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Abstract

Advances in artificial intelligence and embodied interaction in aug-
mented reality (AR) are creating new opportunities for intelligent
instructional systems that dynamically adapt to individual learn-
ers. However, sustaining real-time responsiveness while preserving
natural, socially meaningful interaction remains a persistent chal-
lenge. This work introduces ARIA (Augmented Reality Instructional
Agent), a real-time software architecture for embodied Al instruc-
tion in augmented reality. ARIA leverages large language models
(LLMs) with adaptive prompt engineering to tailor dialogue style,
instructional strategy, and persona expression to each user. Its mod-
ular pipeline is optimized for robust, low-latency performance, with
benchmarks reported for responsiveness and system stability. To
complement the technical evaluation, user experience was assessed
through standardized questionnaires, offering insights into per-
ceived personalization, trust, and interaction quality. Quantitative
and qualitative results demonstrate that ARIA achieves sub-second
responsiveness, high pragmatic and hedonic usability, and a strong
sense of co-presence and instructional trust. This work contributes
a unified framework and reference architecture for developing
adaptive embodied agents that combine technical efficiency with
human-centered design, highlighting how real-time responsiveness
can serve as the foundation for relational engagement in embodied
Al instruction.
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1 Introduction

Advancements in the development of large language models (LLMs)
and multi-modal Al systems are enabling opportunities in the field
of virtual instruction. As models become more robust, embodied
instructors powered by these agents are more capable of exhibiting
natural, embodied, and context-aware behaviors [5]. In particular,
these instructional agents are gaining traction as an interactive
solution to current issues within the field of educational technology.

However, a significant gap remains in reconciling high-fidelity
embodiment with the stringent latency demands of natural conver-
sation in augmented reality (AR) [27, 39]. As detailed in Section 2,
cumulative delays across multimodal pipelines—integrating audio-
visual processing and synchronized avatar embodiment—often ex-
ceed perceptually acceptable turn-taking thresholds. Furthermore,
long, multi-turn instruction risks behavioral drift and reduced af-
fective consistency, often described as “emotion dilution”. Prior
systems frequently balance real-time responsiveness against social
realism; ARTA addresses this by providing a modular architecture
designed to preserve both temporal realism and identity continuity.

To address these challenges, we present the Augmented Reality
Instructional Agent (ARIA) architecture, a real-time modular soft-
ware pipeline designed for implementing high-fidelity, low-latency
human-agent interaction in AR spaces.

Our system is designed with two primary motives: establishing
a high-performance testbed for studying human-AlI instructional
interaction and proposing a generalized framework designed to
support controlled alterations to embodied instructors such as per-
sonality, voice, and gender. The ARIA architecture provides five
modular layers, defined in detail within Section 3, optimized for ex-
tensibility and minimal latency. A Python controller manages these
layers, handling data flow in real-time to exchange information
between the multimodal inputs and the virtual instructor.

Beyond the introduction of this framework, we provide an evalu-
ation of ARIA through quantitative benchmarking and user assess-
ment through a user study. We also include analysis of key metrics
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such as Time to First Audio, LLM Inference Time, and Streaming
Overlap in both verbal-only and multi-modal configurations of
ARIA.

To evaluate the effectiveness of the ARIA architecture as a plat-
form for real-time embodied instruction, this work addresses the
following research questions:

e RQ1: To what extent can a modular AR architecture utilize
selective multimodal triggering and perceptual masking to
achieve the sub-second responsiveness necessary for natural
conversational flow?

e RQ2: How does the integration of stable, persona-driven
prompting influence a user’s pragmatic success and their
relational trust in an automated instructor?

e RQ3: How does the combination of high-fidelity visual em-
bodiment and task-aligned audio-visual cues foster a sense
of shared physical-digital presence in AR-based instruction?

In the remainder of this paper, we first review related work in Sec-
tion 2. We then describe the design of our virtual instructor archi-
tecture and framework as well as our system evaluation procedure
in Section 3. The results, including both objective and subjective
data, are presented in Section 4. We discuss these findings outline
future work in Section 5. We conclude the paper in Section 6.

2 Related Work

2.1 Non-Embodied Virtual Instructors

State—of-the—art LLMs are powering chatbot based applications
to provide real-time feedback, mentorship, and personalized in-
struction. Studies on the effectiveness of these instructors have
revealed that LLM-powered chatbot tutors allow students to learn
a greater amount of information in significantly faster time frames
by reducing the cognitive effort of learners [27]. Ongoing research
suggests that text-based instructor interfaces allow for efficiency
beyond time to mastery, allowing for high scalability due to the
large corpora of knowledge accessible by modern LLM systems
[58]. Where these systems in many cases outperform the current
state—of-the—art embodied instructional agents in latency, they
lack the ability to engage the sense of social presence, a key fac-
tor in educational performance [6, 11]. These issues have resulted
in systems accepting trade-offs of slower agent response timing
for establishing agents which convey crucial social cues such as
empathy and encouragement.

2.2 Embodied Virtual Instructors

As new research paves the way for higher fidelity models, embod-
ied agents have become increasingly implemented due to unique
advantages in fostering engagement, comprehension, and social
presence. In particular, the integration of multimodal LLMs for
achieving dynamic and context-aware instruction is becoming in-
creasingly explored. Multimodal designs which leverage embodied
GPT based models have demonstrated synchronized verbal and
nonverbal cues to significantly increase the sense of trust estab-
lished between user and instructor [26, 41]. Embodied instruction
systems which offer visual content improve student capabilities to
acquire knowledge and levels of engagement [53]. Adding speech
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recognition, perception, and expressive animation in real-time de-
livers experiences which surpass verbal or text-based feedback [26].
Visual cues beyond those related to the educational content are also
a key factor for embodied instructors in AR environments, utilizing
nonverbal communication to foster co-presence which enhances
motivation and attention in learners [28]. In addition, frameworks
that implement embodiment in an AR space have shown to be an
improvement to traditional full virtual reality immersion in regards
to situational awareness and physical engagement [51]. While vir-
tual instructors can create high quality educational dialogue at scale,
systems which implement embodiment facilitate social presence,
conversational perception, and empathy, driving realistic instruc-
tional communication [15]. This is supported by Mohammed et al.,
who found that when designing an embodied virtual instructor, key
factors in social settings, such as gender and personality, directly
influence the impact on user engagement [36-38].

2.3 Latency and Conversational Realism in
Embodied Al

A key challenge in embodied Al system design is achieving low-
latency interaction loops. The sequential pipeline of speech recog-
nition, LLM inference, and speech synthesis introduces cumulative
delays that can disrupt the rapid, 200-300 ms turn-taking rhythm
characteristic of natural human conversation [35, 50], although
short delays (approximately 500-1000 ms) remain perceptually ac-
ceptable in continuous dialogue [25]. This constraint places strong
real-time demands on both model inference and audio streaming
subsystems. In multimodal configurations that incorporate vision,
even optimized pipelines can incur additional perceptible latency
due to frame capture and encoding overheads.

Beyond raw timing, latency directly affects user trust and per-
ceived system competence. Empirical studies in AR and embodied
agent contexts show that response delays increase cognitive load
and degrade engagement, particularly in time-sensitive or instruc-
tional settings [13, 39]. To mitigate this, recent work has explored
perceptual masking strategies that reduce the felt latency with-
out reducing actual processing time. Behavioral fillers, such as
brief gaze aversions, subtle breathing animations, or short “think-
ing” gestures, can occupy the interval between user speech and
agent response. Similarly, verbal fillers like "hmm..." can be inserted
at natural interruption points, a time-management strategy that
masks the 1.5 to 2 seconds often required for the full response to
be prepared [21]. These techniques help preserve conversational
flow and maintain a sense of continuous presence [18, 29, 34, 49].
Such mechanisms are now considered essential elements of low-
latency embodied systems, functioning as perceptual buffers that
complement hardware and model-level optimization.

2.4 LLM and Persona Consistency

While latency defines temporal realism [21, 50], persona stability
determines the continuity of an agent’s identity over time [7, 52].
For embodied Al instructors, maintaining a coherent personality
and behavioral tone across interactions is a key system-level re-
quirement. Recent advances in multimodal LLMs, such as GPT-4o,
demonstrate emerging capabilities for personality emulation and
context retention, enabling role-specific discourse that resembles



ARIA: Toward Human-Centered Embodied Al Instruction in Real-Time Augmented Reality

human-like instructional behavior [30, 48]. From a systems per-
spective, these advances motivate architectures that treat persona
definition, memory, and state tracking as core design components
rather than surface-level prompt configurations.

However, ensuring consistent persona expression across multi-
turn interactions remains a non-trivial problem. As conversational
depth increases, models can exhibit behavioral drift, where tone
and character deviate from the intended profile [52]. This challenge
is amplified in multimodal agents, where a lack of affect consis-
tency across modalities like voice, face, and gesture can lead to
“emotion dilution,” significantly disrupting the user’s perception of
the agent’s emotional state [7]. To address this, researchers have
proposed structured personality conditioning, in which psycholog-
ical frameworks such as the Big Five [33] are operationalized into
stable, machine-readable constraints [23], while other work has
utilized sociological frameworks like Affect Control Theory (ACT)
to moderate LLM responses for emotional congruence [31]. These
methods serve as system control mechanisms that guide model be-
havior and support reproducible persona expression across sessions
[17]. In educational or interactive contexts, this stability is as criti-
cal as low latency, since it governs not only how an agent responds
but also how it sustains a coherent and trustworthy instructional
identity.

2.5 Synthesis and Research Gap

The literature reveals a recurring systems trade-off: instructional
agents achieve low latency with limited embodiment, or sustain rich
persona expression at the cost of real-time responsiveness. ARIA is
proposed as an architectural baseline to reconcile these constraints
by (1) modular pipeline orchestration for parallelized multimodal
perception and streaming dialogue, (2) structured persona condi-
tioning to reduce behavioral drift across turns, and (3) event-driven
vision capture to avoid continuous video encoding overhead. Prior
work establishes that trust and presence are strengthened through
consistent persona sources and latency-mitigation cues; ARIA situ-
ates these mechanisms at the architecture level rather than surface
prompt design, providing a reference testbed for future AR/VR and
2D embodied-agent comparisons.

3 Methods

3.1 System Architecture Overview

ARIA is designed as a modular, real-time pipeline to enable natural,
embodied, and personalized interactions between a human user
and an Al instructor in AR. The system’s design prioritizes low
latency, high fidelity, and the flexibility required for systematic
HCI research. The architecture is composed of five distinct layers,
managed by a central Python controller that orchestrates the flow of
data from multimodal user input to synchronized avatar response.
Figure 1(a) illustrates the complete data flow through these layers.

3.1.1  User Interaction Layer. The foundation of ARIA is the physi-
cal environment where the user interacts with the virtual instructor.
This layer encompasses the hardware that captures user actions
and presents the agent’s embodiment.
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e Physical Setup: The user and virtual instructor are positioned
on opposite sides of a large-format (1.04m X 2.05m) transpar-
ent screen. The screen’s nano-optic film overlay allows an ultra-
short-throw Optoma EH340UST projector to render a high-contrast,
holographic-style image of the instructor while maintaining the
user’s view of the physical world. This setup provides a strong sense
of co-presence, as the agent appears to occupy the space behind
the screen.

e Multimodal Input: User input is captured through two primary
channels. A HyperX QuadCast S microphone captures high-quality
audio for speech input, while a top-mounted 4K webcam (Depstech
DW50) provides a clear view of the user’s workspace, enabling
visual task assessment.

o Embodied Output: The system’s response is delivered multi-
modally. The virtual instructor’s speech is rendered through Log-
itech Z150 speakers, while their visual form is rendered as a high-
fidelity MetaHuman character in Unreal Engine 5.5 [14].

3.1.2  Input Processing Layer. This layer is responsible for convert-
ing raw sensor data into a structured format suitable for the AI’s
cognitive processing. A key design principle here is efficiency, min-
imizing unnecessary data processing to maintain low latency.

o Real-time Speech Transcription: User speech is continuously
streamed to Azure’s Speech-to-Text API [10], which provides a
low-latency transcription.

o Selective Visual Processing: Instead of processing a continuous
video stream, which is computationally expensive and slow, our
system uses a conversationally-grounded trigger for image capture
[9]. The transcribed text is parsed for phrases indicative of a user
seeking verification (e.g., “verify,” “check,” “is this right?”). Only
upon detecting such a cue does the system use OpenCV [43] to
capture a single, high-resolution frame from the webcam. This
event-driven approach dramatically reduces processing overhead
and aligns with natural human-human communication patterns
where visual checks are performed on request.

3.1.3  Prompt Management Layer (AIManager). The AlManager is
the core intelligent component of ARIA’s architecture. It is a custom
Python module responsible for dynamically constructing a context-
rich, multimodal prompt for the LLM on each conversational turn.
This layer is what enables the system’s deep personalization ca-
pabilities. The final prompt sent to GPT-40 [42] integrates several
streams of information:

o Task Instructions: A base prompt containing the rules and steps
for the assembly task.
e Conversation History: A rolling window of the last several
conversational turns to maintain context.
o Current User Input: The latest transcribed utterance from the
user.
e Visual Data: The base64-encoded image, if one was captured
during the input processing stage.
e Personality and Persona Configuration: This is the most
important aspect of the AIManager.

To ensure consistent and believable persona embodiment for the
virtual instructor, we implement a multi-part prompt engineering
strategy:
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Figure 1: (a) System architecture of the ARIA platform. The diagram presents a modular pipeline spanning user interaction,
multimodal input processing, prompt construction, Al-driven response generation, and synchronized virtual instructor
feedback. This design enables context-aware, personality-driven guidance using visual and verbal cues. (b) Annotated photo

showing the system setup.

— Trait Definition: The prompt defines the target Big Five per-
sonality using both its quantitative score (e.g., “Conscientious-
ness: 104/120”) and qualitative descriptors (e.g., “highly orga-
nized, diligent, and self-disciplined”) [24, 32]. This is informed by
the PERSONALITY PROMPTING (P?) method [23]. To achieve
conversational mirroring, we employed a few-shot prompting
technique [4, 48], using a short speech transcription to learn and
adopt the user’s specific filler words and speech patterns.

- Behavioral Constraints (Reverse Role Prompting): To pre-
vent persona drift, the model is explicitly instructed on behaviors
to avoid [8]. For example, an agent with “Low Neuroticism” is
instructed not to use language that is anxious, insecure, or overly
emotional.

— Deterministic Output: We set the LLM’s temperature param-
eter to 0 to minimize creative variance and ensure the agent’s
responses are consistently aligned with its defined persona, a
standard technique for personality evaluation in LLMs [22, 52].

To validate the persona’s fidelity, we re-administered the IPIP-NEO-

120 instrument to ARIA across five separate sessions. The persona

implementation was considered stable and accurate if ARIA’s scores

consistently remained within +5 points of the desired personality
profile on each of the Big Five domains.

3.1.4 Response Generation and Image Analysis Layer. This layer
offloads the core cognitive and perceptual tasks to powerful, pre-
trained models.

e Multimodal Understanding: The fully constructed prompt is
sent to the GPT-40 API [42]. The model’s advanced multimodal
capabilities allow it to concurrently process the user’s language, an-
alyze the visual state of the assembly task from the provided image,
and consult the agent’s defined persona to formulate a context-
aware, personality-driven response.

o Voice Synthesis: The textual response generated by GPT-4o is
immediately streamed to ElevenLabs’ Flash v2.5 TTS API [12]. This
service synthesizes the text into natural-sounding speech, using a
voice profile that was pre-cloned for a real-world instructor.

3.1.5 Virtual Instructor Synchronization Layer. The final layer is
responsible for bringing the agent to life by synchronizing its visual
embodiment with its synthesized voice.

e Backend-Frontend Communication: The central Python con-
troller communicates with the Unreal Engine 5.5 frontend via a
persistent WebSocket connection. This allows for low-latency, bidi-
rectional messaging.

e Animation State Machine: The controller commands a simple
state machine within Unreal Engine to trigger the appropriate ani-
mations on the MetaHuman avatar. When the system detects user
speech, it sends a “listen” command. While waiting for the LLM and
TTS responses, a “thinking” animation is played to mask the sys-
tem’s processing time and signal cognitive effort. If the measured
Time to First Audio (TTFA) exceeds the typical human turn-taking
threshold of roughly 0.5-1 seconds [25, 49], a short “thinking” filler
sound is also played to maintain conversational flow and manage
user expectations. Finally, as the TTS audio stream is played, a
“speak” command triggers a synchronized talking animation. Upon
completion, the avatar returns to an “idle” state. This synchro-
nization creates a believable and continuous presence, making the
interaction feel natural rather than turn-based.

The virtual instructor’s persona and embodiment were modeled
after the available instructor for this setup to ensure maximum
realism by matching the avatar’s traits exactly with the real-world
source’s voice and personality profile. This approach prioritized
“persona-voice-visual” congruence, reducing the risk of identity
drift or "emotion dilution” during system validation. While gender
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can influence user presence in XR [54], our choice focused on
providing a consistent, realistic instructional source for this baseline
architectural testbed.

3.2 System Evaluation Procedure

To evaluate the performance and user perception of our ARIA,
we employed a dual-pronged strategy: (1) direct benchmarking of
system responsiveness under controlled conditions, and (2) user
evaluation in which we deployed the system in instructional sce-
narios.

3.2.1 Benchmarking Procedure. To evaluate system responsiveness,
we conducted controlled benchmarking tests under two experimen-
tal configurations: (1) a verbal-only condition using the speech
pipeline and (2) a multimodal condition that additionally included
camera-based visual processing. Benchmarks were conducted lo-
cally on a workstation running a Windows 11 Pro machine (Intel
Core i7-8750 CPU, 32 GB RAM, NVIDIA RTX 4070 GPU) under a
stable network connection.

We measured the end-to-end response delay from the completion
of user speech input to the onset of synthesized agent audio, defined
as Time to First Audio (TTFA). Supporting metrics included the
following:

e Time to First Audio (TTFA): latency from the end of user
speech to the onset of synthesized agent audio.

e Time to First Token (TTFT): latency from the end of user
speech to the generation of the first output token by the
LLM.

e LLM Inference Time: total duration of the model’s re-
sponse generation, from prompt submission to the last token
produced.

o Prompt Processing Time: time required by the controller
to assemble the multimodal prompt and dispatch it to the
LLM APL

o Streaming Overlap: degree of parallelization between text
generation and text-to-speech; negative values indicate au-
dio synthesis begins before text generation completes.

e Camera Latency: time from detection of a visual-check
trigger to the availability of the captured frame to the prompt
builder (capture + transfer + encoding).

e Tokens per Second (TPS): sustained token-generation
throughput during streaming, computed as total tokens di-
vided by elapsed time from first to last token.

e Animation Latency: delay between the initiation of a
speech or behavioral command and the corresponding avatar
animation onset in Unreal Engine; this reflects synchro-
nization precision between backend and visual embodiment
through websocket connection.

Each condition was measured across 20 complete interaction cycles,
and the best runs per configuration were averaged for analysis.
This benchmarking procedure enabled quantitative comparison of
responsiveness across configurations and informed optimization of
multimodal latency.

The primary contribution of this benchmarking procedure is
the establishment of a performance baseline for LLM-driven AR
agents. By quantifying these sub-second delays, we demonstrate
that ARIA’s modular architecture successfully remains within the
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1.5-second human-perceptual window required for natural turn-
taking [21]. This proves that high-fidelity embodiment and real-
time responsiveness are technically compatible, providing a refer-
ence for future developers to evaluate the efficiency.

3.2.2  User Evaluation. We evaluated the ARIA system with a focus
on the virtual instructor’s effectiveness and interaction quality.

Participants. We recruited 51 participants (19 female, 31 male, 1
non-binary) from our university community, including both stu-
dents 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 25.6. All of them had normal or corrected-to-
normal vision.

Task Procedure. Participants were engaged in interactive sessions
with ARIA, assembling magnetic block structures while convers-
ing with the virtual instructor. The goal was interaction quality
rather than task completion, so participants were encouraged to
engage in brief casual dialogue or small talk with ARIA between
steps. Each build lasted on average 7-10 minutes, a duration con-
sistent with prior work on social presence and trust formation
in short human-agent interactions [1-3, 40]. Four distinct target
figures were used across trials, providing multiple opportunities
for users to interact with the system and become familiar with
its conversational behavior. Each figure comprised 28 uniformly
sized square magnetic blocks of comparable spatial complexity, see
Figure 2. During each session, ARIA verbally guided participants
through precise block placements on a predefined grid. Crucially,
ARIA’s instructional style was grounded in the personality of a
real-world instructor. We used the IPIP-NEO-120 instrument [24]
to create a Big Five trait profile, which revealed Low Neuroticism
(69/120), Moderate Conscientiousness (73/120) and Extraversion
(81/120), and High Openness (96/120) and Agreeableness (103/120).
This detailed profile was then embedded into the prompt structure
discussed in Section 3.1.3 to align the agent’s dialogue style with
that of a human persona.

User Experience Questionnaire (UEQ). Participants completed the
short version of the UEQ [47] after interacting with the instructor
to assess hedonic and pragmatic qualities of the interaction (7-point
scale from -3 to 3; higher is better).

Single-Item Questionnaires. To capture participants’ subjective
impressions of each instructor, each participant responded to eleven
custom single-item questions. The questions and 7-point rating
scales are shown in Table 1. These items were included to capture
user attitudes toward the instructional experience.

The single-item probes in Table 1 were selected to target well-
isolated perceptual dimensions while minimizing participant fa-
tigue—a critical consideration in hands-busy AR tasks. This follows
established psychometric evidence that single-item measures can
be as effective as long-form scales in educational and psychological
research [16, 46]. Furthermore, our use of 7-point Likert probes (see
Table 1) aligns with current standardized practices for assessing
real-time perceptions in AR-based systems testbeds [19].

Harms-Biocca Social Presence Questionnaire. To assess partici-
pants’ perception of social presence with the instructor, we em-
ployed the 36-item version of the Harms-Biocca Social Presence
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Table 1: Single-Item Questionnaires we used in the evaluation.

Question

Scale

How much do you TRUST the instructions provided?

1 (Not Trustworthy at All) .. 7 (Very Trustworthy)

How much did you RELY on the instructions provided?

1 (Didn’t Rely) .. 7 (Fully Relied)

How CONFIDENT were you in the accuracy and usefulness

of the instructions provided?

1 (No Confidence at All) .. 7 (Extremely Confident)

How ADVANTAGEOUS do you believe the instructions

provided were compared to what you could have achieved on

your own?

1 (Disadvantageous) .. 7 (Advantageous)

How SATISFIED are you with the outcome of the task?

Dissatisfied) .. 7 (Satisfied)

Rate the CLARITY of the instructions provided

Unclear) .. 7 (Clear)

How ENJOYABLE were the instructions provided?

Not Enjoyable at All) .. 7 (Extremely Enjoyable)

How EXCITING was the experience following the instructions?

How PERSONABLE did the instructions feel?

Very Impersonal) .. 7 (Very Personal)

How ENGAGED were you while following the instructions?

Not Engaged at All) .. 7 (Fully Engaged)

How QUICKLY do you think most people would learn to use

this system?

1(
1(
1(
1 (Not Exciting at All) .. 7 (Very Exciting)
1(
1(
1(

Very Slowly) .. 7 (Very Quickly)

- E ;
@
lﬁl l
©

Figure 2: The four magnetic block structures (a)—(d) that par-
ticipants assembled during the study. Each figure featured
comparable spatial complexity and served to facilitate natu-
ral interaction with the virtual instructor.

questionnaire [20]. This widely-used and validated instrument cap-
tures six core dimensions of social presence as well as an overall
score. Participants rated each item on a 7-point Likert scale rang-
ing from 1 (strongly disagree) to 7 (strongly agree). Responses
were averaged within each dimension to generate subscale scores,
providing a multidimensional profile of perceived interpersonal
connection and interaction quality with each instructor.

Qualitative Feedback. In addition to these questionnaires, par-
ticipants were invited to provide open-ended verbal feedback on
their experience with ARIA, including comments on timing, clarity,
and the instructor’s demeanor. These qualitative responses were
recorded and later analyzed to complement the quantitative find-
ings.

4 Results

4.1 Benchmarking for Real-Time
Responsiveness and Latency

Following the benchmarking procedure described in Section 3.2.1,
we evaluated system performance under two configurations: a
verbal-only condition and a multimodal condition that included
camera-based visual analysis. As shown in Table 2, the verbal-
only setup achieved a mean Time to First Audio (TTFA) of 0.84 s
(SD =0.215), delivering sub-second responses that preserve natural
conversational flow. When multimodal processing was enabled,
the mean TTFA increased by 0.58 s to 1.42 s (SD,=,0.29 s). This ad-
ditional latency was primarily driven by the multimodal model’s
visual analysis..

Supporting metrics showed similar efficiency across the pro-
cessing pipeline. The Time to First Token (TTFT) averaged 0.35s
(SD =0.08 s) for verbal and 0.95s (SD = 0.22 s) for multimodal ex-
changes, while LLM inference times averaged 0.75s (SD =0.15s)
and 1.6s (SD =0.385s), respectively. The system sustained high
token-generation throughput (68 vs. 37 tokens per second) and be-
gan audio synthesis before completion of text generation (negative
streaming overlap), further reducing perceived delay. Animation
latency was minimal, averaging only 0.012's (SD = 0.004 s), which is
effectively instantaneous from the user’s perspective. The very low
variance further indicates that the WebSocket-based synchroniza-
tion between the backend and Unreal Engine frontend was highly
stable and reliable.

Even with the inclusion of vision, total latencies remained within
conversationally acceptable limits. While human turn-taking av-
erages 200-300 ms [35, 50], prior work shows that delays up to
1-1.5s remain conversationally natural aided by its use of both
nonverbal “thinking” animations and verbal fillers to mitigate per-
ceived latency [21, 29, 34, 49]. Our observed TTFA of 0.84 s (verbal)
and 1.42 s (multimodal) thus aligns closely with this perceptual
window, maintaining engagement through dynamic “thinking” and
“listening” animations.
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Table 2: Comparison of Real-Time Latency Metrics With and Without Camera Input

Metric Without Camera With Camera

Mean (s) SD(s) Mean(s) SD (s)

TTFA (Time-to-first-audio) 0.84
TTFT (Time-to-first-token) 0.35

LLM Inference 0.75
Prompt Processing 0.09
Streaming Overlap —-0.21

Camera Latency —
TPS (Tokens-per-second) 68.0
Animation Latency

0.21 1.42 0.29
0.08 0.95 0.22
0.15 1.60 0.38
0.02 0.12 0.03
0.12 —0.30 0.17
- 0.03 0.01
9.5 37.0 8.5

0.012 (SD = 0.004) s

Note. TTFA and TTFT measure perceived responsiveness; negative overlap values indicate
parallel speech synthesis during token streaming. All values represent averages of the best
runs per configuration.

4.2 User Evaluation Results

Using the procedure described in Section 3.2.2, we assessed partici-
pants’ perception of the ARIA system, virtual instructor effective-
ness, and overall interaction quality.

User Experience Questionnaire. Figure 3(a) shows our results for
the UEQ. The two sub-scales of the UEQ indicate the Pragmatic
Quality (M = 1.90, SD = 1.06) and Hedonic Quality (M = 1.52, SD
= 1.24) of participants’ experience with the system. Following the
recommended interpretation of the results according to the Data
Analysis Tool (UEQ-S) !, these values indicate an excellent prag-
matic quality and a good hedonic quality. The pragmatic quality in
this context indicates that the system was perceived as highly us-
able and functional, and the hedonic quality indicates that it further
had a high emotional and experiential appeal.

Single-Item Questionnaires. Further, Figure 3(b) shows our results
for the Single-Item Questionnaires, which captured participants’
impressions of the system’s usability, see Table 1.

Participants consistently rated the system highly in terms of
Trust and Reliance, indicating that participants felt like they could
place trust in the system’s guidance and relied on it during the task.
The high scores for Confidence and Advantageous further indicate
that participants felt confident in the accuracy and usefulness of
the instruction, meaning that they felt that the system added value
and supported their success. The results for Satisfaction and Clarity
further indicate that participants were pleased with their results
and found the instructions easy to follow. Moreover, the results for
Enjoyable, Exciting, and Personable are in line with the hedonic
qualities as seen for the UEQ results above. Last but not least,
participants rated the system as highly Engaging and believed that
others could Quickly learn the system, indicating that it is intuitive
and easy to adopt.

Harms-Biocca Social Presence Questionnaire. Our results for the
Harms-Biocca Social Presence Questionnaire [20] are shown in
Figure 4. The sub-scales indicate very high results for Co-Presence
(M = 5.9, SD = 0.9), Attentional Allocation (M = 5.7, SD = 1.0),
and Perceived Message Understanding (M = 5.8, SD = 1.0). These

Thttps://www.ueq-online.org

scores suggest that participants felt strongly aware of the virtual
instructor’s presence, remained focused during the interaction, and
perceived the communication as clear and comprehensible. High
Co-Presence reflects a sense of “being together” with the agent in
the shared AR space, while elevated Attentional Allocation indicates
that participants were cognitively engaged and not distracted. The
strong score for Perceived Message Understanding further confirms
that the system’s verbal and visual cues were effective in conveying
instructional content.

The sub-scales further indicate lower but still reasonable results
for Perceived Affective Understanding (M = 4.5, SD = 1.3), Perceived
Emotional Interdependence (M = 4.3, SD = 1.4), and Perceived Be-
havioral Interdependence (M = 4.9, SD = 1.3). These dimensions
reflect more subtle aspects of social presence, such as the agent’s
ability to recognize and respond to emotional states, and the extent
to which participants felt their actions influenced the agent’s behav-
ior. While these scores are lower, they remain above the midpoint
of the scale, indicating that the system conveyed a moderate level
of emotional and behavioral responsiveness. This may be attributed
to the prioritization of clarity and consistency in this system over
nuanced emotional expression.

The overall scores indicate high social presence (M = 5.2, SD =
0.8), suggesting that the system successfully created a believable
and engaging interaction experience. Taken together, these results
demonstrate that ARTA was perceived as socially present and com-
municatively competent, with particularly strong performance in
task-relevant dimensions of presence and engagement.

5 Discussion

Our findings indicate that ARIA achieves a critical balance for
embodied Al: the technical architecture delivers real-time respon-
siveness that, in turn, fosters a sense of social presence and in-
structional trust, resulting in an experience users found to be both
highly functional and enjoyable. This is evidenced by two converg-
ing streams of data: strong objective performance benchmarks that
place ARIA within the perceptual window of human dialogue, and
very positive subjective user ratings across multiple perceptual
scales. This section deconstructs these results, exploring how the
system’s sub-second latency provided the foundation for a positive
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Figure 3: (a) Bar chart showing the results for the User Experience Questionnaire with the two scales Pragmatic Quality and
Hedonic Quality. (b) Results for the Single-Item Questionnaires, with the eleven scales (see Table 1). Higher is better. The vertical
error bars show the standard error. Responses were screened for outliers and inconsistent submissions (e.g., straight-lining or
rapid completion); no exclusions were required, confirming the high internal consistency of the participant responses.

Score

Co- Attentional Perc.
Presence Allocation Message
Underst.

Underst.
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Figure 4: Results for the Harms-Biocca Social Presence questionnaire. Bar chart showing the results for the six sub-scales Co-
Presence, Attentional Allocation, Perceived Message Understanding, Perceived Affective Understanding, Perceived Emotional
Interdependence, Perceived Behavioral Interdependence, and Overall score. Higher is better. The vertical error bars show the

standard error.

user experience, how its persona consistency built relational trust,
and how its embodiment in AR created a sense of a shared space
with the user.

5.1 The Primacy of Speed: How Real-Time
Responsiveness Fosters Social Connection

In response to RQ1, our findings confirm that a cornerstone of
effective human-agent interaction is the synergy between low la-
tency and perceived social presence, and our results indicate ARTIA

successfully achieves this. In its verbal-only configuration, the sys-
tem delivered sub-second responses, achieving a mean Time to First
Audio (TTFA) of just 0.84 s. This level of responsiveness is highly
conducive to preserving a natural conversational flow. Even when
multimodal visual processing was enabled, the mean TTFA of 1.42 s
remained squarely within the 1.5-second window that prior work
[21] has established as conversationally natural when mitigated
by responsive conversational cues. To further minimize latency,
ARIA’s visual pipeline uses phrase spotting, capturing images only
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when users explicitly seek verification (e.g., “is this right?” or “check
this”). This selective triggering avoids continuous video streaming,
reducing computational load while keeping the interaction tightly
coupled to conversational intent.

This perceived responsiveness is not merely a product of raw
processing speed but is strategically enhanced by key architectural
choices designed to preserve conversational rhythm. Crucially, any
processing delay was perceptually masked by the agent’s seam-
less “thinking” and “listening” animations, a form of the behavioral
fillers and perceptual masking strategies proposed in prior work
to preserve conversational flow [18, 29, 34]. This was a recurring
theme in user feedback, with one participant noting, “It was im-
pressive how quickly it responded. The ’thinking’ animation made
the pause feel natural” This effect was further amplified by the
use of negative streaming overlap, which reduces felt latency by
beginning audio synthesis before the full response is generated.
This synergy of technical optimizations translated directly into a
fluid interaction. Multiple users commented on the “fast response
time,” with their remarks indicating they perceived the system not
as a series of queries, but as a “continuous and smooth conversational
exchange.”

5.2 From Functional Success to Relational Trust

When addressing RQ2, we find that ARIA’s responsiveness pro-
vided the foundation for an experience that users found both ef-
fective and enjoyable. The “excellent” Pragmatic Quality (M=1.90)
from the User Experience Questionnaire confirms the ARIA’s func-
tional success as a tool, while its “good” Hedonic Quality (M=1.52)
shows that this efficiency was also perceived as engaging.

The single-item questionnaires provide granular insight into this
positive perception. The system’s pragmatic success is underscored
by high scores for Clarity and Satisfaction, reinforced by strong
ratings for Confidence and how Advantageous the system was. This
suggests users felt the agent added significant value, with many
sharing sentiments like, “The instructions were super clear, and I felt
confident I was doing it right.”

Our evaluation focuses on trust, confidence, and reliance as
indicators of interaction acceptability rather than relative instruc-
tional improvement. Prior HCI work shows that perceived trust in
embodied conversational agents is shaped by explainability and
transparency of guidance [45], pedagogical framing [57], and trust-
worthy embodiment in task-based settings [44]. Additional research
highlights that agent familiarity, perceived knowledgeability, and
depth of knowledge are critical determinants of perceived compe-
tence and instructional reliability [55, 56]. We therefore interpret
ARIA’s persona-stability design as aligning with these established
factors for instructor-identity continuity, motivating future work
to evaluate these architectural choices against explicit comparative
baselines.

Beyond mere functionality, the equally high scores for Trust and
Reliance point to a deeper relational dynamic, reflecting a common
sentiment that “you could really trust its instructions.” This trust
appears to emerge from the agent’s predictability. The AlManager’s
use of persona-driven prompting ensured a stable personality, ad-
dressing the common challenge of behavioral drift in long-form
conversations [52] and allowing users to form a reliable mental
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model of the agent. The positive impact of this was a recurring
theme in user feedback. As one participant shared, ‘T was surprised
that the praise from the agent actually made me feel more confident
and engaged. When it was positive and supportive, it really helped my
mood.” Another highlighted how the agent’s specific traits directly
impacted their experience, stating, “The personality of the agent
definitely made a difference. When the instructor was more upbeat
and supportive, I found it easier to focus and the task felt less like a
chore.” These comments suggest that a consistent and well-defined
persona is a critical component for building instructional trust.

These comments suggest that a consistent persona is a criti-
cal component for building instructional trust, which in turn fos-
tered high Engagement. Finally, participants believed others could
Quickly learn the system, confirming its intuitive design and ease
of adoption.

5.3 Embodied Co-Presence: The Experience of
"Being There" Together

Beyond usability and trust, the ultimate goal of an embodied agent
is to create a sense of shared presence, a quality that is critical for
educational performance and a key advantage over non-embodied
tutors [6, 11]. On this basis, we find that the Harms-Biocca results
show ARIA was highly successful in this regard, addressing RQ3.
The exceptionally high scores for Co-Presence (M=5.9), Attentional
Allocation (M=5.7), and Perceived Message Understanding (M=5.8)
suggest that users perceived the agent not merely as an image on a
screen, but as a true partner occupying their physical space. The
agent was seen as “always attentive,” creating a powerful sense of
being seen and heard. This was achieved not just through visual
embodiment, but through subtle audio cues that reinforced its at-
tentiveness. As one participant explained, “The little sounds made a
big difference. When I was talking, it would give a little ’'mhmm,’ and
before it answered, there was sometimes a soft 'hmm’ sound. It made
it feel like it was actively listening and then actually considering my
question, not just processing data.”

For some, this presence offered unique advantages over a human
instructor, with one explaining, “Tt was nice having an instructor that
was always patient. You don’t have to worry about being judged or
asking a dumb question.” This highlights the potential for embodied
agents to create psychologically safe learning environments.

At the same time, the results also clearly define the current
boundaries of ARIA’s social capabilities. The more moderate scores
for Perceived Affective Understanding (M=4.5) and Perceived Emo-
tional Interdependence (M=4.3) suggest that while users felt the
agent was present, they did not feel it was emotionally attuned
to them. This distinction was also noted in qualitative feedback,
with one user stating, “The instructor was incredibly helpful and
clear, but it didn’t feel like it understood me. It was focused on the
task, not on how I was feeling about it.” This is likely an outcome
of our system’s intentional prioritization of instructional clarity
and persona consistency over nuanced emotional expression. This
highlights a key difference between achieving cognitive presence
and affective presence. This gap reflects a well-known challenge
in the field, where systems often trade nuanced social cues like
empathy for faster performance [15], pointing to a rich area for
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future work in developing agents that are not only present but also
perceptive.

5.4 Implications for Design and Deployment

The architectural validation of ARIA highlights three takeaways
for future embodied instructional agent design in AR/VR/XR envi-
ronments:

e Temporal-Social Alignment: Modular pipelines and light-
weight behavioral fillers (e.g., listening or thinking anima-
tions) can help preserve perceived conversational timing
realism [21]. These mechanisms offer a design lever to align
system delays with human expectations without requiring
further reductions in model inference time.

o Instructor Identity Continuity: Grounding persona sta-
bility using a real, verified instructor source supports repro-
ducible instructor expression across interaction turns. This
reduces the risks of behavioral drift [52] and ensures the
"trustworthy embodiment" necessary for task-based reliabil-
ity [44].

o Selective, Efficient Perception: Event-triggered vision cap-
ture based on linguistic verification intent offers a promising
direction for lowering compute and power overhead. This
approach is particularly relevant for mobile AR headsets
with thermal constraints and provides an inherent privacy-
by-design framework by limiting continuous sensor access.

ARIA is positioned as a high-performance architectural baseline and
testbed, establishing a benchmark for future comparative studies
across 2D, VR, and AR embodied instructional interfaces.

5.5 Limitations and Future Work

While this work validates ARIA’s core architecture, it is important
to acknowledge the boundaries that define its current scope and
offer avenues for future research. First, the system was evaluated
in a controlled laboratory setting with a structured assembly task,
which, while necessary for establishing a baseline, may not fully
reflect the complexities of real-world instructional scenarios. Fur-
thermore, our evaluation was based on a single instructor persona;
future studies should explore a wider range of personalities to assess
how different learners respond to diverse teaching styles.

This study did not include a comparative baseline, such as a non-
embodied agent, a 2D interface, or alternative XR modalities like a
Virtual Reality (VR) head-mounted display or a non-holographic
AR screen. As our goal was to validate ARIA as a high-performance
architectural testbed rather than compare instructional interfaces,
we acknowledge this bounds interpretation of results to feasibility
and pipeline acceptability. This documents a performance bench-
mark for the community while motivating future work with explicit
comparative baselines.

While ARIA was perceived as attentive, the capacity for genuine
empathy, conveyed through both dialogue and nuanced expression,
remains a key frontier for future work, marking the transition from
a proficient instructor to a truly perceptive partner.

6 Conclusion

In this paper, we introduced ARIA (Augmented Reality Instructional
Agent), a real-time architecture for embodied Al instruction that
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combines low-latency processing, adaptive persona prompting, and
multimodal interaction within AR. The findings demonstrate that
responsiveness is not just a technical performance benchmark,
but a crucial social cue that enables participants to experience
the agent as competent, trustworthy, and present. User feedback
highlights that ARIA is a system capable of dynamic interactions
which increase co-presence and establish trust in the embodied
agent.

Our evaluation demonstrates the influence of design choice on
the level of engagement users have with the system. By contribut-
ing a framework, we introduce a method for designing virtual
instructors that establish credibility through an enhanced sense of
co-presence. Our evaluation advances current research on designing
embodied agents, and the limitations of the current architecture that
we have established pave the way for future research into engaging
virtual instructor scenarios. Likewise, introducing an architecture
which handles real-time user to agent communication in a modu-
lar fashion proposes the ability for stakeholders to easily design
and integrate embodied instructors. ARIA’s capability to provide
sub-second verbal responsiveness and maintains near-real-time
performance even with multimodal data allows for a greater focus
on design choices, reducing future development time of AR-based
embodied instructor applications, where speed and stability are
necessary components to establish credibility with the instructor.
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