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Figure 1. Scaling point trackers with unsupervised videos. Left: We compare our CoTracker3 to other point trackers. Each model is
pre-trained on synthetic data (Kubric) and then fine-tuned on real videos using our simple unsupervised training protocol. Our model and
training protocol outperform SoTA by a large margin using only 0.1% of the real training data. Right: CoTracker3 is robust to occlusions.

Abstract

We introduce CoTracker3, a new state-of-the-art point
tracker. With CoTracker3, we revisit the design of recent
trackers, removing components and reducing the number of
parameters while also improving performance. We also ex-
plore the interplay of synthetic and real data. Recent track-
ers are trained on synthetic videos due to the difficulty of
collecting tracking annotations for real data. However, this
can result in suboptimal performance due to the statistical
gap between synthetic and real videos. We thus suggest us-
ing off-the-shelf trackers as teachers to annotate real videos
with pseudo-labels. Compared to other recent attempts at
using real data for learning trackers, this scheme is much
simpler and achieves better results using 1,000 times less
data. CoTracker3 is available here in online (causal) and
offline variants.

1. Introduction

Tracking points is a key step in video analysis, particu-
larly for tasks like 3D reconstruction and video editing that
require precise recovery of correspondences. Point track-
ers have evolved significantly in recent years, with designs
based on transformer neural networks inspired by PIPs [12].
Notable examples include TAP-Vid [6], which introduced a
new benchmark for point tracking, and TAPIR [7], which
extended PIPs’ design with a global matching stage. Co-
Tracker [16] proposed a transformer architecture that tracks
multiple points jointly, achieving further gains in tracking
quality, particularly for points that are partially occluded in
the video.

In this paper, we introduce a new point tracking model,
CoTracker3, that builds on the ideas of recent trackers but
is significantly simpler, more data-efficient, and more flex-
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ible. Our architecture removes some components that re-
cent trackers proposed as necessary for good performance,
while still improving on the state of the art. For the first
time, we also investigate the data scaling behaviour of such
point trackers and show the advantages of different model
architectures and training protocols in terms of final track-
ing quality and data efficiency.

The excellent performance of recent trackers is due to
the ability of high-capacity neural networks to learn a ro-
bust prior from large numbers of training videos and use
this prior to tackle complex and ambiguous tracking cases,
such as occlusions and fast motion. Therefore, the avail-
ability of high-quality training data is crucial for obtaining
solid tracking results [26].

While, in principle, there is no shortage of videos that
could be used to train point trackers, it is difficult to anno-
tate them with point tracks [6] manually. Fortunately, syn-
thetic videos [11], which can be annotated automatically,
have been found to be a good substitute for real data for low-
level tasks like point tracking [12]. Still, building a diverse
collection of synthetic videos is expensive at scale, and the
sim-to-real gap is not entirely negligible. Hence, using real
videos to train point trackers remains an attractive option.

Recent works have thus explored utilizing large collec-
tions of real but unlabelled videos to train point trackers.
BootsTAPIR [8], in particular, recently achieved state-of-
the-art accuracy on the TAP-Vid benchmark by training a
model on 15 million unlabelled videos. While the benefits
of using more training data have thus been demonstrated,
the data scaling behaviour of point trackers is not well un-
derstood. In particular, it is unclear if the millions of real
training videos used in BootsTAPIR are necessary to train
a good tracker. The same can be said about the benefits of
their relatively complex semi-supervised training recipe.

Another largely unexplored aspect is the competing de-
signs of different trackers. Transformer architectures like
TAPIR [7] and CoTracker [16], as well as recent contribu-
tions like LocoTrack [4], each propose significant changes,
extensions, new components, and different design deci-
sions. While these are shown to help in the respective pa-
pers, it is less clear if they are all essential or whether these
designs can be simplified and made more efficient.

CoTracker3 contributes to answering these questions.
Our model is based on a simpler architecture and train-
ing protocol than recent trackers such as BootsTAPIR and
LocoTrack. It outperforms BootsTAPIR by a significant
margin on the TAP-Vid and Dynamic Replica [15] bench-
marks, while using three orders of magnitude fewer unla-
beled videos and a simpler training protocol. We also study
the data scaling behaviour of this model under increasing
amounts of real training videos. We show that LocoTrack
benefits in a similar manner to CoTracker3 from scaling
data, but cannot track occluded points well.

CoTracker3 borrows elements from prior models, in-

cluding iterative updates and convolutional features from
PIPs, cross-track attention for joint tracking, proxy tokens
for efficiency, and unrolled training for windowed operation
from CoTracker, as well as the 4D correlation from Loco-
Track. At the same time, it significantly simplifies some of
these components and removes others, such as the global
matching stage of BootsTAPIR and LocoTrack. This helps
to identify which components are vital for a good tracker.
CoTracker3’s architecture is also flexible, as it can operate
both offline (i.e., single window) and online (i.e., sliding
window) if trained in the same way.

2. Related work

Tracking-Any-Point. The task of tracking any point
(TAP) was introduced by PIPs [12], who revisited the clas-
sic Particle Video [29] method and proposed using deep
learning for point tracking. Inspired by RAFT [34], an
optical flow algorithm, PIPs extracts correlation maps be-
tween frames and feeds them into a network to refine the
track estimates. TAP-Vid [6] improved the problem fram-
ing, proposed three benchmarks, and introduced TAP-Net,
a model for point tracking. TAPIR [7] combined TAP-Net-
like global matching with PIPs, resulting in much-improved
performance. Zheng et al. [44] introduced another synthetic
benchmark, PointOdyssey, and PIPs++, an improved ver-
sion of PIPs that can track points over extended durations.
CoTracker [16] noted a strong correlation between differ-
ent tracks, which can be exploited to improve tracking, par-
ticularly behind occlusions and out-of-frame. DOT [18]
further improved CoTracker by densifying its output. VG-
GSfM [39] proposed a coarse-to-fine tracker design where
tracks are validated through 3D reconstruction, but it only
targets static scenes. Inspired by DETR [2], Li et al. [19]
introduced TAPTR, an end-to-end transformer architecture
for point tracking, representing points as queries in the
transformer decoder. LocoTrack [4] extended 2D correla-
tion features to 4D correlation volumes while simplifying
the point-tracking pipeline and enhancing efficiency. Our
work proposes a further simplified framework that runs 27%
faster than LocoTrack, while maintaining the ability to track
occluded points via joint tracking, like CoTracker.

Annotating data for point tracking is particularly chal-
lenging due to the required precision: the annotation
should have (at least) pixel-level accuracy. The prevail-
ing paradigm in point tracking is thus to train models us-
ing synthetic data, where such annotations can be obtained
automatically and without errors, and to show that the re-
sulting models can generalize to real data. All the methods
mentioned above follow this paradigm, and most are trained
solely on synthetic Kubric [11].

Semi-supervised correspondence. An alternative to syn-
thetic data is unlabeled real data in combination with un-
supervised or semi-supervised learning. For example, one



can use photometric consistency as a proxy for correspon-
dences. Such training is well suited for optical flow and
dense tracking but often leads to false matches due to occlu-
sions, repeated textures, or lighting changes. Therefore, it
usually requires multi-frame estimates [ 14], explicit reason-
ing about occlusions [42], hand-crafted loss terms [23, 25],
or various data augmentation strategies [21]. Alternatively,
one can use an existing tracker to train another in a process
akin to distillation [22]. More robust unsupervised learning
signals for long-range tracking can be obtained via simple
colorization of grayscale videos by copying colors from the
reference frame [38] or other visual patterns [17].

Accounting for cycle consistency [13, 30, 41] or tem-
poral continuity [9, 43] in videos is another way to ob-
tain a reliable proxy signal to learn correspondences with-
out full supervision, or even to learn generic visual fea-
tures [10, 40]. Recently, Sun et al. [32] proposed refining
PIPs and RAFT on a pre-generated dataset with pseudo-
labels using color constancy and cycle consistency signals.
This pipeline improves tracking, but performance quickly
saturates. DINO-Tracker [35] combined test-time per-video
optimization with DINOv2 [27] to improve point tracking.

Most relevant to our work, BootsTAPIR [8] improved
TAPIR trained on Kubric by fine-tuning it on 15 million
real videos using self-training, while retaining a small syn-
thetic dataset with ground-truth supervision to avoid catas-
trophic forgetting. They proposed applying augmentations
to student predictions and trained the model with an expo-
nential moving average (EMA), while computing three dif-
ferent loss masks for robustness. In contrast, our approach
uses a simpler design that does not require augmentations,
masks, or EMA for training. We also do not need ground-
truth supervised data during fine-tuning on pseudo-labels.
Instead, our idea is to train a student model by utilizing
existing trackers with complementary qualities as teachers.
We also show that this protocol only requires a small frac-
tion of the real videos utilized in BootsTAPIR.

3. Method

In this section, we formally introduce the point tracking task
and outline the proposed CoTracker3 architecture and the
semi-supervised training pipeline we use to train it.

Given a video (Z;)L_,, which is a sequence of T frames
T, € R¥>*HXW "and a query point @ = (t9,2%,y7) € R3
where t? indicates the query frame index and (x4, y?) rep-
resents the initial location of the query point. Our goal is to
predict the corresponding point track P; = (x4, y:) € R?,
t = 1,...,7, with (a,ya) = (2%,y%). As is com-
mon in modern point tracking models [7, 16], CoTracker3
also estimates visibility V; € [0,1] and confidence C; €
[0, 1]. Visibility indicates whether the tracked point is visi-
ble (V¢ = 1) or occluded (V; = 0) in the current frame. At
the same time, confidence measures whether the network

is confident that the tracked point is within a certain dis-
tance from the ground truth in the current frame (C; = 1).
The model initializes all tracks with the query coordinates
Py := (w4q,yq) and sets confidence and visibility to zero,
Ci:=0,V; :==0forallt = 1,...,T, then updates these
iteratively.

3.1. Training using unlabeled videos

Recent trackers are trained primarily on synthetic data [11]
due to the challenge of collecting tracking annotations for
real data at scale. However, BootsTAPIR [8] has shown that
it is possible to train better trackers by adding unlabeled real
videos to the mix. To do so, they propose a sophisticated
self-training protocol that uses a large number of unlabeled
videos (15M), self-training, data augmentations, and trans-
formation equivariance.

Here, we propose a much simpler protocol that allows
us to surpass the performance of BootsTAPIR with 1,000 x
less data: we use a variety of existing trackers to label a
collection of real videos, using them as teachers, and then
use the pseudo-labels to train a new student model, which
we pre-train using synthetic data.

Notably, the teacher models are also trained using only
synthetic data. Thus, one may wonder why this protocol
should result in a student that is better than any of the teach-
ers. There are several reasons for this: (1) the student bene-
fits from learning from a much larger (albeit noisy) dataset
than the synthetic data alone; (2) learning from real videos
mitigates the distribution shift between synthetic and real
data; (3) there is an ensembling/voting effect which reduces
pseudo-annotation noise; (4) the student model may inherit
strengths of different teachers, which may excel in differ-
ent aspects of the task (e.g., offline trackers track occluded
points better, and online trackers tend to stick to the query
points more closely near the track’s origin).

Dataset. To enable such training, we collected a large-scale
dataset of Internet-like videos (around 100,000 videos of 30
seconds each) featuring diverse scenes and dynamic objects,
primarily humans and animals. We demonstrate that perfor-
mance improves when training on larger subsets of this data,
starting from as few as 100 videos (see Fig. 1).

Teacher models. To create a diverse set of supervisory sig-
nals, we employ multiple teacher models trained only on
synthetic data from Kubric [11]. Our set of teachers consists
of our proposed models CoTracker3 online and CoTracker3
offline, CoTracker [16], and TAPIR [7]. During training,
we randomly sample a frozen teacher model for each batch,
so the same video may receive pseudo-labels from different
teachers over epochs, preventing overfitting and promoting
generalization. The teacher models are not updated.

Query point sampling. Trackers require a query point to
track in addition to a video. After randomly choosing a
teacher for the current batch, we sample a set of query
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Figure 2. Architecture. We compute convolutional features for every frame of the given video, and then the correlations between the
feature sampled around the query frame for the query point and all the other frames. We then iteratively update tracks Ppm) = plm) 4
AP™FY confidence C™), and visibility V™ with a transformer that takes the previous estimates P(™, C(™), V(™) a5 input.

points for each video. To select such queries, we use the
SIFT detector [24], biasing the selection of points to those
which are “good to track” [31]. Specifically, we randomly
select 1" frames across a video and apply SIFT to gener-
ate points to start tracks on these keyframes. Our intuition
behind using a feature extractor is guided by its ability to
detect descriptive image features whenever possible, while
failing to do so in ambiguous cases. We hypothesize that
this will serve as a filter for hard-to-track points and thus
improve the stability of training. Following this intuition,
if SIFT fails to produce a sufficient number of points for
any frame, we skip the video completely during training to
maintain the quality of our training data.

Supervision. We supervise tracks predicted by the student
model with the same loss used to pre-train the model on
synthetic data, with only minor modifications for handling
occlusion and tracking confidence. These details are given
later in Sec. 3.3.

3.2. CoTracker3

We provide two model versions of CoTracker3: offline and
online. The online version operates in a sliding window
manner, processing the input video sequentially and track-
ing points forward only. In contrast, the offline version pro-
cesses the entire video as a single sliding window, enabling
point tracking in both forward and backward directions.
The offline version tracks occluded points better and also
improves the long-term tracking of visible points. However,
the maximum number of tracked frames is memory-bound,
while the online version can track indefinitely.

Feature maps. We start by computing dense d-
dimensional feature maps with a convolutional neural
network inspired by [12] for each video frame, i.e.,
&, = d(Zy),t =1,...,T. We downsample the input video
by a factor of k = 4 for efficiency so that &; € R4 X

and compute the feature maps at S = 4 different scales,
H %%
ie., ®} € R a1 X021 s =1,..., 5.

4D correlation features. In order to allow the network to
locate the query point @ = (t9,29,y9) in frames ¢t =
1,...,T, we compute the correlation between the feature
vectors extracted from the map ®,. at the query frame ¢7
around the query coordinates (z%,y?) and feature vectors
extracted from maps ®;, ¢ = 1,...,T around current track
estimates P; = (x¢, y;) at the other frames.

More specifically, every point P, is described by extract-
ing a square neighbourhood of feature vectors at different
scales. We denote this collection of feature vectors as:

s s X Yy
= — - : <
& lcpt (k8+5, k5+5) VA |5||OO_A1, 1)

for s =1,...,5, where the feature map ®; is sampled us-
ing bilinear interpolation around the point (¢, y;). There-
fore, for each scale s, ¢ € RIX(2A+1)* contains a grid of
(2A + 1)? pointwise d-dimensional features.

Next, we define the 4D correlation [4] {(¢%,, ;) =
stack((¢5,) T ¢3) € RZATD? for every scale s = 1,..., S.
Intuitively, this operation compares each feature vector
around the query point (27,y?) to each feature vec-
tor around the track point (zy,%:), which the network
uses to predict the track update. Before passing them
to the transformer, we project these correlations with a
multi-layer perceptron (MLP) to reduce their dimension-
ality, defining the correlation features to be Corry =
(MLP ({6l 61)), .., MLP((655, 65))) € RPS, where p
is the projection dimension. This MLP architecture is much
simpler than the ad hoc module used by LocoTrack [4] for
computing correlation features.

Iterative updates. We initialize the confidence C; and vis-
ibility V; with zeros, and the tracks P, for all times ¢ =



1,...,T with the initial coordinates from the query point
Q. We then iteratively update all these quantities with a
transformer.

At every iteration, we embed the tracks using the
Fourier Encoding [33] of the per-frame displacements,
ie, M—st+1 = 1N(Piy1 — Pi)., Then, we concatenate
the track embeddings (in both directions ;441 and
Nt—1—t), confidence C;, visibility V;, and the 4D correla-
tions Corr; for every query point i = 1,...,N as Gi =
<n§,1ﬂt,néﬁt+1,CZ,Vf,Corri). G! forms a grid of in-
put tokens for the transformer that span time 7' and the
number of query points N. The transformer W takes this
grid as input, adds standard Fourier time embeddings, and
applies factorized time attention [1] with ¢ = 1,....T
and group attention with ¢ = 1,...,N. It also uses
the proxy tokens of [16] for efficiency. This transformer
estimates the updates to tracks, confidence, and visibil-
ity incrementally as (AP, AC,AV) = ¥(G). We update
tracks P, confidence C and visibility ¥V M times, setting
plm+1) — pm) L Ap(m+l) c(m+l) — o(m) 4 AC(m+1)
and Vm+1D) = pim) 4 Ap(m+1) Note that we resample
the pointwise features ¢ around updated tracks P("+1) and
recompute the correlations Corr after every update.

3.3. Model training

During pre-training on synthetic data, we supervise both
visible and occluded tracks using the Huber loss with
threshold p = 6 and weight exponentially increasing with
the iteration m. We assign a smaller weight to the loss term
for occluded points, setting

M

Lok (P, P*) = 3 3" A=, Huber,(P™, PY),

m=1 t=1
2
where v = 0.8 is a discount factor, w; = 1 if the point is
visible and w; = 1/5 otherwise, and the * symbol denotes
the ground truth.

Confidence and visibility are supervised with the Binary
Cross Entropy (BCE) loss at every iterative update. The
ground truth for confidence is defined by an indicator func-
tion that checks whether the predicted track is within r = 12
pixels of the ground truth track for the current update. We
apply the sigmoid function to the predicted confidence and
visibility before computing the loss. The confidence loss
Leonf(C, P, P*) is given by

M T
> > AMTMCE (U(Ct(m))7 ]1|\7J£’">—7>z|\z<r) - O

m=1 t=1

The visibility loss is defined similarly as:

M T
LocaV, V) =YY 4" CE (a(v§m>),vg) L@
m=1

Training using pseudo-labels. When using pseudo-
labelled videos, we supervise CoTracker3 using the same
loss (2) as for the synthetic data, but found it more stable
not to supervise confidence and visibility. To avoid forget-
ting the latter predictions, we use a separate linear layer to
estimate confidence and visibility and simply freeze it at
this training stage.

Online model. Both online and offline versions of Co-
Tracker3 have the same architecture. The main differ-
ence between them is the way of training. The online ver-
sion processes videos in a windowed manner: it takes 7"
frames as input, predicts tracks, then moves forward by
T’ /2 frames, and repeats. It uses overlapped predictions for
tracks, confidence, and visibility from the previous sliding
window as initialization for the current window.

During training, we compute the same losses (2) to (4)
for the online version separately for each sliding window.
Then, we take the mean across all the sliding windows.
Since the online version can track points only forward in
time, we compute the losses only starting from the first win-
dow with the query frame ¢¢ onwards. For the offline ver-
sion, however, we compute the losses for every frame be-
cause it tracks points in both directions. We train the online
version on videos of the same length, while the offline ver-
sion needs to see videos of different lengths during training
to avoid overfitting to a specific length. With this in mind,
for the offline version, we randomly trim a video between
T'/2 and T frames and linearly interpolate time embeddings
during training.

3.4. Discussion

Our model includes several simplifications and improve-
ments compared to previous architectures like PIPs, TAPIR,
and CoTracker, including: (1) The model borrows 4D corre-
lation from LocoTrack but simplifies it by utilizing an MLP
to process the correlation features instead of their ad-hoc
architecture; (2) It estimates confidence for every tracked
point; (3) Compared to CoTracker, the grid of tokens G is
simplified, using only correlation features and the Fourier
embeddings of displacements; (4) The visibility flags are
updated at each iteration along with other quantities instead
of using a separate network; (5) Compared to TAPIR, Boot-
STAPIR, and LocoTrack, CoTracker3 does not use a global
matching module, as we found it redundant.

A benefit of these simplifications is that CoTracker3 is
considerably leaner and faster than other similar trackers.
Specifically, CoTracker3 has 2x fewer parameters than Co-
Tracker, while the absence of global matching and the use
of an MLP to process correlations make CoTracker3 27%
faster than the fastest tracker (LocoTrack), despite cross-
track attention.
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TAPIR [7] Kub 3IM 293 49.6 642 85.0 555 69.7 88.0 56.2 70.0 86.5 66.1 272 59.6 734 87.0 68.7
CoTracker [16] Kub 45M 472 49.6 643 833 674 789 852 61.8 76.1 883 68.9 37.6  58.6 70.6 87.0 71.8
TAPTR [19] Kub — — 490 644 852 60.8 762 87.0 63.0 76.1 91.1 69.5 341 60.1 753 869 723
LocoTrack [4] Kub 12M 290 529 66.8 853 69.7 832 895 629 753 872 714 298 623 762 87.1 74.6
CoTracker3 (Ours, online) Kub 25M 405 54.1 66.6 87.1 71.1 819 903 64.5 76.7 89.7 729 410 60.8 73.7 87.1 744
CoTracker3 (Ours, offline) Kub 25M 209 535 66.5 864 74.0 849 90.5 633 762 88.0 69.8 41.8 599 734 87.1 742
BootsTAPIR [8] Kub+15M 78M 303 54.6 684 86.5 70.8 83.0 89.9 61.4 73.6 88.7 69.0 28.0 649 80.1 863 74.8
CoTracker3 (Ours, online) Kub+15k 25M 405 55.8 68.5 883 71.7 83.6 91.1 63.8 763 90.2 733 40.1  66.4 78.8 90.8 76.1
CoTracker3 (Ours, offline) Kub+15k 25M 209 54.7 67.8 87.4 743 852 924 644 769 91.2 722 423 647 78.0 89.4 76.0

Table 1. Results on TAP-Vid benchmarks and Dynamic Replica CoTracker3 trained on synthetic Kubric shows strong performance
compared to other models, while the online version fine-tuned on 15k additional real videos (Kub+15k) outperforms all the other methods,
even BootsTAPIR trained on 1,000 more real videos. Training data: (Kub) Kubric [11], (PO) Point Odyssey [44]. Size in number of

params; speed expressed as ps per frame and per tracked point. See Fig. 3 for qualitative results on RoboTAP.
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Figure 3. Qualitative results on RoboTAP. Predictions of online (first three columns) and offline (last three columns) models on RoboTAP
before (first row) and after (second row) scaling. We visualize the distance between ground truth (crosses) and model predictions (points).

Scaling helps to improve predictions of both online and offline models.

4. Experiments

In this section, we describe our evaluation protocol. We
then compare our online and offline models to state-of-
the-art trackers, analyze their performance on occluded
points (Sec. 4.1), show how models scale with the proposed
pseudo-labeling pipeline (Sec. 4.2), and ablate the design
choices of the architecture and scaling pipeline (Sec. 4.3).

Evaluation protocol. We conduct our evaluation on TAP-
Vid [6], comprising TAP-Vid-Kinetics, TAP-Vid-DAVIS,
and RGB-Stacking. TAP-Vid-Kinetics consists of 1,144
YouTube videos from the Kinetics-700-2020 validation
set [3], featuring complex camera motion and cluttered
backgrounds, with an average of 26 tracks per video.
TAP-Vid-DAVIS comprises 30 real-world videos from the
DAVIS 2017 validation set [28], with an average of 22
tracks per video. RGB-Stacking is a synthetically generated
dataset of robotic videos with many texture-less regions that
are difficult to track.

We use the standard TAP-Vid metrics: Occlusion Accu-
racy (OA; accuracy of occlusion prediction as binary classi-

fication), 532 (fraction of visible points tracked within 1, 2,
4, 8, and 16 pixels, averaged over thresholds), and Average
Jaccard (AJ, measuring tracking and occlusion prediction
accuracy together). All videos are resized to 256 X256 pix-

els before being processed by the model.

Similarly, we evaluate CoTracker3 on RoboTAP [37],
which contains 265 real-world videos of robotic manipu-
lation tasks with an average duration of 272 frames. Fol-
lowing [6], we evaluate TAP-Vid and RoboTAP in the “first
query” mode: sampling query points from the first frame
where they become visible. Additionally, we evaluate on
DynamicReplica [15] following [16]. Because this dataset
is synthetic, the tracker can be evaluated on occluded points.
The evaluation subset of Dynamic Replica consists of 20
long (300 frames) sequences of articulated 3D models. We
evaluate these benchmarks at their native resolution but re-
size the predictions to 256256 pixels and report the ac-
curacy of visible (6)%%) and occluded points (%) using the

avg avg

same thresholds as in TAP-Vid.
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Table 2. TImpact of cross-track Table 3. Self-training.
attention on occluded tracking. Training CoTracker3 online
Cross-track attention improves the on its own predictions im-
tracking of occluded points sub- proves the model. We use
stantially. It also improves visible 10k real videos and train to
points, but the effect is smaller. convergence.

4.1. Comparison to the state-of-the-art

For fairness with trackers blind to the correlation between
tracks, we evaluate CoTracker3 on TAP-Vid on one query
point at a time and sample additional support points to
leverage joint tracking, following [16]. This ensures that
no information about objects in videos leaks to the tracker
through the selection of benchmark points (which correlate
with objects in benchmarks). We multiply predicted visi-
bility by predicted confidence and apply a threshold to the
resulting quantity as in [7], improving the AJ and OA met-
rics.

As shown in Tab. 1, CoTracker3 is highly competi-
tive with other trackers on various benchmarks even when
trained only on synthetic data (Kub). Adding unlabeled
videos using the approach of Sec. 4.2 (+15k) boosts the re-
sults well above the state of the art for all metrics on DAVIS,
RGB-S, and Kinetics, and for two out of three metrics (AJ
and OA) on RoboTAP. The +15k offline version is even bet-
ter than the online one on DAVIS and RGB-S, but worse on
Kinetics and RoboTAP. In terms of data efficiency, despite
being trained on just 15k additional real videos, our mod-
els outperform BootsTAPIR, which was trained using 15M
videos (i.e., 1,000 times more). Slightly better performance
can be obtained by increasing the data further (Sec. 4.2).
LocoTrack also benefits similarly from our training scheme
but struggles during occlusions, as shown next.

Tracking occluded points We compare CoTracker3 with
other methods on Dynamic Replica in Tab. 1 (437, and OA
columns). On this benchmark, CoTracker3 online outper-
forms all other methods even when trained solely on Kubric;
in particular, it is much better than LocoTrack, which justi-
fies additional parameters in cross-track attention modules.
Adding 15k real videos improves tracking of visible points
for both online and offline versions, but only the offline
model improves tracking of occluded points. Furthermore,
CoTracker3 offline tracks occluded points better than the
online version. This is because accessing all video frames
at once helps to interpolate trajectories behind occlusions,
as the offline version can see future frames, unlike the on-
line one. See Fig. 4 for qualitative results.

Ours offline

Figure 4. Qualitative comparison. Tracking a grid of 100x 100
points from the first frame should maintain grid patterns in future
frames when the motion is simple. LocoTrack and CoTracker3
are more consistent than BootsTAPIR, but neither LocoTrack nor
BootsTAPIR can track through occlusions (2nd column) and also
lose more background (1st column) points.

4.2. Scaling experiments

In Fig. 1, we show how CoTracker3, LocoTrack, and Co-
Tracker [16] improve with our pseudo-labeling pipeline as
the training set size increases. Starting with models pre-
trained on a synthetic dataset [11] (0 along the x-axis), we
train them on progressively larger real datasets: 0.1k, 1k,
5k, 15k, 30k, and 100k videos. Models are trained to con-
vergence on their respective subsets. All models already
improve with only 0.1k real-world videos and continue im-
proving with more. Improvements for CoTracker3 online,
offline, and LocoTrack tend to plateau after 30k videos,
likely because the student surpasses the teachers. This may
also explain why CoTracker, initially much weaker than
two of its teachers (CoTracker3 online and offline), keeps
improving up to and possibly beyond 100k videos, which
is the maximum we could afford to explore. Our training
strategy is effective for all these models. We analyze the
effect of using a scaled CoTracker3 as a new teacher in the
supplement. For comparison, BootsTAPIR [8] uses 15 mil-
lion real videos and a complex protocol involving augmen-



Mean on TAP-Vid
RT onl. RT offl. TAPIR CoTr.

AJT bt OAT

622 745 882
63.5 757 895
645 764 899
63.6 762 89.7
642 765 90.1
640 766 899
642 766 90.1
64.0 76.6 90.0
64.0 76.8 90.2

AN N N N
SN XN X XN X% X%
AR I NN
AN NN N

Table 4. Models used as teachers. We use CoTracker3 online
as a student model and ablate different combinations of teacher
models. The first row corresponds to the model trained only on
synthetic data. The second row corresponds to self-training. Gen-
erally, the more diverse teachers we have, the better is the tracking
accuracy (Jayg).

tations, loss masks, and more.

Interestingly, we found that training CoTracker3 with its
own predictions as annotations without other teachers (i.e.,
self-training) further improves the results on all the TAP-
Vid benchmarks by +1.2 points on average (see Tab. 3).
Hence, self-training on real data helps the model reduce the
domain gap between real and synthetic data.

4.3. Ablations

Cross-track attention. Table 2 shows that cross-track at-
tention improves results, particularly for occluded points
(+5.1 occluded vs. +1.6 visible on Dynamic Replica). This
is because, by using cross-track attention, the model can
guess the positions of occluded points based on the posi-
tions of visible ones. This cannot be done if the points are
tracked independently.

Teacher models. We assess the impact of using multiple
teachers for generating pseudo-labels in Tab. 4. We start
by removing weaker models and always keep the student
model itself as a teacher. We demonstrate that removing a
teacher always leads to worse results compared to the last
row, where we train with all four teacher models. This
shows that every teacher is important and that the student
model can always extract complementary knowledge, even
from weaker teachers.

Point sampling. In Tab. 5, we have explored alternative
point sampling methods, including LightGlue [20], Super-
Point [5], and DISK [36]. The choice of sampling method
does not significantly affect performance. However, SIFT
sampling results are consistently high across all the TAP-
Vid datasets.

Sampling Kinetics DAVIS RoboTAP RGB-S

Uniform  67.9 76.9 78.4 84.0
SuperPoint 68.1 76.7 78.9 81.9
DISK 68.0 76.7 78.6 82.7
SIFT 68.2 77.0 78.8 83.3

Table 5. Point sampling strategies on da,, on TAP-Vid. SIFT is
overall best, but the method is robust w.r.t. this choice.

Average on TAP-Vid
Al Gyt OAT

X 63.2 76.6 863
v 64.0 768 90.2

Frozen head

Table 6. Average AJ, dave and OA on TAP-Vid, where freezing the
confidence and visibility heads improves performance, avoiding
forgetting.

Freezing the confidence and visibility head. In Tab. 6, we
show that splitting the transformer head into a separate head
for tracks and a head for confidence and visibility helps to
avoid forgetting when supervising only tracks while train-
ing on real data. We freeze the head for confidence and
visibility at this stage. This improves AJ by +0.8 and OA
by +3.9 on TAP-Vid on average.

5. Conclusion

We introduced CoTracker3, a new point tracker that outper-
forms the state of the art on TAP-Vid and other benchmarks.
CoTracker3’s architecture combines several effective ideas
from recent trackers while eliminating unnecessary compo-
nents and simplifying others.

Importantly, CoTracker3 demonstrates the power of a
simple pseudo-labeling training protocol, where real videos
are annotated using several off-the-shelf trackers and then
used to fine-tune a model that outperforms all its teach-
ers. With this protocol, CoTracker3 can surpass trackers
trained on 1,000 times more videos. By tracking points
jointly, CoTracker3 handles occlusions better than any other
model, particularly in offline mode. Our model can serve
as a building block for tasks requiring motion estimation,
such as 3D tracking, controlled video generation, dynamic
3D reconstruction, or motion data annotation in robotics.
Moreover, CoTracker3’s efficiency enables real-time appli-
cations, making it practical for deployment in interactive
systems and real-world scenarios.
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