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Prologue :
Listening cues

m Whatis this ? |?
m Whereis it ?

m Listening cues
What : timbre
Pitch/frequency/patterns

Where : direction
Time difference
Intensity difference
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Roadmap

M—M————H—-——i—-—-
m Simplified acoustic model

m Linear algebra
m Time-frequency masking

m Conclusion and perspectives
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A simplified acoustic mode

observations

b(t) = A - x(¢)

mixing matrix
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Linear inverse problems

Choose one solution =

Exanpigestspnimgia& emsliggigene solution [ Infinitely many solutions

on the sources |

r = A'b ;" ~ A
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Linear inverse problems

m An approach to focus on each instrument

.. Estimate A

.. Invert the linear equations |l Az = b

on the sources

Choose one solution z:cmined

Exanpigestspnimgia& emsliggigene solution [ Infinitely many solutions

z = Ab
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Linear inverse problems

m An approach to focus on each instrument

.. Estimate A

2. Invert the linear equations l Ax=Db

Choose one solution z:cmined
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Linear inverse problems
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Agenda: find the directions
Invert the equations

m Sindolihkedoago wster rootel
= if only one source is active ...
= in practice ...

et () _
right ()

s
¢
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Agenda: find the directions
Invert the equations

m Sindolihkedoago wster rootel
= if only one source is active ...
= in practice ...

et () _
right ()

1

Find a representation with
> only one active source
bright(t) “at a tlme”
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Time-frequency representation
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Time-frequency representation

Source 1
Source 2
Source 3
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Time-frequency representation

m Demultiplexing Source 1

Source 2
Source 3
requency

A
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Time-frequency representation

m Time-frequency masking Source 1
Source 2
Source 3

requency

A
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Time-frequency representation

Source 1

Source 2

Source 3
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Agenda: find the directions

Invert the equations
L e L
m Short Time Fourie.r_:l_'_r_qr_j__sf_q_r_m__ (STFT)
Dlert (1) st - l_ _L_ __:__4__ brert (7, f)
brignt () e s I_ b gmait | ok brgnt (7, f)

m Scatter plot biere (7, f)

m Clustering
(Simon Arberet)

m Mask + Inverse S
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At last :
Stereophonic source separation

V25(t) z1(t)

o

b{ Separation (Sylvain Lesage)
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At last :
Stereophonic source separation

Least squares

# :1:2(t) i : *
w%m .

Dol
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At last :
Stereophonic source separation

Essgguares
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Conclusion

- Source separation

Listen / focus

O
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Conclusion

Time-frequency representation
+ clustering

- Source separation

Listen / focus

... what about “wavelets” In th%jnt <grall

| &~
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What about wavelets ?

z(t)
Many nonzero values Mostly z ="sparse

~Gaussian histogram ~Laplacian histogram

B i
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What about wavelets ?

RIOEDWICHIEMIT),

G T, f parse
AUl | III\JL\JHIMIII ~|—dp|dU|dll lllblUgram
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What about wavelets ?

m Role of time-frequency representation

a(®)'= Y alr, ) Gy (1)

parse
.-..G T?
UMUOUUILT T HTOLU YT ~Ldp|dU|d[| ["blugram

Time-frequency jatoms

Sparse coefficients for audio signgls
Not for ECG, EEG, ... f

T J
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Some other possible waveforms
T

m Gabor atoms m Bandelets
m Dirac m Pointlets
m Local cosine basis ® Brushlets
m Wavelets m Coiflets
m Wavelet packets m Ridgelets
m Curvelets u
= |1 RISA Colloguium Honoris Causa, Oct. 10h 200
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Sparse decompositions
with redundant dictionaries

{or(t)}

z(tz = c®cy, - @ (t)
k
)

ster Matching Pursuit Sparse

Not sparse ~Sparse ~efficient Combinatorial
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Sparse decompositions
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Conclusion
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Conclusion
hhq—q.b—-”—-s—-—-ﬁ—--‘——_-—p——-i-n——

m Sparse representations help for source separation

m Some other applications
Low bitrate image / signal compression (JPEG,MP3)
Communications (MIMQO) ?

m  Main challenges
Adapted dictionaries
(ECG, EEG, geology, financial data, ...)
Efficient decomposition algorithms

m  What about computer audition ?
Simple acoustic model = approximate
mmmm) room acoustics = convolution

Sparsity = rough source model
‘ statistical source models
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Beyond sparsity
Monaural source separation

Mixture Estimated voice | Estimated music
d < d

1 :1 =T ;._
= e
e Sosi ST =
LR ek
1 5000 10000 0 ]
Tools: -time-frequency representations
-statistical models
statistical mo (Alexey Ozerov, FT R&D)
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To go further

... beyond sparsity
e o e e e S AR i Pt

Imnnrtant dateg -
b = SPARSO5 ~ A -[1,1,1.1,1,0,...]%
June . abstracts

= [Signal, Processing, Adaptive, Sparse, Structured, Representations, ..
SepLermper . registirauori
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To go further

Bibliography
L R & e

m S. Mallat, Wavelet Tour of Signhal Processing
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Sparse Approximations in Signal and Image Processing
(R. Gribonval & M. Nielsen eds), in preparation

m Theory + humor : J. Tropp

Greed is good: algorithmic results for sparse
approximations, IEEE Trans. Inform. Th., Octobre 2004
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To go further
Matching Pursuit Toolkit
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To go further

Matching Pursuit Toolkit
. bt e g e e i e ——

m FAST : the fastest available to our knowledge
lhour @ 16kHz : 58 920 593 samples,
$ 178 773 275 atoms, M 1 500 000 iterations (SNR = 30dB)
20 minutes computation time
m State of the art :
Multichannel signal processing
Available blocks : Dirac, Gabor, Harmonic
m Flexible and standalone
Build your own applications with the library
Add your own blocks / atoms / transforms
Command line utilities
Flexible XML description of dictionaries
Independent of external interface (no Matlab, no LastWave)
m  Multi-platform (Unix based), std C++, open source
sacha@irisa.fr, remi.gribonval@irisa.fr
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To go further
Some ongoing extensions

Sparsity —> structure
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To go further
Some ongoing extensions

Sparsity — structure
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Time-freqguency representation

m 1 mixfure

0. O
:3:?3:.
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Time-freqguency representation

B 1 mixture mZ sources

,o'o .O‘g
RES
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Time-freqguency representation
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Exemple

Décomposition de son
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Exemple
Décomposition de son

m Une note de piano, 4 secondes a 8kHz

(B’é 4000+
. I

3000
«Corde ¢ !
= structure longues 2000+

1000{ i

0 I
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Exemple
Décomposition de son

(@’é 40004
- :

3000
2000

*Marteau E@? 10008
et étouffoir 1
=structures courtes &%
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Exemple

Décomposition de son

¢~
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Time-frequency atoms!
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