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Abstract

Monocular 3D tracking aims to capture the long-term motion of pixels in 3D
space from a single monocular video and has witnessed rapid progress in recent
years. However, we argue that the existing monocular 3D tracking methods still
fall short in separating the camera motion from foreground dynamic motion and
cannot densely track newly emerging dynamic subjects in the videos. To address
these two limitations, we propose TrackingWorld, a novel pipeline for dense 3D
tracking of almost all pixels within a world-centric 3D coordinate system. First,
we introduce a tracking upsampler that efficiently lifts the arbitrary sparse 2D
tracks into dense 2D tracks. Then, to generalize the current tracking methods
to newly emerging objects, we apply the upsampler to all frames and reduce the
redundancy of 2D tracks by eliminating the tracks in overlapped regions. Finally,
we present an efficient optimization-based framework to back-project dense 2D
tracks into world-centric 3D trajectories by estimating the camera poses and the
3D coordinates of these 2D tracks. Extensive evaluations on both synthetic and
real-world datasets demonstrate that our system achieves accurate and dense 3D
tracking in a world-centric coordinate frame.

1 Introduction

Estimating long-term motion in dynamic videos remains a persistent challenge in computer vision [1,
2, 3, 4]. Fine-grained motion tracking is crucial for understanding object dynamics, modeling camera
motion, and facilitating the generation of temporally and geometrically consistent videos [5, 6, 7].

In recent years, dense 2D pixel tracking [8, 9, 10, 1, 11, 12, 13, 14, 15, 16] has emerged as an active
research topic, with notable advancements such as CoTrackers [17, 1], which employs transformers
to iteratively update 2D tracks and has driven progress in 2D motion analysis. This development also
motivates many recent works for 3D tracking. Early 3D tracking works like OmniMotion [2, 18]
adopt optimization-based approaches to estimate 3D motion, while subsequent feedforward methods
such as SpatialTracker [3] and DELTA [4] leverage extracted features to directly estimate the 3D
tracking in a feedforward manner without per-sequence optimization. These 3D tracking methods
demonstrate substantial potential for downstream applications, including detailed 3D motion analysis
and high-fidelity novel view synthesis, highlighting the growing importance of monocular 3D tracking
as a critical research frontier.

Upon analyzing all existing 3D tracking methods, we observe that these existing methods still suffer
from two noticeable shortcomings. First, these methods [4, 3, 2] cannot distinguish the camera
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Figure 1: TrackingWorld estimates world-centric dense tracking results from monocular videos. Our
model can accurately estimate camera poses and achieve disentangled 3D track modeling of static
and dynamic components, not just limited to one foreground dynamic object. We only visualize a
subset of foreground dynamic point trajectories and apply a fading color to background static points.

motion and the dynamic object motion. All these methods assume a static camera and just model
the 3D flow within the camera coordinate system. However, many downstream tasks like motion
analysis or novel-view-synthesis require distinguishing camera motion from the dynamic object
motion. Moreover, some recent works [19] also show that explicitly considering camera poses in
motion estimation improves the 3D tracking quality. Only some very recent works [20, 21, 22] try
to estimate the 3D tracks in the world-centric coordinate system and enable distinguishing camera
motions from dynamic object motions. Estimating camera motion is still challenging for a monocular
video containing dynamic objects because only static scenes provide cues for camera pose estimation.

The second shortcoming is that existing methods are mostly limited to tracking sparse pixels in the
first frame of the video and cannot track all pixels in all frames (e.g., new objects emerging in the
intermediate frames). Tracking all pixels brings a huge computational complexity to all tracking
methods. Recent works like DELTA [4] propose to upsample the sparse tracking points with neural
networks to produce dense 3D tracks. However, DELTA is still limited to tracking the first frame
of the video, and how to estimate the dense 3D tracks for all pixels of all frames still remains an
unexplored problem.

In this paper, we propose TrackingWorld, a 3D tracking method that enables dense 3D tracking
of almost all pixels of all frames from a monocular video within a world-centric coordinate system.
“almost all” means we filter some noisy and outlier tracks to ensure robustness and accuracy. Specifi-
cally, TrackingWorld takes a monocular video and the monocular estimation from foundation models
as input, including sparse tracks [4, 1], depth maps [23], and coarse foreground dynamic masks [24].
Then, TrackingWorld produces high quality dense 3D tracks for almost all pixels of the monocular
video and the camera poses for every frame. TrackingWorld addresses the above shortcomings with
the following strategies.

First, to enable the dense tracking of almost all pixels, we utilize the track upsampler of DELTA [4]
and track every frame iteratively. We find that the tracking upsampler module of DELTA [4] is
applicable to arbitrary 2D tracks, which are utilized by TrackingWorld to upsample the input sparse
2D tracks to dense 2D tracks. Then, we not only track the pixels of the first frame but also repeat
it on all subsequent frames. To reduce computational complexity, we observe that many regions of
subsequent frames have already been seen in the first or previous frames. Therefore, we delete the
redundant tracks corresponding to these overlapping regions.

Second, to accurately separate the camera motion from the dynamic object motion, we estimate
the 3D tracks and the camera poses from the upsampled dense 2D tracks and the input estimated
depth maps. A key challenge lies in the inaccuracy of the estimated dynamic masks, which often
fail to capture dynamic background objects. This limitation leads to suboptimal bundle adjustment
interfered by dynamic background objects, ultimately compromising the accuracy of both camera
pose estimation and object motion tracking. Thus, we treat all points in the initial static regions as
potentially dynamic but impose an as-static-as-possible constraint for the camera pose estimation,
which effectively helps us rule out the dynamic background points for an accurate camera pose
estimation. Finally, we utilize the estimated camera poses along with the depth maps to convert all
the 2D tracks into 3D tracks in the world coordinate.

To comprehensively evaluate whether our proposed method can effectively achieve dense 3D tracking
of almost all pixels across all frames within a world-centric coordinate system, we conduct evaluations
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from multiple perspectives: 1. Camera pose estimation accuracy; 2. Depth accuracy of the dense
3D tracks; 3. Sparse 3D tracking performance; 4. Accuracy of the dense 2D tracking results. Our
empirical analysis demonstrates that the proposed method yields superior performance across all
metrics, confirming its effectiveness in establishing accurate and consistent 3D tracks over time.

2 Related Work

2.1 2D Point Tracking

The task of tracking arbitrary points [8, 9, 10, 1, 11, 12, 13, 14, 15, 16] across video frames is first
introduced by PIPs [8], which leverages deep learning to tackle point tracking based on optical flow.
Built upon RAFT [25], PIPs computes inter-frame correlation maps and uses a decoder to iteratively
refine tracking results. TAP-Vid [9] further improves the problem formulation, introducing three
standardized benchmarks along with TAP-Net, a dedicated model for point tracking. TAPIR [10]
advances performance by combining a matching stage with a refinement stage, enhancing tracking
accuracy. CoTrackers [17, 1] observe that strong correlations exist across different point trajectories,
and exploit this insight by training on unrolled sequences over long videos, which significantly
improve long-term tracking performance. Drawing inspiration from DETR [26], TAPTR [12]
proposes an end-to-end transformer-based architecture, where each point is represented as a query
token in the decoder, enabling direct modeling of point dynamics. LocoTrack [11] extends traditional
2D correlation features to 4D correlation volumes and introduces a lightweight correlation encoder,
achieving better efficiency while preserving accuracy.

2.2 3D Point Tracking

While previous works have primarily focused on 2D point tracking, recent research has increasingly
focused on 3D point tracking [2, 18, 3, 4, 27, 28, 29, 30, 31, 22, 20, 21]. Early 3D tracking methods,
such as OmniMotion [2], adopt optimization-based approaches to estimate 3D motion. Subsequent
work like OmniTrackFast [18] aims to reduce the optimization time and enhance robustness. More
recently, increasing attention has shifted toward feedforward-based methods. For example, Spatial-
Tracker [3] represents points in a (u, v, d) coordinate system, combining image-plane coordinates
with depth information. It incorporates depth priors and uses a triplane representation to enable
effective 3D tracking. Building upon this idea, DELTA [4] also adopts the UVD coordinate system,
but takes a different approach by decoupling appearance and depth correlations. DELTA introduces a
coarse-to-fine trajectory estimation strategy, allowing for efficient dense tracking across the entire
frame rather than being limited to a sparse set of locations. In contrast to the aforementioned methods
that focus on UVD (2.5D) representations, several concurrent works have recently explored 3D
tracking in a world-centric coordinate system. St4RTrack [20] adopts a DUSt3R [32]-like framework
to establish pairwise correspondences, but this approach may suffer from drift during long-term
tracking. TAPIP3D [21] primarily focuses on sparse tracking and is inherently unable to recover
camera motion. In comparison, our method introduces a comprehensive pipeline for dense 3D
tracking that can robustly capture newly emerging objects within a world-centric coordinate system.

2.3 4D Reconstruction

4D reconstruction [33, 34, 35, 36, 19, 37, 38, 39, 40, 24] aims to recover both camera motion and
object motion within a scene. The problem of non-rigid structure from motion is highly ill-posed. To
overcome this limitation, a variety of approaches have been proposed. RobustCVD [33] refines depth
estimation using 3D geometric constraints, while CasualSAM [34] finetunes a depth network guided
by predicted motion masks. MegaSaM [35] integrates monocular depth priors and motion probability
maps into a differentiable SLAM paradigm. Inspired by DUSt3R [32], several data-driven methods
such as MonST3R [37], Align3R [38], and Cut3r [40] adopt 3D point cloud representations to enable
full 4D reconstruction. In addition, Uni4D [24], a multi-stage optimization framework, leverages
multiple pretrained models to improve reconstruction in dynamic scenes. Its core contribution lies in
the use of foundation models to achieve effective separation of static and dynamic elements within
the scene. Our method also adopts an optimization-based framework to decouple camera motion
and object motion. However, unlike prior works that primarily focus on 4D reconstruction, our
approach targets a higher-level task—dense tracking of every pixel—which enables fine-grained
correspondence estimation across time. By focusing on dense pixel-level tracking, our method
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Figure 2: Overview. Given a video sequence, TrackingWorld first generates dense 2D tracking results
that are capable of capturing newly emerging objects in the scene. These 2D trajectories are then fed
into an optimization-based framework to transform them into a world-centric 3D space. Specifically,
we begin by estimating the initial camera poses for each frame at the clip level. We then perform
dynamic background refinement to exclude potentially dynamic regions and refine the camera poses.
Based on the optimized poses, we finally reconstruct the trajectories of all dynamic regions.

provides a more detailed and temporally consistent understanding of dynamic scenes, making it
well-suited for applications such as motion analysis, scene understanding, and video editing [5, 6, 7].

3 Method

3.1 Overview

Given a video consisting of T frames {It ∈ RH×W×3 | t = 1, . . . , T}, the goal of TrackingWorld
is to estimate the corresponding dense 3D trajectories (3D tracks) {Tt ∈ RMt×3 | t = 1, . . . , T}
of almost all pixels, where Mt denotes the number of tracked points at timestep t, along with the
camera poses {πt ∈ R3×4|t = 1, ..., T}. Our proposed TrackingWorld framework, illustrated in
Fig. 2, achieves this through two main components: first, generating dense 2D tracking results that
are capable of following nearly every object in the scene; second, back-projecting these dense 2D
tracking results into a world-centric 3D space.

Preprocessing with vision foundation models. For the monocular video, we first preprocess it
with a 2D tracking model, a foreground dynamic mask estimation module, and a monocular depth
estimation module to get a set of 2D tracks, dynamic masks, and depth maps for all frames. For
the 2D tracking model, we choose the CoTrackerV3 [1] or the 2D tracking part of DELTA [4]. For
the dynamic mask estimation method, we follow Uni4D [24] to apply VLM [41] and Grounding-
SAM [42, 43] to segment out foreground dynamic objects. Alternatively, we could also choose the
SegmentAnyMotion [44] to get dynamic masks. For the depth estimation, we choose UniDepth [23].
Note that all these predictions are not required to be accurate, and we may also adopt other foundation
models for this purpose.

3.2 Dense 2D Tracking for Every Pixel

In this section, our target is to achieve dense 2D tracking of almost any pixels in the video. We
achieve this through two modules: First, we lift the input sparse 2D tracks for a frame to dense 2D
tracks; Second, we repeat tracking on every frame and eliminate the overlapped redundant 2D tracks.
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Sparse to dense tracks. Given the sparse 2D tracks Psparse ∈ R(H
s ×W

s )×T×2 for a specific frame,
this module aims to lift the sparse 2D tracks to dense 2D tracks Pdense ∈ R(H×W )×T×2. s means
the downsampled factor. We achieve this by utilizing the upsampler module of DELTA [4]. The
upsampler module takes the sparse tracks Psparse and features defined on the sparse 2D tracks
Fsparse ∈ RH

s ×W
s ×T×C , where C is the feature dimension, as inputs and predicts a weight matrix

W ∈ R(H
s ×W

s )×(H×W ). Then, the upsampled dense 2D tracks are

Pdense = WTPsparse, (1)

where W actually only correlates a dense track in Pdense with its neighboring 2D tracks in Psparse. We
find that this upsampler module is not only compatible with DELTA’s 2D tracks but also generalizes
to arbitrary 2D tracks, so we adopt it here to upsample the arbitrary input sparse 2D tracks into dense
2D tracks for a specific frame.

Tracking every frame. Based on the above upsampler, we further enable tracking of almost all
pixels of all frames. To achieve this, we conduct 2D tracking and the sparse-to-dense upsampling
on all frames in the video. However, this leads to a large redundancy on the tracking points because
most regions are already seen in the previous frames, while only a few regions are new. To avoid
wasting computation on these redundant 2D tracks in the subsequent computation, if a pixel resides
near the tracking trajectory of arbitrary visible previous 2D tracks, then we discard the pixel. More
details can be found in A.6 of the supplementary material.

3.3 Lifting 2D Tracks to World-centric 3D Tracks

In this module, we will estimate the camera poses of all frames and lift the dense 2D tracks estimated
by the previous section to 3D tracks in the world-centric coordinate system. We achieve this through
the following three steps: First, we utilize the input estimated coarse dynamic masks and estimate
the camera poses using only the coarse static regions. However, the dynamic masks are usually
not accurate enough, and some dynamic objects in the background still remain. Second, we utilize
an as-static-as-possible constraint to further improve the camera pose estimation and find out the
dynamic objects in the background. Finally, we transform all 2D tracks within the dynamic regions
into 3D tracks in the world-centric coordinate system.

Initial camera pose estimation. In this step, we want to estimate per-frame camera poses {πt ∈
SE(3)} from the 2D tracks on static regions and the estimated depth maps. We first utilize the input
dynamic foreground masks to select 2D tracks Pstatic ∈ RNstatic×T×2 on these static regions. Then, for
each static 2D track, we unproject its location at timestep t1 into the 3D space using the monocular
depth map Dstatic ∈ RNstatic×T×1. The resulting 3D points are subsequently reprojected into the image
plane at timestep t2 using the camera poses. Then, we define the projection loss to optimize the
camera poses

Lproj =

Ninliers∑
i

T∑
t1

T∑
t2

∥πt2π
−1
t1 (Pstatic(i, t1),Dstatic(i, t1))−Pstatic(i, t2)∥22, (2)

where πt(·) means project with the camera pose on timestep t, and Pstatic(i, t) ∈ R2 means the
position of the i-th static 2D track on timestep t, Dstatic(i, t) means the depth value for the i-th static
point on time step t, and Ninliers denotes the number of static 2D tracks whose projection errors fall
within the threshold τ .

To further improve the computational efficiency for camera pose estimation, we first divide the entire
video into C clips and estimate camera poses within each clip in parallel. After estimating camera
poses within each clip, we estimate the pose between clips to merge the camera poses together.

Dynamic background refinement. The foreground dynamic object masks are usually not accurate
enough, so some dynamic objects in the background still exist in the assumed “static” regions and pre-
vent us from accurately estimating camera poses. Thus, we further refine the camera pose estimation
by treating these static regions as dynamic and introducing an as-static-as-possible constraint.

Specifically, each static 2D track corresponds to a unique 3D point in the world-centric coordinate
system, denoted as Tstatic ∈ RNstatic×3. We initialize Tstatic by back-projecting the static 2D tracks
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using the depth estimated by UniDepth and the camera poses obtained from the previous stage:
Initial camera pose estimation. Notably, for each 2D track ∈ RT×2, we only back-project the
visible timesteps and take the average of the resulting 3D points. To better model the potentially
dynamic regions that are not accurately segmented, we introduce an additional object motion term
Ostatic ∈ RNstatic×T×3, which captures residual object motions over time. With this term, the time-
dependent world-centric static tracking becomes

T′
static(i, t) = Tstatic(i) +Ostatic(i, t), (3)

where T′
static(i, t) ∈ R3 means the 3D coordinate of the i-th static point at timestep t and Ostatic(i, t)

is the corresponding 3 dimensional offset. We then jointly optimize the camera poses πt and the static
3D coordinates T′

static using a bundle adjustment loss:

Lba =

Nstatic∑
i=1

T∑
t=1

∥πt(T
′
static(i, t))−Pstatic(i, t)∥

2
2 , (4)

where Pstatic(i, t) is the observed 2D projection of the i-th track at timestep t. In addition to the
bundle adjustment loss, we also compute a depth consistency loss Ldc to enforce the consistency
between the projected depth maps from T ′

static and the estimated monocular depth maps, as introduced
in the supplementary material. To ensure that residual motion remains minimal for genuinely static
regions, we regularize the offset Ostatic with an as-static-as-possible constraint

Lasap =
∑
i,t

∥Ostatic(i, t)∥1, (5)

where we minimize the L1 norms of offsets to make all points as static as possible. This Lasap enables
the accurate camera estimation and also models the dynamics of background objects.

Dynamic object tracking. In this step, our target is to lift the 2D tracks of dynamic regions to
3D tracks. We also include the dynamic background points with ∥Ostatic(i, ·)∥2 ≥ ε here as the
dynamic 3D tracks. For these dynamic 3D tracks, we directly represent their 3D coordinates by
Tdynamic ∈ RNdynamic×T×3. Similar to the 3D static tracks, we initialize the dynamic 3D tracks by
back-projecting them using the depths predicted by UniDepth and the camera poses refined in the
second stage. Based on Tdynamic, we also compute the projection loss in Eq. 4, the depth consistency
loss Ldc, as-rigid-as-possible loss Larap [45, 24], and a temporal smoothness loss Lts [24]. All the
details of these loss terms are included in the supplementary material. The final outputs are the
dynamic 3D tracks Tdynamic, static 3D tracks T′

static, and the camera poses πt.

Discussion. The tracking module TrackingWorld differs from previous 3D tracking methods,
DELTA [4] and SpatialTracker [3] by explicitly estimating the camera poses, which enables the
estimation of 3D tracks in the world-centric coordinate system. The explicit separation between
camera motion and object motion also improves the quality of 3D tracking because of the better
decomposition, as demonstrated by experimental results in Tab. 3. In comparison with the existing
dynamic video camera pose estimation methods, like Uni4D [24], we do not just assume a single dy-
namic foreground object but also model the background object motion in the camera pose estimation
for a better performance. Instead of simply discarding these dynamic background objects, we also
track their 3D points in the world-centric coordinate system, enabling tracking almost all pixels.

4 Experiment

4.1 Implementation details

All experiments are conducted on an RTX 4090 GPU. We use CoTrackerV3 [1] and DELTA [4] to
obtain dense tracking results, and adopt UniDepth [24] as the depth prior. The entire framework takes
∼20 minutes to produce dense world-centric 3D tracking results for a 30-frame video. All baseline
methods are run on the datasets using their official implementations and default hyperparameters.
More details about hyperparameters can be found in the supplementary materials.

4.2 Quantitative comparisons

To demonstrate the capability of our method in dense 3D tracking within a world-centric coordinate
system, we evaluate the following performance: 1. Camera pose estimation accuracy; 2. Depth
accuracy of dense 3D tracks; 3. Sparse 3D tracking performance; 4. Dense 2D tracking performance.
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4.2.1 Camera pose estimation results

Benchmarks and metrics. We evaluate camera pose estimation performance on three dynamic
datasets: Sintel [46], Bonn [47], and TUM-D [48]. For all three datasets, we adopt the same settings
as MonST3R [37]. Following [49, 50, 51], we report three ATE ↓ (Absolute Trajectory Error), RTE
↓ (Relative Translation Error), and RRE ↓ (Relative Rotation Error). ATE measures the deviation
between estimated and ground truth trajectories after alignment. RTE and RRE evaluate the average
local translation and rotation errors over consecutive pose pairs, respectively.

Comparison with existing methods. Tab. 1 presents the quantitative comparison between our
method and existing approaches. To recover the camera pose, we first obtain dense tracking results,
followed by optimization process that refines the camera pose and world-centric dense tracking.
As shown in the table, regardless of whether the dense tracking is derived from DELTA [4] or
CoTrackerV3 [1], our method consistently achieves more accurate pose estimation than previous
approaches across all three datasets.

Category Method Sintel Bonn TUM-D
ATE ↓ RTE↓ RRE↓ ATE ↓ RTE↓ RRE↓ ATE ↓ RTE↓ RRE↓

DROID-SLAM‡ [52] 0.175 0.084 1.912 / / / / / /
Pose only DPVO‡ [51] 0.115 0.072 1.975 / / / / / /

COLMAP [53] 0.559 0.325 7.302 / / / 0.076 0.059 7.689

Robust-CVD [33] 0.360 0.154 3.443 / / / 0.153 0.026 3.528
DUSt3R [32] 0.601 0.214 11.43 0.046 0.014 1.836 0.083 0.017 3.567

Joint depth MonST3R [37] 0.111 0.044 0.780 0.029 0.007 0.612 0.063 0.009 1.217
& pose Align3R [38] (Depth Pro [54]) 0.128 0.042 0.432 0.023 0.007 0.620 0.027 0.018 0.446

Uni4D* [24] 0.116 0.046 0.603 0.017 0.006 0.561 0.039 0.007 0.434
Ours (CoTrackerV3 [1]) 0.103 0.039 0.439 0.016 0.005 0.561 0.014 0.005 0.338
Ours (DELTA [4]) 0.088 0.035 0.410 0.016 0.005 0.564 0.016 0.005 0.333

Table 1: Camera pose estimation results. We evaluate our model on three datasets: Sintel, Bonn,
and TUM-D. Best results are highlighted. ‡ means using ground truth camera intrinsics as input. *
means reproduced by 2D tracks from DELTA, the same as “Ours(DELTA)”.

4.2.2 Depth accuracy of the dense 3D tracks

Benchmarks and metrics. Since our method does not aim to optimize 2D tracking accuracy
directly, but rather focuses on how to transform 2D tracking into dense world-centric tracking, we
evaluates the accuracy of the camera-centric depth for each tracked point. Specifically, we compare
the predicted depth with the ground-truth depth only for tracked points that lie within the image
bounds. As multiple tracked points may track the same pixel, we retain the one with the smaller depth
value for evaluation, assuming it more likely corresponds to the visible surface. Similar to the camera
pose benchmark, we evaluate on the same datasets and under identical settings: Sintel, Bonn, and
TUM-D. Following prior works [55, 37], we align the estimated dense tracking depth with the ground
truth using a single scale and shift before computing the evaluation metrics. We primarily report two
metrics: Abs Rel ↓ (absolute relative error) and the percentage of inlier points with δ < 1.25 ↑.

Comparison with existing methods. Tab. 2 reports the results of dense tracking depth estimation.
Thanks to our optimization-based bundle adjustment, which enforces strong 3D geometric consistency,
the estimated tracking depth is significantly improved across all datasets.

Method Depth Prior Sintel Bonn TUM-D
Abs Rel ↓ δ < 1.25 ↑ Abs Rel ↓ δ < 1.25 ↑ Abs Rel ↓ δ < 1.25 ↑

DELTA [4] ZoeDepth [56] 0.814 46.1 0.168 88.5 0.239 70.5
DELTA [4] Depth Pro [54] 0.813 50.7 0.160 90.6 0.222 78.4
DELTA [4] Unidepth [23] 0.636 63.1 0.153 90.5 0.178 85.6
Ours (CoTrackerV3 [1]) Unidepth [23] 0.219 73.1 0.054 97.2 0.089 91.5
Ours (DELTA [4]) Unidepth [23] 0.218 73.3 0.058 97.3 0.084 92.3

Table 2: Depth accuracy of the dense 3D tracks. Best results are highlighted.
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Category Method ADT PStudio
AJ↑ APD3D ↑ OA ↑ AJ↑ APD3D ↑ OA ↑

CoTrackerV3 [1]+Uni [23] 13.6 21.3 88.5 14.1 22.8 87.7
Feed. SpatialTracker [3] 14.3 22.3 91.5 13.8 23.7 79.5

DELTA [4] 15.3 22.9 90.1 15.1 24.6 75.7

OmniTrackFast [18] 8.6 18.2 63.9 6.4 12.2 81.8
Optim. Ours (CoTrackerV3 [1]) 22.5 31.5 88.5 14.2 24.0 87.7

Ours (DELTA [4]) 23.4 32.2 90.1 15.1 25.6 75.7

Table 3: Sparse 3D tracking results. “Feed.”
means feedforward methods while “Optim”
means optimization-b ased method.

Method CVO-Clean CVO-Final
EPE↓ IoU↑ EPE↓ IoU↑

RAFT [25] 2.48 57.6 2.63 56.7
CoTracker [17] 1.51 75.5 1.52 75.3
SpatialTracker [3] 1.84 68.5 1.88 68.1
DOT-3D [59] 1.33 79.0 1.38 78.8
DELTA [4] 1.14 78.9 1.39 78.2
CoTrackerV3 [1] + Up 1.24 80.9 1.35 80.6

Table 4: Long-range optical flow results.

4.2.3 Sparse 3D tracking results

Benchmarks and Metrics. To evaluate the performance of 3D sparse tracks, we conduct experi-
ments on two datasets, ADT [57] with moving cameras, and PStudio [58] with static cameras. For
each dataset, the video subsets for evaluation are selected at fixed intervals: for ADT, we sample one
video every 100 videos, and for PStudio, one video every 20 videos. The sparse 3D tracking result are
evaluated in camera coordinates. As for evaluation metrics, we adopt Average Jaccard (AJ), which
jointly evaluates the accuracy of both spatial position and occlusion estimation, serving as a com-
prehensive indicator of tracking quality; APD3D (< δavg) which measures the average percentage of
tracked points whose errors fall within a given threshold δ, reflecting geometric accuracy; Occlusion
Accuracy (OA) which evaluates the precision of occlusion state prediction across frames.

Comparison with existing methods. Since our method primarily focuses on dense tracking, we
maintain the optimization of dense tracking results even when evaluating sparse tracking performance.
To this end, we sample evaluation points from the optimized dense tracking set. As shown in
Tab. 3, our method achieves higher 3D geometric consistency in tracking. For scenes with camera
motion (ADT), the explicit separation between camera motion and object motion leads to significant
improvements in both AJ and APD3D. In contrast, for scenes with static cameras (PStudio), the
benefits from geometric optimization are relatively limited, resulting in smaller performance gains. It
is worth noting that OA mainly evaluates the visibility accuracy of tracking points. Since we directly
adopt the visibility maps predicted by DELTA/CoTrackerV3, the OA scores remain consistent with
those of DELTA/CoTrackerV3.

4.2.4 Accuracy of dense 2D tracks

Benchmarks and Metrics. We evaluate the dense 2D tracking performance on the CVO [60] test
set, which consists of two subsets: CVO-Clean and CVO-Final, with the latter incorporating motion
blur. Each subset contains approximately 500 videos with 7 frames. For evaluation, we adopt the
following metrics: the end-point error (EPE) between the predicted and ground-truth optical flows
for all points, and the intersection-over-union (IoU) between the predicted and ground-truth occluded
regions in visible masks.

Comparison with existing methods. To verify the accuracy of the 2D dense tracks generated by
the upsampler module (Up) introduced in Sec. 3.2, we conduct additional long-range optical flow
experiments, as shown in Tab. 4. The results demonstrate that the upsampler module generalizes well
to other 2D trackers, such as CoTrackerV3, achieving comparable performance with DELTA.

4.3 Qualitative results

Fig. 3 qualitatively visualizes the world-centric dense tracking results produced by our method on
the DAVIS [61] dataset. For each video sequence, the second row displays 3D tracking results
on temporally spaced keyframes, making the changes in object trajectories more perceptible while
avoiding visual clutter. The third row presents continuous 3D tracks across all frames, offering a
comprehensive view of motion consistency and trajectory completeness. As discussed in Sec. 3.3, by
separating dynamic and static elements, we can generate stable tracking results for both the static
background and dynamic objects.

4.4 Ablation study

Ablation study on the different components. As shown in Tab. 5, we conduct ablation studies to
validate our major design choices. Specifically, the different configurations are as follows: 1) without
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Input Video Reconstructed World-centric Dense Tracking 

Monocular video 

Reconstructed World-centric Dense Tracking  

Figure 3: Qualitative results on DAVIS dataset. Our method can output both reliable camera
trajectories and world centric dense tracking. The second row visualizes 3D tracking results on
temporally spaced keyframes, while the third row shows complete tracks across continuous frames.

Sintel
Setting ATE ↓ RTE↓ RRE↓ Abs Rel ↓ δ < 1.25 ↑

w/o T.E.F 0.171 0.047 0.748 / /
w/o pose-init. 0.659 0.153 1.382 0.230 72.4

w/o D.O.T 0.088 0.035 0.410 0.468 73.0

w/o Ninliers 0.089 0.035 0.414 0.220 72.9
w/o Ostatic 0.092 0.036 0.459 0.224 72.6
w/o Ldc 0.093 0.036 0.441 0.234 71.2

Full 0.088 0.035 0.410 0.218 73.3

Table 5: Ablation study on Sintel dataset.

w/o 

w GT

Input

Figure 4: Effectiveness of Ostatic. Key regions
are highlighted in red.

tracking every frame (w/o T.E.F): In this setting, we only track from the first frame, which leads to the
loss of many critical cues for pose estimation, thereby resulting in a significant performance drop. 2)
without initial camera pose estimation (w/o pose-init.): We observe that under this setting, it becomes
difficult to jointly optimize both camera poses and 3D tracks effectively — a good initialization of
the camera poses is necessary to achieve satisfactory results. 3) without dynamic object tracking (w/o
D.O.T): In this setting, the depths of dynamic tracks are directly obtained from UniDepth predictions
without further refinement. As shown in the table, optimizing dynamic tracks is crucial for achieving
better performance. 4) without selecting the inliers whose reprojection errors are within a threshold τ
(w/o Ninliers): By filtering all static points and optimizing with nearly static points, we can effectively
reduce the influence of outlier trajectories and obtain more accurate camera poses. 5) without the
object motion term Ostatic (w/o Ostatic): We do not consider the dynamic objects in the assumed
“static” background and directly optimize the camera poses with all “static” background. We show
the projected background “static” points (in green and red dots) in Fig. 4. As we can see, the “apple”
(in the red dots) is considered a background static region but is actually dynamic. Without modeling
dynamic points in the background, the points of the apple are incorrectly projected onto incorrect
regions. 6) without the depth consistency loss (w/o Ldc): Ldc can enforce the consistency between
the projected depths and the estimated monocular depths, which helps suppress abnormal depth
estimations to some extent.

Ablation on different depth estimation models. We conducted an ablation study using three com-
monly used monocular depth estimation models: ZoeDepth [56], Depth Pro [54], and UniDepth [23].
For all experiments, we fixed the tracking component to DELTA [4] and evaluated both the camera
pose estimation accuracy and the depth accuracy of the dense 3D tracks on the Sintel dataset. As
shown in Tab. 6, our method consistently improves over raw depth predictions across all depth models,
especially in downstream tasks such as camera pose estimation. This demonstrates that our pipeline
is robust to different depth estimation backbones.
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Method ATE ↓ RTE ↓ RPE ↓ Abs Rel ↓ δ < 1.25 ↑
ZoeDepth / / / 0.814 46.1
Depth Pro / / / 0.813 50.7
UniDepth / / / 0.636 63.1

Ours (ZoeDepth) 0.093 0.038 0.418 0.236 72.1
Ours (Depth Pro) 0.101 0.036 0.434 0.228 72.6
Ours (UniDepth) 0.088 0.035 0.410 0.218 73.3

Table 6: Ablation study on different depth estimation models.

Ablation on dynamic mask segmentators. As shown in Tab. 7, we also evaluate different sources
of dynamic mask segmentations and observe comparable performance, further demonstrating the
robustness of our pipeline.

Method ATE ↓ RTE ↓ RPE ↓ Abs Rel ↓ δ < 1.25 ↑
Ours + VLM + GroundingSAM 0.088 0.035 0.410 0.218 73.3
Ours + Segment Any Motion 0.093 0.041 0.379 0.224 73.3

Table 7: Ablation study on different dynamic mask segmentators.

Necessity of the 2D upsampler module. The 2D upsampler is crucial for achieving efficient
dense tracking. Directly predicting dense 2D correspondences (e.g., using CoTrackerV3 [1]) is
computationally expensive and memory-intensive, with no clear accuracy gain. To validate this,
we compare CoTrackerV3 with and without our upsampler on the CVO-Clean dataset (7-frame
sequences). As shown in Tab. 8, the upsampler improves both accuracy (lower EPE, higher IoU) and
drastically reduces runtime (approximately 12× speed-up). This supports our design choice.

Method EPE ↓ IoU ↑ Avg. Time (min) ↓
CoTrackerV3 1.45 76.8 3.00
CoTrackerV3 + Up 1.24 80.9 0.25

Table 8: Ablation on the 2D upsampler module.

5 Conclusion

In this paper, we propose TrackingWorld, a novel method for dense 3D tracking of almost all pixels
of all frames from a monocular video within a world-centric coordinate system. The key idea of
TrackingWorld is to explicitly disentangle camera motion from foreground dynamic motion while
densely tracking newly emerging objects. We first introduce a tracking upsampler to densify sparse
2D tracks and apply it to capture newly emerging objects. Finally, we design an efficient optimization-
based framework to lift dense 2D tracks into consistent 3D world-centric trajectories. Extensive
evaluations across multiple dimensions demonstrate the effectiveness of our system.
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the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [No]

Justification: We compare methods under the same setting.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
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• It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

• It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We provide them in Sec. 4.1.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: Our work is solely intended for academic research purposes.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: The paper poses no such risks.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: We properly credit the related assets and explicitly mention the license and
terms of use. Please refer to the supplemental material.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

19

paperswithcode.com/datasets


• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: The paper does not release new assets.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

20



Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: We do not use LLMs.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.

21

https://neurips.cc/Conferences/2025/LLM

	Introduction
	Related Work
	2D Point Tracking
	3D Point Tracking
	4D Reconstruction

	Method
	Overview
	Dense 2D Tracking for Every Pixel
	Lifting 2D Tracks to World-centric 3D Tracks

	Experiment
	Implementation details
	Quantitative comparisons
	Camera pose estimation results
	Depth accuracy of the dense 3D tracks
	Sparse 3D tracking results
	Accuracy of dense 2D tracks

	Qualitative results
	Ablation study

	Conclusion

