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1. STHBZREHRE 2. (ERBEREVsERNNERLE
O EARHEpENE

1. #H 2.ithfk 3.21EE
O HRHEMEEHEZEN

1. AlexNet 2. ZFNet 3. VGG 4. GoogleNet 5. ResNet
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FUAERNECIRHENLE - B

Make: Nissan

Model: Pathfinder

Body Type: SUV

Trims: s¢, le. sv

Manufacturing Year: 2005-2012

S Make: Ford
Model: F-150
Body Type: Extended Cab
Trims: xt
Manufacturing Year: 1994-1997

Make: Dodge
::;'iffrf,cff_{vaﬂ Gebru, Timnit, Judy Hoffman, and Li Fei-Fei. "Fine-grained recognition
iy in the wild: A multi-task domain adaptation approach.” Computer Vision

Manufacturing Year- 2008-2010 }  (|CCV), 2017 IEEE International Conference on. IEEE, 2017.

Sketch Token Retrieved Image

Yelamarthi, Sasi Kiran, et al. "A Zero-Shot Framework for Sketch Based Image
Retrieval." European Conference on Computer Vision. 2018.




Uy TRRERSIRBEMLE - BRI

ol

https://github.com/arvention/STDN

Zhou, Peng, et al. "Scale-Transferrable Object Detection." Proceedings
of the IEEE Conference on Computer Vision and Pattern Recognition.

Shen, Tong, et al. "Bootstrapping the Performance of Webly Supervised Semantic Segmentation.” CVPR. 2018.




Uy TRRTERSIRREMLE - ARG
A

ABSIEIIE (face verification)
XA ABZEXXXIS?

| AB&GIRBI (face identification/face recognition)
Identity Representation ?‘ZZEIE'IE’)

— -

Tran L Q, Yin X, Liu X. Representation learning by rotating your faces. TPAMI, 2018.  https://github.com/kayamin/DR-GAN

Tran L, Yin X, Liu X. Disentangled representation learning gan for pose-invariant face recognition. CVPR. 2017, 3(6): 7.




B A REROETMERILE — ARSIRSI

EXTRACT PHENOTYPE

MR XL Bain Type
Angeiman
Prade-Wilk

Ch 1936 det
Down

OUTPUT SYNDROMES

Potocki-Lupsk
in-McDemid
Fatat alcohal
Rott

Fragie X MR
Williams-Beuren
Trisomy 18
Totrasomy 18

DiGoorge
Greig CPS
Rubinstein-Taybi

T

B ; s

AVG

=2

CONV 7x7x320
-

Yaron Gurovich, Yar Hanani, et al. identifying facial
phenotypes of genetic disorders using deep learning.
Nature Medicine.

) u POOLING COMECYED

Skraban-Deardorft
Lubs XL MR

-

Phesan-McDermid
Trisomy 18
DiGeorge
Willams-Beuren
Holoprosencaphaly
Tetrasomy 18
Rubinstein-Taybi
Lubs XL MR
Fraglo X MR
Prader-VWilh
MR XL Bain Type
Angeiman

Ch1p36 del
Fotal Alcohol
Potocks-Lupski
Rott

Grolg CPS
Skraban-Doardorft
Velocardiofacial
Down

§E|"""||‘|""II"|




"o TURTERSTRERLE - AREIEIRG

J%’Iﬁ i35l

Facial images with different poses

Facial images with different expressions

AffectNet

+15°

Arbitrary poses

case3

https://github.com/FFZhang1231/Facial-expression-recognition

Zhang F, Zhang T, Mao Q, et al. Joint Pose and Expression Modeling for
Facial Expression Recognition. CVPR. 2018: 3359-3368.

v - 1H Ha|
R:Ha |

/G Ha,

°\HSu
! A R:Su
AG:Fe

GHNe
‘R: Ne
G: An

d

& TH: Ne

)G-Ne

N

case4 . case5

R:Sa

H: Di
R:Sa
G: Di

HDI-
RDl-
v ‘

H: Sa
A: Sa
G: Su

H: Sa
A:Ne
G:Sa

H: Fe
A:Sa
LG: Fe |

Unlabeled data

A:Sa
B: Ha
G: Sa

A: An
B: Di
G: An

Zeng J, Shan S, Chen X. Facial expression recognition with inconsistently annotated datasets. ECCV. 2018: 222-37.
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@
Image to Image.
fl

| B b == \|  https:/github.com/charliememory/Disentangled-

z,.“*\ - ' % /., Person-lmage-Generation

L

1
.

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

Ma, Ligian, et al. "Disentangled person image generation." CVPR. 2018.

< % A a car on street
Z 5 car on street O3 On ey car on street S
car on street bus on street bus on street bus on street

5 bus on street .
bus on street line on street : line on street
line on street

line on street
sky above street

car on street bus on street
line on street line on street
sky above street sky above street

sky above grass sky above grass
zebra standing on grass sh-:ep standing on grass

sky above street
building behind street
window on building

line on street Tk
ALY AIVe street sky above street

sky.shoye sireet Kite in sky building behind street
kite in sky car below kite —

'y

sky above grass sky above grass
sheep standing on grass sheep standing on grass
tree behind sheep tree behind sheep
sheep’ by sheep sheep’ by sheep
ocean by tree ocean by tree

Text to Image.

sky above grass
sheep standing on grass
tree behind sheep
sheep’ by sheep
ocean by tree

sky above grass
sheep standing on grass

sheep’ by sheep

tree behind slup

sky above grass
sheep standing on grass
sheep’ by sheep

boat in ocean boat on grass

B | = [ o

Johnson, Justin and Gupta, Agrim and Fei-Fei, Li. Image Generation From Scene Graphs.CVPR.2018. https://github.com/google/sg2im




o TUARERSIRMERLE - BIGRISEL
ElSRISEEL

Isola, Phillip, et al. "Image-to-image translation with conditional adversarial Zhang, Feifei, et al. "Facial Expression Recognition in
networks." CVPR. 2017. the Wild: A Cycle-Consistent Adversarial Attention
Transfer Approach." 2018 ACM Multimedia

https://github.com/phillipi/pix2pix ) )
Conference on Multimedia Conference. ACM, 2018.




Yy TRREHSRBENGE - BHSH

EB}J”HE-

128 128 128

. i 256 25
74 " Backbone Network 512 512\ Command Stfa'llht - [:I D’DW
09999998811 » ..
2 ‘ 9 % J 2
K 64 128 128

128 128
Speed \ '—I
178 ﬁé

Action(3) J 'L

Liang X, Wang T, Yang L, et al. CIRL: Controllable imitative reinforcement learning for vision-based self-driving. ECCV, 2018, 1.
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N (SRR s ST RILE

n REFI =5

Step 2: Cost
Function

O Step 1. IEEHEMLEEEN

O Step 2. FEI—/ S ERIRKEHE

v ZNI@EIRSE (cross entropy loss) |, ¥9/51R%& (MSE)
O Step 3. ZHEF—ASERMNILERE, BHSE

v REERE (BP) , MEHEETIE (SGD)




e B

stretch pixels into single column

input image

!
0.01 | -0.05 | 0.1 | 0.05 -15 0.0
07 | 02 | 005 | 0.16 22 0.2
00 |-045 | -02 | 0.03 -44 -0.3
|14 56 b

Lq

O 2EW, FJLBGHERIRGIRIEESED

O IRKREERREHEEVTERN
O FJLUERSH/NEW, EERGIHIEERMISCIRE

O EHDEIRF

RXERK : Loss ==Y v, Inyf

O EREFiRk:
WIRE: MSE = z i — )

hinge loss:

-2.85

0.86

0.28

f(:t,';W, b)

L(y, f(z))

0.016 O
g e 0.631
# l Zj el 0
0.353 1
softmax
FUNRYER EBERRES
all]) =y

=maz(0,1 —yf(z)) .......

FAGHERHERE(L1IR) - MAE = f; =



N (SRR s ST RILE

A

\\\"l ”/
VW

L

o7
\“&’ili%
NOUAE
N
i

SsaNS AU A

(>
VBN
OSSR

\ )0
\ M PO
.

I Ngf

Hidden Layer-1 Hidden Layer-2 Hidden Layer-3




Hidden Layer-1

’W
\

0N YT

O
AN
Q7

la\
O
N

4

Sl
ANV N

4

-~ A\&\ =~
NS
S

Hidden Layer-2

(EFRRRMLEVsETIRZRILE

Hidden Layer-3




(EFRRRMLEVsETIRZRILE

AN

..‘\"
N

!
\\
v

2
. b
PRI

NS
N
ALK \
V7SN

! %}\ S

\

7'
J

Hidden Layer-1 Hidden Layer-2 Hidden Layer-3

Q0 Q
@

6
SGD =—1(y,9) = = ) Filny+—

i=1




(EFRRRMLEVsETIRZRILE

N ‘%? \
X7 “‘\k
VAN, >

/g

Hidden Layer-1 Hidden Layer-2 Hidden Layer-3




N (SRR s ST RILE

ol —©
(OAa)

QRKA O
IMIZASAN
AN P\

o
f;’«’;‘z‘

) JARN
. Z/ 2 IA‘ 2"’{‘5‘ .
)

‘W > 1
Naf

e
=
Y
Z 15
D

'~
NS
S

5

)

3

/"
i A\
%“\

Hidden Layer-1 Hidden Layer-2 Hidden Layer-3

& F R I 8aE T
BHAE ES?

v

ST ARTESTHHE
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N (SRR s ST RILE

IM hidden units
‘ 10712 parameter:

- Spatial correlation is local
- Better to put resources elsewhere!

B PERREIEEIREIR
O SHKXS: NEEFHNSEHARSZ —> G

EFH S RERARIT
S Eng?

v

T ZEFTREIRHE
RI2E I ?



N (SRR s ST RILE

Example: 1000x1000 image
1M hidden urits sz e Je iy
' — BHAE ES?

v

T ZEFTREIRHE
RI2E I ?

- Spatial correlation is local
- Better to put resources elsewhere!

B PERREIEEIREIR
O SHKXS: NEEFHNSEHARSZ —> G

B SFRHEMERIFERL IV
O RBEkKEk, SHHE
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n HHEZY

RELU RELU ~ RELU RELU  RELU RELU
CONV lcow CONVl

'y

|
|

1) AW AY I S I S )

=
=
-| IS
c-
-
=

v' CONV layer: 5FHE
v RELU layer: RELU EER
v' POOL layer: jti{t, 2
v FClayer: &R







l. &FfH — Convolutional Layer

B —45H

O —#ERNEERAEESHIESR, BTFiHEESHEERRR

O Rig—MSSARERFERIZ JtZith—/\{Eﬂsxt HERRI=IREES fi B
Ek-1PIIRIE K, ERFERAEKRAISAS

O8f =15 =5, f; = 1/4, ERHUKERNESy, HURRIZIFERIS
AR B R S A E N

Y=1xz+1/2x2s 1 +1/4X 24 2

_f1><lt+f2><lt 1+ fa X Tp—o

—Zwk Tt—k+1-
O Itb&baYf=[f; £, fﬂ%}i%’*dmf&)i‘ia% (filter) 8&F34% (convolutional

kernel

O e EIm, BHl—MEERIIX=[X1,X2.X3,..|INEFRIC S

e — Z Ik T oy

k=1




.| #&FR — Convolutional Layer
O HREMA?

v convolution is an operation on two functions of a real-valued argument.

ST TR — IR, i S
v EEGAES, ERRUATEERE BT eEmE G DESL ISR
/ Jttﬂﬁzﬁ]ﬁa% :g&% /I:!o : W \

Input

Kernel

HE—NEB X € RMXN, FIjE 2R W e R™xn
y=WX+b




l. &FfH — Convolutional Layer

O

S REINEFIRE

Input

v input: HiA
v" kernelffilter:
v weights: i &

Bz ISR es

=]

v’ receptive field: B
SIS

v feature map:
v padding

v’ channel: &E
v output: FitH




"a #0 — Convolutional Layer
0 EESHE—H

7

v BN X [ ]

v" filter: 3x3

v A stride: 1




"a #0 — Convolutional Layer
0 EESHE—H

7

T

v' filter: 3x3

v £ stride: 1




"a #0 — Convolutional Layer
0 EESHE—H

7

cenoe

v' filter: 3x3

v £ stride: 1




"a #0 — Convolutional Layer
0 EESHE—H

7

cenoo

v' filter: 3x3

v £ stride: 1




"a #0 — Convolutional Layer
0 EESHE—H

7

T

v' filter: 3x3

v £ stride: 1




l. &FfH — Convolutional Layer

O BEEFNE—F

7

v BIN: TXT7
v' filter: 3x3
v i< stride: 1

F




"a #0 — Convolutional Layer
0 EREHE—E

7

v RN TXT

v' filter: 3x3

v H stride: 1
v’ feature map: 5x5




"a #0 — Convolutional Layer
0 EESHE—H

v EIN: 5%5
v EFZ: 3x3
101
[O 1 O]

101

v £ stride: 1
v 4EFE]: 3x3

1%1+1%0+1*1+0%0+1*1
+1*0+0*1+0*0+1*1 =4




"a #0 — Convolutional Layer
0 EESHE—H

v EIN: 5%5

v EFZ: 3x3
101
[O 1 O]

101

v £ stride: 1
v 4EFE]: 3x3




"a #0 — Convolutional Layer
0 EESHE—H

v EIN: 5%5

v EFZ: 3x3
101
[O 1 O]

101

v £ stride: 1
v 4EFE]: 3x3




"a #0 — Convolutional Layer
0 EESHE—H

v EIN: 5%5

v EFZ: 3x3
101
[O 1 O]

101

v £ stride: 1
v 4EFE]: 3x3




"a #0 — Convolutional Layer
0 EESHE—H

v EIN: 5%5

v EFZ: 3x3
101
[O 1 O]

101

v £ stride: 1
v 4EFE]: 3x3




"a #0 — Convolutional Layer
0 EESHE—H

v EIN: 5%5

v EFZ: 3x3
101
[O 1 O]

101

v £ stride: 1
v 4EFE]: 3x3




"a #0 — Convolutional Layer
0 EESHE—H

v EIN: 5%5

v EFZ: 3x3
101
[O 1 O]

101

v £ stride: 1
v 4EFE]: 3x3




"a #0 — Convolutional Layer
0 EESHE—H

v EIN: 5%5

v EFZ: 3x3
101
[O 1 O]

101

v £ stride: 1
v 4EFE]: 3x3




"a #0 — Convolutional Layer
0 EESHE—H

v EIN: 5%5

v EFZ: 3x3
101
[O 1 O]

101

v £ stride: 1
v 4EFE]: 3x3




"a #0 — Convolutional Layer
0 EESHE—H

v EIN: 5%5

v EFZ: 3x3
101
[O 1 O]

101

v £ stride: 1
v 4EFE]: 3x3




"a #0 — Convolutional Layer
0 EESHE—H

v EIN: 5%5

v EFZ: 3x3
101
[O 1 O]

101

v £ stride: 1
v 4EFE]: 3x3




"a #0 — Convolutional Layer
0 EESHE—H

v EIN: 5%5

v EFZ: 3x3
101
[O 1 O]

101

v £ stride: 1
v 4EFE]: 3x3




"a #0 — Convolutional Layer
0 EESHE—H

v EIN: 5%5

v EFZ: 3x3
101
[O 1 O]

101

v £ stride: 1
v 4EFE]: 3x3




"a #0 — Convolutional Layer
0 EESHE—H

v EIN: 5%5

v EFZ: 3x3
101
[O 1 O]

101

v £ stride: 1
v 4EFE]: 3x3




"a #0 — Convolutional Layer
0 EESHE—H

v EIN: 5%5

v EFZ: 3x3
101
[O 1 O]

101

v £ stride: 1
v 4EFE]: 3x3




"a #0 — Convolutional Layer
0 EESHE—H

v EIN: 5%5

v EFZ: 3x3
101
[O 1 O]

101

v £ stride: 1
v 4EFE]: 3x3




l. &2 — Convolutional Layer

Iupur ! ulume (+pad 1) (7x7x3) Fllter WO (3x3x3) Fﬂter W 1 (3x3x3) Output Volume (3x3x2)

oz, 1,0l
E? 5
3 -1 -

«0]

o O Rl 0

Bias bl (1xlx1)
bl[:,:,0]
0

togzle movement




l. &FfH — Convolutional Layer

O BEEFNE—F

7

v BN TXT
v" filter: 3x3
v' stride: 2




l. &FfH — Convolutional Layer

O BEEFNE—F

7

v BN TXT
v" filter: 3x3
v' stride: 2




"a #0 — Convolutional Layer
0 EESHE—H

7

T

v" filter: 3x3

v' stride: 2




l. &FfH — Convolutional Layer

v o EIN: TXT7
v" filter: 3x3
v' stride: 2

O BEEFNE—F

7




l. &FfH — Convolutional Layer

v o EIN: TXT7
v filter: 3x3 3
v' stride: 2

v’ feature map: 3x3

O BEEFNE—F

7




"a #0 — Convolutional Layer
O EREHNE—F......

7

v N TXT
v' filter: 3x3
v A stride: 3




"a #0 — Convolutional Layer
O EREHNE—F......

7

v N TXT
v' filter: 3x3
v A stride: 3




"a #0 — Convolutional Layer
O EREHNE—F......

7

v oOEIN: T*T
v' filter: 3*3
v A stride: 3

y U\ NUAT




l. &FfH — Convolutional Layer

O BEEFNE—F
SiER

BIN: TXT
filter: 3x3
DK stride: 3
padding: 1

feature map: 3x3




l. &FfH — Convolutional Layer

O EREFNE—F
N

EHJ L] ElIJ ’/fJ_.E = j(/J\

F (N-F)/stride+1 (Z<Jipadding)
v fF a0 N=7, F=3

stride =1, (7-3)/1+1=5

stride = 2, (7-3)/2+1=3

stride = 3, (7-3)/3+1=2.3333..

ﬁ%padd i ngHTﬁHJ L EIIJ ’/fJ-.E
(N+padding*2-F)/stride+1




l. &FfH — Convolutional Layer

4
.

3

CONV,

RelLU
eg.6
5x5x3 /
filters || 28

6

CONYV,
RelLU
e.g. 10
5x5x6
filters

A

I£

4 IEL‘E:\”:? _/|\|‘|:—I_IIE|@ .

v

Input: 32x32
filter: 10, 5x5
1< stride; 1

Padding: 2

v RE: depth/channel

B 32x32x10 ( (32+2x2-5)/1+1=32)
s¥E. (5%5+1)*10=260




l. &FfH — Convolutional Layer

4T 7E -




" IR ETIL IR

cats_and_dogs_small_2.h5 BE2IRE—-ABRETF, R
NEEIRBREEFAH 4




N SR TTILIERE

REFEIAR—ABET, R
Layer7 MNERIREEEFM A

&R RIS B FERIEATT, ™2 RIS FEREE U
IR, AR RSB R T A K —#

e






"3 ith#t — Pooling Layer

224x224x64

yd

|

112x112x64

|

> Mo 112
224 downsampling

224

® Pooling:

O R 7 EEFIIRBDSEFITEE, BILgils, ReRENZIEET.
O E—RUETERESEREZE, £EERSEEREZE

® PoolingfY3$8Y:
O Max pooling: & XEh
O Average pooling: i5it{




"3 ith#t — Pooling Layer

el 4

2 5 RAERL

3 5, 0 filter: 2x2
1< stride; 2

1 | 2 4

IS S 4

2 e > ELI(Eithit

3 2 0 filter: 2x2
1< stride: 2

1| 2 4

6 | 8
3 | 4
3.25 | 5.25
2 2







.I 2158 — Fully Connected Layer

32x32x3 image -> stretch to 3072 x 1

input activation

Wz 3
/ 10 x 3072 119 )
3072 X 10
weights

B £5¥EE / FC layer:

O MEZBFFBHEZTTEENEEE
O BESEREESTRHE NSRS
O £ERESHEBEEX




N BRI

B SHHEXI SR R HI— MR 1R E.

B SEPKRER, SEEHE

B >KiNpaddingRdaiHBU4FHIEEIR/N: (N-F)/stride+1

5 paddingfif&E HAIFFMER K/ (N+padding*2-
F)/stride+1

EBPoolingl9258y: Max pooling: &X{EB{L, Average
pooling: 155t

B LR BREEEEEGIREEMRESD




1. AlexNet




o HIREEMLE MBI

N
COG g,

2013F#4], DWW T DNNresearch. 1%Z/AH] HGeoffrey Hinton##% T
20129F 85, AR FIZO R TEFEHintonHIR I MIFE B4 ALex
Krizhevskyfl Ilya Sutskever

FH b, 30 Hinton T DUEBEMEKELIBM, ZFrLLiEFESHK, Hintoniii:
“EAT, BEFNMTEMEFHEXH . EFLERER, HERTTL
TEHEER R, 7




o HIREEMLE MBI

RSN
—#AES,
| VGG16 P VGG19 —+ MSRANet PRILES Il + LR

- ResNet

IR ETENINEE
NIN GooglLeNet ’(

Inception V3 v
InceptionV4 || | Inception

ResNet

MRS THONES

SPP-Net | :
A \l R.GNN —> Fast R-CNN —’} Faster R-CNN

Dropgut

ReLly’ IBINFhAhEESE T
GPY+Bigdata

Inception V2 STNet CNN+RNN/LSTM

GoogleNet ResNet Xcebti
AlexNet VGG eone ception

A A A A >
2012 2014 2015 2017




"y BIUREREMBIEN -- AlexNet

® AlexNet EEBHEEXHN—MSELEE, EAlexNetZhl, FEFICEANT

?Ezo

mASBAYEEITE20124EEK, AlexNet fEZifFRIImageNetEIRIFARTER, {5
=2t F—FIEETET T ES R, METEEISENETA.

m RIS
CONV1
MAX POOLA1
NORM1
CONV2
MAX POOL2
NORM2
CONV3
CONV4
CONV5
Max POOL3

»
/4 \

128 % ?
\‘
\

/

dense

pooling

128 Max =
pooling 2°

C2

F1 F2 F3




"y BIUREREMBIEN -- AlexNet

B AlexNet ZFRLAGESSERY, FEZFEIZFRLAGESERHERES, REET:
O KEENE: BAH%RImageNetEGEUE
O JFiEREEREN: RelU
O BALEElS: Dropout, Data augmentation
O Hfth: WGPULIR

F1 F2 F3




"y BIUREREMBIEN -- AlexNet

® SigmoidifE

B ReLUERZEL ReLU =maz(0,z)

RelLU(x) dRelLU(x)/dx
6

4

2

-6 -4 -2 0

B e
O fRTERREHEANERR (FEIEXE)
O HEEREEIR, RFEAMMARSATO
O WSEEITRTsigmoid




"y BIUREREMBIEN -- AlexNet

Dropout (BEH%KIE)

Training: Z
A O }\v{'.\\, ) ISR X P R T
57 NKEZNY MR AT EETT
XMRERIRA
2N
- 2 RS
Training:
e
1 4
Testing:

ISEMIE L RItE S5



U HINEERLZEIBILENT -- AlexNet

R (data augmentation)

m PR, BPRE. XIFR

O FEtlcrop. JIZRET =, X3F256 * 25609
B FiffThE Lcrop®l224 * 224,

O KEEE:, BIBEANEE.
B N ZRGBEERE
O XJRGBZE[EMH—SHFHTE,
BPRGBEFIRE L, = 14, 15, I5)"
I:l:-y - [IJI'EHIJ%)I.EB;;]T + [Pl,PQ,P3][al/\1,02/\2,03)‘3]T

Color jittering

Random crops/scales Flip horizontally




'. AlexNety EfFth

dense’

128 Max
pooling

2

pooling

SB—XEH: HH - RelU - ity

“convl”
“data” 7 num_output: 96
227x227x3 kernel_size: 11
stride: 4

llpoollu
kernel_size: 3
stride: 2

“norm1”
local_size: 5




'. AlexNety EfFth

dense’

128 Max
pooling

2

pooling

(11*11*3)*96+96=34,944
F—IXEH: EH - RelU - jthfk t

“convl”
“data” 7 num_output: 96
227x227x3 kernel_size: 11
stride: 4

“data”
(227-11)/4+1=55
55*55%96

Mpoollu
kernel_size: 3
stride: 2

“norm1”
local_size: 5




'. AlexNety EfFth

dense’

128 Max
pooling

2

pooling

SB—XEH: HH - RelU - ity

“convl” "data”
“data” 7 num_output: 96 “data”

227x227x3 kernel_size: 11 (227'11)/?1:55 55*55%96
d 55%*55*96
stride: 4

Mpoollu
kernel_size: 3
stride: 2

“norm1”
local_size: 5




'. AlexNety EfFth

dense’

128 Max
pooling

2

pooling

SB—XEH: HH - RelU - ity

“convl” = =
eyt data Hefap o
data ) num_output: 96 : data

227x227x3 kernel_size: 11 (227'11)/i+1=55 55*55*96
‘ 55%*55%*96
stride: 4

“pooll” “data”
kernel_size: 3 & (55-3)/2+1=27
stride: 2 27*%27%96

“norm1”
local_size: 5




AlexNet Ef#HT

48

Max
poolin

dense’

pooling

SB—XEH: HH - RelU - ity

Ildatall
227x227x3

“convl”
num_output: 96
kernel_size: 11
stride: 4

“data”
(227-11)/4+1=55
55*55*96

128 Max
pooling

-

“data”
55*55*96

llpoolltl
kernel_size: 3
stride: 2

“data”
(55-3)/2+1=27
27*%27%96

“norm1”
local_size: 5

“data”
27*27*96



'. AlexNety EfFth

dense’

128 Max
Max pooling
pool »oling

48

EIRER: £ - RelU - itk

“conv2”
num_output: 256
pad: 2
kernel_size: 5
group: 2

“data”
27*27*96

HDOOIZ"

¢ “norm?2’
kernel_size:3 :
473 local_size: 5
stride: 2




'. AlexNety EfFth

dense’

128 Max
Max pooling “
pool »oling

48

EIRER: £ - RelU - itk

“conv2”
“data” num_output: 256 “data”
27%27%96 > pad: 2 8 (27-542%2)/1+1=27
kernel_size: 5 27*27*256
group: 2

NDOOIZ"

? “norm2’
kernel_size:3 3 :
473 local_size: 5
stride: 2




'. AlexNety EfFth

dense’

128 Max
Max pooling “
pool »oling

48

EIRER: £ - RelU - itk

“conv2”
” i num_output: 256 “data” " ”
27?;;396 > pad: 2 8 (27-5+2%2)/1+1=27 > 27,";3256
kernel_size: 5 27*27*256
group: 2

"DOOIZ"

¢ “norm2’
kernel_size:3 3 :
473 local_size: 5
stride: 2




AlexNet Ef#HT

dense’

128 Max
Max pooling “
pool

48

BFZIXEH: HH

“conv2”
” i num_output: 256 “data” " "
27?;’;396 pad: 2 (27-5+2%2)/141=27 : 27*";;3256
kernel_size: 5 27*27*256
group: 2

“pool2” “data”
kernel_size: 3 : (27-3)/2+1=13
stride: 2 13%13*256

“norm2”
local_size: 5




'. AlexNety EfFth

1‘_‘ .‘.-. o 3 » 3)
5 : I
8 | : 192 192 2048 J0as \dense
: 57 128 —
13
T — 0O
5 ......... o, 3 B A N
B A 3 T3 dense’| [dense
27 T 3| \.P*
3| \ 1000
192 192 128 Max - =
Max 128 Max pooling 2048
pooling pooling
a8

EIRER: £ - RelU - itk

“conv2”
num_output: 256 “data”
pad: 2 2 (27-5+2%2)/1+1=27
kernel_size: 5 27%27*256
group: 2

“data”
27*27%96

“data”
27*27*256

“pool2” “data”
kernel_size: 3 . (27-3)/2+1=13
stride: 2 13%13*256

“norm2” ! “data”
local_size: 5 13*13%*256




'. AlexNety EfFth

dense’

128 Max
Max pooling
pooling

2

48

=XEF: Ff - RelU

“conv3”
“data” num_output: 384
13*13*256 pad: 1
kernel_size: 3

“data” “data”
(13-3+1*2)/1+1=13 ? : .
2 A a e 13*13*384




'. AlexNet EfFtT

dense’

128 Max
Max pooling
pooling pooling

2

48

FMREIR: H1R - RelU

“conv4” “data”
“data” num_output: 384 ) (13-342*1)/1+1=13 N vdata®

13*13*384 pad: 1 13*13*384 13*13*384
kernel_size: 3




"y AlexNet$y ERRHT

“data”
13%13*384

48

Max

pooling pooling

“convs” “data”
num_output: 256 I (13.3.5+1)/1+1=13

pad: 1 13%13*256
kernel_size: 3

“data”
13%13*256

“pool5”
kernel_size: 3
stride: 2

lldata’f
(13-3)/2+1=6
6*6%256




s AlexNets> EfFHT

dense”

Max
“of 4 pooling pooling
18

$/B: 2i%#% - ReLU - DropOut

“data”

6*6*256 fc6

128 Max
pooling

“drop6”




'. AlexNety EfFth

dense”

128 Max
Max pooling
pooling pooling

2

48

$tEB: 2% - RelU - DropOut

t/fc7n

ndrop7n




'. AlexNety EfFth

dense’

128 Max
Max pooling
pooling pooling

2

48

FBI\E: £i%% - SoftMax




'. AlexNety EfFth

SHAE

BRI
Input
CNN1
CNN2
CNN3
CNN4

CNNS5

il

W*'H'C = 224°224*3

96 M 11x11x389 £
2561°5x5x48 £ R, RIFXUFIGPU
3843x3x256 £

384/ 3x3x192E 1%, RiFHFIGPU

256 1™3x3x192E R, RIRHFIGPU

TRNE

224%224%3 = 150528
5555482 = 290400
27°27*128"2 = 186624
13*13°192°2 = 64896
13*13*192°2 = 64896

13*13%128°2 = 43264

BB E (wHlb)

N/A

11°11"3°96+96 = 34848
(55%48*128+128)"2 = 307456
3'3256"384+384 = 885120
(3°3*192°192+192)"2 = 663936

(3°3*192°128+128)"2 = 442624

FC1

FC2

FC3

2% E, F—EHAmaxpooling(s=2)

2ERE

REER

4096

4096

1000

(6°6"128°2)"4096+4096 = 37752832

4096°4096 + 4096= 16781312

40961000 + 1000 = 4097000

(output)

ait

809800

AFIZBIEMESR: 60965128







" ZFNet

image size 224 110 26 13

13 13
filter size 7
[ l & 3 ¢ 3
VY1 w384 1 w384 256
L w56 ~ "o
Stfide 2 ! 96 3x3 max 353 max
3x3 max pool| | contras

pool| |contrast pool 4096
stride 2| |norm. stride 2

units

-

6 256
Input Image = -

Layer 2 Layer 3 Layer 4 Layer 5 Layer6 Layer7 Output

B EEISAlexNettEH
B EEHEIPRBZEANS 11X11 ¥R 7X7, $HKR480592
B S5FRE3, 4, SPRYEIREENEH384, 384, 25689512, 512, 1024

2013 ImageNet B& 7 R H R E
ImageNet top 5 error: 16.4% -> 14.8%







g BIRMERIKIBIZY - VGG

B VGGE—/EHFNILE

O 8 layers (AlexNet) -> 16 — 19 (VGG)

O ILSVRC top 5 $5iRFEM11.7% -> 7.3%

2014583815 —

UIZRIXFE— Wi AR RER), i ieies

BatchNorm#i &

VGGMZ sz Bk, —HEAS KR
PIsRIR 2 NAEAEH]

Softmax

FC 1000

FC 4008

FC 4006

ey ge— ey pe—

]
|
J
]
]

Input

AlexNet

| Softmax 1

l FC ]
| Softmax ] ] FC 4006 |
L_fctooo | | FC4006 |
[ FG 4006 - s ]
| FC 4096 | '
| P |

| |
l |
L i | |
| 1 | ]
l 1 | ]
| Input l | input J

VGG16 VGG19



g BIRMERIKIBIZY - VGG

Softmax

FC 1000

FC 4006

|
|
| FC 4096
|
|

INPUT: [224x224X3] memory: 224*224*3=150K params: 0

CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864
POOL2: [112x112x64] memory: 112*112*64=800K params: 0

CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147 4£
POOL2: [56x56x128] memory: 56*56*128=400K params: 0

CONV3-256: [66x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
CONV3-256: [566x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
POOL2: [28x28x256] memory: 28*28*256=200K params: 0

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
POOL2: [14x14x512] memory: 14*14*512=100K params: 0

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
POOL2: [7x7x512] memory: 7*7*512=25K params: 0

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448

FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216

FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000



g BIRMERIKIBIZY - VGG

Softmax

FC 1000

FC 4006

FC 4096

et —

ln&:t

VGG16

INPUT: [224x224X3] memory: 224*224*3=150K params: 0

CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864
POOL2: [112x112x64] memory: 112*112*64=800K params: 0

CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147 4£
POOL2: [56x56x128] memory: 56*56*128=400K params: 0

CONV3-256: [66x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
CONV3-256: [566x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
POOL2: [28x28x256] memory: 28*28*256=200K params: 0

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
POOL2: [14x14x512] memory: 14*14*512=100K params: 0

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
POOL2: [7x7x512] memory: 7*7*512=25K params: 0

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448

FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216

FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000

TOTAL params: 138M parameters, Z A% AlexNet BB {E



g BIRMERIKIBIZY - VGG

INPUT: [224x224X3] memory: 224*224*3=150K params: 0
CONV3-64: [224x224XxX64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728
CONV3-64: [224x224Xx64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864
POOL2: [112x112x64] memory: 112*112*64=800K params: 0

CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147 4%
POOL2: [56x56x128] memory: 56*56*128=400K params: 0

CONV3-256: [66x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912
CONV3-256: [66x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
CONV3-256: [66x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
POOL2: [28x28x256] memory: 28*28*256=200K params: 0

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
POOL2: [14x14x512] memory: 14*14*512=100K params: 0

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
POOL2: [7x7x512] memory: 7*7*512=28K params' 0

FC: [1x1x4096] memory: 4096 params:|7*7*512*4096 = 102,760,448
FC: [1x1x4096] memory: 4096 params:4096*4096 = 16,777,216

FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000 \

SHRZHEEERESR
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4. GoogleNet



"y EIRMEFE MBI - GoogleNet

20144E1mageNet BB 7 KRR I R E 2 1 &
ImageNettop Serror: 11.7%->6.7% @B R flglfige
I i angua d i gagalggdl
anfaajaligiig,s ﬂmﬂﬂﬂﬂ iafgy B EE
| LN T i1 id T
| E EI E TITE

L\. . =
JRaginceptiont=iR inception v2

YR RRGE
O M%/@%ZZ/P%’%%SZE’\J)% (ANRE[EpoolingEME2TE) , HIARINERHKAE
1004
O Zj*ﬂzgjci’j] AlexNet g9 1/12
O &8 FCE



'. GoogleNet: Naive Inception

R ZSEFRIENNEES Y

BN 28x28%256

1x1 convy, 3x3 conv, 5x5 conv, fllter ) 1 28’ 1 o l

1WP°°' i 28x28x128

Module input: Input
28x28x256

[RiBinceptionf&Ei




'. GoogleNet: Naive Inception

Filter

concatenation

28x28x128 28x28x192 28x28x96  28x28x256

Stea. 8

P AN
1x1 conv, 3x3 conv, 5x5 conv,

1%"”' AElfilterfyiaids?

Module input: Input
28x28x256

Naive Inception module

28x28x(128+192+96+256) = 28x28x672

Filter
concatenation

28x28x128 28x28x192 28x28x96  28x28x256
/

=S

1x1 conv, 3x3 c;nv, 5x5 }:onv,
3x3 pool

12 192 96

52
Module input: Input !jggn N
28x28x256 TEEZEEE

[RRinceptionfEiR




'. GoogleNet: Inception V2

ERBEE: BN 1GIRA TIRE

I i Ve

1x1
convolution

4

Hilter

concatenation

4

1x1
convolution

1x1
convolution

28x28x128 _ 28x28x192

/
1x1 conv, 3x3
128 1 ?2 96

28x28x64

1x1

Module inp
28x28x256

28x28x480

Filter
concatenation

ol S

28x28x96

\
5x5 conv,

W
conv,

\
28x28x64

1
conv, 1x1 conv,
64 64

28x28x64

~
1x1 convy,

6‘4
28x28x256
|

3x3 pool

.

ut: Previous Layer




'. GoogleNet: Inception V3

B Inception V3 #H—%F V2RSS EEEHTTIFHE

Filter Concat

Filter Concat

Base

Inception V2 RIS REEAKIEREZ

B [FESHE
B ENIAECMERGEREL: IEINAE BB R EE M BT E 2 (disentangled
feature) RLEE ISR, I)IIZGEIR,




"y EIRMEFE MBI - GoogleNet

BB
BEE
== =
ey EE
B 53 A A
oo EHES

7 EA B
2 B

B B A
ESEA

X EAER B
EZ1 B B

A B A
= 2 B

9 -
s

. B - - R SR - it

B StemiP4 (stem network)



=
=

B Z P InceptionFiatE

©
Z
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O)
o)
O
O
|
5k
{a
B
i
'
3
H
&
S
Ho
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"y EIRMEFE MBI - GoogleNet

b -
s

B i REEUMISIERER (FR7T&REHSEHIETHE)




§y BIREREMELEY - VGG

b -
s

B EEIORER . AR TREREIDRSEHEERRRE,
n AVLUEEET







'. ResNet

B REZFSIMLEE (deep residual
learning network)

B 2015%FILSVRCRETE, top 5iE
1=ERM6.7% -> 3.57%
REB152E

T relu

\relu

X
Residual block

X
identity

Softmax ] Bﬁ? Eﬁi H:ll

BHfthe

EZE.

L

|

L

|  3x3conv, 517
C=

|

|

L

L

FC 1000 14_ . N
] BEZN%
J
]
J
]
J
|

|
l
L
L
| C 22
=
L

3x3 conv, B4

Input




'. ResNet

&R

B RERIRRR KIEEERIERERT

m LA FESRIIZR F R RIS

T relu
F(x) + x

X

[ relu identity

X
Residual block

TSRV MIZRAL,




THANKS



