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Abstract

Recent approaches to point tracking are able to recover
the trajectory of any scene point through a large portion of
a video despite the presence of occlusions. They are, how-
ever, too slow in practice to track every point observed in
a single frame in a reasonable amount of time. This paper
introduces DOT, a novel, simple and efficient method for
solving this problem. It first extracts a small set of tracks
from key regions at motion boundaries using an off-the-shelf
point tracking algorithm. Given source and target frames,
DOT then computes rough initial estimates of a dense flow
field and visibility mask through nearest-neighbor inter-
polation, before refining them using a learnable optical
flow estimator that explicitly handles occlusions and can
be trained on synthetic data with ground-truth correspon-
dences. We show that DOT is significantly more accurate
than current optical flow techniques, outperforms sophis-
ticated “universal” trackers like OmniMotion, and is on
par with, or better than, the best point tracking algorithms
like CoTracker while being at least two orders of magnitude
faster. Quantitative and qualitative experiments with syn-
thetic and real videos validate the promise of the proposed
approach. Code, data, and videos showcasing the capabili-
ties of our approach are available in the project webpage.'

1. Introduction

A fine-grain analysis of motion is crucial in many appli-
cations involving video data, including frame interpola-
tion [27, 40], inpainting [39, 74], motion segmentation [11,
69], compression [ 1, 44], future prediction [37, 65], or edit-
ing [34, 70]. Historically, most systems designed for these
tasks have heavily relied on optical flow algorithms [18, 59,
60] with an inherent lack of robustness to large motions or
occlusions [19], confining their use of context to a handful
of neighboring frames and limiting long-term reasoning.
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Figure 1. DOT unifies point tracking and optical flow techniques.
From a few initial tracks, it predicts dense motions and occlusions
from source to target frames. We represent tracks in white, occlu-
sions with stripes, and motion directions using distinctive colors.

Lately, point tracking methods [16, 17, 22, 33, 72] have
emerged as a promising alternative. They are, in most cases,
able to track any specific point through a large portion of a
video, even in the presence of occlusions, successfully re-
taining more than 50% of initial queries after thousands of
frames [72]. Yet, these methods remain too slow and mem-
ory intensive to track every individual point in a video, that
is, to obtain a set of tracks dense enough to cover every pixel
location at every time step. This computational hurdle has
thus far limited the widespread adoption of point tracking as
a viable replacement for optical flow in downstream tasks.

The inefficiency of point tracking methods [16, 17, 22,
72] arises from their independent processing of individual
tracks. In a recent study [33], Karaev ef al. shed light on
a related issue: tracking individual queries independently
lacks spatial context. Their approach, CoTracker, tracks
multiple points together to exploit the correlations among
their trajectories. In some cases, performance drops when
the number of simultaneous tracks increases too much, thus
preventing solutions which are both fast and accurate.

19187



In this paper, we take this concept one step further by
tracking every point in a frame simultaneously. Our ap-
proach, DOT, connects the dots (hence its name) between
optical flow and point tracking methods (Figure 1), enjoy-
ing the spatial coherence of the former and the temporal
consistency of the latter. Our contributions are as follows:

* We introduce DOT, a novel, simple and efficient approach
that unifies point tracking and optical flow, using a small
set of tracks to predict a dense flow field and a visibility
mask between arbitrary frames in a video.

¢ We extend the CVO benchmark [64] with 500 new videos
to enhance the assessment of dense and long-term track-
ing. The new videos are longer and have a higher frame
rate than existing ones, for more challenging motions.

* We use extensive experiments on the CVO and TAP
benchmarks [16, 64], with quantitative and qualitative re-
sults, to demonstrate that DOT significantly outperforms
state-of-the-art optical flow methods and is on par with, or
better than, the best point tracking algorithms while being
much faster at dense prediction (x100 speedup).

2. Related work

Optical flow estimation has traditionally been addressed
using variational methods [23] to minimize an energy func-
tion enforcing spatial smoothness and brightness constancy
constraints. Several works have focused on adapting this
to long-range motions, including coarse-to-fine warping
strategies [2, 48, 51], a quadratic relaxation of the origi-
nal problem [57], non-local regularization [36, 53], nearest-
neighbor fields [3, 4, 10, 24], and methods relying on local
feature matching [5, 25, 55, 63, 66].

DOT builds on these classical methods, also refining
dense motions from sparse correspondences, but using point
tracking instead of local feature matching. Recently, super-
vised approaches trained on synthetic data [7, 18, 21, 47]
have emerged as a powerful alternative to variational meth-
ods. DOT also benefits from these advances.

Optical flow in the deep learning era. FlowNet [18, 28]
was the first convolutional neural network used to directly
predict optical flow from image pairs. Several classi-
cal ideas have been used to enhance accuracy. For in-
stance, SPyNet [54] incorporates a feature pyramid [6],
and DCFlow [68] uses 4D cost volumes to compute cor-
relations between every pair of patches across successive
frames, similar to [5]. PWC-Net [59] combines the two
ideas. SF-Net [73] builds upon sparse-to-dense methods.
RAFT [60] uses a recurrent neural network to progressively
refine the flow by iterative look-up in the cost volumes.
Lately, transformer-based approaches [26, 29, 31, 58, 67]
have been used to model long-range dependencies and iden-
tify similarities between remote patches in pairs of frames.

Contrary to these methods that only consider pairs of iso-

lated frames, DOT takes full videos as input. We show that
temporal information helps handling occlusions, enhances
robustness in the presence of large displacements, and dis-
entangles the motions of objects with similar visual charac-
teristics, in particular for distant frames.

Optical flow across distant frames has been approached
as an interpolation problem given a sparse set of trajectories
extracted from a video [20]. Another early attempt [41] in-
volved computing the flow between consecutive frames us-
ing the Lucas-Kanade algorithm [45], then deducing long-
term motions using forward flow accumulation. Since then,
various approaches following the idea of chaining flows
estimated between consecutive (or distant) frames have
emerged [13, 14, 30, 50, 64]. Among them, AccFlow [64]
introduces a backward accumulation technique, more ro-
bust to occlusions than forward strategies. MFT [50] iden-
tifies the most reliable chain of optical flows by predicting
uncertainty and occlusion scores. Iterative methods, such
as RAFT and its variants [31, 58, 60], can be employed
to warm-start the estimation of optical flow between dis-
tant frames. Recently, OmniMotion [62], an optimization
technique that relies on a volumetric representation, akin to
a dynamic neural radiance field [49], have been proposed
to estimate motion across every pixel and every frame in
a video. Similar ideas have also been applied to tracking
points in 3D in a multi-camera setting [46].

DOT uses a different strategy, relying on off-the-shelf
point tracking algorithms to predict dense and long-term
motions, much faster than the per-video optimization tech-
nique in OmniMotion [62] and less prone to error accumula-
tion than chaining methods like AccFlow [64] or MFT [50].

Point tracking is closely related to optical flow. Given a
pixel in a frame, it predicts the position and visibility of
the corresponding world surface point in every other frame
of the video. This task has gained significant attention re-
cently, particularly with the introduction of the TAP bench-
mark and the associated TAPNet baseline [16]. Numer-
ous methods have since emerged in this domain. Persistent
independent particles (PIPs) [22] is a method that tracks
points even under occlusion, drawing inspiration from the
concept of particle video [56], which lies midway between
optical flow and local feature matching. TAPIR [17] com-
bines the global matching strategy of TAPNet with the re-
finement step of PIPs. PIPs++ [72] significantly extends the
temporal window of PIPs, enhancing its robustness to long
occlusion events. In contrast to previous methods which
track one query at a time, CoTracker [33] uses a few addi-
tional tracks as context, resulting in improved performance.
DOT takes this concept a step further by predicting the
motion of all points in a frame simultaneously, making it
significantly more efficient (at least x100 speedup) than
point tracking methods applied densely, while matching or
surpassing their performance on individual queries.
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Figure 2. Dense optical tracking. Our approach, DOT, takes
a video as input and produces dense motion information between
any pair of source and target frames X s / X as an optical flow map
Fs_.; and a visibility mask M,_;. We first track the 2D position
and the visibility (x: visible, 0: occluded) of a small set of phys-
ical points throughout the video. These are sampled preferably
from key regions at motion boundaries (shown in grey). We de-
duce motion estimates FC, / M2, by using all the tracks whose
associated point is visible at s, noted Vi, to initialize their nearest
neighbors, forming Voronoi cells. We finally refine these estimates
with optical flow techniques, using the frames X and X;.

3. Method

Overview. We consider a sequence of RGB frames X; (¢
in1...7)in RY*#*3_ Given source and target time steps
(s,t), our goal is to predict for each pixel position (x,y) in
the source frame X the visibility v (0 if occluded and 1 if
visible) and the 2D location (z + Az, y + Ay) of the corre-
sponding physical point in the target frame X;. We repre-
sent these dense correspondences between source and target
as a flow F,_; in RW*H*2 where F, ;(x,y) = (Ax, Ay)
and a mask M,_; in {0, 1}">*H where M,_;(z,y) = v.
Our approach to dense optical tracking (DOT), illus-
trated in Figure 2, is composed of the following modules:
* Point tracking. To accommodate long-range motions,

we first compute N tracks using an off-the-shelf point
tracking method [17, 33, 72] on all frames of the video.
The number N is kept low (~10%) compared to the num-
ber HW of pixels (~10°) to limit computation and al-
low fast inference. A point ¢ in 1... N tracked at time
tin 1...7T is denoted by pi = (x%,y!, vi), with position
(z%,y!) in R?, and visibility v{ in {0, 1}. We also denote
by P, = {pi |ie[1...N]} the set with all the points at ¢.

* Interpolation. Tracks offer sparse correspondences be-
tween s and ¢t. We deduce initial flow and mask esti-
mates, IO, and M?_,, using nearest-neighbor interpo-
lation: we associate with every pixel in the source frame
X the nearest track ¢ among those visible at s, noted V5,
and use the position and visibility of the correspondence
(p%, p?) to initialize the flow and the mask respectively.

* Optical flow. We refine these estimates into final pre-
dictions, F_,; and M,_,,, with an optical flow method
inspired by RAFT [60] which uses the source and target
frames, X and X4, to account for the local geometry of
objects. We obtain dense tracks by considering all frames
as target for a given source, e.g., setting s to 1 and using
tin {2...T} to get all tracks from the first frame.

These components and the corresponding training processes

are described in more detail in the following paragraphs.

3.1. Overall approach

Point tracking. Not all tracks are equally informative and
point tracking is computationally intensive, so we sample
tracks more densely in regions undergoing significant mo-
tions or likely to become occluded. These are often local-
ized around the edges of moving objects, at the boundary
between pixels with significant motions and others which
are either just dis-occluded or soon to be occluded. We find
these regions by running a pre-trained optical flow model on
consecutive frames of the video and then applying a Sobel
filter [32] to detect discontinuities in the flow.

Given a budget of N tracks, our sampling strategy con-
sists in initializing half of the tracks randomly near flow
edges (up to 5 pixels from an edge) and sampling the re-
maining ones in the entire image. It is important to empha-
size that our approach is agnostic to the choice of a specific
point tracking method, so it will also benefit from ongoing
advancements in this rapidly evolving research field.

Interpolation. We initialize coarse motion and visibility es-
timates, F, and M?_,, between source and target at a
reduced spatial resolution W /P x H/P where P is some
constant (P=4 in practice). These are derived from the N
input tracks using the nearest visible track for every position

(x,y) in [P,2P,..,W] x [P,2P, .., H] in the source frame:

Ms»t(mvy) = Uzv
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with i = argmin;y. |[(2,47) - (x,y)|l2 and where V; =
{j ¢ 1.N | vj = 1} designates all the points which are
visible at time s. Nearest neighbors of these points form
Voronoi cells in the image plane, see Figure 2.

Optical flow. The estimates F_, and M?_, are inherently
imprecise, particularly for points distant from the input
tracks. We refine them using an optical flow method.

As in RAFT [60], we extract coarse features Y (resp.
Y;) in RW/P<H/PXC for the source (resp. target) frame
X (resp. X3) using a convolutional neural network. We
then compute the correlation between features for all pairs
of source and target positions at different feature resolution
levels, yielding a 4D correlation volume for each resolu-
tion level. The flow is progressively refined by repeating K
times the following procedure (K =4 in practice): Let F¥_,
be the estimate at the iteration k. For each source position,
we sample the correlation volume at different target posi-
tions laid on a regular grid centered at the position indicated
by FF,,. The similarity of each source point with a local
neighborhood around its current target correspondence is
then fed to a recurrent neural network [12] to predict F**1.
‘We obtain the flow F\S_,t from the final estimate Fs]it using
the upsampling operation introduced in RAFT [60].

Our model differs from RAFT [60] in that we have a
meaningful initialization for the flow F_, instead of a zero
motion. Moreover, we handle occlusions by refining a mask
M,_,, from the coarse estimate )/ Y, along with the flow.
We note that the predicted mask J\//fs% is a soft estimate
which may be turned into a binary one by thresholding with

a fixed scalar 7 for every position (7=0.8 in practice).

3.2. Training process

We use an off-the-shelf model for point tracking (e.g., [17,
33, 72]) and freeze the corresponding parameters during
training. The interpolation is a parameter-free operation.
Therefore, among the three components of our approach,
only the optical flow module requires training.

Objectives. The parameters of DOT are optimized by min-
imizing the sum of two objective functions: a motion re-
construction objective which is the L, distance between the
predicted and the ground-truth flows, and a visibility pre-
diction objective which is the binary cross entropy between
the predicted and the ground-truth masks.

Optimization. DOT is trained on frames at res. 512 x 512
for 500k steps with the ADAM optimizer [35] and a learn-
ing rate of 10™* using 4 NVIDIA V100 GPUs. Given the
practical challenge of gathering and storing dense ground
truth across different time horizons, e.g., a single flow map
represents 262,144 correspondences at this resolution, we
only compute the training objectives on a few of these cor-
respondences. Specifically, we train using N=2048 tracks
from CoTracker [33] as input (see ablations with other

methods in Table 3), and use another NV ground-truth tracks
(synthetically generated) for supervision. At inference, we
adjust IV to trade motion prediction quality for speed (Ta-
ble 4). Further implementation details are presented in Ap-
pendix A-B. For reproducibility, code, data and pretrained
models are publicly available in our project webpage.

4. Experiments

Optical flow baselines include RAFT [60] and GMA [31],
methods which directly predict the motion between pairs
of distant frames. We also employ these methods as warm
starts, represented by (&) in our tables and figures, where
the flow between neighboring frames serves as an initializa-
tion for estimating the flow between more distant frames.
Another strategy, represented as (¢?), is to chain optical
flows computed for adjacent frames. We also compare to
AccFlow [64], a backward accumulation method for esti-
mating long-range motions, MFT [50], an advanced method
for chaining optical flows, and OmniMotion [62], a method
which regularizes optical flow by constructing a volumetric
representation. All three methods build upon RAFT [60].

Point tracking baselines. We explore the direct exten-
sion of sparse methods to predict dense motions by apply-
ing them at every pixel. Specifically, we use PIPs [22],
PIPs++ [72], TAP-Net [16] and TAPIR [17], all of which
track individual point independently. We also consider Co-
Tracker [33], which enables the simultaneous tracking of
multiple points in two different modes: The first processes
batches of points spread over the image and is hence effi-
cient. The second one, which we denote as (%), is specifi-
cally optimized for individual point queries, by incorporat-
ing a context of local and global points solely for inference,
discarding them afterwards. While the latter improves pre-
cision, it does so at the expense of considerably slower pro-
cessing, making it impractical for dense prediction. Karaev
et al. use the first version for visualizations and the second
for quantitative evaluations [33]. Given their significant dif-
ferences, we treat them as distinct approaches.

Datasets. Like others, we train and evaluate our method us-

ing data generated with Kubric [21], a simulator for realistic

rendering of RGB frames along with motion information,
featuring scenes with objects falling to the ground and col-
liding with one another. We consider different datasets:

* MOVi-F Train. This set is composed of approximately
10,000 videos, each containing 24 frames rendered at 12
frames per second (FPS). The videos are equipped with
point tracks, primarily sampled from objects and, to a
lesser extent, from the background. Our method and point
tracking baselines [16, 17, 22, 33] train on this data, or
close variations thereof. We note that PIPS++ [72] uses
data from a different simulator called PointOdyssey, fo-
cusing on long videos with naturalistic motion.
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Table 1. Motion prediction on the CVO benchmark. We evaluate dense predictions between the first and last frames of videos. We
report the end point error (EPE) of flows for all pixels (all), visible (vis) and occluded ones (occ), the intersection over union (IoU) of
occluded regions, and the average inference time per video (in seconds). We also indicate the number N of tracks for different methods.

Method CVO (Clean) CVO (Final) CVO (Extended)
EPE | (ail/vis/occ) IoU 1 EPE | (all/vis/occ) IoU TTime*i EPE | (all/vis/occ) IoU 1 Time |
RAFT [60] - 2.82/1.70/8.01 58.1 288/1.79/7.89 572 0.166 28.6/21.6/41.0 61.7 0.166
% GMA [31] - 290/191/7.63 609 292/1.89/7.48 60.1 0.186 30.0/22.8/42.6 61.5 0.186
= RAFT (¢) [60] - 248/140/742 57.6 263/157/750 56.7 0.634 21.8/154/33.4 650 4.142
.§ GMA (@) [31] - 242/1.38/7.14 60.5 257/152/722 59.7 0.708 21.8/157/32.8 65.6 4.796
8‘ MFT [50] - 291/1.39/993 194 3.16/156/10.3 19.5 1350 21.4/9.20/41.8 37.6 18.69
AccFlow [64] - 1.69/1.08/4.70 48.1 1.73/1.15/4.63 475 0.746 36.7/28.1/529 36.5 5.598
= %‘) PIPs++ [72] 262144 9.05/6.62/21.5 333 949/7.06/220 327 9743 18.4/10.0/32.1 58.7 1922.
5% TAPIR[17] 262144 3.80/1.49/14.7 73,5 4.19/186/153 724 131.1 19.8/4.74/425 68.4 848.7
£ CoTracker [33] 262144 1.51/0.88/4.57 755 1.52/093/438 753 1735 5.20/3.84/7.70 70.4 1645.

1024 1.36/0.76/426 80.0 143/0.85/429 79.7 0.864 528/3.78/7.71 70.8 5.234
2048 1.32/0.74/4.12 804 1.38/0.82/4.10 80.2 1.652 5.07/3.67/734 71.0 9.860

Dense optical
tracking (DOT)

4096 1.29/0.72/4.03 804 1.34/0.80/3.99 804 3.152 498/3.59/717 711 19.73

N

“%”": the time is the same for Clean and Final sets.
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Figure 3. Qualitative samples on the CVO benchmark. We show the predicted flow (1st/ 3rd rows) and visibility mask (2nd / 4th rows)
between the first and last frame of different videos of the Final test set. We also report inference time. Optical flow methods produce
smooth motion estimates but miss important object regions. Point tracking methods, PIPS++ and TAPIR, are more accurate but tend to
produce noisy estimates. CoTracker improves on this aspect by processing multiple point tracks simultaneously instead of one at a time,
but we still observe some artifacts when zooming in. DOT combines the benefits of both optical flow and point tracking approaches.

¢ CVO Train [64]. This set has around 10,000 videos, with
7 frames rendered at 60 FPS. The videos come with bidi-

FPS.2 We also introduce the Extended CVO set, with an-
other 500 videos of 48 frames rendered at 24 FPS. This

rectional optical flow information for adjacent frames and
between the first frame and every other frame. Our optical
flow baselines [31, 60, 64] use this data for training.

new set is designed to assess longer videos with more
challenging motions. All sets provide the optical flow and
visibility mask between the first and last frame of videos.

* CVO Test [64]. There were originally two test sets, Clean
and Final, with the latter incorporating motion blur. Each
of them contains around 500 videos of 7 frames at 60

2We use a curated version of this dataset since in its original release it
contained a few scenes with erroneous optical flows (for 25 videos). Our
full data curation pipeline is detailed in Appendix H.
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Table 2. Motion prediction on the TAP benchmark. We evaluate trajectories spanning the whole video for specific points. We report
average jaccard (AJ), position accuracy (<d,,), and occlusion accuracy (OA). For completeness we include single-point methods optimized
for individual test queries, but report their performance separately since they are not strictly comparable when evaluating dense predictions.

DAVIS (First)

DAVIS (Strided)

RGB-S. (First) RGB-S. (Strided) Kinetics (First)

Method :
Al1 <8%,1 OA1 AJ1 <05,1 OAt AJf <62,1 OA1 AJ1 <85, OAt AJt <05, 1 OA1
TAP-Net [16] 33.0 48.6 78.8 384 531 823 535 681 863 599 728 904 385 544 80.6
%)0 PIPs [22] 422 648 777 524 70.0 83.6 - - - - - 317 537 729
& TAPIR[17] 562 700 865 613 73.6 888 555 69.7 830 627 746 916 49.6 642 B850
CoTracker (*) [33] 60.6 754 893 648 79.1 887 654 791 910 736 845 945 487 643 86.5
RAFT (&) [60] - - - 30.0 463 179.6 - - - 440 586 904 - - -
o OmniMotion [62] - - - 51.7 675 853 - - - 775 87.0 935 - - -
§ MFT [50] 473 668 778 56.1 70.8 869 - - - - - - 39.6 604 727
B CoTracker [33] 569 74.1 844 61.1 774 858 67.7 807 90.8 74.1 852 923 448 632 812
DOT (ours) 60.1 745 89.0 659 792 902 771 877 933 834 914 957 484 63.8 852
- 3 L‘ TTTT e T T TTTIIN TTTT i as separately for visible (vis) and occluded (occ) pixels.
i"’ R‘AF%}‘MA Rl\/{ll?% ¢ * Intersection over union (IoU) between predicted and
S25( s GMA((O)) . ground-truth occluded regions in visibility masks.
t * » Computational efficiency as the average inference time
o 2 JiecFlow L ek i required to produce the mask and flow between the first
% 1.5 *.k * DOT o and last frame of one video using an NVIDIA V100 GPU.
T — Some methods may exclusively produce flow predictions so
1‘(‘)” e 19 e ‘1‘0‘ e HHIH? _ we estimate the visibility mask by doing forward-backward
g Ac C?:] i consistency checks on the predicted flow. This involves pro-
§ 301 ¢ MA = cessing videos a second time by flipping their temporal axis.
§ 90 Il RAFT (&) EMA (‘.') TAI:IR i We follow the standard evaluation protocol for TAP [16]
L;’ PIPS+% and report occlusion accuracy (OA), position accuracy for
LS 100 DOT Coliie ] visible points averaged over different threshold distances
B L Rk Rk Hmf e (<5ff\,g), and average jaccard (AJ) which combines both.
107! 10° 10t 102 10®

Inference time in seconds for one video (log scale)

Figure 4. Performance vs speed on the CVO benchmark. DOT
reaches different trade-offs by setting the number N of initial
tracks to different values in [256,512,1024,2048, 4096, 8192].
We observe that our method improves over all approaches while
keeping a speed similar to state-of-the-art optical flow techniques.

We further evaluate DOT and other approaches on the TAP
benchmark [16]. It provides ground-truth tracks for various
types of scenes, including real-world videos: DAVIS [52],
with 30 videos (~100 frames each) featuring one salient ob-
ject; Kinetics [9], with over 1,000 videos (250 frames each)
representing various human actions; RGB-Stacking [38],
with 50 synthetic videos (250 frames each) in a robotic en-
vironment with textureless objects and frequent occlusions.

Evaluation metrics. We measure computational efficiency

and the quality of dense motion predictions between the first

and last frames of videos using the following metrics:

* End point error (EPE) between predicted and ground-
truth flows. We give mean EPE for all pixels, as well

4.1. Comparison with the state of the art

CVO. Results in terms of EPE and IoU on the CVO test sets
in Table 1 show that DOT significantly improves over opti-
cal flow baselines. In particular, on the Extended set, with
large motions and long occlusion events, DOT reduces by a
factor 4 the EPE and yields relative improvements of more
than 8% in IoU compared to these methods. DOT also out-
performs point tracking baselines while being at least two
orders of magnitude faster. These methods are slow, even
when parallelizing computations on GPU, as they are ap-
plied to every of the N = 512 x 512 = 262144 pixels in
a frame. DOT, in contrast, is flexible as it may trade mo-
tion prediction quality for speed by adjusting the number
N of initial point tracks. See also Appendix E for visual
comparisons by taking different values for N. Figure 4
shows that DOT yields the best possible trade-offs. DOT
even improves over input tracks. By extracting 1024 tracks
with CoTracker, we obtain 10.6% (resp. 7.1%) relative im-
provements on EPE (resp. IoU) on the Final set on the same
tracks after refining them with DOT. Qualitative samples in
Figure 3 show the superiority of DOT over prior works.
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Figure 5. Qualitative samples on the TAP benchmark. We compare various methods by tracking all points in the first frame of videos
from the DAVIS dataset. Only foreground points are visualized, each depicted with distinctive colors, and overlayed with white stripes
when occluded. We also indicate the time for each method to process a 480p video of 50 frames on an NVIDIA V100 GPU. In the “Hike”
video, our method, DOT, stands out by successfully tracking both legs as the person walks. DOT has robust performance under occlusion,
as shown in the “Duck” video where the animal changes sides. In contrast, MFT lose sight of the object, showing the limitations of optical
flow methods under occlusion. OmniMotion does not account for the rotation of the object. CoTracker successfully tracks the object but
fails to predict occlusions, showing the limitations of point tracking methods overly reliant on local features, especially when different
parts of an object look similar. DOT handles videos with small objects or atmospheric effects like smoke, like in the “Drift” video. Other
methods tend to miss object parts in similar conditions. Please zoom in for details and refer to the videos in the supplemental materials.

TAP. DOT predicts dense motions, without knowing which
points will be used for testing, as opposed to single-point
tracking techniques, optimized for specific test queries. Re-
markably, even under this challenging setting, DOT is com-
petitive with the best-performing single-point tracking al-
gorithms across all of the TAP benchmark test sets, see Ta-
ble 2. DOT even slightly improves over the state of the art
on DAVIS (strided), and achieves a substantial advantage
on RGB-Stacking, with over 13% relative increase in av-
erage jaccard (AJ) compared to single-point methods. Its
success lies in its ability to handle textureless objects effec-
tively, whose lack of distinctive local features make them
challenging for point tracking approaches. The optical flow
component in our approach allows us to rely on a broader
context, thereby significantly enhancing motion predictions
for such objects. Furthermore, DOT performs significantly
better than dense methods which, like our method, are not
optimized for specific test queries. The relative improve-
ments range from 6% to 15% in average jaccard (AJ), up

to 9% in position accuracy (d,,) and up to 5% in occlu-

sion accuracy (OA) compared to the previous state of the
art. Qualitative results on real data in Figures 5-6, in Ap-
pendix C and G, and videos in our project webpage show the
significant improvements achieved by our method in terms
of spatial consistency, robustness to occlusions and appear-
ance changes compared to the state of the art.

4.2. Ablation studies

Effect of the method used to extract sparse correspon-
dences. We compare the performance of DOT when dif-
ferent methods are used to extract input correspondences
in Table 3. We explore local feature matching techniques
which produce correspondences between pairs of images.
Although they allow fast computations, such methods may
produce incorrect matches when parts of different objects
present important similarities [8]. Moreover, they do not
handle occlusions, with points required to be visible in both
images, and are not very robust to motion blur. We found
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Table 3. Effect of the method used to extract sparse correspon-
dences. Feature matching is done with LightGlue [42] using dif-
ferent types of local features. We compare the performance of
DOT on the CVO (Final) test set when fed with N=1024 corre-
spondences extracted with different methods. For fair comparison,
we do not do in-domain training (no specialization to any particu-
lar input), and we use the same densification model and the same
sampling strategy (i.e., the one from Section 3.1) for all methods.

Method EPE | (all/vis/occ) ToU 1 Time |
o = SIFT[43] 109/9.15/195 319 1.022
£ £ DISK[6]] 109/881/212 329 0362
5 £ ALIKED [71] 955/7.17/21.0 344 0282

£ SuperPoint [15] 8.76/620/21.0 367 0.244
_ 2 PIPs++[72] 730/4.92/195 480 4.102
5% TAPIR [17] 4.00/1.82/143 702 0.668
® £ CoTracker [33] 1.89/1.27/4.99 709 0.864

Figure 6. Preservation of local structure. We compare Co-
Tracker and DOT on the “Lab-coat” video from the DAVIS
dataset. We represent foreground points in the source frame (s=1)
using distinctive colors, and visualize predicted tracks for the tar-
get frame (¢=40) with the same colors: we show the mesh obtained
by connecting each point at time ¢ to its cardinal neighbors from
time s. DOT preserves local structure much better than CoTracker.

that resulting correspondences are not well distributed, i.e.,
essentially on the background, as illustrated in Appendix F.
Conversely, point tracking methods solve this issue by
leveraging temporal information, leading to notable im-
provements. Among these methods, we have opted for the
efficient variant of CoTracker [33] since it provides superior
motion reconstructions at a reasonable processing speed.

Ablations of the core components of our approach are
in Table 4, with one component removed at a time. Using
visibility information from tracks slightly improves motion
predicition (EPE) and visibility prediction (IoU). We com-
pare randomly sampling tracks to our motion-based strategy
and observe that the latter yields more informative tracks.

Table 4. Ablations of the core components of our approach. We
remove components one at a time and rank them from the least
to the most significant in terms of flow and mask reconstruction
quality on the CVO (Final) test set. We use N=1024 input tracks.

Method EPE | (all/ vis/occ) IoU 1

Dense optical tracking (DOT) 1.43/0.85/4.29 79.7
- No use of visibility info from tracks 1.46/0.87/4.31 789
- No motion-based sampling of tracks 1.50/0.90/4.45 79.2
- Patch size of 8 instead of 4 1.60/1.02/445 76.8
- No in-domain training 1.90/1.27/5.00 70.8
- No track-based estimates 2.88/1.79/7.89 572

- No optical-flow refinement 3.19/2.48/6.79 545

We find that changing the patch size for flow refinement
from P=8 to P=4, effectively doubling the resolution of the
features, improves performance. A more detailed analysis
is in Appendix D. In-domain training, i.e., specializing our
densification model to noisy estimates from a specific point
tracking model, as opposed to training with ground-truth
tracks as input, is also helpful. Moreover, relying solely on
the optical flow component of our approach for a pair of
source and target frames, without incorporating track-based
estimates, results in much worse performance. Similarly,
maintaining the same number of input tracks but omitting
optical flow refinement does not yield satisfactory results.

5. Conclusion

We have introduced DOT, an approach for dense motion
estimation which unifies optical flow and point tracking
techniques, effectively leveraging the strengths from both:
reaching the accuracy of the latter with the speed and spa-
tial coherence of the former. Like any other approach, it, of
course, may fail due to extreme occlusions, fast motions, or
rapid changes in appearance. DOT is agnostic to the choice
of a specific point tracking algorithm, so future advances in
this field will directly benefit our approach. We believe that
the efficiency of DOT holds the potential to drive substantial
progress across various downstream applications.
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