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Supplementary Material

1. More Visual Results
1.1. 4D Reconstruction
Given only a monocular video as input, C4D can reconstruct
dynamic scenes along with camera parameters. Visual re-
sults are shown in Figure 1. To provide a comprehensive
view of the 4D reconstruction, the static regions across all
frames are retained, while the dynamic regions from uni-
formly sampled frames are also displayed.

1.2. Temporally Smooth Video Depth
In Figure 2, we compare the video depth estimation re-
sults of C4D with other DUSt3R-based methods, including
DUSt3R [13], MASt3R [8], and MonST3R [15]. In addi-
tion to producing more accurate depth, C4D demonstrates
superior temporal smoothness compared to other methods.
To illustrate this, we highlight the y-t depth slices along
the vertical red line in the red boxes, showing the depth
variation over time. As observed, C4D achieves tempo-
rally smoother depth results, thanks to the Point Trajectory
Smoothness (PTS) objective. In contrast, other methods ex-
hibit zigzag artifacts in the y-t depth slices, indicating flick-
ering artifacts in the video depth.

1.3. Motion Mask
One of the most critical aspects of reconstructing dynamic
scenes is identifying dynamic regions, that is, predicting
motion masks. In Figure 3, we provide a qualitative com-
parison of motion masks generated by our C4D and the
concurrent work MonST3R on the Sintel dataset [1]. This
dataset poses significant challenges due to its fast camera
motion, large object motion, and motion blur.

In the first video, C4D demonstrates its ability to gener-
ate reliable motion masks on the Sintel dataset, even when a
large portion of the frame content is dynamic. This success
is attributed to our proposed correspondence-guided motion
mask prediction strategy. In contrast, MonST3R struggles
to recognize such dynamic regions under these challenging
conditions. In the second video, C4D predicts more com-
plete motion masks, whereas MonST3R only generates par-
tial results. This improvement is due to C4D’s consideration
of multi-frame motion cues in our motion mask prediction
strategy, which is crucial for practical scenarios.

2. More Experimental Results
2.1. Motion Segmentation Results
Unlike prompt-based video segmentation like SAM2 [10],
motion segmentation aims to automatically segment the

Method Ours MonST3R [15] FlowP-SAM [14]
IoU ↑ 47.89 31.57 42.23

Table 1. Motion segmentation results on DAVIS2016. Note that
the evaluation is conducted without Hungarian matching between
predicted and ground-truth motion masks.

moving regions in the video. We evaluate our method on
DAVIS 2016 [9] and compare it with some automatic mo-
tion segmentation methods in Tab. 1, where our approach
outperforms both MonST3R [15] and the state-of-the-art
supervised method, FlowP-SAM [14]. Note that the eval-
uation is conducted without Hungarian matching between
predicted and ground-truth motion masks.

2.2. Ablation on Different Tracker Variants
The tracker needs to predict additional mobility to infer
the dynamic mask, which is a more difficult learning prob-
lem as it requires understanding spatial relationships. Ta-
ble. 2 shows that a sole CNN or 3D-aware encoder strug-
gles with multi-tasking, whereas combining both improves
performance.

3. More Technical Details
3.1. Dynamic-aware Point Tracker (DynPT)
The ground truth used to supervise confidence is defined by
an indicator that determines whether the predicted position
lies within 12 pixels of the ground truth position. And since
there are no currently available labels for mobility, we use
the rich annotations provided by the Kubric [4] generator
to generate ground-truth mobility labels. Specifically, the
“positions” label, which describes the position of an object
for each frame in world coordinates, is utilized.

As the movements of objects in Kubric are entirely rigid,
we determine an object’s mobility as follows: if the tempo-
ral difference in the ”position” of an object exceeds a pre-
defined threshold (e.g., 0.01), all the tracking points associ-
ated with that object are labeled as dynamic (i.e., mobility
is labeled as True).

It is important to note that although an “is dynamic” la-
bel is provided in Kubric, it only indicates whether the ob-
ject is stationary on the floor (False) or being tossed (True)
at the initial frame. However, some objects may collide and
move in subsequent frames. In such cases, the “is dynamic”
label does not accurately represent the object’s mobility, ne-
cessitating the use of our threshold-based approach.

We train DynPT on the training sets of the panning



Figure 1. Visual results of 4D reconstruction on DAVIS dataset [9]. C4D can reconstruct the dynamic scene and recover camera
parameters from monocular video input.
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Figure 2. Qualitative comparison of video depth on Sintel [1]. We compare C4D with MonST3R, MASt3R, and DUSt3R. To better
visualize the temporal depth quality, we highlight y-t depth slices along the vertical red line within red boxes. For optimal viewing, please
zoom in.

Method MOVi-E Pan. MOVi-E MOVi-F TAP-Vid DAVIS TAP-Vid Kinetics

D-ACC ↑ D-ACC ↑ D-ACC ↑ AJ ↑ < δxavg ↑ OA ↑ AJ ↑ < δxavg ↑ OA ↑

DynPT 87.9 94.1 91.5 61.6 75.4 87.4 47.8 62.6 82.3
CE only 82.6 90.4 86.8 60.6 74.3 86.8 46.2 62.1 81.7
3E only 85.4 92.2 90.4 42.4 56.6 73.4 38.9 54.6 70.4

Table 2. Ablation study of different design choices for DynPT. “CE” denotes the use of a CNN encoder, while “3E” refers to the 3D-aware
encoder.

MOVi-E and MOVi-F datasets. These datasets are chosen
for their non-trivial camera movements and motion blur,
which closely resemble real-world scenarios. For evalua-
tion, in addition to the the panning MOVi-E and MOVi-F
datasets, we also evaluate on the MOVi-E dataset to assess
the generalization ability of DynPT.

During inference, DynPT processes videos by querying
a sparse set of points in a sliding window manner to main-
tain computational efficiency as in [6, 7]. The query points
are sampled based on grids: the image is divided into grids
of 20 × 20 pixels, and one point with the maximum im-
age gradient is sampled from each grid to capture the most
distinguishable descriptor. Additionally, one random point
is sampled from each grid to ensure diversity and prevent

bias towards only high-gradient areas. This combination
of gradient-based sampling and random sampling ensures
a balanced selection of points, enabling robust and diverse
feature extraction across the image.

3.2. Point Trajectory Smoothness (PTS) Objective
The primary goal of this objective is to ensure tempo-
ral smoothness in the per-frame pointmaps. Directly per-
forming dense tracking for every pixel at every frame
is computationally expensive. To address this, we pro-
pose an efficient strategy for generating dense, smoothed
pointmaps. First, we track a sparse set of points and smooth
their 3D trajectories using adaptive weighting (Sec 3.2.1).
Next, we propagate the displacements resulting from the
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Figure 3. Qualitative comparison of motion mask on Sintel dataset [1]. We present the motion masks generated by C4D and MonST3R.
Video frames and ground-truth motion masks are also included for reference. The white regions indicate dynamic areas.

smoothing process to their local neighbors through linear
blending (Sec 3.2.2), ultimately producing dense, smoothed
pointmaps.

This smoothing process is applied in a non-overlapping
sliding window manner. For each local window, smooth-
ing is performed on an extended window that includes ad-
ditional frames on both ends. However, only the smoothed
results within the original window are retained. This ap-
proach ensures both computational efficiency and temporal
consistency.

3.2.1. Trajectory Smoothing with Adaptive Weighting

To enhance the smoothness of 3D trajectories while mitigat-
ing the influence of outliers, we employ a 1D convolution-
based smoothing process with adaptive weights. This

method ensures that trajectories are refined effectively with-
out over-smoothing salient features. The core steps of the
process are described below.

Trajectory Representation. The input trajectories are
represented as a tensor T ∈ RT×N×C , where T is the num-
ber of time frames, N is the number of tracked points, and
C is the dimensionality of the coordinates (e.g., C = 3 for
3D trajectories).

Smoothing Kernel. A uniform smoothing kernel of size
k is defined as:

K =
1

k
1k, (1)

where 1k is a vector of ones with length k, and we set it to
5. The kernel is normalized to ensure consistent averaging
across the kernel window size.



Outlier-Aware Weighting. To reduce the influence of
outliers, we compute a weight matrix W ∈ RT×N based
on the differences between consecutive trajectory points:

∆Tt = ∥Tt −Tt−1∥2, (2)

where ∆Tt is the norm of the difference between consecu-
tive points. The weights are then defined as:

Wt,n = exp (−λ ·∆Tt,n) , (3)

where λ is a smoothing factor controlling the decay of
weights for larger deviations and we set it to 1. To ensure
temporal alignment, the weights are padded appropriately:

Wt =

{
W1, t = 1,

Wt−1, otherwise.
(4)

Weighted Convolution. To smooth the trajectories, we
apply a weighted 1D convolution to each trajectory point:

T̃ =
Conv1D(T⊙W,K)

Conv1D(W,K)
, (5)

where ⊙ denotes element-wise multiplication. The convo-
lution is applied independently for each trajectory and co-
ordinate dimension.

The output T̃ is a smoothed trajectory tensor with the
same shape as the input, ensuring that both global and local
trajectory consistency are preserved.

3.2.2. Linear Blend Displacement (LBD) for Point Trans-
formation

After obtaining the smoothed 3D trajectories of sparse
tracking points, we leverage the observation that the dis-
placements caused by the smoothing process are approxi-
mately consistent within local regions. Inspired by linear
blend skinning, we treat the smoothed tracking points as
control points. To transform all other 3D points based on the
displacements of these control points, we employ a Linear
Blend Displacement (LBD) approach. This method calcu-
lates proximity-weighted displacements for each point by
considering its k nearest control points, ensuring smooth
and locally influenced transformations. The detailed steps
are described below.

Problem Formulation. Given a set of query points
X ∈ RP1×3, control points C ∈ RP2×3, and control dis-
placements D ∈ RP2×3, the goal is to compute the trans-
formed points X̃ ∈ RP1×3 using a weighted combination of
the control displacements. Here, P1 is the number of query
points, and P2 is the number of control points.

Nearest Neighbor Search. For each query point, we
identify its k nearest control points using the L2 distance.
This yields:

dj,k = ∥Xj −CIj,k∥2, (6)
Ij,k = Indices of the k nearest control points, (7)

where dj,k is the squared distance between the j-th query
point and the k-th nearest control point. We set k to 4 in our
experiments.

Weight Computation. We compute proximity-based
weights using inverse distance weighting:

wj,k =
1

Dj,k
, (8)

The weights are normalized across the k nearest neighbors:

ŵj,k =
wj,k∑
k′ wj,k′

. (9)

Displacement Aggregation. Using the computed
weights, the displacement for each query point is aggre-
gated as linear blend of control displacements:

∆xj =
∑
k

ŵj,kDIj,k , (10)

where dj,k is the displacement of the k-th nearest control
point.

Point Transformation. Finally, the transformed query
points are computed by adding the aggregated displace-
ments:

X̃j = Xj +∆xj . (11)

3.3. Implementation Details
Training Details. We train DynPT for 50,000 steps with
a total batch size of 32, starting from scratch except for the
3D-aware encoder, which is initialized from DUSt3R’s pre-
trained encoder and kept frozen during training. The learn-
ing rate is set to 5e-4, and we use the AdamW optimizer
with a OneCycle learning rate scheduler [11].

Inference Details. To ensure fast computation during mo-
tion mask calculation, we sample static points only from
the latest sliding window of DynPT, as this window already
includes the majority of points in the frame. The default
tracking window size for DynPT is set to 16, with a stride
of 4 frames. For the Point Trajectory Smoothness (PTS)
objective, the default window size is 20 frames, extended
by adding 5 additional frames on each end to ensure conti-
nuity and smoothness. And for longer videos, the window
sizes for DynPT and PTS can be further extended to reduce
computational costs.

Optimization Details. The correspondence-aided opti-
mization is performed in two stages. In the first stage, we
optimize using the global alignment (GA), camera move-
ment alignment (CMA), and camera trajectory smooth-
ness (CTS) objectives, with respective weights wGA = 1,
wCMA = 0.01, and wCTS = 0.01. During this stage, the op-
timization targets the depth maps D̂, camera poses P̂ and



camera intrinsics K̂. After completing the first stage, we
fix the camera pose P̂ and intrinsics K̂ and proceed to op-
timize depth maps D̂ only in the second stage. We apply
only the point trajectory smoothness (PTS) objective with
weight wPTS = 1 to further refine the depth maps D̂ in the
second stage. Both stages are optimized for 300 iterations
using the Adam optimizer with a learning rate of 0.01.

Datasets and Evaluation. Following [5, 15], we sample
the first 90 frames with a temporal stride of 3 from the
TUM-Dynamics [12] and ScanNet [2] datasets for computa-
tional efficiency. For dynamic accuracy evaluation, we use
the validation sets of the MOVi-E, Panning MOVi-E, and
MOVi-F datasets, comprising 250, 248, and 147 sequences,
respectively. Each sequence contains 256 randomly sam-
pled tracks spanning 24 frames. The resolution is fixed at
256× 256, consistent with the TAPVid benchmark [3]. The
evaluation metric used is accuracy, which assesses both dy-
namic (positive) and static (negative) states, defined as:

D-ACC =
TP + TN

TP + TN + FP + FN
, (12)

where TP denotes true positives, TN denotes true nega-
tives, FP denotes false positives, and FN denotes false neg-
atives.
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