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Abstract—Diffusion models (DMs) have recently shown re-
markable results in image deblurring, a vital task in computer
vision. Despite their progress, the existing methods suffer from
local inconsistency, leading to unrealistic reconstructed image
details. To address this challenge, we observe that high-frequency
information in the existing DMs can exaggerate and generate
unrealistic image details, leading to local inconsistency. On the
other hand, low-frequency information usually preserves the
global structure of the image, which is more conducive in
diffusion to generate realistically deblurred images. Motivated by
this observation, we propose a novel framework Diffusion in Low-
Frequency latent space (DiffLF) for image deblurring to enhance
DM’s generative capability while reducing unnatural details.
Specifically, we propose to apply DM in the low-frequency latent
space, which is naturally formed by progressively downsampling
in a U-Net architecture. Further, we realize the U-Net architecture
by proposing low-frequency latent space diffusion (LFD) blocks
and effective state space (ESS) blocks. Our method integrates
the advantages of DMs and Mamba to preserve long-sequence
characteristics while maintaining the deblurring ability. To eval-
uate our proposed method, we conduct extensive experiments
on benchmark image deblurring datasets. Experimental results
show that our proposed DiffLF outperforms the state-of-the-art
approaches.

Index Terms—Diffusion model, image deblurring, mamba, low-
frequency latent space.

I. INTRODUCTION

IMAGE deblurring is a classic task in computer vision,
which aims to restore high-quality images from blurred

ones. The blur can result from various factors such as lack
of focus, rapid target motion, or camera shake [1], [2]. This
task is particularly challenging, as in real-world scenarios only
the blurred images are available, with little knowledge of the
blur source or the clear image. Moreover, the blur kernel is
both unknown and complex.

Recently, Diffusion Models (DMs) have exhibited impres-
sive performance in various computer vision tasks [3]–[9],
including image deblurring [10]–[12]. In general, DMs consist
of the forward process and the reverse process, where the
diffusion process gradually increases the noise to the image
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until the Gaussian noise is satisfied, and the reverse process
aims to reconstruct the image through denoising from pure
white Gaussian noise [13]. Compared to other generative
models, such as generative adversarial network (GAN) [14],
[15], DMs have the capacity to generate more accurate images
without suffering from training instability or pattern collapse.

Nonetheless, when applied to image deblurring, the existing
DM-based methods [10]–[12] still suffer from local inconsis-
tency, i.e., the reconstructed images are unrealistic in local
details. The drawback of this challenge is two-folded. On the
one hand, the inherent diversity of DM may generate details
that do not exist in the original image. On the other hand,
during the restoration of blurred images, an excessive focus on
local details may introduce artifacts, leading to large distortion.

To address this challenge, we analyze how different fre-
quencies affect the denoising abilities of DMs. Figure 1
shows that high-frequency information is usually associated
with image details. Deblurring an image using a DM can
exaggerate some unrealistic details, which are also reflected in
the high-frequency information of deblurred image. The low-
frequency information in DMs embodies the global structure
and characteristics of an image, such as global layouts and
smooth color. For DMs, the low-frequency information is
more suitable for generating high-fidelity images. However,
existing DMs entangle the high-frequency information and
low-frequency information and cannot utilize the valuable
information during diffusion for image deblurring.

Based on the above motivations, we propose a novel DiffLF
framework, which performs diffusion denoising in the low-
frequency latent space, while utilizing state space models
(SSMs) at the high-resolution end to enhance long-range
dependency representation. Specifically, the multi-scale down-
sampling of U-Net naturally forms a low-frequency, compact
representation space. We propose low-frequency latent space
diffusion (LFD) blocks and adopt them in this space to
reduce the risk of amplifying high-frequency noise/artifacts
and improve global structural consistency. Furthermore, to
compensate for the semantic and long-range dependencies
before and after downsampling, we design effective state space
(ESS) blocks at the first and last layers of U-Net, efficiently
modeling the global long-sequence features by Mamba. ESS
blocks build a robust context in the encoding phase and guide
detailed reconstruction in the decoding phase. We conduct
extensive experiments on benchmark image deblurring datasets
including GoPro [17], HIDE [18], and RealBlur [19]. Experi-
mental results show that our proposed DiffLF outperforms the
state-of-the-art approaches, including both CNN/Transformer-
based methods, diffusion-based methods and recent Mamba-
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(a) Blurry image (b) Sharp image (c) Deblurred image (d) H-Freq of deblurred image

(e) Blurry image (f) Sharp image (g) Deblurred image (h) H-Freq of deblurred image

Fig. 1. The deblurring images of an existing representative DM, InDI [16]. The first row corresponds to the outlines of a car and second row corresponds
to a human hand. The high-frequency component of the image is extracted using Fourier Transform. It can be observed that high-frequency components are
likely to generate or exaggerate some unrealistic details and lead to local inconsistency due to the diffusion on irrelevant artifacts.

based methods. Ablation studies further verify the designs of
our proposed method.

The main contributions are summarized as follows:
• We propose a novel framework Diffusion in Low-

Frequency latent space (DiffLF), for generating realistic
deblurring image while minimizing abnormal details. To
the best of our knowledge, DiffLF is the first framework
to apply DM in the low-frequency latent space for image
deblurring tasks.

• We realize the framework by proposing low-frequency
latent space diffusion (LFD) blocks and effective state
space (ESS) blocks in a U-Net architecture. Our method
combines the advantages of DMs and Mamba by preserv-
ing long-sequence characteristics with maintaining the
denoising ability.

• We quantitatively and qualitatively evaluate the proposed
method on benchmark image deblurring datasets, and
show that our proposed approach performs effectively
against state-of-the-art methods.

II. RELATED WORK

Image deblurring is a longstanding problem in computer
vision with broad applications in surveillance, autonomous
driving, and multimedia analysis. It is challenging because
multiple seemingly sharp images could lead to the same blurry
observation. Some traditional methods tackle this problem by
finding an approach that satisfies proximity to particular image
and/or blur kernel prior [20]–[22]. With the rapid development
of deep learning, many neural network-based methods have
been developed. We review three most related categories:
CNN/Transformer-based methods, diffusion-based methods,
and mamba-based methods.

A. Deep CNN-based and Transformer-based Methods
With the fast development in deep learning, image de-

blurring techniques have been greatly improved. SRN-

DeblurNet [23] propose a multi-scale recurrent network to
promote the effective fusion of different scales information.
DMPHN [24] put forward a deep hierarchical multi-patch net-
work. To address large blur variations across different spatial
locations, SAPHN [25] present an efficient pixel adaptive and
feature attentive method. MPRNet [26] propose a multi-stage
architecture through feature fusion across stages. MSGSN [27]
propose a multi-scale grid network with high-frequency guid-
ance. MDADNet [28] enhances the generalization capability of
motion deblurring models in complex real-world scenarios by
constructing a multi-domain blur dataset and integrating do-
main adaptation with meta-deblurring modules. DeepRFT [29]
reveals that a simple ReLU operation on the Fourier effectively
extracts blur-kernel patterns and serves as a lightweight plug-
in block to boost existing networks.

To tackle the above issues, Transformer [30] has been
introduced into image deblurring task. Restormer [31] propose
an efficient Transformer model for handling high-resolution
images. To capture blurred patterns with varying orientations,
Stripformer [32] creates intra- and inter-strip tokens to ad-
just the weighting of image features in both horizontal and
vertical directions. Beyond spatial-domain perspective, several
works explore image deblurring from a frequency-domain.
FFTformer [33] leverages the convolution theorem to con-
vert Transformer self-attention from spatial matrix multipli-
cation to frequency-domain element-wise multiplication, sig-
nificantly reducing computational cost. LoFormer [34] further
proposes a local frequency channel self-attention mechanism
to jointly model global low-frequency structures and local
high-frequency details. In addition, hybrid CNN-Transformer
networks have also been explored. SFHRN [35] leverages a
dual-branch attention mechanism to exploit local information
in the spatial domain and global information in the fre-
quency domain, respectively, thereby addressing the complex
degradation in JPEG compressed images. RUN [36] employs
spatial self-attention at high-resolution top levels, channel self-
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attention at bottom levels with rich channels, and convolution
blocks for mid-level features. Although these methods have
achieved commendable performance, their denoising abilities
are still limited.

TABLE I
QUALITATIVE COMPARISON WITH PRIOR DIFFUSION AND

FREQUENCY-DOMAIN METHODS.

Method Type Latent/Freq Space Diffusion

HI-Diff [37] LDM VAE ✓
DiffIRS2 [12] LDM VAE ✓
DeepRFT [29] Freq-Domain Fourier ×
FFTformer [33] Freq-Domain Fourier ×
LoFormer-L [34] Freq-Domain Fourier ×
SFHRN [35] Freq-Domain Fourier ×

DiffLF (Ours) Low-Freq Latent U-Net downsampling ✓

B. Diffusion Model-based Methods

DM is a generative model that has recently made significant
progress in the fields of image deblurring. DNA [38] enhance
conditional diffusion model with a deterministic initial pre-
dictor. DiffIR [12] propose a two-stage framework, first using
the diffusion model to generate a compact prior representation,
then training the DM to estimate the same prior representation
from low-quality image. HI-Diff [37] develop the hierarchical
integration diffusion model, which introduce DM in a highly
compacted latent space for image deblurring. WaveDM [39]
accelerates DM-based method by performing the diffusion
process in the wavelet domain and employing an efficient
conditional sampling strategy. Swintormer [10] introduces a
sliding window model for defocus deblurring, leveraging a
diffusion model to generate latent prior features. Despite these
efforts, these methods still suffer from local inconsistency,
resulting in undesired generated artifacts.

To further clarify the distinction between our DiffLF and
existing latent diffusion or frequency-domain methods, Ta-
ble I provides a comparison. Unlike LDMs that operate in
a Variational Auto-Encoder(VAE) space, our low-frequency
latent space is naturally formed by U-Net downsampling. Un-
like frequency-domain methods that explicitly process Fourier
without diffusion modal, we perform diffusion in the low-
frequency space to enhance global structural consistency while
suppressing high-frequency artifacts.

C. Mamba-based Methods

Recently, SSMs [40], [41] have become an effective frame-
work because of its ability to capture long-sequence depen-
dencies with linear complexity. Mamba [42] and its improved
version, Mamba-2 [43], have been applied to visual tasks [44],
[45], demonstrating strong performance. MambaIR [45] pro-
pose an integrated channel attention and Mamba method for
image restoration, which involves scanning along four differ-
ent directions. VmambaIR [44] propose omni selective scan
mechanism, which represents the comprehensive scanning and
modeling of the input information in six directions. CU-
Mamba [46] put forward a channel and spatial state space
model block to improve the quality of the restored images.

TABLE II
NOTATIONS USED IN THIS PAPER.

Notation Description

Iblur A blurry input image
R A residual image
Î = Iblur +R A predicted deblurred image
Fs,Fe,Fl,Fd,Fr Image feature maps
x, y Sharp and blurry image features in DM
xt Intermediate degraded image features in DM
x̂t−δ The predicted deblurred image at time t− δ
t ∈ [0, 1] The time step
T The number of steps in DM
δ = 1

T
∈ (0, 1) A parameter of deblurred speed

Fθ(·; t) A network of the diffusion process
θ Parameters of the model
ϵ A learnable parameter of noise intensity
ζ A random noise

MS-Mamba [47] introduce a multi-scale SSM-based approach
to learn multi-scale representations by global and regional
SSM modules. LIEDNet [48] integrates a visual state space
module and CNN-based local feature extraction within local
Mamba Blocks, achieving efficient restoration by modeling
both global and local dependencies. However, these methods
are solely based on Mamba for image deblurring, thus unable
to take advantage of the powerful capabilities of DM in terms
of restoration and generation.

III. METHOD

In this section, we first summarize the main notations used
throughout the paper. Notations in this paper are summarized
in Table II. Then, we present the overall architecture of the
proposed DiffLF and describe the core components: the low-
frequency latent space diffusion (LFD) block and the effective
state space (ESS) block.

A. Overall architecture

As shown in Figure 2, DiffLF is designed as a three-layer
U-Net architecture. Specifically, since the first layer of the en-
coder and the last layer of the decoder retain the highest image
resolution, we adopt SSM-based ESS blocks to handle the
long-sequence features. Additionally, in the U-Net architec-
ture, low-frequency information progressively increases while
high-frequency information diminishes during downsampling,
ultimately forming a latent space predominantly composed of
low-frequency features. We apply DM-based LFD blocks to
reduce the risk of amplifying high-frequency noise/artifacts
and improve global structural consistency.

Mathematically, consider a blurry image Iblur ∈ RH×W×3,
where H × W denotes the spatial coordinates. The shallow
features Fs ∈ RH×W×C is first extracted through a 3 × 3
convolution layer, where C is the number of channels. Next,
these shallow features Fs are passed through L1 ESS blocks
to generate the feature Fe that contains the long-range depen-
dencies. Then, through the LFD block, which applies DM in
the low-frequency latent space to reconstruct realistic features
Fl. Next, we utilize the last decoder formed by the ESS
blocks to aggregate the global structure of the DM with the
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(b) Low-frequency latent space diffusion (LFD) block
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Fig. 2. An overall framework of DiffLF. (a) DiffLF is realized as a U-Net architecture composing of LFD block and ESS blocks for image deblurring. It
preserves the long-sequence characteristics of SSMs and the denoising ability of DMs. (b) LFD block applies the diffusion model in the low-frequency latent
space. (c) ESS block comprises three primary components: a rotation block, the Mamba-2 to extract long-sequence features, and the Gated-Dconv feed-forward
network (GDFN) [31] with a gating mechanism.

high-frequency texture features preserved in the first encoder
through skip connection. This ensures that fine-grained details,
which are not explicitly processed by the DM, are accurately
integrated into the deep feature Fd. To further refine deep fea-
tures Fd, another set of Lr ESS blocks compose a refinement
module to obtain feature Fr. Finally, a 3 × 3 convolution is
applied to the refined feature Fr to generate the residual image
R ∈ RH×W×3. The residual image and the blurry image are
added together to obtain the reconstructed image: Î = Iblur+R.
This residual learning strategy allows the network to focus on
modeling the high-frequency degradations and textures while
preserving the structural foundations of the input. By learning
the difference between the blurry and sharp image rather
than reconstructing the entire image, we improve optimization
stability and accelerate convergence.The reconstructed image
is compared with the ground-truth clear image to calculate loss
function and update the model parameters.

B. Latent Space Diffusion Block

In this section, we first define the low-frequency latent
space and elaborate on the latent space diffusion block of our
method.

The shallow feature Fs ∈ RH×W×C are extracted from
the blurry input Iblur. Our U-Net encoder applies two down-
sampling operations, producing features at three scales. After
the first downsampling, we obtain Fe ∈ RH

2 ×W
2 ×C1 and after

the second downsampling we obtain Fe2 ∈ RH
4 ×W

4 ×C2 . We
define the low-frequency latent space as the set of features
{Fe,Fe2}, where progressive downsampling has naturally
suppressed high-frequency components.

The existing DMs for image deblurring task [10], [12],
[37], [38], [49] suffer from local inconsistency because all
spectral information is entangled together. Inspired by [50]
and our preliminary observations in Figure 1, high-frequency
information is related to image details and when deblurring
through the DM, it may result in the generation or exaggeration
of unrealistic artifacts. On the other hand, low-frequency
components capture the core global elements that define the
essence and overall representation of an image. Therefore, we
aim to conduct DM in low-frequency latent space to generate
more realistic and sharper images. This strategy allows the
model to prioritize global structural integrity while effectively
suppressing the risk of high-frequency information amplifi-
cation, ultimately leading to more realistic and perceptually
faithful images.

Specifically, we restore blurred images in the latent space.
Denote the representation of a sharp image as x and the
blurry image as y. In our method, the representation is
the extracted feature, i.e., Fe. Given (x,y) ∼ p(x,y), we
follow InDI [16], a state-of-the-art DM. The constant forward
degradation process is defined as follows:

xt = (1− t)x+ ty + tϵn, t ∈ [0, 1], (1)

where xt denotes an intermediate degraded image at time t.
The whole degradation process starts from a clear sharp image
and gradually adds blur and the Gaussian noise to get a blurry
image. ϵ is a parameter to control the strength of noise and
n ∼ N (0, dI) is the noise, where N represents the Gaussian
distribution. ϵ is set as a pre-defined constant (e.g., 0.01)
in [16]. However, we find that noise should also be moderate
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and excessive diversity can result in local inconsistencies in
image deblurring. Therefore, we set ϵ as a learnable parameter
of the model.

In the reverse process, our goal is to gradually reduce the
blur in the image through multiple iterations, eventually ob-
taining a clear image. Starting from the input degenerate image
(when t = 1), the optimal reconstruction is generated at time
t− δ, where δ = 1

T , and T denotes the total number of steps.
This optimal reconstruction x̂t−δ can be estimated by calcu-
lating the short-time conditional mean x̂t−δ = E [xt−δ | x̂t].
Though change of variables, the reconstruction process can be
derived as InDI [16]:

x̂t−δ = E [xt−δ | x̂t]

=
δ

t
E [x0 | x̂t] +

(
1− δ

t

)
x̂t + (t− δ)

√
ϵ2t−δ − ϵ2tζ,

(2)

where a new noise ζ ∼ N (0, dI) is sampled at each step and
incorporated into the current state.

Training DM means training a network Fθ(·; t) to learn the
mapping from intermediate degraded images to original high-
quality images. To capture the global information about the im-
age, we construct a network utilizing the Transformer blocks
of Restormer [31]. The Transformer blocks operate on the
feature dimension rather than the spatial dimension, thereby
achieving linear computational complexity. The training goal
is to optimize θ by minimizing the expected pixel error

min
θ

Ex,y∼p(x,y)Et∼p(t)En∼N (0,dI) ∥Fθ (xt; t)− x∥p , (3)

where p(t) represents a predetermined distribution for t. As a
result, Eq. (2) can be rewritten as

x̂t−δ =
δ

t
Fθ (x̂t; t) +

(
1− δ

t

)
x̂t + (t− δ)

√
ϵ2t−δ − ϵ2tζ. (4)

During inference, random noise ζ conforming to the stan-
dard normal distribution is generated. Then, by iterating T
times according to Eq. (4), a clearer feature Fl is reconstructed.

C. Effective State Space Block

In this section, we introduce our effective state space (ESS)
block, which is a novel modification of Mamba. First, we
briefly review the basics of Mamba, and then present our
modifications.

Mamba-2 [43] is an improved method of Mamba that
applies matrix multiplication based on block decomposition.
These models build upon the structured state space sequence
models (S4), which is inspired by a particular continuous
system. The model maps 1-dimension input sequence x(t) to
output sequence y(t) through the hidden state h(t), as follows:

h′(t) =Ah(t) +Bx(t),

y(t) =Ch(t),
(5)

where A ∈ RN×N , B ∈ RN×1, C ∈ R1×N , and N denotes
the state size. The continuous parameters A, B, C can be
transformed into discrete parameters A, B, C by employing
the zero-order hold (ZOH) with step size ∆:

A =exp(∆A),

B =(∆A)−1(exp(A)− I ·∆B),

C =C.

(6)

Algorithm 1 The Inference Procedure of DiffLF
Input: Blurry images Iblur, Parameters ϵ, δ, and Trained Blocks
in DiffLF
Output: Deblurred images Î.

1: Calculate Fe = ESS(Conv(Iblur))
/* Reverse Process of DM */

2: Sample n ∼ N (0, dI)
3: Calculate x1 = Fe + ϵn
4: for t = 1 to 0 with step δ = 1

T do
5: Sample ζ ∼ N (0, dI)
6: Calculate x̂t−δ using Eq. 4
7: end for
8: Set Fl = x̂0

9: Calculate Î using Eq. 12 and Eq. 13

Therefore, the discrete form of models is formulated as:

ht =Aht−1 +Bxt,

yt =Cht.
(7)

Based on Eq. 6, selective state space models changes the
parameters (A, B, C) to be time-varying:

ht =Atht−1 +Btxt,

yt =Ctht,
(8)

where xt denotes the input at time step t, yt is the output,
and At,Bt,Ct are learnable parameters, The expression ht

for an arbitrary moment t can be obtained as follows:

ht =

t∑
s=0

At:sBsxs, (9)

where At:s denotes the product of matrices from At to As.
yt can be obtained by multiplying Ct:

yt =

t∑
s=0

CtAt:sBsxs. (10)

Vectorizing over the entire time sequence and applying math-
ematical induction, the matrix transformation form of Eq. 7
can be derived as:

y =SSM(x) = Mx,

Mji :=CjAj · · ·Ai+1Bi,
(11)

where M is a matrix with Mji representing the mapping
relationship from the i-th element of the input vector x to
the j-th element of the output vector y.

Nevertheless, Mamba-2 still suffers from flattening the in-
put, which transforms the image into a 1-dimensional sequence
that disregards the inherent spatial position information of the
image. In image deblurring task, the restoration of a single
pixel usually depends on the neighborhood information of the
pixel. Some methods, such as Vision Mamba [51], are pro-
posed to scan simultaneously from four corners of the feature
map to retain the spatial information, but they are usually
computation intensive and introduce channel redundancy.

To alleviate the above problems, we propose ESS blocks.
The design of ESS blocks is motivated by the need to capture
global context even for high-frequency information, which



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, OCTOBER 2025 6

TABLE III
QUANTITATIVE COMPARISONS ON THREE IMAGE DEBLURRING DATASET, INCLUDING GOPRO [17], HIDE [18], AND REALBLUR [19]. THIS TABLE

REPORTS DISTORTION-BASED METRICS, INCLUDING PSNR AND SSIM. PSNR IS MEASURED IN DECIBELS (DB). #PARAM. STANDS FOR THE NUMBER
OF PARAMETERS (IN MILLIONS). “-” INDICATES THE RESULTS ARE NOT REPORTED IN THE ORIGINAL PAPER. THE BEST RESULTS ARE IN BOLD.

Type Method Year GoPro HIDE RealBlur-R RealBlur-J #Param.
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

GAN Method DeblurGAN-v2 [52] CVPR2019 29.55 0.934 26.61 0.875 35.26 0.944 28.70 0.866 60.9
DBGAN [53] CVPR2020 31.20 0.940 28.94 0.915 33.78 0.909 - - 11.6

CNN Method

SRN [23] CVPR2018 30.26 0.934 28.36 0.904 35.66 0.947 28.56 0.867 6.8
DMPHN [24] CVPR2019 31.20 0.945 29.09 0.924 35.70 0.948 28.42 0.860 21.7
SAPHN [25] CVPR2020 31.85 0.948 29.98 0.930 - - - - 23.0

MIMO-Unet+ [54] ICCV2021 32.45 0.957 29.99 0.930 35.54 0.947 27.63 0.837 16.1
MPRNet [26] CVPR2021 32.66 0.959 30.96 0.940 35.99 0.952 28.70 0.87 20.1
NAFNet [55] ECCV2022 33.71 0.967 31.31 0.943 35.97 0.951 28.32 0.857 67.9

Transformer Method

Restormer [31] CVPR2022 32.92 0.961 31.22 0.942 36.19 0.957 28.96 0.879 26.1
Stripformer [32] ECCV2022 33.08 0.962 31.03 0.940 36.08 0.954 28.82 0.876 19.7

Restormer-local [56] ECCV2022 33.57 0.966 31.49 0.945 36.14 0.956 28.86 0.876 26.1
FFTformer [33] CVPR2023 34.21 0.969 31.62 0.946 35.87 0.953 27.75 0.853 16.6
DDANet [57] AAAI2023 33.07 0.962 30.64 0.937 35.81 0.951 - - 16.2

LoFormer-L [34] ACM MM2024 34.09 0.969 31.86 0.949 - - - - 49.0

Mamba Method CU-Mamba [46] IEEE-MIPR2024 33.53 0.965 31.47 0.944 - - - - 19.7
XYScanNet [58] CVPR2025 33.91 0.968 31.74 0.947 - - - - 7.3

DM Method

DNA [38] CVPR2022 33.23 0.963 30.07 0.928 - - - - -
DiffIRS2 [12] ICCV2023 33.20 0.963 31.55 0.947 - - - - 26.9
HI-Diff [37] NeurIPS2023 33.33 0.964 31.46 0.945 36.28 0.958 29.15 0.890 28.5

Swintormer [10] ArXiv2024 33.38 0.965 - - - - - - 154.9

Ours DiffLF - 34.29 0.970 32.07 0.950 36.30 0.958 29.19 0.890 16.5

typically require long-range dependencies to maintain struc-
tural coherence. Unlike previous multi-directional scanning
methods that incur prohibitive costs, our ESS block achieves
this efficiently.Specifically, as depicted in Figure 2(c), we
utilize the rotation block to geometrically transform the input
without scanning in multiple directions, and then capture and
establish the spatial relationship through convolution, thereby
preserving the spatial information of the image. This design
allows the model to capture multi-orientation dependencies
without the prohibitive cost of parallel scanning branches. The
input to the ESS block first passes through a normalization
layer, followed by a rotation block. The rotation block applies
flipping or transformation operations to the input features.
After passing through four rotation blocks, the features are
effectively scanned at four different orientations, facilitating
comprehensive spatial modeling. For odd-numbered blocks,
a flip transformation is applied, while even-numbered blocks
utilize a transpose transformation. If the total number of ESS
blocks is not a multiple of four, an inverse transformation
is applied in the end to restore the original spatial structure.
After the rotation block, an 1 × 1 convolution and a depth-
wise convolution are added to enhance the spatial features,
which further alleviate the shortcomings of flattening. The
whole process can be formulated as:

XRB = RB(LN(Xinput)),

Xmamba = Mamba-2(fdwc
3×3(f

c
1×1(XRB))) +XRB,

(12)

where LN(·) denotes a normalization layer, RN(·) denotes a
rotation block, f c

1×1(·) denotes a convolution with filter size
of 1× 1 pixel, and fdwc

3×3(·) denotes a depth-wise convolution
layer with the filter size of 3× 3 pixel.

After the Mamba module, a feed-forward network is usu-
ally adopted to further refine the representation. However,
uniformly processing all input features cannot screen and
enhance critical features. To tackle this issue, we follow
Restormer [31] and adopt gated-Dconv feed-forward network
(GDFN) to incorporate an gating mechanism and depth-wise
convolution. The gating mechanism allows selective informa-
tion transmission by combining two parallel linear transforma-
tion pathways through element-wise multiplication, with one
pathway incorporating the GELU non-linear activation [59].
Moreover, depth-wise convolution efficiently encode spatial
information, allowing for the extraction and representation of
features at a finer granularity. This can be formulated as:

X1,X2 = fdwc
3×3(f

c
1×1(LN(Xmamba))),

Xoutput = f1×1(GELU(X1 ⊙X2)),
(13)

where ⊙ denotes the element-wise multiplication and
GELU(·) denotes the GELU activation function [59]. This
combination leads to more effective and computationally effi-
cient feature processing.

The inference procedure of our proposed DiffLF is summa-
rized in Algorithm 1.

IV. EXPERIMENTS RESULTS

In this section, we evaluate our method by comparing it
with state-of-the-art methods on benchmark datasets. We first
introduce the experimental settings. Then, we present the
results and some additional analyses.

A. Experimental Settings
1) Datasets: Following the setup in previous works [31],

[33], we evaluate our method on three image deblurring bench-
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TABLE IV
QUANTITATIVE COMPARISONS ON THREE IMAGE DEBLURRING DATASET, INCLUDING GOPRO [17], HIDE [18], AND REALBLUR [19]. THIS TABLE

REPORTS PERCEPTUAL METRICS, INCLUDING LPIPS AND NIQE. #PARAM. STANDS FOR THE NUMBER OF PARAMETERS (IN MILLIONS). “-”
INDICATES THE RESULTS ARE NOT REPORTED. THE BEST RESULTS ARE IN BOLD.

Type Method Year GoPro HIDE RealBlur-R RealBlur-J #Param.
NIQE LPIPS NIQE LPIPS NIQE LPIPS NIQE LPIPS

GAN Method DeblurGAN-v2 [52] CVPR2019 3.68 0.117 2.96 0.159 - - - - 60.9
DBGAN [53] CVPR2020 4.06 0.110 - - - - - - 11.6

CNN Method
MIMO-Unet+ [54] ICCV2021 4.03 0.091 3.24 0.124 - - - - 16.1

MPRNet [26] CVPR2021 4.09 0.089 3.46 0.114 - - - - 20.1
NAFNet [55] ECCV2022 4.07 0.078 3.22 0.103 5.36 0.064 3.77 0.159 67.9

Transformer Method

Restormer [31] CVPR2022 4.11 0.084 3.41 0.108 5.23 0.058 3.92 0.146 26.1
Restormer-local [56] ECCV2022 4.08 0.081 3.42 0.105 - - - - 26.1

FFTformer [33] CVPR2023 4.05 0.071 3.29 0.096 5.24 0.066 3.90 0.181 16.6
DDANet [57] AAAI2023 4.07 0.084 - - - - - - 16.2

LoFormer-L [34] ACM MM2024 4.05 0.074 3.30 0.093 - - - - 49.0

Mamba Method XYScanNet [58] CVPR2025 4.06 0.091 3.41 0.122 - - - - 7.3

DM Method DNA [38] CVPR2022 4.07 0.078 2.93 0.092 - - - - -
HI-Diff [37] NeurIPS2023 4.12 0.080 3.38 0.106 5.32 0.057 3.96 0.136 28.5

Ours DiffLF - 4.09 0.073 3.35 0.098 5.11 0.053 3.85 0.131 16.5

marks, including the GoPro dataset [17], HIDE dataset [18],
and RealBlur dataset [19]. GoPro contains 2,103 blurry/sharp
image pairs for training and 1,111 image pairs for testing.
HIDE contains 2,025 image pairs, and RealBlur consists of
two sub-datasets, the RealBLur-R and the RealBLur-J dataset.
The test sets for both datasets contain 980 image pairs.
Note that for HIDE and RealBlur, we follow the protocols
of existing methods and directly apply the model trained
on the GoPro dataset for testing. The restored images are
evaluated using distortion-based metrics, including the peak
signal-to-noise ratio (PSNR) and structural similarity (SSIM).
In addition, we expand our quantitative comparisons to per-
ceptual metrics such as LPIPS [60] and NIQE [61] to eval-
uate perceptual quality and naturalness. For distortion-based
metrics, higher values indicate better reconstruction fidelity,
while for perceptual metrics, lower scores correspond to higher
perceptual quality and more natural visual appearance.For fair
comparison, FLOPs are calculated according to the official
implementation, with the input size set to 256× 256.

2) Baselines: We compare our method with five groups of
baselines, which cover the mainstream state-of-the-art image
deblurring methods.

• GAN methods: DeblurGAN-v2 [52], DBGAN [53];
• CNN-based methods: SRN [23], DMPHN [24],

SAPHN [25], MIMO-Unet+ [54], MPRNet [26],
NAFNet [55] ;

• Transformer-based methods: Restormer [31], Strip-
former [32], Restormer-local [56], FFTformer [33],
DDANet [57], LoFormer-L [34];

• Mamba methods: CU-Mamba [46], XYScanNet [58];
• DM-based methods: DNA [38], DiffIRS2 [12], HI-

Diff [37], Swintormer [10].
3) Implementation Details: In our model, the number of

ESS blocks is L1 = 6 and the number of Transformer blocks in
LFD blocks is L2 = 6 and L3 = 12. The number of refinement
block is Lr = 4. The channel number of shallow feature is
C = 48. In training the DM, the number of steps T is set

to 6. We train models with AdamW optimizer (β1 = 0.9, β2

= 0.999, weight decay = 1e−4) for 500,000 iterations. The
initial value of the learning rate is 2e−4 gradually reduced
to 1e−6 with the cosine annealing schedule [62]. Following
previous work [12], [31], we adopt a progressive learning and
start training with patch size 128 × 128 and batch size 64.
The patch size and batch size pairs are updated to [(1602, 40),
(2562, 16)] at iterations [120K, 115K, 165K]. It is worth noting
that DiffLF is a fully convolutional architecture that is agnostic
to input resolution. Our method is implemented with PyTorch
and all experiments are performed on NVIDIA Tesla V100
GPUs.

Additional results and anlysis, including failure cases anal-
ysis, complexity analysis and generalisability to other degra-
dations are provided in the Appendix.

B. Comparisons with state-of-the-art Methods

To comprehensively evaluate the proposed DiffLF method,
we compared it with the state-of-the-art (SOTA) on three pub-
lic datasets. Quantitative results are measured using distortion-
based metrics, such as PSNR and SSIM. In addition, we
present qualitative visual comparisons, more visual compar-
isons in Appendix.

1) Evaluations on the GoPro dataset: The quantitative
results are shown in Table III, our method obtains the highest
PSNR and SSIM values on the GoPro dataset, showing that
it has outstanding deblurring abilities. Compared with the
state-of-the-art Transformer-based method, FFTformer [33],
our method achieves 0.08 dB PSNR performance improvement
while maintaining a similar number of model parameters.
Compared with advanced CNN-based methods [55], our ap-
proach achieves superior performance with fewer parameters.
In addition, compared to the DM-based methods, our model
provides a substantial gain of 0.91 dB PSNR. We attribute the
clear effectiveness of our proposed method to the advantage
of combining SSM methods and DM methods.
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Fig. 3. Visual deblurring results on the GoPro dataset [17]. Compared to other methods, our proposed approach achieves the highest PSNR on this image.
Additionally, the recovered image exhibits clearer car contours and is almost free of artifacts.
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Fig. 4. Visual deblurring results on the HIDE dataset [18]. Other methods are incapable to fully restore the details of the face and glasses well. In contrast,
our proposed method recovers images with finer details of the face and glasses.

Beyond distortion-based metrics, we further assess percep-
tual quality using LPIPS [60] and NIQE [61]. As shown in
Table IV, our method achieves the second-best LPIPS score
on the GoPro dataset. It is important to note that the percep-
tion–distortion tradeoff [63] establishes a fundamental limit,
which no image restoration algorithm can simultaneously
achieve minimal distortion and perfect perceptual quality. In
the perception–distortion plane, there exists an unattainable re-
gion. As a method approaches this boundary, any improvement
in perceptual quality inevitably leads to increased distortion,
and vice versa. Consequently, algorithms optimized for pixel-
level losses typically achieve higher fidelity at the expense of
perceptual realism, while those emphasizing perceptual met-
rics generate more visually compelling results with reduced
fidelity.

Figure 3 illustrates the visual comparison between the
proposed method and baselines on the GoPro dataset. From the
comparative images, it can be observed that most competing
methods exhibit noticeable artifacts or retain noticeable blur,
particularly performing poorly in detail restoration. Taking the
DM-based method HI-Diff [37] as an example, it demonstrates
unsatisfactory recovery of structural details such as car con-
tours, with noticeably blurred edges. In contrast, our method
consistently excels in restoring fine details, producing visual
results comparable to the sharp reference images.

2) Evaluations on the HIDE dataset: We further evaluate
the generalization capability of our method on the HIDE
dataset [18], which contains challenging human-aware motion
blur. The quantitative comparisons are shown in Table III. Our

method achieves the best performance in terms of both PSNR
and SSIM, outperforming all competing approaches. Specif-
ically, our model surpasses the recent Mamba-based method
XYScanNet [58] by 0.33 dB in PSNR, while also exceeding
DM-based and CNN-based models by a clear margin. These
results confirm the strong cross-dataset generalization ability
of our method, particularly in handling complex, human-
centric blur scenarios that are prevalent in real-world imagery.
In terms of perceptual quality, our method also performs
favorably on the HIDE dataset [18], achieving competitive
LPIPS and NIQE scores as reported in Table IV. This indicates
that our approach maintains a good balance between distortion
reduction and visual realism, even under more diverse and
challenging blur conditions.

The visualization results of Figure 4 show that our proposed
method can obtain a relatively high PSNR value. Our approach
successfully reconstructs facial regions and eyeglass frames
with sharper edges and more authentic textures, whereas other
methods fail to recover clearly defined eyeglass structures.
The ability to faithfully restore such fine facial features and
structural elements underscores the practical value of our
method in real-world portrait and video applications.

3) Evaluations on the RealBlur dataset: We also conducted
an evaluation of our approach using the RealBlur dataset [19],
which is a real-world dataset. In accordance with the protocol
adopted by existing methods [31], we directly tested the model
trained with the GoPro dataset on the RealBlur dataset. As
summarized in Table III, our method achieves competitive
performance on both the RealBlur-J and RealBlur-R sub-
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TABLE V
ABLATION STUDIES OF THE PROPOSED METHOD ON THE GOPRO

DATASET. #PARAM. DENOTES THE NUMBER OF PARAMETERS (MILLIONS).

Method LFD ESS PSNR SSIM #Param.

DiffLF (Ours) ✓ ✓ 33.91 0.9670 7.35
w/o LFD × ✓ 33.25 0.9633 7.30
w/o ESS ✓ × 33.82 0.9669 6.94
w/o ESS & LFD × × 32.85 0.9606 6.89

datasets. Notably, our approach attains a PSNR of 36.30 dB on
RealBlur-R and 29.19 dB on RealBlur-J, outperforming sev-
eral recent state-of-the-art methods including Restormer [31]
and HI-Diff [37]. This demonstrates the strong cross-domain
generalization capability of our method, particularly given
that it was trained solely on synthetic blur data from GoPro.
The consistent performance gap across different types of real-
world blur patterns indicates that our approach learns robust
deblurring representations that transfer effectively to practical
scenarios. We also present the visualization result in Appendix.

Table IV present perceptual metrics for the RealBlur dataset.
On the RealBlur-R dataset, our proposed method achieves
the best perceptual quality evaluation results, with an LPIPS
value of 0.053 and an NIQE value of 5.11. The LPIPS score
is the lowest among all compared methods, indicating that
our model performs best in restoring realistic appearance and
visual fidelity, with outputs that are perceptually closest to the
sharp reference images. On the RealBlur-J dataset, our method
also demonstrates strong competitiveness, attaining the best
LPIPS score of 0.131. This shows that our approach yields
superior visual perceptual quality on JPEG-compressed real-
world blurry images. Although our NIQE value is slightly
higher than that of NAFNet, when considered together with
the LPIPS metric, our method achieves state-of-the-art perfor-
mance in perceptual similarity.

C. Ablation Studies

In order to validate the effectiveness of out proposed LFD
blocks and ESS blocks, we perform ablation experiments on
the GoPro dataset. For fair comparisons, the experimental set-
tings are kept the same, with a three-layer U-Net architecture
and the number of blocks is [3, 4, 4]. The quantitative results
are shown in Table V. We also conducted ablation experiments
about the LFD and ESS block in Appendix.

1) Effectiveness of the LFD block: The quantitative results
show that LFD blocks are able to bring a considerable im-
provement in performance to our method, basically having a
gain of 1 dB PSNR over the base model (w/o ESS block
& LFD block, i.e., the last row). Meanwhile, the model
parameters increases only slightly by 0.05M parameters, in-
dicating that the introduction of diffusion modeling in the
low-frequency latent space effectively enhances deblurring
capability while maintaining parameter efficiency. We argue
that the LFD blocks enable the model to focus on recon-
structing dominant structural components that reside in the
low-frequency information, which stabilizes the optimization
process and suppresses overfitting to high-frequency noise. As

a result, it helps restore more consistent global details and
improves the overall visual fidelity of the deblurred images.

2) Effectiveness of the ESS block: To examine the advan-
tage of our proposed ESS block, we compare it with the base
model (w/o ESS block & LFD block). As can be seen, using
the ESS block increases the performance from 32.85 dB to
33.25 dB. This demonstrates the effectiveness of the ESS block
in capturing long-sequence features and cross-layer contextual
information. By modeling the sequential evolution of feature
states, ESS block provides richer spatial representations that
help to recover fine image textures and local structures.

In short, both the LFD blocks and ESS blocks contribute
complementary improvements to our method. The LFD block
enhances global consistency and low-frequency reconstruction,
while the ESS block refines local structural details. Their
combination achieves the highest PSNR and SSIM with only
a marginal increase in model parameter, verifying that our
method attains an excellent balance between restoration qual-
ity and parameter efficiency.

V. CONCLUSION

In this paper, we present a new framework Diffusion in
Low-Frequency latent space (DiffLF) for image deblurring,
which applies diffusion models in the low-frequency latent
space to enhance image deblurring performance. Specifically,
we realize the framework by proposing low-frenquency latent
space diffusion (LFD) blocks and effective state space (ESS)
blocks and combine them in a U-Net architecture, which can
leverage the strengths of both SSMs and DMs. Extensive
experiments on three benchmark datasets demonstrate that
DiffLF outperforms existing state-of-the-art methods. In future
work, we aim to extend our method to more image restoration
tasks, such as image super-resolution, image denosing, image
deraining, image dehazing, and other multimedia applications,
such as multimedia content retrieval and social media analysis.
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