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1 Implementation Details

We employed the AdamW [8] optimizer with the default parameter settings
within the charbonnier loss [3]. We set a batch size of 4, and the learning rate is
decreased from 1×10−4 to 5×10−5 with a multi-step scheduler. We empirically
set the iteration number to 4 of the CRIFE module. We use a voxel bin size B of
16 for event representation. Additionally, we employ a random crop with a spatial
resolution of 256×256, ensuring the same spatial position in both the embedded
event data and video frames. We set the dynamic filter size sk to 3. We generate
3 and 1 deblurred results using 7 and 5 frames as inputs from the GoPro dataset,
respectively. From the HighREV dataset, we generate 1 deblurred result using
5 frames as input. Additionally, from the EVRB dataset, we produce 3 restored
results using 5 frames as input. For the evaluation of the HighREV dataset
(Tab. 2 in the main paper), since trained models on the HighREV dataset do
not exist for EFNet [13], UEVD [5], DSTNet [10], and ESTRNN [17], we retrain
the models ourselves to evaluate the results. For the REFID [14] model, we used
the official pretrained model to evaluate on the HighREV dataset.

2 Computational Cost Analysis

We report the analysis of computational complexity in the Tab.1 on the EVRB
datasets. Here, we measured the computational cost using a model that uti-

Table 1: Computational costs on the EVRB datasets. We measure FLOPs on 256×256
patches, and runtime on 960×640 images using an A100 GPU. For the video deblurring
method, the runtime was measured using five video frames as network input.

Methods EDVR [15] ShiftNet [6] EFNet [13] UEVD [5] CMTA(Ours)
Params 26.83 10.8 8.5 27.9 9.7

FLOPs(G) 194.2 146.8 86.98 241.24 177.26
Runtime(s) 0.395 0.742 0.078 0.198 0.157

⋆ Equal contribution.
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Table 2: The scale ablation study of ECITFA module on the GoPro dataset.

PSNRs Params(MB)
No Alignment 35.00 4.7

One Scale Alignment 35.61 6.6
Two Scale Alignment 36.01 8.7

Ours (Three Scale Alignment) 36.55 9.7

lizes 5 input video frames and 3 output frames, as mentioned in the Sec.1. To
achieve cost-effectiveness, we reduced channel numbers during attention in the
CRFIE and CTFA modules, opting for cost-effective transposed attention [16].
Therefore, computational costs are not significantly higher compared to others.

3 In-depth Analysis of the Modules

3.1 Multi-Scale ablations in ECITFA Module

Our ECITFA module is designed to efficiently leverage rich spatial context infor-
mation by incorporating multiple visual scales. We conducted an ablation study
of the impact of using multiple visual scale information of our temporal align-
ment module, ECITFA module, and the results are reported in Table 2. From
the first and second rows of the table, we observed that aligning at the lowest
scale (denoted as ‘One Scale Alignment’) increases PSNR by 0.61 dB compared
to not performing alignment. Examining the second and third rows, we con-
firm that utilizing information from two scales for temporal alignment improves
PSNR by 0.40dB. Finally, thanks to the effective utilization of information from
all scales in our ECITFA module, we observed a performance improvement of
1.55dB compared to when the alignment was not used, effectively harnessing all
rich spatial context information.

4 More Visual Results

4.1 Visual Results on GoPro datasets

We provide the more qualitative comparisons on the GoPro datasets in the Fig. 3.

4.2 Visual Results on EVRB datasets

We provide the more qualitative comparisons on the EVRB datasets in Fig. 4
and Fig. 5.

4.3 Video Demos

We have attached a video demo file to the supplementary materials. As in the
video demo, we efficiently utilize long-range temporal information of the videos
and events, resulting in improved video deblurring results.
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5 Event-based Video Deblurring Dataset for Real-world
Blur

5.1 Camera System

To simultaneously capture blur images acquired during long exposure times,
sharp images captured during short exposure times, and events corresponding to
the exposure time of the blur images, we customize a multi-camera system. Two
RGB cameras (BFS-U3-16S2C-CS) and one event camera (Prophesee EVK4)
are geometrically aligned using two 50/50 mirror beam splitters, resulting in a
minimal baseline.

5.2 Geometric Alignment

Our camera system aligns the axes of three cameras but there is still geometric
misalignment due to the remaining baseline. To deal with this, we correct the
residual mismatching using homography-based geometric alignment. Since the
depth varies from scene to scene, and thus, the degree of misalignment differs
slightly, we calculate different homography for each sequence in the dataset to
achieve more accurate alignment. Whenever a new scene is recorded, we capture
the initial few shots statically, ensuring no blur on either of the RGB cameras.
We then use these shots to calculate homography through the SIFT [9] and
RANSAC [4] algorithms. When too few features are extracted, we use Light-
Glue [7] to accurately extract a more significant number of features and compute
the homography.

5.3 Photometric Alignment.

Irrandiance Equalization. In addition to geometric alignment, when using
a multi-camera system, the photometric alignment between the cameras is also
essential. We set the camera recording the blurred video to have its exposure
time set 8 times longer than the one recording the sharp video. In that case,
the amount of incoming light for both cameras must be adjusted physically to
equalize the total irradiance of the multiple cameras. To achieve this goal, we
insert neutral density (ND) filters with a 25% light transmittance in front of
the blur and event cameras, while considering the reduction of light in beam
splitters. This ensured that all the images captured had equalized brightness.
Post-processing. When constructing two RGB cameras, we used the same
lens and camera model and performed irradiance equalization through a neural
density filter. Despite that, a small intensity difference still remained between
blurred images and their corresponding sharp images. Therefore, we conduct
post-processing for photometric alignment using a linear color-model, as de-
scribed in [1,2,11,12]. In this approach, for geometrically aligned sharp (S) and
blurred (B) images, we align S to B photometrically through a linear transform
α ∗S+β, aiming for α ∗S+β ≈ B. Estimating the coefficients α and β directly
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Fig. 1: Qualitative analysis of the generalization performance of GoPro and EVRB
datasets with data obtained from a third-party device.

from S and B is challenging due to the blur in B. Therefore, we utilize initial sta-
tionary few shots (reference images) for calculating these coefficients, similar to
performing geometric alignment. Additionally, to ensure different illuminations
for each sequence, coefficients are computed differently for each sequence. Specif-
ically, α and β are estimated as α = σ1/σ2 and β = µ1 − α ∗ µ2, where σ1 and
σ2 represent the standard deviations of the reference images, and µ1 and µ2 are
their means. For color images, we apply photometric alignment independently
to each color channel.

5.4 Overview

EVRB dataset provides a total of 2,533 pairs of blurry and sharp images, as well
as event streams corresponding to the exposure time of blurry images. EVRB
dataset consists of 11 training sequences and 6 test sequences. All captured data
is provided at a resolution of 960× 640. With each sequence containing over 100
frames, it is well-suited for video deblurring tasks. We provide the train and test
splits of the dataset sequences, along with detailed descriptions for each sequence
in Table 3. Additionally, we present samples from the EVRB dataset in Fig. 2.

5.5 Evaluation on the Third-party device

To demonstrate the necessity of a real-world motion blur dataset, we conducted
a qualitative analysis using data collected from a third-party source. The third-
party data was recorded using a camera (BFS-U3-04S2C-CS) with distinct spec-
ifications compared to the one used in the EVRB dataset. This encompasses
differing settings such as resolution, exposure time, gain, and sensor size. Fig. 1
compares the results obtained from our model trained on the EVRB dataset and
GoPro with the data acquired from a third-party device. In the case of models
trained on the GoPro dataset, there are synthetic components present in the gen-
eration of events and blur, resulting in notable artifacts like the ghosting effect.
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On the contrary, when trained on the real-world EVRB dataset, the occurrence of
such artifacts is significantly reduced, indicating improved generalization ability
for real-world applications.

Table 3: The overview of the proposed EVRB dataset.

Sequence Exposure Time No. Explanations Blur
Name (Sharp/Blur) Frames Magnitude

Train Sequences

bicycle rack 1 3ms / 24ms 149 Capturing bicycles in bicycle racks in fast motion. Very Strong
parking lot 1 3ms / 24ms 149 Capturing the entrance of a parking lot with a building in the background in fast motion. Strong
bicycle rack 2 3ms / 24ms 149 Capturing bicycles in bicycle racks in fast motion. Very Strong
building 1 3ms / 24ms 149 Capturing the entrance of a building in fast motion. Strong
parking lot 2 3ms / 24ms 149 Capturing the entrance of a parking in fast motion. Strong
roadway 1 3ms / 24ms 149 Capturing vehicles and bicycles moving on the roadway with fast camera ego-motion. Very Strong
fountain 1 3ms / 24ms 149 Capturing people relaxing in front of the fountain in fast motion. Strong
building 2 3ms / 24ms 149 Capturing scooters and cars in motion in front of the building with slow ego-motion. Strong
flower 1 3ms / 24ms 149 Capturing flowers with ego-motion in low-light conditions. Moderate
parking lot 3 3ms / 24ms 149 Capturing the entrance of a parking in fast motion. Strong
building 3 3ms / 24ms 149 Capturing the moving person with a building in the background with very fast ego-motion. Very Strong

Test Sequences

bicycle rack 3 3ms / 24ms 149 Capturing bicycles in bicycle racks in fast motion. Very Strong
road sign 1 3ms / 24ms 149 Capturing road sign in fast motion. Strong
building 4 3ms / 24ms 149 Capturing the building and the grass in front of it in fast ego-motion. Strong
Tree 1 3ms / 24ms 149 Capturing a building and trees with very fast ego-motion. Very Strong
building 5 3ms / 24ms 149 Capturing the moving person with a building in the background with very fast ego-motion. Very Strong
banner 1 3ms / 24ms 149 Capturing the banner with fast ego-motion in low-light conditions. Strong
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Fig. 2: The examples of EVRB dataset. The EVRB dataset includes a variety of scenes,
ranging from extreme blurring to fast moving objects.
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Fig. 3: Visual results on the GoPro datasets.
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Fig. 4: Visual results on the EVRB dataset.



Cross-Modal Temporal Alignment for Event-guided Video Deblurring 9

Fig. 5: Visual results on the EVRB dataset.
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