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Abstract

Recent point tracking methods have made great strides
in recovering the trajectories of any point (especially key
points) in long video sequences associated with large mo-
tions. However, the spatial and temporal granularities of
point trajectories remain constrained by limited motion es-
timation accuracy and video frame rate. Leveraging the
high temporal resolution and motion sensitivity of event
cameras, we introduce event data for the first time to re-
cover spatially dense and temporally continuous trajecto-
ries of every point at any time. Specifically, we define the
dense and continuous point trajectory representation as es-
timating multiple control points of curves for each pixel and
model the movement of sparse events triggered along con-
tinuous point trajectories. Building on this, we propose a
novel multi-frame iterative streaming framework that first
estimates local inter-frame motion representations from two
consecutive frames with inter-frame events, then aggregates
them into a global long-term motion representation to uti-
lize input full video and event data with an arbitrary num-
ber of frames. Extensive experiments on simulated and real
data demonstrate the significant improvement of our frame-
work over state-of-the-art methods and the crucial role of
introducing events to model continuous point trajectories.

1. Introduction

Estimating fine-grained motion from input videos is a cru-
cial task in computer vision with widespread applications
such as video compression [ 1], frame interpolation [23, 55],
motion segmentation [2, 34], and dynamic scene recon-
struction [16]. Early studies [21, 44] based on two-frame
optical flow can model the spatially dense motion, but they
suffer from the challenge of modeling long-term motion
from more frames. With the proposal of tracking any point
(TAP) task [5, 19], using sparse points as query indexes to
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estimate pointwise long-term motions also draws attention.
Despite significant progress, the sparse and independent
representation of pointwise trajectories remains inherently
incompatible with the spatially dense representation of in-
put video. Thus, recently there are methods [4, 35, 46] that
continue to use dense optical flow to represent long-term
motion. However, the temporal frame rate of the input video
is constrained by traditional shutter cameras, which makes
accurately modeling complex motion trajectories difficult
for video-only methods from the data acquisition perspec-
tive. Consequently, accurate estimation of fine-grained spa-
tially dense and temporally continuous motion remains a
challenging and worthwhile research problem.

Unlike traditional shutter cameras that expose the entire
image at fixed frame rates, the new bio-inspired event cam-
eras [9] can independently and asynchronously detect per-
pixel brightness changes with microsecond precision. This
unique design makes it inherently sensitive to visual motion
changes, leading to impressive motion-related applications
such as optical flow estimation [17, 62], motion segmenta-
tion [20, 61], feature tracking [33], object tracking [63], and
frame interpolation [45]. However, events are typically trig-
gered only with motion contours or rich textures, making
it challenging to comprehensively perceive spatially dense
motion. Recently, integrating the advantages of event cam-
era and traditional shutter camera has become a new direc-
tion [38, 57]. Leveraging on these successes, we propose
for the first time taking event data as an auxiliary input for
the point tracking task, where we comprehensively model
fine-grained spatially dense and temporally continuous mo-
tion from the input image and event modalities.

The introduction of event cameras offers the potential to
model continuous motion from the data perspective. How-
ever, to effectively model continuous long-term motion, we
need a new representation that replaces optical flow and
parametrically associates the dense temporal properties of
event data. BFlow [14] proposes to learn trajectories with
Bézier curves from events, but is limited to input fixed
frames and cannot adapt to longer sequences. CPFlow [31]



proposes to learn control points represented as B-spline
curves from a fixed number of image slices. Although con-
tinuous motion can be successfully modeled using these
curve representations in normalized timescales, their fixed
number of control points made it hard to handle complex
dynamics and varying lengths of video sequences. Based
on the curve representation, we propose a new streaming
pipeline for accumulating multiple local curves to address
these limitations. In addition, how to adequately fuse multi-
frame temporal information to achieve long-term tracking
is also a concern. Compared to not explicitly associating
multi-frames in DOT [35] and aggregating over estimated
motion vectors in AccFlow [52] and FlowTrack [4], we per-
form recurrent fusion in the feature space, dedicated to pre-
serving multi-frame sequence information.

In this paper, we present the first event-aided point track-
ing framework for recovering spatially dense and tempo-
rally continuous point trajectories from input videos and
event sequences. Specifically, we first propose a new point
trajectory representation with parametric curves that accu-
mulate multiple local curves to adapt to multi-frame input
videos at any length. We then design a new framework for
combining two frames with events to estimate dense point
curve trajectories and extend to multi-frame iterative accu-
mulation. In addition, we establish the association between
continuous curve trajectory and event triggering as a part of
the learning objective for continuous motion modeling. Ex-
tensive experiments on both simulated and real-world data
demonstrate that the proposed framework significantly out-
performs state-of-the-art methods. Particularly, our ablation
studies illustrate the effectiveness of the proposed global
aggregation and highlight the crucial role of incorporating
event data in continuous trajectory modeling.

Our main contributions are summarized as follows:

* We introduce a new setup that, for the first time, en-
ables long-term spatially dense and temporally contin-
uous point tracking by integrating the strengths of both
images and events.

* We present a novel global curve representation of con-
tinuous point trajectories through multi-frame aggre-
gation, establishing a connection between event trig-
gering and continuous motion.

* We propose a novel event-aided streaming framework
that iteratively accumulates the local tracks from two
frames with inter-frame events, resulting in global,
long-term dense and continuous trajectories through it-
erative temporal global motion aggregation.

2. Related Works
2.1. Image-based query point tracking

The goal of point tracking is to recover the corresponding
positions of query points in each frame, which has attracted
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wide attention with the proposal of the TAP benchmark and
the baseline model TAPNet [5]. PIPs [19] proposes to ex-
tract independent point representation for 8-frame track-
ing , then PIPs++ [58] extends to long-term trajectories.
TAPIR [6] proposes a two-stage matching framework that
fuses TAPNet and PIPs, and BootsTAPIR [7] performs self-
supervised training on more data. Unlike these methods that
track only one query at a time, CoTracker [24] and Context-
PIPs [51] use additional tracks and pixel featuresto improve
global tracking. SpatialTracker [54] introduces the triplane
representation for group pixels in 3D.DINOTracker [46]
performs test-time finetuning on the pre-trained DINO-
ViT [37] model and achieves fine-grained tracking per
video. When applying these query points-based methods
to achieve dense tracking, full points need to be processed
individually or in batches, which brings computational hur-
dles and limits their downstream applications [35].

2.2. Image-based dense point tracking

Recent studies turn to tracking every point within a frame
in a single run, aiming to enhance neighborhood relation-
ships while reducing computational requirements. Omni-
Motion [49] performs pixel-wise tracking between local and
canonical space to maintain the global consistency of the
motion, and then FastOmniTrack [42] and DecoMotion [26]
improve from the perspectives of computation cost and ob-
ject motion decomposition. CPFlow [31] proposes to esti-
mate spatio-temporally dense motion curves, but it can only
input 4 images and needs pre-sampling for longer video.
AccFlow [52] proposes the forward and backward aggre-
gation pipeline, extending inter-frame dense optical flow to
multi-frame long ranges. MFT [36] select chaining multi-
frame candidates and FlowTrack [4] automatically apply
error compensation in instances of tracking inaccuracies.
DOT [35] unifies point tracking and optical flow, upgrad-
ing sparse tracks to dense flow fields between every frame.
However, limited by the video frame rate, these methods are
struggling to model challenging dynamics. In this work, we
propose to introduce continuous event data into the input
video to enable temporally continuous point tracking.

2.3. Event-based motion estimation

Thanks to the motion-sensitive nature of event cameras,
extensive motion estimation studies in recent years have
highlighted their potential applications to challenging dy-
namics. The feature tracking methods [11, 27, 33, 50]
show the benefits of event cameras for low-latency track-
ing, but can only track sparse, specific textured locations.
Recently estimating optical flow from events has become
mainstream. Using only sparse event data [13, 32, 62] al-
lows to estimate satisfactory dense optical flow, while in-
troducing data from other sensors such as images [47, 59]
and point clouds [48, 60] achieves significant performance



gains. BFlow [14] and MotionPriorCMax [18] exploit the
continuous property of events to estimate parametric Bézier
trajectories, but can only estimate motion within a fixed
consecutive frame interval and cannot be directly adapted
to long-term sequences. Recently, FE-TAP [29] proposes
to recover point trajectories from a fixed number of images
and events based on TAPVid [5], but does not take full ad-
vantage of the continuous nature of events. We propose to
combine the advantages of images and events to enable tem-
porally continuous point tracking by modeling long-term
global motion with an arbitrary number of frames.

3. Method

Overview. To address the limitations of sparse events and
low video frame rates in modeling fine-grained motion, we
present the first framework that recovers dense and continu-
ous point trajectories from a video with corresponding event
sequences. Our framework consists of four parts: 1) A para-
metric multi-frame continuous point trajectories representa-
tion; 2) A model of event triggering along the point trajec-
tories; 3) A two-frame basis motion estimation model; 4) A
multi-frame motion aggregation and streaming framework.

Problem Formulation. Conventional shutter camera cap-
tures a video with N, frames {I;})*, at a fixed frame
rate. Event camera triggers an unbounded event sequence
{ei}Ne,, where N, is the number of events. Each event
e; = {x, t;,p;} consists of the pixel position x; = (x,y),
timestamp ¢; with microsecond precision, and the bright-
ness change polarity p; in log domain. Our goal is to com-
bine these two modalities to recover the spatially dense and
temporally continuous trajectories T;_,; of all points start-
ing from the first frame at time 1 to last frame at time ¢.

3.1. Motion model

Trajectory representation. Previous point tracking
methods typically estimate two-channel motion vectors
in the XY directions, which is the optical flow when
representing dense trajectories [4, 35]. To learn the curve
trajectory from the deep network, we instead learn the mul-
tiple control points as curved trajectories [31]. Specifically,
we choose the B-spline curve as our curve representation,
which is defined by N.. control points {P;}Y¢, and basis
functions {B;,(t)}Ne, with degree p. The continuous
trajectory T(t) represented by b-spline curve in time
variable ¢ is a collection of piecewise polynomial functions
T(t) = Zf\;l B; »(t)P;. Similar to learning dense flow,
each pixel has an independent curve with control points
denoted as P € RN>2HXW “where H x W is the image
size. This enables learnable motion modeling of dense
and continuous point trajectories T with parametric curve
representation. More details are provided in the Supp.
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Multi-frame global trajectories accumulation. Existing
parametric motion modeling methods are fixed in the num-
ber of frames they can handle, e.g., BFlow [14] is limited
to between two frames, and CPFlow [31] struggles to ben-
efit from more than 4 frame inputs, resulting in suboptimal
long-term trajectory modeling. Inspired by the practice of
multi-frame optical flow accumulation [36, 52], we propose
a new multi-frame curve trajectories accumulation strategy
to handle long-term videos with arbitrary frames.

Our accumulation framework works on a streaming
pipeline, where the previous global trajectory T;_,; with
(t—1) x N, control points has been accumulated from the
previous ¢—1 local trajectories {T; ;11 }/, when process-
ing the ¢-th step. When we get updated ¢-th local trajectory
T;_,+y+1 with N, control points from time ¢ to ¢t 4 1, a sim-
ple approach is to directly accumulate the new global tra-
jectory with ¢ x N, control points from time 1 to ¢ + 1
by T141(x) = [Tlﬁt(x)7 Warp (TtatJrl, Ti ) (X)] >
where Warp represents backward warping , the operator |, |
combines the control points of two sub-curves and creates a
more complex curve. However, there are two problems with
just warping operation: 1) It suffers from numerical error
as integer sampling with floating-point coordinates, i.e., for
warping vectors from b to a, Warp(a, b)(x) =a(x+b(x)),
x is integer coordinates but not x+b(x). 2) Some points
may be occluded at time ¢, resulting in failing to find the cor-
responding points. More details are provided in the Supp.

Our framework iteratively maintains and learns to inte-
grate from a global motion representation M-‘lﬂ_‘ﬁal in the
streaming process (c¢f. Sec. 3.2). For the first numerical
problem, we estimate a start point offsets O, € R?*7xW
learned from M¢"°**" and normalized to the range [—1, 1].
Sampling compensation is achieved by adding this offset di-
rectly during warping. For the second occlusion problem,
we introduce an occlusion solving strategy for occluded
pixels. We additionally estimate the visibility map Vi_,;
of each point from the initial frame to the ¢-th frame as well
as the trajectory update AT,;. Aggregation is based on a
warp with offset when the point z is visible. When point
x is occluded, a learnable module Fusion is introduced to
regress the point’s coarse motion trajectory in t — ¢+ 1 from
M9 Finally, the trajectory update AT, as a uniformly
refinement serves the global trajectory accumulation goal.

The refinement process can be modeled as follows:

B Warp (T 1, Tis,0) + AT, if Vi(x)=1,
FU.SiOIl(Tt_)H_l ,T1_>t 7M1g_l>otbal) + ATt if V1_>t (X) = O,
(1)

where T is the local curve in ¢t — ¢ + 1 warped to the start-
ing coordinates at time 1. Then we direct combine it with
the cached previous global curve to obtain the accumulated

current global curve T (x) = [T14(x), T/ (x)].
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Figure 1. Our proposed event-aided dense and continuous point tracking framework consists of two main steps. 1) Local motion estimation:
estimating short-term curve trajectories with N, control points from two consecutive images and inter-frame events, while concurrently
updating the local motion representation. 2) Global motion accumulation: iteratively fusing the latest local motion representation with the
previous global motion representation in a streaming manner for aggregating the latest global motion representation. Subsequently, the
global long-term curve trajectories with ¢t X N. control points are optimized on trajectory combinations.

Events along the trajectory. Following the contrast max-
imization framework [8], we assume that events are trig-
gered along with the pixel motion trajectories at the moving
boundary. For a motion trajectory T starting from pixel x;
at time ¢;, the generated event’s coordinates satisfy the tra-
jectory, i.e., X1 = T(tl),xi — X1 = T(tz) — T(tl) We
can thus use the motion trajectory to transform the events
€; = {Xi, tz,pz} back to time t1:

ei’ = {xj = Warp(x;; T(t;) — T(t1)), t1,pi} - (2)

Assuming the trajectory T is accurate, this process trans-
forms the event e; to the starting point position x; of the
trajectory, i.e., x; = Warp(x;; T(¢; — t1)). Based on the
correlated motion modeling of events and point trajectories,
we build additional self-supervised training objectives in
Sec. 3.3 to alleviate the lack of continuous trajectory an-
notations in the training datasets.

3.2. Framework

Two-frame basis model. The two-frame basis model
is designed to recover inter-frame short-term trajectories
T;_,:1+1 from the encoded features of input two consec-
utive frames Fy, 311 and inter-frame events Ey_,;1 1. In
the feature extraction phase, we first convert the raw event
data into a dense grid representation [41], followed by two
feature encoders for two images and an event grid. Sub-
sequently, we construct the local correlation between two
frame features by matrix multiplication [44]. By leveraging
the local correlation and events, we learn the local motion
representation Mtl"jgil by a motion extractor which allows
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recovery of local dense trajectories T;_,;, 1 by a trajectory
decoder. Specifically, the former utilizes a transformer fu-
sion module in GMA [22], while the latter is based on the
typical FPN decoder in RAFT [43]. The trajectory decoder
estimates the coordinates of N, control points P;_,; 1 and a
single-channel visibility map {V };_,;1, which is essential
for establishing multi-frame global accumulation in Eq. (1).

Global motion aggregation module. For processing a
video comprising N, frames, the above two-frame basis
model needs to be streamed sequentially /V,, —1 times yield-
ing multiple local motion representations {Ms%! }I7
and curve trajectories {Ti_)iﬂ}f_:ll. To facilitate the
accumulation of global multi-frame trajectories accord-
ing to Sec. 3.1, the cached global motion representation
hy, = MY from the previous ¢-frames is utilized as
the query, while the current local motion representation
h! = M°%! | serves as the key and value. We first per-
form the linear projections and compute the cross-attention:

CA(h h! W )= oftmax( ; )V
,hy, K, S
t—1, 0, Wo kv .

3)
) (thi)a

(Wo-hy_1)(Wk-h))"
Vi

where dj is the channel size, - is the linear projec-
tion and Wg kv are the corresponding weights. We
then conduct iterative fusion based on the gated activa-
tion unit (GRU) [3], where the update gate is z;

=softmax (



sigmoid(CA(h;_1,hl, W x.v)), the reset gate is r;
sigmoid(CA (hy_1,hi, WY, x 1)), and the hidden state is
s; = tanh(CA(r; ©h;_y, hl, 0.x.v))s @ is the element-
wise multiplication. The superscript of Wg g v denotes the
different projection weights taken independently in each at-
tention calculation. Finally, we iteratively update the cur-

rent global motion representation at the feature level by:

Mglobal

1Ht+1iht:(lfzt)th_1+Zt®St. (4)

The simple and effective recurrent temporal aggregation
we take is naturally compatible with the streaming pipeline,
and we verify its effectiveness compared to previous fusion

solutions in ablation experiments (cf. Sec. 4.4).

Multi-frame iterative streaming framework. As de-
picted in Fig. 1, our framework iteratively processes the
input video and event data through local motion estima-
tion and global motion accumulation. We aggregate the lo-
cal motion representations from each frame interval to the
global motion representation at the feature level through the
above global aggregation module in Sec. 3.2. Subsequently,
the multi-frame accumulation step described in Sec. 3.1 se-
quentially combines each inter-frame short-term curve into
a global long-term motion trajectory at the trajectory level,
providing the dense and continuous point tracking represen-
tation as the model output. On the right side of Fig. 1, lo-
cal motion is visualized with dense optical flow, and global
motion is represented with deformations of dense point grid
and curve trajectories of sparse query points.

3.3. Objective

Temporal discrete trajectory supervision. The avail-
able point tracking datasets provide only temporally dis-
crete point tracks with no ground truth for continuous inter-
frame trajectories. Following DOT [35], we first adopt
supervised losses based on the temporal discrete ground-
truth point tracks provided by the dataset, which consists
of the L1 loss Ly,,; for sampled discrete trajectory pre-
diction and the binary cross-entropy loss L,;s for visibil-
ity map. We then randomly select different frame intervals
for augmented training. Local correlation is not constructed
when the frames are skipped, therefore the corresponding
event features are taken into streaming for iteratively updat-
ing the global motion representation. There are cases where
some images are not used as input when the frame inter-
val is greater than 1, but the corresponding input events and
ground-truth tracks can be regarded as inter-frame motion
contributing to curve trajectory learning. Such sampling-
based augmentation ensures the model learning through di-
verse long- and short-term motions, capitalizing on the con-
tinuity of events to estimate continuous trajectories.
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Event consistency with continuous trajectory. Since
events are usually generated along motion trajectories, we
propose to leverage the continuous property of events for
self-supervised continuous trajectory learning in conjunc-
tion with discrete supervision of point trajectories. How-
ever, events are computationally intensive to process one
by one and are generally accompanied by noise. We thus
first introduce event temporal chunking to process events
in batches within a fixed duration to reduce the noise im-
pact and computation. For the b-th interval of B chunks,
we isolate the events within that b-th chunk and aggregate
them after warping them to ¢; as Eq. (2). For each chunk,
the events then are summed into an image of warped events
(IWE) [8], i.e., EB(x;,b) = vazel N (x;; 2%, 0%), where
ty < t; < tp41 and o is the neighboring range which is usu-
ally chosen as 1 pixel. This IWE essentially counts the num-
ber of warped events e} per pixel and chunk. The chunking
intervals are chosen randomly to exploit the continuous na-
ture of events. Thus we can establish consistent connections
between event chunks and continuous trajectories:

Q B
Lee=Y_ Y p(EB(x.b),

(5)
X bi#bs Warp(EB(X7b2>;T(tb2)_T(tbl)))7

where p is the consistency measure with L1 norm. Since
events are spatially sparse, we only establish connections
with the dense trajectories at locations {2 with valid events.

Image consistency with discrete trajectory. Similar to
the unsupervised optical flow task [30], we can also estab-
lish the discrete consistency of the motion trajectory with
the images at discrete times, to compensate for the spatial
sparsity issue of ground-truth point tracks in the training
data. In addition, in our sampling-based augmented train-
ing, skipped images can be used as additional continuity
training objectives.

For the accumulated continuous global trajectory T _,,
we sample the the discrete optical flow F;_,; from I; to
I; via timestamps. Similar to Eq. (5), the consistency of
images can be modeled as:

Q N,
Lic =32 p(1i(x), Warp (1(x); Fi-y;(x)) ).~ (6)
X i#j
Total objective. Our total training objective is a weighted
combination of the above objectives, i.e., L = Lyp.q; +
A1 Lyis + A2Lee + A3Ljic, A are manual hyperparameters.
Our ablations verify that combined self-supervised training
can compensate for the temporal continuity of trajectories.
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Figure 2. Visual comparisons of long-term dense point tracking on the TAP-Vid-DAVIS [5] dataset, with the ground-truth sparse query
points with input images. Due to space limitations, we provide more sequences and event data visualization in the Supp. and demo video.

Table 1. Quantitative results of dense evaluation on the CVO test [52] and extended set [35].

Method CVO (Clean) CVO (Final) CVO (Extended)
EPEall/vis/occ \L ‘ OA T EPEall/vis/occ \L ‘ OA T EPEall/vis/occ Jr ‘ OA T
> PIPs++ [58] 9.05/6.62/21.5 | 333 | 949/7.06/22.0 | 32.7 | 18.4/10.0/32.1 | 58.7
§ TAPIR [6] 380/1.49/14.7 | 735 | 4.19/1.86/153 | 724 | 19.8/4.74/42.5 | 68.4
O CoTracker [24] | 1.51/0.88/4.57 | 75.5 | 1.52/0.93/4.38 | 753 | 5.20/3.84/7.70 | 70.4
GMA [22] 242/1.38/7.14 | 60.5 | 2.57/1.52/7.22 | 59.7 | 21.8/15.7/32.8 | 65.6
L MFT [36] 291/1.39/993 | 194 | 3.16/1.56/103 | 19.5 | 21.4/9.20/41.8 | 37.6
5 AccFlow [52] | 1.69/1.08/4.70 | 48.1 | 1.73/1.15/4.63 | 47.5 | 36.7/28.1/52.9 | 36.5
A DOT [35] 1.32/0.74/4.12 | 804 | 1.38/0.82/4.10 | 80.2 | 5.07/3.67/7.34 | 71.0
EDCPT (Ours) | 1.23/0.71/3.83 | 82.1 | 1.31/0.76/3.86 | 81.9 | 4.88/3.44/7.46 | 71.9

Table 2. Quantitative results of sparse evaluation on the TAP-Vid-
DAVIS [5]point tracking benchmark.

DAVIS (First)

DAVIS (Strided)

Method ATt <6, OAT|AJT <02, T OA T

TAP-Net [5] 33.0 486 78.8(38.4 53.1 823

> Context-PIPs [51] [42.7 60.3 79.5(489 64.0 834

g TAPIR [6] 56.2 70.0 86.5(61.3 73.6 88.8

O CoTracker [24] |61.1 74.6 89.1|63.5 79.8 87.8
SpatialTracker [54]{61.1 76.3 89.5| - - -
CPFlow [31] 9.6 14.6 - - - -

MFT [36] 473 668 77.8|56.1 70.8 86.9

0 DecoMotion [26] |53.0 69.9 84.2|60.2 744 872

S DinoTracker [46] | - - - 623 782 875

/A FlowTrack [4] - - - 1632 763 89.2

DOT [35] 61.6 755 89.5(66.7 80.6 90.4

EDCPT (Ours) [63.8 763 90.6 |67.5 80.5 91.1

4. Experiments

4.1. Experimental details

We train our model on MOVI-F [15] dataset and di-
rectly evaluate it on CVO [52] and TAP-Vid-DAVIS [5]
benchmarks, using the vid2e [10] simulator to generate
events.Following DOT [35], we train the model for 500k
steps on 4 x NVIDIA L40 48G GPUs, using the Adam op-
timizer and OneCycle learning rate decay with a maximum
of 10~*. We choose 3 frames as training samples, along
with the random selection of up to 10 frames in different
frame intervals. The loss hyperparameters are set to 1.0,
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0.1, 0.1. For dense evaluation, we report the dense absolute
error EPE,j1/vis/occ for all/visible/occluded points, as well
as occlusion IoU accuracy OA for estimated visible mask.
For sparse evaluation, we follow TAPNet [5] and report av-
erage Jaccard AJ, position accuracy <5fvg, and occlusion ac-
curacy OA. Additionally, we adopt the real-captured event-
based optical flow benchmark, DSEC [12, 13], to verify our
adaptation capacity. More details are provided in the Supp.

4.2, Standard spatially dense point tracking

Performance on CVO and TAP-Vid-DAVIS bench-
marks. We conduct comprehensive evaluations on two
common standard point tracking benchmarks. Consistent
with DOT [35], we report the quantitative results of the spa-
tially dense optical flow from the last to the first frame of
CVO [52] dataset in Tab. 1. Our proposed new EDCPT
framework achieves significant performance improvements,
whether comparing methods that only predict the partial
Query points or directly estimating spatially Dense trajecto-
ries within a single inference. Particularly, we achieve 0.19
EPE,; and 0.9 OA improvements on the extended set of
476 videos with 48 frames when compared to DOT [35].

In contrast, the real TAP-Vid-DAVIS dataset [5] only
provides ground-truth trajectories for selected query points.
As a result, we only sparsely evaluate these points for a
fair comparison despite the output trajectories of our model
and some compared methods are spatially dense. The
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Figure 3. Visual comparisons of dense and continuous point trajectories on TAP-Vid-DAVIS [5]. Zoom in for detailed curve trajectories.

Table 3. Quantitative results on the real DSEC optical flow
benchmark [13]. The first two methods are categorized as self-
supervised learning and the remaining as supervised learning.

Method Input ‘ EPE| AEJ| %Out/|

Taming [39] Events 233 1056 17.77
MPCMax [18] Events 320 853 15.21
E-RAFT [13] Events 0.79  2.85 2.68
TMA [28] Events 0.74  2.68 2.30
IDNet [53] Events 072 272 2.04
ECDDP [56] Events 0.70  2.58 1.96
BFlow [14] Events 0.75  2.68 2.44
BFlow [14] Images+Events | 0.69  2.42 1.88
EDCPT (Ours) Images+Events | 0.63  2.17 1.52

quantitative results in Tab. 2 demonstrate the superiority of
our framework, outperforming the existing state-of-the-art
methods DOT [35] and SpatialTracker [54] with up to 2.7
AJ and 1.1 OA. We argue that ours <4y, is close to DOT’s
because the sparse to dense upgrade strategy from sparse
point matches is capable of modeling the rigid object mo-
tion and thus benefiting the proportion evaluation. We also
perform qualitative visual comparisons in Fig. 2. Combin-
ing the above quantitative and qualitative comparisons with
previous image-based methods, the new attempts of incor-
porating events by our framework significantly improve the
accuracy with the standard dense point tracking setting.

Performance on DSEC benchmark. We further conduct
experiments on the DSEC benchmark [13] with real cap-
tured event data. Because the DSEC online leaderboard
only measures the optical flow between two consecutive
frames, we therefore finetune the local motion estimation
on the DSEC training set from our pre-trained long-term
model. The submission results are shown in Tab. 3. No-
tably, while BFlow [14] can estimate curve trajectories, they
only submitted another optical flow version.Our framework
fuses image and event data, yielding state-of-the-art perfor-
mance with improvements of 0.05 EPE and 0.25 AE.

4.3. Temporally continuous point tracking

We adapt the above standard evaluation to input only a por-
tion of the full video frames into the model to evaluate
the temporal continuity with the ground truths of skipped

7942

frames. For the CVO final set with 7 frames per video,
we skip 1 frame (half) and 2 frames (one-third) as model
inputs, because the longer extended set lacks multi-frame
ground-truth tracks. For the TAP-Vid-DAVIS dataset with
~100 frames, we report skip 1 frame (half) and skip 3
frames (quarter). The compared image-based methods can-
not model inter-frame motion, thus we take linear mo-
tion interpolation to generate trajectory when frames are
skipped. We retrain AccFlow [52] and mark it with * as
its public version does not support forward point tracking.
As reported in Tab. 4, our proposed new framework with
global continuous trajectory accumulation significantly out-
performs existing methods. Especially in nonlinear mo-
tion scenarios of TAP-Vid-DAVIS datasets, the larger frame
intervals lead to greater performance gaps. In addition
to the ablation of different motion assumptions in Tab. 6,
the B-spline representation we adopt achieves better per-
formance. We also provide visual comparisons in Fig. 3
and a demo video of continuous trajectory visualization in
the Supp., that includes four sequences with diverse motion
complexity and event sparsity from TAP-Vid-DAVIS and
real-captured ERF-X170FPS [25] dataset. With extensive
experiments on both simulated events (CVO and TAP-Vid-
DAVIS) and real events (DSEC and ERF-X170FPS), we
fully validate the robustness of the proposed global motion
accumulation in modeling complex continuous trajectories.

4.4. Ablation experiments and discussions

To perform progressive ablations in Tab. 5, Tab. 6, and
Tab. 7, the underlined settings are those utilized in the previ-
ous table, and the bolded ones represent the choices for our
final framework. To validate the capability for continuous
point tracking, the ablation results are reported with CVO
third and DAVIS quarter settings as in Sec. 4.3 and Tab. 4.

Global motion aggregation. One of our key contribu-
tions is the global aggregation of local motion representa-
tions in the streaming pipeline. In Tab. 5, N/A indicates do
not explicitly model sequential motion as in DOT [35]. post
is the forward aggregation in AccFlow [52], which performs
post-processing only on the output optical flow and ignores
the internal long-term motion information. We aggregate



Table 4. Continuous point tracking evaluation results on the CVO extended set [35] and TAP-Vid-DAVIS dataset [5].

Method CVO (Final) — EPE,pvis/occ + _ DAVIS (First) — AT/ <6%,, 1
full | half | third full | half | quarter

RAFT 2.09/081/8.02 | 2.44/0.95/9.07 | 3.02/1.16/11.42 | 33.9/46.6 | 28.6/40.1 | 22.4/34.2
GMA 1.99/0.77/7.57 | 2.35/0.89/8.45 | 2.92/1.09/10.97 | 39.3/52.5 | 31.7/44.3 | 26.5/38.3
AccFlowsx 2.28/0.60/11.18 | 2.39/0.80/10.74 | 2.79/1.02/11.37 | 47.2/62.3 | 37.5/49.2 | 30.9/42.4
CoTracker 1.89/0.63/7.05 | 2.11/0.82/8.02 | 3.17/1.65/11.13 | 61.1/74.6 | 54.3/68.8 | 48.9/63.9
DOT 1.83/0.59/6.95 | 2.10/0.73/7.88 | 2.69/0.97/10.84 | 61.6/75.5 | 55.6/70.1 | 50.4/65.3
EDCPT (Ours) | 1.76/0.55/6.73 | 1.97/0.66/7.61 | 2.16/0.73/8.76 | 63.8/76.3 | 59.7/73.1 | 56.2/70.9

Table 5. Ablations on global motion aggre- Table 6. Ablations on parametric curve rep- Table 7. Ablations on input data and supervi-

gation. resentation. sion.
‘ EPEall/vis/occ 4 ‘ AT/ <5'§vg ) ‘ EPEall/vis/occ \L ‘ AJ/ <6:vg T ‘ EPEall/vis/occ \L ‘ AJ/ <(5:vg )
N/A 2.54/0.89/10.33 | 51.9/66.4 linear | 2.42/0.80/9.68 | 53.3/67.4 Images | 2.50/0.86/9.92 | 52.5/66.7
post 249/085/9.73 | 52.5/66.9 quad 249/0.84/9.46 | 54.2/68.1 +Events | 2.23/0.76/8.97 | 55.4/69.7
1 2.45/0.82/9.89 52.7/67.0 ;

solo N.—3 | 232/079/933 | 5447686 +L;. 2.20/0.75/8.90 | 55.8/70.2
—offsets | 2.43/0.82/9.73 | 53.0/672  N.—4 | 2.23/076/8.97 | 55.4/69.7 tLec |2.16/0.73/8.76 | 56.2/70.9

stream | 2.42/0.80/9.68 | 53.3/67.4 N.=5[226/0.75/920 | 55.0/69.3

motion representations at the feature level instead of deal-
ing directly with motion vectors. solo is the short and long
term fusion module in SOLOFusion [40]. Unlike its tempo-
ral fusion with a fixed number of frames and low resolution,
we adopt sequential modeling with an unspecified number
of frames in a streaming pipeline. Our proposed motion ag-
gregation framework fuses image correspondence and event
features from local to global with recurrent streaming struc-
ture, which better preserves multi-frame motion informa-
tion and achieves optimal performance. In addition, we also
verified that removing the additional offset estimation to ad-
dress the numerical problem in Warping leads to a slight
performance degradation, as this would require the subse-
quent refinement to handle it simultaneously.

Curve representation. Based on our streaming frame-
work, we compare the performance improvement of taking
the B-spline curve representation compared to interpolat-
ing with linear and quadratic motion assumptions in Tab. 6.
For the control points number of B-spline curves, we chose
N, = 4, since further increasing the number of control
points does not significantly improve the performance un-
der CVO third and DAVIS quarter settings.

Input data and supervision. Since previous methods
usually use only image data, we verify the advantages of in-
corporating event data for high-precision continuous point
tracking by removing events, as depicted in Tab. 7. More-
over, the comparison results between this image-only vari-
ant and DOT [35] in Tab. 4 demonstrates that our proposed
streaming aggregation and curve representation are bene-
ficial even in the absence of event data. Furthermore, we
validate that training using the proposed image and event-
to-point trajectory consistencies as additional supervision
complements the lack of continuous inter-frame tracks in
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the training data and can further improve performance.

Limitations. On the same RTX 3090 PC, our frame-
work processes a 48-frame video at 512x512 resolution in
12.6 seconds, significantly faster than CoTracker’s 11 min-
utes, while only processing partial query points in a sin-
gle run. However, it is slower than the two-frame optical
flow method GMA of only 2.1 seconds and slightly slower
than the multi-frame point tracking method DOT of 9.5 sec-
onds. In addition, there is currently a lack of point-tracking
datasets with real events, and it is difficult to obtain long-
term tracking annotations. We evaluate on standard bench-
marks with simulated events, as well as visualize point
tracking on real events, and also evaluate optical flow es-
timation on a real event benchmark. Our future work plans
to improve on model efficiency and the evaluation setup.

5. Conclusion

In this paper, we propose a new long-term dense point
tracking framework for integrating image and event data to
estimate continuous motion trajectories. Specifically, we
streamingly process two adjacent frames and inter-frame
events to generate local motion representations, and accu-
mulate previous caches to global motion representation at
the feature level to produce new global trajectories at the
trajectory level. We utilize multi-frame parametric curve
accumulation to represent continuous trajectories with any
number of frames, complemented by image and event-to-
trajectory consistencies for model training. We validate
the effectiveness of our framework by conducting extensive
benchmark experiments as well as qualitative verification
on real challenge data. We believe this work provides new
insights into the point tracking task from the perspective of
event modality and continuous global curve representations.
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