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A B S T R A C T

Small cells are a promising technique to improve the capacity and throughput of future wireless networks.
However, user association and power allocation in heterogeneous networks is complicated by the dense
deployment of small cells, resulting in non-convex and combinatorial problems. Conventionally, machine
learning techniques are applied to the joint optimization problem, which has different action spaces. Gauging
the continuous spaces to discrete spaces results in the loss of granularity due to discretization (e.g. potential
power values in power allocation). Due to its hybrid action space, it is sub-optimal to solve joint user
association (discrete spaces) and power allocation (continuous spaces) problems by applying traditional
machine learning approaches. This work proposes a Multi-Agent Parameterized Deep Reinforcement Learning
(MA-PDRL) approach to address the joint user association and power allocation problem efficiently. According
to simulation results, the proposed multi-agent PDRL performs better in energy efficiency and QoS satisfaction
than WMMSE, game theory, Q-learning, and DRL techniques.
1. Introduction

The growth in wireless communication due to pervasive access to
digital services and bandwidth-intensive applications results in mas-
sive data traffic and capacity demands. In the pursuit of delivering
enhanced data rates, minimal latency, and accommodating a multitude
of connected devices, 5G network aims toward diverse use cases
which includes Enhance Mobile Broadband (eMBB), Ultra-Reliable
Low-Latency Communication (URRLC) and Massive Machine Type
Communications (mMTC). 5G leverage dynamic spectral resource uti-
lization augmented through advanced architectural design approach
[1]. In order to achieve extended coverage and facilitate network
offloading, network capacity expansion emerged as a pivotal approach.

Heterogeneous networks (HetNets) have been considered an optimal
approach to increase the spectral efficiency and network capacity ex-
pansion, as it shifts the load of macro base stations (MBSs) to small cell
base stations (SBSs) which cover a smaller geographical location [2].
The reduction of cell radius to accommodate more cells within a given
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area having diverse transmission power yields benefits such as en-
hanced coverage, improved indoor connectivity, load distribution, and
deployment flexibility. However, the coexistence of MBSs and SBSs in
HetNets can lead to resource management and allocation, interference,
security, quality of service (QoS), scalability, and energy efficiency
issues.

Energy efficiency is crucial for future green communication as
adding more BSs may aggravate a proportional increase in power con-
sumption and also result in insufficient resource allocation contributing
to CAPEX/OPEX [3]. Approximately, ∼30% of the infrastructure en-
ergy consumption can be addressed using various approaches such as
intelligent management of network resources, energy harvesting, hard-
ware solutions, and unconventional network architecture. Hardware
upgrades and network architecture changes can be costly, whereas
efficient resource allocation and management solutions tend to be less
expensive. Therefore, addressing energy consumption issues by deploy-
ing efficient resource allocation strategies is not only cost-efficient but
also flexible and adaptable to changing network conditions.
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Resource allocation strategies ensure the required QoS by efficiently
assigning the resources among users/network nodes. Efficient resource
allocation, such as power allocation with user association, can signif-
icantly reduce interference and energy-related issues. User association
is important before data transmission, regardless of the adopted user
association technique. Efficient distribution of users among different
BSs assists in optimizing network resources, delivering high-quality
user experience, load balancing, and improving energy efficiency. Also,
allocating power optimally enhances network performance, mitigates
interference, and enhances energy efficiency. The resource allocation
schemes are critically associated with QoS and energy efficiency, where
optimization of one parameter can result in the degradation of other
parameters. Therefore, joint optimization of user association and power
allocation is important to enhance the energy-efficiency.

Over the decades, the power allocation problem has been evaluated
on model-based optimization techniques, making it easy to manage and
evaluate the set of data because of its mathematical modeling; however,
the computational complexity is relatively high [4]. Unlike model-
based power allocation schemes, data-driven based power allocation
schemes contribute to improved performance with efficient computa-
tional complexity. Keeping in view the dense unknown environment of
wireless networks, reinforcement learning (RL) is considered an optimal
solution due to its ability to learn and the use of reward function [5].
However, it is challenging to apply in the case of a dense wireless
network with diverse users and BSs distribution with dynamic trans-
mission power. Such large-scale networks result in infinite states and
action spaces, making RL suffer with the large state space problem [6].
The power control problem in the dense network requires continuous
allocation, which makes Q-learning infeasible as it suffers from slow
convergence issues.

Apart from independent allocation problems, joint resource opti-
mization problems such as user association, power allocation, sub-
channel allocation, and bandwidth allocation have been widely studied.
Usually, the resource allocation relates to different action spaces. As
the action spaces in joint resource optimization problems are inter-
connected. The decisions made in one aspect may directly influence
decisions in another. Hence, managing hybrid action spaces jointly in
their domain is a challenging task. For example, user association and
power allocation have discrete and continuous space, respectively and
decisions need to be made collectively to ensure optimal performance.
Therefore, to address this issue, this paper proposes a joint resource
optimization solution (user association + power allocation) by utilizing
deep reinforcement learning (DRL) in a hybrid action space to enhance
energy efficiency by learning from interactions with the environment.

1.1. Related work

In [7], a non-cooperative game theory problem based on two sub-
games is proposed to address the joint user association and resource
allocation problem. The joint solution is focused on a user-centric
approach and considered under QoS constraint and maximized UE
rate. Such user-centric approaches are highly sensitive to user as-
sociation changes, causing difficulties in maintaining a stable and
energy-efficient network. This approach also requires access to com-
plete network information, which is challenging to achieve an optimal
solution. A joint Poisson point process and Poisson hole process-based
optimization algorithms are proposed in [8]. The coverage probability
is derived by the mean interference-to-signal ratio, and the repul-
sion radius technique is used to minimize the interference. However,
the Poisson point process considers the nodes independent of each
other and repulsion against nodes, making it not suitable for interfer-
ence management techniques. The relationship between the coverage
probability and the average achievable rate is used to derive the EE
expression.

Q-learning is another technique to solve the optimization problem
2

in a dense wireless network dependent on reward function. The work
in [9,10] proposed distributed resource allocation among femtocells
based on cooperative Q-learning. The method lacks the ability to
address the continuous action space problem of power allocation. A
multi-agent Q-learning approach is proposed in [11] to maximize the
energy efficiency in the ultra-dense wireless network. An optimization
problem is modeled based on user association and power allocation,
where an agent interacts with the environment as a learning process
and saves all information in Q-table. However, the Q-table size grows
exponentially, creating a challenge to handle dense real-world prob-
lems. The energy efficiency trade-off problem is also studied in energy
harvesting support systems in [12–14]. In [6], another framework is
proposed to improve energy efficiency for Inter-Cell Interference Coor-
dination (ICIC) in wireless networks. Considering the continuous action
and state space, Deep Reinforcement Learning with Deterministic Pol-
icy and Target (DRL-DPT) is proposed to improve energy efficiency
under different ICIC schemes.

To address the increased capacity and energy issues, a deep re-
inforcement based algorithm is proposed for joint power control and
resource allocation in [15] to optimize the EE and the SE. Another work
in [16], targets the distributed resource management problem in two-
tier HetNet using deep reinforcement learning techniques. The Deep
Neural Network (DNN) is used to learn optimal resource allocation poli-
cies, and experimental results show the effectiveness of the proposed
approach in improving spectrum and power allocation and satisfying
QoS. However, the proposed work is focused on locally-observed infor-
mation, which could potentially lead to decentralized and insufficient
solutions in dense HetNets. Another problem of hybrid action space
is considered for joint user association and power allocation in [17].
A parameterized deep Q-network (P-DQN) is employed to enhance
energy efficiency while considering backhaul capacity constraints and
satisfying QoS constraints. Another multi-agent hybrid resource al-
location algorithm is proposed in [19], based on a stochastic game
where the agents make decisions sequentially. The sequential decisions
sometimes may lead to the significant limitation of randomness and
uncertainty in the outcome. A RL-based [20] and policy gradient-
based actor-critic [18] RL policy is investigated for user association
and user scheduling for resource allocation, respectively. In [13,21,22],
the energy-efficient resource allocation strategies are further explored,
considering the application and connectivity between different entities.
The Table 1 presents a comprehensive overview of the related research
articles, drawing insightful comparisons with the proposed work.

1.2. Main contributions

Achieving energy efficiency and supporting high data rates in
dense scale, versatile, and complex wireless networks is quite challeng-
ing [23]. Efficient and advanced resource management and allocation
solutions must be deployed to achieve a balance between enhanc-
ing network performance and efficiently utilizing network resources.
Several optimization techniques are discussed above, but the het-
erogeneous nature of wireless networks raises several challenges for
conventional optimization techniques.

Conventional techniques such as optimization, heuristic, and game
theory algorithms require entire or quasi-complete knowledge of wire-
less networks such as real-time channel state information (CSI) and
channel models. Furthermore, conventional techniques are computa-
tionally expensive and require considerable overhead processing time.
Game theory techniques are more suitable approach for a homogeneous
set of players as gathering comprehensive data and unique equilibrium
solutions on heterogeneous players can be difficult and may require
significant resources. However, HetNets creates an extra burden due
to multiple BSs and UEs. Such a huge number of devices creates large
overhead that increases delay, memory, and energy consumption of
network elements.

Apart from conventional techniques, Deep Reinforcement Learning

(DRL) based techniques are used to solve complex network resource
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Table 1
Literature comparison.

Reference Objective Method User association Power allocation QoS constraint Interference

[10] Downlink utility & QoS Multi-agent DRL ✓ × ✓ ×

[6] Energy Efficiency DRL-DPT × Continuous ✓ ×

[7] Throughput Game Theory ✓ Non-cooperative ✓ ✓

[8] QoS Point Hole Process ✓ ✓ ✓ ✓

[9] Sum capacity Q-learning × Distributed ✓ ×

[11] Energy Efficiency DQN ✓ Discrete ✓ ×

[15] Energy Efficiency DRL ✓ Distributed ✓ ×

[16] Data rate DNN × ✓ ✓ ×

[17] Energy Efficiency PDQN ✓ ✓ ✓ ×

[18] Energy Efficiency Actor-Critic RL × Continuous × ×

Proposed work Energy Efficiency Multi-agent PDRL ✓ Continuous ✓ ✓
management and allocation problems while utilizing limited infor-
mation about the network. DRL techniques are model-free and have
the ability to learn through interactions with the network without
knowing the exact channel models or other network statistics [24]. DRL
algorithms can be used as value-based, policy-based, and model-based
algorithms in different action spaces. The focus of most of the research
work is on the DRL algorithm families, and the importance of action
space is neglected.

From an RL point of view, User association and power allocation
comprise discrete action space and continuous action space, respec-
tively. Although much work has been done on the joint solution to these
optimization problems, the approach of prior discretization is used.
In which the continuous action spaces are first quantized to a finite
set of discrete values. Quantifying continuous action spaces to discrete
action spaces in DRL problems is challenging [25]. This discretization
process of action spaces makes the learning process slow and makes
it difficult to learn from past experiences [26]. Also, this quantization
leads to high computational complexity and loss of information (such
as possible power levels in power allocation) due to conversion.

To overcome these challenges, this work proposes a solution to
address the practical and important issue of joint user association
and power allocation using Multi-Agent Deep Q-Networks (MA-DQN)
in a parameterized action space while considering the constraints of
the joint action spaces. The proposed energy-efficient framework also
considers the QoS constraint that provides better energy efficiency and
data rate all over the network. Furthermore, due to the dynamic nature
of wireless networks, reaching the maximum reward in the case of
single-agent DRL is challenging. Therefore, multi-agent DRL is used as
it explicitly prototypes agents and their actions on the network.

This paper makes the following distinct contributions:

• Formulate the joint optimization problem of user association and
power allocation that considers the QoS constraint to enhance
energy efficiency.

• The formulated problem is explored in terms of multi-agent,
where every agent will be evaluated further in terms of their
action spaces, rewards, and penalty.

• A Multi-agent Parameterized Deep Reinforcement Learning (MA-
PDQN) framework is deployed as a solution to hybrid action space
to handle the dense small-cell wireless network heterogeneity and
large dimensions that maximize the reward of agents.

1.3. Organization

The rest of the paper is structured as follows: Section 2 defines
the system model and problem formulation. In Section 3, the proposed
algorithm and its resulting solution are presented. Simulation results
are presented in Section 5, and Section 6 concludes the paper.
3

Fig. 1. System model of MBS-SBS architecture based on 5G.

2. System model and problem formulation

The system model for the proposed joint energy-efficient user asso-
ciation and power allocation optimization problem is shown in Fig. 1.

2.1. System model

A small cell network has been considered consisting of one MBS1

and multiple SBSs as shown in Fig. 1. SBSs are deployed to shift the
traffic from MBS as SBSs consume less power, provide small coverage
and better QoS. The network is composed of 𝑀 MBS, 𝐹 SBS, and 𝑈 UE
with the sets defined below, where 𝐵 is the set containing all MBS and
SBSs.

𝐵 = {𝑏1, 𝑏2,… , 𝑏𝐵},∀𝑀 ∪ 𝐹 ∈ 𝐵,

𝐹 = {𝑓1, 𝑓2,… , 𝑓𝐹 },
𝑈 = {𝑢1, 𝑢2,… , 𝑢𝑈 }.

The MBSs are considered to be equipped with an antenna array of
size 𝑁𝑇 where the total number of sub-channels is denoted by 𝑁𝑠𝑢𝑏.
A fixed bandwidth allocation among each sub-channel for all links is
considered. It is assumed that each UE can associate with only one BS at
a time, and each UE can also access full channel state information (CSI).
The association variable is denoted by 𝑥𝑓,𝑢. The association strategy
between user 𝑢 and SBS 𝑓 is expressed as:

𝑥𝑓,𝑢 =

{

1, if the 𝑢th UE is associated with 𝑓 th BS
0, otherwise

(1)

1 This system model is for single MBS, and can be extended further for
multiple MBSs.
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Considering different BS serving several different UEs, this binary
user association between single BS and multiple UE can be considered
as a cluster, where 𝑋𝑓

𝑢 (𝑡) = 𝑥1𝑢(𝑡), 𝑥
2
𝑢(𝑡),… , 𝑥𝑓𝐹𝑢 (𝑡) where 𝑓 ∈ 𝐹 , 𝑢 ∈

𝑈 . Thus, the cluster consisting of UE 𝑢 under SBS 𝑓 is given by the
following equation, where ℜ and ℑ refer to data rate and sub-channel,
respectively.

𝑥𝑓,𝑢 = 1

{

|ℜ𝑢|,∀𝑢 ∈ 𝑈 no. of UE in cluster 𝑙
|ℑ𝑓 |,∀𝑓 ∈ 𝐹 𝑓 SBS serving 𝑢th UE

(2)

The signal-to-interference-ratio (SINR) at MBS UE (𝑀𝑈𝐸) is ex-
pressed as:

𝛾𝑚,𝑢𝑖 ,𝑐 =
𝑝𝑚𝑖 ,𝑢𝑔𝑚,𝑢𝑖 ,𝑐

∑

𝑗∈𝑀,𝑗≠𝑚 𝑝𝑚𝑗
𝑔𝑚,𝑢𝑖 ,𝑐 + 𝜎2 + 𝐼𝑓𝑖 ,𝑢𝑖 ,𝑐

(3)

Whereas, 𝜎2, 𝑝𝑚 and 𝑔𝑚,𝑢,𝑐 denotes the additive Gaussian noise,
ransmitted power by MBS 𝑚 and channel gain from MBS 𝑚 to user 𝑢
ith sub-channel 𝑐. 𝐼𝑓,𝑢,𝑐 shows the interference due to neighbor SBSs.
𝑓𝑖 is the transmit power and from 𝑖𝑡ℎ SBS. 𝑔𝑓𝑖 ,𝑢𝑖 ,𝑐 is the channel gain
etween 𝑖th SBS and 𝑖 − 𝑡ℎ MUE. Eq. (3) represents the generalized form
f SINR, due to neighboring cell interference, the SINR 𝛾 for (𝑀𝑈𝐸)
nd (𝑆𝑈𝐸) is calculated as:

𝑚,𝑢,𝑐 =
𝑝𝑚𝑖 ,𝑢𝑔𝑚,𝑢𝑖 ,𝑐

∑

𝑗∈𝑀,𝑗≠𝑚 𝑝𝑚𝑗
𝑔𝑚,𝑢𝑖 ,𝑐 +

∑

𝑗∈𝐹 ,𝑗≠0 𝑝𝑓𝑖𝑔𝑓𝑖 ,𝑢𝑖 ,𝑐 + 𝜎2
(4)

𝛾𝑓𝑖 ,𝑢𝑖 ,𝑐 =
𝑝𝑓𝑖𝑔𝑓𝑖 ,𝑢𝑖 ,𝑐

∑𝑀
𝑗∈𝑀,𝑗≠𝑚 𝑝𝑚𝑗

𝑔𝑚,𝑢𝑖 ,𝑐 +
∑

𝑗=1,𝑗≠𝑖,𝑗∈𝐹 𝑝𝑓𝑗 𝑔𝑓𝑗 ,𝑢𝑖 ,𝑐 + 𝜎2
(5)

𝑓 , 𝑔𝑓𝑖 ,𝑢𝑖 ,𝑐 , 𝑝𝑚, and 𝑔𝑚,𝑢𝑖 ,𝑐 is the transmitted power 𝑝 and channel gain
from MBS and SBS respectively. It is assumed that all SBS are aware

f network channel information.
According to Shannon’s capacity formula, considering SBS, UE, and

ub-channel, the achievable rate for the considered network can be
ritten as:

𝑓,𝑢,𝑐 =
𝑊 log2 (1 + 𝛾𝑓,𝑢,𝑐 )

𝑄𝑓
∀𝑓 ∈ 𝐹 (6)

Where 𝑄𝑓 denotes the maximum number of UE connected to the
BS. The user association between the user and BS is considered a
inary variable, where 𝑓 SBS is associated with 𝑢 users. Therefore, the
ransmit power constraint can be written as:
∑

𝑢∈𝑈
𝑥𝑓,𝑢𝑝𝑓,𝑢,𝑐 ≤ 𝑝𝑚𝑎𝑥 (7)

∑

𝑓∈𝐵
𝑥𝑓,𝑢𝑟𝑓,𝑢,𝑐 ≥ 𝑅𝑡 (8)

here 𝑝𝑚𝑎𝑥 is the maximum transmit power of cell 𝐹 and 𝑅𝑡 is the
inimum transmit data rate. Apart from transmission power, circuits,

nd related hardware also contribute to total energy consumption. The
otal power consumption is the sum of average hardware power and
verall power consumption for transmission between user 𝑢 and BS 𝑓 .
he total power consumption of the network is defined as:
𝑇𝑂𝑇𝐴𝐿 = 𝑃 𝐹𝐼𝑋𝐸𝐷 + |𝐹𝐴𝐶𝑇𝐼𝑉 𝐸

|.𝑃𝑓,𝑢 (9)

here the 𝑃 𝐹𝐼𝑋𝐸𝐷 is the operational power that consists of the power
equired to keep that BS active, 𝑃𝑓,𝑢 is the data transmission power, and
𝐹𝐴𝐶𝑇𝐼𝑉 𝐸

| shows the activated or deactivated state of power amplifier
fficiency. The power amplifier efficiency depends on the transmitter
esign [27], defined as |𝐹𝐴𝐶𝑇𝐼𝑉 𝐸

| ∈ [0, 1], and is set to 𝐹𝐴𝐶𝑇𝐼𝑉 𝐸 = 1
or the sake of simplicity. The goal is to maximize the aggregated data
ransmission while improving energy efficiency. Therefore, the total
ower consumption and EE between 𝑢 user and 𝑓 BS in the scenario
onsidered can be written as:

𝑋,𝑃 =
∑

𝑓∈𝐹
𝑃 𝐹𝐼𝑋𝐸𝐷
𝑓 +

∑

𝑓∈𝐹

∑

𝑢∈𝑈

∑

𝑐∈𝐶𝑘

𝑥𝑓,𝑢𝑝𝑓,𝑢,𝑐 (10)

𝐸 = 𝑥𝑓,𝑢
𝑅𝑓,𝑢,𝑐 (11)
4

𝑈𝑋,𝑃
e

2.2. Problem formulation

In order to enhance the energy efficiency of the overall network,
a joint user association and power allocation problem is formulated
below, considering QoS and transmit power constraints.

𝑃 1 ∶ 𝑓 (𝑥, 𝑝) = max
𝑋,𝑃

∑

𝑓∈𝐹

∑

𝑢∈𝑈
𝐸𝐸(𝑋,𝑃 ) (12)

such that:

𝐶1 ∶ 𝑥𝑓,𝑢 ∈ {0, 1}, ∀𝑢 ∈ 𝑈, 𝑓 ∈ 𝐹 (13)

𝐶2 ∶
∑

𝑓∈𝐹
𝑥𝑓,𝑢 = 1, ∀𝑢 ∈ 𝑈 (14)

𝐶3 ∶
∑

𝑢
𝑥𝑓,𝑢𝑝𝑓,𝑢,𝑐 ≤ 𝑝𝑚𝑎𝑥, ∀𝑏 ∈ 𝐵 (15)

𝐶4 ∶
∑

𝑓
𝑥𝑓,𝑢𝑐𝑓,𝑢 ≥ 𝑅𝑡, ∀𝑢 ∈ 𝑈 (16)

𝐶5 ∶
∑

𝑢
𝑥𝑏𝑢 = 𝑄𝑏, 0 ≤ 𝑄𝑏 ≤ 𝑁𝑢 (17)

𝐶6 ∶
∑

𝑢

∑

𝑘∈𝐹 ,𝑘≠𝑓
𝑥𝑓,𝑢𝑝𝑓,𝑢,𝑐𝑔𝑓,𝑢,𝑐 ≤ 𝐼𝑏, ∀𝑓 ∈ 𝐹 (18)

The Eq. (13) refers to the user association constraint, the constraint
n Eq. (14) indicates the user scheduling constraint that each user
an associate with one BS at a time, whereas Eq. (15) defines the
otal power consumption limitation. The QoS constraint is defined
n Eq. (16), and Eq. (17) indicates the number of associated users.
q. (18) indicates the cross-tier interference. Traditionally, such opti-
ization problems are solved by heuristic search algorithms because

f their low complexity nature. However, these algorithms take a
onsiderable amount of time to converge and cannot be implemented in
eal-time scenarios. The power constraint optimization problem relies
n an accurate model due to its model-driven nature. To overcome this
nefficiency, parameterized deep Q-learning for the energy-efficiency
an be applied due to its adaptive decision-control nature that con-
erges to time and network scalability. The non-linear relationship
etween power allocation and QoS results in a non-convex problem.
hereas the combination of user association and finding optimal power

evels leads to a combinatorial problem due to a large number of pos-
ible combinations. Hence, the 𝑃 1 is a non-convex and combinatorial
roblem. It can be written as:

2 ∶ max
𝑋,𝑃

∑

𝑓∈𝐹

∑

𝑢∈𝑈
𝑥𝑓,𝑢

𝑊 log2 (1+𝛾𝑓,𝑢,𝑐 )
𝑄𝑓

∑

𝑓∈𝐹 𝑃 𝐹𝐼𝑋𝐸𝐷
𝑓 +

∑

𝑓∈𝐹
∑

𝑢∈𝑈
∑

𝑐∈𝐶𝑘
𝑥𝑓,𝑢𝑝𝑓,𝑢,𝑐

(19)

uch that:

1 ∶ 𝑥𝑓,𝑢 ∈ {0, 1}, ∀𝑢 ∈ 𝑈, 𝑓 ∈ 𝐹 (20)

2 ∶
∑

𝑓∈𝐹
𝑥𝑓,𝑢 = 1, ∀𝑢 ∈ 𝑈 (21)

3 ∶
∑

𝑢
𝑥𝑓,𝑢𝑝𝑓,𝑢,𝑐 ≤ 𝑝𝑚𝑎𝑥, ∀𝑏 ∈ 𝐵 (22)

4 ∶
∑

𝑓
𝑥𝑓,𝑢𝑐𝑓,𝑢 ≥ 𝑅𝑡, ∀𝑢 ∈ 𝑈 (23)

5 ∶
∑

𝑢
𝑥𝑏𝑢 = 𝑄𝑏, 0 ≤ 𝑄𝑏 ≤ 𝑁𝑢 (24)

6 ∶
∑

𝑢

∑

𝑘∈𝐹 ,𝑘≠𝑓
𝑥𝑓,𝑢𝑝𝑓,𝑢,𝑐𝑔𝑓,𝑢,𝑐 ≤ 𝐼𝑏, ∀𝑓 ∈ 𝐹 (25)

The modified 𝑃 2 Eq. (19) shows the discrete variable 𝑥𝑓,𝑢 and
ontinuous variable 𝑝𝑓,𝑢,𝑐 , which is further targeted as a decomposition
pproach. The energy-efficient joint optimization problem of user asso-
iation and power allocation in their respective action spaces is further

laborated in the subsequent section.
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3. Multi-objective optimization problem formulation

The reinforcement learning algorithm enables network entities to
learn its best policy from trial-and-error, which allows agents to make
optimal decisions [28]. In order to overcome the limitations of RL,
DRL has been introduced that takes advantage of Neural Network
(NN) to train the learning process [29]. One reason to prefer DRL
over traditional optimization methods is that irrespective of dynamic
scenarios and network size, DRL leverages the information through past
optimizations that help the agent to perceive the information from high
dimensional space [29,30].

3.1. Parameterized deep reinforcement learning

Several variations of Q-learning are used for the domain of discrete
action spaces, such as Q-Learning [9], DQN [5], double DQN [31]. Also,
for continuous action spaces, Actor-Critic RL [18] and DDPG [32] are
used. It is possible to discretize the continuous part into a finite number
of discrete sets to deal with both discrete actions and continuous
parameters domain. This leads to increased processing, resulting in
the loss of potential parameters, sub-optimal policy, and requiring too
many samples to learn anything functional. Also, this discretization
of state–action space in joint resource allocation problems leads to
large discretized state–action space due to possible large state–action
combinations. In order to take full advantage of continuous parameters,
a parameterized action space is considered for the joint user association
and power allocation optimization problem. This hybrid action space
also assists in dealing with the slow convergence problem and increased
power consumption.

To model parameterized DRL, a Markov Game is considered with a
parameterized action space consisting of discrete actions and associated
continuous parameters. The Eq. (12) is formulated as Markov game,
having continuous variable 𝑃 while 𝑋 is binary. The Markov game is
represented by a tuple consisting of states, actions, transitioned states,
and reward. For the assumption purposes the action space 𝑎 ∈ 𝐴 is
denoted by 𝑎 = (𝑘, 𝑥𝑘) such that:

𝐴𝐻 = {(𝑘, 𝑥𝑘)|𝑥𝑘 ∈ 𝑋𝑘 for all 1 ≤ 𝑘 ≤ 𝐾} (26)

where, [𝐾] = {1, 2,… , 𝐾} is a discrete action and 𝑥𝑘 ∈ 𝑋𝑘 is the contin-
uous parameter. As the action space for user association is discrete and
power allocation has continuous parameters, the discrete action space
is 𝐴𝑑 = {[𝑥𝑓,𝑢] ∶ 𝑥𝑓,𝑢 ∈ {0, 1},where𝑢 ∈ 𝑈, 𝑓 ∈ 𝐹 } and the continuous
parameter is the power allocation 𝑝𝑢(𝑡).

3.2. Multi-agent deep reinforcement learning formulation

The network control center will control the user association and
assign the transmit power for users in order to improve energy effi-
ciency. The decision depends on the training results that are performed
online. Since several BSs and UEs interact actively in the environment,
the formulation can be described as a Markov Game and represented
as a tuple (𝑆,𝐴,𝑅, 𝑆′), where 𝑆 is defined as the state space, 𝐴 is
action space with possible actions of agents, 𝑅 is the reward function,
and 𝑆′ is the state transition probability from state 𝑠 to state 𝑠′. In
order to solve this optimization problem, we assume each BS is a smart
agent equipped with sufficient computational power. The environment
comprises both association state and power allocation levels, which are
allocated as a result of the agent’s action. The state, action, and reward
functions are defined as follows:

• State: The set of states at the time slot 𝑡 is defined as 𝑆𝑇 (𝑡) =
𝑠1(𝑡), 𝑠2(𝑡),… , 𝑠𝑖(𝑡). The agent interacts with the environment and
observes the state while the agent is still unaware of the infor-
mation on the other agents. The state space represents traffic
load and network conditions. According to the constraint (16)
and multi-agent environment, a threshold level of 𝑅 is defined.
5

𝑡 𝑥
Also, according to the constraint mentioned in Eq. (18), there is
no cross-tier interference. However, it is important to consider
that each user can only select one sub-channel. The state space
from the user association and power allocation perspective while
satisfying the QoS can be defined as: 𝑠𝑖(𝑡) = {𝑅𝑡𝑖 , 𝑋𝑖, 𝑃𝑖} where
𝑠𝑖(𝑡) ∈ 𝑆𝑇 (𝑡).

• Action: The set of actions related to the optimization problem are
user association and power allocation, which according to 𝑡 time
slot, is defined as 𝐴𝑇 (𝑡) = {𝐴𝑥(𝑡), 𝐴𝑝(𝑡)}. Whereas the 𝐴𝑥(𝑡) refers
to the action of user association and 𝐴𝑝(𝑡) refers to power alloca-
tion. The values of matrix 𝑋 defines 𝐴𝑥 = [𝑥(𝑓,𝑢)], such that 𝑥(𝑓,𝑢) ∈
{0, 1},∀𝑓 ∈ 𝐹 , 𝑢 ∈ 𝑈 . Similarly the power allocation is defined as
𝐴𝑝(𝑡) = [𝑎𝑝1(𝑛), 𝑎

𝑝
2(𝑛),… , 𝑎𝑝𝑢(𝑛)] where, 𝐴𝑝 = [𝑝(𝑓,𝑢,𝑐)],∀𝑓 ∈ 𝐹 , 𝑢 ∈

𝑈, and 𝑐 ∈ 𝐶 to map along the state of matrix 𝑋. A multi-agent
environment is considered, which leads to the power allocation
action to distribute transmit power. Hence power function is
defined as:

𝑝𝑖(𝑎𝑝) = 𝑝𝑚𝑖𝑛𝑖 + 𝑎𝑝

𝑚𝑖
(𝑝𝑚𝑎𝑥𝑖 − 𝑃𝑚𝑖𝑛

𝑖 ) (27)

• Reward: The focus is to maximize the EE while satisfying the
QoS of UE, thus the reward function 𝑟(𝑠, 𝑡) is defined as:

𝑟(𝑠, 𝑎) =

{

𝑓 (𝑥, 𝑝), if 𝑅𝑓 ≤ 𝑅𝑚𝑎𝑥
𝑓 ∀𝑓 ∈ 𝐹

0, if 𝑅𝑓 > 𝑅𝑚𝑎𝑥
𝑓 ∀𝑓 ∈ 𝐹

(28)

where 𝑓 (𝑥, 𝑝) ensures the user association, energy efficiency, and QoS
constraint. This reward function maps state–action pair with immediate
reward, which is the value obtained from the reward function for
a particular state. The aim of the agents is to maximize the cumu-
lative reward, and it is the sum of immediate rewards. The agents
achieve cumulative award by selecting actions that lead to long-term
consequences in performance.

In order to describe the relationship between the value of the
current state and transitioned states, the Bellman equation is used.
Bellman equation has the property to describe action value function
without anticipating future rewards and is described as follows:

𝑄̂(𝑠, 𝑎) = 𝑚𝑎𝑥𝜋E[𝑟𝑡 + 𝛿𝑟𝑡+1 + 𝛿2𝑟𝑡+2 +⋯ [𝑠𝑡 = 𝑠, 𝑎𝑡 = 𝑎, 𝜋]] (29)

here 𝛿 is the discount factor and 𝜋 is the policy.
The 𝑠 ∈ 𝑆 and 𝑎 ∈ 𝐴 are possible sets of states and actions

hat are the tuple of environment {𝑆,𝐴,𝑅, 𝑆′} to describe the relation
f an agent with the environment. As a hybrid environment state is
onsidered, in order to map the state 𝑠 and discrete action 𝑎 to its
quivalent parameter, a weight 𝜃 is defined such as 𝑥𝑘(𝑠, 𝜃), which

leads the action as a tuple 𝑎 = (𝑘, 𝑥𝑘) for the policy 𝜋. The policy
𝜋 is defined as 𝜋(𝑠, 𝑎) that depends on the current state 𝑠 such that
∑

𝑎∈𝐴 𝜋(𝑠, 𝑎) = 1. Let the agent observe the state 𝑠 of the environment
at a certain time stamp 𝑡 and take action 𝑎(𝑡) ∈ 𝐴 according to a
policy 𝜋. After observing the environment, the agent takes an action
𝑎, gets a reward 𝑟, and moves from the current state 𝑠 to 𝑠′. This step
of environment interaction leads to a transition experience at time 𝑡
defined as action-value function 𝐸[𝑄(𝑠, 𝑎, 𝑥𝑘(𝑘; 𝜃);𝜔)]. The goal is to
compute an optimal policy 𝜋 to maximize the reward function without
any information on state transition. Hence, the action value-function,
according to Bellman Eq. (29) can be written as:

𝑄𝜋 (𝑠, 𝑎) = 𝑅(𝑠, 𝑎) + 𝛿
∑

𝑠′∈𝑆
𝑃 𝑎
𝑠𝑠
′[
∑

𝑎′∈𝑎
𝜋(𝑠′, 𝑎′)𝑄𝜋 (𝑠′, 𝑎′)] (30)

where 𝛿 is the discount factor, 𝑃 𝑎
𝑠𝑠 is the transition probability from

one state to another following an action. The expected reward for the
transition from state 𝑠 to take action 𝑎 is 𝑅(𝑠, 𝑎) = E[𝑟′|𝑠(𝑡) = 𝑠, 𝑎(𝑡) = 𝑎].

A deterministic function is defined with the weights 𝜃 to map the
iscrete state 𝑘 to continuous parameters 𝑥𝑘.
𝑘 = 𝜇𝑘(𝑠, 𝜃) (31)
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Fig. 2. DQN-based multi-agent system that interacts with the environment to gather
data for training and outputs the Q-value of the action.

An action-value Q-function 𝑄(𝑠, 𝑘, 𝑥𝑘, 𝜔) with value network weight 𝜔
and the hybrid action (Eq. (31)) is defined to map 𝑘 states and hybrid
actions to R. For larger and hybrid action spaces such as the considered
optimization problem, traditional reinforcement learning overlooks the
states and encounters storage scarcity issues. DQN is a feasible choice
here, as it maintains a lookup table and contains a vector 𝜃 for param-
eters, DQN can be expressed as 𝑄(𝑠, 𝑎, 𝜃). For a balanced multi-agent
PDQN, ‘‘quasi-static target network’’ and ‘‘experience replay’’ networks
are adopted [33]. Two DQNs are combined as a target network and
training network with parameters 𝑄(𝑠, 𝑎, 𝜃) and 𝑄(𝑠, 𝑎, 𝜃̄), respectively.
A replay buffer 𝐷 is implemented to train DQN for a random mini-
batch. The loss function to train PDQN for actor-parameter and actor
can be obtained by:

𝐿𝑥(𝜃) = − 1
𝑁

𝑁
∑

𝑖=1
𝑄(𝑠𝑖, 𝑘𝑖, 𝑥𝑘𝑖 (𝑠𝑖, 𝜃);𝜔) (32)

𝐿𝑄(𝜔) = − 1
𝑁

𝑁
∑

𝑖=1
(𝑂̄ −𝑄(𝑠𝑖, 𝑘𝑖, 𝑥𝑘𝑖 (𝑠𝑖, 𝜃);𝜔))

2 (33)

The target DQN is used to replace the output of trained DQN, and the
target output of PDQN is:

𝑂̄ = 𝑟 + 𝛿𝑚𝑎𝑥𝑄(𝑠′, 𝑘′, 𝑥′𝑘(𝑠
′; 𝜃̄);𝜔) (34)

𝑁 is the size of the mini-batch, 𝜃 and 𝜔 are the weights for the replay
buffer.

4. Multi-agent parameterized deep reinforcement learning solu-
tion for user association and power allocation

Multi-agent PDQN is an enhanced version of single-agent PDQN
which facilitates multiple agents to learn their optimal policies in
parallel while interacting with the environment as shown in Fig. 2.
In order to learn and implement the global policy, the agents can be
deployed in both cooperative and non-cooperative manner [34]. For
MA-PDQN, each agent adopts the same setting as PDQN and learns a
policy based on its local observation on the basis of its Q-function.

The training and testing pseudo-code of the proposed MA-PDQN-
based algorithm for user association and power allocation to achieve
energy-efficient operation is shown in Algorithm 1 and Algorithm 2.
6
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Algorithm 1: Pseudo code: MA-PDQN based testing phase algorithm
for user association and power allocation
Initialize: The environment, initial states for each agent, and
Q-network weights for each agent on the basis of training networks
weights
for (episode = 1 to number of episodes) do

Assign Initial state for each agent
Set loop=0
while 𝑙𝑜𝑜𝑝 ≠ 0 do

for each agent do
Get Q-values for all 𝐴𝑥 and 𝐴𝑝

Choose an 𝑎 using 𝜖 greedy
Execute the 𝑎: user association and power allocation
Observe 𝑠′ and 𝑟
Update 𝑠 for each agent

if any agent reaches a terminal state then
Set loop=1

Algorithm 2: Pseudo code: MA-PDQN based training phase algorithm
for user association and power allocation
Initialize: the DNN (3 layer neural network)
for each agent do

Initialize: Learning rate (𝛼𝑑 , 𝛼𝑐 ), mini-batch size 𝑁 , replay
memory 𝐷, exploration parameter 𝜖, probability distribution 𝜉
Initialize: Random weights 𝜃, 𝜔, enable 𝜃̄ = 𝜃, and number of
training episodes

for episode = 1 to number of episodes do
Initialize: Environment and initial states for each agent
Set loop=0
while loop =0 do

for each agent do
Choose an 𝑎 using 𝜖 greedy
Execute the action (user association and power allocation)
in the environment
Observe the 𝑠′, 𝑟, and equation (23)
Calculate equation (9) on the basis of action
if equation (23) and equation (22) is not satisfied then

Set a negative reward to penalize the action
Calculate equation (11)
Calculate 𝑟 w.r.t 𝐸𝐸
Store the experience (𝑠, 𝑎, 𝑟, 𝑠′) in replay memory 𝐷
if 𝐷 ≠ 𝑓𝑢𝑙𝑙 then

Sample a batch of experiences from 𝐷
Update weights for parameterized DQN

Update the 𝑠 for each agent
if any 𝑎 reaches a terminal state then

loop = 1

if update episode of target Q-network = 0 then
Update the target network with same weights

Update the trained Q function weights for each agent

. Performance evaluation

.1. Simulation setup

The MA-PDQN algorithm is simulated for a two-tier small cell
etwork, with one MBS along 100 antennas, ten SBSs, and fifty UE,
s shown in Fig. 3.

The MBS has a coverage area of 500 m, with UEs and SBSs randomly
istributed under its coverage area. The area is divided into clusters
hat are under the coverage of SBS. The channels are considered to be
low Rayleigh fading channels, therefore no change occurs during the
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Fig. 3. Network layout with one MBS, ten SBSs and fifty UEs.

Table 2
Simulation parameters.

Parameters Values

Number of MBS 1
Number of SBS 10
Number of UE 50
Number of channels 10
Transmit power of MBS 46 dBm
Transmit power of SBS 30 dBm
Transmit power of UE 23 dBm
Path loss model for MBS 34 + 46 log(d)
Path loss model for SBS 37 + 30 log(d)
Noise power −174 dBm/Hz
Radius of MBS 500 m
Radius of FBS 100 m

DQN Parameters

Episodes 200
Observe steps 200
Mini-batch size 5
Learning rate 0.01
Hidden layers (N1,𝑁2 , 𝑁3) 64, 64, 32
Discount rate 0.7
Replay memory (D) 500
Maximum 𝜖 0.9
Minimum 𝜖 greedy increment 0.003
Optimizer RMSProp
Activation function ReLu

transfer of a block of data. The maximum transmission power of MBS
and SBS is considered 46 dBm and 30 dBm, respectively. The path loss
factor for MBS and SBS is:

𝑀𝐵𝑆 = 34 + 46 log(𝑑) (35)

𝑆𝐵𝑆 = 37 + 30 log(𝑑) (36)

Where 𝑑 is the distance between UE and BS in 𝑚. In addition to these
parameters, other simulation parameters are mentioned in Table 2.

In order to evaluate the proposed algorithm for joint resource allo-
cation for improved energy efficiency, Python and TensorFlow are used
7

Fig. 4. Energy efficiency v.s different learning rates.

for implementation purposes. The DQN used consists of one input layer,
three hidden layers, and one output layer. The hidden layer consists
of 64, 32, and 32 neurons, respectively. The sub-channel allocation
satisfies the constraint mentioned in Section 2.2. The preference is to
use every neuron for learning purposes independent of the size of initial
activation values. A truncated distributed function is used instead of
a probability distribution function to avoid saturation, as saturation
occurs in neural network when activation values are too big or small.

The threshold level is set to 0.1, but the discount factor can be
chosen randomly and is considered to be best if between 0 and 1.
The discount factor was set to 0.7 because if the discount factor is
considerably small the agent will only focus on the immediate reward.
The initial weights are set as 0.43 and 0.15. In order to increase
the learning rate and speed up the converging speed, the RMSProp
optimizer is used with an adaptive learning rate.

To evaluate the performance of the proposed algorithm, we bench-
marked the results with four algorithms which are WMMSE, Game
theory-based joint user association and power allocation algorithm,
Q-learning, and DRL-based power allocation.

5.2. Simulation results

The proposed algorithm is studied with different configurable hyper-
parameters. The results shown in Fig. 4 show the learning process of
DNN on the basis of different learning rates 𝛼 with an increase in
episodes. The training steps are large at the initial stages. However,
the convergence speed increases with episodes as the model starts to
adapt based on the experience. The learning rate 𝛼 = 0.01 and 𝛼 = 0.001
have faster convergence as compared to 𝛼 = 0.1, which makes 0.001
comparatively less stable. The increased convergence speed is because
low 𝛼 may result in local optimum and may cause the process to get
stuck, whereas a high learning rate may result in a quick sub-optimal
solution (unstable training process). The energy efficiency is also better
for the learning rates 0.1 and 0.01. Thus, for the real-time practical
execution of the proposed algorithm, the learning rate is set to 0.1.

The mean square error (MSE) of the network model at different
learning rates with 200 epochs are shown in Fig. 5. MSE is given by the
loss function equation. The network model is designed with three hid-
den layers and runs with different learning rates 𝛼 ∈ {0.1, 0.01, 0.001}.
The low values of MSE results shown in Fig. 5 suggest that the learning
rate 𝛼 = 0.1 should be the optimal choice. High values of loss indicate
poor model performance. Further, the different values of discount
factors 𝛿 are studied to select the value on the basis of its performance.
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Fig. 5. The Mean Square Error for different learning rates.

Fig. 6. Effect of discount factors on energy efficiency.

Fig. 6 shows the performance over the training phase of the pro-
posed algorithm for 𝛿 ∈ {0.1, 0.3, 0.7, 0.9}. The 𝛿 = 0.1 has the higher
value of EE as compared to other values of discount factors, whereas
𝛿 = 0.9 has the lowest value. Lower discount factor values tend to focus
more on the reward rather than learning. After the training phase, the
trained model is further tested on the network with similar discount
values.

Fig. 7 shows the importance of the discount factor on the agent’s
learning. The considered discount factors 𝛿 ∈ {0.1, 0.3, 0.7, 0.9} are
studied again for energy efficiency scores for the proposed technique
considering the network scalability. The trained DQN is studied for
the 4 different SBSs networks. It is visible that the maximum discount
factor value 𝛿 = 0.9 achieves minimum EE values, and the minimum
𝛿 values achieve the highest levels of energy efficiency because of the
agent’s myopic behavior at low discount factors. The selection of the
discount factor is a random process that should be between 0 and 1.
However, due to the dependency on the agent’s learning, the value
should be considered carefully as it improves the learning outcome.
In our scenario, the enhancement in energy efficiency is important,
but the focus is on the learning of the agent, and for the required
correlation between the agent’s actions and future reward, the discount
factor of 𝛿 = 0.7 is considered. It is observed that the lower values
of the discount factor are not required as it focuses on the immediate
energy efficiency reward rather than learning from the changes. On
the contrary, a higher discount factor value decelerates the DQN’s
8

Fig. 7. Energy efficiency v.s network scalability for different discount factor values.

Fig. 8. Proof of convergence.

response. Hence, a moderate discount factor is desirable that adapts
to the network conditions and contributes to the required objectives.

The performance of the proposed MA-PDQN is further studied
in terms of energy efficiency and convergence point with increasing
episodes. The EE of the proposed algorithm is comparatively much
higher than conventional DRL and Q learning algorithms. As shown
in Fig. 8, in the start, graphs show the instability of algorithms because
of their learning process, as agents are making decisions randomly.
MA-PDQN outperforms DRL and Q-learning, as at approximately 153
episodes, the system became more stable. For the case of DRL, the sys-
tem is more stable as compared to Q-learning, but episode 164 showed
change, suggesting that the system has more space for improvement.

In Fig. 9, the energy efficiency is investigated along with four other
algorithms i.e., WMMSE, Game theory, DRL, and Q-learning. Initially,
the EE is not better with less number of BS, but as the SBS increases,
EE starts improving gradually. This is because an increase of SBSs leads
to less load on individual BSs. The results are calculated on the basis
of 𝐹 = 10. The EE of the machine learning algorithms is much better
than the WMMSE and game theory, according to our proposed scenario.
DRL-based power allocation scenario allocates power on discrete levels
and shows better results as compared to Q-learning. However, when
the action space increases with the increase in the number of UEs and
SBSs, the performance of DRL starts showing a linear behavior because
of a sudden increase of action spaces that is difficult to handle. In the
presented scenario, the proposed MA-PDQN shows better results with
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Fig. 9. Energy efficiency with different number of small base stations.

Fig. 10. Energy efficiency with a different number of user equipment.

an increase in action and state space, as power allocation is not limited
to discrete levels like other DRL algorithms. Also, in the case of Q-
learning, the maximum power is allocated for transmission. Using the
maximum transmission power for minimum transmission distance re-
sults in loss and eventually in degradation of energy efficiency. Hence,
while designing a network, the number of SBSs should be considered
appropriately.

Fig. 10 shows the results of energy efficiency with an increase
in the number of UEs while 𝐹 = 10. Initially, the improvement in
EE is much better with less number of UE, but as the UE increases,
EE starts decreasing at a gradual speed. This is because the increase
of UEs leads to more load on SBSs. As compared to other reference
algorithms, our proposed algorithm performs much better in terms of
energy efficiency even with the increasing UEs. This is because of joint
user association and power allocation strategy, which deals with both
allocations on their respective different action spaces. Also, the multi-
agent properties of the proposed algorithm optimize the allocation
strategy, and with little information transfer, the load balance and
interference management among SBSs is achieved. Practically, the users
can vary in number according to the scenario, and the dense network
can affect the behavior of the algorithm and result in energy and
sum rate degradation. The behavior of the average sum rate with UE
9

Fig. 11. Average Sum Rate v.s number of user equipment.

Fig. 12. Sum capacity of network with number of SBSs.

density is studied in Fig. 11. To show the effect of UE density on the
average sum rate, 50 UEs are considered. The plotted result shows the
degradation in the average sum rate with the increase in UE. However,
the proposed algorithm has observed linear behavior in sum rate drop
as compared to other benchmarked techniques. A slight increase in
capacity is also observed with an increase in the number of SBSs,
compared to other techniques, as shown in Fig. 12. Initially, the sum
rate capacity was less with the three deployed BSs. However with the
increase in number of SBSs, the sum capacity increases as a result of
properly distributing traffic more evenly.

5.3. Complexity

The MA-PDQN employs a neural network to train the agents in a
model-free framework, whereas the time complexity of the DNN can
be represented in Floating-point Operations (FLOPs) [35]. According
to [35] for each layer of two-sided matching, the FLOPs are represented
as:

𝐹𝐿𝑂𝑃𝑠 = 2𝑙𝑖𝐴𝑖 = 𝑂(𝐵𝑆!2𝐴∕𝐵)

where, 𝑙 is the input dimensions for the 𝑖th layer and 𝑂 is the output
layer for the 𝑖th layer. In our case, the neural network is employed for
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training the RL. Hence, the training complexity is given by [35]:

𝛺 = 𝑂(𝑒 × 𝑡(𝑆 × 𝑛 × 𝑙𝑖 × 𝐴))

where 𝑒 is the number of episodes of training, 𝑡 is the iterations, 𝑆 is
the input layer size, 𝐴 is the output layer size, and 𝑙 is the hidden layer,
which is three in our scenario. Hence time complexity for the single-
agent RL that employs the NN architecture with three hidden layers
will be:

𝛺 = 𝑂(𝑒 × 𝑡(𝑆 × 𝑛 × 𝑙1 + 𝑛 × 𝑙2 + 𝑛 × 𝑙3 × 𝐴))

Hence, in our proposed scenario, time complexity with multi-agent and
three hidden layers DQN is represented as:

𝛺 = 𝑂(𝑒 × 𝑡((𝑁 × (𝑆 + 𝐴) × 𝑛 × 𝑙1 + 𝑛 × 𝑙2 + 𝑛 × 𝑙3)))

ence, the training complexity will be 𝑂(𝑁𝛺) for multi-agent PDQN.

. Conclusion

This paper studied a joint user association and power allocation
ramework in a small-cell-based wireless network using MA-PDQN.
he formulated wireless network improves energy efficiency while
onsidering the maximum transit power, association, and QoS con-
traint. To jointly optimize the user association and power allocation, a
arameterized action space has been formulated to update the system
or optimal hybrid actions. The proposed MA-PDQN is implemented
n a centralized manner for the coordination among agents achieved
hrough information exchange among agents to implement a global
trategy. The MA-PDQN has been implemented as a model-free frame-
ork, such that the framework does not have any dependency on the
umber of UE and BSs and does not require re-training for the new
odel. The simulation results show improved results of our proposed
A-PDQN is 33% as compared to DRL. The convergence speed shows

hat the proposed algorithm has better energy efficiency. In addition,
he proposed method resulted in better performance on energy effi-
iency in terms of the number of users, SBSs, and different learning
ates. This research can help practitioners improve resource utilization
nd address the critical concern regarding energy-efficient practical
ireless network deployments. The proposed solution possesses the
otential for future expansion across multiple user associations, uplink
onsiderations, seamless integration of renewable energy sources, and
nnovative energy harvesting techniques.
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Table A.3
Symbols definitions.

Symbol Definition

𝐵 Set of all base stations
𝐹 Set of all SBSs
𝑈 Set of all UEs
𝑁𝑇 Antenna array size
𝑁𝑠𝑢𝑏 Total number of sub-channels
𝑥𝑓,𝑢 User association
𝛾 SINR
𝑝 Transmission power
𝑔 Channel gain
𝑅 Sum rate
𝑄𝑓 Maximum number of associated users
𝐸𝐸 Energy efficiency
𝛿 Discount factor
𝜋 Policy
𝑝𝑢(𝑡) Power allocation
𝐴𝐻 Hybrid action space
𝑠 State
𝑎 Action
𝑟 Reward
𝑠′ State transition
𝜃 weight in actor-parameter
𝜔 Weight in actor-network
𝐷 Replay buffer
𝛼 Learning rate
𝑁 mini-batch size
𝜖 Exploration parameter
𝜉 Probability distribution
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sensing, drones, odour sensing/tracking, tele-haptics, teler-
obotic, materials sensing, assistive technology for limited
vision and hearing impaired, and AR&VR.
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