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Context-aware Sparse Spatiotemporal Learning for Event-based Vision

Shengi Wang and Guangzhi Tang

Abstract— Event-based camera has emerged as a promising
paradigm for robot perception, offering advantages with high
temporal resolution, high dynamic range, and robustness to
motion blur. However, existing deep learning-based event pro-
cessing methods often fail to fully leverage the sparse nature
of event data, complicating their integration into resource-
constrained edge applications. While neuromorphic comput-
ing provides an energy-efficient alternative, spiking neural
networks struggle to match of performance of state-of-the-
art models in complex event-based vision tasks, like object
detection and optical flow. Moreover, achieving high activation
sparsity in neural networks is still difficult and often demands
careful manual tuning of sparsity-inducing loss terms. Here,
we propose Context-aware Sparse Spatiotemporal Learning
(CSSL), a novel framework that introduces context-aware
thresholding to dynamically regulate neuron activations based
on the input distribution, naturally reducing activation density
without explicit sparsity constraints. Applied to event-based
object detection and optical flow estimation, CSSL achieves
comparable or superior performance to state-of-the-art meth-
ods while maintaining extremely high neuronal sparsity. Our
experimental results highlight CSSL’s crucial role in enabling
efficient event-based vision for neuromorphic processing.

I. INTRODUCTION

Event camera has emerged as a promising paradigm for
visual perception in robotics, offering advantages such as
high temporal resolution, high dynamic range, and robust-
ness to motion blur compared to conventional frame-based
cameras [1]. These attributes make event cameras well-suited
for real-time applications in dynamic environments, such
as autonomous driving [2] and drone-based agile flight [3].
However, despite these advantages, many existing methods
still treat event-based vision as a conventional visual process-
ing task, failing to fully exploit the inherent sparsity of event
data [4], which can be a limiting factor for real-time robotics
applications, especially on resource-constrained platforms.

Neuromorphic computing offers an alternative paradigm
for processing event data, leveraging the inherent sparsity of
event streams to achieve high energy efficiency [5]. There-
fore, to fully take advantage of neuromorphic computing, it’s
necessary for the neural network model to maintain neuron
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Fig. 1. An overview of the proposed Context-aware Sparse Spatiotemporal
Learning (CSSL) framework. CSSL introduces context-aware thresholding
to dynamically regulate activations in convolutional modules, selectively
filtering out redundant activations while preserving essential information.
The framework is applied to event-based object detection and optical flow
estimation.

activation sparsity. While sparse computing on neuromor-
phic platforms is promising, training sparse networks can
be challenging and often requires careful tuning of loss
functions to achieve satisfactory performance [6], [7]. To
bridge this gap, recent approaches have introduced sparse
convolutional recurrent learning, which maintains activation
sparsity in recurrent neural networks while preserving the
representational capacity [8].

Another promising method to maintain activation sparsity
while keeping robust feature learning is introducing a self-
adaptive mechanism, that regulates neuron action dynami-
cally based on input characteristics. The context-awareness
mechanism in neural networks can dynamically modulate
network parameters, activations, or connections based on
contextual features extracted from the input [9], which
contrasts with traditional networks where the processing
remains fixed regardless of the input. These mechanisms
allow the network to adapt its processing strategy to focus
on the most relevant information in the input, improving
performance, efficiency, or robustness. Since the relevant
information within an event stream can vary significantly
depending on the motion patterns, lighting changes, and
object interactions, context awareness mechanism aligns well
with event-based vision.

Inspired by recent advances in context-aware neural net-
works [10], we proposed Context-aware Sparse Spatiotem-
poral Learning (CSSL), a novel framework that dynamically
modulates neuron activations based on contextual informa-
tion to address these challenges. Unlike standard activation
functions such as ReL.U, which apply fixed thresholds, CSSL
learns adaptive thresholds based on the input distribution,
ensuring that only the most relevant neurons are activated. By
incorporating context-aware thresholding into both convolu-
tional and recurrent architectures, CSSL maximizes computa-
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tional efficiency while improving task-specific performance.
Our key contributions are as follows:

o Context-aware sparse spatiotemporal learning frame-
work: We introduced a novel context-aware learning
approach that dynamically adjusts activation thresholds
based on contextual information, enhancing spatial spar-
sity while preserving key event-driven features.

« Efficient spatiotemporal learning: We extended context-
aware thresholding to both convolutional layers and
convolutional recurrent units, enabling efficient process-
ing of event-based data.

o Generalization to multiple tasks: We applied CSSL to
event-based object detection and optical flow estimation,
demonstrating state-of-the-art computation efficiency
with minimal performance loss.

o Computational efficiency: Our experiment results show
that CSSL significantly reduces computational overhead
while maintaining accuracy, making it well-suited for
real-time robotic applications.

II. METHODS
A. Overview of CSSL

Event-based convolution is a specialized approach de-
signed for sparse, asynchronous data processing in neuro-
morphic systems. Unlike standard convolutional operations,
which process all pixels in a frame simultaneously, event-
based convolution operates on individual spikes (events), sig-
nificantly reducing computational redundancy and improving
efficiency. Traditional frame-based convolutions store and
process all pixels uniformly, requiring large memory over-
heads. In contrast, event-driven depth-first convolution priori-
tizes processing events as they arrive, integrating information
incrementally and releasing memory as soon as it is no longer
needed. This technique ensures efficient computation while
keeping memory requirements low, making it particularly
well-suited for event-based vision applications with dynamic
and sparse input patterns.

Building upon event-based convolution [11], we proposed
Context-aware Sparse Spatiotemporal Learning (CSSL), a
novel framework that introduces context-aware thresholding
to dynamically modulate the activation of 2D convolution
blocks. To enhance sparsity within convolution computing,
we introduce this context-aware thresholding mechanism that
adaptively filters activations based on input contextual fea-
tures. Unlike traditional activation functions (e.g. ReLU) that
apply a fixed threshold, our method dynamically determines
the threshold value based on the input distribution. The
threshold is derived by applying convolution to the input
feature, ensuring that its spatial dimensions remain consistent
with those of the output feature. The CSSL approach is
highly flexible and can be applied to both standard convolu-
tional layers and convolutional recurrent units, making it a
generalizable solution for event-based visual processing.

B. Context-aware Threshold for 2D Convolution

Compared to the normal 2D convolution layer generating
dense hidden output feature, the context-aware thresholding

mechanism generates key events to keep output sparse.
Specifically, given an input feature map x, the threshold vt(,tl)
is computed as Equation 1:

Ut(;? =0 (Wuas(t) + bq,)
g(t) — me(t) + by

- t
gﬂ:H(ﬁﬂ_v$>

O = 50 @ 50

)

where W, and b, denote convolution kernel and bias
which computes threshold from input feature (*). The terms
W, and b, denote the convolution parameters that process
the input feature into an intermediate representation §(*). The
symbol ® denotes element-wise product and o(-) denotes
the sigmoid function ensuring that the computed threshold
Ut(;? are projected into the normalized range of [0,1] and the
sparse output feature is positive. The context-aware convo-
lution unit dynamically regulates activations by applying a
pixel-wise threshold to the processed feature map. As shown
in Figure 2(a), the event activation mask s*) is generated
using a Heaviside step function H(-) every time step which
selectively retains informative features while filtering out
less relevant activations. This mechanism enhances spatial
sparsity by suppressing unnecessary computations while
preserving meaningful event-based information. We used a
surrogate gradient to estimate the backpropagated gradient
of H(-) using the same methods presented in [12].

Given that event-based inputs are inherently spatially
sparse, maintaining a dense output across the network is both
computationally inefficient and unnecessary for effective
feature learning. Instead of applying a uniform threshold
across all activations, our proposed pixel-wise context-aware
thresholding dynamically adjusts the activation threshold at
each spatial location based on the local input context. This
ensures that only informative event-driven activations are
retained, while irrelevant or noisy activations are suppressed.
By leveraging this fine-grained sparsity control, our method
enhances computational efficiency and optimizes feature
representation, making it particularly well-suited for event-
based vision tasks where the relevant information is non-
uniformly distributed across the input space.

C. Context-aware Threshold for Residual block

We integrate context-aware thresholding with residual
block as shown in Figure 2(b). To accommodate the sparse
input feature in the second convolutional layer, the first
convolutional layer is replaced with a context-aware convo-
lution. The output from the second convolution is then split
channel-wise into two components: a threshold and a dense
output feature. The dense output feature is accumulated with
input z(*) with the residual connection. Unlike conventional
residual blocks, which apply neuron-wise additions between
the input and processed feature, our method introduces an
additional thresholding step after accumulation. This ensures
that the final output remains sparse, effectively reducing
redundant activations.
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D. Context-aware Threshold for Event-based Convolutional
Recurrent Learning

To explore the spatiotemporal sparsity in neural network
learning, we extended and generalized our context-aware
thresholding to the sparse convolutional recurrent unit [8].
As illustrated in Figure 2(c), we primarily employed the
Minimal Gated Unit (MGU) [13] for our experiments within
the context-aware convolution recurrent unit, following the
event recurrent processing method in [12]. The context-aware
thresholding can also be applied to other sparse convolutional
recurrent units using the same approach.

As shown in Equation 2, the threshold is obtained by
applying convolution to the sparse hidden state from the
previous time step y(*~1). This design choice is motivated
by the fact that in event-based vision, objects can remain
stationary, causing the event camera to cease generating
new events. In such scenarios, a threshold derived from
the memory cell ensures that the network selectively retains
relevant activations, allowing it to produce accurate outputs
even in the absence of new input events.

Since the output features resulting from the convolution of
the input 2 do not participate in subsequent convolutions,
the dense tensor has a negligible impact on the total number
of synaptic operations (SOp). Standard convolution can be
used without thresholding mechanism. We added an auxiliary
hidden state ¢(*) to the unit, and y® is generated in event-
based form as sparse output of the unit.

FIOpp. (Wwfx(” W,y bf) (2a)
off) = (Way®V +0,) (2b)

h®) = tanh (Wm (f(t) ® y(t_l)) + Waepz™® + bh) (2¢)

PO (1 _ f<t>) ©ct=D 4 FO o O (2d)
s® =H (c(t) - vt(,tl)) (2e)
y(t) = ® ® s (2f)

Inspired by spiking neurons [14] to help to forget, we
add a soft-reset mechanism to c(*) after the conv-rec unit
generating y(*) as shown in Equation 3:

D — o Ugl) ®s® 3)

By dynamically adjusting the hidden state based on the
learned context-aware threshold, network maintains sparse
yet informative representations over time.

E. Apply to robotics application

To evaluate the generalizability of the proposed CSSL
framework, we applied it to two fundamental event-based
vision tasks: object detection and optical flow estimation. By
incorporating CSSL into different neural architectures, we
evaluated its ability to enhance computational efficiency and
task performance across diverse robotic perception applica-
tions. Specifically, we replaced standard convolution layers

with context-aware convolutions, introduced context-aware
thresholding in residual and recurrent blocks.

Our experiments are designed to achieve two primary
objectives. First, we demonstrated that simply replacing
standard convolutional units with our context-aware mod-
ules leads to significant performance improvements across
different tasks. Second, we showed that our context-aware
approach enables the network to naturally achieve high
sparsity and robust performance, even without the need for
specialized sparsity regularization techniques.

III. EXPERIMENTS AND RESULTS

A. Experimental Setup

1) Event-based Object Detection: For the event-based
object detection task, our method was evaluated on the 1
Mpx [15] and Genl [16] datasets, adhering to the stan-
dard evaluation approach outlined in [15]. Performance is
reported by widely used COCO mAP metric [17]. The CSSL
framework incorporated MGU within Conv-Rec modules,
except in Section III-C, where alternative recurrent unit were
explored. The best-performing model on the validation set
was subsequently applied to the test set to obtain the final
mAP score.

We validated the proposed method using the Sparse Event-
based Efficient Detector (SEED) architecture [8], which
includes the backbone and the SSD detection head [18]. The
architecture of the backbone is shown in Table I. The CSSL-
SEED network backbone comprises three key components:
the context-aware convolution module, the context-aware
residual block, the context-aware conv-rec block.

TABLE I
BACKBONE ARCHITECTURE OF SEED-256

Layer Channels out  Dimension out(1Mpx)

CSSL Conv 32 [320, 180]

CSSL Residual Connection 64 [160, 90]
CSSL Residual Connection 64 [160, 90]
CSSL Residual Connection 128 [160, 90]
CSSL ConvMGU 256 [80, 45]
CSSL ConvMGU 256 [40, 23]
CSSL ConvMGU 256 [20, 12]

Using ADAM optimizer, all models are trained with full
precision with the OneCycle scheduler to adjust the learning
rate dynamically. For 1Mpx dataset, models are trained for 50
epochs with the maximum learning rate of 3e-4 and for Genl
datasets, models are trained for 60 epochs with the maximum
learning rate set at 2.5e-4. Using a NVIDIA A100 GPU, we
trained our models with a batch size of 8, sequence length
of 15 on 1Mpx dataset. The training takes approximately 4
days on a single A100 GPU. We trained our models with a
batch size of 5, sequence length of 40 on the Genl dataset.
The training takes approximately 3 days on a single A100
GPU.

2) Event-based Optical Flow: For the event-based optical
flow estimation task, we adopted the same neural network
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Fig. 2. Tllustration of the context-aware thresholding process. The input feature is processed through a context-aware convolution that generates an
adaptive threshold. This threshold selectively filters activations, allowing only informative signals to propagate while suppressing irrelevant ones. Compared
to traditional fixed-threshold activation functions (e.g., ReLU), CSSL dynamically adjusts the threshold based on input distribution, enhancing spatial
sparsity in convolutional layers and spatiotemporal sparsity in recurrent architectures.

architecture as EV-FlowNet in [7]. We integrated our context-  methods in mAP while requiring only 7.4% of the synaptic
aware modules by replacing standard convolution layers with  operations. This result indicates that CSSL effectively bal-
context-aware convolution, conventional residual blocks with  ances accuracy and efficiency by dynamically filtering acti-
context-aware residual blocks, and ConvGRU with context-  vations, thereby reducing redundant computations in dense
aware MGU blocks. Performance was assessed using Aver-  event-based input streams.
age Endpoint Error (AEE) and outlier percentage metrics to Similarly, in the event-based optical flow estimation task,
evaluate both accuracy and robustness. our CSSL-integrated models demonstrate superior computa-
We followed the experimental setup outlined in [7]. The tional efficiency compared to conventional recurrent-based
network architecture, training strategies, and evaluation pro-  architectures. As summarized in Table III, the fully CSSL-
tocols remain consistent with [7]. The AdamW optimizer integrated CSSL-EV-FlowNet achieves an AEE of 2.38,
was employed, with a OneCycle learning rate scheduler outperforming RNN-EV-FlowNet [7] with specialized FA-
dynamically adjusting the learning rate during training, with TReLU sparsification, and only 62.8% neuron density com-
a maximum learning rate of 2e-4. The model was trained pared to it.
for 100 epochs on the UZH-FPV dataset [19]. Inference and Our experimental results demonstrate the effectiveness
evaluation were conducted on the MVSEC dataset [20]. The of CSSL in improving both computational efficiency and
training takes approximately 10 hours on a single RTX4090 task performance across event-based object detection and
GPU. optical flow estimation tasks. The integration of context-
aware thresholding in convolutional and recurrent modules
enables our models to selectively retain informative activa-
We benchmarked our model against state-of-the-art meth-  tjons, reducing computational redundancy while maintaining
ods for event-based vision in Table II for object detection  accuracy. The sparsity-driven approach of CSSL allows for a
and Table III for optical flow estimation. more efficient allocation of computational resources, making
In the event-based object detection task, CSSL signif- it highly suitable for real-time robotic applications where

icantly reduces synaptic operations while preserving high  power and memory efficiency are critical.
detection accuracy. As shown in Table II, the CSSL-based

models outperform conventional architectures in terms of ~C. Generalizing to variations of recurrent unit

computational efficiency, achieving comparable or superior We extended the CSSL method to various recurrent archi-
mean Average Precision (mAP) scores with significantly tectures to validate its generalizability, specifically applying
lower GSOp. Notably, the CSSL-MGU model achieves an it to MinimalRNN [26] and GRU [27]. These context-
mAP of 46.4 on the 1Mpx dataset while requiring only 2.8  aware recurrent units, similar to the approach described
GSOp, which is only 32.2% of RVT-S [21]. Compared to  in Section II-D, dynamically generate pixel-wise thresholds
SNN-based solutions, our model outperforms state-of-the-art  from the output feature of the convolution applied to the

B. Experiments results
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TABLE I
COMPARING CSSL-SEED WITH STATE-OF-THE-ART OBJECT DETECTION APPROACHES FOR EVENT-BASED VISION

1 Mpx Genl
Method Network mAP GSOp | mAP GSOp | Param(M)
ASTMNet [22] TACN+ConvRec+SSD 48.3 - 46.7 - >39.6
SNN [23] Spiking DenseNet+SSD - - 18.9 2.33 8.2
SpikeYOLO [24] Spiking+YOLOV8 - - 404 14.3 23.1
RED [15] SENet+ConvLSTM+SSD 43.0 26.1 40.0 8.26 24.1
RVT-B [21] MaxViT+LSTM+YOLOX 474 15.6 47.2 5.05 18.5
RVT-S [21] MaxViT+LSTM+YOLOX 44.1 8.69 46.5 2.78 9.9
RVT-T [21] MaxViT+LSTM+YOLOX 41.5 3.87 44.1 1.29 44
SEED-256 [8] ECNN+EConvGRU+SSD 449 3.83 453 1.32 13.9
SEED-128 [8] ECNN+EConvGRU+SSD 44.1 2.75 44.5 0.99 4.8
CSSL-SEED-256 CSSL-Conv+CSSL-ConvMGU+SSD 46.4 2.80 46.3 1.06 10.7
CSSL-SEED-256 CSSL-Conv+CSSL-ConvGRU+SSD 46.2 3.42 46.4 1.22 139
CSSL-SEED-256  CSSL-Conv+CSSL-ConvMinimalRNN+SSD | 44.8 2.71 45.5 0.99 7.9

TABLE III

COMPARING CSSL-EV-FLOWNET WITH STATE-OF-THE-ART OPTICAL FLOW ESTIMATION APPROACHES FOR EVENT-BASED VISION

Network outdoor_day1 indoor_flying_1 indoor_flying2 indoor_flying3 Average
AEE %outlier AEE %outlier AEE %outlier AEE %outlier AEE %outlier Dens.(%)
EV-FlowNet(GRU) [25] 1.69 12.50 2.16 21.51 3.90 40.72 3.00 29.60 2.94 29.35 -
RNN-EV-FlowNet [7] 1.69 12.96 2.02 18.74 3.84 38.17 2.97 27.91 2.88 27.32 16.90
CSSL-EV-FlowNet 1.55 11.64 1.84 14.84 3.43 33.77 2.68 25.01 2.38 21.31 10.61

previous hidden state y(*—1) at the current time step, as
formulated in Equation 2b. Additionally, we introduced an
auxiliary hidden state ¢(*) in Equation 2d and applied the
thresholding mechanism to regulate its updates, ensuring the
generation of events, as described in Equation 2e. However,
we did not extend our method to LSTM due to its additional
memory cell, which introduces a separate gating mechanism.
This additional memory cell complicates the direct integra-
tion of our context-aware thresholding approach, making it
less compatible with the sparsity-driven processing strategy
employed in CSSL.

We evaluated our method on the event-based object detec-
tion task on the 1Mpx and Genl datasets, with the results
presented in Table II. Notably, GRU achieves comparable
performance to MGU while requiring slightly higher synaptic
operations and parameter count. In contrast, MinimalRNN
exhibits lower performance compared to both MGU and
GRU but benefits from a reduced model size, highlighting a
trade-off between efficiency and accuracy.

D. Effectiveness of context-aware sparse learning

To assess the effectiveness of our proposed context-aware
thresholding method, we compared it with a baseline model
that employs standard ReLU activation in all straight-forward
convolutional layers and incorporates a sparsity loss function,
as shown in Equation 4, where [Ssperse is the weighting
coefficient of the sparsity loss, n represents the index of a
training sample, /N denotes the mini-batch size, ¢ corresponds
to the step index within a training sample, 1" represents the
total number of steps per sample, [ indicates the index of the
layer, L is the overall number of layers, and x refers to the
activation maps.

1 N T L
Lsparse = 5sparseﬁ Z Z Z ||X(n)(t)(l) | ‘ 1 (4)

n=1t=1 =1

We employed a two-stage training strategy to evaluate the
impact of sparsity constraints on model performance and
efficiency. The first stage follows the same setup as described
in Section III-A, with training conducted without the sparsity
loss constraint. In the second stage, we introduced the
sparsity loss and vary its values to assess its effect on
performance. Throughout all experiments, we used MGU as
the recurrent unit for all convolution recurrent modules. The
results are summarized in Table IV.

TABLE IV
RESULTS WITH SPARSITY LOSS

1Mpx

Conv + ReLU + L1 CSSL + L1
Bsparse mAP GSOp mAP  GSOp

1 374 1.85 40.0 1.54

0.1 44.8 3.38 46.1 2.17

0.04 44.9 5.18 46.3 2.63
0.01 45.1 5.66 46.2 2.75
0.001 443 5.84 46.0 2.82

W/O Bsparse  45.8 5.95 46.4 2.8

First, we evaluated a baseline model that replaces our
context-aware thresholding with a straightforward convo-
lution that incorporates the ReLU activation function. As
observed in Table IV, this modification leads to a decrease
in mAP performance in the 1Mpx dataset by 0.6, with
synaptic operation increasing by 112.5% compared to our
proposed CSSL approach. These findings indicate that our
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TABLE V
RESULT COMPARISON OF AVERAGE NEURAL ACTIVATION DENSITY OF EACH SEED LAYER

Average Neural Activation Density (with mAP)
CSSL without sparsity loss (46.4) | SEED without sparsity loss (45.0) | SEED + L1 (0.1) sparsity loss (44.2)
Convl 0.47 0.66 0.52
Res1_Convl 0.17 0.61 0.53
Res1_Conv2 0.20 0.72 0.45
Res2_Convl 0.10 0.56 0.50
Res2_Conv2 0.46 0.84 0.66
Res3_Convl 0.07 0.43 0.36
Res3_Conv2 0.12 0.50 0.38
Recurrent1 0.08 0.05 0.05
Recurrent2 0.07 0.05 0.04
Recurrent3 0.06 0.04 0.04

context-aware thresholding mechanism not only improves
computational efficiency but also enhances the model’s abil-
ity to extract meaningful features. Additionally, we examined
the effect of different 34p4rse values on training outcomes.
The results highlight that the choice of Ssparse significantly
influences the detection performance. This underscores the
advantage of our CSSL method, which achieves optimal
performance in a single-stage training process without fine-
tuning sensitive hyperparameters.

Furthermore, we investigated whether adding a sparsity
loss directly to a pre-trained CSSL model could further
reduce the number of synaptic operations. As shown in
Table IV, when setting Bsparse to 0.04, the model main-
tains nearly the same performance while achieving a 6%
reduction in synaptic operations. However, when increasing
Bsparse further in an attempt to further decrease synaptic
operations, we observed a notable performance degradation.
These findings suggest that our proposed CSSL approach
inherently achieves a near-optimal trade-off between perfor-
mance and computational efficiency in the first-stage train-
ing itself, without requiring additional sparsity constraints.
This demonstrates the effectiveness of our context-aware
thresholding mechanism in maximizing performance while
minimizing computation cost.

IV. COMPARING PER-LAYER ACTIVATION DENSITY

To further assess how context-aware thresholding enhances
activation sparsity, we measured the mean activation density
for every layer of the SEED-256 architecture with and
without using the proposed CSSL framework (Table V).
The activation densities were averaged over the test split of
the 1Mpx object-detection dataset. Relative to the baseline
SEED model trained with a sparsity loss, our proposed
CSSL approach lowers the activation density in convolutional
layers, without requiring an additional, compute-intensive
fine-tuning phase.

V. DISCUSSION AND CONCLUSION

This paper presents CSSL, a computationally efficient
framework for event-based vision. By applying context-
aware thresholding mechanism, CSSL effectively reduces
neuron activation density in convolutional modules, improv-
ing computation efficiency and task performance. Unlike

traditional sparsity-driven networks that rely on explicit spar-
sity regularization, CSSL naturally achieves high activation
sparsity by dynamically adapting thresholds based on the
input distribution. This eliminates the need for manually
tuned sensitive sparsity hyperparameters, making training
more stable and efficient. Our approach directly addresses
the challenge of high-cost spatiotemporal processing, setting
a new benchmark for efficient event-based object detection
and optical flow estimation for neuromorphic methods.

As neuromorphic processors increasingly support deep
learning models [28], [29], [30], CSSL is positioned to sub-
stitute spiking neural networks on neuromorphic processors
with superior performance while maintaining low energy
consumption.

Beyond object detection and optical flow, the principles
of context-aware thresholding can be extended to various
event-based tasks, including motion prediction, agile flying,
and autonomous navigation. Integrating CSSL with recent
advancements in event-based preprocessing [31], [32] could
further enhance its adaptability across diverse applications.
Additionally, the potential for ultra-fast inference with mini-
mal neuron activation makes CSSL an ideal option for real-
time edge deployment in high-speed robotics and automotive
systems, where efficiency and responsiveness are important.
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