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Table 1: Feature-based and depth-based initialization. We
compare query initialization using feature-based and depth-based
methods in terms of < §g,.

Method DexYCB Panoptic Studio
Feature-based initialization

ResNet 7.2 30.2
VGGT [14] 1.5 17.3
VGGT-DINO [18] 5.2 29.4
DINOv3 [13] 11.8 36.5
Depth-based initialization

MapAnything [8] 6.6 329

DA3 [11] 41.6 47.7

Table 2: Robustness to query init.

Ql.lefry. . Method DexYCB
Initialization <Ogpg < 00
MVTracker 48.4 34.2
GT Depth MV-TAP | 558  36.1
MVTracker 349 23.5
DUSGR Depth | \yypap | 533 345

0. Overview

In this supplementary material, we first explore differ-
ent strategies for constructing queries for multi-view point
tracking in Sec. 1. We show an illustration of the camera
encoding module in Sec. 2 Next, we present additional ex-
periments in Sec. 3. We also provide detailed descriptions
of the training and evaluation datasets in Sec. 4. We then
show additional qualitative results in Sec. 5. Finally, we
describe limitations and future work of MV-TAP in Sec. 6.

1. Query initialization

We assume that the queries are given for all views. How-
ever, this assumption is impractical for specific settings.

“Equal contribution.

Algorithm 1 Feature-based query initialization

Require: Multi-view videos V/, query point ¢ = (x4, Yq, tq, Vq)
Ensure: Cross-view correspondences {(7,, iy, 1%, V) }oso,

1: Extract query feature f; <— ®(V,, ¢, ) (%4, Yq)
2: for each view v # v, do

3: for each frame ¢ do

4 Cﬂyt(xvy) < <f117Fv7t(m7y)>

5 end for

6: ty +— argmax; maxg,y Cy ¢ (2, y)
7 (23, ys) + argmaxy y Co,ex (2,y)
8: end for

Algorithm 2 Depth-based query initialization

Require: Multi-view videos V, query point ¢ = (x4, Yq, tq, Vq)
Ensure: Cross-view correspondences {(x7,, ¥y, ty, V) osto,

Extract depth do, ¢, < D(Vo, 1) (24, Yq)
Unproject query point to 3D
Xyl
Pqg R“qatq (dquth Xq — t“q»tq)
Reproject to other views
for each view v # vq do
Xu,tg K(Rv,tq pgD + t'u,tq)
Xv,tq — [j'u,tq /év,tq ) gv,tq /év,tq]
(x;kn 2/57 t:) <~ (XUJ(ﬂ tQ)
end for
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Thus, we explore query initialization methods by assum-
ing that a query is given for an arbitrary view and searching
for its corresponding position in the other views. Unlike the
other experiments, where queries are defined for all views
as ¢ = (z4,Yq,tq), in this section the query is specified
for a particular view. We therefore extend the definition to
q = (x4, yq, tq, vq) to explicitly indicate the view index.

We assume that the queries are given for all views. While
determining corresponding query points across views from



Table 3: Threshold-wise PCK analysis on the DexYCB and Panoptic Studio datasets.

Method DexYCB Panoptic Studio
<O <05 <O <Y <Ol < gy, | <O <65 <O <OF < Ofp < gy,
Single-view input
TAPIR [3] 134 274 433 613 740 439 5.5 17.0 3777 599 765 39.3
CoTracker2 [7] 30.8 441 632 822 920 62.5 219 408 624 799 905 59.1
LocoTrack [2] 285 397 556 720 83.0 55.8 214 384 575 753 881 56.1
CoTracker3 [6] 299 422 599 777 885 59.6 232 426 650 83.0 933 61.4
TAPNext [19] 30.6 419 582 737 84.0 57.7 235 425 64.0 80.8 89.7 60.1
SpatialTracker [16] | 242 31.5 414 533 660 433 80 194 377 590 786 40.5
TAPIP3D [17] 252 362 46.0 529 567 434 212 433 672 852 942 62.2
Multi-view input
CoTracker3 + Flat. 3.1 4.4 6.1 8.5 13.3 7.1 3.6 6.5 10.5 168 259 12.7
CoTracker3 + Tri. 2377 406 582 759 870 57.1 19.7 415 637 812 915 59.5
MVTracker [12] 240 316 427 606 833 48.4 158 397 69.6 90.0 96.8 624
MV-TAP 302 435 630 81.1 918 619 232 429 663 858 95.6 62.8
Table 4: Threshold-wise PCK analysis on the Kubric and Harmony4D datasets.
Kubric Harmony4D
Method <O <0 <0 <O0F <Oy <o, | <0 <of <of <o <&y <0,
Single-view input
TAPIR [3] 435 714 848 908 94.1 76.9 1.1 302 565 77.7 90.1 53.1
CoTracker2 [7] 82.1 888 934 962 977 91.6 347 598 789 899 963 71.9
LocoTrack [2] 802 872 91.7 946 96.7 90.1 352 597 79.0 90.0 96.1 72.0
CoTracker3 [6] 81.6 882 928 960 98.0 91.3 348 608 819 924 973 73.5
TAPNext [19] 858 912 945 964 975 93.1 369 63.0 828 929 97.6 74.6
SpatialTracker [16] | 59.4 70.8 80.8 88.1 932 78.4 157 338 572 760 89.1 54.4
TAPIP3D [17] 855 958 984 994 99.7 95.7 3.7 8.5 176 354 63.0 25.6
Multi-view input
CoTracker3 + Flat. | 21.2 254 29.0 329 382 29.3 4.9 103 185 283 413 20.7
CoTracker3 + Tri. 68.7 873 93.0 96.1 98.1 88.7 295 576 789 90.0 959 70.4
MVTracker [12] 72.8 937 99.0 998 999 93.0 1.6 3.7 8.0 17.1  30.8 12.2
MYV-TAP 842 914 960 987 99.6 94.0 366 62.8 832 934 98.2 74.9
a single-view query is a critical challenge in practical multi- F= (d; 0 xd) R Transformer Input
view point tracking. In our main experiments, we chose to ’ P
focus specifically on the tracking component, treating ini- ! VXN T X6 VXNXTxC
tialization as a separate preprocessing step in order to iso- MLP
late and evaluate tracking performance.
Layer Norm Multi-View
Feature-based initialization. First, we consider a feature ! Spatio-Temporal

matching approach, which is commonly used in conven-
tional point tracking methods [2, 3] to obtain initial trajec-
tories. We adopt a variety of architectures as baselines, in-
cluding ResNet pretrained on CoTracker3 [6], VGGT [14],
DINOv3 [13], and VGGT-DINO, which follows an SD-
DINO [18] strategy to combine features from VGGT and
DINOv3 as baselines for feature matching. Specifically, we
extract VGGT features from its aggregator output.

Given a query point ¢ = (24, Yq, t4, Vq), We extract its

Camera Embedding Transformer

-

Figure 1: View-aware camera encoding. MLP-projected coor-
dinates are added to transformer input tokens to inject view-wise
information.

o
VXNXTXC

feature vector f; from the backbone feature map ®(V,, ¢,)
at (x4, yq). For each candidate view v # v, and frame ¢, we



Table 5: Triangulation-based refinement. ‘Tri’ denotes whether triangulation is applied. ‘Final® applies triangulation to the final output,
and ‘“Window’ applies it after each temporal window. ‘RANSAC’ denotes whether outlier filtering is applied.

. DexYCB Panoptic Studio Kubric Harmony4D
Method T RANSAC G, <0 | <0, < 0h. | <0, <0 | <0, <0k
CoTracker3 X X 59.6 33.9 61.4 46.2 90.7 64.6 73.5 58.4
CoTracker3  Final X 52.1 325 58.4 47.2 85.8 66.2 69.7 58.9
CoTracker3  Final v 57.1 34.8 59.5 47.7 88.7 66.6 70.4 59.1
CoTracker3 Window X 53.8 33.9 59.5 48.1 86.2 65.8 71.2 60.4
CoTracker3 Window v 58.5 35.5 61.2 48.9 88.9 67.4 72.2 61.3
MV-TAP X X 61.9 384 62.8 48.7 94.0 70.4 749 60.3
MV-TAP Final X 60.6 39.7 61.2 50.6 90.9 71.5 72.7 61.8
MV-TAP Final v 60.5 394 61.6 50.2 91.2 71.2 73.1 62.3
MV-TAP Window X 61.8 40.1 63.8 52.2 91.1 71.8 74.8 64.4
MV-TAP Window v 60.9 39.2 63.2 51.8 91.4 71.3 75.1 64.7

Table 6: Occlusion Frequency. We evaluate MV-TAP and baselines on various type of frequent occlusion tracks. ‘Top-25°, “Top-50°,
“Top-75’, and ‘Top-100’ denote the top 25%, 50%, 75%, and 100% most frequently occluded tracks, respectively.

Method DexYCB Panoptic Studio Kubric Harmony4D

Al <6%, OA | Al <4, OA| Al <o, OA| Al <4, OA
Top-25
CoTracker3 253 427 659|373 605 689|657 797 615|334 649 592
CoTracker3 + Flat. | 0.5 1.8 423 | 0.7 132 403 | 119  23.1 382 | 1.7 174 499
CoTracker3 + Tri. | 25.7 43.1 659 | 364 590 69.1 | 652 788 857|319 627 592
MVTracker - 17.2 - - 59.5 - - 89.8 - - 10.6 -
MV-TAP 287 463 69.7 | 375 613 699 | 744 866 909 346 671 61.7
Top-50
CoTracker3 293 474 68.6|383 607 709|712 832 670 |36.1 67.7 608
CoTracker3 + Flat. | 0.8 2.8 40.3 | 0.7 12.5 39.7 | 0.7 12.5 39.7 | 1.9 18.0 48.4
CoTracker3 + Tri. | 29.0 469 686 | 37.1 593 704 | 702 8.0 884 | 343 653 608
MVTracker - 30.0 - - 60.9 - - 91.1 - - 9.6 -
MV-TAP 328 509 725389 620 718|796 89.5 933 368 694 63.0
Top-75
CoTracker3 342 528 723|387 608 716|737 848 89.6 |39.1 710 623
CoTracker3 + Flat. | 1.4 44 38.6 | 0.8 13.1 393|146 259 356 | 20 203 469
CoTracker3 + Tri. | 34.0 52.0 723|377 594 715|726 835 89.6 | 37.1 684 623
MVTracker - 40.0 - - 61.4 - - 91.6 - - 11.5 -
MV-TAP 375 557 749 | 396 623 72.6 | 81.3 90.5 941 404 72,6 65.1
Top-100
CoTracker3 415 3596 764 |39.6 614 723|835 907 941|414 135 632
CoTracker3 + Flat. | 2.7 7.1 357 | 1.0 12.7 38.8 | 19.6 29.3 346 | 2.1 20.7 46.4
CoTracker3 + Tri. | 39.2 57.1 764 | 379 595 723|702 826 943|392 704 632
MVTracker - 48.4 - - 62.4 - - 93.0 - - 12.2 -
MV-TAP 442 619 783 | 403 628 731 | 878 940 963 426 749 658

compute a correlation map by dot product as: as:
* *
Cv,t(xay) = <fQ7 Fv,t('ray)>7 (1) (‘rvayu) argrrilﬁ%/x vat,, (x’y) (3)

where F,, ;, = ®(V, ;). We then select the most relevant
frame for each view by
(2)

ty = argmax max C, (z,y),
t T,y

and localize the 2D correspondence using argmax operation

The algorithm is provided in Algorithm 1.

As shown in Tab. 1, DINOv3 and VGGT-DINO show
relatively strong performances compared to the other base-
lines, but their performance remains inadequate for query
initialization.

Depth-based initialization.



Table 7: Ablation on various number of views.

Method 2 views 4 views 6 views 8 views

Al <43, OA Al <ég,, OA | Al <4, OA | Al <3, OA
Panoptic Studio
CoTracker3 39.7 61.8 724 | 394 60.9 72.3 | 38.6 59.8 72.8 | 39.6 61.4 72.3

CoTracker3 + Flat. | 9.9 214 566 | 24 114 488 | 24 11.1 397 | 1.0 127 388
CoTracker3 + Tri. | 39.6 61.6 724 | 38.1 595 7231372 581 728 | 379 595 723

MVTracker - 57.0 - - 61.2 - - 60.2 - - 62.4 -
MV-TAP 396 617 7231398 616 725|390 607 731 403 628 731
Harmony4D

CoTracker3 36.1 69.8 59.5 | 387 720 1.3 405 728 625 1.4 735 632

CoTracker3 + Flat. | 14.5  34.1 51.1 | 43 205 498 | 32 182 475 | 2.1 20.7  46.4
CoTracker3 + Tri. | 363 701 59.5 | 36.8 694 613 | 377 69.0 625|392 704 632
MVTracker - 159 - 11.1 - - 12.2 - - 12.2 -

MV-TAP 36.7 701 643 | 394 722 65.0 | 419 742 656 426 749 658

Alternatively, we utilize off-the-shelf metric depth esti-
mators, which take camera parameters as input for query
initialization. Using the depth of the query point d,, ¢, we
unproject the query coordinate to obtain its 3D location pgD
using the given camera parameters:

pgD = R;)rq,tq (dvq,th_lxq - tvq,tq)v (4)

where X, = [zq, Yq, 1]7 is the homogeneous coordinate of
the query point, K denotes the intrinsic parameters, and
Ry, 1, and t,, ¢, are the rotation and translation parame-
ters. Then, we reproject the 3D coordinate of query point
into the remaining views v # v, using their corresponding
intrinsic and extrinsic parameters to obtain query initializa-
tion for multi-view point tracking.

- 3D
KXoty = K (Rv,tqpq + tv,tq) ) for v 7£ Vg, (5)
- 5 ~ s 1T
Xotgy = [mv,tq /Z'u,tq y Yu,tq /Zv,tq] y (6)
where X, ;, = [i1,7tq,gjv,tq,2,,7tq]T denotes the homoge-

neous representation of reprojected point. The algorithm
is provided in Alg. 2.

We evaluate this strategy using MapAnything [8] and
DepthAnything 3 (DA3) [11]. Tab. 1 presents the PCK of
these baselines. While DA3 shows impressive performance,
the initialized queries still contain noise and are insufficient
for perfect multi-view initialization.

Robustness to initialization noise. Precise depth estima-
tion is often unavailable in real-world scenarios. Therefore,
practical trackers must be robust to initialization imperfec-
tions. Importantly, our 2D-based tracking design exhibits
robustness to initialization noise, which helps mitigate prac-
tical concerns. To demonstrate this, we evaluate our method
using the same initialization strategy as MVTracker: lifting
2D observations to 3D using depth and reprojecting them
to all views. Beyond the ground-truth depth setting used in
MVTracker, we also test with depth estimates from DUSt3R

J

Refined
2D trajectories

Initial Triangulation-based refinement
2D trajectories

Figure 2: Triangulation-based refinement. For each point
from initial 2D trajectories predicted by point trackers, at a given
timestep, we perform triangulation with their respective camera
parameters and obtain corresponding 3D point. This 3D point is
then reprojected into each image planes to refine initial point tra-
jectories, resolving monocular ambiguities using simple geometric
cues.

to reflect realistic scenarios where perfect depth is unavail-
able. As shown in Tab. 2, our method maintains stability
under both ground-truth and estimated depth initialization.
This indicates that despite the inherent challenges of single-
view query initialization, our method paired with off-the-
shelf depth estimators remains highly applicable in practice.

2. Camera encoding

In Fig. 1, we illustrate the camera encoding introduced in
Sec. 3.4 of the main paper.

3. Additional ablation and analysis

Threshold-wise PCK analysis. In Tabs. 3 and 4, we show
a detailed comparison of PCK at thresholds of 1, 2, 4, 8§,
and 16 pixels. For this comparison, we use the same base-
lines and datasets as in the main comparison. Across all
thresholds and datasets, MV-TAP demonstrates consistently
competitive performance.



Table 8: Ablation on view sampling methods.

Panoptic Studio Harmony4D
Method Al <o%, OA | Al <4%, OA
Nearest Sampling
CoTracker3 379 589 738|379 696 618

CoTracker3 + Flat. | 1.9 172 432 | 10.7 319 .
CoTracker3 + Tri. | 364 565 738 | 365 675 618

MVTracker - 57.1 - - 12.0
MV-TAP 39.8 60.3 759 | 404 71.3 66.5
Random Sampling

CoTracker3 40.2 62.5 72.7 | 39.4 72.1 62.0

CoTracker3 + Flat. | 1.5 10.5 493 | 6.5 20.7 50.5
CoTracker3 + Tri. | 38.8 60.7 72.7 | 37.6 694 620
MVTracker - 60.3 - - 12.1 -

MV-TAP 40.5 62.8 73.2 | 40.6 73.0 65.3

Table 9: The design of MV-TAP can be applied to various
point-tracking methods.

DexYCB
Method Al <4z, OA
CoTracker2 [21] 37.5 62.5 69.4
CoTracker2 + MV-TAP 37.9 63.2 692
Improvements over baseline | +0.4  +0.7 -0.2
LocoTrack [6] 38.7 55.8 74.1
LocoTrack + MV-TAP 41.8 579 745
Improvements over baseline | +3.1 +2.1 +0.4
CoTracker3 [20] 41.5 59.6 764
CoTracker3 + MV-TAP 442 619 783
Improvements over baseline | +2.7 +2.3 +1.9

Table 10: Computation cost.

‘ 300 points H 8 views
Method ‘

2 view 4 view 8 view
FPST GBJl | FPST GBJ | FPST GBl

50 points
FPST GBJ

100 points
FPST GB|

TAPNext 109 21 | 77 30 | 46 47 || 59 47 | 59 47
TAPIP3D | 113 18 | 51 20 | 25 23 || 65 23 | 51 23
MVTracker | 638 23 | 375 45 | 212 101 || 233 101 | 227 10.1

CoTracker3 | 786 0.2 | 41.0 04 | 212 08 374 08 | 328 08
MV-TAP 670 29 365 57 | 197 113 | 377 58 | 288 69

Triangulation-based refinement. In Tab. 5, we investigate
the effect of triangulation-based optimization. We evaluate
using CoTracker3 [6] and MV-TAP, examining how differ-
ent optimization strategies influence performance. Specifi-
cally, we compare applying triangulation after each tempo-
ral window or after the entire sequence, along with the op-
tional use of RANSAC. This process is illustrated in Fig. 2.
We measure the performance using the average PCK of vis-
ible points and invisible in-frame points, as triangulation-
based optimization directly refines the estimated 2D coor-
dinates.

This experiment demonstrates that triangulation-based

optimization tends to improve PCK (< 62, ) of the in-
frame invisible points. While both single-view and multi-
view trackers struggle to accurately estimate the positions
of in-frame invisible points, triangulation-based optimiza-
tion exploits reliable visible correspondences to infer more
accurate estimates in these invisible regions. However, this
optimization assumes that the visible correspondences are
accurate, which may lead to noisy predictions when the
tracker outputs contain errors.

Comparison on frequent occlusion scene. We extend the
frequent occlusion analysis in Tab. 7 of main paper to fur-
ther verify the generality of our approach by additionally
sampling trajectories with various occlusion frequencies.
Tab. 6 demonstrates that MV-TAP exhibits strong robust-
ness to frequently occluded points.

Analysis on various number of views. Tab. 7 presents fur-
ther analysis for various numbers of views on the Panoptic
Studio [5] and Harmony4D [9] datasets. Similar to the ex-
periment for the DexYCB [1] dataset, MV-TAP achieves
superior performance over baselines and shows steady im-
provements across all evaluation metrics.

Analysis on sampling strategies. As we mentioned earlier,
the Panoptic Studio [5] and Harmony4D [9] datasets are
sampled using the farthest strategy based on inter-camera
distance. We additionally evaluate MV-TAP and the base-
lines under the nearest, and random sampling strategies to
analyze the robustness with respect to view selection. As
shown in Tab. 8, MV-TAP consistently outperforms base-
lines across the other sampling strategies.

Additional backbones. Tab. 9 demonstrates the architec-
tural generalizability of MV-TAP. We apply our method
to two additional monocular point tracking baselines, Co-
Tracker2 and LocoTrack. These results indicate that our
proposed modifications are simple and generalize well
across various monocular tracking architectures. We em-
phasize this architectural generalizability and simplicity as
a conceptual contribution of our work.

Computational cost. Tab. 10 shows the computational cost
of MV-TAP against existing baselines. We measure the in-
ference time (FPS) and peak memory of GPU VRAM. MV-
TAP achieves competitive performance to baselines. No-
tably, despite utilizing multi-view information, MV-TAP
achieves competitive speed and memory efficiency com-
pared to the baselines.

4. Dataset details
4.1. Training dataset

As no large-scale training dataset exists for multi-view point
tracking, we introduce a new synthetic dataset generated via
Kubric [4]. Our dataset comprises 5,000 dynamic scenes
with synchronized rendered videos from four distinct view-
points. To facilitate effective cross-view learning, camera



positions are sampled in a chained manner to ensure suf-
ficient overlap. Specifically, camera positions are sampled
on hemispheres with radii ranging from 10 to 12, and adja-
cent viewpoints are spaced with an angular separation be-
tween 10° and 45°. To generate globally shared ground-
truth tracks, we sample query points from each viewpoint
and project them onto the remaining views.

4.2. Evaluation dataset detail

To evaluate tracking performance on complex real-world
human motion, we constructed a benchmark using the Har-
mony4D [9] dataset, which provides synchronized multi-
view videos and SMPL meshes. We obtained per-view
ground-truth trajectories and visibility by projecting SMPL
mesh vertices onto each image plane. To ensure the reliabil-
ity of these trajectories, we employed the filtering method
proposed in AnthroTAP [10]. Following the default con-
figuration, we filtered out erratic trajectories by comparing
them with optical flow predictions [ 5], retaining only high-
confidence tracks.

5. Additional qualitative results

We provide additional qualitative results in Fig. 3, Fig. 4,
and Fig. 5, on the DexYCB [1], Panoptic Studio [5], and
Harmony4D [9] datasets, respectively.

6. Limitation and future work

While MV-TAP achieves strong performance for multi-view
point tracking within 2D pixel space, it still has notable lim-
itations. First, we assume that query points are provided in
all views. However, this requirement is often impractical.
As shown in our query initialization experiments, finding
correspondences for a single-view query in other views re-
mains unreliable for robust multi-view point tracking. De-
veloping more advanced strategies for multi-view query ini-
tialization is therefore needed to broaden the applicability of
MV-TAP.
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Figure 3: Additional qualitative results of our model. We provide further visualizations on the DexYCB [1] dataset.
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Figure 4: Additional qualitative results of our model. We provide further visualizations on the Panoptic Studio [5] dataset.
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Figure 5: Additional qualitative results of our model. We provide further visualizations on the Harmony4D [9] dataset.
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