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Abstract—Reducing power consumption while maintaining
high spectral efficiency is crucial in modern communication
systems, especially given the rapid expansion of network services
and devices. To catch up on this challenge, we explore an energy-
efficiency problem in an uplink quantized MIMO (Multiple-
Input Multiple-Output) system empowered by NOMA (Non-
Orthogonal Multiple Access) in this work. In this context, em-
ploying low-resolution quantizers can significantly reduce power
consumption, while NOMA enhances spectral efficiency in MIMO
systems. Here, we propose a post-actor-added deep deterministic
policy gradient (P-DDPG) algorithm that incorporates a novel
post-actor process into the DDPG training algorithm to opti-
mize the users’ precoding and base station’s detection matrices
while considering their constraints. By leveraging the P-DDPG
algorithm, we aim to enhance the system’s energy efficiency,
boosting spectral efficiency while minimizing power consumption.
Additionally, we design a power-exhaustive searching function
added to the trained model in the inference process, ensuring
device diversity. Numerical results confirm the algorithm’s con-
vergence and demonstrate its superior performance under vari-
ous environmental conditions compared to benchmark schemes.
Furthermore, we thoroughly analyze the impact of low-resolution
quantizers on system performance.

Index Terms—low-resolution quantizers, multiple-input
multiple-output systems, non-orthogonal multiple access,
quantized networks.

I. INTRODUCTION

IMO (Multiple-Input Multiple-Output) networks are

a key technology in modern wireless communication
systems. They significantly enhance performance and capacity
compared to traditional single-antenna systems by utilizing
multiple antennas at both the transmitter and receiver. This
enhancement is achieved through spatial diversity and mul-
tiplexing, which improve the transmission rate and spectral
efficiency [1]-[3]. However, a significant challenge facing
MIMO systems, particularly as they scale up, is their high
power consumption. The multiple radio frequency (RF) chains
required for each antenna, including power amplifiers, analog-
to-digital converters (ADCs), and digital-to-analog converters
(DACs), contribute to increased energy usage [4]. The high
power consumption not only impacts the operational costs but
also poses challenges for battery life in mobile devices and
for deploying MIMO in energy-constrained scenarios.

Thanh Phung Truong, Nam-Phuong Tran, Junsuk Oh, Donghyun Lee, Van
Dat Tuong, and Sungrae Cho are with the School of Computer Science and
Engineering, Chung-Ang University, Seoul 06974, Republic of Korea (e-mail:
{tptruong, tnphuong, jsoh, dhlee, vdtuong} @uclab.re.kr; srcho@cau.ac.kr).

Nhu-Ngoc Dao is with the Department of Computer Science and En-
gineering, Sejong University, Seoul 05006, Republic of Korea (e-mail:
nndao@sejong.ac.kr).

Moreover, the demand for energy-efficient and rapid wire-
less communication has become increasingly crucial in today’s
technological landscape, particularly in emerging fields like
the Internet of Things (IoT). Devices in these fields often
face limited battery life or modest energy resources. Despite
these limitations, achieving high spectral efficiency remains
essential for their operation [5]. To address this challenge,
integrating energy-efficient hardware components, such as
low-resolution quantizers, into transceivers presents a viable
strategy for reducing power consumption. Employing low-
power hardware solutions balances operational longevity and
performance, especially in scenarios where energy conserva-
tion is paramount [6], [7]. Low-resolution quantizers effec-
tively reduce power consumption in transceivers by lowering
the quantization levels in DACs and ADCs. This reduction is
particularly impactful in multiple-antenna systems, where low-
resolution quantizers can significantly decrease overall power
usage [8]. Nevertheless, quantized networks employing low-
resolution quantizers in transmitting and receiving processes
introduce significant quantization errors. These errors distort
both transmitted and received signals due to the limitations of
the DACs and ADCs. These distortions result in substantial
inter-user interference, posing a fundamental constraint on the
spectral efficiency gains [9], [10]. As a result, the demand for
improving low-resolution quantizer systems while considering
quantized distortion opens an attractive avenue for future
research.

Meanwhile, the number of devices used in communication
networks has dramatically increased recently. This explosion
requires efficient multiple access techniques to handle user
interference and improve transmission efficiency. In this con-
text, non-orthogonal multiple access (NOMA) appears to be
a significant technique for 5G and beyond [11], [12]. By
superimposing users’ signals at different power levels, NOMA
enables simultaneous transmission, allowing multiple users
to share the same time-frequency resources. At the receiver,
the Successive Interference Cancellation (SIC) technique is
applied to decode each user’s signal sequentially, effectively
mitigating users’ interference [13], [14]. Previous research
has investigated integrating NOMA into MIMO networks,
referred to as MIMO-NOMA networks [15]. These networks
can improve transmission efficiency by leveraging MIMO’s
spatial diversity and NOMA’s efficient multiple access capa-
bilities, which can significantly boost system performance by
increasing spectral efficiency and lowering the transmit power
demand [16], [17]. While low-resolution quantizers reduce cir-
cuit power consumption at the expense of increased distortion



and user interference, NOMA’s power-domain superposition
coding and the SIC technique effectively mitigate such in-
terference [18]. Therefore, integrating NOMA into quantized
MIMO networks not only enables efficient user multiplexing
but also helps counteract the spectral-efficiency degradation
introduced by quantization, making quantized MIMO-NOMA
a compelling design choice for energy-efficient future wireless
systems. This integration offers a multifaceted solution to sev-
eral concurrent wireless communication network challenges:
(a) efficient MIMO network design, (b) the need for a multiple
access technique in networks with numerous devices, and
(c) the application of low-resolution quantizers for MIMO
networks with resource-constrained devices.

To the best of our knowledge, research on low-resolution
quantizers in MIMO-NOMA systems is in its early stages.
Accordingly, this work explores the energy efficiency problem
in a quantized uplink multi-user MIMO-NOMA system, and
the major contributions are summarized below.

o« We explore an energy efficiency problem in a quan-
tized uplink multi-user MIMO-NOMA system. Here,
the transceivers are adopted with multiple low-resolution
quantizer antennas, and NOMA is applied to enhance the
transmission between users and the BS. We analyze the
spectral efficiency and system power consumption under
the distortion due to low-resolution quantizers. We then
formulate an energy efficiency maximization problem by
optimizing the users’ precoding and BS detection matrix.

o The non-convexity of the objective function and the
coupled variables pose a significant challenge in solving
the problems using traditional optimization methods. As a
result, we propose a post-actor-added deep deterministic
policy gradient (P-DDPG) algorithm to form a DRL
framework to solve the problem. Unlike standard DDPG
or constrained DRL methods that rely on penalty func-
tions, the proposed P-DDPG employs an analytical post-
actor normalization. By applying closed-form formulas to
normalize the action decided from the neural network, our
method guarantees exact constraint satisfaction with low
overhead, which is crucial for stable operation in quan-
tized MIMO-NOMA systems. Moreover, we propose a
power-exhaustive searching function to effectively decide
actions in the inference process to meet the diversity of
user devices.

o Numerical experiment proves the convergence of our pro-
posed algorithm. Moreover, the results demonstrate the
proposed scheme’s outperformance compared to conven-
tional benchmarks. In addition, we analyze the effect of
the quantization level on the system’s spectral efficiency,
power consumption, and energy efficiency.

The remainder of this work is organized as follows. In
Section II, we summarize the state-of-the-art related works.
Section III introduces the proposed system and formulates
the problem. The proposed solution is detailed in Section
IV. Section V shows the numerical results. And Section VI
concludes the work.

II. RELATED WORK

MIMO networks have been widely considered in research
because of their effectiveness [19]-[21]. For instance, Song et
al. [19] proposed a learning method that employs a learnable
unitary matrix to optimize the beamforming matrix from
the BS to the users. This method showed its effectiveness
in simulation, outperforming several existing algorithms in
maximizing the system’s sum rate. The authors in [20] focused
on maximizing the system sum rate in an uplink rate-splitting
MIMO network. They integrated graph searching and deep
reinforcement learning methods to design the users’ precod-
ing matrices and the decoding order at the BS. Kim et al.
[21] proposed a semi-exhaustive search optimization and an
alternating optimization method to design beam forming, task
assignment, channel selection, and CPU allocation for mini-
mizing overhead in a MIMO device-to-device edge network. In
addition, with the demand for low-power hardware in MIMO
networks for energy-efficient transmission, researchers have
gradually considered quantized MIMO networks [22]-[24].
In [22], the authors considered a quantized MIMO system
with low-resolution DACs at the transmitter. They proposed
an alternating-based method to optimize the analog and digital
precoding strategies and analyzed the spectral and energy effi-
ciency under quantized distortion. Paper [23] considered low-
resolution ADCs at the BS. The authors proposed a tracking
algorithm for a mobile user localization issue in quantized
MIMO systems in this work. Cho et al. [24] aimed to minimize
the maximum transmit power at the quantized transmitter
antennas. For this purpose, they proposed a Lagrangian-based
optimization method to jointly design the beamforming vectors
and the peak transmit power under signal-to-quantization-plus-
interference-and-noise ratio constraints. Although quantized
MIMO networks have been increasingly considered in recent
studies because of their ability to reduce power consumption,
the distortion noise from low-resolution quantizers negatively
impacts spectral efficiency. Therefore, exploring advanced
technologies to enhance spectral efficiency in these networks
is a compelling study area. Multiple access techniques present
a promising solution, especially as device density increases.

Meanwhile, the NOMA technique has demonstrated its
efficiency in enhancing MIMO networks [25]-[27]. For in-
stance, the authors in [25] considered an energy efficiency
maximization problem in terahertz MIMO-NOMA systems.
They proposed an approach combining machine learning and
distributed alternating direction methods to optimize hybrid
precoding, user clustering, and resource management. Besides,
the results in this paper showed the effectiveness of NOMA
in MIMO networks, especially when compared with other
multiple access schemes. In [26], the authors studied the
maximization of system sum rate and energy efficiency in
incorporating NOMA and MIMO networks. They proposed
a deep neural network-based method to optimize the BS’s
precoder and power allocation variables. The simulation results
highlighted the enhancement of NOMA to the MIMO system,
especially compared with other multiple access schemes such
as OMA (orthogonal multiple access). Mamat et al. [27]
applied a geometric program approach for optimizing channel



TABLE I
QUANTIZATION DISTORTION FACTOR

b bR 1 2 3 4 5

Br.n\Bm | 0.3634 | 0.1175 | 0.03454 | 0.009497 | 0.002499

direction information bits and transmit power in MIMO-OMA
and MIMO-NOMA networks. Aiming to maximize the min-
imum SINR (signal-to-interference-plus-noise ratio) fairness,
the authors proved the outperformance of NOMA over OMA
in low-to-moderate CDI (channel direction information) rate
regimes, showing that NOMA can achieve up to a 4 dB gain
in some scenarios. Their study further demonstrated that user
grouping and progressive-filling allocation schemes can sig-
nificantly reduce computational complexity while maintaining
near-optimal fairness. Obviously, NOMA has demonstrated its
effectiveness in enhancing MIMO networks. As the demand
for improved spectral efficiency in low-power-consumption
quantized MIMO networks grows, particularly in multi-user
scenarios, investigating quantized MIMO-NOMA networks
becomes crucial for advancing wireless communication sys-
tems.

III. PROBLEM STATEMENT

A. Quantized Uplink Multi-user MIMO-NOMA Communica-
tions Networks

Fig. 1 illustrates the considered quantized uplink multi-user
MIMO-NOMA communication system. Here, a set of users,
K £ {1,2,..., K}, each is equipped with N}, antennas, k € K,
transmits signal to an M -antenna BS via wireless channel. The
transmission between users and BS is enhanced by applying
the NOMA technique. Without loss of generality, we adopt
a per-antenna quantization model that supports heterogeneous
resolutions across antennas. In this work, the effects of low-
resolution DACs and ADCs are modeled using a linear gain
plus additive noise approximation, which is a standard and
well-established approach in quantization analysis. Here, the
quantization error is uncorrelated with the input signal and can
be accurately characterized by its second-order statistics [22],
[28], [29].

1) Quantized Transceivers: At each user k, the transmit
symbol sj is precoded by using a linear precoder Pj &
CNex1 Without loss of generality, we assume that the transmit

symbols have unit power, ie., E(sgs?) = 1 [30]. The
precoded signal at k-user can be expressed as
X = PkSk. (1)

Then, each user employs pairs of DACs to convert the digital
signal to an analog signal. The DAC pair at antenna n of
user k (for real and imaginary parts) is designed with bgn—bit
resolution. According to [28], we apply a linear representation
to approximate the quantization process. The quantized signal
at user k is expressed as

X] = Qp(xk) = Opxi +nl = OFPys, +nj, (2

where Qj(x}) is the quantizer function, ©f and nf are the

quantization loss matrix and the additive Gaussian quantiza-
tion noise at the user k, respectively. The quantization loss

matrix, ©f £ diag(af ,,...,af v ) € CNe*Ne s estimated
based on the quantization distortion factor, ﬂgn,n eN: &
{1, ..., Ny}, where its elements are calculated as

af,=1-BL,.neN. (3)

The value of ﬁ;{m is determined according to the quantization
level [31], which is specified as in Table I if b{n < 5

. _opT .. .
otherwise, 5,?,1 = ’%/32 2bk.n . The quantization noise follows

n! ~ CN(Oy,x1,RT), where R} denotes the covariance
matrix of nZ, which can be calculated as:

R} = ©7 0, diag(E[x,x{']), )

where ©F £ diag(By, - BE n,) € CN#*Ne. Accordingly,
the transmitted signal at each user has a power constraint [22],
expressed as

Pl 2 tr (Ex{(x1)"]) < Pemas, k € K, 5)

where Pjpq, denotes the maximum transmit power.

By letting H;, € CM >Nk denote the channel matrix between
user k and the BS, the received signal at the BS can be
represented as

y =y Hux] +no, (©)
ke
where ng is the additive white Gaussian noise with zero mean
and variance o2. Accordingly, the received signal at each
antenna, m € M 2 {1,.., M}, is quantized by a pair of
ADCs with bZ -bit resolution. Similarly, the quantized received
signal is approximated as

y! = Qp(y) = Oy + nj, (7)

where Qp(y) is the quantizer function, ©% and n% are the

quantization loss matrix and the additive Gaussian quantization
noise at the BS, respectively. Similarly, the quantization loss
matrix at the BS, ©% £ diag(af, ..., al}), is calculated based
on the resolution of the quantizer, where its elements are
calculated as
R _ R
ol =1- B8 me M. ®)

The value of 3% is determined according to the quantization
level [31], which is specified as in Table I if bﬁ < b5
otherwise, 3R = T¥32-2b.. The quantization noise follows
n% ~ CN(0px1, R?), where R denotes the covariance

matrix of n‘g, which can be calculated as:
R" = @40 diag(Elyy"]), ©)

where @% =S dz‘ag(ﬁﬁ, ...,ﬂﬁ) € CMxM,
Prior to decoding the signal, the quantized signal is per-
formed with a unitary detection matrix, expressed as [32]—[34]

y=Wy!=We% Y H,O[Pys;
keK
+WO% Y Hin! + WO%ng + Wnl,
kek
(10)
where W £ [wy, ..., wg]T € CEXM | with w;, € C*M k€
K being the detection vector to detect signal of user k; and

Y 2 [1, ..., U], with g, k € K, being the detected signal of
user k.
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Fig. 1. Quantized MIMO-NOMA systems.

2) Transmission with NOMA: By involving the NOMA
technique in the transmission, the BS applies the SIC tech-
nique to decode the users’ signals from the detected signals.
The decoding order is ranked according to the channel effec-
tiveness between the users and the BS, with the user having
the highest channel effectiveness decoded first [35]. Without
loss of generality, we assume that users’ channel effectiveness
is determined based on their spectral efficiency in a single-user
system, since this metric serves as a practical proxy for post-
detection reliability and has been shown to yield effective and
low-complexity SIC ordering [36]. Here, the spectral efficiency
of user k in a single-user system can be calculated as

wiOFH, O3 PPy (O7) TH] (©3)"
NSy, '
(11
single-user system is
+ 02w O% (WL O%)H +

r,fU log(l-i—

where the total noise in the
NSk = WkQ%HkRg(Wk@%Hk)H

wiREwH . Accordingly, the decoding order is ranked as
Vs> .. >-rSU
%

B. Performance Metric

1) Spectral Efficiency: Given the decoding order, the spec-
tral efficiency of user k£ can be calculated as

w,O3H, 0y PPl (07 Hf (0%)wi )

—1 (1
e = tog L+ U, + NU,

(12)
where U and NUj, are the interference signals and the total
noise from quantization and transmission, respectively, which

are calculated as

U, = Y wi®%H,;05P,;PI(©5)"H (0%)" W/,

FETU,,
NU, = > wi@%H;RH/ (©%)"w/!
e
+ szkQ%(@%)wa + kawa,

13)

where ZU}, is the set of the users decoded after user k.

2) Power Consumption: The power consumption at each
user is combined from the amplifier and analog circuit powers
[9]. Here, the amplifier power consumption can be calculated
as

PET =y P (14)
where 7 is a power efficiency coefficient. The analog circuit
power consumption of user k is calculated according to the
local oscillator (LO), DACs, and radio frequency (RF) chain,
which is calculated as [9], [22]

nENk

15)

Here, the power consumption of each DAC at antenna n of
user k, n € Ny, can be calculated as

PDAC —15%x1075. 2bk n4+9x10712. b n Fs, (16)

where F is the sampling frequency [37]. The power consump-
tion of the RF chain at user k is calculated as

P =2pf" + P+ P, (17)

where PLP, PM, and PH are the power consumption of the
low-pass filter, mixer, and hybrid buffer at user k, respectively.
We summarize some parameters for power consumption model
in Table II, which are compiled from [9], [22].



TABLE 11
PARAMETERS FOR POWER CONSUMPTION.
Parameters Values
n 27%

Fs 1 GHZ
{PLO,PLP PM PH ke K} | {22.5,14,0.3,3}mW

3) Energy Efficiency: To maximize the system spectral
efficiency while minimizing the power consumption, we for-
mulate an energy efficiency metric, which can be calculated
by dividing the sum of the users’ spectral efficiency by the
sum of the users’ power consumption, calculated as

= 2k Tk
Ykex B

where P,g = P,fp + P,fc is the power consumption of user
k.

(18)

C. Problem Formulation

In this study, we address the dual objectives of enhancing
spectral efficiency while reducing the transmitters’ power
consumption under low-resolution quantizer effects by formu-
lating an optimization problem focusing on maximizing the
energy efficiency by optimizing the precoding matrices at the
users and the detection matrix at the BS. Accordingly, the
formulated problem can be expressed as

(P1): I\}I\l]z}l};( & (19a)
st. Pl < Punas, k €K, (19b)
wiwil =1, ke K, (19¢)

where P £ {P, k € K} is the set of precoding matrices of
all users, (19b) denotes the users’ power constraint, and (19c)
is the constraint of the detection matrix [38].

Problem (P1) poses significant challenges due to the non-
convexity of the objective function and the strong inter-
dependence among the optimization variables. These char-
acteristics make it difficult to apply standard optimization
methods directly, necessitating more advanced or specialized
solution approaches. In particular, conventional deterministic
optimization methods are difficult to apply to Problem (P1)
due to the lack of convexity and tractable analytical gradients,
as well as the strong coupling among optimization variables.
Moreover, conventional supervised deep learning approaches
are unsuitable because they require labeled training data gen-
erated from optimal solutions, which are unavailable due to
the lack of an efficient benchmark solver. Fortunately, deep
reinforcement learning (DRL) has emerged as an efficient
approach to solving this class of problems, as demonstrated
by many recent works. In particular, the deep deterministic
policy gradient (DDPG) algorithm has been widely adopted
due to its effectiveness in addressing wireless communication
optimization problems with continuous action spaces [39]-
[42]. Hence, in this work, we propose a DRL-based framework
and develop a novel DDPG-based algorithm, referred to as
post-actor-added DDPG (P-DDPG).

IV. PROPOSED P-DDPG-BASED DRL FRAMEWORK

A. Reinforcement Learning Model

To apply the DRL framework to solve (P1), we first trans-
form the problem into the reinforcement learning (RL) model
[43], where the BS plays the role of the RL agent, and the
RL environment is the whole system. Throughout this work,
the BS is assumed to have perfect channel state information
(CSI) to focus on the joint optimization of users’ precoders
and the BS detection matrix under quantization constraints. In
practice, CSI can be obtained via standard uplink pilot-based
training, where users transmit known pilot sequences, and
the BS estimates the channels from the received signals [44].
When low-resolution ADCs are employed, quantization during
the pilot phase attenuates the received pilots. It introduces
nonlinear distortion that degrades estimation accuracy, which
can be mitigated by quantization-aware channel estimation
techniques [45], [46]. At each time slot ¢, we define the state
space, action space, and reward function as

o State space: This space represents the set of all possible
configurations or conditions that the system can perceive
or experience, which are the channel matrices between
users to the BS, expressed as

s[t] = {Hu[t], Ho[t], ..., H[t]).

o Action space: The action space defines the set of deci-
sions of the agent, which are the precoding matrices and
the detection matrix, expressed as

(20)

alt] = {P[t], WIt]}. @21

e Reward function: Aiming to maximize energy efficiency,
we calculate the reward function at each time slot using
energy efficiency, expressed as

(22)

The RL problem is structured to maximize long-term re-
wards by identifying the optimal action for each state. This
optimization process takes into account the constraints spec-
ified in (19), ensuring that the chosen actions adhere to the
defined requirements of the system.

B. Proposed P-DDPG Algorithm

To train the agent to decide on the action, we apply the
DDPG algorithm, which determines action using a neural
network named actor network. At each time slot ¢, the actor
network decides the action, denoted as ad[t], according to the
observed state s[t], expressed as

alt] = o, (s(t]) + OU[t], (23)

where OU[t] is the noise for training exploration [47], the
noise is set to zero after training, g, (s) denotes the actor
network with the parameter ¢,, which takes state s as the
input. The chosen action is evaluated by the critic network,
Qo,, (s, a), with the parameter 6, which takes a pair of action



and state (s,a) as input. Accordingly, the parameter of the
actor network is updated by a policy gradient expressed as

S
1
VGMJ = E Z (anHQ (87a)|s:si,a:ygu(si)v9uﬂeu (sz)) 5
=1

(24)
where S is the size of training sample batch, s; denotes the
state in the sample . Then, the critic network parameter is
trained by minimizing a loss function expressed as

s
Z (Qog (si,ai) — yi)?, (25)
where y; denotes the target value, and a; is the action in the
sample 7. Here, the target value is estimated as

Yi = 2 + ’YQIOQ/ (S;, ;uém (82)%

where z; and s} denote the reward and the next state in sample
i Qe (s,a) and Ne (s) denote the target critic and actor
networks respectlvely, with the corresponding parameters 6¢-
and 60,,, which enhance the training performance [48]. The
target network parameters are updated based on the primary
networks by a soft update function with a coefficient 7,
expressed as

(26)

O, 718, +(1—1)0,,

27
GQ/ $— T@Q + (1 — T)GQ/. ( )

The networks are trained off-policy using training samples
randomly drawn from an experience replay buffer, which holds
the interaction experiences. Accordingly, the actor network
decides the optimal action to maximize the expected reward
at each time step. However, it does not consider the problem
constraints when determining the action. Therefore, the actions
determined by the actor network may not satisfy the problem
constraints. Hence, we propose a post-actor process that in-
tegrates with the DDPG algorithm to ensure all the problem
constraints, resulting in the P-DDPG algorithm.

To ensure compliance with constraint (19b), we examine it
closely to understand how the chosen action influences this
constraint. Here, users’ transmit power can be expressed by
the following proposition.

Proposition 1. The transmit power of user k in (5) can be

expressed as follows
Pl =tr (O¢P,PY). (28)

Proof. According to (5), the transmit power at user k£ can be
calculated as

tr (B [x()"])

— i (E |(©:Pis +nf) (@ngSk + nz)HD (29)

2 tr (@7 P4PH (O)" +RY),

where (a) is obtained by the fact that E (sgsy!) = 1, and
the noise is uncorrelated with the transmitted signal [49].
According to (1) and (4), the covariance matrix of quantization
noise at user k can be calculated as

R} = ©y@}diag (P;PL).

—~

(30)

Based on the quantization loss and distortion factors calculated
by (3) and Table I, the corresponding matrices © and @f are
the real diagonal matrices. Accordingly, the transmit power in
(29) can be rewritten as

tr ([E(xx(xx)™)]) = tr (2P, P (©7)" + RY)
= tr (O2P,PH(O)) + tr (@g@fdmg (PkPkH)>

Y i (@705PPH)

+tr (O 1y, diag(P,PY)) — tr (©5 05 diag(P,P}))
=tr (OyP:P/),

€1y

where (b) is due to e’ & = Iy, —©% with Iy, being the identity

matrix, and ©§ and @ are the real diagonal matrices. As a
result, the transmit power of user k is expressed as

Pl =tr (0yP,P}), (32)

which completes the proof. O
By applying Proposition 1, constraint (19b) is rewritten as
tr (O PP < Prmas- (33)

To clarify this constraint, we declare a new variable, f; €

[0,1], as the fraction of usage power at user k. Accordingly,
the constraint in (33) is equivalently written as

fr €10,1], (34a)
tr (OPLPH) = fuPimas (34b)

Here, constraint (34a) can be naturally satisfied by adapting
the activation function to decide the range of action values
when using the neural network [50]. Let V, € CV+X! denote
the temporary precoding matrix at user k decided by the
actor network, we propose the following proposition to ensure
constraint (34b).

Proposition 2. The precoding matrix at user k, Py, can
satisfy the constraint (34b) by normalizing from Vy, where
its element at n-th element, py, n, is calculated as

fkpkmaac

\/Zn 4 o lveanl?

where vy, ,, is the n-th element of V.

(35)

Proof. To prove that constraint (34b) is true with the precoding
matrix Py, we first explore the trace operator on the left-hand
side, which can be expressed as

N
« (0
tr (@kPkPkH) = Z af’n\pk,n|2,
n=1
where (c) is obtained from (37) at the top of the next page
with ©f being the real diagonal matrix. By replacing py, ,, in
(35) to (36), we obtain

(36)

Z Uk n |2 fk Pemaz
Q. Nk1%n|vkn|2
Yok kn|vkn\2
ZNklakn

:kakmara

tr (PP

(38)

:fk?Pk’ﬂLllJ)




H T 2
. Pk,1 Pk,1 o1 1Prl s
tr (@ngPk) =tr diag(a;‘gl,...,a;ﬂN}c) =tr Oék’Q‘pkﬁg‘ Lo ,
Pk,Ny | |Pk,Ng AL Ny, ‘Pk,Nk‘ (37)
Ni
= Z ag,n|pk,’n|2'
n=1
which establishes the satisfaction of constraint (34b), thereby Algorithm 1 Proposed P-DDPG algorithm
completing the proof. [0  1: Set up algorithm parameters.
2: while e < E do
Upon implementing the results from Proposition 2, the 3: fort=1:T do
problem constraints have been simplified. The only constraint 4 Observe fl[t]‘ )
that persists in the problem is (19c). Let w{ € C1*M ke K Z ]f?)iczj‘;‘;c[ﬂousmg 6, (5)-
denote the temporary detection vector for user k dec1.d.ed by for n = 1: Ny, do
the actor network, we propose the following proposition to 8: Calculate precoding element as Proposition 2.
ensure constraint (19¢) 9: end for
. ) A L0 for m=1: M do
Proposition 3. The detection vector for user k, wi = 1. Calculate detection vector element as Proposition 3.
[Wk 1y -y Wi M), can satisfy constraint (19¢) by normalizing  12: end for
from w$, where its elements can be calculated as 13: end for ,
14: Perform P[t], Wt], get state-next s'[t], reward z[¢].
wd 15: Store (s[t], a[t], z[t], s'[t]) in buffer.
Wk,m = I C}H kelK,me M, (39) 16 Update state s’ [t] — s|[t].
Will2 17: Draw sample batch from buffer, (s¥,a”, 2%, s'%)

where wg_m denotes the m-th element of wg. ig engrf’g:te networks parameter as (24)-(27).

Proof. To demonstrate that the detection vector calculated by
(39) can satisfy constraint (19c), we explore the left-hand side
of (19c¢) as

M
wiwil = > fwyem . (40)
m=1

By replacing (39) to (40), we obtain

M 2 M
H __ wgm _ Zm:l wg,m|2 -1 41
RGP Y 1 B v
m=1 k112 Ell2
which completes the proof. O

By applying proposition 3, constraint (19¢c) is satisfied. As
a result, all constraints in the problem are ensured while
deciding the action.

C. Framework Formulation

The proposed P-DDPG algorithm is detailed in Algorithm
1, where the P-DDPG-based DRL framework is illustrated
in Fig. 2. The framework includes the P-DDPG algorithm,
which decides the action to interact with the environment. The
algorithm is trained in E episodes, each has T  time steps.
At each time step, the action a? is determined by the actor
network based on the observed state s, which is comprised of
fk, Vk, Wg, ie.,

{felt], Vi[t], wi[t], k € K} = a’]t]. (42)

Then, the post-actor process is applied to modify the action
to meet the problem constraints. Here, the precoding and
detection matrices are calculated according to Propositions
2 and 3, respectively, shown in lines 6-13 in Algorithm
1. Accordingly, the obtained matrices P[t] and W]t| are
performed to the environment. The environment changes to the

20: end while
21: return the trained actor network, u;“* (s).

next state, s'[t], and the reward, z[t], is estimated. After that,
a tuple of experience, including s[t], a[t], z[t], s'[t] is stored in
the replay buffer for training. At each training step, a batch of
S samples is randomly drawn from the replay buffer to train
the neural network, where the training process is performed by
the DDPG algorithm as described in (24)-(27). After training,
the trained actor network is obtained to interact with the
environment in the inference process.

D. Power-exhaustive Searching Function

The transmit powers derived from equation (34) are pro-
portional to the maximum available transmit power. During
the training phase, the Deep Reinforcement Learning (DRL)
model assumes a constant maximum transmit power, Piaqz,
as defined by the environment parameters. However, this
assumption may not hold in real-world scenarios during the
inference stage, where different devices often have varying
maximum transmit power capabilities. Consequently, applying
the model without accounting for these variations in Pg,qz
could lack optimal power allocation value, potentially com-
promising overall system performance. Therefore, we intro-
duce a power-exhaustive searching function founded on the
exhaustive search method, adding to the trained model to
decide appropriate transmit powers in the inference stage. The
inference flow is illustrated in Fig. 3, which is detailed in
Algorithm 2.

For each inference step, the trained actor network designs
a’[t] (42) (line 5). An exhaustive search is then conducted
to find the most suitable power level. The maximum power
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Algorithm 2 Power-exhaustive searching function

1: Input: Trained actor network

2: while inference do

3:  Observe state s[t].

4:  Initialize best reward: zpest[t] = 0.

5. Decide a?[t] = 15, (s[t]).

6 for Pe Pkmzn to Pkma:ca Pe : Pe + Ap do

7 Calculate P[t], W|[t] based on post-actor process (Algo-
rithm 1, lines 6-13) with Pimaz = Pe.

8: Estimate temporary reward z:[t].
9: if Zt [t] Z Zbest then

10: a*[t] < aft], zvest < 2z:[t].
11: end if

12:  end for

13:  return Optimal action a™[t].
14: end while

level for each user ranges from Pg,in t0 Pgma, With a step
size of A,. For each power level value p., the precoding and
detection matrices are calculated using the post-actor process
described in Algorithm 1 (lines 6-13), where Pj,q. 1S set
to p.. The reward is then estimated. After searching through
all power levels, the optimal action a*[t] £ {P*[t], W*[t]},
which yields the best reward, is selected to interact with the
environment.

Remark 1. The power-exhaustive search function is employed
during the inference process, using the trained model to deter-
mine actions at each interaction step. Therefore, integrating
this function into the model does not impact the training
process’s performance.

E. Complexity Analysis

As the training process is performed only once and the
trained model is subsequently used to interact with the environ-
ment, we evaluate the complexity of the proposed framework
based on the inference stage. The computational complexity
of the inference flow consists of two main components: (i) the
action decision by the trained actor network inference and (ii)
the power-exhaustive searching function.

According to [30, Sec. VII-A], the computational com-
plexity of the trained actor network during inference can
be determined from the network architecture, yielding
O(LAL MNk+ X4 Ni+ KM ), where Y24, MN,
corresponds to the number of entries in the state space, and
Z,I::l N + KM represents the number of entries in the
action space. Consequently, the upper-bound complexity of
the actor network inference can be expressed as O(KMN),
where N = max(Ny, k € K).

For the power-exhaustive searching function, the compu-
tational complexity depends on the number of search itera-
tions, defined as L = %_;}?MJ + 1. In each iteration,
the post-actor process is executed, which involves applying
Propositions 2 and 3. The resulting complexity per iteration
is O(KN + KM). Therefore, the overall complexity of the

power-exhaustive searching function is O(LK (N+M ))

As a result, the total computational complexity of the
proposed inference process is O(KMN + LKN + LKM),
which scales linearly with the environment parameters, making
the framework feasible for large-scale deployment.
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Fig. 4. Training results of the P-DDPG algorithm under different learning rates.

TABLE III
PARAMETERS FOR POWER CONSUMPTION.
Environmental Parameters Values
K 10
M 8
Ng, ke K 4
o? -104 dBm
Bandwidth 10 MHz
Pimin -10 dBm
Prmaz 20 dBm
Ap 1
vl [1,12] bits
bl [1,12] bits

V. NUMERICAL RESULTS
A. Simulation Setting

We evaluate the system’s performance by simulating an en-
vironment where the BS serves ten users randomly distributed
over a 100-meter radius. The path-loss (in dB) between user
k and the BS is calculated as [51]

PLj, = 103.8 4 20.9l0g10(dk ), (43)

where dj (in Km) denotes the link distance. Then, the corre-
sponding channel matrix is calculated as

H; = V10~ PLr/10H, (44)

where Hj, ~ CA(0,1) denotes the small scale-fading. Other
environmental parameters are summarized in Table III.
We evaluate the proposed framework’s performance by
comparing it with the following benchmark schemes:
o WoPEF (P-DDPG without power-exhaustive searching
Sfunction): In this scheme, the model trained by the P-
DDPG algorithm is applied to design the actions in the

inference process without adding the power-exhaustive
searching function.

e PPO-based (PPO algorithm with the proposed post-
actor process): In this scheme, we train the agent using
an online policy algorithm named proximal policy opti-
mization (PPO), which is also widely used in network
optimization.

o OOMA (quantization with orthogonal multiple access):
We simulate this scheme to compare the effectiveness of
NOMA and OMA in the considered quantized system.
According to [52], the FDMA is applied to the commu-
nication between users and the BS, where the bandwidth
is divided between users, and the interference from other
users is zero.

o OWoMA (quantization without using multiple access
technique): To further analyze the effectiveness of mul-
tiple access techniques, in this scheme, users share the
entire communication bandwidth, and signals from other
users are fully treated as noise during signal decoding.
According to [53, sub-section 4.1] , the interference
signals of decoding user k can be calculated as IU; =
>k WOGH;O5P; P () TH (0%) " wi.

e RPaD (Random precoding and detection matrices): This
scheme randomly chooses the precoding and detection
matrices according to their value ranges.

B. Convergence Analysis

The neural networks applied in this experiment are com-
bined from two hidden layers, where the first layer has
2048 nodes and the second has 1024 nodes. Other training
parameters are set as: v = 0.99, S = 16, 7 = 0.01, the
buffer size is 1e®. The training is conducted over 50,000
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Fig. 5. Training reward performance under different DRL-based approaches.

episodes, each consisting of 200 time steps. Accordingly,
the values plotted in Fig. 4 represent the accumulated re-
sults per episode, rather than instantaneous per-step values.
We analyze the convergence of training the model under
three cases of the learning rate, where the actor and critic
learning rates (I, and [., respectively) are selected from
lo = l. = {1.5e73,1e72,0.7e73}. As shown in Fig. 4a,
the reward increases during training and converges after about
40,000 episodes at around 470 per episode. This increase in
reward, calculated based on system energy efficiency, aligns
with the growth in spectral efficiency and stabilization of
power consumption. As illustrated in Fig. 4c, the system’s
spectral efficiency per episode rises from about 1100 to 2800
after training and stabilizes after about 40,000 episodes. At
the beginning of the training process, the model focuses on
increasing the reward by reducing system power consumption,
as seen in Fig. 4d. However, during this stage, the spectral
efficiency increases slowly due to insufficient transmit power,
leading to a slower reward increase. After approximately 3000
episodes, the model learns to increase the power, boosting
spectral efficiency and, accordingly, the reward. The power
consumption then stabilizes after about 25,000 episodes.

Moreover, we analyze the training loss to guarantee learning
convergence. This experiment assesses the policy loss obtained
from training the actor network. According to (24), we esti-
mate the policy loss, L, as

S
L,= éz; (Qog (51, 1o, (54))) - (45)
i=
As illustrated in Fig. 4b, the policy loss gradually decreases
during training and stabilizes after approximately 40,000
episodes. This decline implies an increase in the designed
action Q-value, demonstrating the improvement of the actor
network during training and, accordingly, the effectiveness of
the learning process. Additionally, the results in Fig. 4 indicate
that the optimal learning rate for this model is I, = [, = 1le ™3,
as it provides the highest reward and lowest policy loss.
Conversely, a larger learning rate (I, = l. = 1.5e~>) leads
to a stuck finding of optimal network parameters due to
oversized optimization steps, causing the training process to
stall. Therefore, we use the best-trained model to evaluate the
results.
Beyond these convergence curves, the stability of P-DDPG
is further supported by the post-actor normalization in Propo-
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sitions 2 and 3, which ensures that all actions remain feasible
and bounded during training. This complements the observed
results in Fig. 4, where the reward, spectral efficiency, and
power consumption stabilize after sufficient episodes, con-
firming reliable convergence of the learned policy in practice.
Also, we compare the performance of training the proposed
algorithm with that of the PPO-based algorithm. As shown in
Fig. 5, the proposed P-DDPG converges faster and achieves
a significantly higher training reward than the PPO-based
approach. This behavior is explained by the structure of the
considered problem, which involves continuous actions under
hard constraints, which aligns it well with deterministic policy
gradient methods. Although the same post-actor normalization
is applied to both algorithms, PPO is inherently disadvantaged
by its stochastic on-policy learning mechanism. In particular,
action normalization weakens the correspondence between
sampled actions and their practical impact on the reward,
increasing gradient variance in PPO’s likelihood-ratio updates.
Combined with conservative clipped policy updates and the
inability to reuse past samples, PPO converges to a suboptimal
solution. In contrast, P-DDPG exploits off-policy learning and
experience replay to efficiently refine strategies, resulting in
superior convergence and higher steady-state reward.

C. Performance Evaluation

We begin by evaluating the system’s energy efficiency
across different transmit power levels, with the maximum
power of users varying from —10 to 20 dBm. As shown
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levels.

Power and interference-plus-noise ratios under different quantization

in Fig. 6, the Proposed scheme exhibits increasing energy
efficiency as the transmit power increases and maintains stable
performance at higher power levels. In contrast, several bench-
mark schemes experience noticeable efficiency degradation
in the high-power regime due to unregulated power usage.
These results confirm the effectiveness of the power-exhaustive
searching function, which avoids unnecessary power consump-

(b) Spectral efficiency.

(c) Power consumption.

tion when the transmit power budget increases. In particular,
the WoPEF scheme performs comparably to the Proposed
scheme at low-to-moderate power levels but declines as the
power budget increases over the peak value of 10 dBm.
Overall, the Proposed approach consistently outperforms the
benchmark schemes, improving energy efficiency on average
by approximately 59.6% over the PPO-based scheme, 76.6%
over QOMA, 99.4% over RPaD, and more than three times
over QWoMA. This highlights the effectiveness of NOMA
in quantized MIMO networks, especially when compared
to orthogonal multiple access or scenarios without multiple
access techniques.

Next, we evaluate the energy efficiency under different
quantization levels, assuming identical resolution for ADCs
and DACs. As shown in Fig. 7, the energy efficiency of
the Proposed scheme increases with the quantization level.
It reaches its maximum at moderate resolutions, after which it
gradually decreases as the quantization level increases. This
behavior results from the trade-off between reduced quan-
tization distortion and increased circuit power consumption.
While higher quantization levels improve spectral efficiency
by mitigating quantization noise, the associated increase in
power consumption eventually offsets these gains, reducing
overall energy efficiency. Averaged across all quantization
levels, the Proposed scheme improves energy efficiency by
approximately 67.5% over the PPO-based scheme, 105.2%
over QOMA, 110.4% over RPaD, and more than three times
over QWoMA.

For a more in-depth understanding, we provide a detailed
analysis of the impact of quantization levels on system perfor-
mance in Fig. 8. As shown in Fig. 8a, the energy efficiency
increases according to the quantization levels and reaches
peak values at 5, 6, and 7 bits quantization, then decreases
afterward. Figs. 8b and 8c illustrate the reasons for this effect.
When the quantization levels increase to 9 bits, the spectral
efficiency stabilizes and does not increase further. At the
same time, the power consumption continues to increase with
the number of quantization bits. Furthermore, the spectral
efficiency increases from about 13.3 (bps/Hz) to 16.7 (bps/Hz),
an improvement of approximately 25.6%, when increasing the
quantization level from 7 to 12 bits. Meanwhile, the power
consumption increases from about 6.7 (W) to about 15.2 (W),



which is more than double. Hence, the stability of the spectral
efficiency and the continued increase in power consumption
cause a reduction in the energy efficiency beyond certain
quantization levels.

Finally, we assess the impact of varying quantization levels
on the overall system power consumption and the resulting
distortion, often referred to as quantization noise, as depicted
in Fig. 9. Specifically, we analyze the contribution of the
amplifier power, denoted by PAF £ Y ke P{‘P , and the
analog circuit power, denoted as PAC £ 3 PAC to
the total system power consumption, as defined in (14) and
(15), respectively. As illustrated in Fig. 9a, the analog circuit
power, PAC | constitutes the predominant portion of the sys-
tem’s power consumption, exceeding 93% across all scenarios.
Consequently, increasing the quantization level leads to a
substantial rise in analog circuit power, thereby significantly
escalating the overall system power consumption. Notably,
when the quantization level is increased to 12 bits, pAC
dominates the power consumption, accounting for over 99% of
the total power consumption. Given that the amplifier power
is constrained by the maximum transmit power limit, the
continuous increase in quantization levels directly amplifies
the analog circuit power, resulting in the outcomes observed in
Fig. 8c. Next, we analyze the quantization noise and evaluate
its impact on the interference-plus-noise value, which, in turn,
significantly influences the spectral efficiency. As outlined in
(13), we decompose the interference signals and total noise
into two components: quantization noise, denoted by N, ,;Q,
and interference plus environmental noise, denoted by N, ,‘CI s
quantified as

./\/',;Q = Z Wk@%HiR?HiH(G%)HW,? + kakaH7
i€
N =10 + 02w, 0% (%) Twi .
(46)

Accordingly, we measure the mean of quantization noise,
NQ@ £ L Zke,CN,;Q, and the mean of interference plus
environmental noise, N-/ £ &3 A}l under different
quantization levels. As depicted in Fig. 9b, the quantization
noise decreases as the quantization levels increase. This is
because higher quantization levels reduce the distortion factor,
as defined in Table I, which, in turn, lowers the quantization
noise described in (4) and (9). Notably, N @ constitutes over
96% of the total interference plus noise when using a 1-bit
quantizer, but this value dramatically drops to just 1% with a
12-bit quantizer. Consequently, higher quantization levels sig-
nificantly reduce quantization noise, thereby improving SINR.
However, this improvement comes at the cost of increased
power consumption, which raises system costs and reduces en-
ergy efficiency. Therefore, a careful trade-off between energy
and spectral efficiency is essential when designing practical
quantized MIMO networks.

VI. CONCLUSION

In this work, we addressed the challenge of maximizing en-
ergy efficiency in quantized uplink multi-user MIMO-NOMA
networks. Low-resolution quantizers were employed at the

user devices and BS to reduce power consumption, while
the NOMA technique was integrated to enhance transmission
efficiency. We formulated the system model by analyzing the
characteristics of quantized networks and defined the energy
efficiency maximization problem with users’ precoding matri-
ces and the BS’s detection matrix as optimization variables.
Given the nonconvex nature of the objective function, we
developed a DRL framework and introduced a post-actor
process into the DDPG algorithm, resulting in the P-DDPG
method that determines optimization variables while ensuring
constraint satisfaction. Additionally, we proposed a power-
exhaustive search function to augment the trained model,
enabling robust power adaptation across diverse devices dur-
ing inference. Numerical results confirmed the convergence
of the proposed algorithm and demonstrated its superiority
over benchmark schemes under various scenarios. We further
analyzed the effect of quantization resolution, showing that
moderate bit levels offer the best trade-off between efficiency
and complexity. These findings provide practical insights for
designing quantized MIMO-NOMA systems and contribute to
the advancement of next-generation wireless networks.
While this work employed P-DDPG as the training algo-
rithm, the proposed DRL framework is flexible and can readily
incorporate other continuous-action DRL algorithms, such as
A2C or SAC, making the comparative evaluation of different
DRL approaches in quantized MIMO-NOMA systems an in-
teresting direction for future research. Also, future extensions
of this work may consider robustness under dynamic condi-
tions, including varying user loads, heterogeneous quantization
resolutions, and fast-fading channels, which are critical for
practical deployment of quantized MIMO-NOMA systems.
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