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Dual-stage gradient-guided diffusion model for image super-resolution

Huang Jingle, Zhou Siwang
Hunan University , Changsha 410082, China

Abstract: Objective Image super-resolution (ISR) aims to reconstruct high-resolution (HR) images from degraded low-
resolution (LR) inputs, and is an important task in computer vision and image processing. Conventional methods based on
convolutional neural networks (CNNs) or Transformer architectures have achieved considerable progress, but they are usu-
ally optimized with pixel-wise losses, such as mean squared error (MSE) or mean absolute error (MAE). These losses tend
to produce over-smoothed results and insufficient high-frequency details, especially in regions with fine textures, charac-
ters, and sharp edges. In recent years, diffusion models have shown strong generative priors for image super-resolution and

can produce perceptually realistic textures. However, their stochastic sampling process may generate hallucinated textures
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that are inconsistent with the input LR observation, which weakens the structural reliability of reconstructed images. To
address this problem, a dual-stage gradient-guided diffusion model for image super-resolution is proposed to enhance visual
consistency from both the training and inference stages. Method The proposed method introduces explicit gradient guid-
ance into two stages of a diffusion-based super-resolution pipeline. In the training stage, a frequency-domain visual consis=
tency loss is used to supervise the noise prediction network. A forward visual operator extracts the spectral representation of
the HR target image, and the gradient derived from this frequency-domain loss is injected into the noise prediction process.
This strategy encourages the denoising network to learn latent representations that are more consistent with the frequency
distribution of real HR images, thereby improving the reconstruction of high-frequency structures without modifying the
base network architecture. In the inference stage, a dual-constraint diffusion posterior sampling strategy is designed to cor-
rect the latent variable update at each denoising step. The first constraint is measurement consistency, which enforces con-
sistency between the generated HR result and the input LR observation under the degradation model. The second constraint
is manifold gluing, which encourages the corrected latent variables to remain close to the natural image manifold and
reduces structural drift during sampling. By combining training-stage frequency-domain visual guidance with inference-
stage dual-constraint posterior sampling, the proposed framework suppresses hallucinated textures while preserving percep-
tual quality and structural consistency. Result Experiments are conducted on two super-resolution benchmarks, RealSR
(real-world super-resolution) and DRealSR (diverse real-world super-resolution) , under the X4 upscaling setting. The pro-
posed method is compared with representative super-resolution methods through quantitative and qualitative evaluations.
The evaluation metrics include peak signal-to-noise ratio (PSNR) and structural similarity index measure (SSIM) for fidel-
ity assessment, learned perceptual image patch similarity (LPIPS) for perceptual similarity evaluation, CLIP image quality
assessment (CLIP-IQA) and multi-scale image quality transformer (MUSIQ) for no-reference perceptual quality evalua-
tion, and natural image quality evaluator (NIQE) for blind image quality assessment. Compared with the baseline
diffusion-based super-resolution method, the proposed method improves PSNR by 1. 756 dB, improves SSIM by 0. 0115,
and reduces LPIPS by 2. 76% on the RealSR dataset. On the DRealSR dataset, the proposed method improves PSNR by
2.139 dB, improves SSIM by 0. 0203, and reduces LPIPS by 10. 88%. These results indicate that the proposed method
improves reconstruction fidelity on both datasets while maintaining a reasonable balance between fidelity and perceptual
quality. Qualitative comparisons further show that the proposed method effectively suppresses hallucination artifacts in
high-frequency regions, such as character textures and complex patterns, and generates results with improved structural
accuracy and texture fidelity. Ablation experiments verify that both the training-stage frequency-domain guidance and the
inference-stage dual-constraint posterior sampling contribute to the final performance, and their combination provides
complementary gains. Conclusion A dual-stage gradient-guided diffusion model for image super-resolution is proposed. By
incorporating frequency-domain visual guidance during training and dual-constraint posterior sampling during inference,
the proposed framework suppresses hallucinated textures and improves the fidelity and structural consistency of recon-
structed images. Experimental results on RealSR and DRealSR demonstrate that the proposed method achieves a better bal-
ance between reconstruction fidelity and perceptual quality than the baseline diffusion-based method. Future work will
focus on reducing the computational cost of gradient-guided sampling and extending the framework to blind super-resolution
with unknown degradations.

Key words: image super-resolution; diffusion model; gradient guidance; diffusion posterior sampling; reconstruction

fidelity
WIS :DOI: 10. 11834/jig. 260307 A B AN B9 5543 95 (high resolution, HR) 1% .

A T TR 45 5 Transformer I S 43 B8R 7
2 LR R 9t 2k oy 2045 H Ax (Lim 55 ,2017;
Liang %% ,2021) , 5 4 25 J 76 J8 A1 )23 10 A7 20 15 AL
K% 48 53 P (Image super-resolution, ISR) 5 7£ M R v A 3 PR R N AR TR (X SR B 4, 2026) .

B ALK 53 B (low resolution, LR) & v 5 gt H Ry B0 SRR i i, AR NS BT ) 45 (generative adver-
© A% P B H A7

0 35l

I



HEUR, AME
W B4 FE 5| SR SR B B RB o YRR 7Tk

sarial network , GAN) J7 1 38 13 X bi I 2 e 45 e ot o
G531 AESCRIE L 1A 1 25 0 )i (Ledig 4,
2017) A Y ZhAN AR 5 0 X 151 ) PR
il AR B S I IR 4 45 ,2021) , BT A 450
RRIZALRE A R o I AER , 3 HOBE B S0 X 52 2%
P83 A 4 5 AR BE ) A8 EIR AR iU T %
PEEE AR T — RV OB 8 5 A& {5 73
AL S HYWTST , TE A L IE FL 2R A0 5 T R 2R i
KB S5 AL RE 1 (Rombach 55 ,2022; F R R 4,
2025).

AT OS5 43 B3 7 vk 2
SRR LRAF SR HUAE 0 25 R FF T, o
OTET MR A5 SN ZRaems it o P TR
i TE PFEE AW : Saharia 4 (2023 ) FHFH{E RS 19 LR
FUR 5 W HR R 8 38 4 B DR 6 A IR M)
£% s Ho % (2022) fE I Al b HE— 2R me i it =2
GURAEZE . H 3 Fh 7 U5 2R X R IR B DA Sk
Wk, RIGEWATIR o J5 8e TAER e Sl 23 s
AU LR E 3 5 SORS 4 (04 R7 F G A5 55 X0 S5 AIL I il
A LRA5 B o StableSR 1 & 5 42 BURFAE 1A A2
AR (Wang J Y 55,2024 ) ; FaithDiff 3 i3 B¢ 4 i
5O AL R Ak AR5 5 O A b A I
VA8 At S B T 4 1) %) 5% (Chen %5, 2025) 5 ControlSR
I FHTEAE LR 1 A X ControlNet 1442 il {5 5 it Jin 5 5
2P (Wan 45,2024 ) ; StructSR 51 A 5 #4) J8& 1 i e AL
i, E PR R 5 LR S5 A4 R (DL R f e 14 ezt 1]
BN WG ST IR S 22 (Li Y € 5F,2025) .
XL AT RN B S A DR L BRGSO AR
FE ek (H IR ) )R FRAE T LR A5 S AUTERHIE 2
T A I T, X LA XS 4™ 5 it o 2 ] ¢y L)
YW, T BB TR AR R A DU 2R 5 7 A
B N AR — LIS, T 1 s L
StableSR Ay {5l , F A= ple 45 A B AR LG8 V5 0l , 20K HR
B “mm " AR R AR A “mos” A1 “mes” , B
tH B R B £ e SO )

5 B Mg AR RS LR 5 B A LB E]
Y85 18 % AF (diffusion posterior sampling, DPS) M\
)RR A B A T A B T — RS RO Y R
FE I B i i O8I 24 oA 8 FH AE 42 (Chung 55,
2023) . )7 R ISR AR I B R A ) R, AR 2D
F MR AR P ] RS — P 2 0 v A i AT A
MEIE , DATIT 4 5 A 4t 2R 5 W Bl i — Bt . s

StableSR x 4 HR

LR Bicubic X 4
BT O 3 HE 3 7 L 4 e SO )

Fig. 1 Hallucination artifacts in diffusion-based super-

resolution
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Table 1 Quantitative comparison of different methods on RealSR and DRealSR datasets for x4 image super—resolution

Btk Jrik PSNR 1 SSIM 1 LPIPS |  CLIP-IQAT  MUSIQ T NIQE |
RealESRGAN+ 27.196 0.8024 0.2093 0.5376 66.947 5.7595

StableSR 25.014 0.7417 0.2646 0.6665 70.039 5.8895

RealSR ControlSR 26.356 0.7255 0.2918 0.6877 71.033 5.2505
StructSR 25.543 0.7490 0.2990 0.7156 69.755 6.7630

AL 26.770 0.7532 0.2573 0.6667 67.499 5.6681

RealESRGAN+ 31.906 0.8768 0.2002 0.5340 61.458 6.7209

StableSR 28.876 0.7987 0.2830 0.6886 65.803 6.7183

DRealSR ControlSR 30.256 0.8046 0.2927 0.6941 67.285 6.4165
StructSR 29.348 0.8225 0.3023 0.7187 65.464 7.9381

A3 31.015 0.8190 0.2522 0.6457 61.113 6.8182
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Fig. 3 Visual comparison of different methods on RealSR and DRealSR datasets
35 | A p HEBEBTBLA I & S| A n FRERG 51 SomBE X 452N 3 s .
ATy, TR p o BB 5 R SiHEE m = 0. 1Ry I BEF ¥ 3K, PSNR
KRBT EEp = 1.0 5505y, 7 DRealSREL 5L 27, SSIM B AR & F Fh#a 34, i CLIP-IQA 5
PRBE TR I S0 S OR AR e e MUSIQ &2 PR R 3 R BRI AL & LG B F

EIUE , LI w555 290 P AR RO MEGR R AR P R O RE (i o 24 o2 R ol AR ) TR 22
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Table 2 Ablation study results of different modules

i F-Guide D-DPS PSNR SSIM LPIPS CLIP-1QA MUSIQ NIQE
— — 25.014 0.7417 0.2646 0.6665 70.039 5.8895
v — 25.589 0.7466 0.2555 0.6563 68.992 5.4251
RealSR
— N 26.045 0.7394 0.2754 0.6833 69.272 5.8019
J N 26.770 0.7532 0.2573 0.6667 67.499 5.6681
— — 28.876 0.7987 0.2830 0.6886 65.803 6.7183
J — 29.179 0.7973 0.2701 0.6663 63.938 6.5415
DRealSR
— J 30.185 0.8003 0.2855 0.6864 64.349 6.6225
v N 31.015 0.8190 0.2522 0.6457 61.113 6.8182

L R R TR R IR AR S . VAR R R R, —Zom R AR e

FEPE . LPIPS 38K T [, IF4E y = 0. 05 Bk B AR
Ay = 0.03,y = 0.05Fy = 0. 1 F# CLIP-IQA
5 MUSIQ & 3 #— LB 8 . BIEE Ly =
0. 03 1 A L8 5 JBR 1 o =2 ] 1 F- i i

3 & i

N O PR (Bl 3 B R h R 5y LR LD SE

MEE y = 0. 03 FFJA 8L 0 1, P8 H 8 br kil
Bl R FFLRAR T, U I o — Bk 2 A B T i
AR LRI Z 0] i — 3 vk: . BREE n 3K,
CLIP-IQA 5 MUSIQ B &8 F F% , NIQE % {& -7, & #]
I KA 25 | A S PRSP i, £ G AU
FLEEFE AR 5 BT A AR, BB Iy = 0. LR N R &
il

x3 BSHEn5yHH
Table 3 Analysis of hyperparameters n and y

CLIP-

m_ Yy PSNR SSIM LPIPS 10A MUSIQ NIQE

0.005 30.561 0.8086 0.2633 0.6540 61.779 6.7387
0.01 30.688 0.8119 0.2596 0.6518 61.620 6.7472
0.1 0.03 31.015 0.8190 0.2522 0.6457 61.113 6.8182

0.05 31.478 0.8367 0.2284 0.6330 60.592 6.9391

P G5 — A BT, B2 T — OB B
51 G Y B T RS 72 B R T o 1%TT RS N
2 [ BOF i PR B B o A il B i 20 AR 7 - Il
i BOM ISR I8 5 | 5 B S A X g A 2 A 14 2
BRERE T, HHE PR B i P — B S PR A 2R
R IESRAFE B , AT D 20 A 45 -5 s A UL =[]
MSEF 22 o LI AS AR, B4R 7 A AN 5 PA
SRS LR AT TR B, RERS P T B A A R A PR L
FFAE DR ELRE 5 I B ek 2 [ U (9P A

H1 T HE BB BE AR 2 R R i AR 2 UG A
JE TS50 A TR 5 [R) B, 00— B0k 20 AR
BRI KRBT, NI AE R B AL sl 52 2B b 3 5t
FRIE PR R — R R . RS TARRIR R
S8R JRE A TE SR i — 25 T R I R B 5
5 A p B UL 23 M, JF DS I 1) B G 2
BRI [ SR AT

0.1 31.829 0.8358 0.2349 0.6279 59.602 6.8973 %%j{ﬁjﬁ(l{eferences)
0.01 29.870 0.8084 0.2611 0.6707 63.082 6.7837
0.05 30.745 0.8259 0.2403 0.6545 61.701 6.7861 Cai J R, Zeng H, Yong HW, Cao Z S and Zhang L. 2019. Toward real-

0.1 0.03 31.015 0.8190 0.2522 0.6457 61.113 6.8182
0.2 32.335 0.8533 0.2071 0.6183 59.249 6.9078
0.5 33.713 0.8732 0.1790 0.5598 55.582 7.0209
B = 0. 153087y BUEEI, [ 5E v = 0. 03 434 7 i 5200
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