1. Additional Method Details

Transformer-based Trajectory Refinement.

Fusion of Frames and Events

Supplementary Material

Table 1. Effect of event representation on tracking performance.
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In the main Representation
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TAPFormer: Robust Arbitrary Point Tracking via Transient Asynchronous

paper, we introduced the multimodal fusion network and the
construction of the multi-scale fused feature pyramid. Here,
we describe how these features are used in a transformer-
based trajectory optimizer (based on Cotracker3[10]) to it-
eratively refine the point coordinates and visibility.

Let P = {P(®) |1 = 0,1, 2} denote the three-level fused
feature pyramid extracted from our model. Given a tempo-
ral window of size W = 16, the initial point state is rep-
resenting the coordinate sequence and visibility estimates:

x = {(ze, ) HY1, v={u},, (D

At each refinement iteration, we extract a local feature
patch around the predicted coordinates from each pyramid
level. For scale [, a (2r + 1) x (2r + 1) patch with r = 3 is
sampled using an operator S(-):

ft(l) _ S(Pﬁ”, (22, 50), r) € RerHDX@r+DxC ()

To measure temporal consistency across the window, we
compute correlations between ft(l) and the corresponding
sampled patches at all other frames, resulting in a corre-
lation matrix of size (2r + 1)? x (2r + 1)2. Each matrix is
flattened and encoded by an MLP, and embeddings from all
three scales are concatenated to obtain the final correlation
descriptor.

We further include a positional encoding of relative mo-
tion across frames. The correlation embeddings, visibil-
ity estimates, and motion encoding are concatenated and
passed through a spatio-temporal transformer, which pre-
dicts residual updates:

X X + Ax, V< v+ Av. 3)

We perform three refinement iterations. Thanks to the
discriminative and temporally consistent fused feature pyra-
mid, our optimizer converges quickly, unlike prior ap-
proaches (e.g., CoTracker3[10]) that typically require six
iterations. This allows us to maintain high accuracy while
significantly reducing computational cost.

2. Additional Ablation Experiments

Event Representation. To leverage the spatio-temporal
information in asynchronous event streams, the sparse
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Figure 1. Performance and efficiency across tracking iterations.
The left y-axis reports the feature age (higher is better), while the
right y-axis shows the inference throughput measured in frames
per millisecond (FPS/ms). The x-axis denotes the number of tra-
jectory refinement iterations. This dual-axis plot illustrates how
tracking accuracy and computational efficiency evolve as the num-
ber of iterations increases.

events are typically converted into dense tensor-like repre-
sentations. This conversion (i) enables direct use of stan-
dard convolutional architectures and (ii) improves robust-
ness by aggregating events within short temporal intervals.

We evaluate three widely used representations: Event
Image [16], Voxel Grid [24], and Time Surfaces [12]. Fol-
lowing the Stacking Based on Time (SBT) scheme [20], a
fixed temporal window is divided into five sub-windows,
and each representation is computed separately for every
sub-window. Event Image accumulates event counts, Voxel
Grid constructs a discretized spatio-temporal volume, and
Time Surfaces encode the latest event timestamp in a decay-
like form. All representations are evaluated on the EDS and
EC datasets under identical training settings, and the quan-
titative results feature age (FA) and experted feature age
(EFA), which quantify the duration until a track deviates be-
yond a threshold distance from the GT, are summarized in
Tab. 1. Given its higher accuracy and lower computational
cost, we adopt Time Surfaces as our event representation.
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(a) Pre-correction trajectory (b) Post-correction trajectory
Figure 2. Ground-truth trajectory correction for the peanuts light
sequence. (a) Pre-correction trajectory with two displacement out-
liers. (b) Post-correction trajectory after smoothing, producing a
stable and reliable ground truth.
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Figure 3. Additional visualizations on EC and EDS dataset.

Iteration Number. We analyze how the number of refine-
ment iterations influences both accuracy and runtime. In-
creasing iterations improves performance but introduces an
almost linear increase in computation. As shown in the two-
axis performance—time curve (see Fig. 1), performance sat-
urates around the third iteration: subsequent iterations yield
only marginal gains while noticeably increasing cost. Thus,
we adopt three iterations to balance accuracy and efficiency.
This fast convergence reflects the stability and discrimina-
tive strength of our fused features, which provide reliable
cues for trajectory refinement.

3. Extended Experimental Results

We provide additional quantitative and qualitative results to
complement the main paper. Tab. 2 reports the detailed
results on the InivTAP dataset. Tab. 5 and Tab. 4 list the
full evaluation results on the EDS and EC datasets. Fig. 3
presents extra qualitative comparisons.

We additionally perform ground-truth trajectory correc-
tion for the peanuts light sequence in the EDS dataset. As
shown in Fig. 2, the original ground-truth trajectory con-
tains two displacement outlier points, which we smooth dur-
ing correction. As reported in Tab. 5, the correction leads to
performance improvements across all sequences and yields
more distinguishable evaluation metrics.

Table 2. Performance comparison across different scenarios and
modalities.

Scenario Method Modality — AJT 6;’ng T OAtT
ETAP Event 19.7 33.6 88.8
Normal CoTracker3 Frame 61.3 77.1 92.1
Ours F+E 71.1 84.8 92.7
ETAP Event 27.6 40.6 89.2
Fast CoTracker3 Frame 28.0 36.7 73.5
Ours F+E 39.5 52.3 95.4
ETAP Event 11.8 22.3 77.8
Overexposure  CoTracker3 Frame 30.2 43.9 70.6
Ours F+E 38.6 50.7 89.6
ETAP Event 10.6 22.3 71.8
Static CoTracker3 Frame 53.4 72.2 88.6
Ours F+E 78.9 90.0 94.9

4. Application to SLAM

To demonstrate the practical value of our tracker, we inte-
grate TAPFormer into a visual SLAM pipeline and evaluate
it under challenging scenarios. The system includes feature
detection, feature tracking, and backend pose optimization.
We use SuperPoint [3] to extract well-distributed keypoints,
followed by a lightweight management module to maintain
stable feature coverage. TAPFormer then produces robust
inter-frame correspondences. For the backend, we directly
reuse the VINS-Mono [18] optimization module to estimate
high-frequency camera poses.

Evaluation Metric and Baselines. To evaluate velocity
and pose accuracy in a principled manner, we adopt the
speed-weighted success metric commonly used in recent
event-based SLAM work. Let RVE; denote the relative ve-
locity error at timestamp i, Vg ; the ground-truth velocity,
and £ an error threshold. The success score is defined as

SN Venill - 6(RVE; < €)
N
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where () is the Dirac indicator. This formulation em-
phasizes accurate estimates during high-speed motion by
weighting each success according to the magnitude of the
ground-truth velocity. By sweeping & over the interval
[0, 1], a success-rate curve is obtained, and the final AUC,
provides a unified, speed-aware scalar metric. We compare
our system against two event-based SLAM baselines: 1)
SuperEvent[2] + OKVIS2[13], which uses stereo events,
stereo images, and IMU measurements; 2) SDEVO[22],
which operates purely on stereo events.
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; “)

Results. Fig. 4 presents qualitative tracking results by
TAPFormer, and Tab. 3 summarizes the final AUC,, scores.
Our approach achieves the best performance among all eval-
uated methods.



Table 3. Comparison with event-based SLAM methods. We com-
pare our approach with two event-based SLAM baselines. After
directly replacing the VINS-Mono frontend with ours, our method
achieves the best performance.

Modalities

Method AUC, T
Imu Used Events Used Images Used

SDEVO [22] none stereo none 6.13

SuperEvent [2] yes stereo stereo 6.27

Ours yes monocular monocular 6.29

Figure 4. Visualization of our tracking results on SLAM se-
quences. (a—c) show results on high-speed UAV scenarios, while
(d—e) present tracking results on ground-based high-speed se-
quences.

5. Dataset Details

We construct a large-scale synthetic dataset and provide two
real, manually annotated frame-event TAP test sets. In the
following, we describe the datasets in detail.

FE-FastKub Our FE-FastKub dataset differs signifi-
cantly from existing TAP training sets. Specifically, it not
only contains high-frame-rate photorealistic RGB images
(with motion blur considered) but also provides correspond-
ing synthetic event streams. To enhance the model’s adapt-
ability to fast-moving scenes, we further include explicit
modeling of rapid motion scenarios. See Tab. 6

InivTAP and DrivTAP In addition to the synthetic train-
ing set, we introduce two real-world frame—event TAP test
sets, both manually annotated with point trajectories and oc-
clusion labels. The experimental data collection equipment
is shown in Fig. 5, and the ground truth annotation tool is
shown in Fig. 8. These datasets serve as reliable bench-
marks for evaluating asynchronous frame—event tracking
performance in real scenes, shown in Fig. 6.

Each dataset follows a three-stage annotation pipeline to
ensure trajectory accuracy: (1) Initial motion trajectories
are generated using RAFT [6] optical flow. (2) Human an-
notators refine each trajectory by referencing both the image

(a) Recording platform (b) Our devices (c) DAVIS346

Figure 5. Data collection setup. (b) Our custom synchronized
capture device is mounted on the (a) vehicle platform to record
DrivTAP, and (c) a DAVIS346 camera is used to collect the Iniv-
TAP dataset.

Figure 6. A few examples of InivTAP.

frames and the event-reconstructed frames (obtained using
E2Vid [19]); the annotation is performed on the modality
that offers clearer visual cues. (3) High-frequency noise is
filtered to obtain the final smooth ground-truth trajectories.

For point selection, we prioritize targets that (i) remain
visible for long durations, (ii) exhibit noticeable motion,
and (iii) distributed across different moving objects, with no
more than three points per object (five if one object moves).

Below, we summarize several key characteristics of our
manually annotated test datasets. As shown in Fig. 7, most
point trajectories span nearly the entire video, with over
60% of tracks present in more than 90% of the sequence
duration (though some may be occluded). In total, 80.04%
of points are never occluded, and most trajectories consist
of a single continuous unoccluded segment.

Our datasets also exhibit substantial motion diversity.
A notable portion of points undergo large displacements:
16.51% move more than 5% of the image height between
consecutive frames, and 8.1% exceed 10%, indicating sig-
nificant motion dynamics. Meanwhile, another portion of
points remains nearly static, further highlighting the diver-
sity of motion patterns covered by our dataset.

In addition, the test sequences include challenging con-
ditions such as overexposure and low-light scenes, enabling
a comprehensive evaluation of tracking performance across
a broad range of real-world environments.



Table 4. Tracking performance comparison on the EC dataset. The first four rows list frame-only methods, followed by five event-only
baselines, and the last four rows present approaches fusing frames and events. Methods with a gray background denote our models. All
results are reported in percentages, and the best performance in each column is highlighted in bold.

Average shapes_trans shapes_rot shapes_6dof  boxes_trans boxes_rot
Method

FAt EFAT FA{ EFAT FAt EFAT FAt EAF{ FAt? EFAt FA{ EFA?t
PIPs++ [21] 826 823 871 871 790 788 837 827 863 8.1 770 769
Cotracker3[10] 925 919 944 943 873 868 933 916 93.6 932 943 939
Chrono [11] 829 823 851 845 815 81.1 756 741 833 830 888 886
TAPFormer-F 927 921 952 951 878 874 928 91.1 929 924 947 944
EM-ICP[23] 337 334 403 402 320 320 248 242 355 354 356 349

HASTE [1] 442 427 589 564 613 582 133 43 382 36.8 492 447
ETAP [8] 8.1 876 91.7 915 871 8.9 905 88.6 8.0 849 86.0 859
MATE [9] 88.5 875 - - - - - - - - - -

TAPFormer-E 86.6 8.1 933 929 818 81.6 914 8.8 89.0 88 775 T3
EKLT [5] 81.1 775 839 740 833 80.6 817 69.6 682 644 883 865

DeepEvT [17] 82,5 81.8 86.1 865 797 793 899 882 872 869 695 69.1
FE-TAP [15] 844 838 931 929 815 813 879 86.0 731 728 86.2 86.1
TAPFormer 933 926 961 960 887 883 928 911 932 926 948 944

Table 5. Tracking performance comparison in EDS dataset. The values in parentheses indicate the performance of the Peanuts Light
sequence under ground-truth evaluation before trajectory correction. For the Average column, the value in parentheses indicates the mean
score after replacing only the Peanuts Light result. Rocket Earth™ indicating that the ground truth is not fully accurate. All results are
reported in percentages, and the best performance in each column is highlighted in bold.

Average Peanuts Light Rocket Earth*  Ziggy Arena  Peanuts Running
Method

FA?t EFAT FA?T EFAT  FA? EFA? FAt EFAT FAf  EFAT
PIPs++ [21] 75.1(72.1)  63.0(60.3) 62.6(50.9) 58.8(47.9) 764 342 851 850 761  74.1
cotracker3 [10]  80.2(75.8) 68.8(64.7) 72.7(54.9) 68.4(51.9) 692 307 926 925 864  83.7
TAPFormer-F  80.9(76.4) 69.1(64.9) 74.7(56.7) 70.1(53.3) 715 315 91.8 918 856  82.8

EM-ICP [23] 16.1 12.0 8.4 7.7 298 158 153 149 108 9.5
HASTE [1] 9.6 6.3 8.6 7.6 162 85 82 57 54 3.3
ETAP [8] 74.5(70.1)  63.9(60.1) 70.2(53.7) 66.1(50.7) 67.6 333 838 837 762 726
MATE [9] (71.3) (62.6) - - - - - - - -

TAPFormer-E  76.8(72.4) 64.5(60.4) 67.7(50.2) 63.7(47.4) 80.0 372 813 811 78.1 75.9
EKLT [5] 325 20.5 28.4 26.0 425 175 419 231 171 15.3

DeepEvT [17]  61.3(57.6) 50.5(47.2) 59.4(44.7) 55.5(42.0) 64.8 29.1 748 746 460 42.8
FE-TAP [15] 72.2(67.6) 63.2(58.9) 73.1(54.9) 68.9(51.7) 53.8 246 849 844 769 74.9
TAPFormer 82.3(77.6) 70.4(66.1) 76.5(57.9) 71.5(54.4) 73.8 34.1 92.7 927 86.1 83.3




Table 6. Dataset comparison. Overview of publicly available synthetic event-based motion estimation datasets.

i A tati
Dataset Source  Events .Flnal Fast #Samples Resolution fps[Hz] san'lple notations
image scene duration[s] . R
optical flow TAP depth segmentations
TAP-Vid Kubric[4] 3D PBR none v X ~ 10000 512 x 512 12 2 v v v v
BlinkFlow[ 14] 3D PBR synthetic v X 3587 640 x 480 10 1 v X v v
MultiFlow([7] 2D warp synthetic X X 12100 512 x 384 100 0.5 v X X X
EventKubric[8] 3D PBR synthetic X X 10173 512 x 512 48 2 v v v v
FE-FastKub(Ours) 3D PBR synthetic v v 10953 512 x 512 48 2 v v v v
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Valid coordinate ratio per point Normalized diameter per trajectory Number of segments per point Normalized displacement per frame

Figure 7. Statistics of ground-truth trajectories in InivTAP and DrivTAP. Valid coordinate ratio measures the percentage of time a queried
point remains within the image boundaries. Diameter denotes the trajectory’s motion range normalized by image height. Number of
segments indicates how many continuous track fragments are formed due to occlusions. Displacement represents the per-frame motion
magnitude normalized by image height.
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Figure 8. Annotation interface for the TAP task. We select either RGB frames or event-reconstructed frames for manual ground-truth
labeling, depending on which modality provides clearer visual cues. The tool consists of three main components: a visualization panel
for displaying the sequence, an annotation information panel for managing point information, and a button panel providing operation
interactive controls.
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