Pl R B PPt T LAd AT T &
https://github.com/shaolchuan/pythonbook
*  https://gitee.com/shaolchuan/pythonbook




IR IR R]ZS
oG RN €|

b oy R R T A AE
» B AR EAR P 69 A PR AR BT B S b 4 A
RE%WHA FH#H. =i F8ERTm s Uz &
y A EFE AT W AR KE FT B IX Sk By BR R T 4FAE



BT RIS
p SArAw 2 W %4 (Convolutional Neural Networks, CNN)

y —FF AT AV 22 W) 44

» AN T L RZE (Receptive Field) 89 AU i 42 8 49
BEMEANERAEF, —AMWWEARZITFABAMRE LT Xy, RAEX
AN 3 69 R BT AR 95 BUE AT 2 T

p A ARAT L K ZNEH e s
> B3R %
» REHHE
» o ) AR G ok RAE



S
» BRE W A AGSTRIEY, AT EE TR ER,

P BIR—AME T KA BENFL T A —AME Fx, BB EHRAE AW, BE
k=N KIE, 158 H R K w4
» BEw, = 1,w, =1/2w;=1/4

» BFZ| O3] 6942 Ty, A L AT EF & T A 6943 B A VAR B %] 2E AR AT 849 B e,



BN
» BREH AL TR, AT TR R R

P BIR—AME T KA BENFL T A —AME Fx, BB EHRAE AW, BE
—IANH S KIE, 158 AR K w4
4 {Fiii“ﬁ — 1,W2 — 1/2,W3 — 1/4

» BFZ| O B 6945 Ty, A L AT T 7 A 6943 B e VAR BT &) RER 1T B 69 &

p=1xz+1/2x241+1/4 X 249

=W X T+ W2 XXy 1 +W3 X Ty_2

3
— E WE * Tt—k+1-
k=1

ek 2 (filter) s %424 (convolution kernel)



BN

P T — NN T F] AR E BRI A

- +1

Filter: [-1,0,1]




S
» R B 8 T K 22 R IR BUE 5 5 5 P A9 N ) 4 AR

03(03/03] 1 03] 03]|0.3 2| 4 |=2Z2|0 | -2 4 | =2
1 1 -1 1 1 1 -1 1 1 1 1 =1 1 1 1 =1 1 1
(a) WETHEBE [1/3,1/3,1/3] (b) e EE (1, —2,1]
TRIRAZ & = 4z B

‘)= C+Dh+ C -DH-20)

— It s



G =

b A NJEIR E AV KRSF I AP

1

2

-1

1

-3

(b) FHFP = 1




BIAE

P BREGLE R KERRF T U5 A=K
» EhER SR O=1, BHTARO=0, ié\ﬁ,\)é‘inﬂlﬁit/}‘:i@ ©-©+1
» AR FRO=1, ARHIERO=0-1, EREMEKEO+O -1
» FRER: FRO=1, AR O=(O-12, ZREMEKE O

» T8 AR P, AR — R F AR
» 7o B AT A9 AR P, AR — AR A A AR,



JHESFR
>ﬁ@%kﬁ¢ BA% 2 VA Y4B 69 T AT AR A0 2 W %
A BB E B — 2 AR

— PGS X Ty Wi —HERRE LN

Y=W=xX,
Uu V
Yij = Z Z WyvXi—u+1,j—v+1-
u=1v=1
1 1 1 1 1l
x=1 =0
-1 0|-3] 0|1 L B || @ 0 |—-2|-1
0|
2 1 1 [(—-1| 0 % 0 0 0 = 2 2 4
X0 %1
0 [-1]|1 2 1 0 0| -1 -1, 0 0
1121 1 1 1




BHUEL

e ENES

N EN
16 8 16
N T (T
8 4 B -
o (s
16 8 16
of1]o0
I |
ol1]o0

I 46 1%
of1]1
S
S E

i A A L B



ST

B )1, EHAO

B §2, BHAKT




SRR P2

. i&m?

(b) #HE



BEx
it AR E B3 AT AR EN R
» B AR BRAE G B AR FRIRAFAE,

ke AR “X: G
R ES .
Yijs — >: >:wuv " Litu—1,5+v—1
u=1v=1

PedEgER R, B BR—ASs “mMET



ZNEIIZ

P AFAEBE ST (Feature Map) @ B2 5805 15 3] 69 4F 4L
> SR A R AN FAE R I E

p HEARE
» N DANEFRAERRS M X N X D
» B PANAFAEREST M X N X P



B

=HIBRGIRER

Xl TE——
e
bP
- LR Wl : ! _
BB 2
A —
X’D —
BB WP
D
ZP = WP QX + bP = Z wpd @ x4 + pP,
d=1

Y? = [(2ZP).

itk
S E WS



Input (zero-padding) (7x7x3)

Filter WO (3x3x3)

wo[::0]

mn
oEn
e

N [0 BN Bl (= 0
o o (! [ 0
ol o | o (ko 0

AN

0|
I ER (T

Filter W1 (3x3x3)

wi[::0]
0 1 1
N BT 1
08 B0 1
wils1]
1 1 0
1 1 R0
[N = 1
wil[:: 2]
DN N0 1
1 =l
1N =18 S0

Bias bl (1x1x1)
b1[::0]

0

Output (3x3x2)
o[:;:0]

K2

filter 3*3
filter /~ 446
KB A



BHE
/NI ZS

> S 9 BAR B A 3L B

HEE we

by ASHEMLS X AT YP
74 | 7.
; V . |
"' (2] fg M
- ~=p==r= y -
. Aﬁ N
%HE D '
i ASSEBL ST X i A AL Y
D
ZP = WP ® X + bP = Z wpd @ xd 4+ pP,
d=1

YP = f(2P).




— BX
__ZKR/Z=

~7

> SRR RARTT AR F B EE AN, 225

g A 22 75/\&55?7‘ EA BE R

B ARFIERRSEH 2

1 2|0
0 i =
0 113

S| = | =

0Ojo0)11|1

i AR LS X4

RICER
——

S tH AP IE U Y

i RFTE BT Y

— AN HFAE B St



BRI 2R L5

P R KR B E. ILRE. A% E R E M ARG
y #w T AR KIRE

» A 6) T A2 AR
b LT 22 M
{ B H ReLU J—» rERE ‘ +_
A — — 2EEER softmax
................. 'le _

XN
)y — /NBAR A EGEM MBI EFDANLRE (MIBFXEEA2~ 5, bAORT) « —ANBERME P T U E
N ANE LG F5mh, REAEEFK NeEEE (N é’JHMﬁEJé]Mx}: tbdel ~ 1003 . K; K—/& A
0~ 2) »



Low-level
features

VGG-16 Convi

Mid-level
features

High-level
features

VGG-1

Linearly
separable
classifier

Conv5s




RELU RELU

CONV

=
)
L
0
=
—
L
(04

RELU RELU

.+ﬁEHﬂﬂﬂﬁﬁLE

CONV

— [PV A A RN

_—

g 1 0 Y6 Y 66 N

CONV | CONV

l

)

CONV

.+QIJIEE?JS

CONV




\
pil

(e AES



BB/ R ETR
b AK HYE AL B ST B 3 4 4FAE




A& FH

p o 47T 32 e gy o S T A9 R B
» B o A AR AZ 69 K]
» 38 o B R 52 3,
» fE R AT BEAT I R B

p 22 IR) AR
yiB A ERAZIEAN TR RT A
i‘ﬁgﬁﬂ—;ﬂ:—}‘\d‘ o




RIS RR M 4%




LeNet-5
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Large Scale Visual Recognition Challenge




AlexNet

» 2012 ILL.SVRC winner

» (top 5 error of 16% compared to runner-up with 26% etror)
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Figure 5. Inception modules where each 5 x 5 convolution is re- \ /

placed by two 3 x 3 convolution, as suggested by principle 3] of
Section[2] Base

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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n x k representation of
sentence with static and
non-static channels

Caonvolutional layer with Max-over-time
multiple filter widths and pooling
feature maps
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Fully connected layer
with dropout and
softmax output

Y. Kim. “Convolutional neural networks for sentence classification” . In: arXiv preprint

arXiv:1408.5882 (2014).
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AlphaGo
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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:

[19%x19x48] 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)
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Mask RCNN

Figure 4. More results of Mask R-CNN on COCO test images, using ResNet-101-FPN and running at 5 fps, with 35.7 mask AP (Table 1).
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