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Figure 1. Performance comparison among Real-ISR methods on three perceptual—fidelity metric pairs: PSNR vs. MANIQA (left), SSIM
vs. MANIQA (middle), and LPIPS vs. MANIQA (right). Higher MANIQA, PSNR, and SSIM values and lower LPIPS values indicate
better performance. FiDeSR achieves superior perceptual quality while maintaining competitive fidelity across all three metric pairs. All

methods are evaluated on the DRealSR dataset.
Abstract

Diffusion-based approaches have recently driven remark-
able progress in real-world image super-resolution (SR).
However, existing methods still struggle to simultaneously
preserve fine details and ensure high-fidelity reconstruction,
often resulting in suboptimal visual quality. In this paper,
we propose FiDeSR, a high-fidelity and detail-preserving
one-step diffusion super-resolution framework. During
training, we introduce a detail-aware weighting strategy
that adaptively emphasizes regions where the model exhibits
higher prediction errors. During inference, low- and high-
frequency adaptive enhancers further refine the reconstruc-
tion without requiring model retraining, enabling flexible
enhancement control. To further improve the reconstruc-
tion accuracy, FiDeSR incorporates a latent residual re-
finement, which corrects prediction errors in the diffusion
noise and enhances fine detail recovery. FiDeSR achieves
superior real-world SR performance compared to existing
diffusion-based methods, producing outputs with both high
perceptual quality and faithful content restoration. The

*Equal contribution. Corresponding author.

source code will be released at: https://github.
com/Ar0Kim/FiDeSR.

1. Introduction

Image super-resolution (ISR) is the task of restoring a high-
quality (HQ) image from its low-quality (LQ) input. Tradi-
tional ISR methods aim to restore downsampled LQ images
using simple bicubic interpolation [54]. However, images
captured in real-world environments suffer from unknown
and complex degradations. To address these degradations,
real-world image super-resolution (Real-ISR) has been de-
veloped to restore natural and realistic HQ images.
Generative models have been utilized as a solution for
producing realistic results in Real-ISR. Generative adver-
sarial networks (GANSs) [10, 20, 44] have shown success
in generating realistic results. Recently, Diffusion Mod-
els (DMs) [13, 36] have emerged as a solution for Real-
ISR [31], as their powerful image generation capability [6]
enables the restoration of realistic images under various
degradation conditions. However, diffusion-based Real-
ISR methods require iterative sampling steps, leading to
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Figure 2. Example failure cases of diffusion-based Real-ISR methods. (b) AddSR introduces structural distortion and low-frequency
inconsistency. (c) OSEDiff loses high-frequency details, producing over-smoothed texture. (d) PiSA-SR generates excessive details. In
contrast, (e) our method achieves both high fidelity and detail-preserving.

high computational costs and long inference times [58].
To address this issue, efficient one-step diffusion super-
resolution models [48, 52] have been proposed, which dis-
till the multi-step diffusion process into a one-step sampling
framework while maintaining reconstruction quality [57].

Among one-step diffusion-based Real-ISR methods,
there remain two challenging problems: (1) High-fidelity,
(2) Detail restoration. These approaches often suffer from
structural distortion and low-frequency (LF) inconsistency
due to VAE-based conditioning, making it difficult to pre-
serve faithful image content while recovering fine high-
frequency details, as observed in Fig. 2(b) [2, 38]. In ad-
dition, one-step diffusion models also struggle with high-
frequency (HF) detail loss. Diffusion models generate HF
details to compensate for the loss of HF information, which
is degraded during the noise injection process of diffusion.
In particular, latent diffusion models (LDMs) further am-
plify this loss, as the variational autoencoder (VAE) encoder
compresses pixel-level representations into a compact latent
space for efficient computation [30]. While multi-step dif-
fusion [43] enables sufficient or excessive detail restoration
by generating HF details through iterative denoising, one-
step diffusion reduces this process to a single step, resulting
in insufficient HF detail restoration [8, 52], as illustrated
in Fig. 2(c). Additionally, recent one-step diffusion mod-
els [8, 39] aim to predict the residual between the LQ and
HQ latent representations. This residual learning strategy
simplifies the SR process by allowing the model to focus
on recovering HF information within the latent, leading to
faster convergence and more efficient training. However,
since the U-Net predicts only a single global residual at each
stage, this approach results in unstable HF reconstruction
and residual artifacts, as shown in Fig. 2(d).

To overcome these limitations, we propose a high-
fidelity and detail-preserving one-step diffusion-based
super-resolution (FiDeSR) framework, which introduces
three key components. First, we employ a Detail-aware
Weighting (DAW) strategy that utilizes frequency-based

information to emphasize important detail-rich regions
during training. @DAW adaptively emphasizes regions
where the current diffusion-based one-step model under-
performs, rather than allowing it to overfit to already well-
reconstructed areas. Second, we incorporate a Latent
Residual Refinement Block (LRRB) to compensate for
incomplete HF reconstruction and artifacts arising from
coarse residual prediction. LRRB enhances the represen-
tational capacity of the model, while maintaining the ef-
ficiency of one-step diffusion. Finally, to simultaneously
enhance perceptual detail and maintain fidelity, we intro-
duce a Latent Frequency Injection Module (LFIM) that
selectively injects frequency components extracted from the
denoised latent according to spatial and channel character-
istics.

As shown in Fig. 1, FiDeSR achieves superior percep-
tual quality while maintaining competitive fidelity on real-
world super-resolution benchmarks, thereby demonstrating
its ability to reconstruct fine details while preserving high
structural fidelity compared to state-of-the-art diffusion-
based Real-ISR methods. Our main contributions are sum-
marized as follows:

* We propose FiDeSR, a high-fidelity and detail-preserving
one-step diffusion-based Real-ISR framework that effec-
tively addresses challenges of structural fidelity degrada-
tion and insufficient high-frequency restoration in one-
step diffusion models.

* We introduce three key technical components to form the
FiDeSR framework: the Detail-aware Weighting (DAW)
strategy, the Latent Residual Refinement Block (LRRB),
and the Latent Frequency Injection Module (LFIM).
These components are specifically designed to collec-
tively address the challenges of high-fidelity and detail
restoration in one-step diffusion-based Super-Resolution.

* FiDeSR achieves superior detail reconstruction and struc-
tural consistency on real-world SR benchmarks, outper-
forming state-of-the-art one-step and even competitive
multi-step diffusion Real-ISR methods.
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2. Related Works

2.1. Multi-step Diffusion-based Super-Resolution

Diffusion models have been widely adopted in Real-ISR
based on their strong generative priors. Early works applied
pixel-space diffusion models such as DDPM [13] for iter-
ative refinement [21, 29, 31, 33, 58], but these approaches
suffer from high computational cost. To improve efficiency,
later methods operate in the latent space of pretrained T21I
diffusion models like Stable Diffusion [30], often combined
with PEFT techniques such as LoRA [14, 15]. Representa-
tive approaches include StableSR [43], DiffBIR [24], PASD
[56], and SeeSR [53], which leverage semantic prompts,
feature injection, or restoration priors to guide the diffusion
process. However, these methods still rely on multi-step
denoising, resulting in slow inference.

2.2. One-step Diffusion-based Super-Resolution

To accelerate inference, recent studies compress the itera-
tive diffusion process into a single forward pass via dis-
tillation. SinSR [48] adopts deterministic sampling and
consistency-preserving loss to emulate multi-step behavior.
AddSR [40] applies adversarial diffusion distillation [32]
to reduce sampling steps, while OSEDiff [52] uses VSD
[50] with LoRA-based fine-tuning to restore images directly
from LQ latents. PiSA-SR [39] introduces Dual-LoRA
for controllable pixel and semantic refinement, and TSD-
SR [8] improves VSD stability using Target Score Distil-
lation within SD3 [9]. While TSD-SR performs well in
terms of quantitative metrics, it exhibits noticeable grid arti-
facts, a limitation inherited from its SD3-based architecture.
Although highly efficient, these one-step approaches still
struggle with insufficient high-frequency detail, misalign-
ment between LF structures and generated HF textures, and
limitations of predicting a single global residual [8, 39].

2.3. Frequency-Domain Approaches for Super-
Resolution

Frequency-domain information has long been leveraged in
SR to recover high-frequency details lost in degraded in-
puts [4, 5, 11, 16, 19, 28]. Recent diffusion-based SR meth-
ods have incorporated frequency cues to enhance genera-
tive restoration. RnG [47] separates LF reconstruction and
HF residual generation but relies on computationally ex-
pensive multi-step residual diffusion with a patch-wise step
controller, which increases complexity and limits scalabil-
ity. DiWa [27] and Frequency-Domain Refinement [46]
perform diffusion directly in the wavelet or frequency do-
main for finer HF recovery. FreeU [35] modulates diffusion
features to strengthen HF reconstruction without retrain-
ing. Multi-Scale Generation Guidance [34] combines GAN
supervision with DWT-based HF losses but still depends
on iterative sampling and adversarial training. GuideSR

[2] improves structural fidelity through full-resolution guid-
ance in a one-step framework, yet remains biased toward
fidelity and less effective in perceptual realism. TFDSR
[23] incorporates frequency information into multi-step dif-
fusion models by adapting frequency enhancement across
diffusion timesteps within the denoising process. Despite
these advances, most prior methods emphasize either high-
or low-frequency components in isolation, or require addi-
tional overhead when addressing both. Thus, there is a need
for a one-step diffusion framework that can effectively ac-
count for both frequency components and restore fine de-
tails and overall fidelity in a balanced manner.

3. Method

3.1. Preliminaries

The objective of Real-ISR is to restore a corresponding HQ
image g from a counterpart x; that has a complex and
unknown degradation process. The Real-ISR task is formu-
lated as an optimization problem for a restoration network
Gy with parameters 6, using (xy,, ) pairs sampled from
the training data distribution D. The objective is to find the
optimal parameters 6* that minimize the following compos-
ite function:

0" = arg min Ezy 2m)~D [Lrec(Tsr, i) + Lreg(Tsr)] -
ey
This objective function attempts to balance two goals to
achieve realistic restoration results. £, is the reconstruc-
tion loss, which enforces that the restored image xsp re-
mains faithful to the HQ image x g, typically measured us-
ing pixel-wise losses or perceptual metrics. This term is
balanced by L., regularization loss, which guides the re-
stored image xsg to follow the statistical properties of nat-
ural images. How to define and optimize the £,., term in
Eq. 1 has become the core challenge in Real-ISR.
Recently, Real-ISR methods leverage diffusion-based
generative priors to satisfy this £,., for more realistic
restoration. To reduce the high computational cost of multi-
step diffusion inference, one-step diffusion SR methods
compress the iterative denoising into a single step. In par-
ticular, PiSA-SR [39] performs restoration directly in the
latent space of a pretrained VAE, where a U-Net predicts a
global residual to bridge the latent representations between
the LQ and HQ images in a single step. This residual-based
restoration can be generally formulated as:

20 =2 =T, 2

where z;, denotes the latent representation of the LQ im-
age, r is the residual predicted by the network, and z; de-
notes the restored latent obtained by applying the predicted
residual to zf,.
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Figure 3. Overall framework of FiDeSR. (a) Training process: LQ image x, is encoded into a latent zr,, and the Diffusion Network predicts
a coarse residual 7, which is refined by LRRB to create refined latent z,.. The training loss is guided by the DAW module to emphasize
fine structural details, and the refined latent z, is decoded by the VAE Decoder. (b) Inference process: Following the single-step diffusion
process, the LQ latent zy, is processed by the Diffusion Network to predict a residual, which is then refined by the LRRB. Refined z, is
enhanced by frequency components through the LFIM, and finally decoded by the VAE Decoder to produce the Super-Resolution (SR)

image rsr.

3.2. Overview of FiDeSR

As shown in Fig. 3(a), our FiDeSR framework aims
to achieve high-fidelity, detail-preserving one-step super-
resolution by integrating Detail-aware Weighting (DAW)
and latent residual refinement block (LRRB) into the one-
step diffusion process. Given a LQ input image x,, we first
encode it into the latent representation zy, using a pretrained
VAE encoder. U-Net student network Gy predicts a coarse
residual r to approximate the degradation between z;, and
its HQ counterpart zy. This initial residual is further re-
fined by our LRRB, which learns an adaptive correction Ar
based on both zy, and r. The refined residual 7’ is then used
to reconstruct the refined latent z,., which is decoded by the
VAE decoder to produce the restored image. During train-
ing, FiDeSR employs a DAW module to adaptively weight
losses based on a spatial detail map computed from Sobel,
Laplacian, and Variance filters. By emphasizing regions
rich in edges and textures, DAW guides the model to focus
on fine structural recovery and visually important details,
leading to sharper and more faithful restoration.

3.3. Detail-aware Weighting

To adaptively emphasize regions that contain rich structural
details and perceptually important textures, we introduce
the DAW module. Unlike conventional frequency-based
methods that explicitly decompose images in the Fourier
domain, our DAW dynamically adjusts the loss by directly
extracting HF details in the spatial domain. We construct
a detail map D to guide this weighting process. Specifi-
cally, multiple spatial operators including Sobel, Laplacian,
and local variance filters are applied to the HQ image xz
to capture edge sharpness, local contrast, and texture vari-
ance. The detail map is defined as the mean response of
these operators:

D Sobel(xp) + Laplacian(x ) + Variance(x )

3
3)
In addition, we compute an error map £ between the
restored image g and the ground-truth image x g7, which
captures both pixel-level and perceptual discrepancies. The
pixel-wise error E,;, is computed using the L1 difference,
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Figure 4. Comparison of the pipeline among ESRGAN, PiSA-SR,
and our FiDeSR. (a) ESRGAN employs RRDB-based restoration
in pixel space. (b) PiSA-SR uses a one-step diffusion network
to predict a global residual in the latent space. (c) Our FiDeSR
introduces latent residual refinement block (LRRB) that refines the
residual.

and the perceptual error E,.,. is computed using LPIPS.
The pixel-wise error map FE,;, is defined as:

E;m'x = |ISR - ‘TH| (4)

The perceptual error map Ej.,.. is obtained using an LPIPS
network:

EpeTCZLPIPS(LESR,J?H). (5)

The final error map is computed as a weighted combination
of pixel-level and perceptual errors:

E= (1 _p) Ep'iac +pEperc; (6)

where p controls the contribution of perceptual discrepancy.
The DAW module integrates these two components to
produce a difficulty weight map Wp 417, which represents
the spatial difficulty of each pixel. This map is computed
by element-wise multiplying the detail map D and the error

map F:
Wpaw =D O E. (7

This map adaptively scales the loss contribution of each
spatial position, assigning higher weights to visually com-
plex or detail-rich regions. We apply this weighting strategy
to both the reconstruction loss and the classifier score dis-
tillation (CSD) loss [39, 50], enabling the model to empha-
size semantically and structurally difficult regions across all
spatial objectives. By applying this strategy, our method ef-
fectively focuses the difficulty-aware weighting on detail-
rich regions, which guides the model to synthesize more
accurate HF details, resulting in sharper textures, improved
structural consistency, and enhanced visual realism.

3.4. Latent Residual Refinement Block

Existing one-step diffusion-based super-resolution methods
(e.g., PISA-SR [39]) lack an iterative correction process, of-
ten resulting in unstable latent residual prediction and insuf-
ficient high-frequency recovery. To address this limitation,
we introduce the LRRB, as shown in Fig. 4(c).

LRRB operates in the latent space to refine the resid-
ual predicted by the diffusion U-Net before it is sub-
tracted from the LQ latent z;. Built upon the Residual-
in-Residual Dense Block (RRDB) [44], LRRB differs from
pixel-domain residual refinement (e.g., ESRGAN), which
assumes stable residual prediction. Instead, it explicitly tar-
gets diffusion-induced instability in latent residual predic-
tion.

The LRRB takes the concatenation of the LQ latent zj,
and the initial residual of the U-Net r as input. This com-
bined latent is first mapped to an intermediate latent space
by an initial 1x1 convolution, then passes through several
dense block modules. Finally, a 1x1 convolution remaps
these latents to the original residual channel dimension,
generating the predicted correction value Ar.

This predicted correction Ar is added to the original
residual of the U-Net r to create a refined residual r':

v =r+ Ar. (8)

This refined residual ' is ultimately subtracted from the LQ
latent z;, to compute the refined latent z,.:

2 = 2p — 1. 9)

This refined latent z,. is then passed to the VAE decoder to
generate the final SR image.

This LRRB effectively advances the conventional sim-
ple residual subtraction method, as shown in Eq. 2, into a
more powerful learning-based refinement stage. Instead of
relying on U-Net initial prediction r, this output is treated
as a strong initial estimate. LRRB then learns to predict an
optimal correction Ar based on both r and the context of
zr,. This two-step process, shown in Eq. 8 and 9, provides
the model with greater flexibility to make more precise and
complex adjustments to the residual. This learned refine-
ment ultimately leads to a more accurate refined latent z,
and a corresponding improvement in reconstruction quality.

3.5. Training Losses

The FiDeSR framework is optimized with a composite ob-
jective that enforces both pixel-level fidelity and semantic
consistency. The total training loss consists of two key com-
ponents: the reconstruction loss L,... and the regularization
loss L,¢q4. Each of these loss terms is spatially modulated
by the difficulty weight map Wp ay. This weighting guides
the network to focus more on edges, textures, and fine de-
tails, resulting in sharper and more realistic reconstructions.
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The reconstruction loss £,.. is formulated as a sum of the
pixel-wise MSE loss and the perceptual LPIPS loss, both
spatially weighted by our Wp 4 map. To account for the
different resolutions, the MSE loss is weighted by Wp 4w
at the original image resolution, while the LPIPS loss is
weighted by W7, 41;,, which is an interpolated version of
Wpaw to match the LPIPS feature map dimensions:

Erec = >\mse E[WDAW . (xSR - mH)ﬂ

/ (10)
+ Nipips EIWp aw - LLPIPS map) -

The regularization term L,., is implemented as a CSD
loss, which distills the semantic priors from a pretrained dif-
fusion model to guide restored images towards natural and
semantically consistent distributions with improved stabil-
ity and efficiency. We modified the Lo sp function to ac-
cept the Wp 41 map as an argument. This allows the mod-
ule to internally apply its semantic guidance with a focus on
the critical regions identified by the map:

Ereg = )\reg : ['CSD (Z'r‘7prompt7 WDAW)~ (11)

The total training objective L4, combines these com-
ponents, following the structure established in Eq. 1:

£total = ‘crec + £Teg- (12)

The model is guided by Wp 4 to synthesize more accurate
HF details, resulting in sharper textures, improved structural
consistency, and enhanced visual realism.

3.6. LF/HF Adaptive Enhancers for Inference

As illustrated in Fig. 3(b), the inference process of FiDeSR
restores a LQ input x 7, into a SR output x5 by combining
the diffusion process with frequency-based detail enhance-
ments. Following the diffusion process, the latent feature zp,
encoded by the VAE Encoder performs single-step restora-
tion through the U-Net. The initial residual (r) predicted
by the U-Net is refined through the LRRB, resulting in a
refined residual 7. This refined residual is then subtracted
from 2, to compute the refined latent z,..

The refined latent 2, is decomposed into low-frequency
A p and high-frequency A p components by FFT-based
Butterworth filters. These frequency components are selec-
tively injected into z, through the latent frequency injec-
tion module (LFIM). The LFIM consists of a spatial gate
M, which identifies detailed and flat regions based on a
detail map (Sobel, Laplacian, Variance) derived from the
LQ image x,, and a channel gate M, which analyzes the
frequency energy ratio of each latent channel. This selec-
tive injection strategy focuses on low-frequency enhance-
ment in structure and high-frequency enhancement in tex-
ture, maximizing detail recovery. The final enhanced latent
zy is passed to the VAE Decoder to generate the final HQ
image xgr in pixel space. More details are provided in the
supplementary material.

4. Experiments

4.1. Experimental Settings

Training Datasets. We employed LSDIR [22], DIV2K [1],
Flickr2K [41], and the first 10K images from FFHQ [17]
as training data. We generated LQ-HQ pairs for Real-ISR
training by degrading HR images using the Real-ESRGAN
[45] degradation pipeline.

Test Datasets. We evaluate our method on both synthetic
and real-world datasets. The synthetic test dataset con-
sists of 3,000 images of 512x512, cropped from DIV2K-
validation [1] and degraded into 128x128 LQ images using
the Real-ESRGAN degradation pipeline. The real-world
datasets are obtained by center-cropping images from Re-
alSR [3] and DRealSR [51], where the LQ and HQ images
have resolutions of 128x128 and 512x512.

Evaluation Metrics. To comprehensively evaluate the per-
formance of our method, we employ both full-reference and
no-reference metrics. For full-reference metrics, PSNR and
SSIM [49] are used to measure pixel-level fidelity between
restored and GT images. LPIPS [59] and DISTS [7] are
adopted to evaluate perceptual quality by comparing deep
feature similarities. FID [12] is utilized to evaluate the dis-
tributional distance between the restored and GT image sets.
No-reference metrics are used to evaluate perceptual qual-
ity without relying on GT images, including CLIPIQA [42],
NIQE [26], MUSIQ [18], and MANIQA [55].
Implementation details. Our method is implemented
based on the Stable Diffusion 2.1-base [37]. The pretrained
VAE and U-Net are kept frozen, and we add trainable LoRA
layers to the U-Net for fine-tuning, setting the LoRA rank
to 8. We train our model on 2 NVIDIA H100 GPUs with
a batch size of 8 for 200K training steps. We used the
AdamW optimizer [25] with a learning rate of 5 x 107>,
We utilize RAM [60] to extract text prompts. In all experi-
ments, the loss weights are set to Apse = 1 and Appips = 2.

4.2. Comparison with existing methods

Quantitative comparisons. Table | provides a quantita-
tive comparison with recent diffusion-based SR methods on
synthetic and real-world benchmarks. Across all datasets,
FiDeSR shows consistently reliable performance, maintain-
ing a balanced improvement in both full-reference and no-
reference metrics while requiring only a single diffusion
step. In particular, FiDeSR achieves consistently better
scores in perceptual similarity measures such as LPIPS and
DISTS, indicating improved reconstruction and reduced ar-
tifacts compared to other one-step and multi-step diffu-
sion models. At the same time, FiDeSR also demon-
strates competitive no-reference performance on metrics
such as CLIP-IQA, MUSIQ, and MANIQA, suggesting that
the restored images better align with natural image statis-
tics and exhibit more coherent visual structure. This si-
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Table 1. Quantitative comparison with state-of-the-art DM-based SR methods on synthetic and real-world test datasets. The number of
diffusion inference steps is indicated by ’s’. The best and second best results of each metric are highlighted in red and blue, respectively.
The third best results are indicated by an underline.

Dataset  Method PSNR+ SSIM{ LPIPS| DISTS| CLIPIQA{ NIQE| MUSIQ{ MANIQA+ FID |
StableSR-200s ~ 27.93  0.7491 03306  0.2290 0.6197 6.3865  58.5502 0.5569  147.48
SeeSR-50s 28.14 07713 03141  0.2298 0.6889 64633 64.7302 0.6016  146.98
DiffBIR-50s 2590  0.6245 04669  0.2298 0.6333 6.3275  66.1334 0.6221 18034
PASD-20s 2917 07954 03176  0.2220 0.7071 77138 50.4422 04683  143.08

DRealSR  AddSR-4s 2662 07384 03695  0.2651 0.7121 78536  65.0625 0.5993  167.69
OSEDiff-1s 2792 07835  0.2967  0.2162 0.6956 64389  64.6979 0.5898 13545
SinSR-1s 2834 07490 03705  0.2487 0.6445 7.0300 553668 04912 17596
PiSA-SR-1s 2832 07804 02960  0.2169 0.6918 6.1803  66.1112 0.6161 13048
FiDeSR-1s 2890 07907  0.2836  0.2112 0.6974 62014  65.7820 0.6239 12797
StableSR-200s ~ 24.73  0.7084 03050  0.2156 0.6379 56251  65.4419 0.6259 13043
SeeSR-50s 2521 07216 03004  0.2218 0.6674 55929  69.6929 0.6435  125.09
DiffBIR-50s 2483 0.6501 03650  0.2399 0.7053 58404 692781 0.6502  130.52
PASD-20s 26,63 07660  0.2869  0.2032 0.4857 59815  60.0287 0.5390 12452

RealSR  AddSR-4s 2254 0.6419 03867 02718 0.7298 6.5640  71.4404 0.6751  156.68
OSEDiff-1s 2515 07341 03194 02127 0.6686 56364  69.0810 0.6335 12349
SinSR-1s 2629 07350 03194  0.2344 0.6181 6.2854  60.7494 0.5420  134.27
PiSA-SR-1s 2550 07418  0.2672  0.2044 0.6697 55054  70.1462 0.6551  124.18
FiDeSR-1s 2602 07457 02626  0.1965 0.6896 53194  69.8245 0.6681  109.68
StableSR-200s 2327  0.5733 03106  0.2045 0.6773 47621  65.8259 0.6178 24.43
SeeSR-50s 2373 0.6057 03193  0.1966 0.6864 47949 683976 0.6200 25.80
DiffBIR-50s 23.14 05441 03669  0.2209 0.7299 49920  69.8698 0.6440 32.71
PASD-20s 2441 0.6252 03794  0.2218 0.5567 54273 61.2676 0.5362 31.53

DIV2K  AddSR-4s 2238 05554 03815 0.2340 0.7538 58168  69.1623 0.6300 35.07
OSEDiff-1s 2372 0.6109 02942  0.1975 0.6681 47104  67.9670 0.6131 26.33
SinSR-1s 2440 06018 03244  0.2067 0.6492 6.0002  62.8673 0.5393 35.59
PiSA-SR-1s 2387 0.6058  0.2823  0.1934 0.6928 4.5563  69.6799 0.6375 25.09
FiDeSR-1s 2433 0.6250  0.2678  0.1845 0.6873 4.6644  68.8672 0.6384 23.30

PiSA-SR

GT AddSR OSEDiff SinSR PiSA-SR FiDeSR

Figure 5. Qualitative comparisons with state-of-the-art DM-based SR methods.
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Table 2. Ablation study on LRRB and DAW on the DIV2K dataset
(evaluated before applying LFIM).

Table 4. Ablation of LFIM (HF/LF) modules with different injec-
tion on the RealSR dataset.

Model CLIPIQA{ NIQE| MUSIQ{ MANIQA t Method PSNR 1 SSIM MUSIQ + MANIQA
w/o LRRB, DAW 0.6611 4.7381 67.6043 0.6237 Baseline 26.2542 0.7498 69.3610 0.6580
w/o LRRB 0.6641 4.7129 67.6280 0.6236 HF-0.1 26.1295 0.7476 69.6450 0.6639
w/o DAW 0.6626 4.7340 67.9515 0.6278 HF-0.2 25.9985 0.7452 69.8562 0.6692
. HF-0.3 25.8618 0.7428 70.0120 0.6737
FiDeSR 0.6699 4.6300  68.2869 06285 HF-0.4 257213 0.7403 70.1132 0.6774
] ] o _ HF-0.5 25.5778 0.7378 70.1617 0.6803
Table 3. th-frequency noise prediction error comparison be- Fol 26.2905 07506 593177 06571
tween baseline and LRRB models. Lower MSE indicates better LF-0.2 26.3066 0.7513 69.2337 0.6564
LF-0.3 26.3221 0.7520 69.1431 0.6550
performance. LF-0.4 263377 0.7526 69.0521 0.6538
Method DIV2K DRealSR RealSR Average LF-0.5 26.3448 0.7532 68.9473 0.6522
baseline 0.1051 0.1049 0.1045 0.1048
LRRB 0.1038 0.1028 0.1029 0.1032
Improvement 1.24% 2.00% 1.53% 1.59% demonstrating the complementary effect of both modules in

multaneous improvement on both reference-based and no-
reference evaluation is challenging due to the inherent per-
ception—distortion trade-off, yet FiDeSR manages to main-
tain a more stable balance than prior diffusion-based SR
approaches. Furthermore, FiDeSR achieves consistently
lower FID values than all existing methods including both
one-step and multi-step methods, demonstrating the clos-
est alignment with real-image distributions overall. Overall,
FiDeSR demonstrates consistently superior restoration per-
formance across diverse real-world settings by effectively
addressing the common limitations of one-step diffusion,
overcoming insufficient high-frequency detail reconstruc-
tion and low-frequency structural inconsistency.
Qualitative comparisons. Visual results are shown in
Fig. 5. Multi-step methods such as SeeSR generate rich
details, but many of them appear unnatural, often introduc-
ing noise-like artifacts and compromising fidelity. AddSR
tends to deviate from the ground-truth structure, producing
distorted shapes and lacking fine local details. DiffBIR also
exhibits noticeable noise artifacts, while PASD often pro-
duces blurry textures and degraded structural consistency.
OSEDiff preserves some coarse structures but still suffers
from reduced fidelity and insufficient high-frequency recon-
struction. PiSA-SR improves perceptual sharpness but may
introduce overly enhanced or inconsistent textures in com-
plex regions. In contrast, FiDeSR restores both structural
integrity and fine details more faithfully to the ground truth
while simultaneously producing sharper textures and a more
natural overall appearance, without introducing unwanted
artifacts.

4.3. Ablation study

Effectiveness of LRRB and DAW. Table 2 shows that
both the LRRB and DAW modules contribute to percep-
tual quality. Removing either module consistently degrades
the CLIPIQA, NIQE, MUSIQ, and MANIQA scores, in-
dicating reduced detail preservation. When used together,
FiDeSR achieves the best performance across all metrics,

enhancing detail-aware restoration. The quantitative com-
parison in Table 3 further validates the benefit of incorporat-
ing the LRRB module. Across DIV2K, DRealSR, and Re-
alSR datasets, the LRRB-equipped model consistently re-
duces the high-frequency noise prediction error compared
to the baseline. More comprehensive results and analyses
can be found in the supplementary materials.

Ablation on LFIM (HF/LF). Table 4 summarizes the ef-
fects of LFIM on both low- and high-frequency compo-
nents. Applying LFIM on low-frequency features consis-
tently improves PSNR and SSIM as the injection intensity
increases, which confirms that reinforcing low-frequency
information stabilizes global structure, tone, and illumina-
tion, thereby enhancing structural fidelity. In contrast, ap-
plying LFIM on high-frequency components substantially
enhances perceptual quality metrics such as MUSIQ and
MANIQA by selectively enhancing fine textures, edges, and
high-frequency details. This demonstrates that the LFIM
effectively complements structural refinement with percep-
tual sharpness, contributing to balanced and detail-aware
super-resolution.

5. Conclusion

In this work, we presented FiDeSR that addresses two
challenges of existing one-step diffusion methods: struc-
tural fidelity degradation and insufficient high-frequency
detail restoration. To overcome these challenges, FiDeSR
introduces three components: detail-aware weighting, la-
tent residual refinement block, and the latent frequency in-
jection module. Through extensive experiments, FiDeSR
demonstrates state-of-the-art performance among one-step
diffusion SR models and achieves consistent gains in both
full-reference and no-reference metrics. Overall, FiDeSR
highlights that one-step diffusion models can achieve high
perceptual quality without sacrificing fidelity, when both
frequency-aware guidance and residual refinement are prop-
erly integrated, which would open new directions for effi-
cient real-world SR and extensions to video or multi-modal
restoration tasks.
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