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Ah, yeah, that can happen when the sensor isn't
picking up the gaps correctly. First, check that the
label sensor is clean and positioned right over the

gap between labels. If it’s still off, you can
recalibrate the sensor from the HMI.

Label misalignment detected. My sensor may
not be reading label gaps correctly. Clean the

sensor and realign it with the center of the label
gap. Recalibrate sensor via interface menu:

Settings > Sensors > Calibrate.

Interaction Design Sound Source Persona Design

The labels are 
misaligned. How do I 
align them properly?

Figure 1: Overview of experimental conditions used to study the effects of persona design and voice embodiment on user
experience with a Digital Industrial Assistant (DIA). Participants receive guidance from either a human-like Expert Operator
(top-right) or a machine-like persona (bottom-right), delivered through either a disembodied (headphones; top-center) or a
diegetic (machine-embedded; bottom-center) voice.

Abstract
Conversational AI (CAI) has proven effective in educational set-
tings, however its potential in industrial training, where higher
precision and reliability are required, remains under-explored. This
work-in-progress paper proposes a study to examine how AI per-
sona design (Machine vs. Expert Operator) and voice embodiment
(Diegetic vs. Disembodied) influence cognitive load, task efficiency,
and usability in industrial training. By training a large language
model (LLM) on Standard Operating Procedure (SOP) data, this
project aims to develop a CAI assistant that provides real-time,
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easy-to-access information during task execution, in an attempt
to enhance training efficiency and reduce reliance on text-heavy
manuals through a user-centered approach.
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1 Introduction
As industriesmove toward enhancing predictivemaintenance (PdM)
and operational efficiency in line with Industry 4.0 [3, 15], it is im-
perative to find ways of addressing innovation in user-centered
ways. Conversational AI (CAI) presents a promising opportunity
for industrial practices. Unlike traditional interfaces, CAI allows for
contextual, adaptive, and–when used as voice interfaces–hands-free
interactions, streamlining information retrieval and troubleshoot-
ing in industrial environments [25, 29].

When it comes to training, while traditional training methods,
such as manuals, instructional videos, and in-person sessions, may
be time-consuming and cognitively demanding, CAI enables real-
time assistance, reducing cognitive load, and making PdM training
more accessible, especially for workers with limited technical ex-
pertise [30]. In educational settings, CAI has demonstrated effec-
tiveness in improving learning efficiency and information retrieval
[26, 28]. However, industrial training demands higher precision,
reliability, and real-time adaptability. Studies such as Casillo et al.
[4] highlight key features of CAI in industrial training, including
live support, personalized guidance, and contextualized learning,
especially during task execution.

Additionally, with the introduction of large language models
(LLMs), CAI has evolved from intent-based systems to generative
models capable of engaging in natural, contextual conversations
[21]. However, this shift introduces challenges like AI hallucina-
tions and interpretability concerns [21]. Techniques like Retrieval-
Augmented Generation (RAG) are being explored to improve ac-
curacy [20, 21], but these approaches are still in their early stages.
Their application in instruction-heavy contexts, such as industrial
training, and their impact on user experience remain largely unex-
plored.

This work investigates the use of LLM-powered, task-oriented
CAI assistants trained on Standard Operating Procedures (SOPs)
to support real-time industrial training through a user-centered
approach. Specifically, it examines how two underexplored de-
sign dimensions—AI persona (e.g., expert operator vs. machine-like
voice) and spatial voice embodiment (e.g., disembodied vs. diegetic,
machine-embedded)—influence usability, cognitive load, and task
efficiency. We argue that these factors, though often overlooked,
may significantly affect user trust, engagement, and performance
in hands-on industrial settings.

2 Related Works
Pereira et al. [23] highlight the lack of consistent terminology for
CAI-based assistants in the literature, categorizing them into two
primary roles: real-time contextualized information providers, and
task execution supporters. For consistency, this paper will use the
term DIAs when referring to task-oriented AI agents and CAI when
discussing Conversational AI more broadly, encompassing both
voice-driven and embodied forms.

2.1 CAI for Industrial Training
In industrial environments, CAI improves on-the-job efficiency,
safety, and real-time task support. Casillo et al. [4] demonstrated
that chatbot-based training can enhance workplace performance
through context-aware assistance. Similarly, Popeye, a chatbot for
maritime safety training, helped operators follow complex proce-
dures under pressure [6].

VR-based industrial training has also benefited from CAI inte-
gration. For example, in their work, Teneda et al. [29] embedded
a DIA in VR for delivering real-time safety protocol guidance. In
PdM, hybrid-augmented DIAs can support workers in preventing
failures, while lowering skill barriers for non-experts [30].

Unlike classroom-based training, workforce learning in complex
industrial contexts often involves hands-on operation of machinery,
under the guidance of an experienced operator. For the purpose of
this study, we focus on the practical efficacy of task guidance, rather
than long-term outcomes such as knowledge retention. Specifically,
we focus on exploring the user-centered factors that could help
a DIA guide a novice through successfully operating industrial
machinery.

To achieve this, it is important to look at the modalities in which
the information is presented, both in terms of delivery, and the
nature of the agent itself.

2.2 Multimodal CAI Interactions
Multimodal interaction methods have been explored to reduce cog-
nitive load and improve task performance. Bremers et al. [2] studied
a non-verbal, multimodal, and situated DIA using video input and
audio output for real-time task guidance. Their findings suggest
that processing visual input to deliver audio cues can improve per-
formance by minimizing manual input and cognitive distractions.

Conversely, Bousdekis et al. [1] found that voice-driven DIAs
enable hands-free operation, reducing cognitive load and improv-
ing task execution. Similarly, Colabianchi et al. [7] evaluated a
voice-enabled DIA in manufacturing, finding improvements in the
process efficiency while minimizing distractions. Their study also
emphasized the importance of user-centric DIA design tailored to
industrial workflows.

Considering these, conversational input-output methods appear
to be a natural and effective choice, as they closely resemble real-
world industrial team interactions, where experts rely on verbal
descriptions rather than direct visual input. While real-time video
processing has shown promising results, it falls outside the scope
of this work, as industrial training often requires individuals to
articulate and clarify complex concepts through dialogue. Moreover,
while some industrial terminology may be initially challenging
for trainees, DIAs may facilitate learning by enabling iterative,
clarifying discussions, similar to training dynamics.

Given these insights, this study will focus on voice-driven DIAs,
as they enable hands-free operation and are better suited for com-
plex industrial workflows, by avoiding visual components that may
be distracting.

2.3 AI Personas and User Perception
There seems to be a growing consensus that user experience is
increasingly important in industrial DIAs. Colabianchi et al. [7]
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emphasize that AI personas should be customized to align with dif-
ferent levels of user expertise, as this could potentially improve en-
gagement and usability. Similarly, Ha et al. [16] found that persona
customization enhances engagement, trust and perceived capabili-
ties. Nevertheless, there are concerns with AI anthropomorphism,
as overly human-like AI personas may lead users to overestimate
their capabilities [24, 26], which can be problematic in safety-critical
industrial environments.

Metaphor analysis has been explored as a means to understand
how human-likeness in AI design affects user perception. One rele-
vant example for this is the work of Desai et al. [8], who examined
how human versus non-human metaphors shape user interactions
with CAI. Their findings indicate that while human metaphors can
foster trust and engagement, they are not universally beneficial and
must be applied contextually.

2.4 Situated AI
While AI personas may influence trust and engagement in the
context of real-time support for manual tasks, the impact of the
physical placement of the sound source might also be relevant to
investigate.

Drawing from research in immersive environments, studies have
linked an increased sense of presence to better task performance.
For example, Gronowski et al. [13] found VR, with its higher sense
of presence, to result in faster task completion and higher accuracy,
as opposed to AR. This difference was attributed to the constant re-
alism experienced in VR, whereas AR users experienced distractions
from the real world.

Parallels can be drawn to the impact of spatial audio [14] on
perceived realism and task performance. For example, Fink et al.
[11] found that spatial audio improved task performance, partic-
ularly when audio cues were spatially aligned with task-relevant
locations, enhancing users’ spatial awareness and their attention
to key elements in the environment. This suggests that, similar to
immersive environments, situated audio can enhance focus and
task execution in complex scenarios.

However, while Iravantchi et al. [19] showed that projecting
sound onto objects can enhance perception and intelligibility, Cho
et al. [5] found that sound sources need not always align with their
visual counterparts, as slight spatial discrepancies can improve
auditory discrimination and reduce localization errors, especially
in complex environments.

While AI personas have been shown to influence user trust
and engagement, their impact in industrial contexts, particularly in
terms of user perception and cognitive load, remains underexplored.
Additionally, the placement of AI-generated speech, especially in
relation to machinery, could play a significant role in enhancing
usability and task performance, yet this factor has received little at-
tention in the existing literature. This study seeks to investigate how
the design of AI personas and the spatial arrangement of speech can
impact engagement, workload, and efficiency in industrial training
environments.

3 Research Questions and Hypotheses
Given the aforementioned discussion, the following RQs are posed:

RQ1: How do different DIA personas impact usability, task
efficiency, and cognitive load during a maintenance task?

Previous work suggests that human metaphors for AI personas
can increase user engagement [8]. However, in the context of man-
ual task instruction, such metaphors may also raise cognitive load
due to longer, more conversational interactions. In contrast, neutral,
machine-like personas [14] tend to promote direct and structured
communication, which can reduce cognitive effort.

We posit that users interacting with a Machine Persona will
treat it as a straightforward instructional tool, benefiting cognitive
load and task performance. In contrast, a human-like Expert Op-
erator Persona may foster more engaging and complex dialogue,
potentially enhancing the overall user experience.

Thus, the following hypotheses are proposed:

• H1a: Interacting with the Machine Persona will result in
lower cognitive load compared to the Expert Operator Per-
sona.

• H1b1: Interacting with the Machine Persona will reduce task
completion time compared to the Expert Operator Persona.

• H1b2: Interacting with the Machine Persona will improve
task accuracy compared to the Expert Operator Persona.

• H1c: The Expert Operator Persona will be rated higher in
terms of usability compared to the Machine Persona.

RQ2: How does the spatial placement of AI-generated
speech impact usability, task efficiency, and cognitive load?

Existing research on voice-based DIAs suggests that minimiz-
ing attention shifts enhances task performance [11]. However,
it remains unclear whether integrating the sound source of AI-
generated speech within the relevant piece of machinery improves
usability during a maintenance task, or whether it introduces ad-
ditional cognitive complexity by blurring the distinction between
human and machine communication.

We posit that users interacting with a disembodied AI voice (e.g.,
through headphones) may experience lower cognitive load due
to a clearer separation between virtual AI guidance and physical
machine operations. In contrast, diegetic AI speech—originating
from the machine itself, as if the user is talking to the physical
machine—may reduce attention shifts, potentially streamlining
workflows and improving task performance. Additionally, diegetic
AI speech may enhance perceived usability by aligning its guidance
with the task context.

Thus, the following hypotheses are formalized:

• H2a: Disembodied AI speech will lead to lower cognitive
load compared to diegetic AI speech.

• H2b1: Diegetic AI speech will reduce task completion time
compared to disembodied AI speech.

• H2b2: Diegetic AI speech will improve task accuracy com-
pared to disembodied AI speech.

• H2c: Diegetic AI speech will result in higher usability than
disembodied AI speech.



CUI ’25, July 08–10, 2025, Waterloo, ON, Canada Miruna Maria Vasiliu, Renan Guarese, Jonas Jaatinen, Fabian Johnson, Benjamin Edvinsson, and Mario Romero

4 Proposed methods
4.1 Technical Details
Our DIA prototype utilizes OpenAI’s RealTime API1 to enable low-
latency, speech-to-speech interaction. This API was selected to pri-
oritize natural, seamless communication. While other models such
as GPT-4o-mini2 and GPT-4-turbo3 were considered, especially in
combination with RAG, the current focus is on interaction quality
rather than deep information retrieval accuracy. Since real-time
latency is a key concern, and RAG introduces delay, the prototype
deliberately omits such integrations at this stage, noting that they
will be considered in future iterations.

Persona behavior is defined through prompt engineering using
role-prompting techniques4. The system is instructed to adopt pre-
defined communication styles, such as a friendly, supportive tone
for the expert operator persona and a more mechanical, factual
tone and first-person voice for the machine persona. To support
consistency, prompt templates are similar in structure, with addi-
tional examples provided for the machine persona to reinforce its
first-person speaking style.

Predefined task information emulating SOP instructions related
to a labeling machine5 is given through structured prompts. Since
the DIA lacks full contextual data (e.g., specifics about the physi-
cal environment), zero-shot prompting6 is employed to allow the
model to creatively adapt to user inputs within the boundaries of
each persona. This design emphasizes perceived competence and
credibility in the interaction, which is essential for maintaining
user engagement. To maintain persona consistency throughout the
interaction, prompts are refreshed every five exchanges.

All materials and interactions will be produced and conducted
in English.

4.2 User Study
The user study aims to evaluate how users perceive AI-generated
speech in an industrial setting, focusing on two key aspects: persona
design (who or what the AI represents) and voice embodiment
(where the AI speech comes from).

4.2.1 Conditions. Each participant will be assigned the four exper-
imental conditions, based on a combination of persona design and
voice embodiment:

• C1: Expert Operator / Disembodied Voice
• C2: Expert Operator / Diegetic Voice
• C3: Machine / Disembodied Voice
• C4: Machine / Diegetic Voice

The study employs a within-subjects design, where each par-
ticipant is exposed to all four conditions, using a Latin square to
counterbalance their ordering.

4.2.2 Persona Design. Participants will interact with the following
AI personas:

1https://platform.openai.com/docs/guides/realtime
2https://platform.openai.com/docs/models/gpt-4o-mini
3https://platform.openai.com/docs/models/gpt-4-turbo
4https://learnprompting.org/docs/advanced/zero_shot/role_prompting
5https://www.marchesini.com/en/machines-lines/bl-a420-430-525
6https://learnprompting.org/docs/advanced/zero_shot/introduction

• Expert Operator Persona: This persona represents an ex-
perienced human operator, providing friendly, supportive,
and reassuring guidance. The interaction will be designed to
simulate a mentor-mentee relationship, drawing from the fa-
miliarity of human communication models, and how current
industrial training is conducted.

• Machine Persona: In contrast, this persona embodies the
machine itself, speaking in first person, in a neutral, task-
focused manner. It provides direct, efficient instructions and
aligns with users’ mental models of human-machine inter-
actions that prioritize precision and functionality.

These personas are structured based on the metaphor framework
proposed by Desai and Twidale [9], which informs the expectations
users develop when interacting with AI assistants.

4.2.3 Voice Embodiment. The AI voice audio will be delivered
through the methods:

• Disembodied Voice: The voice will be emitted through
headphones, with no direct association to the physical ma-
chine, using monophonic sound, i.e. non-stereo.

• Diegetic Voice: The voice will be projected from the ma-
chine itself, either via built-in speakers (physically in-situ)
or spatial audio technology (virtually in-situ). This setup en-
hances immersion by embedding audio in the task-context,
creating a more natural and intuitive experience for the user.

While metaphors shape perceptions of intent and competence,
they may also carry unintended social cues. Even when designed
as gender-neutral, AI is often perceived as gendered due to lin-
guistic and behavioral cues [10]. Implicit gender associations may
shape perceptions of AI competence and autonomy, influencing
user satisfaction and adoption [22]. Though this study does not
focus directly on gender, it acknowledges these dynamics by using
a gender-neutral TTS voice7 and measuring participant perceptions
of the AI’s gender. After completing the task, users will be asked to
infer the AI’s gender (if any), enabling an analysis of how persona
and voice embodiment influence gender perception.

4.2.4 Participants. The study will recruit experienced operators,
focusing on individuals who have expertise in interacting with
industrial machinery. This focus allows for deeper insights into
how experts perceive AI guidance in live operation tasks. Following
the experimental tasks, participants will be invited to take part in
qualitative interviews to gather more detailed insights into their
experiences, including how they perceive the knowledge of the AI,
their level of trust on it, its usefulness, and the overall interaction
quality.

4.2.5 Metrics. To evaluate the impact of persona design and speech
embodiment on user experience, several key metrics will be col-
lected.

• Cognitive Load: Measured using the NASA Task Load Index
(NASA-TLX) [17]. This will be administered through a post-
task questionnaire, which partly captures the mental effort
required to complete the tasks.

7The Fable voice, available on the OpenAI platform.

https://learnprompting.org/docs/advanced/zero_shot/role_prompting
https://www.marchesini.com/en/machines-lines/bl-a420-430-525
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Towards Enhancing Industrial Training Through Conversational AI CUI ’25, July 08–10, 2025, Waterloo, ON, Canada

Expert Operator Persona (Human Metaphor) Machine Persona (Non-Human Metaphor)
User: Hey, I’m setting up the next job on the labeller,
but the labels are not aligning properly. Any ideas?

User: Hey, I’m setting up the next job on the labeller,
but the labels are not aligning properly. Any ideas?

Expert Operator: Ah, yeah, that can happen when the
sensor isn’t picking up the gaps correctly. First, check
that the label sensor is clean and positioned right over
the gap between labels. If it’s still off, you can recalibrate
the sensor from the HMI.

Machine: Label misalignment detected. My sensor may
not be reading label gaps correctly. Clean the sensor
and realign it with the center of the label gap. Recali-
brate sensor via interface menu: Settings > Sensors >
Calibrate.

User: Okay. And how do I start a new job again? User: Okay. And how do I start a new job again?
Expert Operator: Sure! Start by selecting the job ID
from the touchscreen—look for the batch code on the
work order. Then load the label roll, thread it through
the rollers, and make sure the tension’s not too tight.
After that, just confirm the label format and hit “Start.”
I’ll walk you through the alignment check if needed.

Machine: Load job file from touchscreen interface. In-
sert new label roll. Route labels through roller path.
Confirm tension. Select correct format. Press “Start.”

Table 1: Examples of Dialogue for Expert Operator Persona vs. Machine Persona

• Task Efficiency: The performance will be assessed by track-
ing completion times and errors during the task, using sys-
tem logs and direct observations to evaluate how the DIA
influences task execution.

• Usability and Overall Experience: Standardized question-
naires such as the System Usability Scale (SUS) [12], User
Experience Questionnaire (UEQ) [27], and Chatbot Usability
Questionnaire (CUQ) [18] will be employed to assess ease of
use, satisfaction, and overall user experience with the DIA.

• Qualitative Interviews: To gain further insights into user per-
ceptions regarding the DIA’s knowledge, helpfulness, and
trustworthiness, in addition to any comments on the inter-
action’s perceived gender and personality.

Altogether, these metrics aim to offer a comprehensive under-
standing of how different attributes of DIAs can influence cognitive
load, task efficiency, and usability in industrial training settings.

5 Expected Outcomes
The primary goal of the study is to understand how persona de-
sign and voice embodiment may affect users’ perception, cognitive
load, task efficiency, and overall usability in an industrial training
context. Specifically, we expect to uncover whether a human-like
persona (Expert Operator) improves the perceived effectiveness and
trustworthiness of speech guidance compared to a machine-like
persona, and whether a machine-situated voice enhances the expe-
rience by increasing naturalness and engagement, or if it introduces
an uncanny valley effect.

It is important to mention that this research will take an ex-
ploratory approach, rather than seeking to technically optimize
the AI system. The focus will be on understanding user interac-
tions, cognitive load, and efficiency in response to different persona
designs and speech embodiment strategies. By comparing these
conditions, we anticipate a clearer understanding of how different
voice embodiment levels and personas can be strategically applied
to optimize training and operational performance in industrial en-
vironments.
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