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Goal of generative models: Draw a new sample from P, given {x;}'_, ~ P .

Score function Vlog P, is all you need for time reversing, learned through
Denoising Score Matching (DSM). Let a, = e ! h=1-— e % then
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We study the minimizer of the empirical DSM loss:

T n,m 2
LBems) = L dt 2 v/ st ax; + \/Ezé-) +z || X~ Po, i ~ A (0,1
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Score parameterized by Random features neural network s, (7,x) = A0 (th).

Data: Py ~ N (0,C); C can be isotropic, or have low dimensional structure.
Scaling regime: d, D, n,p — oo, v, = D/d, v, = nld, W, = pld fixed, where

d : input dimension, D: dimension of latent space, n : # of training samples,

p + # of random features, m : # of noise samples per training sample.
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We derive asymptotically precise expressions for &% es’r(At) and &7 (At) as a

Train
function of yp, v, y,,and t, for m = 1,00. Linear pencils technique from

Random Matrix Theory is used to derive the learning curves.

We interpret the obtained learning curves to identify regimes of memorization
and generalization.
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