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A Appendix / supplemental material

A.1 More implementation details

For hyperparameters, the stride s in Sec. 3.2 follows the same setting as in DELTA and is set to 4.
The temperature τ is set to 0.1. Each video clip contains 5 frames. The perturbation parameter ε is
also set to 0.1.

A.2 Extended explanation of optimization losses

In dynamic background refinement (Stage 2), the depth consistency loss Ldc is defined as

Ldc =

Nstatic∑
i=1

T∑
t=1

∥d(T′
static(i, t), πt)−Dstatic(i, t)∥

2
2 , (1)

where d(·) denotes the depth function, which computes the depth of the static point T′
static(i, t) after

it has been transformed into the camera coordinate system at timestep t, Dstatic(i, t) means the depth
value for the i-th static point on time step t. The total loss is defined as,

Lstatic = λbaLba + λdcLdc + λasapLasap, (2)

where the weights are set as follows for all datasets: λba = 1, λdc = 1, and λasap = 5.

In dynamic object tracking (Stage 3), the as-rigid-as-possible loss Larap [1, 2] is used to constrain
geometric deformation and prevent extreme shape changes. Specifically, for each dynamic control
point k in Tdynamic, we apply KNN to find its nearest neighbors among other tracks and enforce that
the relative distances between these neighboring points remain consistent over time. The loss is
formulated as:

Larap =

T∑
t=1

∑
k

∑
j∈N (k)

∥(Tdynamic(k, t)−Tdynamic(j, t))− (Tdynamic(k, t− 1)−Tdynamic(j, t− 1))∥2
2
,

(3)
where N (k) denotes the set of nearest neighbors of control point k, and Tdynamic(k, t) is the position
of point k at timestep t. In addition to the geometric constraint, we also introduce a temporal
constraint—temporal smoothness loss Lts [2]—to penalize abrupt changes across frames and ensure
temporal coherence. It is defined as:

Lts =

T∑
t=1

∑
k

∥Tdynamic(k, t)−Tdynamic(k, t− 1)∥2
2
, (4)

which enforces first-order smoothness in the trajectories of dynamic control points. The total loss is
defined as:

Ldyn = λbaLba + λdcLdc + λarapLarap + λtsLts, (5)
where the weights are set as follows for all datasets: λba = 1, λdc = 1, λarap = 100, λts = 10.

A.3 Speeding-up the optimization

Directly using all tracks in camera pose optimization can be computationally prohibitive due to
their large quantity. To mitigate this issue, we propose a simple strategy that reduces optimization
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overhead while preserving the final trajectory density. Specifically, we apply downsampling to the
static tracking points while keeping the dynamic points intact. The rationale is twofold:

(1) Optimizing static points involves jointly estimating both camera poses and static trajectories,
which is computationally more expensive. In contrast, optimizing dynamic points only requires
recovering dynamic trajectories, incurring a much lower cost.

(2) Dynamic motion is of primary importance for understanding the scene. Downsampling dynamic
points may cause the loss of fine-grained motion details, which we aim to preserve.

Specifically, we first downsample the static tracking points on the image plane by a factor of 1
ϖ2 . Let t

denote the timestep, and let its coordinate in that frame be Pstatic(i, t). We perform downsampling by
dividing both the x and y components of Pstatic(i, t) by ϖ and rounding them to the nearest integers:

Pdown
static(i, t) = round

(
Px

static(i, t)

ϖ
,
Py

static(i, t)

ϖ

)
, (6)

where round(·) denotes rounding to the nearest integer. We then concatenate the initial frame index t
with the downsampled coordinate to form a spatiotemporal key (t,Pdown

static(i, t)). A unique operation
is applied to this set of keys to eliminate duplicates and retain only unique spatiotemporal locations.
As a result, we obtain a reduced yet representative set of tracking points Pdown

static for subsequent
optimization. Next, we optimize the downsampled tracking points with the procedures described in
the main paper. Upon completion of this optimization, we obtain the world-centric tracking points
Tdown

static , and then perform an upsampling process to densify the tracking points and reconstruct the
full-resolution trajectories. Specifically, for each tracking point i, we consider its position on the
image plane in the initial frame, denoted as Pstatic(i, t). Using the associated depth value Dstatic(i, t)
and the estimated camera intrinsics, we back-project this point into the camera-centric 3D space to
obtain P3d

static(i, t). Similarly, the downsampled point Pdown
static can be back-projected into 3D space to

yield Pdown,3d
static .

To facilitate the upsampling, we search for the r nearest neighbors of P3d
static(i, t) among the down-

sampled 3D points Pdown,3d
static . Importantly, we restrict the search to those downsampled points that are

visible in the current frame. Once the nearest neighbors are identified, we perform inverse-distance
weighted interpolation to reconstruct the high-resolution trajectories. Concretely, we first compute
the indices and distances of the neighbors using the knn module:

idx, dists = knn(P3d
static(i, t),P

down,3d
static ,K = r + 1), (7)

where K = r + 1 to include the query point itself. We then compute the interpolation weights as
follows:

wx =
1

distsx + ϵ
, (8)

ŵx =
wx∑
y wy

, (9)

where ϵ is a small constant added for numerical stability. Finally, we recover the full-resolution
world-centric trajectories by computing a weighted aggregation over the downsampled points:

Tfull
static = F(ŵx,T

down
static), (10)

where F denotes the weighted aggregation function. The visualization of the proposed speeding-up
strategy is shown in Fig. 1, and its quantitative effectiveness on the Sintel dataset is reported in
Table 1.

speeding-up strategy Sintel
ATE ↓ RTE↓ RRE↓ Abs Rel ↓ δ < 1.25 ↑ T (min)

✗ 0.089 0.034 0.414 0.207 73.8 60
✓ 0.088 0.035 0.410 0.218 73.3 8

Table 1: Quantitative evaluation of the speeding-up strategy on the Sintel dataset. The proposed
method achieves similar accuracy with reduced optimization time.
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Figure 1: Effectiveness of the speeding-up strategy.

A.4 Consistent Video Depth Generation.

Our method is capable of producing temporally consistent video depth, as it performs dense 3D
tracking for nearly all pixels. This enables the generation of consistent depth sequences through a
straightforward interpolation-based propagation step.

Assume we have obtained M dense 3D tracking points across a video sequence. For each frame
t ∈ {1, 2, . . . , T}, let Mt denote the set of visible 3D tracking points and Dt their corresponding
camera-centric depths. We also denote the raw monocular depth prediction for frame t as Draw

t .

To align the raw monocular depth with our optimized tracking-based depth, we compute a per-point
local scale ratio rather than a global frame-wise scale. For each tracking point Mi

t ∈ Mt with
image-plane projection pi

t, the scale ratio is defined as:

rit =
Dt(p

i
t)

Draw
t (pi

t)
. (11)

For an arbitrary pixel pt in frame t, its final aligned depth D̂t(pt) is obtained by propagating the local
scale information from nearby 3D tracking points. Let Nt(pt) ⊂ Mt denote its k nearest neighbors
in the image plane. For each neighbor Mj

t ∈ Nt(pt), we compute the 3D distance based on their
raw-depth-lifted coordinates:

Pt = Draw
t (pt) ·K−1p̃t, Qj

t = Draw
t (pj

t ) ·K−1p̃j
t , (12)

djt = ∥Pt −Qj
t∥2, (13)

where K is the camera intrinsic matrix and p̃ denotes the homogeneous coordinate of pixel p.

We assign each neighbor an inverse-distance weight:

wj
t =

1

djt + ϵ
, w̃j

t =
wj

t∑k
j=1 w

j
t

, (14)

where ϵ is a small constant for numerical stability. The interpolated local scale ratio at pixel pt is
then computed as:

rpt =

k∑
j=1

w̃j
t · r

j
t , (15)

and the final aligned depth is given by:

D̂t(pt) = rpt
·Draw

t (pt). (16)

Through this weighted propagation, accurate scale information from the dense 3D tracks is effectively
diffused across the entire image, producing a temporally consistent and spatially coherent video depth
sequence. As shown in Tab. 2,

A.5 Runtime comparison with baseline

To further evaluate the efficiency and effectiveness of our optimization strategy, we compare our
method with a strong baseline that combines camera poses and consistent depths from Uni-4D [? ]
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Category Method Sintel Bonn TUM D
Abs Rel ↓ δ < 1.25 ↑ Abs Rel ↓ δ < 1.25 ↑ Abs Rel ↓ δ < 1.25 ↑

Depth Anything V2 [3] 0.348 59.2 0.106 92.1 0.211 78.0
Single-frame Depth Pro [4] 0.418 55.9 0.068 97.4 0.126 89.3
depth ZoeDepth [5] 0.467 47.3 0.087 94.8 0.176 74.5

Unidepth [6] 0.473 63.0 0.057 97.4 0.113 91.9

Video depth ChronoDepth [7] 0.687 48.6 0.100 91.1 / /
DepthCrafter [8] 0.292 69.7 0.075 97.1 / /

DUSt3R [9] 0.422 54.2 0.144 84.5 0.239 71.1
Joint video MonST3R [10] 0.335 58.6 0.063 96.4 0.301 55.8
depth & pose Align3R (Depth Pro) [11] 0.263 64.1 0.058 97.1 0.111 88.9

Ours (DELTA [12]) 0.222 72.6 0.058 97.3 0.086 92.3
Ours (CoTrackerV3 [13]) 0.232 71.4 0.054 97.3 0.090 91.7

Table 2: Video depth estimation results. We evaluate our model on three datasets: Sintel, Bonn and
TUM D. Best results are highlighted.

with dense camera-centric 3D tracking from DELTA. Since both methods share the same 3D tracking
backbone, the comparison focuses on optimization runtime and accuracy.

Uni4D estimates camera poses in a streaming manner, where the pose between consecutive frames
is computed step by step. This results in a total runtime that scales linearly with the video length.
In contrast, our approach performs pose estimation in a clip-to-global parallel manner, significantly
improving computational efficiency.

In terms of 3D tracking accuracy, our method achieves higher precision by effectively distinguishing
static and dynamic regions using dynamic masks, and by jointly optimizing both camera poses and
3D trajectories. This joint optimization leads to improved geometric consistency and reconstruction
quality.

We report detailed quantitative results on camera pose estimation (Sintel, frames 30–50) and world-
coordinate 3D tracking (ADT, first 64 frames) in Tab. 3. All experiments are conducted on the same
hardware configuration for a fair comparison. The results demonstrate that our method achieves both
higher accuracy and lower runtime compared to the Uni4D baseline. The improvement mainly stems
from our clip-to-global parallel optimization strategy and the integration of dynamic mask filtering,
which together enhance efficiency and reconstruction quality.

Setting Sintel ADT

ATE ↓ RTE ↓ RPE ↓ Avg. Time (min) ↓ APD3D ↑ Avg. Time (min) ↓

Uni4D + DELTA 0.118 0.048 0.610 19 68.95 28
Ours (DELTA) 0.087 0.036 0.406 15 75.18 20

Table 3: Runtime and accuracy comparison on Sintel (30–50 frames) and ADT (first 64 frames).

A.6 More ablation study

Ablation on the filtering mechanism. In this section, we introduce the details of the filtering
process. We first compute the complement set by discarding pixels that lie in any previously visible
2D track trajectory. However, this operation may introduce isolated pixels, which are typically
not meaningful for downstream scene understanding. To mitigate this, we construct connected
components from the newly selected 2D tracking points and apply a size threshold τ to remove small
components. Only connected regions with more than τ pixels are retained. This ensures that the
preserved 2D tracks are geometrically meaningful and more likely to correspond to coherent object
parts. We found that this filtering procedure consistently improves accuracy, as most filtered points
are either outliers or redundantly close to already tracked regions. Moreover, the threshold τ is robust
across different scenes: we use a fixed value of τ = 50 in all experiments without additional tuning.
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Setting Sintel Bonn

ATE ↓ RTE ↓ RPE ↓ ATE ↓ RTE ↓ RPE ↓
w/o Filtering 0.105 0.038 0.442 0.018 0.007 0.601
w/ Filtering 0.088 0.035 0.410 0.016 0.005 0.564

Table 4: Ablation study on the filtering mechanism on Sintel and Bonn datasets. Filtering improves
both camera pose estimation and tracking stability.

A.7 More visualization

A.7.1 Comparison on camera pose estimation

Fig. 2 illustrates qualitative comparisons of camera pose estimation on the Sintel [14], Bonn [15], and
TUM-D [16] datasets. We evaluate our method against two joint depth and pose estimation baselines:
DUSt3R [9] and MonST3R [10]. As shown, our method produces camera trajectories that are more
stable and better aligned with the ground truth, reflecting enhanced robustness and accuracy.

A.7.2 World-centric dense tracking results

We present additional visualizations of the world-centric tracking results in Fig. 3. To enhance
clarity, we only visualize the point clouds on temporally spaced keyframes. However, the displayed
trajectories are computed by connecting 3D tracks across all frames, capturing the complete motion
over time. For more vivid and dynamic results, please refer to the accompanying video in the
supplementary material.

A.8 Limitation and future work

Our method currently relies on several auxiliary models to obtain 2D tracks, monocular depths,
and dynamic masks. This dependence introduces additional computational overhead and imposes
stringent quality requirements on these components. In the future, feed-forward solutions may offer
a more suitable and efficient direction. For instance, St4RTrack [17] adopts a feed-forward design,
but its pair-wise matching strategy inherently suffers from drift accumulation, which requires global
optimization for correction. Inspired by VGGT [18], a promising direction may involve jointly
processing all frames to directly predict the state of each frame across time. This could potentially
enable a more consistent and globally coherent trajectory estimation.

A.9 Assets availability

The datasets used in this study and their respective licenses are listed below:

• Sintel [14]: Available at http://sintel.is.tue.mpg.de/. This dataset is intended for
optical flow evaluation. Please refer to the official website for specific license information.

• Bonn RGB-D Dynamic Dataset [15]: Available at https://www.ipb.uni-bonn.de/
data/rgbd-dynamic-dataset/, licensed under the Creative Commons Attribution-
NonCommercial-ShareAlike 3.0 Unported License.

• TUM RGB-D Dataset [16]: Available at https://cvg.cit.tum.de/data/datasets/
rgbd-dataset, licensed under the Creative Commons Attribution 4.0 International License
(CC BY 4.0).

• DAVIS [19]: Available at https://davischallenge.org/. According to the DAVIS
2017 Challenge, the dataset is licensed under the Creative Commons Attribution 4.0 License.

• Aria Digital Twin (ADT) [20]: Available at https://www.projectaria.com/
datasets/adt/. Provided by Meta Reality Labs Research; please consult the official
website for license details.

• Panoptic Studio Dataset [21]: Available at https://www.cs.cmu.edu/~hanbyulj/
panoptic-studio/. Provided by Carnegie Mellon University; please refer to the project
website for license information.
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Figure 2: Camera pose estimation comparison on the Sintel [14] Bonn [15] and TUM-D [16]
datasets.

• CVO Dataset [22]: Available at https://github.com/mulns/AccFlow/blob/main/
data/README.md, licensed under the MIT License.
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Figure 3: More Qualitative results. Our method can output 3D tracks in a world-centric coordinate
system.
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