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ABSTRACT

In this perspective, we present a concise, visionary abstract that highlights the challenge of ever increas-
ing complexity in future power grids and our proposed artificial intelligence for science (AI4S) frame-
work. Next generation grids, with high levels of renewables and distributed generation, create
unprecedented uncertainty that strains traditional control and forecasting methods. Our Al4S framework
integrates cutting edge artificial intelligence (Al), including large language models (LLMs), physics-
informed neural networks (PINNs), deep reinforcement learning (DRL), and autonomous multi-agent sys-
tems, within a domain aware architecture that embeds grid physics, operational constraints, and human
oversight into learning. By fusing data driven models with power system laws, Al4S yields trustworthy,
explainable Al that enables fast, real time decision making and richer situational awareness via digital
twins and advanced forecasting. We distinguish which Al4S elements are already demonstrated versus
conceptual, and we envision benefits like accelerated simulation, improved resilience, and greater oper-

ator trust.

© 2026 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and
Higher Education Press Limited Company. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Modern power grids are becoming ever more complex. High
penetrations of renewable energy, widespread distributed genera-
tion, and tighter safety margins are pushing traditional operations
to their limits [1]. This complexity creates new challenges for sys-
tem analysis, forecasting, and control: Classical tools may fail to
capture non-linear physics or to process the deluge of data gener-
ated by next-gen systems [2]. In this context, artificial intelligence
for science (Al4S) emerges as a promising paradigm. Al4S refers to
the integration of cutting-edge Al methods with scientific domain
knowledge to tackle hard problems. In power engineering, Al4S
aims to leverage advanced artificial intelligence (Al), such as large
language models (LLMs), physics-informed neural networks
(PINNs), and autonomous Al agents, while respecting the grid’s
physical laws and operational rules. By fusing data-driven learning
with power-system expertise, Al4S holds potential to enhance sit-
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uational awareness, optimization, and resilience in ways that
purely black-box methods cannot.

The profound changes in power systems demand novel analyt-
ical and control paradigms. Traditional model-based approaches
struggle with increasing uncertainty from renewables and complex
dynamic interactions [3]. Purely data-driven Al, such as standard
machine learning (ML), may exploit patterns in historical data
but often ignores fundamental grid constraints, risking unsafe or
infeasible recommendations [4]. Meanwhile, established “smart-
grid” Al tools tend to address isolated tasks, such as forecasting
or fault detection, without a unified, physics-aware framework
[5]. In short, as grids grow more complex, there is a critical need
for domain-specific Al frameworks that can adaptively learn and
reason within the laws of electricity networks, rather than treating
the grid as a generic black-box.

Existing Al4S and smart-grid approaches leave gaps [6]. General
scientific ML frameworks, while powerful for physics or materials
problems, are not tailored to the unique features of power systems
[7]. They rarely embed power-flow equations, stability criteria, or
market rules directly into the Al models. Likewise, most Al applica-
tions in the grid simply augment one aspect of operation but do not
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incorporate multi-stage decision processes, human oversight, or
cross-layer interactions [8]. Importantly, grid operators demand
trustworthy and explainable Al. Trustworthy Al means systems
that are transparent, robust, fair and aligned with human values,
and explainability means providing human-interpretable justifica-
tions for decisions [9]. Unfortunately, many state-of-the-art ML
models are “black boxes” that lack built-in interpretability or for-
mal safety guarantees. For example, the United States energy sec-
tor highlights that developing explainable Al is essential to foster
operator trust and acceptance [10]. This underscores the need for
new frameworks that explicitly integrate physics, human exper-
tise, and safety considerations into Al for power grids.

To address these challenges, we propose a unified Al4S frame-
work specifically designed for next-generation power systems.
Our key contributions are:

Domain-aware Al architecture. We outline an Al4S framework
that embeds grid physics and constraints into learning models. For
instance, governing equations and equipment limits are directly
incorporated into Al training or inference, ensuring that output
remains physically feasible. This leverages scientific ML principles
so that Al is not a standalone black-box but is physics-aware and
aligned with expert knowledge.

Human-in-the-loop & knowledge guidance. Our framework
explicitly supports human oversight and expert interaction. Al
agents operate alongside operators, providing recommendations
with explanations and receiving corrections. We also incorporate
knowledge graphs and rule-based modules to encode decades of
engineering experience. This hybrid design ensures the Al solution
remains trustworthy and interpretable by construction.

Synergy of Al paradigms. We synthesize four cutting-edge Al
paradigms, LLMs, PINNs, deep reinforcement learning (DRL), and
autonomous multi-agent systems, within a single workflow. Each
paradigm addresses different facets of grid intelligence. By com-
bining these techniques, our Al4S approach can perform fast prob-
abilistic forecasting, and adaptively optimize grid operations with
all while adhering to grid rules.

These contributions distinguish our Al4S framework from prior
work by explicitly tailoring Al to power-system science and prac-
tice. Unlike generic Al4S approaches, our framework is domain-
specific: It unifies data-driven learning with first-principles grid
models and human expertise in a closed-loop system.

The rest of the paper proceeds as follows. Section 2 reviews the
latest Al advances and their emerging relevance to power systems.
Section 3 details our proposed Al4S framework for power engineer-
ing, highlighting its components. Section 4 delves into the core Al
techniques and illustrates how they jointly address power-system
challenges. Section 5 showcases high-impact applications of the
Al4S approach, from accelerated energy materials discovery to
digital-twin grid control. Finally, Section 6 concludes with remarks
on the path toward intelligent, sustainable electricity grids.

2. Latest developments in Al and Al4S

Recent Al advances have introduced foundation models, which
are massive pretrained networks that adapt to diverse tasks (e.g.
GPT-4), enabling capabilities far beyond simple pattern fitting
[11]. For instance, GPT-4 can generate text, write code, and parse
scientific literature in multi-step reasoning [12,13]. New
transformer-based systems have even outperformed experts on
tasks like discovering Lyapunov functions for dynamical systems
[14]. These breakthroughs show that modern Al is moving into
symbolic reasoning and scientific inference. In power systems,
foundation models are beginning to make an impact: For example,
GPT-4 has been applied to tasks such as optimal power flow and
electric vehicle (EV) scheduling, boosting efficiency and reliability
in grid operations [15].
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Al agents integrate learning, planning, and tool use. They have
evolved from game-playing champions (e.g. AlphaGo) to autono-
mous “robot scientists” that design and conduct experiments in
real labs [16,17]. Such agents can now run materials science or
chemistry experiments with minimal human input, controlling
instruments in real time [18-20]. Al-driven robots are autono-
mously performing lab research efficiently, suggesting truly auton-
omous laboratories [21]. These advances imply that future power
grids could be co-managed by Al agents under human guidance,
for example, optimizing grid-asset dispatch or market decisions
while respecting operator constraints [22].

PINNs embed known physical laws into the learning process, so
model outputs automatically satisfy conservation and dynamical
equations. In power systems, PINNs have been applied to the swing
equation for generator dynamics, yielding very fast predictions of
rotor angles and frequencies [23]. For instance, Misyris et al. [24]
showed a PINN could predict these states ~87x faster than conven-
tional solvers while maintaining accuracy [24]. In this way, PINNs
bridge data-driven learning and first-principles models, producing
fast, physics-consistent grid models that require far less training
data.

DRL trains agents to learn control policies via trial-and-error in
simulated environments [25]. DRL has already proven useful in
science (e.g. controlling fusion plasmas and automating experi-
mental design) [26-28]. In power systems, DRL challenges like
learning to run a power network (L2RPN) and the new reinforce-
ment learning to grid (RL2Grid) benchmark are integrating grid-
specific constraints to ensure safety and reliability [29]. These
benchmarks include operator heuristics and safety filters in the
learning loop, reflecting real-world practice [30]. By encoding grid
physics and operational rules into training, these initiatives help RL
agents meet strict power-system requirements.

Together, these developments, from LLM-based reasoning and
autonomous agents to PINNs and DRL, form a powerful Al “tool-
box” for power engineering. Al is evolving from a mere black-box
function approximator into an “intelligent partner” that can incor-
porate scientific principles, digest massive data, and even generate
novel insights. This new Al landscape lays the groundwork for
principled integration of Al into power-system science and
engineering.

3. Toward an AI4S framework for power engineering

Effectively applying Al4S in power engineering requires a uni-
fied framework that integrates data-driven learning with deep
domain knowledge. As shown in Fig. 1, we propose a conceptual
framework consisting of three synergistic components: (D scien-
tific knowledge base: foundational power-system theories, physi-
cal models, and operational procedures capturing the domain’s
expert knowledge; (2) learning systems: Al models and algorithms
that learn from data or simulations to extract insights and make
decisions for the grid; (3) domain constraints: the physical, engi-
neering, and regulatory limits that any solution must satisfy (e.g.,
Kirchhoff's laws, stability margins, and N-1 security criteria).

In the framework, the learning systems are directly informed by
the scientific knowledge base and explicitly designed to respect the
domain constraints, so that Al outputs remain physically feasible
and safe. Conversely, insights generated by the Al, including new
patterns, hypotheses, or optimized strategies, can feed back to
enrich the knowledge base, forming a closed loop of continuous
learning and refinement with human oversight at key decision
points. For example, instead of training a network blindly on mea-
surement data, one can embed the alternating current (AC) power-
flow and stability equations into its architecture or loss function,
ensuring outputs satisfy circuit laws and feasibility conditions
while markedly reducing data requirements and improving extrap-
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Fig. 1. Al4S framework comprising three interrelated components. Learning systems leverage the knowledge base and obey the domain constraints in generating solutions,
while their outputs feedback to update domain knowledge and are vetted against those constraints. This synergy ensures Al solutions remain scientifically grounded and

within safe operating limits, under the supervision of human experts.

olation. A recent work incorporated theoretical AC power-flow
equations and line-loss formulas into a graph neural network’s
training loss to create a solver agent that surpasses purely data-
driven models in both accuracy and robustness across unseen sce-
narios [31]. This example illustrates how scientific knowledge (e.g.,
network equations) and domain constraints (e.g., voltage limits,
physical losses) guide learning systems to yield fast, reliable agent
models suitable for real-time analysis and control in the
framework.

The framework envisions a closed-loop integration of Al with
traditional simulation and optimization tools. Instead of replacing
physics-based models, Al agents operate in parallel as fast “digital
twins” of the grid, continually updated with real-time data [32].
The Al twins can run numerous what-if scenarios or deliver instant
predictions to support operators. They also integrate into optimiza-
tion routines, for example, embedding a trained agent model for
power flows or dynamic responses into planning algorithms can
evaluate candidate decisions orders of magnitude faster than full
simulations. This capability enables real-time optimal power flow,
adaptive protection settings, and stochastic planning with exten-
sive Monte Carlo analyses that were previously impractical due
to computational limits.

The framework enforces physical and operational constraints at
every step. Every Al-generated output, whether a control action
from an agent or a material suggestion from a generative model,
must be validated against domain constraints before implementa-
tion. Key techniques include safe reinforcement learning (RL),
which penalizes violations during training, and safety filters that
block unsafe proposals [33]. In power systems, this should involve
an RL agent trained with Lyapunov-based penalties to honor stabil-
ity margins or a planning tool that automatically verifies all solu-
tions against N-1 contingency requirements.

The framework can also incorporate a human-in-the-loop
approach, where experts iteratively guide Al models and, in turn,
use Al outputs to inform decisions. Human engineers can review
and refine Al recommendations in real time, maintaining account-
ability and trust in automated processes. For example, Al can gen-
erate candidate stability criteria that engineers validate and embed
into operational guidelines [34]. Similarly, Al agents can also sift
through extensive phasor measurement unit (PMU) datasets to
label anomalies or trends, prioritizing events for human review
and accelerating response times [35].

To further concrete the framework, Fig. 2 illustrates a detailed
Al-to-grid workflow for a transient stability control scenario. The

closed-loop process operates as follows: Real-time sensor mea-
surements from PMUs and other sources stream from the power
grid, combined with weather statistics and LLM-assisted scenario
[36], to both the Al learning system and a parallel physics-based
simulator, which can be a digital twin of the grid. A PINN ingests
the data to predict the system’s state trajectory, providing early
warnings of any instability. A DRL agent continuously monitors
the system state using both raw sensor data and PINN forecasts
and computes control actions such as adjusting a battery energy
storage system to damp oscillations and maintain stability after a
disturbance. Domain constraints, such as stability limits, voltage/
frequency bounds, N-1 contingency criteria, are enforced at every
step: The DRL agent is trained with penalty terms for any violation
of these constraints, and an external safety filter blocks control
commands that would breach operational limits. The validated
control actions are then issued to grid actuators in real time, and
the grid’s response is observed via sensors in the next cycle—clos-
ing the feedback loop. Throughout the process, a LLM-based assis-
tant analyzes system logs and model outputs to provide
explanations and high-level recommendations, while human oper-
ators remain in the loop to oversee the Al's decisions, approve crit-
ical actions, and ensure safety margins are respected.

By integrating scientific models, Al learning, and constraints,
this framework ensures that Al4S solutions for power engineering
are not “black boxes” but physics-aware and trustworthy. The
framework aligns with scientific ML principles, which fuse govern-
ing equations with data-driven models to amplify expert under-
standing instead of replacing it.

4. Key Al techniques and relevance to power systems

Building on the Al4S framework outlined above, we detail the
core Al methodologies that drive this approach and illustrate their
relevance to power engineering in this section. The following sub-
sections examine each paradigm in turn, including LLMs, PINNs,
DRL, and knowledge integration techniques, and highlight how
each addresses distinct challenges in power system analysis and
control.

4.1. LLMs and symbolic Al

LLMs, such as GPT-based systems, can offer capabilities beyond
natural language tasks in power engineering. Their symbolic rea-
soning can support derivations, controller design, and automated
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Fig. 2. Al-to-grid data flow under the Al4S framework, illustrated for a transient stability control scenario. Sensor measurements from the grid feed into Al agents and a real-
time simulation of the power system. A DRL control agent processes these inputs to determine corrective actions on grid elements. All proposed actions are subject to domain
constraints enforced via the agent’s training and a safety filter before being applied to the physical grid. An LLM-based assistant monitors the system and provides context and
explanations to human operators, who supervise the loop and can intervene as needed, ensuring that the closed-loop Al control remains within safe and accountable bounds.
RAG: retrieval augmented generation; UC: unit commitment; OPF: optimal power flow; x: spatial coordinate input of PINN, where the physical state is evaluated; t: time
coordinate input of PINN, when the physical state is evaluated; u: state variable output of PINN, the physical quantity predicted by the neural network.

code generation for system analysis [37]. For example, an LLM can
generate Python scripts for power-flow simulations or parse relay
manuals to extract configuration rules [38]|. When prompted cor-
rectly, LLMs have solved complex mathematical problems, sug-
gesting they could propose Lyapunov functions for network
reductions or translate queries like “What caused yesterday’s volt-
age oscillation on Line X?” into analytical steps or database look-
ups. Models with code-generation abilities can act as engineering
co-pilots accelerating simulation tool development, grid-data visu-
alization, and real-time decision support by summarizing sensor
streams. Although these applications remain nascent, foundation
models’ capacity to absorb extensive knowledge and perform
multi-step reasoning aligns well with the needs of power systems.
Compared to traditional expert systems that rely on fixed rules,
LLMs learn from data and language context, offering more adaptive
problem-solving.

4.2. PINNs and scientific ML

PINNs integrate governing equations, such as power-flow rela-
tions and machine dynamics, directly into the training process,
ensuring that models respect physical laws as well as fit data. In
power systems, PINNs have accelerated time-domain simulations,
estimated system parameters, and even solved AC power-flow
problems by embedding swing and balance equations into their
loss functions [31]. For example, a recent study has embedded
the full AC optimal power flow equations into a neural network’s
training, achieving higher accuracy and significantly fewer con-
straint violations than an unconstrained network [39]. To illustrate
the training approach, consider a generic loss function:

LO) = 5 S0 Iy~ T O 15 g O M)

where L(0) measures the error on observed data (x,,y,) and
S Yn — Y (X 0)|* penalizes violations of physical laws g(-) = 0
at collocation points. Here g(¢&,; 0) encodes domain equations, for
example, the swing equation in AC power-flow, and / balances data
fit with physics compliance. 0 and ¢, indicate trainable parameters

of the neural network and the mth collocation point where the
physical residual is evaluated respectively, and y(x,;0) is the
neural-network prediction at input x,. N and M are number of
labeled data samples and collocation points respectively. By train-
ing the network to minimize L(6), the PINN learns to satisfy both
the empirical data and the embedded power-system equations.
The details of PINN for AC OPF are shown in Algorithm 1.

Algorithm 1. PINNs for AC optimal power flow.

Data: network topology ¥, load/generation profiles P, Q

Result: bus voltages (V, ) satisfying AC-OPF conditions
1 Define power flow physics: admittance matrix Yy, OPF

constraints;

2 Generate training data: load scenarios and reference OPF
solutions;

3 Define neural network structure to predict V,3;

4 [Initialize hyperparameters and loss weights
/datas /lphysicm Zbounds s

5 for epoch =1 ton do

6 for data in dataset do

7 if data batch == batch size then

8 Sample batch of input features (e.g., load/generation
P,Q);

9 Predict V, 5 from the neural network;

10 Compute active/reactive power injections P, 0;

11 Evaluate mismatch from power flow equations
AP, AQ;

12 Calculate total loss function:

L= AdataLdata + ;“physicsLeq + /lboundsLlimits;

13 Backpropagate and update network weights;

14 end

15 end

16 end

17 Return trained model for fast AC-OPF inference under
constraints.
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V: bus voltage; §: voltage phase angle; P: active load/generation in
P; Q: reactive load/generation set in @; ~: prediction operator; A-:
difference operator; Lg..: data loss, measuring the difference
between NN predictions and reference OPF solutions; L.q: physics
loss, measuring violation of AC power-flow equations; Ljjmis:
bounds loss, measuring violation of operational constraints; Agqag:
weight of the supervised data-fitting loss; Apnysics: weight of the
physics-equation loss, especially the power-flow residual loss;
Jbounds: Weight of the constraint-bound violation loss, such as volt-
age limits, generator limits, or line-flow limits; L: weighted total
loss for the PINN training.

The approach guarantees that critical properties like stability
limits and energy conservation are respected, avoiding the
unphysical outputs typical of purely data-driven nets. Once
trained, a PINN agent can produce near-instantaneous system-
state queries or power-flow solutions, enabling rapid contin-
gency analysis and hardware-in-the-loop testing. Moreover, their
physics-aware structure enhances operator trust and inter-
pretability. In comparison to classical solvers, a well-trained
PINN can evaluate scenarios orders-of-magnitude faster since it
circumvents iterative computation, although after an upfront
training cost. Studies have shown that physics-informed models
often generalize better and yield lower errors than purely data-
driven models, while consistently enforcing feasibility, for exam-
ple, PINN surrogates of grid dynamics outperformed methods
like random forests or gradient-boosted trees in capturing tran-
sient voltage trajectories, especially under conditions outside
the training set [40]. By combining data-driven efficiency with
first-principles fidelity, PINNs thus offer a practical route to
achieve both accuracy and speed. Future extensions may incor-
porate uncertainties, such as load variations and renewable fluc-
tuations, via probabilistic PINN frameworks, providing
confidence intervals alongside predictions for risk-aware grid
operation. In summary, PINNs enable real-time simulation capa-
bilities for contingency and reliability assessment that were pre-
viously impractical, all while maintaining physical consistency.

4.3. RL for adaptive control

RL frames power-system operation as a sequential decision
process, learning control policies, such as generator dispatch,
inverter setpoints, or load-shedding rules, which optimize long-
term objectives like cost or stability. Its ability to handle nonlin-
ear, high-dimensional dynamics and learn from simulated inter-
action has enabled successes in areas such as automatic
generation control, energy-storage management, microgrid
scheduling, and grid topology reconfiguration. For example,
DRL agents have been trained to balance frequency stability
and operating cost by adjusting batteries and renewable sources
in real time. However, unconstrained RL can yield unsafe poli-
cies, so modern approaches embed safety through mechanisms
like Lyapunov-based penalty terms or explicit constraint filters.
Multi-agent RL also shows promise for market operations and
distributed control, where agents must learn to cooperate or
compete. Benchmark platforms, such as L2RPN [29] and RL2Grid
[30], combine realistic grid simulators with expert heuristics to
validate performance against operational standards. Compared
to classical optimal control or model-predictive control, DRL
does not require an accurate system model and can flexibly learn
complex strategies, but it demands extensive training and careful
reward design to achieve comparable reliability. By combining
learning with domain knowledge and safety constraints, RL can
evolve toward self-tuning grid controllers that adapt autono-
mously and robustly to novel conditions.
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4.4. Al and knowledge integration

Another key approach employs knowledge graphs, expert sys-
tems, and neuro-symbolic models to harness decades of power-
industry expertise encoded in standards, simulation tools, and
operational rules. Knowledge graphs formalize grid components
and relationships, enabling graph neural networks to propagate
and update state information as system conditions evolve [41].
Expert systems provide rule-based reasoning for rare or safety-
critical events, while RL policies manage routine control decisions.
LLMs fine-tuned on domain texts, such as protection logs and
maintenance reports, serve as interactive assistants for diagnostics
and configuration extraction. Notably, whereas traditional expert
systems are static and limited to pre-defined rules, modern LLM-
based assistants can parse context and learn from data, making
them more adaptable, yet combining them with curated expert
rules ensures critical domain constraints are not overlooked. By
blending symbolic rules, pattern-based learning, and physics-
based constraints, these hybrid methods deliver transparent, trust-
worthy Al solutions tailored to the complex requirements of
power-system engineering.

4.5. Synergies among LLMs, PINNs, DRL, and multi-agent systems

Realizing the full potential of Al in power systems will require
synergistic use of these techniques, as each complements the
others’ strengths. For instance, LLMs can serve as knowledge facil-
itators by generating or refining symbolic equations and con-
straints that feed into PINN models. An LLM could digest
equipment manuals, grid codes, or research papers and produce
simplified physics expressions or control laws, which PINNs then
incorporate into their structure or loss function. This pairing lever-
ages LLMs’ vast knowledge to inform the PINN with domain
insights beyond the training data. Conversely, PINN-driven simula-
tions can enhance RL: PINNs act as high-fidelity surrogate environ-
ments or safety filters for deep RL agents, providing fast
predictions of grid responses and flagging control actions that
would violate physical constraints. By constraining an RL agent’s
exploration with physics-informed feedback (e.g. denying actions
leading to voltage collapse as predicted by a PINN model), one
can significantly improve training safety and policy reliability.
There is early evidence that such physics-constrained RL outper-
forms naive RL in grid control tasks, achieving stability guarantees
while retaining adaptability.

Multi-agent systems stand to benefit from integrated Al roles
across different agents. One can envision autonomous grid agents
where each agent type uses a specialized Al paradigm: planning
or forecasting agents equipped with PINN-based models for local
network dynamics, decision-making agents using DRL for control
under uncertainty, and coordinator agents using LLMs to commu-
nicate, explain decisions, or retrieve procedural knowledge. In a
decentralized market simulation, for example, DRL-based bidder
agents could use PINN predictions of network constraints to guide
their bids, while an LLM-based overseer interprets market rules
and ensures the bidding strategies remain within regulatory
bounds. Through such cooperation, the combined system exploits
the complementary strengths of each Al technique with the inter-
pretability and knowledge depth of LLMs, the physical consistency
of PINNs, the adaptive optimization of DRL, and the distributed
intelligence of multi-agent frameworks. These synergies can
enable more resilient and efficient grid operations than any tech-
nique in isolation. In summary, a coordinated Al4S architecture,
where LLMs, physics-informed learners, reinforcement learners,
and autonomous agents work in concert, promises an intelligent
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grid that is greater than the sum of its parts, achieving rapid inno-
vation without sacrificing reliability or interpretability.

5. Applications at the nexus of Al and power systems

The convergence of Al4S and power systems enables numerous
exciting applications. Here we explore several potential areas,
illustrating how the techniques above can be applied. Table 1
[14,24,32,42-46] summarizes the readiness level of different appli-
cations of Al4S in power systems.

5.1. Energy materials discovery for storage and efficiency

Generative Al can accelerate the discovery of energy materials,
such as new battery electrodes and photovoltaic compounds, by
exploring vast design spaces far more efficiently than traditional
methods. Models like graph neural networks and variational
autoencoders propose candidate structures with target properties,
which are then validated via simulation or experiment. For exam-
ple, ML-optimized charging protocols have reduced battery testing
time by over 90 percent while extending cycle life, and data-driven
screening has identified high-performance electrode and per-
ovskite materials in a fraction of the usual effort [42]. In power-
system contexts, these advances translate directly into more effi-
cient, durable grid storage and solar installations. By combining
Al-guided candidate selection with physics-based evaluation, such
as PINN-enhanced quantum chemistry models, researchers can
rapidly home in on promising materials, cutting development costs
and supporting a more sustainable energy future [47].

5.2. Automatic knowledge discovery and Al-derived stability criteria

Al4S can function as a research assistant by extracting new sci-
entific insights directly from data or governing equations. A strik-
ing example is the application of sequence-to-sequence
transformers to discover global Lyapunov functions, an open prob-
lem in stability theory since Lyapunov’s 1892 work, using synthetic
training sets to outperform both algorithmic solvers and human
experts [14]. By training on randomly generated dynamical sys-
tems, these models have proposed valid Lyapunov functions for
polynomial and non-polynomial cases, effectively solving the chal-
lenge in global stability analysis. Transferring this approach to
power engineering, an Al could analyze the nonlinear dynamics
of grids with high renewable and inverter penetration and suggest
candidate Lyapunov functions or invariants that guarantee stability
under specified conditions. Similarly, Al-driven symbolic regres-
sion techniques have been shown to derive compact analytical
expressions from simulation data, such as optimal power-flow
approximations or operational boundaries, yielding interpretable
formulas that engineers can validate and implement [41]. As Al

operations

Table 1
Major Al4S application areas in power systems.
Application area Readiness level Example
reference
Materials discovery for Lab-validated (research) [42]
storage
Al-derived stability criteria Proof-of-concept [14]
(simulations)
Accelerated simulation & Demonstrated (simulation [24]
optimization prototype)
Al-based renewable Pilot-tested (operations) [43]
forecasting
Market simulation & design  Simulated (testbed) [44-46]
Digital twins for grid Pilot-tested (field trials) [32]

Engineering xxx (XXXX) XXX

models become more adept at blending data-driven learning with
symbolic manipulation, we can expect them to produce not just
numerical forecasts but also explanations, equations, and design
principles that accelerate innovation in power engineering. For
instance, photovoltaics/hydrokinetic/biomass hybrid tramway
study with fuel cell and supercapacitor buffering used ML to refine
its energy management strategy, illustrating how Al4S-derived sta-
bility criteria are beginning to gain validation in complex
renewable-storage systems [48].

5.3. Enhanced computational efficiency in simulation and optimization

Al4S can dramatically accelerate power-system computations
by replacing costly simulations and optimizations with fast learned
agents. Computationally intensive tasks, such as transient stability
simulations or unit-commitment optimization, become tractable
in real time once neural solvers approximate their input-output
mappings. For example, PINNs can compute power flows or post-
fault rotor trajectories over an order of magnitude faster than con-
ventional solvers while preserving accuracy. It has been shown
that a PINN predicts rotor-angle dynamics 87x faster than numer-
ical integration, enabling near-instant dynamic security assess-
ments [24]. In optimization, deep networks can predict generator
dispatch or corrective actions, providing warm starts that reduce
iterative solver runtime from minutes to sub-second scales.
Learned models can also guide solvers to speed convergence, by
estimating Jacobians or adaptive step sizes. As a result, operators
can evaluate far more contingencies, planners can optimize at finer
resolutions, and researchers can run large-scale Monte Carlo stud-
ies, all powered by rapid Al agents.

5.4. Weather and climate modeling for renewable integration

Recent Al-based weather forecasting models, such as Pangu-
Weather, FourCastNet, and GraphCast, have achieved medium-
range forecasts with accuracy comparable to or exceeding tradi-
tional numerical weather prediction systems while offering
orders-of-magnitude speedups via deep learning architectures
[49,50]. Moreover, DeepMind’s Weather Lab experimental plat-
form for cyclone prediction and Nvidia’s “Climate in a Bottle” gen-
erative models demonstrate Al's expanding role in long-term
climate scenario generation and extreme-event forecasting, pro-
viding probabilistic ensembles for wind, solar irradiance, and hur-
ricane trajectories at higher spatial and temporal resolutions
[51,52]. Hybrid physics-informed and ML frameworks enable
improved downscaling of global climate outputs to regional resolu-
tions for renewable integration planning, embedding conservation
laws and uncertainty quantification to assess future load growth,
resource availability, and infrastructure resilience under diverse
climate pathways [53,54]. Operational integration of real-time Al
forecasts into unit-commitment and reserve scheduling workflows
has shown cost reductions and reliability enhancements by rapidly
generating probabilistic ensemble predictions and uncertainty
estimates, aiding dynamic reserve margins and contingency
assessments during extreme events [43]. However, challenges
remain in forecasting rare or unprecedented events, ensuring
model interpretability, and validating Al outputs against physical
constraints, motivating ongoing research into safe inference,
hybrid modeling, and robust evaluation frameworks for critical
grid operations under climatic uncertainty [50].

5.5. Game theory and social dynamics in electricity markets
Modern electricity markets involve strategic interactions

among utilities, grid operators, consumers, and aggregators, mak-
ing bidding, pricing, and investment decisions interdependent.
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Classical game-theoretic models assume fixed rationality and equi-
librium, but real participants learn, adapt, and sometimes act irra-
tionally [55]. Agent-based simulations enhanced with RL allow
generator agents to refine bidding strategies from experience and
consumer agents to predict demand responses with neural net-
works [56]. Hybrid approaches embed expert rule bases for rare
or regulatory-critical scenarios alongside Al policies for routine
operations, delivering robust and transparent decisions [44,45].
Running extensive simulations with Al-driven participants lets
regulators stress-test new auction formats or demand-response
programs against intelligent adversaries and unexpected alliances
[46]. Computational social science methods, such as clustering
smart-meter data, further refine consumer models to tailor incen-
tive schemes [57]. For practical operations, Al-based forecasting
combines historical market data with learned agent behaviors,
such as a large generator’s habitual peak-hour bids, to predict price
spikes and volume changes, giving operators timely alerts [58].
Overall, Al augments traditional market analysis with adaptive,
data-driven realism, enabling more efficient, fair, and stable elec-
tricity markets in a complex adaptive system. For example,
multi-agent DRL has been used to simulate competitive bidding
in power markets, showing that agents can attain near-Nash equi-
librium strategies and even exploit inefficiencies during grid con-
gestion [59]. Similarly, platforms like the Power Trading Agent
Competition provide realistic environments where autonomous
agents evolve bidding and demand-response policies, allowing
researchers to test new market designs and observe emergent
behaviors in silico [60].

5.6. Digital twins for grid operations

Digital twins are high-fidelity virtual replicas of power grids,
continuously synchronized with real-time data. By incorporating
Al models, these twins can run predictive analytics and what-if
simulations to support grid operators. For instance, an Al-enabled
twin can forecast system responses to contingencies or evaluate
control actions in simulation before real-world implementation.
Pilot projects are demonstrating these capabilities: the EU’s Twi-
nEU consortium is developing live digital replicas across regional
grids to enhance resilience and market coordination [61], while
an Indian utility is deploying a cloud-based distribution twin to
improve renewable integration and asset management [62]. More
broadly, metaverse-based energy-system frameworks position dig-
ital twins as an interactive-world technology that bridges physical
power systems with virtual economic mechanisms [63]. Deploying
such twins poses challenges. Maintaining live synchronization
with the physical grid requires low-latency, reliable data feeds,
and robust cybersecurity is critical since the twin’s interfaces could
be targeted. The twin’s models must be continually validated
against field measurements to prevent drift and maintain trust.
Addressing these issues is essential before digital twin technology
can move from pilots to everyday operations.

6. Conclusions

By uniting LLMs, PINNs, Al agents, and DRL within a domain-
aware framework, AI4S offers powerful tools to accelerate
power-system innovation while ensuring reliability and inter-
pretability. Early successes, in fast stability assessment via PINNs,
adaptive control with safe RL, and materials discovery via LLMs,
demonstrate dramatic speedups and novel insights across opera-
tions, planning, and research. Critical to these gains is stringent
embedding of physical laws and operational constraints, prevent-
ing unsafe or unphysical outputs and fostering operator trust.
Moreover, integrating Al agents as digital twins alongside

Engineering xxx (XXxX) XXx

traditional simulators enables real-time scenario exploration and
what-if analysis at previously infeasible scales. Human-in-the-
loop workflows further sharpen results, with Al proposing analyt-
ical criteria or anomaly flags that experts validate and deploy.

However, translating these prospects into practice requires con-
fronting deployment challenges. Operators must trust and under-
stand Al recommendations. Grid regulations may need updating
to keep pace with new technologies. A careful balance between
automation and human oversight will remain essential for safety
and acceptance. We should also be clear about current versus aspi-
rational capabilities: Today’s Al4S methods can accelerate specific
tasks, but the most complex system-wide control problems remain
beyond reach. Limitations in data quality, model interpretability,
safety certification, and scalability under real-world constraints
are significant barriers. Many advanced scenarios will likely
require hybrid approaches combining Al guidance with human
and physics-based oversight.

Addressing these challenges calls for concrete interdisciplinary
collaboration. Beyond broad statements, the community needs
actionable initiatives: establishing joint research testbeds where
power systems experts and Al researchers co-develop and validate
Al4S solutions, creating open benchmark datasets of realistic grid
scenarios, and building open-source software frameworks that
embed power-system constraints into Al libraries. Such concrete
steps will help turn the AI4S vision into practical progress.

Together, these efforts will ensure that Al4S drives a smarter,
more resilient, and cleaner energy future without sacrificing scien-
tific rigor or safety. This unified perspective should catalyze a sus-
tained partnership between Al and power engineering, guiding the
energy transition with both ambition and humility.
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