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Contextual Processing in the Prefrontal Cortex

Prefrontal

Cortex Dynamic Mixture of Experts (DynaMoE)

Mixture of Experts with dynamic recruitment

Sucrose - Airpuff , |
of new experts with gated transfer learning
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Miller and Cohen, Annual Review of Neuroscience (2001) Vander Weele et al., Nature (2018) Tsuda et al, PNAS (2020)



Neuromodulated Mixture of Experts
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NeMoE Model Components
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NeMoE Model Components
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NeMoE Model Components
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NeMoE Model Components
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NeMoE Model Components

Computational Biological

Micro-circuit dynamics: Rapid Ligand-gated lonic Channel

00002000004 200000000000
hl

090UV POGOORIOSOONe

i

(T ]
f:':. 00089
b/
.i‘ Second
o] messenger
cascade

G-protein
Batra, Bakhti-Suroosh et al., (Unpublished data from the Tye Lab)




Multi-context foraging reveals adaptive behavioral strategies
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Using behavioral features to predict context
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Prefrontal dopamine encodes contextual information
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Prefrontal calcium distinguishes neural ensembles
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Prefrontal calcium distinguishes neural ensembles
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NeMoE modeled by deep reinforcement learning simulation
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Deep RL Simulation
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