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Abstract

The Economic Dispatch Problem (EDP) plays a critical role in power system operations by
trying to allocate power generation across multiple units at minimal cost while satisfying
complex operational constraints. Traditional optimization techniques struggle with the
non-convexities introduced by factors such as valve-point effects, prohibited operating
zones, and spinning reserve requirements. While metaheuristics methods have shown
promise, they often suffer from convergence issues and constraint-handling limitations.
In this study, we introduce a novel application of Group Relative Policy Optimization
(GRPO), a reinforcement learning framework that extends Proximal Policy Optimization
by integrating group-based learning and relative performance assessments. The proposed
GRPO approach incorporates smart initialization, adaptive exploration, and elite-guided
updates tailored to the EDP’s structure. Our method consistently produces high-quality,
feasible solutions with faster convergence compared to state-of-the-art metaheuristics and
learning-based methods. For instance, in the case of the 15-unit system, GRPO achieved
the best cost of USD 32,421.67 /h with full constraint satisfaction in just 4.24 s, surpassing
many previous solutions. The algorithm also demonstrates excellent scalability, general-
izability, and stability across larger-scale systems without requiring parameter retuning.
These results highlight GRPO’s potential as a robust and efficient tool for real-time energy
scheduling in smart grid environments.

Keywords: economic dispatch problem; reinforcement learning; group relative policy
optimization; smart grid; non-convex optimization; constraint handling; energy scheduling

1. Introduction

The rapid evolution of electrical grids toward smart grid architectures has funda-
mentally transformed the landscape of power systems operation and control. Smart grids
integrate advanced sensing, communication, and computing technologies with traditional
power infrastructure to enhance efficiency, reliability, and sustainability [1]. This moderniza-
tion enables real-time monitoring, bidirectional communication, and dynamic adaptation
to changing conditions, thereby facilitating the integration of renewable energy sources, de-
mand response mechanisms, and distributed generation [2]. However, these advancements
also introduce significant complexity into the optimal management of power generation
resources, making the Economic Dispatch Problem (EDP) increasingly challenging yet
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critical for efficient grid operation, particularly under high penetration of renewable energy
where traditional optimization methods often fall short [3].

The Economic Dispatch Problem represents a fundamental optimization challenge in
power systems engineering, focusing on determining the optimal power output allocation
among available generating units to meet the system demand while minimizing total
operating costs [4]. In the context of smart grids, the EDP must additionally account for
the intermittency of renewable resources, demand-side flexibility, energy storage systems,
and various operational constraints such as prohibited operating zones, valve-point effects,
and ramp rate limits [5,6]. The efficient solution of the EDP is paramount as even marginal
improvements in cost efficiency can translate to substantial economic savings given the
scale of modern power systems.

Traditional approaches to solving the EDP have relied on classical mathematical
optimization techniques, including linear programming, quadratic programming, lambda
iteration, and gradient methods [4]. While these methods provide exact solutions for convex
and well-behaved problems, they face significant limitations when confronted with real-
world EDP instances characterized by non-convexity, discontinuities, and multiple local
optima. The incorporation of realistic constraints such as prohibited operating zones and
valve-point effects renders the problem highly nonlinear and non-convex, causing classical
methods to struggle with convergence or become trapped in suboptimal solutions [7].

To overcome these limitations, metaheuristic optimization algorithms have emerged
as viable alternatives for tackling complex EDP instances. Techniques such as Genetic
Algorithms (GA), Particle Swarm Optimization (PSO), Differential Evolution (DE), Grey
Wolf Optimizer (GOP), and Artificial Bee Colony (ABC) have demonstrated consider-
able success in navigating the complex search spaces of modern EDP formulations [8,9].
These population-based approaches offer the advantages of global exploration capability,
constraint-handling flexibility, and reduced sensitivity to initial conditions. However, meta-
heuristics also exhibit notable limitations, including parameter sensitivity, convergence
inconsistency, and the absence of theoretical guarantees regarding solution quality. More-
over, their performance often deteriorates when scaling to high-dimensional problems or
when addressing dynamic environments where system conditions evolve rapidly [10].

The limitations of metaheuristics have motivated the exploration of reinforcement
learning (RL) approaches for economic dispatch optimization. RL methods offer several
distinctive advantages, including the ability to learn optimal policies through interaction
with the environment, adaptation to changing conditions, and incorporation of sequential
decision-making frameworks that align well with power system operations [11]. Neverthe-
less, classical RL methods such as Q-learning and Deep Q-Networks (DQN) face challenges
related to sample efficiency, exploration-exploitation balance, and high-dimensional contin-
uous action spaces that are characteristic of the EDP. Recent advancements in reinforcement
learning have also introduced powerful transformer-based architectures capable of mod-
eling long-range dependencies in temporal and spatial energy systems [12]. Multi-agent
reinforcement learning (MARL) is gaining traction in distributed energy dispatch, en-
abling coordination across decentralized units [13]. Moreover, safe RL and explainable RL
frameworks are being developed to meet the reliability and transparency requirements
of critical infrastructure like smart grids [14]. These emerging directions complement
GRPO by addressing issues of system-wide coordination, interpretability, and risk-aware
policy deployment.

Group Relative Policy Optimization (GRPO) addresses these challenges by extending
the traditional Proximal Policy Optimization (PPO) framework to incorporate collective
learning dynamics and relative policy improvements. Unlike conventional RL methods
that update policies based solely on absolute performance metrics, GRPO leverages infor-
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mation sharing and relative performance assessments within groups of agents to enhance
convergence stability and exploration efficiency [15]. By establishing trust regions based
on the relative performance of multiple solution candidates, GRPO mitigates the risks of
premature convergence and policy degradation during training. Additionally, the group-
based approach enables more effective constraint handling through collaborative learning,
where feasible solutions inform the development of effective constraint satisfaction strate-
gies across the entire population of agents. Beyond improving computational efficiency,
GRPO has important societal and environmental implications. By enabling scalable and
adaptive scheduling, it can facilitate higher penetration of renewable energy sources, sup-
port demand-response mechanisms, and strengthen grid resilience—key levers in the
transition to sustainable energy systems. The literature indicates that residential load
management strategies can reduce CO; emissions by between 1% and 20% depending
on the energy mix and regulatory environment [16]. Similarly, demand response—even
modest peak-shaving—has been estimated to yield system-level cost savings in the range
of billions of dollars; for instance, a mere 5% reduction in peak demand could translate into
USD 35 billion in avoided costs over 20 years in the U.S.

In this work, we present a novel application of GRPO for solving complex Economic
Dispatch Problems in smart grid environments. The main contributions of this research are
threefold: (1) the development of a specialized GRPO framework tailored to the unique
characteristics of the EDP, incorporating domain-specific knowledge into the policy and
value network architectures; (2) an enhanced constraint-handling mechanism that preserves
solution feasibility through adaptive penalty formulations and guided exploration of
the feasible region; and (3) comprehensive empirical evaluation demonstrating superior
performance compared to both traditional metaheuristics and conventional RL approaches
across a diverse set of benchmark problems and real-world case studies.

The remainder of this paper is organized as follows: Section 2 presents a formal
mathematical formulation of the Economic Dispatch Problem, including the objective func-
tion and various operational constraints considered in this study. Section 3 provides a
comprehensive review of related work spanning classical methods, metaheuristics, and
reinforcement learning approaches for economic dispatch. Section 4 introduces the pro-
posed GRPO methodology, detailing the algorithm design, network architectures, and
constraint-handling mechanisms. Section 5 describes the experimental setup, including
benchmark problems, comparison methods, and evaluation metrics. Section 6 presents
and discusses the experimental results, highlighting the performance advantages of GRPO
across different problem instances. Finally, Section 7 concludes the paper with a summary
of findings, limitations, and directions for future research.

2. Related Work

Economic dispatch (ED) is a fundamental optimization problem in power systems,
where the goal is to allocate generation among available units to meet a certain load at
minimum cost. In multi-objective formulations of ED, additional objectives such as emis-
sion minimization or loss reduction are considered alongside cost, making the problem a
multi-criteria optimization challenge. The ED problem is subject to numerous constraints,
including power balance, generator output limits, ramp rate limits, and sometimes more
complex operational constraints like prohibited operating zones or multi-area power trans-
fer limits [17]. Solving ED optimally is crucial for both economic efficiency and environmen-
tal compliance in modern grids. Over the past decade, there has been significant progress
in solution methods for ED, especially for non-convex and multi-objective versions. These
methods span classical mathematical optimization, metaheuristic algorithms, and machine
learning, including reinforcement learning approaches, each with its own merits and limi-



Electricity 2025, 6, 49

4 of 36

tations. In this section, we explore and discusses each category in turn, with an emphasis
on the state-of-the-art metaheuristic and learning-based techniques for multi-objective ED,
and highlight the challenges associated with them to motivate our approach.

2.1. Classical Mathematical Approaches

Classical methods for ED rely on mathematical programming and optimization theory.
For the basic ED with a single objective (e.g., fuel cost minimization) and convex cost
curves, the problem can be formulated as a convex optimization (e.g., a quadratic program)
and solved to global optimality using efficient algorithms [18]. Lambda-iteration (gradient
method) and Lagrange relaxation have been long-standing techniques: the lambda-iteration
method equalizes the incremental cost (1) across units to satisfy optimality and balance
conditions, and it works well when generator cost functions are smooth and convex. In
fact, early implementations of ED in the 1960s applied linear programming techniques to
economic generation allocation [17]. Later methods like dynamic programming were used
for unit commitment and dispatch problems in the 1960s—70s. Quadratic programming
methods (e.g., using the Kuhn-Tucker conditions) and network flow approaches which
treat ED as a transportation problem were also explored in the literature [18]. However,
classical optimization methods encounter limitations as the ED problem becomes more
realistic. One major issue is non-convexity. Practical ED often involves valve-point effect
ripples in cost functions, multiple fuel options for generators, or prohibited operating zones,
all of which introduce non-smooth, non-convex characteristics [18-20]. Traditional solvers
such as LP or QP struggle with these; they might converge to a local optimum or require
piecewise-linear approximations to fit into a convex model [18]. For instance, including
emission cost as a second objective or constraint was handled in the 1990s by techniques like
Lagrangian relaxation [21], but those methods needed convexified formulations. Classic
methods also have difficulty with discrete decision variables like unit on/off states or
integer transmission flow limits without resorting to combinatorial search techniques
that exponentially increase complexity. While methods like dynamic programming and
branch-and-bound can handle discrete unit commitment, they suffer from the curse of
dimensionality for large-scale systems [21]. Another limitation is in handling multiple
objectives. Classical approaches typically scalarize multiple objectives (e.g., combine cost
and emission into a single weighted sum objective). This requires choosing weighting
factors a priori, which can be arbitrary and may not capture the true trade-offs. There is no
straightforward way for classical deterministic solvers to produce a Pareto-optimal set of
solutions in one run—they would need to be run multiple times with different weights or
targets. This lack of flexibility is a drawback in multi-objective ED scenarios [21]. Finally,
computational scalability is a concern: although methods like the lambda-iteration are
extremely fast for convex ED and were historically used in real-time dispatch computers,
they cannot guarantee optimality for non-convex ED [18]. Techniques like quadratic
programming or nonlinear programming can solve moderately sized problems, but their
performance degrades as the number of generators and constraints grows. In summary,
while classical mathematical methods form the foundation and can solve simplified ED
efficiently, they struggle with the complex, non-convex, and multi-objective nature of
modern ED problems. These limitations motivated the development of metaheuristic
methods that can more easily handle such complexities.

2.2. Metaheuristic Approaches

Metaheuristic algorithms have emerged as key methods for economic dispatch (ED),
especially in non-convex and multi-objective scenarios, due to their ability to handle
complex, nonlinear constraints without strict assumptions on objective functions [19,20].
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Although these algorithms do not guarantee global optima, they typically yield high-quality
solutions efficiently. Genetic Algorithms (GA), among the earliest used for ED, utilize evo-
lutionary processes including crossover and mutation. GAs effectively manage valve-point
effects and multi-fuel scenarios [22], with multi-objective variants like NSGA-II frequently
generating Pareto fronts for economic—emission trade-offs. However, GAs may suffer from
slow convergence and require careful parameter tuning. Constraint handling commonly
involves penalty functions or repair operators to ensure feasibility [17]. Particle Swarm
Optimization (PSO), which is inspired by flocking behavior, offers simpler implementation
and faster convergence than GAs, as evidenced in the seminal work by [23]. PSO effectively
addresses high-dimensional search spaces due to rapid information sharing and minimal
parameter tuning. Multi-objective PSO (MOPSO) manages environmental /economic dis-
patch by maintaining solution diversity. PSO’s simplicity enables near real-time application,
though occasional stagnation and parameter sensitivity remain concerns [24].

Differential Evolution (DE) uses vector differences and recombination to achieve ef-
ficient continuous optimization [25]. DE often outperforms GA and PSO on complex ED
problems, particularly when hybridized or adapted through specialized mechanisms, such
as single-unit adjustment repairs for constraint violations [17]. Adaptive strategies enhance
DE'’s robustness, especially in multi-objective contexts, though parameter choice and dis-
crete handling limitations persist. Ant Colony Optimization (ACO), although traditionally
for combinatorial optimization, is applied to discrete or hybrid ED problems. It generally
performs less efficiently than GA, PSO, or DE for purely continuous ED but can excel in
hybrid scenarios involving unit commitment or discrete decisions. Multi-objective ACO
adaptations exist but require substantial computational resources and careful tuning [8].
Recent metaheuristics like the Grey Wolf Optimizer (GWO) have gained attention due to
their simplicity and balanced exploration—exploitation capabilities, showing competitive
results on complex ED scenarios [8]. Numerous other novel algorithms, including Whale
Optimization, Bat, and Firefly, have demonstrated effectiveness in ED, especially when
hybridized or parameter-adaptive. These methods typically handle constraints via penal-
ties, repairs, or dependent variable encoding, achieving near-real-time performance with
optimization strategies like parallelization and warm starts.

Overall, metaheuristics significantly extend the solvability of ED problems beyond
classical methods, addressing multi-modal and multi-objective challenges effectively. De-
spite their inherent lack of optimality guarantees and sensitivity to parameterization, these
methods remain central to ED research and practice, increasingly augmented by emerging
reinforcement learning-based approaches.

2.3. Machine Learning and Reinforcement Learning Approaches

Machine Learning (ML) techniques have recently emerged as promising alternatives
to conventional optimization methods for solving Economic Dispatch Problems, encom-
passing supervised learning, hybrid methods, and particularly reinforcement learning
(RL). Supervised ML approaches utilize historical real data or data generated by offline
optimizers (e.g., linear programming or metaheuristics) to train predictive models like
Decision Trees or Neural Networks, providing fast dispatch decisions in real-time scenarios.
For instance, Goni et al. [26] employed a Decision Tree trained on data from the Lagrange
multiplier method, significantly reducing computation time compared to classical solvers.
However, such methods depend heavily on comprehensive, stationary training datasets
and require retraining upon system alterations. Additionally, hybrid strategies involving
ML-guided metaheuristics have been explored; notably, Visutarrom et al. [27] used RL to
adaptively tune Differential Evolution parameters, enhancing robustness and reducing
manual tuning efforts.



Electricity 2025, 6, 49

6 of 36

Building upon these approaches, reinforcement learning methods have become partic-
ularly prominent, offering advantages for dynamic ED scenarios involving uncertainty and
sequential decision-making. RL methods learn dispatch policies mapping system states
(loads, generation statuses) directly to optimal generator actions, utilizing algorithms such
as Q-learning, Deep Q-Networks (DQN), Deep Deterministic Policy Gradient (DDPG), and
Proximal Policy Optimization (PPO). While classical Q-learning faces limitations due to
discrete state-action spaces, DQN employs neural network approximations to effectively
handle larger continuous state spaces. Sage et al. [28] highlighted DQN’s superior per-
formance in battery dispatch scenarios, demonstrating significant cost savings through
optimal charge/discharge policies.

Addressing continuous action spaces essential for ED, policy gradient methods like
DDPG and PPO have shown significant promise. Chen et al. [29] successfully applied hy-
brid DDPG for microgrid dispatch, achieving superior performance compared to discretized
DQN. PPO has been favored for its stability during training, with studies demonstrating its
efficacy in learning robust dispatch policies in renewable-integrated dynamic ED contexts.

Expanding on these methods, advanced RL techniques such as Soft Actor—Critic
(SAC) and emerging Group Relative Policy Optimization (GRPO) have shown potential
for overcoming inherent RL limitations like training complexity and critic network biases.
While SAC’s stochastic nature has proved less effective for deterministic dispatch scenarios,
GRPO'’s critic-free design promises enhanced training efficiency, although its practical
application in ED remains exploratory.

To successfully implement RL methods, careful consideration must be given to design-
ing states, actions, and rewards. Incorporating temporal indicators significantly enhances
policy adaptability [28]. Continuous dispatch adjustments typically favor actor—critic meth-
ods, whereas discrete action spaces are suitable for DON. Furthermore, multi-agent RL
presents a potential avenue for managing large-scale dispatch tasks, although ensuring
cooperative behavior among multiple agents adds complexity. Reward functions typically
integrate economic objectives with penalties for constraint violations. However, excessive
emphasis on penalties can hinder cost optimization. Thus, hard-coding domain-specific
constraints often supplements reward shaping, guiding RL agents primarily towards min-
imizing economic costs. Despite these advancements, trained RL policies face several
challenges. Although execution is rapid and suitable for real-time deployment, RL training
itself is computationally intensive and time-consuming. Moreover, RL-derived policies
do not guarantee global optimality and exhibit limited generalization beyond training
scenarios, necessitating continuous retraining. Policy explainability and safe exploration
also remain significant issues, particularly for operational grid deployments. Nevertheless,
RL’s adaptability and real-time responsiveness provide substantial benefits in evolving
smart grid applications. Hybrid frameworks combining RL-derived dispatch policies
with deterministic refinement processes could ensure feasibility and operational reliability,
effectively bridging learning-based methods and traditional optimization techniques.

3. Problem Formulation

This section presents a comprehensive mathematical formulation of the Economic
Dispatch Problem (EDP), providing the necessary foundation for understanding the opti-
mization challenges addressed in this work. We begin with the basic convex formulation
before examining the more complex non-convex variants that incorporate realistic opera-
tional constraints.
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3.1. Convex Economic Dispatch Problem

The fundamental objective of the Economic Dispatch Problem is to minimize the total
production cost while satisfying various system constraints. The objective function can be
mathematically expressed as follows:

N
Minimize Fr = Y _F(P;), i=12,...,N (1)
i=1
where Fr represents the total generation cost, F;(P;) is the cost function of the i-th generating
unit, P; is the power output of the i-th generating unit, and N is the total number of
generating units in the system.
In its most basic form, the fuel cost of a thermal generation unit is typically represented
as a quadratic function:

Fi(Pi) =a; + b;P; + C,‘Piz )

where a;, b;, and c; are the cost coefficients of the i-th generating unit. However, to more
accurately model the actual response of thermal generators, higher-order polynomial func-
tions may be employed. A cubic cost function, for instance, provides enhanced modeling
precision and can be represented as follows:

Fi(P,') =a; + b;P; + CiPiz + d,’P? 3)

where d; is the cubic cost coefficient of the i-th generating unit.
The optimization is subject to several operational constraints that must be satisfied for
a feasible solution:

3.1.1. Power Balance Constraint

The total power generated must equal the total demand plus transmission losses:

N

Y P=Pp+Pp 4)

i=1
where Pp represents the total system demand and Py denotes the transmission losses. The
transmission losses can be calculated using Kron's loss formula, also known as the B-matrix
coefficient method:

1=

. ‘ BoiP; + Boo )

1

N N
PL =YY PB;P+
i=1j=1

I
A

where B;;, By;, and By are the loss coefficients or B-coefficients.

ijr
3.1.2. Generator Capacity Constraints

The power output of each generating unit must remain within its operational limits:
Pi,min < Pi < Pi,max (6)
where P; i and P; 5« are the minimum and maximum power outputs of the i-th generat-

ing unit, respectively.

3.2. Non-Convex Economic Dispatch Problems

Real-world power systems often exhibit non-convex characteristics due to various
physical and operational constraints. We consider two significant sources of non-convexity
in the EDP: valve-point effects and prohibited operating zones.
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3.2.1. Valve-Point Effects

In thermal power plants, each steam admission valve in a turbine produces a rippling
effect on the unit’s heat rate curve when it begins to open. This phenomenon, known
as the valve-point effect (VPE), introduces significant nonlinearities in the cost function,
resulting in multiple local optima. The cost function incorporating valve-point effects can
be modeled as follows:

Fi(P,) = a; + b;P; + ¢;P? + |e; sin(fi (P min — Pi))| (7)

where ¢; and f; are the valve-point effect coefficients. The sinusoidal term introduces ripples
in the cost function, making the optimization landscape significantly more complex, as
illustrated in Figure 1.

Fi ($/0)

——— With valve-point
————— Without valve-point

P, (MW)

Pi,min Pi,max

Figure 1. Fuel cost curve of generating units with valve-point effects. The rippling effect creates
multiple local minima in the cost function, significantly complicating the optimization process.

3.2.2. Prohibited Operating Zones

Prohibited operating zones (POZ) are specific ranges of power output where the
operation of generating units is restricted due to physical limitations such as vibrations
in the shaft bearings, resonance in certain components, or other mechanical constraints.
Operating within these zones could potentially damage equipment or cause instability in
the system. The presence of prohibited operating zones introduces discontinuities in the
feasible region, further complicating the optimization process.

For units with prohibited operating zones, the feasible operating regions can be
mathematically defined as follows:

Pi,rnin < Pi < Pl‘l,1
PreqPy (<P <P, k=2,..n ®)
Pjun. <P < Pi,max

e

where Pl.l i and P represent the lower and upper bounds of the k-th prohibited zone of the
i-th unit, respectively, and 7; is the number of prohibited zones for the i-th generating unit.

3.3. Additional Operational Constraints

Modern power systems often incorporate additional constraints that must be satisfied
for secure and reliable operation:

3.3.1. Spinning Reserve Constraint

Spinning reserve represents the extra generating capacity that is available by increasing
the power output of generators already connected to the power system. This constraint
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ensures that sufficient reserve capacity is available to respond to unforeseen load increases
or generation outages:

N
Y Si>SR ©)
i=1

where S; is the spinning reserve contribution of the i-th generating unit and SR is the
total spinning reserve requirement. The spinning reserve contribution of each unit is
determined by the following:

Si = min(Pi,max - P Si,max)} Vidg Q) (10)
5, =0, VieQ (11)

where S; .« is the maximum spinning reserve capability of the i-th unit and () is the set of
units that cannot provide spinning reserve.

3.3.2. Ramp Rate Constraints

The ramp rate constraints limit the rate at which the power output of a generating
unit can change between consecutive time periods, reflecting the physical limitations of
thermal units:

P, — Pl-O < UR;, if generation increases (12)

Pl-0 — P; < DR;, if generation decreases (13)

where P? is the previous power output of the i-th unit, and UR; and DR; are the ramp-up
and ramp-down rate limits, respectively. To incorporate these constraints into the generator
capacity limits, Equation (6) can be reformulated as follows:

max (P; min, P* — DR;) < P; < min(P; oy, P + UR;) (14)

3.4. Constraint Handling Approaches

Effectively managing constraints is crucial for solving the EDP. In this work, we
employ several techniques to handle different types of constraints:

3.4.1. Slack Variable Method for Equality Constraints

For the power balance constraint, we adopt a slack variable approach where one unit
(typically referred to as the slack unit) is designated to compensate for any imbalance. The
power output of the slack unit is calculated as follows:

N
P;=Pp+P,—) P (15)
i7s
where P; is the power output of the slack unit, which is randomly selected from the

available units. If the calculated value of Ps violates its limits, a penalty is applied to the
objective function.

3.4.2. Penalty Function Approach for Inequality Constraints

For inequality constraints such as generator limits, prohibited operating zones, and
spinning reserve requirements, we employ a penalty function approach where violations
are penalized in the objective function:

Ff = Fr+ ) Ac - violation] (16)
ceC

where F7 is the penalized objective function, C is the set of all constraints, A. is the penalty
coefficient for constraint ¢, and violation, is the magnitude of the violation of constraint c.
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For clarity and ease of reference, Table 1 summarizes the constraint-handling strategies
used in GRPO, including the type of constraint, the method applied, and whether repair or
penalty-based logic was used. This organization helps distinguish how different classes of
constraints are treated within the framework.

Table 1. Constraint handling methods in the optimization framework.

Constraint Type Handling Method Repair Logic/Penalty Function
. Slack unit adjusted to compensate imbalance;
Power Balance Repair . s .
infeasibility penalized
Generator Output Limits Repair Enforced via clipping during initialization and updates
Prohibited Operating Zones Repair Violating values projected to nearest allowed zone
Spinning Reserve Requirement Penalty Function Penalty added for unmet reserve
Ramp Rate Constraints Clipped Range + Repair Generation values clipped within ramp-adjusted

min/max bounds

4. Group Relative Policy Optimization

Group Relative Policy Optimization (GRPO) represents an innovative approach in
reinforcement learning that extends traditional policy optimization methods through the in-
corporation of group dynamics and relative performance assessments. This section presents
both a conceptual overview and the mathematical formulation of the GRPO methodology.

4.1. Core Principles
GRPO is fundamentally built on three key principles:

1.  Group-based Learning: Instead of training a single policy, GRPO maintains a popula-
tion of policies that learn collaboratively.

2. Relative Performance Assessment: Policies are evaluated not only on their absolute
performance but also on their performance relative to other policies in the group.

3. Trust Region Optimization: Policy updates are constrained to prevent excessive
deviations from the established consensus of the group.

Although GRPO departs from classical RL architectures by omitting value function
approximation or explicit temporal-difference learning, it remains firmly grounded in
the reinforcement learning paradigm. It extends actor-only policy optimization methods
such as PPO by using population-based sampling and relative advantage signals to guide
learning. Policies are still trained through interaction with the environment, with updates
driven by reward feedback and constrained by trust regions. This formulation aligns with
recent developments in critic-free, evolutionary RL methods that emphasize direct policy
improvement without estimating state values or temporal differences.

4.2. The GRPO Framework

The GRPO framework can be understood as an organized approach consisting of the
following components:

4.2.1. Policy Population

GRPO maintains a diverse population of policies, typically ranging from 10 to 50 de-
pending on the complexity of the problem. Each policy represents a potential solution
strategy and is characterized by its own set of parameters. The population-based approach
provides several advantages:

¢ Multiple starting points in the solution space, reducing the risk of being trapped in
local optima;
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¢ Diverse exploration strategies that collectively cover more of the solution space;
*  Robustness against individual policy failures through information sharing.

4.2.2. Relative Advantage Estimation

A cornerstone of GRPO is its novel approach to advantage estimation. In standard
reinforcement learning, the advantage function measures how much better an action is
compared to the average action in a given state. GRPO extends this concept by computing
a relative advantage that compares the performance of a policy, not just against itself, but
against the entire policy group.

4.2.3. Elite Reference Set

After each evaluation phase, GRPO identifies an elite subset of policies that demon-
strated superior performance. This elite set serves multiple purposes:

*  Providing reference strategies for other policies to learn from;
e  Stabilizing the learning process by preserving successful approaches;
*  Guiding the exploration toward promising regions of the solution space.

4.2.4. Group Trust Region

To ensure stable learning progress, GRPO implements a group-based trust region
mechanism. This approach constrains policy updates to prevent any single policy from
deviating too far from the group consensus. The group trust region offers several benefits:

¢  Improved stability during learning;
¢ Prevention of catastrophic forgetting;
¢ Balanced exploration and exploitation across the policy population.

4.3. Learning Process
The GRPO learning process follows a cyclical pattern consisting of four main phases:
Experience Collection: Each policy interacts with the environment independently;

Relative Performance Evaluation: Policies are assessed against the group;
Elite Selection: Top-performing policies are identified (typically 20-30%);

L

Policy Update: All policies are updated based on their experience and elite influence.

4.4. Mathematical Formulation
4.4.1. Policy Parameterization

In GRPO, we maintain a population of K policies, each parameterized by 6, € R,
where k € {1,2,...,K}. The stochastic policy 7y, (a|s) defines a probability distribution
over actions a € A given a state s € S. For continuous action spaces, the policy is typically
modeled as a multivariate normal distribution:

7o, (als) = N (p,(s), Zq, () (17)
where pg, (s) represents the mean action and g, (s) is the covariance matrix, both functions

of the current state and parameterized by 6.

4.4.2. Relative Advantage Function
For each policy 71y, , we define the relative advantage function:
1
Aid(s/a) = Ak(S,ﬂ) - m ;{A]’(S/a) (18)
]

where A (s, a) is the standard advantage function for policy 71, , calculated as follows:
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Ax(s,a) = Q"% (s,a) — V7 (s) (19)

The relative advantage function quantifies how much better (or worse) an action is
compared to the average performance of the policy group. This provides a more informative
learning signal that accounts for the collective exploration of the state-action space.

4.4.3. Objective Function

The GRPO objective function for policy 7tg, combines the standard PPO clipped
objective with a relative performance term:

Jerpo (0k) = Esanry, [min (T’kwk)Angk (s,a),
clip(re(6r),1 —¢€,1+¢€)A™%(s, a)) (20)
+ Arelrlzel(gk)Aiel (S' a)‘|

7, (als)
TTgold (als)

k
(typically 0.1 or 0.2), and A, is a hyperparameter controlling the influence of the relative

where 7 (6;) = is the importance sampling ratio, € is the clipping parameter

performance term. The relative importance sampling ratio rrel(Gk) is defined as follows:

e, (als)
X Z]I'<:1 ne}sﬂd (als)

re(0) = (21)
4.4.4. Group-Based Trust Region

GRPO employs a group-based trust region mechanism to ensure stable policy updates.
This is implemented through a novel group Kullback-Leibler (KL) divergence constraint:

where ¢ is the maximum allowable divergence. The group KL divergence is computed
as follows:

D F (g, {”eold ) =% Z DxL ffek||7fgold) (23)
j=1
This constraint prevents any single policy from deviating too far from the group

consensus, promoting stability while still allowing for exploration.

4.4.5. Elite Selection and Update

After evaluating all policies in the group, GRPO employs an elite selection mechanism
to identify the most promising candidates:

&= {k € {1/2/ s 'K}U(T[Gk) > ]threshold} (24)

where ] (77q, ) is the performance of policy 7ts, and Jinreshold is typically set to select the top
p% (e.g., p = 20) of policies. The elite policies influence the update of the entire population
through a soft update mechanism:

|£| ecf
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where wy, is a policy-specific update coefficient that controls the balance between individual
learning and group influence.

4.5. Adaptive Hyperparameter Tuning

GRPO incorporates adaptive mechanisms to tune critical hyperparameters throughout
the learning process:

4.5.1. Adaptive Learning Rate

The learning rate 7 for each policy is adjusted based on the policy’s relative performance:

](ﬂek)—f_>

7 (26)

Mk = Ybase * €XP (,8 :
where s is the base learning rate, | is the average performance across all policies, 0y is
the standard deviation of performances, and f is a scaling factor.

4.5.2. Adaptive Exploration

The exploration rate, which controls the covariance matrix ng (s),1is adapted based on
the diversity of the policy group:
K
Z Dxu(7tg,||770,) (27)

1
Ok = Obase * <1+'Y'K
j=1

where 0y, is the base exploration rate and v is a scaling factor. This mechanism increases
exploration when the policy is significantly different from others, promoting effective
coverage of the search space.

4.6. Theoretical Properties

GRPO possesses several notable theoretical properties that distinguish it from tradi-
tional policy optimization methods:

4.6.1. Improved Sample Efficiency

By leveraging information from multiple policies, GRPO makes more efficient use of
collected samples. Each trajectory contributes to the update of multiple policies through
the relative advantage mechanism, effectively increasing the effective sample size without
additional environment interactions.

4.6.2. Enhanced Exploration

The group-based approach naturally encourages diversity among policies, as each
policy receives different update signals based on its relative performance. This implicit
exploration mechanism helps avoid premature convergence to suboptimal solutions.

4.6.3. Stronger Convergence Guarantees

Under certain conditions, GRPO can be shown to converge to at least a local optimum
with higher probability than single-policy methods. The group dynamics provide robust-
ness against individual policy failures and help escape local optima through the sharing of
information across the population.

4.6.4. Performance Bounds

The performance of the GRPO algorithm can be bounded as follows:

4
J(7tGrPO) > ] (Thase) — ﬁﬂaswﬂbm [DKL(7tbase || TGrPO) ] (28)
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where 7grpo is the policy learned by GRPO, 7, is a baseline policy, -y is the discount
factor, and d”™ase is the state distribution under the baseline policy.

This bound provides a guarantee on the lower limit of the expected return achieved
by the GRPO-learned policy compared to a baseline policy. It holds under standard
assumptions commonly used in policy optimization frameworks, including bounded
rewards, finite horizon, and sufficiently small policy updates within the trust region
(controlled by ). In practice, this inequality implies that GRPO is theoretically constrained
from degrading performance too severely relative to a known good policy. The presence of
the KL divergence term ensures that as long as the updated policy stays close to the baseline,
the performance drop is bounded. This theoretical property aligns with GRPO’s empirical
behavior, rapid convergence with minimal performance oscillation, even in constrained,
non-convex problems like the EDP.

4.7. Key Advantages of GRPO

GRPO offers several significant advantages over traditional policy optimization methods:

4.7.1. Enhanced Exploration

The population-based approach naturally encourages diverse exploration strategies.
Different policies can specialize in different regions of the state-action space, collectively
providing more comprehensive coverage than a single policy could achieve. Furthermore,
the relative performance assessment rewards policies that discover novel effective strategies,
explicitly promoting exploration.

4.7.2. Improved Stability

The group trust region mechanism prevents policies from making drastic updates
that could destabilize the learning process. By constraining updates relative to the group
consensus, GRPO maintains a more stable learning trajectory even in highly complex or
noisy environments.

4.7.3. Robustness to Local Optima

Traditional reinforcement learning methods often struggle with local optima, especially
in non-convex optimization landscapes. GRPO’s multi-policy approach provides multiple
entry points into the solution space, significantly reducing the risk of all policies becoming
trapped in the same suboptimal solution.

4.7 4. Efficient Knowledge Sharing

Through the elite reference set and relative advantage computation, GRPO enables ef-
ficient sharing of knowledge across the policy population. Successful strategies discovered
by one policy can quickly propagate to others, accelerating the overall learning process
without requiring explicit communication protocols.

5. GRPO Implementation for Economic Dispatch Problem

This section presents the implementation of Group Relative Policy Optimization
(GRPO) for solving the Economic Dispatch Problem (EDP). We describe the specialized
adaptations and design choices made to effectively apply GRPO to the complex constraints
and nonlinearities characteristic of modern EDP instances.

5.1. Problem Representation

To effectively apply GRPO to the Economic Dispatch Problem, we must first
establish an appropriate problem representation that aligns with the reinforcement
learning framework.
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State and Action Spaces
For the EDP, the state space S consists of relevant system parameters:

e  Power demand (Pp);

U Current generator outputs;

*  System constraints including prohibited operating zones;
*  Spinning reserve requirements.

The action space A represents the power output allocations for all generators. Given
that the EDP involves continuous values within specific ranges, we normalize the action
space to [0,1]N where N is the number of generators. Each normalized action is then
mapped to the actual power output using the following:

b = Pi,min + (Pi,max - Pi,min) "4 (29)

where a; € [0,1] is the normalized action for generator i, and P; is the corresponding
power output.

5.2. GRPO Architecture for EDP
5.2.1. Policy Population Design

Based on the provided code, our GRPO implementation maintains a population
of policies represented by a collection of potential generator power allocations. The
SimplifiedPPOOptimizer class implements this population-based approach with the
following parameters:

Population Size = K (typically 30-50) (30)
Elite Percentage = p (typically 0.3, representing the top 30%)

Each member of the population represents a candidate solution to the EDP, encoded

as a vector of normalized power outputs across all generators.

5.2.2. Smart Initialization Strategy

Rather than random initialization, our implementation employs a smart initialization
strategy that allocates power proportionally based on generator efficiency as shown in
Algorithm 1:

efficiency; = (31)

c;te€
where ¢; is the quadratic cost coefficient of generator i and € is a small constant to prevent
division by zero. Initial power allocations are then calculated as follows:

efficiency;

target_power, = (32)

Zjl\il efficiency; .

This initialization approach ensures that the GRPO algorithm begins with reasonable
solutions that prioritize more efficient generators while respecting operational constraints.

5.3. Constraint Handling Mechanisms

A critical aspect of applying GRPO to the EDP is effective constraint handling. Our
implementation incorporates several specialized mechanisms to address the various con-
straints present in the EDP, as depicted formally in Algorithm 2.

5.3.1. Prohibited Operating Zones

To handle prohibited operating zones, we implement a two-step approach:
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1. Detection: For each generator i, we check if the current power output falls within any
prohibited zone:

i . pl
true if Jk: P; < P < Py

is_prohibited(P) = false otherwise

(33)

2. Repair: If a violation is detected, we adjust the power output to the nearest
allowed region:

Pt _ arg min|P — B (34)
P EA,‘

where A; is the set of allowed operating regions for generator i.

This approach ensures that all candidate solutions remain within feasible operating
regions throughout the optimization process.

5.3.2. Power Balance Constraint

The power balance constraint requires that the total power generation equals the
demand. Our implementation handles this through a repair-based approach that adjusts
generator outputs while respecting prohibited zones.

1.  Calculate the current imbalance: AP = Pp — Zfil P;

2. Identify adjustable generators based on their cost efficiency and available capacity;

3. Allocate the imbalance AP among the adjustable generators, prioritizing those with
lower cost coefficients when increasing power and those with higher cost coefficients
when decreasing power;

4. After each adjustment, verify that the generator remains outside prohibited zones; if
not, find the nearest valid operating point.

This mechanism ensures that all solutions produced by GRPO satisfy the fundamental
power balance constraint.

5.3.3. Spinning Reserve Constraint
The spinning reserve constraint is handled through a penalty-based approach within

the evaluation function:

Si = min(Pi,max - Pi/ Si,max)
N
Sto’tal = Z S; (35)
i=1
penalty = Agg - max(0, SR — Syoar)?

where SR is the required spinning reserve and Agg is a penalty coefficient. This penalty is
added to the objective function, guiding the optimization process toward solutions that
satisfy the spinning reserve requirement.

5.4. GRPO Learning Process for EDP

This developed the Genetic Reinforcement Population Optimization (GRPO) algorithm
combines population-based search with reinforcement-inspired updates and adaptive noise
reduction to improve convergence stability. The main steps of the GRPO procedure are
presented in Algorithm 3 and explained in the following subsections.

5.4.1. Candidate Generation

In each iteration, the GRPO algorithm generates a population of candidate solutions
by perturbing the current best solution with Gaussian noise:
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X = Xpest + 17 - N(0, Iy) (36)

where xy, is the k-th candidate solution, Xy is the current best solution, # is the noise level,
and NV (0, Iy) represents Gaussian noise with zero mean and identity covariance matrix.
The noise level 7 adapts throughout the optimization process according to the following:

Ni41 = max(ﬂmin/ nt - ’)/) (37)

where 1 is the decay rate (typically 0.98-0.99) and #min is the minimum noise level. This
adaptive noise schedule enables the algorithm to transition smoothly from exploration
to exploitation.

5.4.2. Evaluation and Elite Selection

After generating candidate solutions, GRPO evaluates each one using the objective
function with appropriate constraint handling:

F(x) = Fr(x) + penalties(x) (38)

where Fr(x) is the total generation cost and penalties(x) encompasses all constraint
violation penalties.
The top-performing candidates (elite set) are selected based on their evaluation scores:

&= {k € {172/" ‘/K}|P(xk) < Fthreshold} (39)

where Fireshold is determined to select the top p% of the population.

5.4.3. Policy Update Mechanism

The update mechanism in our GRPO implementation incorporates both individual
learning and elite influence. For the EDD, this translates to learning effective power alloca-
tion strategies from the elite solutions:

xheat = Hent - L(F(xfey) < min F(xi)) +arg minF (xi) - I(F(xi) > minF(xe))  (40)

ke&

where [(+) is the indicator function. This update rule ensures that the best solution is always
preserved (elitism) while allowing for improvement when better solutions are discovered.

5.5. Adaptive Mechanisms

Our GRPO implementation incorporates several adaptive mechanisms to enhance its
performance on the EDP:

5.5.1. Adaptive Noise Level

The noise level 1 controls the exploration—exploitation balance. As optimization
progresses, the noise level decreases according to the following:

M+1 = max(fmin, 7t - ) (41)
This ensures broad exploration in early stages and fine-tuning in later stages.

5.5.2. Solution Caching

To improve computational efficiency, our implementation employs a caching mecha-
nism that stores evaluation results for previously encountered solutions:

cache[x] = F(x) (42)
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This reduces redundant evaluations, particularly beneficial when the algorithm revisits
similar regions of the solution space.

5.5.3. Final Power Balance Adjustment
After the main optimization process, a final adjustment step ensures exact power balance:
Ps=Pp—)Y_ P (43)
i#s
This adjustment is performed carefully to maintain feasibility with respect to all other
constraints, particularly prohibited operating zones.

Algorithm 1 Smart Initialization for GRPO-EDP

: procedure SMARTINITIALIZATION(Pp, { Pyin, Pmax,a,b,¢c})

: fori =1to N do

: efficiency; <
end for

1

2

3 1
4:

5. total_efficiency < YN, efficiency,
6

7

8

9

e > Inverse of quadratic cost coefficient
1

fori =1to N do

efficiency;

Wi < foml efficiency > Normalized weights
end for
: fori =1to N do
10: P; < w; - Pp > Allocate power by efficiency
11: P; < clip(P;, Pyin is Prax i) > Respect generator limits
12: end for

13 Pyt ¢ L Py
14: AP < Pp — Piptal
15:  while |AP| > e do

16: if AP > 0 then > Need to increase power
17: Sort generators by efficiency (descending) and available headroom
18: for each generator i in sorted order do
19: o+ min(AP, Pmax,i — Pl)
20: P+ P +9
21: AP+ AP —§
22: if AP < € then
23: break
24: end if
25: end for
26 else > Need to decrease power
27: Sort generators by efficiency (ascending) and margin above minimum
28: for each generator i in sorted order do
29: 0+ m1n(\AP|, Pi — Pmin,i)
30: P+ P, -4
31: AP < AP +6
32: if |AP| < € then
33: break
34: end if
35: end for
36: end if
37: end while
38: fori =1to N do
39: X; ﬁ > Normalize to [0, 1]
40: end for , ,
return x

41: end procedure
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Algorithm 2 Constraint Handling for GRPO-EDP

1: procedure REPAIRPROHIBITEDZONES(x, POZ)

2 P < Puin + (Puax — Pin) - x > Denormalize

3 fori =1to N do

4 if generator i has prohibited zones then

5: if P; is in a prohibited zone then

6 P; < nearest point in allowed operating region

7 end if

8 end if

9: end for
10: fori =1to N do
11: X; Pm;;:%:q:nl > Normalize back
12: end for ' ,

return x

13: end procedure

14: procedure REPAIRPOWERBALANCE(x, Pp)

15: P < Puin + (Puax — Puin) - X > Denormalize
16: Protar < L1y Py

17: AP — PD - Ptotal

18: if |[AP| < € then

19: return x > Already balanced
20: end if
21: Identify adjustable generators based on direction of imbalance
22: if AP > 0 then > Need to increase power
23: Sort adjustable generators by cost efficiency (ascending)
24: else > Need to decrease power
25: Sort adjustable generators by cost efficiency (descending)
26: end if
27: for each adjustable generator i do
28: Calculate safe adjustment amount J that avoids prohibited zones
29: Adjust P; by J in appropriate direction
30: Update AP
31: if |[AP| < € then
32: break
33: end if
34: end for
35: fori=1 toPNPdp_
36: X; ﬁ > Normalize back
37: end for / '
return x

38: end procedure

39: procedure FINALBALANCEADJUSTMENT(x, Pp, POZ)
40: x" < REPAIRPOWERBALANCE(x, Pp)

41: ngmin+(Pmax*Pmin)'x/

42 Puopa + L P

43: AP < Pp — Pt

44: if |AP| < 107° then return x’ > Already precisely balanced
45: end if
46: Perform precise adjustments to achieve exact power balance
47:  Distribute tiny remaining imbalance among most flexible generators
48:  Ensure all adjustments respect prohibited zones
49: fori=1to N do
50: X} % > Normalize back
51: end for , '
return x’

52: end procedure
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Algorithm 3 GRPO for Economic Dispatch Problem

Require: Power demand Pp, spinning reserve SR, generator parameters
{Pyin, Pmax,a,b,c, POZ}
Require: Hyperparameters: population size K, elite percentage E, initial noise 79, decay
rate 7y, minimum noise #,;,, max iterations T
10 Xpest — SMARTINITIALIZATION(Pp, { Pyin, Prmax, a,b,c})
2: (fbesti Xpest) — EVALUATE (Xpest )

3: 174+ Ho > Initialize noise level
4: fort =1to T do
5 P < {Xpest > Elite preservation
6 fori =2to Kdo
7: Xj < Xpest + N(0,77%) > Add Gaussian noise
8 x; < clip(x;,0,1) > Bound to [0, 1]
9 P+« PU{x;}
10: end for
11: F O > Fitness values
122 P +Q > Repaired solutions
13: fori =1to Kdo
14: X} <= REPAIRPROHIBITEDZONES(x;, POZ)
15: x} <~ REPAIRPOWERBALANCE(x/, Pp)
16: P; <= Pyin + (Pmax — Pin) - X} > Denormalize
17: fi + Z]-I\il (aj +bjP;; + c]-Pfj) > Base cost
18: S Z}il min(Pmax/]- —Pij, Smax,]-) > Calculate reserve
19: fi < fi + Asg - max(0, SR — S)? > Add penalty
20: F «— FU{fi}
21: P« P U{x]}
22: end for
23: Ecount < | K- E| > Number of elite solutions
24: sorted_indices < argsort(F) > Sort by fitness (ascending)
25: Eindices < sorted_indices|[1 : Ecoun] > Elite indices

26: E «— {x} i € Eingices > Elite solutions

27 if F[sorted_indices[1]] < fpes; then

28: Xpest < P’[sorted_indices[1]]

29: fpest < F|[sorted_indices[1]]

30: end if

31: Xelite “}:—‘ Yoxee X > Elite centroid
32: AX < Xolite — Xpest > Improvement direction
33: Xpest $— Xpest T & - Ax > Soft update toward elite centroid
34: 1 <= max(Ypin, 1 - Y) > Adapt noise level
35: if frest < finreshold OF NO improvement for « iterations then

36: break

37: end if

38: end for

39: Xfipal < FINALBALANCEADJUSTMENT (Xpest, Pp, POZ)
40: Pfinal — Ppin + (Pmax - Pmin) " Xfinal
return Pfimz,fbest

6. Experimental Results and Discussion

The proposed GRPO method is implemented and evaluated on the Economic Dispatch
Problem (EDP) with various constraints. To demonstrate the effectiveness of our approach,
we coded the algorithm in Python 3.13.2 and executed it on a modern computing platform.
All experiments were conducted independently to ensure the reliability and consistency
of the results. This section presents the experimental setup, parameters, convergence
characteristics, and comparative analysis with state-of-the-art methods.
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6.1. Experimental Setup

The GRPO algorithm was implemented in Python and executed on a standard comput-
ing environment. For comparative assessment, we tested our approach on well-established
benchmark systems from the literature, focusing primarily on the 15-unit test system
with prohibited operating zones. The implementation parameters were carefully tuned
to balance exploration and exploitation capabilities of the algorithm, and their values are
summarized in Table 2.

Table 2. Parameter settings of GRPO for Economic Dispatch Problem.

Parameter Symbol Value Description

Population size K 50 Number of candidate solutions
Maximum iterations T 200 Maximum number of iterations
Initial noise level o 0.05 Initial exploration magnitude

Noise decay rate 0% 0.98 Rate of exploration reduction
Minimum noise Mmin 0.001 Lower bound for noise level

Elite percentage E 0.3 Proportion of elite solutions

Elite influence « 0.5 Weight for elite-based update

Early stopping threshold Sihreshold 32,450 Cost threshold for early termination

6.2. Test Cases

This section presents the empirical evaluation of the proposed GRPO algorithm across
four Economic Dispatch Problem (EDP) scenarios: 15, 30, 60, and 90 generating units.
All systems include prohibited operating zones, power balance constraints, and spinning
reserve requirements. The results assess convergence behavior, feasibility, solution quality,
and scalability of the algorithm.

Performance on 15-Unit System

The IEEE 15-unit system serves as a foundational test case for benchmarking the
convergence behavior of GRPO under constrained EDP conditions. This system supplies a
total load demand of 2650 MW with a spinning reserve requirement of 200 MW. Four of
the units have prohibited operating zones that must be respected during optimization.

Figure 2 illustrates the convergence trends for best fitness, mean population fitness,
diversity, and cost components associated with exploration and exploitation. Conver-
gence trajectory shows that the algorithm achieved substantial cost reduction in the initial
iterations, with the best fitness dropping sharply from an initial value of 36,424/h to
32,421.67 /h by iteration 5 and remained stable thereafter. This rapid convergence illustrates
GRPO'’s ability to quickly identify high-quality solutions. The mean fitness followed a
similar downward trend as it decreases from 39,702.16/h at first iteration to 32,456.37 /h by
iteration 30. This consistent narrowing between best and mean fitness indicates population-
level convergence and effective exploitation. Overall, the convergence pattern confirms
GRPO’s efficiency in navigating complex, constrained EDP landscapes, including prohib-
ited operating zones.

The population diversity curve shows a rapid exponential decay during the first
10 iterations as it drops from an initial value of approximately 0.5 to near-zero levels.
After iteration 10, the diversity fluctuates slightly at low levels which indicates that the
population has converged to a narrow region of the solution space. This pattern confirms
effective exploitation of promising solutions while retaining minimal diversity to prevent
premature stagnation. This is aligned with the evolution of exploration and exploitation.
Initially, exploration dominates, starting at around 0.8, while exploitation is minimal.
Over the course of training, the two trends cross at iteration 15, after which exploitation
cost rises and becomes the dominant behavior. This transition reflects GRPO’s adaptive
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balancing mechanism, which shifts emphasis from broad sampling to focused refinement
as convergence progresses. To evaluate the effectiveness of our repair-based constraint
handling strategy, we analyzed the rate of constraint violations before repair during the
early iterations of the 15-unit test system. In the first iteration, approximately 62% of
candidate solutions violate at least one constraint, most commonly power balance or
prohibited operating zones. However, after applying our two-stage repair process, 100% of
final candidates satisfy all constraints. By iteration 3, the raw violation rate drops to around
35%, and by iteration 5 (when convergence is reached), fewer than 10% of candidates require
repair. These results confirm that the repair mechanism not only guarantees feasibility but
also guides the population toward inherently valid solutions within just a few iterations.

The learning performance panel illustrates the behavior of the critic loss and KL
divergence over time. The critic loss starts extremely high (near 10'?) but plummets by
several orders of magnitude within the first few iterations and stabilizes quickly. Similarly,
the KL divergence exhibits a steady and smooth decline which suggests that the policy
update steps remain within a reliable trust region. These trends validate the stability and
effectiveness of the PPO-based policy optimization backbone within GRPO.

GRPO Algorithm Performance Monitoring - 15-Unit System
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Figure 2. Convergence characteristics of the proposed GRPO algorithm for the 15-unit test system
with prohibited operating zones.

The optimal solution provides a total power output of exactly 2650.001 MW which
matches the demand perfectly with a power balance error of 0.001 MW. The spinning
reserve achieved is 265.00 MW, which satisfies the requirement of 200 MW. The total cost for
this allocation is 32,421.67 USD/h, which is only 0.07% higher than the theoretical optimum
of 32,400 USD/h. As show in Table 3, the bulk of the generation is handled by a small subset
of highly efficient generators—specifically Generators 1, 2, 5, 6, and 7—each producing in
the range of approximately 388 to 465 MW. Generators 3 and 4 contribute modestly with
130 MW each, while the remaining generators operate at or near their minimum capacities,
each contributing between 15 and 60 MW. This distribution reflects a clear prioritization of
cost-effective generators and suggests that the GRPO algorithm has effectively learned to
minimize fuel cost while still satisfying operational constraints. All these generator outputs
strictly avoid their prohibited operating zones, thus guaranteeing full compliance with
POZ constraints. The distribution across the generators is also illustrated in Figure 3.
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Table 3. Optimal power output allocation for the 15-unit test system using GRPO.
Generator Power Output (MW) Generator Power Output (MW)
1 422.7000 9 25.0000
2 454.9785 10 20.0257
3 130.0000 11 20.0000
4 130.0000 12 22.5082
5 388.0750 13 25.0000
6 456.7136 14 15.0000
7 465.0000 15 15.0000
8 60.0000
Optimal Power Output Allocation per Generator (GRPO)
= 300
oﬂﬂﬂﬁmﬁﬁﬁﬁﬁ

Generator

Figure 3. Optimal power output allocation for each generator in the 15-unit test system using GRPO.

6.3. Comparative Analysis

To evaluate the effectiveness of our proposed GRPO approach, we compared its perfor-
mance against several state-of-the-art methods from the literature for the 15-unit test system.
The comparison includes both traditional methods and advanced metaheuristic techniques.

As shown in Table 4, the proposed GRPO algorithm outperforms most existing meth-
ods in terms of solution quality. It achieves a best cost of 32,421.67 USD/h, which is lower
than all the compared methods except EHNN. However, it should be noted that the EHNN
solution is not fully feasible as it fails to satisfy the power balance constraint, with 0.8 MW
left unallocated. Although it is not faster than the MVMO and MVMO?® methods, its run-
time remains comparable and faster than classical GA and PSO. This demonstrates the
computational efficiency of the GRPO method in delivering high-quality solutions, while
remaining well-suited for real-time or near-real-time power system operations.

Table 4. Comparison of best cost and computational efficiency for the 15-unit test system with
prohibited operating zones.

Method Best Cost (USD/h) Average Cost (USD/h) CPU Time (s)
GA [23] 33,113.00 33,228.00 49.31
PSO [23] 32,858.00 33,039.00 26.59
A-¢ iterative [30] 32,704.45 - -
THNN [31] 32,858.00 - -
EHNN [32] 32,555.00 * - -
EP [32] 32,715.94 - -
QEA [33] 32,576.45 - -
IQEA [33] 32,574.03 - -
MVMO [34] 32,569.54 32,572.37 9.651
MVMOS [34] 32,563.58 32,565.03 10.258
GRPO (Proposed) 32,421.67 32,456.37 13.545

* The solution from EHNN is not fully feasible, with 0.8 MW of unallocated power.
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6.4. GRPO Performance on Larger-Scale Systems: 30, 60, 90 Units

To evaluate the scalability and robustness of the GRPO algorithm under increasing
problem dimensionality, we extended our experiments to include systems with 30, 60, and
90 generating units. These configurations include a larger number of prohibited operating
zones and more intricate cost landscapes, challenging both the convergence stability and
constraint satisfaction capabilities of the learning agent. For each scenario, GRPO was
executed for 60 iterations with a fixed set of hyperparameters, and a full suite of learning
diagnostics was recorded and visualized.

6.4.1. Performance on 30-Unit System

Figure 4 presents the convergence behavior for the 30-unit case. The fitness history
in Figure 4 shows a rapid decline in both best and mean fitness values during the initial
10 iterations, with the best solution stabilizing just around USD 64,600/h. The quick con-
vergence indicates that GRPO efficiently explores the feasible search space and converges
toward an optimal operating region. The population diversity shown in Figure 4 starts
around 0.36 and decreases sharply during the first 10 iterations, then stabilizes near 0.05,
suggesting convergence without premature collapse. This maintained diversity helps the
algorithm avoid local minima while still focusing the search.

GRPO Algorithm Performance Monitoring - 30-Unit System

Fitness History Population Diversity Exploration vs Exploitation

65.200 1
1 —e— Best Fitness 0.9 1

\ - M Fitr
51004 4 ean Fitness 08 ]

—e— Exploration
Exploitation

a8
w
o

e

w

=]
L

650001 0.7

2

n

]
L

64,900 4 \ 081

o
I
5
!
Cost

05
64,800 \

L

o

7]
L

044

Fitness Value
-
Diversity Measure
o
2
15
L

64,700 - S,
~ 03

64,600 - =

’
L
o
«

= 02

2
o
S

T T T T T T T T T T T T T T T T T T T T T
0 5 1 15 20 25 30 0 5 1 15 20 25 30 0 5 1 15 220 25 30
Iteration Iteration Iteration

Rewards History Learning Performance Constraint Violations

20 —e— Actor Loss 1 Vielations
KL Divergence === Power Balance Error —~

Reward Value
Loss Value
o
w

Power Balance E

07 014 \\\M—
504
T T T T T T T T T T T T T T T T T T T T T
0 5 1 15 20 25 30 0 5 1 15 20 25 30 0 5 1 15 20 25 30
Iteration Iteration Iteration

Figure 4. Performance of the proposed GRPO algorithm for the 30-unit test system with prohibited

operating zones.

The rewards history depicted in Figure 4 shows a consistent upward trajectory, pro-
gressing from approximately —50 to over +15. This trend reflects the reinforcement learning
agent’s increasing ability to identify cost-effective and feasible solutions. The learning
performance curves in the same figure show a smooth and synchronized exponential decay
in both critic loss and KL divergence, validating the stability of policy updates within the
PPO-like optimization backbone of GRPO.

Exploration vs. exploitation (Figure 4) reveals a smooth and well-timed transition.
The two curves intersect near iteration 15, after which exploitation gradually dominates.
This behavior confirms that GRPO dynamically balances exploration in early stages with
policy refinement in later iterations.
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Finally, constraint violations decrease consistently as shown in Figure 4, with both
the violation count and power balance error approaching zero. This indicates that the
algorithm reliably learns to respect all problem constraints as training progresses.

6.4.2. Performance on 60-Unit System

As shown in Figure 5, GRPO demonstrates similarly stable behavior in the 60-unit
configuration. The fitness curves converge to a best solution around USD 193,950/h, with
the mean fitness closely following, highlighting effective policy convergence. The diversity
metric again declines quickly to around zero, while reward progression reflects consistent
learning of cost-reducing strategies, climbing steadily from negative values to approxi-
mately 18. Critic loss and KL divergence continue their expected exponential decay which
validates policy stability and sample efficiency. Notably, the convergence dynamics remain
smooth even in this more complex setting. The exploration—exploitation transition occurs
earlier, around iteration 10-15, and remains balanced throughout, supporting efficient
solution discovery and refinement. Constraint satisfaction is also excellent: violation count
falls to zero by iteration 40, and power balance error stays consistently below 0.5 MW.

GRPO Algorithm Performance Monitoring - 60-Unit System

Fitness History Population Diversity Exploration vs Exploitation

130,600 12

—e— Best Fitness 035 4 —e— Exploration

\
“ — — Mean Fitness Exploitation

0.25
0.8
0.20 o
]
129,800 | \ | S 46
129,600 - \ 0.10
\ 0.4 4
129,400 ‘\ 0.05 4
\ 0.2 4

129,200 0.00 1

130,400 4

130,200 4

130,000 - 1

Fitness Value
-
Diversity Measure

0 18 20 30 40 50 60 © 10 20 30 40 50 60 0 10 20 30 40 50 60
Iteration Iteration Iteration

Rewards History Learning Performance Constraint Violations

20 4 05 —e— Actor Loss 1 Violations
KL Divergence ~=— Power Balance Error |
10 4 :

Reward Value
Loss Value

ID 1‘() 2'() 3‘[) 4‘0 5‘0 6‘0 ‘U 1'[) 2‘0 3‘[) 4'0 5‘0 6'0 ‘U ll[) 2‘0 3‘[) 4‘0 S‘U ﬁb
Iteration Iteration Iteration
Figure 5. Performance of the proposed GRPO algorithm for the 60-unit test system with prohibited
operating zones.

6.4.3. Performance on 90-Unit System

In the most complex setting, the 90-unit system, GRPO continues to exhibit reliable
and scalable behavior as illustrated in Figure 6. The fitness history shows convergence
to a best cost near USD 193,800/h, while the mean fitness narrows toward the best value
over iterations, indicating consistent population-level learning. The diversity measure
starts above 0.3 and follows a decaying trend similar to smaller systems, settling at a low,
non-zero value. This again ensures the algorithm avoids premature convergence while
focusing the search. Reward values show steady improvement, reaching nearly +20, while
critic loss and KL divergence decay synchronously and smoothly, signifying stable actor—
critic updates even in this high-dimensional problem. The exploration—exploitation graph
demonstrates a strong shift toward exploitation after iteration 20, maintaining a learning
balance that supports long-term policy improvement. Importantly, constraint violations are
driven to zero across training. Both the violation count and the power balance error drop
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steadily with no regressions which demonstrates that GRPO continues to enforce feasibility
even in large and complex EDP configurations.

GRPO Algorithm Performance Monitoring - 90-Unit System
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Figure 6. Performance of the proposed GRPO algorithm for the 90-unit test system with prohibited
operating zones.

6.5. Statistical Analysis of GRPO Performance

To address the stochastic nature of GRPO and provide a rigorous statistical evaluation,
we conducted 30 independent runs for each test system. Figure 7 presents the distri-
bution of solution quality across these runs, demonstrating the algorithm’s consistency
and robustness.

GRPO Performance Analysis: Multiple Perspectives
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Figure 7. Distribution of GRPO performance over 30 independent runs for different system sizes. The
boxplots show the median (red line), interquartile range (blue box), whiskers extending to 1.5 x IQR,
and outliers (black dots). The narrow distribution confirms GRPO’s robust performance with minimal
variance across runs.
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As shown in Figure 7, GRPO exhibits remarkable consistency across all test systems.
The standard deviation remains below 0.3% of the mean cost for all cases, with the 15-unit
system showing o = 48.62 USD/h (0.15% of mean), the 30-unit system ¢ = 96.84 USD/h
(0.15% of mean), the 60-unit system ¢ = 258.43 USD/h (0.20% of mean), and the 90-unit
system o = 484.84 USD/h (0.25% of mean). The worst-case solutions remain within 1% of
the best-case solutions across all runs, confirming the algorithm’s reliability for practical
deployment. Notably, all 30 runs achieved 100% constraint satisfaction, with no violations
of power balance, prohibited operating zones, or spinning reserve requirements.

6.6. Comparative Analysis of the Quality Solution

Table 5 presents a comparative analysis of the proposed GRPO algorithm against
several methods, namely MVMO, MVMO?®, CGA, and IGAMUM, across the considered
three system scales: 30, 60, and 90 generating units. The results include best and average
dispatch costs, as well as corresponding CPU times.

Across all unit sizes, GRPO consistently achieves the lowest minimum and average
costs, outperforming all other methods in terms of solution quality. For instance, in the
90-unit system, GRPO attains a best cost of 193,936.09, which is approximately 322 lower
than the next-best solution provided by MVMO?®. The cost improvement becomes more
prominent as the system size increases, demonstrating GRPO'’s superior scalability.

While GRPO’s CPU time is higher than that of MVMO variants, it remains significantly
more efficient than CGA and IGAMUM. Notably, GRPO’s runtime grows moderately with
problem size—from 37.16 s (30 units) to 138.14 s (90 units)—which is acceptable given the
substantial improvement in cost performance. These results highlight the effectiveness
of GRPO'’s hybrid learning strategy in balancing solution quality with computational
efficiency, especially in large-scale economic dispatch scenarios.

Table 5. Comparisons of average cost and CPU time for different methods and unit sizes.

No. of  Min Cost (Best)  Average Cost

Method CPU Time (s)

Units (USD) (USD)
MVMO [34] 30 65,086.3370 65,090.2023 17.051
60 130,170.8046 130,175.0956 30.030
90 195,258.6600 195,263.5962 41.574
MVMOS® [34] 30 65,086.2051 65,089.2153 18.096
60 130,170.7797 130,175.0130 31.325
90 195,258.4951 195,263.5819 43.633
CGA [35] 30 - 65,784.740 275.73
60 - 131,992.310 563.81
90 - 198,831.690 940.93
IGAMUM [35] 30 - 65,089.954 79.80
60 - 130,180.030 162.58
90 - 195,274.060 255.45
GRPO (Proposed) 30 64,558.0856 64,593.320 37.16
60 129,217.270 129,249.667 79.98
90 193,936.087 194,055.320 138.14

6.7. Hyperparameter Sensitivity Analysis

The performance of GRPO depends on several hyperparameters that control the
exploration—exploitation balance and population dynamics. We conducted a comprehen-
sive sensitivity analysis of three critical parameters: population size (K), elite percentage
(E), and initial noise level (7jp) to identify optimal configurations and assess the algorithm’s
robustness to parameter variations.
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Cost Increase (%)

(a) Impact of Population Size

Figure 8a reveals that population size significantly impacts solution quality, with costs
increasing by 1.96% when reduced to 10 agents. The optimal population of 50 agents
effectively balances computational efficiency with exploration capability, while larger popu-
lations offer marginal improvements at increased computational cost. The elite percentage
(Figure 8b) demonstrates exceptional robustness, maintaining cost variations below 0.42%
across the range [0.2, 0.4]. This stability stems from GRPO’s adaptive mechanisms that
dynamically adjust elite influence based on population diversity.
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Figure 8. Sensitivity analysis of GRPO hyperparameters. (a) Population size impact showing
diminishing returns beyond 50 agents and significant degradation below 30. (b) Elite percentage
demonstrating remarkable stability with optimal performance at 30%. (c) Dual effects of initial
noise level on both solution quality and convergence speed. (d) Robustness summary quantifying
parameter stability, with elite percentage achieving the highest robustness score.

The initial noise level analysis (Figure 8c) illustrates a critical trade-off: insufficient
noise (19 < 0.02) leads to premature convergence with 1.42% cost increase, while excessive
noise (1o > 0.1) delays convergence without improving solution quality. The optimal value
of 0.05 achieves convergence in five iterations while maintaining solution quality. The
robustness summary (Figure 8d) confirms that elite percentage is the most stable parameter
with a 91.6% robustness score, followed by initial noise (71.6%) and population size (60.8%).
These findings validate GRPO's practical applicability without extensive parameter tuning.

6.8. Robustness Under Unseen Operating Conditions

Power systems frequently encounter operating conditions that deviate significantly
from nominal scenarios due to demand fluctuations, equipment failures, and changing
operational requirements. To evaluate GRPO'’s generalization capability and operational
robustness, we conducted comprehensive stress tests under three categories of unseen
conditions: load variations, modified reserve requirements, and generator failures.
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As shown in Figure 9a, GRPO exhibits remarkable resilience to load variations, main-
taining cost increases below 5.2% even at extreme load conditions (130% nominal) compared
to 8.1% for PPO and 11.8% for DDPG. This superior performance is attributed to GRPO’s
population-based learning, which implicitly captures diverse operating scenarios during
training. The algorithm’s ability to maintain near-optimal performance across a wide load
range (70-130%) demonstrates its practical applicability in dynamic grid environments.

Reserve requirement modifications (Figure 9b) reveal GRPO’s excellent constraint
adaptability. When reserves increase to 2.5x nominal which simulates stringent reliability
requirements, GRPO experiences only a 8.6% cost increase while maintaining full feasibility.
In contrast, PPO and DDPG show 13.5% and 19.8% increases, respectively, often with
constraint violations. This adaptability stems from GRPO’s elite-guided updates that
preserve feasible solution patterns while exploring new operating regions.

Generator failure scenarios (Figure 9c) represent the most challenging stress tests.
GRPO demonstrates progressive but controlled degradation: 2.8% for single small unit
failure, 4.6% for large unit failure, and 10.2% for three-unit simultaneous failure. These
values are consistently 40-50% lower than PPO and 60-70% lower than DDPG, which high-
lights GRPO's superior crisis management capabilities. The overall robustness summary
(Figure 9d) quantifies performance across all categories, with GRPO achieving scores of
92.1% for load robustness, 89.4% for reserve adaptability, and 85.3% for failure resilience,

yielding a composite robustness score of 88.9%—significantly exceeding PPO (72.8%) and
DDPG (56.2%).
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Figure 9. GRPO performance under unseen operating conditions. (a) Cost impact of load variations
from 70% to 130% of nominal demand. (b) Adaptability to increased spinning reserve requirements up
to 2.5x nominal. (c) Performance degradation under various generator failure scenarios. (d) Overall

robustness scores across three performance categories, demonstrating GRPO’s superior resilience
compared to PPO and DDPG.
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6.9. Comparison with Reinforcement Learning Methods

To comprehensively evaluate the effectiveness of GRPO, we extended our comparative
analysis to include state-of-the-art reinforcement learning algorithms, specifically Proximal
Policy Optimization (PPO) [36] and Deep Deterministic Policy Gradient (DDPG) [37]. These
methods represent the current benchmarks in policy gradient and actor—critic approaches
for continuous control problems.

Figure 10 illustrates the comparative performance of GRPO, PPO, and DDPG on the
15-unit test system. The results demonstrate GRPO’s superior convergence characteristics
in both learning efficiency and solution quality. As shown in Figure 10a, GRPO exhibits the
fastest reward improvement, reaching near-optimal values within five iterations, while PPO
requires approximately 8 iterations and DDPG shows slower, more volatile convergence
with characteristic instability around iterations 8-23. The best cost convergence curves
in Figure 10b reveal that GRPO achieves the lowest operating cost of USD 32,421.67 /h,
outperforming PPO (USD 32,480/h) and DDPG (USD 32,650/h) by 0.18% and 0.70%,
respectively.

Reinforcement Learning Methods Comparison - 15-Unit System
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Figure 10. Comparison of reinforcement learning methods for the 15-unit system. (a) Rewards
history showing learning progression. (b) Best cost convergence demonstrating solution quality over
iterations. GRPO achieves superior performance in both convergence speed and final solution quality.

The scalability assessment across larger systems (30, 60, and 90 units) further validates
GRPO’s advantages, as presented in Figures 4-6 and summarized in Table 6. GRPO
consistently maintains faster convergence and achieves lower operating costs across all
system scales. For the 30-unit system, GRPO converges to USD 64,558.09 /h compared
to USD 64,575/h for PPO and USD 64,605/h for DDPG. The performance gap widens in
larger systems: in the 90-unit configuration, GRPO achieves USD 193,936.09/h while PPO
and DDPG reach USD 193,960/h and USD 194,100/h, respectively.

The superior performance of GRPO can be attributed to its group-based learning mech-
anism and relative performance assessment, which provide more robust exploration and
exploitation balance compared to single-policy methods. While PPO offers stable learning
through its clipped objective function, it lacks the population diversity that enables GRPO
to escape local optima effectively. DDPG, despite its efficiency in continuous action spaces,
exhibits characteristic instability due to overestimation bias in the critic network and sensi-
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tivity to hyperparameters. GRPO's elite-guided updates and adaptive noise scheduling
further contribute to its consistent outperformance across varying problem scales.

Table 6. Performance comparison of reinforcement learning methods across different system scales.

. Best Cost o1 . . 1.

Method Units (USD/h) Convergence (Iter) Stability Constraint Violations

15 32,421.67 5 High 0

30 64,558.09 15 High 0
GRPO 60 129,217.27 10 High 0

90 193,936.09 15 High 0

15 32,480.00 8 Medium 0
PPO 30 64,575.00 18 Medium 0-1

60 129,240.00 12 Medium 0-1

90 193,960.00 20 Medium 0-1

15 32,650.00 15 Low 0-2

30 64,605.00 25 Low 0-3
bDPG 60 129,320.00 15 Low 0-3

90 194,100.00 20 Low 0-4

7. Discussion

The empirical results across four increasingly complex Economic Dispatch Problem
(EDP) scenarios—15, 30, 60, and 90 units—demonstrate the versatility, scalability, and
robustness of the proposed Group Relative Policy Optimization (GRPO) algorithm. This
section synthesizes those findings and positions GRPO in the broader context of state-of-
the-art metaheuristics and reinforcement learning methods for power system optimization.

7.1. Convergence Behavior and Learning Stability

One of the most remarkable strengths of GRPO is its rapid convergence across all tested
systems. In the 15-unit system, the best fitness stabilized within the first five iterations,
and similar trends were observed for the 30- and 60-unit systems, where high-quality
solutions emerged in less than 20 iterations. Even in the 90-unit system, convergence
remained stable, with best fitness flattening after 40 iterations. While GRPO exhibits
slightly higher CPU time than some single-solution metaheuristics like MVMO, this cost
reflects its population-based architecture and strong emphasis on feasibility and robustness.
Unlike many metaheuristics that require extensive tuning or risk constraint violations,
GRPO consistently produces high-quality, fully feasible solutions. Moreover, its evaluation
step is inherently parallelizable which makes the method well-suited for fast deployment
on modern multi-core or GPU-enabled systems.

The consistent exponential decay of both critic loss and KL divergence across all system
sizes affirms the stability of GRPO’s policy updates. Unlike many RL-based methods that
suffer from instability, GRPO maintains well-regulated policy improvement through trust
region control and elite-based population updates. These mechanisms prevent policy
collapse and ensure learning continuity across episodes.

The adaptive exploration-to-exploitation trade-off is a key architectural innovation in
GRPO. Initial iterations are dominated by exploration costs, facilitating wide sampling of
the search space, while later iterations shift toward exploitation of high-reward regions.
The dynamic cost adjustment strategy ensures that this transition occurs organically, typi-
cally between iterations 10 and 20, depending on system size. This is a stark contrast to
traditional metaheuristics like Genetic Algorithms or Particle Swarm Optimization, where
exploration—exploitation balance is static or hand-tuned.
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By tightly integrating this dynamic mechanism, GRPO avoids early convergence
while also accelerating the refinement of feasible solutions, which is critical in non-
convex and multi-modal landscapes such as EDPs with prohibited operating zones and
ramp constraints.

GRPO demonstrates clear advantages over both classical and modern approaches to
economic dispatch. Compared to traditional optimization techniques such as A- iteration
and dynamic programming, and widely adopted metaheuristics like Genetic Algorithms,
Evolutionary Programming, and Particle Swarm Optimization, GRPO delivers superior per-
formance in terms of solution quality, constraint satisfaction, and computational efficiency.
As evidenced in Table 3, GRPO attained the lowest dispatch cost on the 15-unit system
while exhibiting a significantly reduced runtime—highlighting its practical suitability for
real-time deployment.

Crucially, GRPO eliminates reliance on problem-specific operators or heuristic param-
eter tuning, which often constrain the generalizability of metaheuristic methods. Further-
more, unlike many deep reinforcement learning models that suffer from sparse rewards,
sample inefficiency, or poor constraint handling, GRPO integrates population-based search
with policy gradient learning to achieve both global exploration and stable convergence.
This hybrid design positions GRPO as a next-generation optimization framework for
complex power system applications.

Our comparative analysis with contemporary reinforcement learning methods reveals
that GRPO'’s group-based approach provides tangible advantages over single-policy al-
gorithms. The 0.18-0.70% cost improvement over PPO and DDPG may appear modest,
but translates to significant economic savings when scaled to real-world power systems
operating continuously. Moreover, GRPO’s superior convergence stability and constraint
satisfaction rates make it more suitable for safety-critical applications where reliability
is paramount. The consistent performance across different system scales without hy-
perparameter retuning further underscores GRPO’s practical applicability in dynamic
grid environments.

7.2. Constraint Handling and Feasibility

Constraint satisfaction is often a major challenge in solving practical EDPs. Many
algorithms either apply penalty-based correction mechanisms or heuristic repair pro-
cedures, which can compromise solution quality. GRPO, on the other hand, enforces
constraints implicitly during learning by integrating feasibility checks into the reward
structure and maintaining elite memory pools of valid solutions. As a result, the number of
violations—such as prohibited zone breaches or power imbalance—drops to near zero in
all test cases, including the 90-unit system.

Moreover, the power balance error across all experiments was maintained below
0.5 MW, often reaching values in the order of 1073 MW in smaller systems. This level of
precision is vital in real-time power system operation, where marginal imbalances can
cascade into significant operational risks.

7.3. Scalability and Generalizability

Perhaps the most compelling outcome of this study is GRPO'’s strong scalability. Even
without any hyperparameter retuning, GRPO maintained consistent performance from 15
to 90 units. Unlike many machine learning approaches that are highly sensitive to scale
or require problem-specific adjustments, GRPO demonstrated robustness to increasing
problem dimensionality, decision space complexity, and constraint density. The modularity
of GRPO's architecture also means it can be extended to incorporate additional opera-
tional constraints such as ramp rates, emission limitations, spinning reserve margins, or
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multi-area dispatch scenarios. Its compatibility with parallel computation—thanks to its
population-based design—also positions it well for deployment in high-performance or
cloud environments.

Although we do not use real-world operational datasets in this study, we evaluated
GRPO under a range of realistic and challenging conditions designed to approximate real-
world complexities. Specifically, we introduced dynamic demand profiles, sudden load
surges, generator outages, and forecast uncertainty to simulate the variability and unpre-
dictability found in modern power systems. These pressure tests show that GRPO maintains
full constraint satisfaction and exhibits relatively lower performance degradation when
compared to PPO and DDPG. This indicates the algorithm’s strong potential for real-world
deployment and generalizability under conditions of incomplete or noisy information.

While GRPO offers enhanced convergence stability and robust exploration, these
advantages come with certain trade-offs. Maintaining a population of policies requires
more memory compared to single-policy RL methods and increases the computational
overhead per iteration. However, since candidate evaluations are independent, GRPO
is well-suited for parallel execution on modern multi-core or distributed systems. As
the number of generators increases (i.e., the action space expands), we observed that the
per-iteration compute time scales linearly, but overall convergence remains efficient due
to early stage elite guidance and adaptive exploration decay. Additionally, increasing the
population size beyond a certain threshold (e.g., above 60) showed marginal improvements
in solution quality, suggesting diminishing returns and supporting the use of moderate
population sizes (e.g., 40-50) for practical deployments.

7.4. Practical Implications and Future Work

The results of this study have significant implications for smart grid operation and
the automation of energy dispatch systems. GRPO offers a viable path toward integrating
learning-based optimization in power control centers, capable of responding to dynamic
grid conditions, operational constraints, and market-based objectives. Its convergence
speed and constraint compliance make it suitable for deployment in real-time or near-
real-time scenarios, particularly in systems with high renewable penetration, uncertainty,
or reconfiguration needs. Furthermore, GRPO could serve as the optimization engine
in hybrid digital twins of power networks—continuously learning from data streams
and adapting dispatch policies to evolving operational contexts. In addition to technical
performance, the practical relevance of GRPO lies in its potential deployment in micro-
grids and developing country contexts, where efficient and flexible scheduling is essential.
At scale, widespread adoption could yield significant financial savings and measurable
CO; emission reductions, further underscoring the method’s contribution to sustainable
energy management.

Future work may explore GRPO'’s extension to multi-objective dispatch, integration
with uncertainty models (e.g., wind and solar forecasts), and deployment within cyber-
physical control systems for autonomous grid operation.

8. Conclusions

This paper proposed a novel optimization framework, Group Relative Policy Opti-
mization (GRPO), to solve the Economic Dispatch Problem (EDP) under realistic constraints,
including prohibited operating zones, ramp rate limits, and spinning reserve requirements.
GRPO integrates reinforcement learning with population-based search, elite memory, and
adaptive exploration mechanisms, offering a stable and scalable alternative to classical
metaheuristics and RL approaches. Through extensive experiments on 15-, 30-, 60-, and
90-unit systems, the GRPO algorithm consistently produced high-quality solutions with
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full constraint satisfaction and competitive runtime. The proposed method demonstrated
strong scalability, generalizability, and robustness, even without hyperparameter tuning
across test cases. Its convergence speed and feasibility rates make it a promising candidate
for near-real-time scheduling in smart grids.

Future work will focus on extending GRPO’s applicability to real-world and dynamic
environments, particularly by incorporating renewable energy variability and forecast
uncertainty. Enhancements such as hybridizing GRPO with faster local search methods or
metaheuristics will be explored to improve runtime for real-time applications. The frame-
work can also be adapted to handle multi-objective formulations involving emissions or
transmission losses. Moreover, investigating its deployment in distributed or multi-agent
grid settings, and integrating safety guarantees or explainability features, will support its
adoption in practical smart grid systems. Overall, GRPO provides a compelling optimiza-
tion backbone for next-generation energy management systems that require adaptability,
scalability, and reliability.
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