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A B S T R A C T

Effective management of Water Distribution Networks (WDNs) is essential to ensure efficient and reliable water 
supply in cities. However, many management tasks require complex system modelling and optimization ap
proaches, which heavily rely on specialized domain expertise and human resources. Recent advancements in 
Large Language Models (LLMs) offer promising opportunities to automate complex hydraulic decision-making 
tasks. This study presents an LLM-based agent framework to automate WDN management tasks. Two tasks are 
considered to evaluate the feasibility and limitations of LLM agents: hydraulic model calibration and pump 
operation optimization. The key component of the proposed framework is an Orchestrating Agent that interprets 
tasks and system states, generates update strategies or executable code, and interacts with three specialized 
agents to carry out implementation: a Knowledge Agent performing reasoning based on hydraulic principles, a 
Modelling Agent that interfaces with hydraulic simulation tool EPANET, and a Coding Agent that executes code 
and returns output feedback. To assess the capabilities of these agents, the framework was systematically tested 
on two benchmark WDNs - Net2 and Anytown. The results indicate that the reasoning capability demonstrated 
through interaction with the Knowledge Agent effectively replicates expert-level hydraulic thinking, though it 
lacks numerical precision. In contrast, the Modelling Agent, which integrates external simulation tools, enhances 
reliability, although interpreting and enforcing numerical constraints expressed in natural language remain 
challenging, particularly in looped networks such as Anytown where the agent often converged to suboptimal 
solutions. Furthermore, the Coding Agent, where code for optimization algorithms is iteratively generated and 
executed, delivers the most consistent and accurate performance across both networks, underscoring its practical 
potential. These findings highlight the potential of LLM-based agents for automated, accurate hydraulic opti
mization, and represent a significant step toward LLM-driven multi-agent frameworks for hydraulic decision- 
making. This work establishes a foundation for future advancements in specialized, domain-focused LLM ap
plications in complex hydraulic management scenarios.

1. Introduction

Water Distribution Networks (WDNs) play a critical role in ensuring 
the continuous delivery of safe, reliable, and high-quality water to 
consumers (Fu et al., 2022a; Sarbu and Popa-Albu, 2023; Zaman et al., 
2021). Their operational priorities span a wide range of objectives, 
including 24/7 service continuity, sustainable energy and operational 
costs, minimal water losses, limited environmental and social impact, 
and satisfactory customer service (Sharif et al., 2022; Zarei et al., 2022). 
However, meeting these objectives has become increasingly difficult in a 
rapidly changing context. Many WDNs face the challenges of ageing 

infrastructure, evolving demand patterns, reduced workforce continu
ity, and the growing frequency of extreme weather events (Gong et al., 
2023; Sela et al., 2025). In this complex environment, hydraulic opti
mization tasks are fundamental to improving system efficiency, resil
ience, and sustainability (Nedaei, 2025).

Among these hydraulic optimization tasks, hydraulic model cali
bration and pump operation optimization are two critical and exten
sively studied problems, due to their significant impacts on network 
performance and operational costs (Batista do Egito et al., 2023; 
Makaremi et al., 2017; Zhang et al., 2018). The two problems are also 
specific examples of the two general types of decision-making 

* Corresponding authors.
E-mail addresses: g.fu@exeter.ac.uk (G. Fu), d.savic@exeter.ac.uk (D. Savic). 

Contents lists available at ScienceDirect

Water Research

journal homepage: www.elsevier.com/locate/watres

https://doi.org/10.1016/j.watres.2025.124536
Received 17 June 2025; Received in revised form 28 August 2025; Accepted 1 September 2025  

Water Research 288 (2026) 124536 

Available online 2 September 2025 
0043-1354/© 2025 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://orcid.org/0009-0003-4659-3788
https://orcid.org/0009-0003-4659-3788
https://orcid.org/0000-0003-1045-9125
https://orcid.org/0000-0003-1045-9125
https://orcid.org/0000-0001-9567-9041
https://orcid.org/0000-0001-9567-9041
mailto:g.fu@exeter.ac.uk
mailto:d.savic@exeter.ac.uk
www.sciencedirect.com/science/journal/00431354
https://www.elsevier.com/locate/watres
https://doi.org/10.1016/j.watres.2025.124536
https://doi.org/10.1016/j.watres.2025.124536
http://creativecommons.org/licenses/by/4.0/


challenges: inverse analysis (calibration) and operational optimization 
(pump operation) in WDN management. Historically, methodologies 
addressing these tasks have evolved through various water management 
paradigms (Fu et al., 2024): empirical approaches based on field ob
servations and trial-and-error adjustments; theoretical formulations 
grounded in classical hydraulic equations such as Hazen–Williams and 
Darcy–Weisbach (Khedr et al., 2015); computational optimization 
techniques such as genetic algorithms, gradient-based methods, and 
differential evolution (Nedaei, 2025; Sarbu, 2021; Sarbu and Popa-Albu, 
2023); and more recently, data-centric approaches leveraging machine 
learning and data-driven modelling (Fu et al., 2022; Meggiorin et al., 
2024). Despite their technical maturity, these methods remain difficult 
for non-experts to interpret and apply, requiring intensive manual tun
ing and domain expertise that limit real-time usability in operational 
settings (Hedaiaty Marzouny and Dziedzic, 2024; Ren et al., 2024).

In recent years, Large Language Models (LLMs) have emerged as 
promising tools for bridging the gap between advanced automation and 
human interpretability in complex system management (Sami et al., 
2024). However, general-purpose LLMs typically generate single-turn 
responses, and their accuracy and capacity tend to decline as task 
complexity increases (Zhang et al., 2025b). In contrast, LLM-based 
agents embed the language model within a structured architecture 
comprising profile, memory, planning, and action modules, which are 
implemented through prompt engineering and external mechanisms 
rather than model retraining (Wang et al., 2024a). The profile module 
defines the agent’s role, personality, and social context through tailored 
prompts (Masterman et al., 2024; Wang et al., 2024a). The memory 
module enables short- and long-term recall by injecting retrieved or 
summarized information into the prompt context as a reminder to avoid 
model drift (Liu et al., 2025; Wang et al., 2024a). The planning module 
guides task decomposition and refinement by updating prompts with 
intermediate reasoning and feedback, where reasoning refers to the 
LLM’s ability to simulate problem solving by breaking down tasks into 
logical steps (Wang et al., 2024a). The action module converts LLM 
outputs into executable operations or tool invocations, reintegrating the 
results into subsequent prompts (Wang et al., 2024a). Together, these 
components enable autonomous task execution, adaptive feedback 
integration, and coherent multi-step interaction, transforming LLMs 
from passive responders to proactive, goal-directed agents.

LLM-based agents are increasingly being explored as central engines 
in autonomous workflow frameworks across diverse fields. For instance, 
LLM-based agents have been applied to traffic control systems, where 
they emulate human-like judgment in managing dynamic, uncertain 
urban environments (Movahedi and Choi, 2025; Wang et al., 2024b), 
building energy optimization (Zhang et al., 2025b) and geoscientific 
data processing (Zhang et al., 2025a). These developments highlight the 
potential of LLM-based agents beyond language tasks, as their agentic 
behaviour is supported by iterative dialogue and integration with 
domain-specific tools. Such innovative use offers a new paradigm for 
addressing high-level cognitive challenges.

Despite increasing interest in LLM-based agents across domains, 
their application in the water sector remains limited and largely 
exploratory. A few studies have demonstrated their potential in con
structing domain-specific digital twins and knowledge graphs for water 
conservation (Yang et al., 2024) and estimating flood depth from im
agery (Lyu et al., 2025). Other studies have applied LLMs to 
water-efficient resource scheduling in data centres (Sami et al., 2024) or 
to question answering in water engineering (Xu et al., 2025). Within 
WDN management, only a few studies have emerged: a 
ChatGPT-assisted framework for pump operation optimization through 
iterative prompt refinement and EPANET feedback (Hedaiaty Marzouny 
and Dziedzic, 2024), a multi-agent framework where an orchestrating 
agent coordinates specialized agents for perception, analytics, model
ling, and optimization (Fu, 2025), and an approach exploring the po
tential of generative AI to support customer interaction, training, and 
reporting workflows in water utilities (Sela et al., 2025). None of these 

efforts systematically evaluates the core capabilities that underpin 
agentic decision-making in WDN management, including reasoning 
through prompts, tool calls, executable code generation. Most imple
mentations remain ad hoc, with limited modularity, tool integration, or 
interaction design, highlighting the need for structured, agentic frame
works to support more autonomous and context-aware decision-making.

To address this gap, we propose and evaluate a novel multi-agent 
framework in which collaborating LLM-based agents use interactive 
prompting, simulation tools and autonomous coding to enhance hy
draulic decision-making in WDNs. It focuses on two representative 
optimization tasks: inverse analysis (e.g., hydraulic model calibration) 
and operational optimization (e.g., pump operation). For each task, an 
Orchestrating Agent first interprets the task description and the current 
state of the hydraulic system. This is followed by fixed-round in
teractions between the Orchestrating Agent and each of three special
ized agents, each designed to evaluate a distinct core capability: 
reasoning, where a Knowledge Agent performs formula-guided numeri
cal reasoning though hydraulic principles described in natural language 
within its system prompt; simulation tool interaction, where a Modelling 
Agent offers physically grounded feedback via simulation tools; and 
autonomous coding, where a Coding Agent executes software code (e.g., 
Python scripts) generated by the Orchestrating Agent to accomplish 
specific hydraulic tasks. By evaluating these capabilities on two 
benchmark networks, i.e., Net2 and Anytown, this study provides a 
structured, comparative assessment of these agent capabilities in terms 
of decision quality, computational performance, and adaptability across 
hydraulic contexts, establishing a foundation for more specialized, tool- 
integrated LLM agents in water system management.

2. Methodology

This section outlines a multi-agent framework based on LLMs to 
automate two commonly encountered tasks in WDN management: hy
draulic model calibration and pump operation optimization. It details 
how LLM agents are developed and structured into cohesive planning 
architecture, emphasizing system design and collaborative agent in
teractions. Section 2.1 introduces the overall framework used to eval
uate the core capabilities of LLM-based agents, while Sections 2.2 and 
2.3 present the problem formulations for hydraulic model calibration 
and pump operation optimization, respectively. Section 2.4 outlines the 
experimental setting used to implement and evaluate the proposed 
framework.

2.1. Overview of the LLM-based agent interaction framework

This section presents a multi-agent interaction framework aimed at 
evaluating the potential of three core capabilities of LLM-based agents in 
supporting hydraulic decision-making tasks within WDNs. As illustrated 
in Fig. 1, the framework processes user-defined tasks through three 
separate modes, each involving a pairwise interaction between an 
Orchestrating Agent and one specialized agent. Each agent, including 
the Orchestrating Agent, is defined solely through role alignment and 
behavioural constraints encoded in its system prompt (see Tables S1–S4 
for detailed prompts), which specify its function, domain scope, and 
response format. The Orchestrating Agent receives a structured task 
description, interprets the current state of the WDN, and interacts 
individually with one specialized agent that is explicitly assigned in 
advance for evaluating a specific capability. For example, a user might 
submit the following instruction: “Electricity prices are high between 
6am and 12pm. Adjust the pump speed to reduce operating costs.” Based 
on its system prompt, the Orchestrating Agent acts as a hydraulic expert 
and may respond: “Electricity prices are elevated between 6am and 
12pm. I recommend reducing the pump speed to 0.9 during this period. 
Hydraulic Calculator (Knowledge Agent), please verify the impact 
through simulation and return the results.” This lightweight design en
ables the systematic and isolated evaluation of each agent’s performance 
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across three targeted competencies, which are examined through the 
following configurations: 

(a) Reasoning Capability, which is assessed through interaction be
tween the Orchestrating Agent and the Knowledge Agent. In this 
configuration, the Orchestrating Agent assumes the role of a 
Hydraulic Expert by analysing the task objectives and network 
state, planning update strategies, and proposing modifications to 
parameters such as pipe roughness values or pump speeds. Upon 
receiving these proposals, the Knowledge Agent performs 
formula-guided numerical reasoning, which refers to logic-based 
inference using mathematical formulations such as pressure and 
head loss equations written in natural language within its system 
prompt (Tables S1 and S3). Based on these principles, the agent 
infers the updated WDN state and returns the results to the 
Orchestrating Agent. This process is repeated iteratively to eval
uate the agent’s ability to interpret and respond logically to hy
draulic scenarios using internalized domain knowledge.

(b) Simulation Tool Interaction Capability, which is evaluated via 
direct interaction between the Orchestrating Agent and the 
Modelling Agent, with system prompts provided in Tables S1 and 
S3. This configuration follows a similar mode to Option (a), with 
the key difference that the Modelling Agent acts solely as a 
Modeller by calling external simulation tools. Upon receiving 
instructions from the Orchestrating Agent, it invokes EPANET- 
based hydraulic simulation functions implemented in Python to 
perform physically accurate simulations and return model-based 
feedback. This is enabled through the LLM’s native function 
calling capability, which allows it to interact with registered tools 
by generating structured input arguments, without relying on 
free-form code generation (DeepSeek-AI, 2024). This process is 
used to assess the agent’s effectiveness in leveraging external 
simulations to support and refine decision-making.

(c) Autonomous Coding Capability, which is explored through the 
interaction between the Orchestrating Agent and the Coding 
Agent, with system prompts provided in Tables S2 and S4. In this 
setup, the Orchestrating Agent autonomously generates execut
able Python scripts to address specific hydraulic tasks, with the 
scripts calling predefined objective functions. These scripts are 
then executed by the Coding Agent, which returns the outputs to 
the Orchestrating Agent for analysis and iterative refinement. 
This setup focuses on evaluating the agent’s proficiency in 

dynamic code generation and iterative problem-solving through 
programmatic interaction.

The framework effectively isolates the functional contributions of 
each agent type and provides insights into both the practical potential 
and current limitations of LLM-based agents in complex hydraulic 
decision-making environments.

2.2. Hydraulic model calibration

Calibration constitutes an inverse problem where hydraulic model 
parameters, such as pipe roughness values, are estimated by minimizing 
the discrepancy between simulated and observed data. Pipe roughness 
directly affects head loss and pressure distribution in WDNs, and its 
accurate calibration is essential for reliable hydraulic modelling (Zhang 
et al., 2018). Therefore, roughness calibration is selected in this study as 
a representative task to assess the three core capabilities of LLM-based 
agents within the proposed framework. The goal is to adjust rough
ness parameter values so that simulated pressures closely align with 
observed data. The mean absolute error (MAE) between simulated and 
observed pressures is used as the objective function: 

MAE =
1
N

∑N

i=1
|P̂i − Pi| (1) 

Where P̂i and Pi represent the simulated and observed pressures at node 
i, respectively, and N is the total number of monitored nodes.

To perform hydraulic model calibration, the Orchestrating Agent 
utilizes known system parameters (network topology, observed/initial 
simulated pressures, nodal demands, and initial MAE values from 
Table S1) to generate roughness adjustment strategies. These proposed 
adjustments are then executed by the Knowledge or Modelling Agents, 
which return simulated hydraulic results to the Orchestrating Agent. 
However, their computational methodologies differ significantly. The 
Knowledge Agent performs hydraulic calculations using the Hazen- 
Williams equation, explicitly described in natural language within its 
system prompt as the core computational mechanism: 

Q = k⋅C⋅D2.63⋅
(

H
L

)0.54
(2) 

where Q is the flow rate (m³/s), C is the Hazen-Williams roughness co
efficient (dimensionless), constrained within a range of 60 to 140 in this 

Fig. 1. Overview of the LLM-based Multi-Agent Framework for Automated Solution Development in WDN Management.
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study, D is pipe diameter (m), L is pipe length (m), H is head loss (m), 
and k is a constant (0.849 in SI units) (Rossman et al., 2020). Using this 
equation, the Knowledge Agent estimates downstream node pressures 
based on cumulative head losses from a fixed reservoir head. Further 
details on the agent’s system prompt are provided in Table S1. In 
contrast, the Modelling Agent uses externally registered hydraulic 
simulation tools, specifically Python-based EPANET functions, to 
execute simulations. The pseudocode for these functions is presented in 
Function S1.

The calibration task handled by the Coding Agent differs notably. 
Instead of using descriptive text-based input, the Orchestrating Agent 
receives structured input in the form of file paths (Table S2). Based on 
these path-based descriptors, the Orchestrating Agent autonomously 
generates executable Python scripts that read the input files, extract 
relevant network and pressure data, and apply roughness optimization 
routines. This automated scripting process emulates the behaviour of 
professional coders. Subsequently, the Coding Agent executes these 
scripts locally to complete the calibration tasks.

2.3. Pump operation optimization

Pump stations are the primary consumers of energy in WDNs, with 
electricity usage reaching up to 90 % in some systems (Hedaiaty Mar
zouny and Dziedzic, 2024). Enhancing pump operation efficiency can 
therefore lead to substantial cost savings. To further examine the three 
capabilities of LLM-based agents, pump operation optimization is 
selected as a second representative task due to its practical relevance 
and computational complexity. In this study, the objective is to mini
mize the total energy cost associated with pump operation over a pre
defined time horizon by adjusting the relative operating speeds of the 
pumps. The cost is calculated based on the hydraulic head, flow rate, 
electricity tariff, and pump efficiency, using the following equation: 

Total Cost =
ρg

3.6 × 106⋅η
∑T

t=1
(Qt⋅Ht⋅Δt⋅Pricet) (3) 

where Ht is the pump head (m), Qt is the flow rate (m³/s), Pricet is the 
electricity price at time t (£/kWh), η is the pump efficiency (dimen
sionless). ρ is the water density (kg/m³, typically 1000) and g is the 
gravitational acceleration (9.81 m/s²). The energy consumed during 
each hydraulic time step Δt (s) is obtained by converting hydraulic 
power (W) into energy (kWh) through division by 3.6 × 106.

Similar to Section 2.2, in the pump operation optimization task, the 
Orchestrating Agent uses known task information alongside embedded 
hydraulic knowledge to propose operational strategies. The Knowledge 
Agent performs hydraulic simulations based on equations below 
explicitly provided through system prompts, in addition to Eqs. (2) and 
(3): 
{

Qt = Qbase × st

Ht = Hbase × s2
t

(4) 

Where Qbase and Hbase represent the baseline flow rate and head at full 
speed, respectively, and st is the relative speed of the pump at time t, 
constrained within a range of 0.85 to 1.15. Further details on the agent’s 
system prompt are provided in Table S3. The Modelling Agent again 
employs externally registered hydraulic simulation tools using Python- 
based EPANET functions, with pseudocode detailed in Function S2. 
The Coding Agent maintains the same structural approach as in the 
roughness calibration task, where the Orchestrating and Coding Agents 
generate and execute Python scripts; however, their system prompts are 
adapted specifically to the pump operation optimization context 
(Table S4).

2.4. Experimental setting

This section outlines the implementation details and experimental 
configuration used to evaluate the proposed LLM-based agent frame
work. The system was developed using the AutoGen framework, an 
open-source platform designed for orchestrating structured communi
cation and task delegation among LLM-based agents (Barbarroxa et al., 
2025). Python (v3.11) served as the programming environment. All 
hydraulic simulations were conducted using the Water Network Tool for 
Resilience (WNTR), a Python library that programmatically interfaces 
with EPANET 2.2 to support the modelling and analysis of WDNs (Klise 
et al., 2020). The LLM employed across all agent roles was DeepSeek-V3 
(DeepSeek-AI, 2024) (API deployment, 16 K context window), selected 
for its demonstrated capability in multi-turn reasoning and Python code 
generation. To ensure deterministic behaviour and eliminate stochastic 
variability in outputs, generation parameters were fixed with a tem
perature of 0, a random seed of 10, a maximum token limit of 2048, and 
a timeout setting of 600 s.

To reflect the varying complexity of each coordination mode 
described in Section 2.1, different interaction limits were applied. The 
Orchestrating Agent was limited to five interaction rounds when 
engaging with the Knowledge and the Coding Agents, reflecting the 
relatively lightweight nature of formula-guided numerical reasoning 
and standalone code execution, as well as preliminary observations that 
most tasks were completed within three to five turns, which indicates 
high interaction efficiency. In contrast, up to 30 interaction rounds were 
permitted during exchanges with the Modelling Agent, as calling 
external simulation tools hides intermediate reasoning steps, requiring 
more dialogue to fully demonstrate the agent’s decision-making 
behaviour. All experiments were executed on a fixed computational 
setup comprising an Intel i7–14700HX CPU and an NVIDIA RTX 4060 
GPU (8 GB) to ensure consistency and reproducibility. Agent role 
prompts, input formats, and task specifications were standardized across 
all experiments, with full details of system message definitions and 
initial chat configurations provided in Tables S1–S4 of the Supporting 
Information.

3. Case study

3.1. Benchmark WDNs

To evaluate the proposed agent-based framework, two benchmark 
WDNs with distinct topological and operational characteristics were 
selected, as illustrated in Fig. 2. Net2 is a tree-based network sourced 
from the EPANET example library, while Anytown is a looped network 
originally developed as a benchmark for WDN design and operational 
optimization (Walski et al., 1987). The main structural features of each 
network are summarized in Table 1, where for the roughness calibration 
task, the initial roughness value of all pipes was uniformly set to 70 to 
simulate an uncalibrated baseline condition. The actual pipe roughness 
values are shown in Fig. S1, where Net 2 mostly consists of pipes with a 
roughness of 100 and some sections with 70 or 140, while Anytown 
features roughness values of 70, 120, and 130 across different pipe 
sections. However, although the pump station location is indicated in 
Fig. 2, the Net2 lacks explicit pump element definitions (Hoagland et al., 
2015), and represents the source and pump station as a single junction 
node. As a result, pump operation optimization was not performed on 
Net2, and only hydraulic model calibration was conducted.

3.2. Data preparation

In the proposed agent-based framework, each agent role is defined 
through natural language system prompts, as detailed in Tables S1–S4. 
To initiate a task, a task description in natural language format is also 
required. For the evaluation of Reasoning and Tool Interaction capabil
ities, this description includes both the task objective and baseline WDN 
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data as plain text. The inputs typically consist of: 

1. WDN Information: The EPANET .inp file content is directly converted 
into natural language and embedded into the task description.

2. Water Demands: Based on the predefined demand patterns used in 
the Net2 and Anytown networks [from (Rossman et al., 2020; Walski 
et al., 1987)], EPANET simulations are run to compute time-varying 
demands at each node. These demand values are then incorporated 
into the task as plain-text entries.

3. Observed Values: Using the same water demands as in (2) together 
with the actual pipe roughness, EPANET simulations are run to 
extract node pressures over time as observed ground truth values, 
while predefined electricity prices (£/kWh) for each time interval are 
also included in the task description.

4. Baseline State: Initial EPANET simulated values, such as pressures 
from a model with uniform pipe roughness (e.g., roughness = 70, 
Table 1) or pump energy consumption at each time step under initial 
settings (e.g., pump speed =1). These values are likewise embedded 
into the prompt using natural language.

5. Initial Objective Metric: The baseline error metric (e.g., initial MAE) 
or cost for comparison.

In contrast, when evaluating the Autonomous Coding capability, none 
of the above datasets are included in the task prompt as plain text. 

Instead, the task description provides file paths pointing to the relevant 
data files. The agents are expected to autonomously generate code to 
read, process, and utilize these datasets during the calibration or opti
mization task.

4. Results

4.1. Reasoning capability

This section evaluates the agent’s reasoning capability through in
teractions between the Orchestrating and the Knowledge Agents across 
three distinct experimental scenarios. In this case, the Knowledge Agent 
receives update proposals from the Orchestrating Agent and performs 
computational reasoning based on Eqs. (1) to (4), which are embedded 
as text in its prompt message. Each experimental scenario was repeated 
for five times, detailed dialogues and interaction logs of the best- 
performing rounds recorded in Text Files S1–S3, while Fig. 3 presents 
a simplified summary of the first-round dialogue, illustrating the human- 
like reasoning patterns of the orchestrating and knowledge agents, 
including (1) in Fig. 3, the orchestrating agent identifies nodes with 
large pressure deviations and updates pipe roughness based on the logic 
of increasing upstream roughness when simulated pressures are too 
high, while the knowledge agent performs new simulations and error 
analysis; and (2) in Fig. 3, the orchestrating agent adjusts pump speeds 
according to electricity prices, for example by reducing speed during 
high-price periods and increasing speed during off-peak periods.

Furthermore, to assess the knowledge agent’s reasoning accuracy in 
complex calculations, we re-simulated the optimal roughness and pump 
speed strategies with EPANET and compared the resulting node pres
sures and pump costs with the outputs generated by the knowledge 
agent. Thus, the errors reported in Fig. 4 quantify the numerical devi
ation between the Knowledge Agent’s and EPANET’s computed values, 
for the optimal solution recommended during the agent interaction. 

Fig. 2. The topological structure of (a) Net2 and (b) Anytown WDNs.

Table 1 
Summary of EPANET-defined structural properties of the selected benchmark 
WDNs.

WDNs Reservoirs Junctions Tanks Pipes Pumps Initial Pipe 
Roughness

Net2 None 35 1 40 0 70
Anytown 3 19 None 40 1 70

J. Wang et al.                                                                                                                                                                                                                                    Water Research 288 (2026) 124536 

5 



Fig. 4 illustrates box plot of node pressure error in the Net2 network 
(first 10 nodes) under finial roughness calibration strategy from five 
experimental repetitions. Notably, the pressure errors at nodes 6 to 10, 
which are located farther from the source in the branched topology, all 
exceed 4.00 m. A similar pattern is observed in Fig. 4, but the maximum 
error occurs at Node 170 and is below 0.60 m, which nevertheless ex
ceeds the 5 % tolerance commonly used in engineering practice 
(Lingireddy et al., 2004) threshold commonly accepted for engineering 
applications. Additionally, Fig. 4 shows the pump operation cost error in 
Anytown over a 24-hour horizon during the pump operation optimiza
tion task. The Knowledge Agent exhibits clear errors in cost estimation, 
particularly between 6 and 18 h, where the maximum discrepancy from 
EPANET results reaches approximately £150. Although the lower 
bounds of some box plots reach zero, inspection of Text File S3 reveals 
that these time steps correspond to periods where pump speeds 
remained unchanged, requiring no actual reasoning or adjustment by 
the agent.

Overall, these results indicate that while LLM-based agents are 
effective in capturing high-level reasoning patterns, they struggle to 
perform accurate numerical computations using formulas embedded as 
natural language in their prompt messages. For example, Fig. 4 shows 
smaller deviations in the looped network despite the expectation that 
tree-like networks are easier to calibrate, further indicating that the 
Knowledge Agent alone is insufficient for accurate numerical 
computation.

4.2. Tool interaction capability

In Section 4.1, the Knowledge Agent was found to be unable to 
perform accurate hydraulic calculations based on the Hazen-Williams 
formula described using natural language. Therefore, this section 

focuses on the tool-calling capability of the Modelling Agent, which 
leverages EPANET to perform accurate hydraulic computations. In this 
case, Modelling Agent interacts with the WDN environment and assess 
the performance of proposed WDN parameters (roughness values or 
pump speeds) via predefined Python functions. The same tasks from 
Section 4.1 were also replicated five times, including pipe roughness 
calibration for the Net2 and Anytown networks, and pump optimization 
for the Anytown network. Fig. 5 shows that during nine iterations of 
hydraulic model calibration and three iterations of pump cost optimi
zation, the MAE and pump cost do not always decrease monotonically, 
and the final outcomes exhibit noticeable variation across repeated tri
als. Nevertheless, the results demonstrate the agent’s reflective 
reasoning: the Modelling Agent simulates each updated strategy and 
returns the outcome, while the Orchestrating Agent evaluates the result 
against the previous iteration and decides whether further adjustments 
are needed.

To further analysis this process, full transcripts of the best- 
performing trials from repeated experiments are available in Support
ing Information (Text Files S4–S6), and the corresponding iterative 
updates are visualized in Fig. 6. In the Net2 calibration task (Fig. 6), the 
spatial distribution and magnitude of each roughness update are illus
trated, showing a 41 % reduction in MAE from 0.652 m to 0.385 m after 
the ninth iteration. Notably, in iterations 1 to 4, the Orchestrating Agent 
exhibited expert-like behaviour by first modifying roughness values on 
major trunk lines and then progressively increasing the number of 
adjusted pipes. After the fourth iteration, however, the number of 
modified pipes plateaued at eight. This mirrors typical manual calibra
tion patterns, where modifying too many pipes at once obscures causal 
relationships and turns reasoning into trial-and-error, increasing the risk 
of local optima. Although increasing the number of interactions between 
agents can eventually yield meaningful improvements, escaping local 

Fig. 3. Simplified First-Round Dialogue Between Orchestrating and Knowledge Agents Across Three Tasks: Hydraulic Calibration in (a) Net2, (b) Anytown, and 
Pump Operation Optimization in (c) Anytown. The dialogue omits full parameter updates and detailed exchanges, with representative updates highlighted as red 
examples for illustration.
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optima often incurs a high cost in terms of computational tokens and 
reasoning cycles. This phenomenon is particularly observable in the 
Anytown calibration task (Fig. 6), which features a looped network to
pology. The initial MAE of 0.413 m declined only marginally after the 
third iteration, with improvements of <0.01 m per iteration, ultimately 
reaching 0.275 m by the ninth iteration. A closer examination of itera
tions 5 through 9 reveals that the roughness values assigned to pipes 24 
and 56 dropped below the threshold of 60, with similar violations also 
observed across the other four repeated trials. This violation is not 
allowed as defined in the natural language prompt in Table S2. This 
issue was not observed in the simpler, tree-like Net2, but it consistently 
occurred in the more complex looped Anytown network, where local 
changes propagate globally and outcomes become harder to predict, 
even for human experts. As a result, after observing local performance 
gains, the agent often reinforced prior adjustments while overlooking 

constraints, highlighting a key limitation in agent reasoning: prompt 
accumulation and limited memory retention can lead to model drift, 
where the agent gradually overlooks predefined constraints during 
extended dialogue.

For the pump operation optimization task, analysis of Text File S6 
reveals the details of each pump speed update, which are summarized in 
Fig. 7. In Iteration 1, the Orchestrating Agent adjusted the pump speed 
in line with expert strategies by reducing it to 0.95 from 12 h to 18 h, a 
peak electricity pricing hour. In Iteration 2, the similar reduced speed of 
0.95 was applied earlier from 6 h to 12 h, which led to a lower opera
tional cost of £3375. This behaviour aligns with established domain 
knowledge that prioritizes load shifting to reduce energy expenditure. 
While the pump speed was increased to 1.05 during the off-peak hours 
(0h–6 h and 21h–24 h) in Iterations 1 and 2, the Orchestrating Agent 
later observed that reducing pump speed generally led to lower costs. As 
a result, in Iteration 3, the speed during these periods were reduced back 
to 1.03, further decreasing the total cost to £3236. This change illus
trates the agent’s ability to reflect on previous decisions and adjust its 
strategy based on accumulated experience and outcomes, demonstrating 
that tool-augmented reasoning by the modelling agent enables more 
effective optimization compared to the reasoning of the knowledge 
agent without external simulation tools.

4.3. Autonomous coding capability

In Section 4.2, the Modelling Agent addressed the numerical 
computation issues observed with the Knowledge Agent in Section 4.1. 
However, its update strategies still relied on LLM-based human-like 
reasoning, which in looped networks such as Anytown tended to get 
trapped in local optima and occasionally violated the constraints 
imposed by natural language descriptions. Therefore, this section eval
uates the Coding Agent, which incorporates autonomous code genera
tion and execution capabilities to address such challenges. Specifically, 
agents autonomously generate, execute, and refine Python code to solve 
three representative tasks: hydraulic model calibration for Net2 and 
Anytown, and pump optimization for Anytown. As in the previous sec
tions, each optimization experiment was repeated five times, and the 
code logic generated by the Orchestrating Agent across all optimization 
tasks followed a similar structure. Algorithm 1 summarizes the final 
optimization logic derived from iterative interactions between the 
Orchestrating and the Code Agents, capturing the refined structure of 
the code developed for parameter optimization. The code initializes 
decision variables x0 within defined bounds B and defines an error-based 
objective function obj(x). Without predefined algorithm constraints, the 
agent autonomously selects suitable optimization routines, often prior
itizing methods available in the SciPy library, a widely used Python 
package for scientific computing, such as gradient-based approaches (e. 
g., l-BFGS-B) or global search strategies (e.g., Differential Evolution). 
Across successive iterations, the agent simulates network behaviour, 

Fig. 4. Comparison of Knowledge Agent and EPANET simulation results in 
terms of absolute error under the optimal strategy, where (a) and (b) show node 
pressure comparisons during hydraulic model calibration in Net2 (first 10 
nodes) and Anytown respectively, and (c) presents the time-varying pump 
operation cost in Anytown during pump operation optimization. The box plots 
were based on five random runs.

Fig. 5. Convergence of objective functions obtained from the Modelling Agent during interaction with the Orchestrating Agent (five random runs): (a) hydraulic 
model calibration of Net2, (b) hydraulic model calibration of Anytown, (c) pump optimization of Anytown network.
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evaluates candidate solutions, updates parameters, and continues the 
optimization process until convergence criteria or maximum iterations 
are reached.

The code shown in Algorithm 1 was autonomously generated 
through the interaction between the Orchestrating and the Code Agent, 
without human intervention, and it conforms to standard professional 
programming practices. Fig. 8 summarizes the execution outcomes of 
the scripts for three optimization tasks, with each task repeated five 
times. For the relatively simple Net2 network, the code execution results 
were consistent across runs, achieving a MAE of 0.0037 m after 50 it
erations. In contrast, due to the increased complexity of the Anytown 
network and the stochastic nature of LLMs, the execution results 
exhibited some variability. Nevertheless, all runs successfully achieved a 
MAE of 0.0353 m for hydraulic model calibration and reduced the total 

pump operation cost to below £1800. These results significantly 
outperform those obtained from the Orchestrating and Modelling agents 
in Fig. 6, respectively, highlighting the agent’s ability to transcend the 
limitations of language-based reasoning by producing precise and veri
fiable executable code.

Since all groups achieved the optimal objective, three representative 
runs were randomly selected for analysis, supported by full logs and 
code in Supporting Information (Text Files S7–S9). A detailed exami
nation of the agent-generated solutions reveals that, in the hydraulic 
model calibration tasks for Net2 and Anytown (Fig. 9), although the 
average MAE per node remains below 0.1 m, which significantly out
performs the results shown in Fig. 6, the optimal roughness strategies 
deviate from the true pipe roughness values by as much as 60 units in the 
worst-performing pipes, indicating signs of overfitting. In contrast, the 

Fig. 6. Spatial distribution and magnitude of pipe roughness updates obtained from the Modelling Agent during interaction with the Orchestrating Agent for hy
draulic model calibration in the Net2 (a) and Anytown (b) networks. Blue lines represent updated roughness values within predefined bounds, while red lines indicate 
values exceeding these bounds.
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pump operation optimization task in Anytown (Fig. 9) yields pump 
speeds that remain close to the lower bound of 0.85 throughout the day, 
yet still exhibit cost-aware behaviour by reducing pump speed during 
the peak electricity pricing period and shifting loads to off-peak hours. 
While part of the discrepancy can be attributed to calibration data 
overfitting, the findings suggest that code generation alone may not 
always produce robust or practical solutions. A more reliable approach 
may involve combining code generation with agent-based reasoning and 
external simulation tools to enhance performance in complex WDN 
tasks.

5. Discussion

5.1. Token consumption and the central role of LLMs in agent 
performance

In this study, since each agent interaction involved multiple rounds 
of prompts and responses from LLMs, token consumption was adopted as 
the primary metric to quantify the computational cost of agentic 
reasoning, with results shown in Table 2. A token refers to the basic unit 
of information processed during language understanding and generation 
(DeepSeek-AI, 2024), and the number of tokens directly affects both 
computational cost and processing speed, with more tokens leading to 
higher costs and slower performance. The highest token usage was 
observed in interactions between the Orchestrating Agent and the 
Knowledge Agent, particularly in the Hydraulic Model Calibration 
(Net2) task, where up to 265,694 tokens were consumed. This was 

mainly due to the complexity and length of the Knowledge Agent’s re
sponses, which encoded strategic reasoning and optimization logic. 
Even after 30 rounds of interaction with the Modelling Agent, token 
consumption remained low because tool operations were executed 
through local functions without incurring additional token costs. The 
lowest token usage was found in interactions with the Coding Agent, 
typically below 100,000 tokens. This was achieved by passing structured 
data, such as network parameters as variables rather than being 
expressed in natural language, which would otherwise require more 
tokens. However, as analysed in Section 4, invoking each agent’s 
capability individually led to different failure problems when addressing 
complex tasks. This suggests that while higher token usage reflects more 
complex reasoning, it does not guarantee success. Future frameworks 
should balance agent capabilities and token efficiency to improve 
overall performance.

In addition, the importance of LLM quality within the agentic 
framework was assessed through a controlled experiment in which a 
weaker model, DeepSeek-1:16B, was substituted for DeepSeek-V3 in the 
hydraulic calibration task on the Anytown network (see Supplementary 
Text File S10). Despite using identical prompts and system message 
configurations, the agent repeatedly failed to invoke the simulation tool 
correctly, generating hallucinated input parameters that failed to match 
the expected format required by the external tool. This failure highlights 
the inability of earlier models to support precise input formatting and 
forward planning, ultimately preventing the agent from completing the 
reasoning loop.

This example shows the importance of using a robust and well- 
aligned LLM as the foundation of the agent framework. While general- 
purpose models like DeepSeek-V3 performed well in this study, they 
may still be insufficient for domain-specific, numerically sensitive tasks 
such as hydraulic optimization. Future work should focus on developing 
specialized models like WaterGPT (Ren et al., 2024), trained specifically 
for water systems and enhanced with retrieval-augmented generation 
(RAG) techniques (Xu et al., 2024) to improve agent accuracy, reli
ability, and adaptability in complex operational scenarios.

5.2. Prompt, multi-agency and workflow

Beyond the capabilities of the underlying LLM discussed in Section 
5.1, the performance of agent-based frameworks also depends heavily 
on prompt clarity and workflow. Effective delegation requires task de
scriptions to be precise and behaviourally aligned (Guo et al., 2024; Kolt, 
2025; Lyu et al., 2025; Wang et al., 2024a). In this study, we demon
strate the impact of prompt quality through a controlled experiment 
using a reasoning agent with external simulation tools for roughness 

Fig. 7. Variation of relative pump speeds over 24 h and pump operation costs 
across iterations, obtained from the Modelling Agent during interaction with 
the Orchestrating Agent, alongside electricity price fluctuations in the Any
town network.

Algorithm 1 
Parameter Optimization for Water Distribution Networks.

Input: Water distribution network model W, simulation function F(x,W), observed data Dobs (pressure or energy cost), optimization bounds B, maximum iterations max_iter. 
Output: Optimal parameters x*, simulation results F(x*,W), evaluation metric E(x*)

1: Load water distribution network model W.
2: Load observed data Dobs.
3: Initialize decision variables x0 within bounds B.
4: Define the objective function: 

obj(x) = Error(F(x,W), Dobs)
5: Configure optimization algorithm: 

Randomly select an optimizer from the Python library scipy.optimize
6: Set iteration counter t←0.
7: Set best error Ebest←∞.
8: Repeat until t≥max_iter or convergence criteria met: 

Generate candidate solution xt within bounds B. 
Simulate network output: St←F(xt,W). 
Compute current error: Et←obj(xt). 
If Et<Ebest, then: 
Update best solution: x*←xt, Ebest←Et. 
Increment iteration counter: t←t + 1.

9: Evaluate the optimal solution F(x*,W).
10: Return optimal parameters x*, simulation output F(x*,W), evaluation metric E(x*).
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calibration in the Anytown network. When the “Updated Analysis Logic” 
section was removed from the Orchestrating agent’s system message 
[Table S1], the agent lacked guidance on when and how to update its 
decisions. As shown in Fig. 10, this led to repetitive suboptimal outputs, 
with MAE values fluctuating between 0.289 m and 0.312 m. This 
highlights the importance of prompts that are not only goal-directed but 
also structured to reflect expert reasoning and staged decision logic.

Our study employs a collaborative dialogue framework comprising 
an orchestrating agent and specialized agents, which leverages the un
derlying LLM’s capabilities for iterative reasoning, tool invocation, and 
autonomous code generation to accomplish hydraulic model calibration 
and pump operation optimization. However, for more complex and fine- 
grained tasks, each sub-task might require a specialized agent, but this 
does not imply simply increasing the number of agents indiscriminately. 
Recent findings by (Tian and Zhang, 2024) emphasize that merely 
adding more agents does not inherently improve system performance. 
Instead, the effectiveness of multi-agent systems fundamentally depends 
on meticulous role delineation and clearly defined coordination 

mechanisms among agents.
As the number of agents increases, clearly defining and under

standing each phase of the current task becomes increasingly critical for 
managing complexity and maintaining consistency in reasoning. 
Although our study specifically employs an evaluator-optimizer work
flow, there exist several alternative workflow designs suitable for 
handling more refined and complex tasks. These workflows include: (1) 
a chain-of-thought workflow, sequentially organizing multiple steps 
with each step’s output serving as input for the next step (Ferrag et al., 
2025); (2) a parallel pipeline workflow, where multiple agents concur
rently execute separate sub-tasks and integrate their outputs subse
quently (Masterman et al., 2024); and (3) a conditional routing 
workflow, dynamically adjusting the execution path based on interme
diate results and predefined conditions (Yue et al., 2025). As each 
workflow strategy entails distinct trade-offs in scalability, flexibility, 
and coordination cost, selecting an architecture aligned with task 
characteristics will be critical for enabling LLM-based agents to effec
tively support automated water management.

5.3. Findings, limitations and future work

This study presents an analysis of the application of LLM-based 
agents in the management of WDNs. The findings demonstrate that 
such agents are capable of interpreting domain-specific information and 
exhibiting human-like reasoning and reflection. The Knowledge Agent 
performs well in logical reasoning but cannot achieve accurate numer
ical computation when relying solely on formulas expressed using nat
ural language. When integrated with external simulation tools, the 
Modelling Agent interacts effectively with the hydraulic environment 
and provides physics-consistent feedback for precise hydraulic calcula
tions, although its update strategies sometimes converge to sub-optimal 
solutions in looped networks. Finally, interaction with the Coding Agent 
enables the autonomous generation of executable code with high 
computational precision to address hydraulic tasks and achieve near- 
optimal results. On the whole, these capabilities position LLM-based 

Fig. 8. Convergence of objective functions for Coding Agents across three 
optimization tasks: (a) and (b) represent hydraulic model calibration for Net2 
and Anytown, respectively; (c) shows pump operation cost optimization in 
Anytown. The box plots were based on five random runs.

Fig. 9. Optimal solutions from code-generated optimization: (a) and (b) show the absolute roughness error between optimized and true values for hydraulic model 
calibration in Net2 and Anytown, respectively; (c) presents the optimal pump strategy.

Table 2 
Average token consumption per task.

Hydraulic Model 
Calibration (Net2)

Hydraulic 
Model 
Calibration 
(Anytown)

Pump Operation Cost 
Optimization 
(Anytown)

Orchestrating ↔ 
Knowledge Agent

265,694 179,172 123,282

Orchestrating ↔ 
Modelling Agent

169,248 195,320 157,055

Orchestrating ↔ 
Coding Agent

60,586 53,586 51,964
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agents as promising tools for replicating and automating many tradi
tionally manual decision-making processes in WDN operations.

Beyond these findings, several limitations of this study must be 
acknowledged. First, the case studies were limited to relatively simple 
and clearly bounded tasks. Scaling LLM-based agents to more complex 
and larger WDNs involving interdependent components or real-time 
adaptive control strategies remains an open challenge. Second, the 
reasoning-only mode required the encoding of entire network structures 
and hydraulic parameters in plain text format, which could easily exceed 
the input capacity of current LLMs and negatively impact memory ef
ficiency and reasoning coherence. This suggests future extensions to 
leverage code or tool-based variable passing instead of text. Third, this 
study adopted a fully autonomous agent workflow, where only initial 
task definitions were provided by humans, suggesting that incorporating 
periodic human input could improve alignment with operational goals 
and adaptability to dynamic scenarios.

To address these limitations, future research will explore hybrid 
multi-agent frameworks that combine reasoning, tool integration, and 
autonomous coding within a unified architecture (Chen et al., 2025). 
Such systems could dynamically select the most appropriate capabilities 
based on task complexity and data availability, enabling more flexible 
and robust performance across diverse operational contexts. Addition
ally, the development of domain-specialized LLMs, combined with RAG 
to enhance knowledge grounding (Xu et al., 2024), is critical for scaling 
agentic frameworks to complex, real-time water management scenarios 
(Ren et al., 2024). Building on this first step in demonstrating the po
tential of AI agents for hydraulic decision-making, future work should 
also include systematic performance comparisons with 
expert-developed methods to better assess and enhance their capabil
ities. These advancements may ultimately enable human operators to 
manage complex water systems through a single dialogue box by auto
mating decisions via natural language interaction.

6. Conclusions

This study systematically evaluated the capabilities and limitations 
of LLM-based agents in managing WDN optimization tasks, exemplified 
by inverse analysis (hydraulic model calibration) and operational opti
mization (pump optimization). An Orchestrating Agent was used to 
interact with three types of agents: the Knowledge Agent, the Modelling 
Agent, and the Coding Agent. These interactions were designed to 
explore the agents’ respective strengths in reasoning, external tool 
integration, and autonomous code generation and execution. Based on 
this study, the main conclusions are as follows: 

1. The LLM-based agents demonstrate strong reasoning and reflective 
abilities, enabling human-like decision-making, but embedding 

formulas as natural language in the prompt does not allow them to 
perform complex hydraulic calculations accurately.

2. Agents interacting with the environment via external simulation 
tools exhibit improved accuracy and reliability. Nevertheless, the use 
of natural language to define numerical constraints presents chal
lenges, as such "soft" constraints are not always strictly enforced, and 
agents may exhibit tendencies toward local optima, particularly in 
looped networks.

3. Autonomous code generation by agents significantly improved 
optimization performance and computational efficiency. While this 
approach overcame the limitations of reasoning-based methods 
through precise execution, its effectiveness, like many algorithmic 
methods, remains dependent on the input data.

Overall, this study highlights the promising potential of LLM-based 
agents for WDN management. These agents offer a novel paradigm by 
enabling goal-driven, natural language-based interaction and task 
execution. However, their application remains in the early exploration 
phase, particularly regarding their capability to address domain- 
specific, numerically intensive problems. Future work should focus on 
the development of specialized, domain-adapted LLMs that can inte
grate multi-tool workflows and combine language-based reasoning with 
code generation to improve applicability and effectiveness in complex 
hydraulic scenarios.
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