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https://cs231n.github.io/convolutional-networks/#conv

Input (zero-padding) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output (3x3x2)
x[::0] wo[::0] wi[::;0] o[::0]

i
e
oE

0 0 1 R i
O witss 1] ol §i #-#2#%(convolutional

A1) e kernel)

1 0 0
w:[:.:,-;] . —:‘/—:éﬁ %ﬁﬁﬁz

0 0 -1

[ 7E Ik & (filter)

-1 -1 0
Bias bl (1x1x1) #Z—(kernel)

b1[::0]

0

¥ K2
O o ot | ol | D filter 3*3*3
Z slalilifol: fi|te|’/]\%5§l6 2

TH A




y LA 4 B AR B 3 Y 25 A

5 ARETEBLT X9 i AT YP
LR wp /4 f
T /
\ ! M
7777777777777 e .
AEN
YEHE D '
A B X A B Y
D
ZP = WP ® X + bP = Z wpd @ x4 + P,
d=1

YP = f(ZP).

AV Z WL G EES T 26



11olo]or0]

01| G G Gt
010|1]1]0|l& oA
110[0[0] 1% -

0/1]0[0]|1]0

0/l0]1]0]|1]0

6 X 6 image
7777777777777777 VWA =4

AV W5 E S5 T 27



X 6 image

3 — B A4

L] [ ]
AP W& 5K E5 3] - 28



L10J0]0JO]t % H N AR K ) 4676
oOj110(0|11]0
010111110710
1tlololol1lo M AN R 330G AR B AR HK
(3*3+1) *2
oOj110(0|11]0
01011101110
image

&34 R T ANAY B USRS H
(6*6+1) *2

AP ZERE&EEES I



W =W ®X, LbXeRMXN We RUXV, ye RM-U+DX(N-V+1) g
#f(Y) € RA—AFF &

vf (V) % FTW 6945 5K X AL 49 £ AR

M-U+1N-V+1
0f(Y) _ Z 9yij 0f(Y) _
- y.._ T S AN
dw,, = dw,, a)"ij ij Ei‘ uvi+u-1,j+v-1

M-U+1N-V+1

af(Y)
Z Z Xitu— 1,j4+v—- 1?

M-U+1N- V+laf(Y) df(Y) N af(Y)
Z Z a)lj Xu+i—1,0+j—1- oW - Y

Jj=1




GRS

FO) % FX 694k FHAW LD & 52 F42(3k A 48 %)

M-U+1N-V+1 Zz,,
df(Y) _ Z+ Z+ 9ij 3f(Y) . :zx . |
axst i—1 = 5«\’31 dyij tj s;tWs—i+1,t—j+1

S,t

M-U+1N-V+1
of(Y)

= Z Z s g re—
i=1 =i Yij

of (Y)_ of (Y)
T_W>|< v

(AP Z W &5 RESF Y 31



==

P BARE RIRTT AR R ) AR AN, A2 R A — AN R AR B
By AP 22 FUAN GG IR R

y A T TAFARSE — AT IR, BRAFIE E, RS E,
71 NI R E AT AR BEAT R RAE

» 32 K /L % (max-pooling) Ymn = jepd Xi
¥ I ) -
» 35 L ZX (mean-pooling) Ymn R Zierd, X;

(AP Z W &5 RESF Y 32



— R E WS4 Y
i NERE W2 2
111 R B
of1f1]2 —_— -
ofof1]3
ojlo|1f1 R W YO
AR X4

PILREATT AR — NI BRE, BBREZRDA
KXK, ##24% Amax & 4 mean 3 £k

AV W5 E S5 33



Mean-poolingfyS%

»Y = Mean — pooling(X), X +X € RM*N | Y € RIM-U+DX(N-V+1)
» =] FAE ey £ R AE(up sampling)

0.8 gmE
_—
of(Y)
Y

AV Z WL G EES T 34



Max-poolingfy 5%

of(Y) of (Y)
Y X

AV Z WL G EES T 35



BRI RS

PEFR LT AR E. ILRE. Ai%E AT S @R
pA2 e T AR RKIRE

p L IR LA 3R K, AL T A AR

p 3L AN 25 )

b —ANBERI A EGEM NBEREFDNCRE (MBFREA2~S5, bAORL) o —MNERR LT T L% &
N MNEGe AR, REEEAK AMAL2EHEE (NBMARX ALK K, il ~ 1005 H £ K ; K—& A0
NZ) o



— NSRS TR L

’5 | :
. 4

Convolution

A 4
A 4

Convolution

Max Pooling




bW B AR 0 By b AR AR e T 3
kN6 =

Q0 o
00 0"

Fully Connected
Feedforward network



i : Linearl

Low-level | Mid-level | High-level ‘ y
features | features | features *| separable —

classifier

AP Z ML HRES T 39



\\2

RINF

RELU RELU

=,
=]
Ll
04
=)
=
Ll
14

RELU RELU

CONV

CONV

CONV

aifplane

.&Eﬂl!&@r%&ﬂ

— N o4 ’,: M A gﬁ, P4

.¢@IJIEE&QS

40

CHb 22 R 5 R R T



D
BRI MEIIS TS R~ P

MR 2k B B E T LR G iAW D) Fudp B p(LP) 64 4p & 41

6L 5L ,
. (-1.4) Yo
swpd — ozam O ey = 2160,
L]

= (P @ x(-14d)

b B AE 7 iR IR AR
I+ R AR

P
1.d) =zt o (+1,p,d) , SU+1,p) ;
5( ’ ) l |7/4 6
P=1

SLp) = f;(Z0) © up(8+19)),

AP W % 5REF I 41



BIAMHE
22 23V TE ER LT




Only modified the network structure and
input format (vector -> 3-D tensor)

CNN via Pytorch

class CNN(nn.Module):

def. dAnit.- {(self):
super (CNN, self)._init ()
self.convl = nn.Sequential( #input shape (1,28,28)
nn.Conv2d(in_channels=1, #input height
out_channels=16, #n filter CO nVOI UtIOn
kernel size=5, #filter size
stride=1, #filter step
padding=2 #con2dd MBS AFE
), #output shape (16,28,28)
nn.RelU(),

nn.MaxPool2d(kernel_size=2) #2x2%4¥, output shape |

Max Pooling

)

self.convZ = nn.Seguential (nn.Conv2d(16, 32, 5, 1, 2),
nn.RelU(),
nn.MaxPool2d(2))

Convolution

self.ocut = nn.Linear(32*7*7,10)

Max Pooling

def forward(self, x):

X = gelf.convl(x)

X = gelf.conv2(x)

X = X.view(x.size(0), -1) #flat (batch_size, 32*7*7)
gcutput = self.out (x)

return output



Only modified the network structure and

CNN via Pytorch

input format (vector -> 3-D tensor)

input

self.convl = nn.Sequencial( #input shape (1,28,28) = Convolution
S

nn.Conv2d(in_channels=1, #input height
Max Pooling

Convolution

out_channels=16, #n _filter

kernel size=5, #filter size

stride=1, #filter step

padding=2 #con2dtkMIBEEFAE

), #output shape (16,28,28)
nn.RelU(),

nn.MaxPool2d(kernel size=2) #2x2%#f, output shape (16,14,14)

Max Pooling




CNN via Pytorch

Only modified the network structure and

input format (vector -> 3-D tensor)

input

self.convZ = nn.Sequential (nn.Conv2d(le, 32, 5, 1, 2), #output shape (32,7,7) COI’\VO'UtIOﬂ

nn.RelU(), '
Max Pooling

nn.MaxPool2d(2))
Convolution

Max Pooling



Only modified the network structure and

CNN via Pytorch input format (vector -> 3-D tensor)

nn.Conv2d(in_channels=1, #input height

out_channels=16, #n_filter Input

kernel size=5, #filter size 1x 28 X 28 ‘

stride=1l, #filter step

padding=2 #con2d MR AT D Convolution

), #output shape (16,28,28)

How many parameters for 16 x 28 x 28 ‘

each filter? e )
— Max Pooling
16x 14 x 14 s 2

— Convolution

(nn.Conv2d(1le, 32, 5, 1, 2),

How many parameters for
each filter? m 32x14x 14

32x7x7

— Max Pooling




Only modified the network structure and

CNN via Pytorch input format (vector -> 3-D tensor)
input
1x28x28
Convolution
16 x 28 x 28 : 2
Max Pooling
16 x14 x 14 ‘

Convolution

32x14x 14

Max Pooling
32x7x7

Flatten

self.ocut = nn.Linear(32*7*7,10)



%*ﬂ?ﬂagzw g%ﬁl,\] erﬁ—_'g?—j%g https://zhuanlan.zhihu.com/p/31575074

def conv2d(img, kernel):
height, width, in_channels = img.shape
kernel height, kernel width, in_channels, out_channels = kernel.shape
out_height = height - kernel_height + 1
out_width = width - kernel width + 1

feature_maps = np.zeros(shape=(out_height, out _width, out_channels))

for oc in range(out_channels): # Iterate out_channels (# of kernels)
for h in range(out_height): # Iterate out_height
for w in range(out_width): # Iterate out_width
for ic in range(in_channels): # Iterate in_channels

patch = img[h: h + kernel_height, w: w + kernel _width, ic]

feature_maps[h, w, oc] += np.sum(patch * kernel[:, :, ic, oc])

return feature_maps
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3 F— /NN A100 X 100 X 256 69 FFAEBL A2, 4R A3 X 3 89 5 ARA, Wd A
100 X 100 X 256 #9 HIERSHR Mg AL, REMAAEH LRE. R A—
A X 1 E B, 4433100 X 100 X 64 49 HfEme sy, Bi473 X 38961, /2
3]100 X 100 X 256 ¢4 454Eme g4, KLt fes Al 4 4 B

Bf 18] 4 4 % : 100*100%256*3*3*256 =
=R B g 25673737256 + 100*100*256 =

Bf1a) 2 4 % : 100*100%256*64 + 100*100%64*3*3*256=
=R A E: 1717647256 + 100*100%64 + 3*37647256 + 100*100*256 =
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i?g% (Transposed Convoluhon)/{nﬂ y’t_% ~(Fractionally-Strided Convolution)
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?ii@%*ﬂ(Atrous Convolution)
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»LeNet-5 & —ANJEF RI) 6947 2 W LA R,
» 3 F LeNet-5 895 5 597 5] & %428 90 SRk £ B % 424748
B RiRF L2 L@ F BT,
»LeNet-5 257 7 &,

L I AERZ?

N CL: B2 ////////

16@10 x 10

' Ch: BRE
lﬁ‘ N\
®_ Q.
N N

5 = Wl e S F6:
S2: JLEZ S4: J/I KE T
6@14 x 14 16@5 x 5

[1] LeCun, Y., Bottou, L., Bengio, Y., & Haffner, P. (1998). Gradient-based learning applied to document recognition.
Proceedings of the IEEE, 86(11), 2278-2324.
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LeNetRYfEERsCI

class LeNet(nn.Module):
def __init_ (self):
super(LeNet, self). init ()
self.conv = nn.Sequential(
nn.Conv2d(1, 6, 5), # in_channels, out_channels, kernel size
nn.Sigmoid(),
nn.MaxPool2d(2, 2), # kernel size, stride
nn.Conv2d(6, 16, 5),
nn.Sigmoid(),
nn.MaxPool2d(2, 2)
)
self.fc = nn.Sequential(
nn.Linear(16*4*4, 120),
nn.Sigmoid(),
nn.Linear(120, 84),
nn.Sigmoid(),
nn.Linear(84, 18)

def forward(self, img):
feature = self.conv(img)
output = self.fc(feature.view(img.shape[@], -1))
return output
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5.11 LeNet-5H C3 ERYERIR (B 2K [LeCun et al., 1998] )

b R F p AN AFAE RS AR OB T S d AN N AFAERR S, WT, =1, SN A0, YP
A

YP=f| > wPi@X?+pP|,

d,
Tpa=1

4?3119”; FEEERGIEBRANAK, BANERZG KD AUXV, L EEZKXUXV + P
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Large Scale Visual Recognition Challenge
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AI N [1] Krizhevsky, A., Sutskever, 1., & Hinton, G. E. (2012). Imagenet classification with deep convolutional
eX et neural networks. In Advances in neural information processing systems (pp. 1097-1105).

»2012 ILSVRC winner

» (top 5 error of 16% compared to runner-up with 26% error)
b 5 — IR B AR P AL A
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[ 152 192 y\jax Pooline 128 | |
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AlexNet v.s. LeNet

»AlexNet % F 5 0949 22 N 4442 Al

»AlexNet P K A28 18 FrbLeNet X, AlexNet 4% 4E &4y k&
YL 1GB Ay B A A

» AlexNetFrsigmoidigt & 3 2 Bk, 7 ReLU & & 2L

»AlexNetid itdropout, E43Z ) (. I Fin & T10) 89
FER LR R AL A 18] AR
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AlexNetfYi&E

class AlexNet(nn.Module):
def _ init_ (self):

super(AlexNet, self). init_ ()

self.conv = nn.Sequential(
nn.Conv2d(1, 96, 11, 4), # in_channels, out_channels, kernel size, stride, padding
nn.RelU(),
nn.MaxPool2d(3, 2), # kernel_size, stride
# FNEIRED, FERERA2EFERmASRENSIIE -, BRI REER
nn.Conv2d(96, 256, 5, 1, 2),
nn.RelU(),
nn.MaxPool2d(3, 2),
# EIMENE, BEAEPRERED. B EHEREN, #—S BN 7 hti#ER .
# IR ERER N EAMLERR M A TS5
nn.Conv2d(256, 384, 3, 1, 1),

i
>\|__:_,l
=

an.ReLU(), # RELEEEFRRIEEI LeNetPRIAEIE . ERAZFRERERING
nn.Conv2d(384, 384, 3, 1, 1), self.fc = nn.Sequential(
nn.RelU(), nn.Linear(256*5*5, 4096),
nn.Conv2d(384, 256, 3, 1, 1), nn.ReLU(),
:::z:;gc(x))izd(a, 2) nn.Dropout(9.5),
) nn.Linear(4096, 4896),
nn.RelU(),
nn.Dropout(@.5),

# fbE . BT XE#EAFashion-MNIST, Fl\FZERETH10, MIELITHA)1000
nn.Linear(4€96, 19),

N ey el Y S IXCT) T v



VG G [1] Simonyan, K., & Zisserman, A. (2014). Very deep convolutional networks for large-scale
image recognition. arXiv preprint arXiv:1409.1556.

»ILSVRC 2014 runner-up
»Top 5 error of 7.3%
& R E T L E B W 2%
T T 4 40 IR AR R A 40 X R 5

224 x 224 x3 224 x 224 x064

112x]112x 128

56| x 56 x 256
|28 x 28 x 512 TXTx512
4x14x512 _
| %\“Iﬁlﬁlﬁ Pl Ae9e 1xix 1900

@ convolution+ ReLU
{1 max pooling
fully connected+RelLU

41 softmax
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ConvNet Configuration

A A-LRN B C D E
11 weight | 11 weight | 13 weight 16 weight 16 weight 19 weight
layers layers layers layers layers layers
input (224 x 224 RGB imagp)
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64

LRN conv3-64 conv3-64 conv3-64 conv3-64

maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 || conv3-128 | conv3-128
conv3-128 | conv3-128 || conv3-128 | conv3-128

maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 || conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 || conv3-256 | conv3-256
convl-256 || conv3-256 | conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 || conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 || conv3-512 | conv3-512
convl-512 || conv3-512 | conv3-512
conv3-512

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 || conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 || conv3-512 | conv3-512
convl-512 || conv3-512 | conv3-512
conv3-512

maxpool

FC-4096

FC-4096

FC-1000

soft-max




def vgg block(num_convs, in_channels, out_channels):
blk = []
for i in range(num_convs):
ifi == 0:
blk.append(nn.Conv2d(in_channels, out_channels, kernel_size=3, padding=1))
else:
blk.append(nn.Conv2d(out_channels, out_channels, kernel size=3, padding=1))
blk.append(nn.RelLU())
blk.append(nn.MaxPool2d(kernel size=2, stride=2)) # XES{FHEo/RE

return nn.Sequential(*blk)
conv_arch = ((1, 1, 64), (1, 64, 128), (2, 128, 256), (2, 256, 512), (2, 512, 512))

def vgg(conv_arch, fc_features, fc_hidden_units=4096): # 43515 vgg block, e, TRl 224/32 = 7
net = nn.Sequential() fc_features = 512 * 7 * 7 # c *w* h
# SH0ES fc_hidden_units = 4096 # {I&

for i, (num_convs, in_channels, out_channels) in enumerate(conv_arch):
# B3 — vgg_block#f& R RE
net.add_module("vgg_block_" + str(i+l), vgg_block(num_convs, in_channels, out_channels))
# SEEERSD
net.add_module("fc", nn.Sequential(d2l.FlattenLayer(),
nn.Linear(fc_features, fc_hidden_units),
nn.RelU(),
nn.Dropout(@.5),
nn.Linear(fc_hidden_units, fc_hidden_units),
nn.RelU(),
nn.Dropout(@.5),
nn.Linear(fc_hidden_units, 10)

)

return net



VGGHIE R

DIE:E 283
S AN BARIE B o B4R R LR RN K AR BT

yNIC R AZ

» 48 tb AlexNet#93*3 69 A%, VGG AR A2*269 L B A%

» E B EIR

pAEF B ILONELISIE, REAMANAZIR ERBR, R LRIF

y EARAG I B RS B

P AN3F38G BRI B RN R IR S T —ANSFSEAR; 33X AR
B 3R BB B9 B B AR 4 T — ANTXT 8 AR

« qu é’_—7r: );&] %’(5 /%:;Ei—j“ - //CONVSXS CONV5x5=CONV3x3->CONV3x3 CONV7x7=CONV3x3->CONV3x3->CONV3x3 68



N|N [1] Lin, M., Chen, Q., & Yan, S. (2013). Network in network. arXiv preprint arXiv:1312.4400.

» ) 25 B W 24-(Network in Network)
P& A IX 1S ARG A & oy B3 LR ER B2 %8 &

1x1ERE

1x1EHKE

]

E5.7 EFEZEAlexNetFVGGRIMEREIEEER, AERENINBIMBLESIEEER
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PAE TR BRI ANAFAE AT 69 KT LT, A L 47 B2 S I 4

M P AL E R AN T A S AR BT B0 LA AT B N
g Z 8] 89 A E K

bRy N d 18 2 ﬂﬂ’ﬁ ALY, Frofe st g Lo nFk B R IEHE K,
R 5 & Why does a 1 X 1 convolution do?

(2123]6]5]8 2|46
3(s|s|1[3]a
2(1(3]a]9][3
a|7]8[5(7]9 & 2] =
1(5(3[7[a]8 ’f
5/4|9/8[3]5 )
6%6 | 272 —> #Hulk S |
i \ (
l \|
.' . |
72 * V 4 B w
7 ' 0 (7 R ‘v
i — RN .
. 1x1x32 Nt i"'s'"ifs';?r filtet 7)/5r
[Lin et al., 2013. Network in n(-!wnrk]i-:: Nt il Andrew Ng _________________
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. ~ =

NiNAYEERSCER
net = nn.Sequential(
nin_block(1l, 96, kernel_size=11, stride=4, padding=0),
nn.MaxPool2d(kernel_size=3, stride=2),
nin_block(96, 256, kernel_size=5, stride=1, padding=2),
nn.MaxPool2d(kernel size=3, stride=2),
nin_block(256, 384, kernel size=3, stride=1, padding=1),
nn.MaxPool2d(kernel size=3, stride=2),
nn.Dropout(©.5),
# frEZShlEhELe
nin_block(384, 10, kernel_size=3, stride=1, padding=1),

GlobalAvgPool2d(),
g Y AL o — =4, 405
5 = —x SN d 3 AV
d21.FlattenLayer())

6 output shape: torch.Size([1, 384, 5, 5])
output shape: torch.Size([1, 1@, 5, 5])
8 output shape: torch.Size([1, 10, 1, 1])

~J
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InceptionfZg

»2014 ILSVRC winner (22 %)
» 5% . GoogLeNet: 4M VS AlexNet: 60M
X 13‘215- . 6.7%
b2 FFAT 45
»Inception i %5 5% & % /Ninceptionde 3= Fa 1 & 89 IC B B I & 77 MR o

GooglLeNet
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Inceptionf=iR vi

MBI LF, def T B SR EEBRE R 2Nt %
B 7] AR

» feInception W 24 | — ANERE O E SR E K8 BEREE, &
HInception£E 3z,

»InceptionfE H B b4 A1 X 1. 3 X 3. 5 X 5 RE K8 5B,
R B A A AR AT R IR LR G &) ALRAF A M b ssfE gt

BARA KL RAR A L6

N
(3x38) (sxs88) (1x158)
1 1 |

(x1%8) (1x188) (3x3BALE)

N\ L
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Inceptionf&iR v3

VA % BN B H B KRB, ARV T EERARE,
P A% R P JE3X3 69 B AR R B v g 69 5x5 69 B
y4E B iE 4 9nx ] Fe lxn & - Enxn o9 547,

Filter Concat

Filter Concat
nx1
i
3x3 1xn
i I
3x3 3x3 1x1 nx1 nx1
r 1 1 i i
1xn 1xn 1x1
1x1 1x1 Pool 1x1
i i i
\ / 1x1 1x1 Pool 1x1
~ T =
Figure 5. Inception modules where each 5 x 5 convolution is re- Base
placed by two 3 x 3 convolution, as suggested by principle 3] of
Section[2] Figure 6. Inception modules after the factorization of the n x n

convolutions. In our proposed architecture, we chose n = 7 for
the 17 x 17 grid. (The filter sizes are picked using principle[3)
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InceptionfYiEIE23CHY

class Inception(nn.Module):

# cl - cAHBFERENErRRLIEER

def o dAnit (self; Anic, €1,-62,°c3. c4)=
super(Inception, self). init_ ()
# ik, B1 x 1510
self.pl_1 = nn.Conv2d(in_c, c1, kernel _size=1)
# &2, 1 x ERERE3 x 3E10E
self.p2_1 = nn.Conv2d(in_c, c2[@], kernel_size=1)
self.p2_2 = nn.Conv2d(c2[@], c2[1], kernel_size=3, padding=1)
# 2153, 1 x 1E1RERES x sB0E
self.p3_ 1 = nn.Conv2d(in_c, c3[@], kernel_size=1)
self.p3_2 = nn.Conv2d(c3[@], c3[1], kernel_size=5, padding=2)
# &4, 3 x 3|AMILEREL x 1510
self.p4 1 = nn.MaxPool2d(kernel_size=3, stride=1, padding=1)
self.p4 2 = nn.Conv2d(in_c, c4, kernel size=1)

def forward(self, x):
pl = F.relu(self.pl 1(x))
p2 = F.relu(self.p2 2(F.relu(self.p2_1(x))))
p3 = F.relu(self.p3 2(F.relu(self.p3_1(x))))
p4 = F.relu(self.p4 2(self.pd 1(x)))
"""""""""""" return torch.cat((pl, p2, p3, p4), dim=1) # TOEE% EEwmLY —



N [1] He, K., Zhang, X., Ren, S., & Sun, J. (2016). Deep residual learning for image recognition. In
ﬁ%%lx—)slgﬁ Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 770-778)
» 7% £ M 4% (Residual Network, ResNet) 2 i@ i3 403E & 3 69 54 B3

ho B 389 7 KRS BAE B 0 B

PE R — NRER T, RMNME NI LT (TAA—EXZ BN ER
&) f(x,0)FK@E— B 4% Z Ah(X),.

KB AT AT BB 185 R B e ik £ R AL
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S e S ReLU
FERTT

&
=)

B )
f(X,H) ReLU
%A )

48
i

64-d 256-d

Y

| 1x1, 64 |
"mm

| 3x3, 64 |
"mm

| 1x1, 256

AP W % 5REF I 77



ResNet

»2015 ILSVRC winner (152 %)

AR R

3.57%

advsy steus
[enpisas saher-pe uield sakel-pg 61-99A
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ResNetHYf&E2sCIR

class Residual(nn.Module): # AZEE2{RTFiEd21zh pytorchBl P H{BL)\G{EH
def _ init_ (self, in_channels, out_channels, use_1xlconv=False, stride=1):

super(Residual, self)._ init_ ()

self.convl = nn.Conv2d(in_channels, out_channels, kernel size=3, padding=1, stride=stride)

self.conv2 = nn.Conv2d(out_channels, out_channels, kernel_size=3, padding=1)

if use_1xiconv:
self.conv3

else:
self.conv3 = None

self.bnl = nn.BatchNorm2d(out_channels)

self.bn2 = nn.BatchNorm2d(out_channels)

nn.Conv2d(in_channels, out_channels, kernel size=1, stride=stride)

def forward(self, X):
Y = F.relu(self.bni(self.convi(X)))
Y = self.bn2(self.conv2(Y))
if self.conv3:
X = self.conv3(X)
return F.relu(Y + X)
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CNN BIHML : JSiRZes
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Ngram$HES55EFH

a passion"

generate & generate
ngrams ... ngrams ...

UNIGRAMS BIGRAMS TRIGRAMS

i i hate i hate cigarettes
hate hate cigarettes hate cigarettes with
cigarettes cigarettes with cigarettes with a
with with a with a passion
a a passion —————
passion

S —

S 47T J) B ARARAE R SZ P

4%
&
e
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BTSRRI FR

wait
for
the
video : T
and
do
nt
rent
it

n x k representation of Convolutional layer with Max-over-time Fully connected layer
sentence with static and multiple filter widths and pooling with dropout and
non-static channels feature maps softmax output

Y. Kim. “Convolutional neural networks for sentence classification” . In: arXiv preprint
arXiv:1408.5882 (2014).
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HFSRBANEES R

The filters move in the
frequency direction.

Frequency

Image Time
Spectrogram
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a Value network b Tree evaluation from valuenet € Tree evaluation from rollouts
20900 - g -

|88 o
o0 - HHIeH oHHHHTH o
33
L3 33
v o 88 HHEH e
(3 ee 33 smusEn T
e o % 2 154101 HP I {0alS $10]
o9 3 HOBRG0: T Hogges o
€ tHH Heeh H
L d Policy network @ Percentage of simulations. 1 Prncipal vanation
[ T T ETRIER
® o0 s 3 -
| JL N f po (o 1
[ L 7 7
- sl ALL SYSTEMS GO
L4 HSH A HSEEEHE O FEH 7
Sierer reren i e
7o) $¥ > %— -? s, ool I —?8 R g
T i IN S IOt 11

The input to the policy network is a 19 x 19 x 48 image stack consisting of 48 feature planes. The
first hidden layer zero pads the input into a 23 x 23 image, then convolves k filters of kernel size 5
x 5 with stride 1 with the input image and applies a rectifier nonlinearity. Each of the subsequent
hidden layers 2 to 12 zero pads the respective previous hidden layer into a 21 x 21 image, then
convolves k filters of kernel size 3 x 3 with stride 1, again followed by a rectifier nonlinearity. The
final layer convolves 1 filter of kernel size 1 x 1 with stride 1, with a different bias for each position,
and applies a softmax function. The match version of AlphaGo used k = 192 filters; Fig. 2b and
Extended Data Table 3 additionally show the results of training with k= 128, 256 and 384 filters.

policy network:

[19x19x48] Input

CONV1: 192 5x5 filters , stride 1, pad 2 => [19x19x192]

CONV2..12: 192 3x3 filters, stride 1, pad 1 => [19x19x192]

CONV: 1 1x1 filter, stride 1, pad 0 => [19x19] (probability map of promising moves)

4 K A % 1202 ACPU 42176 $GPU
$AUM: 48 ACPU 428 $GPU
ATFHEAE: 3 B2 WA
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Playing Go

record of

.5z =g Ru—> 2. 825

= Target:

» CNN »D "X =1
.

else =0

Target:

m
M d o »D “£Z 5 =1
m

else =0

AV Z WL G EES T 89



Why CNN for playing Go?

»Some patterns are much smaller than the whole image

Alpha Go uses 5 x 5 for first layer

J
.9

»The same patterns appear in different regions.

ssssssssssssssssssssssssssssssssssss

ssssssssssssssssssssssssssssssssss
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&l ( Object Detection )

e‘ﬁc%1533529

Victoria . 73

1 pap erio R 682556
ORAEYANT. iy

e,
person
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OCR(optical character recognition)
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EfRERk(image generation)

) éaéaé..é:é:é:é:éaé:é&&aéou@u@&aaé&eax%é&?
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country

people

3%

large

. % £ % § 3

(individual)

(past tense
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FEELA(meme generation)
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CNN

Deep Dream

»Given a photo, machine adds what it sees ......

3.9 i

—1.5]:
2.3

------------------------------------------------------------ http: ffg;x;;pm eamgener: g



Deep Dream

------------------ )--------http h‘deepdrég 9

i



[H[Xl1FFZ(image style transfer)
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Style Reconstructions

Style
Heprasantatons

Irgut Image

Content
Represantations

Convolutional Neural Network

Content Heconstructions
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