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Abstract

Object tracking is a fundamental task in computer vision
with critical applications in autonomous driving, surveil-
lance, and robotics. However, existing tracking solutions
struggle in high-speed, real-time scenarios due to their re-
liance on conventional frame-based sensors optimized for
low-frame-rate environments. Neuromorphic event-driven
sensors offer a compute-efficient alternative by capturing
continuous, asynchronous intensity changes, excelling in
fast-motion detection. However, neuromorphic vision sen-
sors have a lower spatial resolution, limiting their abil-
ity to capture fine textures crucial for object identifica-
tion. Multimodal fusion techniques have been explored
recently to leverage the complementary strengths of both
frames+events modalities, incorporating optical flow es-
timation, motion compensation, and deformable convolu-
tions. While these fusion models improve performance un-
der rapid motion, they remain susceptible to domain shifts,
leading to degradation when tested on out-of-distribution
“unseen” target data. To address this challenge, we intro-
duce an application of neuro-inspired, domain-generalized
Winner-Take-All (WTA) mathematical layer that seamlessly
integrates into the Vision Transformer (ViT) architecture.
Our approach enhances domain invariance in object de-
tection and tracking systems, particularly in environments
with diverse lighting conditions and visual variations. We
demonstrate that our technique significantly improves ViT
performance for image classification, even when trained on
a limited dataset. Additionally, we propose a multimodal Al
framework that enables real-time object detection through
the fusion of frame+event-based data.

1. Introduction

Object tracking is a fundamental challenge in computer vi-
sion (CV), with critical applications spanning autonomous
driving, surveillance, and robotics [4, 5, 17], etc. Con-
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temporary tracking solutions, however, face significant
limitations when confronted with high-speed, real-time
scenarios due to their optimization for low-frame-rate
environments, a constraint imposed by conventional frame-
based sensors [15]. This results in suboptimal tracking
accuracy when dealing with rapid motion or dynamic
scene change, posing a substantial challenge for real-world
deployments. Neuromorphic event-based cameras, inspired
by the biological architecture of the mammalian retina,
offer a promising alternative to traditional frame-based
sensors. These dynamic vision sensors (DVS) capture
continuous, asynchronous intensity changes, excelling
in the detection of fast-moving objects and efficient pro-
cessing of high-speed events [11, 12]. This makes them
particularly well-suited for real-time object tracking in
dynamic environments. However, event-based cameras
are not without limitations; their lower spatial resolution
constrains their ability to capture fine textures crucial for
precise object identification — a task at which frame-based
sensors excel.

Recognizing the complementary strengths of event-
and frame-based object tracking, significant research
efforts have been directed towards developing efficient
models and comprehensive datasets for high-speed motion
and object tracking [3]. The optimal fusion of these
disparate modalities necessitates precise spatio-temporal
alignment across multiple frames. A commonly explored
approach involves the estimation of optical flow fields
between consecutive frames to account for motion [15].
Additional sophisticated techniques, including implicit
motion compensation and deformable convolutions, have
been investigated to enhance alignment accuracy [2, 3, 21].
These methods are typically integrated with fusion algo-
rithms that employ either data-driven strategies or utilize
multi-stream convolutional networks to amalgamate the
frame and event data streams [10, 14]. While these fusion
models generally demonstrate superior performance com-
pared to traditional sensors in high-motion scenarios, their
efficacy remains limited when confronted with complex,
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Figure 1. The image frame is passed through Vision Transformer
architecture with our WTA layer to generate domain invariant fea-
tures.

non-linear motion patterns [10]. Despite the significant ad-
vancements in multimodal data fusion for object tracking, a
key challenge persists in ensuring domain invariance. Deep
learning models often exhibit performance degradation
when tested on out-of-distribution (OOD) data [7], com-
promising their reliability in diverse real-world conditions.
In event-based fusion models, the inherent low spatial
resolution of event data necessitates increased reliance on
the frame-based component. This dependence can lead to
reduced tracking accuracy when the frame-based model
encounters unfamiliar or novel scenarios. To enhance
robustness and extend the applicability of these systems,
it is imperative to develop domain-invariant architectures
capable of generalizing across varied data modalities. Such
advancements would unlock the full potential of event- and
frame-based fusion systems, significantly improving per-
formance for critical real-world applications in autonomous
driving, robotics, medicine, and beyond.

In this work, we test a neuro-inspired domain gener-
alized Winner-Take-All (WTA) mathematical layer that
seamlessly integrates into a Vision Transformer (ViT)
architecture, as shown in Figure 1. This novel approach
([8]) directly addresses the critical challenge of domain
invariance in object detection and tracking systems, partic-
ularly in environments with varied lighting conditions and
visual characteristics.

2. Related Work

Transformer-based deep learning models have recently
gained prominence in object detection and tracking tasks
due to their ability to capture rich visual representations.
By combining these models with event-based sensors,
researchers have developed fusion algorithms that leverage
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both the high temporal resolution of event-based sensors
and the strong spatial representation of transformer models
[11, 12, 20]. This fusion has significantly improved the
detection and tracking of fast-moving objects, addressing
the limitations of traditional frame-based models.

Early integration attempts focused on discretizing asyn-
chronous event data for compatibility with conventional
deep learning models. Specialized frame-and-event
datasets like FE108 [12] and COESOT [16] were curated
to facilitate benchmarking and experimentation. These
datasets, recorded using DAVIS cameras [6], provide dense
ground-truth annotations for both indoor and outdoor
settings.

Despite promising results, early fusion efforts were
constrained when event streams were sparse or incom-
plete. To address this, data-driven approaches employing
multi-stream convolutional networks [2, 3, 12, 15] were
introduced. These architectures can process both event and
frame data more robustly, managing sparse event inputs
while maintaining reliable object detection and tracking
accuracy.

Recent advancements include RGB-event tracking
[22, 23], which incorporates color information crucial for
real-world applications like autonomous driving. A notable
development is a transformer-based RGB-event tracking
framework leveraging Vision Transformer (ViT) models
[23]. This framework employs a mask modeling strategy
for efficient cross-modal information utilization, achieving
state-of-the-art performance on benchmark datasets.

While these fusion algorithms [18-20, 22, 23] repre-
sent significant progress in real-time, high-motion object
detection and tracking, several challenges remain. For
instance, deep learning models often underperform when
faced with covariate shifts between training and testing
environments [7], such as differing lighting or weather
conditions. This leads to deterioration in the model’s
generalization capability and accuracy, as learned repre-
sentations are biased toward specific training conditions.
Consequently, enhancing domain invariance and adaptabil-
ity across varying environments remains a critical area for
further research and development.

3. Methodology

3.1. Domain adaptation with neuro-inspired

frames/events fusion

Our approach takes a neuro-inspired, domain-generalized
Winner-Take-All (WTA) mathematical layer that is de-
signed for seamless integration into Vision Transformer
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Figure 2. Multimodal Al framework: The input—comprising frames, events, or region labels—is first processed by a feature classifier
that automatically identifies objects of interest using Grounding DINO, generating precise bounding boxes. Next, a pre-trained HQ-SAM
model refines this localization through high-accuracy segmentation. Finally, joint fusion of localization of frames and events takes place

for real-time object tracking.

(ViT) architectures, as shown in Figure 1. This approach
directly tackles the challenge of achieving domain invari-
ance in object detection and tracking systems, particularly
in environments with diverse lighting conditions and visual
characteristics. The WTA layer representation, drawing
inspiration from competitive mechanisms observed in
biological neural networks, when added to the ViT archi-
tecture, significantly enhances the ViT’s ability to extract
robust, domain-invariant features from both frames [8] and
event data streams.

This layer mirrors neurobiological processes to en-
hance feature discrimination and reduce sensitivity to
domain-specific noise, thereby improving the overall
performance and generalization capabilities of the ViT
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model ([8]). Complementing this is our proposed adaptive
fusion mechanism, an advanced algorithm that dynamically
weighs the contributions of frames and events data based on
real-time environmental conditions. This domain adaptive
approach ensures optimal performance across a diverse
range of scenarios, from low-light conditions to rapidly
changing environments.

Our innovation extends beyond individual components
to encompass a comprehensive domain generalization
framework. This framework governs the training and
fine-tuning processes of the ViT architecture, maximizing
its ability to generalize across domains and significantly
reducing performance degradation on out-of-distribution
data. This is particularly crucial for real-world applications
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Figure 3. Comparison of representations from Frames, Events, Frames+Events and Our (WTA-based Frames + Events) representations
(left). The bottom clusters show the training and ‘unseen’ validation sets’ UMAP embeddings with training data in brown and validation
data in purple, here each data point in the cluster represents an image. The right box plot shows the euclidean distance between centroids of
UMAP embeddings of each training (unique person) class with the validation (unique persons’) classes. Our neuro-inspired representation
results in minimizing the overall domain shift between training and ‘unseen’ validation samples.

where deployment conditions may differ substantially from
training data.

To mathematically implement the WTA technique, we
process an input image (/) frame, where W, H, and
C represent its width, height, and number of channels,
respectively. To generate a WTA-driven domain invariant
representation (1<), we generate patches P of the image of
size k.
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Each patch’s mean and standard deviation is computed and
normalized by the max of standard deviation; which results
in enhancing the features and suppressing the background
noise. This mimics the WTA computation circuit motifs
observed in the visual cortex where a variety of inhibitory
neurons mediates the output of the excitatory neuron with
varied inhibition mechanisms ([8])

3.2. Fusion of frames and events with Multimodal
Al framework

In order to demonstrate the real-world capabilities of our
proposed technique, using a frame-based webcam and a
Dynamic Vision Sensor, we developed a frame/event-based
object tracking framework that combines real-time mo-
tion capture with advanced Al models. For precise ob-
ject detection, we incorporated state-of-the-art models such
as Grounding DINO [13] for scene parsing and HQ-SAM
[9] for semantic segmentation of each object-of-interest, as
shown in Figure 2. This combination offers precise ob-
ject detection and seamless real-time tracking, even under
challenging conditions like rapid movement or poor light-
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Quantitative performance comparison of ViT across the same representations, evaluated with progressively decreasing training data.

ing. The input frames are first passed through a feature
classifier that labels the object(s)-of-interest automatically
through Grounding DINO, resulting in the location of the
object through a bounding box. The feature segmenter
block captures the input from the feature classifier and seg-
ments the object(s)-of-interest with high accuracy through
a pre-trained HQ-SAM model. The DVS events efficiently
capture fine-grained motion information, enabling robust
tracking in high-speed, dynamic environments. The DVS
output is finally shared with the output of feature classifier
and segmenter simultaneously.

4. Results & Discussion

4.1. Domain adaptation with neuro-inspired

frames/events fusion on face datasets

We quantified the performance of the Winner-Take-All
(WTA) technique by maximizing the domain shift ro-
bustness or minimizing the domain shift present between
training (seen) and validation (unseen) data [1] for Al
models, as shown in Figure 3. This open-source dataset,
NEFER, contains multimodal frames/events data of 26
subjects across varying facial expressions (with diverse
emotions), making it ideal data to test the performance of
our domain adaptive technique.

To test the domain adaptive capability, after passing
the frames/events through the WTA mathematical image
processing layer, we generated the UMAP embeddings
of the entire training (20 subjects x 21 expression x 62
frames/events) with the entire validation set (6 subjects x
21 expressions x 62 frames/events). We also computed the
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same for only frames, events and frames+events (without
the WTA technique). The bottom left panel in Figure
3 demonstrates our results and we further quantified the
Euclidean distance between the centroids of training and
validation clusters for each subject across the entire training
and unseen validation sets. Our technique shows minimum
domain shift (Figure 3; right plot) on the entire dataset as
compared to the baseline representations (frames, events,
frames/events without our WTA technique).

To further evaluate the effectiveness of our deployed
WTA layer in object detection and emotion classification,
we fine-tuned ViT on a subset of the training data and
assessed its performance on a consistent test set across four
representations: frames only, event only, frames+event,
and our proposed WTA frames+events representation.
We progressively reduced the training dataset size and
observed that the WTA representation of frames+events
achieved the highest overall accuracy, with only a slight
decline even as the training samples were significantly
reduced, as shown in Figure 4 (right plot). In contrast,
the other representations exhibited lower accuracy and
experienced a substantial drop in performance as the
training data decreased. Additionally, Figure 4 presents the
quantitative results of the model’s performance across these
four representations, for 3 different emotions class labels.

4.2. Fusion of frames and events with multimodal
Al framework on real-world tracking

To evaluate our frame/event-based object tracking frame-
work, we assess its performance on a face-tracking task
under multiple motion conditions (Figure 5), demonstrat-
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Figure 5. Joint segmentation and tracking of object of interest through our multimodal Al framework with (slow, fast and ultra-fast)
multiple modes to track object (with face shortlisted as example here) by a high-performing Segment Anything model. Frames and events
are processed through Grounding DINO for region localization, followed by segmentation with HQ-SAM. The top row illustrates the slow
mode, where no events are detected, and object detection relies solely on frames. The middle row represents the fast mode, where despite
sparse events being generated, consistent tracking is ensured. The bottom row depicts the ultra-fast mode, where both events and frames

contribute to object detection for enhanced performance.

ing the integration of HQ-SAM, Grounding DINO, and
DVS-based motion event tracking across slow, fast, and
ultra-fast settings. Using a frame-based webcam and a
DVS sensor, we perform real-time motion detection, where
events are processed in real-time alongside every 100th
frame captured by the webcam. The frames and event data
are fed into Grounding DINO to localize the region of
interest, which is subsequently segmented using HQ-SAM.
Real-time object tracking is achieved through the joint
fusion of frame-based and event-based localization outputs.

In the slow mode (top row; Figure 5), no events are
detected, but our model successfully identifies the face
using frames alone. During fast mode (middle row;
Figure 5), sparse events are generated, yet our framework
maintains continuous tracking and detection. In ultra-fast
mode (bottom row; Figure 5), the event camera captures
the face’s trajectory with high temporal precision, while the
frame-based module performs precise object detection. The
fusion algorithm shares real-time bounding box localization
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[x,y] of the object of interest and corresponding dynamic
events [z,y,t,p]. In our experiments, the frame-rate is
sampled to match the sampling rate of the events from the
dynamic vision sensor. This event-frame fusion approach
ensures consistent performance across various motion
scenarios, showcasing our framework’s versatility and
effectiveness in dynamic environments.

5. Conclusion

In this study, we introduce a neuro-inspired, domain-
generalized Winner-Take-All (WTA) mathematical layer
that seamlessly integrates into the Vision Transformer (ViT)
architecture. To assess its effectiveness, we evaluate the
model on an object and emotion detection task, demon-
strating that our proposed WTA representation of frames
+ events consistently outperforms conventional approaches.
Our findings highlight the ability of the WTA layer to en-
hance model robustness and domain invariance, particu-
larly in challenging environments with varying lighting con-
ditions and visual characteristics. Furthermore, our re-
sults indicate that even with a significantly reduced train-



ing dataset, the WTA-integrated ViT maintains high per-
formance, underscoring its potential for real-world ap-

plications in resource-constrained settings.

This work

paves the way for further advancements in neuromorphic-
inspired Al architectures, enabling more reliable and ef-
ficient multimodal object tracking and recognition sys-
tems.
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