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1. Ablation Studies
To confirm the effectiveness of our approach, we conduct
ablation studies regarding the training data generation pro-
cess temporal matching, and our proposed event representa-
tion MCTS. Additionally, we report the performance of our
investigated network architectures.

1.1. Training Data
We compare our proposed temporal matching approach
with the state-of-the-art method homographic adaptation in-
troduced for frame-based keypoint detection and descrip-
tion [5] in Table 1. SuperEvent trained with temporal
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matching data exclusively outperforms models trained with
homographic adaptation data. Also, combining both ap-
proaches results does not improve model performance.

Temporal matching employs real data exclusively with-
out distortions in the event representation due to augmenta-
tions. We suspect that this advantage improves the model’s
event data comprehension.

1.2. Input Representation
Next, we compare our MCTS representation to time sur-
faces [15] and its variant Tencode [13] in Table 2. As
shown in [13], with ∆t = 0.01 s, the Tencode model
achieves superior performance to the one using time sur-
faces. However, since Tencode is also used as a single
channel tensor, an MCTS with a single time window size
(but two channels) strictly separates polarities, thereby pro-

Table 1. Pose estimation after training SuperEvent with temporal matching data, homographic adaptation data, and samples from both
methods.

Pose Estimation AUC in %

Training Data Generation Method Event Camera Dataset [22] Event-aided Direct Sparse Odm.[11]

@5° @10° @20° @5° @10° @20°

Homographic adaptation 17.2 24.3 31.0 12.3 21.0 31.5
Temporal matching (ours) 22.7 35.8 46.7 15.2 26.4 40.1
Homographic adaptation + temp. matching 18.5 28.1 37.1 13.1 22.0 33.0

Table 2. Pose estimation with different time surface variants as input representations. The index number of the Multi Channel Time
Surfaces (MCTS) indicates the number of time window sizes ∆t.

Input Pose Estimation AUC in %

Event Camera Dataset [22] Event-aided Direct Sparse Odometry [11]

Representation Channels @5° @10° @20° @5° @10° @20°

Time Surface [15] 1 13.8 21.4 29.3 13.0 22.5 34.1
Tencode (gray) [13] 1 19.5 28.7 36.9 13.9 23.7 36.3
MCTS1 (ours) 2 20.3 30.0 38.7 14.1 24.4 37.0
MCTS5 (ours) 10 22.7 35.8 46.7 15.2 26.4 40.1
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Table 3. Network architecture ablation study on pose estimation on the Event Camera dataset [22]. Every backbone layer reduces the
spatial dimensions by half (except for 3).
1Architecture similar to SuperPoint [5]

2Architecture similar to DISK [28]
3Architecture similar to SiLK [10] (no spatial reduction in backbone)

4SuperEvent
5Backbone similar to [9]

6Other investigated architectures

Backbone Descriptor Loss Pose Estimation AUC in %

Blocks Layers Channels Resolution Detector Descriptor @5° @10° @20°
1 VGG 3 32, 64,

128
8x8 grid Cross-

Entropy
dot

product
20.2 31.7 42.2

2 VGG 3 32, 64,
128

pixelwise Focal loss Cycle-
Consistency

20.8 31.0 40.7

3 VGG 3 32, 64,
128

pixelwise Focal loss Cycle-
Consistency

18.5 25.5 31.3

4 MaxVit 3 32, 64,
128

8x8 grid Cross-
Entropy

dot
product

22.7 35.8 46.7

5 MaxVit 4 32, 64,
128, 256

8x8 grid Cross-
Entropy

dot
product

22.4 33.9 43.8

6 MaxVit 3 32, 64,
128

pixelwise Focal loss Cycle-
Consistency

20.5 29.7 38.0

6 MaxVit 3 64, 128,
256

pixelwise Focal loss Cycle-
Consistency

21.0 30.3 38.6

6 MaxVit 4 32, 64,
128, 256

pixelwise Focal loss Cycle-
Consistency

20.3 30.5 40.3

6 MaxVit 4 64, 128,
256, 512

pixelwise Focal loss Cycle-
Consistency

20.2 29.4 38.2

6 MaxVit 5 32, 64,
128, 256,

512

pixelwise Focal loss Cycle-
Consistency

15.2 23.0 31.3

6 MaxVit 5 64, 128,
256, 512,

1024

pixelwise Focal loss Cycle-
Consistency

17.5 26.4 35.6

viding the model with additional information improving
the performance further. Finally, more time windows in-
crease the model’s robustness to fast or slow scene mo-
tions. Therefore, the 10-channel MCTS5 with ∆tf1;:::;Ng =
f0.001 s, 0.003 s, 0.01 s, 0.03 s, 0.1 sg enables the model to
outperform all other variants.

1.3. Network Architecture

We compare various combinations of network architectures
from the literature [5, 9, 10]. We investigate two back-
bone configurations, namely VGG [25] and MaxVit [27],
and their hyperparameters number of layers in backbone
and output channels per layer in backbone. Additionally,
we investigated if a descriptor prediction on pixel-level as
in [10, 28] performs better than the 8-grid interpolation

from [5]. For the pixelwise descriptor approach, we em-
ploy Focal loss [20] to train the detector head and the Cycle-
Consistency loss [10, 28] for the descriptor head.

2. Examples of Network Predictions and
Pseudo-labels

Figure 1 shows training samples of SuperEvent generated
by temporal matching of gray-scale frames. Due to the
modality change, SuperEvent does not learn to exactly
match the pseudo-labels, but partially detects and matches
different keypoints, while still yielding similar patterns.

Matched keypoints from SuperEvent on unseen se-
quences are shown in Figure 2. These sequences are held
out during training, showing the generalization ability of
SuperEvent.
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