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Multi—Scale 3D Decoupled Convolutional Video Prediction Method
Based on Structure and Texture Decomposition

ZHENG Ming-Kui WU Kong-Xian QIU Xin-Tao ZHENG Hai-Feng ZHAO Tie-Song
(School of Physics and Information Engineering, Fuzhou University, Fuzhou 350108)

Abstract Video prediction is a fundamental task in computer vision, aiming to predict future
frames based on a series of historical frames. It is a dense pixel-level prediction task with broad
application value in fields such as autonomous driving, traffic flow prediction, and weather
forecasting. Traditional video prediction methods typically rely on autoregressive model
architectures, which use a cyclical strategy, taking the output of the previous frame as the input
for the next frame, and recursively predicting in a loop. However, current models still face
unresolved challenges. In particular, many existing approaches perform down sampling through
strided convolution when reducing the dimensionality of video data, which inevitably leads to pixel
loss and neglect of local details, thereby compromising the clarity of the predicted results. To
mitigate this issue, non-autoregressive models have been proposed, featuring a multi-frame input
and multi-frame output architecture that generates future {rames in parallel, breaking away from

the cyclic framework and effectively avoiding the accumulation of prediction errors. However,
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existing models still face pressing issues that need to be addressed. Objects in videos often exhibit
irregular motion, and the variability in video content along with multiple possible motion
trajectories make it challenging for network models to predict image motion accurately, resulting
in blurred image details in the predicted frames. To tackle this challenge, this paper introduces a
novel research approach that leverages the characteristics of wavelet transforms through the
separated learning of feature domain structure and texture to enhance the quality of video
prediction. Under this separated structure, the low-frequency structural information, after detail
removal, has stronger temporal correlation, which aids in more accurate spatiotemporal prediction
of image regions. High-frequency detail features are learned through an independent enhancement
module to improve the local quality of video prediction. Additionally, by using a two-level
wavelet transform, down sampling operations can be performed to reduce image resolution
without losing pixel information, and corresponding up sampling operations can be achieved
through inverse wavelet transform. This symmetrical structure maximizes the retention of image
information and allows for more accurate prediction of subsequent images. Furthermore, this
paper designs a multi-scale 3D decoupled convolution module that uses convolutional kernels of
different sizes to learn regional features at various scales. This module decouples traditional 3D
convolution into 2D and 1D convolutions. This decoupling method focuses on learning the spatial
and temporal characteristics of low-frequency structures, which not only improves predictive
performance but also reduces the model's parameters and memory consumption. This design
enables the model to more effectively capture both short-term and long-term temporal
dependencies, thereby enhancing the accuracy and coherence of video prediction. Finally, a high-
frequency detail enhancement module on a small scale is designed to learn the decomposed high-
frequency information and predict image details and textures, enhancing the local quality of video
prediction. The experimental results on synthetic data and real-world datasets show that the
algorithm designed in this paper has higher prediction accuracy than existing algorithms. It has
more accurate prediction performance in local details and overall prediction morphology. Among
them, the MSE on the Moving MNIST dataset is 15.7, which is 34%, 20.7%, 11.3%, and
4.8% lower than the existing advanced algorithms SimVP, TAU, SwinLSTM, and VMRNN

respectively.

Keywords video prediction; multi-frame input and multi-frame output; structure and texture

separation; decoupled 3D convolution
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Cat Ef LJEZEEZJEﬁ Concat 3‘94‘5% .

3.4 RIMEHE RS RE 3D EEERER
T AR v o IR 25 4 I 2% g 25
A, iR~z > it T2 18] A AH G AR SCRY AR 2 %2

SR 3D BT 25 AREPE Y 2= 2] . 3D &R
PAEF ] 5 B B B = 4 B RHRRAE R4 7 2% >0 XA
BBE A AR AL S . (H LI AN 1R S5
AT NAERIEAE . A T R 2 BN SO
PR TR , A SCR T T 2 RE 3D fiffi 6 B
Peo il 2(d) Frs A AR TR RUOEE B 6 R ok 2= )
JR A4 R YRR o 3D ff A B S 1Y R AR T
BAE = A 2s [A) N R  2E A7 0 46 B L o f R 1Y)
J5155 s il PR AR X 0 ST A BV A5 B (A 33X 3
ARG 1 X 3X3FN 3 X 1 X 1) Seih AT 2D A1
DA B2 () 24 5, PR AT 1D #5 AL A B A] 24 )5
e Z BT AR S G at — A 1 X 1 X 1 I BT 4
L, AR T O B RGE A I AR ]
PIREFRIR R -

LRUG B RRIE A
T 3D RS R S AR 3D B AT
AR AR SCKG X PRSI ) 5 FRUIT 6 B 1) FLOPs (8K
(AR RO AT TX L .

PR 7 2 BT R B & 4 BT L A RR
HE B ) R SF o X, @ RO TS R i 3D 4 R
R/ R K, X K, X K, B9 5 BUZ 76 i8] R .
Vi B = 4\ﬁﬂl:$§zjl iﬁiﬁ’]%ﬁ@lﬁ'ﬂ‘jﬂ

FLOPsgD =C, X K, X K, X K, X cw, X
T'XH X W (12)
3D R BB AR UE 3D 8 B4 i 43 18] 2D 4%
FRAIBHE ID B AL BN L X K, X K, FI K, X 1 X 1,1t
ﬁgﬁ/\ﬁﬂﬁiﬁ% W‘H?FK%E’J%?EIER#%
AR B RST
Xou ER X""X“’XW’,JF"J SDﬁﬁ%%Jé% (49 Flops AR
FLOPspp=Cy X K, X K, X C,y X T'X H' X
W4 Cou X K, X Cou X T'"X H'X W'
T LRI S e 15— 3 1T R IR B (M8 2D
J& 1D J5 PRFAE B R/INASAE v (6] A i A B )
TEE K NER R T X H' X W' HR T 7 i Heds %
TREH A 38 T RN A ) 3 — B W) R R 3D SAR i

1
3D 9 FLOPs tWJﬁK +K/><K LIS

K Ko Ko RN UK AL TR e L]

B LA BOn s ot K A H3.5.7, Wit

BARE] T H I 4/9.6/25.8/49. W 4E R EAT R
B, 3D BRI THREL/ 3D A AR B THRLR
ﬁﬁj\%ujw 25.4.167.6. 125 ({HHOR A . At
S BRI, 3D MRl AR 3D
E’Jj_—ﬁ“““*ﬁéﬁﬂﬁﬁ;%hkzrxmﬂkmE’J
TP AR RS WS 1) DI 357 T BB A TR b 4 1
PRV FEAN [ GEFE AR EA ST BE 1. 2D BRI L
T B UG — Mt PN A 25 R RRAOE A3 2% SC BRI IR
1D A5 R L 3 T4l B o5 it 2z [ g s ) B 28 4
BB RS . R 2D AR A B T 1 AR A
TG % 5N S 5 M 9 3 X6 J) 350 AN 4 SRy R AT A R
J& 5 DT AE AN [R] 9 T30 4T 45 Hh S B0 B A 1 44 e

(13)
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(b) 3DMREGEL SR E
B4 briE 3D BRI S 3D S RT3

LA i 3D AR A B T3 SR i/F 2355 i
R RNV . X R RIS o T
TR 3 07 S AT B T Ak BN [R] 23 B AR A AR
o ad i 2 R R Az ] A8 R BE A (] i 4t
BRI HH AR ER 3 A 2 AR L X AR A
P oA 25 B R T vpoJC Ry
3.5 BIET/NREEERR

FEAATITIN v, e AU R0 45 P4 A 24019 R
PRAF L, i SRR IR A0 S SR 58 J2 2 TH LA ot o
A ZOD IR T 51 Hh L 3 SR AT B T4 4
Gt i s 2522 A P R iE sh AT ARAE 1L, X0
TN 75 0 BEAR AN PN B OCTE B, O 1 DR AR
W Hb Hh T R Iz Bl AN — BRI PN 728 T S T A T
BRI, 5 LA A 15 /N RS s e, T fid
T 68 2875 15 B

e R AE 3 SR AR B A O 1 X T/ VA AR X
b 2 B A DR L2 T A/ 0 » RE 8 BEOA Ay M A i 1]
B A T A SO . X R B
FH T RA A Rl 80 R 2 & AR DR R IR 2 AR
SRR OL T o T DUA R B BUR TRk o i i X A
5 2 AR BEAE S AER MU 2 R P Al N Y
T B e RT3 B B8 R 5 o

N T AR B PR RE I8 SR T 04
BRREOR . A BUE R g AR 7 2 4

T LT BEAT A BB L 7T D)t S e R A 1 28
ARG A . X R ITEA O TR A
R AR T YN SRR Y T AR AL T A S
TEGTIRZ RV il % . BRI Ty
P AL AR BB A8 B 2 S0 Ak B S e L X0 T
I s RRLAT AR BRI T O E

TSV BRBEAY vh 43 1K PR/ NI Ak 3L 1 v At
FRIE R A R 5 /N R 4 ARG s e, HIR X 1
W EIEAT ISR A 2] o GRS A s R AE AT DL SR
NH
Zy= Conv, « 1<R6Lu<C0nv1 x 1<FI,HA,HI,A,HHA> ) ),

k=1,2 (14
For Y BT 2 F g i, SR — RN
J 53 B B R SRR, 25 R 2 5 o F o, e, RS IR
AN 53 7 1) iR ARURFAE

4 ZWERSHW

4.1 ZRRERESHILE

AR CAE Pytorch 1. 12. THEZR T SZ2 80 1T ik,
16 NVIDIA GeForce RTX 4090 #4171 5256, 3 it
T CUDA 10. 2 “F- & #A7 i 5. EHrHE &R
4t Ubuntu 18. 04, JF & 15 4 Python 3. 8. 18.

XF T # S 50k B . 7F Moving MNIST % ¥ 4
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I+ . batch_size 24 16, 2% 2] (1) 2Ky 0. 001 , %5 [8] 4 %
PEREOR R EEE (hid_S) 2k 64, I 23 2% 5] 2% B ik 2 50 e
Chid TR 512, /N T RFEREC 2, 25 24 2] g3
MSDe3D HHE(N_T)h 8. 7F TaXIBJ EudidE I,
batch_size & 16, Ir 5 0. 0005, hid S 24 32, hid T 2k
256, /N RFFECH 1,N_T 2 10, 7£ KTH %
£ |, batch_size 7 4,1r }0.001,hid_S Hy 64, hid_T
h 256, /NJE R ORFERECR 2,N T Ry 6, = EHE
LA Adam DAk % 24T D0 AL I8 1] onecycle
HEAT27 2] R A
4.2 FEIERR

A SC A S AT A IESE, KA ) Y BCH R
ARG AR . X5 T Moving MNIST , TaXIBJ %k
P, % MSE.MAE . SSIM e 1A% W i &t . %f
T KTH #5045 4 , 2% FHl SSIM. PSNR 3 3 £ 7 1]
Ji
4.3 HiER&E
AR i A R S e A VEA
AR SCIBERY, = AR AR RN 5 B AN 1 s .

®1 BRENA

" . . WA G gk
Hfndke IR MALE EGRGT WO WO R
MMNIST 10000 10000  (1,64,64) 10 10 2000
TaXIBJ 19627 1334  (2,32,32) 4 4 50
KTH 5200 3167 (1,128,128) 10 20 100

Moving MNIST"™ & —A> 32 i F (4 & i kicdls
£ 1 0-9 A T 5 (R BCT- 4 B 7 64 X 64 N H%
P ST B8 B0 9 N3 AR B R B S T A ) bR
WEFEAE . HAP I ZREEA 10 000 S FUA5F 51 L 3 4
A 10 000 AT 51 » B4 HA T 51 £l 20 it [E1 15 21
A AT 10 MVE A AL 5 10 WifE A H FR{H .

TaXIBJ" M & M H FH 4 GPS W a4 1)
b 5T L E BB . TaXIBJ 94— MR 2 —
A 32X 32X 2 IR AL Horp B e — N 4R R i
[ — DX 8k ) 5 38 I o o AR S A SCik [ 42 ] P Y S
UG UEE I S5 D8 A B A Tk, oA i
TNk . AR S 4 A XL ke T 422 T e g 44
TSR, R B 0 — A R0, 10 AR SR FH A ot
MSEER B .

KTHW . 25 #4Zi& R R Rl seh £
AT ST AN SIAE GBS 18 i, B2, 225
T 30T 1K EE AL B 160X 120 Y K /N JH 2 Ky
128X 128 43 HER . i 1-16 5 AN L A7 45, 17-

25 S HEAT IR . YRR 10 Mot 3500 5 i 10 o, 0] 3
FF 10 W S50 20 it .
4.4 ZWEEHH
4.4.1 Moving MNIST %4 5525

AR CHE Moving MNIST #0484 I AR 38 A -+ i
X JG W EAT U L X BT AR O AR A
BR R SE R P s [ R A HE AR AL DL AR
A 2 1 22 AR, SR 45 B3 2 BT

&2 7£Moving MNIST LRI 45 8

- - MSE | MAE  SSIM

v 0
ConvLSTM" (NIPS 2015) 103.3  182.9  0.707
PredRNN™ (NIPS 2017) 56.8  126.1  0.867
PredRNN+-+"" (PMLR 2018) 46.5  106.8  0.898
MIM'™ (CVPR 2019) 44.2  101.1 0.910
LMCH (CVPR 2021) 41.5 - 0.924
E3D-LSTM™ (ICLR 2018) 41.3  87.2  0.910
MAU®! (NeurIPS 2021)  27.6 - 0.937
PhyDNet™* (CVPR 2020) 24.4  70.3  0.947
SimVP" (CVPR 2022) 23.8  68.9  0.948
TAUM (CVPR 2023) 19.8  60.3  0.957
MIMO-VP! (AAAI 2023) 17.7  51.6  0.964
SwinL.STM" (ICCV 2023) 17.7 - 0.962
VMRNNZ (CVPR 2024) 16.5 - 0.965
TSIF! (ESWA 2025) 18.3  55.9  0.961
Ours - 15.7  50.7  0.966

M 2 n] LU AR SCI RS RIS T fe A R
gEH . S EZEAAY SimVP B AR 1, MSE Fil MAE
Iy B REAR T 34.0%. 26.4% ., 5 MIMO-VP'™ |
SwinL.STM"™ iy 485 S AH L . A SO MSE F#K T
11.3%. ST TAE TSIF A1 H . MSE FEAK T
14.2%,

A SRR B T AR BT T R A 25 R A
B S rs o AT RT DU o A< SCRY F il 285 S A A
S i) iz Bh A LT 58 4 — 2, B I T 2538 B T
Vs JCHR T S 0 53« B i LS, T e fs —
BT R A R A W AT L B 37 Y a) At A B

5o PUNZEFUER T AR SCR/INEE T RAERBIHAE
B FE AT T A R . E A g A SR )
IR IR, oK o0 Ay i A A AR AR A 5 {5 2 . AR b
R RSN A B T AR L A AR S S T
B B AT LA FH s S 41 47 e Az i N e R . &
BT /N RRE BG SR AT — 20 Kb Bk e AR 4
FEF T EMR B A0 B, 15 30 S MU T ST
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K5 Moving MNIST ] #i4k2% 5

BT LAk, T TR AT A5 S BSR4 — 3K, X AR
25T 3D M A FUTE I 25 RRAE SR U T AR . il
1843 ) Kb B 5 (] A [R) AR A 48 v T A AR T ) 25 AR
TR M2 RE ST . f 3D 45 BLRE % T v A Hb Al
PEBF 25 B A RRE , B DRAS R A T A4 Ao [ ot T 0 s
REfS AE NS LS s — B 25 2R

SLGE AN AR SCI Ty v e A S N R R AR
1 3D RS B A I 2 R R RE 7 L DA K Ay
AN RUBE 1 5 B B 0 25 & il 45 B AU 4E Moving
MNIST Fd 5 1 B T R SR A 2 6 A A5 3L
R EBIERE] T BRI .
4.4.2 TaXIB] BiasEsc

ARSCHE TaXIBJ FdE 4 1R FH A Y ot i) 2238 3t
S PSR T S PO o, I 20 L A AR AR L I e 1
DU 77 325 A7 R bR PPl AR SCRE AU /9 PR g, 3 3
BT

M 3TN BR T MAE B& 335 T TAU AL, A
SCHY T ¥ETE MSE 1 SSIM 1AL 48 b5 S T el
M PEdE . 5 SImVP A L. A ST MSE BE I T
19.6% . MAERMIE T 1.9% . AT HMEZEREZ
8] 4 22 57 L AR SO Bt 4 SR 0k A7 T T AR . ik 6
Fin . BT EURZ 0] 0 28 528 B I8, AR SCRR oK 15
N T 5 S T ) o 2 85 SRABTEA T T AT Ak, S
AR, TR I A SO kR R (EHZE
5 L R] 28 B SimVP AR A B /N AR AR
PERE.

£R3 7ETaXIBJ FHISSIEER

WIRES IR MSE = MAEy SSIM*

100 v
ConvL.STM™ (NIPS 2015) 48.5 7.7 0.978
PredRNN (NIPS 2017)  46.4 7.1 0.971
PredRNN++"" (PMLR 2018)  44.8 16.9  0.977
E3D-LSTM"™  (ICLR 2018)  43.2 16.9  0.979
MM (CVPR2019)  42.9 16.6  0.971
PhyDNet"*" (CVPR 2020)  41.9 16.2  0.982
SimVPHe (CVPR 2022)  41.4 16.2  0.982
TAU' (CVPR 2023)  34.3 15.6  0.983
TSIF! (ESWA 2025)  40.1 16.0  0.982
Ours - 33.3 159 0.987

T A3 L a2 PO o R AT A AR R R L
2 38 1 3 B AR Ak, 33 28 20 Y X6 T o A P 3 G
B, SE /N R R AR SCRERS NS UG RRAE S i Ry
TR AT S VIR 25 R 5 4 R DR AE T SRR I AR PR
R ARG . XA RO T R S
R 25 2 (i A A TR % 7 TN 7 B A S 0 5 Wi
WERA A RS o 8 300 I 2 Pl S AN T it 4 ) R i) 25 £k
(B 2 2% B S AR AR Y Bt 25 ARl o il 3D
5 AP a3 1) Kb T s [ A0 18 R AE A 8 4 A Ak
PH T 3B 5T A% A B S A I L DA B R T T 1) o
Bk
4.4.3 KTHEWEESLK

ARCHE KTH BE 4 A Se i 2 Rk 4 iR .
S YNGR SR 10 T 10 g X, L st
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0.10
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SE!I'IH’ H_N;
: .08
e e 0.06
0.02
0
K6 TaXIBIn]#iikas
o TI0I0 A5 381 719 10 it P U A DR 285, T 42 R ok Y &4 EKTHEMRBWER
L0t AT B IEA55 20 A OIS . SR BTN . . KTH(0 - 20
BER RN H4E 25 0 T 55 > i A — ot e
. " - MCVD™ NIPS 2022 - 23.84
jﬁ)ﬁ‘()ﬂu‘kr?ﬁu E/‘J Hléjj o ngjCL:j ﬁ EUB*HEHE El IE]UE[ E/‘J*% FxtDMBZW (CVPR 2024) _ 24 75
1, 5 H Diffusion Model (14 5 47 T X% He . 7EFR MCnet (ICLR 2017) 0.804 25.95
¥ RGP AT 7R T MCVD™ | ExtDM™ J5 ¥ 1) 45 PredRNN™ (NIPS 2017) 0.839 27.55
% 7ﬂu7i¥)‘1ﬁ§'§1§‘iﬂ% PSNR E{&’%Exﬂn i/ﬁ PredRNNJrJZ[:] (l’l\‘/II,R 2018) 0. 865 28. fl7
B WL 5 5 42 PR 4 35 26 £ R o P
N /. v b . L O
Ezj]/f/'z}ﬁiﬂ!u Eg?&ﬁﬁgigﬁ%ﬁf#%% o M%‘_‘é 4 EF]E[ SlmVPLMJ (CVPR 2022) 0.905 33.72
VI 5 HARAL R AR A SC B R S T e g TAUL (CVPR2023)  0.911 34.13
PHfE., VMRNN® (CVPR 2024) 0.907 34.06
ATRLAL LSNP 7 B . TE A A S [ESWAZ0) 0907 8567
Ours - 0.912 34.15

SCHYREIY 5 ST S R T AR RIE 2 L )
PEBAE 1) AR BAIAD ) 22255 FLSeUiR i . 55 1]
FRVAE [ H ALY SimVP AH B, £ 0 Y 11 %)
20 Mg, AR SR J7 vk R B B v A4 R 1 N B
RO B TS T80 IS P 240 4 00 4 B
T BT, AR 8 B R 11 2 13 iR
HH R s AR S5 TR AR LT HE B 23 24019 T30 AT 2 5 55 ot
FRAREARAY » PO 2 BRoR MY o 6 T 19 21 31 25 it
S AR SC B TN 235 SRAE i 0 AR A L (B )
A REMIE 25 B AT IR AR LS R4 U
A ENPE . PSR 26 F1] 30 TR, A% SC T 1 3%
W . S B S LS MR T R R TR

H 27 S BE TR A TR e — 2D B v . A LE A (R A6
TIARER Pred RN, i JL it 75090 45 b A o (EL G5 151
I B B T TR A N 8 25 T i 2 LS X
Je i TR R ZE RBE AT . X WUEW] THEA [5
SEAAEAR BUAE 55 h B3

AR SCHYRR R /e KTH i 48 AR BLIER] 1 3L
AEAR R TN AT: 55 v w0 0 Fr) A 2 o o /N
TRAEFN 3D MRS TR A & A SCRY B AL RE RS T 4
SRR DS N g O U o = e R
HERYE . (EXHR PS5 0127 2T BE I A Fptt— 4R
o XLELERR IR T A SO AR SR FNAT: 55 7 1Y
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=434 4444 1Hmwf SF S5F S5 S5 S S O
ettt 3- 4 .H' kbbb
ey o I P Y. :”T“i Y o O o o o O
A e

47 KR
R RopE SR PN e N R DK LB S A S R

- Sl o S ok
e b odo b
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FE R IR T /N ROBE SR . B 25 2% 2 2835853 1)
45 2D (ffi 26 2D & R i fraf == 22 2, R A
SimVP H i1 Inception 3, I Fednt RUE S 11 09 K%
HHD 3D AR & T A 3D BB 2D &
FOFI De3D (3D f# ki) o

HEAS S5 R AR [F] 19 8 S 50 & epoch R
200,772 %4 0. 001,
4.5.1 WA RES T

FEVEAT I Al S5 A L B2 P 38 SCE AT TS
(i) 5% 750 £ {2 e 400 0 00 4 B ) 5 o 3 X R
FEAL 1R 2, GEAS 5 UE /N T SRR AR A 5L

AT SO A 5 43 1 ) 3 A B TSR DR B T S Y
Y05 FRAE AR B, I AE BT 2 vh 28T MSE 19
LIE

E—25 Wl B 2 5T 3 FL e R T i A
IR 3 5 A B 19 3 BTk . MSE [ FEAIK 0. 45 &
W38 ) & 11T B REERR B i S A 4 9 AR AE W] LA
PR @ik Ay Rpo kIR R QA Y SN B
35 DN 25 v T ) o 0 12

TERSERY 3 AR AL 4 (5 L L B 3 3D B FL7E
Qb PR 25 REAE 7 T P SRS RE T 53X S WEAE MSE 11 5
ETRe L. 3DBBUEMTAE =Y AP REIE 38
5 1A TR LA 8] v s S B AR B . SR X
FRPERE AT IR A AR M, 3D BB i T4
R SRR T oK S 3R B2 U8 32 FRAG BR 58 ]
RERL A — PRI % .
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1. 83. &5 &S BRI /D FNF 8 OB KR
RRAIG . 22 B T MR 3D 46 7R O 70000 14 B 1) [R] s
BERE TIFRRCR . XA 4 2 AL B
B 28 RRAE 980 T AT 5, R B OREE T X 56
AR B BRI RE S I T MR S IR IE AR Z A Y
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CRA XS R SR (25 A T IR R A5 /N
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WAL S F RSB B A BRI , 1 HLE A1 2
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1844 it A

Pl

L
&

Eitd 2025 4F

X AR IR G REE AR OR A = 03 A AT, S
Xof RRARE PR 25 14 RS T
4.5.2 B S5IRE RE S

Sk T A M PTG A5 AR P B L FRATT X T
S 6 RS [ BB 2 A NS 80 (Params) FllTHE
52 2%E (FLOPS) WM FEFEAT T XT3 A . AR S
R4 ST LLER F) .

(D&% (Params) 7 M

B 1 2R 3 v, Bifi 4 2 () G 23R o i A Ak
(BN SRR AR AN /N R g i ), 5
BRI A B, M 25. 521 MR F+ % 25. 563 M -5
25. 633 M. {H A2 4k i 22 I K, & W] 25 (6] G ) 4 1
EES RO R R .

BT 3 BRI 5 v, 25 24 ) 88380 L 2 D B R
£ 3D B A5 De3D B, S8 KR T, it Ab
3D BRI S HOREL L 2D B R /N SR R AR S5

Wit , 3D BRI b K45 T 2D BRI RS
FLAI1X11) o 1fif De3D i3 [t 3D 45 FRBL B 2 4k
JNBY LR TE 2 T 3D B B A 2D AN 1D 45
o MMUREREARAGEHEBS S HEN
18.015 M, FEAE A 19/ T 29. 4%, B B T De3D £
i) Rk

(OB R 3= (FLOPs) 43 Ht

FETT A A4 B O T A /N T SRR (Y 2)
AR AR 15 /N RUBE B s A e (RS 3) fff FLOPs Wi 3
HEIABAT PR A] 42 32 Y5 B Y (O 11, 267 G 35
F13.722G).

5 AT, B 45 25 ) 25 2D B RV R R 3D
UG (B 4) 11535 2% B I 35 4 7 & 336. 896 G»
1M 78K H De3D AR (B 5) , FLOPs X AL 2
52.497 G AU N 4 19 15.6% . xE—E M,
De3D SEHAEE BB 5 RCR Z M HUS T R A7 114 o

RS HBLSIIE (HREDUHRL)

A1 TR 2 TR 3 R 4 R 5
AR J J J J
Rk
25 ) i BT J
Rk
TEARLAR 47 /)N RUBE R i e N, N/ NG
2D NG NG NG
Hif s 2 ) 3D N/
De3D NG
MSE ¥ 34. 26 34.16 33.71 26. 36 24.53
RLEELAN Params(M) 25.521 25.563 25.633 19. 024 18.015
FLOPs(G) 11. 267 12.778 13.722 336. 896 52.497
4.5.3 /N SRAEUCEO Rl S 4 S V) 90 28 3 T O PR A A Y /N IR B S R A

N T B AR S BT R L X /NI SR AR AR
BORPEATIH RS . SCRRAE RN 6 s

F6 MK TRIFRBUERKLE

Bk GTAhifE AR AHER . UM UMK
MMNIST(MSE ¥ ) 64X 64 26.83 24.53
TaXIBJMSE/100 ¥ ) 3232 33.3 37.4
KTH(SSIM 1) 128128 0.897 0.912

o MMNIST 4 £ Y11 25 200 %2 » TaXIBJ I
k505 KTHIIZR 10048 . FE—A 0 4 0 1 Al 5K
55 R AR [R] 9 8 S 50008 1 DA S TR 3R B8 . ME—AS
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FE, RN TUASE R ORFE . X — RN A R
283k — UK R AN T /N RUBE S AR R L RN i

AR R LA L MMNIST F1 KTH %4 5
R RN RO S AT Y 5 i TaXTB 4k 4
R — /N RO TG . TaXIB B 46 4 (1) 43 ¢
FRE/IN(32X32) s R B AE EAT /N R SR AERT
TORFEM AR SRR R R SE /DN AT S AR
SERIIGER AR TC A R ) BB i
BURHIE . AHECZ T s — /N R T — KR R A L B
g b P B % R AR AR L S (AR Y B TR L/
P RRAIE [ 2 > 3 B 2 i 2 A {00 45 ) R S0 3, DA
M FEH— /N RIE L. MMNIST #IKTH iX
P A B4 4R 09 4 B 325K (MMINIST 64X64,
KTH 128X128) , R I 7E R F R /N B 5 B T i
AR /N RUBE G SR AR A TA | B T 47 Hly A 2 2]
T AT AN RO AR L X0 T i 4 R g e
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Nowadays, people have increasingly high demands for video
services, with a growing demand for ultra high definition, high
frame rate, and immersive videos. Along with this comes the
huge challenge of storing and transmitting massive video data.
Although network transmission rates are faster in the 5G era,
improving the performance of video encoding technology and
compressing massive video data more efficiently is the
fundamental solution to storage and transmission problems. Due
to temporal correlation being the most important characteristic of
video signals, inter frame predictive coding has become the core
of video encoding. High Efficiency Video Coding (HEVC) and
Versatile Video Coding (VVC) both use block based motion
estimation and motion compensation techniques to fully utilize the
temporal features in the video to generate the predicted result of
the current frame to be encoded. Then, only the residual between
the current frame and its predicted frame needs to be encoded to
reconstruct the current frame at the decoding end. Obviously, the
higher the inter frame prediction accuracy, the less data needs to
be encoded and transmitted in the end. However, the above inter
frame prediction techniques have the following problems: (1) the
accuracy of block based motion estimation is poor; (2) Motion
compensation uses simple motion models, which are difficult to fit
complex movements; (3) The types of reference frames used for
inter frame prediction are not diverse enough. Due to the above
reasons, the inter frame prediction accuracy in mainstream
encoding standards is not ideal and urgently needs to be further

improved to enhance video encoding efficiency.

[45] Yuan J, Wu F, Zhao L, et al. A dual-stage spatiotemporal
information fusion network for video prediction. Expert Systems
with Applications, 2025, 276: 127189

[46] Villegas R, Yang J, Hong S, et al. Decomposing motion and
content for natural video sequence prediction. arXiv preprint
arXiv:1706.08033, 2017

interest is video super resolution.
ZHENG Hai-Feng, Ph. D., professor. His research

interests  include intelligent vehicle networking, 6G/
synaesthesia integration, embodied intelligent perception and
decision making.

ZHAO Tie-Song, Ph. D., professor. His research
interests include image processing and computer vision,
intelligent video coding and communication, tactile information

and virtual reality.

Video prediction algorithms have rapidly developed in recent
years due to their ability to utilize massive amounts of unlabeled
natural data to learn the intrinsic representations of videos, saving
a lot of manual labeling time. They also have broad application
value in fields such as weather prediction, traffic flow prediction,
robot decision-making, and limited driving. By utilizing video
prediction technology, the reconstructed frames already encoded
in the video encoder are used to generate reference frames that are
more similar to the current frame through deep learning methods,
and integrated into the video encoder to achieve more efficient
video compression efficiency.

This article has made certain contributions to improving the
accuracy of video prediction. Experimental results on synthetic data
and real scene datasets show that the algorithm designed in this
article has higher prediction accuracy than existing algorithms. It
has more accurate prediction performance in local details and
overall prediction morphology. Among them, the MSE on the
Moving MNIST dataset is 15. 7, which is 34%, 20. 7%, 11.3%,
and 4.8% lower than the existing advanced algorithms Simvp,
TAU, SwinLLSTM, and VMRNN, respectively.
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