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Abstract—The proliferation of computation-intensive services
has raised growing concerns regarding the sustainability of future
computing infrastructures. This paper investigates distributed
edge computing systems powered by hybrid energy sources,
where we jointly consider energy consumption from computation,
cooling, and power source switching. To improve sustainability,
we formulate an optimization problem that aims to minimize
conventional energy consumption by jointly coordinating task
distribution and power source switching. The problem involves
complex resource constraints, heterogeneous dynamics, par-
tial observability, and coupled task-power decisions, rendering
conventional optimization methods ineffective. To address this
challenge, we decompose the problem into task allocation, task
selection, and power switching subproblems, following the system
execution logic and constraints. Then, we propose an end-to-
end solution based on heterogeneous cooperative multi-agent
deep reinforcement learning, in which dedicated agents are
designed to address individual subproblems while maintaining
system coordination. Extensive simulations results demonstrate
that the proposed approach achieves enhanced coordination
and substantial reductions in conventional energy consumption,
resulting in improved overall system sustainability.

Index Terms—Edge Computing, Sustainability, Green Edge,
Multi-Agent, and Reinforcement Learning.

I. INTRODUCTION

MULTI-ACCESS edge computing (MEC) systems have
been widely deployed to accommodate computation-

intensive applications [1]. However, the growth of such ap-
plications, particularly those driven by artificial intelligence
(AI), has substantially increased energy consumption, mak-
ing sustainability a critical concern [2]. Therefore, extensive
efforts have been made to develop energy-efficient technolo-
gies, including lightweight AI models [3]–[5], intelligent task
offloading [6], [7], optimized cooling systems [8], [9], and
renewable energy integration [10]–[13]. As computational
workloads directly influence the operational states and energy
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cost of MEC subsystems, task allocation strategies play a
pivotal role in modern MEC systems composed of intercon-
nected components, such as cooling systems, power supplies,
and computational modules, which require coordinated and
integrated management.

In the MEC community, energy efficiency can be im-
proved through task allocation, typically achieved via joint
optimization of task offloading, scheduling, and resource al-
location [14]–[16]. In parallel, renewable energy integration
has been explored to further improve sustainability [11], [17].
By enabling resource sharing and load balancing, collabo-
ration among distributed edge sites (ESs) increases system
capacity and supports geographically distributed workload
execution [18]. This geographically distributed execution al-
lows workloads to be aligned with local renewable energy
availability, contributing to improved sustainability. This po-
tential has been demonstrated in practice: China’s East-West
Compute Transfer Project offloads computing workloads from
eastern to western regions with abundant renewable energy
resources [19], while companies such as Meta and Intel
deploy data centers in regions with favorable natural cooling
conditions to achieve carbon neutrality.

However, realizing sustainable MEC remains challenging
due to uncertain renewable energy availability, dynamic task
requirements, heterogeneous edge capabilities, and complex
inter-dependencies among task processing, operational, and
cooling subsystems. The joint consideration of distributed
renewable energy management and non-computational energy
consumption has not been sufficiently explored in existing
studies. Specifically, the interactions between task allocation
and cooling systems are intricate, as workload distribution
directly affects thermal managements. Similarly, although dy-
namic power source switching is essential for optimizing re-
newable energy utilization, its associated energy overhead and
stability implications remain insufficiently explored in existing
MEC optimization frameworks [20], [21]. Furthermore, accu-
rately modeling comprehensive energy consumption remains
challenging, limiting the applicability of traditional optimiza-
tion methods that rely on precise mathematical models and
global information.

Deep reinforcement learning (DRL) has been widely
adopted to address system heterogeneity, dynamics, and par-
tial observability [22]. However, the complex dependencies
among multiple action spaces (e.g., task allocation and power
switching), together with system constraints (e.g., ES ca-
pacity limits), make joint optimization over multi decision
variables highly intractable. To alleviate this complexity, ex-
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isting studies typically decomposes the original problem into
several subproblems based on action spaces or execution logic,
which are then addressed separately through conventional
techniques [18], [23], [24]. Although such decomposition re-
duces action space dimensionality, many subproblems remain
challenging due to practical constraints and tight subsystem
coupling. Multi-agent deep reinforcement learning (MADRL)
offers a promising alternative by allowing different agents to
specialize in distinct decision dimensions, such as task alloca-
tion, energy management, and cooling control, while learning
coordinated policies. This distributed paradigm effectively
manages complex subsystem dependencies without requiring
explicit mathematical models, addressing both the scalability
and complexity challenges of modern MEC systems.

This paper investigates distributed MEC systems powered
by hybrid energy supplies, and proposes an efficient approach
for improving system sustainability through joint task alloca-
tion and power management. An end-to-end (E2E) MADRL-
based framework is developed to addresses task-power inter-
dependencies and distributed resource constraints via coordi-
nated multi-stage decision making. The main contributions are
summarized as:

• We formulate a sustainability-oriented optimization prob-
lem for distributed MEC systems powered by hybrid en-
ergy supplies, aiming to jointly optimize task allocation,
power switching, and task selection. The system model
comprehensively incorporates computation, cooling, and
power management costs, while satisfying edge capacity
constraints.

• We propose an E2E approach based on heterogeneous
MADRL, in which specialized agents collaboratively
address the subproblems of task allocation, task selec-
tion, and power switching, thereby handling the inter-
dependencies among action spaces and individual con-
straints. Moreover, the approach enhances exploration in
ultra-large discrete action spaces through individualized
entropy regularization and parameter-space noise, and
guarantees provable convergence to a soft Nash equilib-
rium.

• We conduct extensive evaluations based on numerical
simulations and real-world renewable energy generation
datasets. The results demonstrate that the proposed ap-
proach achieves significant improvements in system sus-
tainability and consistently outperforms benchmarks.

The remainder of this paper is organized as follows. Sec-
tion II reviews related works. Section III describes the system
model and problem formulation. Section IV presents the
proposed MADRL-based approach. Section V provides simu-
lation results and performance analysis. Section VI concludes
the paper and discusses future research directions.

II. RELATED WORKS

A. Sustainable Edge Computing

Energy efficiency is fundamental requirement for sustain-
able MEC. Recent studies have investigated energy optimiza-
tion across various MEC scenarios using diverse approaches.
For instance, DRL for heterogeneous vehicular-integrated

MEC systems [14], [15], convex optimization and game theory
for air-ground integrated systems [16], and Lyapunov opti-
mization for collaborative vehicular environments [25].

With growing sustainability concerns, renewable energy
integration in MEC has attracted increasing attention. Fang et
al. [10] introduced the green edge concept, and leveraged DRL
to enable energy-efficient cloud-edge collaboration. Despite
inherent uncertainty and intermittency, renewable energy has
been widely explored in Internet of Things (IoT) (often
termed energy harvesting). Luo et al. [17] addressed solar
energy variability through DRL-based power management
under battery constraints, while Ma et al. [26] optimized
carbon emissions and inference accuracy through task alloca-
tion between renewable-powered devices and grid-connected
servers. However, these studies primarily focus on device-level
renewable energy under simplified assumptions (single energy
source, limited capacity), limiting their applicability to system-
level MEC environments.

Edge data centers provide stable platforms for renewable
energy integration. Ma et al. [11] investigated task offloading
under hybrid power supply, while Liao et al. [27] proposed
carbon-aware task placement with renewable energy sharing
among distributed servers. However, these works overlook
cooling energy, which constitutes a significant portion of data
center consumption. Chen et al. [20] and Pei et al. [28] demon-
strated that cooling constitutes a non-negligible component of
overall energy consumption, and Pei et al. further achieved
efficiency gains through DRL-based adaptive cooling control.

In contrast to existing studies that consider renewable en-
ergy and cooling in isolation, this work examines the combined
effects of computation, cooling, and power switching costs un-
der hybrid energy sources. This resulting integrated framework
is designed to improve overall system sustainability.

B. Multi-Agent DRL in Edge Computing
MADRL has demonstrated strong potential in handling

partial observability and coordinating heterogeneous agents,
and has been widely applied to resource allocation, task
offloading, and content caching in MEC systems [29]. For
example, Liu et al. [30] modeled each user as a Q-learning
agent that autonomously selected wireless resources, guided
by a global reward to minimize system costs. Zhang et al. [31]
studied hierarchical multi-cloud MEC systems where each
cloud server learned task scheduling strategies through agent
interaction, significantly reducing processing latency. Recent
advances have introduced specialized techniques to improve
training efficiency. Gao et al. [32] enhanced the actor-critic
framework with dual centralized critics, dueling networks,
and attention mechanisms to compress observations, achieving
significant cost reductions in large-scale offloading scenar-
ios. Liu et al. [33] customized reward structures to enhance
computation rate and convergence in IoT systems. Given the
interdependence among offloading decisions, resource states,
and network conditions, joint optimization of multiple objec-
tives has received increasing attention. However, most existing
works are limited to homogeneous agents with independent
decision variables that can be optimized simultaneously [14],
[34].
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To tackle complex inter-dependencies, some studies adopt
hybrid approaches, in which certain decomposed subproblems
are addressed using conventional optimization methods, while
DRL is employed to handle system heterogeneity, dynamics,
and partial observability. For example, MADRL was ap-
plied to trajectory optimization, whereas offloading decisions
were handled using threshold-based algorithms [35]. Similarly,
MADRL was used for distributed task allocation, followed
by sigmoidal programming for resource allocation [18]. More
recently, hierarchical frameworks have been introduced to
address decomposed subproblems, primarily with the aim
of reducing the complexity associated with multiple action
spaces [36]. However, these approaches typically decompose
the overall problem into independent subproblems based on
hierarchical principles and train each component separately
using single-agent reinforcement learning. As a result, the
couplings among subproblems or the coordination among the
resulting policies are often overlooked.

Our work differs fundamentally by investigating inter-
dependencies among subproblems and individual constraints,
where the central agent’s outputs directly influences subordi-
nate agents’ inputs, and joint actions collectively determine the
global rewards. Moreover, to enhance exploration challenges
in ultra-large discrete action spaces, we introduce individual-
ized entropy regularization with parameter-space noise, which
improves both learning efficiency and solution quality.

III. SYSTEM MODEL AND PROBLEM FORMULATION

We consider a distributed green MEC system (Fig. 1)
consisting of a set of geographically distributed ESs denoted
by H. Each ES is powered by a hybrid energy system
integrating renewable and conventional energy sources. A
Power Supply Management System (PSMS) is deployed at
each ES to ensures stable energy supply through coordinated
power switching with an Renewable Energy Storage System
(RESS), which stores harvested renewable energy. All ESs are
connected to a central cloud server powered by conventional
energy, which processes tasks offloaded from the edge to
ensure their performance. We denote the complete server set,
including both edge and cloud servers, as H+. Moreover,
a centralized coordinator orchestrates inter-site collaboration,
including system-wide optimization and resource allocation.

We assume that the system operates in discrete time slots
t ∈ {1, 2, . . .} over an infinite horizon. At each time slot,
the coordinator observes newly arriving tasks from a set of
registered applications U running on heterogeneous devices
and obtains the RESS states of all ESs. Then, the coordinator
generates a global task allocation decision. Upon receiving the
assigned tasks, each ES processes them according to its local
policy and resource conditions. For notational simplicity, the
subscript t denotes the time slot unless otherwise stated, and
explicit references to time slots are omitted when clear from
the context.

A. Quality of Service Model

A task request generated by application u ∈ U at time slot t
is characterized by a tuple Tu,t = (Hu
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Fig. 1: System model of a distributed green MEC system.
(a) distributed green edge infrastructure. (b) power supply
management and load distribution.

Hu
t denotes the ES directly associated with the source device

of application u, V ut is the task data size, Rut is the result
data size, ρut is the computing intensity defined as the number
of floating-point operations (FLOPs) required per bit, and τut
specifies the latency constraint. The service delay consists of
the processing latency (T pu,t) and the communication latency
(T fu,t) [18], [37], i.e.,

Tu,t = T pu,t + T fu,t =
V ut × ρut × η

Ĥu
t

u

FĤu
t

+
V ut +Rut
BHu

t ,Ĥ
u
t

, (1)

where Ĥu
t ∈ H+ denotes the server to which Tu,t is allocated

for processing. Since computational performance varies across
different facilities in practical systems, the factor ηhu refers to
the deviation from the base intensity ρut when tasks from u are
executed on server h [18]. We denote Fh as the computing
capacity of server h, measured in Floating-Point Operations
Per Second (FLOPS), which depends on its clock frequency fh
and processor architecture, i.e., Fh = fh×f ipch ×ffloph . Here,
f ipch is the number of instructions that the computing unit of
server h can execute per clock cycle, and ffloph is the number
of FLOPs performed per instruction. Note that Fh refers to the
capacity of a single computing unit of h, and each server may
comprise multiple such units, enabling parallel task execution.
BHu

t ,Ĥ
u
t

denotes the effective data transmission rate between
server Hu

t and server Ĥu
t . To maintain the Quality of Service

(QoS), the total service delay should not exceed the specified
latency constraint, i.e.,

C1: Tu,t ≤ τut , ∀u,∀t. (2)
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B. Energy Consumption Model

Information technology (IT) facilities, cooling systems, and
power switching operations account for over 91% of the total
energy usage [21] in modern computing environments. Thus,
we focus on these three components, as they dominate energy
consumption and are directly impacted by the workload.

(1) IT facilities: IT facilities consist of computation, storage,
and communication components. Activating these facilities
incurs a baseline power consumption P activeh , which varies
across ESs and can be obtained through empirical measure-
ment. Following common assumptions, we treat P activeh as
constant for each ES. Beyond P activeh , a substantial amount
of energy is expended during task processing. To ensure ap-
plications’ QoS, we assume that each computing unit operates
at full capacity. Following [38], [39], we model the energy
consumed by the IT facilities of ES h at time slot t, denoted
by EITh,t , as the sum of computation energy consumption
(Ecomph,t ), activation energy consumption (Eactiveh,t ), and data
communication energy consumption (ETx,Rxh,t ), i.e.,

EITh,t = Ecomph,t + Eactiveh,t + ETx,Rxh,t

= κhf
3
h

∑
u∈U

xhu,tT
p
u,t+P

active
h max

u∈Uh
t

{Tu,t}+ETx,Rxh,t .

(3)
Here, κh denotes the effective switched capacitance [39]. The
binary variable xhu,t indicates whether Tu,t is allocated to ES h.
The set Uht includes all applications whose source device are
associated with or whose tasks are offloaded to ES h during
slot t. The data communication energy consumption ETx,Rxh,t

(including data transmission and reception) can be modeled as

ETx,Rxh,t = PTxh V Txh,t + PRxh V Rxt,h , (4)

where PTxh and PRxh represent the energy consumption of
sending and receiving one bit of data at ES h, respectively.
V Txh,t and V Rxh,t denote the data size transmitted from and
received by ES h.

(2) Cooling system: Cooling energy consumption depends
on the thermal load generated by IT facilities and is influenced
by factors such as fan placement, cooling medium, and man-
agement policies. Due to these complex dependencies, deriv-
ing a unified mathematical model is challenging. Nevertheless,
prior studies show that cooling energy of an ES h at time slot t
(Ecoolh,t ) is predominantly determined by heat dissipation from
IT facilities, i.e.,

Ecoolh,t =
EITh,t

CoP h,t
. (5)

The Coefficient of Performance (CoP) of a cooling system
quantifies its cooling efficiency and is defined as the ratio of
cooling output to energy input [38], [40]. A higher CoP h,t

indicates better cooling efficiency, implying lower energy con-
sumption for the same cooling output. In practice, CoP h,t is
commonly modeled as a function of the supply air temperature
Tinh,t [41], i.e.,

CoP h,t = CoP h(Tinh,t,Tch,t) = ζh
Tinh,t

Tch,t − Tinh,t
. (6)

Here, Tch,t represents the coolant temperature at ES h, which
is typically related to ambient temperature. We assume that
all power consumed by IT facilities is fully converted into
heat. Both Tinh,t and Tch,t are expressed in Kelvin (K). The
coefficient ζh < 1 reflects the practical cooling efficiency at
ES h, accounting for deviations from theoretical CoP due to
deployment- and environment-specific factors [40].

(3) Power switching: Each power switching operation incurs
non-negligible energy consumption due to auxiliary subsys-
tems such as uninterruptible power supplies or microgrid
reconfiguration. We assume that the PSMS operates on con-
ventional energy to ensure reliability. Accordingly, the energy
consumption related to each switching operation at ES h is
modeled as a constant Eswitchh = C. During system operation,
the energy supply dynamically switches between renewable
and conventional sources. When powered by renewable energy,
IT facilities are powered by the on-site RESS. Once residual
renewable energy Eg

h,t is depleted, the PSMS automatically
switches to conventional sources. Therefore, we have

C2: Eg
h,t ≥ 0 or Egreenh,t ≤ Egreen,c

h,t , ∀h ∈ H,∀t. (7)

Here, Egreenh,t denotes the amount of renewable energy con-
sumed by ES h. Egreen,c

h,t represents available renewable energy
stored in the RESS at ES h, which satisfies Egreen,c

h,t ≤ Egreen
h .

Egreen
h denotes the maximum RESS capacity of ES h. At the

beginning of each time slot, switching energy consumption
Es
h,t is initialized to zero. Each time a power switching

operation occurs, Esh,t is increased by Es
h,t=E

s
h,t +Eswitchh .

Additionally, the number of tasks processed at each ES in
a given time slot is limited by its processing capacity. Tasks
exceeding this capacity are offloaded to the cloud. Therefore,
we have

C3:
∑
u∈U

xhu,t ≤ Xh, ∀t,∀h, (8)

where Xh denotes the maximum number of tasks that ES
h can process simultaneously. Moreover, each task can be
allocated to at most one ES, i.e.,

C4:
∑
h∈H

xhu,t ≤ 1,∀t, ∀u. (9)

C. Problem Formulation

According to (3) and (5), system energy consumption is
given by the sum of IT, cooling, and power switching energy
consumption across all ESs, i.e.,

Etotalt =
∑
h∈H

EITh,t + Ecoolh,t + Es
h,t

=
∑
h∈H

((
1 +

1

CoP h(Tinh,t,Tch,t)
)
EITh,t + Es

h,t

)
.

(10)

To promote sustainability, we consider two primary objectives:
(a) maximizing the utilization of renewable energy, and (b)
minimizing the overall energy consumption, particularly non-
computational consumption (e.g., cooling). These objectives
may conflict with each other. For instance, allocating more
tasks to an ES with abundant renewable energy improves re-
newable energy utilization, but may increase the overall energy
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consumption if that ES operates with lower energy efficiency.
Therefore, we formulate a unified objective that balances these
goals by minimizing the consumption of conventional energy:

P1: min
x,y

1

T

T∑
t=1

(Etotalt − Egreent ),

s.t.,C1, C2, C3, C4.

(11)

The decision variables x = {xhu,t | u ∈ U , t ∈ T, h ∈ H+}
and y = {yht | h ∈ H, t ∈ T} represent task allocation (TA)
and power switching (PS) decisions, respectively. yht ∈ {0, 1}
indicates whether a power switching operation to renewable
energy occurs at ES h. Moreover, we use Egreent to denote
the renewable energy consumed in time slot t, which is the
sum of renewable energy consumed by each ES h (Egreenh,t ),
i.e., Egreent =

∑
h∈HEgreenh,t . In addition, we focus on

hybrid energy systems where renewable sources complement
conventional grid power, and thus exclude scenarios powered
exclusively by renewable energy.

D. Problem analysis

Before proceeding to solution design, we first analyze the
computational complexity of P1. To this end, we consider
a restricted version of P1 by focusing on a single time
slot. Besides, we ignore constraints C1 and C2, as well as
the variation in transmission and computation costs incurred
when a task is allocated to different servers. Moreover, we
assume that all servers are powered by renewable energy at
the beginning of the time slot and set Eswitchh = 0,∀h ∈ H+.
Under these assumptions, the resulting problem reduces to
a multiple knapsack problem (MKP), which is known to be
NP-hard. Therefore, P1 is NP-hard even in the single-time-
slot case with simplified restrictions. However, the decision-
making process can be formulated as a Markov Decision Pro-
cess (MDP). Since decision time for a batch of task requests is
short, the system remains stable during this interval, i.e., task
and ES states remain consistent throughout decision-making
and execution. Furthermore, given the observed state at each
time slot, subsequent system transitions depend solely on the
current state, selected actions, and system dynamics, satisfying
the Markov property. This makes the MDP framework well-
suited for this problem. However, achieving sustainability in
edge systems presents the following key challenges:

• Limited prior knowledge and system dynamics: In
practical MEC systems, many parameters, such as exact
computing intensity or subsystem energy models, are not
directly observable. Conventional optimization methods
that rely on strong modeling assumptions and global
knowledge thus become impractical. In addition, dynamic
task requests and fluctuating resources require real-time
decision-making under evolving system states, posing
major challenges for traditional approaches, which often
need extensive iterations even under fixed snapshots.

• Coupling between decisions and constraints: Local
decisions at ESs are inherently coupled with global TA.
ESs face multi-dimensional constraints, such as energy
availability and task concurrency limits, which are not

fully observable by the central coordinator. As a result,
global TA decisions may violate local constraints, re-
quiring ESs to further adapt their executions based on
local states. Furthermore, even after problem decom-
position, the resulting subproblems remain challenging
due to mutually interdependent decisions. For example,
task selection and power switching are tightly coupled
and subject to uncertain constraints (e.g., QoS and re-
source availability), rendering the resulting subproblems
intractable even after decomposition.

As a result, the formulated problem requires a decision-making
framework that can operate under partial state observabil-
ity, handle strongly coupled decision spaces and individual
constraints, as well as adapt to dynamic and uncertain envi-
ronments. To address the above challenges, we propose an
E2E MADRL-based approach that operates effectively under
dynamic system conditions and partial state observability. For
clarity, the notations used in the system model and problem
formulation are summarized in TABLE I.

IV. MULTI-AGENT DRL-BASED E2E APPROACH

A. Framework

Building upon the analysis of problem P1, we propose
a MADRL-based approach that is aligned with the E2E
operational workflow of distributed MEC systems and respects
to individual system constraints. As illustrated in Fig. 2, the
proposed GreenEdge architecture consists of a meta agent
and edge agents, corresponding to the central coordinator and
distributed ESs, respectively.

• Meta agent: The meta agent is operated by the cen-
tralized coordinator and is responsible for global TA
decisions. At each time slot t, the coordinator retrieves
observable state information of all tasks and ESs, denoted
by ṡt, and feeds it into the meta policy π̇ to generate a
meta action ȧt, from which the TA action aTAt is derived.

• Edge agent: Each edge agent is operated by its corre-
sponding ES to optimize local task selection and power
management policies after the execution of global TA.
Specifically, each edge agent inputs its local state s̈ht
(including allocated task features and local states) into
the edge policy π̈h and output äht , from which the task
selection (TS) äTSt and the PS äPSt actions are derived.

After executing TA, TS, and PS actions, tasks are either
processed at designated ESs or forwarded to the cloud. Upon
task completion, each ES reports its energy consumption to
the central coordinator. Then, the experience is uploaded and
stored for policy training.

During this workflow, tasks whose estimated edge process-
ing delay exceeds their latency constraints are offloaded to the
cloud to satisfy C1. This mechanism implicitly encourages
agents to learn policies adhering to latency requirements,
as cloud offloading results in higher conventional energy
consumption, which is contrary to the optimization objective
and thus acts as an implicit negative reward signal.
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TABLE I: List of Notations

Notation Definition
H/H+ Set of edge sites/Set of all servers
U Set of registered applications (arrived tasks)
Uht Applications related to ES h
Tu,t Task request from application u
Hu
t ES associated with application u’s device

V ut Data size from application u’s task
Rut Data size of application u’s computing result
ρut Computing intensity application u’s task
τut Latency constraint of application u’s task
Ĥu
t Server to which u’s task is allocated

Bh,ĥ Effective data rate between serve h and ĥ
ηhu Performance deviation of u’s tasks on ES h
Fh Capacity of server h’s computing unit
fh Clock frequency of ES h’s computing unit
f ipch Instructions per clock cycle of ES h

ffloph FlOPs per instruction of ES h
κh Effective switched capacitance of ES h
Tu,t Service latency of application u’s task
T pu,t Processing latency of application u’s task
T fu,t Communication delay of u’s task and result
EITh,t Energy consumption of ES h’s IT facilities
Ecomph,t Computation energy consumption of ES h

P activeh Activation power of ES h
Eactiveh,t Activation energy consumption of ES h

V Txh,t Data size transmitted from ES h

V Rxh,t Data size received by ES h

ETx,Rxh,t Communication energy consumption of h
Ecoolh,t Cooling energy consumption of ES h

Eswitchh Energy cost per switching operation at h
Es
h,t Total switching energy consumption at h

Egreenh,t Renewable energy consumption of edge h
Eg
h,t Residual renewable energy of ES h

Egreen,c
h,t Maximum available renewable energy of h
Egreen
h Maximum capacity of ES h’s RESS

Etotalt System total energy consumption
Egreent System total renewable energy consumption
Tinh,t Target air temperature of cooling system
Tch,t Temperature of coolant
ζh CoP adjustment coefficient
xhu,t Binary TA indicator of application u to h
Xh Maximum number of concurrent tasks on h
yht Renewable energy switching indicator of h

Note: All symbols with subscript t are defined with respect to time slot
t; u denotes the application u, and h denotes the server h.

B. Definitions

To implement the proposed MADRL-based GreenEdge
framework, we define the state spaces, action spaces, and a
unified reward function as follows:

Meta state: The observable state of the meta agent encom-
passes real-time attributes of all task requests and partial status

Meta Agent
Task allocation (TA)

TA action

Edge site 
state

Task request 
state

Edge Agent
Task selection(TS) and power switch (PS)

Edge Agent
Task selection(TS) and power switch (PS)

Edge Agent
Task selection(TS) and power switch (PS)

Edge Agent
Task selection(TS) and power switch (PS)

Edge Agent
Task selection(TS) and power switch (PS)

Edge Agent
Task selection(TS) and power switch (PS)

Edge Agent
Task selection(TS) and power switch (PS)

Edge Agent
Task selection(TS) and power switch (PS)

Meta 
state

Policy
output

TA 
action

Local 
edge
state

Policy
outputs

PS action TS action

TS 
action

PS
action

Fig. 2: The proposed E2E GreenEdge architecture.

of ESs, i.e.,

ṡt={Hu
t , V

u
t , R

u
t , τ

u
t |u∈U} ∪ {Eg

h,t, ẏ
h
t ,Tinh,t,Tc

h,t|h∈H},
(12)

where ẏht ∈ {0, 1} denotes whether ES h uses renewable
(ẏht = 1) or conventional (ẏht = 0) energy at the beginning
of time slot t. Computing intensity and coefficient ζh are
excluded due to measurement difficulties and treated as un-
observable environmental factors that policies must implicitly
adapt to.

Meta Action: The meta agent assigns incoming task re-
quests from applications to appropriate ESs. The meta action
at time slot t is defined as

ȧt = [ẋhu,t]|U|×|H|, (13)

where ẋhu,t ∈ {0, 1} indicates whether the task from appli-
cation u is allocated to ES h at time slot t (by the meta
agent). For each task, exactly one ES is selected (C4), i.e.,∑
h∈H ẋhu,t = 1,∀u.

Local edge state: Each edge agent’s local state observation
includes the real-time features of the tasks allocated to it (Uh↓t ),
as well as the internal state, i.e.,

s̈ht ={Hu
t , V

u
t , R

u
t , τ

u
t |u∈Uh↓t }∪{Eg

h,t, ẏ
h
t ,Tinh,t,Tc

h,t}. (14)

Local edge action: Each edge agent h selects a subset of
allocated tasks for local processing and determines its power
supply strategy, i.e.,

äht =
{
[ẍhu,t]1×|U|, y

h
t

}
, ∀h ∈ H. (15)

where ẍhu,t ∈ {0, 1} denotes whether task from application u
is selected for local processing by ES h. The TS action is
defined over the maximum number of applications to ensure
adaptability under all possible TA conditions. During execu-
tion, only entries corresponding to tasks allocated to ES h
are activated, while the remaining entries are masked, i.e.,
xhu,t = ẋhu,t · ẍhu,t. Here, yht represents the PS action, indicating
the selection between conventional and renewable energy by
ES h at time slot t.

Reward: To align the minimization objective in (11) with
the reward maximization paradigm of RL, we define the
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reward as the negative of conventional energy consumption:

rt = −Rs(Etotalt − Egreent ), (16)

Additionally, we define an auxiliary reward for cases where re-
newable energy fully satisfies demand (i.e., Egreent =Etotalt ).
This auxiliary reward is non-negative since Egreent ≤ Etotalt ,
and decreases with energy consumption to encourage conser-
vation in fully green scenarios. Then, the reward function is

rt =

{
−Rs(Etotalt − Egreent ), if Etotalt > Egreent

5e−0.1
Etotal

t
Rs , if Etotalt = Egreent

(17)

where Rs is a scaling factor to normalize the reward signal and
reduce gradient explosion risk during training. We set Rs =
1/720, which can be adjusted based on the reward range.

C. Centralized training of GreenEdge policies
In the investigated problem, agents are assigned distinct

tasks and operate with heterogeneous state and action spaces,
forming a highly dynamic multi-agent environment. All agents
face large stochastic state-action spaces with strong inter-
agent dependencies and require synchronized coordination at
each decision step. For example, the state of each edge agent
is directly influenced by meta actions, necessitating global
cooperation for system-level optimization. Furthermore, online
data sampling in networked systems is often costly. To address
these challenges, we adopt an off-policy MADRL framework
with centralized training and distributed execution.

As illustrated in Fig. 2, the coordinator collects and stores
interaction experiences in a shared replay buffer and reused
it for policy training, thereby improving data efficiency.
We use Πθ to denote the set of all policies, i.e., Πθ =

{π̇θ̄, π̈1
θ1
, π̈2
θ2
, . . . , π̈

|H|
θ|H|

}, where θ̄ and θh denote parameters
of the meta policy π̇ and the edge policy π̈h, respectively.
All agents collaboratively optimize a shared objective of min-
imizing conventional energy consumption. Specifically, each
edge agent makes decisions based on its local observations
conditioned on the meta actions, while the resulting joint
action determines the global system reward. Consequently, the
objective of each policy πθ ∈ Πθ is to maximize the expected
long-term cumulative reward given the observed states, i.e.,

J (θ)=E st∼S,
aaat∼Πθ

[
T∑
t=1

rt
(
st,Πθ (st)

)]
, (18)

where Πθ(st) = (π̇θ̄(ṡt), π̈
1
θ1
(s̈1t ), · · · , π̈

|H|
θ|H|

(s̈
|H|
t )) denotes

the joint actions of all agents. For brevity, we use at to denote
Πθ(st). S denotes the system state space. The local state
observations of edge agents are determined by the meta agent’s
action together with their internal states, i.e., st × π̇θ(st) ⇒
s̈ht , h ∈ H. Given a system state st, the expected cumulative
reward after implementing the joint actions at is captured by
the joint state-action value (Q-value) function, which satisfies
the Bellman equation with discount factor γ ∈ [0, 1), i.e.,

Q(st, aaat) = rt(st, aaat) + γEst+1∼S;Πθ [V (st+1)] , (19)

where rt(st, aaat) is the system reward given st and aaat. V (st+1)
is the state value of st+1. To improve training stability under

non-stationary multi-agent policies, we adopt centralized state-
action value estimation during training. Specifically, the Q-
function is conditioned on the global system state and the joint
actions of all agents, incorporating all available observations
and decisions. Such centralized value estimation provides
provides more stable and accurate learning signals, since the
mapping from joint state-action pairs to rewards is more
precisely captured at the system level than from individual
agent perspectives. The joint Q-values are approximated by
deep neural networks to accommodate the vast state and action
spaces. Policy gradients are then computed by backpropaga-
tion through the centralized Q-function, i.e.,

∇θJθ = ES,Πθ [∇θ∇πθ(ŝθt )
Q(st, ȧt, ä

1
t , · · · , ä

|H|
t )]. (20)

For notational simplicity, we use θi to denote the parameters
of policy πθi ∈ Πθ to be updated. Let ŝθit denotes the local
state observation of the agent associated with policy πθi ,
which is extracted from the global system state st. To enhance
exploration, action entropy is incorporated into policy updates
via soft policy iteration [42]. Accordingly, the objective is to
learn the optimal policy π∗

θi
, i.e.,

π∗
θi =argmax

πθ

E st∼S,
aaat∼Πθ

[
T∑
t=1

(
r(st, aaat)+αH

(
πθi(·|st)

))]
,

(21)
where α is a learnable temperature parameter that controls the
influence of entropy term. H(·) denotes the entropy of action
distribution induced by πθi given st. We implement a multi-
agent soft policy iteration scheme, which alternates between
multi-agent soft policy evaluation and improvement [42].

Q-values are estimated using deep neural networks (critic)
to handle large state and action spaces. In policy evaluation,
the critic with parameter ψθi is updated by minimizing

Lψθi
= ED[(Q̂ψθi

(st, aaat)− Yt)
2] (22)

Yt = rt + γ(Q̂ψθi
(st+1, Π̂θ(st+1))), (23)

where Q̂ψθi
(st, aaat) is the soft Q-value, which can be calcu-

lated based on (21) and the corresponding soft value function,
i.e., V̂i(st) ≜ Eaaat∼Πθ [Qψθi

(st, aaat) + αH
(
πθi(·|st)

)
]. Then,

the loss function for soft policy improvement is

Lθi =ED
[
πθi(s

θi
t )

⊤[α log πθi(a
θi
t |sθit )−Qψθi

(st, Π̂θ(st))
]]
,

(24)
All actions are regenerated by the current policies, where
only the action sampled from policy πθi retains gradients for
its update. To improve update efficiency, the multi-agent soft
policy improvement adopts a sequential updates scheme, in
which previously updated policies are reused when optimizing
subsequent agents. Accordingly, the joint policies in (24)
is rewritten as, Π̂θ (·) := {πnewθ

i−
, πθi , π

old
θi+

}. Here, πnewθ
i−

represents the set of policies that have been updated prior to
updating πθi , while πoldθi+

denotes the set of policies that are
yet to be updated after πθi . The policies are updated following
an arbitrary random permutation order.
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D. Enhanced exploration

As problem P1 features large state and action spaces,
conventional exploration strategies such as stochastic action
sampling and ϵ-greedy selection commonly used in continuous
or small discrete action spaces are ineffective. To address this
challenge, we adopt Gumbel noise and parameter-space noise
in action generation [43], which promote effective exploration
while while preserving differentiability.

Parameter-space noise is injected directly into policy pa-
rameters, inducing consistent behavioral perturbations that
enhance exploration without introducing additional hyperpa-
rameter. We employ NoisyNet for the output layer of each
policy [43]. Specifically, we replace standard linear layers
with NoisyLinear layers, which inject noise into both weights
and biases. The noise parameters are perturbed as W =
µW + σW ⊙ εW and b = µb + σb ⊙ εb, where µW and
µb are the deterministic (mean) parameters, σW and σb are
learnable noise scales parameters, and εW , εb are zero-mean
noise variables sampled at each forward pass. To ensure com-
putational efficiency, we use factorized Gaussian noise [43].
Let ϵin ∈Rn and ϵout ∈Rm be independently sampled from a
standard normal distribution. The noise is then scaled as

f(x) = sign(x)
√
|x|, εW = f(ϵout) · f(ϵin)

⊤, εb = f(ϵout).
(25)

The parameters σW and σb are updated via backpropagation
together with policy parameters, enabling agents to adaptively
control exploration during training. This leads to more stable
and efficient learning than heuristic strategies like ε-greedy,
especially in high-dimensional or non-stationary environments.

Gumbel noise Ngumble is added to the policy outputs to
encourage exploration, i.e., aθit = πθi(s

θi
t )+Ngumble, ∀πθi ∈

Πθ. The noisy actions are then mapped to discrete
decisions by implicit activation functions with the
Straight-Through Estimator (STE) to preserve gradient
information. Specifically, aTAt = Gumbel-softmax(π̇(ṡt))hard,
aPSh,t = Gumbel-softmax(π̈h(s̈ht )PS)hard, and aTSh,t =

Gumbel-sigmoid(π̈h(s̈ht )TS). Here, Gumbel-softmax(·)hard
produces one-hot actions while enabling backpropagation,
effectively reducing action-space complexity during
training [18], [44]. For the PS action, π̈h(s̈ht )PS adopts
a binary classification approach to determine the final action.
Since TS involves selecting multiple tasks with varying
quantities under different conditions, Gumbel-sigmoid is used
to generate selection probabilities for candidate tasks, and
a threshold of 0.5 is used to determine whether a task is
selected. To satisfy ES constraints (C3), the top K = Xh

valid candidate tasks with highest scores are selected for
execution when the TS action violates constraint(s). Gumbel
noise promotes exploration in early training and is gradually
annealed as the policy converges.

The training process for GreenEdge policies is detailed in
Algorithm 1. Policies are separately deployed at the central
coordinator and individual ESs. During training, the initial-
ized policies interact with the environment for Tc episodes
to collect experiences. Once the replay buffer D contains
sufficient samples, policy updates are triggered. To alleviate Q-
value overestimation, double critics are employed, and target

networks with soft updates and delayed policy updates can
improve training stability [45]. The delayed update frequency
is controlled by λ1.

Algorithm 1 Centralized Training of GreenEdge policies

Input: Distributed Edge system, Coordinator, meta-policy,
edge policies, and replay buffer D

1: Initialize actors and target actors: π̇θ, {π̈hθh |∀h ∈ H}
2: Initialize critics and target critics: {(ψ1,θi , ψ2,θi)|∀πθi ∈

Πθ}
3: Distribute actor policies to corresponding facilities
4: for t̄ = 1, 2, 3, · · · do
5: Operate deployed actors to collect experience
6: if t̄ > Tc then
7: Sample experience: < st, at, rt, ss+1>∼ D
8: Draw a random permutation i=1 : |H|+1 of agents

===Update Critics===
9: for πθi ∈ Πθ do

10: Generate new at+1 for st+1 by latest actors Π̂θ

11: Calculate Lψθi
based on (22) and (23)

12: ψ1,θi , ψ2,θi = Optimizer(Lψθi
)

13: ψ−
j,θi

= (1− µ)ψ−
j,θi

+ µψj,θi , j ∈ {1, 2}
===Update Actors===

14: if t̄%λ1 == 0 then
15: for πθi ∈ Πθ do
16: Generate new at for st with updated actors Π̂θ

17: calculate Lθi based on (24)
18: θi = Optimizer(Lθi)
19: Reset the noise of all NoisyLinear layers.
20: if Actors are updated then
21: Synchronize parameters to corresponding actors

E. Algorithm Analysis

The computational complexity encompasses both training
and inference phases. Both the meta and edge agents adopt
MLP-based actors and critics, where Ma and Mc denote
the number of hidden layers, and Na

l and N c
l denote the

hidden size of the l-th layer of the actor and critic networks,
respectively.

(1) Inference Complexity: Gumbel noise and parameter-
space noise are disabled during inference. Each edge actor
has input dimension 4|U| + 4 and output dimension |U| + 2.
With softmax and sigmoid operations at the output, the in-
ference complexity is: O((4|U|+4)Na

1 +
∑Ma−1
l=1 Na

l N
a
l+1 +

Na
Ma

(|U|+2)+ |U|+2) The meta actor has input dimension
4|U| + 4|H| and output dimension |U| × |H|. With softmax
for action selection, the inference complexity is: ((4|U| +
4|H|)Na

1 +
∑Ma−1
l=1 Na

l N
a
l+1 +Na

Ma
(|U||H|) + |U||H|).

(2) Training Complexity: Training involves forward and
backward propagation through both actor and critic networks,
constituting the dominant computational overhead. Auxiliary
operations (e.g., optimizer updates, target network synchro-
nization, and experience replay) contribute lower-order com-
plexity terms.

By combining TS from all edge policies, the critic input
dimension becomes 4|U| + 4|H| + |U||H| + |U| + 2|H| with
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output dimension 1. The forward propagation complexity per
sample is (((4|U| + 4|H|) + |U||H| + |U| + 2|H|)N c

1 +∑Mc−1
l=1 N c

l N
c
l+1 + N c

Mc
) The NoisyLinear layer computa-

tional complexity comprises three components: (a) O(m+n)
for factorized Gaussian noise sampling, (b) O(mn) for ap-
plying sampled noise to network weights, and (c) O(mn)
for forward computation. Here, m and n are the output
and input dimensions, respectively. The overall asymptotic
complexity remains O(mn), with factorized noise schemes
providing computational efficiency through reduced constant
factors. Gumbel noise adds O(k) cost per forward pass, where
k is the action dimensionality. Backward propagation exhibits
identical asymptotic complexity to forward propagation.

(3) Convergence: Under finite state and action spaces, the
multi-agent soft policy iteration scheme, where each agent
iteratively updates its policy to the softmax of its current Q-
function while keeping other agents’ policies fixed, converges
to joint policies whose limit points are soft Nash equilibria
under the shared-reward cooperative setting.

Definition 1 (Soft Nash Equilibrium). A policy profile π∗ =
(π∗
θ1
, . . . , π∗

θN
) is a soft Nash equilibrium if, for all agents i

with finite action space Ai:

π∗
θi ∈ argmax

πθi

Ji(πθi | π∗
−i), (26)

where Ji is the entropy-augmented objective as (21). Equiva-
lently [45], for all agent i and s ∈ S:

π∗
θi(ai | s) =

exp
(
Q̄π∗

i (s, ai,a
∗
−i)/α

)∑
ãi∈Ai

exp
(
Q̄π∗
i (s, ãi,a∗

−i)/α
) . (27)

Proof. The proof consists of four parts.
i. Contraction of the soft Bellman operator. For a fixed

joint policy π, the soft Bellman operator of agent i is

(T π
i Qi)(s,a) = r(s,a)

+γ Es′,a′∼P (·|s,a),π[Qi(s
′,a′) + αH(πi(·|s′))],

where P (s′|s,a) denotes the state transition probability kernel.
For any Q(1)

i , Q
(2)
i and any (s,a),

|(T π
i Q

(1)
i )(s,a)− (T π

i Q
(2)
i )(s,a)| =

γ|Es′,a′ [Q
(1)
i (s′,a′)−Q

(2)
i (s′,a′)]| ≤ γ∥Q(1)

i −Q
(2)
i ∥∞.

Taking the supremum norm yields

∥T π
i Q

(1)
i − T π

i Q
(2)
i ∥∞ ≤ γ∥Q(1)

i −Q
(2)
i ∥∞.

Thus T π
i is a γ-contraction and admits a unique fixed point

Qπ
i [46]. Moreover, Qt+1

i = T π
i Q

t
i converges geometrically

to Qπ
i (soft policy evaluation) [45].

ii. Soft policy improvement. Define the expected Q-value
with respect to other agents’ policies as

Q̄π
i (s, ai) = Ea−i∼π−i(·|s)

[
Qπ
i (s, ai,a−i)

]
.

If agent i updates its policy to

πnew
i (·|s) = exp(Q̄π

i (s, ·)/α)∑
exp(Q̄π

i (s, ·)/α)
,

then, holding other agents’ policies π−i fixed, its entropy-
augmented value function is non-decreasing: V̂ π

new

i (s) ≥
V̂ π

old

i (s), ∀s. This follows from the soft policy improvement
lemma in [45].

iii. Boundedness. Since the rewards are bounded by Rmax

and the entropy of a discrete action space is bounded by
log |Ai|, for any policy π and state s,

|V̂ π
i (s)| ≤

∞∑
t=0

γt(Rmax + α log |Ai|) =
Rmax + α log |Ai|

1− γ
.

Thus, for each agent i, the entropy-augmented state value
function V̂ π

i (s) is bounded.
iv. Convergence to equilibrium. Under the shared-reward

cooperative setting considered in this work, all agents share
the same state value function V̂ π

i = V π, ∀i when employing
a shared critic. With individual critics, each agent maintains
its own value estimate incorporating local entropy, yet the
shared reward component ensures convergence to the team-
optimal solution. Consider a round-robin (asynchronous) up-
date scheme: in step k, only agent i updates its policy to
the softmax form (i.e., (27)), others remain fixed. By Step
ii, each asynchronous soft policy update ensures V̂ π(k+1)

i ≥
V̂ π(k)

i , yielding monotonic improvement of the shared re-
ward component. By Step iii all values are bounded. Hence
the value sequence converges. Since the joint policy space
Π =

∏
i,s∆(Ai) is a finite product of simplices, it is compact.

Therefore {π(k)} has at least one convergent subsequence. Let
π∗ be any limit point. By continuity of the softmax operator
and uniqueness of the soft policy evaluation fixed point, we
obtain for all i and s:

π∗
i (ai|s) =

exp(Q̄π∗

i (s, ai)/α)∑
ãi∈Ai

exp(Q̄π∗
i (s, ãi)/α)

.

That is, π∗
i is the best (entropy-regularized) response to π∗

−i.
Thus, π∗ is a soft Nash equilibrium.

This ensures convergence to a stable solution, while entropy
regularization alleviates the risk of premature convergence.

V. PERFORMANCE EVALUATION

To evaluate the proposed approach, we conduct simulations
using PyTorch 2.5 with CUDA 12 on a server equipped with
an NVIDIA RTX 4070 Ti GPU, and compare it against the
following benchmarks:

• Power GA: Since the TS at each ES is intractable using
conventional optimization methods, we adopt a greedy
heuristic algorithm (GA) that minimizes the combined
consumption of computation and cooling energy. Under
this setting, the TS problem reduces to a knapsack-variant
problem without considering the activation energy con-
sumption [44]. To promote renewable energy utilization,
the system prioritizes switching to renewable energy at
each decision point.

• Local Edge+GA: This baseline allocates tasks to their
associated local ESs without inter-ES offloading. Subse-
quently, the power GA algorithm is applied to determine
TS and PS decisions.
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• TD3/DSAC+GA: Twin-Delayed Deep Deterministic Pol-
icy Gradient (TD3) and Soft Actor-Critic (SAC) in
discrete action settings [45], [47] are applied for TA,
combined with the power GA algorithm for TS and PS.

• MATD3: This is an enhanced MADDPG with dual
critics and soft delayed updates. We also evaluate
the MATD3 Noisy, which incorporates parameter-space
noise for exploration.

• HDRL: The hierarchical DRL approach in [36] employs
specialized exploration and action-generation strategies,
with agents trained solely on local experiences.

Since the problem involves large discrete action spaces, value-
based DRL methods are not applicable, and therefore, we do
not include comparisons with them. Besides, purely single-
agent DRL is not included as a baseline because constructing
a joint action space that satisfies each edge server’s local
constraints requires prior knowledge that is often unavailable
in practice. Moreover, a fair comparison would require a
deeper policy network, resulting in substantially increased
training time and memory consumption.

A. Simulation Setup

We consider a system with five ESs, where the pairwise
transmission rates are uniformly sampled from [50, 80] Mbps.
In addition, we introduce Wup and W s ∈ R+ to dynam-
ically scale the RESS capacity and the power switching
cost, respectively. Following standard practice, we neglect
transmission energy, as its contribution is negligible compared
with computation energy. The configurations of these ESs are
randomly generated and summarized in TABLE II.

TABLE II: Simulation Settings for Deployed Edge Servers

fh [3.5, 3.5, 3.5, 3.5, 4.0] GHz
κh [2.2, 3.4, 4.4, 5.6, 4.8]

f ipch [3, 3, 3, 3, 4]/cycle
ζh [0.2, 0.3, 0.5, 0.45, 0.35]

ffloph [4, 8, 8, 16, 16]/instruction
Eswitch
h [40, 60, 60, 35, 35]×W s J

P active
h [8, 10, 13, 15, 12]× 10 J/s

Egreen,
h [200, 200, 300, 400, 400]×W up J

We adopt the Beta distribution to model the ratio of
available renewable energy,enabling the simulation of diverse
and extreme scenarios. Five representative levels of renewable
energy availability are generated, as illustrated in Fig. 3. These
scenarios capture the uneven distribution of renewable energy
across different load levels, time periods, and geographic
locations.

Fig. 3: Illustration of parameters for selected scenarios.

At each time slot, task requests, available renewable energy,
coolant temperature, target input air temperature, and current

TABLE III: Simulation Parameters (Par) for Task Features

Par Value Par Value
V ut [1000, 1500] Kbyte Rut [10, 20] Kbyte
τut [800, 1000] ms Tinh,t [5, 10]◦C

Tch,t [10, 15]◦C ρut [500, 800] FLOPs/bit

power supply state are reinitialized as random values drawn
from uniform distributions (see Table III). During initializa-
tion, ρut ∼ U[500, 800] FLOPs/bit and ηhu ∼ U[0.3, 6] are
sampled once and remain fixed throughout all simulations. For
the cloud server, we set CoPcloud = 6, κcloud = 5, f ipccloud = 4,
fflopcloud =4/instruction, fcloud = 4GHz. The cloud server is per-
manently activated, and its activation power is excluded from
energy analysis. To ensure the feasibility, each task’s latency
constraint is lower bounded as τut =max(τut , T

p
Hu

t
+100) ms,

where T pHu
t

denotes the estimated processing delay at its
associated ES.

B. Simulation results

Training convergence: First, we evaluate the convergence
of the proposed approach under Scenario 3 with |U| = 100.
An extreme setting is considered with Ws=15 and Wup=3,
which incurs high power switching costs while renewable
energy can only occasionally satisfy system demands. Results
are displayed using a moving average with a window size of
100 episodes. In each episode, 30 experiences are collected
before policy updates, followed by 10 update rounds. To
improve training stability, the AutoClip technique [48] is
applied with a percentile threshold of 10. Fig. 4 presents the
convergence behavior under different hyperparameter settings.
The results report the average conventional energy consump-
tion (’Trad. power cost (Avg.) / Wh’) computed using (11),
where 1 Wh = 3600 J.

Fig. 4a examines the impact of discount factor γ. Larger
γ lead to improved convergence by assigning greater weight
to future rewards, thereby strengthening the influence of the
target network and stabilizing training in complex multi-
agent environments. Fig. 4b shows the effect of the learning
rate (lr). Given the large state-action space and multi-agent
heterogeneity, learning rates below 10−4 are evaluated. The
results indicates that lr = 3× 10−5 achieves superior con-
vergence, striking a balance between fine-grained exploration
and training efficiency. Fig. 4c shows that larger batch sizes
improve convergence due to more accurate gradient estimates.
However, overly large batches are discouraged because of
increased cost and diminished exploration. Overall, these
results demonstrate the convergence of the proposed algorithm.
The selected hyper-parameters for subsequent experiments are
summarized in Table IV. The entropy temperature for TA is
learnable and updated following the SAC guidelines [45], [47].

Evaluation of training dynamics We compare the training
processes of DRL-based approaches under the above config-
urations. Fig. 5 presents the results smoothed using a moving
average with a window size of 500 episodes.

As illustrated in Fig. 5, TD3+GA performs poorly under
the given configuration, whereas incorporating action entropy
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(a) (b) (c)

Fig. 4: Convergence vs. hyper-parameters. (a) discount factor. (b) learning rate. (c) batch size.

TABLE IV: Simulation Parameters for Policy Training

Configuration Value
Hidden layers of actor [512, 256, 256, 256]
Hidden layers of critic [512, 256, 256, 256, 256]
Activation layer LeakyReLu
Replay Buffer Capacity 6000
batch size 128
Optimizer Adam
learning rate: actor, critic,α {3, 9, 6} × 10−5

Discount factor γ 0.9
Entropy temperature αi TA: learning, {TS,PS}:0.1
Delay update frequency λ 40
soft update µ 0.001

(DSAC+GA) significantly enhances exploration and improves
performance. However, DSAC+GA exhibits substantial perfor-
mance variability across different renewable energy distribu-
tions. This is mainly because GA neglects renewable energy
availability, a critical factor whose influence depends on the
underlying distribution. Multi-agent approaches (HDRL and
MATD3) do not consistently outperform single-agent base-
lines. HDRL is fundamentally limited by learning state–action
values from local observations under a global reward signal,
which can map identical local states to different rewards due
to the joint dependence on all agents’ actions. This coupling
induces environment non-stationarity and degrades training
stability. Parameter-space noise injection improves exploration
by encouraging diverse experience collection, leading to more
accurate value estimation and more stable policy updates.
Consequently, the approach alleviate premature convergence
and fosters better agent coordination. Action entropy further
improves exploration efficiency.

Across scenarios, several consistent patterns can be ob-
served. In scenarios with complex power management (Sce-
narios 2 and 4), where ESs experience heterogeneous re-
newable availability, policy convergence is slower due to the
enlarged action space jointly involving task allocation and
power switching. Under scarce renewable energy (Scenario
1), energy-aware methods (MATD3 Noisy and our approach)
significantly outperform other baselines. In contrast, under
abundant renewable energy (Scenario 5), their advantage over
DSAC+GA becomes marginal, as most ESs can primarily
rely on renewable sources. Our approach achieves comparable

(a) Scenario 1 (b) Scenario 2

(c) Scenario 4 (d) Scenario 5

Fig. 5: Training comparison of DRL-based approaches.

performance in Scenarios 2, 4, and 5, mainly attributed to task
concurrency constraints at ESs. Even with sufficient renewable
energy, task concurrency limits at each ES force excess
tasks to be offloaded to nodes with insufficient renewable
energy, thereby increasing conventional energy consumption.
Moreover, random initialization of power supply states induces
frequent power switching, making a non-negligible amount of
conventional energy consumption unavoidable.

Impact of RESS capacity: The capacity of the RESS
critically determines renewable energy availability, thereby
influencing TA decisions and system sustainability. To in-
vestigate this effect, we vary the capacity factor Wup, with
the results shown in Fig. 6. To mitigate the impact of task
concurrency constraints, the maximum number of concurrent
tasks per ES is doubled compared with previous simulations.
Simulations are conducted under Scenario 2 with Ws = 15
and |U| = 90, and results are averaged over the final 100 out
of 30,000 training episodes.

As shown in Fig. 6a, conventional energy consumption
decreases with increasing RESS capacity due to improved
renewable energy availability. Inter-ES collaboration further
enhances system sustainability by exploiting spatially dis-



IEEE TRANSACTIONS ON GREEN COMMUNICATIONS AND NETWORKING VOL. **, NO. *, 2026 12

(a) (b)

Fig. 6: Impact of RESS capacity.

tributed renewable resources, thereby reducing reliance on
conventional energy compared with systems without task
allocation. However, multi-agent methods with limited explo-
ration capability (HDRL and MATD3) yield only marginal
and inconsistent gains over centralized DRL baselines with
GA power management (TD3+GA and DSAC+GA). In con-
trast, introducing parameter-space noise significantly improves
MATD3 performance. Overall, the proposed algorithm consis-
tently achieves the lowest conventional energy consumption
across all scenarios, demonstrating superior sustainability.
Fig. 6b shows that power switching energy consumption
decreases as RESS capacity increases, since higher renewable
availability reduces the frequency of switching to conventional
sources. Compared with TD3, DSAC enables more ratio-
nal TA, mitigating renewable energy exhaustion at ESs and
thereby reducing switching overhead. Approaches that jointly
consider power management costs and renewable energy avail-
ability are more effective in reducing switching-related energy
consumption. Accordingly, the proposed approach achieves
the lowest power switching costs in most cases and enhances
overall sustainability.

Impact of power switching cost: Since power switching
costs significantly impact both conventional energy consump-
tion and power management decisions, we investigate their
effect by varying Ws. Fig. 7 presents simulation results under
Scenario 4 with Wup = 2.5, while other configurations remain
consistent with previous simulations.

(a) (b)

Fig. 7: Impact of power switching cost.

Fig. 7a shows that conventional energy cost generally in-
creases with power switching costs. TD3+GA, MATD3, and
HDRL exhibit limited improvement over the local+GA. In
contrast, DSAC+GA and MATD3 Noisy significantly improve
system sustainability through enhanced exploration. The ad-
vantage of DSAC+GA mainly stems from more effective TA,
which mitigates the impact of power management decisions.

When Ws < 12, DSAC+GA achieves lower conventional
energy consumption than MATD3 Noisy, since the benefits
of explicit power management diminish as switching costs
decrease. Our proposed algorithm consistently achieves the
lowest conventional energy consumption across all Ws set-
tings, outperforming all benchmarks. Fig. 7b shows that higher
per-operation switching costs result in increased total switch-
ing costs. Nevertheless, our approach effectively minimizes
switching costs under all evaluated conditions. These results
demonstrate that jointly optimizing task allocation and power
management is crucial for achieving higher system sustain-
ability.

Impact of application number: Since the number of appli-
cations directly affects system resource utilization, we evaluate
performance under different application loads. All approaches
are evaluated under Scenario 4 with Wup = 2.5 and Ws = 13.
The results are shown in Fig. 8.

(a) (b)

(c) (d)

Fig. 8: Impact of application number.

The results show that both conventional energy consumption
and power switching costs increased as application number
increase. As the workload grows, more ESs are activated and
handle additional tasks, increasing the likelihood of renew-
able energy depletion and subsequent switching to conven-
tional sources. Our proposed method consistently outperforms
DSAC+GA, with the performance gap widening as appli-
cation numbers increase. This trend highlights the growing
importance of effective power management under larger and
more complex action spaces, particularly when frequent power
switching incurs high costs. Fig. 8c shows that total energy
consumption increases with the number of applications, while
our approach minimizes total energy consumption compared
with other benchmarks. Fig. 8d illustrates cloud offloading
behavior of different approaches. Approaches with greedy
power management (Local+GA, TD3+GA, DSAC+GA) ex-
hibit minimal cloud offloading, as decisions are based solely
on per-task energy comparison. Since edge processing gen-
erally incurs lower energy costs than cloud execution in our
setup, these approaches consistently prefer local processing
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Fig. 9: Performance evaluation based on real-world data.

whenever capacity permits. In contrast, AI-based methods that
jointly optimize task selection and power management exhibit
strategic cloud offloading. Our proposed method minimizes
cloud offloading while maintaining performance, reflecting
holistic sustainability optimization. For example, a task may
be offloaded to cloud when edge execution would trigger
power switching due to renewable energy depletion. Despite
this increase per-task energy cost, it avoids expensive switch-
ing operations and improves overall sustainability. Notably,
MATD3 and HDRL exhibit significantly higher cloud offload-
ing, mainly due to suboptimal TA actions that violates edge
constraints (e.g., QoS and capacity), leading to excessive cloud
migration. This behavior indicates insufficient coordination
and exploration, which degrades multi-agent cooperation.

Evaluation on real renewable energy generation dataset:
To further evaluate robustness and generalization, we con-
duct additional evaluations using real-world renewable energy
generation datasets. To enable adaptation to diverse energy
distributions, the policy is trained under randomized Beta
distributions, where both parameters are uniformly sampled
from [0.2, 5] at each observation. Training is performed over
40,000 episodes using synthetic data, and then evaluated
over 10,000 episodes using real-world datasets. We collected
publicly available energy generation data, including wind en-
ergy records from four German transmission system operators
(50Hertz, Amprion, TenneT TSO, and TransnetBW)12 and
solar power generation data from 2021 and 2022 obtained
from the Sheffield Solar Platform3. From each dataset, the first
10,000 records are extracted and normalized by their maxi-
mum values, representing the relative availability of renewable
energy. These normalized traces are mapped to different ESs:
ES 1 uses TenneT TSO data (wind), ES 2 uses TransnetBW
data (wind), ES 3 uses Amprion data (wind), ES 4 uses Solar
PV (2021) data, and ES 5 uses Solar PV (2022) data. We set
|U| = 150, Wup = 4, and Ws = 13. Fig. 9 illustrates both
training and evaluation performance, with results smoothed
over 200 training episodes and 50 evaluation episodes. In addi-
tion, we include MASAC algorithm [42] as a baseline, which
incorporates action entropy but does not employ parameter-
space noise.

Fig. 9 presents the average conventional energy cost cost
during training (Fig. 9a) and evaluation (Fig. 9b). During

1https://www.netztransparenz.de/
2https://www.kaggle.com/datasets/jorgesandoval/wind-power-generation?

utm source=chatgpt.com
3https://www.solar.sheffield.ac.uk/pvlive/

training, the proposed method achieves significant and con-
sistent energy cost reduction, exhibiting faster convergence
and higher learning efficiency than all baselines. In contrast,
other benchmarks converge to noticeably higher cost levels,
indicating limited adaptability to renewable-aware environ-
ments. During evaluation on real-world datasets, the proposed
method consistently attains the lowest average conventional
energy consumption across over 10,000 episodes, demonstrat-
ing strong generalization capability. It also shows smaller
fluctuations, suggesting improved robustness under noisy and
non-stationary renewable energy conditions. The persistently
high cost of Local+GA further highlights the necessity of
coordinated task and power management in MEC systems with
heterogeneous and time-varying renewable availability.

These results demonstrate that the proposed approach can
learn robust and sustainability-aware policies for distributed
green MEC systems under realistic dynamics of renewable. A
key insight is that heterogeneous MADRL enables the joint
optimization of intrinsically coupled subproblems in an E2E
manner. Such coordinated optimization relies on efficient ex-
ploration, for which parameter-space noise provides an effec-
tive complement to action entropy, particularly in ultra-large-
scale discrete action spaces where conventional exploration
strategies face scalability and convergence challenges.

VI. CONCLUSION AND DISCUSSION

This paper investigated distributed green MEC systems
powered by hybrid energy sources. To promote system sus-
tainability, we formulated a joint optimization problem that
minimizes conventional energy consumption through coor-
dinated task allocation and power switching. Due to edge
infrastructure constraints and strong operational coupling, the
problem is computationally intractable and involves high-
dimensional, interdependent action spaces. To address these
challenges, we proposed an E2E AI-driven approach based on
heterogeneous cooperative MADRL, where agents indepen-
dently solve local subproblems while collectively optimizing a
global objective. In addition, individualized entropy regulariza-
tion and parameter-space noise were incorporated to enhance
exploration efficiency in ultra-large discrete action spaces.
Theoretical analysis proves the convergence of the proposed
approach to a soft Nash equilibrium. Extensive simulations
demonstrate that the proposed approach significantly improves
system sustainability compared with baseline methods. Mean-
while, the algorithm exhibits superior exploration capability

https://www.netztransparenz.de/
https://www.kaggle.com/datasets/jorgesandoval/wind-power-generation?utm_source=chatgpt.com
https://www.kaggle.com/datasets/jorgesandoval/wind-power-generation?utm_source=chatgpt.com
https://www.solar.sheffield.ac.uk/pvlive/
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and enhances learning stability in heterogeneous MADRL
settings with large discrete action spaces, thereby validating
both its theoretical soundness and practical effectiveness.

This work focused on optimizing single decision snapshots
under a short time-horizon assumption, where tasks are com-
pleted promptly. As a result, long-term continuous task execu-
tion and queue dynamics are beyond the scope of this study.
Future work will extend the framework to long-horizon system
management in more practical MEC settings. In particular,
incorporating system states such as task execution queues
would enable queue-aware scheduling and more realistic mod-
eling of traffic-intensive applications. Moreover, integrating
observations and predictions of uncertain renewable energy
generation can further improve adaptive and efficient renew-
able energy utilization. Investigating the dynamic trade-off
between sustainability and QoS under queue dynamics and
time-varying QoS requirements remains a promising research
direction. Collectively, these extensions provide a foundation
for resilient and autonomous off-grid MEC systems.
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