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Supplementary Material

1. Additional Finding Analysis
1.1. Degradation Dataset Construction
We constructed degraded datasets by introducing noise,
haze, and low light to clean images from three datasets: Ko-
dak24 [2], the HSTS subset of RESIDE [4], and LOLv1 [8].
The degradation processes are implemented as follows:
• Noise: Gaussian noise is added to clean images which are

normalized to the range [0, 1], as defined below:

xlq = clip(xhq +N(0, σ2)), (1)

where σ controls the noise intensity (Light: σ = 20/255,
Heavy: σ = 50/255), and clip(·) ensures that pixel values
remain within the valid range [0, 1].

• Haze: hazy images are generated based on the atmo-
spheric scattering model:

xlq(p) = xhq(p) · t(p) +A · (1− t(p)), (2)

where t(p) = exp(−β·d(p)). Here, A denotes the global
atmospheric light, which is fixed as A = 1 for all images,
and β controls the haze density (Light: β ∈ [0.02, 0.05],
Heavy: β ∈ [0.06, 0.09]). The variable d(p) represents
a pseudo depth map that simulates the scene distance at
pixel position p = (i, j), defined as:

d(i, j) =

√
(i− cx)2 + (j − cy)2

s
, (3)

where (cx, cy) denotes the image center and s is the nor-
malization scale. For images with height row and width
col, we set the scale as s =

√
max(row, col) and the cen-

ter as (cx, cy) = (row/2, col/2).
• Low Light: low-light images are generated by linearly

scaling the brightness of clean images in the HSV color
space. Given a clean image xhq with HSV channels
(H,S,V), the low-light image xlq is obtained as:

Vlq = clip(γ ·Vhq),

xlq = HSV2RGB(H,S,Vlq),
(4)

where γ ∈ (0, 1) is a scaling factor controlling the illumi-
nation level. Specifically, γ = 0.7 for light degradation
and γ = 0.3 for heavy degradation.

1.2. Visualization Results on Other Datasets
In the main paper, we focused on statistical analyses on the
Kodak24 dataset. This section extends our observations to
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(a) Distribution of the HSTS dataset for image dehazing.
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(b) Distribution of the LOLv1 dataset for low-light enhancement.

Figure 1. Pixel-domain distributions across various degrada-
tion types and intensities. The x-axis and y-axis represent pixel
values and probability density, respectively. Each degradation type
is analyzed across three intensities: clean, light, and heavy.

Task λ1 λ2 λ3 λ4 λ5 λ6

Low-light enhancement 1e-5 1e0 2e-3 5e-5 1e-2 1e-2
Image dehazing 1e-3 1e0 5e-3 5e-5 1e-2 1e-3
Image denoising 1e-3 1e0 5e-4 5e-5 1e-5 1e-5

Table 1. Loss weighting factors for different restoration tasks.

the HSTS subset of RESIDE and the LOLv1 datasets. As
shown in Fig. 1, heterogeneous degradations induce con-
sistently strong divergences and systematic shifts in pixel-
domain distributions across all datasets due to the distinct
underlying mechanisms. Fig. 2 demonstrates that our phys-
ically coherent degradation representation provides a uni-
fied and physically grounded parameterization of degraded
images. This enables homogeneous modeling of heteroge-
neous degradations and further supports the consistency of
the findings reported in the main paper.

2. More Implementation Details

In all experiments, we adopt the pre-trained Stable Diffu-
sion model and set the timestep to T = 1000. The dif-
fusion inference process is divided into three stages. In
the first stage, t ∈ [1000, 700), we train PCDM exclu-
sively using the Adam optimizer with a learning rate of
1 × 10−5, enabling accurately modeling the physically
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(b) Distribution of the LOLv1 dataset for low-light enhancement.

Figure 2. Homogeneous degradation distribution. The x-axis represents the latent representation, while the y-axis denotes the probability
density. Parameters σ and α define the dispersion and tail behavior of the distribution, respectively.

Methods Property LOLv1 LOLv2
B U Z PSNR↑ SSIM↑ LPIPS↓ PI↓ NIQE↓ PSNR↑ SSIM↑ LPIPS↓ PI↓ NIQE↓

Supervised All-in-one
AirNet [5] ✓ ✗ ✗ 7.07 0.121 0.813 8.06 8.29 9.62 0.181 0.534 8.13 9.30
PromptIR [7] ✓ ✗ ✗ 7.73 0.171 0.549 9.70 11.09 9.73 0.189 0.534 9.61 11.61
DiffUIR [9] ✓ ✗ ✗ 21.36 0.907 0.125 4.68 5.95 26.14 0.898 0.114 5.26 7.34

Posterior sampling
GDP [1] ✗ ✓ ✓ 16.86 0.689 0.299 4.67 5.91 15.32 0.597 0.337 5.13 8.18
TAO [3] ✓ ✓ ✓ 17.42 0.792 0.320 6.03 7.74 16.78 0.747 0.314 6.41 9.44
LD-RPS [6] ✓ ✓ ✓ 17.26 0.797 0.291 5.02 5.79 18.22 0.744 0.335 5.05 6.03
Ours ✓ ✓ ✓ 18.21 0.823 0.241 4.65 5.47 19.20 0.761 0.332 4.98 5.72

Table 2. Quantitative results of low-light enhancement on the LOLv1 and LOLv2 datasets. The best results within each category are
boldfaced. Methods are grouped by three properties: B (task-blind), U (unsupervised), and Z (zero-shot), reflecting their adaptability.
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Figure 3. Qualitative performance of low-light enhancement
on the LOLv1 dataset, corresponding to the main paper.

coherent degradation transformation. During the second
stage, t ∈ [700, 150), we update the posterior sampling
trajectory by incorporating the degradation alignment loss
Jdeg along with additional image distance terms. In the fi-
nal stage, t ∈ [150, 0), we further introduce the image qual-
ity term Q to enhance the perceptual fidelity of the restored
output. The corresponding loss weighting factors, which
are fine-tuned for each restoration task to ensure optimal
parameter settings, are summarized in Tab. 1.

For the dynamic quality-refinement strategy, the refine-
ment depth is set to an intermediate diffusion step, specifi-
cally t′ = 500. In the mixed-degradation experiments, we



Methods Property HSTS
B U Z PSNR↑ SSIM↑ LPIPS↓

Supervised All-in-one
AirNet [5] ✓ ✗ ✗ 24.37 0.899 0.059
PromptIR [7] ✓ ✗ ✗ 25.67 0.907 0.048
DiffUIR [9] ✓ ✗ ✗ 26.88 0.914 0.045

Posterior sampling
GDP [1] ✗ ✓ ✓ 12.57 0.703 0.164
TAO [3] ✓ ✓ ✓ 15.66 0.775 0.216
LD-RPS [6] ✓ ✓ ✓ 20.48 0.804 0.173
Ours ✓ ✓ ✓ 21.51 0.820 0.163

Table 3. Quantitative results of image dehazing on the HSTS
subset of the RESIDE dataset. The best results are boldfaced.
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Figure 4. Qualitative performance of image dehazing on the
HSTS dataset, corresponding to the main paper.

construct datasets by introducing light-level atmospheric-
scattering haze and Gaussian noise into the low-light im-
ages of the LOLv1 dataset, following the degradation proce-
dures described above. For a comprehensive and fair evalu-
ation, we include three categories of comparison baselines:
supervised all-in-one methods, task-specific methods, and
zero-shot posterior-sampling methods.

3. Additional Experimental Results

Single Degradation. The main paper presents comparisons
of our method with task-specific and posterior sampling ap-
proaches on low-light enhancement, image dehazing, and
image denoising tasks. In this section, we provide the eval-
uation results for supervised all-in-one methods, including
AirNet [5], PromptIR [7], and DiffUIR [9], which corre-
spond to the results reported in the main paper. As shown in
Tabs. 2 to 4, our method achieves quantitative results com-
parable to these supervised all-in-one methods on several
metrics. Qualitative results in Figs. 3 to 5 illustrate that our
method delivers visual fidelity comparable to, and even sur-
passing, that of supervised all-in-one models. We further
provide additional visual comparisons in Figs. 6 to 8. Com-
pared with other baselines, our method achieves state-of-
the-art performance while avoid common adverse effects,
such as over-smoothing, color distortions, and structural
loss, thereby effectively balancing between degradation re-

Methods Property Kodak24
B U Z PSNR↑ SSIM↑ LPIPS↓

Supervised All-in-one
AirNet [5] ✓ ✗ ✗ 29.94 0.834 0.114
PromptIR [7] ✓ ✗ ✗ 30.88 0.873 0.113
DiffUIR [9] ✓ ✗ ✗ 22.86 0.789 0.219

Posterior sampling
GDP [1] ✗ ✓ ✓ 22.37 0.715 0.244
TAO [3] ✓ ✓ ✓ 27.12 0.768 0.222
LD-RPS [6] ✓ ✓ ✓ 27.66 0.830 0.176
Ours ✓ ✓ ✓ 28.51 0.845 0.155

Table 4. Quantitative results of image denoising on the Ko-
dak24 dataset. The best results are highlighted in bold.
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Figure 5. Qualitative performance of image denoising on the
Kodak24 dataset, corresponding to the main paper.

moval and visual fidelity.
Moreover, due to the limited generalization ability of

supervised methods, they often struggle to handle unseen
degradations during training. The poor performance of Air-
Net and PromptIR on low-light enhancement, as well as the
suboptimal results of DiffUIR on image denoising, further
highlight the superiority of our zero-shot framework.
Mixed Degradation. To intuitively illustrate the robustness
under mixed degradations, we present the visual results of
our UP-ZeroIR alongside those of other posterior-sampling
methods. As shown in Fig. 9 and Fig. 10, our method simul-
taneously handles low light, noise, and haze under the com-
bined effects of multiple degradations, significantly improv-
ing image quality and naturalness for robust restoration.

4. Discussion

Model Efficiency. Compared with supervised methods,
our method eliminates the computational burden of training
and reduces the reliance on paired datasets, thereby sub-
stantially lowering the overall resource consumption. Our
method achieves a lightweight design with only 1M pa-
rameters and leverages a physically coherent degradation
model to adaptively handle various degradations. For a fair
comparison, we evaluate our approach against the state-
of-the-art LD-RPS, as both methods are built on the pre-
trained Stable Diffusion model. With the proposed dynamic



quality-refinement strategy, our method facilitates a more
efficient diffusion inference process, achieving an approxi-
mate 30% reduction in inference time.
Task Adaptability. Our method demonstrates strong gener-
alizability and can be effectively transferred to other image
restoration tasks. As analyzed in the main paper, hetero-
geneous degradations can be universally parameterized as
a physically consistent distribution in the latent diffusion
space. During the diffusion inference, our method adap-
tively optimizes the degradation distribution of the input
image, progressively converging to the clean image, regard-
less of the type of degradation. This enables our UP-ZeroIR
to adapt to a variety of restoration tasks while maintaining
superior and robust restoration performance. Furthermore,
our proposed physically coherent degradation model oper-
ates as a plug-and-play solution, demonstrating its signifi-
cant potential for unified degradation modeling and align-
ment across a variety of image-related tasks.
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(c) LOLv1: 493

Figure 6. Supplementary qualitative results of low-light enhancement on the LOLv1 dataset.
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Figure 7. Supplementary qualitative performance of image dehazing on the HSTS dataset.
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Figure 8. Supplementary qualitative performance of image denoising on the Kodak24 dataset.



Input

LD-RPS

GDP

Ours

TAO

Reference

(a) LOLv1: 1

Input

LD-RPS

GDP

Ours

TAO

Reference

(b) LOLv1: 665

Figure 9. Visual comparisons on the Low-light + Noise scenario.
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Figure 10. Visual comparisons on the Low-light + Haze + Noise scenario.
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