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W E EHSHTARRESNB . HRERABREEFT LR TRARNEBESBRLLAMRICRL, KPP BEEMEZREEF
BMEBOIL SR B, AR T REALEENG T THEEETEHERRL BB ZAREI TR, AR T FAFKTEFHAM
H, st —F K T FasterViT £ M ey B A MG 5 15 3) 488 L AE 2 FFIT(Faster Frame Interpolation Transformer) , §
EERADEREMAE D G St =R AR, ZAERBEME CNN+ Transformer BAmAEM , E R T AT LGRS, DA
M % R E 5% 2 Transformer #2 3 (Multi-scale Residual Transformer Block, MRTB), § £ @ i it Z 3 B 2 & W ALH fF 2 £ 45
B A, B X A R R 6 F AR 2) & R 4R AR #r M % (High-Quality Feature Transmitter, HQFT) , R A % R &
AR R AG AU 3G 3R AN - F IR A He 0B L — R AR SRR a2 R ) B EAF A LKA E 4 43k (Dynamic Upsam-
pling and Rendering Module, DYRM) ,i# it T 53 A KR EA S H R TR 5 4 & F o BAs AL, 8 2 i LA B AT 5F 5
PR FHHHFERL. £ Adobe240 Fo RBI #4 % Lt 47 52 8, 4 R AW FEIT /& #% s 20 S AL 7 71 0 B 2 B0 & A BEAE M 7
WEIT AR R AR FTEIRT 705, THSAE/Z R (PSNR B A LKA T 2. 73dB, ERITBR K Z 0 F
R T AR R A MR E L SRAF R T A MME A F

KB B S A B A IEML L B CNNA+ Transformer; 8 2 46

hESES TP751

FFiT : Faster Frame Interpolation Transformer Based on FasterViT

CHENG Zhirong and XU Yang

College of Big Data and Information Engineering,Guizhou University,Guiyang 550025, China

Abstract In the realm of dynamic scene image acquisition, consumer-grade imaging devices commonly suffer from a compound
degradation problem characterized by coexisting limited frame rates and motion blur. These issues primarily stem from inherent
hardware architecture deficiencies and suboptimal exposure parameter optimization. Prevailing methodologies aimed at mitigating
these degradations encounter significant technical bottlenecks in real-world blurry scenarios,including insufficient reconstruction
accuracy,restricted model generalization capabilities,and low computational efficiency. To address these limitations, this paper in-
troduces FFiT (Faster Frame Interpolation Transformer).a novel joint frame interpolation and motion decoupling optimization
framework based on the FasterViT architecture. FFiT is designed to achieve efficient spatio-temporal joint modeling of dynamic
blurry sequences. The framework integrates a CNN -+ Transformer hybrid encoding architecture, incorporating several key mo-
dules:1) An improved multi-scale residual transformer block(MRTB) , which leverages spatio-temporal self-attention mechanisms
to enhance reconstruction accuracy and explicitly model event correlations between blurry frames;2) A high-quality feature trans-
mitter(HQFT) module.employing a cross-scale feature distillation mechanism to bolster semantic consistency during the blurry-
to-sharp domain conversion, thereby addressing the challenge of model generalization;3) A lightweight dynamic upsampling and
rendering module(DYRM) that utilizes differentiable dynamic convolution to decouple resolution reconstruction from computa-
tional complexity.thus tackling computational inefficiency and enabling flexible resolution recovery. Experimental evaluations on
the Adobe240 and RBI datasets demonstrate that FFiT exhibits exceptional performance in addressing the intricate spatio-tempo-
ral joint modeling of dynamic blurry sequences. Notably, FFiT reduces model parameters by 70% to accommodate computational
resource constraints while achieving a 2. 73 dB improvement in PSNR(Peak Signal-to-Noise Ratio) compared to baseline models.
This research offers a valuable reference for resolving such compound degradation problems by effectively balancing image quality

enhancement with computational efficiency.
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Table 1 Dataset introduction
B E I % & i & RPN Epoch
Adobe240 112 8 640 X352 800
RBI 50 5 640 X480 1600

RBI B4 A J2& % Sy 20 52 th 00 50 470 (5 05 36 T 1 3 1
A3 B LA AL 00 B R 5 T O L X TR A R R R SR
IR R LS 55 MR A TR FR G0 sr 1 i U, ASA) 1 AR it 2
SR 25 M, T BT A A TR A 500 M, AR A TR AR A IR O B )
9518 ms, 1M & Wi B4R A BE G B A 4520 2ms, XEWE A 9 1
T B T Xt R — A~ AR T, 7 1 R 408 4 AR T 1 B IXC s i)
AH2E 11 AT M, HOBOHE 4 9 R 2 B3R 640 X480,

Adobe240 s & — A~ = WOR MU BE 42 . T IZ T
MU WA A 2 R A3 PR R AT 55 . B R 120 A
T4 S A0, A A A Y TR %l 240 FPS, 2y FE R Ch
720X 1280, BEECH A 112 A~ FAAE g I 5 508, 4 H
T IR A . R 3 B 640 X 352, I B T2 & A=
[llE N 7

Sy 2 57 FH A0 B4R (RN 2R ASRN 0 R M R AR R AR LR
it 45, S5 06 58 228 % reg T SR AT HE AT SRR B AN MR AR 15
BRAEN R S=8, WMWK B Uf 240 FPS #UARFEYL h 30 FPS,
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Table 2 Comparison with state-of-the-arts on synthetic dataset Adobe240 and real word dataset RBI
Method input Adobe210 REI Runtime Params FLOPs
PSNR* SSIM* PSNR* SSIM* 1X/s 60X /s
EDVR-+XVFIL16] 256 X256 33.19 0.934 28.17 0. 847 0.294 17. 64 2.92x107 2298 %107
Jin et al. [3] 256 X256 32.47 0.924 27.73 0.853 0.250 15. 00 1.08x107 814 <109
RPF, (1] 256X 256 33.32 0.935 28.55 0.872 0.746 14.76 1.14 %107 1501109
DeMFILS! 256 X256 34.34 0.945 29.03 0. 895 0.513 30.78 7.41X108 1073 %107
BiTH 256X 256 34. 34 0.948 29.9 0. 900 0.203 5.76 1.13X107 317X 107
FFiT 256 X256 33.87 0.938 29.6 0.897 0.180 5.58 3.584X10° 169X10°
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Table 3 Performance of model on RBI dataset with different MRTB
paramelers
S=2 S=3
r=1 r=2 r=3 r=1 r=2
PSNR 4 29.13 29. 32 29. 47 29.6 29. 67
SSIM A 0. 889 0.891 0. 894 0.897 0. 898
Params 2, 871X 105  3.538X 105 4.205x10°  3,584X10° 4,24 <108

FLOPs 133.92X109 167.26>X10% 200.59>X10° 169.03X10° 202.37>10?
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Fig. 9 Impact of each strategy on model
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Table 4 Ablation study results

PSNR SSIM  Runtime/s
£@#A  HQFT DYRM MRTB
26.87  0.842 0.26
N/ 27.69  0.861 0.21
NG 27.42  0.853 0.24
. N 28.68  0.877 0.28
FasterViT
N/ NG 28.15  0.872 0.16
N NG 29.12  0.892 0.22
N4 N 29.05  0.887 0.24
N/ NG N/ 29.60  0.897 0.18
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Fig. 10 Performance comparison of HAT,SWA,MRTB on RBI

dataset
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