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Abstract—In this paper, we study the handover (HO), and power
allocation problem in a two-tier heterogeneous network (HetNet),
which consists of a macro base station, and some millimeter-wave
(mmWave) small base stations. We establish an HO management,
and power allocation scheme to maximize the overall throughput
while reducing the HO frequency. In particular, considering the
interrelationship among decisions made by different user equip-
ments (UEs), we first model the HO, and power allocation prob-
lem as a fully cooperative multi-agent task, in which all agents,
i.e., UEs, have the same target. Then, to solve the multi-agent
task, and get decentralized policies for each UE, we develop a
multi-agent reinforcement learning (MARL) algorithm based on
the proximal policy optimization (PPO) method, by introducing
the centralized training with decentralized execution framework.
That is, we use global information to train policies for each UE,
and after the training is finished, each UE obtains a decentralized
policy, which can be implemented only based on each UE’s local
observation. Specially, we introduce the counterfactual baseline to
address the credit assignment problem in centralized learning. Due
to the centralized training, the decentralized polices learned by
multi-agent PPO (MAPPO) can work more cooperatively. Finally,
the simulation results demonstrate that our method can achieve
better performance comparing with other existing works.

Index Terms—Handover, multi-agent deep reinforcement
learning, power allocation, HetNet, mmWave.

I. INTRODUCTION

THE 5th generation (5G) networks are expected to meet
the growing wireless communication demands. Due to

the available broad spectrum and high expected data rate,
the millimeter-wave (mmWave), which is in the range of 30–
300 GHz, will play a key role in 5G [1]. On the other hand, due
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to the limits imposed on the emitted power, the high-temperature
noise and the high oxygen absorption, the transmission distance
of mmWave signals is short [2]. Dense deployment of small
base stations (SBSs) in traffic hotspots is considered one of the
potential solutions to overcome shortcomings of mmWave.

In wireless networks, UEs need to switch the serving base
station during the movement to maintain the communication
quality. Traditionally, the handover (HO) process is determined
by the HO events defined in the 3 rd Generation Partnership
Project (3GPP) protocol [3]. These HO events are triggered
based on the periodical signal measurements of UEs, and some
HO parameters defined in protocols, such as time-to-trigger
(TTT), hysteresis, and event offset. In the dense mmWave net-
work, the traditional HO policies in 3GPP may lead to the fre-
quent HO problem and increase the HO overhand [4]. Therefore,
it is crucial to establish an appropriate handover mechanism for
mmWave dense systems.

In existing works, HO parameters were tuned to optimize
the system performance [5]–[9]. [5] modified HO parameters,
including hysteresis and TTT, to improve the network through-
put, delay, and jitter. [6] investigated an adaptive TTT scheme
to avoid the data link failure and ping-pong effect. In [7], a
scheme based on the AHP-TOPSIS method and Q-learning
approach was proposed for handover optimization, in which
the AHP-TOPSIS method decided the serving base station, and
Q-learning approach got the optimal TTT points. In [8], a double
threshold algorithm was proposed to reduce unnecessary HOs in
macrocell/femtocell integrated networks. [9] proposed a fuzzy
Q-Learning algorithm to optimize the HO scheme in small-cell
networks, which adjusted offset to reduce the number of dropped
handover.

Besides, reinforcement learning (RL) is increasingly be-
ing applied to HO optimizations to improve the HO perfor-
mance [10]. The HO process is modeled as a Markov decision
process (MDP) [11] so that the optimal HO policy can be estab-
lished by RL algorithms. Some existing works have formulated
the HO process as a multi-arm bandit (MAB) problem, which is a
variant of the RL problem. In [12], a MAB and satisfaction-based
learning approach was proposed to improve the overall through-
put and reduce the handover failure and ping-pong probabilities.
In [13], the authors applied Upper Confidence Bound (UCB)
algorithm to select the optimal base station in the single-user
system, and in the multi-user system, the base station selection
problem was formulated as a linear programming problem. [14]
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considered UCB and Bayesian approaches for a parallel con-
textual MAB problem and applied them to wireless handover
optimization. [15] also showed that the handover mechanism
could be posed as a contextual MAB problem, where the context
was the measurement report collected from the connected UEs,
and the goal was to select a cell to maximize the expected reward.
In [16], the UCB algorithm was adopted to derive the optimal HO
policy, which minimized the HO rate while ensuring a certain
throughput. All aforementioned work [12]–[16] had a similar
methodology, which is first to formulate the HO process as a
MAB problem, and then apply the algorithm like UCB to learn
the optimal HO scheme.

In order to optimize the long-run performance, some works
exploited the state transition characteristics of the wireless sys-
tems to design the HO scheme. [17] proposed a vertical handover
management scheme based on the value iteration algorithm,
where UEs made decisions according to their velocity and loca-
tions. [18] proposed an algorithm based on Q-learning, which
decided whether or not to switch to other base stations according
to the position and speed information of the pedestrians, by
predicting future channel states. [19] proposed an image-to-
decision proactive handover framework, which directly mapped
pictures to an HO decision by adopting Deep Q-learning. [20]
investigated a user association and resource allocation (UARA)
problem in heterogeneous networks (HetNets) based on du-
eling double deep Q-learning, in which UEs made decisions
depend on global state information obtained through message
passing.

Similar work to ours was given in [21], where authors solved
the HO problem in the multi-agent setting by adopting the
asynchronous advantage actor-critic (A3C) [22], which is a
policy-gradient (PG) based deep RL method. In [21], UEs
made HO decisions based on individual candidates’ RSRQs
and current connection information by using a shared policy
network-an artificial neural network (NN). Also, redundant HOs
were reduced by adding an HO penalty to the reward function.

However, some issues in the multi-agent settings have not
been considered in the above work. Firstly, although UEs shared
the global NN, the A3C algorithm in [21] was equivalent to im-
plementing the actor-critic algorithm on each UE independently,
since UEs were treated as independent agents in A3C. However,
UEs were interactive and the policies of UEs could continually
change during the learning process, so that the environment
state appeared non-stationary from the view of the UE, which
violated Markov assumptions required for the convergence of
RL and the independence assumption of agents in A3C. Thereby,
it may cause performance degradation. Secondly, multi-agent
settings would exacerbate the high variance property of PG
based method [23]. Therefore, applying the actor-critic algo-
rithm on each UE independently may lead to learning difficul-
ties. Thirdly, to maximize the system throughput under limited
communication resources, we should consider the cooperation
and interaction among UEs. Otherwise, it may cause vicious
competition and degrade the overall system performance.

In this paper, we aim to establish an HO management and
power allocation scheme to maximize the throughput while
reducing the handover frequency. We model the multiple-UE

handover and power allocation problem as a cooperative multi-
agent reinforcement learning (MARL) problem. Also, we focus
on addressing the potential instability and vicious competition
brought by the independent implementation of the actor-critic
method in [21]. The main contributions of this paper are as
follows:
� Firstly, we consider the handover and power allocation

problem in a HetNet system with multiple UEs. We max-
imize the overall throughput while reducing the handover
frequency by determining the optimal policy between each
UE’s actions (HO decision and power allocation) and local
observations, including the signal measurement report,
current connection, and some public information. In partic-
ular, different from [21], we consider the interrelationship
among UEs and model our problem as a fully cooperative
multi-agent task. We then use a MARL method to learn the
optimal cooperative policy for each UE in the HetNet.

� Secondly, we propose a multi-agent PPO (MAPPO) algo-
rithm based on single-agent proximal policy optimization
(PPO) in [24] for our multiple UEs system, by introduc-
ing the centralized training with decentralized execution
framework. That is, we use global information to train
policies for each UE, and after the training is finished,
each UE obtains a decentralized policy, which makes de-
cisions only based on each UE’s local observation. Due to
the centralized training, the decentralized polices learned
by MAPPO can work more cooperatively. Thereby, the
potential instability and vicious competition brought by
the independent implementation of the actor-critic can be
addressed.

� Thirdly, in the cooperative MARL problem, UEs have
shared reward signals so that the learning process would
face the credit assignment problem. That is, each UE’s
action’s contribution to the global reward is not explicit,
which may affect the learning performance. Therefore, we
introduce the counterfactual baseline [25] to MAPPO to
get better performance.

� Finally, we verify the feasibility of MAPPO via numerical
simulation. We demonstrate our algorithm can achieve
better performance by comparing it with other existing
works, including the work in [21] and the multi-agent
deep deterministic policy gradient (MADDPG) algorithm
in [23].

The rest of this paper is organized as follows. Some relevant
reinforcement learning backgrounds are introduced in Section II.
The system model is presented in Section III. In Section IV, the
HO and power allocation problem is formulated as a cooperative
multi-agent task. The derivation and the practical implemen-
tation of the proposed MAPPO, which is used for tackling
the cooperative MARL problems, are elaborated in Section V.
The numerical simulations are provided in Section VI. Finally,
Section VII concludes this work.

II. REINFORCEMENT LEARNING BACKGROUNDS

Before we introduce the system model, we first give some
necessary reinforcement learning backgrounds.
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multi-agent task: A fully cooperative N -agents task [25]
can be described as a stochastic game Γ, defined by Γ =<
S,A, P, r,Z,O, N, γ >. At each time step t, st ∈ S describes
the global state of the environment, and each agent (UE in our
setup) u ∈ N = {1, 2, . . . , N} chooses an action aut ∈ A. Ac-
tions of all agents form a joint actionat ∈ A ≡ AN . This incurs
a transition in the environment according to the state transition
functionP (st+1|st,at) : S ×A× S → [0, 1]. All agents share
the same reward function r(st,at) (abbreviated to rt below):
S ×A→ R. γ ∈ [0, 1) is the discount factor.

We consider a partially observable setting, in which agents
draw individual observations z ∈ Z according to the observa-
tion function O(s) : S → Z . The agent u selects action based
on a stochastic policy πu(aut |zut ) : Z ×A → [0, 1], where zut
denotes the local observation of the agent u.

The discount return is Rt =
∑∞

k=0 γ
krt+k. We denote the

policy ensemble as Π ≡ {π1, . . . , πN}, and the joint policy as
π. For the joint policy π, we will use the following standard
definitions of the state-action value functionQπ , the state value
function V π , and the advantage function Aπ:

Qπ(st,at) = Est+1,at+1,...[Rt|st,at],

V π(st) = Eat,st+1,...[Rt|st],
Aπ(st,at) = Qπ(st,at)− V π(st),

aut ∼ πu(aut |zut ), st+1 ∼ P (st+1|st,at), ∀t ≥ 0. (1)

We define the expected discount return as

η(π) = Es0∼ρ0(s0){V π(s0)}, (2)

where ρ0(s0) is the distribution of the initial state s0.
In such a fully cooperative multi-agent task, all agents co-

operatively find the optimal decentralized policy ensemble Π∗

forming a joint policy π∗ which satisfies π∗ = argmaxπ η(π).
Policy-based methods: Policy-based methods are commonly

used for a variety of traditional RL tasks, i.e., single-agent tasks.
In policy-based methods, the policy, i.e., the actor, is typically
parameterized with parameters θ, and such methods directly
apply the policy gradient on the parameters θ by gradient ascent
to maximize the expected discount return η(πθ), where the most
commonly used policy gradient form is in [26]

Δθ = Es0,a0,s1,...

[ ∞∑
t=0

∇θ log πθ(at|st)Aπ(st, at)

]
. (3)

In RL, we estimate the policy gradient based on the following
formula

Δθ = Êt[∇θ log πθ(at|st)A(st, at)], (4)

where Êt[· · · ] is the sample average and A(st, at) is the esti-
mation of the true Aπ(st, at). How to estimate the advantage
function Aπ(st, at) gives rise to several practical algorithms.
Actor-critic approaches in [11] and [26] estimateAπ based on a
critic, which is usually the estimation ofQπ orV π . For example,
considering a parameterized critic Vω(st) which estimates V π ,
and thenAπ(st, at) can be estimated by the temporal-deference
(TD) method:A(st, at) = rt + γVω(st+1)− Vω(st). The critic
needs to be updated to approach to the true value function. For

the critic Vω(st), we update the parameters ω by minimizing the
loss

J(ω) = Êt[(Vω(st)− yt)2], (5)

where yt = rt + γVω̄(st+1), and Vω̄ is the target state-value
function [27] and the parameters ω̄ are periodically updated
with the most recent ω to stabilize learning process. To solve
the above optimization problem, we can adopt stochastic opti-
mization algorithms such as stochastic gradient descent (SGD)
or Adam [28]. Actor-critic iteratively updates θ and ω using
sampled data by interacting with the environment.

It is worth mentioning that the aforementioned approach
is just a typical example of the policy-based framework, and
the detailed form may vary in different practical algorithms.
Policy gradient methods are known to exhibit high variance
gradient estimates, and it is exacerbated in multi-agent settings.
In some cases, the probability of taking a gradient step in the
correct direction decreases exponentially with the number of
agents [23].

III. SYSTEM MODEL AND PROPAGATION MODEL

A. System Model

We consider a two-tier heterogeneous network (HetNet),
which consists of M mmWave small base stations (SBSs)
and N moving UEs, as well as a macro base station (MBS)
using microwave band. We denote the base stations set as
M = {0, 1, 2, . . . ,M}, where 0 is the index of the MBS, and
denote the UE set as N = {1, 2, . . . , N}. We assume the total
number of UEs in the HetNet will not change [17]. Besides, we
consider an exemplary model: each UE is served by one SBS or
MBS. Coordinated multiple point transmission (COMP), which
allows a UE to be served by multiple base stations (BSs) are not
considered herein.

The microwave MBS adopts an omnidirectional antenna and
eliminates intra-interference by assigning non-overlapping sub-
channels to served UEs equally. However, UEs served by the
MBS would suffer from inter-cell interference from neighbor
MBSs. We assume that the mmWave SBSs are homogeneous
and equipped with massive antennas. Because of the excellent
directivity of the mmWave beams, the intra-interference of SBSs
can be eliminated by appropriate spatial precoding when the
number of UEs is relatively small. Thereby, we assume all SBSs
employ the same frequency band, and UEs can access to the full
bandwidth of each SBS. We denote the available bandwidth of
SBSs and MBS as WS and WM , respectively.

As shown in Fig. 1, during the move, UEs may switch to an-
other SBS or MBS and require resources (bandwidth or power)
from the connected base station. We set the number of UEs
served by each BS as the public information. Each UE makes
decisions, including BS selection and power requirement, based
on its local observations, which consist of signal measurement
report, current serving BS, and the public information. The BS
allocates transmission power to served UEs proportionally based
on power requirements from all UEs under the constraint of
total power. Details about power allocation are given in the
next section. We assume the system operates in a synchronous
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Fig. 1. An illustration of a HetNet system.

equal-length time-step fashion [4], where the time is slotted as
t = 0, 1, . . .. The length of the time-step is denoted as ΔT . In
each time-step, the UEs can switch connection from the current
serving BS to another BS, or maintain the current connection,
and then the BSs allocate transmission power to served UEs
according to all requirements.

We assume the MBS also plays a role of a central processor
(CP), which can obtain global information in the centralized
training framework and provide cloud computing for our learn-
ing missions. We will propose the MAPPO by introducing
centralized training with decentralized execution framework.
The CP of the MBS learns a centralized critic and a decentralized
policy for each UE using our learning algorithm, which would be
presented in section V. In the learning process, each UE updates
its policy from the recent learning results of the CP periodically.

B. Propagation Model

In this subsection, we give the signal propagation models
between SBS (MBS) and UEs.

1) propagation model of the microwave MBS: We assume
that the MBS is equipped with an omnidirectional antenna to
guarantee coverage area so that there is no extra antenna gain.
We adopt the path loss (in dB) model for microwave band in [17],
which is expressed by

PL(d)[dB] = αM + 10κM log10(d) + ψ + ξ, (6)

where d is the distance in meters, κM is the path loss exponent
which represents the slope of the best linear fit to the propagation
measurement in the microwave band, αM is the path loss factor,
ψ is random small-scale fading, and ξ is the random lognormal
shadowing.

For UE u, let d0
u denote the distance between the UE u and

MBS, and p0
u denotes the transmission power of MBS allocated

to the UE u, which satisfies
∑

u p
0
u = PM . For the microwave

band, we need to consider cochannel interference due to the
shared bandwidth. When the UE u is connected to MBS, the
received SINR can be expressed as

SINRu =
PL−1(d0

u)p
0
u

Iu +NMw0
u

, (7)

where Iu is the cochannel interference, NM is the noise power
spectral density of the MBS, and w0

u denotes the bandwidth
allocated to the UE u by the MBS. The interference is the sum
power received on the UE side, which is from MBSs of adjacent
macrocells.

2) propagation model of mmWave SBSs: For SBSs, because
of the unique propagation characteristic of mmWave, we con-
sider a probabilistic LOS-NLOS model in 3GPP standard [13].
That is, the channel state between UEs and SBSs can vary
between the two states: Line-of-Sight (LOS) and Non-Line-
of-Sight (NLOS). Let ϑmu denote the LOS probability of the
link between the SBS m ∈M,m �= 0 and the UE u. ϑmu can
be obtained by using the high-resolution map of surround-
ings [17]. [29] proposed an estimation method for LOS prob-
ability by utilizing the building density of the area. According
to [29], the LOS probability between the SBS m and the UE u
is given by1

ϑmu = exp

(
−2DBXBd

m
u

π

)
,m �= 0 (8)

where DB is the building density, XB is the expectation length
of buildings, and dmu is the distance between the UE u and the
BS m.

Similar to [13], the path loss model for SBSs is given by

pl(d)[dB] = αS + 10κS log10(d), (9)

where d is the distance, αS and κS are the path loss factor and
exponential decay factor, respectively. The values of αS and κS
are different for LOS and NLOS states. The small-scale fadingψ
in (6) can be neglected in mmWave band. Besides, the shadowing
ξ in (6) is also ignored for SBSs since the probabilistic LOS-
NLOS model emulates a similar effect to shadowing.

We assume that all SBSs are equipped with directional an-
tennas that are necessary to support beamforming and beam
tracking for mmWave system, and UEs are equipped with omni-
directional antennas so that the antenna gains are only accounted
at SBSs side. As in [13] and [30], antenna gain is given by

g(φ) =

{
gmax, if |φ| < φs

2

gmin, otherwise
(10)

where φ is the angle between UE and SBS, and φs is the width
of the antenna main lobe. We assume the perfect beam tracking
is performed. Therefore, the UE is always in the main lobe, so
that UEs obtain a high antenna gain gmax when connecting to a
SBS.

The interference can be ignored for mmWave-SBS [13], [30].
For a UE u, the Signal to Noise Ratio (SNR) when associated
with the SBS m can be expressed as

SNRm
u =

gmaxpl
−1(dmu )pmu

NSWS
,m ∈M&m �= 0, (11)

where pmu is the transmission power allocated to the UE u by the
SBS m, which satisfies the total power constraint Σup

m
u = PS ,

and NS is the noise power spectral density of SBSs.

1Here, π is Pi, not the policy.
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We assume that the length of the time step ΔT is smaller than
the coherent time of the channel so that SNRs and SINRs of all
UEs keep constant in each time step.

IV. PROBLEM FORMULATION

We aim to optimize the handover and power allocation to
maximize the overall throughput and reduce the handover fre-
quency in the HetNet system. Considering the decisions of
UEs are interactive, we model the problem in the multiple
UEs system as a fully cooperative multi-agent task. As men-
tioned in section II, this problem can be represented by Γ =<
S,A, P, r,Z,O, N, γ >.

A. Action

The action of each UE includes BS selection and power re-
quirement. In order to ensure that the power is sufficient to satisfy
UEs’ basic requirements, the total power PS is divided into P a

S

for adaptive allocation and P e
S for equal allocation. Similarly,

the total power PM of MBS is separated into PM = P a
M + P e

M .
At the time step t, the action of UE u can be expressed as a

tuple

aut = (but , q
u
t ), (12)

where but ∈M ≡ {0, 1, . . . ,M} is the selected BS, and qut ∈
{0, 1, . . . , qmax} is the discrete power requirement factor which
suggests how much power should be allocated to UE u by the
selected BS but . At the beginning of each time slot, each UE u
sends the power requirement factor qut to the target BS but , and
then the target BS allocates power to served UEs according to
the proportion of power requirement factors. Suppose but = m ∈
M. When m = 0, the MBS allocates the transmission power
p0
u(t) to UE u based on the following criterion

p0
u(t) =

qut P
a
M

Σi∈N 1{bit = 0}qit
+

P e
M

Σi∈N 1{bit = 0} , (13)

where 1{·} is the indicator function and Σi1{bit = 0} indicates
the total number of UEs connected to MBS. When m �= 0, the
transmission power allocated by SBS m to UE u is

pmu (t) =
qut P

a
S

Σi∈N 1{bit = m}qit
+

P e
S

Σi∈N 1{bit = m} , (14)

where Σi1{bit = m} indicates the total number of UEs con-
nected to SBS m.

We denote A as the action space of UEs, i.e., aut ∈ A, ∀u ∈
N . The joint action of all UEs is defined as

at = (a1
t , a

2
t , . . . , a

N
t ). (15)

It can be seen from (13) and (14) that the power allocation of
each UE is decided by all {qut }s of UEs connected to the same
BS. Obviously, the greedy power allocation policy qut = qmax

which maximizes the individual reward is not optimal in terms
of maximizing the common reward in (21). Therefore, we will
optimize the power allocation by centralized training, as stated
at the end of this section.

B. State and Observation

The observation of each UE includes its BS connection, signal
measurement, and the the number of UEs served by each BS.

The current serving BS of the UE u is chosen at the last time
step, i.e., but−1. The public information is sent to UEs by the
MBS at the start of each time step. For the BS m ∈M, the
number of served UEs Um

t = Σu∈N 1{but−1 = m}. Therefore,
the public information at time step t isU t = (U 0

t , U
1
t , . . . , U

M
t ).

The signal measurements from MBS and SBSs to UE u are
denoted by Su

0 (t) and Sm
u (t),m �= 0, respectively. At the be-

ginning of each time step t, each BS broadcasts reference
signals to all UEs, and then each UE u can measure the SINR
and SNRs of reference signals from MBS or SBSs. Denoting
Su

t = (Su
0 (t), S

u
1 (t), . . . , S

u
M (t))) as the signal measurements

for UE u at the time step t, the observation of the UE u at the
time step t can be represented by

zut = (Su
t ,U t, b

u
t−1). (16)

We define the global state as the ensemble of observations of all
UEs:

st = (z1
t , z

2
t , . . . , z

N
t ) ∈ S, (17)

where S is the state space.

C. Reward

Firstly, for a UE u with but = m, the throughput can be
expressed as

Ru(zut ,at) =

{
WS log(1 + SNRm

u ),m �= 0
w0

u log(1 + SINRu),m = 0
(18)

where w0
u = WM

Σu∈N1{but =0} .
Secondly, we define a HO penalty: if the target BS but is

different from the current serving BS but−1, there will be a HO
penalty. The HO penalty of UE u is defined as

Cu
HO(z

u
t , a

u
t ) = 1{but �= but−1}. (19)

Besides, there is a interruption when HO occurs. We denote
Tq ≤ ΔT as the interruption time. Therefore, the local reward
of UE u in the time step t is defined as

ru(zut ,at) = (ΔT − TqCu
HO(z

u
t , a

u
t )) Ru(zut ,at)

− βCu
HO(z

u
t , a

u
t ), (20)

where β ≥ 0 is the weighting factor.
To maximize the long-term overall throughput and reduce

the HO frequency, we model this problem as a fully cooperative
multi-agent task, where UEs have the following common reward

r(st,at) = ΣN
u=1r

u(zut ,at). (21)

This common reward can guide RL algorithms to achieve the
tradeoff between overall throughput and HO frequency by ad-
justing the weighting factor β. For convenience, in the rest of
the paper, we abbreviate r(st,at) as rt and ru(zut ,at) as rut .
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D. Problem Formulation

For the multi-agent task Γ, our objective is to maximize η(π)
defined in (2) by determining the optimal policy π. One idea
is to consider a fully centralized learning framework, where all
UEs are treated as a single super-agent. In the fully centralized
learning framework, we assume CP can know the global state
st and joint action at, and learn a centralized policy π using
traditional RL algorithms such as PPO [24]. In this case, the
problem can be formulated as

max
π

η(π), (22)

where the centralized policyπ makes decisions for all UEs based
on the global state, i.e., at ∼ π(at|st). Thereby, the global state
st is always needed in both the learning and execution phase.
However, making decisions according to all UEs’ observations is
usually impractical, since it may cause the privacy problem [31]
and heavy signaling overhead. Besides, the centralized policy π
learned by a single-agent RL method may be the best in theory.
However, in practical implementations, the action space of π
grows exponentially with the number of UEs N , which makes
the learning algorithm difficult to obtain the optimal solution
with increase of N .

Therefore, we aim to determine decentralized polices for each
UE, rather than a centralized policy, by centralized learning. In
particular, at the beginning of the time step t, UE u, ∀u ∈ N
selects an action aut based on the current individual observation
zut using the decentralized policy πu, i.e., aut ∼ πu(aut |zut ). We
assume that during the learning phase, each BS m can know
(zut , a

u
t , r

u
t ) of all UEs with but = m, and CP in MBS can

obtain (st,at, rt) by communication with SBSs. The centralized
learning is implemented in CP based on sampled trajectories
τ = {st,at, rt}Tt=1, where T is the sample length. Once the
optimal decentralized policies are determined, UEs can make
decision based on local observation. Therefore, the problem can
be formulated as

max
Π={π1,...,πN}

η(π). (23)

Since each UE makes decisions independently, the joint policy
π is to the product of individual policies,

π(at|st) =
N∏

u=1

πu(aut |zut ). (24)

V. LEARNING ALGORITHM FOR MULTI-AGENT TASK

In this section, we investigate the optimization method for
solving (23). The optimal joint policy π∗ can possibly be found
by applying local iterative ascent. That is, starting with an initial
guess denoted byπold, update toπ such that the target function η
increases at each iteration of the algorithm, i.e., η(π) > η(πold).

Lemma 1 [32]: Let πold denote the current policy. For an
arbitrary updated policy π, the expected discount return η(π)

can be expressed as

η(π) = η(πold) + Es0,a0,...∼π

{ ∞∑
t=0

γtAπold(s,a)

}

= η(πold) +
∑
s

∞∑
t=0

γtP (st = s|π)
∑
a∈A

π(a|s)Aπold(s,a)

= η(πold) +
∑
s

ρπ(s)
∑
a∈A

π(a|s)Aπold(s,a)

= η(πold) +
1

1− γEπ{Aπold(s,a)}, (25)

where ρπ(s) is the (unnormalized) discounted visitation fre-
quency

ρπ(s) =

∞∑
t=0

γtP (st = s|π), ∀s ∈ S, (26)

and the initial state s0 ∼ ρ0(s0). In (25), Eπ{· · · } =∑
s ρ̄π(s)

∑
a∈A π(a|s)[· · · ], in which ρ̄π(s) = (1− γ)ρπ(s)

is the normalized discounted visitation frequency. In order to
avoid confusion, we stress that ρ0(s0) and ρπ(·) are different
notations.

It can be seen from (25) that to guarantee η(π) ≥ η(πold),
there should be Eπ{Aπold(s,a)} ≥ 0. However, it is difficult
to optimize the Equation (25) directly due to the complex
dependency of ρπ(s) on π. Therefore, we make a following
approximation to η(π)

Fπold (Π) = η(πold)

+
1

1− γEπold

{
N∑

u=1

πu(au|zu)
πu
old(a

u|zu)A
πold(s,a)

}
.

(27)

For each UE u, we assume the current policy πu
old is a

differentiable function of the parameter vector θuold, and πu

is a differentiable function of the parameter vector θu. We
denote θold = {θ1

old, . . . , θ
N
old} and θ = {θ1, . . . , θN}. When

θ = θold, we have the following Lemma
Lemma 2:

Fπold(Π)|θ=θold = η(π)|θ=θold

∇θFπold(Π)|θ=θold = ∇θη(π)|θ=θold . (28)

Proof: : According to the definition of Fπold(Π) and η(π),
we have

Fπold(Π)|θ=θold = η(π)|θ=θold = η(πold), (29)

since

Eπold{Aπold(s,a)} = 0. (30)

The gradient of η(π) is given by

∇θη(π) =
∑
s

ρπ(s)
∑
a

∇θπ(a|s)Aπold(s,a)
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=
∑
s

ρπ(s)
∑
a

π(a|s)∇θ logπ(a|s)Aπold(s,a)

=
∑
s

ρπ(s)
∑
a

π(a|s)
∑
u

∇θπ
u(au|zu)

πu(au|zu) Aπold(s,a).

(31)

Therefore, when θ = θold, the following equation holds

∇θη(π)|θ=θold

=
1

1− γEπold

{
N∑

u=1

∇θπ
u(au|zu)

πu
old(a

u|zu) A
πold(s,a)

}
|θ=θold

= ∇θFπold(Π)|θ=θold . (32)

�
Lemma 2 implies that for a given πold, when the update step

from θold to θ is sufficiently small, improving the objective
Fπold(Π) will also guarantee the target η(π) is non-decreasing.
However, it is not explicit that how big of an update step to
take. Therefore, based on Lemma 2, we derive the following
Theorem,

Theorem 1: : Let DKL(·‖·) denote the Kullback-Leibler
(KL) divergence which can measure the similarity be-
tween two probability distributions, and Dmax

KL (πu
old‖πu) =

maxzu DKL(π
u
old(·|zu)‖πu(·|zu)), ∀u. Let

Mπold(Π) = Fπold(Π)− Cmax
u

√
Dmax

KL (πu
old, π

u), (33)

where C = 4Nε
(1−γ) and ε = maxs,a |Aπold(s,a)|. Then we have

the following results

η(π) ≥Mπold(Π),

η(πold) =Mπold(Πold), (34)

where Πold = {πu
old, . . . , π

u
old}.

Proof: We provide the proof in Appendix A.
Theorem 1 implies that for a given πold, maximizing

Mπold(Π) guarantees the non-decreasing of the original ob-
jective η(π). Therefore, maximizing Mπold(Π) iteratively will
finally solve the original problem. In order to take larger
update steps in a robust way, similar to [32], we maximize
Fπold(Π)with constraintsDmax

KL (πu
old, π

u) ≤ δ, ∀u. By expand-
ing Fπold(Π) with (27), the problem of maximizing Mπold(Π)
can be reformulated as

max
θ

Eπold

{
N∑

u=1

πu(au|zu)
πu
old(a

u|zu)A
πold(s,a)

}
(35a)

subject to : Dmax
KL (πu

old‖πu) ≤ δ, ∀u. (35b)

We call (35b) as the trust region constraints, which restrain the
update size of the decentralized policies.

However, the trust region constraints are imposed on every
observation point, which makes the problem in (35) impractical
to solve. In order to make the optimization process more simple,
similar to the proximal policy optimization (PPO) in [24], we
remove the trust region constraints by applying the clip function
on each individual policy, and transform the problem in (35) to

the following unconstrained problem

max
{θ1,...θu}

Eπold

{
N∑

u=1

f(r(θu), Aπold(s,a))

}
(36)

where

f(r(θu), Aπold(s,a))

= min{r(θu)Aπold(s,a), cε(r(θu))Aπold(s,a)}. (37)

In (37), the clip function cε(x) restricts x into the interval [1−
ε, 1 + ε], and r(θu) = πu(au|zu)

πuold(a
u|zu) is the probability ratio for UE

u.
As the equation (36) implies, the incentive moving each r(θu)

outside of the interval [1− ε, 1 + ε] is removed. Thereby, the
policy update can be limited to a small range. Empirically, the
clipping mechanism can effectively restrict the r(θu) to the clip
range [24].

Lemma 3: For a certain ε, if 1− ε ≤ r(θu) ≤ 1 + ε holds
for all zu and au, the trust region constraints in (35b) could also
be guaranteed.

Proof: Suppose a discrete action space.2 If log 1
1−ε ≤ δ, we

have

DKL(π
u
old(·|zu)‖πu(·|zu))

=
∑
au∈A

πu
old(a

u|zu) log π
u
old(a

u|zu)
πu(au|zu)

≤
∑
au∈A

πu
old(a

u|zu) log
(

1
1− ε

)
= log

1
1− ε ≤ δ. (38)

�
The problem in (36) can be solved by the gradient ascent

method. The gradient of the objective function is

Δθ = Eπold

{
N∑

u=1

∇θf(r(θ
u), Aπold(s,a))

}
. (39)

Therefore, for each individual policy πu, the policy gradient is

Δθu = Eπold{∇θuf(r(θ
u), Aπold(s,a))}, ∀u. (40)

Based on the policy gradient (40), we will investigate two prac-
tical algorithms to obtain the sub-optimal decentralized policies
{π1, . . . , πN}: IPPO, which is a straightforward decentralized
algorithm, and MAPPO based on centralized training frame-
work.

A. Independent PPO

Inspired by the independent Q-learning in [33], we propose
an independent proximal policy optimization (IPPO). IPPO is
to implement the PPO algorithm on each UE independently,
where each UE learns with its own actor and critic. In IPPO,
each UE u learns according to the individual trajectory τu =
{zut , aut , rt}Tt=1, where rt is the common reward broadcast by
MBS to all UEs.

2It is straightforward to extend the result to a continuous action space by
replacing the sums with integrals.
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It can be seen from the policy gradients in (40), the policy
gradient Δθu depends on decentralized policy πu and joint
advantage function Aπold(s,a). In the independent learning,
due to the lack of global state st and joint action at, we can only
estimate the advantage function in (40) for each UE u based on
the shared reward rt and each UE’s local information.

For each UE u, the critic is the parameterized function
Vωu(z

u) with parameters ωu, and the advantage function
Aπold(st,at) is estimated by the truncated version of gener-
alized advantage estimation (GAE) in [26],

Au
t = δt + (γλ)δt+1 + · · ·+ (γλ)T δT , (41)

where δt = rt + γVω̄u(z
u
t+1)− Vω̄u(zut ), and Vω̄u is the target

local critic of UE u.
In the practical implementation, the policy gradient for each

UE u is calculated as

Δθu = ∇θuÊt{f(rt(θu), Au
t )}, (42)

where Êt{·} is the sample average, and rt(θu) =
πu(aut |zut )
πuold(a

u
t |zut ) .

As suggested in Sec. II, the critic also need to be updated to
approach to the accurate value function. According to [24], [34],
we update each critic by minimizing the loss function

J(ωu) = Êt[(y
u
t − Vω(zut ))2], (43)

where yut = Au
t + Vω̄u(z

u
t ).

In summary, in IPPO, for the given policy πu
old with parame-

ters θuold and corresponding trajectory τu, to get the sub-optimal
solution to (36), we iteratively update θu with the gradient in
(42) andwu by minimizing (43). Then, θuold and w̄u are updated
iteratively until the learning process terminals.

The learning process for each UE u is presented in Algo-
rithm 1, where L is the maximum iteration rounds, K is the
number of training epoch, and B is the minibatch size.

However, the absence of the global state causes that the local
critic cannot well approximate the true global state-value func-
tion V πold(st). Thereby, the advantage function Aπold(st,at)
can not be estimated accurately. Besides, due to the lack of joint
action information, it is challenging to learn cooperative policies,
and for each UE, it is difficult to estimate the influences of its
actions on the common reward.

B. Multi-Agent PPO

In this subsection, we develop a MAPPO algorithm in the
centralized training with decentralized execution framework.
That is, we use global information to train decentralized policies
for each UE. In the practical system, we assume the global
information is collected by MBS, and the learning task is finished
in CP of MBS.

Note that the policy gradients in (40) are related to the joint
advantage function Aπold(s,a). Therefore, we consider a de-
centralized actors and centralized critics framework. We assume
that the global information, including st and at, is available for
training. The centralized critic estimates the joint value function
(Q or V ) based on global information. The decentralized actors
make decisions only based on UEs’ local observations. After the
training process, global information is not needed, and UEs can

Fig. 2. Overview of our centralized critic and decentralized actor framework.

Algorithm 1: PPO for Each UE u.
Initiate Vωu , πu. Initiate πold with θuold ← θu, and Vω̄u with
ω̄u ← ωu

for iteration = 1, 2, . . . , L
for an episode t=1, 2, . . . , T

UE executes action according to πold(aut |zut )
Get the reward rt, and the next observation zut+1

end for
Get a trajectory: τ = {zut , aut , rt}Tt=1
Compute advantages {Au

t }Tt=1 using (42)
Compute yut = Vω̄u(z

u
t ) +Au

t

Get data {zut , aut , yut , Au
t }Tt=1

for k =1, 2, . . . ,K
Shuffle the data’s order and renumber
for j=0, 1, . . . , TB − 1

Select B group of data {zui , aui , yui , Au
i }B(j+1)

i=1+Bj

Compute gradient:
Δθu = 1

B

∑B
i=1{∇θuf(ri(θ

u), Au
i )}

Δωu = 1
B

∑B
i=1{∇ωu(y

u
i − Vωu(zui ))2}

Apply gradient ascent on θu using Δθu by Adam
Apply gradient descent on ωu using Δωu by
Adam

end for
end for
update θuold ← θu and ω̄u ← ωu

end for

choose actions in a decentralized manner. In Fig. 2, we depict the
overview of the centralized training with decentralized executing
framework, where the gray and dotted line parts only are needed
during the training process.

An explicit centralized critic is the estimated state-value func-
tion Vωu(st), where ωu is the critic parameters of the UE u. In
RL, the expectation is replaced by sample averages. Hence, we
update each policy using the following gradient,

Δθu = ∇θuÊt{f(rt(θu), Au(st,at))}, (44)

where Au(st,at) is the estimation of Aπold(st,at), and it is
calculated by GAE with the target value function Vω̄u(st). We
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must stress that, although UEs have their own critics, these critics
estimate the same state-value function and are trained based on
the same data. Thereby, all value functions Vωu with different
u should be the same in theory, so that such critics provide the
same advantage function estimation for each UE. Therefore, it
is not explicit that how a particular agent’s actions contribute
to the common reward, which causes the credit assignment
problem [25].

In order to address the credit assignment problem, we adopt
the counterfactual baseline proposed by [25]. We utilize a
centralized critic Qωu(st,at) to estimate action-value function
Qπold(st,at). We denote joint quantities over UEs other than
a given UE u with the superscript −u, e.g., a joint action other
than the UE u is a−ut . Then the advantage function for each
UE u is calculated by comparing the Q-value estimated by the
critic for the executed action aut to a counterfactual baseline that
marginalizes out aut , while keeping actions of other UEs fixed:

Au(st,at) = Q̂u(st,at)− b(st,a−ut ), (45)

where b(st,a−ut ) =
∑

au π
u
old(a

u|zut )Qωu(st, (a
−u
t , au)) is the

counterfactual baseline, and Q̂u(st,at) is the estimation of
Qπold(st,at). Q̂u(st,at) is computed by the truncated version
of TD(λ) [11]

Q̂u(st,at) = Qω̄u(st,at) + δt + (γλ)δt+1 + · · ·+ (γλ)T δT ,
(46)

where the TD error δt = rt + γQω̄u(st+1,at+1)−
Qω̄u(st,at). Therefore, (45) computes a separate advantage
function for each UE that uses the centralized critic to infer
counterfactuals in which only the UE u’s action changes.
Although each Q̂u(st,at) is calculated by using different
critics, they estimate the same joint action-value function
Qπold(st,at).

In this paper, we consider a discrete action spaceA. The output
node of the deep neural network (DNN) of a typical critic is
1. When the state-action pair (st,at) is input to the critic, we
get a scalarQωu(st,at). Thereby, computing the counterfactual
baseline for one UE needs |A| times evaluation. It would be
time-consuming when the action space size is large. In order to
improve the evaluation efficiency, we adopt the critic structure
in [25]. As presented in Fig. 3, the input of the NN of the critic
for agent u is (st,a−ut ), and then the network outputs all the
state-action values of the agent u. The critic structure in Fig. 3
requires that each UE has a critic. Otherwise, the critic can not
distinguish which UE’s action is marginalized.

Algorithm: The whole pseudo-code of MAPPO is presented
in Algorithm 2. We construct the critic for each UE with the
structure in Fig. 3. The criticQωu and actorπu are parameterized
by ωu and θu, respectively. We assign the policy parameters θu

and ωu to the current policy πu
old and the target critic Qω̄u ,

respectively. L is the maximum iteration round.
In the period of data collecting, each UE interacts with the

environment using policy πu
old. Because the time scale can be

regarded as infinity in wireless communication systems, we do
not need to consider the terminal state. In each round of iteration,
each UE u collects a T -timestep trajectory τu. Then in the CP

Fig. 3. The diagram of the critic’s structure.

of MBS, {Au(st,at)}Tt=1 and {Q̂u(st,at)}Tt=1 are calculated
according to (45) and (46), respectively.

In the period of training, we update the parameters iteratively
in K epochs with collected data to improve the sample effi-
ciency. In each epoch, we randomly shuffle the order of data
and reorder them, by which the correlations between data are
broken and therefore the training process is stabilized [27].
With these sampled data, θu for all u are updated using the
gradient in (44) with minibatch Adam [28]. Also, for each
u, ωu is updated by minimizing the loss function J(ωu) =
(Q̂u(st,at)−Qωu(st,at))

2. After K epochs, we update θuold
and ω̄u to new θu and ωu for all UEs.

VI. NUMERICAL SIMULATION

In this section, we first give the simulations setups. Then we
present the simulation results with discussion and analysis.

A. Simulations Setups

HetNet settings: We consider a two-tier heterogeneous net-
work deployed in urban areas, which consists of a microwave
MBS and several mmWave SBSs. Let MS denote the num-
ber of SBSs. We default MS = 4, and N = 10. We describe
the location by Cartesian coordinates in meters. We assume a
circular area with a radius of 500 meters, where the MBS is
located at the origin (0,0), and four SBSs are located at (400,0),
(0,400), (−400, 0), and (0,−400), respectively. The default total
transmission power of SBSs and MBS arePS = 3W, andPM =
120W, respectively. Half ofPS andPM are allocated adaptively,
i.e., P a

S = PS
2 and P a

M = PM
2 . The log-normal shadow fading

of MBS ξ has zero mean and standard deviation 3 dB, and the
small-scale fading in non-dB form 10

ψ
10 obeys an exponential

distribution with unit mean. We summarize other simulation
parameters in the table I. We assume UEs are randomly dis-
tributed in the area at the beginning of each learning episode.
We adopt the Random Direction model in [35] to simulate the
UEs’ mobility patterns. The velocity is uniformly distributed in
the range [3, 20] m/s.

We demonstrate the simulation results by comparing our work
with following benchmark algorithms:
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TABLE I
SIMULATION PARAMETERS OF THE HETNET

Algorithm 2: Multi-Agent PPO.
Initiate critic Qωu and actor πu with θu, ∀u.
Initiate the current policies πu

old with θuold ← θu, and the
target critic Qω̄u with ω̄u ← ωu.

Initiate a memory buffer D
for iteration = 1, 2, . . . , L

s1 =initiate state
for an episode t=1, 2, . . . , T

Each agent u executes action according to
πu
old(a

u
t |zut )

Get the reward rt, and the next state st+1

end for
Get a trajectory for each UE u: τu = {zut , aut , rt}Tt=1

Compute {Q̂u(st,at)}Tt=1 according to (46)
Compute advantages {Au(sut ,at)}Tt=1 according to (45)

Store data {[zut , aut , Q̂u(st,at), A
u(st,at)}Nu=1]

T
t=1

into D
for k =1, 2, . . . ,K

Shuffle and renumber the data’s order
for j = 0, 1, . . . , TB − 1

Select B group of data Dj :
Dj = {[zui , aui , Q̂u(si,ai),

Au(si,ai)]
N
u=1}B(j+1)

i=1+Bj

for u = 1, 2, . . . , N
Δθu = 1

B

∑B
i=1{∇θuf(ri(θ

u), Au(si,ai))}
Δωu = 1

B

∑B
i=1{∇ωu(Q̂

u(si,ai)
−Qωu(si,ai))

2}
Apply gradient ascent on θu using Δθu by
Adam

Apply gradient descent on ωu using Δωu by
Adam

end for
end for

end for
Update θuold ← θu and ω̄u ← ωu for each UE u
Empty D

end for

1) A3C: [21] adopted A3C in [22] to address the HO problem.
In [21], UEs are treated as independent agents, and the
interactions among UEs are neglected. Each UE calculates
the policy gradient using the individual trajectory with lo-
cal reward, i.e., {zut , aut , rut }Tt=1, according to the equation
(4). Then, the calculated policy gradients of each UE are
asynchronously pushed to the global server for updating
policy parameters. The policy of each UE will be updated
from the global server, periodically. For comparison fair-
ness, when comparing with [21], we default that the reward
in the learning process is the shared reward rt rather than
the local reward rut .

2) MADDPG [23]: This method extends the deep determin-
istic policy gradient (DDPG) to multi-agent settings by
introducing a centralized training with decentralized exe-
cution framework. In MADDPG, each UE trains a private
policy and a centralized critic according to the global
information τ = {st,at, rt}, and the policy gradient is
calculated by

Δθu= Êt{∇θuπ
u(zut )∇auQωu(st,a

−u
t , au)|au=πu(zut )

},
(47)

where πu is the deterministic policy, and Qωu is the
centralized critic. Besides, the derivation in equation (47)
holds only for continuous actions. To support discrete
action space in this paper, the Gumbel-Softmax estimator
in [36] is adopted.

3) Central-V: Abbreviation for the MAPPO with central V,
which is a variant of MAPPO in Algorithm 2. In this
algorithm, we construct a centralized critic to estimate
the global state-value function, i.e., Vωu(st), and then the
advantage functionAu(st,at) is calculated by GAE using
the target value function Vω̄u(st). The other processes are
the same as those in Algorithm 2.

4) CC-PPO: Abbreviation for the central controller obtained
by solving the problem (22) with the single-agent PPO
in [24]. In particular, we apply PPO to obtain the central-
ized policy π by treating all UEs in the system as a super
single-agent.

5) σsig: A simple Signal-based HO algorithm. UEs perform
HOs only based on the received signal measurements.
Specifically, UEs always switch to the BS with the highest
SNR or SINR when their SNR or SINR is lower than 0 dB,
and the power is allocated to connected UEs equally.

Hyperparameters: For MAPPO, IPPO, Central-V, and CC-
PPO, we use the Adam optimizer with a learning rateα = 3.5×
10−4 which is linearly annealed to 0 in the learning progress. We
parameterize the policies and critics by adopting the two-layer
Rectified Linear Unit (ReLU) Multi-Layer Perceptron (MLP)
with 64 units per layer. Although many existing works have
adopted recurrent neural networks (RNN), we use MLP for sim-
plicity. We set the maximum length of each episode T = 1024,
the number of epoch K = 4, the number of minibatch B = 4,
λ = 0.5, and the discount factor γ = 0.9. The clip range ε = 0.2
is the best empirical value [24]. For A3C and MADDPG, we also
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Fig. 4. Comparison of throughput performance between different algorithms.

adopt MLP as approximator and use the default hyperparameters
in [34] and [23] respectively, except for γ = 0.9.

Simulation platform: The simulation of the HetNet system
and algorithm programs are constructed in python 3.6, and the
neural networks are built and trained by using Tensorflow [37]
with version 1.7.0.

B. Simulation Results

In this subsection, unless otherwise specified, all learning
algorithms are guided by the shared reward rt with the HO
penalty weight factor β = 0.

Fig. 4 compares the throughput performance of different
approaches in the same HetNet system. It is shown that our
MAPPO significantly outperforms other methods, and σsig has
the worst performance. Although CC-PPO might be the best in
theory, it performs badly in the practical implementations. A
plausible cause is that learning a centralized policy with a large
action space is more difficult than learning multiple decentral-
ized polices with small action space. Surprisingly, IPPO achieves
similar throughput performance to the Central-V. A possible
reason for the relatively poor performance of Central-V is the
lack of explicit guidance for updating decentralized policies
because of the same advantage estimation. This result verifies
the benefit brought by applying the counterfactual baseline.
By comparing A3C and IPPO, we can find that although both
A3C and IPPO have not considered the interrelationship among
UEs, IPPO achieves more reasonable policies than A3C. This
result suggests that maximizing the clipped objective in IPPO
can achieve higher throughput than maximizing the traditional
objective in A3C. Among all learning algorithms, the rate of con-
vergence of MADDPG is the slowest. In MADDPG, 2.5 million
steps are required to make the throughput surpass 200 Mbps.
Although MADDPG also adopted a centralized training with
decentralized execution framework, the deterministic policy has
a poor exploration capability, and is easy to cause overestimation
of theQ function and thus bring severe fluctuation of the learning
curves. As a result, it performs relatively poorly in the considered
HetNet system.

TABLE II
THE COMPARISON OF AVERAGE THROUGHPUT (MBPS) BETWEEN MAPPO

AND CC-PPO OVER DIFFERENT NUMBER OF UES

Fig. 5. Throughput performance between different algorithms with different
reward conditions.

In Table II, we compare the average throughputs of MAPPO
and CC-PPO with different numbers of UEs.These results are
obtained by running 5 million steps of both two methods. When
the number of UEs is relatively small (N = 2 and 4), the
fully centralized learning method, CC-PPO, is superior to the
proposed MAPPO. However, when N = 6, the performance of
MAPPO overtakes CC-PPO, and the performance gap increases
with the increase of N . These comparisons further verify that
learning a centralized policy with a large action space is more
difficult than learning multiple decentralized polices with small
action space. Therefore, MAPPO is a more suitable learning
algorithm than CC-PPO in the HetNet system with large number
of UEs.

In Fig. 5, we compare the throughput performance of dif-
ferent algorithms (MAPPO, IPPO, A3C) with shared and local
rewards. We use the suffix ‘-S’ to indicate methods with shared
reward and ‘-L’ to indicate the methods with the local reward. In
the method with shared reward, the learning process is guided
by the shared reward rt, while in the method with local reward,
the actor and critic of each UE u are learned using the local
reward rut . For example, in MAPPO-L, the shared reward rt in
Fig. 2 is replaced by the local reward rut . The simulation results
show that MAPPO-S achieves the maximum throughput since
parameters in critics are optimized based on shared rewards.
Although MAPPO-S and IPPO-S achieve higher steady-state
value than MAPPO-L and IPPO-L, respectively, MAPPO-L and
IPPO-L have faster rate of convergence than their counterparts.
Because the global state and joint action information are used
during learning, MAPPO-L performs better than other methods
except MAPPO-S. Simulation results suggest that in some cases
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Fig. 6. The throughput performance comparisons between HO-only and joint
optimization scheme.

Fig. 7. The tradeoff between HO rate and throughput with different β.

with low-latency requirements, MAPPO-L can be applied to
reduce the learning time.

In Fig. 6, we investigate the performance gain brought by
power allocation by comparing joint optimization with HO-only
optimization. In the HO-only scheme, we only optimize HO
decisions, and the transmit power is equally allocated to UEs
served by the same BS. The suffix ‘-H’ and ‘-J’ are used to
indicate the HO-only scheme and joint optimization scheme,
respectively. It is shown that, for MAPPO and IPPO, joint opti-
mization can achieve a notable performance gain compared with
HO-only schemes. In A3C, joint optimization achieves worse
performance than HO-only partly because the power allocation
leads to a larger action space and thus enhances the complexity
of the learning process. Therefore, in comparison with A3C,
MAPPO and IPPO can still perform excellently in a larger action
space.

In Fig. 7, we vary the the weight factor of HO penalty β in
the reward to balance the throughput and HO frequency. We run
MAPPO for 5× 106 steps and test 104 independent Monte-Carlo
episodes. There are 25 time steps in each episode. Obviously, in-
creasingβ encourages the algorithm to lower both HO frequency

Fig. 8. Overall throughput versus different transmission power using MAPPO
with different N .

Fig. 9. Average throughput per UE versus different number of UEs.

and throughput. We can find that the HO frequency decreases
significantly from 2.85% to 1.36% as β increases from 0 to
5× 106. However, with the increasing of β, the effect of β on
the HO rate gradually decreases. Specifically, when β increases
from 10× 106 to 50× 106, the HO frequency remains approx-
imately unchanged (slightly decreases from 0.94% to 0.85%),
while the throughput has an apparent degradation. Results in
Fig. 7 provide meaningful reference for choosing appropriate β
to achieve the best tradeoff between throughput and HO rate.

In Fig. 8, we illustrate the overall throughput of the Het-
Net system versus the different transmission power PS when
MAPPO is applied. PM is fixed to 120 W . For the same number
of UEs N , the total throughput increases with the increasing
of PS . Meanwhile, we can see that due to multiuser diver-
sity, the power utilization efficiency improves as N increases.
In Fig. 9, we present the throughput per UE versus different
number of UEs in HetNet systems with MS = 4 and MS = 8.
In the system with MS = 8, the four added SBSs are located
at (100

√
2, 100

√
2), (−100

√
2, 100

√
2), (−100

√
2,−100

√
2),
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and (100
√

2,−100
√

2), respectively. It shows that the through-
put per UE decreases with the increasing ofN . When comparing
IPPO with MAPPO, we can find that the throughput gap in
the system with MS = 8 is bigger than that in the system with
MS = 4, which implies that MAPPO performs better than IPPO
in a larger action space.

VII. CONCLUSION

This paper has investigated the joint HO and power allocation
in a HetNet system with multiple UEs, in which the objective
is to maximize the overall throughput while reducing the HO
frequency. The problem is formulated as a fully cooperative
multi-agent task. To solve the multi-agent task, we derive the
theoretical lower bound of the objective function and policy gra-
dients of decentralized policies. Based on derived policy gradi-
ents, a MARL algorithm-MAPPO, is developed. In MAPPO, we
apply global information to train decentralized policies for each
UE. Simulation results demonstrate that MAPPO can achieve
better performance than existing methods in the considered
HetNet system, and the frequent HO problem can be relieved
by adjusting the HO penalty factor in the reward function.

APPENDIX

PROOF OF THEOREM 1

Because the proof needs the coupling and total variation
divergence theory in [38], we begin the proof with the following
definition and proposition.

Definition 1 [32]: For each u, (πu
old, π

u) is an αu-coupled
policy pair if it defines a joint distribution (auold, a

u)|zu, such
that P (auold �= au|zu) ≤ αu for all zu. πu

old and πu denote the
marginal distributions of auold and au, respectively.

Let DTV (π
u
old(·|zu)||πu(·|zu)) = 1

2

∑
au |πu

old(a
u|zu)−

πu(au|zu)| denote the total variation divergence between the
probability distributions of πu

old(·|zu) and πu(·|zu), and denote
Dmax

TV (πu
old, π

u) = maxzu DTV (π
u
old(·|zu)||πu(·|zu)). Based

on the proposition 4.7 and remark 4.8 in [38], we have the
following proposition.

Proposition 1: : For each u, if Dmax
TV (πu

old, π
u) = αu, there

exists a joint distribution (auold, a
u)|zu, whose marginal distri-

butions are πu
old and πu, for whichP (auold �= au|zu) ≤ αu holds

for all zu.
This proposition will be used in the proof of Lemma 1.
To obtain the inequality relationship in (34), we first expand

Equations in (25) and (27), respectively,

η(π) = η(πold) +

∞∑
t=0

γt
∑
st

P (st|π)Ea∼π{Aπold(st,a)},
(48)

where Ea∼π{·} =
∑

a π(a|s)[·], and

Fπold(Π) = η(πold) +

∞∑
t=0

γt
∑
st

P (st|πold)

N∑
u=1

Ea∼πold

×
{
πu(au|zut )
πu
old(a

u|zut )
Aπold(st,a)

}
. (49)

For simplicity, we define π̃u(a|s) = πold(a|s) πu(au|zu)
πuold(a

u|zu) so

that Ea∼πold{ πu(au|zut )
πuold(a

u|zut ) [·]} in (49) can be replaced by Ea∼π̃u [·].
Then, Equation (49) can be re-denoted as

Fπold(Π) = η(πold)

+
∞∑
t=0

γt
∑
st

P (st|πold)
N∑

u=1

Ea∼π̃u{Aπold(st,a)}. (50)

Based on Equations (48) and (50), we get

|η(π)− Fπold(Π)|

=

∞∑
t=0

γt|
∑
st

P (st|π)Ea∼π{Aπold(st,a)}

−
∑
st

P (st|πold)

N∑
u=1

Ea∼π̃u{Aπold(st,a)}|

≤
∞∑
t=0

γt ·
(∑

st

P (st|π)|Ea∼π{Aπold(st,a)}|

+
∑
st

P (st|πold)
N∑

u=1

|Ea∼π̃u{Aπold(st,a)}|
)

(e)

≤
∞∑
t=0

γt · (2Nα∗ε
∑
st

P (st|πold) + 2Nα∗ε
∑
st

P (st|π))

=

∞∑
t=0

γt4Nα∗ε =
4Nα∗ε
1− γ , (51)

where α∗=maxuD
max
TV (πu

old, π
u), ∀u, ε=maxs,a |Aπold

(s,a)|, and the inequality (e) holds due to the following
Lemma.

Lemma 4: Let αu = Dmax
TV (πu

old, π
u), ∀u, α∗ = maxu α

u,
and ε = maxs,a |Aπold(s,a)|, we have

|Ea∼π{Aπold(s,a)}| ≤ 2Nα∗ε, (52)

and

N∑
u=1

|Ea∼π̃u{Aπold(s,a)}| ≤ 2Nα∗ε. (53)

Proof: For an any coupled policy pair (πu
old, π

u), ∀u, whose
marginal distributions are πu

old and πu, respectively, we have

|Ea∼π{Aπold(s,a)}|
(e)
= |E(a,aold)∼(π,πold){Aπold(s,a)−Aπold(s,aold)}|
= P (aold �= a|s)·
|E(a,aold)∼(π,πold)|a �=aold{Aπold(s,a)−Aπold(s,aold)}|
≤ P (aold �= a|s) · 2max

s,a
|Aπold(s,a)|

=

(
1−

N∏
u=1

P (auold = au|zu)
)
· 2ε, (54)
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where (e) follows from Ea∼πold{Aπold(s,a)} = 0. Accord-
ing to Proposition 1, there exists an αu-coupled policy pair
(πu

old, π
u) for each u, such that P (auold �= au|zu) ≤ αu for all

zu. Therefore, for each u, when (πu
old, π

u) is αu-coupled, we
have(

1−
N∏

u=1

P (auold = au|zu)
)
≤
(

1−
N∏

u=1

(1− αu)

)
. (55)

Since (54) holds for any coupled policy pair (πu
old, π

u) with
marginals πu

old and πu, it must hold for αu-coupled policy pair.
Therefore, based on (54) and (55), we get

|Ea∼π{Aπold(s,a)}| ≤ 2(1−
N∏

u=1

(1− αu))ε

≤ 2(1− (1− α∗)N )ε ≤ 2Nα∗ε. (56)

Next, we will prove (53) with the similar method. For any
coupled policy pair (πold, π̃u) that defines a joint distribution
(aold, ã)|s, where πold and π̃u are the marginals of aold and ã,
respectively, we have

|Ea∼π̃u{Aπold(s,a)}|
= |E(ã,aold)∼(π̃u,πold){Aπold(s, ã)−Aπold(s,aold)}|
= P (aold �= ã|s)
· |E(ã,aold)∼(π̃u,πold)|ã �=aold{Aπold(s, ã)−Aπold(s,aold)}|
≤ P (aold �= ã|s) · 2max

s,a
|Aπold(s,a)|. (57)

According to proposition 1, if Dmax
TV (πu

old, π̃u) = αu, there
exists an αu-coupled policy pair (πu

old, π̃u) so that
P (aold �= ã|s) ≤ αu, ∀s. We can prove Dmax

TV (πu
old, π̃u) =

Dmax
TV (πu

old, π
u) = αu by the following derivation

DTV (πold(·|s)||π̃u(·|s)) = 1
2

∑
a

|πold(a|s)− π̃u(a|s)|

=
1
2

∑
a

|
∏
i �=u

πi
old(a

i|zi) · (πu
old(a

u|zu)− πu
old(a

u|zu))|

=
∑
a−u

∏
i �=u

πi
old(a

i|zi)× 1
2

∑
au

|πu
old(a

u|zu)− πu
old(a

u|zu)|

= DTV (π
u
old(·|zu)||πu(·|zu)). (58)

Since (57) holds for an any coupled policy pair (πold, π̃u), we
have

|Ea∼π̃u{Aπold(s,a)}| ≤ 2αuε. (59)

Then, we get

N∑
u=1

|Ea∼π̃u{Aπold(s,a)}| ≤ 2ε ·
N∑

u=1

αu ≤ 2Nα∗ε. (60)

�
Based on (51), we thus obtain that

η(π) ≥ Fπold(Π)− 4Nε
(1− γ) max

u
Dmax

TV (πu
old, π

u). (61)

Finally, due to the relationship between TV divergence
and KL divergence [39], i.e., DTV (π

u
old(·|zu)||πu(·|zu))2 ≤

DKL(π
u
old(·|zu)||πu(·|zu)), we replace the TV divergence in

(61) by the KL divergence. Therefore,

η(π) ≥ Fπold(Π)− 4Nε
(1− γ) max

u

2

√
Dmax

KL (πu
old, π

u), (62)

where the equality holds when π = πold and Π = Πold.
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