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Fig. 1: CoTracker is a new quasi-dense point tracker. It can track 70k points jointly on
a single GPU, exploiting dependencies between different tracks to enhance performance.
It has exceptional long-term tracking performance even in the presence of occlusions
or when points leave the camera view (examples from DAVIS [43], top row displays
object tracks, bottom row shows displacements on a dense regular grid. In frame 30,
CoTracker successfully tracks the driver’s head even when it exists the camera view).

Abstract. We introduce CoTracker, a transformer-based model that
tracks a large number of 2D points in long video sequences. Differently
from most existing approaches that track points independently, CoTracker
tracks them jointly, accounting for their dependencies. We show that joint
tracking significantly improves tracking accuracy and robustness, and
allows CoTracker to track occluded points and points outside of the camera
view. We also introduce several innovations for this class of trackers,
including using token proxies that significantly improve memory efficiency
and allow CoTracker to track 70k points jointly and simultaneously
at inference on a single GPU. CoTracker is an online algorithm that
operates causally on short windows. However, it is trained utilizing
unrolled windows as a recurrent network, maintaining tracks for long
periods of time even when points are occluded or leave the field of
view. Quantitatively, CoTracker substantially outperforms prior trackers
on standard point-tracking benchmarks. Code and model weights are
available at https://co-tracker.github.io/
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1 Introduction

We are interested in estimating point correspondences in videos containing
dynamic objects and a moving camera. Establishing point correspondences is
an important problem in computer vision with many applications [1, 32,55,61].
There are two variants of this problem. In optical flow, the goal is to estimate
the velocities of all points within a video frame. This estimation is performed
jointly for all points, but the motion is only predicted at an infinitesimal distance.
In point tracking, the goal is to estimate the motion of points over an extended
period of time. For efficiency, trackers usually focus on a sparse set of points and
treat them as statistically independent. This is the case even for recent techniques
such as TAPIR [18] and PIPs++ [65], which employ modern architectures such
as transformers and can track points even in the presence of occlusions. However,
points often have strong statistical dependencies (e.g ., because they belong to
the same object), which offers an opportunity for improvement.

We hypothesise that accounting for the dependency between tracked points
can significantly improve tracking performance. To explore this idea, we introduce
CoTracker, a new tracker that supports joint estimation of a very large number
of tracks simultaneously, utilizing a transformer-based architecture and attention
between tracks. As we show in ablations, tracking points jointly significantly
improves the tracking accuracy, especially when points are occluded. In fact,
we find that we can improve tracking quality further by adding more points to
the tracker than required by the user. These additional support points expand
the context of the tracker, porting to point tracking the idea of using context,
common in visual object tracking [31,36,49].

In addition to joint tracking, CoTracker incorporates additional architectural
design innovations. The network is a transformer operating in a sliding window
fashion on a two-dimensional token representation, where dimensions are time
and the set of tracked points [2]. Via suitable self-attention operators, the
transformer considers each track as a whole for the duration of a window and
can exchange information between tracks, thus exploiting their dependencies.
However, attention can be expensive when there are many tracks. Hence, we
introduce the concept of proxy tokens to point tracking that act similarly to
registers [16, 29, 41] while also reducing the memory complexity. These tokens
are processed as if they were a small number of additional tracks and allow the
switch from expensive self-attention between tracks to efficient cross-attention
between tracks and proxies. In this way, CoTracker can jointly track a near-dense
set of tracks on a single GPU at inference.

CoTracker is designed as an online tracker that operates on relatively short
windows of frames. Within a window, the tracks are initialized with queried points,
and the network is tasked with progressively refining these initial estimations
through iterative applications of the transformer. The windows partially overlap
and communicate, similar to a recurrent network. Each subsequent overlapping
window starts with refined predictions of the previous window and updates tracks
for the new frames. We optimize the recurrent application of the network via
unrolled training, porting this concept from recurrent networks and visual object
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Fig. 2: Non-joint tracking (top row) vs. joint tracking (bottom). Background
points are colored cyan while foreground points are magenta. Non-joint point tracking
causes background points to follow object motion (cyan points in later frames), while
tracking points together results in better tracks for foreground and background points.

tracking [21, 25] to point tracking. In this way, CoTracker achieves excellent
long-term tracking performance as well; in particular, joint and recurrent tracking
allows points to be tracked through long occlusions.

We train CoTracker on the synthetic TAP-Vid-Kubric [17] and evaluate it on
TAP-Vid-{DAVIS, RGB-Stacking}, PointOdyssey [65] and DynamicReplica [34].
Our architecture works well for tracking single points and excels for groups of
points, obtaining state-of-the-art tracking performance in several benchmarks
compared to prior trackers. In summary, our contributions are the following: (i)
we introduce the concept of joint point tracking by sharing information between
tracked points through an attention mechanism; (ii) we propose to use support
points to provide additional context for point tracking; (iii) we reduce the model’s
memory complexity with proxy tokens; and (iv) we propose an unrolled model
training strategy, which further improves tracking and occlusion accuracy.

2 Related work

Optical flow. Optical flow approximates dense instantaneous motion. Originally
approached by studying the brightness constancy equation [6, 7, 26,37], starting
with FlowNet [19, 28] optical flow has been tackled using deep learning. More
recently, DCFlow [60] has introduced the computation of a 4D cost volume, used
in most follow-up works [52, 54, 57]. Notable is RAFT [54], which introduced
incremental flow updates and inspired several follow-up works [33, 33, 59, 62].
CoTracker also uses 4D cost volumes and iterated updates but is applied to
tracking.

Transformers [56] have also been applied to the optical flow problem [27,47,63].
Flowformer [27] drew inspiration from RAFT and proposed a transformer-based
approach that tokenizes the 4D cost volume. GMFlow [63] replaced the update
network with a softmax with self-attention for refinement. Perceiver IO [29]
proposed a unified transformer for several tasks, including optical flow.
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Optical flow can be applied to tracking by integrating predictions over time,
but this approach accumulates errors in the form of drift [23], which motivates
developing architectures like CoTracker that track points over longer horizons.

Multi-frame optical flow. Several authors [30, 38, 44, 46] have extended optical
flow to multiple frames. Early methods used Kalman filtering [12, 20] to en-
courage temporal consistency. Modern multi-frame methods produce dense flow.
RAFT [54] can be applied in a warm-start manner [50,53] for multi-frame optical
flow estimation. However, these methods are not designed for long-term tracking
and do not consider points occluded for a long time. VideoFlow [46] extends
optical flow to three and five consecutive frames by integrating forward and
backward motion features during flow refinement. MFT [42] conducts optical
flow estimation between distant frames and chooses the most reliable chain of
optical flows. Our tracker scales to produce semi-dense tracks.

Visual object tracking. Before the emergence of deep learning, some authors
proposed handcrafted joint trackers [5, 45], but few have considered doing so
using deep networks like CoTracker. Our work is weakly related to multiple
object tracking [10] where tracking through occlusions [64], with changes in
appearance [39], and with temporal priors [48] have been extensively studied.

Some recent point trackers have been inspired by visual object tracking that
predict the target states by extracting and combining features extracted from
source and target image regions [3, 4, 14, 15, 35]. Transformers have also been
applied in visual object tracking [11,13]. However, our focus is the tracking of
points, including background points, not objects.

Tracking any point. Particle Video [45] introduced the problem of Tracking Any
Point in a video (TAP), and PIPs [23] proposed a better model which can track
through occlusions more reliably by predicting tracks in a sliding window and
restarting them from the last frame where the point was visible. However, PIP
cannot track a point beyond the duration of a window. TAP-Vid [17] introduced
a new benchmark and a simple baseline for TAP. While the original Particle
Video does track points jointly, PIPs and TAP-Vid track points independently (in
parallel). Inspired by TAP-Vid [17] and PIPs [23], TAPIR [18] further improved
tracking with a two-stage, feed-forward point tracker that uses TAP-Vid-like
matching and PIPs-like refinement.

PointOdyssey [65] addressed long-term tracking with PIPs++, a simplified
version of PIPs, and introduced another benchmark for long-term tracking.
However, PIPs++ still tracks points independently. OmniMotion [58] optimizes a
volumetric representation for each video, refining correspondences in a canonical
space. However, this approach requires test-time optimization, which, due to its
cost, is not suitable for many practical applications, especially online ones.

Trackers and optical flow models are often trained using synthetic datasets [8,
19,34,40,51,65], as annotating real data can be challenging. Synthetic datasets
provide accurate annotations, and training on them has demonstrated the ability
to generalize to real-world data [40,51].
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(T 0, N, d)
<latexit sha1_base64="nbalF/ID6NaAdAZY/1W2cG1hDkU=">AAACDnicbVDLSsNAFJ3UV42vqks3wbZQoZSkC3VZcONKKvQhNKFMJjft0MkkzEyEEvoFbvwVNy4UcevanX/j9CFo64GBwzn3cOceP2FUKtv+MnJr6xubW/ltc2d3b/+gcHjUkXEqCLRJzGJx52MJjHJoK6oY3CUCcOQz6Pqjq6nfvQchacxbapyAF+EBpyElWGmpXyi7PgwozwhwBWJiliqt6k21flYyXeDBj9wvFO2aPYO1SpwFKaIFmv3CpxvEJI10nDAsZc+xE+VlWChKGExMN5WQYDLCA+hpynEE0stm50ysslYCK4yFflxZM/V3IsORlOPI15MRVkO57E3F/7xeqsJLL6M8SRVwMl8UpsxSsTXtxgqoAKLYWBNMBNV/tcgQC0x0B9LUJTjLJ6+STr3mnNfqt/Vio7KoI49O0CmqIAddoAa6Rk3URgQ9oCf0gl6NR+PZeDPe56M5Y5E5Rn9gfHwDEmSaxw==</latexit>

(T, N, 2)

<latexit sha1_base64="/IaEc7G84YAxdUtN4xMQODI6qQI=">AAACCHicbVDLSsNAFJ3UV42vqEsXBovgqiRdqMtCN65KBfuAJpTJ5KYdOpmEmYlQQpdu/BU3LhRx6ye482+cthG09cDA4Zx7uHNPkDIqleN8GaW19Y3NrfK2ubO7t39gHR51ZJIJAm2SsET0AiyBUQ5tRRWDXioAxwGDbjBuzPzuPQhJE36nJin4MR5yGlGClZYG1qkXwJDynABXIKZmo9k0PeDhjzCwKk7VmcNeJW5BKqhAa2B9emFCsljHCcNS9l0nVX6OhaKEwdT0MgkpJmM8hL6mHMcg/Xx+yNQ+10poR4nQjyt7rv5O5DiWchIHejLGaiSXvZn4n9fPVHTt55SnmQJOFouijNkqsWet2CEVQBSbaIKJoPqvNhlhgYnuQJq6BHf55FXSqVXdy2rttlapO0UdZXSCztAFctEVqqMb1EJtRNADekIv6NV4NJ6NN+N9MVoyiswx+gPj4xui6Jmt</latexit>

CNN

<latexit sha1_base64="ei1qXxquCDwOGZN+3AwDxEzTMAc=">AAAB8HicbVDLSgNBEOz1GeMr6tHLYBA8hd0cNMeAF48RzEOSJczOziZD5rHMzAphyVd48aCIVz/Hm3/jJNmDJhY0FFXddHdFKWfG+v63t7G5tb2zW9or7x8cHh1XTk47RmWa0DZRXOlehA3lTNK2ZZbTXqopFhGn3WhyO/e7T1QbpuSDnaY0FHgkWcIItk56jLTCMcHGDitVv+YvgNZJUJAqFGgNK1+DWJFMUGkJx8b0Az+1YY61ZYTTWXmQGZpiMsEj2ndUYkFNmC8OnqFLp8QoUdqVtGih/p7IsTBmKiLXKbAdm1VvLv7n9TObNMKcyTSzVJLloiTjyCo0/x7FTFNi+dQRTDRztyIyxhoT6zIquxCC1ZfXSadeC65r9ft6tdko4ijBOVzAFQRwA024gxa0gYCAZ3iFN097L96797Fs3fCKmTP4A+/zBwCpkII=</latexit>

broadcast
<latexit sha1_base64="ei1qXxquCDwOGZN+3AwDxEzTMAc=">AAAB8HicbVDLSgNBEOz1GeMr6tHLYBA8hd0cNMeAF48RzEOSJczOziZD5rHMzAphyVd48aCIVz/Hm3/jJNmDJhY0FFXddHdFKWfG+v63t7G5tb2zW9or7x8cHh1XTk47RmWa0DZRXOlehA3lTNK2ZZbTXqopFhGn3WhyO/e7T1QbpuSDnaY0FHgkWcIItk56jLTCMcHGDitVv+YvgNZJUJAqFGgNK1+DWJFMUGkJx8b0Az+1YY61ZYTTWXmQGZpiMsEj2ndUYkFNmC8OnqFLp8QoUdqVtGih/p7IsTBmKiLXKbAdm1VvLv7n9TObNMKcyTSzVJLloiTjyCo0/x7FTFNi+dQRTDRztyIyxhoT6zIquxCC1ZfXSadeC65r9ft6tdko4ijBOVzAFQRwA024gxa0gYCAZ3iFN097L96797Fs3fCKmTP4A+/zBwCpkII=</latexit>

broadcast

Fig. 3: CoTracker architecture. We compute convolutional features ϕ(It) for every
frame and process them with sliding windows. To initialize track features Q, we bilinearly
sample from ϕ(It) with starting point locations P . Locations P also serve to initialize
estimated tracks P̂ . See Fig. 4 for a visualization of one sliding window.

3 CoTracker

Our goal is to track 2D points throughout the duration of a video V = (It)
T
t=1,

which is a sequence of T RGB frames It ∈ R3×H×W . The goal of the tracker is
to predict N point tracks P i

t = (xi
t, y

i
t) ∈ R2, t = ti, . . . , T , i = 1, . . . , N , where

ti ∈ {1, . . . , T} is the time when the track starts. The tracker also predicts the
visibility flag vit ∈ {0, 1}, which tells if a point is visible or occluded in a given
frame. To make the task definition unambiguous [17], we assume that each point
is visible at the start of the track (i.e., viti = 1). The tracker is thus given as
input the video V and the starting locations and times (P i

ti , t
i)Ni=1 of N tracks,

and outputs an estimate (P̂ i
t = (x̂i

t, ŷ
i
t), v̂

i
t) of the track locations and visibility

for all valid times, i.e., t ≥ ti.

3.1 Transformer formulation

We implement the tracker as a transformer neural network (Figs. 3 and 4)
Ψ : G → O. The goal of this transformer is to improve an initial estimate of the
tracks. Tracks are encoded as a grid G of input tokens Gi

t, one for each track
i = 1, . . . , N , and time t = 1, . . . , T . The updated tracks are expressed by a
corresponding grid O of output tokens Oi

t.

Image features. We extract dense d-dimensional appearance features ϕ(It) ∈
Rd×H

k ×W
k from each video frame It using a convolutional neural network (trained

end-to-end). We reduce the resolution by k = 4 for efficiency. We also consider
several scaled versions ϕs(It) ∈ Rd× H

k2s−1 × W

k2s−1 , of the features with strides
s = 1, . . . , S and use S = 4 scales. These downscaled features are obtained by
applying average pooling to the base features.
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Track features. The appearance of the tracks is captured by feature vectors Qi
t ∈

Rd (these are time-dependent to accommodate changes in the track appearance).
They are initialized by broadcasting image features sampled at the starting
locations and are updated by the neural network, as explained below.

Spatial correlation features. In order to facilitate matching tracks to images, we
adopt correlation features Ci

t ∈ RS similar to RAFT [54]. Each Ci
t is obtained by

comparing the track features Qi
t to the image features ϕs(It) around the current

estimate P̂ i
t of the track’s location. Specifically, the vector Ci

t is obtained by
stacking the inner products [Ci

t ]sδ = ⟨Qi
t, ϕs(It)[P̂

i
t /ks+ δ]⟩, where s = 1, . . . , S

are the feature scales and δ ∈ Z2, ∥δ∥∞ ≤ ∆ are offsets. The image features ϕs(It)
are sampled at non-integer locations by using bilinear interpolation and border
padding. The dimension of Ci

t is
(
2∆+ 1)2S = 196 for our choice S = 4;∆ = 3.

Tokens. The input tokens G(P̂ , v̂, Q) code for position, visibility, appearance,
and correlation of the tracks. They are given by the following concatenation of
features with added positional encodings:

Gi
t = (P̂ i

t − P̂ i
1, v̂it, Qi

t, Ci
t , η(P̂ i

t − P̂ i
1)) + η′(P̂ i

1) + η′(t). (1)

All the components except the last one have been introduced above. The last
component is derived from the estimated position: it is the sinusoidal positional
encoding η of the track location with respect to the initial location at time
t = 1. We also add encodings η′ of the start location P i

1 and for the time t, with
appropriate dimensions. In fact, we found it beneficial to separately encode the
position of points at the first frame and their relative displacement to this frame.

The output tokens O(∆P̂ ,∆Q) contain updates for location and appearance,
i.e. Oi

t = (∆P̂ i
t , ∆Qi

t).

Iterated transformer application. We apply the transformer M times in order
to progressively improve the track estimates. Let m = 0, 1, . . . ,M index the
estimate, with m = 0 denoting initialization. Each update computes

O(∆P̂ ,∆Q) = Ψ(G(P̂ (m), v̂(0), Q(m)))

and sets P̂ (m+1) = P̂ (m) +∆P̂ and Q(m+1) = Q(m) +∆Q. The visibility mask v̂
is not updated iteratively, but only once after the last transformer application
as v̂(M) = σ(WQ(M)), where σ is the sigmoid activation function and W is a
learned matrix of weights. We found that updating the visibility flag iteratively
did not improve performance, likely due to the fact that predicting visibility
requires predicting an accurate location first.

For m = 0, the position, visibility and appearance estimates P̂ (0), v(0) and Q(0)

are initialized by broadcasting their query point’s initial location P i
ti , visibility

viti = 1 (meaning visible) and appearance ϕ(Iti)[P
i
ti/k] to all times t = 1, . . . , T .

3.2 Transformer architecture and proxy tokens

The transformer Ψ interleaves attention layers operating across the time and
track dimensions, respectively. Factorising the attention [2] across time and tracks
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<latexit sha1_base64="3PQz0+Lyk1FpK9/tbwcsZZseM4U=">AAACFHicbVDLSgMxFM34rOOr6tJNsBUqQpnpQl0W3LhswT6gHUsmvW1DM5khyQhlmI9w46+4caGIWxfu/BvTaQVtPRA4nHMvN+f4EWdKO86XtbK6tr6xmduyt3d29/bzB4dNFcaSQoOGPJRtnyjgTEBDM82hHUkggc+h5Y+vp37rHqRiobjVkwi8gAwFGzBKtJF6+fOuD0MmEgpCg0xtJqJY42L9LikFZ2nR7oLo/5i9fMEpOxnwMnHnpIDmqPXyn91+SOPArFNOlOq4TqS9hEjNKIfU7sYKIkLHZAgdQwUJQHlJFirFp0bp40EozRMaZ+rvjYQESk0C30wGRI/UojcV//M6sR5ceUkWFASdHRrEHOsQTxvCfSaBaj4xhFDJzF8xHRFJqOlA2aYEdzHyMmlWyu5FuVKvFKrOvI4cOkYnqIRcdImq6AbVUANR9ICe0At6tR6tZ+vNep+NrljznSP0B9bHN0GsnkM=</latexit>

input Q(m) <latexit sha1_base64="QGrCiQtBxOWer1mAiVaacvtCH2E=">AAACEHicbVC7SgNBFJ2Nr7i+opY2g4kYm7CbQi0DNtpFMA/ILsvs5CYZMju7zMwKYckn2PgrNhaK2Fra+TdOHoImHhg4nHMPd+4JE86UdpwvK7eyura+kd+0t7Z3dvcK+wdNFaeSQoPGPJbtkCjgTEBDM82hnUggUcihFQ6vJn7rHqRisbjTowT8iPQF6zFKtJGCwqkXQp+JjILQIMd2yUsGrHwT6LOS7YHo/hhBoehUnCnwMnHnpIjmqAeFT68b0zQyccqJUh3XSbSfEakZ5TC2vVRBQuiQ9KFjqCARKD+bHjTGJ0bp4l4szRMaT9XfiYxESo2i0ExGRA/UojcR//M6qe5d+hkTSapB0NmiXsqxjvGkHdxlEqjmI0MIlcz8FdMBkYSaDpRtSnAXT14mzWrFPa9Ub6vFmjOvI4+O0DEqIxddoBq6RnXUQBQ9oCf0gl6tR+vZerPeZ6M5a545RH9gfXwD416ccA==</latexit>

�(It)

<latexit sha1_base64="CM7cuN5zYNgiZlMS047MFTNHBmk=">AAACG3icbVDLSgMxFM3UVx1fVZdugq0gCGVmFuqy4MZlBfuAdiiZzJ02NJMZkkyhDP0PN/6KGxeKuBJc+DemD0FbLyQczoPkniDlTGnH+bIKa+sbm1vFbXtnd2//oHR41FRJJik0aMIT2Q6IAs4ENDTTHNqpBBIHHFrB8Gaqt0YgFUvEvR6n4MekL1jEKNGG6pW8bgB9JnIKQoOc2MzcRhoBztKQaMCV+MKt2F0Q4Y+nVyo7VWc2eBW4C1BGi6n3Sh/dMKFZbOKUE6U6rpNqPydSM8phYnczBSmhQ9KHjoGCxKD8fLbbBJ8ZJsRRIs0RGs/Y34mcxEqN48A4Y6IHalmbkv9pnUxH137ORJppEHT+UJRxrBM8LQqHTALVfGwAoZKZv2I6IJJQ04GyTQnu8sqroOlV3cuqd+eVa86ijiI6QafoHLnoCtXQLaqjBqLoAT2hF/RqPVrP1pv1PrcWrEXmGP0Z6/MbyE+hLQ==</latexit>

iterative update m + 1

<latexit sha1_base64="N7kAU5Xspt8KvHRtXQAveDF+hEw=">AAACFHicbVDLSsNAFJ34rPEVdekm2AoVoSRdqMuCG5cV7AOaWCbT23boZBJmJoUS8hFu/BU3LhRx68Kdf+O0jaCtBwYO59zDnXuCmFGpHOfLWFldW9/YLGyZ2zu7e/vWwWFTRokg0CARi0Q7wBIY5dBQVDFoxwJwGDBoBaPrqd8ag5A04ndqEoMf4gGnfUqw0lLXOvcCGFCeEuAKRGaWvCFW6Ti7T8vOWVYyPeC9H7NrFZ2KM4O9TNycFFGOetf69HoRSUIdJwxL2XGdWPkpFooSBpnpJRJiTEZ4AB1NOQ5B+unsqMw+1UrP7kdCP67smfo7keJQykkY6MkQq6Fc9Kbif14nUf0rP6U8ThRwMl/UT5itInvakN2jAohiE00wEVT/1SZDLDDRHUhTl+AunrxMmtWKe1Gp3laLNSevo4CO0QkqIxddohq6QXXUQAQ9oCf0gl6NR+PZeDPe56MrRp45Qn9gfHwDgjmebA==</latexit>

v̂(0)

<latexit sha1_base64="jCoU0+DFcCp2jQQHUvX/gNPYwVk=">AAACDnicbVC7SgNBFJ31GdfXqqXNYhKITdhNoZaBNJYRzAOSNcxObpIhM7PLzKwQlv0CG3/FxkIRW2s7/8bJQ9DEAwOHc+7hzj1hzKjSnvdlra1vbG5t53bs3b39g0Pn6LipokQSaJCIRbIdYgWMCmhoqhm0YwmYhwxa4bg29Vv3IBWNxK2exBBwPBR0QAnWRuo5xW4IQypSAkKDzOxC7S4t8fOsYHdB9H/knpP3yt4M7irxFySPFqj3nM9uPyIJN3HCsFId34t1kGKpKWGQ2d1EQYzJGA+hY6jAHFSQzs7J3KJR+u4gkuYJ7c7U34kUc6UmPDSTHOuRWvam4n9eJ9GDqyClIk40CDJfNEiYqyN32o3bpxKIZhNDMJHU/NUlIywxMR0o25TgL5+8SpqVsn9RrtxU8lVvUUcOnaIzVEI+ukRVdI3qqIEIekBP6AW9Wo/Ws/Vmvc9H16xF5gT9gfXxDW1Gm6k=</latexit>

C(m)

<latexit sha1_base64="yxFbY9TONPFF3rxIpiM1IKvOWhw=">AAACDnicbVC7SgNBFJ31GdfXqqXNYhKITdhNoZYBG8sEzAOSGGYnN8mQmdllZlYIy36Bjb9iY6GIrbWdf+MkWUETDwwczrmHO/cEEaNKe96Xtba+sbm1nduxd/f2Dw6do+OmCmNJoEFCFsp2gBUwKqChqWbQjiRgHjBoBZPrmd+6B6loKG71NIIexyNBh5RgbaS+U+wGMKIiISA0yNQu1O+SEj9PC3YXxOBH7jt5r+zN4a4SPyN5lKHWdz67g5DE3MQJw0p1fC/SvQRLTQmD1O7GCiJMJngEHUMF5qB6yfyc1C0aZeAOQ2me0O5c/Z1IMFdqygMzybEeq2VvJv7ndWI9vOolVESxBkEWi4Yxc3XozrpxB1QC0WxqCCaSmr+6ZIwlJqYDZZsS/OWTV0mzUvYvypV6JV/1sjpy6BSdoRLy0SWqohtUQw1E0AN6Qi/o1Xq0nq03630xumZlmRP0B9bHN4OWm7c=</latexit>

Q(m)

<latexit sha1_base64="QiHE+eFjSik8RaHt+ogywaoAfxs=">AAACC3icbVDLSsNAFJ34rPEVdekmtAiuStKFuiy4cVnBPqAJZTK5aYdOZsLMRCihezf+ihsXirj1B9z5N07bCNp6YOBwzj3cuSfKGFXa876stfWNza3tyo69u7d/cOgcHXeUyCWBNhFMyF6EFTDKoa2pZtDLJOA0YtCNxtczv3sPUlHB7/QkgzDFQ04TSrA20sCpBhEMKS8IcA1yaotcZ7m2A+DxjzZwal7dm8NdJX5JaqhEa+B8BrEgeWrihGGl+r6X6bDAUlPCYGoHuYIMkzEeQt9QjlNQYTG/ZeqeGSV2EyHN49qdq78TBU6VmqSRmUyxHqllbyb+5/VznVyFBeXmPOBksSjJmauFOyvGjakEotnEEEwkNX91yQhLTEwHyjYl+Msnr5JOo+5f1Bu3jVrTK+uooFNURefIR5eoiW5QC7URQQ/oCb2gV+vRerberPfF6JpVZk7QH1gf3wRhm50=</latexit>

output

<latexit sha1_base64="Pf+xfuYzjQbjPp2/5KOg9KSEHTA=">AAACFHicbVDLSsNAFJ3UV42vqEs3wVaoCCXpQl0W3LisYB/QxDKZ3rZDJ5MwMxFKyEe48VfcuFDErQt3/o3TNoK2Hhg4nHMPd+4JYkalcpwvo7Cyura+Udw0t7Z3dves/YOWjBJBoEkiFolOgCUwyqGpqGLQiQXgMGDQDsZXU799D0LSiN+qSQx+iIecDijBSks968wLYEh5SoArEJlZ9kZYpY3sLq2Ep1nZ9ID3f8yeVXKqzgz2MnFzUkI5Gj3r0+tHJAl1nDAsZdd1YuWnWChKGGSml0iIMRnjIXQ15TgE6aezozL7RCt9exAJ/biyZ+rvRIpDKSdhoCdDrEZy0ZuK/3ndRA0u/ZTyOFHAyXzRIGG2iuxpQ3afCiCKTTTBRFD9V5uMsMBEdyBNXYK7ePIyadWq7nm1dlMr1Z28jiI6Qseoglx0geroGjVQExH0gJ7QC3o1Ho1n4814n48WjDxziP7A+PgGpceegw==</latexit>

P̂ (m)

<latexit sha1_base64="yxFbY9TONPFF3rxIpiM1IKvOWhw=">AAACDnicbVC7SgNBFJ31GdfXqqXNYhKITdhNoZYBG8sEzAOSGGYnN8mQmdllZlYIy36Bjb9iY6GIrbWdf+MkWUETDwwczrmHO/cEEaNKe96Xtba+sbm1nduxd/f2Dw6do+OmCmNJoEFCFsp2gBUwKqChqWbQjiRgHjBoBZPrmd+6B6loKG71NIIexyNBh5RgbaS+U+wGMKIiISA0yNQu1O+SEj9PC3YXxOBH7jt5r+zN4a4SPyN5lKHWdz67g5DE3MQJw0p1fC/SvQRLTQmD1O7GCiJMJngEHUMF5qB6yfyc1C0aZeAOQ2me0O5c/Z1IMFdqygMzybEeq2VvJv7ndWI9vOolVESxBkEWi4Yxc3XozrpxB1QC0WxqCCaSmr+6ZIwlJqYDZZsS/OWTV0mzUvYvypV6JV/1sjpy6BSdoRLy0SWqohtUQw1E0AN6Qi/o1Xq0nq03630xumZlmRP0B9bHN4OWm7c=</latexit>

Q(m)

<latexit sha1_base64="q8HH8SZpzSqHAAJRFr2ClVUAJec=">AAACD3icbVDLSsNAFJ3UV42vqks3wVatUErShbosuHElFfqCJpTJ5LYdOpmEmYlQQv/Ajb/ixoUibt2682+cPgRtPTBwOOce7tzjx4xKZdtfRmZldW19I7tpbm3v7O7l9g+aMkoEgQaJWCTaPpbAKIeGoopBOxaAQ59Byx9eT/zWPQhJI15Xoxi8EPc57VGClZa6uVPXhz7lKQGuQIzNQrF+VrotBecF0wUe/OjdXN4u21NYy8SZkzyao9bNfbpBRJJQxwnDUnYcO1ZeioWihMHYdBMJMSZD3IeOphyHIL10es/YOtFKYPUioR9X1lT9nUhxKOUo9PVkiNVALnoT8T+vk6jelZdSHicKOJkt6iXMUpE1KccKqACi2EgTTATVf7XIAAtMdAfS1CU4iycvk2al7FyUK3eVfLU4ryOLjtAxKiIHXaIqukE11EAEPaAn9IJejUfj2Xgz3mejGWOeOUR/YHx8A8rqmyo=</latexit>

(T 0, N, d)
<latexit sha1_base64="nbalF/ID6NaAdAZY/1W2cG1hDkU=">AAACDnicbVDLSsNAFJ3UV42vqks3wbZQoZSkC3VZcONKKvQhNKFMJjft0MkkzEyEEvoFbvwVNy4UcevanX/j9CFo64GBwzn3cOceP2FUKtv+MnJr6xubW/ltc2d3b/+gcHjUkXEqCLRJzGJx52MJjHJoK6oY3CUCcOQz6Pqjq6nfvQchacxbapyAF+EBpyElWGmpXyi7PgwozwhwBWJiliqt6k21flYyXeDBj9wvFO2aPYO1SpwFKaIFmv3CpxvEJI10nDAsZc+xE+VlWChKGExMN5WQYDLCA+hpynEE0stm50ysslYCK4yFflxZM/V3IsORlOPI15MRVkO57E3F/7xeqsJLL6M8SRVwMl8UpsxSsTXtxgqoAKLYWBNMBNV/tcgQC0x0B9LUJTjLJ6+STr3mnNfqt/Vio7KoI49O0CmqIAddoAa6Rk3URgQ9oCf0gl6NR+PZeDPe56M5Y5E5Rn9gfHwDEmSaxw==</latexit>

(T, N, 2)

<latexit sha1_base64="nbalF/ID6NaAdAZY/1W2cG1hDkU=">AAACDnicbVDLSsNAFJ3UV42vqks3wbZQoZSkC3VZcONKKvQhNKFMJjft0MkkzEyEEvoFbvwVNy4UcevanX/j9CFo64GBwzn3cOceP2FUKtv+MnJr6xubW/ltc2d3b/+gcHjUkXEqCLRJzGJx52MJjHJoK6oY3CUCcOQz6Pqjq6nfvQchacxbapyAF+EBpyElWGmpXyi7PgwozwhwBWJiliqt6k21flYyXeDBj9wvFO2aPYO1SpwFKaIFmv3CpxvEJI10nDAsZc+xE+VlWChKGExMN5WQYDLCA+hpynEE0stm50ysslYCK4yFflxZM/V3IsORlOPI15MRVkO57E3F/7xeqsJLL6M8SRVwMl8UpsxSsTXtxgqoAKLYWBNMBNV/tcgQC0x0B9LUJTjLJ6+STr3mnNfqt/Vio7KoI49O0CmqIAddoAa6Rk3URgQ9oCf0gl6NR+PZeDPe56M5Y5E5Rn9gfHwDEmSaxw==</latexit>

(T, N, 2)

<latexit sha1_base64="vNAtx9xEOYQBEg7yshXOzp1z2cc=">AAACEHicbVDLSsNAFJ34rPEVdekmWERXJelCXRbcuKxgH9CEMpnctENnJmFmIpTQT3Djr7hxoYhbl+78G6dtBG09MHA45x7m3hNljCrteV/Wyura+sZmZcve3tnd23cODtsqzSWBFklZKrsRVsCogJammkE3k4B5xKATja6nfucepKKpuNPjDEKOB4ImlGBtpL5zFkQwoKIgIDTIia0lFipJJQdpByDiH6PvVL2aN4O7TPySVFGJZt/5DOKU5NzECcNK9Xwv02GBpaaEwcQOcgUZJiM8gJ6hAnNQYTE7aOKeGiV2zRrmCe3O1N+JAnOlxjwykxzroVr0puJ/Xi/XyVVYUJHlGgSZf5TkzNWpO23HjakEotnYEEwkNbu6ZIglJqYDZZsS/MWTl0m7XvMvavXberXhlXVU0DE6QefIR5eogW5QE7UQQQ/oCb2gV+vRerberPf56IpVZo7QH1gf3xKFndE=</latexit>

transformer
<latexit sha1_base64="LBKoZHQhzHjmNTvePbsgCX0hJfg=">AAACA3icbVC7SgNBFL3rM8ZX1E6bwSDYGHdTaMqAjWUE84BkCbOTSTJkZneZuSuEJWDjr9hYKGLrT9j5N06SLTTxwMDhnHu5c04QS2HQdb+dldW19Y3N3FZ+e2d3b79wcNgwUaIZr7NIRroVUMOlCHkdBUreijWnKpC8GYxupn7zgWsjovAexzH3FR2Eoi8YRSt1C8dMR8ZcoKZsdIlCcUIReTg3i27JnYEsEy8jRchQ6xa+Or2IJcquM0mNaXtujH5KNQom+STfSQyP7R064G1LQ6q48dNZhgk5s0qP9CNtX4hkpv7eSKkyZqwCO6koDs2iNxX/89oJ9it+KsI4sbnY/FA/kQQjMi2E9ITmDOXYEsq0sH8lbEhtH2hry9sSvMXIy6RRLnlXpfJduVitZHXk4ARO4Rw8uIYq3EIN6sDgEZ7hFd6cJ+fFeXc+5qMrTrZzBH/gfP4ATd+X6g==</latexit>

cross-track/time attention

<latexit sha1_base64="WH2MyXsAXunXMrATGkscCwoOs8w="></latexit>

correlation features C(m) at S scales, (T, N, S, 2� + 1, 2� + 1)
<latexit sha1_base64="uMv1k5lCmFrNZv2NcYbvv9kNJMk=">AAACJnicbVDLSgMxFM34rONr1KWbYCu4KGWmC3UjFNy4ESrYB3RKyWRu29BMZkgyhTL0a9z4K25cVETc+SmmD0FbLyQczoPkniDhTGnX/bTW1jc2t7ZzO/bu3v7BoXN0XFdxKinUaMxj2QyIAs4E1DTTHJqJBBIFHBrB4HaqN4YgFYvFox4l0I5IT7Auo0QbquPc+AH0mMgoCA1ybDNzG2kIOE1CokH5vo0LXtHnYaxV8b5g+yDCH3vHybsldzZ4FXgLkEeLqXaciR/GNI1MnHKiVMtzE93OiNSMchjbfqogIXRAetAyUJAIVDubrTnG54YJcTeW5giNZ+zvREYipUZRYJwR0X21rE3J/7RWqrvX7YyJJNUg6PyhbsqxjvG0MxwyCVTzkQGESmb+immfSEJNB8o2JXjLK6+CernkXZbKD+V8xV3UkUOn6AxdIA9doQq6Q1VUQxQ9oRc0QW/Ws/VqvVsfc+uatcicoD9jfX0D9fOlXw==</latexit>

iterative updates
1, . . . , M

<latexit sha1_base64="k6Gab9Gk4jP+PJUYBpZKppVCaDE=">AAACGXicbVDLSsNAFJ34rPEVdelmsAiuStKFuiy4cVnBPqAJZTK5aYdOJmFmItTQ33Djr7hxoYhLXfk3TtsI2nrgwuGcc7ncE2acKe26X9bK6tr6xmZly97e2d3bdw4O2yrNJYUWTXkquyFRwJmAlmaaQzeTQJKQQyccXU39zh1IxVJxq8cZBAkZCBYzSrSR+o7rhzBgoqAgNMiJzQTTjHB2D5Hv21oSOlK2DyL6SfSdqltzZ8DLxCtJFZVo9p0PP0ppnph1yolSPc/NdFAQqRnlMLH9XEFmzpAB9AwVJAEVFLPPJvjUKBGOU2lGaDxTf28UJFFqnIQmmRA9VIveVPzP6+U6vgwKJrJcg6DzQ3HOsU7xtCYcMQlU87EhhErTCcV0SEwdpgNlmxK8xZeXSbte885r9Zt6teGWdVTQMTpBZ8hDF6iBrlETtRBFD+gJvaBX69F6tt6s93l0xSp3jtAfWJ/fxiuhWA==</latexit>

initialized
tracks

<latexit sha1_base64="HTP3MygSwS5gvDSFcaOR/vSCCzA=">AAACF3icbVBNS8NAEN3Urxq/oh69LBbBU0l6UI8FLx4r2A9oQtlsJu3SzSbsboQS+i+8+Fe8eFDEq978N27bCNr6YODx3gwz88KMM6Vd98uqrK1vbG5Vt+2d3b39A+fwqKPSXFJo05SnshcSBZwJaGumOfQyCSQJOXTD8fXM796DVCwVd3qSQZCQoWAxo0QbaeDU/RCGTBQUhAY5tUFplhANke/bWhI6VrYPIvrxB07Nrbtz4FXilaSGSrQGzqcfpTRPzDjlRKm+52Y6KIjUjHKY2n6uIDNryBD6hgqSgAqK+V9TfGaUCMepNCU0nqu/JwqSKDVJQtNpbh6pZW8m/uf1cx1fBQUTWa5B0MWiOOdYp3gWEo6YBKr5xBBCJTO3YjoiJg6TgbJNCN7yy6uk06h7F/XGbaPWdMs4qugEnaJz5KFL1EQ3qIXaiKIH9IRe0Kv1aD1bb9b7orVilTPH6A+sj28RB6Bu</latexit>

estimated
tracks

Fig. 4: CoTracker architecture. Visualization of one sliding window with M updates.
During one iteration, we update point tracks P̂ (m) and track features Q(m). Q(0) is
initialized with the initially sampled features Q for all sliding windows, P̂ (0) with the
starting locations for the first window. For other windows, P̂ (0) starts with predictions
for frames processed in the preceding sliding window, and with the last predicted
positions for the unseen frames. We compute visibility v̂ after the last update M .

makes the model computationally tractable: the complexity is reduced from
O(N2T 2) to O(N2 + T 2). However, for very large values of N , this cost is still
prohibitive. We thus propose a new design, in which we introduce K proxy tracks,
where K ≪ N is a hyper-parameter. Proxy tracks are learned fixed tokens that
we concatenate to the list of ‘regular’ tracks at the input to the transformer and
discard at the output.

For time attention, ‘regular’ and proxy tracks are processed identically. For
track attention, however, regular tracks cross-attend the proxies, but not each
other, reducing the cost to O(NK +K2 + T 2). We discard the proxy tracks at
the output of the transformer.

Proxies are often used to accelerate, e.g ., large graph neural networks; here,
proxies are learnable query tokens. In computer vision, DETR [9] makes use
of learnable queries in a transformer and methods like [29] use them to decode
dense outputs. Our proxy tokens are different: They mirror and shadow the
computation of the regular tracks, similarly to registers [16].

3.3 Windowed inference and unrolled training

An advantage of formulating tracking as the progressive refinement of a window
of tracks is the ability to process arbitrarily long videos: It suffices to initialize
the next window using partially overlapping tracks from the previous one.

Consider, in particular, a video V of length T ′ > T longer than the maximum
window length T supported by the architecture. To track points throughout the
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entire video V , we split the video in J = ⌈2T ′/T − 1⌉ windows of length T , with
an overlap of T/2 frames.3

Let the superscript (m, j) denote the m-th application of the transformer to
the j-th window. We thus have a M×J grid of quantities (P̂ (m,j), v̂(m,j), Q(m,j)),
spanning transformer iterations and windows. For m = 0 and j = 1, these are
initialized as for the single window case. Then, the transformer is applied M
times to obtain the estimate (M, 1). The latter is used to initialize estimate (0, 2)
via broadcasting. Specifically, the first T/2 components of P̂ (0,2) are copies of the
last T/2 components of P̂ (M,1); the last T/2 components of P̂ (0,2) are instead
copies of the last time t = T/2− 1 from P̂ (M,1). The same update rule is used for
v̂(0,2), while Q(0,j) is always initialized with the features Q of the track’s staring
location. This process is repeated until estimate (M,J) is obtained.

The windowed transformer essentially operates as a recurrent network, so we
train it in an unrolled fashion. Specifically, we optimize the track prediction error
summed over iterated transformer applications and windows

L1(P̂ , P ) =

J∑
j=1

M∑
m=1

γM−m∥P̂ (m,j) − P (j)∥, (2)

where γ = 0.8 discounts early transformer updates. Here, P (j) contains the
ground-truth trajectories restricted to window j (trajectories which start in the
middle of the window are padded backwards). The second loss is the cross entropy
of the visibility flags L2(v̂, v) =

∑J
j=1 CE(v̂

(M,j), v(j)). While only a moderate
number of windows are used in the loss during training due to the computational
cost, at test time, we can unroll the windowed transformer applications arbitrarily,
thus, in principle, handling any video length. In combination with joint tracking,
unrolling allows the model to track points through occlusions of duration longer
than one sliding window and to track points even outside of the camera view.

3.4 Support points

CoTracker can take advantage of tracking several points jointly. It is typical for
applications to have several points to track, but in some cases, one might be
interested in tracking a few or even a single point at inference time.

In these cases, we found it beneficial to track additional support points which
are not explicitly requested by the user. Moreover, we have found that different
configurations of such support points can lead to small differences in performance.
We experiment with various configuration types, visualized in Fig. 5. With the
“global” strategy, the support points form a regular grid across the whole image.
With the “local” strategy, the grid of points is centred around the point we wish
to track, thus allowing the model to focus on a neighbourhood of it. Note that
these patterns are only considered at inference time and are used to improve the
tracker’s accuracy for the target points by incorporating context.

3 We assume that T is even. The last window is shorter if T/2 does not divide T ′.
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(b) global context (a) single target point (c) local context (d) local & global

Fig. 5: Tracked and support points. We visualize different configurations of points
along with their tracks. Points represent the start of each track, which clearly illustrates
grids of points in (b) and (c). (a) A single target point in a sequence from TAP-Vid-
DAVIS. (b) A global grid of support points. (c) A local grid of support points. (d) Local
and global support points. In Tab. 7 we evaluate CoTracker by combining different
configurations of support points, as described in Sec. 3.4.

4 Experiments

We evaluate CoTracker on several standard real and synthetic tracking bench-
marks. After discussing implementation details, datasets and benchmarks, we
compare CoTracker to the state of the art (Sec. 4.1) and ablate our design,
demonstrating the importance of joint tracking and other innovations (Sec. 4.2)

Datasets and benchmarks. We train the model on TAP-Vid-Kubric [17], as
in [17,18]. It consists of sequences of 24 frames showing 3D rigid objects falling to
the ground under gravity and bouncing, generated using the Kubric engine [22].
Point tracks are selected randomly, primarily on objects and some on the back-
ground. Objects occlude each other and the background as they move.

For evaluation, we consider TAP-Vid-DAVIS [17], containing 30 real se-
quences of about 100 frames, and TAP-Vid-RGB-Stacking [17] with 50 syn-
thetic sequences with objects being moved by robots of 200–300 frames each.
Points are queried on random objects at random times and evaluation assesses
both predictions of positions and visibility flags. This uses two evaluation pro-
tocols. In the “first” protocol, each point is queried only once in the video, at
the first frame where it becomes visible. The tracker is expected to operate
causally, predicting positions only for future frames. In the “strided” protocol,
points are queried every five frames, and tracking is bidirectional. Given that
most trackers (ours, PIPs, PIPs++) are causal, we run them twice, on the video
and its reverse. We assess tracking accuracy using the TAP-Vid metrics [17]:
Occlusion Accuracy (OA; accuracy of occlusion prediction treated as binary
classification), δvis

avg (fraction of visible points tracked within 1, 2, 4, 8 and 16
pixels, averaged over thresholds), and Average Jaccard (AJ, measuring jointly
geometric and occlusion prediction accuracy). Following [17], the δvis

avg and AJ
tracking thresholds are applied after virtually resizing images to 256× 256 pixels.
Note that TAP-Vid benchmarks evaluate only visible points.

We also evaluate on PointOdyssey [65], a more recent synthetic benchmark
dataset for long-term tracking. It contains 100 sequences that are several thousand
frames long, with objects and characters moving around the scene. Scenes are
much more realistic than TAP-Vid-Kubric. We train and evaluate CoTracker on
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Fig. 6: Qualitative Results. For PIPs++ (top), many points are incorrectly tracked
and end up being ‘stuck’ on the front of the car. TAPIR (middle) works well for visible
points but fails to handle occluded points. As soon as a point becomes occluded, it
starts moving chaotically around the image. Our CoTracker (bottom) produces cleaner
tracks. The tracks are also more ‘linear’ than those of PIPs++ or TAPIR, which is
accurate as the primary motion is a homography (the observer does not translate).

PointOdyssey and report δvis
avg and δocc

avg, δavg. The last two are the same as δvis
avg,

but for occluded and all points, respectively; they can be computed because the
dataset is synthetic so the ground-truth positions of invisible points are known.
We also report their Survival rate, which is the average fraction of video frames
until the tracker fails (detected when the tracking error exceeds 50 pixels).

Dynamic Replica [34] is a synthetic dataset for 3D reconstruction that
contains long-term tracking annotations. It consists of 500 300-frame sequences of
articulated models of people and animals. We evaluate models trained on Kubric
and measure δvis

avg and δocc
avg on the “valid” split of this dataset.

Implementation details. Here we provide important implementation details and
refer to the sup. mat. for others. We train the model for 50,000 iterations on
6,000 TAP-Vid-Kubric sequences of T ′ = 24 frames using sliding window size
T = 8, which takes 40 hours. We use 32 NVIDIA A100 80GB GPUs with a batch
size of 1. Training tracks are sampled preferentially on objects. During training,
we construct batches of N = 768 tracks with visible points either in the first or
middle frames of the sequence to train the tracker to handle both cases. In a
similar manner, we also train a second version of CoTracker on the train split
of PointOdyssey, using 128 tracks randomly sampled from sequences of length
T ′ = 56.

A technical difficulty is that the number of tracks N varies from window to
window, as new points can be added to the tracker at any time. While conceptually,
this is handled by simply adding more tokens when needed, in practice, changing
the number of tokens makes batching data for training difficult. Instead, we



CoTracker 11

Method Train DAVIS First DAVIS Strided RGB-S First

AJ ↑ δvis
avg ↑ OA ↑ AJ ↑ δvis

avg ↑ OA ↑ AJ ↑ δvis
avg ↑ OA↑

TAP-Net [17] K 33.0 48.6 78.8 38.4 53.1 82.3 — — —
OmniMotion [58] — 52.8 66.9 87.1 51.7 67.5 85.3 69.5 82.4 90.3
PIPs [23] FT++ 42.2 64.8 77.7 52.4 70.0 83.6 — 59.1 —
MFT [42] K++ 47.3 66.8 77.8 56.1 70.8 86.9 — — —
PIPs++ [65] PO — 69.1 — — 73.7 — — 77.8 —
TAPIR [18] K 56.2 70.0 86.5 61.3 73.6 88.8 60.3 74.1 85.5

CoTracker (Ours) K 62.2 75.7 89.3 65.9 79.4 89.9 71.6 83.3 89.6
Table 1: TAP-Vid benchmarks We compare CoTracker to the best trackers available
on TAP-Vid benchmarks utilizing both their “first” and “strided” evaluation protocols.
During evaluation, TAPIR and OmniMotion have access to all video frames at once,
while we process videos in an online manner using a causal sliding window. This
puts online trackers like ours at a disadvantage on long videos with slow motion,
such as in RGB-S. To address this, we decrease the frame rate for RGB-S evaluation
by keeping every 5th frame. Training data: (K) Kubric, (K++) Kubric+more, (FT)
FlyingThings++, (PO) Point Odyssey.

allocate enough tokens for all the tracked points, regardless of which window
they are added in, and use masking to ignore tokens that are not yet used.

The video resolution can also affect tracking performance. For evaluation on
TAP-Vid, we follow their protocol and downsample videos to 256× 256, which
ensures that no more information than expected is passed to the tracker. However,
each tracker has a different native resolution at which it is trained (384× 512
for PIPs and CoTracker; 512 × 896 for PIPs++). We thus resize videos from
256 × 256 to the native resolution of each tracker before running it to ensure
fairness. For Dynamic Replica and PointOdyssey, we resize videos to the native
tracker resolution, as there is no prescribed resolution.

4.1 Comparisons to the State of the Art

We compare CoTracker to state-of-the-art trackers on TAP-Vid-DAVIS and
TAP-Vid-RGB-Stacking in Tab. 1. For fairness, we use the same configuration of
support points identified in the ablations (see Sec. 4.2) across all benchmarks. We
also evaluate CoTracker on PointOdyssey in Tab. 2 and on Dynamic Replica in
Tab. 3 by tracking jointly all the target points. CoTracker improves most metrics
by substantial margins on the TAP-Vid benchmarks while generalizing well from
synthetic Kubric to real DAVIS. CoTracker also improves tracking accuracy δvis

avg
in all cases. On PointOdyssey, despite using a window size of only 8 frames,
CoTracker has a better survival rate than PIPs++, which uses a 128-frame sliding
window. This shows the power of unrolled training, which trains the model to
propagate information across a long series of sliding windows. The gap between
CoTracker and other methods in Tab. 2 and Tab. 3 for δocc

avg is higher than for
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Method PointOdyssey

δavg ↑ δvis
avg ↑ δocc

avg ↑ Survival ↑

TAP-Net [17] 28.4 — — 18.3
PIPs [24] 27.3 — — 42.3
PIPs++† [65] 29.0 32.4 18.8 47.0

CoTracker (Ours) 30.2 32.7 24.2 55.2
Table 2: PointOdyssey. All methods are
trained on PointOdyssey. † results for [65] ob-
tained using released code and model.

Method Dynamic Replica

δavg ↑ δvis
avg ↑ δocc

avg ↑

TAP-Net [17] 45.5 53.3 20.0
PIPs [24] 41.0 47.1 21.0
PIPs++ [65] 55.5 64.0 28.5
TAPIR [18] 56.8 66.1 27.2

CoTracker (Ours) 61.6 68.9 37.6
Table 3: Dynamic Replica. The
gap between CoTracker and other
methods in tracking occluded points’
accuracy δocc

avg is higher than δvis
avg.

Mode: DAVIS First Dynamic Replica

AJ ↑ δavg ↑ OA ↑ δavg ↑ δvis
avg ↑ δocc

avg ↑

no joint 55.6 70.1 83.0 54.4 62.4 28.8
joint 62.2 75.7 89.3 61.6 68.9 37.6

Table 4: Importance of joint tracking. We
track a single target point with or without addi-
tional support points on DAVIS, and all target
points separately or jointly on Dynamic Replica.

Unrolled Training DAVIS First

AJ ↑ δavg ↑ OA ↑

✗ 44.6 60.5 75.3
✓ 62.2 75.7 89.3

Table 5: Unrolled training. Co-
Tracker is built for sliding win-
dow predictions. Using them during
training is important.

δvis
avg, which shows that CoTracker excels in tracking occluded points thanks to

jointly tracking groups of points.

4.2 Ablations

Tracking together is better. In Tab. 4, we demonstrate the importance of tracking
points jointly, which is the main motivation of CoTracker. This is achieved by
removing cross-track attention from the tracker, thus ignoring the dependencies
between tracks entirely. For fairness, rather than simply removing the six cross-
track attention layers, we maintain the same model size and replace them with
twelve time-attention layers, resulting in a comparable model size. On Dynamic
Replica, joint tracking improves the accuracy of occluded points δocc

avg 28.8 → 37.6
(+30.6%) more than the accuracy of visible points δvis

avg 62.4 → 68.9 (+10.4%),
showing the effectiveness of joint tracking in understanding the scene motion,
including currently invisible points.

Importance of unrolled training. We design CoTracker for tracking in a windowed
manner, and in Tab. 5, we thus assess the effect of unrolling windows during
training (Sec. 3.3). Switching off unrolled training decreases performance by 18
AJ points. Hence, unrolled training helps to track over long periods of time,
> 10× longer than the sequences used in training.
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Num.
proxy
tokens

DAVIS First Max.
num.
tracks

Time [s]
AJ ↑ δavg ↑ OA↑

0 61.6 75.6 88.3 9.4k 207.3
32 60.2 74.4 88.5 69.2k 26.8
64 62.2 75.7 89.3 69.2k 27.9
128 60.9 74.8 88.4 69.2k 30.1

Table 6: The proxy tokens allow Co-
Tracker to scale. We train models with dif-
ferent numbers of proxy tokens and show
that they help to decrease both memory
complexity and inference time. We report
the maximum number of tracks that can fit
on a 80 GB GPU.

Support: DAVIS First

global local AJ ↑ δavg ↑ OA ↑

✗ ✗ 55.6 70.1 83.0
✓ ✗ 56.8 71.2 85.8
✗ ✓ 60.4 75.4 87.3
✓ ✓ 62.2 75.7 89.3

Table 7: Support points for TAP-
Vid benchmarks. We track single tar-
get points from DAVIS using additional
support points for context, as described
in Sec. 3.4. Adding points for context al-
ways helps, while additional global and
local context works best.

Effect of proxy tokens on scalability. In Tab. 6, we assess the benefits of using
proxy tokens during inference. For a fixed memory budget (80 GB), using proxy
tokens instead of full self-attention allows us to track ×7.4 more points than
without them; in fact, we can track a whole 263 × 263 grid, which is quasi-
dense for the input video resolution. Moreover, proxy tokens also reduce the
time complexity of the model and make it ×7 faster at inference time for the
maximum number of tracked points. The number of proxy tokens does not affect
scalability but affects performance, with the best results obtained using 64 proxy
tokens. In short, proxy tokens allow to track almost one order of magnitude more
tracks with higher accuracy than the naive self-attention.

Optimal support point configurations. We compare the effect of choosing different
configurations of support points from Fig. 5 in Tab. 7. In order to do so, we
take a single benchmark point at a time and add additional support points
(Sec. 3.4) to allow the model to perform joint tracking. This protocol, where a
single benchmark point is tracked each time, is also important for fairness when
compared to the state-of-the-art. This is because the benchmark points might
be biased for objects, which is particularly evident in TAP-Vid-DAVIS (Fig. 5).
Passing more than one such biased point at the same time to a joint tracker
like ours could help it by revealing the outline of objects to the tracker. By
considering one benchmark point at a time, we ensure that no such ground-truth
information can leak into it. We use this scheme for the TAP-Vid benchmarks,
which explicitly prohibits tracking more than one ground-truth point at a time.

Adding any configurations of support points helps, but the local configuration
helps much more than the global, presumably because the model uses dependencies
with other points located on the same object. The combination of global and
local context works best, likely because the model can track both the camera
motion and the object motion in this case.
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Frame 1 Frame 10

Frame 20 Frame 30

Fig. 7: Qualitative Results. CoTracker can track points outside of the camera
view. We visualize point displacements on a dense regular grid using an example from
DAVIS [43]. In this example, the camera moves towards a group of people, while points
in the background stay behind the camera view.

4.3 Limitations

Despite its high performance, CoTracker still occasionally makes tracking mistakes
that a human would not make. Since CoTracker is trained on purely synthetic data,
it sometimes does not generalize well to complex visual scenes with reflections
and shadows. For example, CoTracker tends to track shadows together with the
objects that cast them. Depending on the application this may be a desirable
property (e.g . video editing) or it may not be (e.g . motion analysis).

5 Conclusions

We have presented CoTracker, a transformer-based point tracker that tracks
several points jointly, accounting for their dependencies. CoTracker is state-of-
the-art on the standard tracking benchmarks, often by a substantial margin,
can track through occlusions and when points leave the field of view, even for
hundreds of frames, and can track a very large number of points simultaneously.
The transformer architecture is flexible and memory efficient. This allows for the
integration of more functionalities in the future, such as 3D reconstruction.
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