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Abstract—This paper proposes visually-informed sound source
separation for audio-visual understanding of indoor scenes cap-
tured by distributed microphone arrays and cameras. Our ap-
proach leverages the 3D information of sound-emitting objects, re-
constructed via 3D Gaussian splatting (3DGS), to overcome a lim-
itation of modern blind source separation methods like multichan-
nel nonnegative matrix factorization (MNMF). While adaptable
and potentially performant, the iterative optimization of MNMF
often converges to poor local minima due to the highly-expressive
full-rank spatial covariance matrices (SCMs) of sources. Our key
idea is to treat the set of 3D Gaussians representing a sizable
sound source object as a collection of sub-sources that share an
audio signal but have unique emission weights, both of which
are to be estimated jointly from an observed mixture. To enforce
this structure, we guide MNMF by regularizing the SCM of each
source object at each frequency. Specifically, we use a prior that
centers the SCM estimate around a weighted sum of theoretical
SCMs, which are analytically derived from the 3D Gaussian posi-
tions. Experiments with simulated data, featuring two 3D human
models, demonstrated the effectiveness of the proposed method.
To our knowledge, this is the first work to use 3D Gaussians as a
common primitive for joint audio-visual analysis.

I. INTRODUCTION

Multichannel sound source separation forms the basis of
various downstream tasks such as speaker diarization [1] and
speech recognition [2] in comprehensive understanding of in-
door acoustic scenes. Whereas supervised methods based on
deep learning have been proven to be effective in offline bench-
marks [3], blind source separation (BSS) can still be consid-
ered to be useful in real environments due to its robustness
against the acoustic variations [4].

Multichannel nonnegative matrix factorization (MNMEF) is a
major family of BSS methods [5], [6]. It is based on a proba-
bilistic model of multichannel mixture signals that consists of a
source model representing the power spectral densities (PSDs)
of sources and a spatial model representing the spatial covari-
ance matrices (SCMs) of the sources related to the directions
of arrival (DOAs). While adaptable and potentially performant,
the iterative optimization of MNMF often converges to a poor
local minimum due to the full-rankness of source SCMs. To
mitigate this problem, spatial information such as the micro-
phone array geometry [7], [8] and source DOAs or locations
[9], [10] have been used for regularizing the SCM estimation.
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Fig. 1: Audio-visual scene representation based on 3D Gaussian
primitives. The 3D shape of each sound source object (speaker)
is represented as a set of anisotropically-colored opaque 3D
Gaussians that simultaneously emit the same signal with dif-
ferent weights. The images and multichannel signals observed
by cameras and microphone arrays at different positions are
rendered separately based on the color projection to the image
planes and the superimposition of source images, respectively.

When multiple cameras and microphones are distributed
in a room as is often the case with realistic scenarios such
as smart meeting systems [11], the source SCMs could be
effectively regularized based on visual information. In the field
of computer vision, novel view synthesis (NVS) techniques
such as the neural radiance field (NeRF) [12] or 3D gaussian
splatting (3DGS) [13] have been proposed to estimate the
3D shapes of objects from multi-view images. In particular,
3DGS has gained much attention due to the interpretability
of the explicit scene representation based on a collection of
3D Gaussians with directional color information. Such NVS
techniques have recently been extended for joint audio-visual
synthesis at arbitrary positions [14]-[16]. In contrast to the
rendering purpose, visual information still remains underutilized
for the purpose of sound source separation.

For improved sound source separation, in this paper we pro-
pose a visually-informed MNMF with 3DGS-based priors on
source SCMs. Our key idea is to treat the set of 3D Gaus-
sians representing a sound source object as a collection of



sub-sources that emit the same signal with different weights
(Fig. 1). The SCM of each source object at each frequency
can thus be regularized based on the 3D Gaussian positions.
Specifically, we incorporate an inverse-Wishart prior that cen-
ters the SCM estimate around a weighted sum of theoretical
SCMs, which are analytically derived from the 3D Gaussian
positions. Given multichannel mixture signals as observed data.
we jointly estimate the MNMF parameters including the PSDs
and SCMs of sources and the emission weights of sub-sources
in the maximum-a-posteriori (MAP) principle. The source sig-
nals are finally estimated via multichannel Wiener filtering.

This is the first work that commonly uses the 3D Gaussian
primitives for audio-visual scene understanding. We can effec-
tively integrate 3D information derived from images into spa-
tial models used for joint separation and localization of non-
point sources having volumes. This approach reduces initializa-
tion sensitivity and improves the stability of MNMF estimation.
This work could also contribute to audio-visual understanding
for robotics and smart meeting systems [17], [18].

II. RELATED WORK

This section reviews related work on BSS, 3DGS, and audio-
visual scene analysis.

A. Blind Source Separation

A common approach to BSS is to combine source mod-
els representing the time-frequency structures of sources and
spatial models representing the inter-channel covariance struc-
tures of source images. Frequency-domain ICA [19] and its ex-
tensions such as independent vector analysis (IVA) [20], [21]
and independent low-rank matrix analysis ILRMA) [22] are
based on rank-1 spatial models in common and have different
source models. In contrast, full-rank spatial covariance analy-
sis (FCA) [23] and MNMF [5] use full-rank SCMs, providing
richer spatial modeling at the cost of larger sensitivity to local
optima and higher computational complexity. FastMNMF [24],
[25] assumes the joint diagonalizability of the source SCMs. It
still uses a full-rank spatial model while keeping better separa-
tion accuracy and accelerating the parameter updates in MNMF.

B. 3D Gaussian Splatting

3DGS [13] is a fast and high-quality NVS technique that can
reconstruct a 3D scene as a set of 3D Gaussians from multi-view
images. Each Gaussian is parametrized by the mean, covariance,
opacity, and directional color for unified modeling of geometry
and appearance. In the generative process for volume rendering,
each Gaussian is projected onto the image plane. Specifically, a
ray is casted from the camera towards the direction of each pixel
and Gaussian colors are integrated along the ray, with closer
ones attenuating those behind. The color of each pixel is thus
determined by light transmission and overlapping contributions
along the ray. The parameters are optimized by minimizing
the loss between the rendered and observed images from the
same viewpoints. Unlike NVS methods that require dense point
clouds or voxels, detailed 3D scenes can be reconstructed based
on the interpretable compact representation. In general, 3D

Gaussians tend to be dense around objects, enabling spatial
segmentation to 3D objects. Techniques has been proposed
that leverages this property to assign object-wise labels to
3D Gaussians and cluster them [26], [27]. In this study, we
thus assume such clustering is precomputed for associating a
collection of 3D Gaussians with a sound source object.

C. Audiovisual Integration and Analysis

To enhance spatial understanding by integrating visual and
acoustic information, AV-NeRF [14] separately trains a visual
model (V-NeRF) and an acoustic model (A-NeRF), where the
3D geometry and material properties estimated by V-NeRF are
passed to A-NeRF through audio-visual mapping. This enables
the generation of both arbitrary-view images and binaural au-
dio. NeRAF [15] handles cases in which visual and acoustic
data are captured separately, extracting voxel-based geometric
information from visual input and estimating the room impulse
response (RIR) accordingly.

AV-GS [16] extends 3DGS by introducing acoustic parame-
ters representing sound diffusion and absorption. After learning
the visual component, the model performs sequential training
to incorporate acoustic information, thereby achieving unified
audiovisual rendering. All of these approaches demonstrate that
jointly modeling audiovisual information improves accuracy
and enables more sophisticated scene analysis. In this work,
we adopt a similar audiovisual integration framework and ap-
ply it to sound source separation.

III. PROPOSED METHOD

This section describes the proposed visually-informed source
separation method named 3DGS-MNME.

A. Problem Specification

Suppose that L microphone arrays, each with M channels,
are located at known positions and there are [V speakers (sound-
emitting objects) in a room. Let ry,, € R3 be the 3D position
of microphone m € [1, M]in array [ € [1,L]. Let X £ {x, €
cM L}?tT: , be the observed multichannel mixture spectrogram
over time and frequency, where F' and T represent the number
of frequency bins and that of time frames, respectively.

Suppose that 3DGS and 3D segmentation (object-wise clus-
tering of 3D Gaussians) are performed in advance using dis-
tributed cameras [26]. Let u,,; € R3 be the center position of
3D Gaussian i € [1,I] in speaker n, where I is the number of
3D Gaussians used for representing the 3D shape of speaker
n. Let U £ {um}g 'L be the full set of Gaussian positions.

Our goal is to estimate the sound source image Z,, £ {Znst €
cM L}ftT: , of speaker n at the microphone positions. For
convenience, let xsy € CM and z,y € CM be the partial
observation and image at array I, i.e., Xy =[xy, -, x%, "

and z,f; = (2,1, -+ 20, |7, respectively.

B. Model Formulation

We formulate a probabilistic model of X with 3DGS-based
priors on the SCMs of sources.
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1) Likelihood function: The probabilistic model of X is
defined in the same way as MNMF [5]. Assuming the low-rank
structure of the PSDs {\,, ft}i’tj; ; of each source n, we first
formulate a source model that represents the generative process
of the complex spectrogram S,, = {s,,; € (C}?tT: , as follows:

K
Snpt ~ Ng (0, At 2 wnkfhnkt> , e
k=1

where the PSDs are decomposed by NMF with K bases and
{wnry} =y and {Apnpe}/_, represent the basis and activation of
source n and basis k, respectively. We then formulate a spatial
model that represents the image (multichannel spectrogram) of
source n at array [ as follows:

Znsu ~ Nc (O7Ynftl £ Anfthfl> ; (2)

where G,z € CM*M g the full-rank SCM of source n and
array [ at frequency f. As in [10], we assume that z, ¢y and
Znu (I # 1) are independent reflecting that the distances
between arrays | and I’ can be measured much less precisely
than those between the microphonesNin each array. Assuming

the source additivity, i.e., Xfy = Y, _; Znss, We have

N
xpy ~ Ne <0, Z Anfthfl> . 3)
n=1

The likelihood of the parameters W £ {w,, fk}ngkI; H2

{hnkt}g}fi’;, G = {Gnﬂ}f’fl’il to be estimated for the
observed mixture X is given by

FT,L N
p(X|W,H,G) = H Nc (Xftl O,Z)\nfthfz> . @
fitl=1 n=1

Given X with W, H, and G, we can estimate the source
image Zz,ry with a multichannel Wiener filter as follows:

Elzpu|x5u, W, H,G] = YnfthfﬁXftu ©)

where Yy 2 SN Y, 50

2) Spatial priors: To regularize the full-rank positive definite
matrix Gy, y;, we put a complex inverse Wishart prior on Gy, ;
in the same way as [10] as follows:

anl NIW(C(V, (Z/—I—M)anl) , (6)
where v > M —1 is the degree of freedom and (v+ M)G,, 5, €
CMxM jg a scale matrix such that the mode (the most probable
value) of the actual SCM G, y; is the theoretical SCM Gn f1-In
most studies on source separation and localization (e.g., [10]),
the theoretical SCMs of point sources are typically computed
from the source and microphone positions. In contrast, we here
consider the SCMs of sizable sources (objects) represented by
3D Gaussians.

Our key idea is to approximate a sizable source as a collection
of a large number of point sub-sources (3D Gaussians) that emit
the same signal with different weights. As shown in Fig. 2, the
theoretical SCM G, 11 of source n for frequency f and array

Steering - Sub-source - Source

Weights 5 vector SCMs SCM
anlfl oo 2
fof’ Weighted sum
Nn1 ~ ~

G G )

Mo 2 - 27 BT RN L)
~~~~~ o2 7
G _ Lo
Nni nift Gpp = Z MniGnift
i=1

Fig. 2: The theoretical full-rank SCM Gn 11 of source n given
by the weighted sum of the theoretical rank-1 SCMs {G; fl1=
byifiby; oy of I sub-sources.

l is thus given by a weighted sum of the theoretical SCMs of
the I sub-sources as follows:
I
Gpi =Y niGuisi; )
i=1

where Gp;p; €

normalized such that tr(Gy;iz) = M and 7, is the weight of

sub-source ¢ in source n normalized such that Zfil Nni = L.
The theoretical SCM C‘:m 1 is computed as follows:

CM*M s the theoretical SCM of sub-source i

G bmflbgifu (®)

where b, £ (brifi1s -+ »bnipia] € CM s the theoretical
steering vector for sub-source ¢ in source m, which can be
computed from the time of arrival of the signal emitted by sub-
source ¢ in array [ as follows:

bniflm = eXP(—jwf”um - rlm”/c) , 9

where j is the imaginary unit, wy is the angular frequency cor-
responding to frequency bin f, and c is the speed of sound.
Note that although the subsource-level SCM G 1 given by
Eq. (8) is a rank-1 matrix, the source-level SCM G, f1 given by
Eq. (7) can be a full-rank matrix, making the inverse Wishart
prior given by Eq. (6) non-degenerate. Specifically, G, 11 be-
comes a full-rank matrix when at least M steering vectors with
nonzero weights 7,,; are linearly independent. This holds true
in practice when I is a large number.

To reduce the model complexity, instead of treating all the
sub-source weights 7, = {nni}l_, as free parameters, we
propose a parametric representation of 7),, based on the isotropic
Gaussian function as follows:

2
mH) , (10)

; ocexp | — [tn:
Mni p 202

where p,, € R? is the weighting center position and o2 is
the variance that controls the spatial spread of the weights. In
speech separation, p,, and o, would be close to be the mouth
position and the head size of speaker n, respectively, such that
the weights of sub-sources in the head take larger values. Note
that an anisotropic Gaussian function could be used for future
extension.
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Overall, the source SCMs G are regularized by the 3DGS-
based prior parametrized by the Gaussian positions U, n £
{p,3N_1, and o £ {0, }_, as follows:

N,F,L

= HIW(C(anl‘ (v + M) nﬂ> (11)
n fil=1

p(G|U, n, 0

C. Parameter Estimation

We aim to estimate the model parameters W, H, G, p, and
o that maximize the posterior distribution given by

p(G|X7W7H7U7H7U) O<p(X’G|W7H7U7l’L7o-)

where the two terms of the right-hand side are given by Egs. (4)
and (11). Note that U is assumed to be given in this work.
We use an iterative optimization method that alternately up-
dates the parameters until convergence. Since the NMF param-
eters W and H appear in only the first term of Eq. (12), we
use the multiplicative update rules in the same way as MNMF:

- Zthl hnkttr(anlethftlthl)
Wnkf Wnkf T ,
>ty Pkt (Gt Y 1)

Z?:l wnkftr(anlthzXftlthl)
= .
Zf:l wnkftr(anlthz)

13)

hnkt — hnkt (14)

where )_(ftl £ xftx;'t.

The source SCMs G and the hyperparameters @ and o are
updated via a gradient ascent method (e.g., Adam [28]) such
that the posterior given by Eq. (12) is maximized.

To solve the scale ambiguity between W, H, and G, we
incorporate the normalization constraints tr(G,, ;) = M and
Z}ll wp s = 1. In each iteration, we thus insert the following
normalization step:

1 G, — ¢ G,
Pnpi = ~—=t1(Goyi), st OnpGasi . (15)
M Wnkf < PnfiWnky
- Wik 4 Y Wnkf
wnk £ Wnkf, " nk SRR (16)
];1 d hnkt — ¢nk hnkt

Although this step may decrease Eq. (12), it is empirically
proven not to affect the convergence in practice.

D. Parameter Initialization

Since the performance of the proposed method is sensitive
to initialization in iterative optimization, the model parameters
W, H, G, p, and o should be initialized appropriately. In
particular, the SCM G, 7; of source n, which has a strong
impact on the performance, is initialized as follows:

1 I
nfl TZ nifls

where the theoretical SCM Gm 71 of sub-source 4 in source n
can be computed from the Gaussian positions U (known in

A7)

@® Microphone arrays

A 2
1 505“"2931265 (5.0, ;3?1_65) O  Point sources
N 2 (3.0,5.2, 1.65) °
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Fig. 3: 3D room layout with four sound source objects (Sourcel-
4) and two microphone arrays(Arrayl-2). Point sources are
positioned at the mouth locations of the objects.

this work) according to Egs. (8) and (9). The weighting center
W, and the variance o? were initialized as follows:
I

1
Wy — = E U, 02 +— —max ||up; — -
I = 2

(18)

W and H were randomly initialized over the interval [0, 1).

IV. EVALUATION

This section reports the experiment conducted for evaluating
the effectiveness of the proposed method.

A. Experimental Conditions

We considered a shoebox room of size 6.0m x 6.0m x 2.5m,
where four speakers (N = 4) with a height of 1.8 m were lo-
cated at (1.0, 3.0), (3.0,5.2), (5.2, 3.0), and (3.0, 0.8), and two
four-microphone circular arrays (L = 2, M = 4) with a radius
of 0.1 m were centered at (1.0, 1.0) and (5.0, 5.0) with a height
of 1.65m (Fig 3). We created the scene using Blender [29],
[30] to render 100 images from different viewpoints for each
speaker n. We then applied 3DGS [13] with I = 10000 on these
images to obtain the 3D Gaussian absolute positions {u,;}/_;.

As a simplified model of speech signal emission from the
mouth, a non-directional point source was placed at a height of
1.65 m for each source n. The source image Z,, was then simu-
lated with the image-source model using Pyroomacoustics [31],
where an approximately 3-sec speech signal was taken from the
CMU ARCTIC corpus [32] as the source 51gnal The mixture
spectrogram X was obtained by X = E 1 Z,. The STFT
used a Hann window of 128 samples (8 ms) w1th a 128-sample
shift and 1024-point FFT at 16 kHz.

The proposed method was configured with K = 16 and
v = M for speech separation. In each iteration, we updated
W and H once and updated G, u, and o ten times. This
procedure was iterated 200 times. For comparison, we tested
three variants of the proposed method described below.

(I) MNMEF [5], a BSS method obtained by removing the prior
p(G|U, p, o) from the proposed method.

(1) 3DGS-MNMF-NI, the proposed method initialized with
G, 71 < I in a non-informative manner.
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Fig. 4: SDR evolutions over the 3DGS-MNMF-VI iterations.

II) 3DGS-MNMF-VI, the proposed method initialized with
Eq. (17) in a visually-informed manner.

For updating G, p, and o, we used Adam [28]. Learning
rates were set to 0.01 for G in MNMF and 3DGS-MNMF-
NI 0.0001 for G in 3DGS-MNMF-VI, and 0.001 for p and
o in all variants. To investigate the performance stability of
each variant, we conducted 30 trials with random initialization
of W and H, and measured the separation performances in
terms of the signal-to-distortion ratio (SDR) [33].

B. Experimental Results

Fig. 4 shows the SDR evolution across parameter update it-
erations for each source estimated using the proposed 3DGS-
MNMEF-VI for a single trial. The SDRs improved steadily,
reaching 23.93dB, 15.80dB, 15.81dB, and 25.71dB for
sources 1—4, respectively. The initial SDRs, i.e., at iteration
0, were 15.33dB, 5.13dB, 5.42dB, and 15.72dB. After 20
iterations, these rose to 20.66dB, 11.83dB, 11.83dB, and
20.84 dB, respectively. We also note that the performances
were generally saturated after 80 iterations. These results sug-
gest that the 3DGS-based initialization of G allows stable op-
timization with fast convergence.

Fig. 5 displays the average final SDRs (after 200 iterations)
along with the 95% confidence intervals (CIs) across 30 tri-
als for the different method variants. The baseline MNMF
showed poor separation performance and stability with relatively
low SDRs and large CIs of 0.27 £1.35dB, —5.22 + 1.44dB,
—1.59+£1.13dB, and 0.34 & 1.37dB for sources 14, respec-
tively. 3DGS-MNMF-NI demonstrated that incorporating spa-
tial priors, even with a non-informative initialization, signifi-
cantly improved the separation. It achieved SDRs of 9.16 +
0.65dB, 8.93 +1.42dB, 3.79 £ 0.85dB, and 9.48 4+ 0.38 dB.
Furthermore, 3DGS-MNMF-VI with the visual-based prior
initialization achieved even higher SDRs of 22.45 + 0.48 dB,
14.67+£0.37dB, 14.88+0.64 dB, and 24.294+0.53 dB. 3DGS-
MNMEF-VI surpassed 3DGS-MNMF-NI in mean SDR across
all four sources, and reduced the 95% ClIs for three of them,
demonstrating both superior separation performance and en-
hanced estimation stability. These results suggest that incor-
porating statistical constraints into the spatial model offers a
favorable trade-off between separation performance and robust-
ness against initialization.

C. Discussion

Fig. 6 shows the heatmap of the weight vector 17 computed
given p and o optimized by 3IDGS-MNMF-VI. The values

SDR (dB)

20¢f k!
15+ 9
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Fig. 5: Average SDRs and 95% confidence intervals.

of m are visualized on the corresponding 3D Gaussian centers,
with color intensity representing the magnitude of each weight.
The figure reveals that o became smaller, i.e., highly-weighted
Gaussians were concentrated within a narrow area of each
object. The Euclidean distance between the estimated weighted
mean and the actual source position was approximately 0.23 m,
0.23m, 0.23m, and 0.22m for sources 1-4, suggesting that
the proposed method can estimate source locations based on
visual cues to some extent.

Even though the estimated Gaussians became concentrated
within specific regions of each object close to the actual source
positions as expected, the estimated weighted mean g may
fall outside the object. To mitigate this issue, incorporating
some spatial constraints will be necessary in future work. The
variance o tends to decrease over iterations, resulting in a
more accurate estimation. However, it may also degrade the
rank of the SCMs, leading to unstable optimization. To prevent
numerical instability, a lower bound on o or regularization by
adding a scaled identity matrix to G, 1 may be beneficial.

V. CONCLUSION

We proposed a visually-informed multichannel source sep-
aration method that introduces priors based on 3D Gaussian
positions on source SCMs. By integrating the MNMF-based
acoustic model and the visually-informed spatial model, the
proposed method achieved higher SDR and stabler results than
conventional methods.

Future work includes joint optimization of the separation
model and the 3D Gaussian positions and on object-wise 3D
Gaussian clustering. We also plan to conduct real-world ex-
periments to evaluate the robustness of the proposed method
against reverberation and diffuse noise. In particular, we will
examine the validity of the independence assumption across
microphone arrays and to assess the impact of possible errors
in microphone positions. This could contribute to more com-
prehensive audio-visual scene understanding with distributed
cameras and microphone arrays.
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