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Figure 1: From left to right: Using an XR headset/glasses microphone array, SoundBubble uses beamforming to focus on sounds
emanating from a user’s finger (in this example scene, the sound of a tap to an ad hoc surface). The hands are already tracked in
3D space by the headset cameras, allowing SoundBubble to calculate the precise propagation delay for each microphone (cyan
subheadings; real acoustic data shown). This allows a beamformer to suppress uncorrelated background noise (e.g., HVAC,
music, pets), while capturing the tap signal. The resulting sound is then passed to a machine learning model that can power a
variety of potential end-user applications that we discuss in the paper.

Abstract

Hands are the chief appendage with which we manipulate the world
around us, creating sounds as they go. As such, they are a rich
source of information that computers can leverage for input and
context sensing. Indeed, many prior works in HCI have explored
this idea by instrumenting users’ hands with a microphone, often
integrated into a ring, wristband, or watch. In this work, we explore
an alternative bare-hands approach — by using a microphone array
integrated into a user’s headset/glasses, we can use beamforming
to create a virtual microphone that tracks with the user’s fingers in
3D space. We show this method can capture even the subtle noise of
a finger translating across surfaces, including skin-to-skin contact
for micro-gestures, as well as passive widget interactions.
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1 Introduction

Hands are our main method for interacting with the physical world,
producing a variety of sounds as they grasp, tap, and manipulate
objects and mechanisms. This "noise" carries valuable information
about user actions and the environment. By capturing these acoustic
cues, computers and future Al assistants could infer user input,
intent, activity, and context, enabling new interactions and reducing
interactive viscosity [76]. In response, considerable prior work
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Figure 2: Left to right: A finger taps a surface, creating a sound. The sound propagates outward, arriving at five headset
microphones at slightly different times. Simultaneously, the XR headset/glasses camera tracks the 3D finger position, allowing
the varying propagation delays to be nullified and the signals summed into a new superior audio stream. Our beamformer also
creates a sound pressure level (SPL) map of the region around the finger. The audio and SPL map are fed into an ML model,

which detects tap events.

in Human-Computer Interaction (HCI) has explored this concept,
generally by equipping users with vibro-acoustic sensors worn on
the hand (e.g., nail- [75, 84], ring- [16, 21, 25, 53, 56], and watch-
like [41, 46, 49, 68, 101] devices). Of course, many users do not
wear such accessories, and if they do wear a smartwatch, it is most
often worn on the non-dominant hand. Further, the small size of
these devices generally implies small batteries requiring frequent
recharging, especially if they are continuously sampling audio.

In this work, we propose and evaluate a new bare-hands ap-
proach for capturing hand-generated sounds called SoundBubble
(Figure 1). In essence, this is a virtual microphone that we can place
right at the user’s fingertips, where sounds of interest are generated.
To achieve this, we require XR headsets and glasses with integrated
microphone arrays (which already exist; see Section 3.4). We use
passive acoustic beamforming to receive and recover signals, guided
by vision-based 3D hand tracking. Such acoustic beamforming has
the added benefit of attenuating extraneous environmental noise,
giving us a signal-to-noise ratio (SNR) superior to that of a single
microphone (e.g., in a smartwatch), which faces the (sometimes
impossible) challenge of separating noises generated by the user’s
hand from background noise in the environment. Our approach
inherently isolates all finger-generated sounds, and it does so al-
gorithmically and deterministically, without having to rely on a
sound separation deep learning model pre-trained on a subset of
classes (e.g., [30, 66, 78]), making our approach considerably more
generalizable.

To showecase the technical feasibility of SoundBubble, we cre-
ated four, functional, proof-of-concept example applications: ad
hoc touch input, micro-gestures, held object activity recognition,
and passive widget input. We test three of these applications in a
user study, and compare directly to a model using only a single
microphone’s data. As we will discuss in greater detail, a single
microphone cannot readily separate background from desired sig-
nals, and thus suffers from nearly triple the number of false positive

events. We also use our data to simulate different device form fac-
tors, ranging in size between today’s headsets and future XR glasses.
Overall, we believe SoundBubble opens intriguing new interactions
in XR, and in some cases, alleviates prior work from the need to
instrument users’ arms and hands with sensors.

2 Background & Related Work

First, we provide a brief primer on acoustic beamforming. We then
review human-computer interaction uses of acoustic sensing (and
vibro-acoustic sensing more broadly) using wearable devices. We
conclude with the closest body of related work — array microphone
beamforming systems for human-computer interactions.

2.1 Background

We refer interested readers to Van Trees [93], Johnson and Dudgeon
[36], and Van Veen and Buckley [94] for an excellent introduction
to beamforming, which is applicable to all types of energetic wave
phenomena, including sound, vibration, and RF. We provide a very
brief primer here.

In the acoustics domain, the "speed of sound" is the most impor-
tant constant. In air, sounds propagate at approximately 343 m/s.
This means that many microphones distributed in space (i.e., an
"array") will receive sound signals at slightly different timing offsets
(other than in the very specific case of a planar wavefront that is
perfectly normal to a planar array). If one simply sums these re-
ceived signals, they will most often destructively interfere with one
another, as the signal’s peaks and troughs will misalign. However,
if one knows the origin source of a sound in 3D space relative to the
microphone array, the precise timing offsets (also called the "time
of flight") for each microphone could be computed and corrected
for, such that the target signals constructively interfere. The left
half of Figure 2 illustrates this process (and real-world signals are
shown in Figure 1). Importantly, extraneous noises in the environ-
ment, with varying and unknown origins, generally destructively
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Figure 3: Simulated spatial response map (normalized RMS acoustic pressure) comparing two different beamforming strategies.
In this example, a virtual sound source (but real-world recording of white noise) is placed 30 cm away, and 5 cm downwards
and to the right. Note that the focal beamformer (focused on the sound source) achieves peak RMS at the sound source, while
the steering beamformer (steered towards the sound source) offers roughly flat performance along its entire sensing vector
(which is less desirable). To the right, we plot the response maps at 30 cm for both beamformers.

interfere, giving the target sound source a boost in SNR. This is the
basis for the simple but effective delay-sum beamformer [7], which
has been in use since the early 1900s.

In an open space, sounds generally propagate outwards, omni-
directionally, forming a spherical wavefront. When the sensing
array is distant from the source, the small signal "patch" received,
though spherical, can be approximated as a plane. This assumption
is widely used by most beamforming algorithms, which can then
utilize a "steering vector” that operates like a directional micro-
phone, sensitive to sounds incoming from a specific direction. Our
interactions, on the other hand, are in the near field, proximate to
the array — most often less than 60 cm. At these smaller distances,
the received wavefront has a spherical geometry, and so we must
calculate unique timing offsets for each microphone in the array
(as opposed to a single, fixed offset, as is done with a traditional
steering vector). This has the benefit of making our array focus on a
specific 3D point in space, as opposed to steered to listen along a 3D
vector. Note that although we name our technique SoundBubble, the
acoustic foci are not spherical, but rather an elongated lobe as seen
in Figure 3. While our approach is sensitive to sounds extending
beyond the focal point, its peak sensitivity is at the focal point, and
then diminishes beyond this — a superior behavior to a standard
steering vector beamformer.

In mathematical form, let P;; € R3 denote the position of micro-
phone (i, j) and Pgpger € R3 the focal point (i.e., index fingertip).
The propagation distance D;; from the focal point to microphone
(i, j), the corresponding discrete-time delay A;; (in samples) with

cs denoting the speed of sound and f; the audio sampling rate, and
the beamformed signal Sy¢[n] are

Dij = |IPij=Pfinger|l, Aij = round(c—fs), Spelnl = D Sijln=Aij]
S l,_]

2.2 Worn Vibro-Acoustic Sensing in HCI

Hands are our primary means of interacting with the physical world,
and these interactions often produce distinctive mechanical vibra-
tions, which includes vibrations that propagate through the air (i.e.,
acoustic). These vibro-acoustic signals can be captured and lever-
aged by computers for human-computer interactions. Prior work
has explored this idea in contexts such as augmented object interac-
tion [29, 77, 80], ad hoc surface touch input [6, 19, 28, 33, 58, 83, 97],
environment and activity recognition [108, 109], etc. However, all
of these systems require instrumenting the environment (surfaces
and/or objects) with vibration and acoustic sensors.

More practical and scalable, and closer to the present work, is
to equip the user with a worn sensor, allowing for capabilities
that move with the user. Researchers have explored various wear-
able form factors for capturing interaction sounds, including nail-
mounted [75, 84], ring-based [16, 21, 25, 53, 56], and wrist-worn
devices [41, 46, 48, 49, 68, 101]. To maximize signal-to-noise ra-
tio (SNR), sensors are typically placed close to the sound source.
IMUs embedded near the hand, particularly on the fingernail, have
been used to detect discrete taps [75] and continuous gestures [84].
These designs reveal an inherent proximity vs. accuracy tradeoff:
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when the sensor is positioned farther from the fingertip [84], per-
formance degrades. Ring-like devices have also leveraged IMUs
to detect taps [16, 21] and gestures involving the hand, surfaces,
or everyday objects [53]. On the wrist, systems have incorporated
contact microphones along with other sensors to support input
techniques such as ad hoc touch [41] and thumb-to-finger microin-
teractions [101]. Broader hand activities can also be recognized
using wrist-borne accelerometers [48] or microphones in smart-
watches [35, 68]. Finally, there are optical approaches for sensing
vibro-acoustic signals, such as laser speckle sensing [86] used for
ad hoc touch detection.

The aforementioned worn systems all sensed signals generated
by external events, but it is also possible for a device to be active,
generating its own vibrations and sounds for sensing. For instance,
a speaker can emit inaudible acoustic chirps, which are then cap-
tured by a microphone after reflecting off the environment. This
active sensing approach is commonly used for pose estimation
tasks, including face, body, and hand tracking, as well as inferring
inherent activities. Recent work has demonstrated this technique
in devices such as rings [105], wristbands [32, 50], smart glasses
[4, 51], earbuds [107], and mobile phones [18].

Unlike most of the systems above, SoundBubble does not require
special instrumentation of the hands, and could be tightly integrated
into future headsets/glasses (in fact, several current XR headsets
and glasses already contain the requisite sensing hardware). Ad-
ditionally, our system passively listens for signals (i.e., does not
emit an active signal), but yet offers relatively high SNR through
the use of beamforming. We note that other systems relying on
conventional mono/stereo microphones face the significant chal-
lenge of detecting relevant signals in the presence of background
noise. In our example applications and evaluation, our target sig-
nals were 100X quieter than a noisy background (see Section 5.3).
Finally, IMU-driven systems generally have to worry less about
background noise, but have to be worn on or near the hand to cap-
ture relevant signals. SoundBubble offers a useful mix of properties
from each approach: bare-hand operation and good background
noise suppression.

2.3 Mid-Air and Bare-Hand Sensing

A substantial body of work examines around-device interaction us-
ing cameras. Examples include ring- or finger-mounted cameras for
on-body and near-surface gestures [8, 38], mobile-device-centered
sensing of hand motion [23], and head-mounted cameras for mid-air
manipulation. These approaches leverage visual motion cues and
can capture rich trajectories, but often struggle with fine contact
events (e.g., hover vs. touch) or interactions occluded by the user’s
own hands.

Acoustic techniques have also been used for mid-air sensing,
frequently in an active configuration where a speaker emits a known
signal and microphones measure reflections, Doppler shifts, or
echo profiles. Examples include ultrasonic time-of-flight systems
for 3D finger tracking [50, 52], Doppler-based gesture input [5,
23, 89], swept frequency ultrasonic reflections [47], chirp-based
channel-perturbation methods for near-surface thumb gestures
[31], and wrist- or ring-mounted active systems that infer proximity
and motion [51, 74].
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Of note, few of these prior works have utilized acoustic beam-
forming (more discussion in the next section), and none of these
prior works have utilized vision-guided acoustic beamforming. We
show that this powerful new approach can support multiple use
modalities, whereas most previous approaches had to be specialized.
Furthermore, accuracies our system achieves surpass most of these
systems, despite not being designed for a specific interaction task.

2.4 Beamforming / Array Microphones in HCI

Acoustic beamforming provides two key capabilities: sound source
localization and separation. In HCI, beamforming with multiple
microphones has been effectively used for spatially augmented
input via source localization. One example is smart speakers that
can infer the direction of a user’s voice [3, 103]. Beamforming has
also enabled near-device gestural interactions on mobile phones [13,
42,71, 97] and smartwatches [20, 26, 106], where it is used to track
finger location with taps, flicks, or finger-worn speakers. Another
line of work has explored desk-mounted speaker and microphone
arrays to recognize users’ facial expressions [17]. Finally, sound
source visualization has been explored in XR headsets to enhance
human cognition, supporting both accessibility applications [22]
and synesthetic experiences [45].

The second key capability, sound source separation, is widely
applied in consumer microphone systems such as conference room
devices and AV systems, where background noise is suppressed
to enhance the voice of the active speaker [2, 12]. These systems
are typically non-wearable. A few studies have explored wearable
implementations, where microphone arrays are integrated into
headphones [9, 10, 30] or neckties [102] to enable amplification of
the wearer’s voice.

Most closely related to our work is SoundCraft [26], which em-
ploys four-microphone beamforming on a smartwatch to support
interactions such as ad hoc touch input and tool-based interactions
performed near the watch, use cases we also explore and prototype.
We note that while SoundCraft can localize and separate sounds, it
does not know if they are being generated by the user — the system
knows the angle of arrival, but not the distance. For this reason,
SoundCraft considers longer-range interactions, like detecting if
a user is standing in front of a 3D printer, whereas SoundBubble
focuses on sounds emanating from within a small zone around the
user’s hand. Moreover, our SoundBubbles are entirely virtual — we
can instantiate them anywhere we please, for instance, one for each
finger — offering significant flexibility in placement vs. integration
into a physical smartwatch.

2.5 Comparison to Vision Approaches

We believe SoundBubble exemplifies the power of vision-acoustic
sensor fusion. In Section 4, we discuss four example uses of our sys-
tem. As summarized in Figure 4, these are challenging to implement
with vision or audio alone.

For example, the challenge of detecting if a finger is closely hov-
ering above a surface versus actually physically touching using
computer vision alone has been well established in the literature
[27, 70, 81, 87, 98], whether it be with RGB cameras or depth cam-
eras (from recent work: "While passive surfaces offer numerous
benefits for interaction in mixed reality, reliably detecting touch
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Figure 4: High-level comparison of four different approaches across three example interactive uses. Yellow-to-green scale
indicates innate difficulty in supporting the use case. For ad hoc touch detection, imagine a finger hovering just above a surface.
For held object activity recognition, consider the case of a user holding and running a power drill in a noisy workshop. For
passive widget interaction, imagine the case of a user holding a rapidly-prototyped, laser-cut game controller.

input solely from headmounted cameras has been a long-standing
challenge" [88] and "The problem with depth cameras, even today
[2025], is noisy signal — the difference between a finger touching
vs. slightly hovering above a surface is hard to distinguish." [69]).
At the same time, although acoustic information has been utilized
in detecting touch events [28, 34, 97], acoustic information alone is
rarely enough to accurately track the touch. However, by leveraging
both visual and acoustic data, SoundBubble can readily detect and
track touch events on ad hoc surfaces.

Likewise, our second example use case is skin-on-skin micro-
gestures, which produce a distinctive sound, but which are very
hard to segment with vision alone due to the same hover vs. touch
disambiguation problem, and are near-impossible to directionally
disambiguate with audio alone (but which is easily done in the
visual domain). SoundBubble implements such micro-gesture track-
ing as one of its four use cases, and we further note that our tech-
nique can also detect and track pen and pencil input, even when the
tip of the implement is occluded (see Figure 6B and Video Figure
1:51). In all the latter cases, these are tasks computer vision alone
would struggle to track, whereas fusion with a complementary
acoustic signal makes this tractable.

Another of our example uses, passive widget interaction (e.g.,
clicking a button on a toy or 3D printed object), offers another point
of discussion (see buttons in Figure 9, second row, and Video Figure
2:58-3:05). With the travel on most buttons being just a few mm
or less, the visual change is subtle to detect with computer vision.
This is made extra challenging if the object is in motion and being
handled by the user, and if the observing cameras are in, e.g., an
XR headset. Thus, a vision-only approach would be challenging
to make robust, as would an audio-only approach (how does the
model know what object the user is handling, or what button is
being pressed?). However, again, vision-acoustic fusion makes this

recognition task tractable, so much so that we implemented and
evaluated this task as one of four example use cases.

Finally, we note that many of the signals discussed above are
quiet — the clicking of a button, the sound of a finger dragging
against a surface, the sound of a pen translating on paper, the
rubbing together of two fingers — and that a traditional acous-
tic stream (i.e., mono or stereo sound) would be insufficient for
detection in environments with typical levels of ambient noise.
However, with acoustic beamforming, informed by vision-derived
information (finger position in the case of SoundBubble), we can
substantially improve acoustic SNR such that we can recover these
subtle sounds (please refer to the Video Figure for a back-to-back
comparison of conventional vs. beamformed audio). In our evalua-
tion, we challenge our system by including background noise 100
% louder than our target signal (see Section 5.3); non-beamforming
methods would struggle to extract such a signal from background.

Thus, in summary, we believe computer vision + beamformed
acoustic sensor fusion is a new and powerful modality that has
unique strengths in long-standing HCI use cases that have struggled
in utilizing vision or audio signals alone (see also Section 4).

3 Implementation

We now detail the main hardware and software components of
SoundBubble. Figure 2 provides an overview of our pipeline. Please
also refer to the Video Figure.

3.1 Open Source

To facilitate replication, we have open-sourced our software stack
at https://github.com/FIGLAB/SoundBubble. This also permits de-
tailed exploration of our technical implementation, the small details
of which are not appropriate to elaborate in a paper format. At this
same URL, we provide links to commercially-available hardware
and a "getting started" guide.
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Figure 5: Over the course of development, we created several
headset and glasses prototypes. These form factors are eval-
uated in our later ablation study (Section 6.3).

3.2 Hardware Platform

For development, we used a Meta Quest 3S as an exemplary XR
headset, but we note that SoundBubble is platform agnostic. We
also mocked up an XR glasses device, seen in Figure 5C, that is more
similar to Snap’s Spectacles [85] and Meta’s Orion AR Glasses [63].
For ease of prototyping, our microphone arrays send data back to
a MacBook Pro (2024) laptop over USB for processing, and this is
where our software implementation runs. We note, however, that
our implementation is not especially heavyweight and could run
on a mobile-class CPU like that in a Quest 3S. In fact, there are
several DSP chips that offer beamforming capabilities (e.g., [91, 99]),
suggesting SoundBubble could even be moved to an embedded co-
processor in the future (removing the processing and memory I/O
burden from the application processor).

3.3 Hand Tracking

In order to target our acoustic beamformer, we must know where
to focus in 3D space. For this, we use the Quest 3S’ computer-
vision-based hand tracker, and we attach a SoundBubble virtual
microphone to the 3D position of the index fingertip keypoint. Note
that we can attach virtual microphones anywhere in the field of view
of the XR headset; the index finger serves as a useful demonstration
of our technique. To interface with the Quest 3S, we wrote a basic
Unity application that streams index finger position over WiFi to
our software running on a laptop. For debugging, we stream back
our beamforming results to the headset, visualized in the AR view.

3.4 Microphone Array

Our development started with commercial off-the-shelf microphone
arrays, including the ReSpeaker Mic Array v2.0 (8 channels @ 44.1
kHz) [14] and MiniDSP UMA-16 v2 (16 channels @ 48 kHz) [67]
(Figure 5A). To achieve a more compact form factor, we created
three custom microphone arrays. Our first custom design was built
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using 8 ADMP401 MEMS microphones (Figure 5B) connected to
an 8-channel Behringer UMC1820 USB Audio Interface offering
96 kHz sample rate. Using the same interface, we also built an
8-channel version modeled after the Meta Orion AR Glasses (Fig-
ure 5C) using miniature electret microphones (p.n. Fielect 4015P-
40DB). To increase microphone count, we also built an array with
16 MSM261S4030HO MEMS microphones [61] read by an XMOS
xCORE DSP [100] communicating over USB with a sample rate of
24 kHz (Figure 5D). For the latter three prototypes, we used laser-
cut acrylic with slots for microphones to ensure planar alignment
and accurate positioning.

For clarity, we re-emphasize our approach is entirely passive —
our microphones listen, but we do not emit any signal. Likewise, the
user’s bare hands are tracked by the XR headset’s cameras. Thus,
SoundBubble represents a rare sensor fusion — a vision-guided
acoustic beamforming approach — with output that could not be
achieved with either sensor modality alone.

We note that microphone arrays built from commodity MEMS
components are relatively inexpensive, small, and power-efficient.
For example, the widely available InvenSense ICS-41350 MEMS mi-
crophone costs less than $0.75 in volume, measures just 3.5x2.65x0.98
mm, and consumes 185 pA in its always-on mode (and power could
be reduced further by only turning on the microphones when the
user’s hands are raised into the scene or near an object, depending
on the mode). As a result, microphone arrays have already been in-
tegrated into small, battery-powered, worn devices, such as Meta’s
Aria glasses (7-mic array), Meta’s Ray-Ban Display Glasses (6-mic
array), and Apple’s Vision Pro (6-mic array). It may even be possible
that SoundBubble could be enabled on these existing devices with
a software update.

3.5 Calibration

Anytime a microphone array was affixed to the Quest 3S headset,
we had to perform a one-time calibration to determine the relative
6DOF position/orientation of the array with respect to the headset.
For this, we used a 30 cm aluminum dowel that snugly fit into a
known calibration hole in each array. We then placed our finger
onto the tip of this dowel, and read the position of the fingertip in
3D space with respect to the headset using the Quest’s 3D hand
tracking (averaged over many trials).

The Quest’s vision-based hand tracker offers ~1 cm accuracy [24],
and so we developed a second, more precise calibration process
using this initial course estimate. Specifically, we render a small
translucent virtual sphere in the AR scene at the initial coarse esti-
mate. We then position the bottom speaker port of an iPhone at this
location and emit white noise (in a sound booth, so that external
noises do not contribute). We capture a few seconds of audio us-
ing the attached microphone array, and then perform an extensive
6DOF grid search (+1 cm spatially in 2 mm increments, and *1°
rotationally in 0.2° increments), calculating new simulated beam-
forming results, looking for maximum dB (i.e., highest correlated
signal). We save the winning 6DOF offset.

3.6 Beamforming

Using the live-streamed multichannel microphone data and the
live-streamed 3D finger position (from the Quest API, which uses
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Figure 6: The sound pressure level (SPL) map for a finger
swiping (A), drawing with a pen (B), ambient background
noise (C), and music playing (D). In C and D, the finger is
hovering above the surface and not producing any sounds,
thus the SPL map does not show any sound produced at
the finger (and instead shows other random correlations).
Examples seen here are debug output as seen through the
Quest 38 headset (i.e., SPL map overlaid onto the XR scene).
Please see the Video Figure for more SPL map examples,
including those with external noise sources.

Meta XR Core SDK [65]), we perform two distinct beamforming
operations. First, we apply a 6kHz high-pass filter to the multi-
channel audio. We then calculate the propagation delays given the
relative distance between the finger and each microphone. We shift
the incoming audio streams correspondingly, and produce a new,
summed output audio stream (which is dominated by the target
sound). Figure 2 illustrates this delay-sum process, and Figure 1
shows the effect with real-world data. Finally, the beamformed
audio stream is converted into a frequency domain representation
using a short-time Fourier transform (STFT), with a window size of
512 samples (256 sample overlap), which is passed as features into
our machine learning model (Section 3.8).

We emphasize that the goal of this work was not to advance
beamforming (but rather to be a new use of it), and we are agnostic
to the beamformer method as long as it supports our application
needs. That said, we did experiment with more advanced acoustic
beamforming algorithms, but found several drawbacks that ulti-
mately led us to rely on the classic delay-sum algorithm for our
proof-of-concept implementation. Adaptive beamformers, such as
the commonly used Minimum Variance Distortionless Response
(MVDR/Capon) [36, 93], dynamically adjust weights to minimize
output power while preserving gain in the desired direction. This
can yield higher resolution and stronger interference suppression
than delay-sum, but it requires accurate covariance estimation and
is sensitive to errors from multipath (i.e., echoes). Subspace-based
methods, such as MUSIC [36, 93], offer excellent direction-of-arrival
estimation, but are not well suited for signal recovery, which is
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Figure 7: Left half: setup overview. A speaker plays back-
ground audio (music). Centered on the table, a smartphone
plays a ground truth audio file. A user hovers their finger near
the phone’s speakers. Top-right: Waveform of the ground
truth audio. Middle-right: Audio captured by a conventional
microphone. Bottom-right: Audio output of SoundBubble.
The RMS error of the signal compared to the ground truth is
shown to the right. Note that SoundBubble is able to largely
recover the original signal, despite the presence of noise,
whereas a conventional microphone is dominated by back-
ground noise, obscuring the target signal.

the focus of our work. Additionally, these more sophisticated ap-
proaches are computationally expensive, have more signal assump-
tions, and often require a narrow frequency of interest (or be run
many times to be more broadband), all of which limit their gener-
alizability. These reasons made delay-sum a practical choice for a
proof-of-concept implementation.

In a similar vein, we also explored deep learning sound source
separation and neural beamforming approaches [66, 78, 96]. How-
ever, these techniques target an adjacent problem domain to ours,
requiring an acoustic class of interest, for example, human speech.
This is less suitable for our purpose, since we want to explicitly
focus on all sounds being generated at the hand, irrespective of the
acoustic class. Lastly, these methods also require pre-training on
substantial amounts of domain-specific data, which our method
does not. That said, we do employ deep learning for prediction in
our individual example applications (Section 4).

3.7 Sound Pressure Level Map

In addition to the STFT of the audio stream, we also create a 2D
sound pressure level (SPL) map (also sometimes called an "acoustic
map") [15, 79]. This provides a useful spatial characterization of
the source sound. If the sound is highly localized (for example, in
the case of a finger swiping across a table and the finger itself is
responsible for generating noise), the map will feature a tight blob
(Figure 6A). If the user is drawing while holding a pen, the sound
is generated at the pen tip (Figure 6B). And finally, if there is no
sound coming from the user’s hand, other distributed patterns are
formed; examples of ambient background noise and loud music are
provided in Figure 6C and 6D. To see more examples of our SPL
map output, including when substantial external noise is present,
please refer to our Video Figure.
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To create the SPL map, we perform a small grid search around the
finger point +100 mm horizontally and vertically with an 8 mm step
size, creating a 26X26 matrix of values. At each point in the grid, we
beamform the audio signals, which results in a single synthesized
waveform, from which we can compute the mean sound pressure
(dB). We repeat this process for all points in the grid, producing
a 2D map of sound pressure. To aid in visualization, we find the
maximum observed value in the grid, and set this to be max and
-3 dB of this value to be minimum, with any lower values clipped.
Our pipeline produces these SPL maps at 10.8 FPS, and we run our
machine learning at this framerate.

3.8 Machine Learning

As depicted in Figure 2, our model takes in two inputs: the STFT
and SPL map (described above). Each modality is independently
encoded by a dedicated convolutional branch, composed of two
convolutional layers with ReLU activations and 2X2 max pooling.
These encoders produce 64-channel feature maps per modality,
which are then flattened and passed through separate classifier
heads to help modality-specific auxiliary outputs. For combined
modality classification, the flattened features from both encoders
are also concatenated into a joint latent vector, which is fed into
a two-layer fully connected classifier with ReLU activation and a
dropout rate of 0.5. The model is trained using a weighted sum
of this main classification loss and the auxiliary losses from each
modality, with the auxiliary losses weighted by a factor of 0.3.

We adapt our model slightly depending on the application use
case (described in the next section). Specifically, we use different
length STFTs and tune loss functions. For example, ad hoc touch is
formulated as a binary classification problem, and we use binary
cross-entropy loss with logits. Alternatively, our held object activity
recognition demo has multiple activity classes, and we use standard
cross-entropy loss.

4 Example Uses

We believe SoundBubble’s finger-attached virtual microphones can
be used to power a wide variety of interesting applications. In this
section, we highlight four diverse use cases previously explored
in the HCI literature, but with physical microphones located close
to the point of interaction. We believe these use cases can now be
enabled with users wearing headsets and future XR glasses without
using any accessory devices.

4.1 Ad Hoc Touch

Wearers of today’s XR headsets and future XR glasses could lever-
age surfaces in the world for ad hoc touch input. For instance,
virtual interfaces could snap onto physical surfaces when avail-
able, allowing users to interact with tactile feedback, which has
been shown to offer ergonomic and accuracy benefits [11, 55]. Prior
work has enabled this input modality using vibro-acoustic sensing
methods, e.g., wrist or finger-worn microphones, VPUs, or IMUs
[21, 41, 60, 82, 84]. As illustrated in Figure 8 and shown in the Video
Figure, we can achieve a similar interaction without any instrumen-
tation of the user’s hands using SoundBubble. Both taps (wide-band
impulse events) and swipes (which create high-frequency sounds)
create detectable noises. We evaluate this use case in our User Study.
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Figure 8: Four example applications are demonstrated. A
beamformed audio spectrogram, SPL map, and prediction
result were captured during each interaction for illustration.

4.2 Hand Micro-Gestures

Hand micro-gestures have been proposed for subtle and convenient
input into XR systems [40, 53, 54, 57, 92, 95]. For example, Meta’s
neural wristband [62, 64] has demonstrated finger-to-finger ges-
tures, such as directional swipes for navigation, for use with its
upcoming Orion AR glasses. Taking inspiration from this work, we
built a demonstration of micro-gesture input using acoustic infor-
mation captured by SoundBubble. As already shown in AO-Finger
[101], even subtle finger-to-finger translations create an almost
white-noise-like signal, which SoundBubble easily isolates from the
headset (whereas AO-Finger used a wrist-worn stethoscope). To
resolve swipe direction, we rely on finger tracking provided by the
Quest 3S. We did not evaluate this use case, as it was very similar
to our other input condition, but it can be seen in Figure 8 and the
Video Figure.

4.3 Passive Widget Interactions

We also explored using SoundBubble to detect interactions with
passive, low-cost objects, potentially created through rapid pro-
totyping. An exemplary prior work in this space is Lumello [80],
which demonstrated entirely 3D printed objects integrated with 3D
printed mechanisms (e.g., buttons, sliders) that produced sounds
when actuated. These sounds were detected with a wired Piezo
microphone affixed to the object. Although the object was entirely
passive (just plastic), it could be made digitally interactive through
this technique. Stane [72] is similar, but uses patterned surface fea-
tures instead of moving mechanisms to capture user input. When a
finger slides over these patterned regions, distinct acoustic signals
are generated, which are captured by a contact microphone. A final
example in the literature is Acoustic Barcodes [29], passive acrylic
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tiles laser-etched with structured binary patterns. When a finger
or object swipes over an Acoustic Barcode, the patterned ridges
produce a series of impulses that encode digital information, which
can be read and used to trigger interactive functionality. Similar to
the aforementioned work, a contact microphone is affixed to the
host surface.

We again take inspiration from this prior work and believe Sound-
Bubble could enable similar use cases, but without the need to
instrument objects or surfaces with microphones, and instead be
self-contained in the user’s headset. As one demonstration of this
use case, we curated a set of six low-cost and passive mechanisms.
We 3D printed three mechanisms: a shutter button [104], a turn
knob [44], and a slider (using a tine mechanism inspired by Lumello
[80]). To this set, we added three commercial off-the-shelf mech-
anisms: a dog training clicker, a metal dome button (p.n. F12450),
and a momentary tactile switch (p.n. Panasonic EVQ11U). In a
proper implementation, we would rely on computer vision from
the headset to detect the held object (or e.g., scan a QR code) and
load the appropriate widget interactors. SoundBubble would be
used to detect the moment of actuation, which is challenging with
computer vision alone (e.g., the travel on most buttons is just a few
mm). We evaluate the efficacy of SoundBubble detecting passive
widget interactions (Figure 9, middle row) in our User Study.

4.4 Held Object Activity Recognition

Context-sensitive computing systems have long been championed
as a way to make interfaces more responsive to their users’ needs
and tasks [46, 48, 49, 68]. The most practical are worn systems that
can operate anywhere their users go. Sensing approaches include
wrist-worn accelerometers or microphones, sensing the vibrations
or sounds emitted by held active objects [26, 46, 49]. Passive object
use and various hand-centric actions can also be inferred by sound
and motion, as shown in [48, 68].

As a final example use case for SoundBubble, we listen in on
sounds produced by tools and other objects held and operated
in the user’s hand. We can either 1) utilize computer vision to
detect the object class and then use acoustic information to infer
when the user is operating the object, or 2) attempt to identify
the held object based on its operation sounds (e.g., like ViBand
[49]). As proof of concept, we built a working demonstration of
the latter capability. We also evaluate the recognition accuracy
of eight example handheld objects (Figure 9, bottom row) using
SoundBubble in our User Study.

5 User Study

We selected three of our example applications to serve as tasks for
an evaluation with users: Ad hoc touch interaction, passive widget
interaction, and held object activity classification.

Of important note, in all three study tasks, we trained a model
before the experiment using author data (40.5, 73.0, and 52.0 minutes
worth of data for ad hoc touch, held object activity recognition, and
passive widget interactions, respectively). The same hardware as
the study was used, and the authors varied their hand and head
pose naturally during tasks to add variety to the dataset. We note
this training set is not particularly large or exhaustive, but it was
sufficient to demonstrate compelling accuracies with unseen uses.
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Figure 9: Our user study included three tasks: Ad hoc touch
interaction (with four test surfaces), passive widget interac-
tion (with six widgets), and held object activity recognition
(with eight objects).

Crucially, training a model before the user study allowed us to assess
live classification accuracy, without any post-hoc optimization of
results. We believe that this method best conveys "out-of-the-box"
accuracy that users would experience in practice. The only part of
our study with post hoc analysis is an ablation study.

5.1 Apparatus

In order to run a post hoc ablation study — simulating different mi-
crophone numbers and arrangements, including glasses-like form
factors — we chose to use our prototype Quest 3S fitted with a
16-channel UMA-16 v2 microphone array (Figure 5A). The head-
set displayed a basic study application that provided visual task
prompts to participants to facilitate data collection. This interface
was controlled by an experimenter using a study control interface
running on a laptop. This laptop interface also allowed the exper-
imenter to advance the study, which provided trial segmentation
for later error analysis.

5.2 Participants

We recruited 10 participants (6 male, 4 female self-identified) for
our one-hour-long study, which paid $20 in compensation. After
completing consent forms, participants were given a brief orienta-
tion, and then fitted with the headset. Participants moved around
during the study, and were seated or standing for different tasks.
We describe task-specific procedures below.

5.3 Background Sound Conditions

The study was conducted in a typical open office with typical back-
ground noise (HVAC, occasional chatter among occupants, a coffee
machine, typing noises, etc.). We periodically measured the volume
of this ambient noise using an Extech 407730 sound level meter,
and found a mean of 54.5 dB (SD=10.3).
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For added challenge, we also include a noisy background condi-
tion. For this, we used a Logitech Z4i speaker system (two monitor
speakers and a subwoofer) roughly 2 m away from our study area,
playing a superimposition of a busy cafe recording [73] and a ran-
dom song from Spotify’s "Happy Hits" playlist. At 2 m, this raised
the mean sound level to 69.1 dB at the array (SD=3.6).

As a third and final background sound condition, we had partici-
pants speak while performing our various study tasks. This user-
generated sound is a useful complement to the previous sounds
coming from the environment. Additionally, the proximity of the
user’s mouth to the microphone array meant the signal was loud —
a mean sound level of 70.5 dB (SD=5.8) at the array.

Of critical note, the sound level of our target sounds is very small
compared to these noisy backgrounds. For example, the sound of a
finger running across a painted wall measured at the array (40 cm
away) is just 49.2 dB — roughly 20 dB less than the background
sound level (i.e., 100X quieter).

5.4 Study Task 1: Ad Hoc Touch Input

For our ad hoc touch input task, we selected four exemplary input
surfaces: a wood table, a painted wall, a fabric armchair, and the
user’s forearm (Figure 9). For the painted wall, the participant was
standing, and for the other three surface conditions, the user was
seated on a sofa. On each input surface, users performed seven
gestures, repeated three times each, in a random order: left swipe,
right swipe, up swipe, down swipe, clockwise circle, counterclock-
wise circle, and figure-eight. This procedure was repeated three
times for each input surface: once in the typical sound condition,
once in the noisy sound condition, and once with the participant
speaking. Thus, in total, our 10 participants generated 2520 input
trials (4 input surfaces X 7 gestures X 3 repeats X 3 background
sound conditions X 10 participants), totaling 148.3 minutes of data.

5.5 Study Task 2: Passive Widget Interactions

In this study task, we curated a small set of exemplary passive
mechanical widgets (Figure 9). We 3D printed three mechanisms:
a press button [104], a turn knob [44], and a slider (using a tine
mechanism [37], inspired by [80]). To this widget set, we added
three commercial off-the-shelf mechanisms: a dog training clicker,
a metal dome button (p.n. F12450), and a momentary tactile switch
(p-n. Panasonic EVQ11U). These widgets were placed on a table
in front of participants and labeled with numbers for ease of un-
derstanding. Before starting the experiment, users were allowed
to try each mechanism to get a feel for the task. In the study, the
experiment interface requested each mechanism one at a time, in
a random order, eight times each. As with the previous two study
tasks, this procedure was run for typical, noisy, and user-speaking
background sound conditions. Thus, in total, our 10 participants
generated 1440 widget interaction trials (6 widgets X 8 repeats X
3 background sound conditions X 10 participants), totaling 87.5
minutes of data.

5.6 Study Task 3: Held Object Activity
Recognition

In this study task, participants were asked to pick up and use 8
exemplary objects (Figure 9). We selected 5 handheld passive items
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Figure 10: Per-task accuracy results broken out by back-
ground sound condition. Error bars are the standard error.

with activities (drawing, scrubbing, sanding, zipping, cutting) and 3
tasks involving active items (drilling, tooth-brushing, and spraying).
The experiment interface requested the user to pick up and oper-
ate each object three times each, in a random order. As with the
previous study task, this procedure was run for typical, noisy, and
user-speaking background sound conditions. Instead of binary acti-
vations, this model outputs an object classification (i.e., one of nine
possible classes: eight object classes, plus a null/background class).
In total, our 10 participants generated 720 object use trials (8 objects
X 3 repeats X 3 background sound conditions X 10 participants),
totaling 86.2 minutes of data.

6 Results & Discussion

6.1 Accuracy Across Background Sound
Conditions

Figure 10 provides an accuracy breakdown across background
sound conditions. We can see that the noisy backgrounds — mu-
sic + cafe noise (mean 69.1 dB) and user talking (mean 70.5 dB)
— had a small, but consistent negative effect on true positive rate:
-2.9%. As one might expect in a noisy environment, false positives
increased (by 3.7%). A key finding is that this modest reduction
in performance in adverse acoustic conditions is strong evidence
of the efficacy of our beamforming approach and overall pipeline.
We note that single-element systems (e.g., an omnidirectional mi-
crophone in a smartwatch) would fail in such conditions, where
the signal is dominated by the much louder background noise (see
Section 5.3 for more details).

6.2 Accuracy Across Tasks

Across our three study task categories, SoundBubble demonstrates a
94.7% true positive rate and a 6.8% false positive rate overall. Figure
10 provides per-task accuracies, further broken out by background
sound condition.

6.2.1 Ad Hoc Touch Input Accuracy. Our ad hoc touch input task
had a true positive rate of 97.5% and a false positive rate of 5.5%.
The detection rates are consistently high across three different
background sound conditions: 98.5% in the office, 97.4% in music
and cafe noise, and 96.7% with the user talking. The false positive
rate follows a similar trend: 3.5% in office noise, 4.9% in music + cafe
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Figure 11: Ad hoc touch input results broken out by interact-
ing surface. Error bars are standard error.

noise, and 8.2% in the user talking conditions. Figure 11 provides
a breakdown by interacting surface. We see a true positive rate
of 98.1% on the painted wall, 98.3% on the wood table, 97.7% on
the fabric cushion, and 96.0% on the user’s skin. The false positive
rates were: wall 7.5%, table 2.6%, cushion 2.7%, and skin 9.3%. In
the case of skin input, the increased false positives were generally
caused by the model misdetecting single swipes as multiple swipes,
which likely could be ameliorated with some filtering or hysteresis
mechanism. Finally, we note that SoundBubble will not work on
very smooth surfaces, like glass, which do not produce much sound
when a finger translates across the surface.

6.2.2  Passive Widget Interaction Accuracy. In our passive widget
interaction task, we see a 97.1% true positive rate and a 5.1% false
positive rate (Figure 10). Across the background sound conditions,
the true positive rates were 98.1%, 96.6%, 96.6% in office noise, music
+ cafe noises, user talking conditions, respectively. False positive
rates were 2.8% in the office, 3.2% with music + cafe noise, and 9.2%
with the user talking.

6.2.3 Held Object Activity Recognition Accuracy. In this task, if the
model correctly detects and identifies the held object activity, this
is considered a true positive event. If the model mis-triggers (no
true event), triggers but misclassifies the held object activity, or
outputs more than one class while an object is held, we consider
these false positive events. With this evaluation criterion, we found
an 89.4% true positive rate and 9.9% false positive rate. Broken out
by background sound condition, true positive rates were 93.1%,
84.6%, 90.3%, and the false positive rates were 6.8%, 13.8%, and 9.3%
in office noise, music + cafe noise, and user talking conditions,
respectively. Figure 12 provides the confusion matrix result from
the study.

6.2.4 Discussion of Task Results. Overall, we believe these task
results convey a strong validation of SoundBubble as a potential
sensing approach for hand-centric input in XR. Across our three
study tasks and three background sound conditions, SoundBub-
ble achieves a 94.7% true positive rate with a 6.8% false positive
rate, even when target interaction sounds are up to 20 dB (100X
in acoustic intensity) quieter than the background (Section 5.3).
This provides strong evidence that vision-guided beamforming
can reliably recover subtle hand-generated sounds that would be
inaccessible to single-microphone approaches in realistic, noisy
environments.
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The task breakdown suggests where SoundBubble is most impact-
ful. Ad hoc touch input and passive widget interactions both reach
~97% true positive rates, indicating that XR systems could leverage
everyday surfaces and low-cost passive mechanisms without instru-
menting the hands or objects. Held object activity recognition is
more challenging (89.4% true positive), but still sufficient to support
many context- and activity-aware experiences.

We note that false positives are higher in some conditions —
notably for skin swipes and widget interactions when the user is
talking — where the proximity of the mouth to the array can per-
turb the SPL map, and where a single extended gesture may be
fragmented into multiple detections. These issues may be mitigated
with temporal smoothing, hysteresis, or simple speech-aware gat-
ing. These issues point toward future work on improved temporal
post-processing, better handling of concurrent speech, and refined
spatial models for object use.

6.3 Microphone Geometry Ablation Study

Our study apparatus was purposefully over-provisioned with mi-
crophones so that we could run a post hoc ablation study, sim-
ulating different microphone array sizes and densities, but more
importantly, different device form factors. We considered three
general categories: 1) large microphone arrays not constrained to a
headset (i.e., ideal but impractical); 2) arrays with microphones con-
strained to the physical bounds of a Quest 3S; and 3) microphones
constrained to the smaller form of glasses-like devices. We also
computed results for a baseline single-microphone device without
beamforming, discussed in the next section. These microphone
arrangements are illustrated in Figure 13.
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is more realistic. Finally, we consider a glasses form factor (yellow background tint), modeled on Meta’s Orion AR glasses.
We also computed results for a baseline, single-microphone device without beamforming (pink background tint). Below each

arrangement, we report true positive and false positive rates.

To this end, we trained six additional models per task condition,
each corresponding to a different microphone-channel configura-
tion. These models were trained on the same dataset used for the
pre-trained model in the user study (i.e., author data; see Section 5
for details), but with specific channels omitted during preprocessing.
Each model was then evaluated on the data collected from our 10
user study participants. For the 1-channel baseline model, as there
is no beamforming in this configuration, we keep the same network
architecture for the spectrogram encoder and classifier, excluding
only the components that process the SPL map. The devices and
their corresponding accuracy results are shown in Figure 13.

The main insight is apparent — the smaller the array and the
fewer microphones it contains, the weaker the accuracy. Accuracy
is fairly flat until we reach our two 8-channel devices (true positive
rate drops from 94.7% with our 16-channel device, to an average
of 94.4% for our two 8-channel devices; false positives grow from
6.8% to 7.8%). At these high accuracies, the comparatively small
differences do constitute significant increases in error. The first
device where we see a substantial drop in accuracy is the 4-channel
glasses (92.3% true positive rate, 9.3% false positive rate), where
beamforming performance is significantly impacted, which has a
cascading effect on accuracy. Interestingly, passive widget inter-
action has a fairly consistent true positive rate across all of our
simulated devices. We believe this is due to the fact that impulsive
"click" events are strong enough to manifest in the audio signal,
irrespective of the benefits of beamforming.

6.4 Comparison to Single Microphone

Figure 13 also plots the results for a single microphone device,
which offers a useful baseline with which to quantify the benefits
of SoundBubble over more typical acoustic sensing with a single
omnidirectional microphone. While a single microphone performs
well on our passive widget interaction task (see hypothesis in the
previous section), there are substantive drops in our ad hoc touch
input and held object activity tasks. True positive rates drop by
10.6% and 2.5%, respectively for the two tasks, compared to the
8-channel glasses device. False positive rates grow by 16.8%, 10.7%,
and 1.9% (compared to the 8-channel glasses device) for the ad hoc
touch input, passive widget interaction, and held object activity
recognition tasks, respectively.

7 Limitations & Future Work

First and foremost, while SoundBubble provides a significant boost
in SNR, it by no means offers perfect target sound isolation. Like
all acoustic systems, noisy environments will continue to be chal-
lenging, though SoundBubble may offer one avenue to improve
robustness.

Our ablation study found increased accuracy with more mi-
crophones, but this is at odds with making compact glasses-like
XR headsets, where every cubic millimeter and gram is precious.
Fortunately, MEMS microphones now come in extremely small
packages, so integration of microphone arrays is possible. Multiple
consumer devices are already available with integrated microphone
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arrays, such as the Meta Ray-Ban Display Glasses and Apple Vision
Pro (see also discussion in 3.4). In this work, we only considered
planar arrays, but microphones could also run down the arms of
headsets/glasses, creating a three-dimensional array. This is the
arrangement used in commercially-available devices such as the
Meta Aria glasses, which feature a seven-microphone array. In gen-
eral, the further the microphones can be moved apart, the better
the performance of the array.

Staying on the topic of hardware, we note that power consump-
tion would be another challenge. In XR glasses, batteries must
be small. While MEMS microphones are very efficient (<1.0 mW),
transmitting and processing high-frequency, multi-channel audio
data may be expensive. While we run our prototype software on
a laptop CPU, a commercial product would almost certainly rely
on an efficient DSP chip, many of which offer beamforming func-
tionality (e.g., Cadence Tensilica HiFi 3z DSP [90], Knowles IA8201
audio edge processor [43]). For instance, Apple’s Vision Pro is ad-
vertised as having a "six-mic array with directional beamforming"
[1], suggesting existing internal capabilities.

As noted earlier, more advanced acoustic beamforming tech-
niques presented trade-offs that limited their suitability. Adaptive
approaches such as MVDR/Capon [36, 93] require accurate covari-
ance estimation and incur higher computational cost. Subspace-
based methods like MUSIC [36, 93] excel at direction-of-arrival
estimation, but are less appropriate for signal recovery. Both fami-
lies of methods tend to assume narrowband operation or require
repeated computation for broadband signals. Deep learning—based
source separation and neural beamforming methods [66, 78, 96]
were also not adopted, as they target class-based separation (e.g.,
human speech) rather than spatially constrained recovery and re-
quire large-scale pre-training. We reiterate our focus was not to
advance beamforming itself, but to demonstrate a new use of it, and
our approach is agnostic to beamformer choice so long as it sup-
ports our application needs. Delay-sum, although a classic method,
was sufficient for our explorations.

Finally, we believe there are other interesting use cases to ex-
plore in future work. The ability to place virtual microphones into
3D scenes using a headset (and future glasses) could be coupled
with other interaction modalities beyond finger tracking, including
finger pointing and ray casting [39] and gaze tracking [59]. This
could power, for instance, new forms of audio augmented reality,
such as social-, environment-, and task-centric audio modes.

8 Conclusion

We introduced SoundBubble, a technique that virtually positions a
finger-bound microphone via acoustic beamforming from an XR
headset, enabling robust vibro-acoustic-based interactions. With
SoundBubble, we showed that a single centralized device (i.e., an XR
headset) can unify a wide range of user applications that previously
required a disparate set of hardware form factors. We evaluated our
system in three popular user applications and under three challeng-
ing noise conditions, including loud music, cafe noise, and user talk-
ing. The results showed that SoundBubble maintains consistently
high accuracy compared to non-array microphone configurations
used in prior work. In addition, we explored various microphone
array geometries and showcased a diverse set of device form factors.
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