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Learning Deblurring Texture Prior from Unpaired Data with Diffusion Model

Chengxu Liu! Lu Qi3

Abstract

Since acquiring large amounts of realistic blurry-sharp im-
age pairs is difficult and expensive, learning blind image
deblurring from unpaired data is a more practical and
promising solution. Unfortunately, dominant approaches
rely heavily on adversarial learning to bridge the gap from
blurry domains to sharp domains, ignoring the complex and
unpredictable nature of real-world blur patterns. In this pa-
per, we propose a novel diffusion model (DM)-based frame-
work, dubbed TP-Diff, for image deblurring by learning
spatially varying texture prior from unpaired data. In par-
ticular, TP-Diff performs DM to generate the prior knowl-
edge that aids in recovering the textures of blurry images.
To implement this, we propose a Texture Prior Encoder
(TPE) that introduces a memory mechanism to represent the
image textures and provides supervision for DM training.
To fully exploit the generated texture priors, we present the
Texture Transfer Transformer layer (TTformer), in which
a novel Filter-Modulated Multi-head Self-Attention (FM-
MSA) efficiently removes spatially varying blurring through
adaptive filtering. Furthermore, we implement a wavelet-
based adversarial loss to preserve high-frequency texture
details. Extensive evaluations show that TP-Diff provides
a promising unsupervised deblurring solution and outper-
forms SOTA methods in widely-used benchmarks.

1. Introduction

Image deblurring has been a topic of significant interest.
The diversity and spatial variability of blurs pose signif-
icant challenges for developing effective solutions. Early
conventional approaches [1, 16, 32, 33, 54] aim to find the
prior distribution of sharp images and maximize the poste-
rior probability, yet lack generalization ability.

Recent years have witnessed a growing interest in deep
learning. Most approaches [2, 11, 22, 26] use synthetic
paired data to supervise the DNN, achieving superior per-
formance. However, the real-world blur is complex and
unpredictable, making it infeasible to simulate real paired
data manually. While recent studies [38, 62] have devel-
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Figure 1. Illustration of previous unsupervised deblurring methods
and our framework. (d) Our TP-Diff leverages the DMs to denoise
pure Gaussian noise into spatially varying texture prior for deblur-

ring tasks. The dotted line indicates use only during training.

oped paired datasets using a dual-camera system, it is both
expensive and time-consuming. In addition, it risks caus-
ing the model to overfit the specific characteristics of the
camera used. Therefore, learning deblurring directly from
unpaired blurry-sharp data presents a promising solution.

Existing unsupervised deblurring methods can be cate-
gorized into three paradigms. 1) Prior-based methods [8,
15, 36, 45, 60] aim to train a sub-network that estimates
prior knowledge for blur removal, as illustrated in Fig. 1(a).
However, it is nearly impossible to find proper prior knowl-
edge to model various blurs simultaneously. 2) Reblurring
augmentation-based methods [35, 51] employ a transforma-
tion model to convert blurs from an unknown domain to a
known one, thus reducing the difficulty of the deblurring
process, as illustrated in Fig. 1(c). Although favorable re-
sults are achieved, these methods are limited by the ability
of existing deblurring models and incur additional computa-
tional costs. 3) CycleGAN-based methods [3, 9, 27, 28, 61]
construct blurry-sharp conversion cycles to learn the map-
ping between these two domains, as illustrated in Fig. 1(b).
Unfortunately, these approaches overlook the spatial diver-
sity of blur degrees and often tend to overfit a single blur
template. These limitations hinder the advancement and ef-
fectiveness of unsupervised image deblurring.
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Recently, diffusion models (DMs) have shown impres-
sive performance in image generation [13, 14, 40, 43]. In
image deblurring, most approaches use DMs directly for
synthesizing sharp images, which eliminates blur but also
introduces unpredictable artifacts [17, 37, 50]. In contrast,
HiDiff [5] proposes using DMs to estimate a latent prior
representation of sharp images for assisting the deblurring.
Nevertheless, such prior is spatially out-of-order with a spe-
cific quantity and cannot be learned from unpaired data.
Therefore, this inspires us to address the problem of how fo
enable DMs to learn a spatially varying texture prior and
exploit it in the unpaired deblurring task.

To this end, we propose a novel diffusion model-based
framework for unsupervised image deblurring (TP-Diff).
The key insight is enabling the DM to learn the spatially
varying texture prior from unpaired data and assist the de-
blurring process, as illustrated in Fig. 1(d). In particular,
we follow [3, 61] to construct the cycle structure between
sharp and blurry domains to learn the mapping relation-
ships. The training process of TP-Diff involves two stages,
as illustrated in Fig. 2(b). In the first stage, we use the pro-
posed Texture Prior Encoder (TPE) to learn texture repre-
sentations from extensive unpaired data and encode them to
obtain texture priors in latent space. In addition, we propose
a Texture Transfer Transformer (TTformer) layer within the
deblurring network to employ the learned texture priors ef-
fectively. In the second stage, we freeze the parameters of
TPE and train the DM to generate the texture prior using
the TPE’s output as ground truth. During inference, the de-
noising network produces the texture prior from pure Gaus-
sian noise, which guides the deblurring network. Compared
to generating sharp images directly, generating the texture
prior in latent space requires fewer iterations [5, 53].

Our contributions are summarized as follows:

* We propose TP-Diff for unsupervised image deblurring,
in which the DM can learn spatially varying texture prior
efficiently for blur removal. To our knowledge, this is the
first work to integrate DM into unpaired restoration tasks.

* We propose a TPE that introduces a memory mechanism
to encode texture priors of blurry images in latent space.

* We propose a TTformer layer, where a Filter-Modulated
Multi-head Self-Attention (FM-MSA) employs adaptive
filtering to remove spatially varying blurs.

* We propose a wavelet-based adversarial loss that helps
preserve high-frequency texture details during training.

» Extensive experiments demonstrate that TP-Diff outper-
forms SOTA methods on widely-used benchmarks.

2. Related Work
2.1. Deep Supervised Image Deblurring

Benefiting from the synthetic large-scale paired data, deep
learning has achieved significant success in supervised

image deblurring. Among them, some prior-free meth-
ods [2, 6, 22, 24, 30, 47, 57, 58] attempt to develop more
robust models that directly learn to remove blur using multi-
scale learning and supervision [2, 6, 57], attention mech-
anism [47, 58], and frequency domain learning [22, 30].
However, the shift-invariant of CNNSs limits their effective-
ness in handling spatially varying blurs.

To tackle this issue, prior-related methods [5, 11, 19, 26]
learn the blur prior to guiding the deblurring network. Typ-
ically, UFPNet [11] and HiDiff [5] predict the prior repre-
sentations through flow-based and diffusion-based models,
respectively. Although achieving significant performance,
they are infeasible to learn the prior from unpaired data.
Significantly, such practice of predicting the prior from the
inputs is treated as an inverse problem of blur patterns, pro-
viding inspiration for addressing spatially varying blurs.

2.2. Deep Unsupervised Image Deblurring

Unsupervised image deblurring is directly trained using un-
paired data. The absence of pixel-level constraints makes
it challenging. Existing approaches can be categorized
into three paradigms: prior-based, reblurring augmentation-
based, and CycleGAN-based methods. According to the
distribution characteristics of sharp data, the prior-based
methods [8, 36, 60] use maximum the posterior probability
to estimate the prior for the deblurring process. However, it
is almost impossible to deal with multiple blurs simultane-
ously by assuming prior knowledge. To avoid training un-
paired data directly, reblurring augmentation-based meth-
ods [18, 35, 51] train an additional transformation model to
convert the input from an unknown blur domain to a known
blur domain [35] or generate more diverse blur data [51].
Nevertheless, these methods still rely on the pre-trained de-
blurring models that were trained on synthetic paired data.

To directly implement training based on unpaired data,
CycleGAN-based methods [3, 9, 27, 28, 61] construct
sharp-blurry-sharp and blurry-sharp-blurry conversion cy-
cles to learn the mapping between sharp and blurry domains
by adversarial learning [12]. The recent SEMGUD [3] pro-
poses a self-enhancement deblurring strategy to progres-
sively improve the generated pseudo-paired data and recon-
structor, achieving advanced results. However, this self-
enhancement strategy depends on a fully supervised model
trained on synthetic paired data and overlooks the spatial
diversity of realistic blurs. In our work, TP-Diff enables tai-
lored removal of various blurs without using any paired data
by learning texture prior in different regions.

2.3. Diffusion Model

Recently, diffusion model (DM) [13, 43] has been attracting
increasing attention in low-level vision tasks, such as super-
resolution [25, 55], denoising [23], inpainting [29], and so
on. In image deblurring, some works [17, 37, 50] directly
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Figure 2. (a) Overview of TP-Diff. The Texture Prior Encoder (TPE) is used for extracting texture prior from unpaired data. The diffusion
process and denoising network are used for adding noise and generating the texture prior, respectively. (b) Schematic of training and
inference strategies. (c) Filter-Modulated Multi-head Self-Attention (FM-MSA) and (d) Transform-Modulated Feed-Forward Network
(TM-FEN) form the Texture Transfer Transformer layer (TTformer), which is used to exploit the texture prior in the deblurring network.

use the DM to generate sharp images from Gaussian noise
through a stochastic iterative denoising process. Although
this practice can generate clear textures, it also introduces
unpredictable artifacts. Other works [5, 53] use DM to es-
timate the latent prior representations of sharp images for
assisting deblurring, yielding superior results while avoid-
ing artifacts. Nevertheless, these methods ignore the spatial
diversity of blur in real-world scenarios, and it is also un-
available to train with unpaired images. In this paper, we
apply DM to learn spatially varying texture prior from un-
paired data for deblurring, which is the first work to use DM
for unpaired image reconstruction.

3. Methodology

3.1. Overall Architecture

As illustrated in Fig. 2(a), our TP-Diff mainly comprises
four components: Texture Prior Encoder (TPE), Diffusion
Model (DM), deblurring network, and reblurring network.
Specifically, TPE is used to obtain the texture prior, which
serves as the ground truth for DM training. DM consists of a
diffusion process and a denoising network for adding noise
and generating texture prior, respectively. The deblurring
network and reblurring network together form the entire cy-
cle structure designed for removing and synthesizing blur,
respectively. Within the deblurring network, the proposed
Texture Transfer Transformer (TTformer) layer leverages
texture prior knowledge to effectively remove blur.

To train TP-Diff effectively, we follow established prac-
tices [5, 25] and divide the training process into two stages,
as illustrated in Fig. 2(b). Taking the blurry image b € B
and unpaired sharp image s € S as inputs. In stage one,
we utilize the TPE to obtain spatially varying texture prior
z € REXWXC ip Jatent space, and jointly train it and the

entire cycle structure for blur removal. At this stage, the z
output from TPE is directly fed into the deblurring network
without involving the diffusion and denoising processes. In
stage two, we freeze the parameters of TPE, and joint train
DM and the entire cycle structure. This enables the denois-
ing network to generate a more reliable spatially varying
texture prior 2 € R XWxC At this stage, the z output from
TPE first adds noise to output zz € R7*WX*C through the
diffusion process, and then generates the prior Z through
multiple iterations of the denoising process. H x W x C'is
the size of the prior. Please refer to the supplementary for
more detailed algorithms and structures. Next, we describe
the training strategy and the inference process in order.

3.2. Stage One: Latent Texture Prior Extraction

In this stage, we aim to obtain a high-quality texture prior
that guides the blur removal. Specifically, we use TPE,
which introduces a learnable memory bank, to learn texture
representations from extensive unpaired data during train-
ing, thus extracting spatially varying texture prior z. Then,
to fully leverage the texture prior and enhance the model
capacity, we incorporate the TTformer at multiple scales
within the deblurring network and fed z into each scale
through spatial adaptive pooling (SAP). Below, we intro-
duce the core components TPE and TTformer.

Texture Prior Encoder. As shown in Fig. 3, TPE con-
sists of a texture-memory enhancement part and a texture-
memory transfer part. In the enhancement part, we initial-
ize a group of learnable memories, and extract tokens from
texture-rich sharp images as reference texture templates to
enhance the memories. In the transfer part, we search for
similar tokens from the enhanced memories and use them
to represent texture templates in the input blurry image.
Specifically, in the enhancement part, we first compress
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Figure 3. Structure of the Texture Prior Encoder (TPE), which serves to get spatially varying texture priors from the unpaired blurry-sharp
input. Idx(-) indicates that extracting the index with the highest score. Sel(-) indicates that selecting the tokens according to the index.

sharp image s into a higher dimensional space by a con-
volutional layer and obtain the texture-rich tokens z; €
RHXWXC  Then, we use zs to enhance the introduced
learnable memory M € RN*L. N is the memory size,
which is set to 256 in our model. L is the memory dimen-
sion, which is equal to C. In detail, we generate a corre-
sponding attention map for the M, formulated as:

Attn, = SoftMax(M ® R(zs)), (1)

where Attn, € RV *HW g the similarity of each memory
with the texture-rich tokens. SoftMax(-), R(-), and ® are
the softmax function, reshape operation, and matrix mul-
tiplication, respectively. Next, we can compute enhanced
memories M\ from all texture-rich tokens z,, formulated as:

M = M @ FC(Attn, @ R(z,)), )

where @ denotes the element-wise multiplication. FC(-)
is the full connection layer used to refine the tokens after
attention aggregation. This design allows memory to learn
the valuable texture templates in all sharp data.

In the transfer part, we also compress blurry image b and
obtain the blurry tokens z, € R¥*Wx*C Then, we search
for similar tokens from the enhanced memories that have
similar texture templates to those in the blurry input. The
generated attention map Attn, € REW >N is given by:

o~

Attny = R(z) @ R(M). 3

We select the enhanced memory with the highest attention
map score for each blurry token and then aggregate them
into the TPE’s output z, formulated as:

2z = R(Sel(Idx(Attn,); M)) (4)

where Idx(-) means extracting the index with the highest
sorting score along the rows in the attention map. Sel(:)
means selecting the corresponding tokens from the en-
hanced memories for aggregation.

Different from the vanilla self-attention that takes a
weighted sum of tokens, we use only the most relevant to-
kens to ensure that the selected memories represent regions
with similar texture templates. Compared to directly learn-
ing in image space, the proposed prior in the feature space is
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more robust and stable. Moreover, the TPE is robust enough
to benefit from different unpaired sharp images. We provide
detailed analysis in Sec. 4.4.

TTformer. Existing Transformer-based restoration meth-
ods [22, 47, 58] achieve superior performance in supervised
learning, but not explored in unsupervised feature learn-
ing. Therefore, we introduce the TTformer layer to effi-
ciently integrate the obtained prior knowledge into the un-
supervised deblurring. It consists of two components, the
filter-modulated multi-head self-attention (FM-MSA) and
the transform-modulated feed-forward network (TM-FFN).
Specifically, as shown in Fig. 2(c), for the input feature
F and input prior z, FM-MSA exploits an adaptive filtering
operation to effectively remove spatially varying blurs. In
detail, we use two three-layer convolution Convs(-) to pre-
dict the vertical and horizontal offsets Ap € RH*Wx2K*
and weight Am € REXW*E” of the filter, formulated as:

Ap, Am = Convs(z), Convs(z), (5)

where K is the kernel size. Then, taking the pixel with
coordinates (z,y) in the filtered feature F € RF XWX a9
example, the filtering process is formulated as:

Fay= > (Amlz,y) « F (@+8ps,y+8p,) ), (©)
Ap(z,y)
where 7' = Norm(F) represents the normalized input
feature F € RT*WxC  Subsequently, the visual tokens
can be expressed as follows:
Q = R(PDConv(F")),

7
K,V = R(PDConv(F)), R(PDConv(F)), @

where PDConv(+) are the 1 x 1 point-wise convolution and
3 x 3 depth-wise convolution. Finally, we follow existing
work [58] to generate a transposed-attention map and per-
form dot-product with V' to obtain the final output of FM-
MSA F. This process can be described as:

QK

VO
where C'is the dimension of tokens. & denotes the element-
wise addition. The design of adaptive filtering can fully uti-
lize the texture prior and significantly improve the model’s
ability to recover various textures.

F = Conv(R(SoftMax( YRWV)eF, (8)



In addition, as shown in Fig. 2(d), we use TM-FEN, sim-
ilar in [25, 53], to aggregate local features from the FM-
MSA output. In detail, TM-FFN first uses texture prior z to
get dynamic parameters v, p € RT*WX*C which are then
used to modulate the input feature F by:

F' =Norm(F) ®v @ ¢, ©)
v, ¢ = Convs(z), Convs(z),
where F/ € REXWXC g the modulated feature. Finally,
we adopt the gating mechanism to enhance feature encoding
and get the output 7 € R7*WXC of TM-FFN by:

F = Conv(GELU(PDConv(F')) ®PDConv(F'))®F. (10)

Optimization Objective. We aim to get the spatially vary-
ing texture prior z by TPE and jointly train it with the en-
tire cycle structure. To achieve this, we follow existing
works [3, 61], using the same adversarial loss L4y and
cycle consistency loss Loy ¢ to supervise training. In addi-
tion, to preserve high-frequency texture detail as possible,
we propose a wavelet-based adversarial loss, formulated as:

Lsze = ]ESNpq;(s) [logDS((I)(S))]

11
+ By llog1 - Ds(@(DNG)),
where ®(-) denotes the extraction of high-frequency com-
ponents using the wavelet transform. DN|(-) is the deblur-
ring network. Dg(-) is the discriminator and tries to max-
imize the distinction between deblurred images and sharp
images. The full objective function for stage one L, is a
weighted sum of the above losses, formulated as:

Ls1 = AganLaan +AeycLleoye + AwaveLwave, (12)

where the hyper-parameters A\gan, Acyc, and Awaoe
control the importance of each term.

3.3. Stage Two: Texture Prior Generation

In this stage, we jointly train the DM and the entire cycle
structure so that the denoising network generates effective
texture priors to enhance the deblurring network. Specif-
ically, following the existing works [5, 25, 53], our DM
consists of the forward diffusion process and the reverse
denoising process. In the forward diffusion process, we
first adopt the TPE, in which the parameters are frozen, to
generate the texture prior z € RFXWXC ag ground truth,
and then add noise to z by the diffusion process and get
the z € REXWXC with the same distribution as the pure
Gaussian noise. In the reverse denoising process, we use the
denoise network to generate the reconstructed texture prior
2 € REXWXC ysing the extracted feature ¢ € RE*WxC
by a convolutional layer from blurry input as the condition
and z as the target.

Diffusion Process. Following existing works [13, 43], we
perform the forward Markov process starting from z, and
gradually add Gaussian noise by 7" iterations as follows:

where T is the total number of iteration steps. N () denotes
the Gaussian distribution. o« = 1 — 3¢, ay = szl o,
where t € {1,...,T}, f1.r € (0,1), are hyper-parameters
derived through iterative derivation with reparameteriza-
tion [21] to control the amount of noise added at each step.

Denoising Process. Aiming to generate the texture prior
z from Gaussian noise, we perform the Markov chain that
runs backward from z7 to z, and gradually remove the noise
by T iterations. In the inverse step from z; to z;_1:

1,
q(ze—1 | 2, 2) = N(ze—1; pe (21, 2),

1 1— (67

(2, 2) _\/OTt(Zt - ﬁe
where € represents the noise in z;, which is the only uncer-
tain variable that needs to be estimated at each step using
the denoising network. Therefore, we use a neural network
consisting of a series of stacked residual blocks, denoted
as ¢y, to estimate the noise with the condition c¢. Then, we
further substitute €y into Eq. (14) to obtain:

1 1-— (627
Zt—1= (Zt

TRV T
where ¢, ~N(0,1). €g(z¢, ¢, t) is the noise estimated by the
denoising network. By repeating the 7" times sampling iter-
ations in Eq. (15), we can obtain the reconstructed texture
prior 2. The purpose of using residual blocks as the denois-
ing network is to ensure the same resolution of inputs and
outputs while minimizing the model parameters. As shown
in Fig. 2(a), the output Z from the denoising network is fi-
nally utilized to guide the deblurring network. Our DM is
more effective compared to other texture prior generation
methods. We provide detailed analysis in Sec. 4.4.

)’

(26, A, )V 1—ages, (15)

Optimization Objective. Our objective is to joint train
the denoising network €y and the entire cycle structure.
To achieve this, we additionally include the diffusion loss
Laqiyy based on Ly in Eq. (12), formulated as:

Lso =L+ NaigfLaisf, Laifs=1|2z—2|;. (16)
3.4. Inference

During inference, only given a blurry input image b, we first
extract the blur feature ¢ from the blurry input as the con-
dition of denoising network. Then, we randomly sample
pure Gaussian noise zy. After T times denoising process
in Eq. (15), denoising network generates the texture prior 2
using z7 and c. Finally, we feed Z to the deblurring network
consisting of TTformer to compute the deblurred result.
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Methods GoPro [31] HIDE [42] RealBlur-R [38] RealBlur-J [38] Overhead
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM #Param(M) Latency(s)
- MSDI-Net [24] 33.28 0.964 31.02 0940 3588 0.952 2859 0.869 1354 -
2 %D NAFNet [2] 33.69 0967 3132 0943 3550 0.953 28.32  0.857 67.9 0.04
E ~§ icDPM [37] 33.20 0.963 3096 0.938 - - 28.81 0.872 52.0 -
Vg; &  HI-Diff [5] 3333 0964 3146 0945 36.28 0.958 29.15 0.890 28.5 -
UFPNet [11] 34.06 0.968 31.74 0.947 36.25 0.953 29.87 0.884 80.3 -
CycleGAN [63] 22.54  0.757 21.81 0.675 1238 0.242 19.79  0.633 11.38 0.02
UNIT [27] 22,58 0.778 2221 0.702 2894 0.717 24.55 0.755 11.38 0.03
UID-GAN [28] 23.56 0.812 22770 0.715 16.64 0.323 22.87 0.671 19.93 0.04
LIR [9] 23.26 0.818 2244 0.708 2694 0.644 2359 0.747 11.15 0.02
2 o0 U-GAT-IT [20] 20.09 0.703 20.65 0.632 13.64 0.323 16.84  0.604 278.96 -
=2 DCD-GAN [4] 21.99 0.772  23.19 0.777 1727 0362 2099 0.671 11.38 0.02
&8 FCL-GAN [61] 2459 0.831 2343 0.782 2837  0.663 2535 0.736 24.56 0.01
= UVCGANV2 [46] 24.15 0814 2335 0.792 2531 0.658 24.82 0.740 32.56 0.03
UCL [49] 25.06 0.839 23.85 0.816 30.53 0.757 26.04 0.784 19.45 0.02
TP-Diff 28.13 0903 26.70 0.821 3495 0.933 28.01 0.836 11.89 0.04
SEMGUD [3] 29.06 0.927 27.64 0.892 3551 0946  28.01 0.844 67.9 0.04
TP-Diff-se 30.16 0934 2821 0909 3532 0947 28.03 0.843 11.89 0.04

Table 1. Quantitative comparison on the GoPro [31], HIDE [42], RealBlur-R [38], and RealBlur-J [38]. Latency(s) is computed on images
with the size of 256 x 256 with an NVIDIA RTX 3090 GPU. Red and blue indicate the best and second best performance, respectively.

4. Experiments
4.1. Datasets and Metrics

We evaluate the our method on widely-used datasets: Go-
Pro [31], HIDE [42], RealBlur [38], RB2V_Street [34],
and RSBlur [39]. For fair comparisons, we follow ex-
isting works [3, 35] to split the training set of GoPro,
RB2V_Street, and RSBlur datasets into separate blurry and
sharp image parts to constitute unpaired blurry-sharp pairs
for training. We conduct three sets of experiments: i) Us-
ing the GoPro training set for training and the test sets for
GoPro, HIDE, RealBlur-R, and RealBlur-J for testing. ii)
Using the RB2V._Street training set for training and its test
set for testing. iii) Using the RSBlur training set for train-
ing and its test set for testing. We keep the same evaluation
metrics of PSNR(dB) and SSIM as previous works [3, 35].

4.2. Implementation Details

We follow existing works [3, 63] to use the same discrim-
inator and use the UNet [41] as the reblurring network. In
the deblurring network, we set the number of TTformer as
[4,6,6,4], the attention heads as [1,2,4,8], and the number of
channels C' as 48, and the kernel size K of adaptive filtering
as 5. In the denoising network, we set the number of Res-
Block to 5 and the iteration step 7" to 8. During training, the
hyper-parameters Agan, Acyc, Awave, and Ag;r ¢ are set
to 1, 0.1, 0.2, and 1, respectively. We use Adam optimizer
with 31 = 0.9 and B, = 0.999, learning rate is 1 x 1074
for both training stages. The epoch number for each stage
is 200. We set the batch size as 8 and the input patch size
as 256 x 256 and augment the data with random horizontal

Methods RB2V_Street [34] RSBlur [39]

Generalized Deblurring

BSRGAN [59] 23.31/0.645  27.11/0.810
RSBlur [39] 23.42/0.603  26.98/0.798
NAFNet [2] 28.72/0.883  33.06/0.888
Restormer [58] 27.43/0.849  32.87/0.874
Reblurring Augmentation

NAFNet [2]+Blur2Blur [35] 26.98/0.812  29.00/0.857
Restormer [58]+Blur2Blur [35]  25.97/0.750  28.89/0.850
Unpaired Training

CycleGAN [63] 21.21/0.582  23.34/0.782
DualGAN [56] 21.02/0.556  22.78/0.704
UNIT [27] 20.53/0.519  26.49/0.734
UID-GAN [28] 22.03/0.564  26.48/0.713
LIR [9] 20.43/0.534  24.44/0.720
U-GAT-IT [20] 20.75/0.539  22.17/0.629
DCD-GAN [4] 21.20/0.537  25.90/0.704
FCL-GAN [61] 21.77/0.560  28.17/0.746
UVCGANV2 [46] 22.23/0.561  27.80/0.708
UCL [49] 21.38/0.556  26.81/0.717
TP-Diff 22.89/0.639  28.40/0.751

Table 2. Quantitative comparison (PSNR{ and SSIM?) on the
RB2V_Street [34] and RSBlur [39] datasets.

and vertical flips. All experiments were based on PyTorch
and trained on an NVIDIA RTX A6000 GPU.

4.3. Comparisons with State-of-the-art Methods

We evaluate our method against 16 SOTA models [2-
5,9, 11, 20, 24, 27, 28, 35, 37, 46, 49, 61, 63]. For fair
comparisons, we obtain the performance from their original
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UID-GAN
Figure 4. Visual results on GoPro [31], HIDE [42], Realblur-J [38], RSBlur [39], and RB2V_Street [34] datasets. The method is shown at

CycleGAN

the bottom of each case. Zoom in to see better visualization.

FCL-GAN

Methods ‘ Components ‘ Metrics
‘Diffusion TPE TTformer Multi-Scale Joint-Train WaveLoss ‘ PSNR SSIM
w/o DM X v v v X v 26.46 0.867 Blury Input /o DM
w/o TPE v X v v v v 27.36 0.886
w/o TTformer v v X v v v 27.19 0.884
w/o MS v v v X v v 27.89  0.896 e I
w/o JT v v v v X v 27.65 0.896
w/o WaveLoss v v v v v X 28.01 0.899
Full model v v v v v v 28.13  0.903

Table 3. Ablation study of each component on the GoPro [31] dataset.

paper or reproduce results by officially released codes.

Quantitative Comparison. The performance compar-
isons on the GoPro [31], HIDE [42], RealBlur-R [38], and
RealBlur-J [38] test sets are shown in Tab. 1. TP-Diff per-
forms favorably against the latest unpaired training methods
(e.g., UCL [49]). This is because our texture prior gener-
ated by DM can effectively handle spatially varying blurs.
Notably, although the latest SEMGUD [3] proposes a self-
enhancement strategy that obtains favorable performance,
this approach lacks fairness by introducing pre-trained fully
supervised models to guide model training. Therefore, we
train another version of our model which is optimized with
a similar strategy named TP-Diff-se for fair comparisons.
Tab. 1 shows that our method also achieves better results
while using fewer parameters proving its effectiveness.

Full model

w/o WaveLoss
Figure 5. Visualization of ablation.

In addition, we also verify the generalization capabili-
ties of TP-Diff on both realistic RB2V_Street [34] and RS-
Blur [39] datasets. Tab. 2 shows that TP-Diff outperforms
other unpaired training-based methods by 0.66 dB and 0.23
dB on RB2V._Street and RSBlur, respectively. The results
verify that TP-Diff has strong generalization capabilities
and can effectively handle various realistic blurs through the
generated texture prior. Please refer to the supplementary
for more quantitative results and efficiency analysis.

Qualitative Comparison. We evaluate the visual quality
of different methods in Fig. 4. The results show that TP-
Diff has a great improvement in visual quality, especially
for areas with detailed textures. For example, in the first and
fifth rows of Fig. 4, TP-Diff can recover clearer windows.
The results verify that TP-Diff can exploit DM to generate
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Exp. | Methods | Sampling | N | PSNR SSIM
(a) ‘Latent encoder [5, 25]‘ Random - ‘ 27.74 0.895

Random | 256 | 27.73 0.895
Random | 256 | 27.88 0.897

| Random | 256 | 26.95 0.869

(b) | Enhancement part
(c) | Transfer part

(d) | TPE (RGB Space)

(e) Cluster |256 | 28.18 0.902
(63) Singular | 256 | 27.94 0.898
(g) | TPE (Ours) Random | 128 | 27.99 0.899
(h) Random | 256 | 28.13 0.903
@) Random | 512 | 28.19 0.904

Table 4. Ablation study of Texture Prior Encoder (TPE).

texture priors that assist in producing finer results. Please
refer to the supplementary for more visual results.

4.4. Ablation Study

In this section, we explore the effectiveness of each key
component. All ablation studies are trained in the same set-
tings and evaluated on GoPro [31] for fair comparisons.

Effectiveness of Individual Components. We construct
ablations in Tab. 3 and Fig. 5 to demonstrate the effective-
ness of each component in TP-Diff. We remove each com-
ponent from the full model to compare performance and
keep the same model size for fairness. When DM is not
used (“w/o DM”), the PSNR is reduced by 1.67dB, which
indicates that DM can generate valuable texture prior to en-
hance deblurring performance. When we remove the TPE
(“w/o TPE”) and TTformer (“w/o TTformer”), the PSNR
decreases by 0.77dB and 0.94dB, respectively, and the vi-
sual quality is severely degraded. It proves that TPE can
produce accurate texture prior, and TTformer can effec-
tively remove blurs by exploiting the texture prior. Perfor-
mance also degrades when we remove the multi-scale learn-
ing (“w/o MS), only training the DM in the second stage
(“w/o JT”), and remove the wavelet-based adversarial loss
(“w/o WaveLoss”). It demonstrates that these components
are effective in improving model capability. Overall, our
full model achieves a PSNR of 28.13 dB with better visual
quality, proving the effectiveness of each component.

Effectiveness of TPE. We constructed several experiments
in Tab. 4 to demonstrate the effectiveness of TPEs. (a)
and (h) show that the TPE is more conducive to extract-
ing texture prior from unpaired inputs than the latent en-
coder used in [5, 25]. (b), (c), and (h) show that combining
the enhancement and transfer parts results in higher perfor-
mance, verifying the necessity of each component in TPE.
Moreover, (d) and (h) demonstrate that the proposed fea-
ture space prior is more robust to feature learning and more
stable for training. To demonstrate that the TPE is robust
enough to benefit from different unpaired sharp images, we
compare the performance of (e) sampling images guided by

28.25

Method PSNRSSIM
~27.75
w/o DM 26.46 0.867 £
Memory Bank[52] 27.89 0.894 &7
Sparse Coding[10]26.66 0.871 & 2675
Vanilla VQ[48] ~ 27.820.895
DM (Ours) 28.130.903 U0 w G E @

Table 5. Results of different Figure 6. Ablation study of the
prior generation methods. number of iteration steps 1'.

Methods ‘ (a) (b) (c) (d) Ours

PSNR 27.81 2793 28.04 28.02 28.13
SSIM 0.895 0.898 0901 0.900 0.903

Table 6. Results comparisons of different filtering methods.

clustering, (f) reusing the single sharp image (taking the av-
erage across ten), and (h) sampling random sharp inputs.
Owing to the memory mechanism, the TPE is able to learn
beneficial textures even in random sampling. In addition,
according to (g)-(i), a larger memory size N contributes to
the learning of more diverse textures, but reduces model ef-
ficiency. We set N as 256 in our model after trade-offs.

Effectiveness of DM. To demonstrate the necessity of DM
in generating texture prior, we compare it with other meth-
ods [10, 48, 52] in Tab. 5. The DM performs favorably
against the other approaches, proving the advantage of gen-
erating texture prior in unpaired restoration. In addition,
in Fig. 6, the performance is positively correlated with the
iteration steps 7" and the gain gradually decreases when T'
is over 8. It shows that only a few iterations are needed to
reconstruct the texture prior. We set 7" to 8 after trade-offs.

Effectiveness of FM-MSA. We compare (a) without filter-
ing, (b) vanilla filtering, (c) deformable filtering [7], and
(d) separable filtering [44] in Tab. 6 to show the reliability
of proposed adaptive filtering within FM-MSA in Fig. 2(c).
They either cannot adaptively change the weights of differ-
ent regions or are not conducive to capturing non-local blur.
Our method allows for handling more complex blurs and
performs favorably against other approaches.

5. Conclusion

In this paper, we propose a novel diffusion model-based
framework for learning texture priors (TP-Diff). In particu-
lar, we recover deblurred images by performing a diffusion
model to generate the spatially varying texture prior. To
achieve this, we introduce the TPE to encode texture prior of
the blurry input, and the TTformer layer to recover texture
details using the texture prior. Such a design fully exploits
the texture knowledge in unpaired sharp images and pro-
vides inspiration for other unpaired restoration tasks. Ex-
tensive experiments demonstrate that our TP-Diff outper-
forms existing SOTA methods.
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