





including matting, rotoscoping, labelling, and object removal. Goldman et al. [17] de
particle-based video annotation applications that would be difficult to create using standard motion representa-

tions.

1.1 Particle Video Representation

Our approach represents video motion using a set of particles that move through time. Each particle denotes
an interpolated image point sample, in contrast to a feature patch that represents a neighborhood of pixels [30].
Particle density is adaptive, so that the algorithm can model detailed motion with substantially fewer particles
than pixels.

The algorithm optimizes particle trajectories using an objective function that combines point-based appear-
ance matching and inter-particle distortion. The algorithm extends and truncates particle trajectories to model
motion near occlusion boundaries.

Our contributions include posing the particle video problem, defining the particle video representation, and
presenting an algorithm for particle motion estimation. We provide a new motion optimization scheme that
combines variational techniques with an adaptive motion representation. The algorithm uses weighted links be-

tween particles to implicitly represent grouping, providing an alternative to discrete layer-based representations.

12 Design Goals

The particle video problem can be described as dense feature tracking or long-range optical flow. We want to
track the trajectory of each pixel through a given video. Ideally each trajectory would correspond to the motion
of a physical real-world surface point.

A primary goal is the ability to model complex motion and occlusion. We want the algorithm to handle
general video, which may include close-ups of people talking, hand-held camera motion, multiple indepen-
dently moving objects, textureless regions, narrow fields of view, and complicated geometry (e.g. trees or office
clutter).

A particle approach provides this kind of flexibility. Particles can represent complicated geometry and
motion because they are small; a particle’s appearance will not change as rapidly as the appearance of a large
feature patch, and it is less likely to straddle an occlusion boundary. Particles represent motion in a non-
parametric manner; they do not assume that the scene consists of planar or rigid components.

This flexibility in modelling complex motion can also be achieved by optical flow, but the optical flow
representation is best suited to successive pairs of frames, not to long sequences. Frame-to-frame flow fields
can be concatenated to obtain longer-range correspondences, but the resulting multi-frame flow must be refined
at each step to avoid drift.

In contrast, the particle representation allows a form of random-access motion evaluation: given a set of
particles, we can easily find correspondences between any pair of frames (assuming the frames have a sufficient
number of particles in common). Furthermore, unlike a sequence of motion fields, the particle representation
provides discrete motion primitives, which are valuable for subsequent use of the motion information, such as

interactive video matting [26] and interactive video annotation [17].

1.3 Overview

Section 2 describes related work in motion estimation. We combine several of these methods to create an
optical flow algorithm described in Section 3 (with details in Appendix A). Optical flow is used as an input to

our particle-based motion estimation.

The particle algorithm is described in Section 4, which explains how particles are added, propagated, linked,
optimized, and pruned. These steps are performed as the algorithm sweeps back and forth across a video,
constructing a complete particle representation of the video’s motion.

Section 5 includes an evaluation of the particle video algorithm on a variety of real-world videos. We

quantify the performance of the algorithm and possible alternatives. We provide mechanisms for visualizing the

Sand & Teller, Particle Video: Long-Range Motion
Estimation using Point Trajectories, 2006.
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Abstract Abstract

This paper describes a new approach to motion estimation in video. We represent video motion using a Abstract. Tracking pixels in videos 2 ’ Generic motion under
flow estimation problem, where every pixel is ribed with a displace- also perceiving how their surfaces deform and move. This information is

ment vector that loce t in the next frame. Even though wider tempo- ) make inferences about 3D shape, physical properties and object interactions. While
the problem of tracking arbitrary physical points on surfaces over longer video
clips has received some attention, no dataset or benchmark for evaluation existed,
until now. In this paper, we first formalize the problem, naming it tracking any
point (TAP). We introduce a companion benchmark, TAP-Vid, which is composed
of both real-world videos with accurate human annotations of point tracks, and
: . : synthetic videos with perfect ground-truth point tracks. Central to the construction
this (‘lzL.. approach using components that drive the current .\‘( M‘L.”L of our benchmark is a novel semi-automatic crowdsourced pipeline which uses
the-art in flow and object tracking, such as dense cost maps, iterative optical flow estimates to compensate for easier, short-term motion like camera
optimization, and learned appearance updates. We train our models us- 2 shake, allowing annotators to focus on harder sections of video. We validate our
ing long-range amodal point trajectories mined from existing optical flow - pipeline on synthetic data and propose a simple end-to-end point tracking model
data that we synthetically augment with multi-frame occlusions. We test TAP-Net, showing that it outperforms all prior methods on our benchmar

set of particles. Each particle is an image point sample with a long-duration trajectory and other properties.
To optimize these particles, we measure appearance consistency along the particle trajectories and distortion
ral context is freely available, prior efforts to take this into account have
yielded only small gains over 2-frame methods. In this paper, we re

Sand and Teller’s “particle video” approach, and study pixel tracking as
a long-range motion estimation problem, where every pixel is described
with a trajectory that locates it in multiple future frames. We re-build

between the particles. The resulting motion representation is useful for a variety of applications and cannot
be directly obtained using existing methods such as optical flow or feature tracking. We demonstrate the
algorithm on challenging real-world videos that include complex scene geometry, multiple types of occlusion,

regions with low texture, and non-rigid deformations.

1 Introduction

Video motion estimation is often performed using feature tracking [30] or optical flow [7]. Feature tracking

follows a sparse set of salient image points over many frames, whereas optical flow estimates a dense motion

Cyde COnsis’[ency Median trajectory error, d_avg PCK),
Percentage of Correct Occlusion Accuracy,
Keypoints (PCK Average Jaccard







Euclidean/distance thresholds







Driving: KITTI, Waymo (adapted by PIPs, Drivelrack)

Animals: BADJA, Horse10 (adapted by PIPs, AllTracker)

Robotics: RGB-Stacking, RoboTAP (adapted by TAPVid)

Egocentric: EgoPoints, Aria Digital Twin (adapted by EgoPoints, TAPVid-3

Capture studio: Panoptic Studio (adapted by TAPVid-3D)

Youtube: DAVIS, Kinetics (adapted by TAPVId)

Surveillance: CroHD (adapted by PIPs)

Biology: Cell Tracking, SpaceAnimal, Tri-Mouse, Schooling-Fish
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0TAP) we only track points from the first available query
frame, which we find gives similar results to using all pos-
sible queries and full video lengths. We argue that using a
wide array of benchmarks helps flatten the etfects ot label
noise, and gives a better sense of the overall performance in
practice. We encourage future work to follow our example,
but we note that our full evaluation i1s time-consuming (with
some baselines requiring multiple days to finish their pass).

Baselines We benchmark a variety of recent point trackers
and optical flow models 1n our tests, including the optical

B A /| -~

Harley et al., AllTracker: Efficient Dense Point Tracking at High Resolution, ICCV 2025.
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Annotation 20 — horsejump—high | frame 000/049 | visible

track xy=(196.47, 176.96) nearest pixel=(196, 177) RGB=(28, 30, 17)

10/1xB)I¥source; @
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Annotation 14 — car—roundabout | source frame 000/074 | visible
track xy=(465.48, 214.60) nearest pixel=(465, 215) RGB=(31, 33, 32)




Selective Track Curation
(Hand-picked)

Domain diversity
(15 source datasets)

Lightwelght
(50 sequences total)
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Zhenglin Du, Zhengyang Li, Yi Wen (Xidian University)
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Keys to victory

better memory engineering
forced max-resolution inference

base alltracker.pth weights
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Gorkay Aydemir, Yunus Kurt, Volkan Aydingul, Nasrin Rahimi, Misra Yavuz, Burak Biner,
Ahmet Emirdagi, Suleyman Aslan, M. Akin Yilmaz (Codeway Al Research & fal.ai)
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Key Mechanics

causal tracker (!)

SAMS3 guidance
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Key Mechanics

4 pbase trackers in parallel

veritier-guided frame arbitration
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Key Mechanics

online recurrent state-space model
causal inference (!)

minimal inductive biases
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Resolution matters a |ot
Causal methods are catching up

"Pure” data-driven methods are catching up

33



VOTSP point 1 — ctc2d_Fluo—N2DH—GOWT1_01 | frame 001/092
track xy=(78.30, 203.30) nearest pixel=(78, 203) RGB=(32, 32, 32)
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61x61 px at 6x; box = nearest pixel

A

------




AllTrackerV23_1e6_20kUpsample | robotap_sketchy2—pixels_basket_front_left point 3.
frame 001/101 | VISIBLE GT

s

61x61 px around PRED at 5x

MAGENTA=PRED (GREEN=GT] 'ORANGE=GTEOCCLUDED







