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Source of Images: Frank Rosenblatt, ~1957: Perceptron
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#1. Linear Function
import torch

import torch.nn as nn y = WTX + b
m = nn.Linear(in_features=32, out features=1)

in_data = torch.randn(128, 32)

output = m(in_data)

#2 Step Function
step output = torch.heaviside(m(in_data), torch.FloatTensor([@0]))

(0, if input <0
haviside(input, values) | values, j finput =0

. 1 ifinput>o0
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class Perceptron(nn.Module): ERRE - |

I:irl‘ceptr‘on y — WTX _I_ b

def init (self):
super. init_ ()
self.layer = nn.Sequential(
nn.Linear(32, 1))

def forward(self, x):
x = self.layer(x)
output = torch.heaviside(x, torch.tensor([0.0]))
return output

(0, if input <0
haviside(inpiut, values) | values, ; finput =0

. 1 ifinput>o0




MLP(Mutilayer Perceptron)
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« HZFFFFIRFIOCR (Optical character TR
recognition) ;
« %5343 #TPCA (Principle component TN
analysis) ZHRIVRA A E

- R EIEFHRBF (Radial basis function)
» BRRF5EHOS (Heuristic over segmentation s 3
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\ 9'3 Source of Image: Gradient-based learning applied to Document Recognition, Yann LeCun et al.
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B.% % (Receptive Field) : #&— /1M XEBHEE
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D.H. HubelZF1H11962F 4 R BI— & CEk: “Receptive fields, binocular
interaction and functional architecture in the cat's visual cortex ”
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« "Neocognitron: A self-
organizing neural network
model for a mechanism of
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https://arxiv.org/abs/1603.07285
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Pytorch 23}
R

nn.Conv2d(in channels, out channels, kernel size, stride=1, padd
1ng=ao,...)

» stride: #&lint; jtéAtuple, TAE—PTERNRALKIE, E-1
nEeEETIKE; MeE (BRIA1)

 padding:E&lint; jtéAtuple, TEFE—PTEZRNELKE, FZ
TRREREMELKIE; FAEstr, ‘valids'same’, ‘valid’ iR
0, f‘same’ FTREILSMWARIR—#; ANEE (BIA0)
Eﬁ])\ﬁg)lﬁ(NaCm’H’W)! gﬁ]tﬂﬂ:ﬁjﬁ(Nycout,Hout’ Wout)

Cia—1
out(N;, Cout,) = bias(Cout,) + Z weight(Cout,, k) * input(V;, k)

k=0




Pytorch 23}
7R

import torch.nn as nn

# Conv 2D function

# With square kernels and equal stride

ml = nn.Conv2d(16, 33, 3, stride=2)

# non-square Rernels and unequal stride and with padding

m2 = nn.Conv2d(16, 33, (3, 5), stride=(2, 1), padding=(4, 2))

in_value = torch.randn(20, 16, 50, 100) # N=20, Cin=16, H=50, W=100
outl = m1(in_value)
out2 = m2(in_value)

H, + 2xPx(K[0]—1) — 1
H = (K[O]-1D -1

print(out1.shape, out2.shape) \) [O]
print(out1.equal(out2)) IWm + ZXPX(K[ ] _ 1) —1
out

ST +1




Pytorch 23}

5 2

torch.nn.Tanh(input)

exp(z) — exp(—z)

« input: Pytorch Tensor Tanh(z) = tanh(z) =

#Non-L1inear Function

m = nn.Tanh()

in_x = torch.arange(-10,10,0.1)
out_ y = m(in_x)

import matplotlib.pyplot as plt 025
plt.style.use('seaborn-whitegrid") g om
fig = plt.plot(in_x,out_y) 025
plt.xlabel("input") # x IHiRES o0
plt.ylabel("Output") # y 3Hfrss ors
plt.title("Tanh()") # 100

plt.show()

exp(z) + exp(—z)

Tanh()



Pytorch 23}

5% 2

torch.nn.Softmax(dim=None,..)

P
‘§$&HRTE: )
. . —— N | s L) S ft- 1) — _‘L
. dimERint e EEEpgr o) = Tan)

#Non-Linear Function

m = nn.Softmax() Softman(
in_x = torch.arange(1.,11.) oo
out_y = m(in_x) os
import matplotlib.pyplot as plt Y
plt.style.use('seaborn-whitegrid') 5 o3
fig = plt.plot(in_x,out_y) 0

plt.xlabel("input") # x IHiRES
plt.ylabel("Output") # y 3Hfrss
plt.title(”Softmax()") # o0

plt.show() 2 T




Pytorch 23}
AL - R A AL

nn.MaxPool2d(kernel size, stride=None, padding=0, ..)

S HEE
kernel size: & j:/J\ #F/int; JtéBtuple, E— JT
Z2mK/), £ E%m*ﬁﬁk 7]\

e stride: &5 J/th %M’%kernel _sizefH[4]
- padding: FIARY#NE

out(N;, Cj, h,w) = max max
m=0,... . kH—-1n=0,... . kW-1

input(N;, C;, stride[0] x h + m, stride[1| x w + n)
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nn.MaxPool2d(kernel size, stride=None, padding=0, ..)

import torch.nn as nn

#Pooling Function

# pool of square window of size=3, stride=2
ml = nn.MaxPool2d(3, stride=2)

# pool of non-square window

m2 = nn.MaxPool2d((3, 2), stride=(2, 1))

in_x = torch.randn(20, 16, 50, 32) # N=20, (=16, H=50, W=32
out_yl = ml(in_x)

out_y2 = m2(in_x) Hin 4+ 2P — K[O]
H oy = +1
print(out_yll.shape, out_y2.shape) ! S[O] i
print(out_yl.equal(out_y2)) Win + 2P — K[]_]
W,.,.= ST +1
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nn.AvgPool2d(kernel size, stride=None, padding=0, ..)

S HEE
kernel size: & j:/J\ #F/int; JtéBtuple, E— JT
ENmEKN, T E%m*ﬁﬁk 7]\

-strlde. 2 J/th %M’%kernel _sizefH[4]
- padding: FIARY#NE

kH—1kW -1
Z Z input(N;, C;, stride[0] x h + m, stride[l] x w +n

0 n

1
kH x kW

out(N;, Cj, h,w) =
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nn.AvgPool2d(kernel size, stride=None, padding=0, ..)

import torch.nn as nn

#Pooling Function

# pool of square window of size=3, stride=2
ml = nn.AvgPool2d(3, stride=2)

# pool of non-square window

m2 = nn.AvgPool2d((3, 2), stride=(2, 1))

in_x = torch.randn(20, 16, 50, 32) # N=20, (=16, H=50, W=32
out_yl = ml(in_x)

out_y2 = m2(in_x) Hin + 2P — K[O] 1
H gy = +1
print(out_yll.shape, out_y2.shape) S[O]
print(out_yl.equal(out y2)) Win 4+ 2XP — K[l] —1
Wour = +1

S[1]
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nn.AdaptiveAvgPool2d(output size, return_indices=False)

SHEVE
- output_size: ##&int; jTéAtuple, E—PMLRIMNEK), B
N EEEREK D

import torch.nn as nn
#Pooling Function
# pool of square window of size=3, stride=2

ml
m2
in_

nn.AdaptiveAvgPool2d(1)

nn.Flatten()

= torch.randn(20, 16, 50, 50) # N=20, C=16, H=50, W=50
ml(in_x)

m2(out_y1)

X 1

out vyl
out_y2
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LR -F
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3 biih i

nn.AdaptiveAvgPool2d(output size, return_indices=False)

S HE

« output_size: E&lint; JtiHtuple, 5

PTREEEREX

#Global Avg pooling

£k

=

class GlobalAvgPooling(nn.Module):
def init (self, kernel size):
super(). init_ ()
self.layer = nn.Sequential(

nn.AvgPool2d(kernel size),

nn.Flatten())

def forward(self, x):
kernel size = x.shape[-1]
output = self.layer(x)
return output

5

TE

=]
=

2]\

al K/, 3

layer = GlobalAvgPooling(in x.size()[-1])
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LeNet-5
f5]F: LeNet-5 FH3EMNIST FE5FZHFH %
10, 000N 7RAIAVNINER, XABE82 MR AITE IR

C3:f. maps 16@10x10
C1: feature maps S4: f. maps 16@5x5

INPUT

6@28x28

32x32 S2: f. maps C5: layer F6 layer OUTPUT
120 yer o

JT

L 4

‘ Full conAection ’ Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection

LeNet 2544
ER-m K- ER-mKt-2Ez-2EE- 2L

CONV-POOL-CONV-POOL-FC-FC-SOFTMAX




LeNet-5

Q: E—EERHMIE K N?
-LeNet-5 £E#4 FTRER

INPUT 32x32

OO\l  5x5 BRI, LiEFE, WHAIEYIHUE
2x2 K & LK

el 5x5 BFMZ, BT, WENIEYIHUE
2x2 K & LK

FC,120 X HR IE H130GE

FC,84 X HR IE H130GE

FC,10 Softmax #EE




LeNet-5

FC,120 XX HH IE H1A0E
FC,84 XX HH IE H1A0E

FC,10 Softmax ¥E

Q: F—EERRAVHL KN
LeNet-5 4544 A !
HEIFERY A /)N 32-5+41=28
RE: 6
32x32 A )\ 28x28x6
5x5 &%, TiEZ, W EYIGE
2x2 £ & kAN
RN 5o s o weEyGE
2x2 £ & kAN




LeNet-5

FC,120 X B IE H1A0E
FC.84 X IE H1A00E

FC,10 Softmax 5%

LeNet-5 £E#4 S E— AT AN
28x28x6
32x32 Q: E—E LB A /N2
5x5 HAUE, TEFE, WHEYIEGE
2x2 4 & ALK
5x5 %L, T, W EHIHGE
2x2 4 & ALK
| FC,120 |
| FC84 |
| FC10_|




LeNet-5

Q: F—EERME K/N?
LeNet-5 4544 A
28x28X6
N0 32x32 Q: F—EMLERY I K /N?
W 5 s T, WHESEE
2x2 4 & ALK 2
Xe & KRR 28/2=14
SNAE 55 #RU, TEAE, WHETIESE 505 14x14x6
2x2 4 & ALK
FC,120 ISV nasr o
ST I EGE

FC,10 Softmax #EE

MURZBER. BEH, KED
72153




LeNet-5

FC,120  WEBVEEREAL &
FC84 ISV ab

FC,10 Softmax &5

Q: E—EAEREIRE AN
LeNet-5 4544 A
28x28x6
32x32 Q: E— LS B A N2
55 B, FET, WAETHE 14
2x2 1< & K N e e e
e Q B EEES NN E?
5x5 £FL, ToilF, WHHIELTSOE
2x2 i< & LK




LeNet-5

- E— =& IN?

28x28x6
N0 32x32 Q: F—EMLERY K /N?
conve R

2x2 1K & ALK/ - S
o L QB AEEESENE?
Sl  5x5 HEFUZ, BT, WENIEYIHUE B B iepvmt K hE(14-

14x14x6

2x2 4 & Stk AN 5+1)/2=5.
" REE 16
FC, 120 NIy O IR —EEEENSHEH
cos TR . E5x5x16x120+120=48120

FC,10 Softmax &5




import torch
import torch.nn as nn
import torch.nn.functional as F

class Simple CNN(nn.Module):

def

def

__init_ (self):

super(). init_ ()

# 1 input image channel, 6 output channels, 5x5 square convolution
# Rernel

self.convl = nn.Conv2d(1, 6, 5)

self.conv2 = nn.Conv2d(6, 16, 5)

# an affine operation: y = Wx + b

self.fcl = nn.Linear(16 * 5 * 5, 120) # 5*5 from image dimension
self.fc2 = nn.Linear(120, 84)

self.fc3 = nn.Linear(84, 10)

forward(self, x):

# Max pooling over a (2, 2) window

x = F.max_pool2d(F.tanh(self.convli(x)), (2, 2))

# If the size 1s a square, you can specify with a single number
x = F.max_pool2d(F.tanh(self.conv2(x)), 2)
X
X
X
X

torch.flatten(x, 1) # flatten all dimensions except the batch dimension
= F.tanh(self.fcl(x))

= F.tanh(self.fc2(x))

= self.fc3(x)

return Xx
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Source of Images: Adapted from Prof. Geoffrey E. Hinton’s course material
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LeNet-5: 1R AR
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Layer1 Layer3 Layerd

L °§ Source of Images: Adapted from Prof. Geoffrey E. Hinton’s course material
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BERZEENEX

« L EI4T A (Equivariant activities) : EE R4FIEH AL FHEZ
TTHTAART, MEFEHETITALZEFRINTL.
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Y& ERFH 22 TT B 40 L
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CNN ZitR )JJ

LeNet-5

INPUT

CONV,6

ONV

FC,120

FC,84

FC,10

wRAE A

32x32

5x5 Eft%, JTIEFT, WHAIEYIAE
2x2 SR & LK)

5x5 %, JTIEFT, WHAIEVIAE
2x2 SR & LK)

XU IE YA0E

XU IE YA0E

Softmax &
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