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Abstract—This paper presents a human-in-the-loop
LLM–assisted multi-agent framework for distribution grid
reliability planning. Traditional reliability planning relies on
deterministic simulations and manual engineering workflows,
which can be difficult to scale for large feeder portfolios and
evolving grid conditions. The proposed framework integrates
large language model (LLM) reasoning with deterministic
reliability analysis and optimization tools within a coordinated
multi-agent architecture. Specialized agents perform data
ingestion, reliability evaluation, planning optimization, and
compliance reporting, while numerical simulation tools validate
candidate planning actions generated by the LLM. Case
studies on 100 real-world utility feeders demonstrate that the
framework reduces planning time and manual engineering effort
while maintaining acceptable planning accuracy for large-scale
screening and scenario analysis.

Index Terms—Multi-Agent Systems, Large Language Models,
Distribution Grid Reliability, Power System Planning, Human-
in-the-Loop

I. INTRODUCTION

The digitalization and decentralization of electric power
systems have increased the complexity of distribution grid
reliability planning. High penetration of renewable generation,
distributed energy resources (DERs), and bidirectional power
flows introduce new sources of uncertainty in system opera-
tion and planning studies [1]. Traditional reliability planning
approaches rely on deterministic contingency analysis and
manually configured simulations, which become difficult to
scale when evaluating large feeder portfolios and multiple
planning scenarios [2]–[4].

In many utilities, reliability planning still relies on sequen-
tial, human-driven engineering workflows involving network
modeling, failure-rate estimation, device placement, and pro-
tection coordination. These tasks are typically performed using
simulation tools and spreadsheet-based analysis, which can
be computationally demanding and difficult to maintain con-
sistently across large distribution systems [2]–[4]. Although
optimization-based approaches such as mixed-integer linear
programming (MILP) improve computational efficiency, they
still depend on manually defined planning assumptions and
scenario configurations [2]–[4].

Recent advances in artificial intelligence provide new oppor-
tunities to augment engineering workflows in power systems.

Large language models (LLMs) have demonstrated capabil-
ities in code generation, structured data interpretation, and
automated reasoning for engineering tasks. Prior studies have
explored LLM-based applications in power systems, including
autonomous grid control [5], predictive grid operations [6], and
secure system monitoring [7]. Multi-agent frameworks further
extend these capabilities by coordinating specialized agents
for data processing, simulation, and optimization tasks [8],
[9]. Recent work also investigates LLM-assisted situational
awareness and graph-based power system modeling [10], [11].

Despite these advances, most LLM-based approaches fo-
cus on operational monitoring or control applications [7],
[10], [11]. End-to-end reliability planning workflows—which
require coordinated data processing, reliability evaluation,
constrained optimization, and regulatory reporting—remain
relatively unexplored.

To address this gap, this paper proposes a human-in-the-
loop LLM-assisted multi-agent framework for distribution grid
reliability planning. The framework integrates LLM reason-
ing with deterministic reliability simulation tools through
coordinated agents responsible for data ingestion, reliability
evaluation, planning optimization, and compliance reporting.
Candidate planning actions generated by the LLM are eval-
uated using reliability metrics such as SAIDI and SAIFI,
while simulation tools verify constraint feasibility and sys-
tem performance. Human validation is incorporated to ensure
engineering consistency and regulatory compliance.

The main contributions of this work are summarized as
follows:

• A human-in-the-loop LLM–optimization framework inte-
grating generative reasoning with deterministic reliability
simulation.

• A coordinated multi-agent architecture supporting data
processing, reliability evaluation, optimization, and com-
pliance reporting.

• A closed-loop interaction between LLM reasoning and
reliability simulation for validating candidate planning
strategies.

• Validation using 100 real-world distribution feeders
demonstrating improved planning efficiency while main-
taining acceptable planning accuracy.
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II. APPROACHES

A. Agentic AI Development Lifecycle
The development of the proposed reliability planning frame-

work follows a structured workflow referred to as the Agentic
AI Development Lifecycle (AADC), illustrated in Fig. 1. The
lifecycle provides a systematic process for designing, de-
ploying, and validating intelligent agents for distribution grid
reliability planning while ensuring alignment with engineering
constraints, operational data, and regulatory requirements.

The AADC consists of six iterative stages:
• Problem Framing: Define reliability planning objectives,

decision variables, and operational constraints. This stage
establishes planning tasks such as feeder reconfiguration,
reliability assessment, and investment prioritization.

• Knowledge Context Aggregation: Operational data are
aggregated from utility systems including SCADA, GIS,
OMS, and outage databases. These sources provide the
contextual information required for agents to interpret
system topology, asset conditions, and historical reliabil-
ity performance.

• Architecture Design: The multi-agent coordination ar-
chitecture and communication interfaces are defined.
Agents interact with external reliability simulation tools
such as CYME for evaluating candidate planning strate-
gies.

• Prompt and Policy Engineering: Reliability rules, plan-
ning constraints, and operational knowledge are encoded
into structured prompts and decision policies that guide
agent reasoning.

• Evaluation and Telemetry: Agent performance is moni-
tored using reliability metrics such as SAIDI, SAIFI, and
constraint feasibility.

• Governance and Feedback: Human-in-the-loop supervi-
sion and safety policies validate planning decisions. Sim-
ulation feedback and expert review refine agent policies
through iterative updates.

This lifecycle enables reproducible and traceable devel-
opment of LLM-assisted planning agents for power system
applications.

B. LLM-Assisted Multi-Agent Reliability Planning Framework
Fig. 2 presents the proposed human-in-the-loop LLM-

assisted multi-agent framework for distribution grid reliability
planning. The architecture integrates data ingestion, agent-
based reasoning, deterministic reliability simulation, and hu-
man validation within an iterative planning loop.

The framework consists of four major functional compo-
nents. 1) Data Ingestion and Context Layer: Operational
and historical information is collected from multiple utility
data sources including SCADA, OMS, GIS, AMI, and weather
systems. A knowledge layer stores historical outage statistics,
equipment characteristics, and engineering standards to pro-
vide contextual information for decision making.

2) Coordinated Multi-Agent Architecture: Within the
reasoning core, specialized agents collaborate to generate and
evaluate planning strategies:

Problem Framing
Define agent goals and data boundaries

Knowledge Context Aggregation
Construct Model

Context Protocols

Architecture Design
Specify agent communication topology

Prompt & Policy Engineering
Encode knowledge, define task 

and compliance

Evaluation & Telemetry
Monitor performance metrics

 and track feasibility  

Governance & Feedback
Ensure safety and

continual optimization

Fig. 1: Agentic AI Development Lifecycle (AADC) for relia-
bility planning.

• Planning Agents generate candidate reliability improve-
ment actions such as switching configurations or asset
upgrades.

• Reliability Evaluation Agents analyze outage statistics
and system conditions.

• Compliance Agents ensure that proposed actions satisfy
engineering standards and regulatory requirements.

These agents are coordinated through an LLM reasoning
engine that interprets system context and orchestrates agent
interactions.

3) Safety and Compliance Layer: A dedicated verification
layer performs auditing, traceability checks, and regulatory
validation before candidate planning actions are executed.

4) Simulation Environment: Approved planning actions
are evaluated using deterministic reliability simulations im-
plemented in CYME. Simulation outputs include reliability
metrics and system constraint evaluations.

The planning process operates within a closed-loop interac-
tion between LLM reasoning and reliability simulation. Can-
didate actions generated by the agents are validated through
simulation results and human feedback, enabling iterative
refinement of planning strategies.

C. Multi-Agent Planning Workflow

The interaction between agents and the simulation envi-
ronment follows the workflow summarized in Algorithm 1.
The process begins with data collection and system state
construction. Planning agents then generate candidate actions,
which are evaluated using reliability simulations. Constraint
verification ensures feasibility before the final planning strat-
egy is accepted.
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Fig. 2: Human-in-the-loop LLM-assisted multi-agent architecture for distribution reliability planning. The framework integrates
data ingestion, coordinated LLM-based agents, reliability simulation, and human validation within an iterative planning loop.

D. Mathematical Formulation

From a quantitative perspective, the proposed framework
evaluates grid reliability using the conventional SAIDI and
SAIFI indices:

SAIDI =
∑

di ·Ni

NT
, SAIFI =

∑
λi ·Ni

NT
(1)

where di is outage duration, λi is failure rate, and Ni is
affected customers.

Each component’s reliability follows:

Ri = e−λit (2)

The reliability planning problem is formulated as a cost-
minimization model subject to reliability constraints:

min
N∑
j=1

cjxj s.t. SAIDI ≤ SAIDItarget, SAIFI ≤ SAIFItarget

(3)
where cj denotes the investment cost of reliability improve-

ment action j, and xj ∈ {0, 1} indicates whether action j is
selected.

To support adaptive decision-making, a reinforcement learn-
ing (RL) policy is used:

π∗ = argmax
π

E

[
T∑

t=0

γtr(st, at)

]
(4)

where st is the system state, at is the planning action, and
r(st, at) is the reward function combining reliability improve-
ment, constraint feasibility, and cost efficiency. γ ∈ (0, 1) is

the discount factor that controls the importance of long-term
rewards.

E. Agentic Context Engineering

To ensure reliable decision-making, the Agentic Context
Engineering (ACE) process defines how each agent perceives
and interprets its operational environment. In reliability plan-
ning, this becomes critical because decisions must remain
explainable and grounded in context-sensitive reasoning.

The Agentic Context Pipeline dynamically assembles LLM
reasoning contexts. It fuses three layers:

• Static Context - grid topology, asset ratings, and relia-
bility targets.

• Dynamic Context - live measurements, outage updates,
and forecast data.

• Cognitive Context - historical policies, simulation re-
sults, and operator feedback stored in vector databases.

Ct = Cstatic ⊕ Cdynamic ⊕ Ccognitive (5)

By continuously merging these contexts, the system ensures
that each agent operates with situational awareness, enabling
adaptive, auditable, and traceable decision-making.

III. CASE STUDY

To evaluate the proposed LLM-assisted multi-agent frame-
work for distribution reliability planning, experiments were
conducted on 100 real-world distribution feeders provided by
a collaborating utility. Each dataset includes feeder topology,
asset metadata, and historical outage records from 2020–2024.
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Algorithm 1 LLM-Assisted Multi-Agent Reliability Planning

1: Input: Feeder topology, outage statistics, asset parame-
ters, planning budget

2: Collect operational data from SCADA, GIS, OMS, and
outage databases

3: Construct system state st including topology and reliabil-
ity parameters

4: while reliability targets not satisfied do
5: Planner Agent generates candidate planning actions at
6: Executor Agent evaluates at using CYME reliability

simulations
7: Compute reliability indices (SAIDI, SAIFI)
8: Validator Agent checks constraint feasibility and plan-

ning rules
9: if constraints satisfied then

10: Accept candidate planning solution
11: else
12: Update policy and generate new candidate actions
13: end if
14: Update reward r(st, at) based on reliability improve-

ment and cost
15: end while
16: Summarizer Agent generates planning report for human

validation
17: Output: Reliability improvement strategy and planning

report

The framework was implemented using a large language
model (LLM) coordinated through a multi-agent environment
built on LangChain/LangGraph. Agents communicate through
structured JSON messages and shared vector memory to
maintain contextual consistency.

The experimental workflow, illustrated in Fig. 3, integrates
data ingestion, reliability analysis, planning optimization, and
automated reporting within a closed-loop decision process.

All feeders were modeled and simulated in CYME® using
Python APIs. Reliability indices including System Average
Interruption Duration Index (SAIDI) and System Average
Interruption Frequency Index (SAIFI) were computed under
multiple planning scenarios. Each experiment was repeated ten
times, and reported results represent mean values with 95%
confidence intervals.

Two baseline approaches were used for comparison:
• Manual Engineering Workflow: conventional reliability

planning performed by domain experts using determinis-
tic simulation tools.

• Rule-Based Semi-Automated Workflow: heuristic au-
tomation using predefined scripts and engineering rules
without LLM reasoning.

Unless otherwise specified, reported improvements are mea-
sured relative to the manual engineering workflow baseline.

A. End-to-End Agentic Reliability Planning

The Planning Agent receives natural-language planning
objectives (e.g., feeder reconfiguration to minimize SAIDI

 Data Ingestion & Preprocessing

Input: CYME® system model, 2020–2024 outage data,
Critical Equipment (COE) list, and  tie-line configuration
information
Output: structured data & reliability model
Includes: buildability, tie conversion, lateral detection

Automated Placement & Analysis
Agents: Planner + Simulation Engine
Tasks: auto-device placement,
Fault-current and constraint checks
Includes: buildability, tie conversion, lateral detection

 Quality Control (QC) and Quality
Assurancce(QA)

Human-in-loop and Agentic Validator Coordination,  
Protection reach and coordination
Outputs: Expert review, Refinement, Rescoping 

Quantification & Deliverables
Calculations: SAIDI, SAIFI,
Outputs: reliability summary table, draft PA
report, visualization map

 Feedback loops:
• QC ⇒ Automated 

Placement
(for corrections)

• QA→QC (review&
approval)

• Results ⇒ Data
Repository (for next
iteration / re-training)

Fig. 3: End-to-end agentic workflow for reliability planning.

under a specified budget) and translates them into structured
optimization variables and executable CYME scripts. Planning
performance is evaluated using planning accuracy (Ap), de-
fined as agreement with the expert-generated manual planning
solution.

Across the test feeders, the LLM-agent workflow achieved
an average planning accuracy of 84%, compared with 96% for
the manual workflow and 89% for the rule-based approach.
Although manual planning remains the most accurate, the
proposed framework significantly reduces analysis time and
manual effort while maintaining acceptable performance for
large-scale screening studies.

B. Automated Data Analysis

The Data Analysis Agent performs automated telemetry
cleaning, feature extraction, and anomaly detection. Data
quality is evaluated using the data consistency index (Qd),
defined as the proportion of processed records that satisfy data
validation constraints.

• Data consistency index (Qd) = 0.96
• Fault prediction F1-score = 0.89
• Clustering Silhouette score = 0.72
• Processing time reduced from approximately 4 hours to

9 minutes
These results demonstrate that LLM-generated analytics

scripts can substantially accelerate feeder data preparation
while maintaining high data integrity.

C. Reliability Optimization and Recloser Placement

The Recloser Optimization Agent evaluates candidate de-
vice placements using Monte Carlo reliability simulations. Per-
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formance is measured using validation accuracy (Qr), defined
as the proportion of planning solutions satisfying operational
and reliability constraints.

• SAIDI reduced from 1.47 to 1.15
• SAIFI reduced by 19.5%
• Validation accuracy (Qr) = 0.92
The results indicate that the framework can identify re-

liability improvement strategies that both enhance system
performance and satisfy operational constraints.

D. Automated Compliance Reporting

The Compliance Agent automatically generates project au-
thorization (PA) reports and regulatory documentation based
on planning outputs. Report quality was evaluated using ci-
tation accuracy (Ac), logical coherence (C), and readability
score (R).

• Citation accuracy (Ac) = 97.2%
• Logical coherence (C) = 93.4%
• Readability score (R) = 72.5
Reports were generated in under three minutes and received

an average expert evaluation score of 4.7/5.

E. Comparative Performance

Fig. 4 summarizes the comparative performance of the
three planning workflows. The manual engineering workflow
achieves the highest planning accuracy (96%) but requires
the longest runtime due to extensive human involvement. The
rule-based workflow achieves 89% accuracy with moderate
runtime.

The proposed LLM-agent workflow achieves 84% planning
accuracy while reducing computation time to approximately
81 seconds per scenario, corresponding to a planning cycle
reduction of approximately 40% compared with the manual
workflow.

IV. CONCLUSION

This paper presented a human-in-the-loop LLM-assisted
multi-agent framework for distribution grid reliability plan-
ning. The proposed approach integrates LLM-based reasoning
with deterministic reliability simulation tools through a coor-
dinated multi-agent architecture. By combining data ingestion,
planning optimization, reliability evaluation, and compliance
verification within a unified workflow, the framework enables
partially automated reliability planning while preserving engi-
neering validation through simulation and human oversight.

Case studies on 100 real-world distribution feeders demon-
strate that the proposed framework can significantly reduce
planning time and manual engineering effort while maintaining
acceptable planning accuracy for large-scale reliability screen-
ing studies. The results also highlight improvements in data
processing efficiency, reliability optimization, and automated
report generation.

Although manual engineering workflows still achieve the
highest planning accuracy, the proposed LLM-assisted frame-
work provides a scalable tool to support engineering decision-
making in complex distribution systems.
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Fig. 4: Comparison of manual, rule-based, and LLM-agent
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Future work will focus on improving the integration be-
tween LLM reasoning and power system simulation tools,
extending the framework to larger distribution networks, and
exploring real-time reliability planning applications using
streaming operational data.
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