TAPNext++: What’s Next for Tracking Any Point (TAP)?
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Figure 1. Overview. TAPNext++ sets a new state-of-the-art for online point tracking by simultaneously improving accuracy, speed, and
long-term robustness. Left: Our method reaches the best speed-accuracy trade-off, achieving higher mean §**9 than competing online
methods while being substantially faster. Middle: Despite running frame-by-frame without explicit memory, TAPNext++ outperforms pre-
vious methods on long-sequence benchmarks. Right: TAPNext++ also demonstrates superior robustness to occlusion and re-appearences,
achieving state-of-the-art AJrp scores, a new metric evaluating point tracking after re-detection, on both RoboTAP and PointOdyssey.

Abstract

Tracking-Any-Point (TAP) models aim to track any point
through a video which is a crucial task in AR/XR and
robotics applications. The recently introduced TAPNext ap-
proach proposes an end-to-end, recurrent transformer ar-
chitecture to track points frame-by-frame in a purely online
fashion — demonstrating competitive performance at min-
imal latency. However, we show that TAPNext struggles
with longer video sequences and also frequently fails to re-
detect query points that reappear after being occluded or
leaving the frame. In this work, we present TAPNext++,
a model that tracks points in sequences that are orders of
magnitude longer while preserving the low memory and
compute footprint of the architecture. We train the recur-
rent video transformer using several data-driven solutions,
including training on long 1024-frame sequences enabled
by sequence parallelism techniques. We highlight that re-
detection performance is a blind spot in the current litera-
ture and introduce a new metric, Re-Detection Average Jac-
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card (AJrp ), to explicitly evaluate tracking on re-appearing
points. To improve re-detection of points, we introduce tai-
lored geometric augmentations, such as periodic roll that
simulates point re-entries, and supervising occluded points.
We demonstrate that recurrent transformers can be substan-
tially improved for point tracking and set a new state-of-the-
art on multiple benchmarks. Model and code can be found
at https://tap-next-plus-plus. github.io.

1. Introduction

Tracking Any Point (TAP) in a video is a fundamental com-
puter vision problem with many downstream applications
in robotics, augmented reality, video editing, and 3D/4D
reconstruction. Depending on the application, point track-
ing is performed online or offline, in 2D or 3D and under
varying computational constraints. In this work, we fo-
cus on highly efficient, frame-by-frame 2D point tracking
which is very relevant for AR applications such as anchor-
ing digital content in the real world. In contrast to optical
flow estimation, which predicts dense pixel-level correspon-
dences between adjacent frames, TAP methods attempt to
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consistently track points over multiple frames under strong
appearance changes and occlusions. However, despite re-
cent progress [2, 14, 30], state-of-the-art methods struggle
to achieve robust performance in long sequences as shown
in PointOdyssey [29]. Common strategies to counteract this
issue are: (1) tracking methods that operate over a sliding
window of frames instead of one frame at a time [12, 14],
(2) hard coding an explicit memory representation of past
frames [1, 2], (3) re-detecting points with appearance-based
foundation models [2] and (4) keeping the first frame as a
persistent input at every time step [12]. However, as our ex-
periments demonstrate, these remedies fail to solve the root
issue of temporally deteriorating representations and typi-
cally increase runtime and memory usage.

TAPNext [30] reformulates point tracking as next token
prediction and deploys linear recurrent SSM layers [23] to
track scene dynamics, particularly of query points, over
time. Its constant-sized, linear-recurrent memory allows
TAPNext to jointly track 1024 points at 348 FPS on an
H100 GPU, demonstrating the efficiency required for mo-
bile applications in robotics and augmented reality. How-
ever, as also noted in concurrent work [2], the BootsTAP-
Next model trained on a large number of short videos at a
fixed 256 x 256 resolution [7] fails to generalize to longer
sequences [29]. In this work, we present TAPNext++, a
model demonstrating that these tracking failures are not
inherent to the underlying recurrent video transformer ar-
chitecture and can be effectively tackled through improved
training strategies and datasets.

Tracking points over long time horizons reveals another
severe limitation of current TAP methods: when points
reappear after being occluded or leaving the view, their
re-detection frequently fails. This limits applications, e.g.
in AR/VR, where both the camera and the scene are dy-
namic and reappearances are a frequent occurrence. Re-
cent approaches resort to hard-coded appearance-based re-
detection without relying on motion priors required to
disambiguate, e.g., multiple instances of visually similar
points. Some approaches [14] track occluded points ex-
plicitly within the image, which improves re-detection after
short-term occlusions, but usually fail for long-term occlu-
sions, particularly when tracked points venture outside the
image boundaries. Other methods [27] attempt to build an
explicit 3D map using monocular video depth foundation
models [18], assuming a mostly static scene and generous
computational resources.

We find that the re-detection limitation is a blind spot in
current point tracking metrics and evaluations. The closest
related metric is the survival rate [29], which measures
the average number of frames until point tracking failure.
However, the survival rate does not directly measure
re-detection performance because it includes many points
that are always visible. Therefore, we propose a variation

of the Average Jaccard metric specifically targeting the
performance of point tracking after reappearance and
evaluate recent approaches on it.

Our main contributions are as follows:

* We introduce methods that allow scaling the training of
TAPNext architectures to long sequences and multiple
resolutions — resulting in a lightweight, fully online model
that sets a new state-of-the-art on multiple point tracking
benchmarks.

* We introduce Kubric-1024, which extends the original
synthetic Kubric dataset [11] to 1024 frames and analyze
the effects of long-sequence training on memory.

* We propose novel re-detection metrics that directly mea-
sure the accuracy of point tracks after re-appearance and
improve on these metrics through tailored geometric aug-
mentations.

* We demonstrate how our contributions effectively en-
hance the memory of the TAPNext model, outperform-
ing all existing methods in long-context and re-detection
scenarios. We highlight that we do not require any new
model architectures to surpass existing methods while
further enhancing the compute and memory efficiency of
the original TAPNext.

2. Related Work

Point Tracking. Tracking Any Point (TAP) [7] is a com-
puter vision task where the model is tasked to find the
position and visibility of a given guery point throughout
a video. Here, we focus on sequential 2D point track-
ing, without access to future frames, for its relevance in
compute-constrained mobile applications.

Windowed Methods. The majority of prior methods for
TAP perform point tracking in two stages. First, they
precompute image or video features and then they use
these features in an appearance matching and iterative re-
finement process to track predictions over a window of
frames or an entire video. More specifically, TAPNet
[7] performs tracking via a simple feature matching on
CNN features. TAPIR [8] introduces an iterative refine-
ment procedure within TAPNet. BootsTAPIR [9] extends
the method with a large-scale, real world dataset to boot-
strap self-supervised training on natural, unlabeled videos.
The TAPTR family [16, 17, 24] performs tracking using a
DETR-like architecture. LocoTrack [4] incorporates bidi-
rectional 4D correspondences for fast and accurate track-
ing. CoTracker [13] presents a hybrid CNN-transformer
architecture demonstrating the benefit of tracking all point
queries jointly. CoTracker3 [14] extends CoTracker by per-
forming semi-supervised finetuning on a real-world pseudo-
labeled dataset, showing the importance of training data
for point tracking. AllTracker [12] incorporates high-
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Figure 2. Qualitative Comparison on Challenging Re-entry Scenarios. We compare TAPNext++ with prior methods on two sequences
featuring point re-entries at varying locations. Left: An object leaves the frame on the right and re-enters from the left. BootsTAPNext and
Track-On fail to re-detect the object upon re-entry. In contrast, CoTracker3 and TAPNext++ successfully relocate the points. However,
CoTracker3 fails to track static points on the texture-less table, which TAPNext++ tracks correctly. The variant TAPNext++ without
Roll also struggles with immediate re-detection, highlighting the importance of roll augmentation for re-entry robustness. Right: Three
objects are juggled, repeatedly leaving and re-entering the frame. Point trajectories for the last 8 frames are visualized as traces for clarity.
TAPNext++ with roll is the only method that robustly tracks all objects through these challenging dynamics, all competing methods fail.

resolution, pixel-dense point tracking by a multi-view opti-
cal flow optimization while re-inferring the query frame to
avoid temporal degradation. However, on long sequences
as present in the PointOdyssey [29] benchmark, points de-
viate significantly from their initialization, and attending on
overlapping sliding windows or query frames is often insuf-
ficient, as shown in Fig. 1.

Frame-by-frame Methods. Arguably, defining such task
specific context windows could be avoided if temporal in-
formation would simply propagate from frame to frame.
The TrackOn [1, 2] family performs online, frame-by-frame
tracking using patch classification and refinement to iden-
tify correspondences and propagates temporal information
through explicit memory banks. Notably, TAPNext [30]
shows that it is possible to efficiently perform frame-by-
frame TAP without explicit memory banks and without
point tracking-specific inductive biases. Instead, TAPNext
adopts a token-based modeling formulation and casts TAP
as temporal masked decoding. TAPNext uses an archi-
tecture [23] with alternating ViT and State-Space-Model
(SSM) blocks for spatial and temporal feature propagation,
respectively. The linear recurrent layers are efficient to
train and infer on modern GPU hardware allowing state-
of-the-art processing speed for point tracking. However,
despite performing well on common metrics and short-
term benchmarks, we demonstrate its severe limitations in
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Figure 3. Distributed Parallel Scan during Training. On the
left, the TAPNext architecture with its SSM and ViT Blocks is
shown. Right, example of information flow during multi-gpu train-
ing using a distributed parallel scan. Note that information is only
passed between the SSM Blocks of the GPUs and not the ViT
Blocks. Only inter-GPU communication is shown, intra-GPU par-
allel scans are not shown for simplicity. For a detailed figure of
the TAPNext architecture we refer to [30].

propagating information over long time horizons and in re-
detecting points after longer occlusions, two crucial capa-
bilities for real-world applications. In this paper, we over-
come the limitations of TAPNext without relying on exter-
nal appearance-based foundation features [21] that do not
model motion.

3. Method

TAPNext++, as TAPNext [30], processes videos in a causal
online fashion. It processes videos of 7' RGB frames, each
of size H x W pixels and () point queries per video, each



Figure 4. Roll Augmentation. Videos are rotated and trans-
lated smoothly over time, wrapping around the image with a gap.
Ground-truth points are visualized.

of which is an index of the form (¢, x,y). For each frame
in a video, we apply a standard ViT-style linear projection
followed by learned positional encodings that are added to
the linear projections. As a result, we get T' x h x w visual
tokens, where h and w are sizes after patchification. We ap-
ply spatial positional encoding for each point query. Specif-
ically, the (x, y) component serves as a 2D index in the posi-
tional embedding tensor. For each point query, we initialize
T track tokens, where T — 1 are filled with a [MASK] to-
ken and one, at position ¢ (from the point query), is filled
with the position embedding of the given query represent-
ing the spatial coordinates « and y. Consequently, we have
T x @ point track tokens. We simply concatenate 1" X
track tokens with 7" x h x w visual tokens after position em-
bedding over the spatial axis resulting in T' x (h X w + Q)
spatiotemporal tokens. The TAPNext architecture performs
attention only over the spatial dimension for every time step
while causally propagating information for each token se-
quence independently in the temporal dimension using an
SSM layer, see Fig. 3.

While Zholus et al. [30] showed that this architecture can
be applied to standard point tracking benchmarks, our focus
lies on identifying its limitations which we elucidate and ad-
dress. One major flaw of the original TAPNext is its inabil-
ity to track points for an extended temporal horizon (~150
frames). This is perhaps unsurprising: the model is trained
on 48-frame sequences, meaning that longer sequences are
out-of-domain. Although recent works [6, 23] show that the
Linear-Recurrent-Unit used in the TAPNext architecture is
able to perform well on sequences that are larger than the
training sequences, these works train on longer sequences
initially in order to learn stable update rules. Motivated
by these results, we hypothesise that training on longer se-
quences also increases long-term tracking stability. There-
fore, our first goal is to fine-tune a previously released TAP-
Next checkpoint on 1024 frames.

Long-Sequence Training. Training TAPNext on long se-
quences requires fitting lengthy computation graphs and ac-
tivations into memory, which exceeds single-GPU limits for
sequences of 1024 frames. To enable end-to-end training on
such sequences we employ sequence parallelism, sharding
the input sequence only along the time dimension and as-
signing each chunk to a different GPU. TAPNext’s architec-
ture builds upon Real-Gated Linear Recurrent Units (RG-
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Figure 5. Long-Sequence Stability. Mean Pixel Error of 16x16
points after repeatedly inferring a static image through TAPNext
variants. Finetuning on 1024-frame videos from PointOdyssey
most effectively extends the memory longevity.
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Figure 6. AJgrp Comparison. Re-Detection Average Jaccard
(AJrp) for different d;, values on RoboTAP. TAPNext++ with
roll augmentations preserves AJ after long periods of undetectabil-
ity. The window-based CoTracker3 exhibits a drop in AJrp fol-
lowing a sequence of 256 undetectable frames.

LRU), a variant of State Space Models (SSMs). Thanks to
their linearity, SSM temporal processing can be parallelized
using the associative scan primitive. To exploit this prop-
erty under sequence parallelism, we introduced a distributed
parallel scan for both RG-LRU and temporal convolution
layers during forward and backward passes. In this setup,
each GPU first performs a local scan over its assigned se-
quence chunk. This is followed by an efficient, logarithmic-
time merge operation across GPUs to combine hidden states
over chunk boundaries, and a final local update based on
the merged states. This distributed scan enables end-to-end
training on long sequences by parallelizing temporal com-
putation across multiple devices, overcoming single-device
memory limitations while maintaining full temporal con-
text. As can be seen in Fig. 3, distributed parallel scan al-
lows performing forward and backward pass in three instead
of seven steps on eight GPUs compared to a naive sequen-
tial communication.

Long Sequence Data. Point tracking research requiring
long sequence training data with ground truth annotations is
currently limited mainly to PointOdyssey [29]. Given that
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Figure 7. Long-Term Dynamic Tracking Example. We compare state-of-the-art online trackers on tracking clock hands, visualizing
a trace of the last 6 frames. While the original BootsTAPNext, Track-On and CoTracker3 fail at tracking both clock hands for the full
duration of the video, TAPNext++ tracks both until the end. CoTracker3 and Track-On are only able to track the hour hand due to its fine
structure, additionally CoTracker3 loses the hour hand at the end of the video.

the training split of PointOdyssey (v1.2) contains only 131
videos, we identified a need for a new, large-scale, long-
sequence tracking dataset. To address this, we generated
a synthetic dataset using Kubric [11], consisting of 10,000
videos with 1024 frames. Each scene uses an HDRI from
the public Polyhaven [28] library for realistic background
and illumination. We populate scenes with 10-20 static and
1-10 dynamic objects sampled from GSO [10], which are
randomly placed via an overlap-avoiding algorithm within
designated spawn regions. The camera follows a smooth
trajectory between a random start and end position, sampled
within a spherical shell around the world origin to ensure
objects remain in view. To simulate more natural viewing
patterns, this base path is augmented with sinusoidal noise,
mimicking unsteady camera motion. Furthermore, to create
more dynamic pans, the camera’s look-at point is animated
with sinusoidal noise and projected onto the scene’s ground
plane, rather than being fixed at the origin. To maintain ob-
ject motion and interaction throughout the long sequences,
we use the PyBullet [5] physics simulator and introduce ve-
locity ”bumps”: if a dynamic object’s velocity falls below a
given threshold, a new random linear and angular velocity
is applied. This velocity includes a slight bias toward the
scene origin, encouraging objects to move within the cam-
era’s field of view and preventing scenes from becoming
static over time.

Augmentations. Long-sequence tracking demands robust-
ness to points that become invisible for extended periods,
either through occlusion or by exiting and re-entering the
camera’s field of view. These re-entry events are common
in real-world applications, such as augmented reality, but
pose a significant persistent memory challenge for tracking
models. This is especially challenging if points reappear
far from their last known position, particularly for trackers
that explicitly enforce local search windows. To improve

the model’s ability to handle such cases, we employ data
augmentations that simulate camera jitter and roll during
training. We apply temporally-smooth, sinusoidal random
translations and rotations to each video sequence and its
corresponding point tracks. Crucially, translations are im-
plemented as periodic shifts; pixels and track coordinates
shifted off one image boundary wrap around to the oppo-
site side with a given margin. This mechanism explicitly
simulates query points leaving the frame on one side and
re-entering from another, forcing the model to rely more
on appearance matching for re-detection, rather than as-
suming spatio-temporal proximity to the point’s last visi-
ble position. To prevent double-appearance of the same
tracking point in a single frame, we add a margin of

(%)2 + (%)2 between the wrapped images. This syn-
thesis of challenging re-entry scenarios improves model ro-
bustness against spatial displacements in point trajectories.
An example of the roll augmentation can be found in Fig. 4.
Additionally we apply aspect ratio augmentations by pick-
ing a random aspect ratio between 0.5 and 2.0 during train-
ing.

Tracking Occluded Points via Weighted Loss. The stan-
dard loss function used in TAPNext only supervises coordi-
nate prediction for points when they are visible. This pro-
vides no incentive for the model to predict plausible loca-
tions for points that are temporarily occluded, which can
hinder their re-detection upon reappearance and negatively
impact long-term tracking performance. To improve track-
ing robustness through occlusions, we modify the training
loss to include supervision for points that are occluded but
remain within the image boundaries, weighting the position
loss of occluded points by 0.2 compared to the position loss
on visible points.

High-Resolution Fine-Tuning. Following prior work [13],



Table 1. Online Tracking Comparison. We report results on multiple point tracking benchmarks and compare against current state-of-

the-art online trackers.

# Method Res. PointOdyssey DAVIS RGB-Stacking RoboTAP Kinetics Mean

6994 Survivalt MTE| AlgpT AIT 06991 OAtT AIT 4§91 OAT AIT 4§91 OAT Algpt AJT 0%91 OAT 4991
1 PIPs++ 256 x 256 21.5 38.1 46.1 - - 63.4 - - 58.5 - - 63.0 - - - - - 51.6
2 CoTracker2 384 x 512 30.2 55.2 215.0 39 622 757 893 674 789 852 58.6 70.6 87.0 333 48.8 645 85.8 64.0
3 CoTracker3 (Online) 384 x 512 44.5 56.3 20.7 21.8 63.8 763 902 717 83.6 90.2 664 788 90.8 51.8 558 685 88.3 70.2
4 Track-On 384 x 512 354 47.5 335 9.9 65.0 78.0 90.8 714 852 917 635 764 89.4 44.4 539 673 87.8 68.5
5 BootsTAPNext-B 256 x 256 9.9 13.0 92.1 0.6 652 78.5 912 662 783 86.8 626 743 88.4 47.1 573  70.6 87.4 62.3
6 TAPNext++ 256 x 256 52.6 67.9 134 233 66.6 799 921 734 848 951 61.1 75.2 89.6 524 544 687 89.0 72.2

Table 2. Inference Speed. Speed comparison of TAPNext++ to
TAPNext, LocoTrack-B (256 x 256), online CoTracker3 and
Track-On running on Nvidia H1I00 GPUs. The latency metric
is defined as the maximum (worst case) time between passing
a frame to the model and receiving predicted points and it in-
cludes the time it takes to fill and process the initial frame buffer.
(frame) indicates per frame inference, (window) is when we track
with non-overlapping chunks of 32 frames. All models are im-
plemented in PyTorch with TAPNext++ relying on FlashAtten-
tion3 [25].

Query Points | Model | Average FPS 1 | Latency (ms) |
LocoTrack-B (window) 452 2210
CoTracker3 (online) 102 80
Track-On (frame) 28 36

256 TAPNext (frame) 189 5.29
TAPNext++ (frame) 193 5.18
TAPNext (window) 480 66
TAPNext++ (window) 562 57
LocoTrack-B (window) 124 8000
CoTracker3 (online) 45 177
Track-On (frame) 23 44

1024 TAPNext (frame) 182 5.47
TAPNext++ (frame) 191 5.23
TAPNext (window) 300 106
TAPNext++ (window) 348 57

which shows high-resolution inputs improve point tracking,
we fine-tune our best TAPNext++ checkpoint at 512 x 512.
Since the TAPNext encoder uses a fixed 8 x 8 patch size, the
larger input produces an expanded spatial token grid. Con-
sequently, we resize the learned 2D positional embeddings
from the base 32 x 32 grid to 64 x 64 using bicubic inter-
polation. The output layer size (256 + 256 bins) remains
unchanged. The model is then fine-tuned on 256-frame se-
quences for 120k steps.

4. Experiments

4.1. Metrics

We evaluate performance using the standard metrics from
TAP-Vid [7]: Occlusion Accuracy (OA), positional error
(6%v9), and Average Jaccard (AJ) which evaluates both
occlusion and position accuracy. Additionally, for the
PointOdyssey dataset, we report Survival Rate and Median
Translation Error (MTE) as defined by Zheng et al. [29].
While informative, these metrics average performance
over entire tracks and do not specifically quantify a tracker’s

ability to re-detect points that reappear after being unde-
tectable (i.e. occluded or out-of-frame) for many frames.

Re-Detection Average Jaccard Alrp

To address this, we propose the Re-Detection Average Jac-
card (AJrp), a new metric that measures tracking quality
after a point reappears, conditioned on how long it was un-
detectable. We start with definitions:

Undetectable Point: A point is undetectable in frame ¢ if
its ground-truth visibility v; is 0, either because it is oc-
cluded by another object or itself, or it is outside the image
bounds. Otherwise, the point is detectable (v; = 1).
Reappearance Event: A reappearance event occurs for a
track at frame ¢, if the point is detectable at frame ¢, but
was undetectable for the d preceding frames, i.e., v, = 1
andvg, , =---=wv,_, =0.

Duration of Undetectability: The value d > 1 is the dura-
tion of undetectability.

Eligible Reappearance Event: To focus on how well
trackers handle different lengths of time intervals for point
disappearance, we only consider a reappearance event ¢ if
its duration d; is strictly greater than the maximum disap-
pearance duration of all previous reappearance events for
that same track. We call such events eligible. This ensures
that for any given track, only events that set a new record
for invisibility duration are counted. For example, if for a
particular track the sequence of d; = 1,1,4, 3,2 then the
eligible reappearance events are highlighted in bold.

A tracker might locate a point in frame ¢, but fail to
track it in frames ¢, + 1,¢, + 2,..., even if the point
remains visible. AJgrp is designed to measure this post-
reappearance tracking quality, particularly for points that
were undetectable for a long time. We define AJ&n as
follows: First, identify all eligible reappearance events
where the duration of undetectability d is greater than or
equal to dy,. For each such event occurring at a frame
t., consider the track segment consisting of all frames
from ¢, to the end of the video sequence. AJ& is the
Average Jaccard (AJ) [7] calculated only over these specific
track segments (i.e., for all frames ¢ > ¢,). Therefore
this metric measures tracking quality on segments that
immediately follow a reappearance after an undetectability
period of at least d, frames. It can be plotted against



dmin to show how post-reappearance tracking quality
behaves as the duration of undetectability increases. To
report a summary score across different intervals, we
define AJrp as the mean of AJ dRm]iD“ over several dp;, values
dmin € {1,4,16,64,256}. This value is calculated per
sample and averaged over all samples in a dataset. We
calculate this metric for PointOdyssey and RoboTAP
as both contain long sequences and many reappearance
events.

4.2. Experimental Setup

We conduct extensive experiments to evaluate the effective-
ness of our proposed training adaptations. All models were
fine-tuned based on the publicly available BootsTAPNext-
B checkpoint. We performed fine-tuning for 20,000 steps
per dataset utilizing the AdamW optimizer [20] with a co-
sine annealing learning rate schedule [19]. The peak learn-
ing rate was set to 2 x 107°, preceded by a 100-step lin-
ear warmup. For coordinate prediction, we implemented a
loss re-weighting strategy where contributions from points
that are occluded but remain within the frame are down-
weighted by a factor of 0.2. For fine-tuning, we use 8
NVIDIA H100 GPUs with an effective batch size of 1 while
the evaluations were performed on a single H100.

Training Datasets. In this work we used a combination of
video and image datasets. We utilized three primary video
datasets providing ground-truth point tracks for both dy-
namic objects and static background regions: 1) The train-
ing split of PointOdyssey v1.2 [29], which comprises 131
videos featuring diverse object types and complex, long-
term camera trajectories. 2) A newly generated synthetic
long-sequence Kubric dataset (Kubric-1024), consisting of
10,000 videos, each 1024 frames in length. This dataset
models dynamic scenarios, including falling and randomly
jumping objects under various camera motions. 3) A novel
synthetic dataset, also newly generated, containing 10,000
videos of 240 frames each, depicting dynamic indoor scenes
with human motion and camera movement (DynHumans).
For our initial long-sequence experiments, we also em-
ployed 10,000 images from Openlmages v7 [15]. These
images were used to artificially synthesize long-sequence
videos of 1024 frames by applying smooth in-plane homog-
raphy transformations and the aforementioned roll augmen-
tation to a single static image. Ground-truth point trajec-
tories were derived from randomly sampled points on the
image.

Evaluation Datasets. We evaluate our method on both
real-world and synthetic video datasets. We use three
real benchmarks: TAP-Vid-DAVIS [7], which contains
30 videos (34-104 frames) from the DAVIS 2017 valida-
tion set [22]; TAP-Vid-Kinetics [7], consisting of 1,189
videos (250 frames each) from the Kinetics-700 validation

set [3]; and RoboTAP [26], with 265 videos (average 271.9
frames). To quantify long-term tracking performance, we
use the synthetic PointOdyssey v1.2 dataset [29], featur-
ing 13 videos with 1,149-4,325 frames in its test split. We
also report results on TAP-Vid-RGB-Stacking [7], a second
synthetic benchmark consisting of 50 videos of 250 frames
each. All images are resized to 256 x 256 for evaluation
unless otherwise stated.

4.3. Evaluations

The efficacy of recurrent architectures in point tracking is
limited by state degradation over long sequences, hindering
the application in long-term tracking scenarios. To quantify
this limitation, we first analyze the memory capability of
BootsTAPNext. We conducted a controlled experiment by
tracking points on a static image sequence: query points
are initialized on the first frame, and since the scene is
static, ground-truth points remain stationary. As illustrated
in Fig. 5, BootsTAPNext’s baseline performance degrades
significantly after approximately 150 frames even when the
same static frame is fed as input at every time step, indi-
cating a loss of information about initial query locations in
its recurrent state. We hypothesized that training on longer
video sequences could mitigate this effect. Indeed, fine-
tuning on DynHumans, which consists of 240-frame videos,
extended the model’s effective memory to 600 frames in the
same static-image experiment.

This initial result motivates us to train on even longer
sequences of 1024 frames. We first explore synthetically
generated long videos from Openlmages, using homog-
raphy and roll augmentations to simulate motion. Al-
though this approach further improved memory retention,
as shown in Fig. 5, training exclusively on this synthetic
data proved detrimental to the model’s overall tracking
performance across standard benchmarks, achieving low
Average-Jaccards of 25.00 (DAVIS), 41.00 (RoboTAP) and
30.76 (Kinetics). We attribute this to the model overfitting
to homographic transformations, compromising its ability
to generalize to more complex, real-world motion.

Consequently, we shifted to fine-tuning using the
PointOdyssey dataset, picking a random window of 1024
frames for each sample. Fine-tuning TAPNext on
PointOdyssey extended its memory capacity significantly
further than either DynHumans or synthetic Openlmages
data (Fig. 5). Furthermore, fine-tuning on PointOdyssey us-
ing random crops with a standard 1:1 aspect ratio yielded
substantial improvements on the PointOdyssey test set,
leading to state-of-the-art results including an enhanced sur-
vival rate of 68.31 (Tab. 3, row 2), confirming the potential
of the TAPNext architecture for long-term tracking. How-
ever, this specialized training led to reduced performance
on other benchmarks like DAVIS, indicating overfitting to
the PointOdyssey training set.



Table 3. Impact of Augmentations. Data augmentation while finetuning TAPNext on PointOdyssey (PO) impacts generalizability. While
less augmentations lead to higher results on PO, using roll and aspect ratio augmentations lead to overall better results across other datasets.

# Aug. PointOdyssey DAVIS RoboTAP Kinetics

Roll  Aspect 4§%Y9 1  Survivalt MTE] AJgp 1T AJtT 4§91t OA1t AJtT 6°Y91 OA1T Algpt AJT  6%Y91 OA?®
1 v v 49.3 63.5 17.4 20.4 66.0 79.5 91.9 59.8 74.2 88.4 51.1 53.6 68.3 88.5
2 514 68.3 15.6 22.8 64.7 78.4 91.6 59.3 73.7 88.0 50.7 53.0 68.0 88.2
3 v 52.0 68.6 16.4 223 653 79.1 91.4 59.2 73.9 88.0 50.0 52.6 67.8 87.8
4 v 49.7 65.0 15.8 20.7 64.7 78.8 91.4 60.4 74.7 88.7 52.0 53.7 68.4 88.6

Table 4. Multi-Dataset Finetuning. Incorporating multiple datasets in the finetuning helps generalizability while also improving the

results on PointOdyssey (PO) compared to training on PO alone.

# Dataset PointOdyssey DAVIS RoboTAP Kinetics

PO  Kubl024 DynHumans §%“9 1  Survivalt MTE] Algpt AJt 4§91 OAT AJT 6991 OAT Algpt AJT  6%Y91  OA7T
1 v ' v 52.6 67.9 134 233 66.6 79.9 92.1 61.1 752 89.6 52.4 54.4 68.7 89.0
2 v v 51.8 71.0 144 233 65.6 79.0 92.0 61.1 75.4 89.0 52.6 539 68.4 88.7
3 v 493 63.5 17.4 204 66.0 79.5 91.9 59.8 742 88.4 51.1 53.6 68.3 88.5

To improve generalization, we incorporate aggressive
roll augmentations and variable aspect ratio crops during
fine-tuning. As shown in Tab. 3 (row 1 vs. row 2), these
augmentations improve performance across multiple bench-
marks (e.g., boosting DAVIS AJ from 64.7% to 66.0%)
while maintaining a high survival rate of 63.5% on PO.
Additionally, roll augmentations significantly improve re-
detection capabilities, as shown in Fig. 6.

Given PointOdyssey’s limited size (131 training sam-
ples), we further enhance robustness by fine-tuning on
a mixture of datasets: PointOdyssey, Kubric-1024, and
DynHumans. As shown in Tab. 4, incorporating multiple
datasets improves generalization and boosts PointOdyssey
performance beyond training on PointOdyssey alone.
While mixing PointOdyssey and Kubric-1024 yields the
highest PO survival rate (71.0%), mixing all three datasets
(Tab. 4, row 1) provides the best overall performance
across all benchmarks and constitutes our final model, TAP-
Next++. Our fine-tuning strategy on TAPNext achieves
a new state of the art in long-term tracking. As shown
in Tab. 1, TAPNext++ outperforms previous methods on
PointOdyssey (69 52.6, Survival 67.9%, AJgrp 23.3),
DAVIS (AJ 66.6%, ¢6°v9 79.9, OA 92.1%), and RGB-
Stacking (AJ 73.4%, OA 95.1%). Notably, it achieves the
highest mean §*"9 (72.2) across all benchmarks, despite
using a lower input resolution (256 x 256) than competi-
tors and having the lowest latency. This contrasts sharply
with BootsTAPNext-B, which struggles on PointOdyssey
(Survival 13.0%), demonstrating our method successfully
addresses its long-sequence limitations. Our model also
achieves the best AJgp on PointOdyssey and RoboTAP,
highlighting its superior re-detection capabilities. Finally,
we evaluate a high-resolution version of our model. The
input images are directly resized to 512 x 512 resolution
without prior resizing to 256 x 256 and the TAP metrics
are calculated on the 256 x 256 scale. The high-resolution
model achieves §%Y9 52.2, AJ 33.5%, Survival 69.1% on

PointOdyssey and §*Y9 80.0, AJ 66.9%, OA 92.5% on
Davis. In addition to the advantages discussed above, we
compare inference speed among different online trackers in
Tab. 2, demonstrating the low latency and high FPS of TAP-
Next++. Qualitative comparisons are shown in Fig. 2 and
Fig. 7, highlighting that our method is the only one success-
fully tracking the challenging re-detection and long-term
scenarios.

5. Conclusion

This work addressed key limitations of current Tracking-
Any-Point (TAP) models: their degraded performance on
long sequences and their inability to re-detect points fol-
lowing occlusion or points re-entering the frame. We
presented TAPNext++, a model that re-purposes the ef-
ficient TAPNext architecture to show that these failures
are not architectural but are a result of insufficient train-
ing strategies and datasets. We successfully scaled the
model to long sequences by fine-tuning on 1024-frame
videos, which we enabled through multi-GPU sequence
parallelism. To specifically target re-detection failures,
we introduced tailored geometric augmentations and eval-
uated their effectiveness. Furthermore, we identified re-
detection as a blind spot in current evaluations and pro-
posed a new metric called Re-Detection Average Jaccard
(AJrp), to rigorously measure post-reappearance tracking
quality. We encourage the community to further work
on remaining limitations of TAPNext++ and other point
tracking approaches, such as solving hour-long point track-
ing with constant memory, tracking occluders and mod-
eling motion ambiguities. Our resulting model, TAP-
Next++, achieves state-of-the-art performance on multiple
point tracking benchmarks while retaining the low mem-
ory and compute footprint required for real-world applica-
tions.
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TAPNext++: What’s Next for Tracking Any Point (TAP)?

Supplementary Material

A. Frequently Asked Questions

Q: Is the improved performance on PointOdyssey sim-
ply due to training on the PointOdyssey dataset?

To verify generalization, we trained a variant of TAP-
Next++ exclusively on Kubric-1024 and DynHumans,
excluding PointOdyssey from training entirely. As
shown in Tab. 5, this zero-shot variant still outperforms
BootsTAPNext-B by 38.3 percentage points in survival rate
and exceeds Track-On by 3.8 points, demonstrating that the
long-sequence training recipe generalizes to out-of-domain
videos beyond the PointOdyssey distribution.

Table 5. Training without PointOdyssey. Evaluation results on
PointOdyssey (PO) with and without including PO in the training
mix.

Method 6%v9 1 Survival T MTE |
CoTracker3 44.5 56.3 20.7
Track-On 354 47.5 33.5
BootsTAPNext-B (Baseline) 9.9 13.0 92.1
Ours (w/ PO) 52.6 67.9 13.4
Ours (w/o PO) 37.3 51.3 26.4

Q: Does the roll augmentation give TAPNext++ an un-
fair advantage on AJrp?

We isolate the effect of roll augmentation in Tab. 3. While
it benefits RoboTAP and Kinetics, it slightly reduces scores
on PointOdyssey and DAVIS. Crucially, even without roll
augmentation, our model remains state-of-the-art on DAVIS
(AJ = 65.3) and PointOdyssey (6**9 = 52.0, Survival=
68.6, MTE= 16.4, AJgp = 22.3). The roll augmenta-
tion is a principled, task-specific training technique that any
method can equally adopt; it is not a post-hoc advantage
restricted to TAPNext++.

Q: Does TAPNext++ claim to solve infinite-length point
tracking?

No. We explicitly target long but finite sequences and do
not claim that performance degradation is fully eliminated
at arbitrary sequence lengths. Our contribution is to demon-
strate that such degradation is not an inherent architectural
limitation of linear recurrent units—in contrast to standard
non-linear recurrent architectures that suffer from vanishing
gradients. By extending the effective tracking range from
~150 frames to over 4000 frames without any architectural
change, we provide new insights into the practical scalabil-
ity of linear recurrent units for point tracking.

Q: Is TAPNext++ merely a ‘“bag of tricks” with limited
technical novelty?

We argue that system-algorithmic co-design is a fundamen-
tal research contribution, particularly in the context of scal-
able training. Concretely: (1) the distributed parallel scan
for SSM blocks is not a standard engineering detail but the
technical enabler that makes end-to-end training on 1024-
frame sequences feasible on multiple GPUs—without it,
naive sequence parallelism would require O(N) sequen-
tial communication rounds instead of O(log N); (2) the
roll augmentation is a principled, task-specific design di-
rectly addressing the well-known failure mode of points ex-
iting and re-entering the frame; (3) AJrp fills a concrete
gap in the evaluation literature by directly measuring post-
reappearance tracking quality, which no prior metric cap-
tures.

Q: How does Kubric-1024 differ from prior Kubric
datasets?

Kubric-1024 required a fundamental redesign to sustain
scene dynamics over 1024 frames. In prior Kubric variants,
object motion dissipates quickly due to passive physics.
We address this by introducing “velocity bumps”—random
linear and angular impulses applied whenever an object’s
speed drops below a threshold, with a slight bias toward
the scene origin to keep objects within the camera’s field
of view throughout the full sequence. We additionally ap-
ply sinusoidal noise to both the camera position and look-
at point to simulate natural camera jitter, preventing the
model from overfitting to the unnaturally smooth trajecto-
ries present in prior synthetic datasets.

Q: Why does the high-resolution (512 x 512) variant
sometimes underperform the 256 x 256 model in Tab. 1?
To ensure a fair comparison, the high-resolution variant
was fine-tuned using the same training recipe as the 256 x
256 model rather than a separately tuned configuration.
The optimal hyperparameters for higher-resolution fine-
tuning—including learning rate, schedule length, and batch
composition—Ilikely differ and were not optimized in this
work. The results in Tab. | should therefore be treated as a
conservative lower bound on the potential of the 512 x 512
model.

B. Long-Sequence Training with Sequence
Parallelism

Training TAPNext on long sequences (I' = 1024 frames
or more) requires fitting large computation graphs and in-
termediate activations into memory, which exceeds single-
device limits. To enable end-to-end training on such se-
quences, we adopt Sequence Parallelism (SP). The input
sequence is partitioned into N chunks along the tempo-



ral dimension, with each chunk processed by a dedicated
GPU. This strategy requires communicating O(72) bits for
attention-based models via context parallelism. At the same
time the linear recurrent nature of the State Space Models
(SSMs) allows performing forward and backward propaga-
tion with only O(logT') sequential and O(T'logT') total
communication bits as we show below.

The Real-Gated Linear Recurrent Unit (RG-LRU) used
in TAPNext, like other SSMs, is defined by a linear recur-
rence relation of the form:

ht = a; © hy—1 + x4, (D

where h;,a;,z; € RP are the hidden state, recurrence
parameters, and input at time ¢, respectively, and © de-
notes element-wise multiplication. This recurrence can
be expressed as an associative binary operator. First, if
hl = a1 © h() + 1 and hg = a2 © hl + X2, then
he = (a2 ® a1) ® hg + (a2 ® x1 + x2). This allows us
to define an associative binary operator &:

(ag,x2) ® (a1,21) = (a2 ©® a1,a2 © x1 +x2).  (2)

Because this operator is associative, we can compute the
recurrence using a parallel scan algorithm, rather than a se-
quential loop. We leverage this property to implement a dis-
tributed parallel scan for RG-LRU during the forward and
backward passes, enabling efficient training on distributed
sequence chunks. Our distributed scan operates in three
phases:

1. Local Scan: Each GPU j € {0,..., N — 1}, holding
sequence chunk {(a7,z])}}_,, computes a local paral-
lel scan assuming its initial hidden state !, is zero. This
produces a preliminary local output 3/ and a chunk sum-
mary S; = (o, X;), where a; = aj, ©® --- © a) and
Xj = yg . This summary \S; represents the affine trans-
formation of the chunk: hgm =a;® hfn +x;. This phase
is executed in parallel across all N GPUs.

2. Cross-GPU Prefix Scan: To find the correct input
state hi for each chunk j > 0, we must compute
hfn = h{); ' This requires composing the transforma-
tions of all preceding chunks: b} = (ap,_, © har) +
XP;_1» where Pj_l = 95j-1 D Sj_g ®--- DSy =
(ap,_,,XP;_,) and hgy is the initial state of the entire
sequence (typically zero). Computing all prefix com-
positions { Py, P1,..., Py_1} is a standard prefix scan
problem over the set of summaries {So, S1,...,Sy-1}
using the operator €. This is solved efficiently across
N GPUs using tree-based algorithms (e.g., recursive
doubling) with O(log N') communication rounds, rather
than O(N) rounds required by sequential propagation.

3. Local Correction: Once each GPU j receives its correct
initial state 2, from Phase 2, it corrects its preliminary

output '/ by adding the contribution from A/ : y/ =
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Figure 8. LRU State Norm Growth on re-feeding a Single Im-
age. BootsTAPNext shows unstable LRU state after 100 frames.
TAPNext++ has a monotonically growing state.
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n’
phase is also performed in parallel across all GPUs.

The backward pass follows a similar distributed scan pat-
tern to propagate gradients efficiently across GPUs.

In addition to that, we also implement sequence paral-
lelism for temporal causal convolution layers. Unlike the
linear recurrence, each step of the sequence may only de-
pend on a constant number of past steps in forward pass
for temporal convolution (or future steps during backward
pass). Therefore, we only need to do steps 1 and 2 and for
the latter we can do one linear chain of communications in
parallel.

This method allows TAPNext to be trained end-to-end
on sequences significantly longer than those trainable on a
single device, with only a logarithmic increase in commu-
nication overhead with respect to the number of GPUs.

C. Dynamic Model Depth

Prior work[30] has shown that TAPNext-like architectures
can be trained using a layer-wise supervision strategy,
meaning that each layer is trained using its own loss. As
a result, the model supports dynamic inference depth: it can
be executed with fewer layers at test time without requiring
retraining. Although the original architecture uses twelve
layers, we observed that the predictions produced after only
eight layers are already comparable in quality to those ob-
tained after all twelve. This allows one to reduce memory
consumption and further increase the achievable inference
speed (FPS). Note that in this work, all experiments were
executed using the full twelve layers.
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Figure 9. Eigenvalue Distribution. Distribution of eigenvalues a.
Almost no change can be observed between BootsTAPNext and
TAPNext++.

D. LRU State analysis

We analyze the temporal behavior of the LRU state asso-
ciated with the point-token stream in the twelfth layer. To
isolate the intrinsic LRU dynamics from changes caused by
varying inputs, we repeatedly feed the same static image
into the network and track the norm of the resulting cache
state over time. As shown in Fig. 8, the original BootsTAP-
Next exhibits irregular and unstable cache growth after ap-
proximately 100 frames, whereas TAPNext++ produces a
smooth and nearly monotonic evolution of the cache norm.
Also note that both network show equal state growth in the
beginning of the video. Importantly, even with a constant
input image, changes in the LRU state are expected: the
LRU update rule operates directly on the current activation
and does not explicitly enforce invariance over repeated in-
puts.

To better understand this behavior, we further inspect the
distribution of the learned eigenvalues a that parametrize
the LRU update (cf. Fig. 9). Surprisingly, we do not ob-
serve a pronounced shift toward eigenvalues near one in
TAPNext++, which would correspond to stronger long-term
memory retention. This suggests that the improved stability
of TAPNext++ does not arise from extending the effective
memory horizon of the LRU block. Instead, the model may
have learned to regulate or compensate for long-sequence
LRU dynamics elsewhere in the architecture—potentially
through more stable interactions between point- and patch-
token pathways or through modifications in downstream at-
tention layers.
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