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ARTICLE Communicated by J. Kevin O’Regan

A Sensorimotor Approach to Sound Localization

Sound localization is known to be a complex phenomenon, combining
multisensory information processing, experience-dependent plasticity,
and movement. Here we present a sensorimotor model that addresses the
question of how an organism could learn to localize sound sources with-
outany a priori neural representation of its head-related transfer function
or prior experience with auditory spatial information. We demonstrate
quantitatively that the experience of the sensory consequences of its vol-
untary motor actions allows an organism to learn the spatial location of
any sound source. Using examples from humans and echolocating bats,
our model shows that a naive organism can learn the auditory space based
solely on acoustic inputs and their relation to motor states.
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PhD thesis: Acoustic Space Sampling 2010-2013

« Use a white noise emitter to obtain interaural cues in all frequencies

« Two methods: the listener is moved or the emitter is moved

Audio-motor sampling Audio-visual sampling
» 10,800 motor states (2 angles) » 432 image positions (in pixels)
« 360° azimuth, 120° elevation » Covering the camera field of view
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* These high-dimensional representations do not reveal the
intrisic structure of acoustic spaces
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* Can be obtained with dimensionality reduction techniques =
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* Map data onto a lower dimensional space, using high

dimensional data only
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* These high-dimensional representations do not reveal the
intrisic structure of acoustic spaces

* We seek a low-dimensional representation

* Can be obtained with dimensionality reduction techniques =
unsupervised learning

* Map data onto a lower dimensional space, using high
dimensional data only

* PCA=linear, manifold learning=non-linear

.&Z’M‘"‘ Antoine.Deleforge@inria.fr




PhD thesis: Acoustic Space Sampling 2010-2013

ILD space IPD space

0 0

N N

& ]

> o

< <

\5) QL

3 S

o o

5] 5}

& &

8\ 8\

10,800source directions 10,800 source directions

Non-Linear dimensionality reduction (LTSA) * Apply PCA locally around each point

Zhang & Zha (2004) * Align globally each representation
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PhD thesis: Acoustic Space Sampling 2010-2013
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Sources Data
H OW Train Test
Author Year Architecture Type Learn. Input features Output NoS Kno. Mov. SA RA SR RR SA RA SR RR
Adavanne et al. (2021) 2021 CRNN + SA R S FOA Mel spectrograms + intensity + GCC-PHAT X.y.z 2 4 4 X X x v x x x V
P l Bai et al. (2021) 2021 Res. CRNN R S Log-Mel spectrograms + intensity x,yz 1 v v X X x v x x X V
rerak gincoeral. 2021) 2021 VAE c ss RTF 0 . # & KRR 2 X KR LV
Bohlender et al. (2021) 2021 CNN/CRNN (& S Phase map 0 1-3 v X X x v x x x x /
Bologni et al. (2021) 2021 CNN (& S Waveforms 0.d 1 4 X X Xx v X X x v X
Cao et al. (2021) 2021 SA R S Log-Mel spectrograms + intensity x,y,z 0-2 X 4 X X x v x x X
Castellini er al. (2021) 2021 MLP R S real + imaginary CPS X,y 1-3 v X o X o x o x o x x x Vv
Diaz-Guerra et al. (2021b) 2021 CNN R S SRP-PHAT power map X, ¥,2 1 v v X x v x x x v /
Emmanuel et al. (2021) 2021 CNN + SA R S Log-spectrograms + intensity ACCDOA 1 4 4 X X x v x x X V
Gelderblom et al. (2021) 2021 MLP CR S GCC-PHAT 0 2 4 X X X v X X X X v
#=. . GongalvesPinto et al. (2021) 2021 CNN R S Magnitude CPS xy 1-10 X X o X X X v X X X
Grumiaux ef al. (2021a) 2021 CRNN C S Intensity 0, ¢ 1-3 v v X X v x x x v V
Grumiaux et al. (2021b) 2021 CNN + SA C S Intensity 0, ¢ 1-3 4 X X X v x x x v V
Guirguis et al. (2020) 2021 TCN R S Magnitude + phase spectrograms X, ¥,2 1 v v v v v v v v v/
A SUrVv( Hammereral. (2021) 2021 U-net C S Phase map of the RTF between each mic pair 0 00 X 4 X X v x x x x
meth0| He et al. (2021a) 2021 Res. CNN ¢ WS Magnitude + phase spectrograms 0 4 VX X X X v v x x x V/
He et al. (2021b) 2021 CNN R S Waveforms X, ),z 1 4 4 v v v v v v vV
eeseseccccrcs Huangand Perez (2021) 2021 Res. CNN + SA R S Waveforms ACCDOA 1 4 4 X X x v x x X
Pierre-Amal Komatsu et al. (2020) 2021 CRNN R S FOA magnitude + phase spectrograms 0, ¢ 1 v v v v v v v v v /
'Nantes Unive Krause et al. (2020a) 2021 CNN R S Magnitude + phase spectrograms X Y52 1 4 X X X v X x x v X
5 Krause et al. (2020b) 2021 CRNN R S Misc. 0, ¢ 1 v X X X x v x x x V
Orange Labs, )
. . b3 Lee et al. (2021a) 2021 U-Net R S SRP power map Xy 1-3 X X v X X X X v X X
Univ. Grenob  Lee et al. 2021b) 2021 CNN +attenion € S Log-Mel spectrograms + intensity 0 T2 S 2 S B A
Liu eral. (2021) 2021 CNN (& S Intensity 0 1 4 X X X v X x x v V/
Naranjo-Alcazar et al. (2021) 2021 Res. CRNN R S Log-Mel spectrograms + GCC-PHAT ACCDOA 1 4 4 X X x v x x X
Nguyen et al. (2021a) 2021 CRNN C S Intensity/GCC-PHAT 0. ¢ 1 4 v v v v v v v v/
Nguyen et al. (2021b) 2021  CNN + RNN/SA R S Log-spectrograms + DRR + SCM eigenvectors ~ ACCDOA 1 4 4 X X x v x x x V
Park et al. (2021a) 2021 SA R S log-Mel spectrograms -+ intensity x,y,z 1 4 v X X x v x x X V
Poschadel et al. (2021a) 2021 CRNN C S HOA magnitude + phase spectrograms 0, ¢ 1 v X X x v X Xx x v V/
Poschadel et al. (2021b) 2021 CRNN & S HOA magnitude + phase spectrograms 0, ¢ 2-3 v X X x v x x x v /
Pujol et al. (2021) 2021 Res. CNN R S Waveforms 0, ¢ 1 v X X x v x x v vV /
Rho et al. (2021) 2021 CRNN + SA R S Log-Mel spectrograms + intensity 0, ¢ 1 4 4 v v v v v v v /
Schymura et al. (2021) 2021 CNN + SA R S Magnitude + phase spectrograms 0, ¢ 1 4 X A A A A
Schymura et al. (2020) 2021 CNN + AE + attent. R S FOA magnitude + phase spectrograms 0, ¢ 1 v X v v v v v v v/
Shimada et al. (2021) 2021  Res.CRNN + SA R S IPD ACCDOA 1 v v X X x v x x x V
Subramanian et al. (2021a) 2021 CRNN CR S Phase spectrogram 0 2 4 X X X v X x x J/ X
Subramanian et al. (2021b) 2021 CRNN C Phase spectrograms, IPD 0 2 4 X X X v X Xx x J/ X
Sudarsanam et al. (2021) 2021 SA R S Log-Mel spectrograms + intensity ACCDOA 1 v v X Xx X v x x x /
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3 layers of acoustic simulation realism at train time

WEIRRGEELR Mic. Realism Source Realism

Naive: identical,
frequency-independent
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3 layers of acoustic simulation realism at train time

WEIRRGEELR Mic. Realism Source Realism
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3 layers of acoustic simulation realism at train time

Wall Realism Mic. Realism Source Realism
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3 Real Test Sets

DIRHA (2017) VoiceHome?2 (2018) STARSS (2022)

« > 20 real Human speakers
« > 15 real rooms (living room, kitchen, classroom)

« 3 arrays of 2 microphones

95 minutes of speech annotated with sound source direction
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Results

« Advanced simulation significantly improves sound source
localization results across all test sets

« Every added layer of realism contributes to these results

Real Test Sets VoiceHome-2 [24] DIRHA [25] STARS22 [26]
Methods T Recall | | MAE (°) | T Recall | | MAE (°) | 1 Recall | | MAE (°)
SRP-PHAT 70% 994+ 1.5 61% 15.0+£2.3 45% 14.9 £ 0.6
Naive Training 78% 7.6+£1.2 7% 8.4+ 1.4 57% 12.94+0.6
Advanced Training 85% 58 +0.8 84% 6.3+1.0 61% | 11.4+£0.5
Ablation study
w/o wall realism 83% 6.2 £ 0.8 81% 7THx14 59% 12.1 4+ 0.6
w/o source realism 82% 7.1+1.1 80% 7T8+1.2 63% 11.4+0.6
w/o receiver realism N/A N/A 8% 83+1.5 53% 13.4+0.6
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is possible. This could include live music recording on a stage or concert hall, speech
localization, diarisation or enhancement in a meeting or conference room, or hearing aid

THESE
devices (the system could be calibrated for a specific wearer).
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« What is the shape of
the room? »

&’

« Is the floor made of
tiles or carpet? »

Room acoustic diagnosis
Audio augmented reality
Echo-aware audio sighal enhancement

Plenty of interesting open inverse problems
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