%4335 15 81/2023 £ 8 B/ ¥ ¥R

EHEREIK
KRG s P LU W 0 4
R, R

Pl R 2EIFEMLEBE, A T 510006

WE BEE R ALE R IR N T AR (AT B2 7 W AT 55 v 92 LT 30T sl B N 28 BE D A B UK T
SR, S T T S R 8% 4 T AR HE U A0 G AT R 2, BB A TR 5 A AR S ME 2, 1T AR AUOCR U E AT T 2 4 i Mg 5k 3
AT AR JCHE 42 HG v 455 0 T AR I 26 A8 03 Bl g B gk L DRASE LR TBORE Y 5 SR BT e 30T T PG AN AL A B T Y
OB, IF P AT R BRE s o5, 2 i etk A L 5 A AU B B T AT SR SR AR AT IR A RO WF ST ] o R SE )

Y IR TN i Bl UL 2 1 A A 40 14 2 J AN 2 T 2 8 AT 2R 8 A0 A0 i MG 2 2 AT 1Y TS R LA S A 28 3
KEEIE N TRBERIAL; LRGN PHORIAL ;  IRR AT AR A

RESES TP391 XEFRER A

1 gl E

N T RE(AD" A  H FEALRE 2 HOR S —
AN 3 BT S ey LS B i 5 BB A
fraa bt os > 5 AR 00N 9 8 BE T RE I8 70 4 2
(94 55 Hh Al A BRI S5 TR SR .l TR A 3
SRR AR R R AR T R TR £ 1Y
TR AL S5 B BLAR B HE W KT B T DA B &
AR JEBE T P B K o SR, 3R N TR RE Y
R RMR L 2 BB 1 451 e AR U K
T Ay A R R AT 55 K 2 AT LA
S HILASR2E 2 i G 2 5 T [ R R
JEE i 2 ) 245 510 K AU BE TR U AT S AR S i
Fro L nl LA B TR 27 ) 1 A J S b, AT
B HA TR R AR .

B2, X T e & 00 ATIE 25, Bt 57t Jg o A %
(1, B AR B R AR 1 — ) e &
NF—HE RERS QI P A 7 A5 S H AR 2SI
() — 2878 o A2 NEHIR SRR ANt - Bk — A A
ESC e I SR (LN B0 W NEUE 7R St 27N 4= 0RN
PSR 0 BRAR 7 U A 7 R B 2 R AE A
W IFIEEN A B, — A I A LR X W R
Ao R TE P PE | Je L P ol P DB R A DR T AR A
Yk WEFEEINL Z 5 A RE AT I — A5 R K H R WL
PR SEE . EN BRI 2 — R EEME] , #
o EUR R A B W AR R T B I OR A
P, 5T N T BER PR T, infir ik AT 2 24815
F% R RE g 2k — 23 A Dy TR 2 U A R

DOI: 10.3788/A0S230758

AR E LORFE BRG] H 2 )
25 HUE A BB o A 0 PSR T B — A A R oy
R AT A O R T 248 55 ) L A 75 28 7% i 20
A3 A SR W] 7= A g T AR et AT R
BEUh A — A>T i R A BE 4 T ) AT SRR A0 A 1Y
2 P2 RRAE 2 1 o S E A Aok 1R B — A
1 T B SR A A 0 A o dE A AR X AN T o A b ok
A7 HCHE 500 R AR AE T DLk ATAE A RIS AN [F] &5
SN N I (1 NI S O N S 1 S i 1 I i 5
Masked Autoencoder it 5% H 4% 15 #8 (MAE) "4 7 14
B A UL B ), i — P BRE T FE TN ThREZR
SAIE LR OR T 2N T4 DR 19 20 A B ) L LA
MAE AR M A W B A i UB R BR 98 X B — [
SR MR B N FEPE BT AT 42 48 5 B OF JonT LLaE— 2P
W He 2 S B R R 2 S T

AN 2 TR U, 2 AT AR Y 525 400 o 3 i 5 A
MRE TG, RRHESD Tk 745 7 5 ik 20 5 & & .
Bilan . 6t B E A SRE TR AL miEk
B 5 EEIE ;o 28 B R A R T St ik
15T 18 B3 A0 R 0L 48 M AT B T e
WF & g A BB RCE B, LAY AN R Y 2
A A 158 B R RS AL SRR B S
Yy sei ge A L R, P A R R A R Bk
BB oY B AR R A e B S Tk A .

2 AR AR Y D 3 AE SR

STV B8 AR B, B AR ATHE B 1 S B0dE 4
BEAT Iy >, 00 5 5 UG R0H w9 T8 A 20 A R Ak

KRB 2023-03-30; fEEIBH: 2023-04-11; FABH: 2023-07-22; WEBEXBH: 2023-08-02

BIS1E#& . yangbb3@mail2. sysu. edu. cn

1510002-1


https://dx.doi.org/10.3788/AOS230758
mailto:E-mail:yangbb3@mail2.sysu.edu.cn
mailto:E-mail:yangbb3@mail2.sysu.edu.cn

ISR IR

J& L REME HEAT N TC B W RAE B A B . XA
At B AT DURRAE AT 5 ATGIE . 8 % R
Ui, WFFE N 51 2 B AR /A8 I TG 31 A 1 A it 72
— A BRI A A N0, 1) 31 B S8 AR /8 43 A
Z IR BT G2 MR A 38T A A T BE PR A — A
WEFE 2 J5 , M AR AR B S5 IR = G (=) BRI XS 1 BT
A ) AR B AR, TR T A R AR S Y 2
] £ B — A~ 4 B WS G (AR A BB 19 43 A P,
T 3 3 SRR B A0 AT Preae D AR A XA AR AR
WS G112 2] SR RN e 3k T8 U0 R ), 43 50l A 28 IRAT
18y JL Aol A= B ASE TR 17 JiE 2 A R 43 ) 4 X B A A
I 2% (generative adversarial network) A8 43 [ 2] 4 it
(variational auto-encoder) . i & % (flow-based
generative model) 5 # #E £ (diffusion model) .

WEL BT 7R X B0 A I 287 R Sy — 2R R e
g B Y Az RS R e A T R ) P () X AT Y
75 2, A 2 — A AR UM 2% G5 )5 0 2% D .
Hovh 7 B 53] 4% RE 08 — EL 2> F A IO REAR 2ok A
BT A3 AT I R A i ok A, HH AR R R
max{EIN,,)n[logD(x)}+Ezmp<z){log{1*D[G(z)J}}}O
HIT— 00 AT DL R 2 e A A0 il 5 A 000) L SIS A g ]
RE T J5 — 02 A 19 2 e R AL 0 3 2% 0] s A il &
B BAEAS G (2) BOBESE o 1 A B2 B 5 AS 1 A= B
LI FE L S 0 AT A R A Ok 5% 5 A i) A R A 1 A
6, F bR B HCRT L 7R D minE,,{log{1—

DLG(2)]} o B, %40t B2 0 0 AL B T B
LR P 5 0 0 2 /A 0
ELE%Eﬁ%M@ﬁﬁ@m%%EwimDuﬂ+

E. o lg{1=D[G ()]} o ERFHINLG b A 1

B

real samples

latent space

noise

F43%5 F 15H8/2023 £ 8 A/ RFFHR
R — P S R, PR LSRN T AR PR R ) A e
R4 T, e /N ELSERE AR o3 A 5 A B o Al 2 TE] Y
Jensen-Shannon (JS) #t & , Bl Dy(P., Pow)=

1 Pr9n1<I> Pdaln<I)
o Prca 1 d + P(alal dx o %'UEH
2 |:J‘ 1 Og Pdnla(x) * J i Og Preal(x) *

T SCUT 0 43 A RS A8 BE S v ), 2B A T A B 4y
A W0 23 783X BE T AS 7 M 38 3 L SO o A . (2
I H 23 A R BE O B AR N A A, B A I 4% Y
Fp R 25 2 800 15 45 AN D BC , 33 Fp o6 470 19 77 20 2 S 31
YIEARTRE , e M DLk 8 — A e L 0y itk A
SR . AN IS B BRI R A A B A I AR S L
5556k FR A #fE ] (Kullback-Leiber (KL ) #EE WA 5 2 P
A A B XS FRMEE] ) L {H Arjovsky 25 H H 4 S 8L
GAN B INZRATEE o K IE NI I3 Py Fl Py 55
H Ak 75 = 4k 2R 7m 25 8] AR 4R 8 L, e L] LR
75 T M AR B — A 3 1 ST TR X AN 43 A R ok
X B R A o B L A A AT DLAS B — S 58 2
HoW o, M D(x)=1LVYer€P.,D(x)=0,
Va € P ., TEXFIG 0L GAN B4 Ak R ECK: — BT L
S0, BLER BT B B %, R BOM Bl 2R 2 18 L 2 AT
i AN o T2 A ) 8RN U AE B 45 T A s Y R )
AN WER T BO BT T2 Y O AR P AR s e 2R 2T #
JEAE IR RE T o BEARAL B GAN B fi FH Y TS B
o KL R AE AN 53 A P 1P g AS FH 38 B TG 75 32
HEH 7 SO I8 4 WGANY 2 T 5 1y 1 v
W), B Wasserstein #7285 , 47 50m-Fi 0 & Prig
1 Wasserstein #2541 FK R iz - g (EM B &) , & X
oA LA 2 R ER R A . T
Wasserstein B 25 19 & LT, 5345 Py B P, Z [0 1 B
% ﬂ“ ﬁ N = ) W(Preal?Pdale\>:

it E, oy (x—9]) Bht [ (P Pu) £ Py

learning to discriminate fake/real samples

N——

i y
"— learning real distribution ! D . fake/real?
‘ — B ' discriminator, ;
x ;
- G ; ;
generator generated fake
3 samples :

LT X0 A i I 45 Y D B 2 1A

Fig. 1 Overview of generative adversarial network (GAN) principle

1510002-2



B LR IR

F43%E F 15H8/2023 £ 8 A/ RFFWR

ﬂwm%ﬁszﬁﬁy~f[Rlﬂdﬁﬁ¢#A
BRI . R T B M,
Rubinstein X} {1} 14 7] LI 75 3] #F Wasserstein JE & T
WGAN E/‘J E 1:/]——{ /fjt /f/t I\Z[ ﬁ ’ EI] LW(}[\N(Prcr\]’Pdala):

1 Kantorovich-

max{ [fw( )] zmmz){fw[G(z)]}}o 1E 3% B
WGAN 89 H50 #5 A B e — A B B SCHEAR R G

JCRE A Y 43 26 4% , T2 38 5 2% 2] — > K-Lipschitz i% 2
P BR B0 5 B W asserstein F0 253280 1) 43 25 4%
3O AR Sy Sl A AR A AR R A R
UL PG 2 A e SRR &) 2 B R, AR 4 A 3l G 5 e
P 4 B g R0 ik RS ke 7 S o 2, HE b g i 4 B T
A B R 4R R — A AR i B ) 5, T A 2 B TR
oo & A S S AR E R S A 5 g A
i 2 ) AB o3 4 W R AT S 8000 A 1S 2] ﬁ%ﬁ%fﬁ?ﬁ%
5 2 Ay G 53 A 38 0 B S R R A o 2 Ak
@T%EI’JCEESZ pury il uLﬁiFﬁm*ﬁﬁ%ﬁ%ﬁ??ﬁJﬁﬁﬁ%
g ok S . EL AR M U AE B E S 800 S8 5

55 43 A5 po(2) LR 0 A p, (xlz ) TG 88 20 A p, (2fa)
BOAE LR, AR 4 H sh g it 2% A B R ABUSR Al T 20
Yo B S REAR o, WS B0 AT S840, iR 0 =

argmaxz ogpox)o WM T HAEHE p(x,) T Eil it

MLF{MLMMA)MﬁﬁﬁMz I 17 38 i

B AR Y BT LT A A 4558 g2 )
KT R 5B JE R4 A poz]x). i it %
q¢<z\x)ﬁpo(z|x)ﬁﬁKLﬁﬁgﬂggiﬁi%?%@E
A @ E logpl(a)— Dfgu(zlx).plzl ) ]=
va(z‘l‘){pa(ﬂz)*DKI‘[q¢,(Z|x),pﬂ(z)}}o EE PN
145 542 3 B SR BT TR HE AT 48 LR A L
e NAR A B 43 A 1 B0 KL B . DR 28 4y 11 3
Gi WO oM M H 4R N Luw(s0)=

7E~/¢ {ng( | )TLDKL[(N(z’x)’p(’(z)}}O

i ; . . reconstructed
0 R ideally they are identical =~ -----------ccoonooo- bt
x~x'

probabilistic encoder
q,(zlx)
mean sampled
14 latent vector
probabilistic
x > I decoder » X
Dy(x12)
o
std. dev
_ a compressed low dimensional
z=pto0e representation of the input
e~ N(0,I)

P2 7853 A 3 it & i R 2R = 18]

Fig. 2 Overview of variational auto-encoder (VAE)
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’A watercolor painting of a
chair that looks like an octopus’

"-
DIFFUSION

Generative
Models!

[%19  Stable Diffusion ¥ SCAS - K45 2E s R

Fig.9 Text-to-image generation results of Stable Diffusion
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Fig. 10 Weight-tuning-based image customization
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Fig. 11 Token-learning-based image customization'"”
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Single-concept generation
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“A S backpack”

A suirre’l ront Watercolor painting of
moongate in a forest

; |

- I_{:,\ W

A Vx dog wearing A Vx dog oil painting,
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“Banksy art of Sx”  “A S themed lunchbox”
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sunglasses in front
of a moongate

A digital illustration
of a V* dog in front
of a moongate

Multi-concept composition

F12 2 A e ki als

Fig. 12 Image customization with multi-concept composition™”
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Fig. 13 Mask-region-based text-to-image editing""”
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“clildren drowing of a castle next to a river.”

“a cake with.decorations.”
Jelly bedng
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Fig. 14 Prompt-editing-based text-to-image editing""”’
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Input Image Edited Images

“A sitting dog” “A jumping dog” “A dog playing “A jumping dog
with a toy” holding a frisbee”

o
- - - d
o

“A person giving “A person with “A person in a greeting “A person
a thumbs up” crossed arms” pose to Namaste hands” holding a cup”

P15 T SOAR R AR I SCAR - 15 G 7

Fig. 15 Embedding-interpolation-based text-to-image editing""”’

(@) Blue flame (b) Wooden figurine (c)A british shorthair (d) Coffee pouring info a
transfonning into the text surﬂng on a surfboard in jumping over a couch. cup.
‘Imagen”. space.

@

Imagen Video | : : Imagen Video

Imagen Video Imagen Video
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Imagen Vid e sgen Imagen Video Imagen Video

IMAGEN

[ Imagen Video ] — < Imagen Video Imagen Video

IMAGEN

[[Imagen Video ] B == Imagen Video Imagen Video

E 16  Tmagen Video A #5 A i
Fig. 16  Generated videos of Imagen Video""”
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Fig. 17 VIDM framework using two diffusion model to generate video content and action information respectively™'"
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P18 BRI 7 Sl 34~ Al s dak DA TR Y A OB A R A7 I 5 ) PVDM AEZR
Fig. 18 PVDM framework that represents the video as three two-dimensional hidden variables, and thus uses the two-dimensional

diffusion model for training[
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| (a)Adog wearinga | i (b) Thereisatable by i i (c)Robotdancingin i (d) Unicornsrunning
! superhero outfit with | i a window with sunlight} ! times square. i | along a beach, hlghly
i red cape flying i | streaming through i detailed.

! through the sky. ! {illuminating a pile of § ! i

K19 Make-A-Video 9 3CAS -85 A= il
Fig. 19 Text-to-video generation results of Make-A-Video"”!
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Fig. 20 VideoFusion framework that uses pre-trained text-to-image diffusion model to generate base frame and uses video data to train

a residual noise generator'
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Edit
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Fig. 21 Video editing based on input image or text prompt™"”
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Y i 2 — Bt

4 ORI
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4 B I A 8 S e 6 PR AR A9 A 8 ORI e PR AR 5
PTG e T Ak A i AR R 2 LAl Ak 25 4 0

DY J7 NHEAT ROR VP o SO SOME LA FH 52— i €
PR bR Ok EAE A TAE AR ORI IR . B L X T
SC A= PR TN 2555 28 R B T I 5 ) A A HCRSE B
A DLZ B A S B B T R E DT I 2

X SCAE I 2R Y 25 7R MS-COCO Il i
R 4B R AR R SOAR A2 U 256 X< 256 HY 1B Y
Fréchet inception distance (FID) g #r " 45 2, an & 1
Fir7s o

F1 AEMS-COCOREEE b AR SCA: B B 25 9 FID
o

Table 1 FID comparison of different text-to-image pre-trained
models on MS-COCO dataset

Method FID v
LAFITE" 26. 94
DALL-E" 17. 89

LDM"™ 12.63

GLIDE"™ 12.24
DALL-E2"" 10. 39
Imagen""! 7.27

1510002-14



%43 % 5 15 81/2023 &£ 8 B/ ¥ ¥R

[Training video] A man is skiing on snow.

¥

-

o 2~ 2 Bim v

el le

A man wearing red clothes , is skiing on snow.

-
o

A panda is sknng on Snow.

T’E‘T'&‘T"

An astronaut is skiing on the moon .

22 T MBI A SO I

[116]

Fig. 22 One shot text-to-video generation

Xof T AR AR R, p T A R B T A B 1 2
PUATBIE 22 S ek, HE AT Y &5 S8 0 ) 2L 32 i Al 4k
55 P PR O Xk 3, B ATAE UCF-101 B dis £

Al Sky Time-lapse ZHg 4 L X 3 F 2%
W FVD (Fréchet video distance)”
(inception score)" ™ $§ 5 Q142 2 i 7 .

) A S A
FID"™ [ 1S

#2 FEUCF-101 84 % 5 Sky Time-lapse ZUHE 4 b, 3 T2 50 i A A 0000 A= 052 20 14 M BE X 1L

Table 2 Performance comparison of different class-to-video generation methods on UCF-101 dataset and Sky Time-lapse dataset

FVD vy FVD Y FID v IS A
Method (Sky Time-lapse (UCF-101 (UCF-101 (UCF-101
256 X 256) 256 X 256) 128X 128) 128%128)
MoCoGAN'" 206. 6 1821.4 12.42
VideoGPT!™! 222.7 2880. 6 24. 69
MoCoGAN-HD"*" 164.1 1729.6 838 32. 36
DIGAN!* 83.1 471.9 655 29.71
viDM!" 57.4 294.7 306 53. 34
PVDM'" 55.4 343.6 74.40
5 HA T B R PR %T%Jﬂﬁﬂg%E?1$iﬂﬁ¢flﬂ?+ﬂﬂﬁ%/%?b&
B PR 5 5 5 sh SRR B Z 0 Bz a5

SRS BUA Y BRI AR B 2 B T — 7 1Y 22k
& AHEAMRIEA — L/ BRE 1D R IE T ORIRA Y
PG R AIE 149 52 U3 38 J WL AT L S B B A 25 ) 4
{EJE Y A B4R 7R SCAR B BRI BUA T iR AR B
I A RS HE Y 6 AT T R G R 5 A, 227 A
R W R T A ) O RS R TR R TR YA
S5 I 5 2) 7R 2EAT 5E AL A& 19 27 ) 5 R G AR v, 9%
DINFSOS SR R N I v W S TR NI RE Y R
F1% G REPE 38 SR IR 5 3) 24 A B 4 SRS BE AT i RS

I, 40 T 34 1) B 548 IE [T ARG Bk 5, S RE i AN W
b AR B B s i AR 22 AR B AT S R A 4

A5 4) AT LI A BAR X P B A IR B IR TSR U, K

BRI 5 5) 55 PRI AR 008 1 SC A P BOIN 2R B AR L
ATy ke = A IR SR A T I A5 Y, BRLA 1) R0 A
IS IR AT TG 125 i BB AR ) N A SR AE Sz s MR B,
VA T 72 AT Ui ) 005 2 4 25 A 55 I, I 9 B0 7
A IR 4 32 2l R B AR L AR B, T ik kAT A
6 R R Y 5 ) AR R

BEXT B b4 B i SR BRAE A SCER Y — 28Rk AT BE
527 1 - DA RT A S B AR s ) (A5 B 1 RE A8

BEAE b Al AR R b R SCRY AR B A5 A B R A R M
TN 2 T 5 AL TR R B A 28 X 5 SR G, S B B Dy s e
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From Perception to Creation: Exploring Frontier of Image and Video
Generation Methods

Lin Liang, Yang Binbin’

School of Computer Science and Engineering, Sun Yat-Sen University, Guangzhou 510006, Guangdong, China

Abstract

Significance In recent years, advancements in computing software and hardware have led to artificial intelligent (AT)
models achieving performance levels approaching or surpassing human capabilities in perceptive tasks. However, in order
to develop mature Al systems that can comprehensively understand the world, models must be capable of generating visual
concepts, rather than simply recognizing them because creation and customization require a thorough understanding of high-
level semantics and full details of each generated object.

From an applied perspective, when Al models obtain the capability of visual understanding and generation, they will
significantly promote progress and development across diverse aspects of the industry. For example, visual generative
models can be applied to the following aspects: colorizing and restoring old black and white photos and films; enhancing and
remastering old videos in high definition; synthesizing real-time virtual anchors, talking faces, and Al avatars;
incorporating special effects into personalized video shooting on short video platforms; stylizing users’ portraits and input
images; compositing movie special effects and scene rendering, and so on. Therefore, research on the theories and

methods of image and video generation models holds significant theoretical significance and industrial application value.

Progress In this paper, we first provide a comprehensive overview of existing generative frameworks, including
generative adversarial networks (GAN), variational autoencoders (VAE), flow models, and diffusion models, which can
be summarized in Fig. 5. GAN is trained in an adversarial manner to obtain an ideal generator, with the mutual
competition of a generator and a discriminator. VAE is composed of an encoder and a decoder, and it is trained via
variational inference to make the decoded distribution approximate the real distribution. The flow model uses a family of
invertible mappings and simple priors to construct an invertible transformation between real data distribution and the prior
distribution. Different from GANs and VAEs, flow models are trained by the estimation of maximum likelithood.
Recently, diffusion models emerge as a class of powerful visual generative models with state-of-the-art synthesis results on
visual data. The diffusion model decomposes the image generation process into a sequence of denoising processes from a
Gaussian prior. Its training procedure is more stable by avoiding the use of an adversarial training strategy and can be
successfully deployed in a large-scale pre-trained generation system.

We then review recent state-of-the-art advances in image and video generation and discuss their merits and
limitations. Fig. 6 shows the overview of image and video generation models and their classifications. Works on pre-
trained text-to-image generation models study how to pre-train a text-to-image foundation model on large-scale datasets.
Among those T2I foundation models, stable diffusion becomes a widely-used backbone for the tasks of image/video
customization and editing, due to its impressive performance and scalability. Prompt-based image editing methods aim to
use the pre-trained text-to-image foundation model, e. g. , stable diffusion, to edit a generated/natural image according to
input text prompts. Due to the difficulty of collecting large-scale and high-quality video datasets and the expensive
computational cost, the research on video generation still lags behind image generation. To learn from the success of text-
to-image diffusion models, some works, e. g. , video diffusion model, imagen video, VIDM, and PVDM, have tried to
use enormous video data to train a video diffusion model from scratch and obtain a video generation foundation model
similar to stable diffusion. Another line of work aims to resort to pre-trained image generators, e. g. , stable diffusion, to

provide content prior to video generation and only learn the temporal dynamics from video, which significantly improves
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the training efficiency.

Finally, we discuss the drawbacks of existing image and video generative modeling methods, such as misalignment
between input prompts and generated images/videos, further propose feasible strategies to improve those visual generative
models, and outline potential and promising future research directions. These contributions are crucial for advancing the

field of visual generative modeling and realizing the full potential of Al systems in generating visual concepts.

Conclusions and Prospects Under the rapid evolution of diffusion models, artificial intelligence has undergone a
significant transformation from perception to creation. Al can now generate perceptually realistic and harmonious data,
even allowing visual customization and editing based on input conditions. In light of this progress in generative models,
here we provide prospects for the potential future forms of Al: with both perception and cognitive abilities, Al models can
establish their own open world, enabling people to realize the concept of "what they think is what they get" without being
constrained by real-life conditions. For example, in this open environment, the training of Al models is no longer
restricted by data collection, leading to a reformation of many existing paradigms in machine learning. Techniques like
transfer learning (domain adaptation) and active learning may diminish in importance. AT might be able to achieve self-
interaction, self-learning, and self-improvement within the open world it creates, ultimately attaining higher levels of

intelligence and profoundly transforming humans’ lifestyles.

Key words artificial intelligent model; visual generative modeling; diffusion model; image and video generation
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