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Abstract

Reconstructing dynamic 3D scenes from monocular videos
is a fundamental yet highly challenging task, as real-world
motions often involve both long-term smooth transforma-
tions and short-term complex deformations. Existing meth-
ods either struggle to maintain temporal consistency or fail
to capture high-frequency dynamics due to limited motion
modeling capacity. In this work, we present Rigid-aware
4D Gaussian Splatting (RiGS), which simultaneously cap-
tures motions across multiple temporal scales. Specifi-
cally, RiGS introduces three types of Gaussian primitives:
static, rigid, and transient, which represent static back-
grounds, long-term low-frequency motions, and short-term
high-frequency dynamics, respectively. An object-wise dy-
namic mask is proposed to aggregate long-range spatiotem-
poral motion information and guide the decomposition of
static and dynamic regions. To jointly model motion across
scales, rigid Gaussians are allowed to transition into tran-
sient Gaussians based on their temporal duration, and both
are optimized under scene flow guidance, providing dense
3D motion supervision. Extensive experiments demon-
strate that RiGS achieves state-of-the-art performance on
novel view synthesis benchmarks. Code is available at
https://github.com/ladvu/RiGS.

1. Introduction
Dynamic view synthesis [3, 35, 54] from monocular videos
is a cornerstone problem in computer vision and com-
puter graphics, with broad applications in virtual and aug-
mented reality (VR/AR) [53], autonomous driving [41],
and robotics [34]. Accurate reconstruction of dynamic 3D
scenes enables immersive scene exploration, motion under-
standing, and safe interaction in real-world environments.
Among various sensing modalities, monocular video is one
of the most ubiquitous and accessible sources of visual data,
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Figure 1. Distribution of temporal durations (in frame indices)
of rigid-based dynamic Gaussians, computed from the Umbrella
scene in the Nvidia dynamic scene dataset. The two peaks in-
dicate that rigid-based dynamic Gaussian representations capture
long-term smooth motion but struggle with short-term complex
dynamics. We observe this two-peak pattern consistently across
various scenes (see supplementary material).

inherently rich in dynamic motion. Consequently, recon-
structing dynamic 3D scenes from a single video remains a
fundamental yet highly challenging task of both academic
and practical significance.

Several recent approaches [33, 46, 49] perform per-
frame optimization, which can capture high-frequency mo-
tion details but often suffer from poor temporal consis-
tency and unstable geometry across frames. More recent
works [15, 28, 47] adopt the as-rigid-as-possible assump-
tion, which constrains local motion using rigid transforma-
tions to maintain geometric stability. Such methods perform
well for objects exhibiting coherent and low-frequency mo-
tion and are more robust under large viewpoint variations.
However, the limited motion bases and rigid constraints
make these methods less effective in modeling regions with
large deformation or fast, non-rigid motion, often leading to
incomplete reconstructions.

To further investigate this limitation, we analyze dy-
namic scenes using a rigid-based Gaussian representation
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547



with temporal opacity decay, which allows each Gaussian
to exist only for a limited time within the video. After train-
ing, we measure the temporal duration of all dynamic Gaus-
sians, and the resulting distribution is shown in Figure 1.
Interestingly, the distribution exhibits two distinct peaks:
one at large temporal durations, corresponding to Gaussians
modeling long-term, low-frequency rigid motion, and an-
other sharp peak at short durations, where Gaussians at-
tempt to fit short-term, high-frequency complex motion.
This bimodal pattern reveals that while rigid-based repre-
sentations effectively capture stable motion, they struggle
to represent short-term, fine-grained dynamics, which high-
lights the fundamental challenge of modeling motion across
multiple temporal scales.

To address these challenges, we propose Rigid-aware
4D Gaussian Splatting (RiGS), a representation that mod-
els dynamic scenes across multiple temporal scales. RiGS
adaptively decomposes scene motion into three types of
Gaussian primitives: static Gaussians that represent time-
invariant backgrounds, rigid Gaussians that capture long-
term, low-frequency motions, and transient Gaussians that
handle short-term, high-frequency dynamic effects. Rigid
Gaussians are designed to model coherent and stable mo-
tion through SE(3) transformations, while transient Gaus-
sians are dynamically activated to capture fast or non-rigid
movements with greater flexibility. By jointly optimiz-
ing these components under scene flow guidance, RiGS
achieves temporally consistent, fine-grained, and geomet-
rically accurate reconstruction of dynamic 3D scenes.

In summary, our core contributions are threefold:
• We propose RiGS, which jointly models static, rigid, and

transient Gaussians, enabling multi-scale motion model-
ing within a unified framework.

• We introduce an object-wise dynamic mask for
static–dynamic decomposition and a joint optimiza-
tion strategy guided by dense 3D scene flow for learning
motion across multiple scales.

• Our method achieves the state-of-the-art performance
on several challenging monocular dynamic scene bench-
marks, showing the superiority of our proposed method.

2. Related Works
Novel View Synthesis on Static Scenes. Novel view
synthesis (NVS) is the task of generating images of a
scene from new, unseen viewpoints, given a set of im-
ages captured from known viewpoints. A significant break-
through came with the introduction of Neural Radiance
Fields (NeRF) [2, 37], which represent a scene implicitly
with a multi-layer perceptron (MLP) that maps a 3D coor-
dinate and viewing direction to volume density and view-
dependent color. However, its sampling-based volumetric
rendering leads to prohibitively long training times. Sub-
sequent works [38, 62] employ explicit voxel grids of fea-

ture vectors to enable faster optimization. More recently,
3D Gaussian Splatting (3DGS) [8, 18, 22] has emerged as a
compelling explicit alternative. It models a scene as a col-
lection of anisotropic 3D Gaussians—primitives with opti-
mizable positions, covariances, opacities, and spherical har-
monic coefficients. 3DGS has rapidly gained widespread
adoption across a variety of domains [5, 17, 26, 29, 43] due
to its superior performance.
Novel View Synthesis on Dynamic Scenes. Many meth-
ods [1, 42, 51] have been proposed for multi-view video
inputs. For example, Zhang et al. [63] propose a novel
framework named OccNeRF, which effectively predicts 3D
Occupancy from multi-view inputs in a self-supervised
manner and eliminates the reliance on the expensive Li-
DAR point clouds. For monocular videos, previous ap-
proaches [7, 10, 11, 33] adopt NeRF and introduce addi-
tional parameters to model spatiotemporal variations. Oth-
ers follow a template-based paradigm [39, 40], learning a
canonical space and a deformation field that maps observed
frames to this space. While these implicit methods can pro-
duce high-quality results, they are often restricted to a lim-
ited range of viewpoints and suffer from the inherently slow
training of NeRF. Recent methods employ Gaussian Splat-
ting for monocular dynamic scene reconstruction. Several
works [35, 46, 53, 57] model motion by predicting per-
Gaussian positional offsets, offering flexibility but some-
times struggling with temporal coherence. Another line
of work [3, 15, 28, 47, 54] learns explicit motion trajecto-
ries to guide the movement of Gaussians over time, which
can better capture long-term dynamics but may lack expres-
siveness for high-frequency changes. 4D-Fly [52] and In-
stant4D [35] focus on accelerating the optimization process,
achieving fast 4D reconstruction from monocular videos.
BTimer [31] and MoVieS [32] adopt feed-forward predic-
tion paradigms that bypass per-scene optimization entirely.
4D3R [16] investigates 4D reconstruction from monocular
videos with constraint input. While these existing meth-
ods struggle to effectively represent motion across multiple
temporal scales, we aim to address this issue through the
proposed Rigid-aware 4D Gaussian Splatting.

3. Method
3.1. Preliminaries
3D Gaussian Splatting [22] has emerged as an expressive
and efficient representation for 3D scene modeling and ren-
dering, which we adopt as the basis of our method. A 3D
Gaussian primitive gi is parameterized by mean µi → R3,
scale si → R3, rotation quaternion qi → R4, opacity oi → R,
and color ci → R3. The 3D covariance matrix is formulated
as !i = RiSiST

i
RT

i
, where Ri → R3→3 and Si → R3→3

are the rotation and scale matrix obtained from qi and si,
respectively. To enable efficient and differentiable render-
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ing, the 2D covariance matrix of gi is approximated by an
affine transformation:

!↑ = JW!WTJT , (1)

where W is the viewing transformation and J is the affine
approximation of the projective transformation [68, 69]. Let
the projected 2D mean of a Gaussian gi be µ↑

i
. Then the

final output color at pixel p is calculated by alpha blending:

C(p) =
∑

i↓N

ciωi

i↔1∏

j=1

(1↑ ωj), (2)

ωi = oi · exp(↑
1

2
(p↑ µ↑

i
)T!↑↔1(p↑ µ↑

i
)). (3)

While 3DGS is primarily designed for reconstructing
static scenes, extending it to dynamic videos requires mod-
eling the temporal dimension of the Gaussian points. Sev-
eral studies have extended 3D Gaussian Splatting to support
4D scene reconstruction. 4DGS [53] employs MLPs to pre-
dict the deformation of Gaussian positions and shapes over
time. Similar work [58] generalizes 3D Gaussians into 4D
primitives, where the temporal deformations are encoded by
a 4D covariance matrix.

3.2. Method Overview
Reconstructing 4D scene using only a single monocular
video is a challenging problem. Existing methods struggle
to effectively represent motions across multiple temporal
scales. To address this issue, we propose RiGS, a rigid-
aware 4D reconstruction framework that simultaneously
captures motions across multiple temporal scales. Specif-
ically, RiGS introduces three types of Gaussian primitives:
static Gaussians {gs}, rigid Gaussians {gr}, and transient
Gaussians {gt}. Static Gaussians gs = (µs, ss,qs, os, cs)
represent time-invariant components that typically corre-
spond to the static background and persist throughout the
entire video. To capture dynamic content, Rigid Gaus-
sians gr are introduced to model long-term, low-frequency
smooth motions, while transient Gaussians gt are designed
to represent short-term, high-frequency complex motions.

Given an image sequence from a single monocular video
I = {Ii}Ti=1, where Ii → RH→W denotes the i-th frame, we
first leverage priors from powerful 2D foundation models
and video pose engine [19, 30] to obtain additional frame-
wise supervisions. Specifically, for the frame at time t, we
obtain camera intrinsics Kt, extrinsics Et, metric depth Dt,
forward optical flow Ffwd

t
, backward optical flow Fbwd

t
, and

2D tracking points {Ut↗i}Ti=1. To better guide the dy-
namic–static decomposition, we propose object-wise dy-
namic masks that aggregate long-range, object-level spa-
tiotemporal motion information. This provides accurate and
efficient supervision for learning both dynamic and static
Gaussian points (Sec. 3.3). To effectively model motions

at different temporal scales, we jointly learn rigid Gaus-
sians and transient Gaussians for dynamic regions. Rigid
Gaussians can adaptively transform into transient Gaussians
depending on their temporal duration during optimization.
Furthermore, we employ scene flow to guide the 3D motion
directions of both rigid and transient Gaussians, facilitating
effective multi-scale motion modeling (Sec. 3.4). Figure 2
visualizes the overall pipeline of our proposed method.

3.3. Static Dynamic Decomposition
Static–dynamic decomposition has proven to be an essen-
tial step in monocular dynamic scene reconstruction [28,
33, 47]. During rendering, static Gaussians are constrained
to reconstruct areas outside the dynamic mask, whereas
dynamic Gaussians are responsible for regions within the
mask. This supervision effectively guides the decomposi-
tion of Gaussians into static and dynamic components and
contributes to both improved reconstruction quality and re-
duced computational cost. Previous methods [4, 14, 19, 21,
28, 33, 35, 45] primarily focus on pixel-level dynamic mask
prediction, either by estimating motion cues (e.g., optical
flow) or leveraging semantic segmentation priors. Such ap-
proaches inevitably treat each pixel independently and fail
to maintain temporal and spatial coherence across entire ob-
jects.

We make two key observations about motion in real-
world videos: 1) The motion of an object may not persist
throughout the video—for instance, a car remains still at
a red light and moves only when it turns green; 2) The
motion may occur only on a local part of an object—for
example, a dog wagging its tail while keeping the rest of
its body stationary. Pixel-level prediction tends to segment
these locally static or dynamic parts separately across time
and space, causing a single object to be inconsistently rep-
resented by both static and dynamic Gaussians. This leads
to inevitable discontinuities and inconsistencies in the over-
all modeling. We argue that if any part of an object exhibits
motion at any time, the entire object should be treated as
dynamic. This prevents static and dynamic Gaussians from
redundantly modeling different spatiotemporal portions of
the same object and ensures a globally consistent represen-
tation. To this end, we propose object-wise dynamic masks,
which determine dynamic regions at the object level by ag-
gregating spatiotemporal motion information across the en-
tire video (see Figure 2).

Specifically, we first extract individual objects and their
corresponding IDs using SAM2 [44]. We then compute a
motion score for each object to quantify its dynamic degree
over time. Let Pi,t denote the set of pixels belonging to ob-
ject i in frame t, and let si,t represent its frame-wise motion
score, defined as:

si,t =
1∑

p↓Pi,t
wt(p)

∑

p↓Pi,t

wt(p)et(p), (4)
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Figure 2. The pipeline of our proposed RiGS. RiGS consists of three types of Gaussian primitives: static, rigid, and transient. We propose
object-wise dynamic masks to supervise static–dynamic decomposition. Rigid Gaussians capture long-term, low-frequency motions, and
transient Gaussians model short-term, high-frequency dynamics. These dynamic Gaussians are jointly trained with scene flow guidance.

where wt(p) is a weighting term derived from flow uncer-
tainty [50] and flow mask [36], and et(p) is the Sampson
error [27] at frame t. We then apply temporal filtering us-
ing a threshold εtemp to identify frames in which object i
exhibits significant motion: Fi = {t | si,t > εtemp}. The
overall motion score si of object i is computed by aggregat-
ing its motion scores across these motion frames:

si =
1

|Fi|
∑

t↓Fi

si,t. (5)

Finally, the dynamic mask Mdyn
t

is obtained by combining
all object masks Mobj

i,t
whose motion scores exceed the dy-

namic threshold εdyn: Mdyn
t

=
⋃

i: si>ωdyn M
obj
i,t
.

After obtaining the object-wise dynamic masks, we use
them to supervise the training of static Gaussians {gs} and
dynamic Gaussians {gr, gt}. Specifically, we render a pre-
dicted dynamic mask M̂ by adding one additional feature
channel and assigning a value of 0 to static Gaussians and
1 to dynamic Gaussians. The rendered mask M̂ is then
compared with the ground-truth Mdyn using binary cross-
entropy loss:

Lmask = BCE(M̂,Mdyn). (6)

This mask supervision effectively guides the decompo-
sition between static and dynamic Gaussians, ensuring that

dynamic regions are accurately captured while avoiding the
leakage of motion into static components.

3.4. Rigid-aware Dynamic Gaussians

To model motion dynamics across multiple temporal scales,
we employ three sets of Gaussian primitives. The static
Gaussians {gs} are initialized from the segmentation de-
fined by Mdyn and represent the static background. Within
dynamic regions, we introduce rigid Gaussians {gr} and
transient Gaussians {gt} to capture long-term consistent
and short-term high-frequency motions, respectively.

Rigid Gaussians. To effectively capture long-term, low-
frequency motion, we design rigid Gaussians that explicitly
incorporate transformations in SE(3), representing rotation
and translation without deformation. Such transformations
naturally preserve spatial relationships, making them well-
suited for modeling stable, rigid motion over extended time
periods. Motivated by prior work [47], we parameterize
each rigid Gaussian as gr = (µr, sr,qr, or, cr,w,ϑr, ϖr)
and define motion bases {{Tj,t → SE(3)}K

j=1}Tt=1, where
Tj,t denotes the j-th motion basis at time t, and w is the
weighting vector controlling their combination. At a query
time t, the rigid Gaussian is transformed from its canonical
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position and rotation (µr,Rr) as follows:

µr(t) = (
K∑

j=1

wjTj,t)µ
r, (7)

Rr(t) = (
K∑

j=1

wjTj,t):3,:3R
r, (8)

where ↓w↓22 = 1 ensures normalized motion weighting.
During motion trajectory modeling, we linearly interpolate
the 6D continuous rotation representation [67] alongside the
3D translation, and then convert the result to a valid rotation
matrix.

This formulation enforces a low-rank motion constraint,
allowing groups of rigid Gaussians to move coherently un-
der shared transformations. It excels at capturing stable,
long-term motions of rigid objects. However, because the
number of motion bases K is fixed during training, this
formulation lacks flexibility in modeling short-term, high-
frequency, or locally complex motions, limiting its expres-
siveness for rapidly deforming or fine-grained dynamic re-
gions. To tackle the above problems, we introduce a soft
gating function to model the temporal opacity decay of each
rigid Gaussian:

o(t) = oϱ(ω(ϑ ↑ |t↑ ϖ|)), (9)

where ω → R+ controls the boundary sharpness and ϱ is the
sigmoid function. ϑ → R+ denotes the temporal duration
over which a rigid Gaussian remains active, and ϖ → R is
its temporal center. This allows each rigid Gaussian to ex-
ist only within a limited time range of the video. ϑ and ϖ
are initialized from tracking visibilities, while the remaining
parameters are initialized following [47]. A regularization
term on ϑr (Eq. 17) is further applied to prevent rigid Gaus-
sians from degenerating into frame-specific overfitting.
Transient Gaussians. By training with rigid Gaussians
using temporal opacity decay, we observe a distinct two-
peak pattern in the distribution of ϑr, as shown in Fig-
ure 1. Rendering results reveal that rigid Gaussians with
large ϑr tend to fit the main body of dynamic objects
exhibiting smooth, low-frequency motion, whereas those
with small ϑr correspond to regions with rapid or com-
plex motion. This bimodal distribution suggests that the
low-rank motion bases in rigid Gaussians are insufficient
to model short-term, high-frequency dynamics. To over-
come this limitation, we introduce transient Gaussians to
explicitly model fast and complex short-term motion in dy-
namic regions. We define each transient Gaussian as gt =
(µt, st,qt, ot, ct,v,ϑt, ϖt), where v denotes the learnable
motion velocity vector. At a specific timestamp t, its mean
position is computed as:

µt(t) = µt + v(t↑ ϖt) (10)

and the opacity ot follows the function defined in Eq. 9.
When ϑt is small, each transient Gaussian is active only

within a short temporal window, during which its motion
approximates a linear trajectory. Unlike rigid Gaussians
constrained by shared motion bases, transient Gaussians
have fully learnable motion directions v, allowing them to
move freely in any direction. By aggregating multiple short-
duration transient Gaussians, our model can effectively cap-
ture non-rigid, fine-grained, and high-frequency motion pat-
terns that rigid Gaussians alone cannot represent.
Joint Optimization. We begin training with a warm-up
stage, where static Gaussians, rigid Gaussians, and motion
bases are first initialized and optimized to establish sta-
ble geometry and coarse motion patterns. After warm-up,
rigid Gaussians with short temporal duration ϑr are con-
verted into transient Gaussians to better capture fine-grained
short-term dynamics. Subsequently, all three types of Gaus-
sians—static {gs}, rigid {gr}, and transient {gt}—are
jointly optimized together with the motion bases.

During joint training, any rigid Gaussian whose temporal
duration ϑr becomes smaller than the threshold is dynami-
cally transformed into a transient Gaussian.
Scene Flow Guidance. For transient Gaussians, the super-
vision signals are often sparse, and their motion parameters
possess high degrees of freedom, making effective learn-
ing challenging. To better guide the motion learning of dy-
namic Gaussians, we propose to use scene flow as a dense
and geometry-aware supervision signal.

We first lift the optical flow to a 3D scene flow using
camera parameters and metric depth. Let the forward and
backward scene flow of frame t be vfwd

t
and vbwd

t
, respec-

tively:

vfwd
t

= W
(
ς↔1
t+1(Dt+1),F

fwd
t

)
↑ ς↔1

t
(Dt), (11)

vbwd
t

= ς↔1
t

(Dt)↑W(ς↔1
t↔1(Dt↔1),F

bwd
t

), (12)

where W is the warping operator and ς is the projection op-
erator parameterized by E and K. We further compute the
scene flow mask as the intersections of the dynamic mask,
depth mask, warped depth mask, and flow mask [36]. Dur-
ing training, we render the forward and backward velocities
of the Gaussians, v̂fwd and v̂bwd, and supervise them using
the corresponding scene flow fields:

Lflow = ↓v̂fwd ↑ vfwd↓1 + ↓v̂bwd ↑ vbwd↓1. (13)

3.5. Losses
We jointly optimize the Gaussians and motion bases using
photometric, geometric, correspondence, and regularization
losses. All Gaussians are fused to render image Î, dynamic
mask M̂, depth D̂, normal N̂, 3D correspondence µ̂t↗t→ ,
and velocities v̂fwd and v̂bwd. The photometric loss follows
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Table 1. Quantitative Evaluation on Nvidia Dynamic Scene Dataset

PSNR↔/LPIPS↗ Jumping Skating Truck Umbrella Balloon1 Balloon2 Playground AVE

D-NeRF [42] 22.36/0.193 22.48/0.323 24.10/0.145 21.47/0.264 19.06/0.259 20.76/0.277 20.18/0.164 21.49/0.232
TiNeuVox [9] 20.81/0.247 23.32/0.152 23.86/0.173 20.00/0.355 17.30/0.353 19.06/0.279 13.84/0.437 19.74/0.285
DynNeRF [11] 24.68/0.090 32.66/0.035 28.56/0.082 23.26/0.137 22.36/0.104 27.06/0.049 24.15/0.080 26.10/0.082
RoDynRF [33] 25.66/0.071 28.68/0.040 29.13/0.063 24.26/0.089 22.37/0.103 26.19/0.054 24.96/0.048 25.89/0.067
4DGS [53] 21.93/0.269 24.84/0.174 23.02/0.175 21.83/0.213 21.32/0.185 18.81/0.178 18.40/0.196 21.45/0.199
DynPoint [66] 24.69/0.097 31.34/0.045 29.30/0.061 24.59/0.086 22.77/0.099 27.63/0.049 25.37/0.039 26.53/0.068
MoSca [28] 25.01/0.090 33.41/0.030 27.83/0.080 25.17/0.090 23.58/0.100 27.80/0.050 24.25/0.050 26.72/0.070
Ours 25.78/0.072 34.79/0.021 28.40/0.047 25.84/0.058 24.24/0.083 28.25/0.032 24.73/0.043 27.43/0.051

HyperNeRF [40] RoDynRF [33] DynNeRF [11] MoSca [28] Ours Ground Truth

Figure 3. Evaluation on Nvidia Dynamic Scenes dataset. Our method achieves state-of-the-art performance in novel view synthesis.
We present qualitative comparisons on the Umbrella and Playground scenes, which respectively contain large non-rigid deformations and
complex multi-object motions. NeRF-based approaches struggle with these challenges and often produce inconsistent geometry. The
previous SOTA method [28] also fails to handle the significant deformation in the Umbrella scene, leading to noticeable artifacts. In
contrast, our method accurately models the umbrella’s deformation and preserves finer details in the Playground scene.

previous work [22] and includes an additional mask loss to
constrain the occupancy of dynamic Gaussians:

Lphoto = (1↑ φssim) ↓Î↑ I↓1 + φssim SSIM(Î, I)

+ φε Lmask.
(14)

Multi-view stereo is less effective in monocular settings for
accurate geometry recovery, so additional geometric priors
are needed. Following the common practice [28, 47], we
use depth loss and normal consistency loss to supervise the
mean and rotation of Gaussians. The depth loss is computed
in a robust, scale- and translation-invariant manner, while
the normal consistency loss employs cosine similarity:

Lgeom = φdepth ↓D̂↘↑D↘↓1+φnormal ↓1↑N̂T ·N↓22. (15)

Photometric and geometric loss are not enough to guide the
motion of dynamic Gaussians because ↘µi is invalid when
there is not enough overlap area between gi and its potential
ground truth g↘

i
[55, 56]. To address this, we introduce cor-

respondence supervision that combines tracking and flow
losses to explicitly guide the motion of dynamic Gaussians,
following [28, 47]. We render 3D trajectories µ̂t↗t→ and
supervise them with precomputed 3D tracking µt↗t→ .

Lcor = φtrack ↓µ̂t↗t→ ↑ µt↗t→↓1 + φflowLflow. (16)

We also apply two regularization losses. Poor initialization
often causes Gaussians to produce needle-like artifacts [65],
while monocular videos provide limited structural cues. To
alleviate these issues, we use scale regularization follow-
ing [46] to encourage isotropic Gaussians and apply regu-
larization on ϑr to prevent rigid Gaussians from overfitting:

Lreg =
1

N

N∑

i=1

φϑ

1

ϑr

i

+ φsvar(si). (17)

4. Experiments

We evaluate the proposed method on the Nvidia Dynamic
Scenes Dataset [61] and Dycheck iPhone Dataset [13].
We report quantitative results of novel view synthesis us-
ing PSNR, SSIM, and LPIPS [64] as evaluation metrics.
To further demonstrate the effectiveness of our representa-
tion, we also experiment on selected scenes from the DAVIS
dataset [20, 23], which contain fast motion and large non-
rigid deformations. Finally, we conduct ablation studies on
the Nvidia Dynamic Scenes dataset to analyze the contribu-
tion of each proposed component.
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Input View Gaussian Marbles [46] MoSca [28] Shape of Motion [47] Ours Ground Truth

Figure 4. Evaluation on DyCheck iPhone Dataset. Our method is comparable to the previous SOTA method [28] on the DyCheck
dataset. We present qualitative comparisons on the paper-windmill and block scenes. Gaussian Marbles [46] tends to overfit to input views.
MoSca [28] models the motion in the paper-windmill scene effectively, yet produces blurry surfaces on the object. In addition, MoSca
computes dynamic masks using the Sampson error, which leads to incorrect segmentation in the block scene. Compared with SoM [47],
our method achieves similar performance in modeling dynamic objects while reconstructing static regions more robustly.

4.1. Implementation Details

All experiments are conducted on a single NVIDIA A100
GPU. For in-the-wild videos, we obtain camera parameters
and metric depth following [19], with the depth model set
to MoGe [48]. For evaluation, we follow the processing
pipeline of the current state-of-the-art method [28]. Specif-
ically, for the Nvidia Dynamic Scenes dataset, we use Met-
ric3D [60] to obtain metric depth, while for the Dycheck
iPhone dataset, we use its provided LiDAR depth. For both
datasets, we use the MoCa module [28] to obtain depth-
aligned camera parameters. We use SEA-RAFT [50] for
optical flow estimation, BootsTAP [6] for 2D point track-
ing, and SAM2 [44] for object segmentation.

During training, all Gaussians and motion bases are op-
timized by the Adam optimizer [24]. Camera poses are
not optimized to speed up the training. The total number
of training iterations is set to 30K for the Nvidia Dynamic
Scenes dataset and 100K for the Dycheck iPhone dataset,
each with a batch size of 1. We adopt gsplat [59] for fast
multi-feature rendering. We use 2DGS [18] as our render-
ing backend to better leverage the depth prior. The number
of motion bases K is set to 10 for all scenes to ensure a fair
comparison. The temporal parameters t, ϑ, and ϖ are all de-
fined in frame index units. Since our method is a per-scene
optimization-based approach, the choice of time unit does
not strongly affect the final results. The sharpness ω of the
soft gating function is set to 3.0, and ϑr is set to 2.0. Train-

ing a 270-frame video at a resolution of 480≃360(30K iter-
ations) takes approximately 30 minutes, and the rendering
speed is around 160 FPS.

4.2. Evaluation on Novel View Synthesis
Nvidia Dynamic Scenes Dataset. We follow the protocol
in DynamicNeRF [12] to conduct novel view synthesis eval-
uation experiments on the Nvidia dataset. We report PSNR
and LPIPS in Table 1. We further show the qualitative com-
parison in Figure 3.

As shown in Table 1, our method outperforms both
the 3DGS-based SOTA [28] and NeRF-based SOTA [11],
which illustrates the superiority of our method. As shown
in Figure 3, our method produces significantly fewer arti-
facts than MoSca [28] in the Umbrella scene, where MoSca
relies on node-interpolated SE(3) transformations to drive
Gaussian motion. Our representation allows rigid and tran-
sient Gaussians to appear and disappear adaptively, main-
taining a clean and compact distribution around deform-
ing surfaces and avoiding the accumulation of unobserved
Gaussians. In the Playground scene, MoSca fails to recon-
struct the woman’s facial expression in novel views, while
our method preserves fine-grained details. We attribute this
improvement to two factors. First, our object-wise dynamic
mask is more complete and temporally consistent, prevent-
ing static Gaussians from contaminating dynamic regions.
Second, facial expressions involve subtle, highly non-rigid,
and high-frequency motions that SE(3)-driven models in-
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Table 2. Quantitative Evaluation on Dycheck Dataset

Methods mPSNR↔ mSSIM↔ mLPIPS↗
T-NeRF [13] 16.96 0.577 0.379
HyperNeRF [40] 16.81 0.569 0.332
DynPoint [66] 16.89 0.573 -
Gaussian Marbles [46] 16.72 - 0.418
Shape-of-Motion [47] 17.32 0.598 0.296
MoSca [28] 19.32 0.706 0.264
Ours 19.50 0.705 0.240

herently struggle to capture. RiGS models these fine-scale
deformations through transient Gaussians, enabling accu-
rate reconstruction of such delicate dynamics.
Dycheck iPhone Dataset. The Dycheck iPhone dataset
consists of 14 causally captured scenes with lengths rang-
ing from 200 to 500 frames. Each scene has one monoc-
ular video with a handheld moving camera as reconstruc-
tion input and up to two extreme static captures as evalua-
tion ground truth. The motions in these scenes are gener-
ally smooth and sometimes regular, making them relatively
suitable for reconstruction under the as-rigid-as-possible
assumption [28, 47]. We report mPSNR, mSSIM, and
mLPIPS following the protocol used in [13, 28] in Table 2.
Before evaluation, we perform test-time pose alignment to
compensate for inaccuracies in the provided camera poses.
Our method achieves comparable results and outperforms it
in the mPSNR and mLPIPS metrics, demonstrating the su-
perior perceptual quality of our reconstruction. We further
show the quantitative comparison on the Dycheck iPhone
Dataset in Figure 4.

4.3. Comparison on Extreme Motion Scenes
The main advantage of our method lies in its ability
to model multi-scale motion dynamics within a unified
framework. While the motion patterns in the DyCheck
iPhone dataset are mostly smooth—and scenes such as
paper-windmill and spin exhibit predominantly regular mo-
tions—they do not fully reveal the benefits of multi-scale
motion modeling. To more comprehensively evaluate this
capability, we further compare our approach with Shape of
Motion [47] and MoSca [28] on the judo and dog-agility
scenes from the DAVIS dataset [20, 23], which contain
rapid and complex object movements. As shown in Fig-
ure 5, both MoSca and Shape of Motion fail to recover the
fast-moving regions, whereas our method successfully cap-
tures these challenging dynamics.

4.4. Ablation Study
We conduct ablation studies on the key components of our
framework, and the results are reported in Table 3. We first
validate the effectiveness of the proposed object-wise dy-

MoSca [28] SoM [47] Ours Ground Truth

Figure 5. Qualitative Comparison on Extreme Motion Scenes.

Table 3. Ablation Results on the Nvidia Dynamic Scene Dataset.

Methods Mask Scene Flow Trans. Rigid PSNR≃ SSIM≃ LPIPS⇐

Ours (Full) ↭ ↭ ↭ ↭ 27.43 0.879 0.051
Sampson Mask ↭ ↭ ↭ 26.00 0.869 0.069
wo. Scene Flow ↭ ↭ ↭ 27.27 0.877 0.052
wo. Rigid Gaus. ↭ ↭ ↭ 27.11 0.876 0.055
wo. Trans. Gaus. ↭ ↭ ↭ 26.87 0.867 0.063

namic masks by replacing them with Sampson-based masks
following [33]. This substitution leads to a drastic perfor-
mance drop. The reason is that rigid Gaussians are initial-
ized from tracks within the dynamic masks; when the masks
are inaccurate, rigid-Gaussian initialization fails, causing
the optimization to rely almost entirely on static Gaussians
and resulting in severe degradation. We then remove the
scene flow loss to examine its contribution. Without this
constraint, the predicted scene flow becomes noticeably
noisier and the rendering quality deteriorates accordingly.
Finally, to evaluate the benefit of our mixed representation,
we train rigid Gaussians and transient Gaussians in isola-
tion. Removing rigid Gaussians causes large empty regions,
while removing transient Gaussians significantly reduces
fine details, showing the complementary roles of the two
components and the importance of their joint optimization.

5. Conclusion
In this work, we have presented RiGS, a rigid-aware 4D
Gaussian Splatting framework that reconstructs dynamic
3D scenes from monocular videos by explicitly modeling
motion across multiple temporal scales. By decomposing
the scene into static, rigid, and transient Gaussian primi-
tives, RiGS effectively captures long-term smooth motions
as well as short-term high-frequency dynamics. The pro-
posed object-wise dynamic mask enables reliable separa-
tion of static and dynamic regions, while the transition
mechanism between rigid and transient Gaussians, together
with scene-flow–guided optimization, provides dense and
coherent 3D motion supervision. Extensive experiments on
diverse benchmarks demonstrate that RiGS achieves state-
of-the-art performance in reconstruction quality and tempo-
ral consistency, paving the way toward more consistent and
temporally coherent dynamic scene modeling.

554



Acknowledgements
This work was supported in part by the NIH grant
R01HD104969 and the NTU Nanyang Assistant Professor-
ship Startup Grant 025661-00012. This research was also
supported in part by Google.org and the Google Cloud Re-
search Credits Program through the Gemma Academic Pro-
gram.

References
[1] Aayush Bansal, Minh Vo, Yaser Sheikh, Deva Ramanan, and

Srinivasa Narasimhan. 4d visualization of dynamic events
from unconstrained multi-view videos, 2020. 2

[2] Jonathan T. Barron, Ben Mildenhall, Matthew Tancik, Peter
Hedman, Ricardo Martin-Brualla, and Pratul P. Srinivasan.
Mip-nerf: A multiscale representation for anti-aliasing neu-
ral radiance fields, 2021. 2

[3] Shi Chen, Erik Sandström, Sandro Lombardi, Siyuan Li, and
Martin R. Oswald. Prodyg: Progressive dynamic scene re-
construction via gaussian splatting from monocular videos,
2025. 1, 2

[4] Xingyu Chen, Yue Chen, Yuliang Xiu, Andreas Geiger, and
Anpei Chen. Easi3r: Estimating disentangled motion from
dust3r without training. arXiv preprint arXiv:2503.24391,
2025. 3

[5] Zilong Chen, Feng Wang, Yikai Wang, and Huaping Liu.
Text-to-3d using gaussian splatting. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, pages 21401–21412, 2024. 2

[6] Carl Doersch, Pauline Luc, Yi Yang, Dilara Gokay, Skanda
Koppula, Ankush Gupta, Joseph Heyward, Ignacio Rocco,
Ross Goroshin, João Carreira, and Andrew Zisserman. Boot-
sTAP: Bootstrapped training for tracking-any-point. Asian
Conference on Computer Vision, 2024. 7

[7] Yilun Du, Yinan Zhang, Hong-Xing Yu, Joshua B. Tenen-
baum, and Jiajun Wu. Neural radiance flow for 4d view
synthesis and video processing. In Proceedings of the
IEEE/CVF International Conference on Computer Vision,
2021. 2

[8] Jixuan Fan, Wanhua Li, Yifei Han, Tianru Dai, and Yansong
Tang. Momentum-gs: Momentum gaussian self-distillation
for high-quality large scene reconstruction. In Proceedings
of the IEEE/CVF International Conference on Computer Vi-
sion, pages 25250–25260, 2025. 2

[9] Jiemin Fang, Taoran Yi, Xinggang Wang, Lingxi Xie, Xi-
aopeng Zhang, Wenyu Liu, Matthias Nießner, and Qi Tian.
Fast dynamic radiance fields with time-aware neural voxels.
In SIGGRAPH Asia 2022 Conference Papers, 2022. 6

[10] Jiemin Fang, Taoran Yi, Xinggang Wang, Lingxi Xie, Xi-
aopeng Zhang, Wenyu Liu, Matthias Nießner, and Qi Tian.
Fast dynamic radiance fields with time-aware neural vox-
els. In SIGGRAPH Asia 2022 Conference Papers, page 1–9.
ACM, 2022. 2

[11] Chen Gao, Ayush Saraf, Johannes Kopf, and Jia-Bin Huang.
Dynamic view synthesis from dynamic monocular video. In
Proceedings of the IEEE International Conference on Com-
puter Vision, 2021. 2, 6, 7

[12] Chen Gao, Ayush Saraf, Johannes Kopf, and Jia-Bin Huang.
Dynamic view synthesis from dynamic monocular video,
2021. 7, 1

[13] Hang Gao, Ruilong Li, Shubham Tulsiani, Bryan Russell,
and Angjoo Kanazawa. Monocular dynamic view synthesis:
A reality check. In NeurIPS, 2022. 6, 8

[14] Lily Goli, Sara Sabour, Mark Matthews, Brubaker Mar-
cus, Dmitry Lagun, Alec Jacobson, David J. Fleet,
Saurabh Saxena, and Andrea Tagliasacchi. RoMo: Ro-
bust motion segmentation improves structure from motion.
arXiv:2411.18650, 2024. 3, 2

[15] Fengzhi Guo, Chih-Chuan Hsu, Sihao Ding, and Cheng
Zhang. Uncertainty matters in dynamic gaussian splatting
for monocular 4d reconstruction, 2025. 1, 2

[16] Mengqi Guo, Bo Xu, Yanyan Li, and Gim Hee Lee. 4d3r:
Motion-aware neural reconstruction and rendering of dy-
namic scenes from monocular videos, 2025. 2

[17] Haonan Han, Rui Yang, Huan Liao, Jiankai Xing, Zunnan
Xu, Xiaoming Yu, Junwei Zha, Xiu Li, and Wanhua Li.
Reparo: Compositional 3d assets generation with differen-
tiable 3d layout alignment. In Proceedings of the IEEE/CVF
International Conference on Computer Vision, pages 25367–
25377, 2025. 2

[18] Binbin Huang, Zehao Yu, Anpei Chen, Andreas Geiger, and
Shenghua Gao. 2d gaussian splatting for geometrically accu-
rate radiance fields. In SIGGRAPH 2024 Conference Papers.
Association for Computing Machinery, 2024. 2, 7

[19] Jiahui Huang, Qunjie Zhou, Hesam Rabeti, Aleksandr Ko-
rovko, Huan Ling, Xuanchi Ren, Tianchang Shen, Jun Gao,
Dmitry Slepichev, Chen-Hsuan Lin, Jiawei Ren, Kevin Xie,
Joydeep Biswas, Laura Leal-Taixe, and Sanja Fidler. Vipe:
Video pose engine for 3d geometric perception. In NVIDIA
Research Whitepapers arXiv:2508.10934, 2025. 3, 7

[20] Jia-Bin Huang, Sing Bing Kang, Narendra Ahuja, and Jo-
hannes Kopf. Temporally coherent completion of dynamic
video. In ACM, 2016. 6, 8, 1, 2

[21] Nan Huang, Wenzhao Zheng, Chenfeng Xu, Kurt Keutzer,
Shanghang Zhang, Angjoo Kanazawa, and Qianqian Wang.
Segment any motion in videos. In Proceedings of the Com-
puter Vision and Pattern Recognition Conference (CVPR),
pages 3406–3416, 2025. 3, 2

[22] Bernhard Kerbl, Georgios Kopanas, Thomas Leimkühler,
and George Drettakis. 3d gaussian splatting for real-time
radiance field rendering. ACM Transactions on Graphics, 42
(4), 2023. 2, 6

[23] Anna Khoreva, Anna Rohrbach, and Bernt Schiele. Video
object segmentation with language referring expressions. In
ACCV, 2018. 6, 8, 1

[24] Diederik P. Kingma and Jimmy Ba. Adam: A method for
stochastic optimization, 2017. 7

[25] Alexander Kirillov, Eric Mintun, Nikhila Ravi, Hanzi Mao,
Chloe Rolland, Laura Gustafson, Tete Xiao, Spencer White-
head, Alexander C. Berg, Wan-Yen Lo, Piotr Dollár, and
Ross Girshick. Segment anything. arXiv:2304.02643, 2023.
1, 2, 3

[26] Muhammed Kocabas, Jen-Hao Rick Chang, James Gabriel,
Oncel Tuzel, and Anurag Ranjan. Hugs: Human gaussian

555



splats. In Proceedings of the IEEE/CVF conference on com-
puter vision and pattern recognition, pages 505–515, 2024.
2

[27] A. Kundu and P. Bahl. Recognizing conic shape: a non-
linear iterative approach. In [1988 Proceedings] 9th Inter-
national Conference on Pattern Recognition, pages 795–797
vol.2, 1988. 4, 1

[28] Jiahui Lei, Yijia Weng, Adam W. Harley, Leonidas Guibas,
and Kostas Daniilidis. Mosca: Dynamic gaussian fusion
from casual videos via 4d motion scaffolds. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition (CVPR), pages 6165–6177, 2025. 1, 2, 3,
6, 7, 8

[29] Wanhua Li, Yujie Zhao, Minghan Qin, Yang Liu, Yuanhao
Cai, Chuang Gan, and Hanspeter Pfister. Langsplatv2: High-
dimensional 3d language gaussian splatting with 450+ fps. In
Annual Conference on Neural Information Processing Sys-
tems, 2025. 2

[30] Zhengqi Li, Richard Tucker, Forrester Cole, Qianqian Wang,
Linyi Jin, Vickie Ye, Angjoo Kanazawa, Aleksander Holyn-
ski, and Noah Snavely. MegaSaM: Accurate, fast and robust
structure and motion from casual dynamic videos. In Pro-
ceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, 2025. 3

[31] Hanxue Liang, Jiawei Ren, Ashkan Mirzaei, Antonio Tor-
ralba, Ziwei Liu, Igor Gilitschenski, Sanja Fidler, Cengiz
Oztireli, Huan Ling, Zan Gojcic, and Jiahui Huang. Feed-
forward bullet-time reconstruction of dynamic scenes from
monocular videos, 2025. 2

[32] Chenguo Lin, Yuchen Lin, Panwang Pan, Yifan Yu, Tao
Hu, Honglei Yan, Katerina Fragkiadaki, and Yadong Mu.
Movies: Motion-aware 4d dynamic view synthesis in one
second. In Proceedings of the Computer Vision and Pattern
Recognition Conference (CVPR), 2026. 2

[33] Yu-Lun Liu, Chen Gao, Andreas Meuleman, Hung-Yu
Tseng, Ayush Saraf, Changil Kim, Yung-Yu Chuang, Jo-
hannes Kopf, and Jia-Bin Huang. Robust dynamic radiance
fields. In Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, 2023. 1, 2, 3, 6, 8

[34] Jonathon Luiten, Georgios Kopanas, Bastian Leibe, and
Deva Ramanan. Dynamic 3d gaussians: Tracking by per-
sistent dynamic view synthesis. In 2024 International Con-
ference on 3D Vision (3DV), pages 800–809. IEEE, 2024. 1

[35] Zhanpeng Luo, Haoxi Ran, and Li Lu. Instant4d: 4d gaus-
sian splatting in minutes. Advances in neural information
processing systems, 2025. 1, 2, 3

[36] Simon Meister, Junhwa Hur, and Stefan Roth. Unflow: Un-
supervised learning of optical flow with a bidirectional cen-
sus loss, 2017. 4, 5, 1

[37] Ben Mildenhall, Pratul P. Srinivasan, Matthew Tancik,
Jonathan T. Barron, Ravi Ramamoorthi, and Ren Ng. Nerf:
Representing scenes as neural radiance fields for view syn-
thesis. In ECCV, 2020. 2

[38] Thomas Müller, Alex Evans, Christoph Schied, and Alexan-
der Keller. Instant neural graphics primitives with a multires-
olution hash encoding. ACM Trans. Graph., 41(4):102:1–
102:15, 2022. 2

[39] Keunhong Park, Utkarsh Sinha, Jonathan T. Barron, Sofien
Bouaziz, Dan B Goldman, Steven M. Seitz, and Ricardo
Martin-Brualla. Nerfies: Deformable neural radiance fields.
ICCV, 2021. 2

[40] Keunhong Park, Utkarsh Sinha, Peter Hedman, Jonathan T.
Barron, Sofien Bouaziz, Dan B Goldman, Ricardo Martin-
Brualla, and Steven M. Seitz. Hypernerf: A higher-
dimensional representation for topologically varying neural
radiance fields. ACM Trans. Graph., 40(6), 2021. 2, 6, 8

[41] Chensheng Peng, Chengwei Zhang, Yixiao Wang, Chenfeng
Xu, Yichen Xie, Wenzhao Zheng, Kurt Keutzer, Masayoshi
Tomizuka, and Wei Zhan. Desire-gs: 4d street gaussians for
static-dynamic decomposition and surface reconstruction for
urban driving scenes. In Proceedings of the Computer Vi-
sion and Pattern Recognition Conference, pages 6782–6791,
2025. 1

[42] Albert Pumarola, Enric Corona, Gerard Pons-Moll, and
Francesc Moreno-Noguer. D-nerf: Neural radiance fields for
dynamic scenes. arXiv preprint arXiv:2011.13961, 2020. 2,
6

[43] Minghan Qin, Wanhua Li, Jiawei Zhou, Haoqian Wang, and
Hanspeter Pfister. Langsplat: 3d language gaussian splatting.
In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pages 20051–20060, 2024.
2

[44] Nikhila Ravi, Valentin Gabeur, Yuan-Ting Hu, Ronghang
Hu, Chaitanya Ryali, Tengyu Ma, Haitham Khedr, Roman
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