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Assoclative memory models
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Assoclative memory models
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Relation to AM energy function

Under the capacity constraint, N*>Dipr = Tr(Cyz) = max Tr (ZWCy — Wz)
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Relation to AM energy function
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Two-timescale gradient-optimization:

1. Neural dynamics descend V| Efjgyfield:
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L earning a line attractor

data manifold

e data manifold
responses
e vector field

dyldt =x+ Wy —coy

AVVl-J- XYY —

W..

7]

Ac; o y7 — 1




Kernel IPR and dense AM energy
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Kernel IPR and dense AM energy
K(x,y) = (D), D)5

1
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Learning a ring attractor

Noisy observations
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Learning a ring attractor

Noisy observations
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Learning a ring attractor

Noisy observations Learned response dynamics
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Learning a ring attractor

- Kernel IPR during training
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Summary

o AM energy function is related to objectives for reducing dimensionality

e data manifold e data manifold P 4
noisy observations

% o .'. . <
® LY
o ® ov °® responses /
o' of% ., ° , S50
o ® %0 o %00 W vector field A
. o S® %28 o ® 1 ) 1
o . % o'/ o° d
.0 % Yo% ¢ o
o : o '.". ) © @on 0 »
¢ o0, o .,."‘» ° ° o
CHNOR SR ST X o |
° ° g ¢ ¢ 0 o0 <
° e’ W eee® © e o A
® o 0. .w.so o b
°® %o o Goo ¢
o © oo % oo o0
® ® o :o. e :o:o. o®
® o0 Ve o ° °

, * RICE .
()| SNEUROENGINEERING - e

INITIATIVE Medicine




Summary

o AM energy function is related to objectives for reducing dimensionality

e Relation to blind denoising and work connecting AM models to denoising”
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o AM energy function is related to objectives for reducing dimensionality

e Relation to blind denoising and work

connecting AM models to denoising”?

(Hoover et al. 2023; Raya & Ambrogioni 2023; Pham et al. 2024; smart et al. 2025)
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