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Fig. 1. Dynamic free-view synthesis of reconstruction from monocular video.

We introduce a fully automatic pipeline for dynamic scene reconstruction
from casually captured monocular RGB videos. Rather than designing a new
scene representation, we enhance the priors that drive Dynamic Gaussian
Splatting. Video segmentation combined with epipolar-error maps yields
object-level masks that closely follow thin structures; these masks (i) guide
an object-depth loss that sharpens the consistent video depth, and (ii) support
skeleton-based sampling plus mask-guided re-identification to produce reli-
able, comprehensive 2-D tracks. Two additional objectives embed the refined
priors in the reconstruction stage: a virtual-view depth loss removes floaters,
and a scaffold-projection loss ties motion nodes to the tracks, preserving
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fine geometry and coherent motion. The resulting system surpasses previ-
ous monocular dynamic scene reconstruction methods and delivers visibly
superior renderings. Project page: https://priorenhancedgaussian.github.io/
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1 Introduction
Reconstructing a faithful, time-varying 3-D scene from a casual
hand-held monocular RGB video is a long-standing goal in com-
puter graphics and vision. With the advent of 3-D Gaussian Splatting
(3D-GS) [Kerbl et al. 2023], a static scene can be distilled into tens
of thousands of anisotropic Gaussians and rasterized in real time.
Extending this idea to moving footage leads to dynamic Gaussian
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Splatting (DGS): Gaussians translate and rotate through time, en-
abling free-view playback and immersive AR/VR experiences (see
Sec. 2 for detail).

Solving this ill-posed problem requires both a carefully designed
representation for motion and geometry, and a diverse set of 2-D
priors from foundation models such as consistent depth, dynamic
masks, and 2-D point trajectories to initialize and supervise the
reconstruction. Recent systems such as MoSca [Lei et al. 2024] and
Shape-of-Motion [Wang et al. 2024b] combine these aspects and
achieve striking realism.
Yet dynamic objects still reveal the limits of current pipelines:

thin structures blur or vanish, and complex motions lose coherence
(Fig. 2). Most prior work tackles these artifacts by introducing richer
scene representations or elaborate optimization schedules, while
paying little attention to the details of 2-D priors from foundation
models. We find that the quality of these priors has become one
of the major bottlenecks. Upgrading the depth, masks, and tracks
fed into a DGS system markedly improves reconstruction quality.
We therefore focus on enhancing prior quality. Our pipeline (1)
extracts salient dynamic-object masks that tightly follow thin
parts such as limbs, (2) refines the consistent video depth, recov-
ering detailed dynamic structures while preserving global geometry,
and (3) builds robust, comprehensive 2-D trajectories that sur-
vive occlusions and provide thorough coverage of moving surfaces
These higher-fidelity priors supply far stronger supervision. To let
the model exploit them fully, we further introduce two additional
loss terms, scaffold-projection loss and virtual-view depth loss),
that propagate the improved priors directly into the Gaussian cloud
and its underlying motion model.
We integrate these components and develop a fully automatic

pipeline for dynamic-scene reconstruction from monocular RGB
video. Experiments on the DyCheck dataset show quantitative gains,
while qualitative comparisons on DAVIS reveal significant improve-
ments in visual quality over previous monocular DGS systems.

(a) Shape of Motion (b) MoSca

Fig. 2. Limitations of existing methods. Shape of Motion [Wang et al.
2024b] shows incoherent motion near boundaries and dis-occlusions of
the object (red and blue boxes in (a)), indicating insufficient regularization.
MoSca [Lei et al. 2024] improves coherence by constraining motion with a
set of scaffolds, yet it still struggles to represent thin objects with complex
motion, as highlighted by the red box in (b).

2 Related Work
Dynamic Novel View Synthesis. Recent years have seen rapid

progress in dynamic scene reconstruction for novel-view synthe-
sis. Many methods assume multi-view inputs with known calibra-
tion [Attal et al. 2023; Bae et al. 2024; Bansal et al. 2020; Cao and
Johnson 2023; Duan et al. 2024; Fridovich-Keil et al. 2023; Huang
et al. 2024; Kratimenos et al. 2023, 2024; Lee et al. 2024; Li et al.
2024a, 2020, 2021; Liang et al. 2025; Lin et al. 2023, 2024; Lombardi
et al. 2019; Luiten et al. 2023; Shaw et al. 2023; Sun et al. 2024; Wang
et al. 2022; Wu et al. 2023, 2024b; Xu et al. 2024; Yan et al. 2024; Zhu
et al. 2024], while others focus on the more practical but challenging
monocular setting [Bui et al. 2023; Das et al. 2023; Jeong et al. 2024;
Kwak et al. 2025; Lei et al. 2024; Li et al. 2020, 2022, 2023a; Liang et al.
2023; Liu et al. 2024; Miao et al. 2024; Park et al. 2024; Stearns et al.
2024; Wang et al. 2022, 2024b; Yoon et al. 2020; You et al. 2023; Zhang
et al. 2025a, 2023; Zhao et al. 2023, 2024]. Monocular reconstruction
is particularly challenging due to limited parallax, occlusion, and
motion blur, often leading to unstable or incomplete geometry.

Alongside this divide in input assumptions, approaches also differ
in their scene representations. NeRF-based models [Athar et al. 2022;
Du et al. 2021; Fang et al. 2022; Gao et al. 2021; Jiang et al. 2022; Li
et al. 2020, 2023b; Mildenhall et al. 2021; Shih et al. 2024; Song et al.
2023; Xian et al. 2021] rely on implicit volumetric fields, but are
slow to train and difficult to edit. Recent dynamic extensions of 3D
Gaussian Splatting [Kerbl et al. 2023; Lei et al. 2024; Liu et al. 2024;
Park et al. 2024; Stearns et al. 2024; Wang et al. 2024b; Yang et al.
2024a, 2023b] offer real-time rendering and more explicit control via
point-based structures, making them especially suitable for dynamic
content. Some recent methods also adopt a feedforward strategy, di-
rectly predicting novel views from monocular input without explicit
3D reconstruction [Liang et al. 2024; Wu et al. 2024a].

Similar to MoSca [Lei et al. 2024], SplineGS [Park et al. 2024], and
Shape of Motion [Wang et al. 2024b], our method adopts an explicit
deformation representation to model dynamic scenes. In contrast to
these approaches, we further enhance the quality of priors obtained
from foundation models and boost the quality of reconstruction.

Camera Pose Estimation from Monocular Video. Most prior dy-
namic reconstruction pipelines rely on COLMAP for camera pose
estimation. While effective in static environments, COLMAP often
fails in dynamic or narrow-baseline videos due to foreground mo-
tion and small baseline. Recent methods such as Robust CVD [Kopf
et al. 2020], CasualSAM [Zhang et al. 2022], and MegaSAM [Li
et al. 2024b] address this limitation by jointly optimizing depth
and pose from monocular videos with the prior from mono-depth.
Other approaches adopt feedforward networks that directly regress
poses from video frames [Feng et al. 2025; Wang et al. 2025; Zhang
et al. 2024], enabling faster inference but often requiring large-scale
training data and suffering in low-texture regions.

For dynamic novel view synthesis, approaches like RoDynRF [Liu
et al. 2023], SplineGS [Park et al. 2024], and MoSca [Lei et al. 2024]
propose COLMAP-free pipelines by using motion masks to isolate
static background regions, enabling geometry learning and camera
estimation without external SfM tools.
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Fig. 3. Method Overview. Our three-stage approach is: (I) Initialization, (II) Lifting to 3-D, and (III) Dynamic scene reconstruction. (I) Initialization(Sec. 3.4).
(a) Video segmentation 𝑆 (𝑙 )

𝑡 [Kirillov et al. 2023; Ravi et al. 2024a; Zrporz 2024] is combined with epipolar-error masks 𝐸𝑇
𝑡=1 derived from optical flow 𝐹𝑡→𝑡 ′ [Teed

and Deng 2020], yielding dynamic-object masks𝑀 (𝑜 )
𝑡 that cover each dynamic object in its entirety. (b) Using mask𝑀 (𝑜 )

𝑡 and mono-depths 𝐷̃𝑇
𝑡=1 [Wang et al.

2024a], we apply an object-depth loss that sharpens Mega-SAM’s consistent depths 𝐷𝑇
𝑡=1 [Li et al. 2024b]. (c) From images 𝐼𝑇

𝑡=1 and masks𝑀 (𝑜 )
𝑡 we identify

and sample tracks 𝑢 (𝑜 )
𝑡 along thin structures; combined with uniformly sampled tracks from 𝐸𝑇

𝑡=1, they fully covering each moving object. Mask-guided

re-identification, using the dynamic masks𝑀 (𝑜 )
𝑡 , restores tracks lost to occlusion and further improves reconstruction quality. (II) Lifting to 3-D(Sec. 3.5).

Following [Lei et al. 2024], 2-D pixels and tracks are promoted to 3-D Gaussians and motion-scaffold nodes 𝑣 (𝑚) . A space–time regularizer then produces a
motion-coherent 3-D initialization. (III) Dynamic scene reconstruction(Sec. 3.6). For a training view Π𝑡 we render 𝐼𝑡 , 𝐷̂𝑡 , and 𝐹𝑡→𝑡1 and supervise them

with 𝐿rgb, 𝐿depth, and 𝐿
gaussian
track . Geometry regularizer 𝐿arap, 𝐿vel, and 𝐿acc act on the scaffold nodes 𝑣 (𝑚) . Two extra terms, 𝐿scaffoldtrack and 𝐿virtualdepth , tether 𝑣 (𝑚) to

accurately preserve object structure in motion and remove floaters, respectively. The final reconstruction result renders photorealistic views at any time and
viewpoint.

Geometry and motion prior. Recent advances in vision foundation
models have led to high-quality predictions across a variety of image-
based tasks. This progress has made them increasingly popular in
dynamic reconstruction pipelines, where monocular input suffers
from ambiguity in geometry and motion. Depth models [Hu et al.
2024; Piccinelli et al. 2024; Wang et al. 2024a; Yang et al. 2024b]
provide geometric cues. MoGe [Wang et al. 2024a] predicts affine-
invariant 3D point maps, and MegaSAM [Li et al. 2024b] produces
consistent video depth and pose from DepthAnything [Yang et al.
2024b]; Point tracking methods [Doersch et al. 2022, 2024, 2023;
Harley et al. 2022; Karaev et al. 2023; Xiao et al. 2024; Zhang et al.
2025b] estimate dense point trajectories across time. [Doersch et al.
2024; Karaev et al. 2023; Xiao et al. 2024] can track long-range pixels’
trajectory; and segmentationmodels [Huang et al. 2025; Kirillov et al.
2023; Ravi et al. 2024b; Yang et al. 2023a] produce masks that help
isolate foreground motion and preserve fine structural detail. Recent
work train learnable modules to extract dynamic objects [Goli et al.

2024; Huang et al. 2025; Karazija et al. 2024]. In contrast, we directly
combine video segmentation with geometric heuristics for a simpler
yet effective solution.

3 Method
We first review Motion Scaffold (MoSca) [Lei et al. 2024] in Sec. 3.1.
Sec. 3.3 gives a high-level outline of our pipeline, and Secs. 3.4–3.6
describe the three stages in detail.

3.1 Preliminary: Motion Scaffold
Motion Scaffold (MoSca) [Lei et al. 2024] represents a dynamic scene
with (i) a collection of dynamic 3-D Gaussians that translate and
rotate over time to represent geometry and appearance, and (ii)
a sparse set of 3-D motion scaffold nodes 𝑣 (𝑚) ∈ V whose time-
varying rigid transforms 𝑄 (𝑚)

𝑡 = [R(𝑚)
𝑡 , t(𝑚)

𝑡 ] encode the motion.
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These nodes 𝑣 (𝑚) are connected as a graphG = (V, E) by𝐾-nearest-
neighbor links; dual-quaternion blending over G yields a smooth
deformation field that drives every dynamic Gaussian.

3.2 Problem Statement
We tackle dynamic view synthesis from a single handheld RGB
video of everyday scenes. While prior work concentrates on ex-
pressive scene representations, we show that higher-quality priors
obviously boosts final reconstruction quality.

3.3 Method Overview
Figure 3 sketches our three-stage pipeline. Given𝑇 input frames 𝐼𝑇𝑡=1,
we reconstruct a scene of dynamic Gaussians whose rotation and
translation are governed by a motion-scaffold graph G = (V, E) in
three stages, (1) Initialization (Sec. 3.4), (2) Lifting to 3-D (Sec. 3.5),
and (3) Dynamic-scene reconstruction (Sec. 3.6).

3.4 Initialization
In this stage (see Fig. 3(a)), we prepare the following ingredients that
enables the subsequent 3-D/4-D reconstruction: (1) video segmen-
tation {𝑆 (𝑙 )𝑡 }𝑇,𝐿

𝑡=1,𝑙=1 [Chan et al. 2022; Ravi et al. 2024b; Zrporz 2024],
where 𝐿 is number of segments, (2) optical flow 𝐹𝑡→𝑡 ′ [Teed and
Deng 2020], (3) epipolar-errormasks (EPI errormasks) 𝐸𝑇𝑡=1 [Liu et al.
2023], (4) dynamic-object masks {𝑀 (𝑜 )

𝑡 }𝑇,𝑂
𝑡=1,𝑜=1, where 𝑂 is number

of dynamic objects, (5) single-image (mono) depth maps 𝐷̃𝑇
𝑡=1 [Wang

et al. 2024a], (6) camera poses Π𝑇
𝑡=1, (7) consistent video depth maps

𝐷𝑇
𝑡=1 [Li et al. 2024b], and (8) 2-D point tracks {𝑢 (𝑛)

𝑡 }𝑇,𝑁
𝑡=1,𝑛=1, where

𝑁 is number of tracks.
EPI error masks 𝐸𝑇𝑡=1 reveal dynamic surfaces but cover only the

moving parts. We enlarge these regions with video-segmentation
cues 𝑆 (𝑙 )𝑡 to obtain robust object-level masks𝑀 (𝑜 )

𝑡 that cover each
dynamic object in its entirety. The following subsections detail how
these masks are constructed and how they improve both the video
depths 𝐷𝑇

𝑡=1 and the 2-D point tracks 𝑢 (𝑛)
𝑡 on the dynamic objects.

Dynamic Object Mask Selection. To identify the salient dynamic
objects we compute the intersection between 𝑆 (𝑙 )𝑡 and 𝐸𝑇𝑡=1 (Fig. 4). A
segment is kept if it covers at least 𝜏salient = 0.05 of the total moving
surface:

| 𝑆 (𝑙 ) ∩ 𝐸𝑇𝑡=1 |
|𝐸𝑇

𝑡=1 |
≥ 𝜏salient .

Static segments occasionally pass this test because of appearance
change (e.g. moving shadows); we discard those whose own motion
area is small (𝜏appearance = 0.2):

| 𝑆 (𝑙 ) ∩ 𝐸𝑇𝑡=1 |
|𝑆 (𝑙 ) |

≥ 𝜏appearance .

The filtered results become the per-frame dynamic object masks
{𝑀 (𝑘 )

𝑡 }.

Depth Refinement. Although Mega-SAM [Li et al. 2024b] provides
temporally consistent video depths 𝐷𝑇

𝑡=1, its estimates are over-
smoothed on thin, fast-moving parts of dynamic objects (Fig. 5).

(a) Image (b) EPI error mask (c) Video Segmentation

(d) Car Segment (e) Car Segment & EPI
Error Mask

(f) Dynamic mask pass
1st test

(g) Road Segment (h) Road Segment & EPI
Error Mask

(i) Dynamic mask pass
1st & 2nd test

Fig. 4. Dynamic Object Mask Selection.We intersect the EPI error mask
𝐸𝑇
𝑡=1 (b) with each video segment 𝑆 (𝑙 ) (c). The intersections for the car and

road segments appear in (e) & (h). Applying the two-pass test from Sec. 3.4
removes road shadows as outliers, leaving only the car as the dynamic-
object mask𝑀 (𝑜 )

𝑡 (i).

To restore the fine detail, we (1) replace Mega-SAM’s initial mono-
depths 𝐷̃𝑇

𝑡=1 [Yang et al. 2024b] with [Wang et al. 2024a] and (2) add
an object-depth loss 𝐿objectdepth to its consistency optimization.

Specifically, for each dynamic-object mask𝑀 (𝑜 )
𝑡 we (i) crop the

mono-depth to obtain an object-only map 𝐷̃ (𝑜 )
𝑡 = 𝑀

(𝑜 )
𝑡 ⊙ 𝐷̃𝑡 ; (ii)

align this map to the current video depth 𝐷𝑡 via a mask-restricted
scale–shift fit [Wang et al. 2024a] 𝛼 (𝑜 )

𝑡 𝐷̃
(𝑜 )
𝑡 +𝛽 (𝑜 )𝑡 ; and (iii) add 𝐿objectdepth

to Mega-SAM’s consistency optimization stage

𝐿
object
depth =

1
𝑇 |Ω |

𝑂∑︁
𝑜=1

𝑇∑︁
𝑡=0

∑︁
𝑝∈Ω

𝑀
(𝑜 )
𝑡 (𝑝)

��𝐷𝑡 (𝑝) −
(
𝛼
(𝑜 )
𝑡 𝐷̃𝑡 (𝑝) + 𝛽 (𝑜 )𝑡

) ��,
where Ω denotes domain of image 𝐼 .

Because the loss is confined to object pixels, it sharpens thin struc-
tures while leaving the global scale and overall temporal consistency
of 𝐷𝑇

𝑡=1 intact. As a result, fine details are enriched and thin, moving
objects are reconstructed more faithfully (see Fig.5 and Fig.17).

Mask-guided point tracker. Uniformly sampling tracks from𝐸𝑇𝑡=1 [Lei
et al. 2024] biases toward large, rigid parts (e.g. torsos) and under-
samples thin, high-motion regions (e.g. limbs). We therefore adopt
skeleton-sample: for each object, we extract its 2-D medial-axis skele-
ton from the object mask𝑀 (𝑜 )

𝑡 , dilate it by 5 pixels, weight pixels
by inverse distance to the mask boundary, and draw an additional
1
6 of tracks from this distribution. During trajectory estimation,
frames are resized so that the longer side is 512 pixels, ensuring
all trajectory-related heuristics operate at a consistent resolution.
Compared with uniform sampling, this strategy yields noticeably
better quality in thin regions (see Fig.6 and Fig. 13).

2-D trackers often lose a point when they re-emerge from occlu-
sion, leaving the track labelled occluded and creating holes in the
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(a) Image & Dynamic
mask

(b) MoGe Mono-Depth
𝐷̃

(c) Consistent Video
Depth 𝐷 w/o 𝐿objectdepth

(d) Aligned object depth (e) 𝐿objectdepth
(f) Consistent Video
Depth 𝐷 w/ 𝐿objectdepth

Fig. 5. Depth Refinement.Mega-SAM depths lack fine detail: in (c) the
hockey stick is swallowed by the background. We restore this detail using
the high-quality MoGe depth in (b). We extract the object-only depth 𝐷̃

(𝑜 )
𝑡

for dynamic mask from (b) and align it to the consistent depth𝐷𝑡 , producing
(d). Then, the object-depth loss 𝐿objectdepth between (c) and (d) (visualized in
(e)) is added it to Mega-SAM’s optimization. The refinement produces
depth maps that cleanly preserve the hockey stick, leading to higher-quality
reconstruction (see (f) and Fig. 17; details in Sec. 3.4).

reconstruction (Fig. 7). Points that remain on the same object usu-
ally move coherently with its surface, so we treat the object masks
𝑀

(𝑜 )
𝑡 as a re-identification oracle: if a track originates in𝑀 (𝑜 ) and

its current position is still inside that mask at frame 𝑡 , we relabel it
visible. The recovered tracks 𝑢 (𝑛)

𝑡 re-enter optimization, supply the
missing supervision, and restore the surrounding geometry (Fig. 7).
To suppress self-occlusion cases where a track is hidden by an-

other part of the same object, yet still falls inside the same mask
𝑀

(𝑜 )
𝑡 (Fig. 8), we leverage motion cues. For each recovered track,

we resample its position over a short window [𝑡 −2, 𝑡 +2]. If the
resampled trajectory {𝑢𝑡 ′ } ever diverges from the original {𝑢𝑡 ′ } by
more than 𝜏self-occ = 10 pixels:

max
𝑡 ′∈[𝑡−2,𝑡+2]

Dist(𝑢𝑡 ′ , 𝑢𝑡 ′ ) > 𝜏self-occ,

we keep the track marked as invisible.
Leveraging the masks𝑀 (𝑜 )

𝑡 , we (i) generate high-quality, tempo-
rally consistent depth maps 𝐷𝑇

𝑡=1 and (ii) obtain numerous robust
tracks 𝑢 (𝑛)

𝑡 , especially along thin, complexly moving structures,
thereby enhancing the quality of dynamic-scene reconstruction.

3.5 Lifting to 3-D
We keep the lifting stage identical to the procedure in MoSca [Lei
et al. 2024]. In brief, dynamic pixels are back-projected to initialize
3-D Gaussians, and long-term 2-D tracks are promoted to motion-
scaffold nodes 𝑣 (𝑚) . The ensuing joint space–time optimization
enforces coherent motion and fills in trajectories through occlusion.
(See.Fig. 3 (II))

(a) Image & Dynamic
Mask

(b) Uniform Sampling
from EPI Error Mask

(c) Novel View Synthesis
w/o Skeleton Sampling

(d) Skeleton of Dynamic
Mask

(e) Skeleton Sampling
from Dynamic Mask

(f) Novel View Synthesis
w/ Skeleton Sampling

Fig. 6. Skeleton Sampling. 2-D tracks seed object motion. MoSca draws
them uniformly inside EPI error masks (b), so thin parts are undersampled
and disappear in the result (c). We instead extract a skeleton from each
dynamic mask𝑀 (𝑜 )

𝑡 (d) and add extra samples in a narrow band around it
(e). These skeleton points, only 1

6 of the uniform set, provide dense coverage
of limbs, sharply resolving them in the reconstruction (f). Detail is in Sec. 3.4.

(a) Sample Point at 𝑡𝑎 (b) Track 𝑡𝑎 → 𝑡𝑏 (c) Novel View Synthesis
at 𝑡𝑏 w/o

Re-identification

(d) Find Tracks in
Dynamic Mask at 𝑡𝑏

(e) Re-identify Tracks at
𝑡𝑏

(f) Novel View Synthesis
at 𝑡𝑏 w/

Re-identification

Fig. 7. Track Re-identification. Points sampled at 𝑡𝑎 are tracked toward
𝑡𝑏 (blue dots, (a)). After an occlusion, a re-emerged point is not re-identified
(red dashed path and cross, (b)), leaving a gap in the reconstruction (c). We
mark a track as visible whenever its position lies inside the same dynamic
mask𝑀 (𝑜 )

𝑡 where it originated. This restores the missing trajectory (e) and
completes the reconstruction (f). Detail is in Sec. 3.4.

3.6 Dynamic Scene Reconstruction
We render RGB 𝐼𝑡 , depth 𝐷̂𝑡 , and optical flow 𝐹𝑡→𝑡 ′ with a Gaussian-
splatting renderer [Ye et al. 2025] and supervise them with the 2-D
priors from Sec. 3.4:

𝐿rgb = ∥𝐼𝑡 − 𝐼𝑡 ∥1 + 0.1 · 𝑆𝑆𝐼𝑀 (𝐼𝑡 , 𝐼𝑡 ),
𝐿depth = ∥𝐷̂𝑡 − 𝐷𝑡 ∥1,

𝐿
gaussian
track = ∥𝑢 (𝑛)

𝑡 + 𝐹𝑡→𝑡 ′ [𝑢 (𝑛)
𝑡 ] − 𝑢 (𝑛)

𝑡 ′ ∥2 .
Appearance 𝐿rgb and geometry 𝐿depth losses supervise Gaussians;

track loss propagates motion from Gaussians to the scaffold nodes,
which are regularized with as-rigid-as-possible (i.e. ARAP) (𝐿arap),
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(a) Non self-occlusion (b) Self-occlusion

Fig. 8. Self-occlusion filtering. Self-occlusion occurs when one part of
an object hides another. During re-identification (Sec. 3.4) such points can
be mistakenly marked visible. We resample each suspect point and retrack
it over a short window (cyan curve). If the point is truly self-occluded, the
new track adheres to the occluding surface and diverges from the original
trajectory (red dashed curve). We measure the 2-D distance 𝐷𝑖𝑠𝑡 ( ·, · ) be-
tween the two paths and relabel the track occluded whenever this distance
exceeds 𝜏self-occ.

velocity (𝐿vel), and acceleration (𝐿acc) terms to ensure smooth, co-
herent motion. Although these losses follow [Lei et al. 2024], we
introduce two additional terms that better constrain structure of
scene and dynamic-object.

Virtual-view depth loss. Small camera baseline videos let Gaus-
sians overfit training views, producing floaters visible only from
novel viewpoints (Fig. 9). Inspired by few-shot reconstruction reg-
ularizers [Chen et al. 2022; Jain et al. 2021; Niemeyer et al. 2022;
Truong et al. 2023; Yin et al. 2024], we generate a virtual camera
Πvirtual
𝑡 by randomly translating Π𝑡 in the image plane, warp 𝐷𝑡 to

that view to obtain 𝐷virtual
𝑡 , and compute the following regulariza-

tion for reconstruction.

𝐿virtualdepth = ∥𝐷̂virtual
𝑡 − 𝐷virtual

𝑡 ∥1 .

Before Regularization After Regularization

(a) Training View
Synthesis

(b) Virtual View
Synthesis

(c) Virtual View
Synthesis

(d) Training View Depth
Loss

(e) Virtual View Depth
Loss

(f) Virtual View Depth
Loss

Fig. 9. Virtual-view depth loss. Gaussian splatting fits the training views
well (a, d) but shows floaters from virtual viewpoints (b). A depth loss
computed in these views, 𝐿virtualdepth , localizes the errors of floaters (e); adding
it as a regularizer removes the floaters and produces cleaner renderings (c,
f), enabling broader novel-view synthesis.

Table 1. Quantitative comparison on iPhone dataset [Gao et al. 2022].

Method (a) Pose-free RGB (b) Depth & pose

mPSNR mSSIM mLPIPS mPSNR mSSIM mLPIPS

S.o.M. 17.15 0.625 0.278 17.32 0.598 0.296
MoSca 17.24 0.603 0.304 19.32 0.706 0.264
DpDy – – – – 0.559 0.516
Cat4D – – – 18.24 0.666 0.227
Ours 17.63 0.648 0.268 19.43 0.711 0.260

Table 2. Quantitative comparison on NVIDIA dataset without ground-
truth camera poses.

RoDynRF MoSca Ours

PSNR/LPIPS 25.38/0.079 26.54/0.073 26.58/0.067

Table 3. Ablation study.
Ours w/o Lscaffold

track w/o Mask-Guided Track w/o Lvirtual
depth

PSNR 17.63 17.61 17.55 17.64
SSIM 0.648 0.637 0.632 0.630
LPIPS 0.268 0.270 0.274 0.277

Scaffold-projection loss. ARAP regularization (𝐿arap) occasionally
lets scaffold nodes drift off the object, especially on thin, fast-moving
parts (Fig. 10). Because each node 𝑣 (𝑚) originates from a track 𝑢 (𝑛)

𝑡 ,
we project the node into the camera, get 𝑣2𝐷 and penalize its 2-D
distance to the corresponding track:

𝐿scaffoldtrack = ∥𝑣2𝐷 − 𝑢 (𝑛)
𝑡 ∥2 .

(a) w/o 𝐿scaffoldtrack (b) w/ 𝐿scaffoldtrack

Fig. 10. Scaffold tracking regularization. ARAP regularization can let
scaffold nodes drift off the object, especially on thin or fast-moving parts.
The initial scaffolds 𝑣 (𝑚) (blue dots) are pushed away from the dynamic
object during training (red dots). We add the loss 𝐿scaffoldtrack to regularize the

scaffold’s projected 2-D position toward the tracked points 𝑢 (𝑛)
𝑡 (see (b)).

4 Experimental Results

4.1 Implementation details.
We set 𝜏salient = 0.05 and 𝜏appearance = 0.2 to pick dynamic masks.
Skeletons (OpenCV) guide sampling: 3000 of 19384 tracks are drawn
from the skeleton, the remaining 16,384 are uniformly sampled as
in [Lei et al. 2024]. Tracks are propagated with SpatialTracker [Xiao
et al. 2024], and self-occluded ones are pruned using 𝜏self−occ = 10 px.
Virtual views are generated by translating Π𝑡 up to 0.18median(𝐷𝑡 )
in the image plane. All other settings follow [Lei et al. 2024]. The
pipeline proceeds through (a) dynamic mask selection (17 min), (b)
pose estimation and depth refinement (11 min), (c) mask-guided
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point tracking (12 min), (d) lifting and initialization to 3-D (5 min),
and (e) reconstruction (25 min).

4.2 Datasets
iPhone DyCheck [Gao et al. 2022]. This benchmark contains 14

casually captured handheld videos (200–500 frames at 360×480) of
dynamic scenes, seven of which include two static “held-out” cam-
eras for novel-view evaluation. Besides RGB, ARKit provides noisy
LiDAR depth and approximate poses. We adopt two complementary
protocols: (i) depth & pose: both LiDAR depth and ARKit poses are
available during training, following setting in MoSca [Lei et al. 2024].
(ii) pose-free RGB: neither LiDAR depth nor ARKit poses is available
during training, making the task relies on pure monocular RGB. For
fair comparison under pose-free RGB, all methods perform identical
test-time camera poses optimization while freezing their learned
scene representations. Evaluation reports novel view PSNR, SSIM,
and LPIPS.

NVIDIA multi-view videos [Yoon et al. 2020]. This dataset offers
eight dynamic scenes filmed by a 16-camera rig with very small
baselines. Following RoDynRF [Liu et al. 2023], we use a single
forward-facing view as training input and treat the remaining 15
as unseen target views. No depth and camera poses are provided in
our evaluation. We also adopt the same test-time poses optimization
for all methods. Quantitative assessment uses PSNR and LPIPS.

DAVIS [Perazzi et al. 2016]. To examine real-world robustness,
we employ the 50 validation clips of DAVIS, which contain high-
motion Internet videos (960x540, 25-40 fps) that lack calibration,
depth, or multi-view supervision. Each sequence is treated as an
unconstrained monocular video. All methods train using only RGB
frames and synthesize novel viewpoints on a circular trajectory
for qualitative evaluations. Because ground truth geometry is un-
available, we provide side-by-side renderings and highlight typical
success and failure modes rather than reporting quantitative scores.

4.3 Baselines
We benchmark our pipeline against two state-of-the-art monocular
4D reconstruction systems chosen for their relevance to our pose-
free setting and their publicly available code.

Shape of Motion [Wang et al. 2024b]. represents dynamic scenes
with per-point linear combinations of 𝔰𝔢(3) motion bases, but re-
quires accurate camera extrinsics as input. Following its public
repository, we first estimate the training-view poses and depths
with MegaSAM [Li et al. 2024b] and then feed these data to Shape
of Motion for full-sequence optimization. At test time, we keep
the learned scene parameters fixed and perform the same pose re-
finement that we apply to all methods in our pose-free protocol,
ensuring a fair comparison.

MoSca [Lei et al. 2024]. is a complete system that jointly solves
for camera parameters, and dynamic scene reconstruction. The
original evaluation exploits either LiDAR depth or ground truth
poses provided by the DyCheck dataset. To follow the setting of
dynamic reconstruction from monocular RGB video, we run the
official code without providing LiDAR depth maps, or ground truth

camera parameters thereby limiting supervision to the same RGB
frames available to our method. Following the information from
their paper and code repository, we substitute LiDARwith [Piccinelli
et al. 2024] on DyCheck and [Hu et al. 2024] on DAVIS. All other
hyperparameters are kept at their default values.

For completeness, we also compare ourmethodwith DpDy [Wang
et al. 2024c] and Cat4D [Wu et al. 2024a]. Note that, unlike our
approach, these baselines require additional information (e.g. camera
poses).

4.4 Qualitative Comparison
iPhone DyCheck. Fig. 12 compares rendering results produced

by Shape of Motion and MoSca with those of ours on DyCheck
sequences. Shape of Motion suffers from severe tearing artifacts
along depth discontinuities (e.g., box edges and driver arms), and its
color bleeding reveals motion basis over-fitting. MoSca mitigates
some tearing through joint pose optimization, yet its reliance on
dense per-frame depth warping leaves large holes and “melting”
geometry on rapidly moving limbs. In comparison, our method
reconstructs complete geometry with crisp textures. Thin structures
such as the cardboard slots and steering wheel spokes are preserved,
and hand motion appears smooth.

DAVIS in-the-wild videos. Fig. 11 showcases challenging DAVIS
clips containing fast-moving cars, dancers, fountains, and roller
skaters. All sequences exhibit large inter-frame motion and complex
occlusions with no auxiliary sensors. Shape of Motion frequently
collapses background geometry outside the narrow view frustum
estimated from its noisy monocular poses (see blurred facades and
missing road), while MoSca’s per-pixel depth fusion produces ar-
tifacts on thin, rapidly moving objects (highlighted by red boxes).
Our method retains fine details such as the dancer’s raised arm and
the fountain’s statues by globally aggregating track-conditioned ob-
servations. It maintains consistent background parallax even where
foreground motion is extreme.

4.5 Quantitative Comparison
iPhone DyCheck. Table 1 summarizes results for the (a) pose-free

RGB and the (b) depth & pose settings, respectively. In the strictly
monocular regime (Table 1 (a)), our method performs on par with
Shape of Motion and MoSca. When LiDAR depth and ground truth
poses are provided (Table 1 (b)), all methods improve, and our scores
again slightly outperform the baselines.

NVIDIA multi-view videos. On the forward-facing NVIDIA bench-
mark (Table 2), our method is marginally ahead of MoSca and clearly
above RoDynRF. Although the absolute gains are modest due to the
small-baseline setup, the results confirm that our tracker-guided
4D splatting generalizes beyond handheld monocular footage to
multi-camera data.

4.6 Ablation Study
We ablate the three main ingredients of our pipeline on the pose-free
iPhone DyCheck setting (see Tab. 3) and also show representative
visual effects on DAVIS (see Fig. 13, 14, 15, 16, 17, and 18).
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Mask-Guided Point Tracker. Omitting this module’s skeleton
sampling leaves thin regions badly under-sampled. In Fig. 13, the
rhino’s fore-leg is almost lost, whereas the full model places ample
tracks along the limb and recovers both geometry and texture. Long-
range tracks also break at occlusions. This module’s track re-ID
step, guided by the dynamic masks, stitches them back together.
Without it, the walker’s left leg (Fig. 14) vanishes while briefly
hidden behind the right, and the reconstruction fails. Removing this
module overall causes a perceptible drop in fidelity (see Table 3).

Scaffold-track loss 𝐿scaffoldtrack . This loss anchors scaffold nodes to the
2-D tracks. Without it, the ARAP term 𝐿arap pulls nodes on thin
moving parts together, producing artifacts around leg in Fig. 15
(a). While the numerical gap in Table 3 is small, visual continuity
improves markedly with this constraint.

Virtual-view depth loss 𝐿virtualdepth . Without this loss, floaters can pro-
liferate: in Fig. 18 the floor and building facade fragment into streaks.
Introducing 𝐿virtualdepth removes these artifacts, yielding a clean result.
Consistently, LPIPS rises without this loss as shown in Table 3.

Furthermore, our depth refinement step raises depth quality, re-
covers the true geometry of thin structures, and markedly improves
the final reconstruction (see Fig. 16 and Fig. 17).
5 Conclusions
This work demonstrates that stronger priors can markedly boost
the performance of Dynamic Gaussian Splatting. By extracting
salient object masks, refining video depth, and building reliable
2-D tracks, we supply the Gaussian cloud and its motion scaffold
with much richer supervision. Two complementary losses intro-
duced in Sec. 3.6 further suppress floaters and preserve coherence
on thin, fast-moving parts. The resulting pipeline is fully automatic
and surpasses previous monocular DGS methods.

Limitations. Our system copies motion- or focus-blur from the in-
put video (see Fig. 19) and leaves unseen regions empty. Integrating
a video generative model could deblur the frames and hallucinate
plausible content for those gaps.
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Fig. 11. Qualitative Comparison on DAVIS Dataset.
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(a) Shape of Motion (b) MoSca (c) Ours

(d) Shape of Motion (e) MoSca (f) Ours

Fig. 12. Qualitative Comparison on iPhone Dataset.Without ground-
truth camera poses and without LiDAR depth, we use only RGB frames as
input to the method.

(a) w/o skeleton sampling (b) w/ skeleton sampling

Fig. 13. Qualitative comparison of skeleton sampling.

(a) w/o track re-identification (b) w/ track re-identification

Fig. 14. Qualitative comparison of track re-identification.

(a) w/o 𝐿scaffoldtrack (b) w/ 𝐿scaffoldtrack

Fig. 15. Effect of scaffold-track loss 𝐿scaffoldtrack .

(a) w/o 𝐿scaffoldtrack (b) w/ 𝐿scaffoldtrack

Fig. 16. Effect of depth refinement on video depth 𝐷 .

(a) Monocular video

(b) Novel view synthesis w/o Depth Refinement

(c) Novel view synthesis w/ Depth Refinement

Fig. 17. Effect of depth refinement on novel view synthesis.

(a) w/o 𝐿virtualdepth (b) w/ 𝐿virtualdepth

Fig. 18. Qualitative comparison of virtual-view depth loss 𝐿virtualdepth .

(a) Monocular video (b) Novel view synthesis

Fig. 19. Failure case. Our system copies motion- or focus-blur from the
input video, so blur visible in the monocular frame (a) persists in the syn-
thesized novel view (b).
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