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Abstract—This paper presents an LLM-driven agentic work-
flow that streamlines transient stability assessment (TSA) by
reducing manual effort in scenario specification, simulation
execution, and data-driven model design. The workflow couples
(i) an LLM-based simulation controller that translates natural-
language disturbance descriptions into executable ANDES cases
using prompt templates, retrieval-augmented generation (RAG),
and error-feedback retries, and (ii) an LLM-guided neural ar-
chitecture design module that iteratively proposes and evaluates
candidate models under accuracy and real-time constraints. On
the IEEE 39-bus system, the LLM-designed classifier achieves
93.71% test accuracy for four-class TSA with 4.78M parameters
and <0.95 ms inference latency per sample, outperforming
representative manually designed baselines. We further report
scenario validity/coverage statistics and ablation results showing
the benefits of retrieval, structured prompting, and feedback. The
proposed workflow is positioned as a practical way to standardize
and accelerate routine TSA studies after an initial expert setup
of templates, knowledge sources, and search constraints.

Index Terms—Large Language Models, Agentic Workflow,
Power Systems, Transient Stability Assessment, Neural Archi-
tecture Search, Automated Scientific Discovery

I. INTRODUCTION

Modern power grids are undergoing a fundamental trans-
formation driven by global energy transition, characterized by
increasing integration of high-penetration renewable energy
sources (RES) and power-electronic-interfaced devices [1].
This shift introduces unprecedented complexities in network
topology, dynamic characteristics, and stability mechanisms.
Consequently, this transformation, while critical for a sustain-
able energy future, poses severe challenges to conventional
transient stability assessment (TSA) methodologies, which
were designed for traditional, centralized generation systems.
The urgency of this issue is underscored by the frequent
occurrence of related power system security incidents. Notable
examples include the 2016 South Australia blackout, attributed
to high wind power integration [2], and the 2025 Iberian
Peninsula blackout [3], where an initial small-scale generation
tripping event—against a backdrop of high renewable energy
penetration—rapidly escalated into a large-scale cascading
failure.

The transient stability of a power system refers to its ability
to maintain synchronous operation after being subjected to
significant disturbances [4]. Traditional power system stability
assessment generally relies on mathematical and physical
methods, such as time-domain simulation, energy function
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method [5], and analytical calculation. Although these meth-
ods can provide interpretable results, in modern power sys-
tems, they have very prominent limitations. The computational
complexity of them will grow rapidly as the system scale
increases and renewable energy is added. Scene generation
requires a lot of expert knowledge and human intervention.

Meanwhile, with the rapid development of artificial intel-
ligence theory and computing hardware, the technical route
of conducting stability analysis based on artificial intelligence
technology has gradually become obvious [6]. The model
architecture has become increasingly complex, developing
from shallow machine learning to complex deep neural net-
works [7]. Large language models are a very crucial branch
in artificial intelligence. Its realization relies on algorithmic
innovation in natural language processing, advancements in
computing power, and the diffusion of big data [8]. These
technological breakthroughs have significantly enhanced the
ability of artificial intelligence systems to absorb knowledge,
decompose complex tasks, and handle multimodal data [9].
By integrating LLM and professional knowledge in the field
of power systems within a modular framework, these models
can independently and accurately complete a wide variety of
simulation tasks [10]. Technologies such as retrieval improve-
ment generation, prompt engineering, and thought chains can
integrate power system knowledge into LLM programs [11].

Although the application of large language models in the
field of power systems has developed quite rapidly, up to
now, their application in the stability assessment of power
systems is still rather scattered and the application scope is
also relatively limited. The existing methods generally only
handle individual parts of the assessment workflow, such as
data preprocessing, feature extraction or result interpretation,
etc. Although neural architecture search has brought significant
changes to the design of automated models in fields such
as computer vision and natural language processing [12], its
application in the stability assessment of power systems is still
relatively limited. Currently, the deep learning methods used
for transient stability assessment rely on artificially constructed
architectures. This limits their adaptability to various power
system configurations and operating conditions.

Prior studies have demonstrated LLM-assisted power-
system simulation and feedback-driven multi-agent tool use.
In contrast, our focus is a TSA-oriented end-to-end workflow
that connects disturbance scenario generation, automated sim-



ulation/labeling, and architecture design for fast TSA inference
under resource constraints. Accordingly, the contribution is
at the workflow and orchestration level: we specify domain-
constrained prompting and retrieval assets for transient sim-
ulation, and we empirically evaluate how an LLM-guided
architecture search can improve accuracy-latency trade-offs on
TSA data.

Building upon the aforementioned concepts and exploring
the feasibility of LLM-driven applications in transient stability
assessment (TSA), this paper makes three primary contribu-
tions by integrating LLMs as intelligent agents into a complete
power system TSA workflow:

TSA-Oriented Agentic Workflow Orchestration: We
present an end-to-end, LLM-driven workflow that connects
disturbance specification, automated simulation and labeling,
and fast TSA inference model development, aiming to reduce
repetitive manual scripting and tuning in TSA studies.

Domain-Constrained LLM Simulation Control: We de-
velop a simulation controller that leverages structured prompt-
ing, retrieval-augmented generation (RAG), and error-feedback
retries to translate natural-language disturbance descriptions
into executable ANDES cases under domain constraints (fault
types, locations, timing, and parameter bounds).

LLM-Guided Architecture Design under Resource Con-
straints: We introduce an LLM-guided neural architecture
design module that searches for architectures optimized for
the TSA feature structure while jointly considering accuracy,
model size, and inference latency, and we validate the resulting
accuracy-latency improvements with ablations.

II. METHODOLOGY

A. LLM-Driven Simulation Controller

Our framework uses LLMs as intelligent simulation con-
trollers to achieve automated scenario generation and data
collection. The framework integrates three key components:

(1) Prompt Engineering: Multi-stage prompts guide the
LLM to generate executable ANDES simulation scripts.
Following chain-of-thought reasoning, we design sequential
prompts: (a) role definition specifying the LLM as a power
system expert, (b) architecture description detailing ANDES
API and simulation parameters, and (c) feedback prompts
for error correction. These prompts are infused with domain-
specific knowledge to improve effectiveness.

(2) Customized RAG: Retrieves domain-specific knowl-
edge including ANDES documentation, power system theory,
and code examples. The RAG module breaks down natural lan-
guage requests into sub-requests and maps them to simulation
functions and parameters, ensuring greater factual consistency
and reducing hallucinations.

(3) Feedback Loop: Iteratively corrects simulation errors
through diagnostic prompts. When simulation fails, error in-
formation is fed back to the LLM for self-correction and
retry. This feedback mechanism enhances the success rate of
complex simulation tasks.
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Stability assessment uses three mathematical criteria. The
rotor angle stability criterion is:

16:(8) — 8, (1)] < 180° (1)
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The voltage stability criterion is:
Vmin S ‘/z(t) S Vma:cv V'L S Nat S [07T] (2)
The frequency stability criterion is:

‘f(t) - f0| < Afmaz,

where 0;(t) is the rotor angle of generator i, V;(t) is the
voltage magnitude at node ¢, and f(t) is the system frequency.
The framework generates balanced datasets by systematically
varying fault parameters, locations, and clearing times.

Vvt € [0, 7] 3)

B. LLM-Driven Neural Network Designer

Traditional neural network design for power system stability
assessment heavily relies on manual architecture engineering
and hyperparameter tuning. We propose an LLM-driven NAS
framework that leverages LLMs’ semantic reasoning and code
generation capabilities.

1) Search Space Formulation: The neural architecture
search problem is formally defined as finding an optimal
architecture o* € A that maximizes a multi-objective function:

* = = P -C —L 4
o = argmax F(a) = arg max{P(a), =C(a), —L(a)} (4)

where A denotes the search space of all valid architec-
tures, P(a) represents prediction accuracy, C(«) denotes
computational cost (parameters, FLOPs), and L(«) represents
inference latency. The search space is defined by:

.A:{Oé:(dl,dg,...,dk)|di€Di,i:1,...,]€} 5

where each d; represents a design decision (layer type,
kernel size, activation function) and D; is the corresponding
choice set.

2) Collaborative LLM Framework: The LLM-NND frame-
work employs three specialized LLM agents:

Navigator LLM: A stateful component with persistent
memory across iterations. It maintains a history of eval-
vated architectures and their performance metrics H =
{(a, P;, Cy, L;) }t_,. The Navigator formulates and refines
search strategies S; based on accumulated feedback:

S = NavigatorLLM(H_1, Piarget, ) (6)

where Pjrge: is the target accuracy and A represents
resource constraints.

Generator LLM: A stateless component that translates the
current strategy into concrete candidate architectures. Given
a strategy S;, the Generator produces a set of candidate
architectures:

C: = GeneratorLLM(S;) @)



The Generator focuses exclusively on the current strategy
without retaining memory from previous iterations, enabling
diverse exploration within the guided search space.

Coordinator Module: Manages the overall search process
by verifying architecture legality, evaluating performance, and
maintaining an archive of visited architectures V. For each
candidate architecture «; € C;, the Coordinator computes:

1 ifa;€e Aand o; ¢V
0 otherwise

isValid(«;) = { 3)
3) Iterative Search Algorithm: The LLM-based NAS pro-

cess follows an iterative refinement strategy. At each iteration
t:

C; < GeneratorLLM(S;_1)
R+ + {Evaluate(e;) | a; € C; \ V,isValid(e;) }

a*,p* +arg max p; s.t. Cla;) <A ©)

(as,pi)ER

S; + NavigatorLLM(H;_1 U {(Si—1,R+)})

The search terminates when either the target accuracy is
achieved or the iteration limit is reached.

4) Advantages over Traditional NAS: Compared with tradi-
tional methods using evolutionary algorithms or reinforcement
learning, LLM-based NAS has several theoretical advantages.
Large language models can reason about architecture design
principles at the semantic level and combine domain knowl-
edge such as power system characteristics and computational
constraints. LLMs naturally handle multiple competing ob-
jectives without explicit Pareto boundary calculations, signif-
icantly accelerating the search process.

5) LLM-NND Framework Algorithm: The LLM-based NAS
process is formalized in Algorithm 1. Given data characteris-
tics D, performance requirements R, and a maximum iteration
count 7', the framework intelligently searches for a neural
network architecture and iteratively applies validation until the
user’s requirements are met.

Algorithm 1: LLM-NND Framework Algorithm

Input: Data features D, performance requirements R,
maximum iterations 7'
Output: Optimal neural network architecture A*
Initialize: A* + 0, P* < 0;
fort =1to T do
Ay «+ LLM generates architecture(D, R, feedback:—1);
P, < Evaluate architecture(A¢, D);
if P, > P* then
L A"+ Ay

P* Py,
feedback: <— LLM generates feedback(A¢, P, R);

if convergence condition satisfied then
| break;

return A*;
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III. EXPERIMENTAL VALIDATION
A. Experimental Setup and Dataset

1) Dataset Construction and Characteristics: Using the
LLM-Simulation pipeline on the IEEE 39-bus system, we
generate a comprehensive multi-class dataset with 9,139 sam-
ples spanning four stability levels: Stable (51.21%), Voltage
unstable (23.19%), Frequency unstable (12.80%), and Angle
unstable (12.80%). The dataset captures voltage dynamics (39
buses over 101 time steps), generator dynamics (rotor angles
and speeds of 10 synchronous machines), and transmission
dynamics (power flows on 34 lines).

Fault scenarios include three-phase short circuits, single-
line-to-ground faults, line outages and generator trips. To im-
prove physical plausibility, fault locations cover all buses/lines,
clearing times (50-500ms) and fault impedances are sampled
within engineering-reasonable ranges, and each case must pass
pre-fault power-flow initialization and post-fault sanity checks.
Non-convergent cases are filtered via the error-feedback loop.

Table I summarizes the dataset statistics, showing the com-
prehensive coverage of stability classes and the high scenario
validity achieved by the LLM-Simulation pipeline.

TABLE 1I: Dataset statistics (IEEE 39-bus, LLM-Simulation
generated)

Parameter Value Description

System scale 39 buses, 10 gen.  Network complexity

Total samples 9,139 Multi-contingency scenarios
Time window 101 steps 5-second post-fault

Stable 4,680 (51.21%) Normal operation

Unstable 4,459 (48.79%) 3 instability modes
Original features 808 Complete state variables
Selected features 300 Post feature selection
Scenario validity  92% Valid convergence

The dataset comprises 9,139 balanced samples with 92%
scenario validity and 94.8% parameter-setting accuracy, gen-
erated in approximately 15 minutes.

B. LLM-NND Design and Optimization

1) Multi-class Classification Results: On the 4-class sta-
bility assessment task (IEEE 39-bus system), the LLM-NND
framework achieves a test accuracy of 93.71% with the
optimized traditional neural network architecture. This result
represents a significant advancement over baseline approaches
and demonstrates the effectiveness of LLM-guided architec-
ture design. As shown in Fig. 1, the training and validation
accuracy curves converge smoothly without severe overfitting,
indicating stable optimization of the discovered architecture.

2) Comparative Analysis with Baseline Methods: Baseline
Method Comparison: We evaluate the framework against
several baseline methods using the same IEEE 39-bus dataset:

Deep Learning Architecture Comparison: For a fair
comparison, all baseline models were re-implemented and



Training Progress of LLM-NND Optimized Model
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Fig. 1: Training and validation accuracy curves for multi-class
stability assessment.

TABLE II: Performance comparison with baseline methods

Method Acc. Prec. Recall F1
GBDT 78.0% 68.8% 62.0% 63.6%
Random Forest 77.2% 68.0% 60.2% 61.6%
Simple MLP 77.0% 67.5% 59.0% 60.3%
LLM-NND 93.71% 93.5% 93.711% 93.71%

tuned on the same training/validation split under a common
training budget with hyperparameter search over depth/width,
learning rate, and dropout.

TABLE III: Architecture comparison (all baselines tuned)

Architecture Acc. F1 Params Time
Basic CNN 76.5% 75.1% 850K 0.95ms
Basic LSTM 74.2% 72.8% 1.2M 1.2ms
Adv. LSTM 78.5% 77.2% 2.1M 1.5ms
Transformer 79.2% 78.1% 3.2M 2.1ms
DenseNet 80.05% 79.3% 25.9M 3.2ms
LLM-NND 93.71% 93.71% 4.78M  0.95ms

The LLM-NND framework achieves 13.66% improvement
over DenseNet with 5.4x fewer parameters and 3.4x faster
inference, demonstrating superior accuracy and computational
efficiency.

As illustrated in Fig. 2, diagonal elements indicate correct
classifications. Most misclassifications occur between adjacent
stability classes, which is physically meaningful as these
conditions share similar short-term dynamic signatures.

To further demonstrate the reproducibility and stability of
our approach, we conduct multiple independent trials with

979-8-3315-8138-1

Stable 5 0 1

800
3 Voltage 28 2 0 394 600
Qo
© -
- 3
P 8
= 400
S
- Angle 1 1 1 221

200

Frequency 6 0 1] 228
o
\@ 4 Ng )
0 D &) &
6\0 \\(}.'\ ?’Q Q?Q
<«

Predicted Label

Fig. 2: Confusion matrix for 4-class stability assessment.

different random seeds. Fig. 3 shows the validation accuracy
curves across multiple trials, confirming that the LLM-NND
framework consistently achieves high accuracy with minimal
variance, indicating robust and reproducible performance.
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Fig. 3: Validation accuracy across multiple trials, confirming
stable and reproducible results.

3) Renewable Energy Integration: We further validate the
framework with wind power integration on the IEEE 39-bus
system. The LLM-driven pipeline automatically configures
wind generator models (REGCV2 virtual synchronous ma-
chine control), determines optimal injection buses based on
system topology, and generates diverse fault scenarios under
high renewable penetration.

Table IV presents the performance metrics across different
renewable penetration levels, demonstrating the framework’s
capability to handle varying degrees of renewable integration
while maintaining acceptable convergence rates.

Note that Conv. Rate refers to successful simulator ini-
tialization/DAE solution, not classification accuracy. At 50%
penetration, converter-dominated dynamics increase numeri-
cal stiffness. The framework handles increased state-space
dimensionality (124,308 features per sample) and complex
interactions between conventional generators and renewable
sources. Tighter parameter bounds and improved renewable



TABLE IV: Renewable energy integration performance

Penetration Conv. Rate Samples Speed
10% 95.0% 285 0.365
30% 92.7% 278 0.463
50% 70.7% 212 0.374

templates can mitigate convergence issues; nevertheless, robust
generation for very high-penetration cases remains a limita-
tion.

C. Extended System Validation

To demonstrate scalability, we validate the framework on the
IEEE 118-bus system (118 buses, 54 generators). The LLM-
Simulation pipeline generates 3,970 balanced binary classifi-
cation samples with 94% scenario validity. The LLM-NND
framework achieves 96.66% test accuracy on this larger sys-
tem, automatically designing a hybrid CNN-dense architecture
with 350K parameters. This result validates that the framework
generalizes effectively across different system scales without
manual architecture tuning.

IV. CONCLUSION

This work develops an LLM-driven agentic workflow that
reduces manual scripting and iterative tuning in TSA studies
by coupling LLM-controlled scenario generation with LLM-
guided architecture design. On the IEEE 39-bus system, the
discovered model achieves 93.71% four-class accuracy with
<0.95 ms inference latency, indicating suitability for fast con-
tingency screening after offline training. We also observe that
retrieval augmentation and error-feedback retries are important
for reliable simulation automation, while very high renew-
able penetration introduces solver/initialization challenges that
lower scenario convergence.

The framework offers key advantages: (i) reduced manual
scripting through natural-language scenario specification; (ii)
automated architecture search eliminating manual trial-and-
error; (iii) consistent performance across multiple random
seeds; and (iv) scalability to larger systems (96.66% accuracy
on IEEE 118-bus). Limitations include dependence on knowl-
edge base quality and reduced simulator convergence for high
renewable penetration. Importantly, the framework does not
remove expert involvement, but shifts it to an upfront setup
of templates, knowledge sources, and safety constraints, after
which routine studies can be accelerated. Practical deployment
requires engineering validation and human oversight, with the
LLM serving as a decision-support tool. Future work will
focus on renewable-aware templates, physics-informed search
constraints, and field-oriented validation.
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