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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 x 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 REN; and provide
the ablation studies on REN for reference. The RENy 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/o W) mean remove
Event-Image Attention module and remove W), from the module
respectively, which are same to the main paper.

The PSNR value of W/o W), exhibits minimal variation compared
to Full Model based on REN,4, while the PSNR value of W/o W),
shows a noticeable decrease based on REN. The results indicate
that W), enhances performance on misaligned real data, suggesting
its effectiveness in handling misalignments between events and im-
ages. We observe that in the experiments on REN;, the PSNR of the

Full model is lower than the result of the W/o W),. The performance
decreases due to the inaccurate aligning, the W, 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 ~ PSNRT SSIM] FLOPs |
MBLLEN [6] 21.79 065 21034G
SGLLIE [11] 23.89 070  3.30G

SMID [1] 2409 069  0.16G
SDSDNet [8] 24.92  0.73 21444 G
LAN [2] 27.25 085 110.48G
REN 29.03 088 178.68G

Table 3: More detailed ablation studies on REN; and REN.
Model | Method [ PSNRT SSIMT LPIPS |

W/o EIA 26.81 0.86 0.10
W/o Wp 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/o Wp 27.63 0.87 0.09
Full Model | 29.03 0.88 0.09

REN,,

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

59
60

61

63

64

65

66

67

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

106

107

108

109

110

111

112

113

114

115

116



117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138

140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174

ACM MM, 2024, Melbourne, Australia

Table 4: The complete results of unsupervised methods on
the SDSD testset.

Methods SDSD SDSD + DSEC
PSNRT SSIMT LPIPS | | PSNRT SSIM{ LPIPS |
SCI[7] 1967 069 029 | 1918 065  0.16

NeRCo [10] | 20.02  0.65 0.19 | 20.07 0.6 0.21
CLIP-LIT [5] | 22.29  0.72 0.16 | 1456  0.47 0.23
SGLLIE [11] | 23.89  0.70 0.31 9.26  0.30 0.42
REN,; 2845  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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(m) Low-light Frame (n) Event (o) SCI[7]

() SDSDNet [8] (t) LAN [2]

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

Figure 1: Visual quality comparison of enhancement results on SDSD synthetic dataset.
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(a) Low-light Frame

(f) SGLLIE [11] (g) SMID [1]

(j) LAN [2] (k) RENsq

(m) Low-light Frame

(u) SDSDNet [8]

(d) NeRCo [10]
o
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(v) LAN [2] (W) RENg
Figure 2: Visual quality comparison of enhancement results on DSEC real dataset.

407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422



Supplementary Materials: Exploring in Extremely Dark: Low-Light Video Enhancement with Real Events ACM MM, 2024, Melbourne, Australia

46! 523

i . - s = s 5 . Fiad w0 "' TR B
o b : ; P ; TR 524
- e / =3 > v CiE : ; ‘ 525
- i S L 2 . = : 526
469 (2 Sl 52
o L w T ] 528
471 = ”
472 : i | ”
473 - “ -

474 ) Low- hght Frame (d) NeRCo [10] 532
475 = 533
476 534
477 535
478 536
479 537
480 538
481 539
482 540
483 541
184 () CLIP-LIT [5] (f) Pair-LIE [3] (g) SMID [1] (h) MBLLEN [s] i
485 = : = L = - E ax : S 543
486 544
487 545
488 546
489 547
490 548
491 549
492 550
493 551
o1 (i) SDSDNet [8] (j) LAN [2] (k) RENgg (I) REN 552
495 553
496 . 554
497 o 555
498 g2 556
499 557
500 ) 558
501 559
502 560
503 : 561
504 ) Low-light Frame (n) Event (0) SCI [7] (p) NeRCo [10] 562
505 563
506 564
507 3 565
508 = = 1 = /}7//,1’ ‘.’ -’ ; 566
500 567
510 568
511 569
512 570
513 571
514 (q) CLIP-LIT [5] (t) Pair-LIE [3] (s) SMID [1] (t) MBLLEN [6] 72
515 573
516 [ ) ; 574
517 575
518 576
519 577
520 578
521 579
522 580

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

(g) W/o Leon

(m) REN Sequence

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