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Abstract—Coordinating geographically dispersed Photovoltaic-
Energy Storage Charging Stations (PSCSs) constitutes a complex
Cyber-Physical System (CPS) characterized by the tight coupling
of physical energy flows and cyber information exchanges.
However, the efficient operation of this CPS is challenged by the
stochasticity of Electric Vehicle (EV) demand, the intermittency
of renewable energy, and the inherent tendency toward monopoly
pricing in fully cooperative settings. To address these challenges,
this paper proposes a cyber-physical cooperative control scheme
for the Charging Station Alliance (CSA) utilizing a Cloud-Edge
collaborative framework based on Centralized Training and
Distributed Execution (CTDE). First, a Markov game model is
formulated in which PSCSs operate as fully cooperative Internet
of Things (IoT) edge agents. To curb irrational monopoly pricing
behaviors, an Inverse Demand Function (IDF) is integrated
with a gravity-based attraction model to explicitly quantify
EV user sensitivity to charging prices and spatial distance.
Second, a Cosine Annealing-based Multi-Agent Twin Delayed
Deep Deterministic Policy Gradient (CA-MATD3) algorithm is
proposed. This architecture enables lightweight edge inference
to overcome communication latency constraints while leveraging
cloud resources for global policy optimization. By dynamically
adjusting learning rates, CA-MATD3 effectively mitigates non-
stationarity in dynamic IoT environments. Extensive simulation
results demonstrate that the proposed scheme prevents excessive
price hikes, and CA-MATD3 outperforms benchmark algorithms
by 1.3%–38.6% in terms of overall profit under various scenarios.

Index Terms—Cyber-Physical Systems (CPS), Internet of
Things (IoT), Charging Station Alliance (CSA), Centralized
Training and Distributed Execution (CTDE), Multi-Agent Deep
Reinforcement Learning (MADRL).
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I. INTRODUCTION

W ITH the escalating global energy crisis and rising
carbon emissions, energy strategies have increasingly

pivoted towards sustainable systems driven by advanced infor-
mation technologies [1], [2]. Electric Vehicles (EVs), acting as
mobile loads and storage units, are pivotal components of these
systems [3]. According to the International Energy Agency, the
global stock of EVs is projected to surge to 525 million by
2035 [4]. The integration of such a massive scale of EVs into
the power grid constitutes a complex Cyber-Physical System
(CPS), where the physical energy flows are tightly coupled
with cyber control signals. However, the stochastic and bursty
nature of EV charging behaviors exacerbates peak-to-valley
load differences [5], [6], imposing significant strain on this
coupled infrastructure.

Photovoltaic-Energy Storage Charging Stations (PSCSs),
integrated with Photovoltaic (PV) system and Energy Storage
System (ESS), serve as critical Internet of Things (IoT) edge
nodes to mitigate these impacts. By performing peak-shaving
and valley-filling locally [7], PSCSs can alleviate grid pressure
[8]. Nevertheless, operating these distributed entities efficiently
is challenging due to the inherent uncertainties in user demand
and renewable generation. These uncertainties often lead to
insufficient profitability and system instability. Consequently,
developing effective cyber-physical control schemes that com-
bine energy scheduling [9] and dynamic pricing [10] has
become imperative.

To realize these schemes, existing control architectures gen-
erally fall into two categories: centralized and distributed. Cen-
tralized cloud-based approaches [11]–[13] aggregate global
data for optimization. However, in massive IoT networks,
transmitting real-time sensor data from distributed stations to
a central cloud incurs high bandwidth costs and significant
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communication latency, which is effectively mismatched with
the real-time control requirements of CPS [14]. Conversely,
fully distributed approaches [15], [16] allow local edge agents
to make decisions based solely on local observations. While
this ensures responsiveness, the lack of global coordination
often causes agents to fall into local optima [13], leading to
inefficient resource utilization across the alliance.

To bridge the gap between global coordination and edge re-
sponsiveness, the Cloud-Edge collaborative framework based
on Centralized Training and Distributed Execution (CTDE)
[17] has emerged as a promising solution for AI-driven IoT
systems [18], [19]. Multi-Agent Deep Reinforcement Learning
(MADRL) adopting the CTDE framework enables the cloud
layer to facilitate optimized policy learning using global
data, while the edge layer executes lightweight policies with
millisecond-level latency. In this context, we introduce the
Charging Station Alliance (CSA) [20], [21], a cyber-physical
aggregation framework designed to coordinate physically dis-
tributed entities. By adopting this Cloud-Edge architecture,
the CSA maximizes overall profitability while maintaining the
autonomy of distributed execution essential for IoT resilience.

The aforementioned works provide inspiration for energy
scheduling and pricing in PSCSs. However, considering the
CPS characteristics, they suffer from the following limitations:

• Existing works often model PSCSs as competitive enti-
ties. In contrast, within a unified management framework
like a CSA, PSCSs operate as fully cooperative IoT edge
agents to maximize the overall profit of the alliance.

• In a fully cooperative setting, autonomous agents may
collectively overprice to maximize profits, resulting in
monopoly pricing [22]. This behavior arises because
traditional algorithms often lack explicit modeling of the
cyber-physical coupling between user demand elasticity
and pricing signals. Such monopolistic practices are in-
consistent with realistic market principles and can lead
to user attrition. Existing research has not effectively
addressed this issue.

• Existing DRL-based methods often suffer from low con-
vergence efficiency and poor global search capability
in dynamic IoT environments. Single-optimizer methods
(e.g., Adam, SGD) [23] struggle to adapt to the non-
stationarity caused by the complex interactions among
multiple heterogeneous agents and environmental uncer-
tainties.

To address these limitations, this paper proposes a cyber-
physical cooperative scheme for energy scheduling and dy-
namic pricing. The underlying algorithmic architecture, de-
signed to balance global optimization with real-time edge ex-
ecution, is shown in Fig. 1. Specifically, the main contributions
of this paper are:

• A Markov game model is formulated, where PSCSs are
considered as fully cooperative IoT edge agents, while
EVs and the grid constitute the physical environment.
Agents interact with the environment to perform joint
energy scheduling and dynamic pricing based on PV
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Fig. 1: Schematic diagram of the proposed CA-MATD3 learn-
ing architecture based on the Cloud-Edge collaborative CTDE
framework.

generation, EV energy demand, ESS state of charge
(SOC), and Time-of-Use (TOU) price of the grid.

• The Inverse Demand Function (IDF) is employed to
model the sensitivity of EVs to charging prices. It estab-
lishes an explicit inverse relationship between EV energy
demand and the charging price. Based on the IDF, a
universal gravitation model is utilized to formulate the
attraction of each PSCS to EVs. By incorporating user
sensitivity, the IDF mechanism inherently suppresses irra-
tional monopoly pricing behaviors, aligning the system’s
cyber decisions with market sustainability.

• A Cosine Annealing-based Multi-Agent Twin Delayed
Deep Deterministic Policy Gradient (CA-MATD3) al-
gorithm is proposed. This algorithm integrates a co-
sine annealing method to dynamically adjust learning
rates, thereby mitigating the non-stationarity inherent
in multi-agent environments. Simulation results show
that CA-MATD3 significantly improves convergence ef-
ficiency and empowers resource-constrained edge nodes
to achieve near-optimal global performance.

The rest of this article is organized as follows. Section II
presents the system model of the cyber-physical service for the
CSA. In Section III, the details of the proposed CA-MATD3
are described. Section IV evaluates the performance of CA-
MATD3 compared to benchmark algorithms.

II. SYSTEM MODEL AND DEFINITIONS

In this section, we formulate the problem of the energy
scheduling and dynamic pricing service for the CSA. From
the perspective of CPS, the CSA is modeled as a hierarchical
system comprising a Physical Layer and a Cyber Layer, as
illustrated in Fig. 2. The Physical Layer encompasses the
power grid, m EVs, and the hardware infrastructure of the
CSA, which integrates n geographically dispersed PSCSs.
This layer handles the physical energy flows and storage. The
Cyber Layer consists of distributed IoT sensors, Intelligent
Edge Controllers (IECs) deployed at each PSCS, and a central

939

Authorized licensed use limited to: TIANJIN UNIVERSITY. Downloaded on August 06,2026 at 02:11:27 UTC from IEEE Xplore.  Restrictions apply. 



CloudCloud

CSA

Grid

Legend

Energy flow

Information flow PV

ESS

IEC

EV charging system

Grid

EV

Legend

Energy flow

Information flow PV

ESS

IEC

EV charging system

Grid

EV

Fig. 2: Architecture of the Cyber-Physical Energy System for
CSA involving Cloud-Edge collaboration.

cloud server. This layer handles data sensing, computation, and
control command transmission.

Although these PSCSs may belong to different operators,
they operate as fully cooperative IoT nodes within the CSA to
maximize the overall profit through cloud-edge collaboration.

A. Physical Nodes: PSCSs with Edge Intelligence

There are n PSCSs in the CSA, denoted as P =
{p1, p2, . . . , pn}. Each PSCS pi is a cyber-physical node
equipped with a PV system, an ESS, an EV charging system,
and an IEC.

To reduce PV curtailment [24], the IEC prioritizes directing
PV output energy to the EV charging system, with surplus
energy stored in the ESS. Therefore, at time slot t, the PV
energy accommodated by pi, q

pv
i,t, is expressed as Eq. (1).

qpv
i,t =

{
min

(
qpv,out
i,t , qev

i,t − qess
i,t

)
, qess

i,t < 0,

min
(
qpv,out
i,t , qev

i,t

)
, qess

i,t ⩾ 0,
(1)

where qpv,out
i,t is the real-time PV generation sensed by local

IoT sensors, and qev
i,t is the actual charging energy delivered to

EVs. qess
i,t represents the ESS charging/discharging command

executed by the IEC, where qess
i,t < 0 indicates charging and

qess
i,t ⩾ 0 indicates discharging.

The ESS acts as a physical energy buffer to smooth fluctua-
tions. Its operation is constrained by physical limits monitored
by the IEC. pi’s ESS energy flow qess

i,t is calculated by Eq. (2).

qess
i,t =

(
socess

i,t − socess
i,t+1

)
· C

ess
i

ζ
, (2)

where Cess
i denotes the ESS capacity. socess

i,t denotes the State
of Charge (SOC) sensed at time slot t, updated by the physical
dynamics in Eq. (3).

socess
i,t+1=


socess

i,max, socess
i,t −

qess
i,t·ζ
Cess

i
⩾ socess

i,max,

socess
i,t −

qess
i,t·ζ
Cess

i
, socess

i,min<soc
ess
i,t −

qess
i,t·ζ
Cess

i
<socess

i,max,

socess
i,min, socess

i,t −
qess
i,t·ζ
Cess

i
⩽ socess

i,min,

(3)
where socess

i,max and socess
i,min are the physical safety bounds. ζ

is the efficiency coefficient defined as Eq. (4).

ζ =

{
ηc, qess

i,t < 0,
1
ηd , qess

i,t ⩾ 0,
(4)

where ηc, ηd ∈ [0, 1] are charging/discharging efficiencies
[25].

To account for hardware aging, the ESS degradation cost
cess
i,t is defined as Eq. (5).

cess
i,t = ζ · β ·

∣∣qess
i,t

∣∣ , (5)

where β is the degradation coefficient.
The EV charging system facilitates energy transfer. The

actual energy delivered, qev
i,t, is physically constrained by the

available supply from PV, ESS, and the grid, as expressed in
Eq. (6).

qev
i,t = min

(
qpv
i,t + qess

i,t + qgrid
i,t , q

ev,tot
i,t

)
, (6)

where qgrid
i,t is the energy purchased from the grid via the smart

meter, and qev,tot
i,t is the aggregated demand. The revenue ui,t

is defined as Eq. (7).

ui,t = qev
i,t · ωev

i,t, (7)

where ωev
i,t is the dynamic pricing signal broadcasted by pi.

The IEC collects local IoT sensor data (i.e., PV output and
SOC) and uploads it to the cloud. Simultaneously, it executes
local control commands (i.e., pricing, ESS scheduling, and grid
purchasing) derived from the edge policy or cloud instructions.

B. Mobile Users: EVs with Cyber-Physical Coupling

There are m EVs, E = {e1, e2, . . . , em}. We model EVs
as rational mobile agents that interact with the CPS based on
physical distance and cyber pricing signals. This rationality
implies a negative correlation between an EV’s target State of
Energy (SOE) and the charging price. This inverse demand
relationship [26] acts as a cyber-physical coupling mechanism
that discourages PSCSs from monopoly pricing. We adopt the
IDF to formulate ej’s target SOE at pi, q

ev,tar
j,i,t , as Eq. (8).

qev,tar
j,i,t = Cev

j · e
−(ωev

i,t)
2

2a2 , (8)

where Cev
j is the battery capacity and a is the inverse demand

coefficient. ej’s actual demand qev,dem
j,i,t accounts for travel

consumption, as described in Eq. (9).

qev,dem
j,i,t = qev,tar

j,i,t −
(
qev
j,t − lj · di,j,t

)
, (9)
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where qev
j,t is the current SOE, lj is energy consumption per

km, and di,j,t is the physical distance.
Therefore, ej’s charging cost at pi at time slot t, cev

j,i,t, is
defined as Eq. (10).

cev
j,i,t = ωev

i,t · q
ev,dem
j,i,t . (10)

To model the spatial-temporal selection behavior of EVs, we
employ a universal gravitation model [27], which quantifies the
attraction Fi,j,t of a cyber-physical node pi to a mobile user
ej , as defined in Eq. (11).

Fi,j,t =
1

cev
j,i,t

·
qev,dem
j,i,t · (Cev

j − qevj,t)

(di,j,t)2
, (11)

where 1
cev
j,i,t

corresponds to the gravitational constant, qev,dem
j,i,t

corresponds to the mass of the central body, Cev
j − qevj,t

corresponds to the masses of the planet, and di,j,t corresponds
to the distance between celestial bodies.

Each rational EV ej selects the most attractive PSCS node
pϱej

for charging, where the decision ϱej is expressed as Eq.
(12).

ϱej = argmax
i

(Fi,j,t) . (12)

Therefore, the aggregated demand qev,tot
i,t sensed by pi is

described as Eq. (13).

qev,tot
i,t =

m∑
j=1

xi,j · qev,dem
j,i,t , (13)

xi,j =

{
1, if ϱej = i,

0, else,
(14)

where xi,j denotes ej’s selecting decision. When xi,j = 1, it
means pi is selected by ej for charging. When xi,j = 0, it
means the opposite.

C. Cloud-Edge Collaborative Architecture

As illustrated in Fig. 1, the proposed framework adopts
a Cloud-Edge collaborative architecture based on the CTDE
paradigm.

1) Edge Layer (Distributed Execution): Each PSCS op-
erates as an autonomous edge agent. The local IEC hosts
an actor network responsible for making real-time actuation
commands (i.e., pricing ωev

i,t, ESS scheduling qess
i,t , and grid

purchasing qgrid
i,t ) based on local IoT observations. This edge-

based execution minimizes the latency caused by transmitting
high-frequency control signals over the network.

The dynamic pricing signal ωev
i,t is updated locally to shape

user demand, as shown in Eq. (15).

ωev
i,t+1 = ωev

i,t + λi,t, (15)

where λi,t is the price fluctuation action determined by the
edge policy.

The ESS and grid energy flows are controlled to satisfy the
physical constraints. Specifically, the grid purchase command
qgrid
i,t is executed as Eq. (16).

qgrid
i,t = max

(
0, qev,tot

i,t − qpv
i,t − qess

i,t

)
. (16)

2) Cloud Layer (Centralized Training): While edge agents
execute decisions distributedly, the cloud server functions as
a centralized trainer. It aggregates historical data from all
edge nodes to train the global policy, aiming to maximize the
alliance’s overall profit.

The cloud monitors the global grid interconnection status.
The total energy purchased qgrid

t is constrained by the grid’s
capacity qgrid

max, calculated as Eq. (17).

qgrid
t = min

(
n∑

i=1

qgrid
i,t , q

grid
max

)
, (17)

where qgrid
max is the maximum deliverable energy of the grid.

Therefore, the total energy cost cgrid
t is defined as Eq. (18).

cgrid
t = qgrid

t · ωgrid
t , (18)

where ωgrid
t represents the TOU price of the grid at time slot

t.
To achieve the optimal cooperative policy, the cloud formu-

lates the global optimization problem P as Eq. (19).

P : max rt =
n∑

i=1

(
ui,t − cess

i,t

)
− cgrid

t , (19)

s.t. (1), (4)− (7).

Upon training completion, the optimized neural network
parameters are downloaded from the cloud to the edge agents.
This updates the local inference models, enabling the IECs to
generate improved control strategies autonomously during the
subsequent distributed execution phase.

III. OUR PROPOSED CA-MATD3

In this section, we first introduce the Markov game model
for our proposed cyber-physical cooperative scheme. Then,
the CA-MATD3 algorithm is proposed for solving the energy
scheduling and dynamic pricing problem of CSA within the
Cloud-Edge architecture.

A. Markov Game Model

Since our work focuses on the optimization
problem in a fully cooperative multi-agent system,
the Markov game model is formulated as a tuple
⟨n,S, {Oi}pi∈P , {Ai}pi∈P , f, {ri}pi∈P ⟩. The definitions of
each element are adapted to the CPS context as follows.

1) Agents (n): Each PSCS pi acts as an autonomous IoT
edge agent, totaling n agents.

2) State Space (S): The global state of the cyber-
physical environment at time slot t is denoted as st ={
t, ωgrid

t ,Hev
t ,V

soc
t ,QPV

t

}
, where Hev

t =
{
qev
1,t, . . . , q

ev
n,t

}
is the set of EVs’ actual charging energy, V soc

t =
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Fig. 3: Structure of the proposed CA-MATD3 algorithm within the Cloud-Edge architecture.{
socess

1,t, . . . , soc
ess
n,t

}
is the set of ESS SOCs, and Qpv

t ={
qpv
1,t, . . . , q

pv
n,t

}
is the set of accommodated PV energy.

3) Observation Space ({Oi}): Under partial observability
constraints of edge nodes, the local sensing vector of agent pi
at time slot t is denoted as oi

t =
{
t, ωgrid

t , qev
i,t, soc

ess
i,t, q

pv
i,t

}
.

4) Action Space ({Ai}): Agent pi’s actuation command at
time slot t, ai

t = {λi,t, qess
i,t}, controls the local price fluctuation

and ESS charging/discharging.
5) State Transition (f ): The function f(st,a1

t , . . . ,a
n
t ) →

st+1 describes the stochastic dynamics of the CPS driven by
joint actions.

6) Reward Function ({ri}): The reward function corre-
sponds to the objective defined in Eq. (19). For agent pi, the
reward rit is defined as Eq. (20).

rit = ui,t − cgrid
i,t − cess

i,t − cpunish
i,t + renergy

i,t , (20)

cpunish
i,t =

{
ξ ·
(
socess

i,t − socess
i,max

)
· Cess

i , socess
i,t > socess

i,max,

ξ ·
(
socess

i,min − socess
i,t

)
· Cess

i , socess
i,t < socess

i,min,

(21)

renergy
i,t = ψ · qev

i,t, (22)

where cgrid
i,t is the energy cost of agent pi at time slot t under

the constraint in Eq. (17), and cgrid
t =

∑n
i=1 c

grid
i,t . cpunish

i,t is the
ESS over-limit penalty of agent pi at time slot t, and renergy

i,t

is the guiding function of agent pi at time slot t. ξ, ψ are the
ESS over-limit penalty coefficient and the guiding coefficient,
respectively.

B. CA-MATD3 Algorithm

As illustrated in Fig. 3, the proposed CA-MATD3 algo-
rithm adopts the Cloud-Edge collaborative CTDE framework.
Specifically, the architecture maintains four types of neural
networks for the policy optimization of each edge agent: an
actor network (deployed at the edge), two critic networks (re-
siding in the cloud), and their corresponding target networks.

The actor network of agent pi, µi, with parameter θµi , is
deployed at the edge node (i.e., IEC) to generate real-time
action policies. The action ai

t is generated by Eq. (23).

ai
t = µi

(
oi
t

)
+Ni,t, (23)

where Ni,t is the Gaussian noise of agent pi, introduced to
increase exploration.

The kth critic network of agent pi, Q
µi

i,k, with parameter
θQi,k , is maintained in the cloud to centrally evaluate the joint
policies using global data. The input is a pair of global state-
actions (st,at), and the output is an action value function,
Qµi

i,k (st,at). For agent pi, the actor network is updated by
the policy gradient, ∇θµiJ (µi), defined as Eq. (24).

∇θµiJ (µi)

≈ 1

B

B∑
b=1

∇θµiµi

(
oi
b

)
· ∇aiQµi

i,1

(
sb,a

1
b , . . . ,a

n
b

)
|ai=µi(oi

b)
,

(24)
where B is the batch size sampled from the experience replay
buffer D.

Using the sampled transitions, the centralized critic net-
works in the cloud are updated by gradient descent. The loss
function, L

(
θQi,k

)
, is defined as Eq. (25).

L
(
θQi,k

)
=

1

B

B∑
b=1

(
yi −Qµi

i,k

(
sb,a

1
b , . . . ,a

n
b

))2
,∀k ∈ {1, 2},

(25)
where yi denotes the target value of agent pi, defined as Eq.
(26).

yi=r
i
b + γ min

k=1,2
Qθ

Q′
i,k

i,k

(
s′b, µ

′
1(o

′1
b ) + ϵ, . . . , µ′

n(o
′n
b ) + ϵ

)
,

(26)
where Qθ

Q′
i,k

i,k and µ′
i denote the target critic and actor net-

works, respectively. ϵ ∼ clip (ϵ,−c, c) is a smoothing noise.
The target networks are updated in a soft manner to stabilize

the training process, as shown in Eq. (27).{
θµ

′
i = τ · θµi + (1− τ) · θµ′

i ,

θQ
′
i,k = τ · θQi,k + (1− τ) · θQ

′
i,k , ∀k ∈ {1, 2},

(27)
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where θµ
′
i , θQ

′
i,k are the parameters of the target actor network

and the kth target critic network of agent pi, respectively. τ ≪
1 is the soft updating coefficient.

During training, an appropriate learning rate is crucial. In
dynamic IoT environments, standard constant learning rates
often lead to oscillation or premature convergence. To address
this, we introduce the cosine annealing method [28]. This
method allows the learning rate to gradually decay, promot-
ing stable convergence to a better solution despite the non-
stationarity of the CPS. The learning rate α is adjusted as Eq.
(28).

α = αmin +
1

2
(αmax − αmin)

(
1 + cos

(
ρ

ρmax
· π
))

, (28)

where αmin, αmax are the minimum and maximum learning
rates, respectively. ρ, ρmax are the current episode number
and the total number of episodes, respectively. π is the
mathematical constant [29].

The pseudocode of the proposed CA-MATD3 algorithm is
described in Algorithm 1. Initially, networks and the replay
buffer D are instantiated (line 1). At each time slot, edge
agents generate actions locally and store transitions (lines
5-9). Subsequently, the cloud updates critics (lines 11-13).
Periodically, actor networks are updated and synchronized to
edge nodes (lines 16-17).

IV. PERFORMANCE EVALUATION

To evaluate the performance of the proposed CA-MATD3
and the effectiveness of the introduced IDF within the CPS,
extensive experiments have been conducted in response to the
following Research Questions (RQs).

RQ1: Does the IDF mechanism effectively model the
cyber-physical coupling to facilitate rational pricing strategies,
thereby avoiding monopoly pricing? (Section IV-C)

RQ2: Can CA-MATD3 adapt more efficiently to the dy-
namic IoT environment compared to other benchmark algo-
rithms? (Section IV-D)

RQ3: Is CA-MATD3 better than other benchmark algo-
rithms in terms of maximizing the overall profit of the CSA
under different IoT scalability scenarios? (Section IV-E)

RQ4: Can CA-MATD3 generate precise actuation com-
mands, enabling the edge nodes (i.e., PSCSs) to flexibly
respond to the energy demand of EVs? (Section IV-F)

A. Basic Experimental Settings

All simulation experiments are run on the Win10 64-bit
operating system with an Intel(R) Core(TM) i7-7700HQ CPU
@ 2.80 GHz, 16 GB RAM, and an NVIDIA GeForce GTX
1060 graphics card. The proposed CA-MATD3 and other
benchmark algorithms are all implemented and trained using
Python 3.6 and PyTorch framework.

In our simulations, the dataset is constructed using the real
IoT sensor data of EVs and PSCSs collected from companies
in Fujian Province, China, which is structured into 24 time
slots per day (i.e., T=24). 3 PSCSs with the same specifica-
tions (i.e., p1, p2, and p3) and 120 EVs are selected to build the

Algorithm 1: CA-MATD3 Algorithm for Cloud-Edge
Collaboration
Input: The total number of episodes ρmax, the total

number of time slots T .
Output: The action policies of all edge agents.

1 Initialization: Network parameters, learning rates, and
the experience replay buffer D;

2 for ρ = 1 to ρmax do
3 Receive the initial state s1;
4 for t = 1 to T do
5 for i = 1 to n do
6 Each edge agent pi generates actuation

command ai
t using Eq. (23);

7 end
8 Execute joint actions at, observe reward rt and

next state st+1;
9 Store transition (st,at, rt, st+1) in D;

10 for i = 1 to n do
11 Sample a random minibatch of B

transitions from D;
12 Calculate yi using Eq. (26);
13 Update cloud critics θQi,1 , θQi,2 using Eq.

(25);
14 Adjust learning rates using Eq. (28);
15 if t mod d = 0 then
16 Update edge actor θµi using Eq. (24);
17 Update target networks using Eq. (27);
18 Adjust learning rates using Eq. (28);
19 end
20 end
21 end
22 end
23 return The action policies of all edge agents.

TABLE I: PSCS parameters

Parameter Value Parameter Value

△t 1 h q
grid
max 150 kWh

Cess 250 kWh β 0.08 CNY/kWh
socinit 0.5 ξ 1500
socmax 0.97 ψ 8
socmin 0.03 ηd, ηc 0.95

simulation environment. The parameters of PSCSs are shown
in Table I [30]. The TOU price of the grid, the initial charging
price, and the PV output energy of PSCSs are shown in Fig.
4. The PSCSs are distributed within a certain area of Fuzhou,
Fujian Province, and the topology of the cyber-physical traffic
network is shown in Fig. 5. The other experimental parameters
are shown in Table II, and a total of 5000 training episodes
are performed for all algorithms [31].

B. Benchmark Algorithms

To analyze the performance of CA-MATD3 in maximiz-
ing the overall profit of the CSA within the Cloud-Edge
architecture, three benchmark algorithms are introduced as
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Fig. 4: The TOU price of the grid, the initial charging price,
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TABLE II: Experimental parameters

Parameters Values

T 24
n 3
γ 0.935
τ 5× 10−3

D 5× 105

B 2× 103

ρmax 5× 103

λmax 0.1

ηµ, ηµ
′

1× 10−4

ηQ1 , ηQ2 , ηQ
′
1 , ηQ

′
2 3× 10−4

d 2
ϵ 0.2
c 0.5

follows. The number of neural network layers for both the
actor and critic networks in each benchmark algorithm, as well
as experimental parameters, are the same as discussed above
in CA-MATD3.

(i) Multi-Agent Deep Deterministic Policy Gradient (MAD-
DPG) [32]: Extending DDPG to multi-agent domains, MAD-
DPG assigns an individual actor-critic architecture to each

agent. It adopts the CTDE framework, making it suitable for
Cloud-Edge collaboration by utilizing global information dur-
ing cloud training while relying solely on local observations
for edge execution.

(ii) Multistep Multi-Agent Deep Deterministic Policy Gra-
dient (MMADDPG) [33]: As an enhancement of MADDPG,
MMADDPG incorporates a multistep reward mechanism. By
prioritizing multistep returns over immediate rewards, it effec-
tively balances long-term and short-term objectives, improving
the learning efficiency of edge agents.

(iii) Multi-Agent Twin Delayed Deep Deterministic Policy
Gradient (MATD3) [34]: MATD3 extends the Twin Delayed
Deep Deterministic Policy Gradient (TD3) to multi-agent en-
vironments. By integrating double Q-learning, delayed policy
updates, and target policy smoothing, it effectively mitigates
Q-value overestimation, enhancing training stability in com-
plex CPS scenarios.

C. Effectiveness of the IDF

To better reflect the cyber-physical coupling between the
EVs’ energy demand and the charging price, we conduct
comparative experiments using different IDFs (i.e., the Gaus-
sian function [35], the quadratic function [36], and the linear
function [37]). The curves of these functions are shown in Fig.
6.

Fig. 7 displays the rewards of CA-MATD3 with different
IDFs. Using the Gaussian function as the IDF, CA-MATD3
exhibits a steady increase in reward during training. Its reward
stabilizes after about 3000 episodes and eventually converges
at approximately 25000, significantly outperforming the other
functions. This is because the Gaussian function better approx-
imates realistic EV charging behavior by stabilizing energy
demand variations at price extremes. In contrast, employing
the quadratic or linear functions leads to either significant
fluctuations or slower convergence rates, with both converg-
ing to a considerably lower reward of approximately 17000.
These limitations arise from their failure to accurately capture
the complex non-linear characteristics of the inverse demand
relationship. Therefore, the Gaussian function is selected as
the IDF for CA-MATD3 in the following experiments.

Fig. 8 displays the rewards of CA-MATD3 (IDF is Gaussian
function) with different inverse demand coefficients (i.e., a).
To determine a better inverse demand coefficient, we conduct
a series of experiments with the coefficient increasing by 0.1.
The experimental results indicate that when the coefficient is
set to 1.5, CA-MATD3 achieves the fastest convergence and
the highest converged reward. In contrast, when the coefficient
is set to 1.4 or 1.6, both the convergence speed and the
converged reward slightly decrease. Consequently, the inverse
demand coefficient is fixed at 1.5 for CA-MATD3 in the
following experiments.

Fig. 9 exhibits the charging price of each PSCS. To verify
the effectiveness of the introduced IDF, we compare the
charging price of each PSCS with and without the IDF (i.e.,
the Gaussian function). When the IDF is not introduced, the
charging price of each PSCS is generally high and tends
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Fig. 9: Charging price of each PSCS.

to approach the maximum allowable changing price, which
indicates that monopoly pricing exists in the fully cooperative
pricing environment. When the IDF is introduced, the charging
price of each PSCS universally reduces across all time slots.
This is mainly because that the introduced IDF prevents the
occurrence of monopoly pricing by effectively regulating the
charging price.

After the introduction of the IDF, p1’s charging price
slightly increases, which is shown in Fig. 9(a). This is mainly
because p1 is located relatively far from other PSCSs, a
slight increase in charging price does not lead to a significant
decrease in the energy demand of EVs. The increased unit
profit for p1 secures greater energy sales revenue. Fig. 9(b)
displays that p2’s charging price decreases significantly. The
main reason for this is that p2 is located in the city center,
where a large number of EVs require charging. A decrease
in charging price significantly increases the energy demand of
EVs, thereby improving the energy sales revenue. Fig. 9(c)
indicates that p3’s charging price decreases slightly. This is
because p3 is slightly farther from the city center but close to
hospitals and commercial areas. A slight reduction in changing
price can increase the energy demand of nearby EVs, thereby
maximizing the overall profit.

D. Convergence Evaluation

Fig. 10 displays the rewards of CA-MATD3 and other
benchmark algorithms. In the first 500 episodes, the rewards of
all algorithms fluctuate stably around their initial values. This
is because these algorithms are offline learning methods, which
require a certain number of transitions to be stored in the ex-
perience replay buffer before training begins. Therefore, in the
early stage, all models randomly select actions to explore the
environment and accumulate experience. After 500 episodes,
their rewards all increase rapidly with significant fluctuations,
which indicates that all models have started learning from the
accumulated experience and are gradually converging toward
better strategies.

The reward of CA-MATD3 gradually stabilizes around 2500
episodes and its value eventually converges at about 25000.
While MATD3 achieves a converged reward of approximately
24000, it converges about 1000 episodes later than CA-
MATD3. This is mainly because the introduced cosine an-
nealing method can efficiently improve the training efficiency
and enable better exploration of the solution space despite
the non-stationarity of the IoT environment. MMADDPG and
MADDPG converge more slowly, with converged rewards of
approximately 18000 and 15000, respectively. Both algorithms
experience a significant drop in rewards around 2000 episodes.
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TABLE III: Convergence performance of the algorithms with
different EV scales (episode)

EV scale CA-MATD3 MATD3
[34]

MMADDPG
[33]

MADDPG
[32]

small (m = 60) 2200 2860 3510 3670
medium (m = 120) 2430 3220 3240 3910
large (m = 240) 2690 3420 4050 4270

This is because these algorithms employ only one critic
network, leading to an accumulation of Q-value estimation
bias during training, which causes an overestimation of the
values of certain actions and affects the stability of the
training process. Compared with other benchmark algorithms
(i.e., MADDPG, MMADDPG and MATD3), CA-MATD3 can
achieve faster convergence while improving the convergence
reward by 66.7%, 38.9%, and 4.2%, respectively.

To test the adaptability of CA-MATD3 in handling uncertain
scenarios, we evaluate the convergence performance of differ-
ent algorithms under various EV scales (i.e., small, medium
and large) are established, where the number of EVs (i.e., m)
is 60, 120 and 240, respectively.

Table III exhibits the convergence performance of the algo-
rithms for finding a better solution with different EV scales.
For the small-scale scenario, CA-MATD3 converges after
about 2200 episodes, which is 40.1%, 37.3%, and 23.1% faster
than MADDPG, MMADDPG, and MATD3, respectively. CA-
MATD3 has the best performance, mainly due to the intro-
duction of the cosine annealing method, which significantly
improves the algorithm’s efficiency. As the EV scale increases
from small to medium and large, the convergence time of
MATD3 increases by 360 and 560 episodes, respectively. In
contrast, the convergence time of CA-MATD3 only increases
by 230 and 470 episodes, respectively, which does not in-
crease abruptly with the number of EVs. For the large-scale
scenario, CA-MATD3 still achieves the fastest convergence,
which is 37.0%, 33.6%, and 21.3% faster than MADDPG,
MMADDPG, and MATD3, respectively. This indicates that
CA-MATD3 has a stronger adaptability to the expansion of

the EV scale.

E. Effectiveness Comparison

In order to evaluate the effectiveness of CA-MATD3 in
maximizing the overall profit of the CSA under different
scenarios, we also conduct experiments with different EV
scales (i.e., small, medium and large).

Fig. 11 displays the overall profit of the CSA with different
algorithms under different EV scales (i.e., small, medium and
large). From the overview in Fig. 11, it is obvious that the
overall profit of the CSA shows a monotonically increasing
trend as the network scale increases and CA-MATD3 has the
best performance in all scales.

For the small-scale scenario, CA-MATD3 improves the
overall profit of the CSA by 33.5%, 18.6%, and 9.4%, respec-
tively, compared with MADDPG, MMADDPG, and MATD3.
This is mainly due to its improvement in exploring the solution
space, resulting in finding a better strategy for the CSA. For the
medium-scale scenario, CA-MATD3 outperforms MADDPG,
MMADDPG, and MATD3 by 37.7%, 38.6%, and 6.6%, re-
spectively. The profit gap between MADDPG, MMADDPG,
and CA-MATD3 widens as the scale increases, which indicates
that CA-MATD3 shows better adaptation to the expansion of
the solution space. As the EV scale increases, CA-MATD3
enables a better solution that significantly enhances the overall
profit of the CSA as the energy demand of EVs increases.
For the large-scale scenario, CA-MATD3 achieves a profit
increase of 16.9%, 13.6%, and 1.6%, respectively, compared
with MADDPG, MMADDPG, and MATD3. Although CA-
MATD3 still achieves the best performance in the large-scale
scenario, the profit gap between CA-MATD3 and the other
benchmark algorithms has reduced. This is mainly due to
the limited number of charging piles and the physical energy
supply capacity of edge nodes. As a result, PSCSs cannot
accommodate the additional energy demand of EVs, which
limits further increases in the overall profit of the CSA.

To further assess CA-MATD3’s robustness against the phys-
ical uncertainty in renewable energy generation, we extend
the experimental scope to include scenarios with different
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Fig. 13: PSCS’s ESS charging/discharging actuation with CA-MATD3.

PV penetration levels. The PV generation shown in Fig. 4
represents the medium PV penetration scenario. Relative to
this baseline, the high PV penetration scenario assumes a 50%
increase in PV output, while the low PV penetration scenario
assumes a 50% decrease.

Fig. 12 presents the overall profit of the CSA with different
algorithms in various scenarios, where CA-MATD3 consis-
tently achieves the best performance. In the low PV penetration
scenario, CA-MATD3 improves the overall profit of the CSA
by 8.9%, 5.9%, and 1.7% for small, medium, and large
scales, respectively, compared to the second-best algorithm
(i.e., MATD3). In the high PV penetration scenario, CA-
MATD3 outperforms the second-best algorithm (i.e., MATD3)
by 7.0%, 7.3%, and 1.3% for small, medium, and large scales,
respectively. This consistent superiority is primarily attributed
to the introduction of the cosine annealing method, which
facilitates efficient exploration of the solution space across
diverse scenarios, thereby enhancing CA-MATD3’s robustness
against fluctuations in distributed renewable generation and
improving its adaptability to different PV penetration levels.

F. Energy Scheduling

Fig. 13 displays each PSCS’s ESS charging/discharging
energy actuation with CA-MATD3. Each PSCS’s ESS remains
in a charging state from 00:00 to 07:00, and is predominantly
in a discharging state from 08:00 to 21:00. This is mainly
because CA-MATD3 utilizes the feature of the TOU price of
the grid by purchasing energy at low price and selling it at
high price, thereby improving the overall profit of the CSA.
Besides, by charging during off-peak periods (i.e., 00:00-
07:00), the ESS is fully prepared to meet the energy demand of
EVs during peak periods (i.e., 9:00-11:00, and 19:00-21:00).
CA-MATD3 ensures that the ESS stores appropriate energy to
flexibly handle EVs’ energy demand.

Meanwhile, the SOC of each PSCS’s ESS reaches a peak of
approximately 0.95 during the charging process, and remains
above the safe threshold of 0.2 during discharging. This indi-
cates that CA-MATD3 can generate safe actuation commands
to prevent both overcharging and overdischarging of the ESS,
thereby extending the lifespan of the ESS batteries. At the
end of the day, the ESS’s SOC is stabilized at approximately
0.5. This ensures that the ESS has sufficient energy to satisfy
unexpected energy demand of EVs, while also having enough

capacity to store energy purchased when the grid’s TOU price
is low next day, thereby reducing the energy purchase cost.

V. CONCLUSIONS AND FUTURE WORK

This paper has proposed a cyber-physical cooperative
scheme based on the Cloud-Edge collaborative CA-MATD3
algorithm to maximize the overall profit of CSA through
energy scheduling and dynamic pricing. In addition, the IDF
is introduced to model the cyber-physical coupling between
pricing signals and EV demand, effectively avoiding irra-
tional monopoly pricing strategies among fully cooperative
edge agents. Furthermore, the universal gravitation model is
employed to formulate the spatial-temporal attraction of each
PSCS to EVs. Extensive experimental results show that CA-
MATD3 outperforms other benchmark algorithms in terms of
both the overall profit of CSA and convergence efficiency
under various EV scalability scenarios. The introduced IDF
can effectively regulate the charging price of PSCSs. In par-
ticular, CA-MATD3 is able to effectively improve convergence
efficiency in large-scale scenarios. Additionally, by decreasing
urban PSCSs’ charging price and slightly increasing suburban
PSCSs’ charging price, CA-MATD3 with IDF significantly
enhances the profitability of the CSA.

In our future work, we will focus on the cross-domain
transactive energy trading among multiple CSAs and the
joint optimization between the power grid and edge nodes.
Simultaneously, we will further investigate a cyber-physical
joint optimization framework that incorporates dynamic user
equilibrium within the transportation network, thereby more
accurately capturing the coupled effects of traffic congestion
on energy scheduling.
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