FULRFHENFRMAREATLERNABRARRIIRE

ATHEMLE CGREFES])

E I &t
http:// www.isee-ai.cn/~wangruixuan/

SR ERSAHITE
==y HEBERERE

FRR: ZPPTRHAERER, WA THAEMERY. BTHEEREE, FEERE

RAERELL, MRFEAEERBHLE, KIPEIFHE at wszheng@ieee. org. >



2 What: ‘
hat: AR M@EZY

2 Wow:

oW : ﬁﬂ%ﬁl,

2 Why: AE 2R

m - ‘
Where: L_ﬁﬂjm B

0 Whoops: IRARBEZUA

a While: TWEXRAMS
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EBXI5AIHXE
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b REFEIEZRASE

BT

\

Deep Neural Network

(Pretraining)
Multi-layered SVM
XOR Perceptron A *
ADALINE (Backpropagation)
A A
A
Perceptron
Golden Age Dark Age (“Al Winter”)
Electronic Brain

1960 1970 1980

5

p - [ § 4 -
D. Rumelhart - G. Hinton - R. Wiliams V. Vapnik - C. Cortes . Hinton - S. Ruslan

B. Widrow - M. Hoff

S. McCulloch - W. Pitts F. Rosenblatt
X AND Y XORY NOT X Foward Activity > “| . 7 5 g i ®
o, L L P Ep_ -
ﬂﬂﬂﬂ .. P & ; - . . -
o —— . C— | —
+1 +1 -2 +1 41 -] ° - Ei -
/ l x/ ‘|’ \ )l( @—— Backward Error
« Solution to nonlinearly separable problems  + Limitations of learning prior knowledge * Hierarchical feature Learning

« Adjustable Weights * Learnable Weights and Threshold * XOR Problem ; ) ;
« Weights are not Learned + Big computation, local optima and overfitting * Kernel function: Human Intervention
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BHRELY  REFIMAENETE

0 REANERE, BREETE!
0 BEEMARNTHSAR!

Yoshua Bengio  Geoffrey Hinton Yann LeCun Jurgen Schmidhuber

Turing Award 2018 LSTM, 1997
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R E LY

S+ 4?
RS T T4

L

i}
o \Ig
\
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R EY)  ERRZES (FHEHD

0 [E]Y3 (Regression) {£55: “BiEBSTNAE"

F—L: BR y=fx)=wx+b

E=2: FADIHEARESH 60" ={(w",b"}

D7



B LY Eﬁ@ﬁ&zﬁz% (=B

0 [ElY3 (Regression) {£55: “BEEBSFUNAKE"

Weight (kg)

160 170 180 X
Height (cm)

RN . B FUN YA E S UM AR E R T g !
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BHRELY  ZERRZES (RH)

O #angin: FEERE (RE) BFNhEER =R/

|
mein L(O) = NZ’F?

1 N

SR (RY) RESH = &UIRKEKHL()

FIMH4: RENRESY! MEERERTHE. .
5% GAAN) S5HE GAt) ZEEmEsR!




BHRELY  ZERRZES (RH)

0 2 (Classification) 1£5%: “FEAREKFIRF]”

Probability Class
SUPR
0.005 0
0.002 1
0.001 2
‘ 0.93 3
% m=) | Classifier | ™= |5 001 4
o 0.005 5
0.003 6
0.001 7
8
0.002 ) 9

BA—MRAEIE (RT) , BETNZIERET S —KEE

AR SRR W AT !
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B EY . BERARAZES (RHED

0 BRI SRR S R — N SR E ST
R, ¥, = (x5 0) = (9i1, iz, - - -, Uik )
A Yi = (Yit, .-, ¥ix) = (0,...,1,...,0)

O WA AR RRIERI? Cross-entropy loss!

K
> yirlog
k=1

K
= = yirlog ik
k=1

1

D11



BERELY:  BRRES RHD
0 SERESHBRRANL

N
1
min L(@) = — [(y;, f(x;;0
1O = S fx0)
1 N K
— __>4>4yzklogyzk
1=1 k=1

SR (R RESHY = &MUIRKEKHHL()

FIMt4: FRENRESY! MeERERTHNE. ..
Bl GaN) S8FEH Gald) ZErERXHR!

P12



BEMEL: FIHA

FIH4?
f
RE| | ES

F—F%: BN — B — B

FINERFTRMATHEHAIRER!

INRRFH— P EFREFER,
?S%%@@(&%E”)WE%%W!

P13



BEHREmL: RE/ R

eIt iRE (R 7

|

IIllIl L — _Zl YZ7 X279))

__> >jyzklogyzk
1=1 k=1

D14



H2E 4R R B 7

min
e

B|HMHELY: Afta

JeelT{LIETE (universal approximation theorem)

(Hornik et al., 1989;Cybenko, 1989) : —"WEAL
HEMENRET BB ZHEESEIT, BILULMERH
*ffitﬁ%@l&@—/l\@iﬁ (BT LARERREZS8A
-FHXR) .

8 22 ERIMREE M3 LU R R M 25 eI LA BB / DT
R EEREERENRE, FEMEREET!
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BHREY LS ERMEMLE
1 BELEERE ML

Input Hidden Output
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?%?H@ém%‘ EREEEBEWLE
0 EEEHENZPENEZ T

2(x) = Zwixintb:WquLb 0 = {w,b}
fx) = |g(z)|=g(w x+b) B S
AUE R
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BHREY LS ERMEMLE

0 B IEGRERE

S-S S S

Sigmoid tanh RelLU Leaky RelLU

1 : ( ) z z>0
— . max(az, z
g(z) = tanh(z) max(0, z) HE D) z<0

AT L TR ERZ?

1L P LR R AAE LR 2, BEM AT L
REAEERBEE RIELME X R

P18



BHREY LS ERMEMLE
0 FRLEEE ML,

1E5 L BB 1 & 1

blh

v
x1 \ Zlh h1 |
X, g
|| W 5

b;’[ :5—)’ I

h i

Xt Zy Ny
X z' (x) h(x) z°(x) f(x)

|

BERTAEE P EbEsgsgaE?

P19



EFHRLE

121b - 3

2 E

O R REERTARE, TEHEEG/ N/ XARFHIE?

O LAAT: Wt ESEN IR IEEUFIE, ELAnSIFT+Bag of Words
Ba-AT®IT. SENMES KK, fJeeiRiEERYHE

0 ERALBEIF SIS E £S5 KRVHFIE?

s |Low-Level
Feature

Mid-Level
—

Feature

High-Level
—_ —_

Feature

Trainable
Classifier

b — tnfATRER ?
) ; A A

I
EFHIR(E!
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BEMEY : FR
ENBERSERZ AN—MIRE, ERAB—IEH

o) = [ fglt-ra
BT SR,

(f*g)li] = Z flmlgli—m]= > f[i—m]g[m]

m=—aoo m—=—aoo

LTt g (m) REM € [-M, M] BHIEE -
M
(fx9li] = Y fli—m
m=—M

SN BRI SRS
(f=g)li,j] = Z > fli—m,j—n]glm,n]
—M n=—N

D21



i EY) . &R
0 EGHEIRE R 2 — N B SR

J1i, Jj] glm,n] (f*8li, /]

I E13# (Kernel) YF1E[E](Feature map)

D22



fEfbmyy . &R
0 BRMEKRE BIF) : A/NHSCHIIN. 3x3EIBIL

|

i (HFEED Padding: FHINIB 4N E,
T A== | R~F EERERSMART—H

p23



BRI ERE

0 —AETRAS S ERRE, RS MHEE
0 SREAY RURERNE) EAT—EREMMA

28x28x3
24x24x4
/ Questions:
5x5x3x4

B ERRIVER?

SRZBIER S

NIEI1EZ] (Channels)
/ . HNEF Y
T YSIEE]
SN v
SiZ(FETT)
NEERISE]
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BHMEY  ERENS EIFE

0 AR SRR XAFE?
o WBMHFEN MNEAREFRXE (KRTER%Z? )
o BXIFFIEREZRAT (KRTERZ—ARITHATI8UR)

0 A EANEMERZR T B R EUE X4FE?
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B EY . EFRFStride

0 ATRBUEXSHE, FER/) (RE) FIEERSY, AR5
(&) ERAMERERE

0 Stride: EIRFAEPESRZEXN THEE SR BB S
0 AT ARURCNFIEEIRYES B R ST

— HRER

Stride=2 BTHYEFIIRIE

P26



49

~

BwHRELY  EREML

0 it (pooling) : REMFEEIXI T AZT (AJEE) HEP
5, T EEBXIECKES R A E L

0 BB OFHER RS GE

X]

1112 ]| 4

max pool with 2x2 filters
56| 7| 8 and stride 2 6 | 8
3 | 2 3| 4
1 | 2

D27



B LD : EIRIHZ I LECNN
0OONN: B4 (BREHHERED +SIUh 2IEEE

Conv | | Conv FC +
N 1 — — 00 —p —
+RelU | 1 POOlME T 4 RelU Softmax |~ OUtPut

{ TS I S O |

Input —

Low-Level| |Mid-Level| |High-Level Trainable
Feature Feature Feature Classifier
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B L) : RE =] (Deep Learning)

0 RKET : NEEHZ
0 “F37 s FIABEEINEGNLE, KEIENERZNRESH,
LI B iR BN S {ESHHRBISHE, Bl “45E=xS)”

0 BYERZ (B0 AEAAEITR, MEZBaiESIaY!
O HMIANmeERRHIE, BilmaeTulER, PEEIEEEREaNME
(A ARBHHHERIER) , T “igZElig=z>]” !

0 RZ&: FIFHA-HILHXR

a8 Low-Level| |Mid-Level| [High-Level Trainable
= — — —_—
Feature Feature Feature Classifier
4 A | Y

P29



*‘%?Hf',ll_,‘ 1H] é&‘

: REEANSHHAIRER!
wirgmn FIMTA? — &EEJ'ﬁE&*E?&E’J#—iﬂIE'
e ‘ REL (1RE) RIRIESEL

i
E
\Y

P30



WA E LY A FE 5]

0 et R ERES VIEREE | | HEESH
1 b
min L(0) = — » l(yd f(xi|0)
L) = x> (i £{xi:(6))
| N K
= —Nxxyiklogﬁik
i=1 k=1
SRR (B RESH = s/MEBRKERHLO)
T
BEE T FEA !

HT)I|5EL

&, BUEE NFEARIMIRKREL,

LA B S AERIRRI S 4L
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BRI LD : AN 2 3 %7

0 BETEEDR

L(0)

=R BB B RMEL?

BEfRFENE BRI MAIEE N EaE R F R !

11455

M (L

MY, Dropouts) 1RFHERIRGTRMIMAS
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REFIRALE

WA = 2% 1!

Mt
i
M
it
L
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BRI E2EG D3 AlexNet (2012)

0 AlexNet: CNN, 5&IRE+3LHEIERE, 1000KE|1& S
O DEMEETABA TR A0S 2 NS+ 2R 4y 2 58

O MIEREE S S TG AR R A SANET !

224
55 dense dense
& 13 13 13 dese
1 55
5 3 3 3
/] A A v A » —> —>
11V SI) 27 313 3 13 ] 2T
384 384 256 1000
224 256 Max Max 4096 4096
%6 Max pooling pooling
oolin
Stride Pooiing
3 of 4

x: BTN ERERL ZEEEBReLUFER

P34



FHIRELE 2 E 5538 : VegNet (2014)

0 BEZERE, B1MERHRKRNA3NS
0 BRHEE, BRERTESFRNBA-ELXR

224 x224x3 224X224X64

112X 128

%x%m%
b 28 X 28 X 512 TXTX512

|14><14><512 ‘ 1x1x4096 1x1x1000

@ convolution+ReLLU
max pooling

@ fully connected+ReLU

@ softmax
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R ELEE 2 [Fl15 93 35 :ResNet (2015)

0 FFE: 56/ECONNTTREB[HEIUILE L7 RixEKT20EC0NN K27 !
0 AR MRKR (BEKRZE) , BETUZE (ML) !

(%]
(=]
1

20r

= o

= 3 56-layer

@) ~

B 10 S of 20-layer

= ()

R S56-layer =

g A

) 3

= 20-layer

% . 2 3 r 5 6 % i 2 3 r 5 6

iter. (1e4) iter. (1e4)
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R ELEE 2 [Fl15 93 35 :ResNet (2015)

D 5&% ?$ gé Im z% ( R e S i d u a | N etWO r k) V(?m(:e19 34»Iai\::;plain 34»Iay:’a;esidual

output
ool el

0 fFETA: Skip connection

e

[ 3@conv, 18| [[Hconves, 2| [ miconv,64,2 |
v v v
output pool, /2 pooi 2 pool, /2
see:S6 Mo, 256 | [ 3domes | 33 conv, 64
v ¥
[ 33conv,256 | [ 33conves |
¥
[33conv,256 | [ 33comves | [ ]
2
x [ 33conv,256 | [ 33conves | [ 3Gconves |
¥y ¥
[ 3acomes | [ 3a3conves |
A ¥
[ 33conves | [ 33conves |
y_ 0 ¥
N output pool, /2 [33conv, 18,2 | [(3a com',:z-s, 2]
: ¥
: 3,3 conv, 512 33 conv, 128 &
weight layer .
L2 v
[ 3aconv 52 | [ 3a3conv, 128 | [
2 ¥
[ 3@conv512 | [3ccomv 128 ]
[ ] [

v
313 conv, 512 33conv, 128 |

x 33 m!v, 128

F(x) lrelu

33conv, 128 |

weight layer

[
4 -

Identlt [ 33conv,128 |
y e 1 podl, /2 [33cony, 256,72 |
[ 3acms2 | [ 3eom2% |

Y 7
x [38comsz ] [ 33conv,256 |

| x k2 2
[33@cnv,52 | [ 33conv, 256 |
[ 33conv, 52| [ 33conv, 25 |

33 conv, 256

v,
¥
[[33com, 256 |
L7
[ 33com256 |
L7
::xz:u; pool, /2 [(3@cnvs512,2 |
H(x) = F(x)+x S
v
[ 33cnv,52 |

Fx) = [HEx) —x =

e fc 4096 avg pool

RESIdua| | ::I:: ] ——




T B2 El% 53 ResNet (2015-2016)
0 7E10002E R4 2 EE AT A BRI !

ImageNet experiments 28.2
‘152 Iayers’ '

\
\
\
‘ 22 layers 19 Iayers I

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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HIER B B9 EfficientNet (2019)

O hEIEINRENRE. BE. mARY
0 EfficientNet BO — B7: FREY R <& 0
0 SResNettt,: o3XEER, RERSE/V/IEEER

——
#channels , , 5
——————————— --------- wider meemmeeo } ——
. . deeper
deeper
—_— | )
<---layer_i F
: "+ higher —,--higher
} resolution HXW L _.__resolution e _i_resolution
(a) baseline (b) width scaling (c) depth scaling (d) resolution scaling (e) compound scaling
EfficientNet
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FHIRAL B EIRIEBN 7 E

0 EBRIEXTZE]: KRG EI AR X
0 Bfr: BRI MERERITRE

P40



HIRALFEZEFRIEXTE

4
4
4
4

pEIREEL: KNSEA—, BERFTXEXRENIH
MEES TEMRERTE—XAM=E

kex: ZEEREEE R T/N A REE

B FERM EXFREREREHRTEASWMA—
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HRALZFZEBENTE: &R

1 Deconvolution (REFR) : AR EREE
0 StridefPaddingf1EA SEHERENERJLFEHER

4
(£REB)

WA
(B5E8)

Stride=1 Stride=2 Stride=2
No padding No padding Padding=1

D42



BIRALFZEIRIBN 7E]: FCON

0 5% (Fully Convolutional Network)
0 5K JRiBEy (BRRE) vFEss (EHE)

7

A » /7 Cchannels Stride=2

v 2x 1
0.5x C,j C channels Kernel size 4x4
o Stride=2
C channels 2X Kernel size 4x4
0.5x C channels
[T AT
0.5x Cchannels
.| g Stride=8
/ O-SX/ 8x Kernel size 16x16
10.5x !
/ // C channels /
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HREALEZ 7811 . U-Net

0 U-Net:FCNZi#thR, ZE EREFBEPRENTREBERNER
0 EXR#HFHRERRES T EZEGETEENAEEXBVYFIE

1 64 64

128 64 64 2

input

image output

segmentation
map

\/

388 x388 V¥

4
\

390 x390 ¥

— 22392
388 x 388

572 x 572
570 x 570
568 x 568

' 128 128
256 128

- B

OFI':I?OI =»conv 3x3, ReLU

2842

copy and crop

CE § max pool 2x2

4 up-conv 2x2
=» conv 1x1

| LV



HiIRAL B
0 % MERRRME CRESE) WIRMRE, A, %8

— R 57 8 25 SR BERAE S5
—%: RETHEMNDHRE GIE)

+: [{EH NI X AR LR
NEAER NERLE I

L £ -» I eSS
DOG DOG, CAT BlVAES GAIELLFR)
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HRELEZHIREM : R—CNN
- Region-based CNN

o E—i: HARECANEMAKIIABTENDERE
o WTH: BT XEREIGREEEHS LB EIHER

Classifier head
(FC + softmax)

Regressor head
(FC layer)

input image region proposals 1 CNN for each region
~2,000
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EEELEZ B : R-CNN

0 AR X I IR s El R R TS 2
0 MEGHSHITERENE, E—CNN#HITEZIX!
0 FHik, ®WANEERS!

y N
feature
feature
; feature //:iifk—~
eature
y 4
End-to-End
training
CNN CNN
CNN ,
pre-computed I
Regions-of-Interest mp .5.\—*_. .
(Rols) r—— g
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HEILEZBHFREM : Fast R-CNN

0 IERRE: FREMNYMEXBNERERL CFHEED 52
0 X—skE&R P AR RERVIIE RN, EIRRIERWHIT X!
0 RARNR Y #M R !

O
pre-computed
Regions-of-Interest mp
(Rols) End-to-End
training
shared conv CNN
layers /
4 -
LT jl.,_‘;
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HIRELE 2 BHFs#M : Faster R-CNN
O H—SE: RIS — T RIERPNS I AT AL A X

proposals/ / /
RPN > :

Region Proposal Network L2\

feature map

CNN
y /

P49



HRILBEZBFEN: RARNEE

0 $HEEFIEMLE (FPN) £ G R E /4 EE BN B i

(a) Featurized image pyramid (b) Single feature map

' > predict
:
—

/ 2> [predict

(c) Pyramidal feature hierarchy (d) Feature Pyramid Network
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WHEERIES

0 ETEARE, EHREZRIRNGE
0 NAITZ: BURE, SFERER, 2R, NiBERE
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BHEELSEZGAN: HiaiRE!

O HERIITITLEGAN: AR ESMNZEG + FI| 5l 2FMLED

0 D RBIE: FIRP RS E RS E NIRRT BB EST
o MEERE, FEEEMNEEREILFASFHIHALER
o N&EFIRZE, FERERX S ESLHIESE B

Real or Fake

*

Discriminator Network

Fake Images ~ | Real Images
(from generator) | | - - (from training set)
Generator Network

*

Random noise z
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BHETL S| ZGAN: #JHaHER

0 HARER# B SR 5 AR IR
Hélen rrlljaX{E;UNp log D, t] +E. p(z) [log(l — Dy (59%2’)))]}

= AE A [E& A1) 27 BUGANAE B Y2 HE ;
BITHEBRIRERES A RERIRSHEIR LN ESL IR

P53



BXSE 57 GAN: Conditional GAN

1 Condition ‘y’ {EA%E BESFIF B SR AN RY—RR 57
0 YAILERE, BAUEEGFEERNRT

Gscriminator D(xly) @ 5
(YY YY)
\
00000 ©0009
CleT Y Y Y Y .
: @
-eeee0@e00e

P54



BXISELEEZGAN: Conditional GAN

0 GCGANA T El&ERiE

Positive examples

Real or fake pair?

G tries to synthesize fake
images that fool D

D tries to identify the fakes

Negative examples

Real or fake pair?
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BXiSE £ 7 GAN: Conditional GAN
0 CGANATAEITheeRIE&ERIE: ER->%E; Zig—>E, F

Labels to Street Scene Labels to Facade BW to Color

o
Ik TR

input ' out input output
Day to Night Edges to Photo

input output
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HIRELEEZGAN: CycleGAN
O BB R TEIGER: FeE——REIISEEE (5E)

Paired | Unpaired
Li Y
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BIRELEE 2 GAN: CycleGAN

0 B FEEMA—1domainiz #E] 55— 1Ndomain, SAIGHBi% i
B2k, BRINEGRSREGRE—; A TGANIRE!

G G G
¥ 7N v x| [y ~__~| X NP Nk
l F l X Y X Y ycle-consistency

1 t \ *’Qx ..... " los
DX Dy l o

Leye(G, F) =Egrpya (@) || F(G(2)) — []1]
HEy i) IG(F () — yll1]
ﬁ(G7Fa DXaDY) :‘CGAN(Ga DY7X7 Y)

+ ALeye (G, F),
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HIRELEEZGAN: CycleGAN
0 CycleGANAH T E1& X185

Monet 7_ Photos _ Zebras e Horses _ Summer _ Winter

zebra —) orse

horse —» zebra

Photograph Van Gogh . Cezanne
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HIRALEZIFEL: ERmEms

0 HAEAE (Graph) ; MNATHIZMGE, HERR. 7 FEHF

® % ~ S e
LA 8% o
- (&) Re@“ Molecular or crystal structure
O HkE: A ALIRAELS L/ AN TR EEREE/ £
Original Pooled network Pooled network Pooled network e e

network at level 1 at level 2 at level 3

Output

. .
L L
. X . x°
® . ® .
° °
¢ ? RelLU ¢ P RelLU
e S I Pl e W
. ® e
.

Ying et al., Hierarchical graph representation learning with differentiable pooling, NeurlPS, 2018.
Kipf & Welling, Semi-supervised classification with graph convolutional networks, ICML, 2017 .60



BIRELSE: BB S ALTE (NLP) 1£55

k5T K
P =iy
MLEsEE
pARERLLY:
PR 88 A
WNGIES

NERLE

B [Eeaf-S T e O O O

TBINHZ 2% (Recurrent Neural Network)
Transformerf2&! ChatGPT
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BEIRELEE: MNLPEJCV

2 ViT: Vision Transformer

o FEGIIEIKEGRR, HRFII{EHNTransformerfi A\

Vision Transformer (ViT)

MLP
Head

 SO—

—

Transformer Encoder

|
i 06 8 5)

* Extra learnable
[class] embedding Llnear PrOJectlon of Flattened Patches

m ( S j i g
. AN . - . Syt
4 | E’.‘i““' itiers N (T i
TR l, v .lllll
| ==

Transformer Encoder

i

MLP

— N

Norm

Multi-Head |
Attention

[

Norm

Patches

Embedded ]

Dosovitskiy et al., An Image is Worth 16x16 Words- Transformers for Image Recognition at Scale, ICLR 2021 .62



BFIREL SR  BLIE AR AR IR A BR

AIES) . ZiE. WITREFSER?

FHEIRIGER: BFhm.. R
Source code: “Aiduaitt”
MmiekS): EUMEHBRE, FE
ZIAR: IEZHMtricks
S58MIE: L. itX

B R R e

2 + Zx
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L 4
1

RREZiR: AfraBBEEFZE?

EGEla=>

RYaEEE — | 35 FHREVEE — ﬁ'i,)Jg% — TRl

ATk, EE alllgRavEse
HerZ A

_JdllfﬁEl’J =G Iﬂéﬁﬁm
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L 4
1

RREZiR: AfraBBEEFZE?

o WEMEFTHES]: BIIFRESHEXIHE
o AERE > ZRNXFFE, EERIFLMEXRR

2R /32{EBI#F: BN,RelLU,dropout,skip, deconv, attention,...

A RINEIF?

W AR SRR S5

o NI

o MHEFIRE, Z&HIT

o 1RBVLEHIBIET: ResNet,GAN,Memory N,GCN,...
0

0

o

HAGFh: #1MR1k, Uik, LR, BHEEF3,
A S: TensorFLow, PyTorch,

MFIRD: T ABLE, ﬁ%,AA%¥

SRS ETT
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REF A LARREAAES T ?

BEADLXAIBE, HEEA A AR A7

REWEFGEENTFRMmE! FA5EE!
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%F?— S]H A Perfect

SR DEEAND?

EEAIEE > INFEARFS]

Kb — L;*/_\;E’k N? . .

?Xm%&%ﬁjﬁﬁ FAERER A2 >/'U/ II/— 2-—-j
FHSEEIFELR?

R ek . SRR R,
N '?{ ,L,\ / ‘? T

iz iz BREMMELT? | jeemmism

ERIMEEEAN? oo ar
e - FER AT AR

- B

TS AN EE

AR SR —

e O AT EER?
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EMRRG: MEERTREFES]

0 EZBFES (—RPE)
o EHEABUIEE LTNG—MRE (Ja57r2E8)
o REFRE FERED #7, MbinfASSEMESHEX
o FEIHBINERHIEE EXRRFITINEROE

0 EIBFIEEAY, AAENHTFENESE

1 A AERFEIEN?
o IREREATIREEY (ZGE, KD FHERBBESTFE
o FEEMIRAESHKLD, RIOITHUE
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4

55.@ ?‘ﬁﬁﬁiﬁlmﬂ'l'f ?133‘—5]
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He et al., “Masked Autoencoders Are Scalable Vision Learners”, CVPR 2022 .72
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Radford et al., Learning Transferable Visual Models From Natural Language Supervision, ICML 2021 .73
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Fixed forward diffusion process

Data Noise
Generative reverse denoising process
ﬁForward Diffusion !
- J
 EEm— Reverse Diffusion =
G J

Kreis, Gao, Vahdat, Denoising Diffusion-based Generative Modeling: Foundations and Applications, CVPR tutorial, 2022;
https://ayandas.me/blog-tut/2021/12/04/diffusion-prob-models.html
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denoising step crossattention  switch

Rombach et al., High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022
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T W S imagen e s S a——
Sprouts in the shape of text ‘Imagen’ coming out of a A photo of a Shiba Inu dog with a backpack riding a A high contrast portrait of a very happy fuzzy panda
fairytale book. bike. It is wearing sunglasses and a beach hat. dressed as a chef in a high end kitchen making dough.

There is a painting of flowers on the wall behind him.

Teddy bears swimming at the Olympics 400m Butter- A cute corgi lives in a house made out of sushi. A cute sloth holding a small treasure chest. A bright
fly event. golden glow is coming from the chest.

Saharia et al., Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding, NeurIPS 2022 .76
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