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Abstract. We present a simple, self-supervised approach to the Track-
ing Any Point (TAP) problem. We train a global matching transformer to
find cycle consistent tracks through video via contrastive random walks,
using the transformer’s attention-based global matching to define the
transition matrices for a random walk on a space-time graph. The abil-
ity to perform “all pairs” comparisons between points allows the model
to obtain high spatial precision and to obtain a strong contrastive learn-
ing signal, while avoiding many of the complexities of recent approaches
(such as coarse-to-fine matching). To do this, we propose a number of
design decisions that allow global matching architectures to be trained
through self-supervision using cycle consistency. For example, we iden-
tify that transformer-based methods are sensitive to shortcut solutions,
and propose a data augmentation scheme to address them. Our method
achieves strong performance on the TapVid benchmarks, outperforming
previous self-supervised tracking methods, such as DIFT, and is compet-
itive with several supervised methods.

1 Introduction

The problem of finding space-time correspondences underlies a number of com-
puter vision tasks. An emerging line of work on the Tracking Any Point (TAP)
problem [7] has addressed the specific challenges of tracking over long time hori-
zons: estimating all future and past positions of any given physical point in a
video. This problem addresses the shortcomings of traditional formulations of
long-range tracking, such as chained optical flow and sparse tracking, enabling
applications in animation [7] and robotics [43]. Yet the difficulty of acquiring
labeled training data has restricted the capabilities of these models. Existing
models are thus limited to training on small, synthetic datasets.

This is in contrast to many other areas of computer vision [6, 16, 17], where
self-supervised methods have arisen as a powerful way to learn from unlabeled
data. While a number of such methods have been proposed for space-time corre-
spondence [2,19,44,46,52], these methods are not well suited to the challenge of
tracking physical points over long time horizons, the core challenge of Tracking
Any Point (Fig. 1). Self-supervised optical flow methods [2, 22, 53], for exam-
ple, obtain dense short-range motion fields but struggle to track over long time
horizons, while methods that excel at semantic tracking, such as recent methods
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Fig. 1: Global Matching Random Walks. We present a self-supervised method
for tracking all physical points over the course of a video, i.e., the Tracking Any Point
problem [7]. Our model uses a global matching transformer [49] to track points cycle
consistently over time, using the contrastive random walk [19]. Our approach outper-
forms self-supervised tracking methods, such as self-supervised DIFT [40] and super-
vised optical flow methods, like RAFT [42], on the TAP-Vid benchmark [7].

that repurpose text-to-image diffusion features [40], match together points that
belong to the same object category, not necessarily those that correspond the
same physical points.

In this paper, we propose a simple and effective self-supervised approach to
the Tracking Any Point problem. We adapt the global matching transformer
architecture [49] to learn through cycle consistency [19, 46, 56]: i.e., tracking
forward in time, then backward, should take us back to where we started. In lieu
of labeled data, we supervise the model via the contrastive random walk [19],
using the self-attention from global matching to define the transition matrix for
a random walk that moves between points in adjacent frames. This “all pairs”
matching mechanism allows us to define transition matrices that consider large
numbers of points at once, thereby increasing spatial precision and enabling us
to obtain a richer learning signal by considering a large number of paths through
the space-time graph on which the random walk is performed. Additionally, we
identify that global matching architectures are susceptible to shortcut solutions
(e.g., due to their use of positional encodings), and that previously proposed
methods for addressing these shortcuts are insufficient [41]. We therefore propose
a type of data augmentation that removes these shortcuts.

Our approach obtains strong performance on the TAP-Vid [7] benchmark,
significantly outperforming previous self-supervised tracking methods on TAPVid-
DAVIS and Kubric. Through experiments, we show:

• Self-supervised models can obtain strong performance on the Tracking Any
Point task, e.g., obtaining competitive performance to TAP-Net [7] on many
metrics.
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• The contrastive random walk can successfully be extended to long-range point
tracking.

• Global matching transformers can be trained through cycle consistency.
• Data augmentation can remove shortcut solutions to cycle consistent training.

2 Related Work

Space-time representation learning. A variety of recent methods have been
proposed for learning to track pixels through video via self-supervision. Vondrick
et al. [44] learned a representation in which pixels were photoconsistent, provid-
ing the model with only grayscale images during training and using the held-out
colors to assess the quality of the match. While this approach is effective, it
implicitly assumes that objects are photo-consistent over time, an assumption
that is frequently violated [22]. Another line of work proposes to use cycle con-
sistency. Wang et al. [46] used a model based on spatial transformers to track
pixels forward in time, then backwards, learning a representation that mini-
mized the distance from their point of origin. Other work has combined these
two approaches together [27] or use two-stage matching [25]. Jabri et al. [19]
formulated video cycle consistency as a random walk on a graph containing
space-time patches, providing dense supervision to the model. We extend this
approach and use a transformer architecture that allows for global matching and
finer correspondences. Bian et al. [2] showed that the contrastive random walk
can obtain pixel-accurate matches through multi-scale matching, and proposed
several extensions that unify it with self-supervised optical flow methods [22].
In addition to focusing on obtaining spatially precise matches, our goal is to
predict tracks in long videos. However, we note that multi-scale matching could
be combined with our method to obtain more accurate results. Tang et al. [41]
proposed an extension that allowed for fully convolutional training, avoiding
shortcut solutions. They proposed a data augmentation technique to use dif-
ferent image crops for the forward and backward cycles of the random walk.
However, this does not avoid shortcut solutions for transformer-based meth-
ods. Recent work has learned features that change slowly over time [10, 52] or
by adding temporal alignment [13], and other work has proposed standardized
tracking benchmarks [32]. Another recent work [12] extends the Masked Autoen-
coders [16] to videos. They mask large fractions of patches in the video and learn
visual representations by reconstructing the missing patches.

Optical flow. A parallel line of work has focused on creating unsupervised mod-
els for optical flow [22, 29, 35, 37, 47, 54]. Typically these models combine simple
photometric losses (e.g., using hand-crafted features) with heavy augmentation
and physical constraints, such as smoothness. RAFT [42] proposed a recurrent
architecture that updates the flow field through iterative all-pairs matching and
regression. Different from prior flow approaches, GMFlow [49] formulated optical
flow prediction as a global matching problem that identifies correspondences by
directly comparing feature similarities. Extending GMFlow, Xu et al. [51] pro-
posed a unified model for flow, rectified stereo matching and unrectified stereo
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depth estimation from posed images. Rather than predicting two-frame velocity
estimates which most optical flow methods do, we learn probabilistic matches
between frames. To do this, we adopt the transformer-based global matching
network architecture of Xu et al. [49], which performs non-parametric matching.
However, instead of supervising the model to generate flow estimates, we train
it to perform a contrastive random walk.

Cycle consistency. Zhou et al. [56] proposed to use cycle consistency as a
supervisory signal across different instances of the same category to train cor-
respondence models. Dwibedi et al [9] used temporal cycle consistency between
multiple varying videos to learn representations useful for fine-grained temporal
understanding in videos. Other methods have used cycle-consistency to detect
occlusions [1, 18,26, 38], such as within unsupervised flow models [20, 22,47, 57].
Other work uses cycle consistency for semi-supervised learning [14]. [55] repre-
sents the video as two sub-graphs, one which connects inter-frame nodes (similar
to Jabri et al. [19]) and another which connects intra-frame nodes located in local
neighborhood and use cycle-consistency to perform random walk on this graph.

Tracking. Recently, many works have focused on supervised methods for long-
term pixel tracking along with the introduction of new benchmarks. TAP-Vid [7]
proposed a new test-bed for tracking any point in a video. They released four
benchmarks based on real and synthetic videos for evaluating tracking methods.
They also provided a tracking model called TAP-Net that compares the features
of a query point with all frames to predict tracks independent of time. Con-
currently, Persistent Independent Particles (PIPs) [15] introduced a tracking
method that searches over a local neighborhood and smooths the estimates over
time by iterative refinement. They also release a dataset called FlyingThings++
based on FlyingThings [31]. Neoral et al [33] proposed a supervised tracker that
exploits optical flows from consecutive frames and pairs of frames at logarith-
mically scaled intervals. TAPIR [8] uses a two-stage approach: matching stage
that provides an initial location of the query point in every frame and a refine-
ment stage that updates the tracks based on local neighborhoods, essentially
combining techniques from TAP-Net and PIPs models. CoTracker [23] intro-
duced a transformer architecture that jointly tracks multiple points throughout
an entire video. OmniMotion [45] introduces a test-time optimization method
by building globally consistent motion representations. All these methods use
ground-truth tracks or trajectories computed from pretrained optical flow meth-
ods for training, whereas we use self-supervision to train our model provided by
cycle-consistency as the supervisory signal.

3 Method: Global Matching Random Walk

We propose a self-supervised method for tracking points in video. We use the
contrastive random walk [19] to learn cycle-consistent track, using an architec-
ture based on self-attention from a global matching transformer. Our use of a
transformer-based architecture, which requires addressing additional shortcut so-
lutions that were not present in previous work on cycle consistent tracking, which



GMRW 5

CNN

Transformer

Image

Image

<latexit sha1_base64="Bj3NJpaGP+ZcF3a6IuZKZuPNwgU=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSp4KokU9Vjw4rEF+wFtKJvtpl272YTdiVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR23TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfju5nffuLaiFg94CThfkSHSoSCUbRSA/ulsltx5yCrxMtJGXLU+6Wv3iBmacQVMkmN6Xpugn5GNQom+bTYSw1PKBvTIe9aqmjEjZ/ND52SC6sMSBhrWwrJXP09kdHImEkU2M6I4sgsezPxP6+bYnjrZ0IlKXLFFovCVBKMyexrMhCaM5QTSyjTwt5K2IhqytBmU7QheMsvr5LWVcW7rlQb1XLtPI+jAKdwBpfgwQ3U4B7q0AQGHJ7hFd6cR+fFeXc+Fq1rTj5zAn/gfP4A2hGM4w==</latexit>

t

<latexit sha1_base64="aa8VAja9AWWEBYG8tTOz8oiMquo=">AAAB6XicbVBNS8NAEJ34WetX1aOXxSoIQkmkqMeCF49V7Ae0oWy2m3bpZhN2J0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekEhh0HW/nZXVtfWNzcJWcXtnd2+/dHDYNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMbqd+64lrI2L1iOOE+xEdKBEKRtFKDxder1R2K+4MZJl4OSlDjnqv9NXtxyyNuEImqTEdz03Qz6hGwSSfFLup4QllIzrgHUsVjbjxs9mlE3JmlT4JY21LIZmpvycyGhkzjgLbGVEcmkVvKv7ndVIMb/xMqCRFrth8UZhKgjGZvk36QnOGcmwJZVrYWwkbUk0Z2nCKNgRv8eVl0ryseFeV6n21XDvN4yjAMZzAOXhwDTW4gzo0gEEIz/AKb87IeXHenY9564qTzxzBHzifP9rAjNU=</latexit>

+1
<latexit sha1_base64="Bj3NJpaGP+ZcF3a6IuZKZuPNwgU=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSp4KokU9Vjw4rEF+wFtKJvtpl272YTdiVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR23TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfju5nffuLaiFg94CThfkSHSoSCUbRSA/ulsltx5yCrxMtJGXLU+6Wv3iBmacQVMkmN6Xpugn5GNQom+bTYSw1PKBvTIe9aqmjEjZ/ND52SC6sMSBhrWwrJXP09kdHImEkU2M6I4sgsezPxP6+bYnjrZ0IlKXLFFovCVBKMyexrMhCaM5QTSyjTwt5K2IhqytBmU7QheMsvr5LWVcW7rlQb1XLtPI+jAKdwBpfgwQ3U4B7q0AQGHJ7hFd6cR+fFeXc+Fq1rTj5zAn/gfP4A2hGM4w==</latexit>

t

CNN
Self-Attention 

Scoring
⨁

keys

queries

Affinity matrix

x6

Self
Attn.

Self
Attn.

Cross
Attn.

Cross
Attn.

⨁

⨁

Positional 
encoding

<latexit sha1_base64="Uxw/HtL/8L1pHHm8QfnVEV/nVCU=">AAAB8HicbVDLSgNBEOz1GeMr6tHLYhDiJexKUI9BL3qLYB6SLGF2MpsMmZldZnqFEPIVXjwo4tXP8ebfOEn2oIkFDUVVN91dYSK4Qc/7dlZW19Y3NnNb+e2d3b39wsFhw8SppqxOYxHrVkgME1yxOnIUrJVoRmQoWDMc3kz95hPThsfqAUcJCyTpKx5xStBKj51kwEt3XTzrFope2ZvBXSZ+RoqQodYtfHV6MU0lU0gFMabtewkGY6KRU8Em+U5qWELokPRZ21JFJDPBeHbwxD21Ss+NYm1LoTtTf0+MiTRmJEPbKQkOzKI3Ff/z2ilGV8GYqyRFpuh8UZQKF2N3+r3b45pRFCNLCNXc3urSAdGEos0ob0PwF19eJo3zsn9RrtxXitXrLI4cHMMJlMCHS6jCLdSgDhQkPMMrvDnaeXHenY9564qTzRzBHzifPwM7j+c=</latexit>

�(It)

<latexit sha1_base64="8ye3pRZGZ6wyUXS7Z5ZxPiLbk9o=">AAAB9HicbVBNS8NAEJ34WetX1aOXYBEqQkmkqMeiF71VsB/QhrLZbtqlm03cnRRK6O/w4kERr/4Yb/4bt20O2vpg4PHeDDPz/FhwjY7zba2srq1vbOa28ts7u3v7hYPDho4SRVmdRiJSLZ9oJrhkdeQoWCtWjIS+YE1/eDv1myOmNI/kI45j5oWkL3nAKUEjeZ14wEv33RTP3clZt1B0ys4M9jJxM1KEDLVu4avTi2gSMolUEK3brhOjlxKFnAo2yXcSzWJCh6TP2oZKEjLtpbOjJ/apUXp2EClTEu2Z+nsiJaHW49A3nSHBgV70puJ/XjvB4NpLuYwTZJLOFwWJsDGypwnYPa4YRTE2hFDFza02HRBFKJqc8iYEd/HlZdK4KLuX5cpDpVi9yeLIwTGcQAlcuIIq3EEN6kDhCZ7hFd6skfVivVsf89YVK5s5gj+wPn8AqVyRYw==</latexit>

�(It+1)

<latexit sha1_base64="w6oLDRz8MhBN3joT96WDlvtc0Q0=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiIB4rmLbQhrLZbtulm03YnQgl9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoaeJUM+6zWMa6HVLDpVDcR4GStxPNaRRK3grHtzO/9cS1EbF6xEnCg4gOlRgIRtFK/l0vw2mvXHGr7hxklXg5qUCORq/81e3HLI24QiapMR3PTTDIqEbBJJ+WuqnhCWVjOuQdSxWNuAmy+bFTcmaVPhnE2pZCMld/T2Q0MmYShbYzojgyy95M/M/rpDi4DjKhkhS5YotFg1QSjMnsc9IXmjOUE0so08LeStiIasrQ5lOyIXjLL6+S5kXVu6zWHmqV+k0eRxFO4BTOwYMrqMM9NMAHBgKe4RXeHOW8OO/Ox6K14OQzx/AHzucP7HOOxg==</latexit>

Ft

<latexit sha1_base64="5t5qa8dByl/NT7hcqBwz0bOqZdY=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSIIQkmkqMeiIB4r2A9oQ9lsN+3SzSbsToQS+iO8eFDEq7/Hm//GbZuDtj4YeLw3w8y8IJHCoOt+Oyura+sbm4Wt4vbO7t5+6eCwaeJUM95gsYx1O6CGS6F4AwVK3k40p1EgeSsY3U791hPXRsTqEccJ9yM6UCIUjKKVWne9DM+9Sa9UdivuDGSZeDkpQ456r/TV7ccsjbhCJqkxHc9N0M+oRsEknxS7qeEJZSM64B1LFY248bPZuRNyapU+CWNtSyGZqb8nMhoZM44C2xlRHJpFbyr+53VSDK/9TKgkRa7YfFGYSoIxmf5O+kJzhnJsCWVa2FsJG1JNGdqEijYEb/HlZdK8qHiXlepDtVy7yeMowDGcwBl4cAU1uIc6NIDBCJ7hFd6cxHlx3p2PeeuKk88cwR84nz/Fe482</latexit>

Ft+1

<latexit sha1_base64="aeDDAaFhuzBWIAn19pw4WyD4zf8=">AAAB8nicbVBNSwMxEM3Wr1q/qh69BIsgCGVXinqsevFYwX7Adi3ZNG1Ds8mSzApl2Z/hxYMiXv013vw3pu0etPXBwOO9GWbmhbHgBlz32ymsrK6tbxQ3S1vbO7t75f2DllGJpqxJlVC6ExLDBJesCRwE68SakSgUrB2Ob6d++4lpw5V8gEnMgogMJR9wSsBK/nUvhewxhTMv65UrbtWdAS8TLycVlKPRK391+4omEZNABTHG99wYgpRo4FSwrNRNDIsJHZMh8y2VJGImSGcnZ/jEKn08UNqWBDxTf0+kJDJmEoW2MyIwMoveVPzP8xMYXAUpl3ECTNL5okEiMCg8/R/3uWYUxMQSQjW3t2I6IppQsCmVbAje4svLpHVe9S6qtftapX6Tx1FER+gYnSIPXaI6ukMN1EQUKfSMXtGbA86L8+58zFsLTj5ziP7A+fwBFkGRIw==</latexit>

At+1
t

Fig. 2: Model Architecture. Our model takes a pair of images It and It+1 as input
over which it computes correspondences. We extract visual features from a CNN, add
positional encodings, and pass them as tokens to our global matching transformer.
The transformer consisting of 6 stacked layers of self-attention, cross-attention and
feed-forward networks, processes these features and produces correlated features Ft

and Ft+1. We compute self-attention over Ft and Ft+1 and use the attention as the
transition matrix for performing contrastive random walks. To compute tracks during
evaluation, we can take an expectation over the affinity matrix to get coordinates (x, y).

we address through an augmentation scheme. We train on unlabeled videos and
perform point tracking in a strided fashion to get pixel-level features for match-
ing.

Problem setup. In the Tracking Any Point (TAP) problem, we are given a
video V with frames {It}Tt=1 where It ∈ RH×W×3 and query points {qk}Nk=1

where each qk = (tk, xk, yk) represents a timestep in the video and its position
in the frame Itk . The goal is to produce point trajectories, pk

t = (xk
t , y

k
t ) for all

t ∈ T for each query point qk. In addition to positions, the visibility vkt ∈ {0, 1}
indicate whether the point pk

t is occluded in frame It. Note that the query point
can be provided for any timestep in the video, not necessarily the first frame,
and that at that timestep the query point is assumed to be visible.

Following recent supervised approaches [7], we create a model that operates
on a pair of (not necessarily temporally adjacent) video frames. At test time,
this model can be used to track points over long time horizons, either by directly
matching pairs of frames or by chaining.

3.1 Global matching architecture

In order to obtain spatially precise correspondences, we require an architec-
ture (Fig. 2) that can perform efficient, global matching. We adapt the recent
GMFlow architecture of Xu et al. [49, 50] for self-supervised tracking. This ar-
chitecture has previously been applied to optical flow and stereo-matching in
supervised settings.

A key advantage of this design is that it finds a match by “all pairs” matching
through self-attention. This is in contrast to alternative architectures, which rely
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on regressing motion [8,15,39,42] and thus provide only a single point estimate.
We use global matching to define a transition matrix for the contrastive random
walk, which allows us to model the motion of a very large number of points
at once. This has several advantages to previous approaches to the contrastive
random walk [2, 19]. First, the motion can be captured at a much finer-grained
level. For example, in our experiments we divide an 256× 256 resolution image
into a 64×64 grid , whereas Jabri et al. [19] was limited to a coarse 7×7 grid and
Bian et al. [2] required coarse-to-fine matching. Second, it allows us to obtain
more supervision per iteration through contrastive learning, since the model can
simultaneously explore a larger number of paths through the space-time graph
on which we will perform the random walk.

Image features. We extract d-dimensional features ϕ(It) ∈ RH
c ×W

c ×d for each
image It from a convolutional neural network where c = 4. We add 2D posi-
tional encoding to these visual features. While the visual encoder used in Xu et
al. [49] computes features at two scales, we only perform single-scale matching
for simplicity.

Global correlation matching. For each pair of consecutive video frames, It
and It+1, we process the image features through six layers of stacked self-, cross-
attention and feed-forward networks to get correlation features, Ft, Ft+1. The
keys and values for cross-attention layers come from the same feature, but queries
come from the other feature in the pair. We also use Swin-style shifted local
windows to improve computation efficiency [30,49].

Computing a random walk transition matrix. Once we have correlation
features Ft, Ft+1, we compute the transition matrix as At+1

t = softmax(FtF
⊤
t+1/τ).

This matrix represents the probability of a patch in frame t matching to frame
t + 1, and is used to define the transition probability for a contrastive random
walk. In contrast to previous contrastive random walk models, which (following
work in contrastive learning [4,17,48]) L2-normalize the embedding features and
apply a small temperature parameter [19], we follow the standard practice in
transformers and use unnormalized features with a large normalization constant
τ =

√
d. We provide full architectural details in the supplementary material.

Sampling stride. Our model uses probabilities from the affinity matrix to
find correspondences. The resolution of the affinity matrix is determined by the
spatial resolution of the correlation features Ft, Ft+1. To compute pixel-level
features, we use different feature strides to sample features from the images
following previous works [23,33]. We implement this by upsampling the original
image by the stride. We vary our sampling strides among s = {1, 2, 4} and
mention the stride used during training and evaluation in our experiments.

Estimating the motion and visibility. Given a transition matrix As,t be-
tween frames s and t, we can compute the expected change in position, follow-
ing [2,49]. In other words, we take a weighted sum of the positions of the points
we match in frame t:

fs,t = EAs,t
[As,tD −D], (1)
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Fig. 3: Label Warping. We propose label warping as a remedy to avoid shortcut
solutions that arise when we use transformer-based models for contrastive random
walks. Instead of warping the last feature to match the first feature, we propose to
warp the label used for cycle consistency. For an image pair It, It+1, we apply different
affine transformations T f , T b to the forward and backward cycle. We then compute
At+1

t , At
t+1 and chain them together to get the affinity matrix for cycle consistency.

We then supervise it with the warped identity matrix T b
f (I) where T b

f represents the
transformation to go from T f to T b.

where fs,t ∈ Rn×2 is the matrix of predicted optical flows, D ∈ Rn×2 is the
(constant) matrix containing of pixel coordinates for each point, and As,tD is
the expected position from frame s to t.

To estimate the visibility vi for a given point, we perform a cycle consistency
test: we check whether the predicted motion fields fs,t and t, s produce a motion
that is within a threshold τcyc (we use τcyc = 3 pixels) of the original point.
Those that exceed this threshold are marked as being invisible.

3.2 Learning the model

Cycle-consistency by contrastive random walks. We use the cycle con-
sistency objective introduced contrastive random walks in Jabri et al. [19] to
supervise our model. We treat the video as a space-time graph and train a model
to perform random walks. We use our model to compute the transition matrices
for the walker, which walks from patches in frame t to t + 1, then back to t.
This sequence is known as a palindrome sequence. We supervise the model by
maximizing the probability that the walker returns to its initial location, which
amounts to minimizing the loss:

Lcrw = LCE(A
t+1
t At

t+1, I), (2)

where At+1
t At

t+1 is the (chained) transition matrix for the random walk, and
LCE is cross-entropy loss, and I is the identity matrix. In other words, the model
penalizes random walks whose transition matrices differ from the identity, and
which thus are not cycle-consistent.
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Shortcut solutions for global matching models. Many cycle consistency
learning schemes are susceptible to a trivial solution [2,19]: ignore the visual con-
tent of the patch, and match solely based on its position. Since the transformer
model has a positional encoding, and our architecture has a large number of
global self-attention layers, this solution is easy to find. Tang et al. [41] showed
that this shortcut could be removed in simple fully convolutional CNN models
by randomly cropping and resizing the video frames, using different (but consis-
tent) augmentations in the forward and backward directions of the walk. When
computing the loss (Eq. 2), they undo the crop by warping the last feature in
the affinity matrix with the inverse transformation, and supervise the affinity
matrix to be the identity I. We found this method still led to shortcut solutions.
In our case, the CNN features are processed by a transformer, which is capable
of undoing the warp and trivially matching based on the positional information.
To address this issue, we perform label warping (Fig. 3). Instead of warping the
network features, we warp the labels to match the transformation between the
forward and backward cycle. Let T f and T b be different resize-crop transfor-
mations applied to the forward and backward cycles of the contrastive random
walk. Specifically, for the image sequence (I1, I2, I1), we construct the frame
sequence [T f (I1), T

f (I2), T
b(I1)] and compute the loss:

Lcrw = LCE(As, T
b
f (I)), (3)

where As is the chained transition matrices for the full random walk, and T b
f (I)

denotes that we apply the same spatial transformation to the label set.

Smoothness loss. We also evaluate model variations that impose spatial smooth-
ness. To ensure the movement of random walkers is smooth, we also consider vari-
ations of the model that follow Bian et al. [2] and add an edge-aware smoothness
loss [22]:

Lsmooth = Ep

∑
d∈{x,y}

exp(−λcId(p))|
∂2fs,t(p)

∂d2
| (4)

where the p is a pixel, Id(p) = 1
3

∑
c

∣∣∂Ic
∂d

∣∣ is the spatial derivative averaged over
all color channels Ic in direction d, and where we use the second derivatives of
the estimated flow field. The parameter λc controls the influence of pixels with
similar colors. When both losses are used together, the model minimizes:

Ltotal = Lcrw + λsLsmooth, (5)

where λs is a constant.

4 Experiments

Our model estimates space-time correspondences between a pair of video frames,
from which we can compute expected coordinates for each track. We evaluate
our method on the four Tap-Vid benchmarks and use the standard evaluation
metrics [7].
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4.1 Training

Following Doersch et al. [7], we use the Kubric dataset [11] as our main dataset
for training. The TapVid-Kubric dataset consists of synthetic images of a few
objects randomly moving around in the video. It contains a training set of 38,325
videos of 256 × 256 resolution and 799 validation videos. During training, we
randomly sample 2 frames separated by a few timesteps from the video and
create a palindrome sequence (I1 → I2 → I1

′). We then apply different random
resized crops to forward (I1, I2) and backward images (I1′) and train for cycle
consistency and smoothness loss. Unlike other models that address TAP, we
do not use any labels from the training data, as our method is entirely self-
supervised. To evaluate the ability of our model to generalize to “in the wild”
internet video, we also train a version of the model using the Kinetics 400 [24]
dataset using a similar 2-frame sampling strategy.

4.2 Evaluation

To validate our approach and to test the generalization of our trained models,
we run evaluations on the TapVid benchmarks [7], namely on Kubric, DAVIS,
Kinetics, and RGB-Stacking. TapVid-DAVIS is a real dataset of 30 videos from
DAVIS 2017 validation [34] with videos from 34-104 frames. Similarly, TapVid-
Kinetics is a real dataset of 1000+ videos from Kinetics [24] with 250 frames
each. TapVid-RGB-Stacking is a dataset of 50 synthetic videos with 250 frames
each from robotic hand object manipulation task. We mainly use TapVid-DAVIS
for our testbed as it is based on real videos.

Metrics. In TapVid benchmarks, the query points are sampled using a special
strategy (when using strided query method) [7] and then are tracked forward
and backward in time. Performance is evaluated on: (1) the positional accuracy
< δxavg metric for frames in which the point is visible, the fraction of points that
are within a threshold over the ground truth, averaged over several thresholds.
(2) Occlusion Accuracy which is a classification accuracy for predicting where
a point is visible or occluded. (3) Average Jaccard (AJ), the fraction of true
positives (points within a threshold of visible ground truth points), divided by
true positives and false positives, averaged over multiple thresholds [7].

5 Results

We compare our method to previous supervised and self-supervised approaches,
and evaluate a number of different design decisions.

5.1 Comparison to other methods

In Table 1, we compare our method to previously proposed self-supervised track-
ing and supervised approaches.
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Method Multi-
Frame

Kubric DAVIS Kinetics RGB-Stacking

AJ ↑ < δxavg ↑ OA ↑ AJ ↑ < δxavg ↑ OA ↑ AJ ↑ < δxavg ↑ OA ↑ AJ ↑ < δxavg ↑ OA ↑
Su

pe
rv

is
ed

RAFT-C [42] 41.2 58.2 86.4 30.7 46.6 80.2 31.7 51.7 84.3 42.0 56.4 91.5

Kubric-VFS-Like [11] 51.9 69.8 84.6 33.1 48.5 79.4 40.5 59.0 80.0 57.9 72.6 91.9

RAFT-D [42] 61.8 79.1 87.9 34.1 48.9 76.1 72.1 85.1 92.1 50.6 66.9 85.5

COTR [21] 40.1 60.7 78.6 35.4 51.3 80.2 19.0 38.8 57.4 6.8 13.5 79.1

TAP-Net [7] 65.4 77.7 93.0 38.4 53.1 82.3 46.6 60.9 85.0 59.9 72.8 90.4

PIPs [15] ✓ 59.1 74.8 88.6 42.0 59.4 82.1 35.3 54.8 77.4 37.3 51.0 91.6

TAPIR [8] ✓ 84.7 92.1 95.8 61.3 73.6 88.8 57.2 70.1 87.8 62.7 74.6 91.6

CoTracker [23] ✓ − − − 64.8 79.1 88.7 − − − − − −

Se
lf-

su
pe

rv
is

ed

CRW-C [19] 31.4 48.1 76.3 7.7 13.5 72.9 20.2 33.6 70.6 25.3 35.2 70.1

CRW-D [19] 35.8 52.4 80.9 23.6 38.0 77.2 21.9 36.8 70.4 13.1 23.0 83.4

DIFT-C [40] 28.3 45.2 69.0 18.1 33.0 68.8 19.8 33.7 68.7 13.2 21.9 56.3

DIFT-D [40] 41.6 59.8 83.9 29.7 48.2 77.2 19.5 34.4 70.1 24.4 38.9 89.9

Flow-Walk-C [2] 49.4 66.7 82.7 35.2 51.4 80.6 40.9 55.5 84.5 41.3 55.7 92.2

Flow-Walk-D [2] 51.1 68.1 80.3 24.4 40.9 76.5 46.9 65.9 81.8 66.3 82.7 91.2

ARFlow-C [28] 52.3 68.1 81.4 35.0 51.8 79.7 27.3 44.3 79.5 33.0 47.2 91.9

Ours - GMRW-C 54.2 72.4 82.6 41.8 60.9 78.3 31.9 52.3 72.9 39.8 56.5 90.8

Ours - GMRW-D 51.4 71.7 83.9 30.3 49.4 77.3 36.3 59.2 71.0 56.4 74.1 90.9

Table 1: Comparison of our method and baselines on the Tap-Vid benchmark. We show
strong performance on all four Tap-Vid benchmarks. We outperform self-supervised
methods on Kubric and DAVIS and are comparable with several supervised methods.

Baselines. We compare our method with several self-supervised baselines. Fol-
lowing Wang et al. [45], we run all self-supervised methods in Chained (-C) and
Direct (-D) settings and show their performance in Table 1 (bottom section).
In the chained setting, the predictions are made for adjacent frames and they
are chained together over time to form long-range tracks. In the direct setting,
the query point frame is compared directly with all frames and the motion is
computed for each pair independent of time. For all self-supervised methods
(none of which explicitly predict occlusion masks), we test for occlusion using
cycle consistency over the predicted tracks using the same approach used in our
method. We evaluate the following methods:

• Diffusion Features (DIFT): Next, we consider recent work that uses diffu-
sion features [40] for tracking as a baseline. This model extracts features from
pretrained Stable Diffusion model [36] and Ablated Diffusion [5] model, and
successfully uses them for a variety of correspondence tasks. For real images,
they add a noise of a specific time step t, feed it to the network together
with t to extract intermediate layer activations. These activations are then
used as features. We use the Ablated Diffusion variation of the model, since
it performs better for temporal correspondence tasks.

• Contrastive Random Walk (CRW): We first evaluate the CRW model
of Jabri et al. [19] on the TapVid benchmarks. In CRW, the images are par-
titioned into small patches, and the model is trained to learn representations
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Method Kubric DAVIS

AJ ↑ < δxavg ↑ OA ↑ AJ ↑ < δxavg ↑ OA ↑

Supervised 63.7 83.2 83.9 39.1 59.6 77.3

CRW 25.4 39.3 83.3 10.4 19.2 76.9
+ Label Warping 45.3 62.2 83.1 32.1 48.9 78.2
+ Smoothness loss 49.0 66.7 84.4 33.0 50.5 79.4
+ Train stride s = 2 47.7 65.6 84.4 34.5 52.1 79.3
Trained w/ Kinetics 47.5 65.0 83.8 34.6 52.6 78.7

Eval stride s = 4 37.8 53.8 84.1 23.5 38.4 78.8
Eval stride s = 2 47.5 65.0 83.8 34.6 52.6 78.7
Eval stride s = 1 54.2 72.4 82.6 41.8 60.9 78.3

Table 2: Model variations. We evaluate several variations of our model. We consider
a version of the architecture trained via supervised learning, ablated versions of the
model, a version trained on “in-the-wild” Kinetics [24] videos, and several different
stride configurations during evaluation.

for these patches through cycle consistency. The model is trained for cycle
consistent videos of length 10 and sub-cycles are also supervised. Since the
CRW operates at the patch level, the correspondences computed are very
coarse.

• FlowWalk: We also evaluate FlowWalk [2] on these tracking benchmarks,
using the reported results from OmniMotion [45]. FlowWalk is another con-
trastive random walk-based method that is trained for cycle consistency at
multiple scales, and which can perform optical flow estimation. The output
from their model is pixel-level flow values.

• Supervised methods: We also show several supervised methods on the
TapVid benchmark in the top section of Table 1. Out of these, PIPs, TAPIR,
and CoTracker are trained with multiple frames and use local, spatial-temporal
information to refine their tracks.

Quantitative comparisons. We compare our method qualitatively to self-
supervised baselines in Table 1. We find that it outperformed other self-supervised
baselines on TapVid-Kubric and TapVid-DAVIS and have competitive numbers
with several supervised methods, such as TAP-Net. We evaluate our method
at a stride s = 1 for chained setting and s = 2 for direct setting, except for
the TapVid-RGB-Stacking benchmark, where we find the best performance at
s = 4 (perhaps because the highly synthetic nature of the videos leads to local
ambiguity). Among other self-supervised methods, CRW operates at the patch
level, so the correspondence we get is very coarse and does not work well when
evaluated for tracking. DIFT outperforms CRW, but fails to outperform other
self-supervised methods, possibly because DIFT’s text-to-image diffusion fea-
tures rely on the semantics of the image to find correspondence, but tracking
requires relying on low-level motion cues to find correspondences.
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Fig. 4: Qualitative results. We show qualitative results for TapVid-DAVIS videos
and compare them with DIFT and RAFT. DIFT relies on semantic correspondences
and often loses the point of interest when motion occurs in the video. RAFT produces
accurate movements for several tracks but suffers from drifting of points when the pre-
dictions are chained over a long period. In the first video, our method can track points
accurately over the long timesteps. RAFT, on the other hand, loses current locations
for 2 query points and latches on points on the ground and starts tracking them. In the
other 2 videos as well, our method works better than RAFT and DIFT. DIFT produces
inaccurate tracks that do not capture motion well. RAFT being accurate most of the
time, loses track of points close to the boundary.
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Fig. 5: Optical flow visualization. Although our method is not trained for the
optical flow prediction task, it is able to produce reasonable flow outputs over multiple
timesteps. RAFT produces high quality flows as it is an optical flow method trained
for this objective. DIFT predicts inaccurate flow which are spotty in nature, suggesting
that it relies on finding semantic correspondence for certain points in the image, instead
of relying local motion cues.

Qualitative results. We show qualitative results on tracking in Figure 4 and
optical flow in Figure 5 and compare them with DIFT and RAFT. Our method
is able to produce reasonable tracks for long time horizon and works better than
DIFT and RAFT. Even though our method is not supervised for the optical flow
task, it is still able to produce reasonable-quality flow maps.

5.2 Model variations and ablations

We investigate our model’s components in Table 2. First, we distinguish between
the performance of our architecture versus our learning procedure. To test this,
we train our global matching-based architecture (Sec. 3.1) by training a super-
vised variant of our model (evaluated at stride s = 4). Our training setup closely
follows TAP-Net [7]. We randomly sample 2 frames from a TapVid-Kubric train-
ing video and supervise the estimated motion (Eq. 1) using the ground truth,
using a scaled Huber loss. We compare with TAP-Net as it is modeled with a
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similar setup as ours without multi-scale features and spatial-temporal iterative
refinement. We see that the performance of our supervised model is better than
TAP-Net on TAPVid-Kubric and TAPVid-DAVIS. These results suggest that
the architecture is capable of obtaining tracking results that are on par with
other supervised architectures that have been proposed for TAP.

Next, we evaluate the different components of our approach. We train our self-
supervised model on the Kubric dataset without label warping, finding that it
performs poorly. This suggests that it can find shortcuts using positional embed-
dings without learning meaningful representations. After adding label warping,
we see a large boost in performance. Next, we train our model with smoothness
loss in addition to cycle consistency and see a small improvement in performance.
Interestingly, this is in contrast to Bian et al. [2], which found the smoothness
loss to be critically important. We hypothesize that this is due to our use of
global matching, rather than the coarse-to-fine search used in [2]. The latter
may implicitly require neighboring pixels to match to similar locations, since
the finer scales are obtained by warping a feature map [3] using the estimated
optical flow of each pixel’s neighbors. This highlights a potential advantage of
our network architecture.

Next, to test the effect of stride in training, we lower the training stride from
s = 4 to s = 2 and see that we obtain a minor performance improvement. Finally,
we trained our model with all components on the Kinetics 400 dataset and see
that performance improves slightly on TAPVid-DAVIS, while decreasing for the
TAPVid-Kubric dataset. This suggests, first, that our model can successfully
be trained using unlabeled in-the-wild video, rather than the synthetic datasets
used in existing supervised learning work. Second, since the improvement was for
a dataset of real videos (DAVIS) and decreased performance was for a synthetic
dataset (Kubric), this may suggest that it is beneficial to match the distribution
by training on real video.

6 Conclusion

In this paper, we present a simple, self-supervised model for addressing long-
range tracking for the Tracking Any Point task. We adapt the global match-
ing transformer architecture to training via the contrastive random walk. Our
approach significantly outperforms previous self-supervised approaches on the
TAP-Vid benchmark, obtaining performance that on some metrics is close to
that of supervised TAP-Net [7]. While our model can handle occlusions to some
degree using cycle-consistency, we did not design our model to handle occlusion
explicitly. It also does not have the capability to track pixels through occlusions.
We see this work as a step towards building tracking methods trained using self-
supervised learning, and to creating computer vision models that learn at scale
from unlabeled data.
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