
Animals adapt their learning rate to the statistics of 
their environment [1]: learning fast when contingen-
cies change (volatility) while �ltering noisy �uctua-
tions (stochasticity). How this adaptation emerges 
from the biochemistry of the synapse remains 
unknown. Behavioral models (reinforcement-lear-
ning) reproduce this �exibility with abstract algo-
rithms, while detailed biophysical models capture 
the molecular machinery without linking it to adap-
tive learning [2]. 
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Reinforcement learning ultimately emerges from intracellular interac-
tions [2] between the calcium pathway (induced by behaviorally-rele-
vant neuronal activity) and the cAMP pathway (triggered by 
reward-encoding dopamine). Yet, how volatility and stochasticity re-
lates to these pathways remain totally unown.
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Preliminary analysis of reinforcement learning models
V(t+1) = V(t) + α.δ(t) ; where  δ(t) = R(t) - V(t)

show that in more volatile environments, a larger learning rate α leads 
to more rewards because it reacts faster to changes. Yet, in more sto-
chastic environments, it is better to decrease α and to ignore noisy 
evidence. We validated these predictions experimentally in rats [3] 
and mice [4].

The goal of the internship is to bridge detailed biophysical models 
(40-50 ODEs) with simpli�ed cognitive ones  (2-5 equations) by :
- developing reduced synaptic plasticity models
- including these models in decision network models
- simulating and analyzing their solutions
Perspectives of this work include : 
- neural network models [5]
- in vitro test of interactions between pathways using BRET/FRET [6]
-  in vivo tests of signaling or neuronal activity during decision task [3]
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