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Supplementary Material

Our main paper presents the core ideas, architecture, and
experimental results of UARE, a unified vision–language
model for image quality assessment, restoration, and en-
hancement. In this supplementary material, we provide
additional information. Sec. A gives implementation de-
tails, including representative data examples in Sec. A.1
and training configurations in Sec. A.2. Sec. B reports
more comparison results, with real-world super resolution
in Sec. B.1, image restoration/enhancement in Sec. B.2, and
a user study in Sec. B.3. Finally, Sec. C offers further dis-
cussion of UARE and a detailed analysis of its limitations.

A. Implementation Details
A.1. Data Examples
We have detailed the data construction process in our
main paper. Here, we provide data examples for train-
ing UARE in Fig. A.1 and Fig. A.2 for IQA and restora-
tion/enhancement, respectively. For IQA, our data include
diverse instruction formats such as free-form quality de-
scription, scalar quality scoring, and reference-based pair-
wise comparison. For restoration and enhancement, we
construct instructions for single, multiple, and high-order
degradations, as well as interleaved text–image data where
the model must first analyze the degradation and user intent
and then plan the enhancement steps. These examples span
a wide range of scenes (indoor/outdoor, day/night, natural
and urban) and degradation types (blur, low light, noise,
haze, and complex mixed artifacts), highlighting the rich-
ness and compositionality of our training corpus.

A.2. Training Details
Table A.1 summarizes the full training recipe of UARE. For
all stages, we use a constant learning rate of 2× 10−5, zero
weight decay, gradient-norm clipping of 1.0, and AdamW
(β1 = 0.9, β2 = 0.95, ϵ = 1.0 × 10−15) with EMA ratios
of 0.990, 0.995, 0.995, and 0.995 for the single-degradation,
multi-degradation, high-order degradation, and unified fine-
tuning stages, respectively. The three stage-1 curricula are
trained for 10K, 20K, and 1.5K steps with 250 warm-up
steps, while the unified stage is trained for 10K steps with
a 500-step warm-up. In the unified stage, we jointly opti-
mize the IQA cross-entropy loss and the restoration MSE
loss with a weight ratio of 0.25 : 1. Restoration images
are randomly resized such that the minimum short side and
maximum long side fall in (512, 1024), and IQA images
are resized to (378, 980). We apply a diffusion timestep
shift of 4.0 for all diffusion-based restoration branches. The
bottom part of Table A.1 lists the data sampling ratios:
stage-1 curricula only sample their corresponding degrada-
tion type (single, multi, or high-order), whereas the unified
stage mixes IQA, single-, multi-, and high-order degrada-
tion data and interleaved IQA–restoration pairs, forming a
balanced curriculum for learning unified quality assessment
and restoration.

B. More Comparison Results
B.1. Real-World Super Resolution
More quantitative results. We further report more quanti-
tative results in Tab. B.1 on RealSR [2], DRealSR [20] and

User Input: Examine the image's quality by considering factors 
influencing its clarity.

Output: The image depicts a river with a bridge in the background 
and trees lining the banks. The evaluated image suffers from 
severe color saturation, making the colors unnaturally vivid and 
distorting the natural appearance. Additionally, there is an obvious 
presence of noise, visible as graininess throughout the image, 
reducing detail clarity. Overall, the quality of the evaluated image 
is significantly compromised due to the exaggerated colors and 
pronounced noise, which together degrade the visual experience.

User Input: Give a short quality assessment of the image and a 
final 1–5 score.

Output: The image appears to have significant noise and 
distortion, which affects its clarity and detail. The colors are 
somewhat muted, and the contrast seems low, making it hard to 
discern finer details. The composition is recognizable, but the 
image lacks sharpness and definition that would make it visually 
appealing or informative. The quality score of this image is 3.040.

User Input: Given a low-quality reference and two enhanced outputs. Decide 
which enhanced image is superior or if they are comparable, evaluating (1) 
fidelity/consistency to the reference and (2) overall perceptual quality. End with 
a final Conclusion naming the winner (or that they are comparable).

Output: The comparison of the two enhanced outputs with the original reference 
image reveals differences in clarity, detail, and noise reduction.
Reference Image: The reference image appears to be slightly blurred or 
pixelated, which could indicate a low-resolution source or an issue with the 
original file. The overall color tone seems consistent but lacks fine-grained detail.
Image A: This image shows a clearer and more detailed representation of the 
water and rocks. The edges and textures appear sharper, and there's less noise 
compared to the reference image. The colors seem more vibrant and balanced, 
enhancing the visual appeal.
Image B: This image has a higher level of noise and graininess, which is more 
pronounced around the edges and textures. The details are not as sharp, and the 
overall image looks softer and less defined than Image A.
Based on these observations, Image A appears to have better quality in terms of 
clarity, detail, and noise reduction, making it the preferred choice for 
enhancement. Conclusion: Image A has higher visual quality.

Image Quality Description

Image Quality Scoring

Image Quality Comparison

Ref Image

Image A

Image B

Figure A.1. Data examples for IQA training in UARE, including quality description, image quality scoring, and image comparison.



Enhance the mix-degraded image.Enhance the low-light, blurred, and noisy image.Enhance the blurred image.

Single Degradation High-Order DegradationMultiple Degradation

Interleaved Text-Image Data

Your task is to enhance the 
input image, increasing its 
perceived visual quality. Begin 
with a concise assessment 
(content, degradations, target 
look) and state the essential 
operations. Afterwards, 
perform them and return just 
the improved image.

The user wants the image to be enhanced to improve its 
clarity and details.The current observation indicates a blurry 
image of a wheat field at sunset, with a notable lack of fine 
detail in the crops and a slightly washed-out color tone.To 
address this, I would first sharpen the image to enhance 
focus and contrast, followed by color correction to restore 
natural tones. Finally, noise reduction could be applied to 
minimize graininess without negatively impacting image 
fidelity.The answer image would have a sharper image with 
increased contrast and vibrant colors in the wheat field scene.

User Input Ground Truth

Figure A.2. Data examples for restoration and enhancement training in UARE, covering single, multiple, and high-order degradations as
well as interleaved text–image pairs.

Table A.1. Training recipe of UARE.

single deg. multi deg. high-order deg. Uni ft.
Hyperparameters
Learning rate 2× 10−5

LR scheduler Constant
Weight decay 0.0
Gradient norm clip 1.0
Optimizer AdamW (β1 = 0.9, β2 = 0.95, ϵ = 1.0× 10−15)
Loss weight (CE : MSE) - - - 0.25 : 1
Warm-up steps 250 250 250 500
Training steps 10K 20K 1.5k 10K
EMA ratio 0.990 0.995 0.995 0.995
Training seen tokens 9.6B 19.2B 1.3B 4.6B
Res. resolution (min short side, max long side) (512, 1024)
IQA resolution (min short side, max long side) (378, 980)
Diffusion timestep shift 4.0

Data sampling ratio
IQA 0.0 0.0 0.0 0.25
Single degradation 1.0 0.0 0.0 0.05
Multiple degradation 0.0 1.0 0.0 0.1
high-order degradation 0.0 0.0 1.0 0.2
Interleaved IQA and restoration 0.0 0.0 0.0 0.4

DIV2K [1]. We compare UARE with twelve SR methods:
Real-ESRGAN [16], FeMASR [3], SwinIR [9], InvSR [28],
StableSR [15], DiffBIR [11], SeeSR [22], PASD [25],
ResShift [27], SinSR [17], OSEDiff [21], S3Diff [30], and
PURE [19]. The evaluation metrics follow the main paper:

for reference-based fidelity, we report PSNR and SSIM [18]
on the Y channel in YCbCr space; for reference-based per-
ceptual quality, we use LPIPS and DISTS; for no-reference
quality, we adopt NIQE [33], LIQE [34], MUSIQ [7],
MANIQA [24], and TOPIQ [4]. As shown in Tab. B.1,



Table B.1. Quantitative comparison of different methods on RealSR, DRealSR, and DIV2K. Throughout this paper, best, second-best, and
third-best results are highlighted in bold red, underlined blue, italic green. ↑ / ↓ indicate higher/lower is better.

Test Dataset Method PSNR↑ SSIM↑ LPIPS↓ DISTS↓ NIQE↓ LIQE↑ MUSIQ↑ MANIQA↑ TOPIQ↑

RealSR

Real-ESRGAN [16] 23.62 0.7185 0.2763 0.2063 5.7619 3.3163 59.87 0.3749 0.5097
FeMASR [3] 23.26 0.7030 0.2850 0.2254 5.7053 3.1587 58.05 0.3435 0.4848
SwinIR [9] 23.75 0.7250 0.2608 0.1981 5.6989 3.0798 58.95 0.3546 0.4816
InvSR [28] 22.90 0.6844 0.2634 0.1980 5.9996 3.7639 67.20 0.4270 0.5546
StableSR [15] 23.73 0.6979 0.2792 0.2023 5.5914 3.0532 61.65 0.3826 0.5201
DiffBIR [11] 23.20 0.6346 0.3350 0.2162 4.5879 3.5529 65.25 0.4620 0.6033
SeeSR [22] 24.34 0.7187 0.2754 0.2134 6.4146 3.3938 65.53 0.4856 0.6246
PASD [25] 24.50 0.7115 0.2716 0.1954 6.0067 2.8541 58.52 0.3831 0.4969
ResShift [27] 24.17 0.6528 0.4336 0.2812 8.6273 2.6610 53.38 0.3412 0.4210
SinSR [17] 23.68 0.6649 0.3490 0.2445 6.5101 3.2255 61.03 0.4230 0.5383
OSEDiff [21] 23.07 0.6850 0.2941 0.2109 5.5054 4.0681 68.95 0.4876 0.6441
S3Diff [30] 23.16 0.6810 0.2748 0.1986 5.3003 4.0080 67.57 0.4677 0.6301
PURE [19] 21.31 0.5738 0.3859 0.2468 5.6419 3.7881 66.57 0.4829 0.6301
UARE (Ours) 21.38 0.6464 0.3095 0.2344 5.2981 4.0658 69.67 0.5260 0.6796

DRealSR

Real-ESRGAN [16] 27.26 0.7745 0.2841 0.2085 6.6994 2.8595 53.43 0.3438 0.4559
FeMASR [3] 25.32 0.7221 0.3164 0.2241 5.8831 2.9538 53.32 0.3169 0.4722
SwinIR [9] 27.01 0.7703 0.2793 0.2070 6.5370 2.8340 52.42 0.3310 0.4484
InvSR [28] 25.55 0.7087 0.3188 0.2192 6.0231 3.7525 64.25 0.4301 0.5726
StableSR [15] 28.28 0.7981 0.2687 0.2026 7.2816 2.5068 51.62 0.3226 0.4355
DiffBIR [11] 26.08 0.6578 0.4144 0.2564 4.4856 3.3993 61.81 0.4612 0.6084
SeeSR [22] 28.14 0.7798 0.2832 0.2241 7.4833 2.7943 55.89 0.3976 0.5436
PASD [25] 28.18 0.7722 0.2970 0.2108 7.4421 2.6129 51.42 0.3595 0.4587
ResShift [27] 27.39 0.6907 0.4996 0.3077 9.1788 1.7905 40.58 0.2457 0.3414
SinSR [17] 26.72 0.6933 0.4031 0.2624 6.8825 2.7781 53.36 0.3677 0.4959
OSEDiff [21] 25.60 0.7403 0.3088 0.2158 6.1544 3.9797 65.24 0.4879 0.6273
S3Diff [30] 26.18 0.7197 0.3161 0.2099 5.9531 3.9255 63.34 0.4635 0.6181
PURE [19] 23.04 0.5718 0.4461 0.2674 6.3939 3.7390 60.68 0.4362 0.5888
UARE (Ours) 21.31 0.5736 0.4071 0.2613 6.4290 4.0445 67.71 0.5121 0.6652

DIV2K

Real-ESRGAN [16] 19.41 0.4901 0.4123 0.2586 4.5100 3.6731 61.63 0.3835 0.5449
FeMASR [3] 18.46 0.4339 0.4139 0.2382 4.1173 3.4794 61.01 0.3068 0.5151
SwinIR [9] 19.11 0.4772 0.4285 0.2647 4.7146 3.2109 58.22 0.3251 0.4844
InvSR [28] 18.93 0.4597 0.4182 0.2685 5.8936 3.5459 61.91 0.4066 0.5573
StableSR [15] 19.85 0.4940 0.4796 0.2887 5.7479 1.8466 43.25 0.2181 0.3276
DiffBIR [11] 18.94 0.4332 0.4009 0.2238 3.6594 3.8573 67.20 0.4574 0.6467
SeeSR [22] 19.11 0.4580 0.3769 0.2339 4.5817 3.7445 66.31 0.4686 0.6330
PASD [25] 18.98 0.4562 0.4293 0.2373 4.7846 3.6022 63.46 0.4025 0.5653
ResShift [27] 19.15 0.4311 0.4900 0.2808 7.4321 2.8862 56.02 0.3534 0.4662
SinSR [17] 18.58 0.4059 0.4483 0.2455 6.0533 3.4629 64.12 0.4483 0.5997
OSEDiff [21] 18.86 0.4563 0.3579 0.2209 4.1756 3.8877 67.83 0.4422 0.6269
S3Diff [30] 18.76 0.4490 0.3299 0.1990 4.2026 4.2692 69.31 0.4675 0.6679
PURE [19] 16.71 0.3661 0.4449 0.2293 4.9545 4.2701 70.06 0.5201 0.6621
UARE (Ours) 16.59 0.3857 0.4074 0.2138 3.7931 4.2627 70.45 0.5028 0.6864

UARE achieves higher SSIM and lower LPIPS/DISTS than
PURE, and clearly outperforms all competing methods on
MUSIQ, MANIQA, and TOPIQ, while ranking second-best
on NIQE and LIQE. These results confirm that UARE deliv-
ers the best overall perceptual quality among all compared

methods.
Additionally, we evaluate UARE on RealSet80 [27],

which contains 80 low-resolution real-world images with-
out ground-truth references. We compare UARE against
BSRGAN, StableSR, DiffBIR, SeeSR, SinSR, OSEDiff,



Table B.2. Quantitative comparison of different methods on Re-
alSet80 without ground truth.

Method NIQE↓ LIQE↑ MUSIQ↑ MANIQA↑ TOPIQ↑
BSRGAN [32] 5.1655 3.8884 64.85 0.3941 0.5821
StableSR [15] 4.0798 3.9074 67.67 0.4682 0.6440
DiffBIR [11] 6.1069 4.1113 68.10 0.5527 0.6736
SeeSR [22] 5.2244 4.3317 69.70 0.5362 0.6887
SinSR [17] 6.4250 3.6613 62.78 0.4483 0.5854
OSEDiff [21] 4.6362 4.2251 68.88 0.4995 0.6062
PURE [19] 5.3617 4.2528 69.55 0.5215 0.6647
UARE (Ours) 4.6044 4.1804 70.05 0.5363 0.6446

Table B.3. Quantitative comparison of different methods on four
single-degradation subset of FoundIR. For each method, the first
row lists PSNR/LPIPS and the second row lists NIQE/MANIQA.

Method Blur Haze RainDrop Lowlight

Restormer [29]
21.53 / 0.3821 13.70 / 0.5687 24.63 / 0.3029 9.20 / 0.6037

6.9553 / 0.1322 5.6395 / 0.2695 5.0340 / 0.2777 7.3095 / 0.2207

PromptIR [14]
21.64 / 0.4041 18.31 / 0.4762 26.67 / 0.2203 16.67 / 0.4804

8.0897 / 0.1361 5.7593 / 0.2815 4.8115 / 0.2449 7.7780 / 0.2317

DiffIR [11]
21.61 / 0.3823 19.78 / 0.2345 26.19 / 0.2367 18.05 / 0.3146

7.4800 / 0.1390 3.4547 / 0.3235 3.2762 / 0.2593 4.9243 / 0.2828

DiffUIR [35]
26.99 / 0.1912 20.50 / 0.2037 29.52 / 0.1292 14.88 / 0.2691

6.1600 / 0.2734 3.7435 / 0.3540 4.0766 / 0.2697 6.0439 / 0.3615

SUPIR [26]
20.63 / 0.3180 13.66 / 0.3883 21.41 / 0.3552 7.43 / 0.6460

4.8374 / 0.2702 3.8944 / 0.3482 4.7940 / 0.2933 7.6004 / 0.2680

InstructIR [5]
19.81 / 0.2335 17.27 / 0.2267 21.75 / 0.3456 20.78 / 0.2473

6.1392 / 0.2394 3.4979 / 0.3663 4.7295 / 0.2935 4.9299 / 0.3184

AutoDIR [6]
19.98 / 0.3400 15.59 / 0.4130 21.46 / 0.3643 22.36 / 0.3487

6.8772 / 0.1652 4.9741 / 0.2909 5.2210 / 0.2836 7.6178 / 0.2567

FoundIR [8]
26.10 / 0.1709 23.29 / 0.1896 30.86 / 0.0897 20.34 / 0.2499

5.6797 / 0.2854 3.9543 / 0.3544 4.3657 / 0.2793 6.7511 / 0.3460

UARE (Ours)
22.38 / 0.1904 21.28 / 0.1635 28.26 / 0.0981 19.64 / 0.1841

4.7313 / 0.3361 3.2674 / 0.4232 4.6515 / 0.3008 5.0119 / 0.4234

and PURE using five no-reference image quality metrics:
NIQE, LIQE, MUSIQ, MANIQA, and TOPIQ. As reported
in Tab. B.2, UARE ranks first on MUSIQ and second on
NIQE and MANIQA, further demonstrating its effective-
ness in challenging real-world scenarios.
More qualitative comparisons. Figs. B.1, B.2, B.3 and B.4
present visual comparisons across super-resolution images
produced by these approaches. It can be seen that our
method effectively restores fine image details, such as
knots, text, and petals, while producing noticeably fewer
artifacts. These results comprehensively confirm the effec-
tiveness of UARE in image super-resolution.

B.2. Image Restoration and Enhancement
More quantitative results. We have reported the restora-
tion/enhancement results on the multi-degradation subsets
of FoundIR [8] in the main paper. Here, we further compare
UARE with Restormer [29], PromptIR [14], DiffIR [23],
DiffUIR [35], SUPIR [26], InstructIR [5], AutoDIR [6], and
FoundIR [8] on the single-degradation subsets of FoundIR,
including blur, haze, raindrop, and low-light, as shown in

Table B.4. User study results of different SR methods.

Method OSEDiff S3Diff PURE UARE (Ours)

Total Votes 25 48 31 186
Voting Rate (%) 8.62 16.55 10.69 64.14

Table B.5. User study results of different restoration methods.

Method DiffIR DiffUIR FoundIR UARE (Ours)

Total Votes 5 15 20 250
Voting Rate (%) 1.72 5.17 6.90 86.21

Tab. B.3. UARE ranks first in MANIQA across all sub-
sets. In addition, it achieves competitive PSNR, LPIPS, and
NIQE results, indicating superior performance and a favor-
able trade-off between fidelity and perceptual quality.
More qualitative results. Figs. B.5, B.6, B.7, B.8 and B.9
present visual comparison across restored/enhanced images
produced by these approaches. It can be seen that UARE
faithfully reconstructs challenging details, such as text in
blurred or low-light regions, hair, and the fine structures
of flowers and vegetation. These results comprehensively
confirm the effectiveness of UARE across multiple image
restoration and enhancement tasks.

B.3. User Study
To further evaluate the effectiveness of our UARE, we con-
duct a user study comparing four SR and restoration meth-
ods, respectively. We employ ten LR images from the
RealSR, DRealSR and DIV2K datasets, and ten LQ im-
ages from the FoundIR test set. Compared SR methods
include OSEDiff [21], S3Diff [30] and PURE [19], while
restoration methods include DiffIR [23], DiffUIR [35] and
FoundIR [8]. Twenty-nine expert researchers are invited
to choose the best super-resolution/restored image for each
test sample based on two equally weighted criteria: (1) per-
ceptual quality, focusing on clarity, detail, and realism, and
(2) content consistency with the LR/LQ input, including
alignment in image structure and texture.

As reported in Tab. B.4, UARE achieves a high vot-
ing rate of 64.14% in comparison with SR methods, which
is significant better preference than other methods. Be-
sides, as shown in Tab. B.5, UARE achieves a voting rate
of 86.21% in comparison of different all-in-one restoration
methods. These results show that users overwhelmingly
prefer UARE over both SR and restoration baselines. In
particular, UARE receives nearly four times as many votes
as the best competing SR method and more than an order of
magnitude more votes than the strongest all-in-one restora-
tion baseline. These consistent user preferences demon-
strate that UARE achieves a better balance between per-
ceptual quality and content fidelity, as well as our unified
IQA-and-restoration scheme.



Input Real-ESRGAN [16] FeMASR [3] SwinIR [10] StableSR [15] DiffBIR [11] SeeSR [22]

PASD [25] ResShift [27] SinSR [17] OSEDiff [21] S3Diff [30] PURE [19] UARE (Ours)

Figure B.1. Visual comparison on the image named “Canon 043” from the RealSR dataset.

Input Real-ESRGAN [16] FeMASR [3] SwinIR [10] StableSR [15] DiffBIR [11] SeeSR [22]

PASD [25] ResShift [27] SinSR [17] OSEDiff [21] S3Diff [30] PURE [19] UARE (Ours)

Figure B.2. Visual comparison on the image named “Canon 050” from the RealSR dataset.

Input Real-ESRGAN [16] FeMASR [3] SwinIR [10] StableSR [15] DiffBIR [11] SeeSR [22]

PASD [25] ResShift [27] SinSR [17] OSEDiff [21] S3Diff [30] PURE [19] UARE (Ours)

Figure B.3. Visual comparison on the image named “DSC 1425 x1” from the DRealSR dataset.

C. Discussion and Limitations

Due to the large number of parameters in the unified model,
UARE has a relatively large model size and slow inference
speed, which limits its deployment on resource-constrained
devices. In addition, although we demonstrate that IQA

can boost restoration and enhancement performance, how
restoration and enhancement, in turn, can better improve
IQA remains an open question and requires further investi-
gation.



Input Real-ESRGAN [16] FeMASR [3] SwinIR [10] StableSR [15] DiffBIR [11] SeeSR [22]

PASD [25] ResShift [27] SinSR [17] OSEDiff [21] S3Diff [30] PURE [19] UARE (Ours)

Figure B.4. Visual comparison on the image named “0000098” from the DIV2K dataset.

LR DGUNet [13] Restormer [29] IDR [31] PromptIR [14] DiffIR [23] DiffUIR [35]

DA-CLIP [12] SUPIR [26] InstructIR [5] AutoDIR [6] FoundIR [8] UARE (Ours) GT

Figure B.5. Visual comparison on the image “0131” with blur from the FoundIR dataset.

LR DGUNet [13] Restormer [29] IDR [31] PromptIR [14] DiffIR [23] DiffUIR [35]

DA-CLIP [12] SUPIR [26] InstructIR [5] AutoDIR [6] FoundIR [8] UARE (Ours) GT

Figure B.6. Visual comparison on the image “1143” with low-light from the FoundIR dataset.
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