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Abstract
Large language models continue to become utilized in training situ-
ations to power embodied virtual instructors in Mixed Reality (MR).
As these models increase in sophistication, a key question emerges:
does designing an agent with similarity to the instructee improve
outcomes? We present a user study with four guided assembly con-
ditions: a non-matched instructor employing real-life instructor’s
attributes, a personality-matched instructor, a gender- and voice-
matched instructor, and a fully matched instructor reflecting the
user’s Big Five personality, cloned voice, and gender. Participants
completed an ordered assembly task and reported on instructional
quality. Results show that fully matched instructors were over-
whelmingly preferred and significantly enhanced social presence
and user experience. However, these subjective benefits did not
translate into faster task completion, revealing a trade-off between
engagement and efficiency. These findings offer critical guidance
for designing future embodied virtual instructors and highlight the
nuanced role of personalization in human–AI interaction.

CCS Concepts
• Human-centered computing→ Human computer interac-
tion (HCI).
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1 Introduction
Virtual instructors are increasingly being integrated into mixed real-
ity (MR) environments, offering immersive, interactive experiences
for training and instructional tasks. Advances in conversational
artificial intelligence (AI), particularly the development of large
language models (LLMs), have significantly enhanced these agents’
capabilities to generate dynamic, human-like dialogue [8, 9, 59]. As
a result, virtual instructors are emerging as powerful tools for de-
livering engaging and personalized task guidance in fields ranging
from manufacturing to education.

While the consistency of generative personas in LLMs has been a
topic of discussion, recent advances and specific prompting method-
ologies have demonstrated a high degree of reliability in main-
taining character traits, making such personalized studies viable
[9, 43, 45, 76]. Despite these technological advances, a critical ques-
tion remains: How does aligning a virtual instructor’s attributes
with individual user characteristics influence user experience, en-
gagement, and task performance?

Prior work has explored the role of virtual instructor person-
alities [34, 46, 47], but there has been limited investigation into
how deeper personalization—such as matching a virtual instruc-
tor’s personality, voice, and gender to that of the user—affects so-
cial presence and task performance in MR. Research in human-
computer interaction suggests that perceived similarity between
users and virtual agents can foster social presence and user engage-
ment [32, 40, 42, 60, 72]. Studies have shown that agents perceived
as sharing a user’s personality traits or communication style are
often viewed as more likable and effective [46, 47, 56, 60]. Similarly,
gender-matched agents may promote rapport and comfort, while
voice matching has the potential to enhance familiarity and reduce
social distance [4, 42, 69].

However, these effects remain largely underexplored in the spe-
cific context of MR-based virtual instruction. The unique combi-
nation of immersive presence afforded by MR and the newfound
human-like consistency of modern LLMs [9, 43] presents a critical
open question: Will the established benefits of personalization be
amplified, or will they be mitigated by other factors in these rich,
interactive settings?

Specifically, we examine four conditions that systematically vary
the degree of similarity between the virtual instructor and the
user across three dimensions: personality, voice, and gender. In
our most personalized condition, the virtual instructor reflects the
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user’s Big Five personality profile [17], utilizes a cloned version
of the user’s own voice, and matches the user’s gender. We com-
pare this user-matched instructor against conditions with partial
matching (gender only, gender and voice) and a non-matched con-
trol condition employing default attributes derived from a real-life
instructor. Understanding these trade-offs is crucial for designing
future embodied agents that are not only effective but also socially
and personally resonant.

Based on these aims, our study addresses the following research
questions:

RQ1: Does matching the virtual instructor’s personality to the
user’s personality improve instructional efficacy and performance?

RQ2: Does matching the virtual instructor’s voice to the user’s
own voice increase social presence and rapport?

RQ3: Does matching a virtual instructor’s gender to the user
improve social presence, user experience, and task performance?

RQ4: Does a fully user-matched instructor outperform partial
or no matching in terms of social presence and preferences?
In the remainder of this paper, we first review related work in Sec-
tion 2. We then describe the design of our virtual instructor testbed,
experiment design, and conditions in Section 3. The results, includ-
ing both objective and subjective data, are presented in Section 4.
We discuss these findings in Section 5. We conclude the paper in
Section 6 and outline future work.

2 Related Work
LLMs have transformed text-based interactions, producing contex-
tually relevant and human-like language across diverse applications
such as education, healthcare, and customer service [8, 59]. Text-
based interfaces are valued for their scalability and efficiency, but
they lack the rich multimodal signals—tone, emotion, gaze—that are
essential for effective social and instructional interactions [10, 65].
Without embodiment or voice-based communication, purely text-
driven AI systems may fall short in creating social presence or
fostering rapport, particularly in tasks that benefit from human-
like communication cues, even as these models demonstrate high
emotional intelligence [61, 75]. In contrast, virtual agents that in-
tegrate visual embodiment and synthetic voices can enhance the
sense of social presence, engagement, and perceived competence
[4, 34]. Speech conveys crucial prosodic information—intonation,
rhythm, and emphasis—that can clarify meaning and convey affec-
tive states [42]. Embodied conversational agents have been shown
to improve user engagement and learning outcomes by leveraging
both verbal and nonverbal signals [3, 40]. Such multimodal systems
are increasingly relevant for instructional applications, where con-
veying empathy, encouragement, and social connection is critical
[34, 71].

2.1 Virtual Instructors
Virtual instructors have gained prominence as scalable, interactive
solutions in educational technology, offering guidance across do-
mains from science learning to practical assembly tasks [25, 31].
Early pedagogical agents focused on delivering scripted guidance
and answering questions, often with simple visual avatars [54].
Studies have consistently shown that virtual instructors can reduce
cognitive load, improve procedural learning, and foster positive

attitudes toward instruction [1, 2]. Advancements in mixed and aug-
mented reality (MR/AR) and conversational AI have enabled virtual
instructors to deliver real-time, context-aware support, bridging
physical and digital worlds [34, 66]. Recent advances have shown
that real-time embodied AI architectures combining multimodal
sensing, low-latency interaction, and controllable LLM-based per-
sona modeling can support socially present, adaptive, and highly en-
gaging virtual instructors in immersive instructional environments
[51–53]. LLM-powered instructors can provide detailed, coherent
feedback that sometimes surpasses human teachers, such as gen-
erating more fluent and detailed performance summaries than in-
structors or rephrasing incorrect trainee responses into correct ones
with near-human accuracy [14, 45]. Research has demonstrated that
embodied virtual instructors can improve task performance and
social presence compared to voice-only or purely text-based sys-
tems [34, 74]. This has created a critical gap, however, between
the rapidly advancing technical fidelity of these agents and the
nuanced understanding of their social effectiveness. The field has
confirmed that embodied instructors are beneficial, but the funda-
mental question of who this instructor should be for each individual
user remains largely unanswered [39, 66].

2.2 Instructor Characteristics
Beyond an instructor’s technical capabilities, their social and re-
lational effectiveness is governed by key characteristics such as
personality, voice, and gender. Drawing from the foundational
principle of similarity-attraction [42, 56], a compelling hypoth-
esis emerges: aligning these traits with the user may significantly
enhance social presence and instructional outcomes. However, the
efficacy of this approach—and how it manifests across these differ-
ent dimensions—remains largely untested within immersive MR
environments.

2.2.1 Instructor Personality. Instructor personality is a key factor
in shaping learning outcomes, user engagement, and perceptions
of effectiveness [38, 62]. Studies using the Big Five framework have
shown that instructors high in openness, conscientiousness, ex-
traversion, and agreeableness tend to be perceived as more effective,
supportive, and engaging [33, 41]. These traits correlate with in-
novative teaching methods, classroom management, and students’
performance and satisfaction [37, 48]. Recent work has confirmed
that modern LLMs can consistently maintain distinct personas
based on the Big Five model [17]. Beyond ideal instructor profiles,
research suggests that similarity in personality between user and
agent may foster smoother communication, increased trust, and en-
hanced social presence [40, 56]. Users tend to prefer conversational
partners, human or artificial, who exhibit similar personality traits,
a phenomenon observed across both human-human and human-
agent interactions [32, 60, 65, 72]. This presents a fundamental
tension for instructional design: should a virtual instructor embody
a universally ‘ideal’ personality (e.g., high in conscientiousness), or
should it instead mirror the user’s own personality to leverage the
benefits of similarity-attraction? This question becomes particularly
critical in immersive MR, where heightened social presence could
amplify the effects of either similarity or dissonance. Yet, empirical
evidence to guide this crucial design choice is conspicuously absent
[39, 66].
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2.2.2 Instructor Voice. Voice characteristics are a powerful so-
cial cue, shaping perceptions of trust, competence, and emotional
warmth [55, 69]. Advances in neural text-to-speech have enabled
high-fidelity, personalized voice synthesis capable of replicating
specific speakers with remarkable accuracy [29, 64]. Research shows
that users quickly form social judgments based on an agent’s voice,
including impressions of likability, expertise, and emotional con-
nection [4, 5, 69]. A particularly novel research frontier involves
matching an agent’s voice to that of the user. While few studies
have directly investigated hearing one’s own cloned voice, research
on similarity-attraction suggests that hearing a voice that resem-
bles one’s own may enhance feelings of familiarity, reduce social
distance, and foster stronger social connection [32, 40, 72]. This
positions two powerful psychological forces in direct opposition:
the predicted comfort of similarity-attraction versus the potential
unease of a vocal uncanny valley, a phenomenon where a voice that
is almost, but not quite, human is perceived as unpleasant or "eerie,"
an active area of research in speech synthesis [67]. Will hearing
one’s own voice from an embodied, co-present MR instructor be a
powerful tool for building rapport, or will it be an unsettling distrac-
tion that shatters social presence? While voice cloning technology
is now mature [29, 64], the answer to this critical question remains
unknown.

2.2.3 Instructor Gender. Gender similarity between users and vir-
tual agents has been explored as a potential moderator of trust,
engagement, and social comfort [42, 55]. Research has shown that
users often report higher levels of trust and rapport when interact-
ing with virtual agents of the same gender, particularly in instruc-
tional or collaborative tasks [54, 57]. Gender-congruent instructors
may facilitate greater social presence, perceived empathy, and user
comfort [40, 42]. However, findings are mixed, suggesting that gen-
der preferences can depend on cultural norms, the instructional
domain, and task context [3, 40]. This sets up a direct conflict be-
tween the social comfort derived from gender similarity and the
powerful influence of social stereotypes regarding task competence
[55, 57]. The embodied, socially present nature of an MR virtual
instructor provides a critical and unexamined context to investigate
this trade-off. It remains an open question whether the immersive
experience will strengthen the rapport of a gender-matched agent
or amplify the perceived authority of a stereotype-congruent one,
making this a crucial area for investigation [66].

3 Experiment
In this section we describe the user study that we conducted to
examine how matching virtual instructor attributes to individual
users impacts engagement, social presence, and task performance.
The following sections describe the participants, material, system
architecture, and methods. The user study was approved by the
University of Central Florida Institutional Review Board (IRB).

3.1 Participants
Following a power analysis with G*Power on the basis of anticipated
strong effects [22], we recruited 25 participants from our university
community, including both students and non-student members who
responded to open calls for participation. Participants ranged in
age between 19 and 60 years, with a mean age of 25.7 (𝑆𝐷 = 8.5).

Our participant sample included 10 female and 15 male individuals.
All of them had normal or corrected-to-normal vision.

We collected participants’ Big Five personality profiles using the
Ten-Item Personality Inventory (TIPI) [24] for use in the experi-
mental conditions. The personalities of the participant population
(on a 0-to-7 range) indicated on average an Openness of M = 5.73
(SD = 0.86), Extraversion of M = 4.84 (SD = 1.05), Agreeableness of
M = 5.36 (SD = 1.07), Conscientiousness of M = 5.84 (SD = 0.65), and
Neuroticism of M = 3.14 (SD = 1.12).

3.2 Apparatus and Materials
As illustrated in Figure 1, the experimental setup featured a rect-
angular table (0.99m × 0.63m) with a holographic-effect display
[77] placed between the participant and the virtual instructor. We
classify this configuration as a MR environment, consistent with
the taxonomy of optical see-through displays defined by Milgram
and Kishino [50]. By establishing a condition of “virtual corpo-
real presence” within the physical domain, this setup effectively
merges the virtual agent into the real-world task space without
requiring the isolation or encumbrance of Head-Mounted Displays
(HMDs) [23, 27, 36]. To reinforce the sense of a shared environ-
ment, the virtual scene was aligned to visually extend the physical
table into the digital space, creating a continuous “shared work-
bench.” This spatial continuity leveraged the transparent display
to produce the illusion that the virtual instructor was standing
directly across the table in the physical room, fostering a sense of
natural face-to-face collaboration. Crucially, to establish bidirec-
tional co-presence, the webcam (detailed below) functioned as the
virtual agent’s “visual system,” enabling it to verify physical assem-
bly states in real-time. This alignment created a shared perceptual
space where the agent appeared to occupy the physical room and
“see” the same objects as the user, satisfying the core criteria of MR
interaction without the encumbrance of wearable hardware while
leveraging a display medium demonstrated to enhance learning
and social presence in instruction-based scenarios [15, 23, 36]. The
screen combined a rigid Plexiglass substrate and a nano-optic film1,
enabling high-quality projection while maintaining see-through
visibility. It measured 1.04m in width and 2.05m in height, with
the nano-optic layer directly adhered to the Plexiglass surface.

Visual output was provided by an Optoma EH340UST ultra-
short-throw projector (1920 × 1080 resolution, 22,000:1 contrast
ratio, 4000 ANSI lumens), positioned 0.35m from the screen and
offset laterally by 0.36m to stay outside the participant’s direct line
of sight. Projection calibration was conducted in Unreal Engine 5.5
(UE 5.5) [21] using in-house tools, with consistent ambient lighting
maintained via two low-intensity ring lights flanking the screen.

The virtual instructor’s 3D model was created by scanning the
real instructor using Polycam [63], refining the mesh in Blender [7],
and generating a MetaHuman character [20]. This custom pipeline
was chosen over standardized avatar systems to leverage the state-
of-the-art photorealism and micro-detail capabilities of the MetaHu-
man framework. This approach allowed us to create an accurate
visual replica of the real-world instructor, ensuring that the avatar’s
visual likeness aligned with the specific real-world voice and per-
sonality profile used in the non-matched control conditions. The

1https://www.nanoarvr.com/

https://www.nanoarvr.com/
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Figure 1: Annotated photos showing a participant performing the assembly task in the experiment with the (a) male instructor
and (b) female instructor. The setup consisted of the table space in front of the divider, the transparent screen, and the virtual
instructor rendered behind the screen.

avatar was imported into UE 5.5 and animated with four basic states
(idle, listening, thinking, speaking) to ensure uniform nonverbal
cues. All virtual instructor conditions used this same model, differ-
ing only in personality, voice, or gender as described in Section 3.4.
Rendering ran on a Windows 11 Pro workstation with an Intel Core
i7-8750 CPU, 32GB RAM, and an NVIDIA RTX 4070 GPU.

Speech synthesis was performed via the ElevenLabs TTSAPI [19].
For conditions requiring the real instructor’s voice, speech was gen-
erated from recorded samples to maintain consistency across virtual
appearances. For user-specific voice matching, participants’ voices
were cloned using the same TTS technology. Participants spoke
to the system via a HyperX QuadCast S microphone, with audio
output delivered through Logitech Multimedia Z150 speakers.

Assembly progress was monitored with a Depstech DW50 4K
webcam (3840 × 2160 at 30 fps, 90° field of view) mounted above
the screen, capturing the workspace where participants assembled
magnetic block structures. Four unique block figures were used,
each with similar complexity and consisting of 28 pieces (see Fig-
ure 2). During the task, participants placed blocks onto a predefined,
labeled 7x9 grid following step-by-step instructions from the vir-
tual instructor, who specified precise grid positions for each piece.
Since the task only required placing uniformly sized, square-shaped
blocks onto specific grid positions regardless of their color, the task
did not require color vision.

3.3 System Architecture
The system architecture enabled our AI-driven virtual instruc-
tion by integrating principles from real-time embodied environ-
ments [16] and multimodal LLM-driven agent systems [18]. Rather
than benchmarking various models, our design priority was to

(a) (b)

(c) (d)

Figure 2: The four magnetic block structures (a)–(d) with
comparable difficulties that participants assembled on the
table in the experiment. The tasks were randomized for each
participant between the conditions in the experiment.

select a state-of-the-art model with proven instruction-following
and persona-adherence capabilities to serve as a stable foundation
for our personalization variables. We specifically chose GPT-4o
[58] as it has demonstrated remarkable performance on a wide
range of tasks [9], shows a high degree of reliability in emulating
personality traits when using principled prompting and tempera-
ture controls [76], and exhibits predictable, humanlike consistency
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under psychological frameworks, making it a robust model for per-
sonalization studies [43]. The architecture, managed by a central
Python controller, consists of the following components:

• User Interaction Layer: Captures natural speech input from the
participant via a microphone and monitors their assembly progress
with an overhead RGB camera.
• Speech and Input Processing: The controller sends captured
audio to Azure’s Speech-to-Text API [49] for real-time transcription.
It then parses the returned text for explicit confirmation requests
(e.g., “verify,” “check,” “is this right?”). This keyword-based trig-
ger is based on the principle of conversational grounding, where
participants in a dialogue use such requests to establish mutual
understanding during a collaborative task [13]. Upon detecting
a grounding request, the system triggers an image capture via
OpenCV to provide visual feedback.
• Prompt Generation: The controller dynamically constructs a
prompt for GPT-4o, combining system instructions (including the
agent’s persona), the dialogue history, the user’s new utterance,
and a base64-encoded image, if captured.
• Response Synthesis: The controller sends the prompt to the
GPT-4o API and receives a textual response. This text is then imme-
diately sent via another API call to ElevenLabs to be synthesized
into speech.
• Virtual Instructor Rendering and Synchronization: The con-
troller receives the audio stream from ElevenLabs. It simultaneously
sends a WebSocket command for MetaHuman’s animations in Un-
real Engine through a simple state machine. When the controller
received an audio stream from ElevenLabs, it would simultane-
ously send a command to play a general“speaking” animation loop
while the audio played, achieving a basic synchronization between
mouth movement and speech. Once the audio finished, a command
was sent to transition the instructor back to an“idle” animation.
When the system detected that the participant was speaking, it
triggered a“listening” animation. After the participant finished, the
instructor would briefly enter a“thinking” animation as a fallback
to signify processing, though this state was often momentary due
to the system’s fast response time.

For verbal-only interactions, which involved only text-based pro-
cessing, the end-to-end response time averaged M= 0.80 s (SD =
0.19 s). The overall system latency across all turns, which includes
the additional processing time for multimodal interactions involv-
ing image analysis, averaged M = 1.38 s (SD = 0.25 s), supporting a
natural, low-latency interaction.

3.4 Experiment Design and Conditions
We employed a within-subjects design to address our research
questions. Participants experienced four experimental conditions
in a randomized order: VA (all attributes matched), VG (gender-
matched only), VGV (gender and voice matched), and VX (no-match
control). For each condition, participants were asked to assemble
one of four magnetic block figures of comparable difficulty (see
Figure 2), with the specific task also being randomized.

In the following, we present additional details about these con-
ditions:

• VA:
In this condition, the virtual instructor was matched to the individ-
ual participant across three key dimensions:
– Personality Matching: Participants completed the Ten-Item
Personality Inventory (TIPI) [24] to assess their Big Five person-
ality traits. To translate these scores into a conversational style,
our approach was inspired by the PERSONAGE system [46, 47],
which links personality traits to linguistic variables like verbosity,
polarity, and syntactic complexity.
Since PERSONAGE does not provide fixed numeric cutoffs, we
first discretized participants’ TIPI scores into qualitative cate-
gories (e.g., Extraversion 1.0–2.4→ reserved, low-verbosity style;
Extraversion 5.5–7.0→ sociable, high-verbosity style). To ensure
the virtual instructor reliably embodied these categories, we
implemented several principled prompt engineering strategies
using GPT-4o, a model noted for its improved capacity for con-
sistent persona simulation. Specifically, our system prompt first
defined the target personality using the five dimensions with
their corresponding numeric scores, a technique similar to the
PERSONALITY PROMPTING (P2) method [30]. This was followed
by Reverse Role Prompting, where the model was instructed on
behaviors to avoid, helping it maintain the assigned traits more
effectively [11]. We also controlled the model’s temperature set-
ting to 0 to regulate creative variance and promote behavioral
consistency, a standard technique for personality evaluation in
LLMs [28, 76].
Finally, to create a greater sense of conversational mirroring, we
employed a few-shot prompting technique [8, 70]. The system
was provided with examples from a three-minute transcribed
speech sample—in which participants introduced themselves and
shared their views on AI—to allow the virtual instructor to adopt
the user’s characteristic filler words and idiosyncratic speech
patterns into its dialogue.

– Voice Matching: Participants’ voices were cloned using Eleven-
Labs TTS voice cloning features. The virtual instructor delivered
all speech using a synthesized voice modeled on the participant’s
own.

– Gender Matching: The virtual instructor’s gender was matched
to that of the participant.

The VA condition was designed to explore the maximal effect of
user similarity in shaping user experience and engagement.
• VG:
In this condition, the virtual instructor exhibited the following
characteristics:
– Gender Matching: The virtual instructor’s gender matched the
participant’s gender.

– Voice: The virtual instructor’s voice was unrelated to the par-
ticipant’s voice. The instructor spoke using the voice of a real
person—an instructor of the laboratory where this experiment
was conducted, who agreed to be voice-cloned for the purpose
of this experiment. The instructor spoke with a pitch-adjusted
version of the real instructor’s cloned voice to match the avatar’s
gender using ElevenLabs TTS.

– Personality: The virtual instructor’s personality profile was
based on the same real instructormentioned above, who agreed to
have their personality captured using the same TIPI questionnaire
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and integrated into the virtual instructor’s system prompt using
the same method as for user personality mapping.

The VG condition isolated the impact of gender congruence without
voice or personality personalization.
• VGV:
In this condition, the virtual instructor exhibited the following
characteristics:
– Gender Matching: The virtual instructor’s gender matched the
participant’s gender.

– Voice Matching: The virtual instructor’s voice was cloned from
the participant’s own voice, as in the VA condition.

– Personality: The virtual instructor’s personality was unrelated
to the participant’s personality. The virtual instructor retained
the same real instructor’s personality profile as detailed for VG.

The VGV condition examined whether voice matching combined
with gender matching alone would influence user experience and
performance, independent of personality alignment.
• VX:
This condition served as a control where the virtual instructor’s
attributes were based on a single, real instructor but were inten-
tionally not matched to the participant.
– Gender: The virtual instructor’s gender was set opposite to the
participant’s. We created this avatar by generating a "gender-
bent" version of the real-life instructor using MetaHumans. This
approach was chosen over utilizing a different real-life instructor
for two reasons. First, it ensured internal validity by holding the
instructor’s personality profile and linguistic style constant; a
different human actor would have introduced confounding vari-
ations in teaching style. Second, MetaHuman Creator provided
industry-standard tools for realistic gender transformation while
preserving the original avatar’s rigging and animation fidelity,
ensuring that the control condition maintained the same level of
visual realism as the matched conditions.

– Voice: The virtual instructor’s voice being pitch-adjusted to
match the opposite-gender avatar.

– Personality: The virtual instructor used the real-life instructor’s
Big Five personality profile.

The VX condition was designed to serve as a high-fidelity, ecologi-
cally valid baseline of a non-matched instructor.

3.4.1 Task and Procedure. Upon providing informed consent, par-
ticipants were introduced to the study goals and the experimental
setup. They then completed two preparatory tasks: (1) a 30-second
voice recording for voice cloning via ElevenLabs TTS, and (2) the
Ten-Item Personality Inventory to assess their Big Five personality
traits [24]. To capture idiosyncratic speech patterns for the fully
matched condition (VA), participants also provided a three-minute
verbal response giving introduction and their opinion about AI.

Following these steps, each participant then experienced all four
virtual instructor conditions (VA, VG, VGV, VX) in counterbalanced
order, with each condition lasting approximately six minutes. Each
condition used a different randomly assigned magnetic block as-
sembly task of comparable difficulty (see Figure 2).

After interacting with all four instructors, participants completed
a final set of questionnaires, including the User Experience Ques-
tionnaire (UEQ), the Social Presence Assessment, and a demograph-
ics survey (see Section 3.4.2). The entire session lasted approxi-
mately 60 minutes.

3.4.2 Feedback Measures. We collected the following objective and
subjective measures to evaluate each condition:
(1) Task Performance Metrics:
• Task Duration: Total time taken by participants to complete each
assembly task, measured through automated timestamp logging.

• Instructor Errors: Instances where the virtual instructor provided
incorrect or misleading instructions, recorded via live observation.

• Instructor Clarifications: Occasions when the virtual instructor was
called upon for further clarifications of the step.

• Corrections: Occasions when the virtual instructor corrected prior
instructions, recorded via live observation.

(2) User Experience Questionnaire (UEQ): We employed the
short version of the UEQ [68] to assess hedonic and pragmatic
qualities as well as overall user experience with each instructor.
• Participants responded to nine bipolar adjective pairs on a 7-point
semantic differential scale.

• Responses form three dimensions: Pragmatic Quality, Hedonic Qual-
ity, and Overall.

(3) Social Presence Assessment: We used the 36-item Harms-
Biocca Social Presence questionnaire [26] to measure participants’
perceptions of social presence across conditions.
• Participants rated each item on a 7-point Likert scale (1 = strongly
disagree, 7 = strongly agree).

• Scores were averaged within six subscales and combined into an
overall social presence score.

(4) Instructor Rankings: After completing all conditions, par-
ticipants ranked the four virtual instructors in order of overall
preference (1st choice to 4th choice).

3.4.3 Hypotheses. The following hypotheses were derived to ad-
dress the research questions (RQ1–RQ4) presented in Section 1.
These hypotheses reflect our expectations regarding how different
levels of user-matching in the virtual instructor’s attributes may
influence user experience and task outcomes.

H1: A fully user-matched virtual instructor (Condition VA) will
result in the highest performance, social presence, user experience,
and preference among the conditions.

H2: Gender matching alone (Condition VG) will improve per-
formance, social presence, user experience, and preference over no
matching (Condition VX).

H3: Voice matching with gender matching (Condition VGV) will
produce higher performance, social presence, user experience, and
preference than gender matching alone (Condition VG).

H4: No matching (Condition VX) will result in the lowest per-
formance, social presence, user experience, and preference among
the conditions.
As discussed in Section 2, these hypotheses are grounded in prior
research indicating that perceived similarity between users and
virtual agents—whether in personality, voice, or gender—can en-
hance social presence, usability, and user preference [40, 42, 46].
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However, much of this evidence stems from studies with simpler
agents, chatbots, or non-immersive settings. Our study investigates
whether these benefits of user-agent similarity extend to virtual AI
instructors in AR environments, where advanced conversational
abilities and lifelike avatars may amplify or alter the impact of
user-agent similarity on user experience and task performance.

4 Results
In this section, we present the results of our statistical analysis of
the participant responses.

4.1 Objective Data
The objective results are reported in Figure 3. We had to exclude
three data sets from this analysis due to a malfunction in the record-
ing equipment.

We report the results of a one-way repeated-measures ANOVA,
comparing the four instructor conditions. We verified the assump-
tions of the statistical test [73]. This includes the scale data type of
the objective data, the normality of the data, which we confirmed
with Shapiro-Wilk normality tests (all indicating that the hypoth-
esis of non-normality was not supported, p > 0.05), and sphericity
of the data, which we tested for with Mauchly’s test of sphericity.
Mauchly’s test indicated that the hypothesis of non-sphericity was
not supported for the measures, p > 0.05, except for the Instructor
Correctionsmeasure. For this measure, we used Greenhouse-Geisser
adjustments to correct for sphericity. For the multiple comparisons,
we used paired samples post-hoc t-tests with Bonferroni correction.

Task Duration. We found a significant main effect of the instruc-
tor conditions on the duration of the assembly tasks, 𝐹 (3, 63) = 3.70,
p = 0.016, 𝜂2𝑝 = 0.15. Our post-hoc tests showed that the tasks were
completed significantly slower for VX compared to VG (p< 0.05).
This effect supports in particular our Hypothesis H2.

Instructor Errors, Clarifications, Corrections. We found no signifi-
cant main effect for the occurrences of the instructor making er-
rors, 𝐹 (3, 63) = 2.10, p = 0.11, 𝜂2𝑝 = 0.09, clarifications, 𝐹 (3, 63) = 1.61,
p = 0.20, 𝜂2𝑝 = 0.07, or corrections, 𝐹 (3, 63) = 1.00, p = 0.14, 𝜂2𝑝 = 0.09.

4.2 Subjective Data
We present the results for the rating scales and rankings in the
different questionnaires for the four instructor conditions. As these
subjective data are based on ordinal data scales, we analyzed them
with non-parametric Friedman tests and pairwise Wilcoxon Signed
Rank tests with Bonferroni correction for the post-hoc comparisons.

4.2.1 User Experience Questionnaire.
Figure 4 shows the results for the UEQ.

We found a significant main effect for Overall User Experience,
𝜒2 = 8.04, p = 0.045, Kendall’s𝑊 = 0.11. Our post-hoc tests showed
that the scores for VA were significantly higher than those of VG
and VX (both p< 0.05), which supports in particular Hypothesis
H1.

We also further found a significant main effect for Hedonic
Quality, 𝜒2 = 8.55, p = 0.036, Kendall’s𝑊 = 0.11. Our post-hoc tests
showed that the scores for VA were significantly higher than those
of VG and VX (both p< 0.05), supporting Hypothesis H1.

We found no significant main effect for Pragmatic Quality, 𝜒2 =
1.65, p = 0.65, Kendall’s𝑊 = 0.02.

Overall, these results support our Hypothesis H1.

4.2.2 Harms-Biocca Social Presence questionnaire.
Figure 5 shows the results for the Harms-Biocca Social Presence
questionnaire.

We found a significant main effect for Co-Presence, 𝜒2 = 12.17,
p= 0.007, Kendall’s𝑊 = 0.16. Our post-hoc tests showed that the
scores for VA were significantly higher than those of VG, VGV, and
VX (all p< 0.05), supporting Hypothesis H1.

We further found a significant main effect for Perceived Behav-
ioral Interdependence, 𝜒2 = 14.66, p = 0.002, Kendall’s𝑊 = 0.20. Our
post-hoc tests showed that the scores for VX were significantly
lower than those of VA, VG, and VGV (all p< 0.05). In other words,
all other instructors were rated better than VX, supporting Hypoth-
esis H4.

We found no significant main effect for Attentional Allocation,
𝜒2 = 3.26, p = 0.35, Kendall’s𝑊 = 0.04, Perceived Message Understand-
ing, 𝜒2 = 1.61, p = 0.66, Kendall’s𝑊 = 0.02, Perceived Affective Under-
standing, 𝜒2 = 2.21, p = 0.53, Kendall’s𝑊 = 0.03, Perceived Emotional
Interdependence, 𝜒2 = 6.02, p = 0.11, Kendall’s𝑊 = 0.08, and the Over-
all scale, 𝜒2 = 4.94, p = 0.18, Kendall’s𝑊 = 0.07.

Overall, these results support our Hypotheses H1 and H4.

4.2.3 Instructor Rankings.
We present the results of the instructor rankings in Figure 6.

We found a significant main effect for Preference, 𝜒2 = 14.66,
p= 0.002, Kendall’s𝑊 = 0.20. Our post-hoc tests showed that the
rankings for VX were significantly worse than those of VA, VG,
and VGV (all p< 0.05), supporting Hypothesis H4.

4.2.4 Lexical Diversity.
To verify that the deterministic temperature setting (T = 0) pre-
served generative quality, we analyzed the lexical diversity of the
virtual instructor’s dialogue. We computed Distinct-2 (bigram)
scores, a standard metric for assessing response variety in dialogue-
generation systems [44].

The Fully Matched (VA) condition achieved a Distinct-2 score
of 0.41, slightly higher than the VGV (0.39) and VX (0.37) con-
ditions. These values exceed those commonly reported for stan-
dard sequence-to-sequence dialogue baselines (often <0.20) and
fall above the range typically observed in personalized dialogue
systems (0.10–0.30) [44, 78]. This level of lexical diversity suggests
that the virtual instructor did not rely on repetitive templates but
instead generated a varied set of utterances across participants.

The comparable spread of scores across conditions also aligns
with recent findings on LLM behavioral stability and steerability
[76]. In particular, the VA condition—whose prompt incorporated
the most detailed persona specification—appears to have leveraged
this steerability to produce the richest conversational output. Taken
together, these results indicate that the system maintained high
generative diversity despite deterministic sampling, supporting its
role as a dynamic conversational agent rather than a static script-
driven system.
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Figure 3: Objective results indicating the task performance of the participants and instructors. The bar charts shows the results
for (a) task duration and (b) instructor errors, clarifications, and corrections for the four instructor conditions (VA, VG, VGV,
VX). Lower is better. The vertical error bars show the standard error. The horizontal bars indicate pairwise significance at the
5% significance level.
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5 Discussion
Our results reveal a central tension in the design of embodied
virtual instructors: the Personalization Paradox. We found that
while participants overwhelmingly preferred a fully personalized
instructor, these significant subjective benefits did not translate
into greater task efficiency. This divergence between subjective
experience and objective performance frames our discussion of the
specific findings related to each dimension of personalization.

5.1 Importance of Close User Matching (VA)
Supporting H1, the virtual instructor with matched personality,
voice, and gender (VA) outperformed other conditions on mul-
tiple subjective metrics. Higher ratings for hedonic quality and
co-presence suggest that combining personality, voice, and gender
matching creates a more engaging and immersive instructional
experience. These findings are consistent with theories of social
identity and similarity-attraction, which propose that perceived
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similarity enhances interpersonal trust and communication effec-
tiveness [42, 46]. Because decoding settings and persona prompts
were held constant across conditions (temperature=0; identical scaf-
folds), these differences reflect our intended manipulations rather
than stochastic response drift by the underlying model [9, 43].

Interestingly, the subjective gains observed for VA did not trans-
late into significantly faster task performance. This divergence
highlights the core of the Personalization Paradox. An analysis
of the conversation logs reveals that the richer, personalized di-
alogue from the VA instructor often led to more conversational
elaboration. For example, when one participant made a mistake,
the non-matched instructor responded with: “Almost there! For this

step, the correct spot is G4. Let’s place it there and then we can move
on to the next one."

In contrast, an instructor embodying a participant’s highly agree-
able personality from a different session handled the same situation
with albeit longer, interaction: “Umm, okay, let’s see... Ah, it looks
like that last one is just a little off. No worries, that’s an easy fix. How
about we nudge that block over to G4 to get it perfect? Once that’s
locked in, we’ll be golden for the next part.”

This richer interaction style, an emergent property of the person-
ality simulation, likely explains both the higher subjective ratings
and the longer task times for the VA condition. While full personal-
ization can improve users’ enjoyment, designers must balance this
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personality-driven interaction with concise, goal-oriented instruc-
tion, especially in time-sensitive tasks.

5.2 Role of Gender Matching (VG)
Consistent with H2, participants completed tasks more quickly un-
der the gender-matched condition (VG) than the non-matched con-
dition (VX). This suggests that even minimal personalization—such
as matching the instructor’s gender—can reduce social distance and
facilitate smoother communication.

However, VG did not significantly improve subjective measures
of social presence or user experience. This may indicate that gender
alone is a relatively weak cue in the absence of richer personalized
signals like voice or personality traits. Users may require multiple
overlapping signals of similarity to form strong social bonds with
virtual agents.

This finding has practical implications: while gender matching
is easy to implement, it may not suffice to create truly engaging
virtual instruction experiences if used in isolation.

5.3 Limited Benefits of Voice Matching (VGV)
Contrary to H3, combining voice matching with gender match-
ing (VGV) did not produce significant improvements over gender
matching alone. This finding suggests a nuanced psychological
trade-off, where the potential benefits of voice similarity [69] were
likely counteracted by a vocal uncanny valley effect.

Even when a voice is cloned from a participant’s sample, subtle
artifacts in pitch, intonation, or cadence may make synthesized
speech feel uncanny or slightly artificial. As the study by Ross et
al. on synthesized voices found, listeners can perceive a voice as
“eerie” even when it is not rated as fully human-like, suggesting a
negative reaction can occur without perfect realism [67]. Partici-
pants might recognize their own voice yet simultaneously perceive
it as unnatural, dampening the intended social presence benefits.
Our open-ended feedback supports this interpretation: participants
frequently described the cloned voice as both recognizable and
unsettling. For instance, one participant remarked that “it freaked
me out that only thirty seconds of audio was enough to copy my
voice. . . I don’t like listening to my own voice, so I found it a bit
creepy,” while another commented that “hearing my voice come out
of the instructor was unsettling.” Others described the experience
as simultaneously familiar and artificial: “it sounded like me, but
also. . . not fully me; there was something slightly off that made it
feel uncanny.” They further noted: “it was close, but the tone and
pacing weren’t exactly how I normally talk.” These reactions illus-
trate how partial mismatches in prosody or emotion can trigger an
uncanny response even when the overall voice identity is accurate.

Additionally, participants may not attach strong social signifi-
cance to voice similarity unless it is paired with other consistent
behavioral cues, like matching speech style, emotional tone, or
conversational pacing. Further, consistency between vocal and fa-
cial features may contribute to these effects [12]. This highlights
the need for future work to explore how multiple layers of per-
sonalization can synergize to strengthen the perception of agent
authenticity.

5.4 Drawbacks of Non-Matched Instructors (VX)
Supporting H4, the non-matched instructor (VX) consistently per-
formed worst across subjective ratings and user preferences. Partic-
ipants rated VX significantly lower in perceived behavioral inter-
dependence, social presence, and overall user experience. VX was
also ranked lowest in preference rankings and was associated with
the longest task durations.

This underscores the risk of deploying virtual instructors with
generic, non-personalized designs, as such agents may be perceived
as impersonal or detached. Users may interpret mismatches in
gender, voice, or conversational style as signals of social distance,
reducing trust and engagement [4].

Interestingly, VX’s negative impact was evident not only in sub-
jective measures but also in task performance, suggesting that the
lack of social connection may translate into tangible performance
costs in instructional contexts. This aligns with research indicating
that affective and relational cues can influence cognitive effort and
task focus [32].

5.5 Interplay Between User-Matching
Dimensions

An important insight from our findings is that effects of user-
matching are not merely additive. While personality matching
alone drove significant subjective gains, voice matching did not
enhance outcomes unless combined with other cues. This suggests
that successful virtual instructor design may depend on achieving
coherence across multiple layers of user-matching—voice, language
style, and nonverbal behavior—to establish a cohesive social identity
for an effective instructor.

Moreover, our results indicate that different user-matching di-
mensions serve different functions:

• Gender matching offers basic social comfort, potentially re-
ducing barriers to task engagement.

• Personality matching drives perceived social connection and
engagement but was also associated with longer task completion
times, likely due to the richer, more elaborate dialogue it produced.

• Voice matching remains promising but requires further tech-
nical advances to achieve naturalness and emotional nuance.

These findings support a layered approach to virtual instructor
design, where designers selectively deploy personalization features
based on task context and desired outcomes.

5.6 On LLM Consistency and Reproducibility
A common threat to validity in LLM-mediated systems is out-
put variability across sessions or turns. In our setup, this threat
is minimized: We used GPT-4o with temperature=0, a fixed sys-
tem/persona prompt with reverse-role constraints, and few-shot
style anchors; the only prompt differences across conditions in-
stantiated the intended manipulations (personality, voice, gender).
These methodological choices, together with recent reports on
stable expression of personality-linked linguistic markers and im-
proved reproducibility under controlled decoding [9, 17, 43, 76],
support the interpretation that our observed effects arise from at-
tribute matching rather than model drift. Thus, we are confident
that LLM inconsistency is not a confounding factor in our results.
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5.7 Ethics of Embodied Agents
As LLM based technologies become further integrated into embod-
ied forms, a heightened awareness is necessary when creating sys-
tems designed to establish trust. Prior works suggest over-reliance
on LLM-based systems which offer guidance, neglecting errors or
uncertainty in model responses. Likewise, research findings show
that the robustness of this models is a direct contribution to this
level of trust, an especially concerning area of interest in the field of
embodied agent design, where physical presence, social cues, and
human-like interactivity can amplify perceived competence of the
system. Emerging works show the capabilities of system engineer-
ing to reduce errors in response generation through techniques
such as retrieval-augmented generation, allowing for better fencing
of agent answers, which can foster a relationship where false trust
is a non-factor.

5.8 Future Directions: Spatial Integration and
Physical Agency

Our findings suggest that the effects of personalization observed
here are likely to generalize across the full spectrum of Mixed Re-
ality technologies, including both immersive AR and VR headsets
and spatial, non-wearable devices such as projection mapping and
volumetric displays [6, 74]. While headsets offer ego-centric im-
mersion, spatial displays provide distinct advantages for long-term
instruction by eliminating physical encumbrance [23]. Regardless
of the display medium, as virtual instructors evolve from passive
observation to active physical agency (e.g., highlighting objects
with spotlights or actuating smart tools), the coherence of their per-
sonality and voice will become increasingly critical for establishing
user trust [34, 35].

5.9 Limitations
A limitation of our work is that it was conducted in a controlled
laboratory environment using a single, relatively simple assembly
task. While this controlled setup allowed us to isolate and exam-
ine specific factors, it limits the external validity of our findings.
We position this study as an initial step toward understanding the
effects of matched personalities, voice, and gender in AR-based
instruction. Future research should extend these insights by evalu-
ating a broader range of LLM architectures and applying them to
more complex, diverse tasks and ecological settings. Longitudinal
studies, where users interact with virtual instructors repeatedly
over extended periods, would also provide additional evidence and
help validate the generalizability of these findings in real-world
scenarios. Finally, future iterations should prioritize a larger, bal-
anced gender demographic to further generalize the congruence
effects observed in our current sample.

6 Conclusion
In this paper, we showed that user-agent similarity with respect to
embodied virtual instructors, especially through matched personal-
ities, voice, and gender, can significantly enhance social presence,
user experience, preference, and performance in MR-based instruc-
tion.

Our findings inform the design of virtual instructors through an
understanding of how user interaction with these respective agents

is influenced by matching their characteristics to individual users.
By analyzing objective measures of performance, we showed bene-
fits of gender-matched virtual instructors on task completion times.
Further, subjective measures revealed that the more an instructor
is matched to the individual user, such as through voice and per-
sonality, the more effective they are at increasing user perception
of agent-based instruction systems.

However, these subjective gains do not automatically translate
into improved task performance, highlighting a complex interplay
between relational and cognitive dimensions of user-agent interac-
tion. Minimal personalization, such as gender matching, provides
modest benefits for task efficiency but limited subjective impact,
while voice matching alone appears insufficient to drive signifi-
cant gains. Our findings emphasize that effective virtual instructor
design may require coherent, multi-layered personalization strate-
gies and further technological improvements in emotional expres-
siveness and voice naturalness. As virtual instructors evolve from
passive observation to active physical agency, the “Personalization
Paradox” identified here offers a critical guideline: when agents
gain the power to manipulate the physical world, their social co-
herence will be paramount in establishing the necessary trust and
psychological safety.
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