AnthroTAP: Learning Point Tracking with Real-World Motion
— Supplementary Materials —

Inés Hyeonsu Kim!3* Seokju Cho'* Jahyeok Koo! Junghyun Park!  Jiahui Huang?
Honglak Lee®*  Joon-Young Lee?  Seungryong Kim!
'KAIST Al  2Adobe Research  *University of Michigan LG AI Research

A. Additional ablations and analyses

Table 1: Ablation on training video length.

. DAVIS
Video Length Al <%, OA
@ 24 647 768 894
an 48 648 773  89.1
(I1m 64 645 771 88.9

Ablation on training video length. In Table 1, we investi-
gate the influence of training video length on model perfor-
mance. For this analysis, we fine-tuned the LocoTrack [3]
base model using our annotated videos, experimenting with
distinct clip lengths. The results demonstrate that utiliz-
ing video clips of 48 frames yields the best performance
in terms of both AJ and < 0%

avg*

Table 2: Ablation on frame dilation.

Frame DAVIS
Dilation | AJ  <d7,, OA
@ 1 64.6 76.7 89.6
(11)) 2 64.8 77.3 89.1

(D) 3 642 769  89.0

Ablation on frame dilation. During training, we adjust the
frame rate to control the motion speed by sampling video
frames with different dilation factors. In Table 2, we test
dilations of 1, 2, and 3, corresponding to 1x, 2x, and 3x
faster motion, respectively. When the dilation is too large,
the gap between adjacent frames becomes too wide. We
found that a dilation factor of 2 yields the best performance
in both AJ and < 47, .
Ablation on training data scale. In Table 3, we exam-
ine how the amount of additional training data influences
model performance. Starting from our full dataset contain-
ing 1,400 videos, we evaluate reduced subsets of 500 and
250 videos. The results show that even when using only

“Equal contribution.

Table 3: Ablation on using different amount of extra data.

DAVIS
Method Al <0%, OA
LocoTrack (384 x 512) 648 774 862

LocoTrack + Ours (250 videos) | 65.6 78.5 87.3
LocoTrack + Ours (500 videos) | 65.7 78.7 87.2
LocoTrack + Ours (full) 65.9 78.9 87.3

a fraction of the full dataset, our additional videos consis-
tently improve performance over the LocoTrack baseline
across all metrics. This demonstrates that our dataset pro-
vides strong supervision signals, and meaningful gains can
be achieved even with limited data.

B. Additional visualization

We visualize videos annotated using our pipeline in Figure 3
and Figure 4. The visualizations highlight the complex mo-
tion present in the dataset.

C. Filtering outlier trajectories with optical
flow

While HMR methods [1, 4, 5] have become increasingly
robust to challenges such as motion blur, rapid movements,
and varying lighting conditions due to their strong human
priors, they may still produce occasional errors or incon-
sistencies in mesh predictions under extreme conditions.
Furthermore, our ray-casting-based visibility prediction is
limited to occlusions caused by other modeled humans and
does not account for occlusions from general scene ob-
jects. In addition, the parametric nature of the SMPL model
makes it less effective at capturing the motion of highly de-
formable or loosely attached clothing and accessories.

To mitigate the impact of these potential inaccuracies on
our pseudo-labels and thus improve the quality of training
data, we introduce an optical flow-based filtering stage, il-
lustrated in Figure 1. Optical flow [6, 9, 10] is particularly
well-suited for this task due to its established accuracy in
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Figure 1: Filtering erroneous tracks with optical flow. We filter trajectories predicted from the human mesh using optical flow. First, we
retain points that are both considered visible with ray-casting and have confident optical flow at the predicted position (cp,¢,j - Vp,¢,; = 1),

denoted as

. If the difference between the trajectory predicted from the human mesh and the optical flow exceeds a threshold Tgis, the

point is considered erroneous, as depicted in (a), otherwise retained as in (b). We omit the normalization process for clarity.

estimating dense motion between adjacent frames. Over
very short temporal windows, these flow-based predictions
can provide strong local motion cues to validate or identify
discrepancies in the HMR-derived trajectories, especially
when dealing with complex non-rigid deformations or po-
tential tracking drift [2, 8].

The primary objective of this stage is not to replace the

HMR-derived tracks but to identify and remove potentially
erroneous segments or entire trajectories. Our goal is to
achieve a high true positive rate for valid track segments
while maintaining a sufficiently high true negative rate for
incorrect ones. We operate under the assumption that train-
ing a point tracker with a smaller set of highly accurate
pseudo-labels is more beneficial than using a larger set con-
taminated with significant errors.
Identify confident optical flow. For each pair of consecu-
tive frames (I, I;+1), we compute both the forward optical
flow map from I; to I, 1, denoted F;_,; 1, and the back-
ward optical flow map F;y1,;. We use f(F,x) to denote
the process of sampling the flow vector from map F at sub-
pixel location x using bilinear interpolation. For notational
simplicity, we define:

&ptj =F(Fimtr1,Xp1,5), (N
Cpitj =F(Feqp1oe,Xp it +&pitj)- 2

To assess the reliability of the optical flow estimation itself
at a given point x,, ; ;, we apply a forward-backward con-
sistency check [7]. Let ¢, ; ; denote the binary indicator of
optical flow reliability at point X, ; ; in frame I;. A point
Xp,t,;j 18 considered to have reliable flow (¢, ; = 1) if the
Lo distance between the original point location and the lo-
cation obtained after warping to frame ¢ + 1 and back to
frame ¢ is below a predefined threshold d¢ops:

cpti = Ll&pts + Cpotillz < Ocons] - 3)

Find erroneous trajectories. For each point x,, ; ; within a
pseudo-labeled trajectory A}, ; (where ¢ and ¢+ 1 are both in

Tp.;), we examine the predicted motion to the next frame,
Xp,t+1,j.- The displacement vector derived from the HMR
pseudo-label is Ax?ﬂfM}} = Xp,t+1,j — Xp,t,j- We compare
this to the optical flow displacement &, ; ; (previously de-

fined as the forward flow at location x,, ; ;).

To compare these two displacement vectors, Ax;Y'% and

&p.¢,j, robustly, especially in cases of large motion, we nor-
malize them. Let.Lshm = mip(HAXEJN{l}HQ, €p.e.5ll2) +
€norm» Where enormy 18 @ small positive constant added to pre-

vent division by zero. The normalized vectors are:

R
AQHMR — p;t,J g . — bt . (4)
¢, D,t,]
pd Lshort ’ Lshort

A point transition from frame ¢ to ¢ 4 1 is flagged as poten-
tially erroneous if the Lo distance between these normalized
displacement vectors exceeds a threshold 74;. We define an
indicator variable e, ; ; for this:

eptg = 1 [[AZEE — &l > 7as] . )

Trajectory rejection. We observed that query points lo-
cated on regions not well captured by the SMPL model,
such as loose clothing or hair, often result in a large number
of transitions being flagged as erroneous. Nonetheless, even
in these cases, certain frames may produce transitions that
closely follow the predicted motion and are not flagged as
erroneous. To robustly filter such trajectories, we evaluate
the proportion of transitions that are flagged as erroneous.
For a given trajectory X}, ; (defined by the ordered sequence
of frame indices 7, ;), we calculate the fraction of its tran-
sitions that are flagged as erroneous. This ratio, R, ;, is
computed by summing over all transitions from a frame ¢y,
to its successor ;1 within the sequence 7, ;. Only tran-
sitions where the point at the starting frame ¢, is estimated
as visible (vp ¢, ; = 1) by ray casting and the optical flow
is deemed reliable (¢ 4, ; = 1) are included in this calcula-



tion:
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where (tx, tr+1) denotes the k-th pair of consecutive frame
indices in the ordered set 7, ;. The term e, ; indicates
that the transition starting at frame ¢, (and ending at ¢4 1)
1S eIToneous. €n4o 18 a small constant to ensure numerical
stability in case the denominator is zero. A trajectory &), ;
is ultimately rejected if this erroneous transition ratio R,
exceeds a predefined threshold Tyaio-

For trajectories that pass this trajectory-level filtering,
any individual point-pair transition (X, ;,Xp+1,5) Still
flagged as erroneous (ep ¢ ; = 1) is considered unreliable.
For the purpose of training a point tracking model, such in-
dividual erroneous transitions are excluded.

D. Trajectory complexity and diversity analy-
sis

To quantitatively evaluate the characteristics of generated
pseudo-labeled trajectories &), ;, we employ metrics for tra-
jectory complexity and dataset diversity. These metrics help
in understanding the nature of the motion patterns captured.
All trajectories are sequences of 2D points x,, ; ; over time
t. Calculations are performed on contiguous visible seg-
ments of these trajectories, and points are assumed to be
normalized by frame dimensions.
Trajectory complexity. Trajectory complexity is quantified
using the mean angular acceleration magnitude. This metric
captures the rate of change in the direction of motion, high-
lighting non-linear movements and directional variations.
For a given visible segment of a trajectory X}, j, consisting
of an ordered sequence of points (xg, X1, ...,Xx) (Where
X}, corresponds to a point X, ;, ; from the trajectory, re-
quiring at least 4 points with & > 3 for at least one angular
acceleration value), and assuming a constant time step At
between frames:

First, a sequence of velocity vectors uy between consec-
utive points is computed:

U =Xp41 — X fork=0,...,K—1. (7

The signed turning angle 6 at point x5, (i.e., between
vectors ug and uy41) is calculated as:

0 = atan2(u,(€1)u,(jz1 - uf)u&)l, up - ugg1), (8)

for k = 0,...,K — 2. This sequence of angles is then
unwrapped to obtain a continuous sequence of angles ¢ =
(¢o, b1, - .., dK—2) by adding multiples of £27 to elimi-
nate jumps. The sequence of angular velocities wy, is com-
puted from the unwrapped turning angles:

fork=0,..., K — 2. )

The angular accelerations «;, are then found by taking the
difference between consecutive angular velocities:

. Wh41 — W

At

The complexity for the segment, Cl,, is the mean of the
magnitudes of these angular accelerations:

ok fork=0,...,K — 3. (10)

K-3

1
e = —— . 11
C‘g K_2kZ:0|ak| ( )

The complexity for an entire trajectory X}, ;, denoted C, ;,
is the average of C, over all its valid visible segments. The
overall dataset complexity is the mean of Cy, ; across all
trajectories.

Trajectory diversity. Trajectory diversity is assessed by
computing the mean standard deviation of centered trajec-
tories from a mean centered trajectory. This measures the
spatial variability of trajectories in terms of their shape and
relative motion, independent of their absolute starting posi-
tions.

Consider a set of N trajectories {X7,Xa,..., XN}
within a single video, where X refers to a specific A}, ;, and
X;(t) denotes the 2D coordinate x,, ; ; for the i-th trajectory
at frame ¢. First, each trajectory X;(t) is centered by sub-
tracting the coordinates of its first visible point X; (¢; first vis)
from all its subsequent visible points. Let this centered tra-
jectory be X/ (t):
X[ (t) = Xi(t) —

/ X;(ti firstvis)  for visible ¢ > #; firgt vis-

12)

Points where the trajectory is occluded or prior to ¢; first_vis
are considered invalid. A mean centered trajectory M’ (t) is
computed by averaging the coordinates of all valid centered
trajectories at each frame ¢:

M) = = 57 X), (13)

‘Vt| i€V

where V), is the set of indices of trajectories having valid
centered data at frame ¢. For each centered trajectory X,
the mean squared Euclidean distance (M SD;) from M’ (t)
is calculated over all frames ¢t € 7; where both X/ (t) and
M’ (t) are valid:
MSD; = % S IA O - M3 a4
teT;

The standard deviation for trajectory ¢ is then SD; =
VMSD;. The diversity score D, for the video (or
dataset) is the mean of these individual trajectory standard
deviations:

Dyigeo = mean(SDq,SDs,...,SDy). (15)
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Figure 2: The number of people per frame. Anthro-LD, the
dataset generated with our pipeline, contains videos where most
scenes include more than one person, contributing to the complex-
ity of the trajectories.

E. Additional data statistics

Statistics on the number of people in training videos. In
Figure 2, we investigate the number of people per frame in
the generated dataset. Most frames contain more than one
person (82%), which can lead to complex trajectories due
to occlusions between individuals.

F. Limitations and social impact

While our pseudo-labels provide substantial performance
gains when used to train point tracking models, the filter-
ing pipeline is designed conservatively to remove erroneous
trajectories, which means some potentially valid trajectories
may be rejected. Furthermore, visible points in the video
could be mistakenly identified as occluded. This inaccuracy
regarding occlusion status led us to decide against supervis-
ing occlusion directly, and instead focus only on position.
Although a dataset with inaccurate occlusion information
can still be helpful for training, its utility as a benchmark is
limited.

Social impact. This work significantly enhances point
tracking accessibility and efficiency by automating data
generation, thereby reducing reliance on costly manual an-
notation and extensive computational resources. This ad-
vancement can benefit robotics, 3D/4D reconstruction, and
video editing. Open-sourcing the dataset and pipeline will
promote collaborative research on point tracking. While
not explicitly discussed, potential misuse for surveillance
should be considered.



Figure 3: Additional visualization of videos annotated with our pipeline. In this example, we visualize
trajectories extracted using our pipeline.



Time

Figure 4: Additional visualization of videos annotated with our pipeline. In this example, we visualize
trajectories extracted using our pipeline.
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