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• 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)

• 360° azimuth, 120° elevation

• 432 image positions (in pixels)

• Covering the camera field of view



Antoine.Deleforge@inria.fr /35

PhD thesis: Acoustic Space Sampling

13

2010-2013



Antoine.Deleforge@inria.fr /35

PhD thesis: Acoustic Space Sampling

13

2010-2013

• Interaural Level Difference
Spectrogram

T

F



Antoine.Deleforge@inria.fr /35

PhD thesis: Acoustic Space Sampling

13

2010-2013

• Interaural Level Difference
Spectrogram

T

F

Temporal Mean



Antoine.Deleforge@inria.fr /35

PhD thesis: Acoustic Space Sampling

13

2010-2013

• Interaural Level Difference
Spectrogram

T

F

Temporal Mean

•
• 
• 
• 
• 
• 
• 
• 



Antoine.Deleforge@inria.fr /35

PhD thesis: Acoustic Space Sampling

13

2010-2013

• Interaural Level Difference
Spectrogram

T

F

Temporal Mean

•
• 
• 
• 
• 
• 
• 
• 



Antoine.Deleforge@inria.fr /35

PhD thesis: Acoustic Space Sampling

13

2010-2013

• Interaural Level Difference
Spectrogram

T

F

Temporal Mean

•
• 
• 
• 
• 
• 
• 
• 

•
• 
• 
• 
• 
• 
• 
• 



Antoine.Deleforge@inria.fr /35

PhD thesis: Acoustic Space Sampling

13

2010-2013

• Interaural Level Difference
Spectrogram

T

F

Temporal Mean

•
• 
• 
• 
• 
• 
• 
• 

•
• 
• 
• 
• 
• 
• 
• 

•
• 
• 
• 
• 
• 
• 
• 



Antoine.Deleforge@inria.fr /35

PhD thesis: Acoustic Space Sampling

13

2010-2013

• Interaural Level Difference
Spectrogram

T

F

Temporal Mean

Acoustic Space

•
• 
• 
• 
• 
• 
• 
• 

•
• 
• 
• 
• 
• 
• 
• 

•
• 
• 
• 
• 
• 
• 
• 

…

•
• 
• 
• 
• 
• 
• 
• 

•
• 
• 
• 
• 
• 
• 
• 

•
• 
• 
• 
• 
• 
• 
• 



Antoine.Deleforge@inria.fr /35

Fr
eq

u
en

cy
(k

H
z)

PhD thesis: Acoustic Space Sampling

13

2010-2013

0

8

Fr
eq

u
en

cy
(k

H
z)

10,800 source directions

Acoustic Space

•
• 
• 
• 
• 
• 
• 
• 

•
• 
• 
• 
• 
• 
• 
• 

•
• 
• 
• 
• 
• 
• 
• 

…

•
• 
• 
• 
• 
• 
• 
• 

•
• 
• 
• 
• 
• 
• 
• 

•
• 
• 
• 
• 
• 
• 
• 



Antoine.Deleforge@inria.fr /35

Fr
eq

u
en

cy
(k

H
z)

PhD thesis: Acoustic Space Sampling

13

2010-2013

0

8

Fr
eq

u
en

cy
(k

H
z)

10,800 source directions

Acoustic Space

•
• 
• 
• 
• 
• 
• 
• 

•
• 
• 
• 
• 
• 
• 
• 

•
• 
• 
• 
• 
• 
• 
• 

…

•
• 
• 
• 
• 
• 
• 
• 

•
• 
• 
• 
• 
• 
• 
• 

•
• 
• 
• 
• 
• 
• 
• 

Structure?



Antoine.Deleforge@inria.fr /35

PhD thesis: Acoustic Space Sampling

14

2010-2013

ILD space IPD space



Antoine.Deleforge@inria.fr /35

PhD thesis: Acoustic Space Sampling

14

2010-2013

ILD space IPD space

• These high-dimensional representations do not reveal the
intrisic structure of acoustic spaces



Antoine.Deleforge@inria.fr /35

PhD thesis: Acoustic Space Sampling

14

2010-2013

ILD space IPD space

• These high-dimensional representations do not reveal the
intrisic structure of acoustic spaces

• We seek a low-dimensional representation



Antoine.Deleforge@inria.fr /35

PhD thesis: Acoustic Space Sampling

14

2010-2013

ILD space IPD space

• 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



Antoine.Deleforge@inria.fr /35

PhD thesis: Acoustic Space Sampling

14

2010-2013

ILD space IPD space

• 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



Antoine.Deleforge@inria.fr /35

PhD thesis: Acoustic Space Sampling

14

2010-2013

ILD space IPD space

• These high-dimensional representations do not reveal the
intrisic structure of acoustic spaces
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Or how I kept torturing robots with sounds for a living

Nao Waving Nao Walking
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95 minutes of speech annotated with sound source direction



Antoine.Deleforge@inria.fr /35

A new preprint

31

Oct. 2022

Results

• Advanced simulation significantly improves sound source 

localization results across all test sets

• Every added layer of realism contributes to these results
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