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Abstract. The requirements for rapidly changing product designs and product
customisation increase the need for manufacturing systems to be updated
frequently. Existing approaches, such as Plug & Produce, use standardised
resources that can be moved around quickly when needed to adapt to these
requirements. However, robot controllers still require reprogramming or
extensive reconfiguration to work with the new setups. The use of a Large
Language Model (LLM) has potential in assisting in automatically adapting these
systems to new product designs. When changes are frequent, the use of in-house
knowledge should be the focus rather than the use of external expert knowledge.
Using LLM, a manufacturing system can be instructed on what to do using natural
language. This simplifies and speeds up the changes needed to adapt to new
product requirements. This article presents an implemented and tested system for
using LLM with a physical collaborative robot equipped with a mechanical gripper
and a vision system. This is tested with a kitting application that includes a set of
buffers for holding the objects to be kitted, a human giving instructions to the
system, and a kitting tray to hold the kit.

1. Introduction

Frequently changing product designs puts demand on the manufacturing systems that produce
them. A shift can be identified in the manufacturing industry to focus more on mass customisation
and low-volume manufacturing, rather than traditional mass production [1].

When working with mass customisation and low volumes, traditional automation systems
are not suitable due to rigid hardware and control structures. Thus, there is a need for reduced
installation costs [2], [3]. One approach is Plug & Produce, which was introduced by Arai et al. [4].
It makes it easy to add and remove hardware to the system by standardising modules [5], [6].
There have already been many efforts to solve the hardware challenges of Plug & Produce, as
shown in, for example [7], [8]. Thus, the focus of this article is on the software-related challenges.

Flexible manufacturing with customised products or low-volume still relies on human
involvement, both performing operations and instructing the system about changes. To reduce
the time spent on re-programming and extensive re-configurations, humans should be able to
instruct the system in a natural language. This will make the system faster to adapt to new
requirements with a time frame of minutes to hours, rather than days to months. It also allows for
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the use of in-house knowledge, where, for example, an operator or technician can instruct the
system. Industry 5.0 is defined with a focus on a human-centric industry [9]. Lu et al. [10] explain
that a human-centric approach puts the human in the centre rather than the system. To
understand this, they define the industrial human needs divided into five levels of human-
machine relationships: (1) Coexistence, (2) Health, (3) Collaboration, (4) Compassion, (5)
Coevolution. Levels 1, 2, and 3 can be approached with existing technology for safety and
collaboration. For the higher levels 4 and 5, there is a need for more intelligent approaches, such
as Artificial Intelligence (Al).

Large Language Models (LLMs) represent a form of Al that enables a more natural interaction
between humans and machines. One existing example where humans communicate with robots
in natural language is to categorise the input (prompt) to the LLM into system signals, system
description and product description [11]. The system signals contain information about the system,
such as the robot gripper location and whether the gripper is open or closed. The system
description is written by an expert who is involved when designing the manufacturing system. The
product description should ideally be based on in-house knowledge and expressed in a natural
language, which is particularly important when product specifications change frequently. LLMs
can be used for generating texts, such as programming code [12] and to generate explanations of
existing texts, such as programming code [13]. However, it is important to note that they do not
use human-level logical and causal reasoning for generating the outputs, as explained by Manning
[14].

To avoid manually defining the position of objects to be used in, for example, a pick-and-place
scenario, depth-sensing cameras are a useful tool for robot manipulation. There are a variety of
depth-sensing cameras to select from [15]. One approach presented by Le et al. [16] used the
object detection system “You Only Look Once” (YOLO) to identify objects for a robot to pick and
place. YOLO was first introduced in 2016 by Redmon et al. [17]. It is an object detection system
based on neural networks and is one of the most popular frameworks for object detection. It can
be trained on pictures from, for example, a manufacturing scenario to recognise objects. There
are 12 versions of YOLO available between 2016 and 2025 [18]. Another object detection system
is YOLO-World, which was introduced in 2024 by Cheng et al. [19]. It uses the YOLO architecture
with a pre-trained “Contrastive Language-Image Pre-Training” (CLIP) text encoder for encoding
the text inputs. CLIP is a neural network that has been trained using image and text pairs [20].
Thus, YOLO-World can be given a natural language input and detect those objects without the
need for re-training. This is useful in a flexible manufacturing system to avoid the use of experts
for re-training neural networks.

This article presents a novel system where a human without expert knowledge on
manufacturing systems can instruct an industrial robot on what to do using natural language. The
system is equipped with a depth-sensing camera that detects the location of objects. A prompt is
automatically generated consisting of user inputs that are separated into in-house knowledge and
expert knowledge, together with conversation history, machine vision data and states of the
manufacturing system. This prompt is then automatically sent to the LLM that is controlling the
robot. This is tested in a physical experiment in a kitting application using an industrial robot
equipped with a mechanical gripper that picks metal screws from buffers and places them in a
kitting tray.
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Figure. 1. Proposed LLM Decision-Making System (1) and Plug & Produce manufacturing system
(2).The a, b, ..., k, defines the information flow between the nine containers

2. Proposed System

In Figure. 1, the proposed LLM Decision-Making System (1), and the Plug & Produce
manufacturing system (2) are shown with arrows a,b,...k, that define the information flow
between the following nine containers:

In-House Knowledge is a human within the company, with manufacturing knowledge, who
instructs the system (a) in a natural language.

External Expert Knowledge refers to a specialised individual, typically external to the company,
who possesses a deep expertise in developing the manufacturing system and with strong
understanding of robotics and automation. This user gives instructions (b) in natural
language about how the system works. This can, for example, include defining locations of
objects, defining how to perform a pick and place sequence and whether it needs to go via
offset locations.

User Interface is a graphical interface that runs on, for example, a web service to allow it to be
compatible with most devices and to run from a distance, such as on a tablet computer in the
manufacturing system. It sends information (c) to Prompt and stores the user input (h) in the
Database. The User Interface also reads (g) and presents information from the Database to
the user.

Prompt is a software that combines the user interface input (c¢) with information from the
database (f) and generates a prompt (d) for the LLM.

LLM generates a decision on controlling the robot and sends instructions (i) to the Robot
Controller and stores history (e) in the Database.

Database receives information (j) from the Machine Vision system and (k) from the Robot State.

Robot Controller is a physical or simulated robot that takes the LLM instructions (i) and runs
them. This includes, for example, moving the robot Tool Center Point (TCP) and opening and
closing the gripper of the robot.
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Machine Vision system consists of a camera and a function to convert an image to a set of objects
described in text with required details such as location and type.

Robot State is a software that captures the state of the robot and converts it to text. This can, for
example, include the current location of the TCP of the robot and the gripper's open and
closed states.

In Figure. 2, a simplified illustration of the User Interface is shown. It includes a conversation
function with a (1) Conversation History, (2) Message Input, and (3) Send Button. It also shows the
(4) Robot State with x, y, z coordinates, the gripper open/close state, and a description in natural
language of where the robot tool is located. There is also an (5) Event Log that shows all actions
that the LLM has sent to the Robot Controller.

4 N
(1) Move robot to home and open (4) Robot State
gripper X:4.0 Y:6.2 Z:5.4

Gripper: Open

Robot is now at M8
screw

e N

(5) Event Log
Robot moved to X: 4.0, Y:
6.2,2:5.4

Gripper opened

(@it five M8 screws ] ( (3)Send )

Figure. 2. User Interface with (1) Conversation History, (2) Message Input, (3) Send Button, (4)
Robot State, and (5) Event Log

The machine vision system must be able to identify all objects to be manipulated by the robot.
This includes the object location, orientation and object type. The vision system should not
require frequent re-training. This is especially important in a Plug & Produce system where the
objects are changed frequently. The Machine Vision system must output information in a text
format that can be understood by an LLM.

3. Implementation

The proposed system is implemented as shown in Figure. 3, containing an industrial robot
(Franka Robotics), a 3D camera (Intel RealSense), a kitting tray, and parts to be kitted. The parts
are two types of screws with the sizes 8 and 14 millimetres in diameter (M8, M14).

The robot has a path planner running in the software Movelt Motion Planning Framework
(Movelt), which is a tool in the Robot Operating System (ROS). For an industrial setup, all
geometries should be added in detail to the simulation to avoid collisions. For the experiments,
the simulation model was simple and did not include all obstacles.
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Figure. 3. Industrial robot (Franka Robotics), 3D-camera (Intel RealSense), kitting tray and parts
to be Kkitted

Since LLM models take text as input, the photos taken with the camera must be converted into
text. We considered using the object detection system You Only Look Once (YOLO), and later
selected YOLO-World. Both systems can provide the positions and heights of objects required for
robot manipulation. The key difference is that YOLO needs to be trained for the detection of
scenario-specific objects. This requires manually marking the location of items on hundreds to
thousands of images. Using YOLO-World, this can be completely avoided since it is pre-trained on
a general dataset. However, YOLO outputs a list of objects based on the camera input. This is not
the case in YOLO-World, where the system requires a keyword to be entered that it searches for
in the picture. The syntax for these keywords can be difficult to know. For the experiments in this
article, YOLO-World was used. This means that we did not have to train the system, but we had to
manually find the exact prompts. In the future, this can be investigated further to let the LLM
match user input, like pick M14 screw to the specific YOLO-WORLD prompt required.

The user interface was developed as a web page, as shown in Figure. 4, and Figure. 5. The
web page connects to a database running on the same server as the web page. This makes it easy
to connect to it from any device in a factory, such as a tablet computer, mounted next to the robot.
The message that the user sends is not just a simple instruction. Instead, it is a conversation in
chat format that has the possibility to be used for general topics, making it possible to ask
questions about the system.
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Chat LLM Contents

LLM Decision-Making System

Let's start by detecting the part locations to place one
M14 and two M8 screws in the kit. Moving the robot to

the detection position.

Robaot « 10/20/2025, 4:14:35 PM « seen by you 10/20/2025, 2:14:35 PM

doi:10.1088/1757-899X/1342/1/0
Mode
Robot State
. X Y z Gripper
Place one M14 and two M8 in -0.500 .0.239 0.200 open
the kit
You « 10/20/2025, 4:14:33 PM « seen by robot 10/20/2025, 4:14:33 PM Description

The robot is now in position to place the second M8
screw into the kit.

Updated: 10/20/2025, 4:19:59 PM

Event Log

I've successfully detected the part locations. Now, I'll

proceed to pick and place operations for one M14 and

two M8 screws.

LLM requested done; suspending until new user

message.
10 5, 4:19:21 PM

Robot « 10/20/2025, 4:14:49 PM « seen by you 10/20/2025, 2:14:49 PM

I'll start by picking up an M14

screw.

Robot « 1072072025, 4:

I've successfully attached the M14 screw. Now, I'll move
back to the offset location to proceed with placing it in

the kit.

Type a message...

Messaged user: The second M8 screw has been
successfully placed into the kit. All tasks have been

completed.
10/20/2025, 4:19:10 PM

14:51 PM « seen by you 10/20/2025, 2:14:51 PM

Turned gripper off (Released part)
10/20/2025, 4:19:00 PM

Moved to (X=-0.5, Y=-0.239, Z=0.2)
hd 10/20/2025, 4:18:41 PM

Moved to (X=-0.5, ¥=-0.239, 7=0.3)

Figure. 4. User Interface for the LLM Decision-Making System, showing data from the experiment

LLM Content Sections

Content 1 — Role & Scenario
LLM role + short manufacturing
scenario.

Content 2 — Resources
Resource name, location, offset
pick location, purpose.

Content 3 — Operations
How operations are done; use
offsets to avoid collisions.

Content 4 — Expected Response
Format

Exact format (e.g., JSON
schema) and templates.

Content 5 — General Rules
Signals/constraints required
before operations.

Save All Reload

You have a robot you control using gripper, x,y,z.

Part offset for picking small screw (M8) is always at Z=0.1 and pick is always at Z=0.042
Part offset for picking big screw (M14) is always at Z=8.1 and pick is always at Z=0.0596

Kit placing location: X=-©.5, Y=-0.239, Z=0.2; Kit placing offset Location: X=-0.5, Y=-8.239, Z=0.3;

To pick a part, follow these steps: (1) Move to the pick offset location, (2) Move to the pick location,
(3) Attach part, (4) Move to the pick offset location again.

To place a part, follow these steps: (1) Move to the place offset location, (2) Move to the place location,
(3) Detach part, (4) Move to the place offset location again.

ek E2ed LLo Veello AF ALf mbo bee milem dlf LoV A AR AU A m oA A od

ofn meiom o ek o

Please respond to control the robot in the following JSON format. You only reply with one command (JSON) in
each response. JSON parsing is expecting property name enclosed in double quotes.

For moving: { "action": "move", "X": <x>, "Y": <y>, "Z": <z> }.

For attaching a part: { "action": "attach_part” }.

Do not repeat user instructions multiple times unless specifically instructed to.

Make sure to give the user a response in the "message_user" action about your intentions before and after
running actions attach_part, release_part, or move and keep it social but short and professional.

You run iteratively, so you will not see the messages more than one time. Instead, look in the chat history

e S SO SO S A ST S IO,

12049

4 o

-

—

4

Figure. 5. The LLM Contents Editor with five contents and their descriptions, and the content data
used in the experiment
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The selected LLM model was gpt-40, which was used for the experiment. The prompt was divided
into a system and user role due to the model's design to separate these. The rest of this section
shows the prompts that are considered to be expert knowledge. The italic, non-bold text is the
prompt given to the LLM, and when brackets {variable} are used, the brackets are replaced by the
actual value of that variable.

System role:

Your role is:

{Content 1}

The system has the following resources:
{Content 2} {Camera}

You can perform the following operations:
{Content 3}

Expected response format:

{Content 4}

General rules for system:

{Content 5}

User role:
{Signals}
{User Input}
{Chat History}

Content 1:
You have a robot you control using gripper, x,,z.

Content 2:

Part offset for picking small screw (M8) is always at Z=0.1 and pick is always at Z=0.042

Part offset for picking big screw (M14) is always at Z=0.1 and pick is always at Z=0.0596

Kit placing location: X=-0.5, Y=-0.239, Z=0.2; Kit placing offset Location: X=-0.5, Y=-0.239, Z=0.3;

Content 3:
To pick a part, follow these steps: (1) Move to the pick offset location, (2) Move to the pick location,
(3) Attach part, (4) Move to the pick offset location again.

To place a part, follow these steps: (1) Move to the place offset location, (2) Move to the place
location, (3) Detach part, (4) Move to the place offset location again.

Before moving a part you must find the location of the parts by moving robot to X=-0.46, Y=0, Z=0.3,
and then send the "detect” action to update the location data of the parts.

Content 4:
Please respond to control the robot in the following JSON format. You only reply with one command
(JSON) in each response. J[SON parsing is expecting property name enclosed in double quotes.

mon "o

For moving: { "action": "move”, "X": <x>, "Y": <y>, "Z": <z> }.
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mon

For attaching a part: { "action": "attach_part" }.

mon

For releasing a part: { "action”: "release_part" }.

mon "o

For replying to "user input” { "action": "message_user”, "message": <message> }.

m,on

For waiting on a resource to finish { "action": "wait" }.
For detecting part run { "action": "detect" }.
Run when you are not having a plan to perform any further actions right now { "action": "done" }.

After each action move, send description on where the robot is located without using x,y,z { "action":

momn

"Location”, "message”: <message> }.

Content 5:
Do not repeat user instructions multiple times unless specifically instructed to.

Make sure to give the user a response in the "message_user"” action about your intentions before and
after running actions attach_part, release_part, or move and keep it social but short and
professional.

You run iteratively, so you will not see the messages more than one time. Instead, look in the chat
history to keep track and match that with your actions to see that you have completed the goal from
the user.

Signals:
Current crane position, X={atX}, Y={atY}, Z={atZ}
Current gripper status, gripper={gripper._status}

User Input:

The following is the "user input"” giving you input on what to do in the system. If this is empty send
the "done" command and do not do anything:

{UserInputFromDb}

Chat History:
Chat history:{History}

Camera (generated):

The LLM Decision-Making System gets data from the vision system, which consists of a camera,
YOLO-World and a REST server used for communication. The LLM Decision-Making System loops
through the data, which consists of x and y locations for each screw detected. The data is
formatted with name and location (Name: <name>, x=<x>, y=<y>) for each screw and appended
to the string variable Camera.
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Table. 1. The observed behaviours of the robot and the correlated actions

doi:10.1088/1757-899X/1342/1/012049

Action Behaviour

move Move to avoid covering the camera
move Move to the offset of an M14 screw
move Move to the M14 screw

attach_part

Attach the M14 screw

move Move to the offset of the M14 screw
move Move to the offset of the kit
move Move to kit

release_part

move
move

attach_part

Release the part in the kit

Move to the offset of an M8 screw
Move to the M8 screw
Attach the M8 screw

move Move to the offset of the M8 screw
move Move to the offset of the kit
move Move to kit

release_part

move
move

attach_part

Release the part in the kit

Move to the offset of an M8 screw
Move to the M8 screw
Attach the M8 screw

move Move to the offset of the M8 screw
move Move to the offset of the kit
move Move to kit

release_part

Release the part in the kit

4. Results
In Table. 1, the behaviour of the robot is listed. The list was created manually by observing the
robot's behaviour and is limited to the physical actions: attach_part, release_part, and move. This
was done to evaluate the actual behaviour of the system rather than the event log of the system.
Thus, the actions detect, location, wait, message_user, and done are not included in this list.

It was noticed that the prompts need to be tested and adjusted to improve the robot control.
At first, there was a problem with the offsets not being included correctly when picking screws.
This was solved by clarifying the prompt as shown in the article, using clear language like: pick
offset location and place offset location. Earlier, this was only offset location. However, in the final
tests, it was noticed that the system did not use the offset when leaving the kit. This can likely be
solved in the same way by modifying the prompt or by adding the kit to the path planner, in this
case, Movelt. In fact, many offset locations can be avoided using the path planner, making the
prompt shorter and easier for the LLM to understand.

5. Conclusion

This article shows a system that is easy to adapt to new product designs using in-house
knowledge. The implementations show how a user interface can be designed with a chat format,
letting the user communicate with an Al model. The results show that the system can take
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operator instructions in a natural format and combine them with the expert user's input to control
the robot.

When the system is to be installed, there is a requirement for expert knowledge. This was
clear when designing the prompt with expert knowledge. To make the prompts to describe the
system, there is a need to test and edit the prompts, similar to the approach of most software
development. All resources that should have communication with the LLM need to be added with
functions corresponding to the prompt. In the future, the LLM Decision-Making System could be
more general to automatically connect several device types and protocols to completely avoid
programming at system installation.

Using a vision system that requires no model training saves time for new product types.
However, the accuracy observed in YOLO-World was less than in YOLO. Further, the system still
required an expert to adapt the prompts for the vision system. In the future, an investigation of
other vision systems and approaches should be conducted.

In the experiments, the LLM performed some planning. In the future, it is of interest to test
more advanced scenarios that require complex planning, such as placing two items overlapping
and asking the system to remove the one below and letting the system figure out that it must
remove the one on top first to complete this. This can be tested with an LLM or with a traditional
planner connected to the LLM to avoid planning errors. This would let the LLM mainly focus on
interpreting the user input rather than planning.
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