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Keywords: Computational optimisation is now routinely used to support the design and operation of water distribution
Automation networks (WDNs). However, formulating optimisation problems, configuring solution workflows and inter-
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preting results still depend heavily on manual effort, making even standard studies time-consuming to reproduce
and difficult to scale. Large language models (LLMs) offer new opportunities to automate these tasks, but their
effective use depends on a central design question: which steps should be delegated to an autonomous LLM agent,
and which should remain deterministic workflow steps. This study quantifies the reliability and resource cost of
delegating individual stages of a WDN optimisation pipeline to an LLM agent. We reformulate an end-to-end
optimisation pipeline as a sequence of decision nodes, each of which can operate either as a deterministic
workflow step or as a ReAct (Reasoning + Acting) agent, so that the locus of control is varied while the un-
derlying optimisation task remains unchanged. Two representative tasks, i.e., single-objective pump energy
minimisation and multi-objective energy-resilience optimisation problems, are evaluated on the benchmark C-
Town network across five LLMs spanning an order of magnitude in model scale, with control transferred one
node at a time over 250 runs. The results obtained show that control allocation affects reliability and compu-
tational cost far more than optimisation quality. Solution quality was largely insensitive to the control model,
with variations of about 1% in pump energy and 13% in hypervolume, and neither the deterministic workflow
nor the ReAct-agent configuration consistently outperformed the other. In contrast, delegating individual nodes
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to the ReAct-agent substantially increased resource use: at the formulation node, token consumption rose by
roughly sixfold and the number of model calls by an order of magnitude. Workflow failures were structural rather
than random and were concentrated at the delegated nodes. Full autonomy was reliable only for the largest
LLMs, whereas workflow-dominant configurations remained viable down to a 14B-parameters LLM. These
findings indicate that, for well-specified engineering optimisation tasks, LLMs autonomy should be extended
selectively rather than by default. More broadly, by establishing where autonomy can be trusted and where it
cannot, this work lays a foundation for the reliable, reproducible and auditable LLM-driven decision support on
which trustworthy automation of water systems will depend.

1. Introduction

Water distribution networks (WDNSs) are critical infrastructure that
underpin public health, economic activity, and urban resilience
(Brahmbhatt et al., 2023; Cassiolato et al., 2024; Dini et al., 2022). Their
operation has become more challenging as systems are expected to
deliver higher levels of performance under increasingly constrained
conditions (Ortega-Ballesteros et al., 2021; Taiwo et al., 2025). In this
context, optimisation has become an important tool for operational
decision-making (Sarbu, 2021; Sarbu and Popa-Albu, 2023) and
longer-term planning in WDNSs, supporting tasks such as pump sched-
uling, pressure management, network design and rehabilitation, and the
balancing of competing performance objectives (Awwalu et al., 2024;
Sarbu, 2021).

In practice, despite their diversity, most optimisation tasks have a
strikingly similar procedure: a problem is formulated from an engi-
neering question by engineers, an optimisation model is used to derive
candidate solutions, these solutions are evaluated against hydraulic
behaviour using a simulation model, and the results are interpreted to
inform a decision. In current practice this procedure is largely carried
out manually, encoded in bespoke scripts and dependent on substantial
expert judgement, so that even routine analyses are costly to set up and
hard to reproduce or transfer when the same logic must be re-applied
across networks, objectives or scenarios (Dobson et al.,, 2025;
Horsburgh et al., 2025; Zanutto et al., 2025). Reducing this manual
burden, without sacrificing the transparency and repeatability that en-
gineering analysis demands, is therefore a long-standing obstacle to
scaling model-based decision support in the water sector.

Large language models (LLMs) have recently emerged as a way to
lower this barrier, because they can translate natural language requests
into structured actions, reason over intermediate results, and interact
with users in plain language (Fu, 2025; Sela et al., 2025; Taiwo et al.,
2025; Xu et al., 2025). Early water-sector studies have begun to use
them as natural language interfaces to hydraulic models, as assistants for
information extraction, and as components of increasingly autonomous
multi-agent systems (Goldshtein et al., 2025; Hosseini et al., 2026; Wang
et al.,, 2026). Two contrasting approaches to embedding LLMs have
crystallised in the wider literature. In a workflow, the engineer defines
the procedure in advance: the LLM is invoked at fixed points to handle
specific sub-tasks such as interpreting a user request or summarising a
result, while the overall sequence remains under human control
(Anthropic, 2024; Li et al., 2024). In an agent, decision authority is
transferred to the LLM itself: given a goal and a set of available actions,
the agent decides what to do next, which actions to take, and when the
task is complete, without following any prescribed order (Yao et al.,
2023; Yu et al., 2025). Across much of the recent literature, the pre-
vailing direction has been towards progressively greater autonomy.

For engineering optimisation, however, greater autonomy is not self-
evidently better. The same freedom that lets an agent adapt to an open-
ended request also lets small differences in its reasoning propagate into
different tool calls, different configurations and, ultimately, different
and harder-to-audit outcomes (Liu et al., 2025; Zhao et al., 2025). The
pertinent design question is therefore not only whether to use an LLM,
but how much procedural control should remain in a fixed workflow and
how much should be delegated to the agent. Yet, for WDN optimisation,

the reliability, cost and reproducibility consequences of this stage-level
delegation, and their dependence on model capability, remain insuffi-
ciently quantified.

This study quantifies the consequences of executing individual stages
of a WDN optimisation pipeline as deterministic workflow steps versus
autonomous LLM agents. To do so, the choice of executing each stage as
a deterministic workflow step or as an autonomous agent is treated as a
controlled experimental variable rather than as a fixed design choice. An
end-to-end WDN optimisation pipeline is recast as a set of nodes,
comprising planning, parameter elicitation, experiment design, execu-
tion and reporting. The three execution-critical nodes can each operate
either as deterministic workflow steps or as ReAct agents equipped with
matched tools, so that the locus of control changes while the underlying
capability remains constant. Using the C-Town benchmark and two
representative operational tasks, namely single-objective pump-energy
minimisation and multi-objective energy-resilience optimisation, con-
trol is transferred one node at a time across five LLMs spanning roughly
an order of magnitude in scale. The consequences are evaluated in terms
of solution quality, token and model-call cost, and the rate and structure
of failure. The results characterise how delegating each stage affects
solution quality, resource cost and the rate and structure of failure, and
how these effects depend on model capability, for well-specified oper-
ational optimisation tasks.

2. Methodology

Automating WDN optimisation with an LLM requires deciding how
much of the procedure should be prescribed as a deterministic workflow
and how much delegated to the LLM agent. This section develops and
characterises a configurable optimisation pipeline that makes this allo-
cation an explicit design decision. LLMs are embedded as language-
based components that interpret the human's intent (e.g., minimise
pump energy over a 24-hour schedule), elicit any unspecified optimi-
sation parameters (e.g., which pumps to control or the target service
pressure), and reason over intermediate outputs, while hydraulic
simulation and optimisation remain deterministic and predefined, i.e.,
executed through models (Acharya et al., 2025; Guo et al., 2024). The
remainder of this section is organised as follows: Section 2.1 defines the
two representative WDN optimisation tasks used for evaluation; Section
2.2 describes the configurable workflow-agent architecture; Section 2.3
explains the shared-state and prompt construction mechanism; Section
2.4 defines the metrics used to evaluate performance; and Section 2.5
details the algorithm catalogue, LLM selection, and implementation
settings.

2.1. Problem definition for representative WDN optimisation tasks

This study considers two representative operational optimisation
objectives in WDNs: minimising pump energy consumption and max-
imising system resilience, measured by the modified resilience index
(MRI) proposed by Jayaram and Srinivasan (2008). These two objectives
expose a direct trade-off between energy efficiency and hydraulic per-
formance, span single- and multi-objective settings, and together pro-
vide a compact, reproducible basis for evaluating how different
allocations of control between the human-defined procedure and the
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LLM affect automation quality, reliability and computational cost.

Pump energy minimisation: this task addresses the reduction of
pump energy use during network operation over a fixed simulation
horizon (Klise et al., 2020), formulated as:

T
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where p is the water density, g is the gravitational acceleration, Q, is the
flow rate through pump p at time t, AH,, is the corresponding pump
head gain, 7, , is the pump efficiency, and At is the simulation time step.

System resilience maximisation: The MRI quantifies the ratio of
surplus hydraulic power available at demand nodes above the required
service head to the minimum hydraulic power needed to satisfy demand
(Jayaram and Srinivasan, 2008). It is averaged over the simulation
horizon:
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nodes, Qy Y the required demand at node n, H;, the simulated nodal head
at time t, and Hy? the required service head. MRI increases mono-
tonically with surplus nodal head, making it well suited to pump
scheduling problems in which nodal pressures vary dynamically across
the operating cycle.

In both tasks (single and multi-objective optimisation), the decision
variables are the speed multipliers of the variable-speed pumps, applied
as time-varying settings over the operating cycle. A hard hydraulic
constraint enforces non-negative pressure at every node throughout the
simulation horizon, and the required service pressure is set to 20 m for
all demand nodes (Giustolisi et al., 2014).

2.2. A configurable workflow-agent architecture for WDN optimisation

Automating a WDN optimisation pipeline with an LLM requires a
fundamental design decision: how much of the procedure should be
prescribed by the human, and how much should be left for the LLM to
determine at runtime. Two contrasting approaches are possible (Fig. 1).
In the workflow mode (WM), the human defines every step in advance;
the LLM is invoked at fixed points within a predefined sequence, each
call operates within a constrained and bounded scope, and control
passes between steps deterministically, so the same inputs always pro-
duce the same execution path (Anthropic, 2024; Li et al., 2024). In the
ReAct-agent mode (RM), this authority is transferred to the LLM itself:
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Fig. 1. Configurable workflow-agent architecture for LLM-driven WDN optimisation. (a) Workflow mode retains control in fixed, human-prescribed steps, whereas
ReAct-agent mode delegates action selection to an iterative LLM tool-use loop. (b) The five-node optimisation pipeline, in which parameter elicitation, experiment
configuration and running can each switch between workflow and agent modes, while planning and reporting remain fixed workflow steps.
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given a goal and a set of tools, the agent iterates through an
observe-think-act loop, deciding at each step which tool to call and when
the task is complete, without any prescribed order (Yu et al., 2025). The
key distinction is therefore not what the LLM can do, but where control
over the procedure resides. Workflow mode preserves execution trans-
parency and reproducibility by constraining the LLM to predefined,
auditable steps, whereas RM grants the model authority over its own
procedure at the cost of less predictable and harder-to-audit execution
(Qiu et al., 2025; Shin et al., 2025).

To implement this control allocation as an explicit experimental
variable, the WDN optimisation pipeline is constructed as a five-node
graph built around a canonical configuration template, as shown in
Fig. 1. The pipeline proceeds as follows.

Planner (WM): the user's natural-language query is interpreted and
converted into a high-level optimisation plan, clarifying the task type,
the objective (or objectives) involved, and the overall problem formu-
lation to be specified in subsequent stages. This node always operates in
workflow mode.

Parameter Elicitor (WM/RM): guided by the plan and the canonical
configuration template (Table S1), this node iteratively queries the user
to elicit and validate each required input, including objectives, decision
variables, constraints, algorithm selection and stopping criteria, pro-
ceeding only when the specification is complete and passes validation
against the shared configuration schema (Section 2.5).

Experiment Configurator invoked when the Planner identifies
an experimental design requirement (WM/RM): the completed
specification is taken as a baseline and expanded into a set of optimi-
sation runs, each configured according to the user's experimental
requirements.

Runner (WM/RM): the configuration assembled by the Parameter
Elicitor and Experiment Configurator is executed by running the speci-
fied population-based metaheuristic search with the EPANET-based
hydraulic solver (Rossman et al., 2020), which evaluates each candi-
date solution hydraulically. The Runner produces result files and visual
outputs that are then passed to the Reporter; for multi-objective tasks, it
returns the Pareto-optimal solution set.

Reporter (WM): execution outputs and the optimisation plan are
synthesised into a structured, interpretable report that summarises nu-
merical results and, where available, visualisations for decision support.
This node always operates in workflow mode.

The Planner and Reporter, which sit at the user-computation inter-
face, are held in WM mode throughout, as each performs a single,
bounded input-to-output transformation that requires no iterative
decision-making or tool use. The three execution-critical nodes
(Parameter Elicitor, Experiment Configurator and Runner), by contrast,
involve multi-step reasoning or interaction and can each be engaged
independently between WM and RM modes, making control allocation
an explicit experimental variable.

To ensure a fair comparison, each node operating in RM mode is
given a bounded tool set that exactly reproduces the capabilities of its
workflow counterpart, as shown in Table 1. The parameter node may ask
the user a clarifying question, write a specification field, validate the
specification against the shared schema and finalise it; the experiment
node may read the baseline, propose, list or remove experiments and
commit the final set; and the running node may execute a named
experiment and write results and figure metadata to the shared state.
The underlying capabilities of each node are therefore identical across
modes; the sole difference is whether these operations are sequenced by
the predefined workflow or selected autonomously by the agent.

2.3. Shared-state prompt construction and context propagation

Both control modes are coordinated through a single shared work-
flow state that acts as the sole source of truth across the optimisation
pipeline, as illustrated in Fig. 2. This state stores the user query, the
planner-generated plan and task metadata, the elicited optimisation

Water Research 308 (2027) 126823

Table 1

Tools registered for the three configurable nodes when operated in ReAct-agent
mode. Each tool set reproduces the capabilities of the corresponding workflow
node, so that only the locus of control differs between modes.

Configurable ReAct tool Function
node (position)
Parameter ask_user Pause the optimisation pipeline and

elicitation (1, P) ask the user one clarifying question,
returning the answer.

Write a single field of the
optimisation specification
(objective, variable, algorithm, etc.).
Validate the current specification
against the shared (Pydantic)
schema.

Close the elicitation loop once the
specification is complete and
executable.

set_parameter

validate_configuration

finalize_configuration

Experiment read_baseline Return the baseline objective and
configuration decision-variable parameters.
(2, E) propose_experiment Add one experiment that varies a
single factor of the baseline.
list_experiments Return all experiments committed so
far, in order.
remove_experiment Remove a previously proposed
experiment by name.
commit_experiments Close the design loop and emit the
final experiment set.
Running run_optimization Execute one committed experiment
(3,R) exactly once and return a result

summary.
Write results and figure metadata
into the shared state for the
Reporter.

finalize_results

parameters, the experiment design when applicable, the execution
outputs including results and figure metadata, and the final report.
Every node reads from and writes to this state irrespective of whether it
operates in WM or RM modes, ensuring that each stage always acts on
the most recent and internally consistent view of the task.

On top of the shared state, each node receives a stage-specific prompt
assembled only from the subset of state entries relevant to its function:
the Planner receives the user query (e.g., the request to minimise pump
energy over a 24- hour schedule), the Parameter Elicitor the plan and
current specification (e.g., the objective and decision variables agreed so
far), the Experiment Configurator the committed baseline configuration
(e.g., the finalised optimisation algorithm set-up to be varied into what-
if cases), and the Reporter the execution outputs and generated figures
(e.g., the finalised GA or NSGA-II set-up to be varied into what-if cases).
In WM, this prompt frames a single constrained LLM call; in RM, the
same state entries and prompt mappings seed the agent's reasoning loop,
and the tools listed in Table 1 read and write the same state. Confining
every prompt to a bounded, explicitly mapped subset of the shared state
keeps prompts focused, provides a traceable record of how a task evolves
from natural language to executable configuration to interpreted results,
and allows any node to be switched between modes or replaced without
altering the others.

2.4. Performance evaluation

Two sets of metrics are used to evaluate the optimisation pipeline.
Solution quality is assessed using the best objective value attained for
single-objective tasks and the hypervolume (HV) of the Pareto front for
multi-objective tasks (Zitzler and Thiele, 1999), defined as the volume of
the objective space dominated by the front and bounded by an analysis
specific reference point set strictly beyond the worst-case values
observed across all runs on all objectives, such that a larger hypervolume
indicates a better-distributed front closer to the true optimum; in the
cross-model analysis (Section 4.2), both metrics are expressed as per-
centages of their respective grand means across all completed runs. The
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Fig. 2. Shared-state representation and stage-specific prompt construction. The shared workflow state acts as the single source of truth: each node draws a prompt
from only the entries relevant to its function and writes its output back to the state, in both workflow and agent modes.

operational cost and reliability of each control architecture are charac-
terised by three metrics recorded at every node: (1) the end-to-end
completion rate, defined as the fraction of repeated runs that are
counted as complete, where a run is complete only if the workflow
terminates without an unhandled exception, no node records a failure,
and the outputs required by the task are produced, comprising the
experiment results and the required objective-related figures, while a
run that does not satisfy all of these conditions is counted as failed; (2)
the token consumption and its monetary cost, where tokens are the
basic units of text processed by an LLM and each call separates new input
tokens, of which cached input tokens retrieved from the API cache are a
subset (Anthropic, 2024), and model generated output tokens. Total
token use is the sum of input and output tokens, and cached input tokens
are therefore not added separately, whereas cost is obtained by pricing
new input, cached input and output tokens at their separate provider
rates (OpenAl et al., 2024). Both total token use and monetary cost are
therefore adopted as evaluation metrics; and (3) the number of LLM
and tool calls, which track the API round trips and tool invocations. All
three metrics are recorded for every attempted run, whether or not it
completed, so that resources spent without returning a result are
included. Completion rates are then compared between architectures as
model-stratified odds ratios relative to the fully workflow-driven base-
line, with profile-likelihood confidence intervals and Holm-adjusted P
values (Fischer and Lewis, 2021; Menyhart et al., 2021).

2.5. Algorithm catalogue, architectures, LLMs, and implementation
settings

The optimisation tasks defined in Section 2.1 are solved using a
Genetic Algorithm (GA) for the single-objective task and the Non-
dominated Sorting Genetic Algorithm II (NSGA-II) for the multi-
objective task, both implemented in the Python library pymoo (Blank
and Deb, 2020). The non-negative pressure constraint is enforced as a
hard constraint through pymoo's default feasibility-first rule, which al-
ways ranks feasible solutions above infeasible ones and, when
comparing two infeasible solutions, ranks by degree of constraint
violation (Blank and Deb, 2020). Additional algorithms available in
pymoo can also be incorporated by registering them in the configuration

template, without modifying the workflow logic.

In the implementation experiments, five control architectures were
evaluated: WWW, RWW, WRW, WWR and RRR. The three letters
correspond, in order, to the Parameter Elicitor, Experiment Configurator
and Runner, where W denotes WM and R denotes RM. WWW is the fully
WM baseline, RWW, WRW and WWR delegate one execution-critical
node at a time to RM, and RRR represents full delegation. Because all
nodes communicate through the same validated shared state, a down-
stream node receives a schema-consistent task representation once the
preceding node has completed, regardless of whether that state was
produced by WM or RM. The selected architectures therefore isolate
single-node delegation effects while retaining RRR to capture the cu-
mulative effect of full autonomy.

LLMs are used in this study as text-based reasoning and interaction
components embedded in the optimisation pipeline. For the per-task
demonstrations in Section 4.1, the text-based nodes use DeepSeek-V4,
selected for its stable performance in structured optimisation-related
dialogue (DeepSeek-Al, 2026), and the Reporter uses the
vision-language model Qwen3-VL to interpret the optimisation plots
produced during execution (Bai et al., 2023). To examine whether the
effects of control allocation generalise across models of different capa-
bility in Section 4.2, all five pipeline nodes are driven by four Qwen3
models (Yang et al., 2025). A single model family is used for this ladder
so that model scale varies while the training recipe and tool-calling
interface remain constant. The four checkpoints span roughly an order
of magnitude in scale (Qwen3-235B, i.e., with 235B total parameters,
Qwen3-32B, Qwen3-14B and Qwen3-8B, with only 8B parameters),
with the workflow structure, prompts, tools and configuration template
held constant. All models belong to open-weight families and are
accessed through their official hosted APIs, so the underlying check-
points remain publicly available for local reproduction. The exact API
model identifiers, providers and access dates are listed in Table S2. The
temperature parameter controls the randomness of token sampling
during LLM decoding, with lower values reducing sampling variability
and higher values increasing output diversity (Holtzman et al., 2019). In
this study, the temperature is fixed at 0 across all models to reduce
stochastic variation and improve run-to-run consistency.

Each pipeline stage is assigned a maximum token budget, which
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bounds the length of both input and output text and thereby limits the
cost, latency and reasoning depth of each LLM call (Snell et al., 2024).
The planning stage is allocated 3,000 tokens to accommodate structured
task descriptions and experimental configurations; the reporting stage 1,
000 tokens for concise multimodal summarisation; and routine inter-
mediate stages 500 tokens, as they involve shorter structured exchanges.
These values were determined empirically to provide sufficient capacity
for stage-specific requirements while avoiding unnecessary computa-
tional overhead. Where a stage output reaches its budget, as occurs at
the reporting stage, an automatic continuation call completes and con-
catenates the output, so that no content is lost. The budgets did not by
themselves cause failures of individual models or affect solution quality.
The system messages, human messages and tool call structures used at
each stage are provided in Tables S3~S5.

Workflow orchestration is implemented with LangChain 1.0, which
defines the staged execution structure, shared-state propagation and
prompt-based coordination described in Sections Sections 2.2 and 2.3,
and provides the RM runtime through LangGraph's prebuilt ReAct agent
(LangChain Developers, 2024). Tools are registered through the Lang-
Chain tool interface and exposed to the model as JSON schemas through
the native tool-calling interface, also known as function calling, of each
provider APIL. Structured outputs at every LLM node are validated
against Pydantic schemas, which verify each configuration parameter
against predefined type, range and value constraints before it reaches
the deterministic execution layer, so that malformed or incomplete
configurations are caught rather than silently propagated. The validated
configuration is then compiled into a pymoo problem. Each candidate
decision vector is applied to a copy of the WNTR (Klise et al., 2020)
network model and evaluated with the EPANET solver (Rossman et al.,
2020), and a failed simulation returns a penalty objective value together
with a constraint violation, so that an unsolvable candidate cannot be
scored as feasible. All model clients use a 300 s API timeout, and any
agent loop that reaches the recursion limit of 50 steps is terminated and
recorded as a structured failure. The overall implementation uses Py-
thon 3.11 and runs on a fixed platform with an Intel i7-14700HX CPU
and an NVIDIA RTX 4060 GPU (8 GB) to ensure consistency across ex-
periments. The complete source code is publicly available on the GitHub
to support transparency and reproducibility.

3. Case study

To evaluate the application of an LLM-driven workflow to WDNs
optimisation in a realistic and reproducible setting, this study adopts the
C-Town benchmark WDN. C-Town is a hypothetical medium-sized water
supply system originally released as part of the Battle of the Water
Networks II benchmark initiative (Marchi et al., 2013). The network
comprises 388 nodes, 444 pipes, one reservoir, seven tanks, 11 pumps,
and four valves, with a total pipe length of approximately 56.7 km, pipe
diameters ranging from 51 to 610 mm, and Hazen-Williams roughness
coefficients ranging from 60 to 140 (Marchi et al., 2013); the network
layout is provided in Figure S1. The network is supplied in
EPANET-compatible .inp format, and EPANET serves as the hydraulic
simulation engine within the optimisation process. Each candidate so-
lution generated by the workflow is hydraulically evaluated by the
EPANET model under the default extended-period simulation settings of
the released .inp file (168 h horizon, 1 h hydraulic time step), and the
resulting pressures, flows, tank levels, and energy-related variables are
used to compute objective values and assess constraint satisfaction.

4. Results

4.1. Workflow and agent control on two representative WDN optimisation
tasks

This section examines whether moving control from the human to
the LLM changes what the optimisation pipeline produces on well-
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specified tasks. Two operational questions were posed on the C-Town
network: a single-objective pump energy minimisation and a multi-
objective pump energy-MRI optimisation. The optimisation problems
were solved using DeepSeek-V4 across the full spectrum between WWW
and RRR, with the optimisation pipeline expected to formulate each
problem, elicit any missing configuration inputs from the user, design a
structured comparison and report the findings. Each run contained a
fixed baseline case and two under-specified what-if cases; Sections
Sections 4.1.1 and 4.1.2 report these two parts separately.

4.1.1. Both control modes produce identical baseline optimisations

This section examines how optimisation pipeline behaviour com-
pares across the two control extremes, WWW and RRR, on both the
single-objective pump energy minimisation task and the multi-objective
pump energy-MRI task. In both cases, the user provides a natural-
language task description (Table S6) together with the baseline opti-
misation configuration defined in Table 2: GA with a population of 50
over 50 generations for the single-objective task and NSGA-II with the
same budget for the multi-objective task, both with pump-speed multi-
pliers bounded to [0.5, 1.5] and a minimum service pressure of 20 m.

Across both modes, the optimisation pipeline carried each request
through the same five stages, as shown in Fig. 3. The Planner expanded
the request into a structured plan specifying the objectives, decision
variables, algorithm and termination criteria. The Parameter Elicitor
then queried the user for any missing configuration inputs, e.g., popu-
lation size; the user responded with the values defined in Table 2,
completing the specification. The Experiment Configurator autono-
mously designed the two what-if cases around the baseline (Section
4.1.2), the Runner executed each experiment on the EPANET-based
hydraulic solver (Rossman et al., 2020), and the Reporter produced a
structured interpretation. Under WWW, each of these stages followed a
predefined sequence of LLM calls with fixed scope and deterministic
hand-offs between sequential stages. Under RRR, each configurable
node was executed by a ReAct agent operating over the bounded tool set
of Table 1; for example, the Parameter Elicitor agent iteratively called
the query, write and validate tools in a loop until all specification fields
passed schema validation, before calling the finalise tool, with the
Experiment Configurator and Runner agents following analogous
tool-calling sequences for their respective tasks. The Runner produced a
convergence plot for the single-objective task, showing steady energy
reduction across generations, and a Pareto front for the multi-objective
task, showing a well-distributed trade-off between pump energy and
system resilience; for the baseline these results coincide exactly between
the WWW and RRR modes (Fig. 3). The full plans, elicitation traces,
configurations and reports for both modes are provided in the Supple-
mentary Information, where a check confirmed that the numerical
content was carried through correctly and the figure trends read
correctly, that the recommendations were broadly sound but lacked
actionable specificity, and that the free-form narrative remains subject
to the hallucination inherent to current language models, so expert

Table 2
User-specified baseline configuration for the single- and multi-objective tasks.
The engineer fixes every baseline value.

Parameter Single-objective Multi-objective (specified)
(specified)
Objective(s) Minimise pump energy ~ Minimise pump energy;
Maximise MRI
Algorithm GA NSGA-II
Decision variables Speed multiplier of each pump at each time step

Speed multiplier [0.5, 1.5]
bounds

Population size 50

Generations 50

Minimum service 20 m
pressure
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4.1.2. Under-specified instructions enable exploratory what-if design

The prompt used in this experiment contained both a fixed baseline

setting and two compact what-if cases (Table S6). Section 4.1.1
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examined the fixed-baseline outputs from these runs, whereas this sec-
tion examines the what-if cases. For the what-if cases, the prompt
specified the type of modification, such as changing the service-pressure
requirement or tightening the pump-speed operating range, but did not
prescribe the numerical values (Fig. 4). The Experiment Configurator
therefore instantiated concrete scenario values from the same task
prompt, providing a controlled form of exploratory scenario design
within the optimisation pipeline.

As shown in Fig. 4, the selected what-if values were identical in some
cases and different in others. For the single-objective task, both modes
selected 25 m for the service-pressure case, but WWW tightened the
pump-speed range to [0.8, 1.2], whereas RRR selected [0.7, 1.3]. For the
multi-objective task, both modes selected [0.7, 1.3] for the pump-speed
case, but WWW raised the service-pressure requirement to 28 m,
whereas RRR selected 25 m. This mixed pattern indicates that the spe-
cific what-if values reflect LLM-side scenario instantiation rather than a
systematic effect of WM or RM. Once the scenario values were fixed,
deterministic execution governed the optimisation outputs: identical
values produced identical results, while different values produced
different magnitudes but consistent engineering trends (Fig. 4). Thus,
the useful freedom lies in scenario generation, not in changing solver
behaviour.

4.1.3. The cost of autonomy: token consumption and model calls

If increased autonomy does not change answers from those obtained
by the human-defined workflow, its cost must be measured through the
resources required to reach it. Following the token definitions and cost
decomposition of Section 2.4, each node was instrumented to record
token consumption, LLM call counts and tool call counts (such as EPA-
NET runs) at every invocation, enabling a fair resource comparison
between WWW and RRR across both tasks.

As shown in Fig. 5, the two modes consumed substantially different
resources to reach the same answer. Token consumption (Fig. 5) was
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a
Token stack
751 Bl new input
[ cached input
~ 546 Il output
o
E 50
(2]
c
[
K]
'_
25
0.
b
% Encoding
% = WWW Bl LLM call
241 == RRR [Z2 tool call
i)
8 17
S 16+
7}
o
£
=]
z
8 4
55 5
3 :
o I W e
Planner Parameter ~ Experiment Running Reporter
Elicitor Configurator Node

Water Research 308 (2027) 126823

dominated by the Parameter Elicitor in both modes and both tasks,
reflecting its iterative dialogue with the user. Under WWW, preceding
exchanges accumulate as cached context, keeping new input tokens
moderate, but consumption varies with task complexity: 39.2k for the
single-objective task and 55.0k for the multi-objective task. Under RRR,
each tool call generates additional input and output tokens that cannot
be cached across calls, producing a larger absolute footprint (54.6k and
77.0k, respectively), but the increase from single- to multi-objective task
is proportionally smaller, suggesting that agent-mode consumption is
less sensitive to task complexity than workflow-mode consumption. The
Running node consumed negligible tokens under WWW because the
solver was invoked directly without any LLM call once the configuration
was finalised. Call counts differed even more sharply (Fig. 5): the
Parameter Elicitor required 3 LLM calls under WWW but 17 LLM calls
and 26 tool calls under RRR for the single-objective task, while the
Planner and Reporter remained unchanged at 2 calls each. The cost of
autonomy is therefore concentrated at the formulation nodes and scales
with the number of nodes delegated to agent control, a relationship
quantified across model scales in Section 4.2.

4.2. Transferring control across model capability

The per-task comparison in Section 4.1 fixes the model and contrasts
the two extreme architectures. To characterise how delegating each
node affects reliability and cost across models of differing capability, a
controlled experiment was conducted across all five architectures
(WWW, RWW, WRW, WWR and RRR) and five LLMs spanning roughly
an order of magnitude in parameter scale (DeepSeek-V4 and Qwen3-
235B, -32B, -14B and -8B), with ten repetitions per combination, giv-
ing 250 end-to-end runs in total. To support batch evaluation, each run
used a combined task in which the Experiment Configurator, following
the task description in Table S6, takes a single-objective baseline and
expands it into a matched multi-objective comparison, so that both tasks

Multi-objective task
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Fig. 5. Resource cost of control allocation under DeepSeek-V4. (a) Per-node token consumption (new input, cached input and output) and (b) per-node LLM-call and
tool-call counts, for the fully workflow-driven (WWW) and fully agentic (RRR) architectures on the single- and multi-objective tasks.
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are executed within a single pipeline run. Population size and number of
generations were set to 5 each, to reduce computational cost at scale,
with all other settings consistent with Table 2. Holding the task, tools
and prompts constant isolates two experimental variables: the degree to
which control has been shifted to the LLM, and the capability of that
LLM.

4.2.1. Solution quality is reproducible regardless of where control sits

Following the evaluation protocol of Section 2.4, completion rate
was calculated across the 10 repeated runs for each architecture-model
combination. Solution quality was assessed only for completed runs,
with the two metrics expressed as percentages of their respective grand
means across all completed runs. Of the 250 runs in the full experiment,
158 completed successfully and were retained for the quality analysis.
The pump energy and hypervolume obtained in each of these runs are
listed in Tables S9 and S10, where failed runs are marked as such.

As shown in Fig. 6, completion rate and solution quality responded
very differently to control allocation and model scale. Completion rate
(Fig. 6) depended strongly on both axes. DeepSeek-V4 completed all
runs across every architecture. Among the Qwen3 models, completion
declined with increasing autonomy and decreasing model scale, though
not monotonically: even Qwen3-235B showed partial failures under
certain architectures. Pooled over the fifty runs that each model con-
tributes, completion ordered with model capability, at 86%, 70% and
60% for Qwen3-235B, Qwen3-32B and Qwen3-14B. Because the opti-
misation pipeline prompts and tool interfaces were developed and tuned
on DeepSeek-V4, the overall pattern indicates that completion reliability
under agent control depends on prompt-model compatibility as much as
on raw model capability, with specifications optimised for one model
transferring imperfectly to others. The parameter node was the most
failure-prone point, as sustaining a coherent multi-turn dialogue with
the user to elicit all required inputs demands consistent instruction-
following across many sequential steps. Qwen3-8B completed no runs
under any architecture in this setup, indicating a practical capability
threshold for agent-driven formulation. In contrast, solution quality
among completed runs was largely invariant to control allocation
(Fig. 6): the within-architecture coefficient of variation was 1.2% for
pump energy and 12.9% for hypervolume, with architecture means
spanning 100% and 97~101% of the grand mean, respectively, and no
architecture showing a systematic advantage. Replicated across five
architectures and five models of varying scale, this corroborates the
conclusion drawn in Section 4.1.1 from the WWW-RRR comparison: the
optimisation outcome is governed by the algorithm and configuration,
not by where control resides. When a run succeeds, autonomy therefore
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raises the probability of failure without improving the answer.

4.2.2. Failure is structured and concentrated at the delegated node

When an autonomous run failed the completion criterion of Section
2.4, the condition on which it terminated was identified from the
recorded execution trace. Each failed run was assigned to one of three
structured forms (Fig. 7a). In over-asking, the run terminated with the
specification still requiring user input. The parameter agent repeatedly
queried the user for information that should have been inferred from
earlier responses or task defaults, trapping the node in a clarification
loop that never converged. In incomplete deliverables, every node
returned but the required outputs were absent. The task specified more
than one experiment, but a node committed a partial specification and
ran only the baseline, omitting the planned comparison, so the run
lacked the experiments needed to answer the task and produced fewer
objective-related figures than the task required. In invalid configuration,
a node rejected the specification as unsupported. The experiment agent
emitted a specification that violated the configuration schema of
Table S1, such as pairing a single-objective algorithm with a multi-
objective request. Because execution halts at the first blocking condi-
tion, each failed run carries a single recorded termination condition. One
complete execution trace for each mode is provided in the Supplemen-
tary Information.

As shown in Fig. 7b, each failure mode mapped onto the node that
had been delegated to the agent. Incomplete deliverables were the most
common mode: the combined task requires the agent to expand a single-
objective baseline into a matched multi-objective comparison, which
involves coordinated changes to several coupled fields, including the
algorithm and objective set, and weaker models frequently committed
an experiment set before all the required changes were complete. This
dominated the failures of Qwen3-32B under parameter delegation
(RWW). Over-asking appeared specifically when the parameter node
was delegated: whereas the workflow path advances through a fixed
elicitation sequence, the agent path must judge for itself when the
specification is complete, and weaker models failed to recognise that the
necessary information was already available, accounting for all RWW
failures of Qwen3-14B. Delegating the experiment node (WRW) instead
produced invalid configurations, as seen in Qwen3-32B, while dele-
gating the running node (WWR), the most constrained of the three, was
tolerated by every model that completed at all. Qwen3-8B is the limiting
case, completing no run under any architecture: it failed through
incomplete deliverables wherever the parameter node remained a
workflow step and through over-asking wherever it was delegated. Full
delegation (RRR) introduced no new failure mode but inherited the
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signature of its most fragile node: Qwen3-235B sustained full autonomy
and completed all ten runs, whereas Qwen3-32B failed through
incomplete deliverables and Qwen3-14B through over-asking, the same
modes seen when their parameter node alone was delegated. Failure is
therefore not random but tied to the locus of control: each delegated
node introduces a characteristic failure at that node, the parameter node
is the binding constraint under full autonomy, and the capability
required to avoid failure rises with the degree of autonomy granted.

4.2.3. The autonomy token cost grows with each delegated node

To quantify the resource cost of transferring control between the
human-defined workflow and the LLM agent, token consumption was
recorded per node and per run on successfully completed runs only,
measured separately in workflow and ReAct-agent mode. The per-node
analysis of Fig. 8 is restricted to successfully completed runs, so that
node-level costs are comparable across architectures; the whole-run
analysis of Table 3 additionally includes every attempt that failed,
since resources consumed without returning a result form part of the
operational cost of an architecture. Because the Running node executes
no LLM call under workflow mode, its workflow cost is zero by design,
providing a clean baseline against which delegation costs can be read
directly.

As shown in Fig. 8, delegation increased token consumption at every
node, with the increase concentrated where reasoning demands are
highest. Aggregated across all models (Fig. 8), delegating the parameter
node raised its token consumption from approximately 6,000 to 36,000
tokens per run; the experiment node increased from approximately
4,000 to 10,000 tokens; and the running node rose from zero to
approximately 3,000 tokens. The same pattern held across individual
models (Fig. 8), though with a notable difference in variability: under
DeepSeek-V4, agent-mode consumption at the parameter node was
relatively stable, reflecting consistent and decisive tool-calling behav-
iour; under smaller Qwen3 models, consumption was substantially
higher and more variable, as weaker models required more iterations to
converge on a complete specification. Across all models, agent-mode
consumption at the parameter node was five to twelve times its work-
flow counterpart. Since these costs accumulate across nodes, the fully
agentic architecture incurs a compounding token overhead at every
stage of the optimisation pipeline. As demonstrated in Sections Sections
4.1.1 and 4.2.1, this overhead produces no difference in optimisation
outcomes relative to workflow mode. Delegating control to the LLM
therefore imposes a structured and cumulative token cost that scales
with the number of nodes delegated, without any corresponding
improvement in the answer.

Fig. 8 resolves this cost by node for completed runs, whereas Table 3
reports whole-run outcomes separately for completed and failed at-
tempts. Two results follow. First, a statistically detectable reduction in
completion appeared only in architectures in which the formulation
node was delegated: relative to WWW, the odds of completion were
lower for RWW (OR 0.056, 95% CI 0.010~0.216, Holm-adjusted P <
0.001) and RRR (OR 0.097, 95% CI 0.017~0.396, Holm-adjusted
P = 0.006); WRW and WWR did not differ detectably from WWW.
Second, failure was not cheap in architectures with parameter-node
delegation. Under RWW and RRR, failed runs consumed 62.8k and

Table 3
End-to-end reliability and per-run operational cost across control architectures.
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70.2k tokens and cost 20.1 x 107 and 22.2 x 107 US$ per run,
respectively, exceeding the corresponding successful-run means and the
successful-run means of all workflow-dominant architectures. This
pattern is consistent with the failure analysis in Section 4.2.2, particu-
larly over-asking at the delegated parameter node, where repeated
clarification turns can accumulate without yielding a complete
specification.

5. Discussion
5.1. Extensibility of the configurable workflow-agent architecture

The configurable architecture studied here separates two concerns
that are often conflated in LLM-driven automation: (1) what the opti-
misation pipeline does, and (2) who decides how it does it. Because these
concerns are decoupled, the pipeline's value does not rest on any
particular algorithm or benchmark, and new objectives, decision vari-
ables, constraints, solvers or analysis steps can be incorporated through
the canonical configuration template without altering the control logic.
The same framework can therefore serve the broad range of WDN
operational and planning problems, including design, rehabilitation,
pressure management and uncertainty-aware scheduling, that are today
implemented as separate bespoke scripts (Mala-Jetmarova et al., 2017;
Sarbu, 2021). Because the LLM-driven nodes are cleanly separated from
the deterministic execution layer, the architecture is also not
domain-specific: substituting the simulator, for example the Storm
Water Management Model for urban drainage (Rossman, 2022), would
carry the same control structure to flood mitigation, stormwater man-
agement or integrated water-energy planning while leaving the inter-
action, configuration and reporting logic intact (Dobson et al., 2025; Li
et al., 2024). Together, the swappable execution layer, shared configu-
ration template and decoupled control logic make the architecture a
reusable basis for LLM-assisted engineering optimisation that can be
adapted to new tasks, domains and solvers with minimal redesign effort.

5.2. How much control should be delegated to the LLM?

The results presented in Sections Sections 4.1 and 4.2 reveal an
asymmetry at the heart of control allocation: for well-specified optimi-
sation tasks, the locus of control governs the reliability and cost of
automation far more than it governs solution quality. Quality was
effectively invariant across architectures, with optimal energy and front
hypervolume varying by only a few percent and no systematic advan-
tage to autonomy (Sections Sections 4.1.1 and 4.2.1). What delegation
altered was the probability of run completion and the computational
resources consumed. The reason is that autonomy converts a deter-
ministic, auditable procedure into a stochastic one: even at zero tem-
perature, an agent's freedom to select its next action allows minor
variations in intermediate text to propagate into different tool calls and,
occasionally, into the structured failure modes described in Section 4.2.2
(Qiu et al., 2025). For water infrastructure analysis this has substantive
implications, as decisions are frequently subject to audit, compared
across scenarios and revisited over long time horizons under the
assumption that identical inputs yield identical analyses; a

Architecture Completion OR vs WWW (95% CI); Holm-adjusted P Successful tokens (k) Successful cost (x10-2 US$) Failed tokens (k) Failed cost (x107° US$)
WWW Reference 11.2 + 2.1 2.853 + 1.797 8.7 +£2.2 1.542 + 1.356

RWW 0.056 (0.010~0.216); P < 0.001 42.2 +£19.4 9.765 + 8.812 62.8 + 3.5 20.098 + 1.042

WRW 0.541 (0.100~2.518); P > 0.99 17.7 £ 2.3 3.817 +2.295 9.2+ 3.4 1.973 + 2.033

WWR 3.611 (0.391~79.183); P > 0.99 141+ 2.3 3.571 + 2.152 10.6 + 3.1 1.468 + 1.567

RRR 0.097 (0.017~0.396); P = 0.006 51.7 + 23.2 13.644 + 10.369 70.2 + 3.6 22.181 + 1.010

Each architecture comprised 50 runs. Token use and API costs are reported as mean =+ s.d. per run, separately for completed and failed runs. Completion effects are
conditional common ORs stratified by model and estimated relative to WWW. Profile-likelihood 95% ClIs were calculated for the completion Ors (Fischer and Lewis,
2021), and exact conditional P values for the four prespecified comparisons were adjusted using Holm’s procedure (Menyhart et al., 2021).
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human-defined workflow preserves that assumption by construction,
whereas an agent operating without prescribed steps does not
(Anthropic, 2024; Yu et al., 2025). The behaviour of such an agent
cannot be established from a single execution and must instead be
assessed over repeated runs. Taken together, the results reveal a
consistent reliability-cost trade-off: greater LLM autonomy increases
resource consumption while reducing execution reliability, despite
having little influence on optimisation quality.

These observations do not suggest that workflow mode is universally
preferable, but rather that the appropriate degree of delegation depends
on where in the optimisation pipeline it is applied. LLM autonomy is
well suited to the interface, including understanding intent, planning at
a high level and communicating results, whereas a predefined workflow
is better suited to preserving consistency and reproducibility at the
execution layer (Li et al., 2024; Yu et al., 2025). The failure and cost
patterns observed across nodes reinforce this distinction: formulation
nodes, which require sustained multi-turn reasoning to produce a
complete and valid specification, carry disproportionate failure risk
under agent control, whereas execution nodes with well-constrained
tool interfaces proved robust even in smaller models. Completion
therefore depends not only on model scale but also on how well a model
fits the prompts and tool interfaces it is given, which makes the locus of
delegation a more transferable design choice than the choice of model.
As WDN problems grow to encompass many scenarios and operating
conditions, a single fixed workflow may not suffice, and a hierarchical
arrangement becomes attractive in which an agent at the top selects or
composes validated workflows while execution within each workflow
remains deterministic (Fu, 2025; Masters et al., 2025).

5.3. Efficiency, risk and accessibility for water utilities

The practical implications of control allocation extend beyond
optimisation pipeline performance to the conditions under which
automated optimisation is viable for water utilities. The autonomy tax of
Section 4.2.3, a sixfold increase in tokens at the formulation node and an
order-of-magnitude increase in model calls, translates into higher
inference cost and longer end-to-end latency. Unsuccessful attempts
consume substantial resources and, when the parameter node is dele-
gated, can cost more than successful runs, so the cost of obtaining an
answer rises faster than the cost of running the pipeline once. Reliability
and cost are therefore not independent design criteria, since the same
delegation that lowers the chance of completion also raises the price of
each attempt. For routine, well-specified analyses this overhead accu-
mulates without returning engineering value, though it may be justified
where a task genuinely benefits from flexible reasoning. The capability
floor of Section 4.2.1 introduces a further consideration: the workflow-
dominant architecture completed successfully even on a 14B-parameter
model, which makes automated optimisation feasible on smaller, locally
hosted models. Local hosting eases two practical concerns for utilities. It
replaces per-token charges and dependence on a frontier API with a
fixed capacity cost, and it keeps operational network data inside the
organisation, since a workflow layer can confine sensitive information to
a controlled local environment. Of the benefits claimed for automation,
reproducibility is the one quantified in this study. Accessibility and
reduced manual effort matter equally for adoption but would require a
controlled user study to measure. These considerations suggest that the
choice between workflow and agent control should be informed by the
operational context, available infrastructure and acceptable level of
execution risk, and align naturally with the move towards digital-twin
environments where reliable, locally deployable automation is a pre-
requisite for adoption (Hosseini et al., 2026; Lee et al., 2025).

5.4. Limitations and future directions

The findings of this study should be interpreted in light of several
boundary conditions. The tasks are limited to operational pump-speed
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control on a single benchmark network and do not span the full di-
versity of design, rehabilitation and uncertainty-driven problems
encountered in practice. The study is also not an algorithm-level eval-
uation: it uses standard evolutionary solvers to exercise the optimisation
pipeline and makes no claim about solver competitiveness. The control
axis was applied only to the three execution-critical nodes, with the
Planner and Reporter held in workflow mode throughout, so the effects
of delegating these boundary nodes remain untested. Report content was
likewise verified only for the demonstration runs, and its systematic
verification remains an open problem beyond the scope of this study.
Finally, the cross-capability results depend on the specific models and
API-based inference tested here, which cover one open-weight model
family and one independent model, and the observed capability floor
should be read as indicative rather than exact, as it will shift with ad-
vances in model efficiency and the availability of locally deployable
alternatives. Importantly, the appropriate balance between workflow
and agent control was established empirically through the control-
transfer experiment rather than derived from first principles and may
differ for tasks or models beyond those studied.

Future work should address these limitations along four lines. First,
extending the framework to a broader range of objectives, constraints
and problem classes, with specialised solvers incorporated as inter-
changeable execution modules, would test whether the control-
allocation principle identified here generalises beyond the tasks stud-
ied. Second, developing the hierarchical agent-over-workflow arrange-
ment outlined in Section 5.2, in which an upper agent layer composes
validated workflows while execution remains deterministic, would
allow the balance between flexibility and reproducibility to be managed
adaptively rather than fixed in advance (Aquino et al., 2025; Joshi,
2025; Yu et al., 2025). Third, characterising the capability floor across
more models and additional open-weight model families, including
locally deployable ones, and across more demanding tasks would clarify
where automated optimisation is currently feasible and inform deploy-
ment in operational settings such as digital-twin environments and
larger infrastructure systems, where reproducible, auditable and
affordable decision support under evolving conditions is the ultimate
objective (Hosseini et al., 2026; Lee et al., 2025). Fourth, the tool
interface can itself be treated as an experimental variable. A stand-
ardised, schema-first protocol such as the Model Context Protocol could
be compared with the LangChain-native interface used here, under
identical schemas in both control modes. This would test whether a
more structured interface reduces the over-asking observed at the
parameter node.

6. Conclusions

This study systematically investigated the delegation of control from
deterministic workflows to LLM agents for WDN optimisation through a
controlled experimental approach. By re-casting an end-to-end optimi-
sation pipeline as a sequence of nodes that can operate either as deter-
ministic workflow steps or autonomous ReAct-agents, control was
progressively transferred node by node across two operational tasks and
five LLMs spanning an order of magnitude in model size. The results
show that, for well-specified optimisation tasks, the locus of control does
not change the engineering results: deterministic workflows and agent
based implementations projected comparable configurations and
objective values, with solution quality differing by only a few percent
across the entire workflow-to-agent spectrum. However, control dele-
gation strongly changes operational reliability and computational effi-
ciency. Granting greater autonomy to the LLM raised token use at the
formulation node roughly six fold, multiplied model calls by an order of
magnitude, and lowered end-to-end completion rates through a small
number of structured failure modes that became more pronounced for
smaller LLMs. Overall, increasing LLM autonomy produces little
improvement in optimisation quality, but incurs progressively higher
computational costs and lower execution reliability, revealing a clear
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reliability—cost trade-off associated with control delegation.

Taken together, these findings suggest that, for well-specified WDN
optimisation tasks, decision authority should remain with human-
defined workflows at the formulation and execution steps, where cor-
rectness, reproducibility, and computational efficiency are paramount.
LLM autonomy is better suited to open-ended interface-level tasks, such
as interpreting user requests, coordinating interactions, and communi-
cating optimisation results. For the water sector, this division of re-
sponsibilities enables automated optimisation systems both trustworthy
and practical: reproducible and deterministic where engineering rigour
is required for infrastructure decisions, and agentic where flexibility and
natural language interaction add value. By clarifying where autonomy is
best suited, this study offers a principled basis for designing reliable
LLM-driven decision support systems for water infrastructure and offers
a practical pathway for embedding LLM agents into digital twins and
water system operations.
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