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Highlights

* Dynamics and geometry are distinct levels for neural systems.

* Dynamics describe the core mechanisms of neural computation.
* Current methods for comparing neural networks are purely geometric.
* Our novel method, DSA, identifies dynamical similarities + differences

between two systems.
* We leverage delay embeddings and Koopman operator theory to create a data-
driven comparison method that can disentangle geometry + dynamics.
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Koopman Operator Theory
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Topological Conjugacy of Dynamics
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nonlinear embedding.
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A global linear description of a
nonlinear system achieved by
embedding observations into a

Finite approximation: Dynamic

Conjugate systems have the same
dynamical features: fixed points,
limit cycles, invariant manifolds,

i.e. their shapes may be different,
but they’re doing the same thing.

Problem: Shape Metrics only measure Geometric

Similarity!

Our Solution: DSA
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Rings: Invariance to non-topological deformation
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