

εk,ipi + |hk|2
k−1∑
j=1

pj + σ2

=
HkαkPtot

HkPtot
K∑

i=k+1

εk,iαi +HkPtot
k−1∑
j=1

αj + 1

(4)

where Hk = |hk|2/σ2 indicates the channel-response normalized by noise
(CRNN) of any user k, σ2 is the noise density power, pk = αkPtot is the
transmit power for the signal of user k, αk is the power allocation unit factor
of the signal of any user k, Ptot is the total transmit power at BS, and εk,i
is the uncancelled residual fraction of the signal’s power of the user i at the
user k [24].

Moreover, the value of εk,i depended on the channel realization, which
can be calculated by long-time measurement. By considering a large sample
sizes, [24] approximated the residual interference of the system as Gaussian
distribution. Then, εk,i can be computed to be the deviation or variance of
the remaining interference divided by the received energy, which will be later
returned to base station.

We can calculate the Shannon capacity equation, where each data rate of
user k can be written by the equation

Rk = B log2(1 + SINRk) (5)

where B denotes the bandwidth of the system.

2.2 Problem Formulation

As seen in the Equation (4), the transmission power not only increases
the signal strength but also increases the residual interference. When we
compared to perfect SIC (or ideal case) εk,i = 0,the non-ideal case or the
imperfect SIC can explicitly decrease the system performance. In the paper,
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we then investigate the effect of imperfect SIC on power allocation for a
NOMA system in the following network performance metrics.

1. Sum rate: The objective is to maximize the sum rate of all users in
the system. In order to avoid that the power is fully allocated to only
one user, QoS constraint is usually applied to all users to prevent that
situation and we take this constraint into sum rate optimization problem.

max
αk

K∑
k=1

Rk

Constraint1 :
K∑
k=1

αk ≤ 1 (6)

Constraint2 : αk ≥ 0,∀k

Constraint3 : Rk ≥ Rmink

where Constraint1 determines the limitation of the sum of the power
factor for all users, Constraint2 defines that the signal power is always
positive, and Constraint3 guarantees the quality of service for each
user Rmink .

2. Energy efficiency: In the paper, we improve the energy efficiency (EE)
of the system. It indicates the power saving or energy conservation
capability of the system and it is defined by a ratio of the sum-rate
and the power consumption of the user. The optimization problem in
maximizing this metric can be formulated as follows.

max
αk,1≤k≤K

K∑
k=1

Rk

K∑
k=1

pk + pc

Constraint4 : αk ≥ 0,∀k

Constraint5 :

K∑
k=1

αk ≤ 1 (7)

Constraint6 : Rk ≥ Rmink
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where pc is the circuit energy consumption of a base station, which
is constant and includes the power usages in transmission filters, A/D
converter or D/A converter [25]. Constraint4 guarantees that the power
factor is always positive. Constraint5 limits the summation of all power
factors and finally Constraint6 specifies the quality of service for each
user Rmink .

Besides, the EE optimization (7) is non convex (the fractional expression).
It is quite hard to achieve a globally optimal solution with a polynomial time.

3 The Proposed Schemes

In this section, we proposed two deep learning-based power allocation
schemes, including a deep learning-based sum-rate power allocation scheme
(DL-SRPAS) and a deep learning-based energy-efficient power allocation
scheme (DL-EEPAS). The main idea of our proposed schemes is to use a deep
neural network to forecast the optimal power allocation (exhaustive search
approach) in many performance network metrics. The proposed schemes are
as follows

1. Deep learning-based sum rate power allocation scheme (DL-SRPAS)
DL-SRPAS uses a deep neural network to predict the optimal power
allocation for the sum-rate maximization (OPA-SR), which solves the
optimization problem (6).

2. Deep learning-based energy-efficient power allocation scheme (DL-
EEPAS)
DL-EEPAS uses a deep neural network to learn the optimal power
allocation for the energy efficiency maximization (OPA-EE) which will
solve the following optimization problem (7).

Our two proposed schemes adopt a multiple-layer feed forward neural
network, where the input feature of the network is the dataset of the channel
response normalized by noise (CRNN) {Hk}, the total transmit power Ptot
and the uncancelled fraction of the signal’s power ε, and the output label of
the neural network is the set of the power allocation factor {αk}.

In the data generation step, we use the dataset ({ε, Ptot, {Hk}}, {αk})
as the training data set, where the total transmission power Ptot and the
uncancelled fraction of the signal’s power ε are constantly assigned in the
fixed range, and the channel-response normalized by noiseHk is derived from
Rayleigh distribution of the channel realization and from uniform distribution
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of the users’ locations in the cell area. The optimal power factor αk is found
by exhaustive search.

In the training step, We generate the dataset ({ε, Ptot, {Hk}}, {αk}) and
feed to the neural network. We use the loss function as the mean square error
(MSE) between the pre-trained output power factor {αk} and the output of
our neural network. We use the scaled-conjugate gradient (SCG) optimization
as back propagation process. We use the hyperbolic tangent (tanh) as the
activation function of all nodes in all hidden layers and we use the logistic
function as the activation function of all nodes in the output layer.

In the testing step, we build all parameters with the same distribution
as the training step. The dataset ({ε, Ptot, {Hk}}, {αk}) is used as the test
dataset. We input the test dataset to the trained neural network and compare
its output with the output of the exhaustive search scheme.

In summary, the overall process of DL-SRPAS and DL-EEPAS is shown
in Figures 1 and 2.

�

Figure 1 The overall process of DL-SRPAS.
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Figure 2 The overall process of DL-EEPAS.

4 Simulation Results

We assess the performance results of our proposed schemes through sim-
ulation. All performance results are achieved by averaging 10,000 random
samples. We place one base station at the center of the circular area and a
number of K users are randomly deployed on that area which has the radius
of 300 meters. The shortest distance between base station and each user is set
to 40 meters. For simplicity’s sake, all residual interference factors εk,i are set
to ε [24] and all minimum user data rates Rmink are set to the same variable
Rmin. Table 1 represents the simulation parameters of NOMA system and
Table 2 summarizes the architecture and the simulation parameters of the
DNN scheme.

The reasons for each parameter in Table 1 can be explained as follows.

1. Bandwidth – We follow the 3GPP TR release 13 standards in the use of
studies cellular system with a downlink bandwidth of 5 MHz or 10 MHz.
Many research in NOMA area tend to use a downlink bandwidth of
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Table 1 The simulation parameters of NOMA system

Parameters Values

Bandwidth (B) 5 MHz

Path Loss Exponent (v) 2.3

Noise Power Density (N0) −174 dBm/Hz

Circuit Power Consumption (Pc) 1 W

Minimum User Data Rate (Rmin) 1 Mbps

Number of Users 2,3

Total Transmission Power (Ptot) 10–100 mW

Residual Interference Factor (ε) 0.00–0.05

Table 2 The simulation parameters for the DNN scheme

Hyperparameters Values

number of hidden layers 3

number of nodes in each layer (DL-SRPAS) 30/30/30 (layer 1/2/3)

number of nodes in each layer (DL-EEPAS) 20/20/20 (layer 1/2/3)

number of output layer nodes 2 (for 2 users), 3 (for 3 users)

batch size 128

number of epochs 30

activation function for hidden layers hyperbolic tangent

activation function for output layer sigmoid

loss function mean square error

optimization algorithm scaled conjugate gradient (SCG)

5 MHz and we use 5 MHz for the benefit of comparing results with
other research.

2. Path Loss Exponent – The path loss exponent (v) affects the channel
gain between the base station and the user according to this equation :
h = 1/d(v), where h is the channel gain between the base station and
the user, d is the distance between the base station and the user and v is
the path loss exponent. In the equation, if the path loss exponent is low,
the channel gain will be high and vice versa. The path loss exponent
(v) = 1.0 − 2.0 is typically used in the free space environment (high
channel gain) and the path loss exponent (v) = 2.7 − 3.5 is typically
used in the urban environment (low channel gain). We decided to choose
the path loss exponent (v) = 2.3, which is the middle value between
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the path loss exponent of the free space environment (1.0 − 2.0) and
the urban environment (2.7 − 3.5), to achieve channel gains from both
environments. Since channel gains are the input of DNN model, they
will become the distribution of the data set. This mixed distribution
captures properties of both environments. If the model works well on
this mixed distribution, that means there is a high chance that the
model should work well on the free space environment and the urban
environment. This probably means that DNN model can learn channel
gains regardless of environments whose path loss exponent (v) could be
any number.

3. Noise Power Density – This parameter is the noise power per unit of
bandwidth and it is commonly set to −174 dBm/Hz in most NOMA
research, To compare the results with those research, we then also set to
this value.

4. Circuit Power Consumption – This parameter depends on the power
consumed by circuit components in the base station, such as ADC and
DAC, which is constant. The range values from 1 W to 10 W are
used in most research. Therefore, we decided to choose 1 W due to
the size of our NOMA simulation system with 2–3 users and coverage
area of 300 m which is relatively small. The base station with power
consumption of 1 W is sufficient to support this NOMA system.

5. Minimum User Data Rate – This depends on quality of studies of users.
The larger value the better the system is. Many NOMA research set
minimum user data rate to 1 Mbps because it is considered enough to
support users in the NOMA system. Consequently, we decided to set to
this value.

6. Number of User – In practical NOMA system and most research con-
sider 2–3 users per cluster and then use multiple clusters to deploy in
the NOMA system instead of considering more than 3 users such as 10
users or 30 users individually and deploying in the system. This is due to
the decoding complexity when using SIC to decode the received signal.
For example, for 10 users in the system without clustering, there is one
user that need to use SIC to decode the received signal 9 times before
extracting its own information. As a result, the decoding complexity of
this user is very high.

7. Total Transmission Power – The reason for this parameter is quite
similar to Circuit Power Consumption. We set to this range 10–100 mW
because we consider a small size of the NOMA system, which has only
2–3 users and coverage area of 300 m.
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8. Residual Interference Factor – In practical system, this factor can be
estimated as Gaussian distribution to be mostly in a range of number
between 0.0 and 0.5. We decided to choose this range.

Our proposed schemes, including a deep learning-based sum rate power
allocation scheme (DL-SRPAS) and a deep learning-based energy effi-
ciency power allocation scheme (DL-EEPAS), based on the feed for-
ward neural network of 3 hidden layers. For DL-SRPAS, 15,000 samples
({ε, Ptot, {Hk}}, {αk}) have been created to solve the optimization (6) and
then split into a training data set that contains 12,000 samples (80%) and
a validation dataset that contains 3,000 samples (20%). For DL-EEPAS,
15,000 samples ({ε, Ptot, {Hk}}, {αk}) have been produced to solve the
optimization (7) and then divided into a training dataset containing 12,000
samples (80%) and a validation dataset containing 3,000 samples (20%).

Typically, deep learning applications tend to use large training dataset,
for example the order of 1,000,000 samples. However, the usage of 15,000
sample sizes to train our neural network is inspired by the objective of
abbreviating the complexity and the storage of our proposed schemes.

We compare our proposed schemes, including DL-SRPAS and DL-
EEPAS, with two conventional power allocation schemes labeled as “Max-
SR conventional” in [15] and “Max-EE conventional” in [16]. “Max-SR
conventional” and “Max-EE conventional” allocate the transmission power
in order for maximizing the sum-rate and the energy efficiency of the system
without considering residual interference.

The sum rate of the proposed algorithm is better than the previous algo-
rithm in both 2-users NOMA system and 3-users NOMA system. As seen in
the Figures 3 and 4, the proposed algorithm achieves better performance in
the entire region and all residual interference factors.

The energy efficiency of the proposed algorithm is better than the pre-
vious algorithm in both 2 users NOMA system and 3 users NOMA system.
In Figures 5 and 6, the proposed scheme attains superior performance on all
region of transmission power in all residual interference factors.

The main reason why the proposed algorithm is better than the previ-
ous related algorithms is because the previous related algorithms consider
“perfect SIC”. As a result, these algorithms performed well based on perfect
SIC condition. However, when it comes to practical systems, perfect SIC
condition almost never happen. Then, the results of these algorithms in prac-
tical systems could be lower than expected. While the proposed algorithm
considers “imperfect SIC” and its effects on NOMA, it is expected that the
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Figure 3 The sum rate of the proposed DL-SRPAS and MaxSR conventional scheme for
2-users NOMA system under various residual interference factors ε.

proposed algorithm could perform well on imperfect SIC condition, which
usually happens in practical systems.

Figure 3 exhibits the sum rate metric and the total transmission power of
base station for two users NOMA system with various residual interference
factors. The proposed DL-SRPAS gains better metric performance than the
conventional scheme “Max-SR conventional” throughout the whole region
of the horizontal axis. As ε factor increases, the sum-rate performance gap
becomes greater. It means that the imperfect SIC has an impact on this metric,
and the proposed DL-SRPAS scheme can effectively mitigate the sum rate
loss caused by the imperfect SIC.

Figure 4 depicts the graph of the sum rate versus the total transmission
power for three users NOMA system under different residual interference
factors. The proposed DL-SRPAS gain better performance result than the
scheme “Max-SR conventional” in the entire region. Especially, as ε value
increases, the performance gap between two schemes becomes larger. It
showed that the imperfect SIC affects the sum rate and our proposed
DL-SRPAS decrease the performance loss caused by the imperfect SIC.
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Figure 4 The sum rate of the proposed DL-SRPAS and MaxSR conventional scheme for
3-users NOMA system under various residual interference factors ε.

Figure 5 shows the energy efficiency performance versus the total trans-
mission power of base station for 2-users NOMA system with different
residual interference factors. Our proposed DL-EEPAS scheme outperforms
clearly the “Max-EE conventional”. When the Ptot or the ε value increase, the
EE performance interval are larger. This can conclude that the SIC residual
in realistic system can have a great impact on the energy-efficient metric and
thus the proposed DL-EEPAS can successfully reduce the EE loss.

Figure 6 shows the energy-efficient metric and the base station’s overall
transmit power for 3 users NOMA system in different residual interference
factor values. The proposed DL-EEPAS works much better than the “Max-
EE conventional”. Specifically, while the Ptot value or the ε grow, the EE gap
of 2 schemes will become larger. It is noticed that again the imperfect SIC
has a great effect on EE performance and DL-EEPAS can increase the energy
efficiency performance.

Furthermore, we compare the performance metrics of our two proposed
schemes with those of two optimal power allocation (OPA) schemes (the
ground truth that our algorithm learn from), which provide the optimal
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Figure 5 The sum-rate of our proposed DL-EEPAS and MaxEE conventional scheme for
2-users NOMA system under different residual interference factors ε.
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Figure 6 The sum rate of the proposed DL-EEPAS and MaxEE conventional scheme for
3-users NOMA system in different residual interference factors ε.
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Figure 7 The sum rate of the proposed DL-SRPAS and OPA-SR for 2-users NOMA system
in various residual interference factors ε.

performance metrics We labeled them as “OPA-SR” and “OPA-EE”. By
using brute force search, “OPA-SR” and “OPA-EE” assign the power to
maximize the sum-rate metric and the energy-efficiency metric with taking
SIC residual interference into consideration, respectively.

Figure 7 shows the total transmission power and the sum rate for 2-users
system under different remaining interference factors ε. We compare the
proposed DL-SRPAS with OPA-SR. The sumrate achieved by DL-SRPAS
is quite close to the optimal sum-rate obtained from OPA-SR. In the case
that the value of ε = 0.00, ε = 0.01 and ε = 0.03, DL-SRPAS can
achieve 99.84%, 99.47% and 99.18% of the sum-rate performance of OPA-
SR, respectively. From the graph, the sum rate of two schemes tends to
decline because the effect of imperfect SIC.

Figure 8 depicts the sum rate and the transmission power of BS for 3-users
NOMA system in different residual interference factors ε. We compare the
proposed DL-SRPAS with OPA-SR. The sum rate of DL-SRPAS is similar
to the optimal sum rate result acquired by OPA-SR. For the value of the
ε = 0.00, ε = 0.01 and ε = 0.03, DL-SRPAS can get 98.19%, 98.20%
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Figure 8 The sum-rate of the proposed DL-SRPAS and OPA-SR for 3-users NOMA system
in different residual interference factors ε.

and 98.61% of the performance of the OPA-SR, respectively. However, due
to the imperfect SIC impact, the sum-rate value of two schemes finally drop.

Figure 9 shows the EE performance versus the total transmission power
of BS for 2-users NOMA system under various residual interference factors
ε. We compare our proposed DL-EEPAS with OPA-EE. The EE performance
gained from the DL-EEPAS is close to the optimal EE obtained by the OPA-
EE. For the case that ε = 0.00, ε = 0.01, ε = 0.03, the DL-EEPAS can
get 99.73%, 98.86% and 97.59% of the energy-efficiency performance of the
OPA-EE, respectively. Nevertheless, the energy efficiency performance of 2
schemes decrease due to the imperfect SIC condition.

Figure 10 shows the energy efficiency versus the transmission power
at base station for 3-users NOMA system in many residual interference
factors ε. We compare the energy efficiency of the proposed DL-EEPAS with
OPA-EE. The performance achieved by DL-EEPAS is close to the optimal
performance achieved by the OPA-EE. For the case of ε = 0.00, ε = 0.01
and ε = 0.03, DL-EEPAS can achieve 98.50%, 97.74% and 98.66% of energy
efficiency performance of the OPA-EE scheme, respectively. However, due to
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Figure 9 The energy efficiency of the proposed DL-EEPAS and OPA-EE for 2-users NOMA
system under various residual interference factors ε.
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Figure 10 The energy efficiency of the proposed DL-EEPAS and OPA-EE for 3-users
NOMA system in many residual interference factors ε.
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Figure 11 Average CPU time of the proposed DL-SRPAS and the OPA-SR for 2-users
NOMA system.

the effect from practical NOMA system, the energy efficiency performances
of both two schemes will decrease.

Furthermore, we compare the CPU time of our two proposed schemes
with CPU time of two optimal schemes, “OPA-SR” and “OPA-EE”.

Figure 11 depicts the average CPU time in 2-users system. We compare
the proposed DL-SRPAS with OPA-SR in the environment has the interfer-
ence factor of ε = 0.01. Clearly, the proposed DL-SRPAS takes the CPU time
much less than the OPA-SR does. For example, when the transmission power
is set to 90 mW, the average CPU time used by the DL-SRPAS is approxi-
mately 0.0028 ms but the average CPU time used by the OPA-SR algorithm is
approximately 3.5659 ms, which is about 1273 times. Besides, while the total
transmission power grows up, the average CPU time used by the proposed
DL-SRPAS is still constant but the average CPU time obtained by OPA-SR
grows dramatically. This is due to a combination through exhaustive search
of the OPA-SR to solve the optimization problem but our proposed algorithm
use simple linear calculation.
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Figure 12 The average CPU time of the proposed DL-SRPAS and OPA-SR for 3-users
NOMA system.

Figure 12 shows the average CPU time and the total transmit power
at base station for 3-users NOMA system. We compare the proposed DL-
SRPAS with the OPA-SR and set the residual interference value to the factor
ε = 0.01. Obviously, our DL-SRPAS needs the average computation CPU
time much less than the OPA-SR. For instance, when the total transmit
power at BS is set to 90 mW, the average computation time achieved by
the DL-SRPAS is about 0.0045 ms but the computational time obtained by
OPA-SR scheme is about 13.9610 ms, which is approximately 3102 times
of our DL-SRPAS. Besides, when the transmit power increases, the average
computational time of the proposed DL-SRPAS remains nearly constant but
that computational time of the OPA-SR scheme goes exponentially. This is
the same reason as the two users case.

Figure 13 shows the average CPU time and total transmission power
for 2-users system. We compare our proposed DL-EEPAS with OPA-EE
with the residual interference factor set to the case of sum-rate ε = 0.01.
Again, DL-EEPAS requires the CPU time much less than OPA-EE. When
the power is 90 mW, the CPU time is 0.0028 ms but the CPU time taken
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Figure 13 Average CPU time of the proposed DL-EEPAS and OPA-EE for 2-users NOMA
system.

by OPA-EE is reaching 3.5656 ms, which is approximately 1273 times
compared to our proposed scheme. Besides, the average CPU time used by
the DL-EEPAS algorithm remains nearly constant but the CPU time used
by the OPA-EE increases rapidly. This much time-consuming is the nature
of exhaustive search approach while a pretrained deep neural network use
simple calculation to predict the output.

Figure 14 is the graph to show the average CPU time and the total
transmitted power for 3-users NOMA system. We compare our proposed DL-
EEPAS with the OPA-EE and fix the value of the residual interference factor
to ε = 0.01. Clearly, the DL-EEPAS takes the CPU time less than the OPA-
EE. For instance, when the total transmission power is fixed to be 90 mW, the
CPU time consumed by our DL-EEPAS is about 0.0050 ms but the CPU time
used by the OPA-EE is roughly 14.1803 ms, which is approximately 2,836
times. In addition, as the total transmission power at BS rises, the average
CPU time consumed by the proposed DL-EEPAS remains nearly constant but
that consumed by the OPA-EE goes exponentially. This is the same reason to
the previous case of 2-users NOMA system.
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Figure 14 The average CPU time of the proposed DL-EEPAS and the OPA-EE for 3-users
NOMA system.

5 Conclusion

In this paper, we proposed two deep learning-based power allocation
schemes, including DL-SRPAS and DL-EEPAS, for down-link NOMA sys-
tem with imperfect SIC. Both two schemes use the deep neural network
model to learn two exhaustive-search optimal power allocation schemes,
which consider imperfect SIC condition. The simulation results verify that
our two proposed schemes outperform two conventional power allocation
schemes which maximize two performance metrics without considering
imperfect SIC, where those two metrics are the sum-rate and the energy effi-
ciency. In addition, our proposed schemes achieve near-optimal performance
with very low CPU time.
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