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Abstract

In manufacturing, traditional robotic programming methodologies have often been focused on independent operation, offering
limited capabilities for seamless human-robot collaboration. This paper introduces a paradigm shift in collaborative production
systems by leveraging generative artificial intelligence (Al), specifically large language models (LLMs). Contrary to traditional
methods that rely on pre-defined assembly instructions, this paper introduces a novel framework employing primitive knowledge
of the production process, including product design and required assembly steps. By integrating LLMs and a behavior tree-based
system control, this approach enables programmers to rapidly deploy collaborative assembly procedures by expediting the
programming of robotic operations. The system also incorporates Natural Language Processing (NLP) technologies, which
facilitate real-time alterations in assembly steps, leading to reduced overall production time. The framework's behavior tree-based
control architecture allows for dynamic adaptability, offering optimized solutions across a range of assembly scenarios. The results
of the framework’s deployment suggest that this innovative programming paradigm significantly enhances both the adaptability

and efficiency of collaborative manufacturing settings.
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1. Introduction

In recent advancements in manufacturing [1], under the
paradigm of Industry 5.0 (I5.0) [2], the role of human-robot
collaboration (HRC) [3] has significantly elevated, enhancing
the efficiency of manufacturing processes by synergizing the
adaptability of humans with the robustness and repeatability of
robots, whilst upholding social values [4]. This evolution
represents an extension from Industry 4.0, characterized by the
initial integration of artificial intelligence (AI) in
manufacturing [5,6]. Prior studies have investigated the
utilization of natural language for controlling robots [7]. With
the advent of Generative Al specifically Large Language
Models (LLM) and their improved ability to interpret human
language, behave as agents, formulate plans and use external
tools [8], the barrier of seamless co-operation between robots

2212-8271 © 2024 The Authors. Published by Elsevier B.V.

and humans is lowered. Nonetheless, challenges persist in these
systems' design abilities to comprehend task contexts, engage
in logical reasoning, facilitate 'human-like' communication,
and specifically generate HRC collaborative assembly plans
that are grounded in the shopfloor environment and respect
resource and tool constraints.

Some recent works have utilized LLMs as a task planners and
used them to generate sequential or conditional task sequences
in a zero-shot or few-shot fashion. The SayCan framework [9]
combines a human high-level instruction and its corresponding
robot primitive tasks as the prompt, rescoring matched
admissible actions using a learned value function. The
ProgPrompt [10] represents robot tasks as Pythonic programs
and then takes the Pythonic code as the prompt, while also
utilizing assertions to skip tasks based on environmental state.
Similar works like [11] have proven that the robotic program
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generation is possible by constructing specific prompts
including few shot learning making the system able to
decompose natural language instructions to python code.
Furthermore, promising results to LLM program generation are
presented in [12], that using symbolic goals and a geometric
feasibility planner, LLMs were able to create instructions to
reach a high level goal. These examples prove that LLMs can
be used in low level robot control, however they lack in the
ability to obtain real manufacturing data and combining
collaborative environments in a flexible way, generalizing a
high-level control architecture. To overcome these limitations,
other approaches enabled modular control using the behaviour
trees (BTs). As stated in [13] BTs can be useful in robot
programming tasks exhibiting characteristics of transparency
and modularity. Also, it is shown that in the context of HRC,
BTs can be used to improve the reactivity of the systems. As
Al technologies progress, a lot more research is focusing on the
integration of LLMs with such modular robotic architectures,
since these transformer-based networks are well-suited for the
task of creating strictly structured text files based on the
specified logic. Relative works have utilized BT’s for assembly
operations [14] , while others have utilized LLM generative
abilities to automatically create behaviour trees grounded in
task domain [15] and [16]. Despite that, these works do not
provide BT’s suitable for HRC which requires online reactivity
or respecting the assembly, shopfloor, and robot constraints.
On the other hand, other works [17] have integrated smart ways
of robot control using AR and VR technologies, including the
HRC capabilities.

This work aims to enhance previous works with the
integration of LLM agents that have acquired knowledge
regarding the production system. These agents are deployed
inside a framework that encapsulates runtime proprietary
information about the production cell, resource capabilities
with constraints and process plan requirements. It can generate
a complete process execution program, which utilizes
Behaviour Tree control systems having also HRC enabled
capabilities addressing the intricate design challenges inherent
in programming robotic cells. This control structure allows for
the existence of only one tree to behave as the robot controller,
improving loading times, monitoring of execution switching
and robustness.

This paper is organized as follows: Section 2 presents the
proposed approach and the overall system architecture. Section
3 details the implementation of each module, including
integration with the user interface. Section 4 present the
deployment of the solution in two distinct industrial use cases.
Finally, Section 5 discusses the results and the impact of the
solution.

2. Approach

To address the inherent complexities in industrial systems and
facilitate efficient HRC, the proposed innovative approach
leverages LLM capabilities. Central to this methodology is the
use of perplexity, a key metric derived from LLMs, which
serves as a measure of the model's uncertainty in predicting a
sequence.

This metric establishes an abstraction layer that allows for
correlating disparate data sources without the necessity for
complex databases. This approach ensures that data entries are
correlated based on contextual information, thereby offering a
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more adaptable and efficient system for managing intricate and
interconnected data.

As illustrated in Fig. 1, the comprehensive approach
encompasses a set of data models, exported from a Digital
Twin (DT) [18] system. This system simulates the industrial
environment and monitors system data sources in real-time.
Subsequently, these data are vectorized and stored inside a
vector database. A GPT-based generative Al solution then
utilizes this consolidated vectorized data to obtain the
integrated application specific knowledge and later create the
execution program. The execution component of the system,
rooted in the Behavior Tree (BT) framework, fetches, and
implements this program

The BT framework is instrumental in this approach,
providing essential features like block interchangeability or
modularity, reactivity, and the facility to create custom control
and decorator nodes. Its unambiguous and comprehensible
structure, storable in an XML format, enables even non-
technical specialists to interact with and control robots in a
workplace setting in a logical and intuitive manner. Following
the approach of this solution, the required data models are:

Resource data model: This model encompasses a
comprehensive representation of resources within the
production system. It details specific toolsets for each resource
category, along with crucial parameters such as maximum
payload capacities and positional constraints. This data model
is instrumental in analyzing and optimizing resource utilization
in industrial operations.

Geometric Layout Data Model: Containing positions and
rotations for every part and tool in the production system, this
model is automatically generated by integrating production
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CAD files.

Process Plan Data Model: It encompasses a series of
instructions for assembling or disassembling products. The
production steps are derived during the product design phase,
utilizing 3D CAD file design systems and algorithms, such as
assembly by disassembly, to automatically generate these
instructions.

Primitive Behavior List: A foundational set of behaviors
forms the building blocks for the LLM-augmented solution.
These behaviors are systematically combined by the LLM to
create the desired program. The selection and integration of
these building blocks will be elaborated in the implementation
section.

The knowledge augmentation phase depends on these
vectorized data since this vector database retrieval structure is
optimized for LLM fast and reliable lookup. In general, the
knowledge base of LLMs can be enhanced through techniques
such as fine-tuning and retrieval augmentation. Fine-tuning
involves adjusting the model's weights based on a new set of
vectorized input data that it hasn't seen before. This process
demands a substantial amount of training data and can be time-
consuming, often yielding only modest results, particularly
when dealing with small training datasets [19]. In contrast,
retrieval augmented LLMs do not exclusively rely on internal
knowledge to generate responses; they extract relevant
information from privately stored data.

After the knowledge augmentation phase, a flexible retriever
mechanism is used to fetch these vectorized data enabling a
general-purpose LLM to be applied in a range of diverse
applications, including the HRC domain. The inherent
capability of LLMs is ideal to abstract the interaction in a
human-like way, without the need for extensive training or
predefined scripts, making them versatile tools for various
applications, including natural language understanding,
content generation, and personalized assistance. Furthermore,
this application is able to recall previous responses using its
internal conversation memory.

The flexibility of the human language as interface for such
complex systems enables the generation and execution of
descriptive robotic programs that are relative to the data fetched
from all these industrial oriented data models. As it will be
described thoroughly in the case study section, this new way of
robot programming is able to enhance the usability of complex
industrial systems, minimizing the programming times,
allowing for easy reconfigurability.

3. Implementation

3.1. Industrial Data Models

As presented in the approach section, there are 3 separate data
models. The process plan data, the layout geometric data, and
the resource data. Each of the models are described with a
predefined JSON schema. The process plan data model
primarily encompasses a list containing all the available
process steps. These steps are characterized by two key fields:
the process type, described as a verb (e.g., "screwing" or
"picking"), and the part name. In the layout data model, a list
enumerates the available products, with each product featuring
a list of parts required for assembly. Each product part shares
its name with the process plan data model and includes position
and rotation attributes corresponding to the physical ones in
the real industrial cell. The final data model encapsulates
resource correlations. The data are organized into a list of two
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Fig. 2. Sequential program generation

objects with the names "URI0" and "Operatorl," representing
the available resources within the test environment. Each
resource is classified as either "robot" or "human" and is further
characterized by a payload, a tool handling capability, and a
behaviour set. The tool handling capabilities entail a list of
tools that the resource can manage, while the behaviour set
comprises a list of primitive tasks that the resource can execute.

Notably these data models exhibit inherent correlations, and
the role of the LLM lies in establishing comprehensive
correlations utilizing the perplexity metric.

3.2. Selection of Primitive Behaviours

Primitive behaviours provide a foundation for more complex
actions. They are used as building blocks, and the LLM is
responsible to consecutively combine them to create the final
program, that is ready for execution. Every complex task can
be analyzed into smaller sub-tasks. Upon analyzing the use
case, it was concluded that all the robot tasks can be generated
through the use of the following primitives: Pick, Place, Move,
Screw, Manual Guidance and ToolChange. Each of these
tasks can be interpreted as a computer parametrized function.
As shown in Fig. 2, the required parameters are customized for
each of the primitive actions: Pick — part_name, Place —
position, Move — position, etc. All these parameters are
subsets of the information stored in the vector database. As it
will be described in the section 3.3, the LLM will be
responsible for generating all of these parameters. To further
minimize the errors [20] generating these complex XML based
instructions, a pointer semantic architecture was utilized. This
architecture as seen in Fig. 2, translates the generated id task
sequence from the LLM output to a complete robotic sequential
behavior program. Each of the ids has one-to-one correlation
with the primitive behaviors.

The LLM demonstrates the ability to construct individual
tasks using primitives and further combine these primitives in
logical sequential steps. This process is ultimately aimed at
assembling or disassembling the products stored within its
database.

3.3. Knowledge Augmentation with Vector DB

In this study, the knowledge augmentation of the LLM can be
achieved through the storage of the data in a vector database as
shown in Fig. 3.

The data are first passed through an embedding model which
creates the data’s word embeddings.
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Word embeddings are vector representations of words where
each dimension of the vector represents a different aspect of the
word’s meaning. These preprocessed data are then stored into
a PostgreSQL. To establish a connection between the LLM and
a Vector Database and efficiently fetch the vectorized
embedded data, the LangChain [21] framework has proven to
be a valuable asset. This open-source framework can
seamlessly integrate LLMs, such as OpenAl's GPTx models,
with external components, facilitating the development of such
custom LLM-driven applications.

3.4. Interaction Interfaces

The final aspect of the system’s implementation is regarding
the interaction with the user. The interface was designed as a
Unity editor plugin, using the Unity open SDK, within the
existing DT software. The selection of the Unity development
platform for creating the simulation and visualization DT
software was beneficial due to the availability of open-source
plugins suitable for industrial and robotic applications. Given
the necessity for direct robot communication and control, the
system's core is constructed on top of the ROS [22] framework,
making use of valuable assets like motion planning and
collision avoidance. The framework also leverages a behaviour
tree structure for intelligent system control. The developed
plugin follows a chat-bot structure, enabling quality assessment
of the generated robot programs (LLM responses) before direct
execution. This quality assessment and the communication
aspect a detailed diagram is presented in Fig. 4. One additional
advantage of a ROS-BT framework is the lack of compilation
need due to the nature of the XML instructions that can be
executed immediately by the system.

4. Case Study

The presented work for seamless programming of a
collaborative assembly has been deployed and tested in two
distinct use cases drawn from the automotive and machinery
industries. The first use case revolves around the assembly of
an electric motors, while the second pertains to the assembly of
an industrial air compressor unit.

The required data for the knowledge augmentation of LLM
were created on the design and construction phase of the
assembly station. These data are used also for the construction
of the Digital Twin of the system. Both the physical and digital
environments are depicted in Fig. 5. The selection of these two
use cases was deliberate, aiming to showcase the versatility of
data sources and thoroughly evaluate the performance of this
programming solution. As will be explored later, the results
obtained are promising, indicating the potential for extending
this solution to diverse manufacturing sectors.
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Fig. 5. Physical and Virtual Assembly environment

Fig. 6 demonstrates the system's capability to comprehend
and correlate various data sources. This ability is crucial for
generating effective HRC assembly instructions and is a
testament to the intrinsic strengths of the generative Al
networks employed. Furthermore, it is able to recognize natural
human language and concepts, such as the human robot
collaboration, and create programing solutions that try to
include such information.

In this specific example, it creates a balanced schedule
between the robot’s and human’s workload, assigning different
task in an alternate way. The way each task assigned to an
available resource is derived from the -capability and
availability of each resource based on semantic correlation of
the augmentation data. This is critical for optimizing
productivity and ergonomics in HRC scenarios. It is also able
to reconstruct the process plan tasks using only the known
primitives. The system's capability to incorporate new tasks,
such as tool changing, highlights its adaptability and
responsiveness to dynamic manufacturing requirements. This
flexibility is a significant advancement over traditional, more
rigid systems.

The vector knowledge augmentation always follows a given
JSON output ontology, without using the few-shot learning
approach presented in [23], giving more precise and promising
results. Continuing with the experimentation of this program
generation, a unified and a valid method of comparison was
established using the following parameters: The “task level
abstraction”, “reusability and flexibility”, “teaching and
interaction”.

Gen Al for Robot Programming

What products are available for assembly ?

The products available for assembly are "Engine1” and "Compressor1”.

Please provide me with a program, to assemble the compressor, using both the robot and the oeprator.
Try to balance the workload so that half of the tasks to be performed by the human.

(schedule [{'task_name': 'T1", 'primitive_task": "pick_: and _place’, "part"
‘resource”: 'UR10", {'task_name": 'T2', pnmmve t '
‘Compressor1/FemaleRotor’, ‘resource’: ‘Operatol

‘part’; Compressor1!BearmgHousmg ‘resource": UR1U) (lask name"
pan Compresscr1/Screw01 resource ‘Operator1}, {'task_name'

'Compressor 1/MaleRotor’,
rt':

'Compressori/Locknut?’, ‘resource”: Operalorﬁ (lask name": 'T9', pnml
"pick_and_place’, ‘part’: ‘Compressor1/Locknut?’, ‘resource’: ‘UR107, {task_name’: :
‘pick_and_place', ‘part’: CnmpressurVLvd ‘resource’: ‘Operator1’}, (task name': 'T11',
'screw’, 'part”: ‘Compressor1/Screw1’, 'resource”: "UR10'}, {'task_name': 'T12', 'primitive_ task 'screw’,

rr

Execute Program

Fig. 6. HRC assembly instruction program generation from simple natural
language instructions
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Task-Level Abstraction: The proposed method abstracts the
programming at a higher level, focusing on defining tasks and
decomposing them into primitive behaviours. This simplifies
the programming process, since the work is performed with
higher-level commands. Table 1 shows some examples in the
task decomposition made from the LLM. Traditional
programming methods for robots often involve low-level
coding of individual joint movements or trajectories. Teaching
by demonstration as presented in [24] might also involve
manually guiding the robot through the desired motions. This
simplification of the programming process is a core advantage
of this approach.

Table 1: Examples of task decomposition

High Level Assembly Primitive Decomposition
Tasks
“Bring the Inverter in I tqol_change{grlpper_l}
front of the operator” 2. pick {inverter}
- 3. move{collab_area_1}
“Place the female rotor ! tqol_change{grlpper_Z}
in the main housing” 2. pick{rotor_1}
3. place{rotor_1, housing}
1. tool_change{scrd_m8}
“Fix inverter in place 2. pick{screw01}
using the 2 M8 screws” 3. screw{screw01}
4. pick{screw02}
5. screw{screw02}

Reusability: The task decomposition into primitive building
blocks can lead to more efficient and modular programming
reusing these behaviours into more complex tasks. Traditional
methods required more complex coding procedures and
required significant effort for a new task adaptation. In the
proposed approach the time to add a new product to the
database, until the final output of an HRC program was
measured. The addition of the process plan, layout data, and
resource data, adding the wait time for the program generation,
took an average time of ~10 minutes. This time is regarding
only the scope of the programming tool and not the actual
physical setup.

Teaching and Interaction: This proposed method
encapsulates the natural language understanding that can be
used in programming and interaction. This aspect ensures a
natural interaction with complex systems, based on the minimal
amount of information. Similar researches have shown [25]
that higher level programming ways lead to more efficient
robot programming, and also allowing people with little or no
technical skills to interact with such systems. On the other
hand, current programming approaches lack in the context of
additional intelligence either in the form of a production data
inclusion, or in the form of generative Al solutions and require
extensive system knowledge.

5. Conclusions

This paper introduced a novel programming method for robotic
applications in industrial environments, with a specific focus
on enhancing collaborative scenarios facilitating a fast system
simulation during the design stage and easing programming
during physical commissioning. Central to the proposed
approach is the utilization of LLMs, which have demonstrated
exceptional capability in simplifying complex data structures
and aiding in logical reasoning and content generation.

Through this methodology, it is shown that leveraging the
inherent abilities of LLMs allows for the logical combination
of disparate information, transforming this into cohesive,
simplified solutions based on fundamental building block
instructions. This process effectively decomposes and
restructures complex tasks into manageable components also
enabling quick repurposing or reconfiguration of the system for
diverse manufacturing processes.

A pivotal aspect of this method is its seamless integration
with digital twin solutions. This integration enables not only
effective simulation but also efficient execution within
industrial settings, enhancing both the planning and
implementation phases of robotic programming. By embedding
this programming approach within digital twin technology, a
level of synchronization and realism that significantly enhances
the feasibility and applicability of this solution in real-world
scenarios was achieved.

The implications of this programming approach for industrial
environments are profound. By abstracting task creation and
leveraging natural language, this method paves the way for
more intelligent, flexible, and efficient collaborative
applications. While this study has provided valuable insights
into the HRC program generation, there are several avenues for
future research that need exploration. The system’s
augmentation database can be enhanced using bigger and more
diverse amount of data to test the ability of LLM agents to
interpret specific instructions. Additionally, advances in image
recognition systems such as [26] can be integrated within the
proposed system to augment the database with real time scene
information and increase the overall reactivity of the system.

Finally, this smarter programming technique has the potential
to reshape the foundations of collaborative robotics, opening
new avenues for research and application in various industrial
contexts. The flexibility and adaptability of the proposed
method suggest a future where programming and operational
efficiency in industrial robotics are significantly enhanced,
leading to more advanced and seamless human-robot
collaboration.
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