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Overview

In this document, we first provide an explanation of data mixing laws in Section 1. In Section 2, we present a comparative
summary of the training dataset configurations used by existing universal/all-in-one image restoration methods and our pro-
posed FoundIR-v2. Next, we further discuss the comparison with image restoration agents in Section 3. Finally, we provide
more experimental results in Section 4.

1. Data Mixing Laws

Data mixing laws, also referred to as data re-weighting, aim to refine the distribution of data characteristics within a curated
dataset to improve the model’s multi-capability performance. For training image restoration foundation models, when the
model capacity is fixed, employing a fixed or imbalanced data mixing ratio p inevitably skews the gradient contributions
towards specific tasks. This results in biased specialization during the early training stage, thereby diminishing the generality
of early-stage representations. In this paper, we introduce a data equilibrium scheduling (DES) strategy that dynamically
determines the sampling probability py(t) for each degradation type k at iteration ¢. At the beginning of training, py(t) is
initialized close to a uniform distribution to ensure adequate gradient coverage across all degradation types. During the mid
stage, pi (t) gradually shifts toward more challenging restoration tasks. In the final stage, px (t) converges to a task-dependent
steady-state distribution aligned with the intended target. The corresponding optimization procedure can be expressed in a
time-integral form as follows:

T [ K
min /0 [; pk(t)ﬁk(ﬁ(t))‘| dt, (1)

where L}, denotes the loss corresponding to degradation type k, 6(t) represents model parameters at iteration ¢. This mech-
anism is equivalent to maintaining a gradient equilibrium point throughout training, ensuring that the contribution of each
degradation type remains controlled and relatively balanced, thereby preventing collapse and fostering more generalizable
representations.

2. Training Data for FoundIR-v2

We summarize the statistics of the training datasets used by existing all-in-one/universal image restoration methods and our
FoundIR-v2 (see Table 1). FoundIR [19] demonstrates the critical role of real-world training data in all-in-one image restora-
tion by constructing a unified data collection pipeline that facilitates the acquisition of a million-scale high-quality paired
dataset, thereby advancing image restoration foundation models. To further improve the performance of the image restora-
tion foundation model, we augment the original FoundIR training data by incorporating more public high-quality datasets
into the pre-training pool for FoundIR-v2. Compared with existing methods, the training data composition of FoundIR-v2 is
significantly more diverse: beyond natural images, it also includes remote sensing images, underwater scenes, mural images,
and other types. This broadened data distribution equips the foundation model with richer visual priors, leading to improved
generalization, stronger robustness across heterogeneous degradations, and better adaptability to real-world scenarios.



Table 1. A summarization of existing all-in-one/universal image restoration methods capable of handling multiple degradations simultane-
ously, which could be regarded as potential foundation models for low-level vision tasks. “Self-Generated” and “Self-Collected” denotes
images generated and collected by the author rather than common datasets.

o Degradation Data Types
Methods Venue Training Datasets Num. (k)
Syn Real Isolated Coupled

Li et al. [20] CVPR’20  Outdoor-Rain, Snow 100K, Raindrop v v 4 X 110.1
IPT [3] CVPR’21  Self-Generated v X v X 100.0
BSRGAN [49] ICCV’21 DIV2K, Flick2K, WED, FFHQ v X v v 10.1
Real-ESRGAN [35] ICCVW’21  DIV2K, Flickr2K, OutdoorSceneTraining v X v v 453.4
AirNet [18] CVPR’22  BSD400, BSD68, WED, Urban100, Rain100L, RESIDE v X v X 77.4
Chen et al. [6] CVPR’22  RESIDE, Rain1400, CSD v X v X 15.0
TransWeather [32] CVPR’22 Snow 100K, Raindrop, Outdoor-Rain v v v X 18.0
BIDeN [21] ECCV'22  Self-Generated v X v v 10.1
TAPE [24] ECCV’22  SIDD, Rain200L/H, Raindrop, Snow 100K, ISTD, DIV2K, REDS v X v v 146.5
CPNet [33] CVPR’23  Self-Generated v X v v 1000.0
GDP [12] CVPR’23  ImageNet, LSUN, CelebA, USC, LOL, VE-LOL-V, LoLi-Phone, NTIRE v X v X -
IDR [48] CVPR’23  Rain200L, RESIDE, BSD400, WED, GoPro, LOL v X v X 109.1
Zhu et al. [53] CVPR’23  SPA+, RealSnow, Outdoor-Rain, RainDrop, Snow100K, RESIDE, REVIDE ¢/ ¢/ v v 174.0
AWRCP [40] ICCV’23 Snow 100K, Outdoor-Rain, RainDrop v v v X 60.1
AMIRNet [47] MM’23 RED4, SIDD, LOL, DPDD, WED v X v X 2.4
PromptIR [29] NeurIPS’23  BSD400, WED, Rain100L, SOTS v X v X 77.4
Ozdenizci et al. [28] TPAMI'23 Snow 100K, Outdoor-Rain, RainDrop 4 X 4 X 59.8
DiffUIR [51] CVPR’24  Rainl3k, LOL, Snow100K, RESIDE, GoPro v X v X 138.4
SeeSR [38] CVPR’24  LSDIR, FFHQ v X v v 184.9
SUPIR [41] CVPR’24  Self-Generated v X v v 20000.0
PASD [39] ECCV’24  DIV2K, Flickr2K, OST, FFHQ v X v v 134
AutoDIR [17] ECCV’24  SIDD, DIV2K, Flickr2K, GoPro, LOL, RESIDE, Rain200L, Raindrop v X v X 1147
GRIDS [2] ECCV’'24  Self-Generated v X v X -
InstructIR [9] ECCV’24  BSD400, WED, Rain200L, SOTS, GoPro, LOL, DSLR 4 X v v 10.7
OneRestore [14] ECCV’24  Self-Generated, LOL, RESIDE, Rain1200, Snow 100k v X v v 312.0
RAM [30] ECCV’24  RESIDE, Rain13k, GoPro, LOL-V2, LSDIR v X v X -
UniProcessor [11] ~ ECCV’24  DIV2K, Flicker2K, BSD500, WED v X v X 71.5
DA-CLIP [27] ICLR’24 Self-Generated v X v X 52.8
StableSR [34] UCV'24 DIV2K, DIVSK, Flickr2K, OutdoorSceneTraining, FFHQ v X v v 458.4
DreamClear [1] NeurIPS'24  Self-Generated, DIV2K, Flickr2K, LSDIR, DIVSK v X v v 1000.0
ResShift [42] TPAMI'24  Self-Generated v X v v -
Art [36] MM’24 Self-Generated v X v 4 -
GenLV [8] MM’24 Self-Generated v X v v -
DCPT [15] ICLR’25 Rain200L/H, RESIDE, Snow 100K, BSD400, WED, GoPro, DPDD, LOL v X v v 82.8
AdalR [10] ICLR’25 SOTS, Rain100L, BSD400, WED v X v X 77.4
FaithDiff [5] CVPR’25  LSDIR, DIV2K, DIV8K, Flicker2K, FFHQ v X v v 99.9
GenDeg [31] CVPR’25  Self-Generated v X v X 550.0
MoCE-IR [43] CVPR’25  BSD400, WED, Rain100L, SOTS, GoPro, LOL, CDD11 v X v v 79.5
VLU-Net [46] CVPR’25  BSD400, WED, RESIDE, Rain100L, GoPro, LOL v X v v 79.6
UniRestore [4] CVPR’25  DIV2K, Flickr2K, OST, Self-Generated v X v X 80.0
FoundIR [19] ICCV’25 Self-Collected v 4 v v 1011.6
FoundIR-TrainData, 4KRD, MC-Blur, Dense-HAZE, NH-HAZE, HQ-Rain,
FoundIR-v2 - LSDIR, HQ-NightRain, UAV-Rain1k, WeatherBench, StateHaze 1k, FFHQ, v v v v 1185.9

DIV2k, DIVS8k, PolyU, UHD-LL, Flickr2k, Mural-Dunhuang, Mural-Shaanxi




3. Discussion with Image Restoration Agents

Recently, image restoration agents have been emerging that automatically invoke different expert models to address a broader
range of real-world degradation scenarios. However, we note that these agents perform chain-of-thought reasoning, sequen-
tially carrying out image restoration steps based on the perceived types of degradation. In fact, as the complexity of real-world
degradations increases, overly long reasoning chains may lead to snowball errors, where early-stage mistakes accumulate
and ultimately degrade the quality of the final image reconstruction. As shown in Figure 1, compared with image restoration
agents that rely on scheduling multiple experts, our foundation model achieves higher-quality outputs in a shorter time.

__ Image restoration foundation model @ Image restoration agent
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Figure 1. An example illustrating the restoration results produced by image restoration foundation model and image restoration agent.

4. More Experimental Results

Inference cost. We further compare our method with other diffusion-based models in terms of average inference time for 4K
images on one H20 GPU. As shown in the Table 2, our method is more efficient. Our MoE-driven scheduler is built upon a
lightweight attention-based gating mechanism and thus does not significantly introduces additional inference cost.

Table 2. Comparison of inference time for diffusion-based methods on high-resolution 4K image.

Methods DreamClear [1] SUPIR [41] HYPIR [23]  Ours
Running Time (s) 578.3 467.1 91.8 68.8

Applications on downstream tasks. In fact, a well-trained image restoration foundation model serves as a versatile basis
that can be fine-tuned for various downstream restoration tasks related to its pre-training objective. To demonstrate the
applicability of image restoration foundation models to downstream tasks, we extend FoundIR [19] and FoundIR-v2 to
laparoscopic surgery and biological microscopy image restoration. Since the training dataset in these tasks are typically
limited and protected by privacy constraints, we fine-tune the pre-trained foundation models using only using a small amount
of available data. The qualitative comparison results are provided in Figure 2. Compared with FoundIR, our FoundIR-v2
achieves better reconstruction results on these downstream tasks, highlighting the significance of developing effective image
restoration foundation models.

More visual results. We show more experimental results to demonstrate the effectiveness of the proposed image restoration
foundation model FoundIR-v2. Figures 3-51 show the visual comparison results on 50 restoration tasks across broader real-
world scenarios. Table 3 summarizes the task categories addressed by our proposed FoundIR-v2. Compared with the 20
restoration tasks covered by FoundIR, our proposed FoundIR-v2 enables a broader range of application tasks. It can be
observed that our method can handle various degradations and generate much clearer images with finer details and structures.



(a) LQ (b) FoundIR [19] (c) FoundIR-v2 (Ours)

Figure 2. Visual comparison of fine-tuning the image restoration foundation models on downstream restoration tasks (laparoscopic surgery
and biological microscopy image restoration).

Table 3. Summary of image restoration task categories handled by FoundIR-v2.

Task Categories Tasks
1. Camera Motion Deblurring 2. Object Motion Deblurring 3. Defocus Deblurring
Deblur and Denoise 4. UHD Deblurring 5. Lowlight Deblurring 6. Text Deblurring

7. Denoising 8. Joint Deblurring and Denoising
9. Dehazing 10. Colored Dehazing 11. Non-Homogeneous Dehazing
12. Lowlight Dehazing 13. Remote Sensing Image Dehazing 14. Remote Sensing Image Declouding

Weather Removal |15. Rain Streak Removal 16. Raindrop Removal 17. Rain Mist Removal
18. Lowlight Deraining 19. Desnowing 20. Lowlight Desnowing
21. All-in-One Weather Removal

. 22. Contrast Enhancement 23. Lowlight Enhancement 24. Nighttime Enhancement
Lowlight Enhancement
5. Extreme Dark Enhancement 26. UHD Enhancement 27. Joint Denoising and Enhancement
28. Super-Resolution (x 1) 29. Super-Resolution (X 2) 30. Super-Resolution (x 4)
. 31. Text Super-Resolution 32. Deblurring and SR 33. Denoising and SR

Super-Resolution
34. DeJPEG and SR 35. Inpainting 36. JPEG Compression Removal
37. Artifact Removal 38. Stain Removal 39. Scratch Removal
40. Underwater Restoration 41. UAV Image Restoration 42. Old Photo Restoration
43. Face Restoration 44. Classic Film Restoration 45. Social Media Enhancement

Real-world Restoration . . . )
46. Anime Image Enhancement 47. Cultural Relic Image Restoration 48. Crack Restoration

49. Mural Restoration 50. Ancient Text Restoration
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Figure 3. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 4. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 5. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.



UHD Deblurring
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Figure 6. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 7. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Denoising
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Figure 9. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 10. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.



Dehazing
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Figure 11. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.



Colored Dehazing

LQ GT

PromptIR [29] DA-CLIP [25]
DiffUIR [51] AutoDIR [16]

®

InstructIR [9]

FoundIR [19] FoundIR-v2 (Ours)

Figure 12. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 13. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 14. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.



Remote Sensing Image Dehazing
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Figure 15. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 16. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.



Rain Streak Removal
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Figure 17. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 18. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.



Rain Mist emoal
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Figure 19. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 20. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 21. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.



Lowlight Desnowing

FoundIR [19] FoundIR-v2 (Ours)

Figure 22. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.



FoundIR [19] FoundIR-v2 (Ours)

Figure 23. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 24. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 25. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.



Nighttime Enhancement
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Figure 26. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 27. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 28. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 29. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 30. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 31. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 32. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.



Deblurring and SR
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Figure 33. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 34. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 35. Qualitative comparison results. Compared to the results restored by other methods
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Figure 36. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.



JPEG Compression Removal

-CLIP [25]

o~

R

PromptIR [29] DA

AutoDIR [16]

InstructIR [9]

FoundIR [19] FoundIR-v2 (Ours)

Figure 37. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 38. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 39. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 40. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 41. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 42. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.



N
™

i

<

%
1

i

<
]
<

v

FaithDiff [5]

Old Photo Restoration

1
| |
1

1

£ £

g
.

FoundIR-v2 (Ours)

B =S = -

i |

Figure 43. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 44. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 45. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 46. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 47. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 48. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 49. Qualitative comparison results. Compared to the results restored by other methods, our FoundIR-v2 generates a clearer image.
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Figure 50. Qualitative comparison results. Compared to the results restored by other methods
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