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Brain MRI super-resolution reconstruction based on diffusion priors

XIONG Chengyi”, CAO Yuxuan”",GAO Zhirong*
(South-Central Minzu Universily, a. College of Electronic and Information Engineering; b. Hubei Key Lab of Intelligent
Wireless Communication; c. College of Computer Science, Wuhan 430074, China)

Abstract Transformer-based MRI super-resolution methods offer strong global modeling capabilities but often overlook
the role of deep prior constraints. To address this problem, a brain MRI super-resolution method based on diffusion priors
is proposed , where a latent diffusion model generates structural priors to guide the Transformer in restoring fine details. A
two-stage training strategy is adopted: the first stage constructs a content prior from ground-truth latent encodings to
pretrain the reconstruction network ; the second stage introduces diffusion-based priors and jointly optimizes the denoising
and reconstruction processes under unsupervised conditions. Additionally, depthwise separable convolutions and permuted
self-attention are employed to enhance modeling efficiency and expand the receptive field. Experiments on the IXI multi-

modal MRI dataset (4XSR) demonstrate superior reconstruction quality and efficiency of the method over existing methods.
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Tab. 2 Model efficiency analysis on T2 modality at 4 X amplification

factor

Tk M K HEFRI ]/
SR3 155 1000 92.56
DiffIR 26 4 4.26
SinSR 115 1 1.51
EDM-MSR (430) 20 4 3.75

222 MRERESH

R VAL AN [R) 8 43 9E 6 07 74 7E MRI EH& E g v
MR SE R B, A SCRECR - 4 ISR, 43531
TEPD . T1 I T2 = AR SER4E L AT 1 X e
AT 4-TE 6 JBR T 45 IR AE AN RIS T 1Y E 4
AL VAT O R IR R RIR O 247 R X
B4 SRS ARG TR 585 345 SR ko o7 ) 2 R i3 2 el 3
T R 0 RN T AR 25 /)N R A AR R R AT
P28 U R I R 22 K, R T e 4 2%

MR LU A S A {8 e 40k Ty
TAFTE ] AN 2R B GG A, B0 B



208 g RO 4l CFL ARl 545 4

ESRGAN SwinIR

1.0
0.5
0
P4 JRORIE 2 4 xBOR[R] SR J5 78 PD AR T 2 M 45 R0 bE (45 T A PR R Bl IR 22 14
Fig. 4 Qualitative comparison of different SR methods on the PD modality at 4 X amplification factor (including reconstructed images,
zoomed-in regions, and error maps)
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Fig. 5 Qualitative comparison of different SR methods on the T1 modality at 4 X amplification factor (including reconstructed images ,
zoomed-in regions, and error maps)
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Fig. 6 Qualitative comparison of different SR methods on the T2 modality at 4 X amplification factor (including reconstructed images ,

zoomed-in regions, and error maps)
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Tab.3  Comparison of the effects of different variants on model performance on T2 at 4Xamplifiction factor
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Fig. 7 Ablation study of the number of iteration 7 in the diffusion model
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