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A. Visualizations of EDAs
As a complement, we provide visualizations of all inves-

tigated EDAs. Figures 1, 2, and 3 illustrate examples of
Common, Geometric, and Drop-based EDAs, respectively.
The related videos are provided in the supplementary mate-
rials as .gif animations.

B. Performance Comparison against Fully-
Supervised Models

As the proposed approach represents one of the first ef-
forts in the field of event-based SSRL, a comprehensive
comparison of the reported performance with prior stud-
ies [10, 23] is not feasible. However, we contextualize the
results reported in Section 5.2 of the main text by juxta-
posing them with those of fully-supervised works from the
state-of-the-art. The remainder of this section comments on
the reported comparisons.

Table 1 presents the performance comparison on the
ASL-DVS dataset [3]. Our pre-trained 2D-CNN and fine-
tuned 3D-CNN models achieve competitive performance on
the Linear Evaluation Protocol, without the need for su-
pervised finetuning on the ConvEnc. They are only out-
performed by ESTF-Net [20], a heavier neural network ar-
chitecture (a Vision Transformer) with ±46.7M parame-
ters. These results demonstrate that our event-based SSRL
framework can learn representations that surpass the capa-
bilities of fully-supervised and more complex models. For
instance, our pre-trained 2D-CNN (i.e., a ResNet-18 archi-
tecture) achieves an increase of +1.48% in accuracy com-
pared to EST [8], a ResNet-34 model pre-trained on Ima-
geNet [4].

Table 2 provides the performance comparison on the N-
Cars dataset [19]. Similarly to our observations for ASL-

Method Description Accuracy (%)
RG-CNNs [3] Graph Neural Network 90.1

EST [8]
Learned event representation + ResNet34

(pretrained on ImageNet [4]) 97.9

MVF-Net [5] Graph Neural Network 97.1
EV-VGCNN [6] Voxel + Graph CNN 98.3
VMV-GCN [22] Graph. Neural Network 98.9

AMAE [7]
Adaptive Motion Encoder + ResNet-34

(pretrained on ImageNet [4]) 98.4

ESTF-Net [20] Spatial and Temporal Vision Transformer 99.9

Ours
2D-CNN on Linear Protocol

(unsupervised features) 99.38

Ours 2D-CNN - SemiSup-05% 97.06
Ours 3D-CNN - SemiSup-10% 99.70

Table 1. Performance comparison with fully-supervised methods
on ASL-DVS [3].

DVS, our reported ConvEncs on the Transfer Learning Pro-
tocol show competitive performance and are only outper-
formed by a heavier CNN architecture (ResNet-34) trained
with EventMix. This suggests the good transferability of
the learned representations for event-based object recogni-
tion tasks.

Table 3 details the performance comparison on the N-
Caltech101 dataset [16]. Our approach outperforms nu-
merous fully-supervised models based on graph neural net-
works [3,5,17], but has lower scores than other works based
on CNN architectures. It can be explained by the fact that
the proposed event-based SSRL framework cannot learn
discriminative features for a large number of categories (e.g.
101 classes for N-Caltech101). Still, the results remain en-
couraging since they are obtained with little to no supervi-
sion.

Table 4 provides the comparison of performance on the
DVSGesture dataset [1]. The results indicate that the 3D-
CNN model fine-tuned on 25% of the training set per-
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Figure 1. Examples of Common EDAs.

Method Description Accuracy (%)
RG-CNNs [3] Graph Neural Network 91.4

EST [8]
Learned event representation + ResNet34

(pretrained on ImageNet [4]) 91.9

Bina-Rep [2] ResNet-18 92.04
MVF-Net [5] Graph Neural Network 92.7
AsyNet [15] Asyn. Sparse VGG13 94.4

EV-VGCNN [6] Voxel + Graph CNN 95.3
EventMix [18] ResNet-34 + EDA 96.54

Ours
3D-CNN on Transfer Learning Protocol
(features pretrained on ASL-DVS [3]) 95.64

Ours
2D-CNN on Transfer Learning Protocol
(features pretrained on ASL-DVS [3]) 94.61

Ours
CSNN3D on Transfer Learning Protocol

(features pretrained on ASL-DVS [3]) 93.35

Table 2. Performance comparison with fully-supervised methods
on N-Cars [19].

forms better than Bina-Rep [2], a ResNet-18 architecture
trained with a specific spatiotemporal event representation
technique. However, the other fully-supervised approaches
achieve superior results compared to our event-based SSRL
pretraining. These findings suggest that our approach has
some limitations in learning optimal representations for
spatiotemporal event-based vision tasks like activity recog-

Method Description Accuracy (%)
RG-CNNs [3] Graph Neural Network 65.70
AEGNN [17] Graph Neural Network 66.80
MVF-Net [5] Graph Neural Network 68.70
AsyNet [15] Asyn. Sparse VGG13 74.50

VMV-GCN [22] Graph. Neural Network 77.80
NDA [12] Spiking ResNet-19 + EDAs 78.00
NDA [12] Spiking VGG11 + EDAs 81.70

Ours
3D-CNN on Linear Protocol

(unsupervised features) 69.46

Ours 2D-CNN - SemiSup-10% 64.64
Ours 2D-CNN - SemiSup-25% 72.79

Table 3. Performance comparison with fully-supervised methods
on N-Caltech101 [16].

nition. This may be attributed to the design of our method,
where the ConvEncs produce features computed over the
entire sequence, which is more effective for extracting spa-
tial information but less so for temporal information.

Table 5 presents the performance comparison on the
DailyAction-DVS dataset [14]. Our CSNN2D with fea-
tures pre-trained on DVSGesture [1] outperforms all pre-
vious works without the need for finetuning the ConvEnc.



Figure 2. Examples of Geometric EDAs.

Method Description Accuracy (%)
Bina-Rep [2] ResNet-18 87.88
TrueNorth [1] CSNN (16 layers) 91.77
LIF-Net [9] CSNN (8 layers) 93.40
Rollout [11] Spiking VGG16 95.98

EventMix [18] ResNet-18 + EDA 96.75
TA-Net [24] CSNN + Temporal Attention 98.61

Ours
3D-CNN on Linear Protocol

(unsupervised features) 89.77

Ours 3D-CNN - SemiSup-10% 81.44
Ours 3D-CNN - SemiSup-25% 90.15

Table 4. Performance comparison with fully-supervised methods
on DVSGesture [1].

This highlights the high transferability of our event-based
SSRL framework. However, it should be noted that pre-
vious works evaluated on this dataset are not deep neural
networks like our ConvEnc. Therefore, the difference in
complexity must be taken into account when comparing the

Method Description Accuracy (%)
[21] SNN with SPA learning 68.30
[13] SNN with SPA learning 76.90

Motion-based SNN [14] Motion-sensitive neurons + SNN classifier 90.30

Ours
CSNN2D on Transfer Learning Protocol
(features pretrained on DVSGesture [1]) 91.03

Table 5. Performance comparison with fully-supervised methods
on DailyAction-DVS [14].

results.



Figure 3. Examples of Drop-based EDAs.
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