
Article

Not peer-reviewed version

Energy Efficient Power Allocation

in Massive MIMO based on

Parameterized Deep DQN

Shruti Sharma 

*

 and Wonsik Yoon 

*

Posted Date: 3 October 2023

doi: 10.20944/preprints202310.0066.v1

Keywords: Convergence; multi-agent; reinforcement learning; reward; user association

Preprints.org is a free multidiscipline platform providing preprint service that

is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons

Attribution License which permits unrestricted use, distribution, and reproduction in any

medium, provided the original work is properly cited.

https://sciprofiles.com/profile/2177686
https://sciprofiles.com/profile/101788


 

Article 
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Based on Parameterized Deep DQN 
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* Correspondence: shruti@ajou.ac.kr and wsyoon@ajou.ac.kr 

Abstract: Machine learning offers advanced tools for efficient management of radio resources in 

modern wireless networks. In this study, we leverage a multi-agent deep reinforcement learning 

(DRL) approach, specifically the Parameterized Deep Q-Network (DQN), to address the challenging 

problem of power allocation and user association in massive multiple-input multiple-output (M-

MIMO) communication networks. Our approach tackles a multi-objective optimization problem 

aiming to maximize network utility while meeting stringent quality of service requirements in M-

MIMO networks. To address the non-convex and nonlinear nature of this problem, we introduce a 

novel multi-agent DQN framework. This framework defines a large action space, state space, and 

reward functions, enabling us to learn a near-optimal policy. Simulation results demonstrate the 

superiority of our Parameterized Deep DQN (PD-DQN) approach when compared to traditional 

DQN and RL methods. Specifically, we show that our approach outperforms traditional DQN 

methods in terms of convergence speed and final performance. Additionally, our approach shows 

72.2 % and 108.5 % improvement over DQN methods and RL method respectively in handling large-

scale multi-agent problems in M-MIMO networks. 

Keywords: convergence; multi-agent; reinforcement learning; reward; user association 

 

1. Introduction 

With the increasing demand for mobile communications and Internet of Things technologies, 

wireless networks are facing increased data traffic and resource management issues owing to the 

rapid growth of wireless applications. Fifth-generation cellular networks have gained considerable 

attention for achieving spectrum efficiency and storage capacity. Massive multiple-input multiple-

output (M-MIMO) networks are a reliable option to overcome data storage and capacity issues to 

satisfy diverse user requirements. The main concept in M-MIMO technology is to equip the base 

stations (BSs) with a large number (i.e., 100 or more) of wireless antennas to simultaneously serve 

numerous users, enabling significant improvement in spectrum efficiency [1–2].  

The presence of a huge number of antennas in M-MIMO, data multiplexing and management 

would make MIMO transceiver optimization more challenging compared to single-antenna 

networks. The multi-objective nature of M-MIMO transceivers have resulted in various optimization 

strategies being performed in the past, including user association [3], power allocation [4], and user 

scheduling [5]. A joint user association and the resource allocation problem was investigated in [7, 

8]. Given the non-convex multiple objective function in the M-MIMO problem, achieving the Pareto 

optimal solution set in multi-objective environment becomes more challenging. Recently proposed 

methods to solve multi-objective problems include approaches based on linear programming [9], 

game-theory [10], and Markov approximation [11, 12]. Success of these methods requires complete 

knowledge of the system, which is rarely available. 

Thus, emerging machine learning (ML) is an efficient tool to solve such complex multi-objective 

problems. In this ML field, Reinforcement Learning (RL) is the most appropriate branch to solve a 

non-convex problem. In RL-based optimization methods, three major elements (i.e., agents, reward, 

and action) of the proposed solution enable the self-learning abilities from the environment.  

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
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The Q-learning algorithm is one of the widely used RL methods because it requires a minimum 

computation. It can be expressed by single equations and, does not need to know the state transition 

probability The RL agents maximize the long-term rewards over the current optimal reward function 

[13-14] using a Q-learning algorithm [14–16]. The agents are free to change their actions 

independently in a single-agent RL method, leading to a fluctuation in the overall action space, as 

well as action and rewards of the different agents in the process [16]. Q-learning methods have been 

used for power and resource allocation in heterogeneous and cellular networks [17]. However, it may 

be considerably difficult to handle such large state and action spaces in M-MIMO systems using Q-

learning methods. To handle these issues of RL methods, deep reinforcement learning (DRL) 

methods are coupled with deep learning and RL to enhance the performance of RL for large scale 

scenario problems. Nowadays, DRL methods [18] are promising to handle these complicated 

objective functions. DRL methods have already been applied to several tasks, such as resource 

allocation, fog radio access networks, dynamic channel, access, and mobile computing [19-21].  

In DRL, deep Q-network (DQN) method is mostly employed to train the agents to achieve an 

optimal scheme from a large state and action space. In [23], Rahimi et al. gave an algorithm of DQN 

which was based on deep neural networks and has been previously used in past literature data. In 

[23], Zhao et al. used the DRL method for the efficient management of user association and resource 

allocation for maximizing the network utility and maintains the quality of service (QoS) 

requirements. In [25-27], the authors proposed a DQN algorithm to allocate power using a multi-

agent DRL method. Recent advancements DRL, particularly techniques like Deep Q-Networks 

(DQN), have opened up new avenues for addressing resource allocation challenges in wireless 

networks. However, when it comes to applying DQN to solve the combined problem of power 

allocation and user association, a critical step involves converting the continuous action space for 

power allocation into a discrete action space. This quantization process can potentially result in 

suboptimal power allocation decisions, limiting the overall performance. Additionally, the 

complexity of DQN grows significantly as the dimension of the action space increases. This 

exponential complexity can lead to high power consumption and slow convergence rates, which are 

highly undesirable in practical applications. To address these challenges, our paper introduces the 

use of Parameterized Deep Q-Network (PD-DQN) techniques which deal with parameterized state 

spaces. However, it falls short in terms of estimation capabilities and tends to produce sub-optimal 

policies due to its tendency to overestimate Q-values [28]. PD-DQN is well-suited for solving 

problems involving hybrid action spaces, making it a more efficient choice for the joint power 

allocation and user association problem, which uses discrete and continuous action space [25]. This 

hybrid approach is designed to address the challenges posed by a mixed discrete-continuous action 

space. 

In this study, we introduced a novel approach PD-DQN algorithm [25]. The main contributions 

of this paper are listed in the following: 

� This paper proposes a user association and power allocation problem with objective of 

maximizing EE in a massive MIMO network. 

� To solve the power allocation problems, the action space, the state space, and the reward 

function have been considered. We apply the model-free DQN framework and PD-DQN to 

update policies in action space. We also employ the novel PD-DQN framework that is able to 

updating policies in a hybrid discrete-continuous action space. 

� The simulation results show that the proposed user association and power allocation method 

based on PD-DQN perform better than DRL and RL method.  

2. System Model 

In this study, we considered single cell massive MIMO network which consists of N remote radio 

heads (RRHs) and single antenna users. Here, RRHs are connected to a baseband unit via backhaul 

connections. Each RRH is equipped with 𝑀௠௔௫ antennas. There are U single-antenna users served 

by N RRHs together operating in the same time frequency domain. It is assumed that 𝑀௠௔௫  > U. In 
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this network, we associate each user with a single RRH [7]. The set of users is denoted by U. Figure 1 

shows the network architecture based on a DRL. 

 

Figure 1. System Model based on DRL. 

It is assumed that the channel between the uth users and the nth RRH is given by 𝒉𝒏,𝒖 = ඥ𝜷𝒏,𝒖 𝐠𝒏,𝒖 (1)

where 𝜷𝒏,𝒖   signifies the large-scale fading coefficient, and  𝐠𝒏,𝒖 signifies the small-scale fading 

coefficient. 𝐠𝒏,𝒖 is also known as Rayleigh fading and the elements are independent and identically 

distributed (i.i.d) random variables having zero mean and unit variance[8]. 

The received signal of the uth user on the nth RRH can be given by [7] 𝒀𝒏,𝒖 = ඥ𝒑𝒖𝐡𝒏,𝒖 𝐰𝒏,𝒖 𝒔𝒏,𝒖 + ∑ ඥ𝒑𝒋𝐡𝒏,𝒖𝐰𝒏,𝒖 𝒔𝒏,𝒋𝑼𝒋ୀ𝟏,𝒋ஷ𝒖 + 𝐳𝒏,𝒖  (2)

where 𝒑𝒖 is power transmitted through uth user,  𝒔𝒏,𝒖is the  𝑵𝒓  ൈ 𝟏 data symbol of the uth user on 

the nth RRH, 𝐰𝒏,𝒖 is the 𝑵𝒕  ൈ  𝑵𝒓 beamforming vector of the uth user on the nth RRH which is given 

by 𝐰𝒏,𝒖 = 𝐡𝒏,𝒖 ට𝔼 ቄฮ𝐡መ 𝒏,𝒖ฮ𝟐ቅ൙ and 𝐡𝒏,𝒖 is the channel matrix of the uth user on the nth RRH. 𝐳𝒏,𝒖 is the 

noise vector of independent identically distributed (i.i.d.) additive complex Gaussian noise having 

zero mean and variance of 𝝈. 

Without loss of generality, we set   

 

2.1. Power consumption 

We considered the downlink phase for power consumption. The overall 𝑷𝒄  is expressed as the 

sum of the transmit power and fixed power consumption of the RRHs and base units denoted as 𝑷𝑭𝑰𝑿  and the power consumed by the components of the active antennas [5]. The total  𝑷𝒄 can then 

be given by  𝑷𝒄 =  𝑷𝑭𝒊𝒙 + 𝑷𝒂 ∑ 𝑴𝒏𝑵𝒏ୀ𝟏 + ∑ ∑ 𝟏𝝂𝑼𝒖ୀ𝟏𝑵𝒏ୀ𝟏 𝑷𝒏,𝒖  (3)

where 𝑷𝒂 denotes power assumed for active antenna and 𝝂 power amplifier efficiency, 𝝂 ∈ (𝟎, 𝟏). 
3. Problem formulation 

, , , , , ,I, 0, ( ), 0H H H

m u m u m u m j m u m us s s s k j sΕ = Ε = ≠ Ε =          n
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According to the system model, the ergodic achievable rate of the uth user is given by[10]  𝑹𝒏,𝒖 = 𝐥𝐨𝐠𝟐൫𝟏 + 𝚪𝒖,𝒏൯ (4)

where 𝚪𝒖,𝒏 is signal-to-interference-plus-noise ratio of uth and nth RRH and given by   𝑹𝒏,𝒖 = 𝑴𝒏𝒑𝒏𝜞𝒏,𝒖∑ ∑ 𝒑𝒋,𝒒𝜷𝒋,𝒖ା𝝈𝟐𝑼𝒒స𝟏𝑵𝒋స𝟏   (5)

To deal with the above problem, the association between uth users and nth RRH is given by 

𝒙𝒏,𝒖 = ቐ𝟏, 𝒖 ∈ 𝑳𝒍𝟎, 𝒖 ∈ 𝑼𝑳𝒍 𝒍 = 𝟏, . . . 𝑳 (6)

The system energy efficiency (EE) can be expressed as 𝐦𝐚𝐱
X,P

  𝜼 = ∑ 𝑹𝒖𝑼𝒖స𝟏𝑷𝑭𝑰𝑿ା𝒑𝒂 ∑ 𝑴𝒏𝑵𝒏స𝟏 ା∑ ∑ 𝟏𝒗𝑼𝒖స𝟏𝑵𝒏స𝟏 𝒑𝒏,𝒖  (7)

The optimization problem maximizing the system EE can be formulated as 

P1:        𝐦𝐚𝐱 𝑿,𝑷 𝜼 = ∑ 𝑹𝒖(𝑿,𝑷)𝑼𝒖స𝟏𝑷𝒄(𝑿,𝑷) , (8)

s.t     C1:   𝟎 <  𝑷𝒖,𝒎 ≤  𝑷𝒖𝐦𝐚𝐱  

C2:   𝒂𝒖,𝒎 ∈ ሼ𝟎, 𝟏ሽ 

C3:   ∑ 𝒂𝒖,𝒎𝒎 = 𝟏 

C4: 𝑹𝒖 ≥ 𝑹min 

In the above problem, C1 denotes that the transmitted power consumption is smaller than the 

transmit power limit of each RRH. Constraints C2 and C3 indicate that one user can only be associated 

with one RRH. C4 maintains the QoS requirement of each user and signifies the lower limit of the 

required transmit rate of users. Problem (8) is NP-hard and is usually difficult to find a feasible 

solution [22]. Therefore, a multi-agent DRL approach was used to solve this problem, as described in 

the next section. 

4. Multi-Agent DRL Optimization Scheme 

The problem P1 is a non-convex problem where user association as well as power allocation 

approaches are involved. To solve this tractable problem, a multi-agent DQN-based RL technique 

was applied. The major component of the RL approach is based on the Markov decision-making 

process (MDP), which is a new proposed reward function, prior to the application of the multi-agent 

DQN approach. 

4.1. Overview of RL method 

In this section, we present the overview of RL. In RL the aim is to find optimal policy. The 

problem P1 is converted into a MDP (s, a, r, 𝑷𝒔𝒔𝒏𝒆𝒘) similar to the existing work [26-27], where s, a, 

and r represent the set of state, set of action, and reward functions, respectively. 𝑷𝒔𝒔𝒏𝒆𝒘  is the 

transition probability from state s to 𝒔𝒏𝒆𝒘 with reward r. In the DRL, these state variables are defined 

as follows: 

State space: In problem P1, the users as agents select the BSs for communication at time t. The 

network consists of U agents. The state space can be expressed as   𝒔(𝒕) = ሼ𝒔𝟏(𝒕), 𝒔𝟐(𝒕), . . . 𝒔𝒖(𝒕), . . . , 𝒔𝑼(𝒕)ሽ (9)
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Action space: At time t, the action of the agent is to control the transmit power level between the 

user association and BS. The action space consisting of each user can be defined as 𝒂(𝒕) = ሼ𝒂𝟏(𝒕), 𝒂𝟐(𝒕), . . 𝒂𝒔𝒖(𝒕), . . . , 𝒂𝑼(𝒕)ሽ (10)

Reward function: The energy efficiency of all users can be expressed as a system reward function 𝒓(𝒕) = ∑ 𝒓𝒖(𝒕) =𝑼𝒖 ∑ 𝜼𝒖(𝒕)𝑼𝒖ୀ𝟏   (11)

where is 𝒓(𝒕)  the reward function, which is maximized to achieve the optimal policy with 

interaction with the outer environment.  

Therefore, within the RL framework, the problem P1 can be transformed into problem P2, as 

follows: 

P1:  max
X,P,M

 𝒓𝒏 (12)

where X represents the user association matrix and P denotes the power allocation vector. The agent 

identifies its state s(t) at time t and follows a policy 𝝅 to perform an action a(t)    that is, 𝒂(𝒕) =𝝅(𝒔(𝒕))  . Following this, the users communicate with the BSs and the reward function becomes 𝒓(𝒕) = 𝒓(𝒕|𝒔 = 𝒔(𝒕), 𝒂 = 𝒂(𝒕)). Therefore, the future cumulative discounted reward at time t can be 

given by  𝑹(𝒕) = ∑ 𝜸𝝉ି𝒕𝒓(𝝉)𝑻𝝉ୀ𝒕   (13)

where 𝜸 ∈ [0, 1] denotes the discount factor for the upcoming rewards. To solve the P2, a value 

function for policy 𝝅𝒖 is defined as   𝑽𝒖𝝅𝒖 = 𝜠ሾ∑ 𝜸𝝉ି𝒕𝒓𝒖(𝝉)𝑻𝝉ୀ𝒕 |𝒔𝒖𝝉 , 𝒂𝒖(𝝉)ሿ  (14)

where E[·] denotes the expectation operator. By Markov property, the value function is defined as  𝑽𝒖𝝅𝒖 = 𝒓(𝒔𝒖𝝉 , 𝝅𝒖) + 𝜸 ∑ 𝑷𝒔𝒔𝒏𝒆𝒘𝒔𝒏𝒆𝒘∈𝑺 (𝝅𝒖)𝑽𝒖𝝅𝒖(𝒔𝒖𝝉𝒏𝒆𝒘)  (15)

The Q-function when performing action 𝒂𝒖(𝝉)  in state 𝒔𝒖𝝉  with policy 𝝅𝒖  can be expressed 

as [24], that is, 𝑸𝝅(𝒔𝝉, 𝒂(𝝉)) = 𝜠ሾ𝑹(𝝉)|𝒔𝝉, 𝒂(𝝉)ሿ (16)

The optimal Q-value function satisfies the Bellman equation [29-30] derived as 𝑸𝝅∗(𝒔𝝉, 𝒂(𝝉)) = 𝒓(𝒔𝝉, 𝒂(𝝉)) + 𝜸 ∑ 𝑷𝒔𝒔ᇱ𝒂(𝝉)𝒔ᇱ∈𝑺 𝑽𝝅∗(𝒔𝝉ᇱ)  (17)

Accordingly, the Bellman optimality equation (17) [24], 𝑽𝒖𝝅𝒖∗ (𝒔𝒖𝝉𝒏𝒆𝒘)  can be obtained as 𝑽𝒖𝝅𝒖∗ (𝒔𝒖𝝉𝒏𝒆𝒘) = 𝒎𝒂𝒙𝒂ᇱ𝒖 𝑸𝝅𝒖∗ ൫𝒔𝒖𝝉𝒏𝒆𝒘 , 𝒂𝒖𝝉𝒏𝒆𝒘(𝝉)൯ (18)

Adding Eq (17) and (18), we get 𝑸𝝅∗(𝒔𝝉, 𝒂(𝝉)) = 𝒓(𝒔𝝉, 𝒂(𝝉)) + 𝜸 ∑ 𝑷𝒔𝒔ᇱ𝒂(𝝉)𝒔ᇱ∈𝑺 𝒎𝒂𝒙𝒂ᇱ𝒖 𝑸𝝅𝒖∗ ൫𝒔𝒖𝝉𝒏𝒆𝒘 , 𝒂𝒖𝝉𝒏𝒆𝒘(𝝉)൯  (19)

The update of the Q-value function is given by [14] as   𝑸𝝅∗(𝒔𝝉, 𝒂(𝝉)) = (𝟏 − 𝜶)𝑸𝝅(𝒔𝝉, 𝒂(𝝉)) + 𝜶ሾ𝒓(𝒔𝝉, 𝒂(𝝉))ሿ + 𝜸𝒎𝒂𝒙𝒂ᇱ 𝑸𝝅ᇱ(𝒔𝝉, 𝒂′(𝝉′)) (20)

where 𝜶 is learning rate scaled between 0 and 1 and updating speed of 𝑸𝝅𝒖(𝒔𝒖𝝉 , 𝒂𝒖(𝝉)) The RL 

algorithm shows good performance if size of states is small. In case of high dimensional state space, 

classical RL approaches fail to perform. Some states are not sampled because of the high dimensional 

state space and require several restrictions. First, the convergence rate might become slow and 

storage of lookup table becomes impractical. Thus, the use of the DRL method was explored to solve 

the problem with the large space.   
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4.2. Multi-agent DQN frameworks 

In contrast to the classical Q-learning approach, the author in [ 23 ] proposed the DQN method 

which was basically DRL method. This DQN method relies on two components, e.g., replay memory 

and target network. The agent stores transitions ൫𝒔𝒖𝝉 , 𝒂𝒖(𝝉), 𝒓𝒖(𝝉), 𝒔𝒖𝝉𝒏𝒆𝒘൯in a replay memory D. Then 

extract this transition from memory D by using random sampling to compute Q-value function. The 

agent uses the memory D in a part of mini-batch to train the Q-network and then a gradient descent 

method is applied to update the weight parameter 𝜽 of behavior network. 𝝅𝒖 = 𝐦𝐚𝐱 𝑸𝝅𝒖∗ (𝒔𝒖𝝉 , 𝒂𝒖𝒏𝒆𝒘(𝝉))𝒂ᇱ  (21)

In the DQN method, the types of networks are included, that is, DQN sets the 𝜽target target 

networks. The learning model calculates the target value𝒚𝒋with a weight parameter𝜽targetfor a certain 

time t, which can mitigate the volatility of the learning scheme. During the learning process, after 

several iterations H the weight parameter θ is synchronized with the target network 𝜽 → 𝜽target. The 

agent utilizes a greedy random policy means that the agent randomly selects an action 𝒂𝒖(𝝉) 

parameter 𝜽 for the behavior network. Consequently, 𝒂(𝝉) value and 𝜽 are updated iteratively 

using the minimum loss function [31]: 𝑳(𝜽) = ∑ൣ𝒚𝒋 − 𝑸𝝅𝒖(𝒔𝒖, 𝒂𝒖; 𝜽)൧,  (22)

where 𝒚𝒋 = 𝒓𝒋 + 𝜸 𝒎𝒂𝒙𝒂𝒖𝒏𝒆𝒘(𝒋)𝑸𝝅𝒖(𝒔𝒖𝒋𝒏𝒆𝒘 , 𝒂𝒖𝒏𝒆𝒘(𝒋); 𝜽target) 

The proposed DQN algorithm for user association and power allocation is shown in Algorithm 

1. 

Algorithm 1. DQN based for user association and power allocation algorithm 

1. Initialize Q(s, a) = 0; learning rate α, target network and replay memory D. 

2. Set the weight ,discount factor   

3.  for each training episode do 

4.      Initialize state s 

5.      Choose a random number  

6.      if 𝒙 < 𝜺 then  

7.         Choose action randomly; 

8.       else 

9.        Select action 𝒂𝒖(𝝉) = 𝒎𝒂𝒙𝒂𝒏𝒆𝒘 (𝒔𝒖𝝉 , 𝒂𝒖𝒏𝒆𝒘(𝝉); 𝜽) 

10.      end if  

11.      Execute action 𝒂𝒖(𝝉) and next state 𝒔𝒖𝝉𝒏𝒆𝒘
 

12.      Calculate energy efficiency using Eq. (13). 

13.      Store transition 𝒔𝒖𝝉 , 𝒂𝒖(𝝉), 𝒓𝒖(𝝉), 𝒔𝒖𝝉𝒏𝒆𝒘
in D 

14.       If the replay memory is full then 

15.       Random sampling a mini-batch from D 

16.       Perform gradient descent on 𝒚𝒋 − 𝑸𝝅𝒖(𝒔𝒖, 𝒂𝒖; 𝜽)𝟐 w.r.t. parameter 𝜽 

17.       end if 

18. Update target network 

19. End for 

4.3. Parameterized Deep Q-Network Algorithm 

The combined user association and power allocation procedure in a hybrid action space can be 

solved via parameterization, but it still has generalization problems. In order to solve this problem, 

we used the epsilon greedy exploration method, which enables the DQN to explore a wide variety of 

states and actions and improves generalization. In a hybrid action space, the Q-value is recast as 𝑸(𝒔, 𝒂) = 𝑸(𝒂, 𝜷, 𝝌)  where 𝜷  denotes a discrete action and 𝝌  denotes a continuous action. The 

reward is defined as parameterized double DQN with replay buffer EE. Whether UE is associated 
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with BS or not, the user association will only have the two discrete values 𝜷 = 0 and 1. On the other 

hand, 𝝌 is a matrix that represents various levels of power distribution. PD-DQN for user association 

and power allocation algorithm is presented in Algorithm 2. 

Algorithm 2. PD-DQN for user association and power allocation algorithm 

1. Initialize primary and target Deep Q-Networks (DQN) with random 

weights. 

2. Set up a Mini-batch and a Replay Buffer for experience storage. 

3. For each episode: 

Generate an initial state (s_i) by selecting a random action. 

4. Inside each episode loop: 

While the episode is ongoing: 

Choose an action based on an epsilon-greedy policy. 

If a random number is less than epsilon: 

Select a discrete action from a predefined set (𝜷). 

Otherwise: 

Estimate Q-values for discrete actions using the primary Q-network 

and choose the highest. 

If a random number is less than epsilon: 

Choose a continuous action from a predefined set (𝝌). 

Otherwise: 

Estimate Q-values for continuous actions using the primary Q-network 

and choose the highest. 

Execute the selected action in the environment following an epsilon-

greedy policy.              . 

5. After each episode loop, sample a minibatch of experiences from the replay 

buffer. 

6. For each experience in the minibatch: 

Calculate the target Q-value using the target network. 

If the episode is ongoing, compute the target Q-value for the next 

state. 

If the episode is done, compute the target Q-value with the reward. 

Calculate the predicted Q-value for the current state. 

Determine the difference between predicted and target Q-values and 

update the primary Q-network accordingly. 

Update the current state, target network weights. 

7. Update the environment with user associations and power allocations. 

8. Repeat the process for the next episode if needed. 

9. End 

5. Simulation Result 

In this section, the results of the simulation with the DRL algorithms are presented. We 

considered a distributed M-MIMO with three RRHs equipped with 300 antennas in the cell with 

diameter of 2000 m. We consider K= 20 randomly distributed users within the cell. The PC of each 

RRH is set to 10000 mW. 

The power consumed by component of active antennas is 200 mW, and the power ampli fier 

efficiency, ν is 0.25. We assumed a transmission bandwidth of 10 MHz [7]. The other parameters are 

given in Table 1. We consider the Hata-COST231 propagation model [8]. The large-scale-fading β in 

eq (1) borrowed from literature [8] which is given by 𝟏𝟎 𝒍𝒐𝒈𝟏𝟎൫𝜷𝒏,𝒖൯ = 𝑷𝑳𝒏,𝒖 + 𝜴 where PL is path 

loss and Ω  represents standard deviation. Here, dn,u is the distance between uth users and nth RRH. 
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Table 1. Simulation parameters. 

Parameter Values 

Standard Deviation 8 dB 

Path loss model PL PL=−140.6−35log10(d) 

Episodes 500 

Steps T 500 

Discount rate γ 0.9 

Mini-batch size b 8 

Learning Rate 0.01 

Replay Memory size D 5000 

Figure 2 shows the energy efficiency of the proposed DRL algorithm and RL algorithm. Figure 

2 gives two observations indicate that the EE achieved by the DRL method outperforms the RL 

methods. As the number of episodes increases up to 50, the system EE increases and tends to converge 

after 250 episodes for both schemes. Additionally, the learning speed of the Q-learning method is 

lower than that of the multi-agent DQN algorithm. For the Q-learning method, there is a slight 

improvement in the system EE at episode 120, whereas in DRL approach, the system EE tends to be 

stable at episode 257. The EE is unstable at the beginning as seen in the DRL scheme, and the stability 

increases as the episodes increase, and thereafter increases slowly. This is because the agent selects 

actions in a random manner and stores the transition information in D.  

 

Figure 2. Convergence of energy efficiency values. 

Figures 3 shows the EE versus the number of user fix M= 20. From the figure we can see that, the 

EE generally first increases with K from 5 to 45 and then decreases flatten. This is due to the fact that 

when scheduling more users, more RRHs are activated to serve users creating more interference 

noise. Furthermore, proposed DRL algorithm performs superior to QL. 
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Figure 3. EE versus Number of user. 

Figure 4 compares the EE performance at different discounted factors, γ = {0.1, 0.5, and 0.8}. It 

can be observed that a lower discount factor results in higher EE through different discount factors. 

Figure 4 illustrates that the PD-DQN methods optimize the user association and power allocation. 

Moreover, when the number of epochs increases, the EE performance of each user is better at a 

different discount factor.  

 

Figure 4. EE versus Number of users. 

From the figure, we can observe that PDQN consistently outperforms both DQN and RL in terms 

of energy efficiency. The EE values achieved by PDQN show a steady increase, starting from 1.5 and 

reaching 5.25, indicating significant improvement. DQN and RL also exhibit improvements, but their 

EE values remain below that of PDQN. In terms of percentage improvement, PDQN surpasses DQN 

by an average of around 35%, while PDQN outperforms RL by approximately 40%. Additionally, 

DQN exhibits a slight advantage over RL, with an average improvement of about 5%.  
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Figure 5. EE versus number of antennas. 

5. Conclusion 

In this paper, we have studied the user association and power allocation problem in a massive 

MIMO based on PD-DQN framework. The numerical results indicate that the PD-DQN approach 

performs better than the DQN and classical Q-learning scheme. The main motivation of this paper is 

to study resource allocation scheme in M-MIMO. In addition, for the simulation results in this study, 

we considered DQN approach to tackle the problem of user association and power allocation in M-

MIMO. The aforedescribed optimization problem was formulated to maximize the EE in the 

downlink network, and the convergence of the multi-agent DRL (DQN) algorithm was studied. 

Furthermore, convergence analyses confirmed that the proposed methods perform better in terms of 

EE than the RL method. The convergence rate indicates that the proposed algorithm excels in terms 

of energy efficiency. Furthermore, additional simulation outcomes demonstrate superior energy 

efficiency across varying user counts, number of antennas, and diverse learning rates. The 

enhancement of the proposed PD-DQN on average may reach 72.2% and 108.5 % over the traditional 

DQN and RL respectively. 
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