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FULLY CONNECTED NEURAL NET

Example: 1000x1000 i

N & 1M hidden units

B M) 10712 parameters!!
v AR ER A NAR R 69 AY 2

= .

Z3 74 Sl O

s Sk O
> AR .

v 1006 * 1006 = 1M * 1M = 1
- Spatial correlation is local
- Better to put resources elsewhere!

F n

TSR, —ANBFEHAF AT
1000-pixels
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v\ X21000%1000 & A& B A% AE A : 0 YAY, FULLY CONNECTED NEURAL NET
E le: 1000x1000 i
N & TS 1M hidden ur:':fe
. . b M) 10712 parameters!!
VAR EA A AR 693
a
22 % 51, §
—

> A iEdE
v 1076 *10% = IM * 1M = 1
TANRE, — MR AF
$4Byte 89 75 X Ak
EZFRDTATA H

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

1000-pixels
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v 1006 *10°6 = IM* 1M = 1
TASE, —AMNBEAF S
K AByte 9 7 X Ak
V BRI TATRE
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H 2B %43 i
T HE?
C MANTT B R 7o o
FULLY CONNECTED NEURAL NET

Example: 1000x1000 image
IM hidden units
M) 10712 parameters!!
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S BAE

input conv max_pooling conv max_pooling fc
D4KD4X3 5%5 272 5%5 2%2 softmax
20 filter stride= 2 50" filter stride= 2
channel=3 channel= 20

simple_cnn & 544
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] B AR 69 1 % KRR
KA = AR R pIERES |

KRR —
101020/ 0| 0| 0 3 é
oTolo o ool £54%  wpmp 0 T 2
10(10{10| 0| 0|0 e IR 25 0[30]30] 0
10/10|/10|0|0|0]||2|0|-1||0|30]|30]0
10(10/10| 0|0 |0 ||212|0|-2||0]|30]|30]|0
10(10/10| 0|0 |0 ||21|0|-1||0|30]|30]|0 vertical edges
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S KEBER EERREREL: BMSERSH

> BRIERE
vV AR —/NEBRENLEBELFT R0
— /N Ak 8 ey SR B
v BB B H AR AL e Ry BB 0 AR
> ANiF
v x: O\, input, image

v o w: EFAix, filter, kernel

v s: 4FfEBE4T, feature map, activation map, convolved feature — (emboss)

BY

Source pixel

V BRZEH: —AMEUERER G NR IR, receptive field

Center element of the kemnel is placed over the
source pixel. The source pixel is then replaced
with a weighted sum of itself and nearby pixels.

Convolution kernel

New pixel value (destination pixel)

¥
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.

@ Al DISCOVERY

o—O—o




BIRE

@ Al DISCOVERY @ [
7= . == ¢
$ RGBEUR L{ERBEERNZ: BRMSEAIHEY
> Notes 1
v _ Input Filter Result
RGB 4 channel = 3 B E
v AFRGBBE G G AT #4F 89 BARZ 4 s = W
EEA3 e :
V' BB A3 * 3 8 B FRAZL A P 2|45
5 | 6|5 “;- 718 [l Parameters: ,
> Notes 1 update P e e o o Size: =3 [2]-= *=+
e > Ky = . ] h Is: n.= *
vV EARAH H Z AU Depth o Side 28 )
5 (8|53 84— Padding: p=o0

VO BRBERE = L EBBIEWAN T, n xn.- 6x6x3

H W C
&7 & (channel#%) - ° ® °
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110]1
> BB e 0[1[0%
1 11011
0[1[1[1]0 0% =
v *%ﬁﬁﬂ#ﬁ%ﬁﬂl"ﬁ%%ﬁ#ﬁi\‘ O_g } }&1 convelution
v sE—ge sy, 4 (011110107 11015
2R AR AR, RR 110[1F
% F R 5] 89 By ERAE X, Input channel : 3 # of filters : 2 Output channel : 2
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S ERRENIES

Preview: ConvNet is a sequence of Convolutional Layers, interspersed with
activation functions

> Notes 2 /
/ 32 / 28 / 24

Y BRI = T ERIENR

B = TFT—5ABRE BBREZNEE CONV, CONV, CONV,
Rel U RelLU RelLU
0 ) . N e.g.6 e.g. 10 ,.
vV BB AF = R H 5x5x3 5x5x6 :
o N . | 32 fiters filters | 24
v, B/, TUAATHAT 3 10
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— B BARAT ) 9 AL A D Y
JERARS, 5B MG 4FAEEAR A B

object models

A<E®)| =k |- :
LR = mpL object parts

"N | [P B2"]i%| (combination

L -}\Q.'

of edges)

edges

pixels
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S FETEMSH: stride
> Stride

=R EAG R
v' A height kA9 stride fewidth Lk #9stride

vV B i b @stride = 2,38 A AN E B
stride R 2

10(10|10{ 0 | O Stride =1: —X%#E#h1#
10(10|10{ 0 | O
10(10|10{ 0 | O 1 =1 30 | 30
10(10{10| 0 | O il =1 30 | 30
10(10|10{ 0 | O 1 o =1 30 | 30
10(10(10( O | O | Stride =2: —Xk#F#h24
10(10|10{ 0 | O
10(10|10{ 0 | O il =
10(10|10{ 0 | O 1 il 30
10{10({10( O | O o I 30
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S EEFENS iﬁl stride

Strldul g v
> Stride ( ‘ ) ( ! ) ( ‘ )

stridetX B AA L1609 54, kAL T
Astride=109 KB LR PHET TR

’ TR () ()
Downsampling
voRRE ERYE R R E, AL 45 A R
Pyt e OXCEOEORO

Convaolution
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S FEXFERISH: padding

» Padding = valid
vV ORBATANERAE, s=18f, AAEAR—
Fo i 77 e 09 BV LE LT IEF-1, HFFA EAR

% Ko
» Padding = same

Vi RN R B BTN A H A A
v AR ATwidth=F A B width, HFRATheight=
A A% Jzheight

N =
/k 9 J”u

v’ F=3, stride=1, pad=1

S 0 | O padding: valid
10(10|10| 0 | O

10/10|10| 0 | O -1 30 |30

10/10|10| 0 | O -1 30 |30

10/10|10| 0 | O -1 30 |30

019 19 SRt padding: same
0|10|10|10| 0|0 | O

0|10|10|10| 0|0 | O 20| 0 |20 |20 O
0 |10|10|10| 0|0 | O 30| 0 |30 |30 0
0|10|10|10| 0|0 |0 | |1 1| |-30| 030|300
0|10|10|10| 0|0 |0 | |1 1| |-30| 0 |30|30|0
olo|o|o|o|O|O] |1 1| |20/ 0| 20|20 O
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v éﬁ?)\ W1 X H1 X D1
v BRI

the number of filters: K

the dimension of filters: F
stride 7 & S
padding P

v #rd o W, X Hy, X D,

_ W, +2P-F

S + 1,

(FXFxD;+1)xK

H2=

H,+2P-F

S

+1,

D2:I<

O
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Eﬁﬂ¢MA$&ﬁi§, £ 7 BB A SE Bl HY BRI 2
—RRANFER] — M 2% FR 52 F 25 FAUE R 3

1 10
-10 £ 10 10 s 10
1 sinh(x) el —e "
= tan’ = = = max(0,
o(x) = anh(x) cosh(z) — e e f(z) = max(0, z)
YR BH, R MBEH, AFAK SMEHL, ZEMRS, KT A
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> jtife

v fEwidthFeheight 4 &
depth &y %4 &

V EEME YT AR T 252, stride = 249
B, PR ZEBREARALBEFTIFES, @
R AA X EFZE (REMEE)

vV RS RAZR YT A

v A8 bbstride, AL BT VAR BFHEAT T RAE 69 77 X

224x224x64
112x112x64

pool

.

~ SR 112
224 downsampling
112

224

® ® O
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max-pooling mean-polling
Input X / Kernel W Qutput Y Input X / Kernel W Output Y

0.2/

0.2

03 0.3

0.6 1

0.6

0.5
0.5

7]
/

A
v v
Max-Pooling:

XIEBIE R R B A E s G RV E

Mean-Pooling:

XJ SR AR R E I E N SR e Y E

max(0.3,0.2,0.5,0.6) = 0.6 0.3+ 0.2+ 0.5+ 0.6
4 —_—
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S
v g Wy X Hy X Dy
v RBSRHC 224x224x64
. . 112x112x64
the dimension of filters: F pool
stride+7 &K S
v Hribh o W, xH, XD, 1 1
_F — > @
L +1 R 224 downsampling 112
112

224

— st 7 X P = S48
max-poolingFrmean-pooling % & 5%
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> Notes

v RBZERFERETHRER— T —HNRE

Fully Connected Layers

 RELEENSERBERRHE, o output nodes
e ‘ 2 b l \ . | O
3T BR AR AFAE 69 = 18] PR / . —_ P — d>O
K AR B IR AT 69 T B 69 SFAE HEAT Ao A 7 W layers 8
BB 89 R4 H — AT A R R R 5 i3 \
7 R 265424 concatenation
v EHEMENNEG RIS D
] O @ O @ Al DISCOVERY &)
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S BIRERSE— RN

1. BHE+RelURD L E NES S XHI REUSIE
2. ZNeiEE o FFHRAICNNG (EamEE (B4 5B /H0NIZE /o EISE

RELU RELU RELU RELU RELU RELU

Colelconl CONV CONVl COFVlC(iNVl

|

\/

car
truck
airplane
ship

horse

DL T «—
MR I TR YR AW

=
=
—
=
-

]
e
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=
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S S T) IBES L EMAURAAWD G G T, AL 6474 7 545 T S e
]| i i T
S BH% (1) RESA | AR,
? 1. e AT W &AF 9 Ao AR 09 R
V ? 2. Ao ATARYE Lk 2 b W K09 A E S AW HHAT AT
15
0.01 |-005 |01 |0.05 00 Cat score
22
07 |02 |005 |0.16 o Dog score
-44 _
0.933 |-0.45 |-0.2 |0.28 03 Ship score
56
W:REAUIRAR, FFHAL B:— 4t 47 ore -

Xt 5 AEO,
FEARAL

fw-x+Db), f: &S RE

CNN\Q@ fi}é”}%éjéj%}% 4/};7567\_;":(/‘%—% & O —0 O @AIDISCOVERY O—e
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Stepl: 44134 #4155 4 A

BEE 2106 1>y >’0,:E:;yi:= 1

o ARk & SoftMax HZq—1k

Hp, @) = — ) p(0)logq(x)

e~285 = (0.058
FAREEM MERSRIENERYE /\
-2.85 0.058 1
#ﬁ:/ﬁ{\;%/]\one-hot@g%, 7%4\#%$é7\;ﬁ; f 0.86 736 normalize 0
W 4 B4 4 00 25 RO R ' '
0.28 1.32 0
SCOTLCE
1. FRLAEME R IIEE D ERIT— o f(w-x+ b) K/
245%5> SoftMax 1.32
==JJ =
0.058 + 2.36 + 1.32 0.353 label
SOftMElX éﬁ ‘f;l_;—él.‘: Sl = Z] ej ® 75 ® O @Al DISCOVERY & ®




o WK & SoftMax =T —{k

Hp, @) = = ) p()logq(x)
AREEM T D HENESE

2. TRIEH HANESLRUTRE BRI 2R
HERXE, REEHHERRESRY
=)
vV op(x): ARER A A EME S A
v q(x): BB A R AR B S A

score

e 285 = 0.058

N

-2.85

0.86

0.28

fw-x+b)

? 1. de AT M AT FeAt B4 R R

Stepl: 4% ] A A

—1og(0.016) = 1.796

A

1

0

0.058 0.016
€XP | 2.36 normallze; 0.631
1.32 0.353

1.32

0.058 + 2.36 + 1.32

0

N

= 0.353

6 £ 5

label

—log(0.631) = 0.199
—1log(0.353) = 0.452
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o ? 2. ATARIE LR £ F b M &89 E A RW AT B

Step2: A ZARYE £ F+ 75 1) £AT

> BE TENER 0;
v B—LEnERK FERRITSFE

BT
v —tb—ETE, BRFENRE
MESRE, RINEB TR .
v 85 BREFNSERD, B J(eo’ei)i
SEH

Q%Q%%ﬁﬁ
METBEmBPF7 &

LT




B T B

et
O—e @ ~ oscovery o

? 2 Je TARIE Bk £ FAf W& A AE S RBW AT Z AT
Step2: AR EARIE £ 7+ 7 &) AT

> B T REERERFTURIZEH

v EMRE T (Batch gradient descent)
BRI ERAT A AR T ERIE

v BEVERE I (Stochastic gradient descent)
BIREARER— AR T ERVER

v IMILERE TRBE (Mini-batch gradient descent)
MEBE N EMPEYESE AT+
FRERBIERbatch-size NMEAR SR TREERIE I




? 2. e ATARIE LR £ F AT M 46 E S BOW BHAT AT

> *%ETB%HECH@%% 0, =0, - mﬁiﬁ;m) Step2: AUEARAR £ 77 7 £

v Momentumj%
NEIEEHERERAREERSEIFIER, XEEER SIS RZ R
v NesterovIliEEHEIE
BFHPEI LA [FUl] TheervaiE
v Adagradi%
XHESUHINAISHATTRRIERT, MWEMHIHNSEH T/ INNEHT, ESGIERRETE
v Adadelta;%
v RMSpropi FATHE By Bk Ty X LA BT £ 57
v Adam;%
Vo




? 2. JmfTARYE Lk £ FAF R &AM AR E S BWHAT AT
Step2: ¥ 2 FE A E— KM LA E 94

v REERRIIFESHRIEE

v FNEERE:
Forward pass: BEITE, FHMRFE—ENSH, HERAEETEEERER
Backward pass: IRIEBREHREXEIFZEETES—1ZS2HEE, ASENEFTREAKTE
[EARE: §EAN )

V' BARAY 2 P 4-tgbackward passiEE W R FE ST, £ TR ’%"‘}'ﬁ.ﬁ: ﬁ-ifli
vV T ARG R BN 2 T RoE AR S A2
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Y- 2 AT £ AR RS BT 2
Y sigmoid i & A ) : Step2: £ F4& KAR K ATALE B9 46 B

1
1+ e_{wofﬂo'l'wwl +ws)

[2,-3,-3] # assume some random weights and data
[-1, —2]

=
Il

fw, ) =

b
Il

dot = wl0]*x[0] + wll]l*x[1] + w[2]
f=10/ (1 + math. exp(—dot)) # sigmoid function
w0 2.00

oy T harluward nace +thraiich Fheae neiiron i

- LY ValAkwadl U aoc LIl Uldstl LG [ICLL WAL valnfJli VUidasa LU

° -2.00 ddot = (1 — f) * f # gradient on dot variable, using the sigmoid gradient derivation
0 _
x0 -1.00 0.20 dx = [w[0] * ddot, w[1] * ddot] wckprop into x

0.39 dw = [x[0] * ddot, x[1] #* ddot, 1.0 * ddot] -kprop into w

4.00 # we're done! we have the gradients on the inputs to the circuit
020
w1 -3.00
6.00
020 1.00 -1.00 0.37 1.37 0.
x1 -2.00 AL 0.20 0.20 0.53 0.53 11
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1) FIEEHERBE ) ] ]
FSRIIZERMEIR (JIZ4E) fEss < S|k £\
¥R CUREE) a8z o7 — —
Oy + 012 + 0922 O + 012 + O22” + 0323 + G4z

2) ZHEES
Mlzs 2 S B IEX ARAFF AR IE N BE /]
L FRRSAELKIESEF G GIME
I APt A B — A 69 )] 45 52 A9k 69 4%
V&
1L 22339 569 P AL R0 2531 618 69 4 o
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AI DISCOVERY

> WIRERFITEMR?
1) BERIlZIRE

NEIRE S Rilbe
F I V| Sk E A X E LA K
SR B ETRN G

2) Fa/NMJIZHREMNKIRZRIZEE
W 253% £ Fa M RIR £ 18] ZIE K F e
Y INGEEHAES, MNXE LM
AR
TR BRI T I G EIEA 6

Price
Price
Price

Size Size

90 —1—913’:—1—923’}2 90+91$+92$2 —1-93373—1—94:174
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4 ::T:TEW&‘WZ%EQ:E%Buﬁ
1) SR E T ——F e & F A6 Oy + 012 + 0922 0o + 012 + OG22 + O32° + Ogz?

7, BRMR e Tl b /

2) ENAC——3 5 J R, AT
B MARIRE (ZALIRZE) AL iEE
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AI DISCOVERY

> IEME

v Eatly-stopping (F4%)
o )| 4k 2 Fe B £ b 6 AR
DR E A7 B T % but IniE & Eogd5#4 B L > 012 k)| 4

vV R EEN:
REMLTERETmMmS, B AALk s b Ii KegElE,
PRIER T RABRALITEE L LR ), ShibBRIEEE RS Eay (BAREETFEL)

L1EN : J=Jo+ Alw|ly , JREFERE, ||w||s RESEFKEEwWIGL, LK
L2E ] (weight decay) : =17 +&||W||2 , IR EM KR, |[Iw]| KR ESFeEWIIL, 63K

FMERBEE R LR T X, R PR ERZFHIEFRHSRAARETWR ST Ko

® O ] O @ Al DISCOVERY @ o

v’ 3 3E¥4 3%/ dropout : AlexNetf 23T 3
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MNIST
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http://vann. lecun. com/exdb/mnist/

v FEHF
vV I0ANE R85 KR, 28%2869 & E 1%

v £ FARE 5 B AHF % PT, National Institute of
Standards and Technology (NIST)

vV 250MNANF BT 0%k AARES R TAEAR,
50%%k B & P 5 Ao

Vo) % 60,0004NEE A
voomaR s 10,0004 A

Four files are available on this site:

train—images—idx3d—ubyte. gz: training set images (9912422 bytes)
train—labels—idxl-ubvte. gz: training set labels (28881 bytes)
t10k-images—idx3-ubyvte. gz: test set images (1648877 bytes)
t10k-labels—idxl-ubvte. gz: test set labels (4542 bytes)
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http://yann.lecun.com/exdb/mnist/

CIFAR
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http://www. cs. toronto. edu/ kriz/cifar. html

VORISR0 KR 5 A B

v 600007K32%32 49RGB A%
VIO FER, HE£60005K Bk

v Y% 500007k,

SN SR, FEHL100007K

X EG G, KR FH
vomHX 100003k,

32 kA i — 3k, A E10007K

Download

If you're going to use this dataset, please cite the tech report at the bottom of
this page.

Version Size md5sum

CIFAR-10 python version 163 MB c58f30108f718f92721af3b95e74349a

CIFAR-10 Matlab version 175 MB 70270af85842c9e89bb428ec9976c926

CIFAR-10 binary version 162 MB c32a1d4ab5d03f1284b67883e8d87530
(suitable for C programs)

airplane ﬁ.% » -.:ﬁi
automobile (S o FOR PN 1 G g B et 9
o mal WED ¥ B
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S | Lo PR e
ws  [RESEN® BRI .\

w EEEWNEDDAE
e R 23 9 R R T R
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< =
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http://www.cs.toronto.edu/~kriz/cifar.html
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£~ ImageNet
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http://image—net. org/

1) Total number of non-empty synsets: 21841

2) Total number of images: 14,197,122

3) Number of images with bounding box annotations:
1,034,908

4) Number of synsets with SIFT features: 1000

5) Number of images with SIFT features: 1.2 million

V TR TEER S £ BAFRAL. BARRR . KA
2B F Z A A AALTEAE 5

v' ImageNet F Fr 7 F ALAL 3 B8k R ILSVRC)

Computer Vision Tasks

Classification
+ Localization

Classification

Single object

Instance

Object Detection Segmentation

CAT, DOG, DUCK CAT, DOG, DUCK
N Y ]

"
Multiple objects

—C—=e


http://image-net.org/
http://image-net.org/
http://image-net.org/
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1. B SRR 6 BARER
1) & LM % 2H)
2) ®IMALFE &
3) 2w HE—

AT U R A2 P A7 3 69 AL B FE B Sk b A4 A B e )| S AR A9 AR

4) &SR A FRAT AR A S LAY PR A4
2. FABFEFRLE

238 AL R0 B E, AR E LA AL
3. Y AR

TR R KT 6 24T, RAVT LB Fhe IR
4. P AR

1 ) # A A — A AT R AT

PAEESS — )| BHEE || (EEEE
A A% G AR
BETEAER RS 2HIFHHFAR. T KEE
, IR AR LT (
2 T~
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F— 1'CNN

Cl 51 C2 52 n; n;
input feature maps feature mapsfeature mapsfeature maps output
32x32 28 x 28 14 x 14 10x 10 5x5
@ Al DISCOVERY @ @ ? —————— _—
N — O\ 0
v CNN#g#EA N = X
VAT A B 19 LeNet-5 % 4] ' N ol
5x5 \_ == : —‘ \\ CJO \
7};‘%&']&\? @ }5)1—5: convolution \ subsi:'lzpling convolution . \\ Oconf:z::’ted\
N _susampling NN N
om0 B R e T AT feature extraction classification
Layer Kernels Stride Pad Output Parameters
Input 32*32*1
Convl 5*5*1 filters * 20 1 Valid 28%28%*20 (5*5*1+1)*20
Pool2 2*2 filter 2 14*14*20
Conv3 5*5*20 filters * 50 1 Valid 10*10*50 (5*5*20+1)*50
Pool4 2*2 filter 2 5*5*50
Output 10 (5*5*50)*10

@ O—@ &, @ Al DISCOVERY




F— 1'CNN

] @ Al DISCOVERY @ @

vV I HER i N &
AMNISTH# A5 A5, 558K F 2R E K%
FIr VAR A 89 iy N A 32 % 32 =1024 4 49 #3%, channel = 1

img = paddle. layer. data(name="pixel”,

type=paddle. data_type. dense_vector ( 1024))

V R SEA Bt B s

4 AN

conv_pool_1 = paddle. networks. simple_img conv_pool (input=img,
filter_size=5,

num_filters=20,

num_channel=1,
pool_size=2,
pool_stride=2,

act=paddle. activation. Relu())




F— 1'CNN

&) @ Al DISCOVERY © 3 (&3

conv_pool_2 = paddle. networks. simple img_conv_pool (input=conv_pool_1,
filter size=3,
num_filters=50,
num_channel=20,
pool_size=2,
pool_stride=2,

act=paddle. activation. Relu())

il

Hk

v R aeEEREE
Stk 45 R )3 — R R 5 A, B VA% Softmaxift & & 3

rwf - L) il e = ot ity A - A [ — el r f [ | f (T gL} e pip i A
& e e e T s R T e i s e L gy = ' s W el i B g ' e AN iy

M X A e B 2.(_.'.' =L i o T ! A Fal e L -3 -..'.. f qL Ll

S T S P

predict = paddle.layer.fc(input=conv_p001_EJ
z1ze=10,

act=paddle. activation. Softmax())

O
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F— 1'CNN

# a:a:a:::-‘.:z:z:z:z:a:a:z:-‘.:z:z:z:z:_-’?-_.—'_.R e e v P éﬁiﬁ}iﬁiéﬁ = 3L
def get trainer(self):

& SIRAHH A AR 5 Fo W 253 b 69 E R T

out = convolutional neural network()

label = paddle.layer.data(name='lahel',type=paddle.data_type.integer_value(lﬂ)ﬂ

e ] FF o s
T OQAAA LN A Y HA

KE)FRRACH 5B, BREREL,

cost = paddle. layer. classification_cost (input=out, label=label)

& PR AR 2 H Fo By 4 3% ik a9 AL R EE, BT & XL
prreneters = paddle. paraneters, exeate (layessmeost AL, B SRR S st

AKX ANE T B RAL D] 25 &

optimizer = paddle. optimizer. Momentum(learning rate=0.1 / 128.0,

momentum=0. 9,

regularization=paddle. optimizer. L2Regularization (rate=0. 0005 * 128))

w S =t B~ Ly A we AL LTS = s (R I el

trainer = paddle. trainer. SGD(cost=cost,

parameters—parameters,

update_equation=optimizer) OVERY O—@

return trainer



def event handler(event):

lists = []
if isinstance(event, paddle.event.EndIteration):
if event. batch_id % 100 ==
print "\nPass %d, Batch %d, Cost %f, %s

event. batch_id, event. cost,

-~ g (
event. pass_id, event. metrics)

else:
svs. stdout. write (" .

sys. stdout. flush()

if isinstance(event, paddle.event. EndPass):

& (RIS 28
model_path = .. /model’
if not os.path. exists(model_path) :
os. makedirs (model path)
with open(model_path + “/model. tar”,
trainer. save_parameter_to_tar (f=f)

"w ) as f:

print "\nTest with Pass %d, Cost %f, %s\n~ % (event.pass_id

result. cost, result.metrics_

lists. append ( (event. pass_id,

result = trainer. test (reader=paddle. batch(paddle. dataset. mnist. test ()
, result.cost,

, batch_size=128))

"classification error evaluator’ ])) ®

Vo % ENHE
100/ batch#ir b — Ak B A £V 4% L

WARk, B—I%ERE, bS—tdH—

REAREG R K, SR L B 94T B

A F) B A AL LA B

v OBRAORA

BINKLERE RB-H

, ARARA—

result. metrics)
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F— 1'CNN

@ Al DISCOVERY @ @

g =+ 5 iy Ll g

reader = paddle. batch(paddle. reader. shuffle(paddle. dataset. mnist. train(), buf_size=20000), batch_size=128)

trainer. train(reader=reader, num_passes=100, event_handler=event_handler)

v BB 4R A
v Paddle-paddle fEreader ¥ & AR IEIEG 7 X, QIFXELZF X6 K]

vV OXEZRRAMIBERG T X, SPR128KA%K

v' 3 f trainer.train FF 45 | 4R it A2
vV KBRS FEERELE, —HA1005
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F— 1'CNN

@ @ Al DISCOVERY @ [

def get_TestData(self, path):
def load imagesz(file):

=~ > Pl ALt

im = Image. open(file). convert(’L")

vV RIARA T AL B

wxr J Fpl e ol L1 O T .
e A RlE i s 2 fo= AN

im. resize((32,32), Image.ANTIALIAS)

im

T B2 3 K HIE 6 4L B im = np. arrayv(im). astvpe (np. float32). flatten()
im = im / 255.0

RGB % 8] 2 Grey = ] .
return im
B EAR R A 32432 Ko test_data = []
;}%_4%%{.5_}\}\[0, 255] #: 3 3][0, 136 B A test_data. append((load_images(path),))

return test_data

@ O—@ &, @ Al DISCOVERY O



F— 1'CNN

& @ . oiscoveny @ ) @

class TestMNIST:
def init (°~ f):

el =y Fir A / L H-'—H" - TRy Fr o

Eral = S .--__.-,-_ g L. » L T - = R

....................

F L A A A A A R R A A R R A A R R R RN FFFFFEFF

paddle. init(use_gpu=False, trainer count=2) o C
def to_prediction(self, out, parameters, test_data):

£ ke 7T 22 B ek e e e e e e e e e e srobs = paddle. infer (output layer=out,
def get parameters(self): _
parameters=parameters,
- ” " 7 .
with open(”.. /model/model. tar”, 'r’) as f: input=test_data)
parameters = paddle. parameters. Parameters. from_tar (f) # G EEFAE B 5T
return parameters lab = np. argsort (—probs)
F kRt L A I print “HIMELE YN %d” % lab[0][0]

def get TestData(self, path):

1. %}\Xé"-’f% él] ii’(’_’;ﬁ}iiﬁ" EF ‘Lj’—fltiﬁ—i}i if _name_ == "_ main_
1L 'Liﬂx/'iXﬁ%é/]ﬁ\%EcM % t_est}v!I*IIST = TestMNIST ()
111. 'Liﬂi/ﬂ‘] ‘Lﬁ\ri}ijﬁ‘ out = convolutional_neural_ network()
ters = testMNIST. get_parameters()
v o3 ddle.infer #4771 M P
A }ﬂpa e.infer AT M test_data = testMNIST. get_TestData(’ ../images/infer_3. png’ )

v RG0nR ik %gﬁ;,:\)}%@ R e r‘] 9 %%@ﬁﬁ'ﬂj‘ﬁ 89 £ 7 testMNIST. to_prediction(out=out, parameters=parameters, test_data=test_data)
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AlexNet, VGG, GoogleNet/
Inception, ResNet
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¢ZHCNN
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Hubel & Wiesel

J AlexNet
LeNet
YIS R ETREH IR IBIIFTIIREE T
VGG NIN Inception V2, BN
GoogleNet

Inception V3,V4

Ba

ResNet
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ZHCNN

® @ ~ oscovery o—O—e
Hubel & Wiesel 2012 ILSVRCiZ# %24
ZF Net, 3T AlexNet, 2013 ILSVRCHE £
J AlexNet
h AMNIST 445 %, LeNet
X A2 A TR FRA] #9CNN
TIPS IR ETREERINGE  BINFTEVIIRE R T
2014 ILSVRC, H4&ir sk 2 F VGG NIN Inception V2, BN
GoogleNet, 2% 21k % B 5Hr GoogleNet 2014 ILSVRC & &
5] 22 (Fb 4w object detection) b 2k R 4T Inception V3,V4

e

20154ILSVRC, = ResNet
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CNNZGIRZ
i AlexNet
i VGG

GoogleNet/Inception

ResNet

O




AlexNet

@ Al DISCOVERY @ (2 (&3
-.... . 5'..... - . ;Pr 3 | . L
\ 5
48 197 192 128 2048 204 \dense
5 27 ] ]
13 13
by = a,, -
N - iy -
224 5 - . o .
“’t}z_;_'- N 3| | CEE 13 dense | |densel
W 1000
192 192 128 Max L L
| 2048 n
Max 128 Max pooling © 2048
pooling pooling

HWAEE (hph227X2

EREAD 1111, HE A, FiKe | BRED 11X, #Eas s, e

PSR Crelu) POERE Crelu)

4k, Ckernel size=3, stride=2) fibfk. Ckernel size=3, stride=2)
FriELl

W {1 GPU AR UIER. BI3E 96 L.
St EE g Ao (227-11) J4+1=55, BJ55X55X96

SHSEEEE A ( 55-3) f2+1=27, Bl 27X27X96
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AlexNet

O ’ Al DISCOVERY @) ®—O 8]
— 3 - '}'.,' » o
5 .:.H. . : ’
- B — 55 2088 \ / 204s \dense
48 £
a7 128 T ] ]
5 g S
\ 13- 13
. e,
224 5 . Yis > >
i B s n
N 3| JiEE dense | |dense|
\ \ 1000
1492 192 128 Max - L]
Max 128 Magx pooling e 2048
hooling popling

BRBA/SXS, Bk 1284, HK1

HAFFIEEREY I 2 RE, W0 31%31

b S b O 31-5) J2+1=27, Bl 27x27X256
BoE R (relu)

S FrEBEE s, O 27-3) f2+41=13, B 1313256

k. Ckernel size=3, stride=2)
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AlexNet
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224

13%13 X256

224

© oe—O—o
.

BRI 3IX3, #E 1924, FK1

BRI I3, HE 1924, FK1
PSR (relu)
H#HRE R 3x3, HE 1281, HK1

Him R E Crelu)

it Ckernel_size=3, stride=2)

.-'---. 3 o T
48 197 192 58 2088 \ / 2048 \dense
: 57 128 — —
\ . 13 _ 13 /
ST 3} = | i - \
N TEE— 3| 13 depse’| [dense
3. 1000
192 192 128 Max L] L
Max A Max pooligg 2048 2048
poaling hooling

ERE N 3IX3, #E 1924, FK1

BIERE Crelu) PUER A Crelu)

BRBAD3X3, HE192 4, FK1
BuaRE Crelu)
BRBIDSXS, HE1284, HK1
BERY Crelu)

bt Ckernel_size=3, stride=2)

S KR IE gD R 1 MEE, WA 15%1s
SRR IEEE O C 15-3) J1+1=13, B 13X 13384

SAFFHEEESEY E 1 MEE, I 15x1s
YR IEEE g o (0 15-3) f/1+1=13, B 13X 13384

S KR IE gD R 1 MEE, WA 15%1s
S FRIEE G Aoy ( 15-3) f1+1=13, Bl 13x13%256

SRR IEE g Ay ( 13-3) J2+1=6, Bl 6X6X256

O

Q



AlexNet
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224

© —O

2048 MHE TG

dropout

2048 MHE TG

dropout

Max
pooling

) ;;"' .-‘-u".‘.x_q_b )
. ‘_:33;;3- — 192 192 128 2028 \ / 7048 \dense
2 1 A A ]
Tk 13 13
3} = A o L .
N 13 T defise | [dense|
T R
3| - 1000
192 192 128 Max
. 2048 041
S Max pooling  © 2048
pooling
2048 ’In?q;:'{__?‘_:i ;j-:- 4096 'i"?‘*ﬁj_ﬁ
dropout itk 4096 X1 M &
2048 /N T 3t 4096 T
dropout Stk 4096 X1 [ &
h 1000 X 1 (&
[} O 8] O ‘ Al DISCOVERY




[+
L=

dense

1000

192 128 20_8
AlexNet _ G
| s 3 - N .
@ Al DISCOVERY @ @ NS I I - ' 13 dense | |densg
) _\_- -
X 192 128 Max L]
Layer Output Parameters:s S-g'rié\ Max 78 Max pooling 2748
af-4 pooling pooling
Input 227%227*3 * &
Convl 55*%55*%96 (11*11*3+1)*96=34944 v Details®
MaxPool1l 27%27*%96 0 X
-4 AR
Norm1l
% — kA& AReLU
Conv2 27%27*256 (5*5*48+1)*128*2
data augmentation
MaxPool2 13*13*256 0
Norm2 dropout = 0.5
Conv3 13*13*384 (3*3%256+1)*384 batch-size = 128
Conv4 13*13*384 (3*3*192+1)*192*2 SGD momentum = 0.9
Conv5 13*13*256 (3*3*192+1)*128*2 learning-rate = le-2
MaXP00|3 6*6*256 0 L2 Weight_decay p— 56—4
Fc6+Dropout 4096 (6*6*128*2+1)*4096
Fc7+Dropout 4096 (4096+1)*4096
@ O—@ O @ Al DISCOVERY &) L
Fc8 1000 (4096+1)*1000
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AlexNet

@ Al DISCOVERY @ [ ' Q . o] d4]
[ T AL D\ /b \dense
v Group Convolution (4-4L5#7) : 5 o N . = A
= m 224 \ 5 Q 3--" ENE [ 3‘ B
Hi‘? th EJU _}.AleXNet H:ﬂ . \_2? | AN -” 3 15 13 dense
s N 153 193 128 Max L e
224 S]E"f :(?;Iing 58 :l?:”ng pooling 297 2048
A FRA TR, BARBRAE R ALAAE B — ANGPUBAT 4L 2 @
Intuition: Fefeature mapsy%4 % AGPU, xF % ANGPUR 4 £ 347884
v Group Convolution #9#+ 5 = 14 :
FHANGPUH I H A T E] AR A 891/ groups™2
#IKGPU R i+ 84 F B A1/ groups Input 256d Input 128d Input 128d
Input channel = 256, Output channel = 256, kernel = 3*3 3*3*256 filter 3*3*128 filter | 3*3*128 filter
T4 469 AR 256%3*3%256 parameters
o A 24069 B AR 128%3%3*%128 parameters * 2 Output 256d .| Output 128d | Output 128d




AlexNet
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v Dropout/?‘?l ¥ At A

a) Standard network

@ FINMEGEA, NETD ERERLET W%
Ry AU R 4G

@i)ll%ﬂﬂu)\ﬁﬁmﬁ, AT R G #EF . M

B, R SRdF e S

N
]
N7
e
AT

X

{ )
o

W
X
W
X
&

¢
%
K

NASF & 69 W 25, Dropout = 5] BF 9] -2/~ W 4
Zensembleft 5 FK MR LG —ANLML, M3 TAPEZR AT
BB IR A E MM, AR KWGIE At 200 F I T Brakid
A, ¥R T ZALR A
W
Always

Present with

probability p present

dl‘OpOth = 0.5 §i%f5\'ﬁ% , Flﬁj:ﬂaiﬁk& éﬁ )};{] gé(ééa‘:{g I‘{ai g (a) At training time (b) At test time O L



AlexNet
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Noop

v Data Augmentation:
WA B AT FILE R B
i%m?ﬁ%%ﬁ¢%wﬁ,qa$g@%_§£mm
WHE. Gk b

(2, 0,0 0) (0, 8,8, 0)

v m R RIER R XA
S AR LT .

eX e tafe B 5T STLE
ek (HHR )
KFEE. EAWHE
AL ss. MALERT (crop)

Affine: Rotate

Affine: Shear

https://github.com/aleju/imgaug

(4, 0, 16, 4)

(8. 0,0, 32)

(32, 64, 0, 0)

DISCOVERY



https://github.com/aleju/imgaug
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CNNZEHIIRER
i AlexNet
( VGG

GoogleNet/Inception

ResNet

O




VGG
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RS A NALL A

R0 & DB D XM RIG 8 5 KIRA B RA R KRR
NEBK: 33 AFLET. A4 TOREMA N R BRI RT
KA AlexNet 8 & > VGGRIRI9E

224 224 3 Z24 k224 64

28 % 28 x 512 TxTx512
;[ Pdx 1A% 812 | )01 4006 131 %1000

ﬁ convolution4 Rel.1S
r“ A max pooling

fully connected+HeLL

| softmax

ConvNet C anﬁg.urat 10n

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
mput (224 x 224 RGB 1image)

conv3i-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
conv3-312 | 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
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v Details:
3*3 conv-filter
conv-stride = 1
pad = 1, Same
2*2 pool-tilter

pool-stride = 2

ILSVRC 2014

B e e

Layer Output Parameters

Input 224%224*3 Note: RITEIRE
Conv3-64 224*224*64 (3*3*3)*64 = 1728
Conv3-64 224*224*64 (3*3*64)*64 = 36864
Pool2 112*112*64 0

Conv3-128 112*%112*128 (3*3*64)*128 = 73728
Conv3-128 112*112*128 (3*3*128)*128 = 147456
Pool2 56*56*128 0

Conv3-256 56*56*256 (3*%3*128)*256 = 294912
Conv3-256 56*56*256 (3*3*256)*256 = 589824
Conv3-256 56*56*256 (3*3*256)*256 = 589824
Pool2 28%28*256 0

Conv3-512 28%28*512 (3*3*256)*512 = 1179648
Conv3-512 28%28*512 (3*3*512)*512 = 2359296
Conv3-512 28*28%512 (3*3*512)*512 = 2359296
Pool2 14*14*512 0

Conv3-512 14*14*512 (3*3*512)*512 = 2359296
Conv3-512 14*14*512 (3*3*512)*512 = 2359296
Conv3-512 14*14*512 (3*3*512)*512 = 2359296
Pool2 7*7*512 0

Fc 1*1*4096 (7*7*512)*4096

Fc 1*1*4096 4096*4096

Fc 1*1*1000 4096*1000




VGG
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v Small Convolution filter:

FF A TVGG, Inception2 ™ #AF445 i % 3% i+ 1]

AlexNet f)] 2] — b 3 K69 584, thdell*11, 5%5,

Intuition: A EFFM K. HEME ARG EHA S, KA FIELSALT
B At L6938, dolTH 2480 % K69 B4R

Methods: 1 ] 2/4N3*3 69 B A2 Az 69 40 4t A 1 ANS*5 89 B A%

AR IE && S EHEAL
v R E IR
VA25638 18 49 [8 & ALY A )
2ANB*3 89 B AR == 1/\5*589 KA A%
2%3*3%256 params 5*5%256 params
3ANF 389 BAR A% == IANT*T89 KA

3*3*3*256 params 7 7*256 params

[
A ] ()
N
AN
0 Y v
===k
7 e 1 A
o 'y O
o i [ — |

Figure 1. Mini-network replacing the 5 x 5 convolutions. ¢
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Goog LeNet/Inception

e Al DISCOVERY () G @

Google#2 i dg AP Z W 45, — HEAVI-V4IE4N TR R 694 7

v &R T Inception£ 3k

A FAT AT % ANELA R ) RE 69 B A iE H bt 34k
B M BBK AR & RPHER— AT IRGFIER

vV R T KEHtrickd® & M AR

Bottleneck (H#0L37) : 1¥189 5A74%, #%NIN

1 ) 2B -3 AL GAPRK % 4 ik 4

fiv2¥ | & B Batch Normalizatdon (k)2 —4k)

A3, RAENHREREKEALZ

Fivad | 24 T ResNetd 49 248, & M Residual Connections %,
AP Re Ao P M SR B, R F KA MAHBLRS TH A

DepthConcat

Conv Conv Conv
1x1+1(S) 3x3+1(S) 5x5+1(S)

Conv Conv
1x1+1(S) 1x1+1(S)

DepthConcat

Conv Conv Conv
Ix1+1(S) 3x3+1(S) 5x5+1(S)

Conv Conv
1x1+1(S) 1x1+1(S)

MaxPool
3x3+2(S)

LocalRespNorm

Conv
3x3+1(S)

Conv
Ix1+1(V)

LocalRespNorm

MaxPoo
3x3+2(S)

Conv
Tx7+2(S)

Conv
Ix1+1(S)

MaxPool
3x3+1(S)

Conv
Ix1+1(S)

MaxPool
3x3+1(S)




Goog LeNet/Inception
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v’ Multi-size filters in one layer (Inception Block)

- 8 I T Inception-vl/GoogleNet

1 G0 B XM %, B — /AR89 588
VGG & R AL R 3389 B
Intuition: 42 AL B #9 E K £ 7+,
1% 45 T B} RO B9 AR 25 B AT R 5T ASF B AT 69 S5 AR AT
Methods: A4z i& A1, 3, 5, strideiX A1

T A% ) pad = 0, 1, 2 4R 55 1% 89 34 5 T e

1x1 convolutions 3x3 convolutions 5x5 convolutions 3x3 max pooling
26097 X0 fEdepth# & _EConcatenation ($Hf3)

A

BRS/HHFZL0

https /lunsplash.com/

Filter
concatenation

Previous layer

Disadvantage:

BB E WA ENEREEZ S — - ® _
G K6+ B % = BER A FAKT (a) Inception module, naive version
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Fil
v Bottleneck: ooncat;?\ration

- I F Network in Network T i e
3x3 convolutions 5x5 convolutions 1x1 convolutions

AR SRR NP G IR TP R E X S e conoatns : + +
Intuition: Network in Network P 1%1 &) K A2 4% 69 2 & ﬂ"ms e 3x3 max pooling

P s

T2 )R F 89 Inception 25 #) F o N1*1 869 A% 4%

Previous layer

v Botteneck £ 4 & 45 (b) Inception module with dimension reductions

Input channel = 256, Output channel = 256

Input 256d Input 256d

BARAE = 3*F*256 *1%32 fil

3 1*1*32 filt
7’2‘%’1';% 256*3*3*256 = 589,824 3*3*256 filter T nter
3*3*256 filter

EArkr s 1¥1%32, 33%256

HH T 256F1F1%32+32%3F3256=81,920 Output 256d L+ Output 256d o




£~ GooglLeNet/Inception

A5 AE B — B A AR B
Intuition: 4 #EELHEE X,
HFANRERE—NEREMEENGAEEE

@ Al DISCOVERY @ O D
\ ] Fully Connected Layers Global Average Pooling
v ’fi}ﬂ /i\/‘% '?*if] /&’/ﬂﬁ GAP’K 7%\/3\35%% . feature maps / ] output nodes feature maps output nodes
%A & 4 BT VAR TPAR 22 1 449 20 KM 4L, | Ppemacid,, © 4 77— 0
layers @) 5 —> 0O
_f ¥
averaging

§| .

concatenation

Methods: 4 &) -F#) 4k Global Average Pooling
) . Conv Output 7*7*512 Conv Output 7*7*512
KRB EE
7*7*512*4096 params 0 params
T A% AL B AR K 9 4 IO parame l o perams
Disadvantage: FC Output 100 FC Output 100

THE 2 HOK Sk R 1R

GAPA ¥ = (HHE=) 4

-~ -y <
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v" Batch Normalization ($#t)2—14k) :‘ . J
- 3 F T Inception v2 0:, e a - e
WEEhgTAEF, B EMAN I —ALETK 2 0.4 \
FIINARXZAEHF— EE N MNGH, 23
25 HR G4 IS EAY 2 Bty B & & 5 5
SR R B A 2 Y WA AL 89 AR R B LA N\ e
ey S W T & 0 B
k= 68.3% —3)
Intuition: &9 %1342 P 5247455 — B oy A\ -— ;;2:;5 —'“’ .
Fo ) 3| P B AR A9 A8 ] 69 5 WA 4 i
[ & 1 B AE A b f 4w 22 ) K 8069 2 & -
T VAW A iH % SR M 05////f#”—
T VA A )| SRik B / flommsren
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ResNet
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/f/%l éFk %/% H:', éﬁ ;fEF' % m éé} : CVPR :l;’, #_ é’,] I}%\ /B]-: ‘I«/t} i method top-1 err. top-5 err.
VGG [41] (ILSVRC’14) - 8.437
GoogLeNet [44] (ILSVRC 14) - 7.89
v &R T EF Bt VGG [41] (v5) 244 7.1
Fe 507 2 T 259 4500 8 A F() sk -
;‘,;]’&va 'E%Hgi%}é‘ : 7 2% & é’%i}l] %L_ é‘? t@é}i}zﬁF(X)‘i‘X ResNet-34 B 21.84 5.71
ResNet-34 C 21.53 5.60
ResNet-50 20.74 525
ResNet-101 19.87 4.60
VEH NA XA G E R MLE, 48 Y T 2ESxEHS ResNet-152 19.38 ®

GE, IR ERAFRX), FRAEHRKST EMHRAHKE

B oA 3 b 6 R AR B £ T ResNets @ [LSVRC & COCO 2015 Competitions

X 2 E 5
¥ * 1st places in all five main tracks
weight layer * ImageNet Classification: “Ultra-deep” 152-layer nets
f(X) 1 relu < * ImageNet Detection: 16% better than 2nd
weight layer dentity * ImageNet Localization: 27% better than 2nd

* COCO Detection: 11% better than 2nd
* COCO Segmentation: 12% better than 2nd
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v %A#ﬂﬁ]/ﬁ?}i@é&éﬁbbiﬁ ('i’}]lgﬁzﬁiyg‘\j}:__j}—@)

B

training error (%)

a0
Y —_—
\/\ =
fa e
\\_ —
% 10r
S6-layer
|\x\ &
. 20-laver
e \\./"H-__r}_\.,'
1 1 r E 5 9

56-layer
20-layer

¥ i
iter. (1ed)

1 2

E i
iter. (1ed)

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.
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Revolution of Depth

‘ 152 layers \

357

ILSVRC'15
ResNet

16.4

117

‘ 22 layers H 19 Iayers

\67

28.2

ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12 ILSVRC'11
GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)

ILSVRC'10
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Aspect 1: S ¥ i g, ¥ e L
B , Brakitind, MakAp I K FA
Aspect 2: B KT fe % 69 By b3 h
v' AlexNet:
Group Convolution(440 % #%), Dropout, Data Augmentation (L4738 5% )
v VGG:

L, B

v' Inception (Google-Net) :
Bl — B4 B % ANE A 69 E A4, Bottleneck, Batch Normalization (4ib)2 —4%)

v ResNet:

skip/identity connection %% % 9 5] N\ o O
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