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1 Details of the training dataset

As mentioned in the main paper, existing deblurring datasets such as GoPro [6] and DVD [10] have
several limitations. These datasets typically contain a relatively small number of images (usually
only a few thousand) and a limited variety of scenes (often only a few dozen). This insufficiency
makes it difficult to train a robust deblurring diffusion model. Moreover, for the GoPro dataset, which
uses multi-frame video sequences to synthesize blur, the low frame rate of the videos results in blur
patterns that significantly differ from real-world blur. Therefore, we do not train our model on these
problematic datasets. Instead, we constructed a large-scale dataset to train our DeblurDiff model.
This dataset addresses the limitations of existing datasets by providing a richer and more diverse set
of image pairs, thereby better supporting the learning and generalization capabilities of the model.

Our training dataset consists of three parts: (1) Existing deblurring datasets, including MC-Blur [15]
and RSBlur [9], which contain high-resolution blur-sharp data pairs(approximately 100,000 images).
Some of their training data pairs are illustrated in Figure 1. (2) We capture some high-frame-rate
high-definition video clips, generating blurred and clear data pairs(approximately 200,000 images)
using the same strategy as REDS [7]. We present some of our clear and blurred data pairs in Figure 2.
(3) We collected a large number of high-definition images as ground truth (approximately 200,000
images) and generated various motion blur kernels to synthesize corresponding blurred images.
Specifically, using the method proposed by [1], we generated 100,000 motion blur kernels (some of
which are presented in Figure 3). The size of the motion kernel is 63× 63, and we randomly generate
motion trajectories within this range, with the length of the trajectory being a random number between
1 and 1000. We use these kernels and high-definition images to synthesize two types of blurred
and clear data pairs: globally uniform blur and non-uniform blur. For globally uniform blur, we
directly use the generated kernel as the blur kernel to convolve with the clear image, obtaining the
corresponding blurred image. For non-uniform blur, we start with two different sharp images. We
use the SAM2 method [8] to segment objects in one of the sharp images, identifying the foreground
objects. The background is then taken from the second sharp image. We apply different motion blur
kernels to the segmented foreground objects and the background separately. Finally, we composite
the blurred foreground objects onto the blurred background image to create the final non-uniformly
blurred image, simulating the inconsistent blur caused by the motion of different objects in the real
world. We present the training data pairs for globally uniform blur and non-uniform blur in Figures 4
and Figure 5, respectively.

∗This project is done during the internship at SenseTime Research.
†Corresponding author
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Figure 1: The blurred and clear training data pairs in the RSBlur dataset [9].

Figure 2: The blurred and clear training data pairs synthesized using consecutive video frames.

Figure 3: Motion blur kernels generated by [1].

Figure 4: The data pairs of globally uniform blurred images and clear images.

Figure 5: The data pairs of globally non-uniform blurred images and clear images.
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2 Comparison with More Methods.

For a fair comparison, we include additional comparisons with more single-image methods (including
Restormer [13], NAFNet [2]) in Table 1. where "*" indicates that the method is retrained on our
dataset. NAFNet and FFTformer represent the state-of-the-art among CNN-based methods and
Transformer-based methods. Our method consistently outperforms both in most no-reference metrics
across various datasets.
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3 The specific architecture of the DeblurDiff.
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Figure 6: Overall architecture of the proposed method.
LKPN is a UNet structure with 4 layers of encoders and decoders, each layer comprising two blocks,
which consist of a ResBlock [4] and a self-attention [11] layer. Figure 6(a) shows the specific
structures of LKPN. The input to the LKPN is formed by concatenating zt and zlq . Additionally, the
time step t is embedded into the same dimension using a linear layer and added before the out_layer
of the ResBlock. Given an input zlq with a shape of (c, h, w) after encoding with the VAE encoder.
After passing through the LKPN’s UNet, the shape of the output features remains (c, h, w). At
the end of the LKPN, a linear layer is used to transform the shape into (c× k × k, h, w), where k
represents the size of the spatially variant kernel we estimate. In this paper, we use k = 5.

EAC is used to restore the latent of the clear image while preserving the input information by utilizing
the spatially-variant kernel estimated by the LKPN. Figure 6(b) shows the specific structures of EAC.

The EAC first reshapes the kernel estimated by the LKPN into (h,w, ck2). For each position
(hi, wi, ci) of zlq ∈ Rh×w, a spatially kernel Fhi,wi,ci ∈ Rk×k is applied to the region contered
around zlq(hi,wi,ci)

as follows:

ẑlq(hi, wi, ci) = Fhi,wi,ci ∗ zlq,(hi,wi,ci)

=

r∑
n=−r

r∑
m=−r

F(hi, wi, k
2ci + kn+m)

× zlq(hi − n,wi −m, ci),

(1)

where r=
k − 1

2
, ∗ denotes convolution operation, F is the generated filter, zlq(hi − n,wi −m, ci)

and ẑlq(hi, wi, ci) denote the input features and transformed features, respectively.

Conditional Diffusion is used to enhance the capabilities of pre-trained SD models by introducing
additional conditional inputs to precisely control the image generation process. Figure 6(c) shows the
specific structures of Conditional Diffusion. Specifically, the method guides the diffusion process
by integrating a conditioning input (e.g., a blurry image) with the noisy latent representation from
the diffusion model. Initialized with pre-trained diffusion model weights, an auxiliary network
employs ZeroConv layers (1×1 convolutions initialized with zero weights) to gradually incorporate
the conditioning signal into the diffusion process, without disrupting the pre-trained knowledge.
This allows the model to iteratively refine the latent representation, generating high-quality outputs
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that align with the provided guidance. We use the concatenated zlq and zs obtained from EAC as
conditional inputs. For the first layer, we do not use the weights from the original SD model for
initialization, since our input channels differ from those of the original SD. Instead, we used random
initialization.

The sampling process of DeblurDiff is shown in Algorithm 1.

Algorithm 1 DeblurDiff Sampling
Input: Blurry image XB

Output: Deblurred image XD

zlq = E(XB)
zT ∼ N (0, I)
for t = T, ..., 1 do

z ∼ N (0, I) if t > 1, else z = 0
kt = LKPN(zt,Zlq, t)
zst = EAC(zlq, kt)
ϵpred,t = ControlNet(zst , zlq, zt, t)

zt−1 = 1√
αt

(
zt − 1−αt√

1−ᾱt
ϵpred,t

)
+ σtz

end for

4 More experimental results

Poor quality of the GoPro dataset. For the existing evaluation dataset, such as GoPro [6], the
quality of the ground truth (GT) itself is not particularly high. As a result, metrics like PSNR and
SSIM have limited significance in reflecting visual fidelity. We follow prior works [5, 12] and use
the same evaluation metrics for comparison. Our method focuses on generating visually pleasing
images with rich details, often producing results that are visually better than the GT, as shown in
Figure 7. This preference for visual quality over strict pixel-wise accuracy leads to relatively lower
PSNR/SSIM scores. In Table 2, we present a detailed comparison between our method and the GT,
where no-reference metrics further indicate that our results exhibit better visual quality.

Table 2: The quantitative results of our method compared to the GT from GoPro dataset [6].

Result NIQE MUSIQ MANIQA CLIP-IQA

GT 4.0254 47.9752 0.5668 0.4308
Ours 3.6628 52.9263 0.5963 0.5496

Impact of the GoPro training dataset on deblurring results. We do not include the GoPro
dataset in the training dataset when training the proposed method, as the quality of the GoPro
dataset is not high. When these GTs with poor quality are included in the training dataset, it
degrades the performance of the model’s generated results. We present in Table 3 the impact
of including or excluding the GoPro training data on the deblurring results. When the training
data does not include the GoPro dataset, the model achieves better no-reference metrics. Figure 8
shows that when the GoPro dataset is included in the training set, the generated results exhibit
significant artifacts. Therefore, our method does not utilize the GoPro training set during training.
Table 3: Quantitative evaluations of the impact of the GoPro dataset on deblurring results on the real
blurry image [3].

Dataset NIQE MUSIQ MANIQA CLIP-IQA

Training dataset w/ GoPro 3.7162 51.9673 0.5642 0.5267
Training dataset w/o GoPro 3.6628 52.9263 0.5963 0.5496

Inference time. We provide runtime comparisons in Table 4. The size of the test image is 512 ×
512 pixels. The test environment is based on a machine with an NVIDIA 4090D. Our method,
DiffBIR, and ControlNet all employ 50 steps during inference. FFTformer is not a diffusion-based
method, so it has a significant advantage in terms of running time. However, its visual quality
is inferior to that of diffusion-based methods as shown in Figure 13- 22. The runtime of our
method is slightly slower than that of ControlNet but faster than that of DiffBIR. The GPU memory
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(a) GT (b) Ours

(a) GT (b) Ours

Figure 7: Visual comparison of our method’s results with the Ground Truth from GoPro. Our results
have better visual effects than the Ground Truth.

usage of our method is slightly higher than that of ControlNet but lower than that of DiffBIR.
Table 4: Memory and running time comparisons of the compared methods.

Methods FFTFormer ControlNet DiffBIR Ours

Running time (s) 0.8 40 55 46
GPU memory (G) 6.1 7.6 8.0 7.8

Effectiveness of the deblur kernel generated by LKPN. An example of the deblur kernel (one
channel selected for visualization purposes) is shown in Figure 9. The blur of the cyclist is different
from that of the background, so the corresponding values of their kernels are also different. The
kernels are then applied through the EAC, which adaptively addresses distinct blur characteristics at
each pixel location, effectively preserving the input information and recovering sharp structures and
fine details.

Selection of kernel size for LKPN. Table 5 shows the effect of kernel size k. The results demonstrate
that while increasing k beyond 5 (to k = 7) yields no statistically significant performance gains, both
k = 5 and k = 7 outperform k = 3. However, larger k values increase model complexity without com-
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(a) w/ GoPro dataset (b) w/o GoPro dataset
Figure 8: Visual comparison of our method’s results on different training datasets. When the training
dataset includes GoPro training data, it degrades the visual quality of the results.

(a) Blurry image (b) Deblurring filters (one channel) (c) Deblurred result
Figure 9: Visualization of the deblur kernel generated by LKPN.

lqz

tz

C

1Tz 0z

VAE
Encoder

Tz 1Tz

ZC

ZC ZC ZC

VAE
Decoder

Figure 10: Overall architecture of ControlNet.

mensurate benefits. Based on this trade-off analysis, we selected k = 5 as the optimal configuration.
Table 5: Quantitative evaluations of the kernel size in LKPN on the real blurry image [3].

kernel size NIQE MUSIQ MANIQA CLIP-IQA

k = 3 3.8272 50.8526 0.5334 0.5173
k = 5 3.6628 52.9263 0.5963 0.5496
k = 7 3.6732 53.0145 0.5854 0.5517
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Figure 11: Overall architecture of the baseline “without_EAC”.
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Figure 12: Overall architecture of the baseline “without_SD”.
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5 More Visual Comparisons.

In this section, we provide more visual comparisons of the proposed method with state-of-the-art
ones on both synthetic and real-world benchmarks in Figures 13 to 22.

(a) Input (b) DBGAN (c) FFTformer (d) HI-Diff

(e) ResShift (f) PASD (g) DiffBIR (h) Ours
Figure 13: Deblurred results on the RWBI dataset [14]. The results in (b) to (g) fail to preserve
the input information well while deblurring. In contrast, our method generates clear results while
effectively retaining the input information.

(a) Input (b) DBGAN (c) FFTformer (d) HI-Diff

(e) ResShift (f) PASD (g) DiffBIR (h) Ours
Figure 14: Deblurred results on the RWBI dataset [14]. The deblurred results in (b)-(g) still contain
significant blur effects. The proposed method generates a clearer image, where the structure of the
branches and the leaves are much clearer.
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(a) Input (b) DBGAN (c) FFTformer (d) HI-Diff

(e) ResShift (f) PASD (g) DiffBIR (h) Ours
Figure 15: Deblurred results on the RWBI dataset [14]. The results in (b) to (g) leave severe artifacts.
In contrast, our method generates a clear and realistic result.

(a) Input (b) DBGAN (c) FFTformer (d) HI-Diff

(e) ResShift (f) PASD (g) DiffBIR (h) Ours
Figure 16: Deblurred results on the DVD dataset [10]. The structures in the results restored by
methods (b) to (g) are all distorted. In contrast, the structures in our results are clear and accurate.
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(a) Input (b) DBGAN (c) FFTformer (d) HI-Diff

(e) ResShift (f) PASD (g) DiffBIR (h) Ours
Figure 17: Deblurred results on the GoPro dataset [6]. The results in (b) to (d) fail to effectively
restore the clear structure and details of the leaves, whereas our method recovers better details.

(a) Input (b) DBGAN (c) FFTformer (d) HI-Diff

(e) ResShift (f) PASD (g) DiffBIR (h) Ours
Figure 18: Deblurred results on the GoPro dataset [6]. The deblurred results in (b)-(g) still contain
significant blur effects. The proposed method generates a clearer image.
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(a) Input (b) DBGAN (c) FFTformer (d) HI-Diff

(e) ResShift (f) PASD (g) DiffBIR (h) Ours
Figure 19: Deblurred results on the GoPro dataset [6]. The results in (b) to (d) do not restore the
structures well. In contrast, the proposed method generates a better image with clearer structures.

(a) Input (b) DBGAN (c) FFTformer (d) HI-Diff

(e) ResShift (f) PASD (g) DiffBIR (h) Ours
Figure 20: Deblurred results on the GoPro dataset [6]. The results in (b) to (d) still contain significant
blur effects, whereas our method recovers clear structures and details.
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(a) Input (b) DBGAN (c) FFTformer (d) HI-Diff

(e) ResShift (f) PASD (g) DiffBIR (h) Ours
Figure 21: Deblurred results on the GoPro dataset [6]. The deblurred results in (b)-(g) still contain
significant blur effects. The proposed method generates a clearer image, where the structures of the
cars are much clearer.

(a) Input (b) DBGAN (c) FFTformer (d) HI-Diff

(e) ResShift (f) PASD (g) DiffBIR (h) Ours
Figure 22: Deblurred results on the GoPro dataset [6]. The results in (b) to (g) do not restore the
structures well. In contrast, the proposed method generates a better image with clearer structures.
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