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o HIRHLEZNILE (Convolutional Neural Networks, CNN)
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o SIRREHBEESLIEDR, AT IRESHEERRR.
 [RIR—MESRESRFNTHZITTE—MESX, . EEEN=EAERAwW, , BIEK-11THELKE,
SRAREER w (&
Rigw, = 1w, =1/2, wy; = 1/4

o HZItIEINESY, ASRIRIZIF~EREEHLIBIRZIZERE2AVEN

yt:1)(,’1?t—}—1/2><33¢_1+1/4><$t—2

=W XX+ W XTy_1+ W3 X Ty_9o
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o SHRFHAEESLER, BAFITRESHIERR,
n AE—MINESFS x FIIERKEE w BFRAYEH A
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12111210

Filter: [-1,0,1]
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o EEIGHER, BRI HEFRFREMAIIHEMETh, BT

o

Yy =WwX,
m n
Yij = Z Z Wyy * Tj—u+1,j—v+1-
u=1v=1
111 1 1 10
1]101-3]0 10 110710 0|-2]-1
211[101®000:224
Of(-1]1112]|1 0O 1 1100
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o FEIZIIER, EIGFEIAZ4ERERIFBAZIMEREHR, EIFAIFTEZHEA.

Input Kernel Output
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OX0+1X1+3Xx24+4%x3=19,
I X0+2X1+4X2+5%X3 =25,
3X0+4Xx1+6%Xx2+7%x3 =737,
4x0+35X1+7%x2+8%X3=43.
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£ (Stride) . {HFZE (Padding)

o GIREWMIEERTESEL:
m 22i< (Stride) , #EHFE (Padding)
n DK BRRERASRE C8XBHRRRIES. ek EARNZs], BEEERASRAZEI,
n % EARISEEETIRNRIMASIEZH, ERNSEOFREE AR MEEHRLE.
BEMIBYERRENO FRAFER) .




I578 (Padding)
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I578 (Padding)

o BRIGTRAYIBEIMN
m Zero-Padding, edge-padding, reflect-padding
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o {FEBRGT (Feature Map) : BEREIEIREFEZIANFIL.
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Kernel
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31415
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Kernel

Output
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o ZHHHHEEBRIEIA: &)

AZNERE

Input
D P AP N P
P ] e [ e
4a|9|l2|s5]|8]|3 |
s|6|2|ao0|3
2|4|s5|als| 2]

Filter 1

3x3x3 s xe

Filter 2

4x4

Output

4x4x2

size = 3
cin=38
c_out =2
stride = 1

padding =0



Input (zero-padding) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output (3x3x2)

x[::0] wO[::0] wil:: 0] o[::0]
O OO P B . 1 1 1 0 1 1 -5
0 1 08 R0 B0 S0 B O q/-11]] 0 -1 -1 -]
el 2 1 1 z 1 0 O ql-1]1 U U 1
wo[: 1] wil: 1] o[n:1]
0 ), =] -1 1 0
1O (=] (R 1 0 0
1 1] -1 1 -1 -l
m&z wo [ wils 2]
w 0 1 0 0 -l
-1 [bA1|] -1 -1 -1 0
f.lt rAﬁ3 -1l -1 ] 0 -1 -1 0
I e I Bias b0 (1x1x1) Bias bl (1x1x1)
bO[:< 0] b1[::0]
1 0
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o B MEHEERILLRZNSERRT

~
HEEEZEN

o Elilt, FRE—RAFTEZLITSANEREL, LINAERNAEHITISIEHEE

s __’ _“-_\__.:_-_'__ }._:“"- ’ 3 e e
Fas | o 192 128 2048 \ / 2048 \dense
128 R e ] —
5 27 T b
N AN 13 13
et 3 *a -] P

224 5

= | NI - Qli‘? 3} TG TU |3 dense| [dense
55 3 N 1000
224

: 192 192 128 Max
. 2048

Strid Max 128 Max pooling 2048

Yof 4 pooling pooling




ZHRAZRLEE

ConvNet Conhiguration
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 image) 224 x224x3 224x224x64
conv3-64 conv3-64 conv3-64 convi-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 98 % 28 X 512 TXTX512
convl-256 | conv3-256 | conv3-256 14 x14x512 1x1%4096 1x1x 1000
conv3-256 - T e I
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 -, convolution+ReLU
conv3-512 @ max pooling
maxpool | fully connected+ReLU
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | softmax
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
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1x1E5HE

o 1x15H: FRHRKENAT—BHAER?

Input Kernel Output

o 1x1HRARBZEIRN, RJHSIEE.



A Convolution Layer

Filter 1

4x4x3

Filter 2

Input
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6|54 8 | |
1|79 1
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6x6x3

4x4x3

3xX3

ReLU-< |

Output

Jx3x2z
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BIRES

o SHEBMASHTREHRHITRIVEXER, HIlLkEE, SEEL;
o S, (RBHEITFISH;

o HHZKN K, HE. WlEEHMBEGIREESH;

o SR HRERLIBIE;

o 1x15FRETSSCINBERMS.
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L3¢ / it (Pooling)
o (LR (itifk) B—FIEREEE, LSRN ERENTBAEML

o ;xKith{t (Max-Pooling) : REBHIEOPRNEXE
o J13ithit (Avg-Pooling) : iREIBENEORAIEIIE

Input Output

(
ol 112 max(1,2,4,5) = 5,
4 | 5
31415 2 x 2 Max max(3,4,6,7) =7,
(

Pooling 7| 8
6|78




iL3% / it (Pooling)

224x224x64 | |
12x112x64 | Single depth slice
pool 1 1 5 :
" max pool with 2x2 filters
o| 6|7 |38 and stride 2 6 | 8
i T 3 | 2 3| 4
112|3]4
> o 112
224 downsampling
112 .
224 7

Pooling layer downsamples the volume spatially, independently in each depth slice of the input volume. Left: In this example, the
input volume of size [224x224x64] is pooled with filter size 2, stride 2 into output volume of size [112x112x64]. Notice that the
volume depth is preserved. Right: The most common downsampling operation is max, giving rise to max pooling, here shown
with a stride of 2. That is, each max is taken over 4 numbers (little 2x2 square).



L2 / itik (Pooling)

o 7. FKREZEE:
m HE, PRIBISSEREERM,
n REAFEISE
s FPEABEDFINAECE, SRENANEHEE, UHERANREENE, BHEE=%
NIBIEZL,

B WRSERIILER ((Btt) z8HN%
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BIRERLERIEE
o GIRMEEHERE. [RE. REERERRZIIIESMA.
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m B[RS,
n BRETEER

o HRIZEHY

7/

&8 RLU | — LEE |
AN — ; —'“ TIEREE softmax
x M % b '
|
}':_'“'ir

s —MEIRESM MERERIbNCRE (MBHIRENR2 ~ 5, bA0S1) . —MERMERTLUEEN 4
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3451: LeNet-5

convolution convolution pooling dense
pooling dense
I| _ dense
2 |3 =
ad =
92 . g
e ol sl Jo
niN; I
___-——-‘__ﬁ__
| i 6@14x14 =l :
B S2 feature map L @5
28x28 image 6@28x28 16@10x10 X

C1 feature map C3 feature map S4 feature map
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o CNNLIEIGHRRERIE BN, ETHHEEXARKRESERRAEER ZinZ

BREEIESENEXIIENZRIA

IR

im(End-to-end)Z®y, MNmBzi=315%!

: : Linearly
Low-level Mid-level High-level
features features fgatu res separable
classifier

VGG-16 Conv1
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BIFIE, FREFIBMPBISIE

Springenberg, J. T.; Dosovitskiy, A.; Brox, T. & Riedmiller, M. Stnvmg for 5|mpI|<:|ty the aII convolutinal net ICML, 2015, 1-12
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https://ezyang.github.io/convolution-visualizer/index.html
https://thomelane.github.io/convolutions/2DConvRGB.html
https://poloclub.github.io/cnn-explainer/

HitnXB095HH




HEEETR / MZEEFR (Transpose / Fractional-Stride Convolution)

o Et¥ (Down-sampling) Fl LXKt (Up-sampling)
o (R4EISHIEIRBIZI S HEIHIE




=& (Dilated Convolution)

o U{RILENN%E R TTRIRRSZEF
m IEINERAZAIA /)N
= IEINEECRECI
» BRI TILERIR(F

o =RAEHR
o BIIEETULEN "SR SRR

G
BT 3= (Dilation Rate) BT "=SiE" A/
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$EER

(Group Convolution)

o BMNFIIEIREER AETH, WHHADHITENER,

m 3HG

HExEWATAlexNet, IER ZRTSHEEWERS, BTRDEEENSHE.
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A EETN (Separable Convolution)

e PAXEMAAREEIR. FEITREEIR,

Ao AR “
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T2RFHkiEH

Intermediate
output

Input Kernel Kernel Output
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AJEA2EFR (Separable Convolution)

o JERERARIFUERETE, AFIM
» ENGIHNSIZABERNR/NSHAR, ITRRRNAYHASEREYS, (BEA—EERTIRER
HIFDUR.,

(a) standard convolution (b) deformable convolution



5fI7SieR:E&FR (Dynamic Snake Convolution)

o BELIELIRMAETHZATZITH
» TERTHEERS TS PRGBS

Image & Label Model Analysis Loss Analysns

() [)\(\
Image Label Unet DCU net Ou I)S(\ et th m | |([ ith TCL«

Y E‘;'&?
A TN,

Challenge 1

Thin and fragile
local structure

Challenge 2

| Complex and variable s V&Y
global morphology I R

Standard Dilated Deformable QOur Snake
[ ]

I

_ HAE EE
.L*‘- N /L—[ o el ]
.J[ | e IS | ERE _ B

-

" CEREEE T ENEEEE T SEm

|
_ HE EEEE EHE EEEN  =HE

Aim to extract local ~ Aim to expand the Aim to learn geometric ~ Aim to adapt the
features receptive field deformation tubular structure
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LeNet-5

o LeNet-5 22— RHIEE RIIRItRE MIGEIREL,
m HYann LeCun (AT&T Bell Lab) £H;
m E7 LeNet-5 BIFBHFIRAIZR ST 90 FHKEERZSRITER, ARRIXE CENFS5EF,
m LeNet-5 HF 7 B, HFSEEGAFEISE.

BESONERIR
_ 32 3:”32 _ 6@28 x 28 ] C3: HfE
Vo :\. o ,:- | : 16@10 x 10
2 \ A ] Ch: B
b\ it 2
E, l ul o = i e
| __ S? ?]:;'KF S"]: ?II %E‘ N
z Iz ECEd

6@14 x 14 16@5 x 5
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https://atcold.github.io/pytorch-Deep-Learning/zh/week03/03-2/
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Large Scale Visual Recognition Challenge



2012 Teams
Supervision (Toronto)
ISI (Tokyo)

VGG (Oxford)
XRCE/INRIA
UVA (Amsterdam)
INRIA/LEAR

%error
15.3
26.1
26.9
27.0
29.6
33.4

2013 Teams
Clarifai (NYU spinoff)
NUS (singapore)
Zeiler-Fergus (NYU)
A. Howard
OverFeat (NYU)
UvA (Amsterdam)

dobe
VGG (Oxford)
VGG (Oxford)

%error

11.7
12.9
13.5
13.5
14.1
14.2
15.2
15.2
23.0

2014 Teams
GooglLeNet
VGG (Oxford)
MSRA
A. Howard
DeeperVision
NUS-BST
TTIC-ECP

Z
UvA

%error

6.6
7.3
8.0
8.1
9.5
9.7
10.2
11.2
12.1



e 2012 ILSVRC winner
m top 5 error of 16% compared to runner-up with 26% error
n B PRREGIRM SRR
- BRER T RESWNRESRNBHI—ERATTA:
- EAAGPUHITHITIIIZR, KA T ReLUEATFLIMERIEREL, (FRDropoutfalbEE, £
MaxPooling ;&M AREAvgPooling, {FRAZGEIERE
n SPEHE. 3INILRENBITEEER

N AN

192




AlexNet LeNet
| |
3x3 MaxPool, stride 2 2x2 AvgPool, stride 2
11x11 Conv (96), stride 4 5x5 Conv (6), pad 2
1 1
image (3x224x224) image (32x32)




AlexNet
f

3x3 MaxPool, stride 2

3x3 Conv (384), pad 1 LeNet
{ !
3x3 Conv (384), pad 1 2x2 AvgPool, stride 2
3x3 Conv (384), pad 1 5x5 Conv (16)
;f A
3x3 MaxPooling, stride 2

t

5x5 Conv (256), pad 2
A




AlexNet LeNet
Dense (1000) Dense (10)
1 }
Dense (4096) Dense (84)
i {
Dense (4096) Dense (120)

? t



o FGEAEIMSigmoidPARelLU (EEEHEEEIHKIDER)
o XINDropout{iE
o EiiiEtEE

lt“-“
- A
L]
- it o
[ L . 5
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SENEX FLOP
AlexNet LeNet AlexNet LeNet
Convl 35K 150 101M 1.2M
Conv2 614K 2.4K 415N 2.4M
Conv3-5 3M 445N
Densel 26M 0.48M 26M 0.48M
Dense?2 16M 0.1M 16M 0.1M
Total 46N 0.6M 1G 4M
InCcrease 11X 1x 250X 1x




VGG

o VGG: [BFIEER. BKX. FSiELRIEE
NEHSR (VGG Block)

o ZILEAR

o (EAESNNEGIRZ, MAR—IKEREZ

VGG R

AlexNetf—

2 x 2 MaxPool, stride 2

3x3 MaxPool, stride 2

3

[

h

3 x 3 Conv, pad 1

3x3 Conv (384), pad 1

f

L

b

3x3 Conv (
A

3 x 3 Conv, pad 1

3x3 Conv (

384), pad 1

N 4

12 '—'.—'.—'n 14 »

| T [:L_u:[ E@j"ll'“ 1% 1% 1000

384), pad 1
A




GRS RS E R

o GHEFERINSY, (BSHERNFZ— M2 EEESHIIRREX:

LeNet 16x5x5x120 = 48Kk
AlexNet 256x5x5x4096 = 26M
VGG 512x7x7x4096 = 102M

o Afz. ITHFEIEFEEX;

o 3ZIPIS.



e Network in Network: “FIEhggpiss”

o NiNIR:
» —MEREGERAM < 1502 (ESTFSEE) | b Convalution
s Sk (Stride) #1, FH% (Padding) ; !
s B RSEREmE—; 1x1 Convolution
s KB TEEEENER. T

e NiINHEIEI5= Convolution
s NMEREEEE,;

n ZEFEANINRFIZRK/I28IMaxPoolingE;
» HieERERIMNE (GAP) BRlEE (MANBEERESIZ) .



o NiNBERERENFEM < 158HE  NiN Networks S

m SENENMEEIEIN T IS , : ,
o NiNEEL BTt BVGGH m m ———
1

AIEXNetq:IEgQEEE‘% e 3x3MaxP:al,stridaz

D 4

N UL ) /DS EINNEL ik I
u ;i\ﬁﬁzjﬂ:l' =, B2 /‘329 | "% f ' ; ‘
FC (40986) 3 % 3 Conv (384), pad 1
t f
Fe (';DQBJ 3 x 3 MaxPool, stride 2
{
| |
] [ ]
VGG block [ ; ] | 1 |
. I
: 4 : D 5 x 5 Conv (256), pad 1
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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] 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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Figure 1. Training error (left) and test error (right) on CIFAR-10
with 20-layer and 56-layer “plain” networks. The deeper network
has higher training error, and thus test error. Similar phenomena
on ImageNet 1s presented 1n Fig. 4.
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Deep Residual Learning for Image Recognition

Kaiming He

Xiangyu Zhang

Shaoging Ren Jian Sun
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Abstract

Deeper neural networks are more difficult to train. We
present a residual learning framework to ease the training
of networks that are substantially deeper than those used
previously. We explicitly reformulate the layers as learn-
ing residual functions with reference to the layer inputs, in-
stead of learning unreferenced functions. We provide com-
prehensive empirical evidence showing that these residual
networks are easier to optimize, and can gain accuracy from
considerably increased depth. On the ImageNet dataset we
evaluate residual nets with a depth of up to 152 layers—8x
deeper than VGG nets [40] but still having lower complex-
ity. An ensemble of these residual nets achieves 3.57% error
on the ImageNet test set. This result won the Ist place on the
ILSVRC 2015 classification task. We also present analysis
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Figure 1. Training error (left) and test error (right) on CIFAR-10
with 20-layer and 56-layer “plain™ networks. The deeper network
has higher training error, and thus test error. Similar phenomena
on ImageNet is presented in Fig. 4.

greatly benefited from very deep models.

Driven by the significance of depth, a question arises: Is
learning better networks as easy as stacking more layers?
An obstacle to answering this question was the notorious
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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 Kk 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)
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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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