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Abstract

Event cameras have gained increasing popularity in com-
puter vision due to their ultra-high dynamic range and tem-
poral resolution. However, event networks heavily rely on
task-specific designs due to the unstructured data distribution
and spatial-temporal (S-T) inhomogeneity, making it hard to
reuse existing architectures for new tasks. We propose Om-
niEvent, an innovative unified event representation learning
framework that achieves SOTA performance across diverse
tasks, fully removing the need for task-specific designs. Un-
like previous methods that treat event data as 3D point clouds
with manually tuned S-T scaling weights, OmniEvent pro-
poses a decouple-enhance-fuse paradigm, where the local
feature aggregation and enhancement are done independently
on the spatial and temporal domains to avoid inhomogeneity
issues. Space-filling curves are applied to enable large recep-
tive fields while improving memory and compute efficiency.
The features from individual domains are then fused by at-
tention to learn S-T interactions. The output of OmniEvent is
a grid-shaped tensor, which enables standard vision models
to process event data without architectural changes. With a
unified framework and similar hyperparameters, OmniEvent
outperforms (task-specific) SOTA by up to 68.2% across 3
representative tasks and 10 datasets.

Code — https://github.com/Wickyan/OmniEvent
Extended version — https://arxiv.org/abs/2508.01842

1 Introduction

Event cameras are a new type of camera that only respond to
pixel positions where the illumination change exceeds a cer-
tain threshold. Compared with conventional cameras, event
cameras have very high dynamic range (HDR, up to 120
dB (Gallego et al. 2020)) and temporal resolution, very low
response latency and power consumption. These advantages
make event cameras less susceptible to challenging illumi-
nation and motion. However, the output of an event camera
consists of a stream of events that only encode the time, lo-
cation and polarity (direction) of brightness changes. Conse-
quently, each event alone carries very little information, and
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Figure 1: Teaser. We propose OmniEvent, a unified event
representation framework that achieves SOTA performance
across diverse tasks ( , 2D-3D Registra-
tion and Optical Flow Estimation, the color of each dataset
represents the task) without complex task-specific design or
hyperparameter tuning. (RE) and (TE) are rotation and trans-
lation errors.

the event generation rate varies significantly in different sce-
narios. Furthermore, the unstructured data stream of event
cameras is sparse in the spatial plane but may be dense (up
to 300 million events per second (Son et al. 2017)) in the
temporal dimension. All of these challenges have spurred
the community to develop specialized algorithms tailored to
the unique data characteristics of event cameras.
Data-driven approaches have gained significant attention
in recent years. Given that event cameras are fundamen-
tally 2D visual sensors, an intuitive approach is to lever-
age existing research on frame-based convolutional neural
networks (CNNs). To accomplish this, asynchronous event
data is typically transformed into a grid-shaped feature ten-
sor representation that can be synchronously updated. Ex-
isting approaches predominantly rely on hand-crafted event
tensorization methods, such as statistical features (Maqueda
et al. 2018; Nguyen et al. 2019; Park et al. 2016; Zhu et al.
2018b), exponential (Lagorce et al. 2016; Sironi et al. 2018)
or linear (Cannici et al. 2019) decays, event surfaces (Alma-
trafi et al. 2020; Baldwin et al. 2022), and event voxel (Zhu
et al. 2019; Rebecq et al. 2019). Constrained by their repre-



sentational capacity, these hand-crafted event representation
methods often lose S-T details and cannot be optimized for
different downstream tasks.

Recent approaches in event-based representation learning
have emerged by treating event streams as 3D point clouds.
However, classical frameworks (Qi et al. 2017b; Sekikawa,
Hara, and Saito 2019) face dual challenges when applied
to event data. First, Euclidean distance-based neighborhood
construction struggles to adapt to spatiotemporal hetero-
geneity—fixed spatial-radius neighborhood searches prove
inefficient for dynamically sparse event distributions, while
microsecond-level timestamp differences are nearly obliter-
ated in Euclidean distance calculations. Second, although
the K-Nearest Neighbors (KNN) algorithm enables local
feature aggregation, its receptive field remains constrained
by local neighborhood size. Increasing the neighbor count
K expands coverage but incurs heavy compute and mem-
ory costs, failing to fundamentally resolve distance degra-
dation in high-dimensional spaces. Existing improvements,
such as EP2T (Lin et al. 2024), attempt to mitigate these is-
sues through spatiotemporal feature-weighted fusion. How-
ever, static weighting mechanisms cannot adapt to dynamic
requirements across diverse scenarios.

We propose OmniEvent, an innovative unified represen-
tation learning framework effective for different event tasks.
OmniEvent first decouples event data into spatial and tempo-
ral feature subspaces, where independent encoders capture
high-precision geometric features and microsecond-level
motion patterns. Subsequently, space-filling curve-guided
feature aggregation maps 3D spatial coordinates into 1D
continuous curve sequences. This strategy naturally estab-
lishes long-range spatial correlations through curve traver-
sal, avoiding KNN computational bottlenecks while en-
abling the model to adaptively adjust fusion weights be-
tween local and global features. Combining with standard
architectures (He et al. 2016; Zhu et al. 2018b; Pham et al.
2020), OmniEvent surpasses state-of-the-art methods across
3 event tasks and 10 datasets, advancing SOTA by a large
margin (up to 68% error reduction). Our main contributions
are summarized below:

* We propose OmniEvent, an innovative framework that
can learn effective representations for various event vi-
sion tasks with a unified architecture.

e We introduce the decouple-enhance-fuse paradigm,
which fully decouples spatial and temporal domains dur-
ing early feature aggregation, eliminating their interfer-
ence without task/dataset-specific scaling weight tuning.

We apply space-filling curves for event representation
learning which significantly enlarge the receptive fields
and removes the compute and memory bottlenecks from
KNN-based methods.

2 Related Work

Hand-crafted Representations. Direct projections mark
event pixel positions but ignore temporal informa-
tion (Maqueda et al. 2018). Statistical features (event
counts/timestamps) (Zhu et al. 2018b; Nguyen et al. 2019;
Park et al. 2016) and voxels (Zhu et al. 2019; Rebecq et al.

11569

2019) approximate spatiotemporal distributions but lack
fine-grained correlations. Time decay representations (expo-
nential/linear) (Lagorce et al. 2016; Cannici et al. 2019) and
event surfaces (Benosman et al. 2013; Almatrafi et al. 2020)
preserve details through SNN-inspired structures (Tavanaei
et al. 2019), with improved versions using event buffer-
ing (Baldwin et al. 2022) or neighborhood merging (Sironi
et al. 2018; Manderscheid et al. 2019) for stability. Graph-
based methods (Zhou et al. 2021; Mitrokhin et al. 2020;
Schaefer, Gehrig, and Scaramuzza 2022) excel spatially but
lose temporal details with high computational costs. Over-
all, these representations fundamentally limit comprehen-
sive spatiotemporal capture, hindering task adaptability.

Learned Representations. SNNs directly process events
but require specialized hardware (Paredes-Vallés, Scheper,
and De Croon 2019; Andreopoulos et al. 2018) and face
training challenges (Huh and Sejnowski 2018; Rueckauer
et al. 2017). EST/DDES (Gehrig et al. 2019; Tulyakov et al.
2019) transform events via MLP-learned temporal kernels
but remain representationally limited. Matrix-LSTM (Can-
nici et al. 2020) encodes patch sequences but handles only
short-range dependencies with custom parallelization needs.
ECSNet (Chen et al. 2022b) and EP2T process events as
point clouds but suffer from Euclidean metric constraints
and inefficient long-range modeling. OmniEvent overcomes
these by spatiotemporally decoupling dimensions, improv-
ing efficiency and correlation capture.

3 Method

During event data collection, each pixel of the event camera
responds independently and asynchronously to illumination
changes. Specifically, given an event camera of size (H, W),
and I(¢;, h,w) as the illumination at time ¢; for the pixel at
(h,w). When the inequality

[log(L(ti, h,w)) = log(I(tir, h,w))l| >7 (1)

is satisfied, this pixel will generate an event, which is ex-
pressed as e = (h,w,t;,p). The polarity p € {+1,—1}
indicates the brightness change direction (increasing or de-
creasing) and 7 is the trigger threshold. ¢;_; represents the
time when the event was triggered last time at pixel (h, w).

OmniEvent treats event data as spatio-temporal point
clouds. As the imaging plane (H, W) and the time axis
can be combined to establish a three-dimensional spatio-
temporal coordinate system (h, w, t;). Such a representation
preserves the original information and data sparsity.

As illustrated in Fig. 2, OmniEvent consists of five
consecutive modules: Event Fusion and Sampling (EFS),
Spatio-Temporal Decoupling (STD), Space Filling Curve
based Aggregation (SFCA), Spatio-temporal Separated At-
tention (STA), and Feature Tensorization (FT).

The framework design follows a decouple- -fuse
paradigm. EFS (Sec. 3.1) fuses the event points and sub-
samples them into a fixed number to enable efficient compu-
tation and minimize information loss. STD (Sec. 3.2) pro-
poses a radical decoupling of spatial and temporal dimen-
sions. This approach reduces the dependence on joint dis-
tance metric optimization and enables the capture of long-
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Figure 2: OmniEvent architecture. OmniEvent treats event data as spatio-temporal point clouds. Event Fusion and Sampling
(EFS) fuses and samples unstructured event data into a fixed number of points. Three sets of Space-Filling-Curve-based Ag-
gregation (SFCA) modules independently extract spatial-only, temporal-only and spatial-temporal information using different
distance metrics and features, effectively addressing spatio-temporal inhomogeneity. Subsequently, Spatio-temporal Separated
Attention (STA) models the spatio-temporal correlations of features using attention. Finally, Feature Tensorization (FT) converts
unstructured event features into a grid-shaped tensor and combines them with event statistical features. The output grid-shaped

tensor can be used by any frame-based method.

range spatiotemporal correlations through separate tempo-
ral and spatial neighborhood definitions. (Sec. 3.3)
conducts sequential feature enhancement on decoupled fea-
tures by fully utilizing event presentation. SFCA also decou-
ples positional embeddings from feature aggregation and the
event fusion sampling method, achieves SOTA representa-
tion capabilities while improving algorithm efficiency. STA
(Sec. 3.4) reorganizes the decoupled temporal and spatial
features into global features, modeling spatiotemporal cor-
relations. FT (Sec. 3.4) uses sparse convolution to convert
unstructured spatiotemporal point features into grid-shaped
tensors and introduces event statistical features to compen-
sate for the global information loss due to sampling. FT en-
ables OmniEvent to focus on extracting spatiotemporal cor-
relations and detailed information. The output grid-shaped
tensor can be integrated into any frame-based network, al-
lowing it to process event data without changing the archi-
tecture/training process.

3.1 Event Fusion and Sampling (EFS)

Although 3D point-based architectures (Qi et al. 2017b; Li
et al. 2018; Liu et al. 2020) can adapt to irregular and dis-
crete event point clouds, they are still limited by the number
of points they can process simultaneously. Fortunately, we
found significant information redundancy within events. For
instance, moving objects with high contrast against the back-
ground may trigger numerous events simultaneously at the
same pixel location (see Eq.(1)). This redundancy allows us
to perform event point fusion before sampling.

As illustrated in the top left of Fig. 2, similar to event
voxelization (Zhu et al. 2019; Rebecq et al. 2019), we di-
vide a batch of events into 7' temporal segments, where
events within the same pixel and temporal segment are
fused. Specifically, given N events enw = (h,w,t;,p;),
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i € {1,...,c} on position (z,y) in time slice T}, the fused
event can be represented as e, = (A, w,%qug, Pace; C)s
tavg = % > ;ti and paec = Y, pi. Inspired by eHPE (Chen
et al. 2022a), the number c of events involved in the fusion is
added as a new feature to the fused event point cloud. Unlike
voxelization methods (Zhu et al. 2019; Rebecq et al. 2019)
that use the time coordinates corresponding to voxel blocks,
we retain the precise average time and the number of events
involved in fusion, minimizing information loss to the extent
possible. The number of temporal segments 7" during event
fusion can be balanced between temporal precision and sam-
pling loss based on different tasks.

Random sampling is used to select top M inputs from
the fused event point cloud for later processing. Random
sampling significantly reduces computational costs (Qi et al.
2017b) during sampling and does not require additional vir-
tual points (Lin et al. 2024) for feature propagation. To
reduce the interference caused by the differing numerical
scales (pixels vs. seconds) in event point cloud computa-
tion, each input point €' = (h,w,t’,p’, ¢’) is normalized as
(%, a ﬁ,p, ¢), where t,x and ¢, are the max-
imum and minimum timestamps of the input point cloud. By
normalizing the event feature scales, the aggregation stage
helps to avoid feature imbalance due to scale differences, fa-
cilitating a more uniform extraction of event features across
the spatiotemporal dimensions.

e =

3.2 Spatio-Temporal Decoupling (STD)

Traditional point cloud networks often use Euclidean dis-
tance for neighbor indexing. However, the heavy spatiotem-
poral scale variation across different event data limits the
applicability of Euclidean distance for feature aggregation.
EP2T introduces a spatiotemporal weighted distance to mit-
igate the dilution of local feature diversity caused by spa-
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Figure 3: SFCA structure. The input undergoes serializa-
tion using a space-filling curve (SFC), followed by an em-
bedding layer. Subsequently, the data passes through L En-
coder Layers (for S-SFCA and T-SFCA combinations, L=2;
for ST-SFCA configurations, L=4), each of which integrates
Grid Pool operations with dynamic patch rearrangement for
adaptive feature grouping. The processed features then flow
through 2 consecutive encoder blocks (E.B.s). The decoder
layer finally generates the output.

tiotemporal heterogeneity. However, the need for task/data-
specific weight tuning limits its generalization.

We argue that despite the imbalance in spatiotemporal
scales, there still exists an inherent relationship between
space and time. However, explicitly modeling this rela-
tionship often leads to coarse granularity and inefficiency.
Therefore, we propose separating spatiotemporal informa-
tion to obtain independent unimodal distance metrics, al-
lowing the scale of neighboring points to adapt to the cur-
rent modality and ensuring a balanced trade-off between
sparsity and density. Subsequently, the local features ex-
tracted through the spatiotemporal decoupling feature ex-
traction branch are further refined in the STA phase, where
the network uses an attention module to fuse the spatiotem-
poral scaling relationship, thereby enabling diverse combi-
nations of local features and enhancing their representational
power. Specifically, given a set of fused, sampled, and nor-
malized events € = (h,w,t',p’, ¢') from EFS. As illustrated
in Fig. 2, The sampled event point clouds are separately
fed into temporal, spatial, and spatio-temporal SFCA mod-
ules. In S-SFCA, we solely use space as the distance met-
ric to determine neighborhoods, conversely, T-SFCA uses
time as the distance metric. ST-SFCA adopts the traditional
Euclidean distance. We keep ST-SFCA with the decoupled
branches since there is a strong inherent relationship be-
tween space and time. The decoupled spatiotemporal lo-
cal features aim to optimize the collaborative expression of
these features. Later ablation studies demonstrate the neces-
sity and effectiveness of all three branches.

3.3 Space Filling Curve based Aggregation
(SFCA)

Unlike conventional point clouds, event data requires large
receptive fields to model multi-scale spatiotemporal correla-
tions. While traditional methods derive semantics from pre-
cise boundary features, event streams encode semantic in-
formation through temporal-spatial evolution patterns. Pre-
vious methods are limited by the receptive fields: PointNet-
based methods (Qi et al. 2017a,b) suffer from information
discontinuity across sampling hierarchies and severe signal
decay in deep layers; KNN-based methods (Zhao et al. 2021;
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Wau et al. 2022) face computational bottlenecks (linear com-
plexity with neighbor counts) when scaling to dense event
streams.

Our work addresses this through a space-filling curve-
driven module inspired by (Wu et al. 2024). This strategy en-
ables efficient large-receptive-field learning by establishing
continuous multi-scale correlations, directly aligning with
the spatiotemporal nature of event data while maintaining
computational feasibility.

Given a set of event points P {(s's,0';,c4)] i
1,2,..., N}, where s’ is the distance metric dimension(s) of
the current SFCA branch, we first map it to a regular grid
structure by applying |s;/g| based on a given grid size g.
This allows us to use the inverse mapping of a space-filling
curve, to transform each point in s’ into a one-dimensional
encoding value as follows:

’
Vm = d)m < \:Sz
g

where ¢,,(-) represents different types of space-filling
curves (e.g., the Z-Order curve (Morton 1966) or the Hilbert
curve (Hilbert 1935)) and V,,, € Z denotes the 1-D index
of point m on a space-filling curve. The event points P are

then embedded into a feature representation 0 € RY XCO,
which is then fed into the encoder layer.

To enhance the model’s generalization ability, in each en-
coder layer, we first randomly select a precomputed encod-
ing value V,,, from one of the space-filling curves and use
it to sort the event points. The Hilbert curve is chosen as
the encoding foundation due to its superior ability to pre-
serve spatial continuity. By mapping 2D coordinates into a
1D sequence, it effectively maintains the spatial proximity
of physically adjacent points. In contrast, the Z-order curve
introduces spatial discontinuities due to its alternating coor-
dinate encoding; however, this very property makes it well-
suited for capturing non-contiguous event distributions.

In S-SFCA and T-SFCA, the expansion of the local recep-
tive field does not rely on the jump-based connections of the
Z-order curve. In fact, such discontinuous encoding could
interfere with event feature extraction, which is why we ex-
clusively adopt the Hilbert curve in these modules. However,
in ST-SFCA, capturing temporal variations at the same pixel
location proves challenging using the Hilbert curve alone,
as its strong spatial continuity fails to account for long-range
temporal dependencies. Here, the discontinuous connections
of the Z-order curve become advantageous, allowing for the
effective capture of local temporal variations across distant
time steps. Therefore, we employ both the Hilbert and Z-
order curves in our design.

Then, we partition F into | N/p| non-overlapping patches
EFy e RP*C (j = 1,2,...,|N/p|), where p = 512 in
our model, with each patch serving as a local neighbor-
hood for feature extraction. This partitioning is achieved
via encoding-based sorting with a linear time complexity
of O(N). In contrast, traditional KNN-based neighborhood
search has an O(N K') time/memory complexity where K is
the number of neighboring points, e.g., 512 in our case. The
immense computational burden makes it infeasible to signif-

2



icantly expand the receptive field, limiting previous methods
to use only 16 points (Lin et al. 2024).

Each patch undergoes two self-attention encoder blocks.
The first block transforms input patch features Fj into inter-

mediate representations F-l, while the second block refines

them into £ jz e RP xC? , where C'! is the output channel size
of the first encoder layer.

Subsequently, the encoded features F'' are fed into the
next encoder layer. After selecting the V,,, we introduce a
pooling operation before sorting. Specifically, we perform a
right shift by y bits on the spatial encoding values of V,,,
ensuring that originally adjacent points are mapped to the
same value:

Vi =Vn>vy 3)

When selecting y, unlike the fixed-value approach in (Wu
et al. 2024), we account for the unique characteristics of
event cameras. Events tend to be spatially dense but tempo-
rally sparse. This imbalance necessitates dynamic downsam-
pling: we set y = 5 initially to reduce redundancy in densely
clustered spatial points while preserving key structural fea-
tures, then adjust it to y = 3 in later stages to balance the
decreasing event density over time while maintaining a uni-
form distribution.

Based on this, we perform max pooling on points with
the same V,/ value to achieve aggregation. This reduces
the point count from N to N! ~ N/2Y, generating down-
sampled features F} € RY' *C" Then those downsampled
points are processed similarly to the first layer, being fed into
the encoder block for transformation.

After L layers hierarchical stacking, the model achieves
exponential receptive field growth. The base coverage P de-
fines the initial local perception, while 2¥% represents the
cumulative expansion factor from L pooling layers. The to-
tal receptive field after L layers is:

Ry =P.2v- “)

Theoretically, the final receptive field of SFCA would be 32
times bigger than K-NN based methods EP2T.

3.4 Spatio-temporal Separated Attention (STA)
and Feature Tensorization (FT)

After completing feature aggregation, to further establish the
correlation between time and space, we feed the features
from the three SFCA branches into STA for feature compu-
tation based on attention mechanisms. The structure of STA
is illustrated in Fig. 4, see Appendix A.1 for attention mod-
ule architecture details.

The features Fs and F} pass through the spatiotempo-
ral cross-attention fusion module to capture the relation-
ships between decoupled spatial-temporal dimensions. The
enhanced features obtained from this process are then added
residually to the input, forming F! and F} as the input for
the next interaction stage. After four stages of spatiotem-
poral cross-attention fusion, F* and F}! are globally fused
with F§; in the Spatial-Temporal Interaction module. In this
step, F2 and F}! serve as representative features in the spatial
and temporal distance measurement domains to enhance the
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Figure 4: STA structure. STA integrates the temporal, spa-
tial, and spatiotemporal features that were previously decou-
pled and encoded, completing the decouple-enhance-fuse
paradigm. It enhances the temporal-only and spatial-only
features from SFCA through four rounds of mutual atten-
tions, and then refines these features by conducting multiple
rounds of attentions with the spatiotemporal features. The
refined features are fed into a multi-layer perceptron (MLP),
yielding the output feature Fy,.

global feature Fj,. Finally, the bidirectional enhancement
results are concatenated, and the concatenated features are
mapped through an MLP to obtain the output Fiy,.

4 Experiments

To validate the applicability of OmniEvent, we conduct ex-
periments on 3 representative and diverse tasks: classifica-
tion(Sec. 4.1), optical flow estimation(Sec. 4.2) and event to
point cloud registration(Sec. 4.3). Sec. 4.4 further performs
detailed analysis, validating the effectiveness of individual
components. All methods are implemented using PyTorch
on an Intel Xeon Gold 6342 CPU and an NVIDIA A40 GPU.

4.1 Classification

Datasets. We conduct experiments on five event-based ob-
ject classification datasets: N-Caltech101 (Orchard et al.
2015), N-MNIST (Orchard et al. 2015), CIFAR10-DVS (Li
et al. 2017), N-CARS (Sironi et al. 2018), and N-
ImageNet (Kim et al. 2021). The datasets N-Caltech101, N-
MNIST, CIFAR10-DVS, and N-ImageNet are generated by
recording moving images on an LCD screen using an event
camera. Following the common practice, we keep 80% of
the data for training and validation, and the remaining 20%
for testing. We use the N-Caltech101 partition from (Gehrig
et al. 2019; Cannici et al. 2020).

Implementation. Event representation learning focuses
on feature extraction and representation transformation, so
evaluating its performance requires selecting an appropriate
task network. To ensure a fair comparison, we follow the
settings of existing representation learning methods (Gehrig
et al. 2019) and use a basic ResNet34 as the task network.
Our SFCA (Fig. 3) consists of multiple layers of Sub-SFCA.
Specifically, T-SFCA and S-SFCA each contain 2 layers,
while ST-SFCA comprises 4 layers. Detailed architectural
information for each layer can be found in the appendix. We
follow EST (Gehrig et al. 2019) to use ADAM optimizer for
all experiments with a learning rate of 10~%. Due to mem-



Method CIFAR10- N- N- N- N-
DVS Caltech101 CARS MNIST ImageNet
HATS 52.4 64.2 90.2 99.1 47.1
TORE N/A 79.8 97.7 994 54.6
ECSNet 72.7 69.3 94.6 99.2 N/A
GraphSTL 54.0 65.7 91.4 99.0 N/A
VMV-GCN 69.0 77.8 93.2 99.5 N/A
MVF-Net 76.2 87.1 96.8 99.3 N/A
GET 84.8 N/A 96.7 99.7 N/A
General Event Representation Learning (ResNet34)
EST 74.9 81.7 92.5 99.1 48.9
M-LSTM 73.1 84.1 95.8 98.9 32.2
EP2T 79.6 85.8 96.5 98.7 N/A
EventPillars N/A 85.3 97.1 98.9 52.3
ERGO-12 74.0 77.2 92.3 99.2 614
OmniEvent(Ours) 85.2 90.2 97.9 99.9 62.1

Table 1: Classification result. We report top-1 classifica-
tion accuracy, which is the best values from the original pa-
pers and our reproduced results. Bold and underlined val-
ues represent the best and second-best results. The upper
part of the table shows SOTA task-specific methods, includ-
ing HATS (Sironi et al. 2018), TORE (Baldwin et al. 2022),
ECSNet, GraphSTL (Bi et al. 2020), VMV-GCN (Xie et al.
2022), MVF-Net (Deng, Chen, and Li 2021) and GET (Peng
et al. 2023). The lower part shows general event representa-
tion learning methods with ResNet34, including EST, M-
LSTM (Cannici et al. 2020) and EP2T, EventPillars (Fan
et al. 2025) and ERGO-12 (Zubic¢ et al. 2023).

ory constraints, we set the batch size to 10. We perform early
stopping on a validation set in all experiments.

As shown in Tab. 1, OmniEvent outperforms both task-
specific and general event-based methods. It is worth noting
that OmniEvent, paired with a basic task network and de-
void of any training hyperparameter tuning, achieves lead-
ing performance on all datasets. Also OmniEvent is the only
method that is consistently better than others, the second
best method varies across datasets, indicating limited gen-
eralization of existing frameworks.

4.2 Optical Flow Estimation

Datasets. We use the widely recognized Multi Vehicle
Stereo Event Camera Dataset (MVSEC) (Zhu et al. 2018a)
dataset for optical flow experiments. MVSEC contains in-
door and outdoor scene sequences with significant differ-
ences and provides optical flow ground-truth.

Implementation. Following previous works (Gehrig et al.
2019; Cannici et al. 2020), we use the classic EV-
FlowNet (Zhu et al. 2018b) (simple U-Net) as the task net-
work, training on the outdoor_dayl, and outdoor_day? se-
quences with optical flow ground truth as supervision. Fol-
lowing (Gehrig et al. 2019), we evaluate models by compar-
ing the average end-point error (AEE = % Yol fest = fqtl2)
and global outlier (where AEE > 3) ratio on the indoor fly-
ing sequences, which have different scenes and motion pat-
terns from the training set to validate generalization. We also
mask the hood area to avoid interference from reflections
following E-cGAN (Mostafavi, Wang, and Yoon 2021). Ad-
ditionally, due to the sparsity of events, we evaluate perfor-
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box represent the projection on the 2D view after the
3D point cloud is rigidly transformed to the camera coordi-
nate system using the true pose and the predicted pose.

Figure 5: Qualitative comparisons. The

mance only at the pixel locations where events occur (sparse
optical flow), as done in (Gehrig et al. 2019; Zhu et al.
2018b). Due to memory limitations, the batch size is set to
6 in optical flow estimation. Apart from the batch size, Om-
niEvent’s structure and other training parameters remain the
same as in the classification tasks (Sec. 4.1).

As shown in Tab. 2, OmniEvent also surpasses all other
representation learning methods. See Appendix B for visu-
alization of optical flow estimation. It is worth noting that
these specialized optical flow estimation networks incorpo-
rate additional information. For example, E-Distillation em-
ploys knowledge distillation from optical flow estimation
networks based on traditional images. Despite using a sim-
ple U-Net as the task architecture without hyperparameter
tuning, OmniEvent remains competitive against specialized
optical flow estimation networks.

4.3 Event-to-Point Cloud Registration

Datasets. Following the previous SOTA (Lin et al. 2024),
we evaluate the performance using the real-world datasets
MVSEC (Zhu et al. 2018a) and VECtor (Gao et al. 2022).
The train—test split follows (Lin et al. 2024).

Implementation. Following (Gehrig et al. 2019; Lin et al.
2024), we use the classic LCD (Pham et al. 2020) as the task
network. Consistent with EP2T, we evaluate models using
the translation error TE = || Tg1 — Tpred||, and the rotation

tr(Rgp Rpred ) —

error RE = arccos ( 5 ! . Here, T and R de-

note the translation vector and rotation matrix. The notation
tr(-) represents the trace of a matrix. The subscripts “GT”
and “pred” indicate the ground-truth and predicted poses,
respectively. The translation error TE is measured in meters,
while the rotation error RE is expressed in degrees. We use
the same hyperparameters as in the classification task except
that the batch size is set to 4.

As shown in Tab. 3, OmniEvent outperforms previous
SOTA by a large margin on both datasets. Compared with
the best previous model EP2T, OmniEvent reduces the RE
and TE by up to 68% and 60% respectively. Fig. 5 further
visualizes the results of different methods. OmniEvent pro-
vides more accurate reprojections over SOTA methods.



Methods indoor flying1 indoor flying2 indoor flying3
AEE(])  %Out.(}]) AEE({) %Out.(]) AEE({) %Out.(])

EVFlowNet(EVE.) 1.03 2.20 1.72 15.10 1.53 11.90
E-Basics (Paredes-Vallés and De Croon 2021) 0.79 1.20 1.40 10.90 1.18 7.40
E-Distillation (Deng et al. 2021) 0.89 0.66 1.31 6.44 1.13 3.53
EST+EVFE. 0.97 0.91 1.38 8.20 1.43 6.47
M-LSTM+EVE 0.82 0.53 1.19 5.59 1.08 4.81
EP2T+EVF. 0.85 0.05 1.35 6.75 1.30 4.09
OmniEvent(Ours)+EVFE. 0.70 0.03 1.12 6.36 1.15 3.33

Table 2: Optical flow estimation result on MVSEC. AEE represents the average end-point error and Out. represents the
proportion of AEE errors exceeding 3 pixels. The upper part of the table presents task-specific methods, the bottom part
compares representation learning methods combined with the EVFlowNet (Zhu et al. 2018b). Bold and underlined values

represent the best and second-best results.

MVSEC-E2P VECtor-E2P

Input Method
RE(°)(}) TE(m)(J) RE(°)({) TE(m)({)
Traditional Image  Grayscale Image  6.335 1.347  17.879 13.200
E-Statistic 4.968 1.297 11.034 9416
. TORE 4.855 1.350  9.521 7.254
Event(Tensor-based) gpy 3606 0821 8672 7403
OmniEvent(Ours) 1.146 0.327 6.188 7.201

Table 3: 2D-3D registration result. Since the 3 handcrafted
methods (Zhu et al. 2018b,c; Mostafavi, Wang, and Yoon
2021) are mutually enhancing, we combine them to optimize
performance, and call the combined method E-Statistic. Ad-
ditionally, we include two other methods, TORE and EP2T,
for a comprehensive evaluation. Bold and underlined values
represent the best and second-best results.

No. S-SFCA ST-SFCA T-SFCA STA Statistical Accuracy Space

Features (%) (MB)
1 v v v v v 852 3146
2 v v v v 75.4 2600
3 v v v v 79.2 2188
4 v v v v 747 2654
5 v v v v 76.7 2763
6 v v v v 82.0 2596

Table 4: Ablation. Removing modules from OmniEvent
hurts the classification accuracy on CIFAR10-DVS; the last
column (Space) reports the GPU memory usage in MB.

4.4 Analysis

Ablation. To assess each module in OmniEvent, we per-
form ablations by removing individual components. For
SFCA, we simply remove the corresponding branches. For
STA, we replace it by feature concatenation from 3 SFCA
branches. As shown in Tab. 4, the classification accuracy re-
duces as components are removed, proving the importance
of each component, while the last column (Space) reports
the GPU memory usage in MB.

Compared with the previous best model EP2T, one ad-
vantage of OmniEvent is the removal of manually tuned
weights for different spatial-temporal branches, which sim-
plifies training across tasks. As shown in Fig. 6 of Appendix
A.3, EP2T requires different weight combinations to achieve
optimal performance for different tasks/datasets, and even
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though heavy weight tuning is conducted, EP2T still per-
forms worse than OmniEvent for all datasets.

We provide further ablation results in Appendix C, includ-
ing the importance of large neighborhood size in SFCA (Tab.
8), ablations on optical flow performance (Tab. 9), the type
and combination of space-filling curves (Tab. 10), the num-
ber of layers in SFCA (Tab. 11), and the depth and attention
mechanism in STA (Tab. 12 and 13).

Method OmniEvent(Ours) EP2T ECSNet EST
Time (ms) 36.6 42.8 67.8 6.3

Space (MB) 3146 4650 2530 2457
Accuracy (%) 85.2 79.6 72.7 74.9

Table 5: Time and memory efficiency evaluated on
CIFAR10-DVS. Bold and underlined values represent the
best and second-best results.

Memory and Time Efficiency. Besides the SOTA accu-
racy, OmniEvent also provides reasonable efficiency. As
shown in Tab. 5, while EST achieves the fastest inference
time, it sacrifices classification accuracy heavily, falling
10.3% behind our method. OmniEvent attains the highest
accuracy (85.2%) with a competitive run time (36.6 ms),
demonstrating a 14.4% speed improvement over EP2T and
45.9% faster than ECSNet. Meanwhile, OmniEvent requires
only 3146MB memory, which is 1/3 lower than EP2T.

5 Conclusion

We propose OmniEvent, an innovative framework that can
learn effective representations across various event camera
tasks with the same architecture. OmniEvent proposes a
novel decouple-enhance-fuse paradigm, which fully decou-
ples spatial-temporal domains during local feature aggre-
gation to handle spatial-temporal inhomogeneity, and learn
global spatial-temporal relationships during the “fuse” stage
with attention mechanisms. Without task-specific architec-
ture design or hyperparameter tuning, OmniEvent advanced
SOTA across 3 representative tasks and 10 datasets. While
OmniEvent provides a unified architecture, our current ex-
periments still train separate models for different tasks due
to the limited dataset size. An interesting future direction is
to scale up model training and produce a single foundation
model for various tasks.
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