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United Nations Sustainable Development Goals

This thesis contributes directly to three of SGDs by supporting the reliable, efficient, and trans-

parent operation of decarbonized power systems. In particular, the proposed methods advance

SGD 7 (Affordable and Clean Energy) by enabling higher integration of renewable energy

sources through improved flexibility procurement, adaptive topology control, and optimized

redispatch decisions.

In addition, the development of hybrid and interpretable artificial intelligence frameworks

for real-time grid operation supports SGD 9 (Industry, Innovation and Infrastructure) by

strengthening the resilience and digitalization of critical energy infrastructure. The emphasis

on explainable and human-centered decision-support tools further aligns with SGD 12 (Re-

sponsible Consumption and Production) by reducing inefficiencies and supporting respon-

sible system operation under uncertainty.





Abstract

The global transition toward decarbonized power systems introduces significant challenges for

grid operation and market management, driven by increasing renewable energy penetration

and widespread electrification. These developments reduce system capacity margins and am-

plify uncertainties in load and renewable generation forecasts, demanding novel approaches

to operational flexibility, decision-making, and explainability.

This thesis addresses these challenges through a series of complementary contributions that in-

tegrate predictive algorithms, hybrid artificial intelligence, and interpretable decision-support

frameworks for modern power systems. The first contribution proposes a predictive algorithm

for the procurement of grid flexibility by the SO, combining SO-controlled flexible assets with

active and reactive power short-term flexibility markets. By reducing the cognitive load on

human operators and implementing a “time-to-decide” method, the framework allows oper-

ators to balance risk, cost, and operational stakes when deciding whether to book flexibility

immediately or wait for updated forecasts. Numerical results on a public medium-voltage grid

(Oberrhein) show that this approach improves a cost-loss performance indicator by up to 22%

compared to immediate flexibility booking strategies.

The second contribution introduces a hybrid AI framework for power grid topology control,

combining GNP, reinforcement learning, and decision trees. A novel variant of GNP is devel-

oped to evolve decision-making rules from operational data, providing transparent and trace-

able reasoning while managing N-1 contingencies in real-time grid operations. The method

outperforms both a baseline expert system and a state-of-the-art deep reinforcement learning

agent on the IEEE 118-bus system, achieving up to a 28% improvement in a key performance

metric from the L2RPN competition.

The third contribution addresses the interpretability gap in AC-OPF redispatch solutions. An

interpretable and adaptive framework is proposed that combines post-optimal physical analy-

sis with a multi-agent large language model architecture to generate concise, operator-oriented

explanations of AC-OPF redispatch decisions. The proposed framework uses physically grounded

information, including dual variables, linearized sensitivities, and line outage distribution fac-

tors, to support counterfactual reasoning about constraint drivers, feasible redispatch alter-

natives, and their approximate economic and security implications. A reflective multi-agent

loop composed of an Actor, Critic, Distiller, and Refiner iteratively improves the explanation

process by extracting compact operational rules and integrating them into the Actor prompt

through a sliding-window refinement mechanism. Evaluation on the test system shows that

the evolved framework produces explanations that are physically consistent, numerically de-

fensible, causally coherent, and highly readable, while also generalizing effectively to unseen

operating snapshots. With low computational overhead, the proposed approach enhances sit-



uational awareness by translating AC-OPF outputs into transparent and operationally mean-

ingful redispatch explanations.

Together, these contributions advance the state-of-the-art in flexible, AI-driven, and inter-

pretable power system operation. By integrating predictive flexibility procurement, hybrid

AI-based topology control, and interpretable AC-OPF reasoning, this thesis provides tools that

improve operational efficiency, support human-in-the-loop decision-making, and enhance trust

in automated grid management under uncertainty.
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Resumo

A transição global para sistemas de energia descarbonizados introduz desafios significativos

para a operação da rede e a gestão do mercado, impulsionados pelo aumento da penetração de

fontes renováveis e pela ampla eletrificação da demanda. Esses desenvolvimentos reduzem as

margens de capacidade do sistema e ampliam as incertezas nas previsões de carga e geração

renovável, exigindo novas abordagens para flexibilidade operacional, tomada de decisão e

interpretabilidade.

Esta tese aborda esses desafios por meio de uma série de contribuições complementares que

integram algoritmos preditivos, inteligência artificial híbrida e estruturas de apoio à decisão in-

terpretáveis para sistemas de energia modernos. A primeira contribuição propõe um algoritmo

preditivo para a aquisição de flexibilidade da rede pelo operador do sistema (OS), combinando

ativos flexíveis controlados pelo OS com mercados de flexibilidade de potência ativa e reativa

de curto prazo. Ao reduzir a carga cognitiva dos operadores humanos e implementar o mé-

todo “tempo-para-decidir”, a estrutura permite que os operadores equilibrem risco, custo e

impactos operacionais ao decidir se devem reservar flexibilidade imediatamente ou aguardar

atualizações de previsão. Resultados numéricos em uma rede de média tensão pública (Ober-

rhein) mostram que essa abordagem melhora um indicador de desempenho custo-perda em

até 22% em comparação com estratégias de reserva imediata de flexibilidade.

A segunda contribuição apresenta uma estrutura de IA híbrida para controle da topologia da

rede elétrica, combinando Programação em Rede Genética (GNP), aprendizado por reforço

e árvores de decisão. Uma nova variante de GNP foi desenvolvida para evoluir regras de

tomada de decisão a partir de dados operacionais, proporcionando raciocínio transparente

e rastreável enquanto gerencia contingências N-1 em operações de rede em tempo real. O

método supera tanto um sistema especialista de referência quanto um agente de aprendizado

profundo de última geração no sistema IEEE de 118 barras, alcançando até 28% de melhoria

em um indicador de desempenho chave da competição Learning to Run a Power Network

(L2RPN).

A terceira contribuição aborda a lacuna de interpretabilidade nas soluções de redespacho do

fluxo de potência ótimo em corrente alternada (AC-OPF). Propõe-se um framework interpre-

tável e adaptativo que combina análise física pós-otimização com uma arquitetura de modelo

de linguagem de grande escala multiagente para gerar explicações concisas e orientadas ao

operador sobre decisões de redespacho do AC-OPF. O framework proposto utiliza informações

fisicamente fundamentadas, incluindo variáveis duais, sensibilidades linearizadas e fatores de

distribuição de desligamento de linhas (Line Outage Distribution Factors – LODF), para apoiar

raciocínio contrafactual sobre os fatores que acionam restrições, alternativas viáveis de redes-

pacho e suas implicações econômicas e de segurança aproximadas. Um ciclo reflexivo mul-



tiagente composto por Actor, Critic, Distiller e Refiner melhora iterativamente o processo de

explicação ao extrair regras operacionais compactas e integrá-las ao prompt do Actor por meio

de um mecanismo de refinamento com janela deslizante. A avaliação no sistema de teste mos-

tra que o framework evoluído produz explicações fisicamente consistentes, numericamente

defensáveis, causalmente coerentes e altamente legíveis, além de generalizar de forma eficaz

para estados operacionais não vistos. Com baixo custo computacional, a abordagem proposta

aumenta a consciência situacional ao traduzir as saídas do AC-OPF em explicações de redes-

pacho transparentes e operacionalmente significativas.

Juntas, essas contribuições avançam o estado da arte na operação de sistemas de energia fle-

xível, baseada em IA e interpretável. Ao integrar aquisição preditiva de flexibilidade, controle

de topologia baseado em IA híbrida e raciocínio interpretável para AC-OPF, esta tese fornece

ferramentas que melhoram a eficiência operacional, apoiam a tomada de decisão humano-no-

loop e aumentam a confiança na gestão automatizada da rede sob incerteza.
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ŷ∗t+k|t, j Point forecast of nodal injection for node j at lead-time t + k

z Forecast update rate expressed in number of time intervals

Zbus Bus impedance matrix of the power network

xxxiii





Chapter 1
Introduction

1.1 Motivation

The global energy transition has brought unprecedented levels of RES integration into modern

power systems. Driven by the urgency to reduce greenhouse gas emissions and achieve energy

independence, many countries have set ambitious renewable generation targets. While these

developments are crucial for sustainable energy, high RES penetration introduces significant

operational challenges. The variability and uncertainty of RES, together with growing electri-

fication of demand, increase congestion, RES curtailment, and transmission constraints. For

example, wind energy dispatch-down in Ireland rose from 5.3% to 11.4%, RES curtailment in

Chile increased by 30% due to inflexible thermal generation, and Germany continues to face

transmission bottlenecks caused by delayed reinforcements [1]. These developments reveal

that traditional deterministic planning and rule-based operational procedures are increasingly

insufficient to manage the evolving complexity of modern grids [2,3].

In response, predictive flexibility management has emerged as a key strategy to anticipate

challenges before they occur. By leveraging forecasts of load and RES generation, system

operators can plan the procurement of flexible resources—both active and reactive—to handle

anticipated congestion and voltage issues. This anticipatory approach reduces cognitive load,

supports risk-aware decision-making, and allows operators to balance cost, reliability, and

resource availability [4,5]. Predictive management shifts the focus from reactive interventions

to proactive, data-driven planning, enabling the grid to accommodate high RES penetration

more efficiently and reliably.

Despite these predictive measures, real-time operation still requires corrective actions. Oper-

ators must assess the system state continuously and implement remedial measures—such as
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generator redispatch, RES curtailment, demand response, or network topology reconfigura-

tion—especially under contingency conditions. The combinatorial space of possible actions,

coupled with strict time constraints, makes identifying optimal solutions extremely challeng-

ing. Traditional Expert Systems (ES), while structured and rule-based, struggle to scale under

these high levels of uncertainty and complexity. Integrating RL into ES allows adaptive policies

to be learned from experience, improving operational performance while maintaining trans-

parency. This hybrid approach builds on Markov decision process formulations, as exemplified

in the L2RPN competition [6], and provides operators with actionable guidance for timely, ef-

fective interventions.

A further challenge arises from the interpretability of optimization-based solutions. AC Opti-

mal Power Flow (AC-OPF) is widely used for redispatch and congestion relief, but its outputs

are largely opaque. While solvers provide generator setpoints and dual variables, they rarely

explain why specific generators are adjusted or how constraints drive the solution. Operators

often perceive AC-OPF as a “black box,” limiting situational awareness and reducing confi-

dence in decision-making, particularly in high-stakes scenarios. Enhancing interpretability is

therefore essential to bridge the gap between automated optimization and human reasoning,

enabling operators to understand, validate, and act upon system recommendations effectively.

Together, these challenges underscore the need for comprehensive frameworks that integrate

predictive anticipation, adaptive corrective actions, and interpretable decision-making. By an-

ticipating future issues through forecast-informed flexibility management, enabling responsive

corrective actions via hybrid Artificial Intelligence (AI)-enhanced ESs, and providing transpar-

ent explanations of optimization results, such frameworks can support operators in managing

complex, uncertain, and high-stakes scenarios. Ultimately, this approach ensures that modern

power systems can operate securely, efficiently, and resiliently, even under high levels of re-

newable energy penetration, bridging the gap between automation and human expertise. As

illustrated in Figure 1.1, the modern power system operation workflow can be conceptually

divided into three main stages. The first stage, Predictive Management, involves anticipating

potential issues in the grid using forecasts of load and renewable generation, and planning the

procurement of flexible resources to mitigate congestion and voltage problems. The second

stage, Real-Time Decision Making, represents the execution of corrective actions based on

the actual system state, including generator redispatch, demand response, renewable curtail-

ment, or network topology adjustments. The final stage, Interpretability, ensures that the

operator can understand the rationale behind decisions and optimization outputs, providing

transparent and actionable insights for human-in-the-loop operation. The horizontal pipeline

in Figure 1.1 emphasizes the sequential and integrated nature of these stages, showing how

anticipatory planning feeds into immediate decision-making, which is then explained and an-

alyzed to inform future operational strategies.
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Predictive

Management

Real-Time

Decision Making
Interpretability

Figure 1.1: Pipeline workflow of modern power system operation: Predictive Management → Real-Time

Decision Making → Interpretability.

1.2 Research Questions, Objectives and Contributions

The overarching objective of this thesis is to enhance the security, reliability, and human in-

terpretability of modern power system operations under high renewable penetration. Three

key research gaps were identified, motivating the following research questions, objectives, and

contributions:

Objective 1. To Develop a Predictive Flexibility Management Framework

for Human-in-the-Loop Decision-Making.

Research question: How can predic-

tive models and risk-aware metrics

be used to anticipate flexibility needs

and assist human operators in multi-

criteria decision-making?

Contributions:

1– A predictive framework that ranks flexibility op-

tions using sensitivity indices and risk-cost curves,

enabling human operators to explore and adjust de-

cisions according to stakes.

2– Introduction of a time-to-decide formulation for

dynamic decision-making under frequent forecast

updates.

3– Novel second-level forecasting model to estimate

uncertainty in future forecasts using an encoder-

decoder deep learning architecture.
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Objective 2. To Design a Real-Time Control Framework Based on

GNP and Decision Trees.

Research question: Can adap-

tive GNP-based architectures provide

context-aware, interpretable real-

time control decisions for uncertain

power system environments?

Contributions:

1– Development of a hybrid Genetic Network Pro-

gramming and Decision Tree (GNP-DT) methodol-

ogy with dynamic nodes that adapt based on evolv-

ing network states.

2– Extraction of human-readable rules from GNP de-

cision trajectories using multistage decision trees,

enabling modular interpretability.

3– Demonstration of superior performance com-

pared to baseline ESs and Deep Reinforcement

Learning (Deep-RL) agents on the IEEE 118-bus sys-

tem (up to 18% improvement in L2RPN score and

80% reduction in inference time).

Objective 3. To Enhance the Interpretability of Power System Redispatch

Decisions via Physical Operational Analysis and LLM Reasoning.

Research question: How can opti-

mization outputs, such as AC-OPF

redispatch solutions, be transformed

into physically meaningful, human-

understandable explanations?

Contributions:

1– Introduction of counterfactual sensitivity analy-

sis to provide local what-if and why-not insights for

redispatch actions.

2– Development of an Actor–Critic–Distiller–Refiner

reasoning loop integrating physical information and

LLM feedback, ensuring consistency with power sys-

tem physics.

3– Implementation of a verbal reasoning loop to im-

prove interpretability and consistency across multi-

ple redispatch analyses.

While the thesis focuses on power system operations under high renewable penetration, some

contributions have broader applicability. In particular:

• Decision Support Systems: The predictive and interpretable frameworks can enhance

human-in-the-loop decision-making in other energy systems and industrial processes.

• Adaptive Control Systems: GNP-based adaptive control strategies can be applied to

general control problems requiring interpretable, context-aware decisions.
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• Rule-Based Reasoning and Diagnosis: The interpretable LLM reasoning loop and post-

optimization analysis can inform expert decision-makers in domains such as manufac-

turing, healthcare, or infrastructure management.

1.3 Structure of the Thesis

This thesis is organized into six chapters, each addressing key aspects of modern power system

operation under high renewable penetration and uncertainty.

Chapter 2: Literature Review. This chapter provides a comprehensive overview of the state-

of-the-art in power system predictive management, real-time control, and interpretability of

optimization-based decisions. It covers methodologies for flexibility procurement, expert and

data-driven control strategies, and emerging approaches for interpretable artificial intelligence

in power systems. The review highlights current gaps in predictive decision support, real-time

adaptive control, and human-understandable redispatch reasoning, establishing the motiva-

tion for the novel contributions presented in this thesis.

Chapter 3: Uncertainty-Aware Procurement of Flexibilities for Electrical Grid Operational

Planning. This chapter introduces a predictive framework for grid flexibility procurement

that integrates sensitivity analysis, risk metrics, and second-level forecasting. The methodol-

ogy allows operators to anticipate potential system constraints, rank flexibility options, and

make risk-informed decisions. A novel time-to-decide approach is presented to account for dy-

namic forecast updates, demonstrating improved operator support and cost-effective planning

through numerical experiments on realistic power system models.

Chapter 4: Evolving Power System Operating Rules for Real-Time Congestion Manage-

ment. In this chapter, a hybrid GNP-DT framework is proposed for real-time congestion man-

agement. By incorporating dynamic, context-aware nodes and rule extraction through deci-

sion trees, the framework enables interpretable, adaptive decision-making under uncertainty.

Extensive simulations on benchmark systems illustrate how the approach outperforms tradi-

tional ESs and deep RL agents in both control performance and human interpretability.

Chapter 5: Bridging Optimization and Operator Insight: LLM-Assisted Counterfactual

Analysis of AC-OPF. This chapter focuses on enhancing redispatch interpretability by com-

bining Post Optimization Analysis with LLM-driven reasoning. Counterfactual sensitivity anal-

ysis is used to translate AC-OPF outputs into actionable, physically consistent explanations,

while the Actor–Critic–Distiller–Refiner reasoning loop ensures interpretive validity. The chap-

ter demonstrates how integrating LLM feedback and verbal reasoning provides operators with

transparent insights into constraint drivers, the redispatch rationale, and system behavior.

6
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Chapter 6: Conclusion and Future Work. The final chapter summarizes the main contribu-

tions of the thesis, reflecting on the improvements in predictive management, real-time con-

trol, and redispatch interpretability. It also discusses limitations, lessons learned, and potential

extensions of the proposed frameworks. Directions for future research are outlined, includ-

ing further integration of human-in-the-loop learning, scaling methodologies to larger power

systems, and exploring additional applications in other complex, high-stakes decision-making

domains.

1.4 Publications

During the course of this PhD research, several works resulting from this thesis have been

published in high-impact venues. These publications reflect the contributions of the thesis in

predictive grid management, real-time decision-making, and interpretable redispatch of power

systems.

Journal Publications

1. F. Moaidi, R. J. Bessa, Evolving power system operator rules for real-time congestion

management," Energy and AI, vol 23, pp. 100672, Jan, 2026, doi: 10.1016/j.egyai.2025.100672.

(Q1, Impact Factor: 9.7)

This publication introduces the hybrid GNP-DT framework for real-time congestion man-

agement. The paper emphasizes context-aware decision-making, interpretable policy

extraction, and performance improvements over baseline expert and Deep-RL systems.

2. R. J. Bessa, F. Moaidi, J. Viana and J. R. Andrade, "Uncertainty-Aware Procurement of

Flexibilities for Electrical Grid Operational Planning," in IEEE Transactions on Sustain-

able Energy, doi: 10.1109/TSTE.2023.3305865. (Q1, Impact Factor: 10.3)

This paper presents the predictive flexibility management framework, integrating sen-

sitivity indices, risk-cost curves, and second-level forecasting for human-in-the-loop op-

erational planning. It demonstrates improved decision-making under uncertainty and

highlights the novel time-to-decide methodology for dynamic environments.

Conference Publication

1. F. Moaidi and R. J. Bessa, "Understanding OPF Redispatch Actions through LLM-Assisted

Counterfactual Analysis," 26th International Conference on Environment and Electrical

Engineering & 10th Industrial and Commercial Power Systems Europe, Lisbon, Portugal,

29 June – 02 July, 2026.

The focus of this work is on interpretable redispatch using Post Optimization Analysis

and LLM-assisted reasoning. It proposes a counterfactual sensitivity approach and an
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Actor–Critic–Distiller-Refiner reasoning loop to justify AC-OPF outputs through physi-

cally meaningful insights for system operators.

2. C. Martins, M. Marques, R.J. Bessa, F. Moaidi, S. Camal, "The benefits of Smart4RES

predictive analytics," 27th International Conference and Exhibition on Electricity Distri-

bution (CIRED 2023), Rome, Italy, 12-15 June 2023.

This conference paper presents preliminary results on predictive frameworks for power

systems under high renewable penetration. It highlights the practical implementation

aspects, case studies, and insights gained from early experimentation.

Technical Reports

1. Ferinar Moaidi; Ricardo J. Bessa, "Evolving power system operator rules for real-time

congestion management", Technical report, AI4REALNET Project, Deliverable 2.3, March

2026.

Within the framework of Task 2.1, Knowledge-assisted AI, this section presents a hy-

brid AI framework for power grid topology control that integrates GNP, reinforcement

learning, and decision trees. A novel variant of GNP is proposed, enabling the evolu-

tion of decision-making rules through learning from data within a reinforcement learn-

ing paradigm. The graph-based evolutionary representations of both GNP and decision

trees support transparent and traceable decision-making, facilitating interpretability and

knowledge extraction.

2. Ricardo J. Bessa; Ferinar Moaidi; Luis Teixeira; Hodajt Mariji; Ricardo Andrade; Joao

Viana; Manuel Matos; et al, "Predictive management of voltage and congestion problems

under RES uncertainty", Technical report, Smart4RED Project, Deliverable 5.3, January

2023.

This technical report presents a detailed account of the predictive flexibility management

framework developed in this thesis. It includes extensive numerical simulations, sensi-

tivity analyses, and risk-cost evaluations that underpin the human-in-the-loop decision-

aid methodology. The report provides supplementary material on the time-to-decide ap-

proach, second-level forecasting models, and guidelines for practical implementation in

power system operational planning.

Open-Source Software and Code Repositories

• Ferinar Moaidi, AI4REALNET. GitHub repository, https://github.com/AI4REALNET/

XLLM, 2026.

• Ferinar Moaidi, AI4REALNET. GitHub repository, https://github.com/AI4REALNET/
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GNPDT, 2026.

These publications collectively demonstrate the scientific contributions of this thesis and their

relevance to both the research community and practical power system operation.
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Chapter 2
Background Knowledge and Literature

Review

The main goal of the present chapter is to review the core concepts necessary to situate the

thesis within the broader scientific and technical landscape of modern power system opera-

tion. With the increasing complexity of electrical grids—driven by the integration of renewable

energy, uncertainty, and decentralized flexibility—the chapter establishes the theoretical foun-

dations that underpin predictive, data-driven, and interpretable control methodologies.

The first section introduces the paradigm of predictive grid management, providing an overview

of forecasting-based operational planning, uncertainty-aware decision tools, and the mecha-

nisms through which flexibility resources can be procured and coordinated ahead of real-time

operation. This discussion highlights the limitations of classical deterministic approaches and

motivates the shift toward stochastic, robust, and multi-scenario optimization methods used

for day-ahead and intraday operational planning.

The second section then transitions to real-time system operation and decision-making under

uncertainty, with a particular emphasis on RL strategies. Here, the chapter examines exist-

ing methodologies for real-time congestion management, adaptive control of distribution and

transmission networks, and the challenges of integrating learned policies into safety-critical

operational settings. Special attention is given to the tension between the adaptability of RL

agents and the reliability, guaranties, and transparency required in power system operations.

The third section focuses on interpretability and explainability, reviewing efforts towards op-

timization, interpretation, and recent advances in LLM-based analysis. This section positions

interpretability not merely as a desirable feature but as a fundamental requirement for opera-
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tor trust, regulatory acceptance, and actionable decision support. It also surveys current tech-

niques for extracting insights, conducting counterfactual analyses, and implementing trans-

parent decision structures from optimization and learning frameworks.

The chapter concludes with a summary of key open research gaps—namely, the integration

of predictive planning with adaptive real-time control, the development of interpretable RL-

driven operating rules, and the use of LLMs to bridge optimisation outputs with human rea-

soning—which collectively motivate the contributions of this thesis.

2.1 Predictive Management of Grid Flexibility Under Forecast Un-

certainty

Predictive management in power systems refers to the planning of control actions ahead of

time by using forecasts of demand, RES generation, flexibility availability, and network con-

ditions over a future time horizon. Its main purpose is to identify suitable actions before

operational limits are reached, so that system operators do not rely only on remedial actions

after congestion, voltage problems, or other violations have already appeared. This need has

become more important as power systems include larger shares of variable renewable gen-

eration and flexible resources, which increase both uncertainty and the need for coordinated

decision-making [7,8].

In this setting, predictive management is not a single control method, but a decision framework

in which forecasts, uncertainty models, and network constraints are combined to select pre-

ventive and corrective actions over time. As new forecasts become available, these decisions

can be updated to reflect improved information and the uncertainty that still remains. For this

reason, Optimal Power Flow (OPF) and its variants are widely used in predictive grid manage-

ment, since they provide a clear way to represent operating objectives, technical constraints,

flexibility activation, and uncertainty within the same optimization problem [7,8].

The OPF method and its variants is the standard approach for short-term management of grid

flexibility, with a closed-form representation of the objective function (e.g., minimize flexibility

activation cost) and technical constraints. A survey in [9] identified the major advances and

challenges for the OPF problem, namely: problem decomposition (distributed optimization),

management of discrete variables, contingency filtering, limiting the number of corrective ac-

tions, extend the number of uses cases for the OPF, risk-based OPF, and OPF under uncertainty.

The inclusion of multi-period constraints has been also a research topic [10], in particular for

smart grids with direct control of demand response and storage. With the impact of RES

forecast uncertainty in the electrical grid operational planning, the risk-based and OPF under

forecast uncertainty problems are presently highly relevant and, in [8], the state-of-the-art
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methods are categorized in: a) risk-neutral and risk-averse two-stage stochastic optimization,

b) limiting risk of constraint violations (e.g., chance-constrained optimization), c) robust opti-

mization, and d) distributionally robust optimization. For the sake of completeness, below we

discuss several OPF-based approaches from the state-of-the-art, but for more details the reader

is directed to comprehensive literature reviews in [8,9,11].

A complementary line of work formulates predictive grid management as a rolling-horizon

or model predictive control problem, in which a finite-horizon optimization is repeatedly re-

solved as new measurements and updated forecasts become available [12–14]. In power net-

works, this receding-horizon principle is attractive because it allows forecast revisions to be

translated into updated control actions while preserving network and device constraints [12,

14]. At the distribution level, it has been applied to stochastic scheduling combined with pre-

dictive real-time dispatch of flexibility services, and more recent multi-time-scale formulations

explicitly couple day-ahead decisions with intra-day rolling corrections [13, 14]. However,

these works remain primarily centered on automated dispatch correction, schedule tracking,

and cost minimization under updated forecasts, rather than on the operator-oriented ques-

tion of whether flexibility should be booked immediately or deferred until the next forecast

update [13,14]. In addition, the value of forecast updates is not usually expressed through in-

terpretable risk–cost trade-offs or multi-criteria ranking of candidate flexibility options, which

limits their usefulness as decision-aid tools for human operators [12,13].

In stochastic and Chance Constrained (CC) optimization the uncertainty is represented via

a probability distribution, e.g., quantiles, moments of the distribution, parametric function,

random samples or vectors from the marginal or joint probability distribution. Zhang and Li

proposed a CC-OPF with a back-mapping approach and a linear approximation of the power

flow equations where uncertainty (in load) was assumed to follow a parametric multivariate

Gaussian representation [15]. The linearization is essential since the non-linear formulation

would exponentially increase the computation time, as the dimension of the random variables

increases. Roald et al. described a CC-OPF model solved using a randomized optimization

technique and representing RES and load forecast uncertainty through scenarios [16]. In that

work, a risk measure, inspired by the severity functions from [17], is proposed to relate the

amount of line overload in post-contingency condition to the cost of remedial measures and

the probability of cascading events, which is, in a second step, integrated as a constraint in

DC Optimal Power Flow (DC-OPF). Roald et al. proposed corrective affine control policies that

exploit the flexibility from phase shifting transformers and high voltage direct current connec-

tions to handle uncertainty (i.e., the impact of already occurred events), later integrated in

a Direct Current (DC) CC-OPF [18]. These two aforementioned works were generalized to

the AC-OPF problem in [19], where different formulations and solutions are discussed consid-

ering non-Gaussian representation for uncertainty, including a iterative solution scheme with
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deterministic AC-OPF. In [20], the McCormick and big-M relaxation methods are compared

to linearize the AC-OPF problem under forecast uncertainty (represented by spatial scenar-

ios/ensembles) and a trade-off between operating costs and system reliability is included in

the objective function. To decrease the computational challenges associated to the non-linear

nature of AC-OPF, in [21] is proposed a data-driven method, based on sparse regression, to

reduce the number of scenarios (Monte Carlo in-the-loop validation step) required to solve the

stochastic OPF.

Robust optimization does not make any specific assumptions on probability distributions and

the uncertain parameters are assumed to belong to a deterministic uncertainty set, e.g., poly-

hedral, ellipsoidal. Soares et al. described a two-stage robust AC-OPF for a Distribution System

Operator (DSO) contracting market-based Distributed Energy Resources (DER) flexibility to

solve, in advance, congestion and voltage problems [22], and where uncertainty is defined as

the convex hull of the deviation between the scenario set and the conditional mean forecast

and the robustness level was controlled by the number of vertices of the uncertainty set. At-

tarha et al. proposed a tri-level adaptive robust AC-OPF where a polyhedral uncertainty set is

used, robustness is controlled via a budget of uncertainty parameter and a pre-defined set of

contingencies is also included [23]. Lee et al. proposed a convex inner approximation (i.e.,

robust convex restriction) of the non-convex feasible region of the AC-OPF, which ensures so-

lution feasibility (in active power generation dispatch) for all possible load variations [24]. As

discussed in [25], it is important to consider first and second order probabilities (i.e., probabil-

ity of a probability), which leads to distributionally robust optimization methods. For instance,

Guo et al. considered ambiguity sets (Wasserstein balls) for multi-period control policies robust

to forecast errors and sampling errors due to limited data, and using different linearizations

of the AC-OPF equations [26].

Finally, it is important to mention that RL is emerging as an alternative to traditional mathe-

matical optimization for the OPF problem, when formulated as a sequential Markov decision

process [27, 28]. However, integration of forecast uncertainty remains an open challenge for

RL, at least for large-scale real electrical grids.

Research in other domains already studied the influence of information/forecast updates in

decision-making. Regnier studied the impact of lead-time reduction on the preparation for

tropical storm events, in terms of total cost reduction, missed detection and false alarms [29].

Wanke and Greenbaum formulated a sequential decision-making problem for airspace conges-

tion resolution, considering a three-stage decision tree for finding the optimal time and type

of action (i.e., from doing nothing to “fully” resolve the congestion) [30]. Jewson et al. pro-

posed an extended cost–loss model to decide if a decision is based on the first forecast or

wait for the second forecast, and proposed a parametric methodology with Gaussian distribu-
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tion to estimate the evolution of air temperature forecast error [31]. In another research, the

same authors proposed communicating to the human decision-maker information about fore-

cast change (with information updates), introducing metrics like the mean absolute change,

probability of change of size X, among others [32].

In the energy domain, some works are starting to consider forecast update in the decision pro-

cess. Tankov and Tinsi formulated a stochastic sequential decision-making for energy trading,

which used stochastic differential equations to describe the evolution of the forecast error as

new information becomes available [33]. Crampes and Renault analyzed optimal dispatch-

ing strategies for generation units, considering a time-dependent cost function that takes into

account the lag between the date of a making a decision and the instant when the decision

becomes effective, e.g., generation costs increase when decisions to produce electrical energy

must become effective in a short period of time [34]. Bellenbaum et al. designed a two-stage

stochastic regional flexibility market mechanism, formulated as a newsvendor problem, which

integrates the trade-off between early procurement at low-cost and later procurement at a

higher cost but with better forecasts and knowledge about the flexibility demand [35]. Fi-

nally, in terms of predictive grid operation, Mühlpfordt et al. established a relation between

the price of uncertainty and the total variational distance between the densities of the in-

hindsight OPF (i.e., an optimization problem is solved for every realization of uncertainty)

and CC-OPF solutions [36]. The price of uncertainty concept can be used to decide between

using fast online optimization (i.e., solve technical problems in real-time) or apply CC-OPF in

predictive mode.

A related recent perspective comes from decision-oriented learning, which questions the tra-

ditional forecast-then-optimize pipeline by emphasizing that a statistically more accurate fore-

cast does not necessarily produce a better operational decision. In power systems, this liter-

ature argues that uncertainty should be evaluated through its downstream decision impact,

rather than only through forecast error metrics, and reviews a growing set of methods that

directly couple prediction models with optimization or control objectives [37, 38]. This per-

spective is highly relevant to predictive grid management because it reinforces the idea that

updated information should be assessed according to its operational value. Nevertheless,

the present literature is still mainly focused on data-driven forecast-to-decision pipelines and

benchmark operational problems, rather than on network-constrained flexibility procurement

with explicit time-to-decide choices, uncertainty-aware procurement timing, and operator-

interpretable ranking of flexibility resources. Therefore, while this emerging line of work helps

justify why forecast updates matter for decision-making, it does not yet provide a complete

framework for interpretable and sequential flexibility booking in active grid operation.
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2.2 Real-Time Grid Topology Control

Real-time decision making in power systems refers to the selection of control actions under

strict time constraints, using the information available at or close to the time of operation.

In this setting, operators must respond to changing grid conditions such as congestion, line

overloads, voltage problems, equipment outages, and fluctuations in demand or renewable

generation. Unlike predictive or multi-period decision frameworks, which optimize actions

over a future horizon using forecasts, real-time decision making focuses on identifying actions

that can be implemented immediately or within a short operational window. The main chal-

lenge is therefore to balance speed, feasibility, and system security while working with limited

time and incomplete information.

One important class of real-time actions is topology control, where the network configura-

tion is modified through actions such as line switching, bus-bar switching, bus splitting, or

substation reconfiguration. These actions can relieve congestion, redistribute power flows,

and improve the use of existing network capacity without requiring new infrastructure. For

this reason, topology control has long been studied as a corrective tool for system operation,

first through engineering heuristics and later through optimization-based formulations such as

OPF, DC-OPF, and Optimal Transmission Switching (OTS). More recently, the increasing com-

plexity of real-time operation has also motivated the use of data-driven and learning-based

methods, especially RL, which aim to approximate fast control policies for grid management

under dynamic and uncertain conditions.

The literature on real-time grid topology control and decision making can therefore be viewed

along two main directions. The first direction develops optimization and heuristic methods for

network reconfiguration, with emphasis on feasibility, security, and computational tractability.

The second direction explores learning-based approaches that seek faster and more adaptive

control policies, especially in large-scale environments where repeated optimization may be

difficult to perform in real time. The following review discusses these developments and high-

lights their main strengths and limitations.

Early research on network topology control was primarily driven by heuristic approaches

aimed at alleviating network congestion. Mazi et al. explored the switching of lines and bus

bars for overload mitigation, but the method relied on heuristic rules based on engineering

judgment and sensitivity analysis without a comprehensive optimization of an objective func-

tion under power flow constraints, as in standard OPF formulations, which has the potential

for suboptimal or conflicting actions that fails to account for system-wide interdependencies

and limit the applicability of the method to large-scale systems [39]. Bacher and Glavitsch

formulated network switching actions as an OPF problem to minimize losses, highlighting

the potential of topology as a controllable parameter. Although innovative for its time, the
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method primarily focuses on a static snapshot rather than dynamic system behavior, limiting

its adaptability to real-time operation. Furthermore, its computational complexity posed chal-

lenges to scalability for large-scale systems, making it less practical for modern, data-rich grid

environments [40]. Bakirtzis and Meliopoulos attempted to incorporate switching into real-

time control frameworks. The main limitation lies in not fully addressing the combinatorial

complexity inherent in network topology reconfiguration. The method focuses on a limited

set of predefined switching options and does not explore the vast space of possible configu-

rations, which restricts scalability and optimization performance in large or highly meshed

grids [41]. Makram et al. proposed a Z-matrix-based strategy to select the transmission lines

to be switched, offering improved computational efficiency. However, the approach lacked

guarantees of optimality and often neglected critical constraints such as voltage limits and

dynamic system behavior [42].

During the 1990s, efforts to incorporate dynamic considerations into switching strategies

gained traction. Chen and Glavisch investigated stabilizing switching actions during emer-

gencies, focusing on dynamic system response. Although innovative in its focus on tran-

sient behavior, the method was not integrated within a formal OPF framework [43]. Chen

et al. extended this concept by introducing transient stability constraints in network recon-

figuration decisions. Although this represented a step toward dynamical optimization, the

work was tested in small systems and faced significant scalability limitations. In the early

2000s, renewed interest in optimization-based approaches emerged. Shao and Vittal devel-

oped a guided greedy search based on the Line Outage Distribution Factor (LODF) sensitivity

factor, where switching actions are evaluated and selected regarding the predicted local im-

pact, not through global optimization [44]. In a follow-up study, Shao and Vittal applied a

binary integer programming formulation within an OPF context to incorporate the switch-

ing of lines and bus bars, improving the systematic identification of corrective actions [45].

Granelli et al. proposed a network reconfiguration strategy for congestion management using

genetic algorithms with deterministic conditions (i.e., static load). However, a key limitation

of this approach is that the search strategy lacks adaptability and contextual awareness, as it

relies on predefined fitness evaluations without real-time learning or feedback. As a result, its

effectiveness may degrade in dynamic grid environments or under unforeseen operating con-

ditions, where more adaptive or learning-based control strategies would be preferable [46].

Fliscounakis et al. modeled loss minimization via topology changes as a Mixed-Integer Linear

Programming (MILP) problem, further highlighting the tractability of reconfiguration within

a linearized power flow context [47]. The formulation of OTS as a mathematically rigorous

problem marked a turning point. Fisher et al. introduced an OTS model based on Mixed Inte-

ger Programming (MIP) within the DC-OPF framework, demonstrating substantial operational

cost savings through strategic line switching [48]. However, this approach neglected the char-

acteristics of the Alternate Current (AC) system, limiting its applicability in the real world. To
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improve system reliability, Hedman et al. incorporated N − 1 contingency constraints into the

OTS framework, although the computational burden increased significantly due to the pres-

ence of binary decision variables [49]. Fuller addressed this by proposing a heuristic method

to speed up OTSsolution times, though such methods often lack robustness and optimality

guarantees [50].Around the same time, Hedman, Oren, and O’Neill identified that OTScould

create inconsistencies in the Financial Transmission Rights (FTR) markets, leading to insuffi-

cient revenue. To address this, a revenue-adequacy-constrained formulation was introduced

(Hedman et al., 2011), aligning OTS with market-based settlements, although at the cost of

added model complexity [51].

In more recent work, Han and Papavasiliou employed topological corrections for congestion

management in Central Western Europe using a scalable MIP-based approach [52]. Although

effective, reliance on zonal approximations limited the physical fidelity of network modeling.

Heidarifar and Ghasemi advanced the modeling of practical grid configurations by introducing

substation and node-breaker representations into the topology optimization framework [53].

This provided more realistic assessments of switching decisions, but also introduced additional

computational challenges related to convergence and scalability.

Recent studies have further advanced topology optimization by integrating sophisticated meth-

ods into OPF models. Heidarifar et al. proposed a heuristic approach that incorporates AC and

N-1 contingency constraints into transmission line switching and bus splitting, enhancing sys-

tem reliability [54]. Despite its effectiveness, real-time management remains challenging due

to the high computational burden imposed by contingency constraints. Zhou et al. addressed

the optimization of the grid topology at the substation level using bus splitting actions, with

the aim of reducing congestion and improving grid efficiency [55]. However, the method may

face challenges in real-time applications due to the complexity of substation-level configura-

tions and computational intensity. Zhang and Liu developed a multi-period OPF model to

manage voltage stability and security through transmission switching [56]. While it provides

a comprehensive solution, the method’s real-time application is limited by the need for exten-

sive computations over multiple periods. Tavakkoli and Amjady extended the AC-OPF model

by incorporating bus-bar switching actions to prevent overload conditions [57]. However, its

practical use in real-time is constrained by the intricacy of the overload relay dynamics and

the computational time required. These advancements underscore the importance of balanc-

ing the trade-off between optimization accuracy and computational efficiency for real-time

implementation in large-scale systems.

In the last decade, researchers [58, 59] have found that RL could be crucial to achieving the

ambitious goal of real-time decision making without relying on predefined models, making

it suitable for complex and uncertain dynamic environments [60]. Recent advances in the

18



2.2. Real-Time Grid Topology Control

application of RL, particularly deep RL, have opened new avenues to address challenges tra-

ditionally addressed by OPF methods. Unlike classical OPF, which relies on mathematical

programming and model-based optimization, RL offers a data-driven and adaptive approach

to decision making under uncertainty. For example, [61] proposed a DRL-based framework

for optimal active power dispatch, demonstrating the potential of policy learning to manage

system control in real-time. Similarly, [62] and [63] developed DRL-based solutions for AC-

OPF that account for system uncertainties and deliver rapid approximations, which are crucial

for time-sensitive grid operations. These approaches showed competitive accuracy compared

to traditional solvers while significantly reducing computation time, an essential factor for

large-scale and real-time applications. Building on these foundations, several recent studies

have sought to enhance the practicality and robustness of RL in power system contexts. For

example, [64] integrated a physics-informed RL framework for AC-OPF with a look-ahead, in-

corporating system dynamics and constraints to ensure feasibility and stability. [65] extended

this concept by developing a safe-RL model in which the learned policies respect operational

limits during stochastic OPF. Moreover, RL has also been used to manage contingencies: [66]

explored deep RL to handle generator failures, while [67] combined graph-based learning with

a Deep-RL model (graph neural network) to capture the network topology in OPF problems

involving renewable generation. Despite their promise, these methods often face limitations in

convergence, interpretability, and the need for extensive training data. However, their flexibil-

ity and learning capability mark a significant shift toward autonomous, scalable power system

control.

In 2019, RTE launched the L2RPN challenge [68], focused on congestion management. The

competition introduced Grid2Op [69], an RL environment designed to train and evaluate con-

trol algorithms using realistic grid dynamics and historical data. The challenge evolved in com-

plexity with the introduction of robustness and adaptability tracks in the NeurIPS 2020 edition.

The robustness track incorporated an adversarial component that simulated N−1 contingency

scenarios by heuristically disabling transmission lines [70], thus testing agents’ resilience to

sudden network disruptions. Meanwhile, the adaptability track introduced a higher share of

RES, ranging from 10% to 30%, to evaluate the flexibility and responsiveness of agents under

variable generation conditions [71]. The winning agent in the NeurIPS 2020 L2RPN compe-

tition [72] introduced an action-set-based policy optimization technique that directly embeds

safety constraints into the learning process – crucial for bridging experimental success and

real-world applicability. Unlike other top submissions that used standard Deep-RL methods

like Proximal Policy Optimization (PPO) and Double Deep Q-Network (DDQN) (DDQN), this

agent employed a genetic algorithm for policy optimization. However, a subsequent analy-

sis [6] showed that no submitted solution fully met the stringent safety and reliability stan-

dards required for deployment in operational power grids. A notable advancement beyond

the L2RPN NeurIPS 2020 and WCCI 2020 agents is the PowRL agent [73], a Proximal Pol-
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icy Optimization (PPO)-based model designed to manage power networks under variable and

adversarial conditions. While it showed improved resilience and adaptability, its effective-

ness depends heavily on the simulation environment’s fidelity and reward design. Similarly,

CurriculumAgent (CAgent) [74] extended PPO by integrating an N−1 reliability strategy and

systematically comparing rule-based and RL-driven topology control. Despite their promise,

such RL models often lack interpretability, limiting trust in safety-critical grid operations.

These RL-based approaches represent significant progress toward intelligent data-driven grid

management, demonstrating promising performance in tasks such as re-dispatch and topology

optimization. However, they often suffer from two shortcomings. Firstly, the limited inter-

pretability of the learned policies. These approaches rely heavily on deep neural networks to

approximate value or policy functions, making it difficult to trace the rationale behind specific

control actions, such as switching operations or dispatch decisions. For example, in [67], the

agent learns to act based on graph-structured observations, but it provides no explicit explana-

tion of the grid conditions or topological features that triggered its decisions. Similarly, in [65],

while the constraints are enforced via a safe-RL framework, the internal decision pathway re-

mains opaque. This lack of transparency is a barrier to deployment in critical grid operations,

where operators require not only effectiveness but also the ability to validate and interpret au-

tomated decisions. Secondly, these methods often require large amounts of simulated data and

prolonged training episodes to converge, which can be computationally expensive and hinder

rapid adaptation to evolving grid conditions. This combination of opacity and high resource

demands limits their practical deployment in critical real-time power system operations.

2.3 Explainable Optimal Power Flow and Interactive Interpreta-

tion

OPF is a central tool for power system operation because it determines dispatch decisions that

satisfy network constraints while optimizing an operational objective, such as generation cost,

losses, or security margins. However, although OPF provides mathematically optimal solu-

tions, the reasons behind these solutions are often difficult for human operators to understand

directly. In practice, dispatch outcomes are shaped by a combination of active constraints,

dual variables, network sensitivities, and trade-offs between competing objectives. As a re-

sult, there is an important difference between solving an OPF problem and explaining why a

given solution is obtained.

This challenge has motivated growing interest in explainable optimization for power systems.

In this context, explanation means translating the internal logic of the optimization problem

into a form that is understandable to operators, planners, or other decision-makers. Such

explanations may clarify which constraints are binding, why some generators are redispatched
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while others are not, what network conditions drive congestion, or how small changes in

inputs could modify the final decision. Therefore, explainable OPF is not concerned only with

prediction accuracy or computational efficiency, but also with transparency, interpretability,

and decision support.

More recently, this line of work has expanded from static post-solution interpretation to inter-

active explanation frameworks. These approaches aim not only to describe solver outputs, but

also to support dialogue, counterfactual analysis, and iterative reasoning about feasible oper-

ational changes. In this setting, LLMs and related Explainable AI (XAI) methods have emerged

as useful tools for connecting mathematical optimization models with natural language inter-

action, thereby helping operators explore why a solution was obtained, what alternatives are

possible, and how system conditions influence the optimization outcome.

To bridge the gap between numerical optimization and human understanding in power sys-

tem operations, recent research has increasingly focused on explainable optimization frame-

works. Fritz and Bukhsh (2025) [75] proposed an explainable DC-OPF approach that gen-

erates counterfactual explanations and employs decision-tree models to provide interpretable

insights into dispatch outcomes. Their framework identifies minimal changes in system inputs,

such as nodal demands, that would alter generator dispatch decisions, enabling operators to

understand the influence of constraints and demand variations. While this approach enhances

interpretability and decision support, it is limited to linear DC formulations and relies on his-

torical solution data for its heuristic explanations. Similarly, Pineda et al. (2025) [76] extend

this effort by improving the interpretability of OPF-related computations. Pineda et al. in-

troduce an interpretable, hybrid learning–plus–linearization AC-OPF approximation, which

enhances transparency compared to neural network surrogates but does not provide explicit,

human-readable explanations of why specific dispatch decisions occur. Instead, their method

produces a white-box optimization model, not post-hoc interpretability. As a result, their ap-

proach still lacks semantic, operator-facing explanations—a gap especially relevant in realistic

AC-OPF settings. Goerigk et al. [77] further introduced symbolic regression models using

constraint decomposition and local sensitivity visualization to approximate OPF outcomes;

however, these symbolic surrogates provided static explanations without feedback or dynamic

introspection. Li et al. [78] extended interpretability through dual-based decomposition; how-

ever, their approach lacked natural language reasoning and counterfactual analysis. Collec-

tively, these works demonstrate that numerical optimization can be made more interpretable

by connecting solver outputs—such as dual variables, active sets, and sensitivities—to intuitive

physical explanations. Nevertheless, most existing approaches remain symbolic or post hoc,

offering limited interactive adaptability and little integration with real-time operator feedback.

Beyond power systems, recent work in explainable optimization has started to formalize ex-
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planation mechanisms directly for mathematical optimization problems. For example, Kurtz

et al. [79] extend counterfactual explanations to linear optimization and show that some

forms of relative counterfactual explanations can be computed efficiently, which suggests that

optimization-specific explanations need not be limited to feature attribution alone. In paral-

lel, Biemans et al. [80] investigate whether LLMs can transform numerical explanation out-

puts into clearer, more persuasive narratives for human planners in supply-chain optimiza-

tion. However, these works still remain limited either to linear optimization settings with

tractable convex structure or to narrative reformulations based on LIME-inspired explanation

signals [79, 80]. As a result, they do not address the non-convex physics of realistic AC-OPF

problems, the role of dual feasibility and sensitivities in redispatch decisions, or the need for

explanations that remain explicitly grounded in power-system constraints while still being un-

derstandable to operators.

Complementary surveys (e.g., Da Ros et al., 2025 [81]) have documented the rapid emergence

of such hybrid reasoning systems that unify optimization solvers, LLMs, and XAI frameworks.

These developments mark a paradigm shift from post-solution interpretability to interactive

interpretability, where models and operators co-reason about operational constraints and fea-

sible redispatch options.

Recent advances in LLMs have opened a new frontier for interpretable optimization. LLMs are

increasingly used to bridge the gap between formal mathematical solvers and human opera-

tors by providing natural language interfaces, scenario exploration, and verbal reasoning over

model internals. For instance, Zhang et al. (2025) introduced OptiChat [82], a dialogue sys-

tem driven by LLMs that enables users to interrogate Pyomo-based optimization models. Op-

tiChat supports “what-if” and “why-not” analyses, extracting variable structures, constraints,

and sensitivities to produce counterfactual explanations for model outputs. Similarly, Chen et

al. (2024) [83] proposed an LLM interface for diagnosing infeasible optimization problems,

allowing operators to explore relaxation options and trade-offs in natural language. These

LLM-driven interpretability systems share three defining characteristics:

1. Convert optimization solvers into dialogue-capable systems, allowing structured queries

such as “Why is bus X voltage constrained?” or “What if generator Y increases output by

10 MW?”.

2. Combine symbolic sensitivity computation with verbal reasoning to generate explana-

tions anchored in numerical model data.

3. Support human-in-the-loop counterfactual reasoning by determining the smallest per-

turbations to system variables required to resolve constraint violations or enhance ob-

jective performance.
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Their model demonstrated promising descriptive capabilities but limited quantitative ground-

ing. LLMs are increasingly employed as autonomous reasoning agents capable of iterative

improvement through feedback. Recent developments have introduced frameworks in which

an LLM not only generates textual outputs but also learns from verbal feedback, reflection,

and memory consolidation to enhance reasoning quality over time. This paradigm, referred

to as verbal RL, provides a natural and interpretable extension to RL principles in language-

based reasoning systems. Architectures such as Reflexion [84], Language Agent Tree Search

(LATS) [85], and Self-Evaluation Memory [86] represent a significant step beyond traditional

explainable optimization. Unlike prior LLM approaches that produce static textual interpreta-

tions, these models dynamically refine their explanations based on physical feedback.

A related stream of research couples LLMs with formal reasoning engines rather than relying

on free-form language generation alone. For instance, Régin et al. [87] combine constraint-

programming reasoning with LLM predictions so that the language model proposes candidate

content while the formal reasoning layer ensures that structural constraints are satisfied. This

idea is particularly relevant for power systems, where plausible verbal explanations are insuf-

ficient unless they remain consistent with feasibility and network structure. At the same time,

recent work has shown that generic multi-agent discussion is not automatically beneficial for

reasoning quality: Wang et al. [88] report that, across several reasoning benchmarks, a single-

agent LLM with strong prompting can match the best multi-agent discussion approaches, and

that discussion mainly helps under specific prompt conditions. Therefore, simply introducing

dialogue or reflection loops does not by itself guarantee reliable interpretability. What remains

missing for OPF is a domain-grounded reasoning layer in which language agents are explicitly

constrained or critiqued using power-system feasibility checks, sensitivity information, and

optimization structure [87,88].

2.4 Literature Gaps and Thesis Contributions

The literature reviewed in this chapter shows substantial progress in predictive management

under uncertainty, real-time decision making, and optimization explainability. However, these

three lines of research have largely evolved separately, and a clear methodological gap remains

at their intersection. Predictive OPF-based approaches offer rigorous mathematical tools for

modeling uncertainty and supporting operational planning, but they are often too slow or too

rigid to support repeated decision updates in dynamic environments with frequent forecast re-

visions and increasing renewable generation [8]. Real-time control approaches, especially RL

and topology optimization, provide the promise of faster operational responses, but they still

face important limitations in interpretability, safe adaptation, and scalability. At the same time,

recent work on explainable optimization and LLM-based interfaces improves access to model

outputs, but most of these methods remain post-hoc, weakly grounded in physical reasoning,
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and detached from actual operator decision loops [75,76,81,89]. Taken together, the literature

still lacks a framework that can simultaneously provide predictive awareness of uncertainty,

adaptive real-time control, and physically grounded, operator-oriented explanations.

2.4.1 Gap 1: Predictive Flexibility Management Under Forecast Uncertainty

A first gap concerns predictive management. Existing stochastic, chance-constrained, robust,

and distributionally robust OPF formulations provide a rich basis for representing uncertainty

and risk, yet their integration into sequential operational decision-making remains limited

when forecast updates must be taken into account repeatedly and within short time win-

dows. In practice, multi-period OPF and robust AC-OPF formulations are difficult to use as

operational decision-aid tools in settings where system operators need summarized and inter-

pretable information rather than a single optimized solution.

Existing OPF-based methods provide rigorous optimization under uncertainty, but they do not

support repeated and operator-oriented decision updates when forecasts evolve over time [8].

Most approaches provide a single optimized solution, whereas system operators often re-

quire summarized and interpretable information to compare several flexibility options. Prior

stochastic and robust approaches do not explicitly study how the operator should adjust the

risk level according to the operational stakes [16, 19, 22, 26]. Practical flexibility and curtail-

ment approaches either neglect forecast uncertainty or select resources only from sensitivity

values, without formulating a broader multi-criteria ranking problem [90, 91]. In addition,

the decision of whether to act immediately or wait for a forecast update is largely absent from

the state of the art [19,21,22,26,90,91].

This thesis addresses these limitations through a predictive grid management framework that

uses sensitivity indices and risk metrics to rank flexibility options and summarize the decision

problem through risk–cost curves. It also proposes a decision-aid interface that improves inter-

action between the operator and the model by allowing the exploration and ranking of multiple

flexibility solutions. Furthermore, it introduces a multi-criteria decision formulation in which

flexible resources are ranked according to several criteria, rather than selected only from the

highest sensitivity value. The thesis also proposes a time-to-decide formulation in which the op-

erator chooses between booking flexibility immediately or waiting for the next forecast update,

depending on the trade-off between cost, risk, and information quality. Finally, it introduces

a novel second-level forecasting concept, where a dedicated model predicts the uncertainty of

future forecasts through quantile estimation; in the experiments, an encoder–decoder deep

learning model achieved the best performance.

This contribution complements market-oriented flexibility mechanisms such as [35], which do

not address how the system operator estimates flexibility needs. It also differs from the price-
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of-uncertainty perspective in [36], since the proposed framework supports operator interpre-

tation of risk–cost relations rather than relying only on a distance metric between solutions.

Finally, it differs from parametric forecast-update approaches such as [31], which are not well

suited to the uncertainty structure of RES forecasts.

2.4.2 Gap 2: Interpretable and Adaptive Real-Time Topology Control

A second gap appears in the literature on real-time decision making. RL has shown strong

potential for fast control in complex power system environments because learned policies can

often be executed online with limited delay and can discover non-trivial strategies for network

management [58–60]. However, most RL-based controllers remain difficult to interpret, since

the logic of their decisions is embedded in high-dimensional neural representations. In addi-

tion, although RL policies can be fast at inference time, they are usually trained offline and

then deployed as fixed controllers, making safe adaptation to new operating conditions diffi-

cult. Optimization-based topology control provides explicit treatment of system constraints,

but it remains limited by combinatorial complexity and scalability barriers that restrict its real-

time use.

Most deep-RL controllers behave as black boxes, which limits operator trust and makes valida-

tion difficult in safety-critical power system applications. Furthermore, RL policies are gener-

ally trained offline and deployed as fixed controllers, making adaptation to unseen operating

conditions, distribution shifts, or new contingencies difficult. Optimization-based topology

control methods, such as OTS and MIP-based reconfiguration, also remain constrained by

combinatorial complexity and limited real-time scalability. As a result, existing methods often

impose a trade-off between interpretability and performance: rule-based or heuristic methods

are easier to understand but less adaptive, whereas deep-RL methods are adaptive but opaque.

This thesis addresses these limitations through a novel GNP framework with dynamic node be-

havior, enabling context-aware decision-making in uncertain power system environments. Un-

like conventional GNP methods that rely on fixed function nodes and sequential updates [92],

the proposed framework uses adaptive functional nodes whose behavior changes according to

the current system state and operational context. It also introduces a hybrid GNP-DT methodol-

ogy that combines Genetic Network Programming with Decision Trees to improve interpretabil-

ity. In this framework, the control policy is represented explicitly as a graph, where each

node corresponds to a programmed decision heuristic, making the decision process traceable

and visually interpretable. In addition, a multistage decision-tree extraction process generates

human-readable rules from the trajectories of top-performing decision graphs. The framework

also allows the initialization of the population with expert-derived decision graphs, which can

accelerate convergence in the early learning stages.
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This design allows the controller to represent more sophisticated state-dependent policies

suited to uncertain and non-linear power system conditions, such as fluctuating renewable

injections and non-linear network responses. For example, an overloaded line does not neces-

sarily trigger the same switching action in all situations; instead, the selected control depends

on the surrounding operating context, such as nearby contingencies or evolving grid stress.

On the IEEE 118-bus system, the proposed method outperformed both the baseline expert

system [93] and CAgent [74], achieving up to an 18% improvement in the mean L2RPN per-

formance score and an 80% reduction in inference time. These results show that it is possible

to combine adaptability, transparency, and computational efficiency in a real-time topology

control framework.

2.4.3 Gap 3: Physically Grounded and Interactive Explanation of OPF-Based

Decisions

A third gap emerges from the literature on optimization explainability. Existing explainable

optimization methods based on symbolic sensitivity analysis, dual-based reasoning, local surro-

gate modeling, or white-box approximations have improved the interpretability of OPF results,

but most remain static and post-hoc [75–78]. They generally explain a solved optimization

instance after the fact, without supporting iterative dialogue, counterfactual redispatch rea-

soning, or interaction with the operator over multiple layers of physical constraints. More

recent LLM-based systems have extended interpretability by allowing users to query optimiza-

tion models in natural language [81–83]. However, in power-system settings, these systems

are still not sufficiently grounded in AC network physics, counterfactual OPF sensitivities, and

feasibility-aware redispatch reasoning.

Existing explainable optimization approaches are mostly static and post-hoc. Most methods

do not support iterative dialogue, counterfactual redispatch reasoning, or multi-step interac-

tion with the operator. Current LLM-based systems improve accessibility but remain weakly

grounded in AC power-system physics and redispatch feasibility. As a result, there is still no

unified framework that combines optimization outputs, physical sensitivities, and interactive

reasoning in a way that supports real operational decision-making.

This thesis addresses these limitations through a counterfactual, LLM-driven reasoning system

for AC-OPF redispatch that combines physical sensitivity analysis with iterative language-based

reasoning. It introduces an interpretation layer that converts AC-OPF outputs into counterfac-

tual insights using sensitivity matrices, showing how incremental redispatch actions affect line

flows and slack-variable relaxations. It also proposes a structured reasoning loop composed

of an Actor, Critic, Distiller, and Refiner, designed to interpret optimization outputs while pre-

serving consistency with power-system physics. In this loop, the Critic performs a feasibility-

and dual-consistency-based validation step to evaluate whether the generated explanation re-
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mains physically plausible. The framework also includes a refinement mechanism in which the

Distiller extracts compact operational rules and the Refiner integrates them into subsequent

prompts. Finally, it introduces a verbal reasoning loop with short-term and long-term memory,

inspired by Reflexion [84] and LATS [85], so that feedback from previous reasoning episodes

improves future explanations.

This shifts explainability from a static descriptive layer to an interactive, physically grounded

reasoning system for operator support.

2.4.4 Final Remarks

Taken together, the gaps identified in this chapter point to a broader methodological prob-

lem rather than three independent shortcomings. Modern power system operation requires

decisions that are anticipatory, fast, and explainable at the same time, yet the literature still

tends to treat these properties separately. Predictive management emphasizes robustness un-

der uncertainty but often lacks operational flexibility, real-time control emphasizes speed and

adaptability but often sacrifices interpretability or robust constraint awareness, and explain-

able optimization improves transparency but remains largely detached from live operational

reasoning. The central contribution of this thesis is therefore not only to advance each of

these areas individually, but also to place them within a common methodological perspective

centered on operator-oriented decision support. Across predictive planning, real-time topol-

ogy control, and redispatch explanation, the thesis develops methods that preserve physical

consistency while improving interpretability, adaptability, and operational usability.

In this context, the thesis makes three main contributions. First, it proposes a predictive flex-

ibility procurement strategy that integrates forecast updates, sensitivity-based and risk-based

ranking of flexibility resources, risk–cost curves for operator support, a multi-criteria decision

formulation, and a time-to-decide mechanism supported by second-level forecasting of fore-

cast uncertainty. Second, it develops an interpretable evolutionary real-time topology control

framework based on dynamic-node GNP and hybrid GNP-DT, enabling context-aware control

with transparent reasoning and low inference time. Third, it introduces a counterfactual, LLM-

driven reasoning system for AC-OPF redispatch, providing interactive, physically grounded

explanations that support operator understanding of optimization decisions. Together, these

contributions address the main literature gaps identified in this chapter and support a broader

research direction in which uncertainty-aware optimization, adaptive control, and explainable

reasoning are treated as complementary elements of intelligent power system operation.
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Chapter 3
Uncertainty-Aware Procurement of

Flexibilities for Electrical Grid

Operational Planning

Based on the reviewed commercial flexibility market platforms [5] and the survey recently con-

ducted by the Joint Research Centre (JRC) with companies like EPEX SPOT or Enedis [94], this

work assumes that both long-term and short-term products will probably be requested in future

flexibility markets, subject to the specific network needs in each case. The long-term flexibility

products are designed to defer network investment, while the short-term flexibility products

target congestion management and the strengthening of network resilience. However, a sig-

nificant challenge lies in determining the appropriate price caps (or annual flexibility budget),

which is comparatively more straightforward regarding long-term products associated with

investment deferral [95].

According to JRC, while the present state of local flexibility markets in Europe does not provide

a conclusive outlook regarding their future characteristics, a notable finding from the inter-

views is the anticipation of transitioning towards short-term flexibility markets [94]. The main

reasons are [94]: a) by enabling smaller assets (e.g., EVs) to participate in the procurement

process, there is enhanced liquidity that arises due to their ability to accurately forecast its flex-

ibility potential only in the short-term; b) improved grid forecasts closer to real-time mitigate

volume risk for network operators. Nevertheless, long-term contracts are expected to persist

as a means of securing reliability and integrating flexibility into the long-term expansion of

networks.

The focus of this work is on the short-term horizon, drawing inspiration from successful System
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Operator pilots such as the CoordiNet project Swedish pilot [96], sthlmflex project with NODES

platform [94], and the Redispatch 2.0 in Germany [97]. Additionally, insights are drawn

from market operator initiatives such as Enera Flexmarkt, operated by EPEX SPOT [94], and

OMIE with the IREMEL platform [5]. It is important to note that this methodology extends

beyond flexibility market procurement. It can also be applied for defining curtailment signals,

particularly for RES with non-firm connection contracts (like Enedis in France [90]).

For this work, the following assumptions were made. Firstly, day-ahead and intraday flexibility

markets occur before each energy trading session, which aligns with the flexibility market

platforms offered by NODES, GOPACS, and Enera [5]. The market operator collects the bids

submitted by Flexibility System Provider (FSP) and provides this information to TSO and/or

DSO. The flexibility needs can be revised in the intraday sessions with updated load and RES

forecasts and changes in the flexibility band. Secondly, availability and dispatch payments are

used for contracted flexibility. Thirdly, a pay-as-bid pricing method is considered for flexibility

payment, widely recognized as the most common payment scheme [5].

The availability price is a mitigation measure to ensure enough flexibility volume in the mar-

ket [5]. However, it is important to acknowledge that liquidity issues related to flexibility mar-

kets can still arise. For instance, the price cap established through the long-term analysis [95]

may significantly limit revenue opportunities for FSPs in technical constraints management

markets, particularly for those already involved in more lucrative markets such as wholesale

energy trading and frequency control. While addressing liquidity problems falls beyond the

scope of this work, the proposed methodology offers valuable contributions to mitigate this

issue. Firstly, the implementation of second-level forecasting effectively reduces the overall cost

associated with flexibility use, as shown in section 3.4. This approach minimizes expenses

and discourages an open-book mentality in the process of flexibility procurement. Secondly,

the proposed methodology also serves as a valuable tool to communicate the potential risk of

flexibility scarcity to the operator, as illustrated in section 3.4.5.

Furthermore, without loss of generality, this work considers hourly market intervals and three

forecasting moments: i) day-ahead forecast (for D+1) with NWP generated at 0h00, i.e., be-

tween t+24|t and t+48|t; ii) updated NWP data at 12h00, i.e., between t+12|t and t+36|t;

iii) 2-hour forecast before delivery, which can be used for intraday participation, i.e., t + 2|t.

Finally, the study and integration of various TSO-DSO coordination schemes are outside the

scope of this work. However, it is important to note that information from both TSOs and DSOs

can be effectively integrated into the proposed methodology, as elaborated in the subsequent

section.
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Figure 3.1: Building blocks of the risk-aware flexibility procurement

3.1 Methodology

Fig. 3.1 presents the building blocks of the proposed methodology. It departs from a large

volume of information, namely the full electrical grid, RES/load uncertainty forecasts, and a

set of flexibility options, i.e., dispatchable distributed generation, RES curtailment, Demand

Response (DR), storage, network reconfiguration, on-load tap changer (OLTC) and capacitor

banks/reactor shunts (Capacitor Bank (CB)/Reactance Shunt (RS)). Step by step, all this infor-

mation is filtered and finally condensed into a risk-cost curve from where the human operator

can select a preferred solution. This approach reduces the cognitive load of human opera-

tors and offers simplicity when analyzing the multiple flexibility options under uncertainty.

Moreover, it enables simultaneous analysis of multiple lines/buses with a high probability of

technical problems. The load and RES forecast uncertainty is represented by random vec-

tors (or scenarios) that can be generated by physical or statistical approaches and capture the

spatial dependency of forecast errors.

The first step focuses on running a power flow for each scenario, and computing, for each node

and branch, the probability of having an over/under-voltage and congestion issue. The oper-

ator can set a minimum probability to select and analyze a reduced set of critical buses/lines.

For this subset of elements, sensitivity indices (see section 3.2.1) relating active/reactive power

and the line’s current and node’s voltage are computed. Then, in a second step, the flexibility

options are filtered based on a sensitivity index minimum threshold to identify the most “rele-

vant” options for a specific technical problem. The third step includes performing a flexibility

ranking with the Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS)

method [98] (section 3.3.1), considering a set of risk metrics that measure how effective a

flexibility option is in solving a technical problem under uncertainty. It can also include prob-

abilistic information (risk metrics) from the TSO or DSO associated with conflicting actions.

Finally, the final step focuses on the design of a risk-cost curve (section 3.3.2) by combining a
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subset of flexibility options (e.g., 3 to 5 options) selected by the operator and considering only

the non-dominated solutions. The flexibility capacity of these options may also be constrained

in the curves due to conflicting actions arising from the activation of flexibility by both DSO

and TSO. The risk can be represented by different metrics, and without loss of generality, this

work uses the probability of having a congestion or under/over-voltage problem. To obtain a

preferred solution, we consider two decision-making paradigms: one based on the maximum

risk threshold and the other based on a trade-off value (section 3.3), where the risk threshold

and trade-off values are conditioned by the stakes level (i.e., risk of cascading failure) and op-

erator’s preferences. Note that this relation between risk and stakes borrows the fundamental

idea behind confidence-based decision-making theory [99].

The methodology above does not provide information about the best moment to book flex-

ibility, considering that i) forecast uncertainty will decrease with time and ii) the flexibility

availability price might increase with a shorter notification time. Thus, a time-to-decide prob-

lem is formulated based on the second-level forecasting concept (section 3.2.4), where the goal

is to forecast how the RES and load uncertainty forecasts change over time, as new informa-

tion is available. The term second-level forecast comes from the fact that we are, in essence,

computing a forecast of forecast uncertainty. For the flexibility price, it is assumed that the SO

has a forecast or that the price offers with different notification times are available in advance.

The second-level forecast of conditional quantile ⌢q
α

t+k|t , Eq. 3.1, generated with information

available at time instant t (forecast launch time) for time interval t + k, with nominal propor-

tion α (0< α < 1), and a forecast update rate of z time intervals, corresponds to the condi-

tional expected value of quantile q̂αn,t+k|t+z of the next forecast (i.e., generated at t+z) for the

same time interval t + k. f is the second-level forecasting model for each conditional quantile

α, and uses as covariates i) quantile forecasts q̂αt+k|t generated at t and ii) engineered fea-

tures that explain the level of uncertainty in the power forecast generated at t and exogenous

variables such as NWP, both denoted by Xαt+k|t with l variables, plus a random shock et+k|t .

⌢q
α

t+k|t = E[q̂
α
t+k|t+z|q̂

α
t+k|t ,X

α
t+k|t] = f
�

q̂αt+k|t , x̂1
t+k|t , . . . , x̂ l

t+k|t

�

+ et+k|t (3.1)

Fig. 3.2 depicts the integration of second-level forecasting into the time-to-decide problem, con-

sidering: i) forecast launched at 0h00 (t) for lead-time t+30 (day-ahead), and ii) two second-

level forecasts for the forecast that will be generated 12 hours later with NWP updated at 12h00

(i.e., ⌢q
α

t+30|t = E[q̂
α
t+30|t+12|q̂

α
t+30|t ,X

α
t+30|t]), and another for the forecast that will be gener-

ated 2-hours before delivery time (i.e., ⌢q
α

t+30|t = E[q̂
α
t+30|t+28|q̂

α
t+30|t ,X

α
t+30|t]). This leads to

three risk-cost curves that inform the operator about the possible outcome of waiting for the

next forecast to book flexibility, each one corresponding to three different forecasting launch

times for the “delivery hour”, t + 30|t, t + 18|t, and t + 2|t. In this illustrative example,

the preferred option would be to wait for the next forecast since the curve obtained with
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Figure 3.2: Time-to-decide framework and risk-stakes relation. The integration of second-level forecasts

into the time-to-decide problem generates risk-cost curves for a) forecast launched at 0h00 for lead-time

t + 30|t, and b) two second-level forecasts, one for the t + 18|t forecast (NWP updated at 12h00), and

another for the t + 2|t forecast. The preferred solution for the human operator is selected from a risk

threshold conditioned by the risk-stakes relation

the second-level forecast for t + 2|t indicates a lower flexibility cost for the same risk level.

Finally, it is essential to mention that contingencies were not considered. However, the method-

ology can be easily extended to include information about the probability of contingencies in

the risk modeling and combined with the scenarios.

3.2 Knowledge Construction for Flexibility Procurement

3.2.1 Sensitivity indices (SI)

Analytical method

This section presents the analytical method for deriving Sensitivity Indices (SI) for the electrical

grid, and a machine learning proxy to leverage from its very fast inference time and avoid ana-

lytical calculations for each grid operating scenario. The state-of-the-art approaches [100,101]

mainly follow an updated Jacobian matrix derived from the power flow algorithm. One of the

critical deficiency in following these type of methods is the necessity of redefining the Jacobian

matrix in case of any transition in system operation status that also may face convergence is-

sue due to inversion procedure. In addition, these approaches are limited to Newton-Raphson

(NR) powerflow methods. In this work, we follow the Ybus compound matrix method [102],

which offers a straightforward analytical derivation of node voltages and line currents sensitiv-

ities. This approach uses the whole admittance matrix of the network with sparsity advantage,

and is applicable to a generic number of slack buses. The Ybus matrix approach considers the
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inherent multi-phase and unbalanced nature of distribution networks.

In this work, the analytical solutions of the system of linear equations are provided by con-

structing a Characteristic Block Matrix (CBM), in terms of Ybus matrix and voltage vector el-

ements (before changing control variables) of the network, to extract (through a two-step

algorithm) the voltage magnitude and angle sensitivity full matrices versus variations of ac-

tive power/reactive power/OLTC/ shunt, and then using them to find the SIs of line currents.

It is worth mentioning that /CBM of the network extracts the voltage sensitivity full matrix for

flexibility without any iteration procedure, which makes it a computational efficient method

for large scale networks and real-time implementations.

The Ybus compound matrix approach [102] has more computational efficiency than Jacobian-

based methods in computing voltage magnitude and current sensitivity coefficients, however,

it still needs iteration to solve the system of linear equations through a three-step algorithm.

Furthermore, this approach is applicable only for networks without Generator Buses (PV) buses

since the authors assumed that by imposing perturbation in nodal power injections, the power

set points of other buses are not changed while, in practice, the active and reactive power

set points of PV buses are changed. Hereupon, in this work, we generalize the Ybus-extended

matrix approach to all electrical networks with all type of bus using the PV2Load Buses (PQ)

conversion method (explained in Appendix A.2). In addition, voltage sensitivity to OLTC tap

position has been derived in the rest of the Appendix A.2. We develop the same methodology

to extend it for Voltage SI versus Shunt elements.

To compute the voltage SI with respect to shunt (CB/RS) deviations for a network with M buses

(SB slack buses and N load buses) and Nsh shunts, within the framework of the Ybus-extended

matrix method and the PV-to-PQ conversion approach, the partial derivative of Eq. (A.4) with

respect to bsh, the shunt susceptance vector, is first calculated. Then, by denoting X = ∂ E
∂ bsh

,

recalling that only the diagonal elements of the admittance compound matrix have non-zero

derivatives with respect to bsh, rewriting complex matrices and vectors in rectangular coordi-

nates, and after straightforward but tedious partial-derivative, vector, and matrix manipula-

tions, we obtain

−F d = (αD + γ) · X d + (βD +η) · Xq (3.2)

for the real part and

−Fq = (βD −η) · X d + (−αD + γ) · Xq (3.3)

for the imaginary part. In above, the N×Nsh matrix F d and Fq are the real and imaginary parts

of F̄ , respectively, with F̄ = ED ·
∂ Ȳ
∂ bsh
· Ē. By denoting the admittance matrix of shunts per unit

as ȳ , the ki th column of F̄ , after some vector operations, calls:

[F̄]ki = ED · ĒD · ȳki
, 1≤ ki ≤ Nsh, (3.4)
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where ȳ
ki
= [ ∂ ȳ

∂ bsh
]

ki
, the ki th column of an N ×Nsh matrix with a non-zero element at the

l th row corresponding to the shunt bus number l. For an ideal shunt, that F d = Osh and

Fq = −|Ē|2D · δsh, where Osh and δsh are, respectively, the N×Nsh zero matrix and matrix of

which elements are zeros except those correspond to the buses which connected to shunts and

have values ±1 with +1 (-1) for CB (RS). Now, by: defining SVm(a),sh as the voltage magnitude

(angle) sensitivity matrix versus variations of shunts; substituting SVm(a),sh in Eqs. (A.12-A.13)

in replace with SVm(a),P(Q); rewriting Eq (3.4) in the rectangular coordinates and then including

it in Eqs. (3.2-3.3); and after matrix and vector operations, SVm(a),sh is obtained in terms of

the /CBM of network as follows:




SVm,sh

SVa,sh



= ±





A B

C D





−1

·





Osh

|Ē|2D ·δsh



 , (3.5)

where with + (−) for CB (RS) and the A, B, C , and D matrices are given by Eqs. (A.15-17).

For network topology reconfiguration, two approaches are used to compute the current change

due to network topology reconfiguration, Distribution Factor (DF) method [103] and a modi-

fication to Incidence Matrix (IM) method explained in [103]). To model the reconfiguration of

the power system network, a good candidate is the impedance (Zbus) matrix method because

of linearity and computational efficiency. First, we obtain Zbus of the network. Although, Zbus

matrix of the network can be constructed by the direct step-by-step method or by using basic

concepts from graph theory [104], in this work, we obtain it through inverting the Ybus full

matrix. The inverting Ybus method is efficient since it avoids complicated procedure, such as

lower and upper triangular matrix factorization and Gaussian elimination in the direct method

or using the branch-path incidence matrix and primitive admittance matrix in the graph the-

ory based method [104]. Then, having the Zbus matrix (detailed in the Appendix A.3) and the

branch-bus incidence matrix from graph theory, we apply the IM method to estimate the bus

voltage deviations by the sequential line switch actions. Finally, the voltage deviations from

the IM method has been used to find the current deviations after the foregoing switch actions.

For the sake of simplicity in notation, in the remaining of the document δ stands for the SI

associated to any flexible resource.

Machine learning proxy

The SI vary with the grid operating conditions, meaning each scenario requires an analytical

calculation. To decrease the computational time due to its fast inference time, the Gradient

Boosting Trees (GBT) model is used as a proxy to extract functional knowledge relating SI

and grid operating conditions. Firstly, a large set of grid operating scenarios is generated with

the NORTA (NORmal To Anything) method [105]. Then, the SI are analytically computed
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for this generated set of grid operating scenarios, and the GBT is fitted over this data using

active and reactive nodal power injection as input features. To keep low the number of input

variables while leveraging on the localized impact of active/reactive power nodal injections,

the Spearman rank correlation coefficient was applied to measure the correlation between

the time series of nodal power injection and the SI. Only the nodal injections exhibiting a

correlation above 0.5 were selected as input features.

The GBT model is then used to derive SI δt+k
i→ j,s (Eq. 3.6) for the forecasted scenario s, and for

grid element i (i.e., line/bus) and flexible resource j, and using as input a matrix of forecasted

active P̂t+k
s and reactive Q̂t+k

s power nodal injections for lead-time t + k. The mean absolute

percentage error of estimated SI with GBT was less than 1%.

δ̂t+k
j→i,s = f (P̂t+k

s , Q̂t+k
s ) (3.6)

The analytical method is only used for generating the training set of the GBT proxy, using

network operating scenarios generated by the NORTA method. Subsequently, the GBT model

is used in the remaining steps of the methodology.

3.2.2 Interpretation from sensitivity indices

The SI relate the rate-of-change in nodal voltage/line current as a linear function of active/re-

active power modulation, variation in CB/RS elements, or OLTC tap position. This information

could assist the human operator in figuring out the causal relationship between the technical

issue and the flexibility options. Fig. 3.3 depicts a causality tree divided into two levels (unre-

lated to the network topology), which is helpful to guide the human operator analysis to the

most suitable flexibility options. In Level 1, the SI represent the influence of each flexibility

option on reducing the overload in line i via downward/upward (active power) action over

the current operating point of each bus j. Since the activation of flexibility can have an inverse

impact on other grid elements (e.g., cause congestion in another line), the SI in Level 2 repre-

sent the negative (inverse) impact on other grid elements, which can be used to constrain the

activated flexibility in each node j.

From the SI and scenarios, it is possible to compute the contribution C j of each grid node (load

or generator) j forecast uncertainty to the forecasted technical problem in grid element i, via

the average deviation of a set of S scenarios around the point forecast ŷ∗t+k|t, j weighted by the

SI:

C j =
1
S

S
∑

s=1

ŷ∗t+k|t, j − ŷ s
t+k|t, j

ŷ∗t+k|t, j
·δs

j→i (3.7)

where δ j→i is the sensitivity of resource j to grid element i, and for scenario s.
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Figure 3.3: Causality tree for a congested line i and flexibility options in nodes j (Level 1). Level 2

corresponds to the inverse impact in other grid elements by applying the Level 1 actions

3.2.3 Flexibility modeling

Active and reactive power nodal flexibility

Comprises a FSP aggregating DER or individual RES power plants, DR, and storage system per

grid node, providing flexibility via upward/downward actions around their operating point.

The FSP can use advanced aggregation functions, such as [106], to effectively manage and op-

timize the heterogenous DER, considering technical constraints, market dynamics, operational

objectives, and different asset owners.

The flexibility value (FV), Eq. 3.8, represents the amount of active/reactive power that is com-

puted per flexible resource j, based on δs
j→i , to solve a technical problem considering the

max/min operational limit λl im (e.g., voltage or current limits) and the forecasted operating

conditions λs
i for each scenario s, where i means the element with a technical issue. The sug-

gested upward (F lexup
j ) and downward flexibility margin (F lexdown

j ) in the flexibility market

is an upper limit for FV s
j→i .

FV s
j→i =

λl im −λs
i

δs
j→i

(3.8)

As illustrated in Fig. 3.3, a specific flexibility action may create technical issues in other grid

elements with opposite SI signs. Thus, Eq. 3.9 is applied to limit the FV s
j→i value, conditioned

by the operational limits of the other grid elements v.

FV
′s
j→i = sgn
�

FV s
j→i

�

·min{|FV s
j→i|, min

∀v∈V,v ̸=i
{|
λmax −λs

v

δs
j→v

|}}, if: sgn
�

δs
j→i

�

̸= sgn
�

δs
j→v

�

(3.9)

In situations where conflicting actions between TSO and DSO may arise during the activation
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of flexibility, Eq. 3.9 can be applied to limit the FV s
j→i value. For example, suppose activating

a flexible resource within the distribution network leads to technical issues in the transmission

network. In that case, the TSO can communicate the parameters of Eq. 3.9 to enable the DSO

to compute the corresponding limitation. Alternatively, the TSO can simply communicate the

limitation percentage applicable to that specific resource.

Reaching the lower limit λmin for elements with the same SI sign is also possible where the

elements are forced to a minimum operational limit (i.e., bus voltage should be above 0.9

p.u.). In this case, Eq. 3.10 is applied.

FV
′s
j→i = sgn
�

FV s
j→i

�

·min{|FV s
j→i|, min

∀v∈V,v ̸=i
{|
λmin −λs

v

δs
j→v

|}}, if: sgn
�

δs
j→i

�

= sgn
�

δs
j→v

�

(3.10)

Moreover, the activation of FV s
j→i also creates a change in the slack bus active and/or reactive

power injection (in the opposite direction of the flexibility use), which can lead to technical

problems in grid elements with the same SI sign of δs
j→i . Thus, Eq. 3.11 is applied to limit

the FV s
j→i avoiding a second order technical problem due to the slack bus (sb) operating point

variation.

FV
′s
j→i = sgn
�

FV s
j→i

�

·min{|FV s
j→i|, min

∀v∈V,sb∈SB
{| −

λmax −λs
v

δs
sb→v

|}}, if: sgn
�

δs
j→i

�

= sgn
�

δs
sb→v

�

(3.11)

where V is the line and bus elements set, and SB is the set of slack buses in the system. The

same constraint in Eq. 3.10 is applied for the slack bus but conditioned to grid elements with

the opposite SI sign of δs
j→i due to a reverse reaction of the slack bus to the flexibility use.

Active power redispatch

Combined upward/downward action between two (or more) flexible resources/nodes, such

that total active power feed-in remains virtually unchanged, but the congestion is removed.

Note that, currently, redispatch actions are primarily employed by TSOs and are included in

our proposed methodology for completeness. The application of such actions in distribution

networks is still a subject of ongoing discussion, as highlighted in [107]. However, initiatives

such as redispatch 2.0 and 3.0 in Germany [97] have the potential to extend redispatch actions

to distribution networks.

In this case, the individual SI in Eq. 3.8 are replaced by the ones computed by Eq. 3.12 for

several n flexibility resources (i.e., j1, j2, ..., jn) participating in redispatch, where bs
j→i is an

indicator function equal to +1 if the action is upward and −1 if downward.

δs
{ j1, j2,..., jn}→i = Σ

j= jn
j= j1

bs
j→i ·δ

s
j→i (3.12)
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To avoid technical issues in other elements (lines or buses) Eq. 3.9-3.11) are checked for all

units participating in re-dispatch.

Reactive power flexibility from CB/RS

The FV for shunt elements follows Eq. 3.8 and moves on discrete steps determined by the steps

of the CB/RS unit as formulated in Eq. 3.13. The FV is communicated to the human operator

regarding step changes in shunt elements.

FV s
j→i ∈ {±Qu

j ,±2Qu
j ...,±stpmax

j ·Qu
j } (3.13)

where stpmax
j is an integer parameter representing the maximum allowed step-change in

CB/RS and Qu
j is the reactive power per step change in shunt element j.

OLTC

In this case, the FV in Eq. 3.8 will be equal to tap[%] · t pos, where t pos and tap[%] mean tap-

position and tap-percentage (i.e., percentage of voltage adjustment versus one-step change

in tap-position). Thus, Eq. 3.8 is reformulated to Eq. 3.14, where λs
i is voltage in bus i and

scenario s.

FV s
j→i = tap[%] · t poss =

λl im −λs
i

δs
j→i

(3.14)

Moreover, the goal is to determine the required voltage set-point that will be automatically

translated to a tap position by the OLTC, using the relation from Eq. 3.15.

V (set− point)sj = (1+ tap[%] · t poss) · V (set− point)ne
j (3.15)

In Eq. 3.15, if the tap position (t poss) remains zero, the voltage will be unchanged and equal to

the voltage set-point of OLTC j in neutral tap position V (set− point)ne
j (i.e., zero tap position).

Then, Eq. 3.15 could be revised as Eq. 3.16 using Eq. 3.14:

V (set− point)sj = (1+ FV s
j→i) · V (set− point)ne

j (3.16)

Like other flexibilities, the FV should be limited by the operating margins of other grid buses

using an equation analogous to Eq. 3.9. Similarly, the limitation of flexibility capacity can also

arise due to conflicting actions between TSO and DSO, as explained earlier.

Network topology

A combination of switching actions proposed to change the network topology while ensuring

it remains a traceable-connected graph. The candidate switching actions are selected based on
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their area-of-effectiveness, defined as the minimum path between two-side buses of the switched

line using graph theory. This approach avoids simulating all possible switching actions. There-

fore, the closing/opening actions are determined as follows: a) the closing action is applied to

normally open lines whose area-of-effectiveness includes the congested line; b) the opening ac-

tion is applied to normally closed lines in the area-of-effectiveness of the selected closing action.

It was assumed that the opening action only applies when preceded by a closing action within

the same area to prevent additional technical issues. As a result, the proposed actions can

include a single closing action, sequential closing actions, and sequential closing and opening

actions. This type of flexibility is considered in the decision-aid phase of section 3.3 together

with the other flexibilities.

Figure 3.4 presents an illustration of finding effective switching actions using graph theory for

an open-source electrical grid (MV Oberrhein). In this example, two normally open switches

have been considered for comparison: switchers 144 and 61. The green minimal path asso-

ciated to switch 144 includes the congested line (in red) and can be an effective switching

action to solve the congestion problem. In contrast, the blue path associated with switch 61 is

a less effective switching action since its area of effectiveness is far from the congested line.

Figure 3.4: Finding effective switching actions using graph theory for the MV Oberrhein network.

The line loading after each switching action can be estimated based on Eq (A.28-A.31) from

the Zbus method.
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3.2.4 Second-level forecasting

The second-level forecasting concept builds upon a set of computed probabilistic forecasts (set of

quantiles) generated with any forecasting algorithm. In this work, we used a GBT model with

feature engineering [108], with truncated generalized Pareto distribution for the distribution’s

tails [109]. This GBT model was extended with additional input variables for second-level

forecasting, namely variables engineered with the quantiles from the first-level forecast, i.e.,

forecast for the day D+ 1 with NWP data generated at 0h00 of day D.

A second model was an Encoder-Decoder Artificial Neural Network (ED-ANN) [110]. The En-

coder comprises two layers, which are Long Short-Term Memory (LSTM) network layers. The

LSTM has feedback connections and can model temporal or sequential information. The De-

coder comprises three internal layers: one LSTM and two fully connected layers, with linear

activation function. The Decoder produces the output iteratively, and the hidden state pro-

duced at each forecast step generates the next forecast. In the training phase, teacher forcing

was used, i.e., using the actual first-level forecast values as input for training the Decoder.

This model is popularly used in sequence-to-sequence (seq2seq) problems, where the main

goal is to use one sequence of varying length as input to produce an output of not necessarily

the same length as the input. One classic example for its application is machine translation.

The Encoder takes the input (a set of variables, detailed in subsection 3.2.4), processes it in

its internal network, and produces a context vector, a representational state of the input that

will then be passed as input to the Decoder. In turn, the Decoder iteratively forms a forecast

sequence based on new input variables and using the vector passed from the Encoder as an

initial state. In our case, the goal is to take inputs of length L (apart from the dimension

corresponding to the number of variables used) to generate a forecast sequence of the same

length.
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Figure 3.5: Encoder-Decoder ANN architecture for second-level forecasting.

Figure 3.5 depicts the architecture of the ED-ANN model. The Encoder comprises two layers,

40



3.2. Knowledge Construction for Flexibility Procurement

which are LSTM network layers. These structures have feedback connections and are capable

of modeling temporal or sequential information, resulting in a good choice for encoding the

initial input, given our adopted strategy. The output of the first layer is fed as input to the

second layer, which produces a hidden state, a context vector that represents the input. This is

what, as mentioned before, is fed to the Decoder. The Decoder is comprised of three internal

layers: one LSTM and two fully connected layers, with linear activation function. Having

only one unit, the last layer is what generates the output. The Decoder produces the output

iteratively, and the hidden state produced at each forecast step is used to generate the next

forecast, until a sequence of L values is formed.

Input variables for the second-level forecasting model

The input variables considered for the second-level forecasting models are summarized in

Table 3.1.

The set of inputs are divided in different categories. Groups I and II refer to variables which

are also input in the model used to compute the quantile forecasts at 00h00 in day D for D+1.

In Group I, they are all averages of the NWP for the locations of the wind turbines in each wind

power plant. Moreover, “Yes” in column “Lags/Leads” means that variables based on lags of

the referenced inputs were also included in the model, namely for the previous 1, 2 and 3

(lags) time intervals and also for the following 1, 2 and 3 (leads) time intervals, as described

in [108].

As for Group III, unless the target variables are either the 5% or the 95% quantiles, it is always

composed of three variables. We use the edge quantiles to introduce more information about

the first-level forecast.

Group IV pertains to statistics computed around the target quantile of the second-level forecast.

The goal is to include information regarding neighbouring quantiles, such as averages and

ranges between equally distant quantiles in respect to the target, as well as a simple inter-

quantile range, which are proxies for the uncertainty level.

Group V includes variables computed from a poor man’s ensemble (i.e., for a given time in-

terval, several forecasts available from different launch times in the past). The available NWP

had a forecast horizon of up to 90 hours and with 12 hours update rate. Given that we are

producing quantile forecasts at 00h00 of day D for day D + 1, it means that we have 4 dif-

ferent available NWP runs for day D + 1 (namely 24, 36, 48 and 60 hours before). The use

of these variables did not yield any improvement in almost all quantiles. In fact, on aver-

age, the model performed was worse than the best model, i.e., -0.17% improvement in the

second-level forecast for the 12h forecast and -0.03% for the 2-hours ahead forecast. Note
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Table 3.1: Listing of the input variables for the second-level forecasting model.

Group Type of variable Name of variable Lags/Leads Description
mean_mod10 Yes Average of wind module at 10 meter for all

turbines of target wind farm
mean_mod100 Yes Average of wind module at 100 m for all tur-

bines of target wind farm
mean_dir10 Yes Average of wind direction at 10m for all tur-

bines of target wind farm
mean_dir100 Yes Average of wind direction at 10m for all tur-

bines of target wind farm
num_0 No First component of the PCA decomposition

of the NWP variables across all wind farms
num_1 No Second component of the PCA decomposi-

tion of the NWP variables across all wind

farms

I NWP

num_2 No Third component of the PCA decomposition

of the NWP variables across all wind farms
hour_sin No Hour transformation into a circular variable

using sine function ( for hour t, sin t∗2π
24 )

II Calendar variables hour_cos No Hour transformation into a circular variable

using sine function ( for hour t, sin t∗2π
24 )

q05 No Quantile 5% of the forecasts computed at

0h00
q95 No Quantile 95% of the forecasts computed at

0h00III
Forecasted quantiles (at

00h00)
q{target} No Target quantile of the forecasts computed at

00h00
iqr_gen No Inter-Quantile Range (Difference between

quantile 75% and quantile 25%)
qr0_{target} No Quantile range (difference) between previ-

ous and following quantiles of target quan-

tile
qr1_{target} No Quantile range (difference) between second

previous and second following quantiles of

target quantile
mean_q{target} No Average of target quantile, the two previous

quantiles and the following two

IV
Statistics from forecasted

quantiles (at 00h00)

std_q{target} No Standard deviation of target quantile, the

two previous quantiles and the following

two
mean_mod10_mean No Average of mod10_mean variable for sev-

eral NWP forecast runs
mean_mod10_std No Standar deviation of mean_mod10 variable

for several NWP forecast runs
mean_mod100_mean No Average of mean_mod100 variable for sev-

eral NWP forecast runs
mean_mod100_std No Standard deviation of mean_mod100 vari-

able for several NWP forecast runs
mean_dir10_mean No Average of mean_dir10 variable for several

NWP forecast runs
mean_dir10_std No Standard deviation of mean_dir10 variable

for several NWP forecast runs
mean_dir100_mean No Average of mean_dir100 variable for several

NWP forecast runs

V

Statistical variables from

consecutive NWP

computations

mean_dir100_std No Standard deviation of mean_dir100 variable

for several NWP forecast runs
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that the “meteo-risk index” proposed in [111] to reflect the spread of the European Centre for

Medium-Range Weather Forecasts (ECMWF) Ensemble Forecasts (ENS) was also tested as an

input variable, but does not seem to have very much influence on the forecasting accuracy,

i.e., the improvement was below 2.9% (when averaging per quantile), which does not justify

the cost associated to the ENS data.

Finally, it is important to specify that the Decoder portion of the model requires an initial

value to start the generation of the forecast sequence. As such, we decided to use the last

value generated in the previous first-level forecast (for day D generated in day D−1), which is

valid sense since this value is available at the moment of second-level forecasting computation

for day D + 1 on day D. Moreover, in the training phase, teacher forcing was used (using

the actual first-level forecast values as input for training the Decoder, which improves model

accuracy).

In our experiments, different models and variables were tested. Some the variations that were

considered are:

Var1. Using Groups I-IV and, as a variation of Group I, including the same variables but for

the previous NWP runs (not including lags and leads);

Var2. Same as the previous model, but not using lags and leads for any NWP run;

Var3. Same as the previous model, but using lags and leads for both NWP runs;

Var4. Not including Groups IV and V;

Var5. Using all groups

Var6. For Group V, experimenting with a variation, consisting in using averages and standard

deviations of the differences in NWP for consecutive runs.

The variation considered the best performing was Var1, and the comparison of performances

is outlined in Table 3.2. It shows the average performance per WPP (in terms of percentage

improvement over the naive benchmark). It is important to note that the choice for best

performing model came from a combination of the results in both subtables: While in the

second-level forecast for the 12h forecast (Table a) the best performing model is actually Var3

(a difference of 0.19 percentage points, or pp), when considering the second-level forecast for

the 2-hours ahead forecast, Var3 has a greater advantage over the first (a 1.64pp difference).

In turn, when looking at Var6, it performs better on average in the 2-hours ahead forecast (only

slightly, by 0.02pp) but is outperformed by our best model with a greater margin (a difference

of 0.06pp).
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Table 3.2: Average improvement (percentage) per WPP for several model variations.

(a) second-level forecast for the 12h forecast

WPP Variations

Best Model

(Var1)
Var2 Var3 Var4 Var5 Var6

WPP00 7,51 2,21 7,71 10,71 6,41 9,09

WPP01 15,2 9,63 13,67 12,96 16,44 14,48

WPP02 6,01 8,84 6,21 8,95 8,67 4,03

WPP03 14 11,31 15,04 15,86 15,52 12,93

WPP04 11,25 7,81 12,55 3,96 10,39 9,9

WPP05 9,12 9,82 10,94 9,91 10,45 8,48

WPP06 10,59 7,78 6,91 7,85 6,9 7,62

WPP07 6,65 4,38 6,81 5,72 6 6,7

WPP08 2,17 3,67 4,4 6,03 1,14 2,24

Average 9,17 7,27 9,36 9,11 9,10 8,39

(b) second-level forecast for 2 hours-ahead forecast

WPP Variations

Best Model

(Var1)
Var2 Var3 Var4 Var5 Var6

WPP00 17,25 15,43 12,61 16,37 17,07 14,6

WPP01 18 18,36 15,83 16,76 17,2 12,32

WPP02 12,21 11,95 13,82 10,78 12,87 11,91

WPP03 13,42 13,17 7,19 12,33 12,75 11,29

WPP04 11,85 9,38 14,91 9,71 12,42 11,73

WPP05 16,03 20,36 17,32 14,05 17,71 12,96

WPP06 11,4 10,78 9,6 10,58 10,98 9,31

WPP07 13,88 11 12,59 8,65 13,35 10,48

WPP08 12,53 12,76 7,88 8,15 12,37 8,56

Average 14,06 13,69 12,42 11,93 14,08 11,46

Finally, Figure 3.6 depicts the timeline of inputs for the ED-ANN model. The model uses the

Encoder portion to process information regarding day D (with forecasts, NWP and other listed

variables computed on day D− 1) and then uses information about day D+ 1 on the Decoder

(computed on day D) to produce the forecasts. Hence, except for the last variable group, all

variables are doubled: one set for the Encoder (day D) and another set for the Decoder (day

D+ 1, see Figure 3.6). It should be mentioned that the same methodology has been followed

for predicting the tails (i.e.,quantiles - less than 5% and more than 95%).

D D+1D-1

Encoder

Decoder

Forecast horizon

0h00 0h00

Time of computation of
Encoder’s inputs

Time of computation of
Decoder’s inputs

12h00 22h00

Time of computation of
target forecasts

Figure 3.6: Timeline of the inputs used for the Encoder-Decoder model.

Results and second-level forecasting model comparison

The second-level forecasting skill is evaluated with the Mean Squared Error (MSE) considering

the difference between forecasted quantile (q̂αt+k|t+z) and second-level forecast of the same

quantile (⌢q
α

t+k|t). For assessing the performance of the GBT and ED-ANN models, a naive

benchmark model where ⌢q
α

t+k|t = q̂αt+k|t was used, assuming that there is no variation in the
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quantile forecasts with information (NPW and/or power observations) update. In other words,

the forecast generated at 00h00 in day D remains the same for the second-level forecasts. The

improvement (Eq 3.17) over benchmark model was computed for model mi, and divided by

i) time series, ii) quantile, and iii) hour of the day. As mentioned, two second-level forecasts

are considered, one for the forecast updated with NWP generated at 12h00 and another for 2

time intervals ahead (t + 2|t).

ImprovementMSE
mi =
�

1−
MSEm

MSEbenchmark

�

× 100% (3.17)

For our experiments, we used data from 9 WPP. Data from April 2019 to March 2020 was

used for model training, and from this portion, about 25% random samples were selected for

validation. The testing period spanned from April to September 2020. Note that the input and

target quantiles of the train set have been produced through k-fold cross validation over the

training period.

Figure 3.7 depicts, for some days, illustrative examples of first-level forecast and the two

second-level forecasts for different WPP and quantiles. In the first hours of the day for the

first three examples, the ED-ANN seems to be closer to the actual forecast than the GBT and

naive models. The results presented in this section will show that this is the general case for

the models’ performance. Also, for the second example (WPP03, quantile 50%), the ED-ANN

seems to be the better performing model for most of the hours of the day. The bottom two

examples in the figure show more comparable performances of the three models, with no clear

advantage for any specific model except for the last example, where GBT appears to perform

very well on the second part of the day.

Starting with the second-level forecast for the 12h00 forecast launch time in day D, Figure 3.8

shows the improvement over benchmark model per WPP, we can see that ED-ANN has results

that are comparable with the GBT, although the improvement is greater for the former in 5

different WPP. The differences in improvement are no greater than 3.5pp.

Figure 3.9 depicts the average improvement per quantile. One general aspect of the results is

that the improvement over benchmark is more significant on the extreme quantiles, and lowers

towards the middle quantiles. The GBT outperforms the ED-ANN in the extreme quantiles

(from 0.01% to 5% and also 90% and above), with improvements up to 10 pp greater (quantile

0.01%). The ED-ANN is the best performing model for the middle quantiles (10% to 85%).

In Figure 3.10, when analyzing the results per hour of day, an interesting trend is revealed:

the ED-ANN model has a frankly better performance for the first hours of the forecast horizon.

However, this is not unexpected, given the architecture of the model. Since the Decoder builds
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Figure 3.7: Examples of second-level forecasts for different WPP and quantiles.
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Figure 3.8: Improvement over naive model per WPP (second-level forecast for the 12h00 forecast)

each forecast sequentially in an iterative manner, it is somewhat common that the first steps

are significantly good, but since each value generated at each step is fed into the model to

compute the next one, errors in forecast gradually accumulate. Also, there is a possibility that

our choice of initial value for the Decoder portion of the model helped improve the forecast

performance.

For the ED-ANN, the improvement for the first three hours is 57.81%, 37.35% and 25.74%,

respectively. Then it decreases until it reaches a minimum of 7.72%. However, GBT improves
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Figure 3.9: Improvement over naive model per quantile (second-level forecast for the 12h00 forecast)

on the naive (benchmark) model more than the ED-ANN for the rest of the hours of the day,

reaching a maximum of 24,52% in the end of the day (at 21h).
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Figure 3.10: Improvement over naive model per hour of day (second-level forecast for the 12h00 forecast)

For 2 hours-ahead forecast, the performance is generally better for the ED-ANN model. Re-

garding the improvement averaged by WPP (see Figure 3.11), the ED-ANN outperforms the

GBT model for 7 in 9 WPP. They both improve on the naive model and are comparable in some

instances (the smallest differences in improvement are in the WPP where the GBT performs

better, and that difference is of , at most, 1.50 pp).

The average improvement in the 2 hours-ahead second-level forecast per quantile is depicted
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Figure 3.11: Improvement over naive model per WPP (second-level forecast for 2 hours-ahead forecast)

in Figure 3.12). While the GBT has a better (but comparable) improvement then the ED-ANN

from quantiles 0.01% to 04%, it is outperformed for the remainder of the quantiles. The same

pattern of having better performance in the extreme quantiles can be noted, just like for the

forecasts with NWP update at 12h00. Again it can be noted that both models always improve

on the naive model.
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Figure 3.12: Improvement over naive model per quantile (second-level forecast for 2 hours-ahead forecast)

Finally, the results per hour of day (see Figure 3.13) reveal the same pattern that we com-

mented before: the presence of a significantly higher improvement in the first hours of the

forecast horizon. The improvement in the first hour is around 61%, and then decreases. Al-
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though both models outperform the benchmark for all hours, there are some instances where

the GBT is the better model (from 06h to 09h and from 21h to 23h). There are even some

hours where the models’ results are practically the same (see hours 12h to 14h).
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Figure 3.13: Improvement over naive model per hour of day (second-level forecast for 2 hours-ahead

forecast)

To conclude, these forecasting results show potential for exploring the second-level forecasting

concept, in particular the ED-ANN architecture to produce second-level forecasts. The addition

of new inputs, such as statistics computed from the forecasted quantiles and also the introduc-

tion of poor man’s ensembles improved the model performance. However, there is potential

for improvement, namely in increasing the forecasting skill of lead times greater than t + 12,

which our proposed framework struggles with keeping a stable performance.

3.3 Decision-aid Phase

3.3.1 Flexibility ranking

After calculating the FV s
j→i (see section 3.2), the next step is ranking the individual flexibility

options according to their effectiveness in solving the technical problem under forecast uncer-

tainty. Firstly, the line loading/bus voltage after flexibility use is computed for each scenario:

λ
′s
i = FV s

j→i ·δ
s
j→i +λ

s
i (3.18)

where λs
i and λ

′s
i are the line loading/bus voltage of element i before and after flexibility

activation.

Secondly, for each scenario, s, the severity function from [17] associated with line conges-

tion/voltage violation (see Eq. 3.19) is applied to the value of λ
′s
i , where λ%

i is the loading
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percentage of the line i (an analogous equation is applicable for voltage problems).

Severi t yi = 0.1 ·
�

λ%
i − 90
�

(3.19)

The flexibility cost corresponding to FV s
j→i is also computed considering the flexibility bid

price. The cost of the system operator assets was computed with the methodology from [112],

described in Appendix A.1.

It is important to underline that the goal here is to rank each flexibility option. Thus, cost and

severity are computed for each scenario and flexibility option. Then, risk metrics are com-

puted from the severity and flexibility cost, namely: expected value and value-at-risk (VaR)

of the flexibility cost, expected value and Value-at-Risk (VaR) of the severity, probability of

over/under-voltage, or congestion. In situations involving conflicting actions between TSO

and DSO, an alternative approach to constrain the FV s
j→i in Eq. 3.9 (as explained in sec-

tion 3.2.3) is to incorporate risk metrics that quantify the potential impact on the TSO or

DSO networks. This can include metrics such as the probability of congestion occurring in an

upstream line within the TSO network.

Note that these metrics are computed for all flexibility options described in section III-C, in-

cluding network reconfiguration actions (whose impact is estimated with the Zbus matrix – see

section 3.2.1). Then, the TOPSIS method is applied to rank the flexibility options (i.e., set of

alternatives), using the risk metrics as criteria. The TOPSIS method is then used to rank the

flexibility options (i.e., set of alternatives) with the risk metrics as multi-criteria. This tech-

nique ranks the options based on the Euclidean distance to the Positive Ideal Solution (PIS)

and Negative Ideal Solution (NIS) . For decision matrix XM×N with M options and N criteria,

vM×N (vM×N = X́M×N ·WN×1) is the weighted decision matrix considering WN×1 as weighing

matrix and X̂M×N as the normalized version of XM×N :

x́mn =
xmn
q

Σk=M
k=1 x2

kn

(3.20)

where X́M×N = ( x́mn)M×N and XM×N = (xmn)M×N ). In this case all the mentioned metrics has

negative impact, therefore:

PIS= { min
∀m∈M

vm,n|n ∈ N} (3.21)

NIS= {max
∀m∈M

vm,n|n ∈ N} (3.22)

Then, the geometric distance from PIS and NIS for each solution denoted by d+m and d−m,

respectively.

d+m =
√

√

∑

n

(vm,n − PIS)2 (3.23)
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d−m =
√

√

∑

n

(vm,n −NIS)2 (3.24)

Finally, the options will be scored by similarity to worse solution coefficient, where the option

with best condition has the highest SWS value (Eq 3.25):

SWSm =
d−m

d−m + d+m
(3.25)

Figure 3.14 depicts an example of multiple flexibility options ranked with TOPSIS for a line

congestion problem.
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Figure 3.14: TOPSIS score over five risk metrics considering multiple potential solutions

There is no differentiation between flexibility types during the ranking process. For instance,

if a network switching action ranks among the top solutions, it will be included in the set of

actions used to construct the risk-cost curves discussed in the following subsection.

3.3.2 Risk-cost curves

The top three to five flexibility options are selected for combination following the flexibility

ranking. All the possible combinations, including binary actions and actions with discrete and

continuous values, are considered. Only the non-dominated ones create the risk-cost curve

among all these possible combinations. Therefore, there will be several possible combinations

of flexibility options, which lead to the grey points in the risk-cost mapping from Figure 3.15

for a congested line problem. Among all these possible combinations, only the non-dominated

ones are used to construct the final risk-cost curve, as depicted in the blue curve of Figure 3.15,

where risk is represented by the probability of congestion in line i.
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Figure 3.15: Selection of non-dominated solutions from the combination of options

This approach is applied to the uncertainty forecast available in the present time and to

the second-level forecasts generated with the methodology described in section 3.2.4, which

will result in multiple risk-cost curves (one for each forecast).

3.3.3 Decision-making paradigms

The final step (decision) requires the involvement of a human decision-maker to select a pre-

ferred solution from the risk-cost curve(s). Two alternative decision-making paradigms are

considered:

Maximum risk-threshold

Sets a maximum threshold for the risk level conditioned by the decision stakes. In this work,

the stakes are directly linked to the risk of cascading failures in the grid if the technical problem

is a congested line. A similar concept can be derived for voltage problems, e.g., propagation

effects of over-voltage in the protection system. The cascading risk is computed by simulating

(using the Zbus method, in each scenario s) the impact on all the grid lines of tripping the

congested line i and computing the expected number of lines tripping. This expected value

is normalized between 0 and a maximum pre-defined value for the cascading simulation and

re-scaled into a scale of integer numbers that is easy to analyze by a human operator (e.g.,

between 1 and 10).

It is necessary to find, via interaction with the human decision-maker, a functional relation

between stakes (risk of cascading) and maximum risk threshold so that stakes condition the

risk level in each decision. A simple method to find this functional relation is a direct rating

(e.g., the decision-maker is asked to state the maximum risk for stakes equal to 10). Still,
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other methods like direct mid-point can be used [113].

Risk-cost trade-off

The preferred solution is the one with the minimum equivalent cost, Eqcost (Eq. 3.26), ob-

tained by considering a trade-off value µ between risk and cost for each solution p in the curve.

The trade-off value can be determined by interaction with the decision-maker, such as indif-

ference judgments [113], and estimated for each stake level, creating a functional relation

between trade-off value and stakes. In this case, the higher the stakes, the higher the trade-off

value, i.e., the decision-maker is willing to pay more to decrease risk.

Eqcostp = costp +µ · riskp (3.26)

3.4 Numerical Results

3.4.1 Case-study description

The 20 kV Oberrhein MV network supplied by two 25 MVA HV/MV substations1 was used with

some modifications to increase RES penetration and create technical problems. The network

supplies 141 MV/LV (secondary) substations and 61.86 MW loads (peak power) through four

MV feeders. The topology is meshed but is operated as a radial grid. It contains 147 con-

sumers, nine WPP, four Combined Heat and Power (CHP) units, and three storage systems.

The secondary substation load measurements were taken from the Iowa Distribution Test Sys-

tem [114], and the wind power measurements are from WPP in France (the location cannot be

disclosed for confidentiality reasons). The NWP are from the ECMWF High-Resolution Fore-

cast model. Without loss of generality, the uncertainty forecast has been applied only for WPP,

and a perfect forecast was used for the substation load and CHP. The training period is from

2019-04-01 to 2020-03-30, and the testing period is six months, starting on 2020-04-01.

In terms of flexibility, the bid by generation units (i.e., WPP and CHP) was considered as 30%

of the point forecast for upward/downward directions, while the upward direction for WPP

was not considered. As assumed in [115], a shorter notification time can increase the flexi-

bility price. Thus, the following was considered: 40% price increment for booking flexibility

12 hours later (assuming the present moment as the reference time) and 90% for booking

two hours before the delivery time. A sensitivity analysis of these prices is presented in Sec-

tion 3.4.6. Without loss of generalization, it was assumed that availability and activation prices

for flexibility are equal.

For DR, we considered a specific time schedule for its availability, and the maximum flexibility

1https://pandapower.readthedocs.io/en/v2.0.0/networks/mv_oberrhein.html
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Table 3.3: Functional relation between stakes and risk threshold/trade-off value for different DM

Stakes (ρ) range

Decision-making approach 0≤ ρ ≤ a∗ a < ρ ≤ 7 7< ρ ≤ 10

DM A: Maximum risk threshold 10 6 3

DM B: Maximum risk threshold 20 15 10

DM C: Maximum risk threshold 25 20 20

DM D: Risk-cost trade-off 30 50 70

DM E: Risk-cost trade-off 70 90 110

∗ Parameter a for DM A is equal to 3, for DM B, DM D and DM E is equal to 4, and for DM

C is equal to 2.

is 30% of the electrical energy consumption in a specific hour for upward/downward direc-

tions. In the case of storage units, flexibility was determined by the FSP as a function of battery

state-of-charge and depth-of-discharge.

To evaluate the impact of different human DMs, different curves relating stakes and risk

threshold/trade-off are considered in Table 3.3.

The proposed methodology can address both congestion and voltage issues. However, the

main focus was on congestion problems.

3.4.2 Benchmark Strategies and Evaluation Metrics

For benchmark, the following strategies were considered:

T2D: Novel concept proposed in this work where the operator decides i) book flexibility now

or ii) wait for the next forecast update and book flexibility later.

Decision-Now (DN): The operator, using the information from uncertainty forecasts, decides to

book flexibility at the lowest (availability) cost based on forecasts generated with NWP gener-

ated at 0h00.

Deterministic 1 (D1): The operator decides, based on a deterministic forecast, to i) book flexi-

bility now or ii) wait for the next forecast update and book flexibility later.

Deterministic 2 (D2): The operator always decides based on the very short-term forecast, i.e.

t + 2|t.

The probabilistic method from [91].

The overall evaluation of the results considered two evaluation matrices: the classical confu-

sion matrix and the cost-loss matrix (see Table 3.4). The confusion matrix is used to evaluate

the performance of each strategy in detecting congestion problems, from which F-score accu-

racy metrics are computed to measure the balance between the precision (i.e., dividing the
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Table 3.4: Cost-loss matrix to evaluate the performance of the predictive grid management process

Event occurred Event did not occur

Action taken

Cell A:

Rate-of-occurrence (h%)

Flex cost (C) + Loss (L)

Cell B:

Rate-of-occurrence (m%)

Flex cost (C)

Action not taken

Cell C:

Rate-of-occurrence (f%)

Loss (L)

Cell D:

Rate-of-occurrence (c%)

Zero cost

true positives (TP) by anything that was classified as a positive) and recall (i.e., dividing the

True Positives (TP) by anything that should have been classified as positive).

The cost-loss matrix draws inspiration from the threshold-based cost-loss analysis method de-

scribed in [116] for evaluating weather forecasts. For this problem, the matrix was adapted

to the following: flex cost (C) corresponds to the preventive actions cost (i.e., flexibility cost);

loss (L) corresponds to real-time emergency action (i.e., load or generation curtail) to solve

the congestion problem with a monetary cost corresponding to the Value-of-Lost-Load (VoLL),

considered to be 12000 €/MWh [117]. The table can be summarized into the summation of

the matrix elements, each weighted by the percentage of occurrence, which is performance

indicator γ:

γ= (C + L) · h+ C ·m+ L · f + 0 · c (3.27)

3.4.3 Second-level forecasting performance

The set of input variables is divided into five categories. Group I consists of variables computed

from the NWP data (i.e., generated at 0h00 in day D), namely: the wind module and direction

at 10 and 100 meters, averaged for the locations of the wind turbines in each wind power plant,

lags and leads (t ± 3) of these variables, as described in [108]. The first three components of

the PCA decomposition of the NWP variables across all wind power plants (WPP) are also part

of this group. Group II pertains to calendar variables, namely sine and cosine transformations

of the hour of the day.

Group III are variables directly extracted from the first-level forecasts, namely the quantiles

5%, 95%, and the target quantile. Group IV is a proxy for the uncertainty level extracted from

the first-level forecasts, namely: the difference between quantiles one position away from the

target quantile (i.e., previous and following quantiles); the difference between quantiles two

positions away from the target quantile; the average and standard deviation of the set of target

and neighboring quantiles (two before and two after the target quantile); inter-quantile range.
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Table 3.5: List of input data variations for the second-level forecasting model

Name Variable Groups Modifications

Var1 I-IV Include another set of variables, identical to Group I, but with

NWP variables generated at 0h00 of day D-1. This set does

not include lags and leads

Var2 I-IV Same as Var1 but not using lags and leads in both Group I and

the identical set added

Var3 I-IV Same as Var1, using lags and leads in both Group I and the

identical set added

Var4 I-III

Var5 I-V

Var6 I-V Group V is modified using averages and std. dev. of the

differences in NWP consecutive runs

Group V includes variables computed from a poor man’s ensemble [111], given that we have

a time horizon of up to 90 hours and 12 hours NWP updates. Using these variables did not

yield any improvement in almost all quantiles. In fact, on average, the model performed

was worse than the best model, i.e., -0.17% improvement in the second-level forecast for the

12h forecast, and -0.03% for the 2-hours ahead second-level forecast. The meteo-risk index

proposed in [111] reflects the spread of the ECMWF ensemble forecasts was also tested as an

input variable. The improvement was below 2.9%, which does not justify the cost associated

with this data. Different variants of input variables were tested, as shown in Table 3.5.

The second-level forecasting skill is evaluated with the MSE considering the difference between

forecasted quantile (q̂αt+k|t+z) and second-level forecast of the same quantile (⌢q
α

t+k|t). More-

over, a naive benchmark model where ⌢q
α

t+k|t = q̂αt+k|t was used, assuming that there is no

variation in the quantile forecasts with an information update. The MSE improvement over

the benchmark model was computed for each model. As mentioned previously, two second-

level forecasts are considered: second-level forecast for forecast updated with NWP generated at

12h00, and second-level forecast for two hours-ahead forecast. We used data from nine WPP

for our experiments. Data from April 2019 to March 2020 was used for model training, and

from this portion, about 25% random samples were selected for validation. The testing period

spanned from April to September 2020. Note that the input and target quantiles of the training

period have been produced through k-fold cross-validation.

Table 3.6 presents the mean (overall WPP, quantiles 5% to 95% with 5% increments) improve-

ment over the naive model for different model variations from Table 3.5. The best performance
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Table 3.6: Mean percentage improvement (per WPP) over the naive model for different model variations.

Model Variations
Second-level forecast

Var1 Var2 Var3 Var4 Var5 Var6

NWP generated at 12h00 9.17 7.27 9.36 9.11 9.10 8.39

2-hours ahead forecast 14.06 13.69 12.42 11.93 14.08 11.46

Table 3.7: Improvement over naive model per WPP

Second-level forecast

Model

WPP

0 1 2 3 4 5 6 7 8

12h forecast

GBT 17.0 23.0 18.5 25.8 17.5 18.5 15.4 15.1 14.3

ED-ANN 13.7 25.2 18.6 26.1 18.9 16.5 15.8 13.0 11.9

2-hours ahead forecast

GBT 19.4 32.7 19.9 16.3 18.7 22.6 17.9 13.6 23.2

ED-ANN 24.9 31.2 22.8 21.5 20.9 26.7 21.5 16.2 23.1

is from model variation Var1. This combination of variables is used to compare GBT and ED-

ANN.

The results, averaged by WPP and including extreme quantiles (lower than 5% and higher

than 95%), are shown in Table 3.7. Starting with the second-level forecast for the 12h00 fore-

cast launch time in day D, we observe that ED-ANN shows results comparable with the GBT,

although the improvement is higher for the former in five WPP. For the second-level forecast

for two hours-ahead forecast, the ED-ANN outperforms the GBT model for seven WPP. Both

improve on the naive model, showing the potential for exploring the second-level forecasting

concept, in particular, the ED-ANN architecture.

3.4.4 Illustrative example

This subsection presents an example for line 155 on August 13, at 17h00, to demonstrate the

potential of the time-to-decide approach in reducing false congestion alarms since the observed

(real) loading of this line was 37.6%. The forecast launched at 0h00 for day D+1 (i.e., t+42|t)

estimated a probability of congestion equal to 39.6%. In contrast, the two second-level forecasts

(for D+1 with NWP at 12h00, and for t + 2) show a decrease in the probability, 23.6%, and

16.6% correspondingly, which might indicate a false congestion alarm.

Fig. 3.16 illustrates the contribution of the nine WPP (C j in Eq. 3.7), depicted through gradient
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Figure 3.16: Contribution (C) of RES power plants forecast uncertainty to the forecasted probability of

congestion in one line

color, for the false congestion alarm in line 155. In this case, the highest contribution (i.e.,

36.7%) is from the WPP at bus 51 (where line 155 is connected), which has a higher forecast

absolute error for that time interval (47.26% of rated power), followed by WPP connected to

bus 31 with a contribution of 23.87% and an absolute forecast error of 52.53%.

Fig. 3.17 depicts the line loading’s probability density function (PDF) for the three different

forecasts obtained with the kernel density estimation over the scenarios samples. The point

forecast (100.3% of the line loading) and observed value (37.6% of the loading) are also

presented.

The risk vs cost curves for each forecast are depicted in Fig. 3.18. Using the risk threshold-

stakes curve in Table 3.3, and since, in this case, the stakes are equal to 6, the risk threshold

is equal to 6% (in DM A) and 15% (in DM B). For DM A, book flexibility only two hours in

advance (t + 2|t) is preferred. Note that the stakes for the two second-level forecasts are equal

to 4, which leads to a risk threshold of 6% for DM A. Therefore, the operator should wait

for the upcoming forecasts and not book any flexibility. Then, 12 hours later, the operator

receives an updated forecast for the same hour (now lead-time t +30|t) and a second second-

level forecast for t+30|t+28. Due to the lower total flexibility cost in the second-level forecast

for t + 30|t + 28, the operator will postpone the flexibility booking for the last forecast in

t + 2|t. The very short-term forecast launched at t + 2|t estimates a near zero probability of
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Figure 3.17: PDF of the line loading obtained with day-ahead forecast and second-level forecasts

congestion, as depicted in Fig. 3.19, meaning that no flexibility is necessary for that specific

hour. The same procedure could be followed for the risk level of DM B, and it would also reach

this point where flexibility is not used. Therefore, the proposed time-to-decide methodology

can result in a reduction of the flexibility cost and false alarms through the use of second-level

forecasts.

3.4.5 Practical issues

Flexibility scarcity

Flexibility scarcity events might occur (e.g., due to low flexibility market liquidity) and can be

detected in advance by the proposed method. For instance, on April 14, at 11h00, the observed

loading at line 49 was 124.47%. This congestion was detected with the forecast for t + 35|t

with a probability of 89.9%. The risk-cost curve for the t+35|t forecast is depicted in Fig. 3.20.

The set of actions for the lowest reachable risk (i.e., 79.6%) are active power curtailment of

30% in WPP and CHP unit of bus 29 and WPP of bus 51 together with 20% in buses 43 and

117. However, these actions are insufficient for solving this technical issue or reaching an

acceptable risk threshold for a decision-maker. In this case, the congestion problem will occur,

leading to real-time control actions (e.g., RES curtailment) and a monetary loss of 329.76€.

Conflicting action between TSO and DSO

In this illustrative example, line 155 on July 5 at 04h00, a solution at the distribution level cre-

ates transmission-level problems. The TSO has two possibilities to integrate this information:
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Figure 3.18: Risk-cost curves for the forecast and two second-level forecasts launched at 0h00
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Figure 3.19: PDF of line loading of forecast launched at t + 2|t

a) incorporating risk metrics into the flexibility ranking that quantify the potential impact on

the TSO network (as explained in section 3.3.1); b) imposing a limit on the FV s
j→i value to

prevent technical problems in the transmission network (as explained in section 3.2.3).

To illustrate the first possibility, Table 3.8 presents the modification in the flexibility ranking by

incorporating the probability of congestion in the transmission network (referred to as “TSO

risk” in the Table for simplicity) and the set of top flexible resources. Using this approach,

the information from the TSO would be used to influence the flexibility ranking and select

the actions with a lower probability of creating technical problems in the upstream network.

This implies that flexibility options with higher costs may be placed in the top-ranked posi-

tions because of their capability to avoid technical issues in the transmission network. For the

second possibility, Fig. 3.21 depicts the risk-cost curves as an example for the t+28|t forecast,
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Figure 3.20: Risk-cost curve for a case with flexibility scarcity

with and without TSO limitation to the FV s
j→i . The curve with TSO limitations shows that

to maintain the same risk threshold (e.g., 5%), a higher cost for flexibility is necessary. As a

result, constraints on flexibility due to conflicting TSO-DSO actions could result in expensive

solutions.

Table 3.8: Flexibility ranking without and with TSO limitation

Without TSO limitation With TSO limitation

Flexibility actions Flexibility actions TSO risk [%]

APC WPP @ bus 31 APC WPP @ bus 51 8.33

APC WPP @ bus 65 APC WPP @ bus 65 16

APC WPP @ bus 51 APC WPP @ bus 31 77.42

APC WPP @ bus 29 APC CHP unit @ bus 30 71.58

APC CHP unit @ bus 30 APC WPP @ bus 29 98.44

1 APC stands for active power curtailment.

Changes in flexibility level

The forecasted congestion of line 155 on July 5 at 05h00 was selected for sensitivity analysis of

the flexibility level (i.e., maximum flexibility per flexibility resource). Three flexibility levels

were considered: 10%, 30% (which will be used in the remaining work), and 70% of the

RES point forecast or load. The impact of this change on the risk-cost curve for t + 2|t is

depicted in Fig. 3.22. It shows that reducing the flexibility level can prevent the curve from

reaching a lower risk level. Moreover, for the same risk level, the total flexibility cost for a

70% flexibility level is lower since a larger volume of flexibility from top-ranked solutions is

available. The result of the T2D strategy for different flexibility levels is presented in Table 3.9
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Figure 3.21: Risk-cost curves for the cases with and without TSO limitation in the flexibility value (FV)
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Figure 3.22: Risk-cost curves for the t + 2|t forecast considering different flexibility levels

for DM A. In the 10% flexibility level, the risk-cost curve cannot reach the risk threshold defined

by the DM, and real-time RES curtailment actions will be necessary to solve the congestion

problem. Increasing the flexibility level to 30% and 70%, the congestion will be solved with

the “reserved” flexibility. However, the cost of booking flexibility with a 70% flexibility level is

lower. In both 30% and 70%, the solutions obtained by the T2D strategy outperform the DN

strategy.

3.4.6 Overall evaluation

An overall evaluation was conducted over six months from April to September 2020). All the

simulations were run on a cloud-based virtual machine with AMD EPYC CPU with 8-core 2.94

GHz, 32 GB RAM, and Microsoft Windows 10 Pro. Table 3.10 presents the computational time

of each step in the proposed method.

To evaluate the congestion detection performance of each strategy, the F1-score and F3-score
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Table 3.9: Sensitivity analysis of the T2D strategy for different flexibility levels

T2D approach DN approach

Flexibility

level
Flexibility cost [=C] Loss [=C] Total cost [=C] Total cost [=C]

10% 78.9 945.5 1024.4 1024.4

30% 457.4 0 457.4 525.2

70% 426.1 0 426.1 520.3

Table 3.10: Computational time of different steps in the proposed methodology

Step Computational time (sec.)

Flexibility value calculation 64s (0.25s/scenario)

Flexibility ranking 0.016s

Risk-cost curve 47.59s

Decision-aid 0.14s

are reported in Table 3.11. The T2D approach achieves the highest score, with DM A (using a

lower risk threshold) showing higher performance in F3-score, while DM B outperforms in F1-

score. The deterministic strategies show the lowest score due to a lower rate of TP detection

(and a high rate of FN cases). The probabilistic approaches overcome this limitation, and the

rate of FP is reduced in the T2D strategy due to the information provided by the second-level

forecasts. The benchmark model from [91] is outperformed by T2D in DM A, B, D, and E.

The results of the cost-loss matrix per DM strategies are presented in Fig. 3.23–3.24. The

probabilistic strategies show a lower rate-of-occurrence and total cost in Cell C “action not

taken, event occurred”. This shows their effectiveness in addressing overlooked congestion

cases, in contrast to the deterministic strategies. The higher rate-of-occurrence and total cost

in matrix row “action taken” (Cells A+B) are due to more congestion problems solved, mixed

with some false congestion alarms (a “side-effect” of risk-based approaches).

Compared to the DN strategy, the T2D strategy shows a lower rate-of-occurrence and total cost

for matrix Cell C “action not taken, event occurred” and Cell A “action taken, event occurred”

since, with the use of second-level forecasting, the human operator may decide book flexibility

now or postpone the decision to the next forecast. In this case, the strategy also benefits from

the possibility of detecting overlooked congestion (i.e., reducing the FN cases). Moreover,

the T2D strategy can significantly reduce the cost caused by false alarms, which is reflected in

a higher rate-of-occurrence in Cell D “action not taken, event did not occur”. The possibility of
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Table 3.11: Accuracy metrics for evaluating congestion detection performance and cost-loss matrix perfor-

mance indicator-γ

Strategy Precision Recall F1-Score F3-Score γ [M€]

D1 0.53 0.08 0.13 0.08 26.03

D2 0.53 0.03 0.06 0.03 27.03

Model from [91] 0.45 0.74 0.56 0.69 14.74

DN: DM A 0.45 0.71 0.55 0.67 5.05

T2D: DM A 0.56 0.79 0.66 0.76 3.98

DN: DM B 0.49 0.63 0.55 0.61 6.21

T2D: DM B 0.65 0.69 0.67 0.69 4.93

DN: DM C 0.50 0.60 0.54 0.59 6.63

T2D: DM C 0.66 0.66 0.66 0.66 5.27

DN: DM D 0.43 0.69 0.53 0.65 4.92

T2D: DM D 0.50 0.77 0.61 0.73 4.29

DN: DM E 0.44 0.69 0.53 0.65 4.76

T2D: DM E 0.48 0.78 0.59 0.73 3.72

selecting the flexibility booking moment by the T2D strategy can reduce the cost significantly,

as explained in section 3.4.4. The comparison between the three different DM, shows distinct

results and that DM A with lower risk thresholds (in comparison to DM B and C) can further

reduce the loss of preventive management while paying more for the flexibility than the other

two DM. The trade-off strategy (DM D and E) provides the DM with the ability to manage the

balance between risk and cost effectively. For example, DM D was willing to pay 30€ and

70€ to achieve a 1% reduction in risk. This level of control over risk and cost is not possible

with the risk-threshold strategy (DM A-C), where the DM can only determine the maximum

acceptable level of risk without considering associated costs. Consequently, this limitation may

result in the implementation of costly solutions to meet the risk threshold. In this case, DM D

contracts more flexibility to solve the technical problems (higher rate-of-occurrence in Cell B

“action taken, event did not occur”) compared to DM B and C, which have lower risk thresholds

than DM A. DM E has higher trade-off value then DM D for each stakes level, which means

that it is willing to pay more to decrease the risk. For instance, for DM E, this leads to a higher

total cost in Cell B “action taken, event did not occur”, but also to a lower rate-of-occurrence

than DM D.

The performance indicator γ was computed for each strategy, and results are presented in

Table 3.11. These results show that the D1 strategy that “reserves” flexibility in the moment

with lower flexibility price, but higher uncertainty (which leads to higher “reserved” flexibil-
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Figure 3.23: Rate-of-occurrences for each cell of the cost-loss matrix.
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Figure 3.24: Total cost for each cell of the cost-loss matrix.

ity), has 3.69% better performance than D2 strategy. The DN strategy has 80.61%, 76.12%,

74.53%, 81.09% and 81.73 improvement over the D1 strategy. The performance of the T2D

strategy was evaluated concerning the DN strategy in each DM strategy, where an improve-

ment of 21.08%, 20.72%, 20.45%, 12.78%, and 21.74% was obtained by DM A, DM B, DM C,

DM D, and DM E, respectively. These results show the advantage of the proposed T2D strat-

egy. Moreover, the benchmark model from [91] was outperformed by the T2D strategy in all

DM A-E. Lastly, it is important to acknowledge that distinct risk profiles of DM can result in

different performances. Consequently, an area of future research lies in integrating DM pref-

erences into the cost-loss matrix and corresponding performance metric. This would enable

direct comparisons between decision paradigms (e.g., risk-threshold vs trade-off) or DM.

The performance of the proposed T2D strategy for different flexibility price increment per-

centages as a function of the notification time. The previous results assumed increments of

40% and 90%. The evaluation was conducted through a sensitivity analysis in Table 3.12.
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In all cases, the T2D strategy consistently outperformed the DN strategy, showing an average

improvement of 20.75%. Furthermore, the minor variations observed in the performance in-

dicator γ indicate the robustness of the T2D strategy to changes in flexibility prices with the

notification time.

Table 3.12: Sensitivity analysis for different flexibility price increments (in %) as a function of the notifi-

cation time

Strategy booking 12 hours later 2 hours before delivery γ [M€]

DN - - 5.048

T2D 40% 90% 3.984

T2D 40% 110% 4.000

T2D 40% 70% 3.979

T2D 20% 70% 4.015

T2D 70% 110% 4.023

3.5 Final Remarks

This chapter describes a predictive methodology for flexibility procurement to manage tech-

nical constraints under forecast uncertainty and consider the different flexible resources. The

main contribution is a complete methodology to guide the human operator along a) the flex-

ibility options available in each hour, ranking them according to their effectiveness in an un-

certain context, and b) multiple forecast updates. This methodology was tested in a public MV

network, and the results showed that: a) a methodology based on uncertainty forecasts can

lead to cost savings when managing grid technical constraints, and b) choosing the best mo-

ment to reserve flexibility also leads to cost savings in comparison to a strategy that reserves

flexibility when it is cheaper. It is essential to note that short-term market-based flexibility

procurement still has some challenges at the distribution grid level, namely: a) dealing with

the radial topology in MV and LV grids, and geographical restrictions, b) lack of a mature

regulatory framework for new DSO roles and coordination across different markets, and c)

upward/downward flexibility price asymmetry. Moreover, the use of DSO’s resources (e.g.,

OLTC, network topology reconfiguration) should be coordinated with local flexibility markets

operation, notably in areas with limited (radial) geographical coverage, fewer FSPs, and lower

liquidity. Uncoordinated use of such resources may deter participation, or lead to bid and/or

settlement distortions.

66





Chapter 4
Evolving Power System Operating Rules

for Real-Time Congestion Management

Real-time congestion management in transmission networks, particularly under contingency

scenarios, is becoming increasingly complex due to a convergence of emerging challenges such

as the variability and uncertainty of renewable energy sources (RES), the rising frequency

and intensity of extreme weather events, and the increasing risk of cyberattacks on critical

infrastructures. In this demanding context, control room operators are required to rapidly as-

sess system conditions and define effective remedial actions to maintain grid stability, prevent

overloads, and mitigate the risk of cascading failures. These remedial actions may involve

generation redispatch, RES curtailment, demand response, and topological reconfiguration

of the network. The large number of possible action combinations, coupled with the need for

real-time decision-making, makes it extremely challenging to identify optimal solutions, which

often requires the use of approximate or heuristic methods to support timely and reliable op-

erations [4].

This work builds upon the longstanding concept of ES in power systems, traditionally rule-

based approaches that integrate expert domain knowledge with physics-based models, and

introduces a data-driven methodology to enhance these systems. Specifically, focusing on the

real-time congestion management problem, it adopts the formalism of Markov decision pro-

cesses as established in the L2RPN competition [6], created by RTE (the French transmission

system operator), and proposes the augmentation of ES by using RL, enabling the ES to learn

and adapt optimal policies from experience and interaction with the environment.

In this work, a novel variant of GNP is proposed that diverges significantly from conventional

formulations such as [92], particularly in its structural design and dynamic node functionality.
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4.1. Evolving system operation rules

Traditional GNP frameworks typically use fixed function nodes and update them in a sequen-

tial manner, resulting in rigid decision paths that struggle to adapt in high-dimensional, time-

varying environments. In contrast, the proposed GNP architecture features adaptive nodes ca-

pable of modifying their behavior in response to evolving network states and accumulated ex-

perience. This flexibility allows the network to represent more sophisticated, state-dependent

policies well-suited to the uncertain and non-linear nature of power systems, such as real-time

fluctuations from RES or non-linearities inherent in AC power flow. Crucially, this design en-

ables context-aware decision-making. For instance, an overloaded line may not always trigger

the same switching action; instead, the node selects an appropriate control based on additional

context, such as nearby contingencies, mimicking expert reasoning under diverse operational

scenarios. As training progresses (i.e., learning from data and experience), these evolving

heuristics capture expert-like judgment, resulting in a responsive and interpretable control

mechanism that adapts in real-time to changing grid conditions. Furthermore, the possibility

of seeding at initialization the GNP population with expert-derived decision graphs (e.g., from

a pre-existing ES) can accelerate convergence in early learning phases by reducing the need

for extensive trial-and-error.

Interpretability is a central contribution of the proposed method, achieved through the integra-

tion of graph-based structures. In particular: a) unlike conventional Deep-RL approaches that

operate as “black-boxes”, the GNP framework structures decision-making within an explicit

graph-based representation. Each node in the graph corresponds to a programmed decision

heuristic, allowing the entire policy to be visualized and traced. This structure makes it possi-

ble to understand the rationale behind specific topology actions at any point during learning.

In contrast, end-to-end Deep-RL methods, such as those in [72,74,118], often produce unin-

terpretable decisions encoded in high-dimensional neural parameters, limiting reasoning and

reducing trust from grid operators; b) a multistage decision tree (DT) was employed to extract

human-readable rules from the trajectory of actions created by top-performing decision graphs

in GNP, which were collected into a pool representing high-quality policy behavior. Separate

DTs are then trained to capture key aspects of the control logic. This hierarchical rule extrac-

tion enables modular interpretation, where each stage informs and constrains the next. The

proposed method is abstracted graphically in Figure 4.1.

4.1 Evolving system operation rules

The proposed methodology targets real-time line congestion management in power systems.

Its core concept involves evolving heuristic control policies, originally derived from operator

expertise or pre-existing ESs, encoded as a decision graph (see Section 4.1.1).

The congestion management task can be modeled as a Markov decision process [119], defined
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Expert system rule
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Rule Extraction by 
Decision Tree (DT)

Figure 4.1: Graphical abstract of evolving system operation rules

as a tupleM = (S ,A , P,R,γ), where:

• S is the state space. Each state st ∈ S represents the full state of the grid at time t,

including power line flows, bus voltages, switch configurations, and operational con-

straints of the AC power flow.

• A is the action space. Each action at ∈ A corresponds to a control action, such as

line switching (disconnection/reconnection), bus reconfiguration, bus recovery, or active

power flexibility (e.g., redispatch, RES curtailment, storage system management).

• P(st+1 | st , at) is the state transition function, encoding the system dynamics and physical

laws that govern how the grid evolves in response to actions.

• R(st , at) is the reward function, used to evaluate the safety and effectiveness of each

action.

• γ ∈ [0,1] is the discount factor.

At each timestep t, the agent observes the system state st and selects an action at according

to a pre-defined policy π(at | st). The environment then transits to a new state st+1 based on

the dynamics:

st+1 ∼ P(st+1 | st , at), at ∼ π(at | st) (4.1)
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In the original formulation, the RL framework relied on a sparse binary reward signal to en-

courage system survival. Let r(st , at) denote the reward received at timestep t, where st is the

system state and at the action taken. the agent receives a reward of 1 for each successful step

t taken (i.e., system is able to fully meet the electricity demand with the available generation

resources), and a reward of 0 upon reaching a terminal or gameover state (i.e., when trans-

mission lines exceed their physical capacity and lead to cascading failure of other lines that

ends with system collapse); this is similar to Grid2Op [69] Episode duration reward:

r(st , at) =







1, if the agent successfully passes a step

0, if the agent reaches a gameover state
(4.2)

The RL objective is to find the optimal policy π∗ that maximizes the expected cumulative

reward over an episode of length T :

π∗ = argmax
π
Eτ∼π

� T
∑

t=0

r(st , at)

�

, (4.3)

where τ = (s0, a0, s1, . . . , sT ) denotes a trajectory under policy π, and the expectation Eτ∼π
is over trajectories sampled under the environment dynamics. As also noted in [6, 118], the

winning Deep-RL agent of the L2RPN WCCI 2020 Challenge adopted the episode-duration

reward formulation, reinforcing its validity as a baseline reward signal for grid control learning

tasks. While this formulation encourages robust strategies for prolonging operation, it does

not directly account for operational costs, which were only evaluated post hoc. To address this

limitation, we propose a cost-aware reward that incorporates a formal operational cost model

inspired by the reward proposed by Grid2Op contributors and closely aligned with the L2RPN

scoring metric [120]. The per-timestep operational cost is:

Cop(t) = Cdispatch(t) + Cflex(t) + Closses(t), (4.4)

with

Cdispatch(t) :=
∑

g∈G
cg(t) pg(t),

Cflex(t) := Cstorage(t) + Ccurtail(t) + Cother_flex(t),

Closses(t) := cost-per-MWhloss × losses(t),

and G is the set of generators. The blackout (unserved load) cost is:

Cblackout(t) = USL(t)×πm(t)× β , (4.5)

with USL(t) the not-supplied load, πm(t) the marginal price, and β > 1 a penalty factor. The

total episode cost is:

Cepisode =
T
∑

t=1

�

Cop(t) + Cblackout(t)
�

. (4.6)
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We formally define an upper bound for the episode as the worst-case cost:

Cmax := max
worst scenario

T
∑

t=1

Cblackout(t), (4.7)

where the worst scenario assumes that the agent fails to supply all demand at the highest

marginal price in each timestep. The normalized cost-aware reward is then:

Rcost =
Cmax −Cepisode

Cmax
× 100, (4.8)

so that lower costs produce higher rewards on a 0–100 scale. Survival is naturally embedded,

as blackouts contribute heavily to Cepisode.

The survival-based reward emphasizes robustness alone, whereas the normalized cost-aware

reward jointly captures system reliability and operational efficiency. The blackout penalties

ensure that maintaining supply security remains a primary objective, aligning the reward with

real-world operational goals.

In this work, an undiscounted reward formulation (γ= 1) was adopted to evaluate the cumu-

lative performance of the control policy over a finite time horizon. This choice is motivated

by the need to treat all future rewards with equal importance, as the objective is to optimize

the agent’s performance without biasing toward immediate gains. Since the task involves an

episodic evaluation with a clear termination criterion, discounting is unnecessary and can in-

troduce an unintended emphasis on short-term outcomes as explained in [121]. Moreover,

the undiscounted reward simplifies the analysis and interpretation of the learned policies, en-

suring that the optimization process directly targets the maximization of overall long-term

effectiveness.

The learning process, including the evolution of expert knowledge, is detailed in Subsec-

tion 4.1.2. Moreover, a rule extraction method that predicts the best action with respect to

evolved knowledge, considering contextual information, is described in Subsection 4.1.3.

4.1.1 Expert system knowledge representation

The baseline knowledge for this work and also for the GNP rule evolution in the next section

is the ES developed by RTE [93], where the aim was to emulate the decision-making process

of human operators. This ES was enhanced by considering improvements in the calculation

method for determining the influence graph, using more flexibility options (e.g., line switching

and redispatch, in addition to the bus splitting option), new ranking criteria, the possibility of

decision revision, and the possibility of proposing multiple actions rather than a single action.

The ES is formulated as a network graph for knowledge representation, as illustrated in Fig-

ure 4.2, where ES does not include dashed connections; these connections represent other
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J1
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J13
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J16

P17 P20P19P18 P22P21

Judgment node

Processing node

Figure 4.2: ES decision-making graph.

reformation of ES used for initializing the GNP algorithm in Subsection 4.1.2. Each judgment

node (J) within this framework is implemented as an individual computer program, respon-

sible for a specific decision-making task, as explained in Table 4.1. Moreover, the detailed

algorithmic functionality of nodes is presented in Appendix B.

The sequence of these judgment programs guarantees convergence to one of the processing

nodes: P17, P18, and P19 execute bus-splitting for hub, loop, and downstream buses, re-

spectively; P20 handles line switching; P21 activates power flexibility; and P22 implements

a recovery strategy to the reference topology. This ensures that the system reaches a unique,

executable action path tailored to the grid’s condition. For instance, in a specific case, two

congestion events were detected on lines 20 and 12.

• For line 20: The flexibility nodes identified buses 76 and 81 as hub buses.

• For line 12: The responsible flexibility group identified buses 67 and 68 as hub buses.

In addition, the bus set {67, 80, 79, 78} was recognized to form a looped path suitable

for re-routing.

Since the congested lines were located in different zones, the judgment node J2, which handles

inter-zone coordination, was not activated. In a specific topological configuration, bus 68 alone
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Table 4.1: Functions of judgment nodes (J) in the ES decision graph for congestion management.

Node Function Details

J1 Identify and rank con-

gested lines

Based on criticality

J2 Skip further analysis Triggered if all issues are within a single crit-

ical zone
J3 Explore flexibility – hub

bus splitting

Key locations enabling power flow rerouting

through parallel uncongested paths
J4 Explore flexibility – loop

bus splitting

Buses that build a local mesh

J5 Explore flexibility –

downstream bus split-

ting

Buses that could be supplied from a differ-

ent path

J6 Explore flexibility – line

switching

Based on topological search [122]

J7 Explore flexibility –

active power flexibil-

ity (redispatch, RES

curtailment, storage

management)

Based on sensitivity indices [122]

J8 Evaluate stop condition Solution quality considering the first thresh-

old
J9 Evaluate stop condition Solution quality considering the second

threshold
J10 Evaluate stop condition Number of analyzed issues exceeded a

threshold
J11 Recovery Triggered when no valid action proposed
J12 Recovery Triggered when solution quality falls below

a threshold
J13 Multi-criteria hierarchi-

cal ranking

Uses tuple σ(a) = (σcp(a),σt(a),σop(a)):

σcp(a): Control priority (e.g., switching vs

redispatch)
σt(a): Topological effectiveness (e.g, issue

disappeared/alleviated/worsened/created)
σop(a): Operational score (e.g., sum of

squared marginal power flows)
J14 Ranking revision under

thresholds

Revising the criteria order in J13 per issue

J15 Ranking revision under

thresholds

Revising the criteria order in J13 after full

analysis
J16 Add more actions Uses ranked list if one action is insufficient
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was sufficient to solve both congestion events. Consequently, the rest of the judgment nodes

that contain additional conditional constraints were not activated.

4.1.2 GNP rule evolution

To overcome the limitations of rigid decision-making in traditional GNP, the proposed method

integrates an RL-enhanced GNP framework that supports dynamic and context-aware behav-

ior. In this approach, each node is capable of altering its output depending on current grid

conditions, such as line overloads, generation/load levels, or switching states. For example, a

judgment node that initially selects the reconfiguration action at ’Bus A in zone 1’ under moder-

ate congestion may instead recommend reconfiguration at ’Bus C in zone 3’ if RES fluctuations

create a localized congestion between the two zones. The node’s behavior is therefore not

statically defined, but instead learns a mapping from state features to decision criteria (e.g.,

change in priority of flexible units or threshold of activating a flexible unit), enabling adaptive

control that aligns with requirements for real-time management. Furthermore, the execution

sequence of the decision graph is not fixed, in contrast to traditional GNP, which follows a

hardcoded node traversal. Instead, the proposed method allows the policy graph to activate

different substructures conditionally, based on current state inputs. These conditions include

the level of congestion, fault locations, substation configurations, and the recent history of

control actions. The adaptive traversal mechanism in the proposed GNP supports conditional

connections between nodes, especially under time-varying network constraints.

This structural advancement is depicted in Figure 4.3, which compares the traditional and

proposed GNP formulations. On the left, the traditional GNP follows a linear structure in which

each node is associated with a fixed function, and execution proceeds through a predefined

sequential path, formalized in Equation 4.9.

nt+1 = Next(nt), at = fnt
(st) (4.9)

where nt denotes the node visited at time t, Next(nt) is the deterministic next node pointer,

st is the observed grid state at time t, fnt
is the decision rule implemented at node nt , and at

is the resulting action taken by the agent. Each node processes its input and passes control

unconditionally to the next node, regardless of the evolving state of the grid. The system

response is therefore insensitive to diverse operational contexts, limiting its effectiveness in

dynamic environments.

In contrast, the proposed GNP framework (right) organizes the policy graph into an intercon-

nected network of nodes, each with adaptive behavior. The nodes evaluate the state vector,

which can include the power flow on the lines, AC power flow constraints, grid topology, and

dynamically determine their output. The graph includes multiple possible transitions from
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Fixed 
behavior

Fixed 
behavior

Adaptive 
behavior

Adaptive 
behavior
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Node
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Node

Node

Node
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is a single path between 
every pair of nodes.

Adaptive GNP: multiple alternative 
paths between every pair of nodes.

Figure 4.3: Regular GNP vs. adaptive GNP. The traditional GNP employs sequential node activation,

whereas the adaptive GNP dynamically adjusts node behavior and execution paths based on environmental

states.

each node, with links encoding condition-based execution paths learned through RL. For ex-

ample, depending on whether the overload is localized or widespread, a node might route con-

trol to a sub-policy targeting either demand-side response or topological reconfiguration. The

arrows between nodes represent these conditional transitions, learned from high-performance

decision graphs during training. Node connectivity reflects logical dependencies and execution

flexibility, rather than fixed ordering, as expressed in Equation 4.10.

nt+1 ∼ πtrans(nt+1 | nt , st), at = fnt
(st) (4.10)

where πtrans is a stochastic policy over node transitions, and all other symbols are as defined

previously. The system thus constructs control policies by composing rule segments that are

most relevant under the current grid state, forming context-specific decision pathways that

align with expert behavior while remaining responsive to uncertainty. This structural differ-

ence is summarized in Table 4.2. Thus, in contrast to classic GNP, where node transition prob-

abilities remain static, the adaptive GNP dynamically adjusts these transitions according to

RLfeedback, enabling the decision pathways to evolve in response to the agent’s performance.

In general, the proposed structure enables the GNP policy to behave as a state-driven control

mechanism, capable of decomposing complex decisions into subgraphs, dynamically coordi-

nating local actions, and maintaining interpretability for human operators, as will be shown
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in Section 4.4. The interaction between the GNP evolutionary process and the RL-based adap-

Table 4.2: Comparison of traditional GNP vs. adaptive GNP execution

Component Traditional GNP Adaptive GNP

Node execution at = fnt
(st) at = fnt

(st)

Node transition nt+1 = Next(nt) nt+1 ∼ πtrans(nt+1 | nt , st)

Policy structure Fixed Conditional (learned)

Graph behavior Deterministic State-driven

tive learning is further illustrated in Figure 4.4, which presents a flowchart summarizing the

information flow, feedback loop, and optimization stages within the proposed GNP–RL collab-

orative framework. Let Gi denote the i-th individual graph in the population, representing a

GNP-RL iter=0
(Rule-counter): i=0 

Initialize population (pop-size)

Take individual i: i+1

Update Judgment nodes regarding 
grid state and follow the node 

transition

Is this a 
processing node?

Take action with RL environment and 
get reward and new grid state

Evolution with crossover and mutation:
GNP-RL iter+1

i<pop-size

No

Yes

In
te

ra
ct

io
n 

th
ro

ug
h 

ep
is

od
e

GNP-RL iter 
limit?

End

No

Is episode 
concluded?

No

Population update with replacement

Figure 4.4: Flowchart illustrating the fusion between GNP and RL, showing how the RL-based feedback

updates guide the evolutionary process toward adaptive and optimal decision graph structures.
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policy µi that governs decision-making in a Markov decision process with state spaceS , action

spaceA , and reward function r : S ×A → R. Each graph consists of judgment nodes and pro-

cessing nodes; judgment nodes perform condition-based branching, while processing nodes issue

actions at ∈A . During interaction with the environment, a graph follows its encoded logic to

generate trajectories πi = (s0, a0, r0, s1, . . . ). During execution, each node n maintains heuris-

tic parameters θn, which are updated based on local feedback from the environment, typically

as a function of the observed state, i.e., θn ← fn(st). This adaptive mechanism refines node

behavior across generations, supporting the learning dynamics. The process continues until

a failure condition or episode termination is met. The cumulative reward along πi defines

the fitness F of Gi , Equation 4.11, which reflects the operational lifespan of the graph under

dynamic grid conditions. This formulation inherently prioritizes policies that maintain safe

grid operation.

F(Gi) =
T−1
∑

t=0

rt+1 (4.11)

The evolution of the graph populationP is governed by Algorithm 1, which integrates crossover

and mutation operators as defined in Algorithm 2. A two-stage crossover mechanism is em-

ployed to balance exploitation and exploration:

1. Exploitation-driven crossover: selects both parents P1, P2 from the top-performing

50% of the population to preserve high-fitness substructures.

2. Exploration-driven crossover: pairs elite individuals (top ei%) with non-elite ones to

introduce novel combinations and maintain diversity.

Random selection from a finite set is denoted by x ∼ U (S), where U represents the uni-

form distribution over set S. Concatenation of gene segments is expressed using the symbol

∥, while sub-vectors are denoted by slicing notation, e.g., P[1:x] refers to the first x elements

of parent P, and P[x+1:L] refers to the remaining portion. Individual candidates P1, P2 are

removed from their selection pools via set subtraction, indicated by S\{P}. The crossover logic

uses inline conditional checks such as random()< cp1 to decide probabilistic events directly,

avoiding auxiliary variables. Mutation is applied by modifying a random subsequence of each

individual with probability mp, constrained by a maximum range λmax · L, where L is the gene

length. The modification could be defined by ignoring/adding conditional constraints, ignor-

ing/adding a node, decreasing/increasing a threshold, or changing a criterion. This mutation

operates directly on the graph structure by modifying node logic or interconnections.

After each generation, the elite graph G∗ is updated by selecting the graph with the highest
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fitness – Equation 4.12.

G∗ = arg max
Gi∈P

F(Gi) (4.12)

The GNP algorithm executes multiple decision-making agents (GNP graphs) in parallel, each

interacting with the environment and collecting diverse experiences. While the entire pop-

ulation contributes to exploration through varied behaviors, learning and policy updates are

guided by the elite G∗ graph, identified as the best-performing individual based on the cu-

mulative reward. This design enables efficient reuse of experience across generations and

ensures that optimization is focused on high-quality policies. By decoupling exploration from

exploitation, where population diversity drives exploration and the elite graph directs learn-

ing, the framework achieves both robustness and adaptability in evolving effective control

strategies.

4.1.3 Decision tree rule extraction

It has been recognized that a single decision graph may not generalize optimally across di-

verse grid conditions due to varying fault locations, network topologies, and intertemporal

dependencies. Therefore, the elite policies of the GNP algorithm are used to build a rule pool,

consisting of the best-performing decision graph for each episode in the last generation. In

particular, the elite graph represents an action selection trajectory that has the highest pos-

sible performance in an episodic evaluation; this is quite important, since it has optimized

the impact of an action at the present grid condition (present timestep) and its post-impact

in the next time steps. Therefore, elite-derived actions per timestep will be used to gener-

ate labeled datasets (i.e., consisting of grid state features and the corresponding actions), in

which these datasets are then used to train a multistage DT to capture different components

of control logic. During training, the agent was initially allowed to explore a broad range of

control actions, including redispatch, curtailment, and storage activation. However, as evo-

lution progressed, the population of decision graphs consistently converged toward topolog-

ical reconfiguration—particularly bus-splitting and line switching actions—as the dominant

and most effective strategy. This behavior aligns with findings from the L2RPN competitions

framework, which emphasizes that topological operations are the most direct and cost-efficient

means of alleviating congestion and maintaining grid stability, indicating that power flexibility

actions were less effective, and it may also involve a CO2 emissions increase (e.g., from RES

curtailment) and higher operational cost. For instance, the Binbinchen team (Huawei) [123],

which achieved second place in the L2RPN WCCI 2020 competition, developed a Deep-RL Ac-

tor–Critic agent with PPO that was trained exclusively on topological actions, restricted to 200

safe configurations following an expert-guided reduction phase. Similarly, the RTE ES [93] fo-

cused solely on bus-splitting operations. In particular, the final analysis of the L2RPN NeurIPS

2020 challenge in the robustness track [6] challenge demonstrated that several of the toughest
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Algorithm 1: Adaptive GNP evolutionary algorithm

Data: Initial population of size N GNP graphs {G1, G2, . . . , GN};

Crossover probabilities cp1, cp2 ∈ (0, 1);

Mutation probability mp ∈ (0, 1);

Maximum mutation range λmax ∈ R+;

Total reward R;

Result: Elite graph G∗ with highest fitness

1 Initialize population: P = {G1, G2, . . . , GN};

2 best_ f i tness←−∞, G∗← None;

3 while termination condition not met do

4 foreach graph Gi ∈ P do

5 R← 0;

6 Initialize RL environment E at state s0;

7 while episode not done do

8 nt ← nstart of Gi;

9 while nt is a judgment node do

10 nt+1← πi(nt+1 | nt , st);

11 end

12 if nt is a processing node then

13 at ← fnt
(st);

14 Simulate at in environment: E (st , at)→ st+1;

15 rt+1← reward from E ;

16 R← R+ rt+1;

17 st ← st+1, t ← t + 1;

18 end

19 Update heuristic parameters of node: θn← fn(st+1);

20 end

21 F(Gi)←
∑T−1

t=0 rt+1 = R;

22 if F(Gi)> best_ f i tness then

23 best_ f i tness← F(Gi);

24 G∗← copy of Gi

25 end

26 end

27 P ← GNP_Operators(P , cp1, cp2, mp,λmax);

28 end

29 return G∗
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Algorithm 2: GNP operators: crossover and mutation
Data: Population size N ; crossover rates cp1, cp2 ∈ (0,1); mutation rate mp; max

mutation span λmax;
Subgroups: top_half, elite, non_elite;
Result: New population Pnew

1 Pnew← ;;
2 for i← 1 to |top_half| do
3 if |top_half|= 0 then
4 break;
5 end
6 Select P1, P2 ∼U (top_half), without replacement;
7 top_half← top_half \ {P1, P2};
8 x ∼U ({1, . . . , L−1});
9 if random()< cp1 then

10 c← P1[1: x] ∥ P2[x+1: L];
11 else if random()< cp2 then
12 c← P2[1: x] ∥ P1[x+1: L];
13 else
14 c← random choice(P1, P2);
15 end
16 Pnew← Pnew ∪ {c};
17 end
18 for i← 1 to |non_elite| do
19 if |non_elite|= 0 then
20 break;
21 end
22 Select P1 ∼U (elite);
23 Select P2 ∼U (non_elite), without replacement;
24 non_elite← non_elite \ {P2};
25 x ∼U ({1, . . . , L−1});
26 if random()< cp1 then
27 c← P1[1: x] ∥ P2[x+1: L];
28 else if random()< cp2 then
29 c← P2[1: x] ∥ P1[x+1: L];
30 else
31 c← random choice(P1, P2);
32 end
33 Pnew← Pnew ∪ {c};
34 end
35 foreach c ∈ Pnew do
36 if random()< mp then
37 Modify a subsequence of c (length ≤ λmax · L);
38 end
39 end
40 return Pnew
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episodes (Jan 28.1, Nov 34.1, Apr 42.2, Oct 21.1) remained feasible if the agent relied solely

on topological actions. These findings justify the convergence of the agent’s decision-space

making onto topology control, aligning with both real-world operational practice and proven

benchmark evidence. As a result, GNP-DT focused solely on topology reconfiguration, though

it can accommodate redispatch actions without changing its formulation. The sequence of DT

models is defined as follows:

(i) The first DT model (DT1) to classify the flexibility type (e.g., line reconnection vs. bus

reconfiguration);

(ii) The second DT model (DT2) to estimate the required number of flexibility actions;

(iii) The third DT model (DT3) to estimate the specific line(s)/bus(es) to operate.

(iv) The fourth DT model (DT4) will be used only if the detected flexibility type involves bus

reconfiguration (bus splitting) regarding DT1. The set of top-k most probable feasible

topology reconfiguration actions for the bus identified by DT3 is extracted from DT4,

based on the predicted class probabilities at the leaf nodes.

Table 4.3 presents a summary of the relevant state variables considered for different decision

trees (DT1-DT4) and actions in the system. Each row indicates whether a specific variable (for

example, congested line IDs, maximum overload, split bus count) is used (✓) or not (✗) by

the corresponding decision logic. The variables include:

• Cong. Line IDs: identifiers of congested lines;

• Max Overload: maximum overload value among congested lines;

• Split Bus IDs: identifiers of splitted buses;

• Disconn. Line IDs: identifiers of disconnected transmission lines;

• Cong. Line Count: total number of congested lines;

• Split Bus Count: number of splitted buses;

• Disconn. Line Count: number of disconnected lines.

DT3 and DT4 are dependent on the action type; in this regard, Bus reconfig. refers to bus split-

ting. Line disconn. means disconnecting a transmission line to isolate a fault or relieve conges-

tion. Bus recovery restores a previously reconfigured bus (split bus) to the original topology

(unaltered topology), and line reconnection involves re-energizing a previously disconnected

line to resume normal operation. In this work, line identifiers (e.g., Cong. Line ID_*) are not
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arbitrary indices but are mapped to physically meaningful locations in the power grid. Each

identifier corresponds to a specific transmission line whose electrical location is associated with

a predefined zone (area) or group of feeders based on the grid layout. This structured map-

ping allows the model to implicitly reason about localized congestion using indexed features

aligned with the physical topology of the system.

Table 4.3: Summary of the DTs and their corresponding state variables

Variable DT1 DT2 DT3 DT3 DT3 DT3 DT4

Action type any any
bus

reconfig.

line

disconn.

bus

recovery

line

reconnection

bus

reconfig.

Cong. Line IDs ✓ ✓ ✓ ✓ ✗ ✗ ✓

Max Overload ✗ ✓ ✓ ✗ ✗ ✗ ✗

Split Bus IDs ✓ ✓ ✓ ✓ ✓ ✗ ✓

Disconn. Line IDs ✓ ✓ ✓ ✓ ✓ ✓ ✓

Cong. Line Count ✓ ✓ ✓ ✓ ✗ ✗ ✓

Split Bus Count ✓ ✓ ✓ ✓ ✓ ✗ ✓

Disconn. Line Count ✓ ✓ ✓ ✓ ✓ ✓ ✓

This module is a hierarchical approach in which each stage constrains and informs the subse-

quent one. For instance, the flexibility type determined in the first stage conditions the search

space for the next model, which predicts how many units must be activated, and in turn, this

output influences the final model that selects which specific assets to operate. Formally, each

stage is modeled as a conditional expectation:

ŷr = E [yr | X , ŷr−1, ŷr−2, . . . , ŷr−k,θ] + εr (4.13)

where ŷr denotes the predicted decision component at rule stage r, conditioned on the input

features X , preceding predicted components ŷr−1, ŷr−2, . . . , ŷr−k, and model parameters θ .The

parameter set θ represents the learnable weights of the conditional model, including decision

thresholds, node weights, and any coefficients used to combine input features and prior stage

predictions. These parameters are estimated during training by minimizing a suitable loss

function (e.g., mean squared error or cross-entropy) over the training episodes, using the

observed target outputs yr . The residual term εr captures unmodeled variability at stage r.

The residual term εr accounts for the prediction error. This layered rule extraction allows

the DT ensemble to capture interdependencies among rule components, while enabling both

interpretability and domain-relevant fidelity.
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4.2 Test case

4.2.1 Description

The IEEE 118-bus system environment, featured in the L2RPN competition at the 2022 World

Congress on Computational Intelligence WCCI [124], serves as the test case and is illustrated

in Figure 4.5. This case incorporates an adversarial module that heuristically simulates line

outages to emulate the N-1 security criterion, while allocating 10% to 30% of the generation

mix to RES. It comprises 118 substations, 186 lines, 91 loads, and 62 generators.

A set of 48 episodes was generated, using the methodology from [125], extracted from 12

months. Each scenario in the dataset represents a full operational episode. Scenarios were se-

lected to cover all months of the year and a variety of operating conditions, including normal

operation, high load, renewable variability, congestion-prone situations, and contingencies.

This approach ensures that both the training and test sets are representative of the full range

of realistic grid conditions, allowing for robust evaluation of the proposed GNP-DT agent. The

episodes comprise 2018 time steps with a 5-minute resolution to feed the GNP method, in

which the elite graphs generated 49,186 grid operating conditions and corresponding action

set pairs for training DT models. All experiments use episode-level partitioning: each sce-

nario corresponds to a full operational episode and is assigned entirely to either the training

or test set to prevent temporal leakage. To ensure both coverage and separation, four episodes

from each month were used for training and three episodes for testing, spanning the full year

and capturing seasonal variations and diverse grid operating conditions. For robustness, the

evaluation was conducted using 20 different random seeds for partitioning and training, en-

suring that results are statistically representative and not dependent on a specific initialization.

The proposed GNP algorithm interacted with the simulated power grid using the Grid2Op AI-

friendly digital environment [69] as the RL environment. To ensure a robust evaluation of the

proposed methodology, a distinct test set containing data from various months was employed

during the testing phase.

4.2.2 Evaluation metric and benchmarks

In terms of performance indicator, the score adopted in the L2RPN competition [6] was used

to allow a fair comparison with baseline agents that evaluates both the operational cost and

the survivability of the agent. The score ranges from [−100.0, 0.0,80.0, 100.0], each value

corresponding to a distinct level of performance by the agent during an episode. A score of

−100.0 indicates that no steps were played, reflecting the maximum blackout penalty applied

across all steps in all scenarios. A score of 0.0 represents the performance of a “Do-Nothing”

baseline agent that takes no action and does not influence the scenario; if this agent completes

the episode, the effective score range becomes [−100.0,0.0, 100.0]. A score of 80.0 indicates
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Figure 4.5: IEEE 118-bus system of the L2RPN-WCCI-2022 competition. All the elements at each substa-

tion are connected to bus-1 in the reference topology, which could be switched to bus-2 through bus splitting

actions.

that the agent successfully plays through all scenarios without correcting line disconnections

caused by overloads; losses in this case are equal to the difference between total generation

and total consumption in each scenario, and lines under maintenance are reconnected after

their maintenance period. The maximum score of 100.0 is awarded when the agent both

completes all scenarios and optimizes system performance by reducing losses to 80% of those

previously computed. Thus, higher scores reflect more efficient decision-making and longer

survival across scenarios.

The following agents from the Grid2Op baselines, which employ topological reconfiguration

strategies for congestion management, were selected for benchmarking:

• ExpertOp4Grid: An ES which tries to solve congestion issues within the grid [93] using

an influence graph;

• Enhanced ExpertOp4Grid: An ES which is an enhanced version of ExpertOp4Grid agent

explained in Subsection 4.1.1;

• MILP agent: A MILP agent that seeks to minimize the overthermal lines based on DC

approximation [126] with CBC-solver [127];

• CAgent: Curriculum Agent (Senior agent) that consists of a Deep-RL model based on

PPO [74] with a senior threshold of ρsenior = 0.95. Note that this agent is an enhanced

version of a model originally developed for a past L2RPN competition [123], which
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inspired subsequent agents in later editions and also the winning solution of the 2023

Paris Region AI Challenge for Energy Transition [128].

The hyperparameters of the proposed GNP algorithm, including the crossover probabilities,

mutation rate, and mutation range described in Section 4.1.2, were tuned to ensure robust con-

vergence and satisfactory performance of the algorithm. The Bayesian optimization method

was applied across 16 episodes covering the whole season of the year to ensure that the selected

hyperparameters generalize beyond a single run. Table 4.4 presents the hyperparameters of

the GNP algorithm. For clarity, the following nomenclature is adopted throughout the experi-

ments: GNP-DT-1 refers to the agent trained with the survival-duration reward function and

experimental hyperparameters; GNP-DT-2 corresponds to the agent trained with the proposed

cost-aware reward function and optimized hyperparameters; and GNP-DT-3 denotes the agent

trained with the survival-duration reward function but using the optimized hyperparameters.

All experiments were conducted on a system running on a cloud-based virtual machine with

an AMD EPYC CPU with 8 cores at 2.94 GHz, 32 GB of RAM, and Microsoft Windows 10 Pro.

Table 4.4: Hyperparameters of the Adaptive GNP Algorithm

Hyperparameter Experimental Optimized

Population size 30 38

Elite fraction 0.1 0.24

Crossover probability cp1 0.5 0.41

Crossover probability cp2 1 0.70

Mutation probability mp 0.3 0.33

Maximum mutation range λmax 0.7 0.77

4.3 Experimental results

This section presents the experimental results, evaluating the performance of the proposed

agent across multiple random seeds and scenarios. The analysis includes a comparison with

three state-of-the-art baseline models (available in the Grid2Op environment) and focuses on

key metrics to assess the agent’s effectiveness and consistency.

Median survival time comparison. Figure 4.6 presents the median survival time across 36

test episodes for all evaluated agents. Among the proposed variants, GNP-DT-2 and GNP-

DT-3 demonstrate consistently superior performance, reaching the maximum survival limit

of 2018 steps in multiple episodes (e.g., Jun_20, Sep_5_2). Notably, the cost-aware reward

used in GNP-DT-2 results in comparable or even improved average survivability relative to the
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survival-based agents (GNP-DT-1 and GNP-DT-3), suggesting that cost optimization implicitly

encourages longer stable operation. In contrast, the optimization-based MILP and the deep RL-

based CAgent exhibit greater variability across episodes, with early terminations in challenging

conditions such as Feb_28 and Dec_12. The expert-based Enhanced ExpertOp4Grid maintains

steady performance and consistently surpasses the baseline ExpertOp4Grid, confirming the

benefit of its refined heuristics. The passive Do-Nothing agent remains the weakest performer

throughout all episodes. Overall, the GNP-DT family demonstrates the most resilient and adap-

tive behavior under diverse grid conditions, with GNP-DT-2 offering the best trade-off between

cost efficiency and operational stability.
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Figure 4.6: Visualization of the median survival time per episode. Each bar corresponds to the median survival time in the respective episode across all seeds.
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Operational cost comparison. In terms of average operational cost, the proposed GNP-

DT variants demonstrate a clear improvement in economic efficiency. Specifically, GNP-DT-2,

which employs the cost-aware reward, achieved the lowest average cost of 35.12 M=C, followed

by GNP-DT-3 at 35.6 M=C and GNP-DT-1 at 38.22 M=C. This indicates that integrating cost con-

siderations into the reward function enhances both economic performance and overall stability.

Among the comparative agents, the Enhanced ExpertOp4Grid and CAgent achieved moderate

cost reductions with 40.15 M=C and 40.40 M=C, respectively, outperforming the baseline Exper-

tOp4Grid (43.02 M=C). Conversely, the optimization-based MILP agent exhibited the highest

operational cost at 58.80 M=C, reflecting limited adaptability under dynamic grid conditions.

Overall, the GNP-DT family effectively balances system survivability and operational cost, with

GNP-DT-2 offering the most cost-efficient control strategy.

L2RPN performance score. The L2RPN score quantifies the overall operational effectiveness

and reliability of the agents across dynamic grid conditions. Figure 4.7 illustrates the distribu-

tion of scores across 20 random seeds for all agents. Among the proposed variants, GNP-DT-2

achieved the highest mean score of 48.10 with a median of 46.01, followed closely by GNP-DT-3

(mean 46.99, median 45.68) and GNP-DT-1 (mean 44.16, median 41.94). The higher median

and tighter interquartile range of GNP-DT-2 indicate both improved performance and enhanced

stability, demonstrating the advantage of incorporating cost-awareness into the reward func-

tion. Among the comparative baselines, the Enhanced ExpertOp4Grid (mean 39.04) surpasses

the original ExpertOp4Grid (mean 37.50) and the deep RL-based CAgent (mean 37.70), con-

firming the benefit of refined rule-based heuristics. The CAgent exhibits comparable spread

to ExpertOp4Grid, ranging from 23.29 to 50.85, though with a slightly lower median. MILP,

representing a DC optimization benchmark, demonstrates the widest variability and lowest

scores overall, including negative values in some seeds, highlighting its instability and inef-

ficiency in this context. Overall, the GNP-DT family—particularly GNP-DT-2—demonstrates

superior and reliable performance across all tested configurations, balancing both resilience

and cost efficiency.

Table 4.5 provides a comprehensive comparison of the agents in terms of their average L2RPN

score, score distribution, and survivability metrics. The GNP-DT variants consistently outper-

form all benchmarks, with GNP-DT-2 achieving the highest average score (48.1), reflecting

stable and effective control. Its score distribution is particularly consistent, with a minimum

of 36.04 and a third quartile of 52.73, while median survival (1147) and Median of Survival

Times Across Median (MSTCM) (1439.5) indicate strong robustness across episodes (MSTCM

is the median of these survival times across all episodes and all seeds, providing a measure

of typical agent longevity). Compared to CAgent and Enhanced ExpertOp4Grid, GNP-DT-2 im-

proves the average L2RPN score by up to 28%, GNP-DT-3 by 25%, and GNP-DT-1 by 18%.

The superior performance of GNP-DT-2 agent trained with the cost-aware reward not only
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Figure 4.7: Boxplot of the agent average score across all 20 seeds. Each point corresponds to the average

score of all scenarios for one seed.

Table 4.5: Performance comparison between different agents on L2RPN score and survival time.

Agent L2RPN Score Survival time

Mean Std Median Q1a Q3b Min Max Median MSTCM

Do nothing 0 0 0 0 0 0 0 158 158

ExpertOp4Grid

[93]
37.5 5.85 36.96 33.48 42.08 24.93 50.52 804 930.75

Enhanced ExpertOp4Grid 39.04 7.95 36.63 34.09 44.93 26.3 56.97 981 1170

GNP-DT-1 44.16 7.37 41.94 38.82 49.72 33.64 59 1034 1143.25

GNP-DT-2 48.1 7.07 46.01 43.73 52.73 36.04 62.33 1147 1439.5

GNP-DT-3 46.99 7.43 45.68 41.97 52.97 35.08 62.12 1135 1282.25

MILP

[126]
6.6 9.62 4.16 -0.2 10.5 -10.55 30.88 511 701.25

CAgent

[74]
37.7 6.89 37.35 34.07 43.12 23.29 50.85 1032 1257.5

a1st quartile b3rd quartile

achieved a higher cumulative score but also demonstrated longer average survival times. This

indicates that minimizing operational cost indirectly reinforces grid survivability, as blackout

costs dominate the total episode penalty. Consequently, the cost-aware reward yields both eco-

nomically and operationally efficient control policies. GNP-DT-3 also performs strongly (mean

= 46.99, median survival = 1135, MSTCM = 1282.25), demonstrating the benefits of hyper-

parameter optimization even with the survival-duration reward. GNP-DT-1 achieves a mean
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score of 44.16 and median survival of 1034, already surpassing conventional benchmarks and

confirming the progressive improvement across the variants. Among the baseline agents, CA-

gent and Enhanced ExpertOp4Grid show competitive scores (37.7 and 39.04, respectively),

with CAgent attaining a higher MSTCM (1257.5) than ExpertOp4Grid (930.75). In contrast,

MILP exhibits low reliability (mean = 6.6, median survival = 511, MSTCM = 701.25), and

the Do Nothing agent scores zero with minimal survival. Overall, GNP-DT-2 achieves the high-

est performance and robustness, demonstrating that cost-aware training effectively balances

score maximization and operational longevity, while other agents either underperform or show

greater variability in survival.

Inference time. The average time required to compute and apply an action varies signif-

icantly across agents. The proposed GNP-DT agent demonstrates the fastest inference time,

requiring only 0.11 seconds on average, making it highly suitable for real-time deployment. In

comparison, the ExpertOp4Grid baseline responds in 0.54 seconds, while both the Enhanced Ex-

pertOp4Grid and CAgent take longer, averaging 2.23 and 2.33 seconds, respectively. The MILP

method is the slowest, with an average inference time of 20.58 seconds, an expected outcome

given that it requires solving an MILP problem at each timestep. These results highlight the

advantage of GNP-DT in real-time decision making under operational time constraints.

4.4 Interpretability: A discussion

This section discusses the interpretability of the GNP-DT method during both the learning and

operational phases.

4.4.1 Learning phase

To provide some insight into the reasoning window of the learning phase, Tables 4.6 and Ta-

ble 4.7 together illustrate three decision graphs Ga, Gb, and Gc to address line congestion in

a specific period of an episode. In Table 4.6, HB, LB, and DSB stand for hub bus, buses on the

looped path, and downstream buses (Table 4.1 defines each type of these buses), respectively.

In addition, the numbers in the detection rows represent the congested lines. The behavior of

each graph is shaped by its internal judgment nodes and their relevant functions and param-

eters, as mentioned in Table 4.1 in Subsection 4.1.1. The key parameters that distinguish the

graphs are presented in Table 4.7, which can cause changes in the functions of the graphs as

follows:

• The threshold Ith defines the overload limit used to trigger the action proposal process;

both Ga and Gc use a strict threshold (100%), while Gb lowers this to 90%, allowing for

a proactive action.
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• The parameter βth, which sets the threshold coefficient for determining the influence

path, is highest in Gb (0.6), indicating a more rigorous but potentially narrower focus

in selecting effective paths. In contrast, Gc balances this (0.4), leading to more robust

but flexible action pathways. For example, with the same detection criterion, when

congestion starts on lines 12 and 20 and is followed by lines 41, 44 and 51, the flexible

units activated by Gc were more effective in alleviating congestion at each timestep, the

trajectory of actions (bus 67→ bus 81→ bus 93→ bus 95) outperformed the selection

of actions (bus 68→ bus 76→ lines 24 and 146) by Ga.

• The σ1
cp mentioned in Table 4.1 stands for the actions with the highest priority, where

Ga and Gc give the highest focus to the buses at the hub points, and Gb has the most

tendency to reconfigure the buses on the looped path, which was in some timesteps a

less effective selection.

• The quality of the action in terms of the topological score is indicated byσt as mentioned

in Table 4.1. In this regard, releasing a critical congestion is satisfying for Ga and Gb,

while Gc demands full topological resolution of all congestion, critical or not, before

terminating the search. This stricter criterion ensures that Gc systematically avoids the

risk of creating new congestions and provides a safer solution that relieves all overloads.

The observed action trajectory confirms these architectural differences. Ga acts sequentially

on hub buses but fails to prevent collapse due to late response and incomplete resolution. Gb

detects earlier and applies diverse actions, including looped and downstream bus reconfigu-

rations, surviving the scenario later because it raises more overload concerns with its action

trajectory. Gc , however, mirrors Ga in the type of action but distinguishes itself by selecting

actions that fully mitigate system risk, leading to survival without creating new overloads.

These comparisons demonstrate the interpretability of the proposed method during the learn-

ing phase and support human operators in reasoning about and building trust in the resulting

elite graphs. For example, this traceable possibility in GNP can provide the operator with such

a sensitivity analysis on the graph parameters that justifies the superiority of Gc over Ga and

Gb.

In addition, this example provides insight into the evolutionary phase of the GNP. The initial

seed corresponds to the baseline ES (Ga). Through evolutionary operators and reinforcement-

learning-based fitness evaluation, the GNP progressively adapts, producing intermediate graphs

(Gb) and ultimately an elite graph (Gc). Comparative results show that Gc consistently outper-

forms both Ga and Gb, confirming that the performance gains are attributable to the learning

and adaptation process rather than to the expert initialization alone. This distinction highlights

that while the expert provides a structured starting point, the final evolved agent embodies

novel strategies that emerge through the learning process.
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Table 4.6: Comparison of decision graph action trajectory corresponds to the line congestion detection

across 9 illustrative timesteps

Time step 1 2 3 4 5 6 7 8 9

Ga: Detection − − {12, 20} {20}
{41, 44,51,

175,185}
collapse collapse collapse collapse

Ga: Action − − reconfig.

HB 68

reconfig.

HB 76

disconn.

{24, 146}
− − − −

Gb: Detection {20} {41, 51} {41, 51} {12} {12} {41, 44,51}{175} {175} −

Gb: Action reconfig.

LB 81

disconn.

{24, 16}
reconfig.

LB 79

disconn.

{13, 122}
reconfig.

LB 79

reconfig.

DSB 95

reconfig.

DSB 67

reconfig.

DSB 79

−

Gc: Detection − − {12, 20} {20} {41, 44,51}{41} − − −

Gc: Action − − reconfig.

HB 67

reconfig.

HB 81

reconfig.

HB 93

reconfig.

HB 95

− − −

Table 4.7: Summary of functional differences between decision graphs

Aspect Ga Gb Gc

Ith 100% 90% 100%

βth 0.2 0.6 0.4

σ1
cp Hub Loop Hub

σt Critical issue Critical issue All issues

4.4.2 Operational phase

To demonstrate the interpretability of the proposed method during the operational phase, a

representative portion of the complete DT is illustrated in Figure 4.8. This selected partial tree

is from the DT3 model (bus reconfiguration), which is relevant to determining the ID of the

flexible unit (DT2) when the flexibility type (DT1) and the number of needed actions (DT2)

have been previously predicted.

In the DT plot, value attribute represents the proportional distribution of these instances across

classes, and the class attribute corresponds to the majority class, indicating the predicted out-

come at that node. Each box’s color represents the dominant class in that node. Nodes sharing

the same color are mostly associated with the same class. The intensity of the color indicates

the node’s purity – darker shades mean the node contains mostly one class, while lighter shades

suggest a mix of classes. This visual aid helps quickly identify which class is favored and how

confidently the tree makes its splits. Moreover, left arrows correspond to True, and right arrows
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correspond to False for each split.

This example determines the next control action based on the grid congestion state and prior

topology changes. Cong. Line ID_1 represents the identifier of the line with the highest loading

percentage (i.e., most congested) at the current timestep, followed by Cong. Line ID_2, Cong.

Line ID_3, etc., sorted in descending order based on their loading levels. Split Bus ID_i indicates

the ID of a bus that has already been reconfigured, sorted by ID. The class output of the tree

corresponds to the ID of a candidate bus selected for reconfiguration. Due to limited space,

the tree was plotted for only three classes using reconfiguration buses 16, 67, and 93. Some

illustrative human-readable rules could be extracted from the DT as follows:

1. If Cong. Line ID_1 is in Z1 (i.e., the line with the maximum overload is situated in zone

Z1) and Cong. Line ID_2 is in Z1 or Z2, the model selects bus 67 from Z1 as the next

reconfiguration candidate—that is, the bus proposed for splitting to alleviate congestion

at the current timestep.

2. If Cong. Line ID_1 is in Z2, and Cong. Line ID_4 in Z3 , and Split Bus ID_1 in {Z1, Z2, Z3},

then the model returns bus 93 from Z3 for splitting.

3. If Cong. Line ID_1 out of {Z1, Z2} and Split Bus ID_2 is in {Z1, Z2, Z3}, bus 16 from Z2

is the candidate for reconfiguration action (bus splitting).

4. If Cong. Line ID_1 is in Z2, and Cong. Line ID_4 is in {Z1, Z2, Z3}, then the model selects

bus 67 from Z1 for bus splitting.
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Cong. Line ID_1 in [Z1, Z2]
value = [0.523, 0.267, 0.209] 

class = 16

Cong. Line ID_1 in [Z1]
value = [0.024, 0.561, 0.415] 

class = 67 

Cong. Line ID_2 in [Z1, Z2]
value = [0.042, 0.875, 0.083] 

class = 67

value = [0.0, 1.0, 0.0] 
class = 67 

Cong. Line ID_3 in [Z1, Z2]
 value = [0.333, 0.0, 0.667] 

class = 93 

value = [1.0, 0.0, 0.0] 
class = 16

value = [0.0, 0.0, 1.0] 
class = 93

Cong. Line ID_4  in [Z3]
value = [0.0, 0.118, 0.882] 

class = 93

Split Bus ID_1 in [Z1, Z2, Z3]
 value = [0.0, 0.062, 0.938] 

class = 93

value = [0.0, 0.0, 1.0] 
class = 93

Split Bus ID_1 in [Z1, Z2]
value = [0.0, 0.5, 0.5] 

class = 67

value = [0.0, 0.0, 1.0] 
class = 93 

value = [0.0, 1.0, 0.0] 
class = 67

value = [0.0, 1.0, 0.0] 
class = 67

Split Bus ID_2 in [Z1, Z2, Z3]
value = [0.978, 0.0, 0.022] 

class = 16

value = [1.0, 0.0, 0.0] 
class = 16

value = [0.0, 0.0, 1.0] 
class = 93 

True False

Figure 4.8: Excerpt from DT3 (bus reconfig.) for flexible unit ID determination
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The interpretability achieved through the DT extraction is primarily logical, as it expresses

the agent’s control policy in the form of explicit “if–then” decision rules. Although such in-

terpretability does not constitute causal reasoning in the strict analytical sense, it provides a

practical and meaningful explanation of the agent’s actions that aligns with human operator

expertise. Each path in the DT directly links observable grid states to corresponding control

decisions, allowing operators to trace why a particular action is recommended under specific

system conditions and another action is suitable under a different operating condition. For

example, a rule such as “If congestion occurs in Zone-1 and an overload also exists in Zone-2,

then split Bus-X and Bus-Y could be reconfigured only if the congestion is in Zone-1” demon-

strates the underlying decision logic that connects system observations to a physically inter-

pretable control measure. This transparency enables operators to validate, trust, and refine

the automated control behavior, bridging the gap between data-driven intelligence and human

operational understanding. Consequently, the proposed interpretability mechanism provides

actionable insight into the decision-making process, even though it remains logically rather

than causally explanatory.

4.5 Final Remarks

This work proposed an interpretable and adaptive control framework based on GNP-DT for

real-time congestion management in power systems. The agent integrates rule-based struc-

tures with RL to evolve effective control strategies, maintaining both interpretability and adapt-

ability. Through extensive evaluation across multiple stochastic seeds and benchmark agents,

GNP-DT demonstrated superior performance in terms of L2RPN score, survival time, and op-

erational cost compared to baseline methods of different natures, including an ES, MILP with

DC approximation, and a deep RL-based agent (CAgent). In particular, GNP-DT achieved an

improvement in the average score of up to 28% over ExpertOp4Grid and the Deep-RL agent

and consistently ensured a higher median survival and a lower average operational cost.

Moreover, the framework maintained high computational efficiency, exhibiting significantly

shorter inference times than optimization-based and deep learning approaches. The alignment

of GNP-DT performance with interpretable design principles supports its practical applicability

in real-world scenarios that require transparent and reliable grid control.
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Chapter 5
Bridging Optimization and Operator

Insight: LLM-Assisted Counterfactual

Analysis of AC-OPF

In modern power systems, it is essential to maintain secure and economical operation under

increasing renewable penetration and uncertain load patterns; this requires continuous ad-

justment of generator outputs, a process commonly referred to as redispatch. The primary

objectives of redispatch are to relieve congestion and restore voltage profiles under varying

operating conditions. This task is typically formulated as an AC-OPF problem [129]:

min
Pg,Qg,V,θ

C(Pg) (5.1)

s.t. g(Pg,Qg,V,θ ) = 0,

h(Pg,Qg,V,θ )≤ 0

where Pg and Qg denote the active and reactive power outputs of all generators, while V and

θ represent the bus voltage magnitudes and angles. The objective function C(Pg) typically

captures the total generation cost, often modeled as a sum of quadratic or piecewise-linear

functions. The equality constraints g(Pg,Qg,V,θ ) = 0 enforce the AC power flow balance at

each bus, whereas the inequality constraints h(Pg,Qg,V,θ ) ≤ 0 capture operational limits,

including generator output bounds, bus voltage limits, and transmission line flow limits.

Despite the widespread use of AC-OPF, its solutions remain largely opaque to human opera-

tors. Optimization solvers output redispatch setpoints and dual variables; however, they offer

limited insight into why certain generators are adjusted or how specific constraints drive the

solution. As a result, redispatch decisions derived from AC-OPF are often perceived as “black
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boxes”, providing minimal interpretability in operational contexts where human understand-

ing and justification are essential.

5.1 Redispatch with AC-OPF

The operational problem is formulated as a two-stage AC-OPF model comprising an initial dis-

patch stage and a subsequent redispatch stage. In practice, the dispatch stage is determined by

the electricity market ahead of real time, whereas redispatch is carried out by the system opera-

tor closer to real time to resolve network constraints, such as line congestion and voltage-limit

violations, that arise under actual operating conditions [130, 131]. For the sake of simplic-

ity, the market dispatch is emulated here using an AC-OPF model. This provides a consistent

representation of the initial operating point within the same optimization framework, while

noting that, in a real-world setting, this dispatch would correspond to the market outcome.

In the first stage, the emulated dispatch problem determines generator set-points and bus

voltage magnitudes and angles so as to satisfy the AC power-flow equations and network

operating limits. In the second stage, redispatch adjusts the initial schedule under updated

system conditions in order to relieve network constraints and restore secure system operation.

The corresponding objective function is

min JDA =
∑

i∈G conv

cDA
i Pg,i +
∑

i∈R
cres

i C res
i +M
∑

i∈B
Φi , (5.2)

where G conv is the set of conventional generators, R is the set of renewable generators, C res
i

denotes renewable curtailment, and M≫1 is a large penalty coefficient applied to aggregated

slack variables Φi to maintain robustness.

At each bus i ∈ B , active and reactive power balance are enforced through the AC network

equations:

∑

g∈Gi

Pg,i − Pd,i + Pbal,slack
i,+ − Pbal,slack

i,− = Vi

Nb
∑

k=1

Vk (Gik cosθik + Bik sinθik) , (5.3)

∑

g∈Gi

Qg,i −Qd,i +Qbal,slack
i,+ −Qbal,slack

i,− = Vi

Nb
∑

k=1

Vk (Gik sinθik − Bik cosθik) , (5.4)

where θik = θi − θk and (Gik, Bik) are the elements of the bus-admittance matrix Ybus. The

slack bus s is used only as the reference bus, with

θs = 0. (5.5)

Conventional generators satisfy their physical bounds,

Pmin
i ≤ Pg,i ≤ Pmax

i , Qmin
i ≤Qg,i ≤Qmax

i , (5.6)
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whereas renewable generators are modeled through an availability–curtailment relation,

Pg,i + C res
i = Pavail

i , i ∈ R , (5.7)

with Pavail
i denoting the forecasted available renewable power. Hence, renewable generators

are not redispatchable upward; they may only be curtailed if required by feasibility or conges-

tion management.

Bus voltages are maintained within admissible limits using soft bounds,

V min − V min,slack
i ≤ Vi ≤ V max + V max,slack

i , (5.8)

and line thermal constraints are enforced at both ends of each branch ℓ:

(P f
ℓ
)2 + (Q f

ℓ
)2 ≤ (Smax

ℓ )2 + Sslack
ℓ , (5.9)

(P t
ℓ )

2 + (Qt
ℓ)

2 ≤ (Smax
ℓ )2 + Sslack

ℓ , (5.10)

where (P f
ℓ

,Q f
ℓ
) and (P t

ℓ
,Qt
ℓ
) are the sending- and receiving-end apparent-power components,

respectively.

In the second stage, redispatch is performed after updated load and renewable conditions be-

come available. The redispatch problem preserves the AC network model but optimizes gen-

erator deviations around the dispatch-stage schedule. Conventional generators are adjusted

through nonnegative upward and downward redispatch variables,

PRD
g,i = PDA

g,i +∆P+i −∆P−i , i ∈ G conv, (5.11)

where PDA
g,i is the dispatch-stage setpoint, and ∆P+i and ∆P−i denote upward and downward

redispatch. These are limited by redispatch or ramping capabilities,

0≤∆P+i ≤∆P
+
i , 0≤∆P−i ≤∆P

−
i . (5.12)

Renewable generators remain non-dispatchable upward in redispatch and continue to satisfy

PRD
g,i + C res,RD

i = Pavail,RD
i , i ∈ R , (5.13)

where Pavail,RD
i is the updated realized renewable availability. Hence, the redispatch stage

adapts the conventional fleet around the initial dispatch while allowing renewable curtailment

and load shedding when required.

The redispatch objective minimizes the cost of deviations from the dispatch-stage schedule:

min JRD =
∑

i∈G conv

�

cup
i ∆P+i + cdown

i ∆P−i
�

+
∑

i∈R
cres

i C res,RD
i +M
∑

i∈B
ΦRD

i , (5.14)
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where cup
i and cdown

i are the upward and downward redispatch prices of conventional gen-

erators, C res,RD
i denotes renewable curtailment in the redispatch stage, and M≫ 1 is a large

penalty coefficient applied to the redispatch-stage slack variables ΦRD
i . The AC power-balance

equations, generator limits, voltage limits, and thermal constraints retain the same structure

as in the dispatch stage, but are evaluated using updated redispatch-stage load and renewable

conditions.

The formulation distinguishes clearly between conventional generators, which can be redis-

patched up or down, and renewable generators, which are modeled as available but curtail-

able resources. This makes the framework suitable for studying congestion management,

renewable integration, and the economic implications of forecast-driven redispatch in AC-

constrained transmission systems.

5.2 Physical Operational Analysis

The Physical Operational Analysis (POA) module does not constitute a separate optimization

method. Instead, it refers to the set of information extracted from the AC-OPF redispatch so-

lution to interpret the physical drivers of the result. In this work, POA is limited to the active

constraints and associated dual variables of the OPF solution, together with Power Transfer

Distribution Factor (PTDF) and LODF sensitivity indicators. Its purpose is to explain why a

given redispatch pattern emerges by identifying the constraints associated with the solution,

quantifying their influence through dual variables, and using sensitivity factors to construct

counterfactual operating insights. Rather than solving a new optimization problem, POA ex-

amines the OPF snapshot and indicates how small changes in injections would have altered

constraint violations or branch flows. This enables physically grounded explanations of the

form: What minimal redispatch could have avoided the constraint that drove the OPF solution?

The extracted information is organized by first identifying the active constraints of the OPF

solution. Consider a generic inequality constraint

gi(x)≤ bi . (5.15)

At the optimal solution x∗, the constraint is considered active when

|gi(x
∗)− bi|< ϵ (5.16)

and the associated Lagrange multiplier satisfies

λ∗i > 0. (5.17)

The collection of such constraints forms the active set. In practical terms, the active set contains

the limits that are binding, or nearly binding, at the optimum and therefore shape the feasible

redispatch pattern.
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The dual variables provide a quantitative measure of the influence of each active constraint

on the optimal objective. In economic terms, a dual variable can be interpreted as the shadow

price of the corresponding constraint, that is, the marginal change in the optimal objective

value associated with a small relaxation of the constraint bound. The marginal sensitivity of

the optimal objective value f ∗ with respect to the constraint bound is

∂ f ∗

∂ bi
= −λ∗i . (5.18)

Large dual magnitudes therefore indicate operational limits that strongly influence the optimal

redispatch. In practice, thermal limits, generator limits, or voltage limits with significant dual

values reveal which physical constraints forced the solution. These constraints serve as the

starting point for constructing counterfactual explanations of the OPF outcome.

To interpret how redispatch actions affect network constraints, PTDFs and LODFs are used as

first-order screening indicators. Rather than relying on a full local AC Jacobian for explanation,

the analysis employs linear active-power transfer factors that map incremental net injections

to approximate branch-flow changes under the standard lossless DC network approximation

[132,133]. Let the vector of incremental net bus injections induced by redispatch be

∆p ∈ Rnb , (5.19)

with the convention that generation increases enter positively and generation decreases enter

negatively. Power balance implies

1⊤∆p= 0, (5.20)

so that redispatch is interpreted as a balanced transfer across the network.

Under the DC approximation, the incremental branch-flow vector satisfies

∆f≈ H∆p, (5.21)

where H ∈ Rnℓ×nb is the PTDF matrix. If A ∈ Rnℓ×nb denotes the branch–bus incidence matrix

and Bℓ = diag(bℓ) is the diagonal matrix of branch susceptances, then the reduced DC network

matrices satisfy

Bbus = A⊤BℓA, B f = BℓA, (5.22)

and the PTDF matrix may be written compactly as

H= B f B−1
bus, (5.23)

after removing the slack-bus degree of freedom in the usual way [132, 133]. Thus each coef-

ficient Hℓi gives the approximate change in active power flow on line ℓ caused by a +1 MW

injection at bus i and a corresponding withdrawal at the reference bus.
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For a balanced transaction that increases injection at bus i and decreases injection at bus j by

the same amount ∆P, the approximate change in monitored line flow is

∆ fℓ ≈
�

Hℓi −Hℓ j

�

∆P. (5.24)

This representation is directly useful for redispatch screening. If line ℓ is overloaded and an

approximate relief of∆F req
ℓ

is needed, then the redispatch magnitude required from a two-bus

transaction (i, j) can be estimated as

∆Pi← j ≈
∆F req

ℓ
�

�Hℓi −Hℓ j

�

�

, (5.25)

provided that Hℓi−Hℓ j acts in the relieving direction. In the same spirit, if the report provides

loading percentages and thermal limits, the required relief on line ℓ can be screened as

∆F req
ℓ
≈
�

λℓ −λ⋆ℓ
100

�

Smax
ℓ , (5.26)

where λℓ is the current loading percentage, λ⋆
ℓ

is the target loading percentage (for example

100%), and Smax
ℓ

is the thermal limit. These relationships support counterfactual reasoning of

the form: How much redispatch between two buses would be required to reduce the loading of a

stressed branch by a specified amount?

Beyond redispatch directionality, POA also evaluates approximate N−1 security implications

using LODFs. For an outage of line k, the LODF coefficient LODFℓ,k represents the fraction of

the pre-contingency flow on line k that is redistributed to monitored line ℓ after the outage

[134, 135]. Let line k connect buses (m, n). If PTDFℓ,(m→n) denotes the transfer distribution

factor on monitored line ℓ associated with a transaction from bus m to bus n, then the standard

single-line outage relationship is

LODFℓ,k =
PTDFℓ,(m→n)

1− PTDFk,(m→n)
, ℓ ̸= k, (5.27)

with

LODFk,k = −1. (5.28)

The corresponding first-order post-contingency flow estimate is then

f post
ℓ
≈ f pre

ℓ
+ LODFℓ,k f pre

k , (5.29)

which provides a rapid screening approximation of outage-induced rerouting without solving

an additional power-flow problem.

Within the POA information set, the PTDF formalism is used to identify relieving versus aggra-

vating redispatch directions and to estimate the order of magnitude of redispatch required to

relieve congested branches, while LODFs are used to assess whether a branch outage would
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substantially shift flow onto already stressed lines. These factors are therefore not used as

exact AC-feasibility certificates, but as transparent first-order indicators that support counter-

factual explanation of redispatch decisions and rapid qualitative-to-semiquantitative security

screening [132,134,135].

Within the POA information set, these mathematical elements are combined to produce physi-

cally interpretable explanations of OPF outcomes. The active set identifies the constraints that

shape the redispatch solution, dual variables quantify their marginal influence on the objective,

PTDF indicates how balanced injection shifts affect monitored line flows, and LODF factors re-

veal whether alternative redispatch patterns would compromise N−1 security. Counterfactual

scenarios are then constructed by estimating how small redispatch adjustments would modify

constraint violations or branch loadings. The resulting explanation therefore connects the ac-

tive physical constraints, the feasible redispatch directions identified by sensitivities, and the

economic implications reflected in the dual variables.

5.3 Multi-Agent LLM Framework

A multi-agent LLM framework (depicted in Figure 5.1) was developed to generate physically

grounded, operator-oriented explanations for AC-OPF redispatch outcomes. The purpose of

the framework is not to replace the optimization model, nor to solve an additional OPF in-

stance, but rather to transform the numerical evidence produced by the OPF and the POA

module into a concise explanation that resembles the reasoning process of a transmission sys-

tem operator. In particular, the framework is designed to explain why a given redispatch oc-

curred, which network or device constraint forced the redispatch away from the unconstrained

economic solution, what minimal corrective redispatch would approximately relieve the active

limitation, and why alternative actions are either infeasible, more expensive, or operationally

undesirable. The explanatory process is therefore explicitly constrained by physical evidence

extracted from the snapshot, including pre- and post-OPF operating points.

Let St denote the system snapshot at time index t. The snapshot contains the operating quan-

tities needed for explanation: generator active and reactive outputs and limits, branch currents

or flows and their thermal ratings, bus voltages and their admissible bounds, the AC-OPF so-

lution, the objective value, and the POA-derived quantities used to interpret the redispatch.

We write

St =
�

xpre
t ,xopf

t ,λt ,µt ,Γt ,Lt

�

, (5.30)

where xpre
t denotes the pre-redispatch state, xopf

t the optimized post-redispatch state, λt the

power-balance dual variables, µt the dual variables associated with active inequality con-

straints, Γt the set of linearized sensitivities, and Lt the matrix or collection of LODF values

used for qualitative contingency screening. The sensitivities in Γt provide a local linear ap-
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Actor
(Providing 

Counterfactual 
Explanation)

Critic
(Reviewing Actor 

Explanation)

Distiller 
(Extracting Reusable 

Reasoning Rules)

Refiner 
(Updating Actor 

PROMPT)

Human operator: “Why did 
Generator X remain at 0 MW under 
the current redispatch constraints, 
and what minimal constraint 
change would allow it to be 
redispatched upward?”

XAI: Generator X remains at 0 MW because a 
branch congestion constraint is active. A 20 
MVA increase in the corresponding thermal 
limit would relax the active set and allow 
Generator X to provide an upward redispatch 
of about 50 MW.

Sliding Window
(K Snapshots)

Snapshot
(OPF & Physical 

Information)

Figure 5.1: Multi-agent LLM framework for AC-OPF redispatch explanation in control rooms

proximation of how active and reactive injections affect line currents and bus voltages. These

quantities are fundamental because the explanation agent is explicitly instructed to “rely ONLY

on the provided snapshot, dual variables, sensitivities, and LODF values” and to “Do NOT solve

OPF or power flow.” Hence, every explanation must be traceable to numerical evidence already

available in St .

The central component is an Actor agent, denoted by Aθ , parameterized by θ , whose role

is to map the physical snapshot and a task prompt into a single operator-facing explanation.

Formally,

et = Aθ (St , pt), (5.31)

where pt is the current Actor prompt and et is the generated explanation for snapshot t. The

Actor is not a free-form summarizer; rather, it is guided by a tightly structured instruction set

that requires a physically justified explanation of the redispatch. In the prompt, the Actor is

told that its “task is to explain why an AC-OPF redispatch occurred by constructing numerically

grounded counterfactual scenarios,” and that the final explanation should mimic “how a grid

operator would justify a redispatch decision.” This design choice is important because it forces

the language model to organize the explanation around physical constraints and corrective

actions rather than around generic descriptive text. Operationally, the Actor is expected to

identify the dominant active constraint, quantify the minimum relief required, infer promising

redispatch directions from sensitivities, assess feasibility with respect to generator, voltage, and

reactive limits, and compare the chosen action against plausible alternatives in both physical

and economic terms.
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The internal logic of the Actor can be viewed as a constrained reasoning map from the POA

outputs to a counterfactual narrative (See Actor prompt in Appendix C.1). Suppose that branch

ℓ⋆ is identified as the dominant limiting element, either because its pre-OPF current exceeds its

rating or because the corresponding thermal dual variable has large magnitude. If the relevant

loading quantity is current, then the minimum required relief is approximated by

∆I req
ℓ⋆
≈ Ipre

ℓ⋆
− Imax
ℓ⋆ , for Ipre

ℓ⋆
> Imax

ℓ⋆ . (5.32)

The Actor prompt explicitly encodes this step through the instruction “RequiredRelief ≈ Cur-

rentCurrent− Limit,” which operationalizes the first-order estimate of how much current must

be removed from the constrained branch. The next step is to identify candidate redispatch di-

rections using the PTDF coefficients of the monitored branch. For a balanced transfer that

increases active-power injection at bus i and decreases it at bus j by the same amount∆P, the

first-order change in the active power flow of branch ℓ⋆ is approximated by

∆ fℓ⋆ ≈
�

PTDFℓ⋆,i − PTDFℓ⋆, j
�

∆P. (5.33)

Accordingly, a redispatch direction is aggravating for branch ℓ⋆ if

PTDFℓ⋆,i − PTDFℓ⋆, j > 0, (5.34)

since increasing injection at bus i and reducing it at bus j increases the flow on the monitored

branch in its reference direction. Conversely, a negative value indicates a relieving redispatch

direction. Therefore, PTDFs provide a direct first-order criterion for selecting candidate gener-

ator redispatch pairs that are expected to reduce stress on the binding branch. this is to confirm

that the sensitivity is sufficiently large in magnitude and the redispatch direction has the cor-

rect sign to reduce the overload. This relation does not claim exactness; rather, it provides the

numerical backbone of a counterfactual statement such as: if generation were increased at

a relieving location or decreased at a stressing location by approximately ∆Preq
n , the thermal

margin could be restored to first order. The explanation produced by the Actor is therefore a

physically informed local interpretation of the AC-OPF decision, not a re-optimization.

To maintain discipline in the generated explanations, the Actor is also instructed to treat the

dual variables differently according to their physical role. The power-balance duals are in-

terpreted as nodal marginal prices, while the duals associated with thermal, active-power,

reactive-power, or voltage limits are interpreted as indicators of active operational constraints.

In practical terms, if µth
ℓ

is the thermal-limit dual for branch ℓ, a large value of |µth
ℓ
| signals that

the associated thermal bound is an economically and operationally significant driver of redis-

patch. Similarly, active duals on generator limits or voltage bounds reveal when redispatch

flexibility is blocked by saturation or local voltage feasibility. The Actor is therefore expected

to combine primal evidence (overloaded line, generator at maximum, voltage near bound)
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with dual evidence (nonzero or large-magnitude shadow prices) to construct an explanation

that begins from the physical bottleneck rather than from the redispatch outcome itself.

A key property of the framework is that the Actor must generate at least one explicit coun-

terfactual scenario. This requirement is central because it transforms the explanation from

a descriptive summary into a causal justification. Let ut denote a candidate counterfactual

redispatch vector, for example an increase at a relieving generator combined with a decrease

at a stressing generator. The Actor estimates the resulting flow effect and the incremental

economic effect by

∆C(ut)≈
∑

n

πn∆Pn, (5.35)

where πn is interpreted from the nodal marginal information in the snapshot. The explana-

tion must then state whether the candidate action relieves congestion, whether it is feasible

with respect to operating limits, and whether it is more or less attractive than the redispatch

selected by the AC-OPF. In this sense, the Actor does not merely justify the chosen redispatch

by saying that a line was overloaded; it explains why a particular physically admissible cor-

rective direction is preferred over nearby alternatives once the available flexibility, locational

influence, and approximate cost are jointly considered.

In addition to base-case feasibility, the framework includes a lightweight security interpreta-

tion using LODF-based screening. Let k denote a contingency corresponding to the outage

of lines. These factors are not used to claim exact post-contingency AC feasibility, but they

provide a qualitative signal of whether the redispatch is associated with a branch that may

remain security-critical under plausible line outages. The Actor prompt accordingly instructs

the model to use LODF information only for “qualitative screening.” This is methodologically

important: it prevents the language model from overstating the validity of linearized security

predictions while still allowing the generated explanation to mention whether the constrained

branch appears particularly sensitive to rerouting under an N -1 event.

The explanation generated by the Actor is next passed to an AI Critic (See Critic prompt in

Appendix C.2), denoted by CAI, whose role is to verify whether the output satisfies the struc-

tural and technical requirements of the task. The Critic does not replace expert judgment and

does not re-solve the physical problem; rather, it acts as a formal verifier of completeness,

grounding, and compliance with the intended reasoning pattern:

vt = CAI(St , et), vt ∈ {pass,revise}, (5.36)

or, more generally, as a structured vector

vt =
�

vconstraint
t , vcounterfactual

t , vnumeric
t , voperator

t , vsecurity
t

�

(5.37)

where each component indicates whether a required explanatory element is present and tech-

nically coherent. In practice, the Critic checks whether the explanation clearly identifies the
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driving constraint, includes at least one explicit counterfactual, provides approximate quan-

titative reasoning, and remains readable from an operational viewpoint. This separation be-

tween generation and evaluation stabilizes the explanatory process: the Actor is optimized for

producing physically meaningful prose, while the Critic is optimized for checking whether the

output actually satisfies the methodological contract imposed by the framework.

The Critic feedback is then processed by a Rule Distiller D, which compresses the observed

strengths and deficiencies of the explanation into a small set of reusable rules (See Distiller

prompt in Appendix C.3):

rt = D(et ,vt). (5.38)

The object rt should be interpreted as a compact operational refinement signal rather than

as free-form commentary. A distilled rule may indicate that future explanations should begin

more explicitly from the binding thermal limit, quantify the minimum required relief before

discussing alternatives, mention when the cheapest relieving unit is already saturated, or state

more clearly that a candidate redispatch worsens the congested line because the relevant sen-

sitivity is positive. For example, the Distiller may extract compact operational rules such as

the following, which are then incorporated into the Actor prompt during refinement:

1. State the binding network constraint first, with numerical evidence.
2. Include a counterfactual redispatch example with estimated relief.
3. Use sensitivities to justify congestion relief or worsening.

In other words, the Distiller transforms explanation-level feedback into instruction-level mod-

ifications that can improve future Actor behavior. This step is essential because it decouples

local output deficiencies from the long-term evolution of the Actor prompt.

The final component is the Prompt Refiner R (See Refiner prompt in Appendix C.4), which

updates the Actor prompt using the distilled rules accumulated over recent snapshots. Given

a sliding window of the last K rule sets,

Wt = {rt−K+1, rt−K+2, . . . , rt}, (5.39)

the Refiner constructs an updated prompt

pt+1 = R(pt , Wt). (5.40)

The Refiner is itself governed by a strict design principle: it must improve the Actor prompt

while preserving its structure and readability. In the prompt specification, the Refiner is told to

“update the Actor prompt using distilled operational rules” and to integrate them “naturally,”

while ensuring that the original sections on task, inputs, reasoning guidelines, and output

remain intact. This means that prompt evolution is controlled rather than unconstrained. The
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Refiner is not allowed to inject raw snapshot data, ad hoc examples, or verbose commentary

into the Actor prompt; instead, it performs a structured policy update in instruction space.

Conceptually, if the Actor prompt is viewed as a parameterized reasoning policy over textual

outputs, then the Refiner performs a conservative update

pt+1 = pt ⊕φ(Wt), (5.41)

where φ(·) denotes rule aggregation over the sliding window and ⊕ denotes structured in-

corporation of the resulting guidance into the existing prompt template. The sliding-window

mechanism prevents the prompt from overreacting to a single anomalous snapshot while still

allowing repeated errors or recurring operational motifs to shape future behavior.

The overall framework therefore defines a closed-loop explanatory system in which physical

evidence, language generation, structured critique, rule extraction, and prompt refinement

interact over time. For each snapshot, the computational flow is

St
Aθ−→ et

CAI

−→ vt
D
−→ rt

R
−→ pt+1. (5.42)

The objective is not to train the Actor through gradient-based updates of the underlying lan-

guage model parameters, but to iteratively refine the Actor prompt so that the resulting expla-

nations become progressively more consistent, physically grounded, and operationally useful.

At each snapshot, the Actor produces an explanation based on the OPF solution and its associ-

ated physical indicators, including AC power-flow results, redispatch outcomes, dual variables,

and PTDF/LODF sensitivities. The Critic then assesses this explanation qualitatively and re-

turns linguistic feedback on its clarity, physical consistency, and operational relevance. This

feedback does not constitute a scalar objective in the conventional optimization sense; instead,

it acts as a structured reflective signal. The Distiller summarizes recurring Critic observations

into compact rules, and after every k snapshots the Refiner incorporates these rules into a re-

vised Actor prompt. Consequently, learning takes place at the prompt level rather than at the

parameter level, and improvement emerges from an iterative cycle of explanation, critique,

distillation, and refinement. The final output of training is therefore an evolved Actor prompt

rather than an updated language model.

The complete procedure is summarized in Algorithm 3. The algorithm makes explicit the

roles of memory, sliding-window rule aggregation, iterative evaluation, and prompt selection.

In particular, the memoryM stores distilled rules and associated quality scores, allowing the

system to retain operational regularities across snapshots while filtering out low-value refine-

ments. The best prompt update is selected according to the evaluation functional, yielding a

progressively improved explanatory policy. To support transparency and reproducibility, the

prompts used for all agents in the multi-agent LLM framework, together with the final evolved

Actor prompt, are provided in Appendix C.
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Algorithm 3: Multi-Agent LLM Framework with Sliding-Window Prompt Refinement

Input: Training snapshots {St}Tt=1, initial Actor prompt p0, memoryM , refinement

interval K

Output: Refined Actor prompt pfinal, updated memoryM

1 Initialize current prompt p← p0;

2 for t ← 1 to T do

3 Generate an operator-oriented explanation using the Actor: et ← Aθ (St , p);

4 Evaluate the explanation using the AI Critic: vt ← CAI(St , et);

5 Distill the Critic feedback into a compact operational rule: rt ← D(et , vt);

6 Update memory with the newly distilled rule: M ←M ∪{rt};

7 if t ≥ K and t mod K = 0 then

8 Retrieve the most recent K distilled rules: Wt ← {r j ∈M | j = t − K + 1, . . . , t};

9 Refine the Actor prompt using the Refiner: p← R(p,Wt);

10 Set final refined prompt pfinal← p;

11 return pfinal,M ;

In summary, the proposed framework formalizes explanation generation as a physically con-

strained, multi-agent inference-and-refinement process. The Actor turns AC-OPF and POA

outputs into a counterfactual explanation grounded in sensitivities, dual variables, and se-

curity indicators; the Critic verifies whether this explanation is complete and technically de-

fensible; the Distiller extracts transferable operational rules from the observed strengths and

failures; and the Refiner updates the Actor prompt so that future explanations better align

with the needs of control-room reasoning. By explicitly embedding notions such as minimum

required relief, sensitivity-based redispatch direction, feasibility screening, approximate cost

impact, and qualitative N -1 implications, the framework produces explanations that are not

merely linguistically coherent, but operationally interpretable and physically anchored in the

underlying AC-OPF solution.

5.4 Experimental Results

5.4.1 Case-study description

To demonstrate the effectiveness of the proposed interpretable AC-OPF redispatch framework,

the evaluation was conducted on the IEEE 39-bus benchmark system. All AC-OPF instances

were solved using IPOPT [136], a large-scale nonlinear interior-point optimizer, in combina-

tion with the MA57 sparse symmetric linear solver for efficient factorization of the associated

KKT system.
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A total of 500 operating snapshots were generated to train the reflective multi-agent frame-

work. These snapshots were created by introducing uncertainty in both load and renewable

generation. The secondary substation load measurements were taken from the Iowa Distri-

bution Test System [114] and used only as reference profiles to inject load uncertainty; the

measurements were scaled to match the demand level of the studied grid. The wind power

measurements were obtained from wind power plants in France, where the location cannot be

disclosed for confidentiality reasons, and were used as reference profiles for renewable gener-

ation after replacing 40% of the generators in the grid with wind units. Wind curtailment was

allowed as a redispatch action, subject to a maximum curtailment limit of 30% of the avail-

able wind power. For the day-ahead stage, the market dispatch was simulated using the point

forecast proposed in [122], NWP data generated at 0h00. For the redispatch stage, the point

forecast from the very-short-term forecasting model in [122] was used to represent the up-

dated wind conditions closer to real time. To assess generalization performance, an additional

set of 100 previously unseen operating snapshots was reserved for testing.

The LLM-based agents were assigned task-specific temperature settings to balance exploration

and consistency across the reflective pipeline. The Actor was configured with a relatively

higher temperature of 0.7 to encourage diverse yet plausible counterfactual explanation gen-

eration. In contrast, the Critic and the Distiller both operated with a low temperature of 0.2

to promote stable, precise, and consistent feedback as well as compact rule extraction. The

Refiner used a moderate temperature of 0.4 to integrate distilled rules into the evolving Ac-

tor prompt while preserving structure and readability, whereas the Evaluator was assigned a

very low temperature of 0.1 to ensure near-deterministic assessment. All experiments were

conducted using GPT-5.4 as the underlying large language model.

5.4.2 Illustrative Example

This subsection presents example dialogues generated by the proposed LLM agent to show

how it interprets an OPF snapshot using structured inputs from both the OPF solution and the

POA. These examples illustrate how the model uses constraint dual variables and sensitivity

coefficients to produce physically consistent explanations and counterfactual analyses.

Example Case 1: This case is interesting because the congestion is not confined to a single

isolated line but involves multiple related constraints, while the final redispatch is still con-

trolled by one main thermal limit. In particular, line 2 is the most important constraint after

redispatch, and the counterfactual tests show that alternative actions that appear cheaper in

direct cost terms are rejected because they would worsen the binding network constraint. The

N-1 screening further confirms that the affected lines are structurally coupled and subject to

significant contingency-driven redistribution. As a result, the case provides a useful illustration
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of how redispatch decisions are determined not only by production costs, but also by PTDF

sensitivities, active thermal constraints, and network security considerations.

Case overview.

Before redispatch, the reported thermal violations were on line 2 (bus 1 to bus
2) at 102.60% and line 21 (bus 15 to bus 18) at 106.69%; line 19 (bus 14 to bus
15) was also near binding at 99.33%. These constraints were not isolated. The
PTDF table shows that line 21 and line 19 react identically to injections at
buses 18, 19, 32, and 33, indicating that they belong to the same transfer path
in the area around buses 14-15-18.

Summary of redispatch.

The realized redispatch actions consisted of a +40 MW increase of conventional
Generator 2 at bus 32, a -20 MW reduction of conventional Generator 6 at bus 36,
a +40.883 MW increase of conventional Generator 8 at bus 38, and a 63.944 MW wind
curtailment of Generator 0 at bus 29. The dominant driver appears to be line 2,
because it is the only line with a nonzero thermal dual (dual = -3396.49), while
the other heavily loaded lines were relieved to below 100% after the redispatch.

Question 1. Why not curtail 1 MW less wind from Generator 0 at bus 29 and offset it by

1 MW less conventional generation from Generator 2 at bus 32?

On line 2, the PTDF effect is PTDF29 - PTDF32 = 0.6315 - (-0.0039) = +0.6354, so
this substitution worsens the dominant monitored line by about 0.64 MW for each 1
MW of swap. On line 3, the same substitution gives 0.1579 - (-0.1045) = +0.2624,
which increases the loading on that related line from 86.46% to 112.7%.

The direct marginal cost is ∆C = - 30.000 - 47.316 = -57.316 €/MWh. Since ∆C is
negative, this alternative looks cheaper in direct production cost terms because
it avoids wind curtailment and reduces upward redispatch from Gen 2. However, it
is not feasible because it increases loading on the dominant congested line. For
this counterfactual to become viable, line 2 would need at least 0.635 MW of
additional thermal margin for each 1 MW of substitution. For a 10 MW
substitution, at least 6.35 MW of extra margin would be required on line 2.

Question 2. Why not replace part of the realized downward redispatch of Generator 6

with additional wind power curtailment at bus 29?
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A marginal alternative is to reduce wind generation by an additional 1 MW at
Generator 0 on bus 29 while applying 1 MW less downward redispatch to Generator 6
at bus 36, meaning that Gen 6 would increase by 1 MW relative to the realized
operating point.

On line 2, the PTDF change is 0.6315 - 0.5573 = +0.0742 MW, so line 2, which is
already overloaded, would be pushed further above its limit. On line 3, the
corresponding effect is 0.1579 - (-0.7578) = +0.9157 MW, which would increase the
loading on line 3 to 178%.

The marginal economic effect is ∆C = 30.000 - 40.639 = -10.639 €/MWh, so this
alternative again appears cheaper in direct cost terms. However, it is not
selected because it would overload both the dominant line 2 and the related line
3. This illustrates that apparent economic attractiveness is not sufficient when
the alternative aggravates active network constraints.

Question 3. Is there any major N-1 cascading risk?

For N-1 screening, the outage of line 19 (bus 14 to bus 15) onto line 21 (bus 15
to bus 18) is particularly notable. Before the outage, the flow on line 21 is
approximately 1.0669 × 600 = 640.1 MVA (106.69%), while the flow on line 19 is
approximately 0.9933 × 540 = 536.4 MVA (99.33%).

Using the reported LODF, the change on line 21 is approximately -1.0000 × 536.4 =
-536.4 MVA if monitored under the opposite orientation convention. Equivalently,
this indicates that the outage causes a near-complete redistribution of that tie
and therefore points to a high cascading risk in the 14-15-18 area. This is
consistent with the observation that both lines had to be relieved together in
the redispatch solution.

Question 4. Is there any major flow redistribution in case of an outage?

A clearer screened redistribution example is the outage of line 2 (bus 1 to bus
2) onto line 1 (bus 0 to bus 38). Before the outage, line 1 carries approximately
0.0941 × 1000 = 94.1 MVA, while line 2 carries approximately 1.0260 × 450 = 461.7
MVA.

Using the reported LODF, the post-contingency flow on line 1 becomes 94.1 +
0.3546 × 461.7 = 257.8 MVA, which corresponds to only 25.8% of the thermal limit
and is therefore not a screened overload.
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However, the outage of line 2 onto line 5 produces 0.3411 × 500 + (-0.5898) ×

461.7 = -101.9 MVA, which implies a reversal in the direction of flow. Although
this does not constitute a screened thermal overload, it demonstrates substantial
contingency-driven redistribution in the same area of the network.

Example Case 2: This example is interesting because the overloads are spread across more

than one related area, but the final redispatch is still mainly shaped by one key thermal con-

straint. In particular, line 1-2 remains the main determining constraint after redispatch. The

counterfactual questions also show that some alternatives may look cheaper or locally helpful,

but they are rejected because they either worsen another overloaded line or are blocked by

generator limits. The contingency screening adds another useful point by showing that the

redispatch was relevant not only for the base case, but also for reducing screened outage risk.

Case overview.

Before redispatch, five thermal overloads were reported: line 1-2 at 143.02%,
line 2-3 at 134.77%, line 5-10 at 121.88%, line 14-15 at 119.26%, and line 15-18
at 107.46%. These were not isolated violations. Line 1-2 and line 2-3 belong to
the same corridor, while line 14-15 and line 15-18 form a related path around bus
15.

After redispatch, all of these lines were brought below 100%, with line 1-2
ending at 93.61%. This line appears to be the main limiting element because it
had the highest overload before redispatch and it was the only line with a
nonzero post-redispatch thermal dual, dual = -6.761713.

Summary of redispatch.

The realized redispatch actions were: Conventional Generator 8 at bus 38 was
reduced by 20 MW. Wind at bus 31 was curtailed by 74.404 MW, and wind at bus 29
was curtailed by 8.344 MW. Upward redispatch was provided by Generator 6 at bus
36 with 40 MW and Generator 2 at bus 32 with 62 MW. No load curtailment occurred.

The common pattern is a reduction of injections at buses that have positive PTDF
values on line 1-2 and line 2-3. This relieves the overloaded corridor and, at
the same time helps reduce loading on the other related lines.

Question 1. Why not do more downward redispatch on Generator 8 at bus 38 instead of

1 MW more wind curtailment at bus 31?

The closed marginal swap is +1 MW injection from reducing wind curtailment at bus
31 and -1 MW withdrawal from extra downward redispatch of Generator 8 at bus 38.
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On line 1-2, the PTDF effect is PTDF(31) - PTDF(38) = -0.0125 - 0.3183 = -0.3308,
so this swap would relieve line 1-2 by about 0.3308 MW. On line 2-3, the effect
is 0.0164 - 0.2706 = -0.2542 MW, so it would also relieve line 2-3.

Economically, ∆C = - 30.000 + 32.190 = +2.190 €/MWh, so this alternative is more
expensive. It was also blocked by a local operating limit: Generator 8 was
already providing 20 MW of downward redispatch and had a binding RampDown dual of
-55.811888, which indicates that further downward movement was constrained.

This counterfactual would become feasible if Generator 8 had at least 1 MW of
additional downward ramp margin. It would become economically preferable if the
Gen 8 downward redispatch price fell by at least 2.190 €/MWh, from 32.190 to 30
€/MWh or lower.

Question 2. Why not replace 1 MW of wind curtailment at bus 31 with 1 MW of downward

redispatch on Generator 7 at bus 37?

The closed swap is +1 MW injection at bus 31 and -1 MW withdrawal at bus 37.

On line 1-2, the PTDF effect is PTDF(31) - PTDF(37) = -0.0125 - 0.2787 = -0.2912
MW, so this would relieve the dominant line. On line 2-3, the effect is 0.0164 -
0.4821 = -0.4657 MW, so it would also relieve the same corridor.

However, on line 14-15, the effect is 0.0400 - (-0.3555) = +0.3955 MW, so it
would worsen that already overloaded related line. Economically, ∆C = -30.000 +
21.616 = -8.838 €/MWh, so it would look cheaper. Even so, it is not viable
because it shifts congestion onto line 14-15.

For 1 MW of this swap to become feasible, line 14-15 would need at least 0.3955
MW of additional thermal margin. The realized redispatch is therefore the more
plausible local solution because it reduces injections at buses 29, 31, and 38,
and each of those buses has a positive PTDF on line 1-2 and line 2-3. In that
way, the chosen package consistently unloads the dominant corridor without
requiring emergency load curtailment.

Question 3. Is there any major N-1 cascading risk?

A clearer screened risk is the outage of line 14-15 onto monitored line 2-17. The
pre-outage flow on line 2-17 was 0.3511 × 500 = 175.6 MVA, while the flow on the
outaged line 14-15 was 1.1926 × 540 = 644.0 MVA.
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With LODF = 0.7823, the screened post-outage flow becomes 175.6 + 0.7823 × 644.0
= 679.4 MVA, which is 135.9% of the 500 MVA limit. This gives first-order
evidence that redispatch was also needed to reduce screened outage risk, not only
to remove the base-case thermal overloads.

5.4.3 Quantitative Evaluation

The quality of the generated AC-OPF redispatch explanations was assessed on a test set of

previously unseen operating snapshots using a dedicated evaluator agent designed to verify

physical consistency, counterfactual validity, and operator usefulness . The purpose of this eval-

uation stage is not to re-solve the optimization problem or to assess whether the explanation

is stylistically plausible in isolation, but rather to determine whether the explanation correctly

justifies the redispatch decision using only the information contained in the corresponding

power-system snapshot. In particular, the evaluator is explicitly instructed to judge whether

the explanation provides a valid counterfactual justification of the OPF outcome, while treating

counterfactual scenarios strictly as explanatory devices rather than operational recommenda-

tions. This distinction is important because a counterfactual alternative may be physically

plausible yet still be inferior to the OPF solution due to infeasibility, higher cost, insufficient

congestion relief, or adverse security implications.

For the test stage, each explanation was assessed by the evaluator agent. This evaluator is

also an LLM-based agent (See Evaluator prompt in Appendix C.6), but unlike the Actor it is

prompted only to assess explanations rather than to generate them. Its prompt is designed

to mimic the expectations of a human operator or domain expert by checking whether the

explanation contains the elements that an expert would expect to see in a technically sound

justification of the OPF result. For each unseen snapshot Sn, with n = 1, . . . , Ntest, the Actor

generates an explanation en, where Ntest is the number of test snapshots. The evaluator agent

then receives the pair (Sn, en) and checks whether the explanation is supported by the available

OPF and sensitivity information. Its output is a structured assessment composed of binary

answers to 20 verification questions, together with category-level scores, a total score, and an

overall percentage score. Each verification question is scored as

qn,m ∈ {0, 1}, m= 1, . . . , 20, (5.43)

where qn,m = 1 means that the corresponding claim in explanation en is correct and supported

by snapshot Sn, and qn,m = 0 means that the claim is incorrect, unsupported, or cannot be ver-

ified from the available data. This binary design makes the evaluation strict: if an explanation

contains a plausible statement that cannot be confirmed from the snapshot, that statement

receives zero credit.

The 20 questions are grouped into eight evaluation categories, each associated with an aggre-
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gated score σ̄(c), c ∈ {1, . . . , 8}:

• σ̄(1) — Redispatch trigger identification: checks whether the explanation identifies all

significant overloaded lines or other violated constraints before redispatch, distinguishes

the dominant driver, and avoids unsupported claims about unreported constraints or

corrective actions.

• σ̄(2) — Operational logic: checks whether the explanation correctly reflects the se-

quence from the condition before redispatch to the realized redispatch actions and the

condition after redispatch, including the correct description of conventional-generator

redispatch, wind curtailment, and load curtailment when present.

• σ̄(3) — PTDF directional reasoning: checks whether the explanation uses PTDF-based

screening correctly, including sign-consistent directional effects and, when relevant, the

effect of a redispatch action on more than one important line.

• σ̄(4) — Counterfactual reasoning: checks whether the explanation provides two ex-

plicit counterfactuals with marginal arithmetic, including a specific redispatch alterna-

tive, an identified displaced resource, a closed ∆C in =C/MWh, an interpretation of the

sign of∆C , and a quantified threshold under which the alternative would become viable

or optimal.

• σ̄(5) — Numerical grounding and report discipline: checks whether the numerical

values mentioned in the explanation are supported by the snapshot, whether no unre-

ported values are invented, and whether the explanation remains analytical rather than

becoming a long raw-data summary.

• σ̄(6) — Economic and dual interpretation: checks whether prices, curtailment costs,

redispatch prices, and dual variables are used consistently to justify the redispatch deci-

sions and the rejection of the counterfactual alternatives.

• σ̄(7)— N -1 security screening: checks whether any use of LODF-based contingency rea-

soning is consistent with the available screening information, including one case show-

ing overload risk or movement toward a thermal limit and, when supported, one case

showing major flow redistribution or reversal.

• σ̄(8) — Language and operator usefulness: checks whether the explanation is written

in concise, technically clear, operator-oriented language and avoids vague, abstract, or

non-standard wording.

For each test snapshot n, the explanation en is assigned a percentage score based on the 20
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binary verification questions:

Pn = 100 ·
1
20

20
∑

m=1

qn,m, (5.44)

where qn,m ∈ {0, 1} is the score of question m for snapshot n, and Pn is the percentage score of

the corresponding explanation. The overall test performance is then summarized by the mean

of Pn over all Ntest test snapshots.

Category-level performance is computed in the same way. Letσ(c)n denote the percentage score

of category c for snapshot n. Then the average score for category c over the full test set is

σ̄(c) =
1

Ntest

Ntest
∑

n=1

σ(c)n , (5.45)

where σ̄(c) is the average performance for category c. These category-level averages help

identify where the framework performs well and where it remains weak. For example, a high

value of σ̄(constraint) together with a lower value of σ̄(counterfactual) would indicate that the model

usually identifies the main operational bottleneck correctly, but does not always explain alter-

native redispatch actions in a complete way. These category-level rates provide a fine-grained

diagnostic of performance. In particular, they help distinguish between errors arising from

unsupported physical claims, incorrect use of sensitivity signs, weak economic justification,

or incomplete treatment of contingency effects. Because the evaluator is instructed to assign

zero whenever a claim cannot be verified from the snapshot, these accuracies can also be

interpreted as a measure of factual discipline in the generated explanations.

The evaluator itself is deliberately conservative. It is instructed to rely only on the provided

snapshot, not to solve OPF or run any additional power-flow computation, and not to infer

missing facts. As a consequence, the reported scores reflect explanation faithfulness to the

available data rather than agreement with external reasoning not present in the snapshot.

This makes the evaluation particularly suitable for the present setting, where the objective is

to assess whether the multi-agent framework can transform the outputs of AC-OPF and post-

optimal analysis into explanations that are physically grounded, numerically defensible, and

useful to a system operator. In practical terms, an explanation achieves a high score only

if it correctly identifies the active constraint, uses sensitivities coherently, presents at least

one explicit and verifiable counterfactual redispatch, avoids unsupported quantitative claims,

interprets cost information appropriately, and, when relevant, discusses N -1 effects in a way

that is consistent with the LODF data.

This evaluation protocol therefore measures more than textual quality. It directly tests whether

the generated explanation satisfies the intended methodological framework: namely, that re-

dispatch explanations should be grounded in the physical snapshot, respect operational limi-

tations, be supported by explicit counterfactual reasoning, and be expressed in a form that is
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concise and operationally meaningful. Once the evaluator outputs are collected for the full test

set, the resulting aggregate metrics (P̄, σ̄(c)) provide a structured basis for comparing prompt

variants, ablation settings, or alternative explanation-generation pipelines.

The effectiveness of the proposed reflective prompt-refinement framework was evaluated on

previously unseen test snapshots using the evaluator described. Table 5.1 reports the aver-

age category-level scores obtained with the initial Actor prompt and with the evolved prompt

after iterative refinement using the multi-agent loop (See the evolved Actor prompt in Ap-

pendix C.5). The results show a consistent improvement across all evaluation dimensions,

indicating that the reflective framework improves not only the overall quality of the expla-

nations, but also their physical grounding, numerical reliability, and usefulness for operator-

facing interpretation.

Table 5.1: Comparison of the initial and evolved prompts using the category-wise mean scores σ̄(c), c =

1, . . . , 8, and the overall percentage score P̄.

Metric (P̄, σ̄(c)) Initial prompt Evolved prompt Improvement (%)

σ̄(1) 0.8950 0.9825 9.7765

σ̄(2) 0.8000 0.9930 24.1250

σ̄(3) 0.7900 0.9800 24.0506

σ̄(4) 0.8340 0.9650 15.7074

σ̄(5) 0.7270 0.8230 13.2050

σ̄(6) 0.7450 0.9900 32.8859

σ̄(7) 0.7200 0.9500 31.9444

σ̄(8) 0.8900 0.9900 11.2360

P̄ 80.0125 95.9188 19.8797

σ̄(1) : Redispatch trigger identification,

σ̄(2) : Operational logic,

σ̄(3) : PTDF directional reasoning,

σ̄(4) : Counterfactual reasoning,

σ̄(5) : Numerical grounding and report discipline,

σ̄(6) : Economic and dual interpretation,

σ̄(7) : Security screening,

σ̄(8) : Language and operator usefulness.

The total evaluation score increased from 80.01% with the initial prompt to 95.92% with the
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evolved prompt, corresponding to a relative improvement of 19.88%. This gain confirms that

the iterative refinement mechanism based on Critic feedback, rule distillation, and sliding-

window prompt updates leads to substantially better explanations on unseen operating con-

ditions. Importantly, the improvement is not concentrated in a single dimension, but is dis-

tributed across all eight evaluator categories, suggesting that the prompt evolution process

improves the overall reasoning structure of the Actor rather than overfitting to a narrow sub-

set of criteria.

The strongest gains were observed in economic and dual interpretation, security screening, and

the two reasoning dimensions tied directly to network sensitivities and operating logic. In

particular, the economic-and-dual-interpretation score increased from 0.745 to 0.990, cor-

responding to the largest relative improvement of 32.89%. This indicates that the evolved

prompt more reliably uses prices, curtailment costs, redispatch prices, and dual variables to

justify why the realized redispatch is preferable to nearby alternatives. Security screening

also improved strongly, rising from 0.720 to 0.950 (+31.94%), which shows that the evolved

prompt incorporates contingency-related reasoning and LODF-based screening much more

consistently. Similarly, operational logic increased from 0.800 to 0.993 (+24.13%), while PTDF

directional reasoning increased from 0.790 to 0.980 (+24.05%). These gains indicate that the

evolved prompt is substantially better at explaining how redispatch changes the network state

and at interpreting directional sensitivity information in a sign-consistent and operationally

meaningful way.

A substantial improvement was also observed in counterfactual reasoning, which increased

from 0.834 to 0.965 (+15.71%). This is particularly important because counterfactual rea-

soning is central to the explanatory objective of the framework: it requires the model not only

to propose plausible alternatives, but also to justify numerically why these alternatives are not

selected under the reported operating constraints. Numerical grounding and report discipline

also improved from 0.727 to 0.823 (+13.20%), indicating that the evolved prompt more con-

sistently grounds its claims in values that are verifiable from the snapshot and avoids unsup-

ported numerical statements. A similarly meaningful gain is observed in language and operator

usefulness, which rises from 0.890 to 0.990 (+11.24%). This indicates that the evolved expla-

nations are judged to be clearer, more concise, and more aligned with familiar power-system

engineering language, which is essential for operational interpretability.

More modest but still clearly positive improvements were obtained in redispatch trigger iden-

tification. This score increased from 0.895 to 0.9825 (+9.78%). Although this is the smallest

relative improvement among the eight categories, it remains meaningful because the base-

line performance of the initial prompt was already strong in this dimension. In other words,

the initial Actor prompt was already reasonably effective at identifying the main violated or
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binding constraints driving redispatch, leaving less room for improvement than in weaker cat-

egories such as security screening or economic-and-dual interpretation. Nevertheless, the fact

that this metric also improved confirms that refinement did not come at the expense of the

core explanatory requirement of identifying the operational trigger correctly.

Taken together, these results indicate that the proposed sliding-window reflective refinement

mechanism leads to broader and more balanced improvements in explanation quality. The

evolved prompt does not merely produce more readable text; it produces explanations that are

better aligned with the evaluator’s requirements for network-level reasoning, correct interpre-

tation of PTDF-based effects, defensible numerical statements, explicit economic justification,

and contingency awareness. The largest improvements occur precisely in the categories that

require the strongest discipline and domain grounding, suggesting that the multi-agent frame-

work is effective in steering the LLM away from vague or weakly supported explanations and

toward more rigorous, operator-oriented redispatch justifications.

5.5 Final Remarks

This chapter proposed an interpretable multi-agent large language model framework for ex-

plaining AC-OPF redispatch decisions in a physically grounded and operator-oriented man-

ner. The framework combines the outputs of AC-OPF and physical operational analysis with

a reflective multi-agent reasoning pipeline composed of an Actor, Critic, Distiller, and Refiner.

Rather than generating generic textual summaries, the proposed approach constructs explana-

tions that are explicitly tied to the underlying system state, active constraints, dual variables,

sensitivity information, and LODF-based security indicators. In this way, the framework trans-

forms redispatch outcomes into concise counterfactual explanations that clarify why a partic-

ular redispatch was selected, what constraint forced the redispatch, which alternative actions

could have been considered, and why such alternatives were infeasible, more expensive, or

less effective.

A key contribution of the proposed method is the introduction of iterative prompt refinement

through a sliding-window memory of distilled operational rules. This mechanism allows the

explanatory behavior of the Actor agent to evolve over time based on structured critique and

recurring patterns observed across operating snapshots. As a result, the framework improves

not only the linguistic clarity of the generated explanations, but also their numerical defensi-

bility, physical consistency, and operator relevance. The evaluation on the IEEE 39-bus system

demonstrated that the evolved prompt consistently outperformed the initial prompt on unseen

test snapshots, with the overall score increasing from 80.01% to 95.92%. The most significant

gains were observed in security reasoning, numerical consistency, and economic interpreta-

tion, indicating that reflective prompt refinement is particularly effective in strengthening the
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most demanding aspects of redispatch explanation.

Overall, the results show that large language models can support power-system operation

not only as conversational tools, but also as structured explanation engines when tightly con-

strained by physical data and embedded within a reflective multi-agent architecture. The

proposed framework therefore represents a step toward trustworthy and interpretable AI as-

sistance for transmission-system operators, especially in settings where redispatch decisions

must be explained in a transparent, technically rigorous, and operationally meaningful way.
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Chapter 6
Conclusions

6.1 Final Summary and Conclusions

This thesis advances the state-of-the-art in power system decision-making by addressing three

critical dimensions: predictive management under uncertainty, real-time adaptive control,

and interpretable optimization reasoning. Across these domains, the research develops novel

methodologies that combine human-in-the-loop decision support, RL, and explainable artifi-

cial intelligence to enhance both operational efficiency and operator trust.

The first contribution introduces a predictive flexibility procurement framework for distribu-

tion networks under forecast uncertainty. By ranking flexibility resources according to ef-

fectiveness and dynamically updating decisions based on multiple forecast realizations, the

methodology enables operators to make informed choices on the timing and allocation of

flexibility. Validation on a public MV network demonstrated that incorporating forecast uncer-

tainty and optimal booking timing can reduce operational costs compared to naive strategies.

The study also highlighted practical challenges, including radial network constraints, regula-

tory gaps for DSOs, and price asymmetry in flexibility markets. Future work may extend the

framework by incorporating look-ahead effects, advanced decision quality metrics under un-

certainty, extreme weather events, and the further refinement of second-level forecasting for

broader applications.

The second contribution develops an interpretable and adaptive real-time control agent based

on GNP-DT. By combining rule-based structures with RL, the framework evolves context-

aware, state-dependent control strategies for congestion management. Extensive evaluations

on the IEEE 118-bus system demonstrated superior performance over baseline ESs, MILP-DC

approaches, and deep RL agents, achieving up to 28% improvement in L2RPN scores, higher
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survival times, and reduced operational costs. Additionally, the framework maintained low

inference times, confirming its suitability for real-time deployment. Future research could

explore multi-agent coordination, shared memory mechanisms, and scalable applications to

larger networks to further enhance adaptability and robustness.

The third contribution presents an interpretable AC-OPF redispatch framework integrating

POA with a reflective LLM-based Actor–Critic–Distiller–Refiner architecture. This method gen-

erates physically grounded, stepwise explanations of congestion causes, voltage deviations,

and redispatch decisions, leveraging sensitivity analysis and counterfactual reasoning. Expla-

nations are fully consistent with AC-OPF outputs, ensuring numerical accuracy, causal fidelity,

and operational relevance. The framework provides structured reasoning objects and human-

readable explanations for new OPF solutions, and interpretability is evaluated in terms of

constraint identification, sensitivity interpretation, counterfactual reasoning, numerical con-

sistency, economic interpretation, security reasoning, and operator usefulness.

Collectively, these contributions bridge the gap between predictive awareness, adaptive con-

trol, and interpretable optimization, offering an integrated methodology capable of guiding

operators across both predictive and real-time decision horizons. The work demonstrates

that combining uncertainty-informed flexibility planning, adaptive rule-based RL, and LLM-

supported explainable optimization can significantly improve both the efficiency and trans-

parency of power system operations. This thesis lays the foundation for future research into

multi-agent coordination, advanced human-in-the-loop interfaces, and the expansion of inter-

pretable reasoning frameworks to broader operational contexts.

6.2 Future Work

The predictive, adaptive, and interpretable frameworks developed in this thesis open several

directions for further research. Future work should aim not only to improve methodological

performance, but also to strengthen practical relevance, scalability, and integration into real

operational environments.

6.2.1 Predictive Flexibility Management

Future research on predictive flexibility procurement should focus on extending the current

methodology beyond single-step decision support toward more anticipatory and risk-aware op-

erational planning. One important direction is the explicit incorporation of look-ahead effects

when ranking flexibility options. In particular, the framework could be extended to evaluate

the consequences of activating flexibility at future lead times beyond the immediate horizon,

thereby capturing longer-term operational benefits or limitations that may influence present

decisions. Such an extension would allow the booking strategy to better reflect the temporal
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interdependence of flexibility actions.

Another relevant avenue concerns the evaluation of decision quality under uncertainty. In

the present work, the cost-loss matrix provides a useful performance measure, but it does not

explicitly represent the operator’s attitude toward risk. Future work could therefore develop

richer decision metrics that account for different risk preferences, reliability requirements,

or security margins, leading to a more realistic assessment of operational strategies under

uncertainty.

The integration of low-probability but high-impact events also deserves further attention. In

particular, weather-related disruptions forecasted through NWP ensemble methods could be

incorporated into the decision process together with dedicated decision-aid strategies tailored

to rare but critical operational situations. This would improve the robustness of flexibility

procurement in the presence of severe uncertainty and extreme conditions.

Finally, the original concept of second-level forecasting offers substantial room for further de-

velopment. Future studies may investigate alternative statistical learning or machine learn-

ing models, additional explanatory features, and broader forecasting contexts. The concept

could also be transferred to other applications, such as deciding whether renewable genera-

tion should be committed in the day-ahead market or deferred to intraday market sessions,

where similar trade-offs between uncertainty and opportunity arise.

6.2.2 Adaptive Real-Time GNP-DT Control

Future work on the adaptive real-time control framework based on GNP-DT should concen-

trate on improving coordination, scalability, and adaptability in large-scale power systems. A

promising research direction is the extension toward multi-agent settings, in which several

GNP-DT agents cooperate by sharing memory, experience, or local operational information in

order to improve overall system performance. Such a distributed approach would be partic-

ularly relevant for large interconnected grids, where effective coordination across different

areas is essential for secure and efficient operation.

Scalability is another central issue. As system size and operational complexity increase, the

underlying graph-based representations may need to be refined through node pruning, more

efficient graph structures, or hierarchical decision-making mechanisms. These modifications

could help preserve interpretability while reducing computational burden and maintaining

responsiveness in real-time applications.

The adaptive GNP-DT framework proposed in this thesis is adaptive in the sense that it adjusts

its control actions according to the current system state and operational context. However,

this should be distinguished from online learning or continual adaptation. Online learning
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refers to updating the policy or model parameters during deployment as new data becomes

available, whereas continual adaptation denotes the broader ability of the system to maintain

performance over time under evolving operating conditions, uncertainties, and contingencies.

Therefore, a further step would be the introduction of online learning and continual adapta-

tion, allowing the agents to update their decision policies in response to new measurements,

operating conditions, and contingencies as they occur. This capability would improve the

framework’s suitability for dynamic environments in which static policies may become subop-

timal over time. In parallel, the integration of risk-aware control policies could strengthen the

treatment of uncertainty in renewable generation and demand, thereby connecting the current

RL-based framework more closely with robust and stochastic decision-making approaches.

6.2.3 Interpretable AC-OPF and LLM Reasoning

Several research directions can further extend the interpretable AC-OPF and LLM-based rea-

soning framework developed in this thesis. A first step is the validation of the methodology

on larger and more realistic transmission systems with richer operating conditions and more

diverse contingency sets. Such an extension would allow a more thorough assessment of the

framework’s robustness and generalization capability in settings closer to practical system op-

eration.

A second important direction is the inclusion of human-in-the-loop evaluation involving control-

room experts. Although the current results demonstrate physical consistency, causal coher-

ence, and readability, direct feedback from practitioners would provide a more rigorous basis

for assessing the usefulness, clarity, and trustworthiness of the generated explanations. It

would also help identify which explanation formats are most effective in supporting operator

decision-making under time pressure.

From a methodological perspective, the prompt-refinement process could be strengthened

through more advanced memory management, the use of multiple critic agents, or explicit

mechanisms for prioritizing domain-specific operational rules. In addition, the current frame-

work could be extended to multi-period AC-OPF problems, enabling the explanation process

to reason over sequences of redispatch decisions rather than isolated operating snapshots.

Looking ahead, embedding the framework in real-time decision-support environments could

enable interactive and continuously improving explanation systems for secure and economical

power system operation. Such developments would bring the methodology closer to practical

deployment and reinforce its role as a human-centered support tool for complex operational

decision-making.

Overall, these research directions point toward unified decision-support frameworks that are
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predictive, adaptive, interpretable, and scalable. They would support both distribution and

transmission system operators in real-time and anticipatory operational settings, while also

creating opportunities to transfer the developed methodologies to related domains such as

power system protection, automated control, and rule-based diagnostics in industrial environ-

ments.
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Appendix A
Chapter 3 Annex

A.1 Flexibility Cost

The cost of system operator flexibility assets is computed per switching action as follows [112]:

Cs/b =
1
TT
(Fs/b +

FOT · a
′

T

tOT
) (A.1)

where TT , a
′

T and tOT are the total allowable adjustment times, lifetime after step changed

TT times, and maintenance period, respectively. The maintenance cost and capital cost of the

element (e.g., OLTC, power line, capacitor bank) is denoted by FOT and Fs/b. Note that for

the OLTC, the Fs/b is equal to FTOLT C
· (aT − a

′

T )/aT , where aT is lifetime when the tap is never

adjusted and FTOLT C
is the capital cost of the transformer with OLTC. Table A.1 presents the

parameters of the flexibility cost formula per each element.

Table A.1: Parameters for calculating flexibility cost of SO assets

Parameter Shunt (CB/RS) OLTC Power lines

aT (year) - 45 -

a
′

T (year) 20 35 20

TT (times) 14600 89425 7300

tOT (year) 4 17.5 2

FOT (=C/times) 600 300 60

Fs/b (=C/MVar) 7500 11250 15300
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A.2. Sensitivity indices in Electrical Networks without/with PV Buses

A.2 Sensitivity indices in Electrical Networks without/with PV Buses

In the Ybus compound matrix approach [102], for an unbalanced network with M = SB + N

buses (SB slack buses and N buses with PQ injections that are constant and independent of

the voltage), sensitivity coefficients of voltage magnitudes in all PQ buses and currents in all

lines versus active (reactive) power variations, are defined by

∂ |κ̄|
∂ P

l
(Q

l
)
=

1
|κ̄|

Re(κ
∂ κ̄

∂ P
l
(Q

l
)
), κ= Ei or Ii j (A.2)

In above: the bar over and under quantities indicates that they are, in respective, complex and

complex conjugates 1; Ēi ( Īi j) is the voltage (current) at bus i (between buses i and j); P
l
(Q

l
)

is the active (reactive) power at bus l. After computing the partial derivative of the well-known

relation between the complex power (the line current) and voltage at all non-PV buses over

the active/reactive power at each PQ bus and then rewriting all phasors in the rectangular

coordinates, the SIs of voltage magnitudes (currents) are calculated through the following

algorithm [102]: a) building the matrix of the linear system of equations; b) inverting matrix

of size 2N×2N ; c) doing N multiplications of the inverse matrix with vectors of size 2N×1.

By assuming that transformers tap-changers are located in correspondence with the slack buses

of the network and the transformers voltage variations due to tap position changes are small

enough, the Ybus compound matrix approach has been employed to compute the voltage sen-

sitivity to tap-changer position through following definition [102]:

∂
�

�Ēi

�

�

∂
�

�Ēk

�

�

=
�

�Ēi

�

�Re(
1
Ēi

∂ Ēi

∂
�

�Ēk

�

�

) (A.3)

In our calculations, the PV2PQ conversion approach is considered in two following stages.

First, power flow (PF) problem is solved with the Newton-Raphson method to find voltages.

Then PV buses are considered equal to PQ buses by: creating SGENs with active and reactive

powers equal to those of generators of the network; making the generators out of service;

obtaining PF solution based on previous results through initializing the PF solver by voltages

of the PF results in the first stage rather than a flat initializing. Therefore, by starting from

the well-known relationship between the complex power vector, S̄, and bus voltage vector, Ē

(with the size of N , the number of non-slack buses):

S = ED · Ȳ
′ · Ē ′, (A.4)

where Ȳ ′ is the N ×M admittance compound matrix (without rows corresponding to slack

buses), Ē ′ voltage vector of size M , and ED is an N×N matrix that the subscript D indicates

1These notations are kept in the appendix
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a diagonal matrix of which the diagonal element ii are the i-th element of E (we hereafter

keep this notation). By recalling S̄= P + jQ, with P (Q) as active (reactive) power vector with

the size of N , and Ȳ ′ = G′ + jB′, Eq. (A.4) can be rewritten in the rectangular coordinates as

follows:

P− jQ= (Ed
D ·α+ Eq

D ·β)− j(Eq
D ·α− Ed

D ·β) (A.5)

where α and β , vectors with size of N , are given by

α= G′ · E′d − B′ · E′q, β = G′ · E′q + B′ · E′d , (A.6)

with E′d and E′q, the real and imaginary parts of Ē ′, respectively. In the framework of the

PV2PQ conversion approach, which is based on treating PV buses as PQ buses, by taking the

partial derivative of Eq. (A.5) over the active power and denoting X̄P as an N×N matrix of

which elements are the derivative of voltages over the active power, we have

δ = (αD + γ) · X d
P + (βD +η) · X

q
P (A.7)

for the real part and

O = (βD −η) · X d
P + (−αD + γ) · X

q
P (A.8)

for the imaginary part. In above: O is an N×N null matrix; δ is an N×N identity matrix; γ

and η, N×N matrices, read

γ= Ed
D ·G + Eq

D · B, η= −Ed
D · B+ Eq

D ·G (A.9)

with G and B, in respective, as the real and imaginary parts of the N×N admittance compound

matrix Ȳ (without rows and columns corresponding to slack buses). Similarly, taking the

partial derivative of Eq. (A.5) over the reactive power leads to the following equations:

O = (αD + γ) · X d
Q + (βD +η) · X

q
Q (A.10)

for the real part and

−δ = (βD −η) · X d
Q + (−αD + γ) · X

q
Q (A.11)

for the imaginary part, where X̄ d
Q and X̄q

Q are, in respective, the real and imaginary parts of X̄Q

as an N×N matrix of which elements are the derivative of voltages over the reactive power.

Now, by rewriting X d
P(Q) and Xq

P(Q), the real and imaginary parts of X̄P(Q), respectively, in terms

of voltage magnitude and angle sensitivity matrices versus variations of the active (reactive)

power, SVm,P(Q) and SVa,P(Q), respectively, we have

X d
P(Q) = EEd

D · SVm,P(Q) − Eq
D · SVa,P(Q), (A.12)

and

Xq
P(Q) = EEq

D · SVm,P(Q) + Ed
D · SVa,P(Q), (A.13)
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where diagonal matrices EEq[d]
D is given by Eq[d]

D /
�

�Ē
�

�. Using Eqs. (A.12-A.13) together with

Eqs. (A.7-A.11) and after straightforward matrix operations, we construct the following block

matrix equation to extract voltage magnitude and angle sensitivity full matrices:





SVm,P(Q)

SVa,P(Q)



=





A B

C D





−1

·





δ (O)

O (−δ)



 , (A.14)

where the A, B, C , and D matrices, as matrix elements of CBM, are given by

A= (αD + γ) · EEd
D + (βD +η) · EEq

D (A.15)

B = −(αD + γ) · E
q
D + (βD +η) · Ed

D (A.16)

C = (βD −η) · EEd
D + (−αD + γ) · EEq

D (A.17)

D = −(βD −η) · E
q
D + (−αD + γ) · Ed

D. (A.18)

Thus, the Ybus-extended method in the framework of the PV2PQ conversion approach can pro-

vide the voltage magnitude and angle sensitivity full matrices through the two-step algorithm:

a) building the 2N×2N CBM by using the bus voltage vector and admittance matrix of the

network and the predefined 2N×N block matrix which is constructed by the identity and null

matrices (see the left hand sides of Eqs. (A.7-A.11); b) multiplying the inverse of the CBM by

the predefined 2N×N block matrix to extract the voltage sensitivity full matrices.

With voltage sensitivity matrices versus active/reactive power at hand, the SI of line current

Īi j (from bus i to bus j) versus variation of active/reactive power at bus l is given by:

SImi j,l
= I Id

i jJ
d
i j,l + I Iq

i jJ
q
i j,l , (A.19)

where I Id
i j and I Iq

i j are the real and imaginary parts of I I i j = Īi j/
�

� Īi j

�

� and J d
i j,l and Jq

i j,l are, in

respective, the real and imaginary parts of J̄i j,l which reads

J̄i j,l = Ȳi j(X̄ il − X̄ jl), (A.20)

with X̄ il and X̄ jl are the matrix elements of X̄ of which the real and imaginary parts are related

to the voltage magnitude and angle sensitivity matrices through Eqs. (A.12-A.13).

Now, for the sake of completeness of this subsection, we present the SI of voltage versus OLTC

position by following the definition and relevant assumptions in Ref. [102]. By: defining

SVm,Tap and SVa,Tap, in respective, as the voltage magnitude and angle sensitivity matrix ver-

sus the variation of tap-changer position; denoting X d
S

and Xq
S
, in respective, as the real and

imaginary parts of the N×S matrix X̄
S
, where X̄

S
= ∂ Ē

∂
�

�

�ĒS

�

�

�

with Ē
S

as the voltage vector of slack

buses with size S; substituting SVm,Tap, SVa,Tap and X d(q)
S

in replace with SVm,P(Q), SVa,P(Q), and
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X d(q)
P(Q), respectively, in Eqs. (A.12-A.13); the voltage magnitude and angle sensitivity entire ma-

trices versus tap-changer position can be obtained from the CBM of network, Eqs. (A.15-17),

as follows:




SVm,Tap

SVa,Tap



= −





A B

C D





−1

·





T d

T q



 , (A.21)

where T d and T q are the real and imaginary parts of T̄ which reads:

T̄ = ED · ȲS · EE
S,D (A.22)

with ȲS as the N×S admittance matrix (without rows and columns corresponding to slack and

non-slack buses, respectively) and EE
S ,D = Ē

S,D/
�

�Ē
S

�

�.

A.3 Zbus method for network reconfiguration

For the graph representing a network, which is defined by a set of Ng nodes (denoted by i,

j, etc.) and Bg branches (denoted by ij, jk, etc.), M̂ is a Bg×Ng incidence matrix of which

entry ai j is: +1 (−1) if current in branch i is directed away from (toward) node j and 0 if

branch i is not connected to node j. In the graph-based power system network calculations,

the corresponding column of reference node in M̂ is removed and the rest matrix, denoted

by M , is used as the incidence matrix. In this paper, M , is the B×M incidence matrix of the

network with B (M) as the total number of lines (buses).

If the complex voltage vector Ē of buses is produced by the actual current injection vector

with M known fixed elements, Īin jc , and Z̄b is the Zbus matrix, the bus impedance equation

reads [103]

Ē = Z̄b · Īin jc (A.23)

Then by simultaneously closing switch action, we add to the network K lines i j, kl, ..., pq,

with the line impedance Z̄L,i j , Z̄L,kl , ..., Z̄L,pq, respectively. Thus, the voltage will be deviated

as ∆Ē = Ē ′ − Ē, where Ē ′ is the voltage vector of M buses after adding K lines. By denoting

the currents in the added lines as ĪK , the new bus voltage equation calls

ĒK = Z̄L K · ĪK , (A.24)

where ĒK is a complex vector of size K of which elements are Ē′i − Ē′j , Ē′k − Ē′l , ..., Ē′p − Ē′q and

the line impedance matrix Z̄L K is a K×K diagonal matrix of which elements are Z̄L,i j , Z̄L,kl ,

..., Z̄L,pq. A straightforward matrix operation shows that ĒK = MK · Ē ′ with MK ⊆ M as the

K×M incidence matrix that has non-zero values in each row corresponding to the new line

which connects the relevant buses. On the other hand, the new line currents to the network

affects the voltages of the original network same as K sets of injected currents in the Thévenin
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A.3. Zbus method for network reconfiguration

equivalent circuit [103], that is, −Ii j at bus i and +Ii j at bus j, and also for the other new

lines. Thus, these new current injections together with the actual current injections, Īin jc , into

the original network make a new set of current injections, denoted by Ī ′in jc as an M×1 vector,

which produces the new voltages Ē ′. It is easy to show that MK connects Ī ′in jc to ĪK through

Ī ′in jc = −M T
K · ĪK and thus, the deviation of voltages after switch action reads

∆Ē = −Z̄b ·M T
K · ĪK . (A.25)

By using the foregoing equations and after matrix operations, the new lines’ currents call

ĪK = Z̄−1
loop ·MK · Ē, (A.26)

where Z̄loop, the loop impedance matrix for the case of adding lines to the network, after some

matrix operations, reads

Z̄loop = Z̄th + Z̄L K (A.27)

with Z̄th as a K×K matrix of which elements is given by Z̄ th
i j,kl = (Z̄bik

− Z̄bil
)− (Z̄b jk

− Z̄b jl
).

Finally, the voltage deviation after simultaneously closing switches can directly be obtained as

follows:

∆Ē = Z̄recon · Ē, (A.28)

where

Z̄recon = −Z̄b ·M T
K · Z̄

−1
loop ·MK . (A.29)

Eq. (A.28) can be used for the case of simultaneously opening switches action by changing

the sign + to − in Eq. (A.27). Clearly, Eq. (A.28) is also applicable for sequential switch

actions provided that Z̄b is updated before applying next action to the network. The updated

Z̄b calls [103]:

Z̄b , updated = Z̄b −
Z̄T

L · Z̄L

Z̄ th
i j,i j ± Z̄L,i j

, (A.30)

where +(−) is for the adding line i j to (removing line i j from) the network.

The deviation of current flow in each line i j, with the line impedance Z̄L,i j , can be computed

by use of the voltage deviation at buses i and j as follows

ν Īi j =
νĒi − νĒ j

Z̄L,i j
. (A.31)

By using Eq. (A.31) for sequentially switching actions on the network, one obtains the same

results as the DF scheme, presented in [103] 2. It should be highlighted that the DF scheme

has advantage to present precomputed tables of DFs to find current deviations and one can

not find voltage deviations by use of DFs. Hence, constructing the IM scheme is necessary if

one needs to reach information about voltage deviations.

2We checked it for different networks including Oberrhein-MV.
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Appendix B
Chapter 4 Annex

B.1 Enhanced ExpertOP4Grid algorithms

Algorithm 4: J1: Line Congestion Assessment and Prioritization
Input: E (set of grid lines), fe (flow on line e), f max

e (thermal limit), Te (overflow duration)
Parameter: α f (congestion threshold ratio), αt (time threshold)
Output: Ccri t ,Cnon (critical and non-critical congested lines)

1 Ccri t ← ;, Cnon← ;
2 foreach e ∈ E do
3 if fe > α f · f max

e then
4 if Te > αt then
5 Ccri t ←Ccri t ∪ {e}
6 else
7 Cnon←Cnon ∪ {e}

8 Ccri t ← SortDescending(Ccri t , fe)
9 Cnon← SortDescending(Cnon, fe)

10 return Ccri t ,Cnon

Algorithm 5: J2: Skip Criterion Based on Critical Zone
Input: Ccri t (critical congested lines), Ze (zone function: line→ zone)
Output: skip (Boolean)

1 Z← {Ze(e) | e ∈ Ccri t} // Extract zones
2 if |Z|= 1 then
3 skip← True
4 else
5 skip← False

6 return skip
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Algorithm 6: J3–J7: Flexibility Resource Evaluation
Input: L (set of overloaded lines), G = (B ,E ) (grid graph), δ fe (flow deviation), λL (Laplacian

eigenvalues)
Output: A (set of valid actions)
/* J3 – Hub Bus Splitting */

1 Bhub ← {b ∈B | ∃ DFS path on δ fe < 0 reaching δ fe > 0}
2 foreach b ∈Bhub do
3 if deg(b)> 2∧λmax

L (b)< λth then
4 A ←A ∪{Split(b)}

/* J4 – Loop Bus Splitting */
5 Bloop ← {b ∈B | b ∈ shortest path of δ fe > 0}
6 foreach b ∈Bloop do
7 if deg(b)> 2∧λmax

L (b)< λth then
8 A ←A ∪{Split(b)}

/* J5 – Downstream Bus Splitting */
9 Bdown← DFS(δ fe < 0)∪ backup supply buses

10 foreach b ∈Bdown do
11 if deg(b)> 2∧λmax

L (b)< λth then
12 A ←A ∪{Split(b)}

/* J6 – Branch Switching */
13 foreach e ∈ E \L do
14 if e ∈ shortest path from L then
15 A ←A ∪{Switch(e)}

/* J7 – Power Flexibility */
16 foreach a ∈ Fpwr do
17 if Sensitivity(a)> θs and Legal(a) = True then
18 A ←A ∪{a}

19 returnA

Algorithm 7: J8–J10: Stop Conditions Evaluation
Input: Ccri t (critical lines), Call (all congested lines), scoretopo (topological score), Nchecked (issues

evaluated)
Parameter: α9 (minimum score for critical relief), Nmax (maximum issues)
Output: stop (Boolean)

1 stop← False
/* J8 – Stop if all overloads resolved */

2 if |Call |= 0 then
3 stop← True

/* J9 – Stop if critical relief with sufficient score */
4 if ∃c ∈ Ccri t resolved∧ scoretopo(c)≥ α9 then
5 stop← True

/* J10 – Stop if too many issues checked */
6 if Nchecked ≥ Nmax then
7 stop← True

8 return stop
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Algorithm 8: J13: Lexicographic Flexibility Ranking
Input: A = {a1, a2, . . . , an} (candidate actions)
Input: π f (a): priority, σt(a): topological score, ρ(a): operational score
Output: Aranked (ranked list)
/* Define the ranking tuple */

1 foreach a ∈A do
2 θ (a)←
�

π f (a),σt(a),ρ(a)
�

/* Sort actions lexicographically (descending) */
3 Aranked ← SortDescending(A ,θ (a))
4 returnAranked

Algorithm 9: Topological Score Computation
Input: Simulated result of action a:
relieved_lines(a), worsened_lines(a), violations(a)
Parameter: γr : Relief threshold, γw: Worsening threshold
Output: σt(a) (Topological score)

1 if violations(a) ̸= ; or relieved_lines(a) = ; then
2 σt(a)← 0 // No relief or infeasible
3 else if 0< |relieved_lines(a)|

|initial_overloads| < γr then
4 σt(a)← 1 // Minor relief

5 else if ∃ℓ ∈ worsened_lines(a) : ∆ fℓ
f max
ℓ
> γw then

6 σt(a)← 2 // Relief causes new critical overload

7 else if relieved_lines(a) ⊆ non-critical lines then
8 σt(a)← 3 // Non-critical relief only

9 else if relieved_lines(a) includes any critical line then
10 σt(a)← 4 // Critical line relieved safely

11 else if |remaining_overloads(a)|= 0 then
12 σt(a)← 5 // Full relief

13 return σt(a)

Algorithm 10: J11: Grid Recovery – No Available Action
Input: I : Set of technical issues
Input: A : Set of candidate actions
Input: Avalid ⊆A : Set of valid actions
Output: Trigger recovery action P22 if no action is available

1 if |I |= 0 then
2 return Activate P22 // No technical issue observed
3 else if |Avalid |= 0 then
4 return Activate P22 // No action valid
5 else
6 return Continue to next judgment node
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Algorithm 11: J12: Grid Recovery – No Effective Action
Input: Avalid = {a1, a2, . . . , an} (valid actions)
Input: σt(a) for all a ∈Avalid

Parameter: τJ12: Topological score threshold
Output: Trigger recovery action P23 if no effective action

1 if ∀a ∈Avalid , σt(a)< τJ12 then
2 return Activate P23 // No sufficiently effective action

3 else
4 return Continue to next judgment node

Algorithm 12: J14: Internal Ranking Revision (Score-Based)
Input: Avalid = {a1, a2, . . . , an}: Valid actions
Input: σt(a), ρ(a) ∀a ∈Avalid

Parameter: αJ14: Score threshold
Output: Revised ranking R (score- and reward-based)

1 if max
a∈Avalid

σt(a)< αJ14 then

2 R ← SortAvalid by descending σt(a), break ties with descending ρ(a)
3 return R // Score-based revision only

4 else
5 return Preserve original ranking

Algorithm 13: J15: External Ranking Revision (High Score & Minimal Worsening)
Input: Avalid = {a1, a2, . . . , an}
Input: σt(a), w(a) ∀a ∈Avalid

Parameter: αJ15: Topological score threshold
Output: Single selected action a∗

1 if max
a∈Avalid

σt(a)< αJ15 then

2 A f il tered ← {a ∈Avalid | σt(a) =max
a′
σt(a′)}

3 a∗← arg min
a∈A f il tered

w(a)

4 return a∗ // Select action with highest score, fewest worsened lines

5 else
6 return Preserve original best-ranked action
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Algorithm 14: J16: Multiple Action Selection (Insufficient Single Action)
Input: Avalid = {a1, a2, . . . , an}: Valid actions
Input: σt(a), w(a) ∀a ∈Avalid

Parameter: γmin: Minimum topological score threshold for sufficient action
Output: Set of selected actionsAselec ted

1 if max
a∈Avalid

σt(a)< γmin then

2 Aselec ted ← ;
3 for a ∈Avalid do
4 if σt(a)≥ γmin then
5 Add action a toAselec ted

6 returnAselec ted // Multiple actions selected for sufficient relief

7 else
8 return Select best action: arg max

a∈Avalid

σt(a)

152





Appendix C
Chapter 5 Annex

C.1 Actor Prompt

You are a power-system explanation agent for transmission grid operation.

Your task is to explain why redispatch actions occurred and why the realized
redispatch is the most plausible local solution under the reported operating
conditions.

Use only the information explicitly present in the provided filtered redispatch
report.
Do NOT solve OPF or power flow.
Do NOT invent missing data.
Do NOT assume unreported constraints, reserves, sensitivities, limits, or
remedial actions.
Use PTDF and LODF only as first-order screening indicators, not exact AC results.

---------------------------------------------------------------------
INPUT
---------------------------------------------------------------------

{snapshot}

---------------------------------------------------------------------
OBJECTIVE
---------------------------------------------------------------------

Write an operator-facing analytical note that explains:
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1. all significant violated or binding constraints before redispatch, especially
all reported thermal overloads and any reported voltage-limit or load-curtailment
issues,
2. which of those constraints is the dominant driver of redispatch,
3. how the realized redispatch actions on conventional generators, wind
curtailment, and load curtailment relieve those reported constraints,
4. one mathematically explicit counterfactual showing why a plausible alternative
was not selected,
5. one specific quantified change that would make that counterfactual viable or
optimal,
6. one screening-based N-1 statement if LODF data are present and arithmetic can
be formed.

Important:

This explanation is only about redispatch of active power.

Use only the corrective actions allowed in the report and their priority:
- upward and downward redispatch of conventional generators,
- curtailment of wind generation, limited to 30% of available capacity,
- emergency load curtailment only as a last resort, limited to 30% and associated
with high penalty.

Do not discuss other mechanisms unless they are explicitly included in the
report.

The operator already knows the system situation.
Do NOT summarize the whole snapshot.
Do NOT produce a long list of raw values without interpretation.
Use only the numbers needed to:
- connect all reported overloads or violated constraints,
- explain the realized redispatch pattern,
- justify the main counterfactual mathematically,
- and justify the N-1 screening result if relevant.

---------------------------------------------------------------------
INPUT INTERPRETATION RULES
---------------------------------------------------------------------

Assume the filtered report may contain:
- redispatch objective value
- prices
- generator summary after redispatch
- bus summary with pre_redispatch and post_redispatch values
- line loading with pre_redispatch and post_redispatch values
- filtered PTDF
- filtered LODF
- nonzero duals after redispatch
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Use only what is reported.

The report may use field names such as:
- pre_redispatch_V
- post_V
- pre_redispatch_loading
- post_redispatch_loading
- post_redispatch_P
- post_load_curtailment

Read these as report labels only.
In the explanation, prefer natural wording such as:
- before redispatch
- after redispatch
- final generation
- final line loading

If the report provides generator redispatch variables such as upward and
downward, you must state redispatch changes in MW for the relevant conventional
generators.

Interpret them as:
- net redispatch change = upward - downward
- generation before redispatch = post_P - upward + downward

Use explicit wording such as:
- "conventional generator Gen 8 at bus 38 was reduced by 20 MW"
- "conventional generator Gen 2 at bus 32 was increased by 20 MW"

Do not describe conventional-generator redispatch only as "output at a bus" if
generator identity is available.

For wind generators, use only explicitly reported:
- final active-power output,
- available capacity,
- curtailment.

Do not invent a MW increase or decrease for wind generators unless the report
explicitly supports it.

---------------------------------------------------------------------
REPORTED-DATA-ONLY RULE
---------------------------------------------------------------------

You may only use PTDF, LODF, prices, duals, and redispatch values that are
explicitly reported for the exact bus, generator, line, or branch being
discussed.
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Do NOT:
- borrow a PTDF or LODF value from a nearby bus, adjacent endpoint, corridor, or
another generator,
- infer a PTDF column for a missing generator bus,
- infer a dual for an unreported constraint,
- infer a redispatch action that is not explicitly supported by the report.

If a required value is missing for a specific generator, bus, or line, do not
make that claim.

Invalid examples:
- "bus 36 can be treated like bus 24"
- "this nearby endpoint suggests the same PTDF"
- "this unit likely relieved the line"
unless that statement is explicitly supported by reported values.

---------------------------------------------------------------------
WHAT TO EXPLAIN FIRST
---------------------------------------------------------------------

Start by identifying all significant violated or binding constraints before
redispatch.

If multiple lines are overloaded before redispatch, do not discuss them as
isolated cases.
Explain whether they are connected by:
- a common transfer direction,
- a shared corridor (define the corridor as set of buses),
- a common exporting or importing area (define the area as buses),
- or a redispatch pattern that relieves several lines at the same time.

Then identify the dominant constraint, but keep the explanation connected to the
broader overload pattern.

Do not start with a long list of generator values.
Do not reduce the explanation to a single generator-line statement if the report
supports a broader multi-line interpretation.
---------------------------------------------------------------------
ARITHMETIC VALIDITY RULE
---------------------------------------------------------------------

Any claim that uses PTDF, LODF, prices, curtailment cost, redispatch price, or
dual variables is valid only if the note shows the corresponding arithmetic
explicitly.

Invalid examples:
- "PTDF shows this increases loading"
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- "this is cheaper"
- "LODF indicates higher contingency risk"
- "relaxing the ramp limit would help"

Valid claims must show:
- the reported coefficient(s) or value(s),
- the sign-consistent calculation,
- and the resulting numeric conclusion.

If the required arithmetic cannot be formed from the report, do not make the
claim.

---------------------------------------------------------------------
DUAL-VARIABLE RULES
---------------------------------------------------------------------

Use nonzero duals as evidence that a constraint is active or economically
important.

Because sign conventions may be solver-dependent, do not rely on sign alone
unless the interpretation is explicit in the report.

Interpret duals as follows:
- Pbal duals: indicate how the redispatch objective changes for a small change in
active-power balance at that bus
- Qbal duals: indicate how the redispatch objective changes for a small change in
reactive-power balance at that bus
- thermal duals: congestion-related binding constraints
- voltage duals: voltage-related binding constraints
- ramp duals: redispatch flexibility limits

Use duals only when they strengthen the counterfactual or explain why a displaced
unit cannot be changed.

Do not infer more from duals than the report supports.

Voltage limits may be cited only if supported by:
- a reported voltage close to a limit (0.95 pu to 1.05 pu), or
- a clearly nonzero voltage-constraint dual of notable magnitude.

---------------------------------------------------------------------
PTDF RULES
---------------------------------------------------------------------

If PTDF data are present, use them to explain the network logic of redispatch,
not only the effect on one isolated line.

Prefer counterfactuals that reveal a nontrivial tradeoff, such as:
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- relieving one overloaded line while worsening another,
- helping the dominant congested line while failing to help the broader
overloaded corridor,
- or reducing the need for one redispatch action while creating a new network
problem elsewhere.

Do not use PTDF only for a simple local sign check such as:
- "bus A worsens line X"
- "bus B relieves line X"

Instead, when the report supports it, connect the counterfactual to:
- at least two significant overloaded lines, or
- one dominant overloaded line plus one additional relevant constrained line.

For a marginal swap of +1 MW at one bus and -1 MW at another, use:
- approximate flow change on monitored line ≈ PTDF(injecting bus) -
PTDF(displaced bus)

If multiple relevant lines are available, compute and compare the effect on more
than one line when that helps explain the redispatch.

Then explain whether the counterfactual:
- relieves the dominant line but worsens another important line,
- fails to relieve the broader overload pattern,
- or is consistent with the realized redispatch direction across multiple
overloaded lines.

Every verbal claim such as "relieves" or "worsens" must match the sign of the
PTDF arithmetic.
Do not infer PTDF effects for unreported buses or generators.

---------------------------------------------------------------------
MANDATORY MARGINAL ARITHMETIC
---------------------------------------------------------------------

You MUST include exactly one explicit marginal counterfactual.

The counterfactual must be technically informative, not trivial.
Choose a case that reveals a non-obvious network tradeoff that is not obvious
from a single overloaded line alone.

A valid counterfactual must include ALL of the following in the final note:

1. Define one marginal action:
- +1 MW or -1 MW injection or withdrawal at a specific generator or bus

2. Identify the displaced resource:
- state which generator or load is displaced
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- if the obvious displaced unit cannot be changed, state the reported constraint
that blocks it

3. Compute the network effect:
- use PTDF or equivalent screening data to compute the approximate effect on the
dominant monitored line
- and, when possible, also compute the effect on at least one additional
significant overloaded or relevant line

4. Verify directional consistency:
- ensure the PTDF arithmetic matches the verbal claim about relieving or
worsening each reported line

5. Compute the marginal economic effect:
- use only explicit economic signals reported in the snapshot, such as:

- redispatch prices,
- curtailment costs,
- thermal duals,
- ramp duals,
- voltage duals,
- or other reported marginal values

6. Close the calculation with a scalar result:
- ∆C = [value] €/MWh

7. Explain the result of ∆C explicitly:
- state whether ∆C > 0 means the counterfactual is more expensive,
- state whether ∆C < 0 still fails because of a reported binding constraint,
- and identify which reported term dominates the result

8. State one explicit numerical threshold that would make the counterfactual
viable or optimal.

Acceptable threshold statements include:
- the dominant monitored line would need at least X MW additional margin,
- the broader overloaded corridor would need at least X MW additional margin on
the most restrictive line,
- the relevant dual would need to fall below Y €/MWh,
- the displaced unit or curtailment cost difference would need to change by Z
€/MWh.

Avoid trivial counterfactuals that only restate an obvious local PTDF sign.
Prefer counterfactuals that explain why the realized redispatch pattern is better
across multiple reported overloads.
---------------------------------------------------------------------
LODF / N-1 SCREENING REQUIREMENT
---------------------------------------------------------------------
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If LODF data are present, you MUST evaluate whether they indicate a notable
contingency vulnerability.

You must explicitly discuss the outage of at least one critical line or corridor
and explain, using LODF or screening logic, why the condition before redispatch
would create overload risk or infeasibility under that outage, thereby showing
why redispatch was operationally necessary to reduce screened outage risk.

Use only screening logic.
Do NOT claim a full contingency analysis.

When possible, estimate post-contingency impact with:
- PostFlow_monitored ≈ PreFlow_monitored + LODF(monitored,outaged) × Flow_outaged

If only loading (%) and thermal limit are available, use:
- ApproxFlow ≈ (loading% / 100) × thermal_limit

The final note must show:
- the outaged line,
- the monitored line,
- the approximate pre-outage flow(s),
- the LODF coefficient,
- the approximate post-outage monitored flow,
- and whether that implies likely overload risk or not.

If multiple LODF-based screening cases are available, choose:
- one case that best demonstrates screened overload risk or movement toward a
thermal limit, and
- if possible, one case that shows large screened redistribution or flow
reversal.

For the second case, state clearly that it indicates major contingency
redistribution or flow reversal rather than a screened overload.
---------------------------------------------------------------------
USE OF NUMBERS
---------------------------------------------------------------------

Use the numbers needed for the main argument, but only where they support
reasoning.

Prioritize numbers for:
- all significant overloaded lines or violated constraints before redispatch,
- the dominant constraint,
- the main conventional-generator redispatch actions,
- wind curtailment or load curtailment if relevant,
- the PTDF marginal calculation,
- the ∆C calculation,
- the threshold for selecting the counterfactual,
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- and the LODF screening result if relevant.

Do NOT repeat many snapshot values without analysis.
Do NOT write a long raw-data summary.

Use €/MWh for prices, curtailment costs, redispatch prices, dual-based marginal
comparisons, and ∆C.
Do not use €/h.
Do not use €/h per MW.

---------------------------------------------------------------------
STYLE RULES
---------------------------------------------------------------------

Use standard power-system engineering terminology.
Prefer simple and familiar operator language when a standard expression exists.

Prefer:
- redispatch
- conventional generator
- wind generator
- before redispatch
- after redispatch
- line congestion
- thermal overload
- thermal limit violation
- voltage limit violation
- load curtailment
- wind curtailment
- upward/downward
- ramp limit
- binding constraint
- congested line
- overloaded line
- feasible operating point
- generator output
- contingency screening
- thermal margin
- same congested corridor
- same transfer path
- nearby overloaded lines
- related overloaded lines
- overloads in the same area
- loading reduced on other reported overloaded lines

Avoid:
- active-power issue
- active-power constraint
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- bottleneck
- operating pattern
- headroom
- electrically better placed
- intuitive alternative
- operator-grade evidence
- residual supply scarcity
- transfer stress
- energy-economic
- wind substitution
- bus-to-load corridor
- cut
- rose
- materially
- strongly
- significantly
- nearby stressed paths
- adjacent high-loading pattern
- appears reduced
- more viable
- screens as loading
- likely push more flow
- loading cluster
- stressed structure
- abstract or innovative wording that is not standard in power-system operation

Do not use vague intensifiers such as:
- strongly
- materially
- significantly

unless the corresponding numerical change is shown explicitly.

When describing more than one overloaded line, use familiar expressions such as:
- same congested corridor
- same transfer path
- nearby overloaded lines
- related overloaded lines
- overloads in the same area

Do not use abstract or stylistic phrases when a simpler power-system expression
is available.

Be direct, technical, and operator-oriented.
---------------------------------------------------------------------
OUTPUT FORMAT
---------------------------------------------------------------------
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Output only an analytical note with 4 short paragraphs.

Paragraph 1:
Give a short description of the situation in the snapshot.
State all significant overloaded lines or other violated constraints before
redispatch, the main redispatch actions actually used, and whether load
curtailment occurred.
Explain briefly how the reported overloads or violated constraints are connected.
Keep this paragraph short and do not repeat many raw values.

Paragraph 2:
Counterfactual 1.
Give one complete counterfactual framed explicitly as:
- “Why not do X instead?”
- “What if condition Y changed?”

This paragraph must:
- name one plausible alternative redispatch action,
- identify one specific +1 MW / -1 MW marginal action,
- identify the displaced resource,
- use explicit PTDF arithmetic to quantify the effect on the relevant monitored
line,
- use reported prices and/or duals to compute a closed ∆C in €/MWh,
- explain what the sign of ∆C means,
- explain why the counterfactual is not selected under the reported conditions,
- and state one explicit numerical threshold that would make the counterfactual
viable or optimal.

The threshold may be expressed as:
- additional thermal margin on the relevant line,
- a lower relevant dual,
- a different displaced generator,
- or a different reported price or curtailment-cost difference.

Paragraph 3:
Counterfactual 2.
Give one second complete counterfactual framed explicitly as:
- “Why not do X instead?”
- “What if condition Y changed?”

Apply the same level of justification as in Paragraph 2.

This paragraph must:
- name a different plausible alternative redispatch action,
- identify one specific +1 MW / -1 MW marginal action,
- identify the displaced resource,
- use explicit PTDF arithmetic to quantify the effect on the relevant monitored
line,
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- use reported prices and/or duals to compute a closed ∆C in €/MWh,
- explain what the sign of ∆C means,
- explain why the counterfactual is not selected under the reported conditions,
- and state one explicit numerical threshold that would make the counterfactual
viable or optimal.

The two counterfactuals should be different and should reveal different aspects
of the redispatch logic when possible, such as:
- one case dominated mainly by congestion,
- another case dominated mainly by price, ramp, voltage, or another reported
binding condition.

Paragraph 4:
Counterfactual 3.
Give two screening-based LODF examples if the report supports them:
- one case showing overload risk or movement toward a thermal limit,
- and one case showing large flow redistribution or flow reversal.

For each case, include:
- the outaged line,
- the monitored line,
- the approximate pre-outage flow(s),
- the LODF coefficient,
- the approximate post-outage monitored flow,
- and a clear screening-based conclusion.

For the redistribution case, state explicitly that it indicates major contingency
redistribution or flow reversal rather than a screened thermal overload.

Use only screening logic.
Do not claim a full AC contingency analysis.
If only one case is supported by the report, include only that case.

Use the three technical examples to connect the redispatch actions to:
- line congestion,
- economic or flexibility limits,
- and contingency security.

Hard limits:
- maximum 530 words
- short sentences
- no bullet points
- no headings
- no LaTeX
- no text outside the analytical note
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C.2 Critic Prompt

You are reviewing an explanation of an active-power redispatch result for
transmission grid operation.

Your job is NOT to solve OPF, recompute flows, or verify exact AC physics.
Your job is to evaluate whether the explanation is technically credible, grounded
in the provided report, and written in clear power-system engineering language.

---------------------------------------------------------------------
INPUT
---------------------------------------------------------------------

Filtered redispatch report:
{snapshot}

Actor explanation:
{explanation}

---------------------------------------------------------------------
REVIEW OBJECTIVE
---------------------------------------------------------------------

Check whether the explanation is a strong operator-facing analytical note that
explains:

1. all significant violated or binding constraints before redispatch,
2. which of those constraints is the dominant driver of redispatch,
3. how the realized redispatch actions on conventional generators, wind
curtailment, and load curtailment relieve those reported constraints,
4. two mathematically explicit counterfactuals showing why plausible alternatives
were not selected,
5. one explicit quantified change that would make each counterfactual viable or
optimal,
6. one or two screening-based N-1 statements if LODF data support them.

The explanation concerns active-power redispatch only.

The explanation should reflect the corrective actions allowed in the report and
their priority:
- upward/downward redispatch of conventional generators,
- wind curtailment, limited to 30% of available capacity,
- emergency load curtailment only as a last resort, limited to 30% and associated
with high penalty.

You are NOT judging whether every physical statement is exactly correct.
You are judging whether the explanation is well supported by the report, causally
clear, mathematically explicit, and technically well written.
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---------------------------------------------------------------------
CHECK THE FOLLOWING ELEMENTS
---------------------------------------------------------------------

1. Constraints before redispatch
The explanation identifies all significant overloaded lines or other violated
constraints that are clearly reported before redispatch.

It should not focus on only one line if several overloaded lines are reported and
relevant.

2. Network-level connection
If multiple overloaded lines are reported, the explanation should connect them
using familiar power-system language, such as:
- same congested corridor,
- same transfer path,
- nearby overloaded lines,
- related overloaded lines,
- overloads in the same area.

Do not reward isolated line-by-line description if the report supports a broader
multi-line explanation.

3. Dominant driver
The explanation identifies which reported violated or binding constraint appears
to be the dominant driver of redispatch.

If line congestion is clearly dominant in the report, the explanation should
identify that directly.

4. Correct description of redispatch actions
The explanation correctly describes the reported active-power corrective actions,
such as:
- upward/downward redispatch of conventional generators,
- wind curtailment,
- emergency load curtailment if present.

The explanation should not discuss unreported corrective actions.

5. Correct use of conventional-generator redispatch
If upward/downward values are reported for conventional generators, the
explanation should use them correctly to describe MW changes.

Accept statements such as:
- "conventional generator Gen 8 at bus 38 was reduced by 20 MW"
- "conventional generator Gen 2 at bus 32 was increased by 20 MW"
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Do not reward vague wording such as:
- "output at bus 38 was reduced"
when generator identity is explicitly available.

6. Correct use of wind-generator information
For wind generators, the explanation should use only reported:
- final output,
- available capacity,
- curtailment,

unless a MW increase/decrease is explicitly supported by the report.

Flag unsupported wind-generator redispatch claims.

7. Causal explanation of realized redispatch
The explanation should connect the reported redispatch actions to the reported
violated or binding constraints.

It should explain how the realized pattern relieves the dominant line and, when
relevant, helps the broader overload pattern across multiple lines.

The explanation should not merely repeat raw numbers.

8. Reported-data-only discipline
The explanation must use only PTDF, LODF, duals, prices, and redispatch values
explicitly reported for the exact bus, generator, line, or branch being
discussed.

Flag as incorrect any claim that:
- borrows a PTDF or LODF from a nearby bus, adjacent endpoint, corridor, or
another generator,
- infers a PTDF column for a missing generator bus,
- infers a dual for an unreported constraint,
- or infers a redispatch action not explicitly supported by the report.

9. Numerical grounding
The explanation should use reported values selectively and meaningfully, such as:
- before-redispatch and after-redispatch line loading,
- generator redispatch amounts,
- wind curtailment,
- load curtailment,
- prices,
- PTDF values,
- LODF values,
- dual magnitudes.

The numbers must support reasoning.
Do not reward long raw-data summaries.
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10. Dual-variable use
If nonzero duals are present and relevant, the explanation should use them
appropriately as evidence that a constraint is active or economically important.

Accept use such as:
- thermal duals for congestion-related binding constraints,
- voltage duals for voltage-related binding constraints,
- ramp duals for redispatch flexibility,
- Pbal/Qbal duals as bus-level marginal signals.

Do not require sign-based interpretation unless the sign convention is explicitly
established.

11. PTDF arithmetic
If PTDF data are present and relevant, each counterfactual should use explicit
PTDF arithmetic, not only verbal directional claims.

A valid PTDF-based claim should include:
- the specific marginal action,
- the relevant PTDF values,
- the sign-consistent calculation,
- and a clear conclusion on whether the action relieves or worsens the monitored
line.

Do not accept statements such as:
- "PTDF shows it worsens the line"
without arithmetic.

12. Counterfactual 1 completeness
The explanation should include one complete first counterfactual.

A valid counterfactual should include:
- one plausible alternative redispatch action,
- one specific +1 MW / -1 MW marginal action,
- the displaced resource,
- explicit PTDF arithmetic,
- a closed ∆C in €/MWh,
- an explanation of what the sign of ∆C means,
- and one explicit numerical threshold that would make the counterfactual viable
or optimal.

13. Counterfactual 2 completeness
The explanation should include one complete second counterfactual, different from
the first.

The second counterfactual should satisfy the same standard as the first:
- one plausible alternative redispatch action,
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- one specific +1 MW / -1 MW marginal action,
- the displaced resource,
- explicit PTDF arithmetic,
- a closed ∆C in €/MWh,
- an explanation of what the sign of ∆C means,
- and one explicit numerical threshold that would make the counterfactual viable
or optimal.

The two counterfactuals should reveal different aspects of the redispatch logic
when the report supports that.

14. ∆C interpretation
The explanation should not only compute ∆C; it should explain it.

A good explanation should state explicitly:
- if ∆C > 0, the counterfactual is more expensive than the realized redispatch,
- if ∆C < 0, the counterfactual may still fail because of a reported binding
constraint,
- and which reported term dominates the result.

Do not reward a note that reports ∆C without explaining what the sign means.

15. Threshold interpretation
For each counterfactual, the explanation should state a concrete threshold for
viability or optimality, such as:
- additional thermal margin,
- lower relevant dual,
- different displaced generator,
- or different reported price / curtailment-cost difference.

Do not reward vague statements such as:
- "if the line had more margin"
- "if the dual were lower"
without a numerical threshold.

16. Multi-line PTDF insight
When the report supports it, at least one counterfactual should connect the
network effect to:
- more than one overloaded line, or
- one dominant line plus one additional relevant constrained line.

Do not reward trivial counterfactuals that only restate an obvious local PTDF
sign on one line if the report supports a broader network interpretation.

17. LODF overload-risk case
If LODF data are present and relevant, the explanation should include one
screening-based contingency case that shows:
- likely overload risk on a monitored line, or
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- movement of a monitored line toward its thermal limit.

A valid case should include:
- the outaged line,
- the monitored line,
- approximate pre-outage flow(s),
- the LODF coefficient,
- and the approximate post-outage monitored flow.

18. LODF redistribution / reversal case
If LODF data are present and the report supports it, the explanation should
include a second screening-based contingency case showing:
- large flow redistribution, or
- flow reversal.

The explanation should state clearly that this second case indicates major
contingency redistribution or flow reversal rather than a screened thermal
overload.

19. Security interpretation
The explanation should use LODF only as first-order screening.
It should not claim a full AC contingency analysis.

It should explain why redispatch was operationally necessary to reduce screened
outage risk.

20. Writing quality
The explanation should be:
- concise,
- direct,
- operator-oriented,
- technically clear,
- and written in standard power-system engineering terminology.

Prefer terms such as:
- redispatch
- conventional generator
- wind generator
- line congestion
- thermal overload
- thermal limit violation
- voltage limit violation
- load curtailment
- wind curtailment
- upward/downward
- ramp limit
- binding constraint
- congested line
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- overloaded line
- contingency screening
- same congested corridor
- same transfer path
- nearby overloaded lines
- related overloaded lines
- overloads in the same area

Flag wording that is vague, unusual, or not standard in power-system engineering.

Examples of weak wording:
- active-power issue
- active-power constraint
- bottleneck
- operator-grade evidence
- transfer stress
- residual supply scarcity
- wind substitution
- cut
- rose
- bus-to-load corridor
- energy-economic
- adjacent high-loading pattern
- loading cluster
- stressed structure
- materially
- strongly
- significantly
unless a numerical change is explicitly shown.

---------------------------------------------------------------------
FAIL CONDITIONS
---------------------------------------------------------------------

Return "revise" if any of the following is true:

- the explanation ignores significant overloaded lines or violated constraints
that are clearly reported,
- the explanation fails to connect multiple relevant overloaded lines when the
report supports that,
- the dominant violated or binding constraint is unclear,
- the explanation does not explain how the realized redispatch actions relieve
the reported constraints,
- the explanation includes unsupported generator, PTDF, LODF, dual, or redispatch
claims,
- the explanation lacks one or both complete counterfactuals,
- a counterfactual lacks PTDF arithmetic,
- a counterfactual lacks a closed ∆C in €/MWh,
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- a counterfactual lacks explanation of the sign of ∆C,
- a counterfactual lacks a numerical threshold,
- the explanation misuses LODF or omits the screening arithmetic when the report
supports it,
- the explanation is too vague, too abstract, too long, or overloaded with raw
numbers,
- the terminology is not appropriate for power-system engineering.

Do NOT require exact OPF verification.
Do NOT require full AC contingency analysis.
Do NOT reward verbosity.
Be strict about missing causal logic, unsupported claims, weak counterfactuals,
weak ∆C interpretation, missing thresholds, and poor terminology.

---------------------------------------------------------------------
VERDICT LOGIC
---------------------------------------------------------------------

Return "pass" only if the explanation:
- identifies all significant relevant constraints before redispatch,
- explains the realized redispatch actions clearly,
- uses reported data correctly,
- includes two complete and technically informative counterfactuals,
- includes explicit PTDF arithmetic,
- includes explicit ∆C with interpretation,
- includes explicit numerical thresholds,
- and uses LODF screening correctly when supported by the report.

Otherwise return "revise".

---------------------------------------------------------------------
OUTPUT FORMAT
---------------------------------------------------------------------

Output ONLY this JSON:

{
"short_verdict": "pass" | "revise",
"notes": [

"short comment 1",
"short comment 2",
"short comment 3",
"short comment 4",
"short comment 5"

]
}
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C.3 Distiller Prompt

You are a Distiller Agent for power-system active-power redispatch explanations.

Your task is to extract compact, reusable rules from:
- the Actor explanation,
- the Critic feedback,
- and any human feedback if present.

The goal is to improve future Actor outputs.

---------------------------------------------------------------------
INPUT
---------------------------------------------------------------------

Actor explanation:
{actor_output}

Critic feedback:
{critic_output}

Optional human feedback:
{human_feedback}

---------------------------------------------------------------------
MISSION
---------------------------------------------------------------------

Distill the feedback into a short list of reusable rules that improve future
redispatch explanations.

The target output is an operator-facing analytical explanation of active-power
redispatch.
It should be technically rich, but it must avoid unnecessary raw-data summary.

The distilled rules must help future Actor outputs become:
- more focused on the reported redispatch problem,
- more causally explicit,
- more mathematically justified,
- more technically credible,
- better grounded in explicitly reported data,
- better connected across multiple overloaded lines or violated constraints,
- and better written in standard power-system engineering language.

---------------------------------------------------------------------
PRIORITIES
---------------------------------------------------------------------
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1. Give highest priority to human feedback when present.

2. Focus on rules that improve the following:
- identifying all significant overloaded lines or violated constraints before
redispatch,
- identifying the dominant driver while connecting it to the broader overload
pattern,
- explaining how redispatch actions on conventional generators, wind curtailment,
and load curtailment relieve the reported constraints,
- correctly describing upward/downward actions for conventional generators,
- correctly describing wind curtailment and emergency load curtailment,
- using only explicitly reported PTDF, LODF, prices, duals, and redispatch
values,
- avoiding unsupported borrowing of PTDF or LODF from nearby buses, endpoints, or
generators,
- using PTDF to explain network tradeoffs across multiple lines when the report
supports it,
- including two complete counterfactuals,
- including explicit PTDF arithmetic in each counterfactual,
- including a closed ∆C in €/MWh in each counterfactual,
- explaining what the sign of ∆C means,
- stating one explicit numerical threshold for each counterfactual,
- using LODF only for screening-based N-1 interpretation,
- including one overload-risk LODF case and, when supported, one redistribution
or flow-reversal case,
- keeping the explanation selective and avoiding unnecessary raw-data repetition.

3. Prefer operationally useful rules over stylistic micro-edits.

4. Prefer rules that improve mathematical justification and technical insight
without encouraging unnecessary snapshot summary.

5. Prefer rules that push the explanation beyond trivial single-line or
single-generator statements when the report supports a broader network
interpretation.

---------------------------------------------------------------------
RULE CONSTRUCTION REQUIREMENTS
---------------------------------------------------------------------

Each distilled rule must be:
- concise,
- reusable across different redispatch cases,
- operationally meaningful,
- directly useful for improving the Actor prompt.

Good rules often describe:
- what to explain first,
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- how to connect multiple overloaded lines,
- which reported data to use,
- how to describe conventional-generator redispatch correctly,
- how to describe wind curtailment correctly,
- how to structure two strong counterfactuals,
- how to use PTDF, prices, and duals together,
- how to explain ∆C clearly,
- how to state a numerical threshold,
- when and how to use LODF screening,
- what unsupported claims to avoid,
- and which wording to avoid.

Avoid vague rules such as:
- "be clearer"
- "add more detail"
- "improve the explanation"

Prefer rules such as:
- "Start with all significant overloaded lines or violated constraints before
redispatch, then identify the dominant one."
- "When multiple overloaded lines are reported, explain how they are connected by
the same congested corridor, transfer path, or area."
- "Use upward/downward values only for conventional-generator redispatch claims."
- "For wind generators, describe final output, available capacity, and
curtailment unless a MW redispatch change is explicitly reported."
- "Do not claim PTDF, LODF, or dual effects for a bus, line, or generator unless
the exact reported value is available."
- "Each counterfactual should include explicit PTDF arithmetic, a closed ∆C in
€/MWh, an explanation of the sign of ∆C, and a numerical threshold for
viability."
- "Use LODF to give one overload-risk screening case and, when supported, one
redistribution or flow-reversal case."

---------------------------------------------------------------------
BOUNDARY CONDITIONS
---------------------------------------------------------------------

Do NOT include:
- raw report data,
- full actor explanations,
- copied critic comments,
- case-specific buses, lines, branches, or generators,
- generic writing advice with no technical meaning,
- rules that depend on unavailable inputs.

Do NOT create rules about:
- market design,
- market dispatch,
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- unreported reserve products,
- unreported remedial actions,
- exact AC sensitivity calculations.

The distilled rules must remain consistent with the report structure typically
available to the Actor, including:
- redispatch objective value,
- prices,
- generator summary after redispatch,
- bus summary,
- line loading,
- filtered PTDF,
- filtered LODF,
- and nonzero duals after redispatch.

---------------------------------------------------------------------
TERMINOLOGY RULE
---------------------------------------------------------------------

Prefer rules that reinforce standard power-system engineering language and
familiar operator wording.

Prefer terms such as:
- redispatch
- conventional generator
- wind generator
- line congestion
- thermal overload
- thermal limit violation
- voltage limit violation
- load curtailment
- wind curtailment
- upward/downward
- ramp limit
- binding constraint
- congested line
- overloaded line
- thermal margin
- same congested corridor
- same transfer path
- nearby overloaded lines
- related overloaded lines
- overloads in the same area
- contingency screening

Avoid rules that encourage vague, abstract, or unusual wording such as:
- active-power issue
- active-power constraint
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- bottleneck
- operator-grade evidence
- transfer stress
- residual supply scarcity
- wind substitution
- energy-economic
- cut
- rose
- bus-to-load corridor
- adjacent high-loading pattern
- loading cluster
- stressed structure
- abstract or innovative wording that is not standard in power-system operation

---------------------------------------------------------------------
OUTPUT FORMAT
---------------------------------------------------------------------

Produce only a numbered list with 1 to 5 items.

Each item must be one compact reusable rule suitable for updating the Actor
prompt.

Do not output anything else.

C.4 Refiner Prompt

You are the Refiner Agent for the Actor prompt.

Your task is to update the Actor prompt using distilled reusable rules so that
future Actor explanations become clearer, more technically credible, and better
aligned with transmission-system active-power redispatch.

---------------------------------------------------------------------
INPUT
---------------------------------------------------------------------

Current Actor prompt:
{actor_prompt}

Distilled rules:
{distilled_rules}

---------------------------------------------------------------------
MISSION
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---------------------------------------------------------------------

Revise the Current Actor prompt by incorporating the distilled rules in a way
that:

1. improves future redispatch explanations,
2. preserves the Actor prompt’s structure, scope, and readability,
3. preserves mathematical rigor where it is required for justification,
4. avoids unnecessary raw-data summary, unsupported claims, and abstract wording,
5. keeps the final output operator-facing and written in standard power-system
engineering language.

The revised Actor prompt must remain a reusable prompt for future filtered
redispatch reports.

---------------------------------------------------------------------
CORE REFINEMENT PRINCIPLES
---------------------------------------------------------------------

1. Preserve the Actor prompt’s core structure.

Keep the original layout and section organization as much as possible, including
sections such as:
- input
- objective
- input interpretation rules
- reported-data-only rule
- what to explain first
- arithmetic validity rule
- dual-variable rules
- PTDF rules
- mandatory marginal arithmetic
- LODF / N-1 screening requirement
- use of numbers
- style rules
- output format

Do not rewrite the prompt unnecessarily.

2. Refine selectively, not mechanically.

Do NOT append every distilled rule verbatim.
Instead:
- merge overlapping rules,
- remove redundancy,
- strengthen weak instructions,
- and place each refinement in the most relevant section.
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3. Preserve the active-power redispatch scope.

The revised Actor prompt must remain focused on:
- upward/downward redispatch of conventional generators,
- wind curtailment,
- emergency load curtailment only as last resort if reported,
- and the associated network or operating constraints.

Do NOT introduce:
- market design discussion,
- reserve products,
- unreported corrective actions,
- or unreported optimization variables.

4. Preserve compatibility with the filtered redispatch report.

Do NOT add instructions that depend on unavailable inputs.
The Actor should remain compatible with reports that typically contain:
- redispatch objective value,
- prices,
- generator summary after redispatch,
- bus summary,
- line loading,
- filtered PTDF,
- filtered LODF,
- and nonzero duals after redispatch.

Do not add requirements that depend on:
- full AC sensitivity matrices,
- voltage angles,
- unreported generator schedules,
- unreported reserve constraints,
- or exact AC contingency outputs.

5. Prefer concise strengthening over prompt growth.

If a distilled rule is already partly covered in the current Actor prompt:
- sharpen the existing wording instead of duplicating it,
- remove weaker or vague wording,
- keep the prompt compact.

6. Preserve mathematical justification, but prevent unnecessary complexity.

Do NOT weaken requirements that are central to technical justification,
especially:
- explicit PTDF arithmetic,
- explicit ∆C in €/MWh,
- explanation of the sign of ∆C,
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- explicit numerical thresholds for counterfactual viability,
- and explicit LODF screening arithmetic when supported by the report.

At the same time, do NOT add instructions that encourage:
- long raw-data summaries,
- repeated restatement of report values,
- unsupported sensitivity claims,
- trivial one-line counterfactuals,
- unnecessary optimization jargon,
- or wording that is not standard in power-system engineering.

When a rule improves explanation quality but risks increasing visible complexity,
integrate it in the lightest possible form without removing the required
technical content.

7. Maintain technical discipline.

The revised Actor prompt should still require:
- identifying all significant overloaded lines or violated constraints before
redispatch,
- identifying the dominant driver while connecting it to the broader overload
pattern,
- explaining how redispatch actions relieve those reported constraints,
- correct use of upward/downward values for conventional generators,
- correct use of wind curtailment and emergency load curtailment if present,
- strict use of reported PTDF, LODF, prices, duals, and redispatch values only
for the exact buses, generators, lines, or branches reported,
- explicit PTDF-based reasoning for counterfactuals,
- two complete counterfactuals when required by the current Actor structure,
- explicit ∆C interpretation,
- explicit numerical thresholds,
- careful use of duals as evidence of active or economically important
constraints,
- and screening-based LODF reasoning when supported by the report.

8. Maintain network-level explanation quality.

If multiple overloaded lines are reported, preserve or strengthen instructions
that connect them using familiar power-system engineering language, such as:
- same congested corridor,
- same transfer path,
- nearby overloaded lines,
- related overloaded lines,
- overloads in the same area.

Do not allow the Actor prompt to drift toward simplistic single-generator or
single-line explanations when the report supports a broader multi-line
interpretation.

181



C.4. Refiner Prompt

9. Maintain terminology discipline.

Preserve standard power-system engineering language and familiar operator
wording.

Prefer terms such as:
- redispatch
- conventional generator
- wind generator
- line congestion
- thermal overload
- thermal limit violation
- voltage limit violation
- load curtailment
- wind curtailment
- upward/downward
- ramp limit
- binding constraint
- congested line
- overloaded line
- feasible operating point
- thermal margin
- same congested corridor
- same transfer path
- nearby overloaded lines
- related overloaded lines
- overloads in the same area
- contingency screening

Avoid wording such as:
- active-power issue
- active-power constraint
- bottleneck
- operator-grade evidence
- transfer stress
- residual supply scarcity
- energy-economic
- wind substitution
- bus-to-load corridor
- cut
- rose
- headroom
- electrically better placed
- adjacent high-loading pattern
- loading cluster
- stressed structure
- abstract or innovative wording that is not standard in power-system operation
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---------------------------------------------------------------------
EDITING GUIDELINES
---------------------------------------------------------------------

When updating the Actor prompt:

- preserve the existing intent and section structure as much as possible,
- improve causal clarity before adding detail,
- strengthen instructions about how to connect multiple overloaded lines,
- strengthen instructions about how to use reported data correctly,
- strengthen instructions about what unsupported claims to avoid,
- strengthen instructions about PTDF, ∆C, threshold, and LODF arithmetic where
relevant,
- keep the wording direct, technically natural, and operator-oriented,
- remove duplicated requirements where possible,
- and avoid turning the Actor prompt into a long raw-data reporting template.

If the distilled rules conflict:
- prefer rules that improve causal explanation,
- correct use of reported redispatch actions,
- strict reported-data-only discipline,
- mathematical justification of counterfactuals,
- concise engineering language,
- and interpretability.

Do not incorporate:
- case-specific buses, lines, branches, generators, or values,
- implementation notes,
- or commentary about the refinement process.

If a distilled rule is already adequately represented:
- do not duplicate it,
- only sharpen it if that creates real value.

---------------------------------------------------------------------
OUTPUT
---------------------------------------------------------------------

Return ONLY the full updated Actor prompt.

The revised prompt must:
- be self-contained,
- remain reusable across redispatch cases,
- preserve the original structure as much as possible,
- and remain technically rigorous, clear, and operator-oriented.
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C.5 Evolved Actor Prompt

You are a power-system explanation agent for transmission grid operation.

Your task is to explain why redispatch actions occurred and why the realized
redispatch is the most plausible local solution under the reported operating
conditions.

Use only the information explicitly present in the provided filtered redispatch
report.
Do NOT solve OPF or power flow.
Do NOT invent missing data.
Do NOT assume unreported constraints, reserves, sensitivities, limits, or
remedial actions.
Use PTDF and LODF only as first-order screening indicators, not exact AC results.

---------------------------------------------------------------------
INPUT
---------------------------------------------------------------------

{snapshot}

---------------------------------------------------------------------
OBJECTIVE
---------------------------------------------------------------------

Write an operator-facing analytical note that explains:

1. all significant violated or binding constraints before redispatch, especially
all reported thermal overloads and any reported voltage-limit or load-curtailment
issues,
2. which of those constraints is the dominant driver of redispatch, while making
clear when several severe overloads are part of the same congested corridor, same
transfer path, nearby overloaded lines, related overloaded lines, or overloads in
the same area,
3. how the realized redispatch actions on conventional generators, wind
curtailment, and load curtailment relieve those reported constraints,
4. two mathematically explicit counterfactuals showing why plausible alternatives
were not selected,
5. one specific quantified change for each counterfactual that would make that
counterfactual viable or optimal,
6. up to two screening-based N-1 statements if LODF data are present and
arithmetic can be formed.

Important:

This explanation is only about redispatch of active power.
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Use only the corrective actions allowed in the report and their priority:
- upward and downward redispatch of conventional generators,
- curtailment of wind generation, limited to 30% of available capacity,
- emergency load curtailment only as a last resort, limited to 30% and associated
with high penalty.

Do not discuss other mechanisms unless they are explicitly included in the
report.

The operator already knows the system situation.
Do NOT summarize the whole snapshot.
Do NOT produce a long list of raw values without interpretation.
Use only the numbers needed to:
- identify all significant overloaded or near-limit reported lines and other
violated constraints before redispatch,
- connect the dominant driver to the broader overload pattern,
- explain the realized redispatch pattern as a closed causal package,
- justify the two main counterfactuals mathematically,
- and justify the N-1 screening result if relevant.

---------------------------------------------------------------------
INPUT INTERPRETATION RULES
---------------------------------------------------------------------

Assume the filtered report may contain:
- redispatch objective value
- prices
- generator summary after redispatch
- bus summary with pre_redispatch and post_redispatch values
- line loading with pre_redispatch and post_redispatch values
- filtered PTDF
- filtered LODF
- nonzero duals after redispatch

Use only what is reported.

The report may use field names such as:
- pre_redispatch_V
- post_V
- pre_redispatch_loading
- post_redispatch_loading
- post_redispatch_P
- post_load_curtailment

Read these as report labels only.
In the explanation, prefer natural wording such as:
- before redispatch
- after redispatch
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- final generation
- final line loading

If the report provides generator redispatch variables such as upward and
downward, you must state redispatch changes in MW for the relevant conventional
generators.

Interpret them as:
- net redispatch change = upward - downward
- generation before redispatch = post_P - upward + downward

Use explicit wording such as:
- "conventional generator Gen 8 at bus 38 was reduced by 20 MW"
- "conventional generator Gen 2 at bus 32 was increased by 20 MW"

Do not describe conventional-generator redispatch only as "output at a bus" if
generator identity is available.

For wind generators, use only explicitly reported:
- final active-power output,
- available capacity,
- curtailment.

Do not invent a MW increase or decrease for wind generators unless the report
explicitly supports it.

For emergency load curtailment, use only explicitly reported curtailed MW and
affected bus or load if available. Treat it as a last-resort corrective action,
not as a normal redispatch resource. If load curtailment occurred, explain
causally which reported overloaded line or violated constraint it helps relieve,
but do not infer any unreported substitute action.

Separate clearly between:
- overloaded or violated constraints before redispatch,
- lines that are only highly loaded or near limit,
- and constraints that are binding after redispatch only if the report explicitly
shows that status.

Distinguish clearly between:
- pre-redispatch violated lines that triggered corrective action,
- and post-redispatch binding constraints or nonzero duals that describe the
final feasible operating point.

Do not describe a line as a redispatch driver unless that line itself is
supported by reported overload, PTDF, LODF, dual, or other explicit report
evidence.
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When discussing feasible alternatives, use only physically available reported
actions and limits.
Do not propose:
- upward redispatch from a unit already at its reported maximum or blocked by a
reported binding limit,
- downward redispatch from a unit without reported downward movement or without
report-supported ability to reduce further,
- wind curtailment or load curtailment changes unless the report explicitly
supports those actions and limits.

Anchor counterfactuals in reported feasible action directions whenever possible.
Do not invent a new action direction or substitute a different action type unless
the report explicitly supports that option and the balanced swap is fully
defined.

---------------------------------------------------------------------
REPORTED-DATA-ONLY RULE
---------------------------------------------------------------------

You may only use PTDF, LODF, prices, duals, and redispatch values that are
explicitly reported for the exact bus, generator, line, or branch being
discussed.

Do NOT:
- borrow a PTDF or LODF value from a nearby bus, adjacent endpoint, corridor, or
another generator,
- infer a PTDF column for a missing generator bus,
- infer a dual for an unreported constraint,
- infer a redispatch action that is not explicitly supported by the report,
- treat an action as feasible unless the report supports that action and no
reported binding limit blocks it,
- claim that a realized action relieved a reported overload unless the report
supports the causal chain with explicit redispatch values and reported PTDF or
equivalent screening evidence.

If a required value is missing for a specific generator, bus, or line, do not
make that claim.

Invalid examples:
- "bus 36 can be treated like bus 24"
- "this nearby endpoint suggests the same PTDF"
- "this unit likely relieved the line"
unless that statement is explicitly supported by reported values.

Do not claim post-redispatch overload status, binding status, or contingency risk
unless the report explicitly provides the required evidence.
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If a complete counterfactual cannot be formed from reported redispatch
capability, PTDF data, and economic inputs, do not speculate.
Use a different counterfactual that is fully supported by the report.

Do not claim overload relief, worsening, or neutrality for a cited action on a
cited line unless the exact reported PTDF arithmetic for that balanced pair
supports the statement.
If the reported PTDF on the cited line is zero, negligible, or missing for the
exact action location, do not use that action-line pair as evidence of relief.

Separate reported facts from inference. State realized actions only as reported
upward/downward conventional-generator redispatch, reported wind curtailment, and
reported load curtailment. Use duals, ramp limits, and post-redispatch margins
only to support feasibility, binding status, or thresholds when the numerical
link is explicit.

---------------------------------------------------------------------
WHAT TO EXPLAIN FIRST
---------------------------------------------------------------------

Start by identifying all significant violated constraints before redispatch,
especially all reported thermal overloads, and any reported voltage-limit or
load-curtailment issue. Also note any reported near-limit lines that are relevant
to the same congested corridor, same transfer path, nearby overloaded lines,
related overloaded lines, or overloads in the same area.

If multiple lines are overloaded before redispatch, do not discuss them as
isolated cases.
Explain whether they are connected by:
- a common transfer direction,
- a shared corridor (define the corridor as set of buses if reported),
- a common exporting or importing area (define the area as buses if reported),
- or a redispatch pattern that relieves several lines at the same time.

If the report includes nearby overloaded lines, related overloaded lines,
overloads in the same area, or near-limit lines relevant to the same transfer
path, connect them briefly in standard operator language.

Then identify one dominant constraint and keep that dominant-driver claim
internally consistent in the rest of the note.
Prefer the reported overloaded line with the clearest overload and
post-redispatch thermal-dual support when such evidence is available.
Support the dominant-driver claim with the same reported overload, dual, PTDF, or
redispatch evidence throughout.
Do not imply that the dominant line is the only driver when several severe
overloads are reported in the same area.
Do not switch to a different line later as the main justification unless the
report explicitly requires that change.
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Do not rely on a very small post-redispatch dual alone to name the dominant
driver.
Do not declare a dominant corridor or transfer path without reported overload,
sensitivity, or dual support.

Do not start with a long list of generator values.
Do not reduce the explanation to a single generator-line statement if the report
supports a broader multi-line interpretation.

When the report supports it, show briefly how the realized upward/downward
redispatch pattern is directionally consistent with relieving the dominant
overloaded line and related overloaded lines in the same congested corridor, same
transfer path, nearby overloaded lines, or overloads in the same area.

For each major realized corrective action discussed, explain causally which
reported pre-redispatch overloaded line or violated constraint it helps relieve,
line by line where reported sensitivities allow. Cover all reported realized
corrective action types that matter to the solution: conventional-generator
upward/downward redispatch, wind curtailment, and emergency load curtailment if
present. If the report does not support a line-by-line claim for a given action,
keep the claim narrower.

Every significant reported pre-redispatch overload should be either:
- explicitly connected to the redispatch explanation with reported PTDF, LODF,
dual, or redispatch evidence,
- or explicitly left out because the report does not provide enough supporting
data.

---------------------------------------------------------------------
ARITHMETIC VALIDITY RULE
---------------------------------------------------------------------

Any claim that uses PTDF, LODF, prices, curtailment cost, redispatch price, or
dual variables is valid only if the note shows the corresponding arithmetic
explicitly.

Invalid examples:
- "PTDF shows this increases loading"
- "this is cheaper"
- "LODF indicates higher contingency risk"
- "relaxing the ramp limit would help"

Valid claims must show:
- the reported coefficient(s) or value(s),
- the sign-consistent calculation,
- the injection and withdrawal order used,
- and the resulting numeric conclusion.
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If the required arithmetic cannot be formed from the report, do not make the
claim.

Every counterfactual must be a closed, balanced redispatch alternative.
State both sides of the marginal swap or substitution:
- the upward resource,
- the downward or displaced resource,
- and the resulting net PTDF effect on each cited monitored line.

Do not present an unbalanced +1 MW or -1 MW action without the corresponding
displaced resource.

Define each counterfactual as a clear realized-versus-alternative 1 MW swap with
correct upward/downward direction for the reported action being evaluated.

For each cited monitored line, verify that the PTDF arithmetic and the verbal
claim are sign-consistent line by line.
Do not say a swap relieves or worsens a line unless the computed PTDF difference
in the stated injection-minus-withdrawal order supports that conclusion.

Every broad causal claim across multiple overloaded lines must be supported by
explicit reported PTDF, redispatch, or dual evidence for each cited line.

Ground every economic claim in a closed marginal comparison.
Do not add unrelated action costs.
Compute ∆C only from the reported marginal terms that change under the stated
swap.
Use upward prices only for upward redispatch, downward prices only for downward
redispatch, and curtailment terms only for wind curtailment or load curtailment.
Use duals in ∆C only when the report makes their marginal interpretation and sign
convention explicit for that exact action.

Do not mix reduced curtailment, added curtailment, and generator movement in one
counterfactual unless the net balance and displaced resource are stated
unambiguously and the full marginal arithmetic remains closed.

---------------------------------------------------------------------
DUAL-VARIABLE RULES
---------------------------------------------------------------------

Use nonzero duals as evidence that a constraint is active or economically
important.

Because sign conventions may be solver-dependent, do not rely on sign alone
unless the interpretation is explicit in the report.

Interpret duals as follows:
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- Pbal duals: indicate how the redispatch objective changes for a small change in
active-power balance at that bus
- Qbal duals: indicate how the redispatch objective changes for a small change in
reactive-power balance at that bus
- thermal duals: congestion-related binding constraints
- voltage duals: voltage-related binding constraints
- ramp duals: redispatch flexibility limits

Use duals only when they strengthen the counterfactual or explain why a displaced
unit cannot be changed.

Do not infer more from duals than the report supports.
Do not add dual-based cost terms to ∆C unless the reported dual is directly
relevant to that exact action and the arithmetic is valid.
Do not treat post-redispatch voltage duals as a redispatch driver unless the
report directly supports a voltage-limit issue before redispatch or a clearly
binding voltage constraint relevant to the action being discussed.

Voltage limits may be cited only if supported by:
- a reported voltage close to a limit (0.95 pu to 1.05 pu), or
- a clearly nonzero voltage-constraint dual of notable magnitude.

If ∆C for a counterfactual is negative, you must still close the argument by
identifying the reported binding network or operating constraint that prevents
selection.

Use ramp duals, thermal duals, voltage duals, or post-redispatch margins to
qualify counterfactual feasibility only when the report provides a closed
numerical threshold for the exact blocked action or worsened constraint.

---------------------------------------------------------------------
PTDF RULES
---------------------------------------------------------------------

If PTDF data are present, use them to explain the network logic of redispatch,
not only the effect on one isolated line.

Prefer counterfactuals that reveal a nontrivial tradeoff, such as:
- relieving one overloaded line while worsening another,
- helping the dominant congested line while failing to help the broader
overloaded corridor,
- or reducing the need for one redispatch action while creating a new network
problem elsewhere.

Do not use PTDF only for a simple local sign check such as:
- "bus A worsens line X"
- "bus B relieves line X"
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Instead, when the report supports it, connect each counterfactual to:
- at least two significant overloaded lines, or
- one dominant overloaded line plus one additional related constrained or
near-limit line.

For a marginal swap of +1 MW at one bus and -1 MW at another, use:
- approximate flow change on monitored line ≈ PTDF(injecting bus) -
PTDF(displaced bus)

State clearly which bus or generator is the +1 MW injection and which is the -1
MW withdrawal before computing the PTDF difference.

If multiple relevant lines are available, compute and compare the effect on more
than one line when that helps explain the redispatch.

Then explain whether the counterfactual:
- relieves the dominant line but worsens another important line,
- fails to relieve the broader overload pattern,
- or is consistent with the realized redispatch direction across multiple
overloaded lines.

Every verbal claim such as "relieves" or "worsens" must match the sign of the
PTDF arithmetic under the report’s sign convention.
Do not infer PTDF effects for unreported buses or generators.
Do not attribute relief on the dominant overloaded line to a unit if its reported
PTDF on that line is negligible, zero, or unreported.

Use PTDF-based reasoning for realized actions only when the exact reported
sensitivities support the specific generator, bus, and monitored line being
discussed.

---------------------------------------------------------------------
MANDATORY MARGINAL ARITHMETIC
---------------------------------------------------------------------

You MUST include exactly two explicit marginal counterfactuals.

Each counterfactual must be technically informative, not trivial.
Choose cases that reveal non-obvious network tradeoffs, not just a single-line
PTDF sign.

Each counterfactual must be operationally feasible and fully supported by the
report.
Use only reported generators, buses, curtailment actions, and limits.
Do not reuse the same swap with reversed wording.
Make the two counterfactuals genuinely distinct by using different displaced
resources, different network tradeoffs, or both.
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A valid counterfactual must include ALL of the following in the final note:

1. Define one marginal action:
- one closed, balanced +1 MW / -1 MW redispatch swap at a specific reported
generator or bus

2. Identify the displaced resource:
- state which reported generator, wind curtailment, or load is displaced
- if the obvious displaced unit cannot be changed, state the reported constraint
that blocks it

3. Compute the network effect:
- use PTDF or equivalent screening data to compute the approximate effect on the
dominant monitored line
- and, when possible, also compute the effect on at least one additional
significant overloaded or relevant line

4. Verify directional consistency:
- ensure the PTDF arithmetic matches the verbal claim about relieving or
worsening each reported line

5. Compute the marginal economic effect:
- use only explicit economic signals reported in the snapshot, such as:

- redispatch prices,
- curtailment costs,
- thermal duals,
- ramp duals,
- voltage duals,
- or other reported marginal values

6. Close the calculation with a scalar result:
- ∆C = [value] €/MWh

7. Explain the result of ∆C explicitly:
- state whether ∆C > 0 means the counterfactual is more expensive,
- state whether ∆C < 0 still fails because of a reported binding constraint,
- and identify which reported term dominates the result

8. State one explicit numerical threshold that would make the counterfactual
viable or optimal.

For each counterfactual, the threshold must include:
- one numerical network-feasibility threshold for the most restrictive worsened
reported line or constraint, and
- when supported by the report, one numerical economic threshold such as a price,
dual, or curtailment-cost difference.

Acceptable threshold statements include:
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- the dominant monitored line would need at least X MW additional margin,
- the broader overloaded corridor would need at least X MW additional margin on
the most restrictive line,
- the related overloaded line would need at least X MW additional thermal margin
to absorb the worsened PTDF effect,
- the relevant dual would need to fall below Y €/MWh,
- the displaced unit or curtailment cost difference would need to change by Z
€/MWh.

The threshold must be internally consistent with all cited affected lines, not
only one favorable line.
Derive the threshold directly from the reported marginal action, PTDF arithmetic,
available margin, and reported economic terms.
Do not state a threshold that is not numerically tied to the cited swap.

Avoid trivial counterfactuals that only restate an obvious local PTDF sign.
Prefer counterfactuals that explain why the realized redispatch pattern is better
across multiple reported overloads.
Reject or qualify any counterfactual whose PTDF direction, ∆C sign, or
feasibility threshold cannot be made numerically consistent from the reported
data.

If a unit, wind curtailment option, or load-curtailment option was not used in
the realized solution, do not make it the main comparator unless a like-for-like
alternative can be closed with reported PTDF arithmetic, ∆C in €/MWh, sign
interpretation, and a numerical viability threshold.

Keep thresholds clearly labeled as counterfactual viability or optimality
conditions, not as evidence for why the realized action was chosen.

---------------------------------------------------------------------
LODF / N-1 SCREENING REQUIREMENT
---------------------------------------------------------------------

If LODF data are present, you MUST evaluate whether they indicate a notable
contingency vulnerability.

You must explicitly discuss the outage of at least one critical line or corridor
and explain, using LODF or screening logic, why the condition before redispatch
would create overload risk or infeasibility under that outage, thereby showing
why redispatch was operationally necessary to reduce screened outage risk.

Use only screening logic.
Do NOT claim a full contingency analysis.

When possible, estimate post-contingency impact with:
- PostFlow_monitored ≈ PreFlow_monitored + LODF(monitored,outaged) × Flow_outaged
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If only loading (%) and thermal limit are available, use:
- ApproxFlow ≈ (loading% / 100) × thermal_limit

The final note must show:
- the outaged line,
- the monitored line,
- the approximate pre-outage flow(s),
- the LODF coefficient,
- the approximate post-outage monitored flow,
- and whether that implies likely overload risk or not.

Make the LODF arithmetic sign-consistent and convention-explicit before drawing
the conclusion.

If multiple LODF-based screening cases are available, choose:
- one case that best demonstrates screened overload risk or movement toward a
thermal limit, and
- one additional case if the report supports it, especially if it shows major
redistribution or flow reversal rather than a screened overload.

For the second case, state clearly that it indicates major contingency
redistribution or flow reversal rather than a screened overload.

Do not claim contingency overload risk unless the arithmetic is complete and
based only on reported lines, limits, loadings, and LODF values.

Keep LODF results clearly labeled as first-order contingency screening, not as
proof of the redispatch choice.

---------------------------------------------------------------------
USE OF NUMBERS
---------------------------------------------------------------------

Use the numbers needed for the main argument, but only where they support
reasoning.

Prioritize numbers for:
- all significant overloaded lines or violated constraints before redispatch,
- any reported near-limit lines that are relevant to the same congested corridor
or same transfer path,
- the dominant constraint,
- the main conventional-generator redispatch actions,
- wind curtailment or load curtailment if relevant,
- the PTDF marginal calculations,
- the ∆C calculations,
- the thresholds for selecting the counterfactuals,
- and the LODF screening result if relevant.
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Do NOT repeat many snapshot values without analysis.
Do NOT write a long raw-data summary.

Use €/MWh for prices, curtailment costs, redispatch prices, dual-based marginal
comparisons, and ∆C.
Do not use €/h.
Do not use €/h per MW.

---------------------------------------------------------------------
STYLE RULES
---------------------------------------------------------------------

Use standard power-system engineering terminology.
Prefer simple and familiar operator language when a standard expression exists.

Prefer:
- redispatch
- conventional generator
- wind generator
- before redispatch
- after redispatch
- line congestion
- thermal overload
- thermal limit violation
- voltage limit violation
- load curtailment
- wind curtailment
- upward/downward
- ramp limit
- binding constraint
- congested line
- overloaded line
- feasible operating point
- generator output
- contingency screening
- thermal margin
- same congested corridor
- same transfer path
- nearby overloaded lines
- related overloaded lines
- overloads in the same area
- loading reduced on other reported overloaded lines

Avoid:
- active-power issue
- active-power constraint
- bottleneck
- operating pattern
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- headroom
- electrically better placed
- intuitive alternative
- operator-grade evidence
- residual supply scarcity
- transfer stress
- energy-economic
- wind substitution
- bus-to-load corridor
- cut
- rose
- materially
- strongly
- significantly
- nearby stressed paths
- adjacent high-loading pattern
- appears reduced
- more viable
- screens as loading
- likely push more flow
- loading cluster
- stressed structure
- abstract or innovative wording that is not standard in power-system operation

Do not use vague intensifiers such as:
- strongly
- materially
- significantly

unless the corresponding numerical change is shown explicitly.

When describing more than one overloaded line, use familiar expressions such as:
- same congested corridor
- same transfer path
- nearby overloaded lines
- related overloaded lines
- overloads in the same area

Do not use abstract or stylistic phrases when a simpler power-system expression
is available.

Be direct, technical, and operator-oriented.

---------------------------------------------------------------------
OUTPUT FORMAT
---------------------------------------------------------------------

Output only an analytical note with 4 short paragraphs.
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Paragraph 1:
Give a short description of the situation in the snapshot.
State all significant overloaded lines or other violated constraints before
redispatch, the main redispatch actions actually used, and whether load
curtailment occurred.
Explain briefly how the reported overloads or violated constraints are connected.
Identify one dominant driver and keep that choice consistent in later paragraphs.
Keep this paragraph short and do not repeat many raw values.

Paragraph 2:
Counterfactual 1.
Give one complete counterfactual framed explicitly as:
- “Why not do X instead?”
- “What if condition Y changed?”

This paragraph must:
- name one plausible alternative redispatch action built only from reported
feasible actions,
- identify one specific closed +1 MW / -1 MW marginal action,
- identify the displaced resource,
- state clearly which side is the +1 MW injection and which side is the -1 MW
withdrawal,
- use explicit PTDF arithmetic to quantify the effect on the dominant monitored
line,
- and, when supported, on at least one additional related overloaded or relevant
line,
- use reported prices and/or valid reported duals to compute a closed ∆C in
€/MWh,
- explain what the sign of ∆C means,
- explain whether the result is overload relief, redistribution only, or not
supportable from the reported limits,
- explain why the counterfactual is not selected under the reported conditions,
- and state one explicit numerical threshold that would make the counterfactual
viable or optimal.

Paragraph 3:
Counterfactual 2 plus one concise closing reason why the realized redispatch
pattern is the most plausible local solution.
This paragraph must:
- give a second complete counterfactual with the same standards as Paragraph 2,
- use a genuinely distinct displaced resource or network tradeoff from Paragraph
2,
- then add one additional concise reason, supported only by reported redispatch
values, PTDF, prices, or valid duals, why the realized redispatch pattern is the
most plausible local solution,
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- and use that closing reason to connect the realized upward/downward actions as
a closed causal package to the dominant congested line and related overloaded
lines, or to a reported ramp, voltage, wind-curtailment, or load-curtailment
limit if and only if the report explicitly supports that point.

Paragraph 4:
Give one screening-based LODF example if the report supports it.
Include:
- the outaged line,
- the monitored line,
- the approximate pre-outage flow(s),
- the LODF coefficient,
- the approximate post-outage monitored flow,
- and a clear screening-based conclusion.

If the report supports a second useful LODF case, add it briefly in the same
paragraph, especially if it shows major redistribution or flow reversal rather
than a screened thermal overload.

Use only screening logic.
Do not claim a full AC contingency analysis.

Use the technical examples to connect the redispatch actions to:
- line congestion,
- economic or flexibility limits when explicitly reported,
- and contingency security.

Hard limits:
- maximum 530 words
- short sentences
- no bullet points
- no headings
- no LaTeX
- no text outside the analytical note

C.6 Evaluator Prompt

You are a power-system expert evaluating whether an explanation correctly
justifies
an active-power redispatch result.

The explanation uses counterfactual reasoning and marginal arithmetic to justify
why
the realized redispatch is plausible or locally optimal under the reported
operating conditions.
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IMPORTANT INTERPRETATION RULE

Counterfactual scenarios are NOT operational recommendations.
Their purpose is to explain, using numerical reasoning, why alternative
redispatch options would be:

- infeasible under the current active set,
- more expensive once congestion, feasibility, or other reported penalties are
included,
- less effective at relieving the reported overloaded lines or violated
constraints,
- inconsistent with the reported PTDF, dual, price, or loading evidence,
- or potentially harmful for N-1 security.

Your task is to verify that the explanation performs this reasoning correctly
using ONLY the provided snapshot.

You must rely ONLY on the provided snapshot.

Do NOT solve OPF.
Do NOT run power flow.
Do NOT infer missing data.
If a claim cannot be verified from the snapshot, score it as 0.

--------------------------------------------------
INPUTS
--------------------------------------------------

POWER SYSTEM SNAPSHOT:
{snapshot}

LLM EXPLANATION:
{explanation}

--------------------------------------------------
SCORING METHOD
--------------------------------------------------

Each question must be scored:

1 = correct and supported by the snapshot
0 = incorrect, unsupported, or missing

Maximum score = 20

--------------------------------------------------
VERIFICATION CHECKLIST
--------------------------------------------------
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SECTION A — Redispatch Trigger Identification

Q1. Does the explanation identify all significant overloaded lines or other
violated or binding constraints reported before redispatch?

Q2. If multiple overloaded lines or violated constraints are reported, does the
explanation connect them coherently using a broader network interpretation rather
than treating them as isolated cases?

Q3. Does the explanation identify the dominant driver of redispatch among the
reported constraints?

Q4. Does the explanation avoid claiming unreported or unsupported constraints,
corrective actions, PTDF/LODF values, duals, or redispatch actions?

--------------------------------------------------

SECTION B — Operational Logic

Q5. Does the explanation clearly reflect the sequence:
before redispatch → redispatch actions → after redispatch?

Q6. Does it correctly describe the reported redispatch actions, including
conventional-generator upward/downward changes, wind curtailment, and emergency
load curtailment if present?

Q7. Does it correctly explain how the realized redispatch pattern relieves the
reported overloaded lines or violated constraints after redispatch?

--------------------------------------------------

SECTION C — PTDF / Directional Reasoning

Q8. If PTDF is used, are signs and directional effects interpreted correctly?

Q9. Does the explanation include explicit PTDF arithmetic for the counterfactuals
rather than only verbal directional claims?

Q10. When the report supports it, does the explanation use PTDF to reveal a
nontrivial network tradeoff, such as relief of one important line while worsening
another or failure to relieve the broader overload pattern?

--------------------------------------------------

SECTION D — Counterfactual Reasoning (Arithmetic Required)
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Q11. Does the explanation include two explicit counterfactuals framed as “why
not” and/or “what if” cases?

Q12. For each counterfactual, does the explanation identify a specific +1 MW / -1
MW marginal action and the displaced resource?

Q13. For each counterfactual, does the explanation compute a closed ∆C in €/MWh
and explain what the sign of ∆C means?

Q14. For each counterfactual, does the explanation state a specific quantified
change that would make the counterfactual viable or optimal?

--------------------------------------------------

SECTION E — Numerical Grounding and Report Discipline

Q15. Are the numerical values quoted in the explanation consistent with the
snapshot?

Q16. Does the explanation avoid inventing unsupported flows, voltages, prices,
duals, PTDF effects, LODF effects, redispatch actions, or costs, including
unsupported borrowing of nearby PTDF/LODF values?

Q17. Is the explanation numerically grounded rather than generic or descriptive,
while avoiding unnecessary raw-data summary?

--------------------------------------------------

SECTION F — Economic and Dual Interpretation

Q18. When prices, redispatch prices, curtailment costs, objective values, or dual
variables are discussed, are they interpreted consistently with the snapshot and
used appropriately to support the counterfactual logic?

--------------------------------------------------

SECTION G — Security Screening

Q19. If LODF data are present and relevant, does the explanation use screening
arithmetic appropriately to justify why redispatch was operationally necessary
for N-1 security, including:
- one case showing overload risk or movement toward a thermal limit, and
- when supported by the report, one case showing major redistribution or flow
reversal rather than overload?

--------------------------------------------------

SECTION H — Language and Operator Usefulness
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Q20. Is the explanation written in precise technical language suitable for
power-system operators, using standard terminology and avoiding vague, unusual,
abstract, or innovative wording?

--------------------------------------------------
SECTION SCORES
--------------------------------------------------

Compute the average score for each section:

redispatch_trigger_identification = (Q1+Q2+Q3+Q4)/4
operational_logic = (Q5+Q6+Q7)/3
ptdf_directional_reasoning = (Q8+Q9+Q10)/3
counterfactual_reasoning = (Q11+Q12+Q13+Q14)/4
numerical_grounding_and_report_discipline = (Q15+Q16+Q17)/3
economic_and_dual_interpretation = Q18
security_screening = Q19
language_and_operator_usefulness = Q20

--------------------------------------------------
FINAL SCORE
--------------------------------------------------

Total Score = sum(Q1–Q20)

Maximum Score = 20

Percentage Score = (Total Score / 20) × 100

--------------------------------------------------
RULES
--------------------------------------------------

- Do NOT say the data is insufficient.
- Do NOT require exact OPF calculations or perfect numerical precision.
- Do NOT require unavailable AC sensitivities.
- Do NOT penalize first-order or screening arithmetic.
- Do NOT criticize NaN or infinite LODF values.
- Score 0 whenever a claim cannot be verified from the snapshot.
- Be strict about missing arithmetic reasoning, missing counterfactual structure,
unsupported claims, weak ∆C interpretation, missing thresholds, and weak LODF
screening.
- Evaluate only active-power redispatch reasoning supported by the snapshot.
- Do NOT require discussion of unreported mechanisms.
- Do NOT require exact sign-based economic interpretation of duals unless the
sign convention is explicitly established in the snapshot.

203



C.6. Evaluator Prompt

- For Q20, prefer standard power-system engineering terminology and flag wording
such as:

- active-power issue
- active-power constraint
- bottleneck
- operator-grade evidence
- transfer stress
- residual supply scarcity
- wind substitution
- energy-economic
- bus-to-load corridor
- adjacent high-loading pattern
- loading cluster
- stressed structure
- cut
- rose
- materially
- strongly
- significantly
unless the corresponding numerical change is shown explicitly.

Math is allowed.
LaTeX or TeX-style syntax is NOT allowed.

--------------------------------------------------
OUTPUT FORMAT
--------------------------------------------------

Return ONLY valid JSON.

Do NOT include explanations outside the JSON.

Use the following structure exactly:

{
"section_scores": {

"redispatch_trigger_identification": <float between 0 and 1>,
"operational_logic": <float between 0 and 1>,
"ptdf_directional_reasoning": <float between 0 and 1>,
"counterfactual_reasoning": <float between 0 and 1>,
"numerical_grounding_and_report_discipline": <float between 0 and 1>,
"economic_and_dual_interpretation": <0 or 1>,
"security_screening": <0 or 1>,
"language_and_operator_usefulness": <0 or 1>

},
"question_scores": {

"Q1": <0 or 1>,
"Q2": <0 or 1>,
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C.6. Evaluator Prompt

"Q3": <0 or 1>,
"Q4": <0 or 1>,
"Q5": <0 or 1>,
"Q6": <0 or 1>,
"Q7": <0 or 1>,
"Q8": <0 or 1>,
"Q9": <0 or 1>,
"Q10": <0 or 1>,
"Q11": <0 or 1>,
"Q12": <0 or 1>,
"Q13": <0 or 1>,
"Q14": <0 or 1>,
"Q15": <0 or 1>,
"Q16": <0 or 1>,
"Q17": <0 or 1>,
"Q18": <0 or 1>,
"Q19": <0 or 1>,
"Q20": <0 or 1>

},
"total_score": <integer between 0 and 20>,
"percentage": <number between 0 and 100>,
"evaluation_summary": "short explanation of strengths and weaknesses"

}
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