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f(x; Wi, W3) = WyW;x (3)
fs(x; Wi, W5) = WiW x + Wix (4)
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4.1 IRIEBRNY FH A XICHIT 2 RERERER

& 1 Average Training Accuracy (BS=256)
SGD K-FAC

AR F v TH L 92.16% | 92.86%
AR X v THHLD D 91.40% | 93.64%

BARAXy THROERIC X 2% | -0.7% 0.8%

] 2 Average Validation Accuracy (BS=256)
SGD K-FAC

FRAER X v TR L 91.13% | 91.32%
WXy THEDD 90.32% | 91.53%

AR Xy THHMOEHIZL 7% | -0.8% 0.2%

IR TN F A4 X ERWEE, K-FAC & Train +
Validation DWHEICEWT SGD X 2 HEEE R L 721E
b, BREZAF Y TEREEETVICMZAZZEI2ED, HIZ
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& 3 Average Training Accuracy (BS=8192)

SGD K-FAC
VRFER X v THHREIR L 92.87% | 92.56%
BRAERFy THD D 93.24% | 93.57%
BARAXy THROAHICL 2% | 0.3% 1.0%

R 4 Average Validation Accuracy (BS=8192)

SGD K-FAC
WAAFXy THR L 91.88% | 90.92%
WA Xy THRDD 92.00% | 92.12%
BARXy THROARICE 2% | 0.1% 1.2%

KB N Y FH 4 X W58, AR F v Tk
WINE TUIIXT LT K-FAC 13 Validation Accuracy 3%
L<IETULSGD &b B EWIEREZ /R LTz $7z. Training
Accuracy IZHFERRDIR T AR SN T, BERF v Tz
Mz 7256, 2 OMRES LA EEE L. Training + Validation
DWIFNS SGD ZiEZ 2 HREZ R L 70

*1 https://pytorch.org/
*2 http://yann.lecun.com/exdb/mnist/
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