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The retina and its dynamics
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. spikes.
No spikes except at GCells
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Individual neurons and synapses do
DO matter.

not matter.
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1. Theretinais a high dimensional, non autonomous and noisy dynamical
system, layered and structured, with non stationary and spatially
inhomogeneous entries (visual scenes).
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A modeller point of view

1. Theretinais a high dimensional, non autonomous and noisy dynamical
system, layered and structured, with non stationary and spatially
inhomogeneous entries (visual scenes).

2. Local circuits of non linear cells, connected with non linear synapses
efficiently process the local visual information. These local circuits are
connected together, spanning the whole retina in a regular tiling.

3. The conjunction of non linearities and regular structure can produce a highly
disordered spatio-temporal dynamics.

4. The retina is sensitive to changes in its physiology (development,
pharmacology, pathologies). These changes can be addressed from the point
of view of bifurcations theory.



Questions

. Spatio-temporal spike correlations.

1.What could be the spatio-temporal distribution of spikes emitted from the retina
to the LGN-cortex, considering that inputs are non stationary (moving objects) ?
2.What could be the non stationary structure of spatio-temporal correlations ?
3.In particular is it possible to disentangle the effects of:
I. Stimulus induced correlations;
il. Network induced correlations ;
lii. Non linearities.



Questions

. Spatio-temporal spike correlations.

1.What could be the spatio-temporal distribution of spikes emitted from the retina
to the LGN-cortex, considering that inputs are non stationary (moving objects) ?
2.What could be the non stationary structure of spatio-temporal correlations ?
3.In particular is it possible to disentangle the effects of:
I. Stimulus induced correlations;
il. Network induced correlations ;
lii. Non linearities.

Il. Cortical model

1.Which mechanism/principle is used to decipher "at best" the trajectory of a
moving object from the retinal spike trains ?
I. Firing rates ?
ii. Individual spikes ?
iii.Both ?

2.What could be the implications of questions/answers in item | with respect to the
theory of efficient coding ?
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Souihel S., Cessac B., “On the potential role of lateral connectivity in
retinalanticipation”, Journal of Mathematical Neuroscience, BioMed Central,
2021, 11, (10.1186/s13408-020- 00101 -7) =
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Building a 2D retina model
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Building a 2D retina model
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Building a 2D retina model
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Building a 2D retina model
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Building a 2D retina model
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Building a 2D retina model
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Building a 2D retina model

Dynamical system representation
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Dynamics of the 2D retina model

Dynamical system representation F(f) SEPERR
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Dynamics of the 2D retina model
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Dynamics of the 2D retina model
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Dynamics of the 2D retina model

d

X

dt

—— =T LA+ WR(X) + F(b).

Piecewise linear dynamical system

Ral )

Na(V) = { 0,

oV ), e=i i=1.. Mg
Y R A R W
0, n=Ng+Ny+k k=1...Ne.

V=0, ifV4>0y;
otherwise '

V
\ 2 91 Q
10 .e-ecty o0
/ ,f’-:’ _l
! |
] / |; \ -
1 *_,f N N
! ¥
| 1 \
[ ! \
...... AT |
‘ | --
= )
Q(11) ' / TN
! I
PR S ! Q(01)
\ I
-/ |
! I




Dynamics of the 2D retina model
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Dynamics of the 2D retina model
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Dynamics of the 2D retina model
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Dynamics of the 2D retina model

Non rectified dynamical system
We assume :

1) All eigenvalues are stable;

2) The rest state is in Q). We set it to 0.
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Non rectified dynamical system
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Dynamics of the 2D retina model

Non rectified dynamical system

We assume :
1) All eigenvalues are stable;

2) The rest state is in Q). We set it to 0.
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Dynamics of the 2D retina model

dx¥
dt

The eigenvalues and eigenvectors of
can be computed in some specific cases
as well as conditions for stability.

S. Souihel, B. Cessac, Journal of Mathematical
Neuroscience, BioMed Central, 2021, 11,
(10.1186/s13408-020-00101-z)

B. Cessac, Journal of Imaging, 2022, Special Issue
Mathematical Modeling of Human Vision and Its
Application to Image Processing, 8 (1), pp.14.
(10.3390/jimaging8010014)
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Stimulus correlations

S(x,y,t) = Salx,y,t) +058(x,y, t)

x .t
Vi (1) = | K, ¥ 5|0



Stimulus correlations

S(x,y,t) = Salx,y,t) +058(x,y, t)

x .t
Vi (1) = | K, ¥ 5|0

B[V, (0] = [ K ¥ 8|0



Stimulus correlations

S(x,y,t) = Sa(x,y,t) +0s¢(x,y,t)
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Stimulus correlations

S(x,y,t) = Salx,y,t) +058(x,y, t)

v}dr'ive (t) - |:K:Bi xﬁ;f S:| (t)

X, y,t

B[V, (t)] = [JCBI. X Sd](t)

E[ ( V“dnw(t) - ]E[Vi'driz:e(t)] ) ( Wdriﬂe(tf) - ]E[deriue(tf)] ) ]

02 y_ . ;__m}CBi(x—xf,y— iot =) Kp,(x = xj,y = yj,t' = s) dxdy s




Stimulus correlations
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Stimulus correlations

S(x,y,t) = Sa(x,y,t) +0s(x,y,t)
Drive correlations do not depend on the

Xt stimulus, only on the receptive fields,
Vi (t) = { ] (t via the overlap of the spatial and
temporal part.
2.t Lateral inhibition weakens
B[V, (1] = {K:B: ¥ Sd] (t) these correlations.

{ ( Ia’nm {Via’riw (t) }

t il __
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Voltage correlations

1) .C(O) and E(UJ do not commute in general
but they have the same spectrum ;

2)Voltages correlations are due to :
|. Stimuli correlations ;

lI. Network effects (mixture of
exponentials decaying in time) ;

E{jﬁ(ﬂ}]] Ill. For a moving object correlations

propagate with the stimulus in a wave
like-form with a network contribution.

p , .
(0) (1o (0) (¢ _of
/ L E=S) Cr(s,s"). et ) ds ds’
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Motion anticipation

Souihel S., Cessac B., “On the potential role of lateral connectivity in retinal

anticipation”, Journal of Mathematical Neuroscience, BioMed Central, 2021, 11,
(10.1186/513408-020-00101-z)
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Figure 15: Effect of anticipatory mechanisms on a parabolic trajectory. A) Response to a dot
moving along a parabolic trajectory. The first line shows the stimulus, the second line shows the
GCells response with gain control, the third line presents the effect of lateral ACells connectivity
with w = 0.3 ms— ', and the last line shows the effect of asymmetric gap junctions with v,, = 9
min /s . B) Time course response of a cell responding to the dot near the trajectory turning point.
Linear response corresponds to the response to the stimulus without gain control.
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Spike correlations
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Spike correlations
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Spike correlations
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The role of rectification
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The role of rectification
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The role of rectification
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The role of rectification
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el
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Piecewise linear stochastic system

|. Rectification generates null eigenvalues
that actually prevent exponential
instability ;

ll. In the deterministic case times of exit from
continuity domains can be explicitly
computed. They depend on the
stimulus ;

l1l. In the stochastic case these times
become random.




The role of rectification

Questions to mathematicians

X 0
P Can we compute, in this setting : ns toym athe
g% The law of the exit times (say for a bar moving
with a constant speed) ?
Vi) — 1) (1)
X(t)=e A
II.In the de "
cont
compute
| B v,

I1l. In the stochastic case these times
become random.
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Questions

In this model,

1.Lateral inhibition decorellates the stimulus input;
2.Voltage correlations are integrating stimulus correlations/ networkl/rectification

effects in a way that can be mathematically analysed,;
3.A moving object generates a wave of activity which also impacts spatio-

temporal spike correlations;
4.Rectification/Gain control have a strong impact on these correlations (some cell

become suddendly silent).

Il. Cortical model

1.Which mechanism/principle is used to decipher "at best" the trajectory of a
moving object from the retinal spike trains ?
I. Firing rates ?
ii. Individual spikes ?
iii.Both ?

2.What could be the implications of questions/answers in item | with respect to the
theory of efficient coding ?



Spike response to correlated inputs



The visual system
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The visual system
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A mean field model to reproduce VSDI

recordings

Zerlaut et al 2016
Chemla et al 2018
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A spiking model

B. Cessac, Vieville T., “On Dynamics of Integrate-and-Fire Neural Networks with Adaptive
Conductances.”, Front. Comput. Neurosci. (2008) 2:2.

R. Cofré and B. Cessac « Dynamics and spike trains statistics in conductance-based
Integrate-and-Fire neural networks with chemical and electric synapses », Chaos,
Solitons & Fractals, Volume 50, May 2013, Pages 13-31.

B. Cessac and R. Cofre, « Spike train statistics and Gibbs distributions », J. Physiol.
Paris, Volume 107, Issue 5, Pages 360-368 (November 2013). Special issue: Neural
Coding and Natural Image Statistics.

B. Cessac, I. Ampuero, R. Cofre, « Linear response for spiking neuronal networks with
unbounded memory ». Entropy, MDPI, 2021, 23 (2), pp.155. (10.3390/e23020155)



A conductance-based Integrate and Fire model

Dynamics integration

Sub-threshold dynamics:

e = fr gk(uw)du
d V) . Fk(tl, t,w) — e G Juvri(tw) ’
Ck — +gi(t,w) Vi = i(t,w).
dt
@ Linearin V. Vi(t, @) = VP (1, 0) + VI (,0) 41,772, )
o Spike history-dependent. Ve )

VIR (£, w) = V¥ (£, w) + VD (¢t w),

svn 1
VIE Y )(t,w) = az ij / Fk(tl, t,w)()zkj(tl,w)dtl

j:]_ Tk(t:w)
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Spontaneous spiking activity

S(z,t)
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Sample averaging (non stationary)



Spontaneous spiking activity

S(z,t)
|
|
|
|
|
|
|
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|
w t
dy
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stimulus, but they are
constrained by the
network dynamics.
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How to compute the spatio-temporal response of a neuronal
network to a time dependent stimulus ?

Can we compute the time variation of spike-observables as a function of
the stimulus and spontaneous dynamics ?

B. Cessac, |. Ampuero, R. Cofre, Linear response for spiking neuronal networks with unbounded memory. Entropy,
MDPI, 2021, 23 (2), pp.155.



A conductance-based Integrate and Fire model

Variable length Markov chain with unbounded memory

Neuron index

Time (ms)




Response to stimuli

B. Cessac, |. Ampuero, R. Cofre, Linear response for spiking neuronal networks with unbounded memory. Entropy, MDPI,

2021, 23 (2), pp.155.
GIF model without stimulus = stationary Gibbs distribution.

time-dependent stimulus S(t) = non stationary Gibbs distribution.
How is the average of an observable f(w, t) affected by the stimulus ?

If S is weak enough:  du[f(t)] =[rr*S](t) , (linear response).

(1) ) r—1
kif(t—t) = 1 Y cl) {f(t,-), a2 (”). / Sk(t)Te(ty, r—1,-)dty



Firing rates

Computations have been done using the INRIA Pranas software, B. Cessac et al, Frontiers in Neuroinformatics,
Vol 11, page 49, (2017).
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FIgU €. Linear response of f(w, n) = wy_(n) for different values of stimulus amplitude A.



Higher order observable

Computations have been done using the INRIA Pranas software, B. Cessac et al, Frontiers in Neuroinformatics,
Vol 11, page 49, (2017).
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Figure: Linear response of the observable f(n, w) = wy__s(n — 3)wy_(n).



Higher order observable

Computations have been done using the INRIA Pranas software, B. Cessac et al, Frontiers in Neuroinformatics,
Vol 11, page 49, (2017).

Question to mathematicians :

Would it be possible to extend this linear response
in a more general context (Hawkes processes,
Galves-Locherbach model) ?

Figure: Linear response of the observable f(n, w) = wy__s(n — 3)wy_(n).
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Conclusions

Visual entries are neither stationary, nor spatially regular.

The « longitudinal » pathways PhotoReceptors => Bipolar cells => Ganglion cells
efficiently encode the visual information into parallel flows.

On the basis of biophysical modelling + mathematical analysis we found that
Amacrine cells may generate, from a moving stimulus, spatio-temporal
correlations (waves) contributing to better encoding a visual scene (e.g.
anticipation).

We also showed theoretically that an object moving in the receptive field of laterally
connected Ganglion Cells may dramatically imprint spike statistics, not only firing
rates, but also higher order correlations, living, in the raster plots, a trace that
could be deciphered.

This leads to a paradigm very different from the « efficient coding » paradigm where
longitudinal pathways are assumed to be independent. We switch from a paradigm of
« rate » decoding to « correlations » decoding.



Thanks 44



	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 24
	A modeller point of view
	A modeller point of view
	A modeller point of view
	A modeller point of view
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	Slide 48
	Slide 49
	Slide 50
	Slide 51
	Slide 52
	Slide 53
	Slide 54
	Slide 55
	Slide 56
	Slide 57
	Slide 58
	Slide 59
	Slide 60
	Slide 61
	Slide 62
	Slide 63
	Slide 64
	Slide 65
	Slide 66
	Slide 67
	Slide 68
	Slide 69
	Slide 70
	Slide 71
	Slide 72
	Slide 73
	Slide 74
	Slide 75
	Slide 76
	Slide 77
	Slide 78
	Slide 79
	Slide 80
	Slide 81
	Slide 82
	Slide 83
	Slide 84
	Slide 85
	Slide 86
	Slide 87
	Slide 88
	Slide 89
	Slide 90
	Slide 91
	Slide 92
	Slide 93
	Slide 94
	Slide 95
	Slide 96
	Slide 97
	Slide 98
	Slide 99
	Slide 100
	Slide 101
	Slide 102
	Slide 103
	Slide 104
	Slide 105
	Slide 106
	Slide 107
	Slide 108
	Slide 109
	Slide 110
	Slide 111
	Slide 112
	Slide 113
	Slide 114
	Slide 115
	Slide 116

