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ABSTRACT

Sound source localization (SSL) is a fundamental task for spatial audio under-
standing, yet most deep neural network-based methods are constrained by fixed
array geometries and predefined directional grids, limiting generalizability and
scalability. To address these issues, we propose audio-geometry-grid represen-
tation learning (AGG-RL), a novel framework that jointly learns audio-geometry
and grid representations in a shared latent space, enabling both geometry-invariant
and grid-flexible SSL. Moreover, to enhance generalizability and interpretability,
we introduce two physics-informed components: a learnable non-uniform discrete
Fourier transform (LNuDFT), which optimizes the dense allocation of frequency
bins in a non-uniform manner to emphasize informative phase regions, and a rela-
tive microphone positional encoding (rMPE), which encodes relative microphone
coordinates in accordance with the nature of inter-channel time differences. Ex-
periments on synthetic and real datasets demonstrate that AGG-RL achieved supe-
rior performance, particularly under unseen conditions. The results highlight the
potential of representation learning with physics-informed design towards a uni-
versal solution for spatial acoustic scene understanding across diverse scenarios.

1 INTRODUCTION

With the growing interest in learning and reasoning about 3D space in machine learning (Mildenhall
et al., 2021; Zhang et al., 2025; Xie et al., 2025), multichannel audio has emerged as a promising
modality for capturing spatial cues and enabling spatially aware generation (Ochiai et al., 2017;
Simeoni et al., 2019; Richard et al., 2021; Leng et al., 2022; Luo et al., 2022; Huang et al., 2023;
Zheng et al., 2024; Sun et al., 2025; Brunetto et al., 2025; Li et al., 2025a; Liang et al., 2025). A
central task in this field is sound source localization (SSL), which estimates the direction-of-arrival
(DOA) of sound sources. SSL is not only a fundamental building block in spatial audio processing
but also synergizes with applications such as robotics (Gan et al., 2020; Wang et al., 2021; Do
et al., 2022; Wang et al., 2024a), autonomous vehicles (Furletov et al., 2021; Jeon et al., 2025),
drones (Wang & Cavallaro, 2022; Chevtchenko et al., 2025), and immersive AR/VR systems and
smart devices (Rajguru et al., 2022; Gupta et al., 2022; Lin et al., 2024; Yang et al., 2025).

Traditionally, SSL has relied on classical signal processing methods based on the time difference-
of-arrival (TDOA) between microphones in a microphone array (MA) (Benesty et al., 2008), such
as GCC-PHAT (Knapp & Carter, 1976), MUSIC (Schmidt, 1986), and SRP-PHAT (Dibiase, 2000),
which exploit inter-channel phase differences (IPDs) in the frequency domain. The advent of deep
neural networks (DNNs) has enabled models to learn robust audio representations, often surpassing
classical methods (Grumiaux et al., 2022; Chakrabarty & Habets, 2019; Nguyen et al., 2020; Yang
et al., 2021; Diaz-Guerra et al., 2021a; He et al., 2021; Baek et al., 2023; Zhang et al., 2024; Battula
et al., 2025; Li et al., 2025b). However, most existing DNN-based methods remain critically limited:
they are highly dependent on specific MA geometries and predefined DOA grids.

To address these limitations, geometry-invariant SSL methods (Schwartz et al., 2023; Grinstein et al.,
2024; Wang et al., 2024b; Baek et al., 2025) and grid-flexible approaches (Yang et al., 2021; Wang
et al., 2024b) have been proposed. Although these methods alleviate some constraints, they still fall
short of achieving robust SSL across arbitrary geometries and grids. Therefore, we propose audio-
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geometry-grid representation learning (AGG-RL) for robust, universal SSL. Inspired by represen-
tation learning (Bengio et al., 2013; Koyama et al., 2024a; Shi et al., 2022; Dimitriadis et al., 2023;
Zhu et al., 2024; Kim et al., 2025), AGG-RL learns two types of representations: audio-geometry
representations (AGRs) and grid representations (GRs). AGRs are derived from audio and MA ge-
ometry, while GRs encode candidate DOA grids. Their similarity produces a probabilistic spatial
spectrum, and is trained with soft labels that represent relationships among neighboring grid points.
This enables the model to capture audio-geometry-grid relationships, facilitating universal SSL on
arbitrary grids and geometries without retraining.

Furthermore, to enhance generalization, we introduce two components inspired by physics-informed
DNNs (Raissi et al., 2019; Karniadakis et al., 2021; Gabrielli et al., 2018; Koyama et al., 2024b;
Ribeiro et al., 2024; Miotello et al., 2024; Karakonstantis et al., 2024; Damiano et al., 2025): a
learnable non-uniform discrete Fourier transform (LNuDFT) and a relative microphone positional
encoding (rMPE). For the proposed LNuDFT, the gap between adjacent frequency bins is modeled
as a learnable parameter, allowing the DNN to densely allocate bins in critical frequency regions
that convey physically informative phase cues. In addition, based on absolute MPE (aMPE) (Baek
et al., 2025), rMPE is introduced to embed microphone coordinates in a relative fashion—consistent
with the nature of TDOA, which depends on relative rather than absolute coordinates. Both com-
ponents incorporate physics-based structural assumptions into the feature extraction process while
still allowing adaptivity through training. This yields physics-informed inductive biases that guide
learning toward acoustically meaningful representations.

Experiments on both synthetic and real datasets (Löllmann et al., 2018) demonstrate the effective-
ness of the proposed method, showing strong generalization to unseen environments in terms of an-
gular error and accuracy. Moreover, our framework supports flexible grid selection without retrain-
ing, enhancing adaptability across diverse scenarios. These results highlight AGG-RL, augmented
with LNuDFT and rMPE, as a promising step toward 3D acoustic scene understanding.

2 BACKGROUND

2.1 TIME DIFFERENCE-OF-ARRIVAL AND INTER-CHANNEL PHASE DIFFERENCE

p-th mic. q-th mic.

Sound Source

(a) Sound received by the microphone array.
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(b) IPD at τ = 0.5 ms, showing phase wrapping and
aliasing.

Figure 1: Illustration of (a) signals received by a microphone array and (b) IPD in the frequency
domain, where phase wrapping can cause spatial aliasing.

Modeling a sound wave as a plane wave in the far-field situation, when the wave reaches spatially
separated microphones at different times, a TDOA arises, as shown in Fig. 1(a). In the frequency
domain, the TDOA τp,q between channels p and q is related to the IPD ∆θ at frequency f as follows:

ej(θp−θq) = ej∆θ = ej(2πfτp,q) ⇐⇒ τp,q =
∆θ

2πf
, (1)

where j is the imaginary unit, and θp and θq denote the phases at channels p and q, respectively.
At higher frequencies, phase varies more rapidly, enabling finer resolution of the TDOA. However,
since phase is wrapped within [−π, π), the same IPD value may correspond to multiple TDOAs,
resulting in spatial aliasing, as illustrated in Fig. 1(b). The aliasing condition depends on the micro-
phone spacing r and the maximum unambiguous frequency fmax:

f ≤ fmax =
v

2r
⇐⇒ r ≤ λ

2
, λ =

v

f
, (2)

2



108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161

where v is the speed of sound and λ is the wavelength corresponding to f . Thus, aliasing can be
avoided either by reducing the microphone spacing r below half the wavelength of fmax or by lim-
iting the frequency below fmax. In summary, lower frequencies are alias-free but provide coarse
TDOA resolution, while higher frequencies yield finer resolution at the cost of potential aliasing. As
MA geometries vary widely across real-world applications, accounting for this trade-off is crucial
for geometry-invariant SSL.

2.2 OUTPUT REPRESENTATION PARADIGMS IN DNN-BASED SSL

The outputs of DNN-based SSL can be broadly categorized into regression and classification ap-
proaches. Regression methods directly predict source locations in 3D coordinates (Diaz-Guerra
et al., 2021a; Grinstein et al., 2024). They offer theoretically infinite resolution, but suffer from
limited interpretability, since they predict only coordinates rather than a spatial spectrum indicating
source likelihood across the entire space. Furthermore, their architectures are typically constrained
by the maximum number of sources. Classification-based methods discretize the 3D space into pre-
defined DOA grids (Schwartz et al., 2023; Baek et al., 2025). This yields interpretable spatial spectra
without being tied to the number of sources, but performance is bounded by grid resolution, and re-
training is required when adopting new grids. To balance these trade-offs, template matching (Yang
et al., 2021; Wang et al., 2024b) has been explored. This approach enables SSL on arbitrary grids
without retraining by comparing outputs with IPD templates from candidate DOAs. However, as the
model is optimized for IPD estimation rather than direct DOA prediction, performance can degrade.
Moreover, template matching requires pairwise outputs for each microphone pair and a predefined
number of sources, leading to increased computational cost. These limitations motivate the pro-
posed AGG-RL framework, which enables flexible-grid SSL with direct candidate DOA prediction,
without relying on handcrafted templates or pairwise computations.

3 PROPOSED FRAMEWORK

Learnable NuDFT

GCC-PHAT

AuGeonet
Gridnet

Mic. Pos. Encoding

Audio Signal

Spatial Spectrum, S

Audio-Geometry Representation, AGrid Representation, G

Mic. Array GeometryDOA Grid Candidates

Wide Beamwidth Narrow BeamwidthVarying Beamwidth 

Figure 2: Overview of the proposed framework. The model takes audio signals, microphone array
geometries, and candidate DOA grids as inputs, and outputs spatial spectra over the grid. Multiple
oracle spatial spectra with different beamwidth parameters are also shown. The microphone array
shown (Sphere48 AC Pro by gfai tech GmbH) is reproduced with permission.

To achieve grid-flexible and geometry-invariant SSL, we propose AGG-RL, illustrated in Fig. 2. The
framework consists of two networks: the audio-geometry representation network (AuGeonet),A(·),
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and the grid representation network (Gridnet), G(·). AuGeonet integrates two physics-informed
components—LNuDFT and rMPE—to extract robust AGRs, while Gridnet produces GRs from can-
didate DOA grids. AGRs and GRs are projected into a shared latent space, and their similarity is
measured by an inner product, where larger values indicate higher likelihood of source presence.
The models are trained using soft-labeled oracle spatial spectra (shown at the top of Fig. 2) as su-
pervision, enabling effective learning of audio-geometry-grid relationships.

3.1 LEARNABLE NON-UNIFORM DISCRETE FOURIER TRANSFORM

In contrast to the standard DFT, which uses uniformly spaced frequency bins, the NuDFT (Bagchi
& Mitra, 1996a;b; 1999) employs non-uniform frequency bin allocations that can be optimal for
specific applications (Wei & Yang, 2022; Wen & Houlihan, 2023; de Haan et al., 2002; Chang, 2005;
Muralishankar et al., 2020; Lim et al., 2024). While NuDFT can also be defined with non-uniform
sampling along the time axis, here we focus on non-uniformity along the frequency axis. In SSL,
NuDFT enables more effective extraction of IPD features by emphasizing physically informative
frequency ranges with densely sampled bins, discussed in Section 2.1.

Let xc ∈ RT denote the T -sample signal received at the c-th channel of a C-channel MA, which is
a mixture of multiple speakers, noise, and reverberation. The frequency-domain representation Xc

is obtained by applying the LNuDFT independently to each channel, defined as:

Xc [k, l] =

N−1∑
n=0

xc [n+Nl] w [n]︸ ︷︷ ︸
windowed frame

· e−j2π n
N νk︸ ︷︷ ︸

LNuDFT basis

, (3)

where c denotes the channel index, k ∈ {0, . . . ,K − 1} the frequency-bin index, and l the frame
index.N is the frame length,Nl the starting sample of the l-th frame, and w[·] is a window function.
νk denotes the location of the k-th frequency bin, which maps to the physical frequency fk = νk

N fs
with sampling frequency fs. When K = N

2 + 1 and νk = k, Eq. (3) reduces to the standard
DFT. For the proposed LNuDFT, νk are treated as learnable parameters instead of being fixed as
in the NuDFT, enabling the model to allocate frequency bins more densely in regions that convey
physically informative phase cues for SSL. To ensure monotonic ordering and compliance with the
Nyquist limit (0 ≤ ν0 < . . . < νK−1 ≤ N

2 , the maximum representable frequency), νk is defined
as the cumulative sum of positive, learnable increments ak between adjacent bins:

ν0 = 0, νk = νk−1 + ak−1, ak > 0 ∀k ∈ {1, 2, . . . ,K − 1}. (4)

To ensure effective initialization, ν init
k and ainit

k are assigned using a logit-based mapping that allo-
cates bins more densely in the mid-frequency range, as follows:

ν̃k = ϵstart +
ϵend − ϵstart

K − 1
k ∈ (ϵstart, ϵend), ν̂k = ln

(
ν̃k

1− ν̃k

)
, (5)

ν init
k =

ν̂k − ν0
ν̂K−1

· (K − 1), ainit
k−1 = ν init

k − ν init
k−1, (6)

where 0 < ϵstart < ϵend < 1 are hyperparameters that prevent saturation of the logit function. After
each gradient update, the following constraints are applied to preserve monotonicity and the Nyquist
limit:

âk = min (max (ãk, ϵmin) , ϵmax) , (7)

ak =


âk∑K−1

k̂=0
âk̂
· N
2
, if

∑K−1

k̂=0
âk̂ >

N
2 ,

âk, otherwise,

(8)

where ãk is the raw parameter updated by gradient descent, clipped to (ϵmin, ϵmax) to enforce posi-
tivity and avoid extreme values. Normalization in Eq. (8) guarantees that νk is bounded by N

2 . An
illustration of LNuDFT is provided in Appendix A.2. Additionally, LNuDFT can be efficiently im-
plemented as 1D convolution (Bagchi & Mitra, 1996a;b), where basis functions serve as convolution
kernels of size N and feature dimension K, with hop size H . This adaptive allocation of frequency
bins during training preserves phase information while enhancing robustness and interpretability by
focusing on physically informative frequency regions relevant to IPD.
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3.2 RELATIVE PHASE FEATURE AND MICROPHONE POSITIONAL ENCODING

As MA geometries vary widely across applications, numerous geometry-invariant methods have
been explored (Luo et al., 2020; Pandey et al., 2022; Yoshioka et al., 2022; Mu et al., 2024; Xu et al.,
2025). In parallel, several geometry-aware approaches have been proposed for SSL (Grinstein et al.,
2024; Schwartz et al., 2023; Wang et al., 2024b; Baek et al., 2025). Recognizing that TDOA patterns
inherently depend on the MA geometries, GI-DOAEnet (Baek et al., 2025) stands as a representative
example, explicitly incorporating geometry information via aMPE and channel-wise multi-head self-
attention (CW-MHSA) (Vaswani et al., 2017; Pandey et al., 2022). Here, CW-MHSA computes
pairwise channel similarities, while aMPE injects geometry information as positional encodings.
This design illustrates how geometry-aware features can be directly embedded into the network to
enhance robustness across different MA configurations. Building on this framework, we present
AuGeonet, a modified version of GI-DOAEnet that integrates LNuDFT-based GCC-PHAT features
and rMPEs, aiming to improve generalization to unseen MA configurations.

Relative phase features. To better exploit IPDs, instead of raw DFT coefficients, we adopt GCC-
PHAT (Knapp & Carter, 1976) in frequency-domain that emphasizes phase differences while sup-
pressing magnitude variations. Computing all pairwise GCC-PHAT features scales as O(C2), so
we employ a reference-based scheme that reduces complexity to O(C). The reference channel c̄ is
chosen as the microphone closest to the MA center, and the LNuDFT-based GCC-PHAT is defined:

X̂GCC
c [k, l] =

Xc[k, l] X
∗
c̄ [k, l]

|Xc[k, l]| |Xc̄[k, l]|
, (9)

where ∗ denotes complex conjugation and | · | the magnitude. The resulting feature X̂GCC ∈
C(C−1)×K×L is split into real and imaginary parts and concatenated along the frequency axis,
producing XGCC ∈ R(C−1)×2K×L. This emphasizes relative phase cues while reducing input di-
mensionality to C − 1 by excluding the reference channel.

Relative microphone positional encoding. Inspired by the inherently relative nature of IPDs and
relative positional encodings (Shaw et al., 2018; Pham et al., 2020; Su et al., 2024), we introduce
rMPE, which encodes each microphone’s coordinates relative to a reference channel. This design di-
rectly aligns with the physics of sound propagation, where TDOA and IPD depend solely on relative
microphone positions (see Appendix A.1). Let pc = (xc, yc, zc) denote the Cartesian coordinates of
microphone c. The relative coordinates are:

x̃c = xc − xc̄, ỹc = yc − yc̄, z̃c = zc − zc̄,
r̃c =

√
x̃2c + ỹ2c + z̃2c , ϑ̃c = atan2 (ỹc, x̃c) , φ̃c =

π
2 − atan2(z̃c,

√
x̃2c + ỹ2c )

(10)

where r̃c ∈ [0,∞), ϑ̃c ∈ [−π, π), and φ̃c ∈ [0, π] represent the distance, azimuth, and elevation,
respectively. Following aMPE, rMPE encodes these spherical coordinates into sinusoidal encodings:

v(Q) = 4
Q

[
0, 1, . . . , Q4 − 1

]⊤
∈ R

Q
4 , (11)

PPM
c = hPM(r̃c, ϑ̃c, φ̃c;α, β,M)

= αr̃c


cos(2πβ v(M) + ϑ̃c)

sin(2πβ v(M) + ϑ̃c)
cos(2πβ v(M) + φ̃c)
sin(2πβ v(M) + φ̃c)

 ,
PFM
c = hFM(r̃c, ϑ̃c, φ̃c;α, β,M)

= αr̃c


cos(ϑ̃c β v(M))

sin(ϑ̃c β v(M))
cos(φ̃c β v(M))
sin(φ̃c β v(M))

 , (12)

where v(Q) uniformly partitions the range [0, 1) into Q
4 elements, and ⊤ is a transpose operation.

hPM(·) and hFM(·) denote the phase-modulated (PM) and frequency-modulated (FM) rMPE map-
ping functions, respectively. α is a scaling factor, β a frequency factor, and M the target feature
dimension. Stacking across all non-reference microphones yields P ∈ R(C−1)×M , aligned with
the input features and CW-MHSA to provide positional cues. With the proposed LNuDFT-based
GCC-PHAT and rMPE integrated into AuGeonet, we obtain AGRs, A:

A = A (x,p;Θ) ∈ RO×G×L, (13)

where G is the AGR dimensionality, O is the number of outputs in the deeply supervised curricu-
lum learning (DSCL) framework (Baek et al., 2023), and Θ denotes the learnable parameters of
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AuGeonet. The architectural details of AuGeonet are provided in Appendix A.3. These AGRs natu-
rally capture audio-geometry relationships and are later integrated into AGG-RL to estimate spatial
spectra over candidate DOAs.

3.3 AUDIO-GEOMETRY-GRID REPRESENTATION LEARNING

To overcome the limitations of fixed-grid classification, discussed in Section 2.2, we propose AGG-
RL, which aligns AGRs with GRs and produces a probabilistic spatial spectrum over arbitrary can-
didate DOAs by measuring their similarity. We first encode the d-th candidate DOA, with azimuth
angle θd and elevation angle ϕd, into a G-dimensional sinusoidal vector, analogous to Eq. (12) of
PM-based rMPE:

Ĝd = hGrid(θd, ϕd; ξ,G) =

cos(2πξ v(G) + θd)
sin(2πξ v(G) + θd)
cos(2πξ v(G) + ϕd)
sin(2πξ v(G) + ϕd)

 ∈ RG, (14)

where hGrid(·) denotes the grid encoding function, and ξ is a modulation frequency. Using Grid-
net Go(·), a simple DNN with learnable parameters Ψo specific to each output index o (see Ap-
pendix A.4), Ĝd is transformed into a GR:

Gd,o = Go
(
Ĝd;Ψo

)
∈ RG. (15)

Given AGRs A ∈ RO×G×L from AuGeonet, the similarity is computed by a scaled inner product
followed by a sigmoid function σ(·), producing the probabilistic spatial spectrum:

Ŝd,o,l = σ

(
G⊤
d,oAo,l√
G

)
∈ [0, 1], (16)

where scaling by
√
G stabilizes optimization by controlling the variance of the inner prod-

uct (Vaswani et al., 2017). Through this procedure, AGRs are encouraged to align with GRs at
true-source DOAs while diverging from non-source directions. Meanwhile, GRs are trained to rep-
resent candidate DOAs independently of the audios and MA geometries, enabling flexible-grid SSL.

Candidate DOAs are sampled using Fibonacci sphere points (Saff & Kuijlaars, 1997), providing
near-uniform coverage over the unit sphere. During training, Fibonacci grids with D points are ran-
domly rotated for data augmentation. Soft targets are defined as oracle spatial spectra with varying
beamwidths (Baek et al., 2023) and used in a weighted binary cross-entropy (BCE) loss (Nguyen
et al., 2020), which emphasizes positive samples. At inference, an iterative peak detection algo-
rithm (Baek et al., 2023) is applied to the final layer output to identify multiple source DOAs. Further
details are given in Appendix A.5–A.8. In summary, AGG-RL enables flexible-grid and geometry-
invariant SSL without retraining, while retaining the interpretability of classification-based methods.

4 EXPERIMENTAL SETUP

4.1 MODEL IMPLEMENTATION AND BASELINES

We compared our method against classical baselines (MUSIC (Schmidt, 1986), SRP-PHAT (Dibi-
ase, 2000)) and recent DNN-based methods (Unet (Schwartz et al., 2023), Neural-SRP (Grinstein
et al., 2024), GI-DOAEnet (Baek et al., 2025)). To ensure fair comparison, all methods were imple-
mented in a causal setting with identical DFT parameters (N = 512, K = 257, H = 128) and a
Hanning window. For classical methods, candidate DOAs were sampled using Fibonacci grids with
D = 512 and 2048. Unet and Neural-SRP were modified following GI-DOAEnet to produce multi-
ple spatial spectra outputs, following Baek et al. (2025). Unet was re-implemented from the original
paper, while Neural-SRP1 and GI-DOAEnet2 were adapted from public code. Unet used SRP-PHAT
input with D = 512, whereas Neural-SRP employed time-domain GCC-PHAT features; both were

1https://github.com/egrinstein/neural_srp
2https://github.com/BaekMS/GI-DOAEnet
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adapted to output spectra on a Fibonacci grid with D = 2048. For GI-DOAEnet, both PM- and FM-
based aMPE variants were evaluated, with an output dimension of D = 2048. We additionally note
that IPDnet with template matching (Wang et al., 2024b) was excluded from direct comparison due
to its impractical computational cost (23.2 GFLOPs for 2-channel input, making it prohibitive for
larger MAs) and incompatible output format (estimates microphone pairwise, frequency-dependent
IPDs instead of DOAs). For the proposed method, FM-based rMPE was adopted as default, as it
slightly outperformed PM-based encoding in preliminary experiments, and D = 2048 was used
for consistency. For LNuDFT of AuGeonet, initialization was performed with ϵstart = 0.15 and
ϵend = 0.95, and constraints were applied with ϵmin = 0.01 and ϵmax = 100. All DNN-based meth-
ods followed the same training setup described in Appendix A.9.

4.2 DATASET AND EVALUATION METRICS

Table 1: Parameters used for synthetic dataset generation.

Parameter Interval Unit
Number of speakers [1, 2] -

RT60 [0.2, 1.3] s
Room size [3×3×2.5, 10×8×6] m3

Distance [0.3, 2.5] m
Azimuth [0, 360) ◦

Elevation [0, 180] ◦

SNR (speech vs. noise) [-5, 30] dB
SIR (between speakers) [-5, 5] dB
SIR (between noises) [-15, 15] dB

Synthetic datasets were used for training, validation, and partial evaluation. The training set was
generated on-the-fly to provide diverse conditions, with a fixed number of channels per batch. Table 1
summarizes the ranges of acoustic and spatial parameters used to generate the synthetic mixtures,
including reverberation time (RT60), signal-to-noise ratio (SNR) between speech and noise, and
signal-to-interference ratio (SIR) between speakers or between noise sources. For each sample, we
simulated multi-channel room impulse responses (RIRs) using the image source method (Allen &
Berkley, 1979) implemented in gpuRIR (Diaz-Guerra et al., 2021b). Speech signals were drawn
from LibriSpeech (Panayotov et al., 2015) and noise signals from MS-SNSD (Reddy et al., 2019),
each cropped to 4 seconds. Additional implementation details for the synthetic data generation are
provided in Appendix A.10.

Table 2: Evaluation dataset configuration.

Dataset Real Dataset Microphone Array Channels Training Exposure
NAO robot ✓ NAO robot 12 ✓ (seen)
Eigenmike ✓ Eigenmike 32 ✗ (unseen)
Dynamic-S ✗ Dynamic 4–12 ✓ (seen)
Dynamic-U ✗ Dynamic 13–16 ✗ (unseen)

After training, the model with the lowest validation loss was selected for evaluation. Evaluation was
conducted using four datasets, as shown in Table 2. Real recordings were taken from LOCATA (Löll-
mann et al., 2018), where NAO robot and Eigenmike datasets consisted of recordings using the NAO
robot3 and the Eigenmike4, respectively. Only non-moving sources with up to two speakers were
used for evaluation, resampled to 16 kHz. Two synthetic datasets, Dynamic-S and Dynamic-U, were
constructed to evaluate generalization to seen and unseen numbers of channels, respectively, across a
variety of MA geometries. These synthetic datasets were generated with 300 utterances per channel,
following the same procedure as the training set but using different source material: TIMIT (Garo-
folo et al., 1993) for speech and ESC-50 (Piczak, 2015) for noise. For evaluation metrics, we used
mean absolute error (MAE, ◦) and accuracy (ACC10, %) (see Appendix A.11). MAE measured the
average angular error; lower values indicate better performance. ACC10 measured the percentage

3https://www.aldebaran.com/en/nao
4https://eigenmike.com/eigenmike-em32
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of predictions within a 10◦ margin; higher values indicate better performance. Both metrics were
computed per utterance and averaged over each set.

5 RESULTS AND DISCUSSION

Table 3: Experimental results with different methods. The best results on each dataset are in bold.
NAO robot Eigenmike Dynamic-S Dynamic-U

MAE ACC10 MAE ACC10 MAE ACC10 MAE ACC10

MUSIC512 20.63 ±2.44 64.95 29.93 ±3.09 36.37 30.35 ±0.63 27.94 27.13 ±0.89 33.20
MUSIC2048 19.31 ±2.65 69.77 29.78 ±3.06 36.68 30.24 ±0.63 28.50 26.88 ±0.90 33.92
SRP-PHAT512 22.36 ±1.79 67.95 27.45 ±1.73 41.38 43.98 ±0.70 24.55 38.64 ±1.03 32.13
SRP-PHAT2048 21.77 ±1.73 67.84 26.88 ±1.93 53.22 43.89 ±0.70 25.10 38.40 ±1.04 32.39
Unet 10.89 ±1.53 86.25 14.89 ±1.76 65.82 19.94 ±0.69 58.88 19.15 ±0.94 60.57

with AGG-RL 12.79 ±3.26 77.33 16.86 ±3.26 55.69 21.23 ±0.69 53.74 20.11 ±0.95 56.08
Neural-SRP 9.72 ±2.28 78.66 52.75 ±18.61 22.16 19.60 ±0.74 52.32 21.18 ±1.01 45.51

with AGG-RL 9.89 ±2.55 72.80 13.25 ±2.32 37.07 19.79 ±0.74 50.56 19.05 ±1.01 54.13
GI-DOAEnetFM 11.31 ±2.54 77.36 93.61 ±13.06 0.00 15.49 ±0.55 64.36 54.81 ±1.73 6.10
GI-DOAEnetPM 12.26 ±2.27 72.47 77.09 ±13.32 2.82 17.40 ±0.59 58.54 79.17 ±1.81 0.58

Proposed 8.25 ±1.52 90.78 11.24 ±1.76 72.17 10.32 ±0.49 77.34 14.12 ±0.77 63.17
(i) rMPE-PM 8.38 ±1.63 89.85 13.42 ±2.00 70.09 11.55 ±0.50 74.46 12.46 ±0.78 67.97
(ii) DFT 13.24 ±2.97 72.32 111.21 ±9.86 0.00 16.47 ±0.58 60.83 87.71 ±1.89 0.92
(iii) DFT + GCC-PHAT 9.17 ±3.44 87.74 16.53 ±3.97 39.35 10.26 ±0.48 77.56 17.90 ±0.71 45.11
(iv) LNuDFT + Uniform init. 8.69 ±2.97 90.03 15.13 ±2.68 40.70 10.44 ±0.47 77.69 23.03 ±0.89 36.05
(v) NuDFT + Logit init. 8.96 ±2.83 89.34 17.34 ±2.47 28.52 10.64 ±0.48 76.56 11.83 ±0.66 72.77
(vi) Fixed grid 9.17 ±2.28 87.31 13.58 ±2.60 40.82 9.57 ±0.46 81.70 13.84 ±1.07 65.29
(vii) Gridnet with FM Enc. 9.95 ±2.36 85.60 12.58 ±2.68 50.55 11.10 ±0.49 75.49 15.24 ±0.68 58.60
(viii) Gridnet with Cartesian 9.08 ±2.85 88.17 11.87 ±2.80 64.62 10.41 ±0.48 77.28 23.10 ±0.91 34.26

Table 3 presents the overall results on the evaluation datasets. Rows above the double line correspond
to baseline methods, while rows below represent the proposed method and its ablation studies. The
95% confidence intervals (CIs) for the MAE are reported using ± values, which indicate the corre-
sponding margin of error.

Comparison with baselines. The subscripts 512 and 2048 indicate the number of grids used for
SRP-PHAT and MUSIC. Both methods consistently underperformed compared to DNN-based ap-
proaches across all datasets. Moreover, increasing the number of grid points did not lead to meaning-
ful improvements. Accordingly, Unet adopted SRP-PHAT with D = 512 for efficiency. Among the
DNN-based baselines, Neural-SRP achieved lower MAE than Unet on the NAO robot and Dynamic-
S datasets, while Unet outperformed Neural-SRP on the remaining datasets and metrics. Notably,
Neural-SRP exhibited substantial performance degradation on Eigenmike. When AGG-RL was ap-
plied, performance of Unet slightly degraded overall. In contrast, Neural-SRP showed performance
drops in seen conditions such as NAO robot and Dynamic-S, but significant improvements under
unseen conditions, including Eigenmike and Dynamic-U. These results demonstrate that AGG-RL
effectively enhanced generalizability for Neural-SRP. GI-DOAEnet variants with different aMPE
types outperformed Unet and Neural-SRP on Dynamic-S, which shared the same channel configu-
ration as the training set. However, their performance dropped significantly under unseen settings,
including Eigenmike and Dynamic-U.

The proposed method consistently achieved superior performance across all datasets, clearly vali-
dating its robustness and effectiveness. However, it achieved slightly worse results on unseen con-
ditions compared to the seen conditions. It indicates a performance gap between seen and unseen
scenarios but still outperformed all baselines. To further validate these findings, we provide box and
violin plots (Appendix A.12) to examine the distribution of errors, results under different acoustic
conditions (Appendix A.13) to assess robustness across diverse environments, and spatial spectrum
visualizations (Appendix A.15) to illustrate the interpretability and stability of the proposed method.
Additionally, Appendix A.14 reports results on the STARSS23 dataset (Shimada et al., 2023), further
demonstrating the effectiveness of the method on a real-world benchmark with different recording
conditions. The following ablation studies further clarify the contributions of each component.

Effectiveness of GCC-PHAT and rMPE. Experiment (i) replaced rMPE with PM-based one.
This variant showed comparable but slightly inferior performance on most datasets, except for
Dynamic-U, indicating that FM was more effective than PM for rMPE. Accordingly, all proposed
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and subsequent ablation studies adopted FM-based rMPE as the default. In experiment (ii), both
GCC-PHAT and rMPE were replaced with the standard DFT and FM-based aMPE, respectively.
This led to a consistent performance drop across all datasets, underscoring the importance of rel-
ative representations introduced by GCC-PHAT and rMPE. In both GI-DOAEnet and AuGeonet,
CW-MHSA layers were used to capture channel-wise relationships. However, prior works (Kazem-
nejad et al., 2023; Zhou et al., 2024) have shown that MHSA performance degrades when extrapo-
lating to longer sequences than those encountered during training. We therefore hypothesize that the
relative nature of GCC-PHAT and rMPE mitigated this limitation, thereby enhancing generalization
to unseen conditions.

Effectiveness of LNuDFT. Experiments (iii)–(v) evaluated the contribution of LNuDFT under
different configurations. In experiment (iii), LNuDFT was replaced with the standard DFT while
retaining GCC-PHAT and rMPE. Performance degraded on all datasets except Dynamic-S, validat-
ing the effectiveness of LNuDFT. Experiment (iv) initialized LNuDFT with the uniform spacing,
identical to the standard DFT and allowed it to be trained. While it achieved comparable results
to the proposed method on Dynamic-S and NAO robot, performance decreased on Eigenmike and
Dynamic-U. In experiment (v), NuDFT parameters were initialized using a proposed logit-based
mapping and then frozen during training. This variant yielded the best performance on Dynamic-U,
suggesting that initializing LNuDFT with a informative frequency distribution benefitted generaliza-
tion to unseen conditions. While logit-based initialization was more effective in practice, the choice
of mapping function and hyperparameters was made empirically. Identifying optimal initialization
strategies remains an open direction for future research and may further enhance performance. The
visualization of trained LNuDFT parameters (Appendix A.2) reveals that they densely focused on
physically informative frequency regions, enhancing both model interpretability and robustness.

Effectiveness of AGG-RL. In experiment (vi), AGG-RL was replaced with a fixed-grid setup
(D = 2048), directly predicting spatial spectra as in standard classification models. This variant
achieved the best performance on Dynamic-S, which matched the training condition, and slightly
outperformed the proposed method on Dynamic-U. However, it degraded on real datasets, showing
that AGG-RL was crucial for generalization. Experiments (vii) and (viii) replaced Gridnet inputs
with FM-based encodings of Eq. (12) and raw Cartesian coordinates, respectively. FM-based encod-
ing achieved similar results, but PM-based encoding was slightly superior overall. Raw Cartesian
inputs yielded comparable performance on most datasets but dropped on Dynamic-U, suggesting
that sinusoidal encodings better captured the candidate DOA grid structure.

Table 4: Experimental results with different numbers of candidate grids D. The best results on each
dataset are in bold.

D
NAO robot Eigenmike Dynamic-S Dynamic-U

MAE ACC10 MAE ACC10 MAE ACC10 MAE ACC10

128 12.69 ±3.14 68.01 13.60 ±2.83 58.65 13.84 ±0.45 60.29 16.34 ±0.72 45.70
256 10.92 ±2.79 81.25 13.51 ±3.15 58.20 13.11 ±0.51 69.79 16.32 ±0.80 51.33
512 10.19 ±2.17 87.51 11.65 ±2.72 61.06 11.59 ±0.49 74.60 14.97 ±0.77 61.27
1024 9.21 ±2.65 89.91 12.13 ±2.86 72.66 10.66 ±0.49 77.52 14.24 ±0.76 61.88
2048 8.25 ±1.52 90.78 11.24 ±1.76 72.17 10.32 ±0.49 77.34 14.12 ±0.77 63.17
4096 9.16 ±2.56 89.91 11.51 ±2.68 73.06 10.14 ±0.50 77.73 14.01 ±0.77 63.72
8192 8.91 ±2.63 89.54 11.52 ±2.76 75.97 9.91 ±0.49 78.12 13.85 ±0.76 63.83

16384 8.79 ±2.63 89.04 11.54 ±2.80 72.48 9.96 ±0.50 78.21 13.87 ±0.77 64.18

Table 4 further reports the results of the proposed method with varying D. When D was too small,
performance dropped due to limited spatial resolution. Once D ≥ 512, performance stabilized
across all datasets, confirming the grid-flexibility of AGG-RL. When D exceeded 2048, the trends
between the real and synthetic datasets diverged slightly. For the synthetic datasets (Dynamic-S and
Dynamic-U), the performance continued to improve mildly with larger D. Since these datasets were
closely matched to the simulated training domain, finer angular discretization reduced quantization
error and provided consistent, though marginal, improvements. This indicates diminishing returns
beyond a certain resolution. In contrast, performance on the real datasets (NAO robot and Eigenmike)
showed a slight degradation once D exceeded 2048 (except for ACC10 on Eigenmike). Real-world
recordings inevitably contained small acoustic mismatches—such as sensor noise, microphone man-
ufacturing tolerances, and RIR deviations—that were not present in synthetic data. With an overly
dense grid, the localization decision became more sensitive to these perturbations, increasing estima-
tion variance. Overall, the results suggest that increasingD beyond a certain threshold yields limited
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gains, and excessively large D is not necessarily beneficial in practice. t-SNE visualizations of the
GRs (Appendix A.16) further confirm that Gridnet learned structured spatial embeddings. Over-
all, AGG-RL enhanced robustness on real recordings and unseen conditions, effectively integrating
audio-geometry-grid information into a shared latent space.

Table 5: Number of parameters and FLOPs under different configurations.
(a) Models with varying number of channels

Model Params (M) FLOPs (G)
C = 4 C = 8 C = 12

Unet 8.40 1.14 1.49 2.10
Neural-SRP 1.13 1.86 8.54 20.08
GI-DOAEnet 2.32 0.49 0.89 1.29
AuGeonet

with Fixed Grid 2.32 0.42 0.82 1.22
with AGG-RL 1.86 0.43 0.83 1.23

(b) Gridnet with varying grid sizes
D Gridnet Params (M) GR Params (M) FLOPs (G)

1024 1.19 0.26 0.27
2048 1.19 0.52 0.54
4096 1.19 1.04 1.07

Computational resource comparison. We measured inference complexity using fvcore5, with 1-
second inputs, defaulting to G = 256 and D = 2048. Table 5(a) compares parameters and FLOPs
across different numbers of channels, while Table 5(b) reports Gridnet results with varying grid
sizes. Unet had the largest parameter count and Neural-SRP the highest FLOPs, with FLOPs of both
models being scaled quadratically withC due to pairwise features. GI-DOAEnet and AuGeonet with
fixed grid shared the same parameters, but AuGeonet achieved lower FLOPs with reference-based
GCC-PHAT, also ensuring linear scaling inC. With AGG-RL, AuGeonet further reduced parameters
by replacing direct D = 2048 mapping with a G = 256 representation; FLOPs increased only
slightly from the similarity computation in Eq. (16). For Gridnet with GRs, FLOPs scaled linearly
withD, and both FLOPs and parameter counts were on the same order as AuGeonet, contributing to
the overall computational complexity. Nevertheless, FLOPs remained lower than those of baselines
and IPDnet (Wang et al., 2024b). In practice, the overhead from Gridnet is manageable: GRs can be
cached for static environments, or D can be reduced with minimal performance loss. A more study
on efficiency improvements, including lightweight design alternatives, is left for future work.

6 CONCLUSION

In this paper, we proposed AGG-RL, a novel framework for grid-flexible and geometry-invariant
SSL that jointly learns complementary representations from audio-geometry-grid inputs. To improve
generalization and interpretability, we introduced two physics-informed components: LNuDFT,
which enables adaptive frequency analysis to enhance IPD distinguishability, and rMPE, which
encodes relative microphone position cues. Extensive experiments across multiple datasets demon-
strated that our framework achieved superior generalizability and robustness, particularly under un-
seen geometries and real-world recordings. We believe that AGG-RL provides a solid foundation
for advancing 3D acoustic scene understanding in practical environments. For future work, we plan
to extend AGG-RL to multimodal scenarios and broader spatial sensing tasks that require scalable
grid or geometry configurations. We also aim to theoretically analyze the generalization properties
of LNuDFT-based representations, providing a stronger foundation for physics-informed DNN.

REPRODUCIBILITY STATEMENT

In this paper, we leverage publicly available datasets and toolkits to ensure the reproducibility of
our experiments. The specific datasets, libraries, and detailed implementation steps are provided
in the Appendix. The source code for our work is available at https://anonymous.4open.
science/r/Audio-Geometry-Grid_Representation-Learning-6FD6.
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A APPENDIX

A.1 RELATIONSHIP BETWEEN TDOA AND RELATIVE MICROPHONE POSITIONS

We derive here the relationship between the TDOA and relative microphone positions under the stan-
dard plane-wave assumption. Assuming a far-field source, the time of arrival τ(·) at a microphone
position p ∈ R3 is given by

τ(p) = τ0 −
u⊤p

v
, (17)

where τ0 is the reference arrival time at the origin of the coordinates, u ∈ R3 is the unit direction
vector of the incoming wave, and v is the speed of sound. Let pm and pn denote the positions of the
m-th and n-th microphones, respectively. Their TDOA ∆τm,n is

∆τm,n = τ(pm)− τ(pn) =
u⊤(pn − pm)

v
=

u⊤∆pm,n
v

, (18)

where ∆pm,n := pn − pm is the relative microphone position vector. This result shows that the
TDOA depends solely on the relative microphone positions ∆pm,n, which is analogous to Eq. (10),
not on their absolute coordinates. As the IPD is given by ∆θm,n(f) = 2πf ∆τm,n, the same prop-
erty holds for IPDs as well. Therefore, encoding microphone geometry in a relative form, as done in
the proposed rMPE, is directly grounded in the underlying physics of wave propagation.

A.2 LNUDFT PARAMETER VISUALIZATION
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Figure 3: Frequency response of LNuDFT parameters.

Figure 3 shows the frequency response of the LNuDFT parameters with fk = νk
N fs, where the

sampling frequency was fs = 16 kHz. The horizontal axis represents the indices of the LNuDFT
parameters, k, and the vertical axis represents the frequency fk in Hz. The standard DFT was ini-
tialized with uniformly spaced bins, which after training evolved into a non-uniform spacing that
allocates higher resolution to the 1.5–7.5 kHz range. In contrast, the proposed logit-based initializa-
tion already placed parameters densely within the 2–6 kHz region at initialization, and they tended to
evolve toward a more uniform spacing after training. This behavior indicates that the model tended
to attenuate resolution at too low and high frequencies, concentrating more bins in the mid-frequency
range. It denotes that the proposed initialization and the results of LNuDFT were well aligned with
the spectral characteristics of speech signals, which are primarily concentrated in this frequency
range, and provides informative IPD cues crucial for SSL and TDOA estimation.

The selected values of ϵstart = 0.15 and ϵend = 0.95 for the logit-based initialization were cho-
sen to assign denser sampling to the low- and mid-frequency regions, while sparsely covering the
high-frequency region to avoid spatial aliasing. As shown in Fig. 3, this initialization results in fre-
quency allocations that concentrate primarily on the mid-frequency bins where IPD cues are most
reliable. Furthermore, the initialization also assigned slightly denser sampling in the low-frequency
bins than in the high-frequency bins, ensuring stable IPD information while avoiding aliasing ef-
fects. We performed a grid search over ϵstart and ϵend and observed that small perturbations around
the selected values did not significantly affect performance. The chosen configuration provided the
most consistent and robust results across our experiments.
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A.3 AUGEONET ARCHITECTURE
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Figure 4: AuGeonet architecture.

The overall structure of AuGeonet is modified from GI-DOAEnet (Baek et al., 2025), with detailed
architecture available in the original paper. The default settings of the AuGeonet were M = 128,
α = 7, β = 4, O = 3, and G = 256. Other hyperparameters followed those of GI-DOAEnet.
Figure 4 illustrates the modified AuGeonet architecture, and the key modifications are summarized
below:

• Input feature. The input is replaced with LNuDFT-based GCC-PHAT features.
• Integrating the geometry information. Each channel of the input GCC-PHAT features are

treated as a batch. These features are first processed with 1D batch normalization (BN) (Ioffe
& Szegedy, 2015), and relative microphone coordinates in both Cartesian and sinusoidal spherical
forms (x̃c, ỹc, z̃c, r̃c, sin ϑ̃c, cos ϑ̃c, sin φ̃c, cos φ̃c) from Eq. (10) are concatenated along the fre-
quency dimension to provide comprehensive geometry information. Then, an initial ConvBlock
(CB), consisting of an 1D convolution layer, an ELU (Clevert et al., 2016) activation, and a BN,
projects the frequency dimension from 2K+8 to feature sizeM . A stack of Residual ConvBlocks
(RCBs), each composed of two CBs with a residual connection, follows the initial CB to extract
local features. rMPE is added to the input of each RCB, and a total of 4 RCBs are used.
After the RCBs, four spatio-temporal dual-path blocks (STDPBs) are applied. Each STDPB con-
sists of a CW-MHSA with rMPE, which captures spatial dependencies by applying MHSA across
the channel dimension for each time frame, and a frame-wise GRU (Cho et al., 2014), which
models temporal dependencies.

• Output representation. Finally,O representation mapping blocks (RMBs) are used instead of the
spatial spectrum mapping blocks in GI-DOAEnet. Each RMB consists of an RCB, which applies
LN instead of BN, followed by a linear layer that projects the features to size G. The output of
RCB each RMB is also passed to the subsequent one.
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A.4 GRIDNET ARCHITECTURE

Linear Layer

ELU

Candidate DOA

Layer Norm

Linear Layer

   

Figure 5: Gridnet architecture.

Gridnet consists of B sequential blocks, each composed of a linear layer that preserves the fea-
ture dimension G, followed by an ELU activation (Clevert et al., 2016) and a layer normalization
(LN) (Ba et al., 2016) layer, as illustrated in Fig. 5. A final linear layer produces the output, GR.
All candidate DOAs are modulated with sinusoidal encoding before being input to Gridnet. These
modulated candidate DOAs are processed in batch, allowing Gridnet to efficiently handle varying
numbers of candidates D without retraining. B was set to 3, and the frequency modulation factor ξ
was set to 1 in our experiments.

A.5 FIBONACCI SPHERE SAMPLING

Algorithm 1: Fibonacci Sphere Point Generation
Input: Number of DOA grids D
Output: Set of 3D points Ψ = {ψd}D−1

d=0 , ψd = (xd, yd, zd, θd, ϕd) ∈ R3 on the unit sphere
φ← 1+

√
5

2

ϑ← 2π
φ

for d← 0 to D − 1 do
z ← 1− 2d+1

D

r ←
√
1− z2

ω ← d · ϑ
x← r cosω
y ← r sinω
θ ← atan2(y, x)

ϕ← π
2 − atan2(z,

√
x2 + y2)

Add point ψd = (x, y, z, θ, ϕ) to Ψ
end
return Ψ

(a) Fibonacci sphere sampling. (b) Equiangular sphere sampling.

Figure 6: Examples of (a) Fibonacci sphere sampling and (b) equiangular sphere sampling.
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Fibonacci sphere sampling generates nearly uniform points on the unit sphere using the golden
angle, thereby avoiding the pole clustering problem of latitude–longitude grids (Saff & Kuijlaars,
1997). Algorithm 1 summarizes the procedure, with φ denoting the golden ratio. Figure 6(a) shows
an example with D = 512 points, while Fig. 6(b) illustrates equiangular sampling (32 azimuth× 16
elevation), which suffers from dense clustering at the poles. This method efficiently approximates
uniform sampling without complex computations.

A.6 ORACLE SPATIAL SPECTRUM GENERATION

The oracle spatial spectrum S ∈ RD×O×L is generated as:

Sd,o,l =

max
ψl∈Ψl

{
e
κ(γo)

(
cos
(
δ(ςd,ψl)

)
−1

)}
, if |Ψl| > 0,

0, otherwise,
(19)

δ(ς, ψ) = arccos (xςxψ + yςyψ + zςzψ) , (20)

κ(γ) =
− ln
√
2

cos γ − 1
, (21)

where Ψl is the set of ground-truth DOAs at the l-th frame, and ςd is the d-th DOA candidate. The
angular distance between a candidate and a ground-truth DOA is computed by δ(·), and γo controls
the beamwidth (Choi & Chang, 2022) for the o-th output. A smaller γo yields narrower beams with
sharper peaks but weaker relationships across neighboring DOAs, while a larger γo produces wider
beams with smoother transitions.

A.7 LOSS FUNCTION

The weighted BCE loss is defined as:

L(S, Ŝ) = − 1

L ·D
O∑
o=1

L∑
l=1

D∑
d=1

{
ρ · Sd,o,l log Ŝd,o,l + (1− Sd,o,l) log

(
1− Ŝd,o,l

)}
, (22)

where ρ is a weighting factor to balance the loss between positive (ground-truth DOAs) and negative
samples (Nguyen et al., 2020). In our experiments, we set ρ = 2.

A.8 ITERATIVE MAX-PEAK SELECTION ALGORITHM

Algorithm 2: Iterative max-peak selection from spatial spectrum

Input: Predicted spatial spectrum Ŝo,l, number of active speakers Tl, angular distance margin L̄
Output: Set of estimated DOAs Ψ̂l
Initialize Ψ̂l ← ∅
while |Ψ̂l| < Tl do

Find index d∗ ← argmaxd Ŝd,o,l
Add DOA candidate ψd∗ to Ψ̂l
Suppress Ŝd,o,l ← 0 for all d within angular distance L̄ of d∗ (computed using Eq. (20)).

return Ψ̂l

Algorithm 2 outlines the iterative max-peak selection method for estimating DOAs (Baek et al.,
2023) from the predicted spatial spectrum Ŝo,l ∈ RD, where D is the number of candidate points at
the l-th frame and o-th output. The number of active speakers Tl is assumed to be known a priori,
and L̄ is an angular distance margin to avoid selecting multiple peaks from the same source, which
was set to 10◦ in our experiments.

A.9 MODEL TRAINING DETAILS

Every DNN-based method used similar training settings. The batch size was set to 16 for most
models, except Neural-SRP which reduced to 1 due to memory constraints of GPU. All models
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were implemented in PyTorch and trained on a single NVIDIA RTX 3090 / 4090 GPU. We used the
weighted BCE loss in Eq. (22), and the Adam optimizer (Kingma & Ba, 2014), gradient clipping
within 1, and an adaptive learning rate schedule that decayed by 0.9 if the validation loss did not
improve for two consecutive epochs. To facilitate robust SSL learning, we employed complexity
gradual training (CGT) strategy (Baek et al., 2025), consisting of multi-stage geometry learning
(MSGL) and DSCL.

Table 6: Multi-stage geometry learning (MSGL) hyperparameters.

Stage Microphone Array Number of channels Learning Rate Weight Decay Epoch
1 Tetrahedron (4 cm) 4 2.5×10-4 1.0×10-4 1–10
2 Dynamic 4 5.0×10-4 1.0×10-6 11–20
3 Dynamic 4–12 1.0×10-3 1.0×10-6 21–300

Table 6 summarizes the MSGL setup. The training complexity was gradually increased: from fixed
to dynamic MAs, and from a fixed to variable number of channels, with stage-specific learning
rates and weight decay for stable convergence. Each epoch contained 28,800 utterances for training,
and validation was conducted after every epoch (2,000 samples in stages 1–2, and 300 samples
per channel in stage 3). DSCL employed multiple outputs with varying beamwidth targets, starting
coarse and gradually refining them. Beamwidth parameters γo were initialized as [32◦, 12◦, 5◦] and
decreased linearly to [5◦, 5◦, 5◦] between epochs 35–60. This coarse-to-fine scheme first captures
broad spatial patterns and then sharpens them into accurate spatial spectra for SSL.

A.10 SYNTHETIC DATASET GENERATION

Algorithm 3: Synthetic dataset generation.
Input: Anechoic speech dataset, noise dataset, number of channels C
Output: Synthetic mixtures, oracle voice activity detection (VAD) labels, ground-truth DOAs
foreach utterance do

Speech selection: Randomly select speakers and utterances, resample to 16 kHz, trim/pad
to 4 s, and obtain oracle VAD labels using WebRTC VADa.

Noise generation: Select one coherent noise, resample to 16 kHz, generate channel-wise
Gaussian white noise, and trim/pad to 4 s.

Spatial setup: Randomly configure room size, RT60, and C-channel 3D geometry with
inter-microphone distances constrained by Eq. (23). Place speakers with at least 10◦
angular separation, with coherent noise placed at least 2.5 m away, and ensure the
microphone array is at least 0.1 m from walls.

RIR generation: Generate synthetic RIRs using gpuRIR (Diaz-Guerra et al., 2021b) with
the image source method (Allen & Berkley, 1979) and diffuse modeling.

Signal construction: Convolve signals with RIRs, mix speech with random SIR, mix
noises with random SIR, and combine speech and noise with random SNR.

ahttps://github.com/wiseman/py-webrtcvad

Rmin =
[
max

(
1, 4− 3 · C−4

8

)
, 6
]

cm,

Rmax =
[
7, max

(
7, 9 + 4 · C−4

8

)]
cm.

(23)

This section details the process of generating the synthetic dataset, following the procedure of Baek
et al. (2025). Algorithm 3 outlines the steps, while Eq. (23) defines the minimumRmin and maximum
Rmax inter-microphone distances as a function of the number of channels C. Table 1 summarizes
the ranges of acoustic parameters used in Algorithm 3 for generating the synthetic dataset. Each
parameter was randomly sampled from a uniform distribution within the specified interval, except
for the elevation angle. The elevation was drawn from a von Mises-Fisher distribution (Fisher et al.,
1993), given by φ

2 , where φ ∼ vMF(µ, κ) with µ = π and κ = 2, favoring positions near the
horizontal plane while restricting the range to [0, π].
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For training and validation, anechoic utterances were taken from LibriSpeech (Panayotov et al.,
2015), where the train-clean-100 and test-clean sets were used, respectively, and noises
were taken from MS-SNSD (Reddy et al., 2019), where the train and test sets were used,
respectively. Anechoic speech for evaluation was taken from TIMIT (Garofolo et al., 1993), and
noises from ESC-50 (Piczak, 2015).

A.11 EVALUATION METRICS

MAE (◦) and ACC10 (%) are defined as:

MAE (◦) =
180

π

1

|Lact|
∑
l∈Lact

1

Tl
min
p∈Pl

Tl∑
s=1

δ
(
ςs, ψ̂p(s)

)
, (24)

ACC10(%) =
|Lacc|
|Lact|

× 100, (25)

where | · | denotes the cardinality of a set, and Lact is the set of active speaker labels in the utterance.
Tl is the number of sources for the l-th frame, Pl is the set of all permutations of Tl sources, ςs is the
ground-truth DOA of source s, ψ̂p(s) is the estimated DOA assigned to source s under permutation
p, and δ(·) is the angular distance between two directions computed using Eq. (20). MAE computes
the mean angular error between ground-truth and estimated DOAs, considering all possible source
permutations to resolve permutation ambiguity in multi-source scenarios. Lacc is the subset of Lact
whose angular error is less than 10◦.

A.12 BOX AND VIOLIN PLOTS OF THE RESULTS
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Figure 7: Box and violin plots of MAE for Dynamic-S with 4–12 channels.
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Figure 8: Box and violin plots of MAE for Dynamic-U with 13–16 channels.

Figures 7 and 8 present the box and violin plots of MAE results for Dynamic-S with 4–12 channels
and Dynamic-U with 13–16 channels, respectively. Box plots show the interquartile range (IQR),
and whiskers, where the black solid line denotes whiskers within 1.5 times the IQR. The dotted and
dashed lines inside box plots indicate the median and mean of each method, respectively. Violin
plots illustrate the kernel density estimation of the distribution. The proposed method exhibited a
more pronounced peak around the median values with a narrower distribution, indicating that the
results were more concentrated and consistent compared to the baselines, Unet and Neural-SRP,
both equipped with AGG-RL.
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A.13 ANALYSIS ACROSS ENVIRONMENTAL CONDITIONS
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Figure 9: MAE and ACC10 results of the proposed method and baselines (Unet, Neural-SRP; both
with AGG-RL) on the Dynamic-S and Dynamic-U datasets across different SNR and RT60 condi-
tions.
To assess the impact of environmental conditions on SSL performance, we analyzed the results
across varying SNRs and RT60s using the synthetic datasets. Figure 9 illustrates the MAE and
ACC10 results for Dynamic-S and Dynamic-U, comparing the proposed method with the baselines
(Unet and Neural-SRP), both equipped with AGG-RL. The two datasets were combined to provide
a comprehensive overview of performance tendencies under varying environmental conditions. The
combined datasets were divided into 10 equally sized bins for each SNR and RT60 range, and the
nearest values to the bin centers were averaged. All methods showed improved performance with
increasing SNR and decreasing RT60, as easier acoustic conditions inherently facilitate more accu-
rate SSL. Notably, the proposed method consistently outperformed the baselines across all SNR and
RT60 ranges, demonstrating strong robustness under both low-SNR and highly reverberant condi-
tions.

Table 7: Experimental results under different numbers of active speakers across all datasets.

NAO robot Eigenmike Dynamic-S Dynamic-U
MAE ACC10 MAE ACC10 MAE ACC10 MAE ACC10

Unet
1 speaker 11.59 ±3.43 93.00 16.14 ±3.69 68.49 16.92 ±0.91 62.74 13.52 ±1.20 71.68
2 speakers 19.78 ±5.74 24.41 23.29 ±4.75 12.14 32.46 ±0.84 29.76 30.06 ±1.14 33.98

Neural-SRP
1 speaker 7.28 ±2.62 90.21 10.77 ±2.28 79.08 12.77 ±0.84 63.65 9.73 ±0.97 73.21
2 speakers 13.28 ±5.31 33.74 17.89 ±3.67 17.24 33.55 ±0.93 20.92 31.22 ±1.30 26.47

Proposed
1 speaker 7.48 ±1.54 96.06 9.77 ±1.42 81.13 7.08 ±0.52 85.95 9.51 ±0.92 74.09
2 speakers 10.71 ±3.54 73.90 15.93 ±3.56 43.50 17.93 ±0.73 58.84 21.17 ±1.10 39.58

Table 7 summarizes the experimental results under different numbers of active speakers across all
datasets. All methods showed degradation when moving from one to two speakers, which reflects
the increased difficulty of SSL in multi-source scenarios. However, except for the MAE in the
single-speaker condition of the NAO robot dataset—where Neural-SRP showed marginally better
performance—the proposed method consistently outperformed both baselines across all datasets
and speaker configurations, demonstrating its strong ability to handle both single- and multi-speaker
spatial scenes.

23



1242
1243
1244
1245
1246
1247
1248
1249
1250
1251
1252
1253
1254
1255
1256
1257
1258
1259
1260
1261
1262
1263
1264
1265
1266
1267
1268
1269
1270
1271
1272
1273
1274
1275
1276
1277
1278
1279
1280
1281
1282
1283
1284
1285
1286
1287
1288
1289
1290
1291
1292
1293
1294
1295

A.14 RESULTS WITH STARSS23 DATASET

Table 8: Experimental results on STARSS23 with different methods. The best results on each dataset
are in bold.

Total 1 Speaker 2 Speakers
MAE ACC10 MAE ACC10 MAE ACC10

Unet 43.91 ±4.97 23.55 38.37 ±8.55 35.71 46.03 ±5.96 18.90
Neural-SRP 55.54 ±7.55 5.74 50.11 ±16.56 10.12 57.62 ±8.35 4.07
Proposed 27.32 ±5.50 36.09 18.67 ±6.15 56.58 30.63 ±6.96 28.25

For further validation, we evaluated the proposed method using the STARSS23 dataset (Shimada
et al., 2023), which consists of real-recorded multi-speaker reverberant mixtures originally recorded
with a 32-channel Eigenmike MA. The official dataset provides downmixed versions using 6-, 10-,
26-, and 22-th channel subsets, corresponding to a 4-channel tetrahedral-shape configuration. Al-
though the dataset was developed for sound event localization and detection (SELD), we focused
exclusively on the speech localization aspect. Speech-only segments were selected based on the
provided annotations. The results in Table 8 show a noticeable degradation compared to Table 3.
This is expected because STARSS23 involves low SNR conditions with various sound events, highly
dynamic scenes with moving speakers, and acoustic characteristics that differ significantly from our
static, synthetic training data. Despite these challenges, the proposed method consistently outper-
formed the baselines across all evaluation settings, demonstrating strong generalization capability to
real-world and dynamic recording conditions.
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A.15 SPATIAL SPECTRUM VISUALIZATION
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Figure 10: Spatial spectra averaged across frames for an utterance with two active speakers from the
NAO robot dataset, visualized in Mollweide projection. Peaks correspond to estimated DOAs on the
unit sphere.
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Figure 11: Frame-wise spatial spectra for the same utterance of Fig. 10, shown in 2D where the
x-axis represents time frames and the y-axis denotes grid indices.

Figure 10 illustrates the spatial spectra of the oracle, the proposed method, Neural-SRP, and Unet
on an utterance with two active speakers from the NAO robot dataset. For visualization, frame-
level spectra were averaged and projected onto the Mollweide map. The proposed method produced
sharp and distinct peaks exactly at both ground-truth DOAs, closely resembling the oracle. In con-
trast, Neural-SRP yielded a broad peak that failed to clearly separate the two speakers, while Unet
generated less distinctive peaks. Figure 11 illustrates the spatial spectra in 2D, where x- and y-axis
represent frame and DOA index d, respectively. The proposed method consistently produced stable
peaks aligned with ground-truth DOAs and accurate VAD estimation, whereas Neural-SRP and Unet
exhibited less consistent activations and unreliable VAD distinction.
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Figure 12: Spatial spectra averaged across frames for an utterance with a single active speaker from
the Eigenmike dataset, visualized in Mollweide projection. Peaks correspond to estimated DOAs on
the unit sphere.
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Figure 13: Frame-wise spatial spectra for the same utterance of Fig. 12, shown in 2D where the
x-axis represents time frames and the y-axis denotes grid indices.

Figures 12 and 13 show the spatial spectra of the oracle, proposed method, Neural-SRP, and Unet
on an utterance with a single active speaker from the Eigenmike dataset, using Mollweide projection
and 2D frame-wise view, respectively. In the Mollweide projection (Fig. 12), the proposed method
produced a distinct and sharp peak at the ground-truth DOA. By contrast, Neural-SRP yielded a
broad peak that did not clearly indicate the source location, while Unet produced multiple non-
ground-truth peaks (e.g., near -90◦ azimuth), demonstrating less reliable estimation. In the 2D rep-
resentation (Fig. 13), the proposed method consistently localized the source with sharp peaks and
reliable VAD, closely matching the oracle. Neural-SRP again exhibited a wide, ambiguous peak,
and Unet generated less sharp peaks along with spurious responses. Overall, the proposed method
yielded sharper and more stable spatial spectra than the baselines, highlighting its robustness for
unseen MA geometries.
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A.16 VISUALIZATION OF GRID REPRESENTATIONS
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Figure 14: Grid representations visualized with t-SNE. Fibonacci grid points with D = 4096 are
used as input candidates.
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Figure 15: Grid representations visualized with t-SNE for azimuth and elevation candidates.

Figure 14 visualizes the output with Fibonacci grid points with D = 4096. Nearby directions in
3D space were embedded closely, whereas opposite directions were mapped farther apart, demon-
strating that the GRs preserved directional similarity in the latent space. Figure 15(a) illustrates the
case of varying azimuth while fixing elevation at 90◦ with D = 2048. The t-SNE outputted form a
circular pattern consistent with azimuthal changes, indicating smooth representation of angular vari-
ation. Figure 15(b) shows the case of varying elevation while fixing azimuth at 0◦ with D = 2048.
The t-SNE outputted form an S-shaped pattern aligned with elevation changes, demonstrating that
the Gridnet consistently encodes variations in elevation. These results indicate that Gridnet cap-
tured and preserved the relationships of candidate DOAs in the latent space, supporting flexible and
interpretable candidate DOA representation.

A.17 THE USE OF LARGE LANGUAGE MODELS

The authors used large language models (LLMs) to assist in writing the manuscript, including refin-
ing language, and ensuring clarity and coherence.
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