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• Sommeil : phénomène cyclique et multidimensionnel
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Mélatonine Cortisol GH PRL

Sommeil normal nocturne - d’après : Gronfier & al 2009,  Wehr &al 2000

Introduction

rôle dans les grandes régulations : homéostasie, mémoire, émotions
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États de vigilance et EEG
• Éveil, NREM (1-3), REM
• Signatures EEG : ondes lentes, fuseaux, rythmes rapides
• Transitions dynamiques = cibles de modélisation

Eveil

Sommeil
paradoxal

N1 (Stade I)

N2 (Stade II)

N3 (Stade III)

N3 (Stade IV)
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Typologie des modèles

• EEG-centrés
• Homéostasiques / circadiens
• Corticaux multiplexés
• Réseaux neuronaux dynamiques

n Approche neuromimétique
Modèle initial de Mac 
Culloch et Pitts (1943): le 
neurone est modélisé 
comme un système dont la 
sortie est fonction de la 
somme pondérée de ses 
entrées
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• Réseaux formels, thalamo-corticaux
• Simulation : fuseaux, ondes lentes
• Générateurs robustes intra-corticaux

Modèles EEG-centrés
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Modèles homéostasiques et circadiens

• Modèle S-C de Borbély
• Kronauer : oscillateurs de Van der Pol
• Applications : troubles du rythme

6



20/07/2025

4

Modèles corticaux multiplexés

Visual cortex responds to visceral stimuli during sleep 1239 

I 500 ms 

Fig. I. Multiunit activity in area Vl (A), cortical EEG (B), EEG of hippocampus (C) and vertical 
component of eye movements (D), recorded before and after intraperitoneal stimulation. Time of 
stimulation is marked by vertical dashed line. Horizontal dashed line indicates the level which corresponds 

to straight-ahead directed gaze. Length of records, 5 s. Calibration bars in A-C = 50 PV. 

Altogether 35 isolated neurons in area Vl and 
14 in area V2 were studied before, during and after 
sleep. 

In the state of wakefulness, all the neurons revealed 
visual response properties typical for neurons in 
these cortical areas. In area Vl (area 17), five hyper- 
complex cells were recorded in superficial layers, 
seven simple and 23 complex cells in intermediate and 

deep cortical layers. In area V2, 14 complex cells were 
investigated. 

All neurons showed weak or no background 
activity during wakefulness. During SW sleep they 
began to discharge with the typical burst-pause 
pattern. 

The main results of this work are presented in 
Figs 2-4. Figure 2 exemplifies multiunit responses in 

A 

100 ms 
Fig. 2. Examples of area VI multiunit response to visual stimulation (moving bar) in wakefulness (A), 
and to intraperitoneal stimulation during SW sleep (B). Length of records, 1 s. Beginning of visual 
stimulation is around the arrow. Time of intraperitoneal stimulation is marked by the vertical dash line. 

Pigarev & al, Neurogastroenterol Motil (2013) 25, 268–e169 

Aspell, J. E., Marillier, G., Herbelin, 
B., & Blanke, O. (2013).
Turning Body and Self Inside Out: 
Visualized Heartbeats Alter Bodily
Self-Consciousness and Tactile 
Perception.
Psychological Science, 24(12), 
2445–2453

Hippocampal and cortical 
communication around micro-
arousals in slow-wave sleep
dos Santos Lima et al., 2019)

4SCIENTIFIC REPORTS |          (2019) 9:5876  | https://doi.org/10.1038/s41598-019-42100-5

www.nature.com/scientificreportswww.nature.com/scientificreports/

dashed lines]10. Micro-arousal events were defined here as a fast motor-burst event during deep SWS on accel-
erometer signal with a minimum duration of 0.3 seconds, and an amplitude of more the two times the standard 
deviation of the basal signal (as previously described in20,31).

The τ (tau) event: the interval preceding the micro-arousal. The event τ interval was defined here as a duration of 
time beginning at the sharp drop in LPF amplitude at CA1 (>50%, using the Hilbert transformation envelope) 
[see Fig. (B) dashed line] and ends at the onset of the micro-arousal at Acc fluctuation (on average, the duration 
of τ is around 4 s). This pattern oscillatory CA1 LFP preceding motor explosions in Acc - during deep SWS - 
was persistently observed for all subjects (n = 176 in five animals). The statistic of the group for all 5 subjects 
who used ANOVA to test whether individuals present a distinct τ period did not find the significant difference 
(F(4,106) = 0.949, p = 0.44) [see Fig. 1 Supplementary Information].

Histological Preparations. In order to evaluate if electrodes were localized near the dorsal CA1 area of the hip-
pocampus [see Fig. 1(B)], and at 1.5 mm deep in M1 and S1 cortical areas, brains were sliced and subjected to his-
tological preparations. Briefly, after electrophysiological recordings, animals were euthanized in deep anesthesia 
with isoflurane (100%), and perfused with PBS (pH 7.4) and paraformaldehyde 4%; brains were removed, freezed 
at −80 °C and sliced at 30 um thickness. Nissl staining of coronal slices was performed in each brain of implanted 
animals, and in all cases brain tissular micro-lesions were located at 1.5 mm deep (cortex electrodes) or at CA1 
hippocampal layer.

Data Acquisition and Analysis. Data Treatment. The accelerometer output consists of three components of 
the acceleration vector a(i) = (ax, ay, az). To perform the mathematical analysis we combined the vector components 
in a single quantity similar to the vector module at the same time that we extract the average of each vector compo-
nent. The new t(i) vector formed from the components of a(i) is defined as; = − + − + −ˆ ˆ ˆAcc a a a a a a( ) ( ) ( )x x y y z z  
where â is the mean of a, shown in Fig. 1 - the second panel in(D), and with more detail in Fig. 2(A)20,31.

Envelope analysis using Hilbert Transform. Knowing the analytic signal is a complex signal. Mathematically the 
envelope e(t) of a signal x(t) is defined as the magnitude of the analytic signal as: = + ˆe t x t x t( ) ( ) ( )2 2 ; the x̂ t( )2 
is the Hilbert transform of the x(t). For each LFP signals from CA1 Hippocampus area [Fig. 2(B)] and S1/M1 

Figure 2. Hippocampus activity predicts micro-arousal in slow wave sleep. Panel (A) depicts the time series 
from Acc sensor placed on the animal head (arbitrary units). Panel (B) evidences CA1 Local Field Potential 
(LFP, mV), and the envelope using Hilbert transform of the signal (continuous dark blue lines). Horizontal 
dashed lines represent mean values of Hilbert transform for three epochs: before and during a τ time interval 
and after micro-arousal. Panel (C) displays the spectrogram obtained from (one example) CA1 data computed 
for a moving window of 1, 2 sec [see Method section]. To guide the eye we plotted a red line throughout the 
entire time showing the highest amplitude as a function of frequency and time. Panel (D) we display a three-
dimensional spectrogram of CA1 signal shown in (C) normalized by the maximum amplitude of the entire 
spectrogram matrix. Over panels (A,B) vertical dotted lines indicate the beginning and the end of the changes 
in CA1 morphology dynamics (amplitude changes). Note a sharp drop of CA1 LFP amplitude during the τ plus 
micro-arousal intervals, highlighted by the envelope of the Hilbert transform. Panel (C) shows a first frequency 
transition from 8.5 Hz (high) to 2 Hz (low) (θ → δ) that characterize the beginning of the τ interval. A second 
frequency transition from 2 Hz to 6 Hz (δ → θ) occurs at the beginning of the micro-arousal (shown by the 
vertical up-side-down arrow full line). The normalized power spectrum involved in the frequency transition 
is shown in panel (D). A threshold plane located at 70% of the maximum power spectrum is depicted in order 
to show the bigger gap of energy involved in the frequency transition (δ → θ) compared to those occurring 
normally far from internal arousal.
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Approche neuromimétique 

les réseaux de neurones 

La mémoire du réseau est constituée par l’organisation 

des différents neurones composant le réseau et les 

poids synaptiques associés.  

neurons. Second, because the spacetime population code is spatially distributed, the information
extracted across the cortex should be highly overlapping. Some signals, such as efference copy
motor signals and neuromodulatory signals, are broadly represented. Finally, membrane poten-
tials recorded using voltage-sensitive dyes should have more information than spikes, which
are sparse, and there should be more information in the relative timing of spikes in neural popu-
lations about past sensory inputs compared with firing rates.

Concluding remarks
Waves traveling across single cortical regions are ubiquitous in the cerebral cortex, as observed in
sensory [34,43,96], motor [42,97–99], and prefrontal [100,101] regions during normal sensory
processing and behavior, as well as in the hippocampus [102–104] and basal ganglia [105]. Elec-
tromagnetic and sound waves carry delayed information across space, and neural waves carry
delayed information across cortical space.

We have focused herein on waves in single regions of cortex. A possible function for stimulus-
driven waves traveling over topographic maps is to provide a temporal context for sequences
of sensory inputs. In the prefrontal cortex this spacetime code could integrate words over a longer
timescale, for example, during an hour-long lecture, a form of long-term working memory [106].
The waves we discuss mix old information with new information delivered by feedforward inputs
to create a new type of spacetime population code. This form of encoding has computational
advantages similar to those found in the transformer architecture of LLMs, which map temporal

Basal ganglia Cortex Thalamus

TrendsTrends inin NeurosciencesNeurosciences

Figure 5. Schematic diagram of
the loops between the basal
ganglia and the cortex. Cortical
areas project topographically to the
basal ganglia, which then feedback
topographically to the cortex through
the thalamus. Compare this with the
self-attention box in Figure 1 in the
main text. Cortical hierarchies are found
in the sensory cortex, motor cortex,
and prefrontal cortex. Associations
between input to the basal ganglia can
be learned through dopamine neurons,
which carry reward prediction signals.
The cortex receives inputs from
the thalamus, similar to the encoder
inputs that the decoder receives in a
transformer.

Trends in Neurosciences

Trends in Neurosciences, October 2024, Vol. 47, No. 10 799

Outstanding questions
In the framework of transformer-like
encoding, what would be the ‘context
length’ of a traveling wave, and could
multiple cycles of waves implement
longer context lengths?

How do the properties of traveling
waves change in different regions of
cortex, or at the whole-brain scale?
Could these changes be related to
changing ‘context length’ in terms of
transformers?

How can recurrent architectures, where
nodes have dense interconnections as
in the cortex, provide advantages in
sequence-to-sequence prediction in
transformer-type networks?

What role do feedback connections
play in shaping traveling waves in
cortex, and how could they play a role
in these artificial neural network
architectures?

Transformers and cortical 
waves: encoders for pulling in 
context across time, Lyle 
Muller & al, DOI: 
10.1016/j.tins.2024.08.006 

Réseaux neuronaux dynamiques
De l’anatomie aux modèles formels
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https://www.cell.com/trends/neurosciences/abstract/S0166-2236(24)00149-8
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Réseau de hopfield déafférenté
un modèle d’oscillateur à ondes lentes
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Vers des modèles intégrés
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L’application du modèle d’oscillateur constitué de neurones chainés les uns aux autres fait 
qu’il est possible d’appliquer le 2ème principe de la loi de Hebb (Si deux neurones partageant 
une synapse sont activés de façon asynchrone, alors le poids de cette synapse est diminué -
Stent 1973) à ce modèle dans le cas de l’auto-oscillation.

Ceci suggère qu’une fonction de filtrage informationnel  par réduction globale des poids 
synaptiques est vraisemblablement associée au sommeil à ondes lentes et peut être, de façon 
plus généralisée, aux activités EEG synchrones. 

La réduction globale des poids synaptiques diminue « l’empreinte mnésique » liée aux 
apprentissages antérieurs et devrait permettre ainsi d’optimiser la capacité de mémorisation 
du réseau.
Il pourrait ainsi être associé au sommeil lent une fonction de restauration de la capacité à 
mémoriser.
nVyazovskiy et al., 2008 : diminution de l’amplitude des potentiels évoqués corticaux après sommeil lent = réduction de la force synaptique globale.
nGulati et al., 2017 : démonstration chez le rongeur d’un lien entre la qualité du SWS et le réajustement synaptique.

Tononi G, Cirelli C. Sleep and the price of plasticity: from synaptic and cellular homeostasis to memory consolidation and integration. Neuron. 2014

Auto-oscillation et loi de Hebb
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Modèles déterministes ou adaptatifs ? 

Modèles déterministes
Contrôlent les données
• Basés sur des équations 

prédéfinies
• Peu sensibles à la variabilité 

interindividuelle
• Représentations fixes du temps 

et de la structure

Le sommeil est contrôlé par les 
structures

Modèles adaptatifs
Pilotés par les données
• Capables d’apprendre à 

partir de données
• Intègrent des rétroactions, 

ajustements continus
• Structures modulables 

sensibles au contexte

Le sommeil témoigne des 
processus observables dans les 
structures liés au  système
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En synthèse : La contrainte énergétique 
pivot des modèles intégrés du sommeil
Le cerveau : organe à haut coût énergétique
20 % de la dépense énergétique pour 2 % du poids corporel
Activité continue, même en sommeil : rôle crucial de l’autorégulation

Le modèle S-C (Borbély) : un équilibre dynamique
Processus S : pression de sommeil liée à l’éveil et à l’activité neuronale
Processus C : oscillateur circadien modulant la propension au sommeil
➤ Ces deux processus visent à optimiser les coûts biologiques de la veille prolongée

De la plasticité à l’économie synaptique
Modèle de Tononi et Cirelli : le sommeil lent comme période de dépotentiation synaptique 
globale
Fonction : réduire le coût métabolique du réseau → compression synaptique
➤ Le sommeil est vu comme une réinitialisation adaptative du réseau neuronal

12
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Une vision élargie : système dynamique sous contrainte

Le sommeil n’est pas uniquement un traitement passif ou une 
consolidation

Il est contraint par l’énergie disponible, le temps (circadien), et la 
charge cognitive

➤ Vers une modélisation multi-objectifs : maintien de l’information, 
coût énergétique minimal, régularité temporelle
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Conclusion

Sommeil
Attracteur 
dynamique

Charge cognitive
(plasiticité, apprentissages)

Energie disponible
(coût synaptique, régulation 

métabolique)

Temps interne
(rythme circadien, 

synchronisation sociale)
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