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Figure 1: A visual summary of the components and the experience provided by Sounds from Mismatch. On the left, a user
wearing a pair of AR glasses (it can also be a video passthrough head-mounted display) with hand-tracking, equipped with
an integrated web browser that supports WebXR and Web Audio. On the right, two captures of the egocentric view of the
user: one shows the visualization of a small prediction error, the other shows a visualization of a large prediction error.

Abstract

Sounds from Mismatch (SfM) is an augmented reality (AR) sound
experience in which sound emerges from the mismatch between
a user’s bodily actions and the system’s expectations of those
actions. SfM builds an internal model of user interactions by
maintaining individual predictors for future positions of mul-
tiple tracked hand joints. Rather than treating prediction error
solely as a quantity to be minimized, SfM frames sensorimotor
and expectation mismatch as an expressive material for inter-
action. Using hand tracking in AR, the system generates sound
from the dynamic discrepancy between the user’s movements
and a continuously updated “ghost” representation of anticipated
gestures. This mismatch is mapped to granular sound textures,
producing an embodied auditory experience that unfolds through
exploration rather than control. SfM invites users to attend to
the shifting relationship between visual perception, propriocep-
tion, and action, foregrounding anticipation and deviation as core
elements of musical interaction. This paper describes the concep-
tual framing, interaction design, and technical implementation
of SfM, and discusses its implications for designing embodied AR
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sound experiences based on expectation rather than performative
accuracy.
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1 Introduction

In this paper, we propose Sounds from Mismatch (SfM): an aug-
mented reality (AR) musical environment for see-through AR
glasses and passthrough head mounted displays (HMDs). SfM
approaches digital musical instruments not as a surface to be
controlled, but as a predictive relation to be explored.

In conventional instrument design, the hand acts upon an
external interface, and sound emerges from the success of that
action, i.e., from the alignment between intention, gesture, and
sonic outcome. In this context, mastery and virtuosity [32] in-
volve reducing the gap between what the performer intends and
what the instrument produces. Our work attempts to invert this
logic: rather than rewarding accurate control, it generates sound
from the degree of unpredictability of user actions that leads to
failure of prediction. This is the discrepancy between what the
user does and what the system anticipated they would do. The
“instrument,” if it can be called that, becomes not a physical object
but a relational gap, the space between action and expectation.
This shifts the site of musical interaction from the hand-based or
hand-instrument boundary to what we might call the hand-self
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boundary: a pre-reflective, predictive sense of one’s own body
that normally operates invisibly beneath conscious awareness.
Drawing on predictive processing accounts of cognition [42], we
treat sensorimotor prediction error as a material to be sonified
rather than reduced.

In SfM, the user encounters “ghost” hands: a visual representa-
tion of where the system predicts their hands should have moved
based on recent history. When the actual hand diverges from
this prediction, sound emerges. When they coincide, silence. The
ghost is not a mirror of what the user has done, nor a representa-
tion of the present, but a projection of an anticipated future that
did not occur, a strange temporal object that makes audible the
normally transparent machinery of bodily self-modeling.

SfM goes back to the concept of “responsive environments” as
proposed by Myron Krueger: “Over a period of time the computer’s
displays establish a context within which the interaction occurs. It
is within this context that the participant chooses his next action
and anticipates the environment’s response. If the response is unex-
pected, the environment has changed the context and the participant
must reexamine his expectations. The experience is controlled by a
composition which anticipates the participant’s actions and flirts
with his expectations” [25]. In SfM, the “computer” maintains its
own set of expectations, and its reactions are not designed to
comfort the user, but to exhibit its predictive behavior. Users may
not immediately understand how the environment responds to
them, but this ambiguity invites exploration.

Unlike the idea of “responsive environments” envisioned by
Krueger as public spaces, we reframe this concept as an ego-
centric experience. The sound is meaningful only to the person
wearing a display equipped with tracking and processing capabil-
ities (e.g., a pair of smartglasses or a head-mounted display), as a
means of attending to their own sensorimotor dynamics. Users
are not expected to play an “instrument” (as a surface to excite or
a series of parameters to control), but to play against a model of
themselves, exploring the boundaries of their own predictability,
discovering where their body can surprise a system that is trying
to anticipate it. In this way, SfM proposes a different relationship
between body, prediction, and sound: one in which expression
emerges not from control, but from the productive friction of
being imperfectly modeled.

SfM was developed as a WebXR! application compatible with
both novel consumer see-through AR glasses (i.e., Snap Spec-
tacles?) and HMDs with video passthrough and hand-tracking
capabilities. The source code is available as open-source® and the
WebXR application is publicly hosted online®.

Here, we present the background and conceptual framing
behind SfM, the technical implementation of the system, and
discuss its implications for the design of embodied AR sound
experiences based on sensorimotor perception and predictive
mismatch.

2 Background

2.1 Predictive Processing and Bodily
Self-perception

Our proposed approach draws on the accounts of cognition made
by predictive processing, which frame the brain as continuously

!https://github.com/immersive-web/webxr
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generating predictions and updating them based on error sig-
nals [42]. The free energy principle of Friston [15, 36] or the
work by Clark on predictive minds [9, 10] propose a description
of perception as active hypothesis-testing. Seth extended this to
bodily self-perception, arguing that our sense of our own bodies
is itself a prediction - a “controlled hallucination” maintained by
minimizing sensory prediction error, particularly from interocep-
tive and proprioceptive signals [40]. Our work draws inspiration
from these concepts as SfM acts as a sort of a system that has a
“brain” that maintains a model of user interactions and sonifies
the “surprise” [15] defined as the mismatch between its model
and reality.

2.2 Prediction in Musical Interfaces

Recent work has explored prediction in digital musical instru-
ments. Notably, Martin et al. introduced EMPI [29], a system that
uses recurrent neural networks to predict gestures of users. The
predicted output drives different kind of actuators that responds
to the performer, framing the prediction as enabling continua-
tion [35] or call-and-response. Our work differs fundamentally:
rather than using prediction output, we treat the error between
prediction and action as the primary sonic material. In general,
we stray from the concept of tactically predictive systems [45]
(e.g., the predictive live-coding environment by Diapoulis et al.
[11]). In SfM, sound represents where prediction fails, not what
the system thinks you will do. A similar concept was hinted
at by Pelinski et al. [37], who suggested devising models that
predict the future behavior of sensor/control signals to create
instruments that sonify the prediction error.

With respect to the works above, we chose to adopt algorith-
mic predictors instead of deep learning models as we aimed at
running many predictors (i.e., one for each 3D axis of crucial
tracked hand joints5 , of each tracked hand, resulting in 66 active
predictors) in real-time on resource-constrained devices. While
recent work [37, 43] showed promising results for integrating
deep inference into resource-constrained devices, we found some
of our target devices (i.e., Snap Spectacles) to offer much less
computation headroom than others due to their compact size.
This, paired with the large number of predictors required and
the simpler nature of single-axis time series prediction, led us to
adopt a range of algorithmic predictors.

2.3 The Performative Relation Between the
Hand and the Self

NIME research has extensively studied the hand-instrument rela-
tionship, such as how hand gesture maps to sound [21, 28, 41, 46,
50]. Several studies were devoted to physical interfaces designed
to augment musicians’ hands (e.g., Waisvisz’s “The Hands” [46],
Sonami’s “Lady’s Gloves” [41]) and how such devices can be
incorporated into performers’ body schema [1, 33].

Moreover, in the context of AR and AR, hands occupy an
important locus since they are used as the principal means for
directly interacting with 3D user interfaces and virtual objects:
from Lanier’s paradigmatic performance “The Sound of One
Hand” [27], relevant not only for its approach but also for its
title itself, which points to the peculiarities of sensing and repre-
senting a singular body in virtual space, to recent explorations
of hand-based interactions in the context of HMD-based AR
(e.g., [2, 17, 18, 39, 47]). While Wang et al. [48] showed that free-
hand interactions in AR can be easily learned in a musical context,

Sie., wrist, metacarpals, and fingertips
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it was also shown that due to tracking inconsistencies, this can’t
be a reliable solution in terms of timing precision [4].

However, these works focused on hands as input systems. Less
explored is the hand-self relationship: the proprioceptive, pre-
dictive sense of one’s own body before any external interaction.
Merleau-Ponty described the body schema as a pre-reflective field
of motor possibilities [30]; Gallagher distinguished this operative
schema from explicit body image [16]. Work on the rubber hand
illusion shows that bodily self-perception is constructed and eas-
ily disrupted [5]. Our work engages with an existing boundary
between NIME and perception studies directly, using a predicted
“ghost” hand to make audible the normally transparent process
of bodily self-modeling.

Our work also connects to a long history of interactive art
that makes the body an object of its own perception. In the
landmark work Videoplace [26], Myron Krueger allowed users to
see and interact with their silhouettes, creating what he termed an
“artificial reality” through real-time responsive visual feedback.
Such systems produce a doubled self - an image that is you but not
quite you, responding but with its own logic. The ghost hand in
our system functions similarly, but with a predictive projection: it
reflects not what you are doing but what the system anticipated
you would do. This makes the double predictive rather than
mimetic, and the gap between self and double becomes the site
of sonic interaction.

2.4 Egocentric Experience and Computing

The work discussed here departs from the implicitly performative
orientation of most NIME work, where instruments are designed
for expression directed outward. However, a thread that includes
work on biofeedback music systems [44] and somaesthetic de-
sign [23], emphasizes inward-directed experience: interaction as
attending to one’s own body rather than communicating to others.
This also resonates with recent research on wearable computing
and smart glasses that prompted the use of first-person video and
audio as the primary frame for understanding action, intention,
and environment. For this, world models built on egocentric data
aim to capture how a human agent perceives and predicts its
own unfolding interaction with the world (e.g., [19, 20]).

Our work applies an analogous logic to sound-making and
self-perception: the system models users’ movements from their
own embodied perspective, and the resulting experience is mean-
ingful only from that first-person viewpoint. Where egocentric
computing asks “how does the world look from here?”, we ask “how
does my body feel from here - and what happens when that feeling
is disrupted?”.

3 Implementation

The system was implemented using the WebXR Device API®.
WebXR is an emerging web standard that brings virtual reality
(VR) and AR experiences directly to the browser, eliminating
the need for native applications. The standard provides a unified
API that allows web applications to present immersive content
using WebGL, handling camera settings and device interactions
such as controllers, head, and hand tracking. Rather than re-
quiring users to download native applications, WebXR brings
immersive experiences directly to the web, making them accessi-
ble to anyone with a compatible device and a modern browser.
WebXR has been explored in several works on musical instru-
ments [3, 6, 8, 12, 13, 34].

Shttps://immersiveweb.dev/
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We used the WebXR API through Three.js’, which provides
built-in support for immersive experiences. Three.js is a popu-
lar JavaScript library for developing interactive 3D graphics in
the browser. Together, WebXR and Three.js handle stereoscopic
rendering, camera tracking, and controller input automatically.

3.1 Visual Implementation

Q Wrist

. Thumb finger
O Index finger
. Middle finger
O Ring finger

. Pinky finger

Figure 2: On the left, the visualization of the different joints
used to debug the application. On the right, the prediction
error of each joint is shown during a large movement of
the hands.

Our application applies a particle visualization to the tracked
joint of each hand®. We implemented a real-time hand visual-
ization system using the WebXR hand-tracking functions® inte-
grated with Three.js!’. The system tracks 11 key skeletal joints
per hand (wrist, metacarpals, and fingertips). For each, we com-
pute prediction errors by comparing actual positions with for-
ward predictions generated.

The visualization employs a particle-based rendering approach
with three distinct particle systems: (1) zone particles that pop-
ulate the volumetric space between actual and predicted joint
positions, with particle density and opacity proportional to pre-
diction error magnitude; (2) connection particles that form skele-
tal connections between anatomically-linked joints (palm struc-
ture, finger bones), creating a mesh-like hand representation; and
(3) motion trails for legacy velocity visualization. All particles
utilize custom GLSL shaders with additive blending for ethereal
appearance and exponential fade-out. Joint-specific color coding
(6-color palette) aids in visual differentiation of hand regions.

3.2 Audio Implementation

SfM sound implementation is based around two granular syn-
thesizers, one for each hand. Granular synthesis was chosen as
it grants a wide range of sonorities and quick prototyping by
switching source material. SfM uses GrainPlayer from Tone.js!!.
GrainPlayer offers control over pitch, playback rate, grain size,
overlap, and output volume. A mix of soundscapes and electronic
sounds from Freesound'? [14] was used as source material for
the granular synthesizers.

Joint prediction errors were mapped to sound parameters by
experimenting with a custom browser tool (Fig. 5, see reposi-
tory®). The custom tool allows users to play back a recorded
hand-tracking session and to see predictions and errors for all
the different predictors and prediction horizons. This allowed

"https://threejs.org/

8hittps://developer.mozilla.org/en-US/docs/Web/API/XRHand

YWW3-WebXR Hand Input Module, https://www.w3.org/TR/webxr-hand-input-
1/#feature-descriptor-hand-tracking

Three.js WebXR Manager, https://threejs.org/docs/#XRManager
https://tonejs.github.io/

2https://freesound.org
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Figure 3: Ghost hand representation in the final version of SfM. From left to right, a sequence of actions showing the effects

of the visualization of the prediction error.

Figure 4: From left to right, a sequence of actions showing the effects of the visualization of the prediction error, specifically

looking at the right-hand index finger.

tuning without repeatedly wearing a headset or AR glasses. Error-
to-parameter mapping was made to gradually affect the sound
timbre and volume with the increase of error. Mapping is dis-
cussed below.

Prediction Error
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Figure 5: Custom error-sound mapping tool.

3.3 Predictors

For the aforementioned reasons concerning computational effi-
ciency and time series prediction, we chose to adopt algorithmic
predictors. The following predictors are employed:

e Linear Extrapolation (L) [22],

e Holt’s Exponential Smoothing (H) [22],

e Kalman Filter (K) [24],

e Momentum (M) [31],

e Pattern Matching (P) [49],

e Sinusoidal Detection (S) [38].
For the sake of conciseness, formulations for each are not pre-
sented here. Implementations are found in the project reposi-
tory?).

Predictors are attached to individual tracking signals (e.g., x-
axis of the right-hand index finger tip) and executed at a 20ms
refresh interval. Additionally, for each tracking signal, multiple
predictors for different prediction horizons are run. At each re-
fresh step, every predictor is fed the current sample from the
relative tracking signal, and each is run for the number of steps
of the relative prediction horizon (e.g., 1 step for 20ms, 50 steps
for 1s). Each prediction result is appended to its relative queue
buffer, which delays reading the prediction until its prediction
horizon is reached in actual time. At the end, the prediction
for the current actual time is extracted from every buffer and
mapped to the visual ghost and the sound parameters. As a re-
sult, independently of the predictor/s chosen for the ghost-hand
rendering, at any time, ghost-hand joints represent a past antici-
pation of the present, as it is a prediction for X refresh-intervals
in the future, made X steps prior (X is the prediction horizon in
refresh-intervals).

The performance of individual predictors was assessed on a
2-minute recording of hand-tracking data. The mean squared
error (MSE) for each predictor and different prediction horizons
is shown in Table 1 and Fig. 6. Despite the different performances,
we chose to implement multiple predictors to have a wide palette
of choices during mapping, which was informed by the quality
of the shape of different errors in time (e.g., noise, repeating
patterns, and slow adaptation in prediction output and error)
and how these map to different parameters. This is why the
aforementioned custom mapping tool was made to play actual
handtracking signals and display plots of error trends. Pattern
matching and sinusoidal detection were found to have low noise
trends that could be mapped to sound parameters without addi-
tional filtering.

Furthermore, average error on the x and y axes of each thumb
finger tip was mapped to the grain size, while average x,y error
on index finger tips was mapped to pitch, and error on the x axis
was mapped to volume. Error and parameter range mappings
were tuned through trial and error.
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Table 1: MSE of each predictor with different prediction
horizons (Lowest per-horizon error in bold).

PHor* ‘ +20ms +100ms +200ms +400ms +1s
.\ L 3.9e-04 7.8e-04 1.7e-03  4.6e-03 2.7e-02
* H 2.5e-04 6.7e-04 1.9e-03  6.1e-03 3.0e-02
% K 6.6e-04 1.5e-03 2.9e-03 6.8e-03 3.0e-02
;§ M | 3.4e-04 8.5e-04 1.9e-03  4.9e-03 2.7e-02
E P 1.4e-04 5.5e-04 1.6e-03 4.7e-03 1.6e-02

S 1.9e-04 7.6e-04 2.0e-03 5.2e-03 1.6e-02

* PHor: Prediction Horizon

** L: Linear Extrapolation, H: Holt’s Exponential Smoothing, K: Kalman Filter,
M: Momentum, P: Pattern Matching, S: Sinusoidal Detection
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Figure 6: MSE of each predictor.

4 Design Considerations

Developing SfM surfaced several considerations on the design
of both egocentric AR experiences and prediction-error-based
sound mappings. We share reflections on visual and audio map-
pings, computational constraints, engagement modes, and their
impact on egocentric AR-based musical systems.

4.1 Mapping

Visual Mapping. In our first experiences trying SfM before it
had a visual rendering of the ghost hand, we found ourselves
constantly going for a conventional control-based interaction,
trying to position our hands in different ways and different parts
of the space, often coming to a still state. Instead, a preliminary
version, with a direct visualization of the prediction error (Fig. 2)
elicited an opposite response: we found ourselves to enjoy the
act of forcing prediction errors to increase through exaggerated
movements of the hands and individual fingers. However, this
limited the quality of the interaction to sudden movement bursts.
When hands stayed still, predicted joint positions aligned with
actual positions without visually matching the silence induced
by the stillness (i.e., no prediction error occurred). This led us
to devise a visual metaphor representing errors through blurred
ghostly trails rather than direct error-to-visual mapping. When
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wearing the headset or glasses, the ghost hand creates a pecu-
liar experience: you see where your hand was predicted to be
a moment ago, creating a doubling that is neither synchronous
nor simply delayed, but temporally twisted in a way that proves
difficult to describe. Crucially, this representation gradually fades
when approaching stillness, aligning with the principle that no
prediction error equals no sound. However, this “blurred” render-
ing initially proves difficult to understand, and users benefit from
an introduction to the system’s concept and mechanics before
use.

Sound Mapping. Differently, with respect to sound, mapping
proved to be a more complex task. The first challenge arose
from the limited independence of movements between joints in
the same hand (i.e., small variations relative to the large x,y,z
tracking ranges) that made differentiation difficult. However,
granular synthesis provides a wide sound palette through just a
few controls, like pitch and grain size. This constraint, combined
with limited joint independence, led us to explore the use of joint
prediction error along different axes.

To address varying error scales, we defined a dynamic and
adaptive mapping range for the error values that updates in
real-time based on encountered minimum and maximum values.
This range shrinks over time to adapt to moments of exploration
with different breadths of movement. The dynamic nature of the
adaptive range mapping strategy means that decaying time is
adjusted to leave time for wide ranges in between interactions,
while preventing the system from going completely silent after
a wide sweeping motion led to a large growth of the adaptive
range. At the same time, it prevented the mapped value from sat-
urating to a low fixed maximum, which otherwise hindered the
dynamic range of sound parameters. Using a dynamic adaptive
mapping came at the cost of having to adjust the decay time pa-
rameter finely, and experimenting with lowpassing error values
for adaptive range calculation.

4.2 Technical Choices and Computational
Constraints

In retrospect, technical constraints shaped the design of SfM at
every stage. First, we chose algorithmic predictors over deep
learning models based on initial assumptions about hardware
limitations, particularly for AR glasses. Experimental testing
then revealed further constraints that forced us to simplify our
original design, especially regarding real-time sound generation
and rendering. For instance, while our initial design employed
a capable and complex granular processor!* made in Faust and
compiled as a Web audio module [7], we were forced to move
to a lighter alternative in Tone.js to ensure smooth playback on
Spectacles. Moreover, we had to reduce reverb processing as the
combined computational cost of predictors, granular synthesis,
and reverb exceeded the processing capacity of Spectacles. Similar
issues were not found on the Meta Quest 3.

4.3 Engagement Modes

We had theorized that users would engage with SfM at a pre-
reflective, sensorimotor level, but our own preliminary expe-
riences during development suggest something more complex:
moments of genuine proprioceptive confusion alternating with
cognitive strategizing about how to “trick” the predictors.

3Granola Faust granular processor: https://github.com/jlpé6k/faust-things/blob/
main/Granola.dsp
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Our first experiences with the system revealed moments where
the ghost hand disrupted our perception of movement in disori-
enting yet enjoyable ways. This may be attributed to the behavior
of the ghost hand, which was tightly coupled to the actual hand
at times, and diverged at others, depending on the movements
performed. For instance, we found that exploratory movements,
rather than intentional gesture triggered these moments, making
sound emerge from natural bodily dynamics. Importantly, we
found that the experience felt more akin to discovering how one’s
own body behaves, or observing how a new coat moves semi-
independently with the body, rather than playing an instrument.

However, this pre-reflective mode appeared difficult to sus-
tain. Within minutes, interaction often seemed to shift toward
more cognitive engagement: observing predictor behavior, iden-
tifying patterns in how the ghost responded to certain gestures,
and deliberately exploiting these patterns. We found ourselves
discovering that sudden direction changes confused predictors,
or that repetitive movements would eventually be anticipated
and produce silence. Whether this transition is inherent to the
interaction paradigm or an artifact of our developer familiarity
with the system remains an open question that structured user
evaluation could address.

We also noticed that the prediction horizon appeared to affect
this dynamic significantly. Shorter horizons (20-100ms) produced
ghosts that stayed close to the actual hand, creating subtle, flick-
ering discrepancies that felt more like perceptual noise. Longer
horizons (400ms-1s) created ghosts that diverged more dramat-
ically, making the prediction-reality gap more apparent. There
may be an optimal range where the ghost is distant enough to be
perceptually distinct but close enough to remain proprioceptively
unsettling, though this hypothesis requires empirical validation.
Sound itself seemed to play a role in modulating attention. When
focusing on listening rather than watching, the visual ghost re-
ceded from attention, and interaction felt more exploratory. This
suggests the multi-modal nature of the experience creates com-
peting attentional demands.

These preliminary observations raise questions about design-
ing systems that disrupt bodily self-perception: does exposing
normally transparent processes to consciousness inevitably shift
them from pre-reflective to reflective? Can this disruption persist,
or does the system become absorbed into learned interaction pat-
terns? Structured evaluation with participants unfamiliar with
the system will help to better determine whether SfM achieves
its intended effects or functions primarily as a cognitive puzzle.
These studies should combine qualitative methods (e.g., phe-
nomenological interviews, think-aloud protocols) with quantita-
tive measurements (e.g., movement analysis, learning curves) to
capture both embodied and cognitive dimensions of engagement.

5 Conclusion

We presented SfM as a preliminary experiment in reframing pre-
diction error as primary sonic material rather than a quantity to
minimize. Using hand tracking in AR, SfM generates sound from
the mismatch between user movements and predicted “ghost”
gestures, inverting conventional control paradigms that reward
accuracy.

Developing SfM surfaced questions about prediction-based in-
teraction that warrant further investigation: the tension between
pre-reflective engagement and cognitive strategizing, the role
of prediction horizon in phenomenological experience, and the
interplay between visual and sonic attention in multimodal AR
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environments. Most critically, formal user evaluation is needed
to determine whether the system achieves genuine body schema
disruption or functions primarily as a cognitive puzzle.

Future work will combine phenomenological interviews with
movement analysis to validate our preliminary observations. Fur-
thermore, we aim to explore how such inherently egocentric
experiences might be integrated into shared multiuser virtual
environments. By presenting SfM at this preliminary stage, we
hope to foster discussion about prediction, unpredictability as a
sound parameter, and embodiment for this kind of egocentric AR
experiences. We embrace NIME’s welcoming of shorter-form con-
tributions that can provoke similar kinds of novel conversations,
even at early stages of development.
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