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f = phi_e(f) # % % W
for 1 in range(L):

r = f
mu, var = est(f) # F Lk
f h=(f - mu) / std

mu = m_est(f_h) + mu

var = (1 4+ v_est(f_h)) * var

£ b= phi_d[1](f_h) # # ¥ % % b
f=fh * var + mu

f = torch.cat ([r,f], dim=2)

# oA gt

def est(f, eps=le-5):
f var = f.view(N, C, T, -1).var(dim=3) + eps
f_std = f_var.sqrt ().view(N, C, T)
f mean = f.view(N, C, T, -1).mean(dim=3)
return f mean, f_ std
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(a) BT (b) A& EHE (v=10)
S  STW LDA \ SSIM+  PSNRf LPIPS| FVD] Hdmas SSIMt PSNRtLPIPS|FVD| FPSt
0.632 23.43 0.182 422.0 BAIR 0.951 2890 0.014 46.1 183.2
v 0.749 25.39 0.116 307.9 Cityscapes 0.858 27.80 0.048 67.0 146.0
v v 0.778 26.65 0.109 246.2 KTH 0911 33.73 0.027 119.7 182.6
v v 0.771 27.12 0.103 243.8 SMMNIST 0.986 32.09 0.008 4.8 182.8
4 4 v 0.799 27.91 0.093 221.4 UCF 0.890 28.73 0.030 169.9 163.0
(c) LDA #fi:3% (d) #ERD (e) TR IIHL (f) gz (PSNRY)
AR PSNR1FVD/ J/N  PSNRIFVD] %7 PSNRTFVD) FE4E25 18] KTH BAIR City. SMM.
Concat  27.22 249.5 2 2698 253.6 - 27.12 2438 BE=m (6] 26.40 17.70 21.90 17.07
AdaIN  26.45 289.4 4 27.91 221.4 S-att  27.34 243.7 REZSIE] [24] 23.43 13.98 14.58 13.38
AdaIN-z  26.83 263.1 6 27.24 269.1 T-att  27.51 238.9 S S Ry 27.95 18.83 24.34 18.85
Ours 27.91 221.4 8 OOM OOM Ours 27.91 221.4 Vet SRy e (Esz) 3211 26.64 23.05 32.14
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7 3. KTH i (64 x 64) Lifpgiibbie. FAVEMFEE TS 10 F SOTA JrkdbfT e . AU R RIZ #5051

FREEME _EERE. K {3 LDA HEH.

u = 10,v = 30 u = 10,v = 40

Tk R SSIMt PSNRt

FPS
LPIPS| FVD] SSIMt PSNRf LPIPS|FVDJ T

U-ViT|6] CVPR23 0.642 26.13 0.155 694.7 0.606 25.40 0.179 772.0 4.08
DiT[48] ICCV23 0.657 24.29 0.124 7504 0.641 23.56 0.145 712.8 2.22
RaMViD [27] TMLR24 0.590 23.42 0.169 581.3 0.567 22.96 0.187 571.6 0.12
LVDM |[24] ArXiv23 0.644 23.83 0.167 481.1 0.632 2343 0.182 422.0 1.77
RVD [72] ArXiv22 0.782 25.32 0.128 441.1 0.758 2445 0.152 419.1 0.23
VIDM [44] AAAI23 0.694 25.02 0.150 357.1 0.661 24.32 0.172 376.0 0.89
LFDM [45] CVPR23 0.772 26.89 0.110 320.2 0.750 26.41 0.116 287.9 3.39
MCVD-c [61] NeurIPS22 0.812 27.45 0.108 299.8 0.793 26.20 0.124 276.6 6.35
MCVD-cpf [61] NeurIPS22 0.746 24.30 0.143 2949 0.720 2348 0.173 3684 6.38
MCVD-s [61] NeurIPS22 0.835 27.50 0.092 323.0 0.744 26.40 0.115 331.6 2.29
ExtDM-K1 CVPR24 0.804 28.34 0.077 2849 0.784 27.89 0.090 288.7 20.67
ExtDM-K2 CVPR24 0.801 28.43 0.076 239.8 0.779 27.73 0.089 244.1 24.76
ExtDM-K3 CVPR24 0.817 29.04 0.071 238.3 0.787 28.31 0.084 231.0 38.36
ExtDM-K4 CVPR24 0.838 28.53 0.082 227.9 0.799 27.91 0.093 221.4 45.28
4 o 4 o
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24.75dB

mcevo @ N4 R B
23.84dB

RVD
21.74dB

& 6. KTH Action (/) fl BAIR (7)) fywtEbbss. &)

BUERRTER DR 7. EZ ARSI 3H13 4,

FFm. AT, A7 )5 A T 2 A LA
PSNR, FEHL (o B bt RO B T2 34
FHHIN B, o, ExtDM 420 oh L
BSEN%E RRMAT . Wb, TTOLEE Ak
SRR B RORER (R (75 5477) it
S

I 2: %2k ok 5 TLE 2 ) 22 LT 6
. ASCHEFTSRI AT LDA fyAcHE, 165 1 (a)
1 (c) BB M bk, LT, 3 O
SR T 9.24% KIFEREILTE, 3 ELDA 6.80% (i
R 4 . ORI T LDA S5 AU A
e, HEOVBIRE G TR, R BT TR
SESL. MNP SR, FRA1A 77T DA A AL
VUGS, M2 T, FAlr i BB T ST L
B, EOUGS 2 TR R

W 3: BT FAUDN, 8RB 1]
BB EAS TR . I, AR SCHIE 1 81 1/

25.04dB

MCVD
23.85dB

RVD
22.37dB

MRTERR (AETHEAPEGATE) AR R R, MY PSNR

B, g 1 (a) F(d) HFm. S2REM], KR8 H R
BCEN 4 W, AT RIS R ANACR 2 A UG-
o JRNAPITH . 58, WEAHR/NREB 1 HI )
A, [ A AN AR SRR T T 73 8K S BRAH 24 O PR R
Rl e eI R B B R AR SO . 55—,
BRIE LN B TS, I BT R Toik
RRACHEAR AN AR, AT RECEREA

Bl 4 Bl SMAERFAL ] AR R A HE 24 B3 R SR [a] A AR
RH. FAHER 1 (a) A1 () PLH, PABRUE STW #
B R ATl R R AN U SR IR ] 4
B, R EAEE R AL EIET, PATEa MR SEE .

4.2. RF LSl

k3, £ 4, £5, £ 6HE PR, EIHE
WA SR AL (H) SMMNIST Al UCF-101) Al
=K SPESE (B KTH. BAIR fil Cityscapes)
PR T EEER.



# 4. BAIR itk bt kb (RF 64 x 64) o FATTEPIANTIIRAC T LR FATN IS 12 4> SOTA Jrikiygisit.

. u=2v=14 u=2v=28
FE G FPSt
SSIMt PSNRf LPIPS/FVD] SSIM{ PSNRf LPIPS|FVDJ
DiT[48] ICCV23 0.543 15.07 0.171 1013.6 0.520 14.65 0.186 2290.7 2.25
LVDM |[24] ArXiv23 0.464 14.40 0.182 900.6 0.435 13.98 0.198 1663.8 1.31
U-ViT|6] } CVPR23 0.740 17.32 0.078 200.2 0.696 16.53 0.094 263.5 3.84
LFDM [45] CVPR23 0.770 17.45 0.084 167.6 0.730 16.68 0.106 276.8 5.66
RVD [72] ArXiv22 0.792 17.88 0.072 139.7 0.750 16.76 0.093 267.1 0.23
RaMViD [27] TMLR24 0.758 17.55 0.085 166.5 0.691 16.51 0.109 238.7 0.41
VIDM [44] ] AAAI23 0.763 16.97 0.080 131.7 0.728 16.20 0.096 194.6 0.82
MCVD-c [61] NeurIPS22 0.834 19.10 0.078 90.5 0.785 17.60 0.100 120.6 4.15
MCVD-cp [61] NeurIPS22 0.838 19.10 0.075 87.8 0.797 17.70 0.078 119.0 4.15
MCVD-cpf [61] NeurIPS22 0.787 17.10 0.077  89.6 0.745 16.20 0.086 118.4 4.15
MCVD-s [61] NeurIPS22 0.836 19.10 0.078 94.1 0.779 17.50 0.108 132.1 2.51
MCVD-sp [61] NeurIPS22 0.837 19.20 0.076 90.5 0.789 17.70 0.097 1279 2.51
ExtDM-K1 CVPR24 0.785 17.73 0.077 114.2 0.748 17.04 0.096 140.3 29.32
ExtDM-K2 CVPR24 0.827 19.76 0.078 97.1 0.790 18.53 0.073 125.8 35.31
ExtDM-K3 CVPR24 0.838 20.18 0.066 86.1 0.802 18.83 0.069 114.7 37.44
ExtDM-K4 CVPR24 0.845 20.04 0.053 81.6 0.814 18.74 0.069 102.8 47.01
) ) - KTH BAIR
2% 5. Cityscapes #¥g4: Lt bbis () 128 x 128). 40 — %% —
ik AEAy u=2v=2 FPS jz
"’ "SSIMt PSNR7LPIPS|FVD, T %28
U-ViT[6] CVPR23 0.362 10.84 0.431 1045.3 0.40 °‘24
RaMViD [27] TMLR24 0454 13.14 0.395 812.6 0.12
VIDM [44] AAAI23 0539 1849 0.252 7247 0.54 20 i
RVD [72] ArXiv22 0489 17.21 0.242 4650 0.15 10 15 20 25 30 35 40 45 50 510 15 20 25 30
LFDM [15] CVPR23  0.579 20.32 0.157 1949 2.93 Wi Wik
MCVD-c [61] NeurIPS22 0.690 21.90 0.112 141.3 2.26 N . '
%101\)/11\)4-}[[(3)1]} NewlPS22 0.720 2250 0.121 1818 089 P 7 RIS LR BTLE AR
tDM-K1 24 0.631 2149 0.145 157.2 24.65 . . ~ .
ExtDM-K2 CVPR24 0.683 21.72 0.135 152.8 28.60 KU . 15, nIpAMEREE —HMER R, =
ExtDM-K3 CVPR24 0701 22.42 0.126 137.2 30.46 i )
ExtDM-K4 CVPR24 0.745 22.84 0.108 121.3 35.44 ASEENR A RESE T T 10.23%, XL T ExtDM
% 6. SMMNIST Heihidls L ik (R 64 x 64). 55Ept SOTAs (filfn MCVD. RVD) I ALFa bR
= =1 5k Y N(PAS
S i SSIMT“PS;;’T”LPI;)SWVM FPSt AR . R, 7 KTH A1 BAIR PR 10 %
— BN, KRBT PERE TN e (T AR
U-ViT[6] CVPR23 0510 17.44 0138 2515 4.08 SPEHIEL) 4-9.12% . {iF 5 SOTA 3 (MCVD)
RaMViD [27 TMLR24 0585 18.30 0.123 100.4 0.12 -9, CEg 3
L\?DMI[Q'I[] ] ArXiv23 0,624 1338 0.198 49.85 177 BUEAAL N o im 2 .
VIDM [44 AAAI23 0514 12.06 0241 49.08 0.86 - = R ; e
LFDM [[,]5]] CVPR23 0.710 15.68 0.137 21.32 3.41 f19-14.60%. 56=, FATERH] LDA [KFIT AT AR 24
MCVD-c [61 NeurIPS22 0.786 17.22 0.117 25.63 6.9 B o = N = o
MCVD—gp[f)[(]il] NeurlPS22 0.753 1633 0.130 2077 692 FPERE. HHUZ LDA B (K1) M, )2 LDA &
MCVD-s [61 NeurIPS22 0.785 17.07 0.120 23.86 4.15 : oG
MCVD-:f[[J(jl]] NeurlP$22 0.758 1631 0.141 4414 409 7t KTH, BAIR. Cityscapes fil SMMNIST [~
MCVD-spf [61] NeurIPS22 0.748 16.15 0.146 36.12 4.10 o
WoUT, AR Om g b ua ga  SMEBERANRIG T AT 104170 1817 4 LLOTE.
tDM- 776 17.55 0.085 13. 1 - NI X N . e
ExtDM-K4 CVPR24 0.813 19.59 0.068 11.11 24.54 A2 R B 1) 0 A AR XEAE — BBy ) A T, FRATRFEL
£ (=) y /\ ‘/ VBX ) > A Qi o
% 7. UCF-101 Btk iy ik (R 64 x 64), fRAE R Z A SN R T DA AR B 2558 . ok, T
—4u—12 SIAZERIM T ESA, SEACHEBERZ. Hit
il Ry ;SNWLPIPS pvp) OO BEI "ﬁi ‘/\EIFF’X y » Al;
T PSNRY HEVDL ExtDM $4t T a[§ AR K, Toit & 75 ZOR i I 14 g
RaMViD [27 TMLR24 0.639 21.37 0.090 396.7 0.33 ; o v by = *® vy
LgDMlug] ] CVPR23 0.627 20.92 0.098 698.2 3.53 AT R ERIAAT AR B ERAR AT DA A o
MCVD-cp [61]  NewrIPS22 0.658 21.82 0.088 468.1 1.72 . "
A A L R A BWIRCR LR . N T TR R B B —EohE, FA14

RGPS . Pr e iR B U7 % (RVD) 427
23.60%. KFHLBRY Iz S AN SN VL ARRR 2 1 2 15 4% DA Je 9
BB R ATTREAS IR K B Iz B AN N AERFAE , I
PR AT A B R AR R R . ATy ki
Yo 17 A SRR AT, ANREI )AL

TR T3 PSNR—WUMIZR 5 [ Pr4e i .
TR, FAITH AR — W e — W TRl P RE R
L. ExtDM FE KA o e BURIR L e RE , 52
P MCVD (-7.87 5 -10.20) 4 29.60% FyH:RE .

WAL LSS . 1 6 5 & 8 R T ExtDM Al SOTA
TEZ B EELE . AT, ExtDM W] PAF=AE i



F T
t=1 t=2  t=5 t=8 t=11 =14 t=17 =20

ExtDM
22.40dB

MCVD
19.93dB

RVD
19.04dB

M T
t=9 =10 t=11 t=12 t=13 t=14 t=15 t=16

ExtDM
31.29dB

MCVD
22.14dB

RVD
20.56dB

[ 8. Cityscapes fll Stochastic Moving MNIST %tk Eitpetibbss. Hin (ZERmiiEmAaamm M) mafER
o XA PSNR FERAIUR T It . A REZSEER, S0 5 F13K 6.

Fr—2m gk, HFlERAEBA SOTA Jrikr i Blay
SR (BN, ANIERRIEs, BEKe, HIRRA,
BOFRIE ) o X FRRIRIE T RAIBREE, RIEA 5%
FERER AL R, AT ARRMENEE .
AT BT FATHE A B B SR A AR Rk
TIHTRMRCR, BALB TR T 7.51 1. Nl
TR 2 PR R LA DU TR, AT kAl
MR R PRI BN LR .

5. tHg

BT ExtDM AR A JSUHE 28T DA E 22 BT 52

Jri. FERE, FATEAR T PANEAE R RS
BEALF R R ADAR, X BEALCF AT B e — > AL
fEsK . {5 B) ExtDM #Y50Ry, BIAERERS 91X — H ARl
SRS AR QSR BRI REOR Y B, 313
IR B SR AN [15], FATAT A R e v —
SE S A BB B2k R . ExtDM AR ML) 2 5h
LR H A SRS, W 9 (a) PR,
SE AT o B BCBEPLERCEAN, Pl ASE i 4
HZ L. BT ExtDM, ]R85 B0 AR 32 3h
LR IMEFIU T B S5 R WA, AT o 0 45
RS NN IZ s L RIATEIE. B9 (b) R T
I — WU SR BE B 2 2R IR T 5 AL T

6. Sk

AT T FET Y HERAER ExtDM, K
AT AL IS T 48 B M A R AT U FIIN  FATTHR5 RS
PAT 55 BB SO RSV P A R R R, T2

?
e

s

T/ AT98

L i{!’i!!:i?!:i?{!}’?i}’?i?{i}'?!??!?!’

EEUNE O §

P& YL YL DL YL YL

(b) & il f Tt
Bl 9. (a) SMMNIST FBabLE=FI (b) BAIR Ff5 ik
TR S .

BT AT 22 W E R R S 11 (i B B IR 5 5
AME R EE 1) AR AR R I 7 3h
APEATHAE, DAK 1) DABCRT I T 2o A v 4 A e )
WU o AER— DG SER E AR, SMEZ R BT H
Zead gt R, e, BT Al A E
A, PATE R AR SR Z Fia] BETE 0L . SIS, ExtDM
SRR S AR, I BT B IE R R LR 2
PEATRRERE . AETS OO B £ i) 2 SER R
ARSI R 00 5 AR s B ) SOTA.

B A BB T RETARAREES
(N0.20JCJQJC00020) B ARF¥ESE
(No.62306154) . e m B o8 5 4. BT K
L (NKSC) welh, PARARIAE B E R
235t INSAIT B4 4.



References

(1]

2]

(5]

(7]

(10]

(11]

(12]

(13]

(14]

M. Abraham, N. Suryawanshi, and
D. Hadsul.
curity system. In ICIT, 2021. 1

D. Acharya, Z. Huang, D. P. Paudel, and L. Van Gool.

Towards high resolution video generation with progres-

N. Joseph,

Future predicting intelligent camera se-

sive growing of sliced wasserstein gans. arXiv, 2018.
1

A. K. Akan, E. Erdem, A. Erdem, and F. Giiney.
Slamp: Stochastic latent appearance and motion pre-
diction. In ICCV, 2021. 2

M. Babaeizadeh, C. Finn, D. Erhan, R. H. Campbell,
and S. Levine. Stochastic variational video prediction.
In ICLR, 2017. 2

M. Babaeizadeh, C. Finn, D. Erhan, R. H. Campbell,
and S. Levine. Stochastic variational video prediction.
In ICLR, 2018. 1

F. Bao, S. Nie, K. Xue, Y. Cao, C. Li, H. Su, and
J. Zhu. All are worth words: A vit backbone for dif-
fusion models. In CVPR, 2023. 6, 7

A. Bhattacharyya, M. Fritz, and B. Schiele. Long-term
on-board prediction of people in traffic scenes under
uncertainty. In CVPR, 2018. 1

A. Blattmann, R. Rombach, H. Ling, T. Dockhorn,
S. W. Kim, S. Fidler, and K. Kreis. Align your latents:
High-resolution video synthesis with latent diffusion
models. In CVPR, 2023. 2, 5

L. Castrejon, N. Ballas, and A. Courville. Improved
conditional vrnns for video prediction. In /CCV, 2019.
2

Z. Chang, X. Zhang, S. Wang, S. Ma, and W. Gao.
Strpm: A spatiotemporal residual predictive model for
high-resolution video prediction. In CVPR, 2022. 2
X. Chen, L. Fang, L. Ye, and Q. Zhang. Deep video
harmonization by improving spatial-temporal consis-
tency. MIR, 2024. 2

Y. Chen, C. Hao, Z.-X. Yang, and E. Wu. Fast target-
aware learning for few-shot video object segmentation.
SCIS, 2022. 2

M. Cordts, M. Omran, S. Ramos, T. Rehfeld, M. En-
U. Franke, S. Roth, and
B. Schiele. The cityscapes dataset for semantic urban
scene understanding. In CVPR, 2016. 5

A. Davtyan, S. Sameni, and P. Favaro. Randomized

zweiler, R. Benenson,

conditional flow matching for video prediction. arXiv,

(15]

(16]

(17]

(18]

(19]

20]

(21]

(22]

23]

24]

(25]

[26]

27]

(28]

29]

2022. 1, 2

E. Denton and R. Fergus. Stochastic video generation
with a learned prior. In ICML, 2018. 2, 5, 8

F. Ebert, C. Finn, S. Dasari, A. Xie, A. Lee, and
Model-based deep re-
inforcement learning for vision-based robotic control.
arXiv, 2018. 1

F. Ebert, C. Finn, A. X. Lee, and S. Levine. Self-
supervised visual planning with temporal skip connec-
tions. In CoRL, 2017. 5

J.-Y. Franceschi, E. Delasalles, M. Chen, S. Lamprier,
and P. Gallinari. Stochastic latent residual video pre-
diction. In ICML, 2020. 1

T.-J. Fu, X. E. Wang, S. T. Grafton, M. P. Eckstein,
and W. Y. Wang. M3l: Language-based video editing
via multi-modal multi-level transformers. In CVPR,
2022. 1

A. Furnari and G. M. Farinella.
expect? anticipating egocentric actions with rolling-
In ICCYV,

S. Levine. Visual foresight:

What would you

unrolling Istms and modality attention.
2019. 1

Z. Gao, C. Tan, L. Wu, and S. Z. Li. Simvp: Simpler
yet better video prediction. In CVPR, 2022. 1

V. L. Guen and N. Thome.
dynamics from unknown factors for unsupervised video
prediction. In CVPR, 2020. 2

W. Harvey, S. Naderiparizi, V. Masrani, C. Weilbach,
and F. Wood. Flexible diffusion modeling of long
videos. In NeurIPS, 2022. 1, 5

Y. He, T. Yang, Y. Zhang, Y. Shan, and Q. Chen.
Latent video diffusion models for high-fidelity video

Disentangling physical

generation with arbitrary lengths. arXiv, 2023. 2, 5,
6, 7

J. Ho, T. Salimans, A. A. Gritsenko, W. Chan,
M. Norouzi, and D. J. Fleet. Video diffusion models.
In NeurIPS, 2022. 1, 2, 4

M. D. Hoffman, D. M. Blei, C. Wang, and J. Paisley.
Stochastic variational inference. JMLR, 2013. 1

T. Hoppe, A. Mehrjou, S. Bauer, D. Nielsen, and
A. Dittadi. Diffusion models for video prediction and
infilling. TMLR, 2024. 2, 6, 7

D. Huang, X. Xjong, D.-J. Fan, F. Gao, X.-J. Wu,
and G. Li.
via active learning. arXiv, 2024. 2

D. Huang, X. Xiong, J. Ma, J. Li, Z. Jie, L. Ma, and
G. Li.

Annotation-efficient polyp segmentation

Alignsam: Aligning segment anything model



(30]

(31]

32]

(33]
(34]

(35]

(36]

37]

(38]

39]

[40]

[41]

(42]

(43]

(44]

to open context via reinforcement learning. In CVPR,
2024. 2

G. Jia and J. Yang. S 2-ver: Semi-supervised visual
emotion recognition. In ECCV, 2022. 2

J. Johnson, A. Alahi, and L. Fei-Fei. Perceptual losses
for real-time style transfer and super-resolution. In
ECCYV, 2016. 3,5

H. S. Koppula and A. Saxena. Anticipating human
activities using object affordances for reactive robotic
response. TPAMI, 2015. 1

Y.-H. Kwon and M.-G. Park. Predicting future frames
using retrospective cycle gan. In CVPR, 2019. 2

Y. LeCun, Y. Bengio, and G. Hinton. Deep learning.
Nature, 2015. 2

A. X. Lee, R. Zhang, F. Ebert, P. Abbeel, C. Finn,
and S. Levine. Stochastic adversarial video prediction.
arXiv, 2018. 1, 2

J. Li, J. Zhang, J. Li, G. Li, S. Liu, L. Lin, and
G. Li. Learning background prompts to discover im-
plicit knowledge for open vocabulary object detection.
In CVPR, 2024. 2

X. Liu, G. Xiao, R. Chen, and J. Ma.

Preference-guided filtering network for two-view cor-

Pgfnet:

respondence learning. TIP, 2023.

X. Liu and J. Yang. Progressive neighbor consistency
mining for correspondence pruning. In CVPR, 2023. 2
Z. Liu, Y. Lin, Y. Cao, H. Hu, Y. Wei, Z. Zhang,
S. Lin, and B. Guo. Swin transformer: Hierarchical
vision transformer using shifted windows. In ICCYV,
2021. 5

H. Lu, G. Yang, N. Fei, Y. Huo, Z. Lu, P. Luo, and
M. Ding. Vdt: An empirical study on video diffusion
with transformers. arXiv, 2023. 2

S. Ma, J. Gao, R. Wang, J. Chang, Q. Mao, Z. Huang,
and C. Jia. Overview of intelligent video coding: from
model-based to learning-based approaches. VI, 2023.
1

S. Ma, L. Zhang, S. Wang, C. Jia, S. Wang, T. Huang,
F. Wu, and W. Gao. Evolution of avs video coding
twenty years of innovation and develop-
ment. SCIS, 2022. 2

M. Mathieu, C. Couprie, and Y. LeCun. Deep multi-
scale video prediction beyond mean square error. In
ICLR, 2017. 2

K. Mei and V. M. Patel. Vidm: Video implicit diffu-
sion models. AAAI 2023. 6, 7

standards:

[45]

[46]

(47]

(48]

(49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

H. Ni, C. Shi, K. Li, S. X. Huang, and M. R. Min.
Conditional image-to-video generation with latent flow
diffusion models. In CVPR, 2023. 6, 7

Y. Nikankin, N. Haim, and M. Irani. Sinfusion: Train-
ing diffusion models on a single image or video. In
ICML, 2023. 2

S. Oprea, P. Martinez-Gonzalez, A. Garcia-Garcia,
J. A. Castro-Vargas, S. Orts-Escolano, J. Garcia-
Rodriguez, and A. Argyros. A review on deep learning
techniques for video prediction. TPAMI, 2020. 1

W. Peebles and S. Xie. Scalable diffusion models with
transformers. In ICCV, 2023. 6, 7

R. Rombach, A. Blattmann, D. Lorenz, P. Esser, and
B. Ommer. High-resolution image synthesis with la-
tent diffusion models. In CVPR, 2022. 1
C. Schuldt, I. Laptev, and B. Caputo.

human actions: a local svm approach. In ICPR, 2004.

Recognizing

5
X. Shi, Z. Chen, H. Wang, D.-Y. Yeung, W.-K. Wong,
and W.-c. Woo. Convolutional Istm network: A ma-
chine learning approach for precipitation nowcasting.
In NeurIPS, 2015. 2

K. Soomro, A. R. Zamir, and M. Shah. Ucf101: A
dataset of 101 human actions classes from videos in
the wild. arXiv, 2012. 5

N. Srivastava, E. Mansimov, and R. Salakhudinov.
Unsupervised learning of video representations using
Istms. In ICML, 2015. 5

M. Sun, W. Wang, X. Zhu, and J. Liu. Moso: Decom-
posing motion, scene and object for video prediction.
arXiv, 2023. 1, 2

B. Tan, N. Xue, S. Bai, T. Wu, and G.-S. Xia. Planetr:
Structure-guided transformers for 3d plane recovery. In
1CCV, 2021. 1

B. Tan, N. Xue, T. Wu, and G.-S. Xia.
Neural one-plane ransac for sparse-view planar 3d re-
construction. TPAMI, 2024. 1

S. Tian, C. Finn, and J. Wu. A control-centric bench-
mark for video prediction. In ICLR, 2023. 2

T. Unterthiner, S. K. Kurach,
R. Marinier, M. Michalski, and S. Gelly. Towards ac-
curate generative models of video: A new metric &
challenges. arXiv, 2018. 5

A. Villar-Corrales, A. Karapetyan, A. Boltres, and
S. Behnke.

spatio-temporal scales with hierarchical recurrent net-

Nope-sac:

van Steenkiste,

Mspred: Video prediction at multiple



[60]

[61]

(62]

(63]

(64]

(65]

[66]

[67]

[68]

[69]

[70]

(71]

(72]

(73]

works. In BMVC, 2022. 1

R. Villegas, J. Yang, S. Hong, X. Lin, and H. Lee.
Decomposing motion and content for natural video se-
quence prediction. In ICLR, 2017. 1

V. Voleti, A. Jolicoeur-Martineau, and C. Pal. Mcvd:
Masked conditional video diffusion for prediction, gen-
eration, and interpolation. In NeurlPS, 2022. 1, 2, 5,
6, 7

L. Wang, G. Jia, N. Jiang, H. Wu, and J. Yang.
Ease: Robust facial expression recognition via emotion
ambiguity-sensitive cooperative networks. In ACM
MM, 2022. 2

Y. Wang, Z. Gao, M. Long, J. Wang, and P. S. Yu.
Predrnn++: Towards a resolution of the deep-in-time
dilemma in spatiotemporal predictive learning. In
ICML, 2018. 1

Y. Wang, L. Jiang, M.-H. Yang, L.-J. Li, M. Long,
and L. Fei-Fei. Eidetic 3d Istm: A model for video
prediction and beyond. In ICLR, 2018. 2

Y. Wang, H. Wu, J. Zhang, Z. Gao, J. Wang, P. Yu,
and M. Long. Predrnn: A recurrent neural network
for spatiotemporal predictive learning. TPAMI, 2022.
1,2

Z. Wang, A. C. Bovik, H. R. Sheikh, and E. P. Simon-
celli. Image quality assessment: from error visibility
to structural similarity. T1P, 2004. 5

C. Wen, G. Jia, and J. Yang. Dip: Dual incongruity
perceiving network for sarcasm detection. In CVPR,
2023. 2

C. Wen, X. Zhang, X. Yao, and J. Yang. Ordinal label
distribution learning. In ICCV, 2023. 2

H. Wu, Z. Yao, J. Wang, and M. Long. Motionrnn:
A flexible model for video prediction with spacetime-
varying motions. In CVPR, 2021. 2

J. Xing, W. Hu, Y. Zhang, and T.-T. Wong. Flow-
aware synthesis:
frame interpolation. CVMJ, 2021. 1

B. Yang, C. Liu, B. Li, J. Jiao, and Q. Ye. Prototype
mixture models for few-shot semantic segmentation. In
ECCV, 2020. 4

R. Yang, P. Srivastava, and S. Mandt. Diffusion prob-

A generic motion model for video

abilistic modeling for video generation. arXiv, 2022.
2,6, 7

S. Yang, L. Zhang, Y. Liu, Z. Jiang, and Y. He. Video
diffusion models with local-global context guidance. In
IJCAI 2023. 2

(74]

(75]

[76]

[77]

(78]

[79]

(80]

(81]

(82]

(83]

(84]

(85]

(86]

(87]

(88]

X. Ye and G.-A. Bilodeau. Vptr: Efficient transformers
for video prediction. ICPR, 2022. 2

X. Ye and G.-A. Bilodeau. A unified model for con-
tinuous conditional video prediction. In CVPR, 2023.
2

L. Yu, Y. Cheng, K. Sohn, J. Lezama, H. Zhang,
H. Chang, A. G. Hauptmann, M.-H. Yang, Y. Hao,
I. Essa, et al. Magvit: Masked generative video trans-
former. arXiv, 2022. 5

S. Yu, K. Sohn, S. Kim, and J. Shin. Video proba-
bilistic diffusion models in projected latent space. In
CVPR, 2023. 2

W. Yu, Y. Lu, S. Easterbrook, and S. Fidler. Effi-
cient and information-preserving future frame predic-
tion and beyond. In ICLR, 2020. 2

Y. Zhai, G. Jia, Y.-K. Lai, J. Zhang, J. Yang, and
D. Tao. Looking into gait for perceiving emotions via
bilateral posture and movement graph convolutional
networks. TAC, 2024. 1

P. Zhang, D. Wang, and H. Lu.
sual tracking: Review and experimental comparison.
CVMJ, 2024. 1

R. Zhang, P. Isola, A. A. Efros, E. Shechtman, and

O. Wang. The unreasonable effectiveness of deep fea-

Multi-modal vi-

tures as a perceptual metric. In CVPR, 2018. 5

Z. Zhang, S. Chen, Z. Wang, and J. Yang. Planeseg:
Building a plug-in for boosting planar region segmen-
tation. TNNLS, 2024. 1

Z. Zhang, J. Hu, W. Cheng, D. Paudel, and J. Yang.
Extdm: Distribution extrapolation diffusion model for
video prediction. In CVPR, 2024. 1

Z. Zhang, S. Liu, and J. Yang. Multiple planar object
tracking. In ICCV, 2023. 1

Z. Zhang, L. Wang, and J. Yang.

vised video emotion detection and prediction via cross-

Weakly super-

modal temporal erasing network. In CVPR, 2023. 1
Z. Zhang and J. Yang. Temporal sentiment localiza-
tion: Listen and look in untrimmed videos. In ACM
MM, 2022. 1

Z. Zhang, P. Zhao, E. Park, and J. Yang. Mart:
Masked affective representation learning via masked
temporal distribution distillation. In CVPR, 2024. 2
P. Zhao, P. Xu, P. Qin, D.-P. Fan, Z. Zhang, G. Jia,
B. Zhou, and J. Yang. Lake-red: Camouflaged images
generation by latent background knowledge retrieval-
augmented diffusion. In CVPR, 2024. 2



(89]

[90]

(91]

92]

(93]

(94]

S. Zhao, G. Jia, J. Yang, G. Ding, and K. Keutzer.
Emotion recognition from multiple modalities: Fun-
damentals and methodologies. SPM, 2021. 2

S. Zhao, X. Yao, J. Yang, G. Jia, G. Ding, T.-S. Chua,
B. W. Schuller, and K. Keutzer. Affective image con-
tent analysis: Two decades review and new perspec-
tives. TPAMI, 2022. 2

S. Zhou, D. Chen, J. Pan, J. Shi, and J. Yang. Adapt
or perish: Adaptive sparse transformer with attentive
feature refinement for image restoration. In CVPR,
2024. 2

S. Zhou, M. Jiang, S. Cai, and Y. Lei. Dc-gnet: Deep
mesh relation capturing graph convolution network for
3d human shape reconstruction. In ACM MM, 2021.
S. Zhou, M. Jiang, Q. Wang, and Y. Lei. Towards
locality similarity preserving to 3d human pose esti-
mation. In ACCV, 2020. 2

X. Zhu, J. Song, L. Gao, F. Zheng, and H. T. Shen.
Unified multivariate gaussian mixture for efficient neu-

ral image compression. In CVPR, 2022. 4



	. 引言
	. 相关工作
	. 方法
	. 运动自编码器
	. 分布外推扩散模型

	. 实验
	. 消融实验
	. 对比实验

	. 讨论
	. 总结

