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network dynamics
for movement generation

» off-the-shelf models of cortical dynamics
struggle to produce M1-like activity

» new model class with detailed E/I balance
generate M1-like activity transients

Hennequin et al., Neuron (2014)
Li et al., in prep

» simple learning rules can construct such
networks
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network dynamics
for movement generation

» off-the-shelf models of cortical dynamics
struggle to produce M1-like activity

» new model class with detailed E/I balance

generate M1-like activity transients Hennequin et al., Neuron (2014)

» simple learning rules can construct such Lietal., in prep
networks Stroud et al., Nat Neurosci (2018)

Jake Stroud
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» preparation is important
(failing to prepare. . .) X
» formalised as optimal anticipatory control

» realised in gated thalamo-cortical loops
Kao et al., Neuron (2021)
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neural perturbations during the delay period increases reaction time (RT)
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neural perturbations during the delay period increases reaction time (RT)
activity converges to an “optimal subspace” in each trial
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Empirically:

vvyyvyy

neural perturbations during the delay period increases reaction time (RT)

activity converges to an “optimal subspace” in each trial

progression through that subspace predicts RT

preparation also predictive of RT in self-paced reaching:
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continuous reaching for 304+ min

scalable, fully-Bayesian GPFA
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simplest “naive” strategy:
constant u to

establish right fixed point
also conflicts with:

Kaufman et al. (2014)
Elsayed et al. (2016)
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M1 activity torques hand

how do
we get ~ *
there?

T—X = —x(t) + W ¢[x(t)] + h + control input

motor preparation as optimal anticipatory control:

choose u(t) so as to “be ready for movement, rapidly”

(minimise gray area + control effort)

o,
optimal ~
subspace 61’0/7,"
\
. T
/ X1 0 preparation time t

optimal solution = state feedback (‘LQR")

Kao et al., Neuron (2021)
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optimal preparation also explains
orthogonality between
preparatory and movement subspaces:
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Take home:

» precise E/I balance enables generation of motor commands in M1
P stabilisation of high-D recurrent pathways via Hebbian ISP
» ISN dynamics account for salient dynamical structure in M1 activity
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