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1 - Network rhythms during sleep and wakefulness

Adapted from [Zagha and McCormick, 2014]
é Experiment waking  transitiGi slow wave sleen
& pmdles 5
. WNWM’MWM \/ W me\ \\/ b L1
- Brain level amme (L
slow- vvave
z o
S D
- Cellular level 5 sec -

Ach, NE, 5-HT, HA, Glu ..

Model
- NMOD il

sl N - -
post i E
»-H»L - ‘ 3

NMOD “ 1 sec
O (C
| Conductance-based model
[Drion,2018; Jacquerie,2021] robust to neuromodulation

Kathleen Jacquerie, Caroline Minne, Pierre Sacré and Guillaume Drion
Kathleen.jacquerie@uliege.be Department of Electrical Engineering and Computer Science, University of Liege, Belgium

LIESE  The endogenous nature of bursting leads to homeostatic reset in synaptic weights:
fnrs a key player to regularize network connectivity during sleep

¢- Synaptic plasticity: from biology to model
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v~ Validation on experimental data in wakefulness

'Sjostrom,2007; Bi Poo, 1998]

3+ Synaptic plasticity tested during switches from tonic to burst
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Whatever we have learnt, the connection is restored { -
to a given value each night. It disrupts learning. v
This phenomenom is called the homeostatic reset. post
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Evolution of the synaptic weights w(t)

within the different circuits for a classical plasticity rule
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4. Intuitive approach ( NMOD
to understand the homeostatic reset
- Biophysical models ™
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- Calcium oscillations lead to balance between e o L N R R A 200
potentiation and depression driving the synaptic 1 sec 1 sec
weight to its steady state value. . l l
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Phenomenological models
- During sleep, the bursting rhythmic activity leads 100 l
to a balance between pre-post and spikes. ' =
weight .
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- The reset mechanisms are rooted in the endogenous
- Weak weights have a greater potentiation nature of the sleep-like rhythmic activity.
than strong weights due to the weight-dependency. - This sleep-dependent reset permits to regularize synaptic
- Weak weights potentiate vs strong weight depress connections, which could play a central role in sleep

\during burst and reach the steady state. / homeostasis and memory consolidation.
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3+ Analytical approach
to understand the homeostatic reset

Feedforward network
- in waketulness: neurons are randomly excited.
- in sleep: neuromodulators switch the network state.
- plasticity rule: pair based
with soft bounds on the weights [Pfister,2006]

Firing pattern: raster plot
- in waketulness: neurons are spiking at # freq:
- in sleep, neurons are bursting.

Compute the spike correlation C(s)
't quantities the occurency
of pre-post or post-pre C
at a given time lag At | | ggest
in the spike train.
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Correlation matrix: C*/C -
The correlation matrix is heterogeneous in tonic
and uniform in burst.

Synaptic weight evolution
dw/dt = A*(1-w) Ct- A-w C-

Synaptic weight steady-state value
burst is stationary 2 dw/dt =0
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