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ABSTRACT

Robust hand tracking is essential to natural interaction in Mixed Re-
ality (MR), yet it remains highly susceptible due to the limitations
of tracking systems in Head-Mounted Displays (HMDs). Typical
inside-out tracking systems fail in various context conditions, in-
cluding occlusion from interaction and low light condition. Tradi-
tional methods for handling failure are often hard-coded for specific
failure types using deterministic algorithms, limiting their ability to
handle complex real-world settings. While recent research has in-
troduced “early warning” systems to visualize tracking confidence
and alert users to potential failures, these approaches are fundamen-
tally passive and do not explain why or how to rectify the issue. In
this paper, we introduce a context-aware recovery framework that
leverages the semantic reasoning capabilities of Vision-Language
Models (VLMs) to interpret various types of tracking failure and
generate actionable guidance for recovery. The pipeline monitors
tracking confidence to trigger VLM-based diagnosis, analyzing the
user’s egocentric view to identify the cause and generate actionable
guidance. Crucially, this system generalizes across frequent failure
modes through structured contextual prompting that grounds the
VLM’s reasoning with visual features of physical environment. Re-
sults from user study show high perceived utility and a strong sub-
jective preference for the guidance compared to baseline method,
indicating the system’s potential to improve task proficiency.

Index Terms: Hand tracking, mixed reality, error recovery.

1 INTRODUCTION

Hand tracking has emerged as a primary interaction paradigm for
modern Mixed Reality (MR) Head-Mounted-Displays (HMDs).
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agnose-Guide” cycle. It continuously monitors tracking confi-

dence to detect failures. Upon detection, a Vision Language Model analyzes the user’s egocentric view to diagnose specific causes
to generate actionable audio guidance, helping users to restore tracking integrity.

Commercial devices like Meta Quest Series', Apple Vision Pro”
and Microsoft Hololens 23 adopt integrated inside-out tracking sys-
tem working with specific camera settings to enable a smooth ex-
perience. However, unlike controller-based systems which rely on
Inertial Measurement Unit (IMU) data, egocentric hand tracking
methods primarily rely on optical sensing. Hand tracking is fragile
in the presence of occlusion, low light condition, in-and-out of view
and motion blur [15, 9].

When these factors compromise tracking integrity, current de-
vices typically fail silently or exhibit erratic virtual hand behav-
ior, breaking immersion and causing user frustration [4]. To miti-
gate this, recent research has explored "Early Warning” systems in
both Augmented Reality (AR) and Virtual Reality (VR) environ-
ment [17, 19, 2]. These systems visualize internal tracking confi-
dence or the effective tracking boundaries to alert users of poten-
tial failures. The system improved predictability of system perfor-
mance by displaying a virtual sphere that changes color to provide
visual feedback, therefore users were able to anticipate impending
hand-tracking failures with reduced frustration. While the design
improved system usability, the visual warning remains passive, of-
fering no further assistance for users to recover from failures. More-
over, the system was limited to light-based tracking failures, which
excluded diverse scenarios. A user alerted may not intuitively un-
derstand the exact reason of hand tracking failure in complex set-
tings, whether their environment is too dark or the sensors are oc-
cluded from seeing the hands. Moving to MR, the physical envi-
ronment blends with virtual elements, making this distinction even
more difficult [8]. This occlusion may affect the user’s depth per-
ception and scene understanding, thereby interfering with their sit-
uational assessment [1]. This ambiguity shifts the burden of diag-
nosis and recovery entirely onto the user, who typically lacks the
necessary understanding of the sensor’s limitations to resolve the
issue effectively.

In this paper, we introduce a context-aware framework that ac-

Uhttps://www.meta.com/sg/quest/quest-3/
Zhttps://www.apple.com/apple-vision-pro/
3https://learn.microsoft.com/en-us/hololens/



tively provides guidance tailored to different hand tracking failures.
The system leverages Vision Language Models (VLMs) to interpret
complex failure scenes to identify the specific problem of track-
ing. This semantic diagnosis is instantly translated into synthesized
voice guidance, providing users with specific, actionable advice to
restore tracking integrity without disrupting the immersive experi-
ence. The results demonstrate a strong subjective preference for
the proposed method, showing comparable Perceived Ultility and
higher Perceived Ease of Use.
The contributions of this paper are as follows:

* We developed a context-aware system for guiding hand track-
ing failure recovery. The pipeline leverages the semantic rea-
soning capabilities of VLM to analyze egocentric visual cues
to identify failure causes (occlusion, low light, out-of-view)
and generating actionable, synthesized voice advice.

* We conducted a user study comparing the proposed VLM-
based audio guidance against a visual warning baseline on
three frequently seen types of hand tracking failure. Quali-
tative feedback highlights the preference for guidance system
by clarifying the reasons for failure and provide guidance to
reduce the cognitive burden.

2 RELATED WORKS
2.1 Hand Tracking in MR

Markerless hand tracking has developed as a main paradigm for in-
teraction in consumer MR [12]. Han et al. [5] established a founda-
tion for egocentric tracking by introducing a detection-by-tracking
pipeline that tracks 3D hand motion across a large working vol-
ume in real-time using monochrome image inputs. Building on this
foundation, Han et al. [6] later introduced UmeTrack, a unified,
end-to-end differentiable framework that eliminates multi-stage op-
timization by directly predicting world-space 3D hand poses from
multi-view inputs.

While optical solutions provide high-fidelity tracking within the
camera’s field of view, maintaining tracking continuity when hands
are not clearly presented remains a critical challenge. Inferring 3D
hand pose in these unobserved regions is an inherently ill-posed
problem, as the lack of visual data creates infinite theoretical pos-
sibilities for the hand’s location [7]. To resolve this ambiguity, Ye
et al. [7] used the spatiotemporal correlation between body kine-
matics and hand motion to forecast 3D poses even when hands are
entirely invisible to the headset. Kim et al. [16] proposed HOOV
to utilize wrist-mounted Inertial Measurement Units (IMUs) as a
robust alternative to optical tracking. By fusing continuous inertial
data with intermittent visual cues, it enables precise proprioceptive
interaction outside the camera’s field of view. Despite these ad-
vancements, the ill-posed nature of occlusion implies that tracking
continuity cannot be fully guaranteed across all scenarios. Conse-
quently, hand tracking failures remain inevitable in specific circum-
stances, necessitating the integration of explicit feedback systems
to manage user expectations and facilitate recovery. Rather than
optimizing algorithms to predict hand poses in ill-posed settings,
this work introduces a feedback system that guides the user toward
well-suited conditions where reliable tracking can be restored.

2.2 Hand Tracking Failures and Feedback

Major reasons of hand tracking failure include complex occlusion,
low light condition, out-of-view and motion blur [2, 9]. Tracking
fidelity deteriorates during complex user behaviors, like rapid hand
motions and occlusion during interactions. To mitigate the impact
of these inherent limitations, recent research has explored feedback
systems that maintain usability during tracking degradation. Bashar
et al. [2] developed an early warning system specifically for light-
based tracking failures, providing visual feedback to alert users be-
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Figure 2: The egocentric view of user conducting the ball sort-
ing task. a) The initial MR setting of the virtual task scene in a
workspace. b) The moment of occlusion hand tracking failure oc-
curs. ¢c) The raw camera image from front camera on HMD, as input
for VLM reasoning.

fore tracking completely deteriorates. This type of preemptive noti-
fication is particularly valuable as it empowers users to proactively
adjust their environment, thereby maintaining the flow of interac-
tion and reducing frustration. Xu et al. [19] investigated visual tech-
niques for boundary awareness, utilizing peripheral cues to guide
users when their hands approach the edges of the effective tracking
volume.

While warning systems are instrumental in signaling the onset
of failure, they are limited by their passive nature. They can only
deliver abstract hints for failure, but not able to guide the users to
recover. Moreover, the systems typically focus on one specific kind
of tracking failure, with which the form of hint is highly associ-
ated. This limitation underscores the necessity for an active guid-
ance system that goes beyond simple alerts to explicitly direct user
behavior, ensuring effective prevention and recovery from tracking
loss. To address these gaps, we propose a system that can handle
various types of hand tracking failure and provide corresponding
guidance to help user recovery.

2.3 Vision Language Models in Mixed Reality

With their rapid development, VLMs now excel at processing mul-
timodal input, creating a seamless connection between egocentric
visual feeds and semantic understanding. This allows integrations
with MR systems to act as intelligent assistants capable of reason-
ing about complex social and spatial environments [11]. Recent
research has largely leveraged this capability to optimize interac-
tion and content placement. Li et al. [10] demonstrated how VLMs
can analyze scene context and social setting to optimize UI place-
ment. Similarly, Pei et al. [14] utilized a multimodal LLM to pro-
cess user attention and environmental awareness for safety in loco-
motion. Furthermore, Oh et al. [13] demonstrated that LLM-based
agents that actively incorporate users’ spatial context during coun-
selling interactions can enhance copresence and trust. Collectively,
these works highlight the VLM’s potential to serve as a semantic in-
terpreter, expanding the system’s ability to reason about the user’s
environment beyond simple geometry.

While previous studies utilize VLMs to enhance application-
level experiences, they assume working with a perfect functioning
MR system. The VLMs have not yet been utilized to diagnose and
rectify low-level system failures, such as sensing limitations. In
this work, we bridge this gap by integrating a VLM as a diagnostic
agent. The system uses context from egocentric images to analyze
causes of failure and drive users to restore system resilience.

3 METHOD

The proposed guidance system identifies hand-tracking failures
based on egocentric inputs in MR view.
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3.1

The proposed system operates on a “Monitor-Diagnose-Guide” cy-
cle incorporating three modules: Hand Tracking, VLM Diagnosis
and Guidance Generation (see Fig. 1). The pipeline monitors the
built-in confidence value of hand tracking to determine actions. The
detection of tracking failure will trigger the diagnosis process by
retrieving the egocentric image from HMD as input context. This
visual input is queried against a Vision-Language Model (VLM)
utilizing a specialized context prompt. The VLM acts as a diag-
nostic agent, parsing the scene to generate a structured output that
comprises the identified failure category and a synthesized recovery
guidance. Finally, the generated text guidance engine is converted
into audio via a Text-to-Speech (TTS) engine, playing through the
HMD to remind user and help with recovery.

To ensure the reliability and smooth operation, a sliding window
trigger is implemented to continuously monitor the native hand-
tracking API’s confidence. The system remains idle during stan-
dard operation to optimize computational resources. When the du-
ration of failure accumulates to the threshold (1s) with the sliding
window (3s), the diagnostic action is triggered. This filter serves to
distinguish sustained environmental failures from transient track-
ing glitches caused by rapid motion. Upon activation, the system
captures the user’s current egocentric RGB frame.

Architecture Pipeline

3.2 Contextual Guidance

To generalize across different failures, a VLM agent is prompted
with structured knowledge of hand tracking and potential causes of
failures. Rather than treating tracking loss as a monolithic state,
we enforce a clear taxonomy (F 1-F3) that maps specific visual ev-
idence of environmental interference directly to distinct recovery
protocols. The VLM is prompted to classify the current state based
exclusively on visual evidence from the egocentric camera:

¢ Qut-of-View Failure (F1): This state addresses failures
where hands fall outside the camera frustum or are heavily
truncated due to head pose, assuming the lighting conditions
are otherwise adequate. The VLM distinguishes this from en-
vironmental factors, generating guidance that directs the user
to reposition their hands centrally within the sensor’s field of
view.

* Occlusion Failure (F2): This category encompasses phys-
ical obstructions where key hand landmarks are blocked by
external objects, surfaces, or instances of self-occlusion (e.g.,
crossed hands). The system identifies the specific occluding
element and advises the user to separate their hands or remove
the blocking object to restore line-of-sight.

* Low Light Condition (F3): This identifies scenarios where
tracking is compromised by insufficient illumination, heavy
shadowing, or high sensor noise, distinct from positioning
errors. Unlike simple sensor thresholds, the VLM visually
confirms that hands are indistinguishable due to darkness and
suggests environmental adjustments, such as activating a light
source or relocating to a brighter area.

Beyond classification, the system is engineered to prioritize
user experience through tone regulation. The VLM is explicitly
prompted to generate guidance using warm, supportive language
rather than technical error codes, ensuring that the recovery process
maintains immersion and reduces user frustration.

4 EVALUATION

We conducted a preliminary perception study to validate the user
acceptance between warning and guidance.
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4.1 Experiment Design

We developed a standardized ball-sorting task to simulate real
world scenes which require spatial understanding and accurate ma-
nipulation [2] (Fig. 2). The scene depicts a canonical pick-and-
place task chosen for its requirement of varied hand poses and spa-
tial reach. The user is positioned centrally with a collection of scat-
tered balls in two different colors. Two target zones (planes colored
in red and blue) are situated distally on the left and right peripheries.
The user needs to complete the task by sorting all the balls to their
corresponding plane according to the color. To successfully sort a
ball, the user must reach out fully to the side, a motion trajectory
specifically designed to test the limits of the camera’s field of view
and invite potential occlusion.

Given the technical complexity of replicating specific environ-
mental failures (e.g., exact lighting conditions) consistently across
participants, we employed a vignette methodology using a group
of pre-recorded videos. This guarantees that all users respond to
the exact same visual stimuli for tracking failure and environmental
contexts. We recorded a series of first-person perspective (POV)
videos across different conditions in the scene. To ensure consis-
tency, a researcher performed a scripted workflow where the move-
ment speed and trajectory were kept highly constant. We artificially
induced the three failure types defined in Sec. 3.2 (F1: Out of View,
F2: Occlusion, F3: Low Light) during the task execution. For each
failure instance, we generated two experimental conditions:

¢ Baseline (Visual Warning): A red visual indicator appears to
signal low tracking confidence, mimicking the state-of-the-art
method [2].

e Proposed (Audio Guidance): The system provides the syn-
thesized voice advice generated by our pipeline.

We used Meta Quest 3 as HMD for running experiment scene.
We selected Gemini 3 for reasoning and ElevenLabs # for TTS to
generate audio guidance.

4.2 Participants

We recruited 6 participants (5 male, 1 female) between 22 and 26
years old from the local university community. One of them had no
prior experience with AR or VR devices, while the rest had varying
levels of experience ranging from occasional use to regular daily
use.

4.3 Procedure and Metrics

Participants began with a brief introduction to the ball-sorting task
context. They then viewed paired video vignettes for each of the
three failure types in a randomized order to prevent order effects.
Participants were instructed to adopt the perspective of the user in
the video. Since participants were observers, we adapted a modified
Technology Acceptance Model (TAM) [3] to focus on Perceived
Utility (PU) and Perceived Ease of Use (PEU). Participants rated
the feedback mechanisms on a 7-point Likert scale. Finally, partic-
ipants selected their preferred method for each failure scenario and
provided open-ended justification.

5 RESULTS

We analyzed the subjective ratings to compare the communica-
tive efficacy of the proposed guidance against the visual baseline.
Given the pilot sample size (N = 6), we report descriptive statis-
tics (Mean M, Standard Deviation SD) and qualitative themes. We
evaluated the score of Perceived Utility (PU) and Perceived Ease of
Use (PEU) for both feedback modalities (shown in Tab. 1). While
the Perceived Utility scores were comparable between the visual

“https://elevenlabs.io/
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Table 1: Mean (M) and Standard Deviation (SD) of TAM scores.

TAM Metric Visual Warning | VLM Guidance
M SD M SD

Perceived Utility 5.11 0.92 5.17 1.16

Perceived Ease of Use | 5.84 0.91 6.06 0.86

baseline (M = 5.11) and our VLM-based guidance (M = 5.17), the
VLM condition achieved a higher Perceived Ease of Use (M =
6.06) than the baseline (M = 5.84). Subjective interview showed
a strong preference of audio feedback (shown in Fig. 3)

6 DiscussION

Our results highlight a shift in user needs from failure detection to
detailed diagnosis. Qualitative feedback suggests this preference
stems from the explanatory nature of the guidance. While the vi-
sual warning baseline provides the timely feedback of tracking sta-
tus, the proposed VLM system translates abstract failure states into
concrete, human-understandable causes from user’s physical con-
text. Participants noted that even when specific recovery instruc-
tions were imperfect, the provision of an explicit diagnosis (e.g.,
it is too dark™) significantly reduced the cognitive load of trou-
bleshooting, allowing them to maintain focus on the task rather than
the device. A major limitation of this work is that we only use mock
videos instead of letting users experience the actual system. The ex-
periments are expected to be further improved and to enhance the
analysis with statistical tests in future work.

The choice of audio as the primary feedback channel involves
a trade-off between robustness and intrusiveness. We prioritized
audio because visual tracking failures often correlate with render-
ing instability (e.g., jittering or freezing), which can render world-
locked text Uls unreadable [18]. Audio ensures the recovery guid-
ance is received regardless of the user’s head pose and without vi-
sual clutter. However, participants noted that voice commands can
be intrusive during high-concentration tasks. With that said, we
recognize that an audio-only approach limits accessibility (e.g., for
users with hearing impairments) and applicability in noisy or social
environments. A potential middle ground suggested by users is a
hybrid approach: utilizing timely visual cues for minor warnings,
and escalating to audio guidance when sustained failures occur. An
avenue for future research is exploring feedback delivery through
various single or combined modalities.

The timing of guidance represents a balance between system sta-
bility and user responsiveness. We prioritize sustained tracking
failures over momentary glitches by implementing a sliding win-
dow. While this system incurs a latency of approximately 4-5 sec-
onds, users found this delay acceptable given the pacing of recov-
ery actions. Notably, we observed that the initial diagnosis alone
often triggered immediate self-correction. This indicates that users
proactively leverage the semantic diagnosis to re-evaluate the re-
lationship between the physical and virtual context, occasionally
rendering the subsequent detailed guidance redundant. Building on
this, future work will focus on integrating task phase estimation and
user action analysis to adapt the guidance dynamically, ensuring it
complements rather than interrupts the user’s correction process.

The guidance to recover is currently constrained by the VLM’s
limited visibility of the full MR context. The VLM is currently
not provided with the context in MR view, analyzing only the RGB
passthrough feed. This creates a risk of contextually inappropri-
ate advice where the physical reality conflicts with virtual intent.
For example, if a user reaches towards a virfual object placed in-
tentionally under a physical desk, the VLM might interpret this as
an occlusion risk and advise the user to move hands above it, di-
rectly contradicting the application’s goal. Future works will focus
on more precise modeling of user state and environmental context.
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Figure 3: User preference for Method. Preference shifts signifi-
cantly toward Audio Guidance (Orange).

7 CONCLUSION

In this paper, we introduced a context-aware framework for resilient
hand tracking in MR. We conducted a preliminary user study to
evaluate the effectiveness of proposed guidance system. The results
support better utility of the guidance system for translating user’s
context into clear diagnosis and providing actionable guidance.

A VLM PROMPT

We utilized the following prompt to establish the context for the
VLM. This example focuses on setting the context for hand tracking
failures and kind guidance generation.

“You will mimic a Mixed Reality system diagnostic observer
embedded inside a head-mounted display. You see the world from
the user’s own first-person viewpoint through the headset’s ego-
centric camera. The system does not render virtual hands; there-
fore, you must infer tracking quality only from the visible physical
hands and the imaging conditions. Your task is to determine what
type of hand-tracking failure is currently occurring, if any, based
on whether the tracking system would be able to reliably detect and
follow the user’s hands from this view. You will be shown images
captured from the headset camera. These images represent exactly
the visual input available to the hand-tracking system at that mo-
ment. You are analyzing raw input from a head-mounted display
(HMD) with low-resolution sensors. Do not confuse sensor noise,
graininess, or pixelation with low-light conditions. The image may
look grainy or blurry due to hardware limitations. If you can clearly
distinguish objects in the background and the contrast is sufficient
to see edges, the lighting is sufficient. Low Light applies only when
the image is actually too dark (underexposed) to distinguish fea-
tures.

Failure Types: You will classify the current hand-tracking state
into exactly one of the following categories: F1 — Out of View:
Hands are missing, cut off, blurred, or outside the camera’s field of
view while the scene is sufficiently lit for hands to be visible if they
were present. F2 — Occlusion Failure: Hands are in view, but key
parts are blocked by objects, surfaces, or the other hand in a way
that would prevent reliable tracking. F3 — Low-Light Condition:
The scene is too dark, shadowed, or noisy for the camera to clearly
reveal hands, such that hand visibility is lost because of lighting
rather than position. F4 — No Failure: The hands are fully visible,
well-lit, and unobstructed in a way that would allow a hand-tracking
system to track them reliably.

Decision Rule: If the hands are not visible because the image
itself is dark, shadowed, or visually degraded, you must choose
F3 (Low-Light Condition), not F1. Choose F1 (Out of View) only
when the lighting is adequate but the hands are missing due to cam-
era framing, pose, or motion.

User Guidance Requirement: After determining the failure type,
you must generate a warm and helpful message for the user that fol-
lows this structure: 1. Briefly state the likely reason for the track-
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ing problem in plain language 2. Give a clear, practical action the
user can take right now to fix it Your guidance should sound like
a friendly MR system trying to help, not a technical report. Exam-
ples of appropriate tone include: “It looks like. ..” ““You might want
to...” “Try...”

Regulation Prompt — Output Format Base your decision only on
what the camera can see and whether that visual input would sup-
port stable hand tracking. You will also provide: 1. A confidence
score from 1 to 5, where 1 = very uncertain and 5 = very confi-
dent 2. A brief visual justification describing what in the image led
to your decision Focus only on visual evidence of hand tracking
quality. Ignore the task the user is performing, the environment, or
aesthetics unless they directly affect hand visibility or tracking.

Your response must follow exactly this format and nothing else:
Failure type: F? Confidence: ? Visual evidence: ... User guidance:
... Where: Failure type must be one of: F1, F2, F3, or F4 Confi-
dence is an integer from 1 to 5 1 = very uncertain 3 = moderately
confident 5 = very confident

Visual evidence must describe the specific observable cues in
the image that led to your classification (for example, hands cut off
by frame, heavy shadow on fingers, one hand blocking the other,
clear unobstructed view, etc.) User guidance must: First state the
reason Then give one or two concrete recovery actions Use a warm,
supportive tone

Example (for Low Light): If the image is dark, a correct response
would look like: Failure type: F3 Confidence: 5 Visual evidence:
The image is very dark and the hands are barely visible, with heavy
shadow and noise. User guidance: It looks like the room is too dark
for the headset to see your hands clearly. Try turning on a light or
moving to a brighter area so your hands are easier to detect. ”
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