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_ _ 1.4K 1day SOTA Generalization beyond humans
LI ™. 8 AnthroTAP automatically annotates real human videos into a large-scale, non-proprietary point-tracking dataset. Realvideos  Training TAP-Vid x
(Anthro-LD) = -4GPUs & RoboTAP Benchmark Method AJ <6 OA
DAVIS LocoTrack 50.7 42 .4 57.8
What is Point Tracking? AnthroTAP Pseudo-Labeling Pipeline (Human Only) Anthro-LocoTrack (Ours) 51.2 +0.5 43.3 109 58.6 +0.5
DAVIS LocoTrack 58.8 73.1 83.9
Input Goal ( (Non-Human)
_ _ o 2 o = Anthro-LocoTrack (Ours) 60.8 +2.0 75.2 +2.1 85.3 +1.4
Query Point Trajectory Video | & g3 [){ j{, e B :% Vpi |
q=(xp Yy t) ER ) T={T}, " T,eR | P E s =y 5-: s Q: Does tracking learned from human points generalize beyond humans?
V'dfo SequTe_?ce Hx W3 Ocilus'on P;(_)?ab'"ty =g Yes. Although AnthroTAP is trained from human motion, it improves tracking on both human and
V={l}y 5 LER O={04 > O, €[0,1] £ 3 5 33 : . . .
Frame |= E| .- - |28, - - _|EE non-human regions, with larger gains on non-human points.
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Task definition. Given a query point in a frame, point tracking predicts its location and visibility throughout 55 optical Flow  |© Reliable Flow

e
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the video, even under deformation, fast motion, and occlusion. .. ..
| | | | . Stronger supervision than self-training
AnthroTAP converts real human videos into reliable point-track pseudo-labels by combining human mesh

Real-world point tracks are difficult to annotate at scale! recovery, ray-casting visibility, and optical-flow-based filtering. Model Train Strategy Dataset AJ <&~ OA
Solution: A Pseudo-Labeling Pipeline for a Real-World Point Tracking Training Dataset ()  CoTracker3 Supervised Kubric 63.8 76.3 90.2
Existing Synthetic Training Data AnthroTAP Annotated Data Quantitative Comparison — TAP-vid & RoboTAP (best bold, Ours highlighted) ()  CoTracker3 Self-training Let's Dance 64.2 +0.4 76.5 +0.2 89.6 -0.6
a7 Y Method o Data DAVIS First DAVIS Strided Kinetics First RoboTAP First (M) CoTracker3 AnthroTAP (Ours) Anthro-LD 65.0 +1.2 77.3 +1.0 90.7 +0.5
G~ AJ <5 OA AJ <5 OA AJ <& OA AJ <& OA
2o R omniMoton _ T S S Q: Is AnthroTAP more effective than self-training on the same videos?
e Dino-Tracker — - - - 62.3 78.2 87.5 - - - - - - _ _ | _ _
| TAPNet Kub 30 486 788 | 384 s31 823 | 385 544 806 | - - o Yes..On the identical Let's Dance videos arlld. CoTracker3 baseline, AnthroTAP pseudo-labels
DS S - e, i 90 mlogL o ES oo w0 we wi e msowe provide stronger supervision than self-training.
CLolilE Sl Real human videos (Let's Dance) TAPTRV3 Kub 632 767 910 - - - 545 675  88.2 - - -
BootsTAPIR Kub+15M 61.4 74.0 88.4 66.2 78.5 90.7 54.6 68.4 86.5 64.9 80.1 86.3
x Unrea“stlc Synthetlc appearance / Non_rlgld artlculated motlon LocoTrack (baseline) Kub 63.0 75.3 87.2 67.8 79.6 89.9 52.9 66.8 85.3 62.3 76.2 87.1
Anthro-LocoTrack (Ours) Kub+1.4K 64.8 77.3 89.1 69.0 81.0 90.8 53.9 68.4 86.4 64.7 79.2 88.4 -
X Simple or rigid motion v Frequent self / inter-person occlusions Improvement over baseline H8 420 +19  +12 414 109 | +0  +16 4Ll | 424 430  +1.3 Pseudo-label accuracy vs. human annotation
TAPNext (baseline) Kub 62.4 76.6 90.5 65.4 79.7 88.9 - - - 59.8 73.1 88.1
imi I I - I I BootsTAPNext Kub+15M 65.2 78.5 91.2 68.9 82.4 91.6 - - - 64.1 75.1 88.8
X Limited / simple occlusions v Real-world appearance, blur, lighting Anthro-TAPNext (Ours) Kub+1.4K 661 793 917 714 835 924 = = = 634 763  90.2 Method <d? <o’ <d? <d® <6* <&*
x Large Slm_to_real domaln gap / Automatlc pseudo_label generatlon Improvement over baseline +3.7 +2.7 +1.2 +6.0 - +3.8 +3.5 - - - +3.6 +3.2 +2.1 . .
Models evaluated at 384 x 512 resolution LocoTrack prediction 13.2 36.2 62.3 81.0 87.7 56.1
CoTracker2 Kub 62.2 75.7 89.3 65.9 79.4 89.9 48.8 64.5 85.8 - - -
STkt (oniing n6as15K va  we ee | - I I | ey o eal - - L AnthroTAP pseudo-label (Ours) 180 432 748 924  94.1 64.5
- - CoTracker3 (offline ub64+ . . : - - - . : . - - -
Motivation LocToTr;‘Cﬁgal“nL) Eugm - 22: iy 225 G4 813 886 529 222 21 - - - Position accuracy (%) against human-annotated trajectories on Let's Dance.
Anthro-LocoTrack (Ours) Kub+1.4K 65.9 78.9 87.3 71.1 82.9 90.3 54.8 68.6 85.3 - - -
I I . 1 1 I Improvement over baseline +1.1 +1.5 +1.1 +1.7 +1.6 +1.7 +2.5 +2.2 +3.2 - - - . =
Human motion is naturally complex: bodies deform, limbs articulate, people occlude each other, and .P | | | . Q: Are AnthroTAP pseudo-labels accurate enough for supervision?
videos contain real-world blur, ||ght|ng, and appearance variation. Instead of manua”y annotating po|nt Flne—tunlng LocoTrack and TAPNext with AnthroTAP pseUdO'Iabels CO“SlStently Improves performance on TAP- _ _ .
tracks. we ask: Vid and RoboTAP. Despite using only 1.4K real videos, AnthroTAP outperforms or matches methods trained with Yes. Compared with human annotations, AnthroTAP pseudo-labels are substantially more
’ much larger real-video collections. accurate than LocoTrack predictions across all position thresholds.
Can we distill reliable point trajectories from human mesh recovery models and use them to
train general point trackers? T .
= - Qualitative Comparlson — training-data trajectory richness Richer real-world motion
HI ghll ghtS ] ITraCk — nthro-LD (Ors) Training Dataset Data Type Complexity 1 Diversity
] o _ _ _ DriveTrack Real 0.4396 0.0073
» Automatic supervision. Generates point-track pseudo-labels from real human videos using SMPL | |
mesh vertices. PointOdyssey Synthetic 0.5222 0.1597
» Reliability control. Handles human occlusions with ray casting and filters noisy tracks via optical-flow Kubric Synthetic 0.1772 0.1165
consistency. Anthro-LD (Ours) Real 1.2492 0.1008

» Data efficiency. Improves state-of-the-art trackers with only 1.4K real videos and 1 day of training on Q: Do AnthroTAP trajectories capture richer real-world motion?

4 GPUs.
o . o _ Anthro-LD contains complex, non-rigid, articulated human motion with frequent occlusions, while DriveTrack Yes. Anthro-LD achieves the hiahest traiectorv complexitv and much hiaher diversitv than
> Generalization. Training on human motion improves tracking not only on humans, but also on non- mainly captures rigid object motion in driving scenes. AnthroTAP generates richer real-world trajectories for training . . J . j . i . P .y. . J Y
DriveTrack, showing that human motion provides richer training signals.

human objects. point trackers.



