Power-law feature statistics explain test
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Model Artificial data:
Cross-entropy binary Hopfield Hidden manifold model with power-law features
e Deterministic recurrent network of N Binary neurons with weights Jz-j ® P correlated data {5”}5:1 as combinations of D random features {f*}i1
(t+1) al () e Data and features are vectors of N binary variables.
i T Sgn[ > i } oF Lid. i ~ Unif(41)
() eatures are i.i.d. Jki 5
® Given a training dataset of P examples {5“};1;1 e Data are combinations of features ff = Sgn [Z c’,jfm} , With CZ e {0,£1}
we minimize cross-entropy / pseudo-likelihood loss to obtain Jij k=1
® Combinations are sparse, only L=(0(1) hon-zero coefficients for datum [
L) = Y log (14 ¢ %) .
® The L features are chosen with a power-law probability: T = k /Z(U, D)

[

mThis artifical dataset reproduces memorization-to-generalization
transition observed in real data

Artificial data MNIST binarized Real protein sequences
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EThe cut-off in number of learned features explains generalization
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e The number of learned features explains the test reconstruction gap L 075 ﬁ \ﬁ' 3,
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* Hidden manifold model with power-law random features is a good model for real data
e The exponent selects how many features are learnable

* Test reconstruction gap is directly controlled by the number of features learned

e Feature acquisition is sequential: frequent ones are incorporated earlier in training time and dataset size



