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1 INTRODUCTION
In this supplementary material, we first provide detailed config-
uration of V2E. Then we provide computational cost and further
discussions of the REN. In addition, we present the complete exper-
imental results of unsupervised methods on SDSD testset. We show
more visual comparisons of different low-light enhancement ap-
proaches on real and synthetic datasets, and give the full enhanced
videos of real data in the zip file. Finally, we provide more visual
results of ablation studies.

2 THE DETAILED CONFIGURATION OF V2E
We employ V2E [4] to simulate events from SDSD [8] dataset. Con-
sidering the diverse luminance levels across different scenes, it is
essential to tailor the V2E by employing distinct parameter con-
figurations. As shown in Table 1, we employ two distinct sets of
parameters to simulate events in the indoor and outdoor subsets
of the SDSD dataset. The pos_thres, neg_thres and sigma_thres
represent distinct thresholds within the V2E, setting dvs_params as
clean means turning off noise, while cutoff_hz means pixel cutoff
frequency in Hz.

3 ADDITIONAL ANALYSIS
Computational cost To compare the computational complexity
of our approach with other low-light video enhancement methods,
we report floating point operations (denoted by FLOPs) in Table 2.
FLOPs are computed based on video frames with a resolution of
640 × 480. We also provide PSNR values and SSIM values for refer-
ence. It can be observed that REN achieves the best results under
moderate computational complexity.

More results of ablation study The Event-Image Attention
consists of two components: the cross-modal attention and the
establishment of spatial mapping between image and event features.
The former is employed to emphasize event features in extremely
dark regions, while the latter is utilized for spatial alignment of
these two modalities.

We conduct more detailed ablation studies on REN𝑠𝑑 and provide
the ablation studies on REN for reference. The REN𝑠𝑑 is trained
exclusively on simulated events that are aligned with images, while
the REN’s training dataset comprises misaligned images and real
events. We employ two modified models based on them and the
results are shown in Table 3. Full Model represents the complete
network architecture, while W/o EIA and W/o𝑊𝑝 mean remove
Event-Image Attention module and remove𝑊𝑝 from the module
respectively, which are same to the main paper.

The PSNR value of W/o𝑊𝑝 exhibits minimal variation compared
to Full Model based on REN𝑠𝑑 , while the PSNR value of W/o𝑊𝑝

shows a noticeable decrease based on REN. The results indicate
that𝑊𝑝 enhances performance on misaligned real data, suggesting
its effectiveness in handling misalignments between events and im-
ages. We observe that in the experiments on REN𝑠𝑑 , the PSNR of the

Full model is lower than the result of the W/o𝑊𝑝 . The performance
decreases due to the inaccurate aligning, the𝑊𝑝 aligns images and
events based on similarity matrix, it is less accurate than direct
summation on aligned data. Meanwhile, the EIA module demon-
strates effective performance improvement on both simulated and
real data.

The complete results of unsupervised methods on the
SDSD testset. As unsupervised methods can be trained on SDSD
dataset or SDSD+DSEC datasets, which is similar to ours, we only
present the best results of these methods in Table 1 of the main
paper. We present the complete experimental results in Table 4.

Table 1: Detailed configuration of V2E.

Setting Indoor Outdoor
pos_thres 0.15 0.001
neg_thres 0.15 0.001
sigma_thres 0.003 0.0002
dvs_params clean clean
cutoff_hz 15 15

Table 2: Computational cost of different low-light video en-
hancement methods.

Method PSNR↑ SSIM↑ FLOPs ↓
MBLLEN [6] 21.79 0.65 210.34 G
SGLLIE [11] 23.89 0.70 3.30 G
SMID [1] 24.09 0.69 0.16 G

SDSDNet [8] 24.92 0.73 214.44 G
LAN [2] 27.25 0.85 110.48 G
REN 29.03 0.88 178.68 G

Table 3: More detailed ablation studies on REN𝑠𝑑 and REN.

Model Method PSNR↑ SSIM↑ LPIPS ↓
W/o EIA 26.81 0.86 0.10

REN𝑠𝑑 W/o𝑊𝑝 28.52 0.87 0.10
Full Model 28.45 0.88 0.09
W/o EIA 26.29 0.87 0.09

REN W/o𝑊𝑝 27.63 0.87 0.09
Full Model 29.03 0.88 0.09

4 MORE VISUAL COMPARISON RESULTS
We present more visual results of different low-light enhancement
methods on synthetic data and real data. Fig. 1 shows the visual
results of different methods on SDSD synthetic dataset. Fig. 2 shows
the visual results of different unsupervised methods on DSEC real
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Table 4: The complete results of unsupervised methods on
the SDSD testset.

Methods SDSD SDSD + DSEC
PSNR↑ SSIM↑ LPIPS ↓ PSNR↑ SSIM↑ LPIPS ↓

SCI [7] 19.67 0.69 0.29 19.18 0.65 0.16
NeRCo [10] 20.02 0.65 0.19 20.07 0.66 0.21
CLIP-LIT [5] 22.29 0.72 0.16 14.56 0.47 0.23
SGLLIE [11] 23.89 0.70 0.31 9.26 0.30 0.42

REN𝑠𝑑 28.45 0.88 0.09 / / /
REN / / / 29.03 0.88 0.09

dataset. Fig. 3 shows the visual performance of cross-dataset evalua-
tions on ViViD++ dataset. Fig. 4 shows the visual results of ablation
studies. As shown in the results, our methods can achieve excellent
visual performance in both illumination and details, indicating that
our proposed approach not only has better performance but also has
the excellent generalization ability. We present the full enhanced
videos in the zip file, including the results of our proposed method
and the previous methods on DSEC real dataset and ViViD++ real
dataset.
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(a) Low-light Frame (b) Event (c) SCI [7] (d) NeRCo [10]

(e) CLIP-LIT [5] (f) SDSDNet [8] (g) SDSDNet + Event (h) LAN [2]

(i) LAN + Event (j) REN𝑠𝑑 (k) REN (l) GroundTruth

(m) Low-light Frame (n) Event (o) SCI [7] (p) NeRCo [10]

(q) CLIP-LIT [5] (r) SDSDNet [8] (s) SDSDNet + Event (t) LAN [2]

(u) LAN + Event (v) REN𝑠𝑑 (w) REN (x) GroundTruth

Figure 1: Visual quality comparison of enhancement results on SDSD synthetic dataset.
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(a) Low-light Frame (b) Event (c) SCI [7] (d) NeRCo [10]

(e) CLIP-LIT [5] (f) SGLLIE [11] (g) SMID [1] (h) SNR-Aware [9]

(i) SDSDNet [8] (j) LAN [2] (k) REN𝑠𝑑 (l) REN

(m) Low-light Frame (n) Event (o) SCI [7] (p) NeRCo [10]

(q) CLIP-LIT [5] (r) SGLLIE [11] (s) SMID [1] (t) SNR-Aware [9]

(u) SDSDNet [8] (v) LAN [2] (w) REN𝑠𝑑 (x) REN
Figure 2: Visual quality comparison of enhancement results on DSEC real dataset.
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(a) Low-light Frame (b) Event (c) SCI [7] (d) NeRCo [10]

(e) CLIP-LIT [5] (f) Pair-LIE [3] (g) SMID [1] (h) MBLLEN [6]

(i) SDSDNet [8] (j) LAN [2] (k) REN𝑠𝑑 (l) REN

(m) Low-light Frame (n) Event (o) SCI [7] (p) NeRCo [10]

(q) CLIP-LIT [5] (r) Pair-LIE [3] (s) SMID [1] (t) MBLLEN [6]

(u) SDSDNet [8] (v) LAN [2] (w) REN𝑠𝑑 (x) REN
Figure 3: Visual quality comparison of enhancement results on ViViD++ real dataset
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(a) Low-light Frame (b) Event

(c) Only Video (d) W/o EIA (e) W/o DRM (f) W/o𝑊𝑝

(g) W/o 𝐿𝑐𝑜𝑛 (h) W/o 𝐿𝑡 (i) REN𝑠𝑑 (j) REN

(k) Low-light Sequence

(l) W/o 𝐿𝑡 Sequence

(m) REN Sequence

Figure 4: Visual quality comparison of ablation studies. (k), (I) and (m) present comparison between W/o 𝐿𝑡 and REN in video
sequence. The results of W/o 𝐿𝑡 exhibit noticeable artifacts and discontinuities, it indicates the contribution of 𝐿𝑡 in temporal
consistency.
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