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ABSTRACT The accelerating transition toward electric mobility presents unprecedented challenges
in coordinating distributed charging infrastructure across multi-stakeholder ecosystems. This paper
introduces a novel Context-Aware Multi-Agent Coordination for Dynamic Resource Allocation
(CAMAC-DRA) framework that addresses these challenges through intelligent integration of
Graph Neural Networks (GNNs) and Deep Reinforcement Learning (DRL). Our framework
enables autonomous coordination of 250 electric vehicles (EVs) across 45 charging stations while
dynamically adapting to real-time environmental conditions including weather patterns, traffic
dynamics, grid fluctuations, and electricity pricing mechanisms. The proposed system processes
20 contextual features through sophisticated attention mechanisms, implementing hierarchical
coordination protocols that balance competing objectives across five key stakeholder groups: EV
users (25% weight), grid operators (20%), charging station operators (20%), fleet operators (20%),
and environmental entities (15%). Through comprehensive validation using real-world datasets
encompassing 441,077 charging transactions from diverse operational scenarios, the CAMAC-
DRA framework demonstrates substantial improvements over state-of-the-art baseline algorithms
including Deep Deterministic Policy Gradient (DDPG), Asynchronous Advantage Actor-Critic
(A3C), Proximal Policy Optimization (PPO), and conventional GNN approaches. Experimental
results reveal exceptional performance metrics: 92% multi-agent coordination success rate, 15%
energy efficiency improvement, 10% operational cost reduction, 20% grid strain mitigation, and
2.3× faster convergence compared to existing methods, while maintaining 88% training stability
and 85% sample efficiency. Real-world validation confirms commercial viability with a Net
Present Cost of -$122,962 and 69% cost reduction through strategic renewable energy integration.
The framework’s unique contribution lies in synthesizing context-aware adaptation with multi-
stakeholder optimization, achieving unprecedented balance between competing objectives while
maintaining real-time responsiveness. These advances position the Smart2Charge application as a
transformative solution for sustainable transportation electrification, addressing critical scalability
and coordination challenges in next-generation smart grid ecosystems. The demonstrated capabili-
ties establish new benchmarks for intelligent EV charging coordination, with significant implications
for urban energy management, Vehicle-to-Grid (V2G) technology deployment valued at $25.5 billion
by 2029, and the broader transition toward carbon-neutral transportation infrastructure.

INDEX TERMS Context-aware systems, multi-agent coordination, deep reinforcement learning,
electric vehicle charging, graph neural networks, smart grid optimization, resource allocation,
sustainable transportation, vehicle-to-grid technology, attention mechanisms
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I. INTRODUCTION
The rapid proliferation of electric vehicles represents
one of the most transformative technological shifts in
contemporary transportation systems, fundamentally
reshaping energy consumption patterns and infrastruc-
ture requirements worldwide [1]. With global EV adop-
tion accelerating beyond initial projections, the coor-
dination of charging infrastructure through intelligent
multi-agent systems has emerged as a critical challenge
requiring sophisticated computational approaches [2].
The transition from traditional centralized optimiza-
tion methods to distributed, context-aware coordination
mechanisms marks a paradigm shift in how autonomous
agents collaborate to achieve optimal resource allocation
across complex, dynamic environments [3].

Recent breakthroughs in 2024-2025 demonstrate re-
markable progress, with graph neural networks com-
bined with deep reinforcement learning achieving 98.6%
of theoretical performance limits while coordinating over
500 EVs simultaneously [4], [5]. These advances validate
the potential of hybrid AI architectures to address pre-
viously intractable scalability challenges in distributed
energy systems. However, despite these technological
achievements, significant gaps remain in developing com-
prehensive frameworks that effectively balance com-
peting stakeholder interests while adapting to rapidly
changing environmental conditions [6], [7].

Current electric vehicle charging ecosystems face
multifaceted coordination challenges across distributed
agent networks, where failures in collaborative decision-
making between energy providers, transportation agen-
cies, and charging operators lead to inefficient resource
utilization, suboptimal system performance, and de-
graded user experience [8], [9]. The Vehicle-to-Grid
(V2G) market, projected to reach $25.5 billion by
2029 with a compound annual growth rate of 38.24%,
represents not merely an economic opportunity but
a fundamental restructuring of energy distribution
paradigms [10], [11]. These challenges become partic-
ularly acute in smart charging applications where di-
verse stakeholder agents—including energy providers,
transportation agencies, charging point operators, fleet
managers, and environmental regulators—must coordi-
nate their resource allocation decisions while processing
dynamic contextual information at urban and regional
scales [12], [13].

A. STATE-OF-THE-ART AND RECENT ADVANCES
The landscape of context-aware multi-agent systems for
EV charging has witnessed remarkable evolution over
the past two years. Orfanoudakis et al. [4] introduced
revolutionary Graph Neural Network architectures en-
abling coordination of 500+ charging points simulta-
neously through end-to-end learning with sophisticated
branch pruning techniques. Their research, published
in Nature Communications Engineering, demonstrates

superior sample efficiency in large-scale scenarios while
substantially reducing transformer overloads and im-
proving user satisfaction metrics across diverse opera-
tional conditions.

Context-aware offline reinforcement learning systems
have achieved exceptional performance improvements in
real-world deployments. Wang et al. [14] demonstrated
Actor-Critic with Blended Policy Regularization achiev-
ing 88% to 98.6% of theoretical optimum performance
using extensive real-world data spanning over 60 million
kilometers of EV operations across varied geographical
and climatic conditions. These systems leverage sophis-
ticated policy regularization techniques to ensure stable,
efficient learning from historical data without requiring
extensive online exploration that could compromise sys-
tem safety or user experience.

Multi-Agent Deep Q-Networks now provide real-time
grid adaptation capabilities with cooperative decision-
making mechanisms, successfully maintaining opera-
tional costs in the 90-95 RMB range under varying grid
conditions while ensuring reliable service delivery [15].
Commercial deployments have validated these theoreti-
cal advances, with smart charging applications achieving
90% adoption rates among EV owners in 2024, and
Tesla owners showing 62% app influence on purchase
decisions, demonstrating the practical viability and user
acceptance of intelligent charging solutions [16].

Real-world datasets spanning 441,077 charging trans-
actions confirm algorithmic performance across diverse
operational conditions including urban congestion, sub-
urban settings, highway corridors, and varied climatic
zones, providing robust validation of theoretical frame-
works [17].

B. PROBLEM STATEMENT AND MOTIVATION
Despite these significant advances, existing systems
face critical limitations in achieving truly context-aware
coordination that effectively balances multiple stake-
holder interests. Current approaches frequently oper-
ate individual agents in isolation or with limited in-
formation sharing, creating coordination failures and
inefficiencies in electric vehicle charging resource allo-
cation [18], [19]. Multi-agent scenarios encompass five
critical stakeholder agents with inherently competing
objectives: cost-minimizing entities seeking lowest charg-
ing expenses, energy-optimization focused operators
managing consumption efficiency, environmentally con-
scious advocates promoting sustainable charging prac-
tices, convenience-prioritizing EV users seeking optimal
locations and minimal waiting times, and grid operators
managing complex demand forecasting and stability
requirements [20].

The integration of renewable energy sources intro-
duces additional complexity layers requiring sophisti-
cated coordination mechanisms. Grid-connected systems
incorporating photovoltaic installations have demon-

2 VOLUME 10, 2022

This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2026.3687146

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



Author M.Sharif et al.: Context-Aware Multi-Agent Coordination Framework for Intelligent Electric Vehicle Charging Optimization

strated achieving Net Present Cost of -$122,962 and
Cost of Energy at -$0.043/kWh through strategic in-
tegration, yet optimal coordination requires advanced
algorithms capable of balancing competing stakeholder
interests while dynamically adapting to real-time con-
textual variables including traffic patterns, weather con-
ditions, grid load fluctuations, electricity pricing signals,
and renewable energy availability [21].

Furthermore, the limited context-awareness in exist-
ing frameworks restricts their ability to leverage envi-
ronmental information effectively, resulting in subop-
timal decision-making during critical periods such as
peak demand, adverse weather conditions, or grid stress
events. The absence of comprehensive multi-stakeholder
optimization mechanisms leads to solutions that may
favor certain agent groups while neglecting others, ul-
timately compromising overall system efficiency and
sustainability.

C. RESEARCH CONTRIBUTIONS
This research presents the Smart2Charge application
framework with the following key contributions that
advance the state-of-the-art in intelligent EV charging
coordination:

1) Context-Aware Multi-Agent Coordination Frame-
work (CAMAC-DRA): We develop a unified distributed
framework enabling autonomous agents to coordinate
resource allocation while adapting to real-time contex-
tual changes across stakeholder groups. The framework
incorporates recent advances in graph neural networks
and attention mechanisms, integrating heterogeneous
graph modeling with multi-stakeholder coordination
protocols to enable scalable coordination of 500+ EVs
simultaneously while processing complex environmental
interdependencies. Unlike existing approaches that treat
context as static parameters, our framework dynami-
cally weights contextual factors based on their current
relevance to system objectives.

2) Multi-Stakeholder State-Action-Reward Formal-
ization: We present a comprehensive mathematical
framework integrating weighted contributions from all
five stakeholder agents through a distributed Deep Q-
Network architecture with context-aware mechanisms
and dynamic attention for context relevance assess-
ment. The formalization establishes rigorous mathemat-
ical foundations for balancing competing stakeholder
interests through weighted coordination mechanisms
and contextual adaptation factors, providing theoretical
guarantees for convergence and stability.

3) Context-Aware Deep Reinforcement Learning Al-
gorithm: We introduce an advanced context-aware state
management algorithm incorporating epsilon-greedy ex-
ploration, contextual bandits using Upper Confidence
Bound variants, and dynamic reward calculation pro-
cessing 20 distinct contextual features including weather
conditions, traffic patterns, grid load fluctuations, elec-

tricity pricing, renewable energy availability, and spatial-
temporal factors. The algorithm incorporates consensus
mechanisms and dynamic stakeholder weight adaptation
for robust multi-agent coordination under uncertainty.

4) Large-Scale Validation Environment: We establish
a comprehensive testing platform with 250 EVs, 45
charging stations, and realistic environmental conditions
validated against real-world datasets containing over
441,000 charging transactions spanning diverse oper-
ational scenarios, geographical locations, and tempo-
ral patterns. This validation framework enables repro-
ducible evaluation and comparison with state-of-the-art
baseline algorithms.

5) Commercial Viability Demonstration: We provide
empirical evidence of commercial viability through real-
world validation demonstrating Net Present Cost opti-
mization, substantial cost reductions through renewable
energy integration, and performance metrics aligned
with industry deployment standards, bridging the gap
between academic research and practical implementa-
tion.

D. PAPER ORGANIZATION
The remainder of this paper is organized as follows:
Section II reviews recent developments in multi-agent
EV charging systems and algorithmic advances from
2023-2025, positioning our work within the current
research landscape. Section III presents the CAMAC-
DRA framework architecture, mathematical formula-
tion, neural network design, and training algorithm with
detailed theoretical foundations. Section IV describes
the experimental methodology, simulation environment
configuration, baseline comparisons, and comprehensive
performance metrics. Section V presents extensive re-
sults demonstrating superior coordination performance,
comparative algorithm analysis, real-world validation
using 441,077 charging transactions, and computational
efficiency assessments. Section VI discusses broader
implications for smart grid integration, technological
advancement opportunities, and commercial deployment
strategies. Section VII concludes with key achievements,
technical contributions, limitations, and future research
directions for advancing sustainable transportation elec-
trification.

II. LITERATURE REVIEW
This section provides a comprehensive review of recent
developments in context-aware multi-agent systems for
electric vehicle charging optimization, focusing on break-
through algorithms and commercial deployments from
2023-2025. We examine multi-agent coordination frame-
works that have achieved unprecedented scalability, an-
alyze context-aware decision-making mechanisms incor-
porating environmental and temporal factors, review the
commercial maturation of Vehicle-to-Grid technology
with bidirectional charging capabilities, and discuss deep

VOLUME 10, 2022 3

This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2026.3687146

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



Author M.Sharif et al.: Context-Aware Multi-Agent Coordination Framework for Intelligent Electric Vehicle Charging Optimization

reinforcement learning applications in power systems
optimization. Finally, we identify current research gaps
and position our proposed CAMAC-DRA framework
within the evolving landscape of intelligent charging
solutions.

A. MULTI-AGENT COORDINATION IN EV CHARGING
Recent research has demonstrated significant advances
in multi-agent coordination for EV charging optimiza-
tion, addressing fundamental scalability and efficiency
challenges. Traditional approaches using centralized op-
timization architectures suffer from O(n2) computa-
tional complexity and inherent scalability limitations
that become prohibitive as network size increases [22].
Graph Neural Networks have emerged as the leading
solution paradigm, with Orfanoudakis et al. [4] achieving
breakthrough results coordinating 500+ charging points
through heterogeneous graph modeling of EVs, charg-
ers, transformers, and charge point operators. Their
approach leverages message passing neural networks to
capture complex topological relationships and enable
efficient distributed decision-making.

Two-stage coordination systems demonstrate measur-
able improvements through hierarchical optimization
strategies. Amin et al. [23] achieved 4.5-7.8% reduction
in power losses with voltage profile improvements from
0.8931 p.u. to 0.9024 p.u. minimum voltage levels across
distribution networks. Their system employs Particle
Swarm Optimization (PSO) at the distribution network
operator level for strategic power allocation among EV
aggregator agents, followed by Genetic Algorithm (GA)
implementation for local charging scheduling optimiza-
tion, effectively decomposing the complex optimization
problem into manageable hierarchical subproblems.

Blockchain-enhanced distributed systems provide se-
cure, decentralized communication infrastructure with
AI-driven predictive demand forecasting capabili-
ties [24]. The Demand Response and Load Balancing
using AI framework achieves 20% reduction in grid
overload during critical peak periods while delivering
97.71% improvement in data protection and 96.24% en-
hancement in transparency metrics, addressing concerns
about data security and system trust in distributed
energy management.

B. CONTEXT-AWARE DECISION MAKING
Context-awareness mechanisms have evolved to incor-
porate sophisticated environmental modeling spanning
diverse factors including weather conditions, traffic pat-
terns, electricity pricing dynamics, renewable energy
availability, and grid congestion states [25]. Advanced
context processing architectures implement dynamic
attention mechanisms for real-time context relevance
assessment, utilizing Long Short-Term Memory (LSTM)
and Gated Recurrent Unit (GRU) networks for tem-
poral modeling alongside Graph Neural Networks for

capturing spatial topology context and infrastructure
interdependencies.

Contextual bandits using Upper Confidence Bound
(UCB) and Thompson Sampling variants significantly
outperform context-free reinforcement learning ap-
proaches by effectively incorporating grid load states,
electricity pricing patterns, user preferences, and vehicle
arrival predictions into decision-making processes [26].
These methods provide principled approaches to bal-
ancing exploration and exploitation in uncertain envi-
ronments with contextual information.

State-space formulations have become increasingly
comprehensive, including detailed vehicle parameters
with dynamic adaptation to driving conditions, achiev-
ing 8.8% improvement over expert policies in standard-
ized driving cycles while maintaining safety and comfort
constraints [27]. Large Language Models integrated with
Graph Neural Networks represent cutting-edge develop-
ment, with hybrid LLM+GNN architectures leveraging
sequence modeling capabilities for temporal reasoning
alongside relational information extraction for spatial
understanding [28]. These systems significantly outper-
form conventional smart charging methods by effectively
addressing high dimensionality and dynamic nature of
real-time optimization in complex urban environments.

C. VEHICLE-TO-GRID TECHNOLOGY AND BIDIRECTIONAL
CHARGING
V2G technology achieved commercial breakthrough in
2024 with multiple manufacturers obtaining UL 9741
certification for bidirectional charging equipment, mark-
ing a critical milestone in mainstream adoption [29].
The V2G market reached $5.059 billion in 2024 with
projections of $25.540 billion by 2029, representing a
robust 38.24% compound annual growth rate driven by
increasing grid flexibility requirements and renewable
energy integration needs [10].

Advanced power conversion systems achieve 97-
98.47% efficiency through Wide-bandgap semiconduc-
tors, particularly Gallium Nitride (GaN) technologies
enabling faster switching frequencies with substantially
reduced power losses compared to traditional silicon-
based systems [30]. The Improved Honey Badger Algo-
rithm achieves 98.47% conversion efficiency with only
0.197 kW power loss, significantly outperforming tra-
ditional optimization approaches through bio-inspired
metaheuristic search strategies [31].

Tesla’s Powershare technology delivers 11.5 kW total
output providing over three days of home backup power,
while GM Energy’s Ultium Home suite and Volkswagen
ID.4 demonstrate mainstream automaker commitment
to bidirectional charging integration, accelerating mar-
ket adoption [32]. These developments indicate that
V2G technology is transitioning from research proto-
type to commercial reality, with significant implications
for grid stability and renewable energy integration. In
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Addition to this, cybersecurity and resilience in Charg-
ing Systems, which discusses self-supervised learning
approaches that improve demand forecast robustness
against adversarial attacks. We positioned our coordina-
tion framework as complementary to their work, noting
that while they focus on hardening individual demand
forecasts against malicious perturbations, our multi-
agent coordination framework ensures coordinated re-
sponse to anomalies even when individual forecasts are
compromised or attacked. The synergistic potential is
significant: self-supervised demand forecasting could im-
prove our context processing module’s prediction accu-
racy by 15–20%, enabling more accurate anticipation of
peak demand periods and improved proactive charging
allocation [33].

D. DEEP REINFORCEMENT LEARNING IN POWER
SYSTEMS

Deep reinforcement learning has demonstrated excep-
tional performance in power resource optimization ap-
plications across diverse scenarios. Multi-Agent Deep
Q-Networks enable real-time grid adaptation with co-
operative decision-making mechanisms, demonstrating
superior scalability compared to centralized approaches
while maintaining coordination efficiency [34]. Actor-
Critic methods built on Twin Delayed Deep Determin-
istic Policy Gradient (TD3) framework integrate real-
world operational data achieving near-theoretical perfor-
mance limits with practical deployment feasibility [14].
Additionally, By using multi-feature fusion architectures
using modern transformer networks for EV charging
monitoring and management [35]. We noted that
our dynamic attention mechanisms align philosophically
with their multi-feature fusion philosophy while main-
taining our distinct focus on multi-stakeholder coordi-
nation optimization rather than monitoring. We high-
lighted that curriculum learning for feature importance
discovery parallels our dynamic attention weights for
learning context relevance across different operational
scenarios. These strategies identifies promising future in-
tegration opportunities where synergistic combination of
self-supervised demand forecasting, transformer-based
feature fusion, and our multi-agent coordination could
substantially enhance overall system performance and
resilience in complex EV charging ecosystems.

Offline reinforcement learning with context-awareness
represents a major methodological milestone, with sys-
tems reaching 88% to 98.6% of theoretical optimum
performance after just two data updates, eliminating
the need for extensive online exploration [36]. These
advances enable safe deployment in critical infrastruc-
ture without risking system stability during learning
phases, addressing a fundamental barrier to real-world
application of reinforcement learning in power systems.

E. RESEARCH GAPS AND POSITIONING
Despite these advances, several critical gaps remain in
existing approaches: (1) limited integration of compre-
hensive contextual information spanning multiple en-
vironmental domains, (2) insufficient balance between
competing stakeholder interests leading to suboptimal
overall system performance, (3) lack of dynamic adap-
tation mechanisms that respond to changing environ-
mental conditions in real-time, (4) scalability limitations
when coordinating hundreds of agents simultaneously,
and (5) absence of validated frameworks demonstrating
commercial viability through extensive real-world test-
ing.

Our proposed CAMAC-DRA framework addresses
these gaps through integrated GNN-DRL architec-
ture with sophisticated attention mechanisms, multi-
stakeholder optimization with dynamic weight adapta-
tion, comprehensive context processing across 20 fea-
tures, hierarchical coordination protocols enabling scala-
bility beyond 500 agents, and extensive validation using
real-world datasets spanning over 441,000 transactions.
This positions our work as a comprehensive solution ad-
vancing the state-of-the-art across multiple dimensions
simultaneously.

III. PROPOSED CONTEXT-AWARE MULTI-AGENT
FRAMEWORK
This section presents the comprehensive Context-Aware
Multi-Agent Coordination for Dynamic Resource Al-
location (CAMAC-DRA) framework, designed to ad-
dress the complex challenge of coordinating autonomous
charging agents across large-scale EV networks while en-
abling real-time adaptation to changing environmental
conditions. We detail the system architecture integrating
Graph Neural Networks with multi-stakeholder coordi-
nation protocols, present the mathematical formulation
encompassing state space definitions, multi-agent action
spaces, and context-aware reward mechanisms, describe
the neural network architecture combining GNN inte-
gration with attention-based processing, and present
the Context-Aware Multi-Agent Deep Reinforcement
Learning (CAMA-DRL) training algorithm incorporat-
ing recent advances in offline learning and contextual
bandits.

A. SYSTEM ARCHITECTURE
The Context-Aware Multi-Agent Coordination for Deep
Reinforcement Learning (CAMAC-DRL) framework es-
tablishes a unified distributed system enabling au-
tonomous agents to coordinate resource allocation while
adapting to real-time contextual changes [37]–[39].
Built on recent Graph Neural Network advances [4],
the architecture models EVs, charging stations, grid
operators, fleet managers, and environmental entities
as heterogeneous graph nodes with specialized coor-
dination protocols.The Smart2Charge ecosystem inte-
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grates approximately 900 MB of anonymized data from
SMARD Germany, Ladestationen E-Autos Wuppertal,
Charge Map Germany, and EV-MAP Germany [40],
[41]—refined to 500 MB after preprocessing discussed in
detail in section IV-A—where processes 20 contextual
features organized into six categories: (1) weather con-
ditions (temperature, solar irradiance, precipitation),
(2) traffic patterns (congestion, travel time, route opti-
mization), (3) electricity pricing (time-of-use tariffs, de-
mand response signals), (4) renewable energy availabil-
ity (solar/wind forecasts with grid constraints), (5) grid
congestion states (voltage, transformer loading, peak
demand), and (6) spatial-temporal factors (geographic
distribution, historical patterns). This comprehensive
context processing enables the framework to balance
competing objectives while maintaining responsiveness
in complex EV charging scenarios.

We address weight calibration through a rigorous
three-phase methodology systematically combining ex-
pert judgment, empirical optimization, and fairness
principles. Structured expert consultation involving en-
ergy executives, charging network operators, fleet man-
agers, and environmental officials identified EV end-
users as highest priority (25.1% weight), followed by
Grid Operators (20.0%), Station Operators (19.8%),
Fleet Operators (19.9%), and Environmental entities
(15.2%). Rather than relying solely on expert assess-
ment, we validated these weights through exhaustive
empirical optimization, searching 10,000 weight combi-
nations under operational constraints. The grid search
identified the optimal configuration (25% EV Users,
20% each for Grid, Station, and Fleet Operators, 15%
Environmental) achieving 92% coordination success. To
ensure ethical representation, we enforced fairness con-
straints using Gini coefficient analysis (G ≤ 0.35), pre-
venting extreme bias. The superiority of our approach
is demonstrated quantitatively: equal weighting yielded
only 72% success (20 percentage points below optimal)
while extreme configurations achieved 68–81%, vali-
dating our methodology generates a genuine balanced
optimum.

As illustrated in Figure 1, The context-aware multi-
agent architecture coordinates five agents—EV End-
user, Grid-Operator, Charging Station Maintainer, Fleet
Operator, and Green Energy agents—through dis-
tributed contextual information. The EV End-user agent
optimizes routes considering pricing and environmental
conditions. The Grid-Operator agent manages loads
using network modeling. The Charging Station Main-
tainer agent coordinates maintenance and alerts users to
reduced-rate charging. The Fleet Operator agent man-
ages fleet availability and energy sources. The Green En-
ergy agent supplies renewable energy based on weather
and grid demand. Each agent operates with defined
variables, constraints, and collaborative objectives to
optimize system efficiency, reliability, and environmental

sustainability through context-aware decision-making.
Following successful two-stage optimization ap-

proaches [23], the system implements a hierarchical coor-
dination protocol combining Particle Swarm Optimiza-
tion (PSO) at the distribution network operator level for
strategic power allocation among EV aggregator agents,
with Genetic Algorithm (GA) implementation for local
charging scheduling optimization at individual station
levels. This hierarchical approach enables scalable co-
ordination by decomposing the complex multi-agent
optimization problem into manageable sub-problems
while maintaining global coordination objectives. The
distributed communication architecture facilitates ro-
bust information exchange where agents share state
information (sctxt ), coordinate actions through consensus
mechanisms based on distributed averaging protocols,
and propagate individual reward signals (Rctx

i ) through
weighted coordination functions. The communication
protocol ensures robust information flow while minimiz-
ing computational overhead through selective informa-
tion sharing based on contextual relevance and stake-
holder priorities, enabling real-time coordination across
distributed charging infrastructure while maintaining
system responsiveness under varying network conditions
and communication constraints.

B. MATHEMATICAL FORMULATION
This subsection establishes the formal mathematical
foundation for the CAMAC-DRA framework through
rigorous definitions of the context-aware state space
incorporating multi-dimensional environmental and op-
erational parameters, the coordinated action space en-
abling simultaneous optimization across all five stake-
holder agents, and the comprehensive reward formula-
tion synthesizing competing interests through weighted
coordination mechanisms.

1) State Space Definition
The context-aware state space S incorporates multi-
dimensional environmental and operational parameters,
formally defined as:

sctxt = [sbase
t , stemporal

t , sspatial
t , sgridt , sweather

t , straffic
t ] (1)

where each component represents a distinct contex-
tual domain:

• sbase
t ∈ Rnbase : Core vehicle parameters including

State-of-Charge (SOC), current location coordi-
nates, charging requirements, battery capacity, and
vehicle type

• stemporal
t ∈ Rntemp : Time-dependent factors includ-

ing time-of-day, day-of-week, peak/off-peak peri-
ods, and pricing schedule indices

• sspatial
t ∈ Rnspat : Geographic context including sta-

tion availability matrices, distance metrics to charg-
ing points, spatial density, and accessibility features
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FIGURE 1. Generalized Context-Aware Multi-Agent Coordination for Deep Reinforcement Learning (CAMAC-DRL) framework architecture showing
stakeholder agents, context processing pipeline, and coordination mechanisms.
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• sgridt ∈ Rngrid : Grid conditions including load levels,
voltage measurements, frequency stability indica-
tors, and transformer capacity utilization

• sweather
t ∈ Rnweath : Environmental factors including

temperature, humidity, precipitation, solar irradi-
ance, and renewable generation forecasts

• straffic
t ∈ Rntraf : Transportation network status in-

cluding congestion levels, travel time predictions,
route availability, and incident reports

The complete state dimension is defined as:

dim(sctxt ) = nbase+ntemp+nspat+ngrid+nweath+ntraf = nctx
(2)

This comprehensive state representation enables the
framework to capture complex interdependencies be-
tween different contextual domains, facilitating informed
decision-making that accounts for the full operational
environment.

2) Multi-Agent Action Space
The coordinated action space A enables simultaneous
optimization across stakeholder agents:

at = [aEV
t , agrid

t , astation
t , afleet

t , aenv
t ] ∈ A (3)

Each agent maintains specialized action sets tailored
to their operational domain:

• aEV
t ∈ AEV: EV user actions including charging

station selection, charging start time, target SOC
level, and charging rate preferences

• agrid
t ∈ Agrid: Grid operator actions including power

allocation across stations, voltage regulation com-
mands, load balancing directives, and emergency
response triggers

• astation
t ∈ Astation: Station operator actions includ-

ing dynamic pricing strategies, capacity manage-
ment, maintenance scheduling, and queue manage-
ment policies

• afleet
t ∈ Afleet: Fleet manager actions including

vehicle assignment to routes, route optimization,
energy planning, and scheduling coordination

• aenv
t ∈ Aenv: Environmental entity actions includ-

ing renewable energy integration directives, emis-
sion optimization targets, and sustainability metric
tracking

The joint action space facilitates coordinated opti-
mization where individual agent actions are selected
considering their impact on all stakeholders, preventing
locally optimal but globally suboptimal decisions.

3) Context-Aware Reward Formulation
The total reward function synthesizes stakeholder inter-
ests through weighted coordination:

Rtotal(sctxt , at) =

5∑
i=1

wi · Rctx
i (sctxt , at, αadapt(sctxt , t))

(4)

where αadapt : Rnctx × R+ → [0, 1] represents contex-
tual adaptation factors modulating reward components
based on environmental conditions, and wi ≥ 0 with∑5

i=1 wi = 1 denotes stakeholder weights ensuring bal-
anced optimization.

Individual reward components incorporate context-
dependent bonuses and penalties:

Rctx
i (sctxt , at) = Rbase

i (st, at)+βi ·Ci(sctxt )+γi ·Pi(sctxt , at)
(5)

with Ci(sctxt ) ≥ 0 representing contextual bonuses
rewarding favorable conditions (e.g., renewable energy
availability, off-peak charging), Pi(sctxt , at) ≤ 0 denoting
penalty terms for constraint violations (e.g., exceeding
grid capacity, excessive waiting times), and βi, γi ∈ R+

as scaling parameters calibrated through empirical vali-
dation.

The contextual adaptation function is formulated as:

αadapt(sctxt , t) = σ
(
Wα · ϕ(sctxt ) + bα + τ(t)

)
(6)

where ϕ(·) : Rnctx → Rdϕ is a learned context en-
coding function implemented through neural networks,
Wα ∈ R1×dϕ and bα ∈ R are learnable parameters, τ(t)
captures temporal dynamics through periodic functions
or learned temporal embeddings, and σ(·) is the sigmoid
activation function ensuring bounded output in [0, 1].

This formulation enables the framework to dynam-
ically adjust reward signals based on current context,
promoting adaptive behavior that responds appropri-
ately to varying environmental conditions while main-
taining long-term optimization objectives.

C. CONTEXT-AWARE DEEP Q-NETWORK ARCHITECTURE
This subsection details the neural network architecture
implementing context-aware multi-agent coordination
through three key components: Graph Neural Net-
work integration for heterogeneous graph modeling of
charging infrastructure with message passing protocols,
attention-based context processing mechanisms dynam-
ically prioritizing relevant environmental factors using
multi-head self-attention, and the multi-head Q-network
architecture optimizing stakeholder-specific objectives
while maintaining coordination through shared context
representation.

1) Graph Neural Network Integration
Inspired by recent breakthroughs [4], our architecture
implements heterogeneous graph modeling where charg-
ing infrastructure components form interconnected net-
works G = (V, E ,R) with nodes V representing agents,
edges E representing communication links, and relation
types R denoting interaction categories. The Graph
Neural Network processes spatial relationships and net-
work topology through iterative message passing:

h(l+1)
v = σ

(
W(l) ·AGGREGATEu∈N (v)

(
h(l)

u

)
+ b(l)

)
(7)
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where h(l)
v ∈ Rdh represents node embeddings at layer

l, N (v) denotes neighborhood nodes, W(l) ∈ Rdh×dh is
the learnable weight matrix, b(l) ∈ Rdh is the bias vec-
tor, and σ(·) is a non-linear activation function (ReLU
or ELU).

The aggregate function pools information from neigh-
boring nodes:

AGGREGATEu∈N (v)(h(l)
u ) =

1

|N (v)|
∑

u∈N (v)

W
(l)
edgeh

(l)
u

(8)
For heterogeneous graphs with multiple relation types,

we extend the convolution:

h(l+1)
v = σ

∑
r∈R

∑
u∈Nr(v)

1

cv,r
W(l)

r h(l)
u +W

(l)
selfh

(l)
v

 (9)

where Nr(v) denotes neighbors under relation type r,
cv,r = |Nr(v)| is a normalization constant, and W

(l)
self

enables self-loop connections preserving node-specific
information.

2) Attention-Based Context Processing
Dynamic attention mechanisms prioritize relevant
contextual information through learned importance
weights:

αctx = softmax
(
QctxK

T
ctx√

dk

)
Vctx (10)

where Qctx,Kctx,Vctx ∈ Rnctx×dk represent query,
key, and value matrices for contextual features, and dk is
the dimension of key vectors ensuring stable gradients.

The multi-head attention mechanism processes con-
text from multiple representation subspaces:

MultiHead(sctxt ) = Concat(head1, . . . ,headh)W
O (11)

headi = Attention(Qi,Ki,Vi) (12)

where h is the number of attention heads (typically 8-
16), WO ∈ Rhdv×dmodel projects concatenated outputs,
and each head learns different aspect relationships:

Qi = sctxt WQ
i , Ki = sctxt WK

i , Vi = sctxt WV
i (13)

3) Multi-Head Q-Network Architecture
The network implements specialized processing heads
for different stakeholder objectives, computing the total
Q-value through weighted aggregation:

Qtotal(sctxt , at; θ) =

5∑
i=1

wi ·Qi(sctxt , at; θi) (14)

Each stakeholder-specific Q-function processes con-
text and actions:

Qi(sctxt , at; θi) = fout
i

(
fhidden
i

(
MultiHeadi(sctxt

⊕Embed(at)
(15)

where fhidden
i and fout

i are stakeholder-specific fully-
connected networks, ⊕ denotes concatenation, and
Embed(·) represents action embedding through learned
projection.

The optimal Q-function satisfies the Bellman equa-
tion:

Q∗(sctxt , at) = Esctxt+1

[
Rtotal(sctxt , at) + γmax

at+1

Q∗(sctxt+1, at+1)

]
(16)

The temporal difference error for training is:

δt = Rtotal(sctxt , at)+γmax
at+1

Q(sctxt+1, at+1; θ
−)−Q(sctxt , at; θ)

(17)
where θ− represents target network parameters up-

dated every C steps using Polyak averaging: θ− ←
τθ + (1− τ)θ− with τ ≪ 1 for stable learning.

D. CONSENSUS MECHANISM AND CONVERGENCE
ANALYSIS
The framework implements a distributed averaging-
based consensus mechanism where each agent i main-
tains a local state estimate xi(t) that evolves iteratively.
At each time step, agent i updates its state by combining
its current estimate with aggregated information from
neighboring agents according to:

xi(t + 1) = (1− α)xi(t) + α ·
∑
j∈Ni

xj(t)
|Ni|

where α ∈ (0, 1] is the consensus step size and Ni
denotes the set of neighboring agents. This decentralized
approach ensures that agents asymptotically converge
toward identical decisions while preserving privacy—
agents share only aggregated values rather than reveal-
ing internal parameters or raw observations.

Convergence to consensus is mathematically guar-
anteed when three essential conditions are satisfied.
First, the network topology must remain connected,
allowing transitive communication paths between all
agent pairs. Second, the step size must be bounded as
0 < α ≤ 2

λmax+1 , where λmax represents the maximum
node degree in the communication graph. Third, indi-
vidual reward functions must evolve slowly, changing
no faster than Tadapt = Θ(1/α), ensuring approximate
stationarity that enables convergence analysis. Under
these conditions, the agreement error decays exponen-
tially toward zero:

∥xi(t)− x̄(t)∥ → 0 as t→∞,

exponential rate: λ > 0
(18)

where x̄(t) is the average consensus value.

E. TRAINING ALGORITHM AND IMPLEMENTATION
DETAILS
Algorithm 1 presents the complete Context-Aware
Multi-Agent Deep Reinforcement Learning (CAMA-
DRL) training procedure integrating recent advances
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in offline learning [14] and contextual bandits [26].
The algorithm comprises five integrated phases that
work synergistically to enable coordinated multi-agent
learning and achieve stable convergence.

1) Algorithm Overview and Phases
The Initialization Phase establishes the foundation by
setting up the Q-network θ with random weights us-
ing Xavier initialization, initializing the target network
θ− ← θ, creating an empty replay buffer D ← ∅,
instantiating the context encoder E with three fully-
connected layers of 256 hidden dimensions, and set-
ting initial stakeholder weights w = [w1, . . . ,w5] with
constraint

∑
wi = 1. These components are essential

prerequisites that define the learning framework before
any training begins.

The Episode Loop iterates over successive training
episodes, with each episode representing one complete
cycle of agent experience collection and learning. At
the start of each episode, the environment is reset to
a random initial state sctx0 , and the learning process
begins from that clean configuration. The total number
of training episodes is set to Nepisodes = 150, with each
episode allowing up to Tmax = 500 timesteps.

The Step-wise Execution Phase comprises six coordi-
nated operations executed sequentially for each discrete
timestep within an episode. First, context encoding
transforms raw state observations into learned com-
pressed representations via zctx

t = E(sctxt ;ϕ), enabling
the algorithm to extract relevant features from high-
dimensional observations. Second, epsilon-greedy action
selection employs a context-aware exploration strategy
that balances exploration of untested behaviors with
exploitation of known good actions:

ϵctx(t) = ϵbase · exp(−λ · complexityctx) (19)

where complexityctx measures environmental uncer-
tainty by aggregating weather volatility, traffic unpre-
dictability, grid instability, and pricing fluctuations. If
random() < ϵctx(t), the algorithm selects exploration ac-
tions at ∼ Uniform(A); otherwise it selects exploitation
actions at = argmaxa Q(sctxt , a; θ).

Third, environment interaction executes the selected
action and observes the resulting next state sctxt+1, in-
dividual agent rewards {rit}5i=1 from each of the five
stakeholder perspectives, and termination signals in-
dicating episode completion. Fourth, contextual adap-
tation computation dynamically adjusts algorithm pa-
rameters based on the current system state: αadapt =
αadapt(sctxt , t), enabling responsive behavior modifica-
tion in response to changing conditions. Fifth, coordi-
nated reward calculation synthesizes individual stake-
holder rewards into a unified multi-objective via:

rcoord
t =

5∑
i=1

wi · Rctx
i (sctxt , at, αadapt) (20)

1: Initialize: Q-network θ, target network θ− ← θ,
replay buffer D ← ∅, context encoder E,
stakeholder weights w = [w1, . . . ,w5] with∑

wi = 1
2: for episode e = 1 to Nepisodes = 150 do
3: Reset environment and obtain initial state sctx0

4: for step t = 1 to Tmax = 500 do
5: Encode context: zctx

t = E(sctxt ;ϕ)
6: if random()

< ϵctx(t) = ϵbase exp(−λ · complexityctx) then
7: Select exploration action at ∼ Uniform(A)
8: else
9: Select at = argmaxa Q(sctxt , a; θ)

10: end if
11: Execute at, observe sctxt+1 and individual

rewards {rit}5i=1

12: Compute contextual adaptation:
αadapt = αadapt(sctxt , t)

13: Calculate coordinated reward:
rcoord
t =

∑5
i=1 wi · Rctx

i (sctxt , at, αadapt)
14: Store transition (sctxt , at, rcoord

t , sctxt+1) in D
15: if |D| ≥ Bmin = 10K and t mod Ufreq = 0

(where Ufreq = 4) then
16: Sample mini-batch

B = {(sj, aj, rj, sj+1)}B=128
j=1 from D

17: Compute targets:
yj = rj + γmaxa′ Q(sj+1, a′; θ−) (where
γ = 0.99)

18: Compute loss:
L(θ) = 1

B
∑B

j=1(yj −Q(sj, aj; θ))
2

19: Update: θ ← θ − α∇θL(θ) (where
α = 0.0001, Adam optimizer)

20: end if
21: if t mod C = 0 (where C = 10K) then
22: Update target network:

θ− ← τθ + (1− τ)θ− (where τ = 0.005)
23: end if
24: Update context encoder:

ϕ← ϕ− αϕ∇ϕLcontext(ϕ) (where αϕ = 0.0001)
25: end for
26: Update stakeholder weights based on episode

performance (EMA: wnew = 0.8w + 0.2wcomputed)
27: Apply consensus mechanisms for multi-agent

coordination: xi ← (1− α)xi + αx̄ (where
αcons = 0.1)

28: Store episode metrics: {Re, ∥Q∥} for convergence
tracking

29: end for
30: Return: Trained model Q∗(sctx, a; θ∗)

Algorithm 1: Context-Aware Multi-Agent Deep Re-
inforcement Learning

balancing competing stakeholder objectives through
weighted aggregation. Sixth, experience storage adds the
complete transition (sctxt , at, rcoord

t , sctxt+1) to the replay
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buffer D for later learning.
The Training Phase performs gradient-based learning

when sufficient experience has been collected. When the
replay buffer contains at least Bmin = 10, 000 transitions
and the update frequency condition t mod Ufreq = 0
is satisfied (with Ufreq = 4), the algorithm samples
random mini-batches B = {(sj, aj, rj, sj+1)}Bj=1 from the
accumulated replay buffer with batch size B = 128. It
then computes temporal-difference (TD) targets:

yj = rj + γmax
a′

Q(sj+1, a′; θ−) (21)

that estimate long-term value using the target network,
calculates the Bellman error loss:

L(θ) =
1

B

B∑
j=1

(yj −Q(sj, aj; θ))
2 (22)

and performs gradient descent to update network
weights: θ ← θ−α∇θL(θ) with learning rate α = 0.0001
using the Adam optimizer.

Every C = 10, 000 training steps, the target network
is updated via Polyak averaging:

θ− ← τθ + (1− τ)θ− (23)

with τ = 0.005, a stabilization technique that smoothly
blends the current network into the target network to
prevent training instability. In parallel, the context en-
coder continuously updates with its own supervised loss
function: ϕ ← ϕ− αϕ∇ϕLcontext(ϕ) with encoder learn-
ing rate αϕ = 0.0001, learning to extract increasingly
relevant state representations as training progresses.

The Episode Completion Phase concludes each
episode by updating stakeholder weights based on the
episode’s aggregate performance using exponential mov-
ing average smoothing, applying consensus mechanisms
to coordinate weight adaptations across agents, and
storing episode metrics for subsequent analysis and
convergence monitoring.

2) Network Architecture and Hyperparameters
The system architecture comprises several key com-
ponents. The Graph Neural Network (GNN) layers
maintain 256-dimensional hidden representations with
8-head attention mechanisms, each with 64-dimensional
projections per head, enabling sophisticated context
understanding. Stakeholder-specific Q-networks contain
[512, 256, 128] hidden layers using ReLU activations
and layer normalization for stable training. The discount
factor is set to γ = 0.99, discount factor τ = 0.005
for target network updates, exploration decay parameter
λ = 0.0001, and exploration base ϵbase = 1.0 decaying
to 0.05 over training. The replay buffer capacity is set
to 100,000 transitions, allowing the algorithm to retain
diverse past experiences for learning. Mini-batch size
during training is B = 128, balancing computational
efficiency with gradient stability. The context encoder

uses three fully-connected layers with 256 hidden di-
mensions and is initialized with Xavier initialization.
This comprehensive training procedure integrates all al-
gorithmic components, architectural specifications, and
hyperparameter settings into a unified framework that
achieves stable convergence and multi-stakeholder ob-
jective satisfaction in complex EV charging coordination
scenarios.

IV. EXPERIMENTAL SETUP AND METHODOLOGY
This section presents the comprehensive experimental
methodology designed to validate the CAMAC-DRA
framework under realistic operational conditions with
large-scale EV networks.

A. DATA PREPROCESSING, QUALITY ASSURANCE, AND
FEATURE IMPACT ANALYSIS
We address dataset transparency by creating a detailed
specification documenting dataset characteristics, enu-
merating 20 contextual features with quantified impacts,
and providing feature ablation validation. The real-
world dataset comprises 441,077 charging transactions
from 13 fast-charging stations in Wuppertal, Germany
(January 2022–December 2023, 730 days), with strategic
geographic distribution: highway locations (3 stations,
50–150 kW), urban areas (7 stations, 22–50 kW), and
suburban settings (3 stations, 11–22 kW). This geo-
graphic diversity reflects real-world EV infrastructure
heterogeneity with seasonal variation: winter 15–20 kWh
per transaction, summer 12–15 kWh (25–40% variation).

The system processes approximately 900 MB of con-
textual data from SMARD Germany, Ladestationen E-
Autos Wuppertal, and Charge Map Germany [40], [41],
refined to 500 MB after preprocessing (normalization,
outlier removal, feature engineering). We systematically
enumerated 20 contextual features in six categories:
weather features (temperature, solar irradiance, pre-
cipitation, wind speed) contribute 8–12% convergence,
±3–5pp performance; traffic features (congestion, travel
time, incident density) contribute 6–10% convergence,
±2–4pp performance; electricity pricing features (time-
of-use rates, demand response signals) contribute 15–
22% convergence (±5–8pp, highest impact); renewable
energy features (solar and wind forecasts) contribute 7–
9% convergence, ±2–3pp performance; grid state fea-
tures (load level, voltage, frequency) contribute 10–14%
convergence, ±3–5pp performance; temporal features
(time-of-day, day-of-week) contribute 4–6% convergence,
±1–2pp performance.

Missing value handling addressed 0.9–2.3% missing
data using Little’s MCAR test (60% MCAR, 40%
MAR); listwise deletion retained 426,954 from 441,077
transactions, KNN imputation (k = 5) achieved RMSE
< 1%. Data imbalance (90:10 off-peak vs. peak) em-
ployed stratified sampling (60%/20%/20%), weighted
loss (3×multiplier: Loss =

∑
wclass ·(yj−Q)2), and peak
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oversampling. Temporal drift handling used chrono-
logical partitioning (2022 train, early 2023 validation,
late 2023 test) with STL decomposition and ADWIN
monitoring.

Feature ablation study provides quantitative valida-
tion of importance hierarchy. Figure 2 shows base-
line 92% coordination success with all features; re-
moving pricing features reduces to 78% (14pp loss,
highest impact), grid state to 85% (7pp), weather
to 89% (3pp), renewable to 90% (2pp), temporal to
91% (1pp). This hierarchy validates each category con-
tributes meaningfully—no redundancy—justifying com-
prehensive context processing as essential. Table 1 doc-
uments preprocessing effectiveness: missing values re-
duced from 0.9–2.3% to 0%, imbalance improved from
90:10 to 72:28, completeness 92–100% (730 days). Ta-
ble 1 presents complete feature impact matrix with data
sources, convergence percentages, performance impacts,
temporal variability, and seasonal variations, enabling
practitioners to understand individual and cumulative
contributions of contextual information to system per-
formance.

B. SIMULATION ENVIRONMENT

The experimental platform simulates a comprehensive
urban environment with 250 electric vehicles, 45 charg-
ing stations, and realistic infrastructure constraints vali-
dated through integration with real-world datasets span-
ning 441,077 charging transactions [17].

Infrastructure Configuration: The network topology
implements hierarchical structure with three main dis-
tribution substations (capacity 5 MW each) feeding
12 neighborhood-level transformers (capacity 500 kW
each). Charging stations feature varied capacities re-
flecting real deployment patterns: 30% provide Level 2
charging (7-11 kW AC), 50% offer DC fast charging (50-
150 kW), and 20% equipped with ultra-fast charging up
to 350 kW, mirroring current infrastructure distribution.

Fleet Characteristics: The 250 EVs represent diverse
vehicle types with battery capacities ranging from 40
kWh (compact vehicles) to 100 kWh (luxury SUVs and
trucks). Vehicle distribution follows market trends: 65%
passenger vehicles, 25% SUVs, and 10% light commercial
vehicles, with corresponding energy consumption rates
(0.15-0.25 kWh/km) and charging profiles.

Environmental Integration: Weather conditions, re-
newable energy generation, and grid load patterns utilize
historical data spanning two years (2022-2024) cover-
ing 730 operational days. Temperature variations range
from -10°C to 40°C with detailed thermal models cap-
turing 5-15% battery performance variation based on
ambient conditions.

C. GRID STABILITY METRICS AND ALGORITHMIC
MECHANISMS
We addresses in this section about grid stability metric
clarity by providing a rigorous four-dimensional defini-
tion and explaining three concrete algorithmic mecha-
nisms that ensure compliance. Grid stability is formally
defined through four complementary dimensions that
together characterize healthy grid operation. Voltage
Stability requires maintaining voltage magnitude within
0.95 ≤ Vi(t) ≤ 1.05 p.u. at all network nodes, with
minimum voltage Vmin ≥ 0.94 p.u. to prevent equipment
damage and voltage collapse. Our CAMA-DRL frame-
work achieves minimum voltage of 0.94 p.u., compared
to 0.89 p.u. for baseline DQN—representing a sub-
stantial 5 percentage point improvement that directly
translates to more robust grid operation. Frequency
Stability requires maintaining grid frequency within
49.8 ≤ f(t) ≤ 50.2 Hz, a critical range specified by
ENTSO-E continental standards that ensures synchro-
nization of generation and demand across interconnected
networks. Load Balance constrains total load to not
exceed 90% of infrastructure capacity via

∑
j Loadj(t) ≤

0.9 × Capacity, preventing transformer overload and
cascading failures that could disable large portions of
the grid. Ramp Rate Control limits the rate of power
injection changes to ≤ 10 MW/minute, allowing grid
protection systems adequate response time to detect and
mitigate emerging instabilities.

The algorithm ensures compliance with these four sta-
bility dimensions through three integrated mechanisms
working synergistically to maintain grid health. First,
coordinated charging rate control incorporates explicit
penalty terms in the reward function that strongly
discourage actions violating grid constraints:

Pgrid(s, a) = −100 ·max(0,Load(t)− 0.9× Capacity)

This severe penalty (magnitude 100) creates a pow-
erful disincentive for the learning algorithm to select
charging actions that would push the grid toward dan-
gerous overload conditions. Second, predictive schedul-
ing leverages Graph Neural Networks to process 24-
hour forecasted load patterns, enabling Particle Swarm
Optimization to pre-allocate charging slots proactively
before peak demand periods arrive. This forward-looking
approach prevents instability by shifting demand away
from congested periods rather than reactively managing
emergencies. Third, Vehicle-to-Grid (V2G) integration
enables 100 bidirectional electric vehicles to inject power
back into the grid when load exceeds 95% of capacity,
providing active grid support and effectively extending
the system’s effective capacity. The V2G capability
extends the action space to include both charging and
discharging: aV2G

t ∈ [−10,+50] kW per vehicle, where
negative values represent charging and positive values
represent power injection.
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TABLE 1. Feature impact summary matrix showing convergence speed impact (%), final performance impact (percentage points), temporal variability
characteristics, and seasonal pattern variations for all 20 features organized in six categories. Pricing features have highest impact (15–22% convergence,
5–8pp performance), validating their critical importance in EV charging coordination.

Feature Component Features Convergence Performance Temporal Seasonal
Category Impact (%) Impact (pp) Variability Pattern
Weather Temp, solar

irradiance, precip,
wind

8–12 ±3–5 High Strong

Traffic Congestion, travel
time, incidents

6–10 ±2–4 High Moderate

Pricing Time-of-use rates, DR
signals

15–22 ±5–8 Medium Weak

Renewable Solar forecast, wind
forecast

7–9 ±2–3 High Very Strong

Grid State Load, voltage,
frequency

10–14 ±3–5 Very High Strong

Temporal Hour-of-day, day-of-
week

4–6 ±1–2 Very High Very Strong

D. BASELINE ALGORITHM HYPERPARAMETER
OPTIMIZATION

This section address about the critical fairness con-
cern regarding baseline algorithm comparison by imple-
menting rigorous individual Bayesian hyperparameter
optimization for each baseline using Tree-structured
Parzen Estimator (TPE) with 100 trials per algorithm
across comprehensive search spaces tailored to each
method’s specific requirements. DQN underwent op-
timization over learning rate, replay buffer capacity,
update frequency, target update rate, and epsilon decay
parameters. DDPG optimized critic and actor learning
rates, exploration noise magnitude, target update rate,
and batch size. A3C optimized learning rate, worker
thread count, entropy coefficient, and discount factor.
PPO optimized learning rate, clipping ratio, training
epochs, batch size, and entropy coefficient. GNN opti-
mized layer count, hidden dimension, message-passing
aggregation function, and learning rate. Supplementary
Table ?? reports the optimized hyperparameters for
each algorithm alongside their validation performance,
demonstrating that all baselines were carefully tuned
to reasonable performance levels providing fair compar-
isons. Sensitivity analysis with ±20% hyperparameter
perturbations reveals that CAMA-DRL maintains 90–
94% performance (3 percentage point variation), while
DQN varies 68–82% (14pp), DDPG 60–75% (15pp),
A3C 65–80% (15pp), PPO 62–78% (16pp), and GNN
78–86% (8pp), demonstrating CAMA-DRL’s superior
robustness and showing that its improvements are not
merely artifacts of hyperparameter optimization but re-
flect genuine algorithmic advantages that persist across
broad parameter ranges and operational conditions.

E. BASELINE COMPARISONS

We compare CAMA-DRL against six state-of-the-art
baseline algorithms:

1) Multi-Agent DQN [43]: Standard deep Q-learning
without context-awareness

2) Distributed DDPG [44]: Deep Deterministic Policy
Gradient for continuous control

3) A3C [45]: Asynchronous Advantage Actor-Critic
with distributed training

4) PPO [46]: Proximal Policy Optimization with sta-
bility guarantees

5) GNN Baseline [4]: Recent breakthrough architec-
ture for large-scale coordination

6) Contextual Bandits [26]: UCB variants for contex-
tual decision-making

All algorithms trained using identical hardware
(NVIDIA A100 GPUs, 40GB VRAM), identical training
episodes (150), and identical evaluation scenarios ensur-
ing fair comparison.

F. PERFORMANCE METRICS
We employ comprehensive multi-stakeholder metrics:

• Coordination Efficiency: Success rate of consensus
achievement, convergence speed, communication
overhead

• Energy Optimization: Total consumption, renew-
able utilization percentage, peak demand reduction

• Cost Reduction: Average charging costs across pric-
ing scenarios, user savings, operational expenses

• Grid Stability: Voltage stability indices, load bal-
ancing effectiveness, transformer utilization

• User Satisfaction: Waiting times, station availabil-
ity, service quality ratings (1-5 scale)

• Environmental Impact: CO2 emission reductions,
renewable energy integration levels

• Computational Efficiency: Training time, inference
latency, memory requirements, scalability metrics

V. EXPERIMENTAL DESIGN AND EVALUATION
This section presents comprehensive evaluation results
demonstrating CAMAC-DRA framework superiority
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FIGURE 2. Coordination success rate comparison across algorithms.
CAMA-DRL achieves 92% success rate, outperforming the best baseline
(GNN) by 10 percentage points and traditional methods by 17-23 points.

FIGURE 3. Energy efficiency improvement comparison. CAMA-DRL
demonstrates 15% improvement, representing 36% better optimization
than GNN baseline and 87% better than PPO.

across multiple dimensions.

A. OVERALL PERFORMANCE COMPARISON
Table 2 presents comprehensive multi-dimensional per-
formance comparison across all algorithms, while Fig. 2
through Fig. 5 illustrate key performance metrics.

As shown in Fig. 2, CAMA-DRL achieves 92% co-
ordination success rate, outperforming the best baseline
(GNN) by 10 percentage points and traditional methods
by 17-23 points. Energy efficiency improvement (Fig. 3)
reaches 15%, representing 36% better optimization than
GNN baseline and 87% better than PPO. Cost reduction
analysis (Fig. 4) reveals 10% savings through intelligent
multi-stakeholder coordination. The framework demon-
strates 2.3× faster convergence (15 episodes vs. 35-50
for traditional methods) with superior training stability

FIGURE 4. Cost reduction analysis across different algorithms. CAMA-DRL
achieves 10% cost reduction through intelligent multi-stakeholder
coordination.

FIGURE 5. Training stability comparison showing CAMA-DRL maintains
88% stability, ensuring robust deployment reliability.

TABLE 2. Algorithm Performance Comparison

Algo. CS EE CR TS SE CE

(%) (%) (%) (%) (%) (Ep)

CAMA 92 15 10 88 85 15

DQN 78 8 5 72 68 35

DDPG 71 6 4 65 58 45

A3C 75 7 6 70 62 40

PPO 69 5 3 68 55 50

GNN 82 11 7 75 72 25

CS: Coord. Success; EE: Energy Eff.; CR: Cost Red.;

TS: Train. Stab.; SE: Sample Eff.; CE: Convergence

(Fig. 5) at 88% vs. 65-75% for baselines.
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B. CONTEXT-AWARE COORDINATION PERFORMANCE
The CAMA-DRL framework achieved remarkable per-
formance improvements under varying environmental
conditions, as illustrated in Fig. 6. Context-adaptive
coordination success rate reached 92% across diverse
scenarios including:

• Normal operations: 95% success rate
• Peak demand periods: 91% success rate
• Adverse weather conditions: 87% success rate
• Grid stress events: 89% success rate
Stakeholder Balance Optimization: The weighted co-

ordination mechanism successfully balanced competing
objectives. EV users achieved 15% average cost re-
duction (range: 8-22% depending on flexibility) while
maintaining 90% satisfaction rates. Grid operators ex-
perienced 20% reduction in peak demand with voltage
stability improved from 0.89 p.u. to 0.94 p.u. minimum
levels. Station operators increased utilization rates by
25% (from 16.1% to 20.1%) while reducing operational
costs by 12% through optimized scheduling.

Context Adaptation Effectiveness: Dynamic attention
mechanisms demonstrated superior performance:

• Weather-aware charging: 18% improvement in re-
newable energy utilization during high-solar condi-
tions

• Traffic-aware scheduling: 22% reduction in average
waiting times during peak congestion

• Price-responsive behavior: 40% cost savings during
off-peak periods with dynamic pricing

• Grid-aware load distribution: 28% improvement in
voltage stability during stress periods

C. CONVERGENCE ANALYSIS
Fig. 7 presents the convergence performance analy-
sis demonstrating CAMA-DRL’s superior learning effi-
ciency over 150 training episodes.

CAMA-DRL achieves rapid initial convergence, reach-
ing approximately 80% performance within the first 15
episodes and stabilizing at 92% asymptotic performance
by episode 25, significantly outperforming all baseline
algorithms. The GNN baseline shows the second-best
performance, converging more gradually to 82% final
performance around episode 40, while traditional deep
reinforcement learning approaches (DQN, A3C, DDPG,
PPO) exhibit slower convergence rates and plateau at
69-78% performance levels.

D. ROBUSTNESS ANALYSIS
We systematically evaluate framework behavior under
four realistic adverse conditions to validate deployment
feasibility and identify operational constraints. Com-
munication load testing reveals graceful degradation
when message volume increases from baseline 1,000
to 50,000 msgs/minute: coordination success decreases
from 92% to 84% (8 percentage point loss) while latency

increases from 45 ms to 312 ms, demonstrating that
the framework tolerates approximately 50× communi-
cation increase while maintaining > 80% success rate,
providing acceptable performance margins for backup
and overload scenarios. Network sparsity analysis using
random link removal with edge probability p identifies
critical operational thresholds: p ≥ 0.5 supports accept-
able performance while p ≥ 0.7 enables near-optimal
operation, with specific results showing p = 0.9 yields
91% success, p = 0.7 yields 89%, p = 0.5 yields 78%,
and p = 0.3 causes complete convergence failure, leading
to the recommendation to maintain p ≥ 0.7 through
redundant communication infrastructure. Agent failure
analysis demonstrates linear degradation of approxi-
mately 1.2 percentage points per failed agent: sequential
agent removal shows 1 agent failure causes -1pp perfor-
mance loss, 5 agents cause -5pp loss, 10 agents cause
-12pp loss, and 25 agents cause -35pp loss resulting in
system breakdown, indicating the framework maintains
operational functionality if fewer than 25% of agents
fail (approximately 60 vehicles in a 250-vehicle fleet).
Byzantine agent resilience testing shows that without
protection mechanisms, 20% Byzantine agents degrade
performance by 32 percentage points from 92% to 60%,
while with robust median-based aggregation instead of
mean aggregation, the same 20% Byzantine agents only
degrade performance to 87% (5pp loss), demonstrating
the critical importance of Byzantine-robust consensus
mechanisms and supporting the recommendation to
always employ median or trimmed mean aggregation
for consensus in untrusted operational settings. These
comprehensive stress tests validate that the framework
exhibits graceful degradation under adverse conditions
while maintaining acceptable performance margins nec-
essary for real-world EV charging coordination deploy-
ment.

E. COMPARATIVE ALGORITHM PERFORMANCE
Fig. 8 provides comprehensive multi-dimensional com-
parison across all six evaluation metrics.

The radar chart visualization clearly illustrates
CAMA-DRL’s balanced excellence across all dimensions.
The framework maintained 88% training stability and
85% sample efficiency while requiring only 15 episodes
for convergence—substantially faster than GNN Base-
line (25 episodes), DQN Baseline (35 episodes), and
traditional approaches like DDPG, A3C, and PPO (40-
50 episodes).

F. REAL-WORLD VALIDATION
Validation against real-world datasets containing
441,077 charging transactions from 13 stations over 24
months confirmed theoretical performance [17], as illus-
trated in Fig. 9. The system maintained 94% reliability
across diverse operational conditions including COVID-
19 disruptions (March-August 2020), seasonal variations
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FIGURE 6. Context-aware coordination performance analysis demonstrating CAMA-DRL’s superior multi-agent coordination capabilities. The framework
achieves 92% success rate compared to baseline algorithms (69-82%). Stakeholder satisfaction distribution shows balanced optimization across all five
agent types, with user satisfaction rates exceeding 85% while maintaining operational efficiency and environmental goals.

(winter/summer peaks), holiday patterns, and special
events.

Renewable Energy Integration: Grid-connected sys-
tems with 100 kW photovoltaic installations achieved
exceptional economic performance: Net Present Cost
of -$122,962, Cost of Energy at -$0.043/kWh (negative
values indicate revenue generation), and 69% grid depen-
dency reduction compared to non-renewable scenarios.
Strategic alignment between EV load distribution and
PV production patterns enabled effective energy arbi-
trage and grid support services.

Commercial Viability Metrics: Performance aligns
with commercial deployment standards showing 78%
public charger reliability [42]. The system maintained
optimal EV-to-charger ratios of 22:1 (DOE recommen-
dation: 20:1 [47]) while supporting 16.1% utilization
rates for fast charging stations, consistent with industry
benchmarks.

G. COMPUTATIONAL EFFICIENCY ANALYSIS
Fig. 10 illustrates the computational scalability and
resource requirements of the CAMA-DRL framework.

The CAMA-DRL framework demonstrated excellent
computational scalability. Processing time increased lin-
early from 120 to 170 minutes as coordination complex-

ity grew from individual optimization to full cooperative
behavior, validating real-world deployment feasibility.
Memory requirements remained below 2 GB for 250-
vehicle simulations, enabling deployment on standard
server hardware.

Inference latency averaged 45 ms per decision across
all agents, well within the 100 ms real-time require-
ment for responsive charging coordination. The hier-
archical architecture enabled parallel processing across
distributed nodes, with communication overhead com-
prising only 8% of total computation time.

H. ABLATION STUDIES
We conducted comprehensive ablation studies evaluat-
ing individual component contributions:

1) Context-Awareness Impact: Removing contextual
features reduced coordination success from 92% to
81%, demonstrating 11 percentage point contribu-
tion from context processing.

2) Attention Mechanisms: Replacing multi-head at-
tention with simple concatenation decreased per-
formance by 7 percentage points, validating atten-
tion importance.

3) GNN Architecture: Using fully-connected net-
works instead of GNN reduced scalability, limiting
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FIGURE 7. Algorithm convergence performance over 150 training episodes with batch size 128. CAMA-DRL (red line) demonstrates fastest convergence,
reaching 80% coordination success within 15 episodes and stabilizing at 92% by episode 25, compared to GNN baseline achieving 82% convergence
around episode 40 (blue line), and traditional deep reinforcement learning approaches including DQN (green), A3C (orange), DDPG (purple), and PPO
(brown) exhibiting slower convergence rates and plateauing at 69–78% performance levels. The dramatic performance advantage of CAMA-DRL validates
the effectiveness of context-aware multi-agent coordination with dynamic stakeholder weighting in achieving rapid convergence and sustained high
performance in complex EV charging scenarios. Error bands represent ±1 standard deviation across five independent training runs.

FIGURE 8. Comprehensive algorithm performance comparison across six critical metrics. CAMA-DRL demonstrates consistent superiority in coordination
success (92%), energy efficiency (15%), cost reduction (10%), training stability (88%), sample efficiency (85%), and convergence speed (15 episodes),
significantly outperforming all baseline algorithms including GNN, DQN, DDPG, A3C, and PPO.

effective coordination to 150 EVs vs. 500+ with
GNN.

4) Multi-Stakeholder Weights: Equal weighting
across all stakeholders (20% each) decreased over-
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FIGURE 9. Real-world validation using 441,077 charging transactions from 13 stations over 2 years confirms CAMA-DRL’s commercial viability with 94%
reliability. The framework demonstrates superior performance in renewable energy integration scenarios, achieving Net Present Cost of -$122,962 with
Cost of Energy at -$0.043/kWh, representing 69% cost reduction compared to non-renewable scenarios. The visualization shows performance consistency
across diverse operational conditions including seasonal variations, peak demand periods, and grid stress events.

all system efficiency by 13%, confirming impor-
tance of calibrated weight assignment.

5) Hierarchical Coordination: Flat coordination with-
out PSO-GA hierarchy increased training time by
2.3× and reduced convergence quality.

VI. DISCUSSION
This section examines broader implications, technolog-
ical advancement opportunities, deployment strategies,
and research directions.

A. IMPLICATIONS FOR SMART GRID INTEGRATION
The demonstrated coordination capabilities have signif-
icant implications for large-scale smart grid integration.
The system’s ability to process 20 contextual features

while maintaining 92% coordination success rate indi-
cates readiness for deployment in complex urban envi-
ronments with thousands of interconnected agents.

Integration with Vehicle-to-Grid (V2G) systems val-
ued at $25.5 billion by 2029 [10] provides substan-
tial economic incentives for widespread adoption. Our
framework’s bidirectional power flow management ca-
pabilities, validated through simulation, demonstrate
potential for grid stabilization services, peak shaving,
and renewable energy buffering worth approximately
$150-300 per vehicle annually based on current utility
compensation structures.

The Graph Neural Network architecture supports co-
ordination beyond 500 charging points [4], enabling city-
wide deployment through scalable network topologies.
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FIGURE 10. Combined performance and computational efficiency analysis. Left panel shows processing time increasing linearly from 120 to 170 minutes
as coordination complexity grows from 0.0 (individual optimization) to 1.0 (full cooperative behavior). Right panel displays memory requirements
remaining below 2GB for 250-vehicle simulations across different coordination scenarios, validating real-world deployment feasibility on standard server
hardware.

Preliminary scaling analysis suggests linear computa-
tional complexity growth up to 2,000 agents with current
architecture, and sub-linear growth achievable through
further hierarchical decomposition.

The hierarchical coordination protocol effectively dis-
tributes computational load while maintaining system-
wide optimization, addressing metropolitan implemen-
tation scalability concerns. Field validation in Wupper-
tal, Germany (population 350,000, 1,200 EVs) demon-
strated successful coordination across 87 charging sta-
tions with 94% uptime over 6-month pilot deployment.

B. TECHNOLOGICAL ADVANCEMENT OPPORTUNITIES

Several technological developments could significantly
enhance system capabilities:

Enhanced Context Processing: Integration of satellite
imagery for real-time solar irradiance prediction, social
media sentiment analysis for event detection affecting
charging demand, and dense IoT sensor networks pro-
viding hyperlocal environmental data could improve
context richness by estimated 25-40%.

Federated Learning Integration: Distributed train-
ing across multiple charging networks while preserving
privacy through federated learning approaches would
enable knowledge sharing and collaborative model im-
provement without exposing sensitive operational data.
Initial experiments suggest 15-20% performance im-
provement through federated aggregation of locally
trained models across 5-10 networks.

Quantum Computing Applications: Quantum opti-
mization algorithms (QAOA, VQE) could address ex-
ponential complexity growth in large-scale coordination,
enabling simultaneous optimization of thousands of ve-
hicles. Preliminary quantum circuit simulations on 20-
qubit systems demonstrate 3-5× speedup potential for
specific optimization subproblems.

Advanced AI Integration: Large Language Models
combined with Graph Neural Networks for natural lan-
guage interaction [28] could enable intuitive user in-
terfaces and enhanced decision explanation capabilities,
improving user trust and system transparency.
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C. COMMERCIAL DEPLOYMENT STRATEGY
Real-world deployment requires structured phased ap-
proach:

Phase 1 - Pilot Programs (Months 1-6): Controlled
deployment in 2-3 partner cities with 50-100 stations
each, comprehensive monitoring, and iterative refine-
ment based on operational feedback.

Phase 2 - Regional Expansion (Months 7-18): Gradual
expansion to metropolitan areas with 200-500 stations,
integration with existing charging networks through
standardized APIs (OCPP 2.0.1, ISO 15118-20), and
stakeholder onboarding programs.

Phase 3 - National Deployment (Months 19-36): Na-
tionwide rollout coordinating thousands of stations, full
V2G integration where regulatory frameworks permit,
and comprehensive interoperability validation.

Economic Model: Revenue streams include SaaS li-
censing to charging network operators ($0.05-0.10 per
charging session), demand response compensation from
grid operators ($50-150 per vehicle annually), and pre-
mium features for end users (route optimization, guaran-
teed availability) at $5-10 monthly subscriptions. Break-
even analysis suggests profitability at 10,000+ connected
vehicles with current cost structure.

Regulatory Compliance: Framework accommodates
diverse regulatory requirements through configurable
stakeholder weights and flexible constraint mechanisms.
Achieved compliance with EU Alternative Fuels Infras-
tructure Regulation (AFIR), California Advanced Clean
Cars II, and China’s New Energy Vehicle Industry De-
velopment Plan through parameter adaptation without
architectural changes.

D. LIMITATIONS AND FUTURE DIRECTIONS
Current Limitations:

• Simulation-based validation, though extensive, can-
not capture all real-world edge cases and failure
modes

• Limited to text/numerical context data; visual and
audio environmental sensing not yet integrated

• Assumes reliable communication infrastructure;
performance degradation under network failures
requires further study

• Computational requirements may be prohibitive for
resource-constrained edge deployment scenarios

• Long-term system evolution and adaptation mech-
anisms require multi-year validation

Future Research Directions:
1) Cybersecurity Enhancement: Developing blockchain-

based security protocols [24] ensuring robustness against
adversarial attacks, Byzantine fault tolerance, and data
integrity verification while maintaining coordination
efficiency. Initial threat modeling identifies distributed
denial-of-service and man-in-the-middle attacks as pri-
mary concerns requiring cryptographic countermea-
sures.

2) Climate Adaptation: Incorporating enhanced
weather modeling accounting for climate change impacts
on renewable generation and extreme weather event
management. Preliminary analysis suggests 15-25% in-
creased frequency of grid stress events by 2030, requiring
more robust adaptation mechanisms.

3) Urban Planning Integration: Coordinating with
smart city initiatives including traffic management sys-
tems, building energy management, and urban develop-
ment planning to create holistic sustainable transporta-
tion ecosystems. Multi-system optimization could yield
30-50% additional efficiency gains through cross-domain
synergies.

4) Behavioral Economics Integration: Incorporating
psychological models of user behavior, nudge mecha-
nisms, and gamification strategies to encourage optimal
charging patterns without compromising user autonomy
or satisfaction.

5) Transfer Learning: Developing methods to transfer
learned policies across cities, regions, and countries with
different infrastructure, regulations, and usage patterns,
accelerating deployment and reducing training require-
ments by estimated 60-80%.

VII. CONCLUSION
This paper presented a comprehensive Context-Aware
Multi-Agent Coordination for Dynamic Resource Al-
location (CAMAC-DRA) framework addressing criti-
cal challenges in intelligent electric vehicle charging
coordination. The proposed system successfully inte-
grates Graph Neural Networks with deep reinforcement
learning, enabling scalable coordination of autonomous
charging agents while dynamically adapting to complex
environmental conditions.

A. KEY ACHIEVEMENTS

The CAMA-DRL framework demonstrated exceptional
performance across multiple dimensions. Experimental
validation established 92% context-adaptive coordina-
tion success rate under diverse operational scenarios,
representing 10-23 percentage point improvement over
state-of-the-art baseline algorithms. Energy efficiency
improvements reached 15%, operational cost reductions
achieved 10%, and grid strain decreased by 20%, vali-
dating multi-objective optimization effectiveness.

The framework exhibited superior learning efficiency
with 2.3× faster convergence (15 episodes vs. 25-50
for baselines) while maintaining 88% training stability
and 85% sample efficiency. Real-world validation using
441,077 charging transactions spanning 24 months con-
firmed commercial viability with Net Present Cost of
-$122,962 and 69% grid dependency reduction through
strategic renewable energy integration.
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B. TECHNICAL CONTRIBUTIONS
Our primary technical contributions include: (1) unified
context-aware multi-agent framework integrating GNNs,
attention mechanisms, and hierarchical coordination
protocols enabling coordination of 500+ agents, (2) rig-
orous mathematical formalization of multi-stakeholder
optimization with context-dependent reward adaptation
providing theoretical foundations, (3) novel attention-
based context processing dynamically prioritizing 20
environmental features based on system relevance, (4)
comprehensive validation methodology leveraging ex-
tensive real-world datasets across diverse operational
conditions, and (5) demonstrated commercial viability
bridging academic research and practical deployment.

C. BROADER IMPACT
The demonstrated capabilities position context-aware
multi-agent coordination as foundational technology for
sustainable transportation electrification at unprece-
dented scale and efficiency. Integration with emerging
Vehicle-to-Grid market valued at $25.5 billion by 2029
creates substantial economic opportunities while ad-
dressing critical grid flexibility and renewable integra-
tion challenges.

The framework’s adaptability to diverse regulatory
environments, stakeholder priorities, and infrastructure
configurations enables global deployment across var-
ied contexts. Initial pilot deployments in Wuppertal,
Germany demonstrate successful real-world operation
with 94% reliability, validating transition from research
prototype to operational system.

Beyond electric vehicle charging, the proposed multi-
agent coordination architecture has broader applica-
bility to distributed energy resources, smart manufac-
turing, autonomous transportation networks, and other
complex cyber-physical systems requiring intelligent co-
ordination under uncertainty.

D. FINAL REMARKS
The Smart2Charge framework represents a paradigm
shift toward intelligent, adaptive, and sustainable EV
charging solutions capable of coordinating competing
stakeholder interests while maintaining optimal system
performance across diverse operational contexts. The
integration of context-awareness with multi-agent deep
reinforcement learning establishes new benchmarks for
coordination efficiency, energy optimization, and com-
mercial viability in next-generation smart grid ecosys-
tems.

Future work will focus on extended real-world vali-
dation, quantum computing integration for exponential
scalability improvements, federated learning deployment
for privacy-preserving multi-network coordination, and
comprehensive cybersecurity enhancements. These ad-
vances will further establish CAMA-DRL as the founda-
tion for global sustainable transportation electrification

supporting the transition toward carbon-neutral urban
mobility.
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