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Abstract

Event cameras, which capture pixel-level brightness changes
asynchronously, provide rich motion information that is of-
ten missed during traditional frame-based camera exposures,
thereby offering fresh perspectives for motion deblurring. Al-
though current approaches incorporate event intensity, they
neglect essential spatial motion information. Unlike their
CNN architectures, Transformers excel in modeling long-
range dependencies but struggle with establishing relevant
non-local connections in sparse events and fail to highlight
significant interactions in dense images. To address these lim-
itations, we introduce a Motion-Adaptive Transformer net-
work (MAT) that utilizes spatial motion information to forge
robust global connections. The core design is an Adaptive
Motion Mask Predictor (AMMP) that identifies key motion
regions, guiding the Motion-Sparse Attention (MSA) to elim-
inate irrelevant event tokens and enabling the Motion-Aware
Attention (MAA) to focus on relevant ones, thereby en-
hancing long-range dependency modeling. Additionally, we
elaborately design a Cross-Modal Intensity Gating mecha-
nism that efficiently merges intensity data across modalities
while minimizing parameter use. The learnable Expansion-
Controlled Spatial Gating further optimizes the transmission
of event features. Comprehensive testing confirms that our
approach sets a new benchmark in image deblurring, surpass-
ing previous methods by up to 0.60dB on the GoPro dataset,
1.04dB on the HS-ERGB dataset, and achieving an average
improvement of 0.52dB across two real-world datasets.

Code — https://github.com/QUEAHREN/MAT

Introduction

Motion blur commonly arises from the relative motion be-
tween the camera and the scene during the exposure time of
frame-based cameras. Image deblurring, a complex inverse
problem, seeks to restore a sharp image from its blurred
counterpart. Recent strides in deep learning have markedly
enhanced traditional image deblurring techniques, as evi-
denced by various studies (Chen et al. 2021; Cho et al. 2021;
Chen et al. 2022; Zamir et al. 2022; Li et al. 2022; Kong
etal. 2023; Peng et al. 2024; Liu et al. 2024). Unlike conven-
tional cameras, which fail to capture motion details during
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exposure, event cameras record per-pixel intensity changes
asynchronously at microsecond precision. This high tempo-
ral resolution and rich motion data have proven invaluable in
augmenting traditional deblurring methods, as demonstrated
in several research efforts (Maqueda et al. 2018; Wang et al.
2019; Pan et al. 2019; Cao et al. 2022, 2023).

Recent studies on event-based deblurring, such as those
by (Sun et al. 2022; Yang et al. 2023; Sun et al. 2025), treat
events as a distinct modality and use dual-branch encoders
to extract features from both events and images, followed by
various cross-modal fusion techniques. While these meth-
ods mark significant progress, they still face challenges that
limit their effectiveness in diverse and complex real-world
situations. Typically, these approaches focus predominantly
on the intensity information from events, neglecting the vital
spatial information that pinpoints motion areas. This spatial
motion information, which directly correlates with blur re-
gions, has been exploited in certain conventional deblurring
methods to improve deblurring quality (Zhang, Xie, and Yao
2024; Kim et al. 2024). Furthermore, the reliance on CNN
architectures restricts their ability to utilize global features.

Unlike the convolution operation, Transformers are adept
at capturing non-local information (Vaswani et al. 2017) and
have been extensively utilized in various image restoration
tasks (Xiao et al. 2022a, 2024; Chen et al. 2023; Zhou et al.
2024), including deblurring (Zamir et al. 2022; Wang et al.
2022; Kong et al. 2023). While standard Transformer ar-
chitectures excel at modeling global relationships between
queries and keys, aiding in feature aggregation in image de-
blurring, the high-density visual information presents a chal-
lenge where the attention mechanism struggles to concen-
trate on the most relevant tokens without spatial guidance.
Additionally, when dealing with events, we note that due to
their inherent sparsity, many tokens from the key are irrel-
evant to those from the query, especially in scenarios with
limited relative movement. In these cases, the standard at-
tention mechanism compromises the quality of latent repre-
sentations during feature aggregation due to its inability to
discern relevant interactions. These limitations highlight the
necessity for more tailored attention strategies that can man-
age the unique aspects of sparse events and dense images.

In this paper, we introduce a new Motion-Adaptive Trans-
former (MAT) tailored for event-based image deblurring. At
the core of our architecture lies the Adaptive Motion Mask



Predictor (AMMP), which extracts masks that capture rel-
ative movement from event features, thereby guiding spa-
tial attention mechanisms. Specifically, during the encod-
ing stage for events, we implement an Expansion-Controlled
Spatial Gating to regulate information flow and enhance gra-
dient propagation through AMMP during backpropagation,
making AMMP trainable. Subsequently, Motion-Sparse At-
tention leverages the mask from AMMP to filter out irrel-
evant tokens. For images, we employ a straightforward yet
efficacious Cross-Modal Intensity Gating to amalgamate in-
tensity data. Motion-Aware Attention then uses the mask to
bolster interactions among tokens linked to motion dynam-
ics.

The contributions of this work are summarized as follows:

- We present MAT, a motion-adaptive Transformer frame-
work for event-based image deblurring that utilizes both
intensity and spatial information from events to establish
robust non-local dependencies.

- We develop an adaptive motion mask predictor that
discerns motion-related information, providing essen-
tial spatial guidance for both motion-sparse and motion-
aware attention mechanisms tailored to events and im-
ages.

- We introduce simple yet effective cross-modal intensity
gating and expansion-controlled spatial gating, which to-
gether manage the flow of event feature transmission and
render AMMP trainable.

Our experimental results demonstrate that our method
achieves state-of-the-art performance across various bench-
marks. It surpasses previous studies (Sun et al. 2025) with
improvements of up to 0.60dB on the GoPro dataset and
1.04dB on the HS-ERGB dataset, achieving an average en-
hancement of 0.52dB across two real-world datasets.

Related Work
Event-based Image Deblurring

Event cameras can asynchronously record per-pixel inten-
sity changes with low latency, providing crucial motion in-
formation in some image restoration tasks (Ge, Fu, and Zha
2022; Ge et al. 2024; Xu et al. 2024), particularly in de-
blurring (Wang et al. 2020; Xu et al. 2021; Cao et al. 2022,
2023; Zhang and Yu 2022; Kim et al. 2022; Kim, Cho,
and Yoon 2025). Early methods such as (Pan et al. 2019;
Zhang and Yu 2022) utilize the Double Integral model to
establish a correlation between a sharp and a blurry image.
In recent research (Sun et al. 2022; Yang et al. 2023; Sun
et al. 2025), events have typically been considered a new
modal to explore effective fusion and alignment methods.
EFNet (Sun et al. 2022) proposes a symmetric cumulative
event representation (SCER) and first introduces cross at-
tention to better fuse intensity information of events and an
image. EIFNet (Yang et al. 2023) employs modality-aware
decomposition and recomposition to utilize shared and spe-
cific features among each modal. MAENet (Sun et al. 2025)
proposes a deviation accumulation representation (DA) and
aligns event and image features for improved fusion. How-
ever, these approaches overlook the crucial spatial informa-
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tion that indicates motion regions, and the foundational de-
sign of these approaches, which is based on CNN architec-
tures, inherently limits their ability to aggregate global in-
formation.

Vision Transformers

Transformers (Vaswani et al. 2017; Dosovitskiy et al. 2020;
Liu et al. 2021) have been widely applied to image restora-
tion (Liang et al. 2021; Xiao et al. 2022b,a, 2024; Chen
et al. 2023) and achieve better performance than CNN-
based methods due to its ability to model long-range depen-
dencies. For the field of image deblurring, Uformer (Wang
et al. 2022) calculates self-attention in a locally window-
based way to reduce complexity. Restormer (Zamir et al.
2022) proposes an efficient way of computing the transposed
attention to obtain global information aggregation. FFT-
Former (Kong et al. 2023) develops a frequency domain-
based self-attention to estimate the scaled dot-product atten-
tion by an element-wise product operation. However, these
methods compromise the quality of latent representations
during feature aggregation due to their inability to discrim-
inate relevant interactions among tokens, thereby limiting
their performance.

Methodology
Overall Framework

Our proposed Motion-Adaptive Transformer (MAT) is de-
signed to handle event-based deblurring by dynamically
adapting to the motion information of event streams.
As shown in Figure 1 (a), MAT consists of Adaptive
Motion Mask Predictor (AMMP), Motion-Sparse Event
Block (MSEB), and Motion-Aware Image Block (MAIB).
Specifically, MSEB combines Expansion-Controlled Spa-
tial Gating (ECSG) with Motion-Sparse Attention (MSA),
and MAIB integrates Cross-Modal Intensity Gating (CMIG)
with Motion-Aware Attention (MAA).

The encoding stage has two parallel branches with identi-
cal hierarchical designs. Each layer in this stage is equipped
with an AMMP, which guides MSA and MAA at the same
layer by predicting motion masks M. We initialize the mask
M to an all-one matrix and progressively update it, adapting
dynamically to capture motion-relevant regions. In detail, at
the same layer of the encoding stage, there are N, MSEBs
and Ny MAIBs, which respectively take event feature F;*™
and image feature F;"** as inputs, where i € [0, N.—1],j €
[0, Ny — 1]. The feature propagation can be formulated as:

M, 1,S:41 = AMMP(F;™ M),

F& = MSEB, 41 (F§™, M 1,S:11), (1)
Fnjrrrzfe — MAIBj+1(Fi]¥“age7 F%:nl7 My, ),

where the S; is the spatial score map estimated by AMMP.
See Supplementary Materials for a detailed visualization of
mask evolution. In the decoding stage, each layer consists of
Transformer blocks proposed by (Zamir et al. 2022) and an
upsampling layer. We detail each module in the following
section.
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Figure 1: The overall architecture of the proposed motion-adaptive Transformer (MAT) for event-based deblurring, which
mainly contains adaptive motion mask predictor (AMMP), expansion-controlled spatial gating (ECSG), motion-sparse attention
(MSA), cross-modal intensity gating (CMIG), and motion-aware attention (MAA). LN refers to the layer normalization. Note
that the layer normalization and feed-forward layer have been omitted for simplicity.

Adaptive Motion Mask Predictor

As illustrated in Figure 1 (b), Adaptive Motion Mask Pre-
dictor (AMMP) is designed to obtain a mask that indicates
motion regions from event features and a spatial score map.

Initially, we maintain a binary motion mask M € {0, 1}V
to indicate the motion attribute of each token, where N =
H x W is the number of tokens. AMMP takes the current
mask M and the reshaped event feature F, € RV*C as in-
put. Firstly, F. is sent to the feature aggregation unit. Local
response R/¢ is computed using a linear layer followed by
a GELU layer. And global motion response R?'°*® is com-
puted by a Motion Aggregation function. The aggregation
process can be formulated as:

R = (W, - Fo),

SN M. @

lobal 1
RY = MothnAgg(FevM) - EfLMi ’

where ¢(-) is a GELU layer (Hendrycks and Gimpel
2016), Wy, represents the weight of the linear layer and
MotionAgg(-, -) is implemented as an average pooling ac-
cording to M, aggregating the global motion information.
Then, the local and global responses are fused mutually, cap-
turing both detailed and broad aspects of the scene dynam-
ics:

7, = Cat([Rlocal7 S(Rglobal)]))
7o = Rlocal o S(Rglobal)7

where Cat(-) is the concatenation operation, £(-) represents
the dimension expansion operation and ® denotes element-
wise multiplication. To derive a spatial motion score S, we

3
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apply a series of linear, non-linear, and pooling operations
on these combined features:

S = ¢(Ws - Cat([MLP(z, ), p(W, - ChPool(z3))])), (4)

where Wg and W, represent the weight of the linear layer,
andChPool(-) denotes a pooling operation that concatenates
the results of max pooling and average pooling along the
channel dimension. This pooling operation emphasizes the
salient features while maintaining the overall average level
of the information. We then generate a new motion mask M
by scattering the indices sampled based on the top & impor-
tance scores from S:

M = S5(0,7x(S), 1), (5)

where 7% (+) is the Top-k indexing operator and S(-) denotes
the scattering operation of placing ones at the positions spec-
ified by the indices 7 (S) in an all-zero matrix 0. Naturally,
the selection of k is crucial to the whole framework. We find
that the selection of the proportion of tokens is closely re-
lated to the sparsity rate of the original event streams. We
can calculate non-zero ratios (r1,rs,...,rg) of B voxel
bins of events to obtain sparsity rate r. Given that numerous
convolution operations within the network aggregate local
features, the characteristics at each pixel position tend to ex-
pand toward the surrounding regions. To manage this, k can
be calculated by:
(r)

77+6'N’ (6)

where 77 € [0, 1] is a learnable expansion factor, € is set to
1x 102 to ensure stable training, N = H xW is the number
of tokens and (r) represents the average sparsity rate.

k’:




Overall, AMMP obtains the spatial motion score S by ag-
gregating global motion and local responses. Then, introduc-
ing the Expansion Factor 7 allows AMMP to adaptively ad-
just the value of k£ based on the extent of feature aggregation
and expansion. However, since Ty (-) is a non-differentiable
operation, we designed ECSG, which takes S and 7 as in-
puts, to make AMMP learnable.

Motion-Sparse and Motion-Aware Attention

We first revisit the self-attention mechanism in standard
Transformers, which has become a fundamental operation
in most Transformer-based models. Given a query (Q), key
(K), and value (V) projected from the same feature, the dot-
product attention is generally formulated as:

Attn(Qa Ka V) - A(Qa K) -V,
= Softmax(Q-K'/)\) -V,

where Q, K,V € RV*4 and \ = Vd is a scaling factor.
The conventional self-attention paradigm relies on a densely
fully connected attention map, which involves computation
for all query-key pairs (Chen et al. 2023; Zhou et al. 2024).
This inability to discriminate between relevant and irrelevant
interactions results in sub-optimal feature aggregation.

To address this, AMMP extracts spatial information from
events, providing a motion mask M. This mask enables
the attention mechanism to focus on modeling correlations
among relevant tokens, mitigating the interference caused by
irrelevant tokens. Considering the specific characteristics of
events and images, as shown in Figure 1 (c) and Figure 1 (d),
we devise two distinct attention computation methods.
Motion-sparse attention. Specifically, given a feature ten-
sor X € REXHXW “we perform layer normalization LN(-)
on it and generates Q, K and V by applying local projection
operation W), with 1 x 1 convolutions and 3 x 3 depth-wise
convolutions before performing reshape operation R(:),
Q = R(WE -LN(X)),K = R(WE - LN(X)) and V =
R(W, - LN(X)). However, the time and memory com-
plexity of the standard key-query dot-product attention in-
creases quadratically with the spatial resolution of the in-
put. While some window-based methods(Wang et al. 2022;
Kong et al. 2023) can reduce this complexity, they also re-
strict the scope of the global motion mask. To overcome this,
we mitigate the complexity by computing transposed atten-
tion (K -Q € R“*%), leveraging the strong connection be-
tween the Gram matrix and the covariance matrix as inspired
by (Zamir et al. 2022; Ali et al. 2021). Then, motion-sparse
attention (MSA) can be formulated:

Ans(K, Q) = Softmax(K " - (Q ® M)/a),  (8)

where M represents the motion mask and « is a learnable
scaling factor. MSA restricts the scope of attention interac-
tion by simply masking irrelevant tokens.

Motion-aware attention. Similarly to MSA, we use the mo-
tion mask to enable motion-aware attention (MAA), which
dynamically adjusts the focus of the attention mechanism
based on the relative movement within the scene. Specifi-
cally, MAA can be formulated as:

Ama(K, Q) = Softmax(K ' - (Q ® (BM + 1))/a), (9)

N
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where /3 is a learnable motion modulation factor that scales
the influence of the mask M on the attention weights. This
strategy enables the attention to selectively enhance or sup-
press based on the presence of motion, thereby making the
model more sensitive to dynamic changes in the image.

Expansion-Controlled Spatial Gating

The score S aggregated by AMMP integrates global motion
and local response information. As shown in Figure 1 (e),
we introduce a gating mechanism, using GELU for non-
linear activation of the score S, to control the information
flow of event feature transmission. The expansion factor n
spatially indicates the dilation extent of local convolution
operations in the network. A sigmoid layer transforms the
expansion factor into a mixed information transmission rate,
which controls the transmission rate of the gating mecha-
nism. Given a event tensor F, € RE*XHXW "ECSG is for-
mulated as:

F,=0(n)-¢(S) ©F. +F, (10)

where o(-) represents sigmoid layer. ECSG balances and
controls the flow of information through MSTB, leverag-
ing global and local motion cues. Additionally, ECSG facili-
tates gradient flow through AMMP during backpropagation,
bypassing the non-differentiable top-k indexing operation,
thereby making the AMMP learnable.

Cross-Modal Intensity Gating

Fusing intensity information from event streams and frames
is crucial for event-based deblurring. Previous approaches
have attempted to establish long-range dependencies be-
tween modalities from a cross-modal fusion perspective.
Howeyver, this method is inefficient in our network due to the
inherent differences in temporal and spatial characteristics
between events and images, which can lead to misalignment
of information integration.

Similar to ECSG, as shown in Figure 1 (f), we utilize
GELU to modulate event features. It controls the transmis-
sion of intensity information within image features based
on the intensity information present in the event features.
Specifically, given an input image tensor F'; and event fea-
ture tensor F., CMIG is formulated as follows:

F; = ¢(LN(F.)) OLN(F;) + F;. (11)

CMIG ensures the intensity information from event fea-
tures dynamically influences the image features, enhancing
the deblurring process by effectively leveraging the comple-
mentary strengths of both data modalities.

Experiments and Analysis
Datasets

(1) GoPro (Nah, Hyun Kim, and Mu Lee 2017) is a widely
recognized benchmark for motion deblurring. The blurry
images are generated by averaging adjacent sharp frames.
Additionally, we employ the raw event dataset from (Sun
et al. 2022), where events are synthesized using the ESIM
simulator (Rebecq, Gehrig, and Scaramuzza 2018). (2) HS-
ERGB (Tulyakov et al. 2021) consists of sharp videos and



GoPro HS-ERGB REBlur #Pra. FLOPs

Methods Venue Input
PSNR SSIM | PSNR SSIM | PSNR SSIM | (M) (G)
Prior-based EDI CVPR’19 | F+E | 29.06 0.943 | 2393 0.704 | 36.52 0964 | 0.5 -
EVDI CVPR’22 | F+E | 3040 0.906 | 25.13 0.707 - - 0.4 -
HINet CVPR21 F 3271 0959 | 27.32 0.807 | 3558 0.965 | 88.7 241.5
MSDI-Net ECCV’22 F 3328 0964 | 2746 0.809 | 36.14 0968 | 1354 5225
NAFNet ECCV’22 F 33.71 0967 | 27.64 0.811 | 36.15 0.969 | 67.8 96.8
CNN-based UFPNet CVPR’23 F 3406 0.968 | 27.64 0.809 | 36.11 0.968 | 80.3 361.2
UFPNetx CVPR’23 | F+E | 3522 0972 | 27.68 0.809 | 3797 0.976 | 80.3 361.2
EFNet ECCV’22 | F+E | 3546 0972 | 26.68 0.800 | 38.12 0975 | 8.5 155.6
EIFNet MM’23 F+E | 3599 0979 | 26.74 0.797 | 37.16 0972 | 10.8 145.1

MAENet ECCV’24 | F+E | 36.07

0976 | 27.93 0.812 | 3847 0978 | 13.9 148.3

Restormer CVPR’22 F 32.92
FFTFormer | CVPR’23 F 34.21
Transformer | Restormerx CVPR’22 | F+E | 35.96

-based FFTFormerx | CVPR’23 | F+E | 33.08
Ours - F+E | 36.67

0961 | 27.55 0.808 | 3550 0.959 | 26.1 216.1
0969 | 28.11 0.813 | 36.25 0968 | 16.6  201.5
0975 | 27.19 0.800 | 3831 0975 | 26.1 216.1
0.958 | 27.61 0.808 | 3839 0975 | 16.6  201.5
0.978 | 28.97 0.816 | 38.69 0978 | 11.7 186.9

Table 1: The quantitative results on GoPro, HS-ERGB, and REBIur test datasets. UFPNetx, Restormerx, and FFTFormerx are
event-enhanced versions of UFPNet, Restormer, and FFTFormer by concatenating events to their input. FLOPs are estimated
with the resolution of 224 x 224. The best and the second results are boldfaced and underlined, respectively.

real-world events; we use (Zhang et al. 2023) released nor-
mal blur version, which synthesizes blurry images by aver-
aging 49 interpolating images. (3) REBlur (Sun et al. 2022)
collects sequences of real-world events corresponding with
real blurry images and sharp images. (4) REVD (Kim, Cho,
and Yoon 2024) provides 21 sequences of real-world blur-
sharp image pairs and event streams. The resolution of the
image and event is 1024x768.

Implementation Details

We implement our proposed network via the PyTorch 1.8
platform on NVIDIA RTX 3090 GPU. AdamW (Loshchilov
and Hutter 2017) optimizer with parameters 5; = 0.9 and
B2 = 0.99 is adopted to optimize our network. The learn-
able expansion factor 7 and motion modulation factor /3 are
initialized to 0.5 and 1.0, respectively. We train our network
with patch size 128 x 128 and batch size 20 using the char-
bonnier loss (Charbonnier et al. 1994). The initial learning
rate is 5 x 10~ and changes with Cosine Annealing scheme
to 1 x 107°, including 320K iterations in total. Note that we
set the bin size of event voxels as 6.

Comparison with State-of-the-Art Methods

We conduct experiments on synthesized and real-world
datasets. Table 1 and Table 2 present the quantitative re-
sults of our proposed method alongside other state-of-the-
art (SOTA) techniques. We compare our network against re-
cent event-based methods, traditional image-only deblurring
networks, and their enhanced versions with event input.

Synthesized Datasets: Table 1 shows our performance on
the GoPro and the HS-ERGB datasets. We can observe that
most event-based deblurring methods outperform image-
only methods, including event-enhanced versions of UFP-

Methods Venue | Input REVD FLOPs
PSNR SSIM| (T)
eSL-Net ECCV’20 26.99 0.787 | 0.25
REDNet ICCV’21 V4E 31.90 0.921 | 19.07
UEVD ECCV’22 31.97 0.921 | 39.03
FEVD CVPR’24 3299 0.933 | 30.27
Restormerx | CVPR’22 32.11 0.921 | 16.92
FFTFormerx | CVPR’23 30.85 0.901 | 15.78
EFNet ECCV’22 F+E 31.00 0.907 | 12.95
EIFNet MM’23 31.28 0911 | 11.39
MAENet ECCV’24 32.23 0.923 | 11.57
Ours - 33.05 0.932 | 14.63

Table 2: The quantitative results on REVD test datasets.
Note that the FLOPs for all methods are estimated with an
input of 5 frames and a resolution of 1024 x 768.

Net (Fang et al. 2023), Restormer (Zamir et al. 2022). Ad-
ditionally, we can see that even with a simple concatena-
tion of events to the input, Restormer* can achieve perfor-
mance comparable to carefully designed event-based CNN
architectures, which indicates that the local receptive field
limits the performance of event-based CNN methods. Com-
pared to the SOTA event-based method MAENet (Sun et al.
2025), we achieve improvements of 0.60dB and 1.04dB in
terms of PSNR on the GoPro and the HS-ERGB datasets, re-
spectively, while using fewer parameters. Compared to other
Transformer-based methods, our method achieves an aver-
age improvement of 0.71dB and 0.86dB on the GoPro and
the HS-ERGB datasets with fewer FLOPs, respectively. Fur-
thermore, we compare the qualitative visual quality in Fig-
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Figure 2: Qualitative comparisons on the GoPro dataset and the HS-ERGB dataset. The notation is the same as in Table 1.

Blurry Restormerx FFTFormer* EFNet EIFNet MAENet Ours

REVD dataset

Blurry Restormerx FFTFormerx EFNet EIFNet MAENet Ours

Figure 3: Qualitative comparisons on the REBlur dataset and the REVD dataset. The notation is the same as in Table 1.

ure 2, demonstrating that our proposed approach achieves video methods that utilize much additional temporal infor-
superior recovery of sharp texture details. mation, we still exceed the latest SOTA FEVD (Kim, Cho,
Real-world Datasets: We compare our method on the RE- and Yoon 2024) performance by 0.06dB with fewer than
Blur and the REVD datasets with real-events and real-blur 15.64 TFLOPs. Moreover, we compare the qualitative visual
pairs. Among them, the REVD dataset features higher res- quality in Figure 3. Our method achieves the most visually
olution and a greater diversity of scenes, whereas the RE- plausible deblurring results with sharper textures in highly
Blur dataset includes denser linear and non-linear motion. challenging real-world scenarios. Our results are more real-
Table 1 shows our quantitative results on REBlur, where our istic and cleaner than other methods, which produce more
method significantly outperforms all other SOTA competi- artifacts and struggle to effectively remove severe blur.

tors, improving 0.22dB over MAENet. Table 2 presents the ) .

quantitative results of event-based methods on the REVD Ablation Studies

dataset. Here, *V+E’ indicates video deblurring methods We conduct two ablation studies on the GoPro dataset to
that process five consecutive frames and 16 bins of events, analyze the contribution of different components of our net-
while "F+E’ refers to image deblurring methods that process work (Table 3) and varied event representations (Table 4).
one image and 6 bins of events. We adopted some meth- We change the experiment setting to a batch size of 4 and
ods’ metrics reported in (Kim, Cho, and Yoon 2024). Note 180K iterations. Note that the baseline method uses full to-
that more temporal information can be utilized by inputting kens to compute standard attention without mask predictors
more bins of events voxels. Compared to image deblurring and employs simple addition for feature fusion.

methods, we can observe that we significantly surpass the Effects of AMMP. Our AMMP predicts the motion mask to
previous state-of-the-art MAENet by 0.78dB in terms of guide our designed attention. For comparison, the baseline
PSNR and 0.009 in terms of SSIM. Moreover, compared to method (labeled as *Top-£’ in tables and figures) generates
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Figure 4: Visualizations of score heatmaps and motion masks. The middle column uses simple average pooling and Top-k to
generate the mask, whereas the right column shows AMMP’s predictions. For each method, we visualize the score maps and
motion masks from the first, second, and third layers, from left to right, as the network progresses.

Mask Attention Fusion PSNR #Pra.
Predictor | MSA MAA | Module ™)

/a - - Add 34.19 | 11.35

- - CMIG | 3447 | 11.60
v - 34.74

TopK - v CMIG | 34.55 | 11.60
v v 34.82

v v Concat. | 34.31 | 12.13

AMMP v v CA 34.84 | 15.66
v - 34.85

AMMP - v CMIG | 34.64 | 11.78
v v 35.23

Table 3: Ablation study of each module effects. ’-” denotes
utilizing standard transposed attention without mask guid-
ance (i.e., using all tokens for attention computation).

the score by performing average pooling on event features
along the channel dimensions, then applies the Top-k opera-
tion to predict the mask. Compared to simply applying Top-
k, AMMP improves PSNR by 0.41dB with only more than
0.18M parameters when using both MSA and MAA. Be-
sides, when using either MSA or MAA individually, AMMP
also improves performance compared to baseline. Note that
to ensure AMMP is learnable, we default to using ECSG
when employing AMMP. As shown in Figure 4, we visual-
ize the score map estimated by AMMP and the baseline. It is
clear that AMMP generates more accurate score maps that
indicate motion cues, which means that AMMP can adap-
tively estimate the spatial information in events, providing
more precise guidance for subsequent attention modules.

Effects of MSA and MAA. The mask predictor provides
guidance to MSA and MAA. Therefore, the baseline for
comparison is the standard attention without mask guidance.
When combined as attention strategies, MSA and MAA with
AMMP or TopK as the mask predictor enhance performance
by 0.75dB and 0.35dB in PSNR over the baseline, respec-
tively. Moreover, even when utilizing MSA or MAA individ-
ually, there is still a noticeable improvement over the base-
line. MSA/MAA doesn’t introduce any additional parame-
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Method SBT SCER DA
PSNR SSIM | PSNR SSIM | PSNR SSIM
EFNet 35.12 0970 | 3546 0.972 | 35.08 0.970
EIFNet | 35.99 0.979 | 33.35 0.960 | 33.21 0.960
MAENet | 35.63 0973 | 35.81 0.975 | 36.07 0.976
Ours 36.62 0.977 | 36.67 0.978 | 36.46 0.977

Table 4: Comparison across various event representations.

ters.

Effects of CMIG. Our CMIG fusion block effectively fuses
event and image intensity, improving PSNR by 0.39dB or
more compared to simple fusion modules such as addition
(Add), concatenating (Concat.), and cross attention (CA).
Additionally, CMIG saves 0.35M parameters or more com-
pared to other fusion modules.

Robustness across Different Event Representations As
shown in Table 4, we conduct experiments on three event-
based image deblurring methods using several common
event voxel representations as input. Our proposed approach
presents more robust across different event representations,
achieving improvements of 0.63dB, 0.86dB, and 0.39dB in
terms of PSNR on SBT (Wang et al. 2019), SCER (Sun et al.
2022), and DA (Sun et al. 2025), respectively.

Conclusion

We propose a new motion-adaptive Transformer (MAT) for
event-based deblurring by utilizing both intensity and spa-
tial information from events to establish robust non-local
dependencies. MAT incorporates an Adaptive Motion Mask
Predictor and Motion-Sparse and Motion-Aware Attention
mechanisms to model long-range dependencies focusing
on motion-relevant tokens. Additionally, it features cross-
modal intensity gating and expansion-controlled spatial gat-
ing to integrate and regulate information flow efficiently.
Our extensive testing shows that MAT sets a new state-of-
the-art in event-based image deblurring, significantly out-
performing existing methods across various datasets.
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