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Abstract. Manufacturing environments are increas-
ingly characterized by high complexity, low production
volumes, and a growing diversity of product variants.
Simulation is a powerful tool for analyzing such systems.
However, simulations are still expert tools, offering lim-
ited accessibility for less experienced planners. This pa-
per presents a hybrid framework that integrates numeri-
cal optimization, discrete-event simulation, and large lan-
guage models to support production planners. The ap-
proach explores the solution space for optimizing work-
force allocation in semi-automated work cells. A large
language model-based approach is introduced to sup-
port simulation studies by reducing manual configura-
tion efforts and enabling systematic experimentation.
The method is applied in two automotive aftermarket
plants with varying levels of automation to identify op-
timal worker-machine allocations. By integrating large
language model capabilities into established simulation-
optimization workflows, the approach contributes to the
gradual development of autonomous simulation stud-
ies.

Introduction

A major challenge of modern production, which is char-
acterized by high numbers of variants and an increasing
individualization, is the efficient planning of the pro-
duction system. Low volume and high mix production
reduces economies of scale and leads to a high degree
of complexity in production and logistics processes.

One of the important planning tasks is optimizing
the number of workers in a work cell, as it is crucial for
improving productivity and minimizing costs.

Today, the exponential increase in data availability
enables production planners to make more complex and
faster decisions. For this, simulation-based approaches
can play a key role, but require a high level of expert
knowledge and an understanding of both the simulation
software and the issues faced by a production manager.

Currently, simulation studies are typically costly,
time-consuming, and based on individual expertise. Ex-
periments are performed multiple times in a repetitive,
manual manner, which can reduce efficiency and tie re-
sources.

To automate frequently recurring, similar work-
flows and thus release the capacities of experts for
more complex simulation analysis steps, we develop an
agent-based approach based on Large Language Mod-
els (LLM).

The LLM provides support in analysing the prob-
lem, reducing the solution space, creating a proposed
solution, and interpreting the results. This approach is
then validated at two production sites within the same
international production network by integrating the ac-
tual results of simulation studies.

1 Literature Review

The foundation for this article forms [1], in which VDI
defines a standardized procedure for the systematic de-
velopment and application of material flow simulations.
Given the focus of this contribution, the literature re-
view will focus on the solution space exploration of the
last phase experimentation and analysis. In addition, an
overview of LLMs in production systems is provided.
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1.1 Solution Space Reduction

Various methods to reduce computation time and en-
hance efficiency in material flow simulation studies
and related domains have been explored. One pro-
posed method is a fast-converging procedure combin-
ing genetic algorithms with material flow simulation,
including early termination of unpromising runs [2]. A
clustering-based method for generative design solution
space reduction, using Gower distance matrix and par-
titioning around medoids to maintain design originality
while reducing the number of solutions considered, was
introduced [3].

Another methodology to assist in finding Pareto-
optimal solutions in a supply chain is by reducing
the design space and focussing the search of the opti-
mization to regions of interest [4]. The development
of a meta-model-based approach for generating solu-
tion spaces in sheet-bulk metal forming, enables prod-
uct designers to evaluate multiple manufacturable de-
sign alternatives [5]. A semi-analytical technique that
can analyse single and multi-buffer production lines,
offering advantages over purely numerical approaches
was introduced by [6]. Furthermore, surrogate mod-
els of discrete-event simulations, combined with multi-
objective optimization methods, can provide quick ap-
proximate solutions near the Pareto-optimal front for
production objectives [7].

1.2 LLM in Manufacturing

In Industry 4.0, LLMs and Natural Language Process-
ing (NLP) have the potential to become essential to
help manage knowledge [8]. The technological foun-
dation for processing specialized vocabulary with NLP
and LLMs has also already been demonstrated in man-
ufacturing [9]. For instance, LLMs can discover causal
relationships among products and subsystems in com-
plex production processes, as demonstrated in aircraft
manufacturing [10]. Additionally, their application in
workforce management, such as digital shop floor man-
agement and human-robot collaboration, has shown
promising results [12, 13].

A generalized approach involves fine-tuning open-
domain LL.Ms for production applications [14]. How-
ever, in many cases their support is limited to answering
questions about maintenance or quality issues and gen-
erating code for production use. In production control,
there is one LLM-based approach for predicting fail-
ures and downtimes using historical data and employee
annotations [13].

T 0 [

A related method aims to enhance failure detection
and availability optimization through NLP for predic-
tion and control [14]. Furthermore, LLMs can enhance
human-centered production planning and control
through reasoning integration [15]. While LLMs have
been used to identify anomalies at the production
system level, their integration into production planning
and simulation studies remains lacking [16].
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Figure 1: Overall Framework for LLM-supported conduction
of simulation studies.

2 Overall Framework for
Integrating LLMs in
Simulations

This section presents the overall framework for integrat-
ing LLMs into material flow simulations. The frame-
work consists of five modules, as shown in Figure 1.

The first module, Scope Definition, corresponds to
the task definition phase in VDI3633 [1]. It receives a
problem statement, an objective description as well as a
description of the simulation model and the actual pro-
duction system in natural language as input. By classi-
fying the prompts, the objective and task of the simula-
tion study can be identified. Also, relevant parameters
can be derived and reduced if necessary. This reduction
eliminates redundant parameter combinations as well as
infeasible and dominated solutions. This way, a solu-
tion space for the experiments is obtained based on the
provided information about the use case.

In the Modeling module, a simulation model is cre-
ated and/or an existing model is parameterized either
automatically via an import function or manually by the
user. In addition, approaches such as automated simu-
lation model generation [11] or simulation models as
Digital Twins [17] can be integrated here.

Using the Experiments module, experimental de-
signs are created to explore the solution space.
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Depending on the complexity and size of the solu-
tion space, the design of experiments (DOE) is based on
different methods, such as space-filling designs for gen-
eral exploration and fractional or full factorial designs
for systematic exploration.

Here, the LLM proposes a DOE to the user based on
the information acquired via available tools that can be
invoked via an APIL

After running the experiments in the Module Simu-
lation Run, the results of the simulation study, presented
as KPIs (e.g., throughput, average product lead times,
and machine utilization), are fed into the LLM for eval-
uation in module Analysis.

This leads to conclusions for further investigations
or a final report with textual and graphic descriptions of
the findings.

In the following sections, we will focus on the mod-
ules Scope Definition, Experiments and Analysis.

2.1 Module Scope Definition

In this module, to identify the solution space, the prob-
lem statement and objective are mapped within a pre-
manually created (and LLM prompt-extendable) graph
database to identify suitable experiments and their re-
lated variables and fixed parameters.

The outline of the mapping process involves 1st
LLM-based text classification for predefined sets of
problems and objectives, 2nd querying a graph database
with problem and objectives classes to retrieve suitable
experiments, and 3rd retrieving the set of variables and
relevant KPIs.

Thereby, the solution space is identified. The out-
come will be a list of proposed experiments for the user,
who then decides on the experiment(s) that shall be con-
ducted.

The text classification is based on prompt engineer-
ing techniques, such as chain of thought prompting
(CoT) [18], that allow for providing and evaluating a
fixed set of classes that can be identified.

The initial prompt may look like this:

You are an Al assistant, and you are particularly good at doing text
analysis. You are going to help the production manager to classify
his objective and problem statements. You are only allowed to
choose one of the following categories:

objective: min cost, max output

problem statements: buffer size, machine utilization, bottleneck,
shift planning, batch size, scheduling

Please provide your answer in Json format, for example:
{’value_obj’: 'min cost’, ’value_prob’:

"num WPC’, ’'value_KPI’: ’'output’}

—FExamples—

Example 1: I need to increase the output of my assembly line by
optimizing the number of work piece carrier.

{’value_obj’: 'max output’, ’‘value_prob’:

"num WPC’, ’'value_KPI’: ’'output’}

—Content—
Which are optimal worker loops and combinations of product

variants in one work center consisting of 3 or 4 machines?

After identifying the objectives and problem classes
they can be utilized to query suitable experiments and
their variables. Here, a typical query, created automati-
cally by the LLM, could look like:

query = MATCH (exp:Experiment)-[:O0BJECTIVE]
—>(ps:ProblemStatement),
(exp) - [:VARIES]-> (var:Variable),
(ps) - [:HAS_KPI]->(kpi : KPI)
WHERE ps.name = ’scheduling’
AND exp.objective = ’'maximize output’
RETURN exp, var, kpi

At this point, the objective of the simulation study
has been defined, the problem and relevant KPIs have
been addressed, and a set of experiments and associated
variables have been identified.
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It is assumed that a complete description of the pro-
duction system (e.g., according to the system analy-
sis steps in VDI 3633) and a description of the mate-
rial flow simulation model (e.g., process times, product
variants, and fixed constraints of the solution space) are
available. Next, the LLM assists in generating a first
draft of an analysis of the numerical solution space and
potential reductions based on further information pro-
vided by the user.

The LLM’s ability to write and execute Python code
allows for customized case handling, allowing for spe-
cific adjustments according to user requirements. This
collaborative approach increases the effectiveness in
supporting solution space reduction.

2.2 Module Experiments

Following the parametrization of the simulation model,
a choice of Design of Experiments (DOE) for solution
space exploration needs to be made. A systematic ap-
proach selects an appropriate DOE based on e.g. the
similarity to previous simulation studies, data availabil-
ity, and experiment characteristics.

The complexity of each experiment needs to be eval-
uated by including the number of factors and levels. As
will be described in Section 4, we used a numerical ap-
proach for reduction of the solution space, which en-
ables a partial factorial investigation.

2.3 Module Analysis

The fifth module Analysis is generating insights needed
for management decisions based on simulation exper-
iments. The LLM agent effectively supports and auto-
mates the reporting to stakeholders as well as to domain
experts. Using APIs or Retrieval Augmented Genera-
tion (RAG), the LLM can incorporate the definition of
KPIs and the analysis of comprehensive event logs from
the simulation model to provide appropriate recommen-
dations and empower the user with a deeper understand-
ing of the complex mechanisms of both the simulation
model and the production system.

By using tailored prompts and data-infusing APIs,
the LLM is controlled in its analysis and thereby en-
hances its ability to interpret KPIs. This way it can pro-
vide relevant insights to guide the user in his or her own
analysis.
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An exemplary prompt could look like this:

You are an Al assistant, and you are particularly good at analyzing
KPIs. You are going to help the production manager to evaluate the
performance of a production system.

DESCRIPTION OF PRODUCTION SYSTEM

Here are KPIs that you need to know:

DESCRIPTION OF KPIs

Please provide your answer in Json format, for example:

"KPT’: ["Interpretation’: TEXT, Measures’: TEXT]
—Examples—

Example 1: Utilization Rate Machine A: processing 50%, blocked
30%, waiting 20%.

"Utilization Rate Machine A’: [’Interpretation’: *The machine is
actively processing for 50% of the available time. It is blocked
for30% of the time, indicating [...], and is waiting for [...] 20% of

the time.’, "Measures’: *The measures to take are [...]."]

—Content—

In addition, a benchmark of responses to sample use
cases is incorporated to introduce an automated quality
check before the final response is returned.

3 Case Study

In our case, the LLM (Meta Llama 3.1 70B) is given
a character description and an objective for the simula-
tion study. It uses a memory to incorporate past inter-
actions, such as previous questions and explanations. A
RAG supplements the model’s internal knowledge with
external data, improving accuracy, reducing hallucina-
tions, and avoiding retraining [18].

As a prompt-engineering technique, ReAct merges
reasoning traces with tool-specific actions, similarly to
Chain-of-Thought prompting, to enable stepwise plan-
ning, exception handling, and external data integration
[19, 20]. The LLM can invoke tools to perform task-
specific actions, distinguishing this approach from es-
tablished methods, such as Rapid Process Automation,
which is used for routine automation. For simulation
modeling, we use the software Plant Simulation by
Siemens.
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3.1 Module Scope Definition: The production
System

Our objective is to guide users conducting simulation
studies with LLMs and to combine DES with numerical
optimization in a real-life setting.

The exemplary simulation study is conducted in two
plants producing automotive aftermarket parts. Plant A
is located in Asia, and plant B in America. To cover a
maximum share of registered vehicles, a broad range of
parts with each only a small number of produced parts
has to be produced.

We are looking at a semi-automated process step
with relatively high cycle times, which is therefore per-
formed on multiple machines in parallel.

Modeling relevant differences between the product
variants are manual times for machine parallel mate-
rial preparation (PT), the time for manual unloading,
cleaning and loading the machine between cycles (ser-
vice time — ST) and the automated machine time (MT).
While the products and production process are similar,
plant A has currently a higher degree of automation than
plant B, which leads to different objectives of the simu-
lation studies.

Whereas for plant A various investment scenarios
with different automation solutions and corresponding
effects on the share of manual and automated work
content must be evaluated, the automation scenario for
plant B has already been addressed and implemented.
For plant B, it must be evaluated which number of ma-
chines can be served by one operator depending on the
combinations of variants on the machines (two possible
solutions are depicted in Figure 2).

Worker Loop A Worker Loop B

D DO 00 0D 06 B O

| Machine & e Machine B —+! Machine C Machine & —— Machine B =~ Machine C ——=| Machine D

3 4

Figure 2: Different loop combinations with related time
components.

This query calls automatically via API a Neo4
database instance to receive possible experiments and
related variables. In our case the result provided the ex-
periments scheduling and shift planning with the vari-
ables of product sequence and worker loop.

User: Which are optimal worker loops and combinations of
product variants in one work center consisting of
three machines once the planned automatization of raw

material preparation is installed ?

Chatbot: {’value_obj’: 'max output’, ’value_prob’:
machine utilization ’}

query = MATCH (exp:Experiment)—[:OBJECTIVE]—>(ps:
ProblemStatement), (exp)—[: VARIES]—>(var: Variable), (ps)
—[:HAS_KPI]—>(kpi:KPI)

WHERE ps.name = 'machine utilization’

AND exp.objective = *max output’

RETURN exp, var, kpi

B

3.2 Module Experiments: Analytical solution
space reduction

While in both plants simulation is used to determine
machine and operator utilization (time share active in
proportion to total time) as well as machine and oper-
ator productivity (parts per machine/operator hour) in
different configurations, a python script is used to cal-
culate the expected waiting times of machines and op-
erators beforehand (as shown in Eq.1 to Eq.5).

An LLM agent will, based on the already acquired
information from the previous steps, support the devel-
opment of a Python script by generating code for the
calculation of expected waiting times.

Furthermore, it can execute the script via an API
to process input data, enabling an iterative develop-
ment process through interactive feedback from experts
and supporting tools. Through the definition of prod-
uct families (similar variants grouped based on identi-
cal ST, PT, and MT), a complete exploration of the (re-
duced) solution space is possible.
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This allows us to rank all practical solutions (combi-
nations of product families on the machines) according
to one relevant KPI (total waiting times). As this is a
static calculation and the comparison is based on only
one KPI, a further simulation-based investigation is still
needed, but can be performed faster as it can start with
promising candidates and ignore dominated ones.

minXy + X+ Xc+ Xp (D)

With respect to:

Xy = |MTA — (PTB + PT-+ PTp

+ 8T + STe + STp)| )
Xp = |MTg — (PTy + PTc + PTp

+ STy + STe + STp)| 3)
Xc = |MT¢ — (PTy + PTg + PTp

+ STy + STy + STp)| 4)
Xp = |[MTp — (PTy + PTg + PT¢:

+ STy + STy + ST¢)| (5)

3.3 Module Analysis: Simulating and
generating insights

The configurations that provide the best results in
the numerical evaluation will be evaluated in simula-
tion with different random seeds and production plans
to verify waiting times and obtain further decision-
relevant KPIs (e.g., OEE, utilization rate, throughput
times, WIP). The consecutive simulation runs are there-
fore an indispensable, valuable augmentation of the
prior numeric calculations. Trade-offs between differ-
ent KPIs and levels of improvements must be made, for
example, between the utilization rate of operators and
of machines. An optimal balancing to eliminate waiting
times completely is not always possible due to process
requirements and customer delivery dates

Figure 3 shows exemplary how the simulation re-
sults can be used for a multicriteria decision that has to
weight multiple relevant KPIs. In this two-dimensional
graphic, only two KPIs can be compared. While this
is a typical way to represent the results of simulation
studies used by simulation experts, it is an important
starting point for a far more indepth representation and
discussion of inevitable trade-offs between objectives
empowered by LLMs.

T 1 [EER

machine vs. operator productivity
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Figure 3: Evaluation of different automation and workflow
scenarios.

4 Results

4.1 Module Experiments: Analytical solution
space reduction

Using a prior numerical solution space exploration
guided by only one selected KPI and executed in a sim-
plified solution space, the number of system configura-
tions that shall be simulated can be drastically reduced.
With our approach, the number of simulation experi-
ments could be reduced for plant A from 2,685,617,610
for all possible combinations, to 85,140 for all combi-
nations of families, and finally to 52 promising combi-
nations to simulate.

4.2 Module Analysis: Results of the
experiments

After promising combinations of variants with corre-
sponding layouts and work standards were identified us-
ing the numerical calculations, they were simulated to
obtain further KPIs and hence enable a holistic evalua-
tion and comparison of all options. Exemplary results
for one scenario are shown in Table 1.

Scenario OEE [%] | #Parts | Util. [%]
Machine A 85.66 5,800 86%
XY | Machine B 68.20 5,800 69%
Machine C 96.40 13,920 96%
Operator 75%
Average / Sum 83.42 25,520 82%

Table 1: KPI results for scenario XY showing OEE, total parts
produced, and utilization per machine and operator.
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5 Discussion and Conclusion

The paper presents a framework for LLM-supported
simulation studies. This approach enables automated
and user-guided experiment design, improving simula-
tion efficiency and providing valuable insights for fur-
ther investigation and reporting.

The case study showed the framework’s potential
and highlights further practical challenges of using
LLMs in simulation studies. Key challenges faced
are the need for quality assurance, careful design of
prompts, and the difficulty of accessing data or provid-
ing sufficient context.

Additionally, creating generic, reusable simulation
experiments on their own remains a challenge, as LLMs
still struggle with zero-shot prompting in very complex
use cases. While the LLM shows promising results
and has demonstrated clear improvements in production
systems through the studies, they are not yet fully capa-
ble of autonomously generating and defining simulation
experiments.

Future work aims to extend the proposed framework
by developing a multi-agent LLM architecture that al-
lows more complex investigations. This includes e.g.,
the automation of a data pipeline and creating formal-
ized descriptions of simulation studies to document the
simulation experiments.
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