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Usual Methods
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dimensionality reduction

|ntr|nseC InfOrmathn == 200 b|tS per SeCOnd (Rabiner & Levinson, 1981)

Spectrogram is one possible trade-off



Problems with Usual Methods

Block-Based Representations

sensitivity to temporal shifts
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Problems with Usual Methods

One Solution: Huge Block (Whole Signal?)

convolve the signal with different filters to extract
meaningful information

no dimensionality reduction
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Spike Code

Assumption

sound = serie of discrete temporal events

events represented by kernels

each

kerne

kernel has a frequency and an amplitude

s fixed for the moment

A sound can be efficiently encoded using these

events



Spike Code

* Example of a Spike Code: a Spikegram

= A is the signal

www.dramaticprairiedog.com/

= B is the encoding with 3 different kernels

= Later on we'll only keep the centroid
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Spike Code: Maths

Encoding with Kernels

® kernel, x(t) signal, € noise, T position, s
coefficient

=33 s, (1) e ()

m=1 i=1
we simplify by extending kernels with zeros to the
whole signal length:

Zfs (t—T)dT+e(t)




Spike Code: Filter Bank

How to Select Appropriate Filters

anything works in theory!

special case: gammatone

g(t)=at" 'cos(2I ft+¢)e """

a amplitude
f frequency
b filter bandwith

biological reason: they are approximations of
cochlear filters
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Encoding Algorithm - 1

Filter Threshold

convolve every kernel with the signal

keep all kernels at positions where the result energy
exceeds a certain threshold

no correlation between kernels taken into account

redundancy partly compensated by a linear
weighting (multiply all kernels by one value)

computationally fast
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Encoding Algorithm - 2

Matching Pursuit

-
=

iterative algorithm, one kernel chosen each round
project signal x(t) onto the kernel basis
X(t)=(Xx(t)bp,) bt R, (L)

R is called the residual, <ab> = a.b / |a|.|b|

each iteration we have: R,"(t)=(R."(t)$ )¢ +R. " (t)

X

we choose ¢, =argmax{(R.,"(t)¢ )

m
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Encoding Algorithm - 2

Matching Pursuit

we substract projection, than project residual onto
kernels; new residual is orthogonal to the last kernel
chosen

kernels span signal space => residual can decrease
to any arbitrary small error value

computational trick: after choosing kernel <Dn, we only look at ©
that correlates with @ with a sufficent coefficient (weird trick in my

mind)
13



Encoding Algo. - Comparison 1

A - Filter threshold
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Encoding Algo. - Optimization

MAP (maximum a posteriori)

rewrite signal: x=As+e

A=[C(¢,)...C(dp)]

C(® ) contains all time shifts of kernel ®.

to find the best Tim and sim we look at:

s=argmaxP(s|x,A)=argmaxP(x|A,s)P(s)

S S

we assume gaussian noise and P(s) very sparse

15



Encoding Algo. - Optimization

MAP (maximum a posteriori)

we can optimize by gradient ascent:
%logP(sm,x)ocAT(x—AS)Jrz(s)

z(s)=(logp(s))'

z(s) assumed to follow a Laplacian, but can follow

something else =

O0X_0X0y
0Z 0y 0Z

reminder:

Laplacian: | J .\
' f';_,,f “H T 16




Encoding Algo. - Optimization

MAP (maximum a posteriori)

can be use on its own using all possible kernels
computationally expensive!!!

iInstead, used as a second training step after filter
threshold matching pursuit

we apply MAP only to the preselected spikes

17



Encoding Algo. - Comparison 2
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Signal-to-Noise Ratio

How to Compare Encodings? SNR

reconstruct signal, compute residual error €

13 )
power of a signal f(t): szltgrgff;l(lf<t>l) dt
we compute P_and P_, power of residual error and
power of original signal

SNR=10log,,(P,/P,)

so, high SNR is good!

19



Encoding Algo. - Comparison 3

1 . SNR (db)
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Parameters — Number of Spikes
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Parameters — Number of Kernels
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Comparison with FFT
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Comparison with FFT - 2
gt |' . " spikegram to
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Wikipedia: a transient is a short-duration signal that represents a non-harmonic attack
phase of a musical sound or spoken word. It contains a high degree of non-periodic
components and a higher magnitude of high frequencies than the harmonic content

of that sound. Transients do not directly depend on the frequency of the tone they 24
initiate.



Code Efficiency
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If you use a lot of spike, optimized filter threshold beats matching

pursuit (see next slide)
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Original sound is thick gray curve, found kernels are thin lines.

Matching pursuit can't find the good filters because the first one
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Code Efficiency 2
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Overview

Train Spikes
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Learning Spikes

Gammatones are fine, but can we fine-tune
them for a precise task?

motivation: our auditory system is probably adapted
to "useful” sounds, like speech

3 kinds of sounds used here
mammalian vocalizations

ambient sounds (wind, flowing water, ...)

transients (snapping twigs, crunching leaves, ...)

29



Learn Spikes — Maths

Signal function of spikes :

p(x|lp)=] p(x|p,s)p(s)ds~p(x|$,5)p(8)

s approximation of the posterior maximum,
comes from the set of coeff. from matching purs.

noise in the likelihood assume to be gaussian,
and p(s) sparse

we'll optimize by gradient ascent p(x|®), or for
conveniance log(p(x|d))

30



Learn Spikes — Maths 2

0 Y ) )
. 109<D<X|¢>>—a¢m[10g<p<><| s))+log(p(s))]
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reminder: 335,57
[x—x]. Is the residual error of kernel 7" at ¢,
position

we update s, T and P, kernels can get longer or
shorter depending on the frequency

31



Learn Spikes — Experiments
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Learn Spikes — Experiments 2

S e e/ = learned kernels for
0 .. . different training sets:
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Discussion

Computational cost of all this?
Are these methods good for noise reduction?
speaker separation?

what are the limits of the additive framework of
Independant audio events

More kernels, task specific kernels?

ISMIROS8 -> learn genre specific kernels for
classification...
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Questions?
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