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1. Results on the real-world low-light condi-
tions.

To assess the generalization performance of the model
trained on the RELBFI dataset in real-world low-light sce-
narios, such as nighttime environments without ND fil-
ters, we collected real-world data comprising real low-light
videos, including low-light events. When capturing real-
world low-light data, we used different settings for expo-
sure time, gain, and white balance compared to those used
for the RELBFI dataset, and we employed different cam-
eras than those originally used. The visual results on the
real-world low-light blurred images are presented in Fig. |
and Fig. 2.

2. RELBFI dataset samples

When capturing the RELBFI dataset, the RGB camera cap-
tured images at an original resolution of 1440 x 1080,
while the event camera recorded events at a resolution of
1280 x 720. To address issues arising from differing camera
resolutions and coordinate transformations, we performed
homography-based calibration. The RELBFI dataset con-
sists of a total of 67 sequences, with 47 sequences in the
training set and 20 sequences in the test set. More samples
from the RELBFI dataset are illustrated in Fig. 3 (training
set) and Fig. 4 (test set).

3. Details of IS-TFF encoder.

Due to space limitations in the main paper, the detailed
network architecture of the IS-TFF encoder is provided in
Fig. 5. As shown in the figure, the basic structure of the IS-
TFF forward encoder at scale factor s consists of a 3x3 con-
volutional layer, a ResBlock, and an IS-TFF block. For the
forward encoder, it additionally takes as input the feature
information G(T) ffz_l from the previous timestamp &k — 1
to compute temporal dependencies. The backward IS-TFF
encoder has the same structure but uses different weights.
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4. Loss functions

As shown in Fig.3 in the main paper, we perform esti-
mation for a total of N frames within the shutter inter-

val {So,...,Sn—1}. Subsequently, we apply the Charbon-
nier [1] loss function to these N frames.
N-1
Ltotal - Z \/”Sk - Sk,gt” + 62 (1)
k=0

where Sy, represents the estimated normal-light sharp image
at time step £, and Sy, 4; represents the normal-light ground
truth sharp image at time step k. We empirically set € to
1073,

5. Implementation details

We set the batch size to 8 and the learning rate to 2 x 1074,
The model is optimized using the Adam optimizer with
B1 = 0.9 and B2 = 0.999. We train our models over 200
epochs. The implementation is based on PyTorch, and all
experiments are conducted on NVIDIA 3090 GPU. To aug-
ment the training data, we apply random cropping at the
same positions for both low-light blurred videos and event
voxel data, resulting in cropped blurred patches and voxel
bins of size 256 x 256. For quantitative evaluation, we used
standard metrics such as PSNR and SSIM [3].

6. More qualitative results on the RELBFI
dataset.

In Fig. 6, we present additional qualitative results from
the RELBFI dataset. The figure compares our approach
with state-of-the-art event-guided blurry frame interpola-
tion methods, REFID [2].
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Figure 1. Qualitative results on the real-world low-light blurred videos. (a) Low-light blurred image, (b) Low-light events, and (c) Ours.
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Figure 2. Qualitative results on the real-world low-light blurred videos. (a) Low-light blurred image, (b) Low-light events, and (c) Ours.
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Figure 3. The examples of our RELBFI dataset.(train sets). Our dataset captures a wide variety of scenes with diverse motions, dynamic
objects, and rich textures.
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Figure 4. The examples of our RELBFI dataset.(tests sets). Our dataset captures a wide variety of scenes with diverse motions, dynamic
objects, and rich textures.



GO s

A

GO s

A

G s

A

Down 2 9
~un
N\
* .................. S
1 | ——
RS}
IS-TFF ~ 77777777°
1
Resblock
1
Conv2D 3x3
» 2
Down 5 ﬂ
A%)
/e
[ 5
HE
IS-TFF _.--mu.--
t
Resblock
4
Conv2D 3x3
4
Down 29
—un
e
* ................ RS
L
IS-TFF bees- >
t
Resblock
t
Conv2D 3x3

FTk

Resblock
t
Conv2D 3x3

t

Down

Resblock

4
Conv2D 3x3

1

Down

|

IS-TFF
1
Resblock

t
Conv2D 3x3

FTMs1

fw
s=1,k+1

A

g

SO

A

GO

A

Figure 5. Network details of IS-TFF forward encoder.
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Figure 6. Qualitative results on the RELBFI dataset. From top to bottom: low-light blurred image, low-light events, REFID [2], and Ours,
GT. Zoom in for better visualization.
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