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As a toy system, we implement the reference causal | When is closed-loop control helpful or necessary com-
graph with linear-Gaussian relationships: pared to random intervention?
X = myxU + mrxR + €x Closed-loop optimization could probe X more efficiently, facilitating
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Activity feature X Intelligent system

And compute the correlation for a purely observational

When studying intelligent systems in a gray-box fash- experiment (no control, og = 0):

ion, we often want to understand how some measure of

intermediate activity relates to function: Coveps(X, Y) = miy (miyx 0y + 0%) + mipy oy + 0y
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(e.8., closed-loop Two-stage least squares (2SLS) is a standard IV method B ; 1 B ; 1
optogenetic control) for estimating 1 yy: X X
\ X = fiigxR Y = flixy X Modern machine-learning methods may be needed for
" nonlinear R — X and X — Y relationships:
Activitv feature X “ - For example, DeeplV [1], DeepGMM [2], KernellV [3], MMR-IV [4].
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(e.g., latent factor of . igure from Bakhitov and Singh [5]:
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Correlation between activity X and output Y is not suffi- - . . . — — — — —
cient to infer causation: | | o LT 0L LA T
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