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Abstract. In the context of Industry 5.0, which is characterized by a
close integration between digital technology, industrial production, and
human-centered design, collaborative robots emerge as key players. These
robots are no longer isolated machines but an integral part of an inter-
connected ecosystem, where the fluidity of data plays a crucial role. Col-
laborative robots facilitate flexibility, efficiency, and safety in operations.
However, this also introduces novel programming and data management
challenges. A distinctive feature of collaborative robots is their ability to
be programmed and used by non-expert users. This democratization of
access to robotics offers significant advantages but also requires careful
design of tools and interfaces to enable easy access to the data generated
by the robots. In this context, the user interface assumes a pivotal role in
ensuring that even those lacking programming expertise can fully benefit
from the capabilities of collaborative robots and the data they produce.
This study exploits Human Work Interaction Design principles to exam-
ine the problems encountered by individuals lacking programming skills
when attempting to obtain data about robot performance. A solution
that exploits Large Language Models is proposed.

Keywords: Meta-Design - Large Language Model - Human-Robot In-
teraction - Collaborative Robot - Data Visualization

1 Introduction

Data has become a valuable resource in the digital era, driving innovation and
guiding strategic decisions across various sectors. Among these data, those gen-
erated by the use of collaborative robots can provide important information for
decision-making, thus entailing a significant impact on human work and well-
being. Collaborative robots are robots that can stay in close contact with humans
thanks to technologies and sensors designed to ensure the physical safety of the
operator [24]. They are usually employed beyond the traditional industrial pro-
duction lines, to carry out tasks in close collaboration with human operators
[21]. Collaborative robotics is a research field with significant potential impacts
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on industries, services, and societies at large, fostering an economic develop-
ment model that is sustainable and respectful of the environment and people
[19]. Indeed, collaborative robotics is a central element of Industry 5.0 [5], which
in turn pays attention to creating collaborative, interconnected, and adaptable
industrial settings, where a meaningful interaction between workers and technol-
ogy contributes to achieving higher efficiency, effectiveness, and customization
of manufacturing and production processes [11,26]. Industry 5.0 strongly em-
phasizes sustainable workplaces aiming to optimize processes and consumption,
reduce waste materials, and improve human safety and well-being at work [22,
2]. Collaborative robotics represents one of the technologies that can contribute
to achieving these goals by supporting a safe collaboration between robots and
humans and ensuring that workers’ expertise is properly valued in production
processes.

The literature reports that there are various types of data that may be of
interest when performing tasks with collaborative robots. The paper [18] under-
lines the importance of productivity-related metrics, such as the average time
taken to complete a specific category of tasks and the relative completion fre-
quency. In [7], the efficiency of robot usage also comes into play in terms of the
robot’s up-time compared to the total available time. This is also an important
indicator in terms of the economic viability of the investment in an automated
solution. Another interesting factor, as reported in [14], is resource usage: this
refers to monitoring the usage of tools and materials required during task execu-
tion to obtain an indicator for predictive maintenance. Another factor, probably
the most important, is work safety, which includes monitoring of safety issues
while interacting with the robot (e.g., stop due to collision) [13,18].

Usually, data of interest for robot users are represented in dashboards that
aggregate them in different ways. The problem is that these dashboards stat-
ically show only the data and the visualization that the developer decided to
include when creating it. Therefore, accessing and analyzing the data generated
by collaborative robots remain challenging activities, often reserved for techni-
cal experts and industry specialists. Different workers with different roles in the
company may need different data aggregated or presented differently. It becomes
necessary for each worker to obtain customized data visualization simply by re-
questing the data and the visualization format they prefer, without the developer
having to provide this combination at design time.

The application of Human Work Interaction Design (HWID) methods to
work analysis led us to propose a natural language-based approach to democ-
ratize access and analysis of robot usage data. This approach would make data
available and understandable even for people without specific technical training,
facilitating the engagement of a broader base of interested users. In particular,
the adoption of Large Language Models (LLMs) to obtain and analyze robot
usage metrics will be explored in this paper. It will focus on the importance of
extracting and analyzing usage data in a simple and accessible manner for end
users, regardless of technical expertise.
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The paper is organized as follows. Section 2 provides an overview of the
related works; Section 3 details the user-system interaction assumed for the pro-
posed solution; Section 4 presents the technical implementation of the proposed
solution with two different approaches; Section 5 describes a use case to show
how the different solutions would be applied; and, finally, Section 6 provides
concluding remarks and discusses future works.

2 Related Work

The capability of LLM systems to comprehend natural language and discern
users’ intentions has prompted an investigation into their potential applications
in various domains. Recent proposals have been put forth to use LLMs to enhance
the easiness and naturalness of web development, such as generating mock-ups
of web interfaces [10] or snippets of HTML, Javascript, and CSS [12], on the ba-
sis of textual descriptions. To address potential shortcomings of LLMs, such as
generating unnecessary or inaccurate content, these tools provide end users with
several controls: 1) displaying multiple output options, 2) allowing editing of
the model’s output, and 3) facilitating transitions to external resources via web
searches. As a further advancement, the prompt engineering technique explored
in [3| enables end users to refine LLM outputs through iterative input refine-
ments, thereby allowing them greater influence over the generated web pages.
However, users must be familiar with web terminology to effectively convey their
design intentions to the LLM. A similar approach has been experimented in the
field of robot programming, as highlighted by the system described in [23], which
uses OpenAl ChatGPT. Here, users are tasked with providing feedback on the
quality and safety of Python or C++ code generated by ChatGPT. However,
this requires that users comprehend the generated code and are capable of sug-
gesting appropriate corrections, thereby requiring programming proficiency. In
an attempt to address this challenge, the approach described in [6, 8] explores
the use of a graphical visualization of the program generated by a Natural Lan-
guage Processing (NLP) interface. This interface also enables users to directly
manipulate the program through its graphical representation.

As far as the problem considered in this paper, namely, fostering access and
analysis of robot-generated data by workers without programming competen-
cies, natural language understanding might be exploited to construct Structured
Query Language (SQL) queries. The automatic generation of SQL queries is not
a novel concept. For instance, in [17], a rule-based NLP approach is employed to
interpret the query description provided by the user. With the advent of LLMs,
a series of analyses have been conducted to evaluate the effectiveness of the SQL
queries produced in accordance with the user request [25] and their efficiency
during execution [20]. Thus far, the outcomes have been promising but still far
from an optimal solution [16]. Furthermore, additional research is required to
facilitate end users’ usage of data.

This paper proposes the adoption of HWID in the design of an LLM-based
application that can address the aforementioned need, considering the data gen-
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erated by collaborative robots as a case study. As previously underlined, these
robots are designed for use in environments beyond the traditional factory set-
ting. Consequently, the retrieving of data and metrics associated with the robot
tasks should be performed by workers who lack programming expertise. Interro-
gation of databases should, therefore, be made as simple as possible, potentially
using natural language.

3 Interaction Design

HWID promotes the integration of work analysis and human-centered interaction
design to develop better workplaces and sustain improved work practices [4,
1]. Following the methods and principles of HWID, we studied how to make
dashboards related to the use of collaborative robots more flexible and suitable
for different human workers.

We observed and interviewed healthcare professionals in the frame of a project
about supporting the preparation of personalized medicines with cobots [9]; on
that occasion, we gathered workers’ needs related to data visualization and ex-
ploration tasks that require personalized dashboards. Specifically, we developed
healthcare worker personas to better frame their goals and frustrations. In par-
ticular, we found that in the healthcare sector, current technologies are often
imposed by manufacturers without taking into account the needs of the end
users. As a result, it is the user who has to adapt to the proposed functional-
ities rather than the tools that are tailored to real workers’ needs. The same
argument can be applied to data visualization features provided in commercial
dashboards.

A conventional dashboard typically displays the most important metrics,
commonly called Key Performance Indicators (KPIs). However, guessing all the
information that any user might require is challenging. Furthermore, data of
interest may change over time, even partially (e.g., the time interval), and users
who utilize these tools may also change. The proposed interaction is designed to
facilitate the extraction of information, avoiding the necessity for a developer to
predict it within a pre-defined dashboard.

In accordance with the HWID principles, the initial stage of the interaction
design process entails the development of preliminary mock-ups. The user inter-
face mock-up in Figure 1 presents a possible interaction scenario between the
user and the system. The interface includes a chat panel on the left and a data
visualization panel on the right. In the chat panel, the user can express their
requests by writing or even speaking. In the considered scenario, the user needs
to obtain the robot usage time in the current month in comparison with the
previous month. This statistic could be useful to determine the robot’s up-time
compared to the total available time. If the user does not express any specific
preference for data visualization, the assistant will take care of this aspect based
on the results obtained from the query executed on the database. Once the ex-
tracted data has been displayed using the chosen or suggested visualization type,
it can be further refined in terms of both the data itself, namely editing the pro-
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posed query, and the representation type. Figure 2 illustrates an example where
the user requests a change of visualization and a different comparison metric.

Hil Describe what
ll information you
would like to know

Robot usage time

How much time has
the robot been
used this month
compared to last
month?

Time (minutes)

[write here.. |® This month vs Last month

Fig. 1. The interface mockup

4 The Implemented LLM-based Solution

The proposed solution is based on a web application that employs the client-
server paradigm. Specifically, the database used is PostgreSQL, and therefore the
query examples presented later will adhere to PostgreSQL syntax. To exploit the
functionalities of an LLM, the APIs provided by the LLM service provider will be
used. In this context, OpenAl ChatGPT offers an easily integrated API service
and a model that is currently one of the most powerful (GPT-40).

The solution can be implemented in two ways: with a workflow that includes
two model instances or with a workflow that includes only one model instance
The main difference is whether to have a single model instance or two separate
model instances to i) create the extraction query based on the user intent and
ii) suggest the most appropriate visualization for the extracted data.

The two approaches are outlined below, and a subsequent analysis will be
presented, evaluating the advantages and disadvantages of each of them.
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With the line graph,
1 don't understand
much. Could you
use a column graph
instead?

ey Robot usage time

Absolutely, I will
., use a column
graph!
Also add a
comparison with @
last year
OK, I will also add
a comparison of ?
) these two months Q
& with the same =
months last year £
£
-
[}
E
’_
| Write here... ] @ This month vs Last month (This year vs Last year)

Fig. 2. The refinement interaction

4.1 Interaction Workflow Based on Two Model Instances

In this workflow (Figure 3), two distinct instances of the model are used, each
one appropriately instructed:

e First instance: to recognize the user request and produce the SQL query to
access the database;

e Second instance: to suggest the recommended data visualization based on
the extracted data.

To instruct the first instance of the model, which is responsible for query cre-
ation, it is necessary to provide it with a specific instruction set. These directives
will inform the model about the context and the specific task. The instructing
process, namely prompt engineering, is conducted in natural language by the
developer of the application and includes phrases such as "You are an assistant
who must help the staff of a laboratory to extract information from a database
about their robots and their tasks. If the user’s request is not clear, ask for more
details before proposing an SQL query. Return an SQL query that can be ex-
ecuted on this database schema.”. In addition to contextual information, it is
essential to provide the model with the structure of the database to enable it
to propose formally correct queries. Furthermore, the inclusion of some example
queries among the most common ones that might be asked helps the model con-
siderably in its task. The latter will not constrain the model to respond only to
those queries, but rather assist it in developing a more nuanced understanding
of how to respond. Before execution on the database, the query proposed by
the model is subjected to a formal syntax check to ensure that it adheres to
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Frontend Backend LLM API

I I
User request I
O | — ’| User request @ |

I | Model instructions _’ I

I Database schema I

| | | y

I |
| SQL query

| I < i

I |
@ Querylexecutlon
| I [
| Model instructions @ |
Q ! Extracted data ’

| |
I @ Data visualization format | @
| Data & Visualization format < | 2

— |
| , |

RO

Fig. 3. The workflow based on two model instances

the correct SQL syntax and that it only contains data selection operations (SE-
LECT statements), and not edit or delete operations (UPDATE or DELETE
statements), thus preventing any potential security breaches.

In contrast, for the initialization of the second model instance, the one de-
signed to suggest a proper data visualization based on the retrieved data, it is
sufficient to provide contextual information such as "Based on the data the user
will provide, reply with how they might be represented so that they are usable and
understandable in the best way possible.”.

For both instances, it is crucial to minimize the parameter that regulates
the variation of the responses to the same input, called temperature, to obtain
answers that are as deterministic as possible.

Figure 3 shows the workflow during user interaction, also making the parts of
the architecture involved explicit. The process starts with the user’s request (Step
1) in natural language, as illustrated in Figure 1. This is sent to the back-end
server and then sent, along with the model initialization instructions, the history
of the previous messages in this conversation, and the database structure, to the
LLM (Step 2) through its APIL. The first instance of the model will interpret the
user’s request and, given the database structure, will reply with a specific SQL
query to extract the requested information (Step 8). The query is then executed
on the database (Step 4), and the data are obtained. An additional request con-
taining the extracted data (Step §) is sent to the LLM using the second model
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instance to retrieve the recommendation of the most appropriate data represen-
tation (Step 6). Then, the data and the recommended representation are then
sent to the front-end (Step 7) for the final visualization (Step 8). Depending on
the result, the user may refine their request to correct or improve the informa-
tion obtained. This can be easily done through a conversational interaction as
illustrated in Figure 2.

4.2 Interaction Workflow Based on One Model Instance

Figure 4 reports the workflow based on a single model instance. It is quite similar
to the one based on two model instances: the only differences are in Step 3,
where the model provides both the SQL query and the data visualization format
to the backend devoted to query execution, and in Step 5, where the data are
passed directly to the frontend to be visualized, rather than to the second model
instance. The model instance prompt is also quite similar to the prompt of the
first model instance in the other workflow. This prompt has been modified simply
by adding an instruction to provide the data visualization format suggestion in
addition to the SQL query, relying only on the user’s request. All the rest of the
parameters and supporting functions are the same.

Frontend Backend LLM API

I |
User request I
O] | — ’l User request @ |

I Model instructions —_— |
|

I Database schema |

| | [
SQL query
I | @ Data visualization format I

| I < |

I |
@ Querylekecution
I |

& .

| | @ [
@ I | Extracted data |
Data & Visualization format
e

< |

Fig. 4. Alternative workflow based on a single model instance
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4.3 Comparing the Two Interaction Workflows

Both approaches have advantages and disadvantages that should be taken into
consideration to make the best choice based on the situation at hand.

The workflow comprising two model instances offers an effective representa-
tion of the extracted data, and the user is not required to define a representation
explicitly. On the other hand, this approach does not consider the user’s pref-
erence, as the visualization relies only on the extracted data. In addition, the
use of a proprietary model, such as the one provided by OpenAl, raises privacy
issues, as the extracted data is transmitted in plain text to the model and the
company.

In the alternative workflow, there is a single model instance that takes care
of both creating the query and proposing the graphical visualization. This ap-
proach has the advantage of being faster and cheaper since only one API call
for each request is performed. Another advantage is that users are free to choose
their preferred data visualization format by including such information in their
request. However, this workflow does not rely on the extracted data to suggest
the most suitable visualization; it can rely only on the user’s request and the
database schema. Such an approach may result in visualizations that are not
adequate to the actual extracted data.

5 Use Case

This section presents a use case to demonstrate the proposed system’s applica-
bility in supporting workers in an analysis laboratory where collaborative robots
are used to handle test tubes with the help of reagents and specific manipula-
tions to obtain desired preparations and solutions. The main objective of this
use case is to illustrate how the system can cater to different types of users,
based on their roles and the complexity of their requests, by offering tailored
visualizations.

The laboratory staff faces diverse challenges depending on their responsibil-
ities. On the one hand, management personnel require customized metrics on
production, performance, and economic aspects, often presented in specific vi-
sualization formats. On the other hand, operational staff are focused on quality
control and product monitoring, seeking information such as how many products
meet quality standards, how many products have been rejected, or how often a
particular reagent is used.

To address the variety of needs, users can be classified according to their data
requirements and their role within the organization:

e (al) Management Level: Users interested in tailored metrics and specific
visualizations related to production, performance, or economic efficiency.

e (a2) Operational Level: Users primarily concerned with product control
and quality, focusing on metrics such as compliance with standards or reagent
usage.
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Additionally, users’ requests can be categorized based on their complexity:

e (b1) Simple Data Request: Requests for straightforward data, typically
in table format or as a single value, reflecting what is directly available in the
database (e.g., task lists, average task duration, or tasks completed during
a day).

e (b2) Complex Data Request: Requests for more advanced metrics that in-
volve aggregating data from various database tables and sources (e.g., prod-
ucts discarded due to specific reagent batches, production chain efficiency,
or reagent quality based on supplier data) or that should be displayed in a
specific visualization format.

The combination of user role and request complexity is shown in Table 1,
which outlines the most suitable workflow for each scenario:

Table 1. User/Data Request Matrix

USER / DATA REQUEST (b1) SIMPLE (b2) COMPLEX
(al) MANAGEMENT (1) Equivalent (8) ONE model instance
(a2) OPERATIONAL (2) Equivalent (4) TWO model instances

This matrix illustrates that simple requests are handled similarly across user
types, while complex requests necessitate different workflows based on the user’s
role. The following examples illustrate the practical applications of each combi-
nation:

e Example (1): A manager requests data on how many orders were processed
in the previous month. Since this is a simple data request, both workflows
would provide an equivalent result.

e Example (2): A worker at the operational level asks for data on how many
products were rejected during yesterday’s quality control checks. Similar to
the first case, this is a simple data request that can be handled equivalently
by both workflows.

¢ Example (8): A manager requests the number of completed and failed tasks
for each robot over the past three months, including the average duration
of both completed and failed tasks. The manager adds that the requested
output should be displayed in a bar chart with one bar for each robot showing
the number of completed and failed tasks, as well as additional bars for
the average task duration. Since the manager knows the exact visualization
format they need, the one model instance is more suitable to deliver the
requested bar chart. Figure 5 shows a screenshot of the application for this
example, while the SQL query generated on the user’s request is reported
in Listing 1.1. However, if the manager had been unsure of the best way
to present the data, the two model instances could have suggested a more
appropriate visualization.
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Extracting and Visualizing Robot Task Metrics <
&, Assistant o
Hit How can | help you today? Data visualization C Newrequest
@ User 9
Show me the number of completed and failed tasks for each robotin the last 3 months. Also include the
everaga duration of comploted and failed tasks for each robot. | want 1o display this information in a bar
graph, with one bar for each robot showing the number of completed and failed tasks and two more bars for
the average duration of completed and failed tesks. o
& Assistant
This data will show th number of comploted and faled tasks for each robot over the last thrae months, 4
along with the average duration of both completed and failed tasks. You can use this information to create &
bar graph with four bars for each robot: two for the number of tesks and two for the average
duration.
2
RonotLat RobotLob2 RobotLaot otLans
o g _curetion_faied

Fig. 5. A production manager requests the number of completed and failed tasks for
each robot over the past three months, along with the average task durations

1 SELECT
2 robot name,
3 COUNT(case when status = ’'COMPLETED’ then 1 end) as completed_tasks,
4 COUNT(case when status = ’ERROR’ then 1 end) as failed_tasks,
5 AVG(case when status = ’COMPLETED’ then duration end) as
avg_ duration_completed ,
6 AVG(case when status = ’ERROR’ then duration end) as avg duration failed
7 FROM
8 robot _tasks_execution
9 WHERE
10 start _time between ’2024—-06—19° and ’2024—-09-—-19°
11 GROUP BY
12 robot _name
13 ORDER BY
14 completed tasks desc;

Listing 1.1. Showing a bar graph with last three months production in the laboratories

e Example (4): A laboratory technician needs to determine how frequently
new pH sensors should be ordered, and requests data on the use of pH sensors
in tasks performed over the past six months. In this case, the workflow
with two model instances is more suitable. The first model instance initially
suggests a table as the visualization format. However, the second instance,
which has a more comprehensive understanding of the data, recommends a
line chart as a more suitable way to represent the data over time. Figure 6
reports a screenshot of the application for this example, while the generated
SQL query is reported in Listing 1.2.

1 SELECT manipulated objects, start_time

2> FROM robot tasks execution

3 WHERE tool ILIKE ’%pH sensor%’

4 AND start time >= NOW() — INTERVAL ’6 MONTH’;

Listing 1.2. Showing the use of a pH sensor as tool in the tasks performed during last
6 months
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Extracting and Visualizing Robot Task Metrics <
Data visualization C Newregues:

nsors. Then, show me the use of & pH sensor as tool in the

can holp

o |
2024.02.24 20210824

Fig. 6. A laboratory technician requests information on how often pH sensors are used,
in order to decide how frequently to reorder them

This use case has shown how the proposed system can effectively support
both management and operational staff in a laboratory environment by provid-
ing tailored workflows based on the complexity of their data requests. The one
model instance is best suited for users with specific visualization needs, while the
workflow with the two model instances excels in situations where users benefit
from system-generated suggestions about data visualization.

It is important to remark that examples and results reported in this section
are based on the testing we have done by executing different types of requests
with different workflows, and that extensive experimentation with real users is
reserved for future work.

6 Discussion and Conclusion

The prioritization of easy-to-use interfaces to access robot data paves the way
for seamless human-robot collaboration, thus ensuring that the transformative
potential of collaborative robots can be exploited in different work environments.
In an era where knowledge is power, the capacity to comprehend and exploit
robot usage data can be a pivotal factor in the success and sustainability of
organizations and societies.

This paper explores how LLMs can help designers achieve the goals of HWID,
using Al to improve workers’ wellbeing. Specifically, it elaborates on how human
workers can retrieve information from a database with the assistance of an LLM-
based system, aiming to obtain more effective exploitation of collaborative robots
in work contexts.

Nevertheless, only once the prototype has been tested with users will it be
possible to validate the efficacy of the proposed approach and which of the two
workflows is best suited to users’ requests in different cases. In this sense, the
examples analyzed in the use case can be a good starting point for a user study.
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A further dimension of analysis for the developed prototype will be that of query
optimization. This includes an examination of the proposed query efficiency in
terms of execution speed. It is also crucial to assess the model’s comprehension of
the database structure in the context of large databases. The database structure
description may influence the context window of the model, which determines
the amount of information that the model can take into account before ignoring
older messages of a conversation, thereby losing some contextual information.
An additional extension is to train the model further by performing an initial
fine-tuning with different queries. Additionally, also the subsequent interactions
with users, which are appropriately marked as correct, can be used to further
train the model to enable gradual improvement with use. To facilitate a more
comprehensive understanding of the context and the interconnection of data by
the model, it will be interesting to examine the use of specific domain knowledge
using the Retrieval-Augmented Generation (RAG) [15]. Using RAG, the LLM
can be trained with the provision of documents and information, which will in-
crease its ability to make connections between data and provide more accurate
queries. It is important to note that this documentation should not be lim-
ited to technical information about the data itself. Rather, it must also include
information about the real applications of the data. Finally, as a prospective de-
velopment, it would be of interest to investigate the extension of this approach to
the analysis of NoSQL databases, in which there is no predefined data structure.
In summary, this study aims to provide insights for developing tools and
methodologies that enhance transparency, comprehension, and data usage by
leveraging natural language interaction. The approach can be generalized and
applied to other work environments beyond computing metrics for collaborative
robots. This will just require changing the initial context of the LLM and its
database schema, thus making the proposed solution flexible and dynamic.
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