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Abstract. In recent years, super-resolution (SR) methods leveraging
pre-trained text-to-image diffusion models have shown impressive po-
tential. However, their deployment in real-world applications remains
constrained by the computational overhead of numerous inference steps.
Recent one-step approaches, such as OSEDiff and TSD-SR, mitigate this
issue via score distillation techniques. However, their discriminators are
optimized solely with the diffusion loss, resulting in weak and unstable
gradients for the generator, making it difficult to preserve fine details and
structural fidelity. To tackle these limitations, we introduce ASDSR, a
novel one-step distillation framework tailored for real-world image super-
resolution. Our approach enhances Adversarial Score Distillation (ASD)
by adopting a WGAN-based formulation with a stabilized penalty term
that utilizes the full discriminator loss to improve the distillation pro-
cess. Furthermore, we incorporate CLIP-derived semantic priors to align
reconstructed images with their high-quality counterparts in the fea-
ture space, effectively guiding the generator toward perceptual realism.
Extensive experiments on multiple real-world benchmarks demonstrate
that ASDSR achieves superior performance compared to state-of-the-art
methods, offering a practical and efficient solution for real-world image
restoration.
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1 Introduction

Image super-resolution (ISR) [5, 23, 39, 61] aims to reconstruct a high-quality
(HQ) image from its low-quality (LQ) image counterpart that suffers from var-
ious degradations. Different from traditional non-blind ISR [18, 20], which as-
sumes an ideal bicubic downsampling kernel, real-world image super-resolution
(Real-ISR) [10,38,58,59] is designed to generate HQ images from corresponding
LQ images affected by various unknown and complex degradations.

Generative models, particularly Generative Adversarial Networks (GANs)
[9, 37, 54] and Diffusion Models (DMs) [13, 33], have demonstrated remarkable
⋆ Corresponding authors (kaizhang@nju.edu.cn, cslluo,csjyang@njust.edu.cn).
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(a) Visual comparisons of different one-step Real-ISR methods 

(b) Comparison over different metrics (c) Comparison of performance and efficiency

ASDSROSEDiff TSDSR InvSR SinSR

Fig. 1: (a) Visual comparison between our ASDSR and other state-of-the-art Real-
ISR methods. (b) Performance comparison on the DrealSR benchmark. All evaluation
scores are normalized for visualization. (c) Model efficiency comparison. Larger bubbles
indicate longer inference time, and bubbles closer to the top-right represent better
fidelity and realness.

performance in handling Real-ISR tasks. GAN-based methods leverage adversar-
ial training to produce highly realistic images, but the inherent instability of this
process often results in unnatural artifacts. Recently, diffusion-based ISR mod-
els [24, 35, 53] leverage the strong image priors from pre-trained text-to-image
(T2I) models, leading to more realistic detail generation compared to GAN-
based approaches. However, the iterative denoising of diffusion models makes
Real-ISR computationally expensive and prone to unwanted randomness.

To achieve an efficient one-step network similar to GANs, several pioneer-
ing methods have focused on distilling diffusion models to reduce their iterative
steps [6,40,46,48]. SinSR [40] distills the 15-step ResShift [56] into a one-step ISR
model. However, due to the lack of large pre-trained T2I models, it tends to pro-
duce over-smoothed results with limited perceptual realism. OSEDiff [46] lever-
ages Variational Score Distillation (VSD) [41] to reduce the number of inference
steps by using the LQ image as the starting point, and achieves state-of-the-art
performance on Real-ISR tasks. Nevertheless, the unreliable gradient directions
introduced by the VSD loss limit its ability to recover fine image details [6].
To compensate for the limitation of the VSD loss, TSD-SR [6] further extends
this paradigm with Target Score Distillation (TSD) to improve perceptual re-
alism, but the additional Low-Rank Adaptation (LoRA) [15] branch inevitably
increases training complexity and slows convergence. Beyond these limitations,
both OSEDiff and TSD-SR still follow the VSD paradigm, where the discrimina-
tor is updated solely through diffusion loss, yielding weak and unstable gradients
that fail to provide effective guidance for the generator, thus limiting fine-detail
reconstruction.

To address the above challenges, we propose ASDSR, a novel one-step diffu-
sion model tailored to the Real-ISR task. Specifically, ASDSR adopts two key
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strategies to ensure realistic and natural reconstruction. First, we extend Adver-
sarial Score Distillation (ASD) [44] under the WGAN [1] paradigm by employing
the complete discriminator loss with a stabilized penalty term to enhance train-
ing stability and detail fidelity. Second, we improve perceptual naturalness by
integrating CLIP guidance to enforce semantic consistency between the recon-
structed HQ images and their corresponding ground truth. As illustrated in
Fig. 1, ASDSR demonstrates superior performance in both reconstruction qual-
ity and inference efficiency. The main contributions of this work are summarized
as follows:

– We redesign Adversarial Score Distillation with a stabilized formulation tai-
lored for one-step diffusion-based super-resolution, significantly improving
training robustness and perceptual realism.

– To enforce semantic consistency and enhance perceptual naturalness, we
leverage the visual semantic priors of CLIP to align the reconstructed images
with real-world HQ images in the CLIP semantic space.

– Extensive experiments on both synthetic and real-world benchmarks demon-
strate that ASDSR achieves superior restoration performance and high effi-
ciency.

2 Related Work

Score Distillation. Score distillation was introduced by Score Distillation Sam-
pling (SDS) [30] as a method to optimize representations by distilling the gen-
erative priors of pre-trained text-to-image diffusion models. Although effective,
SDS often suffers from over-smoothing and limited diversity due to its reliance on
fixed diffusion gradients. To address these issues, ProlificDreamer [41] proposed
Variational Score Distillation (VSD), which employs Wasserstein gradient flow
to stabilize optimization and achieve more diverse results. Recent works have
extended score distillation to diffusion distillation [8,27]. Distribution Matching
Distillation [51,52] refines and extends VSD by minimizing an approximate KL
divergence. Its gradients are computed from the differences between fixed and
dynamically trained score functions, thus enabling the efficient training of high-
fidelity one-step generative models. Furthermore, Adversarial Score Distillation
(ASD) [44] elucidates the relationship between score distillation and WGAN [1],
and exploits powerful diffusion models in the form of score distillation. Building
on these advances, we reinterpret ASD from a WGAN perspective and intro-
duce a stabilized penalty formulation that enables efficient one-step training for
Real-ISR.
One-step Diffusion-based Real-ISR. Recently, Stable Diffusion (SD) mod-
els pre-trained on T2I tasks have demonstrated remarkable performance across
various real-world visual applications. Due to their strong natural image priors
and versatility, these models have also been extensively adopted for Real-ISR
tasks [24, 50, 53]. However, the multi-step denoising process increases computa-
tional cost and raises the risk of synthesizing unfaithful content. To address this
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limitation, several methods have been proposed to distill the multi-step diffu-
sion process into a more efficient one-step student model [6, 41, 44, 46, 52]. For
instance, OSEDiff [46] directly uses the LQ image as the starting point of the dif-
fusion process and employs the VSD loss as a regularizer to accelerate inference.
S3Diff [57] designs a degradation-guided LoRA module and an online negative
prompting strategy to enhance restoration quality. TSD-SR [6] leverages Target
Score Distillation to produce more reliable gradients and improve the realism of
generated outputs. However, all the aforementioned methods still fall short of
achieving semantic consistency and preserving faithful details.

3 Methodology

3.1 Preliminaries.

Problem Formulation. The objective of Real-ISR is to reconstruct an HQ
image xH from a given LQ input xL. With recent advances in deep learning,
training a parameterized neural network Gθ from a training dataset S of (xL,
xH) pairs has become a common approach to mapping LQ images to their HQ
counterparts. Mathematically, this can be formulated as minimizing the following
objective:

θ∗ = argmin
θ

E(xL,xH)∼S [Lrec(Gθ(xL), xH) + λLreg(qθ(Gθ(xL)), p(xH))], (1)

where Lrec and Lreg denote reconstruction and regularization losses, respectively.
Lrec is typically measured using distance metrics such as L1 norm, L2 norm
and LPIPS [60]. The regularization term Lreg aims to improve the realism and
naturalness of the generated HQ image, denoted by x̂H , and λ is a balance
parameter. Here, p(xH) represents the distribution of real-world HQ images,
while qθ(x̂H) denotes the distribution of restored HQ images. The objective
of Lreg can thus be viewed as aligning p(xH) and qθ(x̂H) by minimizing the
Kullback-Leibler (KL) divergence [19]:

min
θ

DKL (qθ(x̂H)∥p(xH)) . (2)

Existing studies [38, 58] optimize this objective via adversarial training. How-
ever, because the discriminator is trained from scratch alongside the generator,
it may fail to capture the full HQ image distribution, leading to insufficient dis-
criminative capability and issues such as mode collapse and training instability.
Recent T2I diffusion models [29,33], trained on billions of image-text pairs, can
effectively capture the distribution of natural images. Building on this, recent
works [6,46] employ Variational Score Distillation (VSD) [41,52] to align the dis-
tributions of restored and natural images, achieving competitive performance.
Score Distillation. VSD employs KL divergence as the objective to align the
distributions of two diffusion models. A pre-trained diffusion model, represented
as ϵϕ, and its trainable LoRA model ϵψ are used to regularize the generator Gθ.
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Fig. 2: The training framework of ASDSR. We train a one-step generator Gθ to map
the LQ image xL to the desired HQ image. The noisy latent ẑt and zt will be fed into
the discriminator Dψ, which consists of a frozen pre-trained regularizer ϵϕ and a train-
able regularizer ϵψ. Adversarial score distillation is then performed to provide gradient
guidance LG for updating the generator Gθ. The regularizer ϵψ is optimized separately
using the diffusion loss Ldiff and penalty term to stabilize adversarial learning.

The gradient with respect to the generator parameters θ is formulated as:

∇θLVSD (ẑ,cy) = Et,ϵ[ω(t) (ϵψ(ẑt,t,cy)−[ϵϕ(ẑt,t)+λ (ϵϕ(ẑt,t, cy)−ϵϕ(ẑt,t))])
∂ẑ

∂θ
],

(3)
where ẑt = αtẑ + σtϵ is the noise latent input, ẑ is the latent output by the
generator network Gθ, ϵ ∼ N (0, I) is Gaussian noise, and αt, σt are scalars
dependent on the diffusion timestep. cy is a text embedding corresponding to a
caption that describes the input image. ω(t) is a weight based on the time t, and
λ is the classifier-free guidance (CFG) scale. The learnable LoRA regularizer ϵψ
is typically optimized using a standard diffusion objective. ASD [44] enhances
this process with a full WGAN discriminator loss, achieving strong performance
in image editing tasks. The update of ϵψ is driven by the following objective:

∇ψLD(ẑt, cy) = ∇ψEt,ϵ[∥ϵψ(ẑt, t, cy)− ϵ∥2 + γ∥ϵϕ(ẑt, t, cy)− ϵψ(ẑt, t, cy)∥2], (4)

where γ is an adjustable hyperparameter that controls the strength and sign of
the regularization term.

3.2 Overview of Our Method

Framework Overview. Our objective is to design a one-step diffusion network
tailored for Real-ISR, ensuring that restored HR images achieve maximum nat-
uralness while maintaining consistency with the LR inputs. As depicted in Fig.
2, our pipeline consists of two key components: a one-step generator Gθ and a
trainable discriminator Dψ. The generator Gθ comprises a trainable encoder Eθ,
a fine-tuned diffusion network ϵθ, and a frozen decoder D. The discriminator Dψ
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Fig. 3: LPIPS and visual quality compar-
isons of different distillation strategies on
the RealSR benchmark. Our ASD achieves
lower LPIPS scores and produces more real-
istic details than SDS and VSD during the
early stages of training.
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Fig. 4: Visualization of the penalty term
|ϵϕ(·) − ϵψ(·)| at timestep t = 250. The
top row shows the difference maps com-
puted from the GT latent zt, while the
bottom row uses the synthetic latent ẑt
predicted by the generator.

consists of a trainable regularizer ϵψ and a frozen pre-trained regularizer ϵϕ. We
denote the latent outputs of the distilled model as ẑ0, and HQ latent represen-
tations as z0. We train Gθ by minimizing three losses: a reconstruction loss in
pixel space to ensure fidelity to the ground truth, a semantic consistency loss to
preserve perceptual quality, and a regularization loss derived from Adversarial
Score Distillation (ASD) to improve realism. After updating the generator Gθ,
we update the regularizer ϵψ using the complete WGAN discriminator loss with
a stabilized penalty term. After training, only the generator Gθ is used during
inference. In the following, we will provide a detailed explanation of all the losses
involved in the training phase.
Our Adversarial Score Distillation. Given the superior performance and
stability of Adversarial Score Distillation (ASD) over VSD in image editing and
text-to-3D tasks, we explore transferring its full WGAN discriminator optimiza-
tion mechanism to the Real-ISR domain. We therefore adapt ASD into a new
adversarial distillation framework designed specifically for Real-ISR.

Generator Optimization. The discriminator in ASD [44] is formulated as
D(xt, y) = log p(yϕ|xt)− log p(yψ|xt). Here, p(yϕ|xt) and p(yψ|xt) represent the
probabilities of classifying the noise sample xt = αtx0 + σtϵ under two prompt
conditions. yϕ serves as the prompt for real samples, while yψ serves as the
prompt for generated samples. When xt aligns well with the samples described by
prompt yϕ, discriminator D(xt, y) produces a high confidence score. In contrast,
it will yield a low confidence score when xt is closer to the samples associated
with prompt yψ.

We assume that diffusion models trained on large-scale datasets approximate
real-world distributions well. Thus, we freeze a pre-trained model ϵϕ as a stable
proxy for real data, while introducing a learnable model ϵψ, initialized from ϵϕ,
to track the evolving distribution of the generated samples. Under the WGAN
framework conditioned on y, the generator loss is defined as follows:

L′
G = Et,ϵ[−D(xgt , y)] = Et,ϵ[− log

p(yϕ|xgt )
p(yψ|xgt )

]

≤ Et,ϵ[− log
p(yϕ|xgt )λ

p(yψ|xgt )
] := LG s.t. λ ≥ 1,

(5)
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where xgt = αtg(θ, c)+σtϵ denotes the generated sample with noise. According to
the Bayesian rule and score matching [4, 14], we can derive the transformation:
∇xt logp(y|xt) = −1/ σt(ϵxt,y,t − ϵxt,t). Thus, we have:

∇θLG = ∇θEt,ϵ[log p(yψ|xgt )− λ log p(yϕ|xgt )]

= Et,ϵ[ω(t)(− (ϵxgt ,yψ,t − ϵxgt ,t)︸ ︷︷ ︸
ϵψ

+λ (ϵxgt ,yϕ,t − ϵxgt ,t)︸ ︷︷ ︸
ϵϕ

)
∂xg0
∂θ

]. (6)

For clarity, we rewrite the formulation by replacing the subscript notation
with parameterized regularizers and refining the conditioning variable y into its
embedding representation cy, expressed as:

∇θLG = Et,ϵ[ω(t)(ϵψ(xgt , t)+λ(ϵϕ(x
g
t , cy, t)− ϵϕ(x

g
t , t))− ϵψ(x

g
t , cy, t))

∂xg0
∂θ

]. (7)

Importantly, compared with the original formulation in Eq. (3), our Eq. (7) is
no longer a standard CFG objective, although it retains a similar structure.
Regularization in the image space requires repeated encoding and decoding,
leading to high computational cost and reduced effectiveness [46]. Therefore,
we reformulate it in the latent space to enhance both efficiency and stability.
Considering that a well-trained VAE satisfies Eϕ(x) = Eϕ(D(z)) ≈ z, we can
approximately assume Eϕ(x̂H) = ẑ. This allows us to rewrite Eq. (7) in the
latent space as:

∇θLG
(
Gθ(xL), cy

)
= ∇x̂HL′

G

(
x̂H , cy

)
· ∂x̂H

∂θ

= Et,ϵ, ẑt=αtEϕ(x̂H )+βtϵ

[
ω(t)

(
ϵψ(ẑt, t)+λ

(
ϵϕ(ẑt,cy,t)−ϵϕ(ẑt,t)

)
−ϵψ(ẑt,cy,t)

)
· ∂ẑ

∂x̂H
· ∂x̂H
∂θ

]
= Et,ϵ, ẑt=αtẑ+βtϵ

[
ω(t)

(
ϵψ(ẑt, t) + λ

(
ϵϕ(ẑt, cy, t)− ϵϕ(ẑt, t)

)
− ϵψ(ẑt, cy, t)

)
· ∂ẑ
∂θ

]
.

(8)

Finally, Eq. (8) serves as the regularization loss to minimize the divergence
between the generated and real data distributions in the latent space, and guiding
Gθ toward generating perceptually realistic results.

Discriminator Optimization. The generator Gθ and discriminator Dψ

share a highly aligned long-term goal: both aim to model a distribution qθ(x̂H)
that approximates the real data distribution p(xH). Initialized from the same
pre-trained teacher, they differ mainly in their optimization guidance. The gen-
erator Gθ is guided by an explicit and fixed teacher score, thus evolving steadily
toward p(xH), the discriminator Dψ is updated in a fundamentally different way.
In SDS, discriminator optimization is completely ignored. In VSD, regularizer
ϵψ is trained to regress to the score of the current model distribution via the
diffusion loss Ldiff . However, in early training, these target is rapidly moving
and highly unreliable, making Dψ prone to drift or produce misaligned gradi-
ents [51]. As evident in Fig. 3, VSD tends to produce strong visual artifacts
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Fig. 5: Comparison of score distillation formulations and their optimization objectives.
SDS ignores discriminator optimization and updates the generator solely with the dif-
fusion loss Ldiff . VSD and original ASD both use the VSD objective LVSD to guide
the generator. In VSD, the discriminator ϵψ is updated only using Ldiff . ASD further
introduces an additional penalty term in the noisy latent ẑt. In our ASD, we adopt
the complete WGAN paradigm, the generator is optimized with the adversarial loss
LG , and the alignment penalty is compute in the GT latent zt, leading to more stable
training dynamics and finer detail reconstruction.

in the early stages of training, while SDS converges slowly in the early train-
ing phase. Original ASD optimizes the regularizer ϵψ using the full adversarial
objective as defined in Eq. (4), where both the diffusion loss and the penalty
term are computed from the generator’s latent output ẑt. However, before con-
vergence, the generator output ẑt may deviate significantly from the real data
distribution captured by the pre-trained model ϵϕ, resulting in unstable penalty
gradients that can hinder training or even mislead the discriminator. As shown
in Fig. 4, the penalty computed with ẑt contains strong noise and structural dis-
tortions during early training, providing unstable supervision. In contrast, using
the GT latent zt yields more structured and consistent signals, leading to more
stable optimization of ϵψ. Accordingly, we update ϵψ by minimizing the following
objective:

∇ψLD(ẑt, zt, cy) = ∇ψEt,ϵ[∥ϵψ(ẑt, t, cy)− ϵ∥2︸ ︷︷ ︸
diffusion loss

+ γ∥ϵϕ(zt, t, cy)− ϵψ(zt, t, cy)∥2]︸ ︷︷ ︸
penalty term

.

(9)
Our ASD adopts Eq. (8) as the regularization loss Lreg and optimizes the

regularizer ϵψ using the complete WGAN discriminator loss in Eq. (9), thereby
enhancing the stability and quality of distillation. As illustrated in Fig. 3, our
ASD can reconstruct fine details even in the early training stages. Fig. 5 and
Table 1 present a comparison of different score distillation techniques.
Semantic Consistency Loss. Previous methods typically employ L2 loss and
LPIPS loss as reconstruction objectives, which focus on pixel-wise fidelity and
perceptual similarity but often overlook high-level semantic consistency. To ad-
dress this limitation, we introduce Semantic Consistency Loss (SCL), which en-
hances generation quality by enforcing alignment at the semantic level. SCL
leverages the strong visual semantic priors of CLIP [32], pre-trained on large-
scale datasets, to enforce semantic consistency between the reconstructed output
and the ground truth. Given a restored image x̂H and its ground truth image
xH , SCL employs the CLIP image encoder to compute their embeddings in the



ASDSR 9

Table 1: Comparison of generator and discriminator gradients.

Method The gradient ∇θLG used to guide the generator The discriminator is updated using ∇ψLD

VSD Et,ϵ[ω(t) (ϵψ(ẑt, t) + λ (ϵϕ(ẑt, cy, t)− ϵϕ(ẑt, t))− ϵψ(ẑt, cy, t))
∂ẑ

∂θ
] ∇ψEt,ϵ

[
∥ϵψ(ẑt, t, cy)− ϵ∥2

]
ASD Et,ϵ[ω(t) (ϵψ(ẑt, t) + λ (ϵϕ(ẑt, cy, t)− ϵϕ(ẑt, t))− ϵψ(ẑt, cy, t))

∂ẑ

∂θ
] ∇ψEt,ϵ

[
∥ϵψ(ẑt, t, cy)− ϵ∥2 + γ ∥ϵϕ(ẑt, t, cy)− ϵψ(ẑt, t, cy)∥2

]
Ours Et,ϵ[ω(t)(− (ϵψ(ẑt, cy, t)− ϵψ(ẑt, t))︸ ︷︷ ︸

ϵψ

+λ (ϵϕ(ẑt, cy, t)− ϵϕ(ẑt, t))︸ ︷︷ ︸
ϵϕ

)
∂ẑ

∂θ
] ∇ψEt,ϵ

[
∥ϵψ(ẑt, t, cy)− ϵ∥2

]︸ ︷︷ ︸
diffusion loss

+ γ ∥ϵϕ(zt, t, cy)− ϵψ(zt, t, cy)∥2︸ ︷︷ ︸
penalty on GT latent term zt

semantic space, denoted as eĤ and eH , respectively. These embeddings provide a
high-dimensional representation of the image content in the CLIP feature space.
The process is formally defined as follows:

eĤ = Eclip(x̂H), eH = Eclip(xH), (10)

where Eclip represents the CLIP image encoder. LSCL is formulated to minimize
the distance between the feature embeddings of the restored and ground truth
image. The objective is formulated as follows:

LSCL = 1−
e⊤
Ĥ
eH

∥eĤ∥2∥eH∥2
. (11)

By aligning restored and reference representations in the CLIP feature space,
SCL encourages the generator to maintain semantic structure and fidelity.
Training Objective. We train the generator Gθ with the reconstruction loss
Lrec , semantic consistency loss LSCL, and regularization loss Lreg . We define the
reconstruction loss Lrec as the weighted sum of MSE loss and LPIPS loss:

Lrec(x̂H , xH) = LMSE (x̂H , xH) + λ1LLPIPS (x̂H , xH), (12)

where λ1 is a weight scalar. For the regularization loss Lreg , we use ASD loss
Eq. (8). Therefore, the overall training objective for the generator Gθ is:

L(x̂H , xH) = Lrec(x̂H , xH) + λ2LSCL(x̂H , xH) + λ3Lreg , (13)

where λ2 and λ3 are weighting scalars. We use the complete WGAN loss Eq. (9)
to update the fine-tuned regularizer ϵψ.

4 Experiments

4.1 Experimental Settings

Datasets and Compared Methods. We train the model on the LSDIR [21]
and the first 10K face images from FFHQ [16], using Real-ESRGAN [38] to
synthesize LR-HR training pairs. We evaluate our method on synthetic DIV2K-
Val and two real-world datasets, RealSR [2] and DrealSR [45]. We compare our
model with recent advanced diffusion-based methods, which can be categorized
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Table 2: Quantitative comparison against state-of-the-art methods across both syn-
thetic and real-world datasets. The best and second best results are highlighted in red
and blue, respectively.

Datasets Metrics
Methods

SUPIR
[53]

SeeSR
[47]

ResShift
[56]

HYPIR
[25]

OSEDiff
[46]

SinSR
[40]

TSD-SR
[6]

InvSR
[55] Ours

DIV2K

CLIPIQA ↑ 0.7046 0.6865 0.5963 0.6491 0.6681 0.6488 0.7149 0.7181 0.6752
MUSIQ ↑ 64.16 68.04 60.88 65.70 67.96 62.85 70.65 66.89 68.13

MANIQA ↑ 0.5943 0.6140 0.5338 0.6119 0.6131 0.5384 0.6077 0.6424 0.6195
PSNR ↑ 22.43 23.01 24.71 22.25 23.72 24.41 22.17 22.90 24.12
SSIM ↑ 0.5479 0.6065 0.6183 0.5721 0.6109 0.6019 0.5602 0.5910 0.6210
LPIPS ↓ 0.3820 0.3469 0.3402 0.3041 0.2941 0.3240 0.2736 0.3187 0.2927

DrealSR

CLIPIQA ↑ 0.6737 0.6893 0.5404 0.6392 0.6958 0.6376 0.7309 0.7134 0.6885
MUSIQ ↑ 58.66 64.75 52.37 61.06 64.69 55.38 66.13 63.99 64.83

MANIQA ↑ 0.5517 0.6014 0.4748 0.6053 0.5898 0.4907 0.5820 0.5920 0.6043
PSNR ↑ 25.31 28.14 28.69 25.93 27.92 28.23 26.20 25.67 28.77
SSIM ↑ 0.6558 0.7712 0.7875 0.7197 0.7836 0.7468 0.7170 0.7131 0.7973
LPIPS ↓ 0.4122 0.3142 0.3525 0.3371 0.2968 0.3707 0.3116 0.3537 0.2896

RealSR

CLIPIQA ↑ 0.6619 0.6673 0.5505 0.6390 0.6687 0.6224 0.7199 0.6789 0.6598
MUSIQ ↑ 62.11 71.69 60.22 66.25 69.10 60.63 70.77 68.53 68.94

MANIQA ↑ 0.5795 0.6434 0.5402 0.6436 0.6326 0.5421 0.6311 0.6435 0.6507
PSNR ↑ 23.70 25.21 26.38 22.82 25.15 25.64 23.40 24.13 25.69
SSIM ↑ 0.6564 0.7216 0.7347 0.6783 0.7341 0.7352 0.6886 0.7125 0.7382
LPIPS ↓ 0.3650 0.3004 0.3159 0.3087 0.2921 0.3190 0.2798 0.2871 0.2805

into four groups. (1) One-step diffusion-based methods, including SinSR [40],
OSEDiff [46], TSD-SR [6], HYPIR [25] and InvSR [55]. (2) Multi-step diffusion-
based methods, including ResShift [56], SUPIR [53], and SeeSR [47]. (3) GAN-
based methods, including BSRGAN [58], Real-ESRGAN [38], FeMaSR [3], and
SwinIR [22]. (4) Autoregressive (AR)-based methods, including VARSR [31] and
PURE [43]. All comparison results are obtained using the officially released codes
and models. Details of GAN-based and AR-based methods are provided in the
supplementary material.
Evaluation Metrics. To comprehensively evaluate the performance of various
methods, we adopt both full-reference and no-reference metrics. For full-reference
metrics, PSNR and SSIM [42] (calculated on the Y channel in YCbCr space) are
employed to assess fidelity, while LPIPS [60] quantifies perceptual quality. No-
reference metrics include MUSIQ [17], MANIQA [49], and CLIPIQA [36].
Implementation Details. We train our model with the AdamW optimizer [26]
at a learning rate of 5e-5. The entire training process takes 12K iterations on 4
NVIDIA 5880 GPUs with a batch size of 8. The VAE encoder and diffusion net-
work are fine-tuned using LoRA with a rank of 4, all models are initialized from
the SD2.1-base model [33]. We adopt the degradation-aware prompt extraction
(DAPE) [47] to extract text prompts. The weight scalars λ1, λ2, and λ3 are set
to 1, 0.2, and 1, respectively. The value of γ is fixed to −1, and λ is set to 7.5.
All experiments are conducted on the SR task with a scaling factor of 4.
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Zoomed LQ StableSR-s200 SUPIR-s50 SeeSR-s50 ResShift-s15 SinSR-s1 OSEDiff-s1 Our-s1Zoomed LQ StableSR SUPIR SeeSR ResShift SinSR OSEDiff Ours

Fig. 6: Visual comparison of different methods. Please zoom in for a better view.

4.2 Comparison with State-of-the-Art Methods

Quantitative Comparisons. Table 2 presents the quantitative comparison
between ASDSR and other methods. Our model demonstrates outstanding per-
formance in PSNR, SSIM, LPIPS, and MANIQA scores, especially achieving
the best results on the DrealSR dataset. ResShift achieves favorable PSNR and
SSIM scores but underperforms on no-reference metrics. SinSR, distilled from
ResShift, offers faster inference speed but at the cost of reduced performance.
TSD-SR adopts target score matching for distillation and achieves higher CLIP-
IQA and MUSIQ scores, but their relatively low PSNR and SSIM scores indicate
less faithful reconstructions. In contrast, our ASDSR achieves a more balanced
performance across both full-reference and no-reference metrics.
Qualitative Comparisons. Fig. 6 presents a visual comparison of different
methods. As shown in the first case, ASDSR clearly stands out by faithfully
reconstructing the most accurate and detailed features, while other methods
produce either over-smoothed or blurred textures. A similar observation can be
found in the second case, where our approach produces more natural results with
significantly reduced artifacts compared to the competing methods.

Table 3: Complexity comparison among different methods. All methods are tested
with an input image of size 512×512.

StableSR SUPIR SeeSR ResShift SinSR InvSR TSD-SR Ours

Inference Step 200 50 50 15 1 1 1 1
Inference Time (s) 13.65 19.42 6.36 1.47 0.12 0.27 0.12 0.19

Complexity Comparisons. We further compare the complexity of state-of-
the-art diffusion models in Table 3, focusing on inference time and the number
of inference steps. All methods are evaluated on the ×4 SR task using 128×128
LQ inputs, with bicubic upsampling applied before inference, on a single NVIDIA
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5880 GPU. ASDSR requires only one inference steps and achieves comparable
inference time. Among one-step models, our approach is only slightly slower than
SinSR and TSD-SR but delivers substantially better reconstruction quality and
improved stability across different degradation conditions. Note that TSD-SR re-
ports inference time using pre-computed prompt embeddings, excluding prompt
tokenization and feature extraction. After including these steps, its inference
time is 0.21 seconds.

4.3 Ablation Study

Effectiveness of Semantic Consistency Loss. To validate the effectiveness
of LPIPS loss [60] and Semantic Consistency Loss (SCL), we perform ablation
studies by removing them separately. As shown in Table 4, removing the SCL re-
sults in a noticeable decline in LPIPS and CLIPIQA scores. Moreover, removing
the LPIPS loss leads to a significant degradation not only in LPIPS and CLIP-
IQA but also in MUSIQ and MANIQA. Fig. 7 shows the visual comparisons of
different losses. The absence of LPIPS or SCL loss impacts the reconstruction
quality, while using both can improve detail preservation and perceptual fidelity.

Input LR w/o LPIPS w/o SCL FULL

Fig. 7: Visual comparisons of different
losses. Please zoom in for a better view.

Input LR

Input LR

SD2-VSD SD2-Our ASD SD3-VSD SD3-Our ASD

SD2-VSD SD2-Our ASD SD-Turbo-VSD SD-Turbo-Our ASD

Fig. 8: Visual comparisons of VSD and our
ASD across various diffusion versions.

Table 4: Comparison of different losses on
the DrealSR benchmark.

Method LPIPS ↓ MUSIQ ↑ MANIQA ↑ CLIPIQA ↑

w/o LPIPS 0.4685 56.63 0.4663 0.5289
w/o SCL 0.2909 63.97 0.5805 0.6423

Full 0.2896 64.83 0.6043 0.6885

Table 5: Comparison of different ranks
on the DrealSR benchmark.

Rank LPIPS ↓ MUSIQ ↑ MANIQA ↑ CLIPIQA ↑

2 0.3367 62.31 0.5690 0.6688
4 0.2896 64.83 0.6043 0.6885
8 0.2914 64.99 0.5937 0.6629

Setting of LoRA Rank. We evaluate the impact of different LoRA ranks on
Real-ISR performance. As shown in Table 5, a small LoRA rank, such as 2,
significantly degrades the full-reference metric LPIPS, potentially introducing
more reconstruction errors. In contrast, a higher rank, such as 8, leads to lower
no-reference scores. We find that setting the rank to 4 can achieve a balanced
performance for both the VAE encoder and UNet.
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Effect of Stable Diffusion Versions. We compare ASD and VSD across
different versions of Stable Diffusion, including SD2.1-base [33], SD-turbo [34],
and SD3-medium [7]. As shown in Table 6, ASD consistently outperforms VSD
in terms of quality scores across all versions. Fig. 8 presents visual comparisons of
the distilled results. While VSD tends to produce slightly more saturated colors
and introduces structural artifacts, ASD consistently generates cleaner texture
and finer structural details across all versions.

Table 6: Comparison the distillation quality between VSD and our ASD across dif-
ferent diffusion versions on the DrealSR benchmark.

Diffusion Method LPIPS ↓ MUSIQ ↑ MANIQA ↑ CLIPIQA ↑

SD 2.1-Base [33]
VSD 0.3025 64.41 0.5847 0.6644
ASD 0.2896 64.83 0.6043 0.6885

SD 3-Medium [7]
VSD 0.2993 63.90 0.5774 0.6484
ASD 0.2687 64.85 0.5744 0.6505

SD-Turbo [34]
VSD 0.2875 63.97 0.5705 0.6572
ASD 0.2896 63.86 0.6054 0.6728

Table 7: Comparison of distillation qual-
ity among SDS, VSD, and our ASD on the
DrealSR benchmark.

Method LPIPS ↓ MUSIQ ↑ MANIQA ↑ CLIPIQA ↑

SDS [30] 0.2853 63.31 0.5769 0.6452
VSD [41] 0.3025 64.41 0.5847 0.6644
ASD 0.2896 64.83 0.6043 0.6885

Table 8: Ablation on the weight of the
semantic consistency loss on the DrealSR
dataset.

Weight LPIPS ↓ MUSIQ ↑ MANIQA ↑ CLIPIQA ↑

1.0 0.3025 62.18 0.5896 0.6742
0.5 0.3066 63.79 0.5872 0.6865
0.2 0.2896 64.83 0.6043 0.6885

Effect of Adversarial Score Distillation. We further assess the superiority of
ASD by comparing its distillation process with SDS and VSD. As shown in Ta-
ble 7, ASD achieves the best overall perceptual quality on DrealSR, consistently
outperforming SDS and VSD in terms of perceptual assessment.
Effect of CLIP Guidance Strength on Hallucination Artifacts. We con-
duct an ablation on the weight of the CLIP-based semantic consistency loss
to examine potential issues such as color shift and hallucination artifacts. As
shown in Table 8, increasing the weight consistently degrades overall perfor-
mance, indicating that CLIP guidance should be kept lightweight to preserve
faithful restoration. We additionally report MSSWD [11] in Table 9 to evaluate
color fidelity. CLIP achieves a competitive MSSWD score that is very close to the
best result, indicating that under our setting it does not noticeably compromise
color fidelity while providing stronger perceptual guidance.
Comparison with Alternative Feature Extractors. We evaluate DINOv2
[28] and MAE [12] as alternative feature extractors to CLIP for the semantic
consistency loss, as shown in Table 9. CLIP yields the best overall results, sug-
gesting that its representation provides more effective semantic supervision.
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Fig. 9: Visual comparison of ASDSR with OSEDiff and TSD-SR at increasing training
iterations, together with the corresponding LPIPS and CLIPIQA scores.

Table 9: Ablation on different feature extractors on the DrealSR dataset.

Method PSNR↑ SSIM↑ LPIPS↓ MUSIQ↑ MANIQA↑ CLIPIQA↑ MSSWD↓

DINOv2 [28] 28.72 0.7896 0.2945 64.25 0.5986 0.6878 0.4472
MAE [12] 28.69 0.7810 0.2932 63.79 0.5940 0.6743 0.4492
CLIP [32] 28.77 0.7973 0.2896 64.83 0.6043 0.6885 0.4481

Effect of GT Latent in the Penalty Term. We conduct an ablation study on
the choice of latent used in the penalty term in Eq. 9. As reported in Table 10,
replacing ẑt with zt consistently improves reconstruction quality across both
DrealSR and RealSR benchmarks, demonstrating that GT-latent replacement
provides a more reliable regularization signal for robust distillation.
Comparison with OSEDiff and TSD-SR. We compare ASDSR with OSED-
iff and TSD-SR throughout the training process, as illustrated in Fig. 9. For a
fair comparison with TSD-SR, all experiments are conducted under the SD3-
Medium framework. Under identical settings, ASDSR reaches comparable qual-
ity within only 1,000 iterations, whereas OSEDiff requires 2,500. Moreover, while
TSD-SR produces periodic black artifacts at 25,000 iterations, ASDSR signifi-
cantly mitigates these artifacts by 10,000. Overall, ASDSR converges faster and
demonstrates superior stability and visual quality during training.
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Table 10: Comparison between ẑt and zt latents in the penalty term.

Datasets Penalty Latent PSNR↑ SSIM↑ LPIPS↓ MUSIQ↑ MANIQA↑ CLIPIQA↑

DrealSR
penalty on ẑt 28.02 0.7858 0.3132 64.41 0.5872 0.6747
penalty on zt 28.77 0.7973 0.2896 64.83 0.6043 0.6885

RealSR
penalty on ẑt 24.93 0.7134 0.3187 67.92 0.6232 0.6342
penalty on zt 25.69 0.7382 0.2805 68.94 0.6507 0.6598

5 Conclusion

In this work, we propose ASDSR, a one-step diffusion framework specifically
tailored for Real-ISR tasks. ASDSR revisits adversarial score distillation from a
WGAN perspective with a stabilized penalty term, enabling stronger and more
stable gradient supervision for the generator. In addition, CLIP-derived semantic
priors are introduced to further enhance semantic alignment and perceptual
realism in the reconstructed images. Extensive experiments on both synthetic
and real-world benchmarks verify that ASDSR consistently outperforms existing
one-step and multi-step diffusion-based methods, achieving a superior balance
between reconstruction fidelity, perceptual quality, and computational efficiency.
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