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Figure 1. Dense point trajectories act as visual tokens for behavior, enabling scalable prediction of complex motion across diverse
species. Our method takes as input a single RGB image and a short history of motion, and forecasts future animal motion in the form of
point trajectories. For each predicted point trajectory, we translate a small circular patch of the input image along the motion trajectory and
superimpose it on the input image (no pixels are generated!). Leftmost shows the start locations on the input frame; the rest is forecast by
our model. Our method is capable of forecasting many different species and behaviors, even long-tail ones; the polar bear (top right) is only
present in 0.31% of the training data, the caribou (bottom left) in 0.025%, and the alpaca (bottom right) in 0.50%. Results video here.

Abstract

Visual intelligence requires anticipating the future behavior
of agents, yet vision systems lack a general representation
for motion and behavior. We propose dense point trajectories
as visual tokens for behavior, a structured mid-level repre-
sentation that disentangles motion from appearance and
generalizes across diverse non-rigid agents, such as animals
in-the-wild. Building on this abstraction, we design a diffu-
sion transformer that models unordered sets of trajectories
and explicitly reasons about occlusion, enabling coherent
forecasts of complex motion patterns. To evaluate at scale,
we curate MammalMotion, 300 hours of unconstrained an-
imal video with robust shot detection and camera-motion
compensation. Experiments show that forecasting trajectory
tokens achieves category-agnostic, data-efficient prediction,
outperforms state-of-the-art baselines, and generalizes to
rare species and morphologies, providing a foundation for
predictive visual intelligence in the wild.

1. Introduction

Predicting the future motion of objects and agents is a fun-
damental capability of visual intelligence. In dynamic en-
vironments, agents, from animals in the wild to humans in
social settings, must anticipate the behavior of others in order
to act effectively or survive. Despite major advances in vi-
sual recognition and generation, predicting behavior remains
one of the least understood capabilities of modern vision
systems.

A key reason for this gap is the lack of an appropriate
representation for behavior. In language, prediction is en-
abled by discrete tokens that structure the modeling problem.
Vision systems lack an analogous token for motion and be-
havior. In this work, we show that dense point trajectories
can serve as such tokens, enabling scalable prediction of
behavior across diverse agents. To understand why such a
representation is needed, consider the limitations of existing
approaches. Forecasting directly in pixel space is universal
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but poorly structured: while recent video diffusion models
can generate realistic short clips, forecasting behavior di-
rectly in pixel space entangles appearance, lighting, and
camera motion with object dynamics, making the learning
problem unnecessarily complex and data inefficient. At the
opposite extreme, parameterized 3D models provide com-
pact and physically valid representations for forecasting, but
rely on strong object-specific priors and therefore apply only
to a small number of carefully modeled categories, such as
humans [43] and a handful of animals [61, 69, 78, 87–90].
Even in these settings they often miss fine-grained deforma-
tion and shape variation. Without an intermediate representa-
tion that captures motion structure while remaining general,
scalable behavior prediction remains difficult. We therefore
seek a representation that introduces structure without sacri-
ficing generality.

We therefore propose dense point trajectories as visual
tokens for behavior, providing a structured representation
for forecasting motion across diverse agents. While sparse
points carry little semantic meaning when static, their mo-
tion reveals rich information about 3D structure and intent,
as demonstrated in Johansson’s classical biological motion
studies [29] and subsequent work [2, 13, 17, 21, 35]. Rep-
resenting behavior as evolving 2D point tracks focuses pre-
diction directly on motion dynamics while remaining ag-
nostic to appearance and scene variation. This formulation
is significantly more data efficient than forecasting pixels
directly [4, 5] and naturally applies to arbitrary non-rigid
agents without requiring category-specific models. Point
trajectories therefore occupy a principled middle ground be-
tween raw pixels and full 3D parameterizations: structured
enough to constrain prediction, yet general enough to scale
across species, morphologies, and environments.

Building on this abstraction, we introduce a diffusion
transformer that forecasts behavior from short motion histo-
ries. Unlike prior trajectory-based approaches designed for
robotics or rigid scenes [4, 11, 77], our formulation models
motion for non-rigid agents in the wild. The model predicts
future behavior as an unordered set of point trajectories
(Fig. 1), treating each trajectory as a token augmented with
local visual context from DINOv3 features. The architecture
jointly models trajectories while explicitly reasoning about
occlusion and visibility, enabling coherent predictions of
complex non-rigid motion. Our model learns diverse motion
patterns including gait, cyclical, and linear behaviors, and
forecasts future motion across a wide range of species, out-
performing state-of-the-art baselines. Training on the broad
diversity of motion found in nature further enables general-
ization to previously unseen categories and morphologies of
animate agents.

To study long-tailed biological motion at scale, we fo-
cus on unconstrained video of animals in the wild. Animals
provide a particularly challenging testbed for behavior pre-

diction: they exhibit highly diverse morphologies and motion
patterns, and data for many species is inherently sparse. A
representation that succeeds in this regime must generalize
across categories without relying on category-specific mod-
els. We develop a large-scale pipeline for isolating animal
motion from raw video, including robust shot detection and
camera-motion compensation, and curate over 300 hours
of annotated footage for behavior forecasting which we re-
lease with this paper. Using this in-the-wild data, we demon-
strate that our approach operates on tracks extracted from
unconstrained video and is robust to the noise and partial
observability inherent in real-world tracking. This dataset
reveals previously unreported statistical structure in animal
motion, and provides a foundation for studying predictive
visual intelligence in natural environments.

Our contributions are:
1. Point trajectories as visual tokens for behavior fore-

casting. We introduce dense point tracks as a compact
mid-level representation for modeling long-tailed natural-
world behavior that disentangles motion from appearance
and generalizes beyond category-specific 3D models.

2. A diffusion transformer for trajectory forecasting. We
design a DiT-based architecture that treats trajectories as
tokens and predicts diverse futures of non-rigid behav-
ior from short histories while explicitly reasoning about
occlusion in unordered track sets.

3. MammalMotion, a large-scale dataset of animal mo-
tion. We develop a robust pipeline for isolating animal
motion in unconstrained video and release 300 hours of
annotated footage for behavior forecasting in the wild.

2. Method

2.1. Diffusion-based Point Trajectory Forecasting

We model animal motion as a set of N point tracks X ∈
RT×N×2 over T timesteps. Each track xn consists of
normalized coordinates (xt

n, y
t
n) and an associated visi-

bility state Ot
n ∈ [0, 1]. We learn the conditional distri-

bution p(XTc+1:T ,OTc+1:T |I,X1:Tc
,O1:Tc

,d), where I is
the first frame and d is an optional 2D global displacement.

To improve training dynamics and handle occlusions,
we reparameterize the diffusion target as Zdiff

0 = {γV, βO},
where V represents velocities ẋt

n = xt+1
n −xt

n. For occluded
points, we use linear interpolation between the nearest visible
frames. Following DDPM [26], our model fθ minimizes the
L1 denoising objective:

L = EZdiff
0 ,τ,ϵ

[
∥Zdiff

0 − fθ(Z
diff
τ ,Zcond, τ)∥1

]
(1)

where Zcond encapsulates the image I, motion history and
initial spatial positions, and optionally d. For efficient infer-
ence, we employ DDIM [67] with 100 steps.
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Figure 2. Architecture. Given an input frame and (noisy) tracks, we construct a single token for every track, which includes a DINO feature
at the start location, the motion history, and the noisy track values, both with occlusion indicators. After projection, we add a position
encoding for the initial point location. Tokens are stacked and fed to a transformer (DiT) to predict clean tracks (right).

2.2. Diffusion Transformer Architecture
Our denoiser fθ is a Transformer (DiT) that treats each
track as a token, ensuring permutation invariance. Each
token for the n-th track is a concatenation: Zn =
[Zdiff

n , fDINO
n ,V1:Tc

,O1:Tc
].

• Visual Context: We extract local features fDINO
n from a

frozen DINOv3 backbone via bilinear interpolation at the
track’s initial location (x1

n, y
1
n).

• Motion Context: Velocity histories are embedded using
sinusoidal encodings and scaled by γ to match noise vari-
ance; occlusion histories are kept as scalar and multiplied
by β.

After concatenation, we project the tokens to the trans-
former’s hidden dimension and add a sinusoidal positional
encoding of the initial coordinates (x1

n, y
1
n) to retain explicit

spatial relationships. Global conditioning variables—the dif-
fusion timestep τ and the optional displacement d—are inte-
grated directly into each DiT layer via AdaLN [54].

3. Data Processing and Motion Distribution

To isolate animal motion from camera ego-motion in the
wild, we developed a data processing pipeline and cam-
era stabilization pipeline that we apply to the MammalNet
dataset [10]. We utilize VideoSAM [59] to segment animals
and BootsTAPIR [15] for point tracking within segments.
We then use a RANSAC-based homography estimation [15]
on background points (excluding segments from VideoSAM
[59]) and transform points into a camera-stabilized coordi-
nate system normalized to an initial animal bounding box.
This results in MammalMotion, ∼ 300 hrs of animal motion,
which we release.

Log-Normal Distribution of Motion. To validate our mo-
tion processing, we compute a histogram of the average
displacement (i.e. average distance between start and end
for points that remain visible) in Figure 4. While one might

pixel-space point tracks camera-stabilized point tracksfirst frame

Figure 3. Our processed data before and after camera stabi-
lization. Given a first frame (left), the middle image shows the
point tracks in pixel space, where the motion of the animals and
the camera (panning, zooming out) are entangled. On the right are
our point tracks in camera-stabilized space.

Figure 4. Animal motion follows a log normal distribution: We
plot a histogram of animal displacement. Horizontal axis is a binned
log displacement, while vertical axis is log frequency. We find that
log-normal (purple) fits much better than both a power law (orange).

expect animal motion to follow a power law, we instead
find that a log-normal distribution fits far better (i.e., the
log displacements are normally distributed). Such distribu-
tions have been found in other datasets of animal motions,
e.g. Lévy flights [8, 23, 28], foraging decisions in rats [30],
and general spontaneous behavior in animals [57], and are
suggested to imply that motion magnitude is the result of a
multiplicative interaction of independent factors. We believe
this is the first time such a result has arisen from such a
diverse dataset of many different species, and without any
painstaking manual annotation or use of tracking devices.



(a) Samples from our model. Sampling from our model with different random seeds (each row) and no displacement conditioning. The frame on the left is
the input state after the motion history. We see different frequencies of the grooming behavior for the jaguar and the dog’s head moves different directions.

(b) Out-of-distribution. Our model generalizes to humans and non-mammals.

Ours SD

(c) Our Model vs. Stable Diffusion. Our approach can model the behavior of less common animals in our dataset such as hares, while conventional video
models struggle with these animals.

Figure 5. Qualitative Forecasting Results.

Figure 6. Prompting our model with different levels of motion.
Grey represents motion history, colors are our predictions.

4. Results
See Sec 10 for our experimental setup: how we use the
MammalNet dataset, our metrics, and our baselines.

Samples from our model. Figure 1 shows qualitative
results which exhibit convincing forecasts across a variety
of behaviors: e.g. the lion’s legs follows natural articulation,
giraffe raises its neck, the alpaca grazes naturally. This also
works for rare animal categories. Figure 5a shows the di-
versity that our model produces with only different seeds.
Fig. 6 demonstrates prompting our model for more motion,
less motion, or motion in a different direction, and the model
produces plausible behaviors consistent with these motions.
Static visualizations do not do justice to motion accuracy;
we urge our readers to watch the supplementary video.

Out-of-distribution examples. Fig. 5b displays quali-
tative results of our model on OOD data. We note that the
MammalNet dataset does have videos that contain humans
and other types of animals; the ostrich on the bottom right
was found in our validation set, so this type of generalization

Table 1. Quantitative comparison on MammalMotion.

Method ADE ↓ FDE ↓ Avg PWT ↑ FD (V) ↓ FVMD ↓

Constant Vel 0.104 0.215 41.15% 2.59 89.77
WHN 0.105 0.200 29.92% 5.34 94.70
Track2Act 0.064 0.126 43.04% 3.20 55.84
Ours 0.046 0.102 60.01% 1.96 17.0

is not surprising. However, the Lego robot (bottom left) and
butterfly (top right) are unlike the expected MammalNet data
distribution, but still observe physically plausible motion.

Comparison with Video Generation Models. Figure 5c
displays a comparison with Stable Video Diffusion [6].
While video models often struggle with physical realism
due to the overhead of modeling pixels (textures, lighting),
our trajectory-token approach produces more realistic bio-
logical behavior with less compute and data. This extends
the findings of [7] from rigid synthetic objects to in-the-
wild nonrigid motion. E.g., our model is able to forecast the
foraging behavior of a hare even though hares only consti-
tute 0.39% of the training data. The video model struggles
not only to model this behavior but even to maintain basic
anatomy, morphing ears into wings.

Quantitative Results See 6 for detailed quantitative re-
sults. Results suggest that our method substantially outper-
forms other approaches on all metrics, and that when training
on our full dataset, there is transfer between species.

https://www.youtube.com/watch?v=bEXRrs4dDww
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5. Qualitative Results: Supplementary Video

We provide a supplementary video to further demonstrate
the qualitative performance of our method. Each example
first displays the ground truth video segment used to extract
point tracks via our data processing pipeline, followed by our
model’s predicted motions. The four conditioning timesteps
(sampled at 15 FPS) are indicated by a grey border, while all
subsequent frames are model predictions. Points predicted
as occluded by our method are not rendered.

The video is organized into the following sections:
1) Diverse Species and Behaviors: We showcase re-

sults across a wide range of behaviors—including walking,
mating, eating, fighting, and grooming—and across vari-
ous species. Notably, our model demonstrates robust perfor-
mance on rare species that are significantly underrepresented
in the training set (e.g., fossa at 0.038%, tapir at 0.22%, and
the caribou and eskimo dog at 0.025%). For context, even
the most frequent species in our dataset (squirrel, giraffe, ele-
phant, hamster, and deer) each comprise only approximately
3% of the total data.

2) Stochastic Motion Generation: By varying the ran-
dom seed while keeping the input image and motion history
fixed, we demonstrate the model’s ability to generate diverse,
physically plausible motion trajectories from the same initial
context.

3) Controllable Generation via Displacement Vectors:
We illustrate the model’s responsiveness to an optional 2D
displacement vector. All results before these were gener-
ated without this prompting. Each set of results holds the
input and random seed constant, but uses a different 2D
displacement vector. The displacement vectors used, where
d = [dx, dy] is the ground truth displacement, are, from left
to right, d, −d, d

2 , and 2d.
4) Out-of-distribution generalization: We evaluate our

model’s zero-shot capabilities by prompting it with non-
mammal animals, humans, and other objects.

5) Baseline Comparisons: We provide side-by-side visu-
alizations against the “Oracle Velocity” (our strongest non-
learned baseline) and Track2Act trained on our full dataset.
Comparisons with Track2Act use identical random seeds
and motion history. Note that Track2Act and oracle velocity
cannot handle occlusions, so all points are treated as visible.

6) Comparison with Stable Video Diffusion [6]: While
SVD produces high-quality results for common species
(e.g., horses), it often struggles with rare species, frequently
”shape-shifting” them into more common animals or fail-
ing to capture realistic behavioral patterns. We highlight
these failure modes in species such as the hare (0.39%

in our training dataset), elk (1.2%), bison (0.89%), and
black rhino (0.20%). We specifically use the Stable Dif-
fusion XL model available through the interface available at
https://stablediffusionweb.com/.

7) Data Preprocessing and Camera Stabilization: We
visualize results from our data preprocessing pipeline, show-
casing both raw outputs and results after camera stabilization.
We observe that while many animals are detected, some are
missed; furthermore, while the segmentation masks from
VideoSAM are highly accurate, they are not perfect on this
challenging data. Crucially, the camera stabilization of point
tracks allows us to effectively disentangle animal motion
from camera motion.

6. Quantitative Results

Results comparing our method with baselines can be seen in
table 2 and table 3 for the Panthera genus data. Simple base-
lines like no-motion and constant-velocity can sometimes
perform well on the combined data due to the large amount
of low-motion data, but fail for higher motion, and particu-
larly for FVMD which accurately scores motion statistics.
Interestingly, WHN gives an accurate acceleration distribu-
tion despite not being trained on this data, yet fails to esti-
mate overall velocity and other statistics well (qualitatively
it gives low-motion, jittery predictions that don’t match ani-
mal skeletons). ATM and Track2Act, which we retrained on
Panthera data, give predictions that are somewhat closer in
terms of the final endpoint error and velocity statistics, but
actually perform worse in terms of acceleration and point
level accuracy, suggesting they learn overall motion but miss
motion details, perhaps in part because the overall losses are
on displacement rather than velocity. Our method—trained
exclusively on Panthera data—substantially outperforms oth-
ers in prediction accuracy on every metric. Furthermore, our
method can take the true velocity as conditioning to improve
results even further, even though for many metrics simply
using the oracle velocity provides little boost.

Tables 4 and 5 give analogous results for our model (and
Track2Act) trained on all species in our dataset. Results
follow similar trends overall, but our model trained on the
full data is substantially better, e.g. FVMD for high motion
examples falls from 84.8 to 49.3 and PWT rises from 20.6
to 26.0. This isn’t because the full dataset is easier than the
Panthera subset; other baselines actually perform similarly
or worse on these metrics. Instead, this suggests that training
on the full dataset improves performance due to transfer
between species.

https://www.youtube.com/watch?v=bEXRrs4dDww


Table 2. Quantitative results on Panthera Data, distribution level.
FD values are multiplied by 103; Variance values are multiplied by
105; FVMD values are divided by 103. Best results in bold, second
best underlined. ↑ indicates higher is better; ↓ indicates lower is
better.

Selection Method FD (V) ↓ FD (A) ↓ Var (V) Var (A) FVMD ↓

High motion

GT - - 29.5 10.8 -
No motion 16.6 5.61 0 0 335.406
Constant vel 7.49 5.61 37.3 0 149.518
WHN 15.2 3.27 1.37 4.11 247.56
ATM 6.52 6.18 10 6.99 112.71
Track2Act 6.32 5.06 8.01 0.446 104.85
Ours (uncond) 3.71 4.3 12.8 1.02 84.79

Oracle vel 5.7 5.61 20.9 0 218.73
Ours (cond) 2.82 4.19 16.6 1.18 79.38

Medium motion

GT - - 1.26 0.931 -
No motion 0.681 0.484 0 0 91.93
Constant vel 0.822 0.484 0.959 0 54.51
WHN 0.726 1.16 1.45 4.35 46.47
ATM 0.494 0.384 0.28 0.475 36.94
Track2Act 0.421 0.416 0.345 0.04 43.62
Ours (uncond) 0.405 0.417 0.179 0.027 26.85

Oracle vel 0.614 0.484 0.0708 0 107.49
Ours (cond) 0.389 0.414 0.184 0.0285 28.96

Low motion

GT - - 0.142 0.173 -
No motion 0.077 0.09 0 0 46.0
Constant vel 0.0814 0.09 0.093 0 15.20
WHN 0.527 1.56 1.44 4.33 19.89
ATM 0.0746 0.116 0.123 0.254 19.05
Track2Act 0.0517 0.0731 0.0748 0.0294 24.36
Ours (uncond) 0.0444 0.0776 0.026 0.00488 7.54

Oracle vel 0.0679 0.09 0.00643 0 119.12
Ours (cond) 0.0431 0.0774 0.0258 0.00499 9.95

Combined

GT - - 6.93 2.66 -
No motion 3.77 1.38 0 0 149.53
Constant vel 1.86 1.38 8.58 0 62.51
WHN 3.37 1.12 1.43 4.29 86.89
ATM 1.49 1.4 2.42 1.75 35.50
Track2Act 1.43 1.21 1.89 0.121 38.44
Ours (uncond) 0.874 1.05 2.94 0.226 24.82

Oracle vel 1.43 1.38 4.73 0 118.61
Ours (cond) 0.679 1.02 3.73 0.262 24.90

7. Related Work

Pixel Forecasting. When it comes to forecasting visual infor-
mation, pixels have been the natural choice for several years.
Early approaches predicted future pixels deterministically,
as a regression problem [53, 58, 68], which is exceedingly
challenging, since the problem is ambiguous, and leads to
blurry predictions.

While GANs [12, 72, 76] and variational models [37]
were once promising, many modern approaches use diffu-
sion models [26] which produce sharp videos [22, 25, 27,
79, 82, 84] – and have brought on a creative video revolu-
tion [19, 52]. However, training models directly on video is
expensive and data-inefficient and models still struggle with
hallucinations and basic physical interactions [3, 9, 31].

Point Track Forecasting. Several works have pushed the
frontier in high-quality point-tracking [14, 15, 32, 33, 86],
with broad applications across different computer vision
tasks. When it comes to forecasting point tracks, the most
significant advancements have come from the robotics

Table 3. Quantitative evaluation on Panthera, example-level met-
rics. Best results in bold, second best underlined. For non-learned
baselines and ATM (single output), we report single-sample met-
rics; for WHN, Track2Act, and Ours we report best of K = 5.

Selection Method ADE ↓ FDE ↓ VMD ↓ Avg PWT ↑

High motion

No motion 0.211 0.393 5.51 13.22%
Constant vel 0.193 0.413 4.91 16.73%
WHN 0.215 0.393 5.82 10.24%
ATM 0.143 0.262 5.95 16.31%
Track2Act 0.135 0.245 5.04 16.72%
Ours (uncond) 0.107 0.209 4.77 20.68%

Oracle vel 0.082 0.095 6.03 17.05%
Ours (cond) 0.067 0.097 4.61 27.31%

Medium motion

No motion 0.022 0.030 4.18 58.72%
Constant vel 0.044 0.080 4.78 44.33%
WHN 0.032 0.040 5.03 36.42%
ATM 0.025 0.037 4.51 51.24%
Track2Act 0.024 0.032 3.99 53.69%
Ours (uncond) 0.020 0.027 3.82 60.91%

Oracle vel 0.022 0.027 4.37 52.53%
Ours (cond) 0.016 0.019 3.75 63.66%

Low motion

No motion 0.007 0.010 2.71 84.71%
Constant vel 0.013 0.024 3.55 70.99%
WHN 0.022 0.023 4.45 42.40%
ATM 0.010 0.016 3.29 72.06%
Track2Act 0.008 0.012 2.70 76.87%
Ours (uncond) 0.006 0.009 2.57 86.10%

Oracle vel 0.007 0.009 3.40 82.43%
Ours (cond) 0.005 0.007 2.56 87.76%

Combined

No motion 0.076 0.138 4.02 54.55%
Constant vel 0.079 0.164 4.33 46.16%
WHN 0.086 0.146 5.05 30.43%
ATM 0.057 0.101 4.48 48.39%
Track2Act 0.053 0.092 3.81 51.13%
Ours (uncond) 0.042 0.078 3.62 58.11%

Oracle vel 0.035 0.042 4.51 53.14%
Ours (cond) 0.028 0.039 3.55 61.67%

domain. Any-point Trajectory Modeling [77] introduced
the paradigm of first training a regression model to pre-
dict point tracks from an image and language instruction,
and learning a robot policy on top of the track predic-
tion model. Several approaches have followed in this direc-
tion [4, 11, 18, 50, 80, 81, 85]. These works have explored
different architectures for forecasting point tracks such as
conditional diffusion transformers [4, 11] and latent diffu-
sion models [80], all with the end-goal of learning good
robotic manipulation policies. Similarly, [75] applies DiTs
to forecast frozen video encodings along with future decoded
point tracks. We draw inspiration from these conditional DiT
architectures but focus on a different application, forecasting
motion in the complex domain of in-the-wild animal data.

Most recently, [7] showed that point-track forecasting
outperforms pixel generation for simple Kubric [20] ob-
ject motions. Our work provides further evidence that point
tracks can be a more data-efficient representation for motion,
by expanding their scope to more challenging and non-rigid
domain of in-the-wild animal data.



Table 4. Quantitative results on All Data, distribution level. FD
values are multiplied by 103; Variance values are multiplied by
105; FVMD values are divided by 103. Best results in bold, second
best underlined. ↑ indicates higher is better; ↓ indicates lower is
better.

Selection Method FD (V) ↓ FD (A) ↓ Var (V) Var (A) FVMD ↓

High motion

GT - - 31.5 8.94 -
No motion 27.1 7.51 0 0 481.99
Constant vel 13.7 7.51 23.8 0 210.47
WHN 25.2 3.19 1.1 3.34 280.77
Track2Act 14.4 5.54 6.37 1.13 114.30
Ours (uncond) 8.96 3.74 13.1 1.68 49.30

Oracle vel 12.1 7.51 19.8 0 326.80
Ours (cond) 4.86 3.33 28.3 2.14 40.24

Medium motion

GT - - 1.32 1.07 -
No motion 1.14 0.897 0 0 139.91
Constant vel 1.43 0.897 1.03 0 89.23
WHN 0.559 0.679 1.21 3.65 33.86
Track2Act 0.511 0.454 0.193 0.297 43.63
Ours (uncond) 0.257 0.298 0.396 0.251 12.90

Oracle vel 1.03 0.897 0.0825 0 163.67
Ours (cond) 0.197 0.28 0.613 0.314 12.13

Low motion

GT - - 0.111 0.157 -
No motion 0.0957 0.132 0 0 80.13
Constant vel 0.124 0.132 0.0891 0 34.31
WHN 0.46 1.39 1.29 3.89 16.68
Track2Act 0.0652 0.115 0.128 0.254 40.10
Ours (uncond) 0.016 0.0309 0.0382 0.0365 4.11

Oracle vel 0.0886 0.132 0.00404 0 212.13
Ours (cond) 0.0148 0.0304 0.0416 0.0383 4.51

Combined

GT - - 5.41 1.82 -
No motion 4.66 1.53 0 0 204.14
Constant vel 2.59 1.53 4.11 0 89.77
WHN 5.34 0.691 1.23 3.7 94.7
Track2Act 3.2 1.31 1.48 0.454 55.84
Ours (uncond) 1.96 0.877 2.94 0.453 17.0

Oracle vel 2.26 1.53 3.15 0 185.62
Ours (cond) 1.07 0.778 6.26 0.57 14.38

Behavioral Forecasting in Computer Vision.
Beyond pixels and tracks, there has also been work focus-

ing on forecasting the behavior of intelligent entities as well
as their interactions. For example, human trajectory predic-
tion has a long history with a variety of approaches [34, 60].
For direct trajectory prediction, these range from RNN based
approaches [62, 73] to VAEs [46] and GANS [24], leverag-
ing generative modeling of future human trajectories. Many
recent papers also focus on utilizing scene context [63, 70]
for human trajectory forecasting. Behavioral forecasting
has also been extensively explored in the context of au-
tonomous driving [38, 39, 48, 65]. Relatively few vision
papers have focused on forecasting animal motion. Quad-
Forecaster [51] predicted the poses of animals in constrained
contexts while [42] demonstrated a proof of concept of their
approach on fish and mice. In contrast, our approach lever-
ages large and diverse datasets and forecasts animal motion
on a general level.

Animal Pose, Motion and Behavior. Ethology, the study of
animal behavior, has a long history [44, 45, 71, 74]. Recent
advances in computing and machine learning show promise
in aiding discoveries – e.g. the emerging field of Computa-

Table 5. Quantitative evaluation on All Data, example-level met-
rics. Best results in bold, second best underlined. For non-learned
baselines, we report single-sample metrics; for WHN, and ours we
report best of K = 5.

Selection Method ADE ↓ FDE ↓ VMD ↓ Avg PWT ↑

High motion

No motion 0.325 0.596 6.50 12.44%
Constant vel 0.286 0.591 5.02 11.94%
WHN 0.262 0.538 5.74 11.62%
Track2Act 0.157 0.332 4.62 18.11%
Ours (uncond) 0.119 0.275 4.33 26.01%

Oracle vel 0.110 0.156 7.04 14.70%
Ours (cond) 0.068 0.103 4.25 31.50%

Medium motion

No motion 0.032 0.057 5.29 48.53%
Constant vel 0.068 0.142 5.70 33.28%
WHN 0.035 0.049 4.75 34.49%
Track2Act 0.027 0.044 3.90 46.44%
Ours (uncond) 0.020 0.035 3.57 59.45%

Oracle vel 0.030 0.042 5.73 43.37%
Ours (cond) 0.016 0.021 3.51 63.05%

Low motion

No motion 0.007 0.011 3.44 83.75%
Constant vel 0.018 0.034 4.51 65.13%
WHN 0.023 0.024 4.19 41.93%
Track2Act 0.013 0.016 2.88 61.17%
Ours (uncond) 0.005 0.008 2.27 88.48%

Oracle vel 0.008 0.010 4.54 80.95%
Ours (cond) 0.004 0.006 2.26 90.19%

Combined

No motion 0.099 0.180 4.82 53.94%
Constant vel 0.104 0.215 5.02 41.15%
WHN 0.105 0.200 4.85 29.92%
Track2Act 0.064 0.126 3.73 43.04%
Ours (uncond) 0.046 0.102 3.31 60.01%

Oracle vel 0.042 0.058 5.57 51.74%
Ours (cond) 0.028 0.042 3.26 63.48%

tional Ethology [1] where computer vision and automated
motion analysis plays a major role. For example, work such
as DeepLabCut [36, 47, 49] and SLEAP [55] have acceler-
ated annotating poses of animals in video. Video analysis has
aided the ethology of a wide range of animals, from jump-
ing plant lice [56], mice [83] and even zebrafish larvae [64].
However, as [1] notes, for most of these approaches, humans
still need to manually annotate behaviors in training data
– which can be subjective due to varied spatial and tempo-
ral scales, and limited by human perception and difficulties
in discovering new behaviors. Our work leverages massive
datasets of unlabeled videos and is a step towards automatic
motion understanding of animals.

There has also been a line of work on reconstructing
animal pose in 3D [87, 88], moving towards accurate recon-
structions of individual species [61, 78, 89, 90], or creating
species-specific models to generate 3D animal motion [69].
These works provide insights into individual animal species,
but our work focuses on developing an approach that is data-
efficient and can generalize to many species including long
tail ones.



8. Method Details: Forecasting Point Trajecto-
ries with a Diffusion Model

We present a diffusion-based approach for generating animal
motion as a sequence of point tracks. Unlike video genera-
tion models that predict RGB pixels, our method operates
directly on point trajectories. Given a single observation
frame and optional conditioning information like motion
history or desired velocity, our model generates plausible
future trajectories.

8.1. Problem Formulation
We represent the motion of a single animal as a set of N
point tracks, where each track describes the 2D trajectory
of a single surface point over a time horizon of T timesteps.
Formally, we aim to predict a set of tracks X ∈ RT×N×2.
Each point track xn = [(x1

n, y
1
n), (x

2
n, y

2
n), . . . , (x

T
n , y

T
n )],

consists of a sequence of normalized coordinates (xt
n, y

t
n)

where t indexes time. Points may become occluded, in which
case we assume the location is unknown: we represent the
occlusion state as O ∈ RT×N , where Ot

n ∈ [0, 1] indicates
that it the n’th point is visible (1) or occluded (0) at time t.

Our forecasting model learns a conditional generative
distribution:

p(XTc+1:T ,OTc+1:T |I,X1:Tc
,O1:Tc

,d)

Where I is the first frame, X1:Tc
and O1:Tc

are the ob-
served conditioning motion history tracks and occlusion
states over the first Tc timesteps, and a single optional 2D
displacement vector d ∈ R2 describing the average motion
of tracks from the last frame: d =

∑N
n=1 O

T
n [(x

T
n , y

T
n ) −

(x1
n, y

1
n)]/

∑N
n=1 O

T
n . The model generates future trajecto-

ries XTc+1:T and occlusion states OTc+1:T conditioned on
this observed history and the optional conditioning. Because
the main challenge is to predict the track positions XTc+1:T ,
which are a high-dimensional and continuous value, we draw
inspiration form prior work [4] and model distribution with
a diffusion process.

Parameterization of the diffusion target. Diffusion in-
volves adding Gaussian noise to the inputs (tracks and oc-
clusions) and training a network to denoise them. While
we could directly denoise X and O, there are two prob-
lems. First, X has missing values for occluded points (prior
work, e.g. [77], assumes there are no missing points, which
is untenable for longer horizons). Second, X values are ex-
tremely correlated, and most of the variance is due to the
initial point that is tracked rather than due to the motion it-
self. We therefore reparameterize the tracks to improve train-
ing dynamics. Specifically, we construct the diffusion target
Zdiff

0 = {γV, βO} where the n’th row of V ∈ RN×T×2 is
[(ẋ1

n, ẏ
1
n), (ẋ

2
n, ẏ

2
n), . . . , (ẋ

T
n , ẏ

T
n )], and γ and β are scaling

parameters so the overall variance roughly matches the noise

distribution. Here ẋt
n = (xt+1

n −xt
n), and ẏtn = (yt+1

n −ytn).
We interpolate occluded values ẋt

n = (xi
n − xj

n)/(i − j)
where i and j are the next and previous visible points (for
occluded points at the end of the sequence, which don’t have
any such j, we simply use 0). We don’t do any special prepro-
cessing for the occlusion indicator; even though it’s discrete,
we find that the model can still denoise to the discrete values
provided that they are scaled appropriately.

8.2. Diffusion Process
Following DDPM [26], we define a forward diffusion pro-
cess that gradually corrupts the diffusion targets Zdiff

0 with
Gaussian noise. The forward process over τ = 1, 2, . . . , S
diffusion steps is:

q(Zdiff
τ |Zdiff

0 ) = N (Zdiff
τ ;
√
ᾱτZ

diff
0 , (1− ᾱτ )I), (2)

where ᾱτ =
∏τ

s=1 αs with αs = 1 − βs and {βs}Ss=1 is a
linear noise schedule from β1 = 0.0001 to βS = 0.02.

Our diffusion model, fθ, learns to reverse this process
by predicting the clean diffusable data Zdiff

0 directly. The
training objective minimizes the L1 loss:

L = EZdiff
0 ,τ,ϵ

[
∥Zdiff

0 − fθ(Z
diff
τ ,Zcond, τ)∥1

]
, (3)

where Zdiff
τ =

√
ᾱτZ

diff
0 +

√
1− ᾱτϵ with ϵ ∼ N (0,1), and

Zcond = {I,X1,V1:Tc ,O1:Tc ,d} is conditioning informa-
tion including the image I, as well as motion and occlusion
history and desired displacement, if available.

Diffusion Transformer Architecture. We now turn to the
description of fθ, which predicts the clean tracks given noisy
tracks and conditioning information. We do not assume that
tracks are given in any meaningful order or on any grid. How-
ever, similar to [4], we note that a transformer model, where
each token corresponds to a track, can handle the permuta-
tion invariance, as long as we include relevant conditioning
information within each token that encodes what the track
corresponds to. This design means that the model can easily
reason about the full motion forecast for a single point (since
everything about a point is encoded within the same point),
and yet it can also easily compare and contrast nearby points
via attention. It also means that we can make our network is
invariant to the input ordering of the tracks.

Figure 2 shows our overall architecture. Each input to-
ken corresponds to a full point trajectory; that is, we con-
struct a token for each track before stacking them into
a matrix to pass to the transformer. Each token contains
all per-track conditioning information: image features, and
clean history of conditioning velocities and occlusions
{I,X1,V1:Tc

,O1:Tc
}, as well as the noisy diffusion target

for the track. We can then predict the clean data for each
track via simple linear projection from the transformer’s
output.



We construct a token for the n’th point track in the fol-
lowing way. We start with a visual feature derived from I ,
the image frame at time t = 1. We extract the full bounding
box around the animal plus a 50% margin, and compute
image features from a frozen DINOv3 [66], which should
to capture priors about animal parts. We then extract a fea-
ture for the track’s initial location (x1

n, y
1
n) using bilinear

interpolation. Next, we encode the velocity and occlusion
history (ẋ

1:Tc−1
n , ẏ

1:Tc−1
n ,O1:Tc

n ); we embed the velocities
ẋ
1:Tc−1
n and ẏ

1:Tc−1
n using a sinusoidal embedding and scale

by γ; we keep the occlusions O1:Tc
n as scalar and multiply

by β. This component of the token is set to zero in the case
where the conditioning is not provided. Finally, we add the
noisy velocities and occlusion values Zdiff

τ = {V̂, Ô}. The
full token construction is the concatenation of the clean con-
ditioning DINOv3 features, the clean conditioning velocity
history embedding and the occlusion history, the noisy veloc-
ities, and the noisy occlusions, along the channel dimension:
Zn = [Zdiff

n , fDINO
n ,V1:Tc

,O1:Tc
].

We project each token to the transformed dimension DT

and add a position encoding. Unlike sequence models, where
the added position encoding is derived from the sequence
index, we derive our position encoding from the initial loca-
tion. (x1

n, y
1
n). We use a simple sinusoidal position encoding

with length DT and add it to the track token embedding.
Finally we apply a standard DiT transformer [54], before
linearly projecting the final layer to the dimension of each
track in Zdiff.

The final conditioning information is global, rather than
per-track: the diffusion timestep τ and optionally the desired
total displacement d. We embed these values via a linear
embedding, zeroing out the embedding for d in the cases
where it is not given, and use adaptive layer norm [54] as
input directly at each layer of the diffusion model, as is
typical for encoding the diffusion timestep in a diffusion
transformer.

8.3. Sampling with DDIM
For efficient inference, we use the DDIM sampling algo-
rithm [67], which enables deterministic sampling with fewer
steps than the training diffusion process. DDIM defines a
non-Markovian forward process that preserves the same
marginals q(Zτ |Z0) but allows skipping diffusion timesteps
during sampling.

Given the model’s prediction Ẑ0 = fθ(Zτ , τ,d) at diffu-
sion timestep τ , we compute the next state Zτ−∆ as:

ϵθ =
Zτ −

√
ᾱτ Ẑ0√

1− ᾱτ
, (4)

Zτ−∆ =
√
ᾱτ−∆Ẑ0 +

√
1− ᾱτ−∆ − σ2

τϵθ + στϵ, (5)

where ϵ ∼ N (0, I) and στ =
η
√
(1− ᾱτ−∆)/(1− ᾱτ )

√
1− ᾱτ/ᾱτ−∆ controls

stochasticity. We use deterministic sampling (η = 0) with
100 diffusion steps instead of the full 1000 training steps,
yielding 10× speedup with minimal quality degradation.

After sampling in velocity space, we convert back to
absolute coordinates via cumulative summation: xt

n = x1
n +∑t−1

s=1 v
x,s
n and ytn = y1n +

∑t−1
s=1 v

y,s
n for each point n and

trajectory time t.

8.4. Implementation Details
Architecture Our model uses a DiT-B configuration with
12 transformer blocks, hidden dimension of 768, and 12
attention heads. σv = 12.0, σo = 0.1.

Training. We train with Adam optimizer with learning
rate 5 × 10−4, cosine annealing schedule with 5-epoch
warmup, and batch size 64 distributed across 16 GPUs. We
apply gradient clipping with norm 5.0. Training runs for 140
epochs.

Exponential Moving Average (EMA). We maintain an
exponential moving average of model parameters with decay
γ = 0.9997, a standard technique in diffusion models that
stabilizes sample quality:

θEMA ← γθEMA + (1− γ)θ. (6)

The EMA weights are used for all evaluation and inference.
Data representation. Each training example consists of

N = 320 point tracks over a trajectory horizon of T = 32
timesteps (sampled at 15 FPS), conditioned on the first
Tc = 4 timesteps. Tracks longer than T timesteps are sub-
sampled with stride 8. Tracks are normalized to [0, 1] image
coordinates within the animal’s bounding box and stabilized
via homography transformation. We handle variable num-
bers of valid points (32 ≤ Nvalid ≤ 320) using attention
masking to ignore padded points.

9. Data Processing details
Here we present an in-depth overview of our data processing
pipeline, resulting in the MammalMotion dataset.

9.1. Data Filtering
Our pipeline begins with an initial quality filtering stage
applied to the full (untrimmed) 539-hour MammalNet [10]
dataset. Videos were excluded if they did not meet our min-
imum requirements for temporal and spatial resolution: a
frame rate of at least 29.9 FPS and a total resolution of
200, 000 pixels.

We also remove all videos with a low dynamic range. The
dynamic range of each video is computed by analyzing the
pixel intensity distribution across all frames. For each frame,
we first convert the image to grayscale and then calculate
the dynamic range ratio using percentile-based thresholds
to account for potential outliers. The dynamic range ratio
R for a frame is defined as: R = P99−P1

Imax−Imin
, where P99



and P1 are the 99th and 1st percentiles of the pixel intensity
distribution respectively, and Imax and Imin are the theoret-
ical maximum and minimum intensity values possible for
the image’s data type. The final dynamic range measure for
a video is computed as the mean of the frame-wise ratios.
This metric provides a normalized measure between 0 and
1, where values closer to 1 indicate a wider effective dy-
namic range in the video content. We removed videos with a
dynamic range value below 0.55.

After filtering according to the above criteria, we were
left with 280 hours of video data.

9.2. Shot Detection via Point Tracking
After filtering at the video level, we divided the remaining
videos into shots. Seeing that popular open-source libraries
such as PySceneDetect fail to detect accurate shot boundaries
on the difficult animal data, we developed a novel method
for detecting shots based on the same point tracker that we
used for obtaining point track training data.

Our algorithm works as follows: We use point-tracking
to identify temporal discontinuities in video sequences that
indicate shot boundaries. Our algorithm operates by greed-
ily dividing input videos into contiguous segments of up
to 100 frames and systematically analyzing the temporal
consistency of sparse point correspondences within each
segment. For each video segment, the system samples 50
random query points at the first frame. These query points
are then tracked forward in time using BootsTAPIR, which
outputs point trajectories for the whole segment as well as
visibility booleans.

The shot change detection criterion is based on mon-
itoring the percentage of visible points across all frames
within each segment—when the visibility percentage drops
below 6% (less than 3 points are able to be tracked) for any
frame, the algorithm identifies this as a shot change bound-
ary, under the assumption that abrupt scene transitions cause
widespread tracking failures due to the disappearance or sig-
nificant transformation of visual features. When a segment
contains multiple frames below the visibility threshold, only
the earliest is recorded as the boundary. The segment win-
dow then restarts at that boundary frame t′, where new query
points are sampled, allowing subsequent boundaries to be
discovered in successive passes without any post-hoc merg-
ing. When no boundary is detected, the window advances by
100 frames, ensuring complete, gap-free coverage.

Using this algorithm for shot detection has the added
advantage that shots returned are ones where we will be able
to track points.

9.3. Detection and Segmentation
We now get a segmentation of every animal within each shot.
Our pipeline begins with an initial animal detection stage for
each video shot. We employ Grounding-DINO [41] on every

frame, using the text prompt “animal” and a confidence
threshold of 0.35. Any shots without a single successful
detection are discarded from the dataset.

We next identify frames within each shot that can be used
to initialize a video segmenter on every animal in the shot.
To ensure tractability, shots longer than 1000 frames are first
partitioned into 1000-frame segments. We then developed a
multi-stage heuristic to identify a frame where all animals
are clearly visible and spatially distinct.

We first estimate the number of animals in the shot, N ,
by averaging the number of detections across all frames and
rounding to the nearest integer. We then form a candidate
pool of all frames containing exactly N detections. From
this pool, we isolate the top 10% of frames with the lowest
average Intersection over Union (IoU) among their bounding
boxes. This step prioritizes frames where the animals exhibit
minimal overlap. From this refined subset, we select the
single frame with the highest mean detection confidence to
serve as the definitive query frame.

Finally, we initialize VideoSAM [59] with the bounding
boxes from the selected query frame. The resulting segmen-
tation masks are then propagated bi-directionally to cover
the entire shot.

9.4. Point Tracking

Once we have shots with animals segmented and tracked, we
can track points within each animal. As point trackers are
somewhat unreliable over long timeframes, we break each
shot into sub-shots of length up to 8 seconds (240 frames).
For each animal segmentation mask, we sample 500 points
across each sub-shot. To sample each point, we first sample
uniformly in time (random frame indices within the shot).
Then, we sample from the mask.

Our sampling strategy constrains query points to lie
within animal segmentation masks and employs a distance
transform-based weighting scheme to allow for sampling of
thinner structures such as legs, tails, and heads. Specifically,
75% of points are drawn according to an inverse distance
transform distribution. Let D(p) denote the Euclidean dis-
tance transform, i.e. the distance from pixel p ∈ M to the
nearest boundary of segmentation mask M . The sampling

probability is: P (p) =
1/
(
D(p)+ϵ

)
∑

q∈M 1/
(
D(q)+ϵ

) , where ϵ = 10−6

ensures numerical stability. This assigns higher probability
to pixels closer to mask boundaries, encouraging coverage
of thin structures. The remaining 25% of points are sampled
uniformly within the mask to ensure coverage of interior
regions.

Once query points are sampled, we track across the shot
(up to 8 seconds) using BootsTAPIR [15].



9.5. Camera Stabilization
While the tracked points are faithful to the animal pixels, the
motion of the tracked points in pixel space confounds the
motion of animals and the camera. Therefore, we employ a
stabilization algorithm to disentangle the animal and camera
motion, and train models on ”stabilized” point tracks that
only reflect the motion of animals.

Our approach first samples approximately 300 back-
ground points from regions outside dilated animal segmenta-
tion masks, applying a 32-pixel dilation buffer to ensure ade-
quate separation from foreground motion. These background
query points are evenly distributed across video frames
and tracked using BootsTAPIR to establish correspondence
across the temporal sequence. The resulting background
point trajectories are then used to estimate inter-frame cam-
era transformations through a robust RANSAC-based op-
timization process using publicly available code [15] that
estimates a full homography (8 degrees of freedom). The
camera motion estimation employs a reference frame ap-
proach where transformations are computed relative to a
canonical middle frame, with iterative refinement passes to
improve accuracy. To ensure high-quality transformations,
we require a > 50% average inlier ratio, and for the trans-
formation matrix to be well-conditioned. We fail to stabilize
7% of the data and discard this before training.

Once the homographies for each frame in a shot relative
to a reference frame are computed, we can stabilize the
point tracks at each timestep relative to the start of a time
horizon. This enables us to understand how an animal moves,
irrespective of camera motion.

9.6. Training Example Construction
We construct training examples by selecting an animal and
a particular starting frame t. We extract the input image by
taking a bounding box around the segment and expanding
it by 50% on each side. We transform all other points with
respect to this bounding box using the homographies (i.e.
multiply each point on frame t′ by HtH

−1
t′ ). We then nor-

malize all coordinates with respect to the first bounding box,
so that (0, 0) corresponds to the upper-left corner and (1, 1)
the bottom right.

10. Experimental Setup
10.1. Experimental Dataset
Before processing the data to create MammalMotion, we
filter the full 539-hour MammalNet dataset [10], cutting
it down to 280 hours. Videos were excluded if they failed
to meet minimum requirements for temporal and spatial
resolution or displayed a low dynamic range.

We evaluate our approach on our filtered all-species
dataset spanning the entire MammalNet taxonomy, as well
as a Panthera-only subset comprising lions, tigers, and leop-

ards. For each configuration, we construct evaluation sets by
randomly sampling from the validation split with different
levels of motion. In the all-species setting, random samples
are also drawn using stratified sampling across species ×
behavior classes to ensure balanced representation of rare cat-
egories. In contrast, the Panthera-only setting uses uniform
random sampling due to its more homogeneous taxonomy.
In both cases, we draw even amounts of samples where the
animal averages the following amounts of frame-to-frame
absolute motion: less than half a pixel, half to 1.5 pixels, and
greater than 1.5 pixels.

10.2. Metrics
We evaluate our model’s performance using a suite of met-
rics that assess both example-level trajectory accuracy and
distribution-level motion. All metrics are computed on pre-
dicted trajectories compared against our ground truth.

Distribution-Level Motion Statistics: we apply several
metrics to the overall distributions of predicted trajectories.

Fréchet Distance (FD). To assess whether our model cap-
tures the statistical properties of animal motion, we compute
the Fréchet distance [16] between predicted and ground truth
trajectory distributions. It fits multivariate Gaussian distri-
butions to a set of vectors and compares them. We compute
FD on two representations: first-order differences (veloci-
ties), and second-order differences (accelerations), capturing
motion dynamics, and motion smoothness, respectively. Fol-
lowing prior work [75], we restrict this analysis to individual
tracks visible in all predicted frames to ensure complete
motion sequences.

Trajectory Variance. We measure the temporal variance
of predicted trajectories Varpred = Var(flat(Ppred)) where
Ppred ∈ RNsamples×T×2 is the matrix of all predicted track
samples. This captures the diversity and magnitude of motion
in generated trajectories. We report this alongside ground
truth variance Vargt to assess whether the model reproduces
natural motion magnitudes.

Fréchet Video Motion Distance (FVMD). To evaluate tem-
poral coherence, we use the Fréchet Video Motion Distance
(FVMD) [40]. FVMD quantifies the discrepancy between the
distributions of motion feature vectors, where the features
are local histograms of motion orientation and magnitude.

Example-Level Metrics: Since diffusion models are
stochastic, we follow common practice and report best-of-K
metrics by sampling K = 5 predictions with different ran-
dom seeds for each test example. For metrics where lower
is better (ADE, FDE, VMD), we compute mink metrick for
each example, and average across examples. When higher is
better (PWT) we use max.



Displacement Error (ADE and FDE). Following standard
protocols, we evaluate trajectory accuracy using Average
Displacement Error (ADE) and Final Displacement Error
(FDE). ADE is the mean squared Euclidean distance between
predicted and ground truth trajectories for all visible points
across the predicted timesteps. FDE measures endpoint ac-
curacy at the terminal timestep T . Points Within Threshold
(PWT). As established in point tracking literature [14], we
report the fraction of predicted points within pixel-wise dis-
tance thresholds of the ground truth δ ∈ {1, 2, 4, 8, 16}, in
pixel space, where the input bounding boxes are all resized
to (256,256).
Video Motion Distance (VMD). This is a straightforward
extension of FVMD to an example-level metric: we compute
the same feature vector used for FVMD for both the sample
and ground-truth, and report the average Euclidean distance.

10.3. Baselines
We first compare our approach against three non-learned
baselines. We then also compare our approach with learned
baselines ATM and Track2Act. All baselines and our model
use Ncond = 4 and predict 28 timesteps at 15 FPS.
No-Motion Baseline. The simplest prediction strategy, re-
peating the last conditioning position for all future timesteps:
p̂t = pNcond−1 for t ≥ Ncond.
Constant Velocity Baseline. We estimate a per-point-track
velocity from conditioning frames as v = (pNcond−1 −
p0)/(Ncond − 1) and linearly extrapolate future positions:
p̂t = p0 + t · v. This provides a simple physics-based pre-
dictor assuming constant motion dynamics.
Oracle Velocity Baseline. Uses ground truth average veloc-
ity computed from all of the points on the animal, giving
a fair lower bound for the setting of our model that takes
ground-truth displacement.
What Happens Next (WHN).WHN [7] aims for general-
purpose point track forecasting, but the model architecture
has a grid constraint that makes it difficult to train on our
non-constrained data. Therefore we apply it zero-shot.
Any Trajectory Modeling (ATM). ATM’s [77] Track
Transformer is a regression-based method. Similarly to our
method, it treats each point track over time as a token. It
masks out future timesteps and learns to regress these co-
ordinates. ATM does not handle visiblity, regresses on ab-
solute xy-coordinates, and can only predict one plausible
future. We train this baseline using our Panthera subset, using
Ncond = 4.
Track2Act [4]. Most similar to our model, using a diffu-
sion backbone, point track as tokens, and point conditioning
setup. We use public Track2Act code and diffuse directly
on absolute XY-coordinates, without any positional encod-
ing following the original implementation. We use the[4]’s
learned ResNet visual features integrated through AdaLN,

and use a standard L2 loss. We omit the goal image (unavail-
able in our setting), condition the model solely on the initial
image, and train the model using Ncond = 4.
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