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Figure 1. Given a monocular video that contains both camera movement and object movement, C4D can recover the dynamic scene in 4D,
including per-frame dense point cloud, camera poses and intrinsic parameters. Video depth, motion masks, and point tracking in both 2D

and 3D space are also available in the outputs.
Abstract

Recovering 4D from monocular video, which jointly es-
timates dynamic geometry and camera poses, is an in-
evitably challenging problem. While recent pointmap-based
3D reconstruction methods (e.g., DUSt3R) have made great
progress in reconstructing static scenes, directly applying
them to dynamic scenes leads to inaccurate results. This
discrepancy arises because moving objects violate multi-
view geometric constraints, disrupting the reconstruction.
To address this, we introduce C4D, a framework that lever-
ages temporal Correspondences to extend existing 3D re-
construction formulation to 4D. Specifically, apart from
predicting pointmaps, C4D captures two types of corre-
spondences: short-term optical flow and long-term point
tracking. We train a dynamic-aware point tracker that pro-
vides additional mobility information, facilitating the esti-
mation of motion masks to separate moving elements from
the static background, thus offering more reliable guidance
for dynamic scenes. Furthermore, we introduce a set of dy-
namic scene optimization objectives to recover per-frame
3D geometry and camera parameters. Simultaneously, the
correspondences lift 2D trajectories into smooth 3D trajec-
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tories, enabling fully integrated 4D reconstruction. Exper-
iments show that our framework achieves complete 4D re-
covery and demonstrates strong performance across mul-
tiple downstream tasks, including depth estimation, cam-
era pose estimation, and point tracking. Project Page:
https://littlepure2333. github.io/C4D

1. Introduction

Recovering complete 4D representations from monocular
videos, which involves estimating dynamic scene geometry,
camera poses, and 3D point tracking, is a highly challenging
task. While extending 3D reconstruction methods over the
time dimension might seem straightforward, achieving ac-
curate and smooth time-varying geometries and consistent
camera pose trajectories is far from simple.

Recent paradigm shifts in 3D reconstruction, such as
DUSt3R [58], have shown significant success in recon-
structing static scenes from unordered images. It directly
predicts dense 3D pointmaps from images and makes many
3D downstream tasks, like recovering camera parameters
and global 3D reconstruction, become easy by just apply-
ing global alignment optimization on 3D pointmaps.

However, when applied to dynamic scenes, these for-



mulations often produce substantial inaccuracies. This is
because their reliance on multi-view geometric constraints
breaks down as moving objects violate the assumptions of
global alignment. As a result, they struggle to achieve ac-
curate 4D reconstructions in dynamic scenes.

Our key insight is that the interplay between temporal
correspondences and 3D reconstruction naturally leads to
4D. By capturing 2D correspondences over time, we can
effectively separate moving regions from static ones. By
calibrating the camera in the static region only, we improve
the quality of the 3D reconstruction. In turn, the improved
3D model helps connect these correspondences, creating a
consistent 4D representation that integrates temporal details
into the 3D structure.

This motivation drives our framework, C4D, a frame-
work designed to upgrade the current 3D reconstruction for-
mulation by using temporal Correspondences to achieve 4D
reconstruction. Apart from 3D pointmap prediction, C4D
captures short-term optical flow and long-term point track-
ing. These temporal correspondences are essential: they
generate motion masks that guide the 3D reconstruction
process, while also contributing to optimizing the smooth-
ness of the 4D representation.

To achieve this, we introduce the Dynamic-aware Point
Tracker (DynPT), which not only tracks points but also pre-
dicts whether they are moving in the world coordinates.
Using this information, we create a correspondence-guided
strategy that combines static points and optical flow to gen-
erate motion masks. These motion masks guide the 3D re-
construction by focusing on static regions, enabling more
accurate estimation of camera parameters from the point
maps and further enhancing geometric consistency.

To further improve the 4D reconstruction, we introduce
a set of correspondence-aided optimization techniques.
These include ensuring the camera movements are con-
sistent, keeping the camera path smooth, and maintaining
smooth trajectories for the 3D points. Together, these im-
provements result in a refined and stable 4D reconstruction
that is both accurate and smooth over time. Extensive exper-
iments show that C4D delivers strong performance in dy-
namic scene reconstruction. When applied to various down-
stream tasks, such as depth estimation, camera pose estima-
tion, and point tracking, C4D performs competitively, even
compared to specialized methods.

In summary, our key contributions are as follows:
We introduce C4D, a framework that upgrades the cur-
rent 3D reconstruction formulation to 4D reconstruction
by incorporating two temporal correspondences.
We propose a dynamic-aware point tracker (DynPT) that
not only tracks points but also predicts whether a point is
dynamic in world coordinates.
We present a motion mask prediction mechanism guided
by optical flow and our DynPT.
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We introduce correspondence-aided optimization tech-
niques to improve the consistency and smoothness of 4D
reconstruction.

We conduct experiments on depth estimation, camera
pose estimation, and point tracking, demonstrating that
C4D achieves strong performance, even compared to spe-
cialized methods.

2. Related Work

2.1. Temporal Correspondences

Optical flow represents dense pixel-level motion displace-
ment between consecutive frames, capturing short-term
dense correspondences. Modern deep learning methods
have transformed optical flow estimation, leveraging large
datasets [3, 36], CNNs [12, 50], ViTs [64], and iterative re-
finement [52, 61], resulting in significant improvements in
accuracy and robustness. We leverage the motion informa-
tion contained in optical flow to generate motion masks in
this work. Point tracking aims to track a set of query points
and predict their position and occlusion in a video [10], pro-
viding long-term sparse pixel correspondences. Tracking
Any Point (TAP) methods [6, 11, 18, 23] extract correlation
maps between frames and use a neural network to predict
tracking positions and occlusions, achieving strong perfor-
mance on causal videos. While these methods are effective,
they all lack the ability to predict the mobility of points in
world coordinates, which we achieve in this work.

2.2. 3D Reconstruction

Recovering 3D structures and camera poses from image col-
lections has been studied for decades [19]. Classic meth-
ods such as Structure-from-motion (SfM) [44] and visual
SLAM [9, 39] operate in sequential pipelines, often involv-
ing keypoint detection [2, 34, 35, 42], matching [43, 63],
triangulation, and bundle adjustment [1, 55]. However, the
sequential pipeline is complex and vulnerable to errors in
each sub-task. To address these, DUSt3R [58] introduces a
significant paradigm shift by directly predicting pointmaps
from image pairs, and dense 3D reconstruction can be ob-
tained by a global alignment optimization.

2.3. 4D Reconstruction

Since the world is dynamic, 4D reconstruction naturally ex-
tends 3D reconstruction. Recent works [5, 7, 17, 27-29, 31,
33, 46, 49, 57, 59] explore 4D reconstruction from monoc-
ular video. Building on either 3DGS [26] or pointmap [58]
representation, most of these methods are optimization-
based and rely on off-the-shelf priors for supervision, such
as depth, optical flow, and tracking trajectories. Concurrent
work MonST3R [67] explores pointmap-based 4D recon-
struction by fine-tuning DUSt3R on dynamic scene data,
whereas we directly use pretrained pointmap-based model
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Figure 2. Overview of C4D. C4D takes monocular video as input and jointly predicts dense 3D pointmaps (Sec. 3.1) and temporal
correspondences (Sec. 3.2), including short-term optical flow and long-term point tracking (Sec. 3.2.1). These correspondences are utilized
to predict motion masks (Sec. 3.2.2) and participate in the optimization process (Sec. 3.3) with 3D pointmaps to obtain 4D outputs.

weights and complement them with correspondence-guided
optimization for 4D reconstruction.

3. Method

The core idea of our method is to jointly predict dense
3D pointmaps and temporal correspondences from an input
video, leveraging these correspondences to improve 4D re-
construction in dynamic scenes. These correspondences are
obtained from both short-term optical flow and long-term
point tracking. The whole pipeline is shown in Figure 2.

We begin by reviewing the 3D reconstruction formula-
tion in Sec. 3.1, which provides dense 3D pointmaps. Next,
we introduce our dynamic-aware point tracker (DynPT) in
Sec. 3.2.1, designed to track points while also identify-
ing whether they are dynamic in world coordinates. In
Sec. 3.2.2, we describe how DynPT is combined with opti-
cal flow to estimate reliable motion masks. Finally, Sec. 3.3
details our correspondence-aided optimization, which uti-
lizes pointmaps, optical flow, point tracks, and motion
masks to refine the 4D reconstruction.

3.1. 3D Reconstruction Formulation

Our method complements the recent feed-forward 3D re-
construction paradigm, DUSt3R [58], and can be applied
to any DUSt3R-based model weights [32, 67]. Given a
video with T frames {I', 12, ..., 1T}, a scene graph G is
constructed, where an edge represents a pair of images
e = (I",I"™) € G. Then DUSt3R operates in two steps:

(1) A ViT-based network ® that takes a pair of two im-
ages I, I"™ € RW>H X3 a5 input and directly outputs two
dense pointmaps X", X™ € RW*HX3 yith associated
confidence maps C",C™ € RW>H

X", Cm XM, 0™ = &(I7, 1) )

(2) Since these pointmaps are represented in the local

7572

coordinate of each pair, DUSt3R employs global optimiza-
tion to all pairs of pointmaps, to recover global aligned
pointmaps {X* € RW>H*3} for all frames t = 1,...,T.

Loa(X,Po)=> Y CH|| X' —o . P.X"|| ()

ecg tce

Where P, € R3** and 0, > 0 are pairwise pose
and scaling. To reduce computational cost, we use a
sparse scene graph based on a strided sliding window, as
in [13, 58, 67], where only pairs within a local temporal
window are used for optimization.

While this 3D formulation performs well on static
scenes, its performance drops in dynamic scenes, as dis-
cussed in Sec. 4.2. This is primarily due to moving ob-
jects violating multi-view geometric constraints, which mo-
tivates us to extend the current 3D formulation to a 4D one.

3.2. Capturing Dual Correspondences

We capture two correspondences to help 4D recovery: long-
term point tracking and short-term optical flow.

3.2.1. Dynamic-aware Point Tracker

Current 2D point tracking methods like Tracking Any Point
(TAP) [10, 11, 23, 24] can robustly track query points
in videos. However, they cannot distinguish whether the
movement of the tracking point is caused by camera move-
ment or object movement. To segment moving objects in
the world coordinate system, we enhance these trackers by
enabling them to predict the mobility of tracking points. We
introduce the Dynamic-aware Point Tracker (DynPT),
which differentiates between motion caused by the camera
and true object dynamics. This helps us identify and seg-
ment moving objects even when both the camera and the
objects are in motion.

Tracker Architecture We adopt a similar design of Co-
Tracker [23, 24] to design our DynPT, which is illustrated
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Figure 3. Architecture of Dynamic-aware Point Tracker
(DynPT). For given video input and sampled initial query points,
DynPT uses Transformer to iteratively update the tracks with fea-
tures obtained from both 3D-aware ViT encoder and CNN.

in Figure 3. Original CoTracker only uses one CNN [20] to
extract features. While to better capture the spatial dynamic
relationships, we additionally employ a 3D-aware ViT en-
coder, which comes from DUSt3R’s encoder, to enhance the
3D spatial information [62]. And different from all other
TAP methods, DynPT directly predicts one more attribute,
mobility, along with other attributes of tracks.

Specifically, for an input video of length 7, DynPT first
extracts each frame’s multi-scale features from a 3D-aware
encoder and CNN, which are used to construct 4D correla-
tion features C'orr to provide richer information for track-
ing [6]. Given a query point Py, € R? at the first frame,
we initialize the track positions P, with the same position
of Py for all remaining times ¢ 1,...,T, and initial-
ize the confidence (Y, visibility V; and mobility M; with
zeros for all times. Then we iteratively update these at-
tributes with a transformer for M times. At each iteration,
the transformer takes a grid of input tokens spanning time
T: G% = (77271%’ ng%t+1ﬂ Cti7 thv Mtiﬂ COTT%) for every
query point i = 1,...,N, where n;_,; .1 = (P41 — F})
represents Fourier Encoded embedding of per-frame dis-
placements. Inside the Transformer, the attention operation
is applied across time and track dimensions.

Training and Inference We train DynPT on
Kubric [16], a synthetic dataset from which ground-
truth mobility labels can be obtained. We use Huber loss
to supervise position. And we employ cross-entropy loss
to supervise confidence, visibility and mobility. When
performing inference on a video, DynPT predicts tracks in
a sliding window manner. More details about the DynPT
can be found in the supplementary materials.

3.2.2. Correspondence-Guided Motion Mask Estimation

The most important part of 4D reconstruction in dynamic
scenes is to separate dynamic areas from static areas in
world coordinates. To achieve this, we utilize two temporal
correspondences: short-term optical flow F.; estimated by
off-the-shelf models [52, 61, 64], and long-term point track-
ing trajectory 1" predicted by DynPT. Figure 4 shows this
strategy of correspondence-guided motion mask prediction.

Since DynPT provides mobility predictions of tracks, at
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Figure 4. Correspondence-guided motion mask prediction.
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time ¢, we can retrieve the positions of static points {Pt] }
where M/ = 0. And given an optical flow F*~t" from
time ¢ to adjacent time t', we can sample the pixel corre-
spondences of these static points {(P/, P})}. With these
correspondences, we then estimate the fundamental matrix
F between the two frames via the Least Median of Squares
(LMedS) method [41], which does not require known cam-
era parameters and is robust to outliers. Since the funda-
mental matrix is estimated solely based on static points, it
reflects only the underlying camera motion, unaffected by
dynamic objects in the scene. So using this F to calculate
the epipolar error map on all correspondences in F' =1 the
area with large error indicates there violates the epipolar
constraints, that is, dynamic area. In practice, we compute
the error map using the Sampson error [19], which provides
a more robust approximation of the epipolar error by ac-
counting for scale and orientation. Then a threshold is ap-
plied to obtain the motion mask.

While considering a longer temporal range, calculating
the motion mask based on only two frames is not sufficient.
For example, a person’s standing foot may remain still for
several frames before lifting off to step, as shown in Fig-
ure 4. To address this, we calculate the motion mask of the
current frame using adjacent frames from the constructed
image pairs that include the current frame ¢, then take the
union of these masks to produce the final motion mask M.

3.3. Correspondence-aided Optimization for 4D

Based on the Global Alignment (GA) objective described
in Sec 3.1, we introduce additional optimization objec-
tives to improve the accuracy and smoothness in dynamic



scenes: camera movement alignment, camera trajectory
smoothness, and point trajectory smoothness. The op-
timizable variables are per-frame depthmap D!, camera
intrinsic K* and camera pose P* = [R!|T!]. Then
we re-parameterize the global pointmaps X' as Xf’ i
P R(KT 1[2Dtj,]D”,Dt 1), where (i, 7) is the pixel
coordinate and A(-) is the homogeneous mapping. So that,
optimizing X'* is equivalent to optimizing P!, K*, D,

Since global alignment tends to align moving objects to
the same position, it can negatively impact camera pose
estimation. To address this, and leveraging the fact that
optical flow provides a prior on camera motion, we intro-
duce the Camera Movement Alignment (CMA) objec-
tive [22, 51, 59, 67, 68]. CMA encourages the estimated
ego motion to be consistent with optical flow in static re-
gions. Specifically, for two frames I* and T ' we compute
the ego-motion field Fet;ot/ as the 2D displacement of X'*
by moving camera from ¢ to ¢’. Then we can encourage
this field to be close to the optical flow field F* ", in the
static regions S; =~ M, which is the opposite region of
the motion mask M, computed in Sec 3.2.2:

=X 3 s (rt -] o

e€g (t,t’)€e

Lema(X

The Camera Trajectory Smoothness (CTS) objective
is commonly used in visual odometry [37, 47, 67] to en-
force smooth camera motion by penalizing abrupt changes
in camera rotation and translation between consecutive
frames:

tTot+l t+1 t
Lers(X ZHR R 1| (T - T,
“)
where || - ||r denotes the Frobenius norm, and I is the

identity matrix.

Lastly, we propose the Point Trajectory Smoothness
(PTS) objective to smooth world coordinate pointmaps over
time. Within a local temporal window, we first select 2D
tracking trajectories 7' that remain visible throughout the
window and lift them to 3D trajectories. We then smooth
these 3D trajectories using a 1D convolution with adap-
tive weights, where weights are reduced for outlier points
based on their temporal deviations. For each frame within
the window, we treat the smoothed points as control points
and apply a linear blend of control point displacements to
transform all other points, weighting each control point’s
influence based on proximity, resulting in dense smoothed
pointmaps X'*. (More details in supplementary.)

We then minimize per-frame distance between global
pointmaps and smoothed pointmaps using L1 loss:

Lprs(X) = i (||Xt - )?tHl)

t=0

®)
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The complete optimization objective for recovering the
4D scene is:

X = a;g}r)nin [wGAEGA(X, o, P) + wCMAECMA(X)

+ wersLors (X) + wers Lprs (X))

(6)

where wga, Wema, Wers, wprs  are the loss weights.
The completed outputs of C4D contain world-coordinate
pointmaps X, depthmaps D, camera poses P, camera in-
trinsics K, motion masks M, 2D tracking trajectories 7',
and lifted 3D tracking trajectories T.

4. Experiments

We evaluate C4D on multiple downstream tasks, comparing
it with specialized methods (Sec. 4.3), and 3D formulations
(Sec. 4.2). The ablation study in Sec. 4.4 justifies our design
choices, and implementation details are provided in supple-
mentary materials.

4.1. Datasets and Metrics

We evaluate camera pose estimation on Sintel [3], TUM-
dynamics [48] and ScanNet [8] following [4, 69, 70]. Sintel
is a synthetic dataset featuring challenging motion blur and
large camera movements. TUM-Dynamics and ScanNet are
real-world datasets for dynamic scenes and static scenes,
respectively. We report the metrics of Absolute Translation
Error (ATE), Relative Translation Error (RPE trans), and
Relative Rotation Error (RPE rot).

For depth estimation, we evaluate on Sintel, Bonn [40],
and KITTI [14], following [21, 67]. Bonn [40] and
KITTI [14] are real-world indoor dynamic scene and out-
door datasets. The evaluation metrics for depth estimation
are Absolute Relative Error (Abs Rel), Root Mean Squared
Error (RMSE), and the percentage of inlier points § < 1.25,
as used in prior works [21, 65].

For point tracking, we evaluate our method on the TAP-
Vid benchmark [10] and Kubric [16]. TAP-Vid contains
videos with annotations of tracking point positions and oc-
clusion. We use the metrics of occlusion accuracy (OA),
position accuracy (5dvg) and average Jaccard (AJ) to evalu-
ate this benchmark, following [11, 18, 23, 56]. Kubric is a
generator that synthesizes semi-realistic multi-object falling
videos with rich annotations, including the moving status
of tracking points in world coordinates. To fully evaluate
the diverse dynamic patterns in the real world, we use three
datasets from Kubric to assess dynamic accuracy (D-ACC):
1) MOVi-E, which introduces simple (linear) camera move-
ment while always “looking at” the center point in world
coordinates; 2) Panning MOVi-E, which modifies MOVi-
E with panning camera movement; 3) MOVi-F, similar to
MOVi-E but adds some random motion blur.



3D Model Optimization Sintel TUM-dynamics ScanNet (static)
Weights Formulation
ATE | RPE trans | RPErot/ |ATE | RPE trans | RPErot ] |ATE | RPE trans | RPE rot |

DUSGR Global Alignment 0.416 0.216 18.038 | 0.127 0.058 2.033 | 0.060 0.024 0.751

C4D 0.334 0.154 0.948 | 0.093 0.018 0.906 | 0.064 0.018 0.570
MASH3R Global Alignment 0.437 0.329 12.760 | 0.084 0.052 1.245 | 0.073 0.027 0.706

C4D 0.448 0.199 1.730 | 0.048 0.012 0.671 | 0.067 0.018 0.467
MonSt3R Global Alignment 0.158 0.099 1.924 | 0.099 0.041 1.912 | 0.075 0.026 0.707

on
C4D (Ours) 0.103 0.040 0.705 | 0.071 0.019 0.897 | 0.061 0.017 0.538

Table 1. Camera pose estimation results across 3D/4D formulations. Evaluation on the Sintel, TUM-dynamic, and ScanNet datasets.
The best results are highlighted in bold. Our 4D formulation, C4D, consistently improves the performance based on 3D models.

3D Model Optimization Sintel Bonn KITTI
Weights ati
g Formulation Abs Rel | RMSE | §<1.25 1|Abs Rel | RMSE | §<1.25 1|Abs Rel | RMSE | §<1.25

busgg  Clobal Alignment  0.502 5141 549 | 0.149 0422 844 | 0029 5162 842
C4D (Ours) 0478 5052 579 | 0143 0411 847 | 0126 5140  85.0

Masgg  Clobal Alignment  0.370 4669 578 | 074 0503 784 | 0092 4000 898
C4D (Ours) 0379 4756 583 | 0168 0485 786 | 0.092 4000 897

Monsag | Olobal Alignment 0335 4467 575 | 0065 0254 962 | 0090 4128 906
C4D (Ours) 0327 4465 607 | 0.061 0249 965 | 0.089 4128  90.6

Table 2. Video depth estimation results across 3D/4D formulations. We evaluate scale-and-shift-invariant depth on Sintel, Bonn, and
KITTI. The best results are highlighted in bold. Our 4D fomulation, C4D, consistently improve the performance based on 3D models.

4.2. Comparison across 3D/4D Formulations

3D Baselines We choose the currently available DUSt3R-
based models as our 3D baseline models: 1) DUSt3R [58],
trained on millions of image pairs in static scenes, demon-
strating impressive performance and generalization across
various real-world static scenarios with different camera pa-
rameters. 2) MASt3R [32], the follow-up work to DUSt3R,
which initializes its weights from DUSt3R and is fine-tuned
on the matching task, also using large-scale data from static
scenes. 3) MonSt3R [67], which fine-tunes the decoder and
head of DUSt3R on selected dynamic scene datasets. The
global alignment is the default optimization strategy in the
3D formulation, as described in Sec. 3.3.

Results We evaluate the results of camera pose estima-
tion and video depth estimation, as shown in Table | and Ta-
ble 2. Our C4D achieves consistent performance improve-
ments compared to 3D formulation across different 3D
model weights. For camera pose estimation, C4D signif-
icantly improves performance (e.g., reducing RPE, from
18.038 to 0.948) even on the challenging Sintel dataset,
demonstrating the effectiveness of our method. The re-
sults on the ScanNet dataset, which consists of static scenes,
also show that our method further enhances performance
in static environments. C4D also outperforms 3D formu-
lations in terms of video depth accuracy. Moreover, these
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results highlight a comparison among 3D model weights:
DUSt3R and MASt3R perform comparably overall, while
MonST3R achieves better results as it is fine-tuned on dy-
namic scene datasets.

4.3. Comparison with Other Methods

Since C4D produces multiple outputs, we compare our
method with others specifically designed for individual
tasks, including camera pose estimation, video depth esti-
mation, and point tracking.

Evaluation on camera pose estimation We compare
with methods that can predict camera pose and video depth
jointly: Robust-CVD [30], CasualSAM [69], and the con-
current work MonST3R [67]. We re-evaluated MonST3R
using their publicly available codes and checkpoints for a
fair comparison. For a broader evaluation, we also compare
with learning-based visual odometry methods: DROID-
SLAM [53], DPVO [54], ParticleSfM [70], and LEAP-
VO [4]. Note that DROID-SLAM, DPVO, and LEAP-VO
require ground-truth camera intrinsics as input, while our
C4D can estimate camera intrinsics and camera poses using
only a monocular video as input. The results are presented
in Table 3, showing that C4D achieves highly competitive
performance even compared to specialized visual odometry
methods and generalizes well on static scenes, such as the



Sintel TUM-dynamics ScanNet (static)
Category Method
ATE | RPE trans | RPErot| |ATE | RPE trans | RPErot| |ATE | RPE trans | RPErot|

DROID-SLAMT 0.175 0.084 1.912 - - - - - -

DPVOT 0.115 0.072 1.975 - - - - - -
Pose only

ParticleStM 0.129 0.031 0.535 - - - 0.136 0.023 0.836

LEAP-VOT 0.089 0.066 1.250 | 0.068 0.008 1.686 | 0.070 0.018 0.535

Robust-CVD 0.360 0.154 3443 | 0.153 0.026 3.528 | 0.227 0.064 7.374

Joint depth & pose CasualSAM 0.141 0.035 0.615 | 0.071 0.010 1.712 | 0.158 0.034 1.618
MonST3R 0.109 0.043 0.737 | 0.104 0.223 1.037 | 0.068 0.017 0.545
C4D-M (Ours) 0.103 0.040 0.705 | 0.071 0.019 0.897 | 0.061 0.017 0.538

Table 3. Camera pose evaluation on Sintel, TUM-dynamic, and ScanNet. The best and second best results are highlighted in bold and
underlined, respectively. T means the method requires ground truth camera intrinsics as input. “C4D-M” denotes C4D with MonST3R’s

model weights.

Alignment Category Method Sintel Bonn KITT
Abs Rel || 6<1.25 1| Abs Rel | 6<1.25 |Abs Rel | § <1.25 1
. Marigold 0.532 515 0.091 93.1 0.149 79.6
Single-frame depth .
DepthAnything-V2  0.367 55.4 0.106 92.1 0.140 80.4
NVDS 0.408 48.3 0.167 76.6 0.253 58.8
Per-sequence Video depth ChronoDepth 0.687 48.6 0.100 91.1 0.167 759
scale & shift DepthCratter 0.292 69.7 0.075 97.1 0.110 88.1
Robust-CVD 0.703 47.8 - - - -
L CasualSAM 0.387 54.7 0.169 73.7 0.246 62.2
Joint video depth & pose
MonST3R 0.335 58.5 0.063 96.2 0.157 73.8
C4D-M (Ours) 0.327 60.7 0.061 96.5 0.089 90.6
Video depth DepthCrafter 0.692 535 0.217 57.6 0.141 81.8
Per-sequence S
scale Joint video depth & pose MonST3R 0.345 55.8 0.065 96.2 0.159 73.5
Joint video depth & pose C4D-M (Ours) 0.338 58.1 0.063 96.4 0.091 90.6

Table 4. Video depth evaluation on Sintel, Bonn, and KITTI. Two types of depth range alignment are evaluated: scale & shift and scale-

only. “C4D-M” denotes C4D with MonST3R’s model weights.

ScanNet dataset.

Evaluation on video depth estimation Table 4 shows
the evaluation results on video depth estimation. We
compare with various kinds of depth estimation methods:
single-frame depth methods such as Marigold [25] and
DepthAnything-V2 [65], and video depth methods such
as NVDS [60], ChronoDepth [45], and DepthCrafter [21].
Note that these methods predict relative depth, which leads
to inconsistencies across multiple views when projecting to
world coordinates [15]. We also compare with methods that
can predict video depth and camera pose jointly: Robust-
CVD [30], CasualSAM [69], and MonST3R [67]. The eval-
uation is conducted using two kinds of depth range align-
ment: scale & shift, and scale-only. C4D achieves highly
competitive results in scale & shift alignment. However, as
demonstrated in [66], a shift in depth will affect the x, y, and

z coordinates non-uniformly when recovering the 3D geom-
etry of a scene, resulting in shape distortions. Therefore, a
more important evaluation is under scale-only alignment,
where C4D achieves the best performance.

Evaluation on point tracking As part of the C4D out-
puts, we evaluate point tracking results in Table 5 and com-
pare them with other TAP methods: RAFT [52], TAP-
Net [10], PIPs [18], MFT [38], TAPIR [11], and Co-
tracker [23]. Note that all previous TAP methods can
only predict the position and occlusion of tracking points,
whereas our method can additionally predict mobility, con-
tributing to a robust motion mask prediction as described
in Sec. 3.2.2. Despite this more challenging learning ob-
jective, our method still achieves comparable performance
with SOTA methods and demonstrates high accuracy in pre-
dicting mobility.
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Method MOVi-E ~ Pan. MOVi-E =~ MOVi-F TAP-Vid DAVIS TAP-Vid Kinetics
D-ACC 1 D-ACC 1 D-ACCT AJtT < (ﬁ,g T OAT AJT < 5,§C\,g T OA7T
Predict Position & Occlusion
RAFT - - - 30.0 46.3 79.6 34.5 52.5 79.7
TAP-Net - - - 38.4 53.1 82.3 46.6 60.9 85.0
PIPs - - - 39.9 56.0 81.3 39.1 55.3 82.9
MEFT - - - 47.3 66.8 77.8 39.6 60.4 72.7
TAPIR - - - 56.2 70.0 86.5 49.6 64.2 85.0
CoTracker - - - 61.8 76.1 88.3 49.6 64.3 83.3
Predict Position & Occlusion & Mobility
DynPT (Ours) 87.9 94.1 91.5 61.6 75.4 87.4 47.8 62.6 82.3

Table 5. Point tracking evaluation results on the TAP-Vid and Kubric (MOVi-E, Panning MOVi-E, and MOVi-F) Datasets. Apart from
achieving competitive results with SOTA TAP methods, DynPT offers a unique capability: predicting the mobility of tracking points, which
is crucial for determining whether a point is dynamic in world coordinates.

Method Camera pose Video depth

ATE | RPE_t | RPE_r | AbsRel | RMSE | §<1.25 1
w/oCMA 0.140 0.051 0905  0.335 4.501 0.582
w/oCTS  0.131 0.058 1.348  0.322 4.442 0.608
w/o PTS 0.103 0.040 0.705  0.327 4.465 0.607
C4D (Ours) 0.103 0.040 0.705  0.327 4459  0.609

Table 6. Ablation study on the Sintel dataset.

C4D
(Ours)

oS ' -I

MASGR . ‘ I »\\ i \%\qf
‘ | 7

DUSR . s TS
1) 3D trajectories w/o PTS 2) 3D trajectories w/ PTS

Figure 5. Ablation illustration of Point Trajectory Smoothness
(PTS) objective. The temporal depth and 3D trajectories become
more smooth after applying PTS objective.

4.4. Ablation Study

Ablation results in Table 6 indicate that all loss functions are
crucial. The proposed loss suite achieves the best pose esti-
mation with minimal impact on video depth accuracy. Since
the temporal smoothness of depth cannot be reflected by the
quantitative metrics in Table 6, we show the temporal depth
slice changes in Figure 5, following [21, 65], which demon-
strates that our PTS objective is effective in producing more
temporally smooth depth and 3D point trajectories. Note
that while MonST3R also employs the CMA objective, the
motion mask used in this objective is crucial, and our mo-

MonST3R

Video

M(mST"R- n _
[ | P

Figure 6. Qualitative comparison of motion mask on Sintel.
Our motion mask is more accurate than MonST3R’s.

tion mask is more accurate than MonST3R’s, as shown in
Figure 6. Due to page limitations, the ablation of DynPT is
provided in the supplement.

5. Conclusion

In this paper, we introduce C4D, a framework for recover-
ing 4D representations from monocular videos through joint
prediction of dense pointmaps and temporal correspon-
dences. Within this framework, a Dynamic-aware Point
Tracker (DynPT), a correspondence-guided motion mask
prediction, and correspondence-aided optimization are pro-
posed to achieve accurate and smooth 4D reconstruction
and camera pose estimation. Experiments demonstrate that
C4D effectively reconstructs dynamic scenes, delivering
competitive performance in depth estimation, camera pose
estimation, and point tracking.
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