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Cortical neural responses are extremely variable
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Cortical neural responses are extremely variable

—-100 ms Oms +100 ms +200 ms

How?

Excitatory — Inhibitory balance



Cortical neural responses are extremely variable
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Efficient neural coding

Real image




Efficient neural coding
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Efficient neural coding

Minimize cost
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Efficient neural coding

Real image




Efficient population coding

(r,T) = arg min (||x — X||* + Cost(r"))
r* I'*
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Efficient population coding WITH SPIKES

(r,T) = arg min (||x — X||* + Cost(r"))
r* I'*

Spikes
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input signal x(t)

Single Neuron

BUL AL W1

Time

When to spike?



input signal x(t)

Single Neuron

A

T
BUL AL W1

Time

When to spike?



Input signal x(t)

Single Neuron

BUL AL W1

Time

When to spike?

Minimize:

E=(z—2)



Input signal x(t)

Single Neuron
Minimize:
E=(z—2%)°

Greedily spike when

TR TINTTEN Espike < Enospike
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Input signal x(t)

Single Neuron

Time

Minimize:
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E=(x—2)
Greedily spike when
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Input signal x(t)

Single Neuron

Minimize:
E=(z—2%)°

Greedily spike when

TR TINTTEN Espike < Enospike
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Homogeneous Network
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Homogeneous Network
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Minimize:

E = ||x — x||* + Cost(r)

General case



General case

Minimize:

X = [xlv 733J]
E = ||x — x||* + Cost(r) l
Greedy spike rule: m
Espikej <Enospikej O O X @ O
AN )
v\ !
\ 1/
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General case: efficient LIF network
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Equivalent to predictive encoder
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Input signal x(t)

Spike-based population coding

[
AN T

AN I/
\ I F
|

\
<

vy

X



Spike-based population coding
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Spike-based population coding
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Spike-based population coding
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Spike-based population coding

Input signal x(t)
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Spike-based population coding
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Spike-based population coding
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Learning the connections
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Learning

Ralph
Bourdoukan

Membrane potential = prediction error



Learning

Ralph
Bourdoukan

E/I Balance = Minimize V



Learning
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Learning the recurrent connections
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Spike time dependent plasticity
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Spike time dependent plasticity
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Learning the optimal weights

(r, {) = argmin (||x — x||* + Cost(r))
r I
4



Learning the feedforward connections

Pietro Vertechi




Learning the feedforward connections

For uncorrelated inputs

: |
Wieland Brendel

b, F's
Pietro Vertechi /\/->

When j spikes: T
Aij X .flvfk — ij




Wieland Brendel

Pietro Vertechi

Learning the feedforward connections

ja F=D

Sub-optimal

Optimal
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Implications

 Learning E/I balance = learning maximally efficient neural coding.

* From input statistics, model-free predictions for plasticity, firing
statistics and tuning properties of spiking network.



Neural variability = Degeneracy, not noise
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Neural variability = Degeneracy, not noise
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Neural variability = Degeneracy, not noise
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E/I balance

enforcing an efficient neural code.

Neural variability = degeneracy, not noise.
Degeneracy = robustness, not redundancy.
Single spikes are RELEVANT.

Cortical networks might be much more precise than
- previously thought.



Tuning curves = network solution

r = arg min (||x — I'r*||* + Cost(r))

[ r*>0

Activity of one neuron
depends on all other neurons



David Barrett

r*>0

Tuning curves = network solution

r = arg min (||x — I'r*||* + Cost(r))

If firing rate could be negative...
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Tuning curves = network solution

r = arg min (||x — I'r*||* + Cost(r))

David Barrett r*>0

But firing rates can’t be negative ...
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Tuning curves = network solution

— : - T * |2 t
David Barrett r arrg*i%m (“X I ” + Cos (I‘))

X Non linear, heterogeneous tuning curves

l Amplitude tuning: Direction tuning:

7’

~
firing rate r
firing rate r

j eye position x variable ¢



Tuning curves = network solution




Neural variability = Degeneracy, not noise
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Neural variability = Degeneracy, not noise
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Neural variability = Degeneracy, not noise
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Neural variability = Degeneracy, not noise

« Noise » correlations:

X

Time



Tuning curves = network solution




Tuning curves = network solution




The network is extremely robust

100 [ 100|,

-100 -100

200 _ 400 600 800 1000 1200 200 400 600 800 1000 1200

Time (ms) TTime (ms) T
Inactivations (e.g. halorhodopsin)

Robust to neural death, connection noise, background noise, synaptic failure...



David Barrett

Nuno Calaim
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Ablate those neurons

fiing rate r

{} o \ :
=20 -10 0 10 20
eye position x

—20 —10 0 10 20
eye position x



f"‘i‘(' *
David Barrett

Nuno Calaim

fiing rate r

{} L L '
=20 -10 0 10 20
eye position x

—20 -10 0 10 20
eye position x



Direction tuning

David Barrett

firng rater




Direction tuning

David Barrett
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Direction tuning
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Visual orientation tuning

David Barrett

off filters

on filters



Visual orientation tuning

David Barrett
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Visual orientation tuning

David Barrett
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Visual orientation tuning
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Visual orientation tuning

Model Data (Crook and Eysel, 1992)

Knock out Before After Knock out Before After

65 Hz 35 Hz 35 Hz ™ 85i/s | M 50i/s ! T S50i/s |
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Population coding Efficient population coding

X X

Context-dependent tuning
Tuning curve fixed
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Neural responses= network-level solutions

* Tuning curves are highly context dependent.
* E/l balance = maximal robustness.

* Albeit encoding is complex, decoding is simple.
Larger networks may be easier to characterize than single cells.

‘ The brain might not be as “complicated” as it looks.



Veronika
Koren

Martin
Boerlin

Gabrielle

Gutierrez Matty Chalk  Christian Machens

Ralph
Bourdoukan

Fleur Zeldenrust

Thanks for your attention!

Cohfacts

!phiideﬁ

eve

S

David
Barrett

Pietro Vertechi

Erwan Ledoux



Why so many neurons?

Real life Simple, low D stimuli

XZ[LUl,...,SCJ] x:[xl,O,...,O]

SEEEIDoy ¢ €TV
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NjJJ

1/Error
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Precision

Number of recorded cells N Number of recorded cells



Level of degeneracy?

Real life Simple, low D stimuli

XZ[LUl,...,SCJ] x:[xl,O,...,O]

\ / \ /
W, \\| /
\JI dJ
X = [j}la J’j\:J] aAjl
30

1/Error

Precision

Number of recorded cells N Number of recorded cells



Matty Chalk
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Oscillations and predictive coding
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Correlated oscillations in membrane potential

Matty Chalk
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Synchroneous oscillations in excitation and inhibition

Matty Chalk
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Implementing a dynamical system

X=AX+cC
. C Martin
X+ AX Boerlin
T I
L l —FTF Self consistency l —FTF
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input c,(t)

spike trains, dynamics, readout
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Effect of network size
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Fleur Zeldenrust

Extension to temporal kernels: functional GLMs
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Type | and Type Il cells = different filter types

Decoding kernels

Spike—-triggered average
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Fleur Zeldenrust
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Linear cost (threshold): Dompting the noise

Quiescent “up” states

Veronika Koren

o}

Luczak, Bartho,
Harris, Neuron,
2009

Neuron

0 05 Time (s) !

0.4
0.z
: e s e i
o e ) ¥y "
02
0.4 | | | | |
= a 0.5 1 1.5 2 248
time(sec)
100 Y L ey Y Y + + CEREE|
. # L. + .
., * - - + . A - -
e o - - 3 - .. o -t . . . . . - .
S0 - & T . . . . . ", . —
+ g A . + * - > -
P.o* < P A - Lt . . . A .
f— - - g - - -, —
80 LT R . . . . . - w
adl A St + N + +* e T + + e - N |
70 -, - - . H - .
. - - . -
- - . e + + . DRI - - P
w k™ s . - . . _
2 BOpS t . b * + . . T * +* + . * . + + o+
= g . & - . *
= Aad . - . . . . -
S s0f e f N e . . . et - . . % Lt e —
= + - - - . -
= St s ’ <. ’ . .ot B : be |
m *, * L - 000 * * - *
.. -, . - . - . . .
. v e . . - . . Y . By
E0E S - TEr LT . B * + + M . - —
- - . < ., Tt hid e . .
fa' o+ + 1 + - - o - .
20t .. . . . o . B —
e 4ot - bl * . T -
1045+ e s * . * G- ) - . Sas —
* + A - * * - - + -t
b+ - + 3 + -
- . ++ | . P | + |
o 0.5 1 1.5 2 248
| | | | |
0.5 1 1.4 2 248

time(sec)



, topology

ic delays

ith synapt

W

¥EOU| [BINBM

1503 2000 2800 2000
Time, 12 ms

00 1000

1600 2000 2500 2000
Timg, 12 ms

03 1000

¥B U | [RIMEN

1000

o0

=14 3
T, 172 M=

400

T, 172 =



Neural variability = Degeneracy, not noise
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Respecting Dale’s Law

Anti-Hebbian STDP

LTP

LTD
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LTP

Purely excitatory feedforward inputs
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LTP
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Neural variability = Degeneracy, not noise

Martin
Boerlin Shift 1 spike by 1ms
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Neural variability = Degeneracy, not noise

Uncontrolled variables
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Adaptation as cost optimization

T Ta > T

| l
r = arg min (X—XQ—F[LZ )

r*>0

Cumulative cost for high firing rates



Adaptation as cost optimization

T Ta > T

r = argmin [ [|x — x||? —|—uz

r*>0

Cumulative cost of firing

Vi=> Tyaj— Y Qury — prf
' k

Feedforward Input  Recurrent inhibition Activity dependent suppression



Adaptation as cost optimization

Precise, costly

Imprecise, cheap



Adaptation as cost optimization

Gabrielle Gutierrez
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Adaptation as cost optimization

Gabrielle Gutierrez
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Adaptation as cost optimization
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Adaptation as cost optimization

Imprecise, cheap
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Adaptation as cost optimization
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Adaptation as cost optimization

Imprecise, cheap

Precise, costly
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Cost, adaptation and homeostasis

| BN U J\L Imprecise, cheap

SRR Precise, costly
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Cost, adaptation and homeostasis

Adaptation Adaptation + E/| balance

Gabrielle Gutierrez
30 4 ) . ..
i S T J\ large weights,
- LR small firing rates

PR R R I A :_:;._.:-:._.:. e :::::..-. ...: .-:_. C~—
R Small weights,

° ° ° g.- ‘. ° o. . ° . . : ° . o
large firing rates




Presented stimuli:
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Orientation Adaptation (tilt illusion)
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Neuron tuning curves
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Population coding
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