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Abstract

Visual object tracking (VOT) in dynamic environments is
challenging due to Motion Blur (MB), Illumination Vari-
ations (IV), and Fast Motion (FM), conditions where tra-
ditional RGB-based trackers often fail. Event cameras
offer high temporal resolution and low latency, making
them well-suited for such scenarios. However, current
event-based tracking methods rely on arbitrarily selected
event representations, lacking systematic evaluation. In this
work, we benchmark five common representations, Event
Frame (EF), Voxel Grid (VG), Pseudo-Frames (PS), Image
of Warped Events (IWE), and Event Spike Tensor (EST),
across two datasets (VisEvent and LaSOT), using both pure
event and hybrid RGB-event trackers. We find that represen-
tation choice significantly impacts performance, with EST
and IWE consistently outperforming others, while EF and
PS show poor robustness under distribution shifts. To ad-
dress representation variability, we propose the Gradient-
Unified Shared Embedding Module (GUSEM), a dual-
pathway architecture that fuses heterogeneous event inputs
into a shared, edge-aware embedding space. GUSEM lever-
ages spatial gradients for structural consistency and low-
rank reconstruction for modality-specific semantics. Exten-
sive experiments show that GUSEM improves accuracy and
generalization across trackers, representations, and train-
ing regimes, establishing it as a robust, representation-
agnostic solution for event-based tracking.

1. Introduction

Visual Object Tracking (VOT) is a fundamental problem
in computer vision that involves learning an appearance
model for an arbitrary target object given only its initial
state [17]. Its importance spans wide applications such as
autonomous driving [4], and surveillance [1], to name a few.
In recent years, numerous conventional RGB trackers have
achieved significant performance improvements with the in-
troduction of the Transformers [24] architecture to VOT
[5, 6, 30, 31]. Additionally, the advent of large-scale VOT
datasets such as LaSOT [7], LaSOText [8], GOT-10k [16],
and TrackingNet [22] has significantly facilitated the end-
to-end training of these trackers. Despite these advance-
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Figure 1. Success rate comparison of state-of-the-art (SOTA)
trackers across different event image representations on the (a)
VisEvent and (b) LaSOT datasets. “Ours” indicates each tracker
equipped with the proposed Gradient-Unified Shared Embedding
Module (GUSEM).
ments, contemporary trackers encounter persistent chal-
lenges, including Fast Motion (FM), Motion Blur (MB), and
Illumination Variations (IV) [20], primarily due to their re-
liance on RGB cameras.

To overcome these challenges, researchers have explored
enhancing input data effectiveness in VOT by introducing
biologically inspired event cameras, such as Dynamic Vi-
sion Sensors (DVS) [3, 23, 25, 26, 28]. Unlike conven-
tional RGB cameras that capture frames at fixed intervals,
event cameras asynchronously capture per-pixel intensity
changes and output a stream of events, making them im-
mune to MB [11]. Each event encodes information includ-
ing the timestamp, pixel location, and the polarity of the
intensity change. As a result, event sensors offer ultra-
high temporal resolution (µs-level), a significantly higher
dynamic range (140dB compared to 60dB in standard cam-
eras) which enables them to work efficiently in poor IV. Ad-
ditionally, DVS consumes far less energy and bandwidth
while requiring minimal computational resources. These
advantages, low latency, efficient resource utilization, and
adaptability to diverse environments, make the event cam-
eras well-suited for target tracking in challenging scenarios
[3, 11, 15, 25, 27, 28, 32].
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Despite their benefits, event cameras do not capture slow
motion or static objects and lack fine-grained texture infor-
mation which is also very important for high-performance
tracking [11]. Therefore, the integration of visible-light
cameras with DVS has emerged as a promising approach
for enhancing reliability in VOT and utilizing the benefits
of both modalities. Several studies [3, 23, 25, 26, 28] have
explored this hybrid setting; however, many have arbitrar-
ily chosen an event image representation without systemati-
cally evaluating its suitability for VOT tasks. Recent works
[2, 3] have demonstrated that a well-designed event image
representation can outperform the conventional approach
of stacking events within fixed time intervals to generate
event frames. Alternative representations such as event
point clouds or Voxel Grids (VGs) may provide a more in-
formative spatiotemporal encoding for improved VOT per-
formance.

Exploring the event camera representation was already
tackled by Zubic et al. [35], Gehric et al. [12] and Jiao et
al. [19]. In those works event camera representation were
investigated for object classification, object recognition, op-
tical flow and SLAM respectively. However, to the best of
our knowledge, this study has not been done for tracking
applications. In addition, specifically for fusing the event
data modality with RGB camera, an ideal representation
that would enrich the tracker with features is essential.

In this work, we aim to address the gap in evaluat-
ing event image representations for VOT by conducting a
comprehensive assessment of two pure event-based track-
ers, HDETrack [28], and MambaEVT [27], and one hybrid
visible-event tracker, CEUTrack [23]. Our evaluation cov-
ers five event image representations: 1) Events Frame (EF),
2) Voxel Grid (VG), 3) Pseudo-Frames (PS), 4) Contrast
Maximization, and 5) learnable representation, Event Spike
Tensor (EST) [12], tested on two benchmark datasets: the
real visible-event dataset VisEvent [25] and the syntheti-
cally generated visible-event dataset LaSOT [7], converted
using V2E [14].

Beyond this evaluation, inspired by [29], we propose
the Gradient-Unified Shared Embedding Module (GUSEM)
to tackle representation-level heterogeneity in event-based
tracking. GUSEM combines explicit gradient cues with
implicit low-rank reconstruction to create a shared, edge-
aware embedding space. It builds on the observation that
edge structures, captured through spatial gradients, are
the most stable features across diverse event image repre-
sentations. Instead of rigid unification, GUSEM decom-
poses each representation into low-rank components via
modality-specific multilayer perceptrons (MLPs). These
are then fused and guided by the explicit gradient features
to form a compact, modality-agnostic embedding. This
dual-pathway design preserves both shared contours and
representation-specific nuances, promoting robust general-

ization. This addition indicates an improvement in perfor-
mance across all representations used as highlighted in Figs.
1(a) and (b) across the datasets VisEvent [25] and LaSOT
[7], respectively.

2. Related Work

This work provides guidelines for choosing the most suit-
able event representation for VOT, focusing on methods that
either rely solely on event cameras or fuse event and visible
data, while excluding purely visible-based approaches.

2.1. Event Camera based Tracking
Event-based VOT has gained traction with the emergence
of benchmark datasets tailored to raw event streams [23,
25, 26, 28]. Several approaches leverage different event
representations and tracking paradigms: Mitrokhin et al.
[21] model event geometry for motion compensation, while
Jiang et al. [18] use event count images for robust de-
tection and tracking. Fu et al. [10] propose DANet with
a transformer-based Siamese framework, and Wang et al.
[15] introduce MambaEVT using structured event frames.
While event cameras excel in high-speed and HDR scenar-
ios, they struggle with slow motion and texture-rich regions.
Hybrid systems that combine event and RGB inputs have
thus emerged as a promising solution for robust VOT.

2.2. Tracking by Combining Visible and Event
Camera

Integrating visible and event sensors in VOT offers com-
plementary strengths: RGB frames are valuable for static
or slow-moving scenes, while event data excels under FM,
MB, and IV [11, 23, 25, 26, 28]. Several datasets and
frameworks have been introduced to support this hybrid
paradigm.

Wang et al. [25] proposed the VisEvent dataset and a
cross-modality Transformer for visible-event fusion, using
event images. Tang et al. [23] introduced the COESOT
dataset and a ViT-based tracker that integrates RGB with
event voxels. Expanding on this, EventVOT [28] provides
high-resolution visible-event pairs and a distillation-based
tracker relying solely on event signals. FELT [26] tar-
gets long-term tracking with an associative memory Trans-
former using voxel-based events. Huang et al. [15] pro-
posed Mamba-FETrack, a State Space Model (SSM)-based
framework combining RGB and event data via event im-
ages. Alansari et al. [3] presented ELTrack, a multi-modal
tracker that uses pseudo-frames to fuse RGB, event, and
language inputs efficiently.

Although prior work acknowledges that event represen-
tation impacts performance [2], no study has systematically
compared different formats in a VOT context. Motivated by
this gap, we evaluate five major event representations and
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Figure 2. Sample frames from the VisEvent dataset illustrating
various event image representations. Each column depicts a differ-
ent scene, each row corresponds to a specific representation: (1)
the original RGB image, (2) Event Frame (EF), (3) Pseudo-Frames
(PS), (4) Voxel Grid (VG), (5) Event Spike Tensor (EST), (6)
Image of Warped Events (IWE), and (7) our proposed Gradient-
Unified Shared Embedding Module (GUSEM) output. The scenes
include: (a) a vehicle in a tunnel, (b) a drone in front of a tall build-
ing, (c) a cat lying on a surface, (d) an indoor scene with a partially
visible person, (e) a logo or letter next to a computer monitor with
visible cables, (f) a scene with flowers, and (g) an outdoor tennis
court or sports area.

their influence on tracking performance to establish clearer
guidelines for future research and deployment.

3. Method

To evaluate the effectiveness of different event image rep-
resentations (see Fig. 2) for VOT, we design a standardized
framework in which each representation is used as input to
a shared baseline tracker. Then, we introduce a lightweight,
representation-agnostic modification to any existing tracker,
termed the GUSEM shown in Fig. 3, which enhances per-
formance across all input types.

3.1. Input Representation
Event cameras consist of independent pixels that asyn-
chronously monitor changes in the logarithmic intensity of
light, denoted by L(x, y, t), at each spatial location (x, y).
An event is triggered when the change in logarithmic inten-
sity exceeds a predefined threshold C, formulated as:

∆L(x, y, t) = log(L(x, y, t))− log(L(x, y, t−∆t)) ≥ pC
(1)

where p ∈ {−1, 1} is the polarity of the change in bright-
ness which indicates whether the intensity increased (+1)
or decreased (-1), and ∆t represents the time elapsed since
the last recorded event at that same pixel location (x, y). In

a given time interval ∆τ , the event camera generates a se-
quence of asynchronous events forming an unordered set:

E = {ei}Ni=1 = {(xi, yi, ti, pi)}Ni=1. (2)

Each event ei encodes the spatiotemporal coordinates
(xi, yi, ti) and polarity pi ∈ {−1, 1}, representing a change
in brightness at pixel (xi, yi) and time ti. These events
are sparse, high-temporal-resolution, and inherently dif-
ferent from conventional frame-based data, necessitating
a transformation into structured representations for use in
learning-based VOT systems.

3.2. Event Image Representations
To make raw event data compatible with deep learning-
based VOT methods, which require dense, grid-based in-
puts, the asynchronous event stream must first be trans-
formed into structured image-like representations. Given an
unordered set of events Eq. (2) collected within a fixed tem-
poral window ∆τ or a fixed number of events, we construct
dense tensors I ∈ RH×W×C , where H and W denote the
spatial resolution of the sensor, and C corresponds to the
number of channels specific to each representation. These
representations serve as the input to standard convolutional
or transformer-based trackers.

Each representation used in this study (Fig. 2) is de-
signed to visualize the raw event stream while either pre-
serving or discarding temporal information, depending on
its formulation. Sample visualizations of these representa-
tions are provided in Fig. 2. For consistency, all event data
in our experiments are discretized using a fixed temporal
window aligned with the timestamp of the corresponding
RGB frame. In this work, we evaluate several commonly
used event image representations:

Event Frame: An Event Frame (EF) is a spatial-only rep-
resentation of events that occur within a user-defined time
window ∆t (see Fig. 2, second row). Events detected dur-
ing this interval are mapped onto a frame with the same
resolution as the camera sensor. This representation disre-
gards the temporal aspect of the data, meaning that if mul-
tiple events occur at the same spatial location within the
same time window, only the most recent event will be re-
tained, effectively overwriting previous ones. To preserve
polarity information, a two-channel representation is used,
where events with positive and negative polarity are accu-
mulated separately. This ensures that both positive and neg-
ative events contribute distinctly to the final representation.

Pseudo-Frames: A Pseudo-Frames (PS) representation
is a spatial-only representation of events that occur within a
user-defined time window ∆t (see Fig. 2, third row).

begins with generating a dense event stream (e.g., via
the Video-to-Events (V2E) module [14]), followed by noise
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Figure 3. Overview of our proposed GUSEM-based tracking framework. It consists of a module for unifying event representations, a
modal prompting block for adaptive token refinement, and a LoRA-tuned RGB tracker. The unified design enables robust tracking across
diverse event formats with a single model.

filtering and accumulation. To enhance robustness, the Yang
filter [9] eliminates isolated or spurious events by checking
local spatiotemporal consistency:

E′(x, y, t) =

E(x, y, t), if
∑

(x′,y′,t′)∈N
I(E(x′, y′, t′) ̸= 0) ≥ θ,

0, otherwise.
(3)

Subsequently, the filtered events are integrated over a fixed
time window to form the final PS:

P (x, y) =

t0+T∑
t=t0

E′(x, y, t), (4)

where P (x, y) represents the accumulated event count at
each pixel over the interval T .

Voxel Grid: A Voxel Grid (VG) is a three-dimensional
(3D) spatiotemporal representation of events, where each
voxel corresponds to a specific pixel location and a discrete
time interval (see Fig. 2, fourth row). A VG divides the
event stream into B temporal bins (or slices) over a time
window ∆t. Each event is assigned to a voxel based on its
spatial coordinates (x, y) and its relative timestamp within
the window. To mitigate quantization artifacts and improve
the smoothness of the representation, bilinear interpolation
is applied. This allows each event to contribute proportion-
ally to neighboring spatial pixels and temporal bins, with
weights determined by its distance from the voxel centers
[33]. Such soft-assignment preserves finer motion patterns
and ensures continuity across voxel boundaries [34].

The VG is computed following the formulation of Zhu
et al. [34]. First, the temporal position of each event is
normalized to the bin index range:

t∗i = (B − 1)
(ti − t1)

(tN − t1)
(5)

Then, the VG is constructed by accumulating event contri-

butions using a bilinear kernel:

V (x, y, t) =
∑
i

pikb(x− xi)kb(y − yi)kb(t− t∗i ) (6)

where pi ∈ {−1,+1} is the event polarity, and the bilinear
kernel kb(·) is defined as kb(a) = max(0, 1 − |a|). This
results in a dense 3D tensor V ∈ RB×H×W , which retains
temporal ordering while remaining compatible with stan-
dard convolutional architectures.

Event Spike Tensor: The Event Spike Tensor (EST) is a
four-dimensional spatiotemporal representation introduced
by Gehrig et al. [12] (see Fig. 2, fifth row), designed to
preserve the fine temporal resolution of event data while
maintaining dense spatial structure. Unlike discretized rep-
resentations such as VG, which rely on fixed temporal bin-
ning, EST encodes time continuously using differentiable
temporal basis functions. These can be either fixed (e.g.,
raised cosines) or learned via a MLP that maps event times-
tamps and coordinates into a high-dimensional space. Each
event’s response is then projected onto a structured grid
and accumulated across channels, forming a smooth, multi-
channel tensor that avoids the quantization artifacts typical
of hard-binning approaches.

This soft temporal encoding produces smooth tempo-
ral profiles at each pixel, enabling the capture of high-
frequency motion patterns and subtle temporal variations.
Because the EST is fully differentiable and can be trained
end-to-end, it allows the representation itself to adapt to the
requirements of downstream tasks such as tracking. As a
result, EST offers a flexible, information-preserving frame-
work that effectively bridges raw event streams and deep
neural architectures.

Image of Warped Events: The Contrast Maximization
(CM) is a general-purpose framework for extracting motion
or structure from event data by exploiting the principle that
events are triggered at locations of high temporal contrast.
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Given a batch of events E = {(xi, yi, ti, pi)}Ni=1, CM seeks
to align them along a hypothesized motion model parame-
terized by θ. Each event is warped to a common reference
time tref according to this motion model, resulting in warped
coordinates:

x′
i(θ) = W(xi, ti; θ), (7)

where W(·) denotes the warping function that compensates
for motion between ti and tref.

The warped events are accumulated into a 2D image
called the Image of Warped Events (IWE) (see Fig. 2, sixth
row):

H(x; θ) =

N∑
i=1

k(x− x′
i(θ)), (8)

where k(·) is a spatial kernel (e.g., a box or Gaussian ker-
nel) used to smooth the event contributions onto the image
plane.

The goal is to find the motion parameters θ that max-
imize a contrast-based objective function over the IWE. A
commonly used contrast function is the variance of the pixel
intensities:

f(θ) = Var(H(x; θ)). (9)

Intuitively, when the correct motion parameters are used,
the warped events align coherently, resulting in a sharper,
high-contrast IWE. The optimization θ∗ = argmaxθ f(θ),
yields motion estimates such as optical flow, object trajec-
tory, or camera motion.

3.3. GUSEM
Event image representations such as EF, VG, PS, EST, and
IWE vary in their encoding of spatial and temporal dynam-
ics. Despite this heterogeneity, a consistent structural prior
emerges across formats: object contours and boundary tran-
sitions. To unify these modalities into a robust and gen-
eralizable representation space, we propose the GUSEM,
inspired by the modality alignment strategy introduced in
[29]. GUSEM combines explicit gradient-based structural
supervision with implicit low-rank factorization to capture
shared semantics while preserving modality-specific sub-
tleties (see Fig. 2, seventh row).

Explicit Structural Unification: While each representa-
tion encodes event data differently, e.g., temporal binning
in EF, voxel stacking in VG, filtering in PS, spike-driven
activation in EST, or motion-compensated warping in IWE,
they all retain edge-related structure due to the inherent na-
ture of events triggering on brightness change. This results
in a shared structural prior: edges and motion boundaries
consistently emerge across formats.

GUSEM exploits this inherent property by computing
spatial gradient maps for each representation using fixed

horizontal and vertical finite differences. This yields a con-
sistent, modality-agnostic structural cue G, which serves as
an explicit edge-aware signal aligned with high-frequency
features such as contours and motion boundaries. To re-
tain this structure across network depth, we concatenate
the gradient maps G with the original input features, form-
ing a fused representation that injects edge-awareness early
and preserves it through deeper layers. This design en-
sures that edge fidelity, a key asset in event-based vision,
is maintained and aligned across representations, laying the
groundwork for subsequent shared embedding learning.

Implicit Low-Rank Structural Embedding: While
gradient-based features capture shared structural priors
(e.g., edges, contours), they lack the capacity to model
representation-specific variations inherent in different event
formats. To complement this, GUSEM integrates an
implicit low-rank learning path that captures nuanced
differences while preserving alignment with structural
cues. Specifically, input features M from multiple
event image representations are decomposed into subsets
{MEF,MVG,MPS,M IWE}. Each is processed through a
modality-specific projection function σx to produce a com-
pressed low-rank matrix Mx

k = σx(M
x), where k ≪ c and

σx : Rc −→ Rk is implemented as a lightweight MLP. Si-
multaneously, the explicit gradient map G) is projected into
the same low-rank space Gk = σg(G) to act as a structural
prior.

We then construct a joint latent embedding by concate-
nating the per-representation low-rank matrices and inte-
grating the gradient prior:

Mk = φR1
([MEF

k ,MVG
k ,MPS

k ,MEST
k ,M IWE

k ]) + φR2
(Gk),

(10)
where φR1

and φR2
are learnable fusion MLPs. Finally,

the unified low-rank representation Mk is projected back to
the original feature space and combined with the gradient
feature to form the final shared embedding:

F = ΦR(Mk) +G, (11)

where ΦR is a lightweight reconstruction MLP, and the
residual connection to G reinforces structural consistency.
This dual pathway, explicit structural supervision and im-
plicit low-rank learning, allows GUSEM to construct a ro-
bust, semantically-aligned embedding space that preserves
both global structure and format-specific distinctions across
event representations.

Outer Representation Prompting: Event representa-
tions often encode complementary cues, some emphasize
fine-grained temporal precision (e.g., EST, VG), while oth-
ers prioritize spatial consistency (e.g., EF, PS, IWE). A pre-
trained RGB tracker or ViT operating on a single represen-
tation (e.g., EF) may struggle to generalize across corner
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cases. To address this, we introduce a representation-aware
prompting mechanism that adaptively enhances input to-
kens using cross-representation cues.

Inspired by UnTrack [29], prompting and LoRA-based
adaptation techniques, we implement a shrinkage token fu-
sion strategy over input tokens I . Each token is dynami-
cally scored by a function s(·), which segments the token
space into: (1) positive tokens (mp) which are confident
and reliable, (2) uncertain tokens (mu) which are ambigu-
ous or noisy, and (3) negative tokens (mn) which are low-
confidence or degraded.

The goal is to inject useful structure from the shared em-
bedding F into the base tokens, while preserving confident
ones. Negative tokens are replaced by corresponding tokens
from F , and positive tokens are retained from I . These are
linearly projected to a low-rank space:

Il1 = σc(mn · F +mp · I), (12)

where σc is a projection MLP to the low-rank space.
Next, we focus on uncertain tokens. These are softly

fused with their counterparts in F , with the aim of suppress-
ing noise and enhancing signal:

Il2 = σn(mu · F +mu · I), (13)

where σn is another low-rank projection function. The two
branches are then combined:

Il = φP ([Il1 , Il2 ]), (14)

producing a unified low-rank embedding of the input to-
kens. A similar pipeline is applied to F to obtain its
low-rank representation Fl. Finally, we perform cross-
representation fusion:

O = ΦP (Il + Fl), (15)

where ΦP is an MLP that projects back to the original fea-
ture space, producing the prompted, representation-aware
output.

This mechanism serves as a token-level filter and en-
hancer: (1) negative tokens are overwritten with more trust-
worthy signals, (2) uncertain tokens are denoised through
fusion, and (3) positive tokens are left untouched. Because
all fusion operations occur in a compressed low-rank space,
the prompting adds minimal overhead while enabling dy-
namic and selective enhancement of event representations.

Inner Representation Prompting: While outer prompt-
ing enriches input tokens using cross-representation cues,
deeper adaptation within the model is often necessary to
fully align the network with the diverse statistical patterns
of event-based representations. However, fine-tuning the
entire network is computationally expensive and prone to

Table 1. Per-representation fine-tuning performance comparison
of various event image representations on the VisEvent and LaSOT
datasets.

Method Rep. VisEvent LaSOT
S NP P ∆ S NP P ∆

E
ve

nt
O

nl
y

MambaEVT

VG 36.2 39.7 50.8 -2.3 25.6 26.3 24.7 -2.9
EF 35.9 39.4 50.2 -2.6 21.6 22.0 20.0 -6.9
PS 32.9 36.7 46.3 -5.6 22.9 23.4 21.2 -5.6
EST 36.6 40.2 51.6 -1.9 26.7 28.2 25.2 -1.8
IWE 33.8 37.5 47.2 -4.7 26.1 27.7 24.8 -2.4
Ours 38.5 42.7 53.4 - 28.5 30.4 28.6 -

HDETrack

VG 37.3 44.5 54.6 -2.2 26.1 28.6 25.0 -3.9
EF 36.3 43.4 53.8 -3.2 23.2 24.0 20.1 -6.8
PS 33.8 41.2 51.6 -5.7 23.9 24.6 20.4 -6.1
EST 37.8 44.9 54.9 -1.7 27.6 29.5 26.4 -2.4
IWE 35.7 42.8 52.5 -3.8 27.1 29.2 26.1 -2.9
Ours 39.5 46.4 56.6 - 30.0 32.3 30.4 -

R
G

B
&

E
ve

nt

CEUTrack

VG 53.1 73.8 69.1 -3.6 39.5 45.8 37.1 -4.6
EF 51.5 69.7 67.5 -5.2 37.8 44.6 35.3 -6.3
PS 52.8 71.6 68.7 -3.9 38.5 44.9 36.6 -5.6
EST 54.9 74.5 70.7 -1.8 42.3 47.7 39.4 -1.8
IWE 54.4 74.1 70.5 -2.3 41.6 46.7 38.4 -2.5
Ours 56.7 76.3 72.4 - 44.1 49.3 41.4 -

overfitting, especially when working with sparse, high-
resolution event data. To balance adaptability and effi-
ciency, we incorporate Low-Rank Adaptation (LoRA) [13]
into the model’s core transformer layers.

Specifically, for each attention module with a frozen
weight matrix W0 ∈ Rd×k, we introduce two trainable
matrices: low rank projection A ∈ Rr×k, and low-rank
expansion B ∈ Rd×r, where r ≪ min(d, k) ensures
minimal parameter overhead. The original attention op-
eration h = W0x is augmented as h = W0x + BAx.
The LoRA term BAx injects a small, trainable adapta-
tion into the frozen transformer without modifying its pre-
trained weights. This allows the model to internally adjust
to representation-specific patterns, such as the sparse struc-
ture of EST, the smooth interpolation of PS, or the motion-
aligned textures of IWE, without disrupting the core RGB
tracking functionality.

We optimize the network end-to-end using the same loss
objectives as our baseline tracker, enabling seamless inte-
gration with existing training pipelines. By confining train-
able parameters to LoRA modules, prompting layers, and
the shared embedding module, the entire system remains
GPU-friendly, scalable, and robust to overfitting.

4. Experiments

4.1. Implementation Details
We evaluate tracking performance on two datasets: VisEv-
ent for Short-Term (ST) event-based tracking and LaSOT
(with synthetic events from V2E) for Long-Term (LT) sce-
narios. VisEvent includes 820 real event sequences with
diverse motion and lighting challenges, while LaSOT offers
1,400 RGB videos converted to events for LT evaluation.
We benchmark three baseline trackers (CEUTrack, Mam-
baEVT, HDETrack) across five event representations, with
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Table 2. Joint representation performance of trackers trained on
all event image representations and tested separately on each.

Method Rep. VisEvent LaSOT
S NP P ∆ S NP P ∆

E
ve

nt
O

nl
y

MambaEVT

VG 30.8 34.3 45.4 -6 23.3 23.9 22.1 -3.8
EF 29.5 33.7 44.1 -7.3 19.8 20.0 18.5 -7.3
PS 29.2 33.4 43.9 -7.6 20.5 20.8 18.8 -6.6
EST 31.9 35.5 46.9 -4.9 24.1 25.9 22.8 -3
IWE 30.3 34.1 45.2 -6.5 23.8 25.6 22.4 -3.3
Ours 36.8 41.5 52.6 - 27.1 29.5 27.8 -

HDETrack

VG 34.6 41.7 52.0 -3.4 24.3 26.2 23.4 -4.5
EF 31.2 38.5 48.5 -6.8 21.4 22.1 18.1 -7.4
PS 30.8 38.1 48.7 -7.2 21.9 22.5 18.5 -6.9
EST 35.1 42.3 52.1 -2.9 25.1 26.8 24.1 -3.7
IWE 33.3 40.6 50.2 -4.7 24.7 26.6 23.8 -4.1
Ours 38.0 45.1 55.2 - 28.8 31.2 29.4 -

R
G

B
&

E
ve

nt

CEUTrack

VG 51.3 71.0 67.6 -4 39.1 44.6 36.4 -3.7
EF 49.1 68.4 65.9 -6.2 36.7 43.8 34.7 -6.1
PS 50.2 69.5 66.8 -5.1 37.3 44.1 35.0 -5.5
EST 52.0 71.6 68.2 -3.3 40.4 45.5 37.2 -2.4
IWE 51.6 71.2 67.8 -3.7 39.4 44.9 36.6 -3.4
Ours 55.3 75.0 71.1 - 42.8 47.9 40.2 -

and without our proposed GUSEM.
All experiments are conducted on a single NVIDIA

GeForce RTX 3080 GPU. For each setup, fine-tuning is
performed for 10 epochs using the tracker’s default train-
ing configuration and initialized from its official pretrained
weights. Tracking performance is evaluated using standard
metrics: Success (S), Precision (P), and Normalized Preci-
sion (NP). To comprehensively evaluate the generalization
and representation-specific performance of trackers, we de-
sign three experimental protocols:
Per-representation Fine-tuning Setting: Each tracker is
fine-tuned individually on a specific event image represen-
tation before being evaluated on the same representation.
Joint Representation Training Setting: Each tracker is
trained using a mixed dataset that includes all considered
representations. This setup evaluates the ability of the
tracker to generalize across heterogeneous inputs using a
unified model.
Cross-Representation Evaluation Setting: A tracker
trained on one representation is directly tested on a differ-
ent representation without further fine-tuning. This tests the
transferability and robustness of learned features across rep-
resentations.

4.2. Results
To analyze the impact of training strategies on
representation-specific and cross-representation per-
formance, we evaluate our model under three experimental
settings described in Section 4. Below, we report and
interpret the results obtained for each. For each tracker,
the top three results are highlighted in red (best), green
(second), and blue (third). Ours refers to the corresponding
tracker equipped with our proposed GUSEM. Rep. denotes
the event image representation used as input, and ∆
indicates the difference in S score between each method
and its GUSEM-enhanced counterpart.

Per-Representation Fine-Tuning: Table 1 shows how
different trackers perform when fine-tuned and evaluated
on individual event representations across VisEvent and La-
SOT. This setup reveals how well each format supports
tracking when used in isolation.

Among baseline methods, EST consistently yields the
strongest results, particularly on VisEvent, due to its learn-
able, continuous-time encoding that captures fine temporal
structure. VG also performs well, especially with Mam-
baEVT, owing to effective discretization and interpolation.
IWE trails closely behind, leveraging motion-aligned accu-
mulation for robust structure preservation. In contrast, EF
and PS underperform, EF due to coarse quantization, and
PS due to information loss from filtering, particularly on La-
SOT, which contains more variation and longer sequences.

The ∆ column quantifies improvements from replacing
each baseline representation with our GUSEM. On Mam-
baEVT, GUSEM outperforms EST by +1.9, +2.5, +1.8 (Vi-
sEvent) and +1.8, +2.2, +3.4 (LaSOT). HDETrack sees sim-
ilar gains: +1.7, +1.5, +1.7 on VisEvent and up to +4.0
on LaSOT. CEUTrack achieves the highest scores overall,
with gains up to +2.6 over EST and IWE. These results
highlight GUSEM’s ability to unify structurally diverse in-
puts into a stable, edge-aware embedding that generalizes
across scenes and sequence lengths. The consistent perfor-
mance boost across all trackers validates our dual-path de-
sign: explicit gradient supervision for structural consistency
and low-rank fusion for semantic alignment.

Joint Representation Training: To evaluate generaliza-
tion under heterogeneous inputs, we adopt a joint train-
ing setup using all five event representations (EF, VG, PS,
EST, IWE). As shown in Table 2, GUSEM-enhanced mod-
els consistently outperform their vanilla counterparts across
all trackers and datasets.

Among standard formats, EST and IWE remain the most
effective. EST achieves the highest scores overall due to its
learnable, continuous encoding, while IWE follows closely,
leveraging motion-aligned accumulation. VG and PS gen-
eralize less effectively, particularly on LaSOT, likely due to
quantization and temporal sparsity. EF performs worst, lim-
ited by its weak temporal fidelity and structural degradation.

The ∆ column shows GUSEM’s margin over baselines.
On MambaEVT, GUSEM improves over EST by +4.9 (S),
+6.0 (NP), +5.7 (P) on VisEvent, and +3.0 to +4.0 on La-
SOT. HDETrack sees +2.9-3.0 gains on VisEvent and up
to +5.3 on LaSOT. CEUTrack also benefits, with gains up
to +2.4 over EST and IWE. These results demonstrate that
while joint training helps, conventional trackers are still
limited by their input formats. In contrast, GUSEM uni-
fies diverse representations into a shared embedding that is
structurally aligned and semantically rich. Its explicit gra-
dient cues and low-rank fusion jointly enable strong gener-
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Table 3. Cross-representation tracking performance on VisEvent
dataset.

Method Train \Test EF VG PS EST IWE Avg.

M
am

ba
E

V
T

EF 35.9 35.1 32.3 31.2 33.4 33.6
VG 35.5 36.2 33.8 35.6 33.4 34.9
PS 30.0 30.7 32.9 31.1 31.8 31.3

EST 33.9 34.5 33.3 36.6 33.6 34.4
IWE 31.4 31.7 32.5 32.1 33.8 32.3
Ours 38.5 38.5 36.8 37.1 36.9 37.6

H
D

E
Tr

ac
k

EF 36.3 35.9 33.8 35.4 34.2 35.1
VG 36.6 37.3 35.1 36.1 35.6 36.1
PS 30.3 31.0 33.8 31.5 32.7 31.9

EST 35.7 36.6 35.1 37.8 35.3 36.1
IWE 32.1 32.3 34.9 34.2 35.7 33.8
Ours 39.5 39.5 37.1 38.2 37.7 38.4

C
E

U
Tr

ac
k

EF 51.5 51.1 50.6 51.0 50.9 51.0
VG 52.7 53.1 52.5 52.9 52.6 52.8
PS 51.3 51.6 52.8 51.9 52.1 51.9

EST 53.3 53.9 53.4 54.9 53.4 53.8
IWE 53.2 53.4 54.1 53.7 54.4 53.8
Ours 56.7 56.7 56.3 56.4 56.6 56.5

alization across conditions.

Cross-Representation Evaluation: To evaluate robust-
ness under representation shifts, we conduct cross-
representation tests where models are trained on one event
format and tested on others. This setup mimics real-world
deployment, where the input encoding may vary or be un-
known. As shown in Tables 3 and 4, several consistent
trends emerge.

Trackers perform best on their training format (di-
agonal entries), but performance often drops on mis-
matched formats, revealing overfitting to representation-
specific traits. Among standard formats, EST and IWE
exhibit the strongest generalization, yielding higher off-
diagonal scores due to their stable structural encoding.
In contrast, EF and PS perform poorly across representa-
tions, especially on LaSOT, highlighting their weak tem-
poral modeling and limited adaptability. LaSOT exposes
these weaknesses more clearly: EF- and PS-trained models
drop by 5-7 points across test formats, while VG and EST
degrade more moderately. Still, no conventional represen-
tation achieves consistent cross-format performance.

GUSEM overcomes these limitations across all trackers.
On VisEvent, MambaEVT with GUSEM averages 37.6, im-
proving over EST by +2.7; HDETrack reaches 38.4 vs. 36.1
(VG/EST). Even CEUTrack, with strong baselines, gains
+2.7 with GUSEM. On LaSOT, GUSEM improves Mam-
baEVT from 25.2 (IWE) to 27.8, HDETrack from 25.7 to
29.3, and CEUTrack from 40.1 to 43.5. These results con-
firm GUSEM’s ability to unify heterogeneous inputs into a
structurally stable, semantically rich embedding. Its explicit
gradient path captures invariant contours, while low-rank
fusion models transferable representation-specific cues.

Table 4. Cross-representation tracking performance on LaSOT
dataset.

Method Train \Test EF VG PS EST IWE Avg.

M
am

ba
E

V
T

EF 21.6 20.6 18.5 19.7 16.3 19.3
VG 24.2 25.6 20.4 23.8 22.4 23.3
PS 19.5 20.4 22.9 21.3 21.7 21.2

EST 24.7 25.6 24.5 26.7 24.4 22.5
IWE 23.1 23.8 24.8 25.1 26.1 25.2
Ours 28.5 28.5 27.3 27.1 27.6 27.8

H
D

E
Tr

ac
k

EF 23.2 21.4 20.1 21.5 18.7 21.0
VG 25.7 26.1 23.4 25.1 22.6 24.6
PS 21.3 21.5 23.9 20.4 22.6 21.9

EST 24.1 25.8 24.5 27.6 24.7 25.3
IWE 24.6 25.1 25.7 25.9 27.1 25.7
Ours 30.0 30.0 28.8 28.5 29.1 29.3

C
E

U
Tr

ac
k

EF 37.8 37.1 35.2 36.6 35.5 36.4
VG 38.7 39.5 37.4 38.9 37.7 38.4
PS 35.6 35.9 38.5 37.1 37.8 37.0

EST 39.7 41.2 38.4 42.3 38.9 40.1
IWE 38.1 38.4 39.6 39.9 41.6 39.5
Ours 44.1 44.1 43.2 42.7 43.3 43.5

5. Conclusion

This work presents a systematic analysis of event image
representations in VOT. Our evaluation across five repre-
sentations, EF, VG, PS, IWE, and EST, demonstrates that
performance varies widely depending on the chosen format.
No single representation proves universally effective, which
limits the reliability of existing event-based tracking meth-
ods. To address this challenge, we introduce GUSEM de-
signed to unify diverse event formats into a consistent rep-
resentation space. GUSEM integrates two complementary
pathways: explicit spatial gradients that capture modality-
invariant structural cues, and low-rank reconstruction that
preserves format-specific semantics. Experimental results
across multiple trackers and datasets show that GUSEM
consistently improves tracking accuracy under fine-tuned,
joint training, and cross-representation conditions. By de-
coupling performance from the specific event encoding,
GUSEM offers a robust and flexible solution for real-world
deployment where input representations may vary.
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