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Abstract: For over three decades, image and video coding technologies and their associated international standards have
served as the foundational compression engines underpinning core internet-scale multimedia services, ranging from on-
demand streaming and live broadcasting to real-time video conferencing and social media sharing. Traditional approaches
have predominantly followed a rule-driven, modular paradigm where carefully engineered components—such as intra and
inter prediction, block-based transforms like DCT and DWT, scalar quantization, entropy coding, and in-loop filtering—

are jointly optimized under classical Rate-Distortion (R-D) theory. This methodology, refined through successive genera-
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tions of standards including JPEG, H. 26x, MPEG, and AVS, has achieved remarkable efficiency and interoperability
through the coordinated efforts of standardization bodies. However, the past decade has witnessed a paradigm shift cata-
lyzed by the rapid advancement of deep learning, leading to the emergence of end-to-end learned image and video compres-
sion. Empowered by expressive neural architectures , large-scale public datasets, and mature training ecosystems, end-to=
end trainable systems have demonstrated R-D performance that consistently surpasses conventional codecs on benchmark
datasets. These learned systems are primarily built upon Variational Autoencoders (VAEs) , which replace the handerafted
rules of traditional pipelines with a unified differentiable framework. In this architecture, an encoder utilizes analysis trans-
forms to map image data into compact latent representations, while a decoder employs synthesis transforms to reconstruct
the image. Unlike linear transforms in traditional coding, these transforms leverage powerful neural networks, evolving
from early convolutional neural networks (CNNs) to advanced architectures incorporating attention mechanisms, Trans-
formers, and Mamba-based state-space models. A critical challenge in this framework is the non-differentiable nature of
quantization. To enable end-to-end optimization, methods such as Additive Uniform Noise (AUN) are used during training
to approximate quantization errors while maintaining differentiability, or Straight-Through Estimators (STE) are employed
to pass gradients directly through quantization layers. While uniform quantization remains standard, recent advancements
explore vector quantization and non-uniform quantization strategies to further refine feature representation. The core of com-
pression efficiency in these systems lies in entropy modeling, which estimates the probability distribution of latent variables
to minimize the bitrate. This field has evolved significantly from early factorized models that assumed statistical indepen-
dence among latents. The introduction of the hyperprior structure, which utilizes auxiliary latent variables to model the spa-
tial distribution parameters of the primary latents, marked a significant milestone in capturing dependencies. Subsequent
innovations introduced autoregressive modeling, which predicts current features based on causal contexts in spatial or chan-
nel dimensions, further enhancing probability estimation accuracy. Most recently, hierarchical autoregressive models have
been developed to capture global and local contexts in a coarse-to-fine manner, pushing the boundaries of feature compact-
ness and coding efficiency. In parallel, the optimization objectives have expanded beyond pixel-level fidelity metrics like
MSE and MS-SSIM to include perceptual metrics and adversarial losses, allowing for a trade-off between signal distortion
and perceptual quality. Beyond theoretical performance, the transition of learned coding from academic exploration to
industrial application requires addressing practical dimensions such as variable rate control, hardware efficiency, and
robustness. To support variable bitrates within a single model, researchers have developed -mechanisms involving multi-
scale decomposition and feature modulation, where quality factors or maps scale latent variables or intermediate features.
Rate control algorithms have also advanced, utilizing iterative search strategies or deep modeling of the rate-parameter rela-
tionship to meet specific bandwidth constraints. To facilitate deployment on commodity hardware, model quantization tech-
niques, including Quantization-Aware Training (QAT) and Post-Training Quantization (PTQ) , are employed to convert
floating-point models into fixed-point integer operations, ensuring cross-platform consistency and reducing computational
overhead. Furthermore, addressing the vulnerability of neural networks to perturbations, robust coding frameworks are
being designed to defend against adversarial attacks and transmission errors through training regularization and input pre-
processing. These technical advancements have culminated in the integration of learned compression into formal interna-
tional standards. Two landmark standards have recently emerged: JPEG Al, ratified by ITU-T as T. 840. 1, and IEEE
1857. 11-2024. While both adopt VAE-based architectures, they differ in design philosophy. JPEG Al employs a multi-
branch network design and emphasizes subjective quality and machine-task compatibility, optimizing for perception-
oriented metrics like MS-SSIM and VMAF. In contrast, IEEE 1857. 11 focuses on objective gains in PSNR and MS-SSIM,
offering tiered complexity profiles (Base, Main, High) to adapt to different computational capabilities. Both standards
have established rigorous training and evaluation protocols, including the use of specific datasets like Kodak and dedicated
robustness benchmarks, to ensure fair comparison and reproducibility. The principles of learned image coding have natu-
rally extended to video coding, although with unique challenges in temporal modeling. The evolution of neural video coding
can be categorized into three developmental phases. The first phase involved hybrid approaches that replaced specific mod-
ules, such as intra prediction, with learned networks while retaining the traditional motion-compensated residual coding

framework. The second phase moved toward conditional inter-frame coding, utilizing learned optical flow networks for
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motion estimation and warping to generate temporal contexts. The third and most recent phase represents a shift toward uni-

fied probabilistic frameworks that eliminate explicit motion estimation entirely. These systems leverage hierarchical spatial-

temporal priors to perform joint intra and inter prediction within a single model, achieving performance that rivals or

exceeds the latest H. 266/VVC standard while approaching real-time processing speeds on GPUs. Looking forward, the

field is converging toward two major trends: task-aware coding and generative integration. Task-aware coding aims to sup-

port both human vision and machine perception from a single bitstream, aligning with the biological principle of "compres-

sion as intelligence" where compact representations facilitate diverse downstream cognitive tasks. Simultaneously, the inte-

gration of generative models, such as diffusion models and large multimodal models, is enabling ultra-low-bitrate recon-

struction with high semantic fidelity, fundamentally altering the rate-distortion-perception trade-off. This report synthesizes

these technical, practical, and standardization advances to provide a comprehensive perspective. Ultimately, the future of

intelligent compression lies in establishing a new foundation for multimodal , task-agnostic, and semantically aware visual

communication.
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WA RSO R E RGBT R IR

p(y)=2mN (y: o) (5)

VAR, — 2 TAEHE — R R Sm o A
(Generalized Gaussian) (Zhang &5 ,2025) , DA $2 &= X}
AEXS PR | 22 W AR L R aE 2 AT A I

TERE S AL 205, i T AR i 1) SC S 7
T BT SO R . 20T T I BFE T T
ST AR R Z5 A5 B 1E] ) A A 2 A

1) Factorized BRI —f 7 {535 79 v B v A0

Ak B o 2 sy 1] 27 ) e 46 HE 2 9 K 5% |, Balle 55 A
(2017) T U 1l 28 I 28 6 DL AL S B s
s GHE AR . HOCHE IR 1 L b 25 4 i 2 (1]
i1t har (factorized prior) , BfI

p(itvs 0) = [Ter(5:5 vl ) with y =f,(x) (6)

IHe AW ARy, BB I ST 1 X ) 43 A
(il i 4 RS 19 3 278 b 0l o i 3 AR R 20 Ak
R+ B AW AL Sy SEBT SR ) o X
— BB TAL GE Y 18 7 G T2 A, 78 v 2 9 e A6
MEZETN B4R TE VIR vERE . SR, T 58 e ihsr
R B 15 22 TR AR (] B AR DG, AR BE A5 98
AHRR

2) Hyperprior 5 Bl ——5 | A% B A% & 1) 5%
PRERE . g i — 0 A A B 2 [A) B AH DG, Balle
N (2018) $E 1 T 35 44 14 Hyperprior 4544 . %7
I =SB AS & 2 AR AR y R
A5t (conditional prior ), ZI i H: 7y 2215 B (RIZI4H
A )

piliza) =TI ¥ (002 u( - 3.1 )](5)
with(?:g,,(i;ﬂ,,). (7)

K, 2 ;EWRAEE 7 it — a7 rY /S g i
W88 " g, AL, IFad a5y — R R Sr g b o
T2 AR /N HARBR AT ik 24 ) o3 A,
HMBARTF R, iR L m i 25 R, a5
o TRAAE ARG TR . X S B T B )
RS RGO R IR

3) H Il A —— X A ey AR« T
Hyperprior HEZZ Hr | #8545 £ [A] 1Y ¢ Rl i 4 Jm 4e it
ARSI, Ry ER A AT A B FE 43 A . R, Min-
nen %5 A (2018) #k— 4 AL 7 @R JEF Y
(B 397 2041, I8 ks 25 18] 3 [l AL 5 AR 9 6%
WER A

FH, A IE] 0 A s Ay 2R R i 1) i s 4 HE 2 7
FRuedi it o SR, A ] AR 1) 32 SO e 3 H ™
& BRI AR 1 , 5 S5 A s B B A S IR A T 3R
R — ), BEEE R T 2R S TR
W&, an 2 () 2 B a9 #E 2 =K (checkerboard ) 4340
(He % ,2021) , MiE 42 1932) 7341 (Minnen 45,
2020) HAREIA S0 (He 55,2022) , LA R IH 45 &
MR T 58 (TERRAS B A N AT R 25 [l Foti )
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DATE AR LML RE 5 A i L 32 22 ) BRUAS P A, 3 R A
ERTASR R

1) %5[6) A 19 (Spatial Autoregressive ) : 1745 Jf]
LRI AL TN AR i (Minnen 5% ,2018) .

2) i@ H 15 (Channel Autoregressive) : ¥ i
B 2 FE AR R URRAE [ 5T (Minnen 55 ,2020) .

3) 75 [A] 38 38 R A 8B (Spatial-Channel Autore-
gressive ) : [A] B 5125 (] 530 SE AR, WL T 3D &
PRI A B0 (Chen 58 ,2021) , s fE B A N 5] A
ZE[A) H AL (He 45,2022)

RV ASIENERSE 28 il e sy § = .4
LB AT R VAE Z5# 0 4k, — R ARIX
RE 1B )2 F B BLAY (Hierarchical Autoregressive
Models) (Lu?§,2024) i AU T ZRH
VAE (HVAE):

p(7)= ITp(75") (8)
K, i 2 RHER R A R R S0 ARR TR A
A B mR R 2 HE B A8 S RZ IR E
AL TN . XA E ER (top-down) 43 )2 Tl
I BL E— 20 5w 1 MR AL TR RS M S Rk BE
J7, TERRE AR A e 3 B X e ) 45 Ty TR
BARRRE UIE S re N

SAKRE A T NE St — %Y
I3 — FAFERE — BENHS R R i 2k
o BUUE BB RGBS & 2R AR, 18
FEAR = H A o i i R 2 ) S A, Ok
PRE WA DR 3R 5 B RE Y [] I, 1 — 20§ T 3t
Bz A SRR
114 ARRHBK R

X AR (1) E Ly iE R R B B 2 BT
P2 AL RS R Ak T B8 18 A 2 B0 K iR A
BEREE,

1) FWREIE

1% R F ) J7 17 7 MSE (Mean Squared Error) F1
2% K F L) MS-SSIM (Wang %5 , 2003) (Multiscale
Structural Similarity ) 2 ) i FUGR R 46T 2 R B
R

e R LB R, MSE 5 28 LR 6 BLRE
5 R AR T AT IR AR L DAL AR E SR BLIRT B
RT3z 2R H -

R 1 R
DMSE(x7x):N|Ix _x”z (9)

AH L B MSE, 4544 #H L B (Wang 55 , 2004)
SSIM B I 30 A HR X6 &35 44y 9 St . OS2 1 X
FLEE ¢ 254 s = Al o, B,y AT RFR AL
LA I ekl &

SSIM(2.2) = [1(2.2)]" - [e(x.2)] - [s(x4) ] (10)

SSIM ) 22 L EE A MS-SSIM 715 5 i) 4 718
BRI AR (j= 1, -, M) ESETRE Gl
WA R E MAR R SE B 418 ) o Y2 2k L@
W R IR N Dywn=1-MS = SSIME D s oy =
—log (MS - SSIM),,

M
MS - SSIM (%) = L] [s) (11)
j=1

2) N BEWAR B/ IME 3 LR e L B
“ORFRAE MG G N2 W 4 YIRS 2R AR, Zhang
45N (2018) 48 H T LPIPS, 3 ot 35 000 25 90 46 f)
Z R FE 2R IERABE R . 5SS BRRBILEA
[F] , LIPS i £ i) J& B = ] v () R AE 22 57, R
N T W S A B o 8 — B, I il R Ik
EIPAb i S . Tk
IR GEANE L TR AR TN & VR L RS
—H",

Agustsson 55 (2019) Fl Huang 55 (2019) %5
JEA e LA S0 B 2% (Generative Adversarial
Network, GAN) S AYIZ: Hxrh, DUlidE & &R I/ 1
AR A H5 B0 W 20 B el AL R A8 7E A <0. 08 bpp
A A S T AR B, S e B 5
R o A BRGBARE N T B RS LU
T RGO AR A b, F a5 AR O & 2 0
SC A 2T A G I ol g 2%

BtiJ , Blau #l Michaeli (2019) 45 i} T 31X 342
MR AR RS A AE— A =0 % - R E - BRI
5o AEERS T, T4 Y R o A SR R
ZBRREAUE E L ERY) RE 2 AU/
REFHEEZE BB R ABATR R BBl
Shy P PR T )RR B2 2 o R B IR Ak
NEFEG A p, S ERIAT p YA EER (AHL
BE) o A RIBEARRE T Agustsson F AL LS AR
B 1A BARR L B BT W IR, A |
ABEZR /N0 A 22 5 9 HLA (A GAN) , DA A8 5 4
PR R AR 5 550 S L Y Wk
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i Ein & R E GG RERH R RO S G RE

TEM R EFE 5] R, HiFIC (Mentzer %5, 2020) ¥
X — 2k R Gl BB (U LPIPS) 5 X it
% (GAN) B3I A R =D HER, I+ 5 WA AL/ 45 i
R A I 2, SR - R - 8 =2 1y =0
RS R . S5 URAR R R J I M L,
HiFiC 76 P98 5 A48 45 (41 FID (Heusel 5%,
2017) / KID (Binkowski%5,2018) / LPIPS (Zhang %5,
2018) / NIQE (Mittal 45 ,2013) ) b RS tEE AL, A
B Eb R AR AR A 3 8 2E T A N 2 R S
CIECNG:R S (8

RAERTE R B R BI04 07 T G
B AR B2 R — B BN 43 A D 3 E L O B
R FRIE SR — bR e I TR A IR R R
— BN L A MR W AL By, I8 XA )
FEAIE A4 43 A1 DT TC BE 70K 3 005 2R AR
HEZE
1.2 ZHAMEETE

LSO AT VAE KT st 2 i e G 4
IAZ O . T iEZnAS T 22 RE RS N BRIS 4R & A )
&I, 2 AR SR Tl SR R B T TR ) 5K
FEE AR R .
1.2.1  AJAsfH e B a4 ]

A A it 3 R e a2 S FH A PR ) 2 s
AN 7] D90 28 G R FH P JoT i R SR A SRR T g . i 3]
B e ER g i BB A Er X, iR 4
Fim o

F AT AR 5 R K £ ok 22 RO 43 i ok S B
Toderici % A (2016, 2017) 2 H} b7 FHAE R4 28 9 4%
(Recurrent Neural Network , RNN) , i 33 7 ¥ 6 0 25
BRI F] SRS R YRS % 5 11/, Jia %8 A (2019) F
SudE N (2020) $2 H 57 FH AT A 40 g %, 3 2o 3 5 )2
(1) 5% 25 ME B 0B IE RAFAS R IS 3 10 S 4 . X7k
Ji B AT B, (PR R v D P2 A QA5 Bl T o 4 1
JEHOI 2 | A A 2 g R . DR R
M58 TAEF MR IR R A R b R RR IR T E i 2
ROBE o3 fif S el A8 i % . R4 4% | Ripple 5 A
(2017) FEVEFENESEA T LEARR L 10 3, T4 XA )
7 - 32 2 4 i s Nakanishi 26 A (2018) £ Cai 25 A
(2019) 3 i 22 NRE By R AR e 15 21 22 IR A T A
AR i FEAF SR SEBLRUBE - 10 T AR At R R 3 5 AR Yang
N (2021) dE TR THRER 4, SIS it
SV AR R AR U (IR JETT S R AR

______________________________

@ e )

FERIEBTERFIE @fFRE=E

el RS Npemrerg W
(miges2. [

IR R TERHE @5mB%E

s
1
1
1
|
1
1
1
1
1
1
1
|
1
|

______________________________

@ ==
1
2

REHT R RHAE

@ = 0w ) G5

_———

1

I

1

[}

wae 3 T _erans |

| SB0ET |
: | EiER |
! B
1 1 1
1 7 1
|\ ______________________________ 1

(d) BiENEH
B4 AR RS S At T AR A 352 80 =X

Fig. 4  Approaches for Variable Bitrate Implementation in

Learned Image and Video Coding

X2 RUBE 3 fifk 1) V0 T B0 | A A i
SR L INTE IR iR B8 R (g4 ) 1
A6, I B i T ICR S TR 40 B R O3 il | 1 S
TR nAR.

M Fh—A> B, Chen %5 A (2020) % 3 [7] —
o i g i 13 R TR) A 2R BT AR B A A R AR AR, A8
it AN [ I B2 AT DA 3k AN [m] A 5T PR (Quality
Factors) ] P45 i (Sealing) SZE . B 5 09— R 5
TAEHL R S 0 e o A 30 4 i i A8 4 B e o AN )
7 ¥ A7 JORS 40 /Y 9 ] (Balle %5, 2021 ; Choi 5%,
2019; Cui %, 2021 ; Duan 5§ , 2024 ; Yang %5 , 2020).
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1 Choi 5 N\ B LIA% I H K+ (Lagrangian Multi-
plier, A) Ay it i K, 8 dxb AR 4 b LS oy 1) 1ok
A 0 28 B RURUR B RUR S B ; 3 b — ey
1 (Cai %8, 2024; Song %, 2021) & JH B & 45 %% &
(Quality Map) A ZE4E 19 08 B A 25 B, I8 1 Z e )
QIR S EEF NI TE St

BR 1 AR AR e b i AR AR O ) L T AR Y
AU RS I A R Y S BRI, Y
AL G G iR Ty 1 rh AR AR RS, 48 ) 7E S B iR
VAR BEEA TG T, 7E A A ) R T A A A B A T
Il g RURE 3 2ok o Ak B (g 4, DT ST 30 ] A )
o RETTEMRIEBRAEGONA R, v 532 4 S5 4 ]
(Dumas %5,2018; Li %% ,2025; Ma %5, 2022 ; Presta %,
2024 ; Tong 55,2023 ) \1Z i@ iE (Akbari % ,2021; Doso-
vitskiy 25 2020;Gao % ,2021; Theis %5,2017) Jh EZF
AR (Lee 45,2022) = F, XS ¥ A RLR4D T
SRR S 55 R 8 ] ] R S B0 2R R LR BB G o

H A, 32 5 7 5 30 TR) Asf 3780 61 44 5 119 725 6 A
AP, S0 A] AR i SR AN A BE 5 7E B3 [
PSR SE | R IE AR RIE Y, [ E R e B fE
CL AT 56 A A R G 42

TE RG] AR i S Dy g He il b, i e 4a il wr LA
k2 SRR SEBR I 7 5 2 BN A2 AT 7Y
St a Ty o R AR T AR ARt SR AT 3 R 11 S
W2H (I R P B H B ) Z R A ¢
R IFEL R DO S 285, W6 1 5 ARt 3R 0 [ i
SCHUR I BRI (S RHEE,2004) o 4L H AR
AU

(12) fj2ERIA

I{lip D, st. R<R,, (12)

K (o) FRITA NGRS SHES R DR,
A3 SR T G S I AE R EURITT SR 19 H bRAig %

YR s 0 v R i PR A B A R s o A

1) ZREE BRI, 5% 5e ES 4
b FRE JPEG AT, HoA5 232910 [ AT DL 3 52 A [ 4 8 45
AU 2R 5 KRB0 , $ 35 30 20 )5 it i e v R AiE
o F WS S EE 2P ORISR LT IL, Jia
AN (2025) KA T —Fh A 204048 R 19 7 0
JPEG AT 6 3 45 ] - 1 51 A 4l 90 2 ) 1 BB e 422 3
H A 5 23R 50 B (10 A | 2 25 R G255 8 114) 44 %

SO FERRD 5 Gt A 2 B0 56 ZR £ 3l 3 7
2R 1A E AR A 0 R P 2% b 3 G i S A
FK, B LT B T S MR B SR A R R &
AR IS SEICE . XA 46 00 5 Xl
FELEMI B B AT Z O i, AR AR S R 2 A B
A S EC B (Rt ok T 3 A e [R) R 5

2) W F -G SRR B : Xue 55 A (2023)
FIH— AR RAG T2, DL g5 s g i 1 A v
(TR 2 5 o HERAFE A, L S -t S
B e RS B H 7 B R-A) AYREAL HE H
el 3 AL A T 7 ) S ) 2 5 LA SE B BRLVR it A 8 T
H b 05 5, b O 2 0 T 4 B 5 8 B Hb , Pan 55 A
(2025) 14 JPEG ATSEIR T — 356 T4 25 o 2% Tt il
P14 PR R 4 T B v, HOK B o3 4 S A 55 e A oy T
DAY R 5 F G B 2 500 5 1 A~ B8 #1943 25 4
55 IEXIREBTE T WSS SE A R 2% ARl A R AN
BRI 38053 AN 2 8506) 7 2690 R 5 |

3) 3% (Block-Level) 540533 . Wang &6 A\
(2022) 4 EGR1 5 2425 [ If i Bk 2R
St R 0 7 VA AR R R - e i S AU £k
A F DT FIE AR R H RS20 R Yy
B2 B RS R S e s Dong 55 A (2024) 7E ML FE A -3
TG e (8] (14 G2 11 HH R 0 J 2 B 1) 0 3% - G
T SRR | fe ST X e v /D i HtE A 7 P R i)
RIAT 401 A~ UG A AN B i i - gt S i 45 L
2T A R AR T A O B
BT R L 98% IR .
1.2.2 A

AR e UG G 7 2k FLVERE LS T 2%
HE R (A AR B AR 0 77 sS B R R AR L R G
il S T 207 PP R QR SO AR — B0 R
(RS- 5 R BE o BIEE RGN 7 i AR 22, ]
AE S BUEAR R A A el A R B, X
2% ] A UG R 4 R S B, R R B4 % EL A
VEME ST M g S R R S AR . i,
F A AL (Model Quantization) ¥, Ay 52 P fig 14
i 2 G B S bR AL T R A SRR T

ZJ7 1) () R 22 Rl B W 2 Balle %8 A (2019)
() TAE b TT4E A J  A5 8 7  5 0ol
Bt 5%k, DARA bt G T V% 003 57 Sk i JE
SEPETR2E . XM R E RS T B 5 — B0 LR
VAR, B T )5 S A BRI 25 5 Bl B
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BRfiz, BRRA, AURE, MEF, T, BIR, MR, WK, RA, D26E, B, WxXF, &R, SR

i Ein & R E GG RERH R RO S G RE

PR ST A LA

PN LA s st W R LI DN & L
2% . B B I 2k (Quantization-Aware Training,
QAT) F1 Il % J5 & 4k (Post-Training Quantization,
PTQ).

QAT J5 ¥EAE R AL I it 7 v i =X A A b i
25, fdt ] 28 AR ZR B Be B AT 3 O AIG bR AR
T30 PR 2R A0 45 B 0 s B 1 R Ak 5 R BT 0 Ak
(Sun %%,2020, 2021) , LA K [ i 25 JEA i 55380
092 9 H il N i b (Range-Adaptive Quantiza-
tion, RAQ) J7%: (Hong%%,2021), QAT BENSLEIRIE
P BB 1 [R] s A5 A5 B ) 4 8T 0 2B, 3 i R
SERE I ZREEE Shn 2 5 N iiA B y , HLASE A —
HE R EMELL R G %

PTQ 77 & U JC 5 JE 8 R MBI 25 , m] B %) 73
WIZRTE BRI T 42 Ak He FE A (2022) 5
2 PTQ F K (Nagel 45,2021) 5 & 14 4 5 45
B, LB T B B —BORY B U  Sun 48 (2025)
NTE 38 A oy A i AR 22 0T R AT A 2 LA, LA
I/ N R A B 2 T 4 M RE IR s Shi 45 (2023)
e DRI T AR 22 5 HR EL R4 R RE P A Bl
il o JAE PTQ d5e ) 32 20 T3 28 5 K0 AT 5546
Y (ELIT AR 2 3 E PR s AR, e fRAIE R AL
FEARPERE Y [R) It 2 R % R

MBRARLEE 5¥6 BERC & i /1 1, A BIFFEmT R
NI 5)5E H B4k (Uniform Quantization ) 584
A5 = Ak (Mixed-Precision Quantization) P2, Ff
O R A3 BC 4 ) [ E Y LU AR TERE (40 8-bit)
eSS NN GRS E W IS YRR L IFS
PRAS TR B | J2 90 sl 18 6] .41 6 2k L U, B
Tl A [R] Y AR 58 B, DLTE TR 4 Ve RE S 1T
AR Z 18] AT S 9 F A (Hossain 4%, 2024, Yu
85,2025) o SR, L A O A 2 A A R ORG Y
SR AT R, 2 B EE X 42 )R g8 — R B (A
FP16INT8) " 2 fft i 24 3 1, b il il S R G &
PR N SR 1 A 58 38, (459228 D A S B
AT I 5 A1 15 e BN A R S5k A (H
WEE ARARE T S35 2 R R T RE AN IR 71, TR
SRR AN TR RE - 52 AR AU 5 B A3 e
3 T ) — R K 5 1]

1.2.3 BisEdrE

IR ReAD

T T T T Y

me G { s

EA - BEERYE

____________

Bt :

Bt

5 BT xR RE G g i AST A Y X o 5 B A s 3
Fig. 5 Attacks and Defenses Illustration for Learned Image/
Video Coding Models

Bk 25 % FUPERE AN AR SE FH DI RE AN, B B
PEE PG BE MR i S P ) EE B R b o X
T4t R4 AT 55, 0 HOR i B 3ty 2 27 19 S8 =X, b
FEH R IR i A AT N i A Bt 255
KRG T A ASHER , 25 110 15 B A5 2R 00 R b - 0 i
T RR R 2 B (Chen%5,2023) ., ERRYT-BLAU S .

1) Bk 50 B sl B A e L () A Ak o e
i, Chen 8 A\ (2023) B3 T —Ffr b 388 119 540 i B 1
R BT B, YA P B TR B A
B, R e R A 2 ELALAR DL Aedi A 3h 32 45 0 i
P2 I R AR A AR AP

2) JE T TR i Yu 25 A (2023) #2763
SR B I — /N D 2% 1) 5 A I R AR e AR
SE P BEORARE 2 , JB S filh & 25 B REAS | T e D1 25
DAV 3 A B G A g, LA AR 2 2 7 fih 2 25 1
PRBST 7= Az T 4 B I IR AT Ry (R 23 i i A
JELIRIG ) | WA SR Bk 10 ) 1) s

3) VAR S MVRRAE T - bR T R R
Z b, AT LAFE DI kB B AR f o A i AR Ak A T
T, BEIRASERL  d i R B T, i AR RN AR
H 1Y . a0 Kim %K (2020) BE5Y T 5 R4 AR
WA b 58 25 B RHRTASE U 24 i P FiE 1) 52 1, Sha
N (2025) WFFE T 45 T A0 A 1 7 A2 28 3R 4y
Tl AR 4 6 1 RE O S0

(D16bit Floating point ~ FP16, 8bit Integer ~ INT8 H Fi7EAE 1 #4321 T Hd B0 S0 R .
© 5 B G B AR BT AT
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EFXE R B BEA AR ST B4R T A
5 s i = Fp B AR 7 5

1) ki Hatl , aiExHiI 4 518 A I 2k
Ak 5 M (Chen 25,2023 Kim % ,2020; Madry 45,
2018; Sha%§,2025) , ENFE I Zridd B2 o A BE X452
eils T BT it o3 ml H A 408 2 R 1T B X B AR I 2
FEGTAT PR R 5 1 D) Ak 453 2 201 DA 4 oA 75 45
PE, 30 Kim A (2020) 514 542 TR 46 20 5 1A B9 78
23 (] — SO E AL A5, (R0 28 5 k3l 7 2 LIl
A E TS IEE (ot 50) 3k B ERE T REAE
JARA 5

2) AR LR AR AR Y B 45 44 el g A0 Lin 6N
(2024) $& i 342 22 0 S0 AT [ [l ) A, M
el I 187 B ST A AR AR, I 5 | T UL, e e
SEPARAR PR RE AR AL e I 2 (R T R

3) HEFIAR AL PR (Jia%F,2019;Yu %% ,2023),
ATy vk B AEAS T I SR R (0 1T 52 T 22 i3 43 2
i, ARG T M a2 E A 1) i A Ak B HLAE S
W B T ARG A S T SR A

TE RE UG SR AR TE JPEG AT Hh o Xof 5 751 fi 45
BRPESAT 7R ERPEI A5 HT (Kovalev 55,2024 ) ,
ALFE XA ] R AL B 2R BRSSR H AR DL K £
Fh oo 0 2% R B B T SR T, JF4E JPEG A1 5 £
P TF U5 B PR S b B H A [l — B R R R T kAT
TR R TR E A S T BAR X T At R Y
ZE S 55
1.3 tRfELEHRE

Bt DA i 3 5 AR 2 8 A0 U AR OC Y [
BRAT LU R0 T v 21 i A 5 () B AR bR i AL
&, BAE20184F, JPEG XL/NAJ3 80 1 1 1) K —
REMGEA bR R R . B T AR ET
URBE 24 2] 1 ot 2 ot R BB i 7 6 . TR L2 e, R e
A% 2% 1% A O kR e (IEEE 1857. 11 F1 ISO/IEC
JPEG AD) Byl TAERESE iR 2h , 3 W9 W05 7 R 2%
SER BRI T 28 VAE 2R, SR P i 3 3 Y
PR LS K — iR B R B R 4 s — > BRI W AR
gk " (latent tensor) , SR J& X HL AT 2 0 RN A5 B , 4%
W5 AT DR XA 5K ok R KR, o

1) JPEG-AT#R%E (Ascenso2,2023) , i1 E brbr
HEALZHZ JPEG % i 2x (BRG BUR L R A) HlEm
— A~ I B 3 27 > 0 PR G 5 [ B bR o o T H T
2019 4E J3 5, IF © T 2025 4F 3 A S i1 ITU-T & 1

B ek

Bl 6 T 20330 JPEG ALAY
Fig. 6 JPEG Al Architecture Based on Multi-Branch Design

(ITU-TT. 840. 1), JPEG AIELJ] T-42 T+ 2 i 5 R 1
[T, 1) FH 44 5 R A0 o 205 Ak 3L i 1SR LR o A5 A
%o TEAMAS ARSI L JPEG ALR T 2402
(Multibranch) 331 (G 6 i) , 7] DIAR 4 &2 4= B
TG VA G S 28 B TR BE 5 BLAN  JPEG-ATTE T RE
PP kB4 ) T FE 00 e A B L SR T MS-SSIM
(Wang % ,2003) \ VMAF (Li %§,2016) . VIF (Sheikh
% ,2006) | psnrtHVS (Ponomarenko 4§ , 2007) | IW-
SSIM (Wang &: 2010) .NLPD (Laparra & 2016) il
FSIM (Zhang %5 ,2011) 45 LU HIHE A5 (19°F- 1) BD-
rate VE A VEA AR i, LR RE AR LG A% 48 g 5 A o (A
HEVC/H. 265) , 75 #H [A) 32 UL 58 BT & 1, BE 1T &
20% Dk LIRS

2) IEEE 1857.11 5 # (IEEE Std 1857.11-
2024,2024) KJET “ AR gL 5" (FVC-
SG) , I 1 2021 4E A S Y IEEE 1857. 11 F LAE4
(Subworking Group, SWG) 1E =il &2 o & br U T
202449 H 26 H i1 IEEE 45 #E 2 (IEEE SA) #i=f
A, I F 2024412 H 20 H IER KAl o i bnifE
T BT R B g i r TR i e T A X
THI AR AR I S OB B T AR A UL T
TR B 2= ) v B s 424 v . IEEE 1857. 11 &%
(Base/Main/High) == /N4 UK 43 il X B = Bl &2 2%
Al DA 5 45 M S KO AT R R . AR MR EE A
|, IEEE 1857. 11 F2 7% & T #1 % MS-SSIM 1 PSNR
HIAEAk , HeEBEAT E 3T H. 265/HEVC 1Y BPG J7¥:,
B IHEARIIA 30% LI _E AT R4

B XR B 2 20 1 7 v AN TR 1 2 Al it 45 4
X TR BEAE AR IR 5 i ] L 7 33 o Hp A X U1
R AR AT T 29, HoP IEEE 1857 11 /£ 5
HEPE BE B Bt 5 1 4 B o B 0 T A (6K,
4K, 2K, 768x512 (Kodak ZU¥E£E) ). 8 FHII 2k &5
- (Common Training Condition, CTC) H ¥ % T >k
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FHTF IR 9 R B 55 7 4K B 4R (Liu %5, 2020)
VeI . IIZRBHE BT 256%256 1]
B8 % F IPEG AL I ZRE R #4215 120,000 4>
K58 CE A 5,000 Z 3K HA CCO AT By ESEAHHL
FOREER) F1 17,000 D EHRH Ok A& lE1ERS 5
HNEER) R EABEET TR 2N
(IZ AL RE 1 T T AT BEAEAE R AR st IR AR T iy
JE4ithsg )i, M4 D7 , JPEG AT —1~ 4
50 R Pk E IR IR BN ST A G R
HDR (High Dynamic Range) &5 LA K — A~ i 15t il
A" (S RBE R Mo KR ) HEA TR PETTAS
1.4 NEGBIMRMR

Uiy 3 i B RE LA S A AR R 1AL A0 T 2017 4R /2
L, SR BERBILT R . AR K AR 1 £
JEE T A A S =B B
L4 1 IR Mt 53R i [a] 5% 22 725 46 i )

Chen %5 A\ (2017) $21H DeepCoder, 1] FH iy 21 viig
FI 2 B i ke 23 ) s N AR R S i) sk s o Hor,
T Iv) 5% 22 A AR IBCR A T AR GE g B Tz sh il 5
HEE. BlJE , Lu®E A (2019) $2H DVC, 55— T i
A R] P o 21 3 252 > o 1207 VA AT 2 > DG I
2% (4 SpyNet (Ranjan 55 ,2017) ) 7E14% K BE1T i
Az B AR BOIRI 5% 22 o SRS A B G i
FEAY (Balle 25 ,2018) X WP 53R iz 3l I K it ] 5%
ZEWATIRGE o RS TARNOR T 275 g o, A4 R
Ji 23 ) 1) )6 7 Ab B (Agustsson 45, 2020) | LR JE
(Liu%§,2020) 2 £ R (Liu 45, 2021) k3 0E 50
TR R 1Y IE 3 55k 22 A0 B (Hu 55 ,2021) (X
a8 52T B (Yang 55,2021) 55,

DL B ii i T E A i G SR g it A 14
B AT 3R £E T Wt a) 540 1z 2 Al i 5 5% 22 g, H:
Hh T[] 5% 26 38 o) 7R AR 2R SRR Ak A 7 17 PR Dl
B, S IAF RGBS A0 LR AP S it T AR A SEAI
AR AR, H ph S BT A5 AR AT AT X Rk 2 G
TR AL GERUT S i i e R o SEIB 2 IR
P £ AN AT PRt 5 R Y BCHE RAE R ), At S A5 i AR
PRARDCPESR B 7 IR 1) FBe CRFHUUREZS) .
14,2 TR WP il 8] 2544

2020 4 /£ 47, Ladune 55 A (2020) & 5 T
CodecNet , HR 3L F B 655 (warping) FIS% 2k
HEAT ML) S5 gt (g AR Sl A it ) 5k 22 ) . B
J&, Li %N (2021) #2ih DCVC, BE— 200 AR

J& R A Gt B it 8 A B g5 o v o B ) 2%
T RAGIZIE R 1R 3088, DLSE I = 3055 A G
. Jagk TAEZ2 R 2 RO R] R 3¢ (Li %%,
2022; Sheng 4%, 2023) . Z By Bt b N SCRC A (Li 4%,
2023; Lu % ,2022) HRAE A ] (L2 fif i Sl o 3R
fb) (Li%F,2024) %77 X DCVC, 433 Codec-
Net . DCVC K FASALE N 0 J7 3%, B34 FH AT 24 2] 11
I 28 A5 RS Ak 138 3 it T E 17 18 B M, DUTERRAE
WUE RS %

H T7E DCVC — & 75 & rhifs 2 43 il fif F il sy.
PRI m T Y it i) DL K3 s B, e AT 158k nl
HZERIR A gfidin . A H RSO A R
T, AE DA N7 AR TR 57 £ (R TR A i B A SEBR R AT T I
IR FE Z B (Sheng %5 ,2023) 5 H & J8 iF 5 w5
S
14,3 St P /i [ K 56 00 s %

I, 25 A R TN R ) A R A D AE T RE S
SRR 2 (] R R AP, S8 A S BRI
M E R Ty il X Ry X 455 T s st il L
SIS — BTN 5 R S AR L DG [ A
ZHEARAY < W R A R T AR AR | A 224 R s s
VL R (SR [ R 4o e 10 7 TP B B B =N
SEEE A (R /IME A8 U -

KT Ry 45 gt 1 1 M 23R T A R 4R 2, 1]
1818 Habibian 55 A (2019) 4 F1] F 2 [] wl if 254G
6 i Bk PR B — 2 AR T Y R SCEEBE Y T
YEo I, Liu 28N (2020) 3 i3 3 B 4 BOR R A B
Bl 5 S, X S T VTR S A A T AR, N P
BRIz sl i AAEMES 1 VCT (Mentzer 45, 2022)
MEl— H AR T 558 KA Transformer, 3R P
TAEAUAE B RO v A AR i (ED R LR 4 B0 1/
16) HEAT I S50 2% 14 A 23 A T, 3 6 AR KR B 1 FR
il T A A T AR, S BRI R
I, LufE A (2024) #E)2)2 VAE ZE4 B0 g b
5 B2 AR M S T 14 7 B 2 i 8 SR A, S T o
DA T ] 2 B 7 B — AR ) B8 — o Il ok ph A 3 40
P14 VR A TR 240 2 1K Wl 2 A P s S 1 o M 5 %
FONMARIERE S B R EN AR, &k,
DCVC Z 31 1 7% BT M5 150000 4 A 1 SEL AL, HE s T
%25 H SR DCVC-RT (Jia%,2025) .
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2
E RSN R LR
Pl 7 ST i RS AT

Fig. 7 Performance and Complexity Comparison of
Domestic and International Methods

i 8] i P14 20 % 1) 6 G L B B LT IR N 0 45
HCHY Toderici S5 7F 2015 4E 247 FF IR AHOC T4E , IF T
2016 4F & 3R — i BE T O 21 M 28 1 F 4 % 4t 7
% (Toderici % ,2016) ; 7 5 K24 ) Chen Z£7E 2016
RPN T SRR R  JF T 2017 4 R R — TR AL T
BRI Z ML F iS85 % (Chen %5 ,2017) . JL
TAE 2017 AF (¥ [F] I 397, 40 24 K2 K Twitter BT
FEH MR A Hiih & 27270 A 4 4% (Balle 25,
2016;Ballé % ,2018; Theis 2% ,2017) , 77 )8 T & fEA
BRI TERE

bl & BFE B AL R BIA XS — 1 VAE 2244, [
PN M AT BRI LF- [] A5 b 5 T 5 1) o] ik — 20 42
THEARTERE S HEALRE ). X — B Ben gk J il Kk
R ATSRUNP S o2

1) P& W42 M - DL DL R 32 00 4 £
fe-fi g B DI NB AR SREMS ARG
HERE 5407 ) (Transformer) 284, I F R F2E
AR AS 5 4 Joy — B

2) HEFRE BT SCEE: NS B (R R
YRR I A 25 () 48 B A AR ) & e B il TE [l
AL 2R R G A [RE, DLSERS 240 M 4 P2 v 22 B i 42
TR AR B A

3) BEALPLH]  AE S A BB Ak, 2O T
TERATUFIRBE ) 5 B AR Z A A1 o

4) RREBInSBAMA  7E1L58 MSE, MS-
SSIM ZAb, GIA FE WS R AL 551K (task-
aware) AR ; [A) I SCHENZR oM CAnxsHilZe) 528
Fy (AN &P B RL) A5 AEAH RS 3T A5 3 s
TS VNS

TEA SR, FE PR b RRIRHE A AR 5] AL
D3 [) B 4 2UA% SR 5 D 5t AR AT BA L A
Google , Microsoft , Twitter , Meta , Apple A £1 £ K 2% |
K 2% Simon Fraser K27 R B2 HEIRA T LA

MR =45 ENI RS ES L RES 5
PIRRIAR e, 3 R R b AR R R P E
BHAROR R | LISl R G AR R A (IR
HLER A P B TR R BUHITE R 58, DA
Lo ey R Bkl IR BT AE . P A
AAHES T RS 315 TR 3, dufe il
WFFEIN B —fR bR de I 17 2 AR AL, B0 65 2
W52 2% BE MR A AR | 5 a8 P 2 AT RS A
P

®1 PEXEE
Table 1 Chinese—English Dictionary

3L

o AR HSC AR

RS
CNN Convolution Neural Network LR 22 W 4%
UM Uniform Model e vy i
GM Gaussian Model TR A A AR
GMM Gaussian Mixture Model TR A o A s T
SAR Spatial Autoregressive 25 (8] { [nl)
CAR Channel Autoregressive SGiBEREN L]
HAR Hierarchical Autoregressive Z 2 H A

SCAR  Spatial-Channel Autoregressive % [A]-3H 38 H [2]1H

MR 2 "] LUE AR R 1 B e UG 46 0 5%
EHUYERE—E A EZ M B s S AU A . R
R (4N Factorized 2017 (Ballé %, 2017) . Hyperprior
2018 (Balle 55,2018) ) HCHi 45 FR 45 14 5 2o — ey H7 At
ML SRR (Z910M) B 2R, (B RS0
REA PR, 75 Kodak %48 % | 382k HVERE (BD-Rate)
T59% J5 T H. 266/VVC A 4 6% 30% LA L. B 2 B
FHE AL E H B (SAR) 5 [ [ (CAR)
ML, B 20 B4 s i bR SOl Re s
JointAR2018 (Minnen % , 2018) . ChannelAR2020
(Minnen 55 ,2020) ), I F R TSR K o A
20204 J , PR RHTE G 7 A

Los () -liE RS A BIH (SCAR) MBI, R4
P RE 15 B HE — 2L $E F+ (Chen %5, 20215 Cheng 55,
2020; He %5,2022) MR & 72 )8 S5 A Bz
FFF. S QARV2024 (Duan % ,2024) i#E—2 5]
ANJZ9 A BIE (HAR) 258 , 18 22 RO 1A% & 2 (1]
AT ARG R PRBE X ARy B R SCEAR T IR R
kI

HASE B A&, B & Transformer ) 2%
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Table 2 Overview of Representative Learned Image Compression Methods

Method Key compénent Params (M) KMACs (/pixel) Kodak BD=
Jrik Bt Ak BH I 57T r;;‘j)
Factorized2017 (ICLR’2017) CNN + Factorized + UM 7.03 204.00 67.80
Hyperprior2018 (ICLR2018) CNN + Hyperprior + GM 11.81 208.97 30.14
JointAR2018 (NeurIPS’2018) CNN + SAR + GM 25.50 224.80 10.61
ChannelAR2020 (ICIP’2020) CNN + CAR + GM 28.72 243.00 7.22
NLAIC2020 (TIP’2020) CNN + SCAR (3D) + GM 65.50 823.54 5.92
GMM2020 (CVPR’2020) CNN + SAR + GMM 29.63 512.80 4.55
ELIC2022 (CVPR’2022) CNN +SCAR + GM 36.93 573.88 -3.22
TIC2022 (DCC’2022) CNN&Transformer + SCAR + GM 28.40 506.72 -4.58
TCM2023 (CVPR’2023) CNN&Transformer + CAR + GM 76.57 1823.58 -10.70
QARV2024 (TPAMI’ 2024) CNN + HAR + GM 93.40 718.96 -5.81
MambalC2025 (CVPR’25) Mamba + SCAR + GM 75.78 1284.86 -15.72
HPCM2025 (ICCV’25) CNN+HAR+GM 89.71 1261.29 -19.19

7 : BD-rate DA VIMAE A FEUE

TIC2022 (Lu %% ,2022) 5 TCM2023 (Liu % ,2023)
U FL R it 320 ity e A HE B, 7 2 (R4 A | 51
T W E M, MambalC2025 (Zeng %5 ,2025) 45 %
B L 5] ARAS 25 [A] 2549 (State Space Model
SSM) , FEARIFH i T A5CRA [R] B S 307 R e DA A
T RS BEAERE (BD-rate -15. 7%) o IL4h, Al
T QARV ¥ W0 5k 2 REH =M,
HPCM2025 (Li%,2025) ISR AL, HiE
i Z AL LR SCHLHN A A RGO . %07 Tk
ST Y AT EE G 458 1 fBT E BE L 1fE (BD-rate
-19.19%) , it — 2 B0E T )2 WAL 11 E E AR A 4 )
TR SR AR

5% M RD EALIFAT, W S 0 Wk i —
277 M 1 1 HEZR R HiFiC (Mentzer 25 ,2020) DL
AR +GAN TEAR AR 2 0 2 4 TS B 5 AR
B Agustsson 26 A (2023) #HH “ 2B S50
FSCHE S, i [R] — b AR 3 A © 3 I — F S0 22 ) nT 4 4
AU 5 U146 o T ) IR 5, Muckley 58 A (2023)
i 3 BRI AR (implicit local likelihood ) 255 4¢
THORELE , e sl Xt pi Xk 1 2 A i 4% 5 Jia 558 A
(2024) ML B ECTE S (GLC) H4 785 48 2t g DA A5 25 45§
TR 3 5 IR FE I VQ-VAE W25 ], 4t 52 1
A Ui A 2 A FE W 5 AT AN A i /o i S

OS5 2 AR SE 50, K5 Rt — 25 A 0 P AR
PEA R TSE WE ES A PerCo (Careil %, 2024 ) | Dif-
fEIC (Li%,2025) \ResULIC (Ke%5,2025) 5 Stable-
Codec (Zhang 55 ,2025) AACF , ¥ se 5 Bt B4
JE 455 N8 ZR AR L 5 ) oy A — B 5 A
R ARAS 2R AL R B0 kb 4 40 QB RRAEAE X
1), INTTAE“ 38 - R H - BT = Jo 2 0] S AL
i, 83T LS T R MR, X R
A I3 A7 X /LSRR 51 N i 2] Sty G A (A 2
RD FIVRY N 3 - R E - BB = JoAU , Jf
5 SAR/CAR/SCAR .GMM 5 SSM %5 % WL 58 1% 1,
HAb,

95 25 1) i 1) it LA i S, [EED A9 ) A R T A G
P JBRL T IS KA N =R B DVC/FVE R
TR A 90 B S G VR B A = 19 DCVC &R 51
PR R R 2 5 3 A B H ) DHVC R G
XL Ty R R I I 2 TE S ) R AR O A 2RI
8 8 5 B A G 65 Bk fE H. 266/VVC (Bross 55,
2021) . PR, PN 1 o 4000 4 5 A o T /R4 AVS
o B R T o 2 AL A 5 PO R R B, R R —
PR T I 25 o AR, B BR B X —4R
HEF 2026 415 R 2027 S 01 i3 19 H. 267 br ik il
PEARMCERAFNI RN o 3 L 1T [ 98 A7 54 R A0 2t ) A
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X A2 2% B v 1) BB, AH R 43 2% b SR AE T i A%
G55 AT L 5 ) 22 N 53 RHIR 445 7 1% T )
JE I A (1 DHVC (Lu %5 ,2024) #1 DCVC-
RT (Jia%%,2025) C 4783 H 530 GPU L SE s 4b 7t
(4[] Bsf Ji B LG HL 266/VV C B B FPERE ) s b4k, A5G
L & 3 18 BE A8 4 5 SC 7 v 20 8 B 3kt 7 4 Y,
PUMIEP A A€ NG E IR S E A S vt ]
B, AL RELAS T 33X AN 7 1) A DR AR

3 RREZERE

B BE SIS G T 1 B 05 AE (SR AT ) 24 55
(1)) “Huih A ae ", H e 24 KR4y TAE R Bk
T[] N MR 5 e 4 o ) B — AT 55, I SBAE R
RN AR B AT XL A0 1 iy (5 S A
4520203 Zhang %5 ,2024) LUK iGN AR HL 5 8 d
BILAS L 50 SN A i 4R 2R (Yang 55,2024) . Ak,
L GUpE S0 Ly R = SR A R e N
[T 55 1 At 2, 3 1 T BE AR [ (0 AT 55 I 245 Bk
YR, X T PR30 28 1 A — e WX R 22, Y
F, B — 7 4 o Y 200 5 7 B P 45 BV AT 3 Y SRR
TEZAT 55 A e Can AR E @ LA E ) B 21818
JE 311 (Duan %5, 20235 Zhang %5, 2024, 2025) .
TCRE ) R ARAT T A A0 R ) 2 N S A 1Y
FS ML - X F AR s, SRR (7% 49 40 il
AN, A0 3 B 20K T BB SRR ke Al B 3 B A X
()53 AT R E AL RS HERS 45, 2023) o XY
TR A R A i i fE (Zheng %5 ,2025) , 1 & KA
AU 48 BN 68 A9 —Fh il BEAY i BE (Huang 5%,
2024),

I, o 35 R B RO BT & N FH AN g
TESCF G A 1 T R B T N B 28R
(514 3& [ OpenALAFEI Y Sora 2, H RT3 7] f) 7]
RAE) (REAAE, 2025, I R G55 ,2025; TR R,
2025) . [RIF, K ) T A4 sl KB A A 1 70 %
uifill (Zheng 55,2025 ; 1% % £ 55 ,2025) o KKtk , 1
KA BB T e UG A0 G i A 2 AR EL v T 1Y
Tz — . H EFINE R ARG AN AR A 1Y
E A AT AT LUK SCAS MR A i 40 1Y) e 1 4
ORI VAR DL b RIS BT X4 A L SE S5 (n
PR ), ] Bt 7 RS 280 A B G i S SC AR AT 8
VAE A5 BRI VB RRAE SR 5 | S 4 BB R, AT DL AR AR

RS (T 50 2 00 3 TR AR 26 1) T AR R A
Yt L —8 A E A (Careil 55,2024 ;Ke 55, 2025) .
o7 FH A R R 1) 13 S 4 S50 A K ) e i A A
WA i A2 BR s AR L AN i SRR RS TR
TR AR (5 R RAE,2025; TR ,2025)

T 10 4F 19 K Rk 35 v 3] I 2 > 1 R g IS
PR 2Rt Jee B 1 A R I PV 7 o AR ol B X6 RS
5 AN e 4 e BB ST XA 48 R U T 0 2 4
T, i HRAE TR 5 CANEC A i 25 00 26 Ak 21 2%
B RS shi ) O L8 S5 X A s 6. ik
— 2, B e S G I B bm o 1 A ok ol 5
PR BEHE Bl 7B B REIU gnit i TR 4
JEEFNTIAE Y ™87 2K, XY Wi B8 2l i (1) 53 01 A AR 28 3
FRA RS 5T . FER] WAk, W% it T2 il 2
A, R SR i 268 D 4 b B P AR R i — 2D B T
FNTIIAE A A B AT, %85 BB P00 2t R s o S AR
TETE B 0 2% Z2 A R AR RERAR, SEELZ
A B E RE , AU 2 B — 1Y Bt R 4 -

MRI¥ , 1993 4E 42 55 | R 5% 61, B 52 )y 1] kg
FANTHE BN 2 BEARECYE 24 15 . E-mail: chen-

tong@nju. edu. cn
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