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Learning Low-D Dynamics from
Neuroscience Data

% Neuroscience data often exhibit low-dimensional structure. We are
interested 1n learning low-D dynamics from data.

W Existing approaches fall into 3 main categories
* Compression focused
* Dynamical Systems focused
* Hybrid, often with strong modeling assumptions

W Use a set of coupled-flows to learn identifiable and flexible low-D
representations that preserve dynamics
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Building Our Coupled Flows
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\Wish to learn low-D latent
dynamics

W Compressive/Generative flow
transports data between ambient
and compressed spaces

W Dynamical flow captures
temporal structure across all
compression levels
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Compression Target Distribution
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Compression Target Distribution
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Compression Target Distribution
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Compression Target Distribution

W Nested Dropout
* Sample prefix length

K ~ Geom(p), E(K) = 1/p
* Apply prefix mask

xiO’K) =b+ LDl/QuibK)(xgl))

mp(i) =1{i <K}, pl (%) = mg O pry(x)

e This construction yields

Controllable dimensionality

reduction
Ordered and identifiable (up to
sign) latent representations
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Coupled Flow Training

W Objective
L=« ECf + ,6 Edf + nﬁalign

£cf — EXET [Hu¢ (X,ET), ’7‘) — u: ||§] Flow-Matching Loss Compressive Flow

T ° °
L:df = EXET,S [||V9 (X%T), T, S, xﬁlis)t) — V}:’T || g] Flow-Matching Loss Dynamical

Flow

(1) (0,K) 12
£align — EXEK [th o Xt ”2 Latent Alignment Loss Encoder



Applications: Quick Overview
Mouse Behavioral Data Bird Audio Data

DCF 3D Latent Structure Band 1 Example Song Motif
data tau = 1.0 tau = 0.0

Neural Population Data

Mean Latent Trajectories
Flowed Simulated
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