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Abstract. This paper studies the spectrum allocation and power control (SA-
PC) problem in device-to-device (D2D) communication underlaying a cellular
network. A distributed multi-agent reinforcement learning (MARL) based joint
SA-PC algorithm is proposed for performing spectrum allocation and power
control for each D2D user in the network. The proposed algorithm uses Q
learning, a typical form of reinforcement learning (RL), to select the optimal
resource block (RB) and power level for each D2D user. In the Q-learning
algorithm, each D2D user is treated as an individual agent and maintains a
single-state Q table. Each agent selects an RB and a power level according to its
Q table in the learning process. Simulation results show that the proposed
Q-learning based joint SA-PC algorithm can achieve good throughput
performance.
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1 Introduction

Device to device (D2D) communication is one of the promising technologies for future
mobile cellular networks. In D2D communication, two mobile devices directly com-
municate with each other without traversing a base station (BS), which can effectively
improve spectral efficiency, increase the system throughput, and reduce the data
transmission latency of a network [1]. Usually, D2D communication works in an
underlay mode in which D2D users share the spectrum resources of cellular users.
While this can effectively improve the network performance, it would on the other hand
cause severe interference between D2D users and cellular users. Accordingly, the
mitigation of such interference becomes a critical issue in D2D communication. An
effective way to address this issue is through efficient resource management, including
spectrum allocation and power control. In this context, extensive work has been con-
ducted and a variety of spectrum allocation and/or power control algorithms have been
proposed using traditional approaches [2—8]. With recent advances in artificial intel-
ligence (AI), machine learning (ML) is arousing a widespread interest from the
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community of wireless communication. Considerable work has been conducted in
applying this advanced approach to wireless communication in general and D2D
communication in particular. But even so, relevant work on resource management for
D2D communication is still limited. It is interesting to further explore the application of
the advanced ML approach in spectrum allocation and power control for improving the
performance of D2D communication, which motivated us to conduct this work.

In this paper, we study the spectrum allocation and power control (SA-PC) problem
in D2D communication underlaying a cellular network using the ML approach.
A distributed multi-agent reinforcement learning (MARL) based joint SA-PC algorithm
is proposed for performing spectrum allocation and power control for each D2D user in
the network. Specifically, the proposed algorithm uses Q learning, a typical form of
reinforcement learning (RL), to select the optimal resource block (RB) and power level
for each D2D user. In the algorithm, each D2D user is treated as an individual agent
and maintains a single-state Q table. In the learning process, each agent selects an RB
and a power level according to its Q table. Simulation results are shown to evaluate the
performance of the proposed Q-learning based joint SA-PC algorithm in terms of the
throughput performance.

The rest of the paper is organized as follows. Section 2 reviews related work in the
literature. Section 3 describes the system model and formulates the SA-PC problem
considered in this paper. Section 4 presents the proposed MARL-based SA-PC algo-
rithm. Section 5 shows simulation results to evaluate the performance of the proposed
algorithm. Section 6 concludes the paper.

2 Related Work

Spectrum allocation (SA) and power control (PC) have been extensively studied for
D2D communication underlaying cellular networks. A variety of SA-PC algorithms
have been proposed in the literature [2-8]. In [2], Cai et al. proposed a capacity
oriented resource allocation algorithm (CORAL) for resource allocation in D2D
communication. The proposed algorithm introduces the concept of a Capacity-Oriented
REstricted (CORE) region for a D2D pair to determine a candidate cellular user set for
the D2D pair in resource allocation, which can help increase the system capacity. In
[3], Chen et al. proposed a time division scheduling (TDS) resource allocation algo-
rithm to efficiently exploit the downlink spectrum resources of cellular users for D2D
communication. In the D2D pair assignment for each timeslot, the proposed algorithm
follows a location dispersion principle in order to reduce the interference from D2D
users to cellular users and thus can increase the system throughput. In [4], Cai et al.
proposed a graph-coloring resource allocation (GOAL) algorithm using a graph-
coloring approach and introduced the concept of the interference negligible distance
(INS) to identify those D2D pairs which can simultaneously share the same spectrum
resources of cellular users, and the concept of the signal to interference ratio limited
area (SLA) to identify a set of D2D pairs which cannot share the spectrum resources of
a cellular user. In [5], Chen et al.proposeda service-aware resource allocation (SARA)
scheme for D2D communication to improve the network performance, which takes into
account the different service requirements of D2D users. In [6], Zulhasnine et al.
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proposed a centralized heuristic algorithm considering the interference link gain from a
D2D transmitter to the BS. The optimization problem is formulated as a Mixed Integer
Non-Linear Programming (MINLP) with the synchronized resource allocation of the
cellular users and D2D users. In [7], Esmat et al. proposed a two-phase optimization
algorithm for adaptive resource allocation, which provides better system throughput
than the traditional algorithm by computing a Lagrangian dual decomposition
(LDD) problem. In [8], Hsu and Chen proposed a power control and channel allocation
algorithm, in which the channel of each user device is reallocated after the first turn of
power allocation. The channel reallocation and power control proceed until the
transmission power no longer decreases. Simulation results show that the proposed
algorithm outperforms the existing algorithms in terms of system capacity.

With recent advances in the ML area, considerable work has been conducted to
explore the application of the ML approach in resource management for D2D com-
munication [9-12]. In [9], a Q learning-based algorithm was proposed for the resource
allocation in a single-cell scenario with two cellular users and several D2D users whose
arrival follows a poison process. In [10], a centralized Q-learning algorithm and a
distributed Q-learning algorithm were proposed to solve the power control problem for
D2D communication underlying cellular networks. In [11], a power control method
based on Classification and Regression Tree (CART) was proposed, which provides a
faster convergence than the reinforcement learning methods. In [12], an adaptive
resource allocation algorithm was proposed using cooperative reinforcement learning
considering the neighboring factor of the D2D users. The proposed algorithm considers
the coordination problem between different D2D users and can achieve a better system
throughput than some existing reinforcement learning algorithms.

3 System Model and Problem Formulation

In this section, we first describe the system model and then formulate the joint spectrum
allocation and power control (SA-PC) problem considered in this paper.

3.1 System Model

We consider a single-cell cellular system consisting of one base station (BS), M cellular
users (CUs) and N D2D user (DU) pairs, where a DU pair consists of the transmitter
(Ty) of one DU and the receiver (Ry) of another DU. The set of M CUs is denoted by
Cc={C;, C,, ..., Cy} and the set of N DU pairs is denoted by @ = {D;, D,, ..., Dy}.
There are K orthogonal resource blocks (RBs) in the system, which are denoted by
B= {B), By, ..., Bx}. We assume that the DU pairs work in an underlay mode and are
allowed to share the uplink transmission resources (i.e., RBs) of the CUs. Each RB is
occupied by one CU and can be shared by one or more DU pairs. Either a CU or a DU
pair is allowed to occupy only one RB. The system model is illustrated in Fig. 1.
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Fig. 1. System model

There exist three types of interferences in the system model, which are illustrated in
Fig. 1:

(1) I;: the interference from the transmitter T, of a D2D pair to the BS;

(2) I,: the interference from a CU to the receiver Ry of a D2D pair, where the CU and
the DU pair share the same RB;

(3) Is: the interference from the transmitter T of one D2D pair to the receiver R, of
another D2D pair, where the two D2D pairs share the same RB.

3.2 Problem Formulation

In this paper, we consider the joint spectrum allocation and power control problem in
D2D communication underlaying a single-cell cellular system shown in Fig. 1. There
are two aspects in the SA-PC problem: RB allocation for the DU pairs (i.e., SA) and
power assignment for the DU pairs (i.e., PC). For simplicity, we assume that
M = K and the RB allocation for the CUs is fixed. Each CU is allocated a different 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
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(1)

where C; denotes the ith CU, D; denotes the jth DU pair, @" denotes a set of DU pairs
that share the rth RB, pi, and p;)/_ denote the transmission power of C; and D; which
share the rth RB, respectively, G, and G}, denote the channel gains on the rth RB
from the BS to C; and D;, respectively, and ¢? 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
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where Gp, j, . G, p,» and G, ;, denote the channel gain on the link from the transmitter

of D; to the receiver of D;, the channel gain from C; to the receiver of D;, and the
channel gain from the transmitter of Dy to the receiver of Dj, respectively.

Next we formulate the joint SA-PC problem. Given a set of RBs
B= {B,, B,, ..., Bx}and asetof power levels = {p;, p, ..., p.}, the SA-PC problem
under consideration is to jointly find a set of optimal RBs &* ={B], , B}, ,---, B}, }anda

set of optimal power levels @,* ={ p;] , PZZ oty p;V} for all the DU pairs so that the
overall system throughput is maximized, i.e.,
K

Objective: max Y {log(1+SINR )+ Y log,(1+SINR}, )} (3)
r=1 D;eD”

subject to SINR¢, > 79, (4)

P1 SPE)I.SPL; Vjvra (5)

where 1y 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 [p;, p.].

4 MARL-Based SA-PC Algorithm

In this section, we first introduce the concept of reinforcement learning and then present
an MARL-based algorithm to solve the SA-PC problem formulated in Sect. 3.

4.1 Reinforcement Learning

Reinforcement learning is an important branch of machine learning. A typical RL
problem can be modeled as a Markov Decision Process (MDP), which is defined as a
decision process that satisfies the Markov property, i.e., the environment’s response at
time 7 + / depends only on the state and action at ¢, and does not rely on the previous
states. An MDP can be represented as a tuple of 5 elements, denoted as {S, 4 T R,} }:

S: a finite set of all possible states;

A: a finite set of actions that can be selected by an agent;

T: a set of transition probabilities from one state to another;

R: a reward function to evaluate the action chosen by an agent;

v: a discount factor to balance the effect of the future reward and the immediate
reward.
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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,
which are shown in Fig. 2:

action
A,

state ((1)| reward

Environment

1\

Fig. 2. Standard reinforcement learning process

(1) The agent receives the current state S, and reward signal R,.
(2) The agent selects and executes the action A,.
(3) The environment generates a new reward R,,; and transfers to another state S,, ;.

An agent starts learning from an initial state Sy, and continues the episodes until the
learning process converges.
In the above learning process, an agent selects its action in each episode according

to a policy m, which is given by
z(als)=P(4,=alS,=s), aEA sES, (6)

where P(A; = a| S; = s) is the probability of selecting action a in state s. By selecting
different actions and updating the current policy in each episode, the agent can make a
better decision and reaches the optimal policy n* after a number of episodes.

Next we introduce a typical form of reinforcement learning: Q learning, which will
be used to solve the SA-PC problem. Like other RL methods, 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 « in a given state s and is defined

QI(S,(Z) :En[zniilRt+i|St :S,A,:a], (8)
=1

where E,(-) denotes the expected value of a random variable given that the agent
follows the policy 7, ¢ denotes the index of the current episode, # is the discount rate,
and R,,; is the reward in the (¢ + i)th episode.

In Q learning, the Q function is represented by a two-dimensional table, in which
each row represents a state of the environment, and each column represents an action of
an agent. The learning process starts with an initial state, and the initial Q table is
usually set to all zeros. At each episode, assuming that the current state is S; = s, the
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agent needs to select the best action A, = a according to the learned policy. After
performing a, the agent will receive a reward R, ;, and the environment will transfer to
the next state S,,;. 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 [13].

In the SA-PC problem, each D2D user is treated as an independent agent. In this
way, it becomes a multi-agent Q learning problem, in which all DU pairs on different
RBs need to learn a global optimal policy. In the next section, we will present a
distributed Q-learning algorithm for solving the problem.

4.2 Distributed Q-learning Based Joint SA-PC Algorithm

In this section, we present the proposed distributed Q-learning joint SA-PC algorithm
for D2D communication.

A. Component definitions

We first define the components of distributed Q learning, namely agent, action and
reward. In the distributed 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 RB from 8= {B, B,, ..., B,} and a
power level p from @= {p, p, ..., p,}. A reward is defined as the overall system
throughput including all CUs and all DU pairs. The value of the reward is determined
using the following reward function:

R=>F, (8)

r=1

where R" is the reward on the rth RB, which is given by
log, (1+ SINR;. ) + Zlog2(1+SINRgl_ ). SINR[. >1,
R = D,eq_)r . (9)

-1 otherwise

According to Eq. (9), if the SINR requirement of C; cannot be satisfied, i.e.,
SINR{, <7, the reward is set to —1 as a penalty term, which ensures the priority of C:.

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 [14]. According to [14],
we use a single state in the distributed Q learning algorithm and the state formulation is
not needed.
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B. Algorithm description
The distributed Q learning based SA-PC algorithm is proposed for performing spec-
trum allocation and power control for the DU pairs in the system. In the algorithm, each
agent maintains a single-state Q table of size (1, K x L). In the learning process, the Q
table for a D2D pair is initialized to all zeros. In each episode, each agent (i.e., each DU
pair) selects RBs and power levels simultaneously, and then receives a reward and
updates its Q table. The learning process continues until all Q tables converge to the
same optimal values.

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

e 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 — ¢).

Here, ¢ is the threshold of the probability, which decays with the number of episodes as
& = &min 1 (8max - Smin) : eXp(—h . t)v (10)

where &,,x and &g, denote the upper limit and the lower limit of ¢; 4 is a decay rate
within [0, 1]; 7 is the index of the current episode. At the beginning of learning, ¢ 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 ¢ 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:

Ol.1(5,0) = max {0/ (s,a), i +ymax0/(s',a")} (11)

where the Q value for D; in the (¢ + I)th episode Qtj . 1(s,a) will be updated only when
the newly arrived Q value exceeds Qtj +1(s,a) and y is the discount factor which varies
from O to 1. The newly arrived Q value corresponds to the second item in Eq. (11), i.e.,
m1+y-male=’;s',a‘)- (12)

ae

The pseudo codes of the proposed distributed Q learning based SA-PC algorithm is
described in Algorithm 1.
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Algorithm 1 Distributed Q-learning based SA-PC algorithm

Input:
®= {B1, B2, ..., Bk} {a set of K resource blocks}
c={Ci C;, ..., Cm} {a set of M cellular users}
©O={Di, Dy, ..., Dn} {a set of N D2D users}
P={pL, p2 ..., pL} {a set of available power levels}
Output:

B,* = {le ,B;z ,e -,B;K } {optimal RBs for all DU pairs}

®*={ pz,l , p;z RN pz,M } {optimal power levels for all DU pairs}

Function:
Q,j (s,a), {Q table for D; in the tth episode
under state s and action a}
Initialize:

for D;,j €{1,2,..., N}
initialize Q/(s,a)=0,a€ A
Learning:
for:
select the 7th RB, r€ {1, 2,..., K}
for:
select Dj, for all the DUs on the rth RB.
for:
select action a € 4 according to the ¢ greedy strategy
execute a and calculate the reward 7:+;

update Q/(s,a)according to Eq. (11)

end for
end for
end for

5 Simulation Results

In this section, we evaluate the performance of the proposed distributed Q learning
based SA-PC algorithm through simulation results. The simulation experiment was
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 Q-learning based SA-PC
algorithm with a Q-learning based PC algorithm and a random allocation algorithm.
The PC algorithm only considers the power control for the DU pairs based on Q
learning, while assuming that the RBs are randomly allocated to all DU pairs. In the
random allocation algorithm, both RBs and power levels are randomly allocated to all
DU pairs. Moreover, we use the system throughput and the D2D throughput as the
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Table 1. Simulation parameters

Parameter Value
M 20

N 10-100
K 20

L 5

Cell radius 500 m

P1> P2, P3, P4, Ps

pc'

Noise power

Resource block bandwidth

Gain model between user and BS
Gain model between two users

(1, 6.5, 12, 17.5, 23} dBm
24 dBm

~116 dBm/Hz

180 kHz

15.3 + 37.6 lg(d(km)) dB
128 + 40 lg(d(km)) dB

155

Learning rate o 0.9
Discount factor y 0.9
To 6 dB

performance metrics. The system throughput is defined as the throughput of all CUs
and DU pairs in the system, and the D2D throughput is defined as the throughput of all
DU pairs in the system.

Figure 3 compares the convergence of the optimal Q values with the distributed Q
learning based SA-PC algorithm under M = 20, N = 10. It can be observed that all the
Q values converge to the same optimal values after around 1200 episodes, which
proves that an optimal policy can be obtained for the proposed Q learning algorithm.
Meanwhile, the updates of different DU pairs are asynchronous, due to the fact that
they select their actions independently during the learning process.

]
=l —— 1th DU pair
g | 2th DU pair
o —— 3th DU pair
—— 4th DU pair
200 4 —— 5th DU pair
—— 6th DU pair
7th DU pair
100 1 —— 8th DU pair
9th DU pair
04 10th DU pair

0 200 400 600 800 1000 1200 1400
Q learning episodes

Fig. 3. Convergence of the Q values (M = 20, N = 10)
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Figure 4 shows the system throughput and D2D throughput with the proposed SA-
PC algorithm, the PC algorithm and the random allocation algorithm, respectively. It is
observed that both the system throughput and the D2D throughput increase as the
number of DU pairs increases, and all the three algorithms have the same trends over
the number of DU pairs. On the other hand, both the system throughput and the D2D
throughput with the proposed SA-PC algorithm are larger than those with the PC
algorithm and the random allocation algorithm, which demonstrates the superior per-
formance of the proposed SA-PC algorithm.

160 1 -_:_— ;acndom ) ..x
+¥% SA-PC >('~
2 140 ’
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‘-é 100 A
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(a) System throughput
140 | —@~ random LoX
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1204 *% sAPC .= A
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Number of DU pairs

(b) D2D throughput

Fig. 4. Comparison of the throughput performance

6 Conclusion

This paper studied the SA-PC problem in D2D communication underlaying a cellular
network. A distributed Q-learning based joint SA-PC algorithm was proposed for
performing spectrum allocation and power control for each D2D user in the network.
The proposed algorithm uses Q learning, a typical form of RL, to select the optimal RB
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and power level for each D2D user. In the Q-learning algorithm, each DU pair is treated
as an individual agent and maintains a single-state Q table. Each agent selects an RB
and a power level according to its Q table in the learning process. The objective is to
select the optimal RB and power level for each D2D user. Simulation results shows that
the proposed Q-learning based joint SA-PC algorithm can achieve better performance
than a Q-learning based PC algorithm and a random allocation algorithm in terms of
the system throughput and the D2D throughput..
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