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Abstract

Diffusion-based models have shown great promise in real-
world image super-resolution (Real-ISR), but often gener-
ate content with structural errors and spurious texture de-
tails due to the empirical priors and illusions of these mod-
els. To address this issue, we introduce StructSR, a sim-
ple, effective, and plug-and-play method that enhances struc-
tural fidelity and suppresses spurious details for diffusion-
based Real-ISR. StructSR operates without the need for addi-
tional fine-tuning, external model priors, or high-level seman-
tic knowledge. At its core is the Structure-Aware Screening
(SAS) mechanism, which identifies the image with the high-
est structural similarity to the low-resolution (LR) input in the
early inference stage, allowing us to leverage it as a histori-
cal structure knowledge to suppress the generation of spuri-
ous details. By intervening in the diffusion inference process,
StructSR seamlessly integrates with existing diffusion-based
Real-ISR models. Our experimental results demonstrate that
StructSR significantly improves the fidelity of structure and
texture, improving the PSNR and SSIM metrics by an av-
erage of 5.27% and 9.36% on a synthetic dataset (DIV2K-
Val) and 4.13% and 8.64% on two real-world datasets (Re-
alSR and DRealSR) when integrated with four state-of-the-
art diffusion-based Real-ISR methods.

Code — https://github.com/LY CEXE/StructSR

Introduction

Image super-resolution aims to reconstruct high-resolution
(HR) images from their low-resolution (LR) counterparts.
Traditional image super-resolution methods often rely on
simplistic assumptions about degradation (e.g., Gaussian
noise and bicubic downsampling) and design methods tai-
lored to these degradation models (Chen et al. 2021, 2023a;
Dong et al. 2014; Liang et al. 2021). However, their ability
to generalize to real-world images with complex degradation
is limited. To address the challenges of real-world image
super-resolution (Real-ISR), methods (Zhang et al. 2021;
Wang et al. 2021) have employed Generative Adversarial
Networks (GANSs) (Goodfellow et al. 2020) to generate HR
images from LR images collected from the real world. How-
ever, these methods rely heavily on specific paired training
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Figure 1: Comparison of diffusion-based Real-ISR methods
with and without StructSR integration. The original methods
generate spurious details in both English letters and Chinese
characters. Integration with StructSR significantly reduces
these artifacts, resulting in more accurate reconstruction.

data and generally lack the capability to generate realistic
texture details for Real-ISR.

Current diffusion-based Real-ISR methods typically uti-
lize pre-trained text-to-image models, e.g., Stable Diffu-
sion (Rombach et al. 2022) as priors and fine-tune them us-
ing real-world image super-resolution datasets. These meth-
ods (Wang et al. 2023a; Lin et al. 2023b; Yang et al. 2023;
Wu et al. 2024) have shown remarkable proficiency in gen-
erating realistic image details. However, they often struggle
with maintaining structural fidelity, and the generated details
may be spurious with the real semantics due to the empirical
priors and illusions of these models, as illustrated in Fig. 1.

We study the changes in the image structure during the
inference process of the diffusion-based Real-ISR method
by using structural similarity (SSIM) (Wang et al. 2004)
between the temporal reconstructed image and the input
LR image (Details see Methodology Section). Our anal-
ysis reveals that, the temporal reconstructed images with
high SSIM values can be used to guide the inference pro-
cess for eliminating structural errors and suppressing spuri-
ous details. Based on this finding, we propose a structure-
aware Real-ISR (StructSR) method, a simple, effective, and
plug-and-play method that enhances structural fidelity for



diffusion-based Real-ISR. StructSR consists of three mod-
ules: Structure-Aware Screening (SAS), Structure Condition
Embedding (SCE), and Image Details Embedding (IDE).
SAS identifies the image with the highest structural sim-
ilarity to the LR image in the early inference stage. SCE
uses structural embedding from SAS to guide the inference
in conjunction with the LR image, promoting the genera-
tion of high-fidelity structural information. IDE inserts the
structural embedding into the clean latent image at each
timestep, according to the degradation degree of the LR im-
age, to suppress possible spurious details. Extensive experi-
ments demonstrate the effectiveness of StructSR in enhanc-
ing the structural fidelity of diffusion-based Real-ISR meth-
ods while effectively suppressing potential spurious details.
In summary, we make the following contributions:

e We propose StructSR, to fully leverage the temporal re-
constructed images during the inference process to en-
hance the structural fidelity of the diffusion-based Real-
ISR methods, without introducing any excess fine-tuning,
external models’ prior, or high-level semantic knowledge.

e We introduce SAS, SCE, and IDE to interactively up-
date the predicted noise and clean images according to the
degradation degree of the LR image during inference, en-
abling a plug-and-play intervention generation process for
diffusion-based Real-ISR methods while suppressing po-
tential spurious structure and texture details.

e We demonstrate through experiments that the proposed
StructSR consistently improves the structural fidelity of
diffusion-based and GAN-based Real-ISR methods.

Related Work

Real-ISR. Starting with SRCNN (Dong et al. 2014),
learning-based ISR has gained significant popularity. Nu-
merous methods (Chen et al. 2021, 2023a,b; Dai et al.
2019; Lim et al. 2017) focusing on deep model design have
been proposed. Some methods have explored more com-
plex degradation models to approximate real-world degra-
dation. BSRGAN (Zhang et al. 2021) introduces a randomly
shuffled degradation modeling, while Real-ESRGAN (Wang
et al. 2021) adopts a high-order degradation modeling.
Both BSRGAN and Real-ESRGAN employ the Genera-
tive Adversarial Networks (GANs) (Goodfellow et al. 2020)
to reconstruct desired HR images using training samples
with more realistic degradations. Although these methods
generate high-fidelity structures, the training of GANs of-
ten suffers from instability, leading to unnatural artifacts
in the Real-ISR outputs. Subsequent approaches like Fe-
MaSR (Chen et al. 2022) and LDL (Liang, Zeng, and Zhang
2022) have been developed to mitigate this issue of artifacts.
However, they still rely heavily on specific paired training
data and lack the capability to generate realistic details.

Diffusion Probabilistic Models. The diffusion model is
based on non-equilibrium thermodynamic theory (Jarzynski
1997) and the Monte Carlo principle (Neal 2001). It utilizes
a diffusion process to iteratively sample from the data dis-
tribution, allowing it to capture underlying structures and
features in high-dimensional spaces. Dhariwal and Nichol
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demonstrated that the diffusion model has generation ca-
pabilities beyond GAN. Research on accelerated samplers
has significantly improved the efficiency of diffusion mod-
els, such as DDIM (Rombach et al. 2022). Large-scale la-
tent space-based pre-trained text-to-image (T2I) diffusion
models further improved the performance of the diffusion
model by moving it from pixel space to latent space, such
as Imagen (Saharia et al. 2022a). Meanwhile, the T2I dif-
fusion model is gradually used in image restoration (Meng
et al. 2021; Zhang, Rao, and Agrawala 2023), video genera-
tion (Singer et al. 2022; Wu et al. 2023), 3D content genera-
tion (Lin et al. 2023a; Wang et al. 2023b), etc.
Diffusion-based Real-ISR. Most early attempts (Kawar
et al. 2022; Saharia et al. 2022b; Wang, Yu, and Zhang 2022;
Fei et al. 2023) to utilize diffusion models for ISR were
based on the assumption of simplistic degradations. Re-
cently, researchers have turned to pre-trained text-to-image
(T2I) models like Stable Diffusion (Rombach et al. 2022)
(SD) to tackle the challenges of Real-ISR, which is trained
on large-scale image-text pairs datasets. StableSR (Wang
et al. 2023a) refines SD through fine-tuning with a time-
aware encoder. DiffBIR (Lin et al. 2023b) employs a two-
stage strategy, initially preprocessing the image as an initial
estimate and subsequently fine-tuning SD to enhance image
details. PASD (Yang et al. 2023) extracts text prompts from
LR images and combines them with a pre-trained SD model
using a pixel-aware cross-attention module. To further en-
hance the semantic perception of Real-ISR, SeeSR (Wu et al.
2024) introduces degradation-aware sematic prompts, com-
bining with soft labels to jointly guide the diffusion process.
The above diffusion-based Real-ISR methods ignore the
negative impact of the model’s empirical prior, resulting in
structural errors and spurious details. Since diffusion mod-
els are often criticized for their training and inference effi-
ciency, instead of introducing additional degradation-aware
sematic prompts (like SeeSR), an additional pre-processing
stage (like DiffBIR), or better training materials for fine-
tuning, we plan to explore the characteristics of the diffusion
model during the inference process to solve this problem.

Methodology
Basic Definition in Diffusion-based Real-ISR

The diffusion-based inference defines the total inference
timesteps T" and randomly samples a noisy latent image Zr
from a normal distribution Zy ~ N(0,1) as the initializa-
tion. Given the LR image I g, it is mapped to the latent
space through an encoder € and uses £(Ig) as the control
condition. According to £(I ), the pre-trained denoiser €y
predicts the noise ¢, at each timestep ¢ € [0, 7] to denoise
the noisy latent image Z; and generates the clean latent im-
age Zo;- The next noisy latent image Z;; is obtained by
adding noise to Zy; according to the specific sampler. Af-
ter performing the above process 7' times, the clean latent
image Z is generated and the reconstructed image IR is
the output of decoder D, denoted as D(Zy). A plug-and-
play framework can directly guide ¢; and Zg; to enhance
the diffusion-based Real-ISR methods.



Role of Structural Similarity in Real-ISR

We then investigate the changes in structural fidelity of the
reconstructed SR image during inference. We utilize the
structural similarity (SSIM) (Wang et al. 2004) to measure
the structural fidelity of the reconstructed images:

(2papry + 0)(204y + 0)
(13 + i + 0)(0F + 0 +0)

SSIM(z,y) = (1
where p, and ji,, are the means, o, and o, are the standard
deviations respectively, o, is the covariance, and o is con-
stant used to avoid denominators being zero. Specifically, we
first prepare LR images with varying degradation degrees by
applying a combination of downsampling, Gaussian Kernel
blur, and JPEG compression to real-world images. We use
StableSR (Wang et al. 2023a) for Real-ISR and set the total
inference timesteps 7" = 200. At each timestep ¢, the de-
coder D generates the reconstructed image according to the
clean latent image Z,, denoted as D(Z;). We then resize
the LR image I r by bicubic interpolation to maintain the
same size with D(Z);), denoted as SR(Ir), and calculate
the SSIM value between D(Zy;) and SR(I1r) by Eq. 1:

Sy = SSIM(D(Zo):), SR(ILR)) 2

where S; represents the calculated SSIM value at timestep ¢.

As shown in Fig. 2, by comparing the SSIM values and
the reconstructed images throughout the inference process,
we find that the reconstructed images show the most consis-
tent and clearer structure compared with the LR images in
the early inference stage. However, the model cannot main-
tain this clear structure, resulting in decreasing SSIM, indi-
cating the generation of spurious structure and texture de-
tails. Another recent work DiffBIR (Lin et al. 2023b), uses
an additional pre-processing stage to provide clear guidance
images by introducing an additional model. In our work,
we consider screening out the one with the most consistent
structure with the LR image to guide the inference process.
We define the initial Ts 45 inference timesteps as the early
inference stage, and define a structural embedding Zgg to
intervene in the clean latent image Z;. Since S; calculated
in the early inference stage reflects the degradation degree
of the LR image, it can be used in the structural embedding
Zsg to control the guidance strength of the reconstructed
image after the inference timesteps Ts4s.-

Based on the above observations and considerations, our
proposed framework is shown in Fig. 3(a). The structure-
aware screening (SAS) works in the early inference stage
and screens out the structural embedding Zsg according to
S;. The structure condition embedding (SCE) uses the struc-
tural embedding Zgg to guide the prediction of €,. The im-
age details embedding (IDE) inserts the structural embed-
ding Zgg into the clean latent image at each timestep to
guide Zy);.

Structure-Aware Screening

Structure-Aware Screening (SAS) is implemented by adding
operations based on SSIM in the original inference. As
shown in Fig. 3(b), at each timestep ¢ in the initial Ts 45
inference timesteps, we use the decoder D to obtain the
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Figure 2: Comparison of the structural similarity (SSIM) be-
tween LR images with different degradation degrees and
their temporal reconstructed images during the inference
process. The calculated SSIM values are shown on the top
of the reconstructed images, with the maximum SSIM value
in red. The red boxes show the issues of structural errors and
spurious details. It cannot maintain a stable SSIM, indicat-
ing the generation of spurious structure and texture details
in the later stage of the inference.

reconstructed image D(Z),) before updating Z; to Z;_;.
Then, we use Eq. 2 to calculate the SSIM value S; between
D(Zp|;) and the LR image Ir,r. We screen out the recon-
structed image with the structure that is most consistent with
the LR image to ensure the best guidance. Specifically, we
use a buffer to store the calculated SSIM values and identify
the maximum one from the buffer by Sy,q, = max{S;}. If
St = Smax, We assign this clean latent image Z|; as the
structural embedding Zs g,

ZSE _ {ZOt7 StE[Tf.TSA&T] = Smax (3)
Zsp, otherwise

SAS provides the structural embedding Zsr and the max-
imum SSIM value S,,,,, for intervention in the subsequent
inference process. Syq, Occurs in the early inference stage
t € [T — Tsas,T], which is typically proportional to the
original image quality. Better original image quality can en-
sure that S,,,,, occurs later, as shown in Fig. 2.

Structure Condition Embedding

Structural Conditional Embedding (SCE), as shown in
Fig. 3(c), uses Zgg as the condition of noise prediction to
guide €; with clearer structural information for addressing
the issue of structural errors. Specifically, in the original in-
ference process, the pre-trained denoiser €y uses E(ILr) as
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Figure 3: In the proposed StructSR, the Structure-Aware Screening (SAS) works in the early inference stage and screens out
the structural embedding Zg g with the most consistent and clearer structure compared to the LR image. In the later inference
stage, The Structure Condition Embedding (SCE) uses Zsg to guide ¢; in conjunction with the LR image. The Image Details
Embedding (IDE) inserts Zs g into the clean latent image Z|; at each timestep according to the degradation degree.

the control condition for the noise prediction. We defined
this predicted noise as ¢?. SCE uses Zsg as the additional
control condition for €y and predicts the extra noise, denoted
as ¢Z. SCE uses €? to suppress the impact of illusions by
constraining € and defines it as follows:

(0]

ét = Smaa:etE + (1 - Smaa:)et (4)

where S),,4, 18 the maximum SSIM value provided by SAS.
The constraint strength provided by € depends on the
structural clarity of the reconstructed image correspond-
ing to the control condition Zgg. It is directly decided by
the degradation degree of the LR image which is reflected
by Siaz. Hence, SCE uses S;,q; to control the constraint
strength to provide more accurate structural guidance.

Image Details Embedding

Image Details Embedding (IDE), as shown in Fig. 3(d),
works in the remaining 7' —T's 4 5 inference timesteps. Com-
pared with the subsequently reconstructed image, the image
corresponding to Zgg contains insufficient details. But it
also has the advantage of fewer spurious details and can be
used to suppress subsequent spurious details caused by the
model’s illusions. IDE inserts Zgg into the clean latent im-
age Zo|; at each timestep ¢, where t € [0,7" — T'sas]. The
insertion process can be expressed as follows:

Zow = weZsp + (1 — we) Zoy, )
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Where w; is the factor that controls the insertion ratio.

The image reconstructed from a severely degraded LR im-
age is severely missing details. Continuously and intensively
inserting it into subsequent reconstructed images will cause
the final SR image to be too smooth. To avoid this problem,
IDE determines the insertion rate according to the degra-
dation degree of the LR image and gradually weakens it.
Specifically, the control factor w; is weakened according to
the current timestep ¢, and the remaining inference timesteps
T — Tg g as follows:

Smazt

= DOmazl 6
T —-Tsas ©

Wy

Where S, 4, is the maximum SSIM value provided by SAS
and reflects the degradation degree of the LR image.

StructSR exploits the structural information via 5,4, and
Zsg during the inference process and interactively updates
the predicted noise ¢; and clean latent images Zy, accord-
ing to the degradation degree. This enables a plug-and-play
intervention inference process for existing diffusion-based
Real-ISR methods to suppress potential spurious structure
and texture details, while avoiding oversmoothing the real
details. Algorithm 1 summarizes the proposed StructSR.



Algorithm 1: StructSR Inference Process

Input: I > LR image

Parameter: 7' > Total inference timesteps
Tsas > Inference timesteps with SAS

> Encoder

D > Decoder
€9 > Pre-trained denoiser

Output: /g

1: ZT ~ N (0, I)

2: fort € [T,...,0] do

6? = Gg(Zt, E(ILR), t)

4 ift >T —Tgg then

5: Zo|¢ = Sampler(Zy, €0, t)

6: St = SSIM(D(Zo‘t), SR(ILR))
7.
8

Add S; to Buffer
Smaz = max{S:}

. _ ZO|t7 St = Smaa:
% Zsp = {ZSE, otherwise
10: Zy—y = Sampler(Zy;, €0, t)
11:  else
12: EtE=69(Zt,ZSE,t)
13: ét = Smaz€l + (1 — Spaz)€e?
14: Zoj¢ = Sampler(Z;, é;, 1)
15: wy = el
16: Z(/)\t = thSE + (1 — ’wt)Zo‘t
17: Zi_q = Sampler(Z(;lt, €, 1)
18:  end if
19: end for
20: IHR = D(Zo)
21: return Igg
Experiments

Experimental Settings

Test Datasets. We use one synthetic dataset and two real-
world datasets to comprehensively evaluate StructSR. Fol-
lowing the pipeline in StableSR (Wang et al. 2023a), first,
we randomly crop 3K patches (resolution: 512x512) from
the DIV2K validation set (Agustsson and Timofte 2017) and
degrade them as synthetic images, named DIV2K-Val. Then,
we use two real-world datasets, RealSR (Cai et al. 2019)
and DRealSR (Wei et al. 2020), to center-crop LR images
(128%128) as real-world images.

Evaluation Metrics. In order to provide a comprehensive
and holistic assessment of the performance of different
methods, we employ a range of reference and no-reference
metrics. PSNR and SSIM (Wang et al. 2004) (calculated on
the Y channel in YCbCr space) are reference-based struc-
tural fidelity measures, while LPIPS (Zhang et al. 2018) is
the reference-based perceptual quality metric. MUSIQ (Ke
et al. 2021) and CLIPIQA (Wang, Chan, and Loy 2023) are
two no-reference image quality metrics.

Compared Methods and Implementation Details. We
adopt four state-of-the-art diffusion-based Real-ISR meth-
ods StableSR (Wang et al. 2023a), DiffBIR (Lin et al.
2023b), PASD (Yang et al. 2023), and SeeSR (Wu et al.
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2024) as baselines and test them using publicly released
codes and models. The model parameters and samplers are
set according to the original paper.

For StructSR, we set Tsas = 0.3 T as the inference
timesteps for screening and intervene in the inference pro-
cess according to the sampler. We present the ablation study
on T’s 45, SCE, and IDE in the supplementary material.

To provide a comprehensive assessment, we also show
the comparison with the GAN-based Real-ISR meth-
ods. We choose BSRGAN (Zhang et al. 2021), Real-
ESRGAN (Wang et al. 2021), LDL (Liang, Zeng, and Zhang
2022), and FeMaSR (Chen et al. 2022). For them, we di-
rectly use the publicly released codes and models for testing.

Comparison with the State-of-the-Art

Quantitative Comparisons. We present quantitative com-
parisons on three synthetic and real datasets in Table 1. We
can find the following phenomena. (1) Compared with the
original diffusion-based methods without integrating with
our StructSR, GAN-based methods have significant advan-
tages in PSNR, SSIM, and LPIPS metrics while showing
disadvantages in no-reference metrics MUSIQ and CLIP-
IQA. This demonstrates that the GAN-based methods gen-
erate images with higher structural fidelity but suffer from
the problem of insufficient realistic details. (2) Compared
with the four diffusion-based baselines, the methods inte-
grating with our StructSR achieved the best results in PSNR
and SSIM on all datasets. Although LPIPS did not achieve
optimal results, they are better than the original. (3) Af-
ter StructSR enhancement, StableSR, PASD, and SeeSR
achieved better results on MUSIQ and CLIP-IQA metrics.
Although DiffBIR slightly decreased on the MUSIQ and
CLIP-IQA, it significantly improved on PSNR and SSIM,
especially PSNR, achieving the best results among all meth-
ods. In summary, our StructSR significantly enhances the
performance of diffusion-based Real-ISR methods across
full-reference metrics and marginally improves their perfor-
mance in no-reference metrics, which demonstrates the ef-
fectiveness of StructSR for enhancing structural fidelity and
suppressing spurious details.

Qualitative Comparisons. Fig. 4 shows the visual compar-
ison of different Real-ISR methods. From the first example,
we can observe that BSRGAN, Real-ESRGAN, and LDL
preserve the structures in LR images well. FeMaSR pro-
duces many artifacts due to the weakness of denoising abil-
ity. StableSR, PASD, and SeeSR produce a few spurious de-
tails. DiffBIR changes the structural information and gener-
ates spurious details. Compared with the baselines, StructSR
suppresses the generation of spurious details and corrects the
structural errors. From the second example, we can observe
that the GAN-based methods lack the ability to generate de-
tails. Although the diffusion-based methods generate more
details, they change the structural information and generate
details inconsistent with GT. StructSR suppresses the spu-
rious information compared to baselines. The last example
shows similar conclusions. These results demonstrate that
StructSR can effectively enhance the structural fidelity and
suppress the spurious details for diffusion-based Real-ISR.
More comparisons are shown in the supplementary material.



Datasets Methods PSNR 1 SSIM 1 LPIPS | MUSIQ 1 CLIP-IQA 1

BSRGAN 23.26 0.5907 0.3351 61.20 0.5247

Real ESRGAN 22.97 0.5986 0.3112 61.07 0.5281

FeMaSR 21.74 0.5536 0.3126 60.83 0.5998

DIV2K-Val LDL 22.17 0.5798 0.3256 60.04 0.5179
(synthetic) [StableSR/+StructSR [21.94723.47 7]0.5335/70.6117 7 |0.3122/0.3004 | | 65.87766.72 7| 0.6776 /0.6316 T
DiffBIR / +StructSR |22.31/23.60 1|0.5272 /0.5835 1 |0.3520 / 0.3286 | | 65.78 / 65.02 | | 0.6696 / 0.6558 .
PASD / +StructSR  [22.31/23.351[0.5656 / 0.6029 1| 0.3728 / 0.3072 | | 64.52 / 67.93 1| 0.6180 / 0.6951 1
SeeSR / +StructSR  |22.36/23.18 1{0.5673 / 0.5986 1| 0.3194 / 0.3066 | | 68.67 / 69.26 1| 0.6934 / 0.6992 +

BSRGAN 25.06 0.7401 0.2656 63.28 0.5115

Real- ESRGAN 24.32 0.7352 0.2726 60.45 0.4521

FeMaSR 23.74 0.7087 0.2937 59.06 0.5408

RealSR LDL 23.76 0.7198 0.2750 59.28 0.4430
(real-world) [ StableSR / +StructSR | 23.41/24.31 7 | 0.6824 7/ 0.7447 1 [ 0.3001 7 0.2915 || 65.05/ 67.68 T |0.6210/0.6624 T
DiffBIR / +StructSR |23.67 / 25.09 1| 0.6245 / 0.6938 1| 0.3626 / 0.3610 | | 64.66 / 63.93 || 0.6545 / 0.6487 |,
PASD / +StructSR [ 23.86/24.49 1| 0.6946 / 0.7328 1{0.2960 / 0.2904 | | 65.13 / 69.31 1 0.5760 / 0.6995 1
SeeSR / +StructSR  |23.83 /24.25 1{0.6947 / 0.7159 1| 0.3007 / 0.2989 | | 69.81 /70.76 1| 0.6703 / 0.6868 +

BSRGAN 27.38 0.7740 0.2858 57.16 0.5091

Real-ESRGAN 27.29 0.7768 0.2819 54.27 0.4515

FeMaSR 25.55 0.7246 0.3156 53.71 0.5639

DRealSR LDL 25.97 0.7667 0.2791 53.95 0.4474
(real-world) [ StableSR / +StructSR | 26.88 /27.86 7 |0.725270.7937 1 [ 0.3182 70.2967 || 57.81760.96 T |0.6029 / 0.6524 T
DiffBIR / +StructSR |25.40 / 27.98 1| 0.6226 / 0.7566 1 | 0.4381 / 0.3640 | | 60.37 / 59.76 | | 0.6379 / 0.6176 |,
PASD / +StructSR | 26.48 /27.14 1 |0.7321/0.7662 1| 0.3327 / 0.3151 || 58.90 / 65.33 1| 0.5909 / 0.7243 1
SeeSR / +StructSR | 26.74/27.17 1{0.7405 / 0.7754 1| 0.3173 / 0.3028 | | 65.09 / 66.80 1| 0.6912 / 0.7013 +

Table 1: Quantitative comparison with state-of-the-art methods on both synthetic and real-world benchmarks. BSRGAN
(ICCV2021), Real-ESRGAN (ICCV2021), FeMaSR(ACM Multimedia2022) ,and LDL (CVPR2022) are GAN-based meth-
ods. StableSR (1JCV2024), DiffBIR (arXiv2023), PASD (ECCV2024), and SeeSR (CVPR2024) are diffusion-based methods.
The best results of each metric are highlighted. Increasing and decreasing metrics are indicated by 1" and |, respectively.

User Study. To further validate the effectiveness of our ap-
proach, we conducted user studies on both synthetic and
real-world data. Considering that the LR-HR image pairs in
real-world data cannot be exactly matched like those in syn-
thetic data, we use different settings for them. On the syn-
thetic data, followed the way in SR3 (Saharia et al. 2022c)
and SeeSR (Wu et al. 2024), participants were shown an LR
image placed between two HR images: one was GT and the
other was the Real-ISR output of a certain method. They
were asked to decide, “Which HR image has the structure
that better corresponds to the LR image?” When making
their decision, participants were asked to consider the struc-
tural similarity to the LR image. A confusion rate was then
calculated, which indicated whether participants preferred
the GT or the Real-ISR output. On the real-world data, par-
ticipants were shown an LR image along with all Real-ISR
outputs and asked to answer “Which image has the structure
that best corresponds to the LR image?”” Then, the best rate
was calculated to represent the probability of a model being
selected.

We invite 30 participants to test representative Real-
ISR methods. There are 12 synthetic test sets and 36 real-
world test sets. Synthetic data are randomly sampled from
DIV2K-Val, and real-world data are randomly sampled from
DRealSR and RealSR. Each of the 30 participants is asked to
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Methods Confusion rates Best rates
BSRGAN 8.3% 5.6%
Real-ESRGAN 16.7% 5.6%
FeMaSR 8.3% 2.8%
LDL 8.3% 2.8%
StableSR / +StructSR | 25.0% /33.3% | 8.3% / 13.9%
DiffBIR / +StructSR | 16.7% /25.0% | 2.8% /5.6%
PASD / +StructSR  [25.0% /41.67% | 11.1% / 13.9%
SeeSR / +StructSR | 33.3% /58.3% |11.1% / 16.7%

Table 2: User study on synthetic and real-world data. Confu-
sion rates are calculated on synthetic data and best rates are
calculated on real-world data.

make 144 (12x12) choices on synthetic data and 36 choices
on real-world data. As shown in Table 2, methods Integrated
with our StructSR significantly outperform other methods
in terms of selection rate on both synthetic and real-world
data. In the user study on synthetic data, SeeSR achieves the
best results among all methods without applying StructSR,
while applying StructSR achieves a 58.3% confusion rate,
25% higher than the original. In the user study on real-world
data, SeeSR applying our StructSR achieves the best selec-
tion rate of 16.7%.
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Figure 4: Qualitative comparisons of different Real-ISR methods. Integration with StructSR significantly reduces spurious
details of diffusion-based methods, resulting in high fidelity.

Conclusion progress in effectively leveraging the internal characteristics
of the diffusion-based Real-ISR models to synthesize high-
resolution images with higher structural fidelity and fewer
spurious details, as demonstrated through extensive experi-
mental evaluations. More details can be found in the supple-
mentary material.

We propose StructSR, a novel plug-and-play method that en-
hances structural fidelity and suppresses spurious details for
diffusion-based Real-ISR without any forms of model fine-
tuning, external model priors, or high-level semantic knowl-
edge. By exploring the structural similarity between recon-
structed images and the original low-resolution image dur-

ing the inference process, we found that the reconstructed Acknowledgments
images with high structural similarity values can be used This work is supported in part by the National Natu-
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