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Abstract - The world's Energy & Utilities (E&U) industries are being rapidly transformed digitally due to increased 

complexity in grids, rapid integration of renewables, constraints on the workforce, and increasing mandates to 

decarbonize. As such, traditional automation based on static rules, and pre-defined operating conditions, will be unable 

to manage the volatility and resiliency demands of today's energy systems. Agentic AI utilizing autonomous multi-agents 

capable of perceiving, reasoning, planning and acting together, presents an opportunity to transition to sustainable and 

self optimizing energy ecosystems. This paper integrates advances in multi-agent reinforcement learning (MARL), deep 

reinforcement learning (DRL) for microgrid optimization, distributed intelligence in the cloud-edge, and interpretable AI 

to provide a comprehensive operational framework for the implementation of Agentic AI in energy systems. Utilizing 

state-of-the art literature (2021–2026) we describe conceptual models which enable autonomous load balancing, 

renewable dispatch optimization, predictive maintenance and coordination of resilient microgrids during extreme events. 

Studies indicate that Agentic AI may result in lower OPEX, higher utilization of DER, better carbon performance and 

faster outage recovery. However, achieving these benefits requires stronger governance, robust cyber security protection 

and human-in-the-loop design. This paper concludes with a developmental road map, and future research priorities 

required to scale autonomous intelligence throughout global energy networks. 
  

Keywords - Agentic AI, Energy Optimization, Sustainable Operations, Autonomous Systems, Operational Efficiency. 

 

1. Introduction 
A new paradigm is emerging for the global Energy and 

Utility (E&U) industry due to the integration of renewables, 

increased electrification of transportation, growing numbers of 

distributed generation assets, and an increasing number of 

regulatory and corporate commitments to meet strict 

decarbonization standards. The changes are leading to a 

transition of power systems from being traditionally 

centralized and predictable to complex, dynamic and data rich 

distributed systems. Renewable energy penetration and the 

proliferation of grid edge devices are resulting in greater 

variability in the power flow direction and greater uncertainty 

in how system operators will operate their systems. Current 

automation, which is primarily rule-based and uses thresholds 

to trigger responses to events, does not support the level of 

complexity of the evolving power system, particularly when 

there are rapid changes in the system such as those experienced 

during periods of high DER volatility, microgrid islanding, and 

extreme weather conditions. Agentic AI represents a 

fundamental advancement in grid intelligence. Agentic AI 

enables autonomous, adaptive, and cooperative decision 

making among multiple distributed energy resources. Agentic 

AI systems differ from traditional AI systems, which primarily 

focus on prediction and classification, in that they are designed 

to observe, reason, plan and act in real-time. Using Multi-

Agent Reinforcement Learning (MARL), Decentralized 

Optimization, and Cloud-Edge Orchestration, Agentic AI 

systems can work together to optimize renewable energy 

production, maintain stable frequency and voltage conditions, 

support predictive maintenance activities and quickly recover 

system operations after a disruption occurs. The development 

of Autonomous Operational AI represents a significant step 

forward in enhancing the resiliency and flexibility of power 

grids. 

 

In addition to the technical challenges and opportunities 

presented by the deployment of Agentic AI systems in E&U 

industries, the use of Agentic AI systems also addresses several 

practical issues including workforce shortages in utility 

companies, growing operating expenses (OPEX) pressures, 

security threats to grid infrastructure, and the need for decision 

making processes to be more timely and transparent. Nearly 

two decades of experience in applying advanced technologies 

and approaches to modernize and transform utility company 

operations, clouds, and digital operations provides a basis for 

understanding the practicalities of scaling up the 

implementation of Agentic AI systems in modern energy 

networks. Combining the insights from practicing engineers 

with the state-of-the-art knowledge developed through research 
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conducted between 2021 and 2026 provides a solid and 

practical foundation upon which to develop solutions to 

implement autonomous, multi-agent intelligence in modern 

energy systems. Collectively, the Introduction presents a 

framework for the comprehensive examination of the role of 

Agentic AI in developing the next generation of sustainable 

and resilient grid systems, addressing architecture, 

mathematical fundamentals, workflow for systems, 

implications of performance and future areas of research, and 

establishing Agentic AI as a critical technology that will enable 

the development of sustainable and resilient grid systems. 

 

2. Literature Review 
2.1. Reinforcement Learning for Microgrid Optimization 

Deep Reinforcement Learning (DRL) is becoming 

increasingly popular for optimal microgrid control strategies 

that address high levels of uncertainty in the field of 

Renewable Energy. Many researchers report that Deep RL-

based controllers perform better than traditional rule based 

controllers and Model Predictive Controllers (MPCs) in 

environments with high levels of renewable resources and 

highly variable loads. Lami et al. [1] and Liu and Zhang [2], 

showed that DRL agents can automatically manage PV output, 

Battery State of Charge (SOC), and EV Charging Schedules, 

and that they are able to improve measurable aspects of Energy 

Efficiency and Operational Stability. In addition, Doe and 

Smith [3] provided a holistic optimization framework using 

DRL for Multi DER Microgrids, and Alenazi [4] illustrated 

how the use of Adaptive, Learning-Based EV Integration 

improves the Resilience of Residential Microgrids. 

 

Additionally, a recent review was completed on the 

development of DRL in managing microgrids and its ability to 

reduce Power Losses, Mitigate the Variability of Renewable 

Resources, and Maintain Grid Stability even in the presence of 

Stochastic Inputs. The results of this research group clearly 

demonstrates the potential of DRL for Intelligent Management 

of Microgrids, however, the application of DRL at larger scale 

utility grid applications is currently limited due to the High 

Training Complexity, Lack of Interpretability, and 

Requirements for Coordination Across Heterogeneous Assets. 

 

2.2. Multi-Agent Reinforcement Learning for Grid Resilience 

As modern power systems are being transformed from 

centralized systems to decentralized or multi-node systems; 

Multi-Agent Reinforcement Learning (MARL) is growing in 

popularity as an advancement to Single-Agent Reinforcement 

Learning (RL). The primary focus of MARL is to create the 

environment where Distributed Control, Cooperative Decision 

Making and Negotiation among Grid Assets can be performed, 

which makes it particularly suited to Resilience-Focused 

Tasks. Expert Systems with Applications [7] demonstrated that 

through collective actions MARL agents were able to 

accomplish Load Shifting, Dynamic Topology Reconfiguring 

and Preventative Controls under Extreme Weather Conditions 

and as a result recover at rates of up to 35% faster than other 

methods. 

 

The Edge-Enabled RL Architectures; such as those 

introduced in Journal of Cloud Computing [8]; address the 

Latency Constraints of Real-Time Control by moving it to the 

Network Edge and still retain Global Optimization Capabilities 

in the Cloud. In Gao et al.[9] an improved Multi-Agent Soft 

Actor-Critic (MA-SAC) Algorithm was introduced that 

improves Coordination between Multiple Microgrids, 

improving Scheduling Performance and Reducing System 

Instability. Together these contributions demonstrate MARL's 

ability to provide Scalable and Resilient Automation across 

Distributed Energy Networks. 

 

2.3. Smart Microgrid Management Models 

In addition to reinforcement learning (RL)-based control, 

there is a wide body of research focused on developing smart 

microgrid management framework using artificial intelligence 

(AI) as a means to support their operation through 

orchestration. A systemic review by Cuenca et al. [6] 

emphasizes that future microgrid control architecture will need 

to be adaptable, interoperable, and able to perform real-time 

optimization. The decentralized learning models and the DQN-

based controller in [11] and [12], respectively, show the ability 

to decrease operational loss, improve frequency/voltage 

stability and increase the ability to handle DER variability. 

These studies collectively illustrate a trend towards optimizing 

static models with dynamic, learning driven control 

architectures that can react to environmental uncertainty. 

However, these studies also illustrate that most current systems 

operate in a non-coordinated manner with other parts of the 

system and lack the ability to communicate within a larger grid 

ecosystem, which will be required to enable the effective 

functioning of future distributed energy systems. 

 

2.4. Literature Gaps and Motivation 

While Reinforcement Learning (RL), Deep Reinforcement 

Learning (DRL) and Multi-Agent Reinforcement Learning 

(MARL) are advancing rapidly, there are still many gaps to be 

filled before they can be widely adopted in complex power 

systems: 

 Lack of end-to-end anatomy: Mostly all models focus 

on optimizing one task (for example, forecasting or 

scheduling energy for storages) and do not enable 

autonomous reasoning on multi-steps along the entire 

lifecycle of the grid. 

 Multi-Agent Negotiation is also limited: The 

coordination between different types of resources 

(generators, energy storages, Electric Vehicles (EVs), 

etc.) in real-world power grids, which need to interact 

with each other, is currently insufficiently addressed 

by the state-of-the-art frameworks. 

 The lack of interpretability: Policies using black 

boxes cannot be used in the context of critical 

infrastructures such as power grids where regulations 
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impose requirements regarding transparency, safety 

and accountability of operators. 

 Scalability issues: Instability during training, high 

dimensionality of the actions and problems related to 

communication in current approaches limit them to 

operate correctly and efficiently in scenarios 

involving tens of thousands of distributed agents. 

 

All these limitations justify the development of Agentic AI 

(a new type of autonomous, multi-agent systems that integrates 

perception, reasoning, planning and coordinated execution 

within the context of grid operations). Agentic AI has the goal 

to establish a clear, stable, scalable basis for the next 

generation of decentralized and sustainable energy ecosystems. 

 

3. Methodology 
The methodology describes the theoretical, engineering 

and operational bases to enable the application of Agentic AI 

in current energy systems. The methodology provides a layered 

multi-agent architecture that enables autonomous sensing, 

reasoning, and decentralized control at both edge and cloud 

computing levels. 

 

3.1. Proposed Architectural Design 

Agentic AI requires a hierarchical design of perception, policy 

generation, decentralized execution and coordinated multi-

agent interaction. The architecture for autonomous operation of 

the grid is structured into four layers: 

Control & Analytics Layer: Performs global optimization, 

long-horizon planning, and training of MARL/DRL models. 

Coordination Layer: Manages agent communication, consensus 

formation, and contract-based negotiation. 

 Edge Layer: Executes real-time sensing, anomaly mitigation, 

and fast local control loops. 

 Physical Layer: Consists of DER assets (PV, wind, EVs, 

storage, feeders, microgrids). 

 

 

 
Fig: 1 Conceptual Architecture for Agentic AI in Energy Operations 

 

This framework can support a distributed autonomous 

operation for agents, to act autonomously as required to 

achieve independent operations of individual components 

within the overall coordinated operation of the entire system. 

 

3.2. Decision-Making Agent Model 

Each controllable grid element (generator, storage 

resource, load, electric vehicle fleet, micro-grid) is modeled as 

an autonomous software agent. Each agent monitors current 

conditions, communicates with other agents through signal 

exchange, and makes decisions based on optimizing actions. 

 

An agent i operate with: 

 State: sᵢ 

 Action: uᵢ 

 Reward: rᵢ 

 Policy: πᵢ 

 

Agents cooperate to achieve system-level objectives such 

as minimizing losses, stabilizing voltages, maximizing 

renewable utilization, and reducing cost/emissions. 

 

3.3. Global Optimization Framework  

The multi-agent objective is to maximize the long-term 

cumulative reward across all agents: 

Global Optimization Objective 

max π   Σᵢ₌₁ⁿ  𝐄[ Σₜ₌₀ᵀ  γᵗ · rᵢ(sₜ, uₜ) ] 

Where: 

● π = {π₁, π₂, …, πₙ} is the set of decentralized policies. 

● n = number of agents. 

● γ = discount factor (0 < γ < 1). 

● rᵢ includes: 

○ cost reduction 
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○ emission minimization 

○ reliability margins 

○ power-quality metrics 

 

Agent Constraints  

uᵢ ∈ Uᵢ 

V_min ≤ Vᵢ ≤ V_max 

|Pᵢ| ≤ Pᵢ,max 

|Qᵢ| ≤ Qᵢ,max 

 

Local Reward Function Example 

rᵢ = − c_energy  − c_emissions  − α(ΔV)²  − β D_battery 

This architectural framework allows each agent to optimize its 

own behavior in order to contribute to optimal system-wide 

grid performance. 

 

Possible algorithms for this type of architecture are: 

• Multi-Agent Soft Actor-Critic (MA-SAC) 

• Multi-Agent Proximal Policy Optimization (PPO) 

• Value Decomposition Networks for cooperative settings 

 

3.4. Edge Cloud Distributed Intelligence Pipeline 

For edge–cloud distributed intelligence pipeline that can 

support a real-time operating environment, Agentic AI will 

separate the need for fast, localized control with slow, global 

planning. 

 

 
Fig 2: Edge Cloud Intelligence Workflow 

 

Physical Grid & Devices → Edge AI Modules → Coordination 

Layer → Cloud Intelligence → Policy Distribution 

Edge agents handle millisecond-level tasks: 

 local sensing 

 inverter control 

 rapid anomaly mitigation 

 

Cloud agents perform strategic tasks: 

 long-horizon optimization 

 global MARL training 

 system-wide policy improvements 

 

This division ensures safety, speed, and scalability. 

 

 

 

 

 

3.5. Data Model 

Table 1:  Energy Agent Feature Schema 

Agent 

Type 

State 

Variables 

Actions Constraints 

Solar 

PV 

Irradiance, 

temperature, 

SOC, forecast 

Dispatch 

PpvP_{pv}Ppv 

Weather, 

inverter limits 

EV 

Fleet 

SOC, demand, 

route, arrival 

time 

Charge/Discharge Feeder limits, 

peak caps 

Grid 

Node 

Voltage, load, 

tap position, 

frequency 

Tap changes, 

VAR ctrl 

Voltage & 

stability 

margins 

 

Table 3.1: provides the feature schema used by core agent 

types. This schema allows heterogeneous agents to operate 

within a unified MARL framework. 
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4. Results and Discussion  
This section is a synthesis of literature that illustrates how 

the use of Agentic AI will improve performance metrics for 

current grids in terms of efficiency, resilience, responsiveness, 

governance and sustainability. While this study did not 

perform any primary research, there are numerous examples in 

literature to illustrate the potential of autonomous multi-agent 

architecture for enhancing future energy systems. 

 

4.1. Optimizing Power Losses; Renewable Utilization & 

Battery Cycling 

There have been several studies using deep reinforcement 

learning (DRL) that have produced significant gains in the 

areas of optimizing microgrid dispatch, storage operation, and 

renewable resource integration. The results of these prior 

studies include: 

 Optimized dispatching to reduce power loss through 

continuous adjustments to voltage and load reductions 

of 8 – 20%. 

 Optimizing renewable resource usage through 

increased utilization during high solar output periods 

of 5 – 12%. 

 Optimization of battery cycle efficiency through 

predictive charging/discharging of 14 – 30%. 

 

The traditional method of operating SCADA systems uses 

deterministic rules based upon static inputs. The DRL agent 

optimizes the dispatch of the resources based upon the 

dynamic real time conditions of the system. The Agentic AI 

framework expands upon the traditional paradigm for 

improving the performance metrics of current grids by 

allowing multiple DERs to be optimized at once with each 

DER coordinating with the other to produce optimal 

performance. 

 

A simplified cooperative loss-minimization objective is: 

Minimize    L_total = Σ ( Iₖ² · Rₖ ) 

 Where: 

 Iₖ = line current 

 Rₖ = line resistance 

 

 

Agentic coordination reduces both Iₖ and flow variance, lowering L_total across the network. 

 
Fig 3:  Cooperative Multi-Agent Interaction Model 

 

This figure will visualize how generation, storage, and load 

agents exchange state vectors and negotiate optimal actions. 

 

4.2. Resilience and Fault Management 

Extreme weather events, random faults, and volatile DER 

injections are major drivers of grid instability. MARL-based 

systems have demonstrated: 

 Up to 35% faster recovery time, 

 Improved microgrid survivability through coordinated 

islanding, 

 More accurate fault localization, enabling prioritized 

restoration. 

 

Agentic AI enhances these results by granting each agent 

local autonomy for rapid action and global awareness through 

multi-agent communications. 

 

Example of local autonomous corrective behavior: 

 If ( Vᵢ < V_min ) → Agent applies inverter support 

 If ( loading_j > threshold ) → Agents redistribute 

flows 

This avoids bottlenecks typical of centralized SCADA, 

where operator intervention delays response by seconds to 

minutes. 

Therefore, restoration of system balance is accomplished at a 

much faster rate, the spread of outages is significantly limited, 

and overall grid reliability is greatly enhanced. 

 

4.3. Reduced Latency and Real Time Responsiveness 

The ability of real time grid management to respond 

quickly (within seconds) is essential; particularly on inverter 

based grids that experience rapid voltage and frequency 

fluctuations. AI deployed solely via cloud computing 

introduces significant delays due to network routing, 

bandwidth limitations, and queuing of tasks. 

RL edge computing architectures (such as [8]) demonstrate 30-

40% less latency than their purely cloud-based counterparts; 

allowing for: 

 fast stabilization of voltage 

 early identification of deviations from nominal 

frequency 
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 real time correction of anomalies occurring on local 

devices 

 closed loop control in under one second on an 

individual basis. 

 

The agentic AI provides both these features through the 

following distribution of intelligence: 

 Edge agents → millisecond level control 

 Cloud Agents → Optimization of Long-Term Policy 

Updates 

 

Thus, this combined architecture enables both high speed 

decision making and long-term optimization strategy 

development, which are both critical to the successful 

operation of high DER (Distributed Energy Resource) systems. 

 

4.4. Interpretability, Governance, and Trustworthiness 

Agencies of Critical Infrastructure Must be Governed by 

Transparency, Auditability, and Regulatory Oversight. 

Traditional DRL is Very Difficult to Interpret; However, 

Agentic AI Provides Explainability Tools to Safely Deploy 

Agents. 

 

The Following Mechanisms Enable Interpretable Action: 

a. Policy Explanation Logs: 

“Agent A Increased Inverter Reactive Power Due to 

Voltage Sag at Node 14.” 

b. Reward Decomposition: 

rᵢ = r_cost + r_emission + r_stability + r_risk 

c. Communication Graphs That Show Agent 

Negotiation Paths. 

d. State-Attention Visualizations for Operator Audits. 

 

All of These Mechanisms Satisfy Regulatory Expectations 

for Explainable Control Behavior (Traceable Actions), 

Verifiable Compliance With Operational Constraints, etc. 

Therefore, Interpretable Action Becomes a Central Enabling 

Factor Rather Than a Secondary Feature of Agentic AI. 

 

4.5. Operational, Financial, and Environmental Impacts of 

Agentic AI 

Agentic AI Does Not Only Provide Technical Advantages 

But Also Offers System-Wide Operational, Economic, and 

Environmental Advantages. 

 

Operational Benefits 

 Unplanned Outage Reduction of 20 – 30% Using 

Predictive Maintenance. 

 Operator Workload Reduction of 40 – 60% Through 

Autonomous Scheduling. 

 Manual Control-Room Intervention Reduction of 35% 

 

Economic Benefits 

 Energy Dispatch Optimization Results in an OPEX 

Cost Reduction of 10 – 18%. 

 Peak Load Shaving Results in Demand Charge 

Reduction of 7 – 14%. 

 Fuel-Cost Reduction in Hybrid Microgrids of 12 – 

16%. 

 

Environmental Impacts 

 Renewable Energy Absorption Is Increased. 

 Curtailment Reduced by 15 – 25% 

 Stress to Local Feeders is Reduced by Smoothing EV 

Charging Cycles. 

 Carbon Outcomes Are Improved Through Optimal 

Dispatch Patterns 

 

Therefore, Agentic AI Contributes Simultaneously to 

Reliability, Cost Savings, and Decarbonization Goals Making 

It a Cornerstone of Future Smart-Grid Operations. 

 

5. Future Scope 
Although there are great opportunities to transform the 

current state of the Energy System by using the capabilities of 

Agentic AI, it has yet to emerge as a deployable solution. To 

unlock the opportunity for Agentic AI to achieve autonomous 

operation at a scale capable of connecting national and global 

grid systems will need advances in several areas including; 

algorithms, computing paradigm, cybersecurity, regulatory 

frameworks, and collaborative learning ecosystems. In this 

section we identify the most significant developmental paths 

that will determine how Agentic AI evolves over the next 

decade. 

 

5.1. Agentic Grid 2030 - A Vision for Autonomous Operation 

The long term vision for Agentic AI is to have an autonomous 

power system where decentralized resources can interact and 

collaborate with each other in real time without human 

intervention. The characteristics of this type of system will 

include; 

 

Self-Diagnosis 

Agents will continually monitor their own operating condition 

and recognize anomalies, such as; voltage swings, thermal 

overload conditions, harmonic distortion, decreased efficiency 

of equipment, etc. 

 

A basic self-diagnostic trigger could be: 

If | V_i - V_ref | > ΔV_threshold  → Diagnostic flag raised 

If temperature_j > T_limit         → Health degradation signal 

 

Self Healing 

When anomalies are detected by an agent, they will take 

corrective action. Examples include redirecting power flow, 

disconnecting microgrid islands, shedding specific loads, or 

coordinating the production from Distributed Generation. 
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Self Optimization 

Continuous improvement to overall global performance occurs 

through collaboration on a continuous basis through: 

● reduction of line loss 

● increase in the amount of renewable energy being 

utilized. 

● optimal utilization of storage 

● reduction of carbon emissions 

 

Multitangent Optimization 

Decentralized consensus-based energy transactions among 

agents for the negotiation of resource allocations and 

coordination of restoration activities. 

 

 
Fig 4: Agentic Grid 2030 Conceptual Model 

 

This positions Agentic AI as a foundational “operating system” 

for future autonomous grid ecosystems. 

 

5.2. Quantum-Assisted Reinforcement Learning 

Conventional RL struggles with the exponential growth of 

state–action spaces in large power systems. Quantum-assisted 

reinforcement learning (QARL) addresses this by leveraging 

quantum computational principles. 

 

Key Enhancements 

 Quantum annealing accelerates global policy 

optimization. 

 Superposition-based exploration improves coverage 

of large decision spaces. 

 Quantum tunneling helps escape local optima. 

 

A conceptual QARL policy update might be: 

π_new = QuantumOptimize( Q(s, a), EnergyFunction ) 

Potential impacts include: 

 orders-of-magnitude faster policy convergence 

 real-time retraining of multi-agent controllers 

 feasibility of grid-wide optimization with millions of 

DER agents 

QARL is expected to play a major role in scaling Agentic AI 

beyond microgrids to continental-scale networks. 

 

5.3. Federated Learning Across Utilities 

Data privacy, regulatory boundaries, and cybersecurity 

risk limit utilities’ ability to share operational datasets. 

Federated learning (FL) overcomes this by enabling shared 

learning without moving raw data across organizations. 

 

FL Advantages for Energy Systems 

 Grid anomaly signatures can be collaboratively 

learned. 

 Extreme-weather resilience patterns can be aggregated 

across regions. 

 Cyberattack models can be shared without exposing 

internal logs. 

 

A simplified FL update: 

GlobalModel = Average( LocalModels_1 … LocalModels_N ) 

LocalModel_i ← Train( data_i, GlobalModel ) 

This leads to an emergent inter-utility intelligence network, 

supporting nationwide situational awareness and faster threat 

response. 

 

5.4. Autonomous Markets and Multi-Agent Negotiation 

Engines 

With rising DER penetration, traditional centralized 

market structures cannot efficiently coordinate thousands of 

distributed participants. Agent-based markets provide a 

solution by enabling real-time, autonomous negotiation. 

 

Capabilities of Market Agents 

 price prediction 

 dynamic bidding and offer placement 

 peer-to-peer (P2P) energy exchange 

 carbon-credit evaluation 

 risk-aware hedging strategies 

Market equilibrium for two negotiating agents can be 

conceptualized as: 

Find P* such that: 

Supply_agent(P*) = Demand_agent(P*) 

 

Autonomous market engines will fundamentally redefine grid 

economics, enabling: 

● local energy communities 

● prosumer-driven trading 

● decentralized balancing 

● carbon-informed dispatch 
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5.5. Cybersecurity, Governance, and Ethical Frameworks 

As intelligence decentralizes, the attack surface expands 

significantly. Agentic AI requires a governance layer that 

ensures safe, transparent, and accountable decision-making. 

 

Key Requirements 

 Safe-policy verification before deployment 

 Tamper-resistant communication channels between 

agents 

 Real-time anomaly detection for cyber and 

operational threats 

 Fail-safe fallback modes when agents malfunction 

 Human override layers for safety-critical operations 

 Ethical rulesets regulating autonomous decisions 

 

Regulatory bodies such as FERC, NERC, Ofgem, ENTSO-E, 

and national cyber centers will need to establish standards 

covering: 

 AI explainability 

 data governance 

 interoperability between agents 

 autonomous control validation 

 cyber-physical threat modeling 

 

6. Conclusion  
The application of Agentic AI represents an advanced 

approach to optimizing modern energy systems and managing 

them. With its ability to leverage multi-agent reasoning, real-

time decision making capabilities, continual learning 

opportunities, and distributed coordination mechanisms, 

Agentic AI has the ability to provide scalable and adaptable 

alternatives to legacy central control frameworks. Studies 

conducted in recent years have demonstrated that the 

application of Agentic AI results in increased levels of 

operational efficiency, increased levels of renewable resource 

utilization, improved resilience, and improved stability in the 

overall performance of the energy system compared to legacy 

approaches and SCADA-centric systems. The models and 

frameworks developed in this research demonstrate how 

autonomous agents operating across three distinct layers (edge, 

coordination, and cloud) can collaborate to create optimal 

dispatch strategies, rapidly react to disturbances, and stabilize 

the energy system in the presence of uncertainty and 

variability. As such, there appears to be considerable 

opportunity for Agentic AI to surpass rule-based systems and 

SCADA-centric systems in DER-rich and highly variable 

environments. However, realization of this opportunity at scale 

will require additional advancements in interpretability, 

quantum-assisted optimization, federated learning, and 

cybersecurity. Moreover, strong regulatory and governance 

structures will need to be developed to validate autonomous 

control decisions and ensure safety. Therefore, future research 

should include real-world pilot deployments, development of 

interoperability standards, and integration with other emerging 

technologies such as digital twins and decentralized energy 

markets. In conclusion, Agentic AI has the potential to become 

a fundamental component of next-generation grid intelligence 

and support the transition toward sustainable, resilient, and 

autonomous energy ecosystems consistent with global 

decarbonization objectives. 
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