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o W4 : On Langevin Dynamics in Machine Learning - Michael 1. Jor-
dan.
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o (optional) ZI P34 figure 5 (Ali, Dobriban, and Tibshirani (2020) [X]
figure 2)
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Figure 1. True and estimated posterior distribution.

K2 FE 1

£ Figure2.1

B R SCE 2, HE#E T injected noise Fil SGD H noise Bl IEA KB AL
tho WER F. BISREW, 1 {e,} Wil Zst 00, Zet < oo W}, %%
injected noise 4=+ 3 noise from SGD, JX_HEJE {6,} W,AIQJF@AAEEM%
198



1518 2 8 12 AL 7

10
100
—— V61 noise
10-1 4 —_— ?62 noise ) @ s
—— injected noise E 10
1072 -@
g
107 4 ,G_”g _4 .
g 10 VB‘I noise
107 5 Ve, noise
107 _g| L. ——lniected noise
10
0 2 4 &
1076 ; ‘ ‘ . | 10 10 10 10
100 101 102 103 104 10° iteration
ireration
(a) LGS (b) 3Kl 2

3 WAHHLSER 5 F A R AT L

RAGERAESE TS RIRBRZ IR, SGD 1 5 £ i sy 144 75 1 B
ARG RMG; BeAh, BEE D KK, b MH 823R48 5 50 T 5EAR
SOMTCT A, U R IRAE SR T %

R AN B

o Gradient flow MHIRFR T, ARFECEIHE LAY,
o GMRRAESTIZHTARAE, VLR ZS MACEAESEI G AT REZE ST pytorchs
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o 1EKME 20 KA Bartlett, Montanari, and Rakhlin (2021)
Deep learning: a statistical viewpoint, HYFHIJEIRE 2= IS BAE,
AEFEIEN AL, min-norm least squares, gradient flow LA RKHS,
A9 5. BFREERED: 1 Introduction, 2 Generalization and
uniform convergence, 3 Implicit regularization, 4 Benign overfitting,

6 Generalization in the linear regime.

o [ f# Gradient flow AR, FHUR I Ali, Dobriban, and Tibshirani
(2020) K figure 2.
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