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Abstract

Egocentric point tracking aims to localize points on ob-
ject surfaces from a first-person perspective and serves as a
critical step toward embodied intelligence. Recent methods
rely on video input, tracking query points through feature
matching across consecutive frames. However, these meth-
ods struggle in highly dynamic settings—a common chal-
lenge in first-person perspectives, where the head-mounted
camera undergoes frequent and abrupt rotations, resulting in
high angular velocities, motion blur, and large inter-frame
displacements. In contrast, event cameras capture motion at
microsecond temporal resolution, naturally avoiding blur and
delivering low-latency, high-fidelity cues crucial for egocen-
tric point tracking. Moreover, rapid egocentric motion dis-
rupts local smoothness, breaking the assumption that spa-
tially adjacent regions share similar motion. Event dynam-
ics expose global motion trends, guiding coherent modeling
and consistent feature flow. Therefore, this paper proposes
a mamba-based tracking framework that constructs feature
modeling paths aligned with the dominant motion trend ex-
tracted from events, and modulates feature propagation along
these paths based on local motion intensity, enhancing stabil-
ity by suppressing unreliable signals and emphasizing consis-
tent cues. Additionally, a motion-adaptive suppression mod-
ule enhances temporal robustness by adaptively suppressing
correlation features based on motion intensity variations, mit-
igating the effects of intensity fluctuations and partial observ-
ability. To facilitate research in this domain, a multimodal
dataset named DVS-EgoPoints with both events and videos
for egocentric point tracking is collected. Experiments on the
DVS-EgoPoints dataset and a simulation benchmark demon-
strate superior performance over state-of-the-art methods, es-
pecially under challenging motion and occlusion conditions.

Introduction

Egocentric point tracking aims to track points in a scene
from a first-person perspective. It is a crucial component of
embodied Al (Plizzari et al. 2024) and has applications in
robotics (Behrens et al. 2025), as well as AR and VR (Zhao
et al. 2025). Recent methods (Karaev et al. 2024; Kim et al.
2025) rely on video input, extracting per-frame features via
an encoder and matching the query region over time. While

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

4547

ey
— c— = -
Dense temporal motion observation Motion history

(b) Advantage of event-based approach

Figure 1: (a) Video-based methods primarily track query
points via appearance matching, which fails under fast cam-
era motion due to motion blur. (b) Event cameras provide
dense temporal observations without motion blur. In addi-
tion, event projections reflect both spatial structure and mo-
tion evolution, with darker colors marking earlier times-
tamps and color transitions encoding motion history, en-
abling motion-aware tracking.

effective in third-person tracking, these approaches struggle
in first-person settings. Third-person views typically exhibit
smooth, constrained camera motion, with objects largely re-
maining in view. In contrast, egocentric data from head-
mounted cameras involves abrupt head movements, caus-
ing motion blur and large inter-frame displacements that de-
grade appearance-based matching accuracy, see Figure 1(a).

To address these challenges, this paper leverages event
cameras (Lichtsteiner, Posch, and Delbruck 2008; Taverni
et al. 2018), where each pixel independently responds to
brightness changes at microsecond-level time resolution,
avoiding motion blur. They reveal more dynamic scene
changes rather than appearance information, making them
an effective alternative to video in motion-focused tasks.
Furthermore, the event order implicitly carries motion cues,
providing guidance for motion-aware feature modeling, as
shown in Figure 1(b).

However, event triggering frequency at each pixel en-



codes not only spatial structure but also temporal motion in-
tensity. This spatiotemporal coupling causes existing meth-
ods, which primarily focus on spatial encoding, to lose infor-
mation. Moreover, these methods often assume local spatial-
motion consistency: CNNs aggregate over local neighbor-
hoods, Transformers split inputs into adjacent patches, and
Mamba follows a fixed scan path. Under rapid egocentric
motion, such assumptions fail, leading to misaligned feature
aggregation and degraded temporal modeling.

Therefore, this paper presents an event-based egocentric
point tracking framework designed to capture spatiotem-
poral dependencies in event data. Specifically, an event-
guided mamba encoder is proposed to construct feature
modeling paths aligned with the dominant motion trend ex-
tracted from events, enabling spatially consistent and tempo-
rally aware representation. Feature propagation along these
paths is further modulated by local motion intensity to sup-
press unreliable signals and emphasize coherent cues. Ad-
ditionally, a Motion-Adaptive Suppression (MAS) module
is introduced to enhance robustness under rapid motion
and partial occlusion by dynamically suppressing correla-
tion features in regions with high motion intensity varia-
tions. To validate the effectiveness of this method, the paper
collects an egocentric point tracking dataset named DVS-
EgoPoints, which includes both event and video modalities.
The proposed method shows superior performance on both
the DVS-EgoPoints and a simulation dataset. The main con-
tributions of this paper can be summarized as follows:

* An event-based egocentric tracking framework named E-
MaT is proposed, capable of tracking fast-moving points
across occlusions in first-person scenarios.

* An event-guided Mamba encoder that adapts the feature
modeling path to the dominant motion trend and mod-
ulates feature propagation by local motion intensity, en-
abling coherent spatiotemporal representation.

* A motion-adaptive suppression module complements the
encoder by attenuating noisy correlations under rapid
motion and occlusion, stabilizing feature matching.

» For comprehensive evaluation, a real-world egocentric
point tracking dataset with both events and videos is col-
lected. Experiments on synthetic and real-world datasets
reveal the competitive performance of E-MaT.

Related Work
Point Tracking

Point tracking is a fundamental task in computer vision, aim-
ing to determine the subsequent positions of a given query
point on a physical surface over time. Most existing methods
rely on video input, extracting appearance features around
the query point in the initial frame and searching for the best-
matching region in subsequent frames (Doersch et al. 2022;
Karaev et al. 2023; Cho et al. 2024; Qu et al. 2024; Karaev
et al. 2024; Li et al. 2025). For example, the PIPs series
(Harley, Fang, and Fragkiadaki 2022; Zheng et al. 2023) em-
ploys ResNet (He et al. 2016) to extract frame-wise features
and performs temporal matching within the query’s neigh-
borhood to track point positions. These approaches achieve
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impressive performance in third-person videos where mo-
tion is smooth and appearance remains relatively stable.

In contrast, egocentric settings present unique challenges
due to rapid head movements, motion blur, and frequent
viewpoint changes, all of which undermine the stability of
appearance-based cues. To investigate this, (Darkhalil et al.
2024) introduces two egocentric point tracking datasets: K-
EPIC-Point for training and EgoPoints for evaluation, and
benchmarks existing trackers in this context. Their perfor-
mance noticeably diverges from third-person scenarios, re-
vealing limitations in handling egocentric dynamics.

Event-based Vision

Event cameras (Lichtsteiner, Posch, and Delbruck 2008) are
bio-inspired vision sensors that asynchronously capture per-
pixel brightness changes with microsecond latency. Com-
pared to conventional cameras, they offer higher dynamic
range, negligible motion blur, and ultra-low power con-
sumption. These advantages have led to growing interest
in event-based vision tasks such as optical flow estimation
(Wan et al. 2024; Shiba et al. 2024; Wan et al. 2025; Alma-
trafi et al. 2020; Liao et al. 2024), action recognition (Wan
etal. 2022; Tan et al. 2022; Gao et al. 2023), and point track-
ing (Liu et al. 2024a; Hamann et al. 2025; Han et al. 2025).
Existing event-based point tracking methods primarily fo-
cus on third-person scenarios, following pipelines similar to
video-based approaches: spatial features are extracted using
encoder backbones, while temporal dependencies are mod-
eled subsequently in a separate stage. For example, FE-TAP
(Liu et al. 2024a) combines spatial features from events and
videos and employs temporal attention for point tracking.
However, such methods assume local motion smoothness
and spatial continuity, which fails under rapid egomotion,
limiting their effectiveness in first-person scenarios.

State Space Model

State Space Models (SSMs), originally from control the-
ory, have shown promise in modeling long-range dependen-
cies via linear recurrent dynamics. Mamba (Gu and Dao
2023) enhances SSMs with input-dependent, time-varying
parameters, achieving global context modeling with linear
complexity. Unlike ViT’s global self-attention (Dosovitskiy
et al. 2021), Mamba processes image patches sequentially,
enabling flexible scan directions. Variants like Vim (Zhu
et al. 2024), VMamba (Liu et al. 2024b), and Mamba-ND
(Li, Singh, and Grover 2025) explore different spatial scan
strategies to improve efficiency and context integration.

Recent studies (Huang et al. 2024; Ge et al. 2025; Wang
et al. 2024; Zubic, Gehrig, and Scaramuzza 2024) have
increasingly explored mamba models for event data, yet
few have examined how the spatiotemporal characteristics
of events influence feature extraction. Unlike video, where
temporal dependencies span across frames and intra-frame
content is spatial, event data simultaneously captures both
scene structure and precise temporal dynamics. This encod-
ing presents a challenge for mamba models with fixed scan
directions, which traditionally focus on spatial modeling and
overlook the temporal cues inherent in event data.



Method
Event Processing

Event cameras asynchronously emit events when the change
in logarithmic intensity exceeds a threshold C"

IOgI(I’,y,t) 710g1($,y,t*At) :pC, (D

where At is the time between consecutive events, and
p € {—1,1} indicates polarity. Each event is a four-tuple
(z,y,t,p), encoding the location, timestamp, and polarity.

To process events, this work adopts the time surface
(Mueggler, Bartolozzi, and Scaramuzza 2017), where each
pixel stores the timestamp of its most recent event within a
temporal window. This window determines how far into the
past events are considered when constructing the surface, en-
abling control over the temporal context. Unlike voxel grids
(Zhu et al. 2019) or event frames (Liu and Delbruck 2018),
the time surface retains fine-grained motion history (Gallego
et al. 2022), making it well-suited for point tracking.

Framework

The problem can be defined as follows: given an event
stream, which is mapped to a sequence of time surface rep-
resentations £ = {Eg,E;,...,Er} € RT*2XHXW ‘and an
query point z,.. = x9 € R? at time step 0, the goal is to
estimate its position X = {zg, 21, ..., x7} € RT*? and vis-
ibility V = {vp, ..., vr} € RT*! across all time steps.

The proposed E-MaT framework consists of two stages:
initialization and iterative refinement, with the overall net-
work architecture illustrated in Figure 2. In the initializa-
tion stage, spatial-temporal features 7 = {Fo,F;,...,Fr} €
RTXCXHXW are extracted from time surfaces using
an Event-Oriented Mamba encoder. Unlike prior works
(Karaev et al. 2023; Zheng et al. 2023) that focus solely on
spatial features at individual time steps, EOM leverages mo-
tion history encoded in the time surface to extract temporally
aware spatial features, enhancing feature expressiveness.

During the iterative refinement phase, let f € R? and
vF € R! denote the estimated point and visibility at time
t after the k-th iteration. For each timestep ¢, E-MaT ex-
tracts multi-scale features f; € RACX7*7 by applying av-
erage pooling to F, at three scales and sampling 7 x 7 lo-
cal regions around z,. Correlation volumes ¢; € R7X7x7x7
are then computed between f; and the query-step features.
The resulting correlations C* = {cf,...,ck}, together
with the time surface £ and positions X*, are refined by
the MAS module, which attenuates unreliable correlations
based on local motion intensity variations. This suppresses
noisy activations caused by non-uniform event rates or oc-
clusions, encouraging temporal consistency. The refined cor-
relations CF, positions X*, and visibility V* are passed
into a Transformer-based decoder (Karaev et al. 2024) to
predict updates AX and AV. Estimates are updated via:
Xkl = Xk + AX and VF*! = VF 1 AV,

Event-oriented Mamba

The frame-like synchronous time surface representation en-
codes motion history (Gallego et al. 2022), where tempo-
ral relationships exist not only across time steps but also
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within a single frame. This contrasts with video, where spa-
tial structures are captured within frames and temporal de-
pendencies occur between frames. Therefore, video-based
methods that first extract spatial features and then model
temporal dependencies may cause loss of intra-frame tem-
poral information in time surface, which is critical for point
tracking. To tackle this, this paper proposes Event-Oriented
Mamba (EOM) to exploit temporal motion information em-
bedded within the time surface.

As shown in Figure 3, the input is first divided into non-
overlapping patches via a patch embedding layer, followed
by L stacked EOM layers to extract features. For clarity,
multi-stage details are omitted in the figure and provided
in the supplementary. The final output is a feature map
F, € RE*XH*W This operation is independently applied
at each time step, allowing the model to adaptively capture
the dominant motion direction over time.

Each EOM layer includes linear projections, normal-
ization, depthwise convolutions (DWConv), and the key
motion-guided scan module. Previous methods rely on fixed
scan directions to model dependencies, which is suboptimal
for event data, as it disrupts the temporal relationship in the
time surface during sequence modeling. Motion-guided scan
module determines the dominant motion direction by con-
volving the time surface with 8 directional Sobel operators,
producing a gradient map G; € R®*H#*W Tt then performs
Global Average Pooling (GAP) to obtain a direction-wise
motion response vector w € R8, which is normalized via
softmax:

exp (g7 2 Gk, 2,y))
Yoo exp (7 3 Gild, 7, y))
The scan direction with the highest response is selected as
the dominant motion #, and feature propagation is performed
exclusively along this path to preserve temporal coherence.

In addition to directional selection, the local motion mag-
nitude, computed from gradient responses within each patch,
is used to reweight features. This modulation suppresses un-
reliable signals from noisy or static regions while emphasiz-
ing motion-consistent patches. Compared to fixed scanning,

this adaptive mechanism reduces redundancy and enhances
feature sensitivity to dynamic structures.

2
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Motion-adaptive Suppression

Event cameras respond to motion only, with uniform motion
resulting in a steady event-triggering frequency, while non-
uniform motion, such as acceleration or deceleration, causes
fluctuations in event-triggering frequency, which increase
as the motion becomes more intense. These fluctuations
can cause temporal inconsistencies and disrupt the match-
ing process, leading to unstable feature correlations across
time steps. To address this, the Motion-Aware Suppression
(MAS) module suppresses correlation features from time
steps with significant motion changes, leveraging motion
variations to force the model to infer positions from more
stable local time steps. Additionally, MAS alleviates com-
mon challenges in first-person point tracking, such as occlu-
sion or out-of-view, since these conditions also weaken cor-
relation features, which is overlapped by MAS operations.



©
C © L
g8 _,
o5 L i S — - v
£E 7 | Querystep R R NOEE ®OD®
i O om oo )| SRt
[NN] . . .
: | v " _ (D+ ) | Differential
— Motion-Adaptive !
: r— Suppression : X< Sar:ple
! ! — I—> o | Flatten
_ NG Position 2o (paX] ! v
Coordinate: XOT> A" =™ embedding — " & % —»Av (==} Pooling
Visibility: vo V" ik ' (B0 1-sigmoid
Do Vel=VKAV iterations' | | (E3:E0)
(a) E-MaT pipline (b) MAS

Figure 2: (a) Overview of E-MaT, which consists of an initialization phase and an iterative refinement phase. In the initialization
phase, the event-oriented mamba extracts temporally aware spatial features from time surfaces. During iterative refinement, E-
MaT samples from the these features based on the query points, computes correlations, and applies (b) the Motion-Adaptive
Suppression (MAS) module to suppress unstable time steps with strong motion variations, enhancing robustness.

Depicted in Figure 2(b), MAS first applies 8 directional
Sobel operators to the time surface £ to compute motion in-
tensity maps at all time steps, resulting in a directional gra-
dient tensor M € RT>*8XHXW Note that a similar gradient
process is used EOM, but MAS is specifically designed to
capture changes in motion intensity, as these directly cause
fluctuations in event trigger frequencies. In contrast, EOM
focuses on extracting the dominant motion direction and lo-
cal motion intensity. Therefore, MAS further operates on M
using a temporal difference operation, effectively modeling
acceleration. Given the query point X, MAS samples mo-
tion variation at corresponding spatial locations and flattens
the sampled values. It then performs global average pooling
to summarize directional motion dynamics. The resulting
motion variation descriptor is passed through a non-linear
suppression function 1 — o(+), where o(-) denotes the sig-
moid function, to compute an inverse confidence weight for
each timestep. This weight is then applied to the correlation
features C* via element-wise multiplication:

C* = (1 — o(GAP(AM))) © C* 3)

After this, Ck , the position-encoded Xy, and visibility V,
are used together to refine the values of AX and AV.

Supervision

The total loss consists of two components: regression loss
and classification loss. For the regression part, a Huber loss
with a delta of 6 is applied at each iteration:

K

Lreg = Y 7" "Huber(Y', Y ). 4
i=1

Here K = 4 represents the total number of iterations, and

v = 0.8 means greater penalties are imposed on later iter-

ations. For the classification part, binary cross entropy loss
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Figure 3: Architecture of the event-oriented Mamba. It adap-
tively selects the dominant motion direction to determine
patch order and modulates features by local motion strength,
enabling effective temporal modeling.
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Softmax

is used at each iteration to penalize the difference between
visibility and the ground truth:

K
Las =Y X T'BCE(V',Vy).
i=1
The final loss is defined as L = Lycg + L.

®)

Dataset Collection
DVS-EgoPoints Dataset

Due to the lack of event-based datasets for egocentric point
tracking, we introduce DVS-EgoPoints, a dual-modality
dataset captured using a DAVIS346 camera. It provides
synchronized event streams and videos at a resolution of
346 x 260 and 25 FPS. The dataset targets challenging sce-
narios such as low light and fast motion, with recordings



DVS-EgoPoints

Ev-EgoPoints

Methods Modality | s 6z, ReD IVA OOVA OA | 6wy &, ReID IVA OOVA OA
PIPs++ Video 349 635 12.2 93.4 39.7 - 36.6 58.1 16.8  89.9 52.0 -
CoTracker Video 341 619 11.1 94.9 39.2 746 | 396 575 7.2 78.1 82.0 81.8
CoTracker3 Video 36.1 63.6 15.6 99.8 19.7 794 | 50.5 748 143 99.1 314 85.0
E2Vid + PIPs++ Event 299 552 6.7 93.3 41.4 - - - - - - -
E2Vid + CoTracker3 Event 31.1 544 2.2 100.0 13.9 72.0 - - - - - -
ETAP Event 362 64.1 149 97.3 21.5 75.1 | 50.7 723 13.6 912 33.8 81.5
MATE Event 359 646 135 89.3 41.5 - 375 574 169 765 62.6 -
Ours \ Event \ 398 678 17.1 91.2 50.1 82.0 \ 512 755 181 91.6 82.7 82.3
Table 1: The performance of the evaluated trackers on the DVS-EgoPoints and Ev-EgoPoints datasets. d,.4 and ¢, , reflect

avg

the tracking precision, with higher values indicating better performance. RelD evaluates the re-identification precision for
reentering points. IVA, OOVA, and OA assess the accuracy of point visibility classification. All models are retrained on K-
EPIC-Points to improve performance in egocentric point tracking. Best results are in bold.
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Figure 4: (a) Recording setup with a DAVIS346 mounted on
a helmet. (b) Four DVS-EgoPoints samples, each showing a
frame at the top left and the corresponding event frame at the
bottom right, covering challenges like motion blur (bottom
left) and low light (bottom right).(c) Characteristics of the
data distribution in DVS-EgoPoints.

captured both day and night. As shown in Figure 4, vol-
unteers wore a helmet-mounted camera while performing
unconstrained activities across various indoor scenes (e.g.,
kitchens, bedrooms, offices). It includes two scenarios of
varying difficulty: in the re-identification setting, subjects
move away and return, requiring the model to re-establish
correspondences under significant viewpoint changes, while
in continuous tracking, query points remain in view, such as
when gazing at a handheld object. Figure 4 also illustrates
samples under fast motion and low light, where video frames
may degrade but events remain robust. The dataset exhibits a
wide motion distribution, with peak displacement exceeding
100 pixels per 100 ms, and the event rate can reach 5 million
events/s, see Figure 4(c).
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Annotations keeps the same with (Darkhalil et al. 2024).
For each sequence, three frames are manually selected: one
reference frame and two evaluation frames. All annotations
are performed by a single expert for consistency. Annotators
are instructed to label approximately 10 points per reference
frame. In evaluation frames, each annotated point is catego-
rized as: (1) OCC: within the field of view but occluded; (2)
RelD: visible in the field of view but previously left it during
the sequence. (3) OOV: completely out of view. Both OCC
and RelD are also marked as in-view (IV).

Simulated Datasets

In this work, events are synthesized from both datasets
(Darkhalil et al. 2024) using v2e (Hu, Liu, and Delbruck
2021). Following the original setup, one for training, while
the other is referred to as Ev-EgoPoints for evaluation.

Experiment
Implementation Details

The model is trained on event modality of K-EPIC-Points
at a spatial resolution of 384 x 512. The AdamW optimizer
(Loshchilov 2017) is used for optimization, along with the
OneCycleLR scheduler (Smith and Topin 2019). The maxi-
mum learning rate is set to 5e — 4, and the cycle percentage
is configured at 0.05. Experiments are conducted in parallel
on 8 Nvidia RTX A6000 GPUs, implemented in PyTorch.

Quantitative Results

Metrics. The evaluation follows the setup of (Darkhalil
et al. 2024), including standard point tracking metrics and
re-identification indicators. d,.4 denotes the percentage of
trajectories with average error within 1, 2,4, 8, 16, averaged
across thresholds. d,,, uses a relaxed set 8, 16, 24 for chal-
lenging egocentric data. ReID measures the percentage of
trajectories that are successfully re-identified after the query
point re-enters the field of view, where success means track-
ing error within {8, 16, 24}, averaged across the thresholds.
IVA (In-View Accuracy) is the ratio of correctly predicted
in-view points ,including visible and occluded; Out-of-View
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(a) DVS-EgoPoints result

(b) Ev-EgoPoints result

Figure 5: Qualitative results on DVS-EgoPoints and Ev-EgoPoints datasets. The left is the reference frame; the middle and
right are evaluation frames. Dots represent query points, with lines connecting matching points across frames. For clarity,
event-based results are mapped onto synchronized frames for direct comparison. E-MaT ensures stable tracking by leveraging
events’ high temporal resolution, even under motion blur or overexposure. (a) DVS-EgoPoints sample, with an interval of 314
frames, lasting about 13s. (b) Ev-EgoPoints sample, with an interval of 994 frames, lasting about 20s.

Accuracy (OOVA) measures accuracy for out-of-view pre-
dictions; Occlusion Accuracy (OA) is for invisible points.

Results. Table 1 compares E-MaT against video-based
and event-based trackers. Additionally, to ensure a fair com-
parison, event-to-video reconstruction pipelines are also in-
cluded, in which event data is first converted into video using
E2Vid (Rebecq et al. 2019) and processed by video-based
trackers. Results on Ev-EgoPoints omit reconstruction-
based baselines, as the event modality in this dataset is
synthesized from video, making reconstruction redundant.
Moreover, OA is not reported for PIPs++ and MATE due to
the lack of visibility modeling in the original methods.

The proposed method outperforms existing approaches
across most metrics on both datasets. Video-based track-
ers struggle with motion blur under rapid motion, limit-
ing localization accuracy. Reconstruction-based pipelines
compromise event fidelity due to inconsistencies intro-
duced during video conversion. Existing third-person event-
based methods follow a similar pipeline to video-based
ones—extracting spatial features before temporal model-
ing—causing loss of fine-grained temporal cues. E-MaT ad-
dresses these issues via motion-guided temporal modeling
that preserves the spatiotemporal dynamics of events. No-
tably, CoTracker3 achieves high IVA by predicting most
query points as in-view, even after they leave the field of
view—resulting in inflated IVA but low OOVA.

Performance gains are evident on DVS-EgoPoints, which
features low lighting and severe motion blur, highlighting
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Scan direction DVS-EgoPoints

H V D Anti-D EOM ‘&wg davg
v 372 664
v 362 639

v 357 642

v/ 358 645

o/ 360 646
Va4 v 363 650
o | 386 673

v o | v/ | 398 618

Table 2: Ablation of E-MaT components. “H”: Horizontal.
“V”: Vertical. “D”: Diagonal. “Anti-D”: Anti-diagonal

the value of events for egocentric point tracking.

Qualitative Analysis

As shown in Figure 5, E-MaT demonstrates advantages over
video-based and event-based trackers on both datasets. On
DVS-EgoPoints, CoTracker3 suffers from degraded imag-
ing quality under challenging lighting conditions, leading to
failures in appearance-based matching. Moreover, its lim-
ited temporal resolution hinders the capture of rapid mo-
tion caused by egocentric viewpoint shifts. Although MATE
leverages high-temporal-resolution events as input, it fol-
lows a video-like paradigm that models spatial and temporal
components in a decoupled manner, resulting in the loss of
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Figure 6: Impact of different input settings.

(b) Magnitude (c) Vertical (d) EOM

(a) Input

Figure 7: (a) Input time surface; (b) Motion magnitudes
across directions—note that opposing directions yield equal
absolute values. (c) Vertical scanning leads to diffuse re-
sponses due to disrupted temporal order; (d) EOM en-
hances activations along the dominant motion path, produc-
ing sharper, temporally-aware features.

fine-grained temporal information and causing point drift.
In contrast, E-MaT encodes spatial features along the tem-
poral motion trajectory, enabling more reliable feature asso-
ciation and enhancing tracking stability. On Ev-EgoPoints,
although lighting is generally favorable, sequences involve
frequent transitions between fast and slow motion. MATE
and CoTracker3 accumulate errors during these transitions,
causing gradual tracking accuracy degradation.

Ablation Study

Event representation: Figure 6 compares event count,
voxel grid, and time surface. The time surface yields the best
performance by preserving local motion history, which is es-
sential for robustness under motion blur and occlusion.

Temporal window: The Temporal window size of time
surface affects how much motion is encoded. As shown in
Figure 6, a 40ms window performs best. Shorter windows
fail to capture meaningful motion patterns, while longer
ones introduce noise from outdated events.

Number of Iterations: Figure 6 shows that four iterations
provide the best balance. Fewer iterations underfit the refine-
ment process while more iterations cause overfitting.

EOM: Different scan strategies are evaluated in Table 2:
single-direction, multi-directional (e.g., H&V), and EOM.
Adding more directions does not improve performance; in-
stead, it disrupts the temporal structure of the time surface,
reducing feature discriminability.
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Figure 8: Effectiveness of MAS. The left column shows the
reference frame; the middle and right are evaluation frames.
Dashed lines indicate points that are occluded during track-
ing, and solid lines indicate points that move out of the field

of view during tracking. (a) Ground truth. (b) Result with
MAS. (c¢) Result without MAS.
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MAS: MAS suppresses correlation responses at time
steps with unstable motion, encouraging reliance on consis-
tent temporal cues. This helps mitigate occlusion and out-
of-view errors, as illustrated in Figure 8. Adding MAS leads
to a 1.2 improvement on d,,4 according to Table 2.

Conclusion

This paper presents E-MaT, a novel event-based egocentric
point tracking framework that introduces an event-oriented
mamba encoder. The encoder constructs feature modeling
paths aligned with dominant motion trend extracted from
events and modulates feature propagation based on local
motion intensity, enabling stable spatialtemporal representa-
tion. In addition, a motion-adaptive suppression module im-
proves temporal robustness by suppressing unreliable corre-
lation features according to motion intensity variations, mit-
igating the effects of abrupt motion and partial observability.
To advance research in this domain, a real-world egocentric
point tracking dataset, DVS-EgoPoints, incorporating both
event and video modalities and covering challenging scenar-
ios such as low light and fast motion, is introduced. Exper-
iments on both DVS-EgoPoints and a synthetic benchmark
demonstrate that E-MaT outperforms state-of-the-art meth-
ods, showing significant potential for applications in embod-
ied intelligence, AR/VR, and related fields.
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