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Abstract

Models for long-term point tracking are typically trained on
large synthetic datasets. The performance of these models
degrades in real-world videos due to different characteris-
tics and the absence of dense ground-truth annotations. Self-
training on unlabeled videos has been explored as a practical
solution, but the quality of pseudo-labels strongly depends on
the reliability of teacher models, which vary across frames
and scenes. In this paper, we address the problem of real-
world fine-tuning and introduce verifier, a meta-model that
learns to assess the reliability of tracker predictions and
guide pseudo-label generation. Given candidate trajecto-
ries from multiple pretrained trackers, the verifier evaluates
them per frame and selects the most trustworthy predictions,
resulting in high-quality pseudo-label trajectories. When
applied for fine-tuning, verifier-guided pseudo-labeling sub-
stantially improves the quality of supervision and enables
data-efficient adaptation to unlabeled videos. Extensive ex-
periments on four real-world benchmarks demonstrate that
our approach achieves state-of-the-art results while requir-
ing less data than prior self-training methods. Project page:
kuis—ai.github.io/track_on_r.

1. Introduction

Motion estimation is a longstanding problem in computer
vision, aiming to reliably track physical points across video
frames. While short-term correspondences can be well han-
dled by optical flow [39, 41], extending this capability over
long temporal horizons, often referred to as point track-
ing [11, 18], has recently drawn increased attention. Point
tracking is a fundamental primitive for long-term visual
understanding and control, enabling a wide range of applica-
tions where motion is crucial, including video editing [16],
robot manipulation and perception [5, 43, 45], 4D scene un-
derstanding [4, 14, 24, 36, 44], and medical analysis [3, 23].

Recently, transformer-based point trackers [1, 22, 29]

TEqual supervision

have advanced the state of the art, yet their training regimes
remain synthetic due to the prohibitive cost of dense, frame-
accurate long-term trajectory annotation in real videos. As a
result, models often inherit a sim-to-real discrepancy: appear-
ance statistics, nonrigid motion, occlusion patterns, lighting
changes, and sensor artifacts in natural footage degrade reli-
ability over extended sequences. Bridging this gap requires
training that can exploit unlabeled, large-scale real-world
videos without access to dense ground-truth trajectories.

Self-training via pseudo-labels is an attractive path for-
ward: predictions from a pretrained tracker (or an ensemble)
serve as supervision to adapt on real data [21]. However,
naive pseudo-labeling is brittle, as the teacher predictions
are not uniformly reliable. Different trackers excel in dif-
ferent regimes, some resist fast motion but drift under low
texture; others handle occlusion better but suffer from iden-
tity switches or jitter. Fixed heuristics or global confidence
thresholds cannot reconcile these heterogeneous error pro-
files and often propagate systematic errors during adaptation.

We argue that effective real-world training for point track-
ing hinges on reliability estimation: models must learn when
and where to trust tracker outputs. To this end, we introduce
a verifier, a learned meta-model that scores the framewise
reliability of candidate trajectories produced by multiple
pretrained, off-the-shelf trackers. Given a query point and
several candidate tracks, the verifier predicts which candi-
date most faithfully follows the underlying motion at each
frame, enabling dynamic selection and seamless switching
as conditions change (Fig. 1, left). Trained entirely on syn-
thetic data with ground-truth trajectories, the verifier learns
from deliberately perturbed candidates that emulate realis-
tic errors (drift, jumps, occlusions, re-appearances), using
a contrastive objective to rank correct versus corrupted al-
ternatives. Crucially, this training requires no real-world
annotations yet teaches the verifier to recognize consistency
cues that transfer across domains.

During adaptation on real videos, the verifier acts as a
supervision selector: it filters and fuses per-frame reliability
scores to form robust pseudo-label trajectories, reducing er-
ror accumulation and preventing collapse when any single
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Figure 1. Verifier-guided real-world adaptation. (Left) Given a query point in a real-world video, multiple off-the-shelf trackers produce
alternative trajectory hypotheses. Verifier evaluates these per-frame predictions and selects the most reliable ones, forming a refined
pseudo-label trajectory. (Right) Unlike naive self-training, which randomly selects a teacher model for pseudo-label generation, the verifier
adaptively combines predictions from multiple teachers, providing cleaner supervision for the student tracker during real-world fine-tuning.

teacher fails (Fig. 1, right). The same mechanism can be
used at inference time as a plug-and-play ensemble mod-
ule, combining complementary trackers on the fly based on
learned reliability cues rather than fixed weighting. This uni-
fied approach turns model diversity into a strength, yielding
annotation-free adaptation, improved robustness to distribu-
tion shift, and better long-term coherence.

We validate our approach across diverse real-world
datasets and tracking regimes. Verifier-guided pseudo-
labeling consistently improves effectiveness during fine-
tuning on unlabeled videos, and verifier-based ensembling at
inference provides additional gains, particularly under chal-
lenging motion and occlusion. Ablations confirm that the
verifier effectively exploits the complementary strengths of
different trackers while remaining robust to individual fail-
ures. Together, these results show that the verifier provides a
unified, data-efficient framework for reliable pseudo-labeling
and model coordination in real-world point tracking.

In summary, our contributions are threefold: (i) a verifier,
that learns to score and select reliable per-frame predictions
from multiple trackers, enabling both training-time supervi-
sion selection and optional inference-time ensembling; (ii) a
verifier-guided pseudo-labeling framework that scales fine-
tuning on real videos while mitigating the failure modes of
naive pseudo-labeling; (iii) extensive experiments and abla-
tions showing state-of-the-art performance and robust gains
across real-world point-tracking benchmarks, highlighting
the data efficiency and practicality of our approach.

2. Related Work

Point tracking. Tracking arbitrary points across long videos
requires maintaining fine-grained correspondences under
motion, occlusion, and reappearance. PIPs [18] introduced
iterative refinement within temporal windows, and TAP-
Vid [11] established a large-scale benchmark. TAPIR [12]
improved temporal precision, while CoTracker [22] refor-
mulated tracking as joint multi-point reasoning with trans-

formers. Subsequent works extended these ideas through
query-based [28, 29] or region-level designs [8], later uni-
fied in CoTracker3 [21]. Track-On [1] recast tracking as
patch classification for online inference, and Track-On2 [2]
enhanced its efficiency. TAPNext [48] explored a comple-
mentary state-space approach. In contrast, we focus on
improving real-world reliability through ensemble-based
adaptation rather than new architecture design.

Pseudo-labeling for unlabeled data. Pseudo-labeling
exploits model predictions as supervision for unlabeled
data [27, 38, 40, 46], while ensemble learning [6, 15] com-
bines predictors to improve generalization. Recent vari-
ants [7, 17, 26, 32] show that structured consensus across
models yields more reliable supervision than single-teacher
schemes. In point tracking, pseudo-labels bridge the gap
between synthetic and real domains: BootsTAPIR [13] ap-
plies large-scale self-distillation, CoTracker3 [21] integrates
real pseudo-labeled data, and AnthroTAP [25] uses 3D mesh
priors for human motion. Our verifier extends this paradigm
into a learnable ensemble, reasoning across trackers to select
reliable labels via spatio-temporal cues.

3. Problem Formulation

Given an RGB video of T frames, V = {Iy,...,Ir} €
RT*HXWX3 "and a query point q;, € R? at time o, the
goal of point tracking is to predict its trajectory and visibility
across subsequent frames:

{(Be.00) oty 1 = 2V, a,) (1)

where p; € R? denotes the predicted 2D coordinates and
0y € {0,1} indicates whether the point is visible at time .

Data setup & training regime. From the data perspective,
we consider two domains: Dy, and Dye, . The labeled syn-
thetic dataset Dy, = {(V,))} contains videos and their
ground-truth point trajectories, where Y = {(ps, v¢)}_,
denotes the trajectory and visibility of one queried point. In
practice, multiple query points can be sampled per video,
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(a) Oracle comparison across datasets.
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Figure 2. Teacher inconsistency and oracle performance. (a) Across 4 real-world datasets, six off-the-shelf teacher models (shown on the
legend) are compared against an oracle that, at each frame, selects the most accurate teacher prediction. Individual teachers (colored circles)
cluster below the oracle (diamonds), while the black horizontal line marks the performance of random teacher selection. The large gap
between the oracle and both individual models and random selection highlights the substantial headroom available for adaptive, per-frame
selection. (b) Example from TAP-Vid Kinetics [11]: Teacher predictions whose pixel errors fluctuate across time. The upper plot shows
per-frame pixel error curves, with occluded frames shaded in gray. Colored lines correspond to the same trackers as in (a), illustrating that
accuracy varies across time. The lower row shows uniformly sampled frames with teacher predictions and the ground-truth point (white star).

each with its own trajectory. The unlabeled real-world
dataset Dy, = {V} consists of videos without trajectory
annotations, i.e. Y = @.

Existing approaches fall into two regimes: (i) training
directly on Dyyy; and (ii) pretraining on Dgy, followed by
self-training on D, using pseudo-labels.

Sim2Real training on Dgy,. Most existing point tracking
models are trained on large-scale synthetic datasets Dgyy,
such as TAP-Vid Kubric [11], and evaluated on both syn-
thetic [20, 47] and real-world benchmarks [11, 43]. This
setting assumes that models trained on synthetic videos can
generalize to real ones, yet in practice, differences in tex-
ture, illumination, motion, and occlusion patterns introduce
a domain gap, potentially leading to degraded performance.

Naive self-training on D,,. To bridge the domain gap,
existing work performs self-training on real videos using
pseudo-labels generated by pretrained teacher models [21].
Formally, a video V ~ D, is sampled, and a teacher o(m)
is randomly selected from a set of M pretrained models
{®M ... M)} For randomly chosen query point qy,,
pseudo-labels Y = {(py, )}, = (™ (V, qq,) are then
used as supervision in place of the ground-truth ).

Discussion. A single teacher rarely provides uniformly re-
liable predictions across an entire video; accuracy fluctu-
ates frame to frame, with intermittent successes and failures
(Fig. 2b). In practice, different trackers exhibit error patterns
that are inconsistent and only weakly correlated, yielding
temporally unstable pseudo-labels rather than truly comple-
mentary signals. Naively sampling from, or averaging across,
such predictions tends to amplify noise and drift, undermin-
ing the benefits of self-training on real videos (Fig. 2a). We
address these limitations with a verifier that explicitly es-

timates per-frame reliability and selects among candidate
trajectories accordingly. By conditioning supervision on
learned reliability rather than fixed heuristics, the verifier sta-
bilizes pseudo-labels, suppresses failure cascades, and turns
model diversity into a practical advantage for adaptation.

4. Verifier

We introduce a verifier, trained on labeled synthetic videos,
to assess the reliability of tracker predictions. At inference,
it operates on real-world videos to select, at each time step,
the most reliable estimate among multiple pretrained teacher
trackers. Unlike conventional trackers, the verifier is a meta-
model, i.e., it does not predict trajectories directly but learns
to evaluate which tracker is most reliable for each frame.
Specifically, it compares the visual features around the pre-
dicted locations with those of the initial query point, rea-
soning across teachers and time to estimate a per-frame
reliability score for each candidate trajectory. These scores
are then used to construct a refined trajectory by combining
the most reliable predictions over time, producing stable and
accurate pseudo-labels for real-world fine-tuning.

An oracle test on existing tracking models. To measure
the available headroom when combining multiple teachers,
we construct an oracle that, at each time step, selects the
prediction closest to the ground truth (Fig. 2a). As expected,
the oracle performs best among all settings, but the large gap
between it and the individual teachers highlights a significant
potential for improvement. Across datasets, this gap remains
consistent and is particularly pronounced on challenging
egocentric videos such as EgoPoints [9]. These results in-
dicate that the best-performing teacher varies across frames
and scenes, making static or random selection suboptimal.
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Figure 3. Verifier overview. Given query points at frame ¢o and their candidate predictions (teacher outputs during inference or randomly
augmented trajectories during training), we extract local features for both the query and each candidate, producing query features f¢
(replicated across time) and candidate features f; (a vector for each candidate, per frame). The query features are then decoded by the
Candidate Transformer (right), which consists of restricted cross-attention, where each frame-level query attends only to its corresponding
candidates, followed by self-attention and feed-forward layers. The transformer outputs per-frame reliability distributions over candidates,

capturing spatial and temporal consistency based on feature similarity.

Motivated by this observation, we propose to train a verifier
that adaptively identifies the most reliable prediction among
off-the-shelf trackers, producing more stable and accurate
pseudo-labels 37 on Dieyl-

Formally, the verifier takes as input a query point g, in
a video V and a tensor of M candidate trajectories that
provide alternative motion estimates for the same target.
We represent these trajectories as C € REXM*2 where
L =T —tg is the trajectory length and each f)ff”) specifies
the 2D location of candidate m at frame ¢. The verifier
assigns a reliability score to each candidate at every time
step, producing a set of per-frame score vectors:

S - (I)ver(vu Qtg C) (2)

where S = {8, | t € (o, T]}, each 8, € RM contains
the reliability scores of all candidates at frame ¢, and §£m)
denotes the score assigned to candidate m. We describe how
C is constructed in Sec. 4.1. As illustrated in Fig. 3 (left),
the verifier first extracts localized features for the query
and all candidate trajectories at each frame (Sec. 4.2). The
candidate transformer then reasons jointly over candidates
and time to identify the most consistent motion hypothesis
(Sec. 4.3). Finally, the verifier outputs per-frame reliability

scores, selecting the most plausible candidate at each frame.

These selected predictions are subsequently used to fine-tune
a tracking model for real-world adaptation (Sec. 4.5).

4.1. Candidate Trajectories

Training setup. During training, the verifier is supervised on
labeled synthetic videos (1, ) ~ Dgyn. Each ground-truth

trajectory is represented by p € RE*2, where L is the trajec-
tory length and p; gives the 2D location of the tracked point
at frame ¢. The candidate trajectories C are generated by
applying random perturbations to p, producing M (typically
6-12) perturbed versions, i.e. p € REX2 — C € REXMx2
that simulate common prediction errors such as drift, oc-
clusion, and jitter (see supplementary for details). These
augmentations create diverse motion hypotheses resembling
the errors observed at inference, allowing the verifier to learn
to distinguish reliable trajectories from unreliable ones. Each
candidate’s reliability target is computed from its distance
to the corresponding ground-truth point, providing explicit
supervision for training the verifier to rank predictions by
reliability, as detailed in Sec. 4.4.

Inference setup. At inference and during real-world
fine-tuning, C consists of trajectories predicted by
M=6 pretrained teacher trackers: Track-On2 [2], Boot-
STAPIR [13], BootsTAPNext [48], Anthro-LocoTrack [25],
AllTracker [19], and CoTracker3 (window variant) [21].
For each query point, the verifier evaluates these trajecto-
ries and assigns frame-wise reliability scores, selecting the
highest-confidence prediction as the pseudo-label used for
fine-tuning on D, without manual annotations (Sec. 4.5).

4.2. Localized Feature Extraction

The verifier determines, at each frame, which candidate tra-
jectory best continues the motion of the query point. To
make this judgment, it compares the local visual evidence
around the query with the appearance context around each
candidate prediction. The localized feature extraction there-
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fore converts image regions near these 2D locations into
compact descriptors that are directly comparable.

Frame-wise feature extraction. We compute dense visual
features for all frames using the frozen CNN encoder of pre-
trained CoTracker3 [21], projected to dimension D through
a linear layer:

Ft = ¢enc(1t)a ) (3)

where (H', W') are the downsampled spatial resolutions.

Ft c RH’XW’XD

Query and candidate representations. The verifier com-
pares each candidate prediction against a stable visual refer-
ence of the target. The query point serves as this reference,
encoding the appearance and context of the target at its first
visible frame t;. We first obtain this reference embedding
by bilinearly sampling the feature map at q,,:

Qsample = Sample(th qto) € RD “4)

For each frame t, the verifier measures how well the local
region around each candidate in C; € R*2 matches the
query reference. To capture this local context, deformable
attention is applied at both the query and candidate locations,
producing locally aggregated descriptors:

hg{, = ¢def(qsampley Ftov qto) S RD; (5)
ht = ¢def(Qsample> Ft7 Ct) S RMXDa t> tO- (6)

Here, ¢gef(+) uses the reference feature Qsample as the query
input, the frame feature map as key—value pairs, and the spa-
tial coordinates from C; as attention centers, ensuring that
all candidate descriptors are computed relative to the same
query appearance. In essence, these features capture how the
appearance of the initial query is expressed across all candi-
date locations. This operation aggregates adaptive contextual
information around each candidate, enabling the verifier to
compare appearance similarity within local neighborhoods
rather than relying on single-point features.

Position and identity embeddings. The extracted features
are purely visual and lack explicit spatial context. To provide
positional context, we apply a sinusoidal embedding 7)(-) to
displacement vectors, and append a learned identity embed-
ding that distinguishes the query (ID() from the candidate
predictions (ID;). After concatenation, a projection layer
®proj maps the combined representation to the model width:

£l = ¢proj (h{, 1(0), IDy) € R, (7
£, = dproj (he, N(Ay), ID1) € RM*P 1t 515 (8)

where A, = C; — q,, represents the displacement of each
candidate from the initial query location, and ¢p; aligns the
concatenated representation to the model dimension.

Output. The local encoder produces temporally aligned
feature descriptors for both the query and candidate trajec-
tories. The query feature f{ is replicated across time, i.e.

fi — {f!  |,...,£}}, forming a tensor f¢ € R**P that
encodes the reference appearance of the target at each frame,
where each f{ € R corresponds to the query embedding
at frame ¢. The candidate descriptors across all frames are
stacked into a tensor f € REXMXD with f, € RM*D rep-
resenting the M candidate features at frame ¢. Together, f9
and f form the input to the candidate transformer.

4.3. Candidate Transformer

The candidate transformer decodes the query descriptors
f7 with the candidate descriptors f to produce temporally
informed embeddings for reliability estimation. It extends
a standard transformer decoder [42] to reason jointly over
candidates and time. Each layer consists of localized cross-
attention, temporal self-attention, and a feed-forward net-
work (Fig. 3, right).

At each frame t, the query embedding f € R” attends
only to its corresponding candidate features f, € RM*D,
performing cross-attention along the candidate dimension
M. During this step, the temporal dimension L is treated as
a batch axis, so attention is computed independently for each
frame. This step allows the query to integrate information
from all candidate trajectories at that frame and identify the
most consistent motion hypothesis. The resulting per-frame
query embeddings are then connected across time through
self-attention along the temporal dimension L, allowing in-
formation flow between frames. This temporal reasoning
maintains consistency and helps resolve ambiguities: if a
prediction is uncertain at one frame, contextual evidence
from nearby frames with confident predictions can refine its
reliability estimate. The outputs of these attention stages are
passed through a feed-forward network to produce updated
query representations for the next layer. No attention mask
is applied, and all candidate predictions are included even
when the point is occluded at that frame.

Verifier output. After decoding the query embeddings, the
candidate transformer outputs a reliability distribution over
candidates at each time step. Formally, for each frame ¢, we
compute a temperature-scaled softmax over cosine similari-
ties between the decoded query feature £ and the candidate
features f;:

§: = Softmax(ff - £;/7), § € RM. 9

Here, f, € RM*P represents all candidate features at frame
t, £ € RP is the decoded query feature, and - denotes cosine
similarity applied row-wise between f; and each row of f;,
scaled by the temperature 7 = 0.1. This yields a per-frame
reliability distribution §; over the M candidates.

4.4. Training

Given the ground-truth trajectory p € RZ*2 and its visibil-
ity sequence v € {0, 1}~, the verifier is trained with a soft
contrastive objective. Intuitively, candidate predictions that
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Figure 4. Verifier as inference time ensemble. Comparison of the verifier ensemble against individual teacher models and the random-
teacher baseline on real-world datasets. All teacher results are reproduced using their official checkpoints. The verifier consistently achieves
the best performance across datasets, demonstrating its ability to exploit the complementary strengths of different models.

lie closer to the ground-truth locations should receive higher
reliability, while those farther away should be downweighted.
At each frame ¢, the verifier receives a set of M candidate
predictions C, € RM*2 and the corresponding ground-truth
point p; € R2. We define the per-frame target reliability dis-
tribution s; as a softmax over the negative distances between
all candidates in C; and p;:

s; = Softmax(—||C; — p¢||/7s) s, e RM . (10)
where ||C; — p¢|| computes the Euclidean distance from
each candidate to the ground truth, and 75 = 0.3 controls
the sharpness of the distribution. The predicted reliability
scores §; are supervised using a cross-entropy loss £ =
Zthl vy CE(8¢, s¢), where v; masks out occluded frames,
ensuring that only visible points contribute to the objective.

4.5. Fine-tuning with Verified Pseudo-Labels

We start from a point tracking model pretrained on labeled
synthetic data Dy, and adapt it to real-world videos from
Drea- In our case, the base model is Track-On2 [2], pre-
trained on TAP-Vid Kubric [11]. For real-world adaptation,
Diear is constructed from in-the-wild object tracking and
segmentation datasets, namely TAO [10], OVIS [35], and
VSPW [33]. We retain videos longer than 48 frames without
additional filtering, resulting in 4864 real-world sequences
with diverse motion patterns and scene content.

To fine-tune the model on D,,, we employ the trained
verifier to generate reliable pseudo-labels. For each video
V ~ Dieal, we sample query points based on both appearance
and motion cues. Specifically, 2/3 of the queries are drawn
from SIFT [31] detections, while the remaining 1/3 are se-
lected from motion-salient regions obtained via grayscale
frame differencing with mild spatial smoothing. Queries are
sampled from the first half of the video, using four uniformly
spaced frames (e.g., frames 1, 5, ...).

Each query is tracked by the ensemble of teacher models,
producing a set of candidate trajectories. At every frame ¢,
the candidate with the highest reliability score in S, i.e. the

prediction corresponding to arg maxy, §§m), is selected as

the pseudo-label. Visibility is estimated via majority vot-
ing across teacher predictions. This verifier-guided pseudo-
labeling enables efficient adaptation to real-world domains
without requiring manual annotations or labeled data.

In practice, we fine-tune using both Dgy, (with ground-
truth annotations) and D,y , gradually increasing the loss
weight of real-world samples while reducing that of synthetic
ones during training. This schedule yields slightly better
performance than training on D, alone, although using
only Dy still produces competitive results (see Sec. 5.4).

5. Experiments
5.1. Setup

Datasets. For verifier training, we use K-EPIC [9], a syn-
thetic dataset of 11K videos, each 24 frames long, containing
similar synthetic objects to those in TAP-Vid Kubric [11].
For real-world fine-tuning with the verifier, we use 8K videos
from our filtered collection described in Sec. 4.5. We evalu-
ate our model on four public real-world datasets with diverse
characteristics: TAP-Vid DAVIS, 30 real-world videos from
the DAVIS dataset; TAP-Vid Kinetics, 1000 videos from
the validation split of Kinetics-700-2020; RoboTAP [43],
265 robotic sequences averaging over 250 frames each; and
EgoPoints [9], long egocentric videos spanning up to several
thousand frames.

Metrics. We evaluate tracking performance on TAP-Vid sub-
sets and RoboTAP using three standard metrics: Occlusion
Accuracy (OA), visibility prediction accuracy; d,,, , the av-
erage proportion of visible points tracked within thresholds
of 1,2, 4, 8, and 16 pixels; and Average Jaccard (AJ), a com-
bined measure of localization and visibility. On EgoPoints,

we report dae and OA following the official evaluation.

Evaluation details. We follow the standard TAP-Vid bench-
marking protocol, downsampling all videos to 256 x 256
resolution except for EgoPoints. Models are evaluated in
the queried-first setting, corresponding to the causal tracking
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Table 1. Quantitative results on real-world datasets. Comparison with prior work on EgoPoints, RoboTAP, TAP-Vid Kinetics, and
TAP-Vid DAVIS in terms of AJ, 05, , and OA (higher is better). Models are grouped into synthetic pretraining and real-world fine-tuning.
The latter includes methods fine-tuned on additional real-world videos using semi-supervised strategies. We report officially published
results when available; if no reported values exist, we evaluate the authors’ official checkpoints. Missing checkpoints are shown as “—".
 AllTracker leverages additional optical-flow datasets (synthetic and real-world with ground-truth), without pseudo-label fine-tuning.

EgoPoints RoboTAP Kinetics DAVIS

Model 5z, OA Al 4%, OA AJ o5, OA Al 0%, OA
Synthetic Pretraining

TAPIR [12] 502 799 596 734 870 496 642 850 562 70.0 86.5
LocoTrack [8] 59.6 886 623 762 871 529 668 853 630 753 872
TAPNext-B [48] 31.8 738 595 728 88.0 533 679 870 624 76.6 905
CoTracker3 (Window) [21] — — 608 737 871 541 666 871 645 767 89.7
Track-On2 [2] 61.7 89.9 68.1 805 934 553 693 89.6 67.0 79.9 92.0
Real-World Fine-Tuning

BootsTAPIR [13] 557 782 649 80.1 863 546 684 865 614 736 887
Anthro-LocoTrack [25] 61.1 895 647 792 884 539 684 864 0648 773 89.1
BootsTAPNext-B [48] 336 685 640 750 887 573 706 874 652 785 91.2
CoTracker3 (Window) [21] 540 844 664 788 90.8 558 685 883 638 763 90.2
AllTracker [19] 620 87.1 688 809 922 568 693 89.1 637 77.0 88.7
Track-On-R (Ours) 673 902 709 826 940 578 710 905 68.1 803 925

scenario: the first visible point in each trajectory is used
as the query, and the model tracks that point in subsequent
frames. For EgoPoints, frames are resized to 384 x 512,
however evaluation is done on 256 x 256, consistent with its
official evaluation setup.

5.2. Results: Verifier as Inference-time Ensemble

We first evaluate the verifier as an inference-time ensem-
ble to assess its ability to identify the most reliable tracker
per frame. As shown in Fig. 4, we compare the reproduced
performance of each teacher model using their official check-
points, the random-teacher baseline (where a teacher is ran-
domly selected per video), and the verifier-based selection
across four real-world datasets. Reproduced results are used
for all comparisons. These correspond to the exact candidate
trajectories provided to the verifier, ensuring that frame-wise
selection is evaluated fairly.

The verifier consistently outperforms both the random
baseline and the strongest individual teacher. This demon-
strates its ability to adaptively select the most reliable predic-
tion at each time step. The gains are particularly pronounced
on challenging datasets such as EgoPoints, where model
reliability fluctuates significantly across motion patterns and
scene content.

Performance rankings also vary substantially across
datasets. For example, BootsTAPNext [48] ranks last on
RoboTAP but second on DAVIS, highlighting that no single
tracker is universally dominant. These results confirm that
the verifier provides a principled mechanism for aggregat-

ing complementary teacher models and serves as a robust
adaptive ensemble strategy, validating its design prior to
real-world fine-tuning.

5.3. Results: Verifier-Guided Adaptation

In this section, we compare our model Track-On-R, fine-
tuned on real-world videos using the verifier-guided ap-
proach, against prior work. As summarized in Table I,
we categorize existing approaches into two groups: syn-
thetic pretraining and real-world fine-tuning, presented
side by side for direct comparison. Models in the first group
are trained exclusively on synthetic data from TAP-Vid
Kubric [11], whereas those in the second group leverage
additional real-world videos for fine-tuning to enhance gen-
eralization. When official results are available, we report the
numbers published by the original authors. If a method has
no officially reported values, we reproduce the results using
the authors’ released checkpoints. For methods without any
publicly released checkpoints or reported values, we indicate

29

missing entries with “—".

Baseline models. Existing real-world adaptation strategies
differ in both supervision and data scale. BootsTAPIR [13]
and BootsTAPNext [48] rely on large-scale student—teacher
distillation over millions of real videos. AnthroTAP [25]
instead uses domain-specific human-mesh annotations to
derive pseudo-labels, which limits its applicability outside
human-centric datasets. AllTracker [19] does not perform
real-world fine-tuning, but is trained on high-quality syn-
thetic optical flow with ground-truth as well as annotated
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Table 2. Effect of teacher composition on verifier performance.
We report d;,, for the random-teacher baseline (Rand.) and the
verifier-based selection (Ver.) across different teacher subsets.

Teacher Models DAVIS RoboTAP
A B C D E Rand. Ver. Rand. Ver.
i) v X X X 79.5 80.6 774 818
gy v v v X X 79.4 806 773 82.4
i)y v v v vV X 71.5 80.8 774 828
av) v v v v v 717 81.1 78.0 83.1

Table 3. Synthetic vs. real data during fine-tuning. We compare
three configurations: Real (only Drea), Mix (Dreat + Dgyn), and
Mix + Schedule, where the loss weight of real-world samples is
gradually increased during training.

EgoPoints RoboTAP  Kinetics DAVIS
Data 5%, OA 0%, OA 0%, OA &%, OA
Real 66.9 90.2 82.7 93.8 709 90.4 80.3 92.4
Mix 65.6 90.7 823 939 70.8 90.3 80.7 92.5

Mix + Schedule 67.3 90.2 82.6 94.0 71.0 90.5 80.3 92.5

real-world flow data. The most similar approach is Co-
Tracker3 [21], which applies a generic random-teacher
pseudo-labeling strategy on real-world videos. Our method
also follows a teacher-based pseudo-labeling paradigm, but
introduces a verifier that enables reliable adaptation to arbi-
trary real-world video collections using only raw videos.

Comparison on EgoPoints. EgoPoints presents a particu-
larly challenging setting due to long sequences and extended
occlusion periods. Our model significantly improves over the
synthetic baseline, increasing dy,, from 61.7 to 67.3. It also
widens the gap to the closest competitor, AllTracker [19],
by +5.3 in d,,, - These results demonstrate that our pseudo-
labels transfer effectively to complex ego-centric motion,

even though the training data are not explicitly ego-centric.

Comparison on RoboTAP. Compared to the synthetic base-
line, our model achieves consistent gains across all metrics,
including a +2.8 improvement in AJ. Our adaptation attains
the highest scores on the benchmark, outperforming both
synthetic and real-world baselines. Notably, our real-world
training set contains no robotic sequences, indicating that the
verifier-guided pseudo-labels generalize well and transfer
effectively to robotic manipulation scenarios.

Comparison on Kinetics. On TAP-Vid Kinetics, our model
improves over the synthetic baseline by +2.5 in AJ. It also
surpasses the highest AJ score of 57.3 reported by Boot-
sTAPNext [48], while achieving 3.1 points higher in OA,
indicating more accurate visibility prediction.

Comparison on DAVIS. Our model achieves the high-
est scores across all metrics, outperforming both synthetic
and real-world baselines. Compared to the baseline Track-
On2 [2], our fine-tuned variant improves AJ by +1.1, estab-
lishing a new state of the art on this benchmark.

5.4. Ablation Study

Teacher models. To analyze how the composition of teacher
models influences performance, Table 2 compares the ran-
dom selection (round-robin selection) and our verifier-based
selection over different teacher subsets in terms of d;;, on
TAP-Vid DAVIS and RoboTAP. Models A-E correspond
to Track-On2 [2], BootsTAPNext [48], BootsTAPIR [13],

CoTracker [21], and Anthro-LocoTrack [25]. The verifier
consistently outperforms the random baseline and remains
robust even when weaker teachers are included. Adding or
removing a model that lowers the baseline average either pre-
serves or improves verifier accuracy. For example, in DAVIS,
line but increases verifier accuracy. These trends indicate
that the verifier effectively exploits complementary teacher
behaviors rather than being diluted by weaker models.

Synthetic-real training schedule. We study the effect of
training data composition during fine-tuning in Table 3. We
compare three settings: using only real-world videos from
Dreat, mixing Dyeyr with synthetic data Dyy, (with ground-
truth supervision), and the same mixture with a schedule that
gradually increases the loss weight of real-world samples
(our default). The mixture improves OA due to visibility
supervision from synthetic data, while real-only training
yields slightly better localization in terms of dy, . The
scheduled mixture combines both advantages and achieves
the best overall performance, although adding synthetic data
on top of real-only training provides only marginal gains.

6. Conclusion & Limitation

In this paper, we have introduced a verifier module that learns
to assess the reliability of point tracker predictions, enabling
robust real-world adaptation without manual annotations.
When used for fine-tuning, it produces high-quality pseudo-
labels that substantially improve tracking performance across
diverse domains and achieve data-efficient adaptation. Be-
yond pseudo-label generation, the verifier also functions as
a effective inference-time ensemble mechanism, offering
a general framework for model selection and uncertainty
estimation in video correspondence tasks. However, the ef-
fectiveness of fine-tuning still depends on the quality and
diversity of the available video data, which highlights the
importance of curated real-world collections. In addition,
the verifier’s upper bound is constrained by the quality of its
teacher trackers, suggesting that future work should focus
on developing stronger and more robust pretrained models
to further enhance verifier-guided learning.
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