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Abstract

We introduce ITTO, a challenging new benchmark suite for evaluating and diag-
nosing the capabilities and limitations of point tracking methods. Our videos are
sourced from existing datasets and egocentric real-world recordings, with high-
quality human annotations collected through a multi-stage pipeline. ITTO captures
the motion complexity, occlusion patterns, and object diversity characteristic of
real-world scenes — factors that are largely absent in current benchmarks. We
conduct a rigorous analysis of state-of-the-art tracking methods on ITTO, breaking
down performance along key axes of motion complexity. Our findings reveal that
existing trackers struggle with these challenges, particularly in re-identifying points
after occlusion, highlighting critical failure modes. These results point to the need
for new modeling approaches tailored to real-world dynamics. We envision ITTO
as a foundation testbed for advancing point tracking and guiding the development
of more robust tracking algorithms.

() Data & Code: [github.com/ilonadem/itto

¥, Data & Dataset Card: huggingface.co/datasets/demalenk/itto-dataset
& Project Website: https://glab-caltech.github.io/ITTO/

1 Introduction

Motion underlies the physical world. Understanding how objects move over time is critical for
downstream applications in robotics, video-scene understanding, and human-computer interaction. In
this paper we investigate this through point tracking in videos, or estimating point locations across
frames containing dynamic objects. This is a hard problem; real-world settings contain complex
non-rigid body motions, objects disappear and reappear again in varying locations, and cameras move
during data capture. A plethora of methods have been proposed to tackle these challenges, from
feed-forward transformers that process temporal sequences [17, 8} 3} 9, 18, [21]] to dynamic memory
banks that encode motion and appearance history [[1]. Yet, performance is reported on simplistic
benchmarks, hindering progress and preventing a clear understanding of the methods’ failure modes.

Existing real-world datasets such as the popular TAP-Vid Davis [[7] contain relatively simple scenes:
typically one or two moving foreground objects, simple camera motions, few occlusions, and of short
duration (< 100 frames per video). TAP-Vid Kinetics, another popular benchmark sourced from
YouTube videos, has spatio-temporally sparse annotations with 88% of tracks being slow or static.
DynamicReplica [18] and PointOdyssey [37] are longer range and of increased motion complexity,
but contain only synthetic videos that fall far from the nature and diversity of motion in the real world.
Crucially, metrics reported on all these datasets fail to capture why and when models fail; an inability
to track through occlusions is entangled with failure to bind to specific object features and inability to
distinguish between similar points. However, understanding when and why a tracking model breaks
is essential in improving its performance and deploying it in the real world.

*Equal contribution.
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Figure 1: Overview of ITTO benchmark vs. other benchmarks. ITTO has more objects per video,
highly deformable objects (such as umbrella opening and closing in top row) and all phenomena
of the real world (significant % of moving tracks, and high track reappearance count). SOTA
tracking methods perform worse on ITTO compared to the existing benchmark; e.g. CoTracker3
performance drops from 61.8 to 35.5 for Average Jaccard (AJ) and from 76.1 to 47.1 for

In our work we consider the problem of tracking over explicit complexity axes, which we de-
fine as videos with substantial changes in appearance, motion patterns, high object disappear-
ance/reappearance, and significant camera displacement. To this end, we present a new benchmark,
ITTO, which consists of real-world videos sourced from a variety of monocular and egocentric
datasets. We show that ITTO covers the diversity and nuance of the real-world and is significantly
more challenging than all existing benchmarks, with 14x as many per-track reappearances, 4.5 x
as many moving points, and 2x as many tracked objects per video. We show an overview of ITTO
together with a comparison to state-of-the-art tracking benchmarks in Figure[T}

We intend for ITTO to be used as a testing suite for diagnosing the strengths and limitations of
any tracking model in real-world scenarios. We use ITTO to conduct a rigorous analysis of current
state-of-the art 2D and 3D trackers, and report performance along each axis of motion complexity.
First, we find that standard track performance metrics degrade significantly: CoTracker3 [17], the
best performing current tracking model, achieves 64.4% Average Jaccard on TAP-Vid Davis and only
42.0% on ITTO. While all methods are able to track stationary and background points near-perfectly,
they are ill-equipped to track through higher rates of frame-to-frame track motion, suggesting an
implicit stationary bias. Additionally, methods struggle to track beyond their native context windows
and exhibit catastrophic tracking forgetting, unable to recover tracks once they reappear from an
occlusion. Tracking through re-appearance is not emphasized in many benchmarks and thus methods
are not designed to handle such phenomena. This suggests that novel formulations of memory and
dynamic tracking are needed to augment existing models with the ability to re-identify tracks.

In short, in this work we provide the following contributions:

1. ITTO, a long-range and real-world tracking benchmark with novel motion complexity that
is missing in current tracking evaluation benchmarks.

2. A rigorous evaluation protocol and assessment of current state-of-the-art 2D and 3D tracking
models along defined axes of complexity.

3. A plug-and-play data annotation pipeline for collecting high-quality video track annotations.

2 Related Work

Tracking methods. Video motion modeling has evolved across multiple paradigms. Optical flow
approaches estimate pixel displacements between frames but struggle with occlusions and long-term
tracking [22} [14] [29]]. To address these limitations, Sand and Teller proposed the
tracking-any-point task, modeling motion via long-range point trajectories. Recent methods use
temporal transformers, training on pseudolabels, and feature matching [12] 1] (311321, 341 21]].
Extensions to 3D point tracking leverage depth estimation and multi-view geometry [34],
test-time optimization [33]], or retraining on joint 3D features [32]. Our work evaluates both 2D and
3D tracking approaches on 2D annotations.



Point tracking benchmarks. A key challenge in tracking-any-point tasks is the scarcity of an-
notated real-world datasets. Evaluations primarily use TAP-Vid Davis and TAP-Vid Kinglics [
TAP-Vid Davis features 30 videos from the DAVIS data&H]] with 34-104 frames and just 26.3
points per video on average, mostly on single foreground objects followed closely by the camera,
resulting in minimal parallax and viewpoint variation. While TAP-Vid Kinetics offers more scale
(1,144 YouTube videos from Kinetic4g]), many are composite videos that also focus on foreground
objects. Most tracking models train on Kubril], a large-scale synthetic dataset of falling indoor
objects, and PointOdysse¥ ], which introduces camera and asset motions collected from real-world
datasets, but these are far from natural and primarily used for training. Several synthetic benchmarks
cover longer sequencess, [7,[37], but they similarly fail to capture real-world visual and motion
complexity. We discuss the limitations of these benchmark datasets further in $egtion 3.1.

Object tracking datasets. Video-object segmentation (VOS) focuses on generating consistent
object masks across all video fram88][ and datasets for training and evaluation include videos
with complex objects and motion patteri® 80, 15, 24, 26, 35, 25, 20]. MOSE presents a VOS
dataset focused on cluttered scenes in videos up to 20 second$]ang [L\VOS B5] focuses on

long temporal ranges of up to 334 minutes. Another source of video datasets, not targeting point or
object tracking, are egocentric vide@§.[Ego4D [1Q] is a large-scale 2,670 hour egocentric video
dataset spanning daily-life head-mounted activities from sports to cooking. We leverage these videos
due to their complexity and importance of visual domain in our benchmark.

3 The ITTO Tracking Benchmark

In this section, we introduce ITTO, a tracking benchmark designed to capture the motion complexity
of the real-world. Grounded in real-world scenes, ITTO features multiple objects undergoing diverse
motions, including repeated appearance and disappearance, rapid position changes, and non-rigid
motions. Individual points on these objects also experience occlusions and reappearances due to
object interactions and self-occlusions. We quantitatively compare ITTO to existing benchmarks and
show that it is @ much more challenging setting for real-world tracking.

3.1 Comparison to existing tracking benchmarks

Our ITTO benchmark captures key aspects of motion that are underrepresented in existing real-world
and synthetic tracking datasets. Speci cally, it has greater complexity along the following dimensions:
static points, reappearance count, track duration, and occlusion rate, which are critical for modeling
real-world motion. We quantitatively analyze these characteristics and summarize results in Table 1.
We de ne static points as points with frame-to-frame displaceméri% the frame diagonal, a
perceptually reasonable cutoff below which points appear visually static (e.g5fd@ a512 video

this is equivlaent to a 10.9 pixel displacement). In the Appendix we provide track motion information
showing ITTO's increased motion from prior benchmarks. Reappearance count refers to the number
of times a point transitions from occluded to visible within a video. Occlusion rate is the proportion
of frames during which a point is occluded. We also report the average number of objects per video as
a measure of scene complexity, using provided ground-truth masks for TAP-Vid Davis and estimating
object counts for TAP-Vid Kinetics by querying Molmo [5] on frames where tracks rst appeatr.

From Table 1, we observe a stationary bias in real-world benchm@2Rsof tracks in Davis and
88%in Kinetics are static under our de nition. This reduces tracking to handling minor motion
deformations, with most of the “work” effectively of oaded to the video capture process, even when
the objects themselves move in complex ways. By contrast, only 30.1% of tracks in ITTO are static,
signi cantly increasing complexity. Although Davis and Kinetics exhibit moderate occlusion (31% &
41%, respectively), their low reappearance counts (0.10 & 0.2) indicate that disappearing tracks rarely
return, and thus they do not test a model's ability to track through occlusions. Conversely, ITTO
tracks exhibit heavy occlusions (58.1%) with a high track reappearance count (5.86); our dataset
requires that models re-identify a track once it disappears. Most Davis and Kinetics videos also
contain only one moving foreground object, with 3.3 and 5.1 annotated objects per video. ITTO
videos more accurately re ect the clutter of the real world, with 10.9 annotated objects per video.
This increased scene complexity is paired with longer tracks, averaging 168 frames (ranging from
34-1014), longer than all real-world datasets and well beyond most model input windows.



Table 1: ITTO vs. Other Benchmarks. We compare ITTO to existing tracking benchmarks and
report motion complexity characteristics. ITTO contains signi cantly fewer static points, a higher
track reappearance count, and higher number of objects per video than all current benchmarks. Its
average track duration is longer than all real-world datasets and on par with synthetic ones.

Dataset Real? Num  Static Reapp Objsper Track Num  Occlusion Total
Tracks Points Count Video Duration Videos Rate Frames
TAP-Vid Davis 3 650 82.3% 0.10 3.3 44.0 30 31.0% 1,999
TAP-Vid Kinetics 3 28,600 88.1% 0.27 51 146.0 1144 40.6% 286,000
TAP-Vid RGB Stacking 7 12,500 94.2% 0.08 - 167.0 50 35.0% 12,500
Dynamic Replica 7 6,000 99.0% 1.02 - 215.4 20 28.0% 6,000
ITTO 3 1,373 30.7% 5.86 10.9 221.6 72 58.1% 11,449

Table 2: ITTO vs TAP-Vid Davis object complexity We report the object mask complexity of ITTO
compared to TAP-Vid Davis. Video and object BOR denotes bounding box occlusion rate averaged
per-frame and per-video. ITTO videos contain more objects and a higher BOR, on both the object
and video level.

Dataset Video BOR Mean Video BOR Std Obj BOR Mean Obj BOR Std Num Obj Masks
TAP-Vid Davis 0.09 0.06 0.06 0.06 2.56
ITTO 0.22 0.13 0.48 0.26 10.90

ITTO is also more challenging compared to synthetic benchmarks, which typically have over 90%
static points, reappearance counts below 1.02, and similar track durations. Crucially, the visual
domain of these datasets is completely different and the motions in them unnatural, making them less
informative for real-world generalization. We note that Kubifdnd PointOdysse\3[/] are other
popular synthetic datasets, but they exhibit similar limitations and we omit them from our analysis as
they are not benchmarks but rather used for training.

In section 4 we explore how the complexity of ITTO is re ected by degrading performance across all
modern trackers. We also conduct a more comprehensive analysis of failure modes along each of our
de ned axes of motion, and provide a discussion of ideas for future model development.

3.2 Benchmark collection & annotation protocol

In this section, we describe the sourcing, collection, and annotation process for our ITTO benchmark.
We want our videos to include complex, real-world motion across diverse settings, using both
monocular and egocentric video. We source the monocular portion from Video-Object Segmentation
datasets MOSHj| and LVOS B5], which provide ground-truth mask annotations. Selected videos
must satisfy at least two of the following conditions: BOR > 0.2, more than two object disappearances,
and a minimum length of 80 frames. BOR, formally de ned in the Appendix, is the bounding box
occlusion rate, or the fraction of each object's bounding box that is occluded in a frame. Object BOR
is 0.22 £ 0.13 at the video level and 0.48 £ 0.26 at the object level in ITTO, compared to 0.09 + 0.06
and 0.06 * 0.06 for TAP-Vid Davis (Table 2). Thus, objects in ITTO are signi cantly more occluded
than in TAP-Vid.

For the egocentric portion of our dataset, we source videos from Egb@dPe[large-scale 2,670

hour egocentric video dataset of daily-life head-mounted activities. We generate pseudo-mask labels
by querying Molmo §] with semantic concepts present in each video, which produces coordinate
positive and negative prompts that we pass into SARE} {o produce object masks. This ensures a

suf cient number of tracked objects per video (10.9 in ITTO vs. 3.3 in TAP-Vid Davis). We exclude
the egocentric portion from the reported BOR metrics due to the lack of ground-truth segmentations.
However, these videos remain challenging due to complex camera motion and frequent occlusions,
re ected by low model performance reported in Section 4.

Annotation pipeline. As the videos in ITTO are challenging and their motions complex, we found
that human annotations cannot be collected in a single step. We employ a two-phase approach:

1. Coarse tracks: We generate coarse track annotations through Amazon Mechanical Turk
(MTurk), providing annotators with a reference frame containing the point query and a query
frame side by side. They are asked to label the correct pixel in all query frames throughout
the video or indicate when the track is occluded.



2. Video track re nement: We upload these coarse MTurk annotations to our own video tool
that we send out to a team of carefully selected UpWork annotators. The tool allows users
play the video and accompanying track query forward and backward in time. Users are
prompted to "re ne" the track until it is spatio-temporally consistent.

We provide the setup of each annotation stage in the Appendix. For the most challenging videos
(based on human assessment), we add a third re nement step, re-querying the nal phase 2 annotations
on the video annotation tool. We note that since we employ the same team of annotators for phase
2, the annotators gain expertise and skill in producing high-quality track annotations. Intuitively,
we can view this rst stage as a form of track "identi cation" — by prompting annotators one image

at a time, we ask them to re-identify the pixel in later frames — and the second stage is a form of
track re nement that ensures temporal consistency throughout the video. Another bene t of our data
collection setup is that there is no algorithmic bias in our annotation generation as we do not deploy
algorithmic track initialization and propagation as done in TAP-Vid [7].

Ease of tool use. In all phases of annotation collection, we provide bounding-box information for
point queries that correspond to object masks. This is particularly critical in phase 1, as some of our
videos contain repeated objects (e.g., many sheep running in the woods). In order to make the second
stage maximally ef cient, we provide keyboard controls that let users seamlessly correct the tracks as
they play through the video. We include further details about the tool setup in the Appendix.

Query point selection.  Current tracking benchmarks such as TAP-Vid rely on human annotators to
pick which pixels to track, which results in an inherent bias towards salient points. Our query point
selection process is algorithmic. We rst identify moving objects in a video, determine the number of
points to sample per object, and then sample gradient-based, random, and background points. For the
monocular portion of our dataset (sourced from MOSE and LVOS), we utilize available ground-truth
object mask information. For the egocentric portion (Ego4D), we query MoSjhwith semantic
concepts to produce positive and negative query prompts for SRE|2denerating pseudo-mask
labels. Each object's point count scales with its area relative to the frame, while background points
are capped at <20% of the total. For the monocular portion of our dataset which we source from
MOSE and LVOS, we take advantage of available ground-truth object mask information. For the
egocentric portion of our dataset, we query MolrBpyith semantic concepts such as "head", "hand",
"ball", or "shoe", which produces positive and negative query prompts that we pass into QM2 [

to produce pseudo-mask labels. For all videos in our dataset, each object's point count scales with its
area relative to the frame, while background points are capped at < 20% of the total.

Concretely, for each video we rst distinguish moving objects (whose mask-centroid travels more than
0:1%the frame diagonal, a stricter de nition of motion than in Table3.1) from stationary ones, which

we treat as background. We allocate max 1; 50 2~ query points per query frame

for each moving object. As the videos in LVOS have a higher resolution and the SAM2-generated
masks in Ego4D are noisy, we additionally gapt 5 and 10 points per-frame per-object. To produce
gradient-based query points, we select theggixels by Sobel gradient magnitude ¥ 20) within

each mask interior (10 px from mask boundary). Random-based points are sampled uniformly from
the remaining interior pixels. Background gueries are drawn uniformly from non-moving regions.
For all videos, queries are sampled at frame 0. Queries are sampled at frame O for all videos, every
100 frames for LVOS, and @, 3, and2 of the video length for Ego4D. This results in a variation

in the number of point tracks per video proportional to occlusion complexity. We show qualitative
examples from our dataset in Fig. 1.

Validation of annotation quality. To validate the accuracy of our generated annotations, we run our
annotation pipeline on a subset of Kubric, synthetic videos with ground-truth point tracks. We found
that 18.25% of points were within 2 pixels of ground truth with a mean annotation error of 9.75 pixels
after the MTurk step (phase 1), and 88.3% of points were within 2 pixels after the video annotation
step (phase 2) with a mean track error of 1.32 pixels. For comparison, the TAP-Vid annotation
pipeline produces 80% of tracks within 2 pixels on Kubric data. Our pipeline thus produces a "coarse”
set of track annotations in the MTurk step, which are then re ned to near ground-truth accuracy.

Ethics of annotation collection ITTO contains videos of human and animal subjects sourced from
publicly-available datasets cleared for research use. MTurk workers voluntarily selected our task



from an available pool and were compensated per-track annotation. Upwork annotators, who served
as expert annotators during the data collection process, were paid by hourly contracts with clear
instructions and ongoing feedback. We screened and onboarded them with Kubric annotation tasks.

4 Evaluation and Metrics

Our ITTO benchmark extends prior tracking datasets by explicitly spanning multiple axes of motion
complexity (summarized in Table 1). We assess state-of-the-art trackers on ITTO and dissect their
results with a new metric suite that breaks down performance into motion-complexity tiers. This
evaluation reveals critical failure modes in current methods, especially under occlusion, reappearance,
and high-motion conditions, as well as a catastrophic inability to recover from tracking errors. We
thus position ITTO not just as a benchmark, but also as a diagnostic tool that illustrates the pressure
points of existing models and identi es future directions for achieving robust, real-world tracking.

Point tracking methods. We explore how ITTO's novel characteristics affect current model
performance by evaluating ten state-of-the-art architectures that report the best performance on
the TAP-Vid Davis and Kinetics benchmarks. These models span various strategies: transformer-
based architectures deforming stationary track initializatiaig Foarse-to- ne approaches using
feature cross-correlation8,[3], models leveraging large-scale data via student-teacher training on
pseudo-labels [8, 17], and deformable transformers formulating tracking as object detection [21].

We also consider 3D trackers, many of which augment 2D tracking with monocular depth estimators
[23, 34] or are built to operate on RGB-D video8]], which we produce via pretrained depth
prediction models. We omit VGGT3P] as they have not released model weights. As ITTO videos
contain signi cant motion and repeated objects, we nd that track initialization strategies and feature
matching play a critical role in model performance, which we explore below.

4.1 Partitioned metrics: axes of motion complexity

To better understand how individual models perform on ITTO and investigate how robust they are
to different aspects of motion complexity, we propose a new delineation of track metrics that we
hope the community adopts when reporting tracking performance. We partition ITTO tracks along
two axes: track motion and reappearance frequency. We nd that these de nitions provide us with
a quantitative measure of how robust a model is to these aspects of motion dif culty, and give us a
measure of potential breaking points for real-world deployment.

Track motion. Tracks are split based on average frame-to-frame-motion, categorized by thresholds
of [0:5%; 1:5%; 5%fJelative to the frame diagonal. Tracks that hav@:5% motion are effectively
static. This gives a quantitative measure of how well trackers can handle rapid movements.

Reappearance Frequency. This categorization investigates how well models are able to keep tracking
through occlusions. Tracks are divided into three equal-sized bins based on the number of times the
track reappears (transitions from occluded to unoccluded) throughout the video. Notably TAP-Vid
DAVIS and Kinetics do not contain this information, as their tracks contain one or fewer reappearances
on average, meaning they have very few tracks in the higher reappearance categories.

We report standard tracking metrics following,[averaged over all tracks and per motion partition:
average points within Tadelta); Average Jaccard (AJ), and occlusion accuracy (OAalso referred

to as },4 in other works), measures the average fraction of points that are dt}#n4; 8; 16Jpixels

from ground truth visible points. AJ measures the fraction of true positives divided by the true
positives, false positives, and false negatives combined, where true positives are points within a
speci ed pixel threshold of ground truth visible points, false positives are points predicted visible
but are either outside of threshold or ground truth occluded, and false negatives are ground truth
visible points that are predicted visible or outside of threshold. AJ averages this fraction over the
samd1; 2; 4, 8; 16]pixel thresholds as. OA measures the classi cation accuracy of the occlusion
predictions. Higher values indicate better model performance for all metrics. In addition to track
motion and reappearance frequency, we also propose the Pairwise Distance Variance (PDV) as a
complementary metric that captures the spatial coherence of tracks belonging to the same object
mask throughout the duration of the video. We include a discussion of the PDV in Appendix 6.2.



Table 3: Performance of SOTA tracking models on ITTO. We report standard tracking metrics,
Average Jaccard (AJ), average points within deljagnd occlusion accuracy (OA) for SOTA models

on our ITTO benchmark; higher values indicate better performance. The horizontal line delineates
2D and 3D methods. For all models, average performance on all metrics drops signi cantly compared
to TAP-Vid. We also report performance along motion complexity tiers of track motion and number
of visible consecutive frame segments per track, and see further signi cant degradation for high track
motion and visible track segment counts.

Average Track Motion Reappearance Frequency
[0%:; 0:5%) [0:5%; 1:5%) [1:5%; 5%) [5%; 100%) [0;1) [1;3) [3; 1000)
AJ OA | AJ OA | AJ OA | AJ OA | AJ OA | AJ OA | AJ OA | AJ OA

CoTracker3 online [17] 35.3 47.0 77.655.9 68.4 86.135.3 46.7 76.925.3 33.5 744137 22.1 75.750.1 60.5 88.723.7 335 724137 215 659
CoTracker3 of ine [17]| 33.7 45.0 76.955.0 65.4 87.133.3 42.0 76.121.0 27.7 72.111.2 16.6 76.249.3 58.3 89.121.2 29.1 71.310.9 16.8 63.3

LocoTrack [3] 36.0 52.8 75.050.4 67.3 82.129.8 43.1 70.217.6 29.7 65.1 8.0 17.7 66.639.1 56.4 79.020.9 32.8 67.411.5 19.6 60.4
TAPIR [9] 17.6 30.7 61.017.8 29.1 56.012.7 19.3 62.§10.5 155 658 9.7 13.8 759213 30.3 68.19.14 146 61.3 3.7 6.5 587
BootsTAP [8] 20.5 32,9 67.§30.7 428 71.017.4 253 654122 17.1 66.5124 16.8 76.130.3 39.3 76.911.4 17.7 628 3.7 6.5 58.6
TAPTR [21] 29.3 38.3 74.§27.5 33.7 87.020.0 284 73.§15.6 215 68.2 7.1 123 72.§27.4 347 80.2145 212 68.1 57 95 62.0
TAPNext [? ] 30.0 415 7571459 57.0 75.230.6 38.9 75217.6 239 717 7.8 144 743375 43.7 721240 349 721224 33.7 825

SpatialTracker [34] 27.2 38.0 71.645.8 60.1 81.426.0 37.4 70.517.3 26.8 69.1 9.9 17.2 71.740.4 53.3 82.816.3 252 66.0 8.7 153 59.8
SceneTracker [31] 215 21.3 52.032.2 59.3 61.014.8 37.8 49.2 89 239 435 29 163 312246 519 53.511.1 258 47.4 6.8 149 482
DELTA (2D) [23] 27.1 352 70.§48.2 59.6 84.026.5 35.2 70.014.9 215 68.1 8.1 125 72.340.3 50.0 81.614.6 21.7 654 7.4 115 588
DELTA (3D) [23] 29.1 37.2 74.148.7 58.8 851288 38.7 71.319.0 27.1 715 9.2 157 69.443.6 53.0 85.317.1 25.1 68.1 8.4 13,5 60.8

Table 4: ITTO vs. TAP-Vid. SOTA 2D Table 5: Performance along occlusion rate tiers. Per-
and 3D tracker performance on TAP-Vid formance of all SOTA models drops for tracks that

and ITTO benchmarks. have higher number of occluded frames.
Model Track Occlusion Rate
CoTracker3 Delta (3D) (0; 24] (24;72] (72; 100]
A OA | AJ OA A OA | A OA | AJ OA
ITTO 355 47.1 77.129.1 37.2 741  CoTracker3[17] |43.9 50.6 76.730.2 41.8 73.524.7 39.4 835
TAP-Vid Davis [7] |64.4 76.9 91.264.2 77.3 87.8  LocoTrack[3]  |42.6 50.3 78.522.0 40.3 628125 35.0 65.0
TAP-Vid Kinetics [7]| 54.7 67.8 87.450.3 63.5 83.2  SpatialTracker [34]34.8 41.4 71.7122.0 33.8 67.117.2 30.7 74.4

4.2 Model performance on ITTO

Table 3 reports the performance of current state-of-the-art 2D and 3D tracking models on ITTO. For
a fair comparison, we report the best-performing variant of each model, using their publicly released
checkpoints and inference code. We resize input videos to native model resolution before resizing the
back to standarf256 256] for evaluation. We report both overall performance and performance
delineated by axes of motion complexity. We run experiments on an NVIDIA A100. As methods are
originally built on varying operating systems and software versions, we rst replicate each model's
results on existing benchmarks to verify that our reproductions match reported metrics.

From Table 3 we see that the highest reported performance on ITTO is signi cantly worse than other
benchmarks and performance of all models degrades signi cantly along each axis of motion dif culty.
LocoTrack and CoTracker3 perform best overall while there is a signi cant drop in other models.
Notably, the relative ranking of models differs from their reported performance on TAP-Vid. For
example, DELTA reports withi2% performance of CoTracker3, but drops by 6% on ITTO. Similarly,
BootsTAP reports a 1.8% increase in AJ relative to CoTracker3, but drops by 15%. As most models
typically report metrics within 5 percentage points of one another, this divergence suggests that ITTO
introduces challenges not captured by existing benchmarks and that current models may be over tting
to those datasets and their characteristics. Performance also declines consistently with increased
motion and reappearance frequency. For instance, on high-motion tracks, CoTracker3's AJ drops
from 55.9 to 13.7 and from 68.4 to 22.1. Tracks with three or more reappearances show similar
degradation, with AJ falling from 50.1 to 13.7 androm 60.5 to 21.5. We explore these ndings in

more detail below and provide qualitative examples from CoTracker3 on ITTO in Figure 4.2.

Comparison to TAP-Vid. Table 4 compares the best performing 2D and 3D trackers, Co-
Tracker3 [L7] and Delta R3] respectively, on ITTO and TAP-Vid. We nd that the standard tracking
metrics, Average Jaccard (AJ), points within deltg &nd occlusion accuracy (OA) are signi cantly
worse on ITTO compared to TAP-Vid Davis and TAP-Vid Kinetics, suggesting that the motion
complexities of the videos in ITTO make it an intrinsically more challenging benchmark.
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