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I off-the-shelf models of cortical dynamics
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network dynamics

for movement generation

I off-the-shelf models of cortical dynamics

struggle to produce M1-like activity

I new model class with detailed E/I balance

generate M1-like activity transients

I simple learning rules can construct such

networks

Hennequin et al., Neuron (2014)

Li et al., in prep

Stroud et al., Nat Neurosci (2018)

Jake Stroud
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a network theory of

motor preparation

I preparation is important

(failing to prepare. . . )

I formalised as optimal anticipatory control

I realised in gated thalamo-cortical loops
Kao et al., Neuron (2021)
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Elsayed et al. (2016)
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