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Abstract. This paper considers the power control problem in device-to-device
(D2D) communication underlaying a cellular network and explores the appli-
cation of the machine learning (ML) approach in power control for improving
the system throughput. Two multi-agent reinforcement learning (MARL) based
algorithms are proposed for performing power control of D2D users (DUs):
centralized Q-learning algorithm and distributed Q-learning algorithm. In the
centralized algorithm, all DU pairs sharing the same RB use a common Q table
in the learning process, while in the distributed algorithm each DU pair main-
tains its own Q table. Simulation results show that both the centralized algorithm
and the distributed algorithm can converge to the same optimum Q values, and
the distributed algorithm can converge faster than the centralized algorithm.
Moreover, both the proposed Q-learning algorithms outperform the random
power control algorithm in terms of the system throughput and satisfaction ratio.
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1 Introduction

D2D communication has widely been considered as one of the promising technologies
for 5G mobile cellular networks and beyond. In device-to-device (D2D) communica-
tion, a couple of closely located mobile devices are allowed to build direct connection,
and communicate directly with each other with no need to pass through a base station
(BS). As a result, D2D communication can effectively offload BS’ traffic load, increase
spectral efficiency and system throughput, reduce data transmission latency, and extend
device battery lifetime [1]. To increase spectral efficiency, D2D users are usually
allowed to share the spectrum resources of cellular users for communication. However,
reusing spectrum resources would lead to severe interference between D2D users and
cellular users. To achieve good system performance, it is critical to effectively mitigate
such interference through efficient resource management, including spectrum allocation
and power control. In the context of power control, extensive work has been conducted
to study the power control problem in D2D communication [2–5]. However, most
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existing work uses traditional approaches in solving the problem. With recent advances
in artificial intelligence (AI), the machine learning (ML) approach is receiving an
increasing attention in the area of wireless communication. Even so, the study on the
application of the ML approach in resource management for D2D communication is
still limited. It is interesting to further explore the advanced ML approach in resource
management for improving the performance of D2D communication, which motivated
us to conduct this work.

In this paper, we consider the power control problem in D2D communication
underlaying a cellular network and explore the application of the ML approach in
solving the problem. Two multi-agent reinforcement learning (MARL) based power
control algorithms are proposed for D2D communication: centralized Q-learning
algorithm and distributed Q-learning algorithm. In the centralized algorithm, all D2D
user (DU) pairs sharing the same resource block (RB) use a common Q table in the
learning process, which makes the time and space complexity for calculating the value
of the Q table exponentially increase as the number of DU pairs grows. To solve the
problem, the distributed algorithm allows each DU pair to maintain a Q table of its
own, which can dramatically reduce the time and space complexity for calculating the
value of the Q table. Simulation results are shown to evaluate the performance of the
proposed MARL-based power control algorithms in terms of the system throughput
and satisfaction ratio.

The rest of this paper is organized as follows. Section 2 reviews recent related
work. Section 3 describes the system model and formulates the power control problem.
Section 4 presents the proposed power control algorithms. Section 5 shows simulation
results to evaluate the performance of the proposed algorithms. Section 6 concludes
this paper.

2 Related Work

The power control problem has been widely studied for D2D communication under-
laying cellular networks in the literature [2–5]. In [2], Lee et al. proposed two cen-
tralized and distributed power control schemes for a D2D communication system. The
former sets a limit on the interference of D2D users to ensure the cellular users to work
with sufficient coverage probability; the latter uses an optimal on-off power control
strategy, which maximizes the throughput of the D2D links. In [3], Ren et al. con-
sidered a vehicle-to-vehicle (V2V) communication system supported by a D2D
underlaying cellular system (D2D-V), and introduced a power control framework based
on convex function programming to achieve the optimal performance in terms of the
system sum rate. In [4], Silva and Fodor proposed a binary power control
(BPC) scheme for D2D communications. An objective function is introduced con-
sidering the power consumption for BPC, and a sub-optimal BPC solution is obtained
to D2D power control problem. In [5], Sun et al. proposed a novel power control
scheme based on stochastic channel-state information (CSI), and employed the
opportunistic access control to reduce the interference caused by D2D communication
and maximize the area energy efficiency, which overcomes the difficulty to acquire
real-time CSI.
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Recent advances in the ML technology have attracted much interest in using ML in
D2D power control and several ML-based power control algorithms have already been
proposed in the literature [6–8]. In [6], two centralized and distributed Q-learning
algorithms were proposed for a single-cell cellular system with D2D users sharing the
same resource blocks. In the proposed algorithms, all the D2D users were treated as
different agents and the goal of the algorithms is to select the optimal D2D transmission
power to maximize the system throughput by maintaining a two-state Q table. In [7], a
cooperative reinforcement learning algorithm was proposed for the adaptive power
allocation problem. The state action reward state action (SARSA), one of the on-policy
reinforcement learning algorithms, was used to simulate the power control decision
process of each D2D agent. The learning process is similar to that in [6], while the
system model and state information in SARSA are more sophisticated. In [8], a Q-
learning based power control algorithm was proposed for a single cell with a single
cellular user. However, the system model is not realistic and the components of Q-
learning were not well designed.

3 System Model and Problem Formulation

In this section, we first describe the system model and then formulate the power control
problem in D2D communication considered in this paper.

3.1 System Model

We consider a single-cell cellular system consisting of one base station (BS), a set of
M cellular users (CUs), and N D2D user (DU) pairs. The set of M CUs is denoted by C
= {C1, C2, …, CM} and the set of N DU pairs is denoted by D = {D1, D2, …, DN}.
Here, a DU pair consists of the transmitter (Tx) of one DU and the receiver (Rx) of
another DU, which communicate with each other without passing through the BS. The
system has K orthogonal resource blocks (RBs), which are denoted by B = {B1, B2, …,
BK}. We assume that the DU pairs work in an underlay mode and are allowed to share
the uplink spectrum resources (i.e., RBs) of CUs. Each CU occupies one RB which can
be shared by multiple DU pairs, and one DU pair can only occupy one RB. The BS is
able to obtain the CSI of both CUs and DU pairs. Moreover, we assume that the
transmission power of each CU is fixed to pc and that of each DU is adjustable.
Each DU can select a transmission power level from a set of values, which is denoted
by P = {p1, p2, …, pL}.

Considering that each DU pair is allowed to share the uplink RBs of CUs, there
exist three types of interference in the system, which are illustrated in Fig. 1:

(1) I1: the interference from the transmitter Tx of a DU pair to the BS;
(2) I2: the interference from a CU to the receiver Rx of a DU pair, where the CU and

the DU pair share the same RB;
(3) I3: the interference from the transmitter Tx of one DU pair to the receiver Rx of

another DU pair, where the two DU pairs share the same RB.
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3.2 Problem Formulation

In this paper, we focus on the power control problem in D2D communication in the
single-cell cellular system described in Fig. 1. For simplicity, we assume that the RB
allocation is fixed. Specifically, we assume that M = K. Each CU is allocated a different
RB and each DU pair is randomly allocated one RB.

Before we formulate the power control problem, we first analyze the signal to
interference plus noise ratio (SINR) at a CU and at the receiver of a DU, respectively.
For a CU that occupies the rth RB, the SINR at the CU is given by

SINCr
Ci
¼ prCi

� Gr
Ci

r2 þ P
Dj2Dr

prDj
� Gr

Dj

; i ¼ 1; 2; . . .;M; j ¼ 1; 2; . . .;N ð1Þ

where Ci denotes the ith CU, Dj denotes the jth DU pair;Dr denotes the set of DU pairs
that share the rth RB; prCi

and prDj
denote the transmission power of Ci and Dj which

share the rth RB, respectively; Gr
Ci

and Gr
Dj

denote the channel gains on the rth RB

from the BS to Ci and Dj, respectively;r2 is the noise variance.
Similarly, for a DU pair that shares the rth RB, the SINR at the receiver of the DU

pair is given by

SINCr
Dj

¼
prDj

� Gr
DjDj

r2 þ prCi
� Gr

CiDj
þ P

Dk 2 Dr

k 6¼ j

prDk
� Gr

DkDj

; ð2Þ

where Gr
DjDj

, Gr
CiDj

, and Gr
DkDj

denote the channel gain on the link from the transmitter

of Dj to the receiver of Dj, the channel gain from Ci to the receiver of Dj, and the
channel gain from the transmitter of Dk to the receiver of Dj, respectively.

Fig. 1. System model
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Next we formulate the power control problem. Given a set of available power levels
P = {p1, p2, …, pL} and RB allocation for CUs and DU pairs, the power control
problem under consideration is to find a set of optimal power levels P�

D =
fp�D1

; p�D2
; � � � ; p�DN

g for all the DU pairs so that the overall system throughput is
maximized, i.e.,

Objective : max
XK
r¼1

flog2ð1þ SINRr
Ci
Þþ

X
Dj2Dr

log2ð1þ SINRr
Dj
Þg ð3Þ

subject to SINRr
Ci
� s0; ð4Þ

p1 � prDj
� pL; 8 j; r ð5Þ

where s0 denotes the minimum SINR requirement of a CU, constraint (4) ensures the
SINR requirement of each CU, and constraint (5) ensures that the transmission power
of each DU is limited to the range [p1, pL].

In the next section, we will present two MARL-based power control algorithms to
solve the above power control problem.

4 MARL-Based Power Control Algorithm

In this section, we first introduce the concepts of reinforcement learning and then
present two MARL-based power control algorithms: centralized Q-learning and dis-
tributed Q-learning.

4.1 Reinforcement Learning

Reinforcement learning is an important branch of machine learning. A standard RL
problem can be represented by a tuple (S, A, T , R), where S denotes a set of states;
A denotes a set of actions that can be selected by an agent; T denotes a set of
transition probabilities from one state to another, and R denotes the reward function.
A standard RL process is illustrated in Fig. 2.

In a standard RL process, an agent interacts with the environment in a sequence of
episodes, which are denoted by t = 0, 1, 2, … There are three steps in each episode. In
step (1), the agent receives the current state St and reward Rt. In step (2), it takes the
action At. In step (3), the environment transfers to another state St+1, and gives a new
reward Rt + 1. The agent starts learning from an initial state S0, and continues the
episodes until the learning process converges.

In the above learning process, the agent selects its action in each episode according
to a policy p, which is given by

ptðajsÞ ¼ PðAt ¼ ajSt ¼ sÞ; a 2 A; s 2 S; ð6Þ
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where P(At = a| St = s) is the probability of selecting action a at state s. By selecting
different actions and updating the current policy in each episode, the agent is able to
make a better decision and reaches the optimal policy p* after a number of episodes.

To find an optimum policy, we introduce a value function VpðsÞ to determine the
value of a state s under a given policy p, which is defined as the expectation of the
discounted sum of the rewards in future episodes, i.e.,

VpðsÞ ¼ Epð
X1
i¼1

gi�1Rtþ ijSt ¼ sÞ; ð7Þ

where Epð�Þ denotes the expected value of a random variable given that the agent
follows the policy p, η is the discount rate, and Rt + i is the reward in the (t + i)th
episode. The discounted sum of rewards in future episodes reflects an important feature
of RL: delayed reward, i.e., the action selected by each agent relies on not only the
immediate reward, but also all the rewards in subsequent episodes. The value function
represents how good it is to perform a given action in a given state, and thus can be
used to evaluate the effectiveness of the policy. A higher value of VpðsÞ means a better
policy for the agent. A policy is called an optimal policy if the corresponding value
function is higher than any other value functions.

Q learning is a typical form of reinforcement learning. Like all other RL algorithms,
Q learning needs no prior knowledge about the environment. In Q learning, an agent
learns how to behave based on the previous experience, which is traced by a Q
function. The Q function is used to determine the value of an action a under a given
state s and is defined as

Qtðs; aÞ ¼ Epð
X1
i¼1

gi�1Rtþ ijSt ¼ s;At ¼ aÞ: ð8Þ

A Q function is represented by a two-dimensional table, in which each row rep-
resents a state of the environment, and each column represents an action of the agent.

Fig. 2. Standard reinforcement learning process
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The learning process starts from an initial state S0., and the initial Q table is usually set
to all-zero. At each episode, assuming the current state is St = s, the agent needs to
select the best action At = a according to the policy. After performing a, the agent
receives a reward Rt + 1, and the environment transfers to the next state St + 1. It can be
proved by induction that Q learning is able to converge to the optimal values if all the
states can be visited infinitely as the learning process proceeds [9].

As assumed in Sect. 3.2, the RB allocation for CUs and DU pairs is fixed. Thus, the
power control for the DU pairs on different RBs is independent. For this reason, the
power control problem under consideration can be viewed as K independent power
control sub-problems on K RBs. For a particular RB, all the DUs sharing the RB should
select a proper power level from P = {p1, p2,…, pL} to reach the maximum throughput
on this RB. To use Q learning to solve the problem, each DU pair can be considered as
an individual agent. In this way, it becomes a multi-agent Q-learning problem. In the
next two sections, we will present a centralized Q-learning algorithm and a distributed
Q-learning algorithm to solve the problem.

4.2 Centralized Q-learning Algorithm for D2D Power Control

In this section, we present the proposed centralized Q-learning algorithm for D2D
power control.

A. Component Definitions
We first define the basic components in the centralized Q-learning algorithm: agent,
state, action, and reward. In the centralized Q-learning algorithm, an agent is defined as
a DU pair in the cellular system. Thus, there are N agents in the whole system. An
action of an agent is defined as the action that a DU pair takes to select a power level
p from P = {p1, p2, …, pL}. The joint actions for all DUs sharing a particular RB
constitute a vector. A reward in the centralized Q-learning algorithm is defined as the
conditional overall throughput of an RB in the cellular system. The value of a reward is
determined using the following reward function:

R ¼
log2ð1þ SINRr

Ci
Þþ P

Dj2Dr
log2ð1þ SINRr

Dj
Þ; SINRr

Ci
� s0

�1 otherwise

(
: ð9Þ

According to Eq. (9), if the SINR requirement of Ci cannot be satisfied, i.e.,
SINRr

Ci
\s0, the reward is set to −1 as a penalty term, which ensures the priority of Ci.

In a standard Q-learning algorithm, an agent needs to transfer between different
states by selecting different actions, which usually takes a large number of episodes to
converge. Furthermore, it is difficult to define the states in the Q-learning algorithm that
matches the physical states in the single-cell cellular system [10]. According to [10],
we use a single-state Q table in the centralized Q-learning algorithm and the state
formulation is not needed.

B. Algorithm Description
The centralized Q-learning algorithm is an algorithm that is executed at the BS for
performing power control for DU pairs. Unlike that in [6], it uses a single state Q table
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in the learning process instead of a two-state Q table. In the learning process, the Q
table for the rth RB is first set to all zeros. In each episode, all DU pairs on the rth RB
select different power levels simultaneously, receive a reward, and update the Q table.
The learning process continues until the Q table converges to the optimal values.

In each episode, an action is selected based on an e-greedy strategy, which is
described as follows:

• Select a random action with a probability e;
• Select an action according to the maximum Q value of the current state with a

probability (1 – e).

Here, e is the threshold of the probability, which decays with the number of
episodes as

e ¼ emin þðemax � eminÞ � expð�h � tÞ; ð10Þ

where emax and emin denote the upper limit and the lower limit of e; h is a decay rate
within [0, 1]; t is the index of the current episode. At the beginning of learning, e is set
to a value close to 1. Thus, the agent is likely to select a random action that it has not
selected before to find more new states of the environment. As the learning process
continues, the value of e decreases accordingly, and thus the agent relies more on the
learned policy. The e-greedy strategy helps an agent explore more states and actions at
the beginning of the learning process so that the convergence of Q learning can be
ensured [9]. After an action is selected, the Q table is updated based on the following
function:

Qr
tþ 1ðs; aÞ ¼ Qr

t ðs; aÞþ a½rtþ 1 þ cmax
a02A

Qr
t ðs0; a0Þ � Qr

t ðs; aÞ�; ð11Þ

where Qr
tþ 1ðs; aÞ denotes the Q table in the (t + 1)th episode Qr

tþ 1ðs; aÞ; a is the
learning rate ranging from 0 to 1, which decides how much the reward contributes in
the update of the Q value; c is the discount factor which varies from 0 to 1. The higher
the value, the more the DU pairs rely on the future rewards than the current reward.
According to Eq. (11), Qr

tþ 1ðs; aÞ depends on the current Q value Qr
t ðs; aÞ, the reward

for taking the action a under the state s, and the maximum future reward given the new
state s0 and all possible actions a0 2 A under s0

The pseudo codes of the centralized Q-learning algorithm for D2D power control
are given in Algorithm 1.
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4.3 Distributed Q-learning Algorithm for D2D Power Control

In the centralized Q-learning algorithm, all DUs on the same RB update a common Q
table with the size of 1 � Ln, where L is the number of available power levels, and n is
the number of DU pairs on the RB. As the number of D2D pairs grows, the complexity
increases exponentially and it is intractable to compute the value of the Q table. To
solve this problem, we propose a distributed Q-learning algorithm, in which each agent
maintains and updates its own Q table with the size of 1 � L. This can dramatically
reduce the time and space complexity for calculating the value of the Q table.

The definitions of the agent, state, action and reward in the distributed Q-learning
algorithm are the same as those in the centralized Q-learning algorithm. It is worth
noting that in [6], the throughput of a DU pair is used as the reward, excluding the
throughput of CUs and other DU pairs sharing the same RB. However, according to
[9], the optimal Q value can be obtained only if the reward function remains the same
as that in the centralized Q-learning algorithm. Thus, we keep the same reward function
as that in Eq. (9). The update function for the distributed Q-learning algorithm [11] is
given by
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Qj
tþ 1ðs; aÞ ¼ maxfQj

t ðs; aÞ; rtþ 1 þ cmax
a02A

Qj
t ðs0; a0Þg; ð12Þ

where Qj
t ðs; aÞ denotes the Q value for Dj in the tth episode.

An important problem with the distributed Q-learning algorithm is the coordination
between different agents during the learning process. Since each agent selects its own
action independently and the change of the action will in turn affect the throughput of
other agents, it is not possible for all the agents to select their actions simultaneously.
To deal with this problem, a simple heuristic method is used for scheduling the update
of the Q tables. Specifically, for the rth RB, the DU pairs update their Q tables by turns
in one episode. After all the DU pairs on the rth RB have updated their Q tables, the
next episode starts with the first agent until all the Q tables converge to the same
optimal value. It can be proved that the optimal Q values for the distributed Q-learning
algorithm and the centralized Q-learning algorithm are equal [9].

The pseudo codes of the distributed Q-learning algorithm for D2D power control is
given in Algorithm 2.
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5 Simulation Results

In this section, we evaluate the performance of the proposed centralized and distributed
Q-learning algorithms through simulation results. The simulation experiments were
conducted on a simulator developed using python. We consider a single cell cellular
system where the CUs and DU pairs are uniformly distributed. The parameters used in
the simulation experiment are listed in Table 1.

In the performance evaluation, we compare the proposed centralized and distributed
Q-learning algorithms with a random allocation algorithm. The random algorithm
randomly selects a power level from P for each DU pair. Moreover, we use the system
throughput and satisfaction ratio as the performance metrics. The system throughput is
defined as the throughput of all CUs and DU pairs in the system. The satisfaction ratio
is defined as the number of CUs whose SINR requirements are satisfied over the total
number of CUs in the system.

Figure 3 compares the convergence of the optimal Q values with the centralized Q-
learning algorithm and the distributed Q-learning algorithm under M = 1, N = 5,
respectively. It can be observed that both the centralized algorithm and the distributed
algorithm converge to the same Q value, which conforms to the conclusion in [9].
Meanwhile, it takes more episodes for the centralized algorithm to converge than for
the distributed algorithm. This is because the centralized algorithm uses a larger Q table
than the distributed algorithm.

According to Fig. 3, the centralized Q-learning algorithm and the distributed Q-
learning algorithm converge to the same optimal Q value. Thus, the optimal power
levels of the DU pairs with the two algorithms are equal, which results in the equal
system throughput and satisfaction ratios. Therefore, we will only show the simulation
results with the distributed Q-learning algorithm in the following figures.

Table 1. Simulation parameters

Parameter Value

M 20
N 10–100
K 20
L 5
Cell radius 500 m
p1, p2, p3, p4, p5 {1, 6.5, 12, 17.5, 23}dBm
pc 24 dBm
Noise power −116 dBm/Hz
Resource block bandwidth 180 kHz
Gain model between user and BS 15.3 + 37.6lg(d(km)) dB
Gain model between two users 128 + 40lg(d(km)) dB
Learning rate a 0.9
Discount factor c 0.9
s0 6 dB

A Multi-agent Reinforcement Learning Based Power Control Algorithm 87



Figure 4 shows the system throughput with the distributed Q-learning algorithm
and a random algorithm, respectively. It is observed that the system throughput
increases as the number of DU pairs increases. On the other hand, the system
throughput with the distributed algorithm is larger than that with the random algorithm.

Figure 5 shows the satisfaction ratios of CUs with the distributed Q-learning
algorithm and the random algorithm, respectively. It can be observed that the satis-
faction ratio with the distributed algorithm is larger than that with the random algo-
rithm. Moreover, as the number of DU pairs increases, the distributed algorithm can
keep relatively stable at a higher value (>=0.9), while the satisfaction ratio with the
random algorithm decreases dramatically.

Fig. 3. Comparison of the convergence with the two algorithms (M = 1, N = 5)

Fig. 4. System throughput with the distributed Q-learning algorithm
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6 Conclusions

In this paper, we considered the power control problem in D2D communication
underlaying a cellular network and proposed two MARL-based algorithms for per-
forming power control of D2D users: centralized Q-learning algorithm and distributed
Q-learning algorithm. In the centralized algorithm, all D2D user (DU) pairs sharing the
same RB use a common Q table in the learning process, while in the distributed
algorithm each DU pair maintains its own Q table. Simulation results show that both
the centralized algorithm and the distributed algorithm can converge to the same Q
value, and the distributed algorithm can converge faster than the centralized algorithm.
Moreover, both the proposed Q-learning algorithms outperform the random power
control algorithm in terms of the system throughput and satisfaction ratio. In future
work, we will explore to use the ML approach in joint spectrum allocation and power
control for D2D communication underlaying cellular networks.
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