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Abstract

In manufacturing sites, rapid reconfiguration of production lines is essential to flexibly respond to product variations and demand fluctuations, and
to maximize productivity. Line configuration decisions are made in two stages: “production strategy decision” and “line configuration design”.
However, the formulation of production strategies requires information dispersed across multiple sites and systems, as well as expert knowl-
edge, making automation a long-standing challenge. This study focuses on the natural language processing capabilities of large language models
(LLMs) and proposes a method that generates production strategies from user requirements and converts them into parameters for mathematical
optimization models used in line configuration design. A key issue arises when knowledge about the correspondence between production strate-
gies and parameters is insufficient, leading to reduced conversion accuracy. To address this, we developed a method that divides LLM processing
into three stages “production strategy decision”, “parameter item decision”, and “parameter value decision”. At each stage, the method references
hierarchically structured manufacturing knowledge. Furthermore, we integrated causal relationships between ISO 22400 compliant line design
parameters (e.g., CT, operating time) and cost KPIs (e.g., labor costs, depreciation) into the knowledge model, enabling prediction of cost fluctu-
ations resulting from parameter changes. This allows LLMs to generate highly feasible strategies that take cost into account. The effectiveness of
the proposed method was demonstrated through an industrial case study targeting a battery production line. Compared to the conventional method
of manually configuring parameters for optimization engines, the proposed approach reduced the effort required by engineers to design production
line configurations by 87.3%.
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1. Introduction

In manufacturing sites, it is essential to rapidly reconfigure
production lines in order to flexibly respond to various produc-
tion fluctuations such as changes in product types and demand
volume while maximizing productivity. The process of deter-
mining line configurations consists of two stages: first, pro-
duction strategy decision, which defines the response policy to
fluctuations; and second, line configuration design, which in-
volves dividing processes and allocating equipment based on
the selected strategy. In the production strategy decision stage,
the response policy is defined based on past experience while
referencing production information distributed across multiple

sites and systems. For example, if product demand increases
beyond expectations, strategies such as shortening cycle time,
increasing overtime hours, or adding outsourced processes are
considered, and the optimal strategy is determined. This task
requires expert knowledge based on past experience, and only
a limited number of engineers are capable of handling it. In the
line configuration design stage, detailed tasks are divided into
multiple processes, and equipment is allocated to each process.
The combinations of process divisions and equipment assign-
ments are vast, making it a time-consuming problem even for
experienced engineers.

To address these issues, we consider eliminating dependence
on expert knowledge through automation. For the production
strategy decision task, the use of large language models (LLMs)2212-8271© 2025 The Authors. Published by Elsevier B.V.
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capable of natural language processing and external knowledge
referencing is a promising approach. For instance, in the task
of considering robot motion learning strategies, there is a case
study utilizing LLMs [1], suggesting that production strategies
can be similarly examined. Line configuration design can be
formulated as a combinatorial optimization problem involving
process divisions and equipment selection. In our previous re-
search [2], we developed tools that automatically compute con-
figurations using mathematical optimization techniques. By set-
ting appropriate parameters (e.g., CT, operating time) in the
mathematical optimization model embedded in the tool, line
configurations can be automatically generated.

Furthermore, it is necessary to automatically convert produc-
tion strategies into parameters required by the mathematical op-
timization model. Identifying parameters related to production
strategies and setting appropriate values requires tool-specific
expertise, and even skilled engineers have found the task to be
time-consuming. When automating this process using LLMs,
insufficient knowledge about the correspondence between pro-
duction strategies and parameters can lead to reduced conver-
sion accuracy. Fig. 1 shows an actual example of a conversion
failure. For instance, when the LLM determines a production
strategy such as reduce cycle time, it is necessary to select and
modify the parameters related to that strategy. However, since
there are multiple time-related parameters, the LLM cannot de-
termine which parameter to modify or how to modify it, result-
ing in incorrect conversion.

Therefore, this paper proposes a method for accurately con-
verting information between different formats: from production
strategies expressed in natural language information into math-
ematical optimization model that require structured informa-
tion.

2. Related Works

Reducing human burdens both physically and intellectually
is a critical challenge in future smart factories [3]. LLMs have
the potential to address this challenge, and their application in
manufacturing operations is rapidly advancing [4]. In the manu-
facturing domain, the application of LLMs has been advancing
particularly in the areas of product design [5], robotics tech-

Fig. 1. Workflow for line configuration determination and problem of conven-
tional technologies.

nology [1], and production system research [6]. These fields
have seen significant adoption of systems and tools, and much
of the data handled can be converted into text format, which
contributes to their high compatibility with LLMs.

Within these, the task of determining line configurations,
which falls under the production system domain, has also seen
progress in LLM application research. Dimitropoulos et al. [7]
proposed a method utilizing LLMs for appropriate task alloca-
tion in human-collaborative operations. By instructing the LLM
to prioritize human tasks based on user input, task assignments
that consider workload are automated. Li et al. [8] proposed a
method that enables user interaction in line configuration gen-
eration using image generation models, by leveraging LLMs.
Specifically, the LLM converts user instruction text into the for-
mat required by the image generation model.

A common feature of previous studies utilizing LLMs is that
users are expected to formulate specific strategies. In the case
of production strategies for line configuration decisions, these
strategies are typically developed by integrating information
distributed across multiple sites and systems, along with the ex-
pertise of skilled engineers. This results in a time-consuming
decision-making process. One approach to address this issue is
the use of modeling technologies such as SysML [9]. However,
defining production strategies for the vast number of produc-
tion variation patterns is not realistic. Therefore, this study pro-
poses a method in which the LLM consistently performs the
entire process from strategy formulation, which corresponds to
specific user instructions, to parameter conversion and execu-
tion of the mathematical optimization model embedded in the
production line configuration generation tool. By adopting this
approach, it becomes possible to reduce the burden on line engi-
neers while enabling rapid line configuration decisions, thereby
improving responsiveness to production fluctuations.

The contributions of this study are as follows:

• Proposal of a method that enables rapid line configuration
decisions by fully automating the process from produc-
tion strategy to parameter determination for the mathe-
matical optimization model embedded in the line config-
uration tool.
• Proposal of a knowledge management method that en-

sures accurate conversion between different information
formats, such as natural language (e.g., production strate-
gies) and structured information from mathematical opti-
mization model.
• Evaluation and validation of the proposed method’s ef-

fectiveness.

3. Methods

3.1. Overview of proposed method

Fig. 2 shows an overview of the proposed approach for con-
sistently automating the process from production strategy to pa-
rameter determination for the mathematical optimization model
embedded in the line configuration tool. Based on user input,
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Fig. 2. Workflow of the proposed method.

a single LLM dynamically switches the referenced knowledge
and sequentially determines both the production strategy and
the parameters for the optimization model, ultimately generat-
ing the line configuration automatically using the tool. There
are two main approaches.

The first approach involves structuring the process into mul-
tiple stages. LLMs exhibit higher inference performance when
instructions are clarified in detail [10]. Additionally, when
skilled engineers determine parameters using the line config-
uration tool, their thought process typically involves first iden-
tifying which parameters are related to the production strategy,
followed by determining the parameter values. Therefore, the
previously unified parameter conversion process is divided into
two distinct steps: parameter item decision and parameter value
decision. While this separation enhances the inference perfor-
mance of the LLM, it introduces a challenge in maintaining
consistency across the entire process.

This issue is addressed by the second approach: construct-
ing hierarchical reference knowledge. By not only building and
referencing knowledge appropriate to each LLM process, but
also linking the knowledge across stages, the method ensures
overall consistency, thereby enabling both improved accuracy
and comprehensive automation. The element that plays the role
of linking knowledge is mapping between strategies and math-
ematical model. Specifically, by clarifying the relationships be-
tween production strategies and the parameters of mathematical
optimization model, inconsistencies in information across pro-
cesses are prevented.

Details of each LLM’s processing will be described in the
following sub sections.

3.2. Production strategy decision

Fig. 3 shows a part of the knowledge of production strat-
egy. This knowledge integrates the causal relationships between
line design parameters (e.g., CT, operating time) and cost KPIs
(e.g., labor cost, depreciation cost), both defined in accordance
with ISO 22400, while also considering assembly specific con-
straints such as assembly sequence. Based on these integrated
causal relationships, the LLM can predict cost fluctuations re-
sulting from parameter changes and generate highly feasible
production strategies that take cost into account. To allow the
LLM to refer to this knowledge, the causal relationships de-

Fig. 3. Knowledge of production strategy.

scribed in text are expressed in JSON format, enabling the LLM
to retrieve highly relevant information based on similarity to the
user’s input text.

For example, when the user inputs a sentence such as “Prod-
uct demand has increased, and production volume will rise by
20%”, the LLM begins by exploring nodes related to production
volume parameter. At this point, the CT parameter is referenced
first. The CT parameter is connected via edges to the depreci-
ation and labor costs parameters through several intermediate
parameters, and the edges indicate that changes in CT will af-
fect both depreciation and labor costs. Based on this relational
information, the LLM can predict that shortening the CT will
increase the number of processes, leading to higher deprecia-
tion costs, and also require more workers, resulting in increased
labor costs. With this understanding, the LLM can output a pro-
duction strategy proposal in text format, such as considering
CT reduction, together with the reasoning behind that decision.
Outputting the rationale together with the result is important for
enabling users to understand the basis of the production strategy
determined by the LLM, and it enhances the transparency of the
decision-making process. When multiple production strategies
can be considered, the LLM preferentially outputs the candi-
date that results in the minimum cost while satisfying the given
constraints.

3.3. Parameter item decision

Fig. 4 shows a part of the mapping between strategies and
mathematical model. This knowledge describes the correspon-
dence between production strategies and parameters of the
mathematical optimization model, enabling the determination
of which parameters should be reflected based on the selected
strategy.

For example, when the strategy to shorten the CT is selected,
the system refers to the cycle time entry in this knowledge to
determine which parameter in the mathematical optimization
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Fig. 4. Mapping between strategies and mathematical model.

model should be modified and how. In this example, the cy-
cle time parameter in the mathematical optimization model is
defined with three modification options. In case a, the parame-
ter is not modified, which applies when the strategy to shorten
CT has not been selected. In case b, the parameter value is de-
termined in inverse proportion to the change in production vol-
ume, which applies when the strategy to shorten CT has been
selected. In case c, the value is set to zero, allowing the tool
to calculate and apply the optimal CT automatically. This ap-
plies when the user provides an instruction to optimize without
specifying a concrete production volume. Based on this modi-
fication information, along with the user input and the selected
production strategy, the LLM can infer that the parameter value
should be determined according to option b, in inverse propor-
tion to the change in production volume.

The selected parameters to be modified and their corre-
sponding modification details are output in JSON format.

3.4. Parameter value decision

Fig. 5 shows a part of the knowledge of mathematical model.
This knowledge includes information such as the values, mean-
ings, and formats of parameters used in the mathematical opti-
mization model. Based on this knowledge and the output from
the preceding LLM process, parameter values are configured in
a format executable by the tool.

In this example, since cycle time needs to be set inversely
proportional to a 20% increase in production volume, the value
is changed from 60 to 48. This modification is output in JSON
format.

Finally, by having the tool read and execute the updated pa-
rameter where cycle time is set to 48, the line configuration can
be redesigned. In this way, by referencing hierarchically struc-
tured knowledge at each LLM processing stage, it becomes pos-
sible to accurately convert information even when the format
differs between the input text and the required parameter repre-
sentation. Even if an infeasible parameter value is output due to
issues such as hallucinations, the tool returns an error, allowing
the user to recognize that the LLM has produced an inappropri-
ate parameter value.

Fig. 5. Knowledge of mathematical model.

Fig. 6. Outline of battery assembly line.

4. Experimental evaluation

4.1. Verification Target

In this study, the proposed method was verified using a bat-
tery assembly line as the target. An overview of the target bat-
tery assembly line is shown in Fig. 6. This line consists of 51
tasks executed by eight types of main resources. In the initial
line configuration, the 51 tasks are allocated across 16 stations
to meet a production volume of 480 units per shift (8 hours),
which corresponds to a cycle time constraint of 60 seconds.

4.2. Preliminary Evaluation

In the preliminary evaluation, a comparative experiment was
conducted to verify the effectiveness of the proposed approach
by varying the completeness of the mapping between strategies
and mathematical model. In Pattern A, only the cycle time pa-
rameter was constructed within the mapping between strategies
and mathematical model, whereas in Pattern B, all parameters
related to the validation UCs were included. In Pattern A, for
parameters other than cycle time, the LLM inferred the rele-
vance to production strategies based on the parameter names.

As verification UCs, five cases were defined based on in-
terviews with experts from the business division, as shown in
Table 1. The outputs of each LLM were evaluated in terms of
syntax and content. GPT-4o was used without fine-tuning.

• Syntax: In the processes of the parameter item decision
and the parameter value decision, the LLM is instructed
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to output in JSON format. The evaluation was conducted
to determine whether the output could be correctly parsed
as a JSON file by the program.
• Content: The output was evaluated by comparing it with

model answers created by experienced engineers for pro-
duction line configuration, assessing whether the content
was equivalent.

4.3. Preliminary Evaluation Results

Table 2 shows the results of the preliminary evaluation. From
the perspective of syntax, correct output was confirmed for all
verification use cases under both conditions. This is attributed
to the fact that LLMs are trained using large volumes of textual
data such as JSON during model development.

On the other hand, focusing on the content, the production
strategy decision process was correctly output in all valida-
tion use cases, whereas the parameter item decision process
achieved only a 40% success rate in Pattern A. Furthermore,
the parameter value decision process produced correct outputs
for all use cases where the preceding process had succeeded.
This is likely because the task of the production strategy deci-
sion process primarily involves textual input and output, which
aligns with the domain where LLMs excel. Similarly, the pa-
rameter value decision process deals with data formats similar
to those used in the preceding process, and the task itself is rel-
atively less complex.

In contrast, the parameter item decision process requires
structured information as output, whereas the preceding pro-
cess involves natural language input. Therefore, the presence or
absence of explicitly defined correspondence information sig-
nificantly affects the success rate.

Based on the preliminary evaluation results, it was confirmed
that our development approach improves the conversion suc-
cess rate from 40% to 100%, even when dealing with different
information formats such as natural language data like produc-
tion strategies and structured data from mathematical optimiza-
tion models.

4.4. Main Evaluation

In the main evaluation, we conducted an integrated assess-
ment covering the entire process from production strategy deci-
sion to parameter determination for the line configuration tool
[2], and finally to line configuration generation through tool ex-
ecution. The evaluation UCs were the same five cases shown in
Table 1, as used in the preliminary evaluation.

In the evaluation, skilled engineers used only the line con-
figuration tool, while non-experts utilized both the tool and the
LLM-based development approach. For skilled engineers, the
tasks between production strategy decision and parameter value
decision for the line configuration tool were performed manu-
ally. Since the tool requires setting as many as 188 input param-
eters, even skilled engineers are expected to spend a significant
amount of time configuring them appropriately. The evaluation
metric was the effort required to produce a line configuration

Fig. 7. Comparison of man-hours by expert and proposed method.

of comparable quality to that of a skilled engineer. GPT-4o was
used without fine-tuning.

• Effort: The time taken from the start of line configuration
consideration to the point where the configuration was fi-
nalized by modifying parameters in the tool and generat-
ing the output. For non-experts, the process was repeated
until the configuration was approved by a skilled engi-
neer.

4.5. Main Evaluation Results

Fig. 7 presents the results of the main evaluation. This figure
compares the effort required between non-experts using the pro-
posed development technology and skilled engineers not using
it. While skilled engineers required an average of 55 minutes,
non-experts using the proposed method completed the task in an
average of 7 minutes, confirming a reduction in effort of 87.3%.
Although part of this difference is due to the time skilled engi-
neers spend on parameter value decision, the most significant
factor is the number of iterations involved in reworking the task.
Skilled engineers tend to repeat the cycle of production strategy
decision, parameter value decision, and result verification until
a satisfactory line configuration is achieved, which increases the
overall effort. In contrast, when non-experts use the proposed
development technology, the LLM consistently automates the
entire process from production strategy decision to parameter
value decision and execution resulting in a substantial reduc-
tion in effort. Furthermore, the LLM can refer to standardized
models and propose multiple feasible production strategies. As
a result, it becomes possible to generate multiple line configura-
tions at once, compare them quantitatively in terms of produc-
tivity and investment cost, and quickly determine the optimal
configuration.

5. Conclusions and future work

In this study, we proposed a method that enables consis-
tent execution from production strategy to parameter determi-
nation for a mathematical optimization model using LLMs, by
employing multi-stage processing and hierarchical reference
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Table 1. Verification UC
UC User Input text
1 Event: Forecasts show an increase in the demand of battery packs.

Objective: We want to modify our production system configuration to increase the long-term production of battery packs volume by
20%, keeping additional investment costs to a minimum.

2 Event: Forecasts show a decrease in the demand of battery pack products.
Objective: We want to reduce the production of battery packs by 30%. However, due to employment regulations, no worker has to be
dismissed. We must keep the current number of workers and reorganize the production line.

3 Event: The worker in Cell 1 has called in sick.
Objective: Take the necessary measures to ensure that the production levels are maintained unchanged.

4 Event: The production costs have continuously increased in the last 6 months.
Objective: We want to lower the production costs by outsourcing part of the production line process. Identify which part of the process
should (or could) be outsourced.

5 Event: The robot in the fourth cell has broken down.
Objective: We want to shorten the period when production is at a minimum. The delivery time for a robot of the same model as the
one that broke is six months. If it is a different model, the delivery time is one week because the manufacturer has stock. However, the
work time for a different model is 1.2 times longer.

Table 2. Preliminary verification result

Valuation target Pattern A Pattern B
Syntax Content Syntax Content

Production strategy decision - 5/5 - 5/5
Parameter item decision 5/5 2/5 5/5 5/5
Parameter value decision 5/5 2/5 5/5 5/5

knowledge. The proposed method was evaluated in the context
of line configuration tasks for a battery manufacturing line. As
a result, it was confirmed that non-expert workers were able to
generate line configurations of comparable quality to those pro-
duced by experts, while reducing the required effort by 87.3%.

This outcome not only extends the capabilities of non-
experts, but also contributes to reducing the workload of skilled
engineers by decreasing the number of review iterations. Fur-
thermore, by alleviating the burden on engineers, line config-
urations can be determined more quickly, enabling more agile
responses to production fluctuations.

While ISO 22400 provides a foundational KPI framework,
real-world decisions such as equipment selection or process
consolidation require integration of additional domain knowl-
edge, including lifecycle costs (CAPEX/OPEX), OEE factors,
risk metrics associated with operator proficiency, and reliabil-
ity data (e.g., mean time between failures). Future research
will explore expansion of the knowledge model to incorporate
these traditionally unstructured factors through integration with
enterprise-level data system.
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