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Highlights

*We introduce InputDSA, a method for comparing both
intrinsic and input-driven dynamics of complex systems

from data alone.

Ann Huang*, Mitchell Ostrow*, Satpreet H. Singh, Leo Kozachkoy, lla Fiete, Kanaka Rajan

*InputDSA is robust to noise, partial observation, and

unknown/surrogate inputs

*We apply InputDSA to RL-trained RNNs and neural

population recordings from rats.

"InputDSA is the only input-aware dynamics comparison

method to date.

Background

Dynamical Similarity Analysis (DSA)
» Standard comparison methods (CKA,

Procrustes, etc.) capture geometry but not

dynamics [1,2,3]
* DSA [4] compares dynamical systems by

estimating and comparing Koopman Operator

approximations via Dynamic Mode
Decomposition [5,6]
-But DSA ignores external inputs

Koopman operator theory &= f(x)

* Nonlinear dynamics © = f(x)

can be represented as linear %
evolution in a lifted observation

space: ¢(z) = A¢(x) [5]
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* Finite approximation via Dynamic Mode Decomposition

(DMD): estimate A from data [6]

* With external input: DMD with control (DMDc) estimates

both Aand Bin 2 = Ax + Bu [7]

Innovations

C

Unobserved Observed Yt = Cxy
Indirect&—. JDirect Tyl = A.I’t + Buy
Effect Input Effect
L 2. Jointly align both input and recurrent
dynamics matrices via controllability matrix
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1. Subspace DMDc for resolving
e ﬁ input-driven effect on
partially-observed systems [8]
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The controllability matrix is only invariant to orthogonal transformations on the

state, enabling fast comparisons with Procrustes Ana
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InputDSA tracks the evolution of individual differences

Our Solution: Input-aware Dynamical Similarity Analysis
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