TIDE: Asymmetric Neural Circuits for Stabilized

LULEA
TEKNISKA
UNIVERSITET

TIDE: Dale-constrained Wilson-Cowan E-I dynamics architecture with
lateral inhibition, persistent memory, and receptive field

Avg. performance across all datasets

E:l neuron split Performance under perturbation

|. Background & Motivation

Motivation: Continuous Thought Machines (CTM) [1] uses unconstrained MLP recurrence,
whereas cortical excitatory and inhibitory (E-1) neurons use Dale’s principle.

Research question: What effect does Wilson-Cowan [2] E-l recurrent dynamic has on Robustness?

E- recurrent core: Wilson-Cowan dynamics with non-negative weights, E-I NLMs, and lateral
inhibition with persistent memory.

HRF backbone: Learnable center-surround filters, with end-to-end training.

Il. E-l Dynamics & Theory
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Forward-Euler Wilson-Cowan update of the E-I rates. In TIDE, h is normalized by RMSNorm.
Dale’s driven training: Projected gradient descent, where W 2> 0.
Game-theoretic loss: A fixed-point residual minimization of per-neuron energies [3].
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Stability: Lyapunov diagonal stability via Perron sum-ratio surrogate caps p(

t=1 t=5 t=10

—
R s

CLEAN INPUT

v little blue
heron

v little blue
heron

v little blue
heron

v little blue
heron

v little blue
heron

v little blue
heron

X bucket

heron (0.20)
O
: therrapin X crane | X limpkin X limpkin NX}.‘Impkin. | M?X limpkin | X limpkin
ey M
CLEAN INPUT O} i ||
B
X bucket v coyote v coyote v coyote v coyote
Ro tatlon (90 ) E -“’;;?h A :i’ | ¥ h*
= 1 94z %
O ¢ < |
: ' |
X Siamese cat X Egyptian cat X mink X weasel X red wolf X indri X weasel
Attention of TIDE and CTM over internal steps on perturbed ImageNet images (green: correct, red: wrong)

Theory scope: Stability analysis covers an idealized, un-normalized Wilson-Cowan surrogate.

Outlook: Augmented-Lagrangian E-I balance, stricter biophysical constraints, SNN-based.
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[1] L. Darlow, C. Regan, S. Risi, J. Seely, and L. Jones, “Continuous thought machines,” in NeurIPS, 2025.
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lll. TIDE Architecture

Next internal step
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One internal step of TIDE ( top) and of CTM (bottom).
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V. Main Benchmark & Ablation
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CIFAR-10-C [4] top-1 accuracy (%) of TIDE, CTM and TIDE - CTM (blue: TIDE better).
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