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Abstract—We consider the problem of spectrum sharing by
multiple cellular operators. We propose a novel deep Rein-
forcement Learning (DRL)-based distributed power allocation
scheme which utilizes the multi-agent Deep Deterministic Policy
Gradient (MA-DDPG) algorithm. In particular, we model the
base stations (BSs) that belong to multiple operators sharing the
same band, as DRL agents that simultaneously determine the
transmit powers to their scheduled user equipment (UE) in a
synchronized manner. The power decision of each BS is based
on its own observation of the radio (RF) environment, which
consists of interference measurements reported from the UEs it
serves, and a limited amount of information obtained from other
BSs. One advantage of the proposed scheme is that it addresses
the single-agent non-stationarity problem of RL in the multi-
agent scenario by incorporating the actions and observations of
other BSs into each BS’s own critic which helps it to gain a more
accurate perception of the overall RF environment. A centralized-
training-distributed-execution framework is used to train the
policies where the critics are trained over the joint actions and
observations of all BSs while the actor of each BS only takes the
local observation as input in order to produce the transmit power.
Simulation with the 6 GHz Unlicensed National Information
Infrastructure (U-NII)-5 band shows that the proposed power
allocation scheme can achieve better throughput performance
than several state-of-the-art approaches.

I. INTRODUCTION

Spectrum sharing [1] enables efficient utilization of addi-
tional unlicensed or shared spectrum by allowing multiple
service operators to operate on the same frequency bands,
which has been shown to significantly enhance the network-
level throughput performance [2], [3]. For example, the Fed-
eral Communications Commission (FCC) has defined the
Unlicensed National Information Infrastructure (U-NII) sub-
6 GHz radio band for sharing with existing primary band
allocations [4]. In spectrum sharing, the transmit powers of
the base stations (BSs) must be properly controlled in order
to achieve effective interference mitigation and throughput
optimization. This is usually a challenging task due to the
nonconvex nature of the optimization objective.

Deep reinforcement learning (DRL) has achieved notable
success in wireless resource management related tasks in re-
cent years [5]-[20]. For example, Nasir and Guo [5] proposed
a novel distributed power allocation scheme based on deep

Q-network (DQN) which can achieve competitive throughput
performance comparing to state-of-the-art non-learning ap-
proaches. This reveals the potential of DRL-based approaches
in wireless network optimization [21]. By modeling the power
allocation task as a Markov Decision Process (MDP), the
BSs are treated as RL agents which actively exploit the radio
environment and learn through trial and error. This work was
later extended to continuous power control [6], [7] using
more advanced DRL algorithms that can handle continuous
actions. In addition, Gao et al. [14] proposed a DQN-based
joint spectrum and (discrete) power allocation scheme. The
application of DRL algorithms have also been investigated
in various other tasks [8], [10]-[12], [16], [18]-[20]. Feng
et al. [13] proposed a wireless resource management scheme
in which DQN is used to learn and predict the blockage
patterns. Elsayed et al. [15] applied DQN to millimeter-Wave
(mmWave) networks for efficient user clustering. Moreover,
Sana et al. [16] studied the dynamic user association problem
in mmWave networks and proposed a novel handover scheme
by leveraging deep recurrent Q-network (DRQN). Xue et
al. [18] proposed an autonomous mmWave beam control
scheme based on the double DQN (DDQN) algorithm. More
recently, DRL has been applied to intelligent reflecting surface
(IRS)-aided wireless communication systems [19], [20], [22].

For power allocation over shared spectrum with multiple
BSs, the issue of environment nonstationarity has not been
properly addressed in the existing literature. More specifi-
cally, in multi-agent RL systems, the environment perceived
by each agent is affected by the actions of other agents.
For system scalability and privacy considerations, sharing of
actions among agents is usually prohibited. As a result, each
agent’s perceived environment will no longer be stationary as
it does know other agents’ actions, which is a violation of the
basic MDP assumptions. Most existing literature bypasses this
problem by ignoring it. However, the impact on the algorithm
performance remains unclear.

In this paper, we propose a novel distributed power al-
location scheme by utilizing multi-agent Deep Deterministic
Policy Gradient (MA-DDPG) [23]. In particular, each BS is
treated as a DRL agent that needs to determine the transmit



powers from slot to slot based on its own perception of
the radio environment. MA-DDPG addresses the multi-agent
nonstationarity issue by defining a new Q-function for each
agent which also takes other agents’ actions as input in
addition to that agent’s own action. The rationale behind this
definition is that the environment seen by each agent will
be stationary if all other agents’ actions are fixed, regard-
less of their actual policies. In order to train the actor and
critic networks of the BSs, we utilize the centralized-training-
distributed-execution framework where a replay buffer is used
to store experiences collected from all BSs and the actor/critic
networks are trained using mini-batch SGD. Meanwhile, the
transmit powers are determined in a distributed manner be-
cause each BS makes its power decision based solely on its
local observation, which also leads to a scalable design. We
compare the proposed scheme with two state-of-the-art non-
learning approaches including WMMSE [24] and FP [25] both
of which require full CSI across the network. Simulation result
shows that the proposed scheme can achieve similar or even
better performance than the baselines.

II. SYSTEM MODEL & PROBLEM DESCRIPTION

We consider the downlink power allocation problem for
a network consisting of K base stations (BSs) {1,---, K}
each of which is associated with a number of user equipment
(UE). The BSs are equipped with multiple antennas to enforce
sector-based transmission and each UE is equipped with a
single antenna. The system is slotted, fully synchronized and
operates on a shared unlicensed spectrum around 6 GHz, i.e.,
the Unlicensed National Information Infrastructure (U-NII)-
5 band with 500 MHz frequency range. In each slot, each
BS schedules at most one of its associated UEs to transmit
to and multiple BSs can transmit at the same time. The UEs
considered for scheduling by each BS remain the same for the
analysis presented in this paper.

The block fading model is used with unchanged channels
within each slot and follows a temporal correlated Nakagami
distribution [26] from slot to slot. More specifically, the small-
scale fading coefficients {h("), V¢} have two properties. First,
all A", V¢ are identically distributed following a Nakagami
distribution with probability density

f(h) = F(f:wh?m*exp (-%/ﬂ) Yh>0 (1)

A 2 A 0?
where Q = E[H?],m = Va(r and I' denotes the Gamma
function. Second, the squared channels between any two
consecutive time slots have a correlation coefficient of p =

(£)12 |7 (¢+1) |2
Cov(IP LR 1) it Let 'Y denote the channel co-
Va2 )Var([R D [2) i

efficient from BS ¢ to BS j’s scheduled UE in slot ¢, then
the equivalent channel gain of that channel can be written as

g 2 PL(d;;) GTxGR*|h{) | in which PL(d) = 1/d? denotes
the path loss with d being the distance, and G;*, G}%* denote
the corresponding BS and UE antenna gain respectively. The
BSs employ a sectorized transmission model [27] in which the

BS antennas have a constant mainlobe radiation gain G™&*

and a constant sidelobe gain G™. The beamwidth is usually
chosen as 120°. The main-to-sidelobe ratio (MSR) is defined
as MSR (dB) £ 101og,, (G™*/Gmin) |

Let p() 2 [10(1t)7 e p(I?] denote the transmit powers of the
BSs at time ¢ subject to p,(f) < pp®*,Vk, then the signal-to-
interference-plus-noise ratio (SINR) at BS ¢’s scheduled UE

is equal to
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where o2 is the total noise power over the shared bandwidth.
The throughput of BS ¢ in slot ¢ is equal to Ci(t) 2w log, (14

SINREt)) where W is the total bandwidth. We aim to maximize
the expected (over random channels) total throughput of the

network X
sow)-s(fer) o
i=1

subject to the power constraints pgt) < pi"®*,Vi. This prob-

lem is nonconvex and finding the optimal solutions can be
challenging in general.

ITI. PROPOSED APPROACH

A. Overview of RL

In reinforcement learning (RL), an agent aims to maximize
the expected reward through repeated interactions with the
environment over time. This process is usually mathematically
modeled as a Markov Decision Process (MDP) (S, A, R, T)
where S, A, R and T denotes the state space, action space,
reward function and the state transition kernel respectively.
Given some initial state s; € S, the agent takes an action a; €
A with probability p(a¢|s:) according to a policy p satisfying
[, n(als;)da = 1. Impacted by a;, the environment transitions
(governed by T') to a new state s;;1 and the agent receives a
reward r = R(s¢, at, S¢+1) as an indication of how good a; is.
The collection of transition quadruples {(s:, as, ¢, S¢41), VE}
is called experience. The return G, is defined as the cumulative
future rewards G; = > oY Teyr With v € (0,1] being the
discount factor. The Q-function Q* under a specific policy
is defined as the expected return starting from any state-action
pair (s,a), i.e., Q"(s,a) 2E [Gt|st = s,as = a] .

Deep reinforcement learning (DRL) uses deep neural net-
works (DNN) to represent the policy (called actor) and Q-
function (critic) in order to take advantage of DNN'’s rep-
resentation capability. Deep Deterministic Policy Gradient
(DDPG) [28] is a DRL algorithm which focuses on deter-
ministic policies that map each state s to a specific action
a = p(s). It uses an actor-critic architecture in which two
separate DNNs with parameters (i.e., weights and biases) 6#
and 09 are used to represent the policy u(s|6#) and the Q-
function Q(s,al0?). Multi-agent DDPG (MA-DDPG) [23]
is an adaptation of DDPG to the multiple-agent domain to
combat the nonstationarity issue as mentioned in Section I.



MA-DDPG uses a centralized-training-distributed-execution
framework in which the actors and critics are trained peri-
odically with network-level experiences while the action of
each agent is determined based solely on that agent’s local
observation. In particular, let a 2 (a;)K | and s = (o)),
denote the joint actions and observations of all agents where o,
denotes the local observation of agent 7. The learning process
is described as follows. The critic and actor of agent 7 is
represented by two DNNs Q; (s, a|9ZQ) and p;(0;|6%"). In order
to make the learning more data-efficient, an experience replay
buffer D is used to store the past experiences of all agents
in a sliding-window manner. Mini-batches of experiences are
then sampled repeatedly from D to train the actors and critics
using SGD. More specifically, given a mini-batch of samples
B ={(s?,a’,77,s")}; where r7 = (r])K, are the rewards
of the agents, the critic network 9? of agent ¢ is trained by
minimizing the loss

o IBIZ(

R/ CEN CAT S U |

kT Pk ,
sion target and is generated by two target networks Q} (-|6‘Q )
and ,u;(\ﬂfl) Note that s £ (ok )i, denotes the joint
observations following the sample s’ in time. Also note that in
(4) the Q-function of agent ¢ has an input including the local
observations and actions of all agents which is made possible
by the use of the replay buffer. The actor network 6% of agent
i is trained by minimizing
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which is equivalent to maximizing the Q-function. Note that
in the input of the Q-function in (5), the action of agent ¢ is
generated by the actor 6!" while the actions of other agents are
sampled from the buffer. Finally, the DNN parameters of the
target networks are updated by

69« 769 +

ak k;téual'e )|ai:Mi(OZ‘9;L) (5)

i (1 - 7)9?/7
0" 0 + (1 — 70", Vi (©6)

for some small number 7 € (0,1). In MA-DDPG, exploration
is achieved by adding a random noise n; to the actor output,
ie., a(t) = U; (ogt) |6%)+n; which is clipped to within a proper
range to be consistent with the action space definition.

B. Proposed Power Allocation Scheme

Each BS ¢ is treated as a DRL agent that is equipped
with an actor for action selection and a critic for evaluating
the Q-function. In particular, the actor p; is represented
by a DNN 6! and produces action a; = p;(0;]0), with
o; being the observation of agent 7. The critic @); is also
represented by a DNN 9? . It is assumed that each BS does
not know the actions of other BSs. The MA-DDPG algorithm
with a centralized-training-distributed-execution framework is

Centralized training of actors & critics

Distributed power selection

Actor puq Actor uy Actor ug

01 Qg 02 1Az Ok Ak
BS1 BS 2 BS K

Critic Qq Critic Q; Critic Qg

Fig. 1: Proposed MA-DDPG-based power allocation. Each BS k is
equipped with an actor uy and a critic Q.

adopted as shown in Fig. 1. The system is fully synchronized
where all BSs choose their powers simultaneously at the
beginning of each slot based on their local observations. The
system then transitions to a new state and the experiences of all
agents are pushed to a centralized replay buffer D in the form
of (0;,a;,14,0}),i =1,--- , K. The replay buffer operates in
a FIFO manner so the oldest experiences are ejected when the
buffer is full. In each slot, the actor and critic networks are
trained with mini-batches of data sampled from D according
to (4), (5). In addition, the parameters of the target networks
are updated softly according to (6). The action, observation
and reward are defined as follows.

Action. Each BS needs to determine the transmit power
pgt) € [0,p™*] to its scheduled UE. Since the tanh() ac-
tivation is used at the output layer of the actor networks,
the actor output a(t) = p(o (t)|9“) falls into [—1,1]. To
achieve exploration, a random noise n; is added to a(t)
which is then clipped to within the range [—w,w] for some

w € (0,1)'. Therefore, the actor output is mapped to the
0
powers by pgt) = aimjw ax,

Observation. Becasue the observation reflects each agent’s
perception of the radio environment, it has to be properly
defined such that the relevant features of the the environment
can be captured. The observation of agent 7 (in slot ¢) is defined

) A ()Uom
ct=1

as 0; =0;1 where
,j:1,...,K}. 7

o2 {3 4 0 0 7

052 A {gz(gt 1)p§t 1) g(t)p§t71)7cj(_t71)

7 1)

Ci(t_l)

The first part oz(-ti contains several general measurements local

to BS . In particular, pz(-tfl) is BS ¢’s power in the previous
slot, g™ = PL(dy;) GT*GR*|h{!™V |2 is the direct channel
gain in slot ¢ — 1 which can be estimated via pilot training,
9! = PL(d;;)GT*GR*|h{P|2 is the direct channel gain in slot

(t—1) (t
t. Since the channel changes from h ) to h ) at the very be-
ISince hyperbolic tangent function requires an infinitely large input to

achieve the the output values £1, clipping to [—w, w] where w < 1 increases
numerical stability of DNN training.
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Fig. 2: Network with 4 BSs. Each BS ¢ is associated with two UEs
denoted by (0,¢) and (1,4).

()

ginning of slot ¢ before the new power pgt) is determined, g;;

can also be obtained by BS i. 1" = Dt gg;il)Pg-tfl)—i-ﬂ
is the total received interference at BS ¢ in slot ¢ — 1 and

fi = Zj £i ggj)pgt_l) + o2 is the interference measured
at the beginning of slot ¢ where the channels have changed
but the powers have not changed. C’i(t_l) is the throughput
of BS i in slot ¢t — 1, and Ci(t_l)/zj C](t_l) represents the
contribution of BS ¢ to the total throughput. The second part
052 contains measurements of received power and throughput
of other BSs. In particular, gg_l)pg-t_l) and gg-)p;t_l) are
the received power of BS j(# i) measured at BS ¢ in slot

t — 1 and the beginning of slot ¢ respectively. C’J(»tfl) is the

throughput of BS j in the previous slot. Note that C](t_l) has
to be delivered to BS 7 from BS j despite all other interference
measurements can be directly obtained by BS <. We include
one previous slot in order for the agents to better keep track
of the temporal correlated channels.

State transition. The measured interference in each BS’s
observation (7) is determined by the random small-scale fading
and the BS transmit powers. Given the current state (i.e., joint
observations of all BSs) in slot ¢, once the powers are chosen,
the system will transition to a random new state.

Reward. The reward of BS 7 (in slot t) is defined as the
total throughput of the network, i.e., rl(t) => j C'J(»t). This
definition is intuitive and avoids complicated reward design at
the cost of a slight communication overhead.

IV. SIMULATION
A. Setup

First consider a network with 4 BSs as shown in Fig. 2
where each BS is associated with two UEs. The transmit
beams (with 120° coverage) are aligned with the scheduled
UEs (See Fig. 2 where the 0" UE of each BS is scheduled).
The maximum power is chosen as p;"®* = 30 dBm (1 Watt) for
all BSs as per the FCC regulation. The BS antenna gain (MSR)
is chosen as 20 dB. The total noise is calculated according to
02 (dBm) = 101g(kpTp x 103)+NR (dB)+101g W where W
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Fig. 3: Throughput performance when the 0*" UEs are scheduled.

is the shared bandwidth. xp, NR and 7, denote Boltzmann’s
constant, receiver noise figure and temperature respectively.
Taking the typical values of NR = 1.5 dB, T = 290 K, we
have 02 = —85.49 dBm. The Nakagami fading parameters
are chosen as m = 50,2 = 1 and p = 0.1. Each actor
and critic is represented by a fully-connected feedforward
DNN with five layers including the input and output layers.
The three hidden layers contain 256,256 and 64 neurons
respectively with ReLU activation. Each actor network has one
output port with Tanh activation clipped to within the range
[—0.96, +0.96](w = 0.96).

The proposed scheme is implemented with PyTorch. The
Adam optimizer is used with learning rates 10~* and 1073
for the actor and critic networks respectively. The action
noise {n;,Vt} is chosen as ii.d. Gaussian noise with a
decreasing variance, ie., ny ~ N(0,07) where oyyq =
max{(1—10"%)0;,0.001}, 09 = 1. This guarantees adequate
exploration in the early stage of learning. The replay buffer
is implemented as a FIFO queue with size |D| = 5 x 10°, Vi.
Batch size is chosen as |B| = 128. Other parameters are
chosen as v = 0.9, 7 = 0.005. The simulation consists of two
phases, the training phase each containing 10* slots, and the
testing phase each containing 2000 slots. During the testing
phase, the learned policy is tested over another set of channel
realizations that is different from (but is identically distributed)
the training phase.

The proposed scheme is compared with two baseline power
allocation schemes WMMSE [24] and FP [25]. These are
both centralized algorithms which require the knowledge of all
cross channels. For both schemes, we assume that the required
CSI can be obtained with no delay at the beginning of each
slot. We then run 2000 iterations to obtain a stationary power
allocation that is used for the entire slot.

B. Results

Fig. 3 shows the throughput performance in the training
phase when the 0'" UEs are scheduled in the 4-BS network.
The throughput in each slot is an average with the previous
100 slots. It can be seen that the proposed scheme converges in
8000 slots and achieves very close performance to WMMSE
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and FP. The empirical CDF of the testing phase is shown
in Fig. 4. Although the channels are different, the proposed
scheme still obtains close performance to WMMSE and FP.
The throughput performance in the training and testing phase
when the 15* UEs are scheduled are shown in Fig. 5 and Fig. 6
respectively. In this case, the proposed scheme achieves better
performance than WMMSE and is slightly worse than FP.
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Note that unlike centralized WMMSE and FP, our proposed
scheme is distributed and does not require the full knowledge
of all channels. From Fig. 4 and Fig. 6, it can be seen that the
proposed scheme maintains a close performance to the training
phase. This demonstrates its robustness against channel change
as it is trained over distributions but not specific channel
realizations like WMMSE and FP.

We further evaluate the proposed scheme over another
network with 5 BSs as shown in Fig. 7. Each BS has
one scheduled UE located within its hexagon cell. The UE
positions are generated randomly but their distance should
be no less than 10 meters to the BS. Fig. 8 shows the
training performance. It can be seen that the proposed scheme
outperforms the baseline schemes by a significant margin, i.e.,
16% more than WMMSE and 5% more than FP. The learned
policy is also tested over two different channel realizations and
the average throughput is shown in Fig. 9. It can be seen that
the proposed scheme also achieves higher throughput than the
baselines in the testing phase.

V. CONCLUSION

In this work, we presented a novel distributed power al-
location scheme based on multi-agent Deep Deterministic
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Policy Gradient. The proposed scheme utilizes the centralized-
training-distributed-execution framework where the actors and
critics are trained periodically using the accumulated data from
the experience replay buffer, while each actor determines the
transmit power based solely on its local information. By a
careful design of the observation space, the proposed scheme

has

been shown to outperform state-of-the-art approaches

including WMMSE and FP.
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