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A B S T R A C T

In Beyond the Fifth Generation (B5G) heterogeneous edge networks, numerous users are multiplexed on a channel
or served on the same frequency resource block, in which case the transmitter applies coding and the receiver uses
interference cancellation. Unfortunately, uncoordinated radio resource allocation can reduce system throughput
and lead to user inequity, for this reason, in this paper, channel allocation and power allocation problems are
formulated to maximize the system sum rate and minimum user achievable rate. Since the construction model is
non-convex and the response variables are high-dimensional, a distributed Deep Reinforcement Learning (DRL)
framework called distributed Proximal Policy Optimization (PPO) is proposed to allocate or assign resources.
Specifically, several simulated agents are trained in a heterogeneous environment to find robust behaviors that
perform well in channel assignment and power allocation. Moreover, agents in the collection stage slow down,
which hinders the learning of other agents. Therefore, a preemption strategy is further proposed in this paper to
optimize the distributed PPO, form DP-PPO and successfully mitigate the straggler problem. The experimental
results show that our mechanism named DP-PPO improves the performance over other DRL methods.
1. Introduction

Because smart devices, mobile users and novel network traffic are
experiencing an explosive development, the capacity requirement of
Beyond-fifth-Generation (B5G) [1,2] communication systems is
increasing dramatically. Fortunately, distributed edge networks [3,4], as
a system-level innovation of B5G, where edge devices own the capacity of
local caching and extensive computing in heterogeneous networks, have
been made considerable progress. However, the innovative system is
accessed by the increasing number of mobile users. A promising tech-
nology, i.e., Non-Orthogonal Multiple Access (NOMA) [5,6] introduces
an extra power domain to allow multiple-access mobile users in the same
channel to be multiplexed. That is, at the transmitter superposition,
coding is applied; at the receiver, Successive Interference Cancellation
(SIC) is used. So, in the power domain, signals can be differentiated from
users. In conclusion, NOMA in B5G heterogeneous edge networks pro-
motes system communication capacity and user accessible capacity in
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terms of throughput.
NOMA is widely applied in communication scenarios to improve the

system or user throughput and reduce the demand of communication
bandwidth. Existing work shows obviously that the performance of edge
networks has been enhanced since the introduction of NOMA. First,
Mahmud et al. [7] studied the optimization problem of wireless resources
with the aid of NOMA in joint fog-cloud networks. Clearly, the whole
system sum rate was maximized. Then, Wu et al. [8] improved the
scheduling issue of radio resources via NOMA with the consideration of
multi-channel interference in downlink network edges. As a result, the
average user achievable rate was maximized. To achieve the better per-
formance comprehensively, i.e., maximizing throughput, a stochastic
optimization from a long-term perspective was used to describe the issue
of performance optimization. Mounchili et al. [9] managed the
energy-efficient congestion and proposed a novel power allocation
mechanism via stochastic optimization method, effectively ensuring the
trade-off between two metrics, i.e., latency and throughput, in
sity, Nanjing, China.
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NOMA-based heterogeneous micro-cell systems.
Nonetheless, the throughput optimization is still a challenging issue.

Some efficient approaches, i.e., matching theory, game theory, Lyapunov
optimization, etc., were proposed to guarantee the optimal performance
and ensure the stability of wireless communication systems. Elhattab
et al. [10], based on the theories of matching or Lyapunov, introduced an
optimization method for channel assignment and power allocation.
Specifically, the channel assignment acted as a two-side issue using
match theory. Meanwhile, power allocation mechanism was designed
with Lyapunov theory, assumed by ideal channel condition and arrived
power level. Since channel characteristics and arrived traffic among
mobile users were complicated, traditional methods were not able to
grasp the essential relationship. Fortunately, Qian et al. [11] proposed a
Deep Reinforcement Learning (DRL)-based NOMA system and maxi-
mized the whole system long-term throughput with the design of a novel
DRL method, jointly conducting the selection of channel condition and
power level.

In this paper, a DRL-based joint radio resource allocation method is
proposed to maximize the overall throughput in B5G heterogeneous edge
networks. Specifically, a distributed DRL framework named distributed
Proximal Policy Optimization (PPO) [12] is used to allocate resources in
an optimization-closed method. Several simulated agents are trained in a
heterogeneous environment to find robust behaviors that perform well in
channel assignment and power assignment. However, some agents in the
collection stage appear slows, which hinders the learning of other agents.
To alleviate the problem of straggler, a preemption strategy [13] is
further introduced to optimize distributed PPO, forming the novel
DP-PPO. In this way, DP-PPO can observe the better corresponding
rewards.

The main contributions of this paper can be summarized as follows.

� To study the whole throughput in B5G heterogeneous edge networks,
the influential factors, i.e., the system throughput and user fairness
are obtained. Then the novel throughput model is constructed ac-
cording to the system sum rate and user achievable rate.

� A distributed PPO approach with preemption strategy named DP-PPO
is designed to improve the throughput via the radio resource alloca-
tion, i.e., channel assignment and power allocation, which can
effectively explore the rich heterogeneous environment of each edge
network.

� Experiments based on synthetic traces are conducted to evaluate the
performance of the proposed DP-PPO mechanism. Comparing with
solutions of state-of-the-art methods, the superiority of our approach
can be demonstrated.

The rest of this paper is as follows. In Section II, the system model is
presented and the problem is formulated. In Section III, the wireless
resource allocation mechanism is presented. In Section IV, some experi-
mental analysis and evaluation are performed. In Section V, the full paper
is summarized.

2. Related work

In this section, the related work is divided to two parts, i.e., radio
resource allocation, and DRL method.

2.1. Radio resource allocation for edge networks

How to allocate resources in an optimal way, especially radio re-
sources, is a significant topic for designing the NOMA system. To solve
this problem, various approaches based on diverse techniques have been
proposed. For instance, Wang et al. [14] proposed an efficient power
allocation scheme, with a goal of maximizing the sum rate in single
carrier MONA systems. Specifically, they propose a two-step approach
that first transforms the problem of maximizing sum-rates into an
equivalent problem, and then solves the problem according to the
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minimization-maximization principle.
To effectively allocate multiple kinds of resources simultaneously,

numerous joint allocation proposals have been proposed by researchers.
In Ref. [15], the authors presented a sub-optimal joint allocation strategy
for power and channel, targeted to multi-carrier NOMA system. Similar
to the above proposal, they also adopted a two-step approach, the first of
which was to relaxing the power constraints. Then, the power weights
and assigned channels for each user were derived through dynamic
programming. Likewise, Kettimuthu et al. [16] proposed a joint resource
allocation algorithm to maximize the weighted system rate. They adop-
ted an iterative approach, allowing users to reformulate the original
problem to a convex function problem. After that, the local optimal so-
lution was acquired based on convex approximation method. Finally, the
researchers also noticed the Quality of Service (QoS) of resource allo-
cation in networks, further improving the achievable rate from user's
perspective [17,18].

In a brief, the existing work considers either the system sum rate or
the user achievable rate in edge scenarios.

2.2. DRL for radio resource allocation

Machine learning techniques, especially DRL methods [19], can help
to find the near optimal strategies for resource allocation. For example,
Monemizadeh et al. [20] put forward an efficient and robust deep
learning-based approach, enabling us to explore the channel state which
is unknown originally. Moreover, Meng et al. [21] proposed a fast rein-
forcement learning-based scheme for allocating power, greatly
improving the spectral efficiency of NOMA system. It is noted that to
overcome the dynamics, a Q-learning based method was adopted. Then,
in Ref. [22], the authors proposed an actor-critic reinforcement learning
algorithm to find near-optimal policies for scheduling users and allo-
cating resources with the help of HetNets to maximize energy usage.
Finally, in Ref. [23], Proximal Policy Optimization (PPO) is used as an
actor-critic framework to allocate channel resources and stably meet the
needs of distributed users. Generally speaking, DRL-based methods can
effectively improve the performance of radio resource allocation algo-
rithms, especially, PPO for channel assignment.

2.3. Our motivation

What we focus on in this paper is that two metrics, i.e., system
throughput and user achievable rate are jointly optimized in B5G het-
erogeneous edge networks, then distributed PPO with preemption
strategy is proposed to assign channels and allocate powers to improve
the throughput but alleviate the straggler.

3. System model and definition

In this section, the system model in B5G edges is constructed, and the
problem formulation for throughput improvement is illustrated,
respectively.

3.1. System model

Fig. 1 shows the scenario of B5G heterogeneous edge networks,
including a HPN, F-APs, massive mobile users, and a downlink multi-
carrier NOMA system.

Denote F(F¼ {1, 2, 3,…, f,…., j…..}) as the number of F-APs, O(O¼
{1, 2, 3,…, o….}) as the sum of all active users in f (f 2 F), B as the entire
communication bandwidth in f (f 2 F), and H(H ¼ {1, 2, 3, …, h …..}) as
the sum of divided channels, so each channel bandwidth is B0 ¼ B/H.
Denote T(T ¼ {0, 1, 2, …, t, .., }) as the whole time slots.

Denote ρf,j,o,h(t) as the channel gain at t (t 2 T) between j (j 2 F) and o
(o 2 O) in f (f 2 F) on h (h 2 H), ρf,o,h(t) as the channel gain at t (t 2 T)
between f (f 2 F) and o (o 2 O) in f (f 2 F) on h (h 2 H), ρΛf ;o;hðtÞ as the



Fig. 1. Radio resource allocation in B5G heterogeneous edge networks.
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channel gain at t (t 2 T) between HPN Λ and o (o 2O) on h (h 2H), τf,o,h(t)
as the transmission power at t (t 2 T) of o (o 2 O) in f (f 2 F) on h (h 2 H),
τΛo;hðtÞ as the transmission power at t (t 2 T) of o (o 2 O) in Λ on h (h 2 H),
cf,o,h(t) as a measurement of channel assignment at t (t 2 T). That is, if
cf,o,h(t)¼ 0, o (o 2O) cannot connect to f (f 2 F) via h (h 2H) at t (t 2 T). In
contrary, if cf,o,h(t) ¼ 1, o (o 2 O) can connect to f (f 2 F) via h (h 2 H) at t
(t 2 T). Denote ζf,o,h(t) as the power allocation coefficient of o (o 2 O) in f
(f 2 F) and Λ on h (h 2 H) at t (t 2 T).

Denote ϒΛ
f ;o;hðtÞ ¼

PO
i¼oþ1cf ;i;hðtÞτf ;i;hðtÞρf ;i;hðtÞ as the superposed

interference, decoding the signal of o (o 2 O) in f (f 2 F), caused by other
users shared h (h 2 H) in f (f 2 F) at t (t 2 T). Denote ϒci

f ;o;hðtÞ ¼PF
j¼1;j6¼f

PO
o¼1cf ;j;hðtÞτf ;j;hðtÞρf ;j;hðtÞ as the co-tier interference at t (t 2 T)

from other F-APs occupying one channel to o (o 2 O) in f (f 2 F). Denote
ϒct

f ;o;hðtÞ ¼
PO

o¼1τ
Λ
o;hðtÞρΛo;hðtÞ as the cross-tier interference at t (t 2 T) from

Λ to o (o 2 O) of f (f 2 F).
SIC is carried out in each o (o 2 O) of f (f 2 F). The SIC decoding

follows the descending order of received power. Therefore, the received
SINR γ of o (o 2 O) served by f (f 2 F) on h (h 2 H) in f (f 2 F) can be
calculated by

γf ;o;hðtÞ ¼
cf ;o;hðtÞζf ;o;hðtÞτf ;o;hðtÞρf ;o;hðtÞ

ϒΛ
f ;o;hðtÞ þ ϒci

f ;o;hðtÞ þ ϒct
f ;o;hðtÞ þ σ2

(1)

where σ2 means the power of additive white Gaussian noise [20]. The
signal from Λ to o (o 2 O) of f (f 2 F) is successfully decoded when the
signals with higher received power are successfully decoded and γf,o,h(t)
(o 2 O, f 2 F, h 2 H) is larger than the minimum required SINR threshold
ϱ.

In addition, three transmission paths chosen by o (o 2 O) are used to
retrieve traffic. When the requirement of traffic by o (o 2 O) is kept in f (f
2 F) for near F-APs, o (o 2 O) can access each f (f 2 F) and require for the
demand data, which greatly avoids the meaningless remote connection
and alleviates the traffic congestion. In other words, bandwidth relief can
be selected to indicate the reward of edge caching. It is noted that the
edge caching placement in the architecture is set as that in Refs. [24,25].

Denote mf,o as a caching allocation indicator, i.e., mf,o ¼ 1 represents
that o (o 2 O) in f (f 2 F) utilizes the edge caching, otherwise, mf,o ¼ 0. If
the revenue of edge caching is considered, the user achievable rate of o (o
2 O) in f (f 2 F) on h (h 2 H) at t (t 2 T) is written as

uf ;o;hðtÞ ¼ B0

�
1þ νqðnÞmf ;o

�
cf ;o;hðtÞlog2

�
1þ γf ;o;hðtÞ

�
(2)
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where ν represents the gain coefficient of edge caching. q(n) presents
request rates for the nth most popular page.

3.2. Optimization objective

In our scenario, active users send requirements to F, then the
controller collects the global information from F, in terms of caching
status, requirement information, channel condition and power level.
Moreover, controller automatically sends the execution instruction to
each f (f 2 F). At t (t 2 T), once each of them gets the corresponding in-
struction, channel assignment and power allocation can be conducted.
The following two metrics related to system performance are emphasized
during allocation and distribution, i.e., maximizing the system sum rate
[26] and minimal user achievable rate [27]. For maximizing the system
sum rate, the corresponding objective function is required to improve the
overall data rate. So the process of maximizing the sum rate constrained
by many limitations is shown as

f
0 ðtÞ max

XF
f¼1

XO
o¼1

XH
h¼1

uf ;o;h (3)

s:t: $1 :
XO
o¼1

xf ;o;hðtÞ 2 ½2;∞Þ; 8f ; o; h (3-1)

$2 : mf ;o 2 f0; 1g; 8f ; o (3-2)

$3 : γf ;o;hðtÞ � min ϱ; 8f ; o (3-3)

$4 : ν 2 ½0; 1� (3–4)

$5 :
XH
h¼1

τf ;o;hðtÞ � τmaxf ;o ; 8f ; o (3–5)

$6 :
XH
h¼1

uf ;o;hðtÞ � uminf ;o ; 8f ; o (3–6)

For maximizing the minimal user achievable rate, the corresponding
objective function attempts to reach the fairness among numerous users,
which can be represented as

f 00ðtÞ max mino21;…;O;h21;…;H;f21;…;Fuf ;o;h (4)
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s:t: from ð3-1Þ to ð3-6Þ (4-1)

where the maximal power for o (o 2 O) in f (f 2 F) is denoted by τmax
f ;o , and

umin
f ;o is the minimal capacity for satisfying the requirement of o (o 2O) in f

(f 2 F). $1 guarantees that each h (h 2H) can occupy at least two users; $2
indicates the uniqueness of caching deployment; $3 shows that γf,o,h(t) (o
2O, f 2 F, h 2H) is larger than the minimum required SINR threshold at t;
$4 illustrates the gain coefficient for utilizing edge caching; $5 gives the
limitation of peak instantaneous transmission powers for o (o 2 O) in f (f
2 F); finally, $6 guarantees that the requirement of each o (o 2 O) is
satisfied.

Therefore, the corresponding optimization, i.e., maximizing the sys-
tem sum rate and maximizing the minimal user achievable rate for
throughput improvement can be formulated as

f ðtÞ ¼ f
0 ðtÞ þ f 00ðtÞ (5)

s:t: from ð3� 1Þ to ð3� 6Þ (5-1)

3.3. Problem formulation

In this section, as a case of f (f 2 F), the optimization issue on channel
assignment and power allocation is modeled into a task empowered by
reinforcement learning strategy, consisting of an agent, as well as an
environment interacting with each other. Specifically, f (f 2 F) serves as
the agent; NOMA performance indicates the system environment. The
agent action, based on collection information, is regarded as the channel
condition, plus the power level. At each step t (t 2 T), after considering
the observed environment state st, the agent picks a suitable action at

from the system space of action, assigning users with channels and power
levels following the policy π. After determining the action, the environ-
ment can go to a new state stþ1. Furthermore, channel assignments can be
terminated if the environment has no more radio resources remained.
Once obtaining the assigned channels, power can be allocated, optimally.
Simultaneously, the step reward rt can be calculated and then fed back to
the corresponding agent. It is noted that such reward indicates the
objective of NOMA in 6G edges.

According to the formulation of single f (f 2 F), we in this environ-
ment define the states S, action A, and rewards R, respectively.

State: The environment state is characterized by two factors, namely
channel condition and power level. The channel condition is defined as
the user-channel pairs ðxto;Γt

hÞ. As to the power level, it can be presented
as the power allocation coefficient αth. The state stf can be defined as stf ¼
fζt1;…;ζtH ; ðxt1;Γt

1Þ;…;ðxt1;Γt
HÞ;…;ðxto;Γt

1Þ;…;ðxtO;Γt
HÞg. So the whole states

are defined as SðtÞ ¼ fst1;…; stOFg.
Action: In each step t (t 2 T), action at can be taken by the agent, with

a goal of selecting a suitable h (h 2 H) for o (o 2 O). Nonetheless, in
NOMA system, in order to meet the requirement for regarding channel
assignment, such action is constrained. For example, on h (h 2 H), two
users chosen by one action are allowed to be different. After OF actions,
the whole process for assigning channel is completed. Then, increasing or
decreasing the power is allocated to each o (o 2 O) after the termination
of channel assignment. Therefore, the states can be defined as AðtÞ ¼ fat1;
…;atOFg.

Reward: The reward RðtÞ ¼ frt1;…;rtOFg, i.e., f(t) is set as the maximal
throughput after taking actions, i.e., the process of assigning channel and
allocating power is completed.

4. Radio resource allocation algorithm

To resolve the problem of optimization in Section II, each f (f 2 F) can
carefully manage the radio resource allocation within an environment
accommodating massive users. Recently, DRL technique greatly out-
performs humans on several complex tasks. Therefore, a distributed DRL
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framework is extremely suitable for addressing the issues of non-convex
and high dimension, which is complex but model-free [28]. To this end,
in this paper the PPO-based radio resource allocation is proposed.

Specifically, distributed PPO is used to allocate resources in a near
optimal method. Several simulated agents are trained in a heterogeneous
environment to find robust behaviors that perform well in channel
assignment and power assignment. However, some agents in the collec-
tion stage appear slows, which hinder the learning of other agents.
Therefore, a preemption strategy for distributed PPO is further proposed
[13], which alleviates the problem of straggler. Consequently, the pro-
posed mechanism named DP-PPO can observe the better corresponding
rewards (see Fig. 2).

4.1. Proximal policy optimization

As a dominant approach in DRL, policy gradient algorithms aim to
model and optimize the policy, directly. However, the choice of step-size
plays an important role, making it difficult to seek for satisfying learning
results. Faced with this problem, multiple approaches are proposed,
trying to improve the robustness of policy gradient algorithms. Among
these proposals, trust region constraint is regarded as a suitable
approach. Specifically, the method builds a trust zone that limits the total
tolerance for policy changes. Due to its flexibility, the approach is widely
adopted by various algorithms, e.g., Trust Region Policy Optimization
(TRPO) [19]. In detail, during every iteration, given the current θold,
TRPO collects data in batches and minimizes the surrogate loss, defined
as

JTRPOðθÞ ¼ Eθold

�Xt

ℏt�1 πθðatjstÞ
πθold ðat jstÞΨ

θold ðat; stÞ
�

(6)

where the above equation is subject to a constraint on how much the
policy is allowed to change, expressed in terms of the Kullback-Leibler
divergence (KL) [21]. The discount factor ℏ(ℏ 2 [0, 1]) is a real value.
Ψθ is the advantage function given as

Ψθðst ; atÞ ¼ Eθ½RðtÞjst ; at� � VθðstÞ (7)

where VθðstÞ denotes the baseline, typically replaced by an approxima-
tion format Vφ(s). However, TRPO is relatively complicated because of
the hard constraint.

To alleviate this issue, PPO algorithm, an on-policy strategy, acts as an
approximation of traditional TRPO, relying only on the first order gra-
dients. In contract to TRPO, PPO constructs the constraint of trust region
through a regularization term. The coefficient of this term is affected by
whether the constraint itself has previously been violated or not. Then,
the objective with penalty coefficient ξ can be optimized by

JPPOðθÞ ¼ Ê

�
πθðatjstÞ

πθold ðat jstÞΨ̂
t � ξKL½πθold ð �jstÞ; πθð �jstÞ �

�
(8)



Fig. 2. System architecture of DP-PPO.
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4.2. Radio resource allocation based on DP-PPO

In supervised learning, the dominant paradigm for distributed
training is the synchronous scheme (e.g. data parallelism) [17]. In syn-
chronous training, all workers are blocked during gradient aggregation in
each iteration. The implementation can be abstract as the following: at
each iteration k (k 2 K), worker i (i 2 F) pulls the latest parameters θik from
server, calculates the gradient ∂θik, and pushes θ to server. Unfortunately,
we suffer the variability of experience collection duration in a real
deployment. Specifically, all gradient computations roughly consume the
same time in a supervised learning paradigm. On the contrary, B5G
heterogeneous edge networks, due to environmental complexity, can
take significantly longer to simulated. This causes huge synchronization
overhead because every worker waits for the slowest one. Only after this
can it complete the collection experience. Moreover, different from DNN
training, the training of distributed RL usually generates greatly more
iterations, while the gradient aggregations [29] is much smaller.
Therefore, the gradient communication latency in each iteration is
clearly a vital factor which greatly determines the training performance
of distributed RL.

To combat this problem, in this paper, a novel preemption threshold
is presented to forcibly end the data collection procedure of each worker.
Assisted by this factor, if the percentage p% (1 � p � 100) of workers in
our model finish rollout collections, this stage in all the remaining
stragglers can be preempted (which means they are forced to end early)
in-time. In this way, The scalability can be dramatically improved. It is
noted that the contributions of each worker to the loss is weighed
equally.

4.3. Training workflow of DP-PPO

In order to acquire the satisfying performance in rich heterogeneous
environment, in this paper, data collection and gradient computation are
implemented in the distributed version of the workers. Specifically, our
distributed PPO is implemented in PyTorch. Massive parameters reside
on a parameter server (cloud), and workers synchronize the corre-
sponding gradients at the end of every gradient step. Pseudo-code of PS
and worker is provided in Algs. 1&2, respectively.

In Alg. 1, the PS waits for the policy gradient θ of all workers and
averages them to update the global parameter θ (lines 4–7). Similarly, PS
waits for the critic gradient φ of all workers and updates the global model
(lines 8–11).

In Alg. 2, the worker first interacts with the environment to collect
experience (st, at, rt, stþ1). Since the preemption mechanism is introduced,
113
the number of collection is compared to the size of preemption threshold
after each step of sample collection. If the number of worker is greater
than the preemption threshold, the current worker ends the interaction
with the environment (lines 5–11). After that, the DRL agent uses the
collected trajectory to train the network. We first update θ, and send the
gradient to PS. Then the worker waits for the gradient and pulls the
updated parameters to update local parameters (lines 12–17). Mean-
while, the parameter φ is updated similarly to θ (lines 18–23). Finally, the
DRL agent updates ξ according to the actual change in policy (lines
24–28).

After the training is completed, the trained actor-network is deployed
to make decisions in each f (f 2 F).

5. Performance evaluation

In this section, DP-PPO is compared with other DRL methods, and the
better performance of the proposed DP-PPO is evaluated by trace-driven
experiments. Specifically, experimental settings are described, and
experimental results are analyzed.
5.1. Experimental settings

It is assumed that f (f 2 F) is located at edge networks. N(N 2 O)
mobile users are spread over f (f 2 F) randomly, ranging from 60m to 400
m. The total power Pt offered to f (f 2 F) is set as from 2 to 12W. Note that
Pt is related to ζ. The total bandwidth B obtained by NOMA is set as 5
MHz. The bandwidth is assigned to 100 channels, and the bandwidth of
each channel is defined as B0 ¼ 50 KHz. SINR γ is also set in f. That is, the
coefficient of path loss is defined as ζ ¼ 2. The channel noise σ2 is set as
�100dbm.

For DP-PPO training, the discount factor is defined as 0.99. In
distributed training, data collection and gradient computation are
distributed across varying numbers of workers. The policy is parame-
terized by a 4 hidden layer fully connected neural network with 128
nodes in each layer. In all experiments, the same learning rates of 0.0005
and 0.001 are used for actors and critics, respectively.

The proposed DP-PPO framework is compared with a classical
approach called “Joint Resource Allocation” (JRA) [19]. To be specific,
JRA first generates the near optimal channel assignment strategies for
power allocation. Then, JRA performs channel assignment and power
allocation iteratively to find the ideal power levels and channel condi-
tions, which are assigned and allocated to each user, respectively. It is
noted that in this paper, some modifications of JRA are made, enabling it
to run in our model.



Fig. 4. The normalized reward under various workers.
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The scaling performance of our proposed algorithm is analyzed. To
evaluate the scalability, the speedup is compared with various number of
workers in Fig. 3, following the scalability experiment setup in Sec. 5.1.
Since the straggler prevents the whole scalability, as can be seen, DP-PPO
scales poorly at a 100% preemption threshold. However, with a pre-
emption threshold of 60%, the speedup achieves a near-optimal increase
compared to the ideal speedup. From Fig. 3, It is further demonstrated
that straggler has an important influence in distributed reinforcement
learning scaling. Fortunately, the preemption strategy can effectively
solve the problem.

Fig. 4 shows the learning curves of the proposed DP-PPO algorithm
Fig. 3. Speedup performance of DP-PPO under various preemption threshold.
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under different workers. Based on the above observation, the preemption
threshold as 60% is set. As anticipated, the proposed DP-PPO with 40
workers obtains the highest reward. It is noted that the shaded region
around each learning curve denotes the reward deviations, representing
the robustness of each policy. This observation demonstrates that a rich
heterogeneous environment can bring more practical information to
improve policy performance.

Fig. 5 shows the convergence of the proposed algorithm in the
training phase. In this experiment, the number of workers is fixed at 30.
In the initial training stage, the approximation is not accurate due to a
number of new experiences that can be obtained. As multiple actors
interact with the environment simultaneously, the loss value dramati-
cally decreases. After 6,000 epochs, the loss becomes stabilized, which
means that the agent has learned to assign channels and power.

After training the DP-PPO, the proposed algorithm is deployed to
each f, conducting the radio resource allocation. Figs. 6–7 test the per-
formance of trained DP-PPO in each f. Fig. 8 evaluates the performance of
trained DP-PPO in some APs. Fig. 9 explores the influence of power levels
under trained DP-PPO and JRA in f. Fig. 10 evaluates the impact of SINR
under the proposed DP-PPO and JRA in f.

Fig. 6 shows the impact of user-channel pair ðxto;Γt
hÞ on system

throughput. When N increases rapidly, ranging from 6 to 8, the system
throughput with JRA method increases from 23 to 25, because the
intensive collisions are gradually aggravated among users. However, the
larger user-channel pairs, the greater system throughput. For the
Fig. 5. Loss over time during training.



Fig. 6. The sum rates of DP-PPO and JRA under various user scales.

Fig. 7. The user accessible rates of DP-PPO and JRA under various user scales.

Fig. 8. The sum rate of DP-PPO and JRA under various APs.

Fig. 9. The sum rate of DP-PPO and JRA under various power levels and
channel conditions.

Fig. 10. The sum rate of DP-PPO and JRA under various SINR.
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operation of DP-PPO, the system throughput increases dramatically with
the changing t, finally becomes stable. When N ¼ 10, the system
throughput decreases since the serious collision among users is
increasing. Moreover, users cannot access the channel. Similarly, when N
increases to 8, the user achievable rate is achieved maximization under
the DP-PPOmethod. However, the maximal user achievable rate is 0.4 by
115
channel assignment and power allocation with JRA algorithm, because
the performance of DP-PPO is better than JRA.

Fig. 7 shows the influence of the pair of ðyto;Γt
hÞ on each user

achievable throughput. As can be seen, the changing is similar to Fig. 6.
Specifically, when N increases to 8, the user achievable rate is achieved
maximization under the DP-PPO method. However, the maximal user
achievable rate is 0.4 by channel assignment and power allocation with
JRA algorithm, because the performance of DP-PPO is better than JRA.

Fig. 8 shows the impact of AP number F on the distributed system
throughput. 1000 channels and 5000 users are considered. When
dividing channels and users into F ¼ 200 APs, that is, 5 channels and 25
users in f. According to DP-PPO and JRA, the best sum throughput is
5000, 1000 and the successful probability of accessible user is 0.32, 0.13,
respectively. When dividing channels and users into F ¼ 500 APs, that is,
2 channels and 10 users in f. For DP-PPO and JRA, the best sum
throughput is 6800, 1900 and the probability of success to access user is
0.8, 0.48, respectively. When F ¼ 1000 APs, 1 channel and 5 users in f.
The maximal system throughput is 5800, 2000 and the successful prob-
ability of accessible user is 0.98, 0.56, respectively. As a result, dividing
channels and users into more APs can decrease the computational
complexity of proposed DRL methods, however, the system throughput
and successfully accessible probability slightly increase owning to the
sufficient Pt.

In a brief, from Fig. 6�8, although increasing the number of APs,
changing trends of results based on DP-PPO are similar to the signal f.
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That is, our proposed algorithm is applicable to our scenario.
Fig. 9 shows the influence of power level ζ on system throughput. For

DP-PPO, the system throughput monotonously increases with the
increasing of ζ based on the best channel condition. The throughput of
DP-PPO outperforms that of JRA, unfortunately, more power cannot al-
ways result in higher throughput. When the number of valid actions is the
same as the pairs of ðxto;Γt

hÞ, the DP-PPO spends 23 slots to reach stable
status with throughput 140. When the number of invalid actions is
dramatically lower than pairs, the DP-PPO method spends 55 slots to
rapidly reach the best throughput, i.e., 160. Because with deficient valid
actions, the accessible probability distribution of action becomes more
rough, in addition, more difficulties are presented to find the best action.
Besides, actions with lower power level can be achievable since power
exists. So the larger ζ makes, the higher throughput.

Fig. 10 shows the impact of SINR γ on system throughput. With the
increase of γ, the same power level requires a larger transmit power. Due
to transmit power constraint in each f, some high αth cannot be achiev-
able. The reduction of achievable actions results in the slight decrease of
the throughput based on DP-PPO and JRA. Specifically, when γ ¼ 0 dB,
the minimal channel bandwidth is B0 ¼ 50 kHz based on the packet
transmission constraint. The bandwidth, i.e., 5 MHz is divided into 100
channels. For a downlink NOMA system with 4000 users, DP-PPO and
JRA can resolve 3200 and 2000 users, respectively. When γ ¼ 8 dB, the
minimal channel bandwidth is B0 ¼ 3.6 WHz and the bandwidth is
divided into 1450 channels. For 11000 users, DP-PPO and JRA can
accommodate 9800 and 2700 users, respectively. To sum up, with the
increase of γ, the throughput based on DP-PPO increases rapidly.

6. Conclusion

In this paper, channel allocation and power allocation problems are
formulated to maximize system and rate and minimum user achievable
rate in B5G heterogeneous edge networks. Then, a distributed DRL
framework named distributed PPO is used to optimize resources.
Furthermore, to alleviate the issue of straggler, we propose preemption
strategy to optimize distributed PPO. Experiments show that our mech-
anism named DP-PPO improves the performance over other DRL
methods.
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