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Auditory transduction
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Reverse correlation analysis of filtering
properties of auditory nerves

* Give Gaussian white noise input x(t), record spike train y(t) in the
auditory nerve,

y(t) = X, 6(t—ty),
N is the total number of spikes, t;'s are spike times
* Estimating the impulse response of filter:

h(t) = < y(O)x(t —T) > = ; [ y(®) x(t — D)t

1o (T
_ TZL 5(t — t) x(t — T)dt

ixl

= %z x(t; — 1)
i=1

For linear systems, h(t) is identical to the impulse response.

Examples of revcor filters

10 v 216w VAL

Features:

v
Tt 14

" 1) Narrow spectral
bandwidth

2) Strong temporal
asymmetry
(more energy in
the front)

deBoer, E. & deJongh, H., 1978

10/16/2018



10/16/2018

Theoretical principles underlying these
codes poorly understood

* Efficient code:

(1) Maximizes the amount of information conveyed about the
sensory signal to the brain

(2) Minimize the coding rate required (number of spikes)

* Model of acoustic signals encoded as a pattern of spikes:
x(t) = Y Zisi om(t — 1) + £(1),
@1, -, @M Set of kernel functions (dictionary), with i indexing different

instances of a particular kernel, and 7" the temporal position of the
instance.

s{" is the coefficient of the instance (assume continuous).
£(t) Gaussian.

Acoustic signals encoded as a pattern of spikes
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Learning the optimal code ® = (¢4, ..., Pu)

* First step: encoding - determining the optimal values of 7" and s{"

* Randomly initialize a set of ¢4, ..., @ as Gaussian noise.
* Algorithm: matching pursuit algorithm

1. Compute < x(t), ¢,, > for all m;

2. Subtract out the largest projection

Ry (t) = x(t)— < x(0), 91 > ¢y;

3. Repeat with x(t) = R,(¢t), until s = < x(t), ¢,, > fall below a
preset threshold = 0.1.

Note: The projection with the largest inner product magnitude will
minimize the power of R, (t), thus optimizing the efficiency of the
representation, because it captures the most structure possible with
a single kernel.

Learning the optimal code @ = (¢4, ..., )

* Second step: optimize the kernel functions @4, ..., @y with 7]"* and
s{* determined above.

* Algorithm: gradient ascend to minimize the difference between x
and its reconstruction X.
x(t) = Zm XS omE—1") + (t) =% + (1)
Written in probabilistic form (let § denote the set of s{™ determined):
_ px®) ay — p(x,®3) A _ o N
Optimize the likelihood:

forall j, ai(pjlog(p(xld))) = aiq)]_ [log(p(x|d>, §)) + log(p(ﬁ))]
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Leaming the optimal code ® = (@4, ...,

®um)

)
— [log(p(xlfb 3)) +log(p(®)] = —log(p(x|<I> )

zIIX —2(@.9)]|?

(Gaussia%noise = p(x|®,8) = Ce 20%
=—[logC — llx — % [1°]
09; af
SRR YTE
= x—x
2
20 6(/)] Mo,
2
- 2 Z Z (pm(t_‘[m) ||
B(p] m=1i=
_1 o) o
= O'_gz 8 [x —x]T{

where [x — X] o |nd|cates the residual error over the extent of

kernel ¢; at posmon T}

Dataset and Rationale

* For efficient coding, sensory codes should be adapted to the

statistics of the relevant sensory environment.
* Problems:

1) Precise composition of the natural acoustic environment

unknown.

2) Many sounds have less behavioral relevance and can have less

impact on optimizing the code.
Assume the system is adapted to:
1) Mammalian vocalizations

2) Transient environmental sounds (cracking twigs and crunching

leaves)

3) Ambient environmental sounds (rain and rustling sounds)
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Learned kernel functions (red) vs. revcor

filters (blue) from cats
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summary

* Efficient coding predicts the shapes of the auditory
revcor filters, suggesting they are optimized for statistical
structure of natural sounds while minimizing coding rate
required.

* Optimal codes derived for speech immediately match
the auditory revcor filters. This indicates that the acoustic
composition of speech is adapted to the coding capacity
of the mammalian auditory system.
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