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Abstract In the realm of human-robot cooperation (HRC) 
for mechanical assembly, determining the task allocation 
between human operators and robots is crucial. Traditionally, 
this requires extensive pre-planning of the product's state space. 
We propose a novel system utilizing a Large Language Model 
(LLM) to dynamically reason and determine the next assembly 
state based on real-time product description. A camera monitors 
the assembly process, and the captured data is pre-processed 
and fed to a LLM, which predicts the next assembly state and 
subsequently instructs the robot on its task. This approach 
enables a more flexible and adaptive assembly process without 
the need for exhaustive pre-planning. 

Keywords Human-Robot Cooperation, state space 
exploration, mechanical assembly, large language Models, chain-
of-thought, dynamic task planning 

I. INTRODUCTION 

Human-Robot Cooperation (HRC) is a semi-automated 
process [1, 2], with significant potential in mechanical 
assembly. This concept leverages the strengths of humans, 
such as sensitivity, flexibility, and adaptability to unforeseen 
circumstances, alongside the advantages of robots, including 
consistent accuracy, continuous process quality, and the 
ability to handle heavy weights without fatigue [3]. Effective 
HRC can reduce errors, alleviate ergonomic strain on human 
operators, and streamline the assembly process by enabling 
robots to assist with specific tasks, such as tool handover or 
part positioning [4]. However, current HRC applications often 
limit operator flexibility and do not fully exploit the system's 
potential due to technical constraints, raising questions about 
their efficacy [5]. 

Automated mechanical assembly processes often rely 
on predefined task plans, with each step meticulously 
planned by an engineer, considering every relevant or 
realistic step. In semi-automated such as HRC, the engineer 
must predefine the process sequence and allocate tasks to 
either the robot or the assembly operator. This rigid 
approach restricts flexibility and often fails to accommodate 
deviations from the plan, despite the potential for multiple 
viable assembly sequences [6]. Consequently, these 
constraints can lead to inefficiencies and operator 
dissatisfaction. 

Efforts to introduce more flexibility in automated 
processes have included broad state space modeling of 
feasible assembly states. In these systems, sensors detect the 
current state and controller anticipates subsequent states [7]. 
Classical planning methods, based on mathematical logic, 
such as those using Planning Domain Definition Language 
(PDDL)[8], allow for state space exploration (SSE) by 
defining boundary conditions, system capabilities, and goals 
[9]. However, modeling a comprehensive state space is 
increasingly unmanageable as complexity grows, 
necessitating advanced programming skills or sophisticated 
simulation software. 

We propose utilizing Large Language Models (LLMs) for 
state space exploration to enable reasoning and prediction of 
the next possible state. 

In the following sections, we first introduce the basic use 
case of HRC. We then explain the composition and execution 
of the product domain within the LLMs. Subsequently, we 
discuss the integration of the LLM with object detection 
model You Only Look Once (YOLO) [10] into HRC system. 
Finally, we compare the results and provide an outlook on 
future developments. 

II. APPROACH AND CONTRIBUTION 

The basis for every assembly process whether automated 
or manual is the product and its assembly process. The 
planning engineer performs a product analysis and creates a 
physical assembly order. The product usually allows for 
multiple physical assembly sequences. Fig. 1 depicts a so 
called and/or-graph [11] as an example for the physical 
assembly possibilities of a product. The nodes of the graph 
represent a product state whereas the edges are interpreted as 
assembly processes. 

We present a use case where an LLM performs state space 
exploration dynamically during the mutual assembly process 
between human and robot, rather than relying on pre-explored 
states, thus facilitating the integration of new assemblies on 
the same production resources. In this setup, a sensor system 
consisting of camera continuously captures the assembly 
progress and feeds the information to the LLM. The LLM 
directs the robot to perform the appropriate tasks. This method 
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eliminates the need for advanced programming skills or 
simulation tools, enabling real-time state space exploration, 
which enhances flexibility. 

 
Fig. 1. And/Or-Graph as state space for mechanical assembly. 

III. STATE OF ART 

A. State Space Exploration in the Context of Human-Robot 
Collaboration for Mechanical Assembly 

State space representation is a fundamental concept in 
dynamical systems, encompassing all possible states of a 
system. In discrete dynamical systems, state spaces are often 
depicted as graphs where nodes represent specific states and 
edges indicate transitions between states [8]. In mechanical 
assembly, this translates to numerous possible combinations 
of assembled product parts, each constituting a unique state. 
As products increase in complexity, the state space grows, 
necessitating robust exploration techniques. 

State Space Exploration (SSE) employs search algorithms 
to identify target states within a state space graph. Algorithms 
like Dijkstra's [12], depth-first [13], and breadth-first [14] 
traverse the graph to find target states, often returning a 
sequence of steps or instructions. While these algorithms 
operate in a brute-force manner, others, such as the A*-
algorithm [15], use heuristics to expedite the search process 
[8]. Despite their efficiency, these algorithms require a fully 
defined state space. 

Planning languages like PDDL and STRIPS [7] offer an 
alternative approach, enabling formalized problem definitions 
and rule-based state transitions [9]. These languages reduce 
the need for exhaustive state space pre-definition but still 
demand precise rule specification and programming expertise 
[9]. The complexity of state space modeling often necessitates 
advanced proficiency in programming languages or 
simulation tools. 

To address these challenges, we can leverage LLMs to 
dynamically reason about the next assembly step, reducing the 
need for pre-defined state spaces and rigid programming 
structures. By describing the product and assembly process in 
natural language the LLM will determine the next step in the 
mechanical assembly process, which is then executed by the 
robot [10][11]. 

B. Current state of Large Language Models 

Large Language Models (LLMs) are advanced foundation 
models trained on extensive textual data, enabling them to 
generate human-like text and respond to queries [16]. These 
models can be tailored for specific tasks through various 
customization methods, enhancing their utility in diverse 

applications. In general, LLMs generate text based on 
prompts, allowing them to continue a given input or provide 
contextually relevant responses [17]. 

In contrast to LLM, Large Vision Models (LVMs) are 
designed to process, understand and interpret visual data, such 
as images and videos, and are used in tasks like object 
recognition, classification, and segmentation. Notable 
examples of LVMs include Vision Transformers (ViT) [18] 
and ResNet [19]. Meanwhile, Large Multimodal Models 
(LMMs) are capable of processing and integrating multiple 
data modalities, such as text, audio, and images. For example, 
GPT-4  [20] and Gemini [21] are used for LMMs tasks like 
image captioning or visual question answering. 

Customizing LLMs involves techniques such as fine-
tuning on domain-specific data, reinforcement learning, and 
prompt engineering. Fine-tuning adjusts the model's 
parameters to better suit specific tasks, while reinforcement 
learning optimizes the model's performance based on 
feedback [16]. Prompt engineering involves designing 
effective input prompts to elicit desired responses from the 
LLM [17]. 

Additionally, there are several methods to enhance the 
output of LLMs by improving their reasoning capabilities 
through techniques such as chain-of-thought (CoT) prompting 
[22]. This technique involves breaking down complex 
problems into a series of intermediate steps that guide the 
model to reach the solution. Other methods, such as few-shot 
prompting, use a limited number of examples to enable the 
model to perform better. Combining CoT with zero-shot 
prompting can also be effective e.g. 

[23]. 

The method used in this paper is a combination of CoT and 
few-shot prompting, indicating the model how to reason based 
on desired outputs. 

IV. USE-CASE DESCRIPTION 

A. Description of the HRC Workstation 

The cooperation between the assembly operator and the 
robot takes place at a one-person workstation, as illustrated in 
Fig. 2. It comprises a table on which a collaborative robot 
(Universal Robot UR10e) is mounted. The cobot is equipped 
with an adaptive two-finger gripper (ROBOTIQ 2F-140). The 
table is divided into two distinct areas. The first area, called 
bin area, is designated for storing the necessary assembly parts 
needed for the product. These parts are embedded in foam 
cushion shadow boards. The second area, referred to as the 
assembly area, is situated closer to the operator and it is where 
the assembly process takes place. A Red-Green-Blue-Depth 
(RGBD) camera (Microsoft Azure Kinect) is mounted above 
the workstation, capturing all necessary areas on the table. 
Although the camera can capture point clouds of components, 
this application currently requires only RGB information to 
perform object detection. 



 
Fig. 2. Cooperative human-robot workstation. 

B. Product Description  

For mutual assembly, we consider two different products: 
the Mini-Controller  and the Sensor-Box . The Mini-
Controller, illustrated in Fig. 3, consists of five components: 
Bottom Case, Circuit Board, Fan, Top Case, and four Screws. 

 
Fig. 3. Composition of the Mini-Controller product. 

The product is assembled in a sequential layered manner, 
allowing only one feasible assembly sequence, as depicted in 
Fig. 4. The assembly process begins with the Bottom Case, on 
which the Circuit Board is placed. Next, the Fan is positioned 
above the Circuit Board, followed by the Top Case. Finally, 
the assembly is secured using four screws. 

 

 
Fig. 4. State space of the Mini-Controller assembly. 

The Sensor-Box, depicted in Fig. 5, is comparable in size 
to the Mini-Controller. It also consists of a Bottom Case and a 
Top Case, however, unlike the Mini-Controller, it includes 

two cubes (Cube 1, Cube 2) and three sets of screws (S1, S2,
and S3) from different types. Cube 1 and Cube 2 are separately 
placed over the Bottom Case and secured successively by two 
screws of type S1 and S2. Then, the Top Case is fixed to the 
Bottom Case with four screws of type S3. 

 

 
Fig. 5.  Composition of the Sensor-Box. 

In contrast to the first product, the mechanical assembly of 
the Sensor-Box allows for multiple assembly sequences and 
requires a total of seven steps to complete. This is due to the 
unconstrained placement of the two cubes. Fig. 6 illustrates 
the assembly state space of the Sensor-Box for a better 
understanding. 

 
Fig. 6. State space for Sensor-Box assembly. 

C. Software Architecture 

Although the LLM is the centerpiece of this work, it 
constitutes only part of the architecture. The software is 
composed of three main modules: Object Detection, Action 
Planner and Robot Controller, as illustrated in Fig. 7. 
Communication and data are managed using Robot Operating 
System 1 (ROS 1) [24], enabling real-time, asynchronous, and 
reliable inter-process communication. 

The Object Detection module utilizes Azure Kinect to 
stream RGBD frames, which are processed to identify objects 
and determine the bin and assembly area state. The Action 
Planner, powered by the LLM, receives the area state to 
generate robot actions in JSON format. These actions are then 
executed by the Robot Controller, which handles tasks such as 
trajectory path planning and gripper actuation. It also 
communicates the robot's state back to the Action Planner to 
ensure accurate replanning. 



 
Fig. 7. Software architecture 

D. Object Detection Module 

The Object Detection Module does not utilize a 
multimodal LLM, rather it relies on real-time sensors to 
capture the environment. The Object Detection module 
employs a camera to retrieve RGB data. The camera 
continuously captures the workspace as depicted in fig. 7, and 
feeds the images through a ROS topic to the object detection 
module. This module is implemented using the Convolutional 
Neural Network (CNN) based object detection model 

process 
includes both object recognition and localization within the 
camera  coordinate system. YOLOv5 identifies objects by 
returning their class name, center-point and parameters such 
as height, width and orientation, which define the bounding 
box around each object. The YOLOv5 model is trained with 
custom data in a supervised learning manner. The custom data 
consists of 850 annotated high-resolution images 
(1920×1080), with 650 used for the training used for training, 
100 for testing, and 100 for evaluating the trained model. The 
model has to identify the assembly parts on the table which for 
the first product means identifying: Bottom Case (bottom), 
Circuit Board (raspi), Fan (fan), Top Case (top) and Screws 
(screw). 

To evaluate the performance of the trained YOLOv5 
model, we use a common metric called mean Average 
Precision (mAP), calculated with an Intersection over Union 
(IoU) threshold of 0.5. Additionally, the average mAP is 
calculated using IoU thresholds ranging from 0.5 to 0.95 in 
0.05 increments. For our trained model the mAP values range 
between 0.89 and 0.96. With these results, we can sufficiently 
detect the assembly parts and their location. Fig. 8 shows an 
example of the model's output, where a bounding box 
surrounds each identified assembly part, displaying the class 
name, confidence score and its orientation in degree. 

Having identified the assembly items in the image as well 
as their position, this information is fed to the Action Planner 
Module.  

 
Fig. 8. Top view on the workstation and object detection result. 

E. Action Planner Module 

The Action Planner module serves as the cognitive center 
of the robot, responsible for processing the current state of the 
product and the workspace, determining the subsequent state 
and deriving the corresponding action for the robot to execute. 
To achieve this, the Action Planner relies on two essential 
inputs: a pre-defined textual description of the LLM task and 
the product structure, and the current state of the product and 
workspace. These inputs are sufficient to cooperatively 
assemble the product.  

As we are not benchmarking all available LLMs, our LLM 
of choice is GPT-4,  known for its robustness, large model 
size, and accessibility, despite not being free of charge.  

The prompt template is based on role prompting, which 
involves providing the LLM with a specific "role" or context 
to guide its output generation. The prompt template includes 
two distinct roles: system and user. The first role, "system," is 
prepared only once and incorporates multiple techniques such 
as few-shot learning and chain-of-thought reasoning. These 
techniques address complexity, particularly with the Sensor-
Box, as it allows for multiple assembly sequences. For 
example, the second step could involve either Cube 1 or Cube 
2, and subsequent steps vary based on the chosen component. 
The second role, "user," communicates with the object 
detection module to update the LLM with the current state of 
the bin and assembly area. Fig. 9 illustrates an example. 

 
Fig. 09. Example of prompt  
 

Fig. 10 presents a schematic of the prompt template used 
to set up the CoT reasoning for this use case. The prompt 
header outlines the general objective, specifying the role of the 
LLM as a robot, the general task of mutual assembly of a 
product, and detailed instructions, including examples. 
Following this, the product description is introduced without 
specifying which steps should be assigned to the human 
operator or the robot. The description includes the number of 
assembly parts, a numbered list of assembly parts, and a 
description of the product structure. The order of items in the 
textual description does not reflect the assembly order as long 
as the text accurately describes the assembly structure. For 
example, there is no difference between "the Circuit Board is 
placed on the Bottom Case" and "the Bottom Case houses the 
Circuit Board".  
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JSON Format
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We then define a response template, which consists of four
intermediate steps and a final output. The first intermediate 
step is to name the component that was mounted by the
operator, the second step lists all components assembled by 
the operator, the third step provides a summary of what has 
been assembled so far and what remains, and the fourth step 
indicates which assembly parts should be assembled by the 
robot. This reasoning process ensures that the response is 
more robust and deterministic. The final response should be 
formatted in JSON to facilitate direct communication with the 
robot. The JSON output is structured as in:

The actions primarily involve either pick and place task.
The object represents a single component of the product, and 
the location is specially designed as either the source of pick 
task, which is bin area.

At the end of the prompt template, we explicitly remind 
that the human operator may skip one necessary assembly 
step, in which case the robot should assemble that step. The 
prompt concludes with the instruction that the operator always 
initiates the process.     

Fig. 10. Prompt template and communication with object detection module 
and robot controller.

The JSON-formatted action plan is communicated to the 
Robot Controller module via ROS topic and then stored in an 
action queue, ready to be executed by the robot and its gripper. 
At the same, all the modules are subscribing and publishing to 
the existing ROS topics to update the robot and human state, 
to generate online actions to complete the assembly of the 
product. 

F. Robot Controller Module

The Robot Controller module receives the output from the 
Action Planner module in JSON format through a ROS topic. 
Hence, the robot knows which component to pick from the bin 
area but not its exact position. To determine it, the Robot 
Controller communicates with the Object Detection module to 

retrieve the coordinates, which are in the camera coordinate 
system. The Robot Controller then transforms these 
coordinates to the robot coordinate system using a 
homography matrix. To generate the path, waypoints are 
created between the calculated start position in the bin area 
and the predefined end position in the assembly area using a 
Bézier curve. With the MoveIt package from ROS, the robot 
executes the path and actuates the gripper to pick and place 
the component.

V. EVALUATION AND RESULTS

To evaluate the assembly process for both products (Mini-
Controller and Sensor-Box), two scenarios are tested. The first 
scenario, called continuous assembly, requires mutual 
assembly without any errors from the human operator; the 
LLM must return the correct (mechanically feasible) next 
assembly step, to be performed by the robot. The second 
scenario, called skipped step, involves mutual assembly where 
the human operator is allowed to skip one step, and the LLM 
is expected to identify and perform the skipped step. If the 
LLM proposes an incorrect step in the first scenario or fails to 
propose the skipped step in the second scenario, the assembly 
is halted, and the experiment is restarted.

The diagram in Fig. 11 shows the results of 25 experiments 
conducted for each product and scenario. GPT-4 achieved a 
100% correctness rate for the Mini-Controller in both 
scenarios, as illustrated by the first two bars in Fig. 11. The 
third and fourth bars depict slightly lower scores, indicating 
the presence of some errors. The continuous assembly of the 
Sensor-Box has a correctness rate of approximately 85%, 
while the scenario where one step is skipped has a correctness 
rate of around 75%.

Fig. 11. Correctness rate per product

By examining the Sensor-Box, which exhibits a lower 
correctness rate and specifically focusing on the steps where 
errors initially occur, as described on the the y-axis in Fig. 12
showing the absolute number of errors, it is revealed that these 
errors predominantly occur within the first five steps. As 
highlighted in Fig. 6, assembly options diverge during these 
initial steps, beginning with the placement of the Bottom Case 
until securing the cubes. Skipping a step significantly 



increases the likelihood of errors, particularly in parts of the 
state space with multiple options. Overall, the LLM finds it 
more challenging to handle multiple options, whereas a 
sequential and continuous assembly process without skipped 
steps demonstrates greater robustness.

Fig. 12. Frequency of initial LLM errors after each step skipped by human
In summary, a strictly sequential state space results in a 

more error-resistant response from the LLM. The LLM is also 
capable of detecting when a step is skipped. Notably, the two
products have a relatively small state space. We assume that 
even a larger, linear state space would maintain its error 
resistance as long as no more than one step is skipped.

Conversely, a state space with multiple pathways to the 
final state tends to be more error-prone. While our results are 
promising, we foresee that a larger state space with numerous 
assembly options per step would introduce additional 
challenges.

VI. SUMMARY

This work demonstrates the use of an LLM as the 
reasoning module for cooperative robotics. The task involves 
mutually assembling two different products with a human 
operator. We implemented an LLM based on GPT-4 using 
basic instructions and few-shot learning to perform the mutual 
assembly task. The product structure was modeled using 
natural language descriptions. The LLM successfully handled 
the first product, which required a linear assembly sequence, 
without errors and rectified any skipped steps by the human 
operator. For the second product, which allows for multiple 
assembly sequences, the LLM was less reliable but still 
produced promising results. We note that a more complex 
product with multiple assembly options could challenge the 
current system. As a result, this approach performs better with 
linear-structured products, but integrating new technologies 
can further enhance the system's capabilities

For future work, we plan to extend this approach to handle 
errors caused by the human operator in real-time, evaluate the 
LLMs reasoning capabilities, which would enable better state 
space exploration.
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