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Figure 1: MoXaRt is a real-time XR system that (a) uses audio-visual cues to separate sound sources from a single audio channel
and (b) enables fine-grained, interactive control over the user’s soundscape.

Abstract
In Extended Reality (XR), complex acoustic environments often
overwhelm users, compromising both scene awareness and social
engagement due to entangled sound sources. We introduce MoXaRt,
a real-time XR system that uses audio-visual cues to separate these
sources and enable fine-grained sound interaction. MoXaRt’s core is
a cascaded architecture that performs coarse, audio-only separation
in parallel with visual detection of sources (e.g., faces, instruments).
These visual anchors then guide refinement networks to isolate
individual sources, separating complex mixes of up to 5 concurrent
sources (e.g., 2 voices + 3 instruments) with ∼2 second processing
latency. We validate MoXaRt through a technical evaluation on
a new dataset of 30 one-minute recordings featuring concurrent
speech and music, and a 22-participant user study. Empirical results
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indicate that our system significantly enhances speech intelligibil-
ity, yielding a 36.2% (𝑝 < 0.01) increase in listening comprehension
within adversarial acoustic environments while substantially re-
ducing cognitive load (𝑝 < 0.001), thereby paving the way for more
perceptive and socially adept XR experiences.
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1 Introduction
Modern Extended Reality (XR) glasses and headsets grant users
unprecedented control to filter, enhance, and overlay digital in-
formation onto their visual world [24, 37, 58]. Yet, this level of
fine-grained, interactive control over perception has not extended
to the auditory realm [32, 64]. In complex acoustic environments,
XR users are often overwhelmed by a cacophony of sounds, mak-
ing it difficult to focus on what truly matters [49]. This challenge
stems from the user’s fundamental inability to disentangle multi-
ple simultaneous sound sources [8]. Unlike visual elements, which
can be digitally manipulated, the ambient audio of people talking,
instruments playing, and background noise remains a largely unfil-
tered and entangled mixture [64]. The result is compromised scene
awareness and social engagement; important sounds, such as a
specific conversation or a lead musician’s solo, are drowned out,
which impairs comprehension and increases cognitive load [49].

The core difficulty lies in performing real-time sound source sepa-
ration on a head mounted device. The acoustic scene in XR is highly
non-stationary, as head and sound source motion continually alter
directions of arrival and room acoustics [17]. Furthermore, micro-
phones on head-worn devices provide a limited spatial aperture due
to their compact form factor, resulting in effectively mono or near-
mono auditory inputs despite multiple sensors when sound sources
are at distant (e.g., > 3m) [38]. This hardware constraint, combined
with the complexity of real-world auditory content—where human
speech, music, and ambient noise constantly overlap and mask one
another—makes robust audio separation based solely on a head-
set’s microphone inputs an extremely challenging problem. Past
approaches have either relied on cumbersome hardware setups
e.g., large microphone arrays unsuitable for wearable use [11], or
have been computationally too expensive for real-time interac-
tion [15, 22].

We introduce MoXaRt, a real-time XR system that tackles this
challenge by leveraging audio-visual cues to separate sound sources
from a single audio channel and enable fine-grained, interactive
control over the user’s soundscape. MoXaRt’s core is a cascaded
architecture operating in parallel: it performs a coarse, audio-only
separation to split the soundscape into general categories (e.g.,
speech, music, and noise) while concurrently running face and
instrument detection to identify visual anchors in the video stream.
These anchors then guide specialized refinement networks, which
isolate individual speakers from the main speech track and specific
instruments from the music track. This process generates a live
audio-visual map of the environment, identifying “who or what is
making each sound.” Based on this map, MoXaRt empowers users
with a personal “audiomixer” for theworld, allowing them to isolate
a single speaker in a noisy room, adjust the volume of individual
instruments in a band, or remix their entire acoustic environment
in real time.

We validate MoXaRt through both technical evaluation and a
user study. For our technical evaluation, we collected a new, chal-
lenging real-world audio-visual dataset featuring complex mixtures
of up to five concurrent speakers and three musical instruments.
On this dataset, MoXaRt’s sound separation performance surpasses
state-of-the-art audio-visual models. Our cascaded architecture suc-
cessfully separates up to four distinct human voices or a mix of five

total sources in real time, with a consistent processing latency of
around 2 seconds. Finally, a 22-participant user study demonstrated
MoXaRt’s practical benefits across six real-world scenarios, from a
bustling concert to a multi-group meeting. With MoXaRt enabled,
participants performed significantly better at understanding target
speech in noisy conditions, achieving an average improvement of
36.2% (𝑝 = 0.0058) in a multi-speaker listening comprehension task,
and they reported significantly higher clarity and lower cognitive
load.

In summary, we contribute:
• MoXaRt, the first XR system to integrate real-time, audio-
visual sound separation as a core primitive for direct, inter-
active control over a user’s authentic soundscape.

• A cascaded audio-visual transformer model that leverages
visual cues to perform robust, real-time separation of mul-
tiple speech and non-speech sources from a single-channel
audio input.

• A real-world audio-visual dataset featuring complex scenes
with multiple concurrent speakers and musical instruments,
designed for evaluating interactive sound separation sys-
tems.

• A comprehensive evaluation demonstrating our model’s
state-of-the-art technical performance and a user study con-
firming that MoXaRt significantly improves communication
clarity, reduces cognitive load, and enhances user experience
in complex auditory environments.

2 Related Work
2.1 Sound Interaction in XR
Audio is a crucial component for creating persuasive and immersive
experiences in XR. Foundational research has centered on high-
fidelity spatialization, using technologies like binaural rendering
and Head-Related Transfer Functions (HRTFs) to create a sense
of presence [12, 50]. Recent work continues to enhance this im-
mersion by leveraging multimodal scene understanding to create
context-aware auditory experiences [10, 33, 34, 48, 63], with indus-
try leaders investing heavily in making virtual sounds perceptually
indistinguishable from reality [31]. However, this blending of real
and virtual soundscapes in Mixed Reality (MR) introduces new chal-
lenges. The accumulation of sounds from users’ distinct physical
environments often leads to acoustic incoherence and increased
cognitive load [3, 30]. This necessitates a paradigm shift: moving
from simply rendering sound to enabling users to manage and ma-
nipulate their auditory environment, a goal Haas et al. formalized
as Interactive Auditory Mediated Reality (IAMR) [20].

In response to this need, the HCI community has developed
compelling paradigms that treat audio as an active medium. A ma-
jor thread focuses on augmenting or filtering the soundscape at a
global or class level. For instance, Wu et al.’s New Ears allows users
to spatially decouple their listening point from their physical loca-
tion to facilitate object search [62], while Chang et al.’s SoundShift
manages information overload by spatially shifting notifications or
altering the transparency of real-world audio [3]. Similarly, seman-
tic filtering systems like Semantic Hearing [55] and ProtoSound [25]
enable users to suppress or prioritize specific sound categories (e.g.,
vacuums, speech) or personalize sound events for accessibility.
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More recently, research has shifted toward object-centric inter-
action. SonoHapticsmaps visual properties to audio-haptic feedback
to aid cursor-less gaze-based selection [9], while AudioMiXR treats
virtual audio as a tangible object for 6DoF spatial manipulation [61].
Similarly, SonifyAR and Sonify Anything use visual recognition to
synthesize context-aware sound effects [45, 48]. However, these sys-
tems rely on generative or synthetic audio rather than processing
the object’s actual acoustic emission. In the domain of veridical au-
dio, Look Once to Hear enables users to isolate a specific speaker by
looking at them [56]. Yet, this approach requires an explicit enroll-
ment phase and functions as a binary filter (target vs. noise), lacking
the ability to dynamically remix multiple concurrent sources (e.g.,
music and speech). The critical limitation remains: no existing XR
system allows users to seamlessly separate, balance, and remix the
live, veridical sounds of multiple real-world objects in real-time.

2.2 Sound Separation in Machine Learning
Parallel to these HCI advancements, the signal processing and
machine learning communities have developed sophisticated tech-
nologies for analyzing and separating sound sources. The classical
cocktail party problem, which involves isolating individual speakers
from a mixture of voices [8], has evolved from early signal pro-
cessing methods like Independent Component Analysis (ICA) [23]
and blind source separation (BSS) [2] to modern deep learning
approaches that achieve remarkable separation quality [35].

2.2.1 Audio-Only and Universal Separation. Modern audio-only
source separation is characterized by Transformer-based architec-
tures, with models like MossFormer2 [66] achieving state-of-the-art
results on speech separation benchmarks. In the music domain,
specialized architectures like the Band Split Roformer (BSR) have
achieved high-fidelity isolation of individual instruments [29, 42].
The field has also expanded to address the “cocktail fork prob-
lem” [40], separating complex soundtracks into speech, music, and
sound effects simultaneously, while other work leverages spatial
cues and linguistic context for simultaneous translation [7]. Uni-
versal sound separation systems [27] attempt to separate arbitrary
sources without prior knowledge, though performance varies across
categories. Building on these approaches, Target Sound Extraction
(TSE) focuses on isolating specific sources based on text labels or
reference audio [54, 57]. While recent work has explored real-time
TSE [54] and wearable separation systems like ClearBuds and Look
Once to Hear [4, 56], these typically function as binary extractors
or speech enhancers, lacking the visual grounding and continuous,
multi-source mixing control required for intuitive XR interaction.

2.2.2 Audio-Visual Separation. A significant breakthrough has
been the incorporation of visual information to guide audio separa-
tion. This domain was pioneered by The Sound of Pixels [65] and
Looking to Listen [16], which demonstrated that vision could act as a
precise filter for both musical instruments and human speech. Build-
ing on this, VisualVoice introduced cross-modal consistency to lever-
age facial appearance as a strong prior for separating speech [18].
Modern architectures extend these principles: AudioScopeV2 [53]
uses cross-modal attention to bind on-screen objects to sounds,
while iQuery formulates separation as a query-based task, utiliz-
ing detected visual objects to initialize learnable audio queries [5].

More recent work, like Crab [15] and AVMossformer2 [67], employs
transformer architectures to learn joint representations. Further-
more, advanced generative approaches, such as DAVIS [22], employ
diffusion models to synthesize separated sound.

Despite these advances, current ML approaches face significant
limitations when deployed for interactive applications. Most mod-
els are designed for offline processing, requiring the entire audio
sequence for optimal performance [15, 16, 22, 53, 65]. Real-time
operation, a prerequisite for interactive XR, often necessitates com-
promises in separation quality or introduces unacceptable latency
and computational requirements that exceed the capabilities of
consumer XR devices, particularly in generative diffusion mod-
els [22, 57]. Furthermore, these systems typically treat separation
as a passive signal processing task without human input in the
loop. For example, they can isolate a violin from an orchestra in a
recording, but they cannot respond to a user pointing at a specific
violin in a live performance and saying “make that one louder”
while preserving the veridical sound of that instrument.

The preceding review highlights a critical disconnect between
the high-level interaction needs of XR soundscapes and the low-
level capabilities of current sound separation models. While HCI
research manipulates live audio through global filters or gener-
ative synthesis, it lacks frameworks for object-centric, veridical
interaction with live signals. Conversely, ML models isolate authen-
tic sources but typically function as passive, offline tasks. Conse-
quently, no prior work has operationalized visually-guided source
separation as a real-time primitive for direct user interaction in XR.

3 MoXaRt
To enable intuitive control over complex acoustic scenes, we present
MoXaRt, an XR system utilizing a cascaded, coarse-to-fine archi-
tecture for interactive audio-visual source separation. The user
interface (Sec. 3.1) visualizes separated sources and allows users to
adjust individual volumes for real-time audio remixing (Sec. 3.1.2).
By offloading model inference to an external PC via wireless trans-
mission (Fig. 2), the system ingests multi-modal streams through a
parallel analysis stage (Sec. 3.2.1). The resulting outputs serve as
contextual priors for specialized Music Refinement (Sec. 3.2.2) and
Speech Refinement (Sec. 3.2.3) networks. The following sections
detail MoXaRt’s user interface and model architecture.

3.1 User Interface
3.1.1 User Interaction. Our headset-based XR interface visualizes
localized sound sources, allowing users to control individual vol-
umes. Each model-detected source is represented by a visual marker
at its spatial position, enabling rapid identification of multiple con-
current sounds. Users can select specific sources and adjust their
levels via interactive sliders (operated through controllers or hand
gestures) to customize audio mixing for varying scenarios. To en-
sure an immersive experience, the remixed audio is delivered via
noise-canceling earbuds connected to the XR headset, effectively
isolating the user from ambient interference.

3.1.2 Implementation. We implemented MoXaRt for the Meta
Quest 3 headset1 using Unity 6000.2.2f12. Model inference is
1Meta Quest 3. https://www.meta.com/quest/quest-3/
2Unity. https://unity.com

https://www.meta.com/quest/quest-3/
https://unity.com
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Figure 2: The user interface of MoXaRt and walkthrough of its internal implementation. (a) The user can identify separated
sound sources through visualizations and adjust the volume of each source for remixing. (b) Video captured from the Quest 3
headset is streamed to the PC for model inference, and the remixed audio is streamed back. (c) To ensure continuous playback
of remixed audio, MoXaRt operates in a three-stage pipeline: Video and Audio Capture, Model Inference, and Playback.

o�oaded to a dedicated PC equipped with an NVIDIA RTX 5080
GPU. To ensure high-quality audio capture, we use a Rode Wire-
less GO II3 microphone, which transmits wirelessly to a receiver
connected to the PC. The system utilizes WebRTC for bidirectional,
real-time data transmission: the headset streams captured video to
the PC, while the processed audio is returned to the headset. This
remixed audio is played through active noise-canceling earbuds to
eliminate acoustic interference between the processed output and
the physical environment. We opted for an external microphone
because Meta's audio API restricts access to raw signals, providing
only heavily �ltered audio. To maintain consistency with typical
headset hardware, the external microphone is set to mono-mode
for all applications and user study scenarios presented in this work.

Processing Pipeline.To support real-time sound separation and
remixing, our interface operates in a three-stage pipeline:Capture
(video and audio),Inference(model processing), andPlayback(Fig. 2
(c)). Each stage processes data in 1-second segments, resulting in
continuous playback with a constant latency of 2 seconds. During
the Capturestage, camera frames from the Quest 3 and audio from
the Rode microphone are synchronized into 1-second chunks. These
chunks are appended to a 1-minute rolling bu�er, which provides
the necessary temporal context for our model to ensure consistent
source separation. In theInferencestage, this 1-minute window
serves as input to our cascaded model. The model identi�es all
speakers and musical instruments, separating them into individual
tracks and providing spatial coordinates for localization. Only the
�nal 1 second of the separated audio, corresponding to the most
recent input chunk, is retained for remixing. Finally, in thePlayback
stage, the audio remixer applies user-de�ned volume levels to each
source and merges them into a single output. This remixed stream
is transmitted via WebRTC and played through the user's earbuds.

Sound Source Localization.Upon deployment in a new environ-
ment, MoXaRt processes the initial video stream through the cas-
caded model to identify and localize all individual sound sources.

3Rode Wireless GO II. https://rode.com/en-us/products/wirelessgoii

The model generates coordinates for each source within the video
frames, which are transmitted to the headset via RTC data messages
and visualized as markers in the interface (shown in green in Fig. 2
(a)). Users can then adjust the volume of speci�c sources using
interactive bars (shown in orange in Fig. 2 (a)) via controllers or
hand gestures. These updated volume levels are sent back to the PC
via RTC data messages. This feedback loop ensures that separated
audio from subsequent inference cycles is remixed according to
user preferences before being returned to the headset through the
established RTC audio stream.

Audio Remixing.The audio remixer module synthesizes the �nal
auditory scene by combining the separated audio stems with the
user-de�ned gain levels. Let the set of# re�ned audio stems from
the preceding stages befB0

1•B02• ” ” ” •B0# g. Based on user input via the
interface, a corresponding gain vector6 = »61•62• ” ” ” •6# ¼is deter-
mined, where each6= 2 »0•10¼represents the desired ampli�cation
factor for its respective source. The �nal monophonic audio output
~�nal is synthesized as a weighted sum:

~�nal =
#Õ

==1

6=B0
=

This composite signal is subsequently rendered into a binaural
stereo stream to provide the user with a spatially coherent auditory
experience.

3.2 Model
3.2.1 Coarse Sound Separation.The Coarse Sound Separation mod-
ule provides an initial estimate of the constituent sources within
the input audio. For this task, we adapt the separation moduleM (

from AudioScopeV2 [53] that is based on the dilated convolutional
network with a learnable encoder-decoder architecture. The net-
work, de�ned by the function5\ , processes a raw mixed waveform
G 2 R) to estimateM = 3 source waveformsf B̂< gM

< =1, where
B̂< 2 R) corresponding to speech, music, and environmental noise.
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Figure 3: The cascaded architecture of MoXaRt for multi-modal sound separation. The system pipeline consists of two main
stages: First, a Coarse Sound Separation module processes the raw audio inputs to produce initial coarse speech and music
mixtures. Next, these mixtures, along with outputs from the Face Detection Network and Instrument Detection Network,
are fed into two parallel re�nement branches: Speech Re�nement and Music Re�nement. The Speech Re�nement branch
further disambiguates the coarse speech into individual speaker tracks and their corresponding spatial coordinates. The
Music Re�nement branch utilizes an ensemble of Band Split Roformer (BSR) models, dynamically activated by the detected
instruments, to output isolated instrument tracks. This structured approach enables precise source separation by leveraging
visual context only when specialized re�nement is required.

The separation is performed by applying the model to the mixture:

f B̂1•B̂2•B̂3g = 5\ ¹Gº

Following the original training protocol, we incorporate a mix-
ture consistency layer to enforce the constraint that the separated
outputs sum to the original input:

G=
MÕ

< =1

B̂<

In contrast to prior audio-visual methods [16, 22, 52], we adopt a
purely audio-based approach for this initial stage. This design is
motivated by two factors. First, it sidesteps the signi�cant compu-
tational overhead of visual conditioning, which often provides only
marginal gains in coarse separation. Furthermore, this modular-
ity avoids the rigidity of monolithic end-to-end architectures; our
pipeline enables dynamic resource allocation by activating special-
ized re�nement modules only when their speci�c visual anchors
are detected. Second, and more importantly for our cascaded design,
it allows us to pre-train separation network on large-scale dataset
corpora (e.g.,YFCC100M [51]) using self-supervised techniques
like MixIT [59]. This robust, audio-only pre-training provides a
generalized and high-quality initial separation, which is essential
for the downstream Speech and Music Re�nement modules to work
e�ectively as illustrated in Fig. 3.

3.2.2 Music Refinement.To give users �ne-grained control over
musical elements, such as isolating an instrument for learning or cre-
ating a live karaoke mix, the Music Re�nement module transforms
the coarse music estimate into high-�delity, separated instrument
stems. It �rst employs a visual Instrument Detection network to
identify which instruments are present. This visual context then dy-
namically activates speci�c models within our high-�delity teacher
model, whose knowledge is later distilled into an e�cient student
model.

Instrument Detection.First, a visual Instrument Detection net-
work identi�es which of  = 7 target instruments are present. For
this, we use a multi-head DeepLabv3+ architecture [6], with a Mo-
bileNetV2 backbone [44], which is a standard choice for e�cient
on-device semantic segmentation. The backbone extracts multi-
scale features which are processed by an Atrous Spatial Pyramid
Pooling (ASPP) decoder. Following the DeepLabv3+ design, low-
level features are fused with the ASPP output before being passed
to a dedicated instrument classi�cation head, which is trained to
predict the presence of 7 relevant instrument classes: Vocal, Piano,
Violin, Cello, Bass, Guitar, and Flute.

To train this model, we curated a large-scale dataset using an
automated labeling pipeline. Starting with the COCO-Stu� dataset
[1], we �rst employed the Segment Anything Model (SAM) [28] to
generate high-quality instance masks for all objects in each image.
Following the method of Peng et al. [39], a Vision-Language Model
(VLM) then automatically assigned an instrument label to each
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