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Examples of auditory inputs
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Examples of auditory inputs

1. People chatting inside
2. Caralarm

3. Bird
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Examples of auditory inputs

1. People chatting inside
2. Caralarm

3. Bird
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Audition

How do we obtain meaningful information from sounds?

Psychology

What do you hear?
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Audition

How do we obtain meaningful information from sounds?

Auditory Neuroscience

How sounds are represented in the brain?




Audition

How do we obtain meaningful information from sounds?

Machine Listening

Can we design an algorithm to deal with sounds?




Audition

How do we obtain meaningful information from sounds?
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Psychology Auditory Neuroscience Machine Listening




Audition

How do we obtain meaningful information from sounds?

AA

Psychology Auditory Neuroscience Machine Listening

Not so much in practice!!



Classic auditory models

The Ear (Human Anatomy)
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Classic auditory models

cochlear duct

basilar

7000 Hz membrane

SRR e 5,000 Hz
©1997 Encyclopaedia Britannica, Inc.

B basilar membrane

base apex

high-frequency waves
(1,500-20,000 Hz)

C basilar membrane

base apex

medium-frequency waves
(600-1,500 Hz)

D  basilar membrane

base apex

low-frequency waves
(200-600 Hz)
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Classic auditory models
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Modulations of the spectrogram
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Modulations of the spectrogram
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Classic auditory models
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Spect. Mod. (cyc/oct)

Classic auditory models

Unpleasant vs. Neutral
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Classic auditory models

Normalized
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Temporal modulations

Does not account
for behaviour
Does not correlate
much with the
brain
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Deep Learning models as models of audition

Frequency (Hz)

Human level performance reached by Deep Neural
Networks based on the spectrogram
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Deep Learning models as models of audition

Human level performance reached by Deep Neural
Networks based on the spectrogram

Not interpretable
for neuroscientists
and psychologists
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Deep Learning models as models of audition

Human level performance reached by Deep Neural

Networks based on the spectrogram

Not interpretable
for neuroscientists
and psychologists
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Spectral modulation (cyc/kHz)
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Spectral modulation (cyc/kHz)

Modulations of the spectrogram
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How to incorporate modulations in deep models?

gk(ta f) — Sk(t7 f)wk(t7 f)
sk(t, f) = : 6_%(2_’%+£_§)

2mo0f
(t f) J(2m(wrt+Q%f))

(t f) 27r FkR7k))
R, = tcos(')/k) + fsin(vg)
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How to incorporate modulation in deep models?

The idea: Stay in the gabor Domain for the
convolution, but find the relevant ones

Y3 .
.
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How to incorporate modulation in deep models?

The idea: Stay in the gabor Domain for the
convolution, but find the relevant ones

Y3 .
//‘

\
S
LS

¢

..... \

< N / e A AN \\
) KG&’O‘@\‘ I 1 y | l I
Wi ryn

Temporal modulations



How to incorporate modulation in deep models?

How to implement the idea: Integrate convolutions into a
neural network and backprop only a subset of parameters

gr(t, f) = sk(t, lwi(t, f)
sk(t, f) = . 6_%(2_’?+£_3‘)

2mo0f

w(t, f) = ) (2m(wit -+ £))
(t, f) — 69(27T(FkR7k))
R, =tcos(vk) + fsin(yx)

Learn only (Ut7 Of, R’yka Fk)

4 params instead of 111*9
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How to incorporate modulation in deep models?

How to implement the idea: Integrate convolutions into a
neural network and backprop only a subset of parameters

gr(t, f) = sk(t, lwi(t, f)
sty f) = o— 8_%(;_’%+£_3‘)

2mo0f

(t f) ) (2m(wit -+ £))
(t, f) — 63(27T(FkR7k))
R, =tcos(vk) + fsin(yx)

Learn only (O-ta Of, R’Yk’ Fk)

4 params instead of 111*9
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Our pipeline for audio processing

Voice Activity Detection

INPUT
— Speaker Identification
ol SPEECH M‘ ' P
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Bird Call type classification

Audio scene classification




Our pipeline for audio processing

Voice Activity Detection

INPUT
S— Speaker Identification
ot o SPEECH _'ﬂ!“ —
== FEATURES Learnable
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Bird Call type classification

Audio scene classification




Engineering resu

Voice Activity Detection

Speaker Identification

ts

Bird Call type classification

Audio scene classification

State-of-the-art on two datasets

Behind topline, above baseline

Behind topline, above baseline

Close to topline
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Qualitative analysis of filters

Spectral modulation (Cycle/Octave)
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Quantitative analysis of filters

Speech AMI
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Quantitative Analysis of spectro-temporal

Distance between Learned STRFs with Optimal Transport

Source and target distributions
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Quantitative Analysis of spectro-temporal

Distance between Learned STRFs with Optimal Transport

Cost matrix M

Source and target distributions
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Quantitative Analysis of spectro-temporal

Distance between Learned STRFs with Optimal Transport

OT matrix Sinkhorn with samples OT matrix sinkhorn
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Quantitative analysis of filters

Distance between Learned STRFs with Optimal Transport
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What is next?

1.

Harmonicity

Example Vowel: Schwa
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What is next?

1.

2.

Harmonicity

Tonotopic Organization for the Modulation
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