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Abstract

Mobile edge computing (MEC) enables resource-constrained user devices (UDs) to obtain
low-latency computing services by offloading computational tasks to the network edge.
Non-orthogonal multiple access-enabled mobile edge computing (NOMA-MEC) systems
feature asymmetric states across UDs, dynamic task arrivals, and competition for wire-
less and edge computing resources. Under these conditions, offloading decisions affect
device energy consumption, task delay, and edge computing resource allocation, making
long-term system optimization difficult. This study jointly optimizes task offloading and
system resource scheduling to minimize the long-term delay—energy cost. The problem is
formulated as a partially observable Markov decision process (POMDP) and addressed
using a master-refined multi-agent proximal policy optimization (MR-MAPPO) algorithm.
MR-MAPPO combines continuous action relaxation, master action refinement, and a behav-
ior cloning auxiliary term to learn policies in a hybrid discrete—continuous action space. A
marginal congestion delay term is also introduced to capture the impact of newly admitted
tasks on existing edge workloads. Simulation results show that MR-MAPPO outperforms
the considered baselines, while ablation studies verify the effects of its key components.
Under the main experimental setting, MR-MAPPO reduces the system cost by 17.9% and
22.9% relative to standard MAPPO and particle swarm optimization (PSO), respectively.

Keywords: mobile edge computing; non-orthogonal multiple access; joint resource
scheduling; computation offloading; multi-agent reinforcement learning

1. Introduction

Mobile edge computing (MEC) provides essential support for latency-sensitive and
computation-intensive services by deploying computing resources at the network edge [1,2].
With the rapid growth of applications such as the industrial Internet of Things, augmented
reality, and collaborative sensing among smart terminals, user devices (UDs) that rely
only on local computation can hardly meet the requirements of low latency, low energy
consumption, and limited battery capacity at the same time. MEC allows terminals to
offload part of their computation tasks to an edge server (ES), thereby alleviating the
limitation of local computing capability. However, in dense multi-user access scenarios,
both wireless spectrum resources and edge computing resources are scarce. Therefore,
coordinated scheduling between communication and computation becomes crucial for
improving the performance of MEC systems.

Non-orthogonal multiple access mobile edge computing (NOMA-MEC) provides
highly concurrent uplink access for multi-user MEC, but it also makes the coupling between
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wireless access and edge computing more pronounced [3,4]. Unlike orthogonal access
schemes, NOMA allows multiple users to upload tasks over the same time-frequency
resource block and relies on successive interference cancellation (SIC) for signal detec-
tion. This mechanism improves spectrum efficiency, but the interference structure under
concurrent transmission changes dynamically with user access states and power control.
Meanwhile, the cache and computing resources of the edge server are limited, and excessive
offloading may shift the computation burden from terminals to queuing congestion at the
edge [5]. Moreover, UDs are naturally asymmetric in task queues, channel gains, battery
states, and SIC decoding positions, making a uniform offloading and resource allocation
rule difficult to apply to all devices. Therefore, NOMA-MEC systems require coordinated
scheduling between wireless access and edge computing according to user-state differences,
rather than isolated optimization within a single resource domain.

Dynamic task arrivals and cross-slot state evolution further increase the complexity of
MEC scheduling [6,7]. In practical systems, after tasks arrive randomly, they continuously
accumulate, are processed, and are transferred across local queues and edge execution
queues. The current scheduling action not only affects the immediate service cost, but also
changes task backlogs, device energy states, and edge workloads in subsequent slots. Con-
ventional optimization methods usually rely on given static problem instances, complete
state information, or deterministic models. Under stochastic channels, dynamic task ar-
rivals, and hybrid discrete-continuous decisions, such methods have difficulty balancing
real-time responsiveness and long-term performance.

Deep reinforcement learning (DRL) provides a data-driven approach for cross-slot
MEC scheduling. Nevertheless, applying DRL to dynamic NOMA-MEC scheduling re-
mains nontrivial because the decision process involves residual local tasks, existing edge
workloads, long-term resource competition, and hybrid discrete-continuous control vari-
ables [8-10]. In multi-user scenarios, each UD can only observe partial local information,
whereas the system-level performance is jointly determined by coupled offloading requests,
ES admission, uplink power control, and computing resource allocation. Therefore, an effec-
tive learning-based scheduler must improve policy exploration while preserving physical
feasibility under partial observability and coupled action constraints [11-13].

Based on the above analysis, dynamic NOMA-MEC systems require a joint re-
source scheduling method that can simultaneously handle cross-slot state evolution,
communication-computation coupling, and decentralized execution constraints. To this
end, this paper proposes a master-refined multi-agent proximal policy optimization (MR-
MAPPO) algorithm under the centralized training with decentralized execution (CTDE)
framework for multi-user dynamic NOMA-MEC scenarios. The main contributions of this
paper are summarized as follows.

*  For the cross-slot resource coupling problem in NOMA-MEC systems, a joint schedul-
ing framework for offloading admission and communication—-computing resources is
established. By characterizing the interactions among task queue evolution, wireless
access competition, device energy variation, and edge workload accumulation, a long-
term weighted delay—energy cost minimization problem is formulated. Offloading
requests, edge admission, computing resource allocation, and uplink transmit power
are jointly optimized.

*  For concurrent edge execution, a task-level edge workload evolution model is de-
veloped, allowing multiple unfinished offloaded tasks from the same UD to coexist
at the ES. Furthermore, given the edge active task set, a closed-form solution to the
edge central processing unit (CPU) frequency allocation subproblem is derived to
characterize computing resource competition among edge tasks.
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To solve the above dynamic joint scheduling problem, an MR-MAPPO algorithm is
proposed. Under the CTDE framework, the algorithm combines continuous action
relaxation with a master action refinement mechanism. It uses physically feasible
refined actions to improve sample quality in the early training stage, and introduces a
behavior cloning (BC) auxiliary term to guide the policy toward the refined actions.
As training proceeds, the influence of this auxiliary term gradually decreases, allowing
policy optimization to return to the proximal policy optimization (PPO) long-term
return objective.

For reward design, an edge marginal congestion delay is introduced to characterize
the external impact of newly admitted tasks on existing edge tasks. Simulation
results show that MR-MAPPO outperforms the baseline algorithms in system cost,
training convergence, and scalability with respect to the number of users. Ablation
experiments further indicate that the NOMA access mechanism based on successive
interference cancellation (NOMA-SIC), the concurrent edge CPU allocation strategy,
and the congestion-aware reward design have a critical impact on system performance.

The remainder of this paper is organized as follows. Section 2 reviews related studies.

Section 3 introduces the system model. Section 4 formulates the joint optimization prob-

lem. Section 5 presents the MR-MAPPO algorithm. Section 6 provides the performance

evaluation. Finally, Section 7 concludes this paper. The key notations used throughout this

paper are summarized in Table 1.

Table 1. Key notations.

Notation Definition
Task Model
N/n/N Set/index/number of UDs
T/t/At Set/index/duration of decision slots
T/ Lt/ W Head-of-line (HOL) task/input data size/CPU cycles per unit data of the HOL task
Gue/ gff{“ Initial /residual computation workload of the HOL task
Un,t/ Xt Offloading request/ES admission decision
Nty NES Active UD set/admitted offloading UD set
Wireless Transmission Model
Rt/ Pt/ Rt Channel coefficient/transmit power /uplink rate of UD n
Residual interfering UD set under SIC/uplink signal-to-interference-plus-noise ratio
Iﬂ,t /SINRﬂ,f (SINR)
T, Uplink transmission delay
Edge and Local Computing Model
},"f / T}l"f Local CPU frequency/local execution delay
Q;/ Q;r Existing ES task set before/active edge task set after action execution
1= (n,71)/q,;/ q:} Edge task identifier/residual workload before and after action execution
Fe/fo/ fedge ES computing capacity /CPU frequency of an existing edge task/CPU frequency used
BTt It for a newly admitted edge task
ToE Edge execution delay
BES / gmax ES cache occupancy /ES cache capacity
Device Energy Consumption and Battery Model
EY,./ El,of / Eiige Transmission/local computing/edge computing energy consumption
by / EPY / EE/P Battery level /harvested energy/UD-side battery energy consumption
System Cost Model
Tt/ Ent/Ce Expected task delay/expected task energy consumption/one-step system cost
T;"‘,d / Hmd Edge marginal congestion delay/weighting coefficient for marginal congestion delay
2. Related Work

Existing MEC studies mainly focus on computation offloading, communication re-

source allocation, and edge computing resource scheduling. Mach and Becvar [1] sys-

tematically review MEC architectures, computation offloading decisions, edge computing

resource allocation, and mobility management. Miriyala et al. [14] review deep learning
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and deep reinforcement learning methods for computation offloading in edge computing,
and compare the applications of DQN, PPO, SAC, and A3C in continuous control, multi-
agent coordination, and resource-constrained inference. Lokavarapu et al. [2] analyze com-
putation offloading approaches in multi-access edge computing systems. Zhang et al. [15]
study the dynamic offloading problem in MEC with energy-harvesting devices, and for-
mulate the minimization of the weighted sum of energy consumption and execution delay
as an online optimization problem with queue stability and battery energy constraints.
Verma et al. [6] further review Lyapunov optimization-based task offloading techniques
in multi-access edge computing. Dash et al. [16] apply Q-learning to task offloading and
resource allocation in dynamic MEC environments to learn long-term reward-driven of-
floading policies. Aminu et al. [17] use weighted quantum particle swarm optimization
for time-energy minimization in MEC, and Wang et al. [7] study sequential computation
offloading and migration with multi-task priority.

NOMA-MEC introduces SIC-based non-orthogonal access, creating strong coupling
among offloading admission, power control, and edge computing resources. Qiu et al. [3] in-
vestigate energy-efficient rate allocation under delay and outage constraints. Shang et al. [8]
apply DRL to joint offloading, channel allocation, and transmit power optimization.
Wang et al. [9] use DDPG to optimize partial offloading and power allocation under
coupled objectives and constraints. Lotfolahi and Ferng [18] employ dual MAPPO to
separately handle communication and edge resource allocation in NOMA-aided indus-
trial IoT. Lu et al. [19] develop a decomposition-based multi-agent DRL method for joint
resource optimization in STAR-RIS-assisted NOMA-MEC. Wu et al. [20] employ cooper-
ative MATD3 for joint offloading, UAV trajectory, and power allocation in UAV-assisted
MEC-NOMA. Zhang et al. [21] develop a shared-network multi-agent DRL method for
resource allocation in NOMA-enhanced aerial edge computing. Zhou et al. [22] combine
a Multi-Agent Transformer with Lagrangian optimization for offloading and resource
allocation in NOMA-based vehicular edge computing. Ahn et al. [4] apply PPO to active
RIS-assisted hybrid FDMA-NOMA MEC.

For large-scale and dynamic MEC scenarios, reinforcement learning and multi-agent
reinforcement learning are used to reduce the solution complexity of joint scheduling prob-
lems. Gao et al. [10] propose the ARMAAC framework, which handles multi-user offload-
ing in large-scale heterogeneous MEC through recurrent actor—critic networks, an attention
mechanism, and a centralized critic, while considering dynamic edge resource allocation
and task dropping. Liu et al. [11] propose a multi-agent deep Q-network method under
the CTDE architecture for sparse code multiple access (SCMA)-MEC networks to jointly
optimize SCMA resource allocation and computation offloading. Zhang et al. [23] apply
multi-agent deep deterministic policy gradient (MADDPG) to distributed task scheduling
in MEC emergency networks. Pan et al. [24] apply MADDPG to energy-optimized compu-
tation offloading in MEC-enabled cell-free massive MIMO systems. Wu et al. [12] study
multi-agent DRL for computation offloading in cooperative edge networks. Lai et al. [25]
use hierarchical multi-agent reinforcement learning for joint computation offloading and
resource allocation in LEO satellite networks. Long et al. [26] study reinforcement learning-
based fault-tolerant task offloading in MEC.

The above studies provide an important basis for MEC offloading, NOMA access,
and multi-agent resource scheduling. Following this line of research, this paper focuses
on the joint resource scheduling problem in a single-ES multi-UD dynamic NOMA-MEC
scenario, and further characterizes the impact of the time-slot evolution of task queues,
edge workloads, and device energy states on scheduling decisions.
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3. System Model

As shown in Figure 1, this paper considers an MEC system consisting of one ES and
N UDs [27]. The UD set is denoted by ' = {1,2,..., N}. In the physical layer, the MEC
system is a continuous-time dynamic system. To enable computationally tractable resource
scheduling, system control and scheduling decisions proceed periodically over discrete
time slots. Let T denote the total number of slots during system operation. The slot index
setis defined as 7 = {0,1,..., T — 1}, and the physical duration of each slot is At seconds.

Physical MEC service area
UD1

Edge Server Module

Oo
Task Arrival \(( o) )) ‘ Admission Control ‘
I

uph®

g Edge Buffer and CPU
Resources
Edge Server "

Concurrent Edge Execution

W jreles®
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\ e
= ()(\\oad\\\g R

UDN
Task Arrival oo ﬂ
FIFO Queue Task Arrival
J=F Local Execution FIFO Queue

@ Local Execution

User (( I ))
i, Battes Edge \
@&ﬂ Device i Es Server request / admission flow

est!
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Figure 1. System model of the considered dynamic NOMA-MEC system.

During system operation, each UD dynamically generates computation tasks. In each
slott € 7, UD n € N decides whether to submit an offloading request according to its
local task attributes and current state. The request variable is denoted by u,; € {0,1},
where 1, ; = 1 indicates that UD # requests offloading, and u,; = 0 otherwise. The ES
receives the requests and performs admission control. The final execution mode is defined
by the admission variable x,, ; € {0,1}:

1, offloaded to the ES,
Xnt = (1)
0, executed locally.

Thus, the admission decision must satisfy
Xt Stng, YnEN,tET, @)

which means that the ES can admit only tasks that have submitted offloading requests.
If UD n has no pending task in slot ¢, then u,, ; = 0 is enforced, and the above constraint
gives x,,+ = 0. In this case, x;,; = 0 does not indicate local execution, but instead means
that no valid offloading admission exists.

3.1. Task Model

During system operation, each UD generates computation tasks according to an
independent random process. Newly arrived tasks enter the corresponding local first-in-
first-out (FIFO) queue of each UD in order [7,15]. To strictly align the continuous physical
process with the discrete control logic, the system takes a state snapshot at the beginning
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of each slot t € 7. New tasks arriving during slot (t,t + 1] are observed uniformly in the
state update of slot  + 1.

In any decision slot t € T, if the local queue of UD # is nonempty, the current head-of-
line (HOL) task is denoted by Jy,+ = (Ly,t, wnt). Here, L, + denotes the original input data
size of the HOL task when it is generated, measured in bits, and w;, ; denotes the number
of CPU cycles required to process one unit of data. The initial total computation workload
of the HOL task is defined as

Gnt = Lntwn,t. (©)
Let g;°i" denote the residual computation workload of the HOL task at the beginning
of slot t, with g7 = Gyt for a newly generated task. Before the task is completed and

removed from the queue, its static attributes L, ; and w,, ; remain strictly unchanged across
slots, while its actual execution progress is characterized only by the decreasing update

rem
of Sut

3.2. Wireless Transmission Model

The system synchronously observes the wireless channel state at the beginning of each
decision slot ¢ € 7. In NOMA uplink transmission, the ES receiver performs SIC, where
users are decoded in descending order of channel gain [3,8,28,29]. Let NFS = {n € NV |
xnt = 1} denote the set of users admitted for offloading by the ES in slot ¢.

For any admitted user n € NS, let p,; denote its uplink transmit power in slot ¢,
and let 11, + denote its channel coefficient. The wireless channel is modeled by combining
distance-dependent path loss and small-scale fading as

hn,t = POd;K(:n,t/ 4)

where d,, denotes the distance between UD 7 and the ES, py is the reference channel power
gain at 1 m, x is the path-loss exponent, and ¢, ; denotes the small-scale fading coefficient.

When the ES receiver decodes the signal of user 7, the signals of all users with better
channel conditions than user n have already been decoded and removed. Thus, user # is
interfered with only by users with weaker channels that have not yet been decoded. The set
of weak users causing interference to user  is defined as

T = {j € NS | Iy

2 < |hn,t|2}. )

Under the assumption of ideal SIC with no residual interference, the signal-to-
interference-plus-noise ratio (SINR) for decoding user # at the ES receiver is

Pnt |hn,t ‘2

SINR,; = ,
M o2+ Yiez,, Pjtlhjtl?

(6)

where ¢ denotes the additive white Gaussian noise (AWGN) power. Let W denote the
wireless channel bandwidth of the system. The uplink transmission rate of user # is
given by

Ryt = Wlog, (1 + SINR; ¢). (7)

Accordingly, the expected uplink transmission delay of the admitted task is defined as

Toyp = == 8)

The corresponding uplink transmission energy consumption is

https://doi.org/10.3390/sym18071243


https://doi.org/10.3390/sym18071243

Symmetry 2026, 18, 1243

7 of 29

E;lr,t = Pn,t T:st- )

3.3. Edge and Local Computing Model
3.3.1. Local Computing
The active user set with schedulable HOL tasks at the local side at the beginning of

slot t is defined as

Nit={neN|gi" >0} (10)

For any n € /\/'tad, when x,,; = 0, the task is not admitted for offloading by the ES,
and UD # keeps the current HOL task for local execution. Given the allocated local CPU

frequency f}ff, the expected local delay for completing all residual computation workload
8ut 18
' toe _ i
n,
Tt = 5 (11)
n,t

Due to the finite length of each discrete decision slot At, the actual local computation
progress of this task within the current slot is

Agis = min (g, fiSFAL). (12)

If the task remains unfinished after this progress, its residual computation workload is
carried over to the next slot as

ST = ST~ Ag. (13)

If Ag}gf = gut ', the HOL task is completed and removed from the queue, and the
next task becomes the new HOL task in a subsequent state snapshot. The actual one-step
physical energy consumption within slot ¢ is calculated as

Eloc _ A loc ( floc 2 14
n,t = Kloc gn,t n,t . ( )

For cost evaluation, the expected total local energy consumption for completing the
residual workload at the current local CPU frequency is defined as

2
Tl 1
B = mocgie? (1) (15)

where K1 is the energy consumption coefficient of the device CPU. The local CPU frequency
is strictly constrained by the hardware physical bounds f,llof € [fmin, fmax] where f™" and
14X denote the minimum and maximum physical execution frequencies supported by the

device, respectively.

3.3.2. Edge Concurrent Scheduling

The admission decision of the ES is constrained by the maximum ES cache capacity
Smax_ Let BFS denote the cache size occupied by existing ES-side tasks in the snapshot at the
beginning of slot t. The newly offloaded tasks in this slot must satisfy the cache constraint
based on the initial snapshot:

B+ Y xuiLys < S™. (16)
nGMaCt

When x;,; = 1 and the above constraint holds, the current HOL task of UD n enters
the ES-side cache and computing queue after uplink transmission, and is removed from
the local FIFO queue. Since multiple unfinished offloaded tasks from the same UD may
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coexist at the ES, this paper uses a tuple : = (1, T) to identify each ES-side edge task, where
n denotes the UD to which the task belongs, and T denotes the slot in which the task is
admitted by the ES.

To characterize edge state evolution under discrete slots, let O, denote the set of
existing unfinished tasks at the ES at the beginning of slot t. If Q;” # o, each existing
edge task 1 € Q; has a residual computation workload g, ;. Let Fr denote the aggregate
computing capacity of the ES. At the task level, the ES computing resource is abstracted
as a divisible computing resource pool shared by concurrent edge tasks. The effective
computing share of task ¢ is allocated according to the square-root proportional rule, whose
closed-form derivation is provided in Appendix A:

_ \/ Dot
fo=F— . (17)
Lico \/ o

Within the current slot, the actual computation progress of existing task  is

Agu = min(q5;, f70t). (18)

After this progress, completed tasks are removed from the ES queue, whereas unfin-
ished tasks remain. Therefore, the edge active task set after action execution is

Qf ={1€ Q9 |, > My U{(nt) | ne NS} (19)

For any active task ¢ in Q;, the effective residual computation workload is defined as

n Q= D, LEQr, g, > Dy,

Tt = (20)
S i 1= (n,t), n e NS

For a newly admitted task (n, t), the edge CPU frequency used for delay and energy
evaluation is computed over the updated active task set Q;" as

q-‘r

)t

sige = PEi(n ) =
ZZLEQ?r \/ qt,t

Based on the above CPU allocation, the execution delay of the newly admitted task

(21)

(n, t) at the edge is evaluated as
+

Dt ¢
Toe = it (22)
n,t

Its expected edge computing energy consumption is

d dge\?
E:,tge = Kedge"]&/”/,g( ;,tge) ’ (23)
where Keqge is the CPU energy consumption coefficient at the ES.

3.4. Device Energy Consumption and Battery Model

The system energy consumption evaluation includes three parts: local computation,
uplink transmission, and edge execution. However, for the battery state of an individual
UD, only the local computation energy consumption and uplink transmission energy
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consumption generated by the UD itself reduce its battery level. Therefore, the actual
battery energy consumption of UD # in slot ¢ is defined as

pop _ J (=5 ES + xug By, e N,

= (24)
nt 0, n g '/vt act.

The device battery state is affected only by its own physical energy consumption and
energy harvesting. Therefore, the battery state update of UD # is given by

by 41 = min (max (bn,t — EnU,P + Eharv, 0) , bmax) , (25)

where EM™V denotes the harvested energy in each slot, and b™ denotes the battery capacity
upper bound [15]. The harvested energy is incorporated into the battery state at the end of
the slot and cannot be used to satisfy the physical energy consumption that has already
occurred in the current slot. The energy feasibility of the current action is determined by
by and EE’P.

3.5. System Cost Model

For each active UD in slot ¢, the expected delay and expected energy consumption of
its current HOL task are defined as

Tt = (1— x”/t)T}l(,)f + xn,t(Trt:r,t + T35%), (26)
Eup = (1= %0 Ex5 + 0, (Bl + En™ ). (27)

The one-step system cost is defined as the average weighted delay—energy cost over
all active UDs:

1 Tn,t En,t t
¢ = { N (wTTref+wE]Ef'3f . W >0,
t

0’ |Mact| — 0’

(28)

where wr and wr are the delay and energy weights, respectively, satisfying wr, wg > 0 and
wr + wg = 1. T*f and E™f are the reference scales for delay and energy, respectively, which
map physical quantities with different units to comparable numerical scales for weighted
aggregation. For edge tasks admitted in previous slots, their transmission delay, edge
execution delay, and edge computing energy consumption have already been included in
the system cost at their admission slots. Therefore, these existing tasks are not counted
again in subsequent slots; their residual computation workloads only serve as part of the
edge workload state for subsequent concurrent CPU allocation.

3.6. Asymmetric System Characteristics

The above system model shows that the considered NOMA-MEC scenario is inherently
asymmetric across UDs and time slots. Different UDs may have different task backlogs,
channel gains, battery levels, SIC decoding positions, and local computing capabilities,
while the ES may maintain uneven residual workloads from previously admitted tasks.
As a result, the same offloading, power control, or CPU allocation decision may lead to
different delay—energy effects for different UDs. Such asymmetric system states make a
uniform scheduling rule inefficient and require an adaptive joint scheduling method that
can exploit local state differences while coordinating global resource competition.

https://doi.org/10.3390/sym18071243
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4. Problem Formulation

This paper aims to jointly optimize the UD-side offloading request u; = {1y }nen,
the ES admission decision x; = {x,},en, the local CPU frequency f; = { f}f’f},16 N
and the uplink transmit power p; = {pu }nenr, While satisfying the constraints on wireless
access, ES cache capacity, device transmit power, local computing frequency, ES computing
resources, and battery energy. Let 7t denote the joint scheduling policy associated with the
above control variables.

Based on the discrete-slot decision framework defined above, this paper seeks the
optimal policy 7t that minimizes the expected cumulative system cost over the entire
decision horizon 7. The joint optimization problem P is formulated as

LG

teT
Cl:ups,xnt € {0,1}, VYneN,VteT,
C2:upy =0, Vng N vteT,
C3:xpt <upy, VneN,VteT,

C4:BF+ Y xupLys <S™, VteT,
neNaet (29)

C5:pus € [p™, p™>], VneN,VteT,
C6 : fiF € [f™in, fmaX) Yne N, Vte T,

C7: ) fi<F, VteT,
1€EQy

C8:EVP <by:, VneN,VteT,
C9:0< by <™, VYneN,VteT.

P: minE,
T

Here, C1 specifies the binary nature of the offloading request and admission decisions.
C2 and C3 describe the sequential admission logic that no task implies no request, and no
request implies no admission. C4 limits the ES cache capacity. C5 and C6 constrain
the uplink transmit power and local CPU frequency, respectively. C7 represents the ES
computing resource capacity constraint for concurrent edge tasks. C8 represents the battery
energy feasibility of the current action. C9 gives the boundary of the battery state.

Problem P involves both discrete offloading/admission decisions and continuous
communication—computing resource control, and is constrained by wireless interference,
ES cache capacity, ES computing resources, and device battery energy [30]. Therefore,
problem P is a mixed-integer nonlinear programming (MINLP) problem. Since the system
state evolves continuously with task arrivals, channel variations, battery states, and edge
workloads, static optimization methods are difficult to apply directly to this cross-slot
stochastic scheduling problem. Therefore, this paper models problem P as a partially
observable Markov decision process (POMDP) and solves it using a reinforcement learning
algorithm under the CTDE framework.

5. Master-Refined MAPPO Algorithm

To solve the above dynamic joint scheduling problem, this paper proposes an MR-
MAPPO algorithm under the CTDE framework. This section first formulates the problem
as a POMDP, including the state, observation, action, and reward designs. It then presents
the master action refinement mechanism and the parameter update process of MR-MAPPO.

https://doi.org/10.3390/sym18071243
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5.1. POMDP Formulation

A POMDP is formalized as a tuple (S, 0, A, P, R, 7). In each decision slot t € T,
the environment is in a global state s; € S. Each agent, namely UD #, obtains a local
observation vector 0,,+ € O from the current state and generates an action a,; € A through
its policy network. After receiving the joint actions of all agents, the environment evolves
to the next-slot state s; 1 according to the state transition mechanism P : S x AN — S,
and returns a one-step reward r,; € R to each agent. The discount factor ¢ € [0,1)
balances the importance of future long-term returns against the current immediate reward.
The core elements are defined as follows.

5.1.1. Observation and State Spaces

In decision slot t, the local observation vector 0,,; € O of UD n consists of the channel
condition, device state, task attributes, and edge workload information, and is defined as

ES
Ont = h'rl,t/ bn,tr Ll’l,t/ W t, giﬁ,{nr Bt :| . (30)

To remove the differences in physical dimensions, all the above state components are
strictly normalized before being used as network inputs.

This paper constructs histogram features based on the residual computation workloads
of tasks in the edge task set Q, at the beginning of the slot. Let Ky;, denote the number of
histogram bins. The edge workload feature vector is given by

H, = [HY, HY, ..z, (31)

This feature is used only for centralized value estimation, supplementing the residual
workload distribution information that is difficult to capture using only the number of
edge tasks and the total workload. During training, the centralized global state s; € S used
by the critic network is the concatenation of all local observations and the edge workload
histogram [10]:

St = (Ol,t/-w/oN,t/Ht)- (32)

5.1.2. Action Space

To avoid direct policy-gradient optimization in a hybrid discrete—continuous action
space, this paper adopts a continuous action relaxation mechanism [8,9]. The raw actor
output of UD # in slot t is defined as the normalized continuous action

a:;[,t = (fn,t,fn,t, ﬁn,t) S [—1,1}3. (33)

Here, %, 4, fn,t, and p,; denote the normalized control variables for the offloading
tendency, local CPU frequency, and uplink transmit power, respectively, rather than directly
executed physical variables. After receiving the actor outputs, the environment decodes
these continuous actions into actual scheduling variables. First, the offloading request is
jointly determined by the offloading tendency and the local active state:

1, %,;>0andn € N2,
iy = =" f (34)
0, otherwise.

Then, the local CPU frequency and uplink transmit power are linearly mapped from
the normalized control variables to their corresponding physically feasible domains:

too _ gmin 1 Jut 41 (pmax_ gmin) @)
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o Pt 1 . .
Pu = pmm + Pn t2 (pma - pmm)' (36)

After all UDs submit their offloading requests u; = {un},c 7, the ES generates the
final admission decision x; = {x,¢},en according to the rules of concurrent access, ES
cache capacity, and transmission feasibility, while ensuring x,, ; < u,, ;. Therefore, the actor
action space is a continuous relaxed space, whereas the system executes the physical joint
action AP after action decoding and ES admission correction.

5.1.3. Reward Function Design

The training reward is constructed around the expected service cost in problem P [18].
For locally executed tasks, the delay used for training is Trllof For admitted offloaded tasks,
an edge marginal congestion delay term is introduced in addition to the transmission delay
and edge execution delay:

Tt = (1= X TS + 00, (T + TEE + pma ThE ), (37)

where T,?I‘td denotes the marginal congestion delay caused by the newly admitted offloaded
task to existing edge tasks, and pq is the weighting coefficient for the marginal congestion
delay term. From the edge CPU allocation rule in (17), for an existing task  that remains
unfinished after the computation progress in the current slot, its residual computation
workload is q,; — Aq, ;. When the newly admitted task of UD 7 is not included in the edge
active task set, the estimated completion time of this existing task is

VAt = But -
TP = TR Yo D (38)
leQy
th>Aq€,f

When the new task of UD # is admitted in slot ¢, the residual computation workload

rem
n,t

task set, the expected completion time of existing task ¢ becomes

of the task transmitted from the local side is gi-i". After this task joins the edge concurrent

\/ 9 — Dot —
e = Y| Y \Jag — g+ e |- (39)
E teQy
QZ,PAWJ

By subtracting (38) from (39), the extra completion delay imposed by the newly
admitted task of UD 7 on existing task ¢ is obtained as

9 B fa
Tnew _ 7old — s . (40)
E

By summing the above extra completion delay over all affected existing edge tasks,
the edge marginal congestion delay caused by the newly admitted task of UD n is

\/ &t
n, —
Tt = : Yo a4 — Agu (41)
E 1€EQ)
Goe>Bqut

obtained as

This term characterizes the congestion externality imposed by newly admitted tasks
on existing edge tasks. Similar reward-shaping designs have been adopted in DRL-based
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edge resource management to provide more informative training signals for policy opti-
mization [31]. System performance is evaluated using C; defined above. For any n € N2,
its training cost ¢, ¢ is defined as

f.. b
Cnt = wT# + WE E;’ei. (42)
The one-step immediate reward of UD 7 in slot ¢ is defined as
—cnt, n €N,
p=4 : (43)

0, n g ./\/'tact.

To promote cooperative scheduling among multiple agents, the system-level global
reward 7; in slot t is defined as the average of the one-step rewards of active UDs:
1

T Aact| Z Tt |~A/;}aCt| > Or
P = "/\/tadl neNat (44)

O, |Mact| =0.

5.2. Algorithm Design

As shown in Figure 2, the proposed algorithm follows the CTDE framework. In the
online interaction stage, UD n generates the raw policy action aj, only from its local
observation o, ¢ through its actor network. The raw policy actions of all UDs are aggregated
on the training side into the joint action A'. During centralized training, the critic uses
global trajectory information for value estimation, and the advantage function is computed
based on generalized advantage estimation (GAE); the actor is updated by combining
the PPO objective with an early-stage BC auxiliary term. Unlike standard multi-agent
proximal policy optimization (MAPPO), this paper introduces a master action refiner on
the centralized training side. According to physical feasibility and one-step cost evaluation,
the refiner converts the raw joint action into the actually executed action A§*¢, after which
the MEC physical environment performs state transition, reward evaluation, and trajectory
caching. This structure preserves distributed actor inference during execution, while
using the global state and physical model during training to assist sample generation and
parameter updates. The master action refinement mechanism and the parameter update
process are presented below.

5.2.1. Master Action Refinement Module

The master action refinement module is used to alleviate inefficient exploration caused
by random policies in the early training stage. Specifically, this paper uses heuristic rules to
guide and correct the joint actions output by the actors during training.

In each decision slot ¢, the master first aggregates the raw network actions of all UDs,
denoted by

Al = {aft,...,aﬁ,,t}. (45)

Then, based on the current system state and physical feasibility rules, the master
constructs a candidate action set:

Dgand — {Af, Alocl A?dge, Agost}[ (46)
where Al°¢ denotes the conservative local execution action, Aedge denotes the edge of-
t ¢ &

floading action, and A§°s' denotes a low-cost heuristic action constructed from the current
cost estimate.
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Figure 2. Framework of the proposed MR-MAPPO algorithm under the CTDE paradigm.

The master refiner uses a one-step physical model to quickly evaluate any candidate
action A € Dfand. Let ?t(st,A) denote the estimated global reward corresponding to
candidate action A under state s;. By traversing this finite candidate set, the master directly
selects the joint action with the maximum expected return as the refinement reference:

¥ =arg max 7t(st, A). (47)
AcDsand

To use master-refined actions to stabilize the hybrid action space in the early training
stage, while ensuring that policy updates in the later stage are dominated by the PPO long-
term return objective, this paper introduces a decaying training-side guidance probability
that decreases with the training episode m:

:Bm::BO'maX<1_]VZ;CIO>/ (48)

where By € (0,1] is the initial guidance probability, and Mpc is the guidance decay horizon.
Let the training-side gating variable be z,,; ~ Bernoulli(B,,). The actually executed joint
action in the current slot is defined as

AY, zu:=1,
A?xe _ t m,t (49)
A?, Zm,t = 0.

Thus, master-refined actions are used more frequently in the early training stage to
provide training guidance and BC targets. As B, decays, the probability of executing
the master-refined action decreases, and actor-generated actions gradually dominate the
interaction process, while the PPO objective remains active throughout training.

The transition tuple stored after one-step interaction is given by

(st, {ontfnen, Af, AF, AP, Zmt, Tt, St 1) (50)

This tuple is used for subsequent advantage estimation and policy updates. In partic-
ular, A$*¢ denotes the action applied to the environment to obtain 7; and s;, 1, while AT
and Aj are retained to identify the raw actor output and the BC target.
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5.2.2. Advantage Estimation and PPO Update

After data sampling over one rollout period, the system performs centralized parame-
ter updates based on the sampled trajectories. Let 6 denote the current actor parameters,
and let 6,4 denote the old policy parameters used during sampling. Let af{ denote the
component of Af*¢ corresponding to UD n. For this actually executed actlon, the PPO
probability ratio is defined as

mo(ans | ont)

T 1
77/"()old( e | Ont) (5 )

Pnt(0) =

The actor objective consists of the PPO clipped surrogate term [32], policy entropy
regularization, and an early-stage BC auxiliary term. The single-sample PPO clipped
objective is defined as

TrrO(8) = min (o (0) Ay, clip(pn(0),1 —€,1+€)Ar). (52)
Combined with the gating variable z;, ;, the actor objective is written as

Eactor(e) — Et,n {jPPO( ) Zm,tUBCH.uG(On,t) —a

+ feneH(7a (- | 00,1))]-

(53)

Here, clip(-) is the clipping function, and € is the PPO clipping coefficient. ()
denotes the policy entropy, and #ent is the entropy coefficient used to encourage agent
exploration. 1y (0y,t) denotes the mean of the current actor policy distribution, aj; ; denotes
the component of A} corresponding to UD n, ypc is the BC weight, and || - H2 denotes
the squared ¢, norm, i.e., the squared Euclidean distance. The BC term encourages the
actor output to approach the refined action when z,,; = 1. As 8, decreases, this guidance
gradually weakens and the policy update becomes dominated by the PPO long-term
return objective.

In the above objective function, .A; is the advantage function, which measures whether
an action is better or worse than the average level. This paper adopts GAE to compute this
term [33]:

Z YAGAE) ¢4 1, (54)

where [ is the temporal offset index in the GAE summation, and Agag € [0,1] is the
GAE smoothing factor. In long-horizon delay and energy optimization, a larger Agag
reduces bias but increases variance, whereas a smaller Agag has the opposite effect. J;
is the temporal-difference (TD) residual, which measures the accuracy of the critic value
prediction for the current state. To keep the target estimate fixed during the current update,
the TD residual is computed using the pre-update critic parameters:

ét =7+ ')/V‘Pold (Sf-i-l) - V‘Pold (St)/ (55)

where Vi, (+) denotes the centralized critic value function before the update. Based on the
above advantage estimate, the regression target for critic learning is defined as

Gt = A+ V(1) (56)

The critic loss is defined as the mean squared error (MSE) between the current value
prediction and the fixed target return:

https://doi.org/10.3390/sym18071243


https://doi.org/10.3390/sym18071243

Symmetry 2026, 18, 1243 16 of 29

L) = B[ (Vo(s1) - G1)°], 67)

where E; denotes the empirical average over all time steps in the rollout trajectory.
Finally, the system updates the actor parameters by gradient ascent and the critic
parameters by gradient descent:

0«60+ DCgVeﬁaCtor(Q), (58)

¢ ¢ — agVe L), (59)

where ay and a are the learning rates.
Algorithm 1 summarizes the master action refinement operation in one decision slot.

Algorithm 1: Master action refinement in one decision slot.

Input: Current state s;, raw joint actor action A[.
Output: Refined joint action Aj.

1: Set Al°° as a conservative fallback candidate by assigning active UDs to local execu-
tion with feasible local CPU controls.

2: Set Afdge as an edge offloading candidate by giving offloading priority to active
UDs with favorable channel and access conditions.

3: Set A{°! as a cost-aware candidate by ranking active UDs with the one-step cost
model and prioritizing UDs with larger estimated cost reduction.

4: Construct DFd < [AT, Aloc, Afdge, ASOst}

5: for each A € D™ do

6: Decode A into uy, fltoc, and p; according to (34)-(36).

7: for each UD n with u,; =1 do

8: if admitting UD n keeps C2—-C4 in problem P satisfied and the decoded candi-
date satisfies C5-C8 then

9: Set x, ¢ = 1.

10: else

11: Set x;,+ = 0 and use local fallback.

12: end if

13:  end for

14:  Estimate (s, A) using the one-step reward model in (42)—(44).

15: end for

16: Return A} = arg MAaX p ¢ pcand ?t(st, A).

Algorithm 2 summarizes the training procedure of the proposed MR-MAPPO joint
resource scheduling algorithm. Under the CTDE framework, the actor of each UD generates
a raw action from its local observation, while the training side uses the master action
refinement mechanism to determine the actually executed action and stores the resulting
interaction samples for PPO updates and BC auxiliary learning. After training, only the
distributed actor networks are retained for online execution, enabling each UD to make
low-latency decisions based on local observations.
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Algorithm 2: Training procedure of MR-MAPPO.
Input: M, K, 7y, AGAE, €, Yent, X9, ap, Bo, Mpc, Bc-
Output: Distributed actor policy 7y.
1: Initialize actor parameters 0, critic parameters ¢, and set 8,4 < 6, Po1q < ¢-
2: for training episode m = 1 to M do
3: Reset the system environment, task queues, edge workload state, and battery
states.
4 Compute B, according to (48).
5 for decision slott = 0to K — 1 do
6 Each UD n observes o,,+ and samples af; ~ g, (- | On,t)-
7: Aggregate all raw actions into A[.
8 Run Algorithm 1 with (s, A]") to obtain A7.
9 Sample z,, ¢ ~ Bernoulli(B,,), and determine Af*® by (49).
10: Execute A§*¢, observe 7; and s 1.
11: Store the transition tuple in (50) into the trajectory buffer.
12:  end for

13: Compute 3¢, Ay, and G; for all sampled slots using (55), (54), and (56).
14:  Update 0 and ¢ according to (58) and (59), respectively.

15: Synchronize 0,1q < 0, Po1q + -

16: end for

17: return 77y.

As shown in Algorithm 2, each training episode contains K interaction slots. In each
slot, distributed action generation by all UDs has complexity O(N). The master refiner
in Algorithm 1 traverses the candidate action set D§*"d and performs one physical-model
evaluation for each candidate joint action, whose complexity can be approximated as O(N?).
Therefore, the action refinement complexity in a single slot is O(|D§*4|N?). Since the
candidate action set has a fixed and small size, |D§*"9| can be treated as a constant, and the
rollout complexity of each episode is approximately O(KN?). Considering M training
episodes, the overall rollout complexity of MR-MAPPO can be approximated as O(MKN?).
This complexity grows polynomially with the number of users, avoiding the exponential
combinatorial search cost caused by directly solving the original MINLP problem.

6. Simulation Results and Discussion

This section presents the simulation settings, baseline algorithms, and performance
analysis to verify the long-term scheduling performance of the proposed MR-MAPPO algo-
rithm and the effectiveness of its key components in a dynamic NOMA-MEC environment.

6.1. Simulation Settings

The simulations were conducted on a workstation equipped with an Intel Core i9-
12900H processor (Intel Corporation, Santa Clara, CA, USA) , 32 GB of memory, and an
NVIDIA GeForce RTX 3070 Ti graphics processing unit (GPU; NVIDIA Corporation, Santa
Clara, CA, USA). The software environment is based on Python 3.9. PyTorch 2.3.1 was
used to build the neural networks, and OpenAl Gym 0.26.1 was used as the reinforcement
learning interaction interface.

This paper considers a single-cell NOMA-MEC scenario consisting of N = 30 UDs
and one ES. The ES is located at the center of a 50 m x 50 m coverage area, and the UDs are
independently and uniformly distributed over this area at the beginning of each training or

https://doi.org/10.3390/sym18071243


https://doi.org/10.3390/sym18071243

Symmetry 2026, 18, 1243

18 of 29

evaluation episode and remain stationary within that episode. The channel power gain
at 1 mis set to pg = —30 dB, and the path-loss exponent is set to ¥ = 4. The small-scale
fading is modeled as Rayleigh fading, where ¢, ~ CN'(0,1) is independently generated
for each UD at the beginning of each decision slot and remains constant within that slot.
The system bandwidth is W = 30 MHz, the noise power is ¢> = —100 dBm, the decision
slot length is At = 1 s, and the uplink transmit power ranges from 14 to 24 dBm.

Each UD generates a new task in each slot with probability A, = 0.3. The task data size
follows a truncated exponential distribution, and the computation intensity is uniformly
sampled from [0.5,2.0] Geycles/MB. The maximum local CPU frequency of each UD
follows ¢/[0.1,1.0] GHz, and the battery capacity is b™® = 100 J. The total computing
capacity of the ES is Fr = 15 GHz, and the ES cache capacity is S™** = 100 MB.

For the proposed MR-MAPPO algorithm, both the actor and critic networks adopt
a two-layer multilayer perceptron structure, and each layer contains 128 hidden units.
The training process contains 3000 episodes, and each episode consists of 20 decision slots.
The Adam optimizer is used, with learning rates of 3 x 10~% and 1073 for the actor and
critic, respectively. For PPO implementation, Nppo denotes the number of PPO optimization
epochs for each trajectory buffer, and Ny, denotes the number of mini-batches used in
each PPO update. The detailed simulation parameters are summarized in Table 2.

Table 2. Simulation parameters.

Parameter Value Parameter Value
Communication
N 30 W 30 MHz
Coverage area 50 m x 50 m K 4
Cut CN(0,1) o? —100 dBm
At 1s Pt [14,24] dBm

Task and computation
mean 1.5 MB, range

An 0.3 Lt [0.5,5.0] MB
Wyt U[0.5,2.0] Geycles/MB fimax 4[0.1,1.0] GHz
Fg 15 GHz gmax 100 MB
Energy and cost
pmax 100] buo U[30,100] J
Eharv 0.5 /slot Kloc 5x10%
Kedge 10-28 wr 0.5
WE 0.5 Hmd 1.5
ref 50s Eref 257
Learning
log 0y —-14 Ko 3x107*
ap 1073 ¥ 0.99
/\GAE 0.95 € 0.2
Hent 0.001 HBC 1.0
Bo 1.0 Mpgc 600 episodes
Nppo 5 Nmb 4

6.2. Baseline Algorithms

To verify the effectiveness of the proposed MR-MAPPO algorithm and evaluate the
contributions of key designs such as master action refinement, centralized value esti-
mation, and long-term return learning, this paper compares it with the following seven
baseline algorithms.

*  MAPPO [34]: This baseline adopts a multi-agent proximal policy optimization frame-
work. Under the CTDE structure, it uses a centralized critic for value estimation, while
the distributed actor of each UD generates actions based on local observations. This
baseline does not introduce the master action refiner or the BC auxiliary term, and is

https://doi.org/10.3390/sym18071243


https://doi.org/10.3390/sym18071243

Symmetry 2026, 18, 1243

19 of 29

used to evaluate the impact of the master action refinement mechanism on policy
search efficiency and system cost.

e  MATD3 [19,20]: This baseline adopts a multi-agent twin delayed deep deterministic
policy gradient (MATD3) framework, which uses twin critics, target policy smoothing,
and delayed policy updates to mitigate value overestimation in deterministic policy
gradients. It is used to compare the stability difference between stochastic policy
optimization and improved deterministic policy optimization in the hybrid discrete—
continuous scheduling problem.

¢ MADDPG [23,24]: This baseline adopts a multi-agent deep deterministic policy gradi-
ent framework. Under the CTDE structure, it uses a centralized critic to evaluate the
global state and joint action, while the actor of each UD generates continuous actions
based on local observations. This baseline is used to evaluate the scheduling perfor-
mance of classical deterministic actor—critic methods under the coupled conditions of
NOMA interference and shared edge resources.

*  Greedy-Cost: This is a one-step physical-cost greedy policy. It estimates the immediate
costs of local execution and offloading execution based on the current task, channel,
cache, and edge workload states, and preferentially admits offloaded tasks with lower
estimated costs under the cache constraint. This baseline is used to measure the benefit
of long-term reinforcement learning over myopic scheduling.

e Particle Swarm Optimization (PSO) [35,36]: This population-based iterative optimizer
searches in each decision slot for a joint action comprising task offloading, local CPU
frequency, and uplink transmit power controls, and evaluates each candidate accord-
ing to the current-slot system cost. The swarm contains 20 particles and performs 30
iterations per decision slot. The inertia weight decreases linearly from 0.9 to 0.4, while
the cognitive and social acceleration coefficients are both set to 1.5. This baseline is
used to compare traditional model-driven iterative optimization with the proposed
long-term policy-learning method under the same physical constraints.

¢  Edge-All: This is an aggressive offloading policy. All UDs with pending tasks submit
offloading requests and use the maximum uplink transmit power. The final admission
decisions are still made by the ES according to ES cache capacity and physical feasibil-
ity constraints. This baseline is used to characterize the performance degradation of
indiscriminate offloading under NOMA interference and edge congestion.

* Random: This is a stateless random policy. It independently and uniformly samples
the offloading tendency, local CPU control variable, and transmit power control
variable within the legal action ranges, without using task, channel, or cache state
information. This baseline provides a reference for stateless decision making.

6.3. Simulation Results

This subsection evaluates the performance of MR-MAPPO in terms of training con-
vergence, system cost, delay—energy decomposition, scalability with the number of users,
sensitivity to edge computing capacity and master-refiner configurations, and ablation of
key components. To reduce the influence of randomness caused by network initialization,
task arrivals, and channel sampling, MR-MAPPO was independently trained and evaluated
under random seeds 37, 42, and 100. The main learning-based comparisons were averaged
over three independent random seeds. For the bar-chart results, bar heights denote mean
values over repeated evaluation episodes, and error bars denote one standard deviation
across those episodes.

Figure 3 shows the convergence curves of the average episode reward for different
deep reinforcement learning algorithms during training. MR-MAPPO enters a stable
plateau after about 1000 episodes and maintains a reward level of approximately —7.2 in
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later training. In contrast, MAPPO converges more slowly, and its average reward after
3000 episodes remains around —9.6. This indicates that stochastic policy exploration with-
out master action refinement has difficulty quickly locating high-quality action regions in a
hybrid action space jointly constrained by ES cache capacity, transmit power, battery energy,
and edge concurrent scheduling. The performance gain of MR-MAPPO mainly comes from
the model-assisted screening of candidate joint actions by the master refinement mecha-
nism. During training, this mechanism reduces the interference of low-quality offloading
decisions and invalid resource configurations in policy updates, thereby improving early-
stage sample efficiency and final policy quality. MATD3 and MADDPG also improve
during training, but their final rewards stabilize around —11.7 and —11.9, respectively,
which are clearly lower than that of MR-MAPPO. This result shows that, in scenarios with
coupled discrete offloading requests, continuous power control, and NOMA interference,
deterministic policy-gradient methods are more affected by action-space nonconvexity and
multi-agent nonstationarity. Overall, MR-MAPPO shows better training behavior in terms
of convergence speed, final reward, and cross-seed stability.

-9.0r

-10.51

Reward

-12.0

-13.54)

=se=_MR-MAPPO

-15.0F =8- MAPPO
MADDPG
MATD3

1655 500 1000 1500 2000 2500 3000

Episode

Figure 3. Training convergence comparison. Solid curves denote smoothed mean rewards,
and shaded bands show one standard deviation around the mean across three random seeds.

Figure 4 presents the system cost of different algorithms. MR-MAPPO achieves the
lowest average system cost over active devices among all compared methods. Its system
cost is 7.79, which is 22.9% lower than that of PSO, and it clearly outperforms MAPPO
without the master refinement mechanism. Although PSO improves upon Greedy-Cost
through population-based iterative search in each decision slot, both methods evaluate
actions mainly according to current-slot information and do not learn the long-term con-
sequences of queue evolution and residual edge workloads. The comparison with PSO
therefore indicates that the advantage of MR-MAPPO does not arise merely from a larger
one-step action-search budget, but from learning scheduling decisions that account for
long-term system evolution. Edge-All pushes the workload aggressively to the ES, making
edge computing delay the main bottleneck. Random lacks state awareness and thus shows
unstable behavior in both delay and energy consumption.
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Figure 4. System cost comparison.

The delay and energy decomposition in Figure 5 shows that the advantage of MR-
MAPPO mainly lies in service-delay control and system-cost balance, rather than simply
pursuing the lowest energy consumption. PSO achieves an average energy consumption
of 57.12 ], lower than the 76.59 ] obtained by MR-MAPPO, but its average service delay
increases from 2.34 s to 2.60 s and its overall system cost remains higher. MATD3 exhibits
a similar tendency toward lower energy consumption at the expense of increased delay
and system cost. These results indicate that reducing energy consumption alone does
not ensure a better solution under the delay—energy weighted objective. By coordinating
offloading admission, transmit power, and local CPU frequency, MR-MAPPO reduces the
imbalance between edge congestion and local execution burden, thereby achieving better
performance under the delay—energy weighted objective defined in this paper. The delay
decomposition in Figure 5 is obtained by weighting the average transmission delay, edge
computing delay, and local computing delay according to the admission ratio.

Delay Decomposition System Energy

7 v TX delay
s Edge compute
W Local compute

250

Weighted Average Service Delay (s)
Episode Energy Consumption (J)

Edge-  Random  Greedy- PSO  MADDPG  MATD3  MAPPO
All Cost

MR-
MAPPO

Figure 5. Delay and energy decomposition.

Figure 6 shows the system cost of different algorithms as the number of UDs N changes.
As N increases from 20 to 60, the costs of all algorithms increase because the task arrival
density, NOMA interference intensity, and ES-side concurrent computing load all increase.
MR-MAPPO consistently maintains the lowest system cost, reducing it by approximately
13.1%—-27.3% relative to PSO across the evaluated network sizes. MAPPO still clearly
outperforms deterministic policy-gradient methods in large-scale scenarios, but its cost
increases faster than that of MR-MAPPO. This suggests that relying only on stochastic
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policy exploration and centralized value estimation is still insufficient for handling a high-
dimensional coupled action space. Edge-All and Random degrade most significantly as the
number of users increases, showing that indiscriminate offloading and stateless random
decisions cannot adapt to communication interference and edge congestion caused by
multi-user access. Greedy-Cost is competitive at a medium scale, but because it selects
actions only according to the one-step cost of the current slot, its scalability remains weaker
than that of MR-MAPPO with long-term return learning.

22

- Edge-Al MADDPG - _h
~# Random - MATDZ e

o0l ~® Greedy-Cost —@= MAPPO - - i
-m PSO —e— MR-MAPPO -

System Cost

620 30 40 50 60

Number of User Devices (N)

Figure 6. System cost versus number of user devices.

Figure 7 shows the system cost as the edge computing capacity Fr changes. As Fg
increases from 5 GHz to 20 GHz, the costs of all algorithms generally decrease, indicating
that stronger edge computing capacity can alleviate the ES-side concurrent computing
bottleneck. However, when Fr continues to increase, the marginal gains of most methods
gradually decrease. This shows that system performance is no longer determined only by
edge computing capacity, but is also affected by offloading admission, NOMA transmission
interference, and terminal energy constraints. PSO also benefits from the increased ES
computing capacity, but its system cost remains higher than that of MR-MAPPO under
all evaluated Fr settings. In contrast, Edge-All, Random, MATD3, and MADDPG have
higher costs at Fr = 5 GHz, reflecting that indiscriminate offloading, stateless exploration,
or deterministic policies are more likely to produce inefficient admission and queue back-
logs under resource bottlenecks. Greedy-Cost improves significantly as Fr increases, but its
later cost reduction slows down, suggesting that one-step cost greediness can exploit the
gain from edge computing capacity but still lacks global scheduling ability for long-term
queue states and multi-user coupling effects.

Table 3 reports the runtime and memory overhead of MR-MAPPO under different
numbers of UDs. The reported training time covers 1000 environment interaction steps and
the corresponding policy updates. The actor-only decision time denotes the deployment-
time inference overhead, where the trained actor maps the current UD observations to
scheduling actions without using the centralized critic or the master action refiner. As N
increases from 20 to 60, the training time increases due to the larger joint state-action space
and the candidate evaluation in the training-side refiner. In contrast, the actor-only decision
time remains at the millisecond level, and the peak memory usage changes only slightly.
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Figure 7. System cost versus edge computing capacity.

Table 3. Runtime and memory overhead of MR-MAPPO with different numbers of UDs.

Number of UDs  Training Time Actor-Only Decision Time Peak Memory
N s/1000 Steps ms/Slot MB
20 196.28 0.937 443.95
30 279.33 0.788 444.03
40 335.75 1.089 445.16
50 397.90 0.768 449.43
60 443.89 0.754 450.13

Table 4 reports the system cost under different candidate action sets and BC guidance
horizons. Removing the local, edge offloading, or cost-aware candidate increases the
system cost by 8.1-10.0%, showing that the three candidate types provide complementary
refinement references. Across Mpc = 400, 600, and 800, the system cost remains between
7.79 and 8.01, with Mpc = 600 giving the lowest value. These results indicate that MR-
MAPPO is more sensitive to the composition of the candidate action set than to moderate
changes in the BC guidance horizon.

To verify the effectiveness of the communication access mechanism, edge resource
scheduling mechanism, and reward design in the proposed MR-MAPPO framework, this
paper further designs three key component ablation experiments. The system cost, average
service delay, and energy consumption are compared under the same task arrivals, channel
states, and edge resource configurations. Specifically, w/0o NOMA-SIC removes the uplink
NOMA-SIC receiving mechanism, so concurrent offloading users cannot perform successive
interference cancellation during co-channel transmission and the system degenerates into a
common co-channel interference access model. w/o Sqrt-Share removes the square-root
proportional CPU allocation strategy at the ES and replaces multi-task parallel computing
scheduling with a first-come-first-served serial processing mechanism. w/o Marginal
Delay removes the marginal congestion delay term from the training reward. All ablation
configurations are evaluated using the original system cost C;.
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Table 4. Sensitivity of MR-MAPPO to the candidate action set and BC guidance horizon.
Factor Configuration System Cost Relative Increase %
Full candidate set 7.79 0
loc

Candidate action set w/o Afj 8.57 10.0
w/o A8 8.42 8.1
w/o Agest 8.47 8.7

Mpc = 400 7.84 0.6

BC guidance horizon Mgc = 600 7.79 0
Mpc = 800 8.01 2.8

Note: Bold entries indicate the configuration adopted in the main experiments.

As shown in Figure 8, removing any of the above components increases the system
cost to different degrees. Disabling Sqrt-Share causes a more obvious delay degradation,
indicating that concurrent edge computing resource allocation is a key factor in suppressing
queue backlogs. Disabling NOMA-SIC leads to a more pronounced increase in energy
consumption, showing that increased co-channel interference forces the system to pay
higher transmission and scheduling costs. Removing Marginal Delay increases the system
cost from 7.79 to 8.21 and the average service delay from 2.34 s to 3.32 s. Although energy
consumption decreases, the increased delay results in a higher weighted system cost. This
indicates that the marginal congestion delay term helps the policy account for the impact of
newly admitted tasks on existing edge workloads and achieve a better delay-energy balance.
These results indicate that the performance of MR-MAPPO is not solely attributable to the
policy network, but depends on the coordinated effect of the communication access model,
the edge concurrent scheduling mechanism, and the congestion-aware reward design.

120 11.56
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Figure 8. Ablation study of communication, edge scheduling, and reward-design components.

7. Conclusions

This paper studied the joint resource scheduling problem in a single-ES multi-UD dy-
namic NOMA-MEC system, where offloading admission, communication control, device
energy constraints, and concurrent edge workloads were jointly considered under a long-term
delay—energy tradeoff objective. The problem involves hybrid discrete—continuous actions,
partially observable states, and cross-slot resource coupling, making it difficult to solve di-
rectly using static optimization methods. To address this problem, this paper proposed an
MR-MAPPO scheduling framework and introduced a master action refinement mechanism
during training to improve early-stage policy exploration with physically feasible refined
actions. For concurrent edge execution, a closed-form solution to the ES CPU allocation
subproblem under a fixed task set was further derived, enabling edge computing resources to
be allocated in proportion to the square root of task residual workloads. Simulation results
showed that MR-MAPPO outperformed the compared baselines in system cost, training con-
vergence, and scalability with respect to the number of users. Under the main experimental
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setting, MR-MAPPO reduced the system cost by 17.9% and 22.9% relative to MAPPO and
PSO, respectively. Ablation results showed that the NOMA-SIC access mechanism, the square-
root proportional CPU allocation strategy, and the congestion-aware reward design had a
significant impact on system performance, indicating that communication access modeling,
concurrent edge resource scheduling, and congestion-aware reward design jointly determine
the performance of joint scheduling. The current evaluation assumes ideal SIC and perfect
CSI and abstracts the ES as a divisible task-level computing resource pool; residual SIC inter-
ference and hardware-level CPU scheduling effects are not explicitly modeled. Future work
may extend the proposed framework to multi-ES cooperation, user mobility, imperfect SIC
conditions, more realistic temporal channel evolution, and hardware-aware edge resource
allocation. Robust scheduling under random noise fluctuations, power outages, and UD
failures will also be investigated.
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Abbreviations

The following abbreviations are used in this manuscript:

AWGN Additive white Gaussian noise

BC Behavior cloning

CSI Channel state information

CTDE Centralized training with decentralized execution

DDPG Deep deterministic policy gradient

DRL Deep reinforcement learning

ES Edge server

FIFO First-in-first-out

GAE Generalized advantage estimation

HOL Head-of-line

MADDPG Multi-agent deep deterministic policy gradient

MAPPO Multi-agent proximal policy optimization

MATD3 Multi-agent twin delayed deep deterministic policy gradient
MEC Mobile edge computing

MINLP Mixed-integer nonlinear programming

MR-MAPPO Master-refined multi-agent proximal policy optimization
MSE Mean squared error

NOMA Non-orthogonal multiple access

NOMA-MEC  Non-orthogonal multiple access mobile edge computing
NOMA-SIC Non-orthogonal multiple access with successive interference cancellation
POMDP Partially observable Markov decision process
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PPO Proximal policy optimization

SCMA Sparse code multiple access

SIC Successive interference cancellation
SINR Signal-to-interference-plus-noise ratio
TD Temporal difference

UD User device

Appendix A. Derivation of the Closed-Form Solution for Edge
Computing Resource Allocation

In any decision slot ¢, when the offloading requests, ES admission decisions, local
CPU frequencies, and uplink transmit powers are given, the remaining edge-side resource
scheduling problem reduces to allocating ES CPU resources over a fixed edge task set.
Given that the considered MEC scenario focuses on energy- and computation-limited
UDs and the infrastructure-side ES is not subject to a battery constraint, this subproblem
minimizes the sum of edge task computation delays. The corresponding closed-form
solution is derived below. The resulting edge computing energy is evaluated in the system
cost according to the obtained ES CPU allocation.

The derivation takes the existing edge task set Q;” # & at the beginning of slot t as
an example. For any 1 € Q,, its residual computation workload is 9t and the allocated
edge CPU frequency is f, ;. According to (22), after fixing the other scheduling variables,
the part of problem P related to edge CPU allocation can be simplified as

Pgdge: min @
Ul &g fur
st. Y fi <F (A1)

1€eQy
fii >0, Vie Q.

For subproblem P, dge’

each term q,,/f,; in the objective function is convex over
fl,_t > 0, and the constraint is linear. Therefore, Pe_dge is a convex optimization problem.
To avoid calling a numerical optimizer online, this paper derives its closed-form solution
using the Lagrange multiplier method. Introduce the Lagrange multiplier v; > 0 for the

edge CPU capacity constraint. The Lagrangian function is constructed as

()= £ 2 an| ¥ -k ) (A2)

1€Q f;,t 1€Qy

To obtain the stationary point, set the first-order partial derivative of £ with respect to
the optimization variable f; to zero:

oL q,t

P (ra)

This gives the relationship between the edge CPU frequency and the Lagrange multiplier:

+v =0. (A3)

—
fa=\ (Ad)

Since the term q,,/ f,; strictly decreases with f;; > 0, the ES CPU capacity constraint
must be active at the optimum:

https://doi.org/10.3390/sym18071243


https://doi.org/10.3390/sym18071243

Symmetry 2026, 18, 1243 27 of 29

Y, foi=Fe (A5)
1EQ)

Substituting f,; = 4/q,,/v: into the above capacity constraint yields

IR (A6)
€9y vi

Further rearrangement gives

1 E
Vi ZEEQ; \/%_,t

Finally, substituting this result into f,; = /q,,;/v: gives the closed-form edge comput-
ing resource allocation rule:

(A7)

P
fo=F—Y"—, Vicg. (A8)
Locor \/ 90

The above result shows that, given the existing edge task set and the objective of
minimizing the sum of edge computation delays, the ES computing resources should be
allocated in proportion to the square root of each task’s residual computation workload.
This closed-form solution is used in the main text to compute the progress of existing
edge tasks, avoiding repeated online solutions of the edge CPU allocation subproblem in
each slot.

Similarly, for the active edge task set Q; after action execution, replacing Q; and
q,; with Q; and qjt, respectively, gives the edge CPU frequency of the newly admitted

task (n,t):

edge n,t)t
e =k ———.
Zle QtJr ql,t

(A9)
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