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Abstract. Event cameras offer low-power visual sensing capabilities
ideal for edge-device applications. However, their high event rate, driven
by high temporal details, can be restrictive in terms of bandwidth and
computational resources. In edge AT applications, determining the min-
imum amount of events for specific tasks can allow reducing the event
rate to improve bandwidth, memory, and processing efficiency. In this
paper, we study the effect of event subsampling on the accuracy of event
data classification using convolutional neural network (CNN) models.
Surprisingly, across various datasets, the number of events per video
can be reduced by an order of magnitude with little drop in accuracy,
revealing the extent to which we can push the boundaries in accuracy
vs. event rate trade-off. Additionally, we also find that lower classifica-
tion accuracy in high subsampling rates is not solely attributable to
information loss due to the subsampling of the events, but that the
training of CNNs can be challenging in highly subsampled scenarios,
where the sensitivity to hyperparameters increases. We quantify train-
ing instability across multiple event-based classification datasets using
a novel metric for evaluating the hyperparameter sensitivity of CNNs
in different subsampling settings. Finally, we analyze the weight gra-
dients of the network to gain insight into this instability. The code
and additional resources for this paper can be found at: https://github.
com/hesamaraghi/pushing-boundaries-event-subsampling.

Keywords: Event cameras - Event-based video classification -
Sparsity of frame representation in event processing - Accuracy vs.
event rate trade-off - Hyperparameter sensitivity in event data

1 Introduction

Event cameras are power-efficient visual sensors thanks to capturing only changes
in light intensity. They combine exceptionally high temporal resolution and low
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power consumption, making them suitable for edge-device applications [2,12,19].
Examples include real-time interaction scenarios such as simultaneous localiza-
tion and mapping (SLAM) in small aerial vehicles [38] and obstacle avoidance
[8]. In these applications, the visual classification task is essential for identify-
ing, avoiding, or following objects, and navigating through them, for which the
convolutional neural network (CNN) is a popular and well-established model.
Considering the total load of the visual pipeline in such edge applications, event
cameras have the potential to significantly enhance the overall bandwidth and
power efficiency of the system [5]. However, how to maximize the efficiency gains
in the complete framework without compromising task accuracy is not well-
studied.

In high-motion scenarios, the high temporal resolution of event cameras gen-
erates a large number of events, and the maximum event rate can reach up to
one billion events per second [10, 14, 34]. Consequently, transmitting and process-
ing such high-rate event data requires substantial bandwidth and computational
resources, reducing the power efficiency of pipelines with event-based sensors
in high-motion scenarios. Increasing the data bandwidth is not always straight-
forward in edge-device applications, motivating workarounds like filtering out
events in hardware [10] or using event rate control [7] to prevent the bus sat-
uration. Another approach is subsampling events to reduce the computational
cost. However, subsampling risks information loss and can adversely affect the
downstream tasks. The relationship between subsampling level and its effects on
task performance is not straightforward and has been little explored in litera-
ture. Determining the minimum necessary number of events for particular tasks
enables us to tailor the computational processes for edge applications, thereby
enhancing the power efficiency and computational effectiveness of the event pro-
cessing unit.

Here, we study the effect of subsampling on the performance of event data
classification using a CNN model. Surprisingly, our findings show that across
multiple datasets, the number of events per video can be reduced by an order of
magnitude without sacrificing considerable accuracy. Moreover, we observe that
classification accuracy often remains significantly above chance level even when
using as few as 8 or 16 events per video in total (see Fig. 1). This shows that an
unexpected amount of task-relevant information can be retained in just a few
events and showcases the potential for greatly reducing the processing power
requirements for event-based vision.

At the same time, we uncover unexpected challenges associated with sub-
sampling. Specifically, we discover that higher subsampling rates can make the
training of CNNs unstable. We explore this subsampling instability and analyze
the gradient flow and hyperparameter sensitivity.

The contributions of the paper can be summarized as follows:

— We investigate, for the first time, how subsampling affects CNN task perfor-
mance across various event classification datasets.

— We highlight the increased hyperparameter sensitivity in CNN training, par-
ticularly at higher subsampling rates.
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Test Acc. 91.44% 97.99% 99.15% 99.79% 99.76%
# events per video 16 32 64 1024 25000
¢ 5 3
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Class ‘W’

Fig. 1. Illustration of two classes (‘V’ and ‘W’) from the Neuromorphic American Sign
Language (N-ASL) dataset, which includes 24 classes, for different numbers of events
per video. The events are accumulated into a single frame, with red and blue indicating
the two polarities. Even with a significantly reduced number of events, a CNN-based
classifier can still achieve very high accuracies. (Color figure online)

— We introduce a novel metric to quantify the CNN hyperparameter sensitivity
in extremely sparse input regimes.

— We perform a detailed analysis of the gradients to evaluate the effect of sub-
sampling on CNN training stability.

2 Related Work
2.1 Event Classification Using CNNs

Many tasks in event-based machine vision rely on deep neural networks (DNNs)
for processing the events [40]. To use a DNN model, we need to represent the
events in a format which is compatible with the network. One of the commonly
used DNNs for event-based machine vision is the convolutional neural network
(CNN). We concentrate on CNN models in this study since they can offer a
balance between task performance and computational efficiency: While compu-
tationally ‘lighter’ methods like handcrafted approaches [23,29,31] and spiking
neural networks [24,32,37] show limited performance in complex applications,
more recent solutions such as visual transformers [22,39,41] come with a high
computational cost, diminishing the low power advantages of event cameras dur-
ing processing.

For processing the events in a CNN, we first need to convert events into frames
where events are aggregated into an image-like format. Various types of frame-
based representations are proposed. Time surface representation is an image,
with pixel values representing timestamps. For instance, [23] stores the times-
tamp of the most recent event for each pixel. Time surface enables asynchronous
updates and retains temporal information of last events. Event count/histogram
is another image representation generated by counting events in a specific time
window for each pixel [26]. This representation can have the spatial information
of the edges, but it may result in blurry outputs for fast-moving objects. Another
approach is the voxel grid representation [42], which discretizes the time window
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into multiple bins and computes an image for each bin through a weighted sum-
mation of events near that bin. In contrast to predefined representations, [13]
proposed the EST algorithm, which is a learning-based method to generate a
voxel grid representation which can be trained flexibly for various tasks. Due to
its end-to-end representation learning property, we use the EST algorithm [13] to
assess the classification performance of CNNs across different levels of sparsity.
We specifically investigate the effects of input sparsity on training and classifi-
cation accuracy, since input frames constructed from subsampled events lead to
increased sparsity and thus to more efficient processing.

2.2 Sparsity in Event Cameras

Previous works considering sparsity to improve computational efficiency in event
processing include modeling events as point-clouds [31], graphs [15], and employ-
ing sparse CNNs [27]. These models can reduce the computational costs by
increasing the sparsity. However, in this work, we focus on accuracy-sparsity
trade-off instead of computational efficiency. To reduce the bandwidth and com-
putation costs, [11] proposes using a small subset of pixels generating events
for visual place recognition. However, this method relies on event counting for
selected pixels and may not be suitable for other tasks like image classifica-
tion. In [18], the authors introduce spatial downscaling methods based on either
averaging events or estimating luminance. Similarly, in [16], two additional spa-
tial downscaling methods are proposed, using SNN pooling. These techniques
effectively reduce the number of events, and their effect on classification accu-
racy using SNNs is studied in [16,17]. The work by [6] examines the effect of
event downsampling on event rate reduction and classification accuracy, sug-
gesting that reducing the spatial and temporal resolution of input data can
improve classification accuracy and lower data rates while retaining the number
of events. They employ a synaptic kernel inverse method (SKIM) [35]. However,
the performance of SKIM and SNN-based methods used in [6,16,17] does not
match state-of-the-art methods, raising questions about the generalizability of
their findings to more accurate models like CNNs. In contrast, our work focuses
on the impact of event subsampling, where the number of events is significantly
reduced. We examine the effect of subsampling across multiple event datasets
and introduce the challenges of training networks with severe subsampling by
studying hyperparameter sensitivity.

3 Method
3.1 The EST Algorithm for Converting Events to Frames

The EST algorithm [13] automatically learns the mapping between the events
and the frames from the data, making it adaptable to specific tasks. Suppose we
have a set of events in a video denoted by £ = {e;}¥;, where ¢; = (x;,y;, i, pi)
contains the spatial position of the event (z;,vy;), occurring time ¢;, and the
polarity of the event p; € {—1,+1}. The temporal dimension of the video is
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divided into C' equally spaced timestamps {t(2}C |, and for each timestamp
there are two frames one for each polarity, resulting in total 2C frames. The
algorithm trains a multilayer perceptions (MLP) layer as a filter function fy(-) :
R — R with learnable parameters 6 to compute the frame representation V.
Particularly, the value at position (x,y) of frame ¢ with polarity p € {0,1}
equals

N
V(p,c,z,y) = Z ti fo (ti - t(c)) I(x; — 2)I(ys — y)I(pi — p), (1)

where Z(-) : R — {0, 1} is an indicator function which outputs 1 for zero input
and 0 otherwise. After generating the 2C frames from N number of events, a
CNN model performs the classification task, where the number of input channels
for the CNN model equals the number of frames, i.e. 2C.

3.2 Event Subsampling Procedure

For event subsampling, we randomly select from the events within a video. Dur-
ing training, in every epoch, we subsample a new subset of events for each video
rather than fixing the subsampled events for each video during the entire training
process. This approach helps to mitigate overfitting on the training set, which
could occur if a fixed subset of events is used in each epoch. It’s particularly
important in scenarios with sparse input, where the subsampling rate is high.
Additionally, we do not restrict the subsampling of events to specific spatial pix-
els or time intervals. Random subsampling provides better augmentation of the
videos during training, improving the model’s robustness to different subsets of
events in a video. This provides better generalization to sparse inputs at test
time, which might be crucial for real-time applications. By introducing different
subsets of events to the network in every epoch, we try to minimize the impact of
information loss and isolate the effect of sparsity on classification accuracy. The
practical implications of this training approach are discussed in Sect.5. During
testing, the evaluation is conducted 20 times with different random subsamples
for the test set, and the average accuracy is reported.

3.3 Training Procedure

To convert the events into frames, we adopt the settings from the original EST
paper [13] regarding the number of frames. We choose C' = 9 frames for each
positive and negative polarity for any video, yielding a total of 18 channels for the
input of the CNN classifier. As in Eq. (1), pixels that do not correspond to any
event’s spatial location are assigned zero values. Thus, in this conversion method,
higher subsampling rates of the events in the video lead to increased sparsity
of the input frames for the CNN. Therefore, studying the effect of subsampling
is similar to studying the impact of sparsity. Throughout the paper, we train a
ResNet34 [20] as the CNN classifier, using the training set of the corresponding
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datasets. Before training, the weights are always initialized from a ResNet34
model pre-trained on ImageNetlk_v1. More details of the EST algorithm are in
the supplementary material.

3.4 Event Classification Datasets

N-Caltech101 [28]: This dataset is derived from Caltech101 [9], which com-
prises 101 categories of images of various objects. To capture events from the
images, [28] employed an ATIS event camera [30] mounted in front of an LCD
monitor displaying the images. The camera was then moved in three directions
to generate events. The camera motion pattern is identical for all classes, mean-
ing that the temporal information derived from the camera’s movement may not
provide useful features for distinguishing between different object classes.

N-Cars [33]: This dataset captures real-world scenes by mounting an ATIS cam-
era behind the windshield of a car and recording videos while driving in urban
environments. It contains two classes of cars and background scenes, featuring
various background scenarios. Unlike N-Caltech101, motion has a stronger cor-
relations with the class labels.

N-ASL [3]: This dataset consists of handshape movements recorded by a
DAVIS240c event camera, featuring 24 classes corresponding to 24 letters
(excluding J and Z) from American Sign Language (ASL). The camera was
stationary while subjects performed the handshape of each letter.

DVS-Gesture [1]: This dataset demonstrates 11 classes of hand and arm ges-
tures from 29 subjects under 3 different lighting conditions. The gestures were
performed in front of a DVS128 event camera against a stationary background.
Some examples of gestures are hand waving, arm rotating, air guitar, and an
“other” gesture invented by the subject. We used the Tonic library [25] for
downloading and loading the dataset.

Fanlvs3: We introduce a new dataset to evaluate motion to better address the
microsecond temporal resolution of event cameras. We placed a Prophesee Gen4
event camera [10] in front of a rotating fan, with the blades set to two different
speeds, slow (level 1) vs. fast (level 3), corresponding to the two classes of the
dataset. Distinguishing between the classes in this dataset relies more on the
temporal details of the events rather than their spatial information, which makes
it different than the previously mentioned datasets, where spatial information
plays a more important role in classifying the objects. Further details of this toy
dataset are provided in the supplementary material.

4 Experiments
4.1 Accuracy vs. Sparsity in Event Data Classification

We test the resilience of classification accuracy against reducing number of events
per video across various datasets, including N-Caltech101 [28], N-ASL [3], N-
Cars [33], DVS-Gesture [1], and the proposed Fanlvs3. We use Adam [21]
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Table 1. CNN classification accuracy for decreasing the number of events per video
across various datasets. We can reduce the number of events per video by an order of
magnitude without sacrificing considerable accuracy. Even under extreme sparsity (8
or 16 total events per video with 18 frames) the accuracies remain significantly above
chance level.

# events per video

Dataset  # classes 8 16 32 64 512 1024 4096 25000
N-ASL 24 Test Acc. (%) 24.33 91.44 97.99 99.15 99.80 99.79 99.81 99.76
Std. Dev. (%) +28.52 +0.37 +£0.23 =+0.08 +0.01 +0.09 +0.15 +0.28

p-value 0 0 0 0 0 0 0 0
N-Cars 2 Test Acc. (%) 72.51 78.74 83.23 86.58 92.97 93.23 92.46 91.87
Std. Dev. (%) +0.18  +0.12 40.17 +0.16 +0.13 40.20 =40.95 =+0.81

p-value 0 0 0 0 0 0 0 0
DVS-Gesture 11 Test Acc. (%) 47.98 55.99 75.23 84.81 93.37 94.69 95.18 95.33

Std. Dev. (%) +0.21  £0.23 +£2.21 +0.34 +0.65 $0.30 £0.49 =£0.52
p-value 1.08e-2053.25e-282 0 0 0 0 0 0
Fanlvs3 2 Test Acc. (%) 53.35 54.17 56.62 58.53 75.29 94.00 98.24 99.40
Std. Dev. (%) +0.56  +£1.77 +0.42 +0.99 +1.19 +5.69 £0.79 =+0.51
p-value 3.67e-01 2.86e-01 1.54e-011.06e-019.76e-06 7.48e-17 1.02e-20 2.61e-22
N-Caltech101 101  Test Acc. (%) 25.20 31.37 39.00 46.19 67.85 74.06 82.87 88.62
Std. Dev. (%) +0.17  +0.15 +0.21 +0.19 +0.42 +0.54 £0.47 =+0.51

p-value 0 0 0 0 0 0 0 0

for optimization with the ‘Reduce on Plateau’ learning rate scheduler for all
experiments. The reduction factor is set at 2, and the patience parameter is
determined based on the number of epochs, with values of 20 for 100 epochs, 40
for 250 epochs, and 75 for 500 epochs. The batch size, learning rate, weight decay
coefficient, and number of epochs are chosen to be the same across all sparsity
levels of the same dataset. For each dataset, we picked a set of hyperparameters
which could converge to a high accuracy at every sparsity level based on a small
preliminary experiments, except N-Cars, for which we adopt the values from
the EST paper [13]. For the exact values of the hyperparameters, please see the
supplementary material. For the test set, the evaluation is conducted 20 times
with different random subsamples, and the average accuracy is reported.

In Table 1, we present the classification accuracy of the EST algorithm with
the ResNet34 model with varying numbers of subsampling for different datasets.
Each entry represents the average accuracy over 5 independent runs with differ-
ent seeds (in black), and their standard deviation (in red). The results demon-
strate a decrease in accuracy as the number of events per video decreases, which
is not surprising due to the loss of information incurred by removing events.
However, it’s notable that the network maintains accuracy levels close to those
achieved with denser cases for even unexpectedly small numbers of events per
video. For instance, in the N-ASL dataset, even with only 64 events per video,
distributed over 18 frames, the accuracy remains at 99%. Similarly, across other
datasets, we observe that the CNN can still perform classification above chance
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level while reducing total events per video considerably. To show that the accura-
cies significantly exceed the corresponding chance levels, we compute the p-value
for each mean accuracy in Table 1 using the one-tailed binomial test (in blue).
For all datasets, except Fanlvs3, the p-values are almost zero for different sub-
sampling levels. Thus, even with just 8 or 16 events per video, distributed over
18 frames, the accuracies are significantly higher than chance level. Here, the
Fanlvs3 dataset serves as an extreme case where CNNs struggle with the high
sparsity of the input. Because the classes are distinguished by the fan speed, the
temporal details of the events play a more crucial role than the spatial details.
Our procedure of randomly subsampling the events then makes it challenging
for the network to accurately classify speeds, especially as the number of events
is decreased. This highlights the subsampling sensitivity in applications where
temporal details are more important because as we reduce the number of events,
temporal information is lost faster than spatial information. For better visual-
ization, the accuracy curves from Table 1, along with their standard deviations,
are presented in the supplementary material.

4.2 Hyperparameter Sensitivity with Increasing Sparsity

In this subsection, we study the effect of subsampling on the training procedure
of a CNN model. While experiments of the previous subsection have shown that
CNNS5 can maintain high accuracies even with sparse input data, it is essential to
recognize that sparse input in CNNs introduces new challenges. As we sample less
events per video, we inevitably lose information from the removed events, and
the trivial consequence is a drop in classification accuracy. However, in addition
to this effect, we find that the sensitivity of training to hyperparameters may
also increase, making the training more challenging. To investigate it further,
we compare the distributions of classification accuracy for different optimization
hyperparameter sets in two scenarios: 1. with sparse input and 2. with dense
input.

In our analysis, we focus on four datasets—Fanlvs3, DVS-Gesture, N-
Caltech101, and N-ASL—to analyze how varying levels of subsampling affect
the training process and sensitivity to optimization hyperparameters. We select
three optimization hyperparameters (HPs) to tune: learning rate, batch size, and
weight decay. To cover a wide range of possibilities, we choose learning rates from
the set {107¢}9_,, ensuring that the range is large enough to have performance
drops at both the upper and lower bounds. Weight decay values are selected
from the set {0} U {107¢}%_,. For batch sizes, we consider {1,8, 16,32, 64,128}
for all datasets except Fanlvs3, where we exclude a batch size of 128 due to
GPU memory limitations. We determine the number of epochs such that the
loss curves reach convergence. Specifically, we choose 250 epochs for Fanlvs3,
DVS-Gesture, and N-Caltech101, and 100 epochs for N-ASL. Other HPs, such
as the optimizer (Adam), learning rate scheduler, reduce factor, patience, and
number of epochs remain consistent with those used in Sect.4.1. We randomly
select 50 sets of HPs from the specified settings. For each set, we conduct train-
ing with 3 different seeds for both sparse and dense cases, resulting in a total of
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Fanlvs3 dataset (dense case)
Learning rate batch size weight decay accuracy
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Fig. 2. Parallel coordinate plots showing HP tuning results for Fanlvs3 dataset using
dense and sparse inputs. HPs: learning rate, batch size, and weight decay. In the dense
setting, we observe test accuracies concentrated near the maximum accuracy, while in
the sparse setting, we observe a small number of runs achieving the maximum accuracy.
The plots are from the Weight and Biases website [4].

300 different training instances per dataset. In the dense case, we choose 25,000
events per video, while for the sparse case, we select 1,024 events per video
for Fanlvs3, 64 for DVS-Gesture, 512 for N-Caltech101, and 8 for N-ASL. The
dataset-specific choice of the number of events per video in sparse case is based
on the sparsity levels where we started observing instability in training for each
dataset. For example, for N-ASL, the number of events per video had to be
decreased to below 16 to observe a substantial drop in accuracy.

Figure 3 illustrates histograms of accuracies for all 300 experiments with dif-
ferent HP sets. For datasets except N-Caltech101, we observe a notable distinc-
tion between the dense and sparse cases. In the dense case, runs for different
HP sets tend to cluster near the highest achievable accuracy, while in the sparse
case, we observe a noticeable gap between the main cluster of runs and those
achieving the highest accuracy.
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Fig. 3. Histograms of all 300 accuracies attained during hyperparameter tuning for
both dense and sparse input scenarios (first column), and boxplots of test accuracies
obtained using each individual hyperparameter: learning rate, batch size, and weight
decay (second to fourth columns). The blue curve represents the mean test accuracies.
(Color figure online)

Figure 3 also shows the dependencies of test accuracies to each HP individu-
ally. Each box in the boxplot figures of the second to fourth columns shows the
test accuracies corresponding to all the experiments with specific values of that
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individual hyperparameter Notably, in the sparse case, sensitivity to individual
HPs is higher compared to the dense case. Among the HPs, the variation of
learning rate more significantly affects the test accuracies. The behavior of the
N-Caltech101 dataset differs from that of other datasets, suggesting that sensi-
tivity to HPs is not a universal behavior in sparse input cases. Nevertheless, we
argue that such sensitivity may arise in some datasets, and propose to consider
extensive hyperparameter tuning during model development in sparser scenar-
ios. In the N-Caltech101 dataset, it appears that the loss of information plays a
more significant role in the accuracy drop than sensitivity to HPs.

Figure 2 presents parallel coordinate plots of hyperparameter (HP) tuning
for the Fanlvs3 dataset using dense and sparse inputs from the Weight and
Biases [4] website. Each string represents a set of HPs, and we observe that in
the dense case, the concentration of test accuracies is near the peak. Conversely,
in the sparse case, only a small number of HP sets manage to achieve accuracy
levels close to the peak. This suggests the increased importance of HP tuning
during training in sparse cases to ensure that performance reaches its maximum
potential.

To quantify the level of sensitivity to HPs, we propose a hyperparameter
sensitivity metric based on the clustering of accuracies for different HP sets.
First, we employ the K-means algorithm to cluster the accuracies into K clusters.
Next, we compute the distance between the centers of the most populated cluster
(i.e., the cluster with the most runs) and the cluster with the maximum accuracy.
To account for the different maximum accuracies in dense and sparse cases,
we normalize the obtained distance by dividing it by the maximum achieved
accuracy. In scenarios where the number of runs concentrated near the maximum
accuracies is low, such as in the Fanlvs3 dataset, we need to select a larger
number of K to prevent the high-accuracy cluster from merging with other
clusters incorrectly. For this, we compute the normalized metric for a range of
K values, i.e. from 2 to 10. Then, we select the maximum value over different
K values in search of at least one popular cluster falling far apart from the
high-accuracy cluster. Table 2 displays the HP sensitivity metric, as well as the
mean and maximum test accuracy and the percentage of improvement observed
from mean to maximum accuracy for each dataset for dense and sparse cases. In
most datasets, excluding N-Caltech101, the metric indicates a higher sensitivity
to HPs when the input is sparse, and the improvement from mean to maximum
accuracy is more substantial in the sparse case.

4.3 Gradient Diversity in the Sparse vs. Dense Case

In this subsection, we examine how the subsampling level of an event video
affects the gradients in the network. We first randomly select a video from the
training set of the Fanlvs3 dataset and generate M = 100 different subsamples
from it for both the sparse (1,024 events) and the dense (25,000 events) case.
For each subsample, we compute the loss and obtain the gradient of the loss
with respect to the weights of L = 5 different layers, corresponding to the last
convolutional layer of each block in the ResNet34 network. We pick these layers
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Table 2. Hyperparameter (HP) sensitivity metric along with mean and maximum test
accuracies for dense and sparse cases for different datasets. Higher values for the metric
T indicate a higher sensitivity to HPs. For most datasets, the HP sensitivity metric as
well as the improvement from mean to maximum test accuracy is larger in the sparse
case (in bold) compared to the dense case.

Dataset N-ASL Fanlvs3 DVS-Gesture/N-Caltech101
dense|sparse |dense |sparse/dense |sparse |dense |[sparse

# events 25000/8 25000 [1024 |25000/64 25000 512

Hyperparameter sensitivity metric

val. metric 0.000 0.915 |0.000 0.471/0.060 |0.191 |0.122/0.098

test metric 0.021|0.887 |0.000 (0.145/0.196 |0.230 |0.279/0.101

Mean and maximum test acc.

mean test acc. (%) 80.7425.09 (95.14 |76.62 |75.22 61.50 [69.23 |55.41

max. test acc. (%) 99.95 65.57 {100.0099.62 [96.37 |86.34 |89.55 |69.88

max. to mean improvement (%) 23.79 161.34|5.10 |30.01|28.13|40.38 |29.34/26.11

to study the gradients at different depths of the network. The specific layers
chosen for gradient computation are detailed in the supplementary material. For
subsample ¢ € {1,..., M} and layer € {1,..., L}, we denote the gradient vector
as vz(l) € RPt where p; is the number of learnable weights in layer [. Then, we
compute the pairwise cosine similarity between vgl) and v](.l) for all unique pairs in
{(4,7)]1 <i < j < M} for each layer. The total number of cosine similarities for
each layer equals MMM=1) — 4950. To demonstrate the diversity of the gradients,
we illustrate the histogram of the cosine similarities separately for each layer for
both sparse and dense cases.

Figure 4 displays the histograms of cosine similarity between unique pairs of
gradient vectors. We show histograms for both untrained and fully trained net-
works. Values closer to 1 in the histograms show greater alignment among the
gradients, while values close to 0 show higher gradient diversity. At the begin-
ning of training, when the network is untrained, the gradients are diverse for
both sparse and dense cases. For the trained network, we observe that gradients
are more aligned in the dense case compared to the sparse case, which is in line
with the results of Sect. 4.2 about the difficulty of training networks with sparse
inputs. Higher gradient diversity suggests that the network may not travel far
from the initial weights during gradient descent, instead taking a random walk
around the initialization point. Conversely, greater consensus among the gradi-
ents of different subsamples during training, i.e. closer values to 1, contributes
to faster convergence of the network towards final weight values. Furthermore,
as we progress to deeper layers of the trained network, gradients tend to be
more aligned for both sparse and dense inputs. This can be attributed to the
larger receptive field in deeper layers, allowing the network to develop a global
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Layer name: convl Layer name: layerl.2.conv2 Layer name: layer2.3.conv2 Layer name: layer3.5.conv2 Layer name: layer4.2.conv2

== sparse W= sparse == sparse W= sparse == sparse
dense dense dense dense dense

-0.200 02 04 06 08 1.0 -0.2 00 02 04 06 08 10 -0.20.0 02 04 06 08 1.0 -0.2 00 02 04 06 08 10 -020.0 0.2 04 06 08 1.0

(a) Untrained network

Layer name: convl Layer name: layerl.2.conv2 Layer name: layer2.3.conv2 Layer name: layer3.5.conv2 Layer name: layer4.2.conv2

e sparse e sparse e sparse e sparse
dense dense dense dense

e sparse
dense

—0.2 00 02 04 06 08 10 -0200 0.2 04 06 08 10 -0200 02 0.4 06 08 1.0 -0.2 00 02 04 06 08 1.0 —-0.2 0.0 0.2 0.4 06 08 1.0

(b) Trained network

Fig. 4. Histogram of cosine similarities for both dense and sparse inputs for the (a)
untrained network and (b) trained network. Values close to 1 indicate greater alignment
among gradients. For the trained network, gradients are more aligned in the dense case,
and as we progress to deeper layers (from left to right), the alignments increase for both
sparse and dense cases.

understanding of the input video, thereby reducing the influence of different
subsampling on these layers.

5 Discussion and Conclusion

In this paper, we study the effect of subsampling on the sparsity vs. accuracy
trade-off in event video classification using a CNN model. Our findings reveal
that accuracy can remain high even under severe sparsity in many datasets.
However, special attention must be given to the training challenges arising from
hyperparameter (HP) sensitivity in sparse input regimes.

Practical Implications for the Subsampling Procedure. The training
procedure described in Sect. 3.2, where a new subset of events is selected in each
epoch, may not be feasible in all scenarios. It is important to note that when
dense data is available, this subsampling procedure can help mitigate overfit-
ting. In practice, data collection for training occurs less frequently than in the
utilization phase of the model, and in the former case, we can leverage higher
sampling rates using capturing devices with greater bandwidth or computational
capacity. These dense datasets can then be used to train the models following
our procedure, helping the model maintain higher accuracies for sparse event
input at test time.

Limitations. It is important to note that keeping accuracies high with sparse
input is not universal across all datasets. As a specific example, we observe that
in the N-Caltech101 dataset, accuracies drop faster with increased subsampling,
and, unlike in other datasets, hyperparameter tuning does not help much in the
sparse case compared to the dense case. This dataset is different from others we
study because it is derived from static images captured by moving the camera,
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unlike the others, which are recordings of real-world scenes. The high sensitivity
to sampling level in N-Caltech101 likely stems from its greater reliance on spatial
information rather than temporal information.

The results of this paper rely on the subsampling procedure of selecting
random subsets of events at each epoch. However, dense event data may not
always be available to subsample from during the training process. Therefore,
maintaining high accuracies may not be achievable, and the model is prone to
overfitting if the training set itself is sparse, and limited in sample size.

Future Work. We limited our analysis to classification using CNNs as a proof-
of-concept. However, our training methodology simply allows for increasing the
sparsity in favor of reducing the bandwidth at train and test time, which might be
a viable training procedure for other popular event-based vision models, includ-
ing transformers and graph neural networks (GNNs). Similarly, looking at the
gradient analysis, the instabilities seem to emerge, not due to the nature of
the CNNs or the classification task, but simply due to the variability of infor-
mation in the training set in the sparse setting. This suggests that our results
could potentially be generalized to other models and vision tasks, making it a
future direction for empirical testing. Additionally, adapting methods such as
[36], which aim to mitigate the impact of input sparsity in conventional images,
can be an interesting line of research to improve the robustness of CNNs to
sparse event data.
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