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Abstract 

Many factories use Manufacturing Execution Systems (MES) to track and manage work on the 

shop floor. Setting up a single MES system can take weeks. It often needs expert help. The 

setup process involves selecting settings, defining workflows, and connecting tools or 

machines. Mistakes or delays in setup can result in poor outcomes or wasted time. 

This paper examines how large language models (LLMs) can facilitate a more streamlined and 

efficient setup. The goal is to support teams by offering smart setup tips based on past work, 

system rules, and best practices. These tips focus on digital manufacturing, the market available 

tools that many factories use to run their MES. 

The testing methodology utilized both structured data from MES system logs, current 

configurations, and previous records, and unstructured data, including work instructions, 

operator notes, system flow diagrams, etc. The model learned to suggest settings based on what 

had worked well in the past. When given a few inputs, it can now suggest complete setup plans. 

These can include production steps, quality checks, and machine data links.  

The model also verifies if the suggested setup adheres to the rules in Digital Manufacturing. It 

flags problems early, so users can fix them before they go live. This helps teams avoid long 

delays later in the process. 

To test this, we ran the tool on actual machine setups. It provided clear information and reduced 

setup time by almost 30%. It also helped new users get started quickly without needing 

extensive training. In many cases, the suggestions matched what experts would choose. The  
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method is not meant to replace people. It helps them move faster and avoid simple errors. 

Experts still review the final setup. However, with fewer manual steps, they can focus on the 

more challenging aspects. 

The research gap lies in the fact that digital manufacturing systems still rely on manual rules. 

Current tools can’t process large text-based instructions or connect them to real-time MES 

configurations. This work addresses that gap by testing automated configuration suggestions 

at scale. 

In short, this paper demonstrates how innovative tools can support MES setup by providing 

valuable insights and practical tips. We used past setups and system rules to train the tool. Early 

results indicate that it can save time and enable users to produce better work. This can help 

factories utilize the digital manufacturing solution more effectively. 

Method: In this paper, we propose an Enhanced Association Rule Mining (EARM) framework 

for feature selection on text classification tasks. EARM's process for finding rules works at 

different levels, helps distinguish between specific and overall rules, enhances traditional 

association rule mining, uses a new method to balance support, confidence, and lift metrics, 

and combines different rule mining techniques to make it more reliable. 

Keywords: Manufacturing Execution System (MES), Large Language Models (LLM), 

Generative AI, Digital Manufacturing, MES Configuration, ERP Integration, Model-Driven 

Approach, Machines and Sensors, Smart Manufacturing, Industry 4.0, Configuration 

Automation. 

Introduction 

Many factories use software to run daily tasks. One of these tools is called a Manufacturing 

Execution System, or MES [1]. It helps track work, define workflows [2], check progress, and 

guide each step of building a product. One well-known MES tool is SAP Digital Manufacturing 

(SAP DM) [3]. 

Using Digital Manufacturing [14] the right way takes time and skill. The system has many 

options, rules, and features. Picking the right setup for a plant or line can be hard. Even experts 

need time to go through the steps. If mistakes happen, they may lead to bad data or slow work, 

which can impact green field go-live and sometimes the rollout [4] of MES in different sites. 

Some users also do not know where to begin. This makes setup harder and less clear. 

The objective of this research is to find a smart and simple way to help people set up a digital 

manufacturing tool. It should save time, lower errors, and give users the help they need. One 

good way is to use large language models [5] (LLMs) that can give setup tips based on past 

work and known rules. LLMs are tools trained to read and write human text. They can also find 

patterns, spot errors, and answer questions. In this case, we use them to read MES setup data 

and give setup suggestions for the tool. These suggestions are not random. They come from 

real data and tested steps. 

The idea is simple. When a user needs to set up a system, the model can guide them. It can 

suggest task flows, machine settings, quality checks, or other key inputs. It can also show when 
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something is missing or wrong. This helps users fix it early. The goal is not to take over the 

job. It is to support people who do the work. New users can learn the system faster. Experts 

can check more setups in less time. The model gives quick answers to setup questions that often 

take hours to figure out. 

This kind of help is useful in many ways. First, it cuts down the time spent on setup. Teams 

can finish tasks sooner. This is key in places where time is short and work is non-stop. Second, 

it gives people more control. They can try things out and get feedback right away. Third, it 

helps with training. People can learn the system by asking and getting real answers. In past 

years, teams used long guides, system notes, or asked each other for help. These steps take time 

and are not always right. The new tool makes this faster and clearer. It can also adjust based on 

the plant type, product, or user role. This makes it useful in many places. 

The idea was tested using real setup cases. The model gave correct and helpful tips. It matched 

what human experts would choose. In some cases, it even found things that were missed. This 

shows it can help in real-world use. The model also follows manufacturing rules. It knows what 

each field means and what values it should have. When a user puts in bad data, the tool can 

point it out. It can also explain why something does or does not work. This builds trust in the 

tool. We also looked at how this works with teams. The tool fits well into daily tasks. It can be 

part of a chat tool, a help pop-up, or a training app. This means people do not need to switch 

tools or leave their work to get help. The answers come to them when they need it. 

This paper talks about how smart manufacturing works [6], how we trained it, and how we 

tested it. We will show sample use cases, compare the results to human choices, and explain 

how it helps. We will also look at limits and how to fix them. 

In short, we show a way to help with the manufacturing master data setup that is fast, smart, 

and easy to use. It gives tips based on real data and rules. It helps people get more done, learn 

faster, and make fewer mistakes. The tool supports teams, not replaces them. 

This kind of support can be added to more tasks over time. But for now, it solves one big need, 

helping teams get their MES up and running, with less stress and more success. 

Literature Review 

2.1 Research, Case Studies, and Identifiers 

Manufacturing Execution Systems (MES) is often called Enterprise Resource Planning (ERP) 

[7] on the floor, which helps in managing shop floor operations by introducing methodologies. 

MES tracks production, monitors quality, and links machines with business systems. Setting 

up MES software takes time. It often requires manual work, expert input, and custom rules. 

Mistakes can cause delays, high costs, or system errors. The paper explores a new way to 

reduce this burden using large language models (LLMs) [8] to suggest the right and required 

configurations. 

The paper builds on recent work in MES automation. Earlier tools focused on rule-based 

systems or user input through templates. These tools worked for basic tasks but failed with 

complex setups. Manual setup of any digital manufacturing tools remains a problem. The paper 
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highlights how this manual process is hard to scale. Each factory and product line needs a 

unique setup. Standard templates help, but still leave many gaps. 

Several studies tried to use machine learning [9] to fix this. Most used data from machines and 

sensors to improve performance. Others focused on scheduling or predictive maintenance. Few 

papers looked at setup or configuration. The gap in this area is clear. The paper takes a new 

path by applying a language-based model to recommend setup options. 

The use of large-scale models [10] for this task is recent. A few studies tried them in IT system 

setups or chatbot support. These models can read setup guides, user input, and past configs. 

They generate suggestions that match what experts might say. The paper applies this to shop 

floor tools, which handle the manufacturing part of it digitally, using input from MES experts, 

manuals, and configuration logs. 

Past research shows that LLMs can learn from unstructured input. This includes emails, 

documents, or forms. In the context of MES, this means reading process flows, naming 

patterns, and error logs. The model can then match patterns to set up needs. This is a shift from 

rule-based logic to pattern-based guessing. The paper argues that this leads to faster and more 

accurate setups. 

One crucial point in the paper is context. MES configuration needs to fit a specific site, product, 

and team. Generic answers won't work. The paper uses prompt engineering to give the model 

enough context, for example, including the plant type, production steps, and quality checks. 

This makes the model's output more useful. 

The authors compare the LLM tool with expert setups. In tests, the model gave useful 

suggestions for 70–80% of configuration items. Experts still needed to check the results. But 

the time to complete a setup dropped. This shows that the model can help but not replace human 

review. 

The study also looked at errors. Some of the model's suggestions were wrong or too vague. The 

paper notes that LLMs don’t "know" things in the usual sense. They guess based on patterns. 

For this reason, the tool includes feedback from users. When a user rejects or edits a suggestion, 

that input trains the model again. This feedback loop helps improve accuracy over time. 

Another key topic is scale. A company may have dozens of plants and hundreds of lines. 

Manual setup for each one is slow. The LLM approach can scale faster by reusing patterns. If 

two plants use similar flows, the tool can spot this and suggest shared setups. 

The paper also notes that manufacturing data input changes often. Updates may add or change 

features. This means that rules can go out of date fast. A static template may miss these changes. 

The model, however, can learn from new docs and logs. This helps it stay current without a 

full rework. 

The paper compares this tool to other config aids. Traditional setup wizards offer limited help. 

They work well for simple use cases. But they don’t adjust to the context. They also can’t 

process text from manuals or logs. The model can. This is what sets the approach apart. 

In closing, the paper fills a gap in MES automation. It shows that language-based models can 
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guide setup tasks. While not perfect, the tool can save time, reduce errors, and adapt to new 

cases. Experts are still needed, but their work shifts from manual entry to review and fine-

tuning. The tool makes setup smarter, not just faster. 

2.2 Gap Statement 

Current studies show mixed views on how to improve MES setup in real factories. Many focus 

on general tools or templates but don’t offer clear setup advice. Others highlight issues in the 

chosen tool but stop short of giving fixes. Few use real system data to guide settings. 

Most teams still rely on experts or trial and error to set up MES systems. This wastes time and 

often leads to mistakes. System logs, user actions, and past setups hold useful clues, but current 

tools don’t use them well. There is little research on using smart language tools to read this 

data and give setup tips. Most work stays broad or skips over configurations. No clear method 

exists to turn real-time system behavior into simple, helpful setup steps. 

This paper fills that gap. It shows how an LLM model-driven approach [11,15,16] can study 

system use and suggest better and faster master data settings. These tips are clear, fast, and 

based on what the system is already doing. We focus on saving time, reducing errors, and 

helping teams set up faster. The goal is to stop guessing and start using what the system already 

knows. 

1. Methodology   

This study tested how large language models (LLMs)[17, 19 ] can support configuration in 

digital manufacturing. The focus was on turning plain language requests into usable system 

setup steps. Models were examined for their role in error tracking and knowledge capture. 

The model employs a straightforward mathematical structure to connect user questions to 

system settings. Figure 1 illustrates the argmax [12] scoring formulation. 

 

Figure 1: Illustrates the Argmax-Based Retrieval Model 

 

The Score function checks how meaningful or close the setting is with respect to the user’s 

request. It utilizes standard formulae, such as word meanings, past examples, and rule checks. 

Once it finds the match. Figure 2 illustrates the structured result representation. 
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Figure 2: Illustrates the Structured Result Representation 

This formula helps turn plain questions into real answers. It avoids guesswork. It uses patterns 

to match need with action. The problem can be broken into three conceptual components: 

3.1 Context Overview 

Master data setup in digital manufacturing means keeping key details like materials, machines, 

and steps accurate and consistent. This data is used across systems such as ERP, MES, and 

PLM. But the needed information often comes from messy or unclear sources—like manuals, 

spec sheets, and emails. That raw data must be found, sorted, cleaned, and put into the right 

format. When done right, it helps systems work better together. It also cuts down on mistakes 

and delays. Clean data keeps production on track and helps teams make faster, better decisions 

with fewer problems down the line. 

3.2 Mathematical Framework 

3.2.1 Input Source 

The methodology begins by considering a set of unstructured or semi-structured data sources. 

Each document belongs to a space that includes formats such as text files, PDFs, or Word 

documents. These documents are preprocessed by tokenizing and embedding them into a 

numerical format suitable for input into a Large Language Model (LLM) [11]. Figure 3 

illustrates the unstructured data sources. 

 

Figure 3: Illustrates the unstructured data sources. 

LLM-Based Processing  

The output is structured master data covering items such as materials, machines, and processes, 

which is ready for integration into digital manufacturing systems (e.g., MES, ERP, PLM). 
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LLMs improve data consistency, reduce manual errors, and support faster system 

configuration. Figure 4 illustrates the structured output function. 

 

Figure 4: Illustrates the Structured Output Function 

3.2.2 Master Data Schema Alignment 

A master data schema defines the structure, attributes, and relationships of core business 

entities used across manufacturing systems. In digital manufacturing, the schema typically 

includes key domains such as materials, machines, processes, and work centers. Figure 5 

illustrates the master data schema alignment. 

 

Figure 5: Illustrates the Master Data Schema Alignment 

3.2.3 Loss Function for validation 

During validation, the chosen loss function is applied to a separate validation dataset to monitor 

model performance and detect overfitting or underfitting. Standard loss functions include 

cross-entropy for classification tasks and mean squared error (MSE) for regression tasks. 
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Figure 6 illustrates the validation function. 

 

Figure 6: Illustrates the Validation Function 

3.2.4 Configuration Output 

Configuration output refers to the structured data generated at the end of the master data setup 

process. This output includes validated and formatted information such as material definitions, 

machine parameters, process steps, and system settings ready for integration into 

manufacturing systems. Figure 7 illustrates the configuration output. 

 

Figure 7: Illustrates the Configuration Output 

3.3 Summary 

The diagram shows how master data is set up in digital manufacturing. It starts with raw, 

unstructured data. This may come from spec sheets, manuals, emails, or other files. The data is 

then extracted, sorted, cleaned, and checked. Once clean, the data is turned into structured 

master data. This includes things like materials, machines, and process steps. The clean data is 

then sent into key systems such as MES. This setup uses a model that follows language 

processing steps to handle the data. It helps make the data accurate and consistent across 

systems. A knowledge graph can improve this by linking related pieces of data. 

The process helps avoid errors and delays in production. It also supports both master and some 

transactional data setups. This makes system connections stronger and more reliable. Clean 

data helps systems run better and keeps production on track. Figure 8 illustrates the conceptual 

flow diagram(s) with (1) and without (2) a knowledge graph. 
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Figure 8: Illustrates the Conceptual Flow Diagram(s) 

3.4 Audience or Sample 

The sample used in this study came from real and simulated digital manufacturing tools. These 

were plant engineers, production planners, and IT staff. They submitted requests during daily 

tasks, such as creating new routings, updating work centers, or resolving system errors. 

Collected over 300 natural language requests [13]. These came from support tickets, email 

chains, and user interviews. The requests showed how users ask for help in simple words, not 

system terms. 

Each request was labeled based on the type of change it asked for. Categories included setup, 

errors, updates, and system links. These labels helped train the Model to match user intent with 

system needs. 

Logs from past system setups are also used to train the Model [15]. These showed what worked 

and what failed. This helped match real questions with working system actions. For example, 

if a user asked to “add a new resource to the work center,” the Model searched and added the 

resource and linked it to the existing work center configuration. 

The goal was to teach the Model [16,17,18] how users think and speak. This made it easier to 

turn plain requests into working setups, which are an integral part of it. The final Model used 

this data to give clear, helpful answers that fit everyday factory needs. 

3.5 Data Collection 

Common user requests were first collected from manufacturing teams needing changes or 

updates on the shop floor. Each request was written in natural language. Examples included 

“add a new work center” and “adjust routing times.” These were used to test how well the 
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model understood the intent. 

Several models were tested. Each one converted a user query into a system-ready template. 

Outputs were compared to expert-made templates. Accuracy, structure, and fit for the tool use 

were reviewed. 

After templates were created, integration steps were examined. The models guided where 

changes should go in the UI and which fields to update. These steps were tested in a safe setup 

to confirm they worked. 

Next came validation. The system checked if the templates worked without breaking other 

links. For example, new routings were checked to ensure they matched the correct materials, 

work centers, and operations. The tools were also tested on how well they explained errors or 

gaps. 

Troubleshooting was also tested. Failed setup cases were given to the models for help. These 

included mis-linked routings, missing data, and schedule errors. Model responses were 

compared to expert fixes. In many cases, root issues were found faster. 

Each successful case was saved. This included the request, output, fix steps, and final setup. 

Cases were grouped for reuse by new users or teams to avoid repeating work. Domain experts 

scored each result. Their feedback helped improve prompts and refine steps. Performance was 

tracked using four metrics: query understanding, template quality, integration steps, and fix 

accuracy. A 5-point scale showed how much manual work was still needed. 

The full process ran in cycles with fresh queries each time. Failures were logged to find repeat 

issues. These insights were used to adjust prompts or break up complex tasks. 

The process was run in cycles. Each round used a new set of queries. This helped test model 

consistency. We also logged model failures to spot patterns. These insights helped in making 

prompt adjustments or breaking complex requests into smaller ones. 

This method provided a comprehensive view of how well LLMs can help set up and maintain 

in digital manufacturing. It also showed where they still fall short. Most helpful was their use 

in guiding setups, solving errors, and building a growing base of repeatable tasks.  

3.6 Analysis 

The tool also helps with error tracking. Digital manufacturing tools return lengthy and system 

error codes, which are not meaningful to the end user. In that case, simple language translation 

helps clarify where the issue lies or what this error code means. 

Compared to the old way, this is a significant change. Before, if a user saw an error, they had 

to stop and call someone. An expert had to look through the setup, find where it went wrong, 

and explain how to fix it. This often took multiple calls or support tickets. It slowed down work 

and added pressure on IT teams. 

Now, the model checks these issues in real time. It links current errors to similar past cases and 

shows what worked before. Over time, it builds a list of common problems and working fixes. 

This makes the tool more thoughtful and more helpful. Users no longer need to remember every 
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detail. The tool supports them from setup to error handling. 

Another strength is consistency. Experts may fix the same issue in different ways, based on 

their habits. This can cause confusion and mismatched data. The tool gives the same type of 

help each time. It follows patterns that are known to work. This helps keep the system clean 

and easier to manage. 

The tool also helps new users. When someone joins a factory team, they often spend weeks 

learning the system. With the tool, they can start by asking simple things and getting answers 

right away. This reduces the time required to train someone and minimizes mistakes during the 

learning phase. 

The model also logs each request and result. These logs help improve the tool and act as a 

growing knowledge base. When new requests come in, the tool can check if it has seen 

something similar before. If it has, it shows the best way to handle it. Figure 9 illustrates the 

process of digital manufacturing configuration using an LLM model.  

 

Figure 9: Use of LLM Model in Digital Manufacturing 

Model-Based Help for Digital Manufacturing System Configuration  

1. Natural language queries 

A manufacturing or shop floor Engineer can describe what they want in plain language. The 

LLM translates this into system configurations or technical settings. 

2. Template and rule generation. 

The model can generate configuration templates, rules, and workflows for production 

processes, reducing manual setup. 

3. Integration guidance 

It helps map connections between digital manufacturing tools and other enterprise systems 

(ERP, PLM, MES, SCADA) by suggesting proper integration points. 
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4. Validation and troubleshooting 

The model can check configurations against standards or best practices and flag 

inconsistencies. 

5. Knowledge capture 

Past setup knowledge and documentation can be fed into the LLM. It then provides quick 

answers or recommendations for new rollouts. 

6. Training support 

Operators and IT staff can use the model to get step-by-step guidance during configuration or 

upgrades. Overall, the tool changes how users work with manufacturing tools nowadays. It 

supports them at each step, from setup to error and fix. It reduces waiting, improves accuracy, 

and helps users learn through hands-on experience. It shifts daily tasks from expert-only to 

team-friendly. This allows experts to focus on more challenging problems, while the rest of the 

team handles day-to-day tasks with greater speed and confidence. 

2. Results 

The study examined how large language models can enhance digital manufacturing tool 

settings. Researchers used interviews and documents to find patterns. They used a method 

called thematic analysis. 

They found three key themes. First, users want setup tips that match real needs on the factory 

floor. Many current systems offer too many options and not enough clear help. Second, teams 

need faster ways to test and update system settings. Long update cycles slow down progress. 

Third, people want the tool to explain its choices. This helps users trust and follow its advice. 

The tool gave helpful setup tips for over 75% of test cases. Users said the tips saved time and 

cut errors. They also said it helped them learn new features they didn’t know about before. 

The results show that simple, focused help can make setup tasks faster and better. It also helps 

teams work with the system instead of around it. Clear advice based on real needs made a big 

difference. The study suggests a new approach to making systems easier to use. It shows that 

innovative tools can support both experts and new users. 

4.1 Quantitative Result Overview: Manual vs Model-Assisted Setup 

Here is a simple result table based on the study. It shows system and user outcomes before and 

after using the model. Table 1: How values are captured against each measure.  

Table 1: Task Result Before and After Model Use 

Measurement W/O Model 
With 

Model 
Notes 

Correct Configs  

(per 10 tasks) 
6 9 The frequency of the correct 

setting was applied. 
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Avg. Setup Time 

(mins/task) 
18 7 

Time spent on each task. 

User Errors (per 10 tasks) 4 1 
SME is soliciting for an error 

found. 

Unknown Features Used 

(%) 
12% 38% 

New features users tried with 

help. 

User Confidence (1–5 

scale) 
2.8 4.5 

Self-reported score from users. 

Rework Needed (%) 30% 8% Tasks that had to be redone. 

Help Requests (per task) 3.2 0.9 SME involvement. 

 

4.2 Quantitative Result on Error Code Detection: Manual vs Model Help  

Here is a clear result table showing how the model helped with error code detection. The data 

in Figure 10 shows the impact of the LLM Model on the error code detection task in digital 

manufacturing. 

 

Figure 10: Impact of LLM Model on Error Code Detection Tasks 

3. Discussion 

The results show a clear benefit to using the model in different manufacturing environments. 

It helped users find the right settings faster and with fewer mistakes. Over 75% of the model’s 

tips matched what users needed. 

Users said the tool made setup tasks easier and more accurate. Many learned new features they 

hadn’t used before. This shows the tool didn’t just guide—they also taught. 

Three primary needs came up. First, people want help that fits the real work they do. They 
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don’t like long lists or unclear menus. Second, they need to test changes quickly. Long wait 

times slow them down. Third, they want to know why a setting is chosen; that’s what builds 

the trust. 

The model met all three needs. It gave short, clear tips. It helped reduce trial and error. It 

explained its choices in plain words. This resulted in faster setups, fewer support requests, and 

improved outcomes. Users felt surer about their work and made fewer changes later. 

The study proves that well-designed tools can improve both speed and accuracy. It also shows 

that new users can perform as well as experts, with the right help. These changes can improve 

how teams work with complex systems on the manufacturing floor. 

5.1 Limitations 

The study had some limitations that should be noted. First, it used a small group of users. Most 

had some background in SAP, so results may differ with new users or larger teams. Second, 

the model was tested on a set of tasks. These tasks may not cover all real-world cases. Some 

rare or complex settings were not part of the test. Third, the tool worked with fixed data and 

rules. If system updates change how settings work, the tool may give wrong or outdated tips. 

Fourth, user feedback was based on short-term use. Long-term results, like system stability or 

deeper learning, were not tracked. 

Also, the tool's answers were in plain text. It did not connect directly to the SAP system. Users 

had to apply the tips by hand, which could still lead to mistakes. Lastly, all users knew they 

were part of a study. This may have shaped how they worked or rated the tool. 

These points show the results are strong, but not final. More testing with wider groups and real 

use over time would give a fuller view. 

5.2 Future Research 

Future work should test the tool with more users across different roles and locations. This 

would show how well it works in real settings. It should also cover more tasks, including rare 

and complex setups. This will check if the tool can handle edge cases. Adding direct links 

between tips and system actions could cut down errors. This feature should be explored in later 

versions.  It would help show if users keep learning and working faster over time. 

Better ways to explain why each tip was given could also build more trust. Simple, clear reasons 

matter to both new and expert users. 

Conclusion 

This study looked at how a model can help improve setup in the manufacturing shop floor area. 

It focused on giving users clear, useful tips. These tips were tested across common tasks. The 

results were strong. Over 75% of the tips matched what users needed. Most users said the help 

saved time and cut down on mistakes. Some also said it helped them learn new features they 

had never used before. Three clear needs came out of the study. Users want help that fits real 

work. They want faster ways to test and apply changes. And they want to understand why a tip 

is given. 
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The model met these needs well. It gave direct advice, explained its choices, and helped reduce 

trial and error. This shows that small, smart tools can make a big impact, which helps 

manufacturing users move faster, feel more confident, and get better results. With more testing, 

this approach could help more teams. It could also be used in other systems that face the same 

setup problems. 
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