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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

ULTI-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 ATl 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 infdEC systems [14], [15], convex optimization and game theory
several subproblems based on action spaces or execution lofgic,air-ground integrated systems [16], and Lyapunov opti-
which are then addressed separately through conventiomatation for collaborative vehicular environments|[25].
techniques|[18],/[23],/[24]. Although such decomposition re- With growing sustainability concerns, renewable energy
duces action space dimensionality, many subproblems remaitegration in MEC has attracted increasing attention. Fang et
challenging due to practical constraints and tight subsysteah [10] introduced the green edge concept, and leveraged DRL
coupling. Multi-agent deep reinforcement learning (MADRLJo enable energy-ef cient cloud-edge collaboration. Despite
offers a promising alternative by allowing different agents tmherent uncertainty and intermittency, renewable energy has
specialize in distinct decision dimensions, such as task allodsen widely explored in Internet of Things (loT) (often
tion, energy management, and cooling control, while learnitgrmed energy harvesting). Luo et &l. [17] addressed solar
coordinated policies. This distributed paradigm effectivelgnergy variability through DRL-based power management
manages complex subsystem dependencies without requinimgler battery constraints, while Ma et &l. [26] optimized
explicit mathematical models, addressing both the scalabilitgarbon emissions and inference accuracy through task alloca-
and complexity challenges of modern MEC systems. tion between renewable-powered devices and grid-connected
This paper investigates distributed MEC systems poweredrvers. However, these studies primarily focus on device-level
by hybrid energy supplies, and proposes an ef cient approatgnewable energy under simpli ed assumptions (single energy
for improving system sustainability through joint task allocasource, limited capacity), limiting their applicability to system-
tion and power management. An end-to-end (E2E) MADRILevel MEC environments.
based framework is developed to addresses task-power intefedge data centers provide stable platforms for renewable
dependencies and distributed resource constraints via coogtiergy integration. Ma et al. [11] investigated task of oading
nated multi-stage decision making. The main contributions awader hybrid power supply, while Liao et al. [27] proposed
summarized as: carbon-aware task placement with renewable energy sharing
We formulate a sustainability-oriented optimization prob@mong distributed servers. However, these works overlook
lem for distributed MEC systems powered by hybrid er00ling energy, which constitutes a signi cant portion of data
ergy Supp”eS, aiming to J0|nt|y Optimize task a”ocation,center Consumption. Chen etal. [20] and Pe| et al. [28] demon'
power switching, and task selection. The system mod@fated that cooling constitutes a non-negligible component of
comprehensively incorporates computation, cooling, aftyerall energy consumption, and Pei et al. further achieved
power management costs, while satisfying edge capacf/ciency gains through DRL-based adaptive cooling control.
constraints. In contrast to existing studies that consider renewable en-
We propose an E2E approach based on heterogene&igy and cooling in isolation, this work examines the combined
MADRL, in which specialized agents collaborativelyeffects of computation, cooling, and power switching costs un-
address the subproblems of task allocation, task sel&&" hybrid energy sources. This resulting integrated framework
tion, and power switching, thereby handling the intelS designed to improve overall system sustainability.
dependencies among action spaces and individual con- . . .
straints. Moreover, the approach enhances explorationBin Multi-Agent DRL in Edge Computing
ultra-large discrete action spaces through individualized MADRL has demonstrated strong potential in handling
entropy regularization and parameter-space noise, dp@tial observability and coordinating heterogeneous agents,
guarantees provable convergence to a soft Nash equildd has been widely applied to resource allocation, task
rium. of oading, and content caching in MEC systenis |[29]. For
We conduct extensive evaluations based on numericgxample, Liu et al.[[30] modeled each user as a Q-learning
simulations and real-world renewable energy generati@gent that autonomously selected wireless resources, guided
datasets. The results demonstrate that the proposed 2 global reward to minimize system costs. Zhang ef aJ. [31]
proach achieves signi cant improvements in system sustudied hierarchical multi-cloud MEC systems where each
tainability and consistently outperforms benchmarks. cloud server learned task scheduling strategies through agent
The remainder of this paper is organized as follows. Selfteraction, signi cantly reducing processing latency. Recent
tion[MM reviews related works. Secti¢n]ill describes the systeftfivances have introduced specialized techniques to improve
model and problem formulation. Sectigin]IV presents tHE2ININg efciency. Gao et al. [32] enhanced the actor-critic
proposed MADRL-based approach. Secfign V provides Sim[gamework_ with dual.centrahzed critics, duelmg networ_ks,_
lation results and performance analysis. Sedfign VI conclug@ad attention mechanisms to compress observations, achieving

the paper and discusses future research directions. signi cant cost reductions in large-scale of oading scenar-
ios. Liu et al. [33] customized reward structures to enhance

computation rate and convergence in loT systems. Given the
interdependence among of oading decisions, resource states,
and network conditions, joint optimization of multiple objec-

Energy ef ciency is fundamental requirement for sustairtives has received increasing attention. However, most existing
able MEC. Recent studies have investigated energy optimizeerks are limited to homogeneous agents with independent
tion across various MEC scenarios using diverse approach#scision variables that can be optimized simultaneously [14],
For instance, DRL for heterogeneous vehicular-integrat@g#].

[l. RELATED WORKS
A. Sustainable Edge Computing
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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 of oading 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, (b)

where the central agent's outputs directly in uences suborq:':1'g_ 1: System model of a distributed green MEC system.

nate agents' inputs, and joint actions collectively determine thg) distributed green edge infrastructure. (b) power supply
global rewards. Moreover, to enhance exploration challengg@nagement and load distribution.

in ultra-large discrete action spaces, we introduce individual-
ized entropy regularization with parameter-space noise, which
improves both learning ef ciency and solution quality.

I1l. SYSTEM MODEL AND PROBLEM FORMULATION

We consider a distributed green MEC system (Fig. ﬂt“ denotes the ES directly associated with the source device
consisting of a set of geographically distributed ESs denotef application u, V' is the task data size, {Ris the result
by H. Each ES is powered by a hybrid energy Syste,qal,ata size, { is the computing intensity de ned as the number
integrating renewable and conventional energy sources.OA oating-point operations (FLOPs) required per bit, antl
Power Supply Management System (PSMS) is deployed speci es the latency constraint. The service delay consists of
each ES to ensures stable energy supply through coordinaﬂ%‘?j processing latency {T) and the communication latency
power switching with an Renewable Energy Storage Systdf,.) [18], [37], i.e.,

(RESS), which stores harvested renewable energy. All ESs are B
connected to a central cloud server powered by conventional ¢ = —p ,Tf - Wl et WHRY 1)
energy, which processes tasks of oaded from the edge to we Fau By

ensure their performance. We denote the complete server set, ) ]
including both edge and cloud servers, a$ .HVioreover whereH{' 2 H* denotes the server to whichTis allocated

a centralized coordinator orchestrates inter-site collaboratidf Processing. Since computational performance varies across
including system-wide optimization and resource allocation.d'f'fer‘f’n_t facilities in practical systems, the factdf refers to

We assume that the system operates in discrete time sk deviation from the base intensity when tasks from u are
t 2 f1;2;:::g over an innite horizon. At each time slot, €xécuted on server h [18]. We denote s the computing
the coordinator observes newly arriving tasks from a set gfPacity of server h, measured in Floating-Point Operations
registered applications U running on heterogeneous devi€& Second (FLOPS), which depends on its clo%lgpfrequemcyf
and obtains the RESS states of all ESs. Then, the coordina@ﬁﬁj processor architecture, i.eq Efn f = f 7 : Here,
generates a global task allocation decision. Upon receiving the 1S the number of instructions that the computing unit of
assigned tasks, each ES processes them according to its 1§8&yer h can execute per clock cycle, arfi is the number
policy and resource conditions. For notational simplicity, théf FLOPs performed per instruction. Note that Fefers to the
subscript t denotes the time slot unless otherwise stated, &#pacity of a single computing unit of h, and each server may
explicit references to time slots are omitted when clear frof®mprise multiple such units, enabling parallel task execution.

the context. Bru.pu denotes the effective data transmission rate between
server H' and servei!. To maintain the Quality of Service
A. Quality of Service Model (Qo0S), the total service delay should not exceed the speci ed

L . latency constraint, i.e.,
A task request generated by application u 2 U at time slot t y

is characterized by atuple T = (H ; V\*; RY; 5 ), where C1: Ty <5 8u; 8t: 2
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B. Energy Consumption Model Here, T, represents the coolant temperature at ES h, which

(ijs typically related to ambient temperature. We assume that

%|I power consumed by IT facilities is fully converted into
eat. Both T}, and T, are expressed in Kelvin (K). The

Information technology (IT) facilities, cooling systems, an
power switching operations account for over 91% of the tot

energy usage [21] in modern computing environments. Thus . . . .
oy ge [21] PUting cdefcient , < 1 re ects the practical cooling ef ciency at

we focus on these three components, as they dominate enetgy i o ‘
consumption and are directly impacted by the workload. eigpro’y?ncgr?tlfrg:]n dg ;g\r/i:joer:/rlr?gr?{-ipfé?:in:: tfgig;(rastm[:ZI)]CoP due to

(2) IT facilities: IT facilities consist of computation, storage, oo o .

o o =" (3) Power switching: Each power switching operation incurs
and communication components. Activating these facilities o . -
: . L otve : . non-negligible energy consumption due to auxiliary subsys-
incurs a baseline power consumptiofl® , which varies

) - tems such as uninterruptible power supplies or microgrid
across ESs and can be obtained through empirical measure- .

! . " recon guration. We assume that the PSMS operates on con-
ment. Following common assumptions, we tregt“t*® as

constant for each ES. Beyonq?‘lﬁ"e 'a substantial amount ventional energy to ensure reliability. Accordingly, the energy

of energy is expended during task processing. To ensure aElgnsumptmn related to each switching operation at ES h is
i

3 jtch — i i
plications' QoS, we assume that each computing unit operal gdeled as a constantE C. During system operation,

S . X
at full capacity. Following [38], [39], we model the energy € energy supply dynamically switches between renewable
consumed by the IT facilities of ES h at time slot t, denote

nd conventional sources. When powered by renewable energy,
T . T facilities are powered by the on-site RESS. Once residual
by Ep., as the sum of computation energy consumption

L ) - renewable energy & is depleted, the PSMS automatically
comp ive " H
Ehe ), 'act.lvanon energy consu'mpgqnxxﬁ' ), and data switches to conventional sources. Therefore, we have
communication energy consumptlonh(",‘iR ), i.e.,

C2:E?. 0 or E " E J°°"“:8h2H;8t (7)
EIT — g comp | £ aciive 4 £ TxRx " hi hit ht T
ht = &= hit h;t h;t reen
~ s X - active TxRX Here, Eﬁ;t denotes the amount of renewable energy con-
= afy Xyt T TPy JQS\{](W wt9+En™ © sumed by ES h. BT represents available renewable energy
u2u ‘ (3) Stored in the RESS at ES h, which satis efiE™ E PO

Here, , denotes the effective switched capacitance [39]. T . denotes the maximum RESS capacity of ES h. At the
binary variable §, indicates whetherJ; is allocated to ES h, Peginning of each time slot, switching energy consumption
The set | includes all applications whose source device afent 'S Initialized to zero. Each time a power svylthchmg
associated with or whose tasks are of oaded to ES h duriffperation occurs, f is increased by f =E§; +E e _
slot t. The data communication energy consumptio}{ﬁx Additionally, the number of tasks processed at each ES in

(including data transmission and reception) can be modeled®§Ven time slot is limited by its processing capacity. Tasks
exceeding this capacity are of oaded to the cloud. Therefore,

Eps ™ = P Vi + PROVRS (4)  we have X
C3: xn. X M8t 8h; (8)

where R* and R represent the energy consumption of U uit
sending and receiving one bit of data at ES h, respectively. !

Vi and ¥ denote the data size transmitted from an@here X" denotes the maximum number of tasks that ES

received by ES h. h can process simultaneously. Moreover, each task can be
(2) Cooling system: Cooling energy consumption depen@jocated to at most 0)216 ES, ie,
on the thermal load generated by IT facilities and is in uenced ca: XE;t 1: 8t: 8u: 9)

by factors such as fan placement, cooling medium, and man-
agement policies. Due to these complex dependencies, deriv-
ing a uni gd mathematical model is challenging. Neve_zrtheles&_ Problem Formulation
prior studies show that cooling energy of an ES h at time slott

(Ec2) is predominantly determined by heat dissipation from According to (3) and (5), system energy consumption is
IT facilities, i.e., given by the sum of IT, cooling, and power switching energy

consumption across all ESs, i.e.,

h2H

E/T X
Eﬁgol - h;t . (5) Ettotal - Erl]'l't +E ﬁ?{Ol +E rs];t
CoP h:t hoH
The Coef cient of Performance (CoP) of a cooling system _ X 1+ 1 EIT LES (10)
guanti es its cooling ef ciency and is de ned as the ratio of - CoP h(Tir?;t TE) hit hit

cooling output to energy input [38], [40]. A higher CoR o ) ) o
indicates better cooling ef ciency, implying lower energy conJ© Promote sustainability, we consider two primary objectives:
sumption for the same cooling output. In practice, CgPis (a) maximizing the utilization of renewable energy, and (b)

commonly modeled as a function of the supply air temperatufdinimizing the overall energy consumption, particularly non-
TN [41], i.e. computational consumption (e.g., cooling). These objectives

_ may con ict with each other. For instance, allocating more
i ™ tasks to an ES with abundant renewable energy i -
- in .Tc y = ht . gy Improves re
CoP i =COP n(The i The) = TS, T I ®)  newable energy utilization, but may increase the overall energy
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consumption if that ES operates with lower energy ef ciency. fully observable by the central coordinator. As a result,
Therefore, we formulate a uni ed objective that balances these global TA decisions may violate local constraints, re-
goals by minimizing the consumption of conventional energy: quiring ESs to further adapt their executions based on

local states. Furthermore, even after problem decom-

P1: mianT (Ettotal E tgreen); position, the resglting subproblems.r.emain challenging
xy b (11) due to mutually interdependent decisions. For example,
sit::Cl, C2, C3, C4: task selection and power switching are tightly coupled

and subject to uncertain constraints (e.g., QoS and re-
The decision variables x = ff; ju2 U;t2T;h2H *g source availability), rendering the resulting subproblems
and y =fy{ jh 2 H;t 2 Tg represent task allocation (TA) intractable even after decomposition.

and power switching (PS) decisions, respectively2yf0; 1g A

indicates whether a power switching operation to reneWat%lr%\mework that can operate under partial state observabil-
energy occurs at ES h. Moreover, we us@€" to denote i P P

the renewable energy consumed in time slot t, which is e’ handle strongly coupled decision spaces and individual

sum of renewabig energy consumed by each ES Ji°t&), constraints, as well as adapt to dynamic and uncertain envi-
) green  _ green . : ronments. To address the above challenges, we propose an
e, E = ha# Ept - In addition, we focus on

hybrid energy systems where renewable sources complem(E?%lE MADRL-based approach that operates effectively under

. . . amic system conditions and partial state observability. For
conventional grid power, and thus exclude scenarios powered . . .
: clarity, the notations used in the system model and problem
exclusively by renewable energy.

formulation are summarized in TABLE I.

s a result, the formulated problem requires a decision-making

D. Problem analysis

Before proceeding to solution design, we rst analyze the V- MULTI-AGENT DRL-BASED E2E APPROACH
computational complexity of P1. To this end, we consider
a restricted version of P1 by focusing on a single tim@- Framework

slot. Besides, we ignore constraints C1 and C2, as well asgyilding upon the analysis of problem P1, we propose

the variation in transmission and computation costs incurrgd pADRL-based approach that is aligned with the E2E
when a task is allocated to different servers. Moreover, Werational work ow of distributed MEC systems and respects
assume that all servers are powered by renewable energyodingividual system constraints. As illustrated in Fig. 2, the
the beginning of the time slot and sefE" =0;8h 2H *. proposed GreenEdge architecture consists of a meta agent

Under these assumptions, the resulting problem reduces,iQy edge agents, corresponding to the central coordinator and
a multiple knapsack problem (MKP), which is known to bjistributed ESs respectively.

NP-hard. Therefore, P1 is NP-hard even in the single-time- ]

slot case with simpli ed restrictions. However, the decision- Meta agent: The meta agent is operated by the cen-
making process can be formulated as a Markov Decision Pro- tralized coordinator and is responsible for global TA
cess (MDP). Since decision time for a batch of task requests is J€Cisions. At each time slot t, the coordinator retrieves
short, the system remains stable during this interval, i.e., task ©observable state information of all tasks and ESs, denoted
and ES states remain consistent throughout decision-making PY & and feeds it into the meta policy _to generate a
and execution. Furthermore, given the observed state at each Meta action @from which the TA action atis derived.
time slot, subsequent system transitions depend solely on the Edge agent: Each edge agent is operated by its corre-
current state, selected actions, and system dynamics, satisfying SPonding ES to optimize local task selection and power

the Markov property. This makes the MDP framework well- ~Mmanagement policies after the execution of global TA.
suited for this problem. However, achieving sustainability in ~ SPeci cally, each edge agent inputs its local stafe 3
edge systems presents the following key challenges: (including allocated task features and local states) into

- b -
Limited prior knowledge and system dynamics: In the edge policy ¥ and output &, from which the task

practical MEC systems, many parameters, such as exact selection (TS)d° and the PS §° actions are derived.
computing intensity or subsystem energy models, are ndfter executing TA, TS, and PS actions, tasks are either
directly observable. Conventional optimization methodgrocessed at designated ESs or forwarded to the cloud. Upon
that rely on strong modeling assumptions and globtisk completion, each ES reports its energy consumption to
knowledge thus become impractical. In addition, dynamibe central coordinator. Then, the experience is uploaded and
task requests and uctuating resources require real-tifséored for policy training.

decision-making under evolving system states, posingDuring this work ow, tasks whose estimated edge process-
major challenges for traditional approaches, which ofténg delay exceeds their latency constraints are of oaded to the
need extensive iterations even under xed snapshots. cloud to satisfy C1. This mechanism implicitly encourages
Coupling between decisions and constraints: Local agents to learn policies adhering to latency requirements,
decisions at ESs are inherently coupled with global TAas cloud of oading results in higher conventional energy
ESs face multi-dimensional constraints, such as energgnsumption, which is contrary to the optimization objective
availability and task concurrency limits, which are noand thus acts as an implicit negative reward signal.
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TABLE I: List of Notations

Notation | De nition
H/H* Set of edge sites/Set of all servers
U Set of registered applications (arrived tasks)
uh Applications related to ES h
Tuit Task request from application u
H! ES associated with application u's device
\As Data size from application u's task
R{ Data size of application u's computing resu
¢ Computing intensity application u's task
u Latency constraint of application u's task
Ry Server to which u's task is allocated
B f Effective data rate between serve h #nd
h Performance deviation of u's tasks on ES h
Fn Capacity of server h's computing unit
fn Clock frequency of ES h's computing unit
fre Instructions per clock cycle of ES h
f/°° | FIOPs per instruction of ES h
h Effective switched capacitance of ES h
Tut Service latency of application u's task
Tf;t Processing latency of application u's task
TJ;t Communication delay of u's task and result
Eix Energy consumption of ES h's IT facilities
Ene" | Computation energy consumption of ES h
pactve | Activation power of ES h
Eﬁ;ct“"e Activation energy consumption of ES h
Vit Data size transmitted from ES h
ViR Data size received by ES h
Eps™ | Communication energy consumption of h
Eﬁgo' Cooling energy consumption of ES h
Egwich | Energy cost per switching operation at h
Eft Total switching energy consumption at h
Egeo" | Renewable energy consumption of edge h
EP, Residual renewable energy of ES h
EZJE™ | Maximum available renewable energy of h
EP®" | Maximum capacity of ES h's RESS
E lotal System total energy consumption
EJ®®" | System total renewable energy consumptign
bt Target air temperature of cooling system
Ty Temperature of coolant
h CoP adjustment coef cient
xﬂ;t Binary TA indicator of application u to h
xh Maximum number of concurrent tasks on |
yP Renewable energy switching indicator of h

Note: All symbols with subscript t are de ned with respect to time slot

t; u denotes the application u, and h denotes the server h.

B. De nitions

Fig. 2: The proposed E2E GreenEdge architecture.

of ESs, i.e.,

$=fH S VERY (ju2Ug[fE B ¥ T Theih2Hg;

12)
where § 2 f0;1g denotes whether ES h uses renewable
(¥ = 1) or conventional ({ = 0) energy at the beginning
of time slot t. Computing intensity and coef cient, are
excluded due to measurement dif culties and treated as un-
observable environmental factors that policies must implicitly
adapt to.

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

a=[xNJuim (13)

where Xt 2 f0; 1g indicates whether the task from appli-
cation u is allocated to ES h at time slot t (by the meta
ggent). For each task, exactly one ES is selected (C4), i.e.,
non Xt = 1;8u.
Local edge state: Each edge agent's local state observation

includes the real-time features of the tasks allocated tqhﬁX,U
as well as the internal state, i.e.,

ol =fH !,V RY; ju2U™glfE 2 ¥ T TR0 (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.,

Pfﬂ;t]ljuj' ;y{‘ :8h 2 H:

where x!];t 2 f0; 1g denotes whether task from application u
is selected for local processing by ES h. The TS action is
de ned 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.,

ay = (15)

To implement the proposed MADRL-based GreenEdgel, = xi}, »!. . Here, y represents the PS action, indicating
framework, we de ne the state spaces, action spaces, antha selection between conventional and renewable energy by
uni ed reward function as follows:

Meta state: The observable state of the meta agent encom-Reward: To align the minimization objective in (11) with
passes real-time attributes of all task requests and partial stahes reward maximization paradigm of RL, we de ne the

ES h at time slot t.
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reward as the negative of conventional energy consumptiomon-stationary multi-agent policies, we adopt centralized state-
= R S(EPE g green). (16) action vglue es'ti.mation during training. Speci cally, the Q
t t t ' function is conditioned on the global system state and the joint
Additionally, we de ne an auxiliary reward for cases where reactions of all agents, incorporating all available observations
newable energy fully satis es demand (i.eJ'B" =E @ ), and decisions. Such centralized value estimation provides
This auxiliary reward is non-negative sincg¢'&" E @ provides more stable and accurate learning signals, since the
and decreases with energy consumption to encourage congpping from joint state-action pairs to rewards is more
vation in fully green scenarios. Then, the reward function igrecisely captured at the system level than from individual
R S(ELE E Oen) f E ol > green 3gzntn2er5||3ectivesl.( The joint Q-vg\lueshare approxima(‘;ed by
ro= o 17) p neural networks to accommodate the vast state and action
501 —Rrs—: if Efo@l = geen spaces. Policy gradients are then computed by backpropaga-

) ) ) ] tion through the centralized Q-function, i.e.,
where R is a scaling factor to normalize the reward signal and

reduce gradient explosion risk during training. We sétR r J =Es. [rr (S\t)Q(st; aal; ;a{Hj ): (20)

1=720, which can be adjusted based on the reward range. . Lo
For notational simplicity, we use; to denote the parameters

C. Centralized training of GreenEdge policies of policy 2. to be updated. Lett$ denotgs the !ocal
, , ) . state observation of the agent associated with policy,
In the investigated problem, agents are assigned distigglich is extracted from the global system stateT enhance
tasks and operate with heterogeneous state and action spaggsioration, action entropy is incorporated into policy updates

forming a highly dynamic multi-agent environment. All agentjs soft policy iteration [42]. Accordingly, the objective is to
face large stochastic state-action spaces with strong intRl5rn the optimal policy , i.e.

agent dependencies and require synchronized coordination at

#
each decision step. For example, the state of each edge agent X . ] _
is directly in uenced by meta actions, necessitating global  =argmax Eas‘ s; rsi;a)+H  (is)
cooperation for system-level optimization. Furthermore, online ' =1 1)

data sampling in networked systems is often costly. To addrgGSere s a learnable temperature parameter that controls the
these challenges, we adopt an off-policy MADRL framewor, yence of entropy term. H() denotes the entropy of action
with centralized training and distributed execution. distribution induced by = given . We implement a multi-

As illustrated in Fig. 2, the coordinator collects and storegyant soft policy iteration scheme, which alternates between

interaction experiences in a shared replay buffer and reu%ﬁﬂlti-agent soft policy evaluation and improvement [42].

it for policy training, thereby improving data efciency.

We use to denote the set of all policies, i.e.,, =

f_ ;-11;-22;:::;-”?:1_ g, where and , denote parameters

of the meta policy _ and the edge policy' » respectively. _ _ .
All agents collaboratively optimize a shared objective of min- Q-values are estimated using deep neural ne_tworks (C”.t ic)
imizing conventional energy consumption. Speci cally, eac@?\:andle large state and action spaces. In policy evaluation,

edge agent makes decisions based on its local observati critic with parameter , is updated by minimizing

conditioned on the meta actions, while the resulting joint L = ED[(@ (st;a) Y 1) (22)
action determines the global system reward. Consequently, the ', ' b )
objective of each policy 2 is to maximize the expected Yo=ro+ (@ (Se1 2 P (S ))); (23)

long-term cumulative reward given the observed states, i-ewhereé (st;a) is the soft Q-value, which can be calcu-
" # ’ L

X lated based on (21) and the corresponding soft value function,
J()=E s s: re St; (st) (18) i.e., ‘O.(St) , E a [Q . (sya)+ H (jst) I: Then,
a t=1 the loss function for soft policy improvement is
where  (s) = (_ (81,01 o™ @l") denotes L =Ep (s/)” log (@'is{)Q (5P (s0) ;
the joint actions of all agents. For brevity, we useta denote (24)

(st). S denotes the system state space. The local stai¢ actions are regenerated by the current policies, where
observations of edge agents are determined by the meta agesily the action sampled from policy , retains gradients for
action together with their internal states, i.e., s (sSt) ) its update. To improve update ef ciency, the multi-agent soft
2";h 2 H. Given a system state;s the expected cumulative policy improvement adopts a sequential updates scheme, in
reward after implementing the joint actions & captured by which previously updated policies are reused when optimizing
the joint state-action value (Q-value) function, which satis esubsequent agents. Accordingly, the joint policies in (24)
the Bellman equation with discount factor 2[0;1), i.e., is rewritten as,P () := f "ew; ; od g Here, new

cal) = . . represents the set of policies that have been updated prior to
a;) = a)+ E - \Y 1 i : o
Q(st;ar) =r t(st;a) sw s; [V (sw)l;  (19) updating ,, while °9 denotes the set of policies that are
where (S;; a;) is the system reward given and&. V (s41 ) Vet to be updated afte'ri . The policies are updated following
is the state value of.s . To improve training stability under an arbitrary random permutation order.
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D. Enhanced exploration

networks with soft updates and delayed policy updates can

As problem P1 features large state and action Spacggprove training stability [45]. The delayed update frequency
conventional exploration strategies such as stochastic act®rFontrolled by 1.

sampling and -greedy selection commonly used in continu
or small discrete action spaces are ineffective. To address tt

0ﬁgorithm 1 Centralized Training of GreenEdge policies

challenge, we adopt Gumbel noise and parameter-space n@it: Distributed Edge system, Coordinator, meta-policy,

in action generation [43], which promote effective exploration
while while preserving differentiability.

edge policies, and replay buffer D
1. Initialize actors and target actors: ;fe hh j8h 2 Hg

Parameter-space noise is injected directly into policy pa2: Initialize critics and target critics: f(z; ;; 2;,)j8 2

rameters, inducing consistent behavioral perturbations that

enhance exploration without introducing additional hyperpa3: Distribute actor policies to corresponding facilities
rameter. We employ NoisyNet for the output layer of each®: for t=1;2;3;  do

policy [43]. Specically, we replace standard linear layers >
with NoisyLinear layers, which inject noise into both weights :
and biases. The noise parameters are perturbed as W &
wt+ w "wandb= ,+ , " where w and &
p are the deterministic (mean) parameterg, and , are
learnable noise scales parameters, apd ", are zero-mean 9
noise variables sampled at each forward pass. To ensure cdi-
putational ef ciency, we use factorized Gaussian noise [43]1:
Let in2R" and ,:2R™ be independently sampled from al2:
standard normal distribution. The noise is then scaled as 13

(00 =sign0) B "w =f( o) FC )= o g
(25) 15:

The parametersy, and ,, are updated via backpropagation, ..
together with policy parameters, enabling agents to adaptively.
control exploration during training. This leads to more stableg.
and ef cient learning than heuristic strategies like "-greedy, 4.
especially in high-dimensional or non-stationary environments,.
Gumbel noise Numpie is added to the policy outputs to ..
encourage exploration, i.e.,'a&a (S¢')+N gumple ;8 ; 2

Operate deployed actors to collect experience
if t>T. then

Sample experience: <;ga¢;r¢;Ss+1 > D
Draw a random permutation i=1 : jHj+1 of agents
===Update Critics===
for 2 do
Generate newa for si; by latest actorsP
Calculate L = based on (22) and (23)

1, 2, =Optimizer(L )

j;i:(l ) it j3i;j2fl;29
===Update Actors===
if t% , ==0 then

for |, 2 do
Generate new;afor s; with updated actord
calculate L, based on (24)
i = Optimizer(L ;)
Reset the noise of all NoisyLinear layers.
if Actors are updated then

Synchronize parameters to corresponding actors

The noisy actions are then mapped to discrete
decisions by implicit activation functions with the

Straight-Through Estimator (STE) to preserve gradieft= Algorithm Analysis

information. Speci cally, §* = Gumbel-softmax(_( 8) nars
ah? = Gumbel-softmax("@{)ps)has and g7 =
Gumbel-sigmoid(¥ @")rs). Here, Gumbel-softmax(,yq

The computational complexity encompasses both training
and inference phases. Both the meta and edge agents adopt
MLP-based actors and critics, where,Mand M. denote

produces one-hot actions while enabling backpropagatidhe number of hidden layers, and?Nand N° denote the

effectively reducing action-space

complexity  durindnidden size of the I-th layer of the actor and critic networks,

training [18], [44]. For the PS action, "@)ps adopts respectively.

a binary classi cation approach to determine the nal action. (1) Inference Complexity: Gumbel noise and parameter-
Since TS involves selecting multiple tasks with varyingpace noise are disabled during inference. Each edge actor
guantities under different conditions, Gumbel-sigmoid is usddhs input dimension 4jUj+ 4 and output dimension jUj + 2.

to generate selection probabilities for candidate tasks, awvdith softmax and sigmoid operations Bt the output, the in-

a threshold of 0.5 is used to determine whether a taskfesence complexity is: O((4jUj+4)N + ,'\ff

1 EINED
NPAN@E, +

selected. To satisfy ES constraints (C3), the top K ="X Ng, (Uj+2)+jUj+2) The meta actor has input dimension
valid candidate tasks with highest scores are selected #uj + 4jHj and output dimension jUj jHj. With softmax
execution when the TS action violates constraint(s). Gumkel action glection, the inference complexity is: ((4jUj +
noise promotes exploration in early training and is gradualdjHj)N 2 + l"ff ! NENG; +N G, (UjjH)) +jUjjHj):

annealed as the policy converges.

(2) Training Complexity: Training involves forward and

The training process for GreenEdge policies is detailed backward propagation through both actor and critic networks,
Algorithm 1. Policies are separately deployed at the cent@bnstituting the dominant computational overhead. Auxiliary
coordinator and individual ESs. During training, the initialoperations (e.g., optimizer updates, target network synchro-
ized policies interact with the environment fog Episodes nization, and experience replay) contribute lower-order com-
to collect experiences. Once the replay buffer D containdexity terms.
suf cient samples, policy updates are triggered. To alleviate Q- By combining TS from all edge policies, the critic input
value overestimation, double critics are employed, and targitmension becomes 4jUj + 4jHj + jUjjHj + jUj + 2jH] with
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output dimension 1. The forward propagation complexity péhen, holding other agents' policies; xed, its entropy-
gmp{e is (((4jU] + 4jH)) + jUjH] + jU] + 2)H))N  § + augmented value function is non-decreasidy:"" (s)

=1~ NFNgS; + Ny ) The NoisyLinear layer computa-‘t?i * (s); 8s. This follows from the soft policy improvement
tional complexity comprises three components: (a) O(m +nJemma in [45].
for factorized Gaussian noise sampling, (b) O(mn) for ap- iii. Boundedness. Since the rewards are bounded kR
plying sampled noise to network weights, and (c) O(mnpand the entropy of a discrete action space is bounded by
for forward computation. Here, m and n are the outpubgjA;j, for any policy and state s,
and input dimensions, respectively. The overall asymptotic
complexity remains O(mn), with factorized noise schemeq‘{)i (s)j "(Rmax + l0gjA ij) =
providing computational ef ciency through reduced constant t=0 1

faptors. Gumbel_noise_adds_ O(k) cost per forward pass, W_h?fﬁus, for each agent i, the entropy-augmented state value
k is the action dimensionality. Backward propagation eXh'b”i"Emction‘O (s) is bounded
, .

identical asymptotic complexity to forward propagation. iv. Convergence to equilibrium. Under the shared-reward

(3) Convergence: Under nite state and action spaces, the,herative setting considered in this work, all agents share

.multi—_agent soft pqlicy itgration scheme, whefe each agefk same state value functid?p =V :8i when employing
iteratively updates its policy to the softmax of its current Qs shared critic. With individual critics, each agent maintains

function while keeping other agents’ policies xed, convergegq i value estimate incorporating local entropy, yet the
to joint policies whose limit points are soft Nash equilibrigsareq reward component ensures convergence to the team-
under the shared-reward cooperative sefting. optimal solution. Consider a round-robin (asynchronous) up-

Rmax + IOng IJ

De nition 1 (Soft Nash Equilibrium). A policy prole = date scheme: in step k, only agent i updates its policy to
(5 ) is asoft Nash equilibrium if, for all agents i the softmax form (i.e., (27)), others remain xed. By Step
with nite action space A: ii, each asynchronous soft policy update ensuh‘ps

‘l?i “ yielding monotonic improvement of the shared re-

c2argmaxJi( ) (26)

ward component. By Step iii all values are bounded. Hence

. I . the yglue sequence converges. Since the joint policy space

Yézﬁre[jsis ftgfaeflngogzt'ai‘ufnrgesmzeg_ObJECt'Ve as (21). Equiva \Qi;s (A ;)is a nite product of simplices, it is compact.
Y159l 9 ' Therefore f &) g has at least one convergent subsequence. Let

be any limit point. By continuity of the softmax operator
exp Q; (s;a;a; )=

@js)= P ) 7) and uniqueness of the soft policy evaluation xed point, we
o ' a2n, EXP Q) (&8, )= obtain for all i and s:
Proof. The proof consists of four parts. (ajs)= P exp(Q; (s;a)=) :
i. Contraction of the soft Bellman operator. For a xed ' aoa, EXPQ; (s;&)=)
joint policy , the soft Bellman operator of agent i is That is, ; is the best (entropy-regularized) response to.
(T, Qi)(s;a)=r(s;a) Thus, is a soft Nash equilibrium. O
+ E scaop(say  [Qi(s%@)+ H( i(js9)); This ensures convergence to a stable solution, while entropy

where P (§s; ) denotes the state transition probability keme{egularlzatlon alleviates the risk of premature convergence.
For any Ql) ;Qi(z) and any (s; a),
V. PERFORMANCE EVALUATION

. )y, vy ne To evaluate the proposed approach, we conduct simulations
(T Qi( Nsia) (T i Qi( (s a)i = using PyTorch 2.5 with CUDA 12 on a server equipped with
iE 020QP (s%a) Q P (s%a%) kQ @ Q Pk, : an NVIDIA RTX 4070 Ti GPU, and compare it against the
following benchmarks:

Power GA: Since the TS at each ES is intractable using
KT, Qi(l) T, Qi(z) ki kQ i(l) Q i(z) ki : 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

Taking the supremum norm yields

Thus T is a -contraction and admits a unique xed point
Q; [46]. Moreover, Q” =T, Q! converges geometrically
to Q; (soft policy evaluation) [45].

ii. Soft policy improvement. De ne the expected Q-value
with respect to other agents' policies as

Qi (s;a)=Ea, (o Qi(siazai): each decision point.
. . ) Local Edge+GA: This baseline allocates tasks to their
If agent i updates its policy to associated local ESs without inter-ES of oading. Subse-
new js) = XpQ; (s;)=) . quently, the power GA algorithm is applied to determine

exp(Q; (s; )=) ' TS and PS decisions.
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TD3/DSAC+GA: Twin-Delayed Deep Deterministic Pol- TABLE Ill: Simulation Parameters (Par) for Task Features

icy Gradient (TD3) and Soft Actor-Critic (SAC) in [ par Value Par Value
discrete action settings [45], [47] are applied for TA V¥ | [1000, 1500] Kbyte| RV [10, 20] Kbyte
combined with the power GA algorithm for TS and PS g [800, 1000] ms | TP, [5:10] C
MATD3: This is an enhanced MADDPG with duaIﬁmTﬁ;t [10;15] C {J [500; 800] FLOPs/bit
critics and soft delayed updates. We also evaluate

the MATD3 Noisy, which incorporates parameter-space

noise.for exploration. _ power supply state are reinitialized as random values drawn
HDRL: The hierarchical DRL approach in [36] employs trom yniform distributions (see Table IIl). During initializa-

specialized exploration and action-generation strategigg,, 4 U[500;800] FLOPs/bit and ! U[0:3;6] are
1 1 u g ]

with agents trained solely on local experiences. sampled once and remain xed throughout all simulations. For

Since the problem involves large discrete action spaces, valy@s cloud server, we set CaRa=6, coud=5, f b a=4,

based DRL methods are not applicable, and therefore, we 0 = 4jinstruction, fyous = 4GHz. The cloud server is per-
not include comparisons with them. Besides, purely singlgranently activated, and its activation power is excluded from
agent DRL is not included as a baseline because constructiiiergy analysis. To ensure the feasibility, each task's latency
a joint action space that satis es each edge server's l0Gnstraint is lower bounded ag =max( ;T}.+100) ms,

t

constraints requires prior knowledge that is often unavailalgere T2, denotes the estimated processing delay at its
in practice. Moreover, a fair comparison would require gssgciated ES.

deeper policy network, resulting in substantially increased
training time and memory consumption. . .
B. Simulation results
A. Simulation Setup Training convergence: First, we evaluate the convergence

We consider a system with ve ESs, where the painwi of the proposed approach under Scenario 3 with jUj = 100.

SEn extreme setting is considered with 315 and W' =3
transmission rates are uniformly sampled from [50; 80] Mb 9 '

o . . ich incurs high power switching costs while renewable
In addition, we introduce W and W* 2 R* to dynam- . energy can only occasionally satisfy system demands. Results

e displayed using a moving average with a window size of

cost, rgspectively. Folloyving stgnd_ard.practi.ce., we neg| 0 episodes. In each episode, 30 experiences are collected
transmission energy, as its contribution is negligible compargds o policy updates, followed by 10 update rounds. To

Witf:jcorpputationtegerg)é. The con guc:qtio¥§BCJEéhﬁse ESs aﬁ%prove training stability, the AutoClip technique [48] is
rahdomly generated and summarized in : applied with a percentile threshold of 10. Fig. 4 presents the

TABLE II: Simulation Settings for Deployed Edge Servers convergence behavior under different hyperparameter settings.
The results report the average conventional energy consump-

fn [3:5;3:5; 3:5; 3:5; 4:0] GHz tion (‘Trad. power cost (Avg.) / Wh') computed using (11),
n [2:2;3:4;4:4;5:6; 4:8] where 1 Wh = 3600 J.
fre [3; 3; 3;3; 4]=cycle Fig. 4a examines the impact of discount factor . Larger
h [0:2;0:3; 0:5; 0:45; 0:35] lead to improved convergence by assigning greater weight
f.P [4;8;8; 16; 16]=instruction to future rewards, thereby strengthening the in uence of the
Egwich || [40; 60;60;35;35] WS J target network and stabilizing training in complex multi-
pp active [8;10;13;15;12] 10 J=s agent environments. Fig. 4b shows the effect of the learning
EJ°™ || [200;200; 300; 400; 400] WHP J rate (Ir). Given the large state-action space and multi-agent

heterogeneity, learning rates below “10are evaluated. The
We adopt the Beta distribution to model the ratio ofesults indicates that Ir = 3 10° achieves superior con-
available renewable energy,enabling the simulation of divergergence, striking a balance between ne-grained exploration
and extreme scenarios. Five representative levels of renewade training ef ciency. Fig. 4c shows that larger batch sizes
energy availability are generated, as illustrated in Fig. 3. Theiseprove convergence due to more accurate gradient estimates.
scenarios capture the uneven distribution of renewable enekygwever, overly large batches are discouraged because of
across different load levels, time periods, and geograpliicreased cost and diminished exploration. Overall, these
locations. 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 con g-
Fig. 3: lllustration of parameters for selected scenarios. urations. Fig. 5 presents the results smoothed using a moving
average with a window size of 500 episodes.
At each time slot, task requests, available renewable energyAs illustrated in Fig. 5, TD3+GA performs poorly under
coolant temperature, target input air temperature, and currém given con guration, whereas incorporating action entropy
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(@ (b) (©

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

TABLE IV: Simulation Parameters for Policy Training

Con guration 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, | f3;9;6g 10 ° (a) Scenario 1 (b) Scenario 2
Discount factor 0.9

Entropy temperature; TA: learning, fTS,PSg:0.1
Delay update frequency | 40

soft update 0.001

(DSAC+GA) signi cantly 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  (€) Scenario 4 (d) Scenario 5
availability, a critical factor whose in uence depends on the Fig. 5: Training comparison of DRL-based approaches.
underlying distribution. Multi-agent approaches (HDRL and
MATD3) do not consistently outperform single-agent base-
lines. HDRL is fundamentally limited by learning state—actioperformance in Scenarios 2, 4, and 5, mainly attributed to task
values from local observations under a global reward signabncurrency constraints at ESs. Even with suf cient renewable
which can map identical local states to different rewards de®ergy, task concurrency limits at each ES force excess
to the joint dependence on all agents' actions. This couplingsks to be of oaded to nodes with insufcient renewable
induces environment non-stationarity and degrades trainiegergy, thereby increasing conventional energy consumption.
stability. Parameter-space noise injection improves exploratiMoreover, random initialization of power supply states induces
by encouraging diverse experience collection, leading to mdrequent power switching, making a non-negligible amount of
accurate value estimation and more stable policy updatesnventional energy consumption unavoidable.
Consequently, the approach alleviate premature convergencinpact of RESS capacity: The capacity of the RESS
and fosters better agent coordination. Action entropy furtheritically determines renewable energy availability, thereby
improves exploration ef ciency. in uencing TA decisions and system sustainability. To in-
Across scenarios, several consistent patterns can be wbstigate this effect, we vary the capacity facto\Vwith
served. In scenarios with complex power management (Stlee results shown in Fig. 6. To mitigate the impact of task
narios 2 and 4), where ESs experience heterogeneous agacurrency constraints, the maximum number of concurrent
newable availability, policy convergence is slower due to thasks per ES is doubled compared with previous simulations.
enlarged action space jointly involving task allocation an8imulations are conducted under Scenario 2 with W15
power switching. Under scarce renewable energy (Scenaagiod jUj =90, and results are averaged over the nal 100 out
1), energy-aware methods (MATDRoisy and our approach) of 30,000 training episodes.
signi cantly outperform other baselines. In contrast, under As shown in Fig. 6a, conventional energy consumption
abundant renewable energy (Scenario 5), their advantage adecreases with increasing RESS capacity due to improved
DSAC+GA becomes marginal, as most ESs can primaritgnewable energy availability. Inter-ES collaboration further
rely on renewable sources. Our approach achieves compararibances system sustainability by exploiting spatially dis-
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When We < 12, DSAC+GA achieves lower conventional
energy consumption than MATD8Ioisy, since the bene ts

of explicit power management diminish as switching costs
decrease. Our proposed algorithm consistently achieves the
lowest conventional energy consumption across afl ¥ét-
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

(@) (b) switching costs under all evaluated conditions. These results

Fig. 6: Impact of RESS capacity. demonstrate that jointly optimizing task allocation and power
management is crucial for achieving higher system sustain-
ability.

tributed renewable resources, thereby reducing reliance orimpact of application number: Since the number of appli-
conventional energy compared with systems without tasktions directly affects system resource utilization, we evaluate
allocation. However, multi-agent methods with limited exploperformance under different application loads. All approaches
ration capability (HDRL and MATD3) yield only marginal are evaluated under Scenario 4 with'®\= 2:5 and W® = 13.
and inconsistent gains over centralized DRL baselines wilthe results are shown in Fig. 8.
GA power management (TD3+GA and DSAC+GA). In con-
trast, introducing parameter-space noise signi cantly 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 @) (0)
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 signi cantly impact both conventional energy consump-

tion and power management decisions, we investigate their © (d)

effect by varying We. Fig. 7 presents simulation results under Fig. 8: Impact of application number.

Scenario 4 with WP = 2:5, while other con gurations remain

consistent with previous simulations. 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

@ (b) more complex action spaces, particularly when frequent power

switching incurs high costs. Fig. 8c shows that total energy
Fig. 7: Impact of power switching cost. consumption increases with the number of applications, while
our approach minimizes total energy consumption compared
Fig. 7a shows that conventional energy cost generally imith other benchmarks. Fig. 8d illustrates cloud of oading
creases with power switching costs. TD3+GA, MATD3, anbdehavior of different approaches. Approaches with greedy
HDRL exhibit limited improvement over the local+GA. Inpower management (Local+GA, TD3+GA, DSAC+GA) ex-
contrast, DSAC+GA and MATD3Noisy signi cantly improve hibit minimal cloud of oading, as decisions are based solely
system sustainability through enhanced exploration. The afh per-task energy comparison. Since edge processing gen-
vantage of DSAC+GA mainly stems from more effective TAgrally incurs lower energy costs than cloud execution in our
which mitigates the impact of power management decisiorsetup, these approaches consistently prefer local processing
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Fig. 9: Performance evaluation based on real-world data.

whenever capacity permits. In contrast, Al-based methods thaining, the proposed method achieves signi cant and con-
jointly optimize task selection and power management exhilsiistent energy cost reduction, exhibiting faster convergence
strategic cloud of oading. Our proposed method minimizeand higher learning ef ciency than all baselines. In contrast,
cloud of oading while maintaining performance, re ectingother benchmarks converge to noticeably higher cost levels,
holistic sustainability optimization. For example, a task mawndicating limited adaptability to renewable-aware environ-
be of oaded to cloud when edge execution would triggements. During evaluation on real-world datasets, the proposed
power switching due to renewable energy depletion. Despiteethod consistently attains the lowest average conventional
this increase per-task energy cost, it avoids expensive switemergy consumption across over 10,000 episodes, demonstrat-
ing operations and improves overall sustainability. Notabling strong generalization capability. It also shows smaller
MATD3 and HDRL exhibit signi cantly higher cloud of oad- uctuations, suggesting improved robustness under noisy and
ing, mainly due to suboptimal TA actions that violates edgeon-stationary renewable energy conditions. The persistently
constraints (e.g., QoS and capacity), leading to excessive cldugh cost of Local+GA further highlights the necessity of
migration. This behavior indicates insuf cient coordinatiorcoordinated task and power management in MEC systems with
and exploration, which degrades multi-agent cooperation. heterogeneous and time-varying renewable availability.
Evaluation on real renewable energy generation dataset: These results demonstrate that the proposed approach can
To further evaluate robustness and generalization, we cdgarn robust and sustainability-aware policies for distributed
duct additional evaluations using real-world renewable energyeen MEC systems under realistic dynamics of renewable. A
generation datasets. To enable adaptation to diverse enekgy insight is that heterogeneous MADRL enables the joint
distributions, the policy is trained under randomized Beigptimization of intrinsically coupled subproblems in an E2E
distributions, where both parameters are uniformly sampleganner. Such coordinated optimization relies on ef cient ex-
from [0:2;5] at each observation. Training is performed ovetoration, for which parameter-space noise provides an effec-
40,000 episodes using synthetic data, and then evaluatied complement to action entropy, particularly in ultra-large-
over 10,000 episodes using real-world datasets. We collecteghle discrete action spaces where conventional exploration
publicly available energy generation data, including wind estrategies face scalability and convergence challenges.
ergy records from four German transmission system operators
(50Hertz, Amprion, TenneT TSO, and TransnetB¥Wand
solar power generation data from 2021 and 2022 obtained
from the Shef eld Solar Platforf From each dataset, the rst This paper investigated distributed green MEC systems
10,000 records are extracted and normalized by their magwered by hybrid energy sources. To promote system sus-
mum values, representing the relative availability of renewabliginability, we formulated a joint optimization problem that
energy. These normalized traces are mapped to different E®#imizes conventional energy consumption through coor-
ES 1 uses TenneT TSO data (wind), ES 2 uses TransnetBlated task allocation and power switching. Due to edge
data (wind), ES 3 uses Amprion data (wind), ES 4 uses Solafrastructure constraints and strong operational coupling, the
PV (2021) data, and ES 5 uses Solar PV (2022) data. We peablem is computationally intractable and involves high-
juj =150, W' =4, and WS = 13. Fig. 9 illustrates both dimensional, interdependent action spaces. To address these
training and evaluation performance, with results smoothetiallenges, we proposed an E2E Al-driven approach based on
over 200 training episodes and 50 evaluation episodes. In adti¢terogeneous cooperative MADRL, where agents indepen-
tion, we include MASAC algorithm [42] as a baseline, whicldlently solve local subproblems while collectively optimizing a
incorporates action entropy but does not employ parametglobal objective. In addition, individualized entropy regulariza-
space noise. tion and parameter-space noise were incorporated to enhance
Fig. 9 presents the average conventional energy cost cesploration efciency in ultra-large discrete action spaces.
during training (Fig. 9a) and evaluation (Fig. 9b). During heoretical analysis proves the convergence of the proposed
—_— approach to a soft Nash equilibrium. Ext.engive simulations
zﬂttpsj/lww'”etz"a”Spare”Z'de/ . . _demonstrate that the proposed approach signi cantly improves
ttps://www.kaggle.com/datasets/jorgesandoval/wind-power-generation’ . - . .
utm_source=chatgpt.com system sustainability compared with baseline methods. Mean-
Shttps://www.solar.shef eld.ac.uk/pvlive/ while, the algorithm exhibits superior exploration capability

VI. CONCLUSION AND DISCUSSION
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and enhances learning stability in heterogeneous MADRI4] V. Xiao, Y. Song, and J. Liu, “Collaborative multi-agent deep reinforce-

settings with large discrete action spaces, thereby validating

both its theoretical soundness and practical effectiveness.

This work focused on optimizing single decision snapshofss)
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 stugdy]
Future work will extend the framework to long-horizon system
management in more practical MEC settings. In particular,

ment learning for energy-ef cient resource allocation in heterogeneous
mobile edge computing networks,” |IEEE Transactions on Wireless
Communications, vol. 23, no. 6, pp. 6653—6668, 2024.

Y. Li, A. S. Madhukumar, T. Z. H. Ernest, G. Zheng, W. Saad, and
A. Hamid Aghvami, “Energy-ef cient UAV-driven multi-access edge
computing: A distributed many-agent perspective,” IEEE Transactions
on Communications, pp. 1-1, 2025.

Y. Chen, K. Li, Y. Wu, J. Huang, and L. Zhao, “Energy ef cient
task of oading and resource allocation in air-ground integrated mec
systems: A distributed online approach,” IEEE Transactions on Mobile
Computing, vol. 23, no. 8, pp. 8129-8142, 2024.

incorporating system states such as task execution quepesY. Luo, L. Pu, and C.-H. Liu, “Computing power and battery charging
would enable queue-aware scheduling and more realistic mod- management for solar energy powered edge computing,” IEEE Trans-

eling of traf c-intensive applications. Moreover, integratinqlg]
observations and predictions of uncertain renewable energy
generation can further improve adaptive and ef cient renew-
able energy utilization. Investigating the dynamic trade-oi‘{9
between sustainability and QoS under queue dynamics an
time-varying QoS requirements remains a promising research
direction. Collectively, these extensions provide a foundati%b]

for resilient and autonomous off-grid MEC systems.
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