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Abstract

Dynamic object modeling is a critical challenge in 3D scene
reconstruction. Previous methods typically maintain a canon-
ical space to represent the object model, and a deformation
field to express the object motion. However, this approach
fails when the object undergoes large motions. The position
variation caused by significant motion not only complicates
the establishment of a canonical space, but also misleads
the interpretation of the deformation field. To overcome the
above weaknesses, we propose Motion Decoupled Dynamic
3D Gaussian Splatting (M5D-GS), the first 3D-GS model that
separates motion and deformation modeling for dynamic ob-
ject representation with large motion from a monocular cam-
era. M5SD-GS increases the practicality of 3D-GS, as it is
common for objects to move, rotate, and deform simulta-
neously. Current datasets only contain object deformations
with slight motions. We introduce a pipeline to reuse cur-
rent datasets by adding large motions into the scene. We also
introduce a new benchmark featuring several new synthetic
scenes with complex motions, some scenes augmented from
previous datasets, and some real world recorded scenes. Our
MS5D-GS significantly increases the accuracy under large mo-
tion while maintaining high rendering speed, which makes it
suitable for dynamic object representation tasks including 4D
novel view synthesis and real-time rendering.

Code — https://github.com/haliphinx/M5D-GS

1 Introduction

3D scene representation is the foundation of many 3D com-
puter vision tasks, including but not limited to novel view
synthesis (Debevec, Yu, and Borshukov 1998), 3D mod-
eling (Schonberger and Frahm 2016), and motion/anima-
tion rendering. These tasks are commonly involved in aug-
mented reality (AR), virtual reality (VR), and potentially
autonomous driving, where real-time rendering and dy-
namic objects are two critical challenges. Traditional meth-
ods usually use point clouds (Lin, Kong, and Lucey 2018),
meshes (Gao et al. 2020), occupancy grids (Mescheder et al.
2019), or polygons (Nan and Wonka 2017) to represent the
3D scene. Although these representations may provide ad-
ditional physical attributes, they are either expensive to ac-
quire or lacking precision, especially in dynamic scenes.
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Neural Radiance Fields (NeRF) (Mildenhall et al. 2021)
introduced the volume rendering technique to bridge 3D
scenes with projected 2D images. This differentiable render-
ing strategy allows NeRF to implicitly represent a 3D scene
with a function based on the view pose, which can be fitted
by a deep learning model.

NeRF represents the scene continuously, enabling high-
precision 3D scene generation. However, the main bottle-
neck of NeRF is the training and rendering costs. The orig-
inal NeRF requires hours or even days to be trained for a
single scene. Multiple variants of NeRF (Chen et al. 2022;
Wang et al. 2022, 2023; Yu et al. 2021) have been published
to increase training speed, but it is still challenging to find
the balance between speed and accuracy. 3D Gaussian Splat-
ting (3D-GS) (Kerbl et al. 2023) represents a 3D scene with
a set of 3D Gaussian points and uses a differentiable splat-
ting technique to project the 3D scene into a 2D image. This
approach represents the scene explicitly and saves memory
by describing only the occupied points, making it easier for
visualization and editing. 3D-GS achieves comparable accu-
racy with NeRF but reduces time complexity significantly,
allowing for real-time rendering.

Various follow-up works to NeRF (Li et al. 2023, 2022a)
explore using NeRF for dynamic scenes. Different 3D
graphic structures, including voxel-grids (Fang et al. 2022;
Shao et al. 2023) and planes (Cao and Johnson 2023;
Fridovich-Keil et al. 2023), have been used to boost the
training speed and provide extra spatial constraints. How-
ever, they still suffer from slow processing speeds, and low
accuracy. Dynamic 3D-GS (Wu et al. 2024; Yang et al.
2024b; Sun et al. 2024; Yang et al. 2024a; Huang et al. 2024)
incorporate deformation fields into static scenes. These ap-
proaches mostly share the fundamental idea of maintaining
a static canonical space to represent the 3D structure and
a time-related deformation field to represent motion. Both
components are optimized together to achieve state-of-the-
art performance, which leads to potential problems in large
motion scenarios. First, large motion increases the difficulty
of establishing a canonical space. Second, this joint opti-
mization strategy can lead to ambiguities in understanding
large motions and it can easily converge to local minima.

To overcome the limitations of 3D-GS in large motion
scenes, we propose Motion Decoupled Dynamic 3D Gaus-
sian Splatting (M5D-GS), which separates the learning of



(a) Original scenes from D-NeRF

(b) Adding large motion into D-NeRF scenes

(c) Newly generated large motion scenes

Figure 1: Visualization of scene motion. Each scene is represented by a stack of 10 frames uniformly sampled over time.
Greater overlap indicates smaller motion within the scene. (a) Scenes from the D-NeRF dataset, where the frames are mostly
overlapping, indicating minimal motion. (b) Scenes with large motions added to the original scenes in (a). (c) Newly generated

and real world scenes.

object motion and deformation in dynamic environments.
We investigate the motion range in a widely used bench-
mark D-NeRF (Pumarola et al. 2021). As shown in Figure 1
(a), the motion in each scene is minimal. To address this,
we introduce a pipeline that adds object-level motions to ex-
isting benchmarks, allowing us to reuse previous datasets
without introducing additional bias (Figure 1 (b)). We also
generate new scenes containing large motions and real world
recorded scenes (Figure 1 (c)) to effectively evaluate the per-
formance in a total of ten scenarios involving complicated
motion. Our proposed M5D-GS (Figure 2) decouples the
representation of 3D structure, object level motion, and per-
Gaussian local deformation, which significantly improves
performance over previous state-of-the-art methods in large
motion scenes. In summary, our main contributions are:

e We propose M5D-GS, a 3D-GS-based framework de-
signed to handle complex motions for dynamic object
representation with high-fidelity and real-time rendering.

e We design a framework to explicitly estimate the ob-
ject motion and the object deformation separately, and
a coarse-to-fine matching strategy to handle large motion
initialization.

* We introduce an easy-to-use pipeline that converts exist-
ing benchmarks into large motion scenarios, facilitating
the study of complex motion representation.

* We generate a new dataset that includes both novel
scenes with complex motions and scenes converted from
existing benchmarks. Several real world recorded test-
cases are included as well to fully evaluate the practi-
cality in real world applications. Both the dataset with a
total of ten scenes and the source files used for its cre-
ation are available open-source, allowing the community
to further investigate severe motion understanding.
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2 Related Work
2.1 Dynamic Neural Rendering

Neural Radiance Fields (NeRF) (Mildenhall et al. 2021)
have demonstrated promising performance in 3D scene rep-
resentation and high-quality novel view synthesis. However,
traditional NeRF suffers from high training and inference
times and struggles with dynamic scenes. One strategy is to
extend the 3D scene with a temporal dimension to create a
4D scene (Gao et al. 2021; Li et al. 2022b), but this straight-
forward extension increases computational costs. Another
direction (Guo et al. 2023; Li et al. 2021; Park et al. 2021;
Pumarola et al. 2021; Tretschk et al. 2021; Xian et al. 2021)
maintains a static canonical space with a deformation field
to represent motion. This split structure reduces the diffi-
culty constraining dynamic scenes and results in improved
accuracy. Other methods improve overall quality by incor-
porating additional modalities. Some researches (Song et al.
2023; Tretschk et al. 2021) use object segmentation to sep-
arate static background from moving objects. TORF (Attal
et al. 2021) employs depth maps to provide extra constraints.
Additionally, 2D CNNs (Lin et al. 2022; Peng et al. 2023)
are utilized to enrich spatial understanding.

Some efforts aim at reducing the computational expenses
in dynamic NeRF. Neural 3D (Li et al. 2022b) utilizes
keyframes to compress visual features, capitalizing on re-
dundant information in videos. Combining implicit neural
rendering with explicit 3D structures significantly reduces
the time complexity. For instance, Zip-NeRF (Barron et al.
2023) utilize voxel grids to represent the 3D scene, while
K-Planes (Fridovich-Keil et al. 2023) use planes to provide
additional spatial constraints. Despite these advancements,
current NeRF-based methods still struggle with either accu-
racy or high computational demands in dynamic scene.



2.2 Dynamic 3D Gaussian Splatting

3D Gaussian Splatting (3D-GS) represents a 3D scene with
a set of 3D Gaussian points and uses a differentiable neural
rendering procedure for image rendering. By representing
the scene with sparse points, 3D-GS significantly reduces
computation time and memory while achieving comparable
accuracy to NeRF while providing the benefits of an ex-
plicit representation. Extending 3D-GS to dynamic scenes
follows a pathway similar to that of NeRF. 4DGS (Yang et al.
2023) extends the 3D Gaussian distribution to 4D Gaussian
by incorporating a temporal dimension. Some methods (Wu
et al. 2024; Yang et al. 2024a; Huang et al. 2024; Sun et al.
2024) use separate sub-models to represent the static canon-
ical space and the deformation field. Although this approach
works well for scenes with slight motion and deformation, it
struggles with large motions. It may be ambiguous whether
the re-projection error is coming from the deformation or the
canonical space structure change. Spacetime Gaussian (Li
et al. 2024) represent complex and long motions by multiple
shorter segments with simpler motion. However, this leads
to multiple independent 3DGS, which increases memory us-
age. It also does not address large motions during object ini-
tialization. To address this, we propose our M5D-GS, which
fully decouples the static 3D structure, object level motion,
and local deformation. Our method significantly improves
accuracy in large motion scenarios while maintaining com-
parable time efficiency.

3 Method
3.1 Preliminaries

3D Gaussian Splatting (3D-GS) is an explicit 3D represen-
tation. The 3D scene is represented as a set of 3D Gaus-
sians G. Each 3D Gaussian G; contains a mean vector X; €
R3 to represent the center point, and a covariance matrix
¥, € R3*3. The distribution of G; can be described as
Gi = e AT

In order to optimize the covariance matrix in a differ-
entiable back-propagation pass, the matrix is decomposed
into a rotation matrix R and a scaling matrix S as ¥ =
RSSTRT. The 3D covariance matrix and the center point
can be projected into a 2D camera plane by using the cam-
era extrinsic matrix P and the Jacobian matrix of the affine
approximation of the projective transformation J as:

X = jpx,x?*P = gpyepT gt (D)

The rotation matrix R is represented by a quaternion
q € SO(3), and the scale matrix S is expressed as a vector
s € R3. The projected 2D Gaussian ng(Xw, %20, the
opacity «;, and the view-dependent color defined by spher-
ical harmonic (SH) coefficients sh; € R* (k is a hyperpa-
rameter for the number of SH functions) determine how a
Gaussian point affects the color of a pixel C by:

i—1
C; = gquDShiOéi,C = Z CiO; H(l — Oéj)

ieN

@

j=1
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N is the set of the ordered 3D Gaussians overlapping the
pixel C projected into the camera. We now have the full at-
tributes of a 3D Gaussian as G; : (X}, ¢;, si, Sh;, ;) which
will be optimized during the training and stored for infer-
ence.

3.2 M5D-GS Framework

To handle large motions in the dynamic scene representa-
tion task, we introduce M5D-GS, which decouples the ob-
ject level motion and per-Gaussian deformation §;. D3D-
GS (Yang et al. 2024a) is selected as our baseline, since it
achieves both good accuracy and robustness in slight mo-
tion scenes. The overall framework is shown in Figure 2.
The inputs of the framework contain a timestamp ¢ and the
camera pose P;. The output is the rendered 2D image. The
whole framework contains three trainable parts (emphasized
with yellow background in Figure 2): a set of 3D Gaussians
as canonical space G, an MLP for object level motion pre-
diction My, and an MLP for per-Gaussian deformation pre-
diction d;. The canonical 3D Gaussians are first transformed
to the destined pose at time ¢ by the predicted object level
M, to handle the large motion. Then, each Gaussian is fed
into another MLP, along with ¢, to predict the local defor-
mation. The canonical space is dynamically controlled by
various thresholds, including gradient, Gaussian scale, and
opacity, to be either pruned or densified.

Motion & Deformation Representation. The entire mo-
tion of the scene is decoupled into an object level motion for
large translation and rotation, and a per-Gaussian deforma-
tion to represent local deformation. The object level motion
is predicted by an MLP, ©,,,5¢;0, (Shown in red in Figure 2).
The input to this block is the timestamp ¢, and the output is
the overall motion M;, which includes a rotation quaternion
and a translation vector. The 3D Gaussians in the canonical
space are first transformed by M, to align with the 3D scene
at time ¢ in a rigid manner. The per-Gaussian deformation
is predicted by another MLP, ©4¢form (shown in green in
Figure 2). The output, d;, contains a set of transformations
for each Gaussian, including rotation, translation, and scal-
ing. This deformation allows the 3D Gaussian point cloud to
capture local deformations that cannot be addressed by the
object level motion alone. Since the global motion has al-
ready been excluded by the object level motion M;, &, are
typically very small (close to 0). To avoid vanishing gradi-
ents, §; is added as an offset to the 3D Gaussians rather than
being multiplied. The final 3D Gaussians G; at time ¢ can be
calculated as:

Mt - @motion (t)7 ot = @deform (g7 t)

G, = MG + 6 ©)

Coarse-to-Fine Matching. Training monocular dynamic
3D scene representation often lacks constraints because
there is only one frame available at each time. Different
motions can result in the same observation. For instance,
moving toward the camera and enlarging the scale can pro-
duce similar images. We assume that the object level mo-
tion involves only translation and rotation, without signifi-
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Figure 2: The overall workflow of M5D-GS. The inputs are the timestamp ¢, and the camera pose P;. The output is the rendered
image at the time ¢ viewed from P;. Three trainable components are included (highlighted with a yellow background): an MLP
for predicting object level motion (highlighted in pink), an MLP for predicting local deformation (highlighted in green), and a
set of 3D Gaussians representing the canonical space. The 3D Gaussian points are first transformed by the overall motion M,
then deformed by the local deformation d;, and finally projected into the camera frame.

cant scale changes, while minor scaling can be handled by
per-Gaussian deformation.

enlarged Gaussian \\\\\\ overlapping

original Gaussian “~ - prediction erroj

o
Figure 3: A simplified 2D example of the coarse-to-fine
matching. Two blue ellipses represent the predicted distri-
bution g; and the actual distribution G; of a same Gaussian
point at time ¢; at real scale (fine matching). The gray dashed
line represents the predicted translation error €;. The two
green ellipses are the enlarged Gaussian points for coarse
matching, with the red shadow represents the overlap.

The initialization of the canonical space is a core step
in the framework. A low-quality canonical space will also
negatively affect the subsequent per-Gaussian deformation.
Thus, it is a common strategy to first warm up the training by
only optimizing the canonical space for an initial scene. This
strategy assumes that, even if the scene is dynamic, there
is still some overlap between the predicted and actual 3D
Gaussians. This assumption allows the multi-view geome-
try to estimate the 3D Gaussian points during the warm up
stage. However, in scenes with large motion, this assump-
tion is usually broken, resulting in the warm up initialization
generating an empty scene. Figure 3 illustrates a simplified
2D example. G and G; represent the predicted and actual
distributions of the same Gaussian point at time ¢;. €; de-
notes the predicted translation error. The blue ellipses de-
pict the distributions at real scale for fine matching, while
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the green ellipses represent the enlarged Gaussian points for
coarse matching. To statistically analyze this task, the Bhat-
tacharyya distance (Dp) (Bhattacharyya 1946) is used to
measure the Overlap Coefficient (OC) between G/ and G;
as OC = exp(—Dp). The definition of Dy is as follows:

1

- ()

+ %ln < )
4)

0 < 0OC <1, and OC = 1 means fully overlapping. The
correlations between OC' and each variable are:

pIARED IN
Dg(Gi,G;) A

det(L’ ;E‘ )

det(3})det(3)

OC X D5t X 1S, (5)

In Equation 5, S; represents the scale of the Gaussian
point, and X indicates a positive correlation. A step-by-step
proof is provided in the supplementary material. In large
motion scenes, ¢; is typically very large at the beginning.
This leads to a low OC, which causes the model to treat
the Gaussian point as an outlier. To address this issue, we
also train the object level motion block during the warm up
stage. During this stage, each Gaussian point is uniformly
scaled up in its local coordinates to increase OC. After the
warm up stage, ¢; is reduced to an acceptable range, and
the scale factor is gradually reduced to 1 by the time when
the warm up stage is complete. Our proposed coarse-to-fine
matching improves the initialization robustness and quality
in large motion scenes.

Optimization Loss. The main constraints for the pro-
posed M5SD-GS still follow the original 3D-GS without ad-
ditional loss for motion estimation. The overall constraints
include a per-pixel £; loss and a D-SSIM loss (Kerbl et al.
2023) Lp_ssim- The loss function is Lipmg = L1 +
M. p_gsram Wwith A as the loss coefficient.



3.3 New Benchmarks with Complex Motion

Current benchmarks (Pumarola et al. 2021; Yan, Li, and
Lee 2023; Li et al. 2022b) for dynamic scene representation
usually contain only slight motion and deformation. Fig-
ure 1 qualitatively shows the range of motion for different
scenes. Each scene is represented as a stack of 10 frames
uniformly sampled from the temporal space with the cam-
era pose fixed. The more overlap between different frames,
the less motion exists in the scene. Figure 1 (a) shows the
scenes from the original D-NeRF dataset, most of the frame
contents overlap, especially in the latter two scenes. To fairly
evaluate previous methods under large motion scenarios, we
propose a pipeline to add large rigid motions to existing
scenes while using the same dataset images. Assume [; is
the frame image at time ¢, J is the camera intrinsic ma-
trix, P*7¢ and Pf~" represent the world-to-camera and
camera-to-world transformation matrices, and O; represents
the object pose in the world coordinates. The goal is to add
a designed motion T} to O, while keeping I; the same. The
object pose is an implicit variable that cannot be modified di-
rectly without regenerating the whole scene. Therefore, we
design the following equations to add the object motion in-
directly by modifying the camera pose:

I, = JPY 70, = JP (T 1 T,) O,
= J(PY7°T Y Ti0y) = J(T,PE7) " H(TOy)

Equation 6 proves that transforming the camera extrin-
sic matrix by the inverse of the designed motion and using
the same image is equivalent to transforming the object by
the same motion matrix. This allows us to reuse previous
dataset images by only manipulating the camera extrinsic
matrix. Figure 1 (b) shows the scenes after adding complex
motions. We also generate 5 new synthetic scenes involv-
ing complex motion and 2 novel real world recorded scenes.
Several examples are shown in Figure 1 (c).

(6)

4 Experimental Evaluation
4.1 Experiment Setup

We select five state-of-the-art 3D representation methods as
comparators. D3D-GS (Yang et al. 2024a), SC-GS (Huang
et al. 2024), and 4D-GS (Wu et al. 2024) are three state-of-
the-art Gaussian Splatting based methods. 4D-GS shares a
similar structure with D3D-GS but is different in the descrip-
tion of the deformation field. SC-GS is developed on top
of D3D-GS by adding sparse control points and additional
local deformation constraints. Two state-of-the-art NeRF-
based methods, K-Planes (Fridovich-Keil et al. 2023) and
TiNeuVox (Fang et al. 2022) are also incorporated. NeRF-
based methods represent the scene densely and are usually
more stable but perform worse than the 3D-GS based meth-
ods.

The evaluation metrics follow the previous public bench-
marks (Pumarola et al. 2021; Li et al. 2021). Specifically,
Peak Signal-to-Noise Ratio (PSNR), Structural Similarity
(SSIM), and VGG-based Learned Perceptual Image Patch
Similarity (LPIPS) (Zhang et al. 2018) are used. More de-
tails are available in the supplementary material.
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4.2 Dataset

Current public datasets (Pumarola et al. 2021; Li et al. 2021;
Yan, Li, and Lee 2023) only contain scenes with slight mo-
tions. To fully evaluate performance in scenes with large mo-
tion, we propose a novel dataset that contains both synthetic
and real world scenes with objects under complex motions.
The proposed dataset contains ten different scenes, three of
which are augmented from the previous dataset by adding
large motions, five brand new scenes generated from scratch,
and two real world recorded scenes.

Our novel dataset contains more frames with object mo-
tions and deformations, including both rigid and non-rigid
deformations. We also release the source files of the object
models used for the synthetic dataset generation, allowing
for potential 3D-level evaluations in the future. Several ex-
amples of our dataset are shown in Figure 1 (b) and (c). More
details of our dataset and the evaluations on previous slight
motion dataset (Pumarola et al. 2021) are in the supplemen-
tary material.

4.3 Results and Comparisons

Comparison on Large Motion Dataset. Table 1 shows the
results of the comparison between our method and competi-
tors on the proposed large motion dataset. The best results
are shown in bold, and the second best results are under-
lined. Two real world testcases are listed in the last column.
In each sub-table, methods above the dashed line are NeRF-
based, while the GS-based methods are below the dashed
line. “Fails” in the table indicates that the method fails to
reconstruct the 3D scene in the corresponding testcase or
generates meaningless noise. The experiment shows that our
method significantly improves the accuracy and robustness
in large motion scenes. A visual comparison is shown in Fig-
ure 4, and more visualizations can be found in the supple-
mentary material.

Visualizing the Predicted Motion. The ground truth of
the motion is not accessible because object deformation may
be indistinguishable from slight motions. For example, in
Figure 5, the fish’s body movement is reflected as minor
fluctuations in the trajectory. To illustrate this, we provide
an example in Figure 5 that qualitatively shows the estimated
motion trajectory of the scene. The black line represents the
estimated motion trajectory. Five frames are uniformly sam-
pled from the entire timeline. The estimated positions are
indicated by red dots and the orientations are represented by
RGB coordinates. This visualization demonstrates that our
method successfully estimates motions that meet our objec-
tive.

Comparison of Rendering Speed. Table 2 shows the
rendering speed for all 3D-GS based competitors. NeRF-
based methods are significantly slower than 3D-GS based
methods, so only four 3D-GS based methods are compared.
The average processing Frame Per Seconds (FPS) of four
testcases where all the 3D-GS based methods succeeded are
evaluated. The best result is bold, and the second best is un-
derlined. The total rendering time depends not only on the
method complexity but also on the total number of Gaussian
points in the scene. D3D-GS achieves the highest FPS, and



Method Jumping Jacks + Motion| Hell Warrior + Motion |Bouncing Balls + Motion Elephant Grey Cat
PSNR? SSIMt LPIPS] |PSNR1 SSIM? LPIPS||PSNR{ SSIM?1 LPIPS] |PSNR{ SSIM?T LPIPS||PSNR1{ SSIM?T LPIPS|
TiNeuVox| 29.22 0.95 0.07 | 31.18 0.92 0.13 | 2871 097 0.11 1637 077 020 | 33.28 0.97 0.04
K-Planes | 27.05 0.94 0.07 | 18.69 088 0.14 | 32.60 0.97 0.07 Fails —
4DGS T | T Fails | 1201 084 ~ 0.17 [ 16.65 0.88 027 | 1505 0.87 0.7 [ 1759 0.89 010
SC-GS Fails Fails 942 0.53 037 | 1826 0.82 0.15 Fails
D3D-GS Fails 32.16 093 0.10 | 30.37 097 0.05 |29.00 096 0.07 Fails
M5D-GS | 35.86 0.99  0.02 | 37.37 0.97 .06 | 3647 099 0.02 | 3744 0.99 0.03 | 39.69 099 0.01
Method Robot Pokemon Fish Robot Dog Pillow
PSNR? SSIMt LPIPS) |PSNR1 SSIM?T LPIPS||PSNR1{ SSIM?T LPIPS] |PSNR{ SSIM?T LPIPS||PSNR1 SSIM?T LPIPS|
TiNeuVox| 24.52 0.89 0.13 | 1489 0.75 024 |2733 093 0.10 | 1299 0.71 031 |2738 093 0.08
K-Planes | 17.56 0.84  0.22 Fails 2232 091 0.13 Fails —
4D-GS ~ 2245 " 091 0.1 | 17.15 089 020 [ 1602 090 0.13 | 16.65 0.88 0.17 [ 17.69 0.88 013 ~
SC-GS Fails 21.44 083 0.15 Fails 15.08 0.79 0.20 Fails
D3D-GS | 2432 0.92 0.11 |29.84 095 0.07 Fails 19.25 090 0.12 | 29.89 0.96 0.06
M5D-GS | 29.78 0.96 0.05 | 35.60 0.98 0.03 | 36.15 098 0.02 | 3346 0.98 0.02 | 3237 098 04

Table 1: Quantitative results on our large motion dataset. PSNR, SSIM, and LPIPS(VGG) are evaluated for each competitor.
The best result is in bold, and the second best is underlined. The last column contains two real world testcases.

4D-GS

TiNeuVox K-Planes

SC-GS

D3D-GS Ours GT

Figure 4: Qualitative examples from our large motion dataset for each competitor. The blank box with a red cross indicates that
the method cannot handle a particular scene. Zoom in for more detailed views.

our M5D-GS achieves the second best. However, we can ob-
serve that the 3D scenes generated by D3D-GS are blurrier
(shown in Figure 4) with lower PSNR accuracy.

4.4 Ablation Study

Motion & deformation prediction. M5SD-GS represents
the change of the entire scene with an overall motion model
to predict the object level translation and rotation, and a lo-
cal deformation model for local deformation prediction. It is
not meaningful to evaluate the rendering accuracy for each
part independently since both parts are working collabora-
tively. Therefore, we provide a set of qualitative results, as
shown in Figure 6. The three rows represent three different
types of deformations. In the first row, the elephant under-
goes a non-rigid deformation; the robot in the middle row
undergoes a rigid deformation; and, multiple objects with
different motions are included in the last row. Object ro-
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tations and translations are involved in all three scenes as
well. The first three columns show the rendered image from
the 3D Gaussian points at different stages (corresponding to
the three hand-drawn robot pictures in Figure 2), and the last
column shows the ground truth image. In each row, the four
images are generated from the same camera viewpoint and
angle. The framework selects the optimal pose for the scene
to reconstruct the canonical space during training, so the 3D
Gaussians in the canonical space (Figure 6 first column) are
under different orientations and locations. Once the object
level motion is predicted, the 3D Gaussian points are trans-
formed to match the desired object structure (Figure 6 sec-
ond column). Finally, the time-variant local deformation is
predicted and added to the transformed 3D Gaussian points
to generate the final 3D Gaussian points for image render-
ing (Figure 6 third column). This visualization indicates that
our framework effectively handles motion and deformation
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— estimated trajectory

o estimated position of
the sampled frame
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Figure 5: An example of the estimated object motion. The
black line represents the estimated trajectory over the en-
tire timeline. Five samples are highlighted where the red
dot indicates the estimated position, and the RGB coordi-
nate frame represents the estimated orientation.

in two separate steps as designed.

Influence of the Large Motion. Our proposed bench-
mark contains three scenes that are upgraded from the orig-
inal D-NeRF dataset with large motion added. These three
scenes can be used to evaluate how large motion affects the
performance of different methods. The PSNR decrease is
evaluated for different scenes. SC-GS is not compared since
it either fails during training, or generates a low-accuracy
result in three scenes (the first three scenes in Table 1). Ta-
ble 3 shows how large motion affects different methods. The
numbers shown in the table indicate the decrease of PSNR
after adding large motion to the original scenes. The smaller
the number, the less influence the method experiences by the
large motion. The dash means the method fails when pro-
cessing the large motion scenes. Our method significantly
improves robustness under large motion scenarios with the
smallest decrease. The full experiment on the original D-
NeRF dataset can be found in the supplementary material.

Method | SC-GS 4D-GS D3D-GS  Ours
FPS 3736 93.90 267.39 135.15
PSNR 16.05 16.38 27.12 35.74

Table 2: Comparison of rendering frame per second (FPS)
and rendering quality. The average value across three scenes
where all 3D-GS based methods succeeded are compared.
The best result is in bold, and the second best is underlined.

3596

Canonical

Space

After
Motion

After
Deformation

Figure 6: Visualization of the reconstructed scenes at three
stages: the canonical space, after motion, and after deforma-
tion. These three steps correspond to the stages in Figure 2.

JJacks H Warrior B Balls | mean |
TiNeuVox 4.27 7.09 11.52 7.63
K-Planes 4.06 5.89 7.45 5.80
4D-GS - 16.70 23.97 | 20.34*
D3D-GS - 9.38 10.64 10.01*
Ours 2.19 3.76 3.22 3.06

Table 3: Influence of large motion. The average decrease
after adding large motion is compared. ”-” indicates the
method fails, and ”*” represents the value is average of only
two successful scenes.

5 Conclusion

We propose M5D-GS, a framework that decouples motion
and deformation prediction, for 3D model representation
and acquisition in large motion scenarios. By processing
the object level motion and per-Gaussian local deforma-
tion separately, our method not only improves the robust-
ness but also outperforms all the competitors in large mo-
tion scenes. To fully evaluate the capacity of different meth-
ods under large motion, we introduce a novel large motion
dataset combining three scenes from previous dataset with
additional large motion, five newly generated synthetic chal-
lenging scenes, and two real world recorded scenes. Our
method significantly improves performance in the large mo-
tion dataset without losing generalization in previous bench-
marks with slight motion. However, some limitations remain
as potentially future work directions. Our method only sup-
ports single motion prediction. It is a promising direction
to combine semantic labels in the scene and predict sep-
arate motions for different parts independently,or separate
dynamic objects and static background. Monocular cam-
era based dynamic object representation is a lack of con-
straint problem. Exploring the spatial-temporal connection
can reduce the overfitting. Also, the proposed method can
potentially be extended into a 6-DoF object pose estimation
method with slight modifications.
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