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Abstract

JPEG, as a widely used image compression standard, often in-
troduces severe visual artifacts when achieving high compres-
sion ratios. Although existing deep learning-based restora-
tion methods have made considerable progress, they often
struggle to recover complex texture details, resulting in over-
smoothed outputs. To overcome these limitations, we propose
SODiff, a novel and efficient semantic-oriented one-step dif-
fusion model for JPEG artifacts removal. Our core idea is that
effective restoration hinges on providing semantic-oriented
guidance to the pre-trained diffusion model, thereby fully
leveraging its powerful generative prior. To this end, SOD-
iff incorporates a semantic-aligned image prompt extractor
(SAIPE). SAIPE extracts rich features from low-quality (LQ)
images and projects them into an embedding space semanti-
cally aligned with that of the text encoder. Simultaneously, it
preserves crucial information for faithful reconstruction. Fur-
thermore, we propose a quality factor-aware time predictor
that implicitly learns the compression quality factor (QF) of
the LQ image and adaptively selects the optimal denoising
start timestep for the diffusion process. Extensive experimen-
tal results show that our SODiff outperforms recent leading
methods in both visual quality and quantitative metrics.

Code — https://github.com/frakenation/SODiff

1 Introduction

JPEG (Wallace 1991) is a widely adopted lossy compres-
sion standard. It applies discrete cosine transform on each
8x 8 blocks and quantizes high-frequency components.This
method significantly reduces storage size while maintain-
ing visually acceptable quality. However, high compression
ratios cause over-quantization, which produces artifacts in-
cluding blocking and ringing. Previous deep learning-based
methods (Dong et al. 2015; Jiang, Zhang, and Timofte 2021;
Liang et al. 2021; Zhang et al. 2018b) achieve considerable
success in JPEG artifacts removal tasks. However, when fac-
ing such severe compression conditions, they often suffer
from blocked details and distorted structures due to their
lack of detail generation capability.
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Figure 1: JEPG compression artifacts removal performance
of recent methods on DIV2K-val (QF=5).

In recent years, diffusion models (DM) (Rombach et al.
2022; Song, Meng, and Ermon 2021; Ho, Jain, and Abbeel
2020) based on latent space denoising mechanisms demon-
strate excellent performance in image generation. Text-to-
image (T2I) models (Stability Al 2022; Podell et al. 2023)
generate high-quality images that match textual descriptions
by encoding input text into semantic information to guide
the denoising process. Pre-trained diffusion models possess
powerful image generation prior knowledge. Related stud-
ies (Lin et al. 2024; Yu et al. 2024) show their superior per-
formance in image restoration. Considering the time over-
head of multi-step diffusion inference, one-step diffusion
(OSD) methods (Wu et al. 2024a; Wang et al. 2024b; Gong
et al. 2025b) significantly reduce inference time. OSD meth-
ods can maintain restoration quality and provide a new tech-
nical pathway for JPEG compression artifacts removal.

JPEG compression varies with quality factors (QF) and
quantization table specifications. This diversity produces
variable degradation patterns. Previous studies (Guo et al.
2025) achieve good results by strategically incorporating
QF prior information into the guidance prompts of diffu-



sion models. Pre-trained T2I models can achieve optimal
performance under text information guidance. On this ba-
sis, using textual descriptions as auxiliary information for
image restoration proves to be effective (Wu et al. 2024a,b;
Yu et al. 2024). Existing methods commonly employ addi-
tional vision-language models to generate text prompts on-
line during inference. However, such practice poses two crit-
ical problems: (1) The rich information contained in low-
quality (LQ) images is significantly diluted during conver-
sion to text prompts. (2) Inference efficiency is constrained
by the performance of pre-trained vision-language models.

To address the aforementioned issues, we propose SOD-
iff, a novel semantic-oriented one step diffusion (OSD)
model for JPEG compression artifacts removal. At its core
is the semantic-aligned image prompt extractor (SAIPE),
which employs a Swin Transformer architecture-based im-
age feature extractor to obtain guidance information. In gen-
erating embedded “image prompts”, SAIPE achieves align-
ment with textual description information embedded by the
text encoder. Our core motivation is that pre-trained T2I
models possess optimal generation prior knowledge. This
prior performs best under semantic guidance. SAIPE can uti-
lize the powerful generation prior capabilities of pre-trained
models by aligning text and image embeddings.

Furthermore, for LQ images with different compression
degrees, the extent of texture detail performs differently
from visual information loss. The denoising process at dif-
ferent timesteps in the pre-trained diffusion model corre-
sponds to blocked semantic structures at early steps and re-
fined details at later steps. We propose a quality factor-aware
timestep predictor that implicitly learns the QF of LQ im-
ages. Such a predictor can select appropriate timesteps for
injecting into the diffusion UNet during the denoising pro-
cess to achieve better restoration effects.

In general, our contributions can be summarized as:

* We propose SODIff, a novel OSD model for JPEG com-
pression artifacts removal, which explores the guiding
role of rich embedded visual features in the diffusion pro-
cess at the textual semantic level.

We design a semantic-aligned image prompt extractor
(SAIPE) that can extract rich information from LQ im-
ages to guide the diffusion process, enabling it to extract
“distilled semantic guidance” while preserving the fea-
ture priors of the images themselves.

We design a quality factor (QF)-aware time predictor that
attempts to use compression QF as a timestep predictor
for diffusion models, selecting the most suitable noise for
LQ images with different compression degrees.

Our SODiff can reconstruct missing details under severe
compression with high fidelity. SODiff outperforms re-
cent leading methods on multiple existing datasets.

2 Related Works
2.1 JPEG Artifacts Removal

Over-compressed JPEG files produce noticeable artifacts.
Deep learning-based JPEG artifacts removal methods
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have achieved remarkable success in recent years. AR-
CNN (Dong et al. 2015) is the first attempt to apply super-
resolution networks for artifact mitigation. Transformer-
based methods (Han et al. 2024; Zhang et al. 2019) also
demonstrate their effectiveness in this task. GAN network
is introduced to this task (Zhang et al. 2021; Galteri et al.
2017), aiming to improve the perceptual quality of restored
images through generative adversarial networks. To simul-
taneously utilize the rich information in both pixel and fre-
quency domains, dual-domain convolutional network meth-
ods (Guo and Chao 2016; Zhang et al. 2018b) emerge.
Prior information of JPEG compression is proven to pro-
vide strong guidance for the restoration process. The ranker-
guided framework (Wang et al. 2021) uses compression
quality rankings as auxiliary information. For blind re-
moval scenarios where the QF is unknown, FBCNN (Jiang,
Zhang, and Timofte 2021) balances artifact removal and
detail preservation by predicting an adjustable quality fac-
tor. PromptCIR (Li et al. 2024) explores the application of
prompt learning for this task. Based on the powerful image
generation priors of pre-trained T2I models, CODiff (Guo
et al. 2025) achieves excellent results by implicitly learning
the QF of LQ images to guide detail recovery within OSD.

2.2 Diffusion Models

Pre-trained text-to-image (T2I) diffusion models possess
powerful natural image generation capabilities through con-
ditional guided denoising processes. Some methods incor-
porate degraded images into the diffusion process (Lin et al.
2024; Yu et al. 2024; Wu et al. 2024b), achieving excel-
lent image restoration effects by fine-tuning pre-trained net-
works. DiffBIR (Lin et al. 2024) uses ControlNet (Zhang,
Rao, and Agrawala 2023) to incorporate high-fidelity im-
ages as guidance information to control the denoising pro-
cess. SUPIR (Yu et al. 2024) employs SDXL (Podell et al.
2023) to generate high-resolution restoration results with
impressive amounts of details. One-step Diffusion (OSD)
models (Wu et al. 2024a; Wang et al. 2024b; Zhang et al.
2024)encode LQ images into latent space as the starting
point, achieving restoration effects in a single step. This ap-
prach avoids the lengthy inference time and large param-
eter count of multi-step diffusion. Among them, OSED-
iff (Wu et al. 2024a) applies variational score distillation,
while S3Diff (Zhang et al. 2024) leverages degradation-
aware LoRA fine-tuning. These methods provide reference
paradigms for severe JPEG compression artifacts removal,
but additional task-specific problems need to be considered.

3 Methods

3.1 Semantic-Aligned Image Prompt Extractor

Previous research (Wang et al. 2025; Gong et al. 2025a)
demonstrates the effectiveness of extracting image features
as guidance information for image restoration. The extracted
visual features should retain both reconstruction and seman-
tic information than pure text. To this end, we first train a
semantic-aligned image prompt extractor (SAIPE). In the
OSD stage, SAIPE can extract key image prompts from
compressed LQ image [, to guide the diffusion process.
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Figure 2: Training Framework of SAIPE. SAIPE employs a dual-branch training approach with a shared feature extractor £joqr, -
The LQ input image [}, is processed to generate intermediate features F,,,;4, which feed into two branches. The reconstruction
decoder D,,;, outputs Iec and is optimized via reconstruction loss £,.. against the high-quality ground truth 7. The image
guidance embedder 7g;;4, produces semantic image embeddings e;,,,4. To strengthen semantic associations, LLaVA-v1.5-7B
generates descriptive text from I, which is embedded to obtain e;,;. The alignment loss L;;4» enforces semantic consistency
between €;,,,4 and e, in the embedding space, enabling effective guidance for pre-trained T2I diffusion models.

Model Architecture. As shown in Fig. 2, the main struc-
ture of SAIPE consists of a shared feature extractor encoder
Edown, image guidance embedder 74144y, and reconstruction
decoder D,,;,. Among them, the shared feature extractor en-
coder Egoun is designed based on the SwinlR (Liang et al.
2021) architecture. The input 512x512 compressed image
Iy, first undergoes 4 x downsampling and expands the chan-
nels to 180. It subsequently passes through two layers of
residual Swin Transformer blocks (RSTB). It can be detailed
as being processed through Swin Transformer layers (STL)
with skip connections to preserve shallow-layer information.
Through this process, it outputs intermediate feature rep-
resentations F},,;4 containing rich hierarchical information.
D,y correspondingly adopts a symmetric structure with re-
duced application of STL. After performing Layer Norm,
upsampling is conducted to obtain the predicted restored im-

age I,... This process can be represented as:
Fmid - gdown(IL) with frec - Dup(Fmid)- (1)

Although high-dimensional features F},,;; contain rich vi-
sual information, they cannot directly serve as semantic in-
formation to guide the diffusion process. Since the most suit-
able guidance information for pre-trained T2I models is text,
designing an adapter that can focus on the semantic informa-
tion of image features and establish strong associations with
text semantic information is crucial. This approach can be
analogized to the process of embedding “image prompts”,
for which we design an image guidance embedder. After
F;q passes through an input MLP layer, it is processed
through a Performer (Choromanski et al. 2021) encoder,
obtaining refined features. Following multi-scale convolu-
tions, these serve as keys and values that enter the multi-
head attention pooling layer, where they interact with learn-
able queries to produce image embeddings €;,,, matching
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the text encoder. This process can be expressed as:

2

Training Objective. During training, we need to preserve
the original reconstruction guidance while performing se-
mantic feature alignment. The purpose of this is to remove
the degradation information obtained during the compres-
sion process of Iy. Therefore, for the reconstructed image

Iy after D,,;,, we need to compute the reconstruction loss
with the non-compressed image I;:

Cimg = align(Fmid)'

Erec = £1<Irec;IH)- (3)
Although the compressed LQ image Iy, has suboptimal
image quality, it is still sufficient to guide highly robust
large-scale Vision-Language Models (VLM) in generating
detailed textual descriptions. Here, to strengthen the se-
mantic features within the image embeddings, we employ
LLaVA-v1.5-7B (Liu et al. 2023) to generate correspond-
ing descriptive text from [,. These detailed descriptions are
embedded through the text embedder of the pre-trained T2I
model to obtain e¢c.¢. To align €;,,4 and €¢4¢ in the embed-
ding space, we compute the MSE loss between them, allow-
ing the semantically relevant parts within the image embed-
dings to be as close as possible to the spatial structure of the
text embeddings. Therefore, the alignment loss L4, and
the total training loss £ can be expressed as:

Ealign - £MSE(eimga etezt)a (4)
L= Lrec + )\align : £align- (5)

To intuitively illustrate that SAIPE enhances the parts
with stronger semantic associations in image embeddings,
we performed Uniform Manifold Approximation and Pro-
jection (UMAP) (Mclnnes, Healy, and Melville 2018) di-
mensionality reduction on the embeddings. For comparison,
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Figure 3: Visualization of different semantic-aligned train-
ing strategies. Red dots represent text embeddings, while
blue dots represent aligned embeddings under different
Talign training strategies. Zoom in for better view.

we first train the reconstruction branch according to the same
strategy, then train 7,4, together with the Diffusion model.
Fig. 3 shows their comparison results. It can be observed
that in the high-dimensional space distribution, 74i4» con-
strained by alignment loss is closer to the magnitude and
spatial distribution of text embeddings. For a detailed com-
parison of model performance, please refer to the ablation
experiments in Section 4.3.

3.2 One-Step Diffusion (OSD) Model

Model Architecture. Recent diffusion-based restoration
methods (Wu et al. 2024a; Wang et al. 2025; Gong et al.
2025a) leverage pretrained text-to-image (T2I) models for
strong generative priors. In our method, we adopt Stable Dif-
fusion (SD) (Stability AI 2022) as the base model and retain
the original architecture of both the variational autoencoder
(VAE) (Kingma and Welling 2014) and the UNet (Ron-
neberger, Fischer, and Brox 2015) components. After ob-
taining the latent vector z;, = Ey([;) through the VAE en-
coder Ejy, our model follows a denoising process similar to
that in SD to predict the high-quality latent vector Zg:

ZL — V 1— aTEO(ZL; eimga 7—p'red)
= ; (©)
Var

where €y denotes the denoising UNet guided by both the
prompt embedding €;,,,4 and the timestep 7p,4. Specifically,
€img 1 the output of the image guidance embedder of the
semantic-aligned image prompt extractor (SAIPE), while
Tpred 18 predicted by the quality factor-aware time predic-
tor. Finally, the restored high-quality image Iy is obtained
by decoding Zg using the VAE decoder Dy: Iy = Dy(2m).
Training Objective. During training, we employ three
types of loss functions: reconstruction loss, adversarial loss,
and QF-aware loss, which is mentioned in Sec. 3.3. The
reconstruction loss consists of an MSE term and an edge-
aware DISTS perceptual loss which enhances the sensitivity
of the DISTS (Ding et al. 2020) metric to image edges using
the Sobel operator S(-). Therefore, the reconstruction loss

Lrecon can be formulated as:

Lrecon :£MSE(fH7 IH) + Lga with
£EA = ﬁDISTS(S(IAH),S(IH)) + EDISTS(jH7IH)~

2y =

N
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Meanwhile, previous work (Li et al. 2025) reveals a signif-
icant discrepancy between predicted and ground truth dis-
tributions in the latent space, which reconstruction losses in
the RGB domain alone cannot effectively mitigate. Follow-
ing this line of research, we adopt a pre-trained diffusion
UNet as the discriminator D. The loss functions for the gen-
erator G and discriminator D are defined as follows:

Lg(2y) = —E4 [logD (F(2m,1))],
—E; [log (1 — D (F(2g,t)))]
—E; [logD (F(zm,t))],

where F'(-) represents the process of adding diffusion noise,
which depends on a random timestep ¢ € [0, 7.

®)

Lp(Zm,2m)

€))

3.3 Quality Factor-Aware Time Predictor

Although one-step denoising reduces inference time, pre-
trained T2I models achieve optimal performance with multi-
step progressive refinement (Ho, Jain, and Abbeel 2020;
Song, Meng, and Ermon 2021). For a powerful pre-trained
SD-UNet, the predicted noise levels at different timesteps in
the latent space are not uniform (Luo et al. 2023). Previous
study (Wang et al. 2024a) demonstrates that introducing a
suitable timestep predictor for the OSD model can yield bet-
ter performance compared to inference with a fixed timestep.

Before compression, a specific quality factor (QF) is typ-
ically specified , where lower QF generally leads to more
severe detail loss. To leverage the prior knowledge embed-
ded in the pre-trained model’s noise schedule, we propose
a quality factor-aware time predictor. It predicts the denois-
ing timestep from LQ image I}, using four residual blocks.
To further inject JPEG compression priors into the decision
process, an additional linear branch following a shared aver-
age pooling layer is employed to predict the QF of . The
predicted quality factor QF,,,.; is supervised using an L1

loss against the ground truth QF,, formulated as:

‘qu = HQFpred - QthHl' (10)

For the dedicated timestep prediction branch, ensuring the
differentiable property of input timestep is crucial for end-
to-end training of the overall Diffusion framework. Since
discrete timestep selection would break the gradient flow,
we employ a continuous relaxation approach. The pre-
dicted logits [;,7 € {0,1,2,...,Tinax — 1} correspond-
ing to different timesteps need to be processed through the
Gumbel-Softmax technique (Jang, Gu, and Poole 2017),
which provides a differentiable approximation to categori-
cal sampling. This approach introduces Gumbel noise g; ~
Gumbel (0, 1) to the logits before applying softmax normal-
ization, enabling smooth gradient computation while main-
taining the stochastic nature of timestep selection. There-
fore, the predicted timestep Tpeq can be expressed as a learn-
able weighted combination of all possible timesteps:

Traxz—1
) exp(l; + g;
Tored = Y i Tw_l( L ay
i=0 Zj:@ exp(l; + g;)
Thus, the overall training loss Ly is formulated as:
Elotal :‘Crecon(nylH)‘Fa'EQ(éH)+/B'£qf- (12)



SAIPE =

R
Japoou i
poou3

Gumble

Softmax
Conv+BN
X2
Relu
D | x4 Shared
7] AvgPooling

—_ \:ID gd — i
W _

Tpred

Discriminator Network

%

Decoder <

<« — = Compute Loss

—— Prompt Track
EQF

- —— Diffusion Track
QF req ~QFy,

‘,f%g Frozen

Figure 4: Training Framework of SODiff. First, the Prompt Track uses the first-stage trained SAIPE to extract semantic-oriented
embedded image guidance e;,,, from I;,. Second, the Timestep Track performs OSD timestep and QF prediction, obtaining
Tpred and computing L, . Next, I, is encoded into latent space through the frozen VAE encoder to obtain zy,, with e;p,4 and
Tpred Providing conditional control for the noise prediction UNet, which performs one-step noise prediction to obtain 2z . The
SDXL Discriminator receives the transformed e;;,,4, £, and the latent space representation zg of I to compute Lg. Last, Zg

passes through the frozen VAE Decoder to obtain the reconstructed image I 1, which computes L,.ccon With Ig.

4 Experiments
4.1 Experimental Settings

Training and Testing Datasets. Our model is trained on
the DF2K (Agustsson and Timofte 2017; Timofte, Agusts-
son, and Gool 2017), LSDIR (Li et al. 2023) datasets. For
preprocessing, we randomly crop DF2K and LSDIR to a
size of 512x512. We randomly select JPEG compression
with quality factors in the range [5,95] as the degradation
pipeline. For the test set, we follow previous work (Guo
et al. 2025) and select LIVE-1 (Sheikh et al. 2005), Ur-
ban100 (Huang, Singh, and Ahuja 2015), and DIV2K-
val (Agustsson and Timofte 2017), conducting evaluations
at QF values of 5, 10, and 20, respectively.

Evaluation Metrics. To evaluate the model’s perfor-
mance, we selected both full-reference and no-reference im-
age quality assessment (IQA) to assess the test results. The
full-reference IQA includes LPIPS (Zhang et al. 2018a)
and DISTS (Ding et al. 2020). The no-reference IQA are
MUSIQ (Ke et al. 2021), MANIQA (abbreviated as M-
IQA) (Yang et al. 2022), and CLIPIQA (abbreviated as C-
IQA) (Wang, Chan, and Loy 2023), which provide evalua-
tion that aligns with natural human perceptual judgment.

Implementation Details. The overall training process
consists of two stages: the training of SAIPE and SODiff. In
the first stage, to improve training efficiency, all text descrip-
tions are pre-generated before the training stage, and ensure
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they are generated from image content within the cropped
regions. With A4y, of alignment loss in Eq. (5) set to 0.5,
we use the Adam (Kingma and Ba 2017) optimizer with
a learning rate of 2x10~%. In the second stage, we select
SD2.1-base (Stability Al 2022) as the base model. SODiff
training freezes SAIPE and the VAE encoder and decoder,
sets the LoRA rank to 16 to finetune SD, and uses AdamW
as the optimizer with learning rate of 1x10~°. Following
D3SR (Li et al. 2025), we use SDXL as our discriminator
network and set v in Eq. (12) to 1x1072. 3in Eq. (12) is set
to 1x10~3. With batch sizes of 16 and 2 for the two stages,
training is performed on 4 and 2 NVIDIA RTX A6000 GPUs
for 50k and 150k iterations, respectively.

Compared State-of-the-Art (SOTA) Methods. We com-
pare SODiff with two categories of models. First, we com-
pare with non-diffusion models, including FBCNN (Jiang,
Zhang, and Timofte 2021), JDEC (Han et al. 2024), and
PromptCIR (Li et al. 2024). Second, we compare with
diffusion-based models, including DiffBIR (Lin et al. 2024)
and SUPIR (Yu et al. 2024). Note that DiffBIR is retrained
for JPEG compression artifacts removal.

4.2 Main Results

Quantitative Comparisons. Table. 1 presents the quanti-
tative comparison results across three benchmark datasets
(LIVE-1, Urban100, and DIV2K-val) under different qual-



LIVE-1

Method LPIPS | DISTS | MUSIQ * MANIQA 1 CLIPIQA 1
etho QF5 QF10 QF20 | QF5 QF10 QF20 | QF5 QF10 QF20| QF5 QFI10 QF20 | QF5 QF10 QF20
JPEG 0.4384 0.3013 0.1799|0.3242 0.2387 0.1653 | 40.33 53.88 64.12|0.2294 0.3509 0.4411|0.1716 0.2737 0.5542
FBCNN 0.3736 0.2503 0.1583|0.2353 0.1785 0.1319[63.56 71.00 73.96 [ 0.3425 0.4207 0.4551|0.2763 0.4767 0.5535
JDEC 0.4113 0.2450 0.1555]0.2364 0.1740 0.1282[55.66 70.80 73.81|0.2002 0.4065 0.4433|0.1539 0.4811 0.5512
PromptCIR | 0.3797 0.2290 0.1450|0.2334 0.1658 0.1223|60.34 72.39 74.120.2790 0.4500 0.4713|0.2655 0.5176 0.5847
DiffBIR* 0.3509 0.2160 0.1500|0.2035 0.1319 0.0988 | 58.09 67.38 71.08 [ 0.2812 0.3789 0.4371|0.3776 0.5789 0.6814
SUPIR 0.4856 0.2770 0.1683 | 0.2720 0.1558 0.1121]52.69 68.77 73.02|0.3229 0.5183 0.6237 | 0.3149 0.6115 0.7364
SODiff (ours)\0.2229 0.1605 0.1237\0.1173 0.0938 0.0763\72.88 73.84 74.11 \0.4957 0.5192 0.5272\0.7087 0.7323 0.7587

Urban100

Method LPIPS | DISTS | MUSIQ t MANIQA 1 CLIPIQA T
QF5 QF10 QF20 | QF5 QF10 QF20 | QF5 QFI10 QF20| QF5 QF10 QF20 | QF5 QF10 QF20
JPEG 0.3481 0.2254 0.1244]0.2834 0.2145 0.1521|50.46 60.87 67.60|0.3656 0.4401 0.4967|0.2806 0.3517 0.5343
FBCNN 0.2341 0.1462 0.0896 | 0.2162 0.1648 0.1249 [ 69.03 72.55 73.39 (0.4263 0.5033 0.5288 | 0.3800 0.5014 0.5437
JDEC 0.2794 0.1382 0.0846 | 0.2309 0.1570 0.1175|62.97 72.52 73.30|0.3386 0.5001 0.5230(0.2518 0.4959 0.5369
PromptCIR | 0.2389 0.1183 0.0739|0.2037 0.1431 0.1083|66.08 73.01 73.47 | 0.3946 0.5380 0.5489 |0.3619 0.5337 0.5662
DiffBIR* 0.2018 0.1344 0.1005 | 0.1657 0.1207 0.0939|69.63 71.77 72.51|0.4285 0.4813 0.5105|0.5470 0.5966 0.6306
SUPIR 0.3279 0.2489 0.2125]0.2018 0.1659 0.1518 [69.94 72.37 73.01 [ 0.5546 0.5995 0.6105|0.5536 0.6178 0.6397
SODiff (0urs)\0.1579 0.1098 0.0846\0.1196 0.0914 0.0734\71.33 7223 72.63 \0.5598 0.5451 0.5561 \0.6392 0.6558 0.6733

DIV2K-val

Method LPIPS | DISTS | MUSIQ MANIQA 1 CLIPIQA 1
QF5 QF10 QF20 | QF5 QF10 QF20 | QF5 QF10 QF20| QF5 QFI10 QF20 | QF5 QF10 QF20
JPEG 0.3459 0.3234 0.2072]0.2570 0.2255 0.1465[25.95 47.53 57.45|0.2570 0.3120 0.35570.2595 0.3303 0.5072
FBCNN 0.3445 0.2448 0.1733]0.2078 0.1581 0.1168 [56.52 61.79 65.20 | 0.3025 0.3593 0.3775|0.3004 0.4561 0.5221
JDEC 0.3811 0.2313 0.1565|0.2234 0.1574 0.1152(53.88 67.48 69.90 | 0.2118 0.3689 0.3927|0.1841 0.4675 0.5319
PromptCIR | 0.3549 0.2240 0.1581|0.2067 0.1459 0.1061 |52.21 62.63 65.62|0.2705 0.3758 0.3871|0.3041 0.4956 0.5483
DiffBIR* 0.2788 0.1953 0.1542|0.1533 0.1072 0.0856 | 60.21 65.22 67.06 [ 0.3220 0.3754 0.4033 | 0.4975 0.5912 0.6355
SUPIR 0.4372 0.3121 0.2295|0.2148 0.1410 0.1161 [54.07 61.93 64.87 | 0.3438 0.3570 0.3723|0.4219 0.5186 0.5535
SODiff (0urs)\0.2425 0.1732 0.1295\0.1126 0.0816 0.0622\64.42 65.90 66.49\0.3733 0.3924 0.3984\0.5851 0.6193 0.6398

Table 1: Performance comparisons across datasets and different QF. The best and second-best results are shown in bold and
underlined, respectively. Model with asterisk (*) denotes that it is retrained for JPEG compression artifacts removal.

Urban100 DIV2K-Val
Method [DISTS| MUSIQT M-IQA|DISTS, MUSIQt M-IQA T

No Align| 0.1261 64.41 0.4609 | 0.1071 62.83  0.3250
DAPE |0.0877 71.53 0.4953 | 0.0697 6439 0.3652

SAIPE |0.0862 72.51 0.5531|0.0731 66.72 0.4013

Table 2: Ablation study of prompt methods on Urban100 and
DIV2K-val datasets. The best results are shown in bold.

ity factors (QF). Our method achieves the best results in
perceptual quality metrics and competitive performance in
no-reference quality measures across all evaluation scenar-
i0s. The performance advantage becomes more pronounced
at lower quality factors, indicating SODiff’s robustness in
handling severe compression artifacts and validating the ef-
fectiveness of our semantic-oriented approach.

Qualitative Comparisons. Figure. 5 shows SODiff ex-
cels under severe compression. Non-diffusion methods
(FBCNN, JDEC, PromptCIR) fail to handle severe artifacts,

producing blurred textures and color blocking. DiffBIR and
SUPIR remain affected: compression artifacts misguide dif-
fusion, causing texture distortion (Fig. 5g). Despite retrain-
ing, DiffBIR still suffers from severe color blocking and in-
ferior texture details compared to SODiff. Our model lever-
ages semantic and texture cues to restore structures from de-
graded color blocks (e.g., clouds in Fig. 5p). More visual
comparisons can be found in the supplementary materials.

4.3 Ablation Studies

The Effectiveness of SAIPE. To verify SAIPE’s effective-
ness, we compare different prompt methods. We employ
the degradation-aware prompt extractor (DAPE) (Wu et al.
2024b) for text extraction comparison rather than LLaVA,
which generates more detailed descriptions but has impracti-
cal inference time. We also test an alternative strategy where
only the reconstruction branch was trained first, followed
by joint training of 744, With the diffusion model. Results
in Tab. 2 demonstrate that SAIPE achieves better restora-
tion guidance than pure text prompts and outperforms image
guidance under pure reconstruction guidance.
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(m) PrompCIR (n) DiffBIR*

(c) FBCNN

(o) SUPIR (p) SODiff (ours)

Figure 5: Visual comparison (QF=5) on Urban100 and LIVE-1 datasets. Please zoom in for a better view.

Method ~ |LPIPS| DISTS| MUSIQt M-IQAT C-IQAt
wioTP 03779 0.2577 56.1229 0.3236 0.4105
wio Lqp 03270 0.1611 58.7188 0.3232 0.4616
Full model | 0.3124 0.1469 60.3954 0.3292 0.5181

Table 3: Ablation studies on different components. The best
results are shown in bold. TP represents timestep predictor.

Timestep Predictor. We verify the impact of adopting
quality factor (QF) aware timestep predictor for timestep
prediction on SODiff, and test the results without implicitly
learning QF during training. Table. 3 demonstrates that with
the assistance of QF-aware timestep predictor, the model
achieves optimal performance. Moreover, it can be observed
that implicit QF learning helps improve all metrics.

Training Loss Functions. To evaluate the individual con-
tributions of training loss functions, we conduct experiments
by excluding each component. As shown in Tab. 4, ex-
cluding Lga leads to constrained performance across vari-
ous metrics, indicating the importance of perceptual guid-
ance. Conversely, omitting L¢ yields superior performance
on perceptual quality but suboptimal on other criteria.
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Lea Lg|LPIPS| DISTS| MUSIQt M-IQAT C-IQAt

v 103369 0.2475 56.1691 0.3117 0.2745
v 0.3602 0.1776 58.1101 0.3250 0.5022

v v 02102 0.1558 69.5945 0.4939 0.5901

Table 4: Ablation studies on different loss functions. The
best results are shown in bold.

5 Conclusion and Limitation

We propose SODiff, a novel one-step diffusion model
that extracts semantically rich features with generative pri-
ors from over-compressed images to effectively guide the
restoration process. It identifies compression severity and
selects appropriate timesteps, recovering missing structures
and blurred details under extreme compression conditions.
However, when confronting severe chroma subsampling
in extreme cases, SODiff remains susceptible to color shifts
despite recovering textural details. This issue will be dis-
cussed in the supplementary material. Additionally, separate
training of SAIPE (trained from scratch) and diffusion com-
ponents (fine-tuned from pre-trained weights) is required
due to convergence instability, reducing training efficiency.
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