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workflows and specialized expertise. EPANET is the most widely adopted modelling tool for WDN hydraulics and
water quality simulations, yet its operational complexity restricts accessibility and slows timely decision-making.
Recent advances in large language models (LLMs) have led to the development of agentic artificial intelligence
systems that autonomously coordinate tasks and control complex engineering simulations through natural lan-
guage prompts. Here we introduce EPANET-Agentic, a multi-agent system that integrates advanced workflow
reasoning with the EPANET simulator and incorporates human-in-the-loop oversight for critical interventions.
The new platform adopts an orchestrator-centred, tool-driven architecture that nests three specialised agents
(TaskExecutor, CodeRunner, and DataAnalyzer) as function-call tools. This design enables autonomous task
decomposition, precise tool invocation, and transparent workflow management. The abilities of EPANET-Agentic
are evaluated on three benchmark networks (i.e., L-Town, C-Town, and Net3) across four categories of tasks:
System Characteristics, System Dynamics, System Operation, and Scenario Simulation. The results demonstrate
that EPANET-Agentic achieved a 100% success rate and tool invocation accuracy with no human interventions.
Moreover, the multimodal DataAnalyzer agent provided valid interpretations of simulation results, while the
nested tool design ensured robustness and the architecture exhibited strong scalability across diverse hydraulic
analysis tasks. These findings confirm that EPANET-Agentic enables natural language-controlled WDN simula-
tion and analysis with engineering-grade reliability, while still adhering to a human-in-the-loop approach
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required for safety-critical systems. With its modular architecture and strong adaptability, EPANET-Agentic
marks a step change from conventional WDN modelling approaches, positioning itself as a next-generation
platform for complex planning and management challenges.

1. Introduction

Water distribution networks (WDNs) are critical infrastructure that
ensure the continuous and safe water supply to urban populations (Bilal
et al., 2021; Marques et al., 2018; Tsiami et al., 2025). Their manage-
ment faces increasing challenges due to aging infrastructure, population
growth, and the need to enhance system resilience in response to future
uncertainties (Marques et al., 2018; Safitri et al., 2023). To support
effective decision-making, WDN management relies heavily on hy-
draulic simulation tools, which play essential roles in system planning
(Khedr and Tolson, 2016), operational optimization (Marzouny and
Dziedzic, 2024), and resilience assessment (Klise et al., 2017). Among
these, EPANET is the most widely used platform (Rossman et al., 2020),
capable of simulating WDN dynamics of pressure, flow, and water
quality, with its extensions (e.g., the open-source Python-based Water
Network Tool for Resilience library, WNTR) enabling advanced
modelling and resilience analysis (Klise et al., 2020). However, the
widespread adoption of these computational tools is constrained by
multiple factors, including substantial time requirements for model
construction, calibration, and maintenance, as well as their inherent
complexity and dependence on specialized expertise. These constraints
limit practical use among non-expert operators and slow
decision-making in real-world applications (Goldshtein et al., 2025; Sela
et al., 2025).

Recent advances in large language models (LLMs) have opened new
opportunities for intuitive and natural interactions with complex
computational systems. Models such as GPT-5 (OpenAl, 2025) and
DeepSeek-V3 (DeepSeek-Al, 2024) demonstrate unprecedented capa-
bilities in understanding and generating human-like text, enabling
seamless communication between users and sophisticated analytical
systems. Leveraging these developments, a new generation of agentic
artificial intelligence (AI) systems has emerged, in which the LLM shifts
from being a passive text generator to the central planner of an auton-
omous reasoning-and-action workflow. Unlike standalone prompting,
an agentic Al system enhances the LLM with planning, memory, tool use,
and action modules, allowing it to interpret a user task, generate a plan,
invoke registered tools (e.g., a simulation model) to interact with the
environment, evaluate the returned results, and iteratively refine its
steps until the task is completed (Acharya et al., 2025; Fu, 2025; Wang
et al., 2024). By enabling natural language control of complex work-
flows, agentic Al systems are being trialled in various domains. For
example, OpenFOAMGPT automates computational fluid dynamics
simulations through dialogue-driven interaction (Feng et al., 2025),
Paper2Code converts machine learning papers into executable code
through a structured multi-agent system (Seo et al., 2025), and
Magentic-One coordinates sub-agents via an orchestrator to dynamically
solve complex tasks with robust and scalable performance (Fourney
et al., 2024).

Despite these advancements, applications of LLMs in WDN man-
agement are still scarce, with only a few exploratory studies reported to
date. Sela et al. (2025) demonstrated the use of generative Al to support
water utility operations through natural language interaction. Taormina
and van der Werf (2024) applied large multimodal models to sewer
defect detection, showing improved interpretability in predictions. In
parallel, Lyu et al. (2025) evaluated large multimodal models for urban
floodwater depth estimation, highlighting the potential of GPT-4 to
outperform supervised baselines in image-driven flood monitoring.
Marzouny and Dziedzic (2024) introduced an LLM-assisted framework
for pump operation optimization, where ChatGPT interacted iteratively
with EPANET to achieve energy savings surpassing those of genetic

algorithms. However, these studies mostly treat LLMs as conversational
assistants for single tasks, whereas water utilities require integrated
multi-agent systems capable of supporting diverse model-based de-
cisions rather than isolated operations. Thus, they represent preliminary
rather than fully realized agentic systems. In a step forward, Goldshtein
et al. (2025) introduced an LLM-EPANET framework, which uses a
retrieval-augmented pipeline to enable natural language interaction
with hydraulic models, highlighting the potential of LLMs to improve
decision-making in WDN management. Similarly, Wang et al. (2026)
tested a two-agent dialogue framework on model calibration and pump
scheduling tasks, demonstrating promising prospects for autonomous
reasoning, simulation tool interaction, and code generation. However, a
critical knowledge gap remains in applying large language models
(LLMs) to automatically transform data into actionable knowledge for
informed decision-making—a key element of data-centric water engi-
neering (Fu et al., 2024).

Nevertheless, approaches that rely solely on a single agent or simple
dual-agent interactions remain inadequate for enabling water utilities to
fully integrate agentic Al into simulation-driven workflows. Such single-
task approaches fall short of meeting critical requirements for hydraulic
modelling, including numerical accuracy, robustness, reproducibility,
and traceability (Wang et al., 2025). Integrating multi-agent systems
with EPANET-based WDN simulations remains particularly challenging,
as it requires accurate task interpretation (e.g., design, control, or
network model calibration), effective decomposition into subtasks, co-
ordinated multi-agent interactions, precise external tool calls, and reli-
able analysis of simulation outputs (Xi et al., 2025). Furthermore,
ensuring operational robustness and mitigating hallucination risks
remain unresolved, highlighting both the research gap and the need for a
multi-agent system that combines advanced LLM reasoning with struc-
tured and dependable hydraulic simulation workflows.

This study proposes EPANET-Agentic, an early-stage LLM-based
multi-agent system that is targeted primarily at practitioners such as
system operators, field technicians, and practising engineers who
perform routine EPANET analyses, by lowering the modelling and
operational learning curve. It replaces conventional EPANET interfaces
and ad-hoc scripts with a natural-language-driven control layer that
integrates LLM-based reasoning and planning with EPANET’s robust
simulation environment. This system features an Orchestrator-centred
architecture with three sub-agents (TaskExecutor, CodeRunner, and
DataAnalyzer) embedded as function-calling tools using a tool-driven
nested design approach. When a subtask is delegated, the Orchestrator
triggers a function that encapsulates the corresponding agent’s logic,
enabling flexible invocation and management within a tool-driven
nested design. A human-in-the-loop mechanism allows users to
approve, interrupt, or modify tasks at any stage to retain control over the
workflow. Comprehensive experiments were conducted on three
benchmark networks (L-Town, C-Town, and Net3), covering four cate-
gories of tasks: System Characteristic, System Dynamics, System Oper-
ation, and Scenario Simulation. extensive evaluations confirm its
reliable performance without requiring active human intervention,
while still allowing user oversight and intervention through a human-in-
the-loop mode. This balance establishes a foundation for integrating
multi-agent systems into structured engineering workflows and supports
the transition toward autonomous WDN management.

2. Methodology

EPANET, developed by the U.S. Environmental Protection Agency, is
an open-source hydraulic simulation tool widely used to model pressure,
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flow, and water quality dynamics in WDNs (Rossman et al., 2020). Its
open architecture and proven reliability have fostered the development
of the Python-based WNTR library, which enables advanced network
modelling and resilience analysis (Klise et al., 2020). Agentic Al systems
represent an emerging paradigm that integrates LLMs with autonomous
decision-making, planning, and tool execution. Within this system,
multiple agents collaborate to manage tasks such as workflow planning,
simulation control, and result analysis with minimal human interven-
tion (Ghafarollahi and Buehler, 2025; Wang et al., 2024). In this study,
we integrate the WNTR library with a multi-agent system to enable
natural language interaction with EPANET for tasks including WDNs
control, hydraulic and water quality simulation, and result analysis.
Section 2.1 presents the architecture and workflow of the proposed
EPANET-Agentic, while Section 2.2 describes the evaluation protocol,
including task design, performance metrics, and validation procedures.

2.1. EPANET-Agentic: Architecture

The proposed EPANET-Agentic architecture, shown in Fig. 1, em-
ploys a team of agents that collaborate to accomplish complex tasks in
the context of WDN simulation and analysis. These agents are powered
by state-of-the-art general-purpose LLMs - DeepSeek (DeepSeek-Al et al.,
2024) and Qwen (Yang et al., 2025) - accessed via their Application
Programming Interfaces (APIs). These models were selected to support
advanced reasoning and code generation, with multimodal capability
used where required. Selection was also guided by a favourable
cost-performance balance under budget and local-deployment con-
straints. DeepSeek served as the primary model, whereas Qwen-VL was
used for image and figure analysis. This hybrid stack is therefore well
suited to reasoning-intensive and tool-oriented WDN workflows. Each
agent is characterized by a unique profile defining its role in the system,
as summarized in Table 1, while their detailed profile configurations are
provided in Figures S1~S4. Within this dynamic environment, the
agents work in coordination to execute simulation workflows efficiently

and with limited human intervention:
['VQ"' Orchestrator]

Step-by-step
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Table 1
LLM-powered agents implemented in the current study to solve the tasks in
WDNSs.

Agent # Rationale for LLM Agent name Agent role
(LLM) selection
None None User Human-in-the-loop
reviewer for plan approval
and intervention.
DeepSeek Strong multi-step Orchestrator Interprets user queries,
V3 reasoning and generates step-by-step
workflow execution plans, and
orchestration coordinates the actions of
sub-agents.
DeepSeek Robust tool/function TaskExecutor  Calls external tools to
V3 calling for validate .inp files, apply
deterministic controls, and run scenario
execution simulations.
DeepSeek High coding CodeRuner Generates and executes
R1 proficiency with Python code to run
logical reasoning hydraulic or quality
simulations, saving and
returning results.
Qwen-vl- Multimodal DataAnalyzer  Analyses simulation
max capability for visual outputs and provides
evidence natural language insights.
interpretation

Orchestrator: This core agent, powered by DeepSeek-V3
(DeepSeek-Al et al., 2024) (Table 1) and chosen for its superior
long-horizon task planning and reliable function/tool calling in
multi-step workflows, serves as the central reasoning module of the
EPANET-Agentic system. The Orchestrator interprets the user query,
analyses its intent, and decomposes it into a sequence of structured
sub-tasks, each aligned with a specific operational requirement of the
hydraulic modelling workflow. These sub-tasks are then delegated to the
appropriate sub-agent through LLM function calls, enabling a modular
and hierarchical execution process. In practice, the Orchestrator (i)
identifies which sub-agent is responsible for the required operation (e.g.,

( Task Complete )

Approve

: Plan

b Human in loop !

Step i =1
Step i =2

Orchestration
Engine

No

i observe and act
based on

Orchestrator
instruction

| !
@@:l TaskExecutorj E'Q' DataAnaIyzerj

CodeRuner

Execution Tool: Calls external
tools to validate EPANET INP
files (check .inp file) and apply
control rules (add control rules)
or disaster scenarios (add
special scenarios) to the water

distribution network. images.

Data Analysis Tool:
This tool uses a multi-
modal agent to interpret
visual data such as
plots and simulation

I

Coding Tool: Composed of a Python
code generation agent and an executor,
this tool writes and executes Python
code to complete simulation tasks,
process results, or manipulate network
models as required by each step.

Fig. 1. Architecture and workflow of the EPANET-Agentic for natural language-controlled WDN simulation and analysis.
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model manipulation, code execution, or data analysis), (ii) provides the
necessary input parameters, and (iii) integrates the returned outputs to
update its plan and guide subsequent reasoning steps. A
human-in-the-loop mechanism ensures transparency by requiring
explicit user approval for each Orchestrator action, such as execution of
sub-tasks, receiving results, or deciding whether to continue, requires
explicit user approval before proceeding.

TaskExecutor (sub-agent): Equipped with a set of registered tools
(Table S1) and powered by DeepSeek-V3 (DeepSeek-Al et al., 2024)
(Table 1), selected for its excellent tool-calling reliability and precise
function use, this agent (1) validates whether the input EPANET .inp file
is correctly formatted and executable, including verifying the existence
of nodes, pipes, and other elements mentioned in the user’s task
description, (2) applies control operations to links (e.g., pipes, pumps,
and valves) within the .inp file to perform specified actions, and (3)
simulates six special scenarios, including leakage, pollution contami-
nation, booster source injections, fire-fighting demand, and two addi-
tional conditions (power outage and earthquake) as provided by WNTR.
After execution, the results generated by the tools are returned to the
Orchestrator for further processing.

CodeRunner (sub-agent): Powered by DeepSeek R1 (DeepSeek-Al
etal., 2025) (Table 1), which excels in code generation, this agent uses a
local Python execution module to perform hydraulic and water quality
simulations while saving results. When the Orchestrator issues a task
that requires CodeRunner, this agent will generate Python code, verify it
through local execution, save the outputs as .txt or .png files, and return
the results.

DataAnalyzer (sub-agent): Employing the multimodal LLM Qwen-
VL-Max (Yang et al., 2025) (Table 1), selected for its superior multi-
modal reasoning and chart/table understanding, this agent interprets
simulation outputs. It analyses textual and visual results from CodeR-
unner, extracts key insights, summarizes findings, and assists users in
interpreting simulation outcomes through natural language.

This modular design ensures reliable execution of complex work-
flows, including hydraulic and water quality simulation, control appli-
cation, and performance assessment with clear oversight. By leveraging
complementary LLMs capabilities in reasoning and coding, the system
reduces manual effort while preserving accuracy and transparency. This
approach not only improves the precision and efficiency of WDN
modelling but also provides a scalable solution for integrating multi-
agent systems into structured WDNs management.

Water Research 293 (2026) 125433

To coordinate these components, the architecture employs a tool-
driven nested design in which each sub-agent is exposed as a callable
tool with a unique name and typed input schema (Fig. 2). At run time,
the Orchestrator selects the next sub-agent and invokes it with a function
call that supplies only the parameters required by that agent’s interface;
the callee executes its encapsulated logic and returns structured outputs
to the Orchestrator. For example, when delegating a sub-task to Tas-
kExecutor, the Orchestrator uses the LLM’s reasoning to derive a concise
sub-task description and an output save path, binds them to the tool’s
schema as message and path, and dispatches the call, illustrated by the
red-boxed pseudo-payload “task = f"task: {message}\npath of the file:
{path}"™, thereby triggering the TaskExecutor tool. TaskExecutor then
validates the inputs and returns a normalized result to the Orchestrator.
Consequently, the orchestration remains flexible yet governed by typed
contracts, and can lay the foundation for reproducible and auditable
experimentation.

2.2. Experimental settings

To evaluate the EPANET-Agentic system, we designed four cate-
gories of natural language tasks to assess different aspects of WDN
interaction. For clarity, representative examples of the actual questions
used in each task category are provided below (with minor variations
across different networks), while the complete task description used in
our experiments is available in the source code linked in the Data
Availability section:

(a) System characteristics tasks, which assess basic network prop-
erties such as retrieving network components, filtering elements
by attributes, and computing key topological metrics, for
example, “how many junctions, tanks, reservoirs, pipes, pumps, and
valves are in this WDN”

(b) System dynamics tasks, which evaluate the ability to simulate
hydraulic and water quality behaviour, analyse key parameters
under baseline and modified conditions, and assess flow-
dependent responses, such as “run a hydraulic simulation, and
find the maximum pressure along with its location and time”

(c) System operation tasks, which test the capability to apply and
simulate control rules, including time-based, value-based, com-
bined conditions, and multiple rule interactions, to manage
network elements during simulations, for example, “close link 1 at

['@' Orchestrator]

['@' CodeRuner }7

TI I DataAnaIyzer]

DataAnalyzer

multi_model_agent =
(participants=[multi_moc agent])
{paths}')
result

n [n C result.messages]

[msg.content for msg ir

result.messages]

Fig. 2. Function-Call Based Interface Between the Orchestrator and Sub-Agents (schematic pseudo-code for exposition only).
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24 h, run a hydraulic simulation, and plot the status time series of link
1//

(d) Scenario simulation tasks, which focus on modelling and ana-
lysing emergency and operational events in WDNSs, including
leaks, chemical booster injections, contamination incidents,
pump power outages, fire demands, and earthquake impacts,
while generating corresponding hydraulic or water quality re-
sponses, such as “simulate a leak scenario at pipe 1 with a leak area
of 0.05 m? occurring from 24 h to 48 h, run the hydraulic simulation,
and plot the time series of flow rate through pipe 1"

The evaluation of EPANET-Agentic is conducted through a compre-
hensive assessment of its performance during task-oriented dialogues,
covering four key aspects: (1) Success Rate: The proportion of tasks for
which the system provides the correct final answer, with or without
human intervention (e.g., if the system answers 8 out of 10 tasks
correctly, the success rate is 80%); (2) Tool Invocation Accuracy: The
proportion of tool calls that are correctly formatted and semantically
appropriate. A tool invocation is considered accurate when the system
selects the correct tool and supplies the proper parameters and syntax (e.
g., if only 1 of 30 tool calls fails, the accuracy is 96.7%); (3) Average
Code Generation Attempts: The mean number of code generation/
revision cycles required by CodeRunner per task to produce the correct
output (e.g., if two tasks require 2 and 1 attempts respectively, the
average is 1.5); and (4) Average Human Intervention Count: The
average number of additional user inputs needed beyond routine
approval, such as clarifications or manual corrections (e.g., if one task
requires 2 interventions and another requires 1, the average is 1.5).

3. Case study

To evaluate the EPANET-Agentic, three benchmark WDNs were
selected, including L-Town, C-Town, and Net3, as illustrated in Fig. 3. L-
Town is sourced from Vrachimis et al. (2022), C-Town originates from
University of Exeter (2026), and Net3 is provided within the EPANET
software package. The key structural attributes of each network are
summarized in Table 2. Among these, L-Town is the most complex,
consisting of 782 nodes, a total simulation duration of approximately
seven days, and a hydraulic time step of five minutes. C-Town is
moderately complex with 388 nodes and a 24-hour simulation duration.
Net3, the simplest network, includes only 92 nodes, no valve controls,
and a 24-hour simulation period. All networks incorporate predefined
nodal demand patterns and pump or valve control rules, but do not
involve water quality simulations.

4. Results

This section reports results for EPANET-Agentic across four task

(a) L-Town

(b) C-Town
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categories, and the correctness of all resulting outputs, including
generated code, tool calls, intermediate artefacts, and final results, was
manually verified, with full execution traces and results saved as
markdown documents and released publicly at https://mega.nz/file/Oh
ADRKQY#sX8PS700rrkQg4Eoq3TPG-dH93JWax33e3HaasmFeFch
ttps://github.com/wangjian169/EPANET-Agentic. It proceeds from
System Characteristics (Section 4.1), which query static structural
properties of the WDN, through System Dynamics (Section 4.2), which
evaluate time-varying hydraulic and water-quality behaviour with
emphasis on parameter-driven effects, to System Operation (Section
4.3), which integrates operational control rules with simulations, and
finally to Scenario Simulation (Section 4.4), which covers representative
events including leaks, contamination, and power outages, etc. Section
4.5 summarises performance across categories, quantifying metrics such
as task success rate, tool-invocation accuracy, mean code-generation/
revision attempts, and the number of human interventions.

4.1. System characteristics

Querying System Characteristics is essential in WDN analysis, as
these properties define the network’s structure and underpin hydraulic
modelling and operational decisions. For example, evaluating network
reliability requires determining parameters such as node connectivity,
pipe length, and overall topology (Sirsant and Reddy, 2020). Conven-
tional methods often require manual inspection of large-scale models,
custom scripting, and extensive data processing, which becomes
increasingly cumbersome in complex WDNs. In this section, the
EPANET-Agentic automates the extraction and interpretation of
network characteristics, supporting both theoretical modelling and
practical applications, as depicted in Fig. 4.

Three tasks of increasing complexity were designed: a basic struc-
tural query, attribute-based filtering, and topological metric computa-
tion, with the complete conversation workflow for each task saved as
markdown documents within the source code project. The Orchestrator
interprets each user query and generates a stepwise execution plan. Each
task follows a consistent workflow: (1) TaskExecutor calls ‘check .inp
file’ tool to verify the .inp file and confirm the existence of task-relevant
elements [e.g., whether node ‘nl’ exists in L-Town for task (c)]; (2)
CodeRunner generates and executes Python scripts (all manually
reviewed and confirmed correct), saving results in .txt files; (3) Data-
Analyzer is optionally invoked to interpret and summarise outcomes.
Results from task (aTa) align with the reference data in Table 2, with
values such as 782 junctions and 905 pipes matching the corresponding
entries, confirming the EPANET-Agentic’s accuracy in retrieving basic
network components. Task (b) successfully identifies the 10 longest
pipes along with their IDs and lengths, and task (c) computes the to-
pological metrics for node ‘n1’ (degree = 1, eccentricity = 76, and both
betweenness and closeness centrality equal to 0), both achieved through

(c) Net3

<

Fig. 3. Topological layouts of the three benchmark WDNs used in this study: (a) L-Town, (b) C-Town, and (c) Net3.
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Table 2
Structural characteristics of the evaluated WDNs (L-Town, C-Town, Net3).
WDNs Reservoirs Junctions Tanks Pipes Pumps Valves Total Durations (h) Time Step (min)
L-Town 2 782 1 905 3 168 5
C-Town 1 388 7 429 11 4 24 5
Net3 2 92 3 117 0 24 60

User

Tasks Input: load 'L-TOWN.inp'

importance of this node within the network.

a. Tell me how many junctions, tanks, reservoirs, pipes, pumps and valves in this network.

b. List the 10 longest pipes in the network along with their lengths.

c. tell me about the following metrics for node 'nl": degree, eccentricity, betweenness
centrality, and closeness centrality. Then, analyze the results to interpret the topological

Test tasks
Orchestrator individually EN 4RI

TaskExecutor actions:

Call the 'check .inp file' tool to
verify that the input .inp file is valid
and runnable. Ensure that all
specified nodes (n1), links, and time
points are properly defined and fall
within the simulation’s temporal
bounds.

Orchestrator actions:

1. Step 1: Use TaskExecutor to check
basic information of the file 'L-
TOWN.inp". 1

2. Step 2: If the file is valid and runnable, [<
use CodeRunner to load the network <
and execute the required analysis based | 2
on the task type (e.g., component

\ 4

statistics, pipe length, or indicators).

Delegates to a
3 sub-agent and CodeRuner actions:
Writes and executes a Python script
DataAnalyzer v returns the result vt p
. Ly | to complete the task specified by
DataAnalyzer actions: the Orchestrator and saves the
analyze the results from the saved files result.

3. Step 3: Use DataAnalyzer to analyze
the results CodeRuner
A

Generated by

CodeRuner
Results Generated by CodeRuner v
Task (a) Task (b) Task (¢)
Junctions 782 Pipe Length Pipe Length Value
Name (m) Name (m)
Tanks 1 D 1
p566 | 79.51 | p268 | 74.22 ceree
Reservoirs 2 pl130 | 7481 | p199 | 74.04 Eccentricity | 76
Pipes 903 plos | 7452 | plas | 73.52 betweenness
centrality
Pumps 1 pl152 | 74.42 | p245 73.42
closeness
Valves 3 p232 74.30 p230 73.02 centrality

Fig. 4. Three illustrative System Characteristics tasks using EPANET-Agentic: (a) component counts, (b) attribute-based filtering, and (c) topological metrics.

Python code generated and executed by CodeRunner (details in the corroborated by DataAnalyzer’s interpretation (see detailed description
source code). These values indicate that node ‘nl’ is peripherally located in Figure S5). Together, these results confirm the ability of EPANET-
with minimal influence on network connectivity, a conclusion Agentic to accurately extract, compute, and reason about structural
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properties from natural language queries.

4.2. System dynamics

Building on static structural queries, this experiment evaluates the
EPANET-Agentic’s ability to simulate dynamic hydraulic and water
quality behaviour, particularly in response to parameter changes. Pa-
rameters such as pipe diameter have a significant influence on pressure
distribution patterns and network performance, as widely demonstrated
in hydraulic modelling studies (Monsef et al., 2019). To evaluate these
effects, pressure distribution plots generated under different simulation

User
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scenarios are analysed to reveal how structural modifications alter sys-
tem dynamics. This experiment leverages the multimodal reasoning
capability of the DataAnalyzer agent to interpret visual simulation
outputs and extract insights.

As illustrated in Fig. 5, three tasks were designed: hydraulic simu-
lation, water quality simulation, and assessing the impact of pipe
diameter changes on pressure distribution (see Figure S6 for enlarged
plots). The Orchestrator generates a multi-step plan similar to that in
Section 4.1. After verifying the .inp file and task-specific constraints (e.
g., simulation duration, existence of node ‘R1’), CodeRunner imple-
ments the main procedures through automated Python scripting (all

Tasks Input: load 'L-TOWN.inp'

a. Run hydraulic simulation and plot the pressure distribution at time 24h.

b. Set the initial chlorine concentration of the node 'R1'to 1 mg/L, then run water quality
simulation (chlorine) and plot the quality distribution at time 24h.

c. Perform a hydraulic simulation and plot the pressure distribution at time 24h. Then,
increase all pipe diameters to 1.5 times their original values, run the simulation again,
and plot the new pressure distribution at time 24h. Finally, analyze the differences
between the two pressure distribution plots before and after the pipe diameter change.

Orchestrator

Orchestrator actions:

1. Step 1: Use TaskExecutor to check
basic information of the file 'L-
TOWN.inp'.

. Step 2: If the file is valid and runnable,
use CodeRunner to load the network,
modify it according to the task
instructions, run the appropriate
simulation (e.g., hydraulic or water
quality), and save the resulting plots for
analysis.

. Step 3: Use DataAnalyzer to to analyze
and compare the generated result plots,
identifying key differences.

Test tasks

TaskExecutor actions:

Call the 'check .inp file' tool to
verify that the input .inp file is valid
1 and runnable. Ensure that all

A

3

DataAnalyzer i

DataAnalyzer actions:
analyze the results from the saved plots.

Task (a)

Pressure Distribution at 86400 seconds

Pressure (m)

£

< > specified nodes (R1), links, and
time points (24h) are properly
> defined and fall within the
simulation’s temporal bounds.
2

Delegates to a
sub-agent and
y returns the result

Results Generated by CodeRuner

Task (b)

Chlorine Distribution at 24.0 hours

CodeRuner actions:

Writes and executes a Python script
to complete the task specified by
the Orchestrator and saves the
result.

A 4

Generated by
CodeRuner
Y

Task (¢)

y

Pressure Distribution at 86400 seconds (Modified Diameters)

Fig. 5. Three illustrative System Dynamics tasks using EPANET-Agentic: (a) hydraulics, (b) water quality, and the (c) impact of diameter changes.
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manually reviewed and confirmed correct). The final and critical step of
this experiment involves comparing pressure distributions before and
after the diameter change, a task accomplished by the multimodal agent
DataAnalyzer. Through image reasoning, DataAnalyzer successfully
identified variations in colour scales, pressure ranges, and spatial dis-
tribution patterns between the two plots. It concludes that the change
improves uniformity and reduces pressure imbalances, a subtle
distinction challenging for human observers due to high visual similarity
(see detailed description in Figure S7). To support this conclusion, the
pressure coefficient of variation was also computed before and after the
modification, decreasing from 0.18093 to 0.18073, which confirms a
slight improvement in uniformity. This demonstrates the agent’s supe-
rior sensitivity in detecting nuanced hydraulic changes compared to
manual inspection.

4.3. System operation

This experiment examines the system’s capacity to simulate
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operational controls, such as time-based and condition-driven valve
actions, and evaluate their effects on hydraulic behaviour. Control rules
in WDN models are defined by specifying actions (e.g., closing a valve)
triggered by conditions (e.g., tank pressure thresholds), which are then
combined and applied to the network to regulate its operation (Klise
et al., 2020).

As shown in Fig. 6, three complex tasks were designed: (a) time-
based control, (b) multi-condition threshold control, and (¢) multi-rule
control (see Figure S8 for details). The Orchestrator decomposes each
query into a structured plan. After checking the initial input file and
task-specific constraints, the TaskExecutor calls the appropriate tools to
add the corresponding control rules to the network, and CodeRunner
executes the generated Python script to run the simulation and produce
the output plots (all manually reviewed and confirmed correct). In task
(a), pressure at node ‘n111’ remains stable until 24 h, when periodic
fluctuations appear, confirming the closure of valve ‘PRV-2'. Task (b)
shows a pronounced pressure shift after 27 h, indicating successful
activation of multi-condition control. In task (c), multiple rules induce

Tasks Input: load 'L-TOWN.inp'

upstream node 'n111".

a. Close link 'PRV-2'at 24h (86400s), run hydraulic simulation and plot the pressure time series of

b. Close link 'PRV-2' when node 'T1' pressure > 3.7m AND time >= 24h, run hydraulic simulation and
plot the pressure time series of upstream node 'n111".

c. 1.close link 'PRV-2' when tank 'T1' pressure > 3.7m; 2.open link 'PRV-2' when tank 'T1' pressure <
3.0m, run hydraulic simulation and plot the status time series of of downstream node 'n111'. Analyze
the impact of valve operations on downstream pressure behavior.

Test tasks

Orchestrator

Orchestrator actions:

control rules to 'L-TOWN.inp". <

individually

Delegates to

1. Step 1: Use TaskExecutor to check basic | , sub-agent . _ : h
information of the file L-TOWN.inp'. and retarns that the input .inp file is valld. and
2. Step 2: Use TaskExecutor to add a the result runnable. Ensure that all specified

TaskExecutor

TaskExecutor actions:
® Call the 'check .inp file' tool to verify

N nodes (T1,n111), links (PRV-2), and

3. Step 3: Use CodeRunner to run the
hydraulic simulation and plot the status
time series of the downstream node 'n111". |«

1,2 time points (24h) are properly defined

o

and fall within the simulation’s
temporal bounds.

4. Step 4: Use DataAnalyzer to analyze the
impact of valve operations on
downstream pressure behavior based on
the generated plot.

CodeRuner 3

CodeRuner actions:

Writes and executes a Python script to
complete the task specified by the
Orchestrator and saves the result.

® Call the 'add control rules' tool to
apply the specified control logic to the
network based on the task description,
4 and save the modified network as a
.pickle file.

DataAnalyzer

_| DataAnalyzer actions:
" | analyze the results from the saved plots.

Task (a)

eries at Node n111 pres

Results Generated by CodeRuner

Task (b)

at Noge n111*

Generated by
CodeRuner
A 4

Task (¢)

Pressure Time Series at Node n111

'N

N

Time (houes)

Fig. 6. Three illustrative System Operation tasks using EPANET-Agentic: (a) time-based, (b) multi-condition, and (c¢) multi-rule controls.
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cyclic pressure variations, which DataAnalyzer interprets as a response
to tank ‘T1’ pressure triggering valve ‘PRV-2’ operations. The Data-
Analyzer accurately identified peak pressures (~75 m) and troughs
(~42 m) (see detailed description in Figure S9), demonstrating its ability
to explain how control logic dynamically influences system behaviour.
These results confirm that EPANET-Agentic reliably handles complex
control simulations, integrates operational logic with automated
execution, and provides interpretable insights into dynamic network
responses.

4.4. Scenarios simulation

This experiment evaluates the system’s performance in simulating
special scenarios, including leaks, contamination, booster injections,
power outages, fires, and earthquakes, using the versatile modelling
capabilities of the WNTR library. Each scenario requires specific pa-
rameters, as outlines in Table 3. The system incorporates safeguards that
return errors if essential parameters are omitted.

Previous experiments have extensively evaluated the capabilities of
DataAnalyzer across various scenarios, including textual analysis,
graphical interpretation, and comparative reasoning; therefore, this
section concentrates on the outcomes of special scenario simulations,
with enlarged versions of the results provided in Figure S10 for clarity.
The Orchestrator coordinates a three-step process: TaskExecutor vali-
dates the .inp file, and configures scenario parameters, CodeRunner
executed simulations, and results were saved as visual outputs. As shown
in Fig. 7, all scenarios produced hydraulically and qualitatively plausible
results: leak-induced flow increases in pipes ‘p1’ and ‘p2’ between 24 h
and 48 h; a chlorine concentration spike downstream node ‘n352’ of
injection node ‘n2’; a distinct tracer peak at node ‘T1’ during contami-
nation; frequent on/off cycling of pump ‘PUMP_1’ between 24 h and 48 h
due to interactions between the power outage control and existing
operational rules; increased flow due to fire demand at node ‘n1’; and
spatially varied Peak Ground Acceleration (PGA) acceleration from
earthquake simulation. These outcomes confirm that EPANET-Agentic
effectively automates the configuration, execution, and interpretation
of diverse emergency scenarios, highlighting its utility in resilience-
oriented modelling.

4.5. Trustworthiness verification

High reliability is a critical requirement for EPANET-Agentic, as even
minor inconsistencies can lead to significant deviations in results. A
well-designed EPANET-Agentic system must therefore demonstrate
excellent reproducibility to ensure its applicability in real-world sce-
narios. To rigorously evaluate this aspect, EPANET-Agentic is assessed
using the four evaluation criteria defined in Section 2.2. Based on these
criteria, extensive validation experiments were conducted across all test
cases, as summarised in Table 4.

To assess reliability and reproducibility, the system was tested across

Table 3
Parameters required for simulating different special scenarios in EPANET-
Agentic.

Scenarios Necessary parameters

Leak Leak Pipe Name, Leak Area (m?), Start Time, End
Time

Booster location (Node Name), Source type,
Baseline source strength, Start Time, End Time
Contaminant Location (Node Name)
Power-Outage Component Name, Start Time, End
Time

Fire Fire Location (Node Name), Fire Demand, Start
Time, End Time

Epicenter Coordinates, Magnitude, Depth, Output
(PGA or PGV)

Booster Source Scenarios for
water quality

Contamination

Power Outage

Earthquake
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39 tasks spanning all categories (11 System Characteristics, 11 System
Dynamics, 8 System Operation, and 9 Scenario Simulation tasks) over
the three networks (with the complete dialogue traces for all tests pre-
served in the source code project). As summarized in Table 4, the system
achieved 100% success rates and tool-invocation accuracy without
human intervention beyond routine approval. The average number of
code generation attempts per task remained below 2, indicating that
CodeRunner typically valid results after one correction at most. System
Characteristics tasks required the fewest attempts (as low as 0.9 for C-
Town), since initial .inp file check often sufficed. System Dynamics tasks
required more iterative coding, with C-Town peaking at 1.7 attempts, as
CodeRunner had to directly generate and execute scripts for dynamic
simulations, while in Operation and Scenario Simulation tasks auxiliary
tools managed control insertion or scenario configuration, which
reduced coding demands and kept attempt counts lower. These results
confirm the operational robustness and practicality of EPANET-Agentic
for real-world WDN management.

4.6. Sensitivity and hallucination evaluation results

To evaluate the sensitivity of EPANET-Agentic to variations in task
descriptions, a Semantic Stress Test was conducted using task (b) from
Section 4.4 as the Base Case. Three variations were designed: (1) No
punctuation, “simulate a chemical booster scenario at node n2 using the
SETPOINT method with a strength of 1000 and an activation pattern from 24
h to 48 h run the water quality simulation and plot the time series of quality
through node n352”; (2) Missing sentence, “simulate a chemical booster
scenario at node n2 using the SETPOINT method with a strength of 1000 and
an activation pattern from 24 h to 48 h, plot the time series of quality through
node n352”; and (3) Change order, “simulate water quality after applying
a chemical booster at n2 that maintains a strength of 1000 between 24 h to
48 h using the SETPOINT method, and plot the resulting quality time series at
n352”. Each variant was executed five times. As summarised in Table 5,
the system maintained a 100 percent task success rate and 100 percent
tool invocation accuracy, with no human interventions required. The
only variation occurred in the average number of code generation at-
tempts, with CodeRunner typically completing tasks within one to two
attempts. The Missing Sentence variation produced a slightly higher
average of 1.4 attempts, suggesting that incomplete instructions intro-
duced minor interpretive ambiguity while having no effect on task
completion.

Additionally, LLMs are also susceptible to hallucination, generating
plausible but incorrect or irrelevant outputs (Darwish et al., 2025). To
examine this behaviour in EPANET-Agentic, task (b) from Section 4.4
was modified in two ways: (1) replacing the keyword “SETPOINT” with
a natural language description, “maintains a fixed concentration at node’s
outflow”, and (2) requiring the task to plot water quality distribution
using the WNTR “wntr.graphics.plot network” function. Under normal
conditions, EPANET-Agentic solves this task by having TaskExecutor
add the chemical booster scenario, followed by CodeRunner generating
the plotting code. However, Fig. 8 highlights two representative hallu-
cination cases observed during these tests. When the definition of
“SETPOINT” was not explicitly provided in the TaskExecutor’s system
prompt, the agent incorrectly used the “CONCEN” method. Similarly,
when CodeRunner lacked accurate knowledge of the wntr.graphics.
plot_network function, it defaulted to using matplotlib, producing blank
output images despite error-free execution. These results directly
demonstrate that such behaviours arise when domain-specific termi-
nology or functions are absent from the agent’s prompt or context.

5. Discussion
5.1. Advantages of tool-driven nested design

Many multi-agent architectures hardwire which agents interact with
which others, providing scalability and modularity but producing
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Task Input: load 'L-TOWN.inp'

a. Simulate a leak scenario at pipe 'p1'and 'p2' with a leak area 0f 0.05 m? and 0.02 m? occurring from 86400 to 172800 seconds, run the hydraulic
simulation, and then plot the time series of flow rate through pipe 'p1'and 'p2".

b. simulate a chemical booster scenario at node 'n2'using the SETPOINT method with a strength of 1000 and an activation pattern from 24h to 48h, run
the water quality simulation and plot the time series of quality through node 'n352".

c. Simulate a contamination event at node 'R1', run a water quality tracer simulation, and plot a time series plot of tracer percent for node 'T1".

d. Simulate a power outage for pump 'PUMP_1" from 86400 to 172800 seconds, run the hydraulic simulation, and plot the time series of the this pump's
status.

e. Simulate a fire event at junction 'n1' with a demand of 0.2 LPS from 86400 to 172800 seconds, run the hydraulic simulation and plot the time series of
flow rate through link 'p253".

f. simulate an earthquake with an epicenter at (14000, 6000), magnitude 6.5, and depth 10000 m, and visualize the PGA distribution associated with each
link across the network as a topology map.

Test tasks
Orchestrator individually sk Execucor,

TaskExecutor actions:
® Call the 'check .inp file' tool to verify that the input .inp file is valid and runnable. Ensure that all
specified nodes, links, and time points are properly defined and fall within the simulation’s temporal
bounds.
® Call the 'add speical scenarios' tool to apply the speical scenarios to the network based on the task

Orchestrator actions:
1. Step 1: Use TaskExecutor to
check basic information of the
file 'L-TOWN.inp'".

2 Step‘2: Use Ta‘skEx('ecutorto add 11,2 description, and save the modified network as a .pickle file.
special scenarios to 'L-
TOWN.inp'.

3. Step 3: Use CodeRunner to Results Generated by CodeRuner

e?(ecute_ the appropriate A Task (a) Task (b) Task (c)
simulation (e.g., hydraulic or Fow Rates i Leskfct Pies

water quality) and save the “ = |
relevant results as plots for further "
analysis. i 'VL k
7'} i n ‘
Delegates to a sub-agent ~ |
Generated by| ... — — e
and returns the result | 5 ; U ruyguutl . JU

y

CodeRuner

CodeRuner v Task (d) Task ()

_PUMP Staus During Power Outage

PGA (g)
o012

CodeRuner actions:

Writes and executes a Python script to -
complete the task specified by the
Orchestrator and saves the result. .

0010
0008
+oo0s
0004
0002

Fig. 7. Six illustrative Scenario Simulation tasks using EPANET-Agentic: (a) leak, (b) chemical booster, (c) tracer contamination, (d) pump power outage, (e) fire
demand, and (f) earthquake.

Table 4

Trustworthiness verification of EPANET-Agentic across different test tasks.
Task Category (Number of Tasks) System Characteristics (11) System Dynamics (11) System Operation (8) Scenarios Simulations (9)
WDN L-Town C-Town Net3 L-Town C-Town Net3 L-Town C-Town Net3 L-Town C-Town Net3
Avg. Code Attempts 1.4 0.9 1 1.4 1.7 1.6 1.4 1.5 1.3 1.1 1.4 1.3

Note: Tool invocation accuracy (100%), human intervention (0), and success rate (100%) were consistent across all tasks and therefore omitted from the table for
conciseness.

at runtime, improving flexibility; however, this choice is governed by
policies conditioned on prompts, leaving behaviour susceptible to
prompt drift, ambiguity, and limited control granularity (Fourney et al.,
2024). Building on these insights, this study adopts the tool-driven

Table 5
Results of the Semantic Stress Test, evaluating the sensitivity of EPANET-Agentic
to variations in task descriptions.

Type Base  Nopunctuation  Missing Change nested agent design described in Section 2.2, in which the Orches-
sentence order trator invokes sub-agents through predefined, typed function-call in-

Avg. Code 1211 1.4 1.2 terfaces that present each agent as a callable tool with a unique name
Attempts and concise description. This design offers several key advantages: (1)
Note: Tool invocation accuracy (100%), human intervention (0), and success by decomposing complex tasks into structured tool calls with
rate (100%) were consistent across all tasks and therefore omitted from the table well-defined parameters, the design minimizes reliance on extended
for conciseness. conversational context, mitigating issues, such as context overflow and

hallucinations commonly in LLM-based reasoning (Darwish et al.,
brittle, task specific pipelines with limited adaptability 2025); (2) predefined key parameters combined with integrated vali-
(Jimenez-Romero et al., 2025). By contrast, systems such as Microsoft’s dation mechanisms help ensure tool outputs align with user intent and
Magentic-One employ a central orchestrator that selects the next agent prevent unintended behaviours (Ghafarollahi and Buehler, 2025),
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Simulate a chemical booster scenario at node 'n2'
using a source that maintains a fixed concentration
at the node's outflow, with a strength of 1000 and
an activation pattern from 24h to 48h, run the water
quality simulation and plot the quality distribution
at time 24h.

0
o0

s
Add special scenarios
Parameter: 'source_type"

] [l
'SETPOINT'
o -
TaskExecutor

P
| ]

Add special scenarios
Parameter: 'source_type":
TaskExecutor Z

v/

~

'CONCEN'

I knowhowto use
wntr.graphics.plot
network

CodeRuner

CodeRuner
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watr.graphics.plot_network(

wn,

filename ="'quality_distribution_24h.png',
node_attribute=quality _at_24h,

node_size=30,

node_colorbar_label='Chemical Concentration’,
title=fChemical Concentration Distribution at 24h")

v

pltfigure(figsize=(12, 10))
watr.graphics.plot_network(

wn,

node_attribute=quality _at_24h,

node_size=30,

node_colorbar_label='Chemical Concentration’,

title=Chemical Concentration Distribution at 24h")
plt.savefig('quality_distribution_24h.png')

—

Fig. 8. Representative cases of LLM hallucinations observed in EPANET-Agentic when domain-specific instructions are incomplete.

enhancing reliability in engineering workflows; and (3) its modular,
robust, and composable architecture supports seamless integration of
new tools or agents without model retraining, facilitating adaptability
and cross-domain scalability (Zhang et al., 2025). Collectively, these
properties enable EPANET-Agentic to provide a safe, controllable, and
scalable platform for orchestrating complex WDN simulations, aligning
with best practices for multi-agent systems in critical domains.

5.2. Human-in-the-Loop mechanisms and hallucination mitigation
strategies

Although the Semantic Stress Test in Section 4.6 shows that the
system performs strongly, real-world usage involving diverse users may
introduce greater semantic variability, increasing the risk of execution
errors. Thus, integrating a human-in-the-loop mechanism into EPANET-
Agentic is essential. In the current design of EPANET-Agentic, every tool
or sub-agent invocation requires explicit user approval, which prevents
unintended simulation operations and ensures that no physically invalid
hydraulic computation can proceed without human verification. This
mechanism allows continuous monitoring and intervention, such as
clarifying ambiguous inputs, adjusting execution plans, or correcting
outputs, ensuring reliability in safety-critical applications like water
distribution systems. Although many studies (Feng et al., 2025; Gold-
shtein et al., 2025) focus on fully automated agent systems, the unpre-
dictability of LLMs necessitates human oversight to ensure robustness
and reliability in complex or safety-critical applications such as water
distribution systems.

Additionally, the hallucination case in Section 4.6 underscores the
importance of precise system prompts in constraining agent behaviour
and mitigating hallucinations. However, due to context length limita-
tions, it is impractical to embed all necessary domain knowledge directly
into prompts (Wang et al., 2024). In this study, EPANET-Agentic further
reduces hallucination risks by using a strict system message that
explicitly forbids the LLM from fabricating numbers and by restricting
the LLM from generating any numerical results. All hydraulic values
must be produced by predefined Python functions implemented with the
WNTR library, which ensures full compliance with EPANET’s physical
and modelling constraints and prevents the system from producing
physically impossible outcomes. Beyond the safeguards adopted in this
study, several complementary strategies have been explored in recent
work. Goldshtein et al. (2025) incorporated Retrieval-Augmented Gen-
eration (RAG) into the LLM-EPANET architecture, effectively mitigating
reasoning errors caused by knowledge gaps in water distribution system
modelling and significantly improving model accuracy in handling
complex queries. In contrast, Darwish et al. (2025) proposed a
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multi-agent framework that combines external API tool grounding with
rule-based verification, utilising a consultant-evaluator agent structure
to effectively reduce LLM hallucinations and enhance system stability in
practical deployments. More recently, Microsoft’s GraphRAG (Edge
et al., 2025) has demonstrated how graph-based retrieval structures can
further improve contextual reasoning by organising knowledge to cap-
ture relationships between entities, enabling agents to handle complex
tasks with higher precision. Therefore, as EPANET-Agentic continues to
expand, integrating advanced knowledge retrieval and context man-
agement techniques to enhance its reasoning accuracy and robustness
will be an inevitable trend.

5.3. Limitations and future directions

This study integrates LLMs’ advanced reasoning, planning, and
multimodal capabilities with EPANET’s simulation environment to
develop EPANET-Agentic, a natural language-controlled multiple agent-
based system for WDN analysis. Experimental results across multiple
task categories demonstrate high success rates, accurate tool invocation,
and minimal need for human intervention. These results indicate the
potential to lower the operational barrier to complex hydraulic model-
ling by allowing natural-language control that reduces the need for
EPANET-specific operational skills for model editing, control setup, and
automated scenario runs, while maintaining engineering-grade reli-
ability, with broader accessibility to non-expert users remaining a future
direction. The tool-driven nested agent architecture reduces hallucina-
tion risks, enhances workflow transparency, and ensures modular scal-
ability, thereby enabling seamless coordination between agents and
tools to complete a wide range of WDN analytical tasks. However, as the
current system represents an early-stage prototype, its functionality re-
mains limited to routine EPANET operations rather than the full spec-
trum of modelling and decision-support tasks required by different
water-sector stakeholders.

Beyond these findings, several limitations must be acknowledged.
First, EPANET-Agentic currently processes only predefined .inp files and
cannot autonomously construct network models from heterogeneous
data. Second, performance remains sensitive to the design of human
prompts, with susceptibility to subtle hallucinations when domain-
specific instructions or tool descriptions are incomplete. Third, evalua-
tion has been limited to benchmark networks, its performance on large-
scale WDNs with thousands of elements remains unverified, where
computational efficiency and memory usage may become critical con-
straints. Finally, the system operates offline without real-time data
integration or online decision-making capabilities, both of which are
essential for practical deployment in operational water utilities and its
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integration as a digital twin. These limitations reflect the system’s cur-
rent focus on supporting operators and technicians with basic analytical
tasks, while more advanced functionalities for researchers, planners,
and decision-makers are yet to be developed.

To address these limitations, future research needs to proceed along
several directions. First, the integration of SCADA and GIS systems,
together with real-time sensor data streams and online learning mech-
anisms, is expected to enable EPANET-Agentic to automatically
construct, update, and optimise EPANET input files while supporting
continuous decision-making, thereby moving EPANET-Agentic closer to
proactive network management. Second, incorporating RAG and graph-
based knowledge representations will enhance contextual reasoning and
reduce the system’s reliance on static prompts, consequently mitigating
further the risk of hallucinations (Aquino et al., 2025; Arslan et al., 2024;
Edge et al., 2025). Third, replacing general-purpose LLMs with distilled,
domain-specialized small language models may significantly improve
computational efficiency and reliability in hydraulic engineering ap-
plications (Shen et al., 2025), while also addressing the practical
requirement for on-premises deployment. Fourth, future versions of
EPANET-Agentic may incorporate emerging research on evolving agent
systems (Fang et al., 2025) that continually improve their performance
through interaction with the environment, offering a path toward
enhanced robustness as the system is used over time. In parallel, prac-
tical implementations could develop user feedback loops, visualisation
tools for monitoring workflow execution, and adaptive mechanisms to
handle semantic variability in natural-language prompts, helping to
balance automation with necessary human oversight in safety-critical
WDN applications. Finally, extending the multi-agent system to other
simulation domains, such as sewer networks and urban drainage sys-
tems, will broaden its applicability. With additional domain modules,
deeper integration of LLM reasoning abilities, and improved task
diversification, EPANET-Agentic aims to gradually expand its target
audience to include researchers, students, and decision-makers and to
support a more comprehensive suite of scientific, operational, and
planning workflows. With its modular architecture and inherent ability
for continuous evolution, EPANET-Agentic holds great promise as a
next-generation solution for autonomous, intelligent, and resilient
WDNs management.

6. Conclusions

This study proposed EPANET-Agentic, a novel multi-agent system
that combines the advanced reasoning and planning capabilities of LLMs
with the robust simulation environment of EPANET. Results from a se-
ries of 39 test tasks, including System Characteristics, System Dynamics,
System Operation, and Scenario Simulation, indicate that EPANET-
Agentic delivers accurate, reproducible simulations under natural-
language control. It achieved a 100 percent task success rate and 100
percent tool invocation accuracy across all scenarios, confirming that it
retains EPANET’s computational reliability while enabling natural-
language operation. Supported by a tool-driven design that minimises
hallucination risk and offers modular extensibility, the system is posi-
tioned for broader integration and applications, such as Digital Twin use
in WDN management, thereby charting a practical path toward live,
data-driven deployments.

Overall, EPANET-Agentic highlights the potential of LLM-powered
multi-agent systems to streamline hydraulic modelling workflows by
replacing software-specific operational steps with natural-language
interaction, without compromising numerical correctness. Neverthe-
less, the current system remains limited by its dependence on predefined
input files and offline operation. Future work will aim to integrate
SCADA/GIS systems, real-time adaptive learning, and retrieval-
augmented reasoning, and a dedicated safeguarding layer for contin-
uous validation and risk management, which will further enhance its
functionality and establish EPANET-Agentic as a next-generation solu-
tion for autonomous, intelligent, and resilient WDNs management.
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