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What?

What are the important biological functions ?



How?

How is a function performed by mechanisms?



Why?

What are the functional benefits ...
of a particular neural code?

of specific mechanisms?



Why this neural code?

Linear-Nonlinear Spatio’FemporaI Nonlinearity
(LN) Model Filter

—M_\T

Time
Functional advantages of response properties and changes in those properties
Why do cells have a particular nonlinear response function?
Why does the nonlinearity change?
Why do cells have a certain duration filter?
Why do they have a certain shape filter?
Why does the filter change?



What are the statistics of the stimulus?
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Stimulus statistics change over long timescales
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What is the best way to encode stimuli with changing statistics?
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Neurons have a limited dynamic range
set by maximum and minimum output levels, and by noise
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Adaptation to the average input
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Ganglion cell response curves shift to the mean light intensity

100 -
10 +

Intensity

Time

400,
300-
200 4

100 -

discharge rate(spikes/sec)

0' !
810-° 940-* 940 9102 9107 9
test spot luminance (cd/m?)

Sakmann and Creuzfeldt, Scotopic and mesopic light adaptation in the cat’ s retina (1969)



Joint distribution

P[R,S]

Marginal
distributions
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A Mathematical Theory of Communication
Claude Shannon (1948)
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A Mathematical Theory of Communication
Claude Shannon (194s)
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A Mathematical Theory of Communication
Claude Shannon (194s)
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A Mathematical Theory of Communication
Claude Shannon (194s)

What is information?

A measure of uncertainty of a random variable. The

maximum possible amount of information there is to be
learned from a variable.

S =klogW

S: Entropy
k: Boltzmann constant

W: Number of possible microscopic states




A Mathematical Theory of Communication
Claude Shannon (194s)

What is information?

Entropy

A measure of uncertainty of a random variable in bits. The
maximum possible amount of information there is to be
learned from a variable.

H(X) = —E(logP[xi]) = —ZP[xi]logP[xz-]
Entropy of a fair coin =

- 1/2 log(1/2) - 1/2 log(1/2) = 1 bit

0 log(0)=0




Entropy is maximal when all possibilities are equally likely

H(X) =—E(logPlz:]) =->_ P[z:]logP[z:]
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Information

IS a reduction in entropy
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Mutual information

A measure, in bits,

Conditional distribution
P|SIR]=P[R,S|/P|R]
]

R=0

4 -2 0 2 4
Conditionsal entropy
H(S|R) =—Ensz(logP[S|R])
=—ZSjZRjP[S,R]1ogP[5|R]

of how much information is conveyed by

one random variable about another random variable. It is equal to the
total entropy minus the conditional entropy.

I(S;R) = H(S) — H(S|R) I(R;S)=1(S;R)
I(R:S) = H(R) — H(R|S)



Mutual information as the ‘distance’ between two probability distributions

Product distribution — what things would
Look like with zero information

P[R] P|R,S] P[R]P[S]

=SS PSR pigrany)  Diu(P(S.R) I P(S)P(R))

Kullback-Leibler divergence



Does the early visual system maximize information transmission?

‘Efficient Coding’ - Horace Barlow

Conditional
Mutual Total (“noise”)
information entropy entropy

I(S;R) =H(S)—H(S|R)

Efficient coding

low noi‘se/ M’iable noise N
prioritise
relevant  e.g. encode

redun.dancy robust coding _information e gictive
 ementation reduction [5-9] | [23-28] | ainformation
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References in notes section

Chalk, Matthew, Olivier Marre, and Gasper Tkacik. "Toward a unified theory of efficient, predictive, and
sparse coding." Proceedings of the National Academy of Sciences 115.1 (2018): 186-191.



Maximizing information by a nonlinearity that maximizes total entropy
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Expected frequency

Events with Poisson statistics P[#n, u]

mean # of events in a time interval

events in a time interval

Joint probability distribution P[n,u]
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Input: mean (u) # of events

Output: observed (n) # of events



Signal with poisson distribution
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What receptive field maximizes information transmission?

Retinal bipolar cell receptive field
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Baccus, Olveczky, Manu & Meister, 2008



Fourier transform

- Represents a function as a weighted sum of sinusoids
- Projects the function onto an orthogonal basis -
sinusoids

X(w) = T(x(t))

"~/

- Fourier sine transform, cosine transform

F.n(w) = j f)sinrwx)dx  Feos(w) = f f(x)cos(2mwx)dx



Fourier transform

- Represents a function as a weighted sum of sinusoids
- Projects the function onto an orthogonal basis -
sinusoids

- Fourier sine transform, cosine transform

F.n(w) = f f)sinrwx)dx  Feos(w) = f f(x)cos(2mwx)dx

- Euler’s equation e'? = cos(0) + isin(6)

-  Complex Fourier transform

Flw) = ff(x)e‘izm‘)xdx



Fourier amplitude spectrum examples
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Theory of maximizing information in a noisy neural system

Natural visual scenes are dominated by low spatial and temporal frequencies

a image

amphitude
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J.H. van Hateren. Real and optimal neural images in early vision. Nature 360:68-70 (1992)
J.H. van Hateren, Spatiotemporal contrast sensitivity of early vision. Vision Res., 33:257-67 (1993)

Atick & Redlich, What does the retina know about natural scenes? Neur. comp., 4: 196-210 (1992)



Linear filter and frequency response

Stimulus

Filter Response

/\ |

0

=
SCI)O ‘|0I()o 0O 20 40 o0 80 100 |

| 1
0 500 1000

Convolution theorem

h(t)= f()xg(1t) < h(w)=f(w)g(o)

a convolution in the
time domain

Is a simple product in the
frequency domain



What filter maximizes information?
Stimulus « 1/f
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Distributing signal power for optimal transmission

Shannon-Hartley theorem

S
= Bl 14+ —
C 0g2( —I—N)

Capacity
Bandwidth

Signal power
Noise power, additive Gaussian

log(1+p)
log(1+(1-p))

I | | I
20 40 60 80
Channel 1 power, p (%)

For multiple frequencies, w
C = J T logy (14390 4
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With a constraint on signal power,
S(w) + N(w) should be constant

“Water-filling” procedure

Fig. 8. Best distribution of transmitter power.

Shannon, 1949



What filter maximizes information?

iIncreases total entropy but limits noise entropy - whitens but also cuts out noise
I(S;R) = H(F(S+N;)*N,) —H(F(S+N;)+N,[S)
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Adapting to different levels of noise

High SNR — increase total entropy Low SNR — reduce noise entropy
Filter to whiten in the Low pass filter reduces noise
presence of noise
High SNR
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Figure 4.3: Receptive field properties predicted by entropy maximization



Theory of maximizing information in a noisy neural system

Filter of fly Large Monopolar Cells,
2nd order visual neuron
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Spatial adaptation in retinal ganglion cells

Receptive field of on-centre unit
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Theories of efficient coding:

To maximize information transmission, at high SNR when
noise entropy is lower, an ideal encoder should increase
total entropy and use all output values with equal probability

Low frequencies dominate in natural scenes

The highest frequencies should be rejected to reduce noise
entropy as they carry little information

An efficient encoder at high SNR should amplify higher
frequencies more than low frequencies with a bandpass
filter

But at low SNR when noise entropy is high, most higher
frequencies should be rejected and low frequencies should
be used, shifting to a lowpass filter



