Pseudo-likelihood produces associative memories

able to generalize, even for asymmetric couplings

Pseudo-likelihood training

Pseudo-likelihood approximation: L = — 25:1 Zﬁ-\; log Pi(fﬁf’l\,‘)

Two-bodies models: E(x) = — > ;; Jiixix;

N variables x € RV, dataset of P datapoints &¥ € R¥, load a =

Z|o

>

Energy-based parametrization p;(x) = exp{—AE(x)}/Z;
» Likelihood training: minimize £ = — ZL):] log pj(&H). Pseudo-likelihood loss £ = — Z,‘,ﬂ A §¢Zj¢ijlj§H — log 2 COSh(AZ#if:jfj-l)]

Problem: untractable partition function Z; (t+1)

= Slgn(zj(;e,) .]ljx( ))

Zero-temperature dynamics: x.

Pseudo-likelihood produces associative memories
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Quantitative theory during training
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Storage, learning and generalization in a random features dataset (Hidden Manifold Model)
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Results on various datasets
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Take-home message Related works

» PL produces energy minima over data » Self-attention as an attractor network: transient memories without backpropagation, F.
D’Amico, M. Negri (2024)

. » Supervised perceptron learning vs unsupervised Hebbian unlearning: Approaching optimal
weights memory retrieval in Hopfield-like networks, M. Benedetti, E. Ventura, E. Marinari, G.
Ruocco, F. Zamponi (2022)

» Implicit bias produces neural scaling laws in learning curves, from perceptrons to deep
networks, F. D’Amico, D. Bocchi, M. Negri (2025)

» Random Features Hopfield Networks generalize retrieval to previously unseen examples, S.
» On real dataset storage-to-generalization Kalaj, C. Lauditi, G. Perugini, C. Lucibello, E. M. Malatesta, M. Negri (2024)

» Energy landscape controlled by norm of

» With random features fixed-points are
developed over features and test data as
well
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