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ABSTRACT Grant-free non-orthogonal multiple access (GF-NOMA) has emerged as a promising access
technology for the fifth generation and beyond wireless networks that enable ultra-reliable and low-latency
communications (URLLC) to ensure low access latency and high connectivity density. Furthermore,
designing energy-efficient (EE) resource allocation strategies is a crucial aspect of future cellular system
development. Taking these goals into account, this paper proposes an EE sub-channel and power alloca-
tion strategy for URLLC-enabled GF-NOMA (URLLC-GF-NOMA) systems based on multi-agent (MA)
deep reinforcement learning (MADRL). In particular, the URLLC-GF-NOMA methods using MA dueling
double deep Q network (MA3DQN), MA double deep Q network (MA2DQN), and MA deep Q network
(MADQN) techniques are designed to enable users to select the most appropriate sub-channel and trans-
mission power for their communications. The aim is to build an efficient MADRL-based solution, ensuring
rapid convergence with small signaling overhead, to maximize the network EE while fulfilling the URLLC
requirements of all users. Simulation results show that the MADQN and MA2DQN methods, which have
lower complexity than MA3DQN, are more appropriate for the URLLC-GF-NOMA systems under con-
sideration. Moreover, our proposed methods exhibit superior convergence characteristics, a reduction in
signaling overhead, and enhanced EE performance compared to other benchmark strategies.

INDEX TERMS Energy efficiency, grant-free NOMA, multi-agent deep reinforcement learning, URLLC.

I. INTRODUCTION

ULTRA-RELIABLE and low-latency communications
(URLLC) is one of the most critical services of the fifth

generation (5G) and beyond wireless networks [1], [2]. It is
expected to support mission-critical Internet of Things (IoT)
applications, such as smart city, remote surgery, intelligent
transportation, and vehicle-to-everything (V2X) communi-
cations, with stringent reliability and latency requirements.
Specifically, a general URLLC condition for a one-way
radio is defined as 99.999% target reliability and 1 ms
latency [3], [4]. Due to the unprecedented constraints of high
reliability and low latency, the packet lengths of URLLC

messages are generally ultra-short. Thus, the channel’s
blocklength is finite, requiring a thorough analysis of
achievable rate and decoding error probability. These consid-
erations can be ignored in traditional wireless communication
schemes that mostly focus on the Shannon channel capacity
under the assumption of infinite blocklength [3]. Therefore,
URLLC-enabled systems require a new transmission method.
In this regard, short-packet communications (SPC) in finite
blocklength (FBL) regime could be a promising approach to
meet the URLLC requirements [3], [5].
Furthermore, one of the major challenges in 5G and

beyond wireless networks is supporting massive access
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over a limited radio spectrum [6]. To resolve this
challenge, non-orthogonal multiple access (NOMA) has
been demonstrated as a promising solution [7]. One of
the latest NOMA techniques is the grant-free (GF) NOMA
(GF-NOMA), where users can communicate with the base
station (BS) simultaneously and quickly on the same time-
frequency resource block (RB) without the need for a
demand-assigned access from the BS [8]. This access method
can improve the spectrum access efficiency and reduce
the transmission latency for the system. The application of
NOMA to URLLC-enabled systems has also been consid-
ered in recent years [9], [10], [11] to further enhance the
system performance.
GF transmission has been proposed for 5G new radio (NR)

as a promising solution to reduce the latency in URLLC and
massive access scenarios [7], [12]. In GF URLLC, a user
can communicate with the base station in an arrive-and-go
manner without the need to schedule the requests and uplink
resource grants, thereby reducing the latency. However, the
random nature of the GF access might lead to congestion,
as multiple users could potentially access the same RB. The
GF-NOMA can mitigate this issue by enabling many users
to share the same RBs. However, because the GF access
is random, a larger number of users can occupy one RB
simultaneously, which may lead to severe interference in
GF-NOMA systems and degrade the system performance.
This demands an intelligent resource allocation approach for
GF-NOMA networks to optimize the system performance.
Machine learning (ML), which is recognized as one of
the potential technologies for the next generation wireless
networks [13], could be an enabling solution to address
the above problem. The underlying principle of ML is to
learn from the observed data or surrounding environment in
order to make optimal decisions in complex, dynamic, and
uncertain large-scale environments. ML techniques includ-
ing supervised learning [14], unsupervised learning, and
reinforcement learning (RL) [15], [16], have been recently
investigated in order to address various issues in wireless
communication schemes such as channel estimation and sig-
nal detection, beamforming design, resource allocation, and
system security.

A. RELATED WORKS
Recently, the combination of NOMA and URLLC has been
investigated in several works [9], [10], [11] to increase
connectivity and guarantee the reliability and latency require-
ments for wireless networks. Specifically, these works
considered multiple-input multiple-output (MIMO) and
multiple-input single-output (MISO) schemes for URLLC-
enabled systems to improve the system performance in terms
of reliability and latency. The works proposed user-pairing
methods based on the power-domain NOMA principle to
enhance connectivity and reduce interference. However, the
above works did not examine the GF access method, which
can support massive access and reduce the transmission

latency for wireless systems requiring high reliability and
low latency.
Taking GF transmission into account, the works

in [17], [18] studied GF access for OMA. In the GF-OMA
scheme, users can select RBs randomly, and each RB is
used strictly by a single user for successful reception. This
limitation may lead to severe collisions when the num-
ber of users is much higher than the number of available
RBs. To overcome this challenge, GF-NOMA has emerged
as a promising technology for massive access by allow-
ing multiple users to access the same RB based on the
power-domain NOMA [7]. In particular, the users occupy-
ing the same RB are distinguished by different received
power levels, and multi-user data can be decoded at the
receivers by utilizing the successive interference cancellation
(SIC). The traditional contention-based GF-NOMA schemes
are implemented by dividing a cell area into multiple frac-
tions and using the orthogonal resource allocation among
those fractions to reduce the inter-fraction collisions [8], [19].
Nevertheless, the spectrum competition among users within
the same fraction is still high, resulting in severe interference
and reducing system performance. Thus, it is important
to find a smart congestion control method to reduce the
collisions and improve the long-term system performance.
Intelligent features are an important aspect of future cellu-

lar networks, and many current research works have applied
RL-based algorithms to address the collisions and severe
interference in massive access scenarios [20], [21], [22],
[23], [24], [25], [26], [27], [28], [29], [30], [31]. Specifically,
Sharma and Wang [20] proposed a collaborative distributed
Q-learning algorithm for the frame-based slotted-Aloha (SA)
random access (RA) scheme to find the best resource block
allocation strategy for IoT users, in order to avoid colli-
sions in GF-OMA-based IoT systems. The authors in [21],
[22], [23], [24] investigated the application of Q-learning
to different GF-NOMA scenarios with/without SPC to miti-
gate the congestion and interference in overloaded systems,
where the number of users is larger than the number of avail-
able RBs. However, RL-based algorithms such as Q-learning
are not suitable for large high-dimensional state-action
spaces [13], making them inadequate for addressing the
network optimization problems in complex and large-scale
scenarios of future wireless networks.
To overcome the aforementioned challenges, recent stud-

ies have been applying deep RL (DRL) to address the
complex resource allocation problems and optimize system
performance [25], [26], [27], [28], [29], [30], [31]. In par-
ticular, the work in [25] proposed a DRL framework to
find an optimal resource management strategy for GF-OMA
systems and address dynamic spectrum access issues. In [26],
a DRL algorithm based on generative adversarial networks
was proposed to minimize power consumption while ensur-
ing high reliability and low latency for orthogonal frequency
division multiple access (OFDMA) systems. To further
improve the spectral access efficiency and enhance the
system performance, DRL-based GF-NOMA schemes were
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investigated in [27], [28], [29], [30], [31] under different
scenarios. Specifically, the work [27] investigated a pilot
sequence-based GF-NOMA system and proposed a central-
ized training distributed execution multi-agent (MA) DRL
(MADRL) solution to maximize the network throughput
(number of successfully served users). Additionally, differ-
ent MADRL-based dynamic resource allocation strategies
for power-domain GF-NOMA systems were investigated
in [28], [29] to maximize the system throughput [28] and
sum rate [29]. In [30], [31], DRL-based methods were
proposed for GF-NOMA systems enabling massive URLLC
(mURLLC) to maximize the long-term average throughput.

B. CONTRIBUTIONS
Unlike the aforementioned works on GF-NOMA systems,
this paper investigates an MADRL-based resource alloca-
tion strategy aimed at maximizing the energy efficiency
(EE) while satisfying the users’ requirements on reliability
and latency for URLLC-enabled GF-NOMA (URLLC-GF-
NOMA) systems. Given the stringent requirements of relia-
bility and latency of URLLC users, there is a demand for an
efficient and rapid communication protocol. Therefore, our
focus is on constructing an effective distributed MADRL-
based solution that achieves both EE and rapid convergence
with minimal signaling overhead. The approach is designed
to reduce the information exchange between the environment
and agents, based on which the lower processing latency for
URLLC users can be achieved. Indeed, we consider a GF-
NOMA scenario where the users compete for the RBs, i.e.,
subchannels (SCs) and transmission power levels (TPLs), to
communicate with the BS by randomly selecting one SC
and one TPL for their transmissions. Following the NOMA
principle, the users utilizing the same SC are distinguished
by their received power at the BS, and their messages are
decoded in an orderly manner using SIC [8]. However,
with its random access nature, GF-NOMA may cause severe
interference since too many users can select the same SC,
leading to the system performance degradation. To overcome
this drawback, we utilize DRL techniques to enable the users
to find the most suitable SCs and TPLs for their transmis-
sions, optimizing the network EE, and fulfilling the URLLC
requirements of all users. Thus, the main contributions of
this paper are summarized as follows:

• Given that EE is an important factor due to users’ energy
limitations, we investigate the problem of maximiz-
ing the long-term average EE for URLLC-GF-NOMA
systems. The goal must be achieved while also ensuring
the strict requirements of users in terms of relia-
bility and latency, which necessitates a rapid and
efficient transmission protocol. Building on this EE
maximization problem, we further investigate the objec-
tives of maximizing the sum rate and minimizing power
consumption to clarify the benefits of the proposed
problem in balancing the achievable sum rate against
power consumption for energy-limited users.

• We develop three distributed MADRL-based resource
allocation methods to address the considered problem:
MA Dueling Double Deep Q Network (MA3DQN),
MA Double Deep Q Network (MA2DQN), and MA
Deep Q Network (MADQN). Within this context, the
MADRL frameworks are designed to provide energy-
efficient learning-based solutions which ensure rapid
convergence and minimal signaling overhead, ultimately
reducing the processing latency for URLLC users.

• We provide a performance comparison between the
proposed mechanisms and other benchmark schemes
to clarify the benefits of the former in terms of con-
vergence property and EE performance. Additionally,
we evaluate the effects of different state-action spaces,
URLLC requirements, and the number of users on the
achieved rewards and EE performance. The provided
numerical results prove that the proposed solutions out-
perform other benchmark schemes, achieving higher
EE, faster convergence, and reduced signaling overhead.

The remainder of the paper is organized as follows.
Section II presents the system model, URLLC method, and
the EE maximization problem. Section III describes the
MADRL-based solution of the EE optimization problem for
the considered URLLC-GF-NOMA system. Section IV pro-
vides the obtained simulation results and discussions. Finally,
Section V concludes this paper. For clarity, we provide a
summary of the main notations and symbols used in this
paper in Table 1.

II. SYSTEM MODEL
We consider an uplink URLLC-GF-NOMA system con-
sisting of one base station (BS) and a set of M URLLC
users, denoted by M, allocated uniformly around the BS
within a circle-cell radius of rc (m), as shown in Fig. 1. The
system bandwidth is equally divided into a set of K orthog-
onal SCs, denoted by K, to serve the users. Moreover, the
GF-NOMA transmission strategy is utilized to improve the
spectrum access efficiency and guarantee strict requirements
of the URLLC users in overloaded scenarios, i.e., M > K.
Following this transmission scheme, the users utilize the
available SCs to communicate with the BS, and multiple
users can share the same SC based on the power-domain
NOMA principle [7].

In 5G new radio (5G-NR) networks, the SC’s bandwidth
is defined as 2ν times of SC’s bandwidth in 4G systems (i.e.,
180 kHz), where ν ∈ {0, 1, 2, 3, 4} denotes the numerology
index which stands for the various SC types in order to sup-
port different services [32], [33]. In particular, the SC with
higher bandwidth is used for URLLC service while other
services such as enhanced mobile broadband (eMBB) and
massive machine type communications (mMTC) can utilize
the numerology with smaller SC spacing. Given this context,
this paper considers a scenario where the total bandwidth is
divided into a set of SCs, i.e., K, serving the URLLC users,
and the bandwidth of SCs is defined as W = 2ν ×180 (kHz).
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TABLE 1. Main notations and symbols.

FIGURE 1. Illustration of an uplink URLLC-GF-NOMA system.

A. UPLINK GF-NOMA TRANSMISSION PROCESS
Under the GF strategy, the users are free to choose the SCs
for their transmissions without any scheduling instructions
from the BS. However, this can lead to severe collision issues

as too many users may select the same SCs. To mitigate
this drawback, the NOMA technique can be applied, where
multiple users can access the same SC. Considering the
NOMA transmission process over SC k (k ∈ K) in time
slot (TS) t, we denote x(k)m (t) as a binary SC allocation
variable, where x(k)m (t) = 1 if user m occupies SC k and
x(t)m = 0 otherwise. The set of users occupying SC k in
TS t is described as M(k)(t) = {m|x(k)m (t) = 1,m ∈ M}.
Let Mk be the number of users using SC k in TS t, i.e.,∑K

k=1 Mk = M. Then, the received signal at the BS over SC
k in TS t is given by

y(k)(t) =
Mk∑

m=1

√

P(k)
m (t)h(k)

m (t)u(k)
m (t) + n(t), (1)

where n(t) ∼ CN (0, σ 2) is the additive white Gaussian noise
(AWGN), P(k)

m (t) and u(k)
m (t) denote the transmission power

and the transmitted message of user m over SC k in TS t,
respectively. Herein, the transmission power is defined as
P(k)
m (t) = 0 if x(k)m (t) = 0, otherwise, P(k)

m (t) �= 0. Besides,
h(k)
m (t) represents the channel coefficient between user m and
the BS over SC k in TS t.
We assume that the users using SC k are sorted in

the descending order of the corresponding received power
level at the BS, i.e., P(k)

1 (t) ≥ · · · ≥ P(k)
Mk

(t), where

P(k)
m (t) = P(k)

m (t)|h(k)
m (t)|2. Following the NOMA principle,

the messages of the users with higher received power level
are decoded earlier at the BS. Specifically, the BS decodes
the message of a user by treating the messages of users
with lower received power level as noise [11], [34]. It then
reconstructs and removes this component from the received
signal to decode the remaining users’ messages successively
by using the SIC technique. Accordingly, the received signal-
to-interference-plus-noise ratio (SINR) of user m over SC k
in TS t is expressed as

γ (k)
m (t) = P(k)

m (t)
∑Mk

i=m+1 P(k)
i (t) + σ 2

. (2)

B. URLLC COMMUNICATION MODEL
Due to the stringent low-latency requirement of URLLC
communication, very short packets and finite blocklength
(FBL) is implemented for data transmission, so-called short-
packet communications (SPC). Consequently, the Shannon-
related capacity formula cannot be applied to the URLLC
communication model since it is designed under the assump-
tion of the infinite block length (iFBL). According to [5],
the achievable rate of user m over SC k in the FBL regime
for a quasi-static flat fading channel can be approximated as

R(k)
m (t) ≈ W

⎡

⎣log2

(
1 + γ (k)

m (t)
)

−
√

v(k)m (t)

τW
Q−1(εm)

⎤

⎦, (3)

where v(k)m (t) = 1 − 1
(1+γ

(k)
m (t))2

is the channel dispersion, τ

denotes the transmission latency threshold, εm is the decod-
ing error probability, and Q−1(x) represents the inverse of the
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Gaussian Q-function Q(x) = ∫∞
x

1√
2π
e− t2

2 dt. Based on (3),
one can define an SNR threshold for user m trying to trans-
mit one packet over one SC k in each transmission TS that
satisfies the URLLC requirements (i.e., τ and εm) as [35]

γ̂m = 2
nb
τW +Q−1(εm)

ln 2
√

τW − 1, (4)

where nb (bits) is the packet size. From (4), the target rate
for the transmission of user m can be defined as

R̂m ≈ W

[

log2
(
1 + γ̂m

)−
√
v̂m
τW

Q−1(εm)

]

, (5)

where v̂m = 1 − 1
(1+γ̂m)2 . Similar to [28], [35], we assume

that each user m can transmit its packet only once. As the
interference over an SC increases, the likelihood of packet
drops escalates. Specifically, a successful transmission occurs
if R(k)

m (t) ≥ R̂m; otherwise, any deviation from this condition
results in a failed transmission, i.e., a dropped packet.

C. ENERGY EFFICIENCY MAXIMIZATION
Energy efficiency (EE) is considered one of the major goals
in 5G and beyond wireless networks [36]. Furthermore,
the majority of mobile devices operate on limited battery
power [36], resulting in the need to design energy-efficient
communication methods. To address this concern, we first
define an EE factor with the purpose of ensuring the achiev-
able rate requirement while reducing the power consumption
for the system as follows:

E(t) =
∑K

k=1
∑Mk

m=1 x
(k)
m (t)R(k)

m (t)

MPc +∑K
k=1

∑Mk
m=1 P

(k)
m (t)

, (6)

where Pc denotes the circuit power consumption. In what fol-
lows, the work focuses on designing an effective distributed
power control and SC assignment strategy for URLLC-GF-
NOMA systems to maximize the average EE while ensuring
the URLLC requirements of all users. This can have a direct
impact on the overall sustainability and cost-effectiveness of
the considered networks. The design objective can be cast
by the following problem:

max
x,P

Et[E(t)] (7a)

s.t.
K∑

k=1

x(k)m (t)R(k)
m (t) ≥ R̂m, ∀m (7b)

P(k)
1 (t) ≥ P(k)

2 (t) ≥ · · · ≥ P(k)
Mk

(t), ∀k (7c)
K∑

k=1

x(k)m (t) ≤ 1, ∀m (7d)

K∑

k=1

P(k)
m (t) ≤ Pmax, ∀m, (7e)

where Et[ · ] is the expectation operation over TSs, x and
P denote the SC assignment and power control strategies,
respectively. The constraint (7b) represents the rate con-
dition to guarantee the users’ URLLC requirements. The

constraint (7c) ensures the NOMA-based multi-user decod-
ing process. The constraint (7d) implies that each user selects
at most one SC. The constraint (7e) shows the users’ power
budget.
Remark 1: It is noteworthy that the EE maximization

problem defined in (7) can also include the objectives of
maximizing the sum rate and minimizing the power con-
sumption. These objectives can be attained by setting the
denominator and numerator as 1, respectively. Thus, the
considered scenario represents a general case where an effi-
cient solution, striking the trade-off between the achievable
sum rate and power consumption, can be achieved. Further
evaluation on this matter is provided in Section IV.

III. MADRL-BASED ENERGY EFFICIENCY RESOURCE
ALLOCATION SOLUTION FOR URLLC-GF-NOMA
SYSTEMS
The problem described in (7) is challenging to solve due to its
non-convex nature and NP-hard complexity. Moreover, with
the GF access method, the users can select their preferred SC
and transmission power independently in each TS without
requiring admission approval from the BS. While this feature
can reduce the access latency and increase the connectiv-
ity density, it also necessitates a decentralized optimization
solution. Therefore, to effectively address the problem stated
in (7), we consider an MADRL-based method, which can
be implemented in a distributed manner.

A. MADRL FRAMEWORK
RL is one of the machine learning methods that enable
a learning agent to achieve its specific goal with the best
long-term reward by interacting with the environment in a
trial-and-error manner [29]. In particular, an agent interacts
with the environment by taking an action selected from its
action space at the current state. It then receives a respec-
tive reward and moves to a new state. These procedures
are repeated until convergence is observed, where the learn-
ing policy of the agent achieves an optimal value in terms
of average reward. This learning process can be formulated
as a Markov decision process (MDP) with a tuple of four
elements (S,A,R,P), defined as follows:

• S: The set of states in the environment, where s(t) ∈ S
denotes the state of an agent at TS t.

• A: The set of actions that an agent can take, where
a(t) ∈ A is the action of an agent at TS t.

• R: The reward function, where r(t) represents the
immediate reward of the agent at TS t by performing
action a(t) in state s(t).

• P: The probability distribution function of the state tran-
sition, where P(s(t), s(t+1)) denotes the state transition
probability from state s(t) to state s(t + 1).

In the considered URLLC-GF-NOMA system, the behav-
ior of all users (i.e., transmission power and SC selection) can
be modeled as an MA MDP (MAMDP), which is denoted by
({S}Mm=1, {A}Mm=1,R,P). Unlike a single-agent DRL related
to the learning process of only one single agent, our proposed
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MADRL-based model involves a set of agents M, where
all agents operate autonomously and concurrently in a shar-
ing environment. In particular, each agent m observes its
current state sm(t) ∈ Sm from the environment and per-
forms an action am(t) chosen from its own action space
Am. The joint action of all agents can be formulated as
a(t) = {a1(t), a2(t), . . . , aM(t)}. The agent m then moves
from the current state sm(t) to a new state sm(t + 1). All
agents then receive a reward of r(t + 1) and perform an
update of their current policy according to the feedback from
the environment. It is worth noting that each agent having a
distinct reward may result in selfish behavior, leading to a
reduction of the global network performance [37]. Therefore,
we assume that all agents have a common reward to obtain
the global optimum. The main elements of the proposed
MADRL approach are defined as follows:

• State: Due to users’ independence and URLLC require-
ments, the state of agent (user) m ∈ M is designed only
based on the local information available at this agent to
reduce the processing latency and the signaling over-
head in information exchange between the agent and
environment. Specifically, the state of agent m in TS
t can be defined as the combination of SC index and
transmission power value it selected in the previous TS
t − 1, which is expressed as

s(t) =
{
km(t − 1),Pkm(t−1)

m (t − 1)
}
, (8)

where km(t − 1) and Pkm(t−1)
m (t − 1) are the selected

SC index and transmission power of agent m. Since
the users’ selection of SC and transmission power will
impact the overall EE, it is reasonable to include this
information in the defined state. From (8), the state of
agent m has a cardinality of 2. It is noteworthy that
the state definition in (8) differs from those in recent
related works on GF-NOMA systems, which require
a large signaling overhead in information exchange
between the environment and the agents during the
learning process [28], [29]. A performance comparison
between different state definitions will be provided in
Section IV.

• Action: At the beginning of TS t, agent m selects an SC
and transmission power for its transmission. As a feasi-
ble solution, the discrete power domain has been widely
used for the learning-based GF-NOMA systems in the
literature [21], [27], [29]. This approach can ensure
stable convergence and reduce the computational com-
plexity of the distributed learning models conducted by
the users who have limited computational resources.
Given this context, we consider a discrete action space,
where the power is quantized into L levels which are
determined as P̂l = lPmax/L, l ∈ {1, 2, . . . ,L}, where
P̂l is the l-th TPL. Thus, the action of user m in TS t
is defined as

am(t) ∈ Am = {1, . . . , kl, . . . ,KL}, (9)

where am(t) = kl indicates that agent m selects SC k
and TPL l in TS t. Thus, the action space size of agent
m is KL and the overall action space size of all agents
is determined as (KL)M .

• Reward: After all agents take their chosen actions,
they receive an immediate reward from the environment
reflecting if their transmissions are successful or not,
i.e., if all constraints in the problem (7) are satisfied or
not. In the MADRL frameworks, both centralized and
decentralized rewards can be considered to build learn-
ing models. The centralized-reward mechanism yields a
common reward to all agents, whereas in decentralized-
reward schemes, each agent receives a distinct reward.
However, the decentralized-reward strategy can lead to
selfish behavior among agents. They may compete with
others to maximize their own rewards, which potentially
results in a degradation of overall system performance.
To circumvent this issue, a common reward can be
implemented to align the agents towards a shared global
objective [37]. Since the objective is to maximize the
network EE, we use the achieved EE to formulate the
reward function. Furthermore, all agents receive the
same reward with the aim of achieving the common
objective, i.e., optimizing the network EE and guar-
anteeing URLLC requirements of all users. Thus, the
reward function is defined as

r(t) =
⎧
⎨

⎩

E(t),
if all constraints in the
problem (7) are satisfied,

0, otherwise.
(10)

Based on the reward function defined in (10), it becomes
apparent that inappropriate user actions, such as an
excessive number of users choosing the same SC, may
degrade the system’s EE. Consequently, the users will
receive a low reward. Throughout the learning process,
users explore the environment to find the best policies
that will maximize their reward, ultimately leading to
optimal EE performance.

The objective of RL algorithms is to find a policy π

to maximize the expected reward [38]. Considering the
Q-learning algorithm - a popular RL technique, the expected
reward achieved by agent m after taking action am in state
sm following a policy π can be determined based on the
action-value function (or Q-value function) as

Qπ (sm, am) = Eπ

[
r̂(t)|sm(t) = sm, am(t) = am

]
, (11)

where E[·] denotes the expectation operator and r̂(t) is the
long-term discounted cumulative reward which is given by

r̂(t) =
∞∑

k=0

γ kr(t + k + 1), (12)

where γ is the discount factor that determines the weight
of the future reward. Based on (11), the optimal Q-function
can be calculated as

Q∗(sm, am) = max
π

Qπ (sm, am). (13)
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Through the Q-learning method, the optimal policy
can be found based on the available information
(sm(t), am(t), r(t), sm(t + 1)). The update equation of the
Q-value function of agent m can be expressed as [38]

Q(sm(t), am(t)) = Q(sm(t), am(t))

+ α
[
ym(t) − Q(sm(t), am(t))

]
, (14)

where ym(t) = r(t) + γ maxa Q(sm(t + 1), a) and α ∈ [0, 1]
is the learning rate.
Although the Q-learning method has been widely adopted

in wireless networks for resource management purposes, it
only works well under small state-action spaces, which lim-
its its applicability. Its practicality diminishes as the problem
size increases, primarily due to two key factors [29]: (i) the
need for a lookup table to store Q-values for every pos-
sible state-action pair becomes unmanageable in terms of
storage complexity when dealing with large-scale problems;
and (ii) with a larger state space, many states are rarely vis-
ited, resulting in decreased performance. To overcome this
drawback, we consider DRL techniques to efficiently solve
the proposed problem in (7). In the DRL method, a deep
neural network (DNN) is integrated into the framework of
Q-learning to reduce the memory size and computational
complexity by calibrating and training the DNN’s different
layers to define the best action for each state instead of using
a large storage space (i.e., Q-table) to store all Q-values [39].
In this paper, we propose MADRL-based EE URLLC-GF-
NOMA methods, where different DRL techniques including
deep Q network (DQN), double DQN (2DQN), and dueling
2DQN (3DQN), are investigated.1

B. PROPOSED MADRL ALGORITHMS FOR
URLLC-GF-NOMA SYSTEMS
1) MADQN-BASED APPROACH

In this section, we consider a MADQN-based URLLC-GF-
NOMA approach. With this method, each agent constructs
its own DQN model that consists of two different DNNs:
the online and target networks, as depicted in Fig. 2.
Specifically, in each TS t, agent m uses the online network
for Q-function approximation Q(sm(t), am(t); θm) to select an
action am(t) ∈ Am at state sm(t) ∈ Sm. Here, θm represents
the parameters (weights) of the agent m’s online network.
Meanwhile, the target network is used to stabilize the learn-
ing process, and its parameters θ̂m are updated by copying
the parameters θm of the online network after a certain num-
ber of TSs, which is also known as the parameter update
frequency F.
Regarding the action selection at each state, one should

consider the trade-off between exploration and exploita-
tion during the learning process to achieve the optimal
policy. Given this context, the ε-greedy policy can be

1. Besides DRL algorithms based on Q-learning and DNN, tile coding
and on-policy learning could also be promising methods to achieve an
effective solution and analytical convergence. This would be a noteworthy
issue to investigate in future work.

FIGURE 2. Illustration of DQN/2DQN model.

used for action selection to obtain a balance between
the exploitation of the best Q-value function and the
environmental exploration [38]. In particular, the ε-greedy
policy selects an action based on two conditions:

am(t) =
{
random action, with probability ε

arg maxa∈Am
{Qm(t)}, with probability 1 − ε

, (15)

where Qm(t) = Q(sm(t), a; θm). Herein, the parameter ε

determines the level of exploration, and it is usually set
to decrease over time to reduce the exploration rate as the
learning progresses.
During the learning process, MADQN approach uses the

experience replay strategy to achieve learning stability, where
the transition in the form of a tuple (sm(t), am(t), r(t), sm(t+
1)) is stored in the experience replay memory of each
agent m. At each iteration, a mini-batch of experiences is
sampled uniformly to train the learning model and update
the parameters of the online network θm with the purpose
of minimizing the loss function defined as

Lm(θm) = [
ym(t) − Q(sm(t), am(t); θm)

]2
, (16)

where ym(t) is the target value calculated from the target
network as follows:

ym(t) = r(t) + γ max
a∈Am

Q
(
sm(t + 1), a; θ̂m

)
. (17)

Given the DQN model of each agent mentioned above, the
proposed MADQN-based URLLC-GF-NOMA approach is
summarized in Algorithm 1. In particular, in TS t, each agent
m observes its current state sm(t) ∈ Sm and takes an inde-
pendently action am(t) ∈ Am selected based on the ε-greedy
policy in (15). After performing the chosen action, agent m
receives a common reward r(t) based on the achieved EE
and moves to a new state sm(t+ 1). It then stores an experi-
ence tuple of (sm(t), am(t), r(t), sm(t+1)) into its experience
replay memory, and a minibatch of experiences is sampled
for training the online network. The parameters of the online
network θm are then updated to minimize the loss function
in (16) by using the stochastic gradient method, where the
target value is given by (17). After a predetermined number
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Algorithm 1 MADRL-Based Energy Efficiency
Optimization Algorithm for URLLC-GF-NOMA Systems
1: Initialize online Q network with random parameters θm,

∀m ∈ M.
2: Initialize target Q network with parameters θ̂m = θm,

∀m ∈ M.
3: for e = 1, 2, . . . ,E do
4: Initialize the network state sm(t), ∀m.
5: for t = 1, 2, . . . ,T do
6: All agents select their actions am(t) ∈ Am, ∀m,

based on the ε-greed policy in (15).
7: All agents take their actions, receive a common

reward r(t), and move to the next state sm(t+ 1).
8: for m = 1, 2, . . . ,M do
9: Store an experience tuple of

(sm(t), am(t), r(t), sm(t + 1)) to the replay
memory of agent m.

10: Randomly sample a mini-batch of experience
from the replay memory for training.

11: Determine the loss function L(θm) as follows:
- MADQN approach: Using (16) and (17).
- MA2DQN approach: Using (16) and (18).
- MA3DQN approach: Using (16) and (18),

where the Q-value (action-value) functions are
calculated by utilizing (19).

12: Update θm by using stochastic gradient to mini-
mize L(θm).

13: Update θ̂m as θ̂m = θm after every F TSs.
14: end for
15: end for
16: end for

of TSs, the parameters of the target network θ̂m are updated
by copying θm. The above training process continues until
reaching a predefined number of episodes guaranteeing the
algorithm’s convergence.

2) MA2DQN-BASED APPROACH

From (17), one can observe that the MADQN approach based
on DQN model using the same Q-value function for both
tasks, i.e., action selection, maxa∈Am Q(sm(t+1), a; θ̂m), and
action estimation, Q(sm(t + 1), a; θ̂m). This can lead to an
unstable learning process since the Q-value function is esti-
mated over-optimistically. To mitigate this issue, we inves-
tigate an MA2DQN-based URLLC-GF-NOMA approach,
where 2DQN model is considered [40], as shown in Fig. 2.
In this method, the action selection and evaluation are decou-
pled to avoid the overestimation issue by replacing the target
value in (17) with the following one

ym(t) = r(t) + γQ

(

sm(t + 1), arg max
a∈Am

Qm(t + 1); θ̂m

)

, (18)

where Qm(t + 1) = Q(sm(t + 1), a; θm). As can be
seen from (18) that the online network Q(s, a; θm) is

FIGURE 3. Illustration of 3DQN model.

used for the action selection, whereas the target network
Q(s, a; θ̂m) is applied to estimate the action. The MA2DQN-
based URLLC-GF-NOMA algorithm is also summarized in
Algorithm 1 with MA2DQN remark in Step 11.

3) MA3DQN-BASED APPROACH

An MA3DQN-based URLLC-GF-NOMA approach is stud-
ied in this section. This method uses a 3DQN model whose
structure is depicted in Fig. 3, to speed up the conver-
gence and improve the learning efficiency [41]. Following
MA3DQN approach, each agent m creates its own 3DQN
model based on 2DQN, where the last layer of the 2DQN
model is split into two parts to evaluate the state value
function (SVF) V(sm(t)) and the advantage function (AF)
A(sm(t), am(t)). Herein, the SVF V(sm) is used for estimat-
ing the quality (goodness or badness) of a given state sm(t),
allowing the agent to evaluate the long-term potential of
being in that state. Meanwhile, the AF A(sm(t), am(t)) cap-
tures how much better or worse a specific action is compared
to other actions in state sm(t). This allows the agent to choose
the best action to take in a given state. The two parts are
then combined to produce the final action-value function
Q(sm(t), am(t); θm, θVm , θAm) that is used to select actions in
the environment. Here, θVm and θAm denote the parameters
according to SVF-related and AF-related parts, respectively.
Given this context, the action-value function determined by
agent m for a given state sm(t) and action am(t) is calculated
as follows:

Q
(
sm(t), am(t); θm, θVm , θAm

)
= V(sm(t)) + A(sm(t), am(t))

− 1

|Am|
∑

a∈Am

A(sm(t), am(t)),

(19)

where the last term of the right-hand side of (19) is the
mean of the AF over all actions. It is subtracted from the
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AF A(sm(t), am(t)) of a specific action to ensure that the
AF is centered around zero, making it easier to train
the network. This approach improves the convergence and
stability of the network and enables the effective separa-
tion of the estimation of SVF and AF, resulting in better
performance compared to DQN and 2DQN architectures. The
MA3DQN-based URLLC-GF-NOMA approach is also cast
by Algorithm 1 under the designation MA3DQN mentioned
in Step 11.

C. ANALYSIS OF THE PROPOSED METHODS
1) COMPLEXITY ANALYSIS

Let H, Nh, and Is be the number of training layers (input,
hidden, and output layers), the number of neurons in layer
h, and the size of the input layer. For each TS, the computa-
tional complexity of URLLC-GF-NOMA algorithms based
on MADQN and MA2DQN can be calculated by

CTS = O(X), (20)

where X = IsN1 + ∑H−1
h=1 NhNh+1. For the training phase

with M agents, E episodes, and T TSs, the computational
complexities of the algorithms can be given by

CMADQN = CMA2DQN = MET × CTS = O(METX). (21)

Taking the MA3DQN-based URLLC-GF-NOMA algorithm
into account, it has higher complexity than MADQN and
MA2DQN-based algorithms due to the implementation of
the dueling network architecture. Specifically, its complexity
can be determined as

CMA3DQN = O(MET(X + NH−1)). (22)

2) CONVERGENCE ANALYSIS

The convergence of a multi-agent system relies on
whether the combined strategy of the agents ultimately
approaches the optimal state (Nash equilibrium), ensuring the
stability of the solution. In this paper, we propose URLLC-
GF-NOMA methods based on MADQN, MA2DQN, and
MA3DQN, which combine the conventional Q-learning and
neural networks. To analyze the convergence of these meth-
ods, two key aspects need to be addressed [42]: (i) demon-
strating the ability of the conventional Q-learning to converge
to the optimal state, and (ii) verifying that the neural network
approach effectively identifies or approximates the nonlin-
ear Q-values generated by the general Q-learning iteration
as depicted in equation (14). In particular, it has been shown
in [43] that the conventional Q-learning algorithm guaran-
tees the attainment of the optimal state when the learning
rate αt satisfies 0 ≤ αt ≤ 1,

∑
t αt = ∞, and

∑
t α

2
t < ∞.

Additionally, based on [44], it is established that the neural
network can approximate any nonlinear continuous function
when adequately sized and suitably initialized. Thus, the
convergence of our proposed methods can be guaranteed. It
is noteworthy that as mentioned in [45], the theoretical anal-
ysis of the neural network’s size and initial conditions for
ensuring its convergence before training poses challenges

due to the complex quantitative relationship between the
network convergence and hyperparameters. Therefore, we
utilize simulations to demonstrate the convergence of our
proposed methods.

3) SOLUTION ANALYSIS

To clarify the difference between the scenario considered
in this paper and the ones investigated in related works on
RL-based GF-NOMA [27], [28], [29], [31], this section pro-
vides a solution summary examined in these works, as shown
in Table 2. As can be seen from this table, different DRL
frameworks have been proposed to address the unique prob-
lems of GF-NOMA systems effectively. In delay-sensitive
RL-based systems, signaling overhead is a key performance
indicator. It is defined as the number of information bits
needed to feed back the channel status data, SC indica-
tors, and the transmission power of a specific user over an
SC [46]. Also, the total number of users and SCs, and the
exchange of states as well as rewards between the agents
and environment can affect the signaling overhead. Higher
signaling overhead results in larger processing latency for
users.
Following [46], it is assumed that transmitting a continu-

ous value of channel status, data rate, and reward requires
16 bits. Additionally, 1 bit is allocated for acknowledg-
ment (ACK) feedback, 2 bits for decoding status, and 4
bits for the SC indicator, transmission power, and other rel-
evant parameters. The work [27] produces a large signaling
overhead because it depends on the decoding status of K̂
pilot sequences, users’ average throughput, and parameters
(weights) of the centralized-training MADRL model trans-
mitted from the BS to users who build local DRL models
for distributed execution. These parameters depend on the
number of input, hidden, and output layers (A) and the num-
ber of neurons per layer (Na, 1 ≤ a ≤ A). In addition, large
signaling overhead can be observed in [28], [29] due to
the inclusion of various feedback information. This includes
the channel status and ACK information of each user [28],
as well as users’ data rate [29]. In [31], the BS decides
the actions for users (the selection of repetition value and
contention transmission unit (CTU)), hence, the signaling
overhead depends on the feedback information from the BS
to the users regarding the selected actions for the trans-
mission of each user. Note that Vcc, Vic, Vsc, Vsd, and Vud
used in Table 2 stand for the number of collision CTUs, idle
CTUs, singleton CTUs, successfully served users, and failure
decoding users, respectively. In our method, only the reward
feedback is required to reduce the signaling overhead, but
still guarantee an effective learning solution. Consequently,
the signaling overhead is determined by the reward feedback.

IV. SIMULATION RESULTS
In this section, the simulation results are provided to evalu-
ate the performance of the proposed MADRL-based resource
allocation methods for the considered URLLC-GF-NOMA
system. The simulations were performed on an Intel core
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TABLE 2. Solution summary of related works.

i7-8665U CPU with 1.9 GHz frequency, 16 GB of random
access memory (RAM), and 64-bit Windows 10 operating
system. The learning models were considered with three
hidden layers, including 256, 128, and 64 neurons. The
experimental parameters are provided in Tables 3. Besides
the proposed URLLC-GF-NOMA approaches based on
MADQN, MA2DQN, and MA3DQN, we further investigate
the following methods for comparison purpose.

• MA Q-learning (MAQL) [21]:MAQL is applied for GF-
NOMA systems in [21]. With this scheme, each agent
builds its own Q-table to store Q-values of all possible
state-action combinations during learning process.

• Random approach: In this scheme, users randomly
select SC and TPL for their transmissions without
learning.

• Exhaustive search (ES): This method determines the
optimal solution through exploration of the entire
network space in every TS.

• GF-OMA method: This method explores GF-OMA
scheme, where the users utilize distinct frequency/time
domains for their transmissions [47].

• Different state spaces [28], [29]: Various state spaces
for MADRL-based GF-NOMA systems introduced
in [28], [29] are also considered to assess the proposed
methods’ efficiency in terms of convergence property
and signaling overhead. Specifically, the network state
defined for agent m in [28], named State 1, consists of
its action, its channel gains over all SCs, and its trans-
mission outcome. Meanwhile, the work [29] defines
agent m’s state, so-called State 2, as the combination
of the achievable rates of all agents.

Fig. 4(a) shows the convergence behavior during the train-
ing phase of the URLLC-GF-NOMA approaches based
on MA3DQN, MA2DQN, MADQN, MAQL, and Random
schemes by plotting the reward achieved by all agents
with respect to the various number of episodes. As can be
observed from this figure, the Random method achieves the
worst performance (i.e., lowest reward) as compared to other
schemes. This is because the users randomly select SC and

TABLE 3. Simulation parameters.

TPL when using this method. It is, therefore, difficult for
them to find the best SC and TPL for their transmissions
to optimize the network performance and guarantee URLLC
requirements. Among the remaining approaches, the MAQL
scheme outperforms the Random method thanks to the appli-
cation of the Q-learning algorithm, but still achieves worse
performance than others. This highlights the constraint of
the Q-learning method when applied to a dynamic envi-
ronment with an extremely large state-action space. Taking
our proposed URLLC-GF-NOMA methods (i.e., MA3DQN,
MA2DQN, and MADQN) into account, they are superior to
the MAQL and Random methods, while achieving the same
learning behavior and comparable rewards in this simulation.
After the training phase, the testing phase is conducted to
evaluate the training results, where the users always select the
best action with the highest Q-value based on their learning
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FIGURE 4. Convergence analysis with different approaches, where M = 4, K = 2,
L = 7.

results under new network conditions (network states and
channels). The simulation results for the testing phase are
provided in Fig. 4(b), where the testing process is performed
over 100 episodes. This figure shows that during the testing
phase, the learning-based methods (MA3DQN, MA2DQN,
MADQN, and MAQL) can guarantee the convergence they
achieved in the training phase.
In Fig. 5, we plot the variation of the achieved reward

versus the number of episodes when using the MA3DQN
approach with different network state definitions. This is to
evaluate the efficiency of our proposed methods in terms
of convergence and signaling overhead. Specifically, we
investigate two network states used for GF-NOMA systems
in [28], [29], namely State 1 and State 2, as mentioned ear-
lier. In addition, a channel-based state definition, so-called
State 3, is also investigated, where only the channel state
information (CSI) of each user is used to define its state. One
can see from Fig. 5 that the method utilizing the proposed
state in (8) attains rewards comparable to the method that
uses State 2 and State 3, and larger than the method utilizing
State 1. Furthermore, the proposed state demands lower

signaling overhead than State 1, State 2, and State 3. In
particular, the proposed state only requires the agents to
know their own selected SC index and transmission power
value, which are available at the agent. Thus, the environment
only needs to provide feedback to the agents regarding their
transmission outcomes (i.e., reward), which is used for the
training process. Meanwhile, State 1 requires the agents to
also have knowledge of their own channel quality and incor-
porate transmission results into their state information. This
unnecessarily increases the input data for the agents’ learning
model. On the other hand, State 2 requires agents to grasp
the achievable rates of all users. This necessitates signifi-
cant information exchange between the environment and the
agents, resulting in high signaling overhead. Moreover, State
3 demands for additional information exchange between the
agents and the BS to achieve the CSI, increasing the signal-
ing overhead but does not contribute to further improving
the learning process and the system performance in our
considered scenario.
Fig. 6(a) and Fig. 6(b) illustrate the effect of small and

large state-action spaces (i.e., number of users (M), SCs (K),
and TPLs (Lp)) on the achieved rewards, respectively. Herein,
the MA3DQN, MA2DQN, and MADQN approaches using
the proposed state and State 2 are considered. As demon-
strated by these figures, the methods using the proposed state
and those employing State 2 have similar learning behavior
and achieve comparable reward values in the small state-
action space. However, in the large state-action space, the
methods utilizing the proposed state outperform those using
State 2. This is because by utilizing the proposed state, the
state-action space of the considered methods is significantly
reduced compared to that of the methods employing State
2, resulting in a faster learning process and higher achieved
rewards for the methods using the proposed state.
Fig. 6(b) also illustrates that the MA3DQN method out-

performs the MA2DQN and MADQN methods in the large
state-action space generated by State 2. This is due to
the MA3DQN approach’s ability to rapidly identify optimal
actions and important states, leading to better learning out-
comes than the MA2DQN and MADQN techniques. The
enhanced performance of MA3DQN is achieved by the sep-
aration of state and action networks at the last layer of the
DNNs model used in these schemes. On the other hand,
when the proposed state is employed, it results in a consid-
erably smaller state-action space than State 2, even with an
increase in M, K, and Lp, resulting in faster learning. As a
result, the MA3DQN, MA2DQN, and MADQN methods
employing the proposed state achieve comparable learn-
ing outcomes. Thus, the MA3DQN method is developed
for problems with a larger state-action space, whereas the
MA2DQN and MADQN methods, with a simpler network
design, are suitable for problems with smaller state-action
spaces.
To evaluate the effect of the URLLC requirements (i.e.,

εm and τ) on the system performance, we plot the variation
of the achieved reward versus the number of episodes with
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FIGURE 5. Convergence analysis with different network states and MA3DQN
method, where M = 4, K = 2, L = 7.

different value sets of (εm, τ ), while using the MA3DQN
method in Fig. 7. This figure indicates that the achieved
reward can converge to a greater value when the lower
URLLC requirements are set; for instance, the reliabil-
ity decreases (i.e., εm increases from 10−7 to 10−1), and
the latency threshold is degraded (i.e., τ increases from
0.5 ms to 2 ms). This can be explained by the fact that
the minimum data rate threshold based on (5) gets higher
with the increase in the URLLC requirements. It is, thus,
more difficult to obtain the rate constraint required to ful-
fill the URLLC conditions in this case, leading to an EE
performance degradation.
Fig. 8 shows the performance comparison in terms of

the achieved reward between the methods using GF-NOMA
and GF-OMA. For the GF-OMA scheme, each user occu-
pies a distinct resource block and the system bandwidth W
is equally divided among the users [47]. Observing Fig. 8
reveals that the methods utilizing GF-NOMA obtain greater
reward gains compared to those utilizing GF-OMA. This
can be attributed to the performance degradation that occurs
in the latter due to the splitting of bandwidth resources

FIGURE 6. Effect of state-action spaces on the achieved reward with different
approaches.

FIGURE 7. Effect of URLLC requirements (εm, τ ) on the achieved reward, where
M = 4, K = 2, and L = 10.

among users in the OMA scheme. Moreover, this figure
illustrates that in both GF-NOMA and GF-OMA scenar-
ios, the achieved rewards are comparable for the proposed
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FIGURE 8. Performance comparison between the methods using GF-OMA and
GF-NOMA, where M = 4, L = 10.

FIGURE 9. Effect of number of users on the EE performance with different
approaches, where K = 2, L = 10.

MA3DQN, MA2DQN, and MADQN methods, and these
approaches outperform the MAQL and Random schemes.
Fig. 9 depicts the variation of the average EE with

respect to the number of users (M) for different meth-
ods. As observed from this figure, the EE performance
decreases as the value of M gets higher since the growth
of the number of users sharing the same SCs in this case
leads to stronger interference. In addition, the proposed
MA3DQN, MA2DQN, and MADQN methods yield better
EE performance than the MAQL and Random methods when
M increased. Furthermore, they achieve comparable EE gains
under the different values of M. As mentioned earlier in the
previous results, this is because the proposed approaches
produce a small state-action space for each agent, acceler-
ating their learning process and leading to equivalent EE
performance.
Fig. 10 provides an EE performance comparison between

the investigated methods (i.e., MA3DQN, MA2DQN,
MADQN, MAQL, and Random) and an optimal solution
obtained through the ES method by plotting the achieved
EE versus the number of TPLs. The ES method finds the
largest EE by traversing all possible actions in the network in

FIGURE 10. EE performance comparison between different methods, where M = 4,
K = 2.

FIGURE 11. EE performance of MADQN method with centralized and decentralized
rewards.

every TS. As illustrated in Fig. 10, the EE values achieved
by the MA3DQN, MA2DQN, and MADQN methods are
close to those of the ES method and significantly exceed
those of the MAQL and Random approaches. It is note-
worthy that the ES method is infeasible for large network
spaces since it requires exploring the entire network space,
leading to high computational complexity. To address this
issue, the proposed URLLC-GF-NOMA methods based on
MA3DQN, MA2DQN, and MADQN enable the users to
interact with the wireless environment and learn from their
accumulated experiences to rapidly achieve a near-optimal
solution without visiting the entire network space.
Fig. 11 provides an EE performance comparison between

MADQN methods using centralized and decentralized
rewards with different values of M, K, and L. Specifically,
the centralized reward is defined in (10), whereas the
decentralized reward implies that each agent can receive
a distinct reward depending on its own transmission out-
come. In particular, with the objective of maximizing EE,
the decentralized reward of each agent m can be defined
as rm(t) = R(k)

m (t)/P(k)
m (t) if its transmission is successful

(i.e., R(k)
m (t) ≥ R̂m) and rm(t) = 0 otherwise. Herein, P(k)

m (t),
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FIGURE 12. Achievable sum rate and power consumption of different problems,
where M = 4, K = 2, and L = 7.

R(k)
m (t), and R̂m are defined in (1), (3), and (5), respectively.

As can be seen from Fig. 11, the EE performance achieved
by using decentralized rewards is much smaller than the
cases using centralized rewards. This is due to the fact
that employing decentralized rewards can lead to the self-
ish behavior of agents, where they may compete with each
other to maximize their own objective instead of the com-
mon one, i.e., maximizing the overall EE while guaranteeing
the URLLC requirements of all users. Therefore, a signifi-
cant global EE performance degradation can be observed as
shown in Fig. 11.
As mentioned earlier in Section II-C, the problems of

maximizing the achievable sum rate, named as maxRate, and
minimizing the power consumption, so-called minPower, can
also be investigated based on the EE maximization problem,
denoted by maxEE, defined in (7). Herein, maxRate and min-
Power are achieved by setting the denominator and numer-
ator of (6) as 1, respectively. Given this context, Figs. 12(a)
and 12(b) depict the achievable sum rate and the power con-
sumption versus learning episodes for different problems,
including maxEE, maxRate, and minPower, respectively.
These figures demonstrate that maxRate can obtain the

FIGURE 13. EE performance of different MADRL solutions for GF-NOMA systems,
where M = 4 and K = 2.

highest sum rate but with the largest power consumption
since it only focuses on maximizing the sum rate, lead-
ing to high power consumption. Meanwhile, minPower can
achieve minimum power consumption but results in a poor
achievable sum rate due to its power minimization objec-
tive. On the other hand, the proposed maxEE problem
can achieve a high sum rate close to that obtained by
maxRate while minimizing the users’ power consumption.
Thus, maxEE outperforms maxRate and minPower in guar-
anteeing the trade-off between the achievable sum rate and
power consumption for energy-limited users.
Fig. 13 provides the EE performance of different MADRL

frameworks proposed for GF-NOMA systems including our
proposed solution, throughput-based solution [28], and rate-
based solution [29]. As can be seen from this figure, our
proposed solution achieves much better EE performance than
throughput-based and rate-based solutions. This is because
our proposed solution aims to maximize EE with mini-
mum transmission power to save energy for those users with
limited energy resources. In contrast, the throughput-based
method tries to maximize network throughput, hence, higher
transmission power than necessary can be used to ensure
the successful decoding of the users’ messages. Meanwhile,
the rate-based solution focuses on maximizing data rate
with large transmission power resulting in EE performance
reduction.
To clarify the benefits of received power-based decoding

order, Fig. 14 shows the EE comparison between received
power-based and rate-based SIC methods during the learn-
ing process. Here, we consider that the predetermined rate
demand of user m (1 ≤ m ≤ M) is set as m bps/Hz.
Considering the rate-based SIC method, the message of the
user with lower rate demand will be decoded earlier at the
BS. This is because the user having its signal decoded earlier
would suffer stronger interference and achieve a smaller data
rate. As can be observed from Fig. 14, the received power-
based SIC outperforms the rate-based SIC in terms of EE.
The reason behind this result is that the decoding order in the
received power-based SIC method is more flexible than that
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FIGURE 14. EE performance of different SIC methods, where M = 4, K = 2, and
L = 7.

in the rate-based SIC approach, which depends on the users’
channel conditions and TPL selection. This can help the users
find the most appropriate SC and TPL for their transmis-
sions to optimize the global EE performance and satisfy the
different rate demands of all users. In contrast, the decod-
ing order is fixed in the rate-based SIC method due to the
predetermined rate demand of the users. It is, therefore, dif-
ficult for users to find the best learning policy, especially in
time-varying and strong-interference environments, leading
to performance degradation.
From the results achieved above, it can be concluded

that the proposed URLLC-GF-NOMA methods based on
MA3DQN, MA2DQN, and MADQN can obtain similar
performance and outperform other benchmark schemes in
terms of EE, convergence rate, and signaling overhead.
However, the methods based on MA2DQN and MADQN
exhibit lower complexity compared to the MA3DQN-based
method as indicated in Section III-C1, thereby reducing
the power consumption and processing latency for the
URLLC users. This benefit makes them better suited for
the considered URLLC-GF-NOMA system.

V. CONCLUSION
In this paper, we have investigated a resource allocation
problem in an uplink URLLC-GF-NOMA system where
the users aim to maximize energy efficiency while sat-
isfying their URLLC requirements. To achieve this, we
have proposed three MADRL-based URLLC-GF-NOMA
approaches (MA3DQN, MA2DQN, and MADQN) for the
users to learn how to select the most suitable sub-channel
and transmission power for their transmissions. In particular,
we have designed an MADRL framework that guaran-
tees a rapid convergence and small signaling overhead
to maximize energy efficiency and satisfy users’ URLLC
requirements. Our simulation results have shown that the
proposed URLLC-GF-NOMA methods based on MA3DQN,
MA2DQN, and MADQN can achieve similar performance,
but MA2DQN and MADQN are more appropriate for the
investigated URLLC-GF-NOMA system due to their lower
complexity compared to MA3DQN. Moreover, our proposed

methods outperform existing benchmark schemes in terms
of energy efficiency performance, convergence property, and
signaling overhead to guarantee the URLLC requirements of
energy-limited users.

REFERENCES
[1] H. Ji, S. Park, J. Yeo, Y. Kim, J. Lee, and B. Shim, “Ultra-reliable and

low-latency communications in 5G downlink: Physical layer aspects,”
IEEE Wireless Commun., vol. 25, no. 3, pp. 124–130, Jun. 2018.

[2] P. Popovski et al., “Wireless access for ultra-reliable low-latency com-
munication: Principles and building blocks,” IEEE Netw., vol. 32,
no. 2, pp. 16–23, Mar./Apr. 2018.

[3] G. Durisi, T. Koch, and P. Popovski, “Toward massive, ultra-reliable,
and low-latency wireless communication with short packets,” Proc.
IEEE, vol. 104, no. 9, pp. 1711–1726, Sep. 2016.

[4] T. T. Nguyen, V. N. Ha, and L. B. Le, “Wireless scheduling for hetero-
geneous services with mixed numerology in 5G wireless networks,”
IEEE Commun. Lett., vol. 24, no. 2, pp. 410–413, Feb. 2020.

[5] Y. Polyanskiy, H. V. Poor, and S. Verdu, “Channel coding rate in the
finite blocklength regime,” IEEE Trans. Inf. Theory, vol. 56, no. 5,
pp. 2307–2359, May 2010.

[6] S. K. Sharma and X. Wang, “Toward massive machine type com-
munications in ultra-dense cellular IoT networks: Current issues and
machine learning-assisted solutions,” IEEE Commun. Surveys Tuts.,
vol. 22, no. 1, pp. 426–471, 1st Quart., 2020.

[7] A. C. Cirik, N. M. Balasubramanya, L. Lampe, G. Vos, and S. Bennett,
“Toward the standardization of grant-free operation and the associated
NOMA strategies in 3GPP,” IEEE Commun. Stand. Mag., vol. 3, no. 4,
pp. 60–66, Dec. 2019.

[8] R. Abbas, M. Shirvanimoghaddam, Y. Li, and B. Vucetic, “A novel
analytical framework for massive grant-free NOMA,” IEEE Trans.
Commun., vol. 67, no. 3, pp. 2436–2449, Nov. 2018.

[9] C. Xiao et al., “Downlink MIMO-NOMA for ultra-reliable low-
latency communications,” IEEE J. Sel. Areas Commun., vol. 37, no. 4,
pp. 780–794, Apr. 2019.

[10] Z. Wang, T. Lv, Z. Lin, J. Zeng, and P. T. Mathiopoulos, “Outage
performance of URLLC NOMA systems with wireless power transfer,”
IEEE Wireless Commun. Lett., vol. 9, no. 3, pp. 380–384, Mar. 2020.

[11] D.-D. Tran, S. K. Sharma, S. Chatzinotas, I. Woungang, and
B. Ottersten, “Short-packet communications for MIMO NOMA
systems over Nakagami-m fading: BLER and minimum blocklength
analysis,” IEEE Trans. Veh. Technol., vol. 70, no. 4, pp. 3583–3598,
Apr. 2021.

[12] 5G NR, Physical Layer Procedures for Data, V15.9.0, 3GPP Standard
TS 38.214, Mar. 2020.

[13] C. Jiang, H. Zhang, Y. Ren, Z. Han, K.-C. Chen, and L. Hanzo,
“Machine learning paradigms for next-generation wireless networks,”
IEEE Wireless Commun., vol. 24, no. 2, pp. 98–105, Apr. 2017.

[14] H. Ye, G. Y. Li, and B. Juang, “Power of deep learning for channel
estimation and signal detection in OFDM systems,” IEEE Wireless
Commun. Lett., vol. 7, no. 1, pp. 114–117, Feb. 2018.

[15] H. Huang, W. Xia, J. Xiong, J. Yang, G. Zheng, and X. Zhu,
“Unsupervised learning-based fast beamforming design for downlink
MIMO,” IEEE Access, vol. 7, pp. 7599–7605, 2019.

[16] N. C. Luong et al., “Applications of deep reinforcement learning in
communications and networking: A survey,” IEEE Commun. Surveys
Tuts., vol. 21, no. 4, pp. 3133–3174, 4th Quart., 2019.

[17] J. Yu and L. Chen, “Stability analysis of frame slotted aloha protocol,”
IEEE Trans. Mobile Comput., vol. 16, no. 5, pp. 1462–1474, Jul. 2016.

[18] H. Cao and J. Cai, “Distributed opportunistic spectrum access in an
unknown and dynamic environment: A stochastic learning approach,”
IEEE Trans. Veh. Technol., vol. 67, no. 5, pp. 4454–4465, Jan. 2018.

[19] M. Shirvanimoghaddam, M. Condoluci, M. Dohler, and S. J. Johnson,
“On the fundamental limits of random non-orthogonal multiple access
in cellular massive IoT,” IEEE J. Sel. Areas Commun., vol. 35, no. 10,
pp. 2238–2252, Oct. 2017.

[20] S. K. Sharma and X. Wang, “Collaborative distributed Q-learning
for RACH congestion minimization in cellular IoT networks,” IEEE
Commun. Lett., vol. 23, no. 4, pp. 600–603, Apr. 2019.

[21] M. V. da Silva, R. D. Souza, H. Alves, and T. Abrão, “A NOMA-based
Q-learning random access method for machine type communica-
tions,” IEEE Wireless Commun. Lett., vol. 9, no. 10, pp. 1720 –1724,
Oct. 2020.

1484 VOLUME 4, 2023



[22] D.-D. Tran, S. K. Sharma, and S. Chatzinotas, “BLER-based adap-
tive Q-learning for efficient random access in NOMA-based mMTC
networks,” in Proc. IEEE Veh. Technol. Conf. (VTC), Helsinki, Finland,
Apr. 2021, pp. 1–5.

[23] D.-D. Tran, S. K. Sharma, S. Chatzinotas, and I. Woungang,
“Learning-based multiplexing of grant-based and grant-free hetero-
geneous services with short packets,” in Proc. IEEE Global Commun.
Conf. (GLOBECOM), Madrid, Spain, Dec. 2021, pp. 1–6.

[24] D.-D. Tran, V. N. Ha, and S. Chatzinotas, “Novel reinforcement
learning based power control and subchannel selection mechanism
for grant-free NOMA URLLC-enabled systems,” in Proc. IEEE Veh.
Technol. Conf. (VTC), 2022, pp. 1–5.

[25] Y. Hua, R. Li, Z. Zhao, X. Chen, and H. Zhang, “GAN-powered
deep distributional reinforcement learning for resource management
in network slicing,” IEEE J. Sel. Areas Commun., vol. 38, no. 2,
pp. 334–349, Feb. 2020.

[26] A. T. Z. Kasgari, W. Saad, M. Mozaffari, and H. V. Poor, “Experienced
deep reinforcement learning with generative adversarial networks
(GANs) for model-free ultra reliable low latency communication,”
IEEE Trans. Commun., vol. 69, no. 2, pp. 884–899, Feb. 2021.

[27] R. Huang, V. W. S. Wong, and R. Schober, “Throughput optimization
for grant-free multiple access with multiagent deep reinforcement
learning,” IEEE Trans. Wireless Commun., vol. 20, no. 1, pp. 228–242,
Jan. 2021.

[28] J. Zhang, X. Tao, H. Wu, N. Zhang, and X. Zhang, “Deep reinforce-
ment learning for throughput improvement of the uplink grant-free
NOMA system,” IEEE Internet Things J., vol. 7, no. 7, pp. 6369–6379,
Jul. 2020.

[29] M. Fayaz, W. Yi, Y. Liu, and A. Nallanathan, “Transmit power
pool design for grant-free NOMA-IoT networks via deep reinforce-
ment learning,” IEEE Trans. Wireless Commun., vol. 20, no. 11,
pp. 7626–7641, Nov. 2021.

[30] Y. Liu, Y. Deng, M. Elkashlan, and A. Nallanathan, “Cooperative
deep reinforcement learning based grant-free NOMA optimization for
mURLLC,” in Proc. IEEE Int. Conf. Commun. (ICC), 2022, pp. 1–6.

[31] Y. Liu, Y. Deng, H. Zhou, M. Elkashlan, and A. Nallanathan,
“Deep reinforcement learning-based grant-free NOMA optimization
for mURLLC,” IEEE Trans. Commun., vol. 71, no. 3, pp. 1475–1490,
Mar. 2023.

[32] S.-Y. Lien, S.-L. Shieh, Y. Huang, B. Su, Y.-L. Hsu, and H.-Y. Wei,
“5G new radio: Waveform, frame structure, multiple access, and initial
access,” IEEE Commun. Mag., vol. 55, no. 6, pp. 64–71, Jun. 2017.

[33] V. N. Ha, T. T. Nguyen, L. B. Le, and J.-F. Frigon, “Admission control
and network slicing for multi-numerology 5G wireless networks,”
IEEE Netw. Lett., vol. 2, no. 1, pp. 5–9, Mar. 2020.

[34] H. Liu, N. I. Miridakis, T. A. Tsiftsis, K. J. Kim, and K. S. Kwak,
“Coordinated uplink transmission for cooperative NOMA systems,” in
Proc. IEEE Global Commun. Conf. (GLOBECOM), Abu Dhabi, UAE,
Dec. 2018, pp. 1–6.

[35] C. Sun, C. She, C. Yang, T. Q. S. Quek, Y. Li, and B. Vucetic,
“Optimizing resource allocation in the short blocklength regime for
ultra-reliable and low-latency communications,” IEEE Trans. Wireless
Commun., vol. 18, no. 1, pp. 402–415, Jan. 2019.

[36] Z. Sheng, D. Tian, and V. C. M. Leung, “Toward an energy and
resource efficient Internet of Things: A design principle combining
computation, communications, and protocols,” IEEE Commun. Mag.,
vol. 56, no. 7, pp. 89–95, Jul. 2018.

[37] L. Liang, H. Ye, and G. Y. Li, “Spectrum sharing in vehicular networks
based on multi-agent reinforcement learning,” IEEE J. Sel. Areas
Commun., vol. 37, no. 10, pp. 2282–2292, Oct. 2019.

[38] R. S. Sutton and A. G. Barto, Reinforcement Learning: An
Introduction. Cambridge, MA, USA: MIT Press, 2018.

[39] V. Mnih et al., “Human-level control through deep reinforcement
learning,” Nature, vol. 518, no. 7540, pp. 529–533, 2015.

[40] H. V. Hasselt, A. Guez, and D. Silver, “Deep reinforcement learning
with double Q-learning,” 2015, arXiv:1509.06461.

[41] M. H. H. M. L. Z. Wang, T. Schaul and N. Freitas, “Dueling
network architectures for deep reinforcement learning,” 2016,
arXiv:1511.06581.

[42] X. Liu, Y. Liu, Y. Chen, and L. Hanzo, “Enhancing the fuel-
economy of V2I-assisted autonomous driving: A reinforcement
learning approach,” IEEE Trans. Veh. Technol., vol. 69, no. 8,
pp. 8329–8342, Aug. 2020.

[43] X. Liu, Y. Liu, and Y. Chen, “Machine learning empowered trajectory
and passive beamforming design in UAV-sRIS wireless networks,”
IEEE J. Sel. Areas Commun., vol. 39, no. 7, pp. 2042–2055, Jul. 2021.

[44] A. Sannai, Y. Takai, and M. Cordonnier, “Universal approximations of
permutation invariant/equivariant functions by deep neural networks,”
2019, arXiv:1903.01939.

[45] F. Wu, H. Zhang, J. Wu, and L. Song, “Cellular UAV-to-device com-
munications: Trajectory design and mode selection by multi-agent
deep reinforcement learning,” IEEE Trans. Commun., vol. 68, no. 7,
pp. 4175–4189, Jul. 2020.

[46] A. Nouruzi et al., “Toward a smart resource allocation policy via
artificial intelligence in 6G networks: Centralized or decentralized?”
2022, arXiv:2202.09093.

[47] M. Zeng, X. Li, G. Li, W. Hao, and O. A. Dobre, “Sum rate
maximization for IRS-assisted uplink NOMA,” IEEE Commun. Lett.,
vol. 25, no. 1, pp. 234–238, Jan. 2021.

DUC-DUNG TRAN (Member, IEEE) received the
B.E. degree in electronics and telecommunications
from the Hue University of Sciences, Vietnam,
in 2013, and the M.Sc. degree in computer sci-
ences from Duy Tan University, Vietnam, in
2016. He is currently pursuing the Ph.D. degree
with the Interdisciplinary Center for Security,
Reliability and Trust, University of Luxembourg,
Luxembourg. From 2014 to 2019, he was with the
Faculty of Electrical and Electronics Engineering,
Duy Tan University. His current research interests

include 5G and beyond wireless networks, machine learning, URLLC, and
multiple access techniques.

SHREE KRISHNA SHARMA (Senior Member,
IEEE) received the Ph.D. degree in wireless com-
munications from the University of Luxembourg
in 2014. He held various research and aca-
demic positions with the Interdisciplinary Center
for Security, Reliability and Trust, University of
Luxembourg; Western University, Canada; and
Ryerson University, Canada. He is a Lead Editor
of two IET books on Satellite Communications in
the 5G Era and Communications Technologies for
Networked Smart Cities. He has published more

than 100 technical papers in scholarly journals, international conferences,
and book chapters, and has over 6000 Google Scholar citations with an
H-index of 36.

VU NGUYEN HA (Member, IEEE) received the
B.Eng. degree (Hons.) from the French Training
Program for Excellent Engineers in Vietnam, Ho
Chi Minh City University of Technology, Vietnam,
the Addendum degree from the École Nationale
Supérieure des Télécommunications de Bretagne-
Groupe des École des Télécommunications,
Bretagne, France, in 2007, and the Ph.D.
degree (Hons.) from the Institut National de
la Recherche Scientifique-Énergie, Matériaux
et Télécommunications, Université du Québec,

Montreal, QC, Canada, in 2017. From 2016 to 2021, he worked as a
Postdoctoral Fellow with the Ecole Polytechnique de Montreal, and then
the Resilient Machine Learning Institute, École de Technologie Supérieure,
University of Québec. He is currently a Research Scientist with the
Interdisciplinary Centre for Security, Reliability, and Trust, University
of Luxembourg. His research interests include applying/developing
optimization and machine-learning-based solution for RRM problems in
MAC/PHY layers of several wireless communication systems, including
SATCOM, 5G/beyond-5G, HetNets, Cloud RAN, massive MIMO, mobile-
edge computing, and 802.11ax WiFi. He received the Innovation Award for
his Ph.D. degree. He was a recipient of the FRQNT Postdoctoral Fellowship
for International Researcher (PBEEE) awarded by the Québec Ministry of
Education, Canada, in 2018 and 2019. In 2021 and 2022, he was also
awarded the Certificate for Exemplary Reviews by the IEEE WIRELESS

COMMUNICATIONS LETTERS.

VOLUME 4, 2023 1485



TRAN et al.: MADRL APPROACH FOR EE RESOURCE ALLOCATION IN URLLC-GF-NOMA SYSTEMS

SYMEON CHATZINOTAS (Fellow, IEEE) received
the M.Eng. degree in telecommunications from
the Aristotle University of Thessaloniki, Greece,
in 2003, and the M.Sc. and Ph.D. degrees in
electronic engineering from the University of
Surrey, U.K., in 2006 and 2009, respectively.
He is currently a Full Professor/Chief Scientist
I and the Head of the Research Group SIGCOM,
Interdisciplinary Centre for Security, Reliability
and Trust, University of Luxembourg. In parallel,
he is an Adjunct Professor with the Department

of Electronic Systems, Norwegian University of Science and Technology
and a Collaborating Scholar with the Institute of Informatics and
Telecommunications, National Center for Scientific Research “Demokritos.”
In the past, he has lectured as a Visiting Professor with the University
of Parma, Italy and contributed in numerous research and development
projects for the Institute of Telematics and Informatics, Center of Research
and Technology Hellas and the Mobile Communications Research Group,
Center of Communication Systems Research, University of Surrey. He
has authored more than 700 technical papers in refereed international
journals, conferences, and scientific books and has received numerous
awards and recognitions, including the IEEE Fellowship and an IEEE
Distinguished Contributions Award. He is currently on the editorial board of
the IEEE TRANSACTIONS ON COMMUNICATIONS, IEEE OPEN JOURNAL

OF VEHICULAR TECHNOLOGY, and the International Journal of Satellite
Communications and Networking.

ISAAC WOUNGANG (Senior Member, IEEE)
received the Ph.D. degree in mathematics from
the University of the South, Toulon-Var, France, in
1994. From 1999 to 2002, he worked as a Software
Engineer with Nortel Networks Corporation,
Ottawa, ON, Canada. Since 2002, he has been with
Ryerson University, Toronto, ON, Canada, where
he is currently a Professor of Computer Science.
He has published eight books and over 90 ref-
ereed technical papers in scholarly international
journals and proceedings of international confer-

ences. His current research interests include radio resource management in
next-generation wireless networks, big data, Internet of Things, and cloud
computing. He has served as the Chair of the Computer Chapter, IEEE
Toronto Section, from 2012 to 2018. He has guest edited several special
issues with various reputed journals, such as Computer Communications
(Elsevier) and Telecommunication Systems (Springer).

1486 VOLUME 4, 2023



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Helvetica
    /Helvetica-Bold
    /HelveticaBolditalic-BoldOblique
    /Helvetica-BoldOblique
    /Helvetica-Condensed-Bold
    /Helvetica-LightOblique
    /HelveticaNeue-Bold
    /HelveticaNeue-BoldItalic
    /HelveticaNeue-Condensed
    /HelveticaNeue-CondensedObl
    /HelveticaNeue-Italic
    /HelveticaNeueLightcon-LightCond
    /HelveticaNeue-MediumCond
    /HelveticaNeue-MediumCondObl
    /HelveticaNeue-Roman
    /HelveticaNeue-ThinCond
    /Helvetica-Oblique
    /HelvetisADF-Bold
    /HelvetisADF-BoldItalic
    /HelvetisADFCd-Bold
    /HelvetisADFCd-BoldItalic
    /HelvetisADFCd-Italic
    /HelvetisADFCd-Regular
    /HelvetisADFEx-Bold
    /HelvetisADFEx-BoldItalic
    /HelvetisADFEx-Italic
    /HelvetisADFEx-Regular
    /HelvetisADF-Italic
    /HelvetisADF-Regular
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryITCbyBT-MediumItal
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


