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Energy function 
depends on clean 
storage patterns {ξμ}EAM = ⟨K(ξμ, x)⟩μ
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What if the energy 
function has to be 
learned from noisy 
input patterns?

E = ⟨?⟩
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Under the capacity constraint, N2DIPR = Tr(C2
y ) = max

W
Tr (2WCy − W2)
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Lagrange multipliers  enforce the capacity constraintsc = (c1, …, cN)
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Two-timescale gradient-optimization:
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Edense = − 2K(x, y) − ⟨Φ(y), AΦ(y)⟩ℋ + gK(y, y)
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• 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)

• Biological connections? Noise reduction and memory storage can be 
implemented using similar circuit dynamics, learning rules and architectures.


