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https://docs.pytorch.org/docs/stable/autograd
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class NeuralNetwork(nn.Module) :
def __init__(self):
super().__init__Q)
self.flatten = nn.Flatten() # /& 1 [%

self.linear_relu_stack = nn.Sequential(
nn.Linear(28%28, 512), # 784 il
nn.ReLUQ),
nn.Linear (512, 512),
nn.ReLUQ),
nn.Linear(512, 10)

def forward(self, x):
x = self. flatten(x)
# HHEKA R IH— 1L
logits = self.linear_relu stack(x)

return logits # 1R [F logits
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o H— LTI 2 o JH—Ak ReLU % i ) AE 1R h
o Ji4f BN 5 ResNet v1 R H X — i)y o PSR A N PR AR AR 17

e

MLP % X J{] Linear, BatchNorm. ReLU JIfi/%; ResNet v2 fifi Jf] BatchNorm, ReLU. Conv {}5E SIS

S Toffe 55 Szegedy 2015, He % 2016 ResNet v1, He % 2016 ResNet v2, Hasani 5 Khotanlou 2019

PR g ] S AL 1|2 36/52



https://proceedings.mlr.press/v37/ioffe15.html
https://openaccess.thecvf.com/content_cvpr_2016/html/He_Deep_Residual_Learning_CVPR_2016_paper.html
https://arxiv.org/abs/1603.05027
https://arxiv.org/abs/1912.04259

3 Batch Normalization {EJI|Z5 5 HEBRIBHE X 5]

7€ 3 | mini-batch Y2 —1%, (Batch Normalization, BN)

bB = lzzi: of = lZ(Zi—ﬂB)QZ, z; = L, BN(z) =y0z+p
mi=i mi=1 ok +¢
gk 32 ey
o WS mini-batch ORI S o MUBIIGMIRGT R
o HHBTHE S BT % o AN 24 I batch FYFEAS
o SFfAL mini-batch H:[m] = AR P o REFEIFM y 5 BSE
T —

PR GRS 5L BRI 25z 4k 37/52


https://docs.pytorch.org/docs/stable/generated/torch.nn.BatchNorm1d.html
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LAHITERE g(t) v(t) = pv(t — 1) + g(t)
Momentum {%Mﬁivc—n 0t + 1) = 6(t) — v(©)
m(t) = fim(t — 1) + (1 = f)g), v(t) = fov(t — 1) + (1 = B)g(®) © g(t)
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https://openreview.net/forum?id=Bkg6RiCqY7
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https://docs.pytorch.org/docs/stable/generated/torch.nn.Dropout.html
https://www.jmlr.org/papers/v15/srivastava14a.html
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model = nn.Sequential( # 7
nn.Linear (784, 256), # 7
nn.ReLUQ), # A4
nn.Dropout (p=0.3) , # F
nn.Linear (256, 10) # #
)
model.train() # JI /& Dropout
logits_train = model(x) # REMEBI 0.7
model.eval() # % [ Dropout
with torch.no_grad(): # T FAE
logits_eval = model(x) # Dropout # 1B 4FHkY
oA
LR

«%ﬁﬁ%{w ifﬁﬁﬁiﬁ”ﬂ model.eval()
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