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x A ER 2k loss B RIS, F(x) & Al m T
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Stage3 (Conv4_x). Staged (Conv5_x)
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A CERZERIT R YR SCEAR S BT Y 4 1
TR, MHZEE S, MHERASEXE. TR T
B, FARNERNEG RGN, XERE R
FEGNG . S, AR EE AR TA s, T2
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Adding a BatchNorm layer (between weights and activation function)
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TR BE A 28 00 2 SR ) i =X W3 A T 240K 50 5 X
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PREEEDY (Gradient Clipping), #/2idid “clip”
D5 2R 1B AR RS R, B R —FTEM 48 fIn]
A R 0 [ 3 2 5 R R 3 B B IR v, AR
FH 5T 5 A B2 ok SR A . o EOR R R R 22 R
B, O ASCER 1 BT AR E R R R, AT W BRI L
i 2T Y6 A AT B (Wl 158778 ) o pytorch i fg
nn.utils.clip__grad_norm_ () #47EEEE#ET, 1ZEECH
=4 BH

o parameters ——PETASRAIEARS, RIEATHEEE

H—1k

o max_norm R RIEEL

« norm_ type —HUETEAWIEAL, BN L2
TensorFlow HL 42 it 17— % 71 f&j B 0] 47 Y B B 8 55
BRAR, Dy AT R A R R B AT,
A B30 325 AR R M (i A X LS B B R B R
B 2 DA clip_by 3k, 432 tfclip_by norm,
tf.clip_by_global norm, tf.clip_by_average norm #
tf.clip_by_ value,

D. dropout

(b) After applying dropout.

Fig. 14. dropout
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TR A A, T RATE i B b AR A IO 8 1 3 ) 4 A
kP aMgrtaE. F4, Alex. Hinton 7EHE
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2012 AE QIR BIRFETE R, X 18 CHE ) AlexNet
) AT 05 R 1 0 ) 245 7 ) A

dropout FERIZE MKt B rh, X T —Uak
R — B M L, JeBENLERI i — e 20Tt
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1471 )
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ESIES TS
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A R A THE S, Sk
00 _ 00y A 9C _aCy
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AIPAK I Lo IENMEION b SR 2, (H2
T w B SRR

A 9C G,
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(1M, 9%
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EARMH Ly IENARES, KSER T w 5IRECH
1, BUE w BT RECN =22, B 0, A\ n BEURIER, BT
DA 22 ONT 1, BIECRERUN w, XA E
i (weight decay) WJHIR. 248K 183 5 0 500,
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P ET mini-batch FREHLELEE I, w 1 b TR
AR S A SR -
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- n 9C,
b—b m x Ob
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m T Jw
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T, R EOA, A n FEERA m, m 2—
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I A
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2w A2 /NA] AR [k AU E e ?
o JRFH:

1) MWALELSE A BE EARRE: S/NUAUE w, M
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A SEBR Y o, IR TiX— L, Lo 1EN
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7, EMEGRAFE S — 18, &&E
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R E A ER.
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1) B ABESIEFA: mini-batch B F W55
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