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Large Language Model Applications in Power
Systems: A Comprehensive Review and Outlook

Xiyuan Zhou, Yan Xu, Junhua Zhao, and Rui Zhang

Abstract—Modern power systems are evolving due to increas-
ing penetration of renewable energy sources, deeper participa-
tion of the demand side, and widespread deployment of ad-
vanced information and digital technologies. As a result, system
operation and control are becoming increasingly challenging.
Large language models (LLMs), with their advanced capabili-
ties in semantic understanding and knowledge reasoning, offer
a promising tool to support the operation, control, analysis, and
decision-making of power systems. This paper provides a com-
prehensive review of LLM applications in power systems, en-
compassing four representative application domains: power
grid, power equipment, demand side, and electricity market
and policy-making. Based on the functional roles and implemen-
tations of LLMs, four major application strategies are identi-
fied: model adaptation, capability enhancement, multimodality
integration, and multi-agent coordination. In addition, the core
functions, representative methods, and evolving trends of LLM
applications are reviewed across different domains. Finally, key
challenges in applying LLMs to power systems are discussed,
and future research directions are outlined with regard to en-
suring physical feasibility, enhancing data efficiency and priva-
cy, and improving interpretability and rationality.

Index Terms—Large language model (LLM), power system,
artificial intelligence (AI), multi-agent system, power equip-
ment, demand side, electricity market.

I. INTRODUCTION

RIVEN by global carbon neutrality targets, power sys-

tems are undergoing substantial structural and opera-
tional transformations. The growing integration of renewable
energy sources (RESs), large-scale deployment of distributed
energy resources (DERs), and increasing demand-side en-
gagement are reshaping system architectures and operational
paradigms [l]. Meanwhile, these changes have introduced
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significant challenges such as heightened uncertainty in sup-
ply and demand, multi-timescale control requirements, and
the need for coordination among diverse system participants
[2]. Under these conditions, ensuring reliable and efficient
system operation has become a critical issue in modern pow-
er systems.

As a key infrastructure integrating generation, transmis-
sion, and consumption, the power system encompasses physi-
cal, control, and decision-making layers [3]. Its main func-
tions include system monitoring, control, equipment opera-
tion, user interaction, and market operation. These tasks in-
volve diverse data types, varying levels of information, and
closely related decision processes. With the increasing inte-
gration of RESs and the growing complexity of demands
placed on power systems, traditional task-specific models are
becoming insufficient [4]. This highlights the need for mod-
eling approaches that support unified data processing, knowl-
edge-based reasoning, and coordinated control across multi-
ple tasks.

To address these challenges, artificial intelligence (Al)
techniques have been identified as effective tools for tack-
ling them. Traditional machine learning methods perform
well in structured prediction but lack adaptability across
tasks [S]. Deep learning improves spatio-temporal (ST) mod-
eling and system representation, yet often requires large
amounts of labeled data and lacks interpretability [6]. Rein-
forcement learning supports sequential decision-making but
faces challenges in sample efficiency and generalization [7].
These limitations call for new modeling approaches that en-
able unified perception, knowledge-driven reasoning, and co-
ordinated decision-making across tasks and system domains.

In recent years, large language models (LLMs) have
emerged as a promising Al tool. Possessing human-like cog-
nitive abilities with strong language understanding and rea-
soning capabilities, they can interpret task objectives, inte-
grate diverse inputs, and generate feasible solutions across
complex scenarios [8]. Combined with techniques such as
prompt engineering, retrieval-augmented generation (RAG),
and tool use, they support an end-to-end workflow from task
interpretation to decision output. Given the complexity of in-
formation and diversity of tasks in power systems, LLMs
present significant potential for power system applications.
Recent studies demonstrate their potential in enhancing pow-
er system perception, reasoning, and interaction [9]. Howev-
er, a systematic review of their capabilities, applications, and
technical challenges is still lacking.
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This paper presents a comprehensive review of LLM ap-
plications in power systems through a systematic framework
aligning application strategies with application domains. The
main contributions are as follows:

1) A systematic review of LLM applications in four key
domains, namely, the power grid, power equipment, demand
side, and electricity market and policy-making, and an analy-
sis of capability needs, technical approaches, and emerging
trends across the corresponding tasks.

2) Proposal of a technical taxonomy for LLM applications
in power systems, comprising model adaptation (e.g., fine-
tuning and model distillation), capability enhancement (e.g.,
prompt engineering, RAG, and tool use), multimodality inte-
gration, and multi-agent (MA) coordination, and accompa-
nied by a systematic summary of their key methods and ca-
pability mechanisms.

3) Discussion of major challenges in applying LLMs to
power systems and an outline of future directions aimed at
improving physical reliability, data privacy, reasoning trans-
parency, and benchmark development.

The rest of this paper is organized as follows. Section II
provides an overview of LLM applications in power sys-
tems, covering four representative application domains. Sec-
tion III summarizes the application strategies of LLMs. Sec-
tions IV-VII provide detailed reviews for each of the four
representative application domains: power grid, power equip-
ment, demand side, and electricity market and policy-mak-
ing. Section VIII discusses challenges and future directions.
Section IX concludes the paper.

II. OVERVIEW OF LLM APPLICATIONS IN POWER SYSTEMS

The power system is a critical infrastructure for reliable
electricity supply and for supporting the low-carbon energy
transition. Given the reviewed literature, this paper divides
the LLM applications in power system into four representa-
tive application domains, as shown in Table 1.

TABLE I
FOUR REPRESENTATIVE APPLICATION DOMAINS OF LLM APPLICATIONS IN
POWER SYSTEM

Application domain Application topic

Power forecasting, power system operation,

Power grid . .
power system security analysis

Battery health evaluation, fault detection

Power equipment and diagnosis

Customer-side load forecasting, demand

Demand side . .
response, user behavior modeling

Electricity market and
policy-making

Electricity market modeling, energy policy
and regulation

The power grid application domain focuses on generation,
transmission, and distribution systems responsible for large-
scale power delivery and coordination. The power equipment
application domain focuses on devices such as generators,
transformers, and storage units that enable energy conver-
sion, protection, and control. The demand side application
domain focuses on residential, commercial, and industrial us-
ers characterized by flexible and diverse load characteristics.
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The electricity market and policy-making application domain
focuses on the institutional framework for trading, pricing,
and planning. Across these application domains, LLMs have
been applied to a variety of topics in modern power systems.

A. Power Grid Application Domain

The power grid encompasses generation, transmission, and
distribution systems and is responsible for large-scale energy
delivery and real-time operational coordination. It is charac-
terized by tightly integrated physical and control systems,
strict real-time constraints, and increasing complexity due to
the integration of RESs, electrification, and proliferation of
DERs [4]. Key challenges include improving forecasting ac-
curacy, maintaining operational reliability, and strengthening
system resilience under uncertainty and disturbances.

Research on power grid application domain focuses on
three primary application topics.

1) Power forecasting, which supports dispatch and plan-
ning by predicting demand and renewable energy output
across multiple timescales [6].

2) Power system operation, which focuses on optimal
scheduling and control of grid assets to ensure secure and
economical performance [10].

3) Power system security analysis, which involves system
monitoring, fault diagnosis, and stability assessment to en-
hance reliability under uncertainty [9].

B. Power Equipment Application Domain

Power equipment includes the physical devices that enable
power generation, transmission, conversion, and storage,
such as generators, transformers, storage systems, and power
electronics [11]. It is characterized by complex operating
conditions, aging effects, and failure risks. Key technical de-
mands focus on real-time monitoring, condition assessment,
and predictive maintenance to ensure equipment reliability
and extend operational life.

Research on power equipment application domain focuses
on two primary application topics.

1) Battery health evaluation, which aims to predict key
state variables such as state of charge (SOC), state of health
(SOH), and remaining useful life (RUL) to support safe oper-
ation and energy management of storage systems [12].

2) Fault detection and diagnosis, which focuses on recog-
nizing abnormal operating conditions, assessing equipment
states, and identifying potential risks across transformers, ca-
bles, converters, and renewable assets, thereby supporting
system resilience and operational reliability [13].

C. Demand Side Application Domain

The demand side includes residential, commercial, and in-
dustrial users, as well as emerging loads such as electric ve-
hicles (EVs) and smart appliances [14]. It is highly decentral-
ized and behaviorally diverse, exhibiting flexible yet uncer-
tain consumption patterns. Key challenges involve modeling
complex consumption behaviors, coordinating distributed de-
mand side resources, and encouraging active user participa-
tion in energy systems [15].

Research on demand side application domain focuses on
three primary application topics.
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1) Customer-side load forecasting, which estimates elec-
tricity demand across different timescales and user types to
support scheduling and pricing [16].

2) Demand response, which develops strategies to shift or
reduce consumption in response to dynamic price signals or
grid conditions, improving system flexibility and peak load
management [17].

3) User behavior modeling, which extracts consumption
patterns, preferences, and responsiveness from data to sup-
port personalized control, demand aggregation, and user par-
ticipation in energy programs [18].

D. Electricity Market and Policy-making Application Domain

The electricity market and policy-making define the insti-
tutional and economic framework governing the electricity
sector. They encompass market mechanisms for energy and
ancillary services, along with regulations guiding investment,
reliability, and decarbonization. They involve rule-based op-

erations, policy-driven coordinations, and strategic interac-
tions among key stakeholders. In practice, this domain is
characterized by the price volatility, the heterogeneous partic-
ipant behavior, and the need to coordinate regulatory objec-
tives with system operation under uncertainty.

Research on electricity market and policy-making applica-
tion domain focuses on two primary application topics.

1) Electricity market modeling, which studies market de-
sign, bidding strategies, and auction mechanisms, aiming to
improve efficiency, price stability, and system reliability [19].

2) Energy policy and regulation, which focuses on mecha-
nisms that influence investment, ensure capacity adequacy,
and support long-term system planning under uncertainty.

E. Related Surveys

Recent surveys have investigated LLM applications in
power systems from different perspectives, as shown in Ta-
ble II.

TABLE 11
COMPARISON OF RECENT SURVEYS ON LLM APPLICATIONS IN POWER SYSTEMS

Reference Scope or coverage Methodology Taxonomy or framework
[20] Smart grid applications across eight clusters (opera- Systematic approach with clustering Eight application clusters for organizing
tion, markets, cybersecurity, etc.) of 30 use cases LLM use in smart grids
LLM-based solutions for optimal power flow (OPF), Task-specific experimental pipelines
[21] EV scheduling, document analysis, and situation (LLM40OPF, LLM4EV, LLM4Doc, Not taxonomy-focused
awareness LLM4SA)
Three operational stages: perception and
[22] Al/large models across power system workflows Broad survey and outlook forecasting, planning and optimization,
operation and control
Generative pre-trained transformer (GPT)-driven digi- A . Four scenarios; forecasting, asset manage-
[23] . . . Application analysis and prospect ment, energy management, and market
tal-energy applications in four scenarios .
operation
LLM applications across four representative applica- Systematic cross-analysis of litera- A dual-dimensional framework combining
This paper tion domains: power grid, power equipment, demand ture, mapping applications at each  four representative application domains with

side, and electricity market and policy-making

domain to technical strategies

four major application strategies

While these surveys offer valuable insights, most adopt a
single-dimensional view that focuses only on application sce-
narios or operational processes. Consequently, they fail to
jointly capture both the hierarchical nature of LLM applica-
tions in power systems and the application strategies em-
ployed to implement LLMs. To bridge this gap, this paper in-
troduces a dual-dimensional framework that classifies LLM
applications in power systems by four representative applica-
tion domains with four major application strategies. This
framework connects the tasks being addressed with how
LLMs are utilized, helping reveal research patterns and gaps.

III. APPLICATION STRATEGIES OF LLMSs

Modern power systems require intelligent capabilities to
interpret heterogeneous information and provide context-con-
sistent outputs. LLMs are built on the transformer architec-
ture, where each block contains a multi-head self-attention
mechanism that models dependencies among tokens. For a
single head, there exists:

T
oK |,,

k

Attention(Q, K, V)= softmax (1)

where Q, K, and V are the query, key, and value matrices ob-
tained from linear projections of the input X, respectively;
d, is the dimension of the key vectors; Attention(-) is the
scaled dot-product attention function; and sofimax(-) is the
normalized exponential function applied along the key di-
mension to compute attention weights. Multi-head self-atten-
tion mechanism computes multiple heads in parallel and con-
catenates them as (2), allowing the model to jointly attend to
information from different representation subspaces.

MultiHead(Q, K, V)= Concat(head,, head,, ..., head, we ()

where MultiHead(-) denotes the multi-head self-attention op-
erator; Concat(-) denotes the concatenation of multiple atten-
tion heads along the feature dimension; head, (i=1,2...,h) is
the output of the i™ attention head computed by the scaled
dot-product attention; and W is the output projection matrix.

These architectural mechanisms enable LLMs to learn rich
semantic representations and flexible reasoning patterns from
heterogeneous inputs. Based on the nature and objectives of
different application strategies, four major application strate-
gies of LLMs in power systems are identified, as shown in
Fig. 1.



776 JOURNAL OF MODERN POWER SYSTEMS AND CLEAN ENERGY, VOL. 14, NO. 3, May 2026

Model adaptation
(1) Fine-tuning
E Knowledge Model
@ :3 i? base @ %E adaptation

Fine-tuning  Fine-tuned

LLM
(2) Model distillation

Distill Transft
st Knowledge rans ef{%,

Teacher Student
model model

Pre-trained
LLM

Multimodality integration

Text Image Audio Video
. ﬂ [>2 21
? “T‘ ! Multimodality
{Multimodality encoder] integration
)
| Multimodality LLM |

Fig. 1. Application strategies of LLMs in power systems.

1) Model adaptation. This strategy enhances the internal
representation and domain alignment of LLMs to capture the
semantics, physical constraints, and operational logic of pow-
er systems. Through fine-tuning and model distillation,
LLMs can learn domain-specific reasoning patterns that sup-
port stable and interpretable decision-making in load fore-
casting, dispatch scheduling, and market operation.

2) Capability enhancement. This strategy strengthens the
reasoning and decision-making ability of a single LLM
through external methods such as prompt engineering, RAG,
and tool use. LLMs can access real-time grid data, simula-
tion platforms, and operational documents during inference,
integrating external information into reasoning to enable fac-
tual, verifiable, and executable decisions in tasks like power
flow analysis, dispatch optimization, and fault diagnosis.

3) Multimodality integration. This strategy enables LLMs
to process and reason across fundamentally different data
modalities such as text, image, audio, and video. By leverag-
ing multimodal encoding and cross-modal semantic align-
ment, models can jointly interpret operational documents, vi-
sual inspection imagery, and audio-visual records, thereby en-
hancing situational awareness, fault diagnosis, and predictive
maintenance in power systems.

4) MA coordination. This strategy promotes system-level
collaboration through language-based interaction. LLM
agents representing dispatchers, generators, consumers, and
regulators can communicate and optimize strategies under co-
operative or competitive settings, supporting distributed opti-
mization and the emergence of collective intelligence in grid
operations.

A. Model Adaptation

Model adaptation aims to modify the parameters or archi-
tecture of a pre-trained LLM to better serve a target applica-
tion. This strategy includes fine-tuning, which updates the
model on domain- or task-specific data, and model distilla-
tion, which compresses the knowledge of a large model into

MA coordination
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a smaller one. These approaches are widely used for domain
adaptation, deployment optimization, and resource-efficient
inference.

1) Fine-tuning

Fine-tuning refers to further training a pre-trained LLM
on domain- or task-specific data to adjust its internal parame-
ters and representations. In power systems, general-purpose
models often fail to capture physical laws, network topology,
dispatch practices, and market rules, which may lead to in-
feasible or unsafe outputs. Fine-tuning incorporates these do-
main characteristics, explicitly or implicitly, so that the mod-
el responses better align with engineering semantics and op-
erational requirements, thereby improving reliability and de-
ployability.

Fine-tuning generally includes three forms:

1) Full fine-tuning, which updates all parameters for maxi-
mum domain alignment but requires substantial data and
computation.

2) Parameter-efficient fine-tuning (PEFT), which updates
only a small subset of parameters and suits targeted tasks
such as fault diagnosis or emission estimation [24].

3) Instruction tuning, which improves zero-/few-shot rea-
soning and helps models interpret domain instructions such
as reserve margin evaluation or N—1 contingency checks.

2) Model Distillation

Model distillation compresses a large “teacher” model in-
to a smaller “student” model, reducing computation and
memory requirements while preserving key capabilities. This
is particularly beneficial for power system applications that
require low-latency inference and have constrained on-prem-
ise computing resources or edge deployment requirements.
By enabling lightweight models to run locally, distillation
supports faster on-site decision-making and helps reduce la-
tency as well as the exposure of sensitive operational data.

Model distillation generally includes three forms:

1) Response-based model distillation, which aligns the stu-
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dent’s predictions with the teacher’s probabilistic outputs
[25], allowing compact models to mimic high-capacity rea-
soning for tasks such as fault classification or event summa-
rization under tight latency constraints.

2) Feature-based model distillation, which transfers inter-
mediate representations including hidden states or attention
patterns [26], helping the student capture relevant physical
or operational patterns (e.g., load trends or voltage —power
correlations) while maintaining efficiency.

3) Relation-based model distillation, which preserves rela-
tive sample relationships in the embedding space [27] and
can support scenario comparison or state clustering for appli-
cations such as anomaly detection in grids or distributed as-
sets.

B. Capability Enhancement

Capability enhancement aims to improve the task perfor-
mance of an LLM without changing the model parameters,
by augmenting the model with better prompting strategies,
external information, or tool integrations. This strategy in-
cludes approaches such as prompt engineering, RAG, and
tool use. Unlike fine-tuning, these approaches act directly on
pretrained LLMs and can be rapidly adapted to new tasks
with minimal additional cost. As a result, they provide a flex-
ible and efficient way to enhance model accuracy, factuality,
and practical utility.

1) Prompt Engineering

Prompt engineering encodes task instructions or examples
directly into the input of an LLM to guide its output without
modifying model parameters. Clear prompts (zero-shot or
few-shot) enable the model to follow formats, apply domain
knowledge, or perform structured reasoning. In power sys-
tems, prompt engineering is useful when task-specific data
are scarce or fine-tuning is impractical, for example, when
querying operational rules, summarizing events, or interpret-
ing market instructions.

Prompt engineering commonly includes five forms:

1) Direct prompting, which provides explicit instructions
or examples to guide model response [28], and is commonly
used for tasks such as event classification or log summariza-
tion.

2) Chain-based prompting, which encourages step-by-step
reasoning through structured prompts [29], and has been ap-
plied to tasks requiring multi-step analysis, such as reserve
evaluation and contingency explanation.

3) Graph-based prompting, which incorporates structured
knowledge such as knowledge graphs into prompts [30], and
is particularly suitable for problems involving network topol-
ogy or equipment relationships.

4) Generation-based prompting, which automatically con-
structs or optimizes prompts (e.g., AutoPrompt [31]), and is
useful when labeled data are limited or when domain-specif-
ic heuristics need to be extracted.

5) Integration-based prompting, which augments LLMs
with external information or tools [32], enabling operations
such as retrieving grid constraints or executing solver func-
tions.

2) RAG

RAG enhances LLMs by incorporating external knowl-
edge retrieval during inference. Instead of relying solely on
static model weights, RAG retrieves relevant documents
from external knowledge sources and integrates them into
the generation process, allowing responses to be grounded in
both the user query and the retrieved context [33]. This im-
proves factuality, interpretability, and adaptability to evolv-
ing knowledge. In power systems, RAG is particularly use-
ful for accessing operational rules, technical standards, histor-
ical incident reports, or market regulations without modify-
ing model parameters.

A typical RAG workflow retrieves relevant information
from a domain knowledge base and feeds it to the LLM to
produce responses. In power system applications, these
knowledge sources may include grid codes, dispatch proce-
dures, fault records, or market operation guidelines.

RAG generally includes three forms [33]:

1) Naive RAG, which directly concatenates retrieved docu-
ments with the input query before generation [34]. This sim-
ple pipeline is suitable for straightforward retrieval-based
tasks such as summarizing event logs.

2) Advanced RAG, which improves coordination between
retrieval and generation [35], thereby enabling more consis-
tent and context-aware reasoning for tasks such as contingen-
cy assessment and interpretation of planning documents.

3) Modular RAG, which decouples retriever and generator
modules for flexible integration and allows domain-specific
retrievers (e.g., those trained on supervisory control and data
acquisition (SCADA) texts or market rules) to be combined
with general-purpose LLMs.

3) Tool Use

Tool use refers to enabling an LLM to interact with exter-
nal power system tools through structured instructions or in-
tegrated system workflows during inference. This supple-
ments the model limitations in numerical computation, opera-
tional constraint reasoning, and real-time information access,
yielding verifiable and executable results without modifying
model parameters. Such capabilities are particularly valuable
in power system tasks that require physical feasibility, high
reliability, and strict compliance with operational rules. Rep-
resentative categories of power system tools are summarized
in Table III.

Tool use can be broadly grouped into three forms:

1) Static invocation, which produces a single executable
action (e.g., solver call or code snippet) and offers interpreta-
ble and verifiable outputs, but provides limited flexibility for
complex workflows [36].

2) Interactive usage, which supports multi-step workflows
where the model decides when and how to invoke tools; this
form, similar to the ReAct paradigm [32], enables tasks such
as iterative OPF refinement or sequential dispatch analysis.

3) Protocol-based integration, which standardizes tool in-
terfaces through unified schemas [37], thus facilitating scal-
able integration of diverse simulators or market engines with-
out model retraining.
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TABLE III
REPRESENTATIVE CATEGORIES OF POWER SYSTEM TOOLS
Category Representative tool Function Typical task
Simulator MatPower, power system simulator Steady-state/dynamic simulation Power flow, dynamic analysis, contingency

for engineering (PSSE)

Optimization Gurobi, Cplex, OPF solver module

Market simulation Market-clearing simulator

Forecasting/estimation model,

Analytics model anomaly detection

Digital twin application program-

Digital twin ming interface (API)

Mathematical programming and
OPF computation

Market behavior and clearing simulation

Data-driven inference/prediction/diagnosis

Real-time data exchange with virtual replica

analysis

OPF, economic dispatch, unit commitment, re-
source scheduling

Market clearing, bidding strategy evaluation
Load and RES forecasting, anomaly detection,
state estimation

Real-time monitoring, what-if analysis

C. Multimodality Integration

Multimodality integration enables LLMs to incorporate
multiple modalities, including text, image, audio, and video,
to enrich their situational understanding. Non-text signals are
first encoded into embedding representations and then pro-
cessed jointly with language, allowing the LLM to serve as
a unified reasoning engine. In power systems, this is useful
for tasks involving visual inspection, equipment diagnostics,
and multimodal situational awareness, where field imagery,
waveform data, and textual reports must be interpreted to-
gether.

Multimodality integration generally includes two forms
[38]:

1) Multimodal understanding models, which accept multi-
modal inputs and produce textual outputs. Systems such as
BLIP-2 [39] incorporate visual features via lightweight adapt-
ers or cross-attention mechanisms, which can assist in ana-
lyzing inspection images, fault screenshots, or satellite data.

2) Multimodal generation models, which further allow
LLMs to output non-text content such as image or audio, by
passing intermediate representations to dedicated generative
modules. This can support preliminary visualization of net-
work conditions or scenario synthesis for training and analysis.

D. MA Coordination

MA coordination organizes multiple LLM-based agents
with different roles or subtasks to collaboratively address
complex problems. By distributing responsibilities, MA coor-
dination supports modular design, task decomposition, itera-
tive checking, and complementary expertise, making it valu-
able for distributed decision-making, market simulation, and
system-level planning in power systems.

MA coordination is classified into three forms:

1) Cooperative MA coordination, which decomposes a
complex task into subtasks (e.g., by region, time horizon, or
function). Each agent is responsible for solving its own sub-
task and exchanges information with others to aggregate or
refine the overall decision [40]. This improves scalability
and stability in system-level workflows such as coordinated
dispatch or market—network co-optimization.

2) Competitive MA coordination, which assigns conflict-
ing objectives to agents, thus prompting adversarial or de-
bate-style interaction [41]. This encourages diverse strategy
exploration and stress-testing, which is useful for market bid-
ding simulation and adversarial evaluation.

3) Coopetitive MA coordination, which combines collabo-
ration and competition [42]. Agents in coopetitive MA coor-
dination share high-level objectives but compete on sub-
tasks, promoting diversity and adaptability in heterogeneous
market-participant scenarios.

IV. LLM APPLICATIONS FOR POWER GRID APPLICATION
DOMAINS

A. Power Forecasting

Power forecasting is a fundamental task for power system
operations. However, this task is challenged by data hetero-
geneity and complex ST dynamics. This topic is primarily di-
vided into two areas: (1) load forecasting, which predicts
grid-side electricity demand across regions and timescales to
support reliable and efficient system operation; and 2 re-
newable power forecasting, which captures weather-driven
ST patterns to improve the accuracy and reliability of RES
integration. LLMs enhance both load forecasting and renew-
able power forecasting by improving temporal reasoning and
adaptability, and integrating heterogeneous data. The ap-
proaches for power forecasting and other topics across do-
mains in Sections IV-VII are summarized in Table IV.

1) Load Forecasting

Model adaptation leverages task-specific fine-tuning to en-
able pre-trained LLMs to learn regional load characteristics,
including short-term fluctuations and long-term demand
trends, thereby improving forecasting accuracy under vary-
ing operational conditions. For example, [44] applies PEFT
to better align LLM representations with historical load pro-
files.

In capability enhancement, prompt engineering and RAG
have been applied to improve the ability of the model to ex-
tract, analyze, and reason with structured and external infor-
mation.

1) For prompt engineering, its applications for power fore-
casting include guiding the reasoning of frozen models [49]
and directly triggering forecasting tasks via instructions and
in-context learning [45].

2) For RAG, the approach proposed in [46] incorporates
external sources such as market news and event texts into
the forecasting process, enabling LLMs to integrate retrieved
semantic knowledge and thereby improve responsiveness to
event-driven load disturbances.
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TABLE IV

APPROACHES FOR POWER FORECASTING AND OTHER TOPICS ACROSS DOMAINS

Domain Topic Approach References
Fine-tuning [43]-[48]
. Prompt engineering [45]-[47], [49]-[51]
Power forecasting
RAG [46]
MA coordination [46]

Power grid Power system operation

Fine-tuning
Prompt engineering
RAG
Tool use
Multimodality integration

MA coordination

[2], [45], [52]-[55]
(21, [8], [45]. [50], [52]-[65]
[45], [52], [59], [61], [63]
[8], [45], [50], [52], [56]-[59], [61], [63], [65], [66]
[67]
(8], [52], [56], [58], [61]

Power system security analysis

Fine-tuning

Prompt engineering

[45], [55], [68]
(9], [45], [55], [62], [64], [69]-[71]

RAG [45], [69]
Tool use [45], [68]
Fine-tuning [72]-[77]
. Model distillation [74]
Battery health evaluation .
Prompt engineering [721, [73], [77]
RAG [77]
. Fine-tuning [13], [78]-[81]
Power equipment T
Model distillation [13]
Prompt engineerin, 13], [45], [69], [78], [79], [81]-[86
Fault detection and diagnosis Pt enet & [13]. [43]. [69). [781. [79). [81}-[86]
RAG [69]
Tool use [45]

Multimodality integration

[45], [81], [85]

Customer-side load forecasting

Fine-tuning
Prompt engineering
RAG
Tool use

MA coordination

[16], [44], [46], [48], [87]-[90]
[16], [46], [87], [90]-[99]
[46], [90]

[16], [91], [93], [94], [96]
[46], [93], [96]

Demand side Demand response

Fine-tuning
Prompt engineering
RAG
Tool use

MA coordination

[52]
[52], [61], [63], [100], [101]
[52], [61], [63]
[52], [61], [63], [100]
[52], [61], [101]

User behavior modeling

Fine-tuning
Prompt engineering
RAG
Tool use

MA coordination

[52], [90], [102]
[18], [52], [61], [63], [90], [93], [96], [101]-[103]
[18], [52], [61], [63], [90], [102]
[18], [52], [61], [63], [93], [94], [96], [102], [103]
[18], [52], [61], [93], [96], [101]

Electricity market modeling

Electricity market and

Fine-tuning
Prompt engineering
Tool use

MA coordination

[21, [19], [104]-[106]
[2], [19], [64], [105]-[110]
[107], [110]

[19], [107], [109]

policy-making

Energy policy and regulation

Fine-tuning
Prompt engineering
RAG

Tool use

[104]
[104], [111]-[113]
[111]-[113]
[113]
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MA coordination leverages LLM agents with iterative re- flection-driven MA coordination architecture, where agents
flection and reasoning to improve the robustness and adapt- iteratively filter and integrate event information and refine
ability of load forecasting. For instance, [46] proposes a re- load forecasting logic through feedback, allowing the system
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to respond effectively to unexpected events and complex dy-
namics.
2) Renewable Power Forecasting

Model adaptation is applied via fine-tuning to capture ST
dynamics. Through three-phase fine-tuning, the pre-trained
LLM is adapted in [43] to capture ST dependencies for accu-
rate wind power forecasting. In [47], a multi-stage fine-tun-
ing strategy with ST prompts is used by an ST enhanced pre-
trained LLM to model localized wind patterns. Capability en-
hancement leverages prompt engineering to guide LLMs in
learning spatial and temporal dependencies. The ST en-
hanced pre-trained LLM embeds geographic layouts and
short-term wind trends in prompts to improve accuracy [47].

Table V provides a comparative analysis of representative
studies on LLM-based power forecasting. Fine-tuning dem-
onstrates strong short-term accuracy by capturing localized

load or renewable dynamics, yet its dependence on labeled
data and absence of embedded physical constraints limit gen-
eralization and interpretability. Prompt engineering and RAG
enhance adaptability to external market or weather varia-
tions, but their gains are inconsistent and strongly tied to da-
ta quality and retrieval relevance. MA coordination improves
coordination and robustness under dynamic grid conditions,
though at the cost of higher computational and implementa-
tion complexity. These comparisons reveal that current ap-
proaches trade off accuracy, adaptability, and physical consis-
tency. Future research should address these gaps by develop-
ing: (D physics-aware fine-tuning to enforce operational fea-
sibility, @ data-adaptive RAG to facilitate real-time context
integration, and (3 lightweight MA coordination frameworks
to achieve balance between scalability with decision reliabili-

ty.

TABLE V

COMPARATIVE ANALYSIS OF REPRESENTATIVE STUDIES ON LLM-BASED POWER FORECASTING

Reference Task Approach Key innovation Advantage Disadvantage
Renewable power . . Multi-stage fine-tuning; ST ~ Strong ST modeling capabili- Higher training cost; no
[43] : Fine-tuning - . . .
forecasting encodings ty; stable adaptation physics
High accuracy; strong zero- Limited physics; large
[44] Load forecasting Fine-tuning PEFT; zero-shot ability g Y g pre-trained language mod-
shot
el (PLM)
. . Compare fine-tuning versus .
. - + - L . . -
[45] Load forecasting Fine tuning -+ prompt en prompt engineering for load  High accuracy; data-efficient Lack of p hyswal con
gineering f . straints
orecasting
Fine-tuning + prompt en- . . . . .
[46] Load forecasting gineering + RAG + MA News mtegratlon_, re_ﬂectlon, Good event adaptatl.on, auto-  News dependent; _work—
L MA coordination mated reasoning flow complexity
coordination
[47] Renewable power  Fine-tuning + prompt en-  Multi-stage fine-tuning; ST Strong ST modeling capabili- Higher training cost;

forecasting

gineering

priors via prompts

ties; prior fusion

region-dependent

B. Power System Operation

Power system operation involves dispatch scheduling, real-
time monitoring, control execution, and decision support, all
of which require fast responses to disturbances and coordi-
nated actions under complex constraints. These tasks are
challenging due to nonlinear operational logic, interdepen-
dent control behaviors, and heterogeneous data. LLMs can
interpret operating rules, infer system conditions, generate
context-aware strategies, and interact with simulation and
monitoring tools, thereby improving operational intelligence
and resilience.

Model adaptation applies task-specific fine-tuning to help
LLMs better interpret operating conditions and generate con-
text-aware dispatch strategies. Few-shot fine-tuning im-
proves operational decision support [45], while instruction
tuning enables text-to-structured query language (SQL) for
natural-language access to operational databases [53], demon-
strating enhanced adaptability to practical operational work-
flows.

In capability enhancement, prompt engineering, RAG, and
tool use are leveraged to improve the ability of LLMs in rep-
resenting, perceiving, and executing tasks.

1) Prompt engineering uses structured instructions to en-
code dispatch objectives, system constraints, and operating

states, enabling more consistent strategy generation [2]. It al-
so supports template-based robustness evaluation and has
been applied to tasks such as state estimation and scheduling
control [63], [64].

2) RAG improves contextual awareness by retrieving do-
main knowledge and user behavior, enabling personalized
charging strategies and document-based information extrac-
tion for operational analysis [45], [52].

3) Tool use extends execution by allowing LLMs to call
power flow solvers and visualization platforms for analysis
and monitoring [45], [50], [59].

Multimodality integration extends perception and reason-
ing of LLMs over image and speech. Reference [67] devel-
ops a speech recognition framework to convert spoken dis-
patch commands into structured inputs. Multimodality inte-
gration enhances situational awareness, diagnostic accuracy,
and human—-machine interaction efficiency in operational tasks.

MA coordination improves LLM adaptability and execu-
tion by supporting role specialization and cooperative deci-
sion-making. User-station agents enable personalized charg-
ing recommendations and multi-round negotiation [52]; digital
twin agents enhance behavior modeling and response consis-
tency via expert voting [61]. GPT—deep reinforcement learn-
ing (DRL) collaboration strengthens dispatch intent under-
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standing for OPF control [8], while EV-centered MA coordi-
nation frameworks integrate multi-source data and human-in-
the-loop mechanisms to optimize interaction [56]. These ad-
vances illustrate MA coordination as an effective paradigm
for semantic reasoning, dynamic response, and coordinated
dispatch in operational settings.

In power system operation, different approaches exhibit
distinct strengths and limitations. Fine-tuning allows LLMs
to better capture operating conditions and dispatch require-
ments, improving decision reliability, but it depends on la-
beled data and lacks explicit physical or regulatory con-
straints. Prompt engineering, RAG, and tool use enhance ac-
cess to operational knowledge and enable interaction with ex-
ternal tools, yet their performance is sensitive to input quali-
ty and introduces workflow complexity. MA coordination
supports multi-entity coordination and dynamic response, but
raises challenges in scalability and consistency. These differ-
ences explain why fine-tuning is often applied when histori-
cal data are sufficient, prompt engineering and RAG are pre-
ferred when external knowledge is important, and MA coor-
dination is useful in highly interactive operational environ-
ments. Looking forward, promising directions include light-
weight and secure fine-tuning, integrating domain knowl-
edge to enhance interpretability, advancing multimodality for
situational awareness, and improving MA coordination scal-
ability and reliability to support real-world deployment.

C. Power System Security Analysis

Power system security analysis is critical for maintaining
grid stability and reliability under faults, disturbances, and
extreme operating conditions [114]. Core tasks, including
state estimation, fault detection and isolation, stability assess-
ment, and dynamic simulation, require the processing and in-
terpretation of complex, high-dimensional, and time-sensitive
data, often in the presence of significant uncertainty. These
challenges necessitate real-time situational awareness and
adaptive, dependable decision-making. LLMs represent a
promising approach to addressing these needs by enhancing
threat detection, event reconstruction, and emergency re-
sponse planning, leveraging their capabilities in understand-
ing unstructured information, extracting knowledge from tech-
nical documentation, and facilitating human-machine collabo-
ration.

Model adaptation leverages task-specific fine-tuning to en-
able LLMs to identify abnormal states, understand stability
boundaries, and generate emergency control strategies, en-
hancing the reliability of fault detection and stability assess-
ment. Reference [45] shows that few-shot fine-tuning signifi-
cantly improves the robustness in anomaly detection and dis-
patch recommendation. Reference [55] fine-tunes bidirection-
al encoder representations from transformers (BERT) using
DER fault data that are converted into natural language
prompts, enabling effective tripping classification and emer-
gency response generation. These studies demonstrate that
task-specific fine-tuning improves decision accuracy and reli-
ability, supporting resilient and controllable grid operations.

In capability enhancement, prompt engineering, RAG, and
tool use are employed to enhance the capabilities of LLMs
in fault symptom interpretation, external knowledge ground-

ing, and automated operational execution, respectively, there-
by enabling more reliable security analysis and response.

1) Prompt engineering guides LLMs to recognize fault
symptoms and design effective mitigation strategies [62].

2) RAG allows LLMs to retrieve and reason over external
documents and operational manuals, providing better knowl-
edge grounding and more informed responses [45], [69].

3) Tool use integrates LLMs with detection and analysis
systems, enabling automated identification [45].

Together, these approaches enhance the situational aware-
ness and resilience of security analysis, supporting more reli-
able and intelligent grid operations.

In summary, fine-tuning enhances fault detection and
emergency control by learning system dynamics, but re-
quires labeled data and lacks physical grounding. Prompt en-
gineering and RAG better exploit expert knowledge and
fault context, yet their performance is sensitive to prompt de-
sign and retrieval stability. Tool use can simplify diagnosis
by integrating LLMs with analysis modules, although end-to-
end reliability remains limited. Existing studies are largely
descriptive, emphasizing what was done rather than why it
works, and provide limited analysis of applicability and fail-
ure cases across different grid structures, disturbance types,
and data conditions. Future work should further improve ro-
bustness, interpretability, and operational consistency, and ex-
plore scalable MA coordination and real-time multimodal
processing to ensure secure and adaptive grid operation.

V. LLM APPLICATIONS FOR POWER EQUIPMENT
APPLICATION DOMAINS

A. Battery Health Evaluation

Battery health evaluation is essential for extending the
lifespan of energy storage systems by estimating SOH and
SOC. Its challenges arise from nonlinear degradation behav-
iors, chemistry heterogeneity, and limited operational data.
LLMs offer new opportunities by capturing complex tempo-
ral patterns, improving cross-battery generalization, and en-
hancing robustness under data scarcity.

Model adaptation leverages fine-tuning and model distilla-
tion to build scalable and efficient battery health evaluation
systems, supporting cross-domain transfer, few-shot learning,
and cost-effective deployment.

1) Fine-tuning enables lightweight alignment to different
chemistries and degradation behaviors. Some studies freeze
the backbone and tune only input or adapter modules to sup-
port cross-domain transfer [74], [76], while others treat bat-
tery time-series as language sequences to improve few-shot
generalization [73].

2) Model distillation compresses knowledge from large
models into compact variants, balancing accuracy and cost.
For instance, [74] proposes a lifelong distillation framework
that transfers general knowledge to adapter modules, en-
abling fast convergence and efficient transfer across battery
types.

Capability enhancement leverages prompt engineering and
RAG to map battery features to health indicators. Reference
[73] designs structured prompts to link raw battery curves
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with SOH for adaptive evaluation, while [72] constructs uni-
fied input templates to improve SOC prediction robustness
across diverse battery types. Beyond prompt design, RAG
has been adopted to ground LLM reasoning by retrieving
electrochemical principles and degradation-related evidence
from curated knowledge bases, thereby improving explana-
tion reliability and reducing hallucination in battery health
assessment [77].

In general, fine-tuning provides high-accuracy SOH/SOC
estimation and adapts to different chemistries, but relies on
labeled data and lacks physics-aware degradation modeling,
limiting interpretability and transferability. Model distillation
reduces model size and inference computational cost, and
supports continual learning under distribution shift, yet is
constrained by teacher-model bias and data quality. Prompt
engineering improves robustness under heterogeneous operat-
ing conditions, but is sensitive to prompt construction and
cross-modal alignment. Accordingly, fine-tuning is more suit-
able for stable, well-instrumented settings, whereas prompt
engineering better handles diverse field environments. Future
work may focus on physics-guided degradation modeling,
multimodal fusion, and lightweight transferable adaptation
for practical deployment.

B. Fault Detection and Diagnosis

Fault detection and diagnosis are vital to maintain the reli-
ability of the power system by identifying abnormal condi-
tions and hidden risks. The task involves anomaly recogni-
tion, semantic interpretation, and knowledge-guided reason-
ing. Traditional rule-based approaches struggle with heteroge-
neous assets, nonlinear degradation, and incomplete opera-
tional data. Recent studies show that LLMs can integrate di-
verse information, enhance contextual understanding, and
generalize across systems, enabling more robust diagnosis.

Model adaptation primarily relies on fine-tuning and mod-
el distillation for domain transfer and efficient deployment.

1) Fine-tuning adapts selected layers or incorporates struc-

tured knowledge to capture equipment behaviors and fault se-
mantics [78]-[80], and has been extended to renewable as-
sets such as solar photovoltaic (PV) to enhance spatial rea-
soning and detection accuracy [81].

2) Model distillation further produces lightweight models
with faster inference and reduced resource demand [13].

These approaches offer strong adaptability and stable per-
formance in engineering-grade diagnostic tasks.

Capability enhancement leverages prompt engineering,
RAG, and tool use.

1) Prompt engineering improves controllability through
structured cues and task decomposition [81]-[84].

2) RAG enriches contextual awareness for cyber-attack in-
terpretation in EV charging systems [69].

3) Tool use enables interaction with real-time data and an-
alytical modules for assisted diagnosis [45].

Multimodality integration combines visual and textual in-
puts to improve fault diagnosis. GPT-4V demonstrates defect
diagnosis through image-prompt interaction [45], and simi-
lar designs integrate satellite or infrared imagery with textual
reasoning for PV condition assessment [81], [85]. These
studies highlight the potential of multimodal fusion for en-
hanced situational awareness and intelligent diagnostics.

As shown in Table VI, fine-tuning and model distillation
improve diagnostic accuracy in structured scenarios but gen-
eralize poorly across asset types and offer limited physical
interpretability. Prompt engineering and RAG enhance con-
textual reasoning for cyber and operational anomalies, yet
their performance is sensitive to prompt quality and retrieval
coverage. Tool-assisted pipelines automate model selection
and feature construction, while multimodality integration pro-
vides asset-level perception but still lacks end-to-end fault
reasoning. Overall, these approaches help shift fault detec-
tion and diagnosis from rule-based identification toward con-
text-aware, data-driven decision-making. Future work should
emphasize physics-guided learning, unified multimodal fu-
sion, and large-scale real-world validation.

TABLE VI
COMPARATIVE ANALYSIS OF REPRESENTATIVE STUDIES ON LLM-BASED FAULT DETECTION AND DIAGNOSIS

Reference Task Approach Key innovation Advantage Disadvantage
[13] Inverter attack Flpe-.tumng; model distilla- Volt/var text reformulation Lightweight; fast infer- ¢ o, scenarios; cyber-only
tion; prompt engineering ence

Insulator defect Prompt engineering; tool Comblnlr}g multlmodahty integra- Data-efficient; highly Rellax}t on prompt engineering

[45] . . use; multimodality integra- tion with in-context learning (ICL) . quality; performance can be
diagnosis . . . flexible .
tion for few-shot defect diagnosis variable

EV charging cy- . . .

[69] berattack detec- Prompt engineering; RAG Context-aware agent Adaptable to unseen Demo-only; no physical diag-

tion

Fine-tuning; prompt engi-

neering; multimodality in-
tegration

[71] PV detection

Spatial schema; few-shot

attacks nosis

Label-efficient; scal-
able

Image-dependent; no pixel
mapping

VI. LLM APPLICATIONS FOR DEMAND SIDE APPLICATION
DOMAINS

A. Customer-side Load Forecasting

Customer-side load forecasting plays a crucial role in en-

abling demand side energy management and optimizing pow-
er system operation by providing accurate predictions of con-
sumption patterns at the building, user, and community lev-
els. However, this task remains challenging due to data spar-
sity, behavioral heterogeneity among users, and the limited
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generalization of conventional models to unseen scenarios.
These challenges degrade forecasting accuracy and hinder
the scalability of traditional approaches. LLMs provide stron-
ger contextual reasoning and adaptability, enabling more ro-
bust modeling of user consumption patterns.

Model adaptation primarily relies on fine-tuning to align
pre-trained LLMs with historical consumption patterns and
temporal dynamics. Reference [48] demonstrates that mini-
mal downstream tuning within a unified pre-trained frame-
work enables generalization across multi-source time-series
tasks. Reference [44] further adapts a general LLM for cus-
tomer-specific load behavior, improving forecasting accura-
cy. References [88] and [89] apply domain-specific fine-tun-
ing in multi-energy and multi-scale contexts to enhance sta-
bility under heterogeneous inputs. Reference [87] proposes a
two-stage fine-tuning pipeline that achieves strong few-shot
performance under data scarcity.

In capability enhancement, prompt engineering, RAG, and
tool use enhance contextual relevance and support adaptive
decision-making.

1) Prompting helps LLMs capture consumption patterns
and user scenarios, improving forecasting flexibility and en-
abling efficiency-oriented recommendations [16], [95], [97],
[98].

2) RAG introduces exogenous information such as weath-
er, events, and traffic to improve sensitivity to demand fluc-
tuations and cross-region generalization [46], [90].

3) Tool use couples LLMs with simulation and optimiza-
tion modules to support feedback-driven control and person-
alized scheduling [16], [94].

MA coordination enhances the intelligence and adaptabili-
ty of LLM-based customer-side load forecasting through co-
ordinated and interactive decision-making. Reference [93]
proposes a modular framework with agents for user model-
ing, behavior planning, and decision response, improving
generalization across diverse profiles. Reference [96] designs
a user-centric system that generates personalized load re-
sponse strategies for more responsive and tailored forecast-
ing [96].

Overall, fine-tuning improves alignment with user-level
temporal patterns and yields stable accuracy in customer-
side load forecasting, but generalization degrades under be-
havioral shifts and limited labels. Prompt engineering, RAG,
and tool use enhance contextual awareness by incorporating
events, weather, and simulators; however, their benefits vary
with retrieval quality and increase workflow complexity. MA
coordination supports personalized response modeling and
adaptive decision-making, yet introduces non-trivial design
and communication overhead. Overall, these approaches per-
form well when contextual cues and historical patterns are
reliable but struggle in heterogeneous scenarios. Future work
should prioritize privacy-preserving domain adaptation, ro-
bust context fusion, and standardized evaluation across di-
verse user profiles to enable scalable and trustworthy deploy-
ment.

B. Demand Response

Demand response adjusts customer-side electricity con-

sumption according to price signals or grid conditions, en-
abling flexible load control and personalized energy manage-
ment, especially in EV charging and home energy scenarios.
Key challenges include heterogeneous user preferences, dy-
namic load patterns, and the coupling between individual de-
cisions and system-level scheduling. LLMs help address
these issues by learning demand patterns, generating adap-
tive strategies, and integrating with decision-making through
model adaptation, capability enhancement, and MA coordina-
tion.

In model adaptation, fine-tuning enables LLMs to gener-
ate dynamic prices by integrating load forecasts, user prefer-
ences, and historical pricing, aligning station decisions with
customer needs and grid dispatch. For example, [52] uses
generative adversarial network (GAN)-generated user and sta-
tion profiles to fine-tune LLMs for context-aware, respon-
sive pricing strategies.

For capability enhancement, LLM-based demand response
leverages prompt engineering, RAG, and tool use to capture
user objectives, incorporate contextual knowledge, and inter-
act with external systems.

1) Prompt engineering structures inputs to express prefer-
ences and constraints, enabling strategy generation aligned
with grid needs. For instance, [61] adopts a two-layer
scheme for user- and aggregator-level strategies, while [101]
integrates digital twins via dynamic prompts.

2) RAG improves robustness by retrieving historical and
contextual information such as charging histories and envi-
ronmental or behavioral context [52], [63].

3) Tool use links LLMs with control platforms for real-
time monitoring and device-level action. For instance, [100]
applies ReAct and function calling in home energy systems
to recommend actions.

Together, these approaches enhance the adaptability and
practicality of LLM-based demand response.

MA coordination improves LLM-based demand response
by enabling role-specific, interactive decision-making. Refer-
ence [52] designs a dual-agent framework in which user and
charging-station agents negotiate to align preferences with
grid dispatch. Reference [101] proposes a two-layer frame-
work where user- and aggregator-level agents model distinct
strategies and jointly optimize pricing. These designs en-
hance flexibility and scalability.

In general, fine-tuning supports personalized charging
strategies by aligning with user behavior but is vulnerable to
behavioral shifts and sparse preference data. Prompt engi-
neering and RAG integrate pricing, weather, and mobility in-
formation to enhance contextual reasoning, though their ef-
fectiveness depends on retrieval quality and increases imple-
mentation complexity. Tool use helps turn model outputs in-
to executable scheduling, while MA coordination improves
user—grid coordination but introduces coordination overhead
and is mostly validated in simulation. Overall, these ap-
proaches perform well when structured user behavior and re-
liable external knowledge are available but degrade under
distribution shifts, noisy retrieval, and weak physical ground-
ing. Future work should incorporate physics-aware con-
straints, better model heterogeneous users, and establish real-
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world evaluation standards.

C. User Behavior Modeling

User behavior modeling aims to characterize individual
and collective preferences, consumption patterns, and re-
sponse dynamics in energy systems, enabling applications
such as EV charging guidance, demand response, and person-
alized load profiling. Key challenges arise from fragmented
and sparse behavior data, diverse user objectives, and the
non-linear, context-dependent nature of decision-making.
LLMs have been increasingly employed to improve semantic
interpretation, behavior prediction, and adaptive strategy gen-
eration.

In model adaptation, fine-tuning is employed to capture
EV-specific behavioral patterns. Reference [102] fine-tunes
LLMs on EV-specific datasets to enhance personalized path
planning and charging recommendations, while [90] devel-
ops the ChatEV model by reformulating charging demand
prediction as a text-to-text task and fine-tuning the LLM us-
ing user behavior and contextual data.

In capability enhancement, prompt engineering, RAG, and
tool use improve the ability of LLMs to understand, model,
and respond to user behavior in energy systems.

1) Through prompt engineering, [103] designs structured
prompts to guide LLMs in generating building energy model-
ing code tailored to diverse user contexts, enabling better in-
terpretation of heterogeneous user needs, while [96] devel-
ops a prompt-driven MA framework that accurately maps us-
er intents to scheduling actions, enhancing the alignment be-
tween user preferences and system decisions [96].

2) Through RAG, [102] integrates retrieval modules to in-
corporate users’ historical behaviors and real-time contextu-
al data, improving the personalization and relevance of EV
charging recommendations.

3) Through tool use, [94] proposes an LLM-assisted sys-
tem that translates natural language user descriptions into ex-
ecutable optimization models, lowering the barrier for users
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to express preferences and obtain feasible, optimized solu-
tions.

These approaches show how capability enhancement im-
proves user behavior modeling by making LLMs more con-
text-aware and actionable.

In MA coordination, distributed agents enhance user be-
havior modeling by modeling heterogeneous preferences and
enabling collaborative, context-aware decision-making. Refer-
ence [61] builds a digital twin system where LLM agents
simulate user profiles and optimize dynamic incentives [61].
Reference [96] develops a tri-agent architecture that analyzes
user intents, extracts behavioral parameters, and generates
personalized scheduling decisions. Reference [86] designs a
two-layer framework in which prompt-driven agents simu-
late user charging behavior and aggregator strategies to
achieve coordinated demand response [101].

As shown in Table VII, fine-tuning improves personalized
behavior modeling but relies on task-specific data and strug-
gles to generalize to unseen users. Prompt engineering en-
hances semantic understanding, while RAG improves robust-
ness through contextual retrieval; both depend on external
data quality. Tool-use-assisted workflows convert language
inputs into executable optimization to support scheduling but
require accurate preference information. MA coordination im-
proves coordination between users and aggregators, yet intro-
duces complexity and scalability challenges. As most exist-
ing approaches rely on stable historical patterns, external
contextual information, or explicit coordination rules, they
achieve strong performance in structured user behavior mod-
eling scenarios. However, when user behaviors are sparse or
highly dynamic, these assumptions are frequently violated,
leading to degraded reliability. Future work should enhance
interpretability and cross-region generalization, scale MA co-
ordination for broader coordination, and integrate multimod-
al and physics-aware signals to support more robust real-
world deployment.

TABLE VII
COMPARATIVE ANALYSIS OF REPRESENTATIVE STUDIES ON LLM-BASED USER BEHAVIOR MODELING

Reference Task Approach Key innovation Advantage Disadvantage
Charging Prompt engineering; RAG; tool Three-agent workflow; S Data-dependent;
(18] optimization use; MA coordination Gurobi integration Flexible; interpretable limited validation
[52] Charging Fine-tuning; prompt engineering; GAN-guided fine-tuning; Personalized; Limited
negotiation RAG; tool use; MA coordination dual-agent negotiation context-aware real-world validation
Prompt engineering; RAG; tool User digital twin; MA Captures diverse traits; . .
(61] DR strategy use; MA coordination coordination workflow scalable Simulation-only
EV demand Fine-tuning; prompt engineering;  Reptile-based fine-tuning; regional Region-adaptive; No real-world
[90] - . : P s
prediction RAG retrieval simple pipeline validation

VII. LLM APPLICATIONS FOR ELECTRICITY MARKET AND
POLICY-MAKING APPLICATION DOMAINS

A. Electricity Market Modeling

The electricity market is a special type of market that bal-
ances the real-time power supply and demand, sets clearing
prices, and coordinates resource allocation in power systems.

It enables efficient and reliable grid operation through com-
petitive bidding and clearing processes. However, electricity
market modeling remains challenging due to price volatility,
complex rule and settlement mechanisms, strategic interac-
tions among participants, and the need to integrate heteroge-
neous data such as operational records, weather forecasts,
and regulatory policies. LLMs offer promising solutions by
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interpreting domain-specific language, extracting insights
from unstructured data, and supporting predictive analytics
and intelligent decision-making.

Model adaptation via fine-tuning aligns LLMs with mar-
ket dynamics to enhance prediction and decision support.
Reference [19] applies low-rank adaptation (LoRA)-based
fine-tuning for enterprise bidding under five-minute settle-
ments. Reference [90] uses quantized low-rank adaptation
(QLoRA) to extract event signals from market notices and
improve price forecasting under volatile conditions. Refer-
ence [106] fine-tunes GPT on expert reports and news for
mid-/long-term trend prediction. These studies demonstrate
that fine-tuning helps LLMs internalize market knowledge
and improve forecasting performance.

Capability enhancement, including prompt engineering
and tool use, strengthens the ability of LLMs to process het-
erogeneous market information and support context-aware
forecasting and decision-making.

1) Prompt engineering structures inputs to emphasize bid-
ding patterns, sentiment signals, and risk factors, enabling
more accurate forecasts and actionable insights [19], [106],
[108], [109].

2) Tool use allows LLMs to automatically interface with
market simulators or analytical modules, reducing manual
workload and improving modeling consistency [110].

MA coordination captures heterogeneous participant behav-
iors. Reference [109] combines an LLM with reinforcement
learning to support battery energy storage system (BESS)
bidding in frequency control ancillary service (FCAS) mar-
kets, while [19] integrates bidding and sentiment agents to
improve price forecasting.

As shown in Table VIII, fine-tuning enables LLMs to in-
ternalize market dynamics and improve price and bidding
forecasts, but depends on labeled data and lacks explicit mar-
ket or physical constraints. Prompt engineering reduces data
requirements by leveraging policy and news signals, yet re-
mains sensitive to input quality. Tool use further automates
model construction and simulation, lowering manual work-
load but may suffer from text-quality dependence and limit-
ed generalization. MA coordination captures strategic interac-
tions among market participants and enhances decision ro-
bustness, but increases implementation complexity. These dif-
ferences explain why fine-tuning is suited to data-rich and
stable environments, prompt engineering and tool use are
more responsive to event- or document-driven contexts, and
MA coordination is preferred for highly interactive bidding
scenarios. Future research should integrate market con-
straints, couple LLMs with optimization solvers for more
transparent reasoning, and develop lighter MA coordination
frameworks for scalable deployment.

TABLE VIII
COMPARATIVE ANALYSIS OF REPRESENTATIVE STUDIES ON LLM-BASED ELECTRICITY MARKET MODELING

Reference Task Approach Key innovation Advantage Disadvantage
. . . . . LoRA-based bidding agent; sentiment Integration of bid- Requirement of participant
Price and spike Fine-tuning; prompt engi- o . . . : .
[19] forecast neering: MA coordination agent; conditional time-series generative ding and senti- data; news-dependent;
& adversarial network (CTSGAN) fusion ment; interpretable higher cost
.. . . . . . . . Capture of socio- .
[106] Electricity price Fine-tuning; prompt engi- News-based sentiment metrics fused with cconomic signals; Trend only; news-depen-

trend forecasting neering

Prompt engineering; tool

[110] Market modeling

time-series signals

LLM parses market documents to auto-
use mate model construction and simulation

interpretable dent

Low manual effort;
interpretable

Text-quality dependent;
limited generalization

B. Energy Policy and Regulation

Energy policy and regulation focus on understanding poli-
cy documents, interpreting legal provisions, and modeling
carbon neutrality contexts. These tasks face several challeng-
es, including regional heterogeneity, limited data availability,
and high timeliness requirements. LLMs address these by
adapting to domain-specific language, extracting structural
and regional features from policies, integrating external
knowledge, and enabling interactive policy retrieval and
comparison.

In model adaptation, fine-tuning has been employed to im-
prove the domain-specific language understanding and text
generation of LLMs. For instance, [104] introduces HouYi,
an open-source model for the renewable energy and carbon
neutrality domain. It is developed by fine-tuning a general-
purpose LLM on the Renewable Energy Academic Paper
(REAP) dataset of academic literature, achieving improved
performance in domain-specific text generation and question-
and-answering tasks.

For capability enhancement, prompt engineering, RAG,

and tool use have improved policy comprehension and rea-
soning.

1) Prompt engineering helps extract structural constraints
and regional distinctions in policy text. For instance, [111]
structures prompts to extract wind-siting constraints, while
[112] uses localized prompts to enhance alignment with re-
gional policy contexts.

2) RAG incorporates external knowledge for context-
aware analysis through local knowledge retrieval [112].

3) Tool use supports interactive analysis, exemplified by
the question and answer interface of energy language model
(ELM) system for ordinance retrieval and comparison [113].

LLMs assist energy policy and regulation through policy
interpretation, constraint extraction, and compliance-aware
decision support. Fine-tuning improves domain alignment
but is less adaptive to fast-changing or region-specific rules.
Prompt engineering extracts structural constraints yet re-
mains sensitive to prompt design and lacks legal rigor. RAG
enhances reasoning by retrieving standards and manuals but
relies on external data quality. Tool use supports feasibility
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checking via simulators, though at the cost of added work-
flow complexity. Overall, fine-tuning suits stable regulatory
contexts, while RAG and tool use offer greater flexibility for
dynamic compliance. Future work should strengthen regula-
tory interpretability and rule-based reasoning, enhance cross-
regional generalization, and develop benchmarks linking poli-
cy understanding to operational compliance.

VIII. DISCUSSIONS AND PROSPECTS

Although LLMs hold great promise for enhancing power
system intelligence, their deployment faces challenges such
as physical feasibility risks, data sensitivity, limited interpret-
ability, and lack of standardized benchmarking. To overcome
these issues, we propose an integrated framework addressing
three aspects: (1) ensuring physical feasibility, (2) enhancing
data efficiency and privacy, and @) improving interpretabili-
ty and rationality. Beyond these model- and framework-level
issues, the evaluation systems for evaluating LLM perfor-
mance in power system applications remain limited. Most ex-
isting studies focus on general natural language processing
(NLP) tasks and lack standardized benchmarks that reflect
the reasoning logic, constraint awareness, and decision con-
sistency required in engineering domains [64], [115]. Devel-
oping process-oriented and domain-grounded evaluation
frameworks therefore remains an important direction for fu-
ture research.

A. Physical Feasibility and Security

Power system operations are governed by strict physical
constraints such as power balance, frequency stability, and
equipment limits. However, LLMs lack an inherent under-
standing of these rules and may generate infeasible or unsafe
actions, particularly in high-risk scenarios. This raises seri-
ous concerns about the reliability and security of LLM-based
decision-making in real-world power system applications [2].

Both model adaptation and capability enhancement can be
applied to improve the physical feasibility and operational se-
curity of LLM in power systems.

1) Model adaptation aligns LLMs with power system do-
main knowledge to improve their understanding of physical
rules and constraints. Fine-tuning adapts pre-trained LLMs
using expert-annotated power system data to embed domain-
specific knowledge and reduce infeasible outputs, while
knowledge distillation transfers this knowledge into a small-
er and more efficient model.

2) Capability enhancement augments LLMs at inference
by incorporating external knowledge and validation without
modifying model parameters. RAG dynamically brings in op-
erational manuals and safety standards to ground responses,
and tool use enables interaction with external simulators to
verify feasibility.

Together, these strategies help LLMs meet the strict physi-
cal and operational requirements of power systems, enhanc-
ing the reliability and security of their decisions.

B. Data Scarcity and Privacy

The deployment of LLMs in power systems is fundamen-
tally constrained by the scarcity and privacy of operational

data. As a critical infrastructure, the power system operates
under strict security, regulatory, and privacy requirements,
which limit the accessibility, openness, and sharing of opera-
tional data [3]. This data scarcity constrains the ability of
LLMs to learn accurate and generalizable representations, af-
fecting their performance in practical tasks. In addition, the
privacy and sensitivity of operational data raise concerns
about potential leakage, unauthorized access, and misuse
when interacting with LLMs, posing risks to system integri-
ty and regulatory compliance [64].

To tackle data scarcity and privacy concerns in power sys-
tems, LLMs can leverage model adaptation, capability en-
hancement, and MA coordination.

1) Model adaptation such as localized fine-tuning and
knowledge distillation enables LLMs to embed domain
knowledge using limited and privacy-sensitive data. By trans-
ferring knowledge from large models to lightweight ones,
this strategy reduces reliance on large centralized datasets
and lowers the exposure of sensitive operational information.

2) Capability enhancement via RAG and tool use enables
secure access to external knowledge and validation, ensuring
informed and compliant outputs without exposing confiden-
tial data.

3) MA coordination allows agents to generate diverse syn-
thetic data by modeling stakeholder interactions, alleviating
the need for real-world sensitive information.

These strategies support privacy-preserving and data-effi-
cient LLM deployment in power system applications.

C. Agent Interpretability and Rationality

When applied to decision-making and simulation in power
systems, LLM-based agents face a critical challenge of limit-
ed interpretability and insufficient rationality in their reason-
ing processes. Unlike traditional rule-based or optimization
models, LLMs rely on implicit statistical inference and com-
plex deep neural network mappings [116]. While this en-
ables them to handle highly nonlinear and uncertain tasks, it
also makes their reasoning processes obscure and difficult to
verify, exhibiting typical “black-box” behavior. In high-risk
scenarios such as fault diagnosis, dynamic security assess-
ment, and market simulation, agents that cannot clearly artic-
ulate the logic and justification behind their decisions com-
promise operator trust and hinder validation. Furthermore,
due to the lack of inherent logical constraints, LLMs may
produce inconsistent, unstable, or misaligned decisions, pos-
ing risks to system stability and operational reliability.

These challenges can be addressed by combining model
adaptation, capability enhancement, and MA coordination.

1) Model adaptation through domain-specific fine-tuning
allows the model to internalize operational reasoning pat-
terns and decision logic, producing more consistent and
structured outputs.

2) Capability enhancement with RAG enables agents to
dynamically reference authoritative standards, operational
guidelines, and historical cases during inference, making the
information that supports their decisions explicit and verifi-
able.

3) MA coordination further promotes rational and transpar-
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ent collective behavior by facilitating dialogue, feedback,
and negotiation among agents, ensuring logical alignment
and coherence in distributed environments.

These strategies help LLM agents deliver consistent, inter-
pretable decisions aligned with power system security and re-
liability requirements.

IX. CONCLUSION

This paper presents a comprehensive review of LLM ap-
plications in power systems across four representative appli-
cation domains: power grid, power equipment, demand side,
and electricity market and policy-making. It summarizes rep-
resentative tasks, key approaches, and four major application
strategies: model adaptation, capability enhancement, multi-
modality integration, and MA coordination. Overall, LLMs
provide new means for information understanding, knowl-
edge reasoning, and tool-assisted execution, offering new
possibilities for enhancing power system intelligence.

At the same time, this paper highlights that the general
characteristics of LLMs differ from the engineering require-
ments of power systems. LLMs are probabilistic and open-
ended, whereas power systems follow clear physical laws
and demand high levels of safety, stability, and verifiability.
Applying LLMs in this context calls for a refined under-
standing of several key ideas. Alignment should reflect com-
pliance with physical laws, operational practices, and market
rules. Reliability should emphasize verifiable and safe out-
puts that remain stable under changing conditions. Interpret-
ability should enable traceability and auditing to support en-
gineering operations and regulatory needs. Future research
may focus on ensuring physical feasibility, enhancing data
efficiency and privacy protection, and improving interpret-
ability and rationality to support the reliable deployment of
LLMs in critical power system applications.
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