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A,B,C ẋ = Ax(t) + Bu(t)

y = Cx

?

many decades of insights from control theory, too rarely used in neuro

(input) u y (output)

x

B CA

controller

a control engineer’s job:



Linear systems in neuroscience

τ
dx

dt
= −x + Wx + external input

population firing rate vector, or latent variables

connectivity matrix



Linear systems in neuroscience

τ
dx

dt
= −x + Wx + external input

population firing rate vector, or latent variables

connectivity matrix

short-term memory



Linear systems in neuroscience

τ
dx

dt
= −x + Wx + external input

population firing rate vector, or latent variables

connectivity matrix

short-term memory



Linear systems in neuroscience

τ
dx

dt
= −x + Wx + external input

population firing rate vector, or latent variables

connectivity matrix

short-term memory



Linear systems in neuroscience

τ
dx

dt
= −x + Wx + external input

population firing rate vector, or latent variables

connectivity matrix

short-term memory



Linear systems in neuroscience

τ
dx

dt
= −x + Wx + external input

population firing rate vector, or latent variables

connectivity matrix

short-term memory decision-making



Linear systems in neuroscience

τ
dx

dt
= −x + Wx + external input

population firing rate vector, or latent variables

connectivity matrix

short-term memory decision-making V1



Linear systems in neuroscience

τ
dx

dt
= −x + Wx + external input

population firing rate vector, or latent variables

connectivity matrix

short-term memory decision-making V1 M1



Linear systems in neuroscience

τ
dx

dt
= −x + Wx + external input

population firing rate vector, or latent variables

connectivity matrix

short-term memory decision-making V1 M1 correlations



Linear systems in neuroscience

τ
dx

dt
= −x + Wx + external input

population firing rate vector, or latent variables

connectivity matrix

short-term memory decision-making V1 M1 correlations

deep learning (!)



Linear systems in neuroscience

τ
dx

dt
= −x + Wx + external input

population firing rate vector, or latent variables

connectivity matrix

short-term memory decision-making V1 M1 correlations

deep learning (!)



Linear systems in neuroscience

τ
dx

dt
= −x + Wx + external input

population firing rate vector, or latent variables

connectivity matrix

short-term memory decision-making V1 M1 correlations

deep learning data analysis / system identification
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τ
dx

dt
= −x + Wx + external input

population firing rate vector, or latent variables

connectivity matrix

short-term memory decision-making V1 M1 correlations

deep learning data analysis / system identification

[Scott Linderman, this morning]
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Controllability & Observability

(two-sided “extension of PCA” to dynamical systems)

(input) u y (output)

x

B CA

ẋ = Ax(t) + Bu(t)

y = Cx

controllability & observability are core concepts in control-theory

that afford useful re-interpretations for the analysis of circuits
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if u(t) = white noise

P =
〈
x(t)x(t)T

〉
t

cf. “intrinsic manifold”

[Sadtler et al., Nature (2010)]
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optimized light pattern

random light patterns
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“dynamical nullspace” [Duncker et al., Cosyne ’17]



Model reduction

full model

reduced model

inputs outputs

classic methods try to capture the top subspace of both P and Q

fun fact: for our ISN model of M1, we recover rotational dynamics

(also revealed by jPCA)
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P and Q are all you need to know about A

for biologically realistic (nonnormal) networks, P 6= Q

[Kao, Sadabadi & Hennequin, Cosyne ’18]

implications for system identification?

stimulation recordings
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System identification

Calvin Kao

simplified scenario (N = 5):

xt+1 = Axt + noise

yt = xt + noise

maximum likelihood parameter estimation

(new method, regularised, stable)

Â = argmaxA log p(y0:T |A)

Q recovered less accurately than P
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learned model not very predictive of

the effect of stimulation



Outlook

control-theoretic perspectives on RNNs offers new ways of

understanding them (here, we’ve barely scratched the surface)

use of optogenetic access to constrain I/O models of neural circuits

motor control, BCIs, reinforcement learning, behavioural modelling, . . .
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