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Loss Details

Our proposed loss function furthermore has the following details, which we ex-
perimentally found to have a slight advantage over not using them.

Scaling warped events by time to t..s. The contribution of each warped
event to the IWE is weighted by its distance At = |tyer — ti].

Masking image border. We mask events transported outside the image plane
by the warp. They do not contribute to the loss.

Polarity-split IWEs. We treat positive and negative events separately when
calculating the IWE. Effectively, at each iteration, two IWEs are evaluated.

Results on MultiFlow dataset

Table [1] shows results on the MultiFlow dataset [6], which are coherent with
the results on EVIMO. Our self-supervised method performs second best after
models directly supervised on the ground truth trajectories. Similarly, Bézier
curves have a slight performance advantage, over the other tested trajectories.
A model trained with additional frames as input shows an improved performance
over the event-only model showing potential for multi-domain extensions.

Runtime of Submodules

The first column of Tab. 4 in the main paper reports inference times of different
methods. Here is a breakdown of module times for our method. network inference
(Main Fig. 2¢)): 7.27ms, computation of trajectories (Fig. 2¢ to 2d): 0.19ms. For
the loss module (Main Fig. 2e), used only at training time: flow interpolation
(Main Fig. 2el to 2e3): 86ms, event warping (Main Fig. 2e4): 7.18ms, building
IWE (Main Fig. 2e5): 8.34ms Notably, the flow interpolation is the slowest step
but is only required during training, not during inference.
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Table 1: Results on MultiFlow dataset [6]. “Frames” indicates whether frames at ¢,
and t. were used as additional input to the artificial neural network or not.

Method Frames TEPE | TAE | %Out |
BFlow, polyn. X 1.71 5.93 0.09
= BFlow, Bézier [6] 1.68 587 0.0

X
Paredes et. al [10] X 1481 6114 084
Ours, polyn. X 8.57 31.38 0.48
X
v

SSL

Ours, Bézier 8.15 29.89 0.46
Ours, Bézier 7.27 27.76 0.43

Ablations on EVIMO2

Table [2|shows additional ablations on EVIMO2 (analogue to the tests on DSEC
in Tab. 5 of the paper). The results confirm most design choices, like the number
of neighbors, and the use of a randomized reference time. As the prediction time
is longer in this dataset, we also see the influence of the motion prior type and
degree. We found Bézier curves with degree N. = 10 to work best.

Table 2: Sensitivity and ablation study on EVIMO2 data. Ours corresponds to “Ours,
Bézier” in Tab. 3 of the main paper. Configurations marked with “~” are unchanged
from our main result.

Nuaj  Niet N Motion prior TEPE | TAE| %Out |

Ours 32 ~U(0,1) 10 Bézier 6.14 16.98 0.25
8 - - - 6.63 18.11 0.26
64 - - - 6.61 19.18 0.29
- 1 - - 6.76 18.32 0.26
- - 5 - 6.25 17.81 0.25
- - 30 - 6.44 17.95 0.28

— - 1 polynomial 7.97 21.98 0.39

Results on MVSEC

For completeness, Tab. [3] provides a qualitative comparison of our method with
state-of-the-art techniques on MVSEC data [14]. The input for a sample consists
of all event data between two consecutive frames (GT depth from the LiDAR is
temporally upsampled to the frame rate of the DAVIS346 event cameras used,
at 45Hz [12,/15]). The models were trained with the same hyperparameters as
reported for the DSEC dataset. The results confirm the good performance of
our model and outperforms most baseline methods. It performs on average 14%
better than Paredes et al. [10] and 13% worse than the test-time optimization-
based method from Shiba et al. [11].
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Table 3: Quantitative evaluation on MVSEC data . Best in bold, runner-up un-
derlined. SL: supervised learning; SSLy: SSL trained with grayscale images; SSLg: SSL
trained with events; MB: model-based methods.

indoor flyingl indoor flying2 indoor flying3
EPE| %sprl EPE] %sprl EPE| %sprl

EV-FlowNet 056 1.00  0.66 1.00 059  1.00
E-RAFT - - - - - -
5 EV-FlowNet [5] - - - - - -
TMA |8 1.06 363 181 2729 158 23.26
Cuadrado et al. 058 - 072 - 0.67 -
k) EV-FlowNe 103 2.20 172 151 153 11.9
£ Ziluo et al. 4] 057 010 079 1.60 072  1.30
EV-FlowNet 058 0.00  1.02 400 087 3.0
.. EV-FlowNet [9] 079 1.20 140 109 118  7.40
7 EV-FlowNet [11] - - - - - -
# ConvGRU-EV-FlowNet 7] 0.60  0.51 117 806 093 564
Paredes et al. 044 0.00  0.88 4.51 0.70  2.41
Ours 045 0.09 071 240 06  0.93
Akolkar et al. 1.52 - 1.59 - 1.89 -
2 Brebion et al. [2 052 010 098 550 071 210

Shiba et al. \\ 0.42 0.09 0.60 0.59 0.50 0.29
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Additional Qualitative Results on EVIMO2 and DSEC

Example 7

Example 8
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Fig. 1: Additional results on EVIMO2. Same notation as Fig. 3 in the main paper.
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Fig. 2: Additional results on DSEC. Same notation as Fig. 5 in the main paper.
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