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R EY: REFEILZRHE

Deep Neural Network

(Pretraining)
Multi-layered m
A

Perceptron
ADALINE 208 : '
b (Backpropagation)
A A
A
Perceptron
Golden Age Dark Age (“Al Winter”)

Electronic Brain

1960 1970 1980 1990

D. Rumelhart - G. Hinton - R. Wiliams V. Vapnik - C. Cortes G. Hinton - S. Ruslan

S. McCulloch - W. Pitts F. Rosenblatt B. Widrow - M. Hoff
X AND Y XORY NOT X Foward Activity > . : : . : »
7 o D I IS SRR
ARNAR | = = =
Y X Y 4 X <@—— Backward Error
« Adjustable Weights = Learnable Weights and Threshold « XOR Problem + Solution to nonlinearly separable problems  + Limitations of learning prior knowledge * Hierarchical feature Learning
« Weights are not Learned « Big computation, local optima and overfitting * Kernel function: Human Intervention
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EHREL  REF IWRENETE

0 REANERRE, BEETE!
0 BEESEMARNMHSER!

Yoshua Bengio  Geoffrey Hinton Yann LeCun Jurgen Schmidhuber

Turing Award 2019 LSTM, 1997
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Deep
neural networks

Shallow
neural networks

Traditional machine learning
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Model performance

Simple statistical learning
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Data volume
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BHREY  BERRZES (RAED

2 [ElY3 (Regression) {£55: “BiHEESTUMAE"

B—L: B y=f(x) =wx+b
F0: WEHIE D = {(x,y)}

E=#: FMRADIKEREFESH 0" = {(w", b7}
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B L) : Eﬁ&&zﬁc% (/TPJ'IJ)

d [ElY3 (Regression) {£5%: “BIHEH STMAE

Weight (kg)

160 170 180 X
Height (cm)
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d 2 (Classification) £5%: “FEAREHKFIEH"

Probability Class
)
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0.002 1
0.001 2
0.93 3
% m=) | Classifier | ™= |5 001 4
- 0.005 5
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0.001 7
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0.002 9
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0 RENmESEEREEE— T ERESRES N
. ¥ = £(x;0) = (91, %i2, - -+ Yikc)
A yi = (Yit, .-+, ¥ix) = (0,...,1,...,0)

QO M ERPTEERTHEVERI? Cross-entropy loss!

K

1
> i log —
—1 Yik

K
= = yirlog i
k=1

(yi £(x:;0))
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=~ 2. 2 Yiklog Uik
1=1 k=1

SRR (RY) |ESHY = FIMUIRKEHL()
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BHREL: A

r2 R M EREL?

BEERLIEIER (universal approximation theorem)
(Hornik et al., 1989;Cybenko, 1989) : —\WEAL
HEMEINRER B ZHIREEIT, BRI LLUESHY
REREMET—MRE (BRI LARESRISZREA

BIHRR)

B2 RHIRZE

RECIR B 23 REIE LAE DRI
FTERERIREL, FEMREELT!

Zave N ==l
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Input Hidden Output
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BB EZ) R EEREM M4

0 RTEIERE ML thE MRETT

z2(x) = Zwixme:wTX—l—b 0 = {w,b}
: I
f(x) = |g(z)|=g(w'x+D) RIS
I
AE R 3
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BB EZ) R EEREM M4

0 BIAEER

1 1r 10 104 10;
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-10 10 1 —_ [ A 3
-10 10 - =y 10— b — 10
72-

Sigmoid tanh RelLU Leaky RelLU ELU

1 : ( ) z z>0
— Lo max(az,z
g(z)=1—=  tanh(2) max(0, 2) e —1) z<0
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BRI EY - BIENRE

O WM RERRIARE, LTEEZEGR/ NN/ XARFHE?

QO AT WITREEAMNEIESIZESFIE, ELAASIFT+Bag of Words
He- AT, SEMNMES k. AJgeiRiEERYFHE

0 ERAULBIFE IS EESHEHXAFE?

bl — Low-Level| |Mid-Level| [High-Level Trainable
N —_— —_— —_—
Feature Feature Feature Classifier
4 A »

1] g N 7’/,7‘5:}'\_ C— ﬂn 1ﬂj:l-EEﬂR?

I
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SRR E L) - TFhstride

0 ATIRBUENYFE, FERN RE) HIEERS, RES
(BR) ERRMERERE

0 Stride: EREEFERZB TFHIEE XS
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BRE L, . EFR AL

a 1t (pooling) : FEMHEERI T HE
o, BN BERXEKIE SR {E
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™ (ATER) &R

IX]

1112 ]| 4
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516 |7 | 8 and stride 2 6 | 8
3 | 2 S 3| 4
1 | 2
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B EZ : BRI LEONN

a CONN: %~ (ERE+EGERRED +Z it +2EEE

Conv ! ! Conv FC +
WE— i e — e0e —p —
+RelU | Pooling | +RelU Softmax Output

e e o o —— — — ]

Input —

Low-Level| |Mid-Level| [|High-Level Trainable
Feature Feature Feature Classifier
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B ELY : JRE S (Deep Learning)

0 RET - WMEREHE
O “EYY . FIABIEINGME, REISNERZNRESH,
LI B R EVS RS HEXAIEHE, B “4FEFS”

0 30ERER (B8 AEAARRITHH 2 B S
0 AR EFREHE, MHmETUNER, hEdiEEesil
(FRAANAEIHHEREER) |, Ay “imElimz " !

0 R EIFWMA-EEXER

i Low-Level| |Mid-Level| |High-Level Trainable
d ] ) L
Feature Feature Feature Classifier
4 A | %
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BRI BRI N AR ERE R FE S !
REUWE+ R E N A RE F R E AR NG H R ER!
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R EZ BRSS9 3 AlexNet (2012)
0 AlexNet: CNN, 5EFRE+3EEREE, 1000KE/& 57 3K:S
0 EMEEEBALE TSR EE NS 7 28
O MIEREZ I FRFEARH A GILEF!

224
55 dense dense
“ 13 13 13 dese
1 55
5 3 3 3
A4 A Y 4 4 > —> —»
11V SI) 27 3 13 32 13 3 13
384 384 256 1000
224 256 Max Max 4096 4096
% Max pooling pooling
oolin
Stride Pooiing
3 of 4

x: BN ERERD ZREEAReLURE R
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AR AL

7 E1& 53 VagNet (2014)

0 BEZERE, BTMERZEKNANS
0 BEREZ, SRR EEREA-MLERR

224 x 224 x3 224 x224x64

112 x 128

X H6 X 256
28 x 28 x 512

TXT7x512
14x14x512 1x1%x4096 1x1x1000

I I

@ convolution+ReLU
max pooling

@ fully connected+ReLU

@ softmax
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AR ELFE 2 El15 93 25 - ResNet (2015)

0 FE: 56R0NNRERANLE F 7 RixEART20=0NNST KRS !
0 WA MBXR (BEXRZE) , TS G !

56-layer

5=

=
1

=

S _

= S

: M

O 10} S Ll 20-layer
Y >

R= S56-layer =

8 O

E -~

= 20-layer

% . 2 3 4 5 6 % | 2 3 n 5 6
iter. (1e4) iter. (1e4)
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QO FREMZMLE (Residual Network)
J  flIFT=: Skip connection

weight layer

lrelu

X

weight layer

identity

Figure 2. Residual learning: a building block.

i
N
||

F(x)+x

H(x) — x

Residual

FiEE £ B {54 3 - ResNet (2015)

VGG-19 34-layer plain 34-layer residual
image image image
cutput
she 224
pool, /2
output
[ xdcomv12s | [ 7x7convea,2 | [ iconv.ea.z |
¥ ¥ ¥
CEh pool, /2 pun&,’l pool, /2
el Y T | [ socomes |
¥ ¥
[ 3x3 conv, 256 [ 3x3 conv, 64 |
¥ ¥
| 3dcnv,28 | [ 3aconvee |
¥ v
[ xdomv256 | [ x|
¥
[ 3dcomves |
¥
[ dcomves |
¥
pool, /2 [(3Gwmw 1872 |
output £2
ste:28 T o 52| [ 33,18 |
i1
[ 3comsz | I
v ¥
[ 3dcomvs12 | [3a@conw12s |
¥ k1
[ 3scomvsi2 | [ 3aconv12s | 33 conv, 128
¥
313 conv, 128 313 cony, 128
[ 33conv,128 | [
¥
[ 33comv,128 | [ 33 cony, 128
¥ —
O pool, /2 [acon, 5672 | o z6n |
size: 14 v v
[ 3dconvsiz | [ 3aconv,256 | [ adcomw2s6 | 5
¥ ¥
I [ 33cnv256 | [
¥ ¥
[ 3dconysiz | [ 33conv256 | [
¥ ¥
| 3dcnysiz | [ a3conv2s6 | [
¥
[ 33conv,256 | [
¥
[ 3aconw2s6 | [ 3x3 conv, 256
¥
313 conv, 256 33 conv, 756
[ 33conv256 | [
¥
[ 33conv2s6 | [
¥
[ aaconw2s6 | [
¥
[ 3aconw2s6 | [
cutput v
e pool, /2 e 3mn;,,512 [ [
[ 3@conv,s12 | [
¥
[ aowsz | [ dcomwsiz |
¥
[ 3w siz | [ dcmwsz |
¥
[ 3aconwsiz | [ 3x3conw, 512
¥ ¥
313 conv, 512 313 conv, 512
output.
) fe 4096 avg*pool avg pool
[ fc 4096 ] [ fc 1000 ] [ fc 1000
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PR 87 El{5 53 :ResNet (2015-2016)
O E1000ZE & LEE BT ALRI!

ImageNet experiments 28.2
‘152 Iayers’ :

\
\
\
‘ 22 layers ‘ 19 Iayers
' 6.7

ILSVRC'15 ILSVRC'14 ILSVRC'14 ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)
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FEIRELEE 2 E15 5935 : DenseNet (2017)

QO EZEFEZI80Askip connections

Dense block

Input

Dense Block 1 Dense Block 2 Dense Block 3

lw e ==

DenseNet— iR A EEKNZHIHE

Prediction
' “horse”
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HRELE 7 B8 42 - ResNeXt (2017)

0 Split-Transform-Merge: 72 EFR, BIFHEREEKR
0 [FEIHFEZRRE S, tbResNet 2 REE LT

256-d in { 256-din
—
256, 1x1, 64 256, 1x1,4 256, 1x1,4 | ia132| 256, 1x1,4
v v v paths v
64, 3x3, 64 4,3x3,4 4,3x3,4 soee 4,3x3,4
4 v v v
64, 1x1, 256 4,1x1, 256 4, 1x1, 256 4, 1x1, 256

256-d out

256-d out

ResNet block ResNeXt block
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R ELEE 2 E15% 5925 : SENet (2018)

0 Squeeze-and-Excitation Network: BN &FH Ew H im0 SEfRLR

= k=

e

S 2E, SEIINNEMSIEE

EHIE R EEJI(Self-Attention) 1!

|

F.. (W)

Fy Ix1xC

BTINTT
XX

7% A «

e

1x1xC \
Fscale ,)

>

w

C
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0 EREXSE: FEEDEI AR X
0 BHfF: BRIETMMBREHMX
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ARELTEZ ERIE X 578

pEIRERL: KNSRA—E, BERFTXERENIH
MEEE TEMRERTE XM=

ke : ZEEFRFRELX/NT/NTEABE

B : FERAMERFRIERERBERTTASEWA—K
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HRAZZEFRBENSE: RERH

0 Deconvolution (REF) : MAREINEE
a  StridefPaddingtIM{ERR SEGERENIERJLFHE K

Stride=1 Stride=2 Stride=2
No padding No padding Padding=1
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ASEL 552 ESE XL FON

0 ©5EFRMEZMZE (Fully Convolutional Network)
0 i fmiges (BRE) v1FEsE (REHE)

L F B_/jz C channels Stride=2
A 4 x .
0.5x /7 Cchannels Kernel size 4x4
[ A F-- Stride=2
C channels Kernel size 4x4
0.5x C channels
[ A D
0.5x Cchannels
/ at / Stride=8
: 8 i
y 2 5"/ . Kernel size 16x16
T0.5x |
/ // C channels /
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BRALE

],

2 1 IR EY

U-Net

0 U-Net:FONZ&i#thly, £ EXRMFBIETREMN FREFBERER
0 EXRFIETRE T ESHEGRETEENARERXFE

input
image

572 x 572

4
\

570 x 570

568 x 568

1 64 64

' 128 128

2842

128 64 64 2
olele output
segmentation
N O cof 0
s 4 & 8 map
> b >3 X
Sl S o 8
il ol ol ™
Zﬂa’lig

512 256

o[l?l?l =»conv 3x3, ReLU
- t Spult=

copy and crop

‘W R # max pool 2.2

4 up-conv 2x2
= cONv 1x1
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BRELEZ EIRIEX 578]: Deeplab

- Dilated (Atrous) convolution: EFZEHELT, BES5ZITMAY
HHEE ARG ZAEXE AT K TERZRT

Rate=2 Rate=3

.%.1.... I o 1 ] 1 6
| ‘ ‘

EEEEEEEEEEEEEE EE BN |

iJJiJHH | 1]
H l| | N N BN F
H N EEENENNEND
I | ll .|

111 0 I N T
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ARELSEZ ERIBN 538]: Deeplab V3+
0 EESHRENERBE, FEAHEIBEREREMRS

||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||
4 s,
o

[ (1xt Conv] —

3x3 Conv
rate 6

A
7
p—7
s

DCNN

Atrous Conv

3x3 Conv
< rate 12

—_—

3x3 Conv
rate 18

7z @
Image .
\. (_Pooling Y,

f Decoder ‘

U sam le

Fe atu res

m @ Concat —r@—r 3x3 Conv —>‘ Upﬁayrzple \

Prediction
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FREL Sz B
0 fES: MERBRNE CRESE) WANE. AN, KR

— R P RAERIESS
. KBRS GAtE)

 [(EHENEXE AR
HUHJJ‘EK IZNEAE I

: A = | SHAIER
DOG, DOG, CAT EFES GAHELFR)

5”&
‘%Fr

R

2

B
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BRELEZEHAFIRM : R-CNN
- Region-based CNN

o B—#: FMRAHEEEBRAEMAREXE TR XE
o BI¥: FETREXENGHEZERERNSLKZFMEIRE

Classifier head
(FC + softmax)

Regressor head
(FC layer)

input image region proposals 1 CNN for each region
~2,000
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FREL S BHFR4R: R-CNN

0 AIRERYHMR X BN R IR El &R P E THS 2
0 MNEEHRETEARQMNES, [B— 1 CONNIEIITZR !
0 Bk, RNEERS!

O
feature
feature
feature
| End-to-End
training
CNN CNN
pre-computed
Regions-of-Interest mp = i
(Rols) e ——— &
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ARELEEZ EHFRRM : Fast R-CNN

0 RERE: ARNMRXEBNERERLE GFIEED 52
0 X—iKERPFRA R e, ERBREREHRITX!
O RXKINR T R !

pre-computed
Regions-of-Interest mp
(Rols)

shared conv
layers

@ Rol pooling

CNN

) V4

Vo 27 4.7 e 4

e ———

T i e 1 3 AR

End-to-End
training
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AR AL

EZ BAR#M: Faster R-CNN

O =R FRIZ—F RPN 5 R GE YK [X 35

RPN

" proposals

Region Proposal Network AN

feature map
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HEALBZEFEN: EARNEE

0 FHIEEFEM LS (FPN) A B R E RVFIEE 220 B AR

> predict

predict
W

(a) Featurized image pyramid

' » predict
/

predict

I

(¢) Pyramidal feature hierarchy (d) Feature Pyramid Network
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HIREKIES

0 ETERHUE, ERESRIHEINERIE
0 MRz R, SERER, 2R, NgEBE
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ARELSEZ GAN: FIatERY

O ERAITHIEGAN: £ RKEEMLZG + F) 7l 25 MLED

0 BeURBAR: FIRFRIEEFIRTAE SR E I BUIE R B B BRI ESE
o MZREES, EEE':._BZEI’J;&TER;ﬁ#U%U S FI AN H B AR
o IMZGFIFNZE, FERESRXSESHIEBSEMBEIE

Real or Fake

Dlscrlmlnator Network

Fake Images Real Images
(from generator) | (from training set)

Generator Network

*

Random noise Z

| 0



BHEE £ GAN: 1i44ERY

0 BfRE# HSLHRE 5 R IR
I%ian r%aX{EmNPT [log Dw‘_il_] T ]EZNP(Z) [1Og(1 — Dw(l@ﬁtzj))}}

= BAEPEG I G BIGANE s B EHE ;
BITHERRERSRERERESHUNILNTESS R
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BIEE £ZE2Z7G6GAN: Conditional GAN

0 Condition ‘y’ {fERE Bias 0¥ Bl s N\ B — BB 5
a YAELREE, tAUEEGRFEEFRIRR

/ Disoriminator Dixly) @ I
ee000

. eeee® (@oo0w®)

Cel T YY Y Y
(XY YY)

_

- 00000 CO0000 -
o i %

| Iy



0 CGANAFE1&E1iF

Positive examples

Real or fake pair?

G tries to synthesize fake
images that fool D

D tries to identify the fakes

BIEE £ZE2Z7G6GAN: Conditional GAN

Negative examples

Real or fake pair?
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BHRALE

EZ GAN: Conditional GAN

O CGANATAN[EITheeRy E & ER1%E

Labels to Street Scene

input

Aerial to Map

EAORE; RiEOXY, F

Labels to Facade BW to Color

output

output

Day to Night Edges to Photo

output

output

| JoY!



HIRELEEZGAN: CycleGAN
O FEPtEIER TEGENE: NEE—XNAIIZEHE (AED

Paired | Unpaired
Li Y
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EIRELEEZGAN: CycleGAN

0 B BFEEGMN—1Ndomaindt #2285 —~domain, A5 Bi% it
o3k, BRAINEGRSREGRE—E; B )GANIRE!

G A G
¥ F
\/
l F l 2 ¥ X Y le-consist
rcle-consis tency | = S\ ﬂ\ ----- loss
DX DY 1 - ®

Leye(G F) =Eopy (@) 1 F (G (7)) — 2]|1]
—I—]Ey’\"pdata(y)[HG(F(y)) —yll1]
‘C’(Gv F7 DXaDY) :‘CGAN(Ga DY7X7 Y)

+ Loan(F, Dx,Y, X)
+ Aoy (G, F),
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BHRALE

EZ GAN: CycleGAN

0 CycleGANABFEIG X 185%#

Monet Z_ Photos

Zebras _ Horses

zebra —» horse

horse —» zebra

Summer Z_ Winter

Photograph

Monet Van Gogh
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[ ] 5# ‘%

Cezanne
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Synthetic
Residual
(red)

Ground
truth

EZGAN: B

Healthy images Images with certain disease
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AREL R Z FFHAREY: JRIGRNN

TBINRZ 2% (Recurrent Neural Network) :
ME{ER T —1ETZIR S ERIER A

FERTIB) 4 FE R A] 3 5 BB #H 1T o
RNNZ MR EHZNE A7

FEFZIEE

(owput ] Ty ] () (e

[Hid?en@ [ hp hﬂ1

2 ERY

Lot ) x| Lx ] [x
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BRALSEZFFYAREL: JRIGRNN
0 BESWIE TR

[YP}[Y}][Y%}

WO

w, W,
W ‘ ’Wh ‘ Wh
[ hO h1 hz sse
W; W,

W;

hy = g(Wphi—1 + W;x; + by,)
yi = o0(Wohy+ +b,)

g: BOEREL, o: softmaxiR#
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BRALEZFOIREL: [RIaRNN

O WIZRNN: L2 ERBE TMEZEZ (REERBREE)

0 HEIHASBRIAREENF S FIEERBEE R ERXR
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HRELEZ FHIIERL: LSTM

- Long short-term memory (LSTM)

FEHIC IC RS |

S | prak vl )
SHEENIEE

Wi {E R %D

Input gate  Output gate

~Qutput

FEHIC 12 Zm AR
=IREEREE

D73



O'(Wz,;Xt + U/,;ht—l + b,,/)

f, | = oc(Wsx;+Ush;_1 + by)
o | = o(Wox;+Ushi1 +by)
gr = tanh(Wyx+Ughi_1 +by)
. = hoc +hog] |
htI = 0; © tanh(cy) ‘
17 4 Bl A B
o i ILIZHpEER

HEE
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ARELTEZ FFIREL: HlagEF

O RIBE-FIDEAEA, MG (RW/LSTM) SHEIRAYaFHT
YD,

hy { hi™ [ kS [ c
 To [ r [ vy [ Iy
T 0 T E T E T E

wo ) wy  alme I'o les g chats
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HEE B ISR HIBDE

O RigEs-1EMEStEEY: | 1FEREES (B5—1RNN/LSTM) BT 4miSes
mERZIER ﬁ,ﬁ'uﬁh\iﬂﬂ%—/\ﬁﬂ

hg" [ ome [ [
L w J L= ][ = ][ =
| E | E | E |E
wy uy  aime I les g chats
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HEE B ISR HIBDE

0 HRADERIFERDERAREAY: | IFESSET E—RZFE SN L AR
/\)='1:. HU B bRt R — 817

I § T § cats
o) O
Wout [ ot Wout
{ hgee ]—: hiee ]— ha
B ) g
hg" [ ome [ [
L [ L1 : [ Lo [ L
e | B E |E
Wy ] wq  alme I les g chats
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AR FFIIREL: HlagEhF

g Sy SRR || e

o W&kE&E: { (FERF, BWREXNAF) }

o ISR #E: Cross-entropy IR BTN F— N RiR5 EfBERIFRY
TR

YA 2R - TR AL B AR Y TN
o FME E—RRIZ NN D AMER SRR (FR53) WA
o MHIEEIRIFZIFRSE S T, 2ABT T —TEZIEmA

............. cats

_________________________ M g BB R ARG
. BRERTIREL S
[Lo ][TE-'*’I][Lzl[L )
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ARELSEZFFYREL: ERE DG

0 hFRAEERENRIEEXSHER
0 ¢ RRFEESFFIHIHNZIEIENER

‘ N N | | A AN r < : {hl}
[_ C
| o
f(hU C) \
exp(c;) wAiE (&) |7 I

Q; N
'S expler) | | EEAS, TAR | mFEEAA0,
- BABEISS | jeEyEm s,

BB R — 2 4.
MBS T— TR, EEeg e o TR
HORRENE, EDERISTEA SRR AN
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HRALZEZFINRE: EENHLE

0 FUNE—T R IFEESETRERSmE SRR E IR Y
BERRTEITEES, AEATRENEEERBMAIFEES

I
.
ei = farr({R{"},0) | Yo
, )
N exp(e;) W
Zk eXp(ek) hde
0
Nl A

wy J wy aime (ny les w3 chats
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AREL R FFIREL: EENHLE

0 FME AR 1FEE E—FZNEERESRmESE R E—Z
RADIEERMEITEE S, &ﬁjﬁﬂw}:ﬂ’ﬁﬁﬁmn ISEOPNEEES

I like
4 N (
e; = f. att({hfnc}, hﬁ‘”) I Yo Y1

eXp (e’b ) Wout Wout

Zk eXp(ek) ec ec
. J \
21 = Z o h; E A
)

; —

wy J wy aime (ny les w3 chats
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ARELSEZFFYMREL: EE NG

0 FME =88 2

I like cats
enc decy [ h [ h [
€; = fatt({h@' }ahf ) Yo ) (5] Y2
. . w \
y
al _ eXp (el ) Wout Wout Wout
Zk eXp(ek) f hdec A - i hdec ) - i hde
\ 0 y \ 1 y | 2
72 = E a;h; )
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RELFZ FFIRE : BEHIE

0 Image captioning: H#—IREIR, A—alEmrEGHAR
O AIEE—TMFRBENEDRE . BEGENE NG
Q. FRIA, RRREBSHEENE/LF—R—F!

Vision Language A grou_p of people
Deep CNN Generating shopping at an
RNN outdoor market

o -
%Q i Q There are many
vegetables at the

fruit stand.
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S B FIIER . BEE

0 JRides YRR
o YmABEE: ONNAF{EiRHN=S B #Rim /25013 - RURNNSRED 25
o 1FEWET: SHEREIETHIRNN—F
o YmiEEREIE, RNZIFRSER

log pi(S1) | | log p2(S2) log pn(Sn)
/) ) ) )
*:%%:s P! P2 PN
T 1
”"E:EE
“'Elm
=gtz T 2 2 Z 2
L:E"mm I_ —_— I_ e I_ —_— 000 — I_
HE"F;"'!;! | | -l -
_%m
E-EIEHE
h;g:)—-u
(SR A A
& 1 1 t
'%‘ WeSo WS WeSn.|

t 1 1

image So Si SN-1

—

P34



HRALZEZFINRE: BEIHEE

QO FEAENINNEINEERE
O MESEFERAE G EE SINRIAYE B N A
o EEYFHEEKX/NR14 x 14, FRLAREBAHRBF1961 “words”

A
bird

flying
over

14x14 Feature Map

a
body
of
water
1. Input 2. Convolutional 3. RNN with attention 4. Word by
Image Feature Extraction over the image word
generation
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FShREZIR: AftABBEERR?

o WEMEFTWES: BIIFRESHERAFHE
o RERE > ZRXFFHE, EERIFLMEXRR

A2 RIEJVEREFIER A RINELF?

o RN#E

o BHEEIRE, Z&HIT

o FRBUIZEHIGIFT: ResNet,GAN,Memory N,GCN,...

o FRIR/3E{EBIF: BN,RelLU,dropout,skip, deconv, attention,...
o HIEQFh: ¥, Mk, mEkEH, @mHE=xEd, ..

o W&FES: TensorFLow, PyTorch, ...

o MHAIEF): TAZLE, =, TAMFE, SERHEEST
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