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Unobserved Future

Figure 1. Unifying point tracking and forecasting by generative modeling. We train a model that can perform both point tracking
and forecasting, by posing both problems as video-conditioned point generation. Here, we condition the model on an incomplete video
sequence. When video frames are available, the model performs point tracking (left). For the unobserved frames at the end of the video,
the model naturally performs trajectory forecasting (right). Background points are colored gray to highlight the motion of the main subject.

Abstract

Motion forecasting predicts where points will move in
the future, while motion tracking predicts where they are in
the present. Despite these similarities, existing approaches
to the two problems are quite different. In this paper, we
propose a unified model that can address both tasks. We
train a causal, video-conditioned flow matching model to
predict point positions. The resulting model can easily tog-
gle between point tracking to forecasting by changing its
visual signal. Despite our model’s simplicity, we find that
it outperforms prior work in point forecasting and obtains
performance that is competitive with the state-of-the-art on
the TAP-Vid benchmark.

1. Introduction

The problem of estimating how points move over time is at
the core of both motion forecasting and tracking: forecast-
ing predicts where they will be in the future, while tracking
predicts where they are in the present. Despite these sim-
ilarities, the two domains have historically been addressed
using different architectures and learning methods. For ex-
ample, recent point tracking methods are often based on re-

gression with bespoke network architectures, iterative pre-
diction, and robust loss functions [2, 19, 38, 39] and thus
do not capture motion priors that are crucial for forecasting.
This is in contrast to many other problems in computer vi-
sion, which have general-purpose models based on simple
network architectures and training formulations.

In this paper, we propose a simple point generation
model that addresses both point tracking and forecasting.
We simply train a generative model to generate point tra-
jectories conditioned on a sequence of video frames. The
model performs tracking when visual context is provided
and transitions to forecasting when input is absent. We
show an example of this in Figure 1, where the model tracks
the scene across several frames before forecasting its future
motion.

To achieve this, we propose a video-conditioned flow
matching model that is designed to perform both tracking
and forecasting tasks, run online, model the interaction be-
tween query points, and achieve high positional accuracy.
We perform generation in point space: in each video frame,
we create a token for every query point and use a diffusion
transformer [57] to estimate its position. To make the model
causal and to enable efficient tracking, we autoregressively
predict point positions for a temporal sliding window. Our
model’s predictions are conditioned on previous point pre-
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dictions and (if available) pretrained visual features. When
visual information is not provided, the model predicts po-
sition in its absence, which provides a natural mechanism
for toggling between tracking and forecasting. To reduce
error accumulation that occurs in long sequence prediction,
we use diffusion forcing [12] and inject noise to previous
position predictions at test time.

Despite our model’s simplicity, we obtain point forecast-
ing performance that outperforms all previous work on the
benchmark of Boduljak et al. [9] and point tracking results
that are competitive with state-of-the-art models on both the
TAP-Vid DAVIS and Kinetics benchmark [18]. Through
our experiments, we find:

• A single generative model can perform both forecasting
and tracking.

• Generative modeling objectives can obtain compet-
itive performance with highly tuned state-of-the-art
regression-based approaches for point tracking.

• Simple, point-space generative models can outperform
existing latent diffusion models on point forecasting [9].

• Jointly generating a trajectory’s position with its occlu-
sion indicators improves tracking performance.

2. Related Work

Motion estimation. The problem of estimating motion
has a long history in computer vision. Early work formu-
lated the problem as predicting dense optical flow by trad-
ing off brightness constancy and smoothness [4, 11, 33, 51,
55, 70], while later work trained models using supervised
learning [26, 36, 37, 60, 71, 73, 78, 82]. Another line of
work, pioneered by Sand and Teller [64], formulated the
problem as tracking a set of points over long time hori-
zons. Later work by Harley et al. [29] and Doersch et al.
[18], inspired by these ideas, defined the point tracking
problem and developed deep learning approaches. Later
work proposed new datasets, architectures and loss func-
tions [2, 19, 38, 39, 42, 45, 46] and semi-supervised learn-
ing strategies [20]. These approaches treat tracking as a re-
gression problem, with robust loss functions to deal with
occlusion. In contrast, our approach poses tracking as a
video-to-point generation problem and also addresses point
forecasting. Our work is closely related to the very recent
work of Zholus et al. [86], which formulates tracking as
a next token prediction problem. Like us, this approach
uses a generative formulation for tracking. However, they
use autoregression instead of flow matching. They also do
not capture the joint distribution between points, since the
model uses parallel decoding of all points (i.e., all points
are conditionally independent given the images and previ-
ous point locations). Consequently, it is not possible to di-
rectly apply the model to forecasting (only tracking).

Forecasting. The capability to forecasting the future is es-
sential for intelligence, which has many applications, such
as robot planning [7, 75]. In general, forecasting can hap-
pen in any space: RGB [6, 12, 47, 56, 65], and robotic ac-
tions [16, 84]. A variety of recent works have performed
point forecasting in the robotics domain [7, 75, 79], by pre-
dicting how points will move due to an instruction or action.
Like them, we predict future point locations, but we predict
them from an initial video signal rather than from robotic
actions. Our forecasting approach is most closely related
to (and builds on the benchmark of) the point forecasting
work of [9]. They train a model that closely resembles an
image-based latent diffusion model to predict future point
positions, using a variational autoencoder that assigns a la-
tent code to the points within an image patch, conveying
their motion. In contrast, our model treats points as tokens
and does not assume that the input is grid-based. Moreover,
we use a single model to simultaneously solve both point
tracking and forecasting by varying our visual conditioning,
which is not possible with their architecture without major
modifications.
Diffusion Models. Diffusion models [31, 67, 68] or flow
matching models [49, 50, 53] are trained to reverse the for-
ward process to traverse from source distribution to tar-
get distribution, which has been applied in many domains
such as vision [8, 31, 61, 62, 68], audio [14, 15, 34, 52],
robotics [16, 48], language [1, 25, 54, 63], and tactile sig-
nals [22, 80, 81]. Specifically, the forward process gradu-
ally adds noise to data over several time steps, transform-
ing it into pure noise. The reverse process then learns to
denoise the data step by step, reconstructing the original
data from the noise. Prior work has used various condi-
tions to guide diffusion models for sampling, among which
text [24, 61, 62] and image [41, 43, 44] are two significant
conditions. Text is a type of flexible control signal, which
provides a lot of high-level semantic guidance, for many
applications such as text-to-image generation [8, 24, 62]
and image editing [10]. Image provides the “context”,
containing a large amount of high-frequency visual cues,
is also useful for many tasks like depth estimation [41],
planning [12, 23], or even world modeling [3, 6]. Usu-
ally, diffusion models iteratively denoise the whole “se-
quence” over denoising steps [8, 74]. Recently, there is a
line of work [12, 35] combining autoregression and diffu-
sion, where causal attention over the time horizon and itera-
tive denoising are employed. In our paper, we use similarly
high-level architecture designs conditioned on images for
point sampling.

3. Method
We propose a single, unified generative modeling approach
that addresses both point tracking and trajectory forecast-
ing. We frame this as a unified generation problem in point-
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Figure 2. Method Overview. We propose a single generative model that performs both forecasting and tracking using a diffusion trans-
former, operating with image conditioning for tracking and without image conditioning for forecasting. Noise is added to the point locations
across time, and the model is trained to denoise these trajectories. Each diffusion block contains three types of attention: temporal atten-
tion, applied across the same point over time; spatial attention, applied among all points within the same frame; and cross attention, applied
between point location tokens and image feature tokens.

space, capable of both conditional generation (tracking), by
aligning trajectories with visual input, and unconditional
generation (forecasting), by sampling from its learned mo-
tion prior. This capability is controlled simply by the pres-
ence or absence of visual conditioning, allowing the model
to toggle between tasks without any architectural changes.
We build our model using a diffusion transformer trained
with the flow matching objective [49].

3.1. Unified Tracking and Forecasting

We formulate this problem as learning a conditional
probability distribution pθ(P, V | IC , Q) where IC ∈
RTC×H×W×3 is the conditioning video sequence of TC

frames, and Q ∈ RN×2 is the set of N query point loca-
tions given in the first frame. Our goal is to generate the
full point trajectories P ∈ RT×N×2 and their correspond-
ing visibilities V ∈ [0, 1]T×N over a target time span T ,
where T ≥ TC .

The model’s behavior at any timestep t is determined by
the availability of visual conditioning It:

• Tracking (Conditional Generation): For timesteps t ≤
TC , visual features from frame It are provided as condi-
tioning. The model is guided to generate a trajectory Pt

and visibility Vt that align with this visual input.
• Forecasting (Unconditional Generation): For timesteps
t > TC , no visual information is provided. The vi-
sual condition is replaced by a learned null embedding
∅. The model seamlessly transitions to forecasting, sam-
pling from its learned internal motion prior to generate a
plausible future trajectory Pt and visibility Vt.

This allows our model to perform pure tracking (when
TC = T ), pure forecasting (when TC = 1), or a combina-
tion of tracking followed by forecasting (when 1 < TC <
T ). To learn this conditional distribution, we use condi-
tional flow matching (CFM) [49, 53].

3.2. Point-Space Diffusion Transformer
Our model architecture is a Diffusion Transformer
(DiT) [57] that operates directly in point-space. We rep-
resent the full trajectory, including positions P and visibil-
ities V , as a sequence of T × N tokens. Our model learns
to map from a Gaussian distribution to the data distribution
x = (P, V ). This point-space design follows pixel-space
diffusion [32], which avoids the need for complex grid-
based VAE encoders and decoders over unstructured point
sets. We learn a denoising function Fθ(xk, k, C), where C
represents our joint conditioning signal (Q, IC). We avoid
task-specific architectures, such as cost volumes, that are
common in state-of-the-art tracking methods.

Transformer Blocks. Our DiT consists of L blocks. Fol-
lowing recent work in conditional transformers [13, 24],
each block is composed of three attention modules:
• Spatial Attention: A self-attention layer where all point

tokens x(t)
k at the same frame t attend to each other. This

models the interactions and joint motion of points within
a single timestep.

• Causal Temporal Attention: A causal self-attention
layer where each point token x

(t,n)
k attends to its own

past, {x(t′,n)
k | t′ < t}. This allows the model to build

a representation of an individual point’s motion history.
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• Cross-Attention: A cross-attention layer where all point
tokens x(t)

k attend to the visual features Ct from the corre-
sponding frame for positional and semantic information.

The cross-attention layer allows us to easily toggle between
tracking (by providing Ct) and forecasting (by providing ∅).
Visual Conditioning. Given the conditioning video IC ,
we use a pretrained vision transformer (ViT) [21] as a fea-
ture extractor. Each frame It is passed through the encoder
to obtain a set of feature maps Ct ∈ RH′×W ′×Dfeat from
multiple layers. The set of feature maps is concatenated
and projected into the feature dimension of the model. It is
then upsampled with an upsampling layer with nearest in-
terpolation and a convolution layer. These are used within
cross-attention layers in the transformer blocks.
Query and Timestep Conditioning. Adaptive layer nor-
malization (AdaLN) [58] is commonly used in DiTs to in-
ject conditioning information. In a typical DiT, AdaLN
applies a global conditioning vector (e.g., representing
timestep k or a class label) uniformly to all tokens. Our ap-
proach differs by computing a per-point conditioning sig-
nal, providing each of the N trajectories with its unique
starting context, in addition to the global timestep. We
bilinearly sample a visual feature from the feature map at
the query location Qn. This is combined with a positional
embedding of Qn and a global embedding of the timestep
k. This final vector modulates the transformer blocks us-
ing AdaLN layers, informing the model of the query infor-
mation for each trajectory and the current noise level. For
brevity, we omit the query Q from subsequent formulas as
it is always used as the conditioning signal.

3.3. Training and Inference
We train a temporally autoregressive flow matching model
that predicts both position and visibility.
Flow Matching for Position. We train our model using
conditional flow matching (CFM) [49, 53]. CFM frames
diffusion as learning a vector field that transports a noise
distribution p0 to the data distribution p1. We define a prob-
ability path pk(x) = N (x | (1− k)x0 + kx1, σ

2) and train
our network Fθ to predict the flow vk(x) = x1 − x0 by
minimizing the L2 loss:

Lposition = Ek,pk(x|x1),c

[
∥Fθ(xk, k, c)− (x1 − x0)∥22

]
(1)

where x1 is the ground-truth trajectory, x0 ∼ N (0, I) is the
noise, and c represents our optional conditioning signal IC .
While CFM allows for a simple uniform time sampling t ∼
U(0, 1), we find that the choice of distribution of k during
training is critical, similar to findings in pixel-space models
and high-resolution models. We normalize our trajectories
to have zero mean and unit variance. For sampling k, we
use a logits-normal distribution [24] and perform a search
over the distribution’s location and scale to find an optimal
distribution for our task.

Binary classification for visibility. We pose visibility
prediction as a binary classification task, which is condi-
tioned on previous and current point positions, as well as
visibility estimates. Instead of the L2 flow-matching objec-
tive used for positions, our network Fθ is trained to predict
the clean ground-truth visibility V1 at each diffusion step.
This direct prediction is supervised with a standard binary
cross-entropy (BCE) loss:

Lvisibility = Ek,xk,c,V1

[
BCE(V̂1, V1)

]
, (2)

where V1 is the ground-truth visibility and V̂1 is the visibil-
ity component predicted by our model Fθ(xk, k, c). Similar
to iterative regression work [38], we find it sufficient to use
the visibility prediction at the last sampling step as final pre-
diction.
Autoregressive training and inference. To handle long
trajectories T that may not fit into memory, we perform gen-
eration in a temporally autoregressive manner. During in-
ference, the model generates the first window of W frames
and starts to shift with a stride of S. The last W − S gen-
erated frames (from the previous window), which contain
both predicted positions and their corresponding visibili-
ties, are then used as a causal prefix condition for the next
S frames. As a result, the model will track or forecast the
entire time span T with a total of T−W

S + 1 windows.
Autoregressive generation of continuous data, however,

is notoriously prone to error accumulation due to exposure
bias [12]. While existing methods often solve this by feed-
ing model predictions back during training or using dis-
tillation, these approaches can introduce complex training
strategies or difficulties in parallelization. For simplicity,
we use diffusion forcing [12], which assigns independent
noise levels k to each frame during training. This breaks
the temporal dependency on a “perfect” ground truth history
and teaches the model to denoise from any context state.
During inference, as the window slides forward, the previ-
ously predicted part (the W − S prefix) is re-noised with
a small noise level. This prevents the model from over-
relying on its own past predictions.
Robustness to variable number of points. Point track-
ing applications must support tracking a user-specified set
of points, which can widely vary in size. Diffusion mod-
els are also known to be sensitive to the number of tokens,
which can differ between training and test time on our task.
We observe a degradation in denoising performance when
the number of query points N at inference is smaller than
the number used during training. To address this, we in-
troduce a simple yet highly effective factorization strategy.
Given a training sample with a total of Ntrain points, we find
all factor pairs (a, b) such that a × b = Ntrain. At each
training step, we randomly sample a pair (a, b) and reshape
the Ntrain points into a batch of a samples, each contain-
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ing b points. This is equivalent to training the model to
denoise a sets of b points separately, teaching it to adapt
to diverse point counts in a single forward pass. We find
that this approach keeps compute balanced across GPUs in
parallel training and leads to significant performance gains.

3.4. Implementation Details
Dataset. For forecasting experiments, we train and eval-
uate our model on Kubric MOVi-A [27], Physics101 [76],
DriveTrack [5], and Kinetics [40], independently. For track-
ing experiments, we train the tracking task on the MOVi-E
Panning version of the Kubric dataset, utilizing the data re-
lease from [17]. For unified modeling, we train the model
jointly on the target forecasting dataset and MOVi-E track-
ing dataset, with a 50/50 sample mixing.

Architecture. Similar to Aydemir et al. [2], we base our
model on pretrained self-supervised visual features. Specif-
ically, we use a pretrained DINO-v3-S [66] vision encoder.
To align the size of the feature map to existing methods on
tracking [2, 38, 39], we resize each input image such that
its shorter side is 768 pixels, which ensures consistent res-
olution across scenes, and use an upsampling block to pro-
vide a 2× larger feature map resolution. We observe that
upsampling the image and feature map leads to noticeable
performance gains, suggesting that higher-resolution visual
features benefit both tracking and prediction tasks.

On top of the DINO-v3-S visual features, we adopt a
DiT-style transformer architecture [57] for unified track-
ing and prediction. Conditioning signals and timestep em-
beddings are injected through modulation layers. In our
main experiments, the transformer consists of 6 blocks with
a hidden dimension of 384. Each block contains three
key components: temporal attention, spatial attention, and
point–image attention, enabling the model to jointly reason
over time, space, and cross-modal interactions. We apply
RoPE embedding in temporal attention, and axial RoPE
embedding indexed by query location in spatial attention
[69]. We also use RMS layer normalization [83] and QK-
normalization [30].

Training. The model is trained with the flow-matching
loss, using a logits-normal noise sampling (loc=-1,
scale=1.5). We use AdamW optimizer, gradient accumu-
lation, gradient clipping, and exponential moving average
(EMA). For our main experiments, we train the model for
200k steps. For ablation experiments that require training,
we set image resolution to 384 pixels, use a smaller EMA
parameter, and train for 100k steps.

For tracking-only model, visual condition is always
present during training. For forecasting-only model, visual
condition is only present for the query frame. For unified
model, we randomly select a frame index and mask all vi-
sual input after it. We provide more details in the supple-
mentary material.

Inference. Unless otherwise specified, we use a stride of
8 and context noise of 0.15 for tracking, a stride of 1 and
context noise 0.02 for forecasting. We provide more details
in the supplementary material.

4. Experiments

We evaluate our proposed approach on both point forecast-
ing and tracking.

4.1. Forecasting
4.1.1. Quantitative Results
Synthetic Kubric benchmark. Point-trajectory forecast-
ing is inherently ambiguous, as many reasonable future tra-
jectories can occur and a unique ground truth often does not
exist. To ensure a thorough evaluation, we adopt the proto-
col of Boduljak et al. [9] and employ a suite of complemen-
tary metrics, including FVMD, Best of K, and LRTL. These
metrics collectively measure forecasting performance from
multiple perspectives.

Best of K measures the lowest MSE among K pre-
dicted point trajectories and K simulated ground-truth tra-
jectories for the same input image, similar to Chamfer dis-
tance.1 FVMD computes the Fréchet distance between gen-
erated and ground-truth (simulated) point trajectories using
trajectories-based features, like FID or KID in image gener-
ation task. Finally, LRTL measures the physical plausibility
of the predicted motions, with a particular focus on rigidity
during the generated trajectories.

We jointly train our model on both tracking and forecast-
ing tasks, using a mix of examples in each training mini-
batch with (and without) visual conditioning signal (see
supplementary material for details). We evaluate and train
the model on the benchmark proposed in [9]. The evalua-
tion dataset is a MOVi-A variant synthesized with Kubric,
containing 16 scenes, each with 64 trajectories generated
under different initial velocities.

We compare our unified model to state-of-the-art trajec-
tory prediction methods in Table 1. We find that it outper-
forms all existing trajectory forecasting methods, demon-
strating the effectiveness of our proposed ideas. These pre-
vious methods (proposed by Boduljak et al. [9]) contain
generative latent diffusion models that predict future point
locations, as well as video generation baselines that predict
future frames then run a tracker to obtain point locations.
We exhibit qualitative results in the supplementary material.

We also evaluate our model on an out-of-distribution
subset of Kubric in Table 2, following the setup of Boduljak
et al. [9]. Our model again outperforms all state-of-the-art

1We found that there is an error in Boduljak et al. [9]’s implementation
of this metric that causes it to overestimate the metric distance. However, it
leaves the ranking between methods intact. For consistency with previous
work, we use their implementation.
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Table 1. Kubric motion forecasting. We closely follow the eval-
uation protocol of Boduljak et al. [9]. Our method shows better
adherence to the ground truth motion distribution over multiple
metrics. †- model fine-tuned to Kubric dataset. We restate results
from Boduljak et al. [9].

Method FVMD (Scene) ↓ Best of K ↓ LRTL ↓

Video Generators
WAN 14B [74] 42987 184.6 35.1
Stable Video Diffusion [8] 39494 235.7 37.2
LTX-Video [28] 32019 205.1 17.0
WAN 1.3B [74] 30712 192.6 42.1
DynamicCrafter† [77] 50123 239.9 51.8
Stable Video Diffusion† [8] 22799 152.2 30.1
WAN 1.3B† [74] 20010 162.8 26.6

Trajectory Generators
Track2Act [7] 22509 250.8 15.8
Boduljak et al [9] 17838 127.0 14.1
Ours (Forecasting Only) 17786 95.6 14.6
Ours (Unified) 18091 98.6 13.9

Table 2. Kubric motion forecasting (O.O.D.). We evaluate
the forecasting performance on an out-of-distribution version of
Kubric following Boduljak et al. [9]. Our method shows better
forecasting quality over multiple metrics. †- model fine-tuned to
Kubric dataset. We restate results from Boduljak et al. [9].

Method FVMD (Scene) ↓ Best of K ↓ LRTL ↓

Video Generators
DynamicCrafter† [77] 49092 230.5 58.8
Stable Video Diffusion† [8] 19780 127.7 31.7
WAN 1.3B† [74] 16547 128.2 27.3

Trajectory Generators
Track2Act [7] 19608 278.6 19.7
Boduljak et al [9] 14949 127.2 15.9
Ours (Forecasting Only) 14651 82.3 17.9

methods, demonstrating strong strong generalization abil-
ity.
Real-world physics. To evaluate our method’s perfor-
mance in real-world physical scenarios, we benchmark on
Physics101 [76] following the setup of [9]. Physics101 con-
tains over 10,000 videos of 101 objects interacting through
collisions, falling, floating, etc. Since only one ground-truth
outcome is provided per scenario, we report Mean Squared
Error (MSE) as the primary metric.

Table 3. Physics101 forecasting errors.

Method Fall Liquid Multi Ramp Spring Overall

WAN 16.05 4.48 21.88 37.53 70.48 30.08
Boduljak et al. [9] 19.78 6.00 15.65 36.35 65.31 28.62
Ours 27.24 5.78 17.25 31.01 25.76 21.41

Our method outperforms all other baselines on
Physics101, demonstrating its ability to forecast complex,

Figure 3. Qualitative Results on DriveTrack and Physics101.
We visualize the forecasted trajectories on DriveTrack and
Physics101 test set. Color from blue → purple indicates time pro-
gression. Our model can forecast complex non-linear dynamics
and infer motion from scene context in real-world videos.

non-linear dynamics. Qualitative demonstrations are pro-
vided in Fig. 3.

4.1.2. Qualitative Results in the Real World
Autonomous driving. We qualitatively evaluate our
method on DriveTrack [5], a point-tracking dataset built on
the Waymo Open dataset [72]. Using the 80/10/10 splits
from [5], we visualize forecasting samples in the test set
in Fig. 3. The results show that our method successfully
infers motion from scene context in complex driving envi-
ronments.

General videos. To assess performance on unstructured
scenes, we pseudo-labeled 30% of the Kinetics training
set [40] using CoTracker3 [39] to train our model for gen-
eral motion forecasting. For this experiment, we employ 12
DiT blocks with 768 channels. We visualize samples from
the Kinetics validation set and the DAVIS dataset [59] in
Fig. 1 and Fig. 4. We provide the first 8 frames as a vi-
sual condition to stabilize camera motion and prevent static
generation. The results demonstrate that our model gen-
erates plausible motions for humans, objects, and complex
3D scenes alike. We provide more visualizations and failure
mode analysis in the supplementary material.

4.2. Tracking
We follow the standard evaluation protocol for point track-
ing using the TAP-Vid benchmark and its associated met-
rics: OA, δvis

avg, and AJ. OA (Occlusion Accuracy) measures
the correctness of occlusion prediction, treating it as a bi-
nary classification task. δvis

avg computes the average visibility
accuracy by reporting the fraction of tracked points whose
predicted positions fall within 1, 2, 4, 8, and 16 pixels of
the ground-truth locations. AJ (Average Jaccard) provides a
holistic metric that jointly evaluates both tracking accuracy
and occlusion prediction quality. For fair evaluation, all the
evaluated videos are resized to 256×256 pixels.
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Figure 4. Qualitative Results on DAVIS. We train our model on
pseudo-labeled Kinetics datasets, and visualize the forecasted tra-
jectories on DAVIS dataset. The first two columns show the con-
ditioning frames with tracking results, and the next two columns
show the trajectory forecasting. We color background points in
gray to highlight the motion of main subject.

Table 4. TAP-Vid benchmarks. Our model without task-specific
designs for tracking attains competitive performance compared to
current state-of-the-art methods. We restate results from Karaev
et al. [39], Zholus et al. [86]. A comprehensive table is provided
in the supplementary material.

Method Train Kinetics DAVIS

AJ↑ δvis
avg ↑ OA↑ AJ↑ δvis

avg ↑ OA↑

TAPNet [85] PointOdyssey — — — 33.0 48.6 78.8
PIPs++ [85] PointOdyssey — — — — 73.7 —
TAPIR [19] Kubric 49.6 64.2 85.0 56.2 70.0 86.5
CoTracker [38] Kubric 49.6 64.3 83.3 61.8 76.1 88.3
TAPTRv2 [45] Kubric 49.7 64.2 85.7 63.5 75.9 91.4
LocoTrack [17] Kubric 52.9 66.8 85.3 62.9 75.3 87.2
Track-On [2] Kubric 53.9 67.3 87.8 65.0 78.0 90.8
TAPNext [86] Kubric 53.3 67.9 87.0 62.4 76.6 90.5
CoTracker3 [39] Kubric 54.1 66.6 87.1 64.5 76.7 89.7

Ours (Tracking Only) Kubric 50.5 65.1 87.6 61.7 75.6 90.6
Ours (Unified) Kubric 49.8 64.0 87.1 59.9 73.8 89.7

We consider both the performance of a model that solely
performs tracking and a unified model that jointly trains on
tracking and MOVi-A forecasting (Fig. 4). We find that
our tracking-only variant obtains highly competitive per-
formance compared to current state-of-the-art methods on
all metrics, despite those methods relying on task-specific
designs tailored exclusively for tracking, while its perfor-
mance on the Kinetics subset is relatively lower. We also
found that the unified model obtains similar (though slightly
lower) performance than the tracking-only model.

Table 5. Effect of tracking context on forecasting errors.
Longer context windows provide richer temporal information, al-
lowing the model to generate more realistic forecasts.

# context frame Kubric Physics101

1 1059 18.99
2 535 15.82
4 299 14.04
8 174 11.42

4.3. Interplay between Tracking and Forecasting

In this section, we discuss some unique benefits and capa-
bilities of our proposed unified method that a pure tracker
or forecaster cannot achieve.

Flexible conditioning for forecasting. Unlike special-
ized trackers or forecasters, our unified model is able to treat
tracking as motion prompts. It can track arbitrary number of
frames as condition, then seamlessly switch to forecasting.
In Tab. 5, we show that increasing context length directly
improves forecasting errors on both Kubric and Physics101.
It suggests that the model gathers a stronger context of mo-
tion patterns during the tracking phase to guide forecasting.

Motion prior allows robust tracking. As mentioned
above, unified training typically leads to a slight decrease
in tracking performance, under model capacity constraints.
However, unified training allows the model to learn motion
prior from training distribution, which could benefit track-
ing under challenging scenarios. We compare the track-
ing performance of our tracking-only and unified model
through experiments that (a) vary whether forecasting train-
ing and evaluation distribution matches, and (b) introduce
synthetic occlusions (black squares of 25% image size at
the center of frames). Tab. 6 shows that an out-of-domain
motion prior leads to performance degradation. However,
when the learned motion prior is in-domain, unified model
achieves significant performance gain under occlusion, as it
imagines plausible trajectories behind occlusions.

Table 6. Effect of unified training on tracking performance
under occlusion (a black square of 25% image size placed at the
center of frames). We report both δvis

avg and δocc
avg.

Tracking only Unified

Train Eval δvis
avg δocc

avg δvis
avg δocc

avg

Kubric DAVIS 75.6 61.2 73.8 (-1.8) 60.7 (-0.5)

Kubric Kubric 89.9 48.0 89.1 (-0.8) 50.5 (+2.5)
Physics101 Physics101 88.5 68.8 88.3 (-0.2) 82.2 (+13.4)
DriveTrack DriveTrack 86.8 42.6 88.7 (+1.9) 56.9 (+14.3)
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4.4. Ablation Experiments
We further investigate our model by addressing a set of key
questions through targeted ablation experiments.

Table 7. Comparison between diffusion loss and regression
loss. We train the same model using a deterministic regression
objective and compare it against our diffusion-based formulation,
demonstrating the clear effectiveness of the diffusion loss.

Loss AJ δvis
avg OA

L2 Regression 30.2 42.5 85.5
L1 Regression 43.3 58.2 86.7
Diffusion 53.7 67.3 89.3

Table 8. Design Ablations. We evaluate the effectiveness of the
proposed components on the tracking task.

AJ δvis
avg OA

Ours 53.7 67.3 89.3
w/o factorization 36.6 46.4 72.3
w/o noise schedule 51.6 65.7 89.3

How does diffusion loss help tracking? We study two
related tasks—tracking and forecasting. While diffusion
objectives naturally align with forecasting, it is less clear
whether they also benefit tracking, which is typically for-
mulated as a deterministic regression or matching problem.

Table 7 provides preliminary evidence by comparing our
diffusion-based model with prior non-diffusion approaches.
To more directly isolate the effect of the diffusion objective,
we conduct an ablation in which we vary the training loss,
using either an L2 or L1 regression loss, while keeping the
network architecture fixed. This setup disentangles archi-
tectural factors from the optimization objective, allowing us
to quantify the contribution of the diffusion loss alone.

As shown in Table 7, variants trained with determinis-
tic regression losses perform consistently worse than those
trained with the diffusion loss.

How does factorization and noise schedule help? We
evaluate the impact of several proposed design choices, in-
cluding factorization and our noise schedule, in Table 8.
These simple modifications are surprisingly effective, col-
lectively yielding substantial performance gains.

How does the sliding window stride affect autogressive
generation? To handle longer sequences for both track-
ing and forecasting, we adopt an autoregressive strategy:
the video is divided into overlapping sliding windows, and
the predictions from the previous window are used as con-
text for the next. To understand how this design choice
affects performance, we investigate the influence of the
sliding-window configuration, particularly the stride.

Table 9. Sliding Window Ablation. We study the effect of the
stride we shift the sliding window forward.

Stride FVMD (S) Best of K LRTL

1 17786 95.6 14.6
2 18820 100.8 16.4
4 21309 100.2 22.5
8 23361 104.1 28.2

As shown in Table 9, smaller strides allow us to scale the
computation during inference, consistently leading to better
results.

Table 10. Context Noise Level Ablation. We investigate the in-
fluence of the level we re-noise the context in sliding window.

Context Noise FVMD (S) Best of K LRTL

0.02 17786 95.6 14.6
0.05 18283 92.7 16.6
0.10 19814 95.4 21.0
0.15 21552 96.8 25.8

How does context noise level affect autoregressive gener-
ation? In the autoregressive generation setting, although
the predictions from the previous window are used as con-
text for the next, we follow diffusion forcing and inject a
small amount of noise into these inputs. This encourages
the model to be robust to accumulated prediction errors and
helps maintain stability over long sequences. As shown
in Table 10, we observe that forecasting performance im-
proves with decreased context noise level, suggesting a re-
liance on a cleaner history for stable generation.

5. Conclusion
We have proposed a unified architecture for point genera-
tion that can be applied to both point tracking and forecast-
ing. This model is based on a flow matching model for point
positions that is conditioned on a visual signal. Despite our
model’s simplicity, it obtains strong performance on both
tasks, obtaining results that outperform previous approaches
on the point forecasting benchmark of Boduljak et al. [9]
and that are competitive with many recent methods on the
TAP-Vid tracking benchmark [18].

We see our model as a step toward creating flexible,
general-purpose models for motion, which we anticipate
opening two directions. The first is creating motion esti-
mation systems that can accept a wide range of different
conditioning signals, such as the goals or possible actions
that an agent may take. The second is to create methods
that take advantage of the generative structure in our model,
such as modeling uncertainty in tracking through occlusion.
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