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Abstract. Recalling that diffusion models map noisy images to clean
ones, the choice of noise addition (i.e., corruption) critically influences
the denoising process. However, prior diffusion-based image restoration (IR)
methods often employ naive corruption strategies—such as randomly
sampling noise, fixing the timestep, or even omitting corruption alto-
gether—which may not accurately reflect the actual degradation of each
image. To handle this, we propose Input-Aware Corruption for IR (IAC-
IR) framework, which maps each low-quality (LQ) input into an optimal
noisy sample that lies on the pretrained diffusion trajectory. Instead of
choosing corruption heuristically, we predict the timestep and noise us-
ing supervision derived from the properties of the pretrained diffusion
model. Specifically, the predicted timestep aligns the corrupted sample
with the Gaussian noise corrupted distribution, while the predicted noise
preserves the recoverable content of the input. Moreover, we use these
input-aware corruption factors to improve conventional score-based dis-
tillation. Rather than relying on random corruption, which often produce
unreliable target scores and weak gradients, we perform distillation with
input-aware corruption, yielding more reliable score estimates and more
stable distillation. By modeling input-aware corruption and integrating
it into distillation, our method better leverages the pretrained diffusion
prior, achieving superior perceptual quality in image restoration.
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1 Introduction

Image restoration (IR) aims to recover high-quality (HQ) images from their cor-
responding low-quality (LQ) inputs and plays a crucial role in various computer
vision applications, including computational photography [6,31] and perceptual
enhancement [12,14,19,25,33,50,56]. To handle this, early approaches [16,27,38,
40,58] primarily relied on GAN [7]-based methods, which encourage restored out-
puts to align with the distribution of real HQ images. More recently, pretrained
diffusion models [9, 28] have been widely adopted for IR [2,11,20, 21,26, 36,41,
46, 54], leveraging their powerful generative priors to progressively reconstruct
realistic images through iterative denoising of corrupted samples.
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Specifically, leveraging the strong generative prior of pretrained diffusion
models [9, 28], previous IR methods commonly adopt them as backbone net-
works for restoration [4,20,21,45,55]. Since diffusion models are originally de-
signed to generate realistic images by progressively denoising random Gaussian
noise, early approaches condition the model on LQ inputs while still performing
a full diffusion process starting from random noise [20, 36, 46, 49, 54]. However,
such strategies incur substantial computational cost due to multiple denoising
steps and often redundantly regenerate information already present in the LQ
input. To improve efficiency, subsequent works [4,21,45,55] adopt one-step diffu-
sion approaches that directly restore images from LQ inputs. However, although
diffusion models are inherently trained to recover clean images from Gaussian-
corrupted samples, implying that an optimal corruption may exist for each input,
prior methods often rely on random noise [42], fixed timesteps [55], or even omit
the corruption process [4,21, 45|, thereby failing to fully exploit the pretrained
diffusion model’s denoising capability.

To address this, we propose a novel Input-Aware Corruption for IR (IAC-IR)
with TAC strategy that maps LQ inputs to diffusion-aligned corrupted samples
from which a pretrained diffusion model can reliably reconstruct the correspond-
ing HQ images. While a straightforward solution would be to directly supervise
the optimal timestep and noise (i.e., the two key factors controlling corruption),
no ground-truth timestep or noise exists for each L(Q image, making direct super-
vision infeasible. To overcome this challenge, we instead supervise these variables
indirectly by leveraging intrinsic properties of the pretrained diffusion model.

Specifically, as an optimal noisy sample can be viewed as a linear combi-
nation of an HQ image and Gaussian noise, where the mixing ratio is deter-
mined by the timestep, we search for the optimal timestep that makes the added
noise most consistent with the Gaussian distribution assumed during diffusion
training; Our predicted timestep is supervised to match this optimal timestep.
Moreover, optimal noise should facilitate an easy and reliable denoising process,
preserving content while aligning with the diffusion prior. Hence, we supervise
the predicted noise by ensuring that, when added to HQ samples, the pretrained
diffusion model can denoise it effectively and reconstruct the original content.

In addition, by using the predicted input-aware corruption factors (i.e.,
timestep and noise), we introduce a novel input-aware distillation strategy [8].
Conventional score-based diffusion distillation methods [43,52] align the distri-
bution of generated images with that of natural images by matching variational
scores; however, these scores are typically computed from randomly corrupted
samples, which often yield unreliable targets and unstable gradients [4]. In con-
trast, our IAC predicts input-aware timestep and noise, enabling us to corrupt
samples in a deterministic and aligned manner. The pretrained diffusion model
then produces more reliable target scores under this controlled corruption, lead-
ing to more stable and effective distillation.

By learning input-aware corruption and incorporating it into distillation, our
method achieves highly photorealistic restoration across diverse synthetic [3] and
real-world [1,44,46,54,56] benchmarks. Comprehensive ablation studies further
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confirm the robustness and generalization of the predicted timestep and noise.
Our contributions can be summarized as follows:

e We propose Input-Aware Corruption for IR (IAC-IR) framework that learns
input-specific timestep and noise to align degraded images with the pre-
trained diffusion trajectory.

e For TAC, we design an indirect supervision scheme for learning optimal cor-
ruption by leveraging intrinsic properties of diffusion models.

e We propose an input-aware distillation framework that produces more reli-
able score supervision and achieves superior restoration performance.

2 Related Works

GAN-based IR. Early image restoration (IR) approaches primarily focused
on designing effective network architectures, including deep convolutional lay-
ers [12,14,19] and attention [34, 37]-based models [57], and were mainly op-
timized using pixel-wise loss functions. However, such methods often produce
overly smooth results that deviate from the real image distribution [14,40]. To
enhance perceptual realism, subsequent works aimed to align the distribution of
restored images with that of real HQ images. With the emergence of Generative
Adversarial Networks (GANs) [7], a powerful framework for distribution match-
ing, several IR methods adopted GAN-based architectures [17,27,39,40]. These
methods typically consist of a generator (i.e., IR network) and a discriminator
trained jointly in an adversarial manner: the generator learns to produce realis-
tic outputs that deceive the discriminator, while the discriminator distinguishes
restored images from real ones based on their distributions. While GAN-based
IR methods significantly improve perceptual quality compared to pixel-wise op-
timization, they often suffer from training instability, mode collapse, and difficul-
ties in balancing the generator and discriminator. Moreover, with the rise of more
powerful generative models (i.e., diffusion models [9,28]), GANs have gradually
become less dominant in recent state-of-the-art image restoration research.

Diffusion-based IR. Leveraging the strong generative capability of diffusion
models, which progressively transform simple Gaussian noise into realistic nat-
ural images, recent IR methods have adopted pretrained diffusion models as the
restoration backbone. Early approaches connect intermediate diffusion steps with
LQ inputs through variational modeling [2, 11] or null-space decomposition [41].
Although effective, these methods require solving additional optimization prob-
lems at each diffusion step, leading to substantial computational overhead. To
improve this, later works [20,21,36,49,54] fine-tune pretrained diffusion models
for image restoration. Rather than updating the full model, which is computa-
tionally expensive and may compromise the pretrained generative prior, most
methods adopt lightweight adaptation strategies, such as ControlNet [59] or
Low-Rank Adaptation (LoRA) [10], updating only a small number of additional
layers. Despite these improvements, such approaches still rely on multi-step dif-
fusion processes initialized from randomly sampled noise. This results in high
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computational cost and redundant early denoising steps that regenerate infor-
mation already present in the LQ input.

More recent methods [4, 21, 45, 55] propose single-step diffusion-based IR

frameworks that directly feed LQ images into the diffusion model rather than
using them as conditions. While these approaches also fine-tune diffusion models
to better adapt to LQ inputs, pretrained diffusion models are originally trained
on Gaussian-corrupted distributions. Consequently, directly feeding LQ images
often leads to a mismatch with the diffusion training distribution, limiting the ef-
fective use of the pretrained generative prior. Furthermore, although InvSR [55]
predicts noise to corrupt LQ inputs instead of directly feeding them into the
diffusion model, it lacks explicit supervision for noise estimation and assumes
identical corruption for LQ and HQ images, which may not hold in practice.
Moreover, InvSR adopts a fixed timestep, ignoring its critical role in control-
ling the signal-noise ratio in diffusion. These limitations leave room for more
accurate, input-adaptive corruption prediction.
Score-based Distillation. To accelerate diffusion by reducing the number of
sampling steps (even a single) step, recent works [24,29] adopt distillation strate-
gies. To this end, these methods train an additional model (i.e., student) to
approximate the ordinary differential equation (ODE) sampling trajectory of a
pretrained diffusion model (i.e., teacher), effectively compressing the multi-step
diffusion process. Later, using the score function predicted by pretrained diffu-
sion models, score-based distillation [43] was first applied in text-to-3D synthe-
sis, where rendered images are optimized to match the text-conditioned image
distribution of a diffusion model. This idea was later extended to 2D image
synthesis [53] and further improved by integrating GAN-based objectives [51].

In image restoration, recent single-step diffusion methods also adopt score-
based distillation to reduce sampling steps by matching diffusion scores [4, 45].
However, this approach relies heavily on the reliability of the teacher’s predicted
scores. Therefore, when the input distribution severely deviates from the diffu-
sion training distribution, the teacher may produce inaccurate scores, leading
to unstable optimization. Although auxiliary target score distillation [4] has
been proposed to improve stability, most methods still select noise and timestep
heuristically when computing target scores. Since both the noise type and mix-
ing ratio significantly influence score reliability, such heuristic choices often yield
suboptimal and unstable distillation signals.

3 Proposed Method

3.1 Preliminary: Diffusion process

Pretrained diffusion models are trained to recover natural images from inputs
corrupted by random noise e. The noise is sampled from a Gaussian distribu-
tion € ~ A(0,I), while the balance between the preserved image signal and the
injected noise is controlled by the diffusion timestep, formulated as follows:

Xt = VOXg + V 1-—- dte, (1)
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Fig. 1: Overall pipeline of IAC-IR. The LQ image Irq is encoded into a latent modeled
as an optimally corrupted sample X. Then, we predict the ground-truth timestep tgr
by selecting the one whose residual noise best matches Gaussian statistics. An input-
aware timestep # is predicted, supervised with tgr. Also, we supervise é by corrupting
the clean latent x¢ to obtain X; and enforcing consistency with a frozen denoiser Uy, .

where x; denotes the noisy sample at timestep ¢, obtained by corrupting the clean
image x¢ with random Gaussian noise e. The coefficient & = {ay, @s,...,ar}
represents the cumulative product of the noise schedule, defined as a; = Hi: (1=
Bs), where § is specified by a predefined variance schedule.

Based on Equation 1, as numerous noisy samples x, can be produced under
different timesteps ¢ and noise €, the resulting outputs Xg may vary accordingly.
Hence, finding the optimal timestep and noise to construct an optimal corrupted
sample x, is crucial for fully exploiting the power of pretrained diffusion models.

3.2 Goal: Searching Optimal Noisy Input and Timestep

As discussed in Section 3.1, the quality of restored output Xy depends on the
specific combination of the timesteps t and the injected noise e. However, in real-
world scenarios, the clean image x is unavailable, making it difficult to directly
determine the optimal timestep ¢ and noise €. Therefore, our goal is to predict an
optimal noisy input from the degraded observation Irq, enabling the diffusion
model prior be utilized most effectively.

In the following sections, we first describe how to find the optimal timestep tgT
and its prediction ¢ by examining whether the candidate injected noise follows
a Gaussian distribution. Then, we describe how to optimize our model using
the proposed objective function to find the optimal noisy input. This objective
includes an indirect supervision scheme based on the core properties of diffusion
model. Figure 1 shows the overall pipeline of our proposed IAC-IR framework. All
diffusion processes are performed in the latent space using a pretrained VAE [13].
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3.3 Finding Optimal Timestep tgT

Our encoder & first maps the LQ input Ipq to latent X € R"*®¥X¢ where
(h,w) denote the height and width of the latent representation, respectively.
From the encoded latent X, which we aim to serve as an optimal noisy input, we
follow Equation 1 and model X as a combination of the predicted high-quality
image latent %o and the predicted Gaussian-like noise é. The combination ratio
is governed by the predicted timestep :

X = /a;%o + /1 — az, (2)

where x;, Xq, t, and € are replaced by the encoded noisy latent X and their
corresponding predicted counterparts Xo, , and é. Here, since the encoded latent
X is not explicitly decomposed into the image latent Xy and noise component ¢,
we first estimate the ground-truth timestep to enable this decomposition of the
noisy latent into its image and noise constituents.

To this end, we exploit a key property of pretrained diffusion models: they are
trained on samples corrupted with Gaussian noise. Based on this, the optimal
noise component is expected to follow a Gaussian distribution. Concretely, we
construct a set of candidate residuals corresponding to all diffusion timesteps by
utilizing the Equation 2. For each timestep ¢, we compute a residual noise by
removing the scaled clean image component xg from the latent representation X:

_ X — \/O_étXO
Vs
where r; € R"X%X¢ denotes the candidate residual noise component assuming

timestep t. We then determine the optimal timestep tgr by selecting the residual
that most closely follows a standard Gaussian distribution N(0,1):

r, Wie{0,...,T—1}, (3)

tgT = ar min r 4
oT gte{o,...,T—l} G(rs), (4)
where G(-) measures the deviation from a normal distribution. Specifically, we
evaluate Gaussianity based on the statistical characteristics of a normal dis-
tribution, including mean, variance, skewness, and kurtosis, defined as follows:

G(re) = lu(o)ll3 + [l () = L5 + I3 + lIr(xe) - 3113, (5)

where p(r;), 02(rs), v(r¢), and s (ry) correspond to the sample mean, variance,
skewness, and kurtosis of ry, respectively.

3.4 Predicting Timestep

Given the encoded latent representation X from Section 3.3, we predict the
timestep ¢ using a lightweight timestep estimator module 7. Specifically, the
timestep estimator 7 consists of 12 stacked Vision Transformer (ViT) layers [5].
The input tokens € RO+ @)%¢ are formed by concatenating a learnable {class
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token} € R1*¢ with the {flattened latent representation X} € R***¢ The Trans-
former processes these tokens and outputs an updated class token representation.
We then apply a linear classifier to the output class token to produce logits over
T candidate timesteps. The predicted timestep ¢ is then obtained by selecting
the index of the most activated channel as:

t= X);. 6
argte{orj{}%’;fl}T( )t (6)

During training, the predicted timestep  is supervised by the ground-truth
timestep tgT (defined in Section 3.3) using timestep loss L; as:

Ly = CE(T(X), tar), (7)

where CE(:,-) denotes the standard cross-entropy loss between the predicted
logits and the ground-truth timestep label.

3.5 Predicting Noise (€)

Given the noisy latent representation X and the predicted timestep #, we feed
them into the pretrained UNet denoiser Uy, whose parameters are adapted us-
ing a LoRA strategy [10]. Since the denoiser U, predicts the noise component
conditioned on the timestep, we decompose the output as:

(8)

where € denotes the predicted noise and Xy denotes the predicted clean image
latent. Here, we use a fixed text prompt' as input to the UNet. The predicted
clean latent Xg can be directly supervised using the corresponding ground-truth
latent xo, whereas supervising the predicted noise € is more challenging. While
InvSR [55] implicitly learns noise without explicit supervision, such a strategy
may cause the predicted noise to deviate from a Gaussian distribution, which
contradicts our assumption that the pretrained diffusion model is trained to de-
noise Gaussian-like noise. To address this, we explicitly supervise the predicted
noise €. Specifically, we first corrupt the ground-truth latent xy using the pre-
dicted timestep ¢ and noise € as Equation 1:

X{Z\/@X0+\/17&£€. (9)

We then feed the corrupted latent X; into the frozen pretrained UNet denoiser
Uy, to obtain the reconstructed noise:

&= Uy (%;,1). (10)

‘Ultra-high-definition 4K image, sharpness, and lifelike detail. Superior high fidelity, true-to-life colors, immacu-
late textures, and flawless, authentic, cinematic quality. Crisp, refined, High-end professional photograph.’
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Finally, in a self-supervised manner, we enforce consistency between the pre-
dicted noise and the denoised output with noise loss L. as:

Lo=le—¢f2. (11)

This encourages the predicted noise € to be the exact noise component that
the pretrained diffusion model can reliably denoise, ensuring alignment with the
Gaussian prior and stabilizing timestep prediction.

3.6 Objective Functions

In addition to the loss functions for the predicted timestep ¢ and predicted noise €,
defined in Equations 7 and 11, respectively, we also include supervision for the
predicted clean latent Xq following conventional image restoration objectives.
Specifically, we first decode X( into the restored image I;g using the frozen
pretrained decoder D. Then, we optimize the restored image using a combination
of L1 loss, VGG perceptual loss [30], and adversarial loss [7] with HQ image Inq.

Furthermore, we incorporate a score-based distillation loss to enhance fine-
detail recovery, even under single-step inference. Here, conventional score-based
distillation [43,51,52] obtains the target score by randomly corrupting inputs
with randomly sampled timestep and noise, which often yields suboptimal score
estimates. In contrast, our IAC predicts input-adaptive timestep # and noise ¢
to perform diffusion-aligned corruption, enabling these factors to be used when
computing the scores. Since the corrupted latent sample in our IAC-IR is X, the
corresponding score can be represented by Xg, as defined in Equation 8. Likewise,
the target score can be obtained using the same formulation in the equation, but
by replacing the learnable denoiser Uy with the frozen denoiser Uy, resulting in

&g’. The corresponding score-based distillation loss Lgistinn are defined as:
. b2
Laistin(0) = Ex [on - XBZ)H2}7 (12)

where distillation loss only updates the encoder £. Our distillation loss based
on the input-aware corruption produces more reliable score supervision, leading
to more stable and effective distillation.

4 Experiments

4.1 Configurations

Datasets. For training our IAC-IR, we use the DF2K [32] and LSDIR [15]
datasets. For evaluation, we consider various benchmarks, including syntheti-
cally degraded low-quality (LQ) images generated from ImageNet [3]. Specifi-
cally, we follow the protocol of InvSR to select and corrupt ImageNet images. In
addition, we evaluate on real-world degraded datasets, including DRealSR [44],
RealLR200 [46], RealSR [1], RealPhoto [54], and RealSet80 [56]. Among these,
RealPhoto and RealSet80 do not provide corresponding ground-truth images,
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Table 1: Quantitative comparison on various LQ benchmark datasets. The best and
second-best results are presented in red and blue, respectively.

Method Dataset PSNR; SSIM; LIQE; MUSIQ; CLIPIQA; MANIQA; Dataset LIQE; MUSIQ; CLIPIQA; MANIQA;
DiffIR 27.037 0.789: 2.334 49.217  0.379 0.301 3274 61.245  0.521 0.337
SinSR 25.821 0.7123.080 55.395  0.639 0.388 3.203 61.148  0.660 0.409
OSEDiff 25.852 0.7543.938 64.683  0.695 0.465 4.055 69.607  0.675 0.438
InvSR DRealSR | 53641 0.679 :4.055 65.995 0713 0.467 |NER20 fore 68905 0.683 0.437
HYPIR 24.089 0.695: 3.766 61.468  0.627 0.443 4.146 69495  0.707  0.496
IAC-IR (Ours) 24.605 0.724:4.303 65.676 0.673  0.547 4.457 71.942 0.758  0.578
Diff[R 25.430 0.7522.699 55.992  0.372 0.325 3.973 66.545  0.626 0.409
SinSR 24523 0.708  3.193 60.609  0.625 0.403 2746 54515  0.708 0.443
OSEDiff RealSR. | 23389 0.707 14.068 69.091  0.668 0472 | oo o] 4625 TL328 0749 0.483
InvSR 22.559 0.685:4.030 68.537  0.679 0.455 1.863 30.171  0.418 0.298
HYPIR 21.408 0.656 : 3.970 66.247  0.638 0.476 4.686 73.048 0.778  0.581
IAC-IR (Ours) 22509 0.672 :4.668 69.853  0.709  0.589 4.829 74.089 0.805  0.635
DiffIR 25516 0.704 | 3.807 65.386  0.511 0.353 3.502 63.092  0.564 0.352
SinSR 24.925 0.7033.939 67.652  0.662 0.444 1.863 63.644  0.710 0.426
OSEDiff ImageNet| 2056 0.666 4561 71751 0.678 0459 | b g0 | 4196 T0.034 0713 0.462
InvSR 22018 0.648 | 4.560 72382  0.711 0.469 4.291 69.797  0.727 0.466
HYPIR 21.116 0.609 :4.606 72.693  0.710 0.561 4247 69.085 0.731  0.504
IAC-IR (Ours) 22.187 0.610:4.721 73.546 0.755  0.617 4.623 71.762 0.778  0.584

(a) LQ Input (b) DifffR  (c) SinSR  (d) OSEDiff (e) InvSR (f) HYPIR (g) IAC-IR

Fig. 2: Visual comparison on various LQ benchmark dataset. (Zoom-in for best view)

whereas DRealSR and RealSR include paired ground truth captured using spe-
cialized camera settings.

Metrics. To comprehensively evaluate image restoration performance, we em-
ploy both reference-based and no-reference metrics. Specifically, for datasets that
do not provide corresponding high-quality ground-truth images, we report only
no-reference metrics, including LIQE [60], CLIP-IQA [35], MUSIQ [18], and
MANIQA [48]. For datasets with available ground-truth images, we additionally
report reference-based metrics, including PSNR and SSIM. All metrics are com-
puted in the standard RGB color space, except for SSIM, which is evaluated on
the luminance (Y) channel.
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Experimental setups. Starting from the pretrained weights of Stable Diffusion
2.1 (SD 2.1), we fully train the encoder & and apply LoRA [10] to the UNet U,.
During training, we use paired LQ and HQ image patches of size 512 x 512 x 3,
which matches the resolution used to train SD 2.1. The LQ images are generated
by randomly degrading the HQ images following the ResShift protocol [56]. We
train the model on four H1I00 GPUs with a batch size of 4 per GPU using the
AdamW optimizer [22] for 300k iterations. The initial learning rate is set to
1 x 10~ and is reduced by a factor of 0.5 every 100k iterations.

4.2 Comparison with State-of-the-Art Methods

Table 1 presents a comprehensive quantitative comparison between TAC-IR and
previous image restoration (IR) methods. Here, we include recent single-step
diffusion-based approaches, covering both super-resolution methods [42, 45, 55]
and general IR methods [21,47]. All compared methods (including our TAC-IR)
adopt a single-step inference strategy for efficiency. Following the standard eval-
uation protocol, all LQ inputs—except those from RealPhoto—are first 4x up-
sampled by a factor of four using bicubic interpolation before restoration, while
RealPhoto inputs remain at their original resolution. For datasets that provide
ground-truth HQ images, we report reference-based metrics (i.e., PSNR and
SSIM); for datasets without ground truth, we report non-reference perceptual
metrics (i.e., LIQE, MUSIQ, CLIPIQA, and MANIQA).

As shown in the table, TAC-IR consistently outperforms prior methods by
a large margin in perceptual metrics across all datasets, including both real-
world [1,44,46,54,56] and synthetic degradations [3]. Although PSNR and SSIM
are not always the highest, IAC-IR achieves competitive distortion performance
and consistently surpasses HYPIR. Depending on the metric, OSEDiff [45], In-
vSR [55], or HYPIR [21] occasionally rank second; however, IAC-IR consistently
achieves the best overall perceptual performance across evaluation criteria. No-
tably, HYPIR exhibits relatively poor performance on real L.Q datasets captured
with focal adjustments (e.g., DRealSR and RealSR), and InvSR shows a signifi-
cant performance drop on RealPhoto, where inputs are not bicubic-upsampled.
In contrast, IAC-IR demonstrates stable and strong performance across all sce-
narios. These consistent improvements validate the effectiveness of input-aware
corruption in aligning degraded inputs with the pretrained diffusion trajectory,
resulting in more reliable and perceptually faithful restoration.

Furthermore, Figure 2 presents visual comparisons between IAC-IR and prior
methods. As shown, other approaches struggle to restore the spider’s legs—often
even producing metallic artifacts (first row of Figure 2f)—whereas our method
accurately reconstructs the legs with fine hair details (first row of Figure 2g).
Similarly, for the defocused man and Spider-Man examples, our approach better
preserves the LQ input and restores clear facial structures, while other methods
retain blur or generate unrealistic facial features. Moreover, Figure 6 further
provides visual comparisons on historical real-world images. Additional diverse
comparisons can be found in the supplementary material.
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Table 2: Quantitative comparison of our pr

TAC-IR on RealSR dataset with various q

timesteps. For the ablation variants, we adopt =
& S gy

fixed timesteps (i.e., 100, 200, and 300),
whereas our final framework predicts the
timestep ¢ directly from the LQ input Iqg.

(a) LQ Input

Timestep PSNR+ SSIM; LIQE; MUSIQ; CLIPIQA; MANIQA;

100 23.064 0.660 : 3.816 66.122  0.694 0.559 (d) t=300 (f) t=% (Ours)
200 22.077 0.669 : 4.448 69.756  0.684 0.559 Fie. 3: Visual . der dif
300 20.707 0.628 | 4.464 69.312  0.701 0.578 1g. 9: Visual comparison under dil-
400 20492 0.615:4.571 69.927 0.709  0.588 ferent timestep. The captions below
t(ourb)22‘)090672466869853 ,,,,,, 0.709 | 0.589 each image note the timestep used.
tar 22,698 0.690 : 4.656 70466 0.717 0.606 R .

: (t = 156 at this sample).

4.3 Effect of Input-Aware Corruption (IAC)

Ablation study on ¢. Table 2 compares our predicted timestep strategy with
fixed timestep settings. For a fair comparison, we retrain the model under each
fixed timestep configuration and use the corresponding fixed noise level. Fix-
ing the timestep to a larger value—thereby allowing greater generative free-
dom—improves perceptual metrics, but severely degrades distortion-based met-
rics. Conversely, fixing the timestep to a smaller value—thus preserving more
of the original input—ryields better distortion-based performance, while signif-
icantly compromising perceptual quality. This highlights the inherent trade-off
between perceptual quality and distortion when using a fixed timestep. Notably,
our predicted timestep strategy consistently achieves significantly better percep-
tual performance than any fixed-timestep setting, while maintaining competi-
tive distortion metrics. Moreover, the last row shows the performance using the
ground-truth timestep tgr derived from the corresponding HQ images. Using
tgT consistently improves both distortion- and perceptual-based metrics, high-
lighting the importance of accurately predicting the timestep for each sample.
Figure 3 further supports this observation. Larger fixed timesteps (e.g., Fig-
ures 4d and 4e) enhance perceptual realism but tend to distort original content.
Conversely, smaller fixed timesteps (e.g., Figures 4b and 4c) better preserve in-
put structure but produce less perceptually pleasing results. In contrast, using
the predicted timestep ¢ (e.g., Figure 4f) effectively balances perceptual quality
and content preservation, achieving superior overall restoration performance.
Ablation study on é. While noise is predicted in our TAC framework, it is
not directly used during inference (as the predicted noise is composed with the
image latent to form X). Instead, we analyze its effect by varying the noise
supervision term L.. Specifically, Table 3 compares variants where no supervision
is applied to the predicted noise (the first row), and the proposed L. is replaced
with a KL divergence loss Lkp, (the second row) that explicitly enforces the
predicted noise to follow a Gaussian distribution. When no noise supervision
is applied (similar to InvSR [55]), performance degrades noticeably. Moreover,
although Lk1, constrains the predicted noise to match a Gaussian distribution, it
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Table 3: Quantitative comparison of
TAC-IR on the RealSR dataset under dif-
ferent noise supervision strategies. For the
ablation variants, we either omit the noise
loss or replace it with a KL-divergence-
based loss term, Lxr,, whereas our final
model employs the proposed L..

Loss for noise LIQE+ MUSIQy CLIPIQA+ MANIQA+

W/O loss 4.004  67.256 0.626 0.483
LxL 4.218 69.363 0.659 0.523
Lc (Ours) 4.668 69.853  0.709 0.589

Table 4: Quantitative comparison of TAC-
IR with and without £; and L.. The mark-
ers v/’and Xindicate whether the correspond-

(b) t-sne of €

(a) Distribution of é
Fig. 4: Distribution histogram and t-SNE
projection of predicted noise €. For the t-
sne, we reshape each predicted noise € into
a single vector before projection; thus,
each point in (b) represents the noise cor-
responding to one input sample.

Table 5: Quantitative comparison of
TAC-IR using different variants of Laistin-
‘Rand’ denotes random sampling.

ing loss is applied or not, respectively.

Laistin
L Lc LIQEr MUSIQ; CLIPIQA MANIQA+ Timestep Noise‘LIQET MUSIQ; CLIPIQA+ MANIQA;
X Xx|3.906 66.482 0.610 0.457 Rand Rand| 3.990 68.120 0.636 0.479
v/ X|4.004 67.256 0.626 0.483 t Rand| 4.174  69.234 0.676 0.506
X /| 4.448 69.756 0.684 0.559 Rand € 14.045 68.519 0.653 0.499
v /|4.668 69.853 0.709 0.589 i é |4.668 69.853 0.709 0.589

also results in inferior performance compared to our proposed L.. These results
demonstrate that simply enforcing Gaussianity by applying KL divergence is
insufficient; input-aware noise supervision is critical.

Figure 4 provides further visual analysis. As shown in Figure 5a, although the
predicted timestep f is selected to align the corrupted sample with a Gaussian
distribution, this alone does not guarantee that the predicted noise follows the
true Gaussian distribution. Without explicit supervision, the predicted noise
deviates from Gaussian characteristics (see red bars in Figure 5a). Furthermore,
replacing L. with Lk, produces noise that appears Gaussian, similar to our
method (see M in Figure 5a). However, a key difference emerges in t-SNE [23]
map in Figure 5b: under Lk1,, noises from different input samples exhibit very
small variation (see @ in Figure 5b), indicating that the model predicts nearly
identical noise regardless of input content. In contrast, our £, encourages input-
dependent diversity while preserving Gaussian properties (see B in Figure 5a
and @ in Figure 5b). For, additional visualizations of the predicted noise using
our L., please refer to the supplementary material.

4.4 Effect of Loss Functions

Table 4 shows an analysis of the loss components, £; and L.. All variants are
trained with the baseline losses and Lg;stin, while selectively enabling or disabling
the two additional terms. When £, is omitted, the predicted timestep # collapses
to small values, leading to unstable training; therefore, we instead use a fixed
timestep (i.e., 200), and Lagistin is computed accordingly with this fixed timestep.
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Table 6: Comparison of IAC-IR with dif- Table 7: User-study comparison of IAC-IR
ferent Gaussianity-objectives. with previous diffusion-based IR methods.

Measure |PSNR; SSIM; LIQE; MUSIQ; CLIPIQA+ MANIQA+ DiffIR OSEDiff InvSR HYPIR IAC-IR (Ours)
KL 21.190 0.652 4.665 69.896 0.703 0.573

G(-) (Ours)|22.509 0.672 4.668 69.853  0.709 0.589 6.67 16.67 3.34 20.00 53.34

Compared to the first row, introducing timestep prediction supervised by
L: (second row) consistently improves performance. Moreover, comparing the
first and third rows shows that adding L. also enhances performance, even under
a fixed timestep setting. Finally, the last row, which incorporates both £; and
L. in our TAC framework, achieves the best results, indicating that these loss
terms are complementary and synergistic when combined.

Table 5 further analyzes variants of Lgistin. While our final model performs
score-based distillation using samples corrupted with both the predicted timestep ¢
and predicted noise €, the variants instead use random timestep or random noise
for corruption, following the conventional distillation framework [4,43,45,51,53].
As shown in the table, using the predicted timestep £ (second row) yields a larger
performance gain than using the predicted noise € alone (third row). Importantly,
leveraging both predicted factors together (last row) consistently achieves the
best performance across all metrics. This validates that integrating predicted
corruption into distillation leads to more effective knowledge transfer.

4.5 Effect of L. for the Gaussianity

As discussed in Section 3.3, we use G(-) to encourage the predicted noise € to
exhibit Gaussian-like statistics. Although more stringent distribution-matching
objectives, such as the KL divergence (KL in Table 6), could also be considered,
we find that they consistently lead to inferior reconstruction performance, as
shown in Table 6. We attribute this result to the spatially heterogeneous nature
of real-world degradations. Specifically, the amount and type of degradation
can vary substantially across different image regions; some regions may require
strong generative correction, whereas others already preserve sufficient visual
information and should remain close to the input. Enforcing the predicted noise
to strictly follow a uniform Gaussian distribution across all spatial locations
can therefore introduce unnecessary or excessive generation in well-preserved
regions, ultimately degrading reconstruction fidelity. In contrast, G(-) provides a
more flexible Gaussianity constraint that encourages appropriate noise behavior
without overly constraining the spatially varying restoration process.

4.6 User study

Table 7 presents the results of our user study, conducted to evaluate the percep-
tual quality of restored images. Here, we recruited 18 participants and presented
them with the degraded LQ input together with restored outputs generated by
different competing methods. Given the same input image, participants were
asked to select the restoration that they considered visually most favorable in
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Table 8: Quantitative comparison of
TAC-IR with various number of steps. De-
spite its controllability, single-step version
still shows high-quality results.

# of iter. PSNR; SSIM; LIQE; MUSIQ; CLIPIQA; MANIQA;

1 22500 0.672 4.668 69.853  0.709  0.589
2 21.220 0.643 : 4.511 70.918 0.718 0.613
3 20230 0.619: 4560 71139 0720 0626 . ) ) .
4 19445 0.600 4571 7L111  0.714  0.633 Fig. 5: Visual comparison under differ-
5 18.798 0.585 4569 70.996  0.706  0.635 . .

ent # of iterations.

Table 9: Efficiency comparison with previous diffusion-based IR methods. For the
measurement, we restore images sized R>12*512%3 yging a A100 GPU.

Measure StableSR (50) DiffBIR (50) DiffIR SinSR OSEDiff InvSR HYPIR IAC-IR. (Ours)
Latency, (s/f)| 3460 2720 147 140 177 117 220 110
GMACs, 19980 24234 184 2649 2265 2123 1784 1384

terms of overall image quality, realism, and faithfulness to the input content. As
shown in the table, our TAC-IR receives the highest preference rate among all
compared methods. This result indicates that the images produced by TAC-IR
are more strongly aligned with human visual perception, achieving a favorable
balance between perceptual realism and preservation of input-relevant details.

4.7 Discussion on Sampling Steps

Although our TAC-IR operates in a single step, it can be extended to a multi-step
setting. Unlike previous approaches [20,42] that repeatedly apply the denoising
network to iteratively refine latent representations, we propose a novel iterative
scheme. As our encoder & predicts both timestep and noise directly from the
input image, we reapply the entire JAC-IR pipeline at each iteration, using the
restored image I1g from the previous step as the new input. Consequently, in-
stead of heuristically decreasing the timestep according to a predefined scheduler,
the network automatically determines the timestep and noise at each iteration
based on the updated image.

Table 8 presents quantitative comparisons across different numbers of iter-
ations. As the number of iterations increases, perceptual quality consistently
improves. However, because additional iterations progressively modify the orig-
inal content, distortion-based metrics degrade with more steps. Figure 5 further
shows this trade-off: increasing the number of iterations enhances perceptual
realism but may introduce greater deviation from the original input. Specifi-
cally, although increasing the number of iterations leads to greater distortion,
the bicycle appears more perceptually pleasing as the iterations progress.

4.8 Efficiency Comparison

Table 9 compares IAC-IR with prior IR methods, showing that ours achieves the
lowest latency. InvSR [55] introduces additional noise prediction, and HYPIR [21]
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(b) StableSR  (c) DiffIR (d) SinSR

(e) OSEDiff (f) InvSR (g) HYPIR  (h) TAC-IR

Fig. 6: Visual comparison on severely degraded historical real-world images.

adopts a larger Transformer backbone, both increasing inference time. Con-
versely, TAC-IR preserves the SD 2.1 pipeline and adds only a lightweight timestep
estimator 7 (2% of total parameters), enabling the fastest inference while main-
taining superior perceptual quality.

4.9 Limitations

While TAC-IR shows strong perceptual performance, as shown in Table 1 and
Figure 2, it does not always achieve the best results in distortion-oriented met-
rics. This outcome reflects the well-known trade-off between perceptual quality
and distortion accuracy, where methods optimized for visually pleasing and re-
alistic outputs may sacrifice pixel-wise fidelity. Understanding the importance of
balancing both aspects, as future work, we plan to introduce controllable mech-
anisms that allow users to adjust the trade-off between perceptual quality and
distortion fidelity according to their preferences.

5 Conclusion

In this paper, we propose TAC-IR, a novel diffusion-based image restoration
framework that replaces heuristic corruption strategies with input-aware cor-
ruption. By predicting an optimal timestep and noise for each degraded input,
our method aligns corrupted samples with the pretrained diffusion trajectory, en-
abling more faithful and stable denoising. We further introduce an input-aware
distillation strategy that produces more reliable score supervision compared
to conventional random corruption. Extensive experiments show that IAC-IR
achieves superior perceptual quality with competitive distortion performance,
and offers a promising direction for extending input-aware corruption to other
low-level vision tasks such as image editing and image inpainting.
Acknowledgments. This work was supported in part by the IITPgrants [No.
RS-2021-11211343, Artificial Intelligence Graduate School Program (Seoul Na-
tional University), No. RS-2025-02303870, No.2022-0-00156] funded by the Korea
government (MSIT) and Mobile eXperience (MX) Business, Samsung Electron-
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